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Some slides from Frank Noe, Simon Prince and Pascal Poupart



Outline

qGenerative model
qVariational autoencoder

qAutoencoder
qVariational autoencoder

qGenerative Adversarial Network
qDiffusion Model



Generative model



So far…

qDiscriminative model P(y|x)
qGiven input data x, predict y
qE.g., classification, regression

qGenerative model
qModel data distribution P(x)
qSample from P(x) to generate new data



Generative model





Types of generative neural networks

qBoltzmann machines
qSigmoid belief networks
qVariational autoencoders (inference net + generator net)
qGenerative adversarial networks (generator net + 

discrimator net)
qNormalizing flows
qDiffusion Models
q…



Variational Autoencoder



Autoencoder

qSpecial type of feed forward network for
qCompression
qDenoising
qSparse representation
qData generation



Autoencoder

qEncoder: f( )
qDecoder: g( )
qAutoencoder: g(f(x)) = x

Latent variable encodes “essential” information about input data



Linear autoencoder

qObjective: find weights Wf and Wg that minimize 
reconstruction error

qWhen using Euclidean norm (i.e., squared loss), solution is 
the same as principal component analysis (PCA)



Recap: principle component analysis

qComponents with maximum variance



Non-linear autoencoder

qf( ) and g( ) are both non-linear functions



Sparse representation

qWhen more hidden nodes than inputs, use regularization to 
constrain autoencoder

qExample: force hidden nodes to be sparse

qAporoximate objective: L1 regularization



Denoising autoencoder

qConsider noisy version x of the input x



Variational/Probabilistic autoencoder

qInstead of a single value for each attribute, represent each 
attribute as a range of values

qVAE: Describe latent attribute in probabilistic terms



Variational/Probabilistic autoencoder



Variational/Probabilistic autoencoder

qLet f() and g() represent conditional distributions
qf: Pr(h|x; wf)
qg: Pr(x|h; wg)

qThe decoder g() can be treated as a generative model
qFirst sample h from Pr(h)
qThen sample x from Pr(x|h; wg)



Variational autoencoder

qIdea: train encoder Pr(h|x; wf) to approach a simple and 
fixed distribution, e.g., N(h; 0, I)



Variational Autoencoder Likelihood

qHow to compute Pr(xn; Wf, Wg)?

qObtain mean and variance of Pr(h) by neural network



Reparameterization trick



VAE implementation



MNIST VAE



Examples from VAE



Generative Adversarial Network



Latent variable models

Latent variable models map a random “latent” variable to create a new data 
sample
In GANs, this is called the generator:

<latexit sha1_base64="60paTCS9RUe2qBPMMSA9IgwkLUg="></latexit>

x⇤ = g[zi,✓]



Generative adversarial models

• GAN loss function
• DCGAN results and problems
• Tricks for improving performance
• Conditional GANs
• Image translation models
• StyleGAN



GAN example 

<latexit sha1_base64="k1AyaOJtEUWbdMJnVPdiOSDDFhY="></latexit>

x⇤
j = g[zj , ✓] = zj + ✓

Slide credit: Simon Prince



GAN example 

<latexit sha1_base64="k1AyaOJtEUWbdMJnVPdiOSDDFhY="></latexit>

x⇤
j = g[zj , ✓] = zj + ✓

<latexit sha1_base64="ZyGyGVmwwJyNoaezx5HwDyrJnSU="></latexit>

f [•,�]
Discriminator
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GAN example 
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GAN

Slide credit: Simon Prince



GAN cost function
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Discriminator uses standard cross entropy loss:

Discriminator:  generated samples, y = 0,   real examples, y = 1:

Generator loss:  make generated samples more likely under discriminator (i.e. make discriminator loss larger)
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GAN Cost function
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Can divide into two parts:
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GAN loss function
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GAN loss function
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GAN loss function
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Generative adversarial models

• GAN loss function
• DCGAN results and problems
• Tricks for improving performance
• Conditional GANs
• Image translation models

Slide credit: Simon Prince



Deep Convolutional (DC) GAN

...

Slide credit: Simon Prince



DC GAN Results

Slide credit: Simon Prince



Mode collapse

Training GANs is difficult.  Often fails.

Slide credit: Simon Prince



GAN training instability

Slide credit: Simon Prince



GAN training instability

Fix generator and continue training discriminator, then generator gradients disappear.

Slide credit: Simon Prince



Generative adversarial models

• GAN loss function
• DCGAN results and problems
• Tricks for improving performance
• Conditional GANs
• Image translation models

Slide credit: Simon Prince



Trick 1:  Progressive growing

Slide credit: Simon Prince



Trick 2:  Truncation

Only choose random values of latent variables that are less than a threshold 𝜏.

Slide credit: Simon Prince



Example results

Slide credit: Simon Prince



Interpolation

Slide credit: Simon Prince



Generative adversarial models

• GAN loss function
• DCGAN results and problems
• Tricks for improving performance
• Conditional GANs
• Image translation models

Slide credit: Simon Prince



Conditional GAN models

Slide credit: Simon Prince



ACGAN results

Slide credit: Simon Prince



Generative adversarial models

• GAN loss function
• DCGAN results and problems
• Tricks for improving performance
• Conditional GANs
• Image translation models

Slide credit: Simon Prince



Image translation: Pix2Pix

Slide credit: Simon Prince



Image translation: Pix2Pix
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Image translation: SRGAN

Slide credit: Simon Prince



Image translation: SRGAN

Slide credit: Simon Prince



Image translation: CycleGAN

Slide credit: Simon Prince



Image translation: CycleGAN

Slide credit: Simon Prince



Diffusion Model



Video Generation – OpenAI Sora



Denoising Diffusion models

qForward process/diffusion gradually adds noise to data
qBackward process generates data by denoising



Forward process/diffusion



Forward process



What happens to data distribution in forward process?

Diffused Data Distributions
Data Noise



Diffusion kernel

qCan we directly compute zt without computing previous z?

qMarginal distribution

qQuiz: What is the distribution of zT ?



Generative learning by denoising

x

q(z1) q(z2) q(z3)

Diffused Data Distributions

…q(z0)

q(z0|z1)

q(zT)

q(zT-1|zT)q(z1|z2) q(z2|z3) q(z3|z4)



Conditional distribution in reverse process

qTo reverse the process, we apply Bayes’ rule

qThis is intractable since we cannot compute marginal q(zt)
qKEY assumption: Approximate conditional distribution using 

a Gaussian distribution

qNote: closed form Gaussian if conditioned on X



Decoder model (reverse process)

qLet a neural network predict mean of Gaussian

qWhat about variance of Gaussian? – Fixed schedule



Training

qTo train the model, we maximize the log-likelihood of the 
training data {xi} with respect to the parameters



Evidence lower bound (ELBO)



Analyzing ELBO



Diffusion Loss Function



Reparameterization of target

qTarget (mean) can be reparameterized using noise

qReparameterization of network

qSimple loss function for diffusion model:



Diffusion Model Training



Diffusion Model Inference



Implementation

qU-Net based denoising network
qNoisy image as input
qNoise as output



Latent diffusion model

qReduce dimensionality of image by VAE
qDiffusion process in latent space of VAE
qConditional generation using text, image, semantic map etc.



Parameter-efficient Conditonal Generation

qControlNet: Controlling diffusion model with various control

qKey idea: Zero convolution



How Sora works?

qLatent diffusion model + U-ViT

Turning video into patches and compressed

Diffusion model for video


