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Abstract

Tracking of multiple moving objects is commonly assumed to be carried out by a fixed-capacity
parallel mechanism. The present study proposes a serial model (MOMIT) to explain performance
accuracy in the maintenance of multiple moving objects with distinct identities. A serial refresh
mechanism is postulated, which makes recourse to continuous attention switching, a capacity-limited
episodic buffer for identity-location bindings, indexed location information stored in the visuospatial
short-term memory, and an active role of long-term memory. As identity-location bindings are
refreshed serially, a location error is inherent for all other targets except the focally attended one.
The magnitude of this location error is a key factor in predicting tracking accuracy. MOMIT’s pre-
dictions were supported by the data of five experiments: performance accuracy decreased as a func-
tion of target set-size, speed, and familiarity. A mathematical version of MOMIT fitted nicely to the
observed data with plausible parameter estimates for the binding capacity and refresh time.
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1. Introduction

Our perceptual-attentional system faces a challenging task when attempting to simulta-
neously track multiple moving elements in a visual scene. Tasks of this kind are common
in many real-life visual environments, such as in traffic and sports, for example, when a
player keeps track of other moving players during a soccer game, or when an air traffic
controller monitors aircraft on a radar screen. In order to make quick and sensible deci-
sions in tasks like these (e.g., passing the ball to a team mate, or giving ATC clearance to
aircraft), observers need to keep track of where each visual element is located at any given
time.

Computationally, in this kind of task observers must be able to dynamically bind cor-
rect identities to continuously changing spatiotemporal locations: observers face a
dynamic what-where binding problem (for the binding problem, see e.g., Treisman,
1996; the special issue of Visual Cognition 3-5/8, 2001). In the real world, our percep-
tual-attentional system must solve this problem in very different environments and stim-
ulus conditions. The target stimuli may vary in many ways with respect to, for example,
their spatiotemporal and semantic properties. The number of objects-to-be-tracked may
vary and so may speed, movement direction, and movement trajectory of the target
objects, as well as the number of distracter items present. The objects may temporarily dis-
appear due to external (occlusion) or internal (saccadic suppression) reasons. The objects
may be familiar or unfamiliar to the observer. Finally, the tracked objects may be visually
identical to or distinct from each other.

There 1s empirical evidence demonstrating that binding of ‘what’ to ‘where’ in a visual
scene 1s not an easy task for the attentional-perceptual system even when the observed
scenes are static. For example, data suggest that observers may be prone to illusory con-
junctions, that is, to erroneously bind visual feature combinations (e.g., binding the red
color with a triangle when it should have been attached to a circle; Treisman & Schmidt,
1982). Moreover, it seems that what-where bindings are not achieved automatically in an
carly stage of visual processing. Instead, neurophysiological evidence suggests that the
visual input is functionally decomposed into separate dimensions in the ventral (what)
and the dorsal (where) streams (e.g., Ungerleider & Mishkin, 1982). All this supports
the idea that the dynamic binding problem described above is real and that it is a non-triv-
1al endeavor for the perceptual-attentional system to accomplish the task. Clearly, a mech-
anism is needed to ensure that correct identity-location combinations are perceived and
maintained.

Several fundamental questions can be asked about the workings of the binding mech-
anism. How efficiently does it carry out its task across different dynamic input situa-
tions? Is it vulnerable to changes in ‘where’ information but not in ‘what’
information, or vice versa, or both, or neither? How crucial is the availability of identity
information for successful tracking? Does it matter whether the identities are known to
the observer (the role of semantics)? How susceptible is the binding mechanism to
changes in target velocity (the effect of speed)? Does the mechanism possess a large
parallel capacity so that the observer is able to genuinely track several moving target
identities simultaneously, or does it possess only a very limited capacity so that the
observer needs to constantly shift the focal attention from one target to another to
check out the identities (the effect of set-size)?
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Previous research on dynamic visual attention suggests that the tracking mechanism
carries out its task very efficiently without recourse to featural or semantic properties of
the objects (e.g., Kahneman, Treisman, & Gibbs, 1992; Pylyshyn & Storm, 1988, see Sec-
tion 9 for a more detailed discussion for different versions of the fixed capacity parallel
account). According to theories of this kind, tracking is parallel and semantic properties
of the objects play no role in the process, but dynamic what-where bindings are made
solely on the basis of low-level physical or spatiotemporal properties of the moving
objects.

In this article, we propose an alternative serial account where semantic properties can
influence dynamic tracking. The starting point for the model were the findings reported by
Oksama and Hyoni (2004). Among other things, they observed notable individual varia-
tion in the tracking capacity, which significantly correlated with visuospatial working
memory and task-switching capacity. Oksama and Hyoné sketched a serial model based
on temporary visuopatial memory in order to explain their results. This serial model is
here developed further and also fully formalized. Its predictions investigated in dynamic
binding experiments where set-size, object speed and object type were manipulated. We
demonstrate that our serial model can quantitatively account for observed set-size, speed,
and semantic effects.

In what follows, we introduce our model of dynamic binding, called MOMIT (Model
Of Multiple Identity Tracking), which makes recourse to continuous attention switching,
episodic buffer, visuo-spatial short-term memory (VSTM), and an active role of long-term
memory in dynamic binding. We first lay out and motivate the basic assumptions of the
model and outline the general architecture of MOMIT. We then describe how the postu-
lated mechanisms are assumed to function in practice (a functional model). The mathe-
matical model and its fit to experimental data are described at the end of the Results
section.

1.1. Model of multiple identity tracking (MOMIT)
MOMIT is based on the following five tenets:

(1) Efficient maintenance of multiple moving objects requires continuous serial (re)acti-
vation and refreshing of the dynamic identity-location bindings. If bindings are not
periodically refreshed, they are eventually lost. The refreshing of existing bindings is
assumed to be a non-automatic and effortful process based on continuous shifts of
attention between targets.

(2) There is a capacity limitation as to the number of bindings that can be simulta-
neously kept active in the episodic buffer where the identity-location bindings are
assumed to be created and temporarily stored. Moreover, there is significant individ-
ual variation in the tracking capacity.

(3) Long-term memory (LTM) representations are utilized in creating temporary bind-
ings. Thus, binding is more readily made for familiar than unfamiliar visual objects.
As a result, tracking performance is better for familiar than unfamiliar targets.

(4) Spatial indexes (or location pointers) for the tracked targets are temporarily stored in
VSTM. These indexes are then utilized by the mechanism that programs shifts of
visual attention between targets. As targets move continuously, there is a location
error involved in the spatial indexes.
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(5) The system responsible for shifting of attention during tracking also obtains location
information of moving objects in parallel. This information is provided by the
peripheral vision. However, unlike the location information provided by VSTM
(see Principle 4), this spatial information is not indexed; in other words, targets
are not differentiated from distracters on the basis of this information.

Next, we motivate in more detail each of the five tenets of MOMIT.

