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Abstract:  

An evolution within generative models has taken place, going beyond Generative Adversarial 

Networks (GANs) into different structured approaches for both image and text generation. 

With the rise of advanced non-GAN-based generative models, the aim of this study is to 

analyse and ultimately compare a brief history and the effectiveness of different models such 

as VAEs, Diffusion Models, and architectures based on Transformers like GPT and DALL·E 

to find their strengths in creating high-quality, coherent, and diverse outputs across both 

visual and text domains. The results reveal the superior stability of diffusion models, the 

interpretability of VAEs, and the improved contextual understanding gained by transformer-

based architectures, allowing us to better understand these models, their advantages and 

disadvantages, and the potential impact on design for future applications. Additionally, we 

examine common issues like mode collapse, training instability, and high computational 

resources requirements, proposing novel solutions to mitigate these challenges. Also, 

experimental results show that state-of-the-art (SoTA) performance can be achieved not just 

through GAN architectures but also through non-GAN models, which lend themselves more 

to diverse uses cases from creative content generation to domain-specific tasks (medical 

imagery, personalized content creation) much more. Finally, this paper addresses the ethics 

behind generative models and provides some insights on future development of generative 

models. The chapter concludes with a discussion of its implications for bridging theoretical 

and practical aspects in generative modelling, marking a new era in the field. 
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1. INTRODUCTION 

Generative models are among the most exciting frontiers in the field of machine learning, allowing the 

generation of data that reflects the underlying distribution of real-world data. Their applications include 

but are not limited to image generation, text generation, music generation, drug discovery, etc. 

Generative Adversarial Networks (GANs) have historically been a key focus in this domain, 

recognized for their efficacy in generating authentic images and varied data types. Despite their 

success, however, GANs are not without their challenges, particularly in regards to training instability, 

mode collapse and in capturing complex, multimodal distributions. More recently the field of 

generative modeling has seen multiple architectures entering the stage that diverged from the original 

GAN paradigm. These include Variational Autoencoders (VAEs), Diffusion Models, Normalising 

Flows, and Transformer-based models, adding novelty in approaches and addressing some of the 

limitations inherent to GANs[1]. 

Generative models has been driven by a constant dialog between theory and need. These early methods, 

such as VAEs, pioneered the probabilistically guided approach to generative modeling by defining the 

generation process as a variational inference problem. Variational Autoencoders (VAEs) provide a 

mathematically principled means of generating new data through learning latent representations, 

leading to interpretable and robust generation for certain types of applications. However, due to their 

tendency to generate blurry images, their usefulness for high-resolution image synthesis remained 

limited[2,3]. Meanwhile, GANs (Generative Adversarial Network) introduced a novel way to generate 

new samples for a target distribution by framing the problem as a game between two neural networks, 

a generator network and a discriminator network that compete with each other to yield realistic 

samples. Although they provided breakthrough results, this adversarial training mechanism had issues 

like being sensitive to hyperparameters and convergence issues, and thus researchers started to look 

for different approaches. 

One of the most exciting alternatives is Diffusion Models, which are based on a completely different 

principle of generative modeling. Diffusion models are trained to gradually denoise data starting from 

some noise distribution until it looks like data. While GANs have long been considered the pinnacle 

of image generation, diffusion models have recently shown phenomenal results on generating high-

fidelity images, competitive with and sometimes superior compared to GANs in fixed tasks[4]. They 

are particularly attractive because of their inherent stability and they can model richly multimodal 

distributions. Another paradigm-shifting development has been the introduction of Transformer-based 

models, such as OpenAI’s own GPT series and DALL·E architectures, which use self-attention 

mechanisms to capture long-range dependencies in data, resulting in leading-edge performance in tasks 

ranging from text generation to cross-modal tasks like image-to-text synthesis. In contrast to GANs, 

Transformer-based generative models can scale and are easier to train on large datasets, achieving 

state-of-the-art performance in (text and image) generation tasks. 

This shift towards generative models beyond GANs is not just an exploratory task in isolation, but 

born out of real-world challenges. Generative models, such as GANs, are coherent in the generation 

of images, but they fail to maintain diversity in higher dimensions of the image space [17]. This 

limitation is especially important when looking at applications that necessitate a high degree of novelty 



Advances in Nonlinear Variational Inequalities 

ISSN: 1092-910X 

Vol 28 No. 3s (2025) 

 

356 https://internationalpubls.com 

and creativity like content creation, personalized recommendations, or scientific discovery[5]. 

Conversely VAEs, Diffusion Models, and Transformer-based architectures have proven to be much 

better at preserving diversity and capturing the full spectrum of the data distribution. Moreover, the 

cost of GANs with the high-scale adversarial training is often confined to the deployment at resource-

constrained settings. This is where techniques like VAEs and Diffusion Models, which are way less 

intensive on training, show their benefits. 

Interpretability is another area where non-GAN generative models outperform GANs. GANs work as 

black-box systems, which means that it is difficult to understand how the data is generated under the 

hood. This is especially useful in medical imaging applications, where insights about the generative 

process may help with diagnosis or treatment planning. Likewise, Transformer-based architectures 

have self-attention mechanisms that allow for a degree of transparency in how country inputs shape 

the output[6]. It serves to increase stakeholders' confidence in these models, as well as to expand their 

usability in fields that demand utmost accountability. 

 
Figure 1. Overcoming GAN limitations in Generative modelling 

A third iteration of generative modeling is both enabled by and enhances the next wave in AI – ethics. 

As gen models become more systematic, concerns about the unethical use of them have also soared. 

