Chapter 4

Dimensionality reduction

This chapter introduces and defines the problem of dimensionality reduction, discusses the topics of the curse
of the dimensionality and the intrinsic dimensionality and then surveys non-probabilistic methods for dimen-
sionality reduction, that is, methods that do not define a probabilistic model for the data. These include linear
methods (PCA, projection pursuit), nonlinear autoassociators, kernel methods, local dimensionality reduction,
principal curves, vector quantisation methods (elastic net, self-organising map) and multidimensional scaling
methods. One of these methods (the elastic net) does define a probabilistic model but not a continuous di-
mensionality reduction mapping. If one is interested in stochastically modelling the dimensionality reduction
mapping then the natural choice are latent variable models, discussed in chapter 2. We close the chapter with
a summary and with some thoughts on dimensionality reduction with discrete variables.

4.1 Introduction

Consider an application in which a system processes data in the form of a collection of real-valued vectors:
speech signals, images, etc. Suppose that the system is only effective if the dimension of each individual
vector—the number of components of the vector—is not too high, where high depends on the particular
application. The problem of dimensionality reduction appears when the data are in fact of a higher dimension
than tolerated. For example, take the following typical cases:

e A face recognition/classification system based on m x n greyscale images which, by row concatenation,
can be transformed into mn-dimensional real vectors. In practice, one could have images of m = n = 256,
or 65536-dimensional vectors; if, say, a multilayer perceptron was to be used as the classification system,
the number of weights would be exceedingly large and would require an enormous training set to avoid
overfitting. Therefore we need to reduce the dimension. While a crude solution in this case would be to
simply scale down the images to a manageable size, more elaborate approaches exist.

e A statistical analysis of a multivariate population. Typically there will be a few variables and the analyst
is interested in finding clusters or other structure of the population and/or interpreting the variables.
To that aim, it is quite convenient to visualise the data, which requires reducing its dimensionality to 2
or 3.

Therefore, in a number of occasions it can be useful or even necessary to first reduce the dimensionality of
the data to a manageable size, keeping as much of the original information as possible, and then feed the
reduced-dimension data into the system. Figure 4.1 summarises this situation, showing the dimensionality
reduction as a preprocessing stage in the whole system.

More generally, whenever the intrinsic dimensionality of a data set is smaller than the actual one, dimen-
sionality reduction can bring an improved understanding of the data apart from a computational advantage.
Dimensionality reduction can also be seen as a feature extraction or coding procedure, or in general as a
representation in a different coordinate system. This is the basis for the definition given in section 4.2.

4.1.1 Classes of dimensionality reduction problems

We attempt here a rough classification of the dimensionality reduction problems:

This chapter is an extended version of reference Carreira-Perpinan (1996).
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Figure 4.1: The dimensionality reduction problem. A given processing system is only effective with vector
data of not more than a certain dimension, so data of higher dimension must be reduced before being fed into
the system.

e Hard dimensionality reduction problems, in which the data have dimensionality ranging from hundreds
to perhaps hundreds of thousands of components, and usually a drastic reduction (possibly of orders of
magnitude) is sought. The components are often repeated measures of a certain magnitude in different
points of space or in different instants of time. In this class we would find pattern recognition and
classification problems involving images (e.g. face recognition, character recognition, etc.) or speech (e.g.
auditory models).

e Soft dimensionality reduction problems, in which the data is not too high-dimensional (less than a few
tens of components), and the reduction not very drastic. Typically, the components are observed or
measured values of different variables, which have a straightforward interpretation. Most statistical
analyses in fields like social sciences, psychology, etc. fall in this class.

e Visualisation problems, in which the data does not normally have a very high dimension in absolute
terms, but we need to reduce it to 2 or 3 in order to plot it. Several representation techniques (reviewed
by Scott, 1992) exist that allow to visualise up to about 5-dimensional data sets, using colours, rotation,
stereography, glyphs or other devices, but they lack the appeal of a simple plot; a well-known one is the
grand tour (Asimov, 1985). Chernoff faces (Chernoff, 1973) allow even a few more dimensions, but are
difficult to interpret and do not produce a spatial view of the data.

If we allow the time variable in, we find two further categories: static dimensionality reduction and time-
dependent dimensionality reduction. The latter could possibly be useful for vector time series, such as video
sequences or continuous speech. We deal here only with static dimensionality reduction.

4.2 Definition of the problem of dimensionality reduction

Suppose we have a sample {t,,}_, of D-dimensional vectors lying in a data space 7 (usually R? or a subset
of it!). The fundamental assumption that justifies the dimensionality reduction is that the sample actually
lies, at least approximately, on a manifold? (nonlinear in general) of smaller dimension than the data space.
The goal of dimensionality reduction is to find a representation of that manifold (a coordinate system) that
will allow to project the data vectors on it and obtain a low-dimensional, compact representation of the data.
Formally, dimensionality reduction consists of the following problem: given a sample {t,,}2_, C 7, find:

e A space X of dimension L (typically RY or a subset of it).
e A dimensionality reduction mapping F:

F: 7T — X
t — x=F().

As in section 2.9.1, we call x the reduced-dimension representative of t.

e A smooth, nonsingular® reconstruction mapping f:

f: ¥ — McCT
x — t=F(x).

1 As in chapter 2, we restrict ourselves to continuous variables.

2Section A.7 gives a formal definition of L-manifolds and coordinate systems.

3The reasons for requiring that the reconstruction mapping be smooth and nonsingular are the same as in chapter 2: to ensure
that the domain and range have the same dimension (nonsingular) and to preserve the topographic structure of the domain
(continuity). Piecewise smooth functions would be acceptable too.
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Figure 4.2: The dimensionality reduction mapping F (dashed lines) and the reconstruction mapping f (dotted
lines) need not verify F o f = identity.

Such that:
e [ < D is as small as possible.

e The following condition is satisfied:
The manifold M = £(X) approzimately contains all the sample points: {t,}N_| C M. (DR)
This condition can be restated in a different way:
The reconstruction error of the sample is small. (DR)

The reconstruction error of the sample is defined as Eg({t, }\_,) = Z 1 d(ty, t,) where t}, = £(F(t,))

is the reconstructed vector for point t,, and d is a suitable distance in the space T (e.g. the Euclidean
distance in R?).

Conditions (DR) and (DR’) are not equivalent: (DR’) implies (DR) but not vice versa. This is because, for a
given manifold M = f(X) C 7, F o f need not be the identity mapping, as fig. 4.2 shows. Thus, it is possible
that {t,})_, C M, i.., for each t,, there exists a point x,, € X with f(x,) = t,, but F(t,) # x,. Therefore
t* < f(F(t,)) # t, and Eg({t,})_,) may be large. This is not an arbitrary argument: the dimensionality
reduction mappings derived from latent variable models are of this kind, due to the existence of a probability
distribution on the space X and of a noise model, as described in section 2.9.

Due to the dimensionality mismatch between X and 7, there will be a whole submanifold of dimension
D — L in T that will be mapped onto the same point in X, ie., F71(x) < {t € T : F(t) = x} will be
a submanifold of dimension D — L, as discussed in section 2.9.1. For the example of fig. 4.2, F~1(x) is the
vertical line passing through the point t = (z 0)7

The election of the coordinate system for a given manifold is not unique. For example, in figure 4.3
a one-dimensional nonlinear manifold in R?® (a curve), namely a spiral of radius R and step s, is parame-
terised in terms of the dimensionless parameter z: M = {t € R? : t = f(x),z € [z4,2p]} for f(z) =
(Rsin 272, R cos 2mx, sx)”. We could reparameterise the manifold in terms of the arc length A between points

ta = f(za) and tp = f(zp):

. dt dt 2 (dts)?
AE / \/ @ d:c2> + (d_;> dzx = \/(27R)? + s*(xp — xa)-
ta
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Figure 4.3: An example of coordinate representation of a one-dimensional manifold M in R? (a curve): the

segment of spiral M = {t € R® : t = f(z),2 € [z4,25]} for f(z) = (Rsin 27z, Rcos 27z, sx)T.

Yet another parameterisation would be in terms of the angle # = 2wz, etc. Another example are the Cartesian,
spherical and cylindrical systems in R3. Any coordinate system is in principle acceptable, although some may
be more appropriate than others for certain problems. Also, constraints on the problem may make the choice
of coordinates unique. For example, in PCA the basis vectors are constrained to be orthonormal and ordered
according to variance, which makes the choice of basis vectors unique (except when the data covariance matrix
has multiple eigenvalues).

4.3 The curse of the dimensionality

The term curse of the dimensionality*, coined by Bellman (1961), refers to the fact that, in the absence of
simplifying assumptions, the sample size needed to estimate a function of several variables to a given degree
of accuracy (i.e., to get a reasonably low-variance estimate) grows exponentially with the number of variables.

A related fact, responsible for the curse of the dimensionality, is the empty space phenomenon (Scott and
Thompson, 1983): high-dimensional spaces are inherently sparse. For example, the probability that a point
distributed uniformly in the unit 10-dimensional sphere falls at a distance of 0.9 or less from the centre is only
0.35. This is a difficult problem in multivariate density estimation, as regions of relatively very low density can
contain a considerable part of the distribution, whereas regions of apparently high density can be completely
devoid of observations in a sample of moderate size (Silverman, 1986). For example, for a one-dimensional
standard normal A/(0,1), 70% of the mass is at points contained in a sphere of radius one standard deviation
(i.e., the [—1,1] interval); for a 10-dimensional A (0,I), that same (hyper)sphere contains only 0.02% of the
mass and one has to take a radius of more than 3 standard deviations to contain 70%. Therefore, and contrarily
to our intuition, in high-dimensional distributions the tails are much more important than in one-dimensional
ones.

The curse of the dimensionality has the following consequence for density estimation: since most density
estimation methods are based on some local average of the neighbouring observations (Silverman, 1986), in
order to find enough neighbours in high-dimensional spaces, the neighbourhood has to reach out farther and
the locality is lost. Another problem caused by the curse of the dimensionality is that, if there are linear
correlations in the data (a very likely situation in high dimensions), the optimal mean integrated squared error
when estimating the data density will be very large even if the sample size is arbitrarily large (Scott, 1992).

4As a philosophical aside, it is interesting that the curse of the dimensionality appears implicitly in Francis Bacon’s inductive
method. Bacon introduced the idea of induction in 1620 in his Novum Organum as a response to deduction, which Aristotle
had formalised in his Organum. In Bacon’s inductive method, the task of the scientist would be to derive laws of nature by
carefully constructing tables containing the experimental data. Each line in a table would correspond to a combination of values
of the variables having an influence on the phenomenon observed and the presence or absence of that phenomenon (a kind of
binary classification problem in our days!), or the degree to which the phenomenon manifested itself (multivariate regression!).
Given the combinatorial explosion of the table size, acknowledged by Bacon, it is not surprising that the method was never
implemented—although its merit resides in the introduction of the concept of induction rather than in the method.
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However, it is important to remark that the curse of the dimensionality is governed not by the dimensionality
D of the data space 7, but by the intrinsic dimensionality L of the data. Or, more precisely, by the dimension
L of the space X which the dimensionality reduction method is imposing. This is because the sample size
required really depends on the volume of hyperspace occupied by the manifold being modelled, of dimension
L, not on the higher-dimension space where it is embedded: thus the sample size grows as O(e’). An example
of this are latent variable models based on Monte Carlo sampling of the latent space (section 2.4), such as
GTM.

Due to the fundamental character of the curse of the dimensionality, all dimensionality reduction methods
(particularly the more general ones) are affected by it to some extent through the number of parameters that
need to be estimated.

4.3.1 The geometry of high-dimensional spaces

The geometry of high-dimensional spaces provides a few surprises related to the curse of the dimensionality.
Although, in fact, one should say that the surprises are in the usual, intuitive low-dimensional cases of 1 to 3
dimensions, when compared to the general (asymptotic) case of higher dimensions. We illustrate now some of
these intriguing results for the case of the Euclidean space R”. First note that:

e The volume of the D-hypersphere of radius R is V(SE) = V(SP)RP with dimension-dependent constant

xD/2

V(sY) = N

where I'(z) is the gamma function.

e The volume of the D-hypercube of side 2R is V(CE) = V(CP)RP with dimension-dependent constant
V(CP)=2P.

Both volumes depend exponentially on the linear size of the object, but the constants are very different.
This has as an interesting consequence a distortion of the space. Consider the following situations in the limit
of high dimensions:

Sphere inscribed in a hypercube (Scott, 1992): the ratio of the volume of the hypersphere to the volume

of the hypercube is
v(sp)  aP~

— 0
V(CP) 2PT(2 +1) p—oo

That is, with increasing dimension the volume of the hypercube concentrates on its corners and the
centre becomes less important. Table 4.1 and figure 4.4 show the volumes V (S¥), V(CP) and the ratio
between them for several dimensions.

Hypervolume of a thin shell (Wegman, 1990): consider the volume between two concentric spheric shells
of respective radii R and R(1 — €), with € small. Then the ratio

Hence, virtually all the content of a hypersphere is concentrated close to its surface, which is only a
(D — 1)-dimensional manifold (see section A.7). Thus, for data distributed uniformly over both the
hypersphere and the hypercube, most of the data fall near the boundary and edges of the volume. This
example illustrates one important aspect of the curse of the dimensionality mentioned earlier. Figure 4.4
illustrates this point for ¢ = 0.1.

Tail probability of the multivariate normal (Scott, 1992): the preceding examples make it clear that
most (spherical) neighbourhoods of data distributed uniformly over a hypercube in high dimensions will
be empty. In the case of the standard D-dimensional normal distribution, the equiprobable contours are
hyperspheres. The probability that a point is within a contour of density e times the value at the mode,
or, equivalently, inside a hypersphere of radius v —21Ine, is:

Pr [||x||2 < —2In e} =Pr[x} < —2ln¢€ (4.1)
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Table 4.1: Volumes of unit D-hypersphere and D-hypercube.
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Figure 4.4: Dependence of several geometric quantities with the dimension (only natural numbers D = 1,2, ...
are meaningful). See the main text for an explanation.

because if t = (t1,...,tp) is distributed as a standard normal, then z;, ¢ = 1,...,D are univariate
standard normal and [[t||* = 25:1 t2 is distributed as a x? distribution with D degrees of freedom.
Equation 4.1 gives the probability that a random point will not fall in the tails, i.e., that it will fall in the
medium- to high-density region. Figure 4.4 shows this probability for ¢ = 0.01 (a radius of 3 standard
deviations) and several dimensions: notice how around D = 5 the probability mass of a multivariate
normal begins a rapid migration into the extreme tails. In very high dimensions the entire sample will
be in the tails!

