
Image Generation

Slides adapted from S. Lazebnik, and others



Image generation
Input: Image

• High dimensional
• Structured

Output: Label
• Low dimensional

Easy

Deep 
Network

dog

Deep Network

dog

Input: Label / nothing
• Low dimensional

Output: Image
• High dimensional
• Many possibilities

Very hard
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Boltzman Machines

Generative graphical models
Graphical model (Markov Random Field) 
- Nodes are random variables 
- Edges compatibility constraints
- Boltzman Machines – general undirected graphs 
- nodes – binary random variables – edges (weights)
- Graph defines so energy function

- Associated probability distribution 

- Structured probabilistic models

x1

x2

x3

x4x5

E(x1, x2, x3, x4, x5) = �
5X

i=1

bixi +
X

i

X

j

xiwijxi

<latexit sha1_base64="YXZHhwTSU2jFMYZU+AY8ZnV2zPU="></latexit>

P (x1, x2, x3, x4, x5) =
1

Z
exp(�E(x1, x2, x3, x4, x5))

<latexit sha1_base64="Yeu0TYPt+cn1WkR5QHlPWlBhm+Q="></latexit>

E(x1, x2, x3, x4, x5) = x1 + x2 + 2x3 � x1x2 � x2x3 � x3x4 � x4x5

<latexit sha1_base64="mzTiqM0U/rAcpANJARey+5o6Ih0="></latexit>



Boltzman Machine

Inference Tasks 
- What is the probability of particular configuration
- What the the maximum energy 
- What is the most probable configuration  
- Combinatorial problem (evaluate over all possible 
- 5 dim binary vectors 2"
- use sampling x1
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Restricted Boltzman machines

- Graph is bipartite
- x set of observable nodes 
- h set of hidden nodes
- c, b are bias vectors 
- Define probability distribution over x and h
- Z partition function intractable

- Some intuition how parameters affect the 
probability of configuration  

E(x,h) = �hTWx� cTx� bTh
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Restricted Boltzman machines

p(x,h) = exp (�E(x,h))/Z
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Inference in RBM’s

Computation of probability – intractable (approximate)
Conditional inferences (conditional probabilities)
possible 
- similar to outputs on NN

p(x,h) = exp (hTWx) exp (cTx) exp (bTh)/Z
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Partition function cancels out 



RBM’s

Free energy 
How to model 

p(x,h) = exp (hTWx) exp (cTx) exp (bTh)/Z
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Training RBM’s

How to train RBM that models well the data
Minimize average negative log likelihood

p(x,h) = exp (hTWx) exp (cTx) exp (bTh)/Z
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TRAINING
3

• To train an RBM, we’d like to minimize the average negative
   log-likelihood (NLL)

• We’d like to proceed by stochastic gradient descent{ {
positive phase negative phase

hard to
compute

Topics: training objective
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Dahl, Adams, Larochelle Training Restricted 
Boltzmann Machines on Word Observations, 
ICML 2012
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Contrastive Divergence

Idea
1. Replace expectation by point estimate 
2. Obtain the point estimate by Gibbs sampling
3. Start sampling chain at x(t)
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• Idea: 
1. replace the expectation by a point estimate at
2. obtain the point     by Gibbs sampling
3. start sampling chain at 

...

x1 xk = x̃

� p(h|x) � p(x|h)

Topics: contrastive divergence, negative sample

negative sample
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Contrastive divergence training
CONTRASTIVE DIVERGENCE (CD)

(HINTON, NEURAL COMPUTATION, 2002)
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(x̃, h̃)

p(x,h)

Topics: contrastive divergence, negative sample
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Topics: contrastive divergence, negative sample
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As you proceed sampled values are going to look more 
Training examples
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Example
EXAMPLE OF DATA SET: MNIST

3

LAROCHELLE, BENGIO, LOURADOUR AND LAMBLIN
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Figure 5: Samples from the MNIST digit recognition data set. Here, a black pixel corresponds to

an input value of 0 and a white pixel corresponds to 1 (the inputs are scaled between 0

and 1).

1. To what extent does initializing greedily the parameters of the different layers help?

2. How important is unsupervised learning for this procedure?

To address these two questions, we will compare the learning algorithms for deep networks of

Sections 4 and 5 with the following algorithms.

