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Yamauchi and Markman (1998) claimed that a particular exemplar model could not fit data from both
classification and inference learning. We show that a minor generalization of the model’s response
function, which allows for different degrees of decisiveness but which does not alter the exemplar-
similarity processing of the model, allows the exemplar model to fit their data. Thustheir evidenceis
inconclusive, and the same type of representation might underlie both types of learning.

Yamauchi & Markman (1998) claimed that a particular ex-
emplar based model could not account for their results from
category learning experiments. Their experiments involved
two types of learning: One type of learning was standard
classification learning, in which people learned to provide a
missing category label when presented with all the stimulus
features. A secondtypeof learning wasinferencelearning, in
which people learned to provide amissing feature when pre-
sented with all the other stimulus features and the category
label. Becausetheir exemplar model predictions could not fit
the data, Yamauchi & Markman (1998) argued that (1) “these
models seem to require a major modification to account for
inference transfer data” (p. 143) and (2) classification learn-
ing and inference learning “require different strategies’ and
“give rise to the formation of distinct category representa-
tions’ (p. 144).

In thiscommentary we show that an exemplar model can,
in fact, fit the data when its response function is generalized
dightly to allow for different degrees of decisiveness. The
exemplar-based core of the model remains unchanged. The
generalized response function is the same one that Yamauchi
and Markman (1998) used to test the Rational model, and is
the same generalization as has been used with exemplar mod-
elsin several previous publications. Hence the evidence pro-
vided by Yamauchi and Markman (1998) isinconclusive, and
the fit of the dlightly modified exemplar model to their data
may even be taken as support for the opposite of their con-
clusions; that is, exemplar models might indeed be adequate
to account for both classification and inference learning, and
both types of learning could giveriseto the sametype of rep-
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resentation. In what follows, we first describe the classifi-
cation and inference learning tasks, then the exemplar-based
model, and then the fit of the model to Yamauchi and Mark-
man’s (1998) data.

Classification and Inference
Learning

Yamauchi & Markman (1998) had participants learn
about simple geometric figures that varied in form (cir-
cleftriangle), size (large/small), hue (red/green), position
(left/right), and class (“ Set A”/“ Set B”). Thus, stimuli varied
on five binary features, four of which were geometric, and
one of which was verbal. In classification learning, partici-
pants saw the geometric features and had to predict the cor-
rect classification. Ininference learning, participants saw the
classification and three of the four geometric features, and
had to infer the correct value of the missing geometric fea-
ture.

The assignment of stimuli to classifications was based on
a prototype structure, such that the Set A prototype had ex-
actly the opposite feature values as the Set B prototype, and
stimuli were assigned to Set A or Set B according to which
prototype had more matching geometric features. The proto-
types themselves were never shown in training. This struc-
tureissometimesreferred to asa* family resemblance” struc-
ture. Table 1 shows the abstract design of the categories and
learning tasks. Each row of the Table shows an instance that
could occur on a learning trial. The feature preceded by a
questionmark (“?") isthe missing featurethat the participant
had to predict, based on the other four presented features.

The upper section of Table 1 showsthe instancesused in
classification learning. In all these cases, it is the class that
must be inferred from the four geometric features. This sec-
tion of Table 1 aso clearly reveals the prototype structure of
theclassifications: Class 1 consistsof those stimuli that have
more geometric feature values of 1 than of 0. ClassO consists
of those stimuli that have more geometric feature values of O
than of 1.

The lower section of Table 1 showstheinstances used in
inferencelearning. In all these cases, the classlabel and three
of thefour geometric feature values are provided, and the re-
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maining geometric feature value must be inferred. Yamauchi
& Markman (1998) selected these inference training cases
such that the missing feature value could be perfectly pre-
dicted from the class label. Thus, the missing feature value
was always consistent with the prototype.

After training on the classification instances, or on the
inference instances, or on a complete mixture of both, par-
ticipants were then tested in a transfer phase on all the pat-
terns and on the untrained prototypes. In terms of the ab-
stract structure, there were just four distinct types of test pat-
terns: First, there were the (trained) classification instances,
inwhichthree of thefour featuresare consistent with the pro-
totype. Second, there were the (untrained) classification pro-
totypes, in which al four of the features are consistent with
the prototype. Third, there were the (trained) inference in-
stances in which the missing feature is consistent with the
prototype. Fourth, there were the (untrained) inference in-
stances in which the missing feature is inconsistent with the
prototype.

