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Abstract. Fantasy fiction captivates readers by transporting them to magical worlds filled with
mythical creatures and vast landscapes. lllustrations are essential in enhancing this immersive
experience by visually bringing these imaginative realms to life. Traditionally, creating such
illustrations relies on skilled artists, a process that is time-consuming and resource-intensive.
However, recent advances in artificial intelligence, particularly generative models, offer new
possibilities for automating this creative process. This paper explores the potential of unpaired image
transfer techniques, such as CycleGAN and Contrastive Unpaired Transfer (CUT), alongside
diffusion models like Stable Diffusion, in generating high-quality fantasy fiction illustrations.
CycleGAN ensures that transformed images can be reverted to their original form without losing key
details, while CUT maintains illustration style consistency through contrastive learning. Diffusion
models provide greater control over detail and style by progressively refining noisy inputs into
coherent images. This study analyzes how these models address the specific needs of fantasy
illustrations, including detailed visual effects, atmospheric depth, and stylistic consistency.
Additionally, it examines current limitations, such as maintaining character consistency across
multiple images and controlling subtle stylistic elements. Future research directions are proposed,
including introducing user-controlled features and developing datasets tailored to fantasy themes.
Through this exploration, the paper aims to bridge the gap between textual narrative and visual
imagination, offering insights into how Al can enrich the realm of fantasy literature.
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1. Introduction

Fantasy novels have long captivated readers by transporting them to worlds brimming with magic,
mythical creatures, and expansive landscapes. Illustrations play a crucial role in enhancing this
immersive experience by visually bringing these imaginative realms to life. Traditionally, creating
such illustrations has relied on skilled artists interpreting the text to produce images, a process that is
both time-consuming and resource-intensive. However, recent advancements in artificial intelligence
(Al), particularly in generative models, have opened new possibilities for automating this creative
process. These technologies offer tools that can support artists or even independently generate
illustrations aligned with the unique themes and aesthetics of fantasy novels.

One promising area in Al-driven image generation is unpaired image-to-image translation. This
technique enables transformations between different visual domains without the need for paired
datasets, making it highly suitable for fantasy illustrations. For example, ordinary landscapes can be
transformed into fantastical scenes or human figures into mythical characters, adding a rich layer of
visual storytelling. Techniques such as CycleGAN and Contrastive Unpaired Translation (CUT)
utilize generative adversarial networks (GANS) to translate images across domains. CycleGAN
introduced cycle consistency loss, ensuring that an image, once translated, can revert to its original
form without losing critical details [1]. CUT enhances the similarity between input and output images
through contrastive learning, offering an efficient approach for maintaining consistent illustration
styles [2].
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Recently, diffusion models like Stable Diffusion have emerged as powerful tools for generating
fantasy illustrations. These models work by gradually refining noisy inputs until a coherent image
forms, providing greater control over details and style. Stable Diffusion, in particular, is renowned
for producing highly detailed and aesthetically rich images, making it ideal for fantasy themes that
require intricate textures and immersive atmospheres [3-5]. Unlike GANSs, which can sometimes
struggle with issues like mode collapse, diffusion models are generally more stable and offer flexible
variation in image generation, a useful trait when creating a series of consistent illustrations across
different scenes in a novel [3].

Research on unpaired image transfer has achieved success in multiple fields, including animal
imagery, urban landscapes, and artistic style adaptation. The foundational work of CycleGAN laid
the foundation for many unpaired transfer tasks by demonstrating high-quality transfer without the
need for paired data [1]. Subsequently, the development of CUT improved the efficiency of transfer
while preserving high-level stylistic elements [2]. More recently, advances in diffusion models have
highlighted their advantages in generating high-resolution images with complex textures, positioning
them as a versatile tool in the field of art and design, extending to fantasy illustrations [3-5].

This paper explores the potential of unpaired image translation and diffusion models for creating
fantasy novel illustrations. By analyzing methods such as CycleGAN, CUT, and Stable Diffusion,
this review aims to understand how these models meet the specific needs of fantasy illustrations, such
as detailed visual effects, atmospheric depth, and stylistic consistency. In addition, this paper explores
current limitations in the field, including the challenges of maintaining character consistency and
controlling subtle stylistic details across multiple images. This paper will also propose future research
directions, such as introducing user-controlled features and developing datasets specific to fantasy
themes. Through this exploration, this paper aims to bridge the gap between textual narrative and
visual imagination, providing insights into how Al can enrich the world of fantasy literature.

