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We examined how elements are integrated into larger units in working memory (WM). Four contrasting
conceptual models exist with regard to this question: (a) a unitization model, in which there is a single
integrated representation which is retrieved in an all-or-none fashion; (b) a unitization-with-element-failure
model, in which a single integrated representation is retrieved as a whole, but access to its elements can still
fail individually; (c) a pairwise-binding model, in which elements of a unit are represented separately and are
bound together in pairs; (d) a hybrid model that includes an integrated representation as well as pairwise
bindings between element representations. We developed four multinomial process tree models to test these
theories. In three experiments, participants memorized multiple units which were random combinations of
three elements. They were given one element as a cue and prompted to report the other two elements.
The model-comparison analysis revealed that the hybrid model provides the best quantitative fit to the
data. We conclude that multielement units are represented on two levels, as an integrated unit retrieved in
an all-or-none manner, and in addition through pairwise bindings between their elements. Moreover, the
assumption that bindings of nonspatial elements are mediated through their shared spatial location—a
special case of the pairwise-binding model—was not supported by the data.

Keywords: working memory, binding, multinomial modeling

Information in our environment is often complex, consisting of
multiple components and features. For example, in a basket of fruits,
we perceive a banana with its yellow color and curved shape, and
an apple with its red color and round shape as unitary entities. To
memorize them, we have to form a mental representation not only
for the colors and shapes but also for their specific conjunctions.
The present work aims to clarify how we integrate those individual
elements in memory.

Below, we discuss the different views of how elements are
bound together to form a unit, both in the context of working
memory (WM) and episodic memory. We define an element as any
aspect of a stimulus and a unit as a combination of these elements.
It should be noted that the terminology for units and elements
varies depending on the research tradition. In research on visual
working memory, units are typically referred to as “objects” and
elements as “features/attributes,” whereas in research on episodic
memory—in particular, source memory—the terms “items/events/
episodes” and “sources/components” are used, respectively.
We will refer to units as the general term, encompassing objects

and items/events/episodes, and will use elements to encompass
features/attributes and sources/components, but we will retain

the specific terms—*"objects,” “features,” “items,” and “sources”—
when reviewing the two literatures.

Bindings in Visual Working Memory

Much research related to binding in visual working memory
(WM) has been framed in terms of whether the units of WM—which
determine capacity limits—are individual features, inherently unitized
objects, or consist of both features and objects. In an influential study,
Luck and Vogel (1997) observed that change detection performance
was equal for objects varying in a single feature and objects varying
in up to four features. They also reported equal performance with
single-color objects and objects composed of two colors. The
authors concluded that the units of WM are objects in which all their
visual features are integrated. Further studies argued in favor of this
strong object hypothesis, showing that only objects, not individual
features, count toward the load on the capacity of working memory
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(Cowanetal., 2013; Luria & Vogel, 2011; Ngiam et al., 2024; Vogel
et al., 2001; Zhang & Luck, 2008). In addition, neuroimaging
studies identified object-based markers of the contents of working
memory. One such marker is the contralateral delay activity observed
in electroencephalography, which reflects the number of objects held
in mind rather than the number of features (e.g., Luria et al., 2016).
More recent work revealed that the number of objects in WM can be
decoded from multivariate neural signals (Thyer et al., 2022). These
findings motivated the strong object hypothesis, according to which
objects are the representational units of visual working memory.

The strong object hypothesis consists of two assumptions: One
is that the capacity limit of working memory limits the number of
visual objects that can be held in working memory regardless of the
number of features of each object. The other is that objects are
remembered in an all-or-none fashion, such that an object is either
remembered with all its features, or forgotten entirely (e.g., Cowan,
2001; Hollingworth & Henderson, 2002; Rensink, 2000). The latter
is relevant for the present study.

Several studies provided substantial evidence against the capacity
limit assumption: Performance does seem to be influenced by the
total number of features that comprise a visual object (Bays et al.,
2009, 2011; Brady et al., 2011; Fougnie & Alvarez, 2011; Fougnie
et al., 2013; Markov et al., 2019, 2021; Oberauer & Eichenberger,
2013; Pertzov et al., 2012; Shin & Ma, 2017; Wang et al., 2017;
Wheeler & Treisman, 2002); combining two colors into a single
object provided no benefit over remembering the same number of
colors in separate objects (Delvenne & Bruyer, 2004; Olson & Jiang,
2002; Wheeler & Treisman, 2002; Xu, 2002); and qualitatively
different feature dimensions rely on independent storage capacities
such that features can be added to one dimension without incurring a
cost on memory performance for features on the other dimensions
(Markov et al., 2019; Wang et al., 2017).

The capacity limit assumption of the strong object hypothesis has
been extensively investigated and, based on the results reviewed
here, can be considered largely refuted. However, the all-or-none
assumption of the strong object hypothesis, which posits that
different features of the same object are memorized and recalled in
an all-or-none manner, remains less well studied. Here, we focus on
this assumption and specifically address the issue of dependency
across multiple features within the same object (i.e., if one feature of
an object can be remembered, then all its other features should be
remembered as well).

This all-or-none hypothesis was tested using a dual-report task
(Bays et al., 2009, 2011; Fougnie & Alvarez, 2011; Fougnie et al.,
2013). Here, participants have to report two features of a cued
object. This form of test makes it possible to detect whether there is
stochastic dependency between the two responses. The researchers
found that, when objects were cued by their spatial locations,
memory failures occurred largely independently for reporting the
two features, suggesting that features are memorized and recalled
independently of each other.

Schneegans and Bays (2017) proposed that nonlocation features
are only bound via their shared location. This means that an object’s
nonlocation features are bound to the object’s location but not
directly to each other. Schneegans and Bays tested the location-
binding hypothesis using a dual-report task. In this task, participants
were presented with multifeatured objects and then given one
feature of one object as a cue (orientation or color) and had to report
the location and the other nonlocation feature. The researchers found

that swap errors in the location and nonlocation report are strongly
correlated: When participants reported the wrong location, they
were more likely to also report the feature of the object that had been
presented in that (wrong) location, rather than the feature of the tested
object. This result suggests a strong dependency between location
and nonlocation features. Further, it contrasts with the finding of
independent recall errors for different nonlocation features: When
given a location cue, the probability of recalling the correct color is
independent of the probability of recalling the correct orientation of
the target object (Bays et al., 2009, 2011; Fougnie & Alvarez, 2011;
Fougnie et al., 2013). Taken together, these results are consistent with
a location-binding hypothesis. When location is used as a cue to
retrieve the nonlocation features, each feature is retrieved through a
different feature—location binding, maintenance or retrieval of which
can fail independently. In contrast, if one nonlocation feature is used
as a cue to retrieve another one bound to it only through a shared
location, a failure to retrieve the location will necessarily result in a
failure to retrieve the other feature.

The location-binding account contrasts with the conceptualiza-
tions that are based on integrated object representations. For instance,
in the object file theory, object representations rather than locations
are critical for maintaining the binding of visual features (Kahneman
et al., 1992; Logie et al., 2011; Treisman & Zhang, 2006). In this
theory, object files are assumed to preserve the identity of an object,
when it moves through space. Therefore, the object’s features must
remain integrated in an object file independent of the object’s
location. Similarly, according to the slots view of working memory
(Luck & Vogel, 1997), integrated object representations that are
maintained in discrete slots are the natural unit of WM, with
no special role of location. Saiki (2019) obtained evidence that
objectness—which he defines as a state in which a number of
features share a spatiotemporal location—rather than location, is
critical for the formation of WM representations, and when they are
formed, they can be maintained in a robust fashion.

The notion that memory representations contain only objects, or
only individual features, seems to be too restrictive. Therefore,
researchers proposed a hybrid model consisting of dual representa-
tion of both integrated objects and independent features to account
for the divergence among these mixed results (Geigerman et al.,
2016; Hardman & Cowan, 2015; Li et al., 2022; Markov et al., 2019,
2021; Oberauer & Eichenberger, 2013; Olson & Jiang, 2002;
Sone et al., 2021; Wheeler & Treisman, 2002). For instance, the
hierarchical representation view posits that in the initial stages of the
object processing pathway, features are individually represented,
and that the integrated object representation is formed at subsequent
stages of the pathway (Barense et al., 2012; Binder, 2016; Cowell
et al., 2019). Further research provided evidence that people can
selectively encode, store, and/or retrieve either features or objects,
depending on the task requirements, which vary with the type of
stimuli tested (Delvenne & Bruyer, 2004; Olson & Jiang, 2002;
Wheeler & Treisman, 2002); the testing situation (Vergauwe &
Cowan, 2015); task difficulty (Qian et al., 2019); and task goals
(McCants et al., 2020). One possible explanation for these findings
is that both feature and integrated object representations are
available and accessible and thus coexist in working memory.
Alternatively, people can flexibly adjust representations during
encoding (i.e., what aspect of a stimulus to encode), favoring one
type over the other (Geigerman et al., 2016). While it is still unclear
under what circumstances the storage of WM is feature-based or
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object-based, these results suggest that the basic unit of WM is not
fixed, and consists of some combination of features and objects.

Bindings in Source Memory

In the context of source memory, which refers to memory for the
conditions under which a memory has been acquired (Johnson et al.,
1993), Boywitt and Meiser (2012a) investigated how events that
include multiple sources are retrieved. In their experiment, words
were presented in one of two font colors in addition to being studied
on the left or right side of the computer screen. They found that
there is a stochastic dependency between the retrieval of different
sources (i.e., font color and location) of a given word. Stochastic
dependency means that successful retrieval of one source is more
likely if the other source is also successfully retrieved (Boywitt &
Meiser, 2012b; Meiser & Broder, 2002; Meiser et al., 2008).
Researchers proposed a mutual cuing mechanism, whereby retrieving
one source cues memory for the other source via a direct link. Boywitt
and Meiser (2012a) concluded that stochastic dependency should not
occur, if the source dimensions are not directly bound to each other,
such as when each source is bound directly only to the word.

Our literature review has shown that research on visual working
memory as well as on source memory used the dual-report paradigm
to investigate how elements of a unit are bound together. In
this research, conclusions mostly rest on the presence or absence of
stochastic dependency between success in retrieving two elements
of a unit, given the third. The stochastic dependency shown in
the source memory literature is a probabilistic expression of the
“all-or-none” assumption of the strong object hypothesis in the
visual working-memory literature. As such, the observation of
stochastic dependency could be taken as evidence for integrated
representations in memory that incorporate all the elements of a
unit. Alternatively, stochastic dependency between the retrieval of
two elements can be interpreted as evidence for a direct pairwise
binding between these two elements. This is the interpretation in
the source-memory literature discussed above, and in the work of
Schneegans and Bays (2017).

