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Abstract 

Qualitative comparison provides learning opportunities that 
support a range of cognitive abilities. The present research 
clarifies how the contrasting goals of qualitative comparison, 
processing similarities versus differences, contribute to the 
overall impact that comparison has on learning. We argue that 
attending to similarities produces memory traces that are 
dissociable from those left by attending to differences, and that 
these memory traces reflect a tradeoff between generalization 
and individuation. Across two preregistered experiments, 
participants either attended to similarities or differences 
between stimuli. We show that whereas attending to 
similarities yielded better performance on a category 
recognition task (Experiment 1), attending to differences 
yielded better performance on an old/new recognition task 
(Experiment 2). Comparison thus serves as a learning 
opportunity that enables agents to manage the generalization-
individuation tradeoff by shifting their attention toward 
similarities or differences.  

Keywords: concepts and categories, learning, memory, 
representation 

Introduction 

The cognitive act of qualitative comparison serves at least 

two immediate goals: To process similarities between 

whatever is compared, and to process differences between 

them. Whereas past work has clarified how people carry out 

this processing (Golonka & Estes, 2009; Ichien et al., 2024; 

Markman & Gentner, 1993; Medin et al., 1990; Sagi et al., 

2012; Tversky, 1977; Tversky & Gati, 1978), the present 

work examines the consequences of this processing. In 

general, comparison promotes human learning that is 

applicable in a range of downstream cognitive abilities, 

including classification (Jacoby et al., 2024; Kurtz et al., 

2013; Spalding & Ross, 1994), language use (Gentner & 

Namy, 2006; Goldwater, 2017), and problem solving (Gick 

& Holyoak, 1983). And these learning benefits hold in more 

naturalistic educational settings (Alfieri et al., 2013). The aim 

of the present research is to clarify how the contrasting goals 

of processing similarities and differences respectively 

contribute to the overall impact that comparison has on 

learning. 

As a starting point for the present analysis of similarity and 

difference, we rely on a distinction between ‘within-

category’ and ‘between-category’ comparisons in supervised 

category learning (e.g., Corral et al., 2018; Goldstone, 1996; 

Higgins & Ross, 2011). In a typical category learning 

experiment, participants are presented with a series of 

stimuli, each paired with a category label, and are tasked with 

learning how to correctly classify stimuli according to their 

labels. Within-category comparisons are between stimuli 

with the same category label, and between-category 

comparisons are between stimuli with different category 

labels. These kinds of comparisons differ not only in the input 

stimuli over which they operate but also in their immediate 

goals: Within-category comparisons are oriented toward 

finding similarities between stimuli with a common label, 

whereas between-category comparisons are oriented toward 

finding differences between stimuli with distinct labels. To 

the extent that within- and between-category comparisons 

make distinct contributions to learning, so too might 

similarity and difference processing. 

The clearest dissociation between within- and between-

category comparisons involves effects of stimulus 

sequencing in category learning (for other dissociations 

between within- and between-category comparisons based on 

simultaneous presentations of stimulus pairs, see  Corral et 

al., 2018; Higgins & Ross, 2011). In ‘blocked’ sequencing, 

stimuli are ordered according to their category label (e.g., A 

A A B B B C C C), whereas in ‘interleaved’ sequencing, 

stimuli are shuffled according to their label (e.g., A C B A B 

C B A C). Sometimes, blocked sequencing promotes more 

accurate classification performance than does interleaved 

(Sorensen & Woltz, 2016), but in other cases the reverse is 

true (Kornell & Bjork, 2008). One explanation for these 

seemingly conflicting results is rooted in the observation that 

on one hand, blocked sequencing affords more within-

category comparisons and thus more opportunities to 

selectively attend to diagnostic features of categories 

between consecutively-presented stimuli; whereas on the 

other hand, interleaved sequencing affords more between-

category comparisons and thus more opportunities to 

selectively attend to features that discriminate between 

categories (Carvalho & Goldstone, 2014; Goldstone, 1996; 

for a different explanation, see Vlach, 2014; Vlach et al., 

2008). 