Diagonals in hyperspace (Scott, 1992): consider the hypercube [—1,1]” and let any of the diagonal vec-
tors from the centre to a corner be denoted by v. Then v is one of the 2P vectors of the form
(£1,+£1,...,£1)T. The angle between a diagonal vector v and a coordinate axis ey is given by

vey +1 0
— N
[villleall  vD pP—oo

Thus, the diagonals are nearly orthogonal to all coordinate axes for large D.

coslp =

Pairwise scatter diagrams essentially project the multivariate data onto all the 2-dimensional coordinate
planes. Hence, any data cluster lying near a diagonal in hyperspace will be mapped into the origin in
every paired scatterplot, while a cluster along a coordinate axis will be visible in some plot. Thus the
choice of coordinate systems is critical in data analysis: 1- or 2-dimensional intuition is valuable but not
infallible when continuing on to higher dimensions.
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4.4 The intrinsic dimension of a sample

Consider a certain phenomenon governed by L independent variables. In practice, this phenomenon will actu-
ally appear as having (perhaps many) more degrees of freedom due to the influence of a variety of uncontrolled
factors: noise, imperfection in the measurement system, addition of irrelevant variables, etc. However, pro-
vided this influence is not too strong as to completely mask the original structure, in principle we should be
able to “filter” it out and recover the original variables or an equivalent set of them. We define the intrinsic
dimension® of a phenomenon as the number of independent variables that explain satisfactorily that phenom-
enon. From a geometrical point of view, the intrinsic dimensionality would be the dimension L of the manifold
that approximately embeds the sample data in a D-dimensional Euclidean space (D > L). The vagueness of
the words satisfactory and approzrimately is intended, since the intrinsic dimensionality of a sample depends
on the criteria that the user applies to the particular problem at hand, such as smoothness of the manifold,
effect of noise, etc. A priori a discrete sample has dimension zero, but it is possible to make a manifold of any
dimension pass through it. So the sample may have dimension one according to one criterion, dimension two
according to a different one and so on. For example, in fig. 4.5 a one-dimensional manifold (the dotted curve)
is forced to interpolate a set of points which naturally would seem to lie on a two-dimensional manifold (the
shaded area). Thus, the problem of inferring the intrinsic dimensionality of a sample is ill-posed and requires
of prior information to be solved.

The determination of the intrinsic dimensionality of a process given a sample of it is central to the problem
of dimensionality reduction, because knowing it would eliminate the possibility of over- or underfitting. All
the dimensionality reduction methods discussed in this thesis take the intrinsic dimensionality as a parameter
to be given by the user; a trial-and-error process is necessary to obtain a satisfactory value for it (aided by
model selection techniques such as cross-validation). In some practical applications, domain information may
give insight into the intrinsic dimensionality. For probabilistic methods, such as latent variable models, a
Bayesian approach can help to determine the intrinsic dimensionality. For example, one could consider the
intrinsic dimensionality L as a trainable parameter over which a prior distribution is placed, perhaps uniform in
{1,2,...,D} (to reflect lack of information), or perhaps decreasing monotonically with increasing dimension
(to favour the reduction of dimensionality). The posterior mode of the intrinsic dimensionality given the
data sample could be chosen as the optimal dimensionality if a single value is desired (although, strictly,
inferences should use the posterior parameter distribution, including L, rather than a single value). This has
the problem that the rest of the parameters depend on L. A possible strategy is the use of a hierarchical prior
model, as Richardson and Green (1997) have done to learn the number of components (and the rest of the
parameters) of a finite mixture. Another possibility is to use the automatic relevance determination (ARD)
framework (MacKay, 1995b), as Bishop (1999) has proposed for the probabilistic PCA and PCA mixture
models described in sections 2.6.2 and 2.7. Although the computations involved in the Bayesian approach are
very complicated and no exact treatment is possible even for the simplest models, this is a promising research
direction.

Finally, we show two unusual cases of manifolds. First consider the sample in figure 4.6. Without further
information one could say that it corresponds to a two-dimensional manifold on the left side and to a one-
dimensional manifold on the right side (whatever that may mean). It actually corresponds to a one-dimensional
distribution with variable noise (much higher on the left side), obtained from a speech enhancement application
analysed by Xie and van Compernolle (1996). They consider that the observed noisy speech Y is due to
independent noise E corrupting the clean speech S additively in the spectral (log) domain, with S and E
distributed normally in a frame basis. Thus 101 = 1070 + 1015 or y = s + e, where y, s and e are the
log-magnitudes of the observed speech, clean speech and noise, respectively, and s and e follow a log-normal
distribution. Fig. 4.6 shows a synthetically generated sample where S ~ A (= 10,0 = 17) and E ~ N (p =
0,0 = 3). The solid line corresponds to the minimum mean squared error estimate, the posterior mean E {s|y}.

The second case may be unlikely to arise in a practical problem, but nonetheless it has a theoretical interest.
Figure 4.7 shows the first 5 approximations to a space-filling curve, the Hilbert curve. While each curve is
one-dimensional, it can be proven that the limit to which this sequence of curves converges exists and is the
square: a two-dimensional manifold. That is, a space-filling curve is a continuous map of an interval of the real
line on a rectangle of R? or some other higher-dimensional manifold. Other fractal curves, such as the Koch
snowflake curve, have even a non-integral (Hausdorff) dimension between 1 and 2 (Barnsley, 1988; Peitgen
et al., 1992).

5We will not attempt to define formally the concept of dimension, for which, in fact, many different mathematical definitions
exist, each one trying to capture some desirable properties of the notion of dimension: topological dimension, covering dimension,
Hausdorff dimension, fractal dimension. . . For our purposes, an intuitive idea of the concept of dimension will be enough. Falconer
(1990) has more details about the definition of dimension.
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Figure 4.6: What is the intrinsic dimensionality of this sample? (adapted from Xie and van Compernolle, 1996
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Figure 4.8: Bidimensional, normal point cloud with its principal components.

Generally, we know from set theory that we can map invertibly and continuously R” into R or any interval
of R, i.e., card (R”) = card (R) = card ((0,1)) = ¢ for any D € N (Rotman and Kneebone, 1966); for example,
using the diagonal Cantor construction: given t € R” write each of its components t1,...,tp as a binary
expansion (which can be done in a unique way) and interleave the expansions to obtain the binary expansion
of a number in R. In principle, this would allow to find a nonlinear continuous mapping from R” into R
preserving all information: exact reduction of any dimensionality to L = 1! Of course, due to the finite
precision of computers this is of no practical application, and even if it was possible, such a procedure would
not help to understand the intrinsic dimensionality in the sense mentioned earlier. R” and R may have the
same cardinal, but they do not have the same dimension.

4.5 Principal component analysis

Principal component analysis (PCA) (Jackson, 1991; Jolliffe, 1986) is possibly the dimensionality reduction
technique most widely used in practice, perhaps due to its conceptual simplicity, its analytical properties and
the fact that relatively efficient algorithms (of polynomial complexity) exist for its computation. In signal
processing it is known as the Karhunen-Loéve transform.

Traditionally, PCA has been considered as a distribution-free linear dimensionality reduction technique, and
that is the point of view that we follow in this section. However, it can be also seen as the maximum likelihood
estimate of a specific latent variable model. We describe the probabilistic view of PCA in section 2.6.2.

Let us consider a sample {t,}Y_, in RP with mean t = * 27]:[:1 t, and covariance matrix ¥ =
+ 22;1 (tn, —t)(t, —t)T. The matrix ¥ is symmetric semidefinite positive and admits a spectral decom-
position

¥ = UAU”

with U = (uy,...,up) orthogonal, A = diag (A1,...,Ap) and A\y > 0, d = 1,...,D. uy is the normalised
eigenvector of ¥ associated with eigenvalue \4. The principal component transformation x = U7 (t — t)
yields a reference system in which the sample has mean 0 and diagonal covariance matrix A containing the
eigenvalues of X: the variables are now uncorrelated. Figure 4.8 shows an example. In this new reference
system one can discard the variables with small variance, i.e., project on the subspace spanned by the first L
principal components, and obtain a good approximation (the best linear one in the least squares sense) to the
original sample: x = UT (t — t) with Uy = (uy,...,uz).
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The key property of principal component analysis is that it attains the best dimensionality reduction linear
map t € RP — x € R in the senses of:

e maximal variance in the projected space subject to orthonormality (Hotelling, 1933):

N L
1 e - .
Jmax {tr (N nEZI XXT> } = lél A with x = AT (t — ), attained at A = Uy,

e Ly-norm, or least squared sum of errors of the reconstructed data (Pearson, 1901):

N L
. I . x def T T . _
min {ngzl It —t*|] } N ZE_I A; with t AA"(t —t), attained at A = Uy,

e maximal mutual information (assuming the data vectors t are distributed normally) between the original
vectors t and their projections x (Kapur, 1989, pp. 502-504; Cover and Thomas, 1991):

L

1 de - .

max {I(t;x)} = 3 In (H 27re)\l> with x = AT(t —t), attained at A = Uy,
=1

where Ay > --- > Ay, are the first L eigenvalues of the covariance matrix.

Geometrically, the hyperplane spanned by the first L principal components is the regression hyperplane
that minimises the orthogonal distances to the data. In this sense, PCA is a symmetric regression approach,
as opposed to standard linear regression, which points one component as response variable and the rest as
predictors. In fact, the principal component subspace is a principal manifold in the sense of section 4.8.

The first principal components are often used as starting points for other algorithms, such as projection
pursuit regression, principal curves, Kohonen’s maps or the generalised topographic mapping. PCA is also
useful as a first, coarse dimensionality reduction stage where a lot of unnecessary directions of negligible vari-
ance are discarded, particularly in very high-dimensional data (for example, when each data vector represents
a bitmapped image or a sampled time-varying curve).

A number of numerical techniques exist for finding all or the first few eigenvalues and eigenvectors of
a square, symmetric, semidefinite positive matrix (the covariance matrix) in time O(D3?): singular value
decomposition, Cholesky decomposition, etc. (Wilkinson, 1965; Golub and van Loan, 1996; Press et al., 1992).
When the covariance matrix, of order D x D, is too large to be explicitly computed one could use neural network
techniques (section 4.5.1), some of which do not require more memory space other than the one needed for
the data vectors and the principal components themselves. Unfortunately, these techniques (usually based on
a gradient descent method) are much slower than traditional methods.

PCA can also be computed from the N x N scalar-product matrix %TTT, where T = (t1,...,tn)7
(assuming centred vectors to simplify the notation). This is because %TTT has the same nonzero eigenvalues
as X = %TTT7 as can be seen from the singular value decomposition of T:

T _ T~ T

T VSUT {TT = VSSTV

TTT = USTSUT
where Upxp and Vyxn are orthogonal and Syxp has the singular values along its diagonal and zeroes
elsewhere. The nonzero eigenvalues of TTT and TTT are the squared singular values. Using the scalar-
product matrix instead of the covariance matrix is faster when the number of data points is smaller than the
dimensionality, N < D, as is often the case in image processing applications, such as face recognition (Sirovich
and Kirby, 1987). This is one of the bases of the kernel PCA method described in section 4.5.4.

The disadvantage of PCA is that it is only able to find a linear subspace and thus cannot deal properly
with data lying on nonlinear manifolds. When the data is clustered, it can be more convenient to apply PCA
locally (section 4.7).

The number of principal components to keep is a tricky question. Some rules of thumb are applied in
practice, usually based on the scree plot (plot of the cumulative eigenvalue sum versus the number of compo-
nents), such as to eliminate components whose eigenvalues are smaller than a fraction of the mean eigenvalue,
or to keep as many as necessary to explain a certain fraction of the total variance, or to find where the curve
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Linear autoassociator APEX network

D input units

L < D hidden,
output units

D output units

Figure 4.9: Two examples of neural networks able to perform a principal component analysis of its training
set: left, a linear autoassociator, trained by backpropagation; right, the APEX network, with Hebbian weights
W and anti-Hebbian, decorrelating weights C. In both cases, the number of hidden units determines how
many principal components are kept.

changes its slope abruptly (Jolliffe, 1986). From a statistical goodness of fit point of view, one can also test® the
hypothesis that the data covariance can be explained by the principal components (Hy) against the alternative
that the covariance is unconstrained (H;), although this procedure does not really tell when to stop adding
components (Bartholomew, 1987, pp. 46-47 or Everitt, 1984, pp. 21-22).

The fact is that if the scree plot does not have a sharp decrease at some cutoff number of eigenvalues”’, it
is very likely that the data cannot be modelled with a few linear variables, in which case it seems pointless to
try hard to obtain the “right” number of eigenvalues and let alone to interpret them (see also section 2.8.1):
the model is just wrong. For linear reconstruction purposes PCA is a legitimate technique and the number of
eigenvalues L to use can be determined objectively from Zlel i/ ZzDzl A1 < 0.9 (for 10% error, say). As such
its use is recommended for (preliminary) feature extraction.

Estimating the intrinsic dimensionality of a data sample using PCA will result in a larger dimensionality
than the real one if the data lies on a nonlinear manifold (e.g. a circle is a one-dimensional manifold but
it cannot be embedded in a one-dimensional linear manifold). It is also clear that the number of nonzero
eigenvalues of the data covariance matrix (with respect to some threshold) gives an upper bound for the
intrinsic dimensionality.

4.5.1 Principal component analysis networks

There exist several neural network architectures capable to extract principal components, some of which are
represented in fig. 4.9. They can be classified in:

e Autoassociators (also called autoencoders or bottleneck networks), which are linear two-layer perceptrons
with D inputs, L hidden units and D outputs, trained to replicate the input in the output layer minimising
the squared sum of errors, typically with backpropagation. Bourlard and Kamp (1988) and Baldi and
Hornik (1989) showed that this network finds a basis of the subspace spanned by the first L principal
components, not necessarily coincident with them.

e Networks based on Oja’s rule (Oja, 1992) with some kind of decorrelating device, e.g. the network of
Foldidk (1989), the APEX network of Kung et al. (1994) or the generalised Hebbian algorithm of Sanger
(1989).

Diamantaras and Kung (1996) review PCA networks in detail.

6This test was originally developed for factor analysis, but it can be readily extended to PCA via its interpretation as a latent
variable model (section 2.6.2).

7Also, consider K eigenvalues of slowly decreasing value: X\; > X411 > -+ > Ajyrx—1. They determine a slightly elongated
K-dimensional ellipsoid with semiaxes of lengths /X, ..., \/)\iJrK,l in the K-dimensional subspace defined by their associated
eigenvectors. Any direction in that subspace will have a variance in [A\;+ k1, A;] and thus all directions in that subspace (not just
along the eigenvectors) are approximately equivalent (in the extreme case where A\; = --- = X\;; g1 they define a hypersphere
and all directions are strictly equivalent).
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4.5.2 Nonlinear autoassociators

An obvious extension to linear autoassociators is the inclusion of nonlinear activation functions and several
layers (see fig. 4.10). The representation obtained in the unit activations of one of the hidden layers (with
L < D units) can be taken as the reduced-dimension representative (the middle layer in the figure). This
defines a dimensionality reduction mapping F and a reconstruction mapping f (sometimes called recognition
and generative mappings, respectively). As in the linear case, the net is trained to replicate its input at the
output layer in the least-squares sense by backpropagation or other method. Given their conceptual simplicity
and the appeal of the idea of “squashing the input through a bottleneck,” nonlinear autoassociators were used
for dimensionality reduction quite early, e.g. by Saund (1989), Fleming and Cottrell (1990), Kramer (1991) or
DeMers and Cottrell (1993), among others.

