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Visual working memory performance declines with the quantity of material stored and the duration of its
maintenance, but it is disputed whether these constraints are independent or interact. Specifically, different
studies have reached contradictory conclusions on whether greater memory load accelerates deterioration of
the stored information during retention, a question with implications for storage mechanisms. Meanwhile,
prominent models of visual working memory based on stable attractors predict that recall should become
increasingly biased toward a fixed set of canonical features with longer retention, but empirical support is
mixed. Uncertainty is further exacerbated by limited data, methodological variation, and inconsistent
analytical approaches across studies. Moreover, previous studies have not always distinguished response
variability from stimulus-specific biases nor considered the possibility of swap errors (intrusions). To
address these issues, we conducted six new experiments and reanalyzed data from seven published
experiments using consistent analytical methods to examine the effects of set size and delay on variability
and bias. Our results show that recall variability increased with longer delays and higher set sizes, consistent
with prior findings, and importantly, that these effects did not operate independently: The effect of delay was
amplified at higher set sizes. We also observed consistent evidence for systematic biases across stimuli, but
unlike variability, bias amplitude did not change with either set size or retention interval. These results
support diffusion accounts of visual working memory maintenance, in which variability grows through the
accumulation of random error, while challenging stable attractor accounts that predict systematic drift

toward canonical values during maintenance.
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Visual working memory (VWM) refers to the brain’s ability to
temporarily maintain visual information so it can continue to guide
behavior when the sensory input is no longer available (Bays et al.,
2024; D’Esposito & Postle, 2015). Despite its central role in everyday
behavior, the process of encoding information in VWM is imperfect,
limiting the fidelity with which information can be reconstructed and
leading to errors in recall. These imperfections are further amplified
with the passage of time since encoding and as the number of items held
in memory increases, highlighting two key constraints on VWM recall.

Effects of Memory Load on Response Variability

The observation that recall precision decreases as the number of
objects held in memory increases is considered a hallmark finding in

VWM research. In studies using analogue report tasks (Prinzmetal et
al., 1998; Wilken & Ma, 2004; see Tomic et al., 2024, for analysis),
this effect is observed as a broadening of response error distributions
and a corresponding increase in measures of dispersion as more
objects are committed to memory. In addition to this, error dis-
tributions exhibit excess kurtosis relative to a circular normal dis-
tribution, with disproportionately high density in the tails—the latter
effect also intensifies with increasing set size. This finding has
proven to be robust and reproducible across numerous visual feature
dimensions (Bays, 2014, 2016; Bays et al., 2009; Salmela et al.,
2019; Schurgin et al., 2020; Tomi¢ & Bays, 2024b; van den Berg et
al., 2012, 2014).

The mechanistic basis of the set size effect on precision and long-
tailed error distributions has been widely debated, with differing
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accounts attributing them to random responding, variability in
encoding precision, or psychological scaling (Fougnie et al., 2012;
Schurgin et al., 2020; van den Berg et al., 2012; Zhang & Luck,
2008). Several theoretical frameworks inspired by principles of
neural population coding have been proposed to explain these
patterns, drawing on complementary principles such as stochastic
sampling (Schneegans et al., 2020), representational geometry
(X.-X. Wei & Woodford, 2025), and object confusability (Schurgin
et al.,, 2020). In the population coding framework (Bays, 2014;
Schneegans et al., 2020), the inherent stochasticity in neural firing
causes decoded population signals to rarely reflect the exact
stimulus, producing errors that vary in magnitude. In this account,
the spiking activity associated with each memory item is constrained
by normalization (Carandini & Heeger, 2012) such that the total
activity is fixed, implementing a form of limited memory resource.

Nontarget Responses in Working Memory

In addition to inherent variability in recall of target items, a subset
of erroneous responses in multi-item analogue report tasks are
typically clustered around the feature values of nontarget items, that
is, memory items other than the one cued for report (Bays et al.,
2009; Oberauer & Lin, 2017; Schneegans & Bays, 2016). Such
responses are commonly referred to as “swap” errors, reflecting the
substitution, or swapping in, of a nontarget feature in place of the
target feature. These swap errors are uniformly distributed with
respect to targets and so have sometimes been mistaken for random
responses or confounded with low-precision representations of the
target item. Empirical studies have shown that these swap errors
occur more frequently at higher set sizes, after longer delays, and
when the confusability of items’ cue-dimension features at encoding
is high (Bays et al., 2009; Emrich & Ferber, 2012; Rerko et al., 2014;
Tomié¢ & Bays, 2024a). These observations are consistent with the
hypothesis that swap errors arise from variability in the recall of cue-
dimension features, causing an error in the cue-to-item matching
process that leads to reporting of an uncued item (McMaster et al.,
2022; Schneegans & Bays, 2017).

Because swap errors are random relative to the target, failing to
differentiate them from other trials will lead to inflated estimates of
memory variability. To prevent this, contamination models can be
applied that probabilistically identify reports based on nontargets
and pool their errors with those of target-based responses when
estimating variability (Taylor & Bays, 2018; Taylor et al., 2023;
Tomié et al., 2024).

Effects of Retention Interval on Response Variability

A key challenge for working memory (WM) lies in maintaining
information over time. As the time since encoding progresses,
internal representations deteriorate, eventually becoming indistin-
guishable from noise. Psychophysical tasks investigate this by
varying the retention interval during which stimuli must be held in
memory before they can be reported. Multiple studies using this
paradigm have consistently found that extending the retention
interval impairs recall performance, with effects emerging shortly
after stimuli disappear (Tomi¢ & Bays, 2024a) and accuracy con-
tinuing to degrade with further delay, albeit at a slower rate (e.g.,
Barrouillet et al., 2012; McKeown & Mercer, 2012; Phillips &
Baddeley, 1971; Rademaker et al., 2018). With the growing use of

analogue report tasks, this temporal degradation has been demon-
strated across multiple visual features, including orientation (Shin
et al., 2017), angular location (Schneegans & Bays, 2018), color
(Schurgin et al., 2020), motion (Zokaei et al., 2011), artificial shapes
(Zhang & Luck, 2009), and faces (Krill et al., 2018).

However, the mechanisms by which time affects the degradation
of representations have not yet been clearly delineated, and the
observed decline in precision is consistent with several competing
explanations. Early proposals suggested that memory traces pas-
sively decay with the mere passage of time (Ricker et al., 2014),
potentially due to a shift in attention away from memoranda and an
inability to actively refresh the relevant traces (Barrouillet & Camos,
2012). Alternatively, interference accounts argue that multiple
representations overlap and interfere with each other over time,
impairing the ability to recall the target information (Souza &
Oberauer, 2015). In contrast to the notion of continuous deterio-
ration, another theory holds that representations may suffer a
“sudden death,” abruptly disappearing from memory without
affecting other representations (Zhang & Luck, 2009).

Recent advances have converged on a mechanism of diffusion, as
implemented in attractor networks, as a prominent explanation for
memory deterioration. In this account, stimulus information is
maintained as a sustained pattern of activity within a population of
interconnected neurons, whose tuning functions cover the range of
possible feature values. This activity can be visualized as a “bump”
centered on the stored value. Over time, random noise pushes this
activity pattern in different directions, resulting in a random walk or
diffusion through the feature space. These stochastic changes in the
encoded feature value correspond to a gradual loss of information
(Burak & Fiete, 2012). Critically, the diffusion can occur without a
decay in signal strength. Diffusion is typically implemented in these
models as Wiener diffusion, although other types of diffusion such
as Ornstein—Uhlenbeck diffusion can also be used. A growing body
of empirical support, both at the behavioral (Panichello et al., 2019;
Schneegans & Bays, 2018; Tomi¢ & Bays, 2024a) and neural levels
(Lim et al., 2019; Wimmer et al., 2014; Wolff et al., 2020), supports
diffusion as a key mechanism of memory deterioration. Since
the impact of accumulated noise depends on the strength of the
underlying signal, one prediction is that representations will degrade
more rapidly when more items share a fixed pool of mnemonic
resources. However, existing evidence has not definitively con-
firmed or refuted this prediction.

Stimulus-Specific Biases in Recall

Most investigations of human VWM have focused on the dis-
tribution of response errors aggregated across many trials with
different target features. Typically, summary statistics from these
distributions—such as circular standard deviation—are used to
quantify the representational fidelity of stored objects. This
approach implicitly assumes that perceptual and memory fidelity are
uniform across all stimulus values. However, human visual pro-
cessing is known to exhibit systematic errors that vary across feature
dimensions. These “stimulus-specific biases” have been observed
across a range of visual features, with the strongest evidence
available for color (Bae et al., 2014; Hardman et al., 2017), where
recall is commonly biased toward canonical colors, and orientation
(Pratte et al., 2017), where recall is typically biased away from the
cardinal axes.
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Recently, a class of models based on discrete attractor dynamics
has sought to explain both response variability and stimulus-specific
biases in WM (Eissa & Kilpatrick, 2023; Gu et al., 2025; Panichello
etal.,, 2019; J. Yang et al., 2024; Ye et al., 2025). In these models,
discrete attractors refer to a small number of stable neural population
states, corresponding to specific stimulus features. While neural
noise causes stimulus representations to diffuse, attractor dynamics
pull them toward these stable states, simultaneously counteracting
random deviations (i.e., variability) and introducing systematic
biases (Panichello et al., 2019). As the accumulation of noise in the
network increases—for example, with longer retention interval or
higher set size—the influence of attractors is predicted to strengthen,
increasing the bias toward the discrete states. Predictions of these
discrete attractor models can be contrasted with those of continuous
attractor models, in which noise primarily leads to increases in
unsystematic error without concomitant changes in bias (see the
Discussion section for a detailed comparison). However, empirical
tests of these predictions are limited, leaving open questions about
the extent to which WM constraints influence response variability
and stimulus-specific biases.