In line with this proposal, human learners exhibit a 

blocking advantage in acquiring categories with low within- 

and between-category similarity, where opportunities to 

attend to diagnostic features are more valuable than are 

opportunities to attend to discriminating features; but they 

exhibit an interleaving advantage in acquiring categories with 

high within- and between-category similarity, where the 

reverse is true (Brunmair & Richter, 2019; Carvalho & 

Goldstone, 2014). 

This attention-driven complementarity between within- 

and between-category comparisons suggests a corresponding 
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complementarity between comparisons oriented toward 

similarities and those oriented toward differences. Outside of 

the context of explicit category learning, comparisons aimed 

at similarities might simply prompt attention to features that 

are shared among stimuli, whereas comparisons aimed at 

difference prompt attention to features that discriminate 

stimuli. We thus hypothesize that similarity and difference 

encode memory traces that respectively promote 

generalization and individuation, similar to other previously-

noted dichotomies such as relational versus item-specific 

encoding (Einstein & Hunt, 1980; Hunt & Einstein, 1981), 

gist versus verbatim memory traces (Brainerd & Reyna, 

2002), and categorization versus identification (Bruner, 

1956; Nosofsky, 1986), as well as a dissociation between 

processing of quantifier terms “every” and “each” in 

psycholinguistics (Knowlton et al., 2023).  

The cognitive operations that an agent performs on a 

stimulus to encode that stimulus are known to constrain the 

retrieval conditions that effectively facilitate retrieving the 

corresponding memory trace (Craik & Tulving, 1975; Morris 

et al., 1977; but for a critique of the notion that this constraint 

is rooted in similarity between encoding and retrieval 

conditions, see Nairne, 2002). We adopted this transfer-

appropriate processing framework to test the hypothesized 

complementarity between similarity and difference. In two 

preregistered experiments, we manipulated the goal of 

comparison to vary encoding conditions for pairs of stimuli 

(i.e., to attend to similarities between stimuli or to attend to 

differences; see Figure 1). We then compared recognition 

memory under retrieval conditions that respectively prioritize 

generalization (‘category recognition’ in Experiment 1), for 

which we predict superior performance following similarity 

than difference comparisons; and individuation (‘old/new 

recognition’ in Experiment 2), for which we predict the 

reverse. 

Experiment 1 

In a first experiment, we assessed comparisons oriented 

toward similarity and those oriented toward difference as 

encoding conditions for memory traces that promote 

generalization. We presented participants with pairs of 

paintings, and either asked them to identify similarities 

between the paintings or to identify differences between 

them. Following past work showing that people are better at 

identifying differences between similar stimuli, relative to 

dissimilar stimuli (Gentner & Markman, 1994; Sagi et al., 

2012), we restricted stimulus pairs to paintings painted by the 

same artist. Then, after a distractor task, we asked them to 

judge whether novel paintings were painted by the same artist 

as any of the artists who painted those they had seen earlier 

(for a similar task, see Experiment 2 of Kornell & Bjork, 

2008). We hypothesized that by directing participants’ 

attention to common features among paintings, comparisons 

oriented toward similarities would promote better 

generalization performance than would comparisons oriented 

toward differences, which we hypothesized would direct 

participants’ attention to distinct features among paintings. In 

order to ensure that the encoding conditions of task stimuli 

more purely consisted of stimulus comparison, rather than 

being contaminated by participants’ intention to remember 

(Popov & Dames, 2023), we adopted an incidental memory 

paradigm in which inclusion of a memory task was only 

revealed to participants after their distractor task. The 

hypotheses, methods, and analysis plan of category 

recognition data were preregistered (https://osf.io/9aeh4). 

 
Figure 1: Experimental tasks. Both Experiments 1 and 2 

consisted of a comparison-based incidental encoding task 

(leftmost panels), coupled with distractor arithmetic 

problems (middle panel), but differed in their recognition 

memory task (rightmost panels). Experiment 1 used a 

category recognition memory task, and Experiment 2 used an 

old/new recognition memory task. 

Method 

Participants We recruited a total of 352 participants from 

Prolific Academic based on a power analysis, which would 

enable us to detect a between-subject effect with a minimum 

effect size, as measured by Cohen’s d, d = .3, with statistical 

power, 𝜷 = .80. We limited our data collection to participants 

who were fluent in English and had an approval rate above 

98% on Prolific. We estimated that the task would take 10 

minutes total, and we paid participants $2 for their 

completion (which corresponds to a rate of $12 per hour). 

