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Neural Networks

Motivation and Literature

Neural networks:

ÇNeural networks are a very popular machine learning 
technique.

ÇThey simulate the mechanisms of learning in biological
systemssuch as the human brain.

ÇThe human brain / the nervous system contains cells 
which are called neurons. The neurons are connected
using axonsand dendrites. While learning the 
connections between neurons are changed.

ÇWithin this lecture we will talk about artificial neural 
networks that mimic the processes in the human
ōǊŀƛƴΦ ¢ƘŜ ŀŘƧŜŎǘƛǾŜ άŀǊǘƛŦƛŎƛŀƭέ ǿƛƭƭ ōŜ ƻƳƛǘǘŜŘ ŦƻǊ 
reasons of brevity. 
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ω

Neural Networks

Motivation and Literature

Deep learning:

ÇThe advantage of neuronal structures is their ability to be
adapted to several types of problems by changing their
size and internal structure.

ÇA few years ago so-called deep approaches appeared. This
was one of the main factors for the success of neural
networks.

Çά5ŜŜǇέ ƳŜŀƴǎ ƘŜǊŜ ǘƻ ƘŀǾŜ ƻƴ ǘƘŜ ƻƴŜ ƘŀƴŘ several/many
hidden layers. On the other hand it means that specific
training proceduresare used.

ÇCompared to conventional (shallow) structures deep 
approaches are specially suited if a large amount of 
training data is available.

Available data size

Accuracy

Deep learning

Conventional
approaches
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ω

Neural Networks

Motivation and Literature

Literature:

ÇC. C. Aggarwal: Neural Networks and Deep Learning, Springer, 2018

ÇA. Géron: Machine Learning mit Scikit-Learn & TensorflowΣ hΩwŜƛƭƭȅΣ нлму όƛƴ DŜǊƳŀƴ ŀƴŘ 9ƴƎƭƛǎƘύ

Ç I. Goodfellow, Y. Bengio, A. Courville: Deep Learning, MITP, 2018 (in German and English)
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Neural Networks

Structureof a NeuralNetwork ςBasics 

Basic structure during runtime and training:

Neural
network

Distance or
error 

computation

Training
algorithm

Runtime

Training

Database with
input features

Database with
input and output 

features
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Neural Networks

Structureof a NeuralNetwork ςBasics 

Network structure(s):

Multilayer perceptron AutoencoderConvolutional neural network Recurrent neural network

LSTM network ά¦-Netέ Attention-based network Generative adversarial network
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ω

Neural Networks

Structureof a NeuralNetwork ςBasics 

Network structure(s):

Multilayer perceptron AutoencoderConvolutional neural network Recurrent neural network

LSTM network άUnetέ Attention-based network Generative adversarial network



Digital Signal Processing and System Theory | Pattern Recognition | Neural Networks Slide11

ω

Neural Networks

Structureof a NeuralNetwork ςBasics 

Network structure:

Neural
network

Distance
comp.

Training
algorithm

Database with
input features

Database with
input and output features

Input
layer

Hidden
layer

Output
layer

Hidden
layer
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Neural Networks

Structureof a NeuralNetwork ςBasics 

Input layer:
Neural 

network

Input
layer

Input layer

Output
layer

Hidden
layer

Hidden
layer

ÇSometimes only a άǇŀǎǎ ǘƘǊƻǳƎƘέ ƭŀȅŜǊ

ÇSometimes also a mean compensation and 
a normalization is performed:

Afterwards all individually normalized inputs
are combined to a vector:
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Neural Networks

Structureof a NeuralNetwork ςBasics 

Hidden layer:
Neural 

network

Input
layer

Hidden layer

Output
layer

Hidden
layer

Hidden
layer

Slide13

ÇLinear weighting of inputs with bias

with 

ÇNonlinear activation function:

ÇCombinationof all results to a vector:
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Neural Networks

Structure of a Neural Network ςBasics

Activation functions ςpart 1:

ÇThe sum of the weighted inputs plus the bias
will be abbreviatedwith 

ÇSeveral activation functions exist, such as

Ç the identity function

Ç the sign function, or

Ç the sigmoidfunction

Identity function

Differentiation

Sign function

Differentiation

Sigmoid function

Differentiation
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Neural Networks

Structure of a Neural Network ςBasics

Activation functions ςpart 2:

ÇFurther activation functions:

Ç the tanh function

Ç the rectified linearfunction (or unit, ReLU)

ÇǘƘŜ άhard tanhά ŦǳƴŎǘƛƻƴ

Tanhfunction

Differentiation Differentiation

άIŀǊŘ tanhέ ŦǳƴŎǘƛƻƴ

Differentiation

Rectified linear function



Digital Signal Processing and System Theory | Pattern Recognition | Neural Networks Slide16

ω

Neural Networks

Structureof a NeuralNetwork ςBasics 

Output layer:
Neural 

network

Input
layer

Output layer

Output
layer

Hidden
layer

Hidden
layer

ÇSometimes only a άǇŀǎǎ ǘƘǊƻǳƎƘέ ƭŀȅŜǊ

ÇSometimes also a limitation

and a normalization is performed:

The limited and normalized outputs are combined to a vector 

Minimum

Maximum

Normali-
zation
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Neural Networks

Structureof a NeuralNetwork ςBasics

Layer sizes:

ÇThe input and the output layer size is usually given by the 
application. The input layer size is equal to the feature 
vector size and the output layer size is determined by the
amount of output features.

Sometimes more outputs than required are computed in
order to modify the cost function.

ÇThe entire size of the network (sum of all layer sizes) should
be adjusted to the size of the available data.

Ç In some applications so-called bottle neck layers are helpful.

Input
layer

Output
layer

Hidden layers

Input
layer

Output
layer

Hidden layers
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Neural Networks

Applicationsof NeuralNetworks ςSources 

Tesla:

Çhttps://cleantechnica.com/2018/06/11/tesla-director-of-ai-discusses-programming-a-neural-net-for-autopilot-video/

Çhttps://vimeo.com/272696002?cjevent=c27333cefa3511e883d900650a18050f 

Pixel Recursive Super Resolution:

ÇR. Dahl, M. Norouzi and J. Shlens: Pixel RecursiveSuper Resolution, 2017 IEEE International Conference on 
Computer Vision (ICCV), Venice, pp. 5449-5458, 2017.

