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Abstract. General dissimilarity-based learning approaches have been proposed
for dissimilarity data sets [1,2]. They often arise in problems in which direct com-
parisons of objects are made by computing pairwise distances between images,
spectra, graphs or strings.

Dissimilarity-based classifiers can also be defined in vector spaces [3]. A
large comparative study has not been undertaken so far. This paper compares
dissimilarity-based classifiers with traditional feature-based classifiers, including
linear and nonlinear SVMs, in the context of the ICPR 2010 Classifier Domains
of Competence contest. It is concluded that the feature-based dissimilarity space
classification performs similar or better than the linear and nonlinear SVMs, as
averaged over all 301 datasets of the contest and in a large subset of its datasets.
This indicates that these classifiers have their own domain of competence.

1 Introduction

Pairwise dissimilarities constitute a natural way to represent objects. They may even
be judged as more fundamental than features [4]. Vector spaces defined by pairwise
dissimilarities computed between objects like images, spectra and time signals offer an
interesting way to bridge the gap between the structural and statistical approaches to
pattern recognition [1,2]. Structural descriptions may be used by the domain experts
to express their specific background knowledge [5,6]. Such descriptions often rely on
graphs, strings, or normalized versions of the raw measurements, while maintaining the
object connectivity in space, frequency or time. A well chosen dissimilarity measure is
used to compare objects to a fixed set of representation objects. Such dissimilarity vec-
tors construct a vector space, the so-called dissimilarity space. Traditional classifiers,
designed for feature spaces, can be constructed in the dissimilarity space.

This dissimilarity approach may also be used on top of a feature representation [3].
It offers thereby an alternative to kernel approaches based on similarities. Dissimilarity
measures are more general than kernels. The later have to obey the Mercer condition so
that the implicit construction of classifiers, such as Support Vector Machine (SVM), can
be possible in the related kernel spaces. The dissimilarity approach has the advantage
that any measure can be used as well as any classifier that works in vector spaces.

It is the purpose of this paper to present a large scale comparison between traditional
classifiers built in a feature vector space and some appropriate classifiers built in the

D. Ünay, Z. Çataltepe, and S. Aksoy (Eds.): ICPR 2010, LNCS 6388, pp. 46–55, 2010.
c© Springer-Verlag Berlin Heidelberg 2010



Feature-Based Dissimilarity Space Classification 47

dissimilarity space defined over the original feature space. This dissimilarity space is
built by the Euclidean distances to the set of chosen representation objects. The dimen-
sion of the space equals the size of the representation set. Various studies are available
on the selection of this set out of the training set [7,8] and classification results depend
on such a selection procedure. To simplify our experiments we will restrict ourselves to
representation sets that are equal to the training set. It means that the number of training
objects is identical to the dimension of the space. Consequently, we focus on classifiers
in the dissimilarity space that can handle this situation.

2 The Dissimilarity Representation

The dissimilarity representation has extensively been discussed, e.g. in [1] or [9], so we
will only focus here on some aspects that are essential for this paper.

Traditionally, dissimilarity measures were optimized for the performance of the near-
est neighbor rule. In addition, they were also widely used in hierarchical cluster anal-
ysis. Later, the resulting dissimilarity matrices served for the construction of vector
spaces and the computation of classifiers. Only more recently proximity measures have
been designed for classifiers that are more general than the nearest neighbor rule. These
are usually similarities and kernels (but not dissimilarities) used in combination with
SVMs. So, research on the design of dissimilarity measures such that they fit to a wide
range of classifiers is still in an early stage. In this paper we focus on the Euclidean
distance derived in the original feature space. Most traditional feature-based classifiers
use the Euclidean distance measure in one way or the other as well. It is our purpose
to investigate for which datasets such classifiers can be improved by transforming the
feature space into a dissimilarity space, both relying on the same Euclidean distance.

Given a set of pairwise dissimilarities between all training objects, the so-called dis-
similarity matrix, we studied two ways of constructing a vector space [1]: the postu-
lation of a dissimilarity space and a (pseudo-Euclidean) embedded space. Because the
dissimilarity matrix we compute here is the Euclidean distance matrix in the feature
space, the resulting embedded space is the original feature space. Therefore, we will
just deal with the dissimilarity space, which is introduced now more formally.

