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Toward a theory of variability discrimination: finding differences
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Abstract

We sketch the outlines of a theory of variability discrimination that aggregates localized differences to mediate variability
discrimination. This Finding Differences Model was compared to a Positional Entropy Model across four different data sets.
Although the two models provide strong and similar fits across three of the data sets, only the Finding Differences Model is
applicable to investigations involving multidimensional variability. Furthermore, the Finding Differences Model is based on an
activation map that has been shown to have utility for visual search tasks, thus establishing its generality across task domains.
© 2003 Elsevier Science B.V. All rights reserved.
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1. Introduction

People judge variety in a range of everyday tasks.
We judge the variety of products on a store shelf,
racial diversity in our work environment, and restau-
rant fare in our community. Psychologists have doc-
umented that people have preferences for certain
levels of variety (Berlyne, 1960; Munsinger, 1966;
Munsinger and Kessen, 1966) and marketing re-
searchers have reported that perceived variety has
a strong effect on decisions of where to shop (e.g.
Baumol and Ide, 1956; Broniarczyk et al., 1998; Hoch
et al., 1999). Despite the everyday relevance of vari-
ability discrimination, only recently have researchers
begun to examine whether non-human animals can
judge variety and how they might do so.

Young, Wasserman, and co-workers have exten-
sively studied variability discrimination in pigeons,
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baboons, and people (e.g.Wasserman et al., 1995,
2000, 2001; Young and Wasserman, 1997, 2001,
2002; Young et al., 1997b). All three species respond
discriminatively to stimuli involving different degrees
of variability. Fig. 1 shows two examples of typical
displays used in that research. These displays ex-
hibit the minimal and maximal degrees of variability
possible in collections of 16 items. Not only do all
three species respond differently to these two end-
points of the variability dimension, but they respond
systematically to intermediate values as well.

Young and Wasserman (1997)found that the infor-
mation theoretic measure of categorical variability,
entropy, nicely captures the functional relationship
between stimulus variability and discriminative re-
sponding. To quantify entropy,Shannon and Weaver
(1949)used the following equation:

H(A) = −
∑

a∈A

pa log2 pa (1)

whereH(A) is the entropy of categorical variableA, a
is a category ofA, andpa is the proportion of observed
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Fig. 1. Examples of the 16-icon arrays used during training in many of the studies by Young, Wasserman, and co-workers. These arrays
consisted of 16 icons chosen from a set of 24 to create Same and Different arrays with these 16 icons randomly located in a 5× 5 grid.

Fig. 2. Examples of the Organized displays (identical items clustered together) and Disorganized displays (identical items widely distributed)
used inWasserman et al. (2000). These arrays involved eight identical items and eight different items.

values within that category. When a display has 16
identical icons, there is only one category (the single
icon) with a probability of occurrence of 1.0. Because
log2(1.0) = 0.0, the entropy of a same display is
0.0. A different display consists of one occurrence of
each of 16 icons (i.e. 16 shape categories), yielding
an entropy of−0.0625× log2(0.0625) × 16, or 4.0.
Displays with intermediate degrees of variability have
intermediate levels of entropy.

Although entropy has provided an excellent initial
fit of the pigeons’ discriminative performance, the
modulating effect of item location was documented in
a later study involving a positional variant of entropy

(Wasserman et al., 2000). When identical items were
clustered together (left side ofFig. 2), pigeons were
slightly more likely to choose the “same” key than
when identical items were more widely distributed
(right side ofFig. 2).1 Wasserman et al. (2000)pro-
vided a measure of positional entropy in which indi-
vidual entropy scores were calculated for all possible
contiguous subsets (e.g. all nine possible groups of
contiguous items in a 2× 2 arrangement) and subse-
quently averaged. This positional variant of entropy

1 We conducted an analogous study involving humans and found
very similar resultsYoung and Ellefson (2002).
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Fig. 3. Examples of the Same and Different displays used inYoung et al. (2002a). These arrays involved up to 16 possible items created
from all possible combinations of two levels of brightness, size, orientation, and shape (2× 2 × 2 × 2 = 16).

accounted for the effect of the organization of same
and different items in mixtures like those shown in
Fig. 2.