Bourlard and Kamp (1988) show that nonlinear autoassociators with only one hidden layer are no better
than linear ones, i.e., than PCA. But clearly, nonlinear autoassociators with three hidden layers (as in fig. 4.10)
must have, at least potentially, superior ability than linear ones for dimensionality reduction, since both F
and f become universal approximators (Scarselli and Tsoi, 1998). Indeed, they have outperformed PCA
in some applications. Malthouse (1998) cites several of them, particularly in chemometrics, where nonlinear
autoassociators were popularised by Kramer (1991). Surprisingly, the approach has not been widely accepted as
a dimensionality reduction method. Several reasons have been proposed for this from an empirical perspective:

e Nonlinear autoassociators are very slow to train. Rognvaldsson (1994) has offered the following explana-
tion for this: the risk that the Hessian of the error function of a multilayer perceptron is ill-conditioned
grows with the number of layers. An ill-conditioned Hessian makes the error surface very flat and learning
becomes very slow both with backpropagation and with second-order methods.

e Training with various local optimisers (e.g. gradient descent, conjugate gradient descent, stochastic
gradient descent or a quasi-Newton method) very often results in local minima with a higher error than
PCA (Kambhatla and Leen, 1997). Using neuronal spike trains data, Fotheringhame and Baddeley
(1997) observed backpropagation to be slow and unreliable, while conjugate gradient descent worked
better than PCA with synthetic data but not with real data.

e Several researchers, e.g. Fleming and Cottrell (1990), have observed that, at the end of the training
(with backpropagation), the unit activations often concentrate on the linear region of the nonlinearity
and therefore there is little difference with PCA networks.

These reasons seem to point to deficiencies in the optimisation algorithm rather than in the class of represen-
tations attainable. That is, a nonlinear autoassociator is potentially able to represent complex manifolds, but,
for most initial values of the parameters, a local optimiser will end in a bad local minimum rather than in one
of the good ones.

Some theoretical results are known for nonlinear autoassociators. Both the dimensionality reduction map-
ping F and the reconstruction mapping f are continuous if the unit nonlinearities are continuous (as is often
the case, e.g. with the sigmoid). Malthouse (1998) uses this fact to show that nonlinear autoassociators can
approximate neither self-intersecting manifolds nor discontinuous manifolds. He also notices that they can-
not implement a dimensionality reduction mapping based on orthogonal projection on the closest point of
the manifold (as does happen with principal curves, section 4.8): this would lead to a discontinuity in the
dimensionality reduction mapping for those data points which are equidistant from different points of the
hidden-layer manifold.

Nonlinear autoassociators have had some empirical success in other kinds of pattern recognition problems.
Wiles et al. (1996) report finding good solutions to the travelling salesman problem®, while Japkowicz et al.
(2000) claim better performance than with linear autoassociators for classification in nonlinear multimodal
domains.

4.5.3 Other linear transformations

Here we mention other usual linear transformations of the data, their relation to PCA and their effect on the
covariance matrix. Consider again the sample {t,,}N_, in RP with mean t = = 25:1 t,, and covariance matrix

P % 25:1 (tn —t)(t, —t)T. Let Apxr = (a1,...,ar) with a; € RP a set of L projection directions.

8Dimensionality reduction here is conceptualised as going from the D-dimensional map of D cities (coded as 1-of-D) to a
one-dimensional ordered list in which neighboring cities are listed close together.
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Figure 4.10: Nonlinear autoassociator, implemented as a four-layer nonlinear perceptron where L < D and
t* = f(F(t)).

!

‘ Transformation f H t' = f(t) ‘ t ‘ > ‘ U’ ‘ u’ ‘ A ‘ N ‘
Translation t+d t+d 3 U same A same
Rotation Rt Rt | RYR” | RU | rotated | A | same
Axis scaling Dt Dt DXD + + + +
Uniform axis scaling at at a’y U same a?A | scaled
Affine at +d at +d a’x U same a’A | scaled
Centring t—t 0 > U same A | same
PCA Ul(t-t) 0 A I | {es}2, | A | same
Sphering V2t %) 0 I I |f{eqt, | I 1

Table 4.2: Transformation of the covariance matrix under transformations on the sample. t is the sample mean
and ¥ the sample covariance, with spectral decomposition UAU?. a € R—{0},d € RP D = diag (dy,...,dp)
is diagonal, R is orthogonal, e is the unit vector in the direction of ¢4, the primes denote the new entity after
the transformation f and the symbol # is used to indicate that the subsequent transformation is complex (not
obviously related to f).

Centring is a procedure by which we translate the sample so that its mean is at the origin: t’ = t—t = t=o0.
Centring is inherited by any set of projections: E {t} =0=E {ATt} = ATE {t} = 0.

Scaling achieves unit variance in each axis by dividing componentwise by its standard deviation o4 = (X)aa:
t' =diag (o7 ',...,0p" )t = (& )ga=1Vd=1,...,D.

Sphering is an affine transformation that converts the covariance matrix (of the centred sample) into a
unit variance matrix, thus destroying all the first- and second-order information of the sample: t’
22t -%) =t =0and &' =1, where? £7/2 = A~1/2UT. Sphering is inherited by any orthogonal
set of projections: E {t} = 0 and cov {t} = I = cov {ATt} = E {(ATt)(ATt)T} = ATE {tt"} A =
ATA =1.

PCA is another affine transformation that converts the covariance matrix (of the centred sample) into a
diagonal matrix, thus decorrelating the variables but preserving the variance information: t' = UT (t —
)=t =0 =A.

PCA and sphering are both translation and rotation invariant, i.e., applying a translation and a rotation to
the data and then performing PCA or sphering produces the same results as performing them on the original
data. Table 4.2 summarises the effect of linear transformations on the covariance matrix.

9%-1/2 ig defined as a matrix B such that BTB = X and so any matrix B’ = RB with R orthogonal is also valid. Canonically,
we can take X~1/2 = A-1/2UT,

82



4.5.4 Kernel PCA

Kernel PCA (Scholkopf et al., 1998) is an unsupervised feature extraction method closely related to PCA°
that, given a data set {t,,})_; contained in an input space T C RP| extracts up to max(N, D) features from
a vector t € 7. It is based on the following ideas:

e Carrying out PCA on the dot-product matrix of the data points, as mentioned in section 4.5, which is
an N X N symmetric matrix of rank smaller or equal than min(N, D).

e Nonlinearly mapping input vectors to a high-dimensional feature space F, ® : T — F, where standard
PCA is performed—this requires dot products in F. Each component of ® will be a particular real
function of the variables t1,...,tp and will give information on a particular relationship between those
variables. To be able to account for many different relationships, the dimensionality of F will be extremely
high, possibly a power of the dimensionality of 7. Standard PCA is recovered by taking ® as the identity
function.

e Computing dot products in F via a kernel function in 7, k : 7 x 7 — R. This allows to perform PCA
efficiently on the data set {®(t,,)}N_, using the dot-product Gram matrix’' K = (®(tm) " ®(t,)),  but
never explicitly calculating ® for any point. The nonlinear nature of map ® means that the associated

component analysis back in input space 7 is nonlinear.
Let us analyse more in detail the procedure:

PCA in feature space is easily seen to require the solution of the eigenvalue problem NAa = Ka for eigen-
vectors a and nonzero eigenvalues A, which results in up to N nonzero eigenvalues and associated eigen-

1/2 def <~ N

vectors, normalised such that [|a,| = A\, "’°. This ensures that v,, = >, | @nm®(t,) is a unit-norm

cigenvector of the sample covariance matrix in feature space, S = L SN &(t,,)®(t,,)”. Orthogonal
projection in F of a vector ®(t) on the principal component directions {v,}2_; is accomplished as usual
via the scalar product and results in an associated set of nonlinear components in 7: v.®(t) is the
orthogonal projection of vector @(t) on the nth principal component in JF, or the nonlinear projection

of input vector t on the nth nonlinear component in 7.

Dot products in feature space Defining a kernel function k(ty,ts) = ®(t,)7®(ty) creates a correspon-

dence between kernel functions k : 7 x 7 — R and nonlinear maps ® : 7 — F. Rather than choosing
@ and then defining k, which is straightforward but does not give an efficient form for k, one chooses
k, which then implicitly defines ®. But not every function k can be expressed as a dot product in
some space F. A way to select kernels is given by Mercer’s theorem of functional analysis (Courant and
Hilbert, 1953), which states a necessary condition for a kernel to be expressible as a dot product:

Theorem 4.5.1 (Mercer). If k is the continuous kernel of an integral operator K : Lo — Lo,
Kf(ts) = [, k(t1,t2)f(t1)dts, which is positive, [, ., f(t1)k(t1,t2)f(t2)dt1dts > 0 Vf € Lo, then
k(t1,t2) = D07 Athn (t1)1n (t2) with A, > 0 Vn.

Such kernels are called Mercer or reproducing kernels. We can then define ®(t) =

(\/A_lwl(t),\/)\_gz/)g(t),...)T and so k(t1,t2) = ®(t1)T®(t2). Table 4.3 gives examples of such ker-
nels, all of which have also been used in support vector machines (Scholkopf et al., 1999a; Cristianini
and Shawe-Taylor, 2000). The ®(t) mapping associated with the polynomial kernel is the collection of
all possible pth degree ordered products of components of t; e.g. for p = 2 we have t = (t; t2)7 and
k(ti,to) = (tTt2)% = ®(t1)T ®(to) with ®(t) = (t7 13 t1t2 tat1)?. As an application, each t4 could be a
pixel in a bitmapped image.

Evidently, the usual properties of PCA (section 4.5) remain in feature space: orthogonal directions of
maximal variance, minimal Lo-reconstruction error and maximal mutual information with respect to the inputs
(under Gaussian assumptions). But not anymore in input space, where the procedure is nonlinear. Kernel
PCA will be unitary invariant (i.e., independent of the orthogonal coordinates used) if the kernel depends only
on dot products and/or distances (as those of table 4.3 do), since the only operations on the input vectors
that the whole procedure involves are computing the kernel values.

10Tn this section, we will use interchangeably the terms PCA, standard PCA or usual PCA to mean the linear PCA of section 4.5.
H1The formula for K assumes centred vectors in F. A corrected expression for uncentred vectors that does not explicitly
compute ® at any point is easily derived from the one given.
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Kernel k(t1,t2)

Polynomial ( t? £)?
Ity —to 2

Gaussian (radial basis function) o Lzt

Sigmoid tanh(atTt + b)

Table 4.3: Examples of Mercer kernel functions for kernel PCA and support vector machines. In the polynomial
kernel, p = 1 gives standard PCA.

Kernel PCA requires N computations of the kernel function where standard PCA required a dot product,
which is not a significant extra cost. The real problem appears with large data sets (N > D: the normal
situation in most applications) since the dot product matrix Kyxy becomes huge. In this case, standard
acceleration tricks can be applied, such as extracting only the first few components or estimating K from a
small subset of the data.

For dimensionality reduction purposes, the projections on the principal components can be taken as fea-
tures. While standard PCA can extract up to min(N, D) or fewer nonnull features (the rank of the sample
covariance matrix in 7-space, X), kernel PCA can obtain up to NV, since in F-space the rank of the dot product
matrix K can be up to NV if @ is nonlinear. A natural definition of reconstruction would be based on the
usual orthogonal projection on the first principal components in feature space, but in general not every point
in the subspace spanned by those principal components will have a preimage in input space! That is, even
though {®(t,,)}2_, have by definition preimages {t,}2_,, a point v € span {{®(t,,)}2_, } may not have one
t € 7 with ®(t) = v. This requires to define an approximate (in some sense) reconstruction mapping in input
space. Scholkopf et al. (1999b) give an algorithm to find a close preimage in the Lo sense. They approximate
v = Zﬁrzl a, ®(t,) by a multiple (for computational considerations) of a vector ®(t) on the image of the
input space:

(VI ®(t))’

— maxX ———— -

min T BT B(1)

tETH VIR )y

P(t)"P(t)

The maximisation can be carried out with standard methods or, for kernels that satisfy k(t1,t2) = &([[t1 — t2|*)
(e.g. the Gaussian kernel), with a fixed-point iteration method: taking the gradient of (vI ®(t))? with respect
to t and equating to 0 results in

N T T
(1) _ Sney @ (657 — vt
SN an ([t )

which for the Gaussian kernel is formally identical to the fixed-point iteration scheme we give in eq. (8.4) for
finding the modes of a Gaussian mixture.

Experimentally, Scholkopf et al. (1998) show that kernel PCA outperforms standard PCA as feature extrac-
tion preprocessor for some classification tasks over a wide range of polynomial kernels and that the nonlinear
components can be interpreted as separating or splitting clusters in a toy problem. Using approximate preim-
ages, Scholkopf et al. (1999b) show improvements over PCA when denoising patterns if a large number of
nonlinear components are used. The intuitive explanation they propose is that, since kernel PCA can extract
more components (up to N) than PCA (up to D), it can provide a larger number of components that carry
information about the structure in the data before they start to carry noise information as well (which al-
ways happens for high-order components). This would seem counterproductive for dimensionality reduction
purposes, though.

In summary, kernel PCA has the following advantages:

e We obtain nonlinear components without any nonlinear optimisation, just computing standard PCA.

e We can extract up to N components, which is usually much more than what PCA allows (D if N > D),
although this may not be conducing to dimensionality reduction. As in PCA, we do not need to restart
the procedure if we want more or less components.

e For feature extraction, it can be readily used wherever PCA is.

And the following disadvantages:
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e The procedure is sensitive to the kernel used (with different kernels resulting in different performances)
but we do not know a priori what kernel to use. Thus, while kernel PCA is free from falling in local
minima (a ubiquitous problem with methods based on nonlinear optimisation), we have a whole space
of kernel functions to explore.

e While in feature space the geometrical interpretation of the principal components as orthogonal directions
of maximal variance remains, in general and a priori we do not really know what the first components
geometrically are in input space.

e For large data sets (N > D) the algorithm must be approximated to limit its computational require-
ments.

e There is an uncomfortable lack of natural dimensionality reduction and reconstruction mappings due to
the fact that the principal component subspace in feature space may not have preimages in input space.

4.6 Projection pursuit

Principal component analysis selects linear projections of the data according to maximal variance subject
to orthogonality. In general, one can search for projections that satisfy other properties. This is the basis of
projection pursuit (Friedman and Tukey, 1974; Huber, 1985; Jones and Sibson, 1987; Ripley, 1996). Projection
pursuit is an unsupervised technique that picks interesting low-dimensional linear orthogonal projections of
a high-dimensional point cloud by optimising a certain objective function called projection index. It is
typically used in exploratory data analysis to take profit of the human ability to discover patterns in low-
dimensional (1- to 3D) projections: clustering, skewness, kurtosis, concentration along nonlinear manifolds,
etc. That is, it is mainly used for visualisation; but it is equally useful for dimensionality reduction and
regression, as shown below.

