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Outline
• Part I: The Research Perspective: 
 
Why is Artificial Intelligence hyped right now?
What is Machine Learning? 
What is Deep Learning? 
What is Deep Reinforcement Learning? 

• Part 2: The Business Perspective: 
 
Applications: 
Visualizing 
Predicting 
(Acting)
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Let’s talk about 
Machine Learning!



What is Machine Learning?

— Wikipedia, March 2017

[..] Machine learning explores the study and construction of 
algorithms that can learn from and make predictions on data[3] [..]

Artificial Intelligence

Knowledge 
Representation

Planning Computer Vision Machine Learning… 

https://en.wikipedia.org/wiki/Algorithm
https://en.wikipedia.org/wiki/Learning
https://en.wikipedia.org/wiki/Data


Different Types of Machine Learning
• Supervised Learning 

• Unsupervised Learning 

• Reinforcement Learning



Supervised Learning
‣ External teacher provides "samples" of input and desired output. 

Example: Data from the past, existing users.





Input OutputHiddenLayers:

artificial neural network = directed acyclic graph
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artificial neural network = directed acyclic graph
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2 Grundlagen

Netzausgaben und den vorgegebenen Zielwerten minimiert wird. Der gebräuchlichste
und hier meist verwendete Fehler ist die Summe der quadratischen Fehler (SSE) auf
den Trainingsbeispielen
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Die Berechnung der Werte der partiellen Ableitungen @E
@wji

der Fehlerfunktion E nach
den einzelnen Gewichten wji kann mit Hilfe des Backpropagation-Algorithmus [140,
172] berechnet werden. Im Backpropagation-Algorithmus wird die Gewichtsänderung
dann in Erweiterung der Delta-Regel [173] in Richtung des negativen Gradienten der
Fehlerfunktion vorgenommen

�W = �⌘rE(W ) ,

wobei sich für das einzelne Gewicht wji die Änderung

�wji = �⌘
@

@wji
E(W )

ergibt. ⌘ ist dabei eine über die Zeit kleiner werdende Lernrate.
Statt wie in dieser batch Variante des Backpropagation-Algorithmus zunächst den

Gradienten rE(W ) auf allen Trainingsbeispielen (dem gesamten “Batch”) zu bestim-
men, werden im online Backpropagation die Gewichtsänderungen sofort nach jeder Be-
rechnung des Teilfehlers für eines der Trainingsbeispiele nach

�wji = �⌘
@

@wj,i
Ep(W )

vorgenommen. Weil eine einzelne solche Änderung dann aber von der Richtung des
kleiner werdenden Gesamtfehlers �rE(W ) abweichen und auch zu vorübergehenden
Verschlechterungen führen kann, wird dieses Verfahren als stochastischer Gradientenab-
stieg bezeichnet. Ein Zwischending zwischen reinem online und reinem batch Verfahren
ist das Training auf sogenannten Mini-Batches, bei dem der Gradient rE(W ) vor jeder
Gewichtsänderung auf einer größeren Teilmenge der Trainingsdaten approximiert wird.

Regularisierung Einerseits wird versucht, den Fehler auf den Trainingsdaten wäh-
rend des Gradientenabstiegs so weit wie möglich zu verkleinern, andererseits ist man
eigentlich an der Generalisierungsfähigkeit des Netzes interessiert, d.h. es sollen mög-
lichst korrekte Ausgaben für neue Eingaben erzeugt werden. Typischerweise ist bei
einem zu langen Training ein Überspezialisieren der Gewichte auf die Trainingsdaten
zu beobachten; der Fehler auf nicht im Training verwendeten Daten steigt schon wieder
an, während der Trainingsfehler noch kleiner wird. Um dies zu verhindern, kommen
verschiedene Regularisierungstechniken (Early Stopping, Weight Decay, Pruning) zum
Einsatz.

20

(backpropagation algorithm)
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to transform the high-dimensional data into a
low-dimensional code and a similar Bdecoder[
network to recover the data from the code.

Starting with random weights in the two
networks, they can be trained together by
minimizing the discrepancy between the orig-
inal data and its reconstruction. The required
gradients are easily obtained by using the chain
rule to backpropagate error derivatives first
through the decoder network and then through
the encoder network (1). The whole system is

called an Bautoencoder[ and is depicted in
Fig. 1.

It is difficult to optimize the weights in
nonlinear autoencoders that have multiple
hidden layers (2–4). With large initial weights,
autoencoders typically find poor local minima;
with small initial weights, the gradients in the
early layers are tiny, making it infeasible to
train autoencoders with many hidden layers. If
the initial weights are close to a good solution,
gradient descent works well, but finding such
initial weights requires a very different type of
algorithm that learns one layer of features at a
time. We introduce this Bpretraining[ procedure
for binary data, generalize it to real-valued data,
and show that it works well for a variety of
data sets.

An ensemble of binary vectors (e.g., im-
ages) can be modeled using a two-layer net-
work called a Brestricted Boltzmann machine[
(RBM) (5, 6) in which stochastic, binary pixels
are connected to stochastic, binary feature
detectors using symmetrically weighted con-
nections. The pixels correspond to Bvisible[
units of the RBM because their states are
observed; the feature detectors correspond to
Bhidden[ units. A joint configuration (v, h) of
the visible and hidden units has an energy (7)
given by

Eðv, hÞ 0 j
X

iZpixels

bivi j
X

jZfeatures

bjhj

j
X

i, j

vihjwij

ð1Þ

where vi and hj are the binary states of pixel i
and feature j, bi and bj are their biases, and wij

is the weight between them. The network as-
signs a probability to every possible image via
this energy function, as explained in (8). The
probability of a training image can be raised by
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Fig. 1. Pretraining consists of learning a stack of restricted Boltzmann machines (RBMs), each
having only one layer of feature detectors. The learned feature activations of one RBM are used
as the ‘‘data’’ for training the next RBM in the stack. After the pretraining, the RBMs are
‘‘unrolled’’ to create a deep autoencoder, which is then fine-tuned using backpropagation of
error derivatives.