Yet another alternative explanation for the stochastic dependency
is the binding-variability hypothesis (Starns & Hicks, 2005, 2008).
This hypothesis posits that stochastic dependency arises from
the covariation of factors that influence the binding of the sources
to the item due to participant- or item-related sources of variation
(e.g., fluctuating attention). According to this perspective, stochastic
dependency is found, because stronger (or weaker) item-source
binding for one source dimension coincides with stronger (or
weaker) item—source binding on other source dimensions across the
items of the learning list. Observed stochastic dependency is thus
assumed to reflect simultaneous variations in source memory
accuracy on the item level without direct binding among elements
(Hicks & Starns, 2015). Although the phenomenon of stochastic
dependency has been shown across several experiments and
manipulations (for a review, see Hicks & Starns, 2015), it is still
unclear whether the different sources are actually bound together
(Boywitt & Meiser, 2012a, 2012b, 2013), or whether the covariation
of retrieval success between elements is simply due to overall better
memory for some items and worse memory for others (Hicks &
Starns, 2016; Starns & Hicks, 2005, 2008; Vogt & Broder, 2007).

To conclude, the mere presence or absence of stochastic
dependency is not diagnostic for adjudicating between different

theoretical views about memory representations. However, stochas-
tic dependency is just one summary statistic that can be extracted
from the data generated with a dual-report paradigm. In the present
work, we make use of the full pattern of response combinations in a
dual-report paradigm to adjudicate between different hypotheses
about the representation of multielement units in working memory.
Based on our review of the literature, we were able to isolate four
competing accounts: A unitization model, a unitization-with-element-
failure model, a pairwise-binding model, and a hybrid model; we will
explain these models in the next section.

The Present Study

In the present study, we compared four alternative theoretical
ideas about how elements of a unit are bound together in working
memory. We use the full distribution of response combinations that
can be observed with a dual report task in which participants have
to report two elements of the same unit, identified by a third element
of that unit given as cue. Using this experimental paradigm, we
assessed the pattern of retrieval dependencies across three
experiments. In Experiment 1, we followed the tradition of source
memory research using color, word, and location combinations
(Boywitt & Meiser, 2012a); whereas in Experiment 2, we followed
the tradition of visual working memory by using color, orientation,
and location combinations (Schneegans & Bays, 2017). In
Experiment 3, we omitted spatial information and focused on
assessing the bindings between colors, words, and orientations.
This experiment served to investigate how units are represented,
when there is no location information that could help to bind their
elements together.

The general experimental paradigm involved the presenta-
tion of several units, each with three elements. For instance, in
Experiment 1, the units were word—color—location conjunctions
(see Figure 1 for an illustration of the stimuli and the procedure).
One unit is chosen at random as the target by presenting one of its
elements as cue (e.g., the word). This is followed by two tests, one
for each of the remaining elements of the target unit. For instance,
given a word cue, the first test would pertain to the word’s color,
and the second to its location (or vice versa). In each test display
participants choose between eight response options: The correct
element, the elements of the other units in the memory set (on the
tested element dimension), and three elements not used in the
current trial. Each trial yields a pair of responses that belong to one
of 10 response categories, listed in Table 1.

We used the frequency distribution of responses over the
10 categories to adjudicate between the four contrasting accounts
of the memory representations of a unit with multiple elements
(i.e., unitization model, unitization-with-element-failure model,
pairwise-binding model, and hybrid model). In the following, we
discuss these conceptual models highlighting their predictions
about stochastic dependency (summarized in Table 2).

According to the two unitization models, the elements of a single
unit are thought to be integrated, and are all bound to a unified
representation. A pure unitization model predicts that successful
retrieval of one element of a unit is necessarily accompanied by
successful retrieval of all other elements of the unit (Figure 2a). In
that case, there should be a strong dependency among the different
elements. As long as any unit in memory can be accessed at all, all its
elements can be reported; if it happens to be the wrong unit, then all
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Figure 1

Trial Structure in Experiment 1: Cued Recall Task With Two Responses

Color Cue (500 ms)
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Note.

The sample array for each trial consisted of five units with randomly chosen colors, words, and locations. On color-cue trials, participants were shown a

color from the sample array and had to sequentially report the matching location and matching word. On word-cue trials, participants were shown one word and
had to report both matching location and color. On location-cue trials, a location appeared as a cue and participants had to report the word and color. See the

online article for the color version of this figure.

reported elements come from the same wrong unit. This model
implements the all-or-none assumption associated with the strong
object hypothesis about visual working memory (e.g., Cowan, 2001;
Hollingworth & Henderson, 2002; Ngiam et al., 2024; Rensink,
2000).

By contrast, the unitization-with-element-failure model—based
on proposals by Cowan et al. (2013) and Ngiam et al. (2024)—states
that after successfully retrieving a unit, accessing individual
elements can fail independently (Figure 2b). In that case, accessing
one element is to some extent independent of whether the other
element is also accessed or not, though independence is far
from complete. The first step of retrieval—accessing an integrated
unit—creates dependency: Given the unit that has been retrieved,
only elements of that unit can be accessed. The second step—
accessing elements within the retrieved unit—creates indepen-
dence, conditional on the retrieved unit: If readout of one element

Table 1

fails, that has no impact on the probability that readout of another
element fails.

According to the pairwise-binding model, elements of a unit are
represented separately and are bound together in pairs as shown in
Figure 2c¢ (left). In this model, when tested with a cue, two paths of
retrieval can be used to access a target element; the direct and the
indirect path. On the direct path, the binding from the cue to the
target element is used. On the indirect path, the given cue is used to
retrieve the other element, which in a second step serves as cue to the
target element. The idea of such an indirect retrieval path is derived
from the work of Boywitt and Meiser (2012a). Retrieval through the
direct path leads to the prediction that memory for one element is
completely independent of memory for another element of the same
unit. The indirect retrieval path, by contrast, leads to stochastic
dependency: If the first step leads to retrieval of the other element of
the wrong unit, the second step is likely to also lead to the target

Categories of Response Combinations From the Dual-Report Paradigm, Using an Example of Color and Location, Given Word as a Cue

Response categoriy

Definition

orrec , Lorrec
C tCr)lnr C tL(.)cauon
COITCCICO]OI , LureLocau(»)n
COI‘I'CCtCOIm, Exu‘aana’tmn
Lurt eColor’ Corre: CtLocan(-m
Xtra OrITeC
Extr: Colnry C tLo.catmn
EXtI”aCOlDr, ExtraLoca.uon
EXtIaCOk)r, LureLocalfnn
LureColor’ EXtraLocauon .
Llll'e_SCOlor, Lure—SLocalmn
Lure_dc"lo', Lure_dLocauon

Report the correct color and location.

Report the correct color and report the location of a nontarget unit in the memory set.

Report the correct color and report a location not occupied by any unit in the memory set.

Report the color of a nontarget unit in the memory set, and report the correct location.

Report a color not included in the memory set, and report the correct location.

Report a color and a location not included in the memory set.

Report a color not included in the memory set, and report the location of a nontarget unit in the memory set.

Report the color of a nontarget unit in the memory set, and report a location not occupied by any unit in the memory set.
Report the color and location of the same nontarget unit in the memory set.

Report color and location of different nontarget units in the memory set.
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Table 2

Predictions of the Four Conceptual Models of Binding for Stochastic Dependency Analysis

Conceptual model

Stochastic dependency prediction

1. Unitization model

High dependency between element recall: Both reported elements come from the same unit, unless unit

retrieval fails and both elements are guessed.

2. Unitization-with-element-failure model

Retrieval of unit implies dependency between elements that are accessible. Accessing one element of the

retrieved unit is independent of whether the other element is also accessed or not.

3. Pairwise-binding model

Direct retrieval path from cue to target element implies independence. Indirect path through the other

element leads to dependency.

Location-binding model

With a location cue, elements are recalled independently of each other. With nonlocation cues, the other

nonlocation element is retrieved only indirectly through a shared location; which leads to high
dependency between element recall.

4. Hybrid model
using the element path.

Perfect dependency between element recall when using the unit path and perfect independence when

element of that same wrong unit. The overall degree of stochastic
dependency depends on the proportion of trials on which the indirect
retrieval path is used.

A special case of this model is the location-binding model
illustrated in Figure 2c (right), which represents the location-
binding hypothesis of Schneegans and Bays (2017). In this model,
the nonlocation elements are assumed to be bound together
only indirectly through their location. Hence, this model predicts
that when location is given as a cue, retrieving one element
should occur independently of whether the other element is
retrieved or not, because only the direct retrieval path is available.
In contrast, if one of the nonlocation elements is the cue, the other
nonlocation element can be retrieved only indirectly through a
shared location. In that case, strong stochastic dependency should
be observed.

According to the hybrid model, unit representations contain
both integrated units and separate elements that are bound pairwise
together (Figure 2d). A target element can be accessed on two

Figure 2
Conceptual Models of Binding

(@) (b) ()

[Orientation] [ Color ] [Orientation] [ Color ]

paths. One is through retrieving the integrated representation, then
reading out the target element from it. The other is to access the
target element from the cue through their pairwise binding. If
the pairwise bindings path is used, only the direct binding from the
cue to the tested element is used. In this model, the integrated unit
path generates perfect dependency, whereas the element path
generates perfect independence. The degree of overall dependency
depends on the proportion of trials in which the integrated unit
path is used. Our hybrid model is inspired by hybrid models of
visual working memory (e.g., Cowell et al., 2019; Geigerman
et al., 2016; Qian et al.,, 2019; Vergauwe & Cowan, 2015)
in which an integrated object representation exists alongside a
representation of individual elements (features). Here, we make
the additional assumption that the individual elements are linked
through pairwise bindings.

Taken together, various degrees of dependency of recall of
different elements of a unit can be produced by different theories.
Therefore, relying only on the observed stochastic dependency of

(d)

[Orientation]—[ Color ]

[Orientation]_[ Color ][Orientation] [ Color ]

Unitization Model Unitization-With-Element-Failure Model

Pairwise-Binding Model

Location-Binding Model Hybrid Model

Note. The possible representations of one stimulus with color—orientation—location combination. (a) The unitization view suggests that a unit with multiple
elements is either remembered completely or not at all (a double line represents bindings that never fail). (b) The unitization-with-element-failure model posits
that elements of a unit are not remembered completely. When a unit has been retrieved, people could fail in accessing one or several elements of that unit
(a broken line represents bindings that could fail). (c) In the pairwise-binding model, elements (including location) are not integrated and are instead
represented individually, bound pairwise together. A special case of this model is the location-binding model (right): Elements of a unit are potentially bound
to each other only indirectly via shared location. (d) The hybrid model states that units are represented at multiple levels—both in terms of integrated
representations and separate elements, bound pairwise together. If the unit (i.e., the node in the center) cannot be accessed (i.e., the unit path), the direct path of

retrieval is used (i.e., the element path).
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recall cannot be diagnostic to decide between the contrasting
hypotheses of memory representations. Hence, the aim of the current
work is to test these accounts against each other by analyzing the
full distribution of response combinations (Table 1) with four
multinomial process tree (MPT) models. Each MPT model is built
on one conceptual model of how a unit with multiple elements is
represented in memory. Further, each multinomial model contains
memory and guessing parameters for the two elements given the
retrieval cue. We selected the model that supported our data best,
based on a model fit evaluation and comparison (see the Analytic
Approach section for details).

