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In natural behavior, humans make trade-offs between sampling information from the visual environment
and relying on memory. As is often the case, observers favor visual sampling when its cost is low (e.g., a
sampling only takes a few saccades); but when the sampling cost is artificially increased (e.g., by imposing
longer waiting times), they favor visual working memory over visual sampling. Studies investigating this
ubiquitous trade-off have neglected the stability in the real world, where repetitive patterns may engage a
different memory system: long-term memory (LTM). Two competing hypotheses were derived from previ-
ous studies: when stable environments allow the formation of LTM (and sampling costs are relatively
low), observers may either (a) continue to rely on visual sampling, or (b) choose to favor memory over vis-
ual sampling. We provide evidence for the latter hypothesis, based on a copying task in which participants
reproduced an example display containing several colored polygons that either changed or remained stable
over consecutive trials. Experiment 1 showed that, when the example display was repeated, the sampling
frequency and durations decayed exponentially, eventually disappearing entirely. In Experiments 2 and
3, we replicated the reduction in sampling behavior when only half of the example polygons were
repeated. Moreover, participants’ recall of repeated items on a surprise memory test predicted this
reduction in sampling behavior, confirming the involvement of LTM. Our findings demonstrate that re-
petitive patterns in stable visual environments make memory use preferable over visual sampling by
reducing memory cost through the recruitment of LTM.

Public Significance Statement

When performing everyday tasks, we decide how extensively to rely on memory. For example, we
can either memorize all the steps of a recipe at once, or only one step at a time. Recent work sug-
gested that people tend to minimize memory use: when given the option, people only memorize one
or two pieces of information; far below typical working memory capacity limits. These studies,
however, overlooked the stability of natural environments, which may reduce the effort associated
with memory use. In this study, we show that using memory is not always undesirable: it becomes
the preferred option when visual information is repeated. Given enough repetitions, people even
stop scrutinizing the outside world, and rely entirely on memory, storing far more information than
we can hold in working memory. Although many studies explored how repetition strengthens mem-
ory, we show that repetitions also determine whether we use memory or not.
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Over the last decades, numerous studies on visual working
memory (VWM) have predominantly focused on its maximum
capacity. Most of these studies used highly controlled laboratory
tasks with fixed set sizes and presentation durations (e.g., Bays
and Husain, 2008; Brady et al., 2011; Constantinidis & Klingberg,
2016; Cowan, 2012; Luck & Vogel, 1997; Oberauer et al., 2016;
Vogel & Machizawa, 2004). Another body of studies found that,
when given the freedom to use memory flexibly (as is the case dur-
ing most real-world behaviors), observers often do not exhaust
their working memory capacity. Instead, they tend to resample
sensory inputs multiple times, encoding only one or two items into
VWM with each inspection (here labeled samplings, e.g., Drasch-
kow et al., 2021; Grinschgl et al., 2021; Hoogerbrugge et al.,
2023; Melnik et al., 2018; Sahakian et al., 2023, 2025; Somai
et al., 2020; Xu et al., 2025). The inclination to frequently sample
the visual world and store only a limited amount of information
internally instead is considered a cognitive off-loading strategy
(Hu et al., 2019; Risko & Dunn, 2015) that alleviates the energy-
consuming cognitive demand of loading information into VWM
(Melnik et al., 2018; Somai et al., 2020). Supporting this view, the
reliance on sampling decreases and the reliance on memory
(VWM) increases when sampling costs are increased (e.g., by hav-
ing observers wait longer to access the information, or by requir-
ing them to walk for a longer distance toward the information;
Ballard et al., 1995; Draschkow et al., 2021; Gray et al., 2006;
Inamdar & Pomplun, 2003; Melnik et al., 2018; Sahakian et al.,
2023, 2025; Somai et al., 2020; Qing et al., 2025). A key open
question, however, concerns the role of long-term memory (LTM)
in this process. Although the trade-off between visual sampling
and memory (coined “sensory-mnemonic decisions”; Kumle et al.,
2025) has mainly been investigated with continuously changing
visual streams, the external world is often stable and contains
many repetitive patterns. Although it is well-established that
repeated exposure engages LTM (Carlisle et al., 2011; Gunseli
et al., 2014; Reinhart & Woodman, 2014; Woodman et al., 2013),
it is unclear whether the engagement of LTM through repeated ex-
posure influences the trade-off between visual sampling and mem-
ory. Here, we investigated this question by having participants
perform an unrestrained memory task, using ever-changing versus
repeated displays.

The existing literature supports two conflicting hypotheses
regarding the effects of LTM on the trade-off between visual
sampling and memory. One possibility is that the availability of
repetitive patterns will reduce the reliance on sampling by low-
ering the costs of memory use. This hypothesis is supported by
substantial evidence that visual repetition recruits LTM after
only a handful of consecutive trials (Carlisle et al., 2011; Gun-
seli et al., 2014; Reinhart & Woodman, 2014; Woodman et al.,
2013) and, in turn, LTM enhances visual memory (e.g., Brady
et al., 2009; Olson et al., 2005; Umemoto et al., 2010), as well
as related processes including attention (Chun & Jiang, 1998;
Kristjdnsson & Campana, 2010) and target recognition (Van
Strien et al., 2005). Moreover, repeated exposure reduces

neuronal firing rates and hemodynamic responses (Barron et al.,
2016; Miller & Desimone, 1994), suggesting that LTM is less
effortful and less metabolically costly compared with VWM
(Brady et al., 2008, 2024; Greenwald et al., 2003; van Moorse-
laar et al., 2016).

Alternatively, it is possible that LTM engaged by the repetition
of visual patterns will not reduce the reliance on sampling. This
hypothesis is supported by abundant evidence that observers tend
to rely on sampling rather than memory, even operating well
below maximum VWM capacity (Ballard et al., 1995). Moreover,
although LTM has behavioral benefits such as larger storage
capacity and higher resistance to interference (e.g., Brady et al.,
2008, 2024; Greenwald et al., 2003; Shiffrin & Atkinson, 1969;
van Moorselaar et al., 2016), LTM still requires some cognitive
effort, both in forming LTM representations (e.g., Kafkas & Mon-
taldi, 2011; Paller & Wagner, 2002) and in retrieving information
(e.g., Addante et al., 2011). Finally, previous studies have shown
that, even when information has been successfully encoded in
VWM, observers may still choose to (re)sample from the external
world (e.g., Desender et al., 2018; Sahakian et al., 2023). In sum,
based on the existing literature, it remains unknown whether the
possibility of engaging LTM (in repetitive environments) influen-
ces the trade-off between visual sampling and memory.

To investigate this, we used the so-called copying task (Ballard
et al., 1995; Sahakian et al., 2023; Somai et al., 2020), in which
participants can freely choose between relying on memory or sam-
pling behavior. In this task, participants are tasked to reproduce a
configuration of items shown in a model by picking up items from
a resource area one by one and placing them at the appropriate
locations in the workspace using a cursor (Figure 1). If an item
was placed incorrectly, it immediately flew back to the resource
area, and participants could move the same or a different item until
they correctly placed all items in the model. We refer to a “place-
ment” as the act of lifting and dropping an item, and to a “trial” as
the full set of placements by which a participant reproduced the
full model in the workspace. Importantly, the model was hidden
by default and was revealed only if participants moved the cursor
over it. Thus, the number and durations of inspections required to
place all items correctly reflect the extent to which participants
relied on sampling or memory.

We tested the effects of visual repetition (i.e., presenting the
same combination of visual features [i.e., color and shape] at the
same locations across trials, or not) in three separate experi-
ments. In Experiment 1, we used a task in which the exact same
model display was presented across 20 consecutive trials (100%
repeat condition), and compared the results with those of a
recent study that used a similar task but with a new model dis-
play on each trial (Sahakian et al., 2025; i.e., “0% repeat” condi-
tion). In Experiment 2, we extended and verified the results by
(a) using within-participant measures, (b) a more ecological set-
ting in which only some but not all features of the environment
were repeated across trials, and (c) directly testing the
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Figure 1
Overview of the Copying Task Display

A. Task display when the cursor hovers outside the Model area

Move your mouse here
to reveal the example.

