
 

IJCTEC© 2019                                                           |     An ISO 9001:2008 Certified Journal   |                                                501 

Building Better Generative Models: 
Overcoming Challenges in AI Creation 

 

Rajiv Harish Patel Solanki 
Department of Computer Application and Science, Swami Vivekananda Institute of Modern Science, 

Kolkata, Under MAKAUT & AICTE, West Bengal, India 

 

ABSTRACT: Generative models have revolutionized various domains, from image and text generation to drug 
discovery and data augmentation. These models, including Generative Adversarial Networks (GANs), Variational 
Autoencoders (VAEs), and Transformer-based models, have shown impressive performance across a wide range of 
applications. However, despite their successes, the field of generative modeling still faces significant challenges. Issues 
such as instability during training, mode collapse, lack of diversity in generated outputs, and difficulties in evaluating 
the quality of generated data remain persistent. This paper aims to explore the state-of-the-art generative models, 
identify the primary challenges hindering their development, and propose strategies for overcoming these obstacles. We 
will also investigate the importance of data quality and ethical considerations in the creation of generative AI models. 
By delving into the technical intricacies of generative model architectures, loss functions, and optimization techniques, 
the paper seeks to provide a comprehensive understanding of the current landscape and future directions. A detailed 
methodology section will highlight best practices in training, model selection, and evaluation, offering insights to both 
researchers and practitioners working with generative models. 
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I. INTRODUCTION 

 

Generative models have become a cornerstone in artificial intelligence, offering the ability to generate realistic, diverse 
outputs across various domains. These models, capable of learning complex data distributions, have revolutionized 
fields like computer vision, natural language processing, and healthcare. The most prominent generative models include 
Generative Adversarial Networks (GANs), Variational Autoencoders (VAEs), and, more recently, transformer-based 
models such as GPT and DALL·E. These models have been used for a myriad of applications, from creating realistic 
images and text to advancing scientific research and enhancing creative processes. 
 

However, while the potential of generative models is vast, significant challenges remain. One of the most notable issues 
is the instability in training these models, especially with GANs, which often suffer from mode collapse and difficulties 
in convergence. Furthermore, there is a growing concern regarding the ethical implications of generative models, 
particularly in creating misleading content or deepfakes. Evaluating the quality of generative outputs also remains a 
challenge, as subjective assessments often fail to capture nuanced differences. 
 

This paper seeks to address these challenges by reviewing the current advancements in generative models, analyzing 
the core issues, and proposing solutions to enhance their stability, diversity, and ethical usage. By understanding the 
limitations and opportunities in this space, we can build more robust, trustworthy generative models that can be 
deployed in a wide range of real-world applications. 

 

II. LITERATURE REVIEW 

 

Generative modeling has seen significant growth over the past decade, spurred by the development of GANs by Ian 
Goodfellow in 2014, which introduced a novel approach to learning generative data distributions. Since then, GANs 
have demonstrated their ability to produce photorealistic images, but they have faced challenges such as instability and 
mode collapse. Researchers have proposed various modifications to the original GAN architecture, such as Wasserstein 
GANs (WGANs) and Progressive GANs, to mitigate these issues, achieving better convergence and diversity in 
generated samples. 
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VAEs, another popular class of generative models, offer a probabilistic approach by learning the latent variable space. 
VAEs excel in tasks like image generation and anomaly detection but often produce blurry outputs compared to GANs. 
Hybrid models, combining VAEs and GANs, have been proposed to leverage the advantages of both, improving the 
quality and diversity of generated data. 
 

Transformer-based models, particularly the GPT series, have revolutionized text generation, and models like DALL·E 
have brought generative capabilities to the visual domain. These models rely on self-attention mechanisms and massive 
datasets to generate highly coherent text and images. However, their dependence on vast amounts of labeled data and 
computational resources presents challenges for scalability and generalization. 
 

Despite the progress, key challenges remain in training these models, including the optimization of loss functions, 
handling high-dimensional data, and developing effective evaluation metrics. Ethical concerns related to deepfakes, 
misinformation, and bias in generated data also continue to be significant topics of research. 

 

III. METHODOLOGY 

 

1. Model Selection and Architecture: 
To build better generative models, it is essential to carefully choose the model architecture. In this paper, we will 
discuss the core architectures—GANs, VAEs, and transformer-based models—and the specific challenges associated 
with each. 

• Generative Adversarial Networks (GANs): GANs involve a two-player game between the generator and the 
discriminator. The generator creates fake data, and the discriminator attempts to distinguish between real and 
fake samples. We will delve into different variants of GANs, including Wasserstein GANs, DCGANs, and 
CycleGANs, each designed to address specific issues like training instability and mode collapse. 

