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Location has been highlighted as playing a crucial role in the relationship between memory for features
and memory for bindings, with features purportedly bound to one another when they share a location. In
three experiments (N = 24, 20, and 24), we show that feature-feature bindings are formed effectively in
parallel when stimuli are separated in space but are disrupted when two objects are simultaneously pre-
sented in the same location. This pattern holds when conditions are equated with regard to memory for
individual features. These findings confirm a prediction from a two-stage model of encoding in visual
working memory, in which initial parallel encoding of features in spatial maps is followed by a subse-
quent sequential binding process that forms object representations that no longer rely on spatial
location.

Public Significance Statement
A primary challenge in visual perception and memory involves the creation of discrete objects from
disparate visual features, known as binding. Here, we show that the process of forming bound repre-
sentations in visual memory fails when overlapping objects are presented at the same time and
place, leading features to be mis-bound. Our data are inconsistent with models in which representa-
tions are formed through purely serial or parallel processes but are accounted for by a two-stage
model in which information from location-specific feature maps is used to produce discrete object
representations in visual working memory. This provides insight into the way we solve a basic prob-
lem in cognition and reconciles apparently conflicting prior experimental and modeling results.
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When viewing a scene of several objects, how do we determine
which features belong to which object? The brain has detectors for
various visual features (e.g., Hubel & Wiesel, 1962), but it is
unclear how features are combined. This binding problem arises
for both object perception and maintenance in working memory
(WM). Here we address the problem of how multiple objects, each

with several features, can be encoded into WM, establishing bind-
ings between an object’s features while keeping them separate
from other objects.

Encoding bindings is a computational challenge. One solution,
implemented in some computational models of WM (e.g., Bur-
gess & Hitch, 1999; Manohar et al., 2019; Oberauer & Lin,
2017) is to use rapid Hebbian learning. For instance, when an
object’s color and orientation are represented as distributions of
activations in two distinct neural populations, Hebbian learning
strengthens the connections across both populations between those
neurons that are simultaneously active. Subsequently, reestablishing
one feature’s representation (e.g., color) reactivates the representa-
tion of the corresponding other feature (e.g., orientation). Binding
through Hebbian learning is necessarily sequential. When multiple
objects’ colors are activated in the color population simultaneously,
and their orientations are simultaneously activated in the orientation
population, Hebbian learning binds every color to every orientation,
rather than selectively binding each object’s color only to the same
object’s orientation. Sequential binding obviates this problem.

Another solution, implemented in a few models (e.g., Schnee-
gans & Bays, 2017; Swan & Wyble, 2014), is to encode bindings
by activating conjunction-coding neurons, such as neurons that

Lorena Hell https://orcid.org/0000-0003-2598-2971
Klaus Oberauer https://orcid.org/0000-0003-3902-7318
Lorena Hell is now at the Department of Cognitive Psychology,

University of Trier.
Data and analysis scripts are available at https://osf.io/5en4h/?view_

only=503099a2cfaf49cb88dac019be4cb91c.
This work was supported by funding from the Swiss National Science

Foundation to Klaus Oberauer (Grants 100019_159424 and 100014_
179002). We thank Nathalie Rieser for her assistance with data collection
and Timothy Ricker, Philip Smith, and Mark Nieuwenstein for their helpful
comments on an earlier version of the article.
Correspondence concerning this article should be addressed to Peter

Shepherdson, Faculty of Psychology, University of Akureyri, Norðurslóð 2,
600Akureyri, Iceland. Email: peter@unak.is

1

Journal of Experimental Psychology:
Human Perception and Performance

© 2022 American Psychological Association
ISSN: 0096-1523 https://doi.org/10.1037/xhp0001044

T
hi
s
do
cu
m
en
ti
s
co
py
ri
gh
te
d
by

th
e
A
m
er
ic
an

Ps
yc
ho
lo
gi
ca
lA

ss
oc
ia
tio

n
or

on
e
of

its
al
lie
d
pu
bl
is
he
rs
.

T
hi
s
ar
tic
le
is
in
te
nd
ed

so
le
ly

fo
r
th
e
pe
rs
on
al
us
e
of

th
e
in
di
vi
du
al
us
er

an
d
is
no
tt
o
be

di
ss
em

in
at
ed

br
oa
dl
y.

https://doi.org/10.1037/xhp0001044.supp
https://orcid.org/0000-0003-2598-2971
https://orcid.org/0000-0003-3902-7318
https://osf.io/5en4h/?view_only=503099a2cfaf49cb88dac019be4cb91c
https://osf.io/5en4h/?view_only=503099a2cfaf49cb88dac019be4cb91c
mailto:peter@unak.is
https://doi.org/10.1037/xhp0001044


code for the conjunction of a particular color with a particular ori-
entation. This solution also requires sequential encoding of bindings:
If two colors and two orientations are activated simultaneously, then
the conjunction-coding units for all four possible combinations of
the two colors and the two orientations receive the same amount of
input, and hence, are activated to the same degree.
This sequentiality constraint clashes with findings implying that

multiple objects can be encoded into visual WM simultaneously
(for example, Bays et al., 2011; Kyllingsbæk & Bundesen, 2007;
Mance et al., 2012; Miller et al., 2014; although see the work of
Liu & Becker, 2013; Hao et al., 2018; for suggestions that orienta-
tion encoding capacity is sufficiently limited to require seriality).
For instance, Sewell et al. (2014) tested memory for the orienta-
tions of grating stimuli using a sequential-simultaneous procedure
(Shiffrin & Gardner, 1972). This procedure involves comparing
performance in sequential conditions—where stimuli are presented
one after the other, each for some duration t—to performance in si-
multaneous conditions—where all stimuli are presented at once
for the same duration t. When processing is serial or otherwise
limited in capacity, performance is superior in the sequential con-
dition; whereas unlimited-capacity parallel processing results in
equivalent performance across the conditions. Sewell et al. (2014)
found comparable performance across simultaneous and sequential
presentation conditions when encoding time was limited by very
brief presentation, followed by a mask. This finding implies that
encoding of all stimuli is possible in parallel without cost. Because
participants were tested on the orientation of one randomly
selected grating, identified by its location in the array, they must
have encoded the bindings of each orientation to its location in
parallel.
Such findings can be reconciled with the sequentiality constraint