Fig. 2. (A) Top to bottom:
Random samples of curves from
the test data set; reconstructions
produced by the six-dimensional
deep autoencoder; reconstruc-
tions by ‘‘logistic PCA’’ (8) using
six components; reconstructions
by logistic PCA and standard
PCA using 18 components. The
average squared error per im-
age for the last four rows is
1.44, 7.64, 2.45, 5.90. (B) Top
to bottom: A random test image
from each class; reconstructions
by the 30-dimensional autoen-
coder; reconstructions by 30-
dimensional logistic PCA and
standard PCA. The average
squared errors for the last three
rows are 3.00, 8.01, and 13.87.
(C) Top to bottom: Random
samples from the test data set;
reconstructions by the 30-
dimensional autoencoder; reconstructions by 30-dimensional PCA. The average squared errors are 126 and 135.
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to transform the high-dimensional data into a
low-dimensional code and a similar Bdecoder[
network to recover the data from the code.

Starting with random weights in the two
networks, they can be trained together by
minimizing the discrepancy between the orig-
inal data and its reconstruction. The required
gradients are easily obtained by using the chain
rule to backpropagate error derivatives first
through the decoder network and then through
the encoder network (1). The whole system is

called an Bautoencoder[ and is depicted in
Fig. 1.

It is difficult to optimize the weights in
nonlinear autoencoders that have multiple
hidden layers (2–4). With large initial weights,
autoencoders typically find poor local minima;
with small initial weights, the gradients in the
early layers are tiny, making it infeasible to
train autoencoders with many hidden layers. If
the initial weights are close to a good solution,
gradient descent works well, but finding such
initial weights requires a very different type of
algorithm that learns one layer of features at a
time. We introduce this Bpretraining[ procedure
for binary data, generalize it to real-valued data,
and show that it works well for a variety of
data sets.

An ensemble of binary vectors (e.g., im-
ages) can be modeled using a two-layer net-
work called a Brestricted Boltzmann machine[
(RBM) (5, 6) in which stochastic, binary pixels
are connected to stochastic, binary feature
detectors using symmetrically weighted con-
nections. The pixels correspond to Bvisible[
units of the RBM because their states are
observed; the feature detectors correspond to
Bhidden[ units. A joint configuration (v, h) of
the visible and hidden units has an energy (7)
given by

Eðv, hÞ 0 j
X

iZpixels

bivi j
X

jZfeatures

bjhj

j
X

i, j

vihjwij

ð1Þ

where vi and hj are the binary states of pixel i
and feature j, bi and bj are their biases, and wij

is the weight between them. The network as-
signs a probability to every possible image via
this energy function, as explained in (8). The
probability of a training image can be raised by
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Fig. 1. Pretraining consists of learning a stack of restricted Boltzmann machines (RBMs), each
having only one layer of feature detectors. The learned feature activations of one RBM are used
as the ‘‘data’’ for training the next RBM in the stack. After the pretraining, the RBMs are
‘‘unrolled’’ to create a deep autoencoder, which is then fine-tuned using backpropagation of
error derivatives.

Fig. 2. (A) Top to bottom:
Random samples of curves from
the test data set; reconstructions
produced by the six-dimensional
deep autoencoder; reconstruc-
tions by ‘‘logistic PCA’’ (8) using
six components; reconstructions
by logistic PCA and standard
PCA using 18 components. The
average squared error per im-
age for the last four rows is
1.44, 7.64, 2.45, 5.90. (B) Top
to bottom: A random test image
from each class; reconstructions
by the 30-dimensional autoen-
coder; reconstructions by 30-
dimensional logistic PCA and
standard PCA. The average
squared errors for the last three
rows are 3.00, 8.01, and 13.87.
(C) Top to bottom: Random
samples from the test data set;
reconstructions by the 30-
dimensional autoencoder; reconstructions by 30-dimensional PCA. The average squared errors are 126 and 135.
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to transform the high-dimensional data into a
low-dimensional code and a similar Bdecoder[
network to recover the data from the code.

Starting with random weights in the two
networks, they can be trained together by
minimizing the discrepancy between the orig-
inal data and its reconstruction. The required
gradients are easily obtained by using the chain
rule to backpropagate error derivatives first
through the decoder network and then through
the encoder network (1). The whole system is

called an Bautoencoder[ and is depicted in
Fig. 1.

It is difficult to optimize the weights in
nonlinear autoencoders that have multiple
hidden layers (2–4). With large initial weights,
autoencoders typically find poor local minima;
with small initial weights, the gradients in the
early layers are tiny, making it infeasible to
train autoencoders with many hidden layers. If
the initial weights are close to a good solution,
gradient descent works well, but finding such
initial weights requires a very different type of
algorithm that learns one layer of features at a
time. We introduce this Bpretraining[ procedure
for binary data, generalize it to real-valued data,
and show that it works well for a variety of
data sets.

An ensemble of binary vectors (e.g., im-
ages) can be modeled using a two-layer net-
work called a Brestricted Boltzmann machine[
(RBM) (5, 6) in which stochastic, binary pixels
are connected to stochastic, binary feature
detectors using symmetrically weighted con-
nections. The pixels correspond to Bvisible[
units of the RBM because their states are
observed; the feature detectors correspond to
Bhidden[ units. A joint configuration (v, h) of
the visible and hidden units has an energy (7)
given by

Eðv, hÞ 0 j
X

iZpixels

bivi j
X

jZfeatures

bjhj

j
X

i, j

vihjwij

ð1Þ

where vi and hj are the binary states of pixel i
and feature j, bi and bj are their biases, and wij

is the weight between them. The network as-
signs a probability to every possible image via
this energy function, as explained in (8). The
probability of a training image can be raised by
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Fig. 1. Pretraining consists of learning a stack of restricted Boltzmann machines (RBMs), each
having only one layer of feature detectors. The learned feature activations of one RBM are used
as the ‘‘data’’ for training the next RBM in the stack. After the pretraining, the RBMs are
‘‘unrolled’’ to create a deep autoencoder, which is then fine-tuned using backpropagation of
error derivatives.

Fig. 2. (A) Top to bottom:
Random samples of curves from
the test data set; reconstructions
produced by the six-dimensional
deep autoencoder; reconstruc-
tions by ‘‘logistic PCA’’ (8) using
six components; reconstructions
by logistic PCA and standard
PCA using 18 components. The
average squared error per im-
age for the last four rows is
1.44, 7.64, 2.45, 5.90. (B) Top
to bottom: A random test image
from each class; reconstructions
by the 30-dimensional autoen-
coder; reconstructions by 30-
dimensional logistic PCA and
standard PCA. The average
squared errors for the last three
rows are 3.00, 8.01, and 13.87.
(C) Top to bottom: Random
samples from the test data set;
reconstructions by the 30-
dimensional autoencoder; reconstructions by 30-dimensional PCA. The average squared errors are 126 and 135.
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Unsupervised Learning
‣ There is just the data, no target, no feedback. 

