
Deep Generative Models



Supervised vs unsupervised learning
Supervised Learning Unsupervised Learning

Data: (", $)
" is data, $ islabel

Goal: Learn function to map
" → $

Examples: Classification,  
regression, object detection,  
semantic segmentation, etc.

Data: "
" is data, no labels!

Goal: Learn some hiddenor
underlying structure of the data

Examples: Clustering, feature or  
dimensionality reduction, etc.
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Generative modeling
Goal: Take as input training samples from some distribution  

and learn a model that represents that distribution
Density Estimation Sample Generation

Input samples

Training data ~ "#$%$ &

Generated samples  

Generated ~ "'(#)*

&
How can  we learn "'(#)* & similar to "#$%$ &?
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Latent variable models

Autoencoders and Variational  
Autoencoders (VAEs)

Generative Adversarial  
Networks (GANs)
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What is a latent variable?

Myth of the Cave

introtodeeplearning.com
Plato, Republic.

Can we learn the true explanatory factors, e.g. latent variables, from only observed data?



Autoencoders



6.S191 Introduction to Deep Learning
introtodeeplearning.com

1/29/19



Autoencoders:background
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Dimensionality of latent space →
reconstruction quality

Autoencoding is a form of compression!
Smaller latent space will force a larger training bottleneck

2D latent space 5D latent space GroundTruth
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An example: simple autoencoder

Encoder Decoder

Image size
28 x 28 à 784

Fully connected 
Layer + Leaky ReLU
784 à 32

Fully connected 
Layer + Sigmoid 
ReLU
32 à 784

Reshape
784   à 28 x 28

Original

Reconstructed



An example: Convolutional autoencoder

Encoder Decoder

One or more 
convolutional 
layers

One or more de-
convolutional 
layers

Original

Reconstructed



De-convolution

- When managing image data, encoder and decoder are made of, 
respectively, convolutional and de-convolutional layers

- De-convolution (often referred to as transposed convolution because, 
mathematically, deconvolution is in fact a different operation) allows to go 
from a lower resolution image to a higher resolution image



Regular convolution (in the encoder)

From https://github.com/rasbt/stat479-deep-learning-ss19/blob/master/L15_autoencoder/L15_autoencoder_slides.pdf and Dumoulin, Vincent, 
and Francesco Visin. A guide to convolution arithmetic for deep learning. arXiv preprint (2016)

https://github.com/rasbt/stat479-deep-learning-ss19/blob/master/L15_autoencoder/L15_autoencoder_slides.pdf


De-convolution (in the decoder)

From https://github.com/rasbt/stat479-deep-learning-ss19/blob/master/L15_autoencoder/L15_autoencoder_slides.pdf and Dumoulin, Vincent, 
and Francesco Visin. A guide to convolution arithmetic for deep learning. arXiv preprint (2016)

https://github.com/rasbt/stat479-deep-learning-ss19/blob/master/L15_autoencoder/L15_autoencoder_slides.pdf


Autoencoders for representation learning
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Bottleneck hidden layer: forces network to learn a compressed  
latent representation

Reconstruction loss: forces the latent representation to capture  
(or encode) as much “information” about the data as possible

Autoencoding = Automatically encoding data



Variational Autoencoders (VAEs)
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VAEs: Latent perturbation
Slowly increase or decrease asingle latent variable

Keep all other variables fixed

Head pose

Different dimensions of z encodes different interpretable latent features
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VAEs: Latent perturbation
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Generative Adversarial Networks (GANs)
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Intuition behind GANs
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Intuition behind GANs
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Another example



Training GANs
Given the Generator:

! ", Θ% , !: " → (, 

Its goal is:
)*( + !(")

Given the Discriminator

+ (,Θ. , +: ( → (0,1)

Its goal is: 
)*( + ( ,min+(! " )

After training: 
• G produces realistic synthetic data
• D is unable to distinguish real from fake



Training GANs
G⇤ = argmin

G
max
D

v(G,D)
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rWD

1

n

nX

i=1

[log(D(xi)) + log(1�D(G(zi)))]
<latexit sha1_base64="dvODcT6CzMEtS/HXLGWjnP9hHhU="></latexit><latexit sha1_base64="dvODcT6CzMEtS/HXLGWjnP9hHhU="></latexit><latexit sha1_base64="dvODcT6CzMEtS/HXLGWjnP9hHhU="></latexit><latexit sha1_base64="dvODcT6CzMEtS/HXLGWjnP9hHhU="></latexit>

Input samples Input random noise samples 

This predicts well 
on real images 

This predicts well 
on fake images 

rWG

1

n

nX

i=1

log (1�D(G(zi)))
<latexit sha1_base64="wbwsE/31+yNrMZkbbSeCdIvmjIs="></latexit><latexit sha1_base64="wbwsE/31+yNrMZkbbSeCdIvmjIs="></latexit><latexit sha1_base64="wbwsE/31+yNrMZkbbSeCdIvmjIs="></latexit><latexit sha1_base64="wbwsE/31+yNrMZkbbSeCdIvmjIs="></latexit> This predicts badly on 

fake images 



- The optimization drives the discriminator to learn to correctly classify samples as real 
or fake. Simultaneously, the generator attempts to fool the classifier 

- At convergence, the generator’s samples are indistinguishable from real data, and 
the discriminator outputs 0.5 everywhere