B. Task display when the cursor hovers over the Model area
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Move your mouse here
to copy the example.

Participants are required to reproduce the model display (left) by dragging items from the resources grid (right) to the correct

position in the workspace (middle). (A) The copying task display when the cursor is outside the model display area. (B) The copying
task display when the cursor is inside the model display area. See the online article for the color version of this figure.

engagement of LTM using a surprise memory test. Finally, in a
preregistered Experiment 3, we replicated the results of Experi-
ment 2, while excluding the confound of resource grid
repetition.

Experiment 1

In Experiment 1, we tested whether the occurrence of visual
repetitions across trials would affect the reliance on sampling ver-
sus memory. To this aim, we obtained data from a group of partici-
pants for whom the entire model remained fixed across 20 trials,
and compared it to a recent experiment in which a separate group
of participants performed the copying task but using a new model
each trial (Sahakian et al., 2025).

Method
Participants

Sixty-one participants (45 women and 16 men, mean age =
21.16 years, SD = 2.01) were successfully recruited from our univer-
sity student population and received course credit for participation.
All participants had self-reported normal or corrected-to-normal
vision and no color blindness. All experiments and procedures
were approved by the Ethics Committee of the university.

We decided a priori to include as many participants as the
experimenters could gather within the time frame available for
data collection (this experiment was conducted as part of a student
thesis), with a minimum of 38 participants. This minimum sample
size was determined through a power analysis based on the effect

sizes obtained in a copying task study (Sahakian et al., 2023).
Using G*Power 3.1 (Faul et al., 2009) for a one-way analysis of
variance (ANOVA; omnibus F test), suggested that a minimum
total sample size of N = 38 is required to achieve 80% power
(o = 0.05, df = 1) to detect an effect size of at least f = 0.48—
which, based on Sahakian et al. (2023), was the effect size for the
number of errors, the smallest effect size among all output measures
of interest (number of inspections, inspection durations, and errors).
A post hoc power analysis showed that the smallest effect size in
our data was f = 0.29, and the actual sample size that we used
achieved =95% power (o0 = 0.05, df = 1) (one-way ANOVA,
omnibus F fest).

To establish a nonrepetition baseline for comparison with our
experiment where models repeated across trials, we leveraged a
preexisting data set from Sahakian et al. (2025), a visually nearly
identical experiment in which models did not repeat across trials.
Thus, we performed a between-subjects comparison, incorporating
their data (N > 100) as a 0% repetition condition. This approach
allowed for an efficient and well-powered initial investigation of
the repetition effect. The Sahakian et al. (2025) data set comprised
104 participants (48 women, 53 men, 3 nonbinary; mean age =
35.52,8D = 11.63).

Apparatus and Stimuli

The apparatus, stimuli, and procedure in the current experiment
were similar to those in Sahakian et al. (2025), allowing for a
direct comparison between the two data sets. Both experiments
were programmed in the code editor Visual Studio Code (Version
1.75; https://code.visualstudio.com) using the JavaScript libraries
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jsPsych (Version 7) (de Leeuw, 2015) and Fabric.js (Version 5.2;
https://www .fabricjs.com). All participants completed the experi-
ment using a laptop and a computer mouse. Data analysis was per-
formed in MATLAB (R2021a; The MathWorks, Natick, MA) and
JASP (Version 0.18.1; Love et al., 2019).

The stimulus sets for both experiments included 400 items con-
sisting of all possible combinations of 20 shapes retrieved from
Arnoult (1956), and 20 hues retrieved from the HSLuv color space
(https://www.hsluv.org) (Figure 2). The hues were selected to
have consistent saturation and luminance (95% and 65%, respec-
tively) and be spaced 18° apart, starting at 0° on the 360-degree
color wheel. To construct the resource area on each trial (Figure 1),
we randomly selected 16 items from the 400-item set, with the
constraints that the items represented four unique shapes and four
unique hues, and there was a minimum distance of 54° (three
steps) between any two hues. As shown in the right resource grid
of Figure 1, items were consistently structured by color and shape,
such that each row contained four different shapes in the same
color, while each column contained a single shape in four different
colors. This canonical structure served as the baseline layout for
the resource grid across all experiments. To construct the model
display, we randomly selected six items from the resource area.
We allowed each item to be used up to two times within a given
model display (i.e., trial), so that the correct placement of one item
would not exclude this item from being used again, while avoiding
excessive repetitions of items.

Procedure

After the instructions and two practice trials, participants started
the main task. On each trial, participants were shown a model (the
left grid; Figure 1) and were asked to reproduce it by sequentially
dragging each model item from the resource area (the right grid)
and dropping it onto the workspace (the middle grid). As noted
earlier, we use the terms “placement” to refer to the positioning of
each item and “trial” to refer to the entire sequence of placements
that copied the model into the workspace.

For each placement, when a participant picked up an item and
hovered it over the workspace, the nearest grid cell of the work-
space was highlighted in yellow. If the item was correct (had the
correct shape and color for that grid cell), it was pinned to the
center of the cell; but if it was incorrect, it flew back to its origi-
nal location in the resource area. When participants placed all
model display items (i.e., six items in Experiment 1; eight items

Figure 2
The 20 Shapes and 20 Colors That Were Combined to Create the
Stimuli in the Experiment

XL x)» ..000.
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Note. See the online article for the color version of this figure.

in Experiments 2 and 3) correctly in the workspace, the trial
ended, and participants proceeded to the next trial by clicking a
button.

The model area was by default covered by a gray square, but
the cover was removed when the participant moved the cursor
over it, providing a direct measure of the participants’ decisions
on how many times and how long to inspect the model.

The key experimental manipulation was that, in the 100%
repeat trials of the present experiment, we selected six repeated
items from the full set of 400 unique combinations (20 shapes X
20 colors) for each participant, and used those six items in the
same configuration throughout all 20 trials that the participant
performed. Specifically, both the visual features (color and
shape) of the six repeated items and their locations in the model
grid remained identical across all 20 trials. Contrastingly, in the
0% repeat condition (retrieved from Sahakian et al., 2025), a
new set of six items was selected and randomly positioned to
create a unique model display on each trial. Aside from the key
manipulation of visual repetition, the present procedure and
that of Sahakian et al. (2025) differed in minor aspects that are
not expected to confound the cross-experiment comparisons.
These are detailed and justified in the Interim Discussion of
Experiment 1.

Data Analysis

Our four outcome measures were as follows: (a) the number of
inspections per trial (i.e., the number of times the model display was
uncovered for inspection); (b) individual inspection duration (i.e.,
the time for which the model was viewed per inspection); (c) the
number of placement errors (i.e., the number of times an item was
incorrectly placed on any empty grid in the workspace); and (d) the
average trial duration (i.e., from the start of a trial until the last cor-
rect placement). Measures (c) and (d) indicate general performance
quality, whereas measures (a) and (b) indicate the reliance on visual
sampling (more reliance indicated by more inspections and longer
inspection duration).

Thus, for the comparison of two different data sets, we first
normalized the data for each condition of each participant and
computed the reduction in each output measure (i.e., number of
inspections, inspection durations) from the first trial to the 20th
(last) trial. A greater reduction in output measures (a) and (b) in
one condition (e.g., 100% repeat trials) than the other (i.e., 0%
repeat trials), for example, indicates a greater reduction in vis-
ual samplings caused by the repetition of displays across trials
(Figure 3A and 3B, left). Besides, to describe the characteristics
of the progression of each outcome measure over 20 consecu-
tive trials, we also fit the data of each output measure of each
condition to a linear model and an exponential model and tested
which is the best fit. More details for data analysis are provided
below.

