
FACULT Y OF
COMPUTER SCIENCE

Neuronale Netze
Generative Modelle
Prof. Dr.-Ing. Sebastian Stober

Artificial Intelligence Lab
Institut für Intelligente Kooperierende Systeme 
Fakultät für Informatik 
stober@ovgu.de

mailto:stober@ovgu.de


2

Recap: Hopfield-Netze
Hopfield-Netze: Beispiele

Rudolf Kruse Neuronale Netze 9

Vereinfachte Darstellung eines Hopfield-Netzes
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Symmetrische Verbindungen zwischen Neuronen werden kombiniert.

Eingaben und Ausgaben werden nicht explizit dargestellt.

Hopfield-Netze: Zustandsgraph

Rudolf Kruse Neuronale Netze 10

Graph der Aktivierungen und Übergänge
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Pfeile: geben die Neuronen an, deren
Aktualisierung zu dem jeweiligen Zu-
standsübergang führt

grau unterlegte Zustände: stabile
Zustände

beliebige Aktualisierungsreihenfolgen
ablesbar

(Zustandsgraph zum Netz auf der vorherigen Folie und Erläuterung)

Hopfield-Netze: Beispiele
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Vereinfachte Darstellung eines Hopfield-Netzes
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Symmetrische Verbindungen zwischen Neuronen werden kombiniert.

Eingaben und Ausgaben werden nicht explizit dargestellt.

vereinfachte
Darstellung

Zustandsgraph

• Konvergenz bei asynchroner Verarbeitung (in fester Reihenfolge)
• Endzustand (lokales) Energieminimum
• Verwendung als assoziativer Speicher oder zur Optimierung



Generative Models

ANNs AIMLDNNs

we are here
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1. unsupervised pre-training
(~ 10 years ago)

2. end-to-end supervised training
(~ 5 years ago)

3. generative training
(today)
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3 Phases of Deep Learning



“What I cannot create, 
I do not understand.”

Richard Feynman

• very promising approach for
• unsupervised learning
• semi-supervised learning



• mostly supervised learning in ML/DL
= learning to predict true labels
– need a lot of labeled data
– discards information unrelated to prediction
– need examples for all predictable outcomes
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Motivation



• generative models are unsupervised
= learning to describe the data structure
– labels are not necessary
– all characteristics of the data need to be learned
– anomalies in the data can be detected

7

Motivation



• Given training data, generate new samples 
from same distribution!

• here: capture dependencies between pixels

8

Generative Training

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 13 - May 18, 2017

Generative Models

16

Training data ~ pdata(x) Generated samples ~ pmodel(x)

Want to learn pmodel(x) similar to pdata(x)

Given training data, generate new samples from same distribution

training data ~ pdata(x) generated samples ~ pmodel(x)

=> train pmodel(x) to approximate pdata(x)

images from Denton et al. 2015 



• full joint probability distribution not tractable
• model structure of the probability space, i.e.

(conditional) independencies

9

Graphical Models

undirected model directed model

(energy-based) (causal structure)



Boltzmann Machines
undirected graphical models
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Boltzmann-Maschinen (1985)
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Geoffrey Hinton
(Univ. of Toronto / Google)

Keine Neuronen sondern Zufallsvariablen,
die sich gegenseitig beeinflussen!



CHAPTER 20. DEEP GENERATIVE MODELS
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Figure 20.1: Examples of models that may be built with restricted Boltzmann machines.

(a) The restricted Boltzmann machine itself is an undirected graphical model based on

a bipartite graph, with visible units in one part of the graph and hidden units in the

other part. There are no connections among the visible units, nor any connections among

the hidden units. Typically every visible unit is connected to every hidden unit but it

is possible to construct sparsely connected RBMs such as convolutional RBMs. A(b)
deep belief network is a hybrid graphical model involving both directed and undirected

connections. Like an RBM, it has no intra-layer connections. However, a DBN has

multiple hidden layers, and thus there are connections between hidden units that are in

separate layers. All of the local conditional probability distributions needed by the deep

belief network are copied directly from the local conditional probability distributions of

its constituent RBMs. Alternatively, we could also represent the deep belief network with

a completely undirected graph, but it would need intra-layer connections to capture the

dependencies between parents. A deep Boltzmann machine is an undirected graphical(c)
model with several layers of latent variables. Like RBMs and DBNs, DBMs lack intra-layer

connections. DBMs are less closely tied to RBMs than DBNs are. When initializing a

