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Abstract

Studies of high-level models of visual object categorization have left unresolved issues of neurobiological
relevance, including how features are extracted from the image and the role played by memory capacity
in categorization performance. We compared the ability of a comprehensive set of models to match the
categorization performance of human observers while explicitly accounting for the models’ numbers of
free parameters. The most succesful models did not require a largememory capacity, suggesting that a
sparse, abstracted representation of category properties may underlie categorization performance. This type
of representation—different from classical prototype abstraction—could also be extracted directly from two-
dimensional images via a biologically plausible early vision model, rather thanrelying on experimenter-
imposed features.
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1 Introduction

In humans, object categorization is one of the primary tasksof
the visual system. Sensory processing of visual stimuli, along
with prior visual experience, leads to categorization judgments
that can ultimately be used for cognition. In the last thirtyyears,
research in mathematical psychology has discovered much about
the processes of visual categorization (e.g., Reed, 1972; Nosof-
sky, 1984, 1991; Ashby, 1992a; Ashby and Maddox, 1993; Smith
and Minda, 1998; Ashby and Waldron, 1999) by combining the
techniques of visual psychophysics and computational modeling
to develop high-level theories of categorization. Despitethe pre-
dictive success of these theories, there exists a gap between the
descriptive framework of the models, and our current knowledge
of the neuronal mechanisms involved in categorization. An im-
portant aim therefore is to shorten this gap by extending mod-
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els so that their implementations are reasonable in light ofre-
cent developments in the neurophysiology of object recognition
and categorization (Kanwisher, McDermott, and Chun, 1997;
Ishai, Ungerleider, Martin, Schouten, and Haxby, 1999; Freed-
man, Riesenhuber, Poggio, and Miller, 2001; Sigala and Logo-
thetis, 2002; Op de Beeck, Wagemans, and Vogels, 2001; Ashby
and Ell, 2001). In this study, we address three key aspects of
categorization models, each of which can be studied with psy-
chophysical experiments and be informed by neurobiology.

First, current categorization models typically depend on high-
level multidimensional representations of incoming stimuli
(Ashby, 1992b; Ashby and Maddox, 1993). Edelman (1999)
reviewed evidence suggesting that such representations are in-
timately linked with the perceptual similarity of stimuli.A
common technique used to infer implicit psychological rep-
resentations is to apply multidimensional scaling (MDS) to
observers’ similarity judgments about a set of stimuli. Presently,
the link between these psychophysical measures of similarity
and the neuronal mechanisms underlying stimulus representation
in the primate visual system remains poorly understood. New
approaches using functional brain imaging in humans (Edelman,
Grill-Spector, Kushnir, and Malach, 1998) and electrophysio-
logical recordings in trained macaque monkeys (Op de Beeck
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et al., 2001; Sigala and Logothetis, 2002) are likely to shed
light on these issues. Such work will ultimately have to relyon
comparisons between inferred psychological representations in
monkey and human observers. Since it is nearly impossible to
train animals to give graded similarity ratings between pairs of
objects (the common method in human studies), animal studies
must rely on two-alternative forced choice methods instead. It is
therefore important to directly compare these two ways of rating
object similarity directly in human subjects.

Second, in a biological system, any high-level representation
must be built from lower-level representations, and in vision this
means that all representations must ultimately trace back to the
retinal input. Many categorization models presuppose thatthe
high-level (external) features used by the experimenter tode-
fine the objects are the same as those used internally by the
observer when making a categorization decision. For example,
many categorization studies have used a set of circles with bisect-
ing lines, defined by two features: the diameter of the circle, and
the angle of the bisecting line (e.g., Maddox and Ashby, 1993).
This approach has certainly been fruitful, and MDS studies have
demonstrated strong similarities between the external andinter-
nal feature representations. Nevertheless, apparent irregularities
in the categorization process that might be inexplicable interms
of high-level representations, could appear entirely natural in the
light of biological early vision. At the least, features such asan-
gle of the bisecting lineare not likely to be represented explicitly
by neurons involved in visual perception; rather, a population of
neurons might form a distributed representation, in which each
neuron responds preferentially to a single range of orientations.
Whether such differences have an effect on the output of catego-
rization models is an empirical question. We have tested a set of
hybrid models, in which an early vision model based on Riesen-
huber and Poggio (1999) is used to process the input in image
space, yielding a set of coarse spatial maps, one for each of a
small number of local image features. These maps are then used
as input to the high-level categorization models after a dimen-
sionality reduction step.

Third and last, the models approximate categorization decisions
using a mechansim based on the multidimensional representa-
tion of incoming stimuli, plus possible auxiliary representations,
such as memory traces. This process is typically controlledby
a number of free parameters, which are fitted with the goal of
matching human categorization behavior. However, a simplesta-
tistical comparison between models—even after accounting for
the number of free parameters—may ignore important differences
in the neurobiological implications of the models. For exam-
ple, one successful model, thegeneralized context model(GCM;
Nosofsky, 1984), assumes that all training images are stored in
memory; a literal interpretation of the GCM might conclude that
the neuronal substrate of categorization also scales linearly with
the number of exemplars in a category, or that categorization in
biological systems involves only simple memorization, without
any category-level abstraction (Knowlton, 1999). To provide a
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Fig. 1. Three object classes, each with four stimulus parameters
controlling that object type, were used in similarity and categorization
psychophysics tasks. Three sample objects of each type demonstrate
the typical ranges of the parameters. (a) Brunswik faces. (b) Cartoon
faces. Although these faces are described by 28 parameters, the
present study used only the 4 parameters corresponding to those in
(a). (c) Fish outlines.

more detailed look at such issues, we introduce aroaming ex-
emplar model(RXM) that draws from neural networks (Poggio
and Girosi, 1990; Rosseel, 1996) and exemplar-based modelsof
categorization (Nosofsky, 1991; Kruschke, 1992; Nosofsky, Kr-
uschke, and McKinley, 1992). The RXM also has much in com-
mon with thestriatal pattern classifier(SPC) of Ashby and Wal-
dron (1999), including the fact that its memory traces are free
parameters. This stands in contrast to previous exemplar-based
models, and hence neurobiological plausibility can be assessed
directly by accounting for numbers of free parameters when com-
paring fitted models.

2 Methods

2.1 Subjects

Eighteen psychophysics subjects (ages 18-25) from the Caltech
community particpiated as paid volunteers in the experiments de-
scribed below. Informed consent was obtained from all subjects,
and experimental procedures were approved by the California In-
stitute of Technology’s Committee for the Protection of Human
Subjects.
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2.2 Stimuli

We used three types of schematic, line-drawn visual stimuli(Fig-
ure 1): Brunswik faces and tropical fish outlines, which havebeen
used previously (see below), plus a new set of “cartoon face”
images. Each type of visual object was parameterized along four
dimensions comprising thestimulus parameter space. Different
sets of objects were assigned toconfigurations, which contained
equal numbers oftraining exemplarsassigned to each of two cat-
egories, as well as an additional number oftest exemplars. The
training exemplars from the two categories were always chosen
so as to be linearly separable in the objects’ parameter space;
that is, the members of the two categories could be separatedby
some 3-D hyperplane in the 4-D parameter space.

2.2.1 Brunswik faces

These line-drawn face stimuli (Figure 1a; Brunswik and Reiter,
1937) have been used frequently in categorization experiments
both with human (Reed, 1972; Nosofsky, 1991) and non-human
observers (pigeons, Huber and Lenz, 1996; monkeys, Sigala et al.,
2002). Each face consists of a simple ovaloid outline with inter-
nal features defined by (compressed) circles and straight lines.
The faces are parameterized byeye height(EH; the vertical dis-
tance from the centers of the eyes to the center of the face),eye
separation(ES; the horizontal distance separating the centers of
the eyes),nose length(NL; the vertical length of the nose line),
andmouth height(MH; the vertical distance from the center of
the face to the mouth line).