Example: Probability Density Estimation, Clustering, Mannifold 
Learning, Feature Learning.
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to transform the high-dimensional data into a
low-dimensional code and a similar Bdecoder[
network to recover the data from the code.

Starting with random weights in the two
networks, they can be trained together by
minimizing the discrepancy between the orig-
inal data and its reconstruction. The required
gradients are easily obtained by using the chain
rule to backpropagate error derivatives first
through the decoder network and then through
the encoder network (1). The whole system is

called an Bautoencoder[ and is depicted in
Fig. 1.

It is difficult to optimize the weights in
nonlinear autoencoders that have multiple
hidden layers (2–4). With large initial weights,
autoencoders typically find poor local minima;
with small initial weights, the gradients in the
early layers are tiny, making it infeasible to
train autoencoders with many hidden layers. If
the initial weights are close to a good solution,
gradient descent works well, but finding such
initial weights requires a very different type of
algorithm that learns one layer of features at a
time. We introduce this Bpretraining[ procedure
for binary data, generalize it to real-valued data,
and show that it works well for a variety of
data sets.

An ensemble of binary vectors (e.g., im-
ages) can be modeled using a two-layer net-
work called a Brestricted Boltzmann machine[
(RBM) (5, 6) in which stochastic, binary pixels
are connected to stochastic, binary feature
detectors using symmetrically weighted con-
nections. The pixels correspond to Bvisible[
units of the RBM because their states are
observed; the feature detectors correspond to
Bhidden[ units. A joint configuration (v, h) of
the visible and hidden units has an energy (7)
given by

Eðv, hÞ 0 j
X

iZpixels

bivi j
X

jZfeatures

bjhj

j
X

i, j

vihjwij

ð1Þ

where vi and hj are the binary states of pixel i
and feature j, bi and bj are their biases, and wij

is the weight between them. The network as-
signs a probability to every possible image via
this energy function, as explained in (8). The
probability of a training image can be raised by
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Fig. 1. Pretraining consists of learning a stack of restricted Boltzmann machines (RBMs), each
having only one layer of feature detectors. The learned feature activations of one RBM are used
as the ‘‘data’’ for training the next RBM in the stack. After the pretraining, the RBMs are
‘‘unrolled’’ to create a deep autoencoder, which is then fine-tuned using backpropagation of
error derivatives.

Fig. 2. (A) Top to bottom:
Random samples of curves from
the test data set; reconstructions
produced by the six-dimensional
deep autoencoder; reconstruc-
tions by ‘‘logistic PCA’’ (8) using
six components; reconstructions
by logistic PCA and standard
PCA using 18 components. The
average squared error per im-
age for the last four rows is
1.44, 7.64, 2.45, 5.90. (B) Top
to bottom: A random test image
from each class; reconstructions
by the 30-dimensional autoen-
coder; reconstructions by 30-
dimensional logistic PCA and
standard PCA. The average
squared errors for the last three
rows are 3.00, 8.01, and 13.87.
(C) Top to bottom: Random
samples from the test data set;
reconstructions by the 30-
dimensional autoencoder; reconstructions by 30-dimensional PCA. The average squared errors are 126 and 135.
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to transform the high-dimensional data into a
low-dimensional code and a similar Bdecoder[
network to recover the data from the code.

Starting with random weights in the two
networks, they can be trained together by
minimizing the discrepancy between the orig-
inal data and its reconstruction. The required
gradients are easily obtained by using the chain
rule to backpropagate error derivatives first
through the decoder network and then through
the encoder network (1). The whole system is

called an Bautoencoder[ and is depicted in
Fig. 1.

It is difficult to optimize the weights in
nonlinear autoencoders that have multiple
hidden layers (2–4). With large initial weights,
autoencoders typically find poor local minima;
with small initial weights, the gradients in the
early layers are tiny, making it infeasible to
train autoencoders with many hidden layers. If
the initial weights are close to a good solution,
gradient descent works well, but finding such
initial weights requires a very different type of
algorithm that learns one layer of features at a
time. We introduce this Bpretraining[ procedure
for binary data, generalize it to real-valued data,
and show that it works well for a variety of
data sets.

An ensemble of binary vectors (e.g., im-
ages) can be modeled using a two-layer net-
work called a Brestricted Boltzmann machine[
(RBM) (5, 6) in which stochastic, binary pixels
are connected to stochastic, binary feature
detectors using symmetrically weighted con-
nections. The pixels correspond to Bvisible[
units of the RBM because their states are
observed; the feature detectors correspond to
Bhidden[ units. A joint configuration (v, h) of
the visible and hidden units has an energy (7)
given by

Eðv, hÞ 0 j
X

iZpixels

bivi j
X

jZfeatures

bjhj

j
X

i, j

vihjwij

ð1Þ

where vi and hj are the binary states of pixel i
and feature j, bi and bj are their biases, and wij

is the weight between them. The network as-
signs a probability to every possible image via
this energy function, as explained in (8). The
probability of a training image can be raised by
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Fig. 1. Pretraining consists of learning a stack of restricted Boltzmann machines (RBMs), each
having only one layer of feature detectors. The learned feature activations of one RBM are used
as the ‘‘data’’ for training the next RBM in the stack. After the pretraining, the RBMs are
‘‘unrolled’’ to create a deep autoencoder, which is then fine-tuned using backpropagation of
error derivatives.