The MPT Models

MPT models are statistical models used to predict categorical
frequency data by sets of unobservable cognitive processes
(Batchelder & Riefer, 1999). They are tailored to a specific
psychological research paradigm and are based on substantive
theoretical work regarding the processes involved in the psycho-
logical phenomenon investigated in this paradigm (e.g., Bayen &
Murnane, 1996). Thereby, MPT models can be used to evaluate
theories of a given psychological phenomenon as well as to
estimate probabilities of the latent processes specified in the
theory.

In this section, we describe the four proposed MPT models
along with their theoretical assumptions. The tree structures shown
in Figures 3-8 have a general form, in which C is used for the cue,
E1 for the first to-be-recalled element, and E2 for the second to-be-
recalled element. Depending on the cue conditions, these were
different elements.

Unitization Model

In the Unitization model we assumed that there is only a single
integrated representation of each unit (Figure 2). This model has
12 free parameters. The first branch represents the probability that
the person retrieves an entire unit given the cue, which is reflected by
the parameter P(U). If people remember the correct (“target”) entire
unit, with probability P(U7|U), they can report the two elements
associated with the cue. If they fail to retrieve the target unit, which
happens with probability I — P(U|U), they report the two elements
of whichever wrong unit they retrieved, leading to lure-same
responses (i.e., reports of two elements from the same unit, but not
the correct unit). If they fail to remember an entire unit, which occurs
with probability I — P(U), the responses made to the two elements
occur on the basis of guessing (see the Modeling Guessing in MPT
Models section for details).

Unitization-With-Element-Failure Model

In the unitization-with-element-failure model, when people
remember a unit, they might not remember all of its elements—
individual elements of a unit can get lost with a certain probability.
In this model, there are 12 free parameters. When people retrieve an
entire unit (the correct or another one), that does not always lead to a
response combination correct—correct or lure-same, lure-same (for
first and second element, respectively), because their memory for
individual elements of that unit could fail either in memory, or
when they try to read out that information from the retrieved unit.

With a probability P(U), people retrieve a unit in response to the
cue (Figures 4-6). People can remember the correct (“target”)
unit with probability P(U;|U) or an incorrect (“nontarget”) unit
with probability I — P(U7|U). If they retrieve a unit, they can
access E1 with probability P(rE1) and E2 with probability P(rE2).
Access to elements of a unit is independent—whether one
succeeds in accessing E2 does not depend on whether one succeeds
in accessing £7. When they fail to access an element, they have to
guess it. This possibility of failed readout of elements is applied
independently to each element. When they fail to retrieve a unit,
which occurs with probability / — P(U), they can only guess about
both elements.

Pairwise-Binding Model

In the pairwise-binding model, units are held together only by
pairwise bindings between elements. This model comprises nine
free parameters. In this model, there is a direct retrieval path from the
cue to the target element and an indirect path through the other
element. When tested with a cue, people use both the direct binding
between the cue and the target element, and the indirect path from
the cue to the not-tested element and from there to the target element.
For instance, when a unit’s color is given as a cue, the unit’s
orientation can be accessed directly via the color—orientation
binding, or indirectly by retrieving the unit’s location via the color—
location binding, then retrieving the orientation via the location—
orientation binding.

Inspired by previous findings from the dual-report paradigm,
indicating a privileged status of location in element binding (Kovacs
& Harris, 2019; Pertzov & Husain, 2014; Schneegans & Bays,
2017), we used the pairwise-binding MPT model specifically to
elucidate the role of location in binding other elements. To test
the location-binding hypothesis, we tested a special case of the
pairwise-binding MPT model in which the pairwise binding
between the two not-location elements is set to 0, so that the
relation between these two elements is fully mediated by their shared
location. For instance, when given color as a cue, orientation can only
be retrieved through the indirect path, first using the color—location
binding to access the unit’s location, then using the location—
orientation binding to access the orientation.

The full pairwise-binding model also allowed us to test if other
elements can take the role of location as mediators of the bindings
between other elements. This was accomplished by measuring the
strength of bindings between each pair of elements as a free parameter.
Figure 7 illustrates the model as a processing-tree diagram. The first
branch represents the probability of retrieving the first element,
given the cue. If the first element is remembered with probability
P(rE1|C), the second element can also be remembered given the
cue with probability P(rE2|C). These two processes reflect the
direct retrieval path.

If a person fails to remember the second element, given the cue,
which happens with probability / — P(rE2|C), they can retrieve the
second element via the indirect path, using Element 1 as a cue, with
probability P(rE2|EI). If that fails, with probability I — P(rE2|EI),
they have to guess E2.

If they fail to retrieve the first element, given the cue, with
probability I — P(rEI|C), they can still retrieve the second
element, given the cue, with probability P(rE2|C). In that case, the
first element can be retrieved via the indirect path, using Element 2
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Figure 3
Unitization Multinomial Process Tree Model
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Note. At the end of each branch is the predicted response category, with a yellow background. “Lure” = An element shown in the
memory array, “Extra” = An element not shown in the memory array, “Lure_s, Lure_s” = Both elements are of the same nontarget unit in
the memory set, “Lure_d, Lure_d” = Elements of two different nontarget units in the memory set. P(U) is the probability of remembering
an entire unit; P(U7|U) is the probability of remembering the target unit, given a unit was remembered; P(item EI) is the probability of
remembering which items for Element 1 have been in the current memory list; P(item E2) is the probability of remembering which
items for Element 2 have been in the current memory list; Pg; is the probability of guessing the correct element value for E/ among the
element values in the current list; Pg, is the probability of guessing the correct element value for E2 among the element values in the
current list; Pg;(Lure_s) is the probability of guessing the lure-same element value for E/ that have been in the current list; Pgo(Lure_s) is
the probability of guessing the lure-same element value for E2 that have been in the current list; Py is the probability of guessing the
correct element value for E/ among all response options; Py is the probability of guessing the correct element value for E2 among all
response options; P, (Lure) is the probability of guessing the lure element value for £/ among all response options; Pg(Lure) is the
probability of guessing the lure element value for E2 among all response options; Py»(Lure_s) is the probability of guessing the lure-same
element value for £2 among all response options; Py (Lure_d) is the probability of guessing the lure-different element value for £/ among
all response options; P,>(Lure_d) is the probability of guessing the lure-different element value for E2 among all response options. See the
online article for the color version of this figure.
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Figure 4
Unitization-With-Element-Failure Multinomial Process Tree Model
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Note. Atthe end of each branch is the predicted response category, with the exception of the two broken line branches, which are completed
in Figures 5 and 6. P(U) is the probability of remembering an entire unit; P(U7|U) is the probability of remembering the target unit, given a
unit has been remembered; P(rE1) is the probability of retrieving Element 1 of the retrieved unit; P(rE2) is the probability of retrieving
Element 2 of the retrieved unit. Definitions of other parameters are as in the previous model (see the note of Figure 3). See the online article
for the color version of this figure.

as a cue, with probability P(rEI|E2). If the first element is not
remembered through either the direct or the indirect path, it must be
guessed.

Hybrid Model

The hybrid MPT model tested the theoretical idea of having
two representations: (a) integrated units and (b) pairwise bindings

between elements. At test, people either use the retrieval path
leading to (a) or the path leading to (b). If people use path (a), they
always succeed reading out all elements of the retrieved unit. If
people use (b), they only use the direct binding from the cue to the
tested element—they do not use the indirect path from the cue to the
not-tested element and from there to the tested element. Allowing
element readout failure on path (a) or the indirect path on path
(b) in the hybrid model would make that model too unconstrained,
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Figure 5

Unitization-With-Element-Failure Multinomial Process Tree Model

1-P(item E2)

|

1-P(item E1)

P(item E1)

v oo
e
e H{ oo ]

1-Pg2(Lure_s)

1-Pg1(Lure_s)

Pg2(Lure_d)
1-Pg2(Lure_d)

Lure_d-Lure_d

v o)
e o

Lure_d-Lure_d

1-P(item E2)

Pg2(Lure_d)
1-Pg2(Lure_d)

Lure_d-Lure_d

Lure_d-Lure_d

_Lure-correcl

1-Pg2(Lure_s)

Pg2(Lure)
1-Pg2(Lure)

1-P(item E2)

Pg2(Lure_d)
1-Pg2(Lure_d)

Lure_d-Lure_d

Note. After successfully retrieving a unit with probability P(U), people can retrieve the target unit with P(U7|U) as illustrated in Figure 4 or retrieve the
nontarget unit with probability / — P(Uz|U) which is shown in this part of the model. P(U7|U) = probability of remembering the target unit; P(U) = probability

of remembering an entire unit.

because the model could explain dependencies between retrieving an entire unit, reflected by the parameter P(U), is the probability

the two elements of a unit through both paths (a) and (b).

that people use the retrieval path leading to (a), rather than

The structure of the hybrid MPT model is shown in Figure 8. using (b). If they remember the correct (“target”) unit, with
This model has 18 free parameters. The probability of retrieving probability P(U;|U), they can report the two elements associated
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Figure 6
Unitization-With-Element-Failure Multinomial Process Tree Model
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Note. People can either retrieve an entire unit with probability P(U) as already shown in Figures 4 and 5, or fail to retrieve an entire unit with probability
1 — P(U), which is the case illustrated in the current figure.

with the cue. If they fail to retrieve the target unit, with probability second element, they have to guess the element value for that
1 — P(U7U), they report the two elements of the wrong unit element.
that they retrieved. If they fail to remember an entire unit, with

robability / — P(U), the first element can be retrieved with . ..
grobabilitzf P(rE1|Cue). Independently of whether or not they Modeling Guessing in MPT Models
recall the first element, they can also retrieve the second element We modeled guessing identically across all four MPT models.
with probability P(rE2|Cue). If they fail to retrieve the first or the When bindings in WM fail, memory for the individual elements
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Figure 7
Pairwise-Binding Multinomial Process Tree Model
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At the end of each branch is the predicted response category. P(rEI|C) is the probability of remembering Element 1 given the cue; P(rE2|C) is the

probability of remembering Element 2 given the cue; P(rEI|E2) is the probability of remembering Element 1 given Element 2; P(rE2|EI) is the probability of
remembering Element 2 given Element 1. Definitions of other parameters are as in the previous models (see the note of Figure 3).

