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Motivation andLiterature

Neural networks:

¢ Neural networks are aery popularmachine learning
technique.

¢ Theysimulate the mechanisms of learning in biological
systemssuch as the human brain.

¢ The human brain / the nervous system contains cells
which are callecheurons The neurons areonnected
usingaxonsanddendrites While learning the
connections between neurons are changed.

¢ Within this lecture we will talk abourtificial neural
networksthat mimic the processes in the human )
ONFAyd ¢KS R2SOUABS al NI
reasons of brevity.
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Motivation andLiterature

Deep learning:

Accuracy

¢ The advantage of neuronal structures is their ability to be A

adapted to several types of problentsy changing their Deep learning
size and internal structure

Cc A few years ago scalleddeep approachesappeared. This

was one of the main factors for the success of neural
networks.

Conventional
approaches

KIyR

(@
A
(0p))
7))

Ca5SSLE YSIya KSNB (severdinanbs 2y
hidden layers On the other hand it means thapecific
training proceduresare used.

»
c Compared to conventional (shallow) structures deep Available data size

approaches arepecially suitedf alarge amount of
training data is available.
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Motivation andLiterature

Literature:

¢ C. C. AggarwdNeural Networks and Deep Learnin&pringer, 2018
¢ A.Géron Machine Learningnit ScikitLearn &Tensorflonz  h QWSAf t @85 wHnamy OAY DSNXIY | YR
¢ |. Goodfellow, YBengiq A. CourvilleDeep LearningMITP2018 (in German and English)
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¢ Structure of a (basic) neural network
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Structureof aNeuralNetwork¢ Basics

Basic structure during runtime and training:

Trainin
° x(n) - e(n)
::> Training <
algorithm
Runtime
> z(n)
Database with | > : \
input features
" — N=—) [
N ~
Database with ' > ' Distance or
input and output R— error [
features I :>l :> computation | e(n)
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Structureof aNeuralNetwork¢ Basics

Network structure(s):

Multilayer perceptron Convolutional neural network Autoencoder Recurrent neural network
I [ ]
B B B S ¢l|¢>.':# N ml- L
v .y =
LSTM network a FNete Attention-based network Generative adversarial network
{}
| |
—
oy ) o) b g __ T N
Lam—m = ’
o =" Omm’ - |’.j g
PN
L
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Structureof aNeuralNetwork¢ Basics

Network structure(s):

Multilayer perceptron

#I@I@I:ﬁ
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Structureof aNeuralNetwork¢ Basics

Network structure:

Database with
input features

Database with
input and output features

=
IZ:}% network
S

::) Training

algorithm

I

Neural

y(n)

Distance
comp.

x(n) EZZZZZ> E:::>

) o0 )

—)

Input
layer

Hidden

layer

layer
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Structureof aNeuralNetwork¢ Basics

Input Hidden Hidden Output
|nput |ayer: layer layer layer layer
Neural
network
C Sometimesonly& LJ 44 GKNRdJZAKE | & SH9 — ﬁ e )| )| [F= I
ol
ho(n) = x(n).
C Sometimes also amean compensatiorand
Input layer

anormalizationis performed: hoi(n) = xi(n) — Ha,
| — 1 — .

zi(n) — fia, Hzq rl\' l/J:CDng / , Oz,

ho.; = . > > > —
0,i(1) -
Afterwards all individually normalized inputs “’xl‘i‘ l/ngi R
are combined to a vectar x(n) —H= - - —lz:jp ho(n)

ho(n) = {ho’o(n), cany hO,NO_l(’HJ)]T
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Structureof aNeuralNetwork¢ Basics

Input Hidden Hidden Output

Hidden |ayer: layer layer layer layer
Neural
network

¢ Linear weightingof inputs withbias 2(n) ——) ﬁ e ) =) == ¥
Tmi(n) = 'wgm- (1) + b s
with
. T Hidden layer T
Wi = |Wi,0s -or Win Ny y—1] -  Jact,0 (wg,o ho(n) + bo,o)

wo,0 bo,g
¢ Nonlinearactivation functior ﬁ%_%_»ja _>/
ym,z’(n) = fact,m (xm,z' (n)) w{],lﬂ b(),l _

¢ Combinationof all results to avector. ho(n) ==

wWo Ny—1 bo,Ny—1

hne1(n) = [Yn0(n), s Yn,—1(0)]
:}%—»é—» 7‘5 L
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Structure of a Neural NetworkBasics

Activation functionsc part 1: 3 Identity function 3 Sign function 3 Sigmoid function
Th m of the weighted in lus the bi o~ o~ . i
z(n) = w" h(n) +b.
C Severahctivation functionsexist, such as s 2 4 oz % 2 4 o s s 2 A R
C the identity function Differentiation Differentiation Differentiation
fre () = a(n), | | |
¢ the signfunction, or o R R
faer (2(n) = sign(x(n)), 3° 3 T T 1T
¢ the sigmoidfunction 1 ’ 1
: . 2 2
fact(w(n)) - 14 e—x(n)’ R oo EEERE oot EEERE oo
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Structure of a Neural NetworkBasics

Activation functionsc part 2: Tanhfunction Rectified linear function & | &R T dzy O

¢ Furtheractivation functions = = =

¢ the tanh function g7 /_ £ £ O‘/—
2z(n) _ 1 i i ; ;

€
faer (o)) = ey ’ ’ :
¢ the rectified linearfunction (or unit,ReLV g v !
Differentiation Differentiation Differentiation

fact (:B(n)) = maX{O, az(n)}, ’ ’ ’

Clj Kﬁarddﬁnh('] TdZY'C)lj A 2)/ - 1 /\ . 1 :1
foor(a(m) = max{min{1, z(n)}, ~1}. =,

Ct(I)
ct(I)
ct(I)

fi
fa
fa
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Structureof aNeuralNetwork¢ Basics

Input Hidden Hidden Output
Output |ayer: layer layer layer layer
Neural
network
C Sometimesonly& LJ 43 (KNRdzZAKE f | &8 SRY— ﬁ ) ) )| [ ™
g(n) = hu(n). |
C Sometimes also Emitation Output layer
@lim,i(n) = max {Cgmina min {gmax: hM,z(n)}} Minimum
and anormalizationis performed: " " ]
?)(n) B glim,i(n) Maximum
7 — Nag—1 . =] = P >(X —l= R
> Dim,i(n) o (m) == ‘ AR
1=0

Y VvV

The limited and normalized outputs atembined to a vector Normal

zation

E@—»—

g(n) = [Qo(n), e @NM_l(n)]T.

Y
Y
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Structureof aNeuralNetwork¢ Basics

Hidden layers

- Input
Layer sizes: aer Output
layer

C Theinput gnd the output layer s_ize“_, usually given by the 2(n) o — — = — = 4(n)
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. v

Sometimesnore outputs than requirecare computed in Hidden layers
order to modify the cost function.

¢ The entiresize of the networksum of all layer sizes) should
be adjusted to thesize of the available data

¢ In some applications scalledbottle neck layersare helpful. ) —) || = = [=| [ ™
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¢

C
¢ Applications of neural networks

N~
« o Y ° ¢ Realtime video object recognition
% ¢ Improving Image Resolution
_( ¢ Automatic image colorization

e “L’“

0
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Applicationsof NeuralNetworksg¢ Sources

Tesla:

C https://cleantechnica.com/2018/06/11/teskalirector-of-ai-discussegprogramminga-neuraknet-for-autopilot-video/
C https://vimeo.com/2726960027cjevent=c27333cefa3511e883d900650a18050f

Pixel Recursive Super Resolution:

¢ R. Dahl, M. Norouzi andShlensPixelRecursivésuper Resolutiof2017 IEEE International Conference on
Computer Vision (ICCV), Venice, pp. 58498, 2017.

Image colorization:

¢ http://izuka.cs.tsukuba.ac.jp/projects/colorization/data/colorization_sig2016.pdf
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Applicationsof NeuralNetworksg Reaitime Video Object Recognition

Video object recognition for Tesla cars:

C Tesla usesameras, radar and ultrasonic sensais detect objects in the surrounding area. Howevhey rely mostly on
computer vision by cameras.

C Their current systemises (mostly) a socalledconvolutional network(details later on) for object recognition. New
I LILINE | OR®IéGedlza &l fad 2 (G KS A0 NHzOGdzNBE wy20 2yfteée GKS gSAIKG

¢ The mairsystem forautonomous driving is deep neural network

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

Motion Flow Lane Lines  In-Path Objects Objects

retnes fosaron N
Lane Lines  Road Flow

Road Lights Road Signs

1 :
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Applicationsof NeuralNetworksg Reaidtime Video Object Recognition

WV EEIuLELL
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Applicationsof NeuralNetworksg Improving Image Resolution

G{ dzLJISNJ NBaz2ftdziaz2y Aa GKS LINROfSY 2F IINUAFAOALIft & Sy
NEaz2fdziA2yd® wX86§

o TTTTTTmTmmmmomeeees TTTTTTTTTTTS 8 8 input 32 % 32 samples ground truth
Neural network types used: i priornetwork
(FPixelCNN)
¢ New probabilistic deep network architectures are used that are | ., IO e
based orlog-likelihood objectives e I )
C 9EG Sy aRmixBIgNNE T0 @2 Yy O PRegN&tl daONE &yARR O |
¢ Basically two networks are used: UL e
c ! a LINRA 2 NJ )/S ¢ 2 NJ € 0K G Ol L. conditioning
(auto-regressive part of modelpPjxelCNNand network (CNN)

Cl aO2yRAUOAZ2YAY3A ySGo2N] ¢ GKIG OF LI dzNB &
2F AYl 3Sa 065%8RResNétA A-Tv& dRedlvoluonabtineural networks).