Image colorization:

Çhttp://iizuka.cs.tsukuba.ac.jp/projects/colorization/data/colorization_sig2016.pdf
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Neural Networks

Applicationsof NeuralNetworks ςReal-time Video Object Recognition

ÇTesla uses cameras, radar and ultrasonic sensors to detect objects in the surrounding area. However, they rely mostly on
computer vision by cameras.

ÇTheir current system uses (mostly) a so-called convolutional network (details later on) for object recognition. New 
ŀǇǇǊƻŀŎƘŜǎ ǳǎŜ άCodeGenέ όŀƭǎƻ ǘƘŜ ǎǘǊǳŎǘǳǊŜ ώƴƻǘ ƻƴƭȅ ǘƘŜ ǿŜƛƎƘǘǎϐ ƻŦ ǘƘŜ ƴŜǘǿƻǊƪ ŀǊŜ ŀŘŀǇǘŜŘ ŘǳǊƛƴƎ ǘƘŜ ǘǊŀƛƴƛƴƎύΦ

Ç The mainsystem forautonomous driving is a deep neural network.

The following video is a full self driving demo by Tesla, where this legend is used:

Video object recognition for Tesla cars:
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Neural Networks

Applicationsof NeuralNetworks ςReal-time Video Object Recognition



Digital Signal Processing and System Theory | Pattern Recognition | Neural Networks Slide22

ω

Neural Networks

Applicationsof NeuralNetworks ςImproving Image Resolution

ά{ǳǇŜǊ ǊŜǎƻƭǳǘƛƻƴ ƛǎ ǘƘŜ ǇǊƻōƭŜƳ ƻŦ ŀǊǘƛŦƛŎƛŀƭƭȅ ŜƴƭŀǊƎƛƴƎ ŀ ƭƻǿ ǊŜǎƻƭǳǘƛƻƴ ǇƘƻǘƻƎǊŀǇƘ ǘƻ ǊŜŎƻǾŜǊ ŀ ǇƭŀǳǎƛōƭŜ ƘƛƎƘ 
ǊŜǎƻƭǳǘƛƻƴΦ ώΧϐέ

Neural network types used:

Ç New probabilistic deep network architectures are used that are
based on log-likelihood objectives.

Ç 9ȄǘŜƴǎƛƻƴ ƻŦ άPixelCNNsέ όŎƻƴǾΦ ƴŜǘΦύ ŀƴŘ άResNetέ όǊŜǎƛŘǳŀƭ ƴŜǘΦύ

Ç Basically two networks are used: 

Ç ! άǇǊƛƻǊ ƴŜǘǿƻǊƪέ ǘƘŀǘ ŎŀǇǘǳǊŜǎ ǎŜǊƛŀƭ ŘŜǇŜƴŘŜƴŎƛŜǎ ƻŦ ǇƛȄŜƭǎ 
(auto-regressive part of model) [PixelCNN] and 

Ç ŀ άŎƻƴŘƛǘƛƻƴƛƴƎ ƴŜǘǿƻǊƪέ ǘƘŀǘ ŎŀǇǘǳǊŜǎ ǘƘŜ Ǝƭƻōŀƭ ǎǘǊǳŎǘǳǊŜ 
ƻŦ ƛƳŀƎŜǎ ό5/bbΣ ǎƛƳƛƭŀǊ ǘƻ άSRResNetέΣ ŦŜŜŘ-forward convolutional neural networks).

Problems:

Ç As magnification increases the neural network needs to predict missing information such as:

Ç ŎƻƳǇƭŜȄ ǾŀǊƛŀǘƛƻƴǎ ƻŦ ƻōƧŜŎǘǎΣ ǾƛŜǿǇƻƛƴǘǎΣ ƛƭƭǳƳƛƴŀǘƛƻƴΣ Χ

Ç Underspecified problem Ąmany plausible high resolution images

NN input NN output



Digital Signal Processing and System Theory | Pattern Recognition | Neural Networks Slide23

ω

Neural Networks

Applicationsof NeuralNetworks ςAutomatic Image Colorization with Simultaneous Classification

Ç A convolutional networkusing low-
level features to compute global  
features for classifying the image 
(rough type of image, what are the 
surroundings).

Ç A parallel network uses the same 
low-level features to compute
mid-level features.

Ç Fusionof global features (e.g. indoor 
or outdoor photo) and mid-level 
features are used for colorization 
of the image.

Ç Greyscale image is then used for 
luminance.

Coloration of greyscale images:
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Neural Networks

Applicationsof NeuralNetworks ςAutomatic Image Colorization with Simultaneous Classification

Typical failure cases:Other examples:
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Neural Networks

Typesof NeuralNetworks

Network structure(s):

Multilayer perceptron AutoencoderConvolutional neural network Recurrent neural network

LSTM network άUnetέ Attention-based network Generative adversarial network
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Neural Networks

Typesof NeuralNetworks

Convolutional neural networks (CNNs):

ÇCNNs were part of the early times in
deep approaches. 

ÇThey are often applied in imageand
video applications.

ÇOften three-dimensional layers with 
special ReLUactivation functions
followed by pooling (next slides) are
used.

ÇThe weights of the layers are used
ŀǎ ƛƴ ŀ άŎƻƴǾŜƴǘƛƻƴŀƭέ ŎƻƴǾƻƭǳǘƛƻƴΣ
meaning that the same weights are
used very often (e.g. for edge detection).

Input
(e.g. picture)

Source: Adopted from CharuC Aggarwal, Neural Networks and Deep Learning, Springer, 2018
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Neural Networks

Typesof NeuralNetworks

Convolutional neural networks (CNNs):

ÇConvolutional layers

ÇComputing aweighted 
sum of asubset of the       
input data and applying
anactivation function 
to the weighted sum.
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ω

Neural Networks

Typesof NeuralNetworks

Convolutional neural networks (CNNs):

ÇConvolutional layers

ÇComputing aweighted 
sum of asubset of the       
input data and applying
anactivation function 
to the weighted sum.

ÇShift the weighting filter 
(kernel) with the same
coefficients but now to
different input data.
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ω

Neural Networks

Typesof NeuralNetworks

Convolutional neural networks (CNNs):

ÇConvolutional layers

ÇComputing aweighted 
sum of asubset of the       
input data and applying
anactivation function 
to the weighted sum.

ÇShift the weighting filter 
(kernel) with the same
coefficients but now to
different input data.

