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Abstract 

Generative AI, a transformative technology in the world of artificial intelligence, is reshaping how we 

create and interact with digital content across various fields like art, business, and healthcare. This paper 

delves into the historical journey of generative AI, starting from early neural networks to recent 

developments like GPT-4 and diffusion-based models. By exploring pivotal technologies such as 

Generative Adversarial Networks (GANs), Variational Autoencoders (VAEs), and Transformer 

architectures, we offer a detailed analysis of how these models have revolutionized content generation. 

While these advancements open new doors for creativity and innovation, they also introduce significant 

challenges. Issues of bias, ethical concerns, and the environmental costs of AI particularly the growing 

water consumption for data centers are discussed at length. The paper further examines the dual impact of 

generative AI: its ability to enhance productivity while also causing disruptions in traditional industries 

and human interactions. As the use of AI scales, this research highlights the urgent need for sustainable 

and ethical approaches to its development and deployment. By examining both the potential and the 

pitfalls of generative AI, this study aims to provide a balanced outlook on the future of this influential 

technology. 

 

I. Introduction 

1.1 Background Study 

Artificial Intelligence is an ever evolving field of technologies which enables machines to perform tasks 

that require human intelligence. Among these various evolving branches of the AI, the Generative AI has 

acquired a powerful place, not only generating new content but also generating images, text,music and 

many more[1]. Generative AI has become a backbone of artificial intelligence where it allows laymen to 

interact with the high-tech world. 

1.2 Importance 

Generative AI has taken a significant growth, huge popularity, demand and attention from youngsters to 

Business Mans, everyone has over depended on this chain. For instance if we talk about  the models like 

GPT (Generative Pre-trained Transformers) which uses NLP (Natural Language Processing) has changed 

the mindsets of the people where people which belongs to non - tech background never had a hands on 

experience on realm technology as it interact with its end user by more natural and more humanize format 

where it indeed to have more human-like conversation. If we talk about the Image Generating Models like 

GANs (Generative Adversarial Networks) they have been used to create more realistic images from the 

scratch where it finds applications like art, design, and entertainment. By understanding this growth and 
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need of intermission between human and technology it is important to have advancement in advanced AI 

research by leveraging its potential in real-world applications.[1],[2] 

 

 
Source from - Statista: Generative AI Market Size Worldwide[1],[3] 

This source provides forecasts for the global generative AI market size from 2020 to 2030. 

 

1.3 Objectives 

The primary objective of this research paper is to provide a comprehensive overview of generative ai, 

which covers the historical development, key models, applications and challenges. The secondary 

objective is to describe its dual edge nature which disrupts the whole human life which leads to thinking 

capability,including privacy concerns, heightened mental health issues, and potential dependency on AI 

technologies among youth. As its increasing computational demands are leading to significant water 

consumption in data centers, raising environmental concerns about its sustainability.[2] 

 

II. Literature Review 

Historical Development 

The footprints of generative AI was from the mid-era of neural networks from back then since 1950, the 

concept of AI began with the pioneers like Alan Turing and John McCarthy, who created the groundwork 

for machine learning. Later on by the 1980s and 1990s,neural networks gained the huge demand and the 

development for back-propagation and multilayer perceptions which spread the broad awareness about 

deep learning. In the early 2000s which marked the commodative rise of deep learning with significant 

breakthroughs in Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs)[1]. 

The introduction of Variational Autoencoders (VAEs) in 2013 and Generative Adversarial Networks 

(GANs) in 2014 [1] marked a new era in generative AI, leading to the development of powerful models 

capable of generating realistic data. After this boom  DALL-E, created by OpenAI in 2021, turned text 

descriptions into imaginative images. Stable Diffusion, launched in 2022, makes high-quality image 

generation accessible to everyone. Imagen, from Google DeepMind, excels at creating photorealistic 

images from detailed prompts, while Midjourney offers a more artistic flair in its visuals. GPT-4, released 

in 2023, can understand both text and images, making it incredibly versatile. Finally, PubMedGPT focuses 

on medical texts, helping professionals navigate complex research. Together, these models are 

transforming how we create and interact with digital content.[3] 

