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Abstract: Memory representations contain a rich array of features, including perceptual 

and conceptual features of encoded stimuli. While prior research demonstrates that 

both feature types are independently represented in memory, available evidence 

suggests that recognition decisions (i.e., identifying one image as previously seen) 

depend primarily on conceptual features. However, memory judgments are a 

culmination of several processing stages: evidence accumulation, recognition decisions 

and subjective evaluations about memory quality. Whether perceptual and conceptual 

representations influence stages beyond recognition decisions, and whether these 

representations interact during these stages, remains untested. To address these 

questions, we conducted a series of experiments in which subjects performed forced-

choice memory tests. In these tests, subjects encoded several images (e.g., the picture 

of a dog) and later had to discriminate between the encoded images and similar lures 

(e.g., the picture of a similar dog). Crucially, we employed computational models of 

vision to independently quantify the perceptual and conceptual similarity between the 

encoded images and their lures. Experiment 1 (N=140) revealed that both perceptual 

and conceptual similarity impaired evidence accumulation, though only conceptual 

similarity decreased recognition accuracy. Experiments 2 (N=254) and 3 (N=315) 

revealed a similar effect, with conceptual similarity decreasing recognition accuracy. 

However, by directly testing interactions between both types of features, our results 

showed that when perceptual similarity between targets and lures was high, the 

detrimental effect of conceptual similarity on recognition accuracy was diminished —a 

reduction that was associated with participants increased reliance on more detailed-

based retrieval strategies. 
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Keywords: Episodic Memory, Perceptual Representations, Conceptual 

Representations, Confidence Judgments. 

 

Introduction 

Whether selecting the correct bottle of medicine from similar ones, taking the right exit 

on a highway with multiple options, or picking up the right toddler from daycare, we rely 

on our memories to make accurate decisions. To achieve this, memories must be 

detailed enough to represent specific features that help us distinguish what we need to 

remember from competing stimuli 1,2. Crucially, the features underlying memories  

involve several representational formats 3,4: ranging from perceptual (e.g., color or 

shapes) to conceptual (e.g., categorical membership or stimulus prototypicality). While 

prior studies have shown that these representational formats differentially impact 

recognition decisions 2,5, their specific influence on the distinct stages underlying 

memory judgments —from evidence accumulation and recognition decisions, to 

subjective evaluations of memory quality— remains largely unexplored. 

While memory representations are comprised of perceptual and conceptual 

features 3,4, prior research has shown the independence of these two representational 

formats in recall probabilities 6,7. However, only conceptual representations have been 

consistently linked to recognition decisions: stimuli with more confusable conceptual 

features are less likely to be recognized 5,8,9. Taken together, this body of work has 

demonstrated the independence between perceptual and conceptual representations, 

while showing that only the latter influences recognition accuracy. 
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Despite the aforementioned research, the influence of these two representational 

formats on memory judgments remains poorly understood, with two important questions 

left unanswered. First, prior research has focused mostly on the influence of these 

representational formats on recognition decisions. Yet, memory judgments involve 

multiple stages beyond recognition decisions: such as the process of accumulating 

evidence to reach a decision 10, as well as subjective evaluations of memory quality 11.  

Whether these two stages are influenced by perceptual and/or conceptual 

representations remains unclear. Second, whether perceptual and conceptual features 

interact during the different stages underlying memory judgments remains largely 

unexplored. However, the processing of perceptual and conceptual features has been 

shown to be temporally coupled not only during perception 12, but also during memory13, 

suggesting that such interactions are, in principle, possible. Based on this evidence, we 

hypothesize that perceptual and conceptual representations would influence the 

different stages underlying memory judgments. Moreover, we expect that, at least in 

some stages, this influence will reflect an interaction between these two 

representational formats. 

To test these this hypothesis, we employed convolutional neural networks 

(CNNs) —computational models that represent stimuli analogously to the visual 

system— to quantify perceptual and conceptual features of stimuli 14–16. We combined 

this modeling approach with a paradigm in which subjects first encoded several target 

stimuli and then recognized each target from among similar lure images. Our approach 

was based on the premise that memory representations are comprised by perceptual 

and conceptual features 3,4. Therefore, targets and lures could be similar according to 
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their perceptual features, conceptual features, or both. If perceptual or conceptual 

representations of such features are recruited during a specific stage of memory 

judgments, similarity between the targets encoded features and corresponding features 

in the lure should interfere with that processing stage, resulting in impaired 

performance. 

Employing this rationale, we tested whether both perceptual and conceptual 

similarity influence different stages of memory judgments. To do this, we isolated the 

influence of each feature type by selecting stimulus sets in which targets and lures 

varied in either perceptual or conceptual features, while holding the other constant. We 

then tested whether both features interact during different stages of memory judgments, 

employing stimulus sets in which targets and lures varied across several combinations 

of perceptual similarity and conceptual similarity. 

 
Methods 

No experiment was pre-registered. 

 

Experiment 1 

 

Procedure 

The current study consisted of two phases: an encoding phase and a recognition phase 

(Figure 1A). During the encoding phase, participants were presented with 120 different 

images of objects. Each object was displayed for 4 seconds at the center of the screen. 

Immediately after the encoding phase, participants proceeded to the recognition phase, 

which consisted of two steps: (1) Participants identified the previously seen picture from 



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS

 

 

two images representing the same concept: one being the image presented during 

encoding (the target image) and the other a lure image; (2) Rating their confidence in 

their choice (1 = guess to 5 = very confident). Each step lasted 4 seconds and was 

separated by an interstimulus interval of 1, 1.5, or 2 seconds. The order of stimuli was 

randomized for each participant. The timing parameters and randomization scheme was 

the same across experiments. 

