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Abstract

Studies of high-level models of visual object categorization have leftaaived issues of neurobiological
relevance, including how features are extracted from the image andlielayed by memory capacity
in categorization performance. We compared the ability of a comprifeersst of models to match the
categorization performance of human observers while explicitly ado@urfior the models’ numbers of
free parameters. The most succesful models did not require a maegeory capacity, suggesting that a
sparse, abstracted representation of category properties mayi@madegorization performance. This type
of representation—¢ierent from classical prototype abstraction—could also be extractectgdifeom two-
dimensional images via a biologically plausible early vision model, rather tegimg on experimenter-
imposed features.
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To appear in 2003 in Vision Researct3(21):2265-2280. els so that their implementations are reasonable in ligheef
cent developments in the neurophysiology of object redagni

and categorization (Kanwisher, McDermott, and Chun, 1997,
Ishai, Ungerleider, Martin, Schouten, and Haxby, 1999g#re
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.

1 Introduction

In humans, object categorization is one of the primary tagks
the visual system. Sensory processing of visual stimutingl
with prior visual experience, leads to categorization judgts
that can ultimately be used for cognition. In the last thirgars,
research in mathematical psychology has discovered muaitab  First, current categorization models typically depend eghh
the processes of visual categorizatieng{ Reed, 1972; Nosof- level multidimensional representations of incoming stimu
sky, 1984, 1991; Ashby, 1992a; Ashby and Maddox, 1993; Smith (Ashby, 1992b; Ashby and Maddox, 1993). Edelman (1999)
and Minda, 1998; Ashby and Waldron, 1999) by combining the reviewed evidence suggesting that such representatiens-ar
techniques of visual psychophysics and computational fivggle timately linked with the perceptual similarity of stimulA
to develop high-level theories of categorization. Desfiitepre- ~ common technique used to infer implicit psychological rep-
dictive success of these theories, there exists a gap betiee ~ résentations is to apply multidimensional scaling (MDS) to
descriptive framework of the models, and our current kndgée observers’ similarity judgments about a set of stimuli.gergly,
of the neuronal mechanisms involved in categorization.san i the link between these psychophysical measures of sityilari
portant aim therefore is to shorten this gap by extending-mod @nd the neuronal mechanisms underlying stimulus repratiemt

in the primate visual system remains poorly understood. New
1 Corresponding author. Division of Biology, 139-74, Caltech, approaches using functional brain imaging in humans (Edejm
Pasadena, CA 91125. Grill-Spector, Kushnir, and Malach, 1998) and electrofdys
E-mail addressrjpeters@klab.caltech.edu logical recordings in trained macaque monkeys (Op de Beeck
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et al., 2001; Sigala and Logothetis, 2002) are likely to shed (a) Brunswik faces

light on these issues. Such work will ultimately have to rety
comparisons between inferred psychological representaiin

monkey and human observers. Since it is nearly impossible to

train animals to give graded similarity ratings betweernrpaf

objects (the common method in human studies), animal ftudie

must rely on two-alternative forced choice methods instdad
therefore important to directly compare these two ways tfiga
object similarity directly in human subjects.

Second, in a biological system, any high-level represimat
must be built from lower-level representations, and inondhis
means that all representations must ultimately trace bathet
retinal input. Many categorization models presuppose tihat
high-level (external) features used by the experimenteteto

fine the objects are the same as those used internally by the

observer when making a categorization decision. For exampl
many categorization studies have used a set of circles et

ing lines, defined by two features: the diameter of the ¢jratel
the angle of the bisecting line.g, Maddox and Ashby, 1993).
This approach has certainly been fruitful, and MDS studageh
demonstrated strong similarities between the externalirsted

nal feature representations. Nevertheless, apparegtiendties

in the categorization process that might be inexplicableims

of high-level representations, could appear entirely rgin the
light of biological early vision. At the least, features buasan-

gle of the bisecting linare not likely to be represented explicitly
by neurons involved in visual perception; rather, a poportabf
neurons might form a distributed representation, in whiabhe
neuron responds preferentially to a single range of oriemts.
Whether such dierences have arffect on the output of catego-
rization models is an empirical question. We have tested afse
hybrid models, in which an early vision model based on Riesen
huber and Poggio (1999) is used to process the input in imag
space, yielding a set of coarse spatial maps, one for each of

small number of local image features. These maps are theh use

as input to the high-level categorization models after aetim
sionality reduction step.

Third and last, the models approximate categorizationsitats

(b) Cartoon faces
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(c) Fish outlines
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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 introduaeaming ex-

emplar mode(RXM) that draws from neural networks (Poggio

and Girosi, 1990; Rosseel, 1996) and exemplar-based mofiels

categorization (Nosofsky, 1991; Kruschke, 1992; Nosqfky

uschke, and McKinley, 1992). The RXM also has much in com-

mon with thestriatal pattern classifie(SPC) of Ashby and Wal-
€dron (1999), including the fact that its memory traces aee fr
aparameters. This stands in contrast to previous exempkseeh
models, and hence neurobiological plausibility can be sxezk
directly by accounting for numbers of free parameters wiuen-c
paring fitted models.

using a mechansim based on the multidimensional representa

tion of incoming stimuli, plus possible auxiliary repretaions,
such as memory traces. This process is typically contrdiled

2 Methods

a number of free parameters, which are fitted with the goal of

matching human categorization behavior. However, a sirsigle
tistical comparison between models—even after accounting f
the number of free parameters—may ignore importafedinces
in the neurobiological implications of the models. For exam
ple, one successful model, theneralized context modgECM,;
Nosofsky, 1984), assumes that all training images are étore
memory; a literal interpretation of the GCM might conclutiatt
the neuronal substrate of categorization also scalesrlinaih
the number of exemplars in a category, or that categorizatio
biological systems involves only simple memorization,heitt
any category-level abstraction (Knowlton, 1999). To pdeva

2.1 Subjects

Eighteen psychophysics subjects (ages 18-25) from thealt
community particpiated as paid volunteers in the experiméde-
scribed below. Informed consent was obtained from all subje
and experimental procedures were approved by the Califdnni
stitute of Technology’s Committee for the Protection of Hum
Subjects.



