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Siegen Lernen - Neuronale Netze in der Wirtscharft
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o 4 Machine Learning Lab
- Founder: Prof. Dr. Martin Riedmiller
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Resilient Propagation (1992)
Neural Fitted Q-lteration (NN based Reinforcement Learning, 2005)
Deep Reinforcement Learning (2010)

F E S T o axel springer '

\

~ Fraunhofer \J —

KARMANN A BrainLinks
W7 Deutsches BrainTools
©® BOSCH '- T Kaetiope acting,thoughts
\'m/ DAI M L E R OLEEFDUNR) Pushing Performance A Intelligenz GmbH University of Freiburg

"Involved" @DeepMind, London, now Google / Alphabet daughter

ﬁ
7
Kolja Hegelich

4 Team Captain Tribots

- Head of Development
Twistbox Games dive

Stefan Welker

Arne Voigtlander
Christian Muller
Students & Tribots Team

bytro Labs O

Felix Faber: BSc Thesis + Team Member
Tobias Kringe, Christopher Lorken: HiWi 2004

fIf PSIORI



Robot Soccer

2004-2008 DFG-Project &
Team: Brainstormers Tribots

World Champion
2006 and 2007

NeurcKick Cooperatve MAS-Attack: NeurcApproach evoVision NFQApproach 30 NFQDrbbe
NeurcPostonng 7vsd (Simulat.on) (Real) Vison {Real)
Grdintercept ' Neuo
NeuroAttack rusery o#oxoﬂo_oholb*oﬂb#
2vs2 | |
‘ Vriual NFQContro!
} Neuro-Sensors NeuroHassle

98 GG 02
NeuroDribble NeuroAtack |
NeurcHoldBall 7vs8
NeuroAttack Neurc?enarry
NeuroGoToPos 3vsd Tvs!

.-OtCIT-Or04.

iT 2 &1 &!




Deep Reinforcement Learning

target: reconstruction

Deep Autoencoder

RL directly on raw image data

using Deep Neural Networks for S
earning optimal policies in latent =
feature spaces

maps feature
vectors to
actions

input: vector of pixel values
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Visualization

Anomaly Detection gSupport Vector Machines

Predictive Anetlcs
Image Processmg

Machine Learnm
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D ata Science o
Customer Analytics

Deep Neural Networks
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oma LiSUAlIZALION

Deep Learnlng :
Predictive Analytics? Hortonworks  Cross-Platform HTMLS

o scikit-learn Image Processmg,"* =

Machine Learnlng

Big Data Anal ychRegfen%?gS” Apache Spark™

D t escrlptlve Analytics
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Automotive
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Deep Neural Networks
Hadoop Cluster

Classification

Outline

* Part|: 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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Analytics Maturity and Business Value
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Competitive Advantage
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What happened? :

Analytics Maturity and Business Value
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|_et's talk about
Machine Learning!



What is Machine Learning?

|..] Machine learning explores the study and construction of
algorithms that can learn from and make predictions on datals! [..]

— Wikipedia, March 2017

Artificial Intelligence

N

Knowledge Planning Computer Vision Machine Learning
Representation
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https://en.wikipedia.org/wiki/Algorithm
https://en.wikipedia.org/wiki/Learning
https://en.wikipedia.org/wiki/Data

Different Types of Machine Learning

o Supervised Learning
* Unsupervised Learning

* Reinforcement Learning
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Superwsed Lea nlng

—xternal teacher provides ' samples of input and deswed output
Example: Data from the past, eX|st|ng users.
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artificial neural network = directed acyclic graph
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artificial neural network = directed acyclic graph
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"Shallow" nets: fine!
"Shallow" nets = 1 hidden layer
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S. Hochreiter. Untersuchungen zu dynamischen neuronalen Netzen. Diploma thesis, Institut f. Informatik, Technische Univ. Munich, 1991. Advisor: J. Schmidhuber
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http://en.wikipedia.org/wiki/Sepp_Hochreiter
http://en.wikipedia.org/wiki/J%C3%BCrgen_Schmidhuber

