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Künstliche Intelligenz
& Maschinelles Lernen
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Maschinelles Lernen

Maschinelles Lernen (ML) Künstliche Intelligenz (KI)
“die Fähigkeit eines Agenten,
Ziele in einer großen Breite 
von Umgebungen zu 
erreichen” [2]

[1] T. Mitchell (1997). “Machine Learning”, McGraw Hill.
[2] S. Legg; M. Hutter (2007). "Universal Intelligence: A Definition of Machine Intelligence". Minds & Machines. 17 (4): 391–444.

“durch Erfahrung eine Aufgabe     
besser machen” [1]

Daten

Optimierung!



Supervised Learning Unsupervised Learning
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ML Problemklassen

Supervised Learning Unsupervised Learning

Überwachtes Lernen
(supervised learning)

Unüberwachtes Lernen
(unsupervised learning)

Bestärkendes Lernen
(reinforcement learning)

Supervised Learning Unsupervised Learning



• annotierte Trainingsdaten (Beispielein- und Ausgaben)

• lerne Vorhersagemodell

5

Überwachtes Lernen

Supervised Learning Unsupervised Learning
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(feste Lernaufgabe)



Supervised Learning Unsupervised Learning

Unüberwachtes Lernen

a) eigenständiges Ziel
(Muster entdecken) 

b) Zwischenschritt der
Datenverarbeitung
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• Trainingdaten ohne Annotationen
• Lerne Struktur der Daten

(freie Lernaufgabe)
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Bestärkendes Lernen

Aktion

Belohnung
Beobachtung / Zustand

• Trainingdaten durch Interaktion mit Umgebung
• Lerne Verhalten, welches die kumulative 

(verzögerte!) Belohnung über die Zeit maximiert
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sofortiges / verzögertes
Feedback



Bewertung & Selektierung von Modellen nur 
auf der Basis bisher ungesehener Daten!
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Modell-Kapazität

[deeplearningbook.org]



Bias-Variance Trade-Off 

• high bias, low variance:

• low bias, high variance:

• good trade-off:
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m*
possible m

m*

possible m

m*

possible m

regularize!



• parameter norm (L1/L2)
• early stopping
• dropout
• more data / data augmentation
• adding noise / denoising
• semi-supervised learning
• multi-task learning
• parameter tying & sharing
• sparse representations
• bagging / ensembles
• DropConnect = randomly set weights to zero
• (layer-wise) unsupervised pretraining
• adversarial training
• …
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Regularization Techniques

http://deeplearningbook.org | Chapter 7 

http://deeplearningbook.org/


Error Factors

11https://kevinzakka.github.io/2016/09/26/applying-deep-learning/

(avoidable)

https://kevinzakka.github.io/2016/09/26/applying-deep-learning/


Human-level

Training set

Train-Dev

Test-Dev

Test

Bias

Variance

Train-Test mismatch

Overfitting of dev

Flowchart for working with a model. Given what we have described above, here’s a
simplified flowchart of the actions you should take when confronted with training/tuning
a DL model.

No

High Training Error
Bigger model
Train longer

New architecture

Yes

High Train-Dev Error
Regularization 

More Data
New architecture 

Yes

High Test-Dev Error
More data similar to

test
Data synthesis

New architecture

Yes

High Test Error

No

No
More dev data

Yes

Done

The importance of data synthesis. Andrew also stressed the importance of data
synthesis as part of any workflow in deep learning. While it may be painful to manually
engineer training examples, the relative gain in performance you obtain once the
parameters and the model fit well are huge and worth your while.

12

Workflow

https://kevinzakka.github.io/2016/09/26/applying-deep-learning/

(bias)

(variance)

(train-test
data mismatch)

(overfit dev)

https://kevinzakka.github.io/2016/09/26/applying-deep-learning/
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Thematische Einordnung

KI

Künstliche Intelligenz

ML

Maschinelles Lernen

KNNs

Künstliche Neuronale Netze

DL

Tiefe Neuronale Netze

„Deep Learning“ (DL)
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Der Neuronale
Netze-Zoo

http://www.asimovinstitute.org/neural-network-zoo/

(nicht vollständig!)

• unterschiedliche
Neuronentypen

• unterschiedliche
Architekturen

• Gemeinsamkeiten?

http://www.asimovinstitute.org/neural-network-zoo/


Graphentheoretische Grundlagen 
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Allgemeine Neuronale Netze

Rudolf Kruse, Alexander Dockhorn Neuronale Netze 3

Graphentheoretische Grundlagen

Ein (gerichteter) Graph ist ein Tupel G = (V, E), bestehend aus einer (endlichen)
Menge V von Knoten oder Ecken und einer (endlichen) Menge E ✓ V ⇥ V von
Kanten.

Wir nennen eine Kante e = (u, v) 2 E gerichtet von Knoten u zu Knoten v.

Sei G = (V,E) ein (gerichteter) Graph und u 2 V ein Knoten. Dann werden die
Knoten der Menge

pred(u) = {v 2 V | (v, u) 2 E}

die Vorgänger des Knotens u
und die Knoten der Menge

succ(u) = {v 2 V | (u, v) 2 E}

die Nachfolger des Knotens u genannt.

(englische Bezeichnungen: V=Vertices, E=Edges, pred=predecessors, succ=successors)

u v
e



Allgemeine Netwerk-Definition
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Allgemeine Neuronale Netze

Rudolf Kruse, Alexander Dockhorn Neuronale Netze 4

Allgemeine Definition eines neuronalen Netzes

Ein (künstliches) neuronales Netz ist ein (gerichteter) Graph G = (U,C),
dessen Knoten u 2 U Neuronen oder Einheiten und
dessen Kanten c 2 C Verbindungen genannt werden.

Die Menge U der Knoten wird partitioniert in

die Menge Uin der Eingabeneuronen,

die Menge Uout der Ausgabeneuronen, und

die Menge Uhidden der versteckten Neuronen.

Es gilt
U = Uin [ Uout [ Uhidden,

Uin 6= ;, Uout 6= ;, Uhidden \ (Uin [ Uout) = ;.