2.2 Stimuli

We used three types of schematic, line-drawn visual sti(igj-

ure 1): Brunswik faces and tropical fish outlines, which hagen
used previously (see below), plus a new set of “cartoon face”
images. Each type of visual object was parameterized almung f
dimensions comprising thetimulus parameter spac®ifferent
sets of objects were assigneddanfigurations which contained
equal numbers dfaining exemplarsssigned to each of two cat-
egories, as well as an additional numbetedt exemplarsThe
training exemplars from the two categories were always &hos
so as to be linearly separable in the objects’ parameterespac
that is, the members of the two categories could be sepabgted
some 3-D hyperplane in the 4-D parameter space.

2.2.1 Brunswik faces

These line-drawn face stimuli (Figure 1a; Brunswik and &eit
1937) have been used frequently in categorization expetsne
both with human (Reed, 1972; Nosofsky, 1991) and non-human
observers (pigeons, Huber and Lenz, 1996; monkeys, Sitala e
2002). Each face consists of a simple ovaloid outline witkrin

nal features defined by (compressed) circles and straigbs.li
The faces are parameterized éye heigh{EH; the vertical dis-
tance from the centers of the eyes to the center of the fage),
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 paeame
ized object type that produced stronger activation in thedmu

fusiform face area (Kanwisher et al., 1997) than did Brukswi
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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 3x3x3x3 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 haenbe
used previously in studies of categorization in people and p
geons (Hernstein and de Villiers, 1980) and in monkeys (¥ge
1999). Each fish image is composed of four cubic spline curves
that were fitted to scanned outlines of tropical fish. By diljgs

faces. The cartoon faces extend the Brunswik faces in deveraone control point of each of the curves, four features of thie o

ways to make the faces appear more human: a simple band o

fines could be smoothly deformed: the dorsal fin (DF), tail fin

hair is added around the top of the head, the size and dilation(TF), ventral fin (VF), and mouth area (MA).
of the pupils may be varied, eyebrows are added above the eyes

the nose outline is defined by an extended open contour, &d th
mouth is defined as a Bezier curve rather than a straightTme.
control these additional features, the cartoon faces hév&kof

28 stimulus parameters; however, in the present study dwly t
four parameters corresponding to the Brunswik face dinogssi
were varied, while the other 24 parameters were held constan

2.2.3 Tropical fish outlines

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

2.3 Similarity tasks

Two different similarity tasks (pairs and triads tasks) were per-
formed with the 20-object configurations used in Experimnt
(see section 2.Eategorization taskbelow; Figure 2). For each
configuration, subjects’ psychophysical responses wesd ts
form a 20x 20 experimentadlissimilarity matrixwith entriessj;,
using a procedure specific to the task (see descriptionsvhelo
This matrix was then used to estimate subjects’ psychadbgic
representations of the stimuli (see section A4S analysik



In the pairwise comparison task (Borg and Groenen, 1997, ch.of a rigid rotation, translation, and uniform scaling (Bagd
6.2), orpairs task subjects viewed sequences of simultaneously Groenen, 1997, ch. 19). The optimal Procrustes transfoomat

presented pairs of objects. Each pair was presented fooRs, f

Pmin Minimizes the loss functioh.(P) = ¥; d?(x;, P(%;)). This

lowed by 2s of blank screen. Subjects could respond at argy tim minimum valuel (Pynin)—theresidual squared distand®SD)—

during that 4s interval with a button press between 1-9 ciudi
ing how similar the objects appeared. Subjects were insduo
choose “9” if and only if the two objects were identical. Eaxfh
the 400 possible pairings of the 20 objects was presentede3ti
throughout the experiment, giving 1200 total trials. Fartepair
of objectsx; andxj, the dissimilarity matrix entry;; was taken
to be 9-5j, wheres; is the average similarity rating over the
trials containing objectsandj (n=3 fori=j, n=6 fori # j).

The triads task a variant of the anchor stimulus method (Borg
and Groenen, 1997, ch. 6.2), is a two-alternative forcemlegh
(2-AFC) task, and as such it has been particularly usefigtioa-
ies involving non-verbal observers.g, human infants, Arabie,
Kosslyn, and Nelson, 1975; monkeys, Sigala et al., 2002): Su
jects viewed sequences of simultaneously presented tfaats
jects, arrayed horizontally. Each triag (X2, X3) was presented
for 2s, followed by 2s of blank screen. Subjects could red@in
any time during that 4s trial with a button press indicatirtgether
the left pair €1, x2) or the right pair k2, x3) appeared more sim-
ilar. Time constraints prohibited using all possible tr@@mbi-
nations. Instead, the 6840 possible triass Xj, xk) of the 20
objects were sorted by the Euclidean distance in stimultenpa
eter space between the leftmost and rightmost stind( (xx)),

quantifies tr)e dissimilarity between subjects’ psychalabrep-
resentationX and the original stimulus configuratiox.

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 a”d 10
random configurations whose parameters were drawn froma uni
form distribution over [01]. The resulting distribution was used

to estimate the significance levels of the RSDs of the paids an
triads MDS configurations.

2.5 Categorization tasks

The categorization experiments consisted of a training@laad

a testing phase. In both phases, subjects viewed a serids of o
jects presented one at a time. Each object was presented,for 2
followed by 2s of blank screen. During each 4s trial, sulgject
pressed one of two buttons indicating to which category the o
ject belonged. In the training phase, subjects were shovyrtloa

two categories’ training exemplars, and were given feeklliac
the form of a high- or low-pitch tone indicating whether the-

and the 1710 triads with the largest such distances were Use%ponse was correct or incorrect, respectively. Subjecfsimeed

for psychophysics. Finally, subjects’ binary responsethantri-
ads task were transformed into analog dissimilarifigsising a
procedure described in Sigala et al. (2002).

2.4 MDS analysis

Multidimensional scaling (MDS) was used to find a $ét=
{X1,...,Xn} of N 4-D vectorsy;, that best reflected the internal
psychological representation used by a subject when me+for
ing a similarity task. The best such representation is folbyd
minimizing thestresso = %Zi,j(d(ﬁi,kj)—éij)z, whered is the
Euclidian distance andl; are the dissimilarities computed from
subjects’ responses in one of the similarity task¥hese repre-
sentations allow for a clear correspondence between tHedsca
dimensions and the physical stimulus parameters, as aeplai
next.

To align the MDS configuratioX with the original configuration
X, we used an isometriérocrustes transformation,Ronsisting

2 Note that this procedure deviates from a strict definition of MDS

training blocks of 100 trials until they scored85% correct on a
single block. Next, they moved into the testing phase, incivhi
they were shown the previously unseen test exemplars in addi
tion to the training exemplars that they had viewed during th
training phase. Subjects received no feedback on theionsgs
during the testing phase.

