
S h a p i r o  e t  a / .  - A t t e n t i o n a l  b l i n k  

21 Treisman, A.M. and Gelade, G. (1980) A feature-integration theory of 

attention Cognit. Psychol. 12, 97-136 

22 Moore, E.M. etaL (1996) Are attentional dwell times inconsistent with 

serial visual search? Psychonomic Bull. Re;c 3, 360-365 

23 Chun, M.M. and Potter, M.C. (1995) A two-stage model for multiple 

target detection in rapid serial visual presentation J. Exp. PsychoL 

Hum. Percept. Perform. 21, 109-127 

24 Seiffert, A.E. and Di Lollo, V. (1997) Low-level masking in the 

attentional blink J. Exp. PsychoL Hum. Percept. Perform. 23, 1061-1073 

25 Enns, J.T. and Di Lollo, V. (1997) Object substitution: A new form of 

masking in unattended visual locations Psychol. Sci. 8, 135-139 

28 Rensink, R.A., O'Regan, J.K. and Clark, J.J. (1997) To see or not to see: 

The need for attention to perceive changes in scenes Psychol. Sci. 8, 

368-373 

27 Pashler, H. (1994) Dual-task interference in simple tasks: Data and 

theory Psychol. Bull. 2, 220-244 

28 Welford, A.T. (1952) The 'psychological refractory period' and the timing 

of high-speed performance - A review and theory/;r. J. Psychol. 43. 2-19 

29 Spence, C. and Driver, J. (1997) Audiovisual links n exogenous covert 

spatial orienting Percept. Psychophys. 59, 1-22 

30 Posner, M.I. and Boies, S.J. (1971) Components c.f attention Psychol. 
Rev. 78, 391-408 

:31 Potter, M.C. and Chun, M.M. Two attentional deficits in serial target 

search: The visual attentional blink and an amodal task-switch deficit 

J. Exp. Psychol. Learn. Mem. Cog. (in press) 

32 Duncan, J., Martens, S. and Ward, R. (1997) Restricted attentional 

capacity within but not between sensory modalities Nature 369, 

313-315 

:3:3 Husain, M. etaL (1997) Temporal dynamics of visual attention reveal a 

non-spatial abnormality in spatial neglect Nature 385, 154-156 

:34 Posner, MA. e ta / .  (1987) How do the parietal lobes direct covert 

attention? Neuropsychologia 25, 135-145 

3 5  Joseph, J.S., Chun, M.M. and Nakayama, K. (1997) Attentional require- 

ments in a 'preattentive' feature search task Nature 387, 805-808 

Computational theories 
of object recognition 

Shimon Edelman 

This P a w  examines four  current theoretical approaches to the representaUon and 

recognition of visual objects: structural descriptions, geometric constraints, 

multidimensional feature spaces and shape-space approximation. The strengths and 

weaknesses of the four theories are considered, with a special focus on their approach 

to  categorization - a computationally challenging task which is not widely addressed in 

computer vision, where the stress is rather on the generalization of recognition across 

~ n g e s  ~ viewpoint.  

T h e  study of visual object recognition has seen such 
rapid development recently that its comprehensive survey 
would not fit within the confines of a journal paper. In this 
short review I concentrate on some aspects of what Marr * 
termed the 'computational theory' of object representation. 
Recognition algorithms stemming from the different com- 
putational formulations of the problem of representation 
are also mentioned. Very little space is devoted to imple- 
mentational issues, and none at all to the evaluation of vari- 

ous theories as models of human performance or as expla- 
nations of the functional neurobiology of object recognition 
in primates (see Refs 2-5 and the forthcoming special issues 

of Vision Research and Cognition). Traditionally, in cog- 
nitive science, debates concerning theories of object repre- 
sentation centre on computational problems stemming from 
the effect of viewpoint on the appearance of objects ~12. The 
emergence of powerful formal methods for overcoming the 
effect of viewpoint :'13'~4 and the recent successes of surpris- 
ingly simple empirical approaches to recognition ~5'.6 are 
likely to shift the focus of theoretical discussion to other 
topics. Indeed, my chief aim here is to bring to the fore- 
ground a class of computational problems that differ from 
those related to viewpoint dependence, yet confront any 

recognition system. These problems arise From the need to 
'categorize', or make sense of, novel objects. 