ÇDo this over the entire 
range of the input data.
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Neural Networks

Typesof NeuralNetworks

Convolutional neural networks (CNNs):

ÇParameters of CNNs

ÇStride(x = 1, y = 1)
ÇPadding  (x = 0, y = 0)
ÇDilation (x =0, y = 0) 

Stride in x 
direction

Stride in y 
direction
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Neural Networks

Typesof NeuralNetworks

Convolutional neural networks (CNNs):

ÇParameters of CNNs

ÇStride(x = 2, y = 1)
ÇPadding  (x = 0, y = 0)
ÇDilation (x =0, y = 0) 

Stride in y 
direction

Stride in x 
direction

Result is compressed 
in x direction
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ω

Neural Networks

Typesof NeuralNetworks

Convolutional neural networks (CNNs):

ÇParameters of CNNs

ÇStride (x = 1, y = 1)
ÇPadding (x = 0, y = 0)
ÇDilation (x =0, y = 0) 

No padding
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ω

Neural Networks

Typesof NeuralNetworks

Convolutional neural networks (CNNs):

ÇParameters of CNNs

ÇStride (x = 1, y = 1)
ÇPadding (x = 1, y = 1)
ÇDilation (x =0, y = 0) 

Padding (filled with zeros) 
of one element

Padding allows to keep 
the original data size!
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ω

Neural Networks

Typesof NeuralNetworks

Convolutional neural networks (CNNs):

ÇParameters of CNNs

ÇStride (x = 1, y = 1)
ÇPadding  (x = 0, y = 0)
ÇDilation (x =0, y = 0) 

No dilation
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Neural Networks

Typesof NeuralNetworks

Convolutional neural networks (CNNs):

ÇParameters of CNNs

ÇStride (x = 1, y = 1)
ÇPadding  (x = 0, y = 0)
ÇDilation (x =1, y = 1) 

Dilation is some sort of subsampling 
within the kernels
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Neural Networks

Typesof NeuralNetworks

Convolutional neural networks (CNNs):

ÇKernels of CNNs

ÇFirst kernel 

A multitude of kernels leads to an extra 
dimension for the intermediate data 

structures (see next slide)
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Neural Networks

Typesof NeuralNetworks

Convolutional neural networks (CNNs):

ÇKernels of CNNs

ÇFirst kernel
ÇSecond kernel 

A multitude of kernels leads to an extra 
dimension for the intermediate data 

structures (see next slide)
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Neural Networks

Typesof NeuralNetworks

Convolutional neural networks (CNNs):

ÇKernels of CNNs

ÇFirst kernel
ÇSecond kernel
Ç¦ǎǳŀƭƭȅ άо5 ǇǊƻŎŜǎǎƛƴƎέ 

https://animatedai.github.io/



Digital Signal Processing and System Theory | Pattern Recognition | Neural Networks Slide40

ω

Neural Networks

Typesof NeuralNetworks

Convolutional neural networks (CNNs):

ÇPooling can be realized e.g. by computing the
maximum over an overlapping and moving
part of the input: 

ÇThe basic idea behind pooling is that it is important that a specific pattern is found in a certain area,
ōǳǘ ƛǘΩǎ ƴƻǘ ƛƳǇƻǊǘŀƴǘ ǿƘŜǊŜ ŜȄŀŎǘƭȅΦ

ÇPooling is often combined with subsampling of the output structures (striding). 



Digital Signal Processing and System Theory | Pattern Recognition | Neural Networks Slide41

ω

Neural Networks

Typesof NeuralNetworks

Convolutional neural networks (CNNs):

Ç!ǘ ǘƘŜ ŜƴŘ ƻŦ ǘƘŜ ƴŜǘǿƻǊƪ ǎǘǊǳŎǘǳǊŜ ǘƘŜ о5 Řŀǘŀ ǎǘǊǳŎǘǳǊŜǎ ŀǊŜ ǊŜŀǊǊŀƴƎŜŘ ƛƴǘƻ ŀ ǎƛƴƎƭŜ ǾŜŎǘƻǊ ŀƴŘ ŀ άŎƻƴǾŜƴǘƛƻƴŀƭέ 
network is used for generating the final output.

Input
(e.g. picture)
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Neural Networks

Typesof NeuralNetworks

Convolutional neural networks (CNNs):

Ç¢Ƙƛǎ ǎǘǊǳŎǘǳǊŜ ŀƭƭƻǿǎ ŦƻǊ ŀƴ ƛƴǘŜǊŜǎǘƛƴƎ ŎƻƳōƛƴŀǘƛƻƴ ƻŦ άŎƻƴǾŜƴǘƛƻƴŀƭέ ǇǊƻŎŜǎǎƛƴƎ ŀƴŘ Řŀǘŀ-driven approaches.   

ÇBasic idea:



Digital Signal Processing and System Theory | Pattern Recognition | Neural Networks Slide43

ω

Neural Networks

Typesof NeuralNetworks

Convolutional neural networks (CNNs):

Ç¢Ƙƛǎ ǎǘǊǳŎǘǳǊŜ ŀƭƭƻǿǎ ŦƻǊ ŀƴ ƛƴǘŜǊŜǎǘƛƴƎ ŎƻƳōƛƴŀǘƛƻƴ ƻŦ άŎƻƴǾŜƴǘƛƻƴŀƭέ ǇǊƻŎŜǎǎƛƴƎ ŀƴŘ Řŀǘŀ-driven approaches.   

ÇBasic idea:

ÇA first example: Tremor analysis 
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Neural Networks

Typesof NeuralNetworks

Convolutional neural networks (CNNs):

Ç¢Ƙƛǎ ǎǘǊǳŎǘǳǊŜ ŀƭƭƻǿǎ ŦƻǊ ŀƴ ƛƴǘŜǊŜǎǘƛƴƎ ŎƻƳōƛƴŀǘƛƻƴ ƻŦ άŎƻƴǾŜƴǘƛƻƴŀƭέ ǇǊƻŎŜǎǎƛƴƎ ŀƴŘ Řŀǘŀ-driven approaches.   

