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Data Analysis Goals

. Daten-Inspektion & -Vorverarbeitung
. Clustering (SOM extensions)
. Classification

-. Visualization of high-dimensional data
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Typische Aufgaben der Datenanalyse
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1. Attribute rating

(supervised)

\4. Visualisierung
(SOM / MDS)

2. Clustering

(Lernende Vektorquantisierung LVQ) (Neural Gas, LBG, k-means)
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Dateninspektion und -Vorverarbeitung
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- Ich selbst lerne die Daten besser kennen
- Ilch nehme dem maschinellen Lernen Arbeit ab
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Datenvorverarbeitung je nach Datenmetrik

Up-regulated gene profiles

Euclidean v
view 4
15r same profiles, aligned l
'‘Pearson'’ ;Z :
view 00
05 same correlatlons as above!
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Metrik vs. Ahnlichkeit

Pattern similarity

|

reference éignal (RS) —e—
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o pattern 2 (P2) ---e---
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attribute
Euclidean distance: P1 closer to RS.
Pearson correlation: P2 closer to RS.
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Daten-Attribute: Ist ein Pilz giftig?

gill size

- catégorial

Feature
- binary
- ordinal
- integer

- real

height

odor

bruises

cap size

cap color
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0.013 -
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Fluch der hohen Dimensionalitat (curse of dimension)

high-dimensional
experiments

microarrays

spectra
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few entities (~100)
many attributes (~10,000)

= . > Curse of dimension!

e

low-dimensional
data items

& < Grouping of data?
Candidate attributes?
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2/3-D Daten fuhren in die Irre

_Resganh

m AG Daren

Was ist das Innere einer Datenwolke?

Hochdimensionale Daten leben auf dem Rand und
sind ,immer’ AusreifSer in irgendwelchen Dimensionen!

- Datenwolken ,sehen aus’ wie ein Stern.
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1. SOM (unuberwacht)

,What fires together
that wires together.”

D. Hebb (1949)

Self-Organizing Maps and more  Marc Strickert
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SOM: Kortikale topologie-erhaltende Abbildung

Tastzellen einer Hand.

Verarbeitung in stark

:%"
schematischem Kortex. 5 6
E 4
=
-
Ort
Spezialisierte kortikale
Karte der Reize.
Marc Strickert ITHl

& . Self-Organizing Maps and more




Wir sind Homunkulus

Somato-sensomotrische Karte
nach Wilder Penfield und Theodore Rasmussen

Self-Organizing Maps and more  Marc Strickert
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Unuberwacht: Self-Organizing Map (SOM)

' Map: Abbildung Eingabereize - Neuronen-Ensembles

&

Ein Neuron hat:

SaOa® ws und pim
1. Position im Gitter :%.é’;%% (hochdim.)
und Nachbarn. @’@ AA*’Q@’@@ E;\r;?;beraum,

)

2. Inneren Zustand w
(Prototyp).

056G 0008
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Minimierung der mittleren Prototypen-Unahnlichkeit

= Flachig spezialisierte Neuronenverbande.

= Dimensionsreduktion. [Kohonen, 1983]

_Regnh
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SOM-Beispiel

Teathing
&...

https://demogng.de
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https://demogng.de/

Bewertung der trainierten SOM-Karten

U™ Matrix 30 View

U-Matrix
[ Alfred Ultsch, Databionics Marburg |

Cluster #2 ' fl‘ =
Dluster #3

Cluster #1 Tl

_Rm o
Teathing
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Vektorquantisierung mit nicht-standard Metriken

Rezeptive Felder flr bimodale Daten mit drei Klassen

0 0.2 ‘ 0.4 0.6 0.8 1 0 0.2 ' 0.4 0.6 0.8 1

d(x,y) = 2 w-(x-y)® (euklidisch) d(x,y) = 2 w-(x-y)"

_fn
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SOM: Was haben wir erreicht?