The Present Study

In this study, we addressed this gap by systematically investi-
gating how variations in the number of memory items and the
duration of the retention interval jointly affect unsystematic error
variability and stimulus-specific biases. By examining the inter-
action between these factors, we aimed to provide new insights into
the mechanisms underlying memory fidelity and elucidate the roles
that intrinsic memory limitations play in shaping human VWM
recall.

Method

We analyzed six previously unpublished experiments conducted
in our lab along with data from five published studies (Panichello et
al., 2019; Pertzov et al., 2017; Schneegans & Bays, 2018; Schurgin
et al., 2020; Shin et al., 2017), comprising a total of 13 experiments,
565 observers, and more than 123,000 trials. All experiments used
an analogue report task with the following general protocol:
Observers were asked to memorize a study array containing a

variable number of visual stimuli and, following a variable delay,
were then asked to identify the target feature of the item indicated by
a cue. Details of all studies are shown in Table 1. Below, we describe
the methodology of the experiments collected in our lab.

New Experiments
Participants

A total of 415 naive observers (263 females, 149 males, three
preferred not to say; aged 18-35) took part in the study after giving
informed consent in accordance with the Declaration of Helsinki.
All observers reported normal or corrected-to-normal visual acuity
and normal color vision and were remunerated for their participation
(£10 per hour in the lab experiment, £5 per hour in the online
experiments). Observers for the experiments conducted online were
recruited using Prolific (https://www.prolific.com). In total, 101
observers participated in Experiment 1, 10 in Experiment 2, 10 in
Experiment 3, 100 in Experiment 4, 97 in Experiment 5, and 97 in
Experiment 6. The sample sizes for the lab and online experiments
were based on typical sample sizes used in studies involving
analogous report tasks (e.g., Bays, 2014; van den Berg et al., 2012;
Zhang & Luck, 2008; Tomi¢ & Bays, 2024b). Procedures were
approved by the University of Cambridge Psychology Research
Ethics Committee.

Orientation Experiments

The first three experiments (i.e., Experiment 1, Experiment 2, and
Experiment 3) used orientation as a memory feature. All experi-
ments used the same set sizes (1 and 3) and retention intervals (1 and
7 s), but differed in two key ways: Experiment 1 used color as a cue
feature and was conducted online (Figure 1A), whereas Experiment
2 and Experiment 3 used location as a cue feature and were con-
ducted in a laboratory (Figure 1B).

Experiment 1

The task was presented via internet browsers on observers’
personal computers and was coded in JavaScript and HTML
Canvas. At the beginning of each trial, a dark-gray fixation circle

Table 1

Methodological Details of the Analyzed Experiments

No. Study Stimulus Set size Delay (seconds) Participant Trial®
1 Experiment 1 Bar 1,3 1,7 101 9,224
2 Experiment 2 Bar 1,3 1,7 10 7,000
3 Experiment 3 Bar 1,3 1,7 10 6,974
4 Shin et al. (2017) Experiment 1 Gabor 1,2,4,6 1,2,3,6 5 9,600
5 Shin et al. (2017) Experiment 2 Gabor 1,2,4,6 1,2,3,6 6 5,760
6 Pertzov et al. (2017) Bar 1,2,4,6 1, 2, 3b 10 8,035
7 Experiment 4 Color 1,3 1,7 100 9,948
8 Experiment 5 Color 1,2 0.5,2.5,4.5 97 13,967
9 Experiment 6 Color 2,4 0.5, 2.5, 4.5 97 13,966

10 Schurgin et al. (2020) Color 1,3,6 1,3,5 19 17,100
11 Panichello et al. (2019) Experiment 1 Color 1,3 1,7 60 12,000

12 Panichello et al. (2019) Experiment 2 Color 1,3 1,7 30 5,437
13 Schneegans and Bays (2018) Location 1,2,4 05,1,2, 4 20 4,668

The total number of analyzed trials. °We did not analyze the 0.1-s

(=N

elay condition in this experiment.
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Figure 1
Task Illustration for the Newly Conducted Experiments
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Note. Each trial began with the presentation of a fixation marker, followed
by amemory array consisting of one or more objects (oriented bars or colored
squares or discs). After a variable delay, a cue (color or location) indicated
which of the previously shown objects observers had to recall. Observers
then reported the cued object using a continuous response scale.
(A) Experiment 1. (B) Experiment 2 and Experiment 3. (C) Experiment 4.
(D) Experiment 5. (E) Experiment 6. Confidence reports from Experiment 1,
Experiment 3, and Experiment 4 are omitted. Displays are not to scale. See
the online article for the color version of this figure.

(radius 5 pixels) was presented at the screen center against the mid-
gray background. Observers were instructed to look at the fixation
circle throughout the trial (Figure 1A). After 750 ms, one or three
randomly oriented bars (width 10 pixels, height 100 pixels) were
presented for 500 ms, positioned on an imaginary circle (radius
175 pixels) centered on the fixation point. Bars’ locations were
randomly chosen for every trial while imposing a minimum distance
of 1 radian between neighboring bars. Each bar was colored in
one of three highly distinguishable colors: red (255,0,0), green
(0,255,0), and blue (0,0,255). After the memory array disappeared,
the central fixation was displayed for 1 or 7 s. This was followed by a
centrally presented colored disc (radius 5 pixels), which indicated
the orientation of which colored bar observers were required to
report. Observers were instructed to move their mouse when they
were ready to make a response. Once the mouse movement was
detected, the adjustable colored bar was displayed centrally, and
observers were required to adjust its orientation with the mouse. The
response was finalized by pressing the spacebar. Finally, observers
were presented with the horizontal slider line on the screen marked
with 0% at one end and 100% at the other. They were asked to adjust
the slider to best represent their confidence in the recalled orientation

on that trial. We did not analyze observers’ confidence reports here.
Finally, they concluded the trial by clicking on the “Next trial”
button. All observers performed six practice trials and 23 experi-
mental trials per condition (combination of set size and delay) for a
total of 98 trials. Trials with different set sizes and delays were
randomly interleaved. Halfway through the experiment, observers
had a 1-min break. Before analyzing the data, we excluded all trials
in which observers confirmed their response without adjusting the
mouse, as well as trials with response times faster than 200 ms
(0.73% of all trials in this experiment).

Experiments 2 and 3

Experiments 2 and 3 were identical except for the distribution
from which item orientations were sampled: In Experiment 2, or-
ientations were drawn from a uniform distribution, whereas in
Experiment 3, orientations of all items were sampled from a bimodal
distribution centered on the cardinal axes, mirroring the orientation
statistics of natural scenes. The task and all stimuli were presented
on a 69-cm y-corrected LCD monitor (resolution 2,560 X 1,440)
with a refresh rate of 144 Hz. Observers were seated in a dark room
and viewed the monitor at a distance of 60 cm, with their heads
stabilized by a forehead and chin rest. Stimulus presentation and
response registration were controlled using MATLAB (The
MathWorks, Inc.) with the Psychtoolbox extensions (Brainard,
1997, Pelli, 1997). Gaze direction was monitored online at 1,000 Hz
using an infrared eye tracker (SR Research). Observers were
required to fixate the central fixation point from the beginning of the
trial until one stimulus was cued for reproduction. Any trial on
which gaze deviated by more than 2° from the fixation point, prior to
the cue, was aborted and restarted with a new set of stimuli.

Each trial began with the presentation of a central annulus (radius
0.25°, thickness 0.1°), which served as a fixation point (Figure 1B).
Once a stable fixation was registered, the thickness of the annulus
changed (0.05°), indicating that the memory array would appear in
500 ms. The memory array was then presented for a duration of
500 ms. The array consisted of one or three oriented black bars
(length 2.8°), presented along with a placeholder circle (radius 1.5°).
Each stimulus was positioned in one of six predetermined locations
equally distributed around the imaginary circle with a radius of 5°
around the center of the screen.

Memory array presentation was followed by a retention interval
(1 or 7 s) during which the fixation circle and placeholders remained
visible on the screen. One of the items was then randomly selected
for recall, indicated by a larger circle drawn around one of the
placeholders. Observers initiated their response by rotating a
physical response dial (Griffin Technology PowerMate USB). Once
movement of the dial was detected, a black bar with random initial
orientation appeared within the placeholder at the cued location.
Observers adjusted the orientation of the bar using the dial to match
their memory of the target item. To confirm their response, observers
pressed the dial. In Experiment 3, observers were additionally asked
to indicate their confidence in the recalled orientation by drawing a
symmetric arc centered on their reported orientation angle.

Set size and delay duration varied across trials and were randomly
intermixed. Every observer completed a total of 700 trials, dis-
tributed across two sessions, with each session comprising seven
equal blocks of 50 trials. There was a minimum 1-day gap between
the two sessions, and each session lasted approximately 1 hr. Prior to



VARIABILITY AND BIAS IN VISUAL WORKING MEMORY 5

each session, observers familiarized themselves with the task and
experimental setup by completing up to 50 practice trials. In
Experiment 3, 26 trials were lost for one subject because of a software
malfunction (0.37% of all trials). A comparison of Experiments 2 and
3 is provided in the Supplemental Material.

