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3. Selective Attention along Arbitrary Axes1 

 
Selective attention, the ability to emphasize the relevant properties of an object and de-
emphasize the irrelevant ones, is a central process in psychological models of category 
learning. The properties that can be attended to, or psychological dimensions as they are 
known in the field, are commonly assumed to remain unchanged through the course of a 
categorization task. In this article we show that, under certain conditions, new dimensions may 
emerge during learning by collapsing existing psychological dimensions. We analyzed three 
previously published data sets, each containing multiple categorization tasks. Stimuli where 
Munsell colors varying along the dimensions of brightness and saturation. We found that, in 
some cases, subjects attended to axes in the psychological space that did not coincide with the 
psychological dimensions, i.e. they had formed new psychological dimensions. This was the 
case for diagonal tasks in which the category boundary is oblique with respect to the 
psychological dimensions. Unexpectedly, this was also the case for some dimensional tasks in 
which the category boundary is perpendicular to one of the psychological dimensions. 

The ability to adequately assign stimuli to categories is, no doubt, one of the most relevant 
tasks an organism has to master in order to survive. For a mushroom hunter, distinguishing 
between poisonous and edible mushrooms is one such a task. Beginners in the field should 
avoid anything that resembles an amanita (parasol-shaped mushrooms with white gills). 
Amanitas may be among the most beautiful mushrooms of all, but they can be fatal. A small 
cap of a Destroying Angel (amanita virosa) can kill a man. Little Brown mushrooms (small to 
medium sized mushrooms with a brownish color) are another sort that beginners are advised 
to avoid. Many little brown mushrooms are edible, some mildly poisonous and 
hallucinogenic, but a few are poisonous. The Galerinas, for instance, contain the same toxic 
found in the amanitas and are equally deadly. Distinguishing between edible and poisonous 
Little Browns is not easy, requiring some experience. To stay away from undesired 
experiences, the beginning mushroom hunter relies on his ability to attend to visual properties 
of the mushrooms. The relevance of each of these properties varies per sort. Whereas the 
color of the gill is important to identify an amanita, it is the color of the entire mushroom 
body that is relevant to identify a Little Brown. This ability to selectively attend to different 
properties under different contexts is a fundamental construct in categorization and is, 
therefore, to be found in multiple models of category learning (Erickson & Kruschke, 1998; 
Kruschke, 1992; Love, Medin, & Gureckis, 2004; Nosofsky, 1986).  

After years of experience, the mushroom hunter will be able to categorize more 
precisely specimens of a large range of species. This skill is certainly a consequence of his 
immense knowledge base of thousands of specimens, but probably also the result of his 
ability to pinpoint subtle perceptual and conceptual properties that escape novices. In other 
words, he might have a wider range of perceptual and conceptual properties to which he can 
attend to as a result of his experience. Evidence from developmental psychology (Kemler & 
Smith, 1978; Shepp, Burns, & McDonough, 1980; Smith, 1989a, 1989b; Smith & Evans, 
1989; Smith, Gasser, & Sandhofer, 1997; Smith & Kemler, 1978), expert performance (Burns 
& Shepp, 1988; Foard & Kemler, 1984; Melcher & Schooler, 1996), and categorical 
perception (Beale & Keil, 1995, 1996; Goldstone, 1994; Levin & Beale, 2000; Livinston, 

                                                 
1 This chapter has been published as: Rodrigues, P. M., & Murre, J. M. J. (2007). Selective attention along 
arbitrary axes. European Journal of Cognitive Psychology, 19, 769-788. 
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Andrews, & Harnad, 1998; Pisoni, Aslin, Perey, & Hennessy, 1982; Repp & Liberman, 1987) 
argue in favor of this possibility. Cognition does not only rely on perception, but it also can 
change it. Recently, some researchers have argued that this effect of cognition on perception 
may take place at even smaller time scales (Goldstone, 1994; Goldstone, Lippa, & Shiffrin, 
2001; Goldstone & Steyvers, 2001; Kersten, Goldstone, & Schaffert, 1998; Schyns, 
Goldstone, & Thibaut, 1998; Schyns & Murphy, 1994; Schyns & Rodet, 1997). After a single 
training session, lasting no longer than 1 hour, subjects already show signs of perceptual 
representation changes. Here, we extend this work by presenting some new results and a new 
approach to the study of perceptual representation changes as a result of category learning.  

