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Abstract. We propose a learning framework to address multiclass chal-
lenges, namely visualization, scalability and performance. We focus on
supervised problems by presenting an approach that uses prior informa-
tion about training labels, manifold learning and support vector
machines (SVMs).

We employ manifold learning as a feature reduction step, nonlinearly
embedding data in a low dimensional space using Isomap (Isometric Map-
ping), enhancing geometric characteristics and preserving the geodesic
distance within the manifold. Structured SVMs are used in a multiclass
setting with benefits for final multiclass classification in this reduced
space. Results on a text classification toy example and on ISOLET, an
isolated letter speech recognition problem, demonstrate the remarkable
visualization capabilities of the method for multiclass problems in the
severely reduced space, whilst improving SVMs baseline performance.

1 Introduction

Multiclass learning is the problem of assigning labels to instances where the
labels are drawn from a finite set of elements and is being increasingly required
by modern applications, such as text classification, protein function classification,
speech recognition, music categorization and semantic scene classification. The
most common approach to such problems is to build upon classification learning
algorithms for binary problems, i.e. problems in which the set of possible labels
is of size two. Among these algorithms, support vector machines (SVMs) are
accepted as one of the best performing methods in many domains [12]. When
applied to multiclass classification, SVMs are mostly used in their binary version,
by reducing a single multiclass problems into multiple binary problems. For
instance, a common method is to build a set of binary classifiers where each
classifier distinguishes between one of the labels to the rest [3].

The alternative explored in this work is to make use of structured SVMs [4]
and cast them to solve multiclass classification problems. The rationale is that
having a tool that handles structured outputs, such as graphs or trees, it is
possible to build a multiclass classifier [5].

In multiclass classification the challenges are numerous. Feature selection and
dimensionality reduction methods must take into account the relevance of fea-
tures not only to a particular class, as in the binary setting, but to their impact
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on all classes. Initial feature selection and dimensionality reduction are usually
carried out in the feature space as a pre-processing step. Several supervised
and unsupervised techniques can be applied. Manifold learning strategies, like
Isomap (Isometric Mapping) [6], are effective for extracting nonlinear structures
from high-dimensional data in pattern recognition [7]. Finding the structure
behind the data may be important for a number of reasons, such as data visual-
ization and performance improvement. Graphical depiction of the training and
testing sets can potentially be crucial in multiclass applications, since it makes
possible to quickly give large amounts of information to a human operator [§].
To this purpose it is appropriately assumed that the data lies on a statistical
manifold, or a manifold of probabilistic generative models [9]. It can be regarded
as a supervised learning method, where the training labels play a central role.
In such a scenario, manifold learning can be used not only with the tradition-
ally associated algorithms, such as K-Nearest Neighbors (K-NN), but also with
state-of-the-art kernel-based machines like support vector machines (SVMs) [I].

In this contribution we extend previous work by the authors [I0], general-
izing its application to multiclass problems. Specifically, we propose the use of
manifold learning, with a Isomap based nonlinear algorithm that uses training
label information in the dimensionality reduction step, combined with structured
multiclass SVMs based on structured SVMs.

The rest of the paper is organized as follows. In the next section, we set the
foundations and background for multiclass problems and for the multiclass sup-
port vector machines (SVMs) approach. In Section [B, we introduce manifold
learning as a supervised dimensionality reduction method. In Section @l we in-
troduce our approach for the use of manifold learning in multiclass problems,
with an Isomap-based nonlinear dimensionality reduction algorithm combined
with multiclass SVMs. Experiments and results are described and analyzed in
Section Bl Finally, Section [6] addresses conclusions and future work.

2 SVM Multiclass Classification

SVMs are inherently two-class classifiers. The most common technique to im-
plement SVM multiclass classification with |C| classes in practice has been to
build |C| one-versus-rest classifiers (commonly referred to as one-versus-all),
and to choose the class that classifies the test datum with greatest margin. An-
other strategy is to build a set of one-versus-one classifiers, and to choose the
class that is selected by the most classifiers. Although this involves building
IC|(IC| — 1)/2 classifiers, the time for training classifiers may actually decrease,
because the training data set for each classifier is much smaller.

