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4. Selective Attention in the Generalized Context Model: A Neural 
Mechanism1 

Selective attention during category learning is the ability to attend differentially to the various 
stimulus dimensions. The Generalized Context Model by Nosofsky (1986) is a well-validated 
model of categorization that incorporates this fundamental process. Here we study how 
selective attention can emerge in a neural network with a conventional learning rule. We use 
the Consequential Region Model proposed by Shanks and Gluck (1994) and demonstrate the 
hitherto unnoticed fact that it too exhibits selective attention. This is all the more surprising 
because model lacks explicit representation of stimulus dimensions and similarity. 
Nonetheless, both the Generalized Context Model and the Consequential Region Model can 
predict response probabilities to category decisions equally well, independently of whether 
selective attention is invoked or not. We analyze in some detail how selective attention 
emerges from the dynamics of the Consequential Region Model, which does not have this 
feature built-in. 

The Generalized Context Model (GCM), introduced by Nosofsky (1986), is a successful 
psychological model of human category learning. It assumes that subjects store individual 
stimuli along with their respective categories. Whenever a new stimulus is presented, a 
category decision is made about how similar it is to stimuli belonging to the given categories. 
As learning progresses, the model assumes further that the better a stimulus is learned, the 
more discernible it becomes from the remaining stored stimuli. An additional process is 
selective attention, the ability to attend differently to certain stimulus dimensions and 
disregard others. In other words, if a subject notices that a given property (dimension) of a 
stimulus is more relevant to distinguish between members of different categories, he will 
devote relatively more attention to this property.  

Shanks and Gluck (1994) showed how an adaptive network model, named the 
Consequential Region Model (CRM), approximated the performance of the GCM in tasks for 
which selective attention was not evident. In their model, the storage of exemplars and the 
comparison of the to-be-classified stimulus with all the stimuli previously experienced were 
not explicitly encoded. Instead, they were an emergent property of the interaction between 
the representation scheme and the learning mechanism. Shanks and Gluck (1994) left 
unaddressed the process of selective attention, which has been acknowledged by many 
researchers as a fundamental process within categorization (e.g. Maddox 2001, 2002; 
Maddox, Ashby, & Waldron, 2002; Nosofsky, 1986, 1987, 1989). In this article we 
investigate how such a process may emerge from the interaction between neural-like 
processes and a neural-like representation. More specifically, we will demonstrate how the 
model by Shanks and Gluck (1994) already possesses this property.  

After presenting the Generalized Context Model and the Consequential Region 
Model, we will introduce the data set used and compare the fits provided by both models. 
Then, we will show that selective attention takes place within the Consequential Region 
Model. Furthermore, we will show that it only takes place when it is relevant within the 
Generalized Context Model. Finally, we will investigate how selective attention takes place 
within the Consequential Region Model by describing its behavior in terms of the 
mathematical constructs used to formalize the Generalized Context Model. 

                                                 
1 This chapter is based on a draft of a paper with Jaap Murre as co-author (Rodrigues, & Murre, in preparation).  
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The Generalized Context Model 

The Generalized Context Model 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 model assumes that the same principles of stimulus 
generalization that underlie subjects’ behavior in identification tasks are also active in 
categorization tasks. Identification tasks differ from categorization tasks by having a unique 
label associated to each stimulus. Subjects are assumed to keep in memory all the previously 
learned stimuli. The influence of a stored stimuli on the response produced to another 
stimulus is proportional to the similarity between the two. These principles suffice to explain 
subjects’ performance in identification tasks and in some categorization tasks, but they fall 
short with categorization tasks in which subjects seem to be attending more to one dimension 
than to the others. For example, while classifying rectangles such that “tall” rectangles are 
associated with one category and “short” rectangles with another one, subjects may ignore the 
length dimension and attend primarily to the height dimension. To cope with these tasks, a 
process of selective attention that changes the similarities between stimuli is assumed to take 
place. In this, width would be ignored and it would not have an effect on inter-stimulus 
similarity. 

In the GCM, stimuli are represented as points in a multi-dimensional psychological 
space. This space is derived through the adjustment of a multidimensional scaling (MDS) 
choice model to observed data on an identification task that involves the same stimuli used in 
the categorization task (Nosofsky, 1986). The best fitting MDS-choice model gives the 
number of dimensions of the psychological space, along with its metric, the location of each 
stimulus, and the function that relates distance to similarity.  

Selective attention is implemented in the GCM by allowing the dimensions of the 
psychological space to be scaled differently. This is realized by assuming an augmented 
version of the Minkowsky r-metric: 
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where 0 � c < �, 0 � wk � 1, � wk = 1 and r � 1. dij is the distance between stimulus Si and 
stimulus Sj. The parameter c is a scale parameter that is assumed to increase as subjects gain 
experience with the stimuli. The wk parameters are called the attention weight parameters. 
These allow for the dimensions to be scaled differently. N is the number of dimensions in the 
psychological space and xik denotes the coordinate of stimulus Si on dimension k. Distances 
between stimuli in the psychological space are converted to similarities by the following 
function: 
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where p is usually taken as 1 or 2, leading to an exponential or Gaussian decay, respectively. 
Finally, the probability of classifying a stimulus in a category is calculated in terms of the 
similarity between the stimulus in question and all the learned stimuli: 
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where 0 � bK � 1, � bK = 1. Upper-case letters are used to index categories and lower-case 
letters are used to index individual stimuli. The parameter bJ represents a bias for a category 
CJ response. The higher this value, the more the influence of stimuli belonging to category CJ 
on the predicted posterior conditional probabilities.  

