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ABSTRACT: Generative Al has emerged as a transformative force in machine learning, enabling the creation of
content ranging from text and images to audio and video. This paper explores the foundational elements of building a
generative Al model from scratch, focusing on architectures such as Generative Adversarial Networks (GANs) and
Variational Autoencoders (VAEs). The research provides a hands-on guide, from data preparation to model training
and evaluation. The goal is to equip developers and researchers with the knowledge to create their first generative Al
model using open-source tools and datasets.
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I. INTRODUCTION

Generative Al refers to systems that can create new content, such as images, music, and text, by learning patterns from
existing data. Recent advancements have made these models more accessible to non-experts through libraries like
TensorFlow and PyTorch. The purpose of this paper is to provide a practical guide to building a basic generative
model, specifically using GANs, offering insights into architecture design, training process, and common challenges.

II. LITERATURE REVIEW

Author(s) Model Type Key Contribution
Goodfellow et al. (2014) GANs Introduced GANSs, a framework for adversarial training
Kingma & Welling (2013) VAE Proposed VAEs for probabilistic image generation
Brock et al. (2018) BigGAN Scaled GANs for high-resolution image synthesis
Ramesh et al. (2021) DALL-E Text-to-image generative model using transformers

The evolution of generative models has shifted from basic autoencoders to more complex architectures like GANs and
diffusion models. GANs operate via a generator-discriminator dynamic, while VAEs encode data into latent variables
to sample and generate new data. Transformer-based generative models have also shown significant potential in
multimodal content generation.

1. METHODOLOGY
3.1 Tools and Libraries
e  Programming Language: Python
e Frameworks: PyTorch, TensorFlow
e Dataset: MNIST (for handwritten digit generation)

3.2 Model Architecture (GAN)
e Generator: Fully connected layers followed by ReLU activations and a Tanh output
e Discriminator: Dense layers with LeakyReLU and Sigmoid for binary classification

3.3 Training Process

e Binary Cross-Entropy Loss used for both generator and discriminator.
e  Optimizer: Adam with learning rate = 0.0002
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e  Training Epochs: 50
e Batch Size: 64

IV. TABLE: GENERATOR VS DISCRIMINATOR STRUCTURE

Component Generator Discriminator
Input Noise vector (100-dim) Image (28x28 pixels)
Hidden Layers 3 Dense + ReLU 3 Dense + LeakyReLU
Output 28x28 Image (Tanh)  Binary (Real/Fake) - Sigmoid

Loss Function Binary Cross Entropy Binary Cross Entropy

Discriminator Structure in GANs

1. Input Layer

e The input layer of the discriminator receives data samples, which could be:

o Real data (from a dataset)

o Fake data (generated by the generator)

e For example, in an image-based GAN, this would be an image, which could be a real image from a dataset or a
generated image from the generator.

N

. Hidden Layers

e The hidden layers of the discriminator network are typically fully connected layers (for simpler architectures) or
convolutional layers (for image data, where CNNs are used).

e These layers learn to extract important features from the input data and gradually distill the characteristics that
define whether the input data is real or fake.

o Convolutional Neural Networks (CNNs): Commonly used in image-based GANs (e.g., DCGANSs, StyleGANS).

o Fully Connected Layers: Can be used in simpler networks or non-image-based tasks.

Key Points:
e Activation Functions: Nonlinear activations like ReLU or Leaky ReLLU are commonly used in hidden layers to
introduce nonlinearity and improve the model’s ability to learn complex patterns.

e Batch Normalization: Helps stabilize training by normalizing the outputs of each layer, ensuring smoother
optimization.

w

. Output Layer

e The output layer of the discriminator typically has a single neuron that outputs a probability value, usually
between 0 and 1.

o 0 indicates that the input is fake (generated).
1 indicates that the input is real (from the dataset).

e  The output layer typically uses the sigmoid activation function to squash the result into a probability.

4. Loss Function

e The loss function for the discriminator is typically binary cross-entropy, where:

o Ifthe input is real, the target is 1.

o Ifthe input is fake, the target is 0.

e The discriminator’s goal is to minimize this loss function, improving its ability to distinguish between real and

fake data.
Discriminator vs. Generator (Adversarial Training)

In GANSs, the discriminator and generator are trained in an adversarial manner:
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e Discriminator’s Role: Tries to correctly identify whether data is real or fake.
e Generator’s Role: Tries to generate fake data that the discriminator cannot distinguish from real data.

This creates a zero-sum game where the generator improves at generating more realistic data, and the discriminator
gets better at identifying fake data.

Example: Discriminator in a DCGAN (Deep Convolutional GAN)

In a DCGAN, which is a popular GAN architecture for image generation, the discriminator is typically built using
convolutional layers. Here's a simplified architecture:

Input: A 64x64x3 image (RGB) from the dataset or generated image.

Convolutional Layer 1: 64 filters, kernel size 4x4, stride 2, followed by Leaky ReLU activation.
Convolutional Layer 2: 128 filters, kernel size 4x4, stride 2, followed by Leaky ReLU.
Convolutional Layer 3: 256 filters, kernel size 4x4, stride 2, followed by Leaky ReLU.
Flattening: Flatten the output of the last convolutional layer into a 1D vector.

Fully Connected Layer: Dense layer that outputs a single scalar value.

Output Layer: Sigmoid activation that outputs a value between 0 and 1 (real/fake probability).

Ny wbhe=

Key Characteristics of a Good Discriminator

e Capacity to Generalize: The discriminator should be powerful enough to differentiate between real and fake
samples without overfitting.

e Balance in Training: If the discriminator becomes too powerful too early, the generator will struggle to improve,
as the feedback from the discriminator will be too easy to predict.

e  Optimization: The discriminator must train alongside the generator, meaning both networks are constantly trying
to outsmart each other.

Final Thoughts

The discriminator is an essential component of GANS, driving the adversarial process that leads to better generative
models. By challenging the generator to create more realistic data, the discriminator forces it to continuously improve.
The structure of the discriminator can vary depending on the type of data being processed (images, text, etc.), but the
core principles remain consistent—distinguishing between real and fake with increasing accuracy.

If you're looking to dive deeper into specific discriminator architectures or training techniques, feel free to ask!

V. FIGURE: GAN ARCHITECTURE OVERVIEW
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VI. CONCLUSION

This paper presented a beginner-friendly approach to building generative Al models using GANs. Through practical
implementation on the MNIST dataset, readers can grasp the essential concepts, architecture, and training
methodologies. Future work may explore text-to-image models, larger datasets, and integration with transformer-based
generative models.
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