After this normalization procedure, we set out to compare the
change in outcome measures over time between experiments, fol-
lowing these steps:

(1) We fit the data for each output measure of each participant
across trials to a linear model in which b denotes the slope and a
denotes the intercept, see Equation 1. After the fitting procedure,
we obtained the predicted (rather than observed) values of each
output measure for each trial within participants.
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A. Number of inspections

Results of Experiment 1

Figure 3

0% Repeat (Sahakian et al., 2025)
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(x)=a+bx ¢))

(2) We then calculated the reduction in output measures across
trials based on the model fits. Specifically, we subtracted the pre-
dicted value of the last trial (i.e., the 20th trial) from the predicted
value of the first trial. The difference between the first and last tri-
als indicates the extent of improvement in participants’ perform-
ance over the course of the experiment.

dsp =3} = 3%, (2)
where Ogp reflects the reduction in the outcome measures y (e.g., du-
ration per inspection) over N trials expressed in standard deviations, N
reflects the total number of trials (20), and % reflects the predicted
value of the z-scored outcome measure y, based on the linear fit
described in equation (1), for trial n. In other words, to quantify the
amount of decrease over trials in standardized units, we fit a linear
function to the z-scored data, and we subtract the predicted value on
trial 20 from the predicted value on Trial 1. As the predicted values of
the first and last trials are based on a model fit to all trials, the differ-
ence between these two “trials” effectively captures the decreasing
trend in output measures while being robust to trial-by-trial nuisance
variability. Note that this metric does not describe the pace of
decrease, only the (relative) amount of decrease over trials.

The reduction (fraction) in the output measures (i.e., the number
of inspections, duration per inspection, the number of errors, and
trial duration) of 100% repeat condition (of the current experi-
ment) versus 0% repeat condition (Sahakian et al., 2025) were
then compared in a Bayesian ANOVA, with model repetition
(100% repetition vs. 0% repetition) as between-subjects factor.

Separately from this linear fitting procedure aimed at quantifying
the magnitude of change across trials, we also conducted model com-
parisons to compare whether model repetitions would also qualita-
tively alter the change in performance across trials. Specifically, we
tested whether the change in performance over trials in the 0% repeat
and 100% repeat experiments was better explained by a linear or an
exponential decrease. To this end, the group means of each output
measure were fitted to a linear model as shown in Equation 1, and an
exponential decay model as shown in Equation 3, in which a denotes
the overall magnitude of the function, b denotes the decay rate, and ¢
denotes the plateau of the decay.

J(x) =ab" +c 3)

We used Bayesian Information Criterion (BIC) values for model
comparison, while accounting for model complexity. The BIC val-
ues for the linear models (1) and the exponential models (3) were

compared in a bootstrap analysis. In each bootstrap iteration, we
extracted a certain number (i.e., 20) of trials from the participants’
data with replacements, and we fitted the data to the exponential
model and the linear model, respectively. This was done separately
for each experiment and each outcome measure. After each of
10,000 iterations, we retrieved BIC values for the two models and
conducted a Bayesian paired-sample 7 test to test whether BIC val-
ues systematically differed between the linear and exponential
models. A lower BIC value indicates better model fit.

For all statistical analyses using Bayesian statistics, we used the
JASP software with the default priors (for ANOVAs: fixed effects =
0.5, random effects = 1, covariates = 0.354; for ¢ tests: a Cauchy dis-
tribution with a scale parameter of 0.707) and consistently setting the
seed value to 1 for reproducibility. For each ANOVA, we conducted
a so-called analysis of effects across matched models following the
approach outlined by Math6t (2017). This method involves compar-
ing models containing the specific effect of interest to equivalent mod-
els without that effect. The Inclusion Bayes Factor (BF,y) obtained
from this analysis indicates evidence strength, classified as inconclu-
sive (values of < 1), anecdotal (1-3), moderate (3—10), strong (10-30)
or very strong (>30) evidence in favor of the presence of the effect in
question as opposed to its absence (Kass & Raftery, 1995).

Results

To assess the influence of LTM on the trade-off between sampling
and memory, we analyzed how our outcome measures changed across
trials in the current experiment, in which the model display was
repeated (“100% repeat condition”), versus Sahakian et al. (2025), in
which the model was new in each trial (“0% repeat condition”). We
compared the overall change in each outcome measure (the difference
between the first and 20th trials; Figure 3A-3D, leff) and the time
course of the change across trials (Figure 3A-3D, right).

Number of Inspections per Trial

The number of inspections tended to decline across trials and
this decline was much larger in the present experiment (yellow,
“100% repeat condition”) than in the data of Sahakian et al. (2025,
pink, “0% repeat condition”). A simple model-based analysis
showed that the number of inspections between the first and 20th
trials declined in both tasks, but declined much more in the 100%
repeat than in the 0% repeat experiment, with a Bayes Factor
(BFine) of 8.29 X 10%, indicating extremely strong evidence for
an effect of repetitions (Figure 3A, left). In the 100% repeat condi-
tion, participants used, on average, 2.26 fewer inspections on the last

Figure 3 (continued)
Note.

Panels (A)—~(D) depict the results of different outcome measures—number of inspections, duration per inspection, the number of errors, and trial dura-

tion, respectively. The present study started with 10 baseline (0% repeat) trials in which the model display was not repeated (in gray), following by 20 experi-
mental trials in which the same model display was repeated across consecutive trials (100% repeat condition; in green). The practice trials (in gray) illustrate
the sudden change in each outcome measure (within the same group of participants) as the model display starts repeating after the practice trials (in green).
The 20 trials of the 100% repeat condition were contrasted to 20 trials from Sahakian et al. (2025) in which a different model display was used on each trial
(0% repeat; in blue). The right panels depict the progression of each outcome measure over 20 consecutive trials, whereas the left panels depict the reduction
(fraction) of each outcome measure across these 20 consecutive trials, separately for the 100% repeat and 0% repeat conditions. The extent of the box plots
shows the upper/lower quartile, and the whiskers extend to the most extreme data point within 1.5 interquartile range above/below the upper/lower quartile;
individual dots in the left panels show individual participant means; color contours outside the box plots show the probability density function of these partici-
pant means. Individual dots in the right panels show the group means per trial, with shaded areas showing the 95% confidence interval of the means. Lines
show the best fitting linear or exponential functions. See the online article for the color version of this figure.
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trial compared with the first trial (SD = 0.40), whereas this reduc-
tion was only 0.69 (SD = 0.80) in the 0% repeat condition.

More detailed analysis of the time-course (Figure 3A, right)
showed that, in the 100% repeat condition, the number of inspections
had a rapid decline that was better fit by an exponential model (Meth-
ods, Equation 1; BIC = 0.77, SD = 0.17) than a linear model (Equa-
tion 3, BIC = 2.80, SD = 0.10; model comparison, BF,q = 00). In
comparison, in the 0% repeat condition, the number of inspections
showed a modest decline that was better fit by a linear model (linear
model BIC = —0.51, SD = 0.40; exponential model BIC = —0.41,
SD = 0.41; BF;y = oc0). Thus, model repetition causes a faster, ex-
ponential decline in the number of inspections compared with the
slower, linear decline due to practice effects alone. Note that the
“bump” in inspection number at trial 10 was likely due to “optional”
self-paced break that participants took between Trials 10 and 11, sug-
gesting that participants needed one trial to “get back” to the task.

The exponential model fits in the 100% repeat condition pro-
duced a plateau of 0.108 (SD = 0.06) inspections per trial. Thus,
participants on average had a very low asymptotic rate of inspec-
tion of approximately once every 10 trials and 49 out of 61 partici-
pants performed no inspections at all in the last five trials of the
task, confirming that, when the model was repeated across trials,
participants dramatically reduced or even stopped external sam-
pling, relying nearly exclusively on memory.