2.2.2 Cartoon faces

These stimuli (Figure 1b) were introduced in an fMRI study
(Jovicich, Peters, Koch, Chang, and Ernst, 2000) as a parameter-
ized object type that produced stronger activation in the human
fusiform face area (Kanwisher et al., 1997) than did Brunswik
faces. The cartoon faces extend the Brunswik faces in several
ways to make the faces appear more human: a simple band of
hair is added around the top of the head, the size and dilation
of the pupils may be varied, eyebrows are added above the eyes,
the nose outline is defined by an extended open contour, and the
mouth is defined as a Bezier curve rather than a straight line.To
control these additional features, the cartoon faces have atotal of
28 stimulus parameters; however, in the present study only the
four parameters corresponding to the Brunswik face dimensions
were varied, while the other 24 parameters were held constant.

2.2.3 Tropical fish outlines

These line-drawn images (Figure 1c) were first used to offer a
completely novel stimulus set to monkey observers in a catego-

di
m

en
si

on
 2

di
m

en
si

on
 3

di
m

en
si

on
 4

dimension 1 dimension 2

category 1 training exemplar

category 2 training exemplar

test exemplar

dimension 3

(a) (b)

(c)

(f)(e)(d)

Fig. 2. Experiment 1 used five 20-object sets, each defined in a
4-D parameter space. (a) The abstract configuration is shown in
projections onto the six possible pairs of dimensions. All exemplars
fall on a 3×3×3×3 grid, except for the two category prototypes, which
were among the test exemplars. Dashed lines indicate where the
two categories’ training exemplars are linearly separable. (b-f) For
illustration, the training exemplars of category one (thin black lines)
are superimposed upon those of category two (thick gray lines),
for (b) cartoon faces with dimensions {1=EH, 2=ES, 3=NL, 4=MH},
(c) fish outlines {TF, VF, DF, MA}, (d) Brunswik faces {EH, ES, NL,
MH}, (e) Brunswik faces {NL, MH, EH, ES}, and (f) Brunswik faces
{MH, EH, NL, ES}. See Figure 1 for abbreviations.

rization task (Sigala et al., 2002). Other fish images have been
used previously in studies of categorization in people and pi-
geons (Hernstein and de Villiers, 1980) and in monkeys (Vogels,
1999). Each fish image is composed of four cubic spline curves
that were fitted to scanned outlines of tropical fish. By adjusting
one control point of each of the curves, four features of the out-
lines could be smoothly deformed: the dorsal fin (DF), tail fin
(TF), ventral fin (VF), and mouth area (MA).

2.3 Similarity tasks

Two different similarity tasks (pairs and triads tasks) were per-
formed with the 20-object configurations used in Experiment1
(see section 2.5Categorization tasksbelow; Figure 2). For each
configuration, subjects’ psychophysical responses were used to
form a 20×20 experimentaldissimilarity matrixwith entriesδi j ,
using a procedure specific to the task (see descriptions below).
This matrix was then used to estimate subjects’ psychological
representations of the stimuli (see section 2.4MDS analysis).
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In the pairwise comparison task (Borg and Groenen, 1997, ch.
6.2), orpairs task, subjects viewed sequences of simultaneously
presented pairs of objects. Each pair was presented for 2s, fol-
lowed by 2s of blank screen. Subjects could respond at any time
during that 4s interval with a button press between 1-9, indicat-
ing how similar the objects appeared. Subjects were instructed to
choose “9” if and only if the two objects were identical. Eachof
the 400 possible pairings of the 20 objects was presented 3 times
throughout the experiment, giving 1200 total trials. For each pair
of objectsxi andx j , the dissimilarity matrix entryδi j was taken
to be 9− s̄i j , wheres̄i j is the average similarity rating over then
trials containing objectsi and j (n= 3 for i = j, n= 6 for i , j).

The triads task, a variant of the anchor stimulus method (Borg
and Groenen, 1997, ch. 6.2), is a two-alternative forced-choice
(2-AFC) task, and as such it has been particularly useful forstud-
ies involving non-verbal observers (e.g., human infants, Arabie,
Kosslyn, and Nelson, 1975; monkeys, Sigala et al., 2002). Sub-
jects viewed sequences of simultaneously presented triadsof ob-
jects, arrayed horizontally. Each triad (x1, x2, x3) was presented
for 2s, followed by 2s of blank screen. Subjects could respond at
any time during that 4s trial with a button press indicating whether
the left pair (x1, x2) or the right pair (x2, x3) appeared more sim-
ilar. Time constraints prohibited using all possible triadcombi-
nations. Instead, the 6840 possible triads (xi , x j , xk) of the 20
objects were sorted by the Euclidean distance in stimulus param-
eter space between the leftmost and rightmost stimuli (d(xi , xk)),
and the 1710 triads with the largest such distances were used
for psychophysics. Finally, subjects’ binary responses inthe tri-
ads task were transformed into analog dissimilaritiesδi j using a
procedure described in Sigala et al. (2002).

2.4 MDS analysis

Multidimensional scaling (MDS) was used to find a setX̂ =
{x̂1, . . . , x̂N} of N 4-D vectorsx̂i , that best reflected the internal
psychological representation used by a subject when perform-
ing a similarity task. The best such representation is foundby
minimizing thestressσ = 1

2

∑

i, j(d(x̂i , x̂ j)− δi j )2, whered is the
Euclidian distance andδi j are the dissimilarities computed from
subjects’ responses in one of the similarity tasks2 . These repre-
sentations allow for a clear correspondence between the scaled
dimensions and the physical stimulus parameters, as explained
next.

To align the MDS configuration̂X with the original configuration
X, we used an isometricProcrustes transformation P, consisting

2 Note that this procedure deviates from a strict definition of MDS
because the dimensionality of the representation space was fixed to 4,
rather than being a free parameter. However, previous studies using
Brunswik faces and fish stimuli have obtained satisfactory MDS solu-
tions with 4-D representations (Nosofsky, 1991; Sigala et al., 2002).

of a rigid rotation, translation, and uniform scaling (Borgand
Groenen, 1997, ch. 19). The optimal Procrustes transformation
Pmin minimizes the loss functionL(P) =

∑

i d
2(xi ,P(x̂i)). This

minimum valueL(Pmin)—theresidual squared distance(RSD)—
quantifies the dissimilarity between subjects’ psychological rep-
resentationX̂ and the original stimulus configurationX.

To determine whether the observed RSDs were smaller than
would be expected by chance, a Monte Carlo technique was used.
RSDs were computed between the original configuration and 105

random configurations whose parameters were drawn from a uni-
form distribution over [0,1]. The resulting distribution was used
to estimate the significance levels of the RSDs of the pairs and
triads MDS configurations.

2.5 Categorization tasks

The categorization experiments consisted of a training phase and
a testing phase. In both phases, subjects viewed a series of ob-
jects presented one at a time. Each object was presented for 2s,
followed by 2s of blank screen. During each 4s trial, subjects
pressed one of two buttons indicating to which category the ob-
ject belonged. In the training phase, subjects were shown only the
two categories’ training exemplars, and were given feedback in
the form of a high- or low-pitch tone indicating whether their re-
sponse was correct or incorrect, respectively. Subjects performed
training blocks of 100 trials until they scored≥ 85% correct on a
single block. Next, they moved into the testing phase, in which
they were shown the previously unseen test exemplars in addi-
tion to the training exemplars that they had viewed during the
training phase. Subjects received no feedback on their responses
during the testing phase.