(englische Bezeichnungen: U=Units, C=Connections)



Allgemeines Neuron
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Struktur eines verallgemeinerten Neurons

Rudolf Kruse, Alexander Dockhorn Neuronale Netze 8

Ein verallgemeinertes Neuron verarbeitet numerische Werte
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Netzwerkeingabe Aktivierung Ausgabe

zusätzliche Argumente
der Aktivierungsfunktion

(z.B. Schwellenwert)

externer Input
(nur bei Eingabeneuronen)

eingehende Signale
aus dem Netzwerk

Gewichte

(optional) zusätzliche Argumente
der Netzwerkeingabefunktion

optionale Rückkopplung

Transformation in einen 
gewünschten Wertebereich
(meist lineare Abbildung)

Berechnung der
Netzeingabe (z.B. Summe)

Berechnung der
Aktivierung



Gradientenabstieg
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Training von MLPs: Gradientenabstieg

Rudolf Kruse, Alexander Dockhorn Neuronale Netze 3

Problem der logistischen regression: Funktioniert nur für zweischichtige Perzep-
tren.

Allgemeinerer Ansatz:Gradientenabstieg.

Notwendige Bedingung: di↵erenzierbare Aktivierungs- und Ausgabefunk-
tionen.

x

y

z

x0

y0
@z
@x|x0

@z
@y |y0

~rz|(x0,y0)

Illustration des Gradienten einer reellwertigen Funktion z = f(x, y) am Punkt (x0, y0).

Dabei ist~rz|(x0,y0) =
⇣
@z
@x|x0,

@z
@y |y0

⌘
.
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Error Backpropagation Fehlerrückpropagation: Vorgehensweise
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Aktivierungsfunktion: logistisch
Ausgabefunktion: Identität
impliziter Biaswert
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Algorithmus-Skizze (online)

Fehlerrückpropagation: Vorgehensweise
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Eingabe, Vorwärtsberechnung der Aktivierungen und Ausgabe:

Fehlerberechnung und Rückübertragung (Backpropagation):

mit Ableitung der Aktivierungsfunktion

Berechnung der Gewichtsänderung und Update

für jedes Trainingsbeispiel

bis Stopkriterium erreicht

wiederhole:

gegeben: MLP mit , Lernrate , Trainingsbeispiele

Gradientenabstieg
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l = (⃗ı (l), o⃗ (l)) ∈ Lfixed
G = (U,C)
Lfixed
procedure online gradient descent (var w⃗, var θ, L, η);
var y, e; (* Ausgabe, Fehlersumme *)
begin
repeat
e := 0; (* initialisiere Fehlersumme *)
for all (x⃗, o) ∈ L do begin (* durchlaufe Trainingsmuster*)
if (w⃗x⃗ ≥ θ) then y := 1; (* berechne Ausgabe*)

else y := 0; (* des Schwellenwertelements *)
if (y ≠ o) then begin (* Falls Ausgabe falsch *)
θ := θ − η(o− y); (* passe Schwellenwert *)
w⃗ := w⃗ + η(o− y)x⃗; (* und Gewichte an *)
e := e + |o− y|; (* summiere die Fehler*)

end;
end;

until (e ≤ 0); (* wiederhole die Berechnungen*)
end; (* bis der Fehler verschwindet*)
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∀u ∈ Uin :

out
(l)
u = i

(l)
u

Vorẅı¿12rts-
propagation:

∀u ∈ Uhidden ∪ Uout :
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(l)
u =

(

1 + exp
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−
∑

p∈pred(u)wup out
(l)
p

))−1
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funktion
impliziter
Biaswert

x1

x2

xn
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y1

y2
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∀u ∈ Uhidden :
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(l)
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∑

s∈succ(u) δ
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s wsu

)

λ
(l)
u

R̈ı¿12ckẅı¿
1
2rts-

propagation:

∀u ∈ Uout :

δ
(l)
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o
(l)
u − out

(l)
u

)

λ
(l)
u

Fehlerfaktor:

λ
(l)
u = out

(l)
u

(

1− out
(l)
u

)Aktivierungs-
ableitung:

Gewichts-
ı̈¿12nderung:

∆w
(l)
up = η δ

(l)
u out

(l)
p

Initialisierung aller Gewichte (Zufallswerte)
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Der Neuronale
Netze-Zoo

http://www.asimovinstitute.org/neural-network-zoo/

(nicht vollständig!)

• Schwellenwertelem.
(Perceptron)

http://www.asimovinstitute.org/neural-network-zoo/
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Schwellenwertelement

Schwellenwertelemente: Geometrische Interpretation

Rudolf Kruse, Alexander Dockhorn Neuronale Netze 15

Schwellenwertelement für x1 ^ x2.

4

x1
3

x2
2

y

0 1

1

0

x1

x2 0
1

Ein Schwellenwertelement für x2 ! x1.

-1

x1
2

x2
-2

y

0 1

1

0

x1

x2

0
1

Schwellenwertelemente

Rudolf Kruse, Alexander Dockhorn Neuronale Netze 9

Ein Schwellenwertelement (Threshold Logic Unit, TLU) ist eine Verarbeitungsein-
heit für Zahlen mit n Eingängen x1, . . . , xn und einem Ausgang y. Das Element hat
einen Schwellenwert ✓ und jeder Eingang xi ist mit einem Gewicht wi versehen.
Ein Schwellenwertelement berechnet die Funktion

y =

8
>><

>>:

1, falls ~x~w =
nX

i=1
wixi � ✓,

0, sonst.

✓

x1

...

xn

w1

...

wn

y
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Delta-Regel
Trainieren von Schwellenwertelementen: Delta-Regel

Rudolf Kruse, Alexander Dockhorn Neuronale Netze 29

Formale Trainingsregel: Sei ~x = (x1, . . . , xn) ein Eingabevektor eines Schwellen-
wertelements, o die gewünschte Ausgabe für diesen Eingabevektor, und y die momen-
tane Ausgabe des Schwellenwertelements. Wenn y 6= o, dann werden Schwellenwert ✓
und Gewichtsvektor ~w = (w1, . . . , wn) wie folgt angepasst, um den Fehler zu redu-
zieren:

✓
(neu) = ✓

(alt) + �✓ wobei �✓ = �⌘(o� y),

8i 2 {1, . . . , n} : w
(neu)
i

= w
(alt)
i

+ �wi wobei �wi = ⌘(o� y)xi,

wobei ⌘ ein Parameter ist, der Lernrate genannt wird. Er bestimmt die Größenordnung
der Gewichtsänderungen. Diese Vorgehensweise nennt sichDelta-Regel oderWidrow–
Ho↵–Procedure [Widrow and Ho↵ 1960].

