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Introduction

Humans have an astonishing capacity to generate mental images about past events. Moreover, 

people can easily report whether what appears in their "mind's eye” is clear and detailed or 

vague and sketchy. Memory (Bone & Buchsbaum, 2021; Cooper et al., 2019) and imagery 

(Pearson, 2019; Spagna et al., 2024) researchers typically refer to this phenomenological 

property of imagery strength as “vividness”. Although it is generally accepted that mental 

images have different properties ranging from perceptual to symbolic (Pearson & Kosslyn, 

2015), the specific features contributing to their vividness remain largely unknown. In this study, 

we investigated this question by examining vividness during the episodic recall of real-world 

objects.

A common answer to the question of what stimulus properties determine how vividly 

they will be remembered, is that vividness is primarily driven by the visual properties of stimuli 

(Spagna et al., 2024). Philosophers have explained vividness in terms of the availability of visual 

information (Tooming & Miyazono, 2021), and cognitive scientists have linked vividness to the 

reactivation of perceptual details (Bone et al., 2020; Bone & Buchsbaum, 2021; Wing et al., 

2015), or the recruitment of visual brain regions during imagery (Dijkstra et al., 2017; Pearson, 

2019). Taken together, these findings emphasize that visual properties of stimuli play a central 

role in driving recall vividness. However, different lines of research suggest that vividness may 

be also driven by stimuli’s semantic properties. 

While scarcely studied in relation to memory vividness, semantic properties exert a 

strong influence on memory representations. In fact, a fundamental principle in memory 

research is that semantic processing yields stronger memories than perceptual processing 

(Craik & Lockhart, 1972). Moreover, semantic relatedness has been shown to aid the free-recall 

of words in list learning (e.g., Polyn et al., 2009), as well as increasing the probability of falsely 

recalling a thematically associated word (e.g., Gallo, 2010). Similarly, attributing meaning to 
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simple visual shapes can increase memory for such shapes (e.g., Voss et al., 2012), as well as 

to increase false recollection for visual stimuli (Kouststaal et al., 2003). Recent studies, 

employing visually complex stimuli (i.e., real-world, as opposed to word-list or simple shapes) 

have shown that semantic —more than visual— properties influence the likelihood of subjects 

remembering such stimuli (Hovhannisyan et al., 2021; Isola et al., 2014; Konkle et al., 2010; 

Kramer et al., 2023). Moreover, neuroimaging studies have revealed that the strength of 

mnemonic representations is associated with the processing of the semantic properties of 

stimuli (Liu et al., 2021; Morales-Torres et al., 2024). 

Crucially, whether the influence of semantic information on memory translates to recall 

vividness remains poorly understood. Even when measures of memory performance and 

vividness tend to be related, neither cannot fully account for each other (Folville et al., 2020); 

similarly, memory accuracy and vividness elicit overlapping but distinct neural patterns (Barker 

et al., 2022; Richter et al., 2016). Furthermore, if semantics were to enhance/impair recall 

vividness, whether relatedness (as in the case of false memories for associated words (Gallo, 

2010)) or distinctiveness (as in the case of real-world object recognition (Konkle et al., 2010)) 

would drive this effect remains an open question. Thus whether the influence of semantic 

information on memory would extend to recall vividness remained an open and neglected 

question. 

To investigate the properties that determine memory vividness for real-world objects, we 

implemented a four-pronged approach. First, we tested whether stimuli reliably elicit consistent 

experiences of recall vividness across participants and tasks. Previous research has shown that 

visual stimuli tend to elicit similar recognition rates across participants—a stimulus-level 

property termed memorability (Rust & Mehrpour, 2020). Current research has shown that not 

only stimuli elicit similar recognition ratings across participants, but also that stimuli elicit a 

consistent experience of vivid remembering, a property that has been named ‘Vividability’ 

(Barker & Buchsbaum, 2025; Buchsbaum, 2024). However, the extent to which this property 
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can generalize to different encoding conditions and tasks, is still largely unknow. Crucially, 

demonstrating that stimuli are recalled with similar vividness would allow us to investigate the 

specific that drive this consistency. Therefore, our first goal was to determine whether the 

vividness of recalled stimuli is consistent across subjects and tasks.

Second, we related memory vividness to canonical visual and semantic properties used 

in object perception and semantic processing studies. For visual properties, we examined 

colorfulness, brightness (Maule et al., 2023) and image complexity (Donderi, 2006). For 

semantic properties, we investigated taxonomic distinctions (natural vs. man-made, animate vs. 

inanimate; Konkle & Caramazza, 2013), as well as more abstract lexical properties (concept 

supracategory typicality and frequency; Taylor et al., 2011). Our goal was to determine the 

extent to which these visual and semantic properties explained the vividness of memories.

Third, we linked memory vividness to visual and semantic distinctiveness. Although prior 

research has shown that stimuli with more distinctive representations are better remembered 

(Hunt & Worthen, 2006; Konkle et al., 2010a), stimuli can be distinctive in terms of visual (e.g., a 

red car among blue cars) or in terms of semantic representations (e.g., a fruit among 

vegetables). To disentangle which type of representational format would be more strongly tied 

to recall vividness, we modeled stimuli distinctiveness by generating visual and semantic 

representational spaces: high-dimensional planes, in which similar stimuli appear closer 

together whereas distinctive stimuli appear further apart (for a review, see Roads & Love, 2024). 

To capture a gradient from visual to semantic representations, we constructed visual, visuo-

semantic, and semantic representational spaces employing different Deep Neural Networks 

(DNNs) —computational algorithms that have been employed to model low and high-level 

cognitive representations (Doerig et al., 2023; Peters & Kriegeskorte, 2021). By focusing on 

stimuli distinctiveness, our goal was to determine which type of representational format would 

be more strongly tied with recall vividness.
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Finally, our fourth approach was to explore how varying the contributions of visual and 

semantic representations affects recall vividness by manipulating task demands. Current 

neuroimaging research has shown that directing participants attention to either the physical or 

conceptual properties of stimuli can alter the neural representations of those stimuli (Harel et al., 

2014; Kay et al., 2023). Thus, by changing task demands, we aimed to determine whether the 

representations that influence vividness would be invariant to such changes, or whether such 

representations change depending on the task.

In sum, our study carefully examined the factors influencing the vividness of memory 

recall for real-world objects. We employed these four approaches to test two hypotheses: (1) 

stimuli representing real-world objects would elicit consistent experiences of vivid remembering 

across individuals and tasks; and (2) the experience of vivid remembering would reflect not only 

the influence of visual properties but also depend on the semantic properties of the stimuli. To 

test our first hypothesis, we employed our first approach (testing the consistency of vividness 

ratings) in Experiments 1 and 3. To test our second hypothesis, we utilized approaches 2, 3, 

and 4 (testing the influence of canonical properties, representational format distinctiveness, and 

changing task demands, respectively) across all three experiments.