• Variational Autoencoders (VAEs): VAEs learn a probabilistic mapping between the data and a lower-

dimensional latent space. The VAE framework will be analyzed, focusing on its advantages in tasks such as 
unsupervised learning, but also its tendency to generate blurry outputs. Hybrid models combining GANs and 
VAEs, such as VAE-GANs, will also be discussed. 

• Transformer Models: Transformer-based models like GPT, BERT, and DALL·E have transformed the 
landscape of generative AI. Their attention-based architecture allows for generating coherent and contextually 
relevant data. The paper will explore the mechanisms behind transformers, including self-attention, positional 
encoding, and the challenges of scaling models for high-quality generation. 

 

2. Loss Functions and Optimization: 
A critical aspect of generative model training is the selection of loss functions. For GANs, the loss function defines how 
well the generator is fooling the discriminator, and for VAEs, it combines the reconstruction loss and a regularization 
term. We will explore various loss function formulations, such as the Wasserstein loss in WGANs and the KL 
divergence in VAEs, and how they affect the stability and quality of training. 
Additionally, optimization techniques, such as gradient descent, Adam, and RMSProp, will be reviewed. Advanced 
strategies like curriculum learning, which gradually increases the difficulty of the training samples, will also be 
examined to improve model convergence. 
 

3. Training Techniques and Best Practices: 
Training generative models is notoriously difficult due to issues like mode collapse, where the generator produces a 
limited variety of outputs. We will explore techniques to mitigate these problems, such as data augmentation, feature 
matching, and regularization techniques. 

• Data Augmentation: This involves expanding the training dataset by creating variations of existing data. This 
can help reduce overfitting and improve the model's ability to generalize across diverse data distributions. 

• Feature Matching: This technique involves matching the feature statistics between the generated samples and 
the real data, which helps stabilize GAN training. 

• Regularization: Methods like dropout, weight decay, and spectral normalization are crucial to prevent 
overfitting and maintain stable training in deep generative models. 

 

4. Evaluation Metrics: 
Evaluating the performance of generative models is difficult because traditional metrics like accuracy do not apply. In 
this section, we will review various quantitative and qualitative evaluation metrics. 

• Fréchet Inception Distance (FID): FID measures the similarity between the distribution of generated samples 
and real data. It has become a standard evaluation metric for GANs. 
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• Inception Score (IS): This metric evaluates the diversity and quality of generated images based on a pre-

trained classification model. 
• Human Evaluation: Given the subjective nature of generative outputs, human evaluation is often used to 

assess the quality of generated data. 
 

5. Ethical Considerations: 
Generative models pose unique ethical challenges, particularly in areas such as misinformation, deepfakes, and bias in 
AI-generated content. This section will explore the ethical implications and propose strategies to ensure that generative 
models are used responsibly. 
 

6. Case Studies: 
Real-world examples of generative model applications will be discussed, such as the use of GANs in creating realistic 
faces, VAEs in medical image generation, and transformer models in text generation. These case studies will highlight 
the strengths and limitations of generative models in various industries. 
 

7. Future Directions: 
The paper will conclude by outlining emerging trends in generative modeling, such as the integration of reinforcement 
learning with generative models, advancements in unsupervised learning, and the potential for improved evaluation 
metrics. 
 

Table 

 

Model Type Advantages Challenges Applications 

GANs 
High-quality, photorealistic 
generation 

Mode collapse, training instability 
Image generation, deepfake 
detection 

VAEs 
Probabilistic, good for 
anomaly detection 

Blurry output, difficult to optimize 
Anomaly detection, image 
compression 

Transformer 
Models 

Coherent text and image 
generation 

Computationally expensive, large data 
requirements 

Text generation, content 
creation 

 

 

 

 

CHALLENGES OF AI 
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OVERCOME CHALLENGES IN AI 

 

IV. CONCLUSION 

 

Building better generative models requires overcoming several inherent challenges, including training instability, mode 
collapse, and ethical concerns. By carefully selecting model architectures, optimizing loss functions, and adopting 
advanced training techniques, we can improve the performance and diversity of generative models. Additionally, as the 
field evolves, it is crucial to develop better evaluation metrics to assess the quality of generated data more effectively. 
While generative models have already demonstrated immense potential in applications like content creation, healthcare, 
and data augmentation, their ethical implications cannot be overlooked. As AI becomes more pervasive, ensuring that 
generative models are used responsibly is essential to preventing misuse, such as the creation of deepfakes or biased 
content. 
 

Looking forward, hybrid models that combine the strengths of various architectures (e.g., GANs, VAEs, and 
transformers) offer an exciting avenue for improving generative model performance. Furthermore, the integration of 
reinforcement learning, unsupervised learning, and more efficient computational methods will drive the next wave of 
advancements. With continued research and thoughtful development, generative models can evolve into powerful, 
versatile tools that have a positive impact across industries and society. 
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