Time passes ...
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THE MNIST DATABASE
of handwritten digits

Yann LeCun, Courant Institute, NYU
Corinna Cortes, Google Labs, New York
Christopher J.C. Burges, Microsoft Research, Redmond

Neural Nets

2-layer NN, 800 HU, Cross-Entropy Loss none 1.6 | Simard ¢f al. ICDAR 2003
2-layer NN, 800 HU, cross-entropy [affine distortions] none 1.1 | Simard et al,, ICDAR 2003
2-layer NN, 800 HU, MSE [elastic distortions] none 0.9 | Simard et al., ICDAR 2003
‘2-layer NN, 800 HU, cross-entropy [clastic distortions] none 0.7 j_Sim;!rd ¢tal JCDAR 2003

NN, 784-500-500-2000-30 + nearest neighbor, RBM + NCA

ik 2 2 none
training [no distortions)

10

Salakhutdinov and Hinton, Al-Stats 2007

2-layer NN, 300 hidden units, mean square error ‘none l 4.7 | LeCun et al. 1998
2-layer NN, 300 HU, MSE, [distortions] |none [ 3.6 | LeCun et al. 1998
2-layer NN, 300 HU deskewing [ 1.6 E:l.c('nn ¢t al, 1998
2-layer NN, 1000 hidden units none [ 4.5/ LeCun et al. 1998
f2-|:|7ycr .\'N:AIOOO HU, [distortions)] -_Tnunc [ 3.84viflic,(§un,t:,l,-_:,l, 152"_)57
A3-la_vcr NN, 300+100 hidden uﬁits none I 305 LeCunctal, 1998
'3-layer NN, 300+100 HU [distortions] 'none [ 2.5 LeCun et al. 1998
_3-Iaycr NN, 5004150 hidden units none [ 295 | LeCun el al, 1998
3-layer NN, 500+150 HU [distortions] none [ 245 | LeCun ct al, 1998
'3.Iaycr NN, 500+300 HU, softmax, cross entropy, weight decay " none [ 1 -53.:,[!.'1”}“.‘ Lunpublished, 2005

|
|
|
|




THE MNIST DATABASE

of handwritten digits

Corinna Cortes, Google Labs, New York
Christopher J.C. Burges, Microsoft Research, Redmond

Neural Nets

2-layer NN, 300 hidden units, mean square error none [ 4.7/ LeCun et al. 1998
2-layer NN, 300 HU, MSE, [distortions] none ! 3.6/ LeCun et al. 1998
2-layer NN, 300 HU deskewing i 1.6 LeCun et al, 1998
'2-Iaycr NN, 1000 hidden units 7 7nnnc }[ 4.5~ .[,L‘(‘l.':l ¢t al. 1998
.2-Iaycr NN, 1000 HU, [distortions] .nunc ! '3.8”I eCun ¢t al. 1998
3-layer NN, 300+100 hidden units none [ 305 LeCun.ctal, 1998
3-layer NN, 300+100 HU [distortions] none I 2.5/ LeCun et al. 1998
3-I;|§cr NN, 500+150 hidden units ‘none [ 2.95|| LeCun ¢t al. 1998
3-layer NN, 500+150 HU [distortions] none [ 245 | LeCun et al. 1998

3-layer NN, 500+300 HU, softmax, cross entropy, weight decay | none 1.53 | Hinton, unpublished, 2005

|
2-layer NN, 800 HU, cross-entropy [affine distortions] none | 1.1} Simard et al,, ICDAR 2003

2-layer NN, 800 HU, Cross-Entropy Loss none 1.6/ Simard ¢t al, ICDAR 2003
2-layer NN, 800 HU, MSE [elastic distortions) none ‘ (],0”.\'_11-.:;':_.! et al,, ICDAR 2003
2-layer NN, 800 HU, cross-entropy [clastic distortions) none | 0.7| Simard ¢t al.. ICDAR 2003