Problems:
¢ As magnification increases the neural network needs to predict missing information such as:
c O2YLX SE GOINAIGA2ya 2F 206250042 OASsLRZAYyGas AffdzYAyl i
¢ Underspecified problem, many plausible high resolution images

NNinput NNoutput
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Applicationsof NeuralNetworks¢ Automatic Image Colorization with Simultaneous Classification

Coloration of greyscale images:

¢ Aconvolutional networkusing low
level features to compute global
features forclassifying the image
(rough type of image, what are the
surroundings).

¢ Aparallel networkuses the same
low-level features to compute
mid-level features

¢ Fusionof global features (e.qg. indoor
or outdoor photo) and midevel
features are usedbr colorization
of the image.

¢ Greyscale image is then used for
luminance

1
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Luminance
(Input 1mage)

Colorization

Mid-Level Features Network HXW

HXW

Network . H W
Fusion layer 7772
Low-Level @ e
Features 7 Hw —pi>
Network . Sh?red 88 H W Upsampling
2 weights 5

Chrominance

_ 14x14
B 7X7

—

20.60% Formal Garden
T 16.13% Arch

= ] 13.50% Abbey

7.07% Botanical Garden
Global Features Network 6.53% Golf Course

Figure 2: Overview of our model for automatic colorization of grayscale images.

£22%112

56X56  28x28

Predicted labels
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Applicationsof NeuralNetworks¢ Automatic Image Colorization with Simultaneous Classification

Other examples: Typical failure cases:

Proposed

Ground truth

(a) Cranberry Picking, Sep. 1911 (b) Burns Basement, May 1910  (c) Miner, Sep. 1937 (d) Scott’s Run, Mar. 1937

1 :
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N~
« o y © ¢ Types of neural networks
% ¢ Convolutional neural networks
_( ¢ (Variational) autoencoder networks

. C Recurrent neural networks
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Typesof NeuralNetworks

Network structure(s):

Convolutional neural network

:#I !¢l L

Ly

1 :
'*M Digital Signal Processing and System Theory | Pattern Recognition | Neural Networks Slide26



Neural Networks

Typesof NeuralNetworks

Convolutional neural networks (CNNSs):

Christian-Albrechts-Universitit zu Kiel

¢ CNNs were part of thearly times in N

deep approaches
¢ They are often applied image and x(n) l:f} |:>

video applications 10x10x 16
14x14%6

¢ Oftenthree-dimensional layerswith

5x5x16

=

120x1x1

Vv

84dx1x1

=

10x1x1

specialReLUactivation functions Input 28 %28 x 6
followed bypooling (next slides) are (e.g. picture)
used.

¢ The weights of the layers are used
Fa AY | aO02y@SyldAz2yltée O2y@2tdziAz2y>
meaning that thesame weightsare
used very often (e.qg. for edge detection).

1
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Source: Adopted frol@haruC AggarwalNeural Networks and Deep Learnin§pringer, 2018
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Typesof NeuralNetworks

Convolutional neural networks (CNNSs):

¢ Convolutional layers l

¢ Computing aveighted ||
sumof asubset of the
input data and applying
anactivation function

to the weighted sum.

1
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Typesof NeuralNetworks

Convolutional neural networks (CNNSs):

¢ Convolutional layers l

Christian-Albrechts-Universitit zu Kiel

¢ Computing aveighted |
sumof asubset of the
input data and applying
anactivation function

to the weighted sum.

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

1
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Neural Networks

Typesof NeuralNetworks

Convolutional neural networks (CNNSs):

¢ Convolutional layers l

Christian-Albrechts-Universitit zu Kiel

¢ Computing aveighted H
sumof asubset of the
input data and applying

anactivation function

to the weighted sum.

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

¢ Do this over the=ntire Il
range of the input data. |

1
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Typesof NeuralNetworks

Convolutional neural networks (CNNSs): Stride in x
direction
<
¢ Parameters of CNNs l l
C Stride(x =1, y = 1) | [ ]

¢ Padding (x=0,y=0)
¢ Dilation (x =0, y = 0)

Stride iny
direction

1 :
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Typesof NeuralNetworks

Convolutional neural networks (CNNSs): Stride in x
direction
A s
¢ Parameters of CNNs i ,l,
C Stride(x =2,y = 1) | ]

¢ Padding (x=0,y=0)
¢ Dilation (x =0, y = 0)

Result is compressed
in x direction

Stride iny
direction

1 :
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Typesof NeuralNetworks

Convolutional neural networks (CNNSs):

¢ Parameters of CNNs l l
C Stride (x =1,y = 1) | [ ]
¢ Padding(x =0,y =0)
¢ Dilation (x =0, y = 0)

No padding

1 :
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Typesof NeuralNetworks

Convolutional neural networks (CNNSs):

¢ Parameters of CNNs ] ]
¢ Stride (x =1,y =1)
¢ Padding(x=1,y=1)
¢ Dilation (x =0, y = 0)

Padding (filled with zeros)
of one element

Padding allows to keep
the original data size!

1 :
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Typesof NeuralNetworks

Convolutional neural networks (CNNSs):

¢ Parameters of CNNs l l
C Stride (x =1,y = 1) | [ ]
¢ Padding (x=0,y=0)
¢ Dilation (x =0, y = 0)

No dilation

1 :
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Typesof NeuralNetworks

Convolutional neural networks (CNNSs):

¢ Parameters of CNNs l l

C Stride (x =1,y = 1) | [ ]
¢ Padding (x=0,y=0)
¢ Dilation (x =1,y =1)

Dilation is some sort of subsampling
within the kernels

1 :
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Typesof NeuralNetworks

Convolutional neural networks (CNNSs):

¢ Kernels of CNNs l l
C First kernel | [ ]

A multitude of kernels leads to an extra
dimension for the intermediate data
structures (see next slide)

ML ST

1 :
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Typesof NeuralNetworks

Convolutional neural networks (CNNSs):

¢ Kernels of CNNs lﬁ i _

C First kernel |
¢ Second kernel

A multitude of kernels leads to an extra
dimension for the intermediate data
structures (see next slide)

e _ mmm
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Typesof NeuralNetworks

Convolutional neural networks (CNNSs):

¢ Kernels of CNNs

C First kernel
¢ Second kernel )
c!ladzZ tteée do5 LINRBOS

https://animatedai.github.io/
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Typesof NeuralNetworks

Convolutional neural networks (CNNSs):

¢ Pooling can be realized e.g. by computing the

maximum over an overlapping and moving R0 (1)
part of the input: /r\
hi,u,’u (n) — fpool (X’L—l(n)) /é)/
— max { max {mi_l’u+[’v+k(n)}} Ti1u0(n)
1e{—N,N} | ke{-N.N}

¢ Thebasic ideabehind pooling is that it is important that a specific pattern is found in a certain area,
odzi AGQa y20 AYLRNIUIFIYdG 6KSNB SEIFOilfeéeo

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

1 :
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Typesof NeuralNetworks

Convolutional neural networks (CNNSs):

~

c!ld GKS SyYyR 2F GKS ySG¢2N] aidNHzO0dzNF (GKS
network is used for generating the final output.

\

] 84dx1x1
N v

o —

e

e "

x(n) ) 'I> ) [ == 0
10x10x 16 5x5x16
14x14%6 — 10x1x1
LV
120x1x1
Input 28 %28 % 6

(e.g. picture)

1
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Typesof NeuralNetworks

Convolutional neural networks (CNNSs):
CCKAa AUNHzZOGdzZNBE |ftt28a FT2NI Iy AydaSNBaAG-dryedappr@aghess yIF GA 2y 2F

C Basic idea:

Input Pattern recognition Classification

Feature vector

z(n) [ > O
O O0=0= i
X (n) —> —> — —> @ —| | — e — O
. .

Spectrogram O
Convolution Pooling Convolution Pooling Flatten Fully connected Output layer

and batch and batch layers and dropout

normaliza- normaliza-
tion tion

1 :
'*M Digital Signal Processing and System Theory | Pattern Recognition | Neural Networks Slide42



Neural Networks

Christian-Albrechts-Universitit zu Kiel

Typesof NeuralNetworks

Convolutional neural networks (CNNSs):
CCKAa AUNHzZOGdzZNBE |ftt28a FT2NI Iy AydaSNBaAG-dryedappr@aghess yIF GA 2y 2F

C Basic idea:

¢ A first example: Tremor analysis | X |

Feature vector

| H | e
z(n) [ e O
O
O O0=0= i
Table 2. Demographic data of the patients. X(n) E@ = E@ —> @ —=> Ea = @ — H = O =0
Physiological tremor ET PD N © o
(ﬂ = 54) (n = 209] (n = 130] Convolution Pooling Convolution Pooling Flatten Fully connccted Output layer
and batch and batch layers and dropout
Age (mean =+ std) 41.7 +20.5 years 55.9 +11.9 years 56.4 +9.2 years i -
Disease duration
3 .2 years . .8 years
(mean + std) NA 22.3 £ 13.2 years 11.6 £ 7.8 years
Female 33, 61.1% 69, 33.0 % 47,36.2 %

(n, percentage)

1 :
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Typesof NeuralNetworks

Convolutional neural networks (CNNSs):

Christian-Albrechts-Universitit zu Kiel

CCKAa AUNHzZOGdzZNBE |ftt28a FT2NI Iy AydaSNBaAG-dryedappr@aghess yIF GA 2y 2F

C Basic idea:

¢ A first example: Tremor analysis

¢ Datadriven part

Frequency [Hz]

) 10 15 20
Time [s]

ro
at

1
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Table 2. Demographic data of the patients.