The (scaled) variable loadings (components of the projection vectors) that define the corresponding solution
indicate the relative strength that each variable contributes to the observed effect. As in factor analysis,
applying a rotation or similar transformations to the projections will produce the same picture but with an
easier interpretation of the variable loadings.

Projections are smoothing operations in that structure can be obscured but never enhanced: any structure
seen in a projection is a shadow of an actual structure in the original space. It is of interest to pursue
the sharpest projections, that will reveal most of the information contained in the high-dimensional data
distribution. We consider that a projection is interesting if it contains structure. Structure is considered as
departure from normality, since:

e For fixed variance, the normal distribution has the least information, in both the senses of Fisher infor-
mation and negative entropy (Cover and Thomas, 1991).

e For most high-dimensional clouds, most low-dimensional projections are approximately normal (Diaconis
and Freedman, 1984).

Therefore, the normal distribution is the least structured (or least interesting) density.

For example, figure 4.11 shows two 2D projections of a 3D data set consisting of two clusters. The projection
on the plane spanned by es and e3 is not very informative, as both clusters confuse in one; this projection nearly
coincides with the one in the direction of the first principal component, which proves that the projection index
of PCA (maximal variance; see section 4.6.1) is not a good indicator of structure. However, the projection on
the plane spanned by e; and ey clearly shows both clusters.

The projection pursuit procedure will tend to identify outliers because the presence of the latter in a sample
gives it the appearance of nonnormality. This sometimes can obscure the clusters or other interesting structure
being sought. Also, the sample covariance matrix is strongly influenced by extreme outliers, so that methods
relying on it (e.g. through data sphering) will not be robust against outliers. The effect of outliers can be
partially tackled by robust sphering, e.g. using a trimming method (where all observations that lie farther
than a threshold from the mean are deleted).

4.6.1 The projection index

A projection index I is a real functional on the space of distributions on RZ:

I: peLyRY) — I(p) eR.
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Figure 4.11: Two-dimensional projections of a three-dimensional data set. {uj,us,us} are the principal
component directions.

p is the pdf of an L-dimensional random variable x & ATt, itself the projection (of matrix Apxr) of a
D-dimensional random variable t. Abusing of notation, we will write I(x) instead of I(p). We will consider
only one-dimensional projections for simplicity, but the treatment is easily extendable to multidimensional
projections.

Projection pursuit attempts to find projection directions for a given distribution which produce local
maxima of I. To make the maximisation problem independent of the length of the projection vectors and to
obtain uncorrelated directions, the directions are constrained to be unit length and mutually orthogonal (i.e.,
the column vectors of A must be orthonormal). The optimisation problem is then

max I(A) subject to ATA =1

In general, there will be several interesting projections, each showing different insight, which correspond to
local optima of the projection index. In fact, a difficulty with many projection pursuit indices that has often
been observed (Friedman, 1987; Ripley, 1996) is the existence of many local maxima, in particular with small
data sets, which makes finding good, high maxima difficult with local optimisers.

Huber (1985) lists the following properties that a good projection index should satisfy:

e Have continuous first (at least) derivative, to allow the use of gradient methods.

e Be rapidly computable—as well as its derivative(s)—since the optimisation procedure requires evaluating
it many times.

e Be invariant to all nonsingular affine transformations in the data space, to discover structure not captured
by the correlation.

o Satisfy: I(x; + x2) < max(I(x1),I(x2)) because, by the central limit theorem, x; + x2 must be more
normal (less interesting) than the less normal of x; and xo. It follows that I(x; + -+ +xn) < I(x) if
Xj,...,Xy are copies of x, and therefore I(N) < I(x) if A is normal.

4.6.1.1 Examples of projection indices

Consider a random variable t of expectation g and covariance matrix X.

o Average:
I(x) € BE{x}.
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In this case maxq=1 I (a’t) = [|p for a = p/ ||

Variance: _
I(x) = var {x}.

In this case max|ja|—1 I(aTt) = \; for a = uy, the largest eigenvalue of ¥ and its associated normalised
eigenvector, respectively. In other words, this index finds the first principal component. PCA is then a
particular case of projection pursuit.

Standardised absolute cumulants k,,(x) (defined in section A.2):

act |km (X
I(X) - ]€|2(X§m>/|2

160 7(0) 2 E { (2650 (20t e))T}

where p(x; 0) depends on some parameters 8. J(6 = cov {x}) is minimised by the normal density (Huber,
1985).

m > 2.

Fisher information:

Negative Shannon entropy:
16 = <o) = B {lnp()} = [ plx) lnplx) dx

For fixed variance, this index is minimised by the normal density (Cover and Thomas, 1991). Its drawback
is that it is difficult to compute, so that several approximations have been proposed. Jones and Sibson
(1987) propose two ways to evaluate it:

— By numerical integration or implementing it as a sample entropy: % 25:1 Inp(a’t,), where p is a
nonparametric density estimate of the projected points a’t,. Both are very slow to compute.

— Approximating p by an expansion in terms of the cumulants (skew and kurtosis); for 1D projections:

1 2, 1,0
/plnpfvﬁ (k3+4k4>.

Cumulant-based approximations to the differential entropy arise from a Gram-Charlier or Edgeworth
polynomial expansion of the density (Kendall and Stuart, 1977) and have been also used in the context
of independent component analysis (Comon, 1994). However, they give a poor approximation to the
entropy, since the cumulants are much more sensitive to structure in the tails of the distribution than in
its centre (a fact that is accentuated if the cumulants, being very sensitive to outliers, are estimated from
finite samples). Also, the skew and kurtosis are not meaningful for multimodal distributions. For 1D
projections, Hyvérinen (1998) gives a further approximation of the differential entropy based on a first-
order approximation of the density of maximum entropy given some simple constraints. In section 8.7.6
we give upper and lower bounds for the entropy of a Gaussian mixture of known parameters.

Jones (1983) found little difference in practice between [plnp and [ p?. However, for fixed variance the
integral [plnp is minimised by the normal distribution, while [ p? is minimised by the Epanechnikov
kernel (Silverman, 1986).

The original univariate index of Friedman and Tukey (1974), of difficult optimisation and dependent on
a parameter h, is large whenever many points are clustered in a neighbourhood of size h. Huber (1985)
noted that this index is essentially based on [ p? = Hp||§ =E, {p(x)}.

The univariate exploratory projection pursuit index of Friedman (1987):

I(zx) = /11 (p(u) — ;)2 du = /11p2(u)du— %

where u = 2®(z) — 1 € [~1,1] and @ is the standard normal cdf (the data are assumed to have been
sphered). w is uniform in [—1,1] if = is standard normal in (—o0o,00) and hence nonuniformity of u
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will mean nonnormality of . The index is minimised by the normal distribution and in practice it is
implemented approximately by a Legendre polynomial expansion.

This index can be reexpressed by transforming back from the u variable to = as

[T e ew)?
”x)‘/_w 20w

which suggests some variations, such as [ (p — ¢)? (Hall, 1989) or [ (p — ¢)?¢ (Cook et al., 1993).

e Intrator and Cooper (1992) present an objective function formulation of the BCM neuron (a synaptic
modification rule proposed to explain visual cortical plasticity by Bienenstock et al., 1982) which is
equivalent to a projection index that seeks multimodality.

Many other indices exist, often designed for one- or two-dimensional projections, that measure various kinds
of departure from normality (e.g. Eslava and Marriott, 1994; Posse, 1990, 1995). Extension to high dimensions
is often difficult.

Indices based on polynomial moments operate by approximating the density by a truncated series of
orthogonal polynomials (Legendre, Hermite, etc.), such as the cumulant-based indices mentioned. They do
not have to be recomputed at each step of the numerical procedure, as they can be derived for each projection
direction from sufficient statistics of the original data set. However, they perform poorly unless high-order
polynomials are used, since deviation from normality cannot be captured in second-order correlations, as
mentioned in the discussion of independent component analysis (section 2.6.3).

4.6.2 Projection pursuit regression and density approximation

Low-dimensional projections of a distribution can be used as building blocks for function approximation. If
the number of projections used L is smaller than the number of predictor variables D, then this combines
dimensionality reduction (of the predictor variables) and regression. This idea is the basis of the following
procedures:

Projection pursuit regression (Friedman and Stuetzle, 1981) is a nonparametric regression approach that
works by additive composition, constructing an approximation to the desired response function by means
of a sum of low-dimensional smooth functions, called ridge functions, that depend on low-dimensional
projections through the data (we consider a one-dimensional function for simplicity):

L
f&) = aal't).
=1

Algorithms exist to estimate the projection directions {al}{‘:1 and ridge functions {gl}lel nonparametri-
cally (Friedman and Stuetzle, 1981) or parametrically, using a neural network (Hwang et al., 1994; Zhao
and Atkeson, 1996).

Generalised additive models (Hastie and Tibshirani, 1990) are a particular case of projection pursuit
regression where the projection directions are fixed to the coordinate axes:

D

) =a+> galta).

d=1

It is more easily interpretable and the individual components g4(tq) can be plotted, but it is more
restricted. Hastie and Tibshirani (1990) give a backfitting!? algorithm to estimate {gq}%_, nonparamet-
rically.

Multivariate adaptive regression splines (MARS) (Friedman, 1991) are an extension to generalised addi-
tive models to allow interactions between variables: each basis function g4 is a product of one-dimensional
spline functions, each one depending on one data variable.

Several methods developed in the chemometrics literature, such as principal component regression and
partial least squares (reviewed by Frank and Friedman, 1993) are also closely related to projection pursuit

12The backfitting algorithm is an iterative method to fit additive models that fits each term to the residuals given the rest. It
is a version of the Gauss-Seidel method of numerical linear algebra.
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regression'. Such methods include mechanisms to determine the number of projections that gives the
smallest regression error on a test set. They usually perform much better than ordinary least squares
regression when the sample size N is smaller than the dimensionality D and the predictor variables have
a high degree of collinearity (as is the case in many chemical applications).

Projection pursuit density approximation (Friedman et al., 1984) uses a multiplicative composition so
that the estimate can be nonnegative and integrate to 1:

L

F@&) =[] maft).

=1

Friedman et al. (1984) and Huber (1985) give algorithms to fit the model. This approach is related to
the recently proposed product-of-experts architecture (Hinton, 1999).

4.7 Local dimensionality reduction

In local dimensionality reduction methods, a global model for the data manifold is built as a combination of
several simple local models (usually linear). This is justified by several reasons:

e Taylor’s theorem: any differentiable function becomes approximately linear in a sufficiently small region
around a point.

e The data manifold may actually consist of separate manifolds which may or may not be connected
together in one piece; i.e., it may be clustered.

e The intrinsic dimensionality of the data may vary along the manifold. Consider, for example, a manifold
with the aspect of fig. 4.6; or the Lorenz attractor (Peitgen et al., 1992), which globally spans three
dimensions but locally can be described with only two in most of the space (fig. 4.12).

e The intrinsic dimensionality may not vary, but the orientation may vary as one moves along the manifold.
For example, the Lorenz attractor could be embedded in two non-parallel planes.

The key point is that, while the global data manifold may be highly nonlinear and require the whole data
space to embed it, individual parts of it may require simple, linear models. In fact, using a complex global
model able to represent a large number of manifolds (via a large number of parameters), such as nonlinear
autoassociators (section 4.5.2), has several disadvantages:

e The power of the model is wasted in those areas of the space where the manifold is approximately linear.
e A large data set is required to fit a large number of parameters.

e Training becomes difficult because, due to the high flexibility of the model, the error function is likely
to have a lot of local minima.

In contrast, in local dimensionality reduction we split the global manifold into simple parts that can be
learned easily: fast, with little data and no (or few) local minima. This, then, does not result anymore in
a single, global dimensionality reduction mapping (from the data space to a single low-dimensional space)
because each local mapping has its own low-dimensional space with its own dimension; and likewise there
is no single, global reconstruction mapping. This also happened with mixtures of latent variable models
(section 2.9.3). Local dimensionality reduction thus requires:

e Simple dimensionality reduction models as building blocks (typically PCA), usually distributed around
the space and each one having a limited reach (hence the locality).

e A way to determine the dimensionality of each component.

e A responsibility assignation rule that, given a point in data space, assigns a weight or responsibility for
it to each component. This can be seen as clustering.

e A way to learn both the local models (manifold fitting) and the responsibility assignment (clustering).

13Surprisingly, Frank and Friedman (1993) make no mention of projection pursuit regression in their review of chemometrics
regression tools.
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Figure 4.12: The Lorenz attractor can locally be described with two dimensions in most of the three-dimensional
space.

The responsibility assignation can be hard or soft:

e Hard: a single component receives all the responsibility and the rest receive no responsibility at all. Tt
is a winner-take-all approach, usually a form of vector quantisation.

e Soft: the responsibility is distributed among all components as a partition of unity, so that when train-
ing, a given data point will result in an update of all components; and when reducing dimensionality,
the reduced-dimension representative will be the average of the local reduced-dimension representatives
weighted by the respective responsibilities.

It has been observed empirically that soft assignation of responsibilities outperforms hard assignation, which
in a probabilistic framework is a consequence of the optimality (in the Ly sense) of the mean of a distribution
to represent the whole distribution—the mode (a form of hard assignation) not being optimal. But the
average of two points in different local models need not (and probably will not) belong to the global manifold.
We found this situation in section 2.9.1 when having to pick a point of the posterior distribution in latent
space as reduced-dimension representative, and we will find it in more detail in chapter 7 when reconstructing
arbitrarily missing values. The moral is that data points for which more than one local model are significatively
responsible are problematic.

Also, a soft assignment will yield a continuous dimensionality reduction mapping (if the local models have
continuous dimensionality reduction mappings as well), which violates the self-consistency condition (4.2) of
principal curves, as discussed in section 4.8.

From a probabilistic point of view, the concept of local models and responsibility assignation is naturally
expressed as a mixture (of latent variable models) and was covered in section 2.9.3. The training criterion is
then log-likelihood rather than reconstruction error, since the probability model attempts to model the noise
as well as (and separately from) the underlying manifold. Formulating the local dimensionality reduction
problem as a mixture of distributions results in a unified view of the whole model and its probabilistic nature
brings a number of well-known advantages, in particular the fact that typically we can derive an EM algorithm
that will train all parameters (those of the local models and those of the responsibility assignment) at the same
time, with guaranteed convergence and often in a simple way: the E step assigns the responsibilities while the
M step fits each local model. Other advantages and also disadvantages are mentioned in the conclusions of
the thesis (chapter 11).

In the rest of this section we briefly mention some local dimensionality reduction approaches that do not
define a density model in the data space. As one would expect, all of them use PCA-based components,
given the attractive properties of PCA mentioned in section 4.5. Therefore, the global manifold is piecewise
linear; we can visualise it as a collection of patches glued together. In the region of data space where a
given individual model is much more responsible than all the others the dimensionality reduction mapping
is then the orthogonal projection on the local principal component subspace. Therefore, the self-consistency
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initialise

{1, }M_, « random subset of the data points Centroids
o —1 for each m = 1,..., M Covariances
repeat

Assign each data point to the cluster that best reconstructs it Hard assignation

for m = 1,...,.M For each cluster
i, — mean of data points assigned to cluster m Update centroids
3., < covariance matrix of data points assigned to cluster m Update covariances
U,,, « first principal components of ¥, Update local PCA directions

end

until the fractional change in average reconstruction error is small
return {p,,, U, }M_,

Figure 4.13: Pseudocode of the VQPCA algorithm of Kambhatla and Leen (1997).

condition (4.2) of principal curves is locally satisfied. Globally this need not be true—and it certainly is not
in the case of soft assignment.