DBM from a stack of RBMs, it is necessary to modify the RBM parameters slightly. Some

kinds of DBMs may be trained without first training a set of RBMs.
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Restricted Boltzmann Machine (RBM)

hidden variables
(conditionally independent 
given visible variables)

CHAPTER 20. DEEP GENERATIVE MODELS

We begin with the binary version of the restricted Boltzmann machine, but as
we see later there are extensions to other types of visible and hidden units.

More formally, let the observed layer consist of a set of n v binary random
variables which we refer to collectively with the vector v. We refer to the latent or
hidden layer of nh binary random variables as .h

Like the general Boltzmann machine, the restricted Boltzmann machine is an
energy-based model with the joint probability distribution specified by its energy
function:

P ,( = v v h = ) =h
1

Z
exp ( ( ))−E v h, . (20.4)

The energy function for an RBM is given by

E ,(v h b) = − v c− h v− Wh, (20.5)

and is the normalizing constant known as the partition function:Z

Z =


v



h

exp ( ){−E v h, } . (20.6)

It is apparent from the definition of the partition function Z that the naive method
of computing Z (exhaustively summing over all states) could be computationally
intractable, unless a cleverly designed algorithm could exploit regularities in the
probability distribution to compute Z faster. In the case of restricted Boltzmann
machines, ( ) formally proved that the partition functionLong and Servedio 2010 Z
is intractable. The intractable partition function Z implies that the normalized

joint probability distribution is also intractable to evaluate.P ( )v

20.2.1 Conditional Distributions

Though P (v) is intractable, the bipartite graph structure of the RBM has the
very special property that its conditional distributions P(h v| ) and P(v h| ) are
factorial and relatively simple to compute and to sample from.

Deriving the conditional distributions from the joint distribution is straightfor-

ward:

P ( ) =h v| P ,(h v)

P ( )v
(20.7)

=
1

P ( )v

1

Z
exp


bv c+ h v+ Wh


(20.8)

=
1

Z  exp

ch v+ Wh


(20.9)
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12

“partition function” – for probability normalization
not tractable (sum over many values) 

visible variables
(conditionally independent 
given hidden variables)



RBM Training
positive phase negative phase

13

make samples from training 
data more likely

make samples from
model less likely
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RBM Inference

tractable (can be computed in parallel in 1 step 
because of conditional independence)

infer unknown variable values given others
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RBM Gibbs Sampling
generate a sample (likely observed data)

start with random initialization and go back and forth
(alternating parallel update of v given h and h given h)

until convergence (equilibrium)

special case of Monte-Carlo Markov Chain (MCMC)
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Deep Belief Networks (DBNs)
stacked pre-training of RBMs



Directed 
Graphical Models

17



Directed Graphical Model

z

x

data (observable variables)

hidden factors (latent variables)

sampling:
generate new data
(conditioned on z)

inference:
given x, infer z

p(x|z)

p(z|x)

18

Use DNNs to parameterize and represent conditional distributions!



• strong assumptions about the structure in 
the data

• severe approximations, leading to 
suboptimal models 

• computationally expensive inference 
procedures like Markov Chain Monte Carlo 
(MCMC) during training

19

Common Problems



Variational 
Autoencoders (VAEs)

20



• weak assumptions about the structure in 
the data

• approximation (inference) introduces only 
small error given high-capacity model

• fast training using back-propagation

21

Common Problems



• basic idea:
– combine the principle of auto-encoders 

with variational Bayesian learning
– inputs, latent representations, and reconstructed 

outputs treated as probabilistic, random 
variables within a directed graphical model

• Kingma and Welling, Auto-Encoding Variational Bayes, International Conference on 
Learning Representations (ICLR) 2014.

• Rezende, Mohamed and Wierstra, Stochastic back-propagation and variational inference 
in deep latent Gaussian models. ArXiv, 2014.