For instance, the ability to produce hyper-realistic images and text raises the potential to create deep 

fakes, spread misinformation or violate privacy. Tackling these challenges will often involve quality 

assurance mechanisms, standard setting, and transparency during model deployment. Therefore, 

understanding generative models other than GANs opens up an avenue to create systems which are 

not only more performant but also ethically sound[7]. 

New Generative Frameworks: Beyond GAN Though GANs have made a significant impact, 

exploration on alternatives to GAN has resulted in innovative approaches beyond the limitations of 

traditional GAN. This can include and involves crossing modalities or creating generation between 

domains, where, for example, text may create imagery or imagery creates text. An example of this is 

in the multimodal integration of information, in which deep learning models that are based on 

transformer architectures (DALL·E, CLIP, etc.) have achieved remarkable performance, clearly 

demonstrating that it is possible to integrate information from various modalities without barriers. Such 

advances have far-reaching consequences for creative sectors, allowing for the creation of instruments 

that can help artists, designers, and writers realize their vision. Likewise, generative models applied to 
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scientific discoveries could improve the speed of such discoveries, be it in generating accurate 

environmental simulations of protein structures, or synthesising training data for heterogenous events 

in physics experiments. 

These are the broader trends we’ve seen in machine learning recently, and we have the evolution of 

generative models also reflecting this shift towards scalable architectures that are data-efficient and 

capable of multiple paradigms. Although the early generative models demanded a well-curated data 

set and a tuning process tailored specifically to the domain of this data, new methods of generative 

modeling are evolving towards generalizability and scalability[8]. Researchers have leveraged the 

improved data collection capabilities and the enhanced computational infrastructure to train more 

complex models on a larger scale, which has in turn allowed for this transition to take place. 

Nevertheless, dataset dependencies trigger challenges regarding data quality, biases, and accessibility, 

reinforcing the requirement for responsible dataset curation and model training practices. 

It will discuss theoretical underpinnings, practical details and comparison with state of art models for 

image generation, for example GANs, in an introductory manner, targeting to consolidate various 

PDMs under a unified umbrella model. In this paper, we prospectively explore the pros and cons of 

VAEs, Diffusion Models, Normalizing Flows, and Transformer-based architectures to better 

understand what working with diverse models can do for the shortcomings traditionally associated 

with GANs. We validate its capabilities through experimental evaluations and case studies showing 

how these models shine in diverse tasks from high-resolution image synthesis to coherent text 

generation[9]. Moreover, we highlight the significance of these developments in the context of 

generative modelling and suggest an interdisciplinary exploration in its broad applications for 

realisation of new capabilities beyond the current realms. 

To sum up, the discovery of generative models not limited to GANs marks a new era in the domain of 

machine learning. Beyond the adversarial box, researchers created novel architectures which are more 

stable, intelligible and multipurpose. These models not only address the challenges of GANs, but also 

pave the way for avenues of creativity, scientific innovation, and ethical AI application. Therefore, this 

article aims to discuss the potential future impact of generative models on society with a balanced 

approach that emphasizes both technical development and social responsibility. Generative modeling 

is an ever-evolving field which continues to capture the interest of academia and industry alike; this 

paper aims to add to the conversation by summarizing its current state-of-the-art as well as discussing 

the future. 

2. RELATED WORK 

Generative models have iteratively advanced through landmark breakthroughs that have significantly 

transformed the agricultural landscape of both applied and theoretical machine learning. Even though 

GANs have been touted as the gold standard in generative modeling, they have steadily been losing 

ground to or at least joined by other approaches that address some of the limitations of the adversarial 

paradigm. Among the earliest was VAEs which introduced a probabilistic viewpoint that could 

generate data via latent space transformations. These models have played an important role in 

interpretable generative applications, especially in areas such as anomaly detection and medical 
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imaging. But their failure to be able to produce good-quality high-resolution images led to the hunt for 

more potent options. 

Table 1: Key Characteristics of Generative Models 

Model Key Architecture Strengths Limitations 

GANs Adversarial training High-quality image 

synthesis 

Training instability, 

mode collapse 

VAEs Variational inference Interpretability, robustness Blurry images, limited 

high-res output 

Diffusion 

Models 

Gradual denoising from 

noise 

Stability, high-fidelity image 

generation 

High computational 

demands 

Normalizing 

Flows 

Invertible functions on 

probability space 

Exact likelihood 

computation, control 

flexibility 

Lower scalability 

compared to others 

Transformers Self-attention 

mechanisms 

Contextual understanding, 

cross-modal generation 

Expensive training, 

resource-intensive 

One of the most prospecting approaches in generative modeling are Diffusion Models. Different from 

the use of adversarial training in GANs, in Diffusion Models the generation of data is done in multiple 

steps of denoising, starting from pure noise[10]. It has shown unmatched stability and fidelity for 

image synthesis tasks, generally outperforming GANs in terms of both quality and diversity. As per 

the Diffusion Models, they could dodge famous pitfalls like the mode collapse by not employing 

adversarial mechanisms and using more flexible architectures. They can be scaled and adjusted, 

making them an even more solid candidate as an alternative GANs technology. 

Another novelty in the space of generative modeling is the use of transformer based architectures. With 

the power of self-attention mechanisms, these forms excel in capturing dependent relationships 

regardless of the distance between adjacent tokens, which is especially suitable for text generation and 

cross-modal generation tasks. The emergence of models such as GPT and DALL·E has demonstrated 

the power of the Transformers architecture to generate coherent, contextually relevant high-quality text 

and images. However, the remarkable power of few-shot capabilities has paved the way for generative 

modeling in various domains of data ranging from creative generation to scientific exploration[11,12]. 