Color Experiments

The next three experiments (i.e., Experiment 4, Experiment 5, and
Experiment 6) used color as a memory feature.

Experiment 4

The experiment and procedures for Experiment 4 were similar to
those for Experiment 1, with the following exceptions. The memory
array consisted of either one or three colored squares (size 60 X
60 pixels; Figure 1C). On each trial, colors were chosen at random
from a color wheel defined in Commission internationale de
I'éclairage Lab space (L =50, a = 20, b = 20, r = 60), and converted
to RGB for presentation. Following a delay of either 1 or 7 s, an empty
square was shown at one of the previously occupied locations.
Observers were tasked with recalling the color that had been pre-
viously presented at that location. Once observers started moving the
mouse, a central square and a black central ring (radius 250 pixels),
along with the black dot (radius 10 pixels) randomly located on the
ring, were presented on the screen. Observers could adjust the
position of the black dot on the ring by moving the mouse. Since each
position on the ring corresponded to a color, moving the black dot
around the ring resulted in a corresponding change in the color of
the central square. On each trial, the entire color-angle mapping on the
response ring was rotated by a random offset, preserving the relative
order of colors while varying their absolute positions, matching the
rotation of the color wheel typically used in similar studies. Observers
were instructed to match the hue of the remembered square to the hue
of the central square as closely as possible. They confirmed their
response by pressing the spacebar and then concluded each trial by
indicating their confidence level. Observers completed six practice
trials and a total of 100 experimental trials. Trials with different set
sizes and delays were randomly interleaved. Halfway through the
task, observers were given a 1-min break. Before analyzing the data,
we excluded all trials in which observers confirmed their response
without adjusting the mouse, as well as trials with response times
faster than 200 ms (0.52% of all trials in this experiment).

Experiments 5 and 6

Experiments 5 and 6 were identical except for set sizes (Figure 1D
and 1E). In both experiments, each trial started with the presentation
of a central fixation circle (radius 6 pixels) against a light-gray
background for 500 ms. Participants were instructed to look at the
fixation circle throughout the trial. This was followed by the pre-
sentation of the memory array (500 ms). For Experiment 5, the
memory array consisted of one or two colored discs (radius
50 pixels). Each disc was positioned in one of two possible loca-
tions, 150 pixels left or right from the screen center. For Experiment
6, the memory array consisted of two or four colored discs posi-
tioned in one of four possible locations arranged in a square centered
on the screen center, with each location being 150 pixels from the
screen center. When only two colored discs were presented in this

experiment, they were always displayed on the same side of the
screen, arranged vertically either left or right from the screen center.

On each trial, colors were chosen pseudorandomly from a color
wheel defined in Commission internationale de 1'éclairage Lab space
(L =50, a =20, b=20, r=60), with a minimum distance of 90°
(Experiment 5) or 45° (Experiment 6), and converted to RGB for
presentation. Following a delay of 500 ms, 2,500 ms, or 4,500 ms,
one item was cued with a centrally presented arrow (length 60
pixels) pointing toward the location of the previously presented disc.
Observers were instructed to start moving the mouse once they were
ready to respond. Following the detection of mouse movement, a
randomly rotated color wheel (radius 300 pixels, thickness 50
pixels) and a disc at the cued location were presented. As observers
moved their mouse pointer around the color wheel, a white triangle
slid over the wheel, indicating the pointer’s position. Simul-
taneously, the disc at the cued location changed color accordingly
with every mouse movement. Observers were instructed to match
the hue of the remembered disc to the hue of the presented disc. They
confirmed their response by pressing the spacebar, after which
feedback was presented. Feedback consisted of the color wheel, the
white triangle indicating the chosen color, and a black triangle indi-
cating the target color. To initiate the next trial, observers clicked on
the central button. Trials with different set sizes and delays were
randomly interleaved. Observers completed six practice trials and a
total of 144 experimental trials. Halfway through the task, observers
had a 1-min break. All sizes in pixels are reported for a 1920 x 1,080
resolution. When a different resolution was detected, all sizes in
pixels were automatically adjusted to maintain consistency in sti-
muli presentation across different display settings. In Experiments 5
and 6, a total of three trials were lost due to a software malfunction.

Transparency and Openness

We report how we determined our sample size, all data exclusions
(if any), all manipulations, and all measures in the study. All data
and analysis code are available at https://doi.org/10.17863/CAM
J121175. Data were analyzed using MATLAB R2022b (The
MathWorks, Inc.) and JASP (JASP Team, 2022). This study’s
design and its analysis were not preregistered.

Analysis

In all experiments, an array of stimuli with feature values defined in
acircular space (e.g., oriented angles, angular locations, or hue angles)
was presented on each trial, and observers responded with an estimate
of the target feature corresponding to the item identified by a cue. We
measured reproduction error in each condition as the angular differ-
ence between the reported and target features. For all newly collected
experiments, we confirmed that no observers showed random re-
sponding. We did this by quantifying performance as mean absolute
deviation and comparing it to chance level (/2 radians). Only at higher
set sizes and longer delays did error distributions become substantially
noisier; however, even in these conditions, observers’ performance
remained reliably better than chance.

Inferential Statistics

We used Bayesian statistics to compare differences in perfor-
mance across conditions, implemented in JASP (JASP Team, 2022)
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using the default Jeffreys—Zellner—Siow prior on effect sizes (Liang
et al., 2008). The Bayes factor compares the predictive adequacy of
two competing hypotheses (e.g., alternative and null) and quantifies
the change in belief that the data bring about for the hypotheses
under consideration (Wagenmakers et al., 2018). For example, BF o =
5 indicates that the data are five times more likely to occur under the
alternative than the null hypothesis. Evidence for the null hypothesis
is indicated by BF( < 1, in which case the strength of evidence is
indicated by 1/BF;,. Alongside Bayes factors for # tests, we report
the corresponding 95% credible interval for the mean difference.
When reporting results from Bayesian analyses of variance
(ANOVAs), we report the overall evidence for an effect (BF,.)).
This is derived via Bayesian model averaging (Hinne et al., 2020),
which averages evidence for an effect over all candidate models that
contain the effect of interest.

To obtain full posterior distributions for the parameter of interest,
we used Gibbs sampling with the Markov Chain Monte Carlo
algorithm implemented in JAGS (Plummer, 2003), with weakly
informative uniform priors specified for all model parameters. Three
parallel chains were run, with the first 500 samples from each chain
discarded as burn-in. This yielded 100,000 post-burn-in samples
per chain, resulting in 300,000 samples in total for estimating the
posterior distributions.

When reporting mean values of parameters in figures, we report a
95% credible interval assuming a uniform prior and normal pos-
terior. A 95% credible interval is a range of parameter values that
contains 95% of the posterior distribution. Given the observed data
and a uniform prior, this interval represents the range of values
within which the true mean has a 95% probability of falling.

Contamination Model

We fit a probabilistic contamination model to the data (also
known as a three-component mixture model; Bays et al., 2009),
assuming the distribution of responses is a mixture of three com-
ponents: reports of the target item indicated by the cue, erroneous
reports of an item other than the cued item (i.e., swap errors), and
lapses (i.e., responses unrelated to the presented stimuli). Reports of
target and nontarget items are distributed as von Mises centered on
the item feature with concentration kg. The model is described by the
mixture probability density given by:

A A AU A l—a—2
p(0) = adynm(0:0,%0) + MZ(bVM (0: i %0) + T on M
i=1 T
where 0 is the response value, 0 is the target value, and {@y, ... @}

are the M nontarget values. The probability of reporting the target
item is given by «, and the probability of mistakenly reporting one
of the remaining, noncued items is given by A. The model assumes
responses on the remaining proportion of trials (1 — o — A) have a
circular uniform distribution.

While reports of nontarget items reflect recall of memory content,
error for these responses must be calculated relative to the corre-
sponding nontarget feature rather than the target, or estimates of
error variance will be inflated. Therefore, we estimated overall recall
variability as the variance (squared circular standard deviation) of
the probability density given by:

l—a—-2A

o @

p(w) = (& + A)dvm(w: 0, %) +
This distribution combines target and swap responses and as-
sumes that only lapses are uniformly distributed relative to the
target. We report the estimated proportions of swap errors (A) for
each analyzed data set in Supplemental Table S1. We define var-
iance as squared circular standard deviation because this definition is
appropriate for circular variables yet retains the additive property
associated with variance in Euclidean space. The contamination
model is used here purely as a statistical tool to reduce noise in the
data by identifying swap errors. While the mechanisms under-
lying swap errors are well-documented (McMaster et al., 2022;
Schneegans & Bays, 2017), we do not interpret the remaining model
components as necessarily reflecting distinct memory states or
psychological processes; this theoretical question is beyond the
scope of the current work (but see discussion in Bays et al., 2024).
Finally, we applied similar reasoning for the analysis of stimulus-
specific biases, but here we removed individual trials estimated to be
most likely swap errors. Specifically, using the same contamination
model, we classified each trial based on its posterior probability into
those arising from each of the three mixture components (target
recall, swaps, lapses) and excluded from analysis only those trials
for which the highest posterior probability was for the swap clas-
sification, that is, the nontarget component of the model. Because
biases vary over the stimulus space, including swap errors in this
analysis would pollute estimates of the bias associated with the
target value; excluding them reduces overall variability, thereby
facilitating more precise estimation of the bias function. One par-
ticipant in Schneegans and Bays (2018) and one participant in
Experiment 2 each had only one nonswap trial in the conditions with
the highest set size and longest delay and were therefore excluded
from the bias analysis. A MATLAB toolbox implementing the
mixture model is available to download from https://bayslab.org/too
Ibox.