of computational binding mechanisms by a two-stage model of
visual WM encoding. In a first stage, features are encoded in paral-
lel by neural populations relatively early in the visual pathway,
possessing spatially specific receptive fields, with each neuron sen-
sitive to a visual feature (e.g., red) only in a specific visual-field
location. Multiple color representations can thus be activated
simultaneously in nonoverlapping populations of color-sensitive
neurons, each with spatially separate receptive fields. Effectively,
the first encoding stage creates a set of spatial feature maps (e.g.,
Treisman, 1988; Treisman & Gelade, 1980; Wolfe, 1994, 2007).
Provided objects have unique locations, these feature maps code
which features belong to the same object via their shared location.
In a second stage, objects are selected individually, by location,
for read-out into a separate layer of feature-coding populations.
The feature representations in these populations are bound sequen-
tially, for instance through Hebbian learning. This creates a matrix
of connection weights that maintains all objects’ bindings inde-
pendently of the activity of location-specific feature-coding neu-
rons. Because the second stage can use representations generated
in the first, it can proceed after array offset, even after masking if
the feature maps are robust against masks.
Initial evidence for the two-stage model comes from several

findings. First, spatial location plays a special role in binding
objects’ features together (Rajsic & Wilson, 2014; Schneegans &
Bays, 2017). Specifically, location seems to act as the mutual ref-
erence point used to achieve this, as expected from the first stage
of our model.

Nevertheless, spatial separation of objects is not necessary for
maintaining bindings: Visual WM can encode feature-feature bind-
ings of multiple objects (e.g., color and orientation of bars) even
when presented sequentially in the same location, with little accu-
racy loss relative to simultaneous, spatially-separated presentation
(Gorgoraptis et al., 2011). Moreover, change detection of feature-
feature conjunctions is still possible, and under some boundary con-
ditions even unimpaired, when the objects undergo task-irrelevant
location changes between study and test (Logie et al., 2011;
Woodman et al., 2012). Thus, feature bindings cannot rely
solely on spatially specific feature-coding neurons. A further empiri-
cal motivation for our proposal arises from evidence for a functional
distinction between a first encoding phase that is interrupted by vis-
ual masking, and a second phase—often labeled consolidation—that
continues postmask (Nieuwenstein & Wyble, 2014; Ricker &
Cowan, 2014; Ricker & Hardman, 2017). Similar assumptions are
also made in numerous models of other phenomena in visual atten-
tion and memory, such as the attentional blink (e.g., Bowman &
Wyble, 2007; Chun & Potter, 1995; Wyble et al., 2011).

We can derive the following predictions from our two-stage
model for the sequential-simultaneous paradigm (Shiffrin & Gardner,
1972): When multifeature stimuli are presented simultaneously in
separate locations, the first stage encodes features belonging to the
same object in corresponding feature-map locations. The second
stage can use these maps, which outlast stimulus offset (and mask-
ing), to encode the feature bindings of each object sequentially.
Therefore, memory for both individual features and their bindings
should be as good as if the objects were presented sequentially.
However, when stimuli are presented simultaneously in the same
location, the first stage encodes features of different objects in pop-
ulations with overlapping spatial receptive fields. After offset and
masking, the second-stage process can access the features in the
maps but cannot separate features belonging to different objects.
Presenting the objects sequentially enables WM to circumvent this
limitation because the second-stage process can bind each object’s
features as it is presented. Therefore, for objects presented in the
same location, simultaneous presentation should lead to poorer per-
formance than sequential presentation. Simultaneous presentation
should specifically disrupt the process of binding the features of
each object together, increasing illusory conjunction frequency
(e.g., Treisman, 1977).

To test these predictions, in three experiments we assessed mem-
ory for the color and orientation of two objects, presented either
simultaneously or sequentially in separate or overlapping locations.
To prevent sequential encoding of simultaneously presented stimuli,
we used a limited presentation duration, followed by a mask, in all
experiments. A continuous report procedure (e.g., Prinzmetal et al.,
1998) allowed us to evaluate the source of recall errors using mix-
ture modeling (e.g., Bays et al., 2009; Zhang & Luck, 2008), with a
particular focus on the proportion of binding errors. This enabled us
to test the specific prediction that with overlapping—but not spa-
tially separated—objects, simultaneous presentation leads to more
binding errors than sequential presentation.

Experiment 1

In Experiment 1, participants viewed two colored elongated tri-
angular outlines at various orientations, then used a color or orien-
tation cue of one stimulus to recall its other feature using a
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continuous response procedure (i.e., on a color or orientation
wheel). Stimuli were displayed either simultaneously or sequen-
tially, and either at the same or different locations, resulting in
four conditions. From the two-stage model we predict a timing/
location interaction, with bindings impaired in the simultaneous/
same-location condition relative to the other three conditions. By
contrast, simpler one-stage encoding models predict no such inter-
action. Encoding bindings in parallel directly from visual percep-
tion should lead to approximately equivalent memory in all four
conditions. Encoding them sequentially from perception should
lead to better memory with sequential than simultaneous presenta-
tion (owing to greater encoding time for each stimulus), regardless
of spatial separation.

Method

All experiments were approved by the Ethics Committee of the
Faculty of Arts and Social Sciences, University of Zurich.

Transparency and Openness

We report how we determined our sample size, all data exclu-
sions, all manipulations, and all measures in the study. All data,
analysis code, and modeling and simulation scripts are available at
https://osf.io/5en4h/?view_only=503099a2cfaf49cb88dac019be4cb
91c. We completed all analyses in R 3.6.2 (R Core Team, 2019).
This study’s design and its analysis were not preregistered.

Participants

Twenty-four German or Swiss-German-speaking young adults
(mean age: 24.4 years; range: 20–32; 11 male, 13 female),
recruited through a mailing list operated by the UZH Psychology
Department, completed one experimental session each of approxi-
mately 50 minutes duration, in return for credit toward their psy-
chology classes (if applicable) or reimbursement of CHF15. All
participants had normal or corrected-to-normal vision. Sample
sizes for all experiments were selected based on our experience
running similar experiments in the past. Our use of Bayesian anal-
yses meant that, had we obtained ambiguous results in crucial
analyses, we could have collected further data as needed; however,
this proved not to be necessary.

Stimuli and Apparatus

The experiment was created using PsychoPy (Peirce et al.,
2019) and run on Windows computers attached to Benq Zowie XL
LCD monitors with refresh rate of 144 Hz and screen resolution of
1,9203 1,080.
Stimuli consisted of colored triangle outlines, with a height of

approximately 1.5° of visual angle, and width of approximately
.6°. The outline of each stimulus was 3 pixels in width in most
conditions, but in the condition where the stimuli were presented
simultaneously and in the same location, the stimulus “under-
neath” had a 5-pixel outline width to compensate for its partial
occlusion. The colors of the stimuli were taken from a 360° color
wheel derived from CIEL*a*b* color space, with luminance 70,
a = 20, b = 38, and radius = 60. The value of one stimulus on each
feature was drawn at random from a uniform distribution, and the
value of the other was randomly drawn from a uniform distribu-
tion over the interval from 60° to 300° relative to the first stimulus.