Experiment 1a

Methods

Participants

To be able to explore Recall Vividness ratings across several stimuli and subjects we opted to 

recruit a relatively large sample of 150 participants. Subjects were recruited through Prolific and 

were compensated with $7 each. We excluded participants with an average hit-rate (during a 

force-choice memory test) below 35%. This exclusion criterion was chosen because 

performance below 35% approaches chance-level responding (25%) and fails to demonstrate 
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statistically significant above-chance performance under a binomial test. After exclusion, our 

final sample consisted of 122 participants (71 female, 41 male and 3 other participants; Mage = 

37.6, SD = 12.7), with an average of hit-rate of 72% (SD = 15). All studies were reviewed and 

approved by the Duke University Institutional Review Board.

Stimuli

We sourced 217 different image stimuli (from 14 of the 27 total categories) and their norms 

(protypicality ratings and word frequency) from the THINGS and THINGSplus databases 

(Hebart et al., 2019; Stoinski et al., 2023). Given that our objective was to sample a wide variety 

of stimuli, we chose images that could come from several categories representing living and 

non-living stimuli. To obtain several vividness ratings for each stimulus we divided the 217 

images into 5 image sets. These sets included some overlapping images (< 25% per set). Each 

set was shown to approximately 30 participants. Following this procedure, each image was 

shown to an average of 47 (SD = 8) subjects.

Procedure

The study consisted of an encoding phase followed immediately by a retrieval phase. During the 

encoding phase (Figure 1.A) participants saw 84 naturalistic images. Each image was 

accompanied with a descriptive label (i.e., a picture of a dog accompanied by the word “Dog”). 

At the start of the experiment subjects were instructed that, after seeing the 84 images, their 

memory for each image would be tested by asking them to recognize the encoded image from 

lures representing the same concept (i.e., different dogs). Images were presented for 4 seconds 

each, with an inter-stimulus interval (ISI) of 1, 1.5 or 2 seconds. The order of the images was 

randomized across participant.

During the retrieval phase, each of the 84 trials consisted of 4 steps. First, the label of 

one of the 84 encoded pictures was shown (‘Dog’), and participants recalled the corresponding 
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image, rating the associated vividness (1 = no mental image to 7 = highly vivid). During this 

step, participants were instructed to form a clear mental picture of the specific image indicated 

by the label and to rate the image as highly vivid only if they had a: “very clear and strong image 

of the specific picture that you saw, as strong as if you were seeing it". Second, participants 

rated the difficulty in recalling the image (1 = very easy to 7 = very hard). Third, participants 

identified the seen picture among 3 lures representing the same concept. Finally, participants 

rated their confidence in their forced-choice recognition decision (1 = guess to 7 = very 

confident). Each step lasted 4 seconds and was separated by an ISI of 1,1.5 or 2 seconds. 

Participants did not receive feedback at any point during the experiment. The whole procedure 

lasted ~40 minutes. 

Visual and Semantic properties

Our first objective was to investigate the extent to which visual and semantic properties were 

related to Recall Vividness ratings. To represent visual properties, we calculated three different 

metrics: (1) the colorfulness of each image; (2) it’s average brightness and (3) its complexity 

(Figure 2.A). Colorfulness was calculated by employing Hasler & Suesstrunk (2003) measure, 

which utilizes the mean and standard deviation of the three color channels to generate a value 

that captures both color saturation and color variation. Brightness was calculated as the root 

mean square (RMS) across the pixel values of the gray-scaled transformed image. By using the 

RMS as an index of brightness, we obtained a measure of the average power across the pixel 

values. Lastly, to calculate complexity we first converted each image to its grey-scale version. 

Then, we calculated the entropy over the histogram of pixel values. Higher values in this metric 

represents an image with more variability across its pixels, indicating a more intricate visual 

pattern. 

Semantic properties were divided into taxonomic (Figure 2.B) and lexical (Figure 2.C). 

To study the influence of taxonomical properties on Recall Vividness we generated 2 contrasts 
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that captured relevant taxonomic distinctions of stimuli: whether stimuli are natural or manmade 

(Taylor et al., 2011) and whether natural stimuli are animate or inanimate (Konkle & Caramazza, 

2013). Lastly, we selected 2 lexical properties: (1) COCA Word frequency and (2) 

Supracategory Typicality. This last property was sourced from Stoinski et al. (2022), and was 

measured by asking subjects how representative a concept (‘Dog’) was to its general category 

(‘Mammal’). 

Modeling representational spaces

Our second objective was focused on assessing the influence of distinctiveness on Recall 

Vividness. Given that stimuli can be distinctive according to their visual or semantic properties, 

we constructed three representational spaces to disentangle the influence of these different 

types of representations. Specifically, each of these spaces modeled a different representational 

format: (1) Visual, (2) Visuo-Semantic and (3) Semantic. Visual representations were derived 

utilizing the convolutional neural network VGG16 (Simonyan & Zisserman, 2015), an image 

recognizing algorithm that learns to represent visual stimuli in an analogous way to the human 

visual system (Peters & Kriegeskorte, 2021). Following prior research, to model visual 

representations we employed the first max-pooling layer of the DNN, which has been shown to 

align with early-stage visual representations (Morales-Torres et al., 2024; O’Connell & Chun, 

2018). Semantic representations were derived using the large language model SGPT 

(Muennighoff, 2022), a class of natural language processing algorithms that can approximate 

human-based semantic similarity judgments (Grand et al., 2022). Lastly, representations 

possessing visual and semantic properties were modeled with CLIP (Radford et al., 2021), a 

DNN that generates unified representations for semantic and visual inputs (Shoham et al., 

2024). Implementing this final model enabled us to approximate the perceptual-to-semantic 

gradient of representational formats. All models were implemented in Python using the Keras 

and Transformers (Wolf et al., 2020) packages.
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To calculate stimuli distinctiveness we adopted the following steps: (1) We fed all stimuli 

into each model, with each network receiving different inputs: VGG-16 received images, SGPT 

received text labels, and CLIP received both images and labels; (2) We extracted the 

embeddings of all the stimuli; (3) For each model, we calculated the cosine distance of all 

embeddings relative to every other embedding on a set, resulting in a 84 x 84 dissimilarity 

matrix; (5) Finally, the distinctiveness for each stimulus was computed as the average 

dissimilarity of that stimulus to every other stimulus. Following this procedure, we obtained three 

values per stimulus, each representing its distinctiveness in the corresponding representational 

space.

Statistical analysis

We first sought to confirm the primary relationship between Vividness Ratings and measures of 

subsequent memory. While Recognition Accuracy is a clear evidence of encoding success, 

Recall Difficulty and Decision Confidence are indicators of metacognitive judgments about 

memory quality (Fleming, 2024). Three mixed effect models with Vividness Ratings as the 

predictor were tested: two models were conducted with Recall Difficulty and Decision 

Confidence as dependent variables, as well as one logistic mixed effect model with Recognition 

Accuracy (hit/miss) as the dependent variable. To account for the variability across subjects, as 

well as different relationships between the measures, we included vividness as a random slope 

and subject as a random intercept. Variables were mean centered across subjects. Trials with a 

reaction time of less than 300 milliseconds were removed.