Quantifying the Rate of Forgetting With Time

For each subject in each experiment, we fit a linear regression
model of variance against delay interval, separately for each set size:

62 = Py + Paelay X delay. 3)

Consistent with previous literature, we refer to the estimated
slopes (Bgeray) Of the fitted regression lines as “forgetting slopes”
(Pertzov et al., 2017; Shin et al., 2017). The Pgclay parameter
quantifies the rate of increase in recall variance over time, expressed
in units of variance per second.

Using the obtained forgetting slopes, we next performed another
linear regression of the forgetting slopes against set sizes:

ﬁdelay = ﬁO + Bset size X S€t size. (4)

Here, P size represents the change in the forgetting slope per unit
increase in set size, with units of variance per second per item. We
test the hypothesis that, if the rate of forgetting changes with set size,
Pset size 1S larger than zero (i.e., one-tailed test).

In addition, we applied two conventional methods to quantify the
joint effect of set size and delay on recall variance. Specifically, we
performed a two-way repeated-measures ANOVA with set size,
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delay, and their interaction as factors. We also performed a mixed-
effects linear regression using set size, delay, and their interaction to
predict recall variance:

2 _ .
o" = BO + Bdelay X delay + ﬁset size X S€t s1ze

+ Py X delay X set size. 5)

The interaction term in this regression captures variability in
recall variance after accounting for the main effects of delay and set
size. Positive values indicate that variance increases more for larger
set sizes than for smaller ones. For this analysis, we mean-centered
delay and set size and included observers as random effects. All
regressions were performed by using the polyfit and fitlm functions
in MATLAB.

While all three methods address the same effect, we present the
two-stage slope analysis as the main analysis for didactic reasons:
Its stepwise design more clearly illustrates the effects of interest.
Specifically, the two-stage model decomposes the interaction effect
into forgetting slopes (the change in variance with delay for each set
size, rather than the overall effect of delay across all set sizes as in
regression) and the effect of set size on these slopes. In addition, a
limitation of the mixed-effects linear model is that individual
parameters are jointly estimated and therefore dependent (i.e.,
shrunken toward the fixed-effect estimate), which prevents us from
performing a ¢ test across observers on these estimates.

Additionally, we performed the same analyses on recall errors
after correcting them for observed biases. Calculating the variance
of response errors while ignoring the fact that different stimuli are,
on average, reported with fixed and systematic error can inflate
variance estimates and conflate changes in recall variance and bias
across delay and set size. We performed this correction by sub-
tracting the estimated bias (see below for details of our nonparametric
bias estimation method) from responses relative to both target and

Figure 2
Hlustration of the Nonparametric Method for Estimating Bias
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nontarget stimuli. We then calculated recall variance on trial-by-trial
bias-corrected responses (analogous to recall variance computed from
raw response errors) and submitted these corrected errors to the
contamination model, which further accounts for swap errors (anal-
ogous to our primary measure of recall variance reported in the Results
section). Finally, we performed the same analyses on recall variance
estimates computed with and without bias correction.

Nonparametric Method of Bias Estimation

To estimate systematic distortions in memory recalls, we com-
puted the bias—defined as the expected signed error—as a function
of target value (Figure 2). In general, this procedure assumes that
all observers within an experiment share the same shape of bias
function (which is specific to the stimulus feature space), but that the
amplitude of the bias varies between observers and experimental
conditions. Our approach is broadly based on two steps. First, we
estimate the shape of the bias (i.e., the group bias) using all available
data from each experiment except trials from a single observer in a
particular experimental condition (i.e., held-out trials). Second, we
estimate the bias amplitude in those held-out trials, assuming that the
shape is described by the group bias.

Specifically, given responses 0 and target values 0, the bias for
any arbitrary stimulus y was estimated using a circular variant of the
kernel conditional density estimator (Rosenblatt, 1969):

Zi(éi © 0;)dym(w — 6;:x)

b(w) =
) Zd)VM(lI! -0;%)

©)

where ¢dvm(y; k) = exp(k cos (y)) denotes the von Mises kernel
and © refers to modular (circular) subtraction returning values in the
interval [—x, m). This approach smooths the signed error across
nearby stimulus values, providing a continuous estimated bias

(B):
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(A) Simulated recall biases (gray points) plotted as a function of stimulus value, pooled across all simulated subjects. The red curve shows

the estimated continuous bias function using a leave-one-out procedure, where the estimate excludes data from the individual subject being
evaluated. (B) Simulated data from a single subject (gray points), overlaid with scaled versions of the group-level bias estimate from Panel A. The
bias function is shown at different amplitudes (red curves) to illustrate how individual bias strength is assessed via projection onto the normalized
group-level bias shape. The data were simulated from an arbitrary bias-generating function to illustrate the method. See the online article for the

color version of this figure.
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function b(\y). We used a kernel width of k = 10 for all reported
analyses, but confirmed that our conclusions were robust across a
range of smoothing values (e.g., k = 40).

Assuming that all data share a common bias shape but may differ
in amplitude across observers or experimental conditions, we
normalized the estimated bias function to isolate its amplitude. First,
we removed any constant offset by demeaning:

_ 1 (& A ~ ~
b=s: | btwidv. buw) =b(w) 0. )
T ) n
We then normalized the demeaned function, resulting in a
function that preserves the shape of the bias pattern while removing
differences in overall magnitude:

Foy) = by (y)

v Vol bo(w)dy

To quantify the bias amplitude for a given subject and experi-
mental condition (i.e., a specific combination of set size and delay),
denoted as subset ¢, we projected the observed errors (é,‘-' © 6) onto
the normalized bias shape f’ ~“(y) estimated from the remaining
data:

®

o I ae o evioerae
@ =30 © 07 (). ©)

¢ i

where 7 ~¢() is calculated according to Equations 6-8 in a leave-
one-out manner, using all data except that from condition c. This
leave-one-out procedure was repeated for each subject and exper-
imental condition, providing cross-validated estimates of bias
amplitude that reflect the strength of systematic bias while con-
trolling for overfitting and shared structure across conditions. For
completeness, in the orientation experiments, we also obtained a
parametric estimate of bias amplitude by assuming bias followed a
sine function of stimulus orientation, that is, replacing the estimated
normalized bias function f(y) with a fixed function f(y)=
V2 sin(2y).

Because we assumed that the shape of the bias is shared across
observers and experimental conditions within each study, we
estimated the bias shape using all aggregated trials except those from
the condition for which the bias amplitude was being estimated. In
this way, data from all other observers and conditions contributed to
a reliable estimate of the bias shape, while the bias amplitude was
estimated separately for each observer. This approach is different
from a typical cross-validation for a predictive model, where model
parameters are fitted to one partition of the data and then assessed
on the remainder. The present method was optimized for precise
estimation of individual bias amplitudes (the variable of primary
interest), given there were insufficient data to reliably estimate both
bias shape and amplitude for each observer separately.

Results

Effects of Memory Load and Retention Interval
on Response Variability

Our primary question here is whether forgetting in human ob-
servers depends on the number of items they attempt to memorize

over extended periods. To illustrate the raw data patterns,
Supplemental Figure S1 shows response error distributions across
set sizes and delays for the six newly collected experiments. We
begin addressing this question by calculating linear slopes for
recall error variance (Figure 3) with respect to delay for every set
size separately (Figure 4A). The estimated forgetting slopes for
each set size and study, expressed in variance units per second,
are displayed in Figure 4B, while the fits of this linear model to
each experiment are presented in Supplemental Figure S3. As
anticipated, error variance increased with delay, as indicated by
the positive average values of forgetting slope estimates. These
findings align with a substantial body of research that has con-
sistently demonstrated the degradation of memory representa-
tions over time (for areview, see Bays et al., 2024). Qualitatively,
the observed pattern of changes in forgetting slopes with set size
within each study suggests that the rate of forgetting increases
with set size.

To formally test this hypothesis, we compared forgetting slopes
for the lowest and highest set size in each study using a one-tailed
Bayesian ¢ test. Only one experiment showed moderate evidence
against a difference (Schurgin et al., 2020: BF,g = 0.27), whereas
four experiments provided strong to extreme evidence for forgetting
slopes being larger with larger set sizes (Experiment 1: BF;q = 892;
Experiment 2: BF;q = 10.6; Pertzov et al., 2017: BF;, = 12;
Experiment 6: BF;, = 4.36 x 10%). The remaining experiments
showed only anecdotal evidence in favor of alternative hypothesis
(Experiment 3: BF; = 2.13; Panichello et al., 2019, Experiment 1:
BF,¢ = 1.97; Panichello et al., 2019, Experiment 2: BF;o = 1.35;
Schneegans & Bays, 2018: BFo = 2.53) or null hypothesis (Shin
et al., 2017, Experiment 1: BF;o = 0.66; Shin et al., 2017,
Experiment 2: BF;q = 0.99; Experiment 4: BF,, = 0.57;
Experiment 5: BF,( = 0.47).