However, these are not very elegant approaches to solving multiclass problems.
A better alternative is provided by the construction of multiclass SVMs, where
we build a two-class classifier over a feature vector @(x,y), derived from the pair
consisting of the input features (x) and the class of the datum (y). At test time,
the classifier chooses the class

y = arg max,, w’ &(x,y). (1)

Y

where w represents the set of weights that defines the learning machine. The
margin during training is the gap between this value for the correct class and for
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the nearest other class, and so the quadratic program formulation will require
that

ViVysty, WO(Xi, yi) — WO(x4,y) > 1 =&, (2)

This general method can be extended to give a multiclass formulation of vari-
ous kinds of linear classifiers. It is also a simple instance of a generalization of
classification where the classes are not just a set of independent, categorical la-
bels, but may be arbitrary structured objects with relationships defined between
them, usually referred to as structured SVMs.

The algorithm used in this contribution, described in [4], is based on Struc-
tured SVMs [B]. It can implement the conventional winner-takes-all (WTA)
multiclass classification described in [3]. It learns mappings involving complex
structures in polynomial time. A possible application, pertinent to our work is
multiclass classification. The multiclass task is tackled by generalizing large mar-
gin methods to the broader problem of learning structured responses. The naive
approach of treating each structure as a separate class is often intractable, since
it leads to a multiclass problem with a very large number of classes. This prob-
lem is surpassed specifying discriminant functions that exploit the structure and
dependencies within the set of classes C. SVM multiclass uses an algorithm that
is different from the one in [3]. It follows the work of Collins [II] on perceptron
learning with a similar class of discriminant functions.

Let C = {y1,...,yx } be the set of classes and w = (v],...,v},)’ be a stack of
vectors, where vy, is a weight vector associated with the kth class yi. Following
Crammer and Singer [3], one can then define F(x, yi; W) =< vi, P(x) >, where
&(x) denotes an arbitrary input representation. These discriminant functions can
be equivalently represented by defining a joint feature map as follows ¥(x,y) =
&(x) ® A°(y). Here A€ refers to the orthogonal (binary) encoding of the label y
and ® is the tensor product which forms all products between coefficients of the
two argument vectors.

3 Manifold Learning

Many approaches have been proposed for dimensionality reduction, such as the
well-known methods of principal component analysis (PCA) [12], independent
component analysis (ICA) [I3] and multidimensional scaling (MDS) [14]. All
these methods are well understood and efficient and have thus been widely used
in visualization and classification. Unfortunately, they share a common inherent
limitation: they are all linear methods while the distributions of most real-world
multiclass data problems are nonlinear.

An emerging nonlinear dimensionality reduction technique is manifold lear-
ning, which is the process of estimating a low-dimensional structure which un-
derlies a collection of high-dimensional data. Manifold learning can be viewed as
implicitly inverting a generative model for a given set of observations [15]. Let Y’
be a d dimensional domain contained in a Euclidean space R?. Let f : Y — RP
be a smooth embedding for some D > d. The goal of manifold learning is to
recover Y and f given N points in RP. Isomap [6] provides an implicit de-
scription of the mapping f (or f~'). Given X = {x; € R”|i = 1...N} find



Improving Visualization, Scalability and Performance of Multiclass Problems 373

Y = {y; € R%i =1...N} such that {x; = f(y;)|i = 1... N}. Without impos-
ing any restrictions of f, the problem is ill-posed. The simplest case is a linear
isometry, i.e. f is a linear mapping from R? — R”, where D > d.

In Isomap [6] the local neighborhood of each example is preserved, while trying
to obtain highly nonlinear embeddings with manifold learning. For data lying on
a nonlinear manifold, the true distance between two data points is the geodesic
distance on the manifold, i.e. the distance along the surface of the manifold,
rather than the straight-line Euclidean distance. The main purpose of Isomap
is to find the intrinsic geometry of the data, as captured in the geodesic man-
ifold distances between all pairs of data points. The approximation of geodesic
distance is divided into two cases. In the case of neighboring points, Euclidean
distance in the input space provides a good approximation to geodesic distance.
In the case of faraway points, geodesic distance can be approximated by adding
up a sequence of short hops between neighboring points. Isomap shares some
advantages with PCA and MDS, such as computational efficiency and asymp-
totic convergence guarantees, but with more flexibility to learn a broad class of
nonlinear manifolds. The Isomap algorithm takes as input the distances d(x;,x;)
between all pairs x; and x; from N data points in the high-dimensional input
space. The algorithm outputs coordinate vectors y; in a d-dimensional Euclidean
space that best represent the intrinsic geometry of the data. Isomap is accom-
plished following these steps:

Step 1. Construct neighborhood graph: Define the graph G over all data points
by connecting points x; and x; if they are closer than a certain distance
g, or if x; is one of the K nearest neighbors of x;. Set edge lengths equal
to d(Xi7 Xj).