In Experiment 1, the values for each stimulus dimension were
guantized to three possible values for each dimension atdtth
set of possible objects lay on a3x3x3 grid in stimulus parame-
ter space. The configuration of 20 objects on this grid (Fdia)
followed that used in Nosofsky (1991) and Sigala et al. (3002
with five training exemplars for each category, plus tenggetm-
plars that included the two category prototypes. For eathbfse
objects, each of the four stimulus parameters for that obype
was assigned to one of the four generic dimensions in theustim
lus configuration shown in Figure 2a. It is significant how plae
rameters are assigned, since each generic dimensionscdifrie
ferent information about category membership. For exantpée
categories were linearly separable in projections ontof#labes
for pairs of stimulus dimensions ,@), (1, 3), and (14), so di-
mension 1 was more informative about an object’s categawy th
were the other dimensions. In all, five sets of stimuli weredus

because the dimensionality of the representation space was fixed to 4N Experimept 1. These included three sgts of Brunswik f@gs
rather than being a free parameter. However, previous studies usingvhich the stimulus parameters were assigned to the genieric d

Brunswik faces and fish stimuli have obtained satisfactory MDS solu-

tions with 4-D representations (Nosofsky, 1991; Sigala et al., 2002).

mensions in dferent orderings{EH, ES, NL, MH, {NL, MH,
EH, ES, and{MH, EH, NL, ES), a set of cartoon face$gH,



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 outlinegTF, VF, DF, MA}).

In Experiment 2, a larger configuration of 80 objects was used

(Figure 3), with 10 training exemplars for each of the twoeeat
gories, plus 60 test exemplars. The exemplars were arramged

a 7xX7x7x7 grid in the stimulus parameter space. There were 12

such sets, identical except that the discretization gridaah set
was rotated through fierent angles(=n-15°,n € [0..11]) in
the eye-heighieye-separation plane of parameter space.

2.6 Categorization models

We tested several categorization models by fitting them tiwima
the human observers’ response profiles from the testingeptfas
the categorization tasks. Each model receives input in e&ab

ture spaceife., not image space), and produces an output that

represents a categorization probability for the input chj&he
models we tested fall into several categories, each of which
poses a unique architecture for the categorization proess
Figure 4), with diferent free parameters, andfdrent assump-

models.

In general, we assume (1) that each exemplar is described by a
point in anR-dimensional space (Ashby, 1992R) (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-visiodaino
(see section 2.6.5 below), and (2) that each category isatkfin
by N training exemplar$xa, ..., Xn}.

2.6.1 Exemplar models

Exemplar models associate memory tracedvb{1 < M < N)
stored exemplars{y,, ..., yy} with each category. Several model
subtypes dter in the way that these stored exemplars are se-
lected:

o All-exemplar modelgFigure 4a) assum®l = N, andy; = x;.

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 medel
include theaverage-distance modéADM, Reed, 1972) and
generalized context modébCM; Nosofsky, 1991).

e Prototype (one-exemplar) moddkigure 4b) assumél = 1;
each category stores only the arithmetic mean of the cate-
gory’s training exemplarsy; = %Zi 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. tetgpe
models include theveighted prototype mod€WPM; Reed,
1972) and thewneighted prototype similarity modéWPSM;
Nosofsky, 1991).

¢ In the proposedoaming-exemplar mod@¥) (RXM(M), Fig-
ure 4c), each category storbk exemplars, each of which is
a linear combination of the training exemplars for that cate
gory, y; = 2iwijxi. Under the neurobiological consideration
that neurons do not represent objects fdfedent from those
that have been previously observed, the stored exemplars ar
restricted to a region circumscribed by the training exenrg|
so the weights are constrained\wy > 0 and’; wi; = 1 for all
j.- The number of stored exempldvkis nota free parameter of
a given RXMM), 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 R¥W}'s with dif-
ferent (fixed) values oM may be fitted to the same dataset.

3 Our usage of the term “exemplar” to denote stored memory traces

reflects a meaning afleal meaning or patteror prototype rather than
a strict meaning oprevious seen stimulugor example, in the RXM,

tions about the memory usage of the system being modeledihe stored exemplars are generalizations of the memory traces used in
These factors must be weighed along with the raw goodness-of all-exemplar or prototype models, and are most likely not previously

fit when assessing the neurobiological plausibility of théedent

seen stimuli.



(a) all-exemplar model (b) one-exemplar model (c) roaming exemplar
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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 (e and o) in a 2-D feature space, plus a test exemplar (x) 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 modeKM) (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 cv; for category i of a given feature is the posterior probability of an exemplar with that
feature belonging to category i (values of cv; and cw are shown).

The memory demand of the RX(W1) varies between that of  Then, for each test exemplar the evidenceg; for categoryC;

the prototype models (fav = 1) and that of the all-exemplar is given as the sum of similarities betwerrand theM stored

models (forM = N); the computational complexity is similar exemplarw‘j of that categoryE;(x) = Z}\il S(X, )/ij). Finally, the

to that of the prototype models, since some mechanism mustmodel’s categorization ok is based on the expressi@i(x) —

adjust the stored exemplars during training. Ex(x) + n>t, wheren represents zero-mean Gaussian noise with
variancec?, andt is a threshold parametex is assigned to
category 1 if this expression is true, otherwise to cate@ory

Next, the exemplar model computes a similarity measured®tw  The free parameters of the exemplar models are s t(o),
the test exemplak and each of the stored exemplarsbased plus 2V stored exemplars for the RXqW1).

on a weighted Euclidean distanagi(x, y) = (3 aj(x; - y))3)Y2,

with @j > 0 and ), «j = 1 (other metrics are possible; sea,

Ashby and Maddox 1993). The diieientse |, calledattentional

weights are intended to model the ability of human observers to 2.6.2  Striatal pattern classifier

attend preferentially to the most task-relevant stimuketdres.

