Dissimilarity based Classification
Examples
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Feature 1

A = gendatb;

Wl = A*fisherc;

W2 = A*polyc([],fisherc,3);
scatterd(A);

plotc ({W1,W2})
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Feature 1

Ul = fisherc;

U2 = cmapm(2,[1 0; 0 1; 2 0; 0 2; 3 0; 0 3;])*fisherc;
U2 = setname (U2, 'PolyFisher');

U3 = proxm([],'m',2)*fisherc;

U3 = setname (U3, 'DisSpaceFisher');
U4 = proxm([],'m',2)*pca([],10)*fisherc;
U4 = setname (U4, 'DisSpacePCAFisher"');

W = AT*{U1,U2,U3,U4};

Examples

= 2D space, artificial data
= Dissimilarity matrix
= Dissimilarity space

= PE Space
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> testc (A, {Wl,W2})
Test results for
clsf 1 Fisher
clsf 2 Polynomial classifier
clsf 1 clsf 2
Banana Set 0.220 0.120
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DisTools Intro 2D
testc ({AT,AS},W)
clsf 1 Fisher
clsf 2 PolyFisher
clsf 3 DisSpaceFisher
clsf 4 DisSpacePCAFisher
clsf 1 clsf 2 clsf 3 clsf 4
TrainSet 0.140 0.090 0.000 0.080
TestSet 0.180 0.090 0.010 0.060
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Long Spiral Example

Total dataset Zoomed dataset
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Radial Basis Support Vector Machine

Optimized RB SVM Optimized RB SVM
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Central results compared

Fisher in dis. space Optimized RB SVM
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Fisher’s Linear Discriminant in Dissimilarity space

Fisher in dis. space

Fisher in dis. space
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Global results compared

Fisher in dis. space

Optimized RB SVM
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Fisher

L2  DisSpace -> Fisher
L2/ 2 DisSpace - Fisher
L1  DisSpace > Fisher
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DisTools Intro 2D PE _ DisTools Intro Dissimilarity Matrix

_ INN Learning Curve-1 1NN Learning Curve-2
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L2 PE Space - Fisher Size training set Size training set
N >> A
L2A/2 PE Space > Fisher
L1  PE Space -> Fisher CatCortex, 65 by 65 dataset with 4 classes: [10 19 18 18]
>> A*[nne, asymmetry, intrdim, nmf]

Feature 1 0.1231 0 18.0000 0.0021
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DisTools Intro Dissimilarity Matrix DisTools Intro Dissimilarity Space
>> [AT,AS] = gendat(A,0.5); PCA MDS
>> Wl = AT*knnc; 3 ®
® o o .
>> W2 = AT*parzendc; 12 . o e J . © s x E*
>> W3 = AT*parzendc ([],mean (mean (+AT))) ; T o ™ .o % oo © =0 . T
° °
>> W3 = setname (W3, 'ParzenD-h'); 10 PR o it e =, =
~ e, X o ~ o . . B
>> testc ({AT,AS}, (W1, W2,W3)) £ . e Sab o
g W g ° o s
Test results for S el ° u-rl - e e
« °
clsf 1 : K-NN v * «ox . %
_ ol R 2 . +
clsf_2 : ParzenD i ot i
. i x
clsf 3 : ParzenD-h 7 ) o 5 5 y 3 2 a2 0 1 2 3
Feature 1 Feature 1
clsf 1 clsf 2 clsf 3
TrainSet 0.000 0.000 0.040 CatCortex, 65 by 65 dataset with 4 classes: [10 19 18 18]

TestSet 0.040 0.020 0.050
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DisTools Intro Dissimilarity Space DisTools Intro Dissimilarity Space

CatCortex, Rep. Set = Train Set CatCortex, Rep. size = 0.2 Train size >> [AT,AS] = genddat(a,0.5);
: >> U = {nmc, ldc, loglc, knnc};