Step 2. Compute shortest paths: Initialize de (%, x;) = d(x;, x;) if x; and x; are
linked by an edge; dg(x;,x;) = 400 otherwise. Then for each value of
k=1,2,...,N in turn, replace all entries d¢(x;,x;) by min{da(x;,x;),
de(xi,xi) + da(xk, x;)}. The matrix of final values D¢ = {da(xi,x;)}
will contain the shortest path distances between all pairs of points in G.

Step 3. Apply MDS to the resulting geodesic distance matrix to find a
d-dimensional embedding.

This is an unsupervised procedure and constitutes a preprocessing step for classi-
fication. Basically it performs a transformation from a high dimensional input
data space into a lower dimensional feature space. Then a classifier, for instance,
K-NN can be applied to the resulting data. However, the mapping function given
by Isomap is only implicitly defined. Therefore, it should be learned by nonlinear
interpolation techniques, such as generalized regression neural networks, which
can then transform the new test data into the reduced feature space before
prediction.

3.1 Supervised Isomap
In the supervised version of Isomap [I6], the information provided by the train-

ing class labels is used to guide the procedure of dimensionality reduction. The
training labels are used to refine the distances between inputs. The rationale is
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that both classification and visualization can benefit when the inter-class dissim-
ilarity is larger than the intra-class dissimilarity. However, this can also make
the algorithm overfit the training set and can often make the neighborhood
graph of the input data disconnected. To achieve this purpose, the Euclidean
distance d(x;,x;) between two given observations x; and x;, labeled y; and y;
respectively, is replaced by a dissimilarity measure [16]:

Vice o

—e y Yi = Y5,

D(X’HX]) = \/ 7d2(xi,x]‘) Z ' (3)
€

v Y F Y

Note that the Euclidean distance d(x;,x;) is in the exponent and the parameter
«v is used to avoid that D(x;, x;) increases too rapidly when d(x;, x;) is relatively
large. Hence, v depends on the density of the data set and is usually set to the
average Euclidean distance between all pairs of data points. On the other hand,
« gives a certain possibility to points in different classes to be closer, i.e. to
be more similar, than those in the same class. This procedure allows a better
determination of the relevant features and will definitely improve visualization.

4 Proposed Approach

In this section, we propose a learning framework to address multiclass prob-
lems. We propose the combination of manifold learning as a feature reduction
step, that increasing scalability, also promotes visualization and performance
potentialities.

We start by using manifold learning to construct a reduced representation of
the input space. As detailed in Section [B] we use a nonlinear embedding of data
in a low dimensional space constructed with the supervised version of Isomap
(Isometric Mapping) [I6], enhancing geometric characteristics and preserving the
geodesic distance within the manifold. Therefore, we use the multiclass training
labels in the datasets to provide a better construction of features. We further
apply the dissimilarity measure (B]) to enhance the baseline Isomap Euclidean
distance using label information, with « taking the value of 0.65 and ~ the
average Euclidean distance between all pairs of training data points.

When a reduced space is reached, our aim is to learn a linear-kernel structured
multicass SVM [5] that can be applied in unseen examples. For testing, however,
Isomap does not provide an explicit mapping of documents. Therefore we can not
generate the test set directly, since we would need to use the labels. Hence, we use
a generalized regression neural network (GRNN) [I7] with a 0.95 spread to learn
the mapping and apply it to each test document, before the SVM prediction
phase, as can be gleaned from Figure[Il that summarizes the proposed approach.
In the training phase the supervised Isomap procedure, that runs on features
and label training instances, is captured by the GRNN using only the features.
Furthermore, the reduced featured space (]Rd) is the place for the SVM multiclass
modeling. When a new testing instance is to be classified, the GRNN maps it
from R” to R? and the SVM multiclass linear-kernel model predicts the class.
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Fig. 1. Proposed approach: SIsomap+SVM

5 Experimental Setup

This section presents the conducted experiments and obtained results. First
datasets and performance criteria are defined, then experiments and results are
presented and analyzed.

5.1 Datasets

We have used two different multiclass datasets: a text classification toy exampld]
and ISOLET, an isolated letter speech recognition problem form UCHE.

The toy example consists of 7 classes and 2300 examples, divided in 300
training examples and 2,000 testing examples.