The similaritysdecays with the distanck either linearly 6= —d, The RXM shares a very similar mathematical formulation with
as in the RXM, ADM and WPM), or exponentiallg £ e %4, as the striatal pattern classifier(SPC) proposed by Ashby and
in the GCM and WPSM; see Shepard, 1987). Waldron (1999), although the mathematical elements haga be



treated with diferent neurobiological interpretations (Ashby and
Ell, 2001). Both kinds of model rely on a set of units that rep-
resent diferent locations in feature space, but the modefedi

in how each category’s evidence is computed for a given test e

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

In the weighted cue-validity model (WCVM; Reed, 1972), the

emplar. The exemplar models compute the sum of similarities validity for categoryC; of the j-th parametex; of a test exemplar

between the test exemplar and each stored exemplar, whkesas

x is defined asj(x) = p(Cj|xj). The overall cue-validity; is a

SPC associates a test exemplar with the category of the nearweighted sum of these validitie¥;(x) = ¥j@jvij(x), where the

est striatal pattern (in this respect the SPC resembkesearest
neighbor model wittk = 1). Both the SPC and the RXM use a
similarity measure that decays linearly with distance. tdeo
to maintain a formal similarity with the other models, we dise
the following decision rule for the SPC: for each test exampl

the evidence for each category is given by the maximum of the

similarities between the test exemplar and that categstgied

«j are attentional weights as in the exemplar models, wijth 0
and}jei = 1. Also as in the exemplar models, the decision rule
incorporates Gaussian nois@and a thresholtt if the expression
V1(X)—Va(X)+n>tis true,x is assigned to category 1, otherwise
to category 2.

A modified version of this model, called the weighted freqeyen

exemplars. Thus, in the case of one stored exemplar per CateCUe—vaIidity model (WFCVM; Reed, 1972), uses &elient defi-

gory, the SPCL) and the RXM1) form identical decision sur-
faces. However, wittM > 1, the SPCM) has a piecewise-linear
boundary, while the RXNM) has a curved decision boundary.

2.6.3 Boundary models

nition for the validity. A weight factorg = (1+ F (xm)) ™2, is com-
puted from the overall number of timéqxy) that the parame-
ter valuexmy occurs in exemplars from both categories. Then the
WCVM's original validity vi; is used to define the new validity
ij(x) = %-q+vij(x) -(1-q), so that the validities of rare param-
eter values carry little information about category mersbgr.
This reflects the idea that subjects will pay more attentmn t

Decision bound theory (Ashby and Maddox, 1993) proposds tha common features.

human perceptions of category exemplars are instancesof ra
dom variables with multivariate normal distributions. &iva
particular perception, the optimal decision strategy ishoose
the category of which that perception was more likely an in-
stance. Thus the decision boundary (the locus where both cat
gories have equal probability densities) falls along thersec-
tion of the graphs of the two probability density surfacéshé
covariance matrices of the exemplar distributions aretidakfor

the two categories, then the decision boundary is a linedaical
(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 categoriegiitig
exemplars with a boundary described by a normal velotand

a threshold. Following training, a test exemplaris classified
according to the side of the boundary on which it falls:

X-b+n>t=xeC

The PBI model parameters are {,o); however the variance of
the noise is assumed to & = 1, since identical models are
obtained for b,t, o) as for (b, At, 10") with 2 # 0.

2.6.4 Cue-validity models

Cue-validity models (Figure 4e) treat each stimulus patanas
an independent indicator of category membership, basetieon t
relative numbers of exemplars from the two opposing categor
that exhibit thecue (a particular value of a stimulus parameter).

The free parameters for both the WCVM and the WFCVM are
(a,t,0).

2.6.5 HMAX

In order to assess the biological plausibility of the categgion
models from a computational perspective, we adapted arhiera
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 aboleshw
operate in feature space. Our approach was to extract a @ew fe
ture space representation from the output of HMAX, whichidou
then be used as an alternate input for fitting the categarizat
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 scalése C1
representation is produced by pooling the activations ofigts

at neighboring spatial locations and across similar spsdiles.

At the S2 level, more complex features are formed by pooling
the activations of a 2 spatial array of neighboring C1 units
tuned to specific orientations; in this wayffdrent S2 units begin

to represent features such as “elongated contour” or “coare
“disk”. Finally, each C2 unit pools across S2 units tunedh® t

Thus, for example, a beard is a somewhat uncommon feature osame feature type, but atfifirent spatial scales afod spatial

male faces, yet it is an even less common feature of femads fac

locations.



We made several modifications relative to the original madel  probabilitiesp;), over theN stimulus objects:
Riesenhuber and Poggio (1999); these modifications wededui

. . . N
6105 the 5101 ot Mmages, 5 ao 10 provide aich but 3o, L= Jera- pyean,

’ T \Pin;

foundation for a subsequent categorization stage. Firstead =1
of each C2 unit pooling across the entire image space, wa-subd
vided the image into a %6 grid, with each C2 unit responding
only to one of the 36 subregions. This increased granulatity
lowed the model to extract features that were more relevant a
input to the categorization models. In addition, we retdddhe
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 schgm
input images, but at the same time significantly reduced the d
mensionality of the output space: since eacfC2Xeature type
represented a four-part configuration of two possiblgC3 lori-
entations, there were*2 16 S2C2 feature types (rather than
4% = 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 categiariza
models, we applied principal component analysis to the @2 ac
vation vectors obtained across all of the input images irt.drse
general, we found that 95% of the variance could be recovered
with the first 50 of the 576 principal components, aa®0%
of the variance was recovered with only the first 4 components
Therefore, for comparison with the 4-dimensional physyual
rameter configurations, we used the first 4 principal comptmne
from the modified-HMAX C2 activations to test how well the
categorization models would fare with a biologically pliles
input derived from the image space representation of theusiti

wheren; is the number of categorization trials performed for ob-
jecti, and pin; is the number of trials in which the observer as-
signed object to category one. The likelihood takes the form of
a binomial distribution because subjects’ responses eatcttl as
independent binary random variables. A numerical impldaaen
tion of adaptive simulated annealing (Ingber, 1989) fokavby

a simplex method (Nelder and Mead, 1965) was used to maxi-
mize the likelihoodL, or equivalently, minimize the minusg-
likelihood (—InL), which can be computed moréieiently. The
range of the likelihood is & L <1, so the range of the minus
loglikelihood isco > —InL > 0.

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

Finally, although the loglikelihood (Ib) or %-variance are ap-
propriate statistics for comparing fitted models havingilsim
numbers of free parameters, comparisons of modeteritig

in their number of free parametemy,, require a statistic such
as the Akaike information criterion (Zucchini, 2000), Ak
—-2InL + 2Ngp, which contains a penality term proportional to
Npp. Pairwise model comparisons were made with the Wilcoxon
signed-rank test of eitherIlnL or the AIC, and we report the
median value of-InL or the AIC to summarize the model fits
from a group of individual subjects.

