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Abstract

This essay considers the topic \Explain how support vector machines
work and discuss their potential advantages and disadvantages for use in
speech pattern processing". Initially there is a discussion about the aims
of statistical learning, and how this motivates the design of support vector
machines. The advantages and disadvantages of using support vector machines for speech processing are discussed, incorporating a survey into the
state of the art of this technology and possible research directions.
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Introducing Support Vector Machines

1.1 Pattern Classi cation

The problem of pattern classi cation may be stated as follows. Suppose
that we take as input an observation (strictly, a statistic, as we are unlikely
to be able to capture all pertinent information). Suppose that we know
that our observation can be categorised into exactly 1 of n disjoint classes,
each having a probability distribution of class labels taken from l1 , ..., lm.
Normally the distribution will be a xed label for each class, with n = m.
The pattern classi cation problem is to estimate from which of the classes
our observation was taken.
Pattern classi cation is said to be performed by a classi er or classi cation machine. Classi ers may be parameterised, so that the exact
classi cation task which they perform may be altered. This means that,
by adjusting the parameters, classi ers may undergo statistical learning.
All classi ers considered in this essay, in particular the classi ers called
Support Vector Classi ers or Support Vector Machines (SVMs) will be of
this type.
With statistical learning techniques, we need some data with which to
adjust the parameters (train ) the classi er. This will consist of l observation, xi, i = 1; :::; l and an associated class label yi having values in flj g
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indicating the true class which the observation was drawn from. This data
will be referred to as the training set. In order to assess the e ectiveness
of the classi er, there will normally be a second set of data, the test set,
which in the same way consists of observation - label pairs, but here the
output of the classi er for a given observation will be compared with the
true class label speci ed in the data. Thus an estimate for the accuracy of
the classi er may be obtained.

1.2 Analysing Statistical Learning: Risk

Now let us formalise some of these concepts. Suppose that the observations
and class labels are drawn according to some distribution function P (x; y ).
We will make the simplifying assumption that there are only 2 classes, and
that the class labels are +1 and 1. Suppose that we have a machine which
we wish to train to learn the mapping xi 7! yi . The machine implements
the function f (x; ), where is the vector of parameters, and so can be
represented by this function. Note that we have assumed that the machine
is deterministic. A particular choice of results in a trained machine.
The expectation of the test error over all possible observations is called
the risk, expected risk, or actual risk [Burges, 1998], and can be expressed
as
Z
1 jy f (x; )jdP (x; y )
R( ) =
(1)
2
For a given training set we can compute the mean error rate, which we
will call the empirical risk. Recalling that there are l observations in the
training set, the de nition of empirical risk, Remp will be
l
X

Remp ( ) = 21l jyi f (xi; )j
i=1

(2)

where the quantity 21 jyi f (xi ; a)j is called the loss. Under our assumptions
the loss can only take the values 0 and 1.
In general, the actual risk may not determinable due to the requirement
of knowing the distribution function P . It is possible to put a bound on
R( ) [Vapnik & Cortes, 1995]. Take an  such that 0   < 1. Then with
probability 1  , the following holds:

R( )  Remp ( ) +

s

h(log( 2hl ) + 1) log( 4 ) 
l

(3)

where h is a non-negative integer called the Vapnik Cervonekis (VC) dimension, and will be discussed later; the second term on the right-hand
side of the equation is called the VC con dence. Notice that the right hand
side does not depend on P , and so, if we know h we can compute the upper
bound.
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1.3 Minimising Risk

It is clear that we wish to minimise the expected error of classi cation over
the possible observations, that is, we wish to minimise R( ). However, this
is not generally possible, as we can not compute R( ) directly. We can
however seek to minimise the bound on R( ), (3). In seeking to minimise
the bound, we hope to minimise the quantity that we have bounded.
In many cases the principle of empirical risk minimisation (ERM) is
employed [Gunn, 1998]. This uses Remp as an estimate of R, and thus
seeks to minimise the risk over the training set only. This technique may
be successfully employed for many types of classi cation machines. One
major diculty of this technique is over tting, or the lack of the ability
to generalise. For most non-trivial classi ers, the training set can only
be a (sparse) sample from the observation space. A classi cation machine
may be over-trained on the training data, so that accuracy on this data
is very high, but when presented with other data from the observation
space, the misclassi cation error is also high. In order to try to assess the
generalisation error, it is normal practice not to use a training and test
sets with large intersection.