(i.e., item memory) that have been encoded is often still intact
(Oberauer, 2019). In the present experiments, we assume that when
people fail to retrieve a target element and have to guess, they can
sometimes rely on their memory of the set of all elements that have
been encoded in the current trial. In that case, they can use that
information to limit their guesses to elements from the current trial.

In the MPT models, if people fail to retrieve the first element,
guessing can use memory for which values for the first element have
been in the memory set with probability P(item EI). In that case,
they can guess between the elements of the five memory items in the
current trial, leading to a correct response with probability é orto a
within-list lure response with probability ‘g‘ . If they fail to retrieve the
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Figure 8
Hybrid Multinomial Process Tree Model
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Note. Atthe end of each branch is the predicted response category. P(U) is the probability of remembering an entire unit; P(U7|U) is the probability
of remembering the target unit, given that a unit was remembered; P(rEI|C) is the probability of remembering Element 1 given the cue; P(rE2|C) is
the probability of remembering Element 2 given the cue. Definitions of other parameters are as in the previous models (see the note of Figure 3). See
the online article for the color version of this figure.
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elements that have been presented in the trial with probability / — P
(item EI), they guess among all eight response options with equal
probability (§ correct, § within-list-lures, and 3 extra-list responses).
Analogously, if the second element cannot be retrieved, the responses
made to it is based on guessing, distinguishing between the case when
people remember the element values presented in the current trial, that
is, with probability P(item E2), and the case where they do not, that is,
with probability / — P(item E2).

Analytic Approach

We used Bayesian statistical analyses, which have been recom-
mended repeatedly for psychological research (e.g., Gallistel & King,
2009; Rouder et al., 2009; Wagenmakers, 2007).

Stochastic Dependency Analyses

We analyzed the data with Bayesian generalized mixed models
run with the brms package (Biirkner, 2017) to examine whether
there is stochastic dependency between the two responses within
each cue condition. The dependent variable is the correctness (0 or
1) of each individual trial in the second tested element. The fixed
effect was memory performance of the first tested element (correct
recall, incorrect recall). We also ran the analysis with correctness
of the first tested element as dependent variable and correctness on
the second tested element as a predictor. We implemented the
maximal random-effects structure; by participant random intercept
and by participant random slope for all main effects. We used a
Cauchy prior on standardized effect sizes with a scale of .353 for the
regression coefficients. We ran this analysis separately for each level
of the cue condition. Evidence for the effect of each predictor was
assessed by comparing the full model that includes the fixed effect to
a model excluding the fixed effect of that predictor. We used the
Bayes factor for model comparison, calculated through the bridge
sampler (Gronau et al., 2017) included in the brms package.

Model-Based Analyses

Because our hypotheses referred to the four proposed MPT
models, most of the analyses were model-based and compared the
relative fit of the alternative models as well as model parameters
between the conditions. We implemented hierarchical Bayesian
MPT models, which estimate the probability of latent cognitive
states on the basis of categorical data (Batchelder & Riefer, 1999).
The assumption in hierarchical Bayesian models is that individual
parameters arise from a common group-level distribution which
is defined by hyperparameters. This way, the model specifies
parameters for individual participants as well as parameters on the
group level (i.e., group means and standard deviations). All MPT
analyses were carried out with the TreeBUGS in R, using the default
uniform priors (see Heck et al., 2018, for details). TreeBUGS uses
the program JAGS (Plummer, 2003) to obtain parameter estimates
by Markov chain Monte Carlo sampling.

To assess goodness of fit, we calculated posterior-predictive
tests (Meng, 1994) and the test statistics 77 and T, (Klauer, 2010)
that quantify the deviation of the data from the model predictions
with respect to the mean and covariance of the individual
frequencies, respectively. On the basis of the posterior samples,
posterior predictive tests rely on these test statistics, evaluated once

to measure the difference between expected data (conditional on
the posterior) and the observed data, and again to measure the
difference between expected data and the posterior predicted data
(i.e., data generated from the model on the basis of the posterior
parameter estimates). Based on these two distributions of the test
statistics 7', and 75, the so-called posterior predictive p value is
computed. Posterior predictive (PP) p values close to 0 indicate
insufficient model fit, whereas larger values indicate satisfactory
fit. We integrated this quantitative evaluation with the visual
examination of the PP, allowing for a nuanced and comprehensive
assessment of the model fit. This was done by plotting the observed
mean frequencies against the distribution of mean frequencies
that are sampled from the hierarchical model, using the posterior
samples as data generating parameters. If the resulting plots show a
small difference between the observed and predicted values, this
indicates a satisfactory model fit. Besides these tests for absolute
goodness of fit, we computed the Watanabe-Akaike information
criterion (WAIC; Watanabe, 2010) for model comparisons. The
WAIC is a fully Bayesian model fit indicator and recommended for
hierarchical model. It balances model fit and model complexity,
and the model with the smallest WAIC value performs best.

The hypotheses concerning differences between parameter values
within each MPT model were assessed by checking whether the
95% Bayesian credibility interval (95% BCI) does not include 0. For
instance, we compared parameter P(U) between the cue conditions
to assess any differences between the cues in the probability of
retrieving an entire unit. We obtained the posterior distribution of
the differences of parameter values across cues by subtracting the
posterior samples of one cue condition from those of the other cue.
We computed the means and the 95% BCI of these differences to
assess the effect of cue on the parameters. For inference, we examine
the proportion of the posterior probability density of a parameter
difference that falls below or above 0. This proportion provides an
estimate of the posterior probability that the true effect is positive or
negative, respectively.

Experiment 1

Studies investigating the question of the representational unit in
WM have almost exclusively tested visual units (i.e., geometrical
shapes with various colors, orientations, etc.). As we are interested
in the binding process generally, not just for visual units, we also
included verbal stimuli.

In a dual-report task, participants viewed five simultaneously
presented colored words (Figure 1). They were asked to remember
the bindings between each unit’s elements (i.e., bindings between
colors, words, and locations). Participants were then given one
element of one unit as a cue (location, color, or word) and had to
sequentially report the other two elements. In this task, the retrieval
cue was first presented for a duration of 500 ms before response
options of the first tested element appeared. This should have
allowed participants enough time to recall the entire unit—if this
was how the information was represented in memory. Past research
has shown that immediately reporting the two elements one after the
other can induce independence between unit elements even if they
are held in a unitized manner (Sone et al., 2021). Responses were
made by selecting from a set of discrete choices (see below for
details), which is similar to the procedure of Schneegans et al.
(2023). This was done to make color and location responses more
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comparable to word responses, which are necessarily discrete, and to
avoid any incentive for participants to treat words differently from
colors or locations only because of the response mode.

It is important to note that in all the present experiments the
elements are combined arbitrarily into units, avoiding any systematic
semantic relation between them. By using new random combinations
on every trial, any idiosyncratic preexisting associations between the
elements are averaged out across trials. In this way, we measure
people’s ability to establish and maintain new bindings in working
memory uncontaminated by their prior knowledge.

Method
Participants

Thirty-four young adults (M,e. = 25.1 years, SD = 4.5, range =
18-35, females = 24, males = 10) from the University of Zurich
were recruited. They completed the experiment in a single session
lasting approximately 1 hr and were compensated with either 15
Swiss Francs or partial course credit for their participation. All
participants were (Swiss-) German native speakers and reported
normal or corrected-to-normal vision. Informed consent was obtained
from all participants. Two participants performed below chance in all
the trials, which indicated inabilities to perform the task or a lack of
compliance, and they were excluded from further analysis. The final
data set therefore consisted of 32 participants.

The sample size of this and the following experiments was
justified by model recovery simulations: We simulated data for N =
32 subjects for Experiments 1 and 2 and N = 34 for Experiment 3
from the two best fitting models (unitization-with-element-failure
and hybrid model) and fit each model to each data set. In all
simulations, the true model—the one that has generated the data—
won the model competition through WAIC. From that we conclude
that our experimental parameters and sample sizes generate
sufficiently strong data to discriminate between the models (see
the additional online material at https://osf.io/nu4sb/).

Materials

Each trial was created by randomly generating five color—word—
location combinations from a set of eight colors, eight words, and
eight locations. The eight words were drawn from a word pool for
each participant anew. The word pool contained 630 concrete
German nouns of three to six letters. The colors were randomly
chosen from a set of eight colors with red, green, blue values of [255
00],[02550],[12800], [128 128 0], [0 0 255], [138 20 236], [204
119 34], and [90 190 255]. These colors were selected, so that they
were easily discriminable. Locations were drawn randomly from a
set of eight possible locations distributed uniformly on a virtual circle
around the central fixation point. Each colored word was positioned
randomly in one of these possible locations in a circle frame (radius =
60°) with the proviso that every circle was separated from its
neighbors (the following and the preceding circle) by 45°.

Design and Procedure

We manipulated the following variables all within-subjects: cue
condition with three levels (word, color, location) and fest order
with two levels (Order 1, Order 2). The test order refers to the two

possible orders in which the two remaining elements are tested given
of one of the cues. This resulted in a 3 X 2 within subject design.

Each trial began with the presentation of a central black fixation
cross (1,000 ms) against a white background, followed by the
memory display (3,000 ms). We chose a long-presentation time to
ensure that memory performance was not reduced due to incomplete
encoding of the sample array (Bays et al., 2009, 2011; Schneegans &
Bays, 2017). The study display comprised five units, which were
random combinations of words, colors, and locations. Each element
of a unit was drawn independently from the set of eight possibilities
described above. Participants were instructed to remember the
bindings between each unit’s elements. After a blank retention
interval of 1,000 ms, one unit was selected for a recall, and
one element of it (word, color, or location) appeared as a cue.
Participants were prompted to report the other two elements one
after another.

In the word-cue condition, one of the words from the sample
array, chosen at random, was selected as the cue. The cue was
presented for 500 ms in the center of the screen in black. Participants
then had to report either the color first and then location or vice versa
(Order 1 vs. Order 2). For the color report, eight colored boxes (the
five colors of the memory set of the current trial and the three
remaining colors as extra-set items) appeared on top of the screen
and arranged in fixed order. Participants used the mouse to select the
color that matched the recalled color of the target. For location
report, eight locations (the five locations of memory set and three
extra-set locations) appeared around the cue, and participants
clicked to select the location of the target.