Fig. 2. (A) Top to bottom:
Random samples of curves from
the test data set; reconstructions
produced by the six-dimensional
deep autoencoder; reconstruc-
tions by ‘‘logistic PCA’’ (8) using
six components; reconstructions
by logistic PCA and standard
PCA using 18 components. The
average squared error per im-
age for the last four rows is
1.44, 7.64, 2.45, 5.90. (B) Top
to bottom: A random test image
from each class; reconstructions
by the 30-dimensional autoen-
coder; reconstructions by 30-
dimensional logistic PCA and
standard PCA. The average
squared errors for the last three
rows are 3.00, 8.01, and 13.87.
(C) Top to bottom: Random
samples from the test data set;
reconstructions by the 30-
dimensional autoencoder; reconstructions by 30-dimensional PCA. The average squared errors are 126 and 135.
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adjusting the weights and biases to lower the
energy of that image and to raise the energy of
similar, Bconfabulated[ images that the network
would prefer to the real data. Given a training
image, the binary state hj of each feature de-
tector j is set to 1 with probability s(bj þP

iviwij), where s(x) is the logistic function
1/E1 þ exp (–x)^, bj is the bias of j, vi is the
state of pixel i, and wij is the weight between i
and j. Once binary states have been chosen for
the hidden units, a Bconfabulation[ is produced
by setting each vi to 1 with probability s(bi þP

jhjwij), where bi is the bias of i. The states of

the hidden units are then updated once more so
that they represent features of the confabula-
tion. The change in a weight is given by

Dwij 0 e
!
bvihjÀdata j bvihjÀrecon

"
ð2Þ

where e is a learning rate, bvihjÀdata is the
fraction of times that the pixel i and feature
detector j are on together when the feature
detectors are being driven by data, and
bvihjÀrecon is the corresponding fraction for
confabulations. A simplified version of the

same learning rule is used for the biases. The
learning works well even though it is not
exactly following the gradient of the log
probability of the training data (6).

A single layer of binary features is not the
best way to model the structure in a set of im-
ages. After learning one layer of feature de-
tectors, we can treat their activities—when they
are being driven by the data—as data for
learning a second layer of features. The first
layer of feature detectors then become the
visible units for learning the next RBM. This
layer-by-layer learning can be repeated as many

Fig. 3. (A) The two-
dimensional codes for 500
digits of each class produced
by taking the first two prin-
cipal components of all
60,000 training images.
(B) The two-dimensional
codes found by a 784-
1000-500-250-2 autoen-
coder. For an alternative
visualization, see (8).

Fig. 4. (A) The fraction of
retrieved documents in the
same class as the query when
a query document from the
test set is used to retrieve other
test set documents, averaged
over all 402,207 possible que-
ries. (B) The codes produced
by two-dimensional LSA. (C)
The codes produced by a 2000-
500-250-125-2 autoencoder.
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to transform the high-dimensional data into a
low-dimensional code and a similar Bdecoder[
network to recover the data from the code.

Starting with random weights in the two
networks, they can be trained together by
minimizing the discrepancy between the orig-
inal data and its reconstruction. The required
gradients are easily obtained by using the chain
rule to backpropagate error derivatives first
through the decoder network and then through
the encoder network (1). The whole system is

called an Bautoencoder[ and is depicted in
Fig. 1.

It is difficult to optimize the weights in
nonlinear autoencoders that have multiple
hidden layers (2–4). With large initial weights,
autoencoders typically find poor local minima;
with small initial weights, the gradients in the
early layers are tiny, making it infeasible to
train autoencoders with many hidden layers. If
the initial weights are close to a good solution,
gradient descent works well, but finding such
initial weights requires a very different type of
algorithm that learns one layer of features at a
time. We introduce this Bpretraining[ procedure
for binary data, generalize it to real-valued data,
and show that it works well for a variety of
data sets.

An ensemble of binary vectors (e.g., im-
ages) can be modeled using a two-layer net-
work called a Brestricted Boltzmann machine[
(RBM) (5, 6) in which stochastic, binary pixels
are connected to stochastic, binary feature
detectors using symmetrically weighted con-
nections. The pixels correspond to Bvisible[
units of the RBM because their states are
observed; the feature detectors correspond to
Bhidden[ units. A joint configuration (v, h) of
the visible and hidden units has an energy (7)
given by

Eðv, hÞ 0 j
X

iZpixels

bivi j
X

jZfeatures

bjhj

j
X

i, j

vihjwij

ð1Þ

where vi and hj are the binary states of pixel i
and feature j, bi and bj are their biases, and wij

is the weight between them. The network as-
signs a probability to every possible image via
this energy function, as explained in (8). The
probability of a training image can be raised by
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Fig. 1. Pretraining consists of learning a stack of restricted Boltzmann machines (RBMs), each
having only one layer of feature detectors. The learned feature activations of one RBM are used
as the ‘‘data’’ for training the next RBM in the stack. After the pretraining, the RBMs are
‘‘unrolled’’ to create a deep autoencoder, which is then fine-tuned using backpropagation of
error derivatives.

Fig. 2. (A) Top to bottom:
Random samples of curves from
the test data set; reconstructions
produced by the six-dimensional
deep autoencoder; reconstruc-
tions by ‘‘logistic PCA’’ (8) using
six components; reconstructions
by logistic PCA and standard
PCA using 18 components. The
average squared error per im-
age for the last four rows is
1.44, 7.64, 2.45, 5.90. (B) Top
to bottom: A random test image
from each class; reconstructions
by the 30-dimensional autoen-
coder; reconstructions by 30-
dimensional logistic PCA and
standard PCA. The average
squared errors for the last three
rows are 3.00, 8.01, and 13.87.
(C) Top to bottom: Random
samples from the test data set;
reconstructions by the 30-
dimensional autoencoder; reconstructions by 30-dimensional PCA. The average squared errors are 126 and 135.
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to transform the high-dimensional data into a
low-dimensional code and a similar Bdecoder[
network to recover the data from the code.

Starting with random weights in the two
networks, they can be trained together by
minimizing the discrepancy between the orig-
inal data and its reconstruction. The required
gradients are easily obtained by using the chain
rule to backpropagate error derivatives first
through the decoder network and then through
the encoder network (1). The whole system is

called an Bautoencoder[ and is depicted in
Fig. 1.

It is difficult to optimize the weights in
nonlinear autoencoders that have multiple
hidden layers (2–4). With large initial weights,
autoencoders typically find poor local minima;
with small initial weights, the gradients in the
early layers are tiny, making it infeasible to
train autoencoders with many hidden layers. If
the initial weights are close to a good solution,
gradient descent works well, but finding such
initial weights requires a very different type of
algorithm that learns one layer of features at a
time. We introduce this Bpretraining[ procedure
for binary data, generalize it to real-valued data,
and show that it works well for a variety of
data sets.