1.3.1 Machine Capacity

The ability of a machine to learn a training set is called the capacity of the
machine. If the machine has insucient capacity to learn the training set,
then Remp can not diminish to zero; if the machine has a great capacity,
then the trained machine may be too closely modeled on the sample from
the observation space used to train it, and so will not generalise well. Thus
producing an optimum classi er should be a compromise between reducing
the empirical error and reducing in the capacity of the machine.
One metric for the capacity of the machine is the VC dimension, which
may be de ned (in the case where we only have two classes, with labels +1
and 1), as follows. Suppose we have a set of functions, S := ff (; )g.
Given l points in the observation space, these points can be labelled in
2l di erent ways. If, for each labelling of these points, a function can be
found in S such that it assigns the correct label to each point, then this
set of points is said to be shattered by the set of functions S . Now, for the
set of functions S , suppose that there is a positive integer h such that
1. there exists a set of h points from the observation space such that
the points are shattered by S, and
2. for any k such that k > h, there does not exist a set of k points from
the observation space that can be shattered by S .
Then h is said to be the Vapnik Chervonekis dimension. It can be seen
that the VC dimension has some correspondence with the ability of a set
of functions (or machines) to label (or learn) a training set.
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1.3.2 Structural Risk Minimisation

An alternative approach to ERM is given by structural risk minimisation,
which seeks to minimise both terms on the right-hand side of (3). Suppose
that we have the same set S. We can form a sequence of subsets of S,
S0  S1  S2  : : : , and thus form a sequence of monotonically increasing
positive integers, h0 , h1 , : : : , where hi is the VC dimension of Si . Then for
each subset, we can vary to produce a machine with minimal empirical
risk. We can then take the machine whose sum of empirical risk and VC
con dence is minimal.
It should be clear that this will minimise the bound on R( ), which
will hopefully minimise R( ). More intuitively, we are choosing a machine
that has sucient capacity to learn the training set, but suciently small
capacity to not over t to the training set, and hence will generalise well to
unseen data.

1.4 Linear Support Vector Machines For Linearly
Separable Data

Support Vector Machines are one method which nearly embody the principle of structural risk minimisation (actually data-sensitive SRM [Bartlett
& Shaw-Taylor, 1998]). In particular, it employs Occam's Razor [Vapnik &
Cortes, 1995]: keep Remp equal to zero, and minimise the VC con dence.
We here consider the simplest case, that of data that is linearly separable
into exactly two classes, labelled as 1 and +1. We also assume from here
on that given any observation x there is exactly one class label y to assign
to it. As the two classes are linearly separable, we can chose one of many
oriented hyperplanes to separate the two classes. As the hyperplanes are
oriented, given any observation we can determine which side of the hyperplane it is on, and thus assign the correct class label to the observation.
If we were employing the ERM principle, then any of these hyperplanes
would be equally good.
Intuitively, though, it is obvious that some hyperplanes are better than
others, in terms of their ability to generalise to unseen data, as illustrated
by gure 1. In particular, in the absence of information about the source
distribution, one would expect a hyperplane that is further away from the
training set data to generalise much better than one that comes close to
the training set points. De ne the margin to be the sum of the normal
distances to the hyperplane of the point in each class that is closest to the
hyperplane ( gure 1). Ideally we would wish to show that minimising the
margin minimises the VC dimension. This is not proven, but it is indicated
by the result [Vapnik & Cortes, 1995; Smith, 1998] that minimising the
margin minimises a bound on the VC dimension.
It may be noticed that only the observations closest in space to the
separating hyperplane a ect the choice of hyperplane. The other points
may be moved around (providing that they do not come nearer to the hy-
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Figure 1: Figure showing separating hyperplanes with (left) maximal and (right)
non-maximal margins
perplane than the closest points), or deleted, without a ecting the choice
of classi er (hyperplane). The vectors (observations) closest to the hyperplane are called the support vectors.