In even more recent work, Young and co-workers
have documented that the degree of difference is im-
portant to performance, not just whether two items
are identical or non-identical. In nearly every pub-
lished study to date, the multiple-stimulus displays
have involved variability in shape—brightness and
approximate size have been constant. Two new studies
involving pigeons (Young et al., 2002a) and hu-
mans (Young and Ellefson, 2002) used displays like
those shown inFig. 3, in which the items varied in
shape, brightness, size, and orientation. After receiv-
ing training requiring discriminative responding to
same and different arrays, participants were tested
with four different types of displays in which each
of the four dimensions was held constant (e.g. a
brightness-constant array involved 16 white stim-
uli which varied in size, shape, and orientation or
16 black stimuli which varied in size, shape, and
orientation). The salience of the dimension impor-
tantly determined the response profile of the subjects.
When brightness was held constant (apparently a
very salient dimension in our task), the proportion of
“same” responses increased dramatically, but when
orientation was held constant (apparently a much
less salient dimension), responding was largely un-
affected.Young and Ellefson (in press)also reported
independent control of variability in shape and color

using chromatic versions of the icons shown in
Fig. 1.

The effects of judged similarity produce further
problems for the original entropy account. Entropy, as
calculated byEq. (1), requires that items are either in
the same category or not—there is no room for de-
gree of category membership. To account for these
new data from an entropy perspective, a measure of
multidimensional entropy would be required.

2. Toward a new theoretical account:
finding differences

Although we could continue to search for extensions
of entropy (e.g. posit a multidimensional, positional
entropy), we opted to approach the problem from a dif-
ferent perspective. Perhaps variability discrimination
leverages stimulus information that has proven to be
useful in performing other tasks. Rather than propos-
ing an altogether new mechanism that is specifically
dedicated to detecting variability, we considered the
possibility that a re-description of the stimulus that
has been used in the service of a much more common
task, visual search, might provide the basis for vari-
ability discrimination.

In a typical visual search task, a rich array of items
is presented: one of which is the target of the search
and the rest of which are distractors. For example,
the participant might receive instructions to find a T
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among Ls or a red X among red Os and blue Xs (e.g.
Treisman and Gelade, 1980). The similarity of the tar-
get to the distractors has an important effect on the
efficiency of the search: the more similar the target is
to the distractors, the harder it is to find (Duncan and
Humphreys, 1989).

Wolfe (1994)proposed that each item in the array
is “active” to various degrees; an item’s level of ac-
tivation establishes the degree to which it stands out
from its neighbors thus determining the difficulty of
finding it during a search task. In his model, Guided
Search 2.0 (GS2), each item receives two sources of
activation: bottom-up and top-down. Bottom-up ac-
tivation is produced by the array items themselves;
those items that are different from their neighbors
will be more active (i.e. stand out). Top-down activa-
tion is produced by expectations usually induced by
task demands or instructions. For example, if an ob-
server is reinforced for finding red items or is told
to search for a red item, then color will receive extra
attention; greater attention to color (a top-down in-
fluence) will make bottom-up color differences more
salient.

In GS2 (Wolfe, 1994), the bottom-up sources of
activation are captured in an activation map. This
map includes an activation score for each item in the
display. Those items that differ from their neighbors
receive greater activation than those that are similar
to their neighbors. This re-description of the original
display thus captureslocal differences. For a visual
search task, the location of salient differences helps to
direct attention to those items that stand out from the
background.

In our examination of this theory, we noted that the
average activation in GS2’s activation map provides
a plausible index of the degree of variability in the
array. If the map contains many highly active items,
then the display must comprise many items that are
different from their neighbors (i.e. it involves high
variability). If the map contains few active items, then
the display must comprise items that are very sim-
ilar to one another (i.e. it involves low variability).
We were attracted to the parsimony of using Wolfe’s
activation map for both visual search (in which the
locations of differences are important) and variabil-
ity discrimination (in which only the average level
of activation is important). No additional “entropy
detection” mechanism need be posited.

