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Abstract

Inductive concept learning requires making inferences about
target categories based on specific examples. Two factors
which influence this process are type of learning task and the
nature of the items available for comparison. However, the
literature remains inconsistent on which combination of factors
best facilitates concept learning. Moreover, much of the
present literature focuses on artificial categories with arbitrary
boundaries, leaving open the question of how best to improve
learning for natural categories. We report two experiments on
natural category learning, which cross learning mode
(classification vs observation) with comparison type (match vs.
contrast vs. control). Across both experiments, we find
evidence of an observation advantage and some evidence for a
contrast advantage (Experiment 1). These findings offer
evidence against a classification advantage during natural
category learning, which some studies have shown, and
highlight the critical need for investigating the factors that
impact the efficacy of classification and observation learning.

Keywords: Concept Learning; Comparison; Observation;
Classification.

Introduction

Finding ways to improve concept learning is a central goal in
both the cognitive and learning sciences. Traditionally,
concept learning has been studied through classification. In a
typical classification task, learners are presented a given
stimulus and are asked to classify it. After making a
classification judgment, learners are typically provided
corrective feedback, wherein they are shown the correct
answer along with whether their response was correct. This
process continues iteratively until a given number of trials
have been completed

Classification is posited to aid concept learning through
various learning mechanisms, as it incorporates principles of
(a) hypothesis testing (Markant & Gureckis, 2014), (b) the
generation effect (Chechile & Soraci, 1999), (c) retrieval
practice (Carpenter, 2009, 2011), and comparison (Alfieri et
al., 2013). Furthermore, engaging in classification has been
posited to draw attention to the diagnostic properties of the

categories that are being learned (Markman & Ross, 2003;
Yamuchi & Markman, 1998, 2000).

Although less commonly studied, concept learning can also
be examined through observation. Observation paradigms
are similar to classification tasks but differ in that learners are
typically presented a stimulus along with the corresponding
category label. As such, learners are not required to make an
overt classification judgment and are instead asked to study
the stimulus carefully (see Corral & Carpenter, 2024;
Levering & Kurtz, 2015; Patterson & Kurtz, 2020). Previous
work has hypothesized that observation aids concept learning
by focusing attention on the internal structure of the category
(Levering & Kurtz, 2015).

One question to consider is whether classification and
observation lead to differences in concept learning. Given
that both types of learning procedures provide learners with
the same information, it is sensible that both would produce
similar levels of learning. However, classification might
involve more active learning processes (e.g., hypothesis
testing, generation) than observation, and the former might
thus lead to better concept learning than the latter.

Alternatively, recent work has raised the possibility that
classification is more cognitively demanding than
observation (Corral & Carpenter, 2024). To elaborate, for any
given classification trial, learners do not know the category
of the stimulus and must therefore consider hypotheses from
each of the to-be-learned categories. In contrast, during
observation learning, each stimulus is presented with the
corresponding category label. As a result, for any observation
trial, learners can restrict the hypotheses that they consider to
the corresponding category. Observation might thus lead to
better concept learning than classification.

Critically, the research comparing classification to
observation has produced somewhat conflicting results.
Some studies have found a classification advantage over
observation (Ashby et al., 2002; Carvalho & Goldstone,
2015; Estes, 1994; Jacoby et al., 2010; Love, 2002; Markant
& Gureckis, 2014; Ramscar et al., 2010; Steininger et al.,
2022; Yang & Shanks, 2018), whereas others have found the
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opposite (Levering & Kurtz, 2015; Patterson & Kurtz, 2020).
Furthermore, some studies have failed to show learning
differences between classification and observation (Lee &
Ahn, 2018) or have shown that both produce similar levels of
learning (Corral & Carpenter, 2024).