Online-Training: Passe Parameter nach jedem Trainingsmuster an.

Batch-Training: Passe Parameter am Ende jeder Epoche an,
d.h. nach dem Durchlaufen aller Trainingsbeispiele.
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Trainieren von Schwellenwertelementen
Trainieren von Schwellenwertelementen

Rudolf Kruse, Alexander Dockhorn Neuronale Netze 28

Beispieltrainingsprozedur: Online- und Batch-Training.

Online-Lernen
✓

w

-2 -1 0 1 2
-2

-1

0

1

2

�
�
�
�
�
�
�
�
�
�
�
�
�
�

s�s
@
@@R s�s

@
@@R s�s�s

@
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Batch-Lernen
✓
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Der Neuronale
Netze-Zoo

http://www.asimovinstitute.org/neural-network-zoo/

(nicht vollständig!)

• Schwellenwertelem.
(Perceptron)

• MLPs

http://www.asimovinstitute.org/neural-network-zoo/


Mehrschichtige Perzeptren (MLPs)
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Mehrschichtige Perzeptren

Rudolf Kruse, Alexander Dockhorn Neuronale Netze 4

Allgemeine Struktur eines mehrschichtigen Perzeptrons
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xn

... ...

Uin

...

U
(1)
hidden

...

U
(2)
hidden · · ·

· · ·

· · ·

...

U
(r�2)
hidden Uout

...

y1

y2

ym
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Sigmoide als Aktivierungsfunktionen

Rudolf Kruse, Alexander Dockhorn Neuronale Netze 6

Stufenfunktion:

fact(net, ✓) =

⇢
1, falls net � ✓,
0, sonst.

net

1
2

1

✓

Semilineare Funktion:

fact(net, ✓) =

(
1, falls net > ✓ + 1

2 ,

0, falls net < ✓ � 1
2 ,

(net�✓) + 1
2 , sonst.

net

1
2

1

✓✓ � 1
2 ✓ + 1

2

Sinus bis Sättigung:

fact(net, ✓) =

8
<

:

1, falls net > ✓ + ⇡
2 ,

0, falls net < ✓ � ⇡
2 ,

sin(net�✓)+1
2 , sonst.

net

1
2

1

✓✓ � ⇡
2 ✓ + ⇡

2

Logistische Funktion:

fact(net, ✓) =
1

1 + e�(net�✓)

net

1
2

1

✓✓ � 8 ✓ � 4 ✓ + 4 ✓ + 8
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Der Neuronale
Netze-Zoo

http://www.asimovinstitute.org/neural-network-zoo/

(nicht vollständig!)

• Schwellenwertelem.
(Perceptron)

• MLPs
• CNNs

http://www.asimovinstitute.org/neural-network-zoo/
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Convolutional Neural Nets (CNNs)

example from MNIST dataset
http://yann.lecun.com/exdb/mnist/ 2D input

learnable
filter

(feature)
2D output

(feature map)

× =

specialized group of 
neurons in visual cortex

limited & overlapping 
receptive fields
with same filter

[1]

[1] http://deeplearning.net/software/theano/tutorial/

http://yann.lecun.com/exdb/mnist/
http://deeplearning.net/software/theano/tutorial/


CHAPTER 9. CONVOLUTIONAL NETWORKS

Convolutional Layer

Input to layer

Convolution stage:

A ne transformffi

Detector stage:

Nonlinearity

e.g., rectified linear

Pooling stage

Next layer

Input to layers

Convolution layer:

A ne transform ffi

Detector layer: Nonlinearity

e.g., rectified linear

Pooling layer

Next layer

Complex layer terminology Simple layer terminology

Figure 9.7: The components of a typical convolutional neural network layer. There are two
commonly used sets of terminology for describing these layers. (Left) In this terminology,
the convolutional net is viewed as a small number of relatively complex layers, with each
layer having many “stages.” In this terminology, there is a one-to-one mapping between
kernel tensors and network layers. In this book we generally use this terminology. (Right)
In this terminology, the convolutional net is viewed as a larger number of simple layers;
every step of processing is regarded as a layer in its own right. This means that not every
“layer” has parameters.

341

variant:
dilated 
convolution

design choices
(hyper params)

• pool shape
• pool op
• pool stride

• non-linearity

• #kernels
• kernel shape
• kernel stride
• biases?
• padding mode

Convolutional Layers



Convolutional Neural Nets (CNNs)

minimize classification errorlabel

convolutional
layer

classifier
input

2nd

convolutional
layer

label

• local connectivity

• parameter sharing

• translation equivariance

• involves non-linear transform 
(activation function) after conv.

• pool size controls amount of
invariance to input translations

• stride (step size) controls 
non-linear sub-sampling

1 1 1 0 0
0 1 1 1 0
0 0 1 1 1
0 0 1 1 0
0 1 1 0 0

convolution 
with 3x3 kernel

2x2 max-pooling
with stride 1x1

2D input convolved pooled

1 0 1
0 1 0
1 0 1

4 3 4
2 4 3
2 3 4

4 4
4 4



Introspection
feature visualization (optimize input) relevance / saliency analysis (for given input)

=> sanity checks!

The overall structure of this loss function is depicted in
Fig. 1(b).

2.4. Learning

The goal of learning is to find the optimal value of the ba-
sis functionsD, as well as the value of the parameters in the
regressorW , thus minimizing LIP in Eqn. 4. Learning pro-
ceeds by an on-line block coordinate gradient descent algo-
rithm, alternating the following two steps for each training
sample x.

1. Keeping the parameters W and D constant, minimize
LIP of Eqn. (4) with respect to z, starting from the
initial value provided by the regressor F (x;W ).

2. Using the optimal value of the coefficients z provided
by the previous step, update the parameters W and D
by one step of stochastic gradient descent. The update
is: U ← U − η ∂LIP

∂U
, where U collectively denotes

{W,D} and η is the step size. The columns of D are
then re-scaled to unit norm.

We set α = 1 for all experiments. We found that training the
set of basis functions D first, then subsequently training the
regressor, yields similar performance in terms of recogni-
tion accuracy. However, when the regressor is trained after-
wards, the approximate representation is usually less sparse
and the overall training time is considerably longer.