 

https://www.ijfmr.com/
https://www.researchgate.net/publication/376483918_The_Evolution_and_Impact_of_Generative_AI_From_Early_Models_to_Advanced_AIGC_Technologies
https://www.mckinsey.com/featured-insights/mckinsey-explainers/what-is-generative-ai
https://www.researchgate.net/publication/376483918_The_Evolution_and_Impact_of_Generative_AI_From_Early_Models_to_Advanced_AIGC_Technologies
https://www.statista.com/topics/10408/generative-artificial-intelligence/
https://www.mckinsey.com/featured-insights/mckinsey-explainers/what-is-generative-ai
https://www.researchgate.net/publication/376483918_The_Evolution_and_Impact_of_Generative_AI_From_Early_Models_to_Advanced_AIGC_Technologies
https://www.researchgate.net/publication/376483918_The_Evolution_and_Impact_of_Generative_AI_From_Early_Models_to_Advanced_AIGC_Technologies
https://www.statista.com/topics/10408/generative-artificial-intelligence/


 

International Journal for Multidisciplinary Research (IJFMR) 
 

E-ISSN: 2582-2160   ●   Website: www.ijfmr.com       ●   Email: editor@ijfmr.com 

 

IJFMR240528085 Volume 6, Issue 5, September-October 2024 3 

 

 
 

III. Generative AI overview 

3.1 Key Models of GEN AI 

1. Generative Adversarial Networks (GANs) Introduced by Ian Goodfellow in 2014, it consists of a 

generator and discriminator that compete to produce realistic data,  including variants like 

DCGANs, CycleGANs, and StyleGANs[1]. The objective is: 

𝑚𝑖𝑛𝐺𝑚𝑎𝑥𝐷⬚
𝑉(𝐷, 𝐺) = 𝐸 𝑥~𝑃𝑑𝑎𝑡𝑎(𝑥) [𝑙𝑜𝑔𝐷(𝑥)] + 𝐸 𝑦~𝑃𝑧(𝑧)[𝑙𝑜𝑔(1 − 𝐷(𝐺(𝑧)))] 

Where, 

G: Generator - Creates fake data from random noise. 

D: Discriminator - Distinguishes between real and fake data. 

𝐸 𝑥~𝑃𝑑𝑎𝑡𝑎(𝑥) : Expectation over real data distribution. 

𝐸 𝑦~𝑃𝑧(𝑧) : Expectation over latent variable distribution.[4] 

2. Variational Autoencoders (VAEs) 

VAEs  VAEs, introduced by Kingma and Welling in 2013, learn a latent space representation to generate 

new data. The loss function combines reconstruction loss and Kullback-Leibler divergence: 

𝐿(𝜃, 𝜙; 𝑥) =  −𝐸𝑞𝜙(𝑧|𝑥)[𝑙𝑜𝑔𝑝𝜃(𝑥|𝑧)]  +  𝐷𝐾𝐿(𝑞𝜙(𝑧|𝑥)||𝑝(𝑧)) 

3. Transformers and Language Models 

The introduction of the Transformer architecture in 2017 by Vaswani et al. revolutionized NLP. Models 

like GPT-2 and GPT-3, based on transformers, have demonstrated remarkable capabilities in generating 

coherent and contextually relevant text. 

Transformers use self-attention mechanisms: 

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(
𝑄𝐾𝑇

√𝐷𝐾

)𝑉 

4. Diffusion Models 

Recent developments in diffusion models have shown promise in generating high-quality images. These 

models work by iteratively refining noise into a coherent image, offering a new approach to generative  

tasks. The diffusion process is described by: 
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𝑞(𝑥𝑡|𝑥𝑡−1)𝑁(𝑥𝑡;√1 − 𝛽𝑡𝑥𝑡−1,𝛽𝑡I) 

 

Recent Models 

1. DALL-E (OpenAI) 

DALL-E, launched in 2021, generates imaginative images from text descriptions using a modified GPT-

3 architecture. The objective can be framed as maximizing the likelihood of the generated image given 

the text prompt: 