These inconsistent findings are difficult to interpret,
because the corresponding studies vary on a wide array of
dimensions from one another (e.g., artificial vs. natural
categories (Levering & Kurtz, 2015; Yang & Shanks, 2018),
featural vs. relational categories (Ashby et al., 2002;
Patterson & Kurtz, 2020), abstract vs. perceptual categories
(Jacoby et al., 2010 vs. Corral & Carpenter, 2024)).
Nevertheless, perhaps one of the most consistent findings in
this literature is that studies with naturalistic or real-world
stimuli often show that classification leads to better learning
than observation (e.g., Jacoby et al., 2010; Steininger et al.,
2022; Yang & Shanks, 2018). Using natural categories might
thus be a reasonable starting point to explore whether a
consistent result can be replicated across multiple
experiments.

To this end, the present paper compares classification
versus observation learning with well-normed, naturalistic
rocks that have been carefully calibrated (Nosofsky et al.,
2017; Nosofsky et al., 2018). A core benefit of using these
stimuli is that they have been extensively studied and thus
offer a high degree of stimulus control.

As a secondary question, we also examine how comparison
might impact classification and observation learning.
Comparison is a powerful learning tool (Alfieri et al., 2013),
but its impact on category learning has been somewhat
understudied. Two relatively straightforward comparisons
that can be made during category learning is to compare two
exemplars from the same category (i.e., within-category or
match comparison) or to compare two exemplars from
different categories (i.e., between-category or contrast
comparison).

Theorists have posited that within-category comparison
can highlight the similarities between exemplars, which can
facilitate abstraction of the elements that define the
corresponding category (Corral et al., 2018; also see
Carvalho & Goldstone, 2014). In contrast, theories on feature
learning and selective attention lead to the prediction that
between-category comparison aids learning by guiding
attention to the diagnostic features of the to-be-learned
categories (Nosofsky, 1986). Although these predictions
have not been tested extensively, a series of studies used
artificial categories and showed that between-category
comparison led to better learning than within-category
comparison (Corral et el., 2018). However, whether this
effect extends to natural categories and whether it varies as a
function of classification or observation are open questions.

In the present paper, we report two experiments that
investigate whether learning mode (classification vs.
observation) affects the learning of natural categories, and
whether this outcome varies as a function of comparison type
(match vs. contrast vs. control).
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One prediction that follows from previous studies with
natural or real-world stimuli (e.g., Jacoby et al., 2010;
Steininger et al., 2022; Yang & Shanks, 2018) is that
classification should lead to better learning than observation.
Another prediction that follows from previous work on
comparison (Corral et al., 2018) is that learning should be
better for between-category comparison (contrast) than
within-category comparison (match).

Another set of predictions can be derived based on the
learning processes that are posited to arise from classification
and observation and within- and between-category
comparison. To remind the reader, both classification
(Markman & Ross, 2003; Yamuchi & Markman, 1998, 2000)
and between-category comparison (Corral et al., 2018) are
posited to highlight the diagnostic features of the to-be-
learned categories, whereas observation and within-category
comparison draw attention to within-category similarity
(Levering & Kurtz, 2015). One possibility is that combining
classification =~ with  within-category = comparison or
observation with between-category comparison will better
enable subjects to acquire both the diagnostic features of the
to-be-learned categories, along with the feature correlations
within each category. Thus, both classification with within-
category comparison and observation with between-category
comparison might lead to better learning than both
classification with between-category comparison and
observation with within-category comparison.

Experiment 1

We tested these predictions by crossing learning mode
(classification vs. observation) with comparison type (match
vs. contrast vs. control). During training, subjects were
presented an A/B category-learning task, which consisted of
learning about two natural rock categories. These stimuli
were taken from Nosofosky et al. (2017).

On each training trial, subjects in the match conditions (i.e.,
within-category comparison; see Figure 1A) were presented
two side-by-side exemplars from the same category, whereas
subjects in the contrast conditions (i.e., between-category
comparisons; see Figure 1B) were presented two exemplars
from different categories. To test the relative learning
efficacy of these comparison conditions, we also included a
control condition, in which subjects were only presented one
exemplar per training trial.

On each training trial, subjects in the classification
conditions were asked to classify the presented exemplar(s),
after which they were shown corrective feedback, in which
the correct answer was shown along with whether the
subject’s response was correct. For subjects in the
observation conditions, the exemplar(s) on each trial were
shown with the corresponding category label and they were
asked to study the exemplar(s) carefully.