2.1 Dissimilarity Space

Let X = {o1, . . . ,on} be a training set of objects oi, i = 1, . . . ,n. In general, these are
not necessarily vectors but can also be real world objects or e.g. images or time signals.
Given a dissimilarity function and/or dissimilarity data, we define a data-dependent
mapping D(·,R) : X → R

k from X to the so-called dissimilarity space [10,11,12].
The k-element set R consists of objects that are representative for the problem. This
set, the representation or prototype set, may be a subset of X . In the dissimilarity
space each dimension D(·, pi) describes a dissimilarity to a prototype pi from R. Here,
we will choose R := X . As a result, every object is described by an n-dimensional
dissimilarity vector D(o,X ) = [d(o,o1) . . . d(o,on)]T , which is a row of the given
dissimilarity matrix D. The resulting vector space is endowed with the traditional inner
product and the Euclidean metric. Since we have n training objects in an n-dimensional
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space, a classifier such as SVM is needed to handle this situation. Other solutions such
as dimension reduction by PCA or prototype selection are not considered here with one
exception, i.e. the use of a representation set, randomly selected out of the training set
and consisting of 20% of the training objects. We will then compare classifiers built in
complete dissimilarity spaces with classifiers built in the reduced spaces (defined over
smaller representation sets), yielding five times as many objects as dimensions.

Since the dissimilarity space is defined by the Euclidean distance between the objects
in the feature space and, in addition, we also use Euclidean distance over the dissimi-
larity space, it can easily be shown that asymptotically (for growing representation sets
and training sets) the nearest neighbors in the dissimilarity space are identical to the
nearest neighbors in the feature space. This does not hold, however, for finite sets. This
is an advantage in case of noisy features: nearest neighbors in the dissimilarity space
are more reliable than in the feature space because noise is reduced by averaging in the
process of computing distances.

2.2 Feature-Based Dissimilarity Space Classification

Feature-based Dissimilarity Space (FDS) classification is now defined as follows:

1. Determine all pairwise distances as an n× n dissimilarity matrix D between the n
objects in the training set X = {o1, . . . ,on}. Di j is the Euclidean distance between
the i-th and j-th objects.

2. Define the dissimilarity space as a Euclidean vector space X by X = D. Hereby, an
i-th object is represented by a dissimilarity vector of the Di j-values, j = 1, . . . ,n.

3. Train classifiers on the n training objects represented in the n-dimensional dissimi-
larity space.

4. Test objects are represented in the dissimilarity space by their Euclidean distances
to the objects in the training set and applied to the trained classifier in this space.

Traditional classifiers can now be used as FDS classifiers. We will study three classifiers
here: the (pseudo-)Fisher linear discriminant, the logistic classifier and linear SVM.
Concerning computational effort, the dimensionality is increased to the feature size n.
In particular, the Fisher discriminant may suffer from this as it relies on the inverse of
an n×n covariance matrix.

In order to illustrate some properties of FDS classification on a two-dimensional
spiral dataset we compare two classifiers: an optimized radial basis SVM computed in
the feature space (implicitly in the radial basis kernel space) and a Fisher discriminant
in the dissimilarity space; see Figure 1. The later classifier is overtrained and results in
a hyperplane having exactly the same distances to all objects in the training set. This
works out such that in the feature space the distances to the most neighboring objects
are still about equal on all positions of the spiral. This does not hold for SVM whose
constant kernel is too narrow on the outside of the spiral and too large in the center.

3 Observations on the Datasets

We use the ICPR2010 Landscape contest for a systematic comparison with a set of other
classifiers of the 301 contest datasets. All but one datasets are just two class problems.
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Fig. 1. A spiral example with 100 objects per class. Top row shows the complete data sets, while
bottom row presents the zoom of the spiral center. 50 objects per class, systematically sampled,
are used for training. The middle column shows the training set and the SVM with an optimized
radial basis function; 17 out of 100 test objects are erroneously classified. The right column
shows the Fisher linear discriminant (without regularization) computed in the dissimilarity space
derived from the Euclidean distances. All test objects are correctly classified.

They are either 8-dimensional or 20-dimensional and the class sizes vary between 5 and
938. The largest dataset has 20 classes in 20 dimensions and has almost 10000 objects.
We observe that a small amount of artificial noise has been added in a number of cases.
A two-dimensional linear subspace obtained by 2-dimensional PCA is informative for
a number of datasets. As we intend to compare a large set of classifiers we restrict
ourselves by some choices.

1. No feature scaling is included. This would be profitable for about 100 datasets, but
it would double the set of experiments to be run with and without feature scaling.
For other datasets feature scaling would also emphasize the artificially added noise.