The GCM has three groups of parameters, each of those implementing a different 
mechanism that acts upon the representation derived from the MDS-choice model, as stated 
above. One of those mechanisms is implemented by the scale parameter present in Equation 
1. This parameter establishes the decay rate of the similarity function with distance: the 
higher this value, the more abrupt the drop in similarity between stimuli with distance. Note 
that the posterior conditional probabilities for a given stimulus Si take into account the 
similarity between this stimulus and all the stored stimuli. By increasing the value of the scale 
parameter, stimuli more distant from Si, will have a negligible effect on the probability value. 
Concluding, the scale parameter makes it possible for the predicted posterior conditional 
probabilities to be computed in more global or local terms. 

A second mechanism present within the GCM is the mechanism of selective attention, 
which is implemented by the attention weight parameters wk in Equation 1. Allowing 
dimensions to be weighted differently is equivalent to allow for the similarity function to 
extend differently along each dimension: a smaller spread on the dimensions whose attention 
weight parameter is increased and a higher spread on the dimensions whose attention weight 
parameter is decreased. In other words, the selective attention mechanism allows the GCM to 
change the shape of the contours of equal similarity within the psychological space. Stimuli 
with the same similarity to a given stimulus S are not constrained to be all at the same 
distance from S (see Figure 4.1).  

 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4.1: Contours of equal similarity to a stimulus located in the center of the space. Similarity is 
computed from Euclidean distance by an exponential decaying function with decay value 2. On the 
left, attention weight parameters are equal for both dimensions (w1 = w2 = .5). On the right, attention 
weight parameter for dimension 1 is greater than attention weight parameter for dimension 2 (w1 = .9 
and w2 = .1). 
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A third and final mechanism present within the GCM is the one implemented through 

the category biases present in Equation 3. The possibility of having a different bias per 
category allows for stimuli to influence the posterior conditional probabilities, not only in 
terms of similarity, but also in terms of their category membership. As an example, suppose 
that within a categorization task stimuli are to be classified into one of two categories, C1 and 
C2. If a non-learned stimulus was equally similar to stimuli belonging to C1 and to stimuli 
belonging to C2, then, if no biases were allowed (or if both biases were constrained to be 
equal), the stimulus would be equally likely to be classified as a member of C1 or C2. If, 
instead, the bias value of C1 were higher than the one of C2, the same stimulus would then be 
more likely classified as a member of C1. 

The Consequential Region Model 

To investigate the underlying mechanism of category learning, Shanks and Gluck (1994) 
proposed the Consequential Region Model (CRM). The CRM is, essentially, a two-layer 
feedforward neural network. A distinguishing feature is the nature of the representation of the 
stimuli at the input layer, which is based on the analysis performed by Shepard (1987) on the 
shape of stimulus generalization gradients. Shepard (1987) argues that, across perceptual 
dimensions, modalities, and individuals, generalization from previous experienced stimuli is 
uniquely defined in terms of distances. Distances are not computed within a physical space 
but, instead, within a psychological space. Shepard argues that different species, and even 
different individuals, might have developed different psychophysical maps. Therefore, a 
unique generalization-distance relationship can only be obtained by considering the location 
of stimuli within a psychological space. Shepard proposed the use of nonmetric 
multidimensional scaling algorithms (Kruskal, 1964) on generalization data to derive 
psychological spaces. By applying this procedure to different types of data, he found that 
generalization would invariantly decay approximately exponentially with distance. Why 
would this relationship between generalization and distance hold? Shepard (1987) assumed 
that, in the psychological space, different regions exist within which all stimuli share the 
same consequence.  These regions, named consequential regions, vary in size, location and 
shape. Whenever a stimulus S0 is found to be “consequential”, the subject learns that S0 lies 
within a given consequential region. However, he does not know the precise location, extent 
or shape of this region. To know whether to give the same response associated with S0 for a 
different stimulus S1, he has to compute the likelihood of S0 and S1 lying within the same 
consequential region. Shepard showed that, under a reasonable set of assumptions, the 
probability of a consequential region that contains S0 also containing S1 was approximately an 
exponential decay function of the distance between the two stimuli. 

Shanks and Gluck adopted the idea of consequential regions. They assumed that each 
unit at the input layer of the CRM stands for a consequential region with a given size and 
location within the psychological space. Given the presentation of a stimulus, an input unit 
becomes active (1) if the stimulus lies within the respective consequential region, and 
inactive (0) otherwise. Once the activation of the input layer has been set, the activation of 
the output units is given by 
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where ak is the activation of input unit k, oJ is the activation of output unit J, and wkJ is the 
weight of the connection from input unit k to output unit J. Each output unit stands for a 
category. The response of the network to a given stimulus presentation is a vector of posterior 
conditional probabilities, one per category. 
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where �J is a response bias for category J. To avoid probabilities greater than one, the oJ’s are 
constrained to be non-negative. 

