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package klaR:
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package klaR:

miscellaneous functions for classification and visualization

@ classification into K given classes ¢y, ..., Ck

@ underlying assumption for many classification methods:
random feature x homogeneous within the classes and
heterogeneous across the classes
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package klaR:

miscellaneous functions for classification and visualization

@ classification into K given classes ¢y, ..., Ck

@ underlying assumption for many classification methods:
random feature x homogeneous within the classes and
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Introduction — Heterogeneous Classes

problem: heterogeneous classes

way out: local methods 7%
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Introduction — Heterogeneous Classes

problem: heterogeneous classes

way out: local methods 2 2%

o classification methods based on mixture models, e.g.
mixture discriminant analysis (MDA)

@ other prototype methods: K-means, learning vector
quantization (LVQ)

@ k-nearest-neighbor classifier (KNN)

@ local likelihood methods: localized logistic regression,
localized LDA (LLDA, in k1aR)

@ local Fisher discriminant analysis (LFDA)
@ tree-based methods: CART, random forests
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Mixture Models in Classification

@ marginal density:
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Mixture Models in Classificatio_

@ marginal density:

K
fx) =Y pif(x/ci)
k=1

@ model class conditional densities as mixtures
@ data are generated by J sources s;
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Mixture Models in Classification _

@ marginal density:

K
fx) =Y pif(x/ci)
k=1

@ model class conditional densities as mixtures
@ data are generated by J sources s;

@ hierarchical mixture model (Titsias & Likas, 2002)

K J
f(X) = Z ka TUjk f(X | Ck, Sj)
k=1 =1
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Mixture Models in Classification _

@ marginal density:

K
fx) =Y pif(x/ci)
k=1

@ model class conditional densities as mixtures
@ data are generated by J sources s;

@ hierarchical mixture model (Titsias & Likas, 2002)

X

k=1

J
f(x|0) = Z uf Z Prif(X | kj, )
=
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Mixture Models in Classification

@ marginal density:

K
= Z Pk
k=1

@ model class conditional densities as mixtures
@ data are generated by J sources s;

@ hierarchical mixture model (Titsias & Likas, 2002)

K
x10)= )7 Y pyf(x | 1k, i)

k=1

T ML

@ common components model (Titsias & Likas, 2001)
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Mixture Models in Classification

@ marginal density:

K
= Z Pk
k=1

@ model class conditional densities as mixtures
@ data are generated by J sources s;

@ hierarchical mixture model (Titsias & Likas, 2002)

K
x10)= )7 Y pyf(x | 1k, i)

k=1

T ML

@ common components model (Titsias & Likas, 2001)

J K

J
f(x10) = Y 7 ) Pigf(x | ) = ) mif (x|, %)
j=1 k=1 j=1
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class posterior estimation

Hierarchical Mixture Clas_
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class posterior estimation
step 1: estimate source posteriors assuming a
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class posterior estimation
step 1: estimate source posteriors assuming a

@ simple mixture model (unsupervised, "hm1")

fixlp) = ZT(] (x|, X))

EM algorithm = P(s;| x, ¢)
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Hierarchical Mixture Classifier

class posterior estimation
step 1: estimate source posteriors assuming a

@ simple mixture model (unsupervised, "hm1")

fixlp) = Zn/ (x|, X))

EM algorithm = P(s;|x, §)
@ common components model (supervised, "hm2")

J
f(xlpk) = Z Tk F(X | pj, )
=

EM algorithm = P(s;| X, ¢(X), Pe(x))

J. Schiffner and C. Weihs Local Classification Methods for Heterogeneous Classes



Hierarchical Mixture Classifier

class posterior estimation
step 1: estimate source posteriors assuming a

@ simple mixture model (unsupervised, "hm1")

fixlp) = Zn/ (x|, X))

EM algorithm = P(s;|x, §)
@ common components model (supervised, "hm2")

J
fx k) = ) (x|, %))
=
EM algorithm = P(s;| X, ¢(X), Pe(x))

step 2: ML estimation of 7;, pyj, ukj, and Ly depending on x
and the source posteriors
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Common Components Classi_

class posterior estimation

estimate 7, pyj, yj, and X; by means of the EM algorithm
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class posterior estimation

estimate 7, pyj, yj, and X; by means of the EM algorithm

some details

@ initialization of the EM algorithm: repeated execution of
kmeans, posterior deviance
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Common Components Classifier

class posterior estimation
estimate 7, py;, ), and X; by means of the EM algorithm

some details

@ initialization of the EM algorithm: repeated execution of
kmeans, posterior deviance

@ number of sources J:
assumed to be known in advance

choice of J by means of a validation data set
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R Functions

@ hm.cc: generic function with methods for classes
"data.frame", "matrix", and "formula"

@ hm.cc.start: initialization of the EM algorithm
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R Functions

@ hm.cc: generic function with methods for classes

"data.frame", "matrix", and "formula"
@ hm.cc.start: initialization of the EM algorithm

@ arguments for hm. cc:

argument explanation

formula, data for class "formula"

X, grouping required if no formula is given

] number of sources

method "hm1l", "hm2", "cc"

tries, iter, eps for hm.cc.start and EM algorithm
threshold for subclass pruning in "hm1" and "hm2"
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R Functions

@ hm.cc: generic function with methods for classes

"data.frame", "matrix", and "formula"
@ hm.cc.start: initialization of the EM algorithm