Stimuli were randomly presented at any of eight equally spaced
positions on the perimeter of an invisible circle with radius of 3.5°
of visual angle, centered at fixation.

Stimuli were masked with 1.5° square 8 3 8 multicolored grids,
with each cell in the grid taking random R, G, and B values.

To collect responses when color memory was probed, we pre-
sented an annular CIEL*a*b* color wheel using the same values
as those for the stimuli. The wheel was 100 pixels thick, with an
outer edge at 450 pixels from the center of the screen. A similar
wheel, filled in black, was used to collect responses when orienta-
tion memory was probed.

Color probes were identical to the tested stimulus (i.e., same ori-
entation and shape), but were black, and were presented in the cen-
ter of the screen (and the center of the response wheel). Orientation
probes were colored squares (with color matched to that of the
tested stimulus) with side length 1°, also presented centrally.

All responses were collected using the computer mouse.

Design and Procedure

We manipulated the following variables, all within-subjects: (a)
Stimulus timing (henceforth Timing; simultaneous vs. sequential);
(b) Display location (henceforth Location; overlapping vs. sepa-
rate); (c) Report feature (henceforth Feature: color vs. orientation).
This made for a 23 23 2 within-subjects design.

Figure 1 shows the progression of an example trial. First, a fixa-
tion cross was presented on an otherwise blank screen for 500 ms.
Then, the stimuli were presented. In trials with simultaneous pre-
sentation of stimuli, both appeared on screen for 80 ms, followed
immediately by the presentation of the masks for 50 ms. We chose
this timing because it ensures that performance is limited by presen-
tation time (Bays et al., 2011). In trials with sequential presentation
of stimuli, the first stimulus was presented for 80 ms, followed by
the mask for 50 ms, and the second stimulus followed after an inter-
stimulus interval that was uniformly distributed between 0 and 650
ms. The presentation duration and masking was identical for both
stimuli. In trials for which Location was overlapping and Timing
was simultaneous, only one mask was presented, whereas two
masks were presented in all other conditions.

Five hundred milliseconds after the offset of the final mask, the
fixation cross was replaced by a central probe and the response
wheel was also presented. The probe could indicate either of the
stimuli that had been presented (p = .5 for each stimulus), but only
one stimulus was probed on each trial. The participant used the
mouse to select a value from the response wheel by clicking, with
a mark on the outside of the wheel indicating the selected value.
The participant was able to modify their response as they desired,
and then confirm their final selection by clicking an OK button.
Following their response, there was a 1-s intertrial interval before
the fixation cross was displayed for the subsequent trial.

Each participant completed 8 initial practice trials, then 10
blocks of 40 experimental trials, resulting in a total of 400
responses per participant (50 for each cell in the 2 3 2 3 2
design). Different display timings were blocked, whereas the other
variables were randomized within blocks.

Data Analysis

We completed all analyses in R 3.6.2 (R Core Team, 2019), using
the brms (Bürkner, 2018) and BayesFactor (Morey & Rouder, 2015)
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packages. Our analyses took two main forms. First, we analyzed
the raw data, focusing on absolute (i.e., unsigned) response error
(in degrees) as our dependent variable. To evaluate the effects of
our manipulations, we conducted a three-way Bayesian ANOVA
with the factors Timing, Location, and Feature. Additionally,
using data from the trials with sequential presentation only, we
conducted an ANOVA with the factors Location and Feature,
and a third factor Presentation order (first-presented item tested
vs. second-presented item tested). This was designed to deter-
mine whether serial position effects that have previously been
reported with sequentially-presented visual stimuli (e.g., Nieu-
wenstein & Wyble, 2014; Ricker & Hardman, 2017) were pres-
ent, and if so, whether they were affected by locational overlap
and/or the feature that was tested.
Second, we analyzed the parameters obtained from fitting the data

using a Bayesian hierarchical implementation of the 3-parameter
mixture model (Bays et al., 2009), with the density function

PðxÞ ¼ ð1� pu � psÞVMðx; lt; jÞ þ psVMðx;lnt;jÞ
þ puUðx; 0; 2pÞ; (1)

where pu is the proportion of responses unrelated to the stimuli
presented on a particular trial, ps is the proportion of swap errors
(i.e., responding with a feature value from the nonprobed rather
than the probed item), VMðlt; jÞ is a Von Mises distribution cen-
tered on the target feature value (lt) and with concentration param-
eter j (where higher values of j imply a narrower distribution,
i.e., more precise responses), VMðlnt;jÞ is a Von Mises distribu-
tion centered on the nontarget feature value (lnt), and Uð0; 2pÞ is a
circular uniform distribution. We were particularly interested in
effects on ps, indicating swap errors. When bindings are effec-
tively formed, there should be few swap errors; in cases where
bindings are disrupted whereas feature memory is intact, we would
expect an increased proportion of swap errors.
For each of the three parameters, the model we fit included fixed

effects of Timing, Location, Presentation order, and Feature,

random intercepts across participants, and random slopes across
participants for each of these factors. We selected broad priors for
each of the intercepts: A Nð1:5; 2Þ prior for j (with a log link
function to ensure all values were positive), and Nð�1; 3Þ priors
for pu and ps (with logit link functions to ensure all values were
bounded at 0 and 1). For the regression coefficients on all parame-
ters, we used Nð0; 1Þ priors. We used brms’ default priors for the
random effects. We ran the model for 10,000 samples (warm-up

of 5,000) on each of four chains. All R̂ values were , 1.01. We
used the hypothesis function in brms to calculate Bayes factors via
the Savage-Dickey ratio method.

For both the raw data and modeling analyses, we report all
results with Bayes factors . 1 indicating evidence in favor of a
model or effect, and values, 1 indicating evidence against it.

In addition to the hierarchical model, we also fit the data from
individual participants using maximum likelihood estimation.
We present the results obtained through this approach—largely
identical to those obtained with the hierarchical model—in the
online supplemental materials.

All data, modeling, and analysis scripts are available on the
Open Science Framework at https://osf.io/5en4h/?view_only=
503099a2cfaf49cb88dac019be4cb91c.