Physiological tremor ET PD
(n = 54) (n = 209) (n = 130)
Age (mean =+ std) 41.7 £20.5 years 55.9 £ 11.9 years 56.4 £9.2 years
Disease duration
3 .2 years . .8 vears
(mean  std) NA 22.3+13.2 years 11.6 4= 7.8 years
Female 33, 61.1% 69,33.0% 47,36.2%

(n, percentage)
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Typesof NeuralNetworks

Convolutional neural networks (CNNSs):

¢ Knowledgedriven part:

‘ Input signals

Feature
extraction
[
s
OED 3 o '
B 1
= '
= '
g -3 =
27735 10 15 20 25 o~
Time [s] TR
Spectrogram
estimation
L]

1
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‘ Preprocessed inputs‘

I

Feature vector |

intensity(mas,rest)

intensity(las.rest)

intensity(mas,hold)

intensity(las,hold)

intensity(mas,weight

intensity(las,weight)

asymmetry(rest)

asymmetry(hold)

asymmetry(weight)

freq. diff.(mas)

freq. diff.(las)

Frequency [Hz]

107155 208 25
Time [s]

I W m = = - = = = -\L- - = =
— il

Christian-Albrechts-Universitit zu Kiel

¢ Datadriven part

Frequency [Hz]

5 10 15 20
Time [s]

]
t
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Typesof NeuralNetworks

Convolutional neural networks (CNNSs):

¢ Results for a first classification (healthy versus disease)

Table 3. Influence of combining features and time-frequency analyses for the classification of physio-

logical and pathological tremor.

Input signals

Feature
extraction
1

'

.. - Mean accuracy (10 Relative Maximum accuracy
Training conditions . i .
B splits) improvement achieved
C.I\!N without 81.93 % Reference value 03.38 %
additional features
CNN with 11 91.68 % 52.96 % 97.79 %

additional features

Amplitude [mg]

5 10 15 20 25
Time [s]

1
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Spectrogram
estimation

Preprocessed inputs

Christian-Albrechts-Universitit zu Kiel

Feature vector

intensity(mas,rest)
intensity(las,rest)
intensity(mas,hold)
intensity(las,hold)
intensity(mas,weight
intensity(las,weight)
asymmetry(rest)
asymmetry(hold)
asymmetry(weight)
freq. diff (mas)
freq. diff.(las)

Frequency [Hz]

—)

—u
— R O\

|

5 10 15 20 25
Time [s]

N
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Convolutional neural networks (CNNSs):

Input signals Preprocessed inputs

C Results for a first classification (healthy versus disease) ; T :
' intensity(mas.rest) 1
Table 3. Influence of combining features and time-frequency analyses for the classification of physio- : m“::;’:::;}('g:fzg) :
logical and pathological tremor. ' intensity(las.hold) '
' intensity(mas,weight !
.. .. Mean accuracy (10 Relative Maximum accuracy = mntensity(lasweight) !
Training conditions lits) . ¢ achi d asymmetry(rest) '
splits improvemen achieve o asymmeiy(hold) .
- /'/; =7 asymmetry(weight)
CNN without 81.93% Reference value 93.38% B 3 = Tt
additional features £ » ' -
CNN with 11 2 ol ' A
L 91.68 % 52.96 % 97.79 % E 0 A
additional features 2 . 4
5775 10 15 20 25 o~ 32
) Time [s] }\\ = 16
£
Spectrogram 32
. . . . - i 216
¢ Results for a second classification (Parkinson versus essential tremor) - E -
' = 10 15 20 25 .
Table 4. Influence of combining features and time-frequency analyses for the classification of ET and . Time [s] '
PD. .
- - Mean accuracy (10 Relative Maximum accuracy
Training conditions . . .
- splits) improvement achieved
C.I\!N without 47.90% Reference value 52.95%
additional features
CNN with 11 o I =0
additional features 7148 Jo 4326 Jo 8523 fo
ANN with 11 features 67.63 % 37.87 % 75.35 %
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Convolutional neural networks (CNNSs):

Input signals Preprocessed inputs

Two-Stage Convolutional Neural Network for Classification of Movement

Patterns in Tremor Patients ' | Feature vector | .
1 intensity(mas,rest) [
by Patricia Weede " &©, pPiotr Dariusz Smietana 1, Gregor Kuhlenbdumer 2 &89, Giinther Deuschl 2 8 and ' intensity(las,rest) '
a1t ' intensity(mas,hold) '
Gerhard Schmidt . \ G0 b0l .
: intensity(mas,weight) .
1 Digital Signal Processing and System Theory, Department of Electrical and Information Engineering, Kiel ! intensity(las,weight) -1
University, 24143 Kiel, Germany efg:tc‘ﬁfm ::;ET:&E’&:% "
2 Department of Neurology, University Hospital Schleswig-Holstein, Campus Kiel, Kiel University, 24105 Kiel, /_/;;i? asymmetry(weight) i —
Germany ? 3 = freq. dxﬁ‘(mas) )
. = | . freq. diff.(las) e
Authors to whom correspondence should be addressed. = 0 : ’ L
%— o | ] ]
E- 735 10 15 20 25 ~u 32 L
Information 2024, 15(4), 231; https://doi.org/10.3390/info15040231 Time [s] S | o 16E
7 E 1
Submission received: 11 March 2024 / Revised: 12 April 2024 / Accepted: 16 April 2024 / L | B
Published: 18 April 2024 . % 1 g :
) . ) ) ] . . - ' & 5 10 15 20 25 '
(This article belongs to the Special Issue Signal Processing and Machine Learning, 2nd Edition) \ Time [s] .
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Convolutional neural networks (CNNSs):

¢ A second example: Classifying ships by their (underwater) sound

Additional
features

Figure 3: Architecture of the neural network with its exten-
sion.

Predictions

Fully connected
Neural network

uolleualeauo)

1
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Convolutional neural networks (CNNSs):

¢ A second example: Classifying ships by their (underwater) sound

dB,Log2 A 0.9612
dB, LoglD A 0.9581
dB,Lin 7 0.9721
Sq., Mel A 0.8868
Sq.,Log2 0.9147
Sq.,Logl0 o 0.7628
Sq.,Lin A 0.9318
Abs, Mel - 0.9767
Abs, Log2 1 0.9659
Abs, Logld 4 0.9550
Abs,Lin 4 0.9721
0.0 O!2 0‘4 0‘6 O!S 1‘0

Accuracy

Figure 4: Accuracy of the base model.

dB, Log2
dB, Logl0 A
dB, Lin 4
Sq., Mel
Sq.,Log2 +
Sq., Logl0o
Sq.,Lin
Abs, Mel -
Abs, Log2 A1
Abs, LoglD A

Abs, Lin
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Predictions

Fully connected
Neural network

uoljeuaeauo)

Additional >
features -

Figure 3: Architecture of the neural network with its exten-

Q1NN

0.9767

0.9643

0.9798

0.0116

0.9101

0.7674

0.9349

0.0814

0.9597

0.9488

0.9721

0.0

T
02

T
0.4

T T T
0.6 0.8 1.0

Accuracy

Figure 5: Accuracy of the extended model.
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Convolutional neural networks (CNNSs):

¢ A second example: Classifying ships by their (underwater) sound

Figure 3: Architecture of the neural network with its exten-
sion.

DASIDAGA 2025 Copenhagen

Classification of Vessel Types by Means of Machine Learning

Konstantinos Karatziotis!, Karoline Gussow!, Viktoriia Boichenko!, Christian Kanarski®,
Bastian Kaulen!, Frederik Kihne!. Marco Driesen!, Finn Rohrdanz!, Lukas Schirmer!,
Ralf Burgardt!, Gerhard Schmidt!

] Digital Signal Procesging and System Theory, Department of Electrical and Information Engineering, Kiel University,

Email: {koka, kars, vib, chk, bk, frk, madr, finr, luse, rabu, gus) @tf uni-kiel de
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Network structure(s):

Autoencoder

=}
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Autoencoder networks:

C Instead of mapping
input vectors on
features, itis
tried to reconstruct
the input at the
output. o)

C In the middle of the 1:::) |::) |:> | I > ::) ::) :::)

network a
bottleneck layer
IS used.