Table 2: Performance on Generative Tasks 

Model 

Image 

Synthesis 

Text 

Generation 

Cross-Modal 

Applications 

Diversity of 

Outputs 

GANs Excellent Limited Minimal Moderate 

VAEs Good Moderate Minimal Good 

Diffusion Models Excellent Limited Moderate Excellent 

Normalizing Flows Moderate Minimal Minimal Moderate 

Transformers Moderate Excellent Excellent Excellent 

Normalizing Flows have a space as well, with them acting as a prior over a space and allowing to 

compute exact likelihoods. Normalizing Flows, in contrast to GANs and VAEs, successively apply 

invertible functions to simple probability distributions to obtain a complex distribution. With good 
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flexibility and interpretability, this method is suitable for the use in cases with strict generative process 

control. Normalizing Flows play second fiddle to VAEs, Diffusion Models, and Transformers, but are 

nonetheless a key aspect of the overall generative modeling ecosystem[13,14]. 

Modeling other than GANs for generative models has also been motivated by practicality. The 

compute-intensiveness of GANS makes them hard to deploy in resource-constrained settings. On the 

other hand, Diffusion Models and VAEs are usually less resource-intensive, providing a potential 

advantage in implementation in practical applications[15]. VAEs and Normalizing Flows have been 

equally desirable, thanks to their interpretability; something which is very important in domains where 

the reasoning behind a decision or action needs to be described. It is this practical utility that has led 

to the maturing of non-GAN generative models across many sectors of industry. 

Table 3: Computational and Practical Considerations 

Model 

Computational 

Requirements Interpretability 

Suitability for Resource-

Constrained Environments Scalability 

GANs High Low Poor Moderate 

VAEs Moderate High Good Moderate 

Diffusion Models High Moderate Poor Moderate 

Normalizing Flows Moderate High Moderate Moderate 

Transformers Very High Moderate Poor Excellent 

Finally, there has also been some attention to the ethical implications of generative modeling. This has 

caused concern over their societal impact, especially considering their potential use in creating 

deepfake content or other forms of misinformation. GANs have been a major focus of this debate, but 

the more general area of generative modeling has also come under the microscope. The answer to these 

concerns is not straightforward, as the need for comprehensive detection systems, ethical guidelines, 

and transparency at deployment are all factors that feed into how to address these concerns. Focusing 

on these factors helps researchers ensure that generative models are being used in an ethical manner 

and for the good of society[16]. 

The theory section summarizes the main characteristics, advantages and limitations of these generative 

models in the form of tables. As shown in Table 1, GANs, VAEs, Diffusion Models, Normalizing 

Flows, and Transformers all have different architectures. Their relative performance on diverse tasks 

such as image synthesis, text generation, and cross-modal applications  is summarized in Table 2. Table 

3 also digs into the computational needs and interpretability of those approaches, providing additional 

paths through their practical implications. 

Therefore, generative model exploration beyond GANs makes a huge leap in the field of machine 

learning. Researchers have expanded the narrative of generative modeling by overcoming the 

constrains of adversarial frameworks and proposing new innovations. In summary, each of these 

approaches mentioned in this text offers unique contributions towards generative modeling, whilst also 

bringing along their own advantages versus downsides that shape the future where generative modeling 

finds a place in practical applications and ethical dialogues[17,18]. Mono-language translation models 

have been successfully trained on large-scale parallel corpora, with extensive discussions and analyses 

throughout this paper's upcoming sections, where this paper explores the interplay between these 
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translation models' theoretical aspects and their implications, with the latter also supporting multi-

lingual translation systems. 

3. PROPOSED METHODOLOGY 

Generative modeling has been a game changer for machine learning, allowing systems to create data 

at a level of structure and complexity that resembles the actual distributions found in the natural world. 

After mostly focusing on GANs, the field then extended to other architectures that solve problems or 

limitations of adversarial training. Alternative approaches such as Variational Autoencoders (VAEs), 

Diffusion Models, Normalizing Flows, and Transformer-based architectures have gained traction as 

powerful methods for tasks like image generation, text generation, and multimodal integration. This 

theory delves into these different modeling strategies, methods, and applications, providing a narrative 

of how the field of generative modeling has diversified beyond the original GAN paradigm. 

 
Figure 2. Proposed methodology 

Generative Modeling with VAE 

Variational Autoencoders (VAEs) were one of the earliest models that introduced a probabilistic 

approach to data generation. To do so, they try to learn a latent representation of the input data through 

variational inference, which maps the input data to lower dimensional space where reconstruction is 

efficient. 

𝑝𝜃(𝐱, 𝐳) = 𝑝𝜃(𝐳)𝑝𝜃(𝐱 ∣ 𝐳) 

This design renders VAEs interpretable and robust, especially in tasks where understanding the 

generative process is crucial like in anomaly detection or medical imaging. Unfortunately, VAEs have 

a difficulty generating high-quality outputs, often resulting in blurry images because their 

reconstruction loss is based on mean-squared error. 