The first assumption of MOMIT is that targets are tracked by continuously refreshing
the identity-location bindings one at a time. Underlying this assumption is the view that
focal attention is required (1) to identify a target and (2) to (re)bind the identity to a spatial
index. Several parallels with this assumption can be found in the relevant prior literature.
First, Moray (1984) and Logan (2002a) have argued that when task-relevant visual epi-
sodes are spatially spread around a large visual scene, due to visual acuity reasons, it is
highly likely that simultaneous tracking of multiple objects becomes impossible (in the
present set of experiments, target objects moved wide apart from each other). Moray
develops this idea further by introducing uncertainty as a critical factor in dynamic envi-
ronments. Uncertainty can be either exogenous (due to characteristics of the visual input,
such as poor visibility) or endogenous (due to psychological reasons, such as forgetting) in
nature. Uncertainty increases as a function of time. To reduce uncertainty, the observer is
assumed to periodically update the constantly changing situation by taking visual samples
of the current state of the dynamic environment. Second, the first assumption of MOMIT
is also in keeping with the studies of Treisman and colleagues, who have argued that
focused attention is required to both create feature conjunctions (Treisman & Gelade,
1980) and to temporarily maintain bindings (Wheeler & Treisman, 2002). Third, it is in
line with the view advocated by Logan and Zbrodoff (1999), according to which visuospa-
tial attention in intimately involved in constructing compositional representations, such as
identity-location bindings. Finally, the assumption bears analogy to the findings in reading
research where it is shown that words (a specific type of visual objects) are primarily iden-
tified only when they are focally attended (see Rayner, 1998, for a review). (We hasten to
add that word recognition in reading undoubtedly differs from multiple identity tracking
in many important respects.) The binding with the lowest activation (or highest uncer-
tainty) is assumed to have the highest priority when a target object is chosen to be
refreshed (see Moray, 1984). It should be noted the first assumption of MOMIT stands
in contrast to Cavanagh and Alvarez (2005), Pylyshyn and Storm (1988), and Yantis
(1992), who all argue in favor of parallel models and against serial accounts.

By efficient maintenance of identity-location bindings we mean that they can be
accessed rapidly and accurately if needed, for example, in order to make a rapid decision,
such as giving clearance to an aircraft or passing the ball to a fellow player. More direct
evidence supporting the assumption of continuous refreshing comes from Oksama and
Hyo6né (2004). They observed that tracking deteriorated linearly as a function of set-size
(Pylyshyn & Storm, 1988 also observed that tracking deteriorated as a function of set-size
but they interpret the finding differently). This implies that the tracking performance
involves a serial component. Evidence supporting the quickly decaying nature of target
location information is also provided by Oksama and Hyona (2004). They conducted a
signal detection analysis of the performance of tracking multiple identical objects and
showed that the tracking performance deteriorated as a function of time (see also Pyly-
shyn, 2004). This is taken as evidence that visual tracking is not completely automatic
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and parallel but effortful serial attention is also needed. Finally, Oksama and Hyoni
(2004) demonstrated that individual differences in the attention switching capacity signif-
icantly correlate with the tracking performance.

We assume that there exists a tight coupling between attention shifts and eye move-
ments (see e.g., Deubel & Schneider, 1996; Findlay & Gilchrist, 2003): attention drives
the eyes in that a shift of attention is followed by a saccade to the attended object location
(Henderson, 1992). That eye movements are needed in tracking objects in real-life type of
visual environments is also proposed by Logan (2002a) and Moray (1984). However, this
specific assumption is not put to a test in the present study (see Landry, Sheridan, & Yufik,
2001, for an attempt to use eye movements to study tracking of multiple moving objects).

The second building block of MOMIT is a limited-capacity episodic buffer where iden-
tity-location bindings are assumed to be created and temporarily stored. For example,
Luck and Vogel (1997) have shown that about four static identity-location bindings
may be kept active at a time. The average capacity is about 4 even when the objects are
moving (Horowitz et al., 2007; Oksama & Hyonéd, 2004). The notion of episodic buffer
1s borrowed from Baddeley (2000), who posits such a temporary store for the service of
integrating different fleeting representations into one unified whole (e.g., binding identity
and location information together). We like to add that we are not committed to the
notion of episodic buffer, but any temporary store would do. The fact that working mem-
ory is indeed intimately involved in multiple identity tracking (MIT) is demonstrated by
Oksama and Hyoné (2004), who observed a strong correlation between MIT performance
and working memory capacity measured using visuospatial stimuli. Finally, the claim that
significant individual differences exist in the tracking capacity is also based on the results
of Oksama and Hyonéa (2004).

The third assumption of MOMIT is that LTM is involved in the creation of temporary
identity-location bindings. If available, identity information is activated during MIT (i.e.,
when creating bindings). Thus, attention is assumed to be disengaged sooner from familiar
than unfamiliar objects, and the latency of revisiting a target object is thus shorter for
familiar than unfamiliar objects. Hence, MOMIT predicts better tracking performance
for familiar than unfamiliar objects. This assumption is in line with theories that consider
LTM representations to be pertinent in perception and short-term maintenance of visual
objects and other type of stimuli (see e.g., Chun & Potter, 1995; Cowan, 1995; Kanwisher,
1991; Ruchkin, Grafman, Cameron, & Berndt, 2003; Shapiro, Raymond, & Arnell, 1994).
This principle is also in keeping with the spirit of the late selection theories of attention,
which argue that all object properties, including semantic properties, are activated and uti-
lized in the early stages of visual processing and thus influence the binding process. To our
knowledge, this view has not yet been applied to dynamic visual attention.!

The fourth assumption of MOMIT is that the location information necessary to create
bindings is available in VSTM (perhaps in the form of the visuospatial sketchpad pro-
posed by Baddeley, 1986, see also Logie, 1995) as spatial indexes (Logan & Zbrodoff,
1999; Pylyshyn & Storm, 1988). Spatial indexes are deictic pointers that specify the loca-
tion of the target objects in space. They act as an ‘address’ for the perceptual object but
they do not specify the properties of objects (see Logan & Zbrodoff, 1999). A key feature

' Henderson and Anes (1994) and Henderson (1994) argue that both episodic spatiotemporal and LTM
representations are activated in the early stages of visual processing, but they argue that these representations are
independent. In their view, LTM does not influence the binding process.
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of this subsystem is that the spatial coordinates are not assumed to be perfectly up-to-date,
but they provide only an approximate location for the targets that are currently not focally
attended. As target location information is updated only when the target is focally
attended, in dynamic visual environments the location information provided by spatial
indexes is always old by nature. Thus, there is a difference between the stored VSTM coor-
dinates and the present location of the targets (except for the focally attended one). We
call this difference the VSTM coordinate error. In MOMIT, the magnitude of this VSTM
error is one of the key factors determining the success of tracking multiple moving objects.
The assumption that spatial indexes are provided by VSTM is at odds with the models of
multiple object tracking, which posit that no memory is needed to perform the task (e.g.,
Pylyshyn, 1989; Yantis, 1992). It is also inconsistent with the FINST theory of Pylyshyn
(1989, 1994, 2001), which posits that spatial indexes are constantly updated; once the
pointers are aligned with the targets, they are assumed to move along with the targets
without the need of attention (they are like ‘sticky fingers’ placed on targets). To sum
up, in the MOMIT architecture semantic identity-location bindings are assumed to be cre-
ated and stored in the episodic buffer, but the targets’ indexed location coordinates are
stored in VSTM.

The fifth assumption of MOMIT is that peripheral vision provides non-indexed location
information (cf. the indexed location information of VSTM) about all moving objects in
parallel. This information is accurate, but it does not differentiate targets from distracters.
The serial shifting of attention is controlled partly endogenously with the help of VSTM
(see above) and partly exogenously with the help of peripheral vision. VSTM provides a
rough spatial location of the to-be-attended target; the object to be focally attended next
is the closest object around the area determined by VSTM. Thus, the attended object is
not necessarily the intended one (due to the VSTM error)—it could also be a distracter or
a recently refreshed target. If the attended object is not the intended one, it is attended any-
way; if it 1s a distracter (or another target), a search for the intended target item is initiated.

1.2. Maintenance of what and where bindings: the general architecture of MOMIT

Here we outline the general architecture of MOMIT. A graphic description of the archi-
tecture of MOMIT is shown in Fig. 1. The model provides a functional description of the
process of how what and where information are linked together and maintained in a
dynamic visual environment. The model’s architecture consists of five components: (1) a
component responsible for the analysis of what information, (2) a component responsible
for the analysis of where information, (3) a temporary memory buffer (VSTM) for main-
taining indexed location information, (4) a control system for attention switching, and (5)
a temporary episodic buffer for maintaining what-where bindings. The model is designed
to simulate a situation where multiple, constantly moving objects are tracked in a visual
scene (possibly, but not necessarily in the presence of distracters). The situation where
objects are static or only one object is moving are special cases of the kind of visual envi-
ronment we are interested in here.” In the following, we describe the different components
of the model.

