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Abstract

This paper is intended as a discussion document and was wréh speci cally for a workshop on Psychophysics
and Computer Vision organised for the BMVA in November 2006.The views contained constitute a positional
statement, outlining issues relating to identi cation of algorithms from the area of computer vision/pattern
recognition as candidate models of human perception. The nilm motivation for this document is the obser-
vation that many problems tackled by those working in compat vision and pattern recognition can be seen
as ill-posed (theoretically un-solvable). However intriging this may sound, this can raise serious problems.
This paper attempts to explore the consequences from the sidpoint of conventional statistics.

The work presented here focuses on attempts to extract meangjful low dimensional descriptions of high

dimensional data. Such problems are considered key to togicsuch as machine/computer vision and more
general aspects of data mining. The arguments enclosed arelite involved and assume more than a passing
knowledge of standard methods (PCA, Kernel PCA). However,ri this form it may serve as a consciousness
raiser for those who are not aware of one important issue. Speécally, it is incorrect to believe that

data can generally be analysed in the absence of measurement errors.

Any comments on the opinions presented here will be welcomed

Introduction

It must be expected that ultimately the subject of computer vision should be able to explain how it is
possible to extract meaningful information from images for practical applications. The majority of work
done in this eld is consistent with a modular approach, with multiple interacting components. Computer
vision therefore has great potential to identify for us canddate models of human visual perception.

This raises the question of how we select speci ¢ algorithmgs module candidates. It makes logical sense to
start by assuming that evolution has endowed us with the abilty to achieve any task up to the limits of the
available data®. This is just another way of saying that our interpretations of the world should be based upon
quantitatively justi able (statistical) processes. Researchers from areas other than computer vision, or new
to this area, might initially expect that all algorithms sho uld be intrinsically statistically valid. Unfortunately
this appears not to be the case. Rather, most algorithms havéat best) a limited scope for valid application
to real world data. In addition, even with good design methodlogy, it is di cult to get isolated modules to
achieve a level of performance and reliability which matche human capabilities. It is reasonable to suggest
that we need to start constructing systems of interacting madules in order to begin to do better. The case
for suggesting that combination of modules also requires atatistically motivated approach has been made
elsewhere [21]. To assume that solutions need not have statical validity immediately requires us to accept
any approach to data analysis as a candidate module, regardss of how sub-optimal it may be at extracting
the required information. Aside from the immense number of andidate algorithms such lack of criticality
allows, this also prevents us from later tackling very impotant scienti ¢ questions. Such as; how close does
a given biological system (inevitably an approximation) cane to solving a problem “correctly'? Also; does
human visual perception involve making assumptions about he world which are entirely justi able?

The suggestion here is simply this. We should attempt to idetify candidate vision modules by selecting
approaches which are known to have intrinsic statistical vdidity. These modules should make explicit the
information required for a particular task and the accuracy with which any result can be obtained. Such
predictions will then be useful for the construction of tests which support or refute the existence of equivalent
computational modules in the human brain 2. If not in algorithmic detail at least in statistically equi valent

form. Notice, that the statistical constraint does not require us to identify biological mechanisms. It is a
self standing principle which we should be able to apply irrepective of the details of how we will ultimately

interpret the computations supported by biological tissue. As an echo of Marr's seminal work in the subject,
once we understand what is needed, then we can consider howdbe modules are constructed in biology.

Computer vision is necessarily a broad research topic, enogpassing tasks as disparate as stereo, object
recognition, motion analysis, etc., but it is widely accepted that at its core is the need to extract meaningful
low dimensional descriptions of data from a high dimensionkset of visual observations (ie: temporal se-
quences of images). Recently, there has been considerableigement regarding solution of these problems in

1Optical illusions provide us with ample evidence that human  vision systems are not perfect, however it is hoped that thes e
illusions are created due to inappropriate assumptions, wh ich under normal circumstances would be valid.

2] accept here that there will be di culties in designing psyc  hophysical tests which will lever directly on the capabilit ies of
individual modules.



real world applications, such as image retrieval. Much of tlis excitement has been generated by the ability
to solve relatively large scale problems using relatively mall amounts of computation on serial computers.
In particular, techniques such as Kernel PCA [16], and SIFT [L0] have proved to be highly popular. The
fact that these solutions may or may not be currently in a seral form is unimportant. What is important is
understanding their theoretical limitations. The followi ng is therefore intended partly as a critical analysis
of such “fast' solutions from the standpoint of statistical validity.