NN, 784-500-500-2000-30 + nearest neighbor, RBM + NCA

2 . 2 non 0/ Salakhutdinov at inton, Al-Stats 2007
training [no distortions) C 1 dakhutdinov and Hinton, Al t
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THE MNIST DATABASE

of handwritten digits

Yann LeCun, Courant Institute, NYU

Corinna Cortes, Google Labs, New York
Christopher J.C. Burges, Microsoft Research, Redmond

Neural Nets

2-layer NN, 300 hidden units, mean square error none .[ 4.7/ LeCun ct al. 1998
2-layer NN, 300 HU, MSE, [distortions] none ! 3.6/| LeCun et al. 1998

2-layer NN, 300 HU deskewing i 1.6 LeCun et al, 1998

>2-Iaycr \‘;( ldK) hidden units })nnc }[ 45 .[,L‘(‘l.'!l ¢t al. 1998
.2-Ialycr NN, 1000 HU, [distortions] ‘nunc [ 3.8”I eCun ¢t al. 1998

3-layer NN, 300+100 hidden units none [ 305 LeCun.ctal, 1998

3-layer NN, 300+100 HU [distortions] none | 2.5/|LeCun et al. 1998

3-layer NN, 500+150 hidden units none l 295 | LeCun ¢t al, 1998

3-laver N . o S none 245 | LeCun ct al, 1577

3-layer NN, 500+300 HU, softmax, cross entropy, weight decay | none i 1.53 | Hinton, unpublished, 2005 >
2-laycr NINTOOE siasielontrony [ os<s none 1.6/ Simard etal 1CDAL S0

2-layer NN, 800 HU, cross-entropy [affine distortions] none . 1.1 ][ Simard et al.. ICDAR 2003
2-layer NN, 800 HU, MSE [elastic distortions] none | 0.9/ Simard et al., ICDAR 2003

2-layer NN, 800 HU_ cross-entoan ———— i A D N

ln;\?lm:rni[)mm il by oo none ’ 1.0/ Salakhutdinov and Hinton, Al-Stats 2007 >

Reducing the Dimensionality of Data with Neural
Networks

G. E. Hinton, et al.

¥ Science 313, 504 (2006);

AYAAAS DOI: 10.1126/science.1127647
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THE MNIST DATABASE

of handwritten digits

Corinna Cortes, Google Labs, New York
Christopher J.C. Burges, Microsoft Research, Redmond

Neural Nets

2-layer NN, 300 hidden units, mean square error none [ 4.7/ LeCun et al. 1998
2-layer NN, 300 HU, MSE, [distortions] none ! 3.6/ LeCun et al. 1998
2-layer NN, 300 HU deskewing i 1.6 LeCun et al, 1998
'2-Iaycr NN, 1000 hidden units 7 7nnnc }[ 4.5~ .[,L‘(‘l.':l ¢t al. 1998
.2-Iaycr NN, 1000 HU, [distortions] .nunc ! '3.8”I eCun ¢t al. 1998
3-layer NN, 3004100 hidden units none [ 3.05 | LeCun et al, 1998 ' f) '
3-layer NN, 300+100 HU [distortions] none I 2.5/ LeCun et al. 1998 d e e n et W O r kS
[ 295 1998 " § =

3-layer NN, 5004150 hidden units none LeCun ¢t al
3-laver N\ . S s none 245 | LeCun ct al, 1577

3-layer NN, 500+300 HU, softmax, cross entropy, weight decay | none | 1.53 | Hinton, unpublished, 2005
2-laycr NIV, Do sEabselentrony [ oss none 1.6/ Simard etal _1CDAL 200
2-layer NN, 800 HU, cmss-cmmp): [affine distortions] none . 1.1 ][ Simard et al.. ICDAR 2003
.2-Iatycr NN, 800 HU, MSE [elastic distortions ) none ‘ (],0”.\'_1:-.:;':_.! et al,, ICDAR 2003
2-layer NN, 800 HU_ cross-entoan ol p— ' —— AR K11

AN, 784-500-500-2000-30 + nearest neighbor, RBM + NCA
ining [no distortions)

none ’ 1.0 Salakhutdinov and Hinton, Al-Stats 2007 >

Reducing the Dimensionality of Data with Neural
Networks

G. E. Hinton, et al.

Science 313, 504 (2006);