2.5. Evaluation

Once the parameters are learned, computing the invariant
representation v can be performed by a simple feed-forward
propagation through the regressor F (x;W ), and then prop-
agating z into v through vi =

√

∑

j∈Pi
wjz

2
j . Note that

no reconstruction of x using the set of basis functions D
is necessary any longer. An example of this feed forward
recognition architecture is given in Fig. 6.
The addition of this feed-forward module for predicting

z, and hence, v is crucial to speeding up the run-time per-
formance, since no optimization needs to be run after train-
ing. Experiments reported in a technical report on the non-
invariant version of Predictive Sparse Decomposition [9]
show that the z produced by this approximate representa-
tion gives a slightly superior recognition accuracy to the z
produced by optimizing of LI .
Finally, other families of regressor functions were tested

(using different kinds of thresholding non-linearities), but
the one chosen here achieves similar performance while
having the advantage of being very simple. In fact the fil-
tersM learned by the prediction function closely match the
basis functions D used for reconstruction during training,
having the same topographic layout.

Figure 2. Topographic map of feature detectors learned from nat-
ural image patches of size 12x12 pixels by optimizing LIP a in
Eqn. 4. There are 400 filters that are organized in 6x6 neighbor-
hoods. Adjacent neighborhoods overlap by 4 pixels both horizon-
tally and vertically. Notice the smooth variation within a given
neighborhood and also the circular boundary conditions.

4 8 12

4

8

12

0.250.125

16

16

Figure 3. Analysis of learned filters by fitting Gabor functions,
each dot corresponding to a feature. Left: Center location of fitted
Gabor. Right: Polar map showing the joint distribution of orienta-
tion (azimuthally) and frequency (radially) of Gabor fit.

3. Experiments
In the following section, before exploring the properties

of the invariant features obtained, we first study the topo-
graphic map produced by our training scheme. First, we
make an empirical evaluation of the invariance achieved by
these representations under translations and rotations of the
input image. Second, we assess the discriminative power of
these invariant representations on recognition tasks in three
different domains: (i) generic object categories using the
Caltech 101 dataset; (ii) generic object categories from a
dataset of very low resolution images and (iii) classification

feature topography
(improve interpretability)

neuron activation profiles
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Der Neuronale
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• Schwellenwertelem.
(Perceptron)

• MLPs
• CNNs
• RNNs
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Recurrent Neural Nets

LeCun, Bengio & Hinton. ”Deep Learning.” nature 521.7553 (2015)



sequence to sequence (same length)

CHAPTER 10. SEQUENCE MODELING: RECURRENT AND RECURSIVE NETS

information flow forward in time (computing outputs and losses) and backward
in time (computing gradients) by explicitly showing the path along which this
information flows.

10.2 Recurrent Neural Networks

Armed with the graph unrolling and parameter sharing ideas of Sec. , we can10.1
design a wide variety of recurrent neural networks.

UU

VV

WW

o(t−1)o(t−1)

hh

oo

yy

LL

xx

o( )to( )t o( +1)to( +1)t

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

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

h(t−1)h(t−1) h( )th( )t h( +1)th( +1)t

x(t−1)x(t−1) x( )tx( )t x( +1)tx( +1)t

WWWW WW WW

h( )...h( )... h( )...h( )...

VV VV VV

UU UU UU

Unfold

Figure 10.3: The computational graph to compute the training loss of a recurrent network
that maps an input sequence of x values to a corresponding sequence of output o values.
A loss L measures how far each o is from the corresponding training target y . When using
softmax outputs, we assume o is the unnormalized log probabilities. The loss L internally
computes ŷ = softmax(o) and compares this to the target y . The RNN has input to hidden
connections parametrized by a weight matrix U , hidden-to-hidden recurrent connections
parametrized by a weight matrix W , and hidden-to-output connections parametrized by
a weight matrix V . Eq. defines forward propagation in this model.10.8 (Left) The RNN
and its loss drawn with recurrent connections. (Right) The same seen as an time-unfolded
computational graph, where each node is now associated with one particular time instance.

Some examples of important design patterns for recurrent neural networks
include the following:

• Recurrent networks that produce an output at each time step and have
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CHAPTER 10. SEQUENCE MODELING: RECURRENT AND RECURSIVE NETS
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Figure 10.4: An RNN whose only recurrence is the feedback connection from the output
to the hidden layer. At each time step t , the input is x t, the hidden layer activations are
h( )t , the outputs are o( )t , the targets are y( )t and the loss is L( )t . (Left) Circuit diagram.
(Right) Unfolded computational graph. Such an RNN is less powerful (can express a
smaller set of functions) than those in the family represented by Fig. . The RNN10.3
in Fig. can choose to put any information it wants about the past into its hidden10.3
representation h and transmit h to the future. The RNN in this figure is trained to
put a specific output value into o , and o is the only information it is allowed to send
to the future. There are no direct connections from h going forward. The previous h
is connected to the present only indirectly, via the predictions it was used to produce.
Unless o is very high-dimensional and rich, it will usually lack important information
from the past. This makes the RNN in this figure less powerful, but it may be easier to
train because each time step can be trained in isolation from the others, allowing greater
parallelization during training, as described in Sec. .10.2.1
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output at each time step

recurrent connections 
between hidden units

can compute any function computable by a Turing machine
(universal function approximator)

+ optional output-to-hidden 
connections
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Figure 10.4: An RNN whose only recurrence is the feedback connection from the output
to the hidden layer. At each time step t , the input is x t, the hidden layer activations are
h( )t , the outputs are o( )t , the targets are y( )t and the loss is L( )t . (Left) Circuit diagram.
(Right) Unfolded computational graph. Such an RNN is less powerful (can express a
smaller set of functions) than those in the family represented by Fig. . The RNN10.3
in Fig. can choose to put any information it wants about the past into its hidden10.3
representation h and transmit h to the future. The RNN in this figure is trained to
put a specific output value into o , and o is the only information it is allowed to send
to the future. There are no direct connections from h going forward. The previous h
is connected to the present only indirectly, via the predictions it was used to produce.
Unless o is very high-dimensional and rich, it will usually lack important information
from the past. This makes the RNN in this figure less powerful, but it may be easier to
train because each time step can be trained in isolation from the others, allowing greater
parallelization during training, as described in Sec. .10.2.1
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Figure 10.10: A conditional recurrent neural network mapping a variable-length sequence
of x values into a distribution over sequences of y values of the same length. Compared
to Fig. , this RNN contains connections from the previous output to the current state.10.3
These connections allow this RNN to model an arbitrary distribution over sequences of y
given sequences of of the same length. The RNN of Fig. is only able to representx 10.3
distributions in which the y values are conditionally independent from each other given
the values.x
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information flow forward in time (computing outputs and losses) and backward
in time (computing gradients) by explicitly showing the path along which this
information flows.