Research procedures were approved by the Institutional 

Review Board at the University of Pennsylvania (the first 

author’s former institution). 

Materials and procedure Participants completed three tasks 

in a fixed order; Figure 1 shows example trials from each of 

these tasks. The experimental session started with a task 

intended to prompt incidental encoding of task stimuli via 

comparison (Figure 1, left panels); continued with a series of 

basic arithmetic problems, which served as a distractor task 

(Figure 1, middle panel); and ended with a surprise task 

testing recognition memory for stimulus categories, which 

requires selective generalization from previously encoded 

stimuli to novel stimuli (Figure 1, upper-right panel). All 

tasks were designed using Psychopy software (Peirce et al., 

2019) and were administered online via Pavlovia 

(https://pavlovia.org/). 

Comparison-based incidental encoding Participants’ 

experimental session started with a task intended to prompt 

incidental encoding of task stimuli. On each trial of this task, 

participants were first shown a pair of paintings, each painted 

by the same artist, for 4 seconds (Figure 1, leftmost panel). 

Prior to the experiment, participants were randomly assigned 

to one of two conditions. In the similarity condition, 

participants were instructed to compare each pair of paintings 

and think about what makes them similar; in the difference 
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condition, participants were instructed to compare each pair 

of paintings and think about what makes them different. 

Participants were then given 8 seconds to type in a textbox a 

key similarity or difference between the paintings they just 

saw, depending on their assigned condition (Figure 1, second 

panel from the left). After those 8 seconds, the textbox 

disappeared, and a new pair of paintings appeared. 

Overall, participants completed 12 trials of this task; since 

participants were shown two paintings on each trial, 

participants were shown 24 paintings total. Across their 12 

trials, 2 trials presented unique paintings painted by the same 

artist; hence a given participant saw 4 unique paintings 

painted by the same artist (i.e., 4 paintings by each of 6 

different artists). 

Painting stimuli were drawn from a larger stimulus set 

introduced by Kornell and Bjork (2008) and made publicly 

available by Nate Kornell 

(https://sites.williams.edu/nk2/stimuli/). These stimuli 

consist of 10 unique paintings painted by each of 12 different 

artists (120 paintings total): Georges Braque, Henri-Edmond 

Cross, Judy Hawkins, Philip Juras, Ryan Lewis, Marilyn 

Mylrea, Bruno Pessani, Ron Schlorff, Georges Seurat, 

Ciprian Stratulat, George Wexler, and YieMei. Which 6 of 

these artists’ paintings, and which 4 of their paintings were 

shown to a given participant during this task, was 

counterbalanced across participants. Painting pairs were 

shown in a random order. 

Distractor arithmetic problems Next, participants were 

asked to solve as many arithmetic problems as they could in 

1 minute. Following Popov and Dames (2023), these 

problems consisted of three one- or two-digit integers, X, Y, 

and Z, and required either adding Y to X or subtracting Y from 

X in parentheses, and then multiplying or dividing that value 

by Z (e.g., (X + Y) / Z = ?; Figure 1 middle panel). These 

problems were drawn from a list of 30 total problems and 

were presented in a random order. Participants were asked to 

type their response in a textbox and then press ‘Enter’ to 

submit their response, after which the next problem would 

appear. The correct response to each of these problems was a 

positive or negative integer. 

Even though participants were not told about the memory 

task that they would complete next, these arithmetic problems 

served as a buffer between encoding and memory tasks to 

reduce the likelihood that participants might maintain 

representations of encoded stimuli in working memory 

during the memory task. 

Surprise category recognition memory Participants’ 

experimental tasks concluded with a surprise memory task. 

Participants were informed of this task only after they 

completed their minute-long distractor task. They were told 

that they would be presented with a series of 24 completely 

new paintings, none of which they had been shown during the 

prior encoding task. On each trial, participants were 

presented with a single panting, and they were instructed to 

indicate whether that painting was painted by one of the same 

artists that painted any of the paintings they had seen during 

the encoding task. Each painting was shown for 3 seconds, 

during which participants could use the ‘p’ key to indicate 

‘Yes’ (i.e., the artist who painted this painting also produced 

one of the paintings shown during the encoding task) or use 

the ‘q’ key to indicate ‘No’ (Figure 1, upper-right panel). 