Subsequent analyses aimed to determine which item-wise properties of the stimuli were 

related to their Recall Vividness ratings. To address this question, we calculated a value 

representing the average Recall Vividness for each stimulus. We obtained this value by mean-

centering the vividness ratings within each subject, before averaging the ratings across stimuli. 

By mean-centering the Recall Vividness ratings, we normalized the values such that a score of 
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0 represents memories recalled with average vividness, according to each subject's use of the 

7-point scale. This normalization allowed us to interpret ratings greater than 0 as memories 

vividly recalled and ratings less than 0 as memories with lower-than-average vividness.

To study which properties drive Recall Vividness, we first conducted 3 linear 

regressions, each model used a different set of properties (visual, taxonomic, and lexical) as the 

independent variables employed to predict the Recall Vividness ratings. Additionally, to 

compare the percentage of variability in Recall Vividness explained by each set of properties, 

we generated four nested models, adding a different set of properties at each step. We then 

conducted three sequential goodness-of-fit contrasts. To estimate the amount of variability 

explained by the three different properties, we calculated the change in R2 values across 

models. 

Lastly, to explore the relationship between the three different representational 

distinctiveness measures and vividness, we employed a linear mixed effect model. We 

constructed this model with Recall Vividness ratings as a dependent variable, the three 

distinctiveness measures as predictors, while including stimuli as a random intercept. All 

analysis were performed with R Studio (RStudio Team, 2020). Linear mixed effect models were 

conducted with the lme4 and lmerTest packages. All data and code can be found at: 

https://osf.io/c6y95/
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Figure 1. (A) Schematic representation of the encoding and retrieval phases. (B) Beta 

estimates obtained from 3 different mixed-effect models relating Vividness to Difficulty, 

Recognition Accuracy and Post-decision Confidence. Bars represent the standard error of the 

mean (SEM). (C) Example of a correlation between the vividness ratings of 2 randomly selected 

split halves. Each dot represents a different stimulus. The picture of the dog in (A) does not 

come from the THINGS database: it is the dog of the first author's mother. *** p < .001.

Results 

Vividness ratings track subjective and objective memory performance.

Before answering our first question, we tested whether vividness ratings predicted memory 

performance. Mixed-models (Figure 1.B), revealed that Vividness Ratings were negatively 

related to Recall Difficulty (b = -0.65,  95% CI = [-0.72 -0.58],  t(117.48) = -19.477, p < .001) and 

positively related to Recognition Accuracy (b = 0.82, 95% CI = [0.73 0.92], z = 17.68,  p < .001), 

as well as with post-decision Confidence (b = 0.32, 95% CI = [0.29 0,36], t(118.1) = 18.53, p < 
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.001). Consistent with prior research (Pearson et al., 2011), these results showed that people 

consistently provided accurate subjective estimates of the strength of their memory 

representations. 

Recall Vividness ratings are consistent across participants.

Our next analysis focused on testing whether Recall Vividness ratings were consistent across 

subjects. To test this, we divided our sample into two equal halves. For each half, we calculated 

the average Recall Vividness for all stimuli. By repeating this procedure 5000 times, we found 

that the average correlation between random halves was 0.47 (SD = 0.04, min = 0.32, max = 

0.62). This value was statistically significant (p < .001) when compared against a distribution 

created by shuffling the labels for one of the random halves (mean r = 0, SD = 0.07, min = 

-0.29, max = 0.22). See Figure 1.C for an example of 2 random halves. In sum, stimuli received 

consistent Recall Vividness ratings across subjects. 
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Figure 2. (A) Features representing visual properties: (1) average brightness; (2) colorfulness 

and (3) complexity. (B) Contrast representing taxonomical properties: (1) whether a stimulus 

represents a natural or manmade entity; (2) whether a natural stimulus represents an animate 

or inanimate entity. (C) Features representing lexical properties: (1) word frequency and (2) 

supracategory typicality. (D). Relationship between the individual properties and Recall 

Vividness. Error bars represent the SEM. (E) Percentage of Recall Vividness variance explained 

by Visual, Taxonomic, and Lexical properties. ** p < .01, *** p < .001.

Visual and Semantic properties predict recall vividness 

After demonstrating that stimuli elicited consistent Recall Vividness ratings, we sought to explain 

which properties drive this consistency. To do this, we performed 3 linear regressions in which 

the Recall Vividness values were the dependent variable (Figure 2.D). The model including 

Visual properties, revealed that, with the exception of an effect of complexity (b = -0.07, 95% CI 

= [-0.13 -0.02], t(213) = -2.6, p = .009), neither colorfulness (b = -0.5, 95% CI = [-0.11  0.01], 

t(213) = -1.6, p = .1), nor brightness (b = -0.01, 95% CI = [-0.07  0.05], t(213) = -0.5, p = .63) 

had any reliable effect on Recall Vividness. The model with the Taxonomic properties revealed 

that images of manmade stimuli are more vividly recalled than natural ones (b = -0.11, 95% CI = 

[-0.16 -0.05], t(214) = -3.78, p < .001). Within natural stimuli, animate ones were more vividly 

recalled when compared with inanimate stimuli (b = 0.14, 95% CI = [0.07 0.22], t(214) = 3.6, p  

< .001).  Lastly, the model with Lexical properties, showed that stimuli with less frequent labels 

were more vividly recalled (b = -0.16, 95% CI = [-0.22 -0.09], t(214) = -5.12, p < .001). 

Conversely, supracategory typicality (b = 0.009, 95% CI = [-0.05 0.07], t(214) = 0.29, p = .77) 

was not related with Recall Vividness. 

Our next analysis tested how much variability in the Recall Vividness ratings (Figure 

2.E) was explained by each set of properties. Visual properties explained 4.5% of the total 

variance in vividness ratings, a significant increase when compared to a model with no 
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predictors (χ²(5) = 10.13, p = 0.02). Taxonomic properties explained 8% of the variance, which 

was a significant increase when compared to the model with the Visual predictors (χ²(7) = 

19.37, p < 0.001). Lexical properties explained 9% of the total variance, a significant increase 

compared to model with Visual and Taxonomic predictors (χ²(9) = 25.2, p = 0.004). Taken 

together, our results showed that both, visual and semantic properties were significant drivers of 

Recall Vividness.

Figure 3. (A) Visual, Visuo-Semantic and Semantic Representational spaces. Each panel 

shows the result of a multi-dimensional scaling plot of the total 217 stimuli. Each colored dot 

represents a stimulus, with its color indicating its category, and the distance between stimuli 

representing their dissimilarity to each other. (B) Percentage of the distinctiveness variance 

explained by Visual, Taxonomic, and Lexical properties, as a function of representational 

format. (C) Relationship between distinctiveness across the three representational formats and 

the average Recall Vividness of stimuli. (D) Relationship between distinctiveness across the 
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three representational formats and the average Recognition Accuracy.  Bars represent the 

estimates obtained by a mixed-effect model and error bars represent the SEM. *** p < .001.