2. Since many classifiers cannot be directly applied to the set of 10000 objects, the
following scheme has been followed:

(a) The 65 datasets with more than 500 objects are split at random in equally sized
subsets smaller than 500.

(b) For each of these subsets a version of the particular classifier is trained obtain-
ing either posterior probabilities or class confidences in the [0,1] interval.

(c) During classification these base classifiers are combined by the sum rule.

3. Class sizes can be very skewed. It is assumed that the observed class frequencies
are representative for the test sets. So no corrections are made for the skewness.
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4. Due to a large set of datasets we skip very time consuming snd advanced classifiers
such as adaboost, neural networks and SVMs with kernels optimized by grid search.

5. Instead of a grid search we use ’smart’ choices for the regularization parameter
of the SVMs and the choice of the kernels. This will not directly influence our
conclusions as we use the same SVM procedures in the feature space as well as in
the dissimilarity space.

6. We also include one classifier in the 2D PCA space as good results are achieved in
2D subspaces for some datasets. This would not be an obvious choice for general
problems but it seems appropriate in the setting of artificially generated datasets.

4 Experiments

We train all classifiers by 10-fold cross-validation. The total execution time is about five
days. The results of our experiments are presented in Table 1. The classifiers are:

1-NN, the 1-nearest neighbor rule.
k-NN, the k-nearest neighbor rule. k is optimized by LOO (Leave-One-Out)

cross-validation over the training set.
ParzenC, densities estimated by a single Parzen kernel. Its width is optimized by LOO

cross-validation over the training set.
ParzenD, densities estimated by different Parzen kernels per class, using an

ML-estimator for the kernel width. The variances of the kernels are for every
dimensions proportional to the corresponding class variances.

Nearest Mean, the nearest mean classifier.
UDA, uncorrelated discriminant analysis assuming normally distributed classes with

different diagonal covariance matrices. This routine is similar to the so-called
Gaussian Naive Bayes rule.

LDA, linear discriminant analysis assuming normally distributed classes with a
common covariance matrix for all classes.

QDA, quadratic discriminant analysis assuming normally distributed classes with
different covariance matrices.

Naive Bayes, using histogram density estimates with 10 bins per feature.
Logistic, linear logistic classifier.
FDS-0.2-Fish, feature-based dissimilarity space classifier, using randomly selected

20% of the training set for representation and the Fisher discriminant for
classification.

FDS-Fish, FDSC using the (pseudo-)Fisher discriminant for classification. For a com-
plete dissimilarity space whose dimension is equal to the size of the training set,
first the null-space is removed and then the linear classifier is constructed that
perfectly separates the classes in the training set. This classifier is overtrained in
comparison to a linear SVM as it uses all objects as ’support’ objects.

FDS-Logistic, FDSC using the linear logistic classifier. Similarly to the (pseudo-)
Fisher rule, this classifier is overtrained in the complete dissimilarity space.

FDSC-C-SVM, FDSC using the C-SVM rule to compute a linear classifier. The value
of C is set to 1 and is rather arbitrary.
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Table 1. The averaged results per classifier: the mean classification error, the number of times the
classifier is the best and the average classifier rank

Mean error # Best Scores Mean rank
1-NN 0.204 6.0 13.7
k-NN 0.165 12.5 8.6
ParzenC 0.172 13.0 9.6
ParzenD 0.209 6.0 12.7
Nearest Mean 0.361 1.0 16.8
UDA 0.168 43.0 10.4
LDA 0.202 16.5 9.6
QDA 0.216 1.0 12.0
NaiveBayes 0.162 30.0 9.3
Logistic 0.204 13.5 10.4
FDS-0.2-Fish 0.191 7.5 12.1
FDS-Fish 0.162 9.0 8.5
FDS-Logistic 0.157 11.0 7.8
FDS-C-SVM 0.170 13.0 8.1
FDS-ν-SVM 0.159 8.0 7.1
PCA2-FDS-Fish 0.143 70.5 7.7
C-SVM 0.195 12.0 8.5
ν-SVM 0.208 12.5 9.8
RB-SVM 0.160 15.0 7.3

FDSC-ν-SVM, FDSC using the ν-SVM rule to compute a linear classifier. ν is esti-
mated from the class frequencies and the LOO 1-NN error. This error serves as an
estimate of the number of support objects. It is corrected for the sometimes very
skewed class frequencies.

PCA2-FDSC-Fish, the feature space is first reduced to two dimensions by PCA. This
space is converted to a dissimilarity space, in which the (pseudo-)Fisher discrimi-
nant is computed.