1.5 Non-Separable Case

In general, problems will not be linearly separable, and so it will be impossible for Remp to be made equal to zero. Additionally, advantages may
accrue from accepting some degree of misclassi cation error on the training set, in order to increase the ability of the network to generalise [Chin,
1998].
In the separable case, we rst minimised Remp and then maximised the
margin. We can allow some degree of error by including a cost function of
the number of errors; careful choice of this function will not (signi cantly)
increase the complexitity of the optimisation. We will assume that the
cost function is some suitable function, multiplied by a constant C , which
we can vary to set the penalty for errors. A high value of C will reduce
Remp , but increases the likelihood of over tting; low C will increase the
generalisation ability of the machine but will increase Remp [Smith, 1998].
Note that in this case many of the vectors in the training set may be
deleted or moved within the class without changing the hyperplane chosen;
those that may not be moved are still called support vectors, but the set
will not just consist of those along the margin [Smith, 1998].

1.6 Training SVMs

It is outside of the scope of this essay to consider the mathematics behind
SVM training in any detail; instead only the important points will be
noted, for more details see [Vapnik & Cortes, 1995; Burgess, 1998].

5

The equation of the separating hyperplane will be given by

w:x + b

= 0

(4)

where w is the normal to the hyperplane. Notice that (w; b) are only
speci ed up to a constant, so suppose that we chose w and b such that
the training data satis es the following constraints (the use of 1 as the
constant is arbitrary, but convenient)

w:xi + b 
w:xi + b 

+1 for yi = +1
1 for yi = 1

or equivalently
yi(w:xi + b)  1

(5)
(6)
(7)

So we classify an observation vector x according to the sign of w:x + b,
if the magnitude of the expression is less than unity, then the vector is in
the margin. It can be shown [Burgess, 1998] that the size of the margin
(which we wish to maximise) is 2=kwk, equivalently minimising kwk, or
kwk2. Hence, the minimisation task in the non-separable case is that of
minimising this, plus the cost function associated with the errors.
The mathematical task of minimisation subject to constraints is performed by the technique of Lagrange multipliers. The formalisation considered so far is suitable for the application of the technique in the separable
case, but requires some additional work in order to cope with the presence
of errors.
An error is e ectively a violation of the constraint (7). We do still wish
these constraints to be held as much as possible (with this de ned by the
cost function). Hence we can introduce, in the standard way, positive slack
variables, i , to allow the constraints to be weakened. We can rewrite the
combined constraint (7) as follows

yi (w:xi + b)  1 i;

i  0 8i

(8)

For a misclassi cation of vector xi to occur, the corresponding
slack variP
able i must have value greater than unity, hence  := i is an upper
bound on the number of errors in the training set, and so is suitable for use
as the parameter for the cost function. The optimisation problem is kept
suciently simple (is of the class [Burgess, 1998] of convex problems), for
integer powers of , with the multiplicative constant C . For a cost function
of C  or C 2, the problem reduces to that of the quadratic class.
Following the mathematics through [Vapnik & Cortes, 1995], it can be
shown that the solution is a linear combination of the support vectors, and
the support vectors are those such that i  1, or i = 0 and (8) holds
with equality [Smith, 1998].
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1.7 Feature Space

Suppose that our support vectors are s1, : : : , sns . As w can be expressed
as a linear combination of these, the classi cation formula can be rewritten
as follows
ns
X
i=1



iyi si :x + b

(9)

As the dot product is a linear operator in its rst term, we can rewrite the
equation
ns
X
i=1



iyi si:x + b

(10)

Thus, the evaluation only depends on the dot product of the observed
vector with each of the support vectors. It can also be shown [Burgess,
1998], that by solving the dual optimisation problem rather than the primal
problem in the Lagrangian, that the vectors in the training set only appear
in the presence of the dot product with another training set vector.
As training vectors and vectors to be classi ed only require a dot (inner ) product operation, it is sucient to require that they exist in a Hilbert
Space, H. This space need not be the input space, and is called the feature
space. Let  be a map from the observation space to the feature space,
and the SVM will be a linear classi er in this feature space.
There is no constraint on  to be linear. Hence, although the SVM will
be implementing a linear classi er in the feature space, the corresponding
classi er viewed in the input space will be non-linear. Also, there is no
constraint that the dimensionality of the two spaces be the same, indeed,
H, may be in nite-dimensional.
It is bene cial to have the classi er work in a high-dimensional space
for the following reasons.
1. It can be shown [Vapnik & Cortes, 1995] that the expected number
of support vectors decreases as the dimension of the space increases.
Thus the computation required for (10) becomes less.
2. More sophisticated classi ers can be implemented. For example, even
for two dimensional data, a quadratic classi er requires 6 dimensions
(ax20 + bx0x1 + cx21 + dx0 + ex1 + f ), for higher dimensional data
or higher order classi ers the number of dimensions required in the
feature space grows rapidly.
Working in a high-dimensional space normally is precluded on the
grounds of computational and storage intensity. However, for an SVM,
the only computation that we need to perform is h(x(1)); (x(2))iH , for
vectors in the observation space x(1) and x(2). Suppose that we can nd a
function K from the observation space to the reals, such that
K (x(1); x(2))  h(x(1); (x(2))iH
(11)
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then, we can perform our computation in the input space, thus avoiding the
complexity of working in H. It is not even necessary to know H , providing
that we know that given some kernel function K there exists a  and a H.
Sucient conditions on K are given by Mercer's condition [Burgess, 1998].
Various kernels that are known to satisfy Mercer's condition are given in
[Gunn, 1998].