In studies of category learning, the perceptual representation of stimuli may be 
assessed by a similarity judgment task, a discrimination task, or an identification task. 
Independently of the task used, a set of pair-wise dissimilarities is obtained. These are 
converted to a spatial representation with the help of a multi-dimensional scaling approach 
(Luce, 1963; Nosofsky, 1986, 1987, 1989; Shepard, 1957). The result is a multi-dimensional 
space, named the psychological space, where each stimulus is represented by a single point 
and the distances between points are in ordinal correspondence with the observed 
dissimilarities between the corresponding stimuli. The main axes of this space are the 
psychological dimensions, i.e. the psychological properties of the stimuli to which subjects 
can attend to.  

Studies on the influence of category learning on perceptual representations have 
revealed distinct sorts of changes to the psychological space. In some cases, points 
representing stimuli of opposite categories become more distant from each other (acquired 
distinctiveness; Gibson, 1969; Goldstone, 1994; Lawrence, 1949). In other cases, points 
representing members of the same category get closer to each other (acquired equivalence; 
Gibson, 1969; Goldstone, 1994; Haider & Frensch, 1996; Honey & Hall, 1989; Livingston et 
al., 1998; Lubow & Kaplan, 1997; Pearce, 1987). In a recent proposal, Goldstone and 
Steyvers (2001) point to a more radical transformation: the emergence of new psychological 
dimensions. Stimuli do not change their positions within the psychological space, but instead 
their encoding is enlarged with new properties.  

In their Experiment 3, Goldstone and Steyvers (2001) had subjects classify a set of 
faces into one of two categories. The stimuli varied along two parametrical dimensions, each 
a sequence of faces obtained by morphing one arbitrarily chosen face into another by 
different amounts. The stimuli were generated by combining one face of dimension A with 
one face of dimension B in equal proportion. To prevent subjects from recognizing the 
dimensional structure of the stimuli, these were arranged circularly in the parametrical space. 
In a first task, the stimuli were divided into two groups by a linear category boundary with an 
arbitrary orientation in the parametrical space. This could be either perpendicular to 
dimension A, perpendicular to dimension B, or oblique to both. Subjects had to classify 
stimuli on the same side of the category boundary into the same category. When a category 
boundary is perpendicular to dimension A, stimuli can be classified exclusively in terms of 
their dimension A trait. It is expected that subjects attend mostly to dimension A—the 
relevant dimension—and ignore dimension B. When the category boundary is perpendicular 
to dimension B, the opposite distribution of attention is expected: subjects will attend to 
dimension B and ignore dimension A. Finally, when the category boundary is oblique to both 
dimensions, it is not beneficial to attend to any of the parametrical dimensions in isolation. 
Instead, it would be advantageous to attend to the dimension perpendicular to the category 
boundary and ignore the dimension perpendicular to it.  
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Before subjects can attend to one dimension, they have to be able to single it out, even 
if only unconsciously. To test whether subjects were able to do this independently of the 
orientation of the category boundary, a second task followed. The stimuli were exactly the 
same, but the category boundary was rotated clockwise by either 90° or 45°. Under the 90° 
rotation, the category boundary becomes perpendicular to the first one and the dimension that 
was first relevant becomes irrelevant, and vice-versa. If subjects were able to single out the 
relevant and irrelevant dimensions during the first task, they would only need to switch 
attention between these two in the second task. The same does not hold for the 45° condition. 
The relevant and irrelevant dimensions of the initial task are of no use in here. Subjects need 
to either form a new set of suitable dimensions or solve the task by memorizing the correct 
label for each face. This should take longer than switching attention between dimensions. The 
results revealed an advantage of the 90° condition over the 45° one. Subjects had isolated the 
relevant and irrelevant dimensions during the first task and used these to solve the second 
one. This was the case even when the relevant and irrelevant dimensions do not coincide with 
the parametrical dimensions. In other words, the subjects were not constrained to single out 
the parametrical dimensions. Instead, they had formed new a dimension as a function of the 
category structure. We will name this ability to single out and attend to dimensions as a 
function of the category structure the selective attention along arbitrary axes hypothesis.  

Goldstone and Steyvers (2001) replicated Experiment 3 with Munsell colors varying 
along the psychological dimensions of saturation and brightness, and obtained identical 
results. The replication of confounds under different stimuli is a first step to the generality of 
their proposal. Ideally, one would like to verify this hypothesis under new tasks. 
Simultaneously, it would also be desirable to complement a theoretical level analysis of the 
empirical results, as Goldstone and Steyvers (2001) did, with a computational level one. 
Theoretical level analysis is based on verbal argumentation and is prone to eventually 
overlook small but influential details. A computer level analysis relies on a full mathematical 
formulation of the underlying theory. All details need to be specified. Reaching the same 
conclusions under such an approach would be an important contribution for the validity of the 
hypothesis in study. 