1. Komplexe hoch-dimensionale Eingabe-Reize ,
kénnen auf flichigen Strukturen ﬁ‘
nach Ahnlichkeiten gruppiert werden. 4

w4
- Vielschichtige Assoziationen und Bindungen.

2. Prototypen-Modell erlaubt Daten-Abstraktion:

- Viele einzelne Daten werden durch wenige
Reprasentanten dargestellt.

3. Biologisch plausible Form der Organisation.

Self-Organizing Maps and more  Marc Strickert 17



SOM: Erweiterungen

2. Neuronen, die Gewinner d. vorherigen Zeitschritts berucksichtigen.

3. Neuronen, die in der Lage sind, sich selbst zu verdrahten
- Neuronen-Gas [Martinetz, Schulten, Ritter, 1993].

Teaing
ay... Self-Organizing Maps and more  Marc Strickert 18



Hyperbolische Strukturen fur exponentielle Kontexte

< B ;“1"4‘\ -

Entfalte Dich mit 2D- Vp
Struktur im hoch- X
dim. Raum! 3

,Filtere” Daten

Dr. Diana Taimina ,Open Brain“ Koralle
crochetcoralreef.org
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Hyperbolische SOM fur Sequenzen (H-SOM-S)
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Dynamische Gittertopologie: Neural-Gas (NG)

Prototypes () live as

representing vectors w g |
in data space. ;ﬁ

: oo _I|I—
X 7
/ /1 L
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[ Martinetz and Schulten, 1991 ]

Tty
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NG: Gradientenabstieg auf Kostenfunktion

n

E(W.0) —(L 22 (mk (x,w/)) -d(x",w’) > min!

~

Algorithm SOM / NG centroid update

repeat
chose randomly a data vector x
k — argmin; {d(w’,x) }
{ w” is closest centroid to data vector x }

for all m centroids j do od J
w/ —w/ +7-hg (D(wk,wf‘)) B ‘(x,;/v )
end for Ow

until no more major changes

Self-Organizing Maps and more  Marc Strickert
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2. Supervised
LVQ

(points with class label)

Self-Organizing Maps and more  Marc Strickert
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Learning vector quantization (LVQ)

) [ Kohonen, 1986 ]
Neurons (@ live as

prototypes w, ]
in data space. L

Labels for active class separation
EUE el E v "4

[]

] .58

o BS
op

Adaptation of “weights” w;

CH as prototypes of
classes {red, green, blue}.

ey. .. Self-Organizing Maps and more  Marc Strickert 24



LVQ - Algorithm

I— class label
repeat:  choose (z',y') € X

compute w«” such that z* € R’
i w’ + e(z* — w?) ifyz:_c7
w? — e(x* —wl) otherwise

—

Hebbian learning term

Self-Organizing Maps and more  Marc Strickert

25



LVQ Features (and a Desire)

 Reduction: many data items are represented by few prototypes.
e Works in: I l_. ‘4. IZ.
1D 2D 3D 4D .

e Crucial: notion of 'similarity":

.. D

- Data metric important!

Extension

Automatic attribute weighting.

® ©

ey. .. Self-Organizing Maps and more  Marc Strickert 26



Adaptive Metric in Relevance LVQ (RLVQ)

. . [ Bojer et al. 2001 ]
Euclidean Metric :

n
|z —w|? = Z (z; —w;)?
=1

_ attribute weight = relevance factor
A-Adaptation

repeat:  choose (z*,y') € X |
compute w’ such that ' € R}

for all I: |
{ max{\ — a|z} —w]|,0} ify'=¢
Al = i j .
A+ alz; — wy| otherwise
for all I:
A=A/ | A

& oo Self-Organizing Maps and more  Marc Strickert 2



Cost Function Approach to LVQ

1. Formulate misclassification as differentiable function.

2. Do function optimization.

ay... Self-Organizing Maps and more  Marc Strickert 28



LVQ with cost function 2> GLVQ

Generalized LVQ (GLVQ) [Sato & Yamada, 1995]:

Minimize cost function

K = 2aII inputs x error (x; Wcorrect, erong)

...using gradient descent 0K/ow -> 0!