 

Stimuli Selection 

We sourced our stimuli from the THINGS database 17, which is comprised by several 

images of different objects. In order to select target-lure pairs that could vary in either 

perceptual or conceptual similarity we employed two CNNs. To model perceptual 

similarity we employed VGG-16 18, a network trained to classify objects. To primarily 

capture perceptual features of stimuli, we employed its first max-pooling layer, which 

has been shown to reflect early-stage perceptual representations 5,19. For experiments 1 

and 2 we employed the implementation of VGG-16 trained to classify objects; while 

experiment 3 we employed the implementation trained to classify scenes 

(https://github.com/GKalliatakis/Keras-VGG16-places365).  We used two different 

implementations because the weights of each network are specifically trained to classify 

either objects or scenes.  

To model conceptual representations, we employed CLIP 20, a CNN trained to 

generate unified representations of images and their labels; allowing it to determine the 

degree of match between images and verbal descriptions. We chose to employ CLIP, 

as opposed to other models (i.e., the last max-pooling layer of VGG-16), for two 
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reasons. First, CLIP was trained with both images and verbal labels: thus, this model 

does not only integrate the visual features of images, but also their semantic labels. 

Second, this model was trained with images of both objects and scenes, allowing us to 

employ the same model across experiments.  

To model the similarity between target and lures, we adapted a procedure 

previously employed by Morales-Torres 5. We implemented this procedure by following 

three steps: (1) We fed the target image and its lure into the NNs (VGG-16 received the 

image as input, while CLIP received both the image and the image name); (2) We 

extracted the embeddings of each stimulus; (3) We calculated the similarity between the 

target and its lure by computing the cosine similarity between their embeddings. Thus, 

each target-lure pair had two similarity values: one representing their perceptual 

similarity, the other representing their conceptual similarity.  

After calculating perceptual and conceptual similarity of all stimuli in the THINGS 

database, we selected 120 pairs. Each stimulus was paired with two lures, one high and 

another low in perceptual similarity (t(119) = 26.94, p < .001, Cohens d = 2.05, 95% CI 

= [1.78 2.31]). Crucially, the stimuli selected to be distinctive according to their 

perceptual features were not significantly different according to their conceptual features 

(t(119) = 1.8, p = .08, Cohens d = 0.14, 95% CI = [-0.01 0.29]). See the upper row of 

Figure 1B for an example of a target-lure pair and of Figure 1C for their similarity 

values. Similarly, we selected another 120 stimuli paired with two lures, one high and 

another low in conceptual similarity (t(119) = 32.63, p < .001, Cohens d = 2.08, 95% CI 

= [1.9 2.3]), but with no significant difference according to their perceptual features 

(t(119) = 0.9, p = .38, Cohens d = 0.07, 95% CI = [-0.09 0.23]). See the lower row of 
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Figure 1B for an example of a target-lure pair and of Figure 1C for their similarity 

values. Across participants we counterbalanced whether images were paired with a lure 

either high or low on perceptual/conceptual similarity.  

 

Participants 

Based on an a-priori power analysis, a sample of 70 subjects would yield 80% power to 

detect a small effect in a paired sample t-test. Thus, we aimed to recruit 70 subjects that 

were shown the stimuli-set that differed in perceptual similarity. We recruited a total of 

90 participants trough Prolific.  Prolific workers were native English speakers, based in 

the United States and had an approval rate above 95%. We excluded participants with a 

hit rate below 60% on the forced-choice memory task, as performance below this 

threshold would be too close to chance (50%). Additionally, we excluded subjects with 

100% performance, as our analysis also integrated error rates. Across experiments 

participants were asked to report their gender by choosing between the options: 

‘Female’, ‘Male’, ‘Prefer not to say’.  After exclusion, our total sample was comprised of 

70 participants (Mage = 42, SD = 12; 30 females, 40 males). Similarly, we recruited a 

total of 93 subjects that were shown the stimulus-set that differed in conceptual 

similarity. After exclusion our total sample was comprised of 70 participants (Mage = 43, 

SD = 14; 27 females, 41 males, 2 participants did not indicate gender). All experiments 

were approved by the Duke University Institutional Review Board. Across all 

experiments, participants read and gave their consent to take part in the study. While 

we collected information about participants race and ethnicity, this data was not 

analyzed. No other demographic information was collected.  
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Analysis 

In order to test the influence of perceptual and conceptual representations on memory 

judgments, we employed two different analyses: one aiming to test the influence of 

similarity on recognition accuracy and the second to test this influence on the decision 

process. All models were implemented in RStudio 21.  

To model the influence of similarity on recognition decisions, we calculated 

Receiver Operating Characteristic (ROC) curves for each subject. This measure 

allowed us to test whether similarity would influence the discriminability between targets 

and lures, as the ROC represents the relationship between hit rates and false alarm 

rates across different confidence levels. For each subject we calculated ROC curves 

separately for the High and Low similarity conditions and contrasted the area under the 

curve (AUC) values by employing a two-sided paired t-test. The ROCs and AUCs were 

obtained using the pROC R package 22. In order to compare whether two distributions 

were statistically similar, we employed the 'equivalence’ R package to perform two one-

sided equivalence testing (TOST). We used a small-to medium effect size of 0.3 to 

calculate the boundary of equivalence 23. For both groups, difference scores followed 

the assumptions of normality (Perceptual group: w = 0.97, p = .18; Conceptual group: w 

= 0.99, p = .68).  