Bregler and Omohundro (1994, 1995) perform the clustering with a Gaussian mixture starting from the
k-means solution (Duda and Hart, 1973) and associate to every centroid thus obtained a local PCA. Although
the algorithmic details are not clear in these papers, it seems that a fixed number of nearest neighbours of each
centroid is used to compute a local covariance matrix, from which one infers how many principal components
to keep as well as the local principal component subspace. Therefore, some data points may participate in
the covariance matrices of different, neighbouring centroids. The dimensionality reduction is soft, where the
weight of each local model is its posterior probability (with respect to the Gaussian mixture density) given
the data point. They use this model for learning a space of lip shapes in a lip-tracking application.

The optimally adaptive transform coding of Dony and Haykin (1995) consists of a collection of principal
component subspaces with the peculiarity that they are centred at the same point. Therefore, no centroids
need to be estimated, although the approach is clearly more limited. Responsibility is computed in a hard
fashion both for dimensionality reduction and for training (i.e., for a given data point only one model has its
orientation updated). The winner model is the most parallel to the data vector, i.e., the one over which the
projection of the data vector is longest. The update of the model is done via an online PCA algorithm, such
as those mentioned in section 4.5.1. They use the model for compression and feature extraction of images.

Hinton et al. (1997) applied a mixture of PCAs to model the manifold of handwritten characters. Each PCA
module was implemented with a linear autoassociator and both hard and soft versions of training were used,
based on k-means and EM, respectively. For the soft version, the training criterion was a log-likelihood function
derived from an image model (not from a probabilistic view of PCA). They found a similar performance
between the mixture of PCAs and a mixture of factor analysers (which generates a density model for the
data).

The vector quantisation PCA algorithm (VQPCA) of Kambhatla and Leen (1997) uses a vector quantisation
algorithm to produce a hard partition of the data space (a Voronoi tessellation, defined in section 4.10.2). In
each of the Voronoi cells a separate PCA is fitted, whose and mean covariance matrix are calculated from the
data points in that cell. Rather than assigning data points to centroids using the Euclidean distance, they
use a distortion function that takes into account not only the distance to the centroid but also the projection
on its local subspace. The iterative algorithm is shown in fig. 4.13. They apply their model to dimensionality
reduction of speech and image data and show it to outperform nonlinear autoassociators in both speed and
reconstruction error.

It is interesting that the partitions formed when clustering according to reconstruction error alone can be
nonlocal, as simulations by Kambhatla and Leen (1997) and Tipping and Bishop (1999a) showed.

The literature contains many similar local dimensionality reduction models, so the ones we have presented
should be considered only as representative. References to such other models can be found in several of the
papers mentioned (Hinton et al., 1997; Kambhatla and Leen, 1997; Tipping and Bishop, 1999a). The same
kind of ideas has been used not only for dimensionality reduction but also for regression and classification, as
in the hierarchical mixtures of experts of Jordan and Jacobs (1994).
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a. Linear, nonsymmetric: regression line. b. Linear, symmetric: principal-component line.

c. Nonlinear, nonsymmetric: regression curve. d. Nonlinear, symmetric: principal curve.

Figure 4.14: Principal curves as generalised (nonlinear, symmetric) regression. (a) The linear regression line
minimises the sum of squared deviations in the response variable (or in the independent one, for the dashed
line). (b) The principal-component line minimises the sum of squared deviations in all the variables. (c)
The smooth regression curve minimises the sum of squared deviations in the response variable, subject to
smoothness constraints. (d) The principal curve minimises the sum of squared deviations in all the variables,
subject to smoothness constraints. From Hastie and Stuetzle (1989).

4.8 Principal curves

Principal curves are intuitively defined as smooth curves that pass through the middle of a D-dimensional data
set, providing a nonlinear summary of it (Hastie and Stuetzle, 1989). They are estimated in a nonparametric
way, i.e., their shape is suggested by the data. Their motivation is a generalisation of regression (see fig 4.14):

e Linear regression minimises the sum of squared deviations in the response variable y = ax+b (i.e., in the
vertical direction in an X-Y graph). Thus changing the roles produces a different regression line (dotted
line).

e The first principal component is a regression line symmetrical with respect to all the variables, minimising
orthogonal deviation to that line.

e Nonlinear regression produces a curve that minimises the sum of squared deviations in the response
variable (the vertical deviations) subject to some form of smoothness constraint. Again, changing the
roles produces a different regression curve.

e Principal curves are a natural generalisation for nonlinear, symmetric regression: they attempt to min-
imise the sum of squared deviations in all the variables (i.e., the orthogonal or shortest distance from
the curve to the points) subject to smoothness constraints.

Therefore, if we consider that f: 2 € X C R — t = f(x) € R is a smooth curve in RP parameterised by its
arc length x, principal curves define, in the sense of section 4.2:
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e A dimensionality reduction mapping F: given t € R’ F(t) is the arc length of the nearest point'# in
the curve to t in the Euclidean distance, i.e., the arc length of its orthogonal projection on the curve.

e A reconstruction mapping f given by the principal curve parametric equation, f(z).

The advantage of using the arc length parametrisation is that the distance along the curve between points
f(z1) and f(x2) is simply |1 — z2| (i.e., the geodetic distance, which in general is larger than the Euclidean,
or straight-line, distance between f(z1) and f(z2)).

We say that a curve is self-consistent with respect to a distribution if the average of all data points that
(orthogonally) project onto a given point on the curve coincides with the point on the curve:

Ve X: E{t|F(t) =z} = f(z). (4.2)

We can then say that principal curves pass through the middle of the data in a smooth way and are self-
consistent for that distribution. Using this property, Hastie and Stuetzle (1989) prove that, for a given
distribution, principal curves are the stationary points of the average of the Euclidean distance of a data point
to its projection on the curve for perturbations of bounded norm and bounded derivative. This result, verified
by principal components if only straight lines are considered, confirms the aforementioned role of principal
curves as nonlinear, symmetric regression.

However, this definition of principal curves poses several questions: for what kinds of distributions do
principal curves exist, how many different principal curves exist for a given distribution and what are their
properties? These questions have only been answered for some particular cases:

e For ellipsoidal distributions (e.g. the normal distribution) the principal components are principal curves.
In higher dimensions, the subspaces spanned by any subset of principal components are principal mani-
folds.

e For spherically symmetric distributions any straight line through the mean is a principal curve.

e For 2D spherically symmetric distributions a circle with centre at the mean and radius E {||t||} is a
principal curve too and has smaller expected squared distance from the distribution than the straight
lines.

e If a straight line is self-consistent, then it is a principal component. In other words, linear principal
curves are principal components.

For a model of the form t = f(z) + e, with f smooth and E {e} = 0 (such as all the latent variable models
described in chapter 2), f is not a principal curve in general, as fig. 4.15 shows. This means that the principal
curve is biased for the functional model, although the bias seems to be small and to decrease to 0 as the variance
of the errors gets small relative to the radius of curvature of f. This bias is a consequence of the self-consistency
condition (4.2); in fact, relaxing it to the condition (2.5) and considering t and x as random variables results
in a continuous latent variable model, which is unbiased by definition (eq. (2.5) in section 2.3.1). Banfield
and Raftery (1992) give a robust estimation method for closed principal curves that reduces both bias and
variance.

The definition of principal curves can be naturally extended to several dimensions, in which case we could
call them principal manifolds (although the arc length, or unit-speed, parameterisation is not naturally defined
for more than one dimension). However, once again the curse of the dimensionality makes smoothing in several
dimensions hard unless data are abundant. Note also that principal curves depend critically on the scaling of
the features, as all projection techniques do.

The definition of the projection on the principal manifold M as orthogonal projection leads necessarily to
discontinuities in the dimensionality reduction mapping if the projection sets of two points in M intersect:

FtcF 1 (x1)NF 1 (xz) = is F(t) = x; or F(t) = x,?

An example is the centre of the circle in figure 4.15, since for any two points in the circle, F = (z1) NF~(25) =
{C}. Choosing one of the possibilities (as Hastie and Stuetzle (1989) do: the one with smallest arc length)
leads to a discontinuity at such point t. This will happen at some data points for any manifold except when
no two projection sets intersect, i.e., they are all parallel, which implies that the principal manifold is a
hyperplane—spanned by principal components.

Hastie and Stuetzle (1989) give a construction algorithm for principal curves, shown in fig. 4.16. Although
by definition principal curves are fixed points of this algorithm, it has not been proven to converge in general.
Observe that:

14For definiteness, in the exceptional case where there are several nearest points, we take the one with largest arc length.
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Figure 4.15: Bias in principal curves. In this example, the data distribution is t = f(z) + e where f is the
circle of radius R (solid line), parameterised by arc length z, and e ~ N(0,0°I). The radius of the shaded
circle is equal to o. For any point f(z) on the curve, F~1(x) (the set of points that are closest to f(z),
i.e., whose reduced-dimension representative is x) is, by symmetry, the half-line starting in the circle centre,
passing through f(z) and going towards infinity (marked thick). However, E {F~!(z)} # f(z) and therefore
the generating curve f is not self-consistent in the sense of condition (4.2). The radius of the self-consistent

-1
circle (dotted line) is larger than R and can be found to be equal to R + (1 + erf (UL\E)) ﬁae*%(?f.

e The algorithm converges to the first principal component if the conditional expectation operation is
replaced by fitting a least-squares straight line. Principal curves are then local minima of the distance
function (sum of squared distances).

e For probability distributions, both operations—projection and average or conditional expectation—
reduce the expected distance from the points to the curve; for discrete data sets this is unknown.

e The algorithm does not necessarily produce smooth curves, in particular at the curve endpoints.

e The smoothness of the resulting principal curve is sensitive to the size of the neighbourhood over which
averaging takes place.

By relaxing the self-consistency condition (4.2), Tibshirani (1992) redefines principal curves based on a
continuous mixture model and estimates it via an EM algorithm. His view is equivalent to nonparametric
estimation of a continuous latent variable model, as discussed in sections 2.5.2 and 2.3.1.1.

initialise
T+—0 Iteration counter
£ — first principal components Principal curve
repeat
Project the distribution onto £(7), i.e., compute F(T)_l(x) for each x € X. Projection step
f(T+1)($) — B {t|F(T)(t) = l‘} =E {F(T)il(ft)} Averaging step
Reparameterise f(7+1) in terms of arc length.
until f(T+1) = f(T) Self-consistence condition
return f(7)

Figure 4.16: Pseudocode of the construction algorithm for principal curves from Hastie and Stuetzle (1989).
Since principal curves are estimated nonparametrically, the averaging step requires a local average of the data
set.
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Hastie and Stuetzle (1989) give an alternative definition of principal curves, related to spline smoothing,
as curves that minimise the distance (conveniently defined) of the data points to the curve subject to a
smoothness constraint. Thus, it becomes a regression problem of the data {t,}Y ; as a function of the
unknown variables z1,...,z (in L dimensions). This is then very similar to latent variable models but
without a joint probability model for {t,x}. This second definition of principal curves has proven more
amenable to developments. LeBlanc and Tibshirani (1994) implement principal curves parametrically in this
sense using a MARS model (mentioned in section 4.6.2) extensible to higher dimensions. Kégl et al. (2000)
prove that, by restricting the definition to curves of a given length at most, such principal curves always exist
if the distribution has finite second moments and give a learning algorithm for them based on polygonal lines
(restricted to the one-dimensional case).

The natural interpretation of principal curves as nonlinear, symmetric regression seems very attractive
in terms of least-squares dimensionality reduction. However, before they become a practical framework for
dimensionality reduction, a number of theoretical and practical questions must be answered and estimation
algorithms that work in arbitrary dimensions must be developed.

4.9 Methods based on vector quantisation

Vector quantisation (Gray, 1984; Gray and Neuhoff, 1998) consists of summarising a data distribution in data
space R via a discrete collection of reference or codebook vectors {pu,,}»_; C RP. Once the codebook
has been constructed (the reference vectors trained), for which various algorithms are available, a given data
point t € RP becomes quantised to the closest reference vector to it according to some convenient distance,
usually the Euclidean. As such, vector quantisation is useful for classification but not for dimensionality
reduction. A limited form of dimensionality reduction becomes possible if one imposes a topographic structure
on the reference vectors. This can be done via a learning rule or objective function that, at the same time
that it tries to fit the reference vectors to the data, discourages configurations that violate the topographic
arrangement. Several such methods exist, of which we mention two: Kohonen’s self-organising maps and the
elastic net.

None of these methods properly defines a manifold that embeds the reference vectors'®: the L-dimensional
manifold in data space is defined indirectly by the location of the reference vectors. Therefore, no continuous
dimensionality reduction and reconstruction mappings in the sense of section 4.2 are derived: given a data
point, all one can do is to assign it to the closest reference vector and use its associated knot in the topographic
arrangement as reduced-dimension representative, or interpolate in some way. This latter option consists of
defining dimensionality reduction and reconstruction mappings by assuming the low-dimensional space to be
embedded in an Euclidean space (e.g. by placing the lattice nodes of a self-organising map in the X = [0,1]”
hypercube in an equispaced way) and then fitting a regularised universal mapping approximator to the functions

x LT (reconstruction) and/or T B (dimensionality reduction), learned in a supervised way from the
reference vectors and lattice points.

4.9.1 Kohonen’s self-organising maps

Let {t,}2_, be a sample in the data space 7 = RP. Kohonen’s self-organising maps (SOMs) (Kohonen, 1995)
learn, in an unsupervised way, a mapping between a 2D lattice'® X and the data space that preserves the
two-dimensional topology of the lattice and adapts to the manifold spanned by the sample. One can visualise
the learning process as a flat sheet that twists around itself in D dimensions to resemble as much as possible
the distribution of the data vectors.

Each of the reference vectors {u,,}*_; in data space is associated with a node v,, in the 2D lattice X.
Assume we have defined two distances (typically Euclidean) d7 and dy in the data space and in the lattice,
respectively. The topology of the lattice is determined by the neighbourhood function h(v,,, v, ). This is
a symmetric function with values in [0, 1] that behaves as an inverse distance in the lattice: h(vy,,vy) =1 for
any node v, and, given a node v,,, for any other node vy;,» h(Vy, vy ) is smaller the farther apart node v,/ is
from node v,, in the lattice. The neighbourhood of node v,, is composed of those nodes for which h(v.,, V)
is not negligibly small. In practice, usually A(vy,, Vi) = exp(—dx (Um, vm:)/202), where o quantifies the range
of the neighbourhood.