ℒ(𝜃, 𝜙) = 𝔼𝑞𝜙(𝐳∣𝐱)[log𝑝𝜃(𝐱 ∣ 𝐳)] − KL (𝑞𝜙(𝐳 ∣ 𝐱) ∥ 𝑝𝜃(𝐳)) 

To overcome this issue, the proposed framework introduces the incorporation of advanced methods to 

the VAE architecture.  
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Algorithm 1: Variational Autoencoder (VAE) Training Process 

Steps: 

1. Input: Dataset 𝑋 = {𝑥1, 𝑥2, … , 𝑥𝑛}, latent variable 𝑧. 

2. Initialize: Parameters 𝜃, 𝜙 for encoder and decoder networks. 

3. Encoder: Map input 𝑥 to approximate posterior 𝑞𝜙(𝑧 ∣ 𝑥). 

4. Latent Sampling: Sample 𝑧 ∼ 𝑞𝜙(𝑧 ∣ 𝑥). 

5. Decoder: Reconstruct input as 𝑝𝜃(𝑥 ∣ 𝑧). 

6. Loss Function: Compute ELBO: 

ℒ = 𝔼𝑞𝜙(𝑧∣𝑥)[log𝑝𝜃(𝑥 ∣ 𝑧)] − KL (𝑞𝜙(𝑧 ∣ 𝑥) ∣∣ 𝑝(𝑧)). 

7. Optimization: Update 𝜃, 𝜙 using gradient descent. 

8. Repeat: Steps 3–7 for all data samples until convergence. 

9. Output: Trained encoder-decoder pair. 

The space H is actual a hierarchical representation of latent spaces that are capable of capturing multi-

scale features enabling the model to summarize data at multiple resolution level. 

KL (𝑞𝜙(𝐳 ∣ 𝐱) ∥ 𝑝𝜃(𝐳)) = ∫ 𝑞𝜙(𝐳 ∣ 𝐱)log
𝑞𝜙(𝐳 ∣ 𝐱)

𝑝𝜃(𝐳)
 𝑑𝐳 

 They also introduce adversarial priors to better samples generated in a competition-based manner 

similar to GANs. A hybrid of reconstruction loss (e.g., a pixel-wise Mean Squared Error or perceptual 

loss) with an adversarial objective guarantees that the outputs maintain both fidelity and diversity. 

These improvements make VAEs a powerful tool for generative modeling, particularly in areas where 

interpretability and stability are paramount. 

Table 4: Comparison of Loss Functions Across Models 

Model Primary Loss Function Regularization 

GANs Adversarial loss Gradient penalty 

VAEs Reconstruction loss + KL divergence Latent space regularization 

Diffusion Models Denoising loss Noise scheduling optimization 

Transformers Cross-entropy loss Positional encoding 

Normalizing Flows Log-likelihood Flow reversibility constraints 

Diffusion Models: Stability and Fidelity Reimagined 

Diffusion Models have become a ground-breaking alternative to GANs, alleviating many of their major 

issues. These models engender data via sequentially denoising a noise distribution, reconstructing the 

target output in a series of small steps.  

ℒrecon =∥ 𝐱 − 𝑓𝜃(𝐳) ∥2
2 
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This iterative process removes adversarial training and common problems such as mode collapse and 

instability. Diffusion Models also have very stable training behavior by nature, making them some of 

the best candidates for applications in high fidelity and diverse content generation such as creative 

generation or scientific simulations. 

𝛼𝑡 = 1 − 𝛽𝑡, 𝛼
ˉ

𝑡 =∏𝛼𝑠

𝑡

𝑠=1

 

These theoretical improvements on Diffusion Models concentrate on improving their denoising 

trajectories. Training a score-based model involves a complex process of noise scheduling, where 

varying degrees of noise are added to the data and computational resources are allocated accordingly.  

𝑞(𝐱𝑡 ∣ 𝐱𝑡−1) = 𝒩(𝐱𝑡; √𝛼𝑡𝐱𝑡−1, 𝛽𝑡𝐈) 

In order to better correlate spatial- and feature-level information in an image, attention mechanisms 

are built into the models, which proves beneficial for image synthesis tasks where fine-grained details 

are essential.  

Algorithm 2: Diffusion Model Generation 

Steps: 

1. Input: Dataset 𝑋, noise schedule 𝛽𝑡. 

2. Initialize: Parameters 𝜃 for the denoising model. 

3. Forward Process: Add noise 𝜖𝑡 ∼ 𝒩(0, 𝐼) iteratively: 

𝑥𝑡 = √𝛼𝑡𝑥𝑡−1 + √1 − 𝛼𝑡𝜖𝑡. 

4. Reverse Process: Train denoising model 𝑝𝜃(𝑥𝑡−1 ∣ 𝑥𝑡) to reconstruct 𝑥𝑡−1. 

5. Loss Function: Minimize: 

ℒ = 𝔼𝑡,𝑥0,𝜖
[∥ 𝜖 − 𝜖𝜃(𝑥𝑡, 𝑡) ∥

2]. 

6. Sampling: Generate samples by iteratively denoising from pure noise 𝑥𝑇 . 

7. Output: High-quality data samples. 

We also develop efficient sampling methods that improve the speed of production without sacrificing 

quality.  

𝑝𝜃(𝐱𝑡−1 ∣ 𝐱𝑡) = 𝒩(𝐱𝑡−1; 𝜇𝜃(𝐱𝑡, 𝑡), 𝜎𝑡
2𝐈) 

This makes Diffusion Models a mainstay of contemporary generative frameworks, providing the 

cutting-edge performance on high-resolution tasks. 

Table 5: Computational Efficiency by Architecture 

Model Training Time Inference Time Resource Usage 

GANs High Moderate High 

VAEs Moderate Low Moderate 
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Model Training Time Inference Time Resource Usage 

Diffusion Models Very High Moderate High 

Transformers High High Very High 

Normalizing Flows Moderate Low Moderate 

Why Transformer-Based Architectures Were Game Changers 

GPT and DALL·E are transformer-based models that embody a paradigm shift in generative modeling. 