Duration per Inspection

Similar to the number of inspections, the duration per inspection also
decreased across trials, with this increase being much larger in the
100% repeat versus 0% repeat conditions (Figure 3B). The reduction in
inspection duration between the first and last trials was larger in the
“100% repeat” versus “0% repeat” condition (1.88, SD = 047 vs. .27,
SD = 1.09; BF;,q = 1.41 X 10'; Figure 3B, leff). As for the number
of inspections, the time course of inspection duration was better fit by
the exponential model in the “100% repeat” condition (exponential:
BIC = —047, SD = 0.23; linear: BIC = —0.27, SD = 0.21; BF, =
00) but by the linear model in the 0% repeat condition (linear: BIC =
1.61, SD = 0.46; exponential: BIC = 1.72, SD = 0.46; BF;( = 00).

Number of Errors per Trial

The number of errors declined from the first to the last trial, and
this decline was larger in 100% repeat versus 0% repeat conditions
(0.69, SD = 0.78 vs. 021, SD = 0.81; BF,o = 83.20; Figure 3C,
left). The time course of this decline was best captured by a linear
model in both conditions (100% repeat condition: linear model BIC =
—0.48, SD = 0.30, exponential model BIC = —0.37, SD = 0.33,
BFjp = o0; 0% repeat condition: linear model BIC = —0.40, SD =
0.35, exponential model BIC = —0.30, SD = 037, BF;y = o0).
Thus, the reductions in the number and duration of samplings in the
100% repeat condition did not come at the expense of decreased accu-
racy but instead reflected increased efficiency of memory use.

Trial Duration

Consistent with the decline in the number of inspections, inspection
durations, and errors, total trial duration declined from the first to the
last trial, and this decline was larger in the 100% repeat than the 0%
repeat condition (2.00, SD = 0.58 vs. 0.87, SD = 0.79; BF,( = 6.61;
Figure 3D, left). The time course of the decline was better fit by an ex-
ponential model in the 100% repeat condition (exponential: BIC =

1.59, SD = 0.32; linear: BIC = 3.09, SD = 0.21; BF;g = oc;
Figure 3D, right) but was better fit by a linear model in the 0% repeat
condition (linear: BIC = 5.23, SD = 0.43, exponential: BIC = 5.26,

Interim Discussion

In Experiment 1, we repeated the same model display over 20
consecutive trials to examine how participants traded off the reliance
on visual sampling versus memory. We showed that, in comparison
to an experiment without model repetition, participants relied more
on visual memory, as they inspected the model display less often
and for shorter durations and had very low rates of inspection by the
end of the task. Despite this reduction in sampling, completion time
and error rate decreased, showing that the reduced reliance on sam-
pling was accompanied by higher efficiency.

This conclusion is tempered by several caveats. First, the experi-
ment used a between-subjects design, leaving open the possibility
that the results were influenced by individual differences between the
two participant groups (although this seems unlikely, given the
within-subject drop-off observed after the 10 baseline [0% repeat] tri-
als; Figure 3, gray to green). Second, several methodological differen-
ces exist between our study and that of Sahakian et al. (2025). Our
experiment included 10 additional baseline (0% repeat) trials and a
self-paced break, both absent in theirs. Conversely, a key feature of
their design—a delay before revealing the model display—was not
incorporated into ours. Critically, these differences do not challenge
our core findings. Although they may influence absolute performance
levels, they cannot account for the relative changes in our measures
of interest across conditions. In fact, the imposed waiting times in
Sahakian et al.’s (2025) design are more likely to suppress visual
sampling, which works against our hypothesis that the sampling in
Sahakian et al. (2025) (0% model repetition) will be higher than ours.
Despite this, we emphasize that such cross-experimental methodolog-
ical differences are best eliminated using a direct, within-subject com-
parison, and an identical task in the two conditions of interest. Third,
we did not directly test LTM, that is, whether participants indeed
remembered the repeated items and whether memory accuracy would
predict performance on the copying task. Last, in natural settings,
environments rarely stay completely unchanged across time, as was
the case in our 100% repeat condition, and instead contain mixtures
of items that remain constant or change.

In Experiment 2, we addressed these issues by using a new ver-
sion of the copying task in which half the items in the model dis-
play remained fixed throughout all trials, whereas the others
changed across trials (“50% repeat”). Importantly, we contrasted
performance in this 50% repeat condition within-participant with a
0% repeat condition, in which none of the items were repeated. In
addition, we added a surprise memory test for the repeated items
at the end of the task to directly test LTM.

Experiment 2

Method
Participants

A new group of 42 participants (21 women and 21 men, mean
age = 28.52 years, SD = 4.23) was recruited via Prolific (https://www
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prolific.co). As in Experiment 1, all participants self-reported
normal or corrected-to-normal vision. In addition, we only
recruited participants who (a) indicated to be fluent in English
(as the instructions were given in English), (b) had an approval
rate higher than 95%, and (c) had not taken part in earlier pilot
versions of this experiment.

Based on the sample size of Experiment 1, we aimed for a mini-
mum sample size of 38 participants. A post hoc power analysis
(repeated-measures [RM] ANOVA, within-between interaction)
indicated that our final sample size of 42 achieved =80% power
(o0 = 0.05, df = 1) for the smallest observed effect size of f = 0.13
across all outcome measures (i.e., number of inspections, inspec-
tion durations, number of errors, and trial durations).

Apparatus and Stimuli

The task was implemented on the web service Gorilla (https:/
app.gorilla.sc) using stimuli identical to those in Experiment 1.
We highly recommended that participants use a laptop or desk-
top computer along with a computer mouse to perform the
experiment, and all participants confirmed following this
recommendation.

Given that participants may have used different screen sizes, we
instructed them to run a calibration procedure before the experi-
ment to standardize stimulus size. In the calibration task, partici-
pants placed a credit card or any standard-sized card (typically
8.56 cm wide) against the screen and adjusted the size of a rectan-
gle on the screen to match the dimensions of the card. This
ensured that the light gray rectangle background (Figure 1) meas-
ured approximately 25 cm X 8.5 cm, so that each cell in the copy-
ing task grid measured 1 cm X 1 cm.

Procedure

The experimental design and procedures were the same as in
Experiment 1 except for three differences. First, after completing
instructions and two practice trials, each participant completed two
blocks of 24 trials (48 trials in total). In one block (“50% repeat”
block), half of the items in the model display were kept constant
across all 24 consecutive trials (i.e., “repeated items”), while the
locations and features of the other items were randomly selected
and varied across trials (i.e., “nonrepeated items”). In the other
block (“0% repeat”), the locations and features of all items were
randomly selected on each trial from the full set of 400 unique com-
binations, as in the Sahakian et al.’s (2025) study analyzed in
Experiment 1. Block order was counterbalanced across participants,
and participants were explicitly informed about the repetition
manipulation at the start of each block.

Second, we increased the number of items from six to eight items
in each model display, to increase statistical power for comparing
between repeated and nonrepeated items in the 50% repeat block.

Third, after participants completed the main task, we added a
surprise test to assess their memory for the repeated items. In
this test, participants were shown the resource and workspace
(but not model) areas, and were asked to select and place all four
repeated items from the resources grid at their (repeatedly pre-
sented) locations in the workspace. Participants received no
feedback, and the memory trial was complete once they placed
four items in the workspace, regardless of whether a placement
was correct or incorrect.

Data Analysis

As in Experiment 1, we extracted four outcome measures—
namely, (a) number of inspections per trial; (b) duration per
inspection; (c) the number of placement errors; (d) trial duration—
and tested the time course of each measure as a function of trial,
using the BIC to compare exponential and linear models while
controlling for model complexity.

To these analyses, we added three additional tests specific
to the present experiment. First, we compared each outcome
measure in the 50% repeat and 0% repeat blocks using a
Bayesian RM ANOVA with main factors of block type (50%
vs. 0% repeat) and block order (50% repeat block adminis-
tered first or second) to control for potential order effects. As
block order is a nuisance factor that is not of interest to this
study, we provided the complete report (with block order and
its interaction with model repetition) only in the Supplemental
Materials.

