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Basic ideas

•Pattern set in vector space 
•Pattern set in metric space
•Conversions
•Sammon’s Mapping for metric spaces
•Cluster Analysis in both cases
•SOM in both cases 
•PCA in both cases



Pattern in vector space
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Normalization in vector space
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Standardization in vector space
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Robust transform in vector space
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Minkowski distance in Rn
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•Manhattan distance
•Compromise distance
•Euclidean distance
•Maximum distance
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Distance representation
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Metric space
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Pattern in metric space
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Normalization in metric space
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Conversion from U to Rn
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PCA preliminaries
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Traditional PCA
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PCA for large n
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Sammon’s mapping
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Nonlinear alternative to PCA
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Are they sitting on the bench?
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Plot of hexagonal graph
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Levensthein distance in U
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Modified PCA
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Alternative to cluster analysis
{ }H,...,1=V
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Alternative to SOM
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Cluster and partition
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Momentum in metric space
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Center in metric space
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ISODATA in metric space
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Momentum revision

Cluster revision

Objective function
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ISODATA in vector space
m

mpp V∈= ),..,( 1pRandom initialization

Momentum revision

Cluster revision

Objective function
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SOM preliminaries
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SOM characteristic
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Batch SOM in metric space
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Weight revision

Vertex revision

Objective function
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Batch SOM in vector space
m

mpp V∈= ),..,( 1pRandom initialization

Weight revision

Vertex revision

Objective function
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SOM of written words
0.1=R 5.0=R

2.0=R 1.0=R



SOM of functions
6.0=R 5.0=R 4.0=R

3.0=R 2.0=R 1.0=R