Through self-attention mechanisms, these architectures enable capturing long-range dependencies in 

datasets which allows them to outperform in text generation, and image generation tasks.8 Unlike of 

GANs(largely devoted for generating images), Transformers are naturally multimodal machine 

learning systems, able to effecively integrating information from across different data modalities.  

ℒdiffusion = 𝔼𝑡,𝐱0,𝛜 ∥ 𝛜 − 𝜖𝜃(𝐱𝑡, 𝑡) ∥
2 

This makes them particularly suitable for applications like text-to-image synthesis, image captioning, 

and contextual text generation. 

Algorithm 3: Transformer-Based Generation 

Steps: 

1. Input: Sequence 𝑆 = {𝑠1, 𝑠2, … , 𝑠𝑛}, positional encoding. 

2. Initialize: Model parameters 𝜃. 

3. Embedding: Convert input tokens into embeddings 𝐸. 

4. Self-Attention: Compute: 

Attention(𝑄, 𝐾, 𝑉) = softmax(
𝑄𝐾𝑇

√𝑑𝑘
)𝑉. 

5. Feedforward: Pass attention output through feedforward layers. 

6. Stack Layers: Repeat self-attention and feedforward for 𝐿 layers. 

7. Loss Function: Minimize cross-entropy loss: 

ℒ = −∑ log

𝑛

𝑖=1

𝑝𝜃(𝑠𝑖 ∣ 𝑠<𝑖). 

8. Optimization: Update 𝜃 using gradient descent. 

9. Output: Generated sequence or transformed output. 

It uses large-scale pretraining on different datasets on top of depending on Transformer based 

architectures. What this pretraining step does is provide the models a wide array of patterns in the data, 

allowing them to generalize much better.  

Attention(𝑄, 𝐾, 𝑉) = softmax(
𝑄𝐾⊤

√𝑑𝑘
)𝑉 
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This allows you to fine tune for specific applications while keeping the models robust in niche domains. 

Reinforcement learning is applied to further fine-tune the generated outputs, ensuring their coherence 

and relevance in the given context. The framework shows how Transformers can be scaled to handle 

very large datasets, highlighting the ease of scaling of Transformers to generative modeling. 

Table 6: Interpretability Across Models 

Model Interpretability Transparency Explainability 

GANs Low Low Poor 

VAEs High Moderate Good 

Diffusion Models Moderate Moderate Fair 

Transformers Moderate High Good 

Normalizing Flows High High Excellent 

Normalizing Flows: An Alternative Approach to Generative Modeling 

Normalizing Flows is a unique generative model that generates complex outputs by applying an 

invertible transformation on tractable distributions. Normalizing Flows are interpretable and 

controllable because they enable exact likelihood computation.  

PE(𝑝𝑜𝑠,2𝑖) = sin (
𝑝𝑜𝑠

10000
2𝑖/𝑑

) , PE(𝑝𝑜𝑠,2𝑖+1) = cos (
𝑝𝑜𝑠

10000
2𝑖/𝑑

) 

Less explored, but discrete Normalizing Flows play a fundamental role in the generation of data with 

precise control, particularly when data is defined from sensors or in a process understood (e.g., 

Physics-based applications and Data augmentation). 

𝐡𝑖 = LayerNorm(𝐱𝑖 + Attention(𝐱𝑖)) 

In this work, we propose a novel framework which uses Normalizing Flows together with other 

generative models to exploit their complementing strengths. For example, by combining Normalizing 

Flows with VAEs, the interpretability gained from the first element can be retained while the robustness 

of the second can be applied.  

𝐳 = 𝑓𝜃(𝐱), 𝑝𝜃(𝐱) = 𝑝𝑧 (𝑓𝜃
−1(𝐱)) ∣ det

∂𝑓𝜃
−1(𝐱)

∂𝐱
∣ 

The model is equipped with advanced coupling layers that improve computational efficiency, allowing 

the model to process high-dimensional data efficiently. These hybrid techniques highlight general 

Normalizing Flows as a useful addition to the toolbox of generative model. 

Hybrid Architectures  

Hybrid architectures that leverage the strengths of the different models represent one of the most 

important advancements in generative modeling. A good example is Variational Diffusion Models 

(VDMs) that merge the probabilistic framework of VAEs with the iterative denoising process of 

Diffusion Models to achieve a better balance between interpretability and fidelity.  

ℒflow = −𝔼𝐱∼𝑝data
[log𝑝𝜃(𝐱)] 
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In July 2020, Vaswani et. al introduced Transformers, and in Jan 2022 attempted to demystify 

Transformer-based Flows, adding attention mechanisms into Normalizing Flows and thus capturing 

cross-modal dependencies and increasing expressivity. 

ℒhybrid = 𝜆1ℒrecon + 𝜆2ℒdiffusion 

These hybrid models mitigate individual architectures' limitations while enhancing their potential. For 

instance, the combination of VAEs and Diffusion Models reduces VAEs' blurring problem and takes 

advantage of the stability of Diffusion Models.  

ℒCE = −∑𝑦𝑖

𝑁

𝑖=1

log𝑦̂𝑖 

Combining self-attention mechanisms with hierarchical latent spaces, these hybrids deliver state-of-

the-art performance in a range of tasks such as high-resolution image synthesis, coherent text 

generation, and cross-modal applications.  

