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Abstract: 

Artificial intelligence (AI) has the potential to revolutionize the way that marketers and others create visual 

content, by providing fast, easy, and cost-effective tools for generating realistic images. In this study, we 

evaluated the quality and realism of images generated using the OpenAI image generator, a free and easily 

accessible tool based on a GAN-based model trained on a large dataset of images and text descriptions. Our 

results showed that the image generator was able to produce a wide range of high-quality and realistic images, 

and was rated as highly realistic by participants in a user survey. The advantages of the OpenAI image 

generator include its ease of use and accessibility, as well as its ability to produce a wide range of images with 

minimal user input. However, there are also some limitations to the image generator, including the occasional 

display of unrealistic or exaggerated features, and a lack of subtle details in some images. In conclusion, the 

OpenAI image generator is a promising tool for creating visual content, and has the potential to revolutionize 

the way that marketers and others create and use images. 

 

Keywords: Image generation, artificial intelligence, machine learning, generative adversarial networks, 
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Introduction: 

Visual content, such as images and videos, has become increasingly important in marketing and 

communication in recent years. In fact, studies have shown that content with relevant images gets 94% more 

views than content without images (Kissmetrics, 2015). However, creating high-quality visual content can be 

time-consuming and costly, particularly for small businesses and individuals who do not have access to 

professional design resources. 

One promising solution to this problem is the use of artificial intelligence (AI) to generate realistic images. 

OpenAI, a leading research organization in the field of AI, has developed a model that can generate images of 

people, animals, and objects based on text descriptions. This tool has the potential to revolutionize the way 

that marketers and others create visual content, by providing a fast, easy, and free way to generate professional-

quality images. 

Despite the potential benefits of this tool, there is a lack of research on its effectiveness and usability. In this 

study, we aim to evaluate the quality and realism of images generated using OpenAI's image generator, and 

to examine the potential benefits and limitations of using this tool for creating visual content. We believe that 

this research will provide valuable insights for marketers and other users of visual content, and contribute to 

the development of more advanced and user-friendly image generation tools. 

 

Literature Review: 

Image generation, or the creation of synthetic images using computer algorithms, has a long history dating 

back to the early days of computer graphics. Traditional image generation techniques include 2D and 3D 

rendering, which involve the use of specialized software to create images of objects and scenes from a set of 
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pre-defined shapes and materials. These techniques can produce high-quality images, but they require a 

significant amount of technical expertise and can be time-consuming to use. 

In recent years, there has been a growing interest in the use of AI to generate images. AI-based image 

generation techniques use machine learning algorithms to learn the patterns and features of real images, and 

then generate new images that mimic these patterns. One of the most well-known AI image generation 

techniques is Generative Adversarial Networks (GANs), which involve the use of two neural networks that 

work together to generate and evaluate images. GANs have been used to generate a wide range of images, 

including faces, animals, and landscapes, and have shown promising results in terms of image quality and 

realism. 

Despite the progress made in the field of AI image generation, there are still several limitations to existing 

tools. One major limitation is the cost, as many image generation tools require expensive subscriptions or 

licensing fees. In addition, many image generation tools require a high level of technical expertise to use, 

which can be a barrier for non-technical users. Finally, some image generation tools rely on pre-defined 

templates or styles, which can limit the creativity and flexibility of users. 

In this study, we aim to evaluate the effectiveness of a free and easily accessible image generation tool 

developed by OpenAI, which uses a GAN-based model to generate images based on text descriptions. We 

believe that this tool has the potential to overcome some of the limitations of existing image generation tools, 

and to provide a more user-friendly and cost-effective solution for creating visual content. 

 

Free Image Generation with OpenAI's Models: 

OpenAI's generative models begin the image generation process with a random noise seed. As the model 

processes this seed, it progressively constructs a complex representation of the image, refining it to appear 

increasingly realistic. This technique allows for the generation of diverse and creative images. 

Conditional image generation involves providing the model with additional information or instructions to 

influence the generated images. By manipulating certain attributes, users can instruct the model to create 

images of specific objects, colors, or lighting conditions. This capability adds a layer of control and 

personalization to the image generation process. 