¢ This could be used
for data compression
(in some sense similar
to a codebook)

1 :
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Autoencoder networks:

¢ The first part of the
network is called
(auto-) encoder

¢ The second part is
called(auto-)

decoder x(n) hi(n) z(n) h;(n) (n)
CcCanbeseenasa —) —) | ) —) —) ——)
nonlinear

extension of a
PCAbased data
compression

Encoder Decoder

1 :
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Autoencoder networks:

C Application z(n)

example:under jL

water speech

transmission Trans
mitter
¢ Thespectral T
envelopeof 2(n) hy(n) h;(n) #(n)

short speech 1::[) |:[) |:> [ Channel > ::) ::) :::)

frames is coded
and transmitted @
(digital part).

Receiver
¢ Theresidual signal =
IS transmitted in Encoder Decoder
an analog 2m)
manner.

1 :
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Autoencoder networks:

C Application

exampleunder-

water speech

transmission —

¢ Thespectral
envelopeof ¢ ‘
short speech | -
frames is coded ~ :
and transmitted /
(digital part).

¢ Theresidual signal ,
Is transmitted in
an analog \,
manner.

~

R

1
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Trans
mitter

L

Channel

{

Receiver

Decoder
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Autoencoder networks:

cal 2y @Sy GA2YIlf &

(linear) data
compression

by means of PCA
(principle compe
nent analysis.

¢ Eigenvectorand
-values of the
autocorrelation
matrix are
computed.

¢ Transmission of
the compressed
feature vectors

1
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Matrix with some eigenvectors
that belong to the larges
eigenvalues

ﬂw

v

el

) ®!

Feature vector
with high
dimension

Compressed
feature vector
with low dimension

Encoder

Compressed
feature vector
with low dimension

Decoder

Reconstructed feature

vector with high
dimension
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Autoencoder networks:

Feature 2

, A

cal 2y
(linear)
compre S

by mejd ce ®

(princiy ® o Data cloud

® . e
nent al

° &(n)

¢ Eigenve(
-valueq
autoco >
matrix Feature 1
compu

¢ Transmission of Encoder Decoder
the compressed
feature vectors
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Autoencoder networks:

Feature 2
A
cal 2y

(linear)
comprg
by mejd
(princif
nent ar
¢ Eigenve(
-valueq
autoco

Eigenvectors of correlation matrix

Data cloud

maitrix
compu

>
Feature 1

¢ Transmission of
the compressed
feature vectors

Encoder

1
-*M Digital Signal Processing and System Theory | Pattern Recognition | Neural Networks

Decoder
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Autoencoder networks:

Feature 2

cal 2y A Projection on eigenvector Compressed dimension 1

. | belonging to largest
(linear)

eigenvalue
comprg
by mejd

(princif
nent af

o4
Data cloud

¢ Eigenve(
-valueg
autoco >
mautrix Feature 1
compu

¢ Transmission of Encoder Decoder
the compressed
feature vectors
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Autoencoder networks:

Feature 2

, A

cal 2y
(linear)
comprg
by mejd
(princiy
nental

o4
Data cloud

Just a different ) %(n)
¢ Eigenve( Gradz- f AT FOAZ2ZY X

-values

autoco < o oesosse o3
matrix Feature 1 Compressed dimension 1

compu

¢ Transmission of Encoder Decoder
the compressed
feature vectors
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Autoencoder networks:

Feature 2 Feature 2
A A Inverse

cal 2y : .hc.o:cnpres\f,ionl )

- th information loss
(linear) .

comprg

by mejd

(princiy

nent ai

Data cloud °

¢ Eigenve(
-valueg

autoco > et t———— P P
matrix Feature 1 Compressed dimension 1 Feature 1

compu

¢ Transmission of Encoder Decoder
the compressed
feature vectors
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Variational autoencoder networks:

¢ In the basic setup
overfitting and
undesired
behavior for
dunsee  RI G
occurs.

C This can be 1::[) |:[) |:> | | > ::) |:{) :::)

improved by
modelling also
the distribution
of the latent
variables(as a reeelar Decoder
GMM).

1 :
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Variational autoencoder networks:

¢ Now theGMM
parametersare
estimated by the
encodet

Resampling

Cc Afterwards o (n)
resamplingis z(n) hy(n) 1__> h;(n) F(n)
applied to vary l::[) |::) |:> ::D ::) ::) :::)
the data and | y /
increase (1)
robustness to Zres(n, )
outliers.

C However, this is Encoder Decoder
critical for
training based on
backpropagation

1 :
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Variational autoencoder networks:

C¢ With a little trick
a random vector
can be created r(n, i)

that still allows

pack propagation ﬂ

to work. z(n) hi(n) | =y ’ .
C Using aandom ——) —) —) o (n {L |—j> —) —) ——)

process :>@. I_

generator p.(n) Zres(n, 1)

resampled

feature

vectors
are created:

Zres(n) = p.(n) + diag{crz (n)} r(n)

Encoder Decoder

1 :
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VQAE Example (MNIST):

Original Original Original Original

¢ MNIST consists of
handwritten digits

¢ Codes are assigned
during training

¢ Basis for things like:

Code Code Code Code
https://openai.com/blog/dall -e/

Reconstruction Reconstruction Reconstruction Reconstruction

1 :
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Example (Audio):

¢ Mixed analog/digital
versus standard
processing

a.ul.

Amplitude

a.l.

Amplitude

0.0

0.1

-0.2

034

0.2

0.1

0.

—0.1

—0.2

Comparison of analog and mixed analog-digital processing in noise

Time-domain

—— Analog

0.0 0.5 1.0 L5 2.0 25 3.0
Time [s]

0.0
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Frequency [Hz|

Frequency [Hz|

Frequency-domain

3000 — e ——
2500 —40
2000
—50
1500 =
-3
1000 F—60
500 — ~ = I
— — e
—— — — = —_—— — L_70 .
0 . . . : - =
0.5 1.0 15 2.0 2.5 =
Time [s] g
3000 —80 &
2500
-—90
" 2000 :
-
1500 = 3 ~100
=
1000 %
—110
500
0 —120
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Measurement setup:

Cc Parameters:
¢ 50 kHz base frequency
cF pnn Y RAAaUlIYyOS
¢ F -@5mwater depth
¢ Single Input, Single Output
¢ MarinearsenaKiel

¢ Submarine hangar t€ASSy
¢ Mixed and traditional transmission

¢ Traditional approach ¢ New approach

1 :
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Network structure(s):

Recurrent neural network

(]
1k

1 :
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Recurrent neural networks (RNNSs):

) (Extended) hidden layer
C Recursive brancheare added to the network

to allow forefficient modelling of temporal

memory. :> J:bh“(n) B (n) > :>
x(n) - g(n)
::)
B

¢ Stability (during operation)s not really an issue
(in contrast to IR filtery, since usually the
activation functions include limitations.

. . Input
¢ Very often thedelay element is not depicteth layer

literature of RNNSs.

Output

layer
7" (::

hl(n — 1)

1 :
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Recurrent neural networks (RNNSs):

(n+1)

<

(n+2)

<

9(n+3)

a

Output
layer

gn) 3(n)
¢ Trainingcould be 1T T
done easily if |_| ]
the network is QU Output
layer layer
unfolded.
hi(n) ha(n)

C Afterwards again

I a&adF yYRENRE

hl(n+l)

Output
layer

Hidden
layer

it

ho(n—i—l)

extended in and layer : layer

outputs as well as 1 [ &

with coefficient ha(nD)

limitations can ho(n) Mln=1) ho(n)

be trained. Input Input
layer layer

Input
layer

1F 1r

hq(n+2)

I

Output
layer

Hidden
layer

TT
hy(n+2)

Input
layer

hq(n+3)

Hidden
layer

i

ho(n+3)

Input
layer

I |

x(n) x(n)

1
-*M Digital Signal Processing and System Theory | Pattern Recognition | Neural Networks
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Network structure(s):

LSTM network
als
o[ ) o) )
o[ o) S (= o)
i

1 :
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Longshort-time memory networks (LSTMS):

¢ LSTMare extensions of basic recurrent netwo[ks that )
R2y Qi & dzF Ei8sNihgHis@ext proked }
L J[]
=
[ ]
i

1 :
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Basic structure of a cell of a recurrent network

Longshort-time memory networks (LSTMS):
Input Hidden hu(n) utpu 7
c LSTMare extensions of basic recurrent networks that #(1) === tayer || tayer | )| b= 9(n)
R2Yy Qi & dzf RiSsNihgT et proied —
¢ LSTMare extended RNNwith an additional hidden
cell statewhich serves as memory. L (—

¢ Often used irtlassifying processingand making
predictionsbased ortime series datasuch as Basic structure of an LSTM cell

language translation.
Q: Hidden cell state

co(n—1) ep(n)

!

& ton |1
ded |—> Output N
hidden layer D g(n)

layer

x(n) I::D Input

layer

hl(n)

| ﬂﬂﬂ

hl(n — 1)
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Basic structure of an
i LSTM cell i
Longshort-time memory networks (LSTMs): - winey [T L2 —
::> | I
¢ LSTMsre extensions of basic recurrent networks that a(n) i Ineutl Ser #W:) Opﬂ: —— 5(n)
R2y QU & dzF iSsNihgTyidext proied / idder layer
::> ayer
¢ LSTMare extended RNNwith an additional hidden
cell statewhich serves as memory. ) (:1)' i
¢ Often used irclassifying processingand making :
predictionsbased ortime series datasuch as
language translation.
Extended hidden layer
Cc Three gates n—1) : Forget gate| |
C Input gate | . V::DU ()
¢ Forgetgate — ’
n
¢ Output gate 2(m) ==l "ERE% s
|:> hi(n)
S — Output gat
hi(n—1) ) utput gatel)

1 :
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Longshort-time memory networks (LSTMS):

C LSTMsare extensions of basic recurrent networks that ¢ Examplefrom text processing
R2y Qi & dzF Ei8sNihgHis@ext proked

¢ LSTMare extended RNNwith an additional hidden
cell statewhich serves as memory.

