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Abstract

Enhanced memory for oddball items has been long
established, but the basis for these effects is not well
understood. The present work offers a novel way to
think about novelty that clarifies the roles of isola-
tion and differentiation in establishing new memo-
ries. According to the isolation account, items that
are highly dissimilar to other items are better re-
membered. In contrast, recent category learning
studies suggest that oddball items are better re-
membered because they must be differentiated from
other similar items. The current work pits the isola-
tion and differentiation accounts against each other.
The results suggest that differentiation, not isola-
tion, leads to more accurate memory for deviant
items. In contrast, gains for isolated items are at-
tributable to reduced confusion with other items, as
opposed to preferential storage.

Introduction

Vancouver, Toronto, Montréal, Austin. Given a list
of items to remember, people show a memory ad-
vantage for an item that differs from the others in
some way, such as an American city (Austin) in a list
of Canadian cities (Vancouver, Toronto, Montréal).
This robust memory phenomenon is known as the
von Restorff (1933) effect and has been established in
various forms. For example, distinctive faces (Valen-
tine, 1991), behaviors (Hastie & Kumar, 1979), and
category members (Palmeri & Nosofsky, 1995) are
remembered better than typical items.

Items judged as novel tend to be processed more
fully and deeply and may in fact be processed dif-
ferently (Friedman, 1979). For instance, a distinc-
tive member of a group is judged as more influen-
tial and more behaviors of the distinctive member
are remembered (Taylor, Fiske, Etcoff, & Ruder-
man, 1978). Moreover, both the positive and nega-
tive characteristics of distinctive individuals are per-
ceived as more extreme (McArthur, 1981).

Novelty detection is the flip side of stimulus gen-
eralization and thus likely plays a central role in our
mental development. Indeed, infants tend to show
preference for a novel stimulus once they habituate
to a familiar one (Fantz, 1964) and this ability to
respond to novelty is predictive of later intelligence
(McCall & Carriger, 1993). Given the importance
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Figure 1: Examples of isolation and differentiation
are shown. The left circle is more isolated, whereas
the right circle is more differentiated.

of detecting novelty in our mental activities, recent
work in cognitive neuroscience has focused on identi-
fying the neural circuits underlying novelty process-
ing (e.g., Kishiyama, Yonelinas, & Lazzara, 2004;
Ranganath & Rainer, 2003).

Despite the widespread interest in novelty effects,
the basis for these effects is not well understood.
Most explanations focus on the advantage conferred
to items that are relatively distinct or isolated from
other stimulus items (e.g., Busey & Tunnicliff, 1999;
Valentine, 1991). However, recent category learning
research has brought the isolation account into ques-
tion and has instead suggested that differentiation
underlies the memory advantage of oddball items
(Sakamoto & Love, 2004). The differentiation ac-
count holds that the basis for the oddball advantage
is contrasting with highly similar items that estab-
lish a context or backdrop.

Figure 1 depicts an oddball item that is either
more isolated or differentiated. Inter-item similar-
ity relations play opposing roles in the isolation and
differentiation accounts. In the isolation account,
items that are highly dissimilar and atypical are best
remembered. In the differentiation account, items
that are highly similar to other items, yet deviate
on a critical property (such as category membership
or shape in the case of Figure 1), are best remem-
bered. Previous research has not distinguished these
two accounts of novelty effects.



Figure 2: The stimuli used in Experiment 1 are
shown. An imperfect rule determined membership
in category A or B for all but two items. In this
case, red items tend to be in category A, whereas
green items tend to be in category B. Each category
contains an exception. Item BX is more differenti-
ated than item AX, whereas item AX is more iso-
lated than item BX. To eliminate possible influences
of line length on performance (Ono, 1967), subjects
were randomly assigned to either the left condition
in which the differentiated exception was the longer
item or to the right condition in which the isolated
exception was the longer item.