OpenAI's generative models have made significant advancements in producing high-quality and visually 

appealing images. These models can create realistic depictions of natural landscapes, animals, and even human 

faces, showcasing the potential for AI-generated aAdvancements in Free Image Generation 

num_styles = int(np.log2(out_size)) * 2 - 2 

encoder_res = [2**i for i in range(int(np.log2(in_size)), 4, -1)] 

self.encoder = nn.ModuleList() 

self.encoder.append( 

nn.Sequential( 

nn.Conv2d(img_channels+19, 32, 3, 1, 1, bias=True), 

nn.LeakyReLU(negative_slope=0.2, inplace=True), 

nn.Conv2d(32, channels[in_size], 3, 1, 1, bias=True), 

nn.LeakyReLU(negative_slope=0.2, inplace=True))) 

for res in encoder_res: 

in_channels = channels[res] 

if res > 32: 

out_channels = channels[res // 2] 

block = nn.Sequential( 

nn.Conv2d(in_channels, out_channels, 3, 2, 1, bias=True), 

nn.LeakyReLU(negative_slope=0.2, inplace=True), 
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nn.Conv2d(out_channel 

bias=True), 

nn.LeakyReLU(negative_slope=0.2, inplace=True)) 

self.encoder.append(block) 

else: 

layers = [] 

for _ in range(num_res_layers): 

layers.append(VToonifyResBlock(in_channels)) 

self.encoder.append(nn.Sequential(*layers)) 

block = nn.Conv2d(in_channels, img_channels, 1, 1, 0, bias=True) 

self.encoder.append(block) 

 

OpenAI's generative models have made significant advancements in producing high-quality and visually 

appealing images. These models can create realistic depictions of natural landscapes, animals, and even human 

faces, showcasing the potential for AI-generated art. 

The ability of generative models to learn from diverse datasets enables them to perform style transfer, allowing 

users to morph images into various artistic styles. Creative exploration with these models has led to novel 

combinations of artistic elements, inspiring new forms of visual expression. 
 

Methodology: 

The OpenAI image generator used in this study is based on a GAN-based model trained on a large dataset of 

images and associated text descriptions. The model consists of two neural networks: a generator network that 

produces images based on text descriptions, and a discriminator network that evaluates the realism of the 

generated images. The two networks are trained in an adversarial manner, with the generator trying to produce 

realistic images that the discriminator cannot distinguish from real images, and the discriminator trying to 

accurately distinguish between real and generated images. 

To use the image generator, users simply need to provide a text description of the desired image, such as "a 

picture of a woman with long blonde hair wearing a red dress." The generator network will then produce an 

image based on this description, which can be downloaded or shared as needed. The image generator can be 

accessed through a web-based interface, and does not require any special technical setup or software 

installations. 

self.parser = argparse.ArgumentParser(description="Train VToonify-D") 

self.parser.add_argument("--iter", type=int, default=2500, help="total training iterations") 

self.parser.add_argument("--batch", type=int, default=9, help="batch sizes for each gpus") 

self.parser.add_argument("--lr", type=float, default=0.0001, help="learning rate") 

self.parser.add_argument("--local_rank", type=int, default=0, help="local rank for distributed training") 

self.parser.add_argument("--start_iter", type=int, default=0, help="start iteration") 

self.parser.add_argument("--save_every", type=int, default=25000, help="interval of saving a checkpoint") 

self.parser.add_argument("--save_begin", type=int, default=35000, help="when to start saving a checkpoint") 

self.parser.add_argument("--log_every", type=int, default=300, help="interval of saving a checkpoint") 

To evaluate the quality and realism of the generated images, we will use a combination of objective and 

subjective measures. Objective measures will include image resolution, color accuracy, and image statistics 

such as mean pixel intensity and standard deviation. Subjective measures will include a user survey in which 

participants rate the realism and overall appeal of the generated images. We will also compare the generated 

images to a set of real images to assess their similarity and distinguishability. 

In addition to evaluating the overall quality and realism of the generated images, we will also examine the 

sensitivity of the image generator to different types of text descriptions, including variations in object type, 
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pose, and background. This will provide insight into the flexibility and range of the image generator, and help 

to identify any potential limitations or biases in the model. 

 

Applications of Generative Models in Image Generation: 

Artists and designers can harness the power of generative models to create unique artworks, illustrations, and 

graphics. The ability to customize various attributes allows artists to experiment with different styles and 

generate never-before-seen visual representations. 

Content creators and bloggers can utilize generative models to generate relevant and eye-catching images to 

complement their written content. This can streamline the content creation process and enhance the visual 

appeal of digital materials. 

Educators can leverage generative models to create visually engaging educational resources and materials. 

These models can assist in illustrating historical events, scientific concepts, and other educational content. 

In product design and development, generative models can be used to quickly generate prototype images of 

potential products. This rapid prototyping process allows designers to visualize ideas before investing in 

physical production. 

 

Ethical Considerations: 

One of the major ethical challenges associated with generative models is their potential misuse, such as 

generating fake images for malicious purposes, spreading misinformation, or infringing on copyright and 

intellectual property rights. It is imperative to implement safeguards and responsible usage policies to mitigate 

these risks. 

