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Which face is real?

A B C
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website ThisPersonDoesNotExist.com. In the image below you 

can see the several fake faces that are generated by the GANs.

This Person Does Not Exist
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Ian Goodfellow and co-authors  

(NeurIPS) conference 2014

Generative Adversarial Networks 
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• Generative AI is a type of artificial intelligence that 

uses neural networks to create text, images, and 

other content.

• Generative models are trained on large amounts of 

data, and they learn to identify patterns in the data.

• Once a generative model has been trained, it can 

be used to generate new data samples.

What is Generative AI?
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• Generative Adversarial Networks (GANs): Two neural networks, a 

generator and a discriminator, are trained in opposition. Applications: 

Image generation, style transfer, data augmentation.

• Variational Autoencoders (VAEs): Learn latent representations of data. 

Applications: Image generation, anomaly detection, data compression.

• Large Language Models (LLMs):Process and generate human-like

text. Applications: Writing, translation, coding assistants, chatbots.

• Diffusion Models: Gradually add noise to an image and then denoise it. 

Applications: Image generation, image editing, text-to-image generation.

Generative AI Models
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Goal: take as input training samples from some distribution and 

learn a model that represents the distribution.

Two operations:

Generative Modeling
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Generative Modeling- Debiasing
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Generative Modeling- Outlier detection



10

Catch Me If You Can

generator discriminator

Generative Adversarial Networks

Two agents play a minimax game
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• GANs are a framework where two neural networks, a 

generator and a discriminator, are trained adversarially. 

• The generator learns to create synthetic data that mimics the 

real data distribution, aiming to fool the discriminator. 

• Simultaneously, the discriminator learns to distinguish 

between real samples and the generator's fakes. 

• Through this competition, both networks improve until the 

generator produces highly realistic outputs.

Generative Adversarial Networks (GAN)
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Generative Adversarial Networks

Generator

Generates candidates/images (from a probability distribution). It’s objective is to 

‘fool’ the discriminator by producing novel synthesized instances that appear to 

come from the true data.

Discriminator

Evaluates the generated images to see if they come from the true data or not

Backpropagation applied to both networks:
•Generator to produce better images
•Discriminator to be more skilled at evaluating generated images
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Generative Adversarial Networks

Binary Classification task

Label=0

Label=1
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Generative Adversarial Networks
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Generator & Discriminator
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Generator & Discriminator
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Generator & Discriminator
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Probability distribution of real data
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GAN - Problem
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The discriminator aims to maximize its ability to distinguish 

real data from synthetic data produced by the generator, 

while the generator aims to minimize the discriminator's 

success by creating increasingly realistic samples (fooling 

the discriminator).

Minimax objective function
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GANs - Training Objective
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• Discriminator improves from (a) to (b)

• Generator improves from (b) to (c)

• Generator perfectly mimics the true data and the 

discriminator assigns probability1/2 everywhere in (d)

Distributions during training
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This game between generator and discriminator is the minimax game 

and can be described with the following equation.

Images from the data set are not labeled
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We sample a batch of 

random noise vectors and a 

batch of images from the 

data set. Then, we’re going 

to freeze the generator 

network and use the 

objective function in order 

to update the parameters of 

the discriminator to 

calculate the loss.

GAN Training Step 1: Train D (Fix G)

Backpropagation
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GAN Training Step 2: Train G (Fix D)

Generator learns to “fool” the Discriminator. Hence, it will 

try to do the opposite which is to minimize the objective 

function. log(D(G(z)))→min

Backpropagation
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GAN Optimization
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GAN Variants

Conditional GAN (cGAN) : In a conditional GAN (cGAN), both the 
generator and the discriminator are conditioned on some extra 
information, such as a class label or other external input.

Deep Convolutional GAN (DCGAN): To generate high-quality 

images. In this model, both the generator and discriminator are built 

using convolutional neural networks (CNNs).

StyleGAN is a sophisticated variant of GANs designed to generate 

ultra-realistic, high-resolution images with precise control over style and 

appearance. By separating high-level attributes (like pose) from low-

level details (like textures)

CycleGAN
CycleGAN offers a unique capability in the field of image-to-image 
translation without the need for paired training data.
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More GANs
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Applications of GANs

• Image Generation

• Image-to-Image Translation

• Super-Resolution Imaging

• Video Generation

• Text-to-Image Generation

• Music Compositio

• Text Generation

• Machine Translation

• Text-to-Speech Conversion

• …
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Image Inpainting 
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Mixing styles from two source images
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CycleGAN (Image-to-Image Translation)



CycleGAN (Image-to-Image Translation)
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https://github.com/junyanz/CycleGAN
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CycleGAN (Video-to-Video Translation)

https://github.com/junyanz/CycleGAN
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Style transfer
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Face Aging
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OpenAI-DALL E-2: Text-to-Image 

(Diffusion Model)
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https://openai.com/sora

Prompt: Several giant wooly mammoths approach 

treading through a snowy meadow, their long wooly fur 

lightly blows in the wind as they walk, snow covered trees 

and dramatic snow capped mountains in the distance, mid 

afternoon light with wispy clouds and a sun high in the 

distance creates a warm glow, the low camera view is 

stunning capturing the large furry mammal with beautiful 

photography, depth of field.

Sora (2024)

OpenAI-Sora: Text-to-Video 

Create real high quality videos 

from a text description

(Diffusion transformer model)



40

GAN for MNIST dataset
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- Total possible 28x28 grayscale images: 256^784 ≈ 10^1888 possibilities

- Actual MNIST digits: maybe 10^6 distinct styles

- The GAN learns this tiny subspace within the huge space

GAN for MNIST dataset
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GAN for MNIST dataset
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GAN for MNIST dataset
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Unlike typical models where loss should just decrease, here the 

losses reflect an ongoing adversarial game.

Pattern of losses
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Mode collapse occurs when a GAN's generator learns to 

produce only a limited subset of the real data distribution, 

instead of the full variety.

For MNIST with 10 digits (0-9), mode collapse 

means:

•Good training: Generator produces all 10 

digits

•Mode collapse: Generator produces only, say, 

digit "1" or "7"

Mode collapse = Generator produces limited variety

Mode Collapse
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Real-world analogy:

A student who discovers they can get an "A" by memorizing 

one perfect essay and submitting it for every assignment, 

rather than learning to write different essays. The teacher 

(discriminator) keeps giving good grades for that one essay, 

so the student has no incentive to learn anything else!

Mode Collapse
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WGAN (Wasserstein Generative Adversarial Network) is a stabilized 

variant of GANs that replaces the traditional Jensen-Shannon divergence 

loss with the Wasserstein distance (Earth Mover’s distance) to measure 

the dissimilarity between real and generated data distributions. 

WGAN
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Why GAN are hard to train ?

• Generator keeps generating similar images (so nothing to learn)

• Trade-off of generating more accurate vs high coverage 

samples

• The two learning tasks need to have balance to achieve stability

• If Discriminator is not sufficiently trained, it can worse generator

• If Discriminator is over-trained, will produce no gradients



Questions