In the present article, we re-analyze three previously published data sets while 
addressing the selective attention along arbitrary axes hypothesis. We use a model- based 
approach by which the hypothesis can be quantitatively established. In the next section, we 
introduce the models used in our analysis. Then, we evaluate the selective attention along 
arbitrary axes hypothesis for each of the data sets. Finally, we test whether subjects learn to 
attend to arbitrary axes so as to optimize performance. 

Models 

The models presented in this section were originally defined to cope with categorization tasks 
where stimuli are defined along multiple dimensions and belong to more than two categories. 
Nevertheless, it has been common to use categorization tasks involving only two-dimensional 
stimuli and two categories to study human category learning. This is the case for all the 
categorization tasks that we consider here. Therefore, and for the sake of simplicity, we 
present constrained versions of each of the models, bearing in mind that they have more 
general counterparts. 
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The Generalized Context Model  

The Generalized Context Model (GCM) was introduced by Nosofsky (1986) as a 
generalization of the context model by Medin and Schaffer (1978) for tasks in which stimuli 
vary along continuous dimensions. The GCM is an exemplar model of category learning. It 
assumes that subjects store all exemplars of all categories previously experienced in memory. 
Stimuli are classified in terms of their similarity to the stored exemplars. More specifically, 
the probability of classifying a stimulus i into category A is given by: 
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where b (0 � b � 1) represents the general bias to respond category A, independently of the 
stimulus presented, and  (�sia) and (�sib) denote the summed similarity of stimulus i to the 
exemplars of category A and B, respectively. Exemplars are represented as points in a 
psychological space. The dimensions of this space stand for properties of the stimuli to which 
subjects can attend to, for instance, the length of a line, its orientation, or even its thickness. 
Similarities between exemplars are functionally related to distances in the psychological 
space in the following way:  
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where c is a scale factor, dij is the distance between stimuli i and j, and p is a function of how 
discriminable the exemplars are. p usually assumes the value 1 if exemplars are easily 
discriminable and the value 2 otherwise, giving rise to an exponential and Gaussian decay 
function, respectively. The distance between exemplars i and j is given by an augmented 
version of the Minkowsky r-metric 
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where xik denotes the coordinate of exemplar i on dimension k, w (0 � w � 1) is the attention 
weight associated with dimension 1, and r defines the metric used and usually depends on the 
type of psychological dimensions considered. In general, r assumes the value 2 for integral 
dimension stimuli and the value 1 for separable dimension stimuli (however, see Nosofsky, 
1985).  

The attention weight (w), which is constrained to be between 0 and 1, implements a 
process of selective attention. A value greater than ½ causes the space to be stretched along 
the first dimension and shrunk along the second dimension. The greater the value, the more 
pronounced the stretching/shrinking effect is. An example is presented in Figure 3.1a. Stimuli 
belonging to the same category share the same value along dimension 1 and have different 
values along dimension 2. By attending to dimension 1, members of the same category 
become closer together and members of opposite categories grow apart. The result is higher 
within category similarity and lower between category similarity, increasing the probability 
of correct classification. A value smaller than ½ stretches the space along the second 
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dimension and shrinks it along the first dimension. This would result in poorer performance 
in the categorization task of the example.  

The model has three free parameters: one scale parameter c, one bias parameter b, and 
one attention weight parameter w. 

 
 

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 3.1: a) Example of a dimensional task. Empty circles denote stimuli belonging to one category 
and filled circles denote stimuli belonging to another category. Attending to the horizontal dimension 
increases within-category similarity and decreases between-category similarity; b) Example of a 
diagonal task. Attending to the horizontal or vertical dimensions does not increase within-category 
similarity or decrease between-category similarity. 

 

GCM(�)  

The GCM allows selective attention to operate only on a priori fixed psychological 
dimensions. However, according to the selective attention along arbitrary axes hypothesis, 
new psychological dimensions can emerge during the course of a categorization task, which 
means that selective attention can operate along dimensions that were not there before 
learning began. To account for the emergence of new psychological dimensions, the GCM is 
extended with a rotation parameter (�). This parameter defines the angle between the first 
axis of the axes set along which selective attention takes place and the first fixed 
psychological dimension. If � is 0, then the extended model, the GCM(�), coincides with the 
GCM. However, when � is distinct from 0, selective attention operates on a set of axis 
distinct from the a priori psychological dimensions. The GCM(�) is defined by the same set 
of equations that define the GCM, with the exception of Equation 3 that is substituted by  

(a)

(b)
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where xik denotes the coordinate of exemplar i on dimension k, w (0 � w � 1) is the attention 
weight associated with dimension 1, r defines the metric used, and � is the angle of rotation, 
given in degrees.  