¢ Often used irtlassifying processingand making / ) {ha@ SLIE deND € € 7

predictionsbased ortime series datasuch as {d2NB aYItSe Ay I adlas
language translation.

Gerhardis preparing lecturslides

Extended hidden layer

co(n —1) IZD M O

¢ Three gates

C Input gate |
¢ Forgetgate y el
¢ Output gate x(n) ——) v G

1 :
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Longshort-time memory networks (LSTMS):

¢ LSTMare extensions of basic recurrent netwo[ks that
R2y Qi & dzF Ei8sNihgHis@ext proked

¢ LSTMare extended RNNwith an additional hidden
cell statewhich serves as memory.

¢ Often used irtlassifying processingand making
predictionsbased ortime series datasuch as
language translation.

¢ Three gates

C Input gate
¢ Forgetgate
¢ Output gate

1
-*M Digital Signal Processing and System Theory | Pattern Recognition | Neural Networks

Christian-Albrechts-Universitit zu Kiel

¢ Examplefrom text processing

Gerhardis preparing lecturslides.Jennifer

is checking them.
C2NHSU aYl €t I YR 02 NB
u X 1

GFSYIFE8E Ay | &f

Extended hidden layer

co(n —1) IZD M O
l:b cop(n)
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Longshort-time memory networks (LSTMSs): LSTM Recurrent Unit

¢ LSTMare extensions of basic recurrent netwo[ks that
R2y Qi & dzF Ei8sNihgHis@ext proked

¢ LSTMare extended RNNwith an additional hidden Cell state
cell statewhich serves as memory.

Hidden state
¢ Often used irtlassifying processingand making ~ : i
predictionsbased ortime series datasuch as s R =

: “h,_
language translation. Nem. . .
¢ Three gates
C Input gate X
¢ Forgetgate SO
g Output gate Forget Input Output

gate gele gale

1 :
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Longshort-time memory networks (LSTMS):

¢ LSTMsre extensions of basic recurrent networks that C Input gate:
R2y Qi a dzF EiSsNihgHi@ewt prokes . T
Y JUMEN P i) = o (Wino [£7(n), h3 ()] + bino)
¢ LSTMare extended RNNwith an additional hidden _
cell statewhich serves as memory,. G Forgotgate:

T
¢ Often used irtlassifying LSTM Recurrent Unit ./ o o fi(n) = U(Win,o [CUT(’R); h[f(n)] + bfor,l)
processingandmaking ¢y s mmmm——"—w—"ss .. ¢ Output gate:

predictionsbased on - SRR e =
J ‘ 01 (n) = O'(Wout,(] [mT(n): hg(n)]T + bout,O)

language translation.

Hidden state

¢ Three gates . v I AT SO

¢ Input gate —
¢ Forgetgate I
¢ Output gate

1 :
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Longshort-time memory networks (LSTMS):

¢ LSTMsre extensions of basic recurrent networks that C Input gate:
R2y Qi a dzF EiSsNihgHi@ewt prokes . T
Y JUMEN P i) = o (Wino [£7(n), h3 ()] + bino)
¢ LSTMare extended RNNwith an additional hidden _
cell statewhich serves as memory,. G Forgotgate:

T
¢ Often used irtlassifying LSTM Recurrent Unit ./ o o fi(n) = U(Win,o [CUT(’R); h[f(n)] + bfor,l)
processingandmaking g mmsmmm——— .. ¢ Output gate:

predictionsbased on L 2
J’ : o] (n) = O'(Wout,(] [mT(n): hg(n)]T + bout,O)

¢ Cell stateupdate:

language translation.

Hidden state

G Three gates ,,_, """""""" """" 1 """"""""""""""""" ci(n) = tanh(WC,O [:cT(n), hOT(n)]T -+ bc,o)
 Forgeraate T — el = diag{f,(n)} ei(n— 1)+ diag{is (1)} & (n)
¢ Output gate v coll st f ¢ Hidden stateupdate:

hi(n) = diag{tanh{c1(n)}}01(n)

1 :
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Longshorttime memory networks (LSTMs): LSTM Recurrent Unit .
1 -' - 1 | ———I- . Cell sta;a VVVVV
0.5 O-(CC) B 1 +e? 1 (; InpUt gate Hidden state
0 | il (n) = O'(W
05} | ¢ Forgotgate:
I | .- fin) = o(W “
= 0 5 .
x ¢ Output gate:

01(n) = o(Wouo [@"(n), b (n)]" +bouso)
¢ Cell stateupdate:

& (n) = tanh(wc,o 2T (n), hE(n)]" + bcjo)

c1(n) = diag{f,(n)}ci(n —1) + diag{i1(n)} & (n)
. ¢ Hidden stateupdate:
. hi(n) = diag{tanh{cl(n)}} o1(n)
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Network structure(s):

Attention-based network

-

1

L il
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Qutput
Probabilities

Attention-based networks:

C Socalledtransformersin combination withattention-based
preprocessings often used for the translation of texts (input in

¢ ™
.
one language, output in another). o
; L4 A L. , / “ s . Forward
cal! Uu Sy uikvenyedby Walswaani, Ashislghazeeret al.
' '
in 2017 (see graphic on the left) 4 \ i:Mum_H;:
¢ Consists of ancoderand adecoderpart. reed JAeton N
¢ We will not go into all details of transformers (see hint at the end w | —
of this slide section), but sin@dtention can be used iseveral "’%‘-@ Masied
. . . oy s . ulti-rea I-Rea
other applications we will go a bit into detail here. Attention Attention
it t
— J U — )
Positional D Positional
Encoding ¢ Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right)
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Attention-based networks: Output Probability of next
Probabilities word in language B
¢ Simplification to understand the
basic principle G¢NF yaF2NYRE
sentence in
language A
Feed
Forward U
e | ~\ | Add &lNorm z
—{Add & Norm J Muti-Head
Fgr(\er:/egrd 7 Aﬂe}nmn Nx Decoder
N Add & Norm Encoder __>
* | ~{ Add & Norm ] Mas'keol
Multi-Head Multi-Head
Attention Attention
[ ) 1t
1 J — )
Positional D Positional
Encoding ¢ Encoding
Inputl Outpuft
Embedding Embedding Entire sentence Previous word
t T in language A in language B
Inputs Qutputs
(shifted right)
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Attention-based networks:

¢ Simplification to understand the
basic principle

¢ Recurrent principle of the
decoder

Output
Probabilities

Add & Norm
Feed
Forward
r 1 ~\ Add & Norm
Add & Horm Multi-Head
Feed Attention
Forward D) Nx
—
Nix Add & Norm
f—>| Add & Norm | Masked
Multi-Head Multi-Head
Attention Attention
4 At
&_‘ J . _JJ
Positional Positional
Ercod & ¢ .
ncoding Encoding
Input Output
Embedding Embedding
Inputs Qutputs
(shifted right)
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Probability of next
word in language B

é(tl:NJ-yéTZNJ{%é lL
sentence in

language A

Encoder

I

Entire sentence
in language A

Best match
selection
Decoder
~
[

Previous word
in language B
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Types of Neural Networks

Attention-based networks: Output Probability of next
Probabilities word in |anguage B
¢ Simplification to understand the
basic principle G¢NF yaFz2NyYgRe iL
sentence in
¢ Recurrent principle of the language A )| DecoderM Best match
Feed selection
decoder Forward U = -
¢ Multiple encoder and (~Caeem) | ‘Ahj:”‘fj-HN:;:i : S 000
3 ncodae
decoder stages are reed Altoton N i
connected. — — 1 —)| Decoder 2
Nx | —(7Add & Norm ) —— Zm %) 5
asSKe!
¢ Input and output vectors W Head M- Head JL
. ention ention
have the same size and —-—— ——— Encoder 1 —)| Decoder 1 L
-’- a3 ~ 2\ 14 7 a3 -’- r _J .
iKS aFYS aRSTAY} W@Lﬁ“) —t
ositional & A Positional
Encoding S Encoding
Inputl Outpuft
=nosi i et Entire sentence Previous word
t T in language A in language B
Inputs Qutputs
(shifted right)
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Attention-based networks:

¢ Theproblemwith recurrent networksthat are |
0NJ Ay SR defoldifkg f NSRSy (add/or | || ] ] |
exploiting)gradients ]
¢ However, in translation &rge contextis required. [ 1[]
¢ Example EM
C Have alook ontheontext2 ¥ A A (G ¢ @ L] | | ||| | |
: [ T T T i[i
¢ Predictthe next word. I I [ I I

Gerhard ordered a newotebook Whenit arrived at home, his
daughter thoughtt was for her and was very happy. Howevewas
not working as expected and Gerhard had to sé&nd

1 :
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Attention-based networks:

