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Announcements

A Exam dates
s According to rwth online, the exam dates are
o 1sttry  Sat 02.03.2019 10:3071 12:00h
o 2"try  Thu 21.03.2019 13:3071 15:30h
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« Examregistrationwill startinear | y December é
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Course Outline

A Fundamentals
. Bayes Decision Theory
a Probability Density Estimation

A Classification Approaches
« Linear Discriminants
« Support Vector Machines
« Ensemble Methods & Boosting
s Randomized Trees, Forests & Ferns

18

A Deep Learning
« Foundations
« Convolutional Neural Networks
« Recurrent Neural Networks

jons  Subsampling Full connection
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RWTH
Recap: Maximum Likelihood Approach

A Computation of the likelihood
. Single data point:  P(Xn]JH)

« Assumption: all data points X = fxq;:::;X,0e independent
Y
G LW = p(XJW =" p(XaJH)
n=1
« Log-likelihood N
o E(W =i InL(K =i Inp(xnjH)
- n=1
| A Estimation of the parameters [ (Learning)
E’ « Maximize the likelihood (=minimize the negative log-likelinood)
§ Y Take the derivative and set it to zero.
2 @ v X PGl o
5 —E(Y) =i —— =0
= @l n=1 p(anl"l)

Slide credit: Bernt Schiele B. Leibe



Recap: Histograms

A Basic idea:

« Partition the data space into distinct
bins with widths ¢ ; and count the
number of observations, n;, in each

bin.

TG

T NA,

(co)
—i

Pi

0 0.5 1

® « Often, the same width is used for all bins, ¢, =¢ .

= « This can be done, in principle, for any dimensionality Dé

= zof

2

= ot ébut the r €

3 number of bins

2 " e grows exponen-

:—;é o _ tially with D'!

= D=1 “ D=2 " " D=3 5
B. Leibe

Image source: C.M. Bishop, 2006



Recap: Kernel Density Estimation

A Approximation formula: K Exerfge
e 7
p(X) 1/4
fixed V fixed K
2 determine K determine V
" Kernel Methods K-Nearest Neighbor
=
= A
E A Kernel methods - A K-Nearest Neighbor
% . Place a kernel window k _' > . « Increase the volume V
o at location x and count °° . until the K nearest
= how many data points - | . data points are found.
g fall inside it. .

Slide adapted from Bernt Schiele B. Leibe
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Topics of This Lecture

A Mixture distributions

«  Mixture of Gaussians (MoG)
« Maximum Likelihood estimation attempt

A K-Means Clustering
o Algorithm
« Applications

A EM Algorithm

« Credit assignment problem
s MoG estimation

« EM Algorithm

« Interpretation of K-Means

« Technical advice

A Applications

B. Leibe
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Mixture Distributions

A A single parametric distribution is often not sufficient
« E.g. for multimodal data

100 : : : : 100
(0 0]
— R0 | 80t
- 60 | 60 |
c
=
= 1 2 3 4 5 6 1 2 3 4 5 6
(qv]
% Single Gaussian Mixture of two
= Gaussians
S
=

| 10
B. Leibe Image source: C.M. Bishop, 2006




Mixture of Gaussians (MoG)

A Sum of M individual Normal distributions

) /%

X

(00)
—

i’ « In the limit, every smooth distribution can be approximated this way
= (if M is large enough)

> R

p(xj) = p(xjK)pQ )

4 j=1

=

3

=

. 11
Slide credit: Bernt Schiele B. Leibe



Mixture of Gaussians

X
p(xj U) = p(leJ,- ) p(J ) Likelihood of measurement X
j=1 given mixture component |
. . 1 (X 1i)?
Xjlk) = N(Xj1i:%) = p——exp i ’
- POXJK ) = N(X]J*j; %) pmpl 27
' 1 T 1/, 7 X Prior of
— . ! 1/. —
P(J) = Yawith OT %1 1 and . =1 component
J =
A Notes —
. The mixture density integrates to 1: p(x)dx = 1

« The mixture parameters are
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Slide adapted from Bernt Schiele B. Leibe



H\'l \ R
Mixture of Gaussians (MoG) '

AfiGenerative model o

N NnWeighto c
@ pl) =% component

1/ \
2| 3
p(X) : Mixture
‘ M P(XJH ) component

Mixture density

p(x)| /% i) = p(Xjks )p(j)
j=1

B. Leibe
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Slide credit: Bernt Schiele
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Mixture of Multivariate Gaussians
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B. Leibe Image source: C.M. Bishop, 2006



Mixture of Multivariate Gaussians

A Multivariate Gaussians
X
p(xj) = p(Xj)p(j)
j=1

1 ,h. 1 T | 1 :
(21/9D:2j§jj1:2 EXp i i(x J) (X j)

(co)
—i

p(X]i) =

o «  Mixture weights / mixture coefficients:

= p() = Ypwith OT %7 land %=1

z J=1

= 0.5

= « Parameters:

(]

P = (Yt 58U Y mi8m)

§ 0 0.5 1

= 15

Slide credit: Bernt Schiele B. Leibe Image source: C.M. Bishop, 2006
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Mixture of Multivariate Gaussians

AfiGenerative model o
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Slide credit: Bernt Schiele B. Leibe Image source: C.M. Bishop, 2006



A Maximum Likelihood «

« Minimize E = j InL([Y) = j Inp(XnjH)

n=1

~ I, ~ +

s Let 6s filq:st I"‘
E
@ |

(00)
—

; >
= C
= . We can already see that this will be difficult, since

g >(\| \ J

g Inp(Xj¥4*;8)= In /&N (Xn]* ;8 k)

%’ n=1

2

=

This will cause problems!