In the color-cue condition, the cue consisted of a centrally
presented colored circle (for 500 ms) matching the target. Partici-
pants had to indicate either the word first and then the location or
vice versa. For the word report, eight words (the five memory-set
and three extra-set items) were displayed on top of the screen
and arranged in fixed order, and subjects were to click on the
recalled word. The location report proceeded in the same way as in
the word-cue condition.

In the location-cue condition, a filled black circle appeared at the
location of the target for 500 ms, while the circles at not-probed
locations remained blank. Participants then were asked to report
either the word first and then the color of the target unit or vice versa
(randomly determined). Color and word report phases proceeded in
the same way as in the color- and word-cue conditions.

Participants completed 12 initial practice trials, then 150
experimental trials (25 for each cell of the 3 X 2 design). The
order of the cue and testing conditions were fully randomized and
occurred equally often across the experiment. Data and the analysis
scripts can be accessed on the Open Science Framework (https://osf
.io/nudsb/). This study’s design and hypotheses were preregistered;
see https://osf.io/nu4sb/.

Results
Raw Task Performance

The retrieval dependency of every pair of elements for each
combination of cue condition and type of tested element is shown in
Figure 9. The y-axis shows the “proportion correct,” which refers to
the accuracy of recalling the target element (either the first or second
tested element) conditional on the recall accuracy of the other
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Figure 9
The Raw Cued-Recall Performance—Experiment 1
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Note. Each cell represents the probability of recalling the target element given the cue condition, type of element that is tested, and correct/incorrect recall of
the other element. In the left panel, the other element on the x-axis is the first tested element, and the target element is the second tested element. In the right
panel, the other element is the second tested element, and the target element is the first tested element. The y-axis represents the proportion of correctly
recalling one element given that the other element is correctly or incorrectly recalled. For example, in one instance where the cue is “color,” this shows the
probability of recalling the target (i.e., “location), which is the second tested element, based on the accuracy of recalling the first tested element (i.e., “word”)
as indicated on the x-axis. The error bars represent 95% within-subjects confidence interval. See the online article for the color version of this figure.

element (either the first or second tested element). Overall
performance was better following correct recall of the other element
as compared to following incorrect element recall, indicating
generally a stochastic dependency in the retrieval of different
elements of the same unit. We analyzed the data with a Bayesian
logistic mixed-effects model with cue type, target type, and accuracy
of the other element as predictors to predict the accuracy of the target
element. Stochastic dependency is shown, when there is evidence
for keeping the accuracy of the other element as predictor for the
accuracy of the target element in the model. Table 3 summarized the
Bayes factors testing stochastic dependency for each cue type and
test order. They revealed strong evidence for stochastic dependency
for all three cues. However, it is clear from Figure 9 that the strength of
this retrieval dependency varied across the retrieval-cue conditions.

Table 3
Bayes Factors (BF;p) for Stochastic Dependency in Experiment 1

Effect Bayes factor, BFg
Accuracy of the first tested element (color cue) 1.94 x 10'3
Accuracy of the first tested element (word cue) 1.27 x 10"
Accuracy of the first tested element (location cue) 2,059.14
Accuracy of the second tested element (color cue) 3.076 x 10'!!
Accuracy of the second tested element (word cue) 6.05 x 10"7
Accuracy of the second tested element (location cue) 4,748.75

Note. The Bayes factor reflects the strength of evidence for keeping the
effect in question in the model over excluding it. Evidence for keeping the
accuracy of the other tested element as predictor in the model signals
stochastic dependency.

There was stronger retrieval dependency in the color- and word-cue
conditions compared to location-cue condition. Recall accuracy
varied across the kinds of elements, with both locations and words
being recalled better compared to colors.

Model-Based Analyses

Each MPT model was fitted to the three cue conditions
simultaneously. The goodness-of-fit statistics 71 and 72 (Klauer,
2010) indicate whether the model predictions are in line with the
observed mean frequencies and covariances across participants,
respectively. The corresponding PP p values were p; =0 and p, =0
in the unitization model, p; = 0.01 and p, = 0.47 in the unitization-
with-element-failure model, p; = 0 and p, = 0.09 in the pairwise-
binding model, and p, = 0.13 and p, = 0.39 in the hybrid model.
Thus, the findings indicate a good fit for the hybrid model and
insufficient fits for the other models. Additionally, as illustrated in
Figure 10, the observed and predicted values of the hybrid model
differ only slightly, showcasing its superior performance compared
to other models. For all parameters in each MPT model, the potential
scale reduction factor was Rhat < 1.06, indicating good convergence
of the Markov chain Monte Carlo chains.

Though the hybrid MPT model shows a good fit, it has more free
parameters and therefore is more flexible compared to the other
models. To take the models’ flexibility into account, we computed
the WAIC for each model and the standard error of the WAIC
differences. Table 4 provides the WAIC results for the four MPT
models. The hybrid model received the lowest WAIC, making this
the winning model. The WAIC difference between the hybrid model
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Figure 10

AL HADHRAMI, BARTSCH, AND OBERAUER

Mean Observed and Predicted Frequencies of Response Combinations—Experiment 1

Observed (blue) and Predicted Mean Frequencies (red)
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refer to location when cued with

word and color, and to color when cued with location. See the online article for the color version of this figure.

and the other models was substantial, which is decisive evidence
against those models. An additional check for a possible flexibility
advantage of the hybrid model can be obtained from our model
recovery simulation. If the hybrid model won the competition, only

because it is more flexible than the other models, then it should tend
to win the model competition also when fit to data that are simulated
by the strongest competing model, the unitization-with-feature-
failure model. That was the case only in one of 10 simulation runs,
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Table 4
Summary of WAIC Results for Multinomial Process Tree Models in
Experiment 1

Model WAIC pWAIC dWAIC SE

Unitization model 5,474.89
Unitization-with-element-failure  2,942.75

model
Pairwise-binding model
Hybrid model

117.18 2,546.73 235.02
132.64 1459  48.50

2,988.58
2,928.16

127.39 6042  49.37
147.18 0 46.11

Note.  WAIC = smaller values are better, as they reflect lower out of
sample deviance, pWAIC = estimated effective number of parameters,
dWAIC = difference between each model’s WAIC and the model with
lowest WAIC, SE = the standard error of the WAIC value over data points
(trials). The robustness of the WAICs for the closest competitors (i.e.,
hybrid and unitization-with-element-failure models) was assessed by fitting
each model 10 times and computing WAIC after each fit. Every WAIC
estimate of the hybrid model was smaller than every WAIC estimate of the
unitization-with-element-failure model.

and in that case only by a small margin (a WAIC difference of 3.5;
see the additional online material: https://osf.io/nu4sb/).

Table 5 shows the group-level MPT parameters for the hybrid
MPT model in the three cue conditions. The analysis of the
probability of retrieving a unit, P(U), indicates accessibility of
integrated unit representations given all the cues. We tested whether
this parameter differs between the cue conditions. There was evidence
for a difference between color cues on the one hand, and location and
word cues on the other hand, as the posterior densities lay entirely to
the right of 0 in favor of the color-cue condition (pairwise differences
color-location: 100% > 0; color—-word: 100% > 0). In addition, the
cue effect on the P(U) parameter shows an advantage for word cues
over locations (pairwise difference word-location: 100% > 0).

We also checked the estimates of the pairwise-bindings P(rWord|
Location), P(rWord|Color), P(rLocation|Word), P(rLocation|
Color), P(rColor|Word), and P(rColor|Location). The lower end
of the BCI was 0 in the color—word binding, that is, P(rWord|Color)

Table 5
Parameter Estimates of the Multinomial Hybrid Model in
Experiment 1

Color-cue Word-cue Location-cue
condition condition condition
Parameter M 95%BCI M 95%BCI M 95% BCI
P(U) 0.55 [47,.63] 028 [.21,.34] 0.12 [.07,.18]
P(ULU) 0.61 [.55,.66] 0.85 [.78,.92] 096 [.89,.99]
P(rWord|Cue) 0.06 [.00, .13] 0.59 [.49, .67]
P(rLocation|Cue) 0.39 [.31, .48] 0.59 [.50, .67]
P(rColor|Cue) 0.04 [.00,.10] 0.12 [.05, .20]
P(item Word) 0.29 [.08, .51] 0.30 [.12, 48]
P(item Location) 0.52 [.30,.69] 0.66 [.39, .87]
P(item Color) 0.31 [.20, .41] 0.28 [.18, .48]

Note. Posterior mean and 95% Bayesian credibility intervals (BCI) of
the group-level parameters transformed from normally distributed latent
variables to probabilities, P = ®(p). P(U) is the probability of retrieving an
integrated unit. P(U-U) is the probability of retrieving the target unit, given
that a unit was retrieved. P(rWord|Cue) is the probability of recalling the
word, given the cue type in the column of the table, when using the
pairwise-binding retrieval route. P(item Word) is the probability of having
correct item memory of which words were shown in the present trial.

and P(rColor|Word), suggesting that these probabilities are very
low. In contrast, the probabilities of pairwise binding that involve
location were strong except when reporting color with a location
cue, that is, P(rColor|Location), which was very low. Table 6
summarizes the statistical evaluation of all differences between
these pairwise-binding parameters. Overall, the analysis revealed
evidence for a difference between them, implying stronger pairwise
bindings between word and location and weaker pairwise bindings
that involve color as a target or as a cue.

Discussion

The goal of Experiment 1 was to investigate the four competing
accounts of how units with multiple elements are integrated in working
memory by using MPT models. Our results show that the theoretical
assumption of the hybrid model is better supported than the unitization,
unitization-with-element-failure, and pairwise-binding models.

Our examination of the data with the hybrid model implies that unit
representations contain both integrated units and separate elements
that are bound pairwise together. We can use the model to measure the
relative frequency with which element reports rely on one or the other
kind of representation. The integrated unit was more accessible than
pairwise bindings in response to the color cue, whereas integrated
units were less accessible given word and location cues. The results
suggest that both levels of representations can be used at retrieval; and
their use depends on the cue element. It is possible that the probability
of retrieving a unit is low when there are strong pairwise bindings
between the cue and the target element. In that case, people might not
retrieve an entire unit simply, because retrieving the target element
through the pairwise bindings is easier and faster.

Our findings provide support for the hybrid theoretical idea, and
we could rule out other alternative explanations: Specifically, we
conclude from our findings that shared spatial location (represented
as a special case of the pairwise-binding model) did not underlie
element integration. This goes against previous studies that have
suggested that elements of the same unit may be bound entirely by
virtue of their spatial location (Pertzov & Husain, 2014; Schneegans
& Bays, 2017). What could be a reason for these diverging findings?
One key difference between the current setup and those previous
studies is that our task included words as an element of the tested
unit instead of only visual features such as orientations or shapes.
Therefore, we designed Experiment 2 to include the same element
dimensions used in the original study of (Schneegans & Bays, 2017)
to determine if the results found in Experiment 1 extended to
bindings between exclusively visual features, specifically between
orientations, colors, and locations.