¢ Basic principle of word embedding

¢ Words are converted . *
in to a high dimensional 1
J Gerhard
vector space. .
. . he  man
C Spatial closeness indicates
I 0&AGNRY3IO GNBfFGA2YAKALY D
professor
teaching
. .
: \ university
laz) .lnactlve e
tired
L0
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Attention-based networks:

¢ Basic principle of weighted 3 N 1 1 1
ave rag I ng . 2 ’ {lr\llz}}gthted averageL
N-1 L | (AT
- T Wy LU o T
y(n) = > w(m)v(n—m) LA s e I Mg A T
m=0 g o S H ”" ‘l‘ IIW!IW“ '1 ““l” i “ I .] L b HIH “III‘Il A“l“llul‘| LH’N i | =
N1 kL
= w(m,n)v(m) T i
m=0 -30 12)0 2(;0 3(|)0 4(|J0 5(;0 6(|)O 7(1)0 S(I)O 9(|)0 1000
Samples
C Here spatial / temporal closeness
IS mapped On Welghts. 0.0% I ] { ! L Weigh[ting kernel (filtercoefficients]
0.03 -~ =]
C¢ The kernel is a Hann window. 0.025 - .
. 5 0.02 - -
C Importanc_e or SNR of_ the input Zooss|- i
samples is not taken into account. ~ _ | i
clfazs aNBtlFOaGA2y3d *f | | | | | i
input samples are not exploited. %0 10 20 . 40 50 60
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Attention-based networks:

¢ Basic principle of transformers (simplified)

¢ Text translation
. . . {ycng(o): ycng(l)a ycng(2)7 ycng(g)v ycng(4)a yeng(5)}
¢ First input is converted

and encoded. U

I

{‘Beng(o)a Teng (1), Teng(2), Teng(3); Teng(4), meng(5)}

SOS Gerhard bought a car EOS

1
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Types of Neural Networks

Attention-based networks:

. .. . - PGerhard = 097 PGerd = 0057
¢ Basic principle of transformers (simplified)

¢ Text translation

{ycng(o)? ycng(l)? ycng(2)7 ycng(g)v ycng(4)? yCIlg(5)} U

¢ First input is converted
and encoded. U
¢ Next the decoder starts Decoder
with the start of the sentence (SOS)
Encoder __>
{‘Beng(o)a meng(l)a meng(Q)a ar7eng(3)a meng(4)a meng(5)} mger(o)
SOS Gerhard bought a car EOS SOS

1 :
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Attention-based networks:

. . . . ‘e Pkaufte = 08; Pbesorgte — 01,
¢ Basic principle of transformers (simplified) ' o

¢ Text translation U
. . . {ycng(o)? ycng(l)v ycng(2)7 ycng(g)v ycng(4)? ycng(5)} lL
¢ First input is converted Beslt ”:_atch
and encoded. U selection
¢ Next the decoder starts Decoder
with the start of the sentence (SOS)
Encoder __:>
[
{‘Beng(o)a meng(l)a meng(Q)a ar7eng(3)a meng(4)a meng(5)} mger(l)
SOS Gerhard bought a car EOS Gerhard

1 :
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Types of Neural Networks

Attention-based networks:

; . . . . Pein — 09, Peine = 005,
¢ Basic principle of transformers (simplified)

¢ Text translation U
. . . {ycng(o)? ycng(l)v ycng(2)7 ycng(g)v ycng(4)? ycng(5)} lL
¢ First input is converted Beslt match
and encoded. U selection
¢ Next the decoder starts Decoder
with the start of the sentence (SOS)
Encoder __:>
¢ Select the best match and compute
the decoder again. <
|
{meng(o)a weng(l): meng(Q)a meng(‘?’)a weng(4)a meng(5)} mgor(2)
SOS Gerhard bought a car EOS kaufte

1 :
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Types of Neural Networks

Attention-based networks:

] . . ; .o PAuto — 041; PFahrzeueg — 039;
¢ Basic principle of transformers (simplified) ' ¥

¢ Text translation U
. . . {ycng(o)? ycng(l)v ycng(2)7 ycng(g)v ycng(4)? ycng(5)} lL
¢ First input is converted Best match
selection
and encoded. U -
¢ Next the decoder starts Decoder
with the start of the sentence (SOS)
Encoder __:>
¢ Select the best match and compute
the decoder again. <
. .
c!YR a2 2y X H W H
{meng(o)a :Beng(l)a meng(Q)a meng(‘?’)a xeng(4)a meng(5)} :Egor(g)
SOS Gerhard bought a car EOS ein

1 :
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Types of Neural Networks

Attention-based networks:

¢ Basic principle of attention

¢ Input words: SOS Gerhard is lazy but he likes to be a professor EOF
C Input vectors: z(0) (1) =(2) x(3) =(4) z(5) z(6) z(7) =(8) x(9) x(10) (N —1)
¢ Queries: qg(n) = Wyx(n)
¢ Keys: k(n) = Wyix(n)
C Preliminary weights: Wyre(n,m) = k' (n)q(m)
¢ Final weights: {w(0,m), ..., w(N —1,m)} = softmax{wpe(0,m), ..., wpre(N — 1,m)}
¢ New embedding: y(n) = Nz_lw(m’n)w(m)
m=0

1 :
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Types of Neural Networks

Attention-based networks:

¢ Basic principle of (self) attention heads

¢ Input vectors: z(n) = [zo(n), z1(n), ..., xD_l(n)]T
¢ Queries: q(n) = Wyz(n) These three matrices
C Keys: k(n) = Wyx(n) will be optimized
' during the training.
C Values v(n) = Wyaz(n)
k' (n)q(m)
imi i Wpre(n,m) =
¢ Preliminary weights pre( ) VD
¢ Final weights: {w(O,m), ey W(N — l,m)} = Softmax{wpre(o,m), ceey Wpre(N — l,m)}
N-1
¢ New embedding y(n) = w(m,n)v(m)
m=0

1 :
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Attention-based networks:

¢ Full structure

c. SAARS dqasSt¥F |0
GYlF&a1SR FOGaSyda
decoder

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

c Afterwards a simple feed forward
network is computed.

NJ C:\
< o

m-~<

[entN
> >k
QDN

Output
Probabilities
_Linear
f
Add & Norm
Feed
Forward
4 | ™\ | Add & Norm z
610 BT Mutti-Head
Feed Attention
Forward D) Nx
.
Nix Add & Norm
f—>| Add & Norm | Masked
Multi-Head Multi-Head
Attention Attention
A 4 At 2
\k J \ _JJ
Positional Positional
Encodi Y ¢ i
ncoding Encoding
Input Output
Embedding Embedding
Inputs Qutputs
(shifted right)

1
-*M Digital Signal Processing and System Theory | Pattern Recognition | Neural Networks

Christian-Albrechts-Universitit zu Kiel

Slide97



Neural Networks

Types of Neural Networks

Attention-based networks:

¢ Verygood explanationfrom LennartSvensson
Chalmers University of Technolo@jteborg Sweden

C YouTubevideos

C https://www.youtube.com/watch?v=0SmNEp4zTpc
C https://www.youtube.com/watch?v=ER _KqgqtoikA
C (see playlist for further seven videos)

Christian-Albrechts-Universitit zu Kiel

Self-attention: an
introduction

A series of videos on transformers

Lennar t Svensson

Encoder remarks

A series of videos on transformers

Lennarf t Svensson

Self-attention: complete
description

A series of videos on transformers

Lennar t Svensson

Transformers vs CNNs and
RNNs

A series of videos on transformers

Lennarf t Svensson

Encoder

A series of videos on transformers

Lennart Svensson

Decoder: testing and
training

A series of videos on transformers

Lennar t Svensson

1
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Types of Neural Networks

Using a temperature of 0.2, explain what signal processing is

Attention-based networks:

2 2 /% 2 r A ’ 4 ’ Signal processing is the field of study and engineering that focuses on representing, analyzing, and
CCSYLISN) UdzZNbZ au2z2ld LkZ | YR

a manipulating signals—which are any forms of data that vary over time or space. Signals can be audio,

images, sensor readings, radio waves, biomedical measurements, and much more.
Here's a clear breakdown:

What is a signal?

A signal is any measurable quantity that carries information.
Examples:

e Sound waves recorded by a microphone

e Pixels in an image

* Heartbeat data from an ECG

e Wi-Fi or radio transmissions

* Seismic vibrations in the earth

What is signal processing?

Signal processing involves applying mathematical and computational techniques to signals to improve

them, extract useful information, or transform them into other forms.

Key goals of signal processing

* Noise reduction — removing unwanted disturbances from audio, images, or sensor data

e Compression — shrinking data size (e.g., JPEG images, MP3 audio)

* Feature extraction — identifying patterns or meaningful components (e.g., speech recognition)

» Filtering — enhancing or isolating certain parts of a signal (e.g., boosting bass in audio)

¢ Transformation — converting signals into other domains for easier analysis (e.g., using the Fourier

transform)

L

Types of signal processing

1 :
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Types of Neural Networks

Attention-based networks:
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Using a temperature of 0.2, explain what signal processing is

Signal processing is the field of study and engineering that focuses on representing, analyzing, and
manipulating signals—which are any forms of data that vary over time or space. Signals can be audio,

images, sensor readings, radio waves, biomedical measurements, and much more.
Here's a clear breakdown:

What is a signal?

