
Generative model



Generative model

Explicit: distribution assumption (VAE)
Implicit: no distribution assumption (GAN)



Generative model



Autoencoder

-Input  encoder (learning grammar) 
 latent space (contains essential information of input data)
Decoder (learning translation)  reconstruct the original data
Compare between input and output  loss function



Autoencoder 



Autoencoder 



Autoencoder

-Classifier or regression model from “trained” encoder



Autoencoder 

-Overfitting problem



Variational autoencoder (VAE)

-After encoding  sampling from a certain distribution in the latent space 
 Decoder  reconstruct the data



Variational autoencoder (VAE)

-Bayes’ theorem



Variational autoencoder (VAE)

- MLE (Maximum likelihood estimation) 
 find a variable that makes the likelihood maximum
 Most likely to happen!



Variational autoencoder (VAE)



Variational autoencoder (VAE)

-P(z): Gaussian distribution
-P(x|z): don’t know the distribution  sampling from Z  decoder network



Variational autoencoder (VAE)

-Encoder network: approximate Z from x (Mean and Cov)
-Sampling from Gaussian distribution (z)
-Decoder network: using sampled data (this is an input now) 
approximate x’ (Mean and Cov)



Monte Carlo simulation

-Impossible to integrate from the distribution (z)  Monte Carlo simulation 
for the sampling



Variational autoencoder (VAE)

-MLE (Maximum likelihood estimation)  find theta  maximize log P
(P: real, Q: approximated)



Variational autoencoder (VAE)

-Reconstruction error: compare between predicted x’ and real x
-x generated from z



Variational autoencoder (VAE)

-D(KL): KL-divergence: measure the difference between two PDF
-Distribution from encoder: q(z|x) vs noise sampling from Gaussian: z p(z)



Variational autoencoder (VAE)



Variational autoencoder (VAE)



Variational autoencoder (VAE)



Variational autoencoder (VAE)



Variational autoencoder (VAE)



Variational autoencoder (VAE)

-Latent space contains essential features of input data
-Each dimension  diagonal to each other (latent variables)



Variational autoencoder (VAE)

-Fast
-But, z does not always follow the gaussian distribution
 x’ is blurry



Generative Adversarial Network (GAN)
Implicit approach: do not assume a certain distribution
Just random sampling from gaussian distribution



Generative Adversarial Network (GAN)

Generator: trying to make a fake (simulated) data
Discriminator: trying to distinguish between fake and real data
 Their ability will be converged (50:50)



Generative Adversarial Network (GAN)



Generative Adversarial Network (GAN)



Generative Adversarial Network (GAN)

epoch
K sampling

P(z): random sampling from gaussian

Read data sampling

Train Discriminator first

train generator next



Generative Adversarial Network (GAN)

Loss function: BCR
Binary cross entropy (only read or fake)



Generative Adversarial Network (GAN)



Deep Convolutional Generative Adversarial Networks (DCGAN)



DCGAN



DCGAN



DCGAN



Conditional GAN

-Given condition (c)  GAN
 GAN for each condition



Conditional GAN

-y: condition vector
Concatenate with z (latent space)
Concatenate with discriminator 

input (x)
D(x|y) will be generated for each 

condition (y)



Conditional GAN

y: condition vector



Cycle GAN

-Style transfer (ex: zebra  horse)



Cycle GAN

*Loss function
-G:x y

*-F:y x



Cycle GAN



Cycle GAN



Cycle GAN



Cycle GAN (generate different style)



Cycle GAN (limitation)

-cannot change the “original” shape (or data structure)
-look at the zebra