This document will analyse the process of non-linear compant analysis as a speci ¢ example of the tech-
nologies required for the construction of a modular vision gstem. In the process we will de ne the objectives
of sought solutions with regard to statistical feasibility. We will then use the conclusions of this analysis
to help understand the reasons for the breadth of literatureand the principles we may apply in order to
select viable (in this case also valid) approaches. As a coaequence we hope to convince the reader that
popular approaches in computer vision and pattern recognibn cannot be relied upon to be a good starting
point for understanding human perception. This suggests tlat a concerted e ort is needed to identify those
algorithmic approaches which would be relevant for this tak.

Density Analysis of Non-Linear Data Distributions: The Que stions

Cluster analysis and non-linear component analysis (eg: Fetor Analysis 2, Latent Variable Analysis and
Non-Linear PCA) have been a major research topic in the area fopattern recognition for decades. This
raises the questions;

Why are there so many publications in this area?
Could any published pattern recognition method be consider ed as a valid solution?

Only when we have the answer to these questions will it be pos#se to identify a limited number of solutions
as candidate models of visual perception. In order to addresthese questions, this document de nes a
prototypical data analysis problem for which there is a well de ned statistical solution. Generalisations
away from this simple problem can then be assessed accordirtg the consequences of changes in data
properties.

Problem De nition

The rst observation which needs to be made regarding the pulished literature is that data is generally not
regarded as being generated by a known measurement proced®ather, particularly in pattern recognition,

it is often taken as an implicit assumption that solutions should be applicable to data from any source, and
with unknown measurement characteristics. In my opinion, n taking this stance the pattern recognition
researcher might be replacing a di cult practical problem with a logically impossible one. The following
analysis explicitly de nes the quantitative process of meaurement and subsequent statistical analysis. This
is done to help us gain an understanding of the aspects of dataterpretation which are a ected by ignoring
measurement errors.

We de ne the process of data space construction as a vectov resulting from a measurement ofn data
variables with uniform [ID Gaussian noise. The data is assumad to have originated from a xed but (math-
ematically) unknown physical process withm degrees of freedom, so that vector measurements in the data
space are constrained to lie on a manifold within then dimensional data space which has a local intrinsic
dimensionality of m. The problem we seek to solve is that of identifying a set ofm variables in order to more
concisely characterise the signal content of the data. Thisnay be done for a variety of reasons, including;

(A), so that the noise component can be discarded ( Itered),
(B), for the reduction of problem complexity (by dimensional reduction),
(C), for the construction of Bayesian decision systems,

(D), in order to help in the location of maximal densities of sanples with which to characterise the
data (eg: clustering of temporal behaviours),

3In this document | will break with conventions of grammatica | English slightly and adopt the policy of referring to all
analysis methods as real nouns. This is to try to avoid the pot ential confusion which can arise when taking these words to h ave
the conventional spoken meaning.



nally ( E), to construct a meaningful de nition of similarity betwee n points on this manifold.

We should accept the possibility at this point, that althoug h we can write this list there may be circumstances
under which meaningful solutions do not exist. This commentis particularly relevant to E, as will be

explained below. Notice also that algorithmic execution sged is not on this list, but may be a criterion

which needs consideration. These reasons will be returneatduring the consideration of candidate solutions
to non-linear component analysis.

Analysis
Principle Component Analysis

What follows in this section is stated without proof and expected to be generally accepted by the academic
community.