Results

One participant’s responses showed worse-than-random per-
formance, on average, across all conditions (mean error = 94.70°,
where the expected value from random responding = 90°), so we
excluded their data from all analyses.

Raw Data Analyses

Figure 2 shows grand and participant mean absolute error val-
ues from Experiment 1. Responses were more accurate (i.e., lower
mean error) with sequential than simultaneous timing, more accu-
rate with separate than overlapping locations, and more accurate
when orientation (vs. color) was the tested feature. Additionally,

Figure 1
Events in a Hypothetical Trial in Experiment 1

Note. Panel a shows the events in a trial with simultaneous, overlapping-location stimulus presentation; panel b shows the events in a trial with se-
quential, separate-location stimulus presentation. Sizes and colors of elements in the display have been modified in the figure for illustrative purposes;
for the exact specifications, see the text. See the online article for the color version of this figure.
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the effects of timing were greatly reduced for stimuli presented in
separate locations, as would be expected if stimulus separation in
either time or space permitted effective binding. As such, the best
model contained main effects of Timing, Location, and Feature,
and a Timing 3 Location interaction (BF . 10 relative to all other
models).
Considering the data from the blocks with sequential timing

only (see Figure 3), responses were more accurate when a feature
of the second-presented stimulus was tested, more accurate when
the feature tested was orientation than when it was color, and more
accurate when stimuli were presented in separate locations than
when they were overlapping. Consequently, the best model con-
tained main effects of Location, Feature, and Presentation order.
However, this model was only slightly superior to a model with an
added interaction between Location and Presentation order (BF =
1.29), and a model with main effects of Feature and Presentation
order only, omitting the Location effect (BF = 2.68). Hence, there
was only weak evidence for the main effect of Location, and
against the Location 3 Presentation order interaction (by contrast,
the best model had BF. 3 relative to all other models).

Modeling

Figure 4 shows posterior means and 95% HDIs for pu (i.e., the
proportion of responses unrelated to the target or nontarget feature
values), ps (i.e., the proportion of swap errors), and j (i.e., the pre-
cision of the target and nontarget response distributions).1 Our
main interest was in effects on ps, where any differences between
conditions in binding success would be most evident. Swap errors
were more frequent with simultaneous timing than when stimuli
were presented sequentially, and more frequent when they were
presented in overlapping locations than when they were separated.
Crucially, the effects of location were minimal when stimuli were
sequentially displayed (mean D = 1.7% for color, and 1.9% for ori-
entation), but substantial when display was simultaneous (mean
D = 19.4% for color, and 11.0% for orientation), as would be
expected if either spatial separation or sequential presentation was
sufficient to enable successful binding. As a result, there was

strong evidence in favor of the Location 3 Timing interaction
(BF. 30 for each combination of feature and presentation order).

We also evaluated effects on j and pu. This showed that, when
presentation was sequential, pu was lower for the second-presented
than the first-presented item. For both parameters, 95% credible
intervals for all other regression coefficients overlapped with 0.
Nonetheless, we examined the Location 3 Timing interaction, to
determine whether the pattern evident in ps also arose for j and pu.
For j, it did not (BF , .17 for each combination of feature and
presentation order); for pu there was evidence against the interac-
tion when orientation was the tested feature, and when color was
the tested feature and the first-presented stimulus was tested
(BF , .46 in each case). When color was the tested feature and
the second-presented/overlapping stimulus was tested, there was
weak evidence in favor of a greater proportion of responses unre-
lated to the target or nontarget (BF = 2.44) with simultaneous and
overlapping stimuli.

In sum, our manipulations of temporal and spatial overlap
seemed to owe the majority of their influence on response error to
changes in the frequency of swap errors, along with a smaller
effect on responses unrelated to the target or nontarget values.

Discussion

Experiment 1 showed superior performance for stimuli sepa-
rated in either time or space (or both). Modeling showed that this
was largely attributable to an increase in swap errors (i.e., mis-
binding) for simultaneous-overlapping stimuli. This confirms the
predictions from the two-stage model: Presenting stimuli at the
same time and in the same location allows for the creation of fea-
ture maps but prevents effective binding of features to objects
using the output of these maps due to the presence of multiple fea-
tures at the same location. By contrast, this problem does not arise
for stimuli presented in different locations, or when sequential pre-
sentation enables the serial encoding of individual objects.

Figure 2
Grand (Larger, Opaque Markers) and Participant (Smaller, Semitransparent
Markers) Mean Absolute Error From Experiment 1

Note. See the online article for the color version of this figure.

1We present all regression coefficients, for both Experiments 1 and 3, in
the online supplemental materials.
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However, one problem with interpreting these results purely in
terms of disruption of bindings is the increased frequency of
responses unrelated to the target or nontarget for simultaneous-
overlapping stimuli that was evident in one comparison from the
modeling results. Although minimal compared with the effect of
the manipulation on swap errors, this suggests that presenting
stimuli at the same time and location influenced perception or
memory of individual features by decreasing the probability of a
feature-related response. If so, this would undermine our assertion
that time and location are important for encoding bindings specifi-
cally. We addressed this issue in the following experiments.
We also found that memory was better for the second-presented

stimulus than the first in sequential-presentation trials. This con-
flicts with some previous research showing primacy effects for
rapidly-presented visual stimuli (e.g., Ricker & Hardman, 2017;
Smith et al., 2016). However, Smith et al. found that, with a set
size of 2, such a primacy benefit was limited to stimuli presented
for . 100 ms, and Ricker and Hardman’s stimuli were presented
for 150 ms or longer. Thus, the relatively brief presentation dura-
tion we used here—80 ms—may explain this discrepancy. This
would be consistent with the attention-weighted sample size
(AWSS) model proposed by Smith et al. (2016; see also Smith
et al., 2018), in which attention brought to bear on one stimulus
being encoded into VWM reduces the quality of other encoded
representations: Because attentional focus of this sort takes time,
very rapid presentation prevents an initial stimulus from cannibal-
izing the resources that would otherwise be available to those that
follow.