2 It is also possible that features specific to static environments may emerge. At least it may be difficult to
distinguish object-specific effects from location-specific effects (see Experiment 1 of Gordon & Irwin, 1996).
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Fig. 1. The general architecture of MOMIT (model of multiple identity tracking).

(1) Analysis of ‘what’. This component provides access to the semantic identity of a
focally attended object. It is assumed that identity information is activated early
and independently of the ‘where’ analysis. Identity information is transmitted to
the episodic buffer (Component 5), where temporary bindings are formed and
maintained. The model assumes that the faster identity information is accessed
for the attended object, the more readily a binding will be formed and, conse-
quently, the more efficiently multiple bindings will be maintained (i.e., the
refresh rate is fast and the probability of losing previous bindings is small).
Thus, factors that influence the speed of access of identity information will influ-
ence the efficiency to maintain multiple bindings. One such factor is the famil-
iarity of the identity information stored in LMT. Familiar objects will be
identified faster and consequently tracked more efficiently. A second factor by
which LTM may influence the binding process is related to discriminability
among target objects (not tested in the present study). It may be presumed that
a low discriminability will slow down the what-analysis and thus hamper with
the dynamic maintenance of multiple bindings (cf. Chun & Potter, 1995; Duncan
& Humphreys, 1989).

(2) Analysis of ‘where’. This component yields parallel location information for those
moving objects (both targets and distracters) that are positioned within an area con-
strained by peripheral vision. This spatial information is transmitted to Component
4 that is responsible for serial shifting of attention. It is also transmitted to the epi-
sodic buffer (Component 5) where the target-relevant location information is used in
creating or updating an identity-location binding for the currently attended target.
The resulting indexed location information is then temporarily stored in VSTM
(Component 3). Obviously, all factors that impoverish the peripheral perception
of moving objects (e.g., occlusions) hamper with the workings of this parallel where
system.
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(3)

(4)

(3)
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Temporary memory buffer for indexed location information. The core assumption here
is that in order to maintain of multiple bindings, temporary storage of the targets’
former locations is needed. This information is used when programming attention
shifts between the tracked objects. Thus, MOMIT assumes that there is a component
that saves temporal location information for the tracked objects when they are
focally attended. This storage function is presumed to be carried out by VSTM.
Because the target location information is updated only when targets are focally
attended, it means that with constantly moving targets this indexed location infor-
mation is not completely accurate (cf. the VSTM coordinate error in the mathemat-
ical formulation of MOMIT presented below). This short-term memory component
plays a central role in the predictions derived from MOMIT. The more accurate the
location information is in the buffer, the more accurately attention will be shifted
between the to-be-tracked targets. In dynamic visual environments, the accuracy
of indexed location information is modulated by target speed and set-size, as dis-
cussed above. Apart from the indexed locations becoming inaccurate as a function
of time, they are also vulnerable to endogenous uncertainty (Moray, 1984), such
as forgetting and interference.

Control system for attention switching. Any model that makes recourse to serial
attention switching requires an attention control mechanism. This is because dur-
ing tracking a decision of which target to select next is frequently made. A ran-
dom selection does not work, as non-optimal selection results in inefficient
maintenance of multiple identities. For example, by attending a recently refreshed
target another target is put into danger (i.e., the binding may be lost). It is
assumed that this control system receives input from two sources, from VSTM
(an endogenous component) and from the parallel where system (an exogenous
component), and the object to be attended is determined by the joint interplay
between these two information sources. VSTM provides a rough spatial location
of the to-be-attended target and the parallel component determines the specific
object to be focally attended next, which is the closest object around the area
determined by VSTM.The above argumentation leads to a prediction that atten-
tional resources available for time-sharing and smooth serial allocation of atten-
tion between items-to-be-tracked contribute to the overall tracking capacity and
to the effectiveness with which bindings are maintained in an active state. Individ-
ual differences in the executive capacity (an ability to serially allocate attention to
multiple tasks) constitute one such factor as demonstrated by Oksama and Hyoné
(2004), experience with the task another, as demonstrated by Allen, McGeorge,
Pearson, and Milne (2004). MOMIT also predicts that when MIT is performed
concurrently with another (non-visual) task that also calls for executive resources,
the MIT performance will be hampered.

Temporary episodic buffer for what—where bindings. MOMIT assumes that temporary
episodic memory representations of the formed bindings are constructed and main-
tained during tracking.> The obvious function of these representations is to retain
bindings for a short period of time to overcome temporary disappearance of visual

* The “precious child” goes by many names. Kahneman and Treisman (1984) call it object file, Kanwisher
(1991) and Chun (1997) object token (in contrast to spatiotemporal token), and Rensink (2000) calls it nexus.
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input (e.g., during saccades, blinks, or occlusions). These representations may then
be consulted if needed (‘the lion is behind the tree’). As argued above, the episodic
buffer consists on average of four bindings.

1.3. A functional description of MOMIT

Based on the principles described above, we next provide a functional description of the
mechanisms assumed to be responsible for maintaining multiple dynamic identity-location
bindings. The starting point in the description is that the system tries to maintain three
moving targets: T1, T2, and T3.

1. Target T1 is focally attended and a semantic identity-location binding is formed for it
(or updated in case a binding has already been created during a previous cycle) in the
episodic buffer. The present location of Target T1 is stored in VSTM.

2. The next target-to-be-attended is endogenously selected among the alternatives (T2 or
T3). Target T2 is selected on the basis of the activation level of the bindings (the bind-
ing with the lowest activation has the highest priority).

3. When attention is disengaged from Target T1, focal attention is shifted to an exoge-
nously determined object in the vicinity of the endogenously selected target (i.e., to
an object nearest to the endogenously selected target location).

4a. If the new attended object is the intended one (T2 in this case), then an identity-loca-
tion binding is (re)constructed for T2 (see Cycle 1), and in Cycle 2 T3 is selected as the
next to-be-attended moving object. Cycles 14 are repeated as long as necessary. Or,

4b. if the attended object is not the intended one, a corrective attention shift is carried out
from the wrong object to a new one located in the vicinity. When the right one is
found, the process is analogous to what is described in (4a).

1.4. Testing the goodness of fit of MOMIT

In order to test MOMIT’s goodness of fit, we quantitatively fitted the mathematically
formalized MOMIT to the data (see Section 8). In addition, we also derived MOMIT’s
specific predictions as regards main effects and interactions in the analyses of variance
(see Appendix A for a mathematical proof of the predictions and Appendix B for a
detailed comparison of the observed and predicted effects). In short, MOMIT predicts
that maintenance of dynamic bindings deteriorates as a function of target set-size, speed,
and familiarity. It also predicts that all interactions between these three factors are sig-
nificant. These predictions arise from the model’s serial architecture. As bindings have to
be refreshed serially, the effects of these factors that influence the time it takes to refresh
target bindings add up in a multiplicative fashion—hence the predictions for
interactions.

1.5. Overview of experimental procedures

To study dynamic identity tracking, i.e., the observer’s awareness of the location and
identity of visual elements at any given time, we developed two multiple identity tracking
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(MIT) tasks. In the first one (used in Experiments 1 and 3A), several non-identical ele-
ments move around for a while, after which movement is stopped and elements are imme-
diately masked (to eliminate iconic memory), one element is probed, and the participant is
asked to identify the probed element (in the variant used in Experiment 2A objects con-
tinue to move also when masked and probed). In order to minimize verbalization and
memory requirements during response selection, the probed item is chosen among all
the moving objects that are presented in a separate response screen. We call this the partial
report probe recognition (PRPR) task (it was also used by Oksama & Hyoni, 2004).