We start rst with the simplest case of a linear data generation process. The standard solution for this is a
planar constraint manifold and is well described in the literature. It corresponds to a Likelihood based t of
the hyper-plane parameters, which minimises the perpendigar distance from each datum to the constraint
plane. This is solved directly by techniques such as Princife Component Analysis (PCA) [25, 12], which
can be shown to estimate the position and orientation of a plae of xed dimension m such that the sum of
remaining o -plane squared residuals in the remainingn  m dimensions is a minimum. The Assumption

of uniform IID Gaussian noise is fundamental to the intrinsi ¢ validity of this solution. Note
that in doing this it is not necessary to specify how data will actually be distributed within the rst m
maximally variable dimensions (ie: on the constraint manibld). Indeed the distribution on the manifold
should have no systematic in uence on the estimation of the lyper-plane. If we know the magnitude of the
noise process then we can determine the dimensionality of thnoise subspace if we did not know the value ah
beforehand. Note also that the presence of homogenous measment error has the result that the dimensions
identi ed as describing the noise process are “degenerateheaning the ordering of values and speci ¢ details
of the eigen-vectors are irrelevant beyond the identi cation of the noise subspace. The projection of data
with homogenous IID Gaussian errors onto them dimensional plane results in a homogenous measurement
constraint for each data point within the plane, ie: the process is volume preserving (see below). This has
two consequences; data densities constructed on the “hypefane' are proportional to the probability of
obtaining measurably distinguishable events [22], and sintarity between locations on the hyper-plane can
be justi ably written in simple "Euclidean’ form (ie: the le ast cost statistical path is a straight line). For this
simple linear model all required characteristics A-E ) of our solution are available. It should be immediately
obvious why and how these solutions are valid. In particular distances between data points projected onto
the surface of the tted hyper-plane can be taken as noise fre estimates of statistical similarity E.

An alternative justi cation of PCA can be made when we are anaysing signal distributions which are known
to be Gaussian. PCA can be said to be tting the parameters of his multi-dmensional Gaussian. This is
entirely consistent with a Likelihood based analysis of dah, and is embodied by approaches such as mixture
modelling using Expectation Maximisation (EM) [3]. However, assumptions regarding prior distributions
represent a much stronger constraint than anm dimensional manifold. For arbitrary data samples we
must consider whether any prior distribution assumption is even appropriate. As a simple example, this
is equivalent to predicting a theoretical relationship between the volume and mass of an object, and then
demanding that real world objects are always sampled from a pe-de ned distribution of sizes in order to
enforce this relationship. Some may argue that in many casesuch an approach embodies an unjusti able
assumption which has little to do with the physical constraints we are trying to apply.

The above description emphasises the role of the noise sulpace in principle component analysis. Another
common justi cation for PCA is the observation that the m dimensional signal will dominate the determi-
nation of the largest eigen values. It is a simple, yet erroneus, step from here to decide that the details of
the noise-subspace are, in general, unimportant and can beeglected. The noise dominates in then m
dimensional noise subspace and can be ampli ed when we applgrbitrary non-linear transformations. In
other words, the “negligible noise' argument is only valid for the linear data generation model

As an example of a real problem, we include here data from theraa of medical image analysis. Figure 1
shows three MR scans of a human brain which have been alignea shat we can construct a 3 dimensional
vector space from the corresponding grey levels. Figure 1jdand 1(e) show scatter plots, from the region
of brain tissue, for two combinations of variables. It is data such as this which we may wish to analyse to



extract clusters (D). The structure of the total distribution is quite complex, though physical constraints
apply separately between pairs of tissues due to the process partial voluming. Presumably, such complexity
will also be manifest in all vision interpretation tasks, if we have an arbitrary sampling process, as we can
expect any data set to be a union of many physical data generédn processes. This adds an extra level
of di culty to any automated analysis. In order to apply any k ind of component analysis we need a way
of partitioning the data into groups associated with speci ¢ physical processes. This can be done for MR
data using a mixture model. For this particular example the most meaningful similarity we can compute

(a) image 1 (b) image 2 (c) image 3 (d) image 1 vs 2 (e) image 2 vs 3

(f) ltered (9) cranial uid (h) grey matter (i) white matter () abnormality

(E) is a volumetric estimate of the partial volume of each tissie within each voxel. In fact this is also our

de nition of the Bayesian segmentation output (C) Figures 1(g)-(j). These results were computed using an
EM based mixture model, comprising assumed distributions yhich can be theoretically determined for the

case of MR images). Figure 1(f) shows an attempt to reconstrct a noise free interpretation of the data

in the region determined to be brain tissue @), from the partial volume estimates. In this case it is well

known that the partial volume process results in approximately linear behaviour. Pure tissue distributions

are approximately Gaussian though the partial volume distibutions are not. Note that task B appears to

have no real meaning for this data, unless it is already copamentalised into partial volume groupings.