10.2 Recurrent Neural Networks

Armed with the graph unrolling and parameter sharing ideas of Sec. , we can10.1
design a wide variety of recurrent neural networks.
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Figure 10.3: The computational graph to compute the training loss of a recurrent network
that maps an input sequence of x values to a corresponding sequence of output o values.
A loss L measures how far each o is from the corresponding training target y . When using
softmax outputs, we assume o is the unnormalized log probabilities. The loss L internally
computes ŷ = softmax(o) and compares this to the target y . The RNN has input to hidden
connections parametrized by a weight matrix U , hidden-to-hidden recurrent connections
parametrized by a weight matrix W , and hidden-to-output connections parametrized by
a weight matrix V . Eq. defines forward propagation in this model.10.8 (Left) The RNN
and its loss drawn with recurrent connections. (Right) The same seen as an time-unfolded
computational graph, where each node is now associated with one particular time instance.

Some examples of important design patterns for recurrent neural networks
include the following:

• Recurrent networks that produce an output at each time step and have

378

CHAPTER 10. SEQUENCE MODELING: RECURRENT AND RECURSIVE NETS

U

V

W

o(t−1)o(t−1)

hh

oo

yy

LL

xx

o( )to( )t o( +1)to( +1)t

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

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

h(t−1)h(t−1) h( )th( )t h( +1)th( +1)t

x(t−1)x(t−1) x( )tx( )t x( +1)tx( +1)t

WW W W

o( )...o( )...

h( )...h( )...

V V V

U U U

Unfold

Figure 10.4: An RNN whose only recurrence is the feedback connection from the output
to the hidden layer. At each time step t , the input is x t, the hidden layer activations are
h( )t , the outputs are o( )t , the targets are y( )t and the loss is L( )t . (Left) Circuit diagram.
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in Fig. can choose to put any information it wants about the past into its hidden10.3
representation h and transmit h to the future. The RNN in this figure is trained to
put a specific output value into o , and o is the only information it is allowed to send
to the future. There are no direct connections from h going forward. The previous h
is connected to the present only indirectly, via the predictions it was used to produce.
Unless o is very high-dimensional and rich, it will usually lack important information
from the past. This makes the RNN in this figure less powerful, but it may be easier to
train because each time step can be trained in isolation from the others, allowing greater
parallelization during training, as described in Sec. .10.2.1
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conditional distribution P(y(1), . . . ,y( )τ | x(1) , . . . ,x( )τ ) that makes a conditional
independence assumption that this distribution factorizes as



t

P (y ( )t | x(1) , . . . ,x( )t ). (10.35)

To remove the conditional independence assumption, we can add connections from
the output at time t to the hidden unit at time t+ 1, as shown in Fig. . The10.10
model can then represent arbitrary probability distributions over the y sequence.
This kind of model representing a distribution over a sequence given another
sequence still has one restriction, which is that the length of both sequences must
be the same. We describe how to remove this restriction in Sec. .10.4

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

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

g (t−1)g (t−1) g ( )tg ( )t g ( +1)tg ( +1)t

Figure 10.11: Computation of a typical bidirectional recurrent neural network, meant
to learn to map input sequences x to target sequences y , with loss L( )t at each step t.
The h recurrence propagates information forward in time (towards the right) while the
g recurrence propagates information backward in time (towards the left). Thus at each
point t , the output units o( )t can benefit from a relevant summary of the past in its h( )t

input and from a relevant summary of the future in its g( )t input.
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Figure 10.4: An RNN whose only recurrence is the feedback connection from the output
to the hidden layer. At each time step t , the input is x t, the hidden layer activations are
h( )t , the outputs are o( )t , the targets are y( )t and the loss is L( )t . (Left) Circuit diagram.
(Right) Unfolded computational graph. Such an RNN is less powerful (can express a
smaller set of functions) than those in the family represented by Fig. . The RNN10.3
in Fig. can choose to put any information it wants about the past into its hidden10.3
representation h and transmit h to the future. The RNN in this figure is trained to
put a specific output value into o , and o is the only information it is allowed to send
to the future. There are no direct connections from h going forward. The previous h
is connected to the present only indirectly, via the predictions it was used to produce.
Unless o is very high-dimensional and rich, it will usually lack important information
from the past. This makes the RNN in this figure less powerful, but it may be easier to
train because each time step can be trained in isolation from the others, allowing greater
parallelization during training, as described in Sec. .10.2.1
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recurrence, it requires that the output units capture all of the information about
the past that the network will use to predict the future. Because the output units
are explicitly trained to match the training set targets, they are unlikely to capture
the necessary information about the past history of the input, unless the user
knows how to describe the full state of the system and provides it as part of the
training set targets. The advantage of eliminating hidden-to-hidden recurrence
is that, for any loss function based on comparing the prediction at time t to the
training target at time t, all the time steps are decoupled. Training can thus be
parallelized, with the gradient for each step t computed in isolation. There is no
need to compute the output for the previous time step first, because the training
set provides the ideal value of that output.
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Figure 10.5: Time-unfolded recurrent neural network with a single output at the end
of the sequence. Such a network can be used to summarize a sequence and produce a
fixed-size representation used as input for further processing. There might be a target
right at the end (as depicted here) or the gradient on the output o( )t can be obtained by
back-propagating from further downstream modules.

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

likelihood criterion is

log p

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


(10.15)
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Figure 10.9: An RNN that maps a fixed-length vector x into a distribution over sequences
Y. This RNN is appropriate for tasks such as image captioning, where a single image is
used as input to a model that then produces a sequence of words describing the image.
Each element y( )t of the observed output sequence serves both as input (for the current
time step) and, during training, as target (for the previous time step).