To further quantify this effect, we fit a linear slope to the estimated
forgetting slopes with set size (Figures 4C and 5). Estimated slopes,
expressed in variance units per second per item, in all experiments
exhibited a bias toward positive values, suggesting that set size
indeed detrimentally affects forgetting rates (Figure 4D; see
Supplemental Figure S4 for full posterior distributions). To test the
hypothesis that these slopes are greater than zero, we conducted a
one-sample Bayesian ¢ test against zero (one-tailed) for each study.
The results of this analysis are shown in Table 2. In summary, in
eight analyzed experiments, evidence remained largely weak for
either a difference or its absence (0.27 < all BF;, > 2.1). However,
in the remaining five experiments, we found clear evidence that
forgetting slopes increase with set size, specifically as follows:
Experiment 1 (BF ;o =892.7), Experiment 2 (BF,o = 10.51), Pertzov
et al. (2017; BF, = 19.42), Experiment 6 (BF = 4.3 x 10%), and
Schneegans and Bays (2018; BF;, = 5.43). Three of those studies
used orientation as a memory feature, one used color, and one used
angular location, suggesting that the effect does not depend on the
specific memory feature.

To assess the overall effect of set size on forgetting, we aggre-
gated all individual estimates across studies (N = 565) and tested
them against zero (indicating no effect of set size, i.e., forgetting
slopes do not change with set size). This analysis revealed extremely
strong evidence for a difference from zero (6 = 0.012, 95% CI
[0.009, 0.015]; BF;o = 5.82 x 10, posterior median over effect size
Mdn = 0.302, 95% CI [0.217, 0.386]). To demonstrate that this
effect was not solely influenced by the five studies in which we
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Figure 3
Recall Variance Across Set Size and Delay
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Note. Recall variance (corrected for swap errors, Equation 2) as a function of set size and delay duration, shown separately for each experiment. Each panel

corresponds to one experiment. Points and error bars indicate means and 95% credible intervals. To improve visibility, data points for different set sizes are
horizontally offset along the x-axis. See the online article for the color version of this figure.

observed strong evidence for a difference, we aggregated all esti-
mates while excluding those five studies (N = 327). Although the
effect was now expectedly smaller (& = 0.006, 95% CI [0.002,
0.010]), we again observed moderate evidence for a difference from

zero (BFy = 6.5; posterior median over effect size Mdn = 0.156,
95% CI [0.049, 0.264]). Performing the same analyses on recall
variance corrected for bias yielded the same conclusions (see the
Supplemental Material for detailed analyses).
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Figure 4
Schematic Illustration and Empirical Results of the Forgetting Slopes Analysis
A C
( ) Set size ( )
1 —o—1
—0—2 1
| —o—s
— | 0% =a +fxdelay 1 Bdelay=n+,8xsetsize
S
c g 1
kS Q
©
S
0- . . T 0- T T T
1 3 5 1 2 4
Delay times (sec) Set size
(B) (D)
\ (\‘\
o3 2 Average change
e{\((\e ! 4&6‘\«\ invslopges ¢
o &3 ¢ e(\")'
e{\((\ ” 1 Qe‘.\((\
o &3 <F &
(\‘(\e k <
(2 N
o 6 o
\ 4 \
o 2 N
o L \(\0'
N A
S N6 S \,\\’L
,\’\\ 4 09
RO 2 N N
o\ ! S 0'0\1
m“m : @
\ Qe Y
‘1,0“ 2 o
Q< N 1 Qe‘.\«\
™ 3 < X
e{\ 1 .\((\e(\
<
oA ‘((\ec‘c) : ?:#Qe o
N N\
e &
Q}Q (\\_b 4 Qe‘\((\
o 7 o
(d@e ,LQ\ 6 00’)’
O’Q 3 RS
q\(\ 1 \\\)\Q N
\§ AN 5(, N
x> N 3 )
B N o
2 O
60\ (:(\e ’Lg\q\’lf 1 Q’b(\\(_, Q’\q\’)/
<
.(:(\@\\ Q\%\ 4 <‘S‘\\ )
Q%(\\ ’6050' 2 Q,6(\\ Q®
\(\(\eeq I T T T T 1 0??9?’ r T T T T 1
N 0 0.1 0.2 0.3 0.4 0.5 f—,(\f\ 0 0.02 0.04 0.06 0.08 0.1
Forgetting slopes Change in forgetting slopes with set size

Note. Panels A and C show the schematic illustrations of the analytical approach using simulated data, whereas Panels B and D show the
empirical results based on psychophysical data. (A) Illustration of linear fits to recall variance as a function of delay for different set sizes. Slopes
are simulated and shown for illustrative purposes only. (B) Estimated forgetting slopes (mean and 95% credible interval) across set sizes and
studies, reflecting how rapidly memory degrades over time. (C) Illustration of the second-stage model, in which forgetting slopes from Panel A are
regressed against set size. (D) Results of the model described in Panel C. Bars show mean and 95% credible interval, reflecting how the rate of
memory deterioration changes as a function of set size. Black vertical line shows the mean change in slope, and the gray shaded region indicates
the 95% credible interval. Background colors in Panels B and D denote the memory feature tested (orientation = green, color = purple, location =
blue). See the online article for the color version of this figure.

To illustrate the relative contribution of delay, set size, and their effects (Figure 6). Specifically, we substituted Equation 4 into
interaction on recall variance beyond reporting raw parameter es- Equation 3 to express variance directly as a function of delay and set
timates, we generated a model-based visualization of their combined size, such that the slope of the delay—variance relationship (Bgelay)
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Forgetting Slopes as a Function of Set Size
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Each panel displays data from a single experiment. Points and error bars show mean estimates and 95% credible intervals of forgetting slopes at each
set size (shown in Figure 4B). Shaded patches (means and 95% credible intervals) show the fit of the linear model relating forgetting slopes to set size (slope
estimates shown in Figure 4D). See the online article for the color version of this figure.

was modeled as a linear function of set size. We used the posterior
mean estimates from Equation 4 to compute predicted values of Byclay
and used these to calculate predicted changes in variance across a
grid of delay and set size values. Figure 6 displays the predicted
changes in variance derived from this procedure. Because the

intercept from Equation 3 varies substantially across studies due to
differences in stimuli and baseline memory precision, we focused on
relative changes in variance, omitting the intercept. As a result, the
absolute values on the y-axis (i.e., recall variance) are not directly
interpretable, but the relative differences between slopes—reflecting
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Table 2

The Effect of Set Size on Forgetting Rates

No. Study ) 95% CI BF)o
1 Experiment 1 0.013 [0.007, 0.019] 892.7
2 Experiment 2 0.014 [0.004, 0.024] 10.51
3 Experiment 3 0.006 [-0.001, 0.013] 2.1
4 Shin et al. (2017) Experiment 1 0.008 [—0.020, 0.036] 0.74
5 Shin et al. (2017) Experiment 2 0.015 [-0.018, 0.048] 1.05
6 Pertzov et al. (2017) 0.048 [0.018, 0.078] 19.42
7 Experiment 4 0.004 [-0.001, 0.009] 0.57
8 Experiment 5 0.006 [—0.003, 0.016] 0.47
9 Experiment 6 0.029 [0.018, 0.04] 43 % 10*

10 Schurgin et al. (2020) 0.003 [—0.029, 0.034] 0.27

11 Panichello et al. (2019) Experiment 1 0.008 [0.0002, 0.015] 1.96

12 Panichello et al. (2019) Experiment 2 0.005 [-0.001, 0.01] 1.34

13 Schneegans and Bays (2018) 0.006 [0.0009, 0.010] 5.43

Note. & = the mean of the posterior distribution over slope; CI = credible interval; BF = Bayes factor.

how variance increases with delay at different set sizes—are
informative and allow meaningful comparison of effect magnitudes.
This analysis showed that, while the effect of delay alone on var-
iance is relatively modest (as reflected by the shallow slope of the
red line in Figure 6), its influence increases markedly with set size—
being approximately seven times greater at Set Size 6 than at Set
Size 1, which spans the range of set sizes examined in this study.

In conclusion, our extensive analysis of memory recall across
multiple studies demonstrates that set size impacts forgetting rates.
We observed robust evidence supporting the claim that larger set

Figure 6
Predicted Changes in Relative Recall Variance as a Function of
Delay and Set Size
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and represent relative changes in variance with the intercept from Equation 3
omitted, while the intercept from Equation 4 was retained. The slope of the
delay—variance relationship (Bgclay) increases linearly with set size. Different
colored lines indicate that the effect of delay on variance is substantially
amplified at larger set sizes. See the online article for the color version of this
figure.

sizes lead to increased forgetting. These findings clarify the rela-
tionship between memory capacity and recall performance, high-
lighting the adverse effect of memory load on memory retention
over extended periods.

Mixed-Effects Linear Regression

For completeness, we conducted a more conventional analysis
using repeated-measures ANOVA on recall variance and mixed-
effects linear regression. The results of the former are presented in
the Supplemental Material, while the results of the latter are briefly
described here. In both cases, the findings closely align with those of
our primary analysis.

We used mixed-effects linear regression to predict recall variance
based on delay, set size, and their interaction. Faster forgetting with
larger set sizes would be indicated with positive values of estimated
interactions. To assess this, we first tested, for each study, whether
95% credible intervals of the estimated random effects of the
interaction effect contain zero. Due to the interdependence of these
random effects for individual observers within each experiment, we
cannot test whether they differ from zero (i.e., no interaction) by
using a ¢ test.

