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Figure 2. Results from Phase 5 for participants who learned the rule-plus-exceptions (Clus-
ter 2) and the corresponding model predictions. As in Figure 1, the cells each represent a
particular stimulus. The upper left panel shows human performance in Phase 5. Within each
cell, the bars show the percentage of Category 1 (light gray) and Category 2 (dark gray) re-
sponses. Dots mark the locations of exception stimuli. The upper right and lower left panels
show the Phase 5 predictions of ALCOVEc and ATRIUM, respectively, when the models are
fit to all phases of the experiment. The lower right panel shows predictions of ALCOVEc when
it is fit only to Phase 5. The Xs indicate stimuli for which the human response percentages are

outside the 99% confidence interval for the model predictions.

ticular category is zero. If the human participant selects
a category for which the model predicts zero probability,
then the likelihood of the trial is zero, making the nega-
tive log likelihood infinite. To avoid this problem, the first
block of Phase 1 (a total of eight trials per subject) was not
included in the fit.

Due to the incremental nature of our experimental pro-
cedure, we assumed that exemplars in both models were
recruited. The recruitment method was based solely on
novelty; the first time a simulated subject encountered a
particular stimulus, a corresponding exemplar would be
stored by the simulated subject. Exemplars for both train-
ing stimuli and test stimuli were stored. Other recruitment
schemes, including recruiting only training exemplars,
storing training exemplars prior to learning, and storage
of all stimuli, were also tried, and all produced qualita-
tively similar fits.

Fits of the models. Each model was fit to the two
clusters of participant data separately. Because we are

interested in how well the models account for rule-plus-
exception learning, we emphasize Cluster 2.! The Clus-
ter 2 human data and corresponding model predictions
for the testing phase (Phase 5) are presented in Figure 2.
ATRIUM provides a better account of the data than does
ALCOVEc.? Inspection of the model predictions in Fig-
ure 2 indicates that ALCOVEc does not show robust rule
extrapolation, unlike human participants (and ATRIUM).
ALCOVEc makes several highly inaccurate predictions,
marked by Xs in Figure 2. ALCOVEc’s predictions for
the T transfer items are all at least 19% off and these
predictions are often even ordinally wrong (i.e., showing
a preference for the opposite-rule/exception category).
ATRIUM shows only three cells marked by Xs, none of
which is ordinally wrong and none of which involves ex-
trapolation near exceptions.

Analysis of model behavior. Much of the reason that
ALCOVECc has problems fitting these data is that humans
can apparently adopt a rule for which they have seen only
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limited instances. People induce a rule early in training
that they continue to apply throughout the experiment.
ALCOVECc can emulate rule-like generalization when a
number of the rule-consistent exemplars for both catego-
ries develop broad receptive fields (i.e., low specificities).

Our experiment challenges ALCOVEc and its specificity
learning capabilities because early and late phases impose
opposing constraints. For ALCOVEc to perform well on
rule-plus-exception tasks, such as Phases 4 and 5 of our
experiment, it must develop broad receptive fields on rule-
consistent exemplars and simultaneously develop narrow
receptive fields on exception exemplars so that generaliza-
tion is rule-like. Learning this specificity differentiation
is made difficult for ALCOVECc by training it on a limited
number of rule-consistent instances in Phases 1 and 2. Al-
though humans have no trouble inferring a rule from a
handful of instances, limiting early training to a few stim-
uli that are near the category boundary makes it unlikely
that ALCOVEc will develop broad receptive fields that
produce rule-like extrapolation similar to that of humans.
When the full set of learning data is used, it is evident that
ALCOVECc cannot simultaneously fit late training data and
account for early learning.

Even when ALCOVEC is fit to Phase 5 alone, without
being constrained by performance on earlier phases, it still
does not predict robust rule-like extrapolation on novel
transfer items, as can be seen in the lower-right panel of
Figure 2.3 ALCOVEc shows only weak preferences on
transfer items.