Second, we conducted Kendall’s Tau rank correlation tests to
assess the association between each output measure and perform-
ance on the surprise memory test.

Third, to test whether the placement of repeated items (in 50%
repeat trials) was prioritized over nonrepeated items, we conducted
a Bayesian RM ANOVA with time of placement (i.e., earlier vs.
later placements within a trial) as the factor of interest and block
order as a nuisance covariate.

Results

The Comparisons Between 50% Repeat and 0% Repeat
Blocks

Focusing first on comparisons between 50% repeat and 0%
repeat blocks (without distinguishing between repeated and
nonrepeated items), we found only weak or moderate evidence
that the blocks differed in terms of duration per inspection
(50% repeat: 1.71, SD = 1.38; 0% repeat: 1.66, SD = 1.52;
BF;,c1 = 0.24), errors per trial (50% repeat: 1.11, SD = 0.66;
0% repeat: 1.21, SD = 1.19; BF;,.; = 0.26), and trial duration
(50% repeat: 33.37, SD = 16.82; 0% repeat: 32.57, SD =
12.56; BF;,; = 0.26; Figure 4). We also found no evidence
that the time courses of these measures differed between the
conditions across trials. However, the number of inspections
per trial was lower in 50% repeat versus 0% repeat blocks
(5.62, SD = 2.39 vs. 6.38, SD = 2.45, respectively), which
constituted strong evidence that including repeated items
reduced overall sampling rates (BF;,,; = 15.05). No significant
main effect of block order nor interaction effects of block order
for any output measure were found (all BF;, < 3; for details,
see Supplemental Materials).

Moreover, the number of inspections decreased across trials;
this decline was better fit by an exponential model in both blocks
(exponential vs. linear models, 50% repeat blocks, BF;y = oo;
0% repeat blocks, BF;, = 2.28) and reached lower asymptotes in
50% repeat than in 0% repeat blocks (5.09, SD = 0.41 vs. 7.26,
SD = 12.17, BF;o = 9.78). Thus, maintaining half the items
fixed across trials reduced the overall reliance on visual sampling
compared with a situation in which all items vary from trial to
trial.


https://www.prolific.co
https://app.gorilla.sc
https://app.gorilla.sc
https://doi.org/10.1037/xhp0001395.supp
https://doi.org/10.1037/xhp0001395.supp
https://doi.org/10.1037/xhp0001395.supp

VISUAL MEMORY AND SAMPLING 9

Figure 4
Results of Experiment 2
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Memory Test for Repeated Items

We next analyzed performance on the surprise memory test to
verify whether participants memorized the repeated items across tri-
als. Here, a correct placement refers to the correct selection of both
the feature and location of a repeated item. On average, participants
correctly placed 2.71 (SD = 1.54) out of the four repeated items
during this test, amounting to a 67.75% (SD = 0.38) correct recall
rate. This level was well above chance, whether chance was

defined as fully random behavior (3.49 X 10710 = (11? X 1%) X
(% X %) X (1176 X ﬁ) X (& X %);BFIO =293 X 10“) or
based on a more generous assumption that participants had partial

memory for only one location and one feature (colororshape

[3:90x107 = (1 x L x 1 x 1);BFg =259 x 101]).

To determine whether LTM performance predicted copying
task behavior, we examined across-participant correlations
between recall rates and copying task outcomes in 50% repeat
blocks (Figure 5). Recall rates did not significantly correlate with
inspection duration (Kendall’s T = 0.05, BFq = 0.22, 95% confi-
dence interval [CI] = [—0.15, 0.25]; Figure 5B) but correlated
negatively with the number of model inspections (t = —0.36,
BFg = 55.06, 95% CI = [—0.54, —0.14]; Figure 5A), number of
errors (Kendall’s 1 = —0.40, BF,( = 171.22, 95% CI = [—0.17,
—0.57]; Figure 5C) and trial durations (Kendall’s T = —0.26,
BF,y, = 3.80, 95% CI = [-0.05, —0.45]; Figure 5D). These
findings indicate that LTM reduced the need for sampling and
increased the efficiency of memory use in the copying task.

It should be noted that our sample size (N = 42) was relatively
limited for estimating correlations across participants. Correlation
analyses with such samples are prone to both false positives (spu-
riously inflated estimates) and false negatives (i.e., failure to detect
smaller effects; Schonbrodt & Perugini, 2013). Accordingly, some
caution is needed in interpreting the present correlation results
(but see Experiment 3 for a preregistered replication of the key
findings). The current sample size provides adequate power only
to detect effects exceeding approximately |r| ~ 0.28 (= |Kendall’s
17| ~ 0.19). Although our key prediction—the correlation between
recall rate and sampling frequency (Kendall’s t© = —0.36; Pear-
son’s r ~ 0.54)—was well above this threshold, nonsignificant
correlations (e.g., recall rate vs. inspection duration) may reflect
insufficient power to detect more modest effects rather than the
true absence of such relationships.

Repeated Items Were Placed Earlier in a Trial

Our task design does not allow us to compare sampling behav-
ior for repeated and nonrepeated items separately, as each sam-
pling revealed the entire display and we could not identify the

specific item that a participant was viewing during an inspection.
Within the 50% repeat block, however, we could analyze the order
in which participants chose to place repeated and nonrepeated
items to gain insights about their strategy. This analysis can
distinguish between two opposite hypotheses that are grounded
in the literature. On the one hand, memory interference and
decay increase over the course of a trial and affect VWM more
than LTM (van Moorselaar et al., 2016; Woodman et al., 2013),
suggesting that participants may tend to place nonrepeated
items first to protect them from these detrimental effects. On
the contrary, Sahakian et al. (2023) provide evidence that,
when performing the copying task, participants start with items
of higher certainty, suggesting that they will place repeated
items first.

To distinguish between these hypotheses, we separately ana-
lyzed the earlier and later stages of a trial and examined in which
stage participants tended to place more repeated items (out of the
four repeated and 4 nonrepeated items in 50% repeat blocks). The
colormap in Figure 6A shows the percentage of participants who
placed a repeated item (rather than a nonrepeated item) in each of
the eight correct placements within a trial (x-axis), and each of the
24 trials of the 50% repeat block (y-axis). Across placements,
the color progresses from yellow (more participants placing
repeated items) to blue (more participants placing nonrepeated
items), showing that participants tended to place the repeated
items first.

To formally test this, we binned the 24 trials into four bins of
six trials, and we divided the eight correct placements per trial into
early and late bins (the first and last four correct placements,
respectively). For each of these bins (each comprising four correct
placements and six trials), we computed the percentage of repeated
items placed per participant. A Bayesian RM analysis confirmed
that the fraction of repeated items was much higher in the early
versus the later placements (BF;,.; = 59.52). Moreover, this tend-
ency was more pronounced in the later versus earlier trial bins
(Figure 6A), as would be expected if it reflected LTM use. This
was confirmed by a significant interaction between trial bin and
placement bin (BF;,.; = 5.52).

In a final analysis, we again analyzed the correct placements in
the 50% repeat block, but now separately for each consecutive
inspection of the model display (Figure 6B). For each inspection
(e.g., the third inspection), we computed the (cumulative) percent-
age of placements that were repeated items (e.g., out of all items
that were correctly placed before the fourth inspection). This
allowed us to also analyze placements that participants made
before any glance at the model display (0 inspection). Notably,
participants placed 18.03% (SD = 0.26) of repeated items before
any model display, a rate that was significantly higher than 0
(BFina = 354.46), while for nonrepeated items this percentage
was 0.00%. Thus, participants selectively placed some repeated

Figure 4 (continued)
Note.