Perception, recognition and categorization 
The spectrum of problems arising in connection with object 
recognition is best understood in terms of~:wo basic distinc- 
tions. The first of these has to do with the perception of the 
shape of an observed object on the one hand, and the recog- 
nition of objects on the basis of their shapes on the other 
hand. A classical observation of this distinction was made by 
Wittgenstein 17, who discussed at length the difference be- 

tween seeing a shape and seeing it 'as so;nething'. Unlike 
merely perceiving a shape (a problem not addressed in the 
present review), recognizing it as something involves memory, 
that is, representations of shapes seen in the past. The form 
of these representations is constrained by the various factors, 
such as orientation and illumination, that affect the appear- 
ance of objects. Because of the effects of orientation, for in- 
stance, simply storing a particular snapshot of an object for 
future reference would not do: another view of the same ob- 
ject may turn out to be less similar to the stored view than 
to a view of a different object, leading to ast erroneous recog- 
nition. As noted above, contemporary theoretical treatments 
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Glossary 
Basis pursuit: In signal processing, choosing the optimal 'al- 
phabet' of features for the description of a data set (for example, 
basis functions in fianction approximation), and, simultaneously, 

estimating the optimal contribution (for example, weight) of 
each feature to the observed data. 
Corresponder~e: A mapping that assigns the same label to 
different projections of the same feature (for example, a point on 
an object's surface), as seen in two images taken from different 
vantage points. 

Curse of dimensionality: The exponential dependence of the 
number of examples required for learning a task on the number 
of dimensions of the representation space4L Suppose that filling 
a region in a one-dimensional feature space with representative 
examples requires ten data points; a comparable coverage of a 
three-dimensional feature space would then require 1000 data 
points 53. 

Fiducial geometric features: Features that are associated 
with fixed locations on the object's surface and therefore can be 
trusted to convey information about its geometry and orien- 
tation. A surface marking or a corner formed by two surfaces 
meeting at an angle are good geometric features; a smooth bend 
in a surface is not. 
Instability of stmructural interpretation: The possibility of 
assigning multiple structural interpretations to a given image, 
typically exacerbated by a sensitivity of the interpretation process 
m fine details of the data (which are most prone to corruption by 

noise). 
Labelled graph m~ching: The establishment of a mapping 
between the vertices and the edges of two graphs in such a man- 
ner that the labels carried by the elements of one graph match 
those of the other one. 
Latent  variable analysis: In statistics, explaining the vari- 
ation observed in a data set in terms of a few postulated 'hidden 
variables', which give rise to the data through the process of ob- 
servation or measurement. The aim of the analysis is to specify 
both the variables and the observation process, to obtain an 
optimal fit to the data. 
Manifold: Intuitively, a smooth curve or surface embedded in a 
higher-dimensional space. Performing, for instance, a thousand 
simultaneous measurements on the image of an object effectively 

maps it to a point in a 1000-dimensional abstract space. If the 
object is then made to rotate around a fixed axis, the curve as- 
cribed by that point as the values of the various measurements 

change with rotation is a one-dimensional manifold embedded 
in the 1000 dimensions. 

Non-accidental properties: Two-dimensional image features 
that can be used to make inferences about three-dimensional ob- 
ject structure because of the low likelihood that they arise by 
chance2L A representative example of such a feature is a pair of 
parallel lines; because a chance image alignment of two segments 
that are in fact not parallel in 3D is unlikely, two parallel lines 
in the image are a good indicator of the presence of a three- 
dimensional shape such as a cylinder 'out there' in the scene. For 
a Bayesian treatment of related issues, see Ref. 54. 
Regularization: A common mathematical technique applied 
to problems that are formally ill-posed. By extending the defi- 
nition borrowed from the theory of differential equations, a 
problem is considered to be ill-posed if its solution does not de- 
pend continuously on the data, or if more than one solution ex- 

ists, as in the case of structural interpretation. Regularization at- 
tempts to reduce the solution space, by imposing additional 
constraints, over and above those contained in the data. 
References to the mathematical literature on regularizarion and a 
discussion of its relevance to low-level visual tasks can be found 
in Ref. 55. 
Shape space: An abstraction, introduced by Kendall 33'55 to 
allow a rigorous statistical treatment of problems having to do with 

variation of shape in a sample of objects. Objects are treated as 
points in a metric space, where similar shapes correspond to 
nearby locations. Categorization thus becomes a matter of deter- 
mining the location of the stimulus relative to other points in the 
shape space. 
Viewpoint consistency constraint: The mathematical re- 
lationship between the projected (2D) coordinates of the fiducial 
features, imposed by their arrangement in the 3D space. For a 
rigid object, the projected location of some initially detected 
features constrains the possible range of its orientation and pre- 
dicts the location of other features. If this prediction is verified 
(as in the second stage of recognition by alignmentT), the initial 
hypothesis of the presence of the object in the image is confirmed. 

o f  recognition concentrate precisely on this problem; state 

of  the art algorithms 18 are capable of  overcoming it, pro- 

vided that several views per object are available, and that 

certain auxiliary problems such as correspondence (see 

Glossary) are solved. 