DOI: 10.1126/science.1127647
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How does the learned "code" look like?
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O 000
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Encoder

Reducing the Dimensionality of Data with Neural
Networks

G. E. Hinton, et al.

¥ Science 313, 504 (2006);

AYAAAS DOI: 10.1126/science.1127647
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Reducing the Dimensionality of Data with Neural
Networks

G. E. Hinton, et al.

) Science 313, 504 (2006);

AVAAAS DOI: 10.1126/science.1127647
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Reducing the Dimensionality of Data with Neural
Networks

G. E. Hinton, et al.

) Science 313, 504 (2006);

AVAAAS DOI: 10.1126/science.1127647
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Reducing the Dimensionality of Data with Neural
Networks

G. E. Hinton, et al.

) Science 313, 504 (2006);

AVAAAS DOI: 10.1126/science.1127647
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Reducing the Dimensionality of Data with Neural
Networks

G. E. Hinton, et al.

) Science 313, 504 (2006);

AVAAAS DOI: 10.1126/science.1127647
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Reducing the Dimensionality of Data with Neural
Networks

G. E. Hinton, et al.

) Science 313, 504 (2006);

AVAAAS DOI: 10.1126/science.1127647
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Unsuperwsed | earning

» There iIs just the data, no target, no feedback.
Example: Probability Density Estimation, Clustering, Mannifold
Learning, Feature Learning.
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Reducing the Dimensionality of Data with Neural
Networks

G. E. Hinton, et al.

) Science 313, 504 (2006);

AVAAAS DOI: 10.1126/science.1127647
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Reducing the Dimensionality of Data with Neural
Networks

G. E. Hinton, et al.

Science 313, 504 (2006);

DOI: 10.1126/science.1127647
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THE MNIST DATABASE

of handwritten digits

Corinna Cortes, Google Labs, New York
Christopher J.C. Burges, Microsoft Research, Redmond

Neural Ncl; !
2-layer NN, 300 hidden units, mean square error none [ 4.7 LeCun et al. 1998
'2-Iaycr NN, 300 HU, MSE, [distortions] none ! 3.6/ LeCun et al. 1998 E E
2-layer NN, 300 HU deskewing i 1.6 | LeCun ¢t al, 1998
'2-Iaycr NN, 1000 hidden units I none }[ 4.5/ LeCun ¢t al. 1998
2-layer NN, 1000 HU, [distortions] none [ 3.8 | LeCun et al. 1998
3-layer NN, 300+ 100 hidden units none [ 3.05 | LeCun ct al, 1998
3-layer NN, 300+100 HU [distortions] none | 2.5/ LeCun et al. 1998
3-I;|§cr NN, 500+ 150 hidden units none [ 2.95 | LeCun ¢t al. 1998
3-layer NNL.S6 e . none X LIS s
3-layer NN, 500+300 HU, softmax, cross entropy, weight decay | none i 1.53 | Hinton, unpublished, 2005 >
2-laycr NTETH0e sibbelDIODY [ OSS none 16| Simard etal ICDAR 2002
2-layer NN, 800 HU, cmss-cmmp): [affine distortions) none . 1.1][Simasd et al,, ICDAR 2003 LEDOOLE
2-layer NN, 800 HU, MSE [elastic distortions] none | 0.9 Simard e al., ICDAR 2003 Unrolling
2-layer NN, 800 HU coss.cntoo o e TR
m;’;“lm:g’ni‘)’ﬂ‘" + nearest neighbor, RBM +NCA || ’ 1.0/| Salakhutdinov and Hinton, Al-Stats 2007 >

Reducing the Dimensionality of Data with Neural
Networks

G. E. Hinton, et al.

Science 313, 504 (2006);

DOI: 10.1126/science.1127647

fIf PSIORI




What is Deep Learning?