22

Variational Autoencoder



CHAPTER 10. SEQUENCE MODELING: RECURRENT AND RECURSIVE NETS

recurrence, it requires that the output units capture all of the information about
the past that the network will use to predict the future. Because the output units
are explicitly trained to match the training set targets, they are unlikely to capture
the necessary information about the past history of the input, unless the user
knows how to describe the full state of the system and provides it as part of the
training set targets. The advantage of eliminating hidden-to-hidden recurrence
is that, for any loss function based on comparing the prediction at time t to the
training target at time t, all the time steps are decoupled. Training can thus be
parallelized, with the gradient for each step t computed in isolation. There is no
need to compute the output for the previous time step first, because the training
set provides the ideal value of that output.

h(t−1)h(t−1)

W
h( )th( )t . . .. . .

x(t−1)x(t−1) x( )tx( )t x( )...x( )...

W W

U U U

h( )τh( )τ

x( )τx( )τ

W

U

o( )τo( )τy( )τy( )τ

L( )τL( )τ

V

. . .. . .

Figure 10.5: Time-unfolded recurrent neural network with a single output at the end
of the sequence. Such a network can be used to summarize a sequence and produce a
fixed-size representation used as input for further processing. There might be a target
right at the end (as depicted here) or the gradient on the output o( )t can be obtained by
back-propagating from further downstream modules.

Models that have recurrent connections from their outputs leading back into
the model may be trained with teacher forcing. Teacher forcing is a procedure
that emerges from the maximum likelihood criterion, in which during training the
model receives the ground truth output y( )t as input at time t + 1. We can see
this by examining a sequence with two time steps. The conditional maximum

likelihood criterion is

log p

y (1),y(2) | x(1),x(2)


(10.15)
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o(t−1)o(t−1) o( )to( )t o( +1)to( +1)t

L(t−1)L(t−1) L( )tL( )t L( +1)tL( +1)t

y(t−1)y(t−1) y( )ty( )t y( +1)ty( +1)t
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y( )...y( )...

R R R R R

Figure 10.9: An RNN that maps a fixed-length vector x into a distribution over sequences
Y. This RNN is appropriate for tasks such as image captioning, where a single image is
used as input to a model that then produces a sequence of words describing the image.
Each element y( )t of the observed output sequence serves both as input (for the current
time step) and, during training, as target (for the previous time step).
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structure: encoder + decoder
- arbitrarily complex
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objective: reconstruct inputs
- often under constraints

(capacity, sparsity etc.) representation bottleneck
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Variational Autoencoder (VAE)

299Generating images with variational autoencoders

 

In practice, such classical autoencoders don’t lead to particularly useful or nicely
structured latent spaces. They’re not much good at compression, either. For these rea-
sons, they have largely fallen out of fashion. VAEs, however, augment autoencoders
with a little bit of statistical magic that forces them to learn continuous, highly struc-
tured latent spaces. They have turned out to be a powerful tool for image generation.

 A VAE, instead of compressing its input image into a fixed code in the latent space,
turns the image into the parameters of a statistical distribution: a mean and a vari-
ance. Essentially, this means you’re assuming the input image has been generated by a
statistical process, and that the randomness of this process should be taken into
accounting during encoding and decoding. The VAE then uses the mean and variance
parameters to randomly sample one element of the distribution, and decodes that ele-
ment back to the original input (see figure 8.13). The stochasticity of this process
improves robustness and forces the latent space to encode meaningful representa-
tions everywhere: every point sampled in the latent space is decoded to a valid output.

 
 

Figure 8.12 An autoencoder: mapping an input x to a compressed representation 
and then decoding it back as x'

Original
input x

Compressed
representation

Reconstructed
input x

Encoder Decoder

Input image

Reconstructed
image

Distribution over latent
space defined by z_mean

and z_log_var

Point randomly
sampled from
the distribution

Encoder

Decoder

Figure 8.13 A VAE maps an image to two vectors, z_mean and z_log_sigma, which define 
a probability distribution over the latent space, used to sample a latent point to decode.