Knowledge of the expected tissue distributions and the phygal processes underlying the generation of data
makes it possible to de ne exactly the model we need to desdse the distribution of grey level vector
measurements. This gives us the ground truth for the best inerpretation of MR images. In particuar, MR
data has locally varying dimensionality (O dimensions for pure tisse, 1 dimensional for partial volume and
potentially 2 or more dimensions for combinations of 3 or moe tissues).

Consideration of MR images shows us that we are not able to feka random sample of data into any analysis
based upon assumptions of a xed dimensional manifold with o self-intersections and expect useful results.
These problems will arise whenever we have multiple physidgeneration processes for data, such as we would
also nd for real world vision tasks such as colour, texture axd 3D shape recognition. We can therefore see
analysis of MR data as a good test for any dimensional reduatin algorithm. It is also generally accepted that
most data analysis tasks in computer vision are also not coristent with a linear model. Unless, like with MR
images, the way data is represented within the human brain issomehow a special case, these observations
preclude conventional PCA based approaches from being a iide model of human visual perception.

Non-Linear PCA

Now consider the problem of a non-linear data generation moel. Under these circumstances researchers
often talk in terms of a non-linear mapping of the original data as a new vector in alatent variable space

It is assumed that there exist latent spaces in which the reqired manifolds are again linear, so that the
standard linear solutions can be applied. This approach exapli es recent pattern recognition algorithms,
such as Kernel PCA (KPCA). However, even though such latent paces exist, our solution for linear systems
would no longer be strictly applicable, as in the process ofransforming our measured vector to the latent
space we have modi ed the expected measurement distributio so that it is no longer uniform [ID Gaussian.



We therefore cannot use PCA in the latent space to; estimate correctly the oriengation of the hyper-plane
in this space, remove noiseA, construct valid density models D, or construct simple similarity measures
E. Thus, Kernel PCA [16] and associated techniques [26] are inconsis tent with a Likelihood
based analysis of data. Indeed, in the absence of an externally imposed constraintdee MDS below), the
mayjor axes of variation identi ed in the latent space may be nothing more than non-linear ampli cation of
noise, and have little to do with the intrinsic signal. This process can make the problem of determining the
intrinsic dimensionality of the data m meaningless. The remaining task8, C are addressed to some extent,
but we can have no con dence that the solution we obtain is in ay statistical sense optimal.

Following the alternative likelihood interpretation of PC A described above, assumptions are often made
regarding what the data distributions we are dealing with should look like, for example Gaussian-Process
Latent Variable Models (GP-LVM) [8]. In this work, the data i n the latent space is transformed so that the
data distribution matches the assumed distribution by minimising a Kullback-Liebler divergence. However,
forcing data to map onto a particular distribution, particu larly after applying an adjustable non-linear
transformation, precludes learning anything regarding the intrinsic distribution of the original data ( D).
We will never, for example, discover that data is bi-modal if we do everything we can to force it into a
single peak. If we wish to use clustering approaches to ideifiy signi cant locations then any non-linear
transformation needs to be constrained to produce a meanirfgl data density. This could be achieved either
through theoretical arguments (for example data transformations which achieve speci ¢ invariances), or for
example (in the case of homogenous IID input data) by enforeig conservation of volume.

Biologically inspired “local' approaches, such as the Kohmen Net [7], perform exactly the kind of function
mapping required (for 2D systems; ie,m = 2), with noise suppression capabilities consistent with bcal
eigen-vector analysis. With only a small amount of care thes "memory intensive' algorithms can be quite
easily adapted to form solutions which are entirely consisént with statistical notions of pattern similarity
[19]. However, these techniques cannot be expected to extagenerally valid low dimensional representa-
tions (B). Not only are the topology and dimensionality of the manifold xed beforehand (see MR data
characteristics above), but also the ordinal values of gemated topographic mappings are arbitrarily related
to the information content (ie: measurement characteristics) of input data.