't started as clever idea for

training neural networks witn
multiple hidden layers
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Deeprace

|
= |
= \/ 8!
Z =

) | O
Ll TR

Q- |

L |

C1: : C3: L4: L5: L6: F7: F8:
Cahsta Flockhart 0002/pg Fronta'izaﬁon: 32X11x11x3 32)(3)(3)(32 16X9X9X32 16)(9)(9)(16 16X7X7X16 16)(5)(5)(16 4096d 4030d

Detection & Localization @152X152x3 @142x142 @71x71 @63x63 @55x55 @25x25 @21X21

Taigman, Yang, Ranzato, Wolf, DeepFace: Closing the Gap to Human-Level Performance in Face Verification. CVPR 2014
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Google LeNet 2014

http://googleresearch.blogspot.de/2014/09/building-deeper-understanding-of-images.html
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http://arxiv.org/pdf/1412.0035v1.pdf

Image: Google

Gatys, Leon A., Alexander S. Ecker, and Matthias Bethge. "A neural algorithm of artistic style."
arXiv preprint arXiv:1508.06576 (2015).



CVPR 2007: Minneapolis, Minnesota, USA

>Home > Conferences and Workshops > CVPR ® v modern £ v Trier1

B = & T 2007 IEEE Computer Society Conference on Computer Vision and Pattern Recognition (CVPR 2007), 18-23 June 2007, Minneapolis,
Minnesota, USA. |[EEE Computer Society 2007, ISBN 1-4244-1179-3

Oral session 1A: Matching and Features

B E & % Eric Nowak, Frédéric Jurie:
Learning Visual Similarity Measures for Comparing Never Seen Objects.

B = & R Herveegou, Hedi Harzallah, Cordelia Schmid:
A contextual dissimilarity measure for accurate and efficient image search.

B E & ® SimonA. ). Winder, Matthew Brown:
Learning Local Image Descriptors.

B E & ® Hongli Deng, Wei Zhang, Eric N. Mortensen, Thomas G. Dietterich, Linda G. Shapiro:
Principal Curvature-Based Region Detector for Object Recognition.

B E & @ Alexander Toshey, Jianbo Shi, Kostas Daniilidis:
Image Matching via Saliency Region Correspondences.

Oral session 1B: Motion Segmentation and Tracking

B E & ® Roberto Tron, René Vidal:
A Benchmark for the Comparison of 3-D Motion Segmentation Algorithms.

B E & ® Hongdong Li:
Two-View Motion Segmentation from Linear Programming Relaxation.

B E & R Leluy, Gregory D. Hager:
A Nonparametric Treatment for Location/Segmentation Based Visual Tracking.



CVPR 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
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Batch RL on Soccer Robots

fIf PSIORI

2000 -

15001

1000 1

500+

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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hand-coded
computer vision

Niedrigdimensionaler
Merkmalsraum Aktion

Wahrnehmung Strategie

Classical Solution: Two Separate Processing Steps

p Relevant information must be extracted from the images
and "properly” encoded in a first processing step
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Training of Deep Auto Encoders

Niedrigdimensionaler
Merkmalsraum Aktion

Wahrnehmung

procedure

p Deep Auto

dea: Integration of

Strategie

Visuomotorisches Lernen

Deep Learning into the Reinforcement Learning

—ncoder: learn low-dimensional feature spaces

p  Heinforcement Learning: learn strategies

My Algorithm:

Deep

-itted Q-Ilteration (

D

-Q, 2009)



First Experiment: Synthetic Grid Worlo

30x30 Pixel, independent white noise on pixels with 0=0.1




reconstruction

feature vectors of
all test images
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Kosten

400 500

Learned feature space Learned value function  Learned value function
in feature space in State space

 On average, loses less than 1/10 of a step in comparison with the optimal strategy.
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HIgh 'speed curve
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system

gradient descent

Input: vector of pixel values

action a

improved by
Reinforcement
Learning

maps feature
vectors to
actions
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Slot Car Iin Latent Feature Space

Neuron 1
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Slow motion with 1/4 of real velocity
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Convolution Convolution Fully connected Fully connected
v v v v