In Experiment 1, the values for each stimulus dimension were
quantized to three possible values for each dimension, so that the
set of possible objects lay on a 3×3×3×3 grid in stimulus parame-
ter space. The configuration of 20 objects on this grid (Figure 2a)
followed that used in Nosofsky (1991) and Sigala et al. (2002),
with five training exemplars for each category, plus ten testexem-
plars that included the two category prototypes. For each set of
objects, each of the four stimulus parameters for that object type
was assigned to one of the four generic dimensions in the stimu-
lus configuration shown in Figure 2a. It is significant how thepa-
rameters are assigned, since each generic dimension carries dif-
ferent information about category membership. For example, the
categories were linearly separable in projections onto 2-Dplanes
for pairs of stimulus dimensions (1,2), (1,3), and (1,4), so di-
mension 1 was more informative about an object’s category than
were the other dimensions. In all, five sets of stimuli were used
in Experiment 1. These included three sets of Brunswik facesin
which the stimulus parameters were assigned to the generic di-
mensions in different orderings ({EH, ES, NL, MH}, {NL, MH,
EH, ES}, and{MH, EH, NL, ES}), a set of cartoon faces ({EH,
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Fig. 3. Experiment 2 used these 12 sets of Brunswik faces. Each
image shows the 10 training exemplars of category one (thin black
lines) superimposed upon the 10 training exemplars of category two
(thick gray lines). The sets differ only in the angle by which the objects
are rotated in eye height-eye separation plane of feature space.

ES, NL, MH}), and a set of fish outlines ({TF, VF, DF, MA}).

In Experiment 2, a larger configuration of 80 objects was used
(Figure 3), with 10 training exemplars for each of the two cate-
gories, plus 60 test exemplars. The exemplars were arrangedon
a 7×7×7×7 grid in the stimulus parameter space. There were 12
such sets, identical except that the discretization grid ofeach set
was rotated through different angles (θ = n · 15◦,n ∈ [0..11]) in
the eye-height/eye-separation plane of parameter space.

2.6 Categorization models

We tested several categorization models by fitting them to match
the human observers’ response profiles from the testing phase of
the categorization tasks. Each model receives input in a 4-Dfea-
ture space (i.e., not image space), and produces an output that
represents a categorization probability for the input object. The
models we tested fall into several categories, each of whichpro-
poses a unique architecture for the categorization process(see
Figure 4), with different free parameters, and different assump-
tions about the memory usage of the system being modeled.
These factors must be weighed along with the raw goodness-of-
fit when assessing the neurobiological plausibility of the different

models.

In general, we assume (1) that each exemplar is described by a
point in anR-dimensional space (Ashby, 1992b),x= (x1, . . . , xR),
whose components may be drawn either from the original stimu-
lus configuration, from an MDS configuration, or from a config-
uration based on features extracted from an early-vision model
(see section 2.6.5 below), and (2) that each category is defined
by N training exemplars{x1, . . . , xN}.

2.6.1 Exemplar models

Exemplar models associate memory traces ofM (1 ≤ M ≤ N)
stored exemplars3 {y1, . . . , yM}with each category. Several model
subtypes differ in the way that these stored exemplars are se-
lected:

• All-exemplar models(Figure 4a) assumeM = N, andyi = xi .
All of the training exemplars are explicitly stored in mem-
ory, so these models have a high memory demand that is lin-
ear in the number of training exemplars. All-exemplar models
include theaverage-distance model(ADM, Reed, 1972) and
generalized context model(GCM; Nosofsky, 1991).
• Prototype (one-exemplar) models(Figure 4b) assumeM = 1;

each category stores only the arithmetic mean of the cate-
gory’s training exemplars,y1 =

1
N

∑

i xi . These models have
low and constant memory demand, independent of the number
of training exemplars; however, the models imply a more com-
plex computational mechanism to estimate the prototype dur-
ing trial-by-trial exposure to the training exemplars. Prototype
models include theweighted prototype model(WPM; Reed,
1972) and theweighted prototype similarity model(WPSM;
Nosofsky, 1991).
• In the proposedroaming-exemplar model〈M〉 (RXM〈M〉, Fig-

ure 4c), each category storesM exemplars, each of which is
a linear combination of the training exemplars for that cate-
gory, y j =

∑

i wi j xi . Under the neurobiological consideration
that neurons do not represent objects far different from those
that have been previously observed, the stored exemplars are
restricted to a region circumscribed by the training exemplars,
so the weights are constrained bywi j ≥ 0 and

∑

i wi j = 1 for all
j. The number of stored exemplarsM is nota free parameter of
a given RXM〈M〉, but the stimulus parameters of those stored
exemplarsare free parameters of the model. Thus, when the
RXM is fitted to a dataset, the number of stored exemplars is
chosen and fixed at the start, although RXM〈M〉’s with dif-
ferent (fixed) values ofM may be fitted to the same dataset.

3 Our usage of the term “exemplar” to denote stored memory traces
reflects a meaning ofideal meaning or patternor prototype, rather than
a strict meaning ofprevious seen stimulus. For example, in the RXM,
the stored exemplars are generalizations of the memory traces used in
all-exemplar or prototype models, and are most likely not previously
seen stimuli.
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Fig. 4. Schematic depictions of several kinds of categorization models. Each diagram shows a hypothetical set of training exemplars from
two categories (• and ◦) in a 2-D feature space, plus a test exemplar (×) which is to be classified. (a,b,c) Three types of models which rely
on distances (indicated by dashed lines) between a test exemplar and each stored exemplar from both categories: (a) all-exemplar model,
in which the set of stored exemplars is just the set of training exemplars; (b) one-exemplar, or prototype model, in which the single stored
exemplar per category is the arithmetic mean of that category’s training exemplars; (c) roaming-exemplar model〈M〉 (RXM〈M〉) and striatal
pattern classifier〈M〉 (SPC〈M〉), in which each category has M (in this case, M = 2) stored exemplars, which must lie within the polygon that
circumscribes the training exemplars (dotted lines). The RXM〈M〉 uses a summed-similarity decision rule, while the SPC〈M〉 uses a uses a
nearest-neighbor decision rule. (d) Linear boundary model, in which the model uses a linear boundary that separates the categories to classify
test exemplars according to the side of this boundary on which they fall. (e) Cue-validity model, which classifies a test exemplar according to
the total cue-validity across all features; the cue-validity cvi for category i of a given feature is the posterior probability of an exemplar with that
feature belonging to category i (values of cv1 and cv2 are shown).

The memory demand of the RXM〈M〉 varies between that of
the prototype models (forM = 1) and that of the all-exemplar
models (forM = N); the computational complexity is similar
to that of the prototype models, since some mechanism must
adjust the stored exemplars during training.

Next, the exemplar model computes a similarity measure between
the test exemplarx and each of the stored exemplarsy, based
on a weighted Euclidean distance:dα(x, y) = (

∑

j α j(x j −y j)2)1/2,
with α j ≥ 0 and

∑

α j = 1 (other metrics are possible; seee.g.,
Ashby and Maddox 1993). The coefficientsα j , calledattentional
weights, are intended to model the ability of human observers to
attend preferentially to the most task-relevant stimulus features.
The similaritysdecays with the distanced, either linearly (s=−d,
as in the RXM, ADM and WPM), or exponentially (s= e−cd, as
in the GCM and WPSM; see Shepard, 1987).

Then, for each test exemplarx, the evidenceEi for categoryCi

is given as the sum of similarities betweenx and theM stored
exemplarsyi

j of that category:Ei(x) =
∑M

j=1 s(x, yi
j). Finally, the

model’s categorization ofx is based on the expressionE1(x)−
E2(x)+n> t, wheren represents zero-mean Gaussian noise with
varianceσ2, and t is a threshold parameter;x is assigned to
category 1 if this expression is true, otherwise to category2.

The free parameters of the exemplar models are thus (α,c, t,σ),
plus 2M stored exemplars for the RXM〈M〉.