In order to continue with an approach which follows our prefared justi cation from Likelihood, we have two
choices, either propagate the e ects of noise from the inputhrough to the latent space and take appropriate
account of it (which precludes use of techniques such as PCAr, generally much more straightforwardly,
construct our Likelihood measure not in the latent space butin the original data domain, where we know
and understand our measurement noise. Unfortunately, thisules out the possibility of a closed form solution
almost immediately* and we must expect to have to formulate the problem as a numedal optimisation.

An iterative approach which minimises a valid Likelihood based upon distances computed in the input data
space was suggested by the neural network community over a dade ago. The “counter propagation’ neural
network uses a non-linear multilayered network architecture (such as an MLP) to generate a prediction of
the input data on output [9]. The key part of this process is to de ne a restricted number of “neurons'
in the hidden layers, so that the representation of the data s forced through a “bottleneck' which supports
only a limited number of variables. Once the network has beenrained, the nal layers of the network can
be discarded and the output is taken from the “bottleneck’ layer. This representation is e ectively a non-
linear re-representation of the input. There is considerake freedom within this framework for the selection
of speci ¢ non-linear functions, and generally this seledbn must be optimised by determining which of the
available choices exhibits the best generalisation perfonance. This is often performed via a cross-validation.
Such a step is crucial if we are to believe that the selected nolinear model has any statistical validity, as we
should already know that Likelihood, on its own, is incapabk of performing model selection. Although these
algorithms are presented in terms of “neural network' termnology, the basic idea of minimising a Likelihood in
order to determine the parameters of a functional mapping ca be extended to any non-linear computational
structure we care to choose, not just one composed of functi@ml nodes and connection weights.

The output from a counter propagation network will still hav e several problems however. Unlike the linear
PCA case, the new variables do not have the properties of unifrm propagated errors. If the network has
found a good model for the data then the trained output is a nose free estimate of the input data @).
Although we can say that the bottleneck variables have achiged some measure of dimensional reductioB
and can also take ratios of data density as valid (such as in Bgesian calculations of conditional probability
C), any data densities constructed in this latent space have ebitrary structure. As it is possible to de ne

40nly quadratic functions (such as those generated by soluto ns of sets of linear equations) have a unique minima. Arbitra ry
non-quadratic functions have arbitrary numbers of multipl e minima, making direct solution generally impossible.



an in nite number of non-linear transformations to equival ent spaces (as might easily be obtained when
training with di erent non-linear mapping functions withi n the neural network formulation) which will
produce rede nitions of apparent data density, ruling out meaningful solutions toD . In addition, we cannot
compute meaningful statistical measures of similarity (rding out E). The rst of these problems (and perhaps
the second one too, but see next paragraph) arises becauseigHatent space should loosely be considered
as a metric space®, in which the local scaling of the space is related to the expated distribution of noise
propagated from the input space. Therefore construction ofa clustering analysis in this new space requires
either the tools of Riemann geometry [17], or a separate stagto remap the new variables to ones of
homogenous propagated error. The former would appear to bensu cient to deal with the requirements of

a quantitative statistical approach, the latter of these two approaches would therefore be preferred, and also
confers the property that measures of similarity can be compted along (Euclidean) straight lines. This is
similar in essence to the aims of Sammon mapping [15], but wit much more stringent requirements on the
outcome. Those familiar with the di culty of nding a good so lution using Sammon mapping will probably
realise that this is not going to be an easy problem to solve.

The question we need to ask now is whether distances computegn a manifold with homogenised errors
provides a meaningful de nition of similarity. In one respect the answer is clearly no. Consider the case where
the manifold is allowed to fold back on itself so that two points which are distant on the manifold become
proximal in the measurement space (such as when consideringarts of cerebral cortex across a sulcus). In this
circumstance we know that a poorly localised measurement mahave ambiguous interpretation with regard
to the manifold. A similarity estimate which constrains distances to be measured only along the manifold
will be anomalously large for some purposes. Distances betégn points in the original input vector space
may provide the only meaningful statistical de nition. We need to therefore consider whether the
characteristics of data require similarities to be constru cted with a manifold constraint. In some
circumstances we may wish to map locations on the manifold taa separate objective de nition of distance
(the measured position along the cortex in the previous exarple, or a pattern classi cation probability), in
order to regain a meaningful de nition of E. Common approaches include Multi-Dimensional-Scaling (MDS)
[6]. In principle this can be done within the framework of corventional neural network training algorithms.