An ensemble of binary vectors (e.g., im-
ages) can be modeled using a two-layer net-
work called a Brestricted Boltzmann machine[
(RBM) (5, 6) in which stochastic, binary pixels
are connected to stochastic, binary feature
detectors using symmetrically weighted con-
nections. The pixels correspond to Bvisible[
units of the RBM because their states are
observed; the feature detectors correspond to
Bhidden[ units. A joint configuration (v, h) of
the visible and hidden units has an energy (7)
given by

Eðv, hÞ 0 j
X

iZpixels

bivi j
X

jZfeatures

bjhj

j
X

i, j

vihjwij

ð1Þ

where vi and hj are the binary states of pixel i
and feature j, bi and bj are their biases, and wij

is the weight between them. The network as-
signs a probability to every possible image via
this energy function, as explained in (8). The
probability of a training image can be raised by
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Fig. 1. Pretraining consists of learning a stack of restricted Boltzmann machines (RBMs), each
having only one layer of feature detectors. The learned feature activations of one RBM are used
as the ‘‘data’’ for training the next RBM in the stack. After the pretraining, the RBMs are
‘‘unrolled’’ to create a deep autoencoder, which is then fine-tuned using backpropagation of
error derivatives.

Fig. 2. (A) Top to bottom:
Random samples of curves from
the test data set; reconstructions
produced by the six-dimensional
deep autoencoder; reconstruc-
tions by ‘‘logistic PCA’’ (8) using
six components; reconstructions
by logistic PCA and standard
PCA using 18 components. The
average squared error per im-
age for the last four rows is
1.44, 7.64, 2.45, 5.90. (B) Top
to bottom: A random test image
from each class; reconstructions
by the 30-dimensional autoen-
coder; reconstructions by 30-
dimensional logistic PCA and
standard PCA. The average
squared errors for the last three
rows are 3.00, 8.01, and 13.87.
(C) Top to bottom: Random
samples from the test data set;
reconstructions by the 30-
dimensional autoencoder; reconstructions by 30-dimensional PCA. The average squared errors are 126 and 135.
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What is Deep Learning?

It started as clever idea for 

training neural networks with  
multiple hidden layers



DeepFace

Figure 2. Outline of the DeepFace architecture. A front-end of a single convolution-pooling-convolution filtering on the rectified input, followed by three
locally-connected layers and two fully-connected layers. Colors illustrate feature maps produced at each layer. The net includes more than 120 million
parameters, where more than 95% come from the local and fully connected layers.

very few parameters. These layers merely expand the input
into a set of simple local features.

The subsequent layers (L4, L5 and L6) are instead lo-
cally connected [13, 16], like a convolutional layer they ap-
ply a filter bank, but every location in the feature map learns
a different set of filters. Since different regions of an aligned
image have different local statistics, the spatial stationarity
assumption of convolution cannot hold. For example, ar-
eas between the eyes and the eyebrows exhibit very differ-
ent appearance and have much higher discrimination ability
compared to areas between the nose and the mouth. In other
words, we customize the architecture of the DNN by lever-
aging the fact that our input images are aligned. The use
of local layers does not affect the computational burden of
feature extraction, but does affect the number of parameters
subject to training. Only because we have a large labeled
dataset, we can afford three large locally connected layers.
The use of locally connected layers (without weight shar-
ing) can also be justified by the fact that each output unit of
a locally connected layer is affected by a very large patch of
the input. For instance, the output of L6 is influenced by a
74x74x3 patch at the input, and there is hardly any statisti-
cal sharing between such large patches in aligned faces.

Finally, the top two layers (F7 and F8) are fully con-
nected: each output unit is connected to all inputs. These
layers are able to capture correlations between features cap-
tured in distant parts of the face images, e.g., position and
shape of eyes and position and shape of mouth. The output
of the first fully connected layer (F7) in the network will be
used as our raw face representation feature vector through-
out this paper. In terms of representation, this is in con-
trast to the existing LBP-based representations proposed in
the literature, that normally pool very local descriptors (by
computing histograms) and use this as input to a classifier.

The output of the last fully-connected layer is fed to a
K-way softmax (where K is the number of classes) which
produces a distribution over the class labels. If we denote
by o

k

the k-th output of the network on a given input, the
probability assigned to the k-th class is the output of the
softmax function: p

k

= exp(o

k

)/

P
h

exp(o

h

).

The goal of training is to maximize the probability of
the correct class (face id). We achieve this by minimiz-
ing the cross-entropy loss for each training sample. If k

is the index of the true label for a given input, the loss is:
L = � log p

k

. The loss is minimized over the parameters
by computing the gradient of L w.r.t. the parameters and
by updating the parameters using stochastic gradient de-
scent (SGD). The gradients are computed by standard back-
propagation of the error [25, 21]. One interesting property
of the features produced by this network is that they are very
sparse. On average, 75% of the feature components in the
topmost layers are exactly zero. This is mainly due to the
use of the ReLU [10] activation function: max(0, x). This
soft-thresholding non-linearity is applied after every con-
volution, locally connected and fully connected layer (ex-
cept the last one), making the whole cascade produce highly
non-linear and sparse features. Sparsity is also encouraged
by the use of a regularization method called dropout [19]
which sets random feature components to 0 during training.
We have applied dropout only to the first fully-connected
layer. Due to the large training set, we did not observe sig-
nificant overfitting during training2.

Given an image I , the representation G(I) is then com-
puted using the described feed-forward network. Any feed-
forward neural network with L layers, can be seen as a com-
position of functions gl

�

. In our case, the representation is:
G(I) = g

F7
�

(g

L6
�

(...g

C1
�

(T (I, ✓

T

))...)) with the net’s pa-
rameters � = {C1, ..., F7} and ✓

T

= {x2d,
~

P ,~r} as de-
scribed in Section 2.

Normaliaztion As a final stage we normalize the fea-
tures to be between zero and one in order to reduce the sen-
sitivity to illumination changes: Each component of the fea-
ture vector is divided by its largest value across the training
set. This is then followed by L2-normalization: f(I) :=

¯

G(I)/|| ¯G(I)||2 where ¯

G(I)

i

= G(I)

i

/max(G

i

, ✏)

3.
Since we employ ReLU activations, our system is not in-
variant to re-scaling of the image intensities. Without bi-

2See the supplementary material for more details.
3✏ = 0.05 in order to avoid division by a small number.

Taigman, Yang, Ranzato, Wolf, DeepFace: Closing the Gap to Human-Level Performance in Face Verification. CVPR 2014
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Gatys, Leon A., Alexander S. Ecker, and Matthias Bethge. "A neural algorithm of artistic style." 
arXiv preprint arXiv:1508.06576 (2015). 
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1: Deep Learning 

2: Reinforcement Learning!



Reinforcement Learning
‣ Learning through interaction, by means of trial and error.  

