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Today's Topics

» Overview Machine Learning

» What is machine learning ?
» Different problem settings and examples

» Decision theory, Inference and Decision

» Introduction (Deep) Artificial Neural Networks
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Overview Machine Learning

Machine Learning

Overview
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Machine Learning — what's that?

» Can you think of an application ?

» Do you use machine learning systems already ?
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Overview Machine Learning

Face Detection

» on your smart phone

» on your digital camera
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Spam Filtering

Non-spam mail
to your inbox

Incoming Mail

Spam Filter

-
Spam mail to a
holding area
(or to the trash)

image source: quora.com
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Overview Machine Learr

Language Translation

LANGUAGE Google
TRANSLATION

Translate

image sources: viesupport.com, translate.google.com

Example:

translate.google.com

= Google Translate

Fy Text B Documents
GERMAN - DETECTED ENGLISH 'SPANISH FRENCH v t=d GERMAN ENGLISH SPANISH v
Saarbriicken ist die schonste Stadt der Welt, X Saarbriicken is the most beautiful city in the world, ~ ¥*
insbesondere wegen der tollen Uni. especially because of the great university.
© 85000 L) gz <

Send teedsack
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Overview Machine Learnin

Product Recommendations e.g. by Amazon

Hallo, Peter Gehler. Wir haben Empfehlungen fur Sie. fllusioggen)

amazonde
~—" Prime

Gutscheine | Geschenke

Neu: Haustierbedarf

Mein Konto | Hilfe | Impressum

Alle Kategorien

® "7 Einkaufswagen

Mein Amazon ‘ Ihre perséniiche Seite Ihre Empfehlungen Diese Artikel bewerten Verbessern Sie Ihre Empfehlungen Gutscheine Mein Profil Mehr dazu
Peter, willkommen bei Amazon.de (wenn Sie nicht Peter Gehler sind, klicken Sie bitte hier.)
Heutige Empfehlungen fiir Sie Sie Ihre

Hier sind einige der Thnen empfohlenen Artikel. Klicken Sie hier, um alle
Empfehlungen anzuzeigen.

)

Belkin CF1300 Firewire Kabel, Apple Composite AV Kabel
9Pin- 4Pin), 1.8... Sefrfchs (30) EUR 39,97
Yohodokodz (2) EUR 12,40 Diese Empfehlung korrigieren
Diese Empfehlung korrigieren

Philips SHN9500 High End
Kopfhérer mit optional
FoArfcfrs (20) EUR 101,88
Diese Empfehlung korrigieren

Recommender Systems

Elements of DSAI

Seite 2 von 59 (zum Anfang)

v

Sennheiser PXC 450 Kopfhorer
silber/schwarz

Diesen Artikel bewerten
x|

(L) Nicht far Empfehlungen
beriicksichtigen

Von Thnen gekaufte Artikel (45)
Von Thnen bewertete Artikel




Overview Machine Learnin

Autonomous / Self-Driving Cars

I Under the bonnet

How a self-driving car works

Signals from GPS (global positioning system) Lidar (tight detection and ranging)
satellites are combined with readings from sensors bounce pulses of ight off the
tachometers, altimeters surroundings. These are analysed to
and gyroscopes to provide identify ane markings and the

more accurate positioning e———— edgesof roads

than is possible with
6P,

Video cameras detect trafficlights,
read road signs, keep track of the

Radar o position of other vehicles and look

sensor,_ - out for pedestrians and obstacles

e

i
it

be used to measure the
position of objectsvery  The information fromall

close tothe vehicle, of the sensors is analysed
suchascurbsand other  bya central computer that
vehicles when parking  manipulates the steering,
accelerator and brakes. Its
software must understand Radar sensors monitor the position of other
the rules ofthe road, both vehicles nearby. Such sensors e already used
e formaland informal inadaptive cruise-control systems

image source: google images, economist.com
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Machine Learning — what's that?