These algorithms, however, do not necessarily ob~erve 

another distinction: that between recognition and catego- 

rization. In most everyday recognition tasks, memory ~s in- 

volved in a peculiar manner: whereas recognition is (liter- 

ally) remembering a thing one saw before, making sense of  

a novel object (as when a child realizes that a giraffe, 

glimpsed at a zoo for the first time, is a quadruped animal) 

is more like remembering a thing never seen before. 

Obviously, to be capable of  categorization, either the sys- 

tem's memory traces, or the process whereby these are com- 

pared to the stimulus, or both, must be structured appro- 

priately; no algorithm designed merely to counter the 

effects o f  viewpoint would do. One  may note that the dis- 

tinction between familiar and novel shapes need not be of  

any consequence at the 'front end'  o f  a visual system (the 

processing stage whose task is to form a description of  the 

current stimulus). To wit, completely unfamiliar objects 

can be, in principle, described in terms of  their constituent 

edges, surfaces and other spatial features, without  recourse 

to memory. However, even a complete specification of  the 

shape of  an object does not qualify as its categorization: the 

latter has to do with other objects that the stimulus resem- 

bles, rather than with the details o f  the shape o f  the stimu- 

lus itself. In other words, faithful geometrical description is 

no substitute for recognition or categorization; comput ing 

such a description constitutes a separate problem, which 

may have little to do with the problem of  representing ob- 

jects in a form suitable for recognition or categorization. 

Among  the various computational approaches to repre- 

sentation proposed in the past, the one intuitively most 

suitable for categorization is the variant o f  structural de- 

composit ion usually attributed to Marr and Nishihara .9 

and, subsequently, popularized as a psychological theory by 
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ii Box 1. Structural descriptions ~ 
7~ 

Summary: an object is represented as a collection of parts 
(chosen from a small alphabet common to all objects), along 
with their spatial relationships. 
Main mathematical tools used in representation and recogni- 
tion: combinatorial optimization theory. 
Examples: recognition by compone:nts a and minimum de- 
scription length interpretation b. 

Strengths 

(1) Conceptual parsimony - a handful of primitives can 

allow a very large number of object classes to be represented 

concisely. 

(2) Invariance to changes in viewing conditions, as long as 

the parts and their relationships can be identified. 

(3) Good support for categorization, stemming from the 
possibility of repressing novel objects in terms of the same 
primitives as the familiar ones. 

Weaknesses 
(1) No reliable method for the extraction of structural 
primitives from raw images exists at ipresent. 
(2) Choosing the right structural interpretation among the 
many that are possible in a given situation is likely to be 
problematical. 

References 
a Hummel, J.E. and Biederman, I. (1992) Dynamic binding in a 

neural network for shape recognition PsychoL Rev, 99, (~ 

480-517 

b Bienenstock, E., Geman, S. and Potter, D. (1997) 

Compositionality, priors, and object recognition, in Neural 

Information Processing Systems (Vol, 9) (Mozer, M.C., Jordan, 

M.I. and Petsche, T., eds), MIT Press 
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Biederman 8. Until very recently, it seemed that this struc- 
tural theory was the only one offering a principled treat- 
ment of novel objects. For this reason, it is the first theory 
I discuss; the emerging alternative~,; are presented in later 

sections. 

Structural decomposition 
In any structural decomposition model, the shape of an ob- 
ject is described in terms of relatively few generic compo- 
nents, joined by spatial relationships that are chosen from 
an equally small fixed set (see Box 1). The standardization 
of the primitives (the components and their relationships) is 
crucial in that it allows representation of novel objects. 
Mathematically, comparison between objects then amounts 
to labelled graph matching (a difficult combinatorial 
problem) 2° and categorization - to tlhe attribution of an ob- 
ject to an equivalence class of graphs corresponding to 
shapes that are structurally identical, yet may be geometri- 

cally distinct. 

Recognition By Components 
A typical structural theory, Biederman's Recognition By 
Components (RBC) 8, postulates a set of 30 or so primitive 
shapes (geons), claimed to be detected easily in images as a 
result of their 'non-accidental' properties. The latter 
are three-dimensional features that are almost always (that 

is, barring an accident of viewpoint) preserved by the imag- 
ing (projection) process 21. 

The use of non-accidental features to !infer the presence 
of geons, and the distributed computation of the graph 
structure of the input object, are the cornerstones of the 
implementation of RBC described by Hummel and 
Biederman 22. This work demonstrated the ability of a care- 
fully engineered multilayer neural network to derive struc- 
tural representations from labelled line drawings. In many 
respects, however, it also served to highlight the shortcom- 
ings of RBC, three of which are discussed below (see Fig. 1). 