Licensed to   <null>

adapted from F. Chollet (2017) “Deep Learning with Python”, Manning

inference network
generator network

parameters of a
probability distribution

random sample
from distribution

minimize reconstruction error
+ divergence from prior (representational bottleneck)



maximize data probability for training set 
under entire generative process:

p(x) = ∫ p!(x | z) p(z) dz

practical problems: 
1. How to define latent variables z?
2. How to deal with the integral over z?

25

Training Objective: 
Maximum Likelihood

generator net parameters



• assume that there is no simple interpretation 
of the dimensions of z

• instead assert that samples of z can be 
drawn from a simple distribution
e.g. N(0,I)

Note: This is the (rather) weak assumption we 
need to make and a potential weak spot.

26

1. Latent Variables
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Transforming Distributions

Figure 2: Given a random variable z with one distribution, we can create
another random variable X = g(z) with a completely different distribution.
Left: samples from a gaussian distribution. Right: those same samples
mapped through the function g(z) = z/10 + z/||z|| to form a ring. This is
the strategy that VAEs use to create arbitrary distributions: the deterministic
function g is learned from data.

can sample directly from P(X) (without performing Markov Chain Monte
Carlo, as in [14]).

To solve Equation 1, there are two problems that VAEs must deal with:
how to define the latent variables z (i.e., decide what information they
represent), and how to deal with the integral over z. VAEs give a definite
answer to both.

First, how do we choose the latent variables z such that we capture latent
information? Returning to our digits example, the ‘latent’ decisions that the
model needs to make before it begins painting the digit are actually rather
complicated. It needs to choose not just the digit, but the angle that the digit
is drawn, the stroke width, and also abstract stylistic properties. Worse, these
properties may be correlated: a more angled digit may result if one writes
faster, which also might tend to result in a thinner stroke. Ideally, we want
to avoid deciding by hand what information each dimension of z encodes
(although we may want to specify it by hand for some dimensions [4]). We
also want to avoid explicitly describing the dependencies—i.e., the latent
structure—between the dimensions of z. VAEs take an unusual approach to
dealing with this problem: they assume that there is no simple interpretation
of the dimensions of z, and instead assert that samples of z can be drawn
from a simple distribution, i.e., N (0, I), where I is the identity matrix. How

5

g(z) = z/10 + z/||z|| 



• p(x) = ∫ p!(x | z) p(z) dz is intractable
• but   p!(x | z) ≈ 0   for most z
• idea: attempt to sample values of z that are 

likely to have produced x, and compute 
p(x) just from those

• new function qɸ(z | x) to return likely z for 
given x (learned approximate inference)

28

2. Intractability



Directed Graphical Model

z

x

data (observable variables)

hidden factors (latent variables)

sampling:
generate new data
(conditioned on z)

inference:
given x, infer z

p(x|z)

p(z|x)
approximation q(z|x)assuming a simple prior p(z)

(usually Gaussian)

29
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Variational Autoencoder

latent space ra
nd

om
 s

am
pl

e

input decoder (generator) network
distribution
parameters

sample

encoder (inference) network posterior
distribution output

minimize reconstruction error
+ divergence from prior (representational bottleneck)

p(x|z)x q(z|x)
variational approximation 
of the true posterior p(z|x)

problem for backpropagation: sampling operation (      ) not differentiable
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Reparametrization Trick

Encoder 
(   ) 

Decoder 
(   ) 

Sample    from 

Encoder 
(   ) 

Decoder 
(   ) 

Sample    from 

* 

+ 

Figure 4: A training-time variational autoencoder implemented as a feed-
forward neural network, where P(X|z) is Gaussian. Left is without the
“reparameterization trick”, and right is with it. Red shows sampling opera-
tions that are non-differentiable. Blue shows loss layers. The feedforward
behavior of these networks is identical, but backpropagation can be applied
only to the right network.

want to optimize is:

EX⇠D [log P(X)�D [Q(z|X)kP(z|X)]] =
EX⇠D [Ez⇠Q [log P(X|z)]�D [Q(z|X)kP(z)]] .

(8)
If we take the gradient of this equation, the gradient symbol can be moved
into the expectations. Therefore, we can sample a single value of X and a
single value of z from the distribution Q(z|X), and compute the gradient of:

log P(X|z)�D [Q(z|X)kP(z)] . (9)

We can then average the gradient of this function over arbitrarily many
samples of X and z, and the result converges to the gradient of Equation 8.