SUMMARY AND DISCUSSION

The empirical data and modeling results presented
herein both point to a need for rule representation in cat-
egorization. The results from our rule-plus-exception ex-
periment matched previous findings from Erickson and
Kruschke (1998, 2002), that participants exhibited strong
rule-like extrapolation, even to novel stimuli. These re-
sults could not be accounted for by the extended exem-
plar model, ALCOVEc, and were better explained by a
hybrid rule-and-exemplar model, ATRIUM. Thus, the
experimental data presented above provide a continuing
challenge to theories that posit a single exemplar-based
representational system.

The extended exemplar model, ALCOVEc, and
specificity learning in particular, were proposed by Rod-
rigues and Murre (2007) as a means of producing the
rule-consistent extrapolation seen in humans performing
a rule-plus-exception task, but this mechanism is clearly
insufficient. In the present experiment, ALCOVEc’s pre-
dictions do not show robust rule extrapolation (see Fig-
ure 2). This is the case even though ALCOVECc uses a
power-response rule that generally produces decisive cat-
egory responses, even for novel stimuli.

As a historical note, specificity learning was included
in the original ALCOVE code as an option (www.indiana
.edu/~kruschke/publications.html#ALCOVE). Erickson
and Kruschke (1998) explored specificity learning in their
modeling investigation and discovered that it did not en-
hance ALCOVE fit to rule-plus-exception data. Specificity

learning in ALCOVEc apparently worked for Rodrigues
and Murre (2007) because of the inclusion of a different
response rule. The combination of specificity learning and a
power-choice rule was able to show some rule-like extrapo-
lation, but we have shown that ultimately it still fails on a
slightly different rule-plus-exception experiment.

Although it remains possible that a modified exemplar
model, or an altogether different model with a single rep-
resentational system, could account for our data, we con-
tinue to believe that multiple forms of representation are
necessary. Erickson and Kruschke (1998, 2002) amassed
a large amount of rule-plus-exception data. Ultimately,
any candidate model must tackle all of these experiments,
not just one phase of a single experiment.
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NOTES

1. The participants in Cluster 1 did not learn the exceptions and there-
fore did not exhibit learning behavior complex enough to warrant the
extra mechanisms posited by ALCOVEc or ATRIUM. Consequently, the
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fits are of little interest, but are included for completeness. For Cluster 1,
the fit value for ALCOVEc yielded AIC = 12,697 and BIC = 12,744 (for
parameter values ¢;y;; = 0.3350, ¢ = 2.261,4, = 0.03187,1, = 0.007668,
A =2.565 X 10~ and v; = 9.571). The fit value for ATRIUM yielded
AIC = 12,533 and BIC = 12,618 (for parameter values ¢ = 0.08878,
¢ =2.638,1, = 0.006304, 4, = 0.03658, v; = 39.20, y, = 34.33, ¢, =
5.047, A, = 0.1062, 1, = 0.005578, 8,; = —1.037, 8,, = 0.2328). For
all fits, v is the salience of dimension 1 (line segment position) and v,
(corresponding to rectangle height) was set to 1.

2. For Cluster 2, the fit value for ALCOVECc yielded AIC = 19,597
and BIC = 19,646 (for parameter values ¢;,;; = 1.706, ¢ = 0.8532, 1, =
0.008037, A, = 0.03608, 1. = 0.3491, and v, = 2.754). The fit value
for ATRIUM yielded AIC = 18,848 and BIC = 18,929 (for parameter
values ¢ = 307.8, ¢ = 1.217, 4, = 0.4767, A, = 0 [fixed], v, = 0.9887,

v, =2.799, ¢, = 15.94,4, = 0.1085,4, = 8.151 X 1074, B,; = 0.03937,
B> = —0.06363). The BIC reduction of more than 700 is quite large for
only four extra parameters, since BIC tends to favor models with fewer
parameters. The main argument against ALCOVEc, however, is its quali-
tative failure revealed in Figure 2.

3. A thorough parameter search revealed a minimum negative log
likelihood of 3,126.8 when ALCOVECc is fit only to Phase 5, Cluster 2
data. This best fit was obtained with parameter values: ¢;,;; = 1.087, ¢ =
2.246,1, = 0.01523,4, = 1436 X 10710, 1, = 0.1511, and v; = 1.758.
Because the number of data points included in this fit is far less than
previous fits, AIC and BIC values are not comparable.
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