Examples: Closed Loop Control, Gas Turbine, Engine . 



Batch Reinforcement Learning: NFQ
Martin Riedmiller. "Neural fitted Q iteration–first 
experiences with a data efficient neural 
reinforcement learning method." ECML 2005. 
 
 
 
Break Through: 
Sufficient stability with Neural Network 
Data efficiency: Batch Reinforcement Learning 



Batch RL on Soccer Robots
70 Auton Robot (2009) 27: 55–73

Fig. 14 Action set of the
dribbling controller. 5 different
combinations of forward and
lateral speed (vxy ) and rotation
speed (vθ ) are available for
choice

duces the number of decisions per trajectory and therefore
simplifies the learning problem.

Input to the Neural Fitted Q-iteration method is a set of
transition triples of the form (state, action, successor state).
A common procedure to sample these transitions is to alter-
natively train the Q function and then sample new transitions
episode-wise by greedily exploiting the current Q function.
However, on the real robot, this means, that between each
data collection phase one has to wait until the new Q func-
tion has been trained. This can be annoying, since putting the
ball back on the field requires human intervention. There-
fore, we decided to go for a batch-sampling method, which
collects data over multiple trials without relearning.

At the beginning of each trial, the robot waits until the
ball is put onto the middle of the field, before moving to a
starting position 2 m away from the ball. Next, it drives to-
wards the ball and as soon as it gets there, the dribbling trial
is started. In every trial, a different target direction is given.
Here, we collected batches of 12 trials each without retrain-
ing the neural controller within a batch. After each batch,
the sampled transitions are added to the data set, and learn-
ing is started. If the set of target values used for the 12 trials
are the same for each batch, then concurrently to data sam-
pling, the performance of the controllers can be evaluated
and compared. This was the case here. An extension of this
method is to do some exploration in one part of the batch and
be greedy in another part. Then, performance can be judged
when the controller is greedily exploited, and seeing a diver-
sity of data is guaranteed by the exploration part. However,
for this study, always greedily following the value function
turned out to be sufficient.

6.4 Learning procedure

For learning, we use the Neural Fitted Q framework de-
scribed in Sect. 3. The value function is represented by a
multilayer perceptron with 9 input units (6 state variables
and 3 action variables), 2 hidden layers of 20 neurons each
and 1 output neuron. After each batch of 12 trials, we did
10 NFQ iterations, where in each iteration we computed the
target values according to equation 10. Learning the target
values was done in 300 epochs of supervised batch learning,
using the Rprop learning method with standard parameters.
After learning was finished, the new controller was used to
control the robot during the next data collection phase. After

Fig. 15 Comparison of hand-coded (outer trajectory, red) and neural
dribbling behavior (inner trajectory, blue) when requested to make a
U-turn. The data was collected on our real robot. When the robot gets
the ball, it typically has an initial speed of about 1.5 to 2 m/s in forward
direction. The positions of the robot are displayed every 120 ms. The
U-turn of the neural dribbling controller is much sharper and faster

11 batches (= 132 trials), a very good controller was learned.
The complete learning procedure took about one and a half
hour, including the time used for offline updating of the
neural Q function. The actual interaction time with the real
robot was about 30 minutes, including preparation phases.

6.5 Final performance

The neural dribbling controller is implemented as an au-
tonomous skill within our robot control architecture. The be-
havior is called with a certain target direction and the current
state information. It returns a three-dimensional drive vector
consisting of rotation speed vθ , the relative forward speed
vy , and the relative lateral speed vx . It was the first behav-
ior in our MidSize robot that was completely learned on the
real robot. For intercepting the ball, we also use a learned
behavior, but it was learned by the use of a simulator. The
neural dribbling skill performed significantly better than the
previously used hand-coded and hand-tuned dribbling rou-
tine, especially in terms of space and time needed to turn to
the desired target direction (see Fig. 15).

Riedmiller, Martin, Thomas Gabel, Roland Hafner, and 
Sascha Lange. "Reinforcement learning for robot 
soccer." Autonomous Robots 27, no. 1 (2009): 55-73.

Riedmiller, Martin, Roland Hafner, 
Sascha Lange, Martin Lauer, 
Roland Hafner, and Sascha Lange. 
"Learning to dribble on a real robot 
by success and failure." ICRA 
2008.
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Classical Solution: Two Separate Processing Steps 

‣ Relevant information must be extracted from the images 
and "properly" encoded in a first processing step

hand-coded 
computer vision



Strategie

Niedrigdimensionaler
Merkmalsraum
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extraktion
Reinforcement
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Wahrnehmung
Visuomotorisches Lernen

Idea: Integration of Deep Learning into the Reinforcement Learning 
procedure 

‣ Deep Auto Encoder: learn low-dimensional feature spaces 

‣ Reinforcement Learning: learn strategies 

My Algorithm: Deep Fitted Q-Iteration (DFQ, 2009) 

Training of Deep Auto Encoders



First Experiment: Synthetic Grid World

30x30 Pixel, independent white noise on pixels with σ = 0.1 

Computer should learn to walk the agent into the 
goal area as fast as possible. On the images!

Agent
Wall

Goal Area
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difficult and engaging for human players. We used the same network
architecture, hyperparameter values (see Extended Data Table 1) and
learning procedure throughout—taking high-dimensional data (210|160
colour video at 60 Hz) as input—to demonstrate that our approach
robustly learns successful policies over a variety of games based solely
on sensory inputs with only very minimal prior knowledge (that is, merely
the input data were visual images, and the number of actions available
in each game, but not their correspondences; see Methods). Notably,
our method was able to train large neural networks using a reinforce-
ment learning signal and stochastic gradient descent in a stable manner—
illustrated by the temporal evolution of two indices of learning (the
agent’s average score-per-episode and average predicted Q-values; see
Fig. 2 and Supplementary Discussion for details).

