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Abstract

Generative models have significantly advanced the field of artificial intelligence by allowing machines
to produce complex and realistic outputs such as images, text, and other forms of data. Among the
leading frameworks in this domain are generative adversarial networks (GANs), variational
autoencoders (VAEs), and architectures based on Transformers. Each model offers specific benefits
and drawbacks concerning design structure, training demands, and range of applications. This paper
provides a detailed comparison of these generative techniques, with a focus on core aspects like
accuracy, computational cost, and usability in real-world scenarios. We delve into the foundational
concepts behind each model, evaluate their performance using widely accepted metrics, and analyze
their effectiveness across tasks such as image generation, language modeling, and anomaly
identification. The study outlines the trade-offs between flexibility, robustness, and scalability, aiming
to guide practitioners in choosing the best-suited model for particular use cases. Finally, the paper
discusses prospective research pathways to further enhance the power and versatility of generative
models.
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INTRODUCTION

A class of artificial intelligence (Al) models is designed to create new data that is based on the data
used for training that they have learned from, called generative models. Applications of these models
have spread widely in the fields of image generation, text synthesis, and data augmentation. Generative
models learn the underlying patterns from the data and generate new samples that resemble real-world
examples, whereas traditional machine learning models focus on classification and prediction.

Generative adversarial networks (GANs), variational autoencoders (VAEs), and transformer-based
models are the most prominent generative models. In GANSs, the generator and discriminator are two
neural networks. These two networks are trained in opposition, which results in the creation of realistic
data by the generator, and the discriminator

distinguishes real and generated samples. Data are
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convincing images but can suffer from instability during training. VAEs provide structured latent spaces
that help in the interpolation and manipulation of data, although they often generate blurrier samples.
Transformers have revolutionized Al applications, especially in natural language processing and image
generation, but they require large amounts of computational resources [2].

The main objective of this study is to compare different generative Al models, such as GANs, VAEs,
and Transformers, based on their performance, efficiency, and applications. By analyzing the strengths
and weaknesses, we aim to find the most compatible model for different generative tasks. In addition,
this paper highlights recent advancements in generative Al and discusses future research directions to
further improve these models [3].

BRIEF HISTORY OF GENERATIVE MODELS

The development of generative models in Al has progressed over several years with significant
advancements in probabilistic modeling, deep learning, and neural networks. Early generative models
were based on statistical methods, but the introduction of deep learning has revolutionized the field,
enabling models to generate highly realistic data [4].

Early Generative Models (Pre-2000s)

The foundations of generative models are Gaussian mixture models (GMMs) and hidden Markov
models (HMMs), which are probabilistic and statistical methods. The primary uses of these models
include speech recognition, natural language processing, and other structured data tasks. Another early
approach was the Boltzmann Machine, introduced in the 1980s, which laid the groundwork for energy-
based generative models [5].

Rise of Neural Network-Based Generative Models (2000s—2010s)

In the early 2000s, the development of more powerful generative models was possible only because
of the emergence of deep learning. Hinton et al. introduced the first deep learning-based generative
models, named restricted Boltzmann machines (RBMs) and deep belief networks (DBNs). These
models have limited scalability but assured improved feature learning [6].

The introduction of variational autoencoders (VAEs) in 2013 by Kingma and Welling [1] was a major
breakthrough. VAEs provide a probabilistic approach for learning latent representations to make them
useful for generating structured and interpolatable data. In 2014, around the same time, Ian Goodfellow
et al. [3] introduced GANs. GANSs revolutionize image generation with the help of adversarial training,
where a generator competes against a discriminator to generate highly realistic samples.

Transformers and the Modern Era of Generative Al (2017 to Present)

In 2017, Vaswani et al. [4] introduced transformer architecture, which resulted in another turning
point in generative Al. Models such as generative pre-trained transformer (GPT), BERT, DALL-E, and
Stable Diffusion, which were designed for natural language processing, Transformers demonstrated
their capability in text as well as image generation. Unlike VAEs and GANSs, Transformers rely on self-
attention mechanisms that allow them to capture long-range dependencies in data.

In today’s era, generative models are widely used in various applications such as creative Al, image
generation, text synthesis, and drug discovery. These fields continue to evolve, along with researchers
working on various aspects such as improving model efficiency, enhancing interpretability, and
reducing biases.