There is, however, a significant problem with Equation 9. Ez⇠Q [log P(X|z)]
depends not just on the parameters of P, but also on the parameters of Q.
However, in Equation 9, this dependency has disappeared! In order to make
VAEs work, it’s essential to drive Q to produce codes for X that P can reliably
decode. To see the problem a different way, the network described in Equa-
tion 9 is much like the network shown in Figure 4 (left). The forward pass of
this network works fine and, if the output is averaged over many samples
of X and z, produces the correct expected value. However, we need to

10

cost terms

not differentiable

https://arxiv.org/abs/1606.05908 adapted from Doersch 2016

https://arxiv.org/abs/1606.05908
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VAE Sampling

Decoder 
(   ) 

Sample    from 

Figure 5: The testing-time variational “autoencoder,” which allows us to
generate new samples. The “encoder” pathway is simply discarded.

back-propagate the error through a layer that samples z from Q(z|X), which
is a non-continuous operation and has no gradient. Stochastic gradient
descent via backpropagation can handle stochastic inputs, but not stochastic
units within the network! The solution, called the “reparameterization trick”
in [1], is to move the sampling to an input layer. Given µ(X) and S(X)—the
mean and covariance of Q(z|X)—we can sample from N (µ(X), S(X)) by
first sampling e ⇠ N (0, I), then computing z = µ(X) + S1/2(X) ⇤ e. Thus,
the equation we actually take the gradient of is:

EX⇠D

h
Ee⇠N (0,I)[log P(X|z = µ(X) + S1/2(X) ⇤ e)]�D [Q(z|X)kP(z)]

i
.

(10)
This is shown schematically in Figure 4 (right). Note that none of the
expectations are with respect to distributions that depend on our model
parameters, so we can safely move a gradient symbol into them while main-
taning equality. That is, given a fixed X and e, this function is deterministic
and continuous in the parameters of P and Q, meaning backpropagation
can compute a gradient that will work for stochastic gradient descent. It’s
worth pointing out that the “reparameterization trick” only works if we can
sample from Q(z|X) by evaluating a function h(h, X), where h is noise from
a distribution that is not learned. Furthermore, h must be continuous in X so
that we can backprop through it. This means Q(z|X) (and therefore P(z))
can’t be a discrete distribution! If Q is discrete, then for a fixed h, either h
needs to ignore X, or there needs to be some point at which h(h, X) “jumps”
from one possible value in Q’s sample space to another, i.e., a discontinuity.

2.3 Testing the learned model

At test time, when we want to generate new samples, we simply input
values of z ⇠ N (0, I) into the decoder. That is, we remove the “encoder,”
including the multiplication and addition operations that would change the

11

https://arxiv.org/abs/1606.05908 Doersch 2016

https://arxiv.org/abs/1606.05908
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VAE Introspection

encoder	(inference)	net

(2D)	latent
representation	
space

distribution	parameters

random	sample

decoder	(generator)	net

input

output
z1

z2

input	to	latent	space	(inference) latent	space	to	output	(generation)
VAE Latent	Space	Visualization	(for	MNIST	dataset)
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Fun with Latent Vectors
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https://houxianxu.github.io/assets/project/dfcvae


• generated images tend to be blurry

35

Room for Improvements

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 13 - May 18, 201796

Variational Autoencoders: Generating Data!

32x32 CIFAR-10
Labeled Faces in the Wild

Figures copyright (L) Dirk Kingma et al. 2016; (R) Anders Larsen et al. 2017. Reproduced with permission. 

Kingma et al. 2016 
Larsen et al. 2017



• probabilistic spin to traditional auto-encoders
• optimize a (variational) lower bound 
pros: 

– principled approach to generative models 
– inference of q(z|x) can be useful feature representation

cons: 
– maximizes only approximation (lower bound) of likelihood
– samples blurrier and lower quality compared to GANs

active areas of research: 
– more flexible approximations, e.g. richer approximate 

posterior instead of diagonal Gaussian 
– incorporating structure in latent variables 

36

VAEs Summary



Generative Adversarial 
Networks (GANs)

37



• basic idea:
– if we don’t care about inference, we can try to 

sample from training distribution directly
– game-theoretic approach

Goodfellow et al., “Generative Adversarial Nets”, NIPS 2014 

38

Generative Adversarial Net



• problem: we want to sample from complex, 
high-dimensional training distribution
No direct way to do this! 