2.6.2 Striatal pattern classifier

The RXM shares a very similar mathematical formulation with
the striatal pattern classifier(SPC) proposed by Ashby and
Waldron (1999), although the mathematical elements have been
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treated with different neurobiological interpretations (Ashby and
Ell, 2001). Both kinds of model rely on a set of units that rep-
resent different locations in feature space, but the models differ
in how each category’s evidence is computed for a given test ex-
emplar. The exemplar models compute the sum of similarities
between the test exemplar and each stored exemplar, whereasthe
SPC associates a test exemplar with the category of the near-
est striatal pattern (in this respect the SPC resembles ak-nearest
neighbor model withk = 1). Both the SPC and the RXM use a
similarity measure that decays linearly with distance. In order
to maintain a formal similarity with the other models, we used
the following decision rule for the SPC: for each test exemplar,
the evidence for each category is given by the maximum of the
similarities between the test exemplar and that category’sstored
exemplars. Thus, in the case of one stored exemplar per cate-
gory, the SPC〈1〉 and the RXM〈1〉 form identical decision sur-
faces. However, withM > 1, the SPC〈M〉 has a piecewise-linear
boundary, while the RXM〈M〉 has a curved decision boundary.

2.6.3 Boundary models

Decision bound theory (Ashby and Maddox, 1993) proposes that
human perceptions of category exemplars are instances of ran-
dom variables with multivariate normal distributions. Given a
particular perception, the optimal decision strategy is tochoose
the category of which that perception was more likely an in-
stance. Thus the decision boundary (the locus where both cate-
gories have equal probability densities) falls along the intersec-
tion of the graphs of the two probability density surfaces. If the
covariance matrices of the exemplar distributions are identical for
the two categories, then the decision boundary is a linear surface
(i.e., a hyperplane); otherwise, it is a quadratic surface.

We tested the probit linear model (PBI; Figure 4d; Ashby and
Gott, 1988), which is trained to separate the categories’ training
exemplars with a boundary described by a normal vectorb and
a thresholdt. Following training, a test exemplarx is classified
according to the side of the boundary on which it falls:

x · b+n> t⇒ x ∈C1

The PBI model parameters are (b, t,σ); however the variance of
the noise is assumed to beσ2 = 1, since identical models are
obtained for (b, t,σ) as for (λb,λt,λσ) with λ , 0.

2.6.4 Cue-validity models

Cue-validity models (Figure 4e) treat each stimulus parameter as
an independent indicator of category membership, based on the
relative numbers of exemplars from the two opposing categories
that exhibit thecue(a particular value of a stimulus parameter).
Thus, for example, a beard is a somewhat uncommon feature of
male faces, yet it is an even less common feature of female faces,

and so provides a highly valid cue to the gender category of a
face.

In the weighted cue-validity model (WCVM; Reed, 1972), the
validity for categoryCi of the j-th parameterx j of a test exemplar
x is defined asvi j (x) = p(Ci |x j). The overall cue-validityVi is a
weighted sum of these validities,Vi(x) =

∑

j α jvi j (x), where the
α j are attentional weights as in the exemplar models, withα j ≥ 0
and

∑

j αi = 1. Also as in the exemplar models, the decision rule
incorporates Gaussian noisen and a thresholdt; if the expression
V1(x)−V2(x)+n> t is true,x is assigned to category 1, otherwise
to category 2.

A modified version of this model, called the weighted frequency
cue-validity model (WFCVM; Reed, 1972), uses a different defi-
nition for the validity. A weight factor,q= (1+F(xm))−1, is com-
puted from the overall number of timesF(xm) that the parame-
ter valuexm occurs in exemplars from both categories. Then the
WCVM’s original validity vi j is used to define the new validity
ṽi j (x) = 1

2 ·q+vi j (x) · (1−q), so that the validities of rare param-
eter values carry little information about category membership.
This reflects the idea that subjects will pay more attention to
common features.

The free parameters for both the WCVM and the WFCVM are
(α, t,σ).

2.6.5 HMAX

In order to assess the biological plausibility of the categorization
models from a computational perspective, we adapted a hierar-
chical model of early vision (“HMAX”) presented by Riesenhu-
ber and Poggio (1999). HMAX operates directly in image space,
in contrast to the categorization models described above, which
operate in feature space. Our approach was to extract a new fea-
ture space representation from the output of HMAX, which could
then be used as an alternate input for fitting the categorization
models, to be compared with model fits obtained using the orig-
inal physical feature space.

In brief, HMAX operates through two stages of “simple” and
“complex” units (S1, C1, S2, and C2). The S1 representation
is obtained by filtering the image with a bank of Gabor-like
filters tuned for multiple orientations and spatial scales.The C1
representation is produced by pooling the activations of S1units
at neighboring spatial locations and across similar spatial scales.
At the S2 level, more complex features are formed by pooling
the activations of a 2×2 spatial array of neighboring C1 units
tuned to specific orientations; in this way, different S2 units begin
to represent features such as “elongated contour” or “corner” or
“disk”. Finally, each C2 unit pools across S2 units tuned to the
same feature type, but at different spatial scales and/or spatial
locations.
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We made several modifications relative to the original modelof
Riesenhuber and Poggio (1999); these modifications were guided
by the goal of increasing the variance of the HMAX outputs
across the set of input images, so as to provide a rich but compact
foundation for a subsequent categorization stage. First, instead
of each C2 unit pooling across the entire image space, we subdi-
vided the image into a 6×6 grid, with each C2 unit responding
only to one of the 36 subregions. This increased granularityal-
lowed the model to extract features that were more relevant as
input to the categorization models. In addition, we restricted the
number of orientation filters among the S1 units from four to
two (i.e., just horizontal and vertical). This retained the model’s
ability to represent the variability among the simple schematic
input images, but at the same time significantly reduced the di-
mensionality of the output space: since each S2/C2 feature type
represented a four-part configuration of two possible S1/C1 ori-
entations, there were 24 = 16 S2/C2 feature types (rather than
44 = 256 as in the original model). With 36 spatial locations,
this gave a total of 36×16= 576 C2 units. To reduce this rep-
resentation to a manageable size for input to the categorization
models, we applied principal component analysis to the C2 acti-
vation vectors obtained across all of the input images in a set. In
general, we found that> 95% of the variance could be recovered
with the first 50 of the 576 principal components, and≈ 80%
of the variance was recovered with only the first 4 components.
Therefore, for comparison with the 4-dimensional physicalpa-
rameter configurations, we used the first 4 principal components
from the modified-HMAX C2 activations to test how well the
categorization models would fare with a biologically plausible
input derived from the image space representation of the stimuli.

2.7 Model-fitting

We fitted models based on (1) the objects’ physical parameter
values, (2) the psychophysical (i.e., MDS) parameter values ob-
tained from a pairs or triads task, and (3) the features derived via
PCA from the C2 activations of the HMAX model. Furthermore,
each model could either be fitted separately to each individual
subjects’ data, or be fitted once to data pooled across subjects.
However, since pooled fits may not accurately reflect the catego-
rization processes of individual observers (Maddox, 1999), we
used only models fitted to individual subjects’ data.

Each model’s free parameters were fitted to maximize its ability
to predict the categorization probabilities obtained fromhuman
observers. The goodness of this fit was quantified with thelike-
lihood, L, of the model having generated the observed probabil-
ities, given that the fitted model correctly describes the subject’s
categorization process (Collett, 1991). This likelihood is the con-
ditional probability of the set of observed probabilitiespi , given
the values of the model parameters (which govern the predicted

probabilities ˆpi), over theN stimulus objects:

L =
N

∏

i=1

(

ni

pini

)

(p̂i)
pini (1− p̂i)

(1−pi )ni ,

whereni is the number of categorization trials performed for ob-
ject i, andpini is the number of trials in which the observer as-
signed objecti to category one. The likelihood takes the form of
a binomial distribution because subjects’ responses are treated as
independent binary random variables. A numerical implementa-
tion of adaptive simulated annealing (Ingber, 1989) followed by
a simplex method (Nelder and Mead, 1965) was used to maxi-
mize the likelihoodL, or equivalently, minimize the minuslog-
likelihood (− lnL), which can be computed more efficiently. The
range of the likelihood is 0≤ L ≤ 1, so the range of the minus
loglikelihood is∞≥ − lnL ≥ 0.