1.8 Beyond Two Class Problems

The SVMs so far mentioned are binary classi ers only. Many classi cation
problems are n-class problems. To be useful in these applications, the
concepts need to be extended to be extended to deal with multiple classes.
Di erent solutions are discussed in [Chin, 1998]; in summary the main
options are
1. Use a one-to-rest classi er for each class (n classi ers in total)
2. Use one classi er for each pair of classes, with some form of voting
scheme to combine the outputs of the (n(n + 1))=2 classi ers
3. To extend the derivation of SVMs to the n-class problem.
As the comparison of these methods was performed using vowel recognition, further discussion will be postponed until a later section.

1.9 More on Training SVMs

Training an SVM involves minimising the Lagrangian dual problem. Hitherto, we have considered this from a mathematical perspective, and not
considered the e ects of nite numerical precision, nor performance considerations other than tractability.
The e ect of numerical precision on the results of SVM training has
been considered by [Chin, 1998], as well as the performance of di erent
techniques for solving the Lagrangian. He concludes that the classi cation
boundary of an SVM is very sensitive to the solution of the optimisation
problem, and that there is no guarantee that a convergent solution converges to the optimum solution. However, on the evidence of the experiments documented, it is unclear that a sub-optimal solution is substantially
worse than an optimum solution on data not in the training set.
The size of a training set is typically large. Even though the optimisation problem is tractable, typically O(n4 ) [Chin, 1998] on the number of
training points, this can still result in a long training time. However, as
stated above, the only vectors that are actually required are the support
vectors, which typically are only a small proportion of the the total number of vectors in the training set. If these vectors can be determined early
on in the training process, then the time taken will decrease rapidly. One
such algorithm, which incrementally increases the amount of training data
used, is described in [Chin, 1998], but results as to its e ectiveness are
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mixed. In particularly, in does not appear to reduce the training time sufciently to be of use for very large training sets. This paper also suggests
that producing an optimiser speci cally designed for the SVM optimisation problem may improve both the optimisation time and decrease the
numerical precision problem.

2

SVMs in Speech Processing

Now that the motivation for support vector machines has been considered,
and the theory behind SVMs has been discussed, we may move on to
consider the relevance of SVMs to speech pattern classi cation. To give
concreteness, we mainly consider the advantages and disadvantages for one
possible problem in which SVMs may be deployed.
The archetypical classi cation problem in speech processing is that of
speech recognition. Here we will consider one part of speech recognition,
phone recognition, which is used in many (but not all) recognisers.
Incoming speech data is generally broken down into frames (which may
overlap) and data reduction is performed on each frame. For certain subclasses of the phoneme recognition problem, the data may be reduced to
a very small number of dimensions. For example, in the Barney-Peterson
dataset only the frequencies of the rst two formants are used for vowel
recognition. The TIMIT dataset is also a corpus for vowel recognition
systems, but here the data is reduced to 13 parameters (dimensions), 12
Mel-Frequency Cepstral Coecients plus Energy (MFCC E). More general
systems will normally employ a higher number of parameters as the output
to its data reduction, 39 being a common number.
All experiments using SVMs to classify speech data have so far only
used one frame of data from the middle of the phone, when the e ects of
co-articulation are minimal.