The second variant of MIT makes use of the change detection paradigm (e.g., Rensink,
O’Regan, & Clark, 1997; Simons & Levin, 1998). In this variant (used in Experiments 2B
and 3B), the movement phase is followed by a short flicker, during which the moving
objects are erased and the participants see only empty framed squares moving (each object
1s surrounded by a frame throughout the trial). When objects reappear to the empty
frames, they appear either in their original frames, or in half of the time two of the targets
swap position. The participant’s task is to respond whether or not a change took place
(i.e., to respond either ‘yes’ or ‘no’). Thus, for the response, no semantic identity informa-
tion needs to be necessarily consulted (for another variant of the change detection proce-
dure in multiple object tracking, see Bahrami, 2003).

Notice that distracter items are not needed in MIT because the tracked objects are visu-
ally distinct from each other. Notice also that in order to able to respond accurately to the
masked probes some kind of temporary, short-lived (but not iconic) memory representa-
tion of the what-where binding must be consulted. If there is no memory trace for the
binding, the accuracy in responding to the masked probes is at a chance level. Thus, in
a sense we test whether an ‘occlusion-tolerant’ memory representation is created during
dynamic identity tracking (the issue of temporary memory representations is discussed
in more detail in Section 9).

2. Experiment 1

Effects of set-size, object type, and object speed on dynamic identity tracking was stud-
ied in Experiment 1. By including all these factors in the same experimental design it was
possible to examine the interactions between the factors and thus test the predictions of
MOMIT put forth in Section 1. Set-size was varied from 2 to 6. Three speed conditions
were created that are called slow, medium, and fast. To study possible effects of semantic
identity in MIT we compared highly familiar objects to pseudo-objects. By definition, a
LTM representation is available for familiar objects but not for pseudo-objects (note that
pseudo-objects have distinct featural identity). The PRPR technique was employed.

2.1. Method

2.1.1. Participants

A total of 168 participants were recruited for the experiment. They were randomly
divided to three groups of 56 participants (the three speed conditions). Their mean age
was about 20. The experiment was conducted as a part of a large test battery that was
administered to Finnish Air Force applicants. All participants had normal, uncorrected
vision. A pre-selection was made on the basis of previous school achievement (in mathe-
matics and English). This screening was done as a part of the air pilot recruitment process.
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2.1.2. Apparatus

The stimuli were presented on 19-inch Eizo FlexScan F730 monitors with a resolution
of 1280 by 1024 pixels controlled by Matrox G400 cards, Pentium 3, 500 MHz, 128 Mt
RAM computers, and the E-prime software (Schneider, Eschman, & Zuccolotto, 2002a,
2002b). The software that generated the motion sequences was written in Visual Basic.

2.1.3. Stimuli

Two sets of six stimuli were used, six familiar objects and six pseudo-objects. As famil-
1ar objects, vertically oriented line drawings of real objects (flower, coat, lobster, rocking
chair, rooster, and watch) were used (see Fig. 2). The objects were selected to represent
different semantic categories. The pictures were selected from a standardized set of
black-and-white line drawings (see Snodgrass & Vanderwart, 1980). The visual complexity
of the chosen pictures in terms of Snodgrass and Vanderwart’s 5-point rating scale ranged
from 3.25 to 4.48; thus the visual complexity of all the chosen pictures was above average.
The pseudo-objects were vertically oriented, visually rather complex, black-and-white line
drawings that were selected from the pictures provided by Kroll and Potter (1984). They
were visually similar to each other and had an object-like appearance (see Fig. 3). A visual
complexity estimation was done subjectively by the authors, because the visual complexity
of the non-objects was not rated by Kroll and Potter (1984).

The stimuli (75 pixels in height and 41-69 pixels in width) were black outline drawings
on a white background subtending a visual angle of 1.9 x 1.1-1.8 deg. The computer
screen subtended a visual angle of 25 deg horizontally and 32 deg vertically. A subset of
two to six objects was designated as targets. To keep the total number of objects and
the probability of guessing constant, the non-targets were also visible during each trial;
thus the animated stimuli always consisted of six moving pictures. The picture combina-
tions within a target set were constructed so that each picture was selected equally often
as a target (each picture appeared eight times as a target in the target-set two, 12 times
in the target-set three, etc.). After the movement phase, target probing was carried out
by flashing a black frame (75 x 75 pixels, 2 pixels in width, 1.9 x 1.9 deg) around the target.
The frames were not visible during the movement phase. Visual masks (75 x 75 pixels) of

Fig. 2. The target pictures of the familiar objects used in Experiments 1, 2A, and 2B. They were reprinted from
Snodgrass and Vanderwart (1980), © 2007 Life Science Associates.
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Fig. 3. The target pictures of the pseudo-objects used in Experiments 1, 2A, and 2B. Pictures were reprinted from
Kroll and Potter (1984) with permission from Elsevier.

variable kind that replaced the pictures at the end of movement phase were created for dif-
ferent stimulus versions by copying, rotating and combining parts of the pictures used in a
given version.

2.1.4. Movement sequences

The experimental trials consisted of 167, 233, or 300 static frames presented one after
another for 30 ms each. In the slow speed condition, items moved a minimum of 1 and
a maximum of 5.7 pixels per frame. As each frame had a duration of 30 ms, the resulting
item velocities were in the range of 0.9 to 4.8 deg/s (the average speed was 2.6 deg/s). In the
medium speed condition, items moved a minimum of 3 and a maximum of 12.7 pixels per
frame, so the resulting item velocity ranged from 2.6 to 10.9 deg/s (the average speed was
6.3 deg/s). In the fast speed condition, items moved a minimum of 7 and a maximum of
18.4 pixels per frame, thus the resulting item velocities were in the range of 6.0 to
15.7 deg/s (the average speed was 10.7 deg/s).

Initial object positions were generated at random. Movement direction for each object
was chosen randomly from among the eight compass directions. Each object was assigned
a movement duration that were randomly selected from 7 to 37 in 30 ms increments (210—
1110 ms), and speed, randomly selected from 1 to 5.7 pixels per frame in the slow condi-
tion; or from 3 to 12.7 pixels per frame in the medium condition; or from 7 to 18.4 pixels
per frame in the fast condition. The movement duration determined the time for how long
the object maintained a certain direction and speed. When the movement duration
expired, new random speed, direction and duration values were assigned to the object.

Random object motion created many possible collisions between objects and between
objects and the edges of the display during the motion phase. Several actions were taken
to avoid these collisions. First, an invisible cushion (which went through the vertices of the
75 x 75 pixel picture square) surrounded the objects. Thus, objects could not intersect each
other. Second, before an object was moved to a new position, a possible collision to
another object’s cushion area and to the edges of the display was checked. If a collision
was going to happen, a reverse direction was chosen to these objects (e.g., if one object
was to the south of another object, the northern object moved to the north and the south-
ern to the south). Also new random duration and speed values were assigned to the objects
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in case of potential collisions. Third, edge collisions were prevented in a similar manner: a
new direction (randomly selected from the three possible reverse directions), speed, and
duration were assigned to the objects. This procedure yielded a sequence of frames in
which each element moved in a random, independent and continuous way for some period
of time (210-1110 ms, or until a collision was about to happen), and then changed direc-
tion and speed abruptly and began to move in a new direction.