Experiment 2

Experiment 1 showed a large effect of our manipulations on
swap errors, with a substantially greater proportion of these errors
occurring in the simultaneous-overlapping condition than any of
the other three conditions. However, it also showed a smaller
effect on the proportion of responses unrelated to either stimulus.
This may indicate that perception or memory for features was
impaired by this form of presentation. If feature memory itself is

impaired, then this may have played a role in the increased fre-
quency of binding errors. To evaluate this possibility, in Experi-
ment 2 we used the same stimuli and procedure as in the
simultaneous condition of Experiment 1 but changed the task so
that participants needed only to remember the features presented
in any one trial, rather than the bound objects. We accomplished
this by asking participants to report the values of both stimuli on
one feature dimension, in any order (e.g., orientation of one stimu-
lus, then the other), without using the other feature as a probe. If
performance were again worse with overlapping than with sepa-
rate stimulus presentation, this would indicate an effect on feature
memory.

In addition, we explored one way to equate feature memory
between the overlapping and the separate conditions: We manipu-
lated the stimulus size in the overlapping condition to explore
whether making overlapping stimuli bigger would compensate for
any potential perceptual problems in this condition. If so, we could
then replicate Experiment 1 using stimulus sizes that controlled
for differences in feature memory.

Method

Unless specified, methodological details were identical to those
for Experiment 1.

Participants

Twenty German or Swiss-German-speaking young adults (mean
age: 24.8 years; range: 18–35; six male, 14 female), recruited
through a mailing list operated by the UZH Psychology Department,
completed one experimental session each of approximately
50 minutes duration, in return for credit toward their psychology
classes (if applicable) or reimbursement of CHF15. All participants
had normal or corrected-to-normal vision.

Stimuli and Apparatus

Stimuli in trials with separate display locations were identical to
those used in Experiment 1. Stimuli in trials with overlapping

Figure 3
Grand (Larger, Opaque Markers) and Participant (Smaller, Semitransparent
Markers) Mean Absolute Error From Sequential Trials in Experiment 1

Note. See the online article for the color version of this figure.
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display locations were enlarged to be 1.25, 1.5, 1.75, or 2 times
the size of the separate-location stimuli, but were otherwise identical.
Unlike Experiment 1, we did not use probe stimuli in Experiment 2.

Instead, at the report stage of each trial, a color or orientation wheel
was displayed to indicate which feature should be reported.

Design and Procedure

We manipulated Location (overlapping vs. separate) and
Feature (color vs. orientation) randomly and independently
across trials. In trials with overlapping stimuli, we also manipu-
lated stimulus Size (1.25, 1.5, 1.75, or 2 times the size of stim-
uli in separate-location trials). Stimuli were always presented
simultaneously.
The procedure was mostly identical to that of Experiment 1:

Each trial started with a fixation cross, before a pair of colored tri-
angles were presented at a random location (in overlapping-location
trials) or two random locations (in separate-location trials) for 80
ms, followed by a 50-ms mask. After the mask offset, there was a
500-ms interval before a color or orientation response wheel was
presented. This indicated to participants which feature they needed
to report. Participants could then report the two colors or orienta-
tions in whichever order they preferred.

Each participant completed a practice block of 8 trials, followed
by 10 experimental blocks of 40 trials each (400 experimental tri-
als in total).

Data Analysis

One challenge in interpreting participants’ responses was in iso-
lating which of the two feature values they were attempting to
reproduce with each response. We calculated the error for each
response in such a way as to minimize the summed absolute error
magnitude across both responses, while assuming that they were
attempting to reproduce both of the feature values (rather than the
same value twice). For example, if a participant had viewed an
array with triangles oriented at 25° and 75°, and given responses
at 45° and 55°, we assumed the former response was an attempt to
reproduce the former orientation, and the latter response an
attempt to reproduce the latter orientation (total error = 40°), rather
than the other way around (total error = 60°).

Unlike Experiment 1, our analyses here were purely exploratory
(i.e., we were not testing any hypotheses). As such, we evaluated the
data using descriptive rather than inferential statistics. Additionally, we
did not undertake any mixture modeling for this experiment, as we
were testing only feature memory, rather than memory for bindings.

Figure 4
Means and 95% HDIs for Parameter Values Obtained From Mixture Modeling in Experiment 1

Note. For sequential conditions, stimulus 1 was presented first and stimulus 2 presented second; for simultaneous-overlapping conditions, stimulus 2
was presented “on top”; for simultaneous-separate conditions, stimuli 1 and 2 did not differ. HDIs = highest-density intervals. See the online article for
the color version of this figure.
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All data and analysis scripts are available on the Open Science
Framework at https://osf.io/5en4h/?view_only=503099a2cfaf49c
b88dac019be4cb91c.

Results

Figure 5 shows grand and participant mean absolute error val-
ues from Experiment 2. Mean absolute error in the separate-
location conditions was 19.8° for color and 15.8° for orientation
for participants’ first responses on each trial, and 38.1° for color
and 25.4° for orientation for their second responses.2 Although
none of the overlapping-location conditions showed perform-
ance that was markedly different from that, these values were
most closely approximated by the stimuli presented at 1.75
times the size of the separate-location stimuli: The error values
in this condition were 21.2° for color and 15.1° for orientation
for participants’ first responses on each trial, and 36.2° for color
and 23.1° for orientation for their second responses. In other
words, the average absolute difference per design cell was less
than 2° and in three of the four cells responses were superior in
the overlapping-location condition.

Discussion

In Experiment 2, the potential feature-memory deficit for
overlapping-simultaneous stimuli in Experiment 1 was rectified
by increasing stimulus size. Armed with this knowledge, in
Experiment 3 we replicated Experiment 1, using larger overlap-
ping-location stimuli.

Experiment 3

Experiment 3 replicated Experiment 1, but with overlapping-
location stimuli 1.75 times the size of the separate-location stimuli,
to equate feature perception and memory across conditions. If we
replicated the patterns of data from Experiment 1 here, this would

indicate that binding itself is degraded by simultaneous-overlapping
stimulus presentation—as predicted by the two-stage model. By con-
trast, if performance were equivalent across conditions, this would
suggest that our earlier results had been an artifact of poorer feature
memory in the simultaneous-overlapping condition.

Method

Unless specified, methodological details were identical to those
for Experiment 1.

Participants

Twenty-four German or Swiss-German-speaking young
adults (mean age: 24.0 years; range: 19–35; six male, 18
female), recruited through a mailing list operated by the UZH
Psychology Department, completed one experimental session
each of approximately 50 minutes duration, in return for
credit toward their psychology classes (if applicable) or reim-
bursement of CHF15. All participants had normal or cor-
rected-to-normal vision.

Stimuli and Apparatus

Stimuli in trials with separate display locations were identical to
those used in Experiment 1. Stimuli in trials with overlapping dis-
play locations were enlarged to be 1.75 times the size of the sepa-
rate-location stimuli, but were otherwise identical.