Panels (A)—(D) depict the results of different outcome measures—number of inspections, duration per inspection, the number of errors, and trial du-

ration, respectively. The left panels depict the comparison of each output measure between the 50% repeat and 0% repeat conditions, while the right panels
depict progression of each outcome measure over consecutive trials. The extent of the box plots shows the upper/lower quartile, and the whiskers extend to
the most extreme data point within 1.5 interquartile range above/below the upper/lower quartile; individual dots in the left panels show individual participant
means; color contours outside the box plots show the probability density function of these participant means. Individual dots in the right panels show the
group means per trial, with shaded areas showing the 95% confidence interval of the means. Lines show the best fitting linear or exponential functions. See

the online article for the color version of this figure.
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Figure 5

The Correlation Between Memory Test Performance and Outcome Measures of the
Copying Task in the 50% Repeat Blocks of Experiment 2
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against mean copying task outcome measure (y-axis) of individual participant. The line and shaded area
show the linear regression fit across datapoints and the corresponding 95% confidence intervals. See the

online article for the color version of this figure.

items purely based on memory, before any glance at the model
display.

Interim Discussion

In Experiment 2, we found a decrease in sampling frequency
when half of the items in the memory display repeated across trials.
That is, the effect of visual repetitions on the trade-off between
memory and sampling was replicated within-participants, and in a
more natural setting where some but not all stimuli were repeated.
In line with Experiment 1, the decrease in sampling was not accom-
panied by an increase in errors, and therefore, did not reflect a more
liberal response tendency (an increased willingness to make errors).
In contrast to Experiment 1, however, visual repetitions did not lead
to a decline in inspection durations, number of errors, or completion
time. One possible explanation for this discrepancy is that only half
of the items were repeated in Experiment 2, which may obscure
smaller effects. In addition, we found that repetitions of the memory
displays not only increased the reliance on memory (vs. sampling)
but also changed the prioritization of action: observers tended to
place repeated items before nonrepeated items.

Importantly, we found a direct link between the recruitment
of LTM for repeated items and a reduction in sampling for
these items. Participants who correctly recalled more items in a
surprise memory test about the repeated items, sampled model
displays containing these items less frequently during the copy-
ing task. We also found that participants tended to (correctly)
place repeated items earlier than nonrepeated ones in a trial, at
times even before looking at the model display, confirming that
they retrieved these items from LTM. Together, these findings
provide a conceptual replication of Experiment 1, using within-
participant analyses, and provide further support for the hy-
pothesis that visual repetitions reduce the need to sample infor-
mation from the external world, through the engagement of
LTM.

Experiment 3

In Experiments 1 and 2, we found that when the items in the model
grid were repeated across trials, participants needed fewer inspections
to copy the model display. However, a potential confound exists in
the design: when certain items were repeated across trials in the model
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(A) The left figure shows the percentage of participants that placed a repeated item (rather than a nonrepeated item) in each of

the 24 trials of the “50% repeat” block (y-axis) and for each of the eight correct placements in a trial (x-axis). (B) This graph depicts
the (cumulative) percentage of correctly placed repeated items (in green) and nonrepeated items (in blue), after each consecutive
inspection of the model display (on the x-axis) out of the four items in each condition. The data at Inspection O reflects placements that
were made before participants viewed the model display. Individual dots show the cumulative group means per inspection (in B). The
shaded areas represent the 95% confidence intervals of the means. See the online article for the color version of this figure.

grid (i.e., in the 50% repeat blocks), these items were also repeated in
the resource grid (and at the exact same location). This repetition of
items in the resource grid could have specifically facilitated the place-
ment of repeated items by (a) building up a memory for the layout of
the resource grid and/or (b) building up a memory for the motor
actions required to pick up and place these repeated items.

The goal of Experiment 3 was to replicate the key findings of
Experiments 1 and 2 (i.e., reduced samplings due to model repetition),
while excluding the confound of resource grid repetitions. We chose
to replicate Experiment 2 because of its superior within-subject
design, and the ability to directly compare repeated and nonrepeated
items within-trials. We prespecified our key hypothesis (based on
Experiment 2) that participants would conduct fewer model inspec-
tions (but not at the cost of longer inspections or more errors) in 50%-
repeated blocks compared with 0%-repeated blocks, while eliminating
any systematic differences in the resource grids between conditions.

The hypotheses, experimental design, and data analysis plan of
Experiment 3 were formally preregistered on the Open Science
Framework (OSF) before data collection (https://osf.io/5drs8/).

Method
Participants

A new group of 54 participants (27 women and 27 men, mean
age = 28.52 years, SD = 4.23) were recruited via Prolific, follow-
ing the same approach as in Experiment 2. The sample size was
based on the effect size for the difference in number of inspections
between repeat and nonrepeat blocks in Experiment 2 (Cohen’s d
= 0.5), which requires a sample of 54 participants for an experi-
mental power of 95% (o = 0.05, two-tailed paired ¢ test; G¥Power
(Version 3.1; Faul et al., 2009).

Apparatus, Stimuli, and Procedure

The experiment used a procedure similar to Experiment 2,
including both “50% repeat” and “0% repeat” blocks. The key

modification was that stimulus repetitions in the resource grid
were now also fully matched between “50% repeat” and “0%
repeat’” blocks. Specifically, for each participant, a single set of 16
items was selected for the entire experiment (including 50% and
0% repeat blocks), comprising four unique shapes and four unique
hues (randomly selected from the same 20 shapes X 20 unique
hues stimulus pool) with a minimum separation of 54° (three
steps) between any two hues.

Crucially, on every trial and in both conditions, we random-
ized all item locations within the resource grid by independ-
ently shuffling the order of its rows and columns. Thus, on a
new trial, a given item could appear on each of 16 locations
with equal probability, but each row would still contain four
different shapes in the same color, whereas each column con-
tained a single shape in four different colors. This process
ensured that participants could not learn the spatial position of
any (repeated or nonrepeated) item, nor the motor actions
required to reach it, while preserving the canonical structure of
the resource grid.

Data Analysis

According to the preregistered research plan, the main goal of
Experiment 3 was to test whether participants performed fewer
model inspections when half of the model items repeated across
trials (compared with blocks with no repetitions). Furthermore, the
reduced model inspections should not be accompanied by an
increase in model inspection duration, nor by an increase in error,
which would indicate a change in response strategy rather than a
reduced reliance on visual sampling. Therefore, as in Experiment 2,
we conducted Bayesian RM ANOVA comparing all four measures,
including (a) number of inspections per trial; (b) duration per
inspection; (c) the number of placement errors; (d) trial duration
between the 50% repeat and 0% experimental blocks. For consis-
tency with Experiment 2, we also replicated several secondary
analyses.
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Results
Comparisons Between 50% Repeat and 0% Repeat Blocks

As in Experiment 2, the number of inspections per trial was
lower in 50% repeat blocks than in 0% repeat blocks (6.04, SD =
2.80 vs. 6.57, SD = 2.62; BF;,,.; = 16.42, respectively; Figure 7A,
left), whereas no differences were found for inspection duration
(50% repeat: 2.23, SD = 2.06; 0% repeat: 2.17, SD = 2.07;
BF,q = 0.22), errors per trial (50% repeat: 1.06, SD = 1.17; 0%
repeat: 1.16, SD = 1.46; BF,, = 0.24), or trial duration (50% repeat:
39.21, SD = 16.66; 0% repeat: 39.95, SD = 15.94; BF;,o = 0.23).
Furthermore, no main effect or interactions with block order was
observed for any output measure (all BF;,.; < 3) except for a signifi-
cant interaction between order and trial durations (BF;,q > 100),
suggesting a general practice effect whereby the second block was
completed faster (for details, see Supplemental Materials).

As in Experiment 2, the number of inspections decreased
across trials; this decline was better fit by exponential models in
both blocks (exponential vs. linear models, 50% repeat blocks
BF,, = 00; 0% repeat blocks, BF;, = 2.28 X 10'7*) and reached
lower asymptotes in 50% repeat versus 0% repeat blocks (5.09,
SD = .41 vs.7.26, SD = 12.17, BF |, = 9.78 X 10°; Figure 7A,
right).