Twenty-four animation sequences (trajectory files) were generated and stored offline
and were divided into two sets of twelve files for the two experimental blocks. The same
trajectory files were used for both object types (i.e., for familiar objects and pseudo-
objects). One trajectory file was used five times in the block, one time in each target set
and duration. Thus, all the trajectories within each target set and duration were different
but the trajectories between the different target sets, durations, and stimulus blocks were
similar. However, the chosen target objects were different in different target sets while the
trajectories were the same. This technique ensured that any differences between different
set-size and object type conditions were not due to differences in the trajectory patterns
(see Scholl & Pylyshyn, 1999, for a similar procedure).

2.1.5. Task

In Fig. 4 schematic illustration is presented of the partial-report probe recognition pro-
cedure. At the beginning of each trial the targets (2-6 objects) were designated by flashing
a frame around them. The participants’ task was to track the identity of these designated
targets during the movement phase. After the movement stopped, all the objects were
masked and one of the target objects was probed by flashing a frame around it. Finally
the screen was cleared and a response screen appeared, where all the six pictures present
during the tracking phase were arranged into an array with two rows and three columns. A
computer mouse was used to collect the responses. A response frame (100 x 100 pixel) sur-
rounded the pictures. The mouse pointer was initially positioned in the middle of the stim-
ulus array. Participants were asked to select (point and click within a framed picture) the
probed picture as accurately and quickly as possible. They were asked to guess if they did
not know the answer.

2.1.6. Procedure

Participants (a maximum of 10 at a time) were seated approximately 57 cm from the
display; a chinrest was used to reduce head movements and to control the viewing dis-
tance. A screen was placed between the participants in order to prevent them from seeing
or disturbing each other. Participants were given written instructions prior to the experi-
ment, which outlined the general procedure and explained a trial sequence. They were to
note the positions and identity of the flashing targets at the start of each trial and to keep
track of them during the movement phase. The familiar objects and pseudo-objects were
presented in separate blocks.

At the beginning of each trial, the items were displayed for 1s. After that, a black frame
flashed on and off for 10 times (flashing duration was 150 ms; total flashing time was
3000 ms) around the designated targets (2—6 targets). The targets then began to move in
a random and continuous fashion around the screen. The participants tracked them for
5, 7, or 9s, after which the movement stopped, and the objects were simultaneously
masked. This was followed by the flashing of a black frame for five times (flashing dura-
tion was 150 ms; total flashing time was 1500 ms) around one of the targets (i.c., the
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Fig. 4. A schematic depiction (exactly these stimuli were not used in any of the experiments reported) of the
multiple-identity tracking task with the partial-report probe-recognition technique (not to scale) used in
Experiments 1, 2A, and 3A. Display a: six different objects are presented, and 2-6 of them are designated as
targets by flashing a frame around them. Display b: all of them begin to move randomly about the screen. Display
c: after a 5, 7, or 9 s, the motion stops, the objects are masked, and one of the targets is marked by flashing a
frame around it (the probe). Display d: a response screen appears where all the presented objects are presented
and participants are to select the probed item by using a mouse.
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probed item). After a response was given, the response screen was cleared and an inter-
trial screen was presented. The next trial was initiated by the participant pressing the space
bar, or after the maximum inter-trial interval (3000 ms) expired. Participants were pro-
vided with 10 practice trials; feedback was given after each response during the practice
session. Each participant completed two blocks of 60 trials for each experimental set
(i.e., the familiar objects and the pseudo-objects), altogether 240 trials. The order of trials
was randomized separately for each participant within each block. The order of blocks
was counterbalanced across participants. There was a short rest period between the
blocks. The entire session took about 75 min.

2.1.7. Design

There were three manipulated factors in the experiment: the number of targets tracked
(2-6), the type of object tracked (familiar object vs. pseudo-object), and the object speed
(2.6, 6.3, 10.7 deg/s; coined ‘slow’, ‘medium’ and ‘fast’). Number of targets and type of
object were within-subject variables, and object speed was a between-subject variable.
There were 24 trials in each of the 10 conditions of the within-subject variables. The count-
erbalancing group (familiar objects first vs. pseudo-objects first) was used as a between-
subject variable to partial out from the total variance a possible practice effect.

2.2. Results and discussion

2.2.1. Error rate in performance accuracy

The error data were submitted to a 5 (set-size) X 2 (object type) x 3 (speed) x 2 (count-
erbalancing group) mixed design analysis of variance (ANOVA). In this and subsequent
analyses, a Greenhouse-Geisser correction was applied to the p values whenever needed.
Table 1 shows the mean error rate in performance accuracy as a function of target set-size
and object type in the three different speed conditions.

A significant main effect was found for the number of targets (F(4,648) = 527.78,
p <.001); performance deteriorated as the number of targets increased. The main effect
of object type was significant (F(1,162) = 18.95, p <.001); familiar objects produced less
errors than pseudo-objects. Moreover, the interaction between the number of targets
and the type of object was also significant (F(4,648) =5.72, p <.01). A trend analysis
showed that this interaction was located mainly in the linear component (linear compo-

Table 1
Percent of trials on which the participant failed to correctly respond to the probe in Experiment 1, for the five set-
sizes (2-6), the two object types (pseudo vs. familiar), and the three levels of object speed (slow, medium, fast)

Object speed  Type of object  Number of targets

2 3 4 5 6
M SE M SE M SE M SE M SE
Slow Pseudo 193 041 320 0.69 6.18 1.14 1347 1.72 1942 1.77
Familiar 149 034 246 0.50 3.50 0.68 975 141 1607 192
Medium Pseudo 1.79 037 298 0.59 826 1.19 2061 182 2865 193
Familiar 1.86 041 3.50 0.53 699 088 1488 1.53 2626 195
Fast Pseudo 1.71 041 565 0.77 1964 175 3415 210 4435 2.06

Familiar 141 032 558 073 1823 1.71 3289 1.87 3988 1.90
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nent accounts for 87.15% of the variance, F(1,162) = 13.75, p <.001; a cubic component
accounts for 12.8% of the variance, F(1,162) = 3.94, p <.05). That is, performance dete-
riorated steeper for pseudo-objects than for familiar objects as a function target set-size.
Post-hoc comparisons (paired ¢ tests) indicated that performance was significantly better
for familiar objects than for pseudo-objects when four, five or six targets were tracked
(set-size 4: #(167)=2.28, p<.05; set-size 5: 1(167)=3.24, p<.0l; set-size ©6:
1(167) =2.93, p <.01). Performance was at ceiling for set-size 2 and 3, so an effect of object
type is difficult to establish in these conditions.

The main effect of object speed proved significant, F(2,162) = 62.35, p <.001; perfor-
mance deteriorated as the target velocity increased. Finally, the set-size X object speed
interaction was also significant (F(8, 648) = 41.59, p <.001). A trend analysis showed that
this interaction was located almost entirely in the linear component (the linear component
accounts for 93.2% of the variance, F(2,162) = 66.83, p <.001; the quadratic component
accounts for 2.1% of the variance, F(2,162) = 4.83, p <.01; the cubic component accounts
for 4.4% of the variance, F(2,162) = 15.76, p <.001). That is, the faster the targets moved
and the more targets there were to be tracked, the steeper the tracking performance dete-
riorated. The object type X object speed interaction and the 3-way interaction were not sig-
nificant (F <1, and F(8,648) = 1.13, p > .34, respectively).

The set-size x speed and set-size X type interactions are correctly predicted by MOMIT.
On the other hand, MOMIT also predicts a type X speed interaction and a 3-way interac-
tion between set-size, type, and speed, both of which remained non-significant (numeri-
cally there is a trend for a 3-way interaction). The observed and predicted effects are
compared and discussed in more detail in Appendix B. In short, the comparison indicates
that the overall fit of MOMIT is very good. The failure to find two interactions involving
object type as a factor is argued to be due to lack of statistical power, given the modest
effect size of the type effect, and due to familiar objects being tracked more accurately
in the slow speed condition than predicted by MOMIT.