The GCM(�) has been previously used by Maddox and Ashby (1993), albeit with a 
different purpose from the one we pursue here. They had subjects perform categorization 
tasks on rectangles. Undoubtly, rectangles can be defined in terms of height and width. 
Krantz and Tversky (1975), however, suggested that the psychological dimensions might be 
shape and area instead. To avoid committing to one of these alternative representations, 
Maddox and Ashby allowed the GCM to “choose” the most appropriate one. Shape and area 
result from height and width by rotating the space by 45°. Therefore, a model that allows the 
axes to be rotated is able to reproduce both representations. Maddox and Ashby were not 
interested in whether subjects were able to develop new psychological dimensions through 
the course of learning of a categorization task. Instead, they were concerned with using the 
most appropriate psychological representation for rectangle stimuli.  

The GCM(�) is a rather limited model to study the selective attention along arbitrary 
axes hypothesis because it only allows new psychological dimensions to result from a linear 
combination of the a priori psychological dimensions. This is a potential limitation. However, 
we will only consider categorization tasks for which eventually emerging psychological 
dimensions result from a linear combination of the a priori ones. In other words, the GCM(�) 
serves the purposes of our analysis.  

Model fitting and hypothesis testing 

We use the method of maximum-likelihood (Wickens, 1982) to estimate the parameter values 
for each data set analyzed. This method makes it possible to evaluate the experimental 
conditions for which the inclusion of the rotation parameter significantly improves the 
performance of the model. The GCM is a special case of the GCM(�). Consequently, we can 
use likelihood ratio tests to assess whether the GCM(�) provides significantly better fit than 
the GCM. Let LGCM(�) and LGCM be the likelihood of the data set, given the maximum-
likelihood parameter values of the GCM(�) and the GCM, respectively. Assuming the GCM 
is correct, given a large sample size, �2 = 2 (ln LGCM(�) – ln LGCM) has approximately a chi-
square distribution with 1 degree of freedom. Hence, we can perform a statistical test to 
confirm or refute the benefit of including the extra rotation parameter in the GCM.  

Data sets analysis 

Goldstone and Steyvers (2001) have argued that the formation of new psychological 
dimensions is more likely to occur when stimuli vary along integral dimensions. Integral 
dimensions are those in which subjects cannot attend to one dimension without ignoring 
variation along the other one. In the literature of category learning, only a few studies 
consider stimuli varying along integral dimensions and, among these, the great majority uses 
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Munsell colors. Munsell colors vary along three psychological dimensions: brightness, 
saturation, and hue (Garner, 1974; Shepard & Chang, 1963). Subjects have trouble in 
attending exclusively to any of these dimensions. Nevertheless, contrary to what Shepard and 
Chang (1963) suggested, this does not necessarily imply that subjects are unable to use 
selective attention while dealing with Munsell colors. In particular, Nosofsky (1987) has 
shown that selective attention is necessary to account for human performance in several 
categorization tasks with Munsell colors.  

We have found three studies performed with Munsell colors that are of interest to test 
the selective attention along arbitrary axes hypothesis. Each of them contains several 
categorization tasks varying in the number of training and transfer stimuli, and in their 
structures. In all of them, there is at least one diagonal task, i.e. a task where stimuli of 
opposing categories are separated by a line oblique to all psychological dimensions. We 
expect selective attention along arbitrary axes to be particularly evident for diagonal tasks. In 
Figure 3.1, we present examples of both of these types of tasks. In the upper-panel, we can 
see how attention to the first psychological dimension improves separation between stimuli of 
opposite categories in a dimensional task. In the lower-panel, we see that attention to either of 
the two psychological dimensions does not improve the separation between exemplars of 
opposite categories in a diagonal task. In other words, performance in a diagonal task does 
not benefit from attention to the pre-existing psychological dimensions.  

Nosofsky (1987) 

Nosofsky (1987, Experiment 2) had subjects perform one of six different categorization tasks. 
The same 12 Munsell colors (see Figure 3.2) were used for all tasks. These colors varied 
along the saturation and brightness dimensions and had a constant red hue (5R). Three of the 
tasks (brightness, saturation (A), and saturation (B)) are dimensional tasks. These were 
designed especially to test the selective attention hypothesis. The remaining tasks are either 
non-linearly separable (criss-cross and diagonal) or linearly-separable with a diagonal line 
(pink-brown). The pink-brown task is the most interesting with respect to the selective 
attention along arbitrary axes hypothesis. If the hypothesis holds, we expect to find 
supporting evidence from this task. 