These results replicate the findings of Experiment 2, demon-
strating that the reduction in sampling behavior can be attributed
to visual repetition in the model grid, rather than repetitions in the
Resource grid.

Memory Test for Repeated Items

In the surprise memory test, participants correctly placed 1.96
(SD = 1.49) out of the four repeated items during this test,
amounting to a 49.00% (SD = 0.37) correct recall rate, which was
well above chance (BF,, = 1.27 X 10°) indicating that partici-
pants formed LTM representations for repeated items.

Correlation analyses replicated the main finding of Experiment 2,
providing strong evidence for a negative correlation between
recall rates in the surprise memory test and the number of inspec-
tions per trial (Kendall’s t = —0.33, BF, = 64.64, 95% CI =
[—0.48, —0.13]; Figure 8A) and thus provide further evidence
that LTM reduced the need for sampling. Recall rates, however,
were not strongly correlated with inspection durations (Kendall’s
T = 0.23, BF( = 3.62, 95% CI = [0.05, 0.40]; Figure 8B), num-
ber of errors: (Kendall’s t = —0.01, BF;o = 0.18, 95% CI =
[—0.19, 0.17]; Figure 8C) or trial durations: Kendall T = 0.02,
BFp = 0.18, 95% CI = [-0.16, 0.20]; Figure 8D), perhaps
reflecting the lack of statistical power for medium to small corre-
lations (our sample size [N = 54] provided 80% power to detect
correlations with absolute magnitudes greater than Kendall’s T =
0.24, equivalent to r = 0.36).

Repeated Items Were Placed Earlier in a Trial

As in Experiment 2, in the 50% repeat block, participants
tended to place repeated items earlier in a trial than nonrepeated
items, and this tendency increased across trials (Figure 9A). Anal-
ysis of binned data replicated the results of Experiment 2, produc-
ing strong evidence for a main effect of early/late placement
(BFjnear = 12.96) and an interaction between trial and placement
bins (BF;,,; = 648.44). Participants placed 14.08% (SD = 0.25) of

repeated items correctly before any glance at the model (Figure
9B). This rate was significantly higher than 0 (BF;,.; = 181.44)
and in stark contrast to the 0.00% placement of nonrepeated items,
thus showing that participants often placed repeated items purely
based on LTM, before even looking at the model display.

Transparency and Openness

Materials (including figures and demos) and data from all three
experiments are openly available at the project’s Open Science
Framework page (https://osf.io/6rj9x/).

General Discussion

In everyday behavior, we are usually free to decide whether to
load visual information into memory for later use, or to obtain
(sample) it from the external world once it is needed. In previous
literature, the investigations of this “sensory-mnemonic” trade-off
have been primarily concerned with continuously changing visual
inputs, overlooking the stability of visual streams in real-world
settings. To address this, the present study established a case
where (all or only part of the) task-relevant information was
repeated over time and examined whether this influenced the use
of visual memory (vs. visual sampling). To gauge reliance on
external visual sampling versus memory, we tracked how often
and how long participants viewed (i.e., sampled) freely accessible
task-relevant information when performing a copying task. The
results of Experiment 1 show that the complete repetition of visual
displays across trials led to a steep exponential decay in the fre-
quency and durations of visual sampling; eventually, most partici-
pants no longer resorted to visual sampling at all, relying fully on
memory. In Experiments 2 and 3, we replicated the reduced sam-
pling frequency in the situation where repeated items were inter-
mixed with nonrepeated items, akin to real-world scenarios. These
findings go beyond the well-established effect of visual repetition in
improving memory (e.g., Brady et al., 2009; Olson et al., 2005;
Umemoto et al., 2010), by showing that visual repetition also
guides the use of memory, rendering the reliance on visual
memory preferable to visual sampling.

The much higher reliance on memory in the model repetition
(vs. no repetition) conditions of the present experiment was likely
driven by the engagement of LTM. We here refer to LTM as a
counterpart to the short-term memory (STM) system that actively
holds and manipulates information that is currently in use, and has
a brief retention duration (e.g., a few seconds) unless actively
rehearsed (Atkinson & Shiffrin, 1968). We propose three lines of
evidence that the present task design with visual repetitions indeed
engaged LTM: First, it is well-established that repetition of the
same visual display recruits LTM after only several successive tri-
als (Carlisle et al., 2011; Gunseli et al., 2014; Reinhart & Wood-
man, 2014; Woodman et al., 2013). This is indicated by a neural
signature reflecting the gradual change from recruiting VWM to
LTM: A drop in the contralateral delay activity amplitude (indicat-
ing a decreased reliance on VWM) accompanied by a continued
increase in recall performance, implicating an increased reliance
on LTM (e.g., Woodman et al., 2013). Second, STM has an
extremely limited capacity (e.g., ~four items/features, Cowan,
2001), whereas participants in Experiment 1 loaded up to six com-
plex items that contained multiple features (including color, shape,
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Figure 7

Results of Experiment 3
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The Correlation Between Memory Test Performance and Outcome Measures of the Copying Task in the
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Panels (A)—(D) show the output measures—number of inspections, duration per inspection, number of errors

and trial duration respectively. Circular markers show memory test performances (x-axis) against mean copying task
outcome measure (y-axis) of individual participant. The line and shaded area show the linear regression fit across data-
points and the corresponding 95% confidence intervals. See the online article for the color version of this figure.

and location) into memory, which would have been nearly impos-
sible if only STM was recruited. Third, we provided a direct test
of the involvement of LTM in Experiments 2 and 3, where we did
not inform the participants beforehand and probed their recall of
repeated items in a surprise memory test after the main experiment.
Participants could have dropped these items from memory after fin-
ishing the copying task, but they still had a high recall rate of
repeated items, suggesting that those items were stored in LTM.

It is striking that, when LTM was engaged through repetition,
observers abandoned sampling entirely and fully relied on mem-
ory. Previous studies using continuously changing visual stimuli
found that memory use consistently plateaued at only one to two
items per sampling (Draschkow et al., 2021; Sahakian et al., 2023,
2025; Somai et al., 2020) even when sampling was more effortful.
In contrast, sampling remained relatively effortless in our experi-
ments, as it only required a few saccades, minor cursor

Figure 7 (continued)
Note.

(A)~(D) depict the results of different outcome measures—number of inspections, duration per inspection, the number of errors, and trial duration,

respectively. The left panels depict the comparison of each output measure between the 50% repeat and 0% repeat conditions, whereas the right panels depict
progression of each outcome measure over consecutive trials. The extent of the box plots shows the upper/lower quartile, and the whiskers extend to the most
extreme data point within 1.5 interquartile range above/below the upper/lower quartile. Individual dots in the left panels show individual participant means;
color contours outside the box plots show the probability density function of these participant means. Individual dots in the right panels show the group means
per trial, with shaded areas showing the 95% confidence interval of the means. Lines show the best fitting linear or exponential functions. See the online article

for the color version of this figure.
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Figure 9
Correct Placements Across Trials and Inspections for Repeated vs. Non-repeated Items
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Note. (A) The left figure shows the percentage of participants that placed a repeated item (rather than a nonrepeated item) in each of
the 24 trials in the “50% repeat” block (y-axis) and each of the eight correct placements in a trial (x-axis). (B) This graph depicts the
(cumulative) percentage of correctly placed repeated items (in green) and nonrepeated items (in blue), after each consecutive inspection
of the model display (on the x-axis) out of four items total per condition. The data at Inspection 0 reflects placements that were made
before participants viewed the model display. Individual dots show the cumulative group means per inspection (in B). The shaded areas
represent the 95% confidence interval of the means. See the online article for the color version of this figure.

movements, and no waiting time (as in Melnik et al., 2018; Somai
et al., 2020). Despite the relatively effortless sampling, partici-
pants in our experiments chose to rely heavily on memory, loading
up to six complex polygons. One might attribute this greater mem-
ory reliance solely to LTM’s larger capacity compared with
VWM. However, this capacity-based explanation is insufficient
because it leaves a critical question unanswered: why is VWM
consistently underutilized in previous studies? If VWM’s
capacity ceiling were the primary constraint, we would have
observed participants in previous studies maximize their mem-
ory use to approach VWM’s approximately four-item limit,
rather than plateauing at only one to two items (Draschkow
et al., 2021; Sahakian et al., 2023). This underutilization indi-
cates that a factor beyond mere capacity governs the strategic
choice between sampling and memory.