In the present work, we evaluate the relative con-
tributions of the isolation and differentiation ac-
counts to enhanced oddball memory. To foreshadow
our results, qualitatively different memory advan-
tages are attributable to isolation and differentiation
manipulations. Experiment 1 demonstrates that
as predicted by the differentiation account, higher-
fidelity memory traces result for deviant items that
are highly similar to other items. As predicted by
the isolation account, deviant items that are dissim-
ilar to other items are easier to identify. Experi-
ment 2 demonstrates that the identification advan-
tage of dissimilar items is attributable to reduced
confusion with other items rather than stronger
memory traces for those items.

Experiment 1

In Experiment 1, we pit isolation and differentiation
against each other in a category learning task. Sub-
jects learned to correctly assign stimuli varying in
color (red or green) and length (continuously val-
ued) to one of two contrasting categories through
trial by trial classification learning with corrective
feedback. As displayed in Figure 2, the membership
of all but two items can be correctly determined by
applying an imperfect rule (e.g., red items are in
category A, whereas green items are in category B).
One exception (i.e., oddball) item in each category
violates this regularity.

The differentiated exception (labeled BX in Fig-
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Figure 3: Probability distribution of subjects’ re-
sponses are shown for the differentiated and isolated
exceptions in the reconstruction phase of Experi-
ment 1. The x-axis represents the difference in mil-
limeters between subjects’ predicted length and the
actual length. Positive values indicate overshoot,
whereas negative values indicate undershoot.

ure 2) was highly similar to items belonging to the
contrasting category, whereas the isolated exception
(labeled AX in Figure 2) was dissimilar to other
items. The differentiation account predicts that sub-
jects will develop high-fidelity memory traces for the
differentiated exception to reduce confusions with
similar items from the opposing category. In con-
trast, the isolation account predicts that memory
should be best for the isolated exception due to its
dissimilarity to other items. Memory measures fol-
lowing the learning phase are used to evaluate these
accounts of enhanced oddball memory.

Method and Results

Learning phase Eighty-two University of Texas
undergraduates learned to classify 10 line stimuli.
They completed either 20 blocks of learning trials
or two consecutive error-free blocks, whichever oc-
curred first. A block was the presentation of each
learning item in a random order. Subjects were
provided with the imperfect rule because our main
interest was their memory for the exceptions (cf.
Palmeri & Nosofsky, 1995; Sakamoto & Love, 2004).
As predicted, subjects classified the isolated excep-
tion more accurately (.66 vs. .60) than the differen-
tiated one, ¢(81) = 2.89, p < .01.

Reconstruction phase Following learning, sub-
jects answered three arithmetic problems to prevent
rehearsal of information from the learning phase.



Subjects then reconstructed the lengths of the dif-
ferentiated and isolated exceptions. The color and
category assignment of the exception were given.
The exception’s initial length was set 66.5 mm, amid
the two exceptions’ actual lengths. Subjects recon-
structed each exception three times, alternating be-
tween each on successive trials. Reconstruction er-
ror was measured as the absolute difference between
the actual and predicted lengths. Consistent with
the differentiation account, the mean reconstruc-
tion error (averaged across three trials) was signifi-
cantly smaller (2.1 mm vs. 2.7 mm) for the differen-
tiated than for the isolated exception, #(81) = 3.37,
p < .01. As shown in Figure 3, more responses cen-
tered around the actual value (i.e., distance of 0) for
the differentiated than for the isolated exception.

Transfer phase Following the reconstruction
phase, subjects answered another set of three arith-
metic problems. Finally, subjects completed two
transfer blocks in which they classified the 10 items
presented in the learning phase without corrective
feedback. Although subjects reconstructed the dif-
ferentiated exception more accurately, their trans-
fer classification performance was significantly bet-
ter (.91 vs. .77) for the isolated than for the differ-
entiated exception, ¢(81) = 3.89, p < .01.