OVERVIEW OF PREVIOUS COMPARATIVE STUDIES

Several studies have been conducted to compare different generative models, with a focus on their
performance, architecture, and applications. GANSs, variational autoencoders (VAESs), and transformer-
based models have been analyzed by various researchers based on key factors such as computational
efficiency, image quality, training stability, and real-world usability [7].
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The first widely used deep generative models were GANs and VAEs; hence, comparative studies
have primarily focused on them. Sharper and more realistic images are produced by GANSs, but they
suffer from mode collapse and training instability. In contrast, VAEs provide structured latent
representations, making them useful for interpolation and feature learning, although the generated
samples are often blurred.

Transformers have demonstrated superior performance in text and image generation tasks, as inferred
in recent studies. Comparisons between GANs and Transformers suggest that GANs excel at generating
high-resolution images, whereas transformer-based models (such as DALL-E and Stable Diffusion) are
better suited for controllable and diverse content generation. To achieve optimal results, Transformers
require high computational power and large-scale datasets.

The introduction of hybrid approaches, combining elements of VAEs, GANs, and Transformers in
some studies, tends to overcome their individual limitations. For instance, VQ-VAE-2 integrates VAE-
based encoding with transformer-based sequence modeling, leading to an improved generation quality
while retaining a structured latent space.

Overall, previous research highlights the trade-offs between efficiency, quality, and computational
demands across these models. Although GANs remain dominant in high-quality image synthesis, VAEs
are preferred for structured generative tasks, and Transformers have redefined text and multimodal
generation. This study builds on these comparisons by providing a more detailed evaluation of their
strengths, weaknesses, and suitability for various applications.

OVERVIEW OF GENERATIVE MODELS

To generate new data similar to training data, a class of Al techniques called generative models was
designed. These models are useful for tasks such as text generation, image synthesis, and data
augmentation. These models also learn the underlying data distributions and create new samples. Well-

known generative models include GANSs, variational autoencoders (VAEs), and transformer-based
models [8].

Generative Adversarial Networks
Ian Goodfellow introduced GANSs in 2020 [3], which consist of two neural networks:
o  Generator: This helps in creating synthetic data samples.
e Discriminator: This helps in identifying whether the generated samples are real or fake.

Here, the generator produces realistic samples, and the discriminator distinguishes real data from the
generated ones. Hence, these two networks compete in adversarial processes. Over multiple iterations,
the generator learns to create highly realistic outputs [9].

Applications of GANs
e Image synthesis (e.g., generating photorealistic images).
o Style transfer (e.g., transforming images into artistic styles).
e Data augmentation (e.g., generating synthetic data for training models).

Variational Autoencoders
VAEs, introduced by Kingma and Welling in 2013 [1], are built on an encoder-decoder architecture:
e Encoder: The input data is compressed into a lower-dimensional latent space
e Decoder: Reconstructs data from this latent representation.

A key feature of VAEs is their probabilistic latent space representation, which allows for controlled
data generation and interpolation. However, VAE-generated images often appear blurrier than GANs
because of their design.
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Applications of VAEs
e Data compression (reducing the size of large datasets).
e Anomaly detection (identifying outliers in data).
e Medical imaging (generating synthetic medical scans for analysis).

Transformers (GPT, DALL-E, Stable Diffusion)

In 2017, Vaswani et al. [4] introduced Transformers, which are a class of models that are based on
the concept of a self-attention mechanism, allowing them to capture complex relationships between a
wide range of data points efficiently. Unlike GANs and VAEs, Transformers do not rely on adversarial
training or explicit latent spaces; instead, they use attention mechanisms to process large data sequences
[10].

Modern transformer-based generative models undergo large-scale pre-training on massive datasets,
enabling them to generate highly coherent text, images, and multimodal content. Notable examples
include the following.

o GPT models for text generation (e.g., chatbots, content creation).

o DALL-E and Stable Diffusion for Al-generated art and image synthesis.

Applications of Transformers
e Text generation (e.g., automated content writing, chatbots).
e Al art (e.g., generating creative images from text descriptions).
e Multimodal Al (e.g., models that generate both text and images).

Different applications are possible because each generative model has unique strengths. While GANs
excel at generating high-quality images, VAEs provide structured latent representations that are useful
for feature learning, and Transformers dominate large-scale text and multimodal generation.

COMPARISON CRITERIA

A comparison of GANSs, variational autoencoders (VAEs), and transformer-based models must be
based on several key factors. These include performance metrics, training complexity, computational
requirements, and real-world applications.

Performance Metrics

To assess the quality and accuracy of the generated samples, it is necessary to evaluate generative

models. The specific metrics are as follows:

o Frechet inception distance (FID score): The goal was to accurately measure the similarity
between the generated and real images. Lower FID scores indicated better quality. They are
primarily used for GANs and VAEs.

o Likelihood estimation: The data distribution is evaluated using this metric and is generally used
for VAEs. Better generalization is achieved when the likelihood is higher.

e Perplexity: Used for text-based models such as Transformers, measures how well a model
predicts a sequence. Lower perplexity indicates better fluency and coherence.