150ne can always fit an interpolating manifold of some kind to the reference vectors once these have been trained, but this is
then the original problem applied to the reference vectors rather than to the original sample.
161n the typical case, but the idea is valid for L-dimensional topological arrangements.
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The reference vectors are initially distributed at random (or perhaps are a random set of the data vectors,
or are scattered along the first principal components). A competitive learning rule, Kohonen learning, is
applied iteratively over all data vectors until convergence is achieved. Given a data vector t,,, let u,,. be the
reference vector closest to t,, in data space:

m" =arg min dr(py, tn).

Learning occurs as follows (where 7 is the iteration index and (™) € [0,1] is the learning rate):
T = D) 4+ @R e o) (60— ) = (L= Pty +

i.e., reference vector p,, is drawn a distance p = a(Mp) (U, U ) toward data vector t,. The update affects
only vectors whose associated nodes lie in the neighbourhood of the winner v,,,» and its intensity decreases with
the iteration index 7 because both a(7) and the range of h("”) must decrease with 7 for convergence reasons.

Intuitively it seems that the reference vectors u,, will become abundant in regions of R where the t,, are
common and sparse where the t,, are uncommon, thus following the distribution of the data vectors. However,
they do not approximate the data density even with infinite data; in fact, they underestimate the density
where it is high and overestimate it where it is low (Kohonen, 1995, p. 110-111).

A batch training algorithm for SOMs exists that can be written as (see Mulier and Cherkassky, 1995 and
references therein):

(T+1) _ Z%:l AT (0 — Um)MSJ')NE;’)
" Sy B (0 = )N

m’=1

where Ng,) is the number of data points {t,, }__, that lie in the Voronoi cell of reference vector ug,) (i.e., the
number of data points whose closest reference vector is ug,) ) and each iteration contains the updates due to
all the data points. This equation has the form of a kernel regression (Nadaraya-Watson estimator; Silverman,
1986) where the response variables are the data variables t, the predictor variables are the nodes v (which can
be assumed to lie on an Euclidean space), the (unnormalised) kernels are h(7) (v, — v)anT,) and the “training

set” is {(vpm, u%)) M_. | with both kernels and training set depending on the iteration index 7. From this
point of view, at each iteration the SOM defines a continuous mapping t = f (T)(v) from latent space onto data

space:

M T T), (T
f(T)(’U) _ Zm’:l h( )(Um’ - U)an/)ll’gn/)
ZM R (v — v)anT,)

m/=1
as Mulier and Cherkassky (1995) argue. However, for 7 — 0o, h(7) (v, — v) — §(vpy — v) and so the mapping
£() is only defined at the nodes {v,, }}*_,. Thus, a trained SOM does not define a continuous mapping from
latent to data space.
In summary, Kohonen learning creates an L-dimensional arrangement such that:

e The number density of reference vectors in data space is approximately proportional to a power (smaller
than one) of the data probability density.

e The mapping from the L-dimensional arrangement into data space (ideally) preserves the topographic
ordering: nearby points in the data space are mapped onto nearby points in the lattice.

Kohonen’s SOMs have proven successful in many practical applications, particularly in visualisation. How-
ever, their heuristic nature results in several shortcomings:

e Many parameters must be tuned by trial and error with little guarantee of success: the shape of the
lattice (rectangular, etc.), the number of codebook vectors or the schedules for the evolution of the
neighbourhood function and learning rate. In general, no schedules that guarantee convergence and no
proofs of convergence exist. Thus, training is unreliable. However, the shape of the neighbourhood
function is largely irrelevant (as happens in kernel estimation).

e No cost function to optimise can be defined, although SOMs have been shown to be approximately
related to probabilistic cost functions (Luttrell, 1994; Utsugi, 1997a,b).

e Neither a probability distribution function nor a manifold function is obtained for the data.

Table 4.4 compares Kohonen’s SOMs with GTM (section 2.6.5), which—being defined as a latent variable
model—enjoys much more attractive theoretical properties. The table applies to most of the variations of
SOMs that have been proposed (see Kohonen, 1995 for a review).
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SOM

GTM

Internal representation of
manifold

Nodes {v,,}M_, in L-dimensional
array, held together by neighbour-
hood function h

Point grid {xx }/_, in L-dimensional
latent space that keeps its topology
through smooth mapping f

Definition of manifold in
data space

Indirectly by locations of reference
vectors

Continuously by mapping f

Objective function

No

Yes: log-likelihood

Self-organisation

Difficult to quantify

Smooth mapping f preserves to-
pology

Convergence

Not guaranteed

Yes, by the EM algorithm

Smoothness of manifold

Depends on a(™) and A"

Depends on basis functions parame-
ters and prior distribution p(x)

Generative model

No; hence no density function

Yes

Additional parameters to

(™, h(7) arbitrarily

None

select

Speed of training Comparable according to Bishop et al. (1998b)

Approximated by the difference be- | Exactly computable anywhere

tween reference vectors

Magnification factors

Table 4.4: Comparison between GTM and Kohonen’s SOM.

4.9.2 The elastic net

The travelling salesman problem (Lawler et al., 1985) is a combinatorial optimisation task that requires to
find the shortest circular tour through a set of N cities that passes through each city exactly once. It is an
NP-complete problem: solving it is @(e"). The elastic net algorithm (Durbin and Willshaw, 1987) generates
good solutions in much less time by stretching a circular tour formed by M knots elastically linked in succession
to fit the cities (the topographic arrangement of the elastic net can be extended to any dimension); that is, it
is an algorithm for continuous, rather than discrete, optimisation. Let {t,})_, represent the positions of the
N cities in RP and {u,,}*_, the elastic net knots. The algorithm consists of the updating rule
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where « and ( are constants and K is the scale parameter (which is typically annealed, i.e., slowly decreased
to zero). The « term pulls the path toward the cities while the 5 term pulls neighbouring path points toward
each other. The rule can be seen as an energy minimisation (or wiring length minimisation in the context of
cortical maps; Durbin and Mitchison, 1990):

N M .
—aK > In (Z o3
n=1 m=1

or (by exponentiation, analogously to the use of the Boltzmann-Gibbs distribution in statistical mechanics) as
a maximum a posteriori estimation of the following probability model (Durbin et al., 1989):

def
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o 2
e Prior probability of a tour that favours short tours: p({s,, }M_,) & Hf\n/lzl e~ mox [Hm—tmea " That

is, a correlated Gaussian. Topologies other than the nearest-neighbour one can be used (Dayan, 1993;
Utsugi, 1997a).
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2
) . That is, a product of Gaussian mixtures with

e Probability of the city collection given a tour: p({t,
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isoprobable components centred at the tour knots.
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The algorithm minimises E at large K, where there is a single minimum, and then tracks the minimum down
to small K, where every city location t,, is matched by some tour knot w,,, as Durbin et al. (1989) prove.

4.10 Distance-preserving methods

In this section we discuss an approach to dimensionality reduction based on representing the data manifold
by a low-dimensional Euclidean space where the distances between observed points are preserved. This is a
purely geometric point of view, as opposed to the generative one of latent variable models or the minimum
squared reconstruction error (orthogonal projection) of several of the methods of this chapter. That is, given
a noisy sample {t,,}2_; from a data manifold M C 7 C RP of dimensionality L < D, the aim of distance-
preserving methods is to find a collection of points {x,})_; in a metric space X C R associated with the
high-dimensional sample such that the distance (to be defined) between two points t,, and t,, is approximately
the same as the distance (usually Euclidean) between their associated low-dimensional points x,, and X;,.

The low-dimensional Euclidean space X is not unique, since any rigid motion (translation, orthogonal
rotation or reflection) of the {x,}2Y_; points preserves the distances between them; and the topology of X
should match that of the data manifold M. For example, if the latter is a closed surface, then using a
rectangular low-dimensional space will lead to discontinuities.

Regarding the construction of a dimensionality reduction mapping 7 F, X and a reconstruction mapping
x5 T, there are two possibilities:

e Implicit definition: analogously to the case of methods based on vector quantisation, the data mani-
fold is implicitly defined through the collection of points {t,,}2_; in data space, and together with their
associated points {x,}_; in the low-dimensional map, a dimensionality reduction mapping and a recon-
struction mapping are also implicitly defined. Such implicit definitions can be made explicit by fitting to
them a regularised parametric model with supervised learning, e.g. an MLP with weight decay. Regular-
ising the mapping approximator is very important since the whole process implicitly assumes that there
is no noise—clearly a dangerous assumption since the interpoint distances (either through a straight
line or through a geodesic) are heavily influenced by noise. Traditional multidimensional scaling, the
Sammon mapping and methods based on geodetic distances generally belong to the implicit-definition

type.

e Explicit definition: rather than directly learning the map points {x, }_,, define a parametric dimen-
sionality reduction mapping x o F(t; ©) and learn instead the parameters ® that minimise the stress
function (4.4) below. This allows to map new data vectors not in {t,, }_; and has the additional advan-
tage of having fewer parameters compared to directly learning {x,,}2_; (which requires LN parameters).
This approach has been proposed by Webb (1995) (see also Webb, 1999), who used a radial basis function
network for F with multidimensional scaling and iterative majorisation'” as stress minimisation algo-
rithm; and by Mao and Jain (1995), who used a multilayer perceptron for F with Sammon’s mapping
and online gradient descent (resulting in a variation of backpropagation) with an optional momentum
term as stress minimisation algorithm.

4.10.1 Multidimensional scaling (MDS)

Multidimensional scaling (MDS) (Cox and Cox, 1994; Kruskal and Wish, 1978; Mardia et al., 1979; Webb,
1999) is the traditional statistical method for uncovering structure in a data set by plotting a low-dimensional
map that preserves the proximities in the (high-dimensional) data set. That is, MDS plots similar objects
close together. It has been applied to psychology, sociology, anthropology, economy, educational research, etc.
MDS is actually a set of mathematical techniques differing in various theoretical and algorithmic aspects.
Suppose we have a set of N objects and that a measure of the similarity of these objects with each other
is known. This measure, called prorimity, is a number that indicates how similar two objects are or are
perceived to be. It can be obtained in different ways, e.g. by asking people to judge the psychological closeness
of the stimulus objects. What MDS does is to draw a spatial representation or map in which each object
is represented by a point and the distances between points resemble as faithfully as possible the original

ITterative majorisation is an minimisation algorithm where at each iteration one defines a majorisation function (i.e., an upper
bound of the objective function) that has a single, easily computable minimum—typically a quadratic function. Under certain
conditions, the sequence of minima converges to a minimum of the objective function. It does not require computing gradients of
the latter but is very slow.
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Figure 4.17: Left: data from Rothkopf (1957) on similarities among Morse code symbols. Right: 2D map
obtained for the Morse code similarities by Shepard (1963) with multidimensional scaling.

similarity information; i.e., the larger the dissimilarity between two objects, the farther apart they should be
in the spatial representation. This geometrical configuration of points reflects the hidden structure of the data
and often makes it much easier to understand.

Let us consider a classical example. Confusions among 36 auditory Morse code signals were collected by
Rothkopf (1957). Our “high-dimensional” objects are here the signals, each of which consists of a sequence
of dots and dashes, such as -.- for K and ..--- for 2. Subjects who did not know Morse code listened to a
pair of signals (produced at a fixed rapid rate by machine and separated by a quiet period of 1.4 seconds),
and were required to state whether the two signals they heard were the same or different. Each number in the
table of fig. 4.17 is the percentage of roughly 150 observers who responded “same” to the row signal followed
by the column signal. This matrix is roughly symmetric, with large diagonal entries and small off-diagonal
entries, as expected, and contains the proximities data. Figure 4.17 (right) shows the result of applying MDS
to those proximities (from Shepard, 1963) using a two-dimensional map. The 36 circles represent the points
found and are labelled with the corresponding Morse code. In this case, MDS clearly shows that the data are
governed by a sort of length parameter, the number of components of the signal, as well as by the individual
numbers of dots and dashes.

All is needed for MDS is the proximities matrix, not the actual locations of the objects in a hypothetic
high-dimensional space, which may be nonsensical, as in the Morse code example. The proximities need not be
distances in the mathematical sense; in particular, they need not satisfy the symmetry property or the triangle
inequality. However, for the dimensionality reduction problem these proximities will be determined from a set
of points {t,}"_; in a high-dimensional space 7 C RP. Typical definitions of proximity for this case are the
Euclidean distance (Lg-norm), the Mahalanobis distance with respect to some (semi)positive definite matrix
(e.g. the inverse data covariance matrix, in which case it is equivalent to applying MDS to the presphered
data), the Manhattan distance (Li-norm), etc.

Formally, assume the input data are the pairwise proximities!® {6, }

set {t,})_,, then 6,m = dr(tn,ty). For an L-dimensional map, the output data will be a set of points
{xn}nNzl C RE, referred to some unimportant coordinate system, such that the distances dy,p, < dy (X, Xm)

VYn,m =1,..., N (typically Euclidean) are as close as possible to a function f of the corresponding proximities,

N

nm—1- 1f they come from a data

18 This is called two-way MDS. In three-way MDS we have several sets of proximities (e.g. in different times or by different
subjects).
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Figure 4.18: The horseshoe phenomenon. The graph shows a two-dimensional Euclidean map obtained by
MDS where points whose associated objects have a similarity above a certain threshold are linked by a line.

f(0nm). The computational procedure is as follows. Define an objective function, traditionally called stress,
such as:

N 2
stress({xn}i\’:h f) def \/Zn,m_l (f((snm) — dnm)

scale factor

(4.4)

where the scale factor will typically be ngzl d?, . If the map is defined via a parametric function F,

x = F(t;0), then dpp = dy(F(ty,; 0), F(t,,; ®)) and so the stress is a function of ® and f. Then, find the
function f and the map {x, })_, or ® that produce the minimal stress (for which there are several algorithms
available).

If f is constrained to be monotonic, the ordering of the distances will be preserved (even if they are
nonuniformly stretched or shrunk). Such MDS is called metric. The particular case where f is the identity (or

linear) and the stress function is ijm:l (8pm — dnm)? is called classical scaling and has an analytic solution
which, if the distances come from a data set in an Euclidean space, is basically equivalent to PCA. If only
the ordering of the proximities is used (but not their values), the MDS is called nonmetric or ordinal and is
particularly suitable when the distances are qualitative and only determine a rank

Once f and {x,}_; or ® have been determined, the solution map can be freely translated and rotated
(perhaps to appear in a more aesthetical way) without changing the value of the stress. f can be plotted
together with the pairs (0, dnsm) in a scatter (or Shepard) diagram, that plots the distance in L-dimensional
space versus the proximities. If the proximities are dissimilarities (i.e., dissimilar objects have a large proximity
value), it will be a rising pattern; otherwise, it will be a falling one. If each of the objects has an associated value
Yn, regression can be performed on the generated map to further help to interpret the data: {(x,,vyn)}_;.

Degeneracy can happen if the objects have a natural clustering and the dissimilarities between objects in
different clusters are (almost) all larger than the dissimilarities within each cluster. In this case, (almost) all
points of a single cluster will converge to a single location, the stress will converge to 0 and the scatter diagram
will be a staircase.