They were not asked to identify the artist. 

Of the 24 novel paintings displayed during this task, 12 

were painted by one of the six artists whose work was shown 

during the previous comparison task (i.e., ‘familiar’), so the 

correct response for these trials was ‘Yes’. The 12 remaining 

paintings were painted by six other artists whose work was 

not shown during the comparison task (i.e., ‘unfamiliar’), so 

the correct response for these trials was ‘No’. Painting stimuli 

were presented in a random order across participants. 

 

Table 1: Participant-generated similarities (above) and 

differences (below) of depicted pair of paintings. Each bullet 

point includes a description from a different participant. 

   
similarities 

• “both paintings have boats and water” 

• “Green Water” 

• “pointillism” 

• “Still water with land beside” 

• “The vibes, and the greeny coloring very grainy 

and all are ships” [sic] 

differences 

• “The first one is colder and darker” 

• “lonely harbour vs fishing village looks” 

• “dark colors other light” 

• “one painting is sad sea the other is nice town” 

• “one looks slightly black and wite” [sic] 

 

Results and Discussion 

Before reporting analyses of category recognition memory 

performance, we examine painting descriptions produced 

during comparison-based encoding in order to validate our 

manipulation of comparison type. 

Painting descriptions (from Comparison-based incidental 

encoding) Recall that during their encoding task, participants 

were shown pairs of paintings and were instructed to either 

type a similarity or a difference between those two paintings, 

depending on their experimental condition. We first sought 

to assess whether participants followed task instructions such 

that participants asked to type out similarities did, in fact, ype 

out similarities, and that participants asked to type out 

differences did type out differences. Table 1 shows five 

participant-generated similarities and five participant-

generated differences of the depicted pair of paintings, each 

produced by a different participant. All participant-generated 

descriptions are available at the OSF page for this project 

(https://osf.io/bs8tx/?view_only=63e277c727404df1ab4e9b

d21ed2138e) 
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Figure 3: Experiment 1 Category recognition memory 

performance, broken down by condition. Left panel shows 

rate of indicating that a given painting was painted by an artist 

whose paintings were shown during the encoding task 

(dashed line indicates chance response rate), and right panel 

shows d’. 

 

In order to provide an overall impression of these 

descriptions, we focus discussion on the most frequently used 

words in participant-generated descriptions. No analyses of 

participant-generated descriptions were preregistered. Figure 

2 depicts the most frequent words used in similarities (left) 

and differences (right). Word clouds show that both 

descriptions tend to use many overlapping words, with 

notable exceptions: “same” and “similar”, used in 

similarities, and “different”, “vs”, “left”, “right”, “first”, and 

“second”, used in differences. We identified what words were 

used more often in similarities than in differences (and vice 

versa) by finding words whose rates of use had the highest 

contrast across conditions. We computed these usage rates for 

each unique word mentioned in participant-generated 

descriptions and did so separately for each condition. We 

scaled the frequency that each unique word was used by the 

total number of words used across descriptions and then 

ranked words according to those whose usage rates had the 

highest contrast across conditions (i.e., “usage rate contrast”; 

see Figure 2 bar graphs). Among these, words appearing 

more often in similarities than in differences included “both”, 

used to refer to the two paintings together, plural-conjugated 

verbs (e.g., “have”, “are”, “use”), as well as the words 

“same”, and “similar”.  In contrast, words appearing more 

often in differences than in similarities included “one”, 

“other”, “left”, “right”, used to single out one of the paintings, 

and singular-conjugated verbs (e.g., “has”, “is”), as well as 

“vs”, which expresses a contrast. This qualitative analysis of 

participant-generated descriptions validates that participants 

engaged in the encoding task as instructed. 

Category recognition memory performance. Overall, 

participants did well on this task across conditions 

(similarity: Macc = .68, SDacc = .13; difference: Macc = .64, 

SDacc = .12). The left panel of Figure 3 shows hit rates 

(similarity: Mhit = .71, SDhit = .17; difference: Mhit = .67, SDhit 

= .16), and the middle panel shows false alarm rates 

(similarity: Mfalse-alarm = .36, SDfalse-alarm = .16; difference: 

Mfalse-alarm = .40, SDfalse-alarm = .16) broken down by condition. 