Training Complexity

Different generative models require varying levels of effort to train effectively:

e GANs: Owing to the adversarial process between the generator and discriminator, training is
challenging. However, this model has issues such as collapse and instability.

o VAEs: They are easier to train compared to GANs because they rely on probabilistic encoding,
but they may produce lower-quality samples.

o Transformers: Requires extensive pre-training on large datasets, making training time-
consuming and computationally expensive.
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Computational Requirements

The hardware and scalability of generative models impact their real-world usability:

e  GANs: Requires powerful graphics processing unit (GPUs) but can be optimized for specific
tasks such as image generation.

e VAEs: These models are less resource-intensive; hence, they are more accessible for tasks such
as anomaly detection and data compression.

e  Transformers: Demand large-scale hardware (Tensor processing units (TPUs), high-end GPUs)
and significant memory owing to self-attention mechanisms and large parameter sizes.

Use Cases and Industry Adoption

Various applications are possible by using different models:

e  GANs: Best for high-quality image synthesis, style transfer, and deepfake generation. Used in
entertainment, gaming, and content creation.

o VAEs: Ideal for data compression, anomaly detection, and medical imaging. Applied in
healthcare, cybersecurity, and scientific research.

o Transformers: Most effective for text generation, Al art, and multimodal applications. It has been
widely adopted in chatbots, creative Al, and natural language processing.

Different tasks are possible because each model has unique strengths and trade-offs. This comparison
is helpful in selecting the right model based on various parameters such as performance, complexity,
and industry needs.

STRENGTHS AND WEAKNESSES OF EACH MODEL
Each generative model, GANs, VAEs, and Transformers, has distinct advantages and limitations
based on performance, efficiency, and application suitability [11].

Generative Adversarial Networks
e Strengths: It is adaptable for generating high-quality, realistic images. It is widely used for image
synthesis, deep fake generation, and artistic style transfers.
o Weaknesses: Owing to adversarial learning, the risk of mode collapse (generator produces limited
variations), high computational demands, and training instability.

Variational Autoencoders
o Strengths: It provides structured latent spaces to make them useful for controlled data generation,
anomaly detection, and feature learning. It is easier to train than GANSs.
e Weaknesses: Often, blurry or less realistic images are produced because of the nature of
probabilistic modeling. However, this is not as effective for high-resolution image synthesis.

Transformers (GPT, DALL-E, Stable Diffusion)
o  Strengths: Excellent in handling sequential and multimodal data. State-of-the-art results have
been achieved in text generation, Al-driven art, and natural language processing.
o Weaknesses: Requires massive training data and computational resources. High memory
consumption and increased environmental costs are due to energy-intensive training.

FUTURE SCOPE IN GENERATIVE Al

The evolution of generative Al is rapidly happening with several key advancements shaping the future.

o  Hybrid models: Combining elements of GANs, VAEs, and Transformers to leverage their
strengths and overcome their limitations (e.g., VQ-VAE-2).

o More efficient training: Research into reducing computational costs through optimized
architecture, quantization, and knowledge distillation.

e FEthical and bias reduction: Addressing challenges related to biased data generation and
misinformation by improving model transparency and fairness.

o [nteractive and personalized AI: Models capable of generating personalized content tailored to
individual user preferences.
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Suggested Improvements and Future Research Directions

o Improving training stability: Techniques such as adversarial training improvements (e.g.,
Wasserstein GANs) and enhanced regularization methods can help stabilize the GANS.

e FEnhancing sample quality: VAEs can benefit from improved latent space representations to
produce sharper and more realistic output.

e  Reducing computational costs: Exploring lightweight architectures and more efficient self-
attention mechanisms in Transformers to make them accessible for broader applications.

o FEthical considerations: Developing robust methods to detect and prevent the misuse of
generative Al particularly in deepfakes and misinformation.

As generative Al continues to advance, future research should focus on making models more
efficient, accessible, and ethically responsible, thereby ensuring broader adoption in various industries.

CONCLUSION

This study compared GANs, VAEs, and transformer-based models based on their performance,
training complexity, computational requirements, and real-world applications. GANs excel in high-
quality image generation; VAEs are useful for structured latent representation, and Transformers
dominate text and multimodal generation. However, each model presents trade-offs in terms of stability,
scalability, and efficiency.
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