ÇBasic idea:

ÇA first example: Tremor analysis 

ÇData-driven part
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Neural Networks

Typesof NeuralNetworks

Convolutional neural networks (CNNs):

ÇData-driven partÇKnowledge-driven part:
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Neural Networks

Typesof NeuralNetworks

Convolutional neural networks (CNNs):

ÇResults for a first classification (healthy versus disease) 
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Neural Networks

Typesof NeuralNetworks

Convolutional neural networks (CNNs):

ÇResults for a first classification (healthy versus disease) 

ÇResults for a second classification (Parkinson versus essential tremor) 
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Neural Networks

Typesof NeuralNetworks

Convolutional neural networks (CNNs):
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Neural Networks

Typesof NeuralNetworks

Convolutional neural networks (CNNs):

ÇA second example:  Classifying ships by their (underwater) sound
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Neural Networks

Typesof NeuralNetworks

Convolutional neural networks (CNNs):

ÇA second example:  Classifying ships by their (underwater) sound
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Neural Networks

Typesof NeuralNetworks

Convolutional neural networks (CNNs):

ÇA second example:  Classifying ships by their (underwater) sound
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Neural Networks

Typesof NeuralNetworks

Network structure(s):

Multilayer perceptron AutoencoderConvolutional neural network Recurrent neural network

LSTM network ά¦-ƴŜǘέ Attention-based network Generative adversarial network
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Neural Networks

Typesof NeuralNetworks

Autoencoder networks:

Ç Instead of mapping 
input vectors on 
features, it is 
tried to reconstruct
the input at the
output.

Ç In the middle of the 
network a 
bottleneck layer 
is used.

ÇThis could be used
for data compression 
(in some sense similar 
to a codebook) 
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Neural Networks

Typesof NeuralNetworks

Autoencoder networks:

ÇThe first part of the
network is called
(auto-) encoder.

ÇThe second part is 
called (auto-) 
decoder.

ÇCan be seen as a 
nonlinear 
extension of a 
PCA-based data
compression.

Encoder Decoder
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Neural Networks

Typesof NeuralNetworks

Autoencoder networks:

ÇApplication 
example: under-
water speech
transmission

ÇThe spectral 
envelope of 
short speech
frames is coded
and transmitted
(digital part).

ÇThe residual signal
is transmitted in
an analog 
manner.

Encoder Decoder

Trans-
mitter

Channel

Receiver
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Neural Networks

Typesof NeuralNetworks

Autoencoder networks:

ÇApplication 
example: under-
water speech
transmission

ÇThe spectral 
envelope of 
short speech
frames is coded
and transmitted
(digital part).

ÇThe residual signal
is transmitted in
an analog 
manner.

Encoder Decoder

Trans-
mitter

Channel

Receiver
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Neural Networks

Typesof NeuralNetworks

Autoencoder networks:

Çά/ƻƴǾŜƴǘƛƻƴŀƭέ 
(linear) data
compression 
by means of PCA
(principle compo-
nent analysis).

ÇEigenvectorsand
-values of the     
autocorrelation
matrix are 
computed.

ÇTransmission of
the compressed
feature vectors.

Encoder Decoder

Feature vector
with high 
dimension

Compressed 
feature vector

with low dimension

Compressed 
feature vector
with low dimension

Reconstructed feature 
vector with high 

dimension

Matrix with some eigenvectors 
that belong to the larges 

eigenvalues
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Autoencoder networks:

Çά/ƻƴǾŜƴǘƛƻƴŀƭέ 
(linear) data
compression 
by means of PCA
(principle compo-
nent analysis).

ÇEigenvectorsand
-values of the     
autocorrelation
matrix are 
computed.

ÇTransmission of
the compressed
feature vectors.

Encoder Decoder

Feature vector
with high 
dimension

Compressed 
feature vector

with low dimension

Compressed 
feature vector
with low dimension

Reconstructed feature 
vector with high 

dimension

Matrix with some eigenvectors 
that belong to the larges 

eigenvalues

Feature 1

Feature 2

Data cloud
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Autoencoder networks:

Çά/ƻƴǾŜƴǘƛƻƴŀƭέ 
(linear) data
compression 
by means of PCA
(principle compo-
nent analysis).

ÇEigenvectorsand
-values of the     
autocorrelation
matrix are 
computed.

ÇTransmission of
the compressed
feature vectors.

Encoder Decoder

Feature vector
with high 
dimension

Compressed 
feature vector

with low dimension

Compressed 
feature vector
with low dimension

Reconstructed feature 
vector with high 

dimension

Matrix with some eigenvectors 
that belong to the larges 

eigenvalues

Feature 1

Feature 2

Data cloud

Eigenvectors of correlation matrix
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Autoencoder networks:

Çά/ƻƴǾŜƴǘƛƻƴŀƭέ 
(linear) data
compression 
by means of PCA
(principle compo-
nent analysis).

ÇEigenvectorsand
-values of the     
autocorrelation
matrix are 
computed.

ÇTransmission of
the compressed
feature vectors.

Encoder Decoder

Feature vector
with high 
dimension

Compressed 
feature vector

with low dimension

Compressed 
feature vector
with low dimension

Reconstructed feature 
vector with high 

dimension

Matrix with some eigenvectors 
that belong to the larges 

eigenvalues

Feature 1

Feature 2

Data cloud

Projection on eigenvector 
belonging to largest

eigenvalue

Compressed dimension 1
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Autoencoder networks:

Çά/ƻƴǾŜƴǘƛƻƴŀƭέ 
(linear) data
compression 
by means of PCA
(principle compo-
nent analysis).

ÇEigenvectorsand
-values of the     
autocorrelation
matrix are 
computed.

ÇTransmission of
the compressed
feature vectors.

Encoder Decoder

Feature vector
with high 
dimension

Compressed 
feature vector

with low dimension

Compressed 
feature vector
with low dimension

Reconstructed feature 
vector with high 

dimension

Matrix with some eigenvectors 
that belong to the larges 

eigenvalues

Feature 1

Feature 2

Data cloud

Compressed dimension 1

Just a different 
ǾƛǎǳŀƭƛȊŀǘƛƻƴ Χ
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Autoencoder networks:

Çά/ƻƴǾŜƴǘƛƻƴŀƭέ 
(linear) data
compression 
by means of PCA
(principle compo-
nent analysis).

ÇEigenvectorsand
-values of the     
autocorrelation
matrix are 
computed.

ÇTransmission of
the compressed
feature vectors.