We focus on the results of Yamauchi and Markman's Ex-
periment 1, because complete data were provided only for
this experiment, and because the results of Experiment 2
were qualitatively similar to the resultsof Experiment 1. The
results from the transfer phase of Experiment 1 are repro-
duced in their entirety in Tables 2 and 3, but Yamauchi &
Markman (1998) emphasized and analyzed only the means
of the four types of test patterns, across three kinds of train-
ing. These means are highlighted in bold face in Tables 2
and 3, and can be summarized as follows (cf. Yamauchi &
Markman, 1998, p. 134). For theinference testsin which the
missing feature was inconsistent with the prototype, partici-
pants responded with the prototypical value more often than
with the non-prototypical value (last row of Table 3). This
tendency was greatest for people who experienced inference
training, and least for people who underwent classification
training. Acrosstransfer types, accuracy was better for those
transfer types that matched the training experienced by the
participant. Finaly, performance on the (untrained) proto-
typeswasvery highfor all training types(last row of Table2).
Yamauchi and Markman argued that the dependency of per-
formance on type of training indicated that inference training
encourages encoding of “family resemblance information,”
whereas classification training encourages “attention to ex-
ception feature values.”

Exemplar Based Model
The Generalized Context Model (GCM)

Yamauchi & Markman (1998) applied the Generalized
Context Model (GCM, Medin & Schaffer, 1978; Nosofsky,
1986) to their data, to examine whether a well-established
exemplar-based model could address data from both infer-
ence and classification training. In the GCM, each distinct
training item gives rise to an exemplar in memory, which

Table 1
Abstract structures of stimuli used for classification and in-
ference learning.

Geometric Feature

1 2 3 4 Class
(Form) (Size) (Hue) (Position) (Set A/B)
Classification learning

1 1 1 0 7?1

1 1 0 1 71

1 0 1 1 71

0 1 1 1 7?1

0 0 0 1 2

0 0 1 0 2

0 1 0 0 20

1 0 0 0 20

Inference learning
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Table 2

Classification transfer; proportion of prototype-consistent responses. Observed and YGCM means are plotted in the left

panel of Figure 2.

Inference training Mixed training Classification training
Y&M Y&M Y&M
Stimulus Obs. YyGCM GCM Obs. yGCM GCM Obs. yGCM GCM
Non-prototypes
111,071 .864 896  .895 .850 923 920 1.000 952  .958
1,101,721 .636 685  .701 .950 850  .853 1.000 889  .893
101171 .818 801  .789 .850 875  .866 .826 849 848
01,1171 .773 708 709 .900 850  .846 1.000 969 955
0,0,0,1,20 .909 896  .895 1.000 923 920 913 952 958
0,0,1,0,20 .727 685  .701 .750 850  .853 .783 889  .893
0,1,0,0,20 .773 801  .789 .900 875  .866 870 849 848
10,000 .636 708 709 .800 850  .846 .957 969 955
M ean: 767 J73 774 875 875 871 919 915 914
Prototypes
1,111,721 .955 929 907 .900 927 951 .957 978  .978
0,0,0,0,20 .955 929  .907 .950 927 951 .957 978  .978
M ean: .955 929 907 .925 927 951 .957 978  .978

contains the features of the item. When a stimulus is pre-
sented with a missing class label that must be inferred, the
model first computes the similarity of the stimulus to each
exemplar in memory (based on the available featuresin the
stimulus). Then each exemplar “votes’ to fill in the miss-
ing class label with its stored value for the class label. The
strength of the exemplar’s vote is determined by its similar-
ity to the stimulus. Thus, an exemplar in memory that is
highly similar to the stimulus casts a strong vote in favor of
its value for the missing class label, but an exemplar that is
only dightly similar to the stimulus castsaweak votein favor
of its value for the missing class label.

Formally, the similarity n;; of stimulusi to exemplar j is

given by
Nij = exp (—C Wk|Xik— Xjkl)
class

where c isa scaling constant called the specificity, kisan in-
dex for the features over which similarity is computed, w, is
aweight on each feature, X, isthevalue of featurek in stimu-
lusi, and x;, isthevalueof featurek in exemplar j. Theidea
underlying this formalization is that similarity drops off ex-
ponentially with the distance, in psychological feature space,
between the stimulus and the exemplar (Shepard, 1987). The
distancein Equation 1 is computed using acity-block metric,
with each featural dimension weighted appropriately for the
task.