We compared DQN with the best performing methods from the
reinforcement learning literature on the 49 games where results were
available12,15. In addition to the learned agents, we also report scores for
a professional human games tester playing under controlled conditions
and a policy that selects actions uniformly at random (Extended Data
Table 2 and Fig. 3, denoted by 100% (human) and 0% (random) on y
axis; see Methods). Our DQN method outperforms the best existing
reinforcement learning methods on 43 of the games without incorpo-
rating any of the additional prior knowledge about Atari 2600 games
used by other approaches (for example, refs 12, 15). Furthermore, our
DQN agent performed at a level that was comparable to that of a pro-
fessional human games tester across the set of 49 games, achieving more
than 75% of the human score on more than half of the games (29 games;

Convolution Convolution Fully connected Fully connected

No input

Figure 1 | Schematic illustration of the convolutional neural network. The
details of the architecture are explained in the Methods. The input to the neural
network consists of an 84 3 84 3 4 image produced by the preprocessing
map w, followed by three convolutional layers (note: snaking blue line

symbolizes sliding of each filter across input image) and two fully connected
layers with a single output for each valid action. Each hidden layer is followed
by a rectifier nonlinearity (that is, max 0,xð Þ).
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Figure 2 | Training curves tracking the agent’s average score and average
predicted action-value. a, Each point is the average score achieved per episode
after the agent is run with e-greedy policy (e 5 0.05) for 520 k frames on Space
Invaders. b, Average score achieved per episode for Seaquest. c, Average
predicted action-value on a held-out set of states on Space Invaders. Each point

on the curve is the average of the action-value Q computed over the held-out
set of states. Note that Q-values are scaled due to clipping of rewards (see
Methods). d, Average predicted action-value on Seaquest. See Supplementary
Discussion for details.
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Human-level control through deep reinforcement
learning
Volodymyr Mnih1*, Koray Kavukcuoglu1*, David Silver1*, Andrei A. Rusu1, Joel Veness1, Marc G. Bellemare1, Alex Graves1,
Martin Riedmiller1, Andreas K. Fidjeland1, Georg Ostrovski1, Stig Petersen1, Charles Beattie1, Amir Sadik1, Ioannis Antonoglou1,
Helen King1, Dharshan Kumaran1, Daan Wierstra1, Shane Legg1 & Demis Hassabis1

The theory of reinforcement learning provides a normative account1,
deeply rooted in psychological2 and neuroscientific3 perspectives on
animal behaviour, of how agents may optimize their control of an
environment. To use reinforcement learning successfully in situations
approaching real-world complexity, however, agents are confronted
with a difficult task: they must derive efficient representations of the
environment from high-dimensional sensory inputs, and use these
to generalize past experience to new situations. Remarkably, humans
and other animals seem to solve this problem through a harmonious
combination of reinforcement learning and hierarchical sensory pro-
cessing systems4,5, the former evidenced by a wealth of neural data
revealing notable parallels between the phasic signals emitted by dopa-
minergic neurons and temporal difference reinforcement learning
algorithms3. While reinforcement learning agents have achieved some
successes in a variety of domains6–8, their applicability has previously
been limited to domains in which useful features can be handcrafted,
or to domains with fully observed, low-dimensional state spaces.
Here we use recent advances in training deep neural networks9–11 to
develop a novel artificial agent, termed a deep Q-network, that can
learn successful policies directly from high-dimensional sensory inputs
using end-to-end reinforcement learning. We tested this agent on
the challenging domain of classic Atari 2600 games12. We demon-
strate that the deep Q-network agent, receiving only the pixels and
the game score as inputs, was able to surpass the performance of all
previous algorithms and achieve a level comparable to that of a pro-
fessional human games tester across a set of 49 games, using the same
algorithm, network architecture and hyperparameters. This work
bridges the divide between high-dimensional sensory inputs and
actions, resulting in the first artificial agent that is capable of learn-
ing to excel at a diverse array of challenging tasks.

We set out to create a single algorithm that would be able to develop
a wide range of competencies on a varied range of challenging tasks—a
central goal of general artificial intelligence13 that has eluded previous
efforts8,14,15. To achieve this, we developed a novel agent, a deep Q-network
(DQN), which is able to combine reinforcement learning with a class
of artificial neural network16 known as deep neural networks. Notably,
recent advances in deep neural networks9–11, in which several layers of
nodes are used to build up progressively more abstract representations
of the data, have made it possible for artificial neural networks to learn
concepts such as object categories directly from raw sensory data. We
use one particularly successful architecture, the deep convolutional
network17, which uses hierarchical layers of tiled convolutional filters
to mimic the effects of receptive fields—inspired by Hubel and Wiesel’s
seminal work on feedforward processing in early visual cortex18—thereby
exploiting the local spatial correlations present in images, and building
in robustness to natural transformations such as changes of viewpoint
or scale.

We consider tasks in which the agent interacts with an environment
through a sequence of observations, actions and rewards. The goal of the

agent is to select actions in a fashion that maximizes cumulative future
reward. More formally, we use a deep convolutional neural network to
approximate the optimal action-value function

Q! s,að Þ~ max
p

rtzcrtz1zc2rtz2z . . . jst~s, at~a, p
! "

,

which is the maximum sum of rewards rt discounted by c at each time-
step t, achievable by a behaviour policy p 5 P(ajs), after making an
observation (s) and taking an action (a) (see Methods)19.

Reinforcement learning is known to be unstable or even to diverge
when a nonlinear function approximator such as a neural network is
used to represent the action-value (also known as Q) function20. This
instability has several causes: the correlations present in the sequence
of observations, the fact that small updates to Q may significantly change
the policy and therefore change the data distribution, and the correlations
between the action-values (Q) and the target values rzc max

a0
Q s0, a0ð Þ.

We address these instabilities with a novel variant of Q-learning, which
uses two key ideas. First, we used a biologically inspired mechanism
termed experience replay21–23 that randomizes over the data, thereby
removing correlations in the observation sequence and smoothing over
changes in the data distribution (see below for details). Second, we used
an iterative update that adjusts the action-values (Q) towards target
values that are only periodically updated, thereby reducing correlations
with the target.

While other stable methods exist for training neural networks in the
reinforcement learning setting, such as neural fitted Q-iteration24, these
methods involve the repeated training of networks de novo on hundreds
of iterations. Consequently, these methods, unlike our algorithm, are
too inefficient to be used successfully with large neural networks. We
parameterize an approximate value function Q(s,a;hi) using the deep
convolutional neural network shown in Fig. 1, in which hi are the param-
eters (that is, weights) of the Q-network at iteration i. To perform
experience replay we store the agent’s experiences et 5 (st,at,rt,st 1 1)
at each time-step t in a data set Dt 5 {e1,…,et}. During learning, we
apply Q-learning updates, on samples (or minibatches) of experience
(s,a,r,s9) , U(D), drawn uniformly at random from the pool of stored
samples. The Q-learning update at iteration i uses the following loss
function:

Li hið Þ~ s,a,r,s0ð Þ*U Dð Þ rzc max
a0

Q(s0,a0; h{
i ){Q s,a; hið Þ

# $2
" #

in which c is the discount factor determining the agent’s horizon, hi are
the parameters of the Q-network at iteration i and h{

i are the network
parameters used to compute the target at iteration i. The target net-
work parameters h{

i are only updated with the Q-network parameters
(hi) every C steps and are held fixed between individual updates (see
Methods).