G⇤ = argmin
G

max
D

v(G,D)
<latexit sha1_base64="XpPKIPXo41WF7ORAxOpntn2qUuU=">AAACCHicbVDLSgMxFM3UV62vUZcuDBahipQZEXQjFC3UZQX7gM44ZNK0Dc1khiRTLEOXbvwVNy4UcesnuPNvTNtZaOuByz2ccy/JPX7EqFSW9W1kFhaXlleyq7m19Y3NLXN7py7DWGBSwyELRdNHkjDKSU1RxUgzEgQFPiMNv3899hsDIiQN+Z0aRsQNUJfTDsVIackz9yv3x/ASOkh0oRNQ7lV0Qw9eGQ4KlZPykWfmraI1AZwndkryIEXVM7+cdojjgHCFGZKyZVuRchMkFMWMjHJOLEmEcB91SUtTjgIi3WRyyAgeaqUNO6HQxRWcqL83EhRIOQx8PRkg1ZOz3lj8z2vFqnPhJpRHsSIcTx/qxAyqEI5TgW0qCFZsqAnCguq/QtxDAmGls8vpEOzZk+dJ/bRoW0X79ixfukrjyII9cAAKwAbnoARuQBXUAAaP4Bm8gjfjyXgx3o2P6WjGSHd2wR8Ynz+jm5cs</latexit><latexit sha1_base64="XpPKIPXo41WF7ORAxOpntn2qUuU=">AAACCHicbVDLSgMxFM3UV62vUZcuDBahipQZEXQjFC3UZQX7gM44ZNK0Dc1khiRTLEOXbvwVNy4UcesnuPNvTNtZaOuByz2ccy/JPX7EqFSW9W1kFhaXlleyq7m19Y3NLXN7py7DWGBSwyELRdNHkjDKSU1RxUgzEgQFPiMNv3899hsDIiQN+Z0aRsQNUJfTDsVIackz9yv3x/ASOkh0oRNQ7lV0Qw9eGQ4KlZPykWfmraI1AZwndkryIEXVM7+cdojjgHCFGZKyZVuRchMkFMWMjHJOLEmEcB91SUtTjgIi3WRyyAgeaqUNO6HQxRWcqL83EhRIOQx8PRkg1ZOz3lj8z2vFqnPhJpRHsSIcTx/qxAyqEI5TgW0qCFZsqAnCguq/QtxDAmGls8vpEOzZk+dJ/bRoW0X79ixfukrjyII9cAAKwAbnoARuQBXUAAaP4Bm8gjfjyXgx3o2P6WjGSHd2wR8Ynz+jm5cs</latexit><latexit sha1_base64="XpPKIPXo41WF7ORAxOpntn2qUuU=">AAACCHicbVDLSgMxFM3UV62vUZcuDBahipQZEXQjFC3UZQX7gM44ZNK0Dc1khiRTLEOXbvwVNy4UcesnuPNvTNtZaOuByz2ccy/JPX7EqFSW9W1kFhaXlleyq7m19Y3NLXN7py7DWGBSwyELRdNHkjDKSU1RxUgzEgQFPiMNv3899hsDIiQN+Z0aRsQNUJfTDsVIackz9yv3x/ASOkh0oRNQ7lV0Qw9eGQ4KlZPykWfmraI1AZwndkryIEXVM7+cdojjgHCFGZKyZVuRchMkFMWMjHJOLEmEcB91SUtTjgIi3WRyyAgeaqUNO6HQxRWcqL83EhRIOQx8PRkg1ZOz3lj8z2vFqnPhJpRHsSIcTx/qxAyqEI5TgW0qCFZsqAnCguq/QtxDAmGls8vpEOzZk+dJ/bRoW0X79ixfukrjyII9cAAKwAbnoARuQBXUAAaP4Bm8gjfjyXgx3o2P6WjGSHd2wR8Ynz+jm5cs</latexit><latexit sha1_base64="XpPKIPXo41WF7ORAxOpntn2qUuU=">AAACCHicbVDLSgMxFM3UV62vUZcuDBahipQZEXQjFC3UZQX7gM44ZNK0Dc1khiRTLEOXbvwVNy4UcesnuPNvTNtZaOuByz2ccy/JPX7EqFSW9W1kFhaXlleyq7m19Y3NLXN7py7DWGBSwyELRdNHkjDKSU1RxUgzEgQFPiMNv3899hsDIiQN+Z0aRsQNUJfTDsVIackz9yv3x/ASOkh0oRNQ7lV0Qw9eGQ4KlZPykWfmraI1AZwndkryIEXVM7+cdojjgHCFGZKyZVuRchMkFMWMjHJOLEmEcB91SUtTjgIi3WRyyAgeaqUNO6HQxRWcqL83EhRIOQx8PRkg1ZOz3lj8z2vFqnPhJpRHsSIcTx/qxAyqEI5TgW0qCFZsqAnCguq/QtxDAmGls8vpEOzZk+dJ/bRoW0X79ixfukrjyII9cAAKwAbnoARuQBXUAAaP4Bm8gjfjyXgx3o2P6WjGSHd2wR8Ynz+jm5cs</latexit>

Training GANs



- In other words the convergence is reached when the actions of one of the players do 
not change depending on the actions of the other players

- As you can imagine, training can be very slow

G⇤ = argmin
G

max
D

v(G,D)
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Training GANs



WhyGANs?

A. Courville, 6S1912018.
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GANs: Recent Advances



Some Impressive application

https://machinelearningmastery.com/impressive-applications-
of-generative-adversarial-networks/

https://machinelearningmastery.com/impressive-applications-of-generative-adversarial-networks/


Deep Generative Modeling: Summary

Autoencoders andVariational  
Autoencoders (VAEs)

Learn lower-dimensional latent  
space and sample to generate  

input reconstructions
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GenerativeAdversarial  
Networks (GANs)

Competing generator and
discriminator networks