Each task consisted of a single session divided into a training phase followed by a 
transfer phase. During the training phase, only the training stimuli were presented, whereas in 
the transfer phase, both transfer and training stimuli were presented. Data was collapsed 
across subjects’ performance in the transfer phase. 

In our analysis we used the same psychological space, distance metric (Euclidean), 
and similarity decay function (exponential) as Nosofsky (1987). The summary fits of the 
GCM and the GCM(�) are presented in Table 3.1 (see the Appendix for the best-fitting 
parameter values). Both models present essentially identical fits for the tasks diagonal and 
saturation (A). However, the GCM(�) provides statistically significant better fits (p < .01) in 
the remaining tasks, �2(1) = 7.0, 7.6, 16.8, and 17.3 in the criss-cross, pink-brown, saturation 
(B), and brightness tasks, respectively. As expected, the selective attention along arbitrary 
axes hypothesis holds for the pink-brown task. Unexpectedly, it also holds for two of the 
dimensional tasks considered. This finding is particularly interesting, as selective attention 
along the psychological dimensions would also be expected to provide optimal performance.  

Why would subjects attend to an axis distinct from the relevant psychological 
dimension in these tasks? Melara, Marks, and Potts (1993) have proposed that the perception 
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of Munsell colors under non-speeded conditions may have no preferential set of axes. The 
results we obtained for tasks saturation (B) and brightness corroborate this conclusion. 
Although not expected, this finding agrees with the selective attention along arbitrary axes 
hypothesis. The saturation (B) and brightness tasks are unquestionably dimensional tasks, as 
a line perpendicular to one of the psychological dimensions separates members of opposite 
categories. However, these tasks allow oblique category boundaries (see Figure 3.2). 
Attending to an axis perpendicular to any of these category boundaries is still beneficial for 
category performance.  
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Figure 3.2: Schematic representation of the category structures in the data sets analyzed. Stimuli of 
category 1 (or A) are represented by empty circles, stimuli of category 2 (or B) by filled circles, and 
transfer stimuli by solid small squares. 

 

Nosofsky (1988a) 

In a study of the role of the frequency of presentation in category learning, Nosofsky (1988a) 
employed the same pink-brown category structure used in Nosofsky (1987). He conducted 
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two distinct experiments, each consisting of three different conditions. In condition B, the 
baseline condition, all stimuli were presented with the same frequency. In the remaining two 
conditions, one stimulus was presented more frequently than the remaining ones. All 
conditions were carried out in a single session.  

Nosofsky (1988a) has shown that the GCM, as we have defined it, performs 
considerably worse in predicting performance in the non-baseline conditions than a 
frequency-sensitive version of the model. Because we are interested in all conditions, 
independently of the manipulation of the frequency of presentation, we use a frequency-
sensitive version of the GCM and the GCM(�) to fit the non-baseline conditions. This version 
is defined in exactly the same way as above, with the exception of similarity, defined in 
Equation 2, which is now weighted by the relative frequency of presentation (Nj): 
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We fitted the GCM, the GCM(�), and the frequency sensitive counterparts to the data 

using the same psychological representation as Nosofsky (1988a). The summary fits of the 
GCM and the GCM(�) to all conditions are presented in Table 3.1 (see the Appendix for the 
best-fitting parameter values). The GCM(�) provides statistically significant better fits (p < 
.0001) in all conditions of experiment 1: �2(1) = 26.9, 30.3, and 38.5, in conditions B, E2, and 
E7, respectively, and in two conditions of experiment 2: �2(1) = 52.0 and 16.1, in conditions 
B and E6(3), respectively. In condition E6(5) of experiment 2, the GCM(�) provides a 
marginally statistically significant better fit (�2(1) = 7.6, p<.01). These findings are 
particularly interesting. In all six independent replications of the pink-brown categorization 
task, with and without frequency of presentation manipulation, the attention along arbitrary 
axes hypothesis was corroborated.  

McKinley and Nosofsky (1996) 

McKinley and Nosofsky (1996, Experiment 1) conducted four different categorization tasks 
(see Figure 3.2). Stimuli were Munsell colors varying along the psychological dimensions of 
saturation and brightness with a constant purple-blue hue (10PB). Two dimensional tasks 
(brightness and saturation) and two diagonal tasks (diagonal (A) and diagonal (B)) were used. 
Subjects completed a single learning session. Data was collapsed across subjects’ responses 
for the last presentations of each stimulus. 

