Machinelles Lernen

«Eine kleine Einfuhrung»
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«Welcher Unterschied
besteht zum Deep Blue
Schachcomputer vor 20 Jahren?»
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chirtelfes Lernen

«Was braucht
es sonst noch?»
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Deep Reinforcement Learning

Markov Entscheidungsprozess

= Umgebung (Atari Breakout)

> Agent der Aktionen ausfiihrt (Links, Rechts, Ball starten)
= Status (Bausteien, Ort/Flugrichtung des Balls, ...)

> Belohnung/Rewards (der Ball trifft einen Baustein)

Environment

State Action

Reward @



Deep Reinforcement Learning

Q-Learning (vereinfacht)
= Markov Entscheidungsprozess

= Q(s, a) Maximale Summe aller zuktinftigen Rewards fir a

Zufallige Initialisierung von Q
Setzen des Start-Zustands s,
repeat
Wahle a welche Q(s,, a) maximiert
Speichere neuen Zustand s, , und r
Q = update(Q, r, s;.;)
S; T Sin

until Abbruchkriterium



Deep Reinforcement Learning

Deep Q-Learning (DQN)

= Q-Learning

= Q(s, a) = Deep Neural Network (DNN)

= Regelmassiges Nachtraining des DNN mit Erfahrungen

Zustand s

DNN — Q(s, a)

Aktion a
Links, Rechts, Start




DQN
Atari Breakout

Starting out - 10 minutes of training

The algorithm tries to hit the ball back, but
itis yet too clumsy to manage.

www.youtube.com/watch?v=V1eYniJORnk



https://www.youtube.com/watch?v=V1eYniJ0Rnk

DeepMind and B"‘I_~4i=zza_rfd" to release g
| StarCraft Il as an Al research
~ / environment ‘Jr;

| — LB




Maschinelles Lernen
Was gehort dazu?



Modelle
Training und Auswertung
ML Themen
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Mehr zu Daten

Herausforderungen
= An die RICHTIGEN Daten ranzukommen
2 Und GENUGEND von diesen Daten zu erhalten

«Real World» Erkenntnisse

= Das ist nicht der spannende Teil der Projekte

= Beschaffung und Bearbeitung geht immer langer als geplant
= Daten sind ausschlaggebend



Training und Auswertung
ML Themen
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Daten

Modelle

Training und Auswertung
ML Themen



Fehlerrate
A

Trainings-Daten
Test-Daten

_/Over;tting»
‘ Modell zu komplex

«Underfitting» Ubertrainiert

Modell zu einfach \

Zu wenig trainiert

Modellkomplexitat

Trainings-Iterationen



Daten

Modelle

Training und Auswertung
ML Themen



CSs 220
Machine Learning
Handout #2: Course Schedule

Syllabus

# Introduction (1 classz)
Basic concepts.

‘WH-*FFH : .
e Ny Supervised Learning

Logistic regression. Perceptron. Exponential family. * Lernen anhand von Beispielen
:m!ﬂi.!]mm #Ei‘hﬁ. :m- bm_ m‘ I mhm'- . . . .

Support vector machines, * Richtige Antwort pro Beispiel bekannt
hiodel zelaction and faature selaction.
Evaluating and debuzging leamins alzorthms.

Unsupervised Learning

* Learning theory. (3 classes) e Clusteranalysen
Biazvanance tradecff. Umon and Chemoff Hogldm r bounds. : : :
VC dimemsion. Worst case {caling) b * Finden von Ausreissern in Daten
Practical advice on how to use leamms
" PR Reinforcement Learning
FM. Mixture of Ganssians. * Interaktion mit dynamischer Umgebung
Factor analysas. :
PO (Principal componmis mabrsit)h, e Belohnungsfunktion
ICA (Independent components analysis).

= Reinforcement learning and conirol. (4 )
MDPs. Bellman squations.
Vahoe ileration and policy iteration.
Linear quadratic regulation (LQE). LQG.
QJ-leaming. Valoe funchion approxmmation.
Policy search. Eemforce. POMDPs.



Demos



Demos

1. Finden von Ausreissern (Brustkrebsdaten)
2. Stimmungsanalyse (Filmkritiken)
3. Mustererkennung (MNIST Bilder)



Finden von Ausreissern

Diaghostische Brustkrebsdaten

WDBC Data Set
«12.86,18,83.19,506.3,0.09934, ... »
=> Gutartig oder Bosartig?

Modell/Algorithmus
= LOF (Local Outlier Factor)

Direkt Implementation in Java
=> Java

86211,8,12.18,17.84,77.79, ...
862261,B8,9.787,19.94,62.11, ...
862485,B,11.6,12.84,74.34, ...

862548,M,14.42,19.77,94.48, ...

862009,B,13.45,18.3,86.6, ...
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Natural Language Processing
Stimmungsanalyse

Filmkritiken 1245 NEGATIVE \

«please, someone, stop eric schaeffer shallow , noisy and pretentious .

before he makes another film» 14575 POSITIVE \ _
one of the most splendid

=> Positiv oder negativ? entertainments to emerge from
the french film industry in years

Modell
= Naive Bayes

[=@=]

€) ( malictcsumass.edu ¢ |[Q searcn B + A 48 =

Mallet Toolkit (LT @i |
=> Statistical NLP .
= Open Source (CPL)
= Java




Mustererkennung
Handgeschriebene Ziffern

Daten = HandSChrift . true Iablelzg
= MNIST Datenbank |
= Welche Ziffer ist es?