These results align closely with the analysis of forgetting slope
changes with set size in the previous section. Specifically, in seven
experiments, we obtained 95% credible intervals that did not contain
zero, indicating that the random effects estimates differed from zero.
Specifically, we obtained the following results: Experiment 1, & =
0.013, 95% CI [0.008, 0.019]; Experiment 2, § = 0.014, 95% CI
[0.006, 0.022]; Pertzov et al. (2017), & = 0.048, 95% CI [0.032,
0.063]; Experiment 5, & = 0.006, 95% CI [0.004, 0.009];
Experiment 6, § = 0.029, 95% CI [0.023, 0.036]; Panichello et al.
(2019) Experiment 1, 6 = 0.008, 95% CI [0.002, 0.014]; and
Schneegans and Bays (2018), & = 0.005, 95% CI [0.001, 0.008].

In the remaining six experiments, 95% CI did include zero,
indicating that interaction effects did not differ from zero:
Experiment 3, 8 = 0.006, 95% CI [—0.001, 0.013]; Shin et al. (2017)
Experiment 1, & = 0.008, 95% CI [—-0.008, 0.023]; Shin et al.
Experiment 2, & = 0.015, 95% CI [-0.003, 0.034]; Experiment 4,
8 = 0.004, 95% CI [-0.001, 0.009]; Schurgin et al. (2020), & =
0.003, 95% CI [-0.017, 0.023]; and Panichello et al. (2019)
Experiment 2, & = 0.005, 95% CI [—0.0002, 0.009].
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Finally, we aggregated all estimated fixed effects of the inter-
action (one for each study) and tested them against zero. We
observed strong evidence for a difference from zero (6 = 0.013, 95%
CI [0.005, 0.020]; BF,o = 24.3), reaffirming our earlier analysis
indicating that forgetting increases with set size.

Effects of Memory Load and Retention Interval
on Response Bias

After analyzing overall recall variability, we focused on sys-
tematic distortions—that is, biases—in memory recall. We esti-
mated bias as a continuous function of stimulus value using our
nonparametric leave-one-out approach (Figure 2). As a first step, we
visualized individual responses as a function of target angle for the
six newly collected experiments (Figure 7). Departures from the
identity line in these plots indicate the presence of systematic
response biases in the data. In experiments using orientation (Figure 7A
and 7B), these plots revealed a characteristic S-shaped pattern, con-
sistent with previous findings.

To illustrate bias across conditions, we plotted the full (non-
parametric) bias estimates for the smallest and largest set sizes as
well as for the shortest and longest retention intervals in each study
(Figure 8). When orientation was used as the memory feature, the
pattern of estimated biases aligned with the widely reported sine-
wave function, displaying systematic deviations away from the
nearest cardinal axis. In contrast, for studies using color, the shape of
the bias function is less interpretable because angular values do not
correspond to a single mapping onto hues. Additionally, variations
in the specific color wheels used across studies led to differences in
the shape of the resulting bias functions, further limiting direct
comparisons between experiments.

To test how bias magnitude changes with memory load and delay,
we analyzed these estimates using repeated-measures ANOVA,
examining the effects of set size, delay, and their interaction. Results
of this analysis are shown in Table 3 and estimated bias amplitudes
in Figure 9. When analyzing the effects of set size on bias amplitude,
two studies demonstrated anecdotal evidence for such an effect,
specifically: Shin et al. (2017) Experiment 1, BF;, = 2.2, and
Schurgin et al. (2020), BF;,¢; = 1.13. Two experiments exhibited
moderate evidence for the effect of set size (Schneegans & Bays,
2018: BF,,¢; = 4.84; Panichello et al., 2019, Experiment 2: BF;,,; =
3.22), with one showing a decrease and the other an increase in bias
amplitude. Finally, one experiment revealed extreme evidence for
the effect of set size (Pertzov et al., 2017: BF;,; = 2657.1), with bias
amplitudes being larger at smaller set sizes (one item vs. six items
BF;¢ =795; two items vs. six items BF;o = 61), but no evidence for
a difference between four and six items (BF;o = 0.8). In the re-
maining nine experiments, we found evidence ranging from weak to
strong (0.686 > all BF;,,.; > 0.087) against the effect of set size on
bias amplitudes. Taken together, although some studies show weak
and anecdotal support for an effect of set size on bias amplitude, the
majority of experiments provide evidence supporting the absence of
such an effect.

When examining the effects of delay on bias amplitude, the
results were notably consistent across studies. Specifically, all
experiments except one (Panichello et al., 2019, Experiment 2:
BFi, = 1.126) provided evidence against the effect of delay on
bias amplitude, indicating that bias amplitude remains stable over
retention time. While two studies provided only weak evidence for

Figure 7
Response Biases Revealed by Plotting Reported Angles Against
Target Angles
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the absence of effect (Experiment 3: BF;,.; = 0.340; Experiment 5:
BFj, = 0.441), four studies revealed moderate evidence (0.243 >
all BF;,q > 0.105), and six studies revealed strong evidence
(0.082 > all BF;,, > 0.025) for the absence of this effect. This
consistency suggests that bias amplitude is largely unaffected by the
duration of the retention interval.

Finally, when analyzing an interaction of set size and delay on
bias amplitude, we found compelling evidence against the influence
of this interaction on bias amplitudes. While one study provided
only weak evidence against the interaction (Panichello et al., 2019,
Experiment 2: BF;,.; = 0.55), the remaining 12 experiments re-
vealed moderate (Experiment 2: BF;,,; = 0.186; Experiment 3:
BFi,q = 0.144) to strong (0.049 > all BF;,q > 0.002) evidence
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Figure 8
Bias Functions Estimated Using the Nonparametric Method
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against the interaction of set size and delay on bias amplitude. Thus,
the data consistently indicate no interactive effect of memory load
and retention interval on bias amplitude.

Parametric Estimates of Bias in Orientation

For completeness, we also fitted biases from the orientation
experiments using a parametric description, approximating the

pattern of biases with a sine-wave function. Amplitude estimates
from this parametric approach closely matched those obtained with
the nonparametric method (Shin et al., 2017, Experiment 2: r = .63;
all other correlations r > .88).

The results, summarized in Table 4, were largely consistent with
the nonparametric analysis, providing evidence against an effect of
retention interval and against an interaction between set size and
retention interval. Effects of set size were likewise consistent across
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Table 3

Results of Bayesian Repeated-Measures Analysis of Variance for Bias Amplitude

No. Study BFj, set size BF;,,; delay BF,, interaction
1 Experiment 1 0.087 0.082 0.011
2 Experiment 2 0.396 0.243 0.186
3 Experiment 3 0.243 0.340 0.144
4 Shin et al. (2017) Experiment 1 2.2 0.066 0.039
5 Shin et al. (2017) Experiment 2 0.686 0.066 0.046
6 Pertzov et al. (2017) 2657.1 0.11 0.043
7 Experiment 4 0.113 0.074 0.01
8 Experiment 5 0.285 0.441 0.049
9 Experiment 6 0.136 0.025 0.002
10 Schurgin et al. (2020) 1.13 0.125 0.019
11 Panichello et al. (2019) Experiment 1 0.10 0.132 0.015
12 Panichello et al. (2019) Experiment 2 3.22 1.126 0.553
13 Schneegans and Bays (2018) 4.84 0.074 0.015
Note. BF = Bayes factor.

most cases, with two exceptions. In Shin et al. (2017) Experiment 1,
the parametric analysis indicated extreme evidence for the effect of
set size (BF;,q = 1,471), with bias amplitude reduced at larger set
sizes, specifically between Set Sizes 1 and 6 (BF( = 240), Set Sizes
1 and 4 (BF;p = 9.1), and Set Sizes 2 and 6 (BF;, = 19.3; other
comparisons: 1.9 > BF;y > 0.8). Similarly, in Experiment 2 of the
same study (Shin et al., 2017), we also found extreme evidence for
the effect of set size (BF;,; = 1,002), with reduced bias amplitudes
at larger set sizes: between Set Sizes 1 and 6 (BF,o = 68), 2 and 6
(BF,9 =58), and 4 and 6 (BF,y = 2.75; other comparisons: 0.62 >
BF,p > 0.25). This pattern of decreasing bias amplitude is also
evident in Figures 8 and 9. A key difference between the three
experiments showing the effect of set size and the three that did not
is that the former extended to higher set sizes. In a post hoc analysis,
we consistently observed that bias amplitudes differed between the
largest set size and the smaller ones, but not among the smaller set
sizes, suggesting that stimulus-specific biases change considerably
only at relatively high memory loads.

Although widely applied, the sine-wave function only very
roughly approximates the true pattern of biases in orientation
estimation, with informal observations often pointing to unequal
peak-trough magnitudes and asymmetries in slope (i.e., one flank of
the wave being steeper than the other), observations supported by
our nonparametric estimates of bias shape (the first five panels of
Figure 8). Nevertheless, whether bias amplitudes were estimated
using parametric or nonparametric methods, the conclusions con-
verged: Biases were largely insensitive to manipulations of set size
and retention interval and, critically, showed no sensitivity to their
combined effect. This strongly contrasts with response variability,
which consistently increased with set size, retention interval, and
their interaction.