To assess the impact of similarity on the decision process, we employed a 

computational model of decision making. Specifically, we used a mixed-effect Drift 

Diffusion Model (DDM), which enabled us to infer how evidence is accumulated before 

a decision is reached  10,24. To generate the model, we employed weakly informative 
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priors, which constrained the parameters to plausible ranges while allowing the data to 

drive the posterior estimates. Then, we set up the model to test whether drift-rate, 

boundary separation and bias would differ between high and low similarity conditions 

(high coded as 0 and low as 1). For each of these estimates, Similarity was included as 

a random slope, allowing its effect to vary across subjects. Non-decision time was 

allowed to vary only as a function of subjects. Trials in which subjects correctly 

recognized the target image were defined as reaching the upper boundary, whereas 

trials in which subjects chose the lure image were defined as reaching the lower 

boundary. We ran four chains, each with 8000 samples; after discarding the first 2000 

as burn-in, we obtained a total of 24,000 samples.  

For each DDM estimate we report its beta weight, standard error and 95% 

credible interval (95% CrI). To evaluate the certainty of our results, we report the 

probability of direction (pd), which measures the proportion of posterior draws sharing 

the sign of the median, thus indexing the certainty about the direction of an effect. We 

employed a proportion of 0.975 as representing a significant effect, which is equivalent 

to a two-sided alpha value of 0.05. The DDM analysis was performed using the brms 

package 25 and the probability of direction was obtained with the bayestestR package 26.  

 

Experiment 2 

 

Participants 

Experiment 2 employed a dataset previously reported in 27. This dataset consisted of a 

sample of 303 participants from Prolific. However, after data exclusion (participants with 
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a hit-rate below 35%, as chance performance was 25%), the final sample size was 254 

(Mage = 37.5, SD = 12.7; 158 females, 93 males, 3 did not indicate gender).  

 

Stimuli 

Stimuli consisted of 435 images of objects from the THINGS database 28. During 

retrieval, each object was paired with three different lures —images representing the 

same concept. For each quartet of images, we calculated target-lure similarity values 

following the same procedure as in Experiment 1. However, as we included 3 lures, we 

average the cosine similarity between a target and its three lures to represent the 

overall similarity of a trial. After obtaining the similarity scores for all stimuli, we z-scored 

the values and removed pairs exceeding ±3 standard deviations. The 𝑅2 between 

perceptual and conceptual target-lure similarity was 0.01, indicating only a minimal 

association between the measures. 

 

Procedure. 

The current study consisted of two phases: an encoding phase and a recognition phase 

(Figure 2A Upper Panel). During the encoding phase, participants were presented with 

84 different images of objects. The image of each object was accompanied by the name 

of the object (e.g., the image of a dog was accompanied by the word ‘Dog’). 

Immediately after the encoding phase, participants proceeded to the recognition phase, 

which consisted of four steps: (1) Participants were presented with the name of an 

object and were asked to recall its image, then rate the vividness of their recall; (2) 

Rating the difficulty of recalling the image; (3) Participants identified the target image 
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from 3 lures; (4) Rating their confidence in their choice (1 = guess to 7 = very confident). 

Data from the first and second steps was not analyzed here.  

 

Analysis 

To simultaneously analyze the influence of perceptual and conceptual representations 

on memory judgments, we employed a Bayesian mixed-model approach (BMM). As the 

dependent variable we included recognition accuracy (0 = the participant selected a 

lure; 1 = the participant selected the target). For the predictor variables we included the 

perceptual and conceptual target-lure similarity values, as well as the interaction 

between both variables. Perceptual and conceptual target-lure similarity, and their 

interaction were also included as random slopes, with subjects modeled as random 

intercepts. 

We then examined how perceptual and conceptual representations influenced 

participants subjective assessment of their confidence, as confidence judgments reflect 

participants metacognitive evaluation of how well they remember a stimulus—with 

higher confidence indicating stronger perceived memories while lower confidence 

suggesting more uncertain and weak memories 29,30. We focused this analysis 

exclusively on trials where participants correctly identified the target image as a way to 

remove the influence of incorrect responses on confidence ratings.  

BMM were calculated in a similar way to the DDM. First, we employed weakly 

informative priors, which constrained the parameters to plausible ranges while allowing 

the data to drive the posterior estimates. Then, each model was run for four chains, 

each with 8000 samples; after discarding the first 2000 as burn-in, we obtained a total of 
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24,000 samples. For each estimate we report the beta weight, standard error, and 95% 

CrI. The certainty of each effect was indexed by its pd. Across all BMM 𝑅̂ values were 

smaller than 1.01, indicating good model convergence 31. 

 

Experiment 3 

 

Participants 

In order to calculate the sample size for Experiment 3a, we employed data from 

Experiment 2. A simulation-based power analysis (see Supplemental Information, 

Section 1) indicated that 200 participants would provide 80% power to detect an 

interaction between perceptual and conceptual similarity. To reach this target, we 

recruited a new sample of 261 participants from Prolific and excluded those with a hit 

rate below 35% (chance = 25%), resulting in a final sample of 200 participants (Mage = 

41, SD = 12; 85 females, 113 males, 5 participants did not indicate gender).  