Allowable Generalisations

The analysis so far has assumed homogenous Gaussian 11D neidut now that we have the overall framework
it is possible to consider the e ects of more general noise nmuels.

On the positive side, provided that we know the noise assoctad with each measurement, we can accom-
modate individual measurement errors, including data corelation and non-Gaussian data, should it become
necessary. Once we have already accepted that the identi d@on of non-linear latent spaces must be done
via numerical optimisation, these additional extensions @an be made directly. There are computational ad-
vantages to be gained from keeping the statistical behaviouof the data as simple as possible, if we can.
This becomes a constraint for the way we perform feature setgion. For example, if we wish to use conven-
tional PCA, why not see to it that the input data has the proper ties of IID Gaussian measurement noise?
Consideration of statistical characteristics of input dat a can probably be identi ed as the most
essential factor in algorithm selection, and also the rst ¢ asualty of assuming measurement
errors are not important.

On the other hand, the identi cation of either a Riemann space or a space of homogenised errors, presupposes
that there is a unique error process associated with any paitular location in the input space. Any suggestion
that the noise process could vary for repeated observationfothe same vector immediately precludes the
possible construction of a meaningful clustering solution One example of this would be a data vector
constructed from input image data with the property of scale invariance.

Answers

Question 1; Why are there so many publications in this area?

There are two main aspects to the answer; rstly, as explaine above, non-linear PCA is required for a
variety of reasons, some researchers may wish to focus onlyn@ small number of them and may quite

5] use the word loosely' here, as the process of an unconstrai ned non-linear mapping is likely to generate correlations b etween
parameters in the latent space unless steps are taken to avoi d them. Such correlations cannot be accommodated within the
mathematical framework supported by a conventional ‘metri  c'.



correctly ignore the consequences of their designs with ragd to other tasks. The most obvious of these
is seen when performing Bayesian classi catiorC, where ratios of probability density can be supported,
su cient to perform classi cation tasks via Bayes theorem, even if the absolute density distributions have
arbitrary quantitative meaning. This would be more impressive, if it were not for the fact that Bayesian
approaches have a habit of introducing arbitrary prior probabilities into algorithms; thereby making any
results non-quantitative and solutions non-unique [4].

Secondly, | believe it is also necessary to consider this gagon in the light of assuming that our input data
errors are unknown. From a conventional statistical perspetive, a lack of knowledge of measurement errors
is equivalent to allowing any transformation (and consequat statistical re-weighting) of the input data. This
implies that there can beno unique solution to any speci ¢ analysis. The problem as speci ed is ill-posd®
and there are a multitude of assumptions which we may feel care justi ably made in order to regain a
unique ‘solution'. Generally these assumptions will be drwen by speci ¢ application domains. There are
therefore as many techniques as there are data sets.

It seems to me that the negligible noise and Bayes classi cabn interpretations, are the only ways a non-linear

component analysis which neglects measurement error can beonsidered consistent with a measurement
based analysis. Whatever we think of the legitimacy of thesearguments, neither of these interpretations can

provide solutions consistent with the requirements ofD and E.

Ultimately, it is impossible to empirically prove that any unique soluti on to an ill-posed problem
is fundamentally correct (ie: that our choice of prior distribution or implicit measu rement scale is
theoretically valid), so the door is always open for anotherpublication .

Question 2; Could any published pattern recognition method be consider ed as a valid solution?

We have identi ed here that the method of counter-propagation neural networks, published over a decade
ago, together with minor modi cation of the estimated non-linear latent space to regain homogenous errors
(eg: MDS), could be considered as a principled statistical pproach, which allows the construction ofunique
density based clustering algorithms, for well characteried measurement systems. The key characteristics
are the propagated e ects of the noise perturbation proces®sn;

the formulation of the parameter optimisation process,
the de nition of density estimates in the latent space,

and the construction of similarity measures in the latent space.