This approach has three other potential benefits as a
theoretical account of performance in our tasks. First,
Wolfe’s activation map computes activation based on
local differences thus providing a possible account of
the effect of organization on variability discrimina-
tion (seeFig. 2). Second, the similarity of an item to
its neighbors is computed in producing the map, thus
providing a mechanism for the degree of similarity to
affect discrimination performance (seeFig. 3). Third,
the role of top-down processes in GS2 allows the mod-
eling of differential dimensional salience produced by
perceptual or task demands (e.g. if participants were
reinforced for responding to color variability but not
to shape variability, then differences in color should
be emphasized, thereby producing the greatest acti-
vation for those items that differ in color from their
neighbors,Young and Ellefson, in press).

Given the promise of GS2’s activation map as a ba-
sis for variability discrimination, we are developing a
new model that can capture these functional relation-
ships (Young et al., 2002b). Here, we explore whether
the model can account for variability discrimination
performance in the pigeon and compare thisFinding
Differences Model to thePositional Entropy Model re-
ported byWasserman et al. (2000).

2.1. Finding Differences Model

The activation maps used in our simulations were
either 4× 4 or 5× 5 matrices, each value of which
represented the activation (i.e. “differentness”) of a
particular item in the original display. We are not
proposing that such an array actually exists in the
head of the observer; the activation map merely rep-
resents a computational re-description of the display
that provides significant utility in our model of the
functional relationships between the properties of the
stimulus and the behavior of the observer.

The activation of an item is a function of two fac-
tors: (a) the degree of difference between it and each
of its neighbors and (b) the distance between it and
each of its neighbors. Rather than define an item’s
neighborhood as only those items that are adjacent to
or within some pre-specified distance, we scaled the
degree of difference between items as a function of
their Euclidean distance on the screen. The computa-
tional details and other aspects of the complete model
can be found inYoung et al. (2002b).
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To measure the degree of difference between items,
we relied onShepard’s (1964)Minkowski metric. We
adopted the city-block version, because our items were
composed of separable dimensions (Shepard, 1991).
For our tasks, the difference between stimuli was thus
the sum of their feature differences. In the simulations,
we assumed that differences in size, brightness, shape,
or orientation each produced a difference score of 1.0.
For example, when comparing a large, black square
with a vertical bar to a small, black circle with a verti-
cal bar (seeFig. 3 for examples), the resulting differ-
ence score,d, is 2.0. These two stimuli thus would be
judged to be more similar than the same large, black
square with a vertical bar is to a small, white circle
with a horizontal bar (difference score,d, of 4.0). The
model allows for degrees of difference within each di-
mension (a white circle would be more similar to a
gray circle than to a black circle), but we have yet to
examine this issue empirically or theoretically.

To incorporate differences in salience among the
dimensions (due to bottom-up or top-down influ-
ences), each dimension’s influence on similarity was
scaled as a function of its salience by simply differen-
tially weighting any computed feature differences in
the Minkowski metric (e.g. differences in orientation
would have less of an impact on the computation of
stimuli differences than would differences in bright-
ness). Differences in salience may be due to prior

Fig. 4. An example array (8D/8S designates a display with 8 different items and 8 same items) and its corresponding activation map in
which white designates high activation, black designates low activation, and shades of gray designate intermediate levels of activation.

reinforcement contingencies, the perceptual abilities
of the observer, or the instructions provided to the
observer (in human studies).

These difference scores are aggregated for an item
and scaled by the Euclidean distance between the item
and its neighbors to produce an activation score for
each item in the display. We used Euclidean distance
to reduce the effect of any differences as the distance
between items increased. Although we modeled this
relationship as exponential, we have not systematically
explored whether other functions might better cap-
ture the true relationship between distance and judged
differentness.

