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Abstract: Generative Adversarial Networks (GANs) have revolutionized creative fields by generating realistic data, but their 

ability to capture human-like creativity remains limited. This research addresses this gap by investigating Human-in-the-Loop 

GANs (HITL-GANs) with real-time user guidance. We present a survey exploring how real-time interaction methods enhance 

creative control within HITL-GANs. The survey targets researchers and creatives to gather insights on user interaction 

techniques, such as visualizations, text input, and interactive editing tools. By analyzing their experiences, we aim to identify the 

most effective real-time guidance methods for creative control, understand challenges and opportunities in user interaction for 

GAN-based workflows, and contribute to the development of future user-driven HITL-GAN systems that unlock new possibilities 

for collaborative creative exploration. This research will provide valuable insights for researchers and developers working on 

advancing HITL-GAN technology. 

 

IndexTerms - Generative Adversarial Networks (GANs), Human-in-the-Loop (HITL), Real-Time Guidance, Creative 

Control, User Interaction, Survey. 

I. INTRODUCTION 

Generative Adversarial Networks (GANs) have revolutionized creative tasks by enabling the generation of realistic and diverse 

data, from images and music to text and 3D models. However, a key limitation of traditional GANs lies in their lack of fine-grained 

user control over the creative process. While GANs excel at producing realistic outputs, they often struggle to capture the nuances 

of human imagination and may not always align with a user's specific creative vision. 

This gap between GAN capabilities and user control has spurred research into Human-in-the-Loop GANs (HITL-GANs). HITL-

GANs integrate human input and feedback into the generation process, empowering users with more control over the creative 

direction of the outputs. A crucial aspect of HITL-GANs is the concept of real-time human guidance. By allowing users to provide 

feedback and adjustments during generation, real-time interaction enables a more collaborative and iterative creative process. 

This survey research paper aims to explore the landscape of real-time human guidance techniques in HITL-GANs. We will 

examine how different user interaction methods, such as visualizations, text input, or interactive editing tools, can enhance creative 

control within the framework of GANs. Through a comprehensive survey, we seek to gather insights from researchers and creatives 

who are working with or interested in HITL-GAN technology. By analyzing their experiences and perspectives, we aim to: 

 

 Identify the most effective real-time guidance techniques for enhancing creative control in HITL-GANs. 

 Understand the challenges and opportunities associated with user interaction in GAN-based creative workflows. 

 Contribute to the development of future HITL-GAN systems that empower users and unlock new possibilities for 

collaborative creative exploration. 

 

II. RELATED WORKS AND RECENT SURVEYS 

Generative Adversarial Networks (GANs) have revolutionized creative fields by enabling the generation of realistic data formats, 

including images, music, and text [1]. However, a key limitation of traditional GANs lies in their lack of fine-grained user control 

over the creative process. While GANs excel at producing realistic outputs, they often struggle to capture the nuances of human 

imagination and may not always align with a user's specific creative vision. 

Human-in-the-Loop GANs (HITL-GANs) address this gap by integrating human input and feedback into the generation process, 

empowering users with more control over the creative direction of the outputs. 
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Table 1. Comparison of Survey Focus Areas in Our Survey and Other Related GAN Surveys. 

Domain 

Year Survey 
Technical 

insights 
Computer Vision 

Natural 

Language 

Processing 

Human Guidance 

Real Time 

2022 Xia et al [09] Yes No No No 

2022  Xun et al [10] No No No No 

2023  Ji et al [11] No Yes No No 

2023  Iglesias et al [12] Yes Yes No No 

2023 Brophy et al [13] Yes Yes No No 

2024 Tanujit Chakraborty[01] Yes Yes Yes No 

2024 Our Survey Yes Yes No Yes 

 

III. OVERVIEW OF GENERATIVE ADVERSARIAL NETWORKS 

In the realm of creative endeavors, the demand for user control over AI-driven content generation is rapidly growing. Generative 

Adversarial Networks (GANs) have emerged as a game-changer, offering the ability to produce remarkably realistic and diverse 

data – from breathtaking landscapes and portraits to captivating musical pieces and even compelling text formats. Imagine being 

able to generate a photorealistic image of a fantastical creature you dreamt up, or compose a unique melody that reflects your 

emotions. GANs are making such possibilities a reality. 

 

At the heart of GANs lies a fascinating interplay between two neural networks: a generator and a discriminator. The generator 

acts as a creative engine, constantly producing new data samples. The discriminator, on the other hand, plays the role of a 

discerning critic, evaluating the generated samples against real-world data and providing feedback. This adversarial process 

continues iteratively, with the generator refining its creations based on the discriminator's feedback. Ultimately, the goal is for the 

generator to produce data that the discriminator cannot distinguish from real data. 