ISOLET task is to predict which letter-name was spoken, resulting in a 26-
class problem. To generate this dataset, 150 subjects spoke the name of each
letter of the alphabet twice. Hence, there are 52 training examples from each
speaker. The 617 features are described in [I8] and include spectral coefficients,
contour features, sonorant features, pre-sonorant features, and post-sonorant
features. The examples are split into 6,238 training examples and 1,559 testing
examples, both with balanced class cardinality.

5.2 Performance Metrics

In multiclass problems the common performance metric is the global error, given
by the percentage of wrongly classified testing instances, regardless of the incor-
rectly classified category or magnitude of the error.

However, the independent performance of each class is also very important.
Therefore, in addition to the global error measure, we also present the error rate
and F} performances per class. To evaluate each class performance, we first define

! http://www.cs.cornell.edu/People/tj/svm light/svm multiclass.html
% http://archive.ics.uci.edu/ml/datasets/ISOLET
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Table 1. Contingency table for binary classification

Class Positive Class Negative
Assigned Positive a b

(True Positives) (False Positives)
Assigned Negative c d

(False Negatives) (True Negatives)

a contingency matrix representing the possible outcomes of the classification, as
shown in Table[I]

Several measures have been defined based on this contingency table, such
as, error rate (a+2ii+d), recall (R = _%,), and precision (P = _{ ), as well as
combined measures, such as, the van Rijsbergen Fjg measure [19], which combines

2
recall and precision in a single score, Fg = 8 ﬁill’)fRX R The F1 measure was

chosen since it permits the identification of misclassifications even when a class
has few positive examples, detecting deceiving low error rates situations.

5.3 Results and Analysis

Table (2] presents the comparison of global error measures between the baseline
multiclass SVM and the proposed approach for both datasets. The feature re-
duction was from 47 to 10 features for Toy dataset and from 617 to 200 for
ISOLET dataset. In the case of ISOLET, to speed the training procedure, of
the 6,238 training examples, only 2,500 were used, maintaining balanced class
cardinality.

The overall trend is that the proposed manifold multiclass SVM approach
surpasses the baseline setting by around 10% and 7% for the Toy dataset and
ISOLET dataset respectively (see Table [2]).

Figure 2 represents the error rate and F; measures for each individual class of
the two datasets. The error rates are seamlessly low, while the F} performances
are more diverse. Nevertheless, the averaged values for error rates for the pro-
posed approach improve the baseline measures: from 13.90% to 10.67% for the
Toy dataset and from 1.51% to 0.96% for the ISOLET dataset. Regarding Fy
performance the values vary between the different classes, but the tendency is
similar, i.e. the averaged performance values also present an improvement when
using the proposed approach: from 11.49% to 34.46% for the Toy dataset and
from 79.15% to 87.44% for the ISOLET dataset.

The most impressive result is achieved in visualization properties of the pro-
posed method. As can be gleaned from Figs. [3land @, in the initial representation
the first ten classes of ISOLET (letters a to j) are not distinguishable, while in

Table 2. Global multiclass error

SVM Proposed approach
Toy 48.65% 38.55%
ISOLET 19.63% 12.44%
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Fig. 2. Performance measures per class for: (a) Toy dataset; (b) ISOLET dataset

(a) Before manifold learning.

0.35 fr [1
33

4

5@

(b) After manifold learning.

Fig. 3. Training examples of ISOLET 10 first letters
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Fig. 4. Testing examples of ISOLET 10 first letters

the manifold representation the ten letters are almost perfectly distinct. Illustra-
tion of the 26 classes was attainable with similar results, but the outcome was
not graphically clear due to plotting limitations.

6 Conclusions

In this paper we proposed a framework to tackle multiclass problems. We use a
combination of a nonlinear dimensionality reduction preprocessing method and
structured multiclass SVMs.

We concluded that manifold learning, namely the supervised ISOMAP tech-
nique, efficiently captures the underlying structure of the data, preserving the
distances among data points in the original dimensional space. One of the main
achievements was the impressive graphical class separation that was possible in
the manifold. This result can prove to be very useful to transmit information and
confidence to a human user. Moreover, the use of structured multiclass SVMs
permitted a significant improvement in the performance of the final classifier in
the new reduced feature space.

Future work is foreseen in the refinement of the learning abilities and on the
exploitation of inter-class relationships in the dimensionality reduction step.
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