To evaluate our DQN agent, we took advantage of the Atari 2600
platform, which offers a diverse array of tasks (n 5 49) designed to be

*These authors contributed equally to this work.

1Google DeepMind, 5 New Street Square, London EC4A 3TW, UK.
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AI beats Human 
whenever it enters  

the competition



Applications



Unsupervised Learning
‣ There is just the data, no target, no feedback. 

Example: Probability Density Estimation, Clustering, Mannifold 
Learning, Feature Learning.



Visualization & Representation 

PCA - t-SNE - Deep Autoencoder



Visualization of Gene Expression Data of Cancer Patients
3000 cancer patients,  
20000 expressed genes per patient 
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Deep factor model for financial time series
• input

• time series of market data, index returns, macroeconomic data, 
fundamentals, … 

• feature learning  
• the network autonomously learns predictive features from the input 

variables, simultaneously modeling covariate information and outcome 
• factor loadings  

• latent factors are extracted using the learned features from the 
preceding layers 

• asset returns  

• returns for a universe of financial instruments are obtained as a linear 
combination of the factor loadings
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AI-driven Predictive Analytics for the Financial Markets

Solving Weaknesses of Financial Market Prediction Models
Strategic Partnerships

October 2016



Supervised Learning
‣ External teacher provides "samples" of input and desired output. 

Example: Data from the past, existing users.



PSIORI prognostiziert zukünftige Umsätze pro User.

Time

Today

Revenue

Future

0 €

19,25 €

23,05 €
User A

User B

User C

PSIORI.COM
PSIORI
Result

API

Sample.JS

REST API

Pixel API

iOS SDK

Java SDK

REST API

C# SDK

REST API

Raw Data
Processing
Predictions

lntermediate Results

PSIORI
Event
Buffer

Result Cache
Metrics

KPIs
Predictions

User Profiles

Apache Hadoop (Hortonworks Ambari)

Hive + Tez HBase

Server-Side Events (e.g. Purchases) 
REST API, PHP SDK, Ruby SDK, Java SDK

User Profiles, Metrics, KPls Predictions

Client’s IT Infrastructure

HDFS



Machine Learning for Product Categorization
Googlehttp://domain.com

New Product

Group 3Group 2PropertiesProduct

GPC-Category 44GPC # 44

Full-Text Search or Enter NewManufacturer

GPC-Category 1

GPC-Category 12
GPC-Category 17

GPC-Category 44

GPC-Category 71

GPC-Category 99
GPC-Category 14

GPC-Category 4

Ostmann Vanille-zucker im Plastikbeportionierer

Description

Save

+

211 222 3 5 6 ...4

121

You have to fill all required attributes.

This product might be reviewed and rejected for these reasons:
- Data quality is poor; provide more information



ThyssenKrupp Presta: Faulty Parts Prediction
• Predictive Model that selects flawed 

components very early, before delivery 
to customer and final assembly,  
saves ~ $25k/week 

• Input: raw sensor data from robots,  
Target: quality of manufactured part

¾ Accepting	2%	false	positives	à detect	25%	of	bad	parts

¾ Accepting	10%	false	positives	à detect	67%	of	bad	parts

Pred Neg Pred Pos

Cond	Neg 1146 22

Cond	Pos 50 17

With	thres 0.3308

Pred Neg Pred Pos

Cond	Neg 1052 116

Cond	Pos 22 45

With	thres 0.1132

Dr. Boris Lau

✅✅
❌



Predictive Maintenance & Asset Health Index
Goal: anticipate end-of-life of critical machines 
• Quantify the health status based on sensor data or 

inspection protocols 
• Predict remaining lifespan to prepare replacement 
• Detect abuse and measure effect of maintenance 

Reference: Wood processing tools, expensive and delicate
• Customers report breakdowns 
• Manufacturer analyzes usage and predicts asset health, 

interested in improper use



LipSync Face Tracking & Transfer
• Marker-less motion capturing 

• Track head pose and facial features 

• Improves on open source algorithms



better 
(best open source)

Deep Conv Nets 
(our current state)









Deep Learning for Multivariate Time Series Prediction 
tim

e
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Space

PredictionSpace Time Convolutional and Recurrent (STaR) Network 



EPEX - European Power EXchange



2016 Backtest

Index

PSIORI “momentum”

Return: 15% 
Max Drawdown: 4% 
Sharpe Ratio: 2.0

AI-driven Predictive Analytics for the Financial Markets

Solving Weaknesses of Financial Market Prediction Models


Strategic Partnerships

October 2016



Seizure detection in EEG using Deep Neural Networks

256x5 248x5x20 248x5x20 62x5x20 54x5x30 27x5x30 22x5x40 1x40 1

raw input feature maps output
tim
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convolution  
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convolution  
6x1

pooling  
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dense  

• first successful approach to seizure detection on raw intracranial EEG data using deep 
convolutional neural networks 

• the project aims towards an implantable device, detecting abnormal neuronal activity 
early on and suppressing seizures using deep brain stimulation 

• the model is able to effectively extract features from extremely noisy multi-variate time 
series 

• training utilizes gigabytes of EEG recordings from 27 different patients  
• seizure detection improves upon previous methods in terms of sensitivity, specificity and 

detection delay by a large margin

Manuel Blum



Reinforcement Learning
‣ Learning through interaction, by means of trial and error.  

Examples: Closed Loop Control, Gas Turbine, Engine . 



Three Projects in Pipeline

• Prevedex Deep RL Trading Bot — Planned Deployment: end of 2018 

• Deep RL for Optimal Engine Control  

• Batch Reinforcement Learning for Optimal Budget Allocation to Marketing Channels



Recap
• Part I: The Research Perspective: 
 
Why is Artificial Intelligence hyped right now!
What is Machine Learning! 
What is Deep Learning! 
What is Deep Reinforcement Learning! 

• Part 2: The Business Perspective: 
 
Applications: 
Visualizing 
Predicting 
(Acting)