Computational problems 
The need for metric information. Although, in principle, 
RBC is capable of representing novel shapes (via their struc- 
tural decomposition), this ability comes at the expense of 
ignoring fine (metric, or quantitative, as opposed to struc- 
tural, or qualitative) distinctions among shapes. This short- 
coming was recognized and amended by Stankiewicz and 
Hummel 23, who augmented RBC by quantitative variables, 
encoding, for instance, the lengths of the various parts of an 
object in addition to their qualitative characteristics such as 
convexity or cross-section shape. 

Difficulties with the recovery of parts A more severe 
problem faced by the structural approaches is the need for 
reliable detection of parts in images. One aspect of the de- 
tection problem - inferring three-dimensional structure 
from a two-dimensional projection - is essentially solved by 
the use of non-accidental features. Nevertheless, the diffi- 

culty of finding in the image lines and junctions whose non- 
accidental relationships can be used to infer the presence 
of geons has so far precluded RBC from being applied to 
the recognition of objects in grey-level images. The model 
described by Hummel and Biederman 22 worked for hand- 

labelled line drawings; invariably, attemp~:s to apply RBC 
to images of real objects involve highly simplified shapes 
consisting of two or three clearly distinguishable parts, and 
are likely to use range data instead of photometric images. 

Instability of description in terms of p,~rts. Even if the 
input to a structural decomposition system is given in the 
form of a collection of labelled lines, its interpretation in all 
but the most artificial examples is problematical, because of 
an inherent instability of structural interpretation 
that affects all structural approaches. The instability stems 
from the possibility to decompose any shaFe in a number of 
ways, depending on the primitives that are assumed to exist. 
For example, a handprinted letter 'A' can be decomposed 
into either three or five approximately straight lines, de- 
pending on whether the sides of the A are represented as 
single long lines or concatenations of two ~horter segments 
each. It should be realized that the same problem arises in 
any combinatorially structured domain. [;or example, the 
problem of basis pursuit in signal processing 24 consists 

of choosing a subset of basis functions, whose weighted 
sum best approximates a given signal. The difficulty here 
stems from the possibility of decomposiJag the signal in 
many different ways, depending on the choice of basis 
functions and on the optimization criterion. Likewise, in 
latent-variable analysis in statistics 25 one is faced with 
the problem of selecting (or rather, postulating) the set of 
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variables, and of estimating their contributions to the 
observables. 

It has been suggested that the instability problem may 
be alleviated by imposing a prior expectation (in the 
Bayesian sense) on each possible solution, at a number of 
levels of a structural hierarchy, as in pixel - edge element - 
c u r v e  26. This 'compositional' approach attempts to combat 
instability by 'regularization' of the solution, and by using 
top-down expectations descending from the higher lew=ls of 
the hierarchy to help disambiguate the interpretations at the 
lower levels. 

Because structural interpretation guided by these prin- 
ciples has not been attempted for unconstrained object 
classes or for 'raw' grey-level images, it is difficult to esti- 
mate the effectiveness of the compositional approach in 
overcoming the instability problem, or the sheer combina- 
torics of representing moderately complex objects as struc- 
tural hierarchies 27'28. Experience with large-scale projects 
that adopted this approach has not been encouraging. A 
vintage example, the MIT Vision Machine program 2v, 
which explored bottom-up structured solutions to low-level 
visual tasks such as edge detection, confronted computa- 
tional difficulties and ran into a representational dead end. 
On the one hand, its recovery of shape from various low- 
level cues proved to be unreliable. On the other hand, no- 
body seemed to have any use for the recovered shape even 
when the low-level computations did work. The abandon- 
ment of this and similar projects in the early 1990s suggests 
that the current attempts at reviving the structural interpre- 
tation methods 26'3° are about to face severe difficulties, both 

computational and conceptual. 

Geometric constraints 
Whereas structural methods ignore much of the quantitative 
information inherent in the image locations of object fea- 
tures, geometric methods such as alignment 7 use this infor- 

mation to identi~ the object and to compute its pose with 
respect to the observer (Box 2). These methods rely on the fol- 
lowing 'viewpoint consistency constraint'3~: the estab- 
lishment of correspondence between localized features in 
the object and in the image constrains the relative placement 
of the object features and, therefore, the object's geometry. 