C-SVM, C-SVM in a feature space with C = 1.
ν-SVM, the ν-SVM rule described above, now in a feature space.
RB-SVM, the radial basis SVM using an estimate for the radial basis function based

on the Parzen kernel as found by ParzenC. As a ’smart’ choice we use five times the
width of the Parzen kernel as found by ParzenC and the ν-SVM rule as described
above.

All experiments are performed by PRTools [13]. The LIBSVM package is used for
training SVM [14]. All classifiers in the dissimilarity space are linear, but they corre-
spond to nonlinear classifiers in the original feature space thanks to the nonlinearity of
Euclidean distance. All other classifiers are computed in the original feature space.

The best classifier, PCA2-FDSC-Fish, makes use of the analyst observation that a
number of datasets is in fact just 2D. If we abstain from this classifier then still the
dissimilarity-based classifiers perform very well, comparable or better than the radial
basis SVM. A plausible explanation is that FDSC can be understood as a SVM with
a variable kernel as illustrated in Section 2. It has, however, the disadvantage that the
linear classifier in the dissimilarity space still depends on all objects and is not restricted
to a set of support objects. It may thereby be outlier sensitive.
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Fig. 2. Dendrogram

The classification of the test sets in the competition is based on the best classifier per
dataset determined by the 10-fold cross-validation experiments. This classifier is trained
by the entire training set. The performance of this classification rule can be estimated
by the average of the minimum cross-validation error per dataset (of the best classifier
for that dataset). This appears to be 0.106. This number is optimistically biased as it
is based on the minima of 19 stochastic numbers. A better estimate would demand an
additional 10-fold cross-validation loop over all classifiers. This would have increased
the computation time to about 50 days. The meaning of such error estimates is of course
very limited. It is an estimate of the expected error of the best classifier found by 10-
fold cross-validation for a new dataset randomly selected out of the same distribution
of datasets that generated the set used in contest.

We applied a cluster analysis to the 19×301 matrix of all classification errors in order
to obtain a better view of the similarities of the various classifiers (as seen through the
eyes of the set of contest datasets). In Figure 2 the dendrogram is shown resulting from
a complete linkage cluster procedure. A number of obvious relations can be observed:
k-NN and ParzenC, or the linear classifiers group (LDA, logistic and linear SVMs). The
various FDS classifiers constitute a group with the RB-SVM, which make sense as all
are nonlinear classifiers in the feature space.

5 Discussion

Our experiments are run on the set of contest datasets. The results show that the best
linear classifiers in the dissimilarity space (FDSC-ν-SVM) perform overall better than
the linear as well as nonlinear SVM in the feature space. This result is of minor interest
as it depends on the distribution of datasets in the contest. One should realize that for
any classification rule, datasets can be either found or constructed for which this rule
outperforms all other rules. As each classifier relies on assumptions, estimators or ap-
proximations, a dataset for which these are exactly fulfilled is an ideal dataset for that
classifier.
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Table 3. Rank correlations of the classification errors for the most characteristic datasets
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UDA -0.3 -0.5 -0.3 -0.4 0.1 1.0 0.1 0.5 0.2 0.3 0.0 -0.3 -0.3 -0.3 -0.2 -0.1 0.2 0.1 0.1
LDA -0.5 -0.1 -0.5 -0.3 0.3 0.1 1.0 -0.3 -0.1 0.8 -0.2 -0.4 -0.5 -0.2 0.0 -0.5 0.7 0.6 0.2
QDA -0.1 -0.1 -0.2 -0.0 -0.2 0.5 -0.3 1.0 0.4 -0.1 0.0 -0.2 -0.0 -0.3 -0.3 0.1 -0.3 -0.2 0.0
NaiveBayes -0.0 -0.2 -0.2 0.0 0.2 0.2 -0.1 0.4 1.0 0.1 -0.2 -0.5 -0.1 -0.0 -0.5 -0.0 -0.1 -0.1 -0.0
Logistic -0.5 -0.1 -0.5 -0.3 0.5 0.3 0.8 -0.1 0.1 1.0 -0.4 -0.6 -0.6 -0.2 -0.1 -0.4 0.6 0.7 -0.0
FDS-0.2-Fish -0.3 -0.1 0.3 -0.1 -0.3 0.0 -0.2 0.0 -0.2 -0.4 1.0 0.3 0.2 -0.1 -0.0 -0.2 0.1 -0.0 0.3
FDS-Fish 0.3 -0.0 0.1 0.2 -0.5 -0.3 -0.4 -0.2 -0.5 -0.6 0.3 1.0 0.7 0.3 0.1 0.4 -0.5 -0.6 -0.3
FDS-Logistic 0.7 -0.1 0.1 0.7 -0.6 -0.3 -0.5 -0.0 -0.1 -0.6 0.2 0.7 1.0 0.1 -0.2 0.3 -0.6 -0.9 -0.6
FDS-C-SVM -0.1 0.1 -0.3 -0.1 0.0 -0.3 -0.2 -0.3 -0.0 -0.2 -0.1 0.3 0.1 1.0 0.3 0.3 -0.1 -0.1 -0.2
FDS-ν-SVM -0.2 0.2 0.2 -0.5 -0.1 -0.2 0.0 -0.3 -0.5 -0.1 -0.0 0.1 -0.2 0.3 1.0 0.1 0.1 0.3 0.3
PCA2-FDS-Fish 0.3 -0.1 -0.0 -0.0 -0.1 -0.1 -0.5 0.1 -0.0 -0.4 -0.2 0.4 0.3 0.3 0.1 1.0 -0.6 -0.4 -0.4
C-SVM -0.7 -0.1 -0.3 -0.4 0.3 0.2 0.7 -0.3 -0.1 0.6 0.1 -0.5 -0.6 -0.1 0.1 -0.6 1.0 0.7 0.4
ν-SVM -0.7 0.1 -0.1 -0.6 0.4 0.1 0.6 -0.2 -0.1 0.7 -0.0 -0.6 -0.9 -0.1 0.3 -0.4 0.7 1.0 0.5
RB-SVM -0.4 -0.0 0.2 -0.4 0.1 0.1 0.2 0.0 -0.0 -0.0 0.3 -0.3 -0.6 -0.2 0.3 -0.4 0.4 0.5 1.0