To calculate the sample size for Experiment 3b, we employed the same 

simulation-based approach with the data from Experiment 3a. We determined that 115 

participants would provide 80% power to detect an interaction between perceptual and 

conceptual similarity. To reach this, we recruited a new sample of 152 prolific workers 

and excluded those with a hit rate below 35%, resulting in a final sample of 115 (Mage = 

43, SD = 12; 58 females, 56 males, 1 participant didn’t indicate gender).  
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Stimuli 

Experiments 3a and 3b employed the same stimulus-set sourced from Wing et al. 32. 

The stimulus-set consisted of images representing 96 different natural scenes. For each 

natural scene, the dataset contained 4 different images of the same scene category 

(i.e., four scenes of a restaurant), allowing us to designate one as the target and the 

remaining three as lures. The 𝑅2 between perceptual and conceptual target-lure 

similarity was 0.04, indicating only a minimal association between the measures. 

 

Procedure 

For Experiment 3a the procedure was the same as in Experiment 2 except for one 

difference. During the recognition phase, we only asked participants to recognize the 

image and rate their post-decision confidence (Figure 2B Upper Panel). 

The procedure for Experiment 3b was the same as for Experiment 3a except for 

one modification. During the recognition phase, instead of 1-to-7 confidence scale, 

subjects were asked about what type of information they used to discriminate the target 

image from the lures (Figure 2C Upper Panel). After making their choice, they selected 

one of three options: (1) Guess, (2) Familiar (for decisions based on a feeling of 

familiarity), or (3) Remember (for decisions based on recollecting specific details 

associated with the image; see Supplemental Information, Section 2, for the specific 

instructions). 
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Analysis 

Both Experiments 3a and 3b analyzed recognition accuracy using the same BMM as 

Experiment 2. However, for Experiment 3b, we employed an additional model to 

analyze recollection/familiarity/guess decisions. First, we excluded incorrect trials and 

correctly recognized trials with a "Guess" response. Then, we recoded trials with 

"Remember" responses as 1 and "Familiar" responses as 0. With this coding scheme, 

higher values indicated an increased probability of a Remembered judgment, while 

lower values indicate an increased probability of a Familiarity judgment. Given the 

binary nature of this logistic coding, these probabilities are reciprocal—an increase in 

the probability of Remember judgments necessarily corresponds to a decrease in the 

probability of Familiar judgments. 

 
Results 

 

Experiment 1 

Before running the analysis, we validated that VGG-16 captured perceptual features 

and CLIP captured conceptual features (see Supplemental Information, Section 3). 

Then, we confirmed that our DDM showed good convergence and provided an 

adequate fit to our data (see Supplemental Information, Section 4). After testing our 

models, we explored the impact of perceptual and conceptual target-lure similarity on 

memory judgments.  

For the group of participants presented with stimuli varying in perceptual 

similarity AUC values (Figure 1.D) showed no significant differences between 

conditions (Mean difference = -0.002; t(69) = 0.12, p = .9, Cohen’s d = 0.01, 95% CI = [-
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0.18 0.2]). Equivalence testing provided convergent evidence that the AUC distributions 

between conditions were statistically similar (95% TOST CI [-0.019, 0.022], p = .01). 

Conversely, the results from the DDM (Figure 1.E) revealed that when shown lures low 

in perceptual similarity participants showed higher drift rate (b = 0.07, SE = 0.03, 95% 

CrI = [0.007, 0.123], pd = 0.985). There was no credible evidence for a difference 

between lures with high and low similarity on boundary separation (b = -0.002, SE = 

0.01, 95% CrI = [-0.027 0.022], pd = 0.56) nor on bias (b = 0.01, SE = 0.04, 95% CrI = [-

0.062 0.081], pd = .60) 

Conversely, the group of participants presented with stimuli that varied in 

conceptual similarity showed significantly higher AUC (Figure 1.F) values (Mean 

difference = 0.03; t(69) = 3, p = .004, Cohen’s d = 0.24, 95% CI = [0.08 0.41]) when 

choosing target-lure pairs low in conceptual similarity. Equivalence testing provided 

convergent evidence that the AUC distributions between conditions were not statistically 

similar (95% TOST CI [-0.05, -0.015], p = .7). Similarly, the DDM (Figure 1.G) results 

revealed that when shown a lure with low conceptual similarity participants showed 

higher drift rates (b = 0.15, SE = 0.03, 95% CrI = [0.086 0.21], pd > 0.99 ), and a small 

yet significant change in bias towards the upper boundary (b = 0.07, SE = 0.04, 95% CrI 

= [0.001 0.14], pd = 97.7). Conversely, there was no credible evidence for a difference 

on boundary separation (b = 0.01, SE = 0.01, 95% CrI = [-0.015 0.034], pd = 0.782). 

 

[Figure 1] 
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Taken together, our results suggest that both perceptual and conceptual 

similarity impaired evidence accumulation (as shown by significantly higher drift rates 

during low similarity conditions). However, replicating prior findings 2,5,9, only conceptual 

similarity impaired recognition decisions by decreasing accuracy (as shown by 

differences in AUC). Thus, our results indicate that both types of feature representations 

influence —but have distinctive effects— on the different stages of memory judgments. 