Individual analyses In Experiment 1, more ac-
curate memory did not result in better identification.
An item is easier to identify when it is more sepa-
rated from its nearest confusable item. The differen-
tiated exception was not easy to identify because al-
though it was represented more accurately, its repre-
sentation was still not as separated from the nearest
confusable item from the opposing category as the
representation of the isolated exception was. The
isolated exception was highly dissimilar (19.95 mm
to the nearest neighbor on each side), resulting in
a larger difference between the reconstructed length
and the length of the nearest confusable neighbor
than the differentiated exception (6.65 mm to the

nearest neighbor on each side).
We advance that identification is largely deter-

mined by how separated an item is in a represen-
tational space rather than memory accuracy itself.
In accord with this idea, there was a significant neg-
ative correlation between individual subjects’ recon-
struction errors and transfer classification accuracies
for the differentiated exception, r(80) = —.27,p <
.05. Smaller reconstruction errors on the differenti-
ated exception, and thus larger differences between
the predicted length and the actual length of the
nearest neighbor, were associated with better iden-
tification of the differentiated item. For the isolated
exception, there was no correlation (r = 0) between
the reconstruction errors and the transfer classifica-
tion accuracies. The isolated exception was highly
dissimilar to its near neighbors, and the difference
between the reconstructed length of the isolated ex-

ception and the actual length of the nearest con-
fusable item was relatively large regardless of the
magnitude of the reconstruction error.

Experiment 2

Experiment 1 demonstrated that items that are
highly differentiated from similar items result in
more accurate memory, whereas items that are
highly separated from other items are easier to
identify. In Experiment 2, similarity relations are
equated for the isolated and differentiated excep-
tions as shown in Figure 4. Instead, the differ-
entiated item (BX) is more frequently contrasted
with similar items by presenting its adjacent rule-
following items from the opposing category (A2 and
A3) more often (90% vs. 10%) than its distant rule-
following items (Al and A4) during learning. In
contrast, the isolated item (AX) is more frequently
contrasted with dissimilar items by presenting its
distant rule-following items from the opposing cate-
gory (B1 and B4) more often (90% vs. 10%) than its
adjacent rule-following items (B2 and B3). Other
than these changes in similarity relations and pre-
sentation frequency of the rule-following items, Ex-
periment 2 is identical to Experiment 1.

As in Experiment 1, the differentiated exception
had more opportunities for confusion with mem-
bers of the opposing category and resulted in a
finer-grained memory representation. In the learn-
ing phase, 52 University of Texas undergraduates
classified the isolated exception more accurately (.51
vs. .44) than the differentiated one, t(52) = 3.32, p <
.01. Following learning, the differentiated exception
resulted in smaller reconstruction errors (2.6 mm
vs. 4.2 mm) than the isolated one, #(52) = 2.62,
p < .05. More reconstruction responses centered
around the actual value for the differentiated excep-
tion as displayed in Figure 5.

Unlike in Experiment 1, the identification advan-
tage for the isolated exception was eliminated when
the isolated and differentiated exceptions shared the
same inter-item similarity relations. Subjects’ trans-
fer classification accuracy without corrective feed-
back for the isolated (.81) and the differentiated
(.80) exceptions showed no significant difference,
t < 1. Although the isolated exception resulted in
fewer classification errors than the differentiated ex-
ception during learning, they were both highly con-
fusable with other items as indicated by their low
accuracies in the learning phase.

