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Abstract
In dissimilarity-based classification, the use of feature lines
resulting from the linear combination of pairs of prototypes is
an option to overcome representational limitations. The choice
of such feature lines is important issue, not just to obtain a good
description but also to reduce the dimensionality. We consider
the selection of the middle-length feature lines. Results show
that they are more appropriate to represent moderately curved
subspaces than the the longest ones.
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Vector spaces offer many tools
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Feature based representation: traditional approach in
Pattern Recognition and based on knowledge
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Training Set—— Representation—— Generalization

Feature Space Classifier
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Knowledge = good features = (almost) separable classes
Lack of knowledge = (too many) bad features = hardly
separable classes

Many features ~ Lack of knowledge
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Other (alternative) representations:
e Pixel (sample) based representations: Raw data
e Dissimilarity based representation: Recent, expert based

RELATIVE REPRESENTATION

e Conceptual representation: Combining classifiers
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Dissimilarity representations o ..oe200

e A number of studies showed advantages of learning
from dissimilarity representations instead of learning from
feature-based representations: [Duin et al., 1998, Pekalska
et al., 2001, Pekalska and Duin, 2002, Paclik and Duin,

2003|Pekalska and Duin, 2005].

e Based on pairwise comparisons and expressed as an
N x n dissimilarity matrix D(T, R), where each entry
corresponds to a dissimilarity between pairs of objects:

P1 D2 ps3 Tt PN
1 ( din diz2 diz -+ din \
xo| do1 doa  doz - don
D(T,R) = x3| ds1 ds2 dszs --- ds, |, djr= D(xj,pr).
CL‘N\ dnv1 dn2 dns -+ dng )
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Dissimilarity representations o ..oe200

e More general than feature-based representations; in fact,
the notion of dissimilarity is more fundamental than that
of a feature.

e For dissimilarities the geometry is contained in the
definition, giving the possibility to include physical
background knowledge; in contrast, feature-based representations
usually suppose a Euclidean geometry.
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Dissimilarity-based classification ..., 2007
e The nearest neighbor rule (1-NN): traditional, simple but
computationally expensive and sensitive to noise

e The dissimilarity space approach:

D(T,T) = dgr dao daz daa dss dag  dar

de1
Kdn dro d7s drs dis d7e  dry )

— Consider dissimilarities as “features”

— Select “features”, i.e. representation objects

— Build a trained classifier, e.g. a Bayesian one, on top of
the representation
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Generalization of dissimilarity o ..per200r
representations using feature lines

— Dissimilarity representation computed from a very small
set of prototypes: representational limitation

e The principle of the nearest feature line [Li and Lu, 1999]

e Deriving the generalized dissimilarity representation:
distances to feature lines in terms of dissimilarities
[Orozco-Alzate and Castellanos-Dominguez, 2007]]
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Generalization of dissimilarity o ..per200r
representations using feature lines

Solve for h:
A: \/s(s—djk.)(s—dz-j)(s—dik), A: 2 ;
where s = (d]k + dij + dzk)/Q

. -
z1 [ di1  di2 diz - dlnL \
To| do1  doo  daz -+ doy,

Di(T,Rr) = x3| ds1 dsa dsz -+ dsn, |,
ZUN\ dy1 dn2 dns - dNnL)

where d;, = Dr(x;, Li).

The number of lines increases combinatorially!: selection of
feature lines based on a simple criterion
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Length based selection criterion  _,...c 2007

e Ranking all the feature lines according to their length (d; ;)

e Decide if a feature line is included in R;, or not according
to that criterion

e Ascending method: initial representation set is the the
shortest feature line. Then, the second shortest one is
added and so on

e Descending method: Reverse case of te ascending method

Just a few long feature lines are needed to describe correlated
(elongated) data sets [Orozco-Alzate et al., 2007]
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Length based selection criterion  _,...c 2007

Hypothesis: Middle-length feature lines might be better to
describe slightly non-linear subspaces, i.e. curved manifolds.

Method :

e Start the selection in the middle of the ranking.

e Include in R, the feature line exactly placed in in the
middle of the sorted list.

o take feature lines placed at its left and right sides
alternately.

{

Piece-wise description!
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(a) Wine data set (b) Laryngeal data set

Figure 1: Scatter plots using a classical multidimensional scaling
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(a) Rotated machine-printed (b) Scatter plot using classical
digits MDS

(c) Rotated handwritten digits (d) Scatter plot using classical
MDS

September 2007

Figure 2: Digits ‘3’ and ‘8’ rotated (a)-(b) between —90° and 90° with

steps of 3° and (c)-(b) between —60° and 60° with steps of 10°
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e Maximum number of prototypes considered: r. = 15.

e Total number of feature lines: 315 (Wine, three-class
problem) and 210 (other two-class data sets).

e For each repetition, a new representation set R is randomly
chosen.

e The best results, that we used as a reference (horizontal
line), do not necessarily correspond to the case R = T.

e Regularized linear Bayesian classifier (BayesNL): regularization
parameter A = 0.01
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BayesNL classifier in GDS outperforms both the 1-NN rule
and the BayesNL in DS for the Wine and Laryngeal data
sets

For the digit recognition problems, the NFL rule
outperforms the dissimilarity-based classifiers as well as
the 1-NN rule

The benefit of using the middle-length feature lines, is
consistently observed (solid curves are mostly below the
dotted ones)

Feature lines for deal better with non-scaled data (Wine
data set)
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e Middle-length feature lines are beneficial for the NFL rule
while the longest lines provide a better description for the
BayesNL classifier (Laryngeal)

e Few middle-length feature lines may describe curved
subspaces better than a small number of the longest
feature lines

e The middle-length feature lines may provide a better
piecewise description of the structure of the data because
they are less likely to cross the territory of the other class
than the longest feature lines.

Contact:

M. Orozco-Alzate http://orozco.co.nr/

R.PW. Duin http://www-ict.ewi.tudelft.nl/"duin/
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