» Can you define the term “Machine Learning”?
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Machine Learning — A First Definition

Arthur Samuel (1959)

» Machine Leaning: Field of study that gives computers the ability to learn without being
explicitly programmed

In the examples given before:

» Spam Filtering: user labels spam emails — ML should learn from those labels

v

Face Detection: position of faces is annotated by Apple/Samsung/... in many pictures —
ML should learn from these annotations

v

Language Translation: language experts translates many sentences from language X to
language Y — ML should learn to automatically translate from these sentences

v

Autonomous Driving: Humans drive cars around — ML should learn by observing the
drivers
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Overview Machine Learning

Machine Learning — A slightly more Formal Definition

» Goal of machine learning:
» Machines that learn to perform a task from experience
» We can formalize this as
y = f(z;w)

y is called output variable,

x the input variable and

w the model parameters (typically learned)
» Classification vs regression:

> regression: y continuous
» classification: y discrete (e.g. class membership)
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Overview Machine Learning

Machine Learning — Examples

» Formalization:
y = f(x;w) (2)

y is called output variable,
x the input variable

» Spam Filtering:
y = either Spam or No Spam (binary classification problem)
x = incoming email
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Overview Machine Learning

Machine Learning — Examples

» Formalization:

y is called output variable,
x the input variable

» Autonomous Driving:
y = is a a combination of several variables
» steering angle (regression problem), acceleration (regression problem), ...
x = is also a combination of several variables
» GPS, images, laser range scanner, map-data, ...
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Machine Learning — A Definition

» Goal of machine learning:
» Machines that learn to perform a task from experience

» Formalization:
y = flz;w) (4)
y is called output variable,
x the input variable and
w the model parameters (typically learned)
» learn... adjust the parameter w

» ... atask ... the function f

» ... from experience using a training dataset D, where either D = {x1,...,z,} or
D= {($17y1)7 sy ($n7yn)}
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Different Scenarios

\4

Supervised Learning

» Unsupervised Learning

v

Reinforcement Learning

v

Let's discuss
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Overview Machine Learning

Supervised Learning

» Given are pairs of training examples from X x Y
D= {(xlv yl): (90272!2), cee (-rn,yn)}

» Goal is to learn the relationship between x and y, that is:

y = flz;w)

» Given a new example point = predict y
y = flz;w)
» We want to generalize to unseen data
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Overview Machine Learning

Supervised Learning

Example Supervised Learning

» Linear classifier:
+1 wlz+b6>0

y=flow) = { —1 otherwise
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Overview Machine Learning

Supervised Learning — Examples

Face Detection
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Overview Machine Learning

Supervised Learning — Examples

IMAGENET

Musical instrument, instrument

85.71%
‘Any of various devices or contrivances tha can be used to produce musical tones or sounds

ooy D5
Images of the Synset | Downloads

wesponry, arms,imp
tolletry, toiet atices (56)

pick, pectrum, poctron (1
power takeof, P10 (0)
prod, goad (2)

mote contrl remote (¢
reset 0)

restrain, constraint (162/1
optialdevice (38) "

Image Classification
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Overview Machine Learning

Supervised Learning — Examples

Semantic Image Segmentation
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Overview Machine Learning

Supervised Learning — Examples

v

Person recognition / identification

Credit card fraud detection

\4

v

Speech recognition

v

Visual object detection

v

Prediction survival rate of a patient
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Overview Machine Learning

Supervised Learning - Models

Flashing more keywords
» Linear Classifier

v

Multilayer Perceptron (Backpropagation)

v

(Deep) Convolutional Neural Networks (Backpropagation)

v

Support Vector Machine (SVM)

Linear Regression, Logistic Regression

v

v

Boosting

v

Graphical models
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Overview Machine Learning

Unsupervised Learning

» We are given some input data points
D= {1'1,332,. "azn}

» Goals:
» Determine the data distribution p(x) — density estimation
» Visualize the data by projections — dimensionality reduction
» Find groupings of the data — clustering

0.5
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Overview Machine Learning

Unsupervised Learning — Examples

\!
R %
&

Image Priors for Denoising
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Overview Machine Learning

