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6. Summary and Discussion 

 
The ability of humans to learn categories (e.g. dog, cat, tree, chair) has been an object of 
study, at least, since the time of Aristotle. He proposed that categories are characterized by a 
set of properties that are shared by their members. Learning a category amounts to 
discovering the respective set of properties. This theory, known as the classical theory, has 
been brought into question in the 1970s by the work of Eleanor Rosch and colleagues who 
investigated the structure of natural categories (e.g. birds, dogs, cats; Rosch, 1973, 1975; 
Rosh et al., 1976). They found that some members are better representatives of a category 
than others. For example, when asked to assess how typical a bird is, humans judge robins as 
very typical, pigeons as moderately typical, and ostriches as atypical (Rips et al., 1973; 
Rosch, 1973). This finding cannot be accommodated by the classical theory because it 
assumes that all members share exactly the same properties and, therefore, should be equally 
good representatives.  

Several alternative theories have been proposed since then, notably the exemplar 
theory. This theory assumes that humans learn categories by storing the respective exemplars 
in memory and classify stimuli in terms of their similarity to the stored exemplars. Although 
intuitively unreasonable, due to its large memory demand, the exemplar theory has proven 
very successful in explaining many different phenomena (Kruschke, 1992; Medin & Edelson, 
1988; Medin & Schaffer, 1978; Medin & Schwanenflugel, 1981; Nosofsky, 1986, 1987, 
1989; Nosofsky et al., 1994; Nosofsky & Johansen, 2000; Nosofsky & Zaki, 1998; Shin & 
Nosofsky, 1992; Zaki & Nosofsky, 2001). Nevertheless, a number of recent studies have 
questioned its viability as a general theory of category learning. Many of these studies are 
motivated by explorations of the neural basis of category learning and suggest that categories 
are learned simultaneously by at least two different systems: an implicit system that is not 
accessible to conscious awareness and learns stimulus-category associations, in certain cases 
just as the exemplar theory assumes (e.g. Ashby et al., 1998; Erickson & Kruschke, 1998), 
and an explicit system that is under conscious control and attempts a solution by formulating 
and revising potential rules. Nevertheless, the results of some of these studies have already 
been shown to be fully accommodated by the exemplar theory (e.g. Nosofsky & Johansen, 
2000). Others, however, still await an exemplar-based explanation. 

The exemplar theory has, so far, been formulated exclusively in cognitive terms. 
However, some of the challenges require a formulation in terms of brain areas and respective 
neural mechanisms. In this dissertation, we studied the ability of a purely cognitive 
formulation of the exemplar theory in explaining some of the challenging data. Alongside, we 
initiated an attempt to formulate the theory in neural terms.  

Main contributions 

One of the challenging data sets to the exemplar theory of category learning has been 
gathered by Erickson and Kruschke (2002b). Subjects learned a rule-plus-exception task, i.e. 
a task in which most but not all of the stimuli can be classified correctly in terms of a simple 
rule. According to Erickson and Kruschke, subjects discover the rule through the course of 
learning and apply it whenever they are presented with a stimulus that is not one of the 
exception stimuli, i.e. those that violate the rule. Thus, when presented with novel stimuli, 
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subjects would classify them in terms of the rule, independently of their similarity to the 
exception stimuli. In contrast, the exemplar theory predicts that novel stimuli that are more
similar to exception training stimuli than to the rule-following training stimuli would be more 
often classified into the category of the exceptions. The results agreed with Erickson and 
Kruschke’s hypothesis. Model analyses confirmed the inability of an exemplar model to 
replicate the data appropriately, whereas a model assuming both rule and exemplar category 
representations provided a good account. 

We re-addressed this data set in Chapter 2. In their model analyses, Erickson and 
Kruschke (2002b) considered that all training stimuli were stored equally well in memory. 
However, there are reasons to believe that this is not the case. First, exception stimuli were 
presented more frequently than rule-following stimuli to guarantee that they were learned. 
Second, exception stimuli are “surrounded” by rule-following stimuli. Therefore, it is 
essential to distinguish well between them and the neighboring stimuli, whereas the same 
does not necessarily hold for the rule-following stimuli. In short, it seems plausible to assume 
that exception stimuli are stored better in memory than rule-following stimuli. Alternatively, 
subjects might have learned to attend to different stimulus properties for different stimuli. In 
the case of exception stimuli, all properties are relevant to distinguish them from rule-
following stimuli. On the other hand, only one stimulus property is relevant for the correct 
classification of the rule-following stimuli. Therefore, attention might have been distributed 
differently for exception and rule-consistent stimuli. In contrast, Erickson and Kruschke 
(2002b) assumed the same distribution of attention for all stimuli.  