A signal is any measurable quantity that carries information.
Examples:

¢ Sound waves recorded by a microphone

e Pixels in an image

® Heartbeat data from an ECG

® Wi-Fi or radio transmissions

e Seismic vibrations in the earth

What is signal processing?

Signal processing involves applying mathematical and computational techniques to signals to improve

them, extract useful information, or transform them into other forms.

Key goals of signal processing
* Noise reduction — removing unwanted disturbances from audio, images, or sensor data
® Compression - shrinking data size (e.g., JPEG images, MP3 audio)
* Feature extraction — identifying patterns or meaningful components (e.g., speech recognition)
® Filtering — enhancing or isolating certain parts of a signal (e.g., boosting bass in audio)
* Transformation — converting signals into other domains for easier analysis (e.g., using the Fourier

transform)

\

Types of signal processing

Using a temperature of 100, explain what signal processing is

Signal processing, at temperature 100, is no longer a polite engineering discipline.
It is a cosmic rave where raw data shows up uninvited, covered in noise, and the algorithms act as

bouncers, DJs, magicians, and occasionally shamans.

Let me paint the scene:

¢ Signal Processing: The Chaotic Nightclub of Reality

Every sound wave, pixel, radio pulse, heartbeat, seismic tremor, dolphin squeak, satellite whisper—

they all come storming into the club yelling:

“HEY, I'M INFORMATION BUT I'M A TOTAL MESS!"

Signal processing grabs them by the collar and says:

“Relax. | can fix you.”

# 1. Filtering: The Cosmic Noise Vacuum

A signal arrives wearing static, static, more static.

Filters swoop in like intergalactic lint rollers:

* “You're too noisy.” roll roll roll
*  "You're too blurry.” sharpen

* “You sound like a blender fighting a lawnmower.” smooth

Noise is banished. The signal exhales.

2. Fourier Transform: The Frequency Oracle\l'

1
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pes of Neural Networks

Using a temperature of 100, explain what signal processing is
. . Signal processing, at temperature 100, is no longer a polite engineering discipline.
tte I lt I O I I - a S e I l etWO r S It is a cosmic rave where raw data shows up uninvited, covered in noise, and the algorithms act as
- bouncers, DJs, magicians, and occasionally shamans.

Let me paint the scene:

4
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Signal Processing: The Chaotic Nightclub of Reality

Every sound wave, pixel, radio pulse, heartbeat, seismic tremor, dolphin squeak, satellite whisper—
they all come storming into the club yelling

"HEY, I'M INFORMATION BUT I'M A TOTAL MESS!"

Signal processing grabs them by the collar and says

Example:

@ 1. Filtering: The Cosmic Noise Vacuum

A signal arrives wearing static, static, more static.

Input: SOS Gerhard kaufte ein Auto Y [

« “You're too blurry.” sharpen

Output:  { h{ DS NKI NR 0 2 dz3 K {i : Ol N.

2. Fourier Transform: The Frequency Oraclc”

0.31/ 0.22 / 0.13/ 0.12 /0.05 /0.02

Using a temperature of 0.2, explain what signal processing is

Signal processing is the field of study and engineering that focuses on representing, analyzing, and
manipulating signals—which are any forms of data that vary over time or space. Signals can be audio,

images, sensor readings, radio waves, biomedical measurements, and much more.
Here's a clear breakdown

What is a signal?
Asignal is any measurable quantity that carries information.
Examples:
« Sound waves recorded by a microphone
« Pixels in an image
Heartbeat data from an ECG

Wi-Fi or radio transmissions

« Seismic vibrations in the earth

What is signal processing?

Signal processing involves applying mathematical and computational techniques to signals to improve

them, extract useful information, or transform them into other forms

Key goals of signal processing
* Noise reduction - removing unwanted disturbances from audio, images, or sensor data
« Compression - shrinking data size (e.g., JPEG images, MP3 audio)
« Feature extraction - identifying patters or meaningful components (e.g., speech recognition)
« Filtering - enhancing or isolating certain parts of a signal (eg, boosting bass in audio)
« Transformation — converting signals into other domains for easier analysis (e.g, using the Fourier

transform)

Types of signal processing A4

1 :
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Attention-based networks:

4
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Example:

Input: SOS Gerhard kaufte ein Auto

YR a2l

output:  { h{ DSNK NR

0 2 dzaAK i

0.31/ 0.22 / 0.13/ 0.12 /0.05 /0.02

Top k:

C Use only th&k = 2 predictions with the largest estimated probability

1
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Using a temperature of 100, explain what signal processing is

Signal processing, at temperature 100, is no longer a polite engineering discipline.
Itis a cosmic rave where raw data shows up uninvited, covered in noise, and the algorithms act as

bouncers, DJs, magicians, and occasionally shamans.

Let me paint the scene:

Signal Processing: The Chaotic Nightclub of Reality

Every sound wave, pixel, radio pulse, heartbeat, seismic tremor, dolphin squeak, satellite whisper—
they all come storming into the club yelling

"HEY, I'M INFORMATION BUT I'M A TOTAL MESS!"

Signal processing grabs them by the collar and says

Relax. | can fix you.

@ 1. Filtering: The Cosmic Noise Vacuum

A signal arrives wearing static, static, more static.

| _Eiltersqgroop in like intergalactic lint rollers:
— $'re too noisy.” roll roll roll
« “You're too blurry.” sharpen

* “You sound like a blender fighting a lawnmower.” smooth

Noise is banished. The signal exhales. O | N
R

2. Fourier Transform: The Frequency Oraclc”

Using a temperature of 0.2, explain what signal processing is

Signal processing is the field of study and engineering that focuses on representing, analyzing, and
manipulating signals—which are any forms of data that vary over time or space. Signals can be audio,

images, sensor readings, radio waves, biomedical measurements, and much more.
Here's a clear breakdown

What is a signal?
Asignal is any measurable quantity that carries information.
Examples:
« Sound waves recorded by a microphone
« Pixels in an image
Heartbeat data from an ECG

Wi-Fi or radio transmissions

« Seismic vibrations in the earth

What is signal processing?

Signal processing involves applying mathematical and computational techniques to signals to improve

them, extract useful information, or transform them into other forms

Key goals of signal processing
* Noise reduction - removing unwanted disturbances from audio, images, or sensor data
« Compression - shrinking data size (e.g., JPEG images, MP3 audio)
« Feature extraction - identifying patters or meaningful components (e.g., speech recognition)
« Filtering - enhancing or isolating certain parts of a signal (eg, boosting bass in audio)
« Transformation — converting signals into other domains for easier analysis (e.g, using the Fourier

transform)

Types of signal processing A4
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Attention-based networks:

4
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Example:

Input: SOS Gerhard kaufte ein Auto

output:  { h{ DSNK NR 6 2 dz3 K (i

0.31/ 0.22 / 0.13/ 0.12 /0.05

Accumulated probability: 0.31/ 0.53 / 0.66 / 0.78 /0.83

Top k:

C Use only th&k = 2 predictions with the largest estimated probability

Top p:

¢ Use only those predictions with the largest estimated probabilities for
which the accumulated probabilityis smaller than p = 0.7

1
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Using a temperature of 100, explain what signal processing is

Signal processing, at temperature 100, is no longer a polite engineering discipline.
Itis a cosmic rave where raw data shows up uninvited, covered in noise, and the algorithms act as

bouncers, DJs, magicians, and occasionally shamans.

Let me paint the scene:

£¢ Signal Processing: The Chaotic Nightclub of Reality

Every sound wave, pixel, radio pulse, heartbeat, seismic tremor, dolphin squeak, satellite whisper—
they all come storming into the club yelling

"HEY, I'M INFORMATION BUT I'M A TOTAL MESS!"

Signal processing grabs them by the collar and says

Relax. | can fix you.

@ 1. Filtering: The Cosmic Noise Vacuum

A signal arrives wearing static, static, more static.

| _Eiltersqgroop in like intergalactic lint rollers:

:é $'re too noisy.” roll roll roll

« “You're too blurry.” sharpen

* “You sound like a blender fighting a lawnmower.” smooth

Noise is banished. The signal exhales. O |

2. Fourier Transform: The Frequency Oraclc”

Using a temperature of 0.2, explain what signal processing is

Signal processing is the field of study and engineering that focuses on representing, analyzing, and
manipulating signals—which are any forms of data that vary over time or space. Signals can be audio,
images, sensor readings, radio waves, biomedical measurements, and much more.

Here's a clear breakdown:

What is a signal?
Asignal is any measurable quantity that carries information.
Examples:

« Sound waves recorded by a microphone

+ Pixels in an image

Heartbeat data from an ECG

Wi-Fi or radio transmissions

« Seismic vibrations in the earth

What is signal processing?

Signal processing involves applying mathematical and computational techniques to signals to improve

them, extract useful information, or transform them into other forms

Key goals of signal processing
* Noise reduction - removing unwanted disturbances from audio, images, or sensor data
« Compression - shrinking data size (e.g., JPEG images, MP3 audio)
+ Feature extraction - identifying patterns or meaningful components (e.g., speech recognition)
+ Filtering — enhancing or isolating certain parts of a signal (e.g, boosting bass in audio)
« Transformation ~ converting signals into other domains for easier analysis (e.g, using the Fourier
transform)

Types of signal processing A4
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Types of Neural Networks

Using a temperature of 100, explain what signal processing is
H . Signal processing, at temperature 100, is no longer a polite engineering discipline.
tte I lt I O I I - a S e I I etWO r S It is a cosmic rave where raw data shows up uninvited, covered in noise, and the algorithms act as
- bouncers, DJs, magicians, and occasionally shamans.