Visuo-Semantic and Semantic distinctiveness drive Recall Vividness

Our previous results showed that perceptual and semantic properties are a significant predictor 

of Recall Vividness. However, we investigated only a limited set of properties. To gain a more 

comprehensive understanding of which properties are related to Recall Vividness, we employed 

multidimensional scaling plots (MDS) to visualize the similarity structure for each of the three 

dissimilarity matrices. As can be seen in Figure 3A, the Visuo-Semantic and Semantic MDS 

plots revealed that each model is able to cluster together objects from the same 

supracategories (i.e., purple colors represent living items, while yellow-orange colors represent 

non-living items), a distinction that does not appear in the Visual MDS plot. Thus, this similarity 

structure indicates that the Visuo-Semantic and Semantic representational formats were able to 

capture relevant semantic distinctions between stimuli. After exploring the similarity structure of 

our data, we then examined whether more distinctive stimuli, according to these three types of 

representations, were more vividly recalled. 

Our objective by employing three different DNNs was to model a gradient from 

perceptual to semantic representations. To test this assumption, we explored the relationship 

between the three set of properties (Visual, Taxonomic and Lexical) and the distinctiveness of 

each stimulus (Figure 3.B). We expected to observe a progressive pattern in which Visual 

properties would account for more variance in Visual distinctiveness, while Lexical properties 

would account for more variance in Semantic distinctiveness. As expected, Visual 

distinctiveness had more variance explained by Visual properties (47.8%; Taxonomic = 1.7%; 

Lexical= 0.5%). Visuo-Semantic distinctiveness had a similar amount of variance explained by 

Visual (11%) and Taxonomic properties (9%; Lexical= 2.11%). Semantic distinctiveness had 

more variance explained by Lexical properties (17%; Visual = 1.13%; Taxonomic = 2.5%).
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Next, we employed the three types of distinctiveness to predict Recall Vividness ratings. 

A linear mixed-effect model (Figure 3.C) revealed that Semantic (b = 0.20, 95% CI = [0.09 

0.31], t(242) = 3.61, p < .001) and Visuo-Semantic (b = 0.22, 95% CI = [0.12 0.33], t(270) = 

4.13, p < .001) distinctiveness were positively related to vividness ratings. Conversely, Visual 

distinctiveness (b = -0.05, 95% CI = [-0.13 0.03], t(345) = -1.27, p = 0.2), was not significantly 

related to vividness. 

Recognition Accuracy is predicted by Visual distinctiveness

After showing that visuo-semantic and semantic distinctiveness predicted vividness ratings, our 

next analysis focused on testing their relationship with recognition memory. To test this, we first 

calculated the proportion of subjects that correctly recognized each stimulus. Then, we 

conducted a linear mixed-effect model with the average recognition accuracy as the dependent 

variable, and the three types of distinctiveness as independent variables (Figure 3.D). This 

model revealed that Visuo-Semantic (b = 0.19, 95% CI = [0.08 0.3], t(282) = 3.54, p < .001) 

distinctiveness was positively related to recognition memory. Conversely, Visual distinctiveness 

was negatively related to recognition memory (b = -0.16, 95% CI = [-0.24 -0.08], t(323) = -4.3, p 

< .001). Semantic distinctiveness was not related to recognition memory (b = 0.06, 95% CI = 

[-0.05 0.17], t(248) = 1, p = .29).  In contrast to our results when predicting Recall Vividness, we 

showed that during a visual recognition memory task, Visual distinctiveness was significantly 

related to recognition accuracy.

Discussion

The results of Experiment 1a yielded three main findings. First, Recall Vividness ratings were 

consistent across subjects, so that that some stimuli elicited high vividness in most participants 

while others yielded low vividness in most participants. Second, vividness ratings were driven by 

both visual and semantic (taxonomic + Lexical) properties of stimuli. Third, Recall Vividness 
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ratings were enhanced by semantic and visuo-semantic distinctiveness but not by visual 

distinctiveness, which nonetheless affected recognition memory. 

While the results of the experiment support our hypothesis that stimuli elicit similar 

vividness ratings, one potential limitation is that participants were aware of the upcoming 

memory test (intentional encoding). Thus, our results may not generalize to situations in which 

subjects are not actively engaged during encoding. To address this limitation, we conducted a 

new experiment. In this new experiment we changed the encoding conditions, and asked 

whether the same vividness ratings would be observed under a condition in which subjects were 

not aware of the upcoming memory test (incidental encoding).

Experiment 1b

The first objective of the present experiment was to test whether different encoding conditions 

would elicit similar Recall Vividness ratings. To achieve this, we replicated Experiment 1a with 

one critical modification: participants were not informed that their memory of the stimuli would 

be tested, thereby introducing incidental encoding conditions.

The second objective of the present experiment was to test whether the consistency in 

Recall Vividness ratings was due to stimuli memorability: an item-wise property that influence 

whether stimuli would be more likely to be remembered or forgotten (Bainbridge, 2020; Rust & 

Mehrpour, 2020). Thus, given the influence of this variable on subsequent memory, we sought 

to test whether the consistency on vividness ratings was driven by stimuli memorability.

To determine whether Recall Vividness ratings were consistent across encoding 

conditions, and whether this consistency was driven by stimuli memorability, we conducted a 

linear regression analysis. The dependent variable was the Recall Vividness ratings from 

Experiment 1b, while the predictors included the ratings from Experiment 1a and stimuli 

memorability. These latter values were sourced from Kramer et al. (2023) study, in which the 

authors calculated the memorability score for each image on the THINGS database. 
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Memorability scores were obtained during a repetition detection task and were computed as the 

average correct recognition rate of a stimulus.

The aforementioned approach enabled us to directly assess whether the Recall 

Vividness ratings from Experiments 1a and 1b were significantly related. Moreover, by 

incorporating stimuli memorability into the same model, we could further test whether this 

property contributed to the consistency in Recall Vividness ratings. If the analysis revealed that 

only the Recall Vividness ratings from Experiments 1a and 1b were significantly related, it would 

suggest that the consistency in ratings is independent of the encoding conditions. Conversely, if 

only memorability was significantly related to the Recall Vividness ratings from Experiment 1b, it 

would indicate that memorability is the primary driver of this consistency. 

Participants

For Experiment 1b we recruited 150 participants through Prolific. After excluding participants 

with a hit-rate lower than 35%, our final sample consisted of 121 participants (57 female, 62 

male and 2 others; Mage = 39, SD = 12.7), with an average hit-rate of 65% (SD = 15). The Recall 

Vividness of each image was rated by an average of 47 (SD = 6) participants.

Stimuli

The stimuli employed in Experiment 1b were the same as in Experiment 1a.

Procedure

The procedure employed in Experiment 1b was the same as in Experiment 1a, except that 

participants were not informed about the subsequent memory test. Instead, subjects were told 

that the objective of the experiment was to rate how typical is the image of an object (the picture 

of a ‘Dog’) it’s from its general category (‘Mammal’). During the encoding phase subjects viewed 

each image (the picture of a fly), it’s label (‘Fly”) and, on top of the image, a label of the category 
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of the stimuli (‘Insect). Subjects were asked to rate, using a 7-point Likert scale, how many 

subjects would think about that image when presented with its category (1 = No one to 7 = 

Everyone). After participants saw the 84 stimuli, we informed them about the memory test. The 

memory phase was exactly the same as in Experiment 1a.