We fitted the GCM and the GCM(�) to the data assuming the same psychological 
space (Munsell solution), distance metric (Euclidean) and similarity decay function 
(exponential) used by McKinley and Nosofsky (1996). The summary fits are presented in 
Table 3.1 (see the Appendix for the best-fitting parameter values). The GCM(�) provided 
statistically significant better fits (p < .001) for all tasks except the saturation task, �2(1) = 
12.8, 25.2, and 75.2, in the brightness, diagonal(A), and diagonal(B) tasks, respectively. As 
expected, selective attention along arbitrary axes was found in the diagonal (A) and diagonal 
(B) tasks. As it was the case for tasks saturation (B) and brightness in Nosofsky (1987), we 
found evidence in favor of the selective attention along arbitrary axes for a dimensional task 
in here. 
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Table 3.1: Summary fits of the Generalized Context Model and Extended Generalized Context Model 
to three different data sets. 

 
    GCM  GCM(�) 
Souce  Task  ln L % Var        ln L % Var 
(Nosofsky, 1987)  Criss-cross  -45.34 99.1    -41.86* 99.5 
  Diagonal  -96.83 94.6    -95.19 94.5 
  Pink-brown  -53.11 99.3    -49.32* 99.5 
  Brightness  -57.67 99.7    -49.00*** 99.9 
  Saturation (A)  -41.63 98.3    -41.58 98.4 
  Saturation (B)  -58.10 98.7    -49.69*** 99.2 
         
(Nosofsky, 1988a)  Experiment 1       

  Condition B  -50.34 98.1    -36.91*** 99.3 
  Condition E2  -61.35 98.1    -46.22*** 99.1 
  Condition E7  -74.62 97.7    -55.38*** 99.4 
         
  Experiment 2       
  Condition B  -64.77 97.4    -38.77*** 99.0 
  Condition E6(3)  -52.78 97.9    -44.71*** 99.1 
  Condition E6(5)  -62.18 98.4    -58.40* 98.9 
         

 Diagonal (A)  -137.41 84.6    -124.79*** 86.9 (McKinley & Nosofsky, 
 1996)  Diagonal (B)  -189.43 93.7    -151.84*** 94.9 
  Saturation  -131.66 97.5    -130.07 97.5 
  Brightness  -63.58 99.5    -57.20** 99.7 

 
Note. Higher values of ln L reflect a better fit of the model. ln L = log-likelihood; % Var = percentage 
of variance accounted for; GCM = Generalized Context Model; GCM(�) = Extended Generalized 
Context Model. Asterisks denote cases in which the extended version of the model provides 
significant better fits than the non-extended version (* p = .01, ** p = .001, *** p = .0001). 

 

Selective attention along arbitrary axes: An optimization principle 

In the previous section, we have shown that the selective attention along arbitrary axes 
hypothesis held for some of the categorization tasks considered. However, we did not discard 
the hypothesis that the addition of the � parameter to the GCM might simply provide more 
flexibility to the model, making it easier to adequately fit human performance. This would 
arguably be the case if the best-fitting values obtained for the � parameter were not 
meaningful. As an example, suppose the case of task pink-brown in Nosofsky (1987). By 
simple inspection (see Figure 3.2), we would expect subjects to attend to an axis forming an 
angle of approximately 45° with the saturation dimension. Suppose that the best fitting value 
for � was 135°, i.e. precisely the orthogonal axis. Although the GCM(�) could have provided 
a better approximation to the data, one would doubt about the psychological meaning of the � 
value. In this section, we show that there is no evidence to contradict the psychological 
plausibility of the � parameter for any of the three data sets considered.  

Nosofsky (1986) postulated that subjects attend to psychological dimensions to 
optimize performance. Here, we test this optimization principle in the case of arbitrary axes. 
For the sake of simplicity, we consider only the case of linearly separable categorization 
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tasks, i.e., tasks in which stimuli of opposite categories can be separated by a straight line. 
Because all tasks analyzed in this article are two-dimensional, we also confine our analysis to 
the two-dimensional case. The optimization principle is defined here in terms of the notions 
of optimal axis and attended axis. 