However, even when both types of feature representations impaired decision 

accumulation, perceptual and conceptual interference between targets and lures had 

different impacts on this stage. Compared with conceptually similar lures, the difference 

in drift rate was smaller for perceptually similar lures. Moreover, reaction time 

differences between high and low similarity conditions were significantly smaller for 

perceptually similar lures compared to conceptually similar lures (indicating that 

participants required more time to resolve conceptual interference; see Supplemental 

Information, Section 5). Taken together, our results suggest that perceptual similarity 

creates processing difficulty that can be resolved during decision formation; while 

conceptual similarity generates persistent interference that affects recognition decisions. 

While in Experiment 1 we aimed to isolate the influence of each feature on 

memory judgments, in real-world scenarios stimuli and their lures can be simultaneously 

(dis)similar across both perceptual and conceptual dimensions. A target and its lures 

can be perceptually similar while being conceptually dissimilar (or vice versa), creating a 

multidimensional similarity space. In order to test whether interactions between 

perceptual and conceptual representations would influence memory judgments we 

conducted a new series of experiments. 
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Experiment 2  

Experiment 2 tested whether perceptual and conceptual feature representations would 

interact during memory judgments. To investigate this, we reanalyzed data from a prior 

study 27 that followed a similar procedure as Experiment 1. However, Experiment 2 

differed from Experiment 1 in that, instead of using target-lure pairs, it included three 

lures per target. For this and the next experiments, target-lure similarity was calculated 

as the average similarity between the target and its three lures. 

First, we analyzed how perceptual and conceptual similarity would influence 

recognition accuracy on this new dataset. Our results revealed a significant interaction 

between perceptual and conceptual similarity (b = 0.04, SE = 0.02, 95% CrI = [0.003 

0.077], pd = 0.98).  As can be seen in the middle panel of Figure 2A, this interaction 

was driven by recognition accuracy decreasing as a function of conceptual similarity. 

However, this decrease was attenuated when perceptual similarity was high. Perceptual 

(b = 0.08, SE = 0.02, 95% CrI = [0.042 0.12], pd > 0.99) and conceptual similarity (b = -

0.27, SE = 0.02, 95% CrI = [-0.31 -0.23], pd > 0.99) were significantly related to 

recognition accuracy, but both effects were qualified by the significant interaction. 

Then, we analyzed confidence ratings for correctly recognized targets (Figure 

2A, Lower Panel). Our results revealed that confidence decreased only as a function of 

conceptual similarity (b = -0.22, SE = 0.02, 95% CrI = [-0.25 -0.19], pd > 0.99). There 

was no credible evidence for an effect of perceptual similarity (b = 0.01, SE = 0.01, 95% 

CrI =[-0.016 0.04], pd = 0.79), nor for its interaction with conceptual similarity (b = -0.01, 

SE = 0.01, 95% CrI = [-0.034 0.023], pd = 0.66).  
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To test the robustness of our results, we replicated our analysis employing Linear 

Mixed Models (see Supplemental Information, Section 6), as well as single subject 

regressions (see Supplemental Information, Section 7). For all experiments, these two 

additional analyses fully replicated the results obtained with BMMs. 

The results of Experiment 2 revealed that participants recognition errors and 

decreases in confidence were principally driven by conceptual similarity. Additionally, 

we also found a significant interaction between perceptual and conceptual similarity for 

recognition accuracy. When targets and lures were perceptually similar, the detrimental 

effect of conceptual similarity was diminished. This interaction can be understood 

through Experiment 1 results: while both similarity types interfered during the evidence 

accumulation stage, perceptual interference showed weaker effects that didn't translate 

to recognition, whereas conceptual similarity created persistent interference negatively 

affecting recognition accuracy.  Based on this pattern, we interpret the interaction in 

Experiment 2 as reflecting perceptual representations modulating the effect of 

conceptual representations on recognition accuracy. Specifically, when perceptual 

similarity is low, participants show vulnerability to conceptual interference—replicating 

the pattern observed on Experiment 1b (Figure 1E). However, when perceptual 

similarity is high, making targets difficult to distinguish from lures based on superficial 

perceptual features alone, the effect of conceptual interference on accuracy is 

diminished.  

 

[Figure 2] 
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Experiment 3a 

In Experiment 3a we sought to ensure that results from Experiment 2 were replicable. 

Therefore, we conducted a conceptual replication and expansion of Experiment 2 by, 

instead of employing objects, probing memory for complex scenes.  

The recognition accuracy pattern of Experiment 3a fully replicated the results 

from Experiment 2 (Figure 2B Middle Panel). Our data revealed a significant 

interaction between perceptual and conceptual similarity (b = 0.06, SE = 0.02, 95% CrI 

= [0.031 0.098], pd = 0.99). Both, perceptual (b = 0.05, SE = 0.02, 95% CrI = [0.012 

0.078], pd = 0.99) and conceptual similarity (b = -0.2, SE = 0.02, 95% CrI = [-0.26 -

0.19], pd > 0.99) were significantly related to recognition accuracy, though both effects 

were qualified by their interaction. 

Focusing on the relationship between representational formats and confidence 

for correctly recognized targets (Figure 2B Lower Panel), our results revealed a 

significant interaction between perceptual and conceptual similarity (b = 0.07, SE = 

0.02, 95% CrI = [0.038 0.112], pd > 0.99). This interaction mirrored the results found on 

accuracy: higher conceptual similarity decreased confidence, but to a lesser degree 

when perceptual similarity was high. Additionally, perceptual (b = -0.08, SE = 0.02, 95% 

CrI = [-0.11 -0.041], pd > 0.99) and conceptual similarity (b = -0.17, SE = 0.02, 95% CrI 

= [-0.21 -0.13], pd > 0.99) were significantly related to memory strength. 