Results

After calculating the average Recall Vividness of each image, we conducted an item-wise linear 

regression with two predictors: (1) the Recall Vividness values of Experiment 1a and; (2) the 

memorability values of each stimulus. Our results showed that the Recall Vividness values of 

Experiment 1b were significantly related to the Recall Vividness values from Experiment 1a (b = 

0.54, 95% CI = [0.42 0.64], t(214) = 9.67, p < .001). This result indicates that Recall Vividness 

ratings are not only consistent across subjects but are also consistent across encoding 

conditions. 

Memorability was also a significant predictor of Experiment 1b Recall Vividness, 

although showing a smaller effect than Recall Vividness (b = 0.2, 95% CI = [0.08 0.3], t(214) = 

3.59, p < .001). Taken together, these results showed that Recall Vividness ratings are 

consistent across encoding conditions, while at the same time revealing that this consistency is 

not a property entirely attributable to stimulus memorability.

 

Discussion

In Experiment 1 we tested two hypotheses, that: (1) stimuli would elicit consistent experiences 

of vivid remembering; and (2) the experience of vivid remembering would reflect not only the 

influence of visual properties but also depend on the semantic properties of the stimuli. 

The results from Experiments 1a and 1b supported our first hypothesis: we found that 

Recall Vividness ratings were consistent across subjects, as well as encoding conditions 

(incidental and intentional encoding). Furthermore, this consistency could not be fully explained 
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by stimuli memorability, as memorability made only a moderate contribution to the statistical 

model tested in Experiment 1b. 

The results from Experiment 1a also supported our second hypothesis. Specifically, our 

findings showed that visual properties (e.g., complexity) and semantic properties (e.g., 

taxonomic predictors and word frequency) were significant predictors of Recall Vividness 

ratings. Additionally, both Visuo-Semantic and Semantic distinctiveness were significant 

predictors of Recall Vividness, suggesting that only stimulus representations incorporating 

semantic information influence Recall Vividness. Nevertheless, a limitation of this latter result is 

its correlational nature: stimuli distinctiveness was measured instead of manipulated. To be able 

to address this limitation, we conducted a follow-up experiment in which we directly manipulated 

stimuli distinctiveness.

Experiment 2

The results of Experiment 1 demonstrated that Semantic and Visuo-Semantic distinctiveness 

drive the vividness with which stimuli are recalled, suggesting that Visual distinctiveness alone 

is insufficient to influence Recall Vividness. To test this prediction, we conducted a pre-

registered conceptual replication of Experiment 1a, with a critical difference: stimuli 

distinctiveness was directly manipulated. Additionally, a second objective of Experiment 2 was 

to generalize our findings to individual subjects. We aimed to test whether this manipulation 

could influence whether subjects would more vividly recalled stimuli selective according to their 

distinctiveness. Thus, this approach allowed us to expand our findings from the level of 

individual stimuli to overall individual subject performance.

Participants

Based on an a-priori power analysis, a total of 41 participants per group were needed to test the 

significance of an interaction in a 3x2 repeated measures analysis of variance (rm-ANOVA). 
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Due to online attrition, we collected data from 51 participants per group. After removing 

participants with a hit-rate lower than 35%, the final sample had a total of 132 participants (87 

female, 42 male and 3 other; Mage = 37.4, SD = 12.7), with an average of hit-rate of 74.8% (SD 

= 16.5). The pre-registration for this experiment can be found at: https://osf.io/jbmqz

Stimuli

The objective of Experiment 2 was to test whether stimuli selected to be distinctive, according to 

their Visual, Visuo-Semantic and Semantic representations, would elicit more vivid memories. 

To select stimuli for experiment 2 we employed VGG-16 (Simonyan & Zisserman, 2015) to 

model Visual representations; CLIP (Radford et al., 2021) was used to model Visuo-Semantic 

representations; and SGPT (Muennighoff, 2022) to model Semantic representations. For each 

model, we obtained 42 stimuli High and 42 stimuli Low in Distinctiveness by following several 

steps: (1) We obtained the model-embeddings of the 1854 stimuli in THINGS; (2) we calculated 

the dissimilarity between all pairs of stimuli, measured as the cosine distance between a  pair of 

embeddings; (3) we calculated the average dissimilarity between a stimulus an every other 

stimulus, thus obtaining a value representing how dissimilar is that stimulus to all other stimuli in 

the database; (4) we rank ordered the dissimilarity values. After ordering the values, the 42 

stimuli with higher values were selected to represent stimuli High on Distinctiveness, while the 

42 with lowest values were selected to represent stimuli Low on Distinctiveness

Procedure

The procedure of Experiment 2 was the same as in Experiment 1a.

Statistical Analysis
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Experiment 2 employed a rm-ANOVA with two factors. The first within-subjects factor was 

Distinctiveness (High vs. Low), and the second between-subjects factor was Representational 

Format (Visual vs. Visuo-Semantic vs. Semantic). 

Results

The rm-ANOVA (Figure 4) revealed a significant main effect of Distinctiveness (F(1,129) = 

14.31, p < .001, ηp
2  = 0.10) and a non-significant main effect of Representational Format 

(F(2,129) = 1.64, p = .2, ηp
2   < .001). Crucially, the significant effect of Distinctiveness was 

qualified by an interaction with Representational Format (F(2,129) = 5.96, p = .003, ηp
2  = 0.08). 

Replicating the results of Experiment 1, this interaction was driven by subjects vividly recalling 

more distinctive stimuli according to their Semantic (Mdiff = 0.26, 95% CI = [0.14 0.38], t(44) = 

4.38, p < .001, Cohen’s d = 1.3) and Visuo-Semantic representations (Mdiff = 0.17, 95% CI = 

[0.05 0.28], t(46) = 2.9, p = .005, Cohen’s d = 0.84), but not according to Visual representations 

(Mdiff = 0.04, 95% CI = [-0.18 0.1], t(39) = 0.6, p =.55, Cohen’s d = 0.19). The current results 

replicated and expanded the results from Experiment 1, showing that more distinctive stimuli — 

according to their Visuo-Semantic and Semantic representations— were more vividly recalled. 
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Figure 4. Average vividness ratings as a function of Distinctiveness and Representational 

Format. Each pair of dots represents the average vividness ratings of a different subject, as a 

function of the distinctiveness of stimuli. ** p < .01, *** p < .001. 