Varieties of alignment 
Given a library of object models, each accompanied by a set 
offiducia[ geometric  features and a corresponding set 
of features in the images, one can compute the hypothetical 
viewing position of each candidate object, and verify the hy- 

pothesis of its presence in the image by transforming the 
model (aligning it to the image) and evaluating the good- 
hess of the resulting match. Ullman v proved that the lo- 
cations of as few as three features in the image suffice, under 
certain conditions, for unique alignment (the robusmess of 
the method can be improved by using more features, or 
anchor points, than is strictly necessary). Soon aftemrards, 
Ullman and Basri 14 realized that storing a few views per ob- 
ject (with full correspondence) obviates the need for main- 

taining three-dimensional models of objects. This work 
prompted the development of a variety of algebraic meth- 
ods for view-based recognition, all based on the observation 

13 

D 

/ \  
/---\ 

Fig. 1 Computational problems with structural representations. (A) Structural de- 
scriptions must be accompanied by metric information to represent differences among com- 
monly encountered categories. The inclusion of metric details redtlces the ability of struc- 
tural methods to deal with novel objects. (B) A picture of a New Yo ~k City street-corner hot 
dog cart and a stylized object, which, as Biederman suggests 8, may be described as such fol- 
lowing a structural decomposition in the visual system. At present, there is no reliable 
method for mapping a grey-level image into a collection of (labelled) primitives (lines, cor- 
ners, etc.) from which Recognition By Components' (RBC's) geons axe constructed. Thus, al- 
though a carefully engineered system such as that described by Hummel and Biederman 22 
can form a structural description of the line drawing of a cart-like object, the goal of deriv- 
ing such a description directly from an image remains elusive. (C) Even in simpler tasks (such 
as character recognition, where the figure is readily separable from the ground), the 
derivation of a structural description is problematical. Here, the difficulty stems from the 
possibility to assign multiple structural descriptions to the same irr~age. (D) In some tasks, 
coming up even with one structural description is problematical; how does one represent a 
shoe in terms of RBC's geonsT? 

that views (that is, vectors of image coordinates of a set of 
fiducial points) of a rigid object reside in a low-dimensional 
(linear, if the projection is orthographic) subspace of views 
of all possible objects. 

Computationa/ problems 
Need for feature correspondence. Because the establishment of 
correspondence is an absolute prerequisite for all the above 
methods, poor performance of the feature extraction and 
correspondence stage can disrupt subsequent recognition 
completely. Given the difficulty of detecting features (either 
points 8'13 or regions ~2) reliably in a bottom-up fashion, it 

seems that alignment will remain practical only in the con- 
text of industrial object identification. 

Lack of abstraction of category info~vnation. A more serious 
problem with alignment-like methods is their too literal treat- 
ment of object geometry. Alignment attempts to account for 
the observed location of every feature of the object; in com- 
parison, categorization of novel objects requires abstraction 
of geometrical detail. This seems to call for a conceptual 
framework that is inherently statistical 33'3a. Mere tolerance 
to certain variation in model parameters does not seem to 
suffice, as indicated by the relatively disappointing perfor- 
mance of a version of alignment that adopted this approach 35. 
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nates of a small set of its features. 
Main mathematical tools: algebra and tensor calculus. 
Examples: interpretation trees ', varieties ofalignment~% linear 
combination of views a and trilinear tensor ~. 

Strengths 
(1) Amenability to rigorous mathematical (algebraic) treatment. 
(2) Invariance to changes in viewing conditions, as long as 
corresponding features in both the input and the stored rep- 
resentation can be identified. 
(3) Demonstrable effectiveness in practical situations involving 
industrial objects. 

Weaknesses 
(1) Feature detection is unreliable for natural objects. 
(2) At present, there is no clear extension from identifi- 
cation of individual shapes to categorization of shape classes. 
(3) Feature correspondence must be established prior to 
recognition. 

References 

1 a Grimson, W.E.L. and Lozano-Pe . . . .  T. (1987) Localizing 
overlapping parts by searching the interpretation tree IEEE 
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~J b Lowe, D.G. (1987) Three-dimensional object recognition from 
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f e a t u r e  s p a c e s  

Summa~ an object is represented by a vector of'feature values; 
the features can be geometric, photometric or any others. /i 
Main mathematical tools: multivariate statistics. 
Examples: eigenfaces and related methods~ ~.nd histograms 
of local measurements a,°. 

St~en~s 
(1) The features tend to be very easy to detect. ) 

i 2) The statistical approach provides a common framework 
for recognition and categorization. 

Weaknesses 

(1) Structure is represented implicitly rather than explicitly. 
(2) Decision spaces tend to be high-dimensional, with the 

.... associated computational difficulties. 

References 
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pp. 610-619, Springer 

Lack of an explicit representation of object statistics. From 

a statistical standpoint, alignment is deficient because it is 

geared to treating two objects at a time, instead of  capturing 

several dimensions of  variation within an ensemble. A step 

towards combining alignment with statistics has been made 

by Basri 36, who developed an algorithm for representing ob- 

ject classes by their prototypes (defined as statistical averages 

of exemplars). However, because this method assigns the 

input to the closest known category (an approach known 

in pattern recognition as the nearest-neighbour decision), 

essentially, it is limited to the processing of  objects that 

resemble one of  the prototypes much more closely than any 

of  the others. 