Encoder Decoder

Feature vector
with high 
dimension

Compressed 
feature vector

with low dimension

Compressed 
feature vector
with low dimension

Reconstructed feature 
vector with high 

dimension

Matrix with some eigenvectors 
that belong to the larges 

eigenvalues

Feature 1

Feature 2

Data cloud

Compressed dimension 1

Inverse 
compression

(with information loss)

Feature 1

Feature 2
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Variational autoencoder networks:

Ç In the basic setup
overfitting and
undesired 
behavior for 
άunseenέ Řŀǘŀ
occurs. 

ÇThis can be 
improved by 
modellingalso 
the distribution
of the latent 
variables (as a 
GMM).

Encoder Decoder



Digital Signal Processing and System Theory | Pattern Recognition | Neural Networks Slide64

ω

Neural Networks

Typesof NeuralNetworks

Variational autoencoder networks:

ÇNow the GMM
parameters are
estimated by the 
encoder. 

ÇAfterwards 
resamplingis 
applied to vary 
the data and 
increase 
robustness to     
outliers.

ÇHowever, this is 
critical for 
training based on
backpropagation.

Encoder Decoder

Resampling
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Variational autoencoder networks:

Encoder Decoder

ÇWith a little trick
a random vector
can be created 
that still allows 
pack propagation 
to work.

ÇUsing a random
process 
generator     
resampled 
feature 
vectors
are created:
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VQ-AE Example (MNIST):

ÇMNIST consists of
handwritten digits

ÇCodes are assigned 
during training

ÇBasis for things like:

https://openai.com/blog/dall -e/
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Example (Audio):

ÇMixed analog/digital 
versus standard 
processing
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Measurement setup:

ÇParameters:
Ç50 kHz base frequency
ÇҒ рлл Ƴ ŘƛǎǘŀƴŎŜ
ÇҒ мл-15 m water depth
ÇSingle Input, Single Output

ÇMarinearsenalKiel

ÇSubmarine hangar to CASSy

ÇMixed and traditional transmission

ÇTraditional approach ÇNew approach
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Network structure(s):

Multilayer perceptron AutoencoderConvolutional neural network Recurrent neural network

LSTM network ά¦-ƴŜǘέ Attention-based network Generative adversarial network
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Recurrent neural networks (RNNs):

ÇRecursive branches are added to the network
to allow for efficient modelling of temporal 
memory. 

ÇStability (during operation) is not really an issue
(in contrast to IIR filters), since usually the 
activation functions include limitations.

ÇVery often the delay element is not depicted in
literature of RNNs.

Input
layer

Output
layer

(Extended) hidden layer
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Recurrent neural networks (RNNs):

ÇTraining could be 
done easily if
the network is
unfolded.

ÇAfterwards again
ŀ άǎǘŀƴŘŀǊŘέ 
network with 
extended in- and
outputs as well as
with coefficient
limitations can
be trained. Input

layer

Output
layer

Hidden
layer

Input
layer

Output
layer

Hidden
layer

Input
layer

Output
layer

Hidden
layer

Input
layer

Output
layer

Hidden
layer

Input
layer

Output
layer

Hidden
layer
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Network structure(s):

Multilayer perceptron AutoencoderConvolutional neural network Recurrent neural network

LSTM network ά¦-ƴŜǘέ Attention-based network Generative adversarial network
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Long-short-time memory networks (LSTMs):

ÇLSTMsare extensions of basic recurrent networks that 
ŘƻƴΩǘ ǎǳŦŦŜǊ ŦǊƻƳ ǘƘŜ vanishing gradient problem.
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Long-short-time memory networks (LSTMs):

ÇLSTMsare extensions of basic recurrent networks that 
ŘƻƴΩǘ ǎǳŦŦŜǊ ŦǊƻƳ ǘƘŜ vanishing gradient problem.

ÇLSTMsare extended RNNs with an additional hidden
cell state which serves as memory.

ÇOften used in classifying, processingand making
predictionsbased on time series datasuch as 
language translation.

Input
layer

Output
layer

Hidden
layer

Exten-
ded

hidden
layer

Input
layer

Output
layer

Hidden cell state

Basic structure of a cell of a recurrent network

Basic structure of an LSTM cell
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Long-short-time memory networks (LSTMs):

Input
layer

Out-
put

layer

Exten-
ded

hidden
layer

Input gate
όл Χ мύ

Forget gate
όл Χ мύ

Extended hidden layer

Basic structure of an 
LSTM cell

ÇLSTMsare extensions of basic recurrent networks that 
ŘƻƴΩǘ ǎǳŦŦŜǊ ŦǊƻƳ ǘƘŜ vanishing gradient problem.

ÇLSTMsare extended RNNs with an additional hidden
cell state which serves as memory.

ÇOften used in classifying, processingand making
predictionsbased on time series datasuch as 
language translation.

ÇThree gates:

Ç Input gate
ÇForgetgate
ÇOutput gate

Output gate
όл Χ мύ
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Long-short-time memory networks (LSTMs):

Input gate
όл Χ мύ

Forget gate
όл Χ мύ

Extended hidden layer

ÇLSTMsare extensions of basic recurrent networks that 
ŘƻƴΩǘ ǎǳŦŦŜǊ ŦǊƻƳ ǘƘŜ vanishing gradient problem.

ÇLSTMsare extended RNNs with an additional hidden
cell state which serves as memory.

ÇOften used in classifying, processingand making
predictionsbased on time series datasuch as 
language translation.

ÇThree gates:

Ç Input gate
ÇForgetgate
ÇOutput gate

Output gate
όл Χ мύ

ÇExample from text processing:

Gerhard is preparing lectureslides. 

{ǘƻǊŜ άƳŀƭŜέ ƛƴ ŀ ǎǘŀǘŜ
{ǘƻǊŜ άǇƭǳǊŀƭέ ƛƴ ŀƴƻǘƘŜǊ ǎǘŀǘŜ
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Long-short-time memory networks (LSTMs):

Input gate
όл Χ мύ

Forget gate
όл Χ мύ

Extended hidden layer

ÇLSTMsare extensions of basic recurrent networks that 
ŘƻƴΩǘ ǎǳŦŦŜǊ ŦǊƻƳ ǘƘŜ vanishing gradient problem.

ÇLSTMsare extended RNNs with an additional hidden
cell state which serves as memory.

ÇOften used in classifying, processingand making
predictionsbased on time series datasuch as 
language translation.