Discussion

In Experiment 2, by choosing stimuli according to their Visual, Visuo-Semantic or Semantic 

representations, we manipulated stimuli distinctiveness. Our results showed that Visuo-

Semantic and Semantic distinctiveness are related to Recall Vividness, while Visual 

distinctiveness was not. These findings support our second hypothesis —that vividness 

depends on Visual and Semantic properties—, by demonstrating that only stimulus 

representations containing semantic information impact Recall Vividness ratings. Nevertheless, 

Experiments 1 and 2 shared the same limitation: the retrieval cues employed were semantic in 

nature. Thus, the results of both experiments could be driven by subjects relying only on the 
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semantic representations of stimuli. In order to address this limitation, we conducted a follow-up 

experiment, in which we employed a purely visual retrieval cue.

Experiment 3

The results of Experiments 1 and 2 showed that Recall Vividness ratings were predicted by 

distinctiveness values in Visuo-Semantic and Semantic representational spaces. Nevertheless, 

both experiments employed a recall test in which verbal labels were used as retrieval cues, 

which could have biased the participants to rely purely on semantic representations. To test 

whether the same representational formats would support vivid remembering, regardless of task 

demands, we conducted a new experiment in which we employed visual retrieval cues. Our 

rationale was that, if Recall Vividness relies on semantic representations, even when employing 

perceptual cues, we should replicate the results of Experiment 1a. Conversely, if the type of cue 

is driving the results, we should expect to see a significant relationship between Visual 

distinctiveness and Recall Vividness.
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Figure 5. (A) Schematic representation of the encoding and retrieval phases. (B) 11 versions of 

each image were constructed by linearly varying the color-saturation levels. (C) Estimates from 

a linear mixed-effect model relating Recall Vividness with Reconstruction Bias. (D) Relationship 

between distinctiveness across the three representational formats and Recall Vividness of 

stimuli. (E) Relationship between distinctiveness across the three representational formats and 

Reconstruction Bias. Error bars in D and E represent the standard error of the mean (SEM). * p 

< .05, ** p < .01, *** p < .001. 

Participants

We recruited 150 participants through Prolific. After excluding participants with an accuracy 

lower than 59%, as lower values would indicate chance performance according to a binomial 

test, our final sample consistent in 117 participants (66 female; Mage = 43.4, SD = 12.6), with 

an average accuracy of 78% (SD = 8). The Recall Vividness of each image was rated by an 

average of 38 (SD = 8) participants.
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Stimuli 

The same 217 images used during Experiment 1 were employed in Experiment 3. Additionally, 

a line-drawing version was constructed for every stimulus. To construct the line-drawing version 

we employed the following steps: (1) we converted the image to grey-scale; (2) applied a 

gaussian blur to smooth the image and; (3) thinned the edges of the image. An example of an 

image and its corresponding line-drawing can be seen in Figure 5.A. For each image we 

constructed 11 different versions of the image (with version number 5 being the original 

stimulus), varying in color saturation. To do this, we proportionally altered the color saturation of 

each image from 5% to 200% of its original value. By employing this procedure, we obtained 5 

versions of the image less saturated and 5 images more saturated than the original. An example 

of the different versions of an image is displayed in Figure 5.B. 

Additionally, we randomly selected 80 images from THINGS and generated line-

drawings for each image. These line-drawings, without their corresponding images, were 

employed as Lures during the recall phase of the experiment.

Procedure

The study consisted of an encoding phase followed immediately by a retrieval phase (Figure 

5.A). During the encoding phase participants saw 84 images. Subjects were instructed that, 

after seeing the 84 images, their memory for each image would be tested by asking them to 

recognize the image from a line-drawing version of the same image. Participants were also 

informed about the color-saturation task, and encouraged to encode the visual features of each 

stimulus. Images were presented for 4 seconds each, with an inter-stimulus interval (ISI) of 1, 

1.5 or 2 seconds. The order of the images was randomized across participants.
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During the retrieval phase, participants were presented with 100 line-drawings: 84 

corresponded to images seen during encoding, while the remaining 16 served as lures. 

Participants were instructed to determine whether each line drawing matched an image 

presented during encoding. If identified as an old image, they were asked to rate the vividness 

of their memory of the original image.  Participants performed this task with an 8-points scale (1 

= new image to 8 = highly vivid). Subjects were instructed to form a clear mental picture of the 

specific image cued by the line-drawing, and to rate the image as highly vivid only if they had a 

“very clear and strong image of the specific picture that you saw, as strong as if you were 

seeing it". For line-drawings correctly identified as old, participants performed a color-saturation 

reconstruction task. During this step, participants were presented with one pseudo-randomly 

selected version out of the 11 versions of each image (see Figure 5.B). We pseudo-randomly 

presented the versions, such that every version had the same likelihood of being presented in 

each trial. Participants were instructed to try to match the color-saturation of the presented 

image to that of the original image. Participants could adjust the color saturation using their 

keyboards: pressing the letter 'S' increased the saturation, while pressing the letter 'A' 

decreased it. Subjects were instructed to click a button (with the label ‘Finish’) when they 

believed that the current image matched the original saturation. This last step was self-paced. 

While participants received feedback during the first step of the retrieval step, no feedback was 

provided for the second step.

Statistical Analysis

To examine the relationship between Recall Vividness and the color-saturation reconstruction 

phase, we generated a measure of Reconstruction Bias. This measure reflected the "distance" 

between the original saturation of the image and the participant's reconstructed image. The 

Reconstruction Bias could range from -5 to 5, with a value of 0 indicating that the image was 

reconstructed with the same saturation as its original version. Positive values indicated a bias 
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toward reconstructing the image with greater color saturation than its original version, while 

negative values indicated a bias toward reconstructing the image with less saturation. 

Employing the same procedure as in Experiment 1, we calculated the average Recall Vividness 

for each image.

To test the relationship between Reconstruction Bias and Recall Vividness, we 

conducted a linear mixed-effects model. In this model, Recall Vividness was the independent 

variable, and Reconstruction Bias was the dependent variable. Subject and image were 

included as random intercepts.

Lastly, we tested the relationship between distinctiveness values with our measures of 

Recall Vividness and Reconstruction Bias. To do this, we constructed two LMMs, with each 

model using one of the prior measures (Recall Vividness or Reconstruction Bias) as its 

dependent variable. The independent variables were the same Visual, Visuo-semantic, and 

Semantic distinctiveness values used in Experiment 1a. In each model, stimuli were included as 

a random intercept.

Results

Vividly remembered stimuli are reconstructed as more saturated

Our first analysis focuses on the relationship between Reconstruction Bias and Recall Vividness 

(Figure 5.C). The LMM revealed that more vividly remembered stimuli were reconstructed as 

more saturated than stimuli remembered with lower than average vividness (b = 0.07, 95% CI = 

[0.04 0.09], t(6839) = 4.67, p < .001). 

Recall Vividness relies on Visuo-Semantic representations, while Reconstruction Bias 

relies on Visual representations.

Next, we tested which representational format was related to Recall Vividness. Our results 

revealed that Visuo-Semantic distinctiveness was positively related with Recall Vividness (b = 
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0.13, 95% CI = [0.03 0.3], t(361) = 2.4, p = .02). Conversely, neither Visual (b = -0.05, 95% CI = 

[-0.11 0.01], t(290) = -1.58, p = .12) nor Semantic distinctiveness (b = 0.04, 95% CI = [-0.08 

0.16], t(301) = 0.73, p = .5) were related to Recall Vividness. These result show that, even when 

employing visual cues, the representations associated with the vividness of memories relies on 

integrated visual and semantic properties.