These results suggest that the frequency manip-
ulation in Experiment 2 plays an important role in
memory accuracies but has little impact on identifi-
cation abilities. Identification performance is largely
determined by the inter-item similarity relations. As
in Experiment 1, there was a significant negative cor-
relation between individual subjects’ reconstruction
errors and transfer classification for the differenti-
ated exception, r(50) = —.46,p < .01. Unlike in Ex-



Figure 4: The stimuli used in Experiment 2 are

shown. Unlike Experiment 1, the differentiated
(BX) and isolated (AX) exceptions share the same
inter-item similarity relations. The differentiated
exception is more “differentiated” because its near
neighbors from the contrasting category (A2 and
A3) are presented more frequently than its distant
neighbors (Al and A4) during learning. The iso-
lated exception is more “isolated” because its dis-
tant neighbors (B1 and B4) are presented more often
than its near neighbors (B2 and B3).

periment 1, the same pattern was found for the iso-
lated exception in Experiment 2, 7(50) = —.63,p <
.01. The difference between the predicted length
and the nearest confusable item’s actual length in
Experiment 2 was similar for both the isolated and
differentiated exceptions. This was not the case in
Experiment 1 as the isolated item was more dissim-
ilar to other items than was the differentiated item.

General Discussion

Experiments 1 and 2 evaluated two explanations for
enhanced oddball memory. The isolation account
holds that most dissimilar items should be remem-
bered best. In contrast, the differentiation account
holds that items should be remembered best that
are similar to other items, yet differ in some criti-
cal property that brings the contrast into focus. In
most laboratory experiments, both of these expla-
nations are usually operable and their relative influ-
ences are indeterminate. In the initial example in
this paper, for example, Austin is isolated in that
it has unique properties that Vancouver, Toronto,
Montréal do not have, but it is also differentiated
in that it shares many properties with these other
cities, yet varies in the key property of nationhood.
Which explanation is operable depends on how one
construes the list of city names. To address this
conundrum, we pit isolation and differentiation ac-
counts against each other in a classification learning
task utilizing rule-plus-exception category structures
in which one category’s exception was relatively iso-
lated and the other’s was relatively differentiated.
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Figure 5: Probability distribution of subjects’ re-
sponses are shown for the differentiated and isolated
exceptions in the reconstruction phase of Experi-
ment 2. The x-axis represents the difference (in mm)
between the predicted and actual lengths.

Experiment 1 shows that isolation and differentia-
tion lead to qualitatively different memory enhance-
ments. The differentiated item that was contrasted
with highly similar items led to more accurate mem-
ory than did the isolated items, whereas the isolated
item that was dissimilar to other items was easier
to identify (i.e., classify as an exception) than the
differentiated item. FExperiment 2 shows that the
isolation advantage is attributable to reduced confu-
sion with other items rather than preferential stor-
age. The isolation advantage was eliminated when
the inter-item similarity relations were equated for
the isolated and differentiated items. These differ-
ent memory enhancements can be predicted by the
same mental representations. In Experiments 1 and
2, subjects whose reconstruction of the oddball item
was more separated from the nearest confusable item
of the opposing category showed better transfer clas-
sification performance on that item.

One alternative view is that the number of errors
during the learning phase drove these differences as
subjects in both experiments made more errors clas-
sifying the differentiated than the isolated exception
during learning. Indeed, similarity and confusabil-
ity are the catalysts of differentiation and also beget
classification errors. However, errors and differentia-
tion are not synonymous. By manipulating the feed-
back associated with an item, Sakamoto and Love
(2004) dissociated violating a regularity and com-
mitting an error during learning, and found that en-
hanced memory is attributable to structure violation
and not errors per se.



Methodological Implications

The present results may help resolve the apparent
conflict between studies that do and do not find iso-
lation advantages. The isolation advantage in trans-
fer classification of Experiment 1 can be attributable
to the isolated exception being less confusable with
members of the opposing category than the differen-
tiated exception is. Thus, the isolation advantage in
transfer is likely due to the nature of the other test
items, rather than due to a stronger memory trace
for the isolated exception.

Analogously, studies that have found an isolation
advantage in old/new recognition judgments did not
include foils that are similar to isolated items (e.g.,
Busey & Tunnicliff, 1999; Valentine, 1991). Stud-
ies that include foils equally similar to all studied
items do not find an isolation advantage (e.g., Davi-
denko & Ramscar, 2004; though see Nosofsky &
Zaki, 2003). In contrast, the advantage for the dif-
ferentiated exception in Experiments 1 and 2’s re-
construction task is not attributable to other items
included in the test set and instead indicates that
subjects developed finer-grained representations for
the differentiated exception.