After the original display was re-described as an
activation map (seeFig. 4 for an example stimulus
array and its corresponding activation map), we sim-
ply averaged across the activation values in the map
to produce an aggregate measure of the differences
that were present in the array,ā. This measure could
then be mapped to a response through the reinforce-
ment contingencies of the task. Rather than modeling
this learning process, we represented the end-state of
learning a two-alternative forced choice task as a sig-
moidal relationship:

P(R = different) = (1 + e−m(ā+b))−1 (2)

in which m and b are free parameters that de-
termine the sharpness of the gradient and the
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location of the psychological midpoint of the scale,
respectively.

2.2. Fitting the data

In comparing two models, it is important to con-
sider two factors: the fit of the model to the data and
the parsimony of the model (Myung, 2000; Pitt et al.,
2002). The basic entropy formula contains no free
parameters, a remarkably parsimonious model. How-
ever, in order to fit data showing an effect of spatial
organization (Wasserman et al., 2000), a “window of
attention” was introduced with two free parameters,
the height and width of the window, to produce the
Positional Entropy Model. The Finding Differences
Model captures the effect of localized differences
through the use of a single parameter,c, that scales
the influence of distance on similarity (Young et al.,
2002a,b). The model also includes a set of additional
free parameters for the salience of each dimension.
Salience is only relevant for the experiments involv-
ing multiple dimensions of variability and therefore is
not used (i.e. it is held constant) for most of our sim-
ulations. A new, multidimensional entropy formula
would be necessary, however, for experiments in-
volving multiple dimensions of variability and hence
would require its own set of unspecified parameters.

Finally, Eq. (2) represents the mapping of the ex-
tracted variability to an actual response. It involves
two parameters:m andb. In our prior fits of entropy
to data, two parameters have also been necessary, the
slope andintercept of a regression equation.

In sum, any observed advantage of the Finding
Differences Model over the Entropy Model cannot be
due to its possessing more degrees of freedom. In-
deed, the Positional Entropy variation ofWasserman
et al. (2000)has a free parameter not found in the
new model. In this initial examination of the rel-
ative utility of the Positional Entropy and Finding
Differences Models, we will focus our attention on
fitting the models to a series of data sets obtained
in studies of variability discrimination by pigeons.
Although researchers have found species differences
(e.g.Wasserman et al., 2001; Young and Wasserman,
2002), an exploration of these differences will not be
considered here.

Four results will be examined: (a) as display vari-
ability increases, pigeons are more likely to choose the

“different” key (Young and Wasserman, 1997, 2002),
(b) when identical items are clustered together, pi-
geons report the display to be less variable than when
the items are spread out (Wasserman et al., 2000),
(c) discriminative performance decreases as the num-
ber of items decreases, but only for Different displays
(Young et al., 1997b), and (d) when the display com-
prises multidimensional items of the sort shown in
Fig. 3, as the items are made more similar (e.g. by
holding brightness constant), pigeons are more likely
to judge the display as “same” (Young et al., 2002a).

Because the spatial organization effects of
Wasserman et al. (2000)represent the only published
data requiring the Positional Entropy Model to ac-
count for the results, we first ran simulations of that
study to determine the optimalc value (representing
the effect of spatial distance). Wasserman et al. re-
ported data showing that a 2× 3 attentional window
provided the best fit for the Positional Entropy Model.
Subsequent simulations used these optimal values to
fit data from the other studies; we did not assume that
the effect of distance varied across studies.

2.2.1. Spatial organization
The first set of simulations involved a systematic

exploration of the optimal value ofc that is necessary
to fit the data from Experiment 2 ofWasserman et al.
(2000). To remove individual biases toward choosing
one or the other report key, the pigeon data were stan-
dardized so that the Same arrays were given a score
of 0 and the Different arrays a score of 1. These ar-
rays were not used in finding the optimalc, m, andb
values, but they were included in assessing the fit of
each model.