While the accuracy results of Experiment 3a replicated the results from 

Experiment 2, the confidence patterns differed between experiments. In Experiment 2, 

confidence ratings were affected only by conceptual similarity. In Experiment 3a, using 
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natural scenes that created greater overall discrimination difficulty, confidence mirrored 

the recognition accuracy results.  

In Experiment 3a, when conceptual similarity was high, subjects were less 

confident about their recognition decisions. However, this effect decreased when 

perceptual similarity was high. This pattern may arise because participants, recognizing 

the similarity in perceptual features, needed to employ more specific recollection 

strategies to distinguish between the lures and the target image. Given that the protocol 

employed did not ask subjects what type of evidence they used when discriminating 

targets from lures, we cannot provide direct evidence for this hypothesis. To test this 

prediction, we conducted a new experiment. 

 

Experiment 3b 

The objective of Experiment 3b was to test whether high perceptual similarity would 

increase reliance on more detailed retrieval processes. To this end, we employed a 

variation of the remember/know paradigm (Dobbins et al., 1998; Quent et al., 2022). In 

this variation, we asked participants whether their judgments were based on retrieved 

specific details ('Remember'), a sense of familiarity ('Know'), or mere guessing. We 

chose to employ this protocol because it more carefully isolates and emphasizes 

remembering based on the recollection of specific details, separating it from a more 

general sense of familiarity and mere guessing.  If high perceptual similarity shifts 

participants toward a more detail-based strategy, the decrease in the likelihood of 

'Remember' judgments as a function of conceptual similarity should be smaller under 

conditions of high perceptual similarity. 
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Replicating the results of Experiments 2 and 3a on recognition accuracy (Figure 

2C Middle Panel), we found a significant interaction between perceptual and 

conceptual similarity (b = 0.1, SE = 0.02, 95% CrI =[0.05 0.14], pd > 0.99). There was 

no credible evidence for perceptual similarity (b = 0.04, SE = 0.02, 95% CrI =[-0.007 

0.08], pd = 0.95), while conceptual similarity was significantly related with recognition 

accuracy (b = -0.13, SE = 0.02, 95% CrI =[-0.18 -0.86], pd > 0.99).  

Turning to recollection (Figure 2C Lower Panel), our analysis revealed a 

significant interaction between perceptual and conceptual similarity (b = 0.1, SE = 0.04, 

95% CrI = [0.027 0.183], pd = 0.99). This interaction mirrored the results on recognition 

accuracy: the probability of endorsing a decision as ‘Remembered’ (as opposed to 

‘Familiar’) decreased as a function of conceptual similarity, but to a lesser degree when 

perceptual similarity was high. There was no credible evidence that perceptual similarity 

showed was related with remember/familiar judgment probability (b = -0.04, SE = 0.04, 

95% CrI = [-0.113 0.035], pd = 0.85); while the relationship with conceptual similarity 

was significant (b = -0.3, SE = 0.05, 95% CrI = [-0.426 -0.25], pd > 0.99). 

The results of Experiment 3b suggest that conceptual similarity reduced the 

likelihood of endorsing a recognition decision as remembered. Crucially, this decrease 

was smaller under conditions of high perceptual similarity. Thus, we interpret this finding 

as indicating that under high perceptual similarity, participants decisions were more 

likely to rely on the recollection of more detailed features that enabled them to 

distinguish targets from lures. Moreover, this result also informs the interaction 

observed during recognition judgments: the decreased influence of conceptual similarity 

on recognition decisions may have arisen due to an increased reliance on the 



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS

 

 

recollection of more detailed features of the targets, which diminishes the potential for 

conceptual similarity to create interference. However, more research is needed to 

support this interpretation. 

 

Discussion 

 

The present study tested the influence of perceptual and conceptual feature 

representations on memory judgments. To do this, across several experiments, 

participants were asked to encode a series of images (e.g., the picture of a dog) and 

then to distinguish the specific image they had seen from a similar lure image (e.g., the 

picture of a different dog). To test whether perceptual and/or conceptual feature 

representations would influence memory judgments, we parametrized the similarity 

between each target image and its lure(s). Crucially, by employing computational 

models of vision, we separately quantified the visual and conceptual similarity of each 

target-lure pair. Our rationale was that during retrieval, participants need to match their 

mnemonic representations with those of the target and the lure, and choose which 

image is the better match. If perceptual and/or conceptual representations of the 

memoranda are retrieved during memory judgments, higher perceptual or conceptual 

lure similarity should create interference, which would be expressed by reduced 

performance. 

Our study yielded two main findings, first we found that while both perceptual and 

conceptual target-lure similarity slowed evidence accumulation, only conceptual 

similarity decreased recognition accuracy as well as subjective evaluations of memory 
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confidence. Our second finding was that when perceptual target-lure similarity was high, 

the detrimental effect of conceptual similarity on recognition accuracy and on 

confidence was attenuated. In the following paragraphs, we discuss each finding and 

highlight some limitations of the current study. 

 

The role of conceptual representations on memory judgments 

Prior studies exploring the influence of stimulus features on memory have compared 

lures that are high in either perceptual or conceptual similarity, reporting that 

participants are more likely to commit errors with conceptually similar lures (Krenz et al., 

2023; Zohar et al., 2024)—thereby revealing that conceptual features generate more 

interference than perceptual ones. In contrast to prior research, Experiment 1 aimed to 

isolate the influence of each representational format on memory judgments. We did this 

by selecting lures that were either low or high in perceptual (conceptual) similarity; but 

with no significant difference in their conceptual (perceptual) features. Our results 

revealed that perceptual representations did not influence recognition accuracy; 

conversely, conceptual representations significantly decreased recognition accuracy.  