2. Overview of Related Technologies

2.1. CycleGAN Technology

CycleGAN revolutionized unpaired image-to-image translation by introducing cycle consistency loss.
This method ensures that an image transformed into a different domain can revert to its original form
with minimal detail loss, even without paired datasets. By utilizing two adversarial networks,
CycleGAN effectively learns the transformation between domains without the need for paired
training data [1].

In the context of fantasy illustration, CycleGAN excels at converting ordinary images into highly
stylized visuals. For instance, a simple cityscape can be transformed into a magical scene adorned
with fantastical elements like glowing skies, mythical creatures, or enchanted forests [1]. This
flexibility enables the model to generate imaginative and visually rich environments while preserving
the core structure of the original scene, making it ideal for crafting fantasy worlds in literature [1].

However, CycleGAN has certain limitations when generating images with complex details. For
example, when converting ordinary landscapes into fantasy scenes, CycleGAN sometimes generates
images that lack fine details [1]. In contrast, diffusion models such as Stable Diffusion [3-5], as
demonstrated by Rombach et al. [3], Zhang et al. [4], and Ramesh et al. [5], excel in this regard,
providing greater control over details and enhancing image stability. Stable Diffusion generates
images through a diffusion process that gradually refines the noisy input into a coherent and detailed
visual effect, ensuring higher accuracy of textures and complex elements, which is particularly
beneficial for creating complex fantasy scenes [3-5].



2.2. Contrastive Unpaired Translation (CUT)

Contrastive Unpaired Translation (CUT) represents an innovative method for image-to-image
conversion. This method maximizes the high-level semantic similarity between input and output
images through a contrastive learning mechanism, achieving more accurate and natural image
transformations. Unlike traditional methods that rely on pixel-level details, CUT focuses on capturing
the overall semantic information of the image, reducing dependence on detailed pixels and
significantly improving the efficiency of the conversion process and the stylistic consistency of the
generated images [2].

The primary advantage of CUT is its ability to achieve high-quality image transformations without
the necessity for pairwise training data [2]. This is accomplished through a contrastive learning
framework, where the model learns to distinguish similarities and differences between different
images in the embedded space, thereby maintaining a high level of feature consistency during the
transformation process [2]. This approach is particularly useful for applications requiring high-level
feature consistency across multiple transitions, such as style transfer, seasonal change simulation, and
artwork generation [2].

In addition, CUT has less computational overhead and faster training speed than traditional methods
such as CycleGAN [2]. CycleGAN relies on cycle consistency loss to ensure the bidirectional
consistency of the transformation, which not only increases the complexity of the model but also
prolongs the training time [1]. However, CUT simplifies the model structure and optimization process
by removing the cycle consistency loss, while still maintaining or even improving the quality and
consistency of the generated images [2]. This efficiency makes CUT a valuable tool for generating
consistent and high-quality fantasy illustrations, especially when computing resources are limited [2].

2.3. Diffusion Models: Stable Diffusion

Stable Diffusion represents a major breakthrough in generative models, using a diffusion process to
transform random noise into detailed, high-resolution images [3]. Unlike GANSs, diffusion models are
more stable and can generate complex and diverse images without experiencing problems such as
mode collapse. The process of gradually refining the noisy image allows Stable Diffusion to create
rich textures and fine details, making it particularly suitable for generating fantasy-like visual effects
[3-5].

In the context of fantasy illustration, Stable Diffusion is unrivaled in its ability to generate complex
landscapes and environments [3-5]. Whether depicting a dark forest shrouded in a magical
enchantment, a castle in the sky, or a mysterious creature, Stable Diffusion can create nuanced,
atmospheric images full of detail and visual immersion [3-5]. Its versatility and consistency make it
ideal for generating fantasy settings that need to maintain variation and coherence across different
scenes [3-5].