Experiment 2
Method
Participants

A new sample of 34 young adults was recruited from
the University of Zurich. Two participants performed at chance
and were excluded prior to data analysis. The final sample size
was 32 individuals (Mye. = 23.1 years, SD = 3.8, range = 18-33,
females = 23, males = 11).
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Table 6
All Pairwise Comparisons of the Six Pairwise-Binding Parameters
of Experiment 1

The proportion of the posterior

difference
The pairwise-binding parameter 1 2 3 4 5 6
1. P(rWord|Location) — 0 S51 _— 0 —
2. P(rWord|Color) 1 - - | .29
3. P(rLocation|Word) 49 — — 0 - 0
4. P(rLocation|Color) — 0 1 - 0 —
5. P(rColor|Location) 1 — — ) B .02
6. P(rColor|Word) - 71 21 - 98 -
Note. Each cell represents the proportion of the posterior difference that

is above O (with the difference always in the direction column minus row).
For example, a posterior difference of 1 between P(rWord|Location) and
P(rWord|Color) suggests a clear advantage for remembering words when
cued with location compared to when cued with color. The pairwise
comparisons test the following differences: differences between cues for
accessing the same element (yellow cells), differences between retrievability
of elements, given the same cue (green cells), differences between the two
retrieval directions for the same pair (gray cells). See the online article for
the color version of this table.

Materials

Stimuli were the same as the ones used in Experiment 1,
except for the following changes: Set size was reduced to four,
because of the difficulty of the task, and words were replaced by
orientations.

Design and Procedure

Each sample array in Experiment 2 consisted of four colored
oriented triangles presented simultaneously on the screen. Figure 11

Figure 11
Trial Structure in Experiment 2

Color Cue (500 ms)

illustrates the trial structure. The four elongated triangles were
randomly positioned on any of the eight invisible circles that were
spaced evenly around the central fixation. Each triangle was presented
randomly at one of the eight predefined orientations (45°-360°, in
45° steps) and in one of the eight predefined colors (same as in
Experiment 1). After the presentation of the sample array for 3,000 ms
and a blank retention interval of 1,000 ms, a cue was presented for 500
ms to indicate which triangle from the sample array was the target.

In the color-cue condition trials, the cue was a circle matched in
color to the target. Participants had to sequentially indicate the
orientation and the location (or vice versa) of the target by clicking
the mouse. During the orientation report phase, eight orientations
(the four memory set items and four extra set items) appeared on the
top of the screen, and participants had to use the mouse to select the
orientation of the target. As in Experiment 1, for location report,
eight locations (the four memory set items and four extra set items)
appeared around the cue and participants used the mouse to select
the location of the target. In the orientation—cue trials, the cue was a
centrally presented black triangle matched in orientation to the
target. Participants had to sequentially indicate the color first and
then the location of the target or vice versa (randomly determined).
For the color report, eight colored boxes (the four memory set items
and four extra set items) appeared on top of the screen. The location
report phase proceeded in the same way as in the color-cue condition.
In the location-cue trials, a filled black circle appeared at the location
of the target for 500 ms, while the circles at nonprobed locations
remained blank. Participants then were asked to report either the
orientation first and then the color of the target unit or vice versa
(randomly determined). Color and orientation report phases
proceeded in the same way as in the color- and orientation-cue
conditions. As in Experiment 1, participants completed 12 initial
practice trials, then 150 experimental trials (25 for each cell of the 3 X
2 design). Data and the analysis scripts can be accessed on the Open
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Science Framework (https://osf.io/nudsb/). This study’s design and
hypotheses were preregistered, see https://osf.io/nu4sb/.

Results
Raw Task Performance

As in Experiment 1, the data (Figure 12) show that the recall
probability for one element was higher when the response for the
other element was correct versus incorrect, in all cue conditions. This
stochastic dependency is more pronounced in the color and orientation
cue conditions compared to the location-cue condition (Table 7). The
data also suggest that participants perform approximately equally well
for each individual element.

Model-Based Analyses

We analyzed the data with the same four hierarchical MPT models
as in Experiment 1. The PP p values were as follows: p; =0 and p, =
0 for the unitization model, p; = 0 and p, = .31 for the unitization-
with-element-failure model, p; = 0 and p, = .03 for the pairwise-
binding model, and p; = .01 and p, = .27 for the hybrid model.
Considering these results alongside the alignment between observed
and predicted values, as depicted in Figure 13, our findings indicate
a good fit for the hybrid model. In contrast, inadequate fits are
suggested for the other models based on this combined assessment.

The potential scale reduction factor was Rhat < 1.06, indicating
good convergence, so that the parameter estimates in all MPT
models are proper approximations of the true posteriors. WAIC
model comparison (Table 8) revealed a big WAIC difference
between the hybrid model, which has the lowest WAIC, and the
other models, providing further evidence that the hybrid model best
explains the data.

Figure 12
The Raw Cued-Recall Performance—Experiment 2
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Table 7
Bayes Factors (BF ;) for Stochastic Dependency in Experiment 2

Effect Bayes factor, BF(
Accuracy of the first tested element (orientation cue) 7.99 x 10%
Accuracy of the first tested element (color cue) 3.04 x 10°°
Accuracy of the first tested element (location cue) 107.98
Accuracy of the second tested element (orientation cue) 2.73 x 10°°
Accuracy of the second tested element (color cue) 3.45 x 10*
Accuracy of the second tested element (location cue) 34.59

Note. The Bayes factor reflects the strength of evidence for keeping the
effect in question in the model over excluding it. Evidence for keeping the
accuracy of the other tested element as predictor in the model signals
stochastic dependency.

The group-level MPT parameters for the hybrid MPT model in
the three cue conditions can be found in Table 9. We tested whether
the P(U) parameter and the pairwise-binding parameters differ from
0 within each cue condition. For the spatial cue, the lower end of the
BCI of the P(U) parameter touched 0, whereas for the nonspatial
cues it did not. This indicates that only the location cue did
not credibly enable access to integrated unit representations.
Pairwise comparisons of parameter posteriors confirm that color and
orientation were stronger cues to integrated units than location, and
did not differ from each other (pairwise differences color—
orientation: 42.7% > 0; color-location: 100% > 0; orientation—
location: 100% > 0).

Examining the pairwise-binding parameters P(rOrientation|
Color), P(rOrientation|Location), P(rLocation|Color), P(rLocation|
Orientation), P(rColor|Orientation), and P(rColor|Orientation)
suggests that the target element could be retrieved also through
the pairwise binding in case the integrated unit retrieval failed.
Pairwise comparisons revealed superior pairwise bindings of location
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Note. Each cell represents the probability of recalling the target element given the cue condition, type of element that is tested, and correct/incorrect recall of
the first tested element (left) and of the second-tested element (right). The error bars represent 95% within-subjects confidence interval. See the online article

for the color version of this figure.
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Figure 13
Mean Observed and Predicted Frequencies of Response Combinations—Experiment 2

Observed (blue) and Predicted Mean Frequencies (red)
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Table 8
Summary of WAIC Results for Multinomial Process Tree Models in
Experiment 2

Model WAIC pWAIC dWAIC SE
Unitization model 4,382.61 101.99 1784.14 133.03
Unitization-with-element-failure  2,664.14  140.67 65.67 59.05
model
Pairwise-binding model 2,799.79 146.74 201.32 62.62
Hybrid model 2,598.47 128.17 0 61.79

Note.  WAIC = smaller values are better, as they reflect lower out of
sample deviance, pWAIC = estimated effective number of parameters,
dWAIC = difference between each model’s WAIC and the model with
lowest WAIC, SE = the standard error of the WAIC value over data points
(trials). The robustness of the WAICs for the closest competitors (i.e.,
hybrid and unitization-with-element-failure models) was assessed by fitting
each model 10 times and computing WAIC after each fit. Every WAIC
estimate of the hybrid model was smaller than every WAIC estimate of the
unitization-with-element-failure model.

to both visual elements compared to pairwise bindings between
the two visual elements. All possible pairwise comparisons are
summarized in Table 10.

Discussion

As in Experiment 1, Experiment 2 provides clear evidence for the
hybrid model and against the other three models (i.e., the unitization,
unitization-with-element-failure and pairwise-binding accounts).
As in Experiment 1, these results contrast with the findings of
Schneegans and Bays (2017) and challenge the special role of
location in indirectly binding the nonlocation elements.

When analyzing the data through the lens of the hybrid model, we
found robust evidence that integrated unit representations were
accessible given color and orientation cues, but not with location

Table 9
Parameter Estimates of the Multinomial Hybrid Model in
Experiment 2

Color-cue Orientation-cue Location-cue
condition condition condition
Parameter M 95%BCI M 95%BCI M 95% BCI
P(U) 0.54 [42,.63] 0.57 [48,.65] 0.18 [.04,.29]
P(ULU) 091 [.87,.94] 0.86 [.81,.91] 0.97 [.90,.99]
P(rOrientation| 0.47 [.32,.61] 0.54 [.43, .64]
Cue)
P(rLocation|Cue) 0.74 [.66, .81] 0.65 [.59,.72]
P(rColor|Cue) 034 [.23,.45] 0.67 [.57,.76]
P(item 0.11 [.01,.23] 0.21 [.11,.30]
Orientation)
P(item Location) 0.08 [.00,.25] 0.17 [.01, .41]
P(item Color) 0.21 [.08,.33] 0.29 [.14, .42]

Note. Posterior mean and 95% Bayesian credibility intervals (BCI) of the
group-level parameters transformed from normally distributed latent variables
to probabilities, P = ®(p). P(U) is the probability of retrieving an integrated
unit. P(UAU) is the probability of retrieving the target unit, given that a unit
was retrieved. P(rOrientation|Cue) is the probability of recalling the orienta-
tion, given the cue type in the column of the table, when using the pairwise-
binding retrieval route. P(item Orientation) is the probability of having
correct item memory of which orientations were shown in the present trial.

cues. The results show that with a location cue, people very rarely
use the integrated unit retrieval path. Therefore, for location cues,
the model generates very little stochastic dependency. When a unit
was cued by its location, memory for orientation and color were
largely independent (though not entirely, see Table 7). By contrast,
when color or orientation are used as cues, the integrated unit
retrieval path is used more often, generating stronger stochastic
dependency. These findings are in line with previous findings of
independent report errors when location was a cue, and two
nonlocation elements had to be recalled (Bays et al., 2011; Fougnie
& Alvarez, 2011), and they are also in line with the findings of
Schneegans and Bays (2017) and Schneegans et al. (2023) that when
a nonlocation element is used as cue, the reports of location and of
another nonlocation element are strongly dependent. This is the set
of findings that motivated Schneegans and Bays to propose that
nonlocation elements are bound together only indirectly through
their shared location. We have incorporated that idea as a special case of
the pairwise-binding model, which only includes the pairwise bindings
between location and nonlocation elements (and no integrated
unit representations). That model makes the correct qualitative
predictions about stochastic dependency: It predicts less stochastic
dependency (i.e., fewer correct, correct and lure-same, lure-same
combinations, and more combinations of a correct with an incorrect
response) for location cues than for nonlocation cues (see Figure 13).
Nevertheless, its quantitative account of the full distribution of
response combinations is substantially worse than that of the hybrid
model. One reason for that is probably that in our data, the stochastic
dependency when given a location cue was small but not 0.