392

decoder (writer): generate output sequence from hidden state
( = decoder part of encoder-decoder architecture)

recurrent connections
from [previous] output

(usually with output-to-hidden 
connections)

input x serves as constant context
or / and to initialize hidden state

(needs to determine
end of sequence)

strange indexing (stressing prediction of next output)

recurrent connections
between hidden units

trainable with 
“teacher forcing”

complex structure to fixed-size vector

recursive neural network

generalization of RNNs

computational graph (given from external
tool such as parser) structured as deep tree

CHAPTER 10. SEQUENCE MODELING: RECURRENT AND RECURSIVE NETS

x (1)x (1) x(2)x(2) x(3)x(3)

V V V

yy

LL

x(4)x(4)

V

oo

U W U W

U
W

Figure 10.14: A recursive network has a computational graph that generalizes that of the
recurrent network from a chain to a tree. A variable-size sequence x(1),x(2) , . . . ,x( )t can
be mapped to a fixed-size representation (the output o), with a fixed set of parameters
(the weight matrices U , V , W ). The figure illustrates a supervised learning case in which
some target is provided which is associated with the whole sequence.y
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recurrence, it requires that the output units capture all of the information about
the past that the network will use to predict the future. Because the output units
are explicitly trained to match the training set targets, they are unlikely to capture
the necessary information about the past history of the input, unless the user
knows how to describe the full state of the system and provides it as part of the
training set targets. The advantage of eliminating hidden-to-hidden recurrence
is that, for any loss function based on comparing the prediction at time t to the
training target at time t, all the time steps are decoupled. Training can thus be
parallelized, with the gradient for each step t computed in isolation. There is no
need to compute the output for the previous time step first, because the training
set provides the ideal value of that output.

h(t−1)h(t−1)

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

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

W W

U U U

h( )τh( )τ

x( )τx( )τ

W

U

o( )τo( )τy( )τy( )τ

L( )τL( )τ

V

. . .. . .

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

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

likelihood criterion is

log p
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Each element y( )t of the observed output sequence serves both as input (for the current
time step) and, during training, as target (for the previous time step).
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LSTM

The repeating module in an LSTM contains four interacting layers.

https://colah.github.io/posts/2015-08-Understanding-LSTMs/ 37

https://colah.github.io/posts/2015-08-Understanding-LSTMs/


• work well for sequential data
– time series (with low sampling rate)
– texts (translation, discourse, sentiment, ...)

• support variable-length input
– including long-term dependencies

• are hard to parallelize
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RNNs
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Beispiel: CNN+RNN

https://arxiv.org/abs/1411.4555

https://arxiv.org/abs/1411.4555
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Beispiel: CNN+RNNVisual Question Answering

https://avisingh599.github.io/deeplearning/visual-qa/ https://avisingh599.github.io/deeplearning/visual-qa/

https://avisingh599.github.io/deeplearning/visual-qa/
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recurrence, it requires that the output units capture all of the information about
the past that the network will use to predict the future. Because the output units
are explicitly trained to match the training set targets, they are unlikely to capture
the necessary information about the past history of the input, unless the user
knows how to describe the full state of the system and provides it as part of the
training set targets. The advantage of eliminating hidden-to-hidden recurrence
is that, for any loss function based on comparing the prediction at time t to the
training target at time t, all the time steps are decoupled. Training can thus be
parallelized, with the gradient for each step t computed in isolation. There is no
need to compute the output for the previous time step first, because the training
set provides the ideal value of that output.
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Figure 10.5: Time-unfolded recurrent neural network with a single output at the end
of the sequence. Such a network can be used to summarize a sequence and produce a
fixed-size representation used as input for further processing. There might be a target
right at the end (as depicted here) or the gradient on the output o( )t can be obtained by
back-propagating from further downstream modules.

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

likelihood criterion is
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Y. This RNN is appropriate for tasks such as image captioning, where a single image is
used as input to a model that then produces a sequence of words describing the image.
Each element y( )t of the observed output sequence serves both as input (for the current
time step) and, during training, as target (for the previous time step).
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- arbitrarily complex
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Abstandsbasierte Netze
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Der Neuronale
Netze-Zoo

http://www.asimovinstitute.org/neural-network-zoo/

(nicht vollständig!)

• Schwellenwertelem.
(Perceptron)

• MLPs
• CNNs
• RNNs
• RBF Netze

http://www.asimovinstitute.org/neural-network-zoo/
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RBF-Netze

RBF-Netz-Initialisierung: Beispiel

Rudolf Kruse, Christoph Doell Neuronale Netze 25

Normales RBF-Netz für die Biimplikation x1 $ x2

basis function (0,0)

x2

x1

1

�1
0

1
2

�1 0 1 2

act

basis function (1,1)

x2

x1

1

�1
0

1
2

�1 0 1 2

act

output

y
1

0

�0.36

(1,0)

Die Initialisierung führt bereits zu einer perfekten Lösung der Lernaufgabe.

Dies ist Zufall, da das lineare Gleichungssystem wegen linear abhängiger Glei-
chungen nicht überbestimmt ist.

RBF-Netz-Initialisierung: Beispiel

Rudolf Kruse, Christoph Doell Neuronale Netze 23

Normales RBF-Netz für die Biimplikation x1 $ x2

Wähle zwei Trainingsbeispiele aus:

l1 = (~ı (l1),~o (l1)) = ((0, 0), (1))

l4 = (~ı (l4),~o (l4)) = ((1, 1), (1))

1
2

1
2

✓

x1

x2

1
1

0
0

w1

w2

y

Radiale Aktivierungsfunktionen

Rudolf Kruse, Christoph Doell Neuronale Netze 7

Rechteckfunktion:

fact(net, �) =

⇢
0, falls net > �,
1, sonst.

net

0

1

�

Dreiecksfunktion:

fact(net, �) =

⇢
0, falls net > �,
1� net

� , sonst.

net

0

1

�

Kosinus bis Null:

fact(net, �) =

(
0, falls net > 2�,
cos( ⇡

2�
net)+1

2 , sonst.