Why, then, did we observe the strategy of abandoning sampling
altogether, rather than sticking to the predominant sampling strat-
egy seen in prior work? We suggest that a critical difference lies in
the cognitive costs of the memory system recruited: whereas
changing stimuli engage VWM, the repeated displays that we used
enable the recruitment of LTM—which makes it less costly (and
therefore, more favorable) to rely on memory. This idea follows
from a body of work arguing that the encoding, maintenance, and
retrieval of LTM representations is less effortful than that of
VWM. During the encoding phase, participants can build memory
representations of repeated items based on prior visual experience
(see the benefits of repetition on memory, e.g., Hintzman, 1976;
Umemoto et al., 2010; Young & Bellezza, 1982) instead of build-
ing the representations from scratch. Fewer resources are also
required to maintain these items (Brady et al., 2024; van Moorse-
laar et al., 2016; Woodman et al., 2013), and a large set of acti-
vated LTM representations can be maintained without interfering
with VWM contents (Saltzmann et al., 2024). This suggests that
once activated, LTM representations can be readily maintained
(and retrieved) with minimal costs to concurrent cognitive opera-
tions. After information has been stored in LTM, participants can

directly retrieve items from LTM for reuse—the need to resample
from the external world is thus eliminated.

It is noteworthy, however, that visual repetition by itself does
not necessarily lead to LTM recruitment, nor does LTM necessar-
ily assist tasks that require real-time maintenance of information,
such as copying tasks. We propose several key factors that enabled
visual repetitions to engage LTM in our copying task. First, prior
work suggested that LTM formation generally requires repetition
of the same feature-location conjunctions, which allows for the
creation of fully bound representations (Logie et al., 2009). The
binding of features and locations for repeated items in our study,
therefore, may play a crucial role in engaging LTM. Second, pre-
vious studies also emphasized interference-free consolidation as a
prerequisite for LTM (Logie et al., 2009). Contrary to this, we
found that LTM for repeated items was successfully formed even
in the presence of distracting nonrepeated items. We propose that
this apparent discrepancy can be explained by the fact that the con-
sistent binding of features and locations for repeated items facili-
tated a process known as chunking. Given that repeated items
were bound in both features and locations, participants could store
them as single, integrated units, or “chunks.” In fact, prior work
has uncovered a reliance on chunking during copying tasks, by
showing that memory encoding for current targets was impaired
when the spatial configuration of surrounding items in the same
model was disrupted (Xu et al., 2025). Chunking can reduce the
number of discrete items to be maintained (Musfeld et al., 2024a),
thereby helping shield the memory representations from interfer-
ence by concurrently presented distractors (Adam et al., 2024).
Furthermore, the nature of our copy task—which required partici-
pants to memorize and act on each item of the model grid—likely
induced deeper processing of repeated items compared with typi-
cal change detection paradigms (e.g., Olson & Jiang, 2004). This
deeper encoding facilitates retrieval by creating a more robust
memory representation that is less susceptible to interference
(Beck & Van Lamsweerde, 2011). Future studies could further
address critical boundary conditions, such as whether the



This document is copyrighted by the American Psychological Association or one of its allied publishers.

seminated broadly.

S
(9]
)
°)
3
=
»
=)
<
g
Q
2
=
=
=
S

le is intended solely for the personal use of the indi
All rights, including for text and data mining, Al training, and similar technologies,

2
=

are reserved.

VISUAL MEMORY AND SAMPLING 17

repetition effect persists with only one repeated dimension
(thereby breaking down binding and preventing chunking), or
when trials with repeated and novel grids are intermixed (thereby
testing the limits of its resistance to interference).

Interestingly, previous works (Musfeld et al., 2023, 2024b;
Ngiam et al., 2019; Souza & Oberauer, 2022) suggest that explicit
awareness of repetition may be a prerequisite for LTM to assist
real-time maintenance of task-relevant information (Musfeld et al.,
2023, 2024b; Ngiam et al., 2019; Souza & Oberauer, 2022), as
required in the copying task that we used. Specifically, previous
studies suggested that the amount of memorized information can
massively transcend VWM capacity limits, only when repetitions
are explicitly noted (Adam et al., 2024; Ngiam et al., 2019). In
line with this idea, our data provides behavioral evidence strongly
suggestive of explicit awareness of visual repetitions. Specifically,
even without prior instructions about which items were repeated
items, participants correctly recalled nearly half of the four
repeated items (Experiment 2: 2.71 items; Experiment 3: 1.96
items). Moreover, we observed that a majority of participants
exhibited explicit knowledge of the repetitions, by successfully
placing repeated items before any glance of the model grid
(Experiment 2: 47.62%; Experiment 3: 37.04%) or, as in Experi-
ment 1 (98.36%), having no inspection of the model at all. This
pattern strongly indicates that participants actively retrieved and
used their explicit knowledge of the repeated items during the
task. That said, the level of LTM reliance observed in our study
likely represents a conservative estimate of its full potential. If
explicit instructions about the repeated items were provided, we
might have observed a more complete shift away from working
memory sampling and toward near-perfect LTM recall.

The present study makes several important contributions to the
literature on sensory-mnemonic trade-offs: First, we highlight the
role of LTM in resolving this trade-off, which has long been
neglected by the literature (e.g., Draschkow et al., 2021; Sahakian
et al., 2023, 2025). This helps the field to shift from a VWM-
centric to a dual-system (VWM and LTM) perspective. Second,
we add that the sensory-mnemonic trade-off is not only dependent
on the costs of sampling (as extensively investigated before:
Draschkow et al., 2021; Sahakian et al., 2023, 2025), but also on
the cost of memory use. This possibility had not been explicitly
tested before and was only supported by a previous study in which
healthy individuals sampled less frequently from the external
world than individuals with Korsakoff amnesia (i.e., a patient pop-
ulation with a lower working memory capacity) when doing the
same copying task (Boing et al., 2023). We here kept the sampling
cost constant and directly tested this hypothesis, showing that the
use of memory can become the preferred strategy when the mem-
ory cost is reduced through LTM engagement. These results fur-
ther support theories stating that a continuous decision is made for
balancing the costs of memory and sampling (Draschkow et al.,
2021; Van der Stigchel, 2020). Third, our findings reveal that the
sensory-mnemonic trade-off extends beyond the decision to sam-
ple to strategically guide the temporal order of actions. Specifi-
cally, we observed a clear prioritization of repeated items over
nonrepeated items for action. Even more so, in Experiments 2 and
3, we showed that participants started acting on repeated items,
even before the first inspection of the visual display. This initial
placement of repeated items may reflect that repeated items in
LTM are more accessible than nonrepeated items, and that

participants are more certain about these items (see Sahakian
et al., 2023). Moreover, placing repeated items first could reflect a
cognitive off-loading strategy (Grinschgl et al., 2021); upon com-
pleting the repeated items, observers can actively exclude them
from their task goals, freeing up attentional resources and stream-
lining subsequent sampling.

In conclusion, we show that, in a highly predictable and struc-
tured visual environment, akin to the real world, the cost of mem-
ory becomes lower because of repetition, encouraging participants
to rely more on visual memory than on visual sampling. We sug-
gest that the engagement of LTM over STM allows observers to
store multiple items in memory at a lower cost, which reduces and
may even eliminate the need for visual sampling altogether.
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