We tested these two hypotheses under one specific exemplar model and found that 
neither of the two provided a good account of the data. However, we noted that current 
exemplar models make use of two slightly different choice rules. To our knowledge, these 
rules have been used interchangeably without much consideration. We showed that, in the 
present case, the specific choice rule used has a profound impact. Whereas this change is of 
small relevance when equal storage and equal attention is assumed for all stored exemplars, it 
yields good accounts of the data under either of the two hypotheses considered. In fact, these 
were as good as the one provided by the alternative model proposed by Erickson and 
Kruschke (2002b). 

In short, our results suggest that the exemplar theory can explain human performance 
in rule-plus-exception tasks provided adequate assumptions are made with respect to 
exemplar storage. In addition, we present evidence in favor of one of the two alternative 
choice rules commonly used. 

In Chapter 3, we addressed another challenging phenomenon for the exemplar theory 
in particular and all theories of category learning in general: the formation of new stimulus 
dimensions as a consequence of category learning. It is commonly assumed that stimuli are 
perceived in terms of a set of fixed dimensions, even if these cannot be expressed verbally. 
For example, colors are perceived in terms of three dimensions: brightness – how light or 
dark a color is, saturation – how intense or concentrated a color is, and hue – the aspect of 
color that distinguishes red from yellow or blue. According to the exemplar theory, subjects 
are apt to attend more or less to each of these dimensions depending on the category 
structure. For example, if low brightness colors belong to a category and high brightness 
colors to another, the theory predicts that subjects will attend mostly to the brightness 
dimension while ignoring the remaining ones.  

Recent studies suggest that the way in which stimuli are perceived might change as a 
consequence of category learning (e.g. Goldstone & Steyvers, 2001; Hockema, Blair, & 
Goldstone, 2005; Rogosky & Goldstone, 2005). In particular, new stimulus dimensions might 
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emerge during the course of learning, with subjects attending to these newly formed 
dimensions. This is expected whenever two conditions hold. First, the categorization task is 
such that attention to any of the preexisting dimensions does not help in separating stimuli 
from different categories. Second, there is a simple (linear) combination of the existing 
stimulus dimensions such that stimuli of opposite categories appear at different ends of this 
resulting dimension. Therefore, attention to this new dimension would help in distinguishing 
between stimuli of different categories. We explored this hypothesis by revisiting a series of 
data sets in the literature. We found evidence for the formation of new dimensions in multiple 
categorization tasks. This was the case when the categorization tasks fulfilled the two 
conditions expressed above. Unexpectedly, this was also the case in categorization tasks for 
which attention to just one of the preexisting dimensions was optimal.  

We established these results by comparing the fits of a conventional exemplar model 
with those of an extended exemplar model that allows the formation of new dimensions. 
Although the former already provided good accounts of the data in all the categorization tasks 
considered, the latter provided significantly better accounts. This finding suggests that the 
exemplar theory needs to be extended with the notion of stimulus dimension formation. 
Nevertheless, future research is needed to clarify under which conditions new dimensions are 
formed and how. 

 
In the last two chapters of this dissertation we explored some potential neural 

mechanisms for the exemplar theory. In Chapter 4, we focused on the process of selective 
attention. We took a previously proposed neural realization of the theory, which left 
expressly unaddressed the question of selective attention. We hypothesized that selective 
attention could emerge from the interaction between the nature of the neural representation of 
the stimuli and the learning mechanism assumed. This was tested on a data set including 
categorization tasks for which selective attention has been shown relevant, as well as tasks in 
which selective attention was not relevant. In all cases, the neural model performed as well as 
the exemplar cognitive model considered, accounting closely for human performance in the 
majority of the tasks. This was the case independently of whether selective attention was 
relevant or not. Thus, the neural model did reveal selective attention effects. We also 
presented a rigorous analysis of why this is the case. 