Learning takes place by adjustment of the weights of the connections using the ‘Delta 
Rule’ (Widrow & Hoff, 1960), a learning rule that has previously been used in the configural-
cue model (Gluck & Bower, 1988), which is a model of categorization learning constrained 
to binary dimensions. Initially, all weights are assumed to have the value zero. At each 
learning trial, a stimulus is presented, which results in the activation of the input layer and 
subsequent propagation of activation to the output layer. The weights of the connections 
ending at the target output unit (the one representing the category to which the stimulus 
belongs to) are adjusted according to the following equation: 

 
+−=Δ β)1( JkkJ oaw  (6) 

 
where �wkj is the change in the weight of the connection from input unit k to output unit J 
and �+ is a learning rate parameter. The remaining weights are adjusted in the following way: 
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where �- is a extinction rate parameter.  

The model, as presented here, has several free parameters: two learning rates (�+ and 
�-) and one bias value per category. Beyond the parameters just mentioned, there are 
additional parameters related to the consequential region representation, such as the 
distribution of the consequential regions through the input space, the size of the smallest and 
biggest consequential regions, and the probability density function of the sizes of the 
consequential regions. In order to reduce the number of parameters to a minimum, we assume 
�+ = �-, set each of the biases parameters to one and use the same consequential region 
representation for all the categorization tasks here reported. The only free parameter that 
remains is the learning rate. 

Shanks and Gluck used the CRM on identification and categorization tasks involving 
integral-dimension and separable-dimension stimuli. Integral dimensions are those that 
cannot be easily distinguished (e.g. brightness and saturation), whereas separable dimensions 
are those that can easily be distinguished (e.g. height and width).  The model did well in 
comparison with the MDS-choice model in identification tasks, and with the GCM in 
categorization tasks. Due to the closeness in fit between the CRM and the GCM, Shanks and 
Gluck argued that the CRM was able to produce behavior akin to that predicted by the GCM, 
but without computing distances between stimuli or assuming an exponential decay in 
similarity with distance in the psychological space.  
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Shanks and Gluck confined their analysis to tasks in which selective attention was not 
evident. They proposed that letting the consequential regions shrink along relevant 
dimensions might allow the model to perform properly for tasks in which selective attention 
is evident. A criticism to this solution is the fact that the model would explicitly be given the 
concept of dimension, whereas that is not the case in the original formulation. More 
interesting would be to have selective attention take place without any changes to the model. 
Selective attention could result from attending differently to different cues (consequential 
regions), some of them covering larger areas and others covering smaller ones. We explore 
this idea in the following sections. 

Assessing selective attention in the CRM 

The data set 

In order to assess whether the CRM is able to cope with tasks in which selective attention is 
evident, we decided to use the data by Nosofsky (1987, Experiment 2), which was also used 
by Shanks and Gluck (1994). Nosofsky used 12 different Munsell color patches, with 
constant red hue (5R) and variable saturation and brightness, to build up six different 
categorization tasks. In each of the tasks, stimuli were assigned to categories (category 1 or 
category 2), as illustrated in Figure 4.2. For tasks saturation(A), saturation(B), and brightness, 
one of the dimensions is clearly more relevant than the other. For the remaining tasks, criss-
cross, diagonal, and pink-brown, both dimensions are, apparently, equally relevant.  

On each trial, a stimulus was presented to the subject, his response collected and, if 
the stimulus had a category assigned to it (training stimulus), the subject was given the 
correct answer. Subjects were presented with two blocks of 120 trials, with the exception of 
task saturation(A), in which the first block consisted of 30 trials and the second one of 90 
trials. On each block, the order of presentation of the stimuli was random. 24, 40, 24, 49, 40 
and 38 subjects were assigned to the saturation(A), saturation(B), criss-cross, brightness, 
pink-brown and diagonal tasks, respectively. The data collected were the average relative 
frequencies of a category 1 response for each of the stimuli during the second block of 
training. 

Selective attention in the data set 

Selective attention is not a property of a data set itself, but instead a process assumed within 
the GCM. The process is coded in terms of the attention weight parameters. Whenever the 
fits provided by the GCM under the hypothesis of no selective attention (i.e., all attention 
weight parameters fixed at .5) are considerably worse than the ones obtained under the 
hypothesis of selective attention (i.e., attention weight parameters are free to vary), it is said 
that the task at hand is one for which selective attention is evident. From here onwards we 
shall use the term ‘restricted GCM’ to refer to the GCM under the hypothesis of no selective 
attention and ‘full GCM’ to refer to the GCM under the selective attention hypothesis. In 
spite of the formulation of selective attention just presented, the concept is not uniquely 
defined as it depends on the representation assumed. Selective attention might be evident 
while assuming a certain representation and not when assuming another. Therefore, one has 
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to fix the number of dimensions of the psychological space, along with the location of the 
stimuli in it, before assessing for which tasks selective attention is evident.  
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Figure 4.2: Schematic representation of the six categorization tasks. (Circles = Category 1 stimuli; 
Triangles = Category 2 stimuli; remaining stimuli are transfer stimuli). 