Unsupervised Learning — Examples

N KLD=1.64
-1 - — =|
10 : o - —KLD=0.03

-100 0 100

Image Priors for Inpainting

black line: statistics form original images, blue and red: statistics after applying two different algorithms
Image from “A generative perspective on MRFs in low-level vision”, Schmidt et al., CVPR2010
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Overview Machine Learning

Unsupervised Learning — Examples

v

Clustering scientific publications according to topics

v

Clustering flickr images

v

Clustering Youtube videos

v

Novelty detection, predicting outliers

» Anomaly detection in visual inspection
» Video surveillance
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Overview Machine Learning

Unsupervised Learning — Models

Just flashing some keywords (— Machine Learning)
» Mixture Models

» K-Means clustering

v

Kernel Density Estimation

v

Neural Networks, e.g. Auto-Encoder Networks

v

Principal Component Analysis (PCA)
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Overview Machine Learning

Reinforcement Learning

Problems involving an agent
interacting with an environment, S« Reward
Next state s,

which provides numeric reward
. Environment
signals

Action a,

Goal: Learn how to take actions
in order to maximize reward
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Overview Machine Learning

Reinforcement Learning

» Setting: given a situation, find an action to maximize a reward function
» Feedback:
» we only get feedback of how well we are doing
» we do not get feedback what the best action would be
(“indirect teaching")
» Feedback given as reward:
» each action yields reward, or
» a reward is given at the end (e.g. robot has found his goal, computer has won game in
Backgammon)
» Exploration: try out new actions
» Exploitation: use known actions that yield high rewards
» Find a good trade-off between exploration and exploitation
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Variations of the general theme

v

All problems fall in these broad categories

v

But your problem will surely have some extra twists

v

Many different variations of the aforementioned problems are studied separately

\4

Let's look at some ...
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Semi-Supervised Learning

» We are given a dataset of [ labeled examples

Dl = {($1>y1)> ceey ('Tlv yl)}
as in supervised learning

» Additionally we are given a set of u unlabeled examples
Dy ={T1415- -+ Tigu}
as in unsupervised learning
» Goal is y = f(z;w)
» Question: how can we utilize the extra information in D,?
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Overview Machine Learning

Semi-Supervised Learning: Two Moons

» Two labeled examples (red and blue) and additional unlabeled black dots

. :
R S
DR

Two moons
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Overview Machine Learning

On-line Learning

» The training data is presented step-by-step and is never available entirely
» At each time-step t we are given a new datapoint z; — (or (z¢,yt))
» When is online learning a sensible scenario?

» We want to continuously update the model — we can train a model with little data, but the
model should become better over time when more data is available (similar to how humans
learn)

» We have limited storage for data and the model — a viable setting for large-scale datasets
(e.g. the size of the internet)
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Overview Machine Learning

Large-Scale Learning

» Learning with millions of examples

» Study fast learning algorithms (e.g. parallelizable, special hardware)
» Problems of storing the data, computing the features, etc.

» There is no strict definition for “large-scale”

» Small-scale learning: limiting factor is number of examples
» Large-scale learning: limited by maximal time for computation
(and/or maximal storage capacity)

Bernt Schiele (MPII) Elements of DSAI November 4, 2019 35/ 54



Overview Machine Learning

Some final comments

v

All topics are under active development and research

\4

Supervised classification: basically understood

\4

Broad range of applications, many exciting developments

v

Adopting a “ML view” has far reaching consequences, it touches problems of empirical
sciences in general
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Decision Theory

Decision Theory
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Decision Theory

Letter Classification

» Classify letters “a” versus “b"

1]

J11
11

L1l 1) 1

Figure: The letters “a" and “b"”

» Goal: classify new letters such that the error probability is minimized
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Decision Theory

Letter Classification — Priors

Prior Distribution

» How often do the letters “a” and “b" occur ?

» Let us assume

Cl =a p(Cl) =0.75 (10)
Co=b p(Cy) =025 (11)

The prior has to be a distribution, in particular

> p(Cr) =1 (12)

k=1,2
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Decision Theory

Letter Classification - Class Conditionals

» We describe every letter using some feature vector, e.g.