6.1.1 DEEP NETWORK WITHOUT PRE-TRAINING

To address the first question above, we compare the greedy layer-wise algorithm with a more stan-

dard way to train neural networks: using standard backpropagation and stochastic gradient descent,

and starting at a randomly initialized configuration of the parameters. In other words, this variant

simply puts away the pre-training phase of the other deep network learning algorithms.

6.1.2 DEEP NETWORK WITH SUPERVISED PRE-TRAINING

To address the second question, we run an experiment with the following algorithm. We greedily

pre-train the layers using a supervised criterion (instead of the unsupervised one), before performing

as before a final supervised fine-tuning phase. Specifically, when greedily pre-training the param-

eters Wi and bi, we also train another set of weights Vi and biases ci which connect hidden layer

ĥ
i(x) to a temporary output layer as follows:

oi(x) = f
(
c
i+Viĥi(x)

)

12

Larochelle et al JMLR 2009
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Learned filters FILTERS
(LAROCHELLE ET AL., JMLR2009)

4
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Figure 6: Display of the input weights of a random subset of the hidden units, learned by an RBM

when trained on samples from the MNIST data set. The activation of units of the first

hidden layer is obtained by a dot product of such a weight “image” with the input image.

In these images, a black pixel corresponds to a weight smaller than −3 and a white pixel
to a weight larger than 3, with the different shades of gray corresponding to different

weight values uniformly between −3 and 3.
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Figure 7: Input weights of a random subset of the hidden units, learned by an autoassociator when

trained on samples from the MNIST data set. The display setting is the same as for

Figure 6.
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Nonlinear dimensionality reduction

- extensions to discrete random variables 
- deeper models, stack of RBM’s
Reducing the Dimensionality of Data with Neural Networks, 
Hinton and Salakhutdinov, Science, 2006



Nonlinear Dimensionality reduction

Reducing the Dimensionality of Data with Neural Networks, 
Hinton and Salakhutdinov, Science, 2006



Autoencoder
Feedforward NN
Tries to reconstruct input
The dim of output is the same as input
For binary inputs sigm
Single layer NN encoder

Decoder

Sometimes weights are tied

Hidden representation maintains everything 
about input – idea compression of data

Encoder

Decoder

Bottleneck

h(x) = sigm(b+Wx)
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Loss function
For binary inputs

For real valued inputs

Gradient simple form – regular backprop
Choices 
- hidden layers undercomplete, compression for the training distribution, 

not so good for other examples
- hidden layers overcompelete, does not extract useful representation

l(f(x)) = 1
2

P
k(x̂k � xk)2
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Denoising Autoencoder
Idea: train with the noise corrupted samples –
Learn how to denoise, learn how to denoise 



Denoising autoencoder
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Variational Autoencoder

Encoder

Decoder

Variational autoencoder - 
formal definition

• Encoder


• � 


• Sampling � 


• Decoder


• � 


• Approximately learns � 


• Variational lower bound

q(z |x) = ! (z; μθ(x), σ2
θ (x)I)

f ∼q(z |x)

P(x | f)

P(x)

Encoder

Decoder

Bottleneck

! " = $! " % ! % &%

mean std

Sample latent vector from distribution Latent vector



Variational Autoencoder

Encoder

Decoder

Variational autoencoder - 
formal definition

• Encoder


• � 


• Sampling � 


• Decoder


• � 


• Approximately learns � 


• Variational lower bound

q(z |x) = ! (z; μθ(x), σ2
θ (x)I)

f ∼q(z |x)

P(x | f)

P(x)

Encoder

Decoder

Bottleneck

! " = $! " % ! % &%

mean stdLoss function

Reconstruction loss   and KL divergence
p(z) is N(0,1)

Latent vector



Variational Autoencoder

Encoder

Decoder

mean std

Sample latent vector from distribution

Instead of sampling, from the distribution
To get the latent vector
use reparametrization trick

Make the latent vector mean 
And add std and then corrupt std
with N(0,1) gaussian

µ
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Latent vector



VAE faces 

Alec Radford  Face Manifold from variational autoencoder 

https://www.youtube.com/watch?v=XNZIN7Jh3Sg