 
Optimal axis. An optimal axis is any axis perpendicular to a line separating stimuli of 
opposite categories in the psychological space. If the space is stretched along such an axis 
and shrunken along the orthogonal one, stimuli of opposite categories grow further apart and 
stimuli in the same category become closer together, increasing the probability of correct 
response. We denote an optimal axis by the angle it forms with the first dimension of the 
psychological space. This angle is expressed in degrees and constrained to the range [0°, 
180°). As an example, let us consider the brightness task in Nosofsky (1987). This task is 
linearly separable: a line perpendicular to the second dimension (the brightness dimension) 
separates stimuli of opposite categories (see Figure 3.2). According to our definition, the 
brightness dimension is, therefore, an optimal axis. However, this is not the only optimal axis 
for this categorization task. As it can be seen in Figure 3.2, lines forming a small positive or a 
small negative angle with the first dimension also separate stimuli of opposite categories. 
Consequently, axes with an angle around 90° are also optimal axes. This example shows that 
any categorization task may have a whole range of optimal axes. We denote this range by the 
corresponding range of angles. This range can be easily determined from the maximal and 
minimal angles of the lines separating stimuli of opposite categories and rotating these by 
90°.  We say that selective attention is applied in an optimal way if the space is stretched 
along an axis within the range of optimal axes.  
 
Attended axis. Whereas optimal axes can be determined in terms of the category structure and 
the location of the stimuli in the psychological space, we have to rely on the GCM(�) to 
estimate the attended axes. At first, one might think of using the best fitting value of the � 
parameter to calculate the angle of the attended axis. This estimation is certainly correct, but 
the model might provide identical fits by attending to axes distinct from the best-fitting one. 
To determine all the axes for which the fit does not differ from the best fit in a statistically 
significant way, we vary the value of � between 0° and 175°, in steps of 5°. For every value, 
we find the best-fit of the GCM(�) with the � parameter kept fixed, and compare it with the 
fit of the unconstrained GCM(�), using a likelihood-ratio test with p = .01. If no statistically 
significant difference in fit is found, the axis corresponding to the fixed � value belongs to the 
set of (potentially) attended axes. The result from this procedure is a set of attended axes for 
which the GCM(�) provides fits identical to the best fit.  
 
We say that the optimization principle is rejected if none of the attended axes is within the 
range of optimal axes. We will now show that the optimization principle is not rejected for 
any of the tasks in which evidence was found for selective attention along arbitrary 
dimensions. 

We start by considering all the diagonal tasks analyzed in the present article. In Figure 
3.3, we present the optimal axes and attended axes for each of these tasks. With the exception 
of task diagonal (A) (McKinley & Nosofsky, 1996), we see that the optimization principle is 
not rejected for any of the diagonal tasks. Although it is not visible in Figure 3.3, the 
principle is also not rejected for task diagonal (A). This is, however, only possible to establish 
by increasing the precision with which the attended axes are calculated beyond 5°. By doing 
this, we find that the axis with angle 52° also belongs to the set of attended axes. Because the 
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Dimensional Tasks

range of optimal axes is [36.87°, 53.13°], the range of optimal axes does intersect the set of 
attended axes and the optimization principle is not rejected for this task.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 3.3: Angles formed by the optimal axes and attended axes for each of the categorization tasks 
of interest, measured in degrees. Angles of optimal axes are represented in gray, whereas the angles of 
the attended axes are represented in black. 

 
 

In the present study, we also considered dimensional tasks. Interestingly, we found evidence 
for selective attention along arbitrary axes for some of these tasks. This was the case for tasks 
saturation (B) and brightness in Nosofsky (1987), and task brightness in McKinley and 
Nosofsky (1996). We performed the same analysis presented above for these tasks. As it can 
be seen in Figure 3.3, the range of optimal axes always intersects the set of attended axes. In 
other words, the optimization principle is not rejected for any of these dimensional tasks. 

The optimization principle is not refuted for any of the categorization tasks considered 
here. We, therefore, conclude that the � parameter is psychologically meaningful, in the sense 
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that it does not assume implausible values. The extra flexibility of the extended model allows 
it to achieve better fits, but it does so in a psychologically meaningful fashion.  

Discussion 

Previous evidence suggests that the way we perceive is, to some degree, the result of our past 
experiences (Burns & Shepp, 1988; Foard & Kemler, 1984; Kemler & Smith, 1978; Melcher 
& Schooler, 1996; Shepp et al., 1980; Smith, 1989a, 1989b; Smith & Evans, 1989; Smith et 
al., 1997; Smith & Kemler, 1978). Recent studies (Goldstone, 1994; Goldstone et al., 2001; 
Goldstone & Steyvers, 2001; Kersten et al., 1998; Schyns et al., 1998; Schyns & Murphy, 
1994; Schyns & Rodet, 1997) have shown that changes to perception can take place at a 
rather fast pace, being noticeable even after a single experimental session, lasting no longer 
than 1 hour. Usually, these changes are confined to small variations in the way similarity 
between stimuli varies from before to after an experimental task. However, larger changes 
can take place within the same temporal window. Goldstone and Steyvers (2001), have 
shown that new psychological dimensions result from category learning. Here, we have 
presented some new evidence pointing to the same conclusion. Relying on previously 
published data sets, we have shown that the emergence of new psychological dimensions as a 
function of category structure, which we named the selective attention along arbitrary 
dimensions hypothesis, is not confined to one especially designed experimental condition. In 
fact, we found it for all linearly separable categorization tasks considered whose category 
boundary is diagonal to the a priori psychological dimensions.  