% —— NearestMean 204 >> W = AT*U;
£ 06 —— Bayes-Normal-1 2
H — Logistic = >> testc ({AT,AS},W)
g
H —K-NN % 0.3]
© ©
504 5 Test results for
s go.z —NearestMean clsf 1 : NearestMean
:'3’02 :-fv —Bayes-Normal-1 clsf_2 : Bayes-Normal-1
° © 0.1] — Logistic . . .
z z —— K-NN clsf 3 : Logistic

clsf_4 : K-NN

2 4 5 6 7 % 3 4 5 6 7
Training set size per class Training set size per class clsf_ 1 clsf 2 clsf 3 clsf 4
TrainSet 0.028 0.000 0.000 0.000
TestSet 0.050 0.239 0.350 0.000
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DisTools Intro Dissimilarity Space DisTools Intro PE Space

Pseudo Euclidean Space Pseudo Euclidean Space
3 ° - 25
>> U = {nmc, ldc,loglc, knnc}; Xt
c x*
>> crossvald(A,U,5,10) < o5 o, o + s 2 §
2 R e e 5 15 X *
5 2% S g x
A . E o 8 % KX . T
5-fold cross validation result for b © oy L x© CE 2 N
g o ™ . ] x
clsf_1 : NearestMean g,o.s R o x ’* g 08 © ten e
clsf 2 : Bayes-Normal-1 H * z 0 9 L +*
— ! gosk ¢ o *
clsf 3 : Logistic . & o R e ¥
— . e
clsf 4 : K-NN -15 N -1 o M ggi
2 15 - 05 1 2 -1 0 1
clsf 1 clsf 2 clsf 3 clsf 4 First positive dimension First positive dimension
CatCortex 0.236 0.302 0.276 0.288
W = A*pe_em;
sig = signature (W) ; scatterd (X (:, [1 2]1));

X = A*W;
scatterd(X(:, [1 sig(1)+1]));
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PE Space Associated Space
- 0. o.
DisTools Intro PE Space . .
& 6| [—PE Nearest Mean E ol
s —Bayes-Normak-1 £
>> U = {pe_nmc, 1dc,pe_knnc, pe_parzenc}; £ ——PE K-NN Classifier g
- T = . H —— PE Parzen Classifier 204
>> Wass = euspace (W, 'ass'); Xass = A*Wass; .E.0-4 5 "~ PE Nearest Mean
— " "o — A% . T 3 —— Bayes-Normal-1
>> Wpos euspace (W, 'pos'); Xpos = A*Wpos; ] 3 ——PE K-NN Classifier
>> Wneg = euspace (W, 'neg'); Xneg = A*Wneg; §0-2 §’°~2 —— PE Parzen Classifier
>> crossval ({X,Xass, Xpos,Xneg},U,5,5) z 2
5-fold cross validation result for B 7 3 3 7 3 4 5 6
clsf 1 : PE Nearest Mean Training set size per class Training set size per class
clsf 2 : Bayes-Normal-1 o Positive Space . Negative Space
clsf 3 : PE K-NN Classifier P ——PE Nearest Mean 7
- L. £ 05 ——Bayes-Normal-1 =Y
clsf 4 : PE Parzen Classifier g ——PE K-NN Classifier g f‘Q
H ——PEP: Classif &
clsf 1 clsf 2 clsf 3 clsf 4 Zog Sreen CssEL §M&
— — — — g X
PE Space 0.075 0.304 0.123 0.123 o3 g
5
Ass Space 0.080 0.304 0.059 0.356 goz §°’4 —hE NearesMean
& g — Bayes-Normal-1
Pos Space 0.088 0.368 0.069 0.094 501 %0.2 e RNN Classifier
B o soace 0.898 0.900 0.339 o0.803 [N 2o 2 — PE Parzen Classiier
2 2 7

6 3 4 5 6 3 4 5 6
TU Delft Training set size per class Training set size per class