4.10.1.1 Selection of the map dimension

Obviously, the larger the dimension of the map is, the smaller the stress will be, but one should keep L as
small as possible, ideally to match the intrinsic dimensionality of the data (in a visualisation application one
will even force L to be less than 3, but for generic dimensionality reduction this is not necessary). Too small
a dimension of the map can give a misleading view of the data. For example, points apparently clustered in a
2D map can actually lie far apart in a 3D one. For two-dimensional maps, a simple way to embed information
from the original data in the map is to draw a line between every pair of objects whose proximity exceeds
some threshold value: the presence of long, haphazardly crossing lines will indicate a discrepancy between
closeness in the data and closeness in the space. Clusters will only be valid if they are consonant with the
lines, i.e., points within a cluster should be well connected with each other and poorly connected with those
outside the cluster. Sometimes the lines can connect many points in some nonlinear shape, like in figure 4.18,
which suggests that only one curvilinear dimension would be enough to give a reasonable description of the
data. This is called the horseshoe phenomenon.

To assure an adequate degree of statistical stability, the map dimension cannot be arbitrarily large for a
given sample size. A rule of thumb often used in statistics (Kruskal and Wish, 1978) is that the number of
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(significant) pairs of objects should be at least twice the number of parameters to be estimated:

N(N - 1)

5 >2NL=N2>4L+1

but this just gives a trivial upper bound on L.

Another rule of thumb, analogous to the scree plot for PCA (plot of the cumulative eigenvalue sum versus
the number of components) is to plot the stress obtained for map dimensions L = 1,2,3... and try to
determine a cutoff point; for example, where the slope of the stress curve changes abruptly, or where the stress
falls below a certain threshold. As in PCA, there is no guarantee that such heuristic rules can find the intrinsic
dimensionality. Besides, while running PCA for different numbers of components is immediate, for MDS it
can be quite time consuming.

4.10.1.2 Problems of MDS

e There is no foolproof method to select the appropriate dimension of the map; one must try several.

e MDS does a much better job in representing large distances (the global structure) than small ones (the
local structure).

e Contrarily to principal component analysis, in MDS one cannot obtain an (L — 1)-dimensional map out
of an L-dimensional one by dropping one coordinate (or, in general, by linearly projecting along some
direction). That is, it does not verify the property of additivity mentioned in section 2.6.2.

4.10.1.3 The Sammon mapping

With the objective of preserving the interpoint Euclidean distances of a collection of real vectors {t,}Y_;,
Sammon (1969) proposed a particular type of MDS where the low-dimensional Euclidean space points {x,, }2V_;
are chosen to minimise the criterion

N
de 1 (6nm - dnm)2
E({Xn}r[:le) = N Z
Zn<m 57“71 n<m 5nm

where 6,,,, is the distance in R between t,, and t,, and d,,,,, is the distance in RY between x,, and x,,,. Unlike
in usual MDS, this criterion gives weight to small distances, which helps to detect clusters. The Sammon
mapping is the mapping implicitly defined by the pairs {(t,,x,)})_;. Sammon (1969) proposed a diagonal
Newton method to minimise the criterion function:

(r+1) _ () . (8E/ax'nl)(7-)
Tl T e T2 g 192, )()

with a “magical factor” i 2 0.3 or 0.4 and, as starting point for the {x, })_;, random values or the projections
on the first L principal components of the data. This algorithm is a poor minimiser according to Ripley (1996),
who notes that it often achieves very bad local minima from random starting points and that it is difficult to
set 1 to achieve convergence.

4.10.2 Methods for preserving the geodetic distances

In the problem we are concerned with, dimensionality reduction of continuous data, the distance between
points is the Euclidean distance in R” (the length of the straight line segment joining both points), or perhaps
some other definition of distance, which depends only on the point coordinates. However, this distance is
not useful because it ignores the data manifold: two points that are close in the Euclidean distance in R”
may be far from each other inside the (low-dimensional) manifold defined by the data, as fig. 4.19 illustrates.
Inputting such distances to an MDS or Sammon method would produce a wrong representation. The relevant
distances are really the distances along the manifold, or more precisely, the geodetic distances. The geodetic
distance between two points of a manifold is defined as a minimum of the length of a path joining both points
that is contained in the manifold, and such minimal-length paths are called geodesics!® (do Carmo, 1976).

19 Actually, a geodesic is usually defined as a curve on a manifold that has zero acceleration on the manifold, i.e., that the
acceleration vector (second derivative of the curve with respect to some parametrisation) is perpendicular to the manifold and
therefore its orthogonal projection on it is zero. From this definition follow some interesting minimising properties such as the
one mentioned.
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Figure 4.19: Distances along the straight line between two points (Euclidean distance) versus distances along
a geodesic in the manifold (geodetic distance). Points close in the former sense may be far in the latter.

Depending on the manifold, there may be more than one geodesic between two given points (e.g. in a sphere,
the two sections of a great circle passing through the two points are geodesics), but we will ignore that fact in
this discussion.

Computing geodetic distances along arbitrary nonlinear manifolds is complicated, requiring the solution
of the Euler-Lagrange equation for the arclength functional, which is a second order nonlinear differential
equation. A computationally feasible approach consists of discretising the manifold as a Delaunay triangulated
graph (Preparata and Shamos, 1985; Aurenhammer, 1991). Let us first define the Voronoi diagram. Given
a collection of M vectors {u,,}M_, in RP, the Voronoi diagram of R” induced by those vectors is the
collection of Voronoi cells {V,,, }}_, defined as

def

Voo Z{t eRP : d(t,p,,) <d(t,pm,) Vn#m} m=1,....M

i.e., cell V,, is the set of points closest to p,,, than to any other vector according to a certain distance d defined
in RP. Each Voronoi cell is a convex D-dimensional polyhedron (a D-polytope) and the union of all cells is
the space RP. The dual of the Voronoi diagram is the Delaunay triangulation of the collection {u,,}*_,
defined as the graph with vertices {v,, }}4_, (vertex v,, being associated with vector u,,) and adjacency matrix
A = (amn) verifying

1L, VNV, 490
Umn =
0, VNV, =0

i.e., two nodes are connected if and only if their associated Voronoi cells are adjacent. Analogous definitions are
derived for a manifold M of RP by taking the intersection of each Voronoi cell with M; the collection of links
of the resulting restricted Delaunay triangulation is a subset of that of the unrestricted Delaunay triangulation
(for M = RP). The key point to note is that the Delaunay triangulation restricted to a manifold carries
the topological structure of the manifold and that it enforces a discretisation of paths along the manifold
that allows to compute (approximate) geodetic distances, as well as to plan paths from one point to another.
Planning of paths through geodesics also offers interesting possibilities to applications where interpolation in
data space is required, such as in morphing or animating an object from one three-dimensional configuration
to another one (Bregler and Omohundro, 1995; Tenenbaum, 1998). Figure 4.20 illustrates these ideas.

In the rest of this section, we describe an algorithm to obtain the restricted Delaunay triangulation
(topology-preserving networks) and a method that uses it to perform MDS with geodetic distances (ISOMAP).

4.10.2.1 Topology-preserving networks

Martinetz and Schulten (1994) give an algorithm to obtain the Delaunay triangulation induced on a manifold.
They call the resultant graph a topology-preserving network. Their approach is opposite to that of self-
organising maps: in SOMs, one fixes the links of the graph (which determine its topology: linear array, planar
grid, etc.) and tries to fit it to the data manifold. This does not work if the dimensionality or the topology of
the graph do not match those of the data manifold. The algorithm of Martinetz and Schulten (1994) works
the other way, specifying the nodes and then constructing only the appropriate links, which leads to the graph.
The algorithm, showed in fig. 4.21, requires as input a set of reference vectors {u,,}_; in data space which
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Figure 4.20: Voronoi diagram (graph B) and restricted Delaunay triangulation (graphs C and D). For a given
collection of points (graph A), the restricted Delaunay triangulation depends on the manifold that embeds
them: the dotted line M in graph C and the shaded area M5 in graph D. The points and the manifolds on
graph A are the same as those of fig. 4.5.

inputs
{:um}rj\r{:l C M CRP uniformly distributed on M Reference vectors
U(M) Uniform distribution on M
initialise
Graph with nodes {Um}gle and no links Topology-preserving network
repeat forever
Draw t from U(M)
my < argminm:L__,7M ||t — u‘m” Closest node
Mo «— arg minm:L___7M ||t — IJ’m” Second closest node
m#m1
Connect nodes vy,, and vy,
end
return graph

Figure 4.21: Pseudocode of the construction algorithm for topology-preserving networks of Martinetz and
Schulten (1994).

is uniformly distributed over the data manifold. The reason for this requirement is that the reference vectors
must define the shape of the manifold. To each reference vector p,,, we associate a node v,, in a graph in which
initially there are no links. To derive the appropriate links, the algorithm uses an online rule that they term
competitive Hebbian: given a point drawn uniformly from the data manifold M, connect the nodes associated
with the two reference vectors closest to it. The rule is competitive because only the link between the two
winners (the two closest reference vectors) is updated; and it is Hebbian because, if we assume that each node
has an activity proportional to the proximity of its associated reference vector to the data point presented,
then the connection between two nodes is strengthened if both nodes have a high activity. It is intuitively clear
that this must converge to the Delaunay triangulation restricted to M and indeed Martinetz and Schulten
(1994) prove so under the assumption that the reference vectors are (using their nomenclature) dense in the
data manifold M: for any point t in M, the triangle formed by t and the two closest reference vectors must
be contained in M. However, this definition is only appropriate for manifolds of the same dimensionality as
the embedding space RP, since it trivially holds for convex manifolds of any dimensionality and never holds
for nonconvex manifolds of lower dimensionality.

Clearly, if the data manifold coincides with the data space then an unrestricted Delaunay triangulation is
obtained. While we are concerned here with the Delaunay triangulation restricted to a low-dimensional data
manifold, the unrestricted Delaunay triangulation is interesting in its own right for many other situations, such
as the finite-element method and other geometric and graph-theoretical problems mentioned by Martinetz and
Schulten (1994).

The number of links from a node in a fully-connected graph of M nodes is M — 1, which leads to O(M?)
for the total number of links in the graph. But if only local connections are allowed, as in the Delaunay
triangulation, the average number of links from a node becomes proportional to L (the dimensionality of the
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graph), and so the total number of links in the graph becomes O(LM). In reality, this is O(Le) since the
number of reference vectors necessary to represent an L-dimensional manifold is exponential in L.
The algorithm of Martinetz and Schulten (1994) has several problems:

e There is no way to assess convergence. The fact that points are blindly drawn from a uniform distribution
on M means that a lot of them will be redundant, since they will establish links already done and we
may need to wait very long until a point is drawn that establishes a necessary link. We presume that
the algorithm will build a proportion of the Delaunay links early during training, with the remaining
ones appearing very slowly afterwards—the slower the higher the manifold dimensionality is. Thus, the
graph obtained when the algorithm is stopped after a certain number of iterations will probably contain
many missing links if the number of reference vectors is large. This problem would disappear if there
was a way of setting to zero the probability of the manifold region affecting a link just created (so that
no further samples are drawn there).

In practice, a finite data sample {t,,}2_; is used, which is all the information we have about the data
manifold. This ensures that the algorithm stops after N point presentations, but the resulting graph is
affected by the factors mentioned below.

e It is not easy to distribute uniformly the reference vectors over an arbitrary manifold, in particular when
the manifold is defined by a data sample (our case). Directly using a data sample (that, ignoring the
noise for the moment, belongs to the data manifold by definition) is unlikely to work in general, since the
data distribution over the manifold need not be uniform (e.g. see the sample in fig. 2.13). This means
that the triangulation found will be too coarse in low probability areas of the manifold and far too dense
in high-probability areas.

e It is difficult to decide how many reference vectors to use and the final triangulation is very sensitive to
this. The number of reference vectors is intuitively related to the Nyquist (spatial) frequency, since they
are effectively a sample of M from which M could be reconstructed in principle. It also must depend
exponentially on L, as the volume of M does. This is again a result of the curse of the dimensionality
and is analogous to the situation found with the Monte Carlo sampling of the latent space in latent
variable models (section 2.4).

For storage efficiency and speed of training, the number of reference vectors should be kept as small as
possible. This means selecting a small subset of the data sample—which may severely reduce the number
of reference vectors in low-probability areas of the manifold. Thus, a critical point of the algorithm is to
select a subset of M points from the data sample such that it spans the data manifold uniformly and M
is neither too large (which would lead to many missing links in the graph) nor too small (which would
yield a poor approximation of the manifold and of the geodetic distances).

e Sensitivity to noise. The reference vectors are assumed to lie in the data manifold, i.e., the noise is
considered zero—a clearly untenable assumption in many practical problems. If the noise level is high
enough many points will fall out of the data manifold (if the noise was such that the points were perturbed
inside the manifold there would be no problem, of course, but this is never going to happen). Such points,
in particular outliers, will result in the establishment of links between reference vectors which are far
away in the manifold, distorting the topological structure of the graph. Thus we expect the graph
representation to degrade ungracefully with the noise level.

4.10.2.2 The ISOMAP algorithm

Tenenbaum (1998) has proposed a straightforward combination of the topology-preserving network algorithm
with multidimensional scaling for manifold modelling that he calls ISOMAP: (1) to use ordinal multidimen-
sional scaling with the geodetic interpoint distances computed with the method of Martinetz and Schulten
(1994) to derive a low-dimensional Euclidean map and then (2) fit a radial basis function network to the
mapping from the low-dimensional points to the observed ones or vice versa, thus defining reconstruction and
dimensionality reduction mappings, respectively. In particular, ISOMAP works as follows. Given a sample
{t,}N_; c RP, it randomly selects M reference vectors from it and constructs an approximation to the re-
stricted Delaunay triangulation graph whose nodes are associated with those M reference vectors, using the
method of Martinetz and Schulten (1994). The infinite sequence of points uniformly distributed over the data
manifold that this algorithm requires is approximated by the data sample {t,,}_;. Once such graph has
been obtained, it is used to compute the geodetic distances between every two reference vectors using Floyd’s
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algorithm, whose complexity is O(M?). Tenenbaum claims to be able to determine the intrinsic dimensional-
ity of the data manifold by trying several dimensions and plotting the stress obtained, but, as mentioned in
section 4.10.1.1, this heuristic guarantees very little. ISOMAP then uses an RBF network to implement the
mapping between reference vectors and the low-dimensional points found by the ordinal MDS.

ISOMAP is a promising method, but it inherits the problems of all the methods it is based on, namely the
lack of guarantee that the reference vectors uniformly span the data manifold?® and the potential problems
of local minima when approximating implicitly defined mappings via a universal mapping approximator. It
also has a high computational complexity: O(M?) to compute the O(M?) geodetic distances, where the
number of reference vectors M is O(el), plus several trial-and-error MDS runs on those distances (till a
convenient dimension L is determined), plus the final RBF fit. Tenenbaum (1998) claims that the geodetic
distances computed from the graph are very good approximations to the true ones for some toy examples,
although the distances are slightly overestimated due to the discretisation of the manifold. Since the version
of MDS used, coincident with eq. (4.4), represents large distances much better than small ones, as mentioned
in section 4.10.1.2, the net effect may be a misrepresentation of distances at all scales.