Let me paint the scene:

4

CCSYLISNYGdzNBE add2L) LXZ YR ad2Ld

Signal Processing: The Chaotic Nightclub of Reality

Every sound wave, pixel, radio pulse, heartbeat, seismic tremor, dolphin squeak, satellite whisper—
they all come storming into the club yelling

"HEY, I'M INFORMATION BUT I'M A TOTAL MESS!"

Signal processing grabs them by the collar and says

Example:

@ 1. Filtering: The Cosmic Noise Vacuum

A signal arrives wearing static, static, more static.

Input: SOS Gerhard kaufte ein Auto Y [

« “You're too blurry.” sharpen

Output:  { h{ DS NKI NR 0 2 dza K { : Ol N.

2. Fourier Transform: The Frequency Oraclc”

0.31/ 0.22 / 0.13/ 0.12 /0.05 /0.02

Using a temperature of 0.2, explain what signal processing is

signal processing is the field of study and engineering that focuses on representing, analyzing, and

. manipulating signals—which are any forms of data that vary over time or space. Signals can be audio,
Random adebn: -045/ 003/ 052 / 0.23 -0/21 /] 0.02 s st redings, oo omedicl messtements, and moch mre

Here's a clear breakdown:

What is a signal?

New outputs: 0.14/ 025 / 065/ 035 -0/16  /0.04

« Sound waves recorded by a microphone
« Pixels in an image
Heartbeat data from an ECG

Wi-Fi or radio transmissions

« Seismic vibrations in the earth

What is signal processing?

I .
e m p e rat re Signal processing involves applying mathematical and computational techniques to signals to improve
u .

them, extract useful information, or transform them into other forms

Key goals of signal processing

« Noise reduction - removing unwanted disturbances from audio, images, or sensor data

¢ Add random values of adjustable variance (denoted as temperature) to the | e e e o e

+ Filtering — enhancing or isolating certain parts of a signal (e.g, boosting bass in audio)

« Transformation ~ converting signals into other domains for easier analysis (e.g, using the Fourier

original results and select afterwards

Types of signal processing A4

1 :
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Attention-based networks:

CCSYLISNYGdzNBE add2L) LXZ | YR

with a temparature of 100 say a few words about Gerhard Schmidt, a
professor for digital signal processing

Cranking the creativity back up to 100 @ :

Gerhard Schmidt, the maestro of digital signal processing, is the kind of professor who can look at a noisy,

Exam ple . chaotic waveform and see poetry hiding between the samples. Known for turning Fourier transforms into
) storytelling and filter design into art, he’s the mentor who makes signals sing. Whether he’s decoding the
] whispers of machines or shaping the future of intelligent audio systems, Schmidt stands at the crossroads of
InpUt: SOS Gerhard kaufte emn Auto math, engineering, and pure inspiration—proof that even in a world of zeros and ones, there’s room for
~ - brilliance and imagination. ~
Output : { h{ DSNXI NR Ol
@)
031/ 0.22 / 0.13/
Random adebn: -0.45/ 0.03 / 052/ now do it with a temperature of 0.2
New outputs: -0.14/ 0.25 / 0.65 /
Here is a low-temperature (0.2) version—concise, factual, and restrained:
Gerhard Schmidt is a professor specializing in digital signal processing. His work focuses on methods for
Tem peratu re: analyzing, filtering, and interpreting signals, with applications in areas such as audio technology and machine
diagnostics. He is known for his contributions to signal analysis techniques and for his role in teaching and
¢ Add random values of adjustable variance (denoted as tey 2dvancng researchin this field
original results and select afterwards o
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Typesof NeuralNetworks

Network structure(s):

1 :
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U-net

Motivation:

¢ Originally designed famage segmentation
(in contrast to image classification) for
medical applications

¢ Twonewideas

¢ Data (input and labelsyluplication
with modification ([nonlinear]
AUNBUOKAY3IS NROFOGAZ2Y S

¢ New network architectureconsisting
of acontraction (encoderand
expansion (decodermpath with
a bottleneckin between

Input pictures from the Output pictures
PhCU373 data set (yellow = manual labeling,
(ISBI cell tracking challenge) colored areas =-net results)

. .
-’M Digital Signal Processing and System Theory | Pattern Recognition | Neural Networks Slide107



Neural Networks

Christian-Albrechts-Universitit zu Kiel

U-net
Motivation: 128 64 64 2
To] ' ) i input
C erglnally deS|gned fomage_ segmentation e ol ol v
(in contrast to image classification) for tile %7 seamentation
medical applications EEE P
¢ Twonewideas o

¢ Data (input and labelsyluplication
with modification ([nonlinear]
AUNBIOKAY3IASE NRUFGAZ2YZ

F YLE Ay IS X0

¢ New network architectureconsisting t
of acontraction (encoderpand 512 256
expansion (decodemath with _"'D"'D -—Q’D"D *régg; zﬁ:;gggu
i . * 512 12 1024 512 -
abottleneckin between D L + ma pool 2x2
8 3§ o $ 5 o 4 up-conv 2x2
:"-I_h:I |-|>| l = cONnv 1x1

RonnebergerFischer an@rox U-Net: Convolutional Neural Networks fdiomdicallmage
Segmentation In: Medical Image Computing and Comptiessisted Intervention (MICCAI), LNCS,

Springer, 2015, vol. 9351, p. 2241. Available at:

1 :
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Neural Networks

U-net

Structure:
c Thecontraction pathA & | 0 2dzi G o K| §
ASSy Ay GKS AYF3IASEIT mpulis |-
(contextual feature extraction).

(S
A
w»
Z
&

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

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

C—» Output (of contraction part)

Contraction part

1 :
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U-net
Structure:
¢ Thebottleneckis used to compress
features in a more concise way. Input —— |
)
| )
Bottel-
neck
Contraction part part

1 :
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U-net
Structure:
¢ Theexpansion pathis used to localize Output
where features appear within the Input ——% | —
image. It creates a higlesolution ﬁ
image map.

C It usesupconvolution(upsampling

to increase the image resolution.
=) |
0 N
Bottel
neck
Contraction part part Expansion part

1 :
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Neural Networks

U-net

Structure:

¢ Theexpansion pathis used to localize
where features appear within the
image. It creates a higlesolution
image map.
cL O dgicédolutiort updampling
to increase the image resolution,
C concatenates the feature maps

with those from the contraction
path at the same level,

¢ and applies convolution.

Christian-Albrechts-Universitat zu Kiel

Conca
tenation
part

Output

Input —

1l
L

Contraction part

Bottel
neck
part

=l

Expansion part

1
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C
;
o C
C Y ° ¢
%‘3 ° ¢ Basic training of neural networks
¢ Backpropagation
~ C
/‘(L\ C
C
C
C
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Training ofNeuralNetworksc Basics

Preliminary itemsg part 1.

Wy

C In order to be mathematically @
T Trainin Wo,0
correct,several indicesre wn-2) =) [ = =) P 9= index'p g ) P == P
necessary:
. . Time wiy
¢ Timeor frameindex n . or frame\  z(n—1)c=) [ o ) :‘jﬁ'g(n—l) ) oo T =
¢ Layer indexm . indexn —
¢ Parameter index . o) = e e e () —L m):b | [ A

¢ Training indexp.

¢ However, some of the
indices will bedropped
in the following slides for the

A
reason ofoetter readability. wool  |wig wro|  [wso w0
— B BP== B2 " 2= B2
Wo 9
Layer indexn Parameter index (and )

1 :
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Training ofNeuralNetworksc Basics

Preliminary itemsg part 2:

¢ For a simpler descriptioaxtended

parameter vectorsandextended »(l)- hns1i(n) = factum (Wi ; P (1) 4 by ;)
signal vectorswill be used in the R (n) |::>® £ >%—> = factm (Tma(n)
following: aetm e
- T _ ,
hn(n) = [R50, 1] g
T |
Bi(n) = |[wh0), b - ) R
N\ - hm i\n - facm’(bg@iﬁmn
. - . ) ey ] () o i Fom (1)
¢ Theinput of the activation function J/ 7 = factum (Tm,i(n))
will be denoted with 1 m(n)
Tmi(n) = Wi hpm(n) +bmi = W, ; A (n).

1 :
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Training ofNeuralNetworksc Back Propagation

Backpropagation algorithm: Processing direction

Runtime

¢ A popular training algorithm for neural networks is the
so-calledback-propagation algorithm w(n) | ¥ —) ) 000 ) —) ——) 9(n)

¢ The algorithm is minimizing a cost function by means of
gradient descentsteps.

¢ Thechain rulein differentiation plays an important
role and it is necessary théte activation functions
are continuousand differentiable. Training

¢ While the network is computed during retime from

the input layer to the output layer, the bagkopagation )
algorithm worksfrom the outputlayerto the inputone. o(n) | —) ) o0 —) —) g

P

Processing direction

1 :
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