net

0

1

� 2�

1
2

Gaußsche Funktion:

fact(net, �) = e�
net2

2�2

net

0

1

� 2�

e�
1
2

e�2

Abstandsfunktionen

Rudolf Kruse, Christoph Doell Neuronale Netze 5

Veranschaulichung von Abstandsfunktionen

dk(~x, ~y) =

0

@
nX

i=1
|xi � yi|k

1

A

1
k

Bekannte Spezialfälle dieser Familie sind:

k = 1 : Manhattan-Abstand ,
k = 2 : Euklidischer Abstand,
k ! 1 : Maximum-Abstand, d.h. d1(~x, ~y) = max n

i=1|xi � yi|.

k = 1 k = 2 k ! 1

(alle Punkte auf dem Kreis bzw. den Vierecken haben denselben Abstand zum Mit-
telpunkt, entsprechend der jeweiligen Abstandsfunktion)

fnet: Abstandsfunktion

fact: radiale Aktivierungsfunktion

fnet: gewichtete Summe
fact: lineare Funktion

nur 1 versteckte Schicht
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(nicht vollständig!)

• Schwellenwertelem.
(Perceptron)

• MLPs
• CNNs
• RNNs
• RBF Netze
• LVQ

http://www.asimovinstitute.org/neural-network-zoo/
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LVQ 

Vektorquantisierung

Rudolf Kruse Neuronale Netze 4

Voronoidiagramm einer Vektorquantisierung

Punkte repräsentieren Vektoren, die zur Quantisierung der Fläche genutzt wer-
den.

Linien sind die Grenzen der Regionen, deren Punkte am nächsten zu dem darge-
stellten Vektor liegen.

Voronoi-Diagramm
=> Quantisierung

Lernende Vektorquantisierung

Rudolf Kruse Neuronale Netze 11

Anpassung der Referenzvektoren

~r1

~r2

~r3~x

d
⌘d

Anziehungsregel

~r1

~r2

~r3~x

d ⌘d

Abstoßungsregel

~x: Datenpunkt, ~ri: Referenzvektor
⌘ = 0.4 (Lernrate)

• wie RBF-Netz
ohne Ausgabeschicht

• Winner-Takes-All 
Ausgabefunktion

Lernende Vektorquantisierung: Beispiel

Rudolf Kruse Neuronale Netze 12

Anpassung der Referenzvektoren

Links: Online-Training mit Lernrate ⌘ = 0.1,

Rechts: Batch-Training mit Lernrate ⌘ = 0.05.

Anziehung Abstoßung

Online Batch

Anpassung der Refenrenzvektoren
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(nicht vollständig!)

• Schwellenwertelem.
(Perceptron)

• MLPs
• CNNs
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• RBF Netze
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SOMs

Selbstorganisierende Karten: Struktur

Rudolf Kruse Neuronale Netze 24

Die “Karte” stellt die Ausgabeneuronen mit deren Nachbarschaften dar.

Selbstorganisierende Karten: Nachbarschaft

Rudolf Kruse Neuronale Netze 27

Finde topologieerhaltende Abbildung durch Beachtung der Nachbarschaft

Anpassungsregel für Referenzvektor:

~r
(new)
u = ~r

(old)
u + ⌘(t) · fnb(dneurons(u, u⇤), %(t)) · (~x� ~r

(old)
u ),

u⇤ ist das Gewinnerneuron (Referenzvektor am nächsten zum Datenpunkt).

Die Funktion fnb ist eine radiale Funktion.

Zeitabhängige Lernrate

⌘(t) = ⌘0↵
t
⌘, 0 < ↵⌘ < 1, oder ⌘(t) = ⌘0t

⌘, ⌘ > 0.

Zeitabhängiger Nachbarschaftsradius

%(t) = %0↵
t
%, 0 < ↵% < 1, oder %(t) = %0t

%, % > 0.

Selbstorganisierende Karten: Beispiele

Rudolf Kruse Neuronale Netze 28

Beispiel: Entfalten einer zweidimensionalen SOM

Die Abbildungen (von links nach rechts, von oben nach unten) zeigen den jeweiligen
Zustand der SOM (des Eingaberaums) nach 10, 20, 40, 80 und 160 Lernschritten. In
jedem Schritt wird ein Trainingsmuster verarbeitet.

Visualisierung (2D-Eingaberaum)
Referenzvektoren => “Entfaltung”

Selbstorganisierende Karten: Beispiele

Rudolf Kruse Neuronale Netze 30

Beispiel: Entfalten einer zweidimensionalen SOM

Die Abbildungen verdeutlichen die Gitterstruktur der Ausgabeneuronen. Jedes Neuron
wird durch ein kleines Quadrat dargestellt. Die Graustufe kodiert die Aktivierung des
Ausgabeneurons für das Muster (�0.5,�0.5) bei Gaußscher Aktivierungsfunktion.

Visualisierung (2D-Ausgaberaum)
Aktivierung für eine Beispieleingabe



Energiebasierte Netze

49
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Der Neuronale
Netze-Zoo

http://www.asimovinstitute.org/neural-network-zoo/

(nicht vollständig!)

• Schwellenwertelem.
(Perceptron)

• MLPs
• CNNs
• RNNs
• RBF Netze
• LVQ & SOMs
• Hopfield-Netze

http://www.asimovinstitute.org/neural-network-zoo/
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Hopfield-Netze
Hopfield-Netze: Beispiele

Rudolf Kruse Neuronale Netze 9

Vereinfachte Darstellung eines Hopfield-Netzes

0

0

0

x1

x2

x3

1 1

1 12

2

y1

y2

y3

0

0

0

u1

u2

u3

2

1

1

W =

0

B@
0 1 2
1 0 1
2 1 0

1

CA

Symmetrische Verbindungen zwischen Neuronen werden kombiniert.

Eingaben und Ausgaben werden nicht explizit dargestellt.