We ran a series of simulations across a range ofc
values from 0.2 to 1.0 in steps of 0.1, optimizing the
m andb parameters ofEq. (2)using gradient descent
for each run.2 Smallerc values indicate little effect
of spatial distance, whereas largerc values indicate

2 Our software would not converge when we tried to use gradient
descent to simultaneously find the optimal values forc, m, andb.
Given that the fits were least sensitive to changes inc, we opted
for the approach described here. For the other data sets, smaller
c values sometimes produced better fits, whereas largerc values
(especially greater than 1.0) invariably produced poor fits. It is
possible that the effect of distance changes when the items are
placed in 5× 5 arrays rather than in the 4× 4 arrays used by
Wasserman et al. (2000).
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Fig. 5. The effect of spatial distance on similarity whenc is 0.65.
For an icon located in the center of this figure, the effect of a
difference between it and a distant icon decreases as the distance
between the icons increases. Distance was measured based on
row and column position. Thus, adjacent items in the same row
or column are 1.0 unit apart, and diagonally adjacent items are
1.4 units apart. The greatest possible distance in our 5× 5 arrays
was between items at opposite corners, 5.7 units. We used positive
and negative distance values in the figure to designate left/right
and above/below.

greater effects of spatial distance. The optimal value
for c was 0.65;Fig. 5 illustrates the effect of spatial
distance for this value.

Both the Positional Entropy and Finding Differ-
ences Models provided excellent fits of the data,
R2 = 0.99 and 0.98, respectively. Each captured the
overall effect of clustering the identical items together
(Organized displays); these displays were rated as
more “same” than those displays in which the same
collection of items involved no clustering (Disorga-

Fig. 6. The simulation results for the Organization study. ThemS/nS andmD/nS notation indicates the type of mixture (seeWasserman
et al., 2000, for details). The plots show the best fitting Positional Entropy and Finding Differences Models (solid symbols connected by
lines) and the actual outcome from Wasserman et al (open symbols). The optimalm and b parameters for the models were−1.18 and
2.47, and 0.123 and 23.51, respectively.

nized displays, seeFig. 6). Although small details
of the pigeon data were not fully captured by either
model, the overall fits were very good.

2.2.2. Sensitivity to mixtures
The original study finding an effect of item mix-

ture involved a number of different types of icon mix-
tures across three different experiments (Young and
Wasserman, 1997). A more recent study involved 11
different mixtures that spanned an even larger entropy
range than the original study within a single experi-
ment (Young and Wasserman, 2002). We used the data
from the more recent study to test the generality of the
models. As before, the pigeon data were standardized
so that the Same arrays were given a score of 0 and
the Different arrays a score of 1. These arrays were
not used in finding the optimalm, andb values, but
they were included in assessing the fit of each model
(i.e. as an extrapolation test).

The displays were 5× 5 arrays in which 9 of the
25 locations were empty (and thus were not involved
in the calculations except by altering the distance
between items). Additionally, because the location
of the items within these arrays was randomized in
the Young and Wasserman (2002)study, we used
10 different randomizations of each type of mixture
(a total of 110 arrays) to choose the optimalm and
b parameter values. A different 10 randomizations
of each type of mixture were later used to produce
predictions from each model using these optimal
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Fig. 7. The simulation results for the Mixtures study. TheX-axis labels indicate the type of mixture sorted by their variability as judged
by the pigeons (seeYoung and Wasserman, 2002, for details). The plots show the best fitting Positional Entropy and Finding Differences
Models (solid symbols connected by lines) and the actual outcome fromYoung and Wasserman (2002)(open symbols). The optimalm
and b parameters for the models were−0.79 and 2.78, and 0.071 and 62.46, respectively.

parameter values. These predicted scores were av-
eraged to produce a single predicted score for each
mixture.

Both Positional Entropy and Finding Differences
Models again provided excellent fits of the data,
R2 = 0.97 and 0.98, respectively, notably higher
than the fit provided by the non-positional entropy of
the arrays,R2 = 0.92; each of the two focus mod-
els captured the overall effect of increasing stimulus
variability (Fig. 7). These fits were very strong given
that the value ofc and the window size was found
using a different set of data.