Extant research has shown that memory representations are strongly organized 

according to their conceptual features: stronger encoding 33 and greater distinctiveness 

2,5 of conceptual features predict better memory. However, studies finding a beneficial 

effect of conceptual distinctiveness have measured similarity among encoded stimuli 

(i.e., by calculating pairwise similarities across all stimuli in the encoding set). Thus, 

these benefits are posited to emerge because conceptually distinctive stimuli have less 

overlap with other encoded items, reducing interference during retrieval 2,27. Conversely, 
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in our study we measured similarity between a target and a corresponding lure image; 

and found that conceptual feature representations have a detrimental effect on memory.  

On the surface, our results might appear contradictory to prior research showing 

the mnemonic benefits of conceptual representations (Konkle et al., 2010; Morales-

Torres et al., 2025). However, our task required participants to decide whether a target 

or a lure better matched a stored mnemonic representation. To make this decision, 

participants needed not only to retrieve a mnemonic representation; but also, to 

compare this representation with those of the target and the lure. Thus, when 

conceptual similarity between the target and the lure was high, both stimuli provided an 

equally good match for the stored mnemonic representation, thereby increasing the 

likelihood of errors. Interpreted in light of previous literature, our findings reveal the dual-

faceted effects of conceptual representations on recognition decisions: while they 

benefit recognition by making the stored mnemonic representations less likely to 

overlap with each other, they can impair discrimination when targets and lures share 

similar conceptual features.  

While prior research has focused on testing the influence of conceptual 

representation on memory accuracy 2,5,8,9 and vividness 27, our research expands on 

previous results by showing that conceptual representations influence subjective 

evaluations of confidence. Although understanding what influences recognition 

accuracy has been a central focus of memory research, the experience of remembering 

is often accompanied by various metacognitive evaluations of the quality of the recalled 

content 30. Moreover, people often employ these metacognitive evaluations to gauge the 

uncertainty about their memories, which has downstream effects on behavior (i.e., 
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whether people end up trusting their memories or not 29). Our results indicate that 

conceptual representations not only influence recognition accuracy but do so in a way 

that is sensitive to metacognitive evaluations of memory quality. This finding raises 

several questions for future research about the mechanisms through which conceptual 

representations interact with metacognitive judgments of memory. 

 

The role of perceptual representations on memory judgments 

Our second finding showed that, even when perceptual representations did not directly 

influence recognition accuracy, it modulates the effects of conceptual features on 

memory judgments. Prior memory research has shown that perceptual and conceptual 

features of memory representations have independent effects on recognition memory 

and forgetting rates 6,7, with only conceptual representations influencing recognition 

accuracy 2,5,8,9. However, the results from Experiment 1 showed that perceptual 

similarity slows the evidence accumulation process of memory judgments. Moreover, 

the results of Experiments 2 and 3 suggest that when subjects need to decide whether 

a stored mnemonic representation was a better match to a target or a lure, the 

interference generated by conceptual features decreased when perceptual similarity 

was high.  

Moreover, the results of Experiment 3b suggest that this attenuating influence 

was driven by participants shifting toward a more detailed based recollection 

processing. While speculative, we hypothesize that this shift is driven by an effortful, 

controlled process: participants may consciously recognize the increased difficulty when 

lures are similar to targets in surface-level perceptual features, which leads them to 
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strategically engage in more detailed based processing to distinguish between similar 

items. However, our protocol cannot directly test this hypothesis against alternative 

accounts (e.g., an automatic upregulation of conceptual processing triggered by an 

early detection of perceptual similarity). Future studies should more carefully tease 

apart these two interpretations. 

However, it is important to note that conceptual similarity was the strongest driver 

of recognition errors and drops in confidence, whereas perceptual similarity did not 

directly influence such errors. While this pattern supports prior findings of conceptual 

representations being the main driver of memory interference 2,5,34, it expands this prior 

line of research by indicating that both type of representations may impact the different 

stages of memory judgments. More specifically, while conceptual representations may 

be the main driver of memory judgments, perceptual representations may shape the 

earlier stages of evidence accumulation and the strategic processes recruited during 

retrieval.  

 

Limitations and future directions 

The present study has several limitations: Prior research has shown that 

representations across several visual processing stages influence behavior 35,36. 

Nevertheless, we specifically focused on perceptual and conceptual representations to 

provide a parsimonious characterization of their roles in memory judgments. Future 

studies should be conducted to achieve a more comprehensive understanding of how 

different representations shape memory judgments. Additionally, the retention interval 

employed across experiments was relatively short; conclusions about whether similar 
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interactions would hold over longer retention intervals remain an open avenue for future 

research. 

Another limitation arises from the encoding section of our paradigm, in which 

participants did not engage in any additional task (i.e., they were instructed only to pay 

attention to the images). One interesting potential direction for our work is to probe 

whether task demands modulate the influence of perceptual and conceptual 

representations on memory judgments. A recent study by Nussenbaum & Hartley 37  

showed that environmental demands—whether value-based learning was driven by 

focusing on perceptual (i.e., stimuli-specific) or conceptual features (i.e., category-

specific)—modulate the nature of stimuli representations. More specifically, the authors 

found that the type of representations (i.e., more concrete vs. more abstract) employed 

during the task enhanced memory for that type of information. 