Slide adapted from Bernt Schiele B. Leibe

Mixture of Gaussians 1 15t Estimation Attempt
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RWTH
Mixture of Gaussians 1 15t Estimation Attempt

A Minimization: @ N it 1§ ) =
X gZp(Xnik) @ "
g = n@-_j §1 H(Xn | LN (Xn]t ;8 k)
I K .
@j n:lA kzlp(XnJUk) |
® . Xn]
= §1 xni 1j)Px P(Xn]H)
: n=1 = 1 P(Xn k)
= :iﬁ/{l (an Y #N (XnJt ;8] 1o
= n= J —11/‘?(N(Xn]1 ;8
= A We thus obtain = ° (Xn)
o N 3 o
] Xn )X Nnresponsi bi |
% ) 1] "le J( ) d componentj for x,
é n=1_j(Xn)

. 18
B. Leibe
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Mixture of Gaussians i 1St Estimation Attempt

18

s Complex gradient function (non-linear mutual dependencies)
s Optimization of one Gaussian depends on all other Gaussians!

o Itis possible to apply iterative numerical optimization here,
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= but in the following, we will see a simpler method.
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=
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Mixture of Gaussians i Other Strategy

o S

1

A Other strategy:

S (x)

(00)
—

2 « Observed data: o coe ee o E X
= s Unobserved data: 1 111 22 2 2

= i Unobserved=inhi dden :vjjgri abl eo

5 h(j = 1jxn) = 1 111 00 0 O

£ h( = 2xn) = 0 000 11 1 1

o

=

. 20
Slide credit: Bernt Schiele B. Leibe



RWTH
Mixture of Gaussians i Other Strategy

AAssuming we knew the values

S(x)
o X
_ ML for Gaussian #1 T T ML for Gaussian #2
5 assumed known —> 1 111 22 2 2 ]
= h( = Uxn) = 1 111 00 0 O
£ h(] = 2Xn) = 0 000 11 1 1
g 1, = r’S‘ 1h(J = 1Xn)Xn 1, = I_;] 1h(J = 2JXn)Xn
é | = ]_h(J - 1JXn) = ]_h(J _ ZJXFI)

. 21
Slide credit: Bernt Schiele B. Leibe



Mixture of Gaussians i Other Strategy

AAssuming we knew the mixtur

f(x) assumed known
0 X
o(j = 1jx) l 1 o(j = 2jx)
1 111 22 2 2 j

A Bayes decision rule: Decide ] = 1if

P(J = Uxn) > p(J = FXn)
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Slide credit: Bernt Schiele B. Leibe



Clustering with Hard Assignments -

ALetodos first | ook at cluster
J(x)
A
X
2 o o000 o0 o o
<
§ vy vy vy v v
£ 1111 22 2 2 ]
<
=
23

Slide credit: Bernt Schiele B. Leibe
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Topics of This Lecture

A K-Means Clustering
« Algorithm
« Applications

18
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K-Means Clustering

A lterative procedure

1. |Initialization: pick K arbitrary
centroids (cluster means)

2. Assign each sample to the closest
centroid.

18

3. Adjust the centroids to be the
means of the samples assigned
to them.

4. Go to step 2 (until no change)

A Algorithm is guaranteed to
converge after finite #iterations.
«  Local optimum

s  Final result depends on initialization.
B. Leibe
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Slide credit: Bernt Schiele
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B. Leibe Image source: C.M. Bishop, 2006



K-Means Clustering

A K-Means optimizes the following  0001]
objective function:
_ >(\I % . i 1 2 500}
J = Fnkd)Xn i * k)
o n=1k=1
—i
« Where ’ 1 2 3 4
= \
® - 1 ifk=argmin; jixn i *jj°
nK — .
- 0 otherwise
=
g
% « l.e.,1 is an indicator variable that checks whether H is the
o nearest cluster center to point 0 .
% a« In practice, this procedure usually converges quickly to a local
= optimum.

27
Image source: C.M. Bishop, 2006
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Example Application: Image Compression

)

K-Means

Take each pixel
as one data point.

(00)
—

" Clustering
u
.g .‘ ...
(@)] °
k= .
< Set the pixel color ey
> to the cluster mean. \%.‘
= T2 *
O = L I
= 2 o 2
| 28
B. Leibe

Image source: C.M. Bishop, 2006
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Example Appllcatlon Image Compression

Original image

18

Machine Learning Wi nt er
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Image source: C.M. Bishop, 2006
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Summary K-Means

A Pros

s Simple, fast to compute

s Converges to local minimum
of within-cluster squared error

outher

o 5 © outher

A Problem cases %o €. rd
a  Setting k? (B): Ideal clusters
« Sensitive to initial centers
« Sensitive to outliers
s Detects spherical clusters only

18

A Extensions
s Speed-ups possible through
efficient search structures
o  General distance measures: k-medoids

(B): &-means clusters
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Slide credit: Kristen Grauman B. Leibe