To assess the rate at which learning progressed during
training, category knowledge was assessed on every fifth trial
through an endorsement judgment. Specifically, on every
fifth training trial subjects were presented an exemplar along
with a category label and were required to determine whether



this label was correct. Subjects were provided with no
feedback after their endorsement was made. Performance on
these endorsement trials was our main dependent measure of
interest. Endorsement was used instead of classification on
the test trials so that subjects in the classification conditions
completed a different task at test than they did at training,
thereby reducing the likelihood that they would gain an
unintended benefit from classification training (for a similar
approach, see Levering & Kurtz, 2015; Patterson & Kurtz,
2020). Lastly, all subjects completed a test phase
endorsement, which consisted of another endorsement task.
To assess memory and knowledge generalization, this task
consisted of items that were repeated from training, as well
as novel items.

A.

Please study these rocks carefully
Type “X” when you are ready to move on

Frosher Frosher

Please study these rocks carefully
Type “N” when you are ready to move on

Zindle Frosher

Figure 1: An example of a training trial from the match-
(Panel A) and contrast- (Panel B) observation conditions.

Method

Subjects A total of 234 Syracuse University undergraduate
students from an introductory psychology course participated
in this study for partial fulfillment of a course requirement.

Design This study used a 2 (learning mode: classification vs.
observation) x 3 (comparison: match vs. contrast vs. control)
between-subjects design. Subjects were randomly assigned to
one of the six conditions: classification/match (n = 37),
classification/contrast (n = 40), classification/control (n =

39), observation/match (n = 39), observation/contrast (n =
41), and observation/control (n = 38).

Stimuli All stimuli were taken from Nosofsky et al. (2017)
and involved naturally occurring categories of rocks. These
stimuli are accessible via the OSF repository
(https://osf.io/w64fv/). There were three superordinate rock
categories: (a) Igneous, (b) Metamorphic, and (c)
Sedimentary. Within each superordinate category, there were
10 subordinate rock types (e.g., Obsidian, Marble,
Conglomerate). Each subordinate rock category contained 12
exemplars.

Procedure All instructions and stimuli were presented on a
24-inch LCD computer monitor, and all responses were
entered using a computer keyboard. All stimuli were
presented at the center of the screen on a black background.

At the beginning of the experiment, subjects were
instructed that their job was to learn to distinguish between
two types of rocks: Froshers and Zindles; made up category
names were used in the place of the actual rock names, so as
to reduce the chance that subjects’ prior knowledge about the
categories might impact their learning. For each subject, one
superordinate rock category was randomly selected; and
within that category, two of its subordinate categories were
randomly selected. For each subject, the name of the two rock
categories (i.c., Froshers and Zindles) that they were required
to learn was randomly assigned.

For each subject, 10 exemplars from each of the to-be-
learned categories were randomly selected for the training
phase of the experiment. Two exemplars from each of these
categories were thus randomly selected to not be included in
the training and served as the novel items in the test phase
endorsement task.

On each training trial, subjects in the match and contrast
conditions were presented two side-by-side rock exemplars,
which were either in the same category (match) or in different
categories (contrast); the side of the screen on which each
rock exemplar was presented was randomly selected on each
trial. In the control conditions, only one rock exemplar was
presented per trial.

On each training trail, subjects in the classification/match
condition were asked to type ‘X’ if both rocks were Froshers
or ‘N’ if both were Zindles; subjects in the
classification/contrast condition were asked to type ‘X’ if the
rock on the left was a Frosher and the rock on the right was a
Zindle or ‘N’ if the rock on the left was a Zindle and the rock
on the right was a Frosher; subjects in the
classification/control condition were asked to type ‘X’ if the
rock was a Frosher or ‘N’ if it was a Zindle.