To sum up, the following findings were obtained in Experiment 1: (1) the MIT perfor-
mance deteriorated as a function of the number of targets. (2) Performance also deterio-
rated as the object speed increased. (3) The faster the targets moved and the more targets
were to be tracked, the steeper the performance deteriorated. (4) Familiar objects were eas-
ier to track than pseudo-objects. (5) The performance deteriorated steeper for pseudo-
objects than for familiar objects as a function of set-size. In all, the pattern of results is
in good accordance with the predictions derived from MOMIT, except for two interac-
tions that were predicted by MOMIT but not observed in the data.

3. Experiment 2A

In the PRPR technique used in Experiment 1, the movement of the elements stops at the
time when objects are masked and one of the designated targets is probed by flashing a frame
around it. It is possible that some specific phenomenon or a strategy related to static loca-
tions may emerge at this stage (e.g., binding is easier to maintain because there is no spatio-
temporal processing cost). To eliminate this possibility we developed another variant of the
probe recognition task for Experiment 2A. In this variant, elements do not stop moving
when masked and when one of the targets is probed but continue to move also during that
stage. To successfully cope with this task, the observer needs to maintain the what-where
binding even when the target continues to move occluded for another 1.5 s.
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3.1. Method

3.1.1. Participants

Sixty participants took part in the experiment. None of them had participated in Exper-
iment 1. Their mean age was about 20. The experiment was conducted as a part of a large
test battery that was administered to Finnish Air Force applicants. All participants had
normal, uncorrected vision. A pre-selection was made on the basis of their previous school
achievement (in mathematics and English).

3.1.2. Apparatus and stimuli
Apparatus and stimuli were identical to those of Experiment 1.

3.1.3. Procedure

Procedure and experimental task were identical to those of Experiment 1 except that the
movement of the objects did not stop during the masking and probing phase, but they con-
tinued to move in a similar fashion as in the tracking phase (constrained by the similar
rules to avoid collisions, etc.). As in Experiment 1, the moving objects were suddenly
masked and one of them was flashed for 1500 ms during the probing stage. The movement
sequences were generated similarly as in Experiment 1; the tracking phase consisted of 167,
233, or 300 static frames presented one after another for 30 ms each. In Experiment 2A, 50
extra frames were added to the movement files to continue the movement in the probing
stage. Object speed was comparable to the medium-speed condition of Experiment 1.

3.1.4. Design

Two factors were manipulated: the number of targets tracked (2-6) and the type of
object (familiar object vs. pseudo-objects). Both variables were within-subject variables.
There were 24 trials in each of the 10 conditions. The counterbalancing group (familiar
objects first vs. pseudo-objects first) was used as between-subject variable to partial out
from the total variance a possible practice effect.

3.2. Results

3.2.1. Error rate in performance accuracy

The error data were submitted to a 5 x 2 X 2 mixed design ANOVA. Table 2 shows the
mean error rate in performance accuracy as a function of target set-size and object type.

A significant main effect was observed for the number of targets (F(4,232) = 336.15,
p <.001); performance deteriorated as the number of targets increased. The main effect
of object type proved significant, (F(1,58) = 7.68, p <.01); familiar objects produced less
errors than pseudo-objects. Moreover, the interaction between the number of targets and
the type of object was also significant (F(4,232) =4.62, p <.01). A trend analysis showed
that this interaction was located in the linear component (linear component accounts for
91.8% of the variance, F(1,58) = 16.35, p < .001; other trend components were not signif-
icant, ps > .25). That is, performance deteriorated steeper for pseudo-objects than for
familiar objects as the number of targets increased. Post-hoc comparisons (paired ¢ tests)
indicated that the performance was significantly better for the familiar objects than for the
pseudo-objects when five or six targets were tracked (set-size 5: #(59) = 1.95, p = .059;
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Table 2
Percent of trials in which participant made an error in Experiments 2A, 2B, 3A, and 3B, for the five set-sizes (2-6)
and the two object types (familiar object vs. pseudo-object)

Experiment  Stimulus type Set-size
2 3 4 5 6
M SE M SE M SE M SE M SE
2A Pseudo-object 1.53 033 4.03 063 1146 1.51 2757 194 37.08 1.80
Familiar object 243 0.63 3.68 073 10.56 1.25 23.19 1.66 3243 1.73
2B Pseudo-object 454 090 876 1.14 16.67 1.34 2420 152 29.06 1.43
Familiar object 2.51 0.53 486 074 1496 1.08 2286 136 28.79 1.27
3A Pseudo-face 208 1.19 375 1.74 1052 198 19.27 235 2510 238
Familiar face 083 027 1.15 037 719 122 1500 1.71 19.69 235
3B Pseudo-face 329 071 7.02 1.06 1656 1.53 2412 136 27.08 143

Familiar face 285 072 504 096 1140 1.32 2171 1.66 25.00 1.31

set-size 6: 1(59) = 2.36, p <.05). At set-sizes 24, performance was at ceiling or near ceiling
so that an effect of object type could not be established.

4. Experiment 2B

In the PRPR task used in Experiments 1 and 2A, the participants have to keep active in
short-term memory the identity of the probed object during the response selection stage in
order to be able to respond accurately to the probe. While our partial report recognition
procedure was designed minimize memory requirements it may still be argued that familiar
stimuli may be easier than unfamiliar stimuli to keep active in short-term memory during
this short response selection stage (the set-size and speed effects are not subject to this crit-
icism). To eliminate this possibility (we think it is not very likely, see Section 4.3), we cre-
ated another version of the MIT task that further minimized the memory requirement and
the need to consult or maintain identity information in providing the response. Our other
MIT task is a variant of the change detection paradigm (e.g., Rensink et al., 1997; Simons
& Levin, 1998). In this task, the movement phase is identical to the PRPR task except that
the moving objects are surrounded by frames that move along with the objects. At some
point in time the frames go blank for 120 ms, but the empty frames continue to move.
When the objects reappear, they appear either in their original frames, or in half of the
time two of the targets swap position. Objects continue to move for another second before
the response screen is presented. The participant’s task is to respond whether or not a
change took place (see Fig. 5 for a schematic illustration of the MIT task with the change

>

Fig. 5. A schematic depiction (exactly these stimuli were not used in any of the experiments reported) of the
multiple-identity tracking task with the change detection technique (not to scale) used in Experiments 2B and 3B.
Display a: six different objects are presented, and 2—-6 of them are designated as targets by flashing a frame around
them. Display b: all of them begin to move randomly about the screen. Display c: a flicker takes place during
which pictures disappear and participants see empty moving framed squares. Two of the designated targets may
swap positions. Display d: the pictures reappear in the frames and move still about a second. Display e: a response
screen appears and participants are to decide if a change (a swap of two pictures) took place or not among
designated targets by pressing an appropriate key in the keyboard.
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detection procedure). Thus, the procedure is similar to the one in Experiment 2A in that
objects continue their movement during the probing phase. On the other hand, the change
detection procedure differs from the PRPR task in the response phase: only a ‘yes’ or ‘no’
response is required—no identity information needs to be consulted for the response.

We like to emphasize, that although change detection procedure may prevent the
need to maintain identity information in the response phase, the change detection
task may be highly difficult and cognitively demanding task before the response
phase. During the blank period, identity of the tracked objects have to be effectively
maintained in short-term memory or episodic buffer in order to carry out the compar-
ison and decision process whether change took place or not. This comparison/decision
process may be cognitively very demanding and subject to decision bias (see discus-
sion of the difficulty of comparison process in change detection, Simons & Rensink,
2005).