No input
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LETTER

Human-level control through deep reinforcement
learning

Volodymyr Mnih'*, Koray Kavukcuoglu'*, David Silver'*, Andrei A. Rusu', Joel Veness', Marc G. Bellemare', Alex Graves',
Martin Riedmiller!, Andreas K. Fidjeland', Georg Ostrovski', Stig Petersen', Charles Beattie', Amir Sadik', Ioannis Antonoglou’,
Helen King', Dharshan Kumaran', Daan Wierstra', Shane Legg' & Demis Hassabis'

doi:10.1038/naturel4236
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Policy network Value network
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Mastering the game of Go with deep

neural networks and tree search

David Silver'*, Aja Huang'*, Chris J. Maddison!, Arthur Guez', Laurent Sifre!, George van den Driessche!,

Julian Schrittwieser?, Ioannis Antonoglou!, Veda Panneershelvam!, Marc Lanctot!, Sander Dieleman', Dominik Grewe',

John Nham?, Nal Kalchbrenner!, Ilya Sutskever?, Timothy Lillicrap’, Madeleine Leach', Koray Kavukcuoglu',
Thore Graepel' & Demis Hassabis!



Source: Science




Al beats Human
whenever It enters
the competition



Applications



Unsuperwsed | earning

» There iIs just the data, no target, no feedback.
Example: Probability Density Estimation, Clustering, Mannifold
Learning, Feature Learning.

R 2090

Y BN 7 L Ay



Visualization & Representation

PCA - t-SNE - Deep Autoencoder



Visualization of Gene Expression Data of Cancer Patients

Nach Pre-Training Nach 500 Epochen
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.
* * Windows aktivieren

"‘ .We h Sie zu den Einstellungen, um Wing
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(0.2,1.7,1,0, ..., 20.3)
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Deep factor model for financial time series .

Input

e Input

e time series of market data, index returns, macroeconomic data,

fundamentals, ... L i
W
« feature learning =
* the network autonomously learns predictive features from the input \\ //
variables, simultaneously modeling covariate information and outcome 3 L — |
. E N '
« factor loadings E g |
qv)
) [

o |atent factors are extracted using the learned features from the
preceding layers

« assetreturns L{ l |

e returns for a universe of financial instruments are obtained as a linear
combination of the factor loadings

factor
loadings

Bz PREVEDEX

asset returns
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Superwsed Lea nlng

—xternal teacher provides ' samples of input and deswed output
Example: Data from the past, eX|st|ng users.
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Revenue

Apache Hadoop (Hortonworks Ambari)

I
I
I
23,05 € :
I
I
I
I
|
19,25 € :
|
I
I
I
]
|
I
I
o€ |
» Time :
___________________________________________________________ J
Client’s IT Infrastructure
Server-Side Events (e.g. Purchases) User Profiles, Metrics, KPIs Predictions
REST API, PHP SDK, Ruby SDK, Java SDK
| 3
|
|
o Sample.JS | Hive + Tez HBase :
@€ D0 restar : |
Pixel APl | |
|
| Raw Data Result Qache :
' Processing ez |
_, iosspbk | PSIORI Prediotions KPls PSIORI |
'@ Javasbk — Event . Predictions Result ' PSIORI.COM
Intermediate Results _ '
REST API User Profiles API :
|
|
|
. C# SDK
€ unity :
|
|
|
|
|
|
)

|
|
|
|
|
|
REST APl |
|
|
|
|
|
|
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insights Biog Help

Dashboard Channels Compatison Cumulative

Organic Customer Value 180

112 EUR

3
3,38 EUR

Non-Organic CV 180

0,93 EUR

3,47 EUR

Referrer / Group

| Organic

Referrer / Group

e @ Ki |oo13.oo

demo-app

Budget

4.667,00 € 200000 €

PSIORI

Registrations

9982 1.062

Registrations

240 17.062

@Sascmunge B’

Overvew info Rights com.Sdiah.. »