2.7 Model-fitting

] ) ) 3 Results
We fitted models based on (1) the objects’ physical parameter

values, (2) the psychophysicalg,, MDS) parameter values ob-

tained from a pairs or triads task, and (3) the features ééma 31 MDS fits
PCA from the C2 activations of the HMAX model. Furthermore,

each model could either be fitted separately to each indiidu

subjects’ data, or be fitted once to data pooled across gabjec |, order to quantify the goodness of fit between subjects’
However, since pooled fits may not accurately reflect thegoate  procrystes-transformed MDS configurations and the ofigina
rization processes of individual observers (Maddox, 1998 stimulus configuration, we used Monte Carlo simulations com
used only models fitted to individual subjects’ data. paring the residual squared distances (RSDs) of our ssbject
MDS configurations with the RSDs of random configurations
Each model’s free parameters were fitted to maximize itstabil (see Figure 5a). The mean of the pairs-MDS distribution4@4)
to predict the categorization probabilities obtained froaman was roughly twice as close to the original configuration asldio
observers. The goodness of this fit was quantified withilee be expected by chance (0.3268), and all pairs-MDS configura-
lihood, L, of the model having generated the observed probabil- tions were significantly closemp(< 0.005) to the original con-
ities, given that the fitted model correctly describes thgjext's figuration than were the random configurations. Likewise, th
categorization process (Collett, 1991). This likelihosthe con- triads-MDS configurations were also all significantly close
ditional probability of the set of observed probabilitigs given the original space than would be expected by chapee(.005),
the values of the model parameters (which govern the pestlict although the mean of the triads-MDS distribution (0.1982sw
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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 10° 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 (o = 0.9946
across 10 subjects.

not as close to the original configuration as was the pairsMD 3.2 Model fits

distribution. A pairedt-test showed that the residual squared

distances of the pairs-MDS configurations were signifigantl

smaller than those of the triads-MDS configuratiops<(0.05). We found no systematic fierences in the fits obtained from
different model subtypes (such as those using exponentialsversu
linear decay of similarity with distance). Therefore, irther
discussion, models are referred to by their general names (
all-exemplar models) rather than by the specific subtypes, (
ADM or GCM).

To further assess the relationship between these two nethod
for obtaining similarity judgments, we performed a moreadir
comparison, using subjects’ raw responses rather thandhe d
rived MDS configurations (Figure 5b). In each trial in theti$
task, subjects viewed three objecxs, X2, X3) and compared the
similarities of the two pairsxi, x2) and 2, X3). Subjects also di-
rectly rated the similarities of these pairs in the pair&tdus,

for each triad X1, X2, X3) which was shown in the triads task,
we computep,irs, the diference between the similarity ratings
given by the subjectm the pairs taskio the pairs X1, x2) and
(x2,x3). We then split the triads trials into groups with similar
values 0fDpairs. Within each group we computétkiags, the frac-

tion of trials for which the subject chose the right pair asreno 4 Note that the RXM and SPC were not used in fitting the data from
similar than the left paiim the triads task These two measures  gxperiment 1 because even with one stored exemplar, these models
Dpairs and Firiags Were highly correlated in data obtained from  carry aimost as many free parameters as the number of data points to be
single subjects(> 0.98 for 9 of 10 subjects) and when data were fitted (20). This renders any comparisons among such models virtually
pooled across subjects € 0.9946; Figure 5b). meaningless. This issue is avoided in Experiment 2 due to the greater

3.2.1 Model fits: Experiment 1

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



Table 1 3.2.2 Model fits: Experiment 2
Goodness-of-fit of the models tested in Experiment 1.

We fitted subjects’ categorization probabilities from Epipe

GCM  PBI WPSM  WCVM ment 2 with versions of the roaming-exemplar model andtsiria
Brunswik faces % var 9822 98.08 9639  88.37 pattern classifier using 1, 2, 3, 5, 7, and 10 stored exempJars
o Es L v Nl 2115 2223 2732  42.50° as well as the aII-exempIar,. protptype, and linear boundaog-
Brunswik faces % var  95.68 9775 9532  74.38 els, anq as.sessed these fItS. with three measures (see Tat_>le 2)
the loglikelihood, the %-variance explained, and the Akaik
INL, MH, EH, ES) —InL  28.08 26,53  32.81 4258 information criterion (AIC).
Brunswik faces % var 94.02 58.56 61.55 86.30
MH, EH, N, ES}  —InL  36.83 80.57* 90.31* 52.76 When the model fits were assessed with their minus loglikeli-
cartoon faces % var 9550 90.70  90.18  86.66 hoods (Table 2, row 2), we observed a pattern among the previ-
_InL 3068 2995 3707° 5349 ously tested models similar to the first pattern observedxn E

periment 1: the all-exemplar and boundary models both oéthi
better (lower) scores than the prototype model. Howevath ea
of these previous models was outperformed by all versions of

fish outlines % var 97.23 80.98 70.30 96.03

—-InL 2073 32.85* 74.36* 28.74
% variance (larger value indicated better fit)

—InL, minus loglikelihood (smaller value indicates better fit) the roamlng-exemplar model and striatal pattern classifiexd-
bold numbers , model(s) which gave the best fit in each row dition, for both the RXMn) and the SPQ) the goodness of
*, models whose —InL was significantly worse (p < 0.05) than the best-fitting fit increased with the number of stored exemp|ars_an unsur-
model in each row .. . ",
prising result, given that each stored exemplar reflectgiaddl
fits. free parameters. The %-variance values (Table 2, row 1) show

a similar pattern, but give a more concrete assessment of how

The first pattern was associated with the first two Brunswilefa yvell the mode'ls.match the human subjects’ categorizatioabe
sets (EH, ES, NL, MH and{NL, MH, EH, ES, which depend ior: the best-fitting model (the SR8)) captured nearly 92% of

primarily on attention to the eyes and nose) and the cartaoesf the variance, while the yvorst-fitting model (the WPSM) captlir
((EH, ES, NL, MH). In this pattern, the all-exemplar models "0Ughly 85% of the variance.

obtained the best fit, but the boundary model also fit wellisind
tinguishable from the exemplar models. The prototype nwdel
fit significantly worse p < 0.05) than the all-exemplar models,
but the magnitude of this fierence was small. Finally, the cue-
validity models fit significantly worse than the other models

In contrast, when the model fits were assessed with the AIC to
account for their numbers of free parameters (Table 2, roth8)
RXM and SPC with one stored exemplar per category (RXM
and SP1)) obtained the best (lowest) scores among all mod-
els. These comparisons were statistically significant ¢@vbn