We used the percentage of variance (%-variance) explained by the
model as a more tangible measure for comparing fitted models.
This measure is simply given byr2, the square of the correlation
coefficient between the observed and predicted probabilities.

Finally, although the loglikelihood (lnL) or %-variance are ap-
propriate statistics for comparing fitted models having similar
numbers of free parameters, comparisons of models differing
in their number of free parameters,Nfp, require a statistic such
as the Akaike information criterion (Zucchini, 2000), AIC=
−2lnL+ 2Nfp, which contains a penality term proportional to
Nfp. Pairwise model comparisons were made with the Wilcoxon
signed-rank test of either− lnL or the AIC, and we report the
median value of− lnL or the AIC to summarize the model fits
from a group of individual subjects.

3 Results

3.1 MDS fits

In order to quantify the goodness of fit between subjects’
Procrustes-transformed MDS configurations and the original
stimulus configuration, we used Monte Carlo simulations com-
paring the residual squared distances (RSDs) of our subjects’
MDS configurations with the RSDs of random configurations
(see Figure 5a). The mean of the pairs-MDS distribution (0.1444)
was roughly twice as close to the original configuration as would
be expected by chance (0.3268), and all pairs-MDS configura-
tions were significantly closer (p < 0.005) to the original con-
figuration than were the random configurations. Likewise, the
triads-MDS configurations were also all significantly closer to
the original space than would be expected by chance (p< 0.005),
although the mean of the triads-MDS distribution (0.1982) was
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Fig. 5. A summary the MDS configurations obtained with pairs and triads similarity tasks. (a) As measured with the residual squared distance
(RSD), all of the pairs-MDS and triads-MDS configurations were significantly more similar (p< 0.005) to the original configuration of stimulus
parameter values than would be expected by chance. The distribution of RSDs for 105 random configurations (gray bars, arrows with p-values)
was compared with the RSDs for 10 subjects’ pairs-MDS (upper, solid lines) and triads-MDS (lower, dashed lines) configurations. Two identical
configurations would give an RSD of 0, while two unrelated configurations would give an RSD near the median of the random distribution
(0.33). The RSDs for pairs-MDS were significantly smaller than those for triads-MDS (p< 0.05). (b) To directly compare the similarity judgments
obtained in the pairs and triads tasks, we computed two metrics for triads of objects (x1, x2, x3): (1) the difference D = S(x2, x3)−S(x1, x2) of
two similarity ratings given in the pairs task, and (2) among triads with similar values of D, the fraction F of trials in which the observer chose
(x2, x3) as more similar than (x1, x2) when viewing (x1, x2, x3) in the triads task. The two measures D and F were highly correlated (ρ = 0.9946)
across 10 subjects.

not as close to the original configuration as was the pairs-MDS
distribution. A pairedt-test showed that the residual squared
distances of the pairs-MDS configurations were significantly
smaller than those of the triads-MDS configurations (p< 0.05).

To further assess the relationship between these two methods
for obtaining similarity judgments, we performed a more direct
comparison, using subjects’ raw responses rather than the de-
rived MDS configurations (Figure 5b). In each trial in the triads
task, subjects viewed three objects (x1, x2, x3) and compared the
similarities of the two pairs (x1, x2) and (x2, x3). Subjects also di-
rectly rated the similarities of these pairs in the pairs task. Thus,
for each triad (x1, x2, x3) which was shown in the triads task,
we computedDpairs, the difference between the similarity ratings
given by the subjectsin the pairs taskto the pairs (x1, x2) and
(x2, x3). We then split the triads trials into groups with similar
values ofDpairs. Within each group we computedFtriads, the frac-
tion of trials for which the subject chose the right pair as more
similar than the left pairin the triads task. These two measures
Dpairs and Ftriads were highly correlated in data obtained from
single subjects (ρ > 0.98 for 9 of 10 subjects) and when data were
pooled across subjects (ρ = 0.9946; Figure 5b).

3.2 Model fits

We found no systematic differences in the fits obtained from
different model subtypes (such as those using exponential versus
linear decay of similarity with distance). Therefore, in further
discussion, models are referred to by their general names (e.g.,
all-exemplar models) rather than by the specific subtypes (e.g.,
ADM or GCM).

3.2.1 Model fits: Experiment 1

Table 1 summarizes the fits of the all-exemplar, linear boundary,
prototype, and cue-validity models, for each of the five setsof
objects used in Experiment 1, along with significance valuesfor
pairwise comparisons of the models using the Wilcoxon matched
pair signed rank test4 . There were two general patterns of model

4 Note that the RXM and SPC were not used in fitting the data from
Experiment 1 because even with one stored exemplar, these models
carry almost as many free parameters as the number of data points to be
fitted (20). This renders any comparisons among such models virtually
meaningless. This issue is avoided in Experiment 2 due to the greater
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Table 1
Goodness-of-fit of the models tested in Experiment 1.

GCM PBI WPSM WCVM

Brunswik faces % var 98.22 98.08 96.39 88.37

{EH, ES, NL, MH} − lnL 21.15 22.23 27.32∗ 42.50∗

Brunswik faces % var 95.68 97.75 95.32 74.38

{NL, MH, EH, ES} − lnL 28.08 26.53 32.81 42.58∗

Brunswik faces % var 94.02 58.56 61.55 86.30

{MH, EH, NL, ES} − lnL 36.83 80.57∗ 90.31∗ 52.76

cartoon faces % var 95.50 90.70 90.18 86.66

− lnL 30.68 29.95 37.07∗ 53.49

fish outlines % var 97.23 80.98 70.30 96.03

− lnL 20.73 32.85∗ 74.36∗ 28.74

% variance (larger value indicated better fit)
− lnL, minus loglikelihood (smaller value indicates better fit)
bold numbers , model(s) which gave the best fit in each row
∗, models whose − lnL was significantly worse (p< 0.05) than the best-fitting
model in each row

fits.

The first pattern was associated with the first two Brunswik face
sets ({EH, ES, NL, MH} and{NL, MH, EH, ES}, which depend
primarily on attention to the eyes and nose) and the cartoon faces
({EH, ES, NL, MH}). In this pattern, the all-exemplar models
obtained the best fit, but the boundary model also fit well, indis-
tinguishable from the exemplar models. The prototype models
fit significantly worse (p < 0.05) than the all-exemplar models,
but the magnitude of this difference was small. Finally, the cue-
validity models fit significantly worse than the other models.

The second pattern was seen with the third Brunswik face set
({MH, EH, NL, ES}) and the fish outlines ({TF, VF, DF, MA}).
As in the first pattern, the all-exemplar models obtained thebest
fit. However, the rest of the pattern was qualitatively different
from the first pattern. Whereas the cue-validity models gave the
worst fits in the first pattern, their fits were indistinguishable
from the all-exemplar models in the second pattern. In addition,
the boundary model fit very poorly, significantly worse than the
exemplar models (p< 0.05). Finally, the prototype models fit even
more poorly, significantly worse than the exemplar and boundary
models (p< 0.05).

Each of the models tested in Experiment 1 was also fitted using
MDS-based configurations obtained from the pairs or triads tasks.
Measured by %-variance, both the MDS-pairs and MDS-triads
model fits were strongly correlated with the fits obtained using
the original configuration, as well as with each other (ρ > 0.90 in
each case). The average goodness of fit of the MDS-pairs models
lagged behind that of the original models by 2.3 %-variance,and
the MDS-triads models lagged by an additional 5.5 %-variance.

number of test exemplars (80).