Iteratively move prototype weights ws in small
steps into the direction of error minimization!

_Resganh

& ... Self-Organizing Maps and more  Marc Strickert 29




GLVQ with relevance terms - GRLVQ

Quantization error, (X, weurrent) = ;- (X;-Wjcurrent)2

global relevance of data column jT

derror,/0A > 0

Generalized relevance LVQ (GRLVQ)

[Hammer & Villmann 2002]

Is large margin optimizer * (like SVM)

* for diagonal metrics [Hammer, Strickert, Villmann 2005]

_Resganh

-
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GRLVQ: cost function minimization framework

data distance / similarity measure

Misclassification costs: J\

— where  qx(x') = . :
GRLVQ Z g Q)\ 1)\( ) d;\L (xz.) o d; (xz.)
t t
closest correct wrong

Generic update formulas:

i+ _ _ ~+.9Ecrivg
Aw'™ =" S

—  9EGRriva
Ow'—
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GRLVQ: Derivatives for two measures

Weighted Euclidean: Adaptive metric parameters

d
o) = 3 () 6w,

AdENC(x, w*)

— YY) g ]

AdEVC (x, w)

O

R = ( 1 ) S Rmin
X0

O SR OR
E)*wj % O [ Strickert et al., 2006 ]
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App: GRLVQ for Tecator spectral data set
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4.000 - class 1
2
‘» 3.500
C
-
€ 3.000 F.......oooocces
2.500
| | | | 1 1 | | |
10 20 30 40 50 60 70 80 90
I I I I I I I I I
0.016 Fon relevance profile -~ 7
S 0014 L AY average i
= 0.
.,E 0.012 B std.-dev. boundary
8 :‘:_.“"*a s
s 0.01
®
© 0.008
0.006
1 1 1 | | | 1 1 1
10 20 30 40 50 60 70 80 90
frequency channel
B R—
Tectig

Tecator data set samples / relevance profiles

Self-Organizing Maps and more  Marc Strickert
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GRLVQ Performance for Tecator Data

Classification accuracies (test set):

Without relevance terms:
With relevance terms:

96.3% (Corr)
97.7% (Corr)

84.2% (Euc)
88.4% (Euc)

Self-Organizing Maps and more  Marc Strickert
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Embedding Relational Data*

_Resganh

Similarity Matrix

nxn

_* going beyond dimension reduction: multidimensional scaling MDS

ey
& .o Self-Organizing Maps and more  Marc Strickert 35



Application: Gene browser (4824 high-quality genes)

65 _HZ51KDE_unknown |

0 2 4 6 8 10 12 14 16 18 20 22 24 26
1 DAF

LI
HY04D10 9.853 9.637 9.481 9.119
HA20P13
HY02G23
HA26F20
HZ48116
HA13H14
HA24E23
HA16109
HA27G06

L] L]

....... Bl g PO gy e (B ey |.|Dr51|.|.|.”.|.|.|.|.|1r5.l

[visualization: www.ggobi.org]
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What's the use?
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Left cluster: down-regulation,
Right cluster: up-regulation.

GGobi data visualization software

 Reseanh

fechig
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file:///home/strickert/Desktop/20200221-vortrag/strickert_nngi.odp/C:%5CProgramme%5Ccmd%5Cmplayerc.exe%20C:%5Chome%5Cmarc%5Cpub%5Cprogress09%5Cx-g4824-cor83d.avi

Metrics vs. similarity measures

1. Metric: strict pattern matching
d(x,y) =0 onlyif x =Y.
Euclidean distance, Minkowski distances.

2. Measure: relaxed comparison
d(x,y) = max. for maximum similarity.
- Pearson correlation (real-valued),
- Spearman correlation (rank-based).
= For intensity fields.

3. Adaptivity: Data-driven, adaptive parameters.
(Let the measure evolve according to requirements.)

ay... Self-Organizing Maps and more  Marc Strickert 39
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