When Reconstruction Error was used as the dependent variable in the model, we found 

that stimuli with less distinctive visual representations were reconstructed as more salient than 

their original versions (b = -0.13, 95% CI = [-0.18 -0.03], t(329) = -3.2, p = .002). Conversely, 

neither Visuo-Semantic (b = -0.04, 95% CI = [-0.17 0.06], t(281) = -0.76, p = .44) nor Semantic 

distinctiveness (b = -0.06, 95% CI = [-0.17 0.06], t(248) = -1.09, p = .27) were related to 

Reconstruction Error. 

Recall Vividness ratings are consistent across retrieval cues.

Our final analysis aimed to test the robustness of Recall Vividness ratings for each stimulus, by 

examining whether the same stimuli, when cued with a different type of information (visual or 

verbal), would elicit consistent Recall Vividness ratings. To achieve this, we conducted a linear 

regression with the Recall Vividness values from Experiment 3 as the dependent variable. The 

independent variables included the Recall Vividness values from Experiment 1a and the 

memorability of each image (Kramer et al., 2023). Our results revealed that the Recall Vividness 

values from Experiment 3 were significantly related to the Recall Vividness values from 

Experiment 1a (b = 0.21, 95% CI = [0.07 0.34], t(214) = 3, p = .003). Conversely, memorability 

was not associated with Recall Vividness (b = 0.07, 95% CI = [-0.07 0.2], t(214) = 0.95, p = .34). 

These final results showed that Recall Vividness was a consistent property of a stimulus, even 

when the retrieval cues had a different modality (i.e., verbal or visual). 
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Experiment 3 tested whether using a purely visual retrieval cue would influence which 

representational format is related to Recall Vividness. In this task, participants were instructed to 

focus on the visual aspects of the stimuli. Specifically, they were informed that they would need 

to recall the stimuli based on degraded visual versions and reconstruct their color-saturation. 

Our results confirmed the intended effect of this manipulation: the vividness of memories 

influenced the visual reconstruction of stimuli. Specifically, more vividly remembered stimuli 

were reconstructed as more saturation than their original versions (for a similar finding see 

Cooper et al., 2019). Although the task order could have influenced this relationship (i.e., 

participants might assume that a vividly rated image should appear more saturated) this 

potential influence emphasizes the role of visual properties during the recall task. Moreover, 

Visually less-distinctive stimuli were consistently reconstructed with greater saturation (Figure 

3.E), further demonstrating the task's reliance on visual properties.

By employing a visual retrieval task, we aimed to test whether the representational 

formats influencing Recall Vividness would remain the same as in Experiments 1 and 2 (Visuo-

Semantic and Semantic), or would shift to align with task demands. Our results showed that, 

even when task demands emphasized visual representations, Visuo-Semantic distinctiveness 

was significantly related to Recall Vividness. Conversely, Semantic distinctiveness was not 

related to Recall Vividness. This latter result suggests that the use of a semantic retrieval cue in 

Experiments 1 and 2 influenced the type of representations participants employed during recall. 

However, the significant relationship between Visuo-Semantic distinctiveness and Recall 

Vividness demonstrates that, even in a predominantly visual task, the vividness of recall is 

influenced by representations that incorporate semantic information about the stimuli.
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General Discussion

In the present study, we investigated what drives the Recall Vividness of real-world objects. By 

leveraging canonical visual and semantic properties, along with computational models of vision 

and language, our study yielded two findings. First, we demonstrated that stimuli elicited 

consistent vividness ratings across subjects and experiments. Second, we found that Recall 

Vividness depends on stimuli representations that integrates visual and semantic properties. 

These findings are discussed in greater detail below.

Stimuli 'Vividability' remains consistent across subjects and tasks

Our first finding was that the vividness with which stimuli are recalled is consistent across 

subjects and experiments. Replicating prior research demonstrating the consistency of 

vividness ratings (Barker & Buchsbaum, 2025; Buchsbaum, 2024), Experiment 1a 

demonstrated that stimuli elicited consistent vividness ratings. Crucially, when comparing the 

ratings between Experiments 1a and 1b, we showed that even when encoding conditions 

differed (intentional vs. incidental), vividness rating were consistent across stimuli. Similarly, 

Experiment 3 revealed the same pattern: stimuli elicited similar vividness ratings, even when the 

format of the recall cue changed (i.e., visual vs. verbal). Our results support prior research that 

proposed the property of "vividability" (Barker & Buchsbaum, 2025; Buchsbaum, 2024) by 

showing that stimuli elicit consistent vividness ratings; while, at the same time, building on this 

research by demonstrating that this consistency is robust against changes in tasks. 

Given that ‘vividability’ can be thought as a counterpart of the term “memorability” —

which refers to the average consistency with which different items are subsequently recognized 

across subjects (Rust & Mehrpour, 2020)—, we additionally tested the relationship between 

these two properties. Our results revealed a moderate correlation in Experiment 1, which 

suggest that the mechanisms influencing whether a stimulus will be later recognized might not 

be the same as those that influence its recall vividness (for a similar result see Bainbridge et al., 
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2019). Given that vividability has been much less studied than memorability, the present study 

opens an interesting avenue for future research. One potential opportunity would be to test 

which features drive vividness ratings for stimuli with no semantic meaning (e.g., Barker & 

Buchsbaum, 2025), which are often used in imagery and working memory research (Pace et al., 

2023; Pearson et al., 2011).

While our results revealed that visual stimuli are recalled with consistent vividness 

ratings across subjects —and that this consistency is driven by specific stimulus features—

recall vividness can vary as a result of many factors not examined in the present study, 

including emotion (Cooper et al., 2019; Faul et al., 2025), aging (Folville et al., 2020, 2022), 

individual recall styles (Cooper & Ritchey, 2022), prior knowledge (Bonasia et al., 2018), etc.  

How these various factors interact with visual, visuo-semantic, and semantic features in shaping 

memory vividness remains an open and exciting question for future research. As an example, 

future studies could employ our approach to test whether the stimulus-specific features most 

relevant for vividness change as a function of age (i.e., increased influence of semantic features 

due to hyper-differentiation of semantic content (Deng et al., 2021)) or emotion (i.e., increased 

influence of perceptual features due to enhanced encoding of perceptual details (Kensinger, 

2009; LaBar & Cabeza, 2006).

Recall Vividness relies on integrated perceptual and semantic representations

To test which representational format of our stimuli would drive consistency in vividness ratings, 

we employed a model-based approach. By simultaneously examining the influence of visual, 

visuo-semantic, and semantic representational formats, we could assess which type of stimulus 

representation would influence how vividly memories were recalled. This approach allowed us 

to distinguish the specific contributions of these different representational formats —a crucial 

methodological advantage, given that stimuli are represented at multiple levels in a visual to 

semantic gradient (Doerig et al., 2023; Peters & Kriegeskorte, 2021; Von Seth et al., 2023). Our 
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results revealed that consistency in vividness ratings was driven by visuo-semantic stimulus 

representations. In contrast, visual representations were not significantly related to vividness. 