3.2.2 Model fits: Experiment 2

We fitted subjects’ categorization probabilities from Experi-
ment 2 with versions of the roaming-exemplar model and striatal
pattern classifier using 1, 2, 3, 5, 7, and 10 stored exemplars5 ,
as well as the all-exemplar, prototype, and linear boundarymod-
els, and assessed these fits with three measures (see Table 2):
the loglikelihood, the %-variance explained, and the Akaike
information criterion (AIC).

When the model fits were assessed with their minus loglikeli-
hoods (Table 2, row 2), we observed a pattern among the previ-
ously tested models similar to the first pattern observed in Ex-
periment 1: the all-exemplar and boundary models both obtained
better (lower) scores than the prototype model. However, each
of these previous models was outperformed by all versions of
the roaming-exemplar model and striatal pattern classifier. In ad-
dition, for both the RXM〈n〉 and the SPC〈n〉 the goodness of
fit increased with the numbern of stored exemplars—an unsur-
prising result, given that each stored exemplar reflects additional
free parameters. The %-variance values (Table 2, row 1) show
a similar pattern, but give a more concrete assessment of how
well the models match the human subjects’ categorization behav-
ior: the best-fitting model (the SPC〈3〉) captured nearly 92% of
the variance, while the worst-fitting model (the WPSM) captured
roughly 85% of the variance.

In contrast, when the model fits were assessed with the AIC to
account for their numbers of free parameters (Table 2, row 3), the
RXM and SPC with one stored exemplar per category (RXM〈1〉
and SPC〈1〉) obtained the best (lowest) scores among all mod-
els. These comparisons were statistically significant (Wilcoxon
signed-rank test,p < 0.05) except against the PBI (p = 0.44).
Moreover, increasing the number of stored exemplars in either
the RXM〈n〉 or SPC〈n〉 was detrimental to the AIC goodness of
fit; the SPC〈10〉 (AIC = 253.29) and RXM〈10〉 (SPC= 271.85)
fit much worse than any of the other models.

Each of the models was also fitted using representations of the
visual objects based on features derived from the C2 activations
of the HMAX model, rather than the original physical parameters
of the stimuli. We found that the features derived from HMAX
recovered much of the information about the original physical pa-
rameters. For example, pairwise distances between objectsin the
original parameter space were strongly correlated (ρ > 0.8) with
pairwise distances in the C2-derived feature space. In addition,
we found individual C2 units whose activities were highly cor-
related with one of the original physical parameter values (EH:
ρ = 0.93, ES:ρ = 0.91, NL: ρ = 0.95, MH: ρ = 0.998).

Among the HMAX-based models, the SPC and RXM again gave

5 For brevity, the models with 5, 7, and 10 stored exemplars were
withheld from Table 2, since our analysis revealed these data to merely
continue the trends seen with 1, 2, and 3 stored exemplars.
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Table 2
Goodness-of-fit of the models tested in Experiment 2. See also Table 3 for further discussion of the models’ qualitative properties.

RXM〈1〉 RXM〈2〉 RXM〈3〉 SPC〈1〉 SPC〈2〉 SPC〈3〉 GCM PBI WPSM

% variance [orig] 89.36∗ 90.98∗ 91.49 89.36∗ 90.83∗ 91.64 86.84∗ 87.10∗ 84.90∗

− lnL [orig] 75.72∗ 72.06∗ 71.32∗ 75.72∗ 71.65∗ 69.92 83.41∗ 83.66∗ 88.79∗

AIC [orig] 173.44 178.13∗ 188.64∗ 173.44 177.30∗ 185.84∗ 178.81∗ 177.32 189.57∗

% variance [HMAX] 80.96∗ 83.98∗ 85.00∗ 80.96∗ 84.54∗ 85.99 75.62∗ 78.57∗ 72.57∗

− lnL [HMAX] 91.24∗ 84.38∗ 81.89∗ 91.24∗ 82.77∗ 78.11 111.92∗ 97.70∗ 118.19∗

AIC [HMAX] 204.48∗ 202.76∗ 209.78∗ 204.48∗ 199.55 202.23∗ 235.85∗ 205.40∗ 248.37∗

% variance (larger value indicated better fit)
− lnL, minus loglikelihood (smaller value indicates better fit)
AIC, Akaike Information Criterion (smaller value indicates better fit)
orig, models were fitted using objects represented by the original stimulus parameters, as in Experiment 1
HMAX, models were fitted using objects represented by features derived from a feed-forward early-vision network
bold numbers , model(s) which gave the best fit in each row
∗, models whose fits were significantly worse (p< 0.05) than the best-fitting model in each row

better fits than the other models (see Table 2, rows 4-6). As before,
the uncorrected measures (minus loglikelihood and %-variance)
improved as the number of stored exemplars increased, with the
best overall fit given by the SPC〈3〉. In contrast to the fits based
on the physical parameters, the best AIC values were obtained
with 2 (rather than 1) stored exemplars per category for both
the SPC and RXM, although as before fits decreased again with
more than 2 stored exemplars. Overall, the HMAX-based model
fits were significantly poorer than the corresponding fits based
on the physical parameters. Nevertheless, the absolute difference
between the best-fitting HMAX-based and physical parameter-
based models was only 5.6 %-variance.

4 Discussion

Several authors (Shepard, 1987; Edelman, 1999) have proposed
that neural mechanisms of representation are based on similar-
ity. Similarity measures can be transformed to feature space rep-
resentations with multidimensional scaling, a technique that has
often been used as the basis for models of categorization and
recognition (e.g., Nosofsky, 1986). Yet, only recently has the neu-
robiological validity of MDS begun to be investigated directly
with monkey electrophysiology (Op de Beeck et al., 2001; Sigala
and Logothetis, 2002) and human fMRI (Edelman et al., 1998).
Given the practical significance of comparing results obtained in
monkey and human studies, it is important to establish the com-
patibility of the behavioral methods used for the two species. Be-
cause it is impossible for monkey observers (as well as for human
infants;e.g., Arabie et al., 1975; Sloutsky and Lo, 1999) to give
an analog similarity rating, a task based on binary choice such
as the “triads” task must be used instead6 . Unfortunately, since
each triads trial conveys only relative information about pairwise

6 Alternatively, a same/different task can be used to generate a confu-
sion matrix for MDS (Sugihara, Edelman, and Tanaka, 1998).

similarities, the entire task requires many trials and is quite time
demanding. Thus, adult human subjects prefer the “pairs” task,
which is is based on analog similarity judgments, and is less
time demanding since each trial directly conveys absolute infor-
mation about pairwise similarities. Therefore, we compared the
results of the pairs and triads tasks within a set of human sub-
jects to assess their equivalence in characterizing psychophysical
representations of similarity. As Figure 5b shows, the judgments
obtained in theses two tasks were highly correlated, suggesting
that a shared process could account for subjects’ performance in
both tasks. These results legitimize comparisons between data
from the pairs task in human subjects and data from the triads
task in monkey subjects.

One purpose of the MDS analysis is to construct an input rep-
resentation for the categorization models that can be tested in-
dependently of the original stimulus configuration. We found
that model fits did not improve when the models were based on
pairs-MDS or triads-MDS configurations, relative to the origi-
nal stimulus configuration. This result agrees with the findings
of Sigala et al. (2002) using both monkey and human subjects in
experiments similar to those reported here. Thus, althoughsome
models (such as the GCM; Nosofsky, 1986, 1991) have origi-
nally been used exclusively with MDS configurations, we found
that they achieve similar performance when the original config-
uration is used instead. We interpret these results to mean that
subjects can efficiently learn a psychological representation that
is highly similar to the native representation of a set of objects.
The mechanism for this learning process remains a subject for
future investigation. Nevertheless, the empirical correlation be-
tween the original and MDS configurations is of practical rele-
vance because the MDS procedure is time-intensive both in the
collection of similarity task data and in the computationalanal-
ysis of those data. Our results suggest that this analysis step can
be bypassed without affecting the comparison of various classi-
fication models.
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Experiment 1 revealed a pattern of model fits similar to that re-
ported previously (e.g., Reed, 1972; Nosofsky, 1991; Maddox
and Ashby, 1993; Sigala et al., 2002). We found that across sev-
eral categorization tasks involving different types of objects, an
all-exemplar model provided better fits than a linear boundary
model, prototype model, or cue-validity model (Table 1). Insome
cases the fits of the linear boundary and prototype models ap-
proached those of the all-exemplar model.