The similarities are transformed into choice probabilities
according to aratio rule (Luce, 1959), such that a value is
chosen with probability equal to the summed similarity of ex-
emplarsin favor of that value, relative to the total similarity

D

across al exemplars. When the missing feature is the class
label, the probability of choosing class C1, given stimulusi,
isgivenformally as

clij= S 0, . . 2
P{C1]i} j:;Zian/[jE 1nj+jEZ:onJ] 2

where the sum inthe numerator (i.e., ¥ jgc1) istaken over all
exemplarsthat votein favor of valueC1; that is, all exemplars
j that have value C1 astheir classlabel.

Extension of GCM to Address Inference

The GCM was originaly formulated only for predict-
ing classification labels on the basis of other features. Ya
mauchi & Markman (1998) made a reasonable extension of
the GCM so that it could be applied to the inference task.
They simply assumed that the classification | abel wasanother
binary-valued feature, like the other stimulus features, and
that Equations 1 and 2 coul d be applied anal ogously whenthe
missing feature was geometric instead of the class|abel.

For example, when astimulusi is presented with itsform
missing but its class provided, its similarity to exemplar j is
given by

3

ii=expj—c W [ X — X
nu p( k‘%rm klxlk jkl)

wherethe sum istaken over size, hue, position and class(i.e.,
not including form). The probability of selecting form value
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Table 3
Inferencetransfer; proportion of prototype-consistent responses. Observed and YGCM means are plotted in the left panel of
Figure 2.

Inference training Mixed training Classification training
y=1 Y&M y=1 Y&M y=1 Y&M
Stimulus Obs. yGCM GCM GCM Obs. yGCM GCM GCM Obs. yGCM GCM GCM
Consistent with prototype
?1,1,1,01  .909 929 750 .918 .800 977 750  .902 .652 713 646 .718
71,1011  .909 918 750 .918 1.000 976 750 .902 .652 901 .861 .788
71,0111 .955 966 .750 .918 .850 973 750 .902 .826 815 .761 .788
?0,0,0,,0 .909 929 750 .918 .900 977 750  .902 .652 713 646 .718
70,0,1,00 .818 918 .750 .918 .900 976 750 .902 1.000 901 .861 .788
20,1,0,00 .955 966 .750 .918 1.000 973  .750 .902 .739 815 .761 .788
1,71,101 .955 945 750 .918 .900 966 .750 .902 .696 727 660 .723
1,71,01,1  .909 937 750 .918 .950 964 750 .902 .957 903 .863 .791
0,71,1,1,1  .909 935 750 .918 1.000 953 .750 .902 .870 789 734 785
0,70,0,,0  .909 945 750 .918 .900 966 .750 .902 .696 727 660 .723
0,70,1,0,0 .909 937 750 .918 .950 964 750 .902 913 903 .863 .791
1,70,0,00 1.000 935 750 .918 1.000 953 .750 .902 .870 789 734 785
1,1,721,01 1.000 930 .750 .918 .900 960 .750 .902 .783 755 689 .723
1,0,71,1,1 1.000 967 750 .918 1.000 956 .750 .902 .957 835 781 .791
0,1,71,1,1 1.000 916 .750 .918 .950 948 750 .902 .870 808 .752 .785
0,0,20,,0 .909 930 .750 .918 1.000 960 .750 .902 .783 755 689 .723
0,1,70,0,0 1.000 967 750 .918 1.000 956 .750 .902 913 835 781  .791
1,0,20,00 .955 916 .750 .918 .900 948 750 .902 .826 808 .752 .785
11,071,1 .955 923 750 .918 .950 955 750  .902 .957 896 .855 .759
1,01,7,1  .955 968 .750 .918 1.000 952 750  .902 .739 801 .743  .759
011711 .955 920 .750 .918 1.000 945 750  .902 .696 762 702 .751
0,014,200 .909 923 750 .918 .950 955 750 .902 .826 896 .855 .759
0,1,0,200 .955 968 .750 .918 1.000 952 750  .902 .739 801 .743  .759
10,0200 .864 920 .750 .918 1.000 945 750 .902 .826 762 702 .751
M ean: .938 938 750 .918 .950 960 .750 .902 .810 809 754 .763
Inconsi stent with prototype
70,1111 .818 843 750 .919 .700 646 750 .902 522 639 .609 .790
71,0000 .773 843 750 .919 550 646 750 .902 A78 639 .609 .790
1,720,1,1,1  .909 887 750 .919 .800 759 750  .902 .609 659 .627 .793
0,71,0,00 .864 887 750 .919 .700 759 750  .902 .696 659 627 .793
11,2011  .909 846 750 .919 .850 795 750  .902 .696 699 661 .793
0,0,72,00 .864 846 750 .919 .750 795 750  .902 .739 699 661 .793
111,201 .864 855 .750 .919 .900 814 750 .902 .739 596 562 .760
0,00,71,0 .864 855 .750 .919 .800 814 750 .902 .652 596 562  .760