Design and Procedure

The design and procedure were identical to those used in
Experiment 1.

Figure 5
Grand (Larger, Opaque Markers) and Participant (Smaller, Semitransparent Markers) Mean Absolute Error From Experiment 2, for
the Condition With Stimuli Presented In Separate Locations, and the Four Conditions With Stimuli of Varying Relative Size Presented
in Overlapping Locations

Note. See the online article for the color version of this figure.

2 Note that response order does not reflect presentation order, because
all stimuli were presented simultaneously in this experiment.
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Data Analysis

Data were analyzed in accordance with the analyses reported
for Experiment 1, including both raw data analyses and modeling.

Results

Two participants’ responses showed worse-than- or approach-
ing-random performance, on average, across all conditions (mean
error = 90.57° and 84.15°, where random = 90°), so we excluded
their data from all analyses.

Raw Data Analyses

Figure 6 shows grand and participant mean absolute error values
from Experiment 3. Responses were more accurate (i.e., lower mean
error) with sequential than simultaneous timing, more accurate with
separate than overlapping display locations, and more accurate when
orientation (vs. color) was the tested feature. Additionally, the effects
of timing were greatly reduced for stimuli presented in separate loca-
tions, as predicted from the two-stage model for encoding of bind-
ings. There was also a slightly greater advantage for orientation vs.
color responses in the sequential than the simultaneous blocks. As
such, the best model contained main effects of Timing, Location, and
Feature, a Timing 3 Location interaction, and a Timing 3 Feature
interaction. However, this model was only slightly superior to a
model without the Timing3 Feature interaction (BF = 2.31), indicat-
ing that the evidence for this interaction was weak (by contrast, the
best model had BF. 10 relative to all other models).
Considering the data from the blocks with sequential timing

only (see Figure 7), responses were more accurate when a feature
of the second-presented stimulus was tested, and more accurate
when the feature tested was orientation than when it was color.
Consequently, the best model contained main effects of Feature
and Presentation order (BF. 5 relative to all other models).

Modeling

Figure 8 shows posterior means and 95% HDIs for pu (i.e., the
proportion of responses unrelated to the target or nontarget feature

values), ps (i.e., the proportion of swap errors), and j (i.e., the pre-
cision of the target and nontarget response distributions). Once
again, our main interest was in effects on ps, where any differences
between conditions in binding success would be most evident.
Swap errors were more frequent with simultaneous timing than
when stimuli were presented sequentially, and more frequent
when they were presented in overlapping locations than when they
were separated. Crucially, as in Experiment 1, the effects of loca-
tion were minimal when stimuli were sequentially displayed (mean
D = 1.4% for color, and 0.0% for orientation), but substantial when
display was simultaneous (mean D = 15.8% for color, and 8.5%
for orientation), as predicted by the two-stage model. As a result,
there was strong evidence in favor of the Location 3 Timing inter-
action (BF . 20000 for each combination of feature and presenta-
tion order).

We also evaluated effects on j and pu. For both parameters, 95%
credible intervals for all regression coefficients overlapped with 0.
Nonetheless, we examined the Location 3 Timing interactions, to
determine whether the pattern evident in ps also arose for j and pu.
For j, it did not (BF, .30 for each combination of feature and pre-
sentation order); for pu the evidence was more ambiguous, with
Bayes factors between .98 and 2.04. However, numerically, the
interactions were in the opposite direction to those evident for ps,
implying (weak) evidence for fewer stimulus-unrelated responses
with simultaneous and overlapping presentation.

Discussion

With the overlapping- and separate-location conditions equated
for feature memory, performance remained markedly worse for si-
multaneous-overlapping stimuli relative to the other conditions,
and modeling showed that this difference resulted exclusively
from swap errors. This is exactly the pattern predicted if binding
memory required sequential encoding of objects unless they are
separated in space, consistent with a model in which initially
encoded spatial feature maps maintain feature conjunctions, fol-
lowed by sequential encoding of feature bindings independently of
spatial location.

Figure 6
Grand (Larger, Opaque Markers) and Participant (Smaller, Semitransparent
Markers) Mean Absolute Error From Experiment 3

Note. See the online article for the color version of this figure.
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Before discussing the overall implications of our results, we first
describe some additional modeling we conducted to provide an
estimation of the rate at which bindings were consolidated.

Modeling the Rate of Binding Consolidation

The fine-grained variation of SOA in the sequential-presentation
condition of Experiment 3 enabled us to estimate the consolidation
rate. To that end, we fit a measurement model to the data from both
the sequential and simultaneous presentation conditions, including
responses to the first and the second probe. Our measurement model
is an extension of the Interference Measurement model (IMM;
Oberauer et al., 2017) by a consolidation-rate parameter.
In the IMM, we assume that at test all response options (i.e., all col-

ors or orientations on the circular response scale) are activated accord-
ing to the strength of evidence from memory for these responses.
Evidence comes from two sources. One is the persistent activation of
all array items, and the other is cue-based retrieval. The overall activa-
tion distribution over all responses is a weighted sum of the activation
distribution from persistent activation (with weight a) and the activa-
tion distribution from cue-based retrieval (with weight c). Both com-
ponents are sums of von Mises distributions centered on the features
of each of the array items on the to-be-reported feature dimension.
Whereas the persistent-activation component is an unweighted sum,
because all array items have (on average) equal persistent activation,
in the cue-based retrieval component the items receive weights corre-
sponding to their strength of retrieval, which reflects the strength with
which they are bound to the retrieval cue (i.e., the feature of the target
given at test). In addition, background noise b is added to the activa-
tion of every response option. Taken together, the activation A of ev-
ery response option x, given retrieval cue Ytarget, is given by:

Aðx jYtargetÞ ¼
Xn

i¼i

ðaþ ciÞVMðx; xi; jÞ þ b (2)

Here, VMðx; xi;jÞ is the von Mises distribution with mean xi
(the true feature of object i) and precision j, evaluated at x.

In the model version we used here, we assumed for simplicity
that the nontarget has a binding strength ci of zero. This is
because there was only a single nontarget in our arrays, and
therefore, we could only identify one parameter to reflect its rela-
tive strength—this is the a parameter in our model version: As a
increases relative to ctarget, swap errors become more likely, that
is, features similar to the nontarget feature are more likely to be
reported erroneously.