As demonstrated in the present studies, one de-
terminant of whether an isolation advantage or dis-
advantage is observed is the nature of the task. For
instance, item confusability constrains performance
for tasks that yield an isolation advantage, whereas
confusability is not harmful or even beneficial for
tasks not favoring isolation. Future work that em-
ploys multiple memory measures and distinguishes
between isolation and differentiation will be neces-
sary to fully resolve these issues.

Theoretical Implications

A number of category learning and memory models
utilize novelty detection mechanisms to gate storage
(e.g, Nosofsky, Palmeri, & McKinley, 1994; Love,
Medin, & Gureckis, 2004). For example, Love et
al.’s SUSTAIN clustering model forms new clusters
in memory in response to surprising events, such as
learning that a bat is a mammal and not a bird.
This mechanism allows SUSTAIN to correctly pre-
dict enhanced recognition memory for stimuli that
violate salient regularities as observed in Palmeri
and Nosofsky’s (1995). Similarly, Nosofsky et al.’s
RULEX hypothesis-testing model correctly predicts
enhanced memory for exceptions by explicitly stor-
ing items that violate inferred rules.

Sakamoto and Love (2004) modified Palmeri and
Nosofsky’s design to tease apart the predictions of
cluster- and rule-based accounts of category repre-
sentations and to test the differentiation hypothesis.
Sakamoto and Love introduced an asymmetry in the
category structures in which one category contained
more rule-following items than the contrasting cat-
egory. The exception violating the more frequent
regularity had more opportunities for confusion with

members of the opposing category and should lead to
a finer-grained memory representation according to
the differentiation account. This result held and was
predicted by SUSTAIN but could not be accounted
for by RULEX. The result seems at odds with rule-
based representations of regularities in general (e.g.,
Pinker, 1991) and instead favors a clustering account
that is more schematic in nature.

These results are also inconsistent with exemplar
accounts (though see Sakamoto, Matsuka, & Love,
2004). Exemplar models cannot account for the odd-
ball recognition advantage because they store every
training instance in memory rather than using nov-
elty gated storage and do not accord special status
to oddball items. To determine recognition strength,
exemplar models sum the similarity of the probe
item to all exemplars stored in memory, which does
not predict an advantage for oddball items. Ex-
emplar models do not favor items that are odd by
virtue of being isolated because the summed similar-
ity recognition calculation favors typical items. For
this reason, correct identification is modeled as the
inverse of summed similarity, thus favoring isolated
items (Busey & Tunnicliff, 1999). The idea is that
the most dissimilar item is least confusable and best
remembered. Of course, this account is at odds with
the current findings suggesting finer-grained repre-
sentations for differentiated than for isolated excep-
tions. The critical problem with exemplar models is
that storage is not dependent on what other items
are already stored in memory.

Consideration of the current results, coupled with
those from Sakamoto and Love (2004), strongly fa-
vor non-rule-based representations of regularities or
patterns. Factors such as frequency, expectation vi-
olation, and similarity to other items are crucial fac-
tors driving performance in these tasks, suggesting
that storage is gated by novelty and mental represen-
tations are cluster- or schema-like and are engaged
through similarity-based processing.

Final Note

Novelty effects have been examined in various do-
mains, including the study of schemas/stereotypes
(Rojahn & Pettigrew, 1992), basic memory phenom-
ena Hunt & Lamb, 2001, face recognition (Valen-
tine, 1991), the neurobiological basis of memory
(Kishiyama et al., 2004), and category learning
(Sakamoto & Love, 2004). The relative contribu-
tions of isolation and differentiation are not well un-
derstood in these studies. The present work offers a
novel way to think about novelty that clarifies the
roles of isolation and differentiation in establishing
new memories.
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