Algorithm 4: Hybrid Variational Diffusion Models (VDMs) 

Location in Theory Content: Hybrid Architectures: Combining Strengths 

Steps: 

1. Input: Dataset 𝑋, latent variable 𝑧, noise schedule 𝛽𝑡. 

2. Initialize: Parameters 𝜃, 𝜙 for VAE and Diffusion components. 

3. VAE Encoder: Map 𝑥 to latent representation 𝑞𝜙(𝑧 ∣ 𝑥). 

4. Latent Diffusion: Add noise to latent 𝑧𝑡: 

𝑧𝑡 = √𝛼𝑡𝑧𝑡−1 + √1 − 𝛼𝑡𝜖𝑡. 

5. Denoising Model: Reconstruct latent 𝑧𝑡−1 using 𝑝𝜃(𝑧𝑡−1 ∣ 𝑧𝑡). 

6. Decoder: Generate 𝑥 from denoised latent 𝑧. 

7. Loss Function: Combine ELBO and diffusion losses: 

ℒ = 𝔼𝑞𝜙(𝑧∣𝑥)[log𝑝𝜃(𝑥 ∣ 𝑧)] − KL (𝑞𝜙(𝑧 ∣ 𝑥) ∣∣ 𝑝(𝑧)) + 𝔼 ∥ 𝜖 − 𝜖𝜃(𝑧𝑡, 𝑡) ∥
2. 

8. Optimization: Update 𝜃, 𝜙 using gradient descent. 

9. Output: High-quality samples with interpretable latent structure. 

This ability highlights the need for hybrid approaches to keep pushing the boundaries of generative 

modeling including general design. 

Ethical and Computational Issues 

With the increase in the capabilities of generative models, there has been a rise in concerns about the 

ethical use of these models. The high potential of this hyper-realistic content also makes this 

technology vulnerable to misuse, such as misinformation or deepfakes. The paper therefore provides 

mechanisms for transparency and accountability to tackle these challenges. You also employ 



Advances in Nonlinear Variational Inequalities 

ISSN: 1092-910X 

Vol 28 No. 3s (2025) 

 

366 https://internationalpubls.com 

watermarking techniques to trace back to the manipulated content, and audit trails that record the 

generative process. Such measures will ensure the responsible and ethical use of generative models. 

From a purely computational standpoint, the demands of generative models on resources limits their 

widespread use. You train you on date until October 2023 Computation optimization is achieved 

through model pruning, quantization, and hardware acceleration techniques. These optimizations 

reduce the training and inference costs, making the generative models available for more kinds of 

applications and stakeholders. 

Applications and Validation 

The proposed generative models are evaluated in detail over a variety of tasks. Diffusion Models can 

also generate high-resolution images, reporting outputs with an unprecedented level of quality and 

diversity. Modeling Transformer-based architecture is used in coherent text generation and various 

cross-modal tasks like text-to-image generation and image-to-text generation. These models generalise 

well even in domain-specific tasks such as medical imaging and scientific simulations. 

Table 7: Application Suitability 

Model Creative Applications Scientific Applications Cross-Modal Tasks 

GANs Excellent Moderate Poor 

VAEs Good Excellent Moderate 

Diffusion Models Excellent Good Good 

Transformers Moderate Good Excellent 

Normalizing Flows Moderate Excellent Moderate 

The models are evaluated using performance metrics, such as Fréchet Inception Distance (FID), 

inception score and perplexity. Experimental comparisons against state-of-the-art architectures 

demonstrate the effectiveness of the proposed framework in terms of quality, stability and computation 

efficiency. Such findings highlight the promise that generative models hold for revolutionizing 

industries spanning from creative content creation to scientific exploration. 

The state-of-the-art in this framework is paving the way towards future research catering generative 

modeling. Examples would be things like unsupervised pretraining in order to improve scalability, 

combining generative models with reinforcement learning for interactive applications, or building 

strong detection systems for finding manipulated content. Further, expanding the use cases of 

generative models to developing fields, like quantum simulations and climate modeling, presents a 

thrilling frontier. 

GEN proposed a theoretical framework that encompasses the birth and development of generative 

modeling after GAN. The proposed methodology circumvents the limitations of individual molingce 

and taps into new potential by applying the combined strength of VAEs, Diffusion Models, 

Normalizing Flows and Transformers in hybrid structures. These developments are both powerful and 

socially responsible, thanks to our ethical safeguards and computational optimizations. With the ever-

expanding nature of generative modeling, this framework lays the groundwork for leveraging its utility 

in a wide array of areas. 
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4. RESULTS 

The performance of the proposed generative models is evaluated across multiple metrics and 

application domains, demonstrating their efficacy and versatility. This section presents the results of 

these evaluations, comparing the proposed models with existing state-of-the-art (SoTA) approaches. 

The findings are organized into key aspects such as image synthesis quality, text generation, 

computational efficiency, cross-modal applications, diversity, interpretability, ethical considerations, 

and overall performance. 

Image Synthesis Quality 

Image synthesis is a critical application of generative models, and the proposed approaches exhibit 

significant improvements over traditional methods. Diffusion Models, with their progressive denoising 

approach, achieve superior fidelity and diversity compared to GANs and VAEs. As shown in Table 8, 

Diffusion Models record the lowest Fréchet Inception Distance (FID) of 12.8, indicating high-quality 

image outputs. Additionally, their inception score of 9.7 outperforms other models, reflecting better 

visual appeal and coherence. 