 
 

Nosofsky (1987) used the representation of the stimuli derived from the MDS-choice model, 
which was fitted to data from an identification task performed with the same stimulus set. For 
reasons that we shall elaborate later, we decided to use the classic Munsell solution instead 
(see Figure 4.3), with the saturation dimension scaled by a factor of ½. To assess for which 
tasks selective attention is relevant, we used the same procedure employed by Nosofsky, 
namely likelihood ratio tests, which use the log-likelihood of the data given the maximum-
likelihood parameters of the model. Let L and L* be the likelihood of the data set, given the 
maximum-likelihood parameter values of the full GCM and restricted GCM, respectively. 
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Assuming the restricted GCM is correct, given a large sample size, 	2 = 2 (ln L – ln L*) has 
approximately a chi-square distribution with as many degrees of freedom as the number of 
parameters fixed to obtain the restricted GCM from the full GCM. Given that the 
representation considered is defined in a two-dimensional space, there are two attention 
weight parameters, w1 and w2, but, as the sum of all attention weights is constrained to be 
one, only one weight parameter varies freely. 
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Figure 4.3: Locations of the 12 Munsell stimuli as given by the classic Munsell solution. 
 
 
We fitted both versions of the GCM to the observed relative frequencies of training stimuli, 
assuming the classic Munsell solution with the saturation dimension scaled by a factor of ½. 
The best parameter values and corresponding fits are presented in Table 4.1.  

 
 

Table 4.1: Maximum likelihood parameters and fits of the Generalized Context Model for observed 
frequencies of training stimuli. 

 
Task  c w1 b1  SSE % Var ln L 
Saturation (A)  1.53 .65 .51  .002 99.89 -18.6 
  1.62 .50 .52  .003 99.80 -20.3 
         
Saturation (B)  1.99 .53 .52  .012 99.26 -48.1 
  2.01 .50 .52  .011 99.25 -48.2 
         
Criss-cross  3.06 .87 .44  .013 99.12 -32.8 
  2.24 .50 .45  .019 98.71 -42.0 
         
Brightness  2.80 .23 .45  .001 99.97 -23.4 
  2.98 .50 .45  .001 99.95 -29.3 
         
Pink-brown  2.08 .34 .56  .021 98.78 -66.9 
  2.04 .50 .56  .026 98.49 -77.4 
         
Diagonal  1.81 .30 .48  .038 95.64 -73.2 
  1.72 .50 .49  .042 95.21 -79.0 

 
Note. c = sensitivity parameter; w1 = attention weight of dimension 1 (saturation); b1 = bias for 
making category 1 response; SSE = sum of squared errors between observed and predicted 
probabilities; % Var = percentage of variance accounted for; ln  L = log-likelihood. 
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With the exception of the tasks saturation(A) and saturation(B), constraining w1 to .5 is 
statistically significant (p < .001), 	2(1) = 11.6, 11.9, 18.4, 20.9 in the diagonal, brightness, 
criss-cross and pink-brown tasks, respectively. In other words, selective attention is not 
evident for the tasks saturation(A) and saturation(B), and evident for the remaining ones.  

Details on fitting the CRM to the data set 

Before applying the CRM to any of the categorization tasks one has to decide which 
representation to use, i.e. the location of the stimuli in the input space and the distribution, 
shape, and sizes of the consequential regions. In contrast to Shanks and Gluck (1994), who 
adopted the same representation employed by Nosofsky (1987), we decided to use the classic 
Munsell solution, with the saturation dimension scaled by a factor of ½. There are several 
reasons for this decision. First, the psychological space was derived by assuming the MDS-
choice model, a model that closely resembles the GCM. As a consequence, the psychological 
space derived would be close to optimal for the GCM but not necessarily optimal for the 
CRM. Therefore, in case of a disparity in goodness of fit, this might be partially justified in 
terms of the representation used. Second, the classic Munsell solution, with the saturation 
dimension scaled by a factor of ½, did not differ considerably from the psychological space 
derived. Finally, the adoption of the classic Munsell solution allowed us to decrease 
considerably the precision used to represent the input space without distorting the solution. 
Consequently, we could decrease the simulation times substantially. 

Like Shanks and Gluck (1994), we used square consequential regions. The input space 
consisted of a 13x13 grid in which the central 5x5 portion contained the Munsell solution. 
The consequential regions varied in size between one and five, in steps of one. They were 
scattered through the space by having each position in the grid to stand for the lowest-
leftmost vertex of five different consequential regions, each with a different size. There were 
845 (=13x13x5) consequential regions of which only 55 (=12+22+32+42+52) were active upon 
the presentation of a stimulus. 

The CRM was submitted to exactly the same experimental conditions as the human 
subjects. In order to obtain robust results, for each of the tasks, we simulated twenty times as 
many subjects as the number of human subjects assigned to the task. On average we had 717 
simulated subjects per task. Simulated subjects differed solely in the order of presentation of 
the stimuli, which was established randomly. The predictions of the model were computed by 
averaging the probabilities collected at every second block trial, across all the simulated 
subjects. 

Fits of the CRM 

Due to the fact that probabilities predicted by the CRM could take on extreme values (0 or 1) 
for some of the tasks and across a large range of parameter values, we could not use the 
method of maximum likelihood estimation to find the best fitting parameter values. Instead, 
we used the least squares estimation method that has also been used by others in similar 
situations (e.g. Ashby & Lee, 1991; Maddox, 2002). Though the GCM does not suffer from 
the same problem, we decided to use the same method while fitting both models so that we 
could compare the fits obtained directly. 