Based on Nussenbaum & Hartley's 37 results, we hypothesize that environments 

or tasks that promote the use of conceptual features will lead to stronger encoding of 

these types of features. This stronger encoding will have different impacts depending on 

how memory is tested: if memory is tested with single stimuli in an old/new recognition 

test, as in 37, memory performance will increase as a function of this conceptual boost. 

However, if participants need to discriminate between targets and lures, stronger 

encoding of conceptual features could be reflected in higher error rates, as 

strengthening of conceptual representations may make memory judgments more 

sensitive to conceptual target-lure similarity. For example, when seeing the image of a 

dog, strengthening its conceptual representation may make its mnemonic 
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representation more similar to all lures from the same category, making each an apt 

match —thus increasing error rates. 

Similarly, to further probe how perceptual/conceptual features influence memory, 

several other features of the encoding/retrieval phases could be manipulated. As one 

example, several studies have found that increasing perceptual 38,39 and conceptual 40 

fluency increases subjects familiarity with a stimulus and increases false recognition. 

Our methodology for selecting stimuli that could vary in either perceptual or conceptual 

similarity could further shed light on these effects (i.e., an image could be primed by a 

conceptually or by a perceptually similar image). Whether the perceptual or conceptual 

properties of visual stimuli would show stronger fluency effects based on item-level 

matching of specific stimulus features, or different downstream effects on memory, 

remains an open and interesting question. 

A final limitation concerns the level of analysis we employed. In the present 

series of experiments, we tested how perceptual and conceptual similarity between 

targets and lures—at the level of image pairs or quadruplets—influenced memory 

judgments at the subject level. However, there is extant evidence that individual 

stimulus properties strongly influence the likelihood of that stimulus to be remembered 

(i.e., stimulus memorability 41–43). Combining these two approaches (i.e., stimulus-level 

properties as well as target-lure similarities) opens an interesting avenue for recognition 

memory research (e.g., are images high in memorability more resistant to conceptual 

interference from lures?). Additionally, while in the present study we choose to validate 

our results by employing two different stimuli sets (i.e., objects and scenes), well-
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powered future studies should test how stimuli-level effects might modulate the 

relationship between perceptual and conceptual feature overlap. 

 

Conclusion 

In conclusion, our results highlight that the different stages of memory judgments are 

subject to influences from perceptual and conceptual feature representations. 

 

Data Availability Statement. 

All data can be acceded at the Open Science Framework: https://osf.io/uny62. 

 

Code Availability Statement. 

All code can be acceded at the Open Science Framework: https://osf.io/uny62. 
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Trial structure, stimuli selection and results of Experiment 1 

 

Figure 1. (A) Schematic of an encoding and a recognition trial for Experiment 1 

(N=140). (B) The top row shows a representative example of a target picture with 

corresponding high and low perceptual similarity lures, while the bottom row shows a 

representative example of a target picture with corresponding high and low conceptual 

similarity lures. (C) The top row shows the average cosine target-lure similarity for high 

vs. low perceptually similar lures (matched in conceptual similarity), while the bottom 

row shows the average cosine target-lure similarity for high vs. low conceptually similar 

lures (matched in perceptual similarity).  (D) Left: ROC curve as a function of High and 
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Low perceptual similarity. Center: AUC of the ROC curves as a function of High and 

Low perceptual similarity. Right: Difference scores between Low and High AUC; each 

line represents an individual subject. Error bars represent the Standard Error of the 

Mean. (E) Results of a drift diffusion model testing the difference in drift rate, bias and 

boundary separation between stimuli high and low in perceptual similarity. Error bars 

represent 95% Credible Intervals (F) Same as D, but for stimuli selected to vary on 

conceptual similarity. (G) Same as E, but for stimuli selected to vary on conceptual 

similarity. ** p < .01. Due to copyright restrictions, the representative images in B were 

replaced with visually similar photographs taken by the authors. 
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 Trial structure and results of Experiment 2 and Experiment 3 

Figure 2. (A) Experiment 2 (N = 254). Upper panel: Schematic of an encoding and a 

retrieval trial. Middle panel: Relationship between conceptual target-lure similarity with 

recognition accuracy when perceptual target-lure similarity is high (blue line; 1 standard 

deviation above the mean) or low (purple line; 1 standard deviation below the mean). At 

the right of the graph is a schema of the relationship between a target (T) and its three 

lures (L1 to L3) when conceptual target-lure similarity is either High or Low. Lower 

panel: Relationship between conceptual target-lure similarity and Confidence, as a 

function of perceptual target-lure similarity. (B) Experiment 3a (N = 200). Same as A, 

but for Experiment 3a. (C) Experiment 3b (N = 115). Upper and middle panels are the 

same as in A, but for Experiment 3a. Lower panel: Relationship between conceptual 

target-lure similarity and the proportion of trials endorsed as ‘Remembered’ (as opposed 

to endorsed as ‘Familiar’), as a function of high and low target-lure perceptual similarity. 

Across graphs error bars represent 95% credible intervals.  
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Editorial Summary:  
This study tested if perceptual and conceptual representations influence stages of memory 
judgments. Both perceptual and conceptual similarity impaired evidence accumulation; only 
conceptual similarity decreased recognition accuracy and post-decision confidence. 
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