Mean: .858 858 .750 .919 756 754 750 902 .641 648 615 784
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Figurel. Leftgraph: Choice probability from Equation 4 for selecting the prototype-consistent feature, for consistent probe case 711101
and inconsistent probe case 201111. Right graph: Choice probability from Equation 5 for two different values of y. (These graphs assume

a classification label weight of 10.0 and a feature weight of 0.1.)

F1isthen given by

P{F1[i)= ; ni,—/[_ Nij+ ni,—] (4)
jeF1 jeF1 jeF0

where the sum in the numerator of Equation 4 is taken over
all exemplarsthat votein favor of value F1; that is, all exem-
plars that have value F1 as their form. Analogous equations
apply for the other features of size, hue, and position.
Consider the predictions of this extension of the GCM for
cases of inference transfer. Because the class label is posi-
tively correlated with all the geometric features, but the geo-
metric features have zero correlation with each other, we as-
sume that the weight on the class label is much larger than
the weights on the geometric features. When c is extremely
large, only the exactly matching exemplar in memory will
have any influence on the choice. For very large c, there-
fore, the missing feature will befilled in essentially perfectly,
whether it is consistent or inconsistent with the prototype.
On the other hand, when c is small, only the class label will
have any significant impact on the similarities, because the
already small weights on the geometric features will be mit-
igated still further by being multiplied by avery small value
of c. When cis small, therefore, all exemplars that match
the classlabel of the stimulus will cast equally strong votes,
and all exemplarsthat mismatch the class |abel of the stimu-
luswill cast only negligible votes, and hence the choice pro-
portion in favor of the prototype-consistent value will be .75,
because three fourths of the exemplars vote in favor of the
prototype-consistent value. Interpolating between these ex-
tremes, it can be seen that for intermediate values of c, the
model predicts that missing features that are consistent with
the prototypewill beinferred with a choice proportion some-
where between 1.0 and 0.75, whereas missing features that
areinconsi stent with the prototype will beinferred to be con-
sistent with the prototype with a choice proportion some-

where between 0.0 and 0.75. In other words, there must be
some intermediate value of ¢ such that Yamauchi and Mark-
man’s (1998) extension of the GCM makes qualitatively cor-
rect predictions for the inference cases.

To make the preceding discussion more concrete, con-
sider two specific cases of inference transfer. One case is
probe item 711101, which matches a training item (11101)
that hasitsfirst feature consistent with the prototype for cat-
egory 1. Theother caseis probeitem 201111, which matches
a training item (01111) that has its first feature inconsis-
tent with the prototype for category 1. If we assume fea-
ture weights of the small value 0.1, and aclassification label
weight of the large value 10.0, then the probability of choos-
ing the prototype-consistent value for the missing feature, as
derived from Equations 3 and 4, is plotted in the | eft panel of
Figure 1. For arange of specificity values, from about 0.5 to
11.0, the probability of choosing aprototype-consistent value
for the missing feature of the inconsistent probe is greater
than 0.5 and | essthan the choice probability for the consistent
probe. This trend is qualitatively the same as that obtained
from participantsin the experiments conducted by Yamauchi
& Markman (1998), as can be seenin Table 3.