2.2.3. Number
The next set of simulations involved fitting the data

from Experiment 1 ofYoung et al. (1997b)which
investigated the effects of varying the number of items
on Same and Different trials. We did not standardize
the scores using the 16-icon Same and Different arrays
because no key bias was apparent. Given the small
numbers of data points for each display type (2, 4,
8, 12, and 16 icons for Same and Different displays),
we opted for the additional point along each function.
The simulation procedure was otherwise identical to
that used for the mixture simulations, becauseYoung
et al. (1997b)also used 5×5 arrays in which the icons
were randomly placed.

Both Positional Entropy and Finding Differences
Models provided excellent fits of the data,R2 = 0.97
and 0.94, respectively, again higher than the fit pro-
vided by the non-positional entropy of the arrays,

R2 = 0.91; each of the two focus models captured
the overall asymmetry of the effect of item number on
Same and Different arrays (Fig. 8), although each of
the models had problems making accurate predictions
for the 8-icon Different displays. These fits again were
very strong given that the value ofc and the window
size was found using a different set of data.

2.2.4. Relative similarity (four-dimensional studies)
In a recent pair of experiments,Young et al. (2002a)

trained pigeons to discriminate the variability of dis-
plays like those shown inFig. 3. When each of the
dimensions was held constant during a generaliza-
tion test, the pigeons responded as a function of the
constant dimension. When brightness was constant,
subjects were much more likely to choose the “same”
key than when it varied; when size was constant, they
were slightly more likely to choose the “same” key
than when it varied; and, when shape or orientation
was held constant, their behavior was largely unaf-
fected. Thus, their behavior was primarily controlled
by differences in brightness with little effect of the
other dimensions. These results are problematic for
the original entropy account, because the entropy for
all of the displays involving a constant dimension is
3.0. The Positional Entropy Model falls prey to the
same problem, because entropy is based on identity
versus non-identity—there is no room for degrees of
similarity.

We applied only the Finding Differences Model to
the data ofYoung et al. (2002a), because we have been
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Fig. 8. The simulation results for the Number study. The plots show the best fitting Positional Entropy and Finding Differences Models
(solid symbols connected by lines) and the actual outcome fromYoung et al. (1997b)(open symbols). The optimalm and b parameters
for the models were−0.49 and 5.00, and 0.070 and 80.82, respectively.

unsuccessful in identifying a multidimensional ana-
logue of entropy that allows for differential salience
of the requisite dimensions. These simulations used
salience parameters of the model to incorporate dimen-
sion differences. Each item in an array was coded as a
vector of 0 s and 1 s, with 0 assigned to one of the val-
ues of the dimension (e.g. large) and 1 assigned to the
other (e.g. small). For example, if a large, black square
with a vertical bar was represented as{0, 0, 0, 0}, then
a small, white circle with a vertical bar was repre-
sented as{1, 1, 1, 0}. Given the small numbers of data
points and the possible problem with overfitting, we
did not attempt to find the optimal salience values,
but instead estimated them by using the empirically
derived Cohen’sd effect sizes from Experiment 1 of
Young et al. (2002a): 1.53, 0.10, 0.06, and 0.01, for
brightness, size, orientation, and shape, respectively.
The procedure was otherwise identical to that used in
the mixture and number simulations.

The Finding Differences Model provided an ex-
cellent fit of the data,R2 = 0.997; but, interpreting
this high correlation must be qualified because only
very low and very high response probabilities were
observed, possibly inflating the calculated correlation
(Fig. 9). Be that as it may, the simulations clearly
indicated that the model can capture the qualitative
relationship between similarity—as mediated by dif-
ferential dimensional salience—and discriminative
performance on a variability task.