After each classification response, corrective feedback was
presented for two seconds, wherein the correct category label
was shown in green text directly beneath the corresponding
rock exemplar(s). If the subject responded correctly, the word
‘Correct’ was also presented in green text, otherwise the word
‘Wrong’ was presented in red text. After two seconds, the
screen was cleared.
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For the training trials for subjects in the observation
conditions, each rock was presented with the corresponding
category label, which was presented in white text directly
below the corresponding rock exemplar(s). These subjects
were asked to study the rock exemplar(s) carefully and were
required to wait for two seconds, after which they were
shown a prompt that instructed them to type a given key to
move on. For subjects in the observation/match condition, if
both rocks were Froshers, they were asked to type ‘X’; if both
rocks were Zindles they were asked to type ‘N’. For subjects
in the observation/contrast condition, if the rock on the left
was a Frosher and the rock on the right was a Zindle, they
were asked to type ‘X’; if the rock on the left was a Zindle
and the rock on the right was a Frosher they were asked to
type ‘N’. Subjects in the observation/control condition were
asked to type ‘X’ if the rock was a Frosher or ‘N’ if it was a
Zindle. After each response, the screen was cleared.

Every fifth trial, all subjects were given an endorsement
task (the ‘embedded’ task), in which a stimulus was presented
at the center of the screen, along with a category label that
was randomly selected. Subjects were asked to type ‘L’ if the
label was correct or ‘K’ if it was incorrect. The screen was
then cleared and a ‘Thank you’ prompt was presented at the
center of the screen for 500 ms.

A training cycle was 10 trials for subjects in the match and
contrast conditions and 20 trials for subjects in the control
conditions. All subjects completed a total of 12 training
cycles, which amounted to 120 trials for subjects in the match
and contrast conditions and 240 trials for subjects in the
control conditions. This design thus requires either including
a comparison manipulation where subjects view a different
number of stimuli or complete a different number of trials.
Because presenting control subjects a different number of
stimuli might lead to a considerable disadvantage, we decided
to hold the number of presented stimuli constant across all
conditions, and instead provided control subjects a greater
number of trials than subjects in the match and contrast
conditions. As such, all subjects were shown the same
number of stimuli during the training phase (240). However,
subjects in the control condition completed twice as many
training trials as subjects in the match and contrast
conditions, because the former were presented one exemplar
per training trial, whereas the latter were presented two
exemplars on each training trial. For each subject, on every
training cycle, the order in which the stimuli were presented
was randomized. Furthermore, all subjects were given a self-
paced rest break after each training cycle, in which they were
shown (a) the number of trials that they had completed and
(b) the number of trials that were left in the experiment.

After the training phase, all subjects were given a test phase
endorsement task (the ‘test phase’), which consisted of eight
trials and was nearly identical to the endorsement task from
the training phase. The test phase endorsement task consisted
of two rock exemplars from each category, which were
presented during training; we refer to these exemplars as
repeated items. For each subject, the repeated items were
randomly selected from the exemplars that were used during

the training phase, subject to the constraint that two
exemplars were selected from each category. The test phase
endorsement task also consisted of two novel rock exemplars
from each category, which as noted earlier, were randomly
selected for each subject at the beginning of the experiment.
For each subject, the order in which the stimuli were
presented in the test phase endorsement task was randomized.
On all trials (i.e., training, endorsement, and test phase
endorsement), the intertrial interval was 400 ms.

Results and Discussion

To analyze performance on the embedded endorsement task
(see Figure 2), we conducted a 2 (learning mode:
classification vs. observation) x 3 (comparison type: match
vs. contrast vs. control) ANOVA. The results revealed a
marginal, non-significant main effect of learning mode,
F(1,228) =2.649, p = .105, MSE = .020,m?=.011, such that
subjects in the observation condition (M = .861, SE = .013)
performed numerically better than subjects in the
classification condition (M = .831, SE = .014). The results
also showed a main effect of comparison, F(2,228) = 4.300,
p=.015, MSE = .020, > = .036. To examine this main effect
further, we conducted post hoc least significant difference
tests, which revealed that subjects in both the contrast (M =
.867, SE = .016) and control (M = .864, SE = .014) conditions
outperformed subjects in the match conditions (M = .808, SE
=.019; both ps <.016).
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Figure 2: Average endorsement accuracy and standard errors
of the mean during training for each condition in Experiment
1.