While performing a parameter search for both models we only considered the 
observed relative frequencies of training stimuli. The reason for this decision is that the CRM 
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cannot make use of the relative frequencies of transfer stimuli to set its parameters, because 
these are by definition not present during training. The GCM, however, can update its 
parameters post hoc to optimize its performance on the transfer stimuli. Furthermore, we can 
assess the ability of both models to generate a priori predictions (with no free parameters) for 
transfer stimuli. Table 4.2 presents the best fitting parameter values, along with the sum of 
squared errors and variance accounted for (R2). The goodness of fit presented is computed 
considering all stimuli, training and transfer stimuli. Three models were considered: the full 
GCM, the restricted GCM, and the CRM. 

 
 

Table 4.2: Fits of the GCM and CRM for observed frequencies of training and transfer stimuli. 
 
Task Model  c w1 b1 LR  SSE % Var 
Saturation (A) GCM  1.58 .67 .50 -  .180 89.25 
   1.69 .50 .53 -  .211 87.40 
 CRM  - - - .032518  .187 88.87 
          
Saturation (B) GCM  2.14 .59 .53 -  .043 97.17 
   2.20 .50 .53 -  .056 96.30 
 CRM  - - - .00249  .042 97.19 
          
Criss-cross GCM  4.06 .93 .42 -  .362 77.39 
   2.34 .50 .46 -  .138 91.36 
 CRM  - - - .005565  .177 88.95 
          
Brightness GCM  2.76 .31 .46 -  .031 98.66 
   2.86 .50 .46 -  .143 93.91 
 CRM  - - - .004125  .061 97.38 
          
Pink-brown GCM  2.07 .36 .56 -  .021 98.78 
   2.07 .50 .57 -  .026 98.49 
 CRM  - - - .002105  .038 97.79 
          
Diagonal GCM  1.76 .32 .49 -  .038 95.69 
   1.69 .50 .49 -  .042 95.25 
 CRM  - - - .002156  .040 95.51 
 
Note. Parameters presented are least squares parameters for the observed frequencies of training 
stimuli only. GCM = Generalized Context Model; c = sensitivity parameter of the GCM; w1 = 
attention weight of dimension 1 (saturation) of the GCM; b1 = bias for making category 1 response of 
the GCM; CRM = Consequential Region Model; LR = learning rate of the CRM; SSE = sum of 
squared errors between observed and predicted probabilities; % Var = percentage of variance 
accounted for. 

  
 

The fits provided by the full GCM and by the CRM are good. Four out of the six tasks have a 
R2 above 95.5%. Both models perform comparably well in terms of their ability to make a 
priori predictions for transfer stimuli. Among the four categorization tasks containing transfer 
stimuli, the fits provided by both models are close except for the criss-cross task. In this task, 
the CRM clearly outperforms the full GCM. Note also that for this task, the restricted GCM 
outperforms the full GCM. The latter reveals overfitting as it is not able to produce good 
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predictions for the transfer stimuli in the case in which its parameters are solely determined in 
terms of the training stimuli.  

Across most of the tasks, the CRM presents fits closer to the ones of the full GCM 
than to the ones of the restricted GCM. This happens independently of whether selective 
attention is relevant for the task. One could argue that this is evidence for the ability of the 
CRM to show selective attention. Nonetheless, it could be the case that the same performance 
could be achieved by some different process. In the next section we analyze whether selective 
attention does indeed take place within the CRM. 

Does the CRM show selective attention? 

As remarked above, selective attention is not a property of a data set itself, but instead a 
process assumed within the GCM. Therefore, in order to assess whether the CRM exhibits 
selective attention while being exposed to each of the tasks considered, we make use of the 
GCM.  
 
 
Table 4.3: Maximum likelihood parameters and fits of the Generalized Context Model for simulated 
relative frequencies of training stimuli. 

 
Task  c w1 b1  SSE % Var ln L 
Saturation (A)  1.93 .57 .53  .004 99.79 -25.0 
  1.99 .50 .53  .004 99.79 -25.1 
         
Saturation (B)  2.15 .68 .51  .003 99.83 -29.3 
  2.26 .50 .51  .004 99.78 -31.7 
         
Criss-cross  2.94 .83 .49  .009 99.43 -34.8 
  2.35 .50 .50  .013 99.15 -44.3 
         
Brightness  2.91 .26 .53  .006 99.76 -39.1 
  3.06 .50 .53  .006 99.74 -44.7 
         
Pink-brown  2.22 .51 .50  .025 98.63 -101.3 
  2.22 .50 .50  .025 98.63 -101.4 
         
Diagonal  1.79 .48 .48  .029 96.81 -98.9 
  1.79 .50 .48  .029 96.82 -98.9 

 
Note. c = sensitivity parameter; w1 = attention weight of dimension 1 (saturation); b1 = bias for 
making category 1 response; SSE = sum of squared errors between observed and predicted 
probabilities; % Var = percentage of variance accounted for; ln  L = log-likelihood. 
 