The relative strengths of all-exemplar models and boundarymod-
els have been discussed at length (McKinley and Nosofsky, 1996;
Maddox and Ashby, 1998; Nosofsky, 1998). Since each model
differs from the others in more than one way, it is difficult to
conclude which of these differences contribute to a model’s suc-
cess under particular test conditions. To address this point, we
introduced a “roaming-exemplar” model (RXM) that can treat
independently some of the factors that were mutually dependent
in previous models. It shares a flexible memory storage archi-
tecture with the striatal pattern classifier (Ashby and Waldron,
1999; Ashby et al., 2001). It shares a decision mechanism with
all-exemplar models and prototype models, since new exemplars
are classified by comparing the sums of their similarities tothe
stored exemplars associated with each of two categories. How-
ever, in the roaming-exemplar model as well as the striatal pattern
classifier, these stored exemplars are not strictly determined by
the training exemplars, but are allowed to “roam” during training
within the feature space of the objects to be classified.

In Experiment 2, we analyzed individual subjects’ categorizations
of 12 different sets of Brunswik faces by fitting them with the
roaming-exemplar model and striatal pattern classifier, inaddi-
tion to the models used in Experiment 1 (Table 2). While the rela-
tionships among the all-exemplar, prototype, and linear boundary
models have been analyzed previously (Nosofsky, 1990; Ashby
and Maddox, 1993; Ashby and Alfonso-Reese, 1995), the im-
proved model fits obtained with the RXM and SPC in Experi-
ment 2 afford new insights into the strengths and weaknesses of
previous models (see Table 3 for an overview).

All-exemplar vs. prototype models. There are two significant dif-
ferences between these models. First, in prototype models,the
stored exemplars are by construction defined as the arithmetic
mean in feature space of the training exemplars, while in all-
exemplar models the stored exemplars occupy other locations.
Second, all-exemplar models allow more than one stored exem-
plar per category, while prototype models allow only one, regard-
less of the number of training exemplars.

This second difference is linked with the question of category ab-
straction: storage of a category prototype implies a more abstract
representation than simple memorization of all training exem-
plars. This places a higher burden on the learning process, since
the system must select thecorrect abstraction, but makes post-
learning categorization more simple, since new exemplars have
only to be compared with the category prototypes. All-exemplar

models make the opposite trade-off: since no abstraction is in-
volved, learning is straightforward as each training exemplar is
simply packed away into memory, but post-learning categoriza-
tion is complicated since a new exemplar must be compared with
every stored exemplar in memory. While this requirement is not
neurobiologically unreasonable in typical psychophysical exper-
iments which use few training exemplars per category, it seems
less likely to be applicable to natural visual categories, which
may contain thousands or more of exemplars. Furthermore, bio-
logical systems are likely to spend more time in using categories
than in learning them, at least for highly salient categories (e.g.,
male/female faces, poisonous/non-poisonous fruit). Such argu-
ments lend somea priori credence to the notion of a prototype
model, but are entirely hidden from statistical comparisons, since
neither thecontentsof the memory nor the complexity of the
learning process are free parameters of the models. Indeed,past
comparisons between all-exemplar and prototype models have
generated a preponderance of evidence favoring the all-exemplar
models.

When the contents of the memory locations become explicit free
parameters, questions concerning the importance of memoryca-
pacity can be addressed statistically. For example, by comparing
either the RXM〈1〉 or the equivalent SPC〈1〉 with a prototype
model, we examine only the first difference mentioned above be-
tween all-exemplar models and prototype models (whether mem-
ory traces are fixed at the category mean). On the other hand, by
comparing the RXM〈1〉 with the RXM〈n〉 (n > 1) we examine
only the second difference (changing the number of stored ex-
emplars). Our results from Experiment 2 (Table 2) demonstrate
a large improvement from allowing roaming, rather than fixed,
stored exemplars (AIC: RXM〈1〉, SPC〈1〉 = 173.4, prototype=
189.6), while allowing additional stored exemplars actually leads
to a decline in goodness-of-fit when the additional memory is
counted among the models’ free parameters (AIC: RXM〈10〉 =
271.9, RXM〈1〉 = 173.4). Thus, although the empirical success
of all-exemplar models appears to support a rejection of category
abstraction, our results show that in fact we should only reject
the strict notion of abstraction involving category prototypes.

Prototype vs. linear boundary models. These two models are
similar in that each has adecision boundary(i.e., the iso-
probability density surface where the categorization probability
density equals 0.5) that is a hyperplane in stimulus parameter
space (Ashby and Maddox, 1993). The models also have two
important differences. First, for prototype models, the decision
boundary must be orthogonal to the vector connecting the two
category prototypes in stimulus parameter space, while forlinear
boundary models, the decision boundary can have an arbitrary
orientation. Second, consider the iso-probability density surfaces
with p , 0.5: for the linear boundary model, these are hyper-
planes parallel to the decision boundary, but for the prototype
model, these are paraboloid surfaces with a curvature that in-
creases asp diverges from 0.5. Conceptually, this means that for
the linear boundary model, decision thresholds are the sameat
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Table 3
Qualitative comparison of the key models that were tested in Experiment 2.

model type stored exemplars main decision boundary iso-probability contours goodness-of -fit

shape orientation rank (AIC)

linear boundary none linear arbitrary linear 2 (177.3)

prototype 1, fixed linear constrained curved 4 (189.6)

roaming-exemplar 〈1〉 1, “roaming” linear arbitrary curved 1 (173.4)

striatal-pattern 〈1〉 1, “roaming” piecewise-linear arbitrary piecewise-linear 1 (173.4)

all-exemplar N, fixed curved constrained curved 3 (178.7)

roaming-exemplar 〈N〉 N, “roaming” curved arbitrary curved 5 (279.8)

N, number of training exemplars per category
AIC, Akaike Information Criterion (smaller value indicates better fit)

every point along the category boundary in feature space, while
for the prototype model, decision thresholds are narrowest(i.e.,
the model is most confident) at the center of feature space, near
the category prototypes. Intuitively, the behavior of the prototype
model seems more natural—new objects are categorized more
accurately when they are similar to previously seen objects—but
our results from Experiment 1 along with others’ results (e.g.,
Nosofsky, 1991) clearly contradict this intuition.

Again, a more flexible model can help to provide some insight
into this issue. In particular, the RXM〈1〉 and SPC〈1〉 are like the
prototype model with curved, rather than planar, iso-probability
surfaces, but are like the linear boundary model in that the main
decision boundary can have an arbitrary orientation. Our results
from Experiment 2 demonstrate that with these two qualitiescom-
bined, the RXM〈1〉 and SPC〈1〉 fit human behavior significantly
better than either the prototype or linear boundary models (AIC:
RXM〈1〉, SPC〈1〉 = 173.4, prototype= 189.6, linear boundary=
177.3).

All-exemplar vs. linear boundary models. By extension of the pre-
vious two comparisons, the differences between the all-exemplar
model and the linear boundary model are even more numerous.
The all-exemplar model allows for curved decision surfaces, but
the orientation of the surface has limited flexibility. In contrast,
the linear boundary model allows only flat decision surfaces, but
these may have arbitrary orientation. Again, the RXM can com-
bine the separate strengths of these two models.