To analyze performance on the test phase endorsement
task, we conducted a mixed ANOVA with learning mode
(classification vs. observation) and comparison type (match
vs. contrast vs. control) as between-subject factors and item
(repeat vs. novel) as a within-subject factor. However, these
results showed no reliable main effects and no interactions,
all ps > .422.

Although Experiment 1 did not reveal a reliable main effect
of learning mode on the embedded endorsement task, we do
note that a non-significant marginal advantage of observation
over classification was observed. Critically, this outcome is
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in the opposite direction of what prior research that has used
natural or real-world stimuli has shown (e.g., Jacoby et al.,
2010; Steininger et al., 2022; Yang & Shanks, 2018), which
has demonstrated a classification advantage over
observation.

Furthermore, a contrast advantage was observed over the
match condition on the embedded endorsement task. This
finding replicates previous findings (Corral et al., 2018).
However, it is important to note that the control condition
also outperformed the match condition on the embedded task.
This finding was somewhat unexpected, as previous work
suggests that co-presented exemplars lead to better learning
than presenting learners individual exemplars (Kurtz et al.,
2013; Patterson & Kurtz, 2020). Moreover, no performance
differences were found between the contrast and control
group on the embedded task (p = .888).

One possible reason that no interaction was found between
learning mode and comparison type and why no reliable
performance differences were observed on the test phase
endorsement task is that subjects completed too many
training trials. As a result, ceiling effects might have emerged
and obscured stronger learning differences from being
observed.

Experiment 2

To address this possibility, we conducted a second
experiment, in which we cut the training trials down from 120
to 70. Besides this difference, the design, stimuli, and
procedure were identical to Experiment 1.

Method

A sample of 196 Syracuse University undergraduate students
from an introductory psychology course participated in
exchange for partial fulfillment of a course requirement.
Subjects were randomly assigned to six conditions:
classification/match (n = 33), classification/contrast (n = 33),
classification/control (n = 31), observation/match (n = 32),
observation/contrast (rn = 35), and observation/control (n =
32).

Results and Discussion

To examine performance on embedded endorsement task
(see Figure 3), we ran a 2 (learning mode: classification vs.
observation) x 3 (comparison type: match vs. contrast vs.
control) ANOVA. The results revealed a main effect of
learning mode, F(1,190) =4.985, p =.027, MSE = .026, 0’ =
.025, as subjects in the observation condition (M = .858, SE
=.015) outperformed subjects in the classification condition
(M = .806, SE = .017). No main effect of comparison type
and no interaction was observed between learning mode and
classification type (both ps >.156).

Next, to analyze performance on the test phase
endorsement task, we conducted a mixed ANOVA with
learning mode (classification vs. observation) and
comparison type (match vs. contrast vs. control) as between-
subject factors and item (repeat vs. novel) as a within-subject

factor. Although no main effects or interactions were
statistically reliable (all ps > .061), we do note that a
marginal, non-significant main effect of learning mode
occurred, F(1,190) =3.582, p = .060, MSE = .070, n?=.013.
Specifically, subjects in the observation condition (M = .865,
SE = .017) numerically outperformed subjects in the
classification condition (M = .814, SE = .020) on the test
phase endorsement task.

Taken together, the present results replicate the primary
findings from Experiment 1 and offer stronger evidence for
the existence of observation learning advantage over
classification. However, the present findings do not replicate
the contrast advantage over the match condition that was
observed in Experiment 1, nor do they replicate the advantage
of the control condition over the match condition. As in
Experiment 1, no interaction between learning mode and
comparison type was observed on either endorsement task.

1 .
0.9
0.8
507 A
§ 0.6
£05 A
& 04 -
&
£03
0.2
0.1

0 4

m Match
= Contrast
® Control

Observation

Classification

Figure 3: Average endorsement accuracy and standard errors
of the mean during training for each condition in Experiment
2.

General Discussion

Across two experiments, the primary finding is that
observation led to better category learning than classification,
which occurred on the embedded task. Although this
advantage was only marginal in Experiment 1, it was
statistically reliable in Experiment 2. The results from
Experiment 2 thus replicate the pattern of an observation
advantage that was found in Experiment 1.