Including Decisivenessin the Response Mapping

Yamauchi & Markman (1998) used a more general ver-
sion of the choice probability function (i.e., Equation 2) when
they tested a version of Anderson’s (1990) Rational model
of categorization. They used a version proposed by Nosof-
sky, Gluck, Palmeri, McKinley, & Glauthier (1994), which
in turn was motivated by aversion of the GCM proposed by
Maddox and Ashby (1993, p. 54; see also Ashby & Mad-
dox, 1993, Proposition 1). Inthisgeneralization of thechoice
probability function, there is greater flexibility in the extent
to which a certain difference in similarities is mapped to a
degree of choice preference. For example, suppose that for
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Figure2. Left: Predictions by y-GCM of 12 means, when fit to 126 cases using 33 parameters. Numerical dataare providedin Tables 2
and 3. Right: Predictionsby constrained y-GCM, whenfit directly to 12 meansusing 5 parameters. Numerical dataare providedin Tableb.

agiven stimulus, the summed similarity to exemplars of one
category is 0.6, and the summed similarity to the exemplars
of the other category is0.4. Should thisdifferencelead to an
extremely decisive and strong choice preference, or should it
lead instead to only a weak and indecisive preference? One
way of parameterizing the degree of decisivenessisby rais-
ing the component summed similaritiesto apower, sothat the
largest summed similarity can be more or less dominant over
the others. Formally, the mapping from summed similarity to
choice proportion becomes

() M)+ )]

wherey = 0. Notice that Equation 2 is a special case of this
more general Equation 5 with y= 1.

A psychological interpretation of the power y is that it
represents response confidence or decisiveness When y is
large, then relatively small differences in summed similar-
ity produce large response preferences, that is, more deci-
sive responses, with probabilities closer to the extremes of 1
or 0. When yis small, then response probabilities tend to be
closer to 0.5. Maddox & Ashby (1993) provided an aterna-
tiveinterpretation in terms of noisein adecision criterion for
adeterministic exemplar model. Nosofsky & Palmeri (1997,
p. 291) described another interpretation of y as a response
threshold for arandom walk model of speeded classification.
Whereas neither of theseinterpretations might be directly ap-
plicable here, they do suggest that this mapping has several
possible psychol ogically meaningful functions, including de-
cisiveness.

As we demonstrate below, a value of y greater than 1 is
important for an adequatefit of themodel. (Maddox & Ashby

P{CL|i} =

(1993) also found that good fits to their data demanded val-
ues of y greater than 1.) When y= 1, asin the model fits of
Yamauchi & Markman (1998), the GCM can generate pre-
dictionsthat are qualitatively correct, asexplained above, but
that have absolute magnitudesthat are off the mark. In other
words, the predictions and the data covary appropriately, but
the absol ute deviation between predictions and dataislarge.

On the other hand, by incorporating the power y in the
response probability function (as in Equation 5), the abso-
lute magnitude of the response probabilities is disentangled
from the mechanism of summed similaritiesto exemplars. A
larger value of v, reflecting a higher decisiveness, permits a
monotonic increase in the extremeness of the predicted re-
sponse probabilities, without affecting the exemplar similari-
ties. Theright panel of Figure 1 illustrates how different val-
ues of y affect choice probabilities, for the two cases of infer-
ence described earlier. Asy getslarger, the choice probabil-
ities diverge more rapidly to the extremes; asy gets smaller,
the choice probabilities loiter closer to chance. The version
of the GCM that alows y to be freely estimated will be re-
ferred to henceforth as yYGCM.

Alternative Formalization of Decisiveness

An dternative formalization of decisiveness has also
been frequently used intheliterature (e.g., Estes, 1988, 1994,
Gluck & Bower, 1988; Kruschke, 1992). Instead of raising
each component of summed similarity to apower, each com-
ponent of summed similarity is exponentiated. Thus, instead
of mapping summed similarities to choice probabilities via
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Table 4

Best fitting parameter values and minimized error for the yGCM, and the minimized error for Yamauchi and Markman’'s

(1998) application of the GCM.