Mult idimensional  feature spaces 

The limitation imposed by the use of the nearest-neighbour 

decision procedure can be removed by reformulating the 

problems of  recognition and categorization as clustering in 

multidimensional feature spaces 37 (see Box 3). Importantly, 

this framework facilitates the representation of  a novel ob- 

ject by its membership in a number of  clusters (categories) 

simultaneously. The idea of  using multiple reference classes 

may be illustrated by thinking of  a giraffe: one may imagine 

that its ancient Roman name, camelopardalis, reflects the 

observation of  its similarity to a camel (in its shape), and to 

a leopard (in its visual texture) (see Fig. 2). 

Multidimensional histograms 
A judicious choice of  features in this classic~d pattern-recog- 

nition approach to vision abolishes the need for precise cor- 

respondence, and can lead to considerable invariance with 

respect to object transformations. This h~a been demon- 

strated by the success of  systems that represent objects 

by histograms (computed over the entire input image) of  

multidimensional vectors of  measurements related to 
colour 16'38 and to local distributions of  intensity ~5'~6. 

Proponents of  theories of  representation based on en- 

coding qualitative structure or metric details of  objects may 

find it difficult to accept the possibility of  representing 

shapes without specifying their geometry explicitly (for ex- 

ample, by tallying the frequency of  various measurements). 

It seems to me that this difficulty stems from a confusion 

between the phenomena of  perception (seeing a shape) and 

of  representation (seeing it as something; cE Wittgenstein's 

point raised in the introduction). Whereas the structure de- 

livered by a perceptual system should be geometrically faith- 

ful to its object, there is no apriori computational reason to 

assume that this structure is to be retained in the memory 

trace laid down by the representational system into which 

perception feeds. In fact, the computational approaches dis- 

cussed here and below postulate that representations are not 

geometrically or structurally analogous to percepts; whether 

or not the human visual system maintain:~ structurally or 
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Texture 

Fig. 2 Representation by multiple-class membership. A 

novel object (camelopardalis), represented by two kinds of  fea- 

tures: those having to do with shape (which make it a neighbour 
of the camel) and those related to visual texture (according to 

which it is a neighbour of the leopard). 

geometrically faithful representations of objects is an empirical 

question that is not addressed here. 

Computational problems 
Combining diagnosticity with invariance. The main problem 
of feature-space methods is finding features that afford reli- 
able discrimination among similar objects, along with in- 
variance across object transformations (this corresponds to 
the issue of stability vs sensitivity of features, mentioned by 
Marr)L Simple geometrical arguments 37'39 can be used to 

show that these are conflicting requirements that can be met 
jointly only as a result of a compromise, or following special 
training 4°. That is, unless the features are both absolutely di- 
agnostic and inherently invariant to the transformation in 
question, as in the case of the bar codes used to label goods 
in stores. 

Difficulty of learning from examples in multidimensional 
spaces. Because statistical representations such as those 
involving feature histograms must be learned, the isstte of 
dimensionality assumes a central role in determining the 
viability of any given scheme. Learning from examples in a 

high-dimensional space is computationally problematical. 
The problem, known as the 'curse of dimensionality '4~, 
lies in the exponential dependence of the required number 
of examples on the number of dimensions of the represen- 
tation space. Thus, dimensionality reduction becomes of 
primary importance 42. The challenge, then, is to reduce di- 

mensionality while preserving the ability of the represen- 
tational system to deal with novel objects, without having to 
come up with novel features. 

Approximation in feature space 
An effective way to increase the likelihood that most poss- 
ible differences between two objects would be captured by 
(that is, would have a non-vanishing projection on 1:o) at 

least some of the dimensions of the feature space is, some- 
what paradoxically, to increase the number of features (that 
is, distinct measurements performed by the system on the 

Summary: an object is represented as a low-dimensional 
'surface' (manifold) defined by prescribed points in a feature 
space. 

Main mathematical tools: approximation theory and morpho- 
metrics (theory of shape spaces). 
Examples: view space approximation ~ and representation by 
similarities to prototypes b'~, 

Strengths 
(1) The features tend to be easy to detect. 
(2) The statistical approach provides a common framework 
for recognition and categorization. 
(3) Approximation by smooth functions alleviates the prob- 
lems stemming from dimensionality. 

Weakness 
(1) Structure is represented implicitly. 