» the number of black pixels in each box
> relation between width and height

» Likelihood: How likely has x been generated from p(- | a), respectively p(- | b)?

H p(x|a)

p(x[b) /\

Bernt Schiele (MPII) Elements of DSAI November 4, 2019 40 / 54
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Decision Theory

Letter Classification

p(x|a) p(z[b)

l T

15

X

» Which class should we assign x to ?
» The answer

» Class a
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Decision Theory

Letter Classification

ey
s

» Which class should we assign x to 7
» The answer
» Class b
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Decision Theory

Letter Classification

p(x|a) p(z[b)

xr = 20

» Which class should we assign x to ?
» The answer

» Class a, since p(a)=0.75
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Decision Theory

Bayes Theorem

» How do we formalize this?
» We use the (hopefully well known) Bayes Theorem
p(X,Y) _ p(XY)p(Y)

= T ) 1)

» Now we apply it
z|Cr)p(Cx) _ p(z|Ck)p(Cy)

p(z) X2 p(@(Cy)p(Cy)

p(Cile) = P (14)
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Decision Theory

Bayes Theorem

» Some terminology !

v

Repeated from last slide:

p(x|Ce)p(Ck) _ _p(x|Cr)p(Cr)
p(x) 22 (| Cy)p(Cy)

p(Cylz) = (15)

v

We use the following names

Likelihood x Pri
Posterior = el .00. > rnor (16)
Normalization Factor

v

Here the normalization factor is easy to compute.

v

It is also called the Partition Function, common symbol Z
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Decision Theory

Bayes Theorem

Mw) Likelihood

X
p(xla)P(a)
p(x|b)P(b) Likelihood x Prior
&
X

Normalization Factor

p(alx) >L p(b]x) Posterior — - LikelihoodxPrior

X
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How to Decide?

» Two class problem C7, Cs, plotting Likelihood x Prior

p('rvcl)

p(xaCQ)

Ry Ro
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Decision Theory

Minmizing the Error

p(x,C1)

p(x,Cz)

Ra Ra

p(error) = p(z € Ry, C1) + p(x € Ry,Cy)
= p(z € Ra|C1)p(C1) + p(x € R1|C2)p(Co)

= | plalCp(Cr)dr + / p(2]Ca)p(Ca)dz
Ro Ry
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Decision Theory

General Loss Functions

» So far we considered misclassification error only
» This is also referred to as 0/1 loss
» Now suppose we are given a more general loss function
A IYxY—->R, (20)
(v,9) = Ay, 9) (21)

» How do we read this?

v

A(y, ) is the cost we have to pay if y is the true class but we predict ¢ instead
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Decision Theory

Example: Predicting Cancer

A YxYoR, (22)
(v, 9) — Ay, 9) (23)

» Given: X-Ray image, Question: Cancer yes or no?
Should we have another medical check of the patient?

diagnosis :
cancer normal
truth : cancer 0 1000
normal 1 0

» For discrete sets )V this is a loss matrix
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Decision Theory

Letter Classification

p(x|a) p(x

» Which class should we assign z to? (p(a) = p(b) = 0.5)
» The answer

» It depends on the loss
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Decision Theory

Minmizing Expected Loss (or Error)

» The expected loss for = (averaged over all decisions)

= > Z /AC’k, p(x, Cy)dz

k=1,...,.K j=1,..

» And how do we predict? Decide on one y!
y* = argmin Z A(Cr, y)p(Cklx)
yey 1K

= argmin Ep(.m [A('a y)]
yey
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Decision Theory

Inference and Decision

\4

We broke down the process into two steps

» Inference: obtaining the probabilities p(C|x)
» Decision: obtain optimal class assignment

v

Two steps !!

v

The probabilites p(-|z) represent our belief of the world
The loss A tells us what to do with it!

v

v

0/1 loss implies deciding for max probability

Bernt Schiele (MPII) Elements of DSAI November 4, 2019 53 / 54



Next. . .

we will discuss

» (Deep) Artificial Neural Networks
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