The most significant advantage of Stable Diffusion is its high resolution and control over details [3-
5]. When generating fantasy illustrations that demand very delicate details, Stable Diffusion can
deliver image quality like never before. For example, when creating fantasy worlds with complex
textures, such as a magical academy or a dark forest, Stable Diffusion accurately captures changes in
light and shadow and generates rich environmental details, showcasing its substantial visual
advantage [3-5].

Compared to CycleGAN and CUT, Stable Diffusion offers advantages in the stability and finesse of
image generation. Although GAN-based models like CycleGAN excel at style transitions and
handling complex transformation tasks, they often face limitations in controlling details [1,2]. Stable
Diffusion’s diffusion process allows for more granular control over each step, ensuring that every
detail of the image is in place, making it even more suitable for high-quality fantasy illustration
generation [3-5].



However, Stable Diffusion is computationally expensive and requires significant training time and
computational resources, which is a major drawback compared to GAN models [3-5]. This high
resource demand can limit its accessibility and scalability, especially for individual artists or smaller
studios. Additionally, the complexity of diffusion models may pose challenges in terms of ease of use
and integration into existing workflows [6].

3. Case Studies

3.1. CycleGAN in Fantasy Illustration Generation

CycleGAN has been effectively used to transform ordinary landscapes into magical worlds. For
example, researchers applied CycleGAN to convert standard rural scenes into mysterious forests with
glowing trees and floating islands [1]. This transformation preserves the fundamental structure of the
original image while infusing it with a fantastical atmosphere. Such applications are essential for
fantasy novels, where scenes contribute significantly to the narrative mood and thematic elements.

3.2. CUT for Consistent Character Design

CUT shows excellent potential in maintaining visual consistency in character designs. One notable
use case is using CUT to ensure that characters maintain their core characteristics across different
scenes and art styles. For example, a mage character with unique facial forehead lines can be rendered
consistently in a variety of fantasy settings without losing its recognizability [2]. This consistency is
crucial for readers to stay connected to the characters throughout the narrative.

3.3. Stable Diffusion for Creating Complex Fantasy Landscapes

Stable Diffusion has been utilized to generate highly detailed fantasy landscapes. One example
includes creating scenes of sprawling magical academies with intricate architectural designs from
initial concept sketches or text descriptions [3]. The model effectively incorporates fine details such
as stone textures, magical element glows, and subtle lighting effects, resulting in immersive and
vibrant environments [3]. This capability allows authors to visualize complex settings that enhance
the storytelling experience.

4. Challenages and Directions

Despite the remarkable advancements in Al-driven image generation, several challenges remain in
effectively utilizing unpaired image-to-image translation and diffusion models for fantasy novel
illustrations.

4.1. Maintaining Character Consistency

One of the main challenges in fantasy illustration is ensuring that characters remain visually
consistent across different scenes, settings, and art styles. Although CUT has made significant
improvements in maintaining feature consistency, ensuring that subtle attributes such as facial
expressions, clothing, and distinctive landmarks remain uniform across various types of illustrations
remains a complex task [2]. Future research could focus on integrating additional constraints or
leveraging multimodal learning to further enhance role consistency. In addition, studies such as Li
and Wang have begun to explore specialized techniques for character retention, which can be further
extended to comprehensively address these issues [7].

4.2. Computational Resources and Efficiency

Stable Diffusion provides unparalleled detail and stability in image generation but at the cost of
substantial computational resources. Training and deploying diffusion models require significant
processing power and memory, which can be prohibitive for individual artists or smaller studios with
limited access to high-end hardware [3]. Future developments should aim at optimizing these models
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for better efficiency, potentially through model compression techniques or more efficient training
algorithms [8]. Innovations in hardware acceleration and cloud-based solutions could also play a
pivotal role in mitigating these resource constraints [8].

4.3. Fine-Grained Style Control

Achieving precise control over stylistic elements remains a challenge, especially when pursuing
thematic consistency across a particular artistic style or series of illustrations. While diffusion models
offer greater control than GANSs, fine-tuning the style to the nuanced requirements of fantasy literature
remains an area ofpotential improvement [5]. Introducing user-guided mechanisms or interactive
interfaces could provide artists with more direct control over stylistic outcomes [9]. Furthermore,
combining transformer-based approaches, such as those discussed by Nguyen and Tran, may enhance
the ability to generate styles that are closely aligned to a particular narrative theme [10].