Type of y=1 Y&M
Training Wiorm  Wsze Whge Wpos  Weass V% RMSD SSD SSD SSD
Classification transfer
Inference 031 021 033 078 na 558 0041 0.017 0021 0.021
Mixed 510 401 510 208 na 030 0062 0.039 0040 0.040
Classification 1.03 3223 271 159 na 078 0.055 0.030 0.031 0.031
Inference transfer
Inference 028 077 030 037 3720 263 0040 0.05 100 0.10
Mixed 030 049 062 073 021 2252 0063 013 112 0.38
Classification 051 071 139 022 3680 132 0084 022 031 048

the formulain Equation 5, we can use the mapping
P{C1]i] = exp (V % nij)
jeCL

flelzn)=zn)]

This mapping also has extensive precedentsin the neural net-
work and engineering literature, where it goes by the name
of the “softmax” function (e.g., Bridle, 1990; Rumelhart,
Durbin, Golden, & Chauvin, 1995). The basic motivation is
the same; that is, to allow flexibility in the extent to which
summed similarity is mapped to choice decisiveness.

The two formalizations of decisiveness can be seen to be
closely related, after some algebraic manipulation. Notice
first that Equation 5 can be re-expressed asa sigmoidal func-

tion (where sig{X] = 1/[1+ exp{—yx1]J:

P{CL|i= 1/ [1+ exp (—v (logj;lﬂij—'ogjgonii))]

(1)
Next, noticethat Equation 6 can also bere-expressed asasig-

moidal function:

P{c31|i]=1/[1+exp(_y(lgln”_‘;On”))]@)

Thus, the two mappings are similar, but not identical, in that
both are sigmoidal functions of the difference of summed
similarities, but the first version takes the logarithm of the
summed similarities before computing their difference.

In our simulations of Yamauchi and Markman’s data, we
initially used this alternative mapping (Equations 6 or 8), and
found that it fit the data essentially as well the mapping in
Equations 5 or 7. Thus, the specific formalization of deci-
siveness does not appear to be critical. In general, when the

exemplar model is given the minor modification of mono-
tonicflexibility initsresponsefunction, leaving itsexemplar-
similarity core untouched, then the model fitsthe data, aswill
be demonstrated below. Intheremainder of the articlewere-
fer only tothefirst formalization of decisiveness(Equations5
or 7), becausethisisthe version used by Yamauchi & Mark-
man (1998) for their simulations of the Rational model.

Fit of the Model to Data

Fit is Greatly Improved by Flexible Decisiveness

Tables 2 and 3 show the proportion of choices consis-
tent with the prototype, as observed in human learnersby Ya-
mauchi & Markman (1998), as predicted by the best fitting
YGCM, and as predicted by Yamauchi and Markman’s (1998)
application of the GCM. The values entered in thetables are
the proportion of choices consistent with the prototype value.
This proportion equal sthe proportion correct for itemsin Ta-
ble 2 and for itemsin Table 3 that probed features consi stent
with the prototype. For the inferencetransfer items (Table 3)
that probed a feature inconsistent with the prototype, how-
ever, this choice proportion is the proportion of error. For
example, the inference transfer stimulus, 201111, asks about
themissing form of aitem that was trained with formvalueO.
The correct response for thisitem would, therefore, be form
value 0. The table shows, on the contrary, the proportion of
choices of form value 1, which is consistent with the proto-
type.

Following the procedure used by Yamauchi & Markman
(1998), the yGCM was fit to al 126 data points by fixing
the specificity value at one (c= 1), and allowing the the at-
tentional weights (w,) and decisiveness (y) to be freely esti-
mated. Yamauchi and Markman (1998) also fixed c= 1 and
allowed the attentional weightsto be freely estimated, but ef-
fectively had the decisiveness fixed at a value of one. We
tried to replicate the predictions of the GCM reported by Ya-
mauchi & Markman (1998). Our best fits were concordant
with those reported by Yamauchi and Markman (1998) for



KRUSCHKE, JOHANSEN & BLAIR

Table5
Predictions of constrained yGCM. (Also plotted in right panel of Figure 2.)
Training
Inference Mixed Classification

Stimulus Type Obs. yGCM Obs. yGCM Obs. yGCM
Classification Transfer
Non-prototypes 767 q73 875 .875 919 .933
Prototypes .955 .906 .925 973 .957 .992
Inference Transfer
Consistent with Prototype .938 .963 .950 918 .810 821
Inconsistent with Prototype  .858 .829 .756 762 .641 .676

theclassificationtransfer tests, but not for theinferencetrans-
fer tests. Wefoundthat if weinappropriately used Equation 2
for al transfer items, including the inference transfer items,
instead of the correct versions (such as Equation 4 for infer-
ring missing form values, etc.), then we could reproduce the
predictionsreported by Yamauchi & Markman (1998) for the
inference transfer tests.