Psychological dimensions are, by definition, those properties of objects to which 
subjects, consciously or unconsciously, can attend. Examples are the length of a line, the 
width of a rectangle, the diameter of a circle, the area of a cube, or the happiness of a face. In 
most occasions, we can get along well with the psychological dimensions we already possess. 
In some cases though, our categorization system constructs new properties that can simplify 
the solution of an apparently impossible problem. Which cases are these? Goldstone and 
Steyvers (2001) argued that new psychological dimensions are built when variation in the 
stimuli that is relevant for the task at hand cannot be explained in terms of already existing 
psychological dimensions. They performed two identical experiments, one involving stimuli 
varying along integral dimensions (Experiment 2A) and one involving the same kind of 
stimuli but varying along separable dimensions (Experiment 2B). They found evidence for 
the emergence of new psychological dimensions in the former case and no evidence in the 
second case. There seems to be a greater probability that new dimensions are formed when 
stimuli vary along integral rather than separable dimensions. Our results point in the same 
direction. The selective attention along arbitrary axes was present throughout the three data 
sets we considered, all of them involving stimuli varying along integral dimensions. Although 
not reported here, we also analyzed two data sets on separable dimensions, each of them 
containing diagonal tasks, i.e. tasks in which we might expect new psychological dimensions 
to emerge. In one of these (Nosofsky, 1989), no evidence was found for selective attention 
along arbitrary axes. In the other one (Nosofsky, 1986), we did find one case where the 
selective attention along arbitrary axes was corroborated. The two studies differ in two major 
aspects. The former was conducted in a single session and data was aggregated between 
subjects. In the latter, subjects were submitted to extensive training and data was aggregated 
within subjects. Although the evidence so far is rather scarce, we believe these findings 
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suggest that extensive training might foster the creation of new psychological dimensions 
even if stimuli vary along separable dimensions.  

Current models of category learning commonly assume a fixed set of psychological 
dimensions along which stimuli are defined. Attention is constrained to take place 
exclusively along these dimensions. The evidence we have presented here suggests that new 
psychological dimensions might be formed even during the course of a single session of a 
categorization task. Future modeling work might help us understand how and why new 
psychological dimensions emerge.  

Appendix 

Table 3.2: Best-fitting parameter values for the Generalized Context Model and Extended Generalized 
Context Model. 

 
  Parameters 
Souce Task c w b � 
(Nosofsky, 1987) Criss-cross 1.563 .267 .451 - 
  1.791 .824 .449     95.79  
 Diagonal 1.326 .170 .478 - 
  1.370 .840 .477     82.95 
 Pink-brown 1.249 .510 .564 - 
  1.191 .633 .566     42.71 
 Brightness 1.915 .196 .456 - 
  1.646 .995 .456     78.70 
 Saturation (A) .997 .774 .556 - 
  1.024 .758 .558       2.91 
 Saturation (B) 1.172 .690 .514 - 
  1.451 .706 .535   138.46 
(Nosofsky, 1988a) Experiment 1     
 Condition B 1.167 .722 .610 - 
  1.026 .901 .609     28.24 
 Condition E2 1.259 .676 .611 - 
  1.091 .894 .603     38.28 
 Condition E7 1.282 .627 .611 - 
  1.170 .897 .603     30.74 
 Experiment 2     
 Condition B 1.322 .722 .604 - 
  1.083  1.000 .574     34.35 
 Condition E6(3) 1.222 .688 .611 - 
  1.151 .762 .616     24.09 
 Condition E6(5) 1.454 .585 .646 - 
  1.409 .638 .652     30.88 
      

Diagonal (A) 2.657 .181 .548 - (McKinley & Nosofsky, 
 1996)  2.306 .750 .561     65.58 
 Diagonal (B) 3.435 .352 .476 - 

 3.509 .685 .516     40.46  
Saturation 2.577 .954 .581 - 

  2.749 .933 .581       3.47 
 Brightness 3.895 .090 .610 - 
  4.494 .892 .595 78.89 