Hopfield-Netze: Zustandsgraph

Rudolf Kruse Neuronale Netze 10

Graph der Aktivierungen und Übergänge

+++

++� +�+ �++

+�� �+� ��+

���

u1u2u3

u2
u3

u1

u2

u1u3

u2
u1

u3
u2

u1

u3

u2

u1u3

u2

u3

u1

u1u2u3

+/- Aktivierung der Neuronen:
+ entspricht +1, � entspricht �1

Pfeile: geben die Neuronen an, deren
Aktualisierung zu dem jeweiligen Zu-
standsübergang führt

grau unterlegte Zustände: stabile
Zustände

beliebige Aktualisierungsreihenfolgen
ablesbar

(Zustandsgraph zum Netz auf der vorherigen Folie und Erläuterung)

Hopfield-Netze: Beispiele

Rudolf Kruse Neuronale Netze 9

Vereinfachte Darstellung eines Hopfield-Netzes

0

0

0

x1

x2

x3

1 1

1 12

2

y1

y2

y3

0

0

0

u1

u2

u3

2

1

1

W =

0

B@
0 1 2
1 0 1
2 1 0

1

CA

Symmetrische Verbindungen zwischen Neuronen werden kombiniert.

Eingaben und Ausgaben werden nicht explizit dargestellt.

vereinfachte
Darstellung

Zustandsgraph

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



Generative Models

ANNs AIMLDNNs

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

• here: capture dependencies between pixels

53

Generative Training

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

Generative Models

16

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

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

Given training data, generate new samples from same distribution

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

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

images from Denton et al. 2015 



Generative Adversarial Net (GAN)

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

Training GANs: Two-player game

10
5

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

zRandom noise

Generator Network

Discriminator Network

Fake Images
(from generator)

Real Images
(from training set)

Real or Fake

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

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

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

After training, use generator 
network to generate new data.

images from Denton et al. 2015 

discriminator

generator

random noise (z)

generated
fake images

real images
from dataset

real / false

undirected model

(energy-based)

directed model

(causal structure)

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

hidden variables
(conditionally independent 
given visible variables)

CHAPTER 20. DEEP GENERATIVE MODELS

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

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

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

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

Z
exp ( ( ))−E v h, . (20.4)

The energy function for an RBM is given by

E ,(v h b) = − v c− h v− Wh, (20.5)

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

Z =


v



h

exp ( ){−E v h, } . (20.6)

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

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

20.2.1 Conditional Distributions

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

Deriving the conditional distributions from the joint distribution is straightfor-

ward:

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

P ( )v
(20.7)

=
1

P ( )v

1

Z
exp


bv c+ h v+ Wh


(20.8)

=
1

Z  exp

ch v+ Wh


(20.9)
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“partition function” – for probability normalization
not tractable (sum over many values) 

visible variables
(conditionally independent 
given hidden variables)

RBM Training
positive phase negative phase

make samples from training 
data more likely

make samples from
model less likely
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Directed Graphical Model

z

x

data (observable variables)

hidden factors (latent variables)

sampling:
generate new data
(conditioned on z)

inference:
given x, infer z

p(x|z)

p(z|x)

Use DNNs to parameterize and represent conditional distributions!

Variational Autoencoder (VAE)

299Generating images with variational autoencoders

 

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

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

 
 

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

Original
input x

Compressed
representation

Reconstructed
input x

Encoder Decoder

Input image

Reconstructed
image

Distribution over latent
space defined by z_mean

and z_log_var

Point randomly
sampled from
the distribution

Encoder

Decoder

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

Licensed to   <null>

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

inference network
generator network

parameters of a
probability distribution

random sample
from distribution

minimize reconstruction error
+ divergence from prior (representational bottleneck)
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Boltzmann-Maschinen (1985)
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Geoffrey Hinton
(Univ. of Toronto / Google)

Keine Neuronen sondern Zufallsvariablen,
die sich gegenseitig beeinflussen!
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Figure 20.1: Examples of models that may be built with restricted Boltzmann machines.

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

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

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

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

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

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

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

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

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

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

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

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

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

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

kinds of DBMs may be trained without first training a set of RBMs.
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hidden layer of nh binary random variables as .h
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It is apparent from the definition of the partition function Z that the naive method
of computing Z (exhaustively summing over all states) could be computationally
intractable, unless a cleverly designed algorithm could exploit regularities in the
probability distribution to compute Z faster. In the case of restricted Boltzmann
machines, ( ) formally proved that the partition functionLong and Servedio 2010 Z
is intractable. The intractable partition function Z implies that the normalized

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

20.2.1 Conditional Distributions

Though P (v) is intractable, the bipartite graph structure of the RBM has the
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RBM Training
positive phase negative phase
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Variational Autoencoder (VAE)

299Generating images with variational autoencoders

 

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

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

 
 

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

Original
input x

Compressed
representation

Reconstructed
input x

Encoder Decoder

Input image

Reconstructed
image
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and z_log_var

Point randomly
sampled from
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Encoder

Decoder

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

encoder	(inference)	net
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VAE Latent	Space	Visualization	(for	MNIST	dataset)
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Der Neuronale
Netze-Zoo

http://www.asimovinstitute.org/neural-network-zoo/

(nicht vollständig!)

• Schwellenwertelem.
(Perceptron)

• MLPs
• CNNs
• RNNs
• RBF Netze
• LVQ & SOMs
• Hopfield-Netze
• BMs, RBMs & DBNs
• VAEs
• GANs

http://www.asimovinstitute.org/neural-network-zoo/
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Generative Adversarial Net (GAN)

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

Training GANs: Two-player game

10
5

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

zRandom noise

Generator Network

Discriminator Network

Fake Images
(from generator)

Real Images
(from training set)

Real or Fake

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

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

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

After training, use generator 
network to generate new data.

images from Denton et al. 2015 

discriminator

generator

random noise (z)

generated
fake images

real images
from dataset

real / false
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Der Neuronale
Netze-Zoo

http://www.asimovinstitute.org/neural-network-zoo/

(nicht vollständig!)

• Schwellenwertelem.
(Perceptron)

• MLPs
• CNNs
• RNNs
• RBF Netze
• LVQ & SOMs
• Hopfield-Netze
• BMs, RBMs & DBNs
• VAEs
• GANs

Ab
st

an
d

ge
ne

ra
tiv En

er
gi

e

http://www.asimovinstitute.org/neural-network-zoo/


• Responsible Data Science (Projekt)
– 16. Juli (Workshop)
– 22. November (öffentliche Präsentation)

• Introduction to Deep Learning (jedes WiSe)
– Vorlesung (flipped) + Übung + Tutorium

• Learning Generative Models (jedes SoSe)
– Vorlesung (flipped) + Übung

• Music Information Retrieval (jedes WiSe)
– Vorlesung + Übung
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Ausblick


