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Analysis
The KRES model was able to account for the data by 

using bidirectional connections, error-driven learning, 
and knowledge represented as lateral connections among 
features. The basic frequency effect—faster learning and 
more accurate responses to HF items—appears to be a 
result of error-driven learning: The weights between input 
features and category labels are more frequently updated 
by errors on HF items than by errors on LF items, pull­
ing the prototype represented by the weights toward the 
HF items (Barsalou et al., 1998). The high test accuracy 
on the (untrained) prototype items is due to the prototype 
architecture of the model. The accuracy on single-feature 
tests likewise follows from the prototype representations 
of the model, with the normal features having strong asso­
ciations with the category labels but the exception feature 
having only weak associations.

When knowledge is added, the picture becomes more 
complicated. The knowledge–frequency interaction could 
be due to several aspects of the model, including changes 
in activation due to lateral connections, changes in activa­
tion due to top-down feedback, potential dynamic pro­
cesses in activation, and changes in weights due to shifts 
in learning. It is important to understand what aspect of 
the model yields the observed behavior. To address this, 
we consider the activations of the input nodes, which 
(through recurrent connections and KRES’s constraint 
satisfaction processes) represent the combined influence 
of all aspects of the model.

Figure 10 illustrates the input nodes of a typical model 
with the best-fit parameters for Experiment 1, following 
training. Each rectangle represents a node’s activation 
when presented with the specified input pattern. For ex­
ample, the upper left boxes represent the five “1” input 
nodes (I1-1 to I5-1 in Figure 7; the five “0” input nodes are 
not shown), when presented with the 11110 pattern (the 
HF item). The rightmost box is the exception feature. The 
height of each box indicates the activation of that input 
node once the network has settled into a steady state. The 
width of each box represents the learned weight between 
that node and the correct category response node. The area 
of each box thus represents the signal that the input node 
provides to the response node. The total area, which is the 
total weighted input to the category node from these units, 
is in the column on the right.

The key result of this visualization is that the total 
amount of activation provided to the category node is 
determined mostly by the weights and is only minimally 
determined by changes in activation. Consider the first 
two rows of the no-knowledge column. Since the excep­
tion feature is only weakly associated with the response, 
the value of that feature has only a weak effect on cat­
egorization. However, when knowledge is available (left 
column), the weight is considerably larger, and the change 
in total weighted activation is much less. The change in 
input node activation (height) due to knowledge is al­
most imperceptible and has little effect on the response. 
A similar pattern occurs with single-feature tests (bottom 
two rows). Without knowledge, the exception feature is 
weakly weighted and contributes little to the category 

processes being investigated by the experiment, as will be 
discussed further below.

Experiment 2
To further investigate the performance of the KRES 

model on this task, we fit the model to the task in Experi­
ment 2. For the purposes of modeling, the only difference 
between the two experiments was that the strength of the 
frequency variation changed from 6:1 to 3:1. Otherwise, 
the procedure was the same. The model was run over a 
wide variety of parameter settings, to get a qualitative un­
derstanding of the model’s performance, and the RMSSD 
metric was used to find parameters that fit the Test 2 re­
sults well.

The best result from this coarse fitting procedure was 
found with the parameters l.r. 5 .03, α 5 3, inhib. wt. 5 
20.7, and excit. wt. 5 0.3. The RMSSD measure was 
0.84, indicating that the average error was less than the 
SEM of the data. Following all five blocks of training, 
each of the major qualitative patterns seen in Table 4 
was observed in the KRES model (see Figure 8, right). 
The model showed a frequency effect on trained items 
that was reduced in the presence of prior knowledge 
(from .97 2 .93 5 .04 to .97 2 .95 5 .02) and, likewise, 
showed the reduced effect of feature type on the single-
feature tests, when prior knowledge was present (from 
.89 2 .75 5 .14 to .97 2 .97 5 0). These results confirm 
that KRES can account for the interacting effects of fre­
quency and prior knowledge over a range of frequency 
differences.

The results of simulating the first test, following the 
first block of training, were somewhat different. Recall 
from above (and Figure 5) that early in training, we found 
an effect of frequency on trained items only with knowl­
edge, not without knowledge, contrary to the Test 2 ef­
fects. The KRES model does not show this result, instead 
just showing the same pattern as the late test, but with 
lower accuracy overall. For example, whereas our subjects 
responded equally accurately to LF and HF trained items 
without knowledge, KRES showed a frequency advan­
tage. In addition, knowledge increased both HF and LF 
response accuracies in KRES by roughly equal amounts. 
The model’s performance on the single-feature tests also 
differed from our data. Although we observed single-
feature tests to be nearly as accurate as tests of the trained 
items, the model was considerably less accurate on single-
feature tests.