2.1 Structure of Speech Processing Data
2.1.1 Temporality

The nature of speech data is to be temporal, wheras SVMs use static data.
In the experiments based on phone recognition to date, then the data has
already been segmented and only one frame of data used. As is pointed
out by [Smith, 1998], a single frame of data is unlikely to be sucient
for recognition purposes, and it is suggested that three frames be used, at
the beginning, middle and end of the phoneme. In addition, many speech
recognition systems using MFCC E data also incorporate rst and even
second di erentials of each coecient, provided some link with previous
frames; data which has not currently been investigated as to whether it
will increase the accuracy of SVMs.
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Although these methods may provide the temporal links required for
recognition of phones, they will not provide the demarcation of phone
boundaries required. It is suggested in [Chin, 1998] that this may be performed by a HMM. As an SVM can be con gured to act as other classi ers
according to the choice of kernel function [Burgess, 1998], including twolayer neural networks, then the use of SVMs in this case would seem to be
at least as good as using other classi ers. It is dicult to see how using
an SVM with HMM phone marking would perform better than a HMM
phone recogniser, particularly considering the problems of using a SVMs as
n-class classi ers. Perhaps an approach taking advantages of the strengths
of SVMs would be as a secondary classi er to a HMM phone recogniser,
for example improving the recognition of minimal pairs like /b/ and /p/.
However, research to date has concentrated on vowel recognition, and so
the usefulness here has been untested.
An alternative to using a HMM to demark phone boundaries is to
devise a recurrent structure as has been done for arti cial neural networks,
as suggested in [Smith, 1998].

2.1.2 Separability

It has been shown in [Smith, 1998] that if the input data is highly nonseparable, then the accuracy of SVM classi cation is greatly diminished.
It is not apparent how separable speech data is in general; in some cases
it is highly non-separable, for example /UH/ vs /UW/ or /ER/ (ARPABET notation), in terms of the rst and second formant frequencies. The
suggestion has been made that using data from more frames, for example
beginning, middle and end of the phone, will increase the separability of
the data. If this is so, then the use of SVMs for classi cation of speech
data will increase.

2.1.3 Errors

The formulation of SVMs was derived from the simplest classi cation problem: a binary classi cation of separable data. To circumvent the separable
restriction, a cost function for errors was introduced. Although this did
not much a ect the formulation, the only motivation for choosing the form
of the cost function was to keep the optimisation problem simple. In addition there is no motivation for choosing the value of C . It is intuitive
that if the data is likely to contain many errors, the cost for misclassi cation should be low, whereas if the classes are intrinsically unseparable,
than the cost should be high; but there is no theoretical justi cation for
this. This is important because speech data will typically include lots of
errors: for example, background noise, channel noise, channel di erences,
even day-to-day speech di erences could be incorporated here.
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2.2 Bene ts of Dimensionality

In a typical phone recognition system the observation space will be highdimensional, perhaps having 39 or more dimensions. Classi ers which are
trained according to the empirical risk principle do not tend to generalise
well on high-dimensional data, due to the sparseness of the training set
in the space, unless the training set is very (perhaps impractically) large.
SVMs are designed to generalise well regardless of the dimension of the
input space. Indeed, the space that classi cation theoretically occurs in,
the feature space, will typically be of a much higher dimension than the
input space. Thus, one would expect SVMs to outperform similar classi ers
on high dimensional data.
One experiment to empirically test this is described in [Smith, 1998].
The task was vowel recognition, using formant frequency or MFCC E data
using the Barney-Peterson and TIMIT data sets described above. An
SVM classi er was implemented for both. A condensed nearest neighbour
(CNN) classi er was also implemented for each problem. The CNN classi er was found superior on the two dimensional data, but on the thirteen
dimensional TIMIT data, the SVM classi er was found to be superior.