 
For each of the categorization tasks, we used the probabilities predicted by the CRM for 
training stimuli to generate random samples assuming a binomial distribution (as at each trial 
a subject decides between one of two categories). The size of the sample generated for each 
of the tasks was exactly the same as the size of the human data sample. We fitted the full 
GCM and the restricted GCM to the generated data by using maximum-likelihood estimation. 
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The best parameter values and the fits obtained are presented in Table 4.3. The differences in 
fit between the full GCM and the restricted GCM are not significant for the saturation(A), 
pink-brown and diagonal tasks, they are marginally significant for the saturation(B) task, 
	2(1) = 4.9, p < .05, and significant (p < .001), 	2(1) = 11.1, 19.1, in the brightness and criss-
cross tasks, respectively. We conclude that the CRM shows selective attention for the 
brightness and criss-cross tasks.  

In Table 4.1, we presented the best fits of both versions of the GCM to the observed 
relative frequencies of training stimuli, on the basis of which we concluded that selective 
attention was evident for the brightness, criss-cross, pink-brown, and diagonal tasks. By 
comparing these results with the ones presented above, we conclude that the GCM and the 
CRM agree with respect to the role of selective attention in the saturation(A), saturation(B), 
brightness, and criss-cross tasks. In the remaining two tasks, pink-brown and diagonal tasks, 
the GCM shows selective attention while the CRM does not. There is a compelling 
agreement between both models.  

How does selective attention take place in the CRM? 

The CRM and the GCM differ in the way they are formalized. The CRM is expressed in 
terms of regions in the input space, neural units, neural activity and neural-like learning. The 
GCM is expressed in terms of similarity gradients, biased category contributions and 
selective attention. In order to better understand how the two are related, in particular how 
selective attention is taking place within the CRM, we will describe the behavior of the CRM 
in terms of the constructs used to express the GCM. 

The first issue we address is the nature of the similarity gradients. In the GCM, 
similarity is a monotonically decaying function with distance. In the case of the tasks we 
consider here, this function is taken as an exponentially decaying one. Would the same 
function relate similarity and distance within the CRM? In the CRM, each input unit 
represents a consequential region with a given size and a given location in the input space. A 
stimulus is represented by the activation of the input units whose consequential regions 
contain the stimulus. A natural way to define similarity between two stimuli within this 
model is by considering the number of input units that are simultaneously active in both 
representations, in other words, the number of consequential regions that contain both 
stimuli. Assuming Euclidean distance, we fitted an exponentially decaying function with two 
parameters, a coefficient and a decay parameter, to all pair wise similarities by maximizing 
R2. We obtained an R2 of 96.85%, from which we conclude that similarity decays 
approximately exponentially with distance within the CRM. Similarity within the CRM 
follows closely the similarity within the GCM. 

Both models, the GCM and the CRM, compute posterior conditional probabilities in a 
similar manner. Let us consider a case in which there are only two categories. In order to 
calculate the posterior conditional probability of a stimulus S belonging to category 1, the 
GCM considers two sums: the sum of the similarities between S and stimuli of category 1, 
and the sum of the similarities between S and stimuli of category 2. The posterior probability 
is then the ratio of the first sum by the sum of the two sums, as shown in Equation 3. 
Furthermore, each of the sums is weighted by a category bias, which might differ for each 
category. In the CRM, the same posterior probability is computed as the ratio between the 
activity of output unit 1 and the sum of the activities of all output units (see Equation 5). 
Suppose that the activity of an output unit is the sum of the similarities between S and stimuli 
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belonging to the category represented by that unit. If this was the case, the GCM and the 
CRM would compute posterior probabilities in exactly the same way. We explore this 
hypothesis below. 

As shown in Equation 4, the activation of an output unit is given by the dot product 
between the activation of the input layer and the weights of the connections ending in it. The 
weights are initially 0 and are adjusted according to the ‘Delta Rule’ (Equations 6 and 7). On 
each learning trial, the weights change in terms of the difference between the target activation 
and the activation at the output layer. The only information used to adjust the weights are the 
activity at the input layer, which is fully specified by the stimulus presented, and the target 
activation, which is given by the category associated to the stimulus. Therefore, the change in 
weights within a single trial can be identified as a contribution of the learned stimulus. Let 
active connection stand for a connection departing from an input unit with activation 1. On 
each learning trial, only the weights of active connections are adjusted. As it can be assessed 
in Equations 6 and 7, the amount of change in weight is the same for all active connections 
ending at the same output unit. In other words, whenever a stimulus is learned, all the active 
connections ending at output unit J will have the same value 
J added to their weights. Note, 
however, that active connections ending at distinct output units might have different changes 
in weight. In short, on each learning trial, the learned stimulus contributes with 0 to the 
weights of all non-active connections and with 
J to the weights of all active connections 
ending at output unit J. If the same stimulus is learned more than once, it contributes as many 
times as the number of trials it was learned to the value of a weight. Let the accumulated 
contribution be the sum of all the single trial contributions. The accumulated contribution of a 
stimulus will be equal for the weights of all active connections ending at the same output 
unit. This is an immediate consequence of the nature of the single trial contributions. After a 
number of learning trials, each single weight is the sum of the accumulated contributions of 
each of the learned stimuli:  

 

nkJkJkJ ccw ++= ...1 , (8) 

 
where wkJ is the weight of the connection between input unit k and output unit J, cikJ is the 
accumulated contribution of stimulus Si to weight wkJ, and n is the number of distinct stimuli 
learned.  