We examined whether identifying similarities yielded better 

category recognition memory than did identifying 

differences. To do so, we computed d’ for each participant to 

measure individual-level memory sensitivity, and then we 

compared mean d’ values for each condition, which is shown 

on the right panel of Figure 3. To address extreme values in 

computing d’ (i.e., hit rates or false alarm rates of 1 or 0), we 

adopted the log-linear method, which adjusts all hit rates and 

false alarm rates according to the following rule: rateadjusted = 

rateraw + 
1

2(𝑛+ 1)
, where n = number of old / signal-present 

trials (for hit rate) or new / signal-absent trials (n = 12 for 

both). Monte Carlo simulations have shown that the log-

linear method produces less biased estimates of d’ than the 

popular approach of respectively adding 
1

2𝑛
  to or subtracting 

it from hit rates or false alarm rates of 0 or 1 (i.e., the ‘1/2n 

rule’) (Hautus, 1995). 

Independent-samples t-tests showed that participants 

attending to similarities had greater memory sensitivity (Md’ 

= 1.01, SDd’ = .64) than did participants attending to 

Figure 2: Most frequent words appearing in painting descriptions, broken down by condition. Circled words within each word 

cloud were selected as highly reflective of their experimental condition. Bar graphs below show words with the greatest 

difference in frequency across conditions. Left graph show words that were more frequent in similarity descriptions than in 

difference descriptions, and vice versa for right graph. 
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differences (Md’ = .77, SDd’ = .63), t(348.72) = 3.60, p < .001, 

d = .39, and conditions did not differ in their criterion / bias 

(similarity: Mbias = -.12, SDbias = .40; difference: Mbias = .11, 

SDbias = .37), t(346.27) = -.42, p = .67. This result held even 

after excluding participants with negative d’ values, t(312.83) 

= 3.61, p > .001, d = .41, as well as when we compared A’ 

values, a nonparametric measure of memory sensitivity 

(Sloutsky & Fisher, 2004; Wickens, 2001), t(348.76) = 2.85, 

p = .005, d = .30 (similarity: MA’ = .74, SDA’ = .16; difference: 

Md’ = .69, SDA’ = .16), and overall accuracy (see above for 

means and standard deviations), t(344.59) = 2.83, p = .005, d 

= .30. 

In order to further specify the source of this performance 

gap across similarity and difference participants, we fit a 

logistic mixed-effects model of trial-level accuracy on the 

category recognition memory task using the lme4 package in 

R (Bates et al., 2015). This model included a condition 

(similarity versus difference) by stimulus type (familiar 

versus unfamiliar) interaction term, and 1+stimulus type | 

participant and 1 | stimulus random-effect terms. In an effort 

to bolster the generalizability of our analysis (Barr et al., 

2013), we used the buildmer R package to determine the 

maximal random-effect structure of our model that would 

converge. 

A likelihood-ratio test compared this full model to a 

reduced model that lacked the interaction term, but that was 

an otherwise equivalent model. Though the interaction term 

did not contribute to overall model fit, ∆ AIC = 1, 𝜒2 = .68, 

p = .41, we nevertheless examined marginal means estimated 

from this full model in order to test simple-effects of 

condition within each stimulus type. Similarity participants 

recognized ‘familiar’ paintings (i.e., paintings created by 

artists whose paintings were shown during the encoding task) 

at a higher rate (i.e., had higher hit rates, see Figure 1 left 

panel) than difference participants, estimated mean 

difference = .22, SE = .08, z = 2.61, p = .009. For ‘unfamiliar’ 

paintings (i.e., paintings created by artists whose paintings 

were not shown during the encoding task), there was no 

difference between the two conditions (i.e., in false alarm 

rates, see Figure 1 middle panel), estimated mean difference 

= .12, SE = .08, z = 1.52, p = .13. These results suggest that 

attending to similarities promotes better generalization than 

does attending to differences. 