ÇThree gates:

Ç Input gate
ÇForgetgate
ÇOutput gate

Output gate
όл Χ мύ

ÇExample from text processing:

Gerhardis preparing lectureslides. Jennifer
is checking them.

CƻǊƎŜǘ άƳŀƭŜέ ŀƴŘ ǎǘƻǊŜ 
άŦŜƳŀƭŜέ ƛƴ ŀ ǎǘŀǘŜ
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Long-short-time memory networks (LSTMs):

ÇLSTMsare extensions of basic recurrent networks that 
ŘƻƴΩǘ ǎǳŦŦŜǊ ŦǊƻƳ ǘƘŜ vanishing gradient problem.

ÇLSTMsare extended RNNs with an additional hidden
cell state which serves as memory.

ÇOften used in classifying, processingand making
predictionsbased on time series datasuch as 
language translation.

ÇThree gates:

Ç Input gate
ÇForgetgate
ÇOutput gate
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Long-short-time memory networks (LSTMs):

ÇLSTMsare extensions of basic recurrent networks that 
ŘƻƴΩǘ ǎǳŦŦŜǊ ŦǊƻƳ ǘƘŜ vanishing gradient problem.

ÇLSTMsare extended RNNs with an additional hidden
cell state which serves as memory.

ÇOften used in classifying, 
processingand making
predictionsbased on 
time series datasuch as 
language translation.

ÇThree gates:

Ç Input gate
ÇForgetgate
ÇOutput gate

Ç Input gate:

ÇForgotgate:

ÇOutput gate:
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Long-short-time memory networks (LSTMs):

ÇLSTMsare extensions of basic recurrent networks that 
ŘƻƴΩǘ ǎǳŦŦŜǊ ŦǊƻƳ ǘƘŜ vanishing gradient problem.

ÇLSTMsare extended RNNs with an additional hidden
cell state which serves as memory.

ÇOften used in classifying, 
processingand making
predictionsbased on 
time series datasuch as 
language translation.

ÇThree gates:

Ç Input gate
ÇForgetgate
ÇOutput gate

Ç Input gate:

ÇForgotgate:

ÇOutput gate:

ÇCell state update:

ÇHidden state update:
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Long-short-time memory networks (LSTMs):

Ç Input gate:

ÇForgotgate:

ÇOutput gate:

ÇCell state update:

ÇHidden state update:



Digital Signal Processing and System Theory | Pattern Recognition | Neural Networks Slide82

ω

Neural Networks

Typesof NeuralNetworks

Network structure(s):

Multilayer perceptron AutoencoderConvolutional neural network Recurrent neural network

LSTM network ά¦-ƴŜǘέ Attention-based network Generative adversarial network
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Attention-based networks:

ÇSo-called transformersin combination with attention-based
preprocessingis often used for the translation of texts (input in 
one language, output in another).

Çά!ǘǘŜƴǘƛƻƴέ ǿŀǎ inventedby Vaswani, Ashish, Shazeer, et al. 
in 2017 (see graphic on the left)

ÇConsists of a encoderand a decoderpart.

ÇWe will not go into all details of transformers (see hint at the end 
of this slide section), but since attention can be used in several 
other applications, we will go a bit into detail here.
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ÇSimplification to understand the 
basic principle

Attention-based networks:

Encoder

Decoder

Entire sentence 
in language A

Previous word 
in language B

Probability of next 
word in language B

ά¢ǊŀƴǎŦƻǊƳŜŘέ 
sentence in 
language A
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ÇSimplification to understand the 
basic principle

ÇRecurrent principle of the 
decoder

Attention-based networks:

Encoder

Decoder

Entire sentence 
in language A

Previous word 
in language B

Probability of next 
word in language B

ά¢ǊŀƴǎŦƻǊƳŜŘέ 
sentence in 
language A Best match 

selection
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ÇSimplification to understand the 
basic principle

ÇRecurrent principle of the 
decoder

ÇMultiple encoder and 
decoder stages are 
connected.

Ç Input and output vectors
have the same size and 
ǘƘŜ ǎŀƳŜ άŘŜŦƛƴƛǘƛƻƴέΦ

Attention-based networks:

Encoder 1 Decoder 1

Entire sentence 
in language A

Previous word 
in language B

Probability of next 
word in language B

ά¢ǊŀƴǎŦƻǊƳŜŘέ 
sentence in 
language A Best match 

selection

Encoder N

Decoder 2

Decoder M
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ÇThe problemwith recurrent networks that are 
ǘǊŀƛƴŜŘ ǿƛǘƘ ƭŀǊƎŜ άdefoldingέ ŀǊŜ vanishing(and/or 
exploiting) gradients.

ÇHowever, in translation a large context is required.

ÇExample:

ÇHave a look on the contextƻŦ άƛǘέΦ
ÇPredictthe next word.

Attention-based networks:

Gerhard ordered a new notebook. When it arrived at home, his 
daughter thought it was for her and was very happy. However, it was 
not working as expected and Gerhard had to send it ...
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ÇBasic principle of word embedding

ÇWords are converted
in to a high dimensional
vector space.

ÇSpatial closeness indicates
ŀ όǎǘǊƻƴƎύ άǊŜƭŀǘƛƻƴǎƘƛǇέΦ

Attention-based networks:

Gerhard

he man

lazy

tired

inactive

professor

university
teaching

lecture
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ÇBasic principle of weighted 
averaging:

ÇHere spatial / temporal closeness 
is mapped on weights.

ÇThe kernel is a Hann window.

Ç Importance or SNR of the input 
samples is not taken into account.

Ç!ƭǎƻΣ άǊŜƭŀǘƛƻƴǎƘƛǇǎέ ŀƳƻƴƎ ǘƘŜ 
input samples are not exploited.

Attention-based networks:
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ÇBasic principle of transformers (simplified)

ÇText translation

ÇFirst input is converted 
and encoded.

Attention-based networks:

Encoder

SOS          Gerhard          bought           a                 car               EOS

Decoder
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ÇBasic principle of transformers (simplified)

ÇText translation

ÇFirst input is converted 
and encoded.

ÇNext the decoder starts 
with the start of the sentence (SOS)

Attention-based networks:

Encoder

SOS          Gerhard          bought           a                 car               EOS

Decoder

SOS
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ÇBasic principle of transformers (simplified)

ÇText translation

ÇFirst input is converted 
and encoded.