4.1. Method

4.1.1. Participants

Seventy-eight participants took part in the experiment. None of them participated in
Experiment 1 or 2A. Their mean age was about 20. The experiment was conducted as a
part of a large test battery that was administered to Finnish Air Force applicants. All par-
ticipants had normal, uncorrected vision. A pre-selection was made on the basis of their
previous school achievement (in mathematics and English).

4.1.2. Apparatus
The apparatus was the same as in Experiment 1.

4.1.3. Stimuli

The stimuli were the same as in Experiment 1 with two exceptions: no masks were used
at the end of trial, and black frames (75 X 75 pixels, 2 pixels in width) surrounded the
objects throughout the trial. The frames were needed because the change detection tech-
nique involves a flicker event where pictures disappear for a short moment (120 ms). To
keep the task dynamic, the empty framed squares continued moving during the flicker
period.

4.1.4. Task

Fig. 5 provides a schematic illustration of the MIT task with the change detection
procedure. The first task phase was identical to that of Experiment 1. At the beginning
of each trial the targets (2-6) were designated by flashing a frame around each of
them. The participants’ task was to track these designated targets during the movement
phase. However, in distinction to Experiment 1, participants were instructed to also
pay attention to a flicker during the movement phase, during which two targets may
swap position. Their task was to respond whether or not two targets swapped position
during this flicker, by pressing the K or D key in the computer keyboard (K appeared
in green and D in red). They were encouraged to guess if they did not know the cor-
rect answer. The index finger of the right and left hand was used for pressing the
response keys.



L. Oksama, J. Hyond | Cognitive Psychology 56 (2008) 237-283 257

4.1.5. Procedure

The procedure was identical to that of Experiment 1 with the following exceptions. As
in Experiment 1, in the beginning of each trial the items were displayed for 1 s, but unlike
in Experiment 1, now a black frame surrounded each object. A flicker (lasting for 120 ms)
took place 1110 ms before the end of the trajectory duration. During the flicker, the par-
ticipants saw empty framed squares moving. After that the pictures reappeared inside the
frames and moved still for 990 ms. The movement phase after the flicker was needed to
give the participants time to detect whether or not a change had taken place. In half of
the trials all pictures reappeared within their own frames, in the other half of the trials
two targets swapped position. Object speed was comparable to the medium-speed condi-
tion of Experiment 1.

4.1.6. Design
The design was identical to that of Experiment 2A.

4.2. Results

4.2.1. Error rate in performance accuracy

The error data were submitted to a similar 5 x 2 x 2 mixed-design ANOVA as in Exper-
iment 2A. Table 2 shows the means for the error rate in performance accuracy as a func-
tion of target set-size and object type. A significant main effect was found for the number
of targets (F(4,304) = 242.20, p <.001) and for the type of object (F(1,76) = 7.35, p <.01).
The interaction between the number of targets and the type of object was not significant
(F(4,304) = 1.54, p > .10). The absence of this interaction and the observed main effect for
the type of object indicates that, in contrast to Experiment 1, the semantic effect was now
present even in smaller set-sizes, but it did not increase as a function of set-size.

4.2.2. Sensitivity and response bias

The parametric sensitivity index d’ was computed from the hit rates and false-alarm
rates. The d' values are shown in Table 3.

The d’ values were submitted to a similar 5 x 2 x 2 mixed-design ANOVA as above. The
ANOVA vyielded a significant main effect for the number of targets (F(4,304) = 305.11,
p <.001); sensitivity deteriorated as the number of targets increased. The main effect of
target type was also significant (F(1,76) = 8.66, p < .01); sensitivity was better for familiar
objects than for pseudo-objects. Moreover, the interaction between the number of targets

Table 3
Mean value of d' for the five set-sizes (2-6) and the two object types (familiar object vs. pseudo-object) in
Experiments 2B and 3B

Experiment  Stimulus type Set-size
2 3 4 5 6
M SE M SE M SE M SE M SE
2B Pseudo-object 390 o0.11 336 014 247 013 177 013 138 0.11
Familiar object 4.19 0.08 384 0.11 256 0.12 184 0.11 1.40  0.10
3B Pseudo-face 404 012 347 015 236 016 169 013 156 0.12

Familiar face 415 012 376 014 294 017 192 015 1.63 0.11
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and the type of object also proved significant (F(4,304) = 2.79, p < .05). A trend analysis
showed that this interaction was primarily located in the linear component (the linear
component accounts for 61.4% of the variance, F(1,76) = 3.56, p <.05; other trend com-
ponents were not significant, ps > .10). Post-hoc comparisons (paired 7 tests) indicated that
sensitivity was significantly better for the familiar objects than for the pseudo-objects only
when two or three targets were tracked (set-size 2: #(77) = —2.05, p <.05; set-size 3:
t(77) = —=3.19, p <.01).

The final ANOVA was performed on the nonparametric index of response bias, the cri-
terion cutoff C that was computed from the hit and false-alarm rates. The C values are
shown in Table 4.

In the ANOVA, a significant main effect was found only for the number of targets
(F(4,304) = 15.75, p <.001), but the main effect of target type and the set-size X type inter-
action were not significant (both F < 1). The set-size effect suggests a criterion shift in the
task performance. As is evident from Table 4, the C value is neutral (i.e., close to 0) for set-
size 2 and 3, but in the larger set-sizes the response criterion shifts to positive (i.e., a bias
toward a ‘no’ response). That is, the participants became more conservative in responding
(i.e., if in doubt, a ‘no’ response was given).

In sum, the set-size effect and the object type effect observed using the PRPR task were
replicated in Experiment 2B with a change detection procedure. Now the semantic effect in
error rates was significant also in the smaller set-sizes. The signal detection analysis of sen-
sitivity demonstrated that the participants were susceptible to a conservative response bias
in the larger set-sizes.

4.3. Discussion of Experiments 2A and 2B

Experiment 2A differed from Experiment 1 in that object movement continued also in
the probing stage. Despite this difference, the main effects of target-set size and object type
were replicated. These effects were also observed in Experiment 2B, where a change detec-
tion procedure was used to measure tracking performance. In all, the pattern of results is
largely consistent with the predictions of MOMIT, with one exception. The nature of the
object type X set-size interaction in ¢’ calculated for the change detection accuracy was not
the kind predicted by MOMIT. This result is discussed in more detail in Section 9.

The partial report recognition technique (used in Experiments 1 and 2A) can be criti-
cized by pointing out that it requires a response to be made on the basis of identity infor-
mation. According to this criticism, a semantic effect may arise due to the fact that familiar

Table 4
Mean value of the criterion cutoff C, for the five set-sizes (2-6) and the two object types (familiar object vs.
pseudo-object) in Experiments 2B and 3B

Experiment  Stimulus type Set-size
2 3 4 5 6
M SE M SE M SE M SE M SE
2B Pseudo-object 0.07 0.04 0.10 004 029 005 023 0.06 031 0.05
Familiar object  0.03 003 0.04 0.04 027 005 024 0.05 031 0.06
3B Pseudo-face 0.06 0.06 0.09 0.07 019 0.08 037 0.07 037 0.09

Familiar face 0.02 0.06 0.10 0.06 020 007 029 007 032 0.08
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items are easier to maintain in short-term memory than unfamiliar items during the
response stage and thus the task would not measure object tracking but instead would pri-
marily reflect short-term memory constraints. However, the pattern of our results does not
support this criticism: (1) if performance in the PRPR task only reflected different memory
requirements present during the response stage, then a speed manipulation should not
have any effect on performance. The significant speed effect observed in Experiment 1
demonstrates that a spatiotemporal manipulation during the movement phase significantly
affected performance and that the PRPR task is indeed sensitive to index dynamic track-
ing. (2) A clear semantic effect was observed also using the change detection technique
where no identity information is required for the response. (3) The set-size effect observed
with the PRPR technique is not readily interpretable as a STM effect.