𝑚𝑎𝑥𝐺𝐸(𝑥,𝑦)~𝑝(𝑥,𝑦)[𝑙𝑜𝑔 𝑝(𝑦|𝑥)] 

2. Stable Diffusion (Stability AI) 

Stable Diffusion, introduced in 2022, is an open-source model that generates images by iteratively refining 

noise. The diffusion process can be described as: 

q(𝑥𝑡|𝑥𝑡−1) = 𝑁(𝑥𝑡; √1 − 𝛽𝑡𝑥𝑡−1, 𝛽𝑡𝐼) 

3. Imagen (Google DeepMind) 

Imagen, developed in 2022, focuses on creating high-quality images from detailed text prompts.[2] Its 

architecture leverages a similar diffusion process as Stable Diffusion. [4] 

4. Midjourney 

Midjourney, launched in 2022, generates visually stunning images with a unique artistic style based on 

user prompts, though specific mathematical formulations are less publicly detailed.[2] 

5. GPT-4 (OpenAI) 

Released in 2023, GPT-4 processes both text and images. Its self-attention mechanism is represented as: 

Attention(Q,K,V) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(
𝑄𝐾𝑇

√𝑑𝑘
)V 

6. PubMedGPT 

PubMedGPT is a specialized model for the medical field, focusing on generating and interpreting medical 

texts. It builds on the same principles as GPT-4 but is fine-tuned for medical applications. 

These models collectively illustrate the rapid advancements in generative AI, each with unique capabilities 

and applications in creative and professional domains. 

 

3.2 Evaluation Methods 

1. BLEU (Bilingual Evaluation Understudy Score) 

BLEU measures the similarity between generated text and reference translations, focusing on n-gram 

precision. 

Equation: 

BLEU = BP . exp(𝛴𝑛=1
𝑁 𝑤𝑛𝑙𝑜𝑔 𝑝𝑛) 

2. FID (Fréchet Inception Distance) 

FID assesses the quality and diversity of generated images by comparing the feature distributions of real 

and generated images. 

Formula: 

FID(x,y) = ||𝜇𝑥 − 𝜇𝑦||2 + Tr(𝛴𝑥 + 𝛴𝑦  - 2(𝛴𝑥𝛴𝑦)
1

2  ) 

3. IS (Inception Score),[4]. IS evaluates image quality based on classifier confidence and diversity of 

generated images. 

Formula: 
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IS (x) = exp (𝐸𝑥[𝐷𝐾𝐿(𝑝(𝑦|𝑥)||𝑝(𝑦))])] ) 

4. Human Evaluation 

Human evaluation involves subjective ratings from judges on the realism and relevance of generated 

content, often using a Likert scale (e.g., 1 to 5). 

These methods provide a balanced approach to assessing generative models, combining quantitative 

metrics with qualitative human insights.[1],[2] 

 

3.3 Challenges of Generative AI 

1. Data Requirements 

Generative AI models require vast amounts of high-quality, diverse data to train effectively. For instance, 

training a model to generate realistic medical images necessitates access to extensive, well-annotated 

datasets, which can be difficult to obtain, especially in sensitive fields like healthcare. Ensuring data 

diversity is crucial to avoid biases that could lead to unfair or discriminatory outputs. 

2. Bias and Fairness 

These models can perpetuate biases present in their training data, leading to unfair outcomes. For example, 

a language model trained predominantly on English text may struggle with non-English contexts, resulting 

in biased or inaccurate content. Addressing these biases requires careful curation of training datasets and 

ongoing evaluation of model outputs to ensure fairness and inclusivity. 

3. Misinformation and Ethical Concerns 

Generative AI can be exploited to produce convincing misinformation, such as deep fakes or fake news 

articles. This raises significant ethical concerns about trust and authenticity in digital content. For example, 

AI-generated videos can mislead viewers, making it crucial for platforms to develop robust detection and 

moderation tools to combat the spread of false information. Establishing clear ethical guidelines and 

promoting AI literacy among the public are essential steps to mitigate these risks. 