2.2.5. Summary
For three of the four data sets, both focal mod-

els performed very similarly, accounting for most
of the variance in mean discriminative perfor-
mance. The effect of spatial distance established

Fig. 9. The simulation results for the Similarity study. TheX-axis
indicates both the Same and Different arrays and the arrays in
which one of the dimensions was held constant. The plots show the
best fitting Finding Differences Model (solid symbols connected
by lines) and the actual outcome fromYoung et al. (2002a)(open
symbols). The optimalm and b parameters for the model were
0.141 and 17.50, respectively.
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in the first set of simulations also generalized well
to very different testing situations. We did ob-
serve variations in the best fittingm and b param-
eters across data sets; but, these differences may
merely reflect variations across studies in the overall
level of discriminative performance achieved before
testing.

The only clear difference between the predictive
power of the models was found in fitting the Similar-
ity data set. Only the Finding Differences Model could
incorporate the effects of degree of similarity and the
differential salience of each dimension. Thus, the new
model (with one less parameter) provides fits that are
generally as good as those provided by the Positional
Entropy Model and offers something more—the abil-
ity to fit a new data set that was problematic for the
original model.

3. Generality of the model

The Finding Differences Model better captures
the stimulus features that control behavior in our
task—the number and degree of localized differ-
ences in a collection of items. But, does this finding
generalize across species? Perhaps pigeons respond
to aggregated local differences, but baboons and
humans respond to positional entropy or to some
other property of these collections. Or, perhaps pi-
geons, baboons, and humans differ quantitatively,
but not qualitatively, in their performance on these
tasks. Work underway will help us to answer those
questions.

In a related task, Cook and co-workers have exam-
ined the pigeon’s ability to discriminate displays that
contain odd items or odd areas from displays that do
not (e.g.Cook et al., 1995; Cook et al., 1997). Their
pigeons must identify the location of differences. The
activation map that underlies our Finding Differences
Model may provide exactly the information that a
pigeon needs to solve this task. Although pigeons in
our variability discrimination tasks can ignore the lo-
cation of differences, pigeons in the oddity detection
tasks may need to leverage the location information
that is present in the activation maps. The potential
power of the Finding Differences Model to identify
the stimulus properties that control behavior in vari-
ability discrimination, oddity detection, and visual

search tasks presents a possibility for parsimony that
cannot be overlooked. The current model might also
be extended to address the effects of temporal dis-
tance (reported inYoung et al., 1997a, 1999) as an
analog to spatial distance.

4. Final thoughts

Ours is not the first model that has tried to account
for the effects of mixture, organization, and similarity
in a variability discrimination task.Hoch et al. (1999)
examined people’s judgments of product variety on
store shelves and offered a model that bears a family
resemblance to the Finding Differences Model. Their
approach was quite different from ours, preferring a
model with many more free parameters to empirically
determine, (a) the shape of the generalization function,
(b) the class of functions that might model the effect
of spatial distance, and (c) the utility of assuming uni-
form or varied saliences across dimensions. Given the
limited data from their single study, they could only
make broad conclusions concerning these functional
relationships. Our preference was to make many of
our modeling decisions based on data from other cog-
nitive tasks, thus opting for a city-block distance met-
ric, exponential effects of spatial distance, and varied
dimensional salience. Be that as it may, Hoch et al.’s
results and the success of their model provide a com-
fortable validation of our own conclusion: namely,
that variability discrimination is all about finding
differences.

It may be highly adaptive for organisms to find dif-
ferences, whether in the service of a visual search
task (e.g. finding the tiger in the grass) or a variabil-
ity discrimination task (e.g. identifying which flock
has the greater variety in potential mates). Further-
more, we effortlessly find differences when we shop
(assessing product variety), look at an audience (as-
sessing racial or age diversity), and visit an art mu-
seum (assessing the represented variations in styles,
artists, and exhibits). Understanding this discrimina-
tion process will undoubtedly affect how marketers
and museum curators organize their wares in order
to manipulate our perceptions. Given that “variety is
the very spice of life,” perhaps such efforts are in
our own best interests, even if some of the variety is
illusory.
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