This does at least provide a straw man for the de nition of an appropriate statistical solution to categories
A-D , though this approach raises several new questions, specially regarding practicality. One observation
which casts more light on the problems of getting a solution b E, is that we have made an implicit assumption
when de ning non-linear component analysis that we can repesent an input data vector as a single point on
the manifold. In the presence of noise and for arbitrary (sdtintersecting) manifolds this is clearly an invalid
assumption 7. The dependence of any representational ambiguity on the ma&surement process provides
another cause for concern given the design of many algorithm It is therefore di cult to see how we could
ever expect to nd an algorithm which guarantees a solution © E in all circumstances. In particular, the
decision whether or not to compute distances along the extreted manifold will involve problem dependant
information which some researchers might prefer not to reqire.

Approaches which assume prior distributions, as criticisd in the previous section, can also be modi ed to
explicitly incorporate measurement error. In the case of EMmixture modelling this would correspond to
modifying the assumed prior distribution to account for broadening due to the expected noise propagated
from the measurement into the latent space, thereby providng solutions to A-C  [14].

Beyond the basic requirement of making sure the theory usedad derive a method is quantitatively valid,
the key problem with getting any non-linear analysis working is that of identifying the most appropriate
non-linear model and the di culty of estimating its paramet ers. Others may therefore prefer a more elegant
(closed form) algorithm. Many methods have been suggestedithe interest of computational e ciency with
the sole aim of getting something which might work at 'some leel' in a short time. The basic theoretical

6Not the original meaning of attempting to construct a mathem  atical description of a non-physical system, but in the more
common usage that we have insu cient information to compute a solution to the problem as posed.

71f we are considering things in terms of physical spaces then we have just speci ed the requirements for a wormhole, so
we can see why in general physicists are going to have to work h ard to encounter the same problem when they use Riemann
geometry.



inadequacies of some approaches (Fuzzy Logic, Boosting, Su pport Vector Machines, Kernel
PCA) are understood and accepted by some but rarely discusse d. However, | do not believe that
execution speed should be the only criterion, and certainlywe should not under any circumstances, ignore
the issue of statistical validity. Otherwise we are simply ceveloping very fast ways of getting wrong answers.
For myself, 1 would like to see solutions to the problem of NonLinear PCA which have practical utility but
conform to my expectations of a valid approach.

As even the simplest of non-linear functions (such as a loopyan provide a real challenge for iterative
algorithms, it is di cult to believe that “global’ problems of arbitrary complexity in our n dimensional space
can seriously be solved in this way.

Counterpoint

There are several counter arguments to these conclusions wdh | would predict from observations of research
in computer vision over the last decade.

The rstis; if we must ultimately measure the generalisation capabilies of our Likelihood solutions anyway,
then why can't we ignore the statistical arguments and rely o cross-validation to select good answers? This
would then open the door to unconstrained use of any method Wike. While this is a possibility, we should
not cling to the belief that these methods have intrinsic theoretical validity, or that this process is likely to
be reliably e ective. | would also cite this as the major cause of the criticism levelled at computer vision
algorithms over the recent decades, that performance of atgyithms cannot be predicted outside of the data
sets with which they were developed.

The second is;insistence that data has been provided in a way that measuremt details must remain unknown
Although many would certainly prefer to believe that there a re generic reasons to ignore the
measurement process, logical consideration of the facts ap pears to arrive at the opposite
conclusion. | therefore see persistence in this view as a combination odtiness and wishful thinking. In my
opinion, it is more productive to consider how this information might be estimated from the data available.
Some approaches in pattern recognition, such as Factor Angkis [2], make this an explicit goal. Aside from
the conventional analytic approaches, such as error propagion, there are several relatively simple methods
for doing this, such as repeatability measurements or estiration using continuity or smoothness constraints.
One could reasonably argue that any analysis task for whichihie measurement error can be estimated should
simply not be analysed in a way which ignores it. We must also epect trained scientists to hold the view
that to persist in this approach runs counter to basic principles.

The third is; problems in computer vision are well known to be ill-posed,ra techniques such as Bayesian
approaches are fundamental to their solution. Many computer vision problems are indeed ill-posed and
with care Bayesian methods may be used to enforce prior knowtige. However, algorithms which
generate arbitrary results with no intrinsic quantitative validity (even if presented as Bayesian
approaches) should be considered unsatisfactory. Perhaps these tasks are better interpreted as the
test of a hypothesis with respect to speci c prior assumptias, rather than a unique answer. We should
prefer to identify the data which is required to solve a problem, and where we might obtain it, rather than
pre-suppose that everything can be solved with a common prioassumption.