In Chapter 5, we delved into the neural representation of stimuli. Cognitive theories of 
category learning assume a simplified representation of the stimuli according to which they 
are perceived in terms of a set of psychological dimensions (recall the dimensions of color 
presented above). However, visual stimuli enter the brain in the form of an image. Is it the 
case that the visual system transforms input images into neural representations compatible 
with cognitive representations? We evaluated a proposal according to which neurons in the 
latest stage of the visual system are tuned to several views of objects previously experienced 
(view-based theory of visual processing). Novel objects are represented in terms of the match 
between their image and the preferred views of each neuron. We identified some stimulus 
sets for which this proposal is unlikely to produce representations compatible with the 
cognitive ones. We also discussed potential alternatives and delineated neurophysiological 
and behavioral experiments to assess their viability.  
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Limitations 

The results in this dissertation suggest the viability of the exemplar theory as a general theory 
of human category learning. In Chapter 3, we have shown that it can account for one of the 
relevant data sets suggesting the existence of multiple category learning systems. This finding 
disputes the need to assume rule-based category representation as proposed by Erickson and 
Kruschke (2002b). On the other hand, humans do report using rules in certain categorization 
tasks. How can this paradox be explained? In our view, rule-based category representations 
are likely to exist along with exemplar-based representations, but the category structures 
considered so far are simply not sufficiently diagnostic. In most studies proposing the 
existence of rule-based representations, stimuli can be correctly classified in terms of a 
simple one-dimensional rule (e.g. line segments with length smaller than 3 cm belong to 
category A, otherwise to category B). These cases are not problematic for the exemplar 
theory due to its selective attention process that emphasizes differences along the relevant 
stimulus dimension (e.g. line segment length) and deemphasizes differences along the 
remaining dimensions (e.g. line segment orientation). However, it is possible to envision 
conditions in which neither selective attention, nor any of the remaining processes we 
proposed in Chapter 3, can grant the exemplar theory a good account of human performance. 
One such condition has been identified by Erickson and Kruschke (1998) but, strangely 
enough, not yet carried out: “Imagine a category structure that follows a square-wave 
function. For example, stimuli in the range 50 to 59 would be assigned to category A, stimuli 
in the range 60 to 69 to Category B, stimuli in the range 70 to 79 to category A again, and so 
forth (beyond both 50 and 79). If a finite number of stimuli are presented from a finite 
number of these regions – perhaps 40 stimuli selected randomly from four regions, expanding 
from 50 to 89 – then tests of novel stimuli between 50 and 89 are interpolative tests and tests 
of novel stimuli beyond this range are extrapolative tests. (…) When required to extrapolate 
beyond the training region (…) exemplar-based models of categorization cannot perform 
better than chance. If a rule-based model is able to induce the correct rule, it will continue to 
classify stimuli with the same degree of accuracy for extrapolation as for interpolation.” 
(Erickson and Kruschke, 1998, p. 109). Thus, if humans extrapolate in a rule-like fashion and 
the novel stimuli expand several regions outside the training range, the exemplar theory is not 
able to reproduce this performance, whereas a rule-based model is. We believe this 
hypothesis is worth being tested even if rule-based models are not yet sufficiently matured to 
the point of explaining the expected performance. 

Independently of whether rule-based category representations are shown to be 
necessary, any future theory of category learning should address the finding explored in 
Chapter 3 according to which psychological dimensions underlying stimulus representation 
can themselves be the product of category learning. We found this to be the case when the 
optimal rule is a linear combination of the a priori psychological dimensions. However, in all 
data sets considered, the stimuli varied along integral dimensions, i.e. sets of dimensions to 
which subjects have trouble in ignoring variation along the unattended dimensions when 
asked to attend to one of the dimensions. Arguably, the same finding holds for all sorts of 
stimuli, even those varying along separable dimensions, i.e. dimensions to which subjects can 
attend to without being disturbed by variation along other dimensions. We hypothesize that 
once a stimulus set admits a “strong” dimensional structure, as in the case of separable 
dimensions, more extensive learning and attention is necessary (and sufficient) to generate 
alternative dimensions. In a certain respect, this is analogous to reversing the advantage of 
word reading over color naming in the Stroop task. In this task, subjects are presented with 
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color words written in various colors and have to either read the word or name the color in 
which it is written. Whereas an incongruent word (e.g. ‘green’ written in red) is read as fast 
as a congruent word (e.g. ‘green’ written in green), naming the color of an incongruent word 
takes longer than naming the color of a congruent one. In addition, word reading is also faster 
than color naming in both conditions. This finding is explained by subjects’ greater 
familiarity with word reading (Cohen, Dunbar, & McClelland, 1990). Thus, it should be 
possible to invert the advantage of word reading if subjects are exposed to color naming more 
often. This hypothesis is strongly supported by the results of a study conducted by MacLeod 
and Dunbar (1988). Subjects learned to label novel shapes with color names (e.g. to respond 
“orange” to an odd polygon). After training, they were tested on naming the shapes and the 
respective colors under congruent and incongruent conditions. When training was short (one 
day), color naming was equally fast under both conditions whereas retrieving the label of a 
stimulus was slower in the incongruent condition. In contrast, after extensive training (20 
days), naming the shape was equally fast under both conditions and color naming became 
slower in the incongruent condition than in the congruent condition. Thus, as far as the 
analogy goes, one might expect the emergence of new psychological dimensions to take place 
for stimuli varying along separable dimensions, provided that subjects have extensive 
experience. 