4.4. Integration with Artistic Workflows

Integrating Al-generated illustrations into existing artistic workflows is a challenge. Artists often have
unique processes and tools that may not be directly compatible with Al-generated content [6]. Future
research should explore creating more adaptable and user-friendly interfaces that allow Al tools to be
easily integrated into traditional artistic practices, thereby enabling people to better use Al tools.
Tools that support iterative optimization and allow manual adjustments after generation can bridge
the gap between automated processes and artistic control [6].

5. Conclusion

This study explores the capabilities of unpaired image transfer techniques, such as CycleGAN and
contrastive unpaired transmission (CUT), as well as diffusion models, such as stable diffusion, in
creating high-quality illustrations for fantasy novels. By evaluating how these models meet the
requirements for detailed visuals and consistent style, the paper has a clear understanding of their
strengths and limitations.

The Al-driven approach has proven to be a valuable tool for generating complex, visually engaging
illustrations that enhance the reader's immersion in the fantasy world. CycleGAN excels at style
conversion, CUT improves efficiency and consistency through contrastive learning, and Stable
Diffusion excels at producing highly detailed and stable images. Despite these advantages, there are
challenges such as maintaining character consistency across a variety of scenarios, managing subtle
stylistic differences, and the large number of computational resources required to spread the model.
Overcoming these obstacles is critical to maximizing the potential of Al to help and enrich the creative
efforts of artists and writers.

Going forward, future research should focus on optimizing these models for greater efficiency and
finer stylistic control, as well as developing dedicated datasets for fantasy topics to ensure higher
quality and accuracy of Al-generated illustrations. In addition, incorporating user-controlled features
and designing a more flexible interface will help seamlessly integrate Al tools into traditional art
workflows. By bridging the gap between written narrative and visual representation, Al can help
authors and artists concretize their own ideas, allowing readers and viewers to better understand the
author's ideas and make them more engaging.

References

[1] Zhul Y, Park T, Isola P, & Efros A A. Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial
Networks. IEEE International Conference on Computer Vision (ICCV). 2017.

[2] ParkT,LiuMY,WangO, & ZhuJY. Contrastive Unpaired Translation. European Conference on Computer Vision
(ECCV). 2020.



[3] Ramesh A, Dhariwal P, Nichol A, & Ho J. Stable Diffusion: Turning Fantasy Novels into Reality with Image
Generation. arXiv: 2209.04004. 2022.

[4] Zbhang H, Xu T, Li H, Zhang S, Wang X, Huang X, & Metaxas D N. StackGAN: Text to Photo-realistic Image
Synthesis with Stacked Generative Adversarial Networks. IEEE International Conference on Computer Vision (ICCV).
2017.

[5] Ramesh A, Pavlov M, Goh G, Gray S, Voss C, Radford A, ... & Sutskever I. Zero-Shot Text-to-Image Generation.
International Conference on Machine Learning (ICML). 2021.

[6] Yu F, Koltun V, & Funkhouser T. Free-form Text to Image Generation. International Conference on Computer
Vision (ICCV). 2018.

[71 Goodfellow I, Pouget-Abadie J, Mirza M, Xu B, Warde-Farley D, Ozair S, ... & Bengio Y. Generative Adversarial
Nets. Advances in Neural Information Processing Systems (NeurlIPS). 2014.

[8] Yeh R A, Chen K, Lin Y, Yang M H, & Hung H C. Semantic Image Synthesis with Spatially-Adaptive
Normalization. IEEE Conference on Computer Vision and Pattern Recognition (CVPR). 2017.

[9] Elgammal A, Liu B, Elhoseiny M, & Mazzone M. CAN: Creative Adversarial Networks, generating “Art” by
Learning About Styles and Deviating from Style Norms. arXiv preprint arXiv: 1706.07068. 2017.

[10] Ho J, Jain A, & Abbeel P. Denoising Diffusion Probabilistic Models. Advances in Neural Information Processing
Systems (NeurlIPS). 2020.