On the basis of the above it is of interest to observe that all classifiers that we studied
here are the best ones for one or more datasets. This proves that the contest is sufficiently
rich to show the variations in classification rules that we applied. Simple rules like
Nearest Mean and 1-Nearest Neighbor are sometimes the best, as well as much more
advanced rules like the Radial Basis SVM and the dissimilarity space classifiers.

To make the analysis less dependent on the accidental collection of problems in the
contest, for every classifier we selected the dataset for which it is the best and for which
the second best classifier is most different. This set of 19 datasets, one for each classifier,
can be considered as a set of prototypical problems. Table 2 presents the 10-fold cross-
validation errors for these prototypical datasets. Table 3 shows the rank correlations
between the classifiers on the basis of the classification errors for these datasets.

In Table 2 the differences between the datasets can be clearly observed. A dataset
that might be judged as very simple is D116, as Nearest Mean is the best. Dataset
D291 is interesting as all linear classifiers fail and perform close to random, while UDA
(Naive Gaussian) is very good. Dataset D29 shows an almost random performance for
all classifiers and inspired us to include the two-dimensional subspace classifier PCA2-
FDS-Fish. We were somewhat disappointed by our ’smart’ choice for ν in the ν-SVM
classifier as it turned out to be very often worse than the C-SVM with the rather arbitrary
choice of C = 1. This holds both for feature spaces as well as dissimilarity spaces.

The similarities and dissimilarities between the classifiers can be better judged from
the rank correlations between the performances on the 19 prototypical datasets; see
Table 3. Strong positive correlations indicate similar classifiers, e.g. 1-NN and ParzenD,
LDA and Logistic or the two linear SVMs. Strong negative correlations can be observed
between the linear and nonlinear classifiers, e.g. the FDS classifiers in the dissimilarity
space. It is interesting that there is no correlation between the 1-NN and k-NN rules.
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6 Conclusions

We have presented a set of classifiers based on a dissimilarity representation built on
top of a feature representation. Linear classifiers in the dissimilarity space correspond
to nonlinear classifiers in the feature space. The nonlinearity has not to be set by some
kernel but results naturally from the object distances in the training set as they are used
for representation. Consequently, there are no parameters to be defined if classification
rules like the Fisher discriminant or the logistic classifier are applied. The contest shows
a large set of examples for which this classification scheme outperforms traditional
classifiers including linear and nonlinear SVMs.

Acknowledgments. We acknowledge financial support from the FET programme
within the EU FP7, under the SIMBAD project (contract 213250) as well as the En-
gineering and Physical Sciences Research Council in the UK.
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