In our study, we left unaddressed the question of how psychological dimensions could 
result from category learning. Simulation work by Rougier et al. (2005) provides a starting 
point for a potential neural mechanism. In a nutshell, the neural model distinguishes four 
brain areas: sensory cortex, posterior association cortex, prefrontal cortex, and 
premotor/motor cortex. Upon a stimulus presentation, activation propagates from the sensory 
cortex to the posterior cortex where it is combined with activation transmitted by the 
prefrontal cortex. The response is generated at the premotor/motor cortex induced by the 
activation in the posterior and prefrontal cortices. A key factor in the model is the ability of 
the prefrontal cortex to maintain activation patterns between stimulus presentations and to 
rapidly reset these once the responses produced proves inadequate. The model was trained on 
a series of tasks with stimuli varying along different dimensions (e.g. color, shape, size) and 
each task demanding attention to one of the dimensions (e.g. name the color of the stimulus 
presented, name the size of the largest of the two stimuli presented). After training, the 
activity patterns in the PFC were correlated with dimensions in the stimulus set, being present 
whenever the corresponding dimension was relevant in the task at hand, irrespectively of task 
type or stimulus presented. In contrast, the activity pattern in the posterior association cortex 
varied with stimulus and task. The relevance of the prefrontal cortex structure in the 
development of dimension-related activity patterns was attested by simulating the neural 
model lacking the prefrontal cortex. As expected, no dimension related activity patterns 
developed and activity varied between stimuli and tasks. 

Although the emergence of dimension/related activity patterns in the prefrontal cortex 
does not necessarily imply that stimuli become organized into psychological dimensions, it is 
likely to help. Activation from the prefrontal cortex arriving the posterior cortex enhances the 
activity of those units that are tuned to the value of the stimulus presented on the attended 
dimension. Hebbian learning strengthens the connections between sensory units and the 
enhanced units, making the latter more responsive in a future representation of the stimulus. 
As a result, representations in the posterior cortex become dominated by the dimensions 
learned.  

The only problem still left is to guarantee an ordered arrangement of the dimension 
values in the newly formed dimension. In other words, to make sure that the similarity 
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between the activity patterns induced by stimuli having different values along a dimension 
varies proportionally to the difference between the respective values in the dimension self 
(e.g. the activity pattern for a small shape should be more similar to that of a medium shape 
than to that of a large shape). This could be given either by realistic neural representations as 
explored in Chapter 5, or induced by learning pairwise relations between stimuli as in the 
“name the size of the largest of the two stimuli” task considered in Rougier et al. (2005). 

The work of Rougier et al. (2005) is also potentially relevant to the issue explored in 
Chapter 4: a neural mechanism for the selective attention process. We proposed that selective 
attention could be realized by assigning distinct strengths to the associations between 
exemplar representations located at the latest stage of sensory processing (e.g. the 
inferotemporal cortex in the case of visual stimuli) and the corresponding category labels, as 
predicted by the learning mechanism of the neural model explored. According to this 
proposal, the representations remain unchanged through the course of learning and selective 
attention emerges from the interplay between the category structure and the learning rule. 
Although this mechanism can induce selective attention effects, previous studies also suggest 
an involvement of the prefrontal cortex and the basal ganglia in selective attention. For 
example, Nosofsky and Kruschke (2002) have shown that selective attention disruption 
characterizes well human performance in a categorization learning task performed in 
simultaneous with a numerical Stroop task known to depend on working memory and 
executive attention, two cognitive functions supported by the prefrontal cortex and basal 
ganglia. In another study, Ashby et al. (2003) found that Parkinson’s disease patients were 
impaired in learning a simple task where subjects needed to attend to one of four stimulus 
dimensions, a result that stresses the involvement of the basal ganglia in selective attention. 
Filoteo et al. (2007) also found impaired performance of Parkinson’s disease patients on tasks 
demanding attention to only a subset of the stimulus dimensions. These results can be 
accommodated in the neural model explored by Rougier et al. (2005). Under the absence of 
lesions or extra loads, the prefrontal cortex, in cooperation with an adaptive gating unit 
(standing for the basal ganglia), is able to maintain and switch between activity patterns 
representing stimulus dimensions. Since the posterior association cortex receives activation 
from the prefrontal cortex, those units representing the value of the stimulus along the 
dimension active in the prefrontal cortex become enhanced. Due to capacity limits in the 
posterior cortex, those units representing values of the stimulus along the non-attended 
dimensions have their activity reduced. As a result, the largest differences in activation in the 
posterior cortex take place for stimuli differing along the dimension active in the prefrontal 
cortex. This agrees with the effects assumed within the cognitive process of selective 
attention. When the prefrontal cortex or the basal ganglia are lesioned or overloaded, it 
becomes more difficult to maintain one dimension active across stimulus presentations. As a 
result, there is no consistent dimension-wide enhancement in the posterior cortex and 
selective attention effects become dim. Although this verbal explanation seems plausible, 
only modeling work can show its viability, an agenda for further research.  