We do note, however, that only a small trace of this benefit
appears to have extended to the test phase endorsement task,
as no performance differences were observed between
classification and observation in Experiment 1 and only a
marginal advantage of observation over classification was
observed in Experiment 2. One possible reason that the
observation advantage appears to become weaker on the test
phase endorsement task is that subjects across all conditions
are able to learn the categories relatively well during training.
Thus, the observation advantage that arises during training
might become notably weaker by the time subjects get to the
test phase endorsement task. In line with this idea,
Experiment 2 consisted of 50 fewer training trials than
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Experiment 1, and revealed a stronger effect on both
endorsement tasks.

Critically, the embedded task allows us to directly assess
learning as it occurs, whereas the test phase endorsement task
occurs after subjects have learned the to-be-learned
categories. For this reason, the embedded endorsement task
offers a more direct assessment of concept learning than the
test phase endorsement task.

We also note that a contrast advantage was observed over
the match condition on the embedded task in Experiment 1.
Although this effect is in line with previous work on between-
versus within-category comparison (Corral et al., 2018), this
effect was not observed in Experiment 2, which revealed no
performance differences among the different comparison
types. Moreover, in Experiment 1, subjects in the control
condition outperformed subjects in the match condition on
the embedded task. This latter finding is notable, as previous
work has shown that co-presented exemplars generally lead
to better concept learning than presenting one exemplar at a
time (Kurtz et al., 2013; Patterson & Kurtz, 2020).

Given these inconsistencies, our findings on comparison
type are somewhat difficult to interpret. One possibility is
that with the rock stimuli used in the present set of
experiments, the contrast advantage is more variable than
with the stimuli that have been used in previous studies (see
Corral et al.,, 2018). However, because the question on
comparison type is secondary to our primary question about
learning mode (i.e., classification vs. observation), we leave
this issue for future research to investigate. We also note that
we did not find any evidence of an interaction between
learning and type of comparison, which suggests that
although observation seemed to lead to better learning than
classification, this benefit does not appear to depend on the
type of comparison that learners engage in.

Critically, our primary findings that observation leads to
better learning than classification of the natural rock
categories used in this study contrast with previous work that
has shown a classification advantage with natural or real-
world stimuli (e.g., Jacoby et al., 2010; Steininger et al.,
2022; Yang & Shanks, 2018). A primary motivation for the
two experiments reported in this paper was that various
studies have used natural or real-world stimuli to show a
classification advantage. We thus aimed to use natural
categories as a starting point to demonstrate findings that
were consistent with previous studies that examined
classification versus observation with natural or real-world
stimuli. However, not only were we not able to replicate the
classification advantage that previous studies have shown
with natural or real-world stimuli, but we in fact found
evidence against a classification advantage.

One possible explanation for these results is that natural
categories are in fact better learned using observation, rather
than classification. However, this possibility seems
somewhat unlikely, as it suggests that prior research showing
a classification advantage is incorrect (Jacoby et al., 2010;
Steininger et al., 2022; Yang & Shanks, 2018). Therefore, a
more likely explanation might correspond to the category

structures used in the present experiments (see Nosofsky et
al., 2017; Nosofsky et al., 2018). To fully investigate the
implications of this idea, future research should specifically
examine whether the benefits of learning through
classification versus observation depend on differences in the
to-be-learned category structures.

Conclusions

The present results add to a growing body of literature,
wherein some studies show a classification advantage (e.g.,
Ashby et al., 2002; Carvalho & Goldstone, 2015; Estes,
1994), others show an observation advantage (Levering &
Kurtz, 2015; Patterson & Kurtz, 2020), and others show no
differences in learning (Corral & Carpenter, 2024). Critically,
the present paper demonstrates that these variable findings
extend to natural or real-world stimuli. What drives the
variability in whether a classification or observation
advantage arises thus remains an important open question.
We hope that the present paper draws attention to this
question and spurs further investigation into this issue.
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