Experiment 2 

Experiment 1 showed that attending to similarities between 

stimuli in within-category comparisons prompts more 

accurate generalization to novel instances of those categories 

than does attending to differences between those same 

stimuli. This result supports the hypothesis that selective 

attention to similarities between stimuli aids generalization 

across those stimuli. However, features that benefit category 

recognition likely differ from features important for 

recognizing individuals (De Brigard et al., 2017; Meagher & 

Nosofsky, 2023; Nosofsky, 1991). Correspondingly, 

similarity-comparisons might be expected to harm task 

performance on old/new recognition memory, where more 

granular representations of individuals are emphasized (for 

similar approaches, see Sloutsky & Fisher, 2004; Vendetti et 

al., 2014). In Experiment 2 we adopted the same procedure 

as Experiment 1, but replaced the category recognition task 

with an old/new recognition memory task, in which 

participants were asked to judge whether they had seen 

specific paintings during the previous encoding task. 

Experiment hypotheses, methods, and analysis plan for 

old/new recognition data were preregistered 

(https://osf.io/9aeh4). 

Method 

Participants We recruited a total of 352 new participants 

from Prolific Academic. This sample size was determined by 

the same power analysis used in Experiment 1. We limited 

our data collection to participants who were fluent in English 

and had an approval rate above 98%. Participants were only 

allowed to participate once and earned a payment equal to 

$12 an hour. Research procedures were approved by the 

Institutional Review Board at the University of Pennsylvania. 

Procedure Experimental procedure was identical to 

Experiment 1, except the surprise category recognition task 

was replaced with a surprise old/new recognition memory 

task. 

Surprise old/new recognition memory As in Experiment 1, 

participants in Experiment 2 concluded their experimental 
sessions with a surprise memory task of which they were not 

informed until after completing their distractor task. 

Participants were told that they would be presented with a 

series of 36 paintings, some of which they were shown during 

the comparison task that they had completed earlier. As in 

Experiment 1, paintings were presented one at a time, and 

participants were instructed to indicate which paintings they 

had seen during the comparison task. Unlike the category 

recognition task used in Experiment 1, artists were not 

mentioned in the instructions in this old/new recognition 

memory task. Each painting was displayed for 3 seconds, 

during which participants could use the ‘p’ key to indicate 

‘Yes’, this painting was shown during the comparison task, 

or use the ‘q’ key to indicate ‘No’. Stimulus order was 

randomized across participants. 

Of the 36 paintings displayed during this task, 12 were 

paintings shown during the encoding task (i.e., ‘old’), so the 

correct response for these trials was ‘Yes’. The remaining 24 

paintings were novel, so the correct response for these trials 

was ‘No’. Of these paintings, 12 were painted by one of the 

six artists whose work was shown during the previous 

comparison task (i.e., ‘familiar’), and the other 12 were 

painted by six other artists whose work was not shown during 

the comparison task (i.e., ‘unfamiliar’). 

Results 

Painting descriptions (from Comparison-based incidental 

encoding) The results from Experiment 2 were practically 

identical to those in Experiment 1, again confirming that 

participants followed task instructions during their encoding 

task. 
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Figure 4: Experiment 2 old/new recognition memory 

performance, broken down by condition. Left panel shows 

false alarm rates on ‘familiar’ and ‘unfamiliar’ paintings, and 

right panel shows d’. 

 

Old/new recognition memory performance As in 

Experiment 1’s category recognition task, participants did 

well on this task across conditions (similarity: Macc = .78, 

SDacc = .09; difference: Macc = .80, SDacc = .08). Participants 

had high hit rates (similarity: Mhit = .76, SDhit = .13; 

difference: Mhit = .77, SDhit = .13) and moderately low false 

alarm rates (similarity: Mfalse-alarm = .24, SDfalse-alarm = .12; 

difference: Mfalse-alarm = .21, SDfalse-alarm = .10), as shown in the 

left panel of Figure 4. 

We examined whether attending to differences yielded 

better recognition memory than did attending to similarities. 

To do so, we compared memory sensitivity as computed by 

d’ values for each participant, shown in the right panel of 

Figure 4. As in Experiment 1, we used the log-linear method 

to address extreme values (i.e., hit rates or false alarm rates 

of 1 or 0) (Hautus, 1995). Participants attending to 

differences (Md’ = 1.70, SDd’ = .50) had greater memory 

sensitivity than did participants attending to similarities (Md’ 

= 1.58, SDd’ = .58), t(342.13) = 2.07, p = .04, d = .22, and 

conditions did not differ in their criterion / bias (similarity: 

Mbias = .00, SDbias = .35; difference: Mbias = .03, SDbias = .37), 

t(349.06) = .77, p = .44. This result held after excluding 

participants with negative d’ values, t(338.41) = 2.26, p = .02, 

d = .24, as well as for A’ values (difference: MA’ = .86, SDA’ 

= .06; similarity: Md’ = .84, SDA’ = .07), t(342.61) = 2.48, p = 

.01, d = .27, and overall accuracy (see above for means and 

standard deviations), t(341.49) = 2.89, p = .004, d = .31. 