It can be seen from Tables 2, 3 and 4 that the fit of the
YGCM is much better than the fit of the GCM with y = 1.
Thisisespecially evident for theinferencetransfer conditions
(Table 3 and the lower half of Table 4). Even the worst fit
of yGCM, inferencetransfer after classification training, pro-
vides a superb fit to the mean response proportions within
types of transfer items. Specifically, examinein Table 3 the
mean proportionsfor itemsconsi stent with the prototype, and
for items inconsistent with the prototype. Across all three
training conditions, it can be seen that for items inconsistent
with the prototype (lower part of Table 3), the mean choice
proportion is greater than .50 but less than the mean choice
proportion for items consistent with the prototype (upper part
of Table 3). Moreover, yGCM predicts these mean propor-
tions extremely accurately, although it wasfit to the individ-
ual item proportions. The left graph of Figure 2 shows the
predicted means plotted against the empirical means. The
correlation between the data and the predictionsis .994, with
98.7% of the variance accounted for.

Fit to Essential Means

Although thefit to the individual test casesis greatly im-
proved by letting decisiveness be a free parameter, Table 4
shows that the best fitting parameter values varied dramati-
cally and uninterpretably from one condition to another. This
does not necessarily indicate a shortcoming of the model,
however. Infact, awiderangeof parameter valuesfitsthe 12
means very well. When attempting to fit the probabilities of
the 126 individual test cases, however, the parameter values
are distorted to extremes to accommodate small amounts of
residual variation. We fit all 126 individua test cases in the
previous section only to replicate the procedure of Yamauchi
& Markman (1998). Intheir dataanalysis, however, they de-

scribed only the differencesamong the 12 means, which form
the essence of the empirical results. Therefore we conducted
asecondfit, directly to the 12 means, using aconstrained ver-
sion of yGCM.

In the constrained yGCM, we allowed only five free pa-
rameters. First, we allowed only one weight for all the geo-
metric features, across al conditions. This is motivated by
the abstract category structure, which was symmetric with
respect to geometric features. Any differences in feature
weights would only reflect differences in the saliences of
the physical instantiations, which we hoped were relatively
small. We allowed a second weight for the classification la-
bel, but again fixed across conditions. This second weight
isagain motivated by the abstract structure of the categories,
becausetheclassification|abel iscorrelated with all of the ge-
ometric features, but no geometric feature is correlated with
another. We provided the model with three values of deci-
siveness, y, depending on the relationship between the trans-
fer task and the training task. If the transfer task was the
same as the training task (either both classification or both
inference), then decisiveness should, presumably, be rela-
tively high. If thetransfer task differed from thetraining task
(oneclassification and the other inference), then decisiveness
should presumably be relatively low, because participants
were attempting to make decisions that they had not previ-
ously been trained on. If the transfer task followed mixed
training, then decisiveness might be yet another value, be-
cause mixed training entailed learning about the most cases.

Table 5 showsthe predictions of the best fitting parameter
values, and the right panel of Figure 2 shows the predicted
means plotted against the empirical means. The correlation
is.955, with 91.3% of the variance accounted for. The best-
fitting parameter values yielded RMSD = 0.029, for a geo-
metric feature weight of 0.599, a classification label weight
of 1.90, adecisivenessof y= 4.06 for the conditions with the
transfer task the same as the training task, a decisiveness of
y= 3.00for themixed training conditions, and adecisiveness
of y= 1.90 for the conditions with the transfer task different
fromthetrainingtask. Theordinal relationsbetween parame-
ter values are as anticipated and psychol ogically meaningful.
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Conclusion

The yGCM fits the means of the inference and classifi-
cation transfer data very well, with parameter values that re-
flectintuitively plausibleand theoretically meaningful differ-
ences in feature weights and decisiveness. The ability of the
YGCM to fit the classification and inference data supports the
notion that a common representation underlies both classi-
fication and inference knowledge. Whereas Yamauchi and
Markman’s (1998) hypothesis of different strategies and rep-
resentations might be correct, the evidence presented in their
article does not rule out the opposite hypothesis.
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