This pattern of results, with the model qualitatively fit­
ting relatively well late in training but very poorly early 
in training, suggests that KRES does not capture all as­
pects of the learning process, and especially not the initial 
phases of learning. It may be, for example, that people’s 
representations of dimensions, features, and stimuli are 
not coherent early in learning, which KRES, with its hand-
constructed representations, cannot capture. However, 
KRES’s success in quantitatively fitting Experiment 1’s 
test results and quantitatively fitting the late phase of 
Experiment 2 does suggest that an understanding of the 
model can provide some insight into the processes that 
may lead to the knowledge–frequency interactions.
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all weighted activation is minimal, but the effect on learn­
ing, across many trials, is significantly more substantial.

General Discussion

The experimental results described here show a strong 
interaction between an important structural property of 
a category, exemplar frequency, and an important exter­
nal factor in concept learning, the content of the catego­
ries. When thematic prior knowledge was relevant to the 
concept being learned, the learning advantage for HF 
items over LF items was greatly reduced. Likewise, in 
postlearning tests, knowledge improved classification of 
the LF items, whereas it had little effect on HF items. 
Knowledge never completely eliminated the frequency 
effects on the trained items, however, suggesting that cat­
egorization decisions are influenced by both sorts of in­
formation. An analogous pattern of results was seen with 
the single-feature tests. Without knowledge, the subjects 
frequency-matched associations between features and 
category responses, but with prior knowledge, responses 
become consistent with that knowledge and inconsistent 
with frequency.

One important sign of progress in the field of category 
learning has been the creation of a number of explicit 
computational models that account for a wide variety of 
empirical data. However, until recently, there have been 

node activation. With knowledge, the exception feature 
is weighted more strongly, and there is little difference 
in total weighted activation. Note that here the effects of 
lateral and top-down feedback are more prominent. With­
out knowledge, top-down feedback yields higher activa­
tion of the missing features in the normal feature case, 
which in turn yields higher overall weighted activation. 
With knowledge, this same effect occurs to some extent, 
but now both exception and normal features have higher 
activation, due to the lateral connections.

From this visualization and analysis, we can conclude 
that the effects of knowledge on test accuracy are due pri­
marily to different patterns of learned weights and only 
secondarily to test time effects of resonance and constraint 
satisfaction. But why are the exception features weighted 
more strongly when knowledge is present in the network? 
The answer here does have to do with issues of resonance 
and constraint satisfaction. In the early stages of learn­
ing, the lateral excitatory knowledge connections tend to 
increase the activation of all the input nodes when other 
input nodes are active. The exception feature in a stimu­
lus like 11110 tends to be more strongly activated with 
knowledge (i.e., rather than 0, the last dimension takes on 
a positive value), which results in larger weight changes. 
The increase in activation can be seen in the top row of 
Figure 10, where the height of the rightmost rectangle is 
considerably greater with knowledge. The effect on over­
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Figure 10. Activation of KRES input nodes, following learning, for a typical run of the model for Experi-
ment 1. The first three rows represent whole-test items; the bottom two rows represent single-feature tests. 
Each rectangle represents a “1” input node, with the height proportional to the equilibrium activation of 
the node and the width proportional to the weight between the node and the correct response node. The 
area of each rectangle thus represents the contribution of the input node to the response node’s activation. 
The number to the right is the sum of the areas, is equal to the input nodes’ contribution to response node 
activation, and is related to response probability. Key comparisons are outlined. HF, high frequency; LF, 
low frequency; Proto., prototype; Except., exception; Norm., normal.
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to discriminate between different classes of models (e.g., 
distortion vs. integration). A complete test would require 
comparison of different kinds of knowledge—thematic 
versus preexisting concepts.

Progress is already being made in conducting more 
sensitive tests. For example, testing categories that most 
people were familiar with (shy person, frequent traveler, 
college graduate, etc.), Heit (1994) found that an integra­
tion model provided the best account (although see also 
Heit, 1998). Similarly, Harris and Rehder (2006) found 
that an integration model (specifically, a version of KRES 
elaborated with exemplar nodes) provided a better ac­
count of learning both linearly and nonlinearly separable 
categories that corresponded to familiar concepts (Wat­
tenmaker et al., 1986). We expect that these and new stud­
ies, combined with model-testing methodology that has 
been applied successfully in the past, will shed new light 
on the details of how prior knowledge influences category 
learning.

By showing how the structural effects of new catego­
ries and prior knowledge related to the content of those 
categories interact, we have supported a view of category 
learning in which prior knowledge can be a complex and 
nontrivial factor. By using the KRES model of category 
learning to account for the experimental data, we have 
made progress in understanding how those complexities 
might be realized and how the old and new representations 
involved in categorization and category learning affect 
each other.
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