ÇNext the decoder starts 
with the start of the sentence (SOS)

Attention-based networks:

Encoder

SOS          Gerhard          bought           a                 car               EOS

Decoder

Gerhard

Best match 
selection
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ÇBasic principle of transformers (simplified)

ÇText translation

ÇFirst input is converted 
and encoded.

ÇNext the decoder starts 
with the start of the sentence (SOS)

ÇSelect the best match and compute
the decoder again.

Attention-based networks:

Encoder

SOS          Gerhard          bought           a                 car               EOS

Decoder

kaufte

Best match 
selection
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ÇBasic principle of transformers (simplified)

ÇText translation

ÇFirst input is converted 
and encoded.

ÇNext the decoder starts 
with the start of the sentence (SOS)

ÇSelect the best match and compute
the decoder again.

Ç!ƴŘ ǎƻ ƻƴ Χ

Attention-based networks:

Encoder

SOS          Gerhard          bought           a                 car               EOS

Decoder

ein

Best match 
selection
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ÇBasic principle of attention

Ç Input words: SOS   Gerhard   is      lazy    but     he    likes   to       be          a     professor       EOF 

Ç Input vectors:

ÇQueries:

ÇKeys:

ÇPreliminary weights:

ÇFinal weights:

ÇNew embedding:  

Attention-based networks:
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ÇBasic principle of (self) attention heads

Ç Input vectors:

ÇQueries:

ÇKeys:

ÇValues:

ÇPreliminary weights:

ÇFinal weights:

ÇNew embedding: 

Attention-based networks:

These three matrices 
will be optimized 
during the training.
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ÇFull structure

Ç.ŜǎƛŘŜ άǎŜƭŦ ŀǘǘŜƴǘƛƻƴέ ŀƭǎƻ 
άƳŀǎƪŜŘ ŀǘǘŜƴǘƛƻƴέ ƛǎ ǳǎŜŘ ƛƴ ǘƘŜ
decoder.

ÇEach attention block is followed
by an adder and a normalization 
unit (mean subtraction and
division by standard deviation).

ÇAfterwards a simple feed forward
network is computed.

Attention-based networks:
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ÇVery good explanation from Lennart Svensson, 
Chalmers University of Technology, Göteborg, Sweden

ÇYouTubevideos

Çhttps://www.youtube.com/watch?v=0SmNEp4zTpc
Çhttps://www.youtube.com/watch?v=ER_KqqtoikA
Ç (see playlist for further seven videos)

Attention-based networks:

https://www.youtube.com/watch?v=0SmNEp4zTpc
https://www.youtube.com/watch?v=ER_KqqtoikA
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Ç¢ŜƳǇŜǊŀǘǳǊŜΣ άǘƻǇ ǇέΣ ŀƴŘ άǘƻǇ ƪέ

Attention-based networks:
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Ç¢ŜƳǇŜǊŀǘǳǊŜΣ άǘƻǇ ǇέΣ ŀƴŘ άǘƻǇ ƪέ

Attention-based networks:
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Ç¢ŜƳǇŜǊŀǘǳǊŜΣ άǘƻǇ ǇέΣ ŀƴŘ άǘƻǇ ƪέ

Attention-based networks:

Input: SOS          Gerhard          kaufte ein Auto                                                                                                   EOS

Output : {h{          DŜǊƘŀǊŘ          ōƻǳƎƘǘ           ŀ                 ŎŀǊ κ ǾŜƘƛŎƭŜ κ ǎŜŘŀƴ κ ŀǳǘƻƳƻōƛƭŜ κ ƭƛƳƻǳǎƛƴŜ κ ǾŀƴΣ ΧΦ

0.31 /  0.22  /   0.13  /       0.12      / 0.05            / 0.02 

Example:
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Ç¢ŜƳǇŜǊŀǘǳǊŜΣ άǘƻǇ ǇέΣ ŀƴŘ άǘƻǇ ƪέ

Attention-based networks:

Top k:

ÇUse only the k = 2 predictions with the largest estimated probability

Input: SOS          Gerhard          kaufte ein Auto                                                                                                   EOS

Output : {h{          DŜǊƘŀǊŘ          ōƻǳƎƘǘ           ŀ                 ŎŀǊ κ ǾŜƘƛŎƭŜ κ ǎŜŘŀƴ κ ŀǳǘƻƳƻōƛƭŜ κ ƭƛƳƻǳǎƛƴŜ κ ǾŀƴΣ ΧΦ

0.31 /  0.22  /   0.13  /       0.12      / 0.05            / 0.02 

Example:



Digital Signal Processing and System Theory | Pattern Recognition | Neural Networks Slide103

ω

Neural Networks

Types of Neural Networks

Ç¢ŜƳǇŜǊŀǘǳǊŜΣ άǘƻǇ ǇέΣ ŀƴŘ άǘƻǇ ƪέ

Attention-based networks:

Top k:

ÇUse only the k = 2 predictions with the largest estimated probability

Input: SOS          Gerhard          kaufte ein Auto                                                                                                   EOS

Output : {h{          DŜǊƘŀǊŘ          ōƻǳƎƘǘ           ŀ                 ŎŀǊ κ ǾŜƘƛŎƭŜ κ ǎŜŘŀƴ κ ŀǳǘƻƳƻōƛƭŜ κ ƭƛƳƻǳǎƛƴŜ κ ǾŀƴΣ ΧΦ

0.31 /  0.22  /   0.13  /       0.12      / 0.05            / 0.02 

Example:

Top p:

ÇUse only those predictions with the largest estimated probabilities for 
which the accumulated probability p is smaller than p = 0.7

Accumulated probability:     0.31 /  0.53  /   0.66  /       0.78      / 0.83           / 0.85 
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Neural Networks

Types of Neural Networks

Ç¢ŜƳǇŜǊŀǘǳǊŜΣ άǘƻǇ ǇέΣ ŀƴŘ άǘƻǇ ƪέ

Attention-based networks:

Input: SOS          Gerhard          kaufte ein Auto                                                                                                   EOS

Output : {h{          DŜǊƘŀǊŘ          ōƻǳƎƘǘ           ŀ                 ŎŀǊ κ ǾŜƘƛŎƭŜ κ ǎŜŘŀƴ κ ŀǳǘƻƳƻōƛƭŜ κ ƭƛƳƻǳǎƛƴŜ κ ǾŀƴΣ ΧΦ