 

IV. Application and Impact 

4.1 Recent Advances and Trends 

1. Few-shot and Zero-shot Learning 

Models like GPT-3 have demonstrated remarkable capabilities in few-shot and zero-shot learning, 

allowing them to perform tasks with minimal examples. This is particularly beneficial in low-resource 

settings, enabling applications in areas where data is scarce.[2] 

𝑚𝑖𝑛𝛉L(𝛉;𝐷𝑡𝑟𝑎𝑖𝑛 ∪ 𝐷𝑓𝑒𝑤 − 𝑠ℎ𝑜𝑡 ) 

 
2. Cross-modal Models 

The integration of text, image, and audio modalities And generating content across different formats, in 

models like DALL-E and CLIP has led to the development of more versatile AI systems. These models 

can enhance their usability in creative industries and beyond. 

L = 𝐿𝑡𝑒𝑥𝑡 + 𝐿𝑖𝑚𝑎𝑔𝑒  + 𝐿𝑎𝑢𝑑𝑖𝑜 + 𝐿𝑎𝑙𝑖𝑔𝑛  
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3. Real-time Applications 

Advancements in generative models have facilitated real-time applications in conversational agents, 

creative tools, and more. For instance, AI-powered chatbots and virtual assistants are now able to engage 

users in natural language, providing immediate responses and assistance. 

p(𝑥𝑡|𝑥<𝑡, 𝑦)  =  𝑓(𝑥<𝑡, 𝑦; 0) 

 

4.2 Future Directions 

1. Improving Model Efficiency 

There is a strong focus on reducing the computational costs associated with training and deploying 

generative models. This includes optimizing algorithms and leveraging more efficient architectures to 

make generative AI accessible to a broader audience. 

2. Addressing Bias and Fairness 

As generative models become more prevalent, developing techniques to mitigate bias and ensure fairness 

in generated content is critical. This involves refining training datasets and implementing monitoring 

systems to evaluate model outputs continuously. 

3. Exploring New Architectures 

Researchers are investigating novel architectures and training methods to push the boundaries of what 

generative models can achieve[2]. This includes exploring hybrid models that combine the strengths of 

different approaches, such as transformers and diffusion models. 

 

V. AI and water use : A Growing concern 

AI has been touted as a potential solution for global water challenges, with applications in improving water 

efficiency in agriculture, enhancing wastewater treatment, and more accurately detecting water 

contaminants. AI-driven technologies like smart irrigation and biosensors could optimize water use and 

contribute to environmental sustainability. 

However, AI itself has a significant water footprint. It consumes vast amounts of water for cooling servers 

and producing the energy it requires. The production of AI hardware, involving resource-intensive mining 

for materials like silicon and gallium, also contributes to water pollution. With the rapid growth of AI, its 

water consumption and environmental impact are set to increase dramatically, with technology firms 

potentially requiring billions of cubic meters of water for data centers by 2027.[5] 

1. Water Footprints of AI Technologies 

The initial research indicates that  the AI technologies have a significant water footprint. Water is used 

both for cooling the servers that power AI computations and for producing the energy required by these 

systems. As AI becomes more embedded in our daily lives, this water footprint is expected to increase 

substantially.[5] 

2. Comparing AI Search Engines 

The rise of models like ChatGPT, often compared to "the new Google," underscores this growing concern. 

For instance, while a single Google search consumes about 0.5 milliliters of water, ChatGPT uses 

approximately 500 milliliters for every five to 50 prompts. This stark difference highlights the intensive 

resource demands of AI models compared to traditional digital services. 

3. Environmental Impact of AI Hardware Production 

Beyond just operating AI systems, the production of AI hardware itself contributes to water use and 

pollution. The manufacturing process requires rare materials like silicon, germanium, gallium, boron, and 
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phosphorus, all of which involve resource-intensive mining. This extraction process not only consumes 

large amounts of water but also leads to significant water pollution.[5] 

4. Data Centres and future Water Demands 

Data centers, which provide the infrastructure for AI training and operations, are another major contributor 

to AI’s water footprint. As the demand for AI services grows, the energy consumption of these centers 

could double by 2026. This increase in energy use translates to a potential requirement of 4.2 to 6.6 billion 

cubic meters of water for cooling and operational needs by 2027, posing a significant challenge for 

sustainable water management.[5] 
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