Conclusions

This document motivates the selection of candidate module®f human perception on the basis of statistical
validity. A central theme of this document is that many patte rn recognition algorithms ignore the measure-
ment characteristics of the data they are applied to. While this approach is justi able in some cases, in
general it is not. We have attempted to illustrate this by discussing the process of dimensional reduction
in a case where it is possible to formulate a statistical soltion that takes explicit account of measurement.
We nd that the popular claim that measurement error can be neglected is not applicable in the non-linear
case. Also the parameters of the extracted manifold will be areliable so that even Bayesian classi cation
will be compromised. Any technique which purports to estimae the parameters of a non-linear manifold
should be based upon Likelihood (or itsquantitative  equivalents [1]), and should take explicit account of
the errors. Those who need to use these techniques should tiedore make an e ort to understand the noise
characteristics of their measurement process, rather thamersist in ignoring them. This lesson would appear
to apply to any data processing task, not just non-linear conponent analysis, see for example [11] for algo-
rithms designed as solutions to linear equations, [22] foranstructions in probability such as “information’



and Likelihood and nally [24] for an outline of the problems of taking a statistical interpretation of “shape
theory', as exempli ed by the use of Riemann geometry.

There is a speci ¢ need for those who consider themselves toebin a pattern recognition or computer vision
‘user-group' such as cognitive scientists, to try to undertand the limitations of published techniques. They
should be aware that algorithms are often tolerated in applcation driven areas even though the principles
which underpin them are awed. Paradoxically, publications and approaches are likely to become popular
in the area of computer vision speci cally because they appar to work quickly or achieve the impossible.
The emphasis here is on the word “appear'. Unfortunately, tle continued popularity of totally unjusti able
approaches demonstrates that we cannot rely entirely on exgrimental testing to show us when there are
problems and thereby convince everyone of what constitute®est practice.

In the absence of convincing empirical validation, it makessense where possible to appeal to logical analysis.
For example; when attempting non-linear component analyss, the assumption that errors can be neglected
is not the same as saying there are none, and the assumption & a particular data set has a specic
prior distribution is highly speci c. Both of these examples illustrate that correct selection of a method is
conditional on an understanding of the data. We can therefoe not expect to use techniques, which are in
e ect a sophisticated statistical analysis, as though theyare black boxes. To insist on taking this approach
may result in increased publication rates but can be regardeé as both poor science and poor engineering.
Our models of vision will need to make explicit the details of how data is obtained and its
statistical character [13].

Finally, | would like to mention once again the di culty rais ed by algorithms which claim to provide unique
solutions to ill-posed problems. The assumption that we canignore errors, and the use of arbitrary prior
distributions in Bayesian solutions, is expected to resultin an in nite humber of arbitrary solutions (and
potential publications), not just for non-linear component analysis but any data analysis task. If we under-
stand enough about a problem to be able to say that it is ill-pcsed then we should not accept any published
work which claims to provide a solution as a theoretical bass for a scienti ¢ study. As a consequence, we
must decide if such solutions can ever be legitimately acceéged as candidate modules of human perception.
If this argument has failed to convince the reader, there is aother way of considering this problem. lll-posed
problems are those which have insu cient data for a unique sdution. Any quantitative estimation process
should therefore make this explicit by reporting the uncertainty. Even ill-posed problems are not intrinsi-
cally a bad thing provided we are “honest' regarding the un-eliability of any result. This is just another
way of saying we need to know the errors on the output [5, 18, 0 Both the issue of statistical design and
ill-posed problems can therefore be seen as two facets of tlsame requirement. It can be summarised in one
demand which researchers should make when selecting computvision algorithms as candidate models of
visual perception;

Show me the errors!

This observation is consistent with a systems design methoalogy for vision system construction, whereby
each module is selected in order to match the statistical cheacteristics of input and output data to the
assumptions used in module design [21]. However, if you thinthat the ideas presented in this document
are at all obvious and perhaps did not require stating, pleas take a look at [23] which discusses a diverse
set of the published literature with regard to this and related statistical design principles. Meanwhile, we
leave it to the reader to take another look at other popular approaches, such as SIFT [10], and to decide
for themselves how they live up to this demand.
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