Discussion

We analyzed data from 13 published and newly conducted ex-
periments to examine the impact of VWM capacity and maintenance
limitations on variability and bias in recall. Our findings provide
robust evidence that response error variability increases more
rapidly over time as the number of items held in memory increases.
By contrast, response biases remain unaffected by capacity or
maintenance demands. These results indicate that the two

components of response error—unsystematic variability and sys-
tematic bias—are affected differently by the inherent limitations
of VWM.

Set Size and Forgetting Over Time

Previous studies have drawn disparate conclusions regarding the
effect of set size on forgetting rate, despite employing similar
experimental designs. Using an analogue report task with orien-
tation as the report feature, Pertzov et al. (2017) argued that rapid
forgetting involves an interaction between retention time and the
number of stored items, with larger set sizes leading to faster
deterioration of internal representations. A subsequent study
(Cohen-Dallal et al., 2018) attributed this effect to competition
among multiple objects held in memory during maintenance, rather
than to the initial strength of encoded representations, which might
also diminish as set size increases. In contrast, Shin et al. (2017),
using a similar task, found weaker evidence for an effect of delay on
forgetting and failed to find evidence that the rate of forgetting was
modulated by set size. Reflecting these divergent findings, a recent
attempt to establish robust empirical benchmarks in WM avoided
including effects of (unfilled) delay on measures of forgetting
(Oberauer et al., 2018).

To address the inconsistent conclusions of previous studies, we
compiled a large data set of new and existing analogue report
experiments covering a range of different feature dimensions and
response modalities, including both online and laboratory-based
testing, but which all assessed VWM recall while systematically
manipulating set size and retention time. Our analysis provided
robust evidence that variability increased with retention time, in
addition to the well-documented increase with set size. To further
examine the influence of set size on the rate of forgetting, we applied
a simple linear model to estimate forgetting slopes (i.e., changes in
response variability with delay) as a function of set size. The results
demonstrated clear evidence for an increased rate of forgetting with
larger set sizes, both within individual experiments and across
pooled experiments. These findings address a long-standing debate
in the field, demonstrating a detrimental impact of memory load on
memory retention over extended delays.

One advantage of our study is that we applied a consistent set
of measures and analysis techniques across all component data sets.
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Figure 9
Bias Amplitude Across Set Size and Delay
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Table 4

Results of Bayesian Repeated-Measures Analysis of Variance for Parametrically Estimated Bias Amplitude

No. Study BFj, set size BF;,1 delay BF,, interaction
1 Experiment 1 0.082 0.075 0.008
2 Experiment 2 0.248 0.251 0.151
3 Experiment 3 0.243 0.338 0.138
4 Shin et al. (2017) Experiment 1 1,471 0.071 0.098
5 Shin et al. (2017) Experiment 2 1,002 0.115 0.298
6 Pertzov et al. (2017) 677 0.067 0.032

Note. BF = Bayes factor.

In particular, previous studies have based their conclusions about
variability on different measures of dispersion for circular variables.
The interpretation of interactions like the one between set size and
retention interval relies on having a meaningful measurement scale.
We argue that squared circular standard deviation is the correct
measure in this context, because it retains the important property of
additivity within a circular space. Only using this definition does
random noise added to a stored feature value at a constant rate
correspond to a linear increase in variance with time. This justifies
our key conclusion—that the rate at which noise accumulates during
maintenance increases with the number of memory items.

Performance in the types of tasks analyzed here is known to vary
both between individuals and across experimental setup, often
complicating comparisons across experiments. Specifically, in WM
tasks, performance depends on the stimulus feature being used (e.g.,
orientation vs. angular location; Tomi¢ & Bays, 2024b) and, in some
cases, even within a feature, depending on the exact type of visual
object (e.g., oriented Gabors vs. bars; Alvarez & Cavanagh, 2008) or
on secondary characteristics of the stimulus (e.g., the contrast of
oriented Gabors; Tomi¢ & Bays, 2018). In addition, performance
varies with presentation time (Bays et al., 2011; Sewell et al., 2014),
stimulus eccentricity from fixation (Staugaard et al., 2016), and
cue type (e.g., color vs. location; Schneegans & Bays, 2017). The
experiments presented here differed in several of these aspects,
leading to variation in performance between superficially similar
experiments (e.g., compare Shin et al., 2017 and Pertzov et al.,
2017). Importantly, the statistical tools applied consistently across
all studies focus on relative changes in recall variance with delay and
set size, ensuring that differences in baseline performance across
studies do not confound the effects of interest.

Distributions of errors in WM recall show sharper peaks and
longer tails compared to von Mises distributions. While some
studies have attributed heavy tails to random guessing, substantial
work has demonstrated that they are naturally predicted by—and are
a critical component of—models assuming noisy and variable
memory representations (Bays, 2014; Fougnie et al., 2012; Schurgin
et al., 2020; van den Berg et al., 2012). While this debate is outside
the scope of the present article and is covered extensively elsewhere
(Bays etal., 2024; Maet al., 2014; Taylor & Bays, 2020), we believe
that including heavy tails in estimates of recall variance is
uncontroversial: Doing so reflects the state of memory as a function
of set size and delay, regardless of whether those tails are interpreted
as guesses or low-precision representations.

The reliability and stability of estimates from the contamination
model used to identify swap errors are known, similar to other
analytical tools, to depend on the number of observations. Some

estimates suggest at least 30 trials are required to obtain stable
parameter estimates (https://bayslab.com/toolbox/index.php), which is
comparable to the number of trials in some of our newly collected
online experiments. While caution in the fitting procedure is therefore
warranted, we argue that a relatively low number of trials per condition
in some experiments cannot explain our results or provide an alter-
native account for the observed effect. First, the effects on both recall
variance and bias are consistent across experiments with larger and
smaller numbers of trials. Second, the experiments that collected a
smaller number of trials used relatively low set sizes (e.g., one and
three items), which are dominated by the target-centered mixture
component, making parameter estimation more reliable. Finally,
although instability in the estimation procedure could lead to some
heterogeneity across experiments, it would not differentially affect
conditions with different set sizes and delays in a way that could
produce the systematic patterns observed here.

Theoretical Accounts of Memory Deterioration

Despite extensive behavioral (Pertzov et al., 2017; Rademaker
et al., 2018; Ricker et al., 2014; Shin et al., 2017; Zhang & Luck,
2009), computational (Burak & Fiete, 2012; Panichello et al., 2019;
Schneegans & Bays, 2018), and neural work (Li et al., 2026; Lim
etal.,2019; Wimmer et al., 2014; Wolff et al., 2020) examining WM
dynamics over time—and despite broad agreement that memory
precision deteriorates with delay—the mechanisms underlying this
deterioration remain debated.

The results presented here bear directly on a central theoretical
debate concerning the behavioral signatures of forgetting in WM,
specifically, whether increasing noise necessarily entails systematic
bias. Competing theoretical accounts make divergent predictions:
Some predict that increases in noise (due to delay) must be
accompanied by systematic distortions in addition to increases in
unsystematic error (Panichello et al., 2019; J. Yang et al., 2024; Ye
et al., 2025), whereas others predict primarily increases in unsys-
tematic error without concomitant changes in bias (Burak & Fiete,
2012; Compte et al., 2000; Koyluoglu et al., 2017). These opposing
predictions can be broadly mapped onto two classes of attractor
models: discrete attractor models, in which noise drives re-
presentations toward stable states and produces systematic biases in
addition to increasing recall variance, and continuous attractor
models, in which noise leads to unbiased diffusion and degradation
of memory representations. Consistent with the latter, our results
show systematic increases in variance with noise but no corre-
sponding increase in bias, favoring continuous over discrete
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attractor accounts of forgetting in WM; we return to the implications
for discrete attractor theories later in the Discussion section.

The current results have direct implications for computational
models that link diffusion strength to the number of items held in
memory. Schneegans and Bays (2018) developed a computational
model grounded in diffusion principles to test predictions of
competing theories of forgetting: one postulating decay of memory
signals over time (Baddeley, 1986; Barrouillet et al., 2007; Zhang &
Luck, 2009) and another postulating diffusion of memory re-
presentations driven by accumulated noise (Kinchla & Smyzer,
1967; Nilsson & Nelson, 1981). Although both classes of models
predict changes in recall precision with increasing delay, they make
distinct predictions for response latency, which, in an evidence-
accumulation framework, closely depends on the strength of the
neural signal underlying the memory representation (Pearson et al.,
2014). Specifically, decay-based accounts predict increased
response latencies over time, analogous to the effects of increasing
set size, which also reduces neural signal. In contrast, diffusion-
based accounts predict increasing error in the population vector with
delay, due to accumulating noise, but no changes in representational
signal strength across the delay period and therefore stable response
latencies. By jointly analyzing response variability and response
latencies in a memory-guided saccade task, Schneegans and Bays
identified behavioral signatures consistent with diffusion rather than
decay, and model-based analyses further indicated that diffusion
strength increased with set size. Consistent with these findings, our
large-scale analysis also revealed systematic increases in forgetting
rate with set size, providing converging evidence for set-size-
dependent diffusion and further constraining how diffusion pro-
cesses must be implemented within attractor network models.