Tenenbaum et al. (2000) present a variation of ISOMAP where (1) the topology-preserving network is
constructed, instead of with the algorithm of Martinetz and Schulten (1994), simply by linking every data
point with its K nearest neighbouring data points (or with all other data points within a distance e of itself),
with each link weighted by the corresponding distance; and (2) an easy-to-minimise stress function with a
single minimum is used, akin to classical scaling (solvable via the principal components of a matrix derived
from the geodetic distances). Tenenbaum et al. (2000) state that, in the limit of infinite training data, this
new scheme recovers the true dimensionality and geometric structure of the data manifold if this belongs to
a certain class of Euclidean manifolds (which excludes manifolds such as hemispheres and tori). They give a
proof based on the fact that as training data increases, the graph becomes denser and better approximates the
true geodetic distances; the actual convergence rate depends on unknowns such as the curvature of the data
manifold, the separation between branches and the data density. Unfortunately, in practice this proof is of little
use because, generally, training data in high dimensions will be scarce and not uniformly distributed on the
manifold; and the computational complexity (at least quadratic in the number of data points) would preclude
using many data points anyway. Also importantly, step (1) now crucially depends on the neighbourhood size
(K or €): if too large, it will include data points from other branches of the manifold, shortcutting them
and resulting in wrong geodetic distances; if too small, it may not contain enough neighbours. Determining
a good neighbourhood size may be difficult in practice. Finally, while (2) is faster than an arbitrary MDS
(metric or ordinal), it is also more restrictive: its unique minimum may not be as good as some of the local
minima of an arbitrary MDS. Other problems mentioned earlier remain: sensitivity to noise, bad local minima
when explicitly learning a dimensionality reduction mapping and no foolproof way to determine the intrinsic
dimensionality.

ISOMAP also needs a more thorough evaluation than the fact that it seemed to work in the examples
given by Tenenbaum (1998) and Tenenbaum et al. (2000). Particularly dubious are the results regarding the
problem of finding the manifold spanned by a set of bitmapped face images in various azimuth and elevation
view angles, where ISOMAP magically picks the (to a human perceptually salient) azimuth and elevation
degrees of freedom but not the also prominent changes in illumination and translation and the noise. The data
set used (10000 images) is also small given the dimensionality of the images (32 x 32). Similar criticism applies
to the manifold spanned by the images of a hand undergoing non-rigid articulated motion, which cannot be
modelled with only two degrees of freedom (Amir Assadi, personal communication).

4.10.2.3 Summary

Representing a manifold by a skeleton graph from a noisy sample from the manifold includes two steps:
e finding an approximate set of vectors that are uniformly spread on the manifold
e finding the restricted Delaunay triangulation of those points.

The algorithm of Martinetz and Schulten (1994) is a first step toward this objective. This skeleton graph
can then be used to compute pairwise geodetic distances, feed them into an ordinal MDS method and solve
the nonlinear regression between the low-dimensional map and the high-dimensional sample with a universal

20The toy examples offered by Tenenbaum (1998), as well as those by Martinetz and Schulten (1994) and Tenenbaum et al.
(2000), have the data sample uniformly distributed on the manifold by definition. In this ideal case, it is easy to obtain a
collection of reference vectors uniformly spread over the manifold by applying a vector quantisation algorithm (Martinetz and
Schulten (1994) use the neural gas) or even by simply choosing a random subset of a data sample.
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mapping approximator. This is the basis of the ISOMAP procedure of Tenenbaum (1998). Defining manifolds
via the geodetic distance is an exciting idea and a promising avenue for further research.

Preservation of distances can also be imposed on other models, for example GTM. Tenenbaum (1998)
and Marrs and Webb (1999) have criticised the GTM model because it often finds estimates that offer a
distorted view of the high-dimensional manifold. That is, the distances along the data manifold in data space
are stretched or shrunk in a complex way in different amounts in different regions of the latent space—even
though the mapping f may be approximating well the data manifold. In section 2.8.3 we mentioned the
disadvantages that this has for visualisation of structure in the data, even though such a distorted coordinate
system is as valid as any other to which it can be invertibly mapped. Anyway, it would be good to be able
to enforce the preservation of geodetic distances in GTM. Marrs and Webb (1999) try to achieve this via a
regularisation term in the log-likelihood that constrains GTM’s mapping from latent onto data space to be
unit-speed on the average, so that unit steps in latent space correspond to unit steps in data space on the
average. We discussed this approach in section 2.8.3.

4.10.3 Locally linear embedding

Roweis and Saul (2000) have recently proposed a dimensionality reduction method that they call locally linear
embedding (LLE). Given a collection {t,}»_; of training points, it uses a linear mapping to capture local
neighbourhood relations—representative of the local geometry of the data manifold—that are then preserved
as much as possible in an associated low-dimensional collection of points {x,}N_;, which is the end product,
just as in MDS. Specifically, each data point is reconstructed by least squares as a linear combination of its
K nearest neighbouring data points (or of all other data points within a distance e of itself):

N

t, = Z Wrmbn min By ({wpm}) & Z ||tn - an2 subject to Z Wym = 1
meN (t,) n=1 meN (tn)

where N (t,) is the set of neighbours of data point t,. The least-squares problem is solved for the optimal
weights w, as N separate linear systems of K x K equations, regularised if K < D (in which case the systems
are underdetermined). The error function F; is invariant to translations (since the weights sum one), rotations
and uniform scalings of the neighbourhoods. Ideally, minimising F; results in the weights characterising local,
intrinsic geometric properties of the data manifold. Such properties can then be preserved in a low-dimensional
representation of the data by imposing on it the weights, again as an objective function to be minimised by
least-squares, but this time over the low-dimensional points {x,,})_, for constant weights:

N
min By ({x,}01) ) xn —%al® &n= > wh,Xn

n=1 meN (tn)

The points {x,}_, are constrained to be zero-mean and unit-covariance to eliminate arbitrary translations
and rotations. The minimisation is then a constrained quadratic programming problem with a unique minimum
that can be found by solving an eigenvalue problem. Note that it cannot be decomposed into an independent
subprogram for each n as before, i.e., the local neighbourhood relations interact. However, it is additive in the
same sense PCA is: the map with L + 1 dimensions is obtained from the one with L by computing the next
eigenvalue. The method can also be run using as input the pairwise distances between data points instead
of the data points themselves, just as in MDS. As usual, a mapping approximator can be fit to the pairs
{(tn,%n)}_; to obtain a dimensionality reduction mapping. This will define a single global mapping, unlike
the local dimensionality reduction methods of section 4.7.

LLE is attractively simple and has similarities with MDS methods, in particular with ISOMAP. In fact,
it can be considered as a topography-preserving MDS, where the local topography is preserved by linear
neighbourhood relations rather than by the pairwise distances. It also shares some of the disadvantages of
MDS methods: (1) likely sensitivity to noise and to the training set used; (2) sensitivity to data density that is
not uniform on the data manifold (which makes difficult to obtain local neighbourhoods in low-density regions);
(3) no dimensionality reduction mapping is defined, the only way being to fit a mapping approximator to the
pairs {(t,,x,)})_;, which is prone to bad local minima; (4) quadratic complexity on the training set size, both
when computing the neighbourhood weights and when solving the eigenvalue problem for the low-dimensional
points; (5) no foolproof way to determine the intrinsic dimensionality; and finally and crucially, (6) no foolproof
way to determine the neighbourhood size K, which determines how local the geometric properties captured
by the weights are. Locality implies a small neighbourhood (more so since the implementation is linear) but
not so small that no neighbours are available.
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Roweis and Saul (2000) apply LLE to a toy problem, to a face images dataset like that of ISOMAP and
to a word categorisation example. More thorough evaluations are necessary that elucidate the impact of the
caveats mentioned.

4.11 Conclusions

We have defined the problem of dimensionality reduction as the search for an economic coordinate representa-
tion of a submanifold of a high-dimensional Euclidean space, a problem so far not yet solved in a satisfactory
and general way. We have then given an overview of several techniques for dimensionality reduction.

In general, the central place occupied by PCA has not been taken by any nonlinear technique. PCA
remains the favourite feature extractor, particularly for very high-dimensional data (such as images), where
it is typically used in a preprocessing stage. Projection pursuit is another linear dimensionality reduction
technique, guided by an arbitrary criterion rather than by PCA’s (maximal variance or, equivalently, minimal
Lo-error). Kernel PCA is an attractively simple nonlinear extension of PCA that has performed well in some
applications as feature extractor. However, more complete performance comparisons are necessary, and more
importantly some theoretical insight in the interpretation of the nonlinear components, the effect of the kernel
and the definition of dimensionality reduction and reconstruction mappings.

Local dimensionality reduction, particularly PCA-based, is a good and reasonably fast approach that
combines some of the benefits of PCA with a nonlinear model: economy of parameters and flexibility. However,
it is not very accurate unless many local models are used. Global nonlinear dimensionality reduction (e.g.
autoassociators) requires many parameters and training is difficult, requiring much time and data and being
very prone to bad local minima.

The definition of principal curves makes them intuitively appealing. However, while they have been used
for small dimensions (Hastie and Stuetzle, 1989; Banfield and Raftery, 1992), they are not mature enough
algorithmically for high-dimensional dimensionality reduction.

Two classes of methods, those based on topological vector quantisation (section 4.9) and those based
on MDS with either straight-line or geodetic distances (section 4.10), have as primary product a collection of
reference vectors in observed space and an associated collection of low-dimensional vectors preserving topology
and metric structure, respectively. The disadvantage of these methods is that the data manifold and the
dimensionality reduction and reconstruction mappings are defined implicitly through the pairs {(u,,,%m )},
(for vector quantisation) or {(t,,x,)}2_; (for MDS). Defining such mappings explicitly requires fitting in a
supervised way a mapping approximator to that set of pairs. In an ideal situation, the dimensionality of the
X space is appropriate, and the associations x,, < t,, are correct and are instances of a one-to-one mapping

f
? M C T (a bijection). But even in this best case, fitting a global flexible model to either of the

mappings, f or F, is likely to end up in bad local minima, depending sensitively on the starting point of the
optimiser, the optimiser itself and the architecture of the approximator. Some knowledge about the manifold
must be injected, probably via a regularisation term in the objective function, but it is not clear how well the
final mappings will generalise to unseen data. For MDS it is possible to define the low-dimensional vectors via
an explicit dimensionality reduction mapping, although the problem of bad local minima is still serious. Two
further problems of distance-based methods are (1) their high computational complexity, at least quadratic
on the training set size; and (2) the fact that the training data should be uniformly distributed over the data
manifold, since such methods try to model the geometry of that manifold—for which the training set acts as
a scaffold—but not the density of the data.

None of the methods discussed in this chapter define a density model for the data (except PCA and the elas-
tic net in their probabilistic interpretation). While this is not necessary to obtain dimensionality reduction and
reconstruction mappings, it is to know the distribution over the manifold and the latent space. Self-organising
maps give an indication of the density over the manifold via the distribution of the reference vectors on it, but
as mentioned in section 4.9.1 they do not properly define a density model. The advantages of probabilistic
methods over non-probabilistic ones are discussed in chapter 11. One somewhat surprising property of dimen-
sionality reduction with probabilistic models is that, due to the noise model, the dimensionality reduction and
reconstruction mappings are not the inverse of each other (specifically, F o f is not the identity, as happens for
probabilistic PCA; see section 2.9.1). However, basing the dimensionality reduction on an Euclidean distance
criterion (to the low-dimensional, nonlinear manifold) leads to discontinuous mappings.

Two central ideas underlie several of the methods:

e Points close together in data space should be mapped close together in low-dimensional space (vector
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Figure 4.22: The topological structure of a quantised high-dimensional Euclidean space can be preserved in
lower dimensions (even one dimension) by folding or flattening it and preserving the connections. In the
low-dimensional representation, the connections still reflect the topology of the high-dimensional space, not
of the low-dimensional one. The representation can be further generalised by labelling the connections with
distance or similarity values.

quantisation methods, such as self-organising maps and the elastic net, and MDS methods).
e The manifold should pass through the middle of the data (principal curves, nonprobabilistic PCA).
Two major issues that remain open are:

e To overcome the curse of the dimensionality, which results in many parameters that demand huge sample
sizes to obtain reasonable results. Most of the techniques reviewed still suffer of this to an extent.

e To determine the intrinsic dimensionality of a distribution given a sample of it. Knowing it would reduce
the possibility of over- or underfitting. Model selection techniques, such as those based on the value of
an error criterion as a function of the number of dimensions used (as in PCA or MDS), are unreliable.

4.12 Can dimensionality reduction be achieved with discrete vari-
ables?

We have discussed dimensionality reduction of continuous observed variables in terms of continuous latent
variables, as in PCA, autoassociators or methods based on multidimensional scaling. This is due to the
fact that topographic mappings are naturally defined in continuous Euclidean spaces thanks to their intrinsic
definition of distance, whatever the dimensionality of the space. Discrete spaces can work like continuous
spaces by assuming that they are a sample or discretisation of an underlying continuous space and ensuring
that the learning algorithm respects the topographic structure of that space, as happens with GTM or self-
organising maps. In such cases, the higher the resolution of the sample, the better the collection of discrete
values will approximate the underlying continuous space. Therefore, this use of discrete variables is essentially
not different from using continuous latent variables—it is just that we cannot use high-dimensional continuous
variables directly in an analytically exact, or otherwise desirable, way. In particular, the dimension of the
manifold induced in observed space is the same as that of the underlying low-dimensional continuous space
(e.g. 2 for a two-dimensional grid in a self-organising map).

We mention here a different possibility, without going into any detail of how it could actually be imple-
mented. If a Euclidean space of dimension D is discretised into regions, we can represent the neighbourhood
relations between these regions (and thus their topological structure) with a graph, as in fig. 4.22(left). This
graph, which is D-dimensional, can be flattened to any lower dimension, up to 1 (fig. 4.22(right)) while still
keeping the topological information of the D-dimensional space via the graph edges. In the figure, the arrange-
ment on the right is apparently one-dimensional but can be unfolded to reveal a three-dimensional structure;
this is revealed by the presence of long-range connections in the one-dimensional arrangement (extending far-
ther than the one-dimensional nearest neighbours). The graph edges can be labelled with numerical values
representing distance or similarity.

One cannot help comparing this to the complex pattern of short- and long-range connections existing in
different areas of the brain. The primary visual cortex of mammals, usually considered as a two-dimensional
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sheet of neurons, is known to have orderly representations of a number of external stimuli, such as position
in the visual field, eye of origin, orientation, direction of movement, spatial frequency and disparity. In fact,
dimensionality reduction models such as self-organising maps and the elastic net have been very successful
at replicating such organisation (Swindale, 1996). In the hippocampus, the pattern of connections is more
complex, with no two-dimensional topography, which might indicate that it is coding higher dimensions. It
would be interesting to investigate the alternative possibility of a discrete, two-dimensional collection of neurons
that actually unfolds into a higher-dimensional stimuli space.
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