The second pattern was seen with the third Brunswik face Set.;,;lgned—ranlf testp < O'?hS) excebpt a%a'?St tjhe PBpf: 0'44)' ith
(IMH, EH, NL, ES)) and the fish outlines(TF, VF, DF, MA}). oreover, increasing the number of stored exemplars ireei

. . . the RXM(n) or SPGn) was detrimental to the AIC goodness of
As in the first pattern, the all-exemplar models obtainedoist "
fit. However, the rest of the pattern was qualitativelyfetient fit; the SPC10) (AIC =25329) and RXM10) (SPC= 27185)

from the first pattern. Whereas the cue-validity models ghee t fit much worse than any of the other models.
worst fits in the first pattern, their fits were indistinguiblea
from the all-exemplar models in the second pattern. In audit
the boundary model fit very poorly, significantly worse thha t L )
exemplar modelsy< 0.05). Finally, the prototype models fit even of the HMAX model, rather than the original physical paranet

more poorly, significantly worse than the exemplar and bagyd of the stimuli. We foun.d that the features denygd from HMAX
models p < 0.05). recovered much of the information about the original phaigia-

rameters. For example, pairwise distances between olijeitts
original parameter space were strongly correlated 0.8) with
pairwise distances in the C2-derived feature space. Intiaddi
we found individual C2 units whose activities were highly-co
related with one of the original physical parameter vallgd:(
p=0.93, ES:p=0.91, NL: p = 0.95, MH: p = 0.998).

Each of the models was also fitted using representationseof th
visual objects based on features derived from the C2 aicthat

Each of the models tested in Experiment 1 was also fitted using
MDS-based configurations obtained from the pairs or triasls.
Measured by %-variance, both the MDS-pairs and MDS-triads
model fits were strongly correlated with the fits obtainedhgsi
the original configuration, as well as with each othes (.90 in
each case). The average goodness of fit of the MDS-pairs sodel
lagged behind that of the original models by 2.3 %-varianoel,

the MDS-triads models lagged by an additional 5.5 %-vaganc

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

For brevity, the models with 5, 7, and 10 stored exemplars were
withheld from Table 2, since our analysis revealed these data to merely
number of test exemplars (80). 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°
—InL [orig] 75.72*  72.06*  71.32* 7572  71.65°  69.92 83.41*  83.66*  88.79"
AIC [orig] 173.44  178.13* 188.64* 17344  177.30° 185.84* 178.81* 177.32  189.57*

% variance [HMAX]  80.96*  83.98*  85.00"  80.96° 84.54* 8599 75.62*  7857* 7257
—InL [HMAX] 91.24*  8438*  81.89* 91.24* 8277 7811 111.92* 9770  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)
—InL, 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). fogdye
the uncorrected measures (minus loglikelihood and %-ween
improved as the number of stored exemplars increased, léth t
best overall fit given by the SRB). In contrast to the fits based
on the physical parameters, the best AIC values were olataine

similarities, the entire task requires many trials and igegtime
demanding. Thus, adult human subjects prefer the “paisX, ta
which is is based on analog similarity judgments, and is less
time demanding since each trial directly conveys absohftar-
mation about pairwise similarities. Therefore, we comgate

with 2 (rather than 1) stored exemplars per category for both results of the pairs and triads tasks within a set of human sub
the SPC and RXM, although as before fits decreased again withjects to assess their equivalence in characterizing pgygisical
more than 2 stored exemplars. Overall, the HMAX-based model representations of similarity. As Figure 5b shows, the judgts

fits were significantly poorer than the corresponding fitsebas
on the physical parameters. Nevertheless, the absolti¢zatice
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 mdpos
that neural mechanisms of representation are based orasimil
ity. Similarity measures can be transformed to feature spap-
resentations with multidimensional scaling, a technidua has

obtained in theses two tasks were highly correlated, stigges
that a shared process could account for subjects’ perfarengn
both tasks. These results legitimize comparisons betweém d
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 bededste
dependently of the original stimulus configuration. We fdun
that model fits did not improve when the models were based on
pairs-MDS or triads-MDS configurations, relative to thegeri

nal stimulus configuration. This result agrees with the figdi

often been used as the basis for models of categorization anaf Sigala et al. (2002) using both monkey and human subjacts i

recognition €.g, Nosofsky, 1986). Yet, only recently has the neu-
robiological validity of MDS begun to be investigated dilgc
with monkey electrophysiology (Op de Beeck et al., 2001akig
and Logothetis, 2002) and human fMRI (Edelman et al., 1998).
Given the practical significance of comparing results otgdiin
monkey and human studies, it is important to establish tine-co
patibility of the behavioral methods used for the two spedse-
cause it is impossible for monkey observers (as well as fordru
infants;e.g, Arabie et al., 1975; Sloutsky and Lo, 1999) to give
an analog similarity rating, a task based on binary choiah su
as the “triads” task must be used instéadJnfortunately, since
each triads trial conveys only relative information abaoaitwise

6 Alternatively, a sampelifferent task can be used to generate a confu-
sion matrix for MDS (Sugihara, Edelman, and Tanaka, 1998).
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experiments similar to those reported here. Thus, althcogte
models (such as the GCM; Nosofsky, 1986, 1991) have origi-
nally been used exclusively with MDS configurations, we fibun
that they achieve similar performance when the originaffigen
uration is used instead. We interpret these results to niestn t
subjects canféciently learn a psychological representation that
is highly similar to the native representation of a set ofeaky.
The mechanism for this learning process remains a subject fo
future investigation. Nevertheless, the empirical catieh be-
tween the original and MDS configurations is of practicaérel
vance because the MDS procedure is time-intensive bothein th
collection of similarity task data and in the computatioanhl-
ysis of those data. Our results suggest that this analysjiscstn

be bypassed withoutffecting the comparison of various classi-
fication models.



Experiment 1 revealed a pattern of model fits similar to teat r
ported previously €.g, Reed, 1972; Nosofsky, 1991; Maddox
and Ashby, 1993; Sigala et al., 2002). We found that across se
eral categorization tasks involvingftirent types of objects, an
all-exemplar model provided better fits than a linear bomnda
model, prototype model, or cue-validity model (Table 1)séme

models make the opposite tradff:since no abstraction is in-
volved, learning is straightforward as each training examjs
simply packed away into memory, but post-learning categeri
tion is complicated since a new exemplar must be compardd wit
every stored exemplar in memory. While this requirement is no
neurobiologically unreasonable in typical psychophyistsper-

cases the fits of the linear boundary and prototype models apiments which use few training exemplars per category, itrsee

proached those of the all-exemplar model.