A similar conclusion regarding the effect of set size on the rate of
diffusion was reported by Koyluoglu et al. (2017). Specifically, the
authors proposed an information-theoretic model in which infor-
mation is efficiently encoded in a limited bandwidth system, designed
to minimize the impact of downstream noise before storage in a
persistent activity network. In this framework, diffusion—and con-
sequently recall error—increases with the number of objects held in
memory, aligning with our findings across a large set of experiments.
Although this model provided a better fit than the competing models
considered, its predictions were confined to overall response error and
did not account for the presence of swap errors. Swap errors increase
in frequency with both retention interval and set size (Tomi¢ & Bays,
2024a), and because they are randomly distributed relative to the
target feature, they inflate estimates of overall response error if not
properly accounted for. Here, we corrected the measure of recall error
for the presence of swap errors, confirming that set-size-dependent
forgetting is not an artifact of set-size-dependent swap rate.

The current results also speak to neural evidence for diffusion-
based dynamics in WM. Memory studies using single-unit neural
recording in monkeys (Wimmer et al., 2014), as well as functional
magnetic resonance imaging (Li et al., 2026; Lim et al., 2019) and
electroencephalography (Wolff et al., 2020) studies in humans, have
reported gradual, systematic shifts in neural representations over
time that correspond to behavioral response errors, consistent with
diffusion dynamics. Specifically, in a one-item memory task,
population vectors encoding memorized location in the prefrontal
cortex of rhesus monkeys drifted during the memory delay in the
direction of subsequent behavioral response errors (Wimmer et al.,
2014). Using a comparable memory-guided saccade task in humans

with functional magnetic resonance imaging recording, Li et al.
(2026) similarly found that decoding errors drifted over the delay
from the veridical location toward the direction of eventual saccadic
response. Together, these findings provide converging neural evi-
dence for diffusion-like dynamics in WM representations, consistent
with the behavioral patterns observed in the present study.

The present results could inform the design of future behavioral
and neural studies. In particular, they suggest that information is
stored in neural codes that facilitate competition between object
representations, resulting in faster deterioration as the number of
objects increases. Such competitive interactions are characteristic of
divisive normalization and compatible with attractor models, where
mutual excitation and inhibition among active parts of the network
drive the dynamics (Almeida et al., 2015; Bouchacourt & Buschman,
2019; Johnson et al., 2009; Z. Wei et al., 2012). Future neural studies
could extend their scope to multiobject and multidelay designs,
testing predictions about the neural dynamics of forgetting as a
function of set size.

Three newly collected studies (Experiments 1, 3, and 4) collected
confidence estimates at the end of each trial in addition to memory
recall. Because not all studies collected confidence data, we did not
analyze or report these data here. However, based on previous work on
metacognition in VWM (Li et al., 2021; van den Berg et al., 2017),
which showed that humans possess knowledge of the uncertainty in
their recall estimates, we would expect mean confidence to follow
recall precision by decreasing with both set size and delay, with a
similar interaction between these factors as reported here for recall
variance. Mechanistically, population coding models have been parti-
cularly effective in capturing subjective confidence, as well as related
proxies such as response times, in analogue report tasks (Bays, 2016;
Schneegans & Bays, 2018; Tomic¢ et al., 2025), and could provide a
unified framework for explaining changes in both response error and
confidence as noise in memory increases.

Modulation of Memory Deterioration by Cues

While memory deterioration over time may be inevitable, it can
be accelerated through active removal (Taylor et al., 2023) or slowed
for a prioritized subset of objects. In experimental settings, the latter
is typically achieved by presenting an informative “retro-cue” that
indicates which of the multiple objects held in WM is most likely to
be subsequently cued for recall (Griffin & Nobre, 2003; Landman et
al., 2003). The typical finding is that validly cued items show slower
deterioration over time compared to noncued items (i.e., when no
cue is provided), with the effect being even more pronounced when
comparing validly cued items to invalidly cued ones (i.e., when the
cue signals an item that is not subsequently probed; Pertzov et al.,
2013). This suggests that slowing deterioration for one object may
come at the cost of faster deterioration of other objects in memory.
Neural models of behavior in retro-cue tasks propose that cued and
noncued objects are represented with differing levels of neural
activity, with the activity of noncued items being reduced (Bays &
Taylor, 2018). Together, these findings support the idea that
informative cues can mitigate memory deterioration over time.

Stimulus-Specific Biases and WM Limitations

In recent years, stimulus-specific response biases have received
considerable attention alongside overall response variability in
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VWM. While the existence of these biases is well established, their
relationship with the constraints of the memory system remains
unclear. Specifically, biases have been reported across both per-
ceptual and memory tasks for a range of visual features (Andrews,
1967; Appelle, 1972; Bae et al., 2014; Girshick et al., 2011;
Hardman et al., 2017; Jastrow, 1892; Pratte et al., 2017; Van Bergen
et al., 2015; X.-X. Wei & Stocker, 2015, 2017). However, a sys-
tematic investigation into the impact of WM limitations on bias
amplitude has been lacking. We applied a nonparametric method to
estimate response biases in our extensive data set. This method
makes no assumptions about the shape of the bias function, esti-
mating it directly from the data. When applied to orientation recall
responses, it recovered the widely reported, approximately sine-
wave bias away from the cardinal orientations (horizontal and
vertical). Importantly, our results indicate that the estimated biases
remained stable under varying capacity and maintenance demands,
without significant changes in magnitude over time or for different
set sizes. This finding contrasts sharply with the effects of set size
and delay on unsystematic response variability, suggesting that
distinct computational processes with different limitations may
govern recall biases and variability.

A particularly influential framework for understanding stimulus-
specific biases in perception suggests that these biases arise from
adaptation to environmental statistics (Mao & Stocker, 2024; X.-X.
Wei & Stocker, 2015, 2017; for a review see Tomi¢ et al., 2026).
This account integrates principles of efficient coding and Bayesian
decoding, wherein biases result from the redistribution of encoding
resources according to the frequency distribution of stimulus fea-
tures in the environment. In this framework, responses are repelled
from the peak of the prior, which represents the most frequent
feature values (e.g., cardinal orientations). Simultaneously, the
Bayesian component partially mitigates these repulsive biases by
shifting responses closer to the peak of the prior, with the net effect
being an overall repulsive bias. Integrating these principles into a
population coding model of VWM has been shown to accurately
capture both the overall distribution of response errors and the shape
of stimulus-specific biases (Taylor & Bays, 2018). However, future
work is needed to investigate how WM limitations influence the
encoding—decoding computations across different stages of this
representational pipeline and how these processes give rise to the
patterns of variability and bias observed in our analyses.

Implications for Attractor Models of WM

The results of the present study challenge the proposed link
between memory maintenance and stimulus-specific biases in WM,
as formalized in models specifically developed to account for an
increase in bias over retention (Eissa & Kilpatrick, 2023; Panichello
et al., 2019; J. Yang et al., 2024; Ye et al., 2025). These models
predict that bias amplitudes should increase along with variability
as set size and retention intervals grow. Specifically, biases are
conceived as the outcome of corrective dynamics that draw re-
presentations toward discrete, stable states, thereby preventing them
from diffusing freely throughout the feature space. A concrete
instantiation of these models is the computational framework
proposed by J. Yang et al. (2024), which models changes in
response biases in VWM as a function of retention interval. The
model relies on recursively interacting sensory and memory sys-
tems, with the sensory module reflecting efficient encoding based on

environmental statistics, while the memory module introduces drift
and diffusion dynamics in an attractor network. With orientation as a
memory feature, the model predicts increasing repulsive biases with
delay due to stronger drift of representations toward oblique or-
ientations, resulting from delay-induced changes in connection
heterogeneity within the sensory module and connectivity strengths
between the two modules. Although the model is inspired by
biologically plausible and commonly used computational me-
chanisms, it was not directly fitted to data but rather qualitatively
compared to a schematic of psychophysical data. Our extensive
analysis of a large set of experiments, incorporating various set size
and delay manipulations as well as different visual features, con-
tradicts the assumptions of this model.

The progenitor of many of these studies, Panichello et al. (2019),
proposed a model in which random diffusion with delay is sup-
plemented by systematic drift, steering representations toward a set
of stable mnemonic states. Using color as a memory feature in an
analogue report task, they reported an increase in bias with both set
size and retention interval. However, focusing on the two experi-
ments that simultaneously manipulated set size and delay, our
reanalysis found moderate support for an effect of set size on bias
amplitude in one experiment but strong evidence against an effect in
the other, and no support in either experiment for an effect of delay
on bias amplitude. Across our full compendium of studies, we found
no consistent evidence for either effect. While the presence of
stimulus-specific biases in VWM recall is strongly supported by our
analysis and accords with previous findings (Bae, 2021; Bae et al.,
2014; Langlois et al., 2021; Rademaker et al., 2018; Q. Yang & Li,
2025), the hypothesis that these biases result from accumulated drift
during memory retention is not consistent with our results.

Another challenge for models based on discrete attractor
dynamics is determining the principle by which attractors emerge
across different feature spaces. Using a color estimation task in
which the frequency of different colors was experimentally
manipulated, Panichello et al. (2019) found that memory reports
became biased toward frequently presented colors, and they pre-
sented a model of these results in which discrete attractor states
developed at those common color locations. On this basis, the
authors argued that attractors emerge around frequently encountered
stimuli. However, in orientation estimation tasks, stable attractors
positioned around the most common stimuli (i.e., cardinal or-
ientations) would predict behavioral biases inconsistent with most
psychophysical studies, which instead report repulsive biases away
from the nearest cardinal axis. This pattern, observed across all
orientation experiments analyzed here, can be naturally explained
by efficient coding principles without assuming stable attractors
(Taylor & Bays, 2018), as discussed in the previous section.
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