 

However, a key limitation of traditional GANs lies in their lack of nuanced user control. While they excel at mimicking real-

world data distributions, they can struggle to capture the subtleties of human imagination. This can be frustrating for users who 

have a specific creative vision in mind, as the generated output might not perfectly align with their expectations. 

 

   Enter Human-in-the-Loop GANs (HITL-GANs): 

 

Human-in-the-Loop GANs bridge this gap by seamlessly integrating human input and feedback into the generation process. This 

fosters a collaborative environment where users can guide the GAN towards their desired creative outcome. HITL-GANs enable 

users to provide continuous feedback in an iterative loop, shaping the final output with greater precision. 

 

   Merging Machine Power with Human Creativity: 

 

HITL-GANs capitalize on the strengths of both worlds. GANs provide the raw power of data generation, churning out a vast 

array of possibilities. Humans, on the other hand, contribute their artistic vision and decision-making capabilities. Users can 

interact with the GAN during the process, influencing the direction and content of the final output. This interactive loop ensures 

that the generated content is not only high-quality but also deeply aligned with the user's creative intent. 

 

   Benefits of HITL-GANs: 

 

Enhanced Creative Control: Users gain more autonomy over the creative process, allowing them to refine and tailor the generated 

content to their specific needs. They can steer the GAN towards capturing a particular style, mood, or theme, ensuring the final 

output aligns with their vision. This level of control empowers users to become active participants rather than passive recipients 

in the creative process. 

 Elevating Output Quality: Human input can significantly enhance the quality of generated content. By providing feedback and 

guidance, users can influence the GAN to produce outputs that are not only realistic but also highly relevant and aesthetically 

pleasing, potentially surpassing what the GAN could achieve on its own. This collaborative refinement process helps in achieving 

a higher standard of artistic and functional quality. 

Unlocking New Creative Frontiers: HITL-GANs open doors to a future of boundless creative exploration. The collaboration 

between humans and machines allows for the development of novel artistic styles, the exploration of uncharted creative 

territories, and the generation of content that pushes the boundaries of imagination. Artists, designers, and other creative 

professionals can experiment with new concepts and ideas that were previously unimaginable. 

Adaptability Across Domains: The versatility of HITL-GANs extends their benefits beyond traditional art forms. Imagine using 

HITL-GANs in healthcare to generate synthetic medical images for research and training purposes, or in the entertainment 

industry to create customized content for games and movies. The adaptability of HITL-GANs allows them to drive innovation 

and creativity across a wide range of fields. 

 

 

http://www.jetir.org/


© 2024 JETIR May 2024, Volume 11, Issue 5                                                             www.jetir.org (ISSN-2349-5162) 

 

JETIR2405H03 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org q16 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig.1 Architecture of GANs and its primary functions. 

IV. Application 
  

Creative Applications: 

 

Image Generation: GANs excel at generating photorealistic images of objects, landscapes, and even human faces. This has 

applications in various creative industries like advertising, graphic design, and video game development. 

Art Creation: Artists can leverage GANs to explore new artistic styles, generate variations on existing artwork, or create entirely 

new forms of artistic expression. 

Music Composition: GANs can be used to generate new musical pieces in different styles, from classical to electronic music. 

This opens doors for music production, soundtrack creation, and music experimentation. 

Text Generation: GANs can be trained on large text datasets to generate realistic and coherent text formats, such as poems, code 

snippets, scripts, or even creative fiction. 

Design and Engineering Applications: 

 

Product Design: GANs can be used to generate 3D models of objects for prototyping, visualization, and design exploration. 

Fashion Design: GANs can create new clothing designs, generate variations on existing patterns, or personalize clothing for 

individual users. 

Urban Design and Architecture: GANs can be used to generate realistic visualizations of urban environments or architectural 

concepts, aiding in design exploration and planning. 

Data Science Applications: 

 

Data Augmentation: GANs can be used to generate synthetic data to augment existing datasets, which can be particularly helpful 

in situations where real-world data is scarce. This is valuable for training machine learning models. 

Anomaly Detection: GANs can be trained to recognize patterns in normal data. When the model encounters data that deviates 

significantly from these patterns, it can be flagged as an anomaly, potentially aiding in fraud detection or system failure 

prediction. 

Image Inpainting: GANs can be used to restore damaged or incomplete images by filling in missing parts with realistic content. 

Image-to-Image Translation: GANs can be used to translate images from one domain to another, such as converting black and 

white photos to color, transforming sketches into photorealistic images, or translating images from one artistic style to another 

(e.g., photo to Van Gogh style). 

 

Other Applications: 

Drug Discovery: GANs can be used to generate new molecules with desired properties, potentially accelerating drug discovery 

processes. 
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Material Science: Researchers can use GANs to design new materials with specific characteristics, aiding in material 

development. 

 

V. VARIANTS OF GAN’S 

 

Conditional GANs (CGANs): 

Core Idea: These GANs incorporate additional information (labels, categories) into the generation process, allowing for control  

over the content of the generated data. 