In the RXM, the parameters which describe the stored exemplars
become free parameters of the model, and can be incorporated
into comparisons among models using statistical measures such
as the Akaike Information Criterion. This allows us to address
the importance of memory by comparing different versions of
the RXM with different numbers of stored exemplars. With this
framework, we can now provide a better answer as to why mod-
els which are otherwise appealing in their conceptual simplicity,
such as prototype models, are consistently outperformed byall-
exemplar models: all-exemplar models allow better flexibility in
matching the shape and orientation of decision surfaces to those

used by human observers. Our results show that the goodness-
of-fit of all-exemplar models can be improved upon by allowing
“roaming” stored exemplars, and thus an unconstrained decision
boundary, without committing to high memory demands or to a
lack of category-level abstraction.

RXM vs. SPC. Computationally, the RXM and SPC are quite
similar to each other, as well as to several earlier models (Ander-
son, 1991; Kruschke, 1992; see also Ashby and Waldron 1999),
in that they each rely on a set of units representing locations in
feature space, and categorize new inputs based on the distance
in feature space between the input and the various stored units.
The main qualitative difference is at the decision stage, where
the RXM produces smoothly curved decision boundaries, while
the SPC produces piecewise-linear decision boundaries. This is
because in the RXM, the categorization decision is based on con-
tributions from all of the stored units, with weights proportional
to the distance of the stored units from the input, while in the
SPC, only the nearest stored unit of each category is considered.
In this sense, the SPC involves a much stronger nonlinearitythan
the RXM. This sharp nonlinearity may not be strictly imple-
mented in neural circuitry; rather, a biological implementation
might have to rely on a “softmax” approximation (Riesenhuber
and Poggio, 1999) which would more closely resemble a gradual
decay of similarity with distance as in the RXM. This question
remains to be resolved by further neurophysiological study.

Despite the computational similarities of the SPC and RXM,
each is derived from previous models whose neurobiologicalim-
plications may appear to put the two models at odds. We have
proposed the RXM as a generalization of prototype models and
all-exemplar models (i.e., GCM). All-exemplar models, which
propose one hidden unit for every training exemplar, have inpar-
ticular carried the implication that observers may rely on explicit
memory of individual visual stimuli, and that the models’ hid-
den units correspond to these memory traces (e.g., Knowlton,
1999). This stands in contrast to neuropsychological evidence
from patients with amnesia who, despite an impairment in recog-
nition tasks requiring declarative memory of individual exem-
plars, are relatively unimpaired in various tasks requiring cate-
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gory learning (Knowlton and Squire, 1993; Squire and Knowlton,
1995; Filoteo et al., 2001). For this reason, Ashby and Waldron
(1999) proposed that the striatal units in the SPC are primar-
ily response-associated; that is, the units are primarily involved
in decision, rather than perception. We do not make any claims
regarding whether the hidden units in the RXM are essentially
explicit memory traces, particularly since the hidden units are al-
lowed to occupy points in feature space that were never directly
related to a training exemplar. However, electrophysiogical evi-
dence does suggest that the mechanisms that are shaped during
category learning also affect perception. Sigala and Logothetis
(2002) showed that, after category learning, inferotemporal neu-
rons in the macaque were more sensitive to features that weredi-
agnostic of category membership than to non-diagnostic features
(although Ashby and Ell (2001) reviewed studies in which expo-
sure to visual stimuli that were associated withnon-visualcate-
gories such as good/bad tastes didnot lead to a change in visual
cell response properties). Furthermore, behavioral data (MDS)
showed that monkeys’perceptionalso shifts as a result of cat-
egory training (Sigala et al., 2002), supporting the idea that the
hidden units tuned to specific features in a categorization model
may not operate solely at the decision stage, but may also be di-
rectly involved in perception. This is not incompatible with the
evidence from amnesic patients; it may be that categorization
relies on neural representations that are explicit in the sense of
being discrete and minimally distributed, but do not constitute
“explicit memory” in the sense of being behaviorally accessible
for declarative memory. In any case, current psychophysical evi-
dence alone cannot discriminate whether a model’s mathematical
constructs correspond to neuronal processes occurring in specific
cortical areas such as the striatum, inferotemporal cortex, or even
prefrontal cortex.

HMAX. We have begun to ground these high-level models of
categorization more firmly in neurobiology by combining them
with a model (HMAX; Riesenhuber and Poggio, 1999) that en-
capsulates the processes that functionally precede objectcate-
gorization in the visual system. Unlike the original categoriza-
tion models which receive a high-level feature based description
of their input, these hybrid models operate directly on a pixel-
based image space representation of the input. Although thehy-
brid models fit relatively poorly when compared with the origi-
nal models, their absolute performance is encouraging. Thebest-
fitting HMAX-SPC〈3〉model was able to account for nearly 86%
of the variance seen in subjects’ responses. If anything, our re-
sults underestimate the capabilities of a hybrid model, since we
used only the first 4 of 576 principal component vectors of the
raw HMAX output, sacrificing≈ 20% of the available variance.
This performance was achieved using straightforward bottom-up
processing of the input images, with no task-specific training or
context-specific top-down modulation of the early vision stage.
Yet, such top-down effects are certainly involved in the perfor-
mance of human subjects, and the original high-level features are
indeed a close approximation of subjects’ internal representations
as shown by MDS experiments. It thus appears that current high-

level models of categorization can be linked to more detailed
biological models of vision. A better integration of early-vision
and object-categorization models—for example, by allowingat-
tentional weights to propagate from the decision stage backto
earlier sensory levels—is likely to uncover a more complete pic-
ture of the categorization process.

Generalization and learning. In the most general terms, catego-
rization is a process with four components: (1) external input (vi-
sual stimuli), (2) internal input (pre-existing memories and neu-
ral state), and (3) a mechanism that combines the inputs to pro-
duce (4) an observable output (categorization behavior). Acom-
plete theory of categorization should quantitatively describe an
internal mechanism that can be appropriately tuned by a learning
process involving exposure to a limited set of training exemplars
(e.g., Nosofsky et al., 1992; Ashby and Ell, 2001), and should
describe how differences in observers’ pre-existing internal states
lead to different categorization behavior given the same input. In
the context of the RXM or SPC, for example, such a theory might
help address questions such as how the number of hidden units
is adjusted during learning, perhaps in relation to the difficulty
in separating categories from one another.

By this standard, the models we have discussed provide only a
partial theory, in that they only describe the fully-trained mecha-
nism without offering a process for learning the tunable parame-
ters of that mechanism. We have inferred the final values of these
parameters by fitting the models to human behavior on a set of
test exemplars7 . In other words, by collecting and modeling ob-
servers’ responses to the test exemplars, we have only addressed
the question ofwhat did observers learn, rather than the more
complex question ofhow did they learn it. Nevertheless, our de-
scriptive results provide valuable constraints for more complete
future models of the learning process; after all, a model cannot
successfully describe the learning process without also success-
fully describing the outcome of that process.

An open question is to what extent these computational insights,
based on psychophysical experiments using simple, four-feature
stimuli, carry over to the identification and categorization of com-
plex objects in natural scenes. One challenge is to translate this
analysis of the computational principles underlying object cate-
gorization into a mature understanding of how neurons alongthe
ventral visual pathway can implement such operations (Sigala

7 An alternate approach would be to fit the models to match observers’
performance on the training set, and then judge the models based on
observers’ performance on the test set. But our observers were trained
to be highly accurate in categorizing the training set (with most cate-
gorization probabilities near 0 or 1), so their training-set performance
places only very weak constraints on the models, since all of the mod-
els can be trivially fitted to classify the test set with 100% accuracy.
In contrast, we designed the test exemplars for the express purpose of
being potentially ambiguous, so that observers’ test-set performance
would place strong constraints on the models being fitted.
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and Logothetis, 2002; Op de Beeck et al., 2001).
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