@ arguments for hm. cc:

argument explanation

formula, data for class "formula"

X, grouping required if no formula is given

] number of sources

method "hm1l", "hm2", "cc"

tries, iter, eps for hm.cc.start and EM algorithm
threshold for subclass pruning in "hm1" and "hm2"

@ predict-method for class "hm.cc"
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Fisher Discriminant Analysis (FDA)

@ supervised linear dimensionality reduction and
classification
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Fisher Discriminant Analysis (FDA)

@ supervised linear dimensionality reduction and
classification

@ FDA transformation matrix:

Teoa = argmax (tr (T'SuT) ™' TS, T)

=] = = = = DAl

_ Local Classification Methods for Heterogeneous Classes



Fisher Discriminant Analysis (FDA) =

@ supervised linear dimensionality reduction and
classification

@ FDA transformation matrix:

Teoa = argmax (tr (T'SuT) ™' TS, T)

@ FDA projection: sample pairs in the same class are made
close and sample pairs in different classes are separated
from each other
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Fisher Discriminant Analysis (FDA)

@ supervised linear dimensionality reduction and
classification

@ FDA transformation matrix:

Teoa = argmax (tr (T'SuT) ™' TS, T)

@ FDA projection: sample pairs in the same class are made
close and sample pairs in different classes are separated
from each other

@ reduced dimension at most K — 1
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Local FDA (LFDA) — Dimensionality Reduction

@ supervised linear dimensionality reduction (Sugiyama,
2007) into arbitrary dimensional spaces
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Local FDA (LFDA) — Dimensionality Reduction

@ supervised linear dimensionality reduction (Sugiyama,
2007) into arbitrary dimensional spaces

@ heterogeneous classes: preserve the within-class local
structure by introducing an affinity matrix A into the
calculation of Sy, and Sy, (Aj;: affinity between x; and x;)
= downweight influence of far apart sample pairs in the
same class
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@ supervised linear dimensionality reduction (Sugiyama,
2007) into arbitrary dimensional spaces

@ heterogeneous classes: preserve the within-class local
structure by introducing an affinity matrix A into the
calculation of Sy, and Sy, (Aj;: affinity between x; and x;)

= downweight influence of far apart sample pairs in the
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1 QA -1 1 QA
Tiroa = arg mgx(tr(T SAT) TS} T)
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Local FDA (LFDA) — Dimensionality Reduction

@ supervised linear dimensionality reduction (Sugiyama,
2007) into arbitrary dimensional spaces

@ heterogeneous classes: preserve the within-class local
structure by introducing an affinity matrix A into the
calculation of Sy, and Sy, (Aj;: affinity between x; and x;)
= downweight influence of far apart sample pairs in the
same class

@ LFDA transformation matrix:

1 QA -1 1 QA
Tiroa = arg mgx(tr(T SAT) TS} T)

@ LFDA projection: only nearby sample pairs in the same
class are made close and sample pairs in different classes
are separated from each other
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LFDA - Classification

assumption: classes are composed from subclasses ¢,
classification rule:

¢(x) =arg mkin mniqn ||Tl:FDAX - TLFDA)_(km“
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LFDA - Classification

classification rule:

assumption: classes are composed from subclasses ¢,

¢(x) =arg mkin mni1n ||T£FDAX - TLFDA)_(km”

supervised case: subclasses are known
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LFDA - Classification

assumption: classes are composed from subclasses ¢,

classification rule:

’

¢(x) = argminmin T2 oaX = TirpaXeml|

supervised case: subclasses are known

unsupervised case: subclasses are unknown
@ spectral clustering within the K classes

@ advantages: number of clusters is determined
automatically, affinity matrix is used

@ two methods: eigenvalues, eigenvectors
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R Functions

@ 1fda: generic function with methods for classes
"data.frame", "matrix", and "formula"
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R Functions

@ 1fda: generic function with methods for classes

"data.frame", "matrix", and "formula"

@ arguments for 1fda:

argument

explanation

formula, data
X, grouping
subgrouping
dimension
norm.method

aff.method

cluster.method

for class "formula"

required if no formula is given
subclass membership

desired dimensionality reduction
method for normalizing the transforma-
tion matrix

method for calculation of the affinity ma-
trix

method for calculation of the subclass
centers
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R Functions

@ 1fda: generic function with methods for classes

"data.frame", "matrix", and "formula"

@ arguments for 1fda:

argument

explanation

formula, data
X, grouping
subgrouping
dimension
norm.method

aff.method

cluster.method

for class "formula"

required if no formula is given
subclass membership

desired dimensionality reduction
method for normalizing the transforma-
tion matrix

method for calculation of the affinity ma-
trix

method for calculation of the subclass
centers

@ predict-method for class "1fda"
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Summary & Outlook

hierarchical mixture and common components classifiers

@ singularities in EM: variable selection, dimensionality
reduction

@ automatic determination of the number of clusters
@ mixtures of other distributions

@ ML estimation of parameters: criteria better suited for
classification

@ documentation of the fitting process (trace)
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Summary & Outlook

hierarchical mixture and common components classifiers

@ singularities in EM: variable selection, dimensionality
reduction

@ automatic determination of the number of clusters
@ mixtures of other distributions

@ ML estimation of parameters: criteria better suited for
classification

@ documentation of the fitting process (trace)

LFDA

@ metric for classification rule

o kernel LFDA
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