References 
a Poggio, T. and Edelman, S. (1990) A network that learns to 

recognize three-dimensional objects Nature 343, 263-266 

b Edelman, S. (1995) Representation, similarity, and the chorus 

of prototypes Minds Maeh. 5, 45-68 

c Edelman, S. and Duvdevani-Bar, S. (1997) Similarity, connec- 

tionism, and the problem of representation in vision Neural 
Comput. 9, 701-720 

image). The dimensionality of the resulting powerful yet 
unwieldy representation space must be reduced. The first 
stage in this process can be based on the observation that an 
object undergoing a transformation (such as rotation) is 
mapped into a low-dimensional 'man i fo ld '  in the feature 
space 43'44, provided that the measured features are smoothly 

related to the transformation parameters (Box 4). 

Given a few points known to belong to the proper 
manifold (that is, a few views of the object in question), it is 
possible to recognize any other view of the object by inter- 
polation. Note that the nominal dimensionality of this 
representation is equal to the number of views used to in- 
terpolate its view space; the true dimensionality can be 
much lower, and is determined by the number of degrees of 
freedom of the object (equal to three for objects that are 
only allowed to rotate in space). Although this method 
seems to be irrelevant to the representation of novel objects 
(for which no example views are available in advance, by 
definition), it can in fact be extended to encompass both 
recognition and categorization. 

Representation by similarities to prototypes 
The main requirement for such an extension is that the 
mechanism used for interpolating the view-space manifolds 
of familiar objects (prototypes) respond to unfamiliar objects 
as well 45. Under this scheme, novel objects are represented 
by their similarities to the prototypical or reference shapes 
(Fig. 3), which, in turn, are represented by stored chosen 
views. The nominal dimensionality of the resulting shape 
space is determined by the number of reference shapes. An 
implementation of this scheme described by Edelman and 
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Fig. 3 Structural and holistic approaches to the represen- 
tation. Representing Biederman's 8 'hot dog cart' (A) in terms 
of spatial relations among abstract or generic parts (B), and by 
similarities to a number of concrete entire objects (C). 

Duvdevani 46 contains ten reference-shape detection mod- 

ules, each of which computes the similarity of its preferred 
shape to the input. The vector of similarities is then sub- 
jected to further processing (for example, compared with 
stored vectors to determine category membership). This 
system was tested on tens of grey-level shaded images of 
each of 50 novel objects (man-made and natural), achieving 
satisfactory results in both recognition and categorization. 

The most prominent feature of this approach (and the 
source of a potentially serious shortcoming, as discussed 
below) is its focus on similarities among shapes. Under cer- 
tain conditions, its representation of similarities is formally 
veridical - a property that holds a great philosophical appeal 
(for some of the mathematics behind this see Refs 47, 48). 
However, the geometry of individual shapes is not made ex- 
plicit; the present method shares this characteristic with all 
other approaches based on abstract fi.~ature spaces. 

Computational problems 
Potentialproliferation of prototypes. So far, representation by 
similarities to prototypes has only been implemented on a 
rather limited scale. It is not clear, therefore, how well this 
approach will scale up with the number of possible input 
objects. Although it is easy to program a system to acquire 
new prototypes at need, the rate of such acquisition must 
decrease to zero, and the number of prototypes must 
asymptote at some small fraction of the total number of ob- 
jects, if the system is to be viable. Another aspect of this 
problem is related to the instabilit T of interpretation that 
occurs in the structural methods: if too many prototypes are 
found to be nearly equally similar to the input, it may be 
difficult to choose the best subset while attempting to lower 

the dimensionality of the representation. 

Outstanding questions 

• How can the alignment approach be made to represent qualitative 
structure and not only quantitative (metric) details? 

• How can the structural approach be made to work in practice, on real 
images? 

• How can the feature-space approaches be made to represent structure 
explicitly? 

Lack of representation of swucture. A further challenge 
for this approach is posed by the need to make explicit the 
dimensions of similarity. Returning to the example in Fig. 2, 
it seems reasonable to require that a representational system 
should not only note the resemblance between the giraffe, 
the camel and the leopard, but that it should also realize 
that the resemblance of the giraffe to the camel involves 
certain dimensions of the giraffe's shape whereas its resem- 
blance to the leopard involves colour and visual texture. The 
structural underpinnings of similarity also need to be repre- 
sented explicitly. Consider two objects: a sphere attached to 
the top of a cube, and a cube on top of a sphere. By all ac- 
counts, both of these objects are equally similar to a sphere; 
one expects that their structural difference should be repre- 
sented as well. It has been claimed that this can be achieved 
by associating similarity with certain locations in the image, 
and by maintaining pointers to the relevant locations along 
with the similarity49; this approach has yet to be tested in 
practice. 