Experiment 3

The aim of Experiment 3 is to further generalize our findings
by replicating them using a new triplet of elements. If location
plays a special role for binding elements together, our conclusions
up to here might not generalize to units that do not have a unique
location. To test that possibility, in Experiment 3, we dropped the
location cue and assessed the bindings between colors, words and
orientations.

Method
Participants

We recruited 34 new participants (M,,. = 21.9 years, SD = 3.1,
range = 18-30, females = 30, males = 4) from the University of
Zurich.

Materials

Each trial was created by randomly combining four colors,
four words and four orientations. We used the same colors used in
Experiments 1 and 2, the orientations were the same as in Experiment
2, and the words were the same as in Experiment 1.

Design and Procedure

The design and procedure of Experiment 3 were identical to those
of Experiments 1 and 2, except for the following changes to the
presentation mode and sample array (Figure 14). Each trial consisted
of a sequence of four units displayed in the screen center. Each unit
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Table 10
All Pairwise Comparisons of the Six Pairwise-Binding Parameters
of Experiment 2

The proportion of the posterior
difference

The pairwise-binding parameter 1 2 3 4 5 6

1. P(rOrientation|Location) — 23 95— 97 -
2. P(rOrientation|Color) 76— - 1 - .09
3. P(rLocation|Orientation) 48 - — 91 — [0

4. P(rLocation|Color) — [0 84 - a5 -
5. P(rColor|Location) 260 — — 8 - 10

6. P(rColor|Orientation) - 90 1 - 1 -

Note. Each cell represents the proportion of the posterior difference that
is above O (with the difference always in the direction column minus row).
For instance, the proportion of positive posterior differences between
P(rOrientation|Location) and P(rOrientation|Color) is .76, indicating a
higher proportion of remembering orientation when cued with location
compared to when cued with color. The pairwise comparisons test the
following differences: differences between cues for accessing the same
element (yellow cells), differences between retrievability of elements,
given the same cue (green cells), differences between the two retrieval
directions for the same pair (gray cells). See the online article for the color
version of this table.

was a random combination of a color, a word, and an orientation. To
give participants enough time to encode the units with all their
elements, each unit was shown for 750 ms followed by a 300-ms
blank screen. At the end of each sequence, a 1,000-ms blank screen
appeared, and then recall for one of the units was tested by a cue that
was either an orientation, a word, or a color presented at the center of

Figure 14
Trial Structure in Experiment 3

Sample (750 ms)

ISI (300 ms)

Sample (750 ms)

the screen. Following the cue, participants had to report the other
two elements one after another.

In the color-cue condition, the cue was a circle matched in
color to the target. Participants had to sequentially indicate the
orientation and the word (or vice versa) of the target by clicking
the mouse. During the orientation report phase, eight orientations
(the four memory set items and four extra set items) appeared on
the top of the screen, and participants had to use the mouse to
select the orientation of the target. For word report, eight words
(the four memory-set and four extra-set items) were displayed on
top of the screen and arranged in fixed order, and participants were
to click on the recalled word. In the orientation-cue trials, the cue
was a centrally presented triangle matched in orientation to the
target. Participants had to sequentially indicate the color first and
then the word of the target or vice versa (randomly determined).
For the color report, eight colored boxes (the four memory-set
items and four extra-set items) appeared on top of the screen. The
word report phase proceeded in the same way as in the color-cue
condition. In the word-cue trials, one of the words from the sample
array, chosen at random, was selected as the cue. Participants
then were asked to report either the orientation first and then the
color of the target unit or vice versa (randomly determined).
Color and orientation report phases proceeded in the same way as
in the color- and orientation-cue conditions. As in Experiments 1
and 2, participants completed 150 experimental trials (25 for each
cell of the 3 X 2 design). Data and the analysis scripts can be
accessed on the Open Science Framework (https://osf.io/nu4sb/).
This study’s design and hypotheses were preregistered; see https://
osf.io/nu4sb/.

~ Color Cue (500 ms) ]

Note.

Delay (1000 ms)
Orientation Cue (500 ms)

=

Word Cue (500 ms)

Hat

A total of four units were presented sequentially and at same locations in each trial. The response options are identical to the previous experiments.

ISI = interstimulus interval. See the online article for the color version of this figure.


https://osf.io/nu4sb/
https://osf.io/nu4sb/
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https://osf.io/nu4sb/

publishers.

and is not to be disseminated broadly.

ghted by the American Psychological Association or one of its allied

article is intended solely for the personal use of the individual user

This document is copyri

This

ANALYSIS OF BINDINGS IN WORKING MEMORY 23

Results
Raw Task Performance

Figure 15 indicates that the probability of recalling one element
was higher in case the other element was also recalled correctly,
mirroring the patterns observed in Experiments 1 and 2. This retrieval
dependency was more pronounced in response to color and word
cues in comparison to orientation cues (Table 11). Moreover, words
and orientations were better recalled than colors.

Model-Based Analyses

The analysis of goodness-of-fit and WAIC model comparison
revealed a good fit for the hybrid model, replicating the findings from
Experiments 1 and 2. The corresponding PP p values were p; = 0 and
p> = 0 in the unitization model, p; = 0.01 and p, = 0.49 in the
unitization-with-element-failure model, p; = 0 and p, = 0.05 in the
pairwise-binding model, and p; = .04 and p, = 0.54 in the hybrid
model. The observed and predicted values of all models are illustrated
in Figure 16.

Table 12 shows the WAIC results, with the lowest WAIC value for
the hybrid model. There are large differences between the WAIC
values of the hybrid model and the other models. Similar to what we
found in Experiments 1 and 2, the results provide decisive evidence
that the hybrid model accounts for the data better than the other three
models.

Table 13 shows the group-level MPT parameters for the hybrid
MPT model. The analysis revealed evidence for the presence of
integrated unit representations in all the cue conditions. Using the
integrated unit path was substantially more probable for color cues
than for word and orientation cues, which did not differ from each
other (pairwise difference color—orientation: 100% > 0; color—word:
100% > 0; orientation—word: 11.2% > 0).

Figure 15
The Raw Cued-Recall Performance—Experiment 3
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Table 11
Bayes Factors (BF ;) for Stochastic Dependency in Experiment 3

Bayes factor,

Effect BF,o
Accuracy of the first tested element (color cue) 5.52 x 10'%
Accuracy of the first tested element (word cue) 5.85 x 102
Accuracy of the first tested element (orientation cue) 10,220.59
Accuracy of the second tested element (color cue) 434 x 108
Accuracy of the second tested element (word cue) 434 x 105
Accuracy of the second tested element (orientation cue) 1239.995

Note. The Bayes factor reflects the strength of evidence for keeping the
effect in question in the model over excluding it. Evidence for keeping the
accuracy of the other tested element as predictor in the model signals
stochastic dependency.

Assessing the pairwise binding parameters revealed evidence
for a strong word—orientation binding, whereas the pairwise
bindings that involve color as a cue or as a target element were low
(see Table 14).

Discussion

Consistent with the findings of Experiments 1 and 2, Experiment
3 yielded further evidence in favor of the hybrid model. This model
fit the data better than the three alternative models. Analyzing the
data using the hybrid model showed that even in the absence of
distinct locations, access to integrated unit representations was not
reduced and rather was present in all the cue conditions. These
results provide support that integrated unit representations rather
than locations underlie the bindings of visual elements (Kahneman
et al., 1992; Kondo & Saiki, 2012; Logie et al., 2011; Treisman &
Zhang, 2006).

Cue Condition

Color Orientation Word
1.00
0.75
&
0.50 3 3 g
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0.75 3 3| 3
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-
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Second Tested Element

Each cell represents the probability of recalling the target element given the cue condition, type of element that is tested, and correct/incorrect recall of

the first tested element (left) and of the second-tested element (right). The error bars represent 95% within-subjects confidence interval. See the online article

for the color version of this figure.
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Figure 16
Mean Observed and Predicted Frequencies of Response Combinations—Experiment 3

Observed (blue) and Predicted Mean Frequencies (red)
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Note. Each panel shows the posterior-predicted data for one of the models. The error bars represent the SD of the posterior predictive distribution. The first
listed responses refer to color when cued with word and orientation, and to orientation when cued with color. The second listed responses refer to word when
cued with orientation and color, and to orientation when cued with word. See the online article for the color version of this figure.

The parameter estimates for P(U) in Table 13 showed that
both orientation and words were weak cues to the integrated
unit representation. This reflects the observation that the
stochastic dependency was fairly weak for these two cues (see

the middle and right column in Figure 15). In contrast, color
was estimated to be a strong cue to the integrated unit, which
translates to a strong stochastic dependency between recall of
words and orientations, as was observed (left column of Figure 15).
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Table 12
Summary of WAIC Results for Multinomial-Process Tree Models in
Experiment 3

Models WAIC pWAIC dWAIC SE

Unitization model 4,787.24
Unitization-with-element-failure  3,471.94

model
Pairwise-binding model
Hybrid model

13343 1,335.45 142.02
156.46 20.15  53.04

3,555.77 151.11 103.98  61.22
3,451.79 181.99 0 52.57

Note.  WAIC = smaller values are better, as they reflect lower out of
sample deviance, pWAIC = estimated effective number of parameters,
dWAIC = difference between each model’s WAIC and the model with
lowest WAIC, SE = the standard error of the WAIC value over data points
(trials). The robustness of the WAICs for the closest competitors (i.e.,
hybrid and unitization-with-element-failure models) was assessed by fitting
each model 10 times and computing WAIC after each fit. Every WAIC
estimate of the hybrid model was smaller than every WAIC estimate of the
unitization-with-element-failure model.

Taken together, the findings across three experiments suggest that
the degree of dependency when retrieving multiple elements of the
same unit varies considerably with the choice of cues and target
elements.