While semantic representations were significantly related to vividness ratings when the retrieval 

cue was verbal, this influence disappeared when the retrieval cue was visual. These findings 

demonstrate that the representational format influencing recall vividness cannot be captured by 

including only perceptual or semantic information; rather, stimulus representations that model 

both types of information were the most strongly related with the vividness of recall.

While current proposals about the properties of mental representations posit that the 

mental representations underlying visual imagery could be comprised of multiple 

representational formats (Pearson & Kosslyn, 2015), how different representations influence 

different tasks is an important question to address. Current research on the vividness of imagery 

has highlighted the relationship between perceptual stimulus properties and imagery vividness 

(e.g., Fazekas et al., 2020; Pearson, 2019), as well as how this subjective experience depends 

on the reactivation of stimuli’s perceptual details (Dijkstra et al., 2017, 2019). Similarly, 

philosophical approaches attempting to define vividness posit that this feature is largely 

dependent on the availability of perceptual representations (Tooming & Miyazono, 2021). 

Conversely, memory researchers have shown that successful recognition of visual stimuli 

mainly depends on the semantic properties of such stimuli, with perceptual properties playing a 

negligible role (e.g., Hovhannisyan et al., 2021; Konkle et al., 2010a; Kramer et al., 2023; 

Morales-Torres et al., 2024). Our results help bridge these two lines of research by showing that 

the representations driving the vividness of memory recall are comprised of both perceptual and 

semantic features.

While our results contribute to basic knowledge about what makes memories vivid, they 

also have important applied implications. The results of Experiment 2 showed that by modeling 

a representational space, in which stimuli can be located, we can predict how vividly a set of 

stimuli will be recalled. Prior research has shown that vivid mental representations influence 
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prosocial behavior (Gaesser et al., 2018, 2020), decision making (Lee et al., 2022), learning 

(Clark & Paivio, 1991), and stereotyping (Eisenstadt et al., 2024), highlighting the relevance of 

determining whether a stimulus will elicit a vivid mental representation. By selecting stimuli 

based solely on their features, we demonstrated that distinctive stimuli are consistently vividly 

recalled. This finding opens the possibility of reliably identifying—or even creating, using 

generative networks (Goetschalckx et al., 2021)—stimuli that will elicit more vivid mental 

representations, thus potentially influencing the aforementioned behavioral processes. 

‘

Constrains on Generality

As recommended by Simons et al. (2017), in this section, we discuss the constraints on the 

scope of our results, which pertain to our sample, stimuli, tasks, and DNNs employed. First, we 

developed two approaches to select our sample. In Experiment 1a, we opted for a sample of 

participants that would allow us to examine several stimuli. Given that, to the best of our 

knowledge, no prior study has simultaneously tested the contributions of distinctiveness across 

visual, visuo-semantic, and semantic representational formats on vividness ratings we deemed 

it appropriate to employ this sample size with the objective of conducting a conceptual 

replication to test the consistency of our results (Experiments 3). Importantly, our results were 

consistent across experiments. Future research could use our reported effect sizes to guide 

sample size estimation. Conversely, Experiment 2 was a pre-registered experiment, as we were 

able to better estimate the predicted effect based on the results of Experiment 1a. It is also 

worth noting that our participants were recruited from Prolific, were we specifically recruited 

English-speaking adults based in the United States of America. While our results were 

consistent across our sample and experiments, we can currently generalize only to WEIRD 

populations (Henrich et al., 2010). It would be important for future research to explore whether 
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different samples, such as those from diverse cultural backgrounds, exhibit varying biases in 

what they remember vividly.

Second, we employed real-world objects as stimuli. While we did not measure vividness 

ratings for more complex stimuli, such as natural scenes, we believe our results can generalize 

to these types of stimuli. Prior evidence suggests that objects and scenes are equally influenced 

by semantic properties (e.g., stimulus category; Konkle et al., 2010b). Furthermore, neural 

representations of the semantic properties of scenes have been shown to influence the 

vividness of their recall (Morales-Torres et al., 2024). While substantial evidence supports the 

idea that our results may replicate with scenes, future research could investigate whether 

scenes are consistently remembered with similar vividness ratings and identify which properties 

of scenes might drive this consistency. However, a boundary condition of our findings is stimuli 

with no clear semantic meaning, such as Gabor patches or distorted objects. Future research 

could examine which factors influence the vividness with which participants remember these 

types of stimuli.

Third, across experiments (with the exception of Experiment 1b), participants were 

informed about the subsequent vividness test. Given this, our present results can only 

generalize to situations in which participants intentionally encode stimuli for later remembering. 

However, in many situations, participants incidentally encode stimuli by focusing on features 

relevant to specific tasks. Given that task demands (e.g., focusing attention on specific features 

of stimuli) can alter both the visual (Kay et al., 2023) and mnemonic (Aly & Turk-Browne, 2016) 

representations of stimuli, the consistency of our results across different incidental encoding 

conditions remains an open question for future research.

Lastly, our findings are constrained by the networks we used to model the visual and 

semantic representations of stimuli. Current researchers have raised questions about how 

closely DNNs replicate visual processes (Xu & Vaziri-Pashkam, 2021) and the limitations of 

large language models (Blank, 2023), as neither model fully captures the complexity of the 
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cognitive processes they are intended to mimic. Nevertheless, we adopted a parsimonious 

framework (Doerig et al., 2023), recognizing that while these models do not capture the full 

complexity of visual-semantic processing, they serve as valuable tools for exploring the 

representational format of human cognition (Peters & Kriegeskorte, 2021; Shoham et al., 2024). 

Additionally, we sought to enhance the interpretability of our models by demonstrating that each 

model explained more variance based on the canonical properties more closely aligned to what 

the model was trained to capture (e.g., ~50% of the variance in the visual model was explained 

by brightness, complexity, and colorfulness; Figure 3B). Furthermore, we employed models that 

have been shown to successfully capture behavior during memory tasks (Morales-Torres et al., 

2024; Shoham et al., 2024), aiming to better integrate our results with prior research. 

Nevertheless, our findings are constrained by our model selection. Future researchers should 

carefully consider the specific architectures we employed when building upon our work.

Conclusions

In the present study, we investigated which stimulus properties contribute to making memories 

vivid. Our results highlight the integrated influence of perceptual and semantic properties in 

shaping the vividness of mental representations of past events. These findings suggest that 

vivid mental experiences are influenced not only by how the world appears to us but also by 

what we know about it. Our work highlights the need to develop a more comprehensive 

framework to describe the nature of vivid mental representations, one that integrates this 

combined influence of perceptual and semantic representations.

Transparency and Openness 

All data and data analysis code are available on a OSF repository (https://osf.io/c6y95/). 

Experiments 1 and 3 were nor pre-registered. Experiment 2 was pre-registered 

(https://osf.io/jbmqz).
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