Conclusions 
This paper presented a critical review of four theoretical ap- 
proaches to object representation: structural descriptions, 
geometrical models, high-dimensional featt, re spaces and a 
low-dimensional representation based on similarity of the 
object to several prototypes. When judged by the criteria of 
computational plausibility and functional adequateness for 
the purposes of recognition and categorization, all the ap- 
proaches were found to be deficient, although the nature 
and the severity of the problems that were identified varied 
from one theory to another. 

On purely computational grounds, the best choice 
available to a designer of a visual system is wobably a library 
of geometric models of objects accompanied by an align- 
ment mechanism, but only if the range of tasks is restricted 
to the identification of one of the stored models at a time. 
If the system is to carry out categorization in addition to 
identification, a structural approach may be resorted to. 
Unfortunately, the extraction of fiducial features and the 
establishment of feature correspondence required for align- 
ment are not always sufficiently reliable, while the structural 
decomposition and the matching algorithms needed for 
recognition by components tend to suffer from instability 
and from combinatorial problems. These d ifficulties, which 
are a matter of computational principle ra~:her than imple- 
mentational detail, limit the appeal of these two theories 
(especially as far as categorization is concerned). This, in turn, 
casts a certain doubt (which may or may not prove to be 
well-founded by an empirical investigation) on their valid- 
ity as models of object representation in biological systems. 

The other two theories discussed above take a com- 
pletely different route to representation, by adopting the 
feature-space paradigm. The early work in pattern recogni- 
tion abstracted away the issues surroundi:ag the choice of 
features and their behaviour under object transformations. 
In contrast, contemporary approaches rely on feature spaces 
derived from studies of low-level vision, and use math- 
ematical concepts and techniques that only recently became 
known outside their narrow fields of stud.y (such as shape 
space approximation and dimensionality reduction). These 
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foundations may be partly responsible for the impressive 
performance of some recently implemented feature-based 
systems in tasks that have confounded computer vision re- 
searchers for decades. 

The most intriguing outstanding question in this con- 
text is whether the feature-based representations that hold 
promise for identification and categorization can also be 
made to support tasks that require an explicit manipulation 
of object structure or refer to the object's parts. A poten- 
tially fruitful approach here may be to label features by their 
approximate origin in the image 49. For example, two in- 
stances of an eye in conjunction with a nose and a mouth 
(all properly positioned in the image) qualify as a represen- 
tation of a face 5°. There are similarities here to the part- 
based structural approach, but there are also important dif- 
ferences. Firstly, the features can be concrete shapes, as in 
the representation by similarities to prototypes. This allows 
for efficient recognition of structures, circumventing the 
problematical need for composition from generic primi- 
tives. Secondly, the features may span several levels of a hi- 
erarchy of parts and wholes, facilitating concise represen- 
tations optimized for individual tasks. Thirdly, the required 
structural relationships hold in the two-dimensional image, 
not in the three-dimensional object-centred space, and can 
be determined by an easily implementable attentiort-like 
mechanism. It is interesting to note that these modifications 
to feature-based representations correspond closely to 
Grenander's 5~ distinction between pattern recognition (a 
process whereby patterns as complete entities are attributed 
to various classes) and pattern theory - a computational 
framework that aims to account for the structure of each 
pattern and for the processes that may have generated it, 
and not merely classify it 52. Further developments in this 
direction may lead to a more comprehensive, yet compu- 
tationally plausible, computational theory of recognition 
and categorization. 
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Ri sk-se n s it iv ity: 
crossroads for  theories 
of decision-making 

Alex Kacelnik and Melissa Bateson 

i 

by generalizing from regularities in 

~cesses. Yet others infer cognitive 

~ions are predicted when these 

~ s e s  interact with risk. The normative approach (Risk-sensitivity Theory; RST) is 

unique in predicting a shift in a subject's response to risk as a function of its resource 

budget, but the predictions of this theory are not yet widely confirmed, in fact, 

U n d e r  natural circumstances, most actions have a set of 
possible consequences, rather than a single well-defined 
outcome. A choice is described as rislq¢ if the probabilities of 
the different possible outomes are known, but the precise 
outcome is not known. The best that an animal can do 
when faced with a risky choice is to use information about 
the probabilities of different outcomes to decide which ac- 
tion to perform. For evolutionary biologists committed to 
the study of decision-making in animals, this raises an in- 

triguing and challenging question: has natural selection pro- 
duced sensitivity to risk, and if such an adaptation exists, 
what form does it take? Posed in this form, the question of 
risk-sensitivity belongs in the normative field of  behavioural 
ecology. However, recently it has become clear that a num- 
ber of different fields of behavioural rest:arch have con- 
verged on the problem of how animals respond to risk, each 
bringing a different perspective on how the behavioural 
phenomena should be explained. Here, we review some of 
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