2.3 Choice of Kernel

It would be thought that the choice of kernel is of critical importance in
developing a SVM, as it will de ne the feature space. Most work on using
SVMs in phone recognition has been based on using RBF kernels [Chin,
1998; Smith, 1998]. It is suggested in [Smith, 1998] that a polynomial kernel would be more appropriate, but it is concluded that for the TIMIT data
employed, the choice of RBF or polynomial kernel made little di erence to
the accuracy of the classi er.
This does not present any evidence that the choice of kernel is unimportant though, it merely says that for this data, there is little to choose
between RBF and polynomial kernels. Indeed, [Chin, 1998] shows how
the choice or parameter for a kernel may have a large e ect on the nal
classi er chosen, and so the choice of kernel may have as great or greater
e ect. It has already been stated that any knowledge as to the underlying
statistical distribution of the process being observed is not made use when
constructing an SVM. Indeed, that is presented as a strength of the SVM
formulation, as it does not rely on knowledge of the underlying distribution
function, and the method could thus be described as robust. However, if a
good knowledge of the underlying distribution is known, then this knowledge will have been lost. In [Smith, 1998] there is an analytical method
described for deriving a kernel function based on the distribution. On the
Barney-Peterson data, taking the underlying distribution as a single or
dual mixture of Normals, then test accuracy improves compared with an
RBF kernel. It has already been seen from the comparison of CNN and
SVM classi ers, that SVMs bene t from data in higher dimensions, but
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there are currently no results to indicate whether this improvement will
generalise to higher dimensions. The disadvantage of this method is that
the derivation is quite complex, and for many distributions it may not be
possible to derive the related kernel. It is unclear as to whether a full
derivation for many distributions could be performed. However, as much
modelling of speech data is performed using mixtures of Normals, then the
lack of distributions may not be such a problem as rst thought.
Even once a kernel has been chosen the diculties may not be over.
Many kernels are parameterised, and one might wish to link the parameterisation of the kernel with training the SVM: it has already been mentioned
how changing a kernel parameter can have a large e ect on the chosen
classi er. It has been suggested in [Gunn, 1998] that this may be performed for RBF kernels, but it is dicult to see how it may be performed
in general.
Other ideas have been suggested as to how to incorporate knowledge of
the problem into SVM classi cation [Burgess, 1998]. One such method is to
create new (`virtual') data vectors based on support vectors [Scholkopf et
al, 1996], and then to retrain the machine on both the original training set
and the virtual vectors. The exact method depends on the problem. For
example if phone classi cation was been performed on time domain data
directly, then phone classi cation would be unchanged by a time shift,
and so the virtual vectors would be created by time shifting the support
vectors. More generally, the method could be used in speech to increase
robustness across problems, for example to increase speaker-independence
while decreasing the number of speakers required in the corpus.

2.4 Eciency of Classi cation

Equation (10) gives the formula for determining a class for a linear 2-class
SVM. Using (11), it can be seen that the equivalent equation for a nonlinear SVM is
ns
X
i=1



i yiK (si; x) + b

(12)

Thus the time it takes to compute the class of in input vector is mainly
dependent on (i) the time to compute K , and (ii) the number of support
vectors. The kernel K is within choice, and for most standard kernels the
computation is not excessive [Gunn, 1998]. Thus, the major factor for
determining the performance is the number of support vectors.
It is reported in [Smith, 1998] that on the Barney-Peterson data (2 dimensional) the SVM required approximately 100 support vectors, roughly
a third of the training data. As stated in section 1.7, one expects the
number of support vectors to go down as the dimension of the feature
space increases. On the 13 dimensional TIMIT data set the maximum
number of support vectors is still approximately 100 (124), but for certain
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experiments the number of support vectors falls to roughly 30 (28 for RBF
kernel, 33 for polynomial). It is thus indicated that the number of support vectors does decrease with dimensionality; and also that performing
a classi cation is an ecient operation.