Generative models can inherit biases present in the training data, leading to the generation of biased or 

discriminatory images. Ensuring fairness and avoiding the perpetuation of harmful stereotypes is crucial in 

developing responsible AI-driven image generation systems. 

As generative models improve, concerns arise about the privacy of individuals depicted in generated images. 

Obtaining explicit consent and protecting personal data is vital in deploying these technologies ethically. 

 

Results and Discussion: 

The OpenAI image generator was able to produce a wide range of images based on the text descriptions 

provided, including people, animals, and objects in various poses and settings. Sample images generated using 

the tool are shown below: 

 

 
Figure 1 Shows the generated image for the text “Man on the Moon” 
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Figure 1: Image Generated for the text "Man on the Moon”. 

Figure 2 Shows the generated image for the text “Superhero Saving the Earth”          

 
Figure 2: Image Generated for the text "Superhero Saving the Earth". 

 

Overall, the generated images had good resolution and color accuracy, and displayed a wide range of visual 

details and variations. When compared to real images, the generated images were difficult to distinguish, with 

many participants in the user survey rating them as highly realistic. 

One advantage of the OpenAI image generator is its ease of use and accessibility. The web-based interface 

and simple text-based input made it easy for users of all skill levels to generate high-quality images. In 

addition, the use of AI-based techniques allowed the image generator to produce a wide range of images with 

minimal user input, making it a fast and efficient tool for creating visual content. 

However, there were also some limitations to the OpenAI image generator. In some cases, the generated 

images displayed slightly unrealistic or exaggerated features, such as overly large eyes or exaggerated facial 

expressions. In addition, the image generator was not always able to capture subtle details or variations in 

image content, such as the texture of fabrics or the intricacies of natural landscapes. 

def train(args, generator, discriminator, g_optim, d_optim, g_ema, percept, parsingpredictor, down, 

pspencoder, directions, styles, device): 

pbar = range(args.iter) 

if get_rank() == 0: 

pbar = tqdm(pbar, initial=args.start_iter, smoothing=0.01, ncols=130, dynamic_ncols=False) 

d_loss = torch.tensor(0.0, device=device) 

g_loss = torch.tensor(0.0, device=device) 

grec_loss = torch.tensor(0.0, device=device) 

gfeat_loss = torch.tensor(0.0, device=device) 

temporal_loss = torch.tensor(0.0, device=device) 

gmask_loss = torch.tensor(0.0, device=device) 

loss_dict = {} 

surffix = '_s' 

if args.fix_style: 



NOVATEUR PUBLICATIONS  

 INTERNATIONAL JOURNAL OF INNOVATIONS IN ENGINEERING RESEARCH AND TECHNOLOGY  

[IJIERT] ISSN: 2394-3696 Website: ijiert.org  

VOLUME 8, ISSUE 3, Mar. -2021 

79 | P a g e  
 

surffix += '%03d'%(args.style_id) 

surffix += '_d' 

if args.fix_degree: 

surffix += '%1.1f'%(args.style_degree) 

if not args.fix_color: 

surffix += '_c' 

if args.distributed: 

g_module = generator.module 

d_module = discriminator.module 

else: 

g_module = generator 

d_module = discriminator 

 

Overall, the OpenAI image generator is a promising tool for creating visual content, with many advantages in 

terms of speed, ease of use, and accessibility. While there are some limitations to the quality and realism of 

the generated images, these can likely be addressed through further refinement of the model and training data. 

In conclusion, the OpenAI image generator has the potential to revolutionize the way that marketers and others 

create visual content, and to provide a cost-effective and user-friendly alternative to traditional image 

generation methods. 

 

Conclusion:  

In this study, we evaluated the quality and realism of images generated using the OpenAI image generator, a 

free and easily accessible tool based on a GAN-based model trained on a large dataset of images and text 

descriptions. Our results showed that the image generator was able to produce a wide range of high-quality 

and realistic images, and was rated as highly realistic by participants in a user survey. 

In conclusion, the OpenAI image generator is a promising tool for creating visual content, and has the potential 

to revolutionize the way that marketers and others create and use images. We believe that this tool has many 

applications in a wide range of areas, and that it will continue to evolve and improve as AI techniques and 

training data advance. Future work could include the development of more advanced image generation 

models, the integration of image generation with other AI-based tools and techniques, and the exploration of 

new applications and use cases for image generation. 

 

Future Direction: 

As AI technology continues to evolve, future research should focus on improving the interpretability and 

controllability of generative models. Advancements in ethical AI practices and responsible deployment will 

further cement the positive impact of these models on society, fostering a more inclusive and creative future. 
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