An important feature in the proposal above is the role (and existence) of recurrent 
connections between the posterior association cortex and the prefrontal cortex, which allows 
activation to propagate in both directions. In contrast, the neural models analyzed in Chapter 
5, which are assumed to provide a good account of processing within the visual ventral 
pathway only assume feedforward connectivity. We have argued that such models are unable 
to produce stimulus representations compatible with the psychological spaces derived from 
behavioral data for certain stimulus sets. We also raised the possibility that this problem 
could be solved by allowing feedback processing. However, in order to test this hypothesis, 
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the models would have to undergo major changes, which could undermine their ability to 
map closely the neurophysiological results they are known to account. Thus, the resulting 
models would have to be re-evaluated before the hypothesis of interest could be tested. A 
reasonable alternative is to consider off-the-shelf models of invariant object recognition, such 
as the ones we considered, but incorporating feedback processing. One such model has been 
proposed by Deco and Rolls (2004). It combines the feedforward neural model of object 
recognition VisNet (Elliffe, Rolls, & Stringer, 2002; Rolls & Deco, 2002; Rolls & Milward, 
2000; Wallis & Rolls, 1997) with a model of spatial and object attention, which recurs to 
backprojections for top-down attentional effects (Deco, 2001; Deco & Lee, 2002; Deco & 
Rolls, 2002; Deco & Zihl, 2001; Rolls & Deco, 2002). The model has been shown to preserve 
the ability of VisNet to perform invariant object recognition and is, therefore, suitable to test 
our hypothesis. However, preliminary tests with VisNet have revealed some difficulties. The 
model failed to show gradual changes in the activation patterns at the latest stage of visual 
processing when presented with stimuli varying from highly similar to highly dissimilar. 
Either the same activation pattern resulted for groups of similar stimuli or completely distinct 
activation patterns were obtained for highly similar stimuli. This was probably a consequence 
of the large number of stimuli used in our simulations, fairly surpassing the two or three 
stimuli commonly used in tests of the model (e.g. Stringer, Perry, Rolls, & Proske, 2006; 
Wallis & Rolls, 1997). Gradual activation changes across stimuli are fundamental to obtain 
compatibility with psychological spaces. Thus, we expect identical problems with Deco and 
Roll’s proposal. Nonetheless, this remains a potential basis for further research into the nature 
of stimulus representations underlying category learning. 

Concluding remarks 

In this dissertation, we explored the viability of the exemplar theory as a general theory of 
category learning. We have shown that it can account for some of the most challenging 
findings that have been accumulating during the past decennia, in part as a result of the 
proliferation of neuropsychological, neuroimaging, and neurophysiological studies. Other 
challenges await a more detailed specification of the theory, ideally in terms of neural 
mechanisms. We have strived to provide such a specification by considering some cognitive 
components of the theory one by one. For each of these, we took established neural models 
and evaluated their ability to match the properties of the corresponding cognitive counterpart. 
In addition, we discussed how these models could be further elaborated and identified 
potential alternatives.   

The component-wise approach adopted is likely to be the best approach to follow in 
the near future. As we have found, there are still too many details to be worked out at the 
component level. The same view is corroborated by researchers proposing multiple systems 
of category learning (e.g. Ashby, Ennis, & Spiering, 2007). In addition, we believe that 
exploring existing models of the target brain areas should be pursued before new models are 
proposed. Most likely, some limitations will come to the surface, as these models have been 
developed to target other data sets. However, this should only help in guiding subsequent 
explorations. 

As we acknowledge above, it is likely that the exemplar theory will not be able 
continue to sustain its claim to generality. Nonetheless, we believe that a large portion of the 
category learning ability of human subjects can still be characterized well in terms of 
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exemplar storage and use. Thus, it is worthwhile to carry on the exploration of a full 
specification of the theory in neural terms. 