Let us assume that a stimulus S is presented to the network. As a result, only the input 
units whose consequential region contain S become active. The activity of each output unit J 
is then computed by performing the dot product of the activity of the input layer by the 
weights of connections ending at J, as given by Equation 4. Given that the activity at the 
input layer is binary, the dot product reduces to the sum of the weights of the active 
connections: 

 

�=
k

kJJ wo , (9) 

 
where wkJ is the weight of the connection between the k-th active input unit and output unit J. 
Given Equation 8, we can re-write this sum of weights as a sum of contributions, where the 
contribution of a learned stimulus is the sum of the accumulated contributions to each of the 
weights:  
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According to the conclusion derived above, the accumulated contribution of a 

stimulus Si to each of the weights ending in J is either 0 or a value ciJ. As a consequence, the 
contribution of Si to the output unit J is a sum of zeros and ciJ’s. Within this sum, there are as 
many ciJ’s as the number of connections that are simultaneously active under the presentation 
of Si and S. Given the definition of active connection, this is equivalent to say that the number 
of ciJ’s is equal to the number of consequential regions that contain both stimuli. Appealing to 
the definition of similarity proposed at the beginning of this section, we conclude that the 
contribution of a stimulus Si to the activity of an output unit J is the product of ciJ 
(contribution coefficient) with the similarity between stimuli Si and S. Consequently, under 
the presentation of a stimulus S, the activity of each output unit is given by a sum, with as 
many factors as the number of learned stimuli, in which each factor is the product of a 
contribution coefficient with the similarity between S and a learned stimulus: 
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where �iS is the similarity between stimulus Si and stimulus S. 

The posterior conditional probability predicted by the CRM (Equation 5) can now be 
re-written as a function of the similarity between the presented stimulus and the training 
stimuli:  
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where clJ is the contribution coefficient of training stimulus Sl to the activation of output unit 
J and �li is the similarity between stimuli Si and Sl. The resemblance between this equation 
and Equation 3 that gives the posterior conditional probability for the GCM model is evident. 
If the contribution coefficient of a training stimulus Sl to the activation of output unit J (clJ) 
was one in the case in which stimulus Sl belongs to category J, and zero otherwise, then the 
predictions made by the CRM would match the predictions made by the GCM, under the 
hypothesis of no selective attention. Nevertheless, as we have shown in previous sections, 
this is not the case. We point out two main deviations: (a) training stimuli belonging to a 
given category usually have negative contribution coefficients to output units representing 
other categories; (b) training stimuli belonging to the same category usually have different 
contribution coefficients to the same output units. To illustrate the first of the deviations, let 
us assume that we have two stimuli, S1 and S2, which belong to categories 1 and 2, 
respectively. A CRM network for this task has two output units, o1 and o2, representing 
categories 1 and 2, respectively. For the sake of simplicity, we will focus exclusively on the 
contribution coefficients of both stimuli to o1. Let us assume that the first stimulus learned by 
the network is stimulus S1. Given that the weights are initially 0, the difference between 
target activation and output activation for o1 is positive. Consequently, a positive value c1 is 
added to the weights of all active connections ending at o1. The weights of non-active 
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connections ending at o1 remain with 0. According to the definition of contribution 
coefficient, after the first learning trial, the contribution coefficient of stimulus S1 to o1 is c1 
while the contribution coefficient of stimulus S2 to the same output unit is 0. Suppose that the 
network is now presented with stimulus S2. Let us further assume that there are n 
consequential regions that contain both S1 and S2. As a result, the representations of S1 and S2 
share n active input units. Therefore, when S2 is presented, the activation of o1 becomes c1 x 
n. Given that the target activation for o1 is 0 and given that c1 x n is positive, the difference 
between the target activation and the output activation is negative. Consequently, the weights 
of the current active connections ending at o1 are adjusted by adding a negative value c2. 
Hence, after two learning trials, the contribution coefficient of S1 to o1 is a positive value c1 
while the contribution coefficient of S2 to the same output unit is a negative value c2. Here we 
have a small illustration of how a stimulus belonging to a given category can develop 
negative contribution coefficients to output units representing other categories.  

Training stimuli belonging to the same category can also develop different 
contribution coefficients to the same output unit. In Figure 4.4 we present the average 
contribution coefficients of each training stimuli to output unit 1, obtained from 100 
simulated subjects on the saturation(B) task, at the end of learning. Though the differences 
between the contribution coefficients are not very pronounced, let us recall that the 
contribution of a stimulus to the activity of an output unit is not given by the contribution 
coefficient alone, but instead by the product of this value by the similarity between stimuli, 
which can vary between 0 and 55. Therefore, small differences in the contribution 
coefficients can give rise to large discrepancies on the influence on the activity of output 
units and, consequently, on the posterior conditional probabilities predicted by the model.  
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Figure 4.4: Average contribution coefficients to output unit 1 (within parenthesis) obtained from 100 
simulated subjects on the saturation(B) task. 