To measure the consolidation rate we assumed that the target’s
strength of binding to its retrieval cue (i.e., the binding between
color and orientation) grows exponentially as a function of consol-
idation time:

ctargetðtÞ ¼ 1� expð�rtÞ (3)

Here, r is the consolidation rate, and t is the time available for
consolidating each object’s feature binding. We assume that
while the stimuli are still visible (i.e., before the mask), percep-
tual attention can be focused selectively on each object even in
the overlapping condition, so that the correct color-orientation
bindings can be consolidated. After the mask, however, only the
information in the feature maps is available for consolidation,
which in the overlapping condition provides no basis for binding
the correct features together. Therefore, in the model we assume
that for the spatially overlapping arrays, consolidation had to be
finished before the stimuli were masked. When presented simul-
taneously (i.e., SOA = 0), t was set to 40 ms because each object
received half of the presentation time of 80 ms for its consolida-
tion. When they were presented sequentially (i.e., SOA $ 80
ms), we set t = SOA. For the spatially separate arrays, we
assumed that consolidation could proceed at leisure after the
stimuli were masked, because the feature maps contained infor-
mation about which features belong together. Therefore, we set
ctarget = 1 for the spatially separate arrays.

The activation distribution over all possible responses was
transformed into a probability distribution through a simple ver-
sion of Luce’s choice rule:

Figure 7
Grand (Larger, Opaque Markers) and Participant (Smaller, Semitransparent
Markers) Mean Absolute Error From Sequential Trials in Experiment 3

Note. See the online article for the color version of this figure.
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pðx j ytargetÞ ¼ Aðx j ytargetÞX
Aðx j ytargetÞ

(4)

We implemented the model as a Bayesian hierarchical model in
Jags (Plummer, 2016a) and fit it using the R package rjags
(Plummer, 2016b). The population-level parameters were given
low-information priors: We used c (.1, .1) priors for the means and
the standard deviations (SDs) of a, b, and r, and c (1, .1) for the
mean and the SD of the precision parameter j. For details of the
Bayesian implementation please see Oberauer et al. (2017).
Figure 9 shows the posterior densities of the population-level

means of the four parameters. Figure 10 shows the mean reproduc-
tion errors in the spatially separated and the spatially overlapping
conditions as a function of SOA (binned into 15 levels), together
with the model’s posterior predictives.
The estimated consolidation rate of about 10 implies a mean

consolidation duration of just 100 ms (as the mean of an exponen-
tial is the inverse of its rate). This is faster than the estimates of
the rate of short-term consolidation in dual-task studies. Jolicœur
and Dell’Acqua (1998) estimated short-term consolidation rates
for single symbolic stimuli (e.g., letters) of 3.3, 6.7, and 3.6 across
three experiments, implying mean consolidation durations of 300,

150, and 275 ms, respectively.3 Other research, although not for-
mally estimating consolidation rates, also suggests longer dura-
tions than estimated here (Nieuwenstein & Wyble, 2014; Ricker &
Hardman, 2017; Ricker & Sandry, 2018). These studies used dif-
ferent stimuli, and in part different memory tasks, and different
methods for estimating consolidation rate, from our study. Never-
theless, the comparison of our estimated consolidation rate with
these other findings could be a hint that consolidation rates differ
substantially between materials and/or tasks. This would be con-
sistent with Vergauwe et al.’s (2019) recent suggestion that peo-
ple’s approach to the consolidation of visual stimuli is flexible and
context-dependent.

General Discussion

In three experiments, we evaluated a two-stage model of bind-
ing in visual WM, comprising the formation of feature maps in an
initial parallel stage, followed by the sequential formation of loca-
tion-independent bindings. The model predicts that precluding
stimulus separation in both space and time should negatively affect

Figure 8
Means and 95% HDIs for Parameter Values Obtained From Mixture Modeling in Experiment 3

Note. For sequential conditions, stimulus 1 was presented first and stimulus 2 presented second; for simultaneous-overlapping conditions, stimulus
2 was presented “on top”; for simultaneous-separate conditions, stimuli 1 and 2 did not differ. HDIs = highest-density intervals. See the online article
for the color version of this figure.

3 In their article they report the parameters as 1
rate on the millisecond

scale: 304, 150, and 275 (p. 196).
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bindings, leaving feature memory relatively intact. Our findings
confirmed this prediction. In Experiments 1 and 3, presenting two
stimuli simultaneously at the same location produced substantially
worse performance than presenting them sequentially and/or in
separate locations. This effect persisted after equating feature
memory (Experiment 3). Further, the effect largely resulted from
misbinding errors. These experiments show that either spatial or
temporal stimulus separation suffices to generate effective bind-
ings in visual WM, but that accurate binding is prevented without
it, as predicted by the two-stage model.
The model we propose resolves an apparent conflict between

previous modeling and empirical work. Specifically, whereas
computational models of binding in WM require bindings to be
encoded sequentially—either through Hebbian learning (e.g.,
Burgess & Hitch, 1999; Clevenger & Hummel, 2014; Manohar
et al., 2019; Oberauer & Lewandowsky, 2011; Oberauer & Lin,
2017) or through activation of conjunction codes (e.g., Schneegans
& Bays, 2017; Swan & Wyble, 2014)—, experimental evidence
favors parallel encoding of objects into visual WM (e.g., Bays

et al., 2011; Kyllingsbæk & Bundesen, 2007; Sewell et al., 2014).
This evidence comes from studies measuring memory accuracy
as a function of premask encoding time. According to the two-
stage model, the evidence for parallel encoding reflects the first
stage, which is terminated by a mask, whereas the second stage—
often referred to as consolidation—can continue postmasking
(e.g., Nieuwenstein & Wyble, 2014; Ricker & Cowan, 2014;
Ricker & Hardman, 2017).