Benefits: Users can specify desired attributes (e.g., hair color, object type) in the generated output, leading to more targeted results. 

Applications: Generating images of specific objects, translating images from one style to another (e.g., photo to anime), creating 

images with specific emotions. 

 

Deep Convolutional GANs (DCGANs): 

Focus: These GANs utilize convolutional neural networks (CNNs) in both the generator and discriminator architectures, making 

them particularly effective for image generation tasks. 

Benefits: DCGANs excel at producing high-resolution and realistic images due to the strength of CNNs in image processing. 

Applications: Generating realistic portraits, landscapes, and other types of images. 

 

Wasserstein GANs (WGANs): 

Addressing a Challenge: Original GANs can suffer from training instability. WGANs address this by introducing a different loss 

function (Wasserstein distance) that improves training stability. 

Benefits: WGANs generally have better training stability compared to traditional GANs, leading to more consistent results. 

Applications: Similar applications to DCGANs, but with potentially more stable training. 

 

Progressive GANs (ProGANs): 

Idea: These GANs progressively increase the resolution of the generated image during the training process, starting from low-

resolution and gradually adding details. 

Benefits: ProGANs can achieve very high-resolution image generation with improved quality and detail compared to standard 

GANs. 

Applications: Creating high-fidelity images for applications like photorealistic editing or generating textures. 

 

CycleGANs: 

Function: These GANs are designed for image-to-image translation tasks. They learn to map images from one domain (e.g., horses) 

to another domain (e.g., zebras) while preserving the image content. 

Benefits: CycleGANs can effectively translate images across different styles or domains, useful for tasks like colorization, style 

transfer, and object manipulation. 

Applications: Translating images from one style to another (e.g., photo to Van Gogh painting), colorizing black and white photos, 

object attribute manipulation. 

 

StyleGANs: 

Focus: These advanced GANs excel at generating high-fidelity images with a strong emphasis on capturing the stylistic elements of 

the training data. 

Benefits: StyleGANs can produce incredibly realistic and diverse images while maintaining the overall style learned from the 

training dataset. 

Applications: Generating high-quality images for creative purposes, exploring variations within a specific artistic style, creating 

realistic portraits. 

 

Generative Adversarial Networks with Encoder (GAEs): 

Function: These GANs incorporate an encoder network alongside the generator and discriminator. The encoder helps compress real 

data into a latent representation, which is then used by the generator to create new data. 

Benefits: GAEs can potentially improve the efficiency of the generation process and allow for more control over the content by 

manipulating the latent representation. 

Applications: Similar applications to standard GANs, potentially with improved efficiency and control over generated data. 

 

 

VI. LIMITATIONS AND OPPORTUNITIES FOR ADVANCEMENT 

 

While Generative Adversarial Networks (GANs) have revolutionized creative AI, they still have limitations that offer exciting 

opportunities for future development. Here's a breakdown of these limitations and potential areas for improvement: 

 

Limitations: 

Training Instability: One of the major challenges with GANs is training instability. The adversarial nature of the training process 

can lead to situations where the generator and discriminator get stuck in a loop, hindering progress. 
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Mode Collapse: In some cases, GANs might fall into a trap where they get stuck generating a limited set of outputs, even though 

the training data contains more variety. This phenomenon is known as mode collapse. 

Data Bias: Similar to HITL-GANs, GANs inherit biases from the data they are trained on. If the training data is biased, the 

generated outputs can also reflect these biases. Mitigating data bias is crucial for ensuring fair and ethical use of GANs. 

Interpretability: Understanding the inner workings of GANs and how they generate specific outputs can be challenging. This lack 

of interpretability makes it difficult to control the generation process with high precision. 

Computational Cost: Training complex GAN models can require significant computational resources, which can limit accessibility 

for individual users or smaller organizations. 

Scope for Improvement: 

 

Improved Training Techniques: Developing more robust training algorithms and techniques can address issues like training 

instability and mode collapse. This will lead to more consistent and reliable generation of high-quality outputs. 

Debiasing Techniques: Implementing strategies to identify and mitigate data bias during training is crucial for ensuring fair and 

inclusive outputs from GANs. This includes using diverse datasets and employing techniques to debias the training process. 

Explainable AI (XAI) Techniques: Integrating XAI techniques into GANs can provide a better understanding of how the model 

generates specific outputs. This can help users gain more control over the generation process and achieve desired outcomes with 

greater precision. 

Improved Network Architectures: Developing more efficient and sophisticated network architectures can improve the overall 

performance of GANs. This includes exploring new generator and discriminator architectures that can learn more effectively and 

produce higher-quality outputs. 

Reduced Computational Cost: Optimizing algorithms and leveraging advancements in hardware (e.g., GPUs) can reduce the 

computational cost of training complex GAN models. This can make them more accessible to a wider range of users and 

applications. 
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