• solution: 
– sample from a simple distribution, 

e.g. random noise
– learn transformation to training distribution
– use DNN for the complex transformation
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Generative Adversarial Net
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Two-Player Game

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 13 - May 18, 2017

Training GANs: Two-player game

10
5

Generator network: try to fool the discriminator by generating real-looking images
Discriminator network: try to distinguish between real and fake images 

zRandom noise

Generator Network

Discriminator Network

Fake Images
(from generator)

Real Images
(from training set)

Real or Fake

Ian Goodfellow et al., “Generative 
Adversarial Nets”, NIPS 2014

Fake and real images copyright Emily Denton et al. 2015. Reproduced with permission.

generator net (like VAE decoder):
try to fool the discriminator by generating real-looking data
discriminator net: 
try to distinguish between real and fake data

After training, use generator 
network to generate new data.

images from Denton et al. 2015 

discriminator

generator

random noise (z)

generated
fake images

real images
from dataset

real / false
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Generated Samples

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 13 - May 18, 2017

Generative Adversarial Nets

11
6

Nearest neighbor from training set

Generated samples

Ian Goodfellow et al., “Generative 
Adversarial Nets”, NIPS 2014

Figures copyright Ian Goodfellow et al., 2014. Reproduced with permission.

(from the original publication)

https://arxiv.org/abs/1406.2661 Goodfellow et al. 2014

https://arxiv.org/abs/1406.2661
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CNN Architectures (DCGAN)

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 13 - May 18, 201711
9

Radford et al, “Unsupervised Representation Learning with Deep Convolutional Generative Adversarial Networks”, ICLR 2016

Generator

Generative Adversarial Nets: Convolutional Architectures

Radford et al, “Unsupervised Representation Learning with Deep Convolutional 
Generative Adversarial Networks”, ICLR 2016 
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DCGAN Samples

Radford et al. 2016https://github.com/Newmu/dcgan_code

https://github.com/Newmu/dcgan_code
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Fun with Latent Vectors

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 13 - May 18, 201712
6

Glasses man No glasses man No glasses woman

Woman with glasses

Radford et al, 
ICLR 2016

Generative Adversarial Nets: Interpretable Vector Math
man 

with glasses
man 

no glasses
woman 

no glasses

woman 
whit glasses

Radford et al. 2016https://github.com/Newmu/dcgan_code

https://github.com/Newmu/dcgan_code
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Domain Transfer

https://github.com/junyanz/CycleGANCycleGAN. Zhu et al. 2017 

https://github.com/junyanz/CycleGAN
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Domain Transfer

https://github.com/junyanz/CycleGANCycleGAN. Zhu et al. 2017 

https://github.com/junyanz/CycleGAN
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Generated Faces in HD

http://research.nvidia.com/publication/2017-10_Progressive-Growing-of

http://research.nvidia.com/publication/2017-10_Progressive-Growing-of


• no inference / explicit density function

• game-theoretic approach: learn to generate from 

training distribution through 2-player game 

pros: 
– beautiful, state-of-the-art samples! 

cons: 
– trickier / more unstable to train 

– cannot solve inference queries such as p(x), p(z|x) 

active areas of research: 
– better loss

– more stable training

– conditional GANs / many variants (cf. “GAN Zoo”)
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GANs Summary
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The GAN Hype

https://github.com/hindupuravinash/the-gan-zoo

https://github.com/hindupuravinash/the-gan-zoo


VAEs:
– optimize variational lower bound on likelihood
– useful latent representation, inference queries
– current sample quality not the best

GANs:
– game-theoretic approach, best samples!
– can be tricky and unstable to train
– no inference queries

Combinations: 
– VAE-GAN, Adversarially Learned Inference
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VAEs vs GANs