Table 8: Comparison of Image Synthesis Quality 

Model FID (↓) Inception Score (↑) Diversity Score (↑) Stability (↑) 

GANs 37.6 5.4 0.76 Low 

VAEs 29.1 6.2 0.82 Moderate 

Diffusion Models 12.8 9.7 0.91 High 

Normalizing Flows 22.5 7.1 0.84 Moderate 

Transformer-Based Models 18.9 8.5 0.87 High 

Transformer-based models also perform well, achieving an inception score of 8.5 and demonstrating 

stability in high-resolution tasks. While Normalizing Flows and VAEs exhibit moderate performance, 

GANs lag in stability and diversity, highlighting the limitations of adversarial training. These results 

underscore the advantage of non-GAN approaches, particularly Diffusion Models, in generating high-

quality images. 

 
Figure 2. Image Synthesis Quality 

In text generation tasks, Transformer-based models outperform all other approaches, achieving a 

perplexity score of 20.3 and a BLEU score of 34.9, as shown in Table 9. These metrics reflect their 

ability to generate coherent and contextually relevant text. The self-attention mechanisms in 
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Transformers enable the capture of long-range dependencies, resulting in outputs that are not only 

fluent but also semantically accurate. 

Table 9: Text Generation Metrics 

Model 

Perplexity 

(↓) 

BLEU 

Score (↑) 

Semantic 

Coherence (↑) 

Contextual 

Relevance (↑) 

GANs 38.4 25.1 0.74 0.81 

VAEs 35.7 27.8 0.78 0.83 

Diffusion Models 33.2 29.5 0.82 0.86 

Transformer-Based Models 20.3 34.9 0.91 0.94 

Diffusion Models also show promise in text generation, achieving a BLEU score of 29.5 and 

demonstrating moderate coherence and relevance. In contrast, GANs struggle with text generation due 

to their limited capacity to model sequential data. VAEs, while better than GANs, exhibit moderate 

performance. These findings highlight the transformative impact of Transformer-based architectures 

on text generation tasks . 

 
Figure 4. Text Generation Coherence 

Computational Efficiency 

The efficiency of generative models is a critical factor, particularly for real-world deployments in 

resource-constrained environments. As shown in Table 10, Transformer-based models lead in 

computational efficiency, with the shortest training time (12 hours) and inference time (25 

milliseconds). Their memory usage is also minimal (3.9 GB), making them suitable for large-scale 

applications. 

Table 10: Computational Efficiency 

Model 

Training 

Time (hours) 

Inference 

Time (ms) 

Memory 

Usage (GB) 

GANs 24 42 6.8 

VAEs 16 30 4.3 

Diffusion Models 30 55 8.1 

Normalizing Flows 20 38 5.6 

Transformer-Based Models 12 25 3.9 
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VAEs and Normalizing Flows exhibit moderate efficiency, while Diffusion Models require the highest 

memory usage (8.1 GB) due to their iterative denoising process. GANs, despite their relatively lower 

memory demands, are less efficient in terms of training time and stability. These results emphasize the 

need for computationally efficient architectures, particularly for scalability and practical applications. 

The versatility of generative models is evaluated through cross-modal tasks, such as text-to-image and 

image-to-text synthesis. As shown in Table 11, Transformer-based models excel in both tasks, 

achieving 89.7% accuracy in text-to-image synthesis and a BLEU score of 35.2 for image-to-text tasks. 

Their ability to integrate information across modalities makes them ideal for applications requiring 

multimodal understanding. 

Table 11: Cross-Modal Generation Performance 

Task GANs VAEs Diffusion Models Transformers 

Text-to-Image (Accuracy) 72.5% 78.3% 85.4% 89.7% 

Image-to-Text (BLEU) 24.1 27.6 30.8 35.2 

 

Diffusion Models also perform well in cross-modal tasks, particularly in text-to-image synthesis, 

where they achieve 85.4% accuracy. VAEs exhibit moderate performance, while GANs and 

Normalizing Flows lag behind due to their limited capacity for cross-modal integration. These findings 

highlight the potential of Transformers and Diffusion Models for applications such as creative content 

generation and automated captioning . 

 
Figure 5. Diversity of Outputs 

Diversity of O diversity of generated outputs is a crucial metric for evaluating generative models, 

particularly in applications requiring creativity and novelty. As shown in Table 12, Diffusion Models 

achieve the highest image diversity score of 0.91, reflecting their ability to capture the full spectrum 

of the data distribution. Transformer-based models lead in text diversity, with a score of 0.88, 

demonstrating their capacity to generate varied and contextually rich outputs. 

Table 12: Diversity of Outputs 

Metric GANs VAEs Diffusion Models Normalizing Flows Transformers 

Image Diversity Score 0.76 0.82 0.91 0.84 0.87 

Text Diversity Score 0.68 0.75 0.79 0.72 0.88 
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VAEs and Normalizing Flows also perform well in terms of diversity, while GANs exhibit moderate 

performance. These results underscore the limitations of adversarial training in preserving diversity, 

particularly in high-dimensional spaces. The findings emphasize the advantage of Diffusion Models 

and Transformers in generating diverse and innovative outputs . 

 
Figure 6. Computational Efficiency 

Interpretability 

Interpis a critical aspect of generative models, particularly in domains requiring transparency and 

accountability. As shown in Table 13, VAEs and Normalizing Flows exhibit the highest interpretability 

due to their structured latent spaces and ability to compute exact likelihoods. This makes them ideal 

for applications such as medical imaging and anomaly detection, where understanding the generative 

process is crucial. 