Modell
= Deep Neural Network (LeNet-5)

Deeplearningdj

= Deep Learning Library
= Open Source (Apache)
- Java




PROC. OF THE IEEE, NOVEMBER. 1998 7

INPUT
32x32

C3: f. maps 16@10x10

C1: feature maps S4: f. maps 16@5x5
6@28x28 S2: f. maps C5: |
@ :f. : layer .
6@14x14 I 120 Fg?; layer C‘?gTPUT

MultilayerConfiguraticn.Builder builder = new NeuralNetConfiguration.Builder()

. 3eed (3eed)
.lterations(iteraticns)
.reqularization{true) .12 (0.00035)
.learningRate (0.01)
JweightInit (WeightInitc, XAVIER)
optimizationflgo (OptimizationAlgorithm. STOCHASTIC GRADIENT DESCENT)
Jpdater (Updater .NESTEROVS) .momentum (. 2)
list()
dlayer {0, new ConvolutionLayer.Builder(>, 3)
//nIn and nfut specify depth. nIn here is the nChannels and nlut is the numbker of filters to be applied
.nIn{nChannels)
.3tride{l, 1)
.nouat (20) -
.activation("identity™)
Luild())
.layer({l, new Subsamplinglayer.Builder (Subsamplinglayer.PooclingType.MAX)
JkernelSize(Z,2)
.atride{2,2)
Luaild ()
.layer(2, new ConvolutionLayer.Builder(5, 5) L e Cun
//Note that nIn need not be specified in later layers
.atride{l, 1)
.nlut (30)
.activation("identity™)
Luild())
.layer ({3, new Subsamplinglayer.Builder(Subsamplinglayer.PoolingType.MAX)
JkernelSize(Z,2)
.3tride(Z,2)
Luild())
.layer ({4, new Denselayer.Builder()}.activation("relu")
nout (300) .build())
layer {5, new Outputlayer.Builder (LossFunctions.LossFunction.NEGATIVELOGLIKELIHOOD)
nlut {outputNum)
.activation({"scftmax"™)
Luaild())
getInputTIvpe (InputType.convoluticonalFlat (25,28,1)) //See note below
.backprop (true)
.pretrain(false) :

connections

. a set of units



Die letzten 4 Jahre



Die letzten 4 Jahre

2012 ImageNet (U Toronto)

2014 Automatic Image Captioning (U Stanford, ...)
2015 TensorFlow (Google)

2016 DNC (Google DeepMind)



2014, Stanford

Deep Visual-Semantic Alignments for Generating Image Descriptions

Andrej Karpathy Li Fei-Fei
Department of Computer Science, Stanford University
{karpathy, feifeili}@cs.stanford.edu

Abstract bouquetof pottie of water  glass of water with
red flowers Fio ice and lemon

construction worker in orange safety two young girls are playing with lego boy is doing backflip on wakeboard.
vest is working on road. toy.




TensorFlow ™ GET STARTED TUTORIALS HOWTO MOBILE APl RESOURCES ABOUT %,

TensorFlow is an Open Source Software
Library for Machine Intelligence

GET STARTED

About TensorFlow

TensorFlow™ is an open source software library for numerical
computation using data flow graphs. Nodes in the graph represent
mathematical operations, while the graph edges represent the
multidimensional data arrays (tensors) communicated between
them. The flexible architecture allows you to deploy computation
to one or more CPUs or GPUs in a desktop, server, or mobile
device with a single API. TensorFlow was originally developed by
researchers and engineers working on the Google Brain Team
within Google's Machine Intelligence research organization for the
purposes of conducting machine learning and deep neural

networks research, but the system is general enough to be

2015, Google

TensorFlow: Open source machine learning

TensorFlow




Random Training Graph London Underground

trained end-to-end with gradient descent, allowing the network to learn
how to operate and organize the memory in a goal-directed manner.

(BakerSt, OxfordCircus, Bakerloo)
Answer: Answer:

(BondSt, NottingHillGate, Central) (Moorgate, Bank, Northern)
(NottingHillGate, GloucesterRd, Circle) (Bank, Holborn, Central)

family tree
(LeicesterSq, CharingCross, Northern)

block puUz PSRl GIE G Llcus RS, NoT ) (Holborn, LeicesterSq, Piccadilly)
(OxfordCircus, PiccadiilyCircus, Bakarioo) (Westminster, GreenPark, Jubilee) (LeicesterSq, PiccadillyCircus, Piccadilly)
(Oxfordlecus. Not‘llnngllGato, com') (GreenPark, BondSt, Jubilee)

(OxfordCircus, Euston, Victoria)

Plato like -84 edges in total , would

remain fix minds

can be shaped and reshaped by experience. But the wax of our memories does not just
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Artificial Intelligence and Robotics -+ Add tomyFT Read latest:

Al and robots threaten to unleash mass e s
_ . or Al for regulation
unemployment, scientists warn

Intelligent machines will soon replace human workers in all
sectors of economy

Julius Bar

YOUR PRIVATE BANK




Jobs: Routine Vs. Nonroutine,
o Cognitive Vs. Manual
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FEDERAL RESERVE BANK of ST. LOUIS




Eine positive Sicht
Lee Sedol

AlphaGo had opened his eyes to a new side of
the game. “I have improved already,” Lee said. “It has given me new

ideas.” He has not lost a match since.



Take Home Messages

Zusammenfassung
= «Deep Learning» stellt ein Durchbruch fir ML / Robotik dar
= ML Systeme sind heute fur viele Aufgaben praxistauglich

Was bringt die Zukunft?

= ML wird einen grossen Einfluss auf die Gesellschaft haben
> Der Ubergang wird eine Herausforderung

=> Zuschauen ist keine gute Option

= ML ist fur alle offen



Vielen Dank!

@ZimMatthias Matthias Zimmermann
BSI Business Systems Integration AG