1000

facebook campaign #13
User 2013

CPC0,76 €

Profit 1,27 €

T increase budget

Profit

5636.75 € 8187.00 € AV

Profit

218 € 8187.00 € @ >




Machine Learning for Product Categorization

Model Performance

(OXOX®) New Product (@)
i i l i Iiil%l = I. http://domain.com I Google i
B Best bet " Top10

o @ | ) | ! " ) 0;,7 || 0;,7 | [l 098
T s s e Tamy 0.95 = : :

GPC |#44 GPC-Category 44

GPC-Category 44
GPC-Category 12 0 . 8 2
GPC-Category 17
GPC-Category 1

GPC-Category 4

GPC-Category 99
GPC-Category 14
GPC-Category 71

O
o)

Manufacturer | Full-Text Search or Enter New | v |

Accuracy

O
~

Description

Ostmann Vanille-zucker im Plastikbeportionierer —

<] >z 0 2

! You have to fill all required attributes. Save

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

<[]

0.0 -

Descriptions +Brand +FunctionalName +Brand
+FunctionalName

HRSVNC SATONE

HIGH QUALITY PRODUCT INFORMATION

fIf PSIORI




ThyssenKrupp Presta: Faulty Parts Prediction

B Accepting 2% false positives = detect 25% of bad parts

* Predictive Model that selects flawed
components very early, betore delivery
to customer and final assembly, e ———
saves ~ $25k/week "

B Accepting 10% false positives = detect 67% of bad parts

Pred Neg PredPos

0.8 - IS - Cond Neg 1146 22
* |nput: raw sensor data from robots, Wl B > | B
Target: quality of manufactured part
§°"“ Pred Neg Pred Pos

e = === ———— > | Cond Neg 1052 116
%< " Cond Pos 22 45
AUC: 0.89 With thres 0.1132
00 T T 1 I
0.0 0.2 0.4 0.6 0.8 1.0

Il PSIORI Dr. Boris Lau



Predictive Maintenance & Asset Health Index

Goal: anticipate end-of-life of critical machines

* Quantity the health status based on sensor data or
iINnspection protocols

* Predict remaining lifespan to prepare replacement

e Detect abuse and measure effect of maintenance

Reference: Wood processing tools, expensive and delicate
e Customers report breakdowns

 Manufacturer analyzes usage and predicts asset health,
INnterested In IMproper use
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LipSync Face Tracking & Transfer

 Marker-less motion capturing

* [rack head pose and facial features

* [mproves on open source algorithms
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better ——eo—9p  PDeep Conv Nets
(best open source) (our current state)









Image

p3
p2

p1
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Deep Learning for Multivariate Time Series Prediction

Data Space Time Convolutional and Recurrent (STaR) Network Prediction

-HHN
< >

time

fIf PSIORI




EPEX - European Power EXchange

ORDER BOOK

]
1'\‘
]

Contract 12:00 - 13:00

© 8:07
24 MW :29.04 €
§ 3 MW :2832 €
. -+ ]
| 10 MW : 27,60 €} price: 2561 €* B §
35 MW : 25,02 €
Q | 3mw:1032¢€
| 17 MW:!0.00Ci time
MARKET SITUATION \] [/
WA |
10-11 | 11-121[12-131 13-14
. " » .
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Backend Dashboard
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Bid
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Seizure detection in EEG using Deep Neural Networks

* 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 eftectively extract features from extremely noisy multi-variate time
series

e 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

raw input feature maps output
A 250x5 248x5x20  248x5x20  62x5x20 54x5x30 27x5x30 22x5x40 1x40 1

v
v

~ |
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v
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time

|__—1 1 L | — D N
i J i D BrainLinks
BrainTools

convolution  convolution  pooling  convolution pooling ~ convolution  pooling dense acting,thoughts
5x1 51 4x1 X1 2X1 oX1 22x5 )
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Reinforcement Learning

» Learning through interaction, by means of trial and error.
Examples: Closed Loop Control, Gas Turbine, Engine .




I'hree Projects In Pipeline
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* Prevedex Deep RL Trading Bot — Planned Deployment: end of 2018
* Deep RL for Optimal Engine Control

e Batch Reinforcement Learning for Optimal Budget Allocation to Marketing Channels
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* Part|: 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)