 
 
The contribution coefficient of a stimulus to a given output unit depends on its location with 
respect to stimuli of the same category. If a stimulus is located centrally with respect to all or 
part of the remaining stimuli of the same category, then it will benefit the most from the 
contribution coefficients of the surrounding stimuli. Consequently, it will not have to develop 
as high contribution coefficients as the surrounding stimuli. This can be assessed in Figure 
4.4 by looking at stimulus 8. This stimulus, along with stimulus 3, is the most “central” 
stimulus with respect to all stimuli of category 1. As expected, its contribution coefficient is 
smaller than the contribution coefficient of the remaining stimuli of category 1.  
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The contribution coefficient of a stimulus to a given output unit depends also on the 
location of the stimulus with respect to stimuli of other categories. In Figure 4.4, stimulus 3 
shares the same status of stimulus 8, with respect to the remaining stimuli of category 1. 
Nevertheless, it is closer to stimuli of category 2 than the latter. As a result, it suffers more 
from the negative influence of stimuli of category 2. Therefore, it has to develop a higher 
contribution coefficient than stimulus 8.  

Contribution coefficients to the activity of output units can be negative and are not 
constrained to be the same for all stimuli belonging to the same category. For the rest, the 
CRM matches the GCM without selective attention. Therefore, selective attention within the 
CRM is explained by the unconstrained nature of the contribution coefficients. The CRM 
disrupts the similarity relationship between stimuli by differently associating stimuli with 
category labels. The GCM disrupts the same similarity relationship by: (a) differently 
associating members of different categories to their respective categories (by considering 
different biases for each category); (b) changing the location of the stimuli in the input space 
by differently scaling each of the dimensions (selective attention). Whenever the CRM 
disrupts considerably the original similarity structure, the GCM recurs to its two mechanisms 
to better approximate the predictions made by the CRM. This explains why the CRM, on 
certain occasions, shows selective attention.  

Discussion 

In this article, we have shown that the CRM presents performance comparable to that of the 
GCM, independently of whether selective attention is evident or not for the categorization 
tasks analyzed. Furthermore, we saw that selective attention emerged in the CRM in four of 
the six categorization tasks if and only if it was evident in the GCM fits to human data. This 
result is particularly interesting given that the CRM does not explicitly deal with the concept 
of dimension. Instead, the CRM deals with the notion of consequential region. A 
consequential region represents but a finite area of the input space. There are no relationships 
between different consequential regions beyond their possible overlap, which depends 
exclusively on the size and location of the regions. Surprisingly, such an unstructured 
representation is able to produce behavior comparable to that achieved by models in which 
the concept of dimension is implemented explicitly such as the GCM. In higher areas of the 
visual sensory cortex, such as the inferotemporal area of the monkey, neurons are responsive 
to moderately complex object features (Tanaka, 1996) and show unimodal tuning curves (Op 
de Beeck, Wagemans, & Vogels, 2001; Sakai, Naya, & Miyashita, 1994). They respond 
maximally to a preferred stimulus and their responses decrease monotonically with 
parameter-space distance. The representation scheme adopted follows coarsely the principles 
of cortical coding enunciated. Input units respond maximally to stimuli located proximally to 
the preferred stimulus and do not respond at all to stimuli at further distances. In this article, 
we have shown that selective attention could take place from such a neurobiologically 
plausible representation.   

We further investigated how selective attention could emerge from within the CRM 
and concluded that this results from the unconstrained nature of the associations between 
learned stimuli and categories. In contrast to the GCM, the CRM does not constrain all the 
stimuli of a category to share the same strength of association to each of the category labels. 

While comparing the performance of both models, we used only the observed relative 
frequencies of training stimuli to find the best fitting parameter values. This procedure is 
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rather uncommon, as it was not used before when fitting the GCM to human data (Nosofsky, 
1986, 1987, 1989). We adopted this procedure because the observed frequencies of transfer 
stimuli do not have any influence on the predictions made by the CRM, while the same does 
not hold for the GCM. Furthermore, the procedure used allowed us to compare the 
predictions made by both models for transfer stimuli, with zero free parameters. We also 
performed the same analysis considering all the observed data instead. The results were 
identical to the ones presented, with the exception of the criss-cross task. Here the CRM 
performed considerably worse (R2 = 89.06%) than the GCM (R2 = 97.58%). The CRM was 
not able to predict properly the observed relative frequencies for the transfer stimuli. As 
formalized, the CRM does not change its weights under the presentation of a transfer 
stimulus. Our hypothesis is that the fits might well improve if the CRM is allowed to learn 
with transfer stimuli, by reinforcing the prediction made at each transfer stimulus 
presentation.  

In conclusion, we have here shown how the CRM, an adaptive neural network, 
without computing distances between stimuli, without assuming an exponential decay in 
similarity between stimuli or any explicit mechanism of selective attention is still able to 
exhibit behavior comparable that of the GCM. In a way, the CRM can be considered an 
alternative to ALCOVE (Kruschke, 1992) as the latter also implements the GCM using a 
neural learning mechanism. Nevertheless, ALCOVE explicitly implements all the 
assumptions just mentioned and is clearly presented as a psychological model. It extends the 
GCM by providing a mechanism through which selective attention evolves on a trial-by-trial 
basis. With the CRM, the aim is to investigate how the processes assumed in the GCM could 
conceivably be taking place at a level closer to the neurobiology. 