Our two-stage hypothesis converges with the proposed distinc-
tion between a fragile VSTM store and a more durable visual
WM (Pinto et al., 2017; Sligte et al., 2008). It also agrees with
findings suggesting multiple, functionally different neural repre-
sentations in VWM. For instance, information maintained in
VWM can be decoded from early visual cortex neural signals
during the retention interval, but this decodable signal can be
erased by distractor stimuli without impairing memory. Even af-
ter distraction, information about encoded stimuli can still be
decoded from parietal areas of cortex (Bettencourt & Xu, 2016;
Christophel et al., 2018; van Moorselaar et al., 2018). We

Figure 9
Posterior Densities for the Four Parameters of the Interference Model

Note. Darker shaded areas show 95% highest-density intervals. For parameter descriptions, see the main text. See the online article for the color ver-
sion of this figure.
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assume that the first encoding stage creates the representation in
early visual (occipital) cortex, and the second stage generates the
more robust parietal representation.
An alternative to the two-stage model is that temporal separa-

tion enables binding in an analogous way to spatial separation.
One way to flesh out this idea is to assume neurons that code a
conjunction of a feature with a point in time, analogous to neurons
in visual cortex that code the conjunction of a feature with a loca-
tion. The problem with this account is that, whereas feature-space
conjunction neurons are known to exist, feature-time conjunction
neurons have never been found.4 Another way to flesh out the
analogy is to assume that Hebbian learning associates all features
of an object to a shared spatial context (when they are separated in
space) or to shared temporal context (when they are separated in
time). Such a model would leave unanswered the question of how
Hebbian learning—or any association-learning mechanism—could
bind the features of multiple objects, presented simultaneously, to
their respective spatial locations simultaneously. For these reasons,
we find this alternative to the two-stage model unattractive. Never-
theless, it would be premature to completely dismiss it. Future
research could test it by evaluating whether or not errors in retriev-
ing the correct temporal context entail errors in reproducing the
features bound using that context, analogous to the method used
by Schneegans and Bays (2017) to assess the mediating role of
spatial location in binding.

Relation to Other Models

Although the model we describe here is novel, it shares a
number of characteristics with other models of related phenom-
ena. Many accounts of the attentional blink incorporate the
assumption that WM encoding operates across two stages, the
second of which involves some form of consolidation that cre-
ates a more stable representation. In particular, two relevant

models are ST2 (Bowman & Wyble, 2007), and the related epi-
sodic Simultaneous Type-Serial Token (eSTST) model (e.g.,
Wyble et al., 2009, 2011). In the ST2 model (Bowman & Wyble,
2007), rapidly-decaying perceptual representations (types),
formed in parallel during an initial processing stage, are bound
to an episodic context (tokens) in a second, serial stage. When
two targets are presented in quick succession, this binding process
sometimes results in both being bound to a single episodic con-
text, resulting in order confusion (i.e., swap errors). The same
would likely be true of simultaneously presented targets, as we
used here. The question of how different visual features are bound
together was not relevant in the context of the task Bowman and
Wyble (2007) were modeling, with stimuli treated as holistic enti-
ties. However, were the model to treat features distinctly, with epi-
sodic context used to bind them to one another, this would result
in frequent feature binding confusions for stimuli presented simul-
taneously. The addition of some mechanism for distinguishing
stimuli by their spatial location would then be necessary to allow
a model like this to account for our data.

The (eSTST) model (e.g., Wyble et al., 2009, 2011), a modified
version of ST2 which uses precedence in the completion of sec-
ond-stage processing to determine which types are bound to which
tokens, also shares similarities with our model. As with ST2, there
is no mechanism in eSTST for binding separate features together.
However, as the model incorporates the assumption that stimuli
are bound to episodic contexts in the order in which their process-
ing is completed, an extension of this idea could involve features
being bound to contexts individually, and subsequently bound to

Figure 10
Data (With Within-Subjects Confidence Intervals) and Model Posterior Predictives (With 95%
Highest-Density Intervals) Across SOA Bins in the Overlapping and Separate Conditions for
Experiment 3

Note. Points at SOA = 0 show the simultaneous presentation conditions. SOA = stimulus onset asynchrony.
See the online article for the color version of this figure.

4 Recent work by Howard and colleagues (e.g., Cruzado et al., 2020;
Howard, 2022) provides evidence of time-sensitive neural populations and
of associations between these populations and populations coding for
specific stimuli, but we are not aware of evidence for the neural
representation of the conjunction of time and individual features.
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one another based on the order in which this occurs (e.g., the first-
bound orientation matched with the first-bound color). Again,
there is no specific mechanism for distinguishing stimuli by spatial
location incorporated into eSTST.
Botella and colleagues’ account of attentional blink phenomena

(e.g., Botella et al., 2001, 2004) can also be related to the model
we propose here. In their account, when a target feature is
detected, focal attention is engaged and used to bind together its
features. When this process is incomplete on presentation of a sub-
sequent target, the activation levels of the various visual features
are used to produce an “educated guess” regarding which of them
belong to the target, which can result in binding errors. This idea
corresponds to our model as follows: With simultaneous presenta-
tion, the serial binding process (i.e., focal attention) is sometimes
unable to bind together the features of both objects prior to mask
onset. In that case, the binding process has to rely on the informa-
tion in the feature maps. In the overlapping condition, that infor-
mation provides no means to determine which features belong
together, and the binding process would have to engage in edu-
cated guessing. This is also the situation in the standard atten-
tional-blink paradigm, where all stimuli are presented in the same
location. By contrast, in the spatially separated presentation condi-
tion of our experiments, location information in the feature maps
can be used to bind corresponding features to each other in the sec-
ond stage.
Our model also shares obvious similarities with models of vis-

ual perception and attention, such as feature integration theory
(FIT; e.g., Treisman, 1988, 1998; Treisman & Gelade, 1980). Like
our model, FIT is predicated on the assumption that features are
represented in spatial maps, and subject to a subsequent process
which binds them into objects. In FIT, this process involves se-
quential shifts of attention to different spatial locations, with fea-
tures correctly bound to one another when attention is applied, but
subject to binding errors (i.e., illusory conjunctions) otherwise.
FIT differs from our model in that it is concerned with the binding
problem in perception: According to FIT, at any moment in time,
we perceive features in the location(s) we attend to as bound
objects, whereas features in unattended locations remain unbound,
or are bound at random, creating illusory conjunctions. By con-
trast, we are concerned with how bindings are encoded into WM.
Therefore, our model goes beyond FIT by assuming that feature
maps serve as an initial form of memory that preserves feature-
location bindings and can be used as the basis of consolidation. As
a consequence of these differences, FIT and our model predict dif-
ferent kinds of binding errors: Whereas FIT explains how features
of stimuli in different locations can be mis-bound in perception
when they are not attended, here we provide an account of how
features in the same location are mis-bound in memory, even
when they are attended.
Taken together, our model can be seen as a combination of the

two-stage encoding mechanism incorporated in several models of the
attentional blink with the idea of feature maps as in Treisman’s FIT.

Conclusion

Features of stimuli presented separately in time or space can be
effectively bound in VWM, whereas binding is disrupted when
stimuli are presented simultaneously in the same location. This is
not an artifact of impaired feature memory for simultaneous and

overlapping stimuli. These findings support a two-stage encoding
model in which bindings can be created from feature maps after
the physical stimuli are no longer available.
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