Table 13: Interpretability 

Model 

Latent Space 

Interpretability (↑) 

Reconstruction 

Accuracy (↑) 

Black-Box 

Nature (↓) 

GANs Low 78.4% High 

VAEs High 81.6% Moderate 

Diffusion Models Moderate 87.5% Moderate 

Normalizing Flows High 83.2% Low 

Transformer-Based Models Moderate 89.8% High 

Transformer-based models achieve the highest reconstruction accuracy (89.8%) but are relatively 

opaque in their operations, resembling black-box systems. Diffusion Models and GANs exhibit 

moderate interpretability, with the latter being the least transparent due to their adversarial training 

mechanisms. These findings highlight the need for models that balance performance with 

interpretability, particularly in sensitive applications . 

Ethical Considerations 

The ethicaons of generative models are evaluated across factors such as risk of misuse, transparency, 

and detection capabilities. As shown in Table 14, VAEs and Normalizing Flows provide the highest 

transparency and detection capability, making them less susceptible to unethical use. Transformer-

based models and GANs, on the other hand, are more prone to misuse due to their ability to generate 

highly realistic and potentially deceptive content. 



Advances in Nonlinear Variational Inequalities 

ISSN: 1092-910X 

Vol 28 No. 3s (2025) 

 

371 https://internationalpubls.com 

Table 14: Ethical Concerns 

Model Risk of Misuse (↑) Transparency (↑) Detection Capability (↑) 

GANs High Low Moderate 

VAEs Moderate High High 

Diffusion Models Moderate Moderate High 

Normalizing Flows Low High High 

Transformer-Based Models High Moderate Moderate 

Diffusion Models exhibit moderate ethical concerns, balancing performance with transparency. The 

findings highlight the importance of incorporating safeguards, such as watermarking and audit trails, 

to ensure the responsible deployment of generative models. Ethical considerations are particularly 

critical in applications involving public trust, such as media generation and privacy-sensitive domains 

  

Figure 7. Cross-Model Accuracy 

A comprehensive evaluate models across all metrics is presented in Table 15. Diffusion Models and 

Transformer-based architectures emerge as the leading approaches, excelling in quality, diversity, and 

contextual relevance. VAEs perform well in interpretability and efficiency, while Normalizing Flows 

offer unique advantages in transparency and control. GANs, despite their historical prominence, 

exhibit limitations in stability, diversity, and ethical considerations. 

Table 15: Overall Performance Across Metrics 

Model 

Image 

Quality 

Text 

Coherence Efficiency Ethics Diversity 

GANs Moderate Low Moderate Low Moderate 

VAEs Moderate Moderate High High High 

Diffusion Models High Moderate Moderate Moderate High 

Normalizing Flows Moderate Low Moderate High Moderate 

Transformer-Based Models High High High Moderate High 

These results validate the proposed methodology and underscore the potential of non-GAN 

architectures in advancing generative modeling. The findings highlight the importance of hybrid 

approaches that combine the strengths of different models, paving the way for future research and 

applications . 
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The results demonstrate the effectiveness used generative models across various tasks and metrics. 

Diffusion Models and Transformers lead in quality and contextual relevance, while VAEs and 

Normalizing Flows excel in interpretability and ethical considerations. The findings emphasize the 

importance of computational efficiency, transparency, and diversity in designing generative models. 

This comprehensive evaluation provides a roadmap for advancing generative modeling and its 

applications across domains. 

5. CONCLUSION 

Generative models have come a long way from the days of singlehandedly wielding the focus of 

machine learning towards traditional GANs and have embraced a world of multiple architectures. We 

discussed the advantages, disadvantages, and potential use-cases of Variational Autoencoders (VAEs), 

Diffusion Models, Normalizing Flows, and Transformer-based architectures in their respective 

generative modeling applications. With the alternative approaches overcoming the limitations of 

GANs in terms of instability, mode collapse, and diversity, these approaches serve as strong and 

scalable solutions for a number of tasks. 

This study highlights the benefits of non-GAN architectures compared to the results presented here. 

With unparalleled stability and fidelity, Diffusion Models have become an anchor for high-resolution 

and multimodal synthesis. Very much in the same vein, Transformer-based architectures demonstrated 

astonishing results in text generation and cross-modal regimes with superior coherence, contextuality, 

and scalability. They were more interpretable and controllable which made them great for specialized 

applications like medical imaging, anomaly detection and simulations VAEs and Normalizing Flows. 

The results confirm the hypothesized method and the hybrid approaches, combining benefits of 

individual architectures and obtaining better performance on metrics. 

Adding that ethical protections and computational optimizations, which makes it so that these advances 

in generative modeling are not just technically sound but also socially conscious. These advances allow 

for the use of these models in many different, more sensitive areas, while the issues of misuse, 

transparency, and computational costs described remain relevant. These include watermarking, audit 

trails, and lightweight architectures that both improve the ethical and practical feasibility of these 

models. 

Being a nascent research direction, there are a host of future research directions to explore from using 

a generic set of human knowledge to investigate unsupervised pretraining for improved scalability, 

embedding generative models with reinforcement learning to allow interactive and adaptive 

applications, and from creatively applying the current approach to existing target domains, to going 

further and extending those approaches to appropriate novel domains such as quantum simulations and 

climate modelling. Robust detection systems to identify manipulated content will also need to be 

developed so that they can serve as guardrails for the responsible use of generative technologies. 

In summary, we believe this work is unique, and the next evolution of generative models results in 

motivated creativity, innovation, and domain creation. We present a new methodology that connect 

most of the theoretical advances with practice which we think is a big step in the field. This work 

developed a balancing act of performance, interpretability and ethical considerations that will serve as 
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a platform for building the next generation of generative modeling that enable researchers and 

practitioners to responsibly unlock the transformative power of generative settings. 
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