General Discussion

There is considerable debate whether the representational unit of
working memory is always an integrated unit (Lee & Chun, 2001;
Luck & Vogel, 1997; Vogel et al., 2001) or a collection of their
constituent elements (Bays et al., 2009, 2011; Fougnie & Alvarez,
2011; Fougnie et al., 2013). Previous research on visual working
memory suggests that there are multiple levels of representation,
such that stimuli can be stored in both formats, units and elements
(Hardman & Cowan, 2015; Oberauer & Eichenberger, 2013;
Vergauwe & Cowan, 2015; Wheeler & Treisman, 2002). In the
present study, we sought to cover the field of possible theoretical
ideas of how units with multiple elements are stored in and retrieved
from WM fairly broadly by applying a model-comparison approach.

We analyzed the results of three experiments by four MPT
models; each MPT model was built on one theoretical idea about

Table 13

memory representations. Our primary focus was on testing the
different predictions of each view regarding the degree of dependency
between the retrieval of the different elements comprising a unit.
According to the unitization model, there is only a single represen-
tation of an integrated unit. In this model, if memory for one element
is known, the other elements of that unit are also known. The
unitization-with-element-failure model relaxes that assumption:
When people successfully retrieve a unit, report of some of its
elements could still fail, with independent probabilities. According
to the pairwise-binding model, elements of a unit are represented
separately and are bound together in pairs. A special case of this
model is the location-binding hypothesis, where the nonlocation
elements are assumed to be bound together only indirectly through
their location. In the hybrid model, unit representations contain
both integrated units, as well as separate elements linked through
pairwise bindings. At test, people either use the integrated unit
retrieval path or the element path.

Of the four MPT models proposed, the hybrid model provides the
best fit to the data of all three experiments, whereas unitization,
unitization-with-element-failure and pairwise-binding models pro-
vided a poorer quantitative account for the data. Among the latter
three, the two models incorporating opposing strong assumptions—
unitization, and pairwise bindings—fit more poorly than the
unitization-with-element-failure model, which strikes a compromise
between these two strong models. That observation replicates the
findings of Ngiam et al. (2024) from a model comparison between
three models that are rather similar to our unitization, pairwise-
binding, and unitization-with-element-failure models. Yet, our
hybrid model fits better than these three alternatives.

This finding challenges three of the accounts that have gained
some prominence in the literature: The all-or-none assumption of
the unitization model, the incomplete retention of unit’s elements
assumed by the unitization-with-element-failure model, and the
location-binding hypothesis (a special case of the pairwise-
binding model).

The results of all experiments failed to support location-binding
models (Kovacs & Harris, 2019; Schneegans & Bays, 2017)
in which the nonlocation elements are proposed to be bound
together via their shared location in a map of spatial locations
(Wheeler & Treisman, 2002). Instead, we show that integrated unit

Parameter Estimates of the Multinomial Hybrid Model in Experiment 3

Color-cue Word-cue Orientation-cue
condition condition condition
Parameter M 95% BCI M 95% BCI M 95% BCI
P(U) 0.50 [.44, 57] 0.26 [.19, .33] 0.18 [.13, .23]
P(U;U) 0.62 [.56, .69] 0.87 [.79, .94] 0.89 [.79, .97]
P(rWord|Cue) 0.14 [.06, .22] 0.49 [.40, .58]
P(rOrientation|Cue) 0.18 [.10, .28] 0.45 [.35, .55]
P(rColor|Cue) 0.03 [.00, .08] 0.12 [.05, .20]
P(item Word) 0.72 [.63, .80] 0.67 [.55, .76]
P(item Orientation) 0.35 [.25, .44] 0.46 [.36, .57]
P(item Color) 0.31 [.23, .39] 0.27 [.16, .36]

Note. Posterior mean and 95% Bayesian credibility intervals (BCI) of the group-level parameters transformed from
normally distributed latent variables to probabilities, P = ®(p). P(U) is the probability of retrieving an integrated unit.
P(UT|U) is the probability of retrieving the target unit, given that a unit was retrieved. P(rWord|Cue) is the probability
of recalling the word, given the cue type in the column of the table, when using the pairwise-binding retrieval route.
P(item Word) is the probability of having correct ittem memory of which words were shown in the present trial.
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Table 14
All Pairwise Comparisons of the Six Pairwise-Binding Parameters
of Experiment 3

The proportion of the posterior
difference

The pairwise-binding parameter 1 2 3 4 5 6

P(r Orientation|Word) -0 27 _— [0 —
. P(r Orientation|Color) 1 - - 32 - 29
. P(r Word|Orientation) .
. P(r Word|Color) — 67 1 — 07 -
. P(r Color|Word) 1 - — 92 - 92
. P(r Color|Orientation) - 70 1 - 07 -

AU W~

Note. Each cell represents the proportion of the posterior difference that
is above O (with the difference always in the direction column minus row).
For instance, a posterior difference of 1 between P(rOrientation|Word)
and P(rOrientation|Color) signifies superior recall performance for
orientation when cued with words compared to colors. The pairwise
comparisons test the following differences: differences between cues for
accessing the same element (yellow cells), differences between
retrievability of elements, given the same cue (green cells), differences
between the two retrieval directions for the same pair (gray cells). See the
online article for the color version of this table.

representations rather than the location play a role for maintaining
the binding of nonlocation elements; consistent with the object file
theory (Kahneman et al., 1992; Logie et al., 2011; Treisman &
Zhang, 2006). One way to implement such a unit representation is as
an arbitrary, distinct representational state to which all the unit’s
elements are bound, as illustrated in Figure 2(a). Implementations of
this idea in neural-network models of WM can be found in the work
of Swan and Wyble (2014) and Manohar et al. (2019).

Strong versions of slot models of WM come with the assumption
that a unit stored in a slot is stored with all its elements, such that all
elements of a unit are either remembered completely or not at
all (Luck & Vogel, 1997). Across three experiments, the results
obtained do not support the strong version of this account. However,
our unitization-with-element-failure model is a weaker version of
slot models: Each slot can store one unit with all its elements, but
individual elements of a unit might not be remembered completely
and can get lost with a certain probability, or their readout could fail.
This perspective would be consistent with Cowan et al.’s (2013)
theoretical account, in which there is a capacity limit for the number
of units in working memory, together with the possibility of the
incomplete retention of a unit’s elements. Nevertheless, the data of
our three experiments do not support this weak version either.

The hybrid model represents a different theoretical view:
Representations in WM include both integrated units and individual
elements on different representational levels. This account is difficult
to reconcile with a slot model in which WM capacity is given by
the number of units that can be represented in a slot, because that
capacity limit would apply only to one of the representational levels.
The other level, in which separate elements are linked through
pairwise bindings, would potentially have its own capacity limit,
or even separate limits for different kinds of elements. This account
is in line with the findings suggesting that the storage unit in
WM is not fixed and could be a combination of element-based and
unit-based representations (Brady et al., 2011; Delvenne & Bruyer,
2004; Fougnie & Alvarez, 2011; Fougnie et al., 2010; Vergauwe &
Cowan, 2015).

Using the hybrid model, we found that different retrieval cues
can result in a stronger emphasis on either the element path or the
integrated unit path. When only the integrated unit representation is
accessed, memory for the individual elements of the same unit is
perfectly correlated, so that people either remember the correct unit
and report the elements associated with the cue or retrieve the
incorrect unit and report the elements associated with that wrong unit.
In other words, the unit retrieval path generates strong stochastic
dependency. Conversely, the element retrieval path leads to indepen-
dent probabilities of recalling each element, given the cue. In the first
two experiments, we found that with a location cue, people very rarely
used the integrated unit retrieval path. Therefore, for location cues, the
model generates very little stochastic dependency. By contrast, when
colors or orientations were used as cues, the integrated unit retrieval
path was used more often, generating stronger stochastic dependency
between retrieval of the two elements.

These results largely agree with previous findings (Bays et al.,
2011; Fougnie & Alvarez, 2011) of independent report errors when
location was a cue, and two nonlocation elements had to be recalled.
They also agree with the finding of strong stochastic dependency
when a nonlocation element was used as cue, and location together
with another element had to be recalled (Schneegans & Bays,
2017; Schneegans et al., 2023). These results do not imply that
location has a special role in WM. We also found that memory
for integrated units was virtually inaccessible given word cues in
Experiments 1 and 3, and given orientation cues in Experiment 3,
leading to the prediction that element reports are largely independent
given these cues. Hence, location is not unique as a cue that
generates a large degree of stochastic independence. Taken together,
our analysis based on the hybrid model suggests that whether the
element-based or the unit-based representation is accessed in a task
depends strongly on the retrieval cue. It also suggests that relatively
subtle changes such as how element combinations are presented in
the experiment can influence the representational level used for
retrieval.

To determine whether the hybrid model accounts for data from
prior studies, we analyzed the data from Schneegans et al. (2023)
using the four competing MPT models considered here to test the
replicability of our findings. The analysis shows that the hybrid model
provides a superior fit to their data compared to other models, thereby
replicating our results (WAIC difference between the hybrid model
and the second best model = 111.48). Their data set was chosen,
because it also uses categorical responses, making it compatible with
our own and allowing for meaningful application of MPT models. In
contrast, most existing research in the field of working memory, such
as studies by Ngiam et al. (2024) and Schneegans and Bays (2017),
relies on continuous response formats, which are not directly
compatible with our current modeling framework. Future work could
extend our MPT model to apply it to continuous response tasks. This
would mean that each branch of the model predicts not a conjunction
of two categorical responses, but a conjunction of two response
distributions on the continuous response scales. The model would be
a mixture model of multiple distributions, each weighted with the
probability of the branch that leads to it.

Conclusion and Outlook

The findings of our three experiments consistently support the
hybrid theoretical model of unit representations in working memory.
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This model assumes that representations of complex objects and
events include both integrated units as well as individual elements
linked through pairwise bindings.

Most research on binding in visual working memory addresses
the two assumptions of the strong object hypothesis (i.e., the all-or-
none assumption and the capacity limits) separately. Our study
specifically investigates the all-or-none assumption—whether
objects in WM are recalled in full, with all features intact, or
entirely forgotten. A promising future direction would integrate
these two lines of research, examining the all-or-none assumption
alongside capacity limits. If the hybrid model is correct, it suggests
that there are two layers of representations of an object in WM.
Different capacity limits could apply to these layers, as others
have suggested (Cowan et al., 2013; Vergauwe & Cowan, 2015).
For instance, the number of unified objects could be limited by
a discrete or continuous resource, whereas the probability of
retrieving features through pairwise bindings could be limited by
interference. This could lead to a hybrid solution also to the
much debated question of how to characterize the capacity limit
of WM.
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