In order to further specify the source of this performance 

gap across similarity and different participants, we fit a 

logistic mixed-effects model of trial-level accuracy on the old 

/ new recognition memory task using the lme4 package in R 

(Bates et al., 2015). This model included a condition 

(similarity versus difference) by stimulus type (old versus 

familiar versus unfamiliar) interaction term, and 1 | 

participant and 1 | stimulus random-effect terms. In order to 

improve the generalizability of our analysis (Barr et al., 

2013), we used the buildmer R package to determine the 

maximal random-effect structure of our model that would 

converge. 

Although the interaction term did not contribute to overall 

model fit (∆ AIC = 0, 𝜒2 = 4.50, p = .11), we examined 

marginal means estimated from this full model to test simple 

effects of condition within each stimulus type. Similarity 

participants misrecognized ‘familiar’ paintings at a higher 

rate (i.e., had a higher false alarm rate, see Figure 4 middle 

panel) than difference participants, estimated mean 

difference = .28, SE = .08, z = 3.60, p = .003. There was no 

difference across conditions for ‘unfamiliar’ paintings, 

estimated mean difference = .09, SE = .12, z = .79, p = .43, or 

on ‘old’ paintings, estimated mean difference = .07, SE = .09, 

z = .86, p = .39. Together with the results of Experiment 1, 

these findings suggest that attending to similarities between 

exemplars promoted stimulus generalization to the detriment 

of stimulus individuation in Experiment 2. 

General Discussion 

Across two preregistered experiments, we showed that the 

goals of comparison systematically constrain the retrieval 

conditions that are most compatible with the memory traces 

left by that comparison. Relative to differences, attending to 

similarities was more compatible with retrieval conditions 

emphasizing stimulus generalization in a category 

recognition task (Experiment 1). The reverse was found in a 

recognition memory task (Experiment 2), for which accuracy 

was greater when participants attended to differences and 

retrieval conditions emphasized stimulus individuation. 

These results demonstrate a complementarity between the 

consequences of similarity and difference processing, which 

mirrors a number of previously-observed dichotomies 

observed in human cognition (Brainerd & Reyna, 2002; 

Bruner, 1956; Hunt & Einstein, 1981, 1981; Knowlton et al., 

2023; Nosofsky, 1986). 

The present results also align with demonstrations of 

similarity-induced memory biases in working memory 

(Fukuda et al., 2022; Saito et al., 2023). Exposure to a 

perceptually available stimulus that is judged to be similar to 

a color representation held in working memory biases 

people’s working memory representations to be more similar 

to that stimulus than does exposure to a stimulus that is 

judged to be dissimilar. On the other hand, Fukuda et al. did 

not find evidence for working memory biases away from the 

presented stimulus, relative to a baseline condition, when the 

stimulus was judged to be dissimilar. In some cases, 

participants even exhibited biases toward stimuli judged to 

be dissimilar. This asymmetry between subjectively similar 

and dissimilar stimuli raises the possibility that difference-

comparisons might promote generalization relative to some 

baseline condition. Correspondingly, in cases of category-

induced representational change, category learning produces 

within-category representational compression such that 

stimuli falling under the same label come to be seen as more 

similar to each other (Dubova & Goldstone, 2022; Goldstone 

et al., 2001; Livingston et al., 1998), but not between-

category representational repulsion (Goldstone et al., 2001). 

Future work is needed to further clarify the impact of 

difference comparisons on human learning and memory. 

Overall, the present experiments demonstrate that the 

contrasting goals of processing similarities and processing 

differences produce memory traces that reflect a trade-off 

between generalization and individuation. Comparison thus 

serves as a learning opportunity that enables learners to 

navigate this trade-off by strategically shifting their attention 

to similarities or differences.  
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