2.5 Applying SVMs to Multiple Class Problems

Support Vector Machines are by their nature a binary classi er. In general, it is insucient only to be able to recognise two phones. Section 1.8
discussed various methods by which the two class limit may be relaxed.
The comparative accuracy of using one-to-rest and pairwise classi ers on
TIMIT vowel data is discussed in [Chin, 1998]. Three di erent voting
strategies were compared: a maximum votes cast algorithm (fmax ), and
two most probable class algorithms, using di erent probability estimates.
As one may expect, the more sophisticated pairwise classi er was found
to be generally the most e ective. From the voting strategies though, the
simplest one, (fmax ) was the most accurate. However, performance wise,
pairwise voting is quadratic in the number of classes, whereas one-to-rest
classi cation is linear. As most phone recognition tasks involve much data
and many classes, it seems doubtful that the bene ts that may accrue from
using pairwise classi ers would outweigh the performance handicap.
If one-to-rest classi ers are used however, then the nature of the training set will change. When only two classes are drawn from the training set,
one would expect a roughly equal number of points in each class. When
training a one-to-rest classi er, then the number of points in the `one' class
will be vastly smaller than the `rest' class, especially for a large number of
classes in the training set. This is important for two reasons; (i) it may
a ect generalisation performance, and (ii) the number of support vectors
may be increased, which has time performance considerations, as discussed
later. In [Smith, 1998], generalisation performance is measured by the accuracy of the classi er on a test set having trained the classi er under
di erent conditions of data-inbalance. It was found that data-inbalance
has a signi cant e ect on the accuracy of the classi er (from 84% for a
50:50 split, to 63% for a 5:95 split), however the number of support vectors decreased markedly for inbalanced data, indicating that the larger
class only needs to contribute a few points to form the simpler decision
boundary with the now under-speci ed class.
It would seem then that neither pairwise or one-to-rest classi ers are
particularly suitable for use in speech processing applications, the rst
for performance reasons, the second for accuracy considerations. There
is though the possibility of a reformulation of SVM to the n-class problem. The accuracy and number of support vectors of two n-class classi ers
(quadratic and linear) were compared against one-to-rest and pairwise classi ers on ve data sets, including vowel data. The accuracy of the quadratic
n-class classi er was commensurate with the other methods, whereas the
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linear classi er had, typically, an error rate twice of the other classi ers.
However, the number of support vectors was much less for the n-class classi ers (and the linear much less than the quadratic), which would mean
that during classi cation, the performance of the n-class classi er would be
much greater than the methods for using a binary classi er. The training
of n-class classi ers is likely to be more complicated though, although this
has not yet been proven [Weston & Watkins, 1998].

2.6 Eciency of Training

The training of SVMs has already been discussed in section 1.9. The corpora used in a training a typical phoneme recognition system will typically
be large (but due to the dimensionality of the data, it will typically also
be sparse). Thus both the diculties of numerical precision and training
time will a ect the use of SVMs for this task, even with the decomposition
method described in [Chin, 1998]. This would appear to be a large obstacle
to the take up of using SVMs in speech processing.
It is also included in [Chin, 1998] that the training time is linear in
the number of dimensions of the training data. This also would seem to
indicate that SVMs are inappropriate for use in speech processing, as the
dimensionality of the data is high. In fact, this would act against the
use of SVMs in general, as one of their main advantages is the ecient
computation and generalisability of classi ers, for high dimensional data.
The exact trade-o between input space dimensionality and training time
is obviously application speci c, but there is currently very little data to
determine exactly what the compromise is.

2.7 Speaker Identi cation

As an alternative application for speech processing, to further illustrate
some of the points made above we consider the problem of speaker identi cation. An implementation for a a text-independent system for a xed
number of speakers is described in [Schmidt & Gish, 1996]. Instead of, as
is conventional, identi cation using a Bayes decision rule based on statistical methods that involve estimating distribution functions, speakers are
identi ed directly in the feature space. A polynomial kernel was employed
of degrees 2, 3, 4 and 5. Both one-to-rest and pairwise classi ers were
employed. In each case, the best results were obtained using the cubic
polynomial. A slight improvement over a modi ed Gaussian system was
observed. It is stated that the major advantage is that \computing polynomial classi ers from thousands of points is computational doable". It
was also stated that it was expected that as the number of dimensions
in the input space increase, the performance would improve. To use the
higher dimensional space in other methods would be inappropriate, either
due to the computational ineciency, or the problems on training on a
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sparse data set.

3

Conclusions

The derivation of support vector machines was motivated by the desire to
minimise the risk, R( ), a motivation that was grounded in the theory of
statistical learning. However there is no guarantee that the SVM derivation
actually minimises R( ). Having theoretical proof of this would prove that
SVMs behave as claimed.
Despite this, there is empirical evidence that SVMs do o er good generalisation performance even in high dimensional space and with sparse
training data. As SVMs may implement more traditional classi ers by
careful choice of the kernel function, they should perform as least as well
as these classi ers in terms of accuracy. As performance is dependent on
the number of support vectors, performance is training data dependent;
for sparse data this would appear to be relatively ecient.
There has been little work in the use of SVMs for speech processing.
When SVMs have been implemented, reported test accuracies have been
promising compared with similar classi ers. However, the time taken to
train an SVM would seem to put it beyond practical application in speech
processing for the time being.
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