The relative strengths of all-exemplar models and bounoteny-
els have been discussed at length (McKinley and Nosofsi96;19

less likely to be applicable to natural visual categoriekijciv
may contain thousands or more of exemplars. Furthermaoe, bi
logical systems are likely to spend more time in using caiego
than in learning them, at least for highly salient catego(@eg,

Maddox and Ashby, 1998; Nosofsky, 1998). Since each model malgfemale faces, poisonotmn-poisonous fruit). Such argu-

differs from the others in more than one way, it iidult to
conclude which of these flerences contribute to a model’s suc-
cess under particular test conditions. To address thist,pam
introduced a “roaming-exemplar’” model (RXM) that can treat
independently some of the factors that were mutually depeind
in previous models. It shares a flexible memory storage archi
tecture with the striatal pattern classifier (Ashby and i
1999; Ashby et al., 2001). It shares a decision mechanisim wit
all-exemplar models and prototype models, since new exaspl
are classified by comparing the sums of their similaritiethto
stored exemplars associated with each of two categories- Ho
ever, in the roaming-exemplar model as well as the striatém
classifier, these stored exemplars are not strictly deterthby
the training exemplars, but are allowed to “roam” duringrtirag
within the feature space of the objects to be classified.

In Experiment 2, we analyzed individual subjects’ catezgtions

of 12 different sets of Brunswik faces by fitting them with the
roaming-exemplar model and striatal pattern classifiegddi-
tion to the models used in Experiment 1 (Table 2). While tha-rel
tionships among the all-exemplar, prototype, and lineanary
models have been analyzed previously (Nosofsky, 1990; yAshb

and Maddox, 1993; Ashby and Alfonso-Reese, 1995), the im-

proved model fits obtained with the RXM and SPC in Experi-

ments lend soma priori credence to the notion of a prototype
model, but are entirely hidden from statistical comparis@mce
neither thecontentsof the memory nor the complexity of the
learning process are free parameters of the models. Indast],
comparisons between all-exemplar and prototype modele hav
generated a preponderance of evidence favoring the attyaze
models.

When the contents of the memory locations become expliat fre
parameters, questions concerning the importance of meoaery
pacity can be addressed statistically. For example, by eoimgp
either the RXM1) or the equivalent SPQ) with a prototype
model, we examine only the firstfEérence mentioned above be-
tween all-exemplar models and prototype models (whethen-me
ory traces are fixed at the category mean). On the other hgnd, b
comparing the RXM1) with the RXMn) (n > 1) we examine
only the second dierence (changing the number of stored ex-
emplars). Our results from Experiment 2 (Table 2) demotestra
a large improvement from allowing roaming, rather than fixed
stored exemplars (AIC: RXKL), SPG1) = 173.4, prototype=
189.6), while allowing additional stored exemplars adyulelads

to a decline in goodness-of-fit when the additional memory is
counted among the models’ free parameters (AIC: RX0f =
271.9, RXM1) = 173.4). Thus, although the empirical success

ment 2 d@ord new insights into the strengths and weaknesses ofof all-exemplar models appears to support a rejection efgcay

previous models (see Table 3 for an overview).

All-exemplar vs. prototype modelEhere are two significant dif-
ferences between these models. First, in prototype motheds,
stored exemplars are by construction defined as the aritbhmet
mean in feature space of the training exemplars, while in all

abstraction, our results show that in fact we should onlgatej
the strict notion of abstraction involving category prgfmts.

Prototype vs. linear boundary model§hese two models are
similar in that each has decision boundary(i.e., the iso-
probability density surface where the categorization phility

exemplar models the stored exemplars occupy other losation density equals 8) that is a hyperplane in stimulus parameter
Second, all-exemplar models allow more than one stored exem space (Ashby and Maddox, 1993). The models also have two
plar per category, while prototype models allow only ongare- important diferences. First, for prototype models, the decision
less of the number of training exemplars. boundary must be orthogonal to the vector connecting the two
category prototypes in stimulus parameter space, whilkrfear
boundary models, the decision boundary can have an asbitrar
orientation. Second, consider the iso-probability dersitrfaces
with p # 0.5: for the linear boundary model, these are hyper-
planes parallel to the decision boundary, but for the pymet
model, these are paraboloid surfaces with a curvature that i
creases ap diverges from (. Conceptually, this means that for
the linear boundary model, decision thresholds are the same

This second dference is linked with the question of category ab-
straction: storage of a category prototype implies a mostratt
representation than simple memorization of all trainingnax
plars. This places a higher burden on the learning process s
the system must select tlerrect abstraction, but makes post-
learning categorization more simple, since new exemplave h
only to be compared with the category prototypes. All-exiamp

12



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 spacéewh
for the prototype model, decision thresholds are narroiest
the model is most confident) at the center of feature spaee, ne
the category prototypes. Intuitively, the behavior of thetptype

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

model seems more natural—new objects are categorized morédack of category-level abstraction.

accurately when they are similar to previously seen objebist
our results from Experiment 1 along with others’ resultsy(
Nosofsky, 1991) clearly contradict this intuition.

Again, a more flexible model can help to provide some insight
into this issue. In particular, the RX{ll) and SP1) are like the
prototype model with curved, rather than planar, iso-pbikig
surfaces, but are like the linear boundary model in that taenxm
decision boundary can have an arbitrary orientation. Osulte
from Experiment 2 demonstrate that with these two qualdies-
bined, the RXM1) and SP&1) fit human behavior significantly
better than either the prototype or linear boundary mod#iS (
RXM(1), SPG1) = 173.4, prototype= 189.6, linear boundary
177.3).