0.31 /  0.22  /   0.13  /       0.12      / 0.05            / 0.02 

Example:

Random add-on:                   -0.45 /  0.03  /   0.52  /       0.23      / -0.21          / 0.02 

New outputs:                        -0.14 /  0.25  /   0.65  /       0.35      / -0.16          / 0.04 

Temperature:

ÇAdd random values of adjustable variance (denoted as temperature) to the 
original results and select afterwards
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Neural Networks

Types of Neural Networks

Ç¢ŜƳǇŜǊŀǘǳǊŜΣ άǘƻǇ ǇέΣ ŀƴŘ άǘƻǇ ƪέ

Attention-based networks:

Input: SOS          Gerhard          kaufte ein Auto                                                                                                   EOS

Output : {h{          DŜǊƘŀǊŘ          ōƻǳƎƘǘ           ŀ                 ŎŀǊ κ ǾŜƘƛŎƭŜ κ ǎŜŘŀƴ κ ŀǳǘƻƳƻōƛƭŜ κ ƭƛƳƻǳǎƛƴŜ κ ǾŀƴΣ ΧΦ

0.31 /  0.22  /   0.13  /       0.12      / 0.05            / 0.02 

Example:

Random add-on:                   -0.45 /  0.03  /   0.52  /       0.23      / -0.21          / 0.02 

New outputs:                        -0.14 /  0.25  /   0.65  /       0.35      / -0.16          / 0.04 

Temperature:

ÇAdd random values of adjustable variance (denoted as temperature) to the 
original results and select afterwards
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Typesof NeuralNetworks

Network structure(s):

Multilayer perceptron AutoencoderConvolutional neural network Recurrent neural network

LSTM network ά¦-ƴŜǘέ Attention-based network Generative adversarial network
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U-net

Motivation:

Input pictures from the 
PhC-U373 data set 

(ISBI cell tracking challenge)

Output pictures 
(yellow = manual labeling, 

colored areas = u-net results)

ÇOriginally designed for image segmentation
(in contrast to image classification) for 
medical applications 

ÇTwonew ideas:

ÇData (input and labels) duplication
with modification ([non-linear] 
ǎǘǊŜǘŎƘƛƴƎΣ ǊƻǘŀǘƛƻƴΣ ǎǳōǎŀƳǇƭƛƴƎΣ Χύ

ÇNew network architecture consisting
of a contraction (encoder)and 
expansion (decoder) path with 
a bottleneck in between
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U-net

Motivation:

Ronneberger, Fischer and Brox, U-Net: Convolutional Neural Networks for BiomdicalImage 
Segmentation, In: Medical Image Computing and Computer-Assisted Intervention (MICCAI), LNCS, 
Springer, 2015, vol. 9351, p. 234-241. Available at: https://arxiv.org/abs/1505.04597

ÇOriginally designed for image segmentation
(in contrast to image classification) for 
medical applications 

ÇTwonew ideas:

ÇData (input and labels) duplication
with modification ([non-linear] 
ǎǘǊŜǘŎƘƛƴƎΣ ǊƻǘŀǘƛƻƴΣ ǎǳōǎŀƳǇƭƛƴƎΣ Χύ

ÇNew network architecture consisting
of a contraction (encoder)and 
expansion (decoder) path with 
a bottleneck in between

https://arxiv.org/abs/1505.04597
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U-net

Structure:

ÇThe contraction path ƛǎ ŀōƻǳǘ άǿƘŀǘ ƛǎ ǘƻ ōŜ 
ǎŜŜƴ ƛƴ ǘƘŜ ƛƳŀƎŜέΣ ŀƴŘ ƴƻǘ ǎƻ ƳǳŎƘ ǿƘŜǊŜ 
(contextual feature extraction).

Ç It is built of convolution layers (multiple 
layers per green/blue box) and
ReLUactivation, followed by a 
pooling layer to reduce the image 
resolution.

ÇThe number of feature maps (filters) 
increases with each level, the image 
resolution decreases.

Input

Output (of contraction part)

Contraction part
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U-net

Structure:

ÇThe bottleneck is used to compress 
features in a more concise way. Input

Bottel-
neck
partContraction part
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U-net

Structure:

ÇThe expansion path is used to localize 
where features appear within the 
image. It creates a high-resolution 
image map.

Ç It uses upconvolution(upsampling) 
to increase the image resolution.

Input

Bottel-
neck
partContraction part

Output

Expansion part
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Neural Networks

U-net

Structure:

ÇThe expansion path is used to localize 
where features appear within the 
image. It creates a high-resolution 
image map.

ÇLǘ ǳǎŜǎ άupconvolutionέ όupsampling) 
to increase the image resolution,

Çconcatenates the feature maps 
with those from the contraction 
path at the same level,

Çand applies convolution.

Input

Bottel-
neck
partContraction part

Output

Expansion part

Conca-
tenation

part
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Neural Networks

ÇMotivation

ÇStructure of a (basic) neural network

ÇApplications of neural networks

ÇTypes of neural networks

ÇBasic training of neural networks

ÇBackpropagation

ÇUpdate rules

ÇLearning rate scheduling

ÇTransfer learning

ÇGenerative adversarial networks

ÇReinforcement learning

Contents
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Training of NeuralNetworks ςBasics

Ç In order to be mathematically 
correct, several indices are
necessary:

ÇTimeor frame index . 
ÇLayer index .
ÇParameter index .
ÇTraining index .

ÇHowever, some of the 
indices will be dropped
in the following slides for the 
reason of better readability. 

Preliminary items ςpart 1:

Layer index Parameter index    (and   )

Time
or frame

index  

Training
index  
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Training of NeuralNetworks ςBasics

Preliminary items ςpart 2:

ÇFor a simpler description extended 
parameter vectors and extended 
signal vectors will be used in the 
following:

ÇThe input of the activation function
will be denoted with 
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Training of NeuralNetworks ςBack Propagation

Back-propagation algorithm:

ÇA popular training algorithm for neural networks is the 
so-called back-propagation algorithm. 

ÇThe algorithm is minimizing a cost function by means of
gradient descent steps.

ÇThe chain rule in differentiation plays an important 
role and it is necessary that the activation functions
are continuousand differentiable.

ÇWhile the network is computed during run-time from
the input layer to the output layer, the back-propagation
algorithm works from the output layer to the input one.

Runtime

Training

Processing direction

Processing direction