All-exemplar vs. linear boundary modeBy extension of the pre-
vious two comparisons, theftkrences between the all-exemplar

RXM vs. SPCComputationally, the RXM and SPC are quite
similar to each other, as well as to several earlier modetsl e
son, 1991; Kruschke, 1992; see also Ashby and Waldron 1999),
in that they each rely on a set of units representing location
feature space, and categorize new inputs based on the aistan
in feature space between the input and the various storésl. uni
The main qualitative dierence is at the decision stage, where
the RXM produces smoothly curved decision boundaries,avhil
the SPC produces piecewise-linear decision boundarids.igh
because in the RXM, the categorization decision is basedion c
tributions from all of the stored units, with weights proponal

to the distance of the stored units from the input, while ia th
SPC, only the nearest stored unit of each category is camside
In this sense, the SPC involves a much stronger nonlinethiaty
the RXM. This sharp nonlinearity may not be strictly imple-
mented in neural circuitry; rather, a biological implenagign

model and the linear boundary model are even more numerousmight have to rely on a “softmax” approximation (Riesenhube

The all-exemplar model allows for curved decision surfabes
the orientation of the surface has limited flexibility. Inntrast,
the linear boundary model allows only flat decision surfabes
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 exasipla

and Poggio, 1999) which would more closely resemble a gtadua
decay of similarity with distance as in the RXM. This questio
remains to be resolved by further neurophysiological study

Despite the computational similarities of the SPC and RXM,
each is derived from previous models whose neurobiological
plications may appear to put the two models at odds. We have

become free parameters of the model, and can be incorporategproposed the RXM as a generalization of prototype models and

into comparisons among models using statistical measuits s
as the Akaike Information Criterion. This allows us to addre
the importance of memory by comparingfdrent 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 soitp|
such as prototype models, are consistently outperformeallby
exemplar models: all-exemplar models allow better fleitibih
matching the shape and orientation of decision surfacdsoteet
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all-exemplar models (i.e., GCM). All-exemplar models, @i
propose one hidden unit for every training exemplar, hayein
ticular carried the implication that observers may rely gplieit
memory of individual visual stimuli, and that the modelsthi
den units correspond to these memory traeeg, (Knowlton,
1999). This stands in contrast to neuropsychological exde
from patients with amnesia who, despite an impairment ingec
nition tasks requiring declarative memory of individualeax
plars, are relatively unimpaired in various tasks requgiriate-



gory learning (Knowlton and Squire, 1993; Squire and Knowjt
1995; Filoteo et al., 2001). For this reason, Ashby and Véaldr
(1999) proposed that the striatal units in the SPC are primar
ily response-associated; that is, the units are primanitplived

in decision, rather than perception. We do not make any elaim
regarding whether the hidden units in the RXM are essetiall
explicit memory traces, particularly since the hidden siaite al-
lowed to occupy points in feature space that were neverttijirec
related to a training exemplar. However, electrophysiaigawi-

level models of categorization can be linked to more dedaile
biological models of vision. A better integration of eaxligion
and object-categorization models—for example, by allovdtg
tentional weights to propagate from the decision stage back
earlier sensory levels—is likely to uncover a more compléte p
ture of the categorization process.

Generalization and learningn the most general terms, catego-
rization is a process with four components: (1) externalirfpi-

dence does suggest that the mechanisms that are shapegl durirsual stimuli), (2) internal input (pre-existing memorieslaneu-

category learning alsoffe@ct perception. Sigala and Logothetis
(2002) showed that, after category learning, inferoteralogu-
rons in the macaque were more sensitive to features thatdirere
agnostic of category membership than to non-diagnostiarfea
(although Ashby and Ell (2001) reviewed studies in whichaexp
sure to visual stimuli that were associated wittn-visualcate-
gories such as godiohd tastes didiot lead to a change in visual
cell response properties). Furthermore, behavioral ddaS)
showed that monkeygerceptionalso shifts as a result of cat-
egory training (Sigala et al., 2002), supporting the idest the
hidden units tuned to specific features in a categorizatiodeh
may not operate solely at the decision stage, but may als@ be d
rectly involved in perception. This is not incompatible kvihe
evidence from amnesic patients; it may be that categooizati
relies on neural representations that are explicit in tmsasef
being discrete and minimally distributed, but do not cdosti
“explicit memory” in the sense of being behaviorally acdeles
for declarative memory. In any case, current psychophlysida
dence alone cannot discriminate whether a model’s mathesthat
constructs correspond to neuronal processes occurrinmpsific
cortical areas such as the striatum, inferotemporal cootesven
prefrontal cortex.

ral state), and (3) a mechanism that combines the inputsoto pr
duce (4) an observable output (categorization behaviogom-
plete theory of categorization should quantitatively diggcan
internal mechanism that can be appropriately tuned by ailegr
process involving exposure to a limited set of training eglars
(e.g, Nosofsky et al., 1992; Ashby and Ell, 2001), and should
describe how dierences in observers’ pre-existing internal states
lead to diferent 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 thféadilty

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-traiimaecha-
nism without dfering a process for learning the tunable parame-
ters of that mechanism. We have inferred the final valuesasfah
parameters by fitting the models to human behavior on a set of
test exemplar§. In other words, by collecting and modeling ob-
servers’ responses to the test exemplars, we have onlyssgdie
the question ofwvhat did observers leatrrather than the more
complex question ofiow did they learn itNevertheless, our de-
scriptive results provide valuable constraints for mormplete

HMAX. We have begun to ground these high-level models of future models of the learning process; after all, a modehotn

categorization more firmly in neurobiology by combiningrthe
with a model (HMAX; Riesenhuber and Poggio, 1999) that en-
capsulates the processes that functionally precede otgeet
gorization in the visual system. Unlike the original caténa-
tion models which receive a high-level feature based detson

of their input, these hybrid models operate directly on abix
based image space representation of the input. Althoughythe
brid models fit relatively poorly when compared with the orig
nal models, their absolute performance is encouragingb&ke
fitting HMAX-SPC(3) model was able to account for nearly 86%
of the variance seen in subjects’ responses. If anythingresu
sults underestimate the capabilities of a hybrid modetesine
used only the first 4 of 576 principal component vectors of the
raw HMAX output, sacrificings 20% of the available variance.
This performance was achieved using straightforward botip
processing of the input images, with no task-specific trajror
context-specific top-down modulation of the early visioags.
Yet, such top-down féects are certainly involved in the perfor-
mance of human subjects, and the original high-level fesatare
indeed a close approximation of subjects’ internal reprieegmns
as shown by MDS experiments. It thus appears that curreht hig
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successfully describe the learning process without alsoess-
fully describing the outcome of that process.

An open question is to what extent these computational limsjg
based on psychophysical experiments using simple, faitfe
stimuli, carry over to the identification and categorizatid com-
plex objects in natural scenes. One challenge is to trantfa
analysis of the computational principles underlying objate-
gorization into a mature understanding of how neurons albag
ventral visual pathway can implement such operations (&iga

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 vainedr

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 o
being potentially ambiguous, so that observers’ test-set performance
would place strong constraints on the models being fitted.



and Logothetis, 2002; Op de Beeck et al., 2001).
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