As the next step, we investigated whether the results of Experiments 2A and 2B may be
replicated using other type of visual stimuli. In Experiments 3A and 3B, we contrasted the
tracking performance of familiar faces to that of ‘pseudo-faces’. In Experiment 3A, we
used the partial-report probe recognition task, while the change detection procedure
was employed in Experiment 3B.

5. Experiment 3A

In Experiment 3A, familiar faces and ‘pseudo-faces’ were used as stimuli. Pseudo-faces
were created from familiar faces by deconstructing them and then rearranging and recom-
bining the pieces of familiar faces. The face-like appearance of the pseudo-faces was pre-
served (pseudo-faces have eyes, nose, hair, etc.). Nevertheless, they give an odd
appearance, which is why we named them ‘frankensteins’. What is crucial in the present
context, the pseudo-faces lack a known identity (analogously to pseudo-objects used in
Experiments 1, 2A, and 2B). It should also be noted that the familiar faces and pseudo-
faces are visually identical at the pixel level, because the pseudo-faces were created from
the familiar faces. In Experiment 3A, we used the same partial report technique as in
Experiment 1.

5.1. Method

5.1.1. Participants

Forty participants were tested. None of them took part in any of the previous experi-
ments. Their age ranged from 20 to 36, the median was 22 years (93% was under 30 years
of age). The experiment was conducted as a part of a large test battery that was adminis-
tered to civilian air company applicants. All participants had normal or corrected-to-nor-
mal vision (with maximum of 41.5 diopter). A pre-selection was made on the basis of the
applicants’ previous school achievement (in mathematics and English), standardized rea-
soning tests, and clinical personality tests. This screening was done as a part of the air pilot
recruitment process.

5.1.2. Stimuli

Two sets of six stimuli were used, familiar faces and pseudo-faces. As familiar faces, six
vertically oriented line drawings of faces of familiar persons (Elvis Presley, Mauno Koiv-
isto, Bill Clinton, Sylvester Stallone, Saddam Hussein, and Albert Einstein) were used (see
Fig. 6). The faces were selected to be (1) as recognizable as possible as smallish line draw-
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Fig. 6. The target pictures of the familiar faces used in Experiments 3A and 3B (top-row from left to right: Albert
Einstein, Mauno Koivisto, and Bill Clinton; bottom-row from left to right: Sylvester Stallone, Elvis Presley, and
Saddam Hussein). The faces were selected from a commercial package of digitized black-and-white drawings
(Corel Mega Gallery, 1996 , © Corel Corporation, all rights reserved).

ings, and (2) to represent different semantic categories (politicians, actor, singer, scientist).
When piloting with familiar faces, it appeared that it was difficult to fully meet both objec-
tives (e.g., we did not find clearly recognizable athletes or artists from our picture gallery).
Thus, we gave familiarity first priority and chose three faces belonging to the category of
international politicians (Koivisto, Clinton, and Hussein). However, despite belonging to
the same category, these three persons are semantically highly distinguishable, for example
in terms of nationality (former presidents of Finland, USA, and Iraq). The faces were
selected from a commercial package of digitized black-and-white drawings (Corel Mega
Gallery, 1996). Slight adjustments were made to the bitmaps of the drawings to make them
comparable to each other. In a pretest given to the study participants, 75% was able to a
give a correct name to all the familiar faces.

Pseudo-faces (we coined them ‘frankensteins’) were created from familiar faces by
deconstructing them (i.e., each face was cut into an upper and lower half, and facial com-
ponents were separated) and then rearranging and recombining the parts (see Fig. 7). For

Fig. 7. The target pictures of the pseudo-faces used in Experiments 3A and 3B.
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instance, the top-left frankenstein in Fig. 7 comprised the upper half of Stallone’s face and
the lower half of Saddam’s face, Clinton’s left eye, Elvis’ right eye, Koivisto’s nose, and
Einstein’s mouth and moustaches. The face-like appearance of the pseudo-faces was pre-
served (pseudo-faces have eyes, nose, hair, etc.). The other stimulus details were the same
as in Experiment 1 except that the masks were created from facial stimuli and the width of
the pictures ranged from 56 to 75 pixels.

5.1.3. Apparatus, task, procedure, and design

The experimental task, procedure, trajectory files, and apparatus were the same as in
Experiment 1. Object speed was comparable to the medium-speed condition of Experi-
ment 1. The design was identical to that of Experiments 2A and 2B.

5.2. Results and discussion

5.2.1. Error rate in performance accuracy

The error data were submitted to a similar 5 X 2 X 2 mixed-design ANOVA as in Exper-
iments 2A and 2B. Table 2 shows the means for the error rate in performance accuracy as
a function of target set-size and target type.

A significant main effect was observed for the number of targets (F(4,152)=
102.19, p<.001). In addition, a main effect of target type proved significant
(F(1,38) =7.65, p <.01), but set-size X target type interaction remained non-significant,
F(4,152) =1.41, p> .10 (however, the linear component of the interaction just missed
significance, F(1,38) =3.82, p =.058, and accounts for 99.2% of the variance). The
lack of an interaction indicates that the semantic effect (i.e., a better performance
for familiar faces than for pseudo-faces) was present regardless of the number of
targets.

6. Experiment 3B

In Experiment 3B, tracking of familiar faces and pseudo-faces was examined using the
change detection paradigm introduced in Experiment 2B. The facial stimuli were the same
that were used in Experiment 3A.

6.1. Method

6.1.1. Participants

Thirty-eight participants took part in the experiment. None had participated in any of
the previous experiments. Their age ranged from 20 to 44, the median was 23 years (76%
was under 30 years). The experiment was conducted as a part of a large test battery that
was administered to civilian air company applicants. All participants had normal or cor-
rected-to-normal vision (with maximum of +1.5 diopter). The same pre-selection proce-
dure was followed as in Experiment 3A.

6.1.2. Stimuli
The facial stimuli were identical to those of Experiment 3A. In a pretest given to the
study participants, 83% was able to name correctly all the familiar faces.
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6.1.3. Apparatus, task, procedure, and design

The apparatus and trajectory files were the same as in Experiment 1. Object speed was
comparable to the medium-speed condition of Experiment 1. The experimental task and
procedure were the same as in Experiment 2B. The design was identical to that of Exper-
iment 2A.

6.2. Results and discussion

6.2.1. Error rate in performance accuracy

The error data were again submitted to a 5x 2 x 2 mixed-design ANOVA. Table 2
shows the means for the error rate in performance accuracy as a function of target set-size
and target type.

The pattern of results replicated those observed in Experiment 2B, where the change
detection technique was used with different stimuli. A significant main effect was found
for the number of targets (F(4,144) =149.86, p <.001) and for the type of target
(F(1,36) =10.37, p<.0l), but their interaction was not significant (F(4,144)=1.68,
p > .10). The absence of an interaction and the observed main effect of target type indicate
that the semantic effect (i.e., a better performance for familiar faces than for pseudo-faces)
was present regardless of the number of targets.

6.2.2. Sensitivity and response bias

The d' and C values were submitted to a 5 x 2 x 2 mixed-design ANOVA. The d' values
are shown in Table 3 and the C values in Table 4.

The ANOVA of the d’ scores yielded a significant main effect for the number of targets
(F(4,144) = 161.93, p <.001) and for the target type (F(1,36) =8.66, p <.01), but their
interaction was not significant (F(4,144) = 1.75, p > .10). The absence of an interaction
and the observed main effect of target type indicate that a semantic effect was present
regardless of the number of targets.

In the ANOVA of the C scores, a significant main effect was found for the number of
targets (F(4,144) =9.09, p <.001), but the main effect of target type and the set-
size X target type interaction remained clearly non-significant (both F<1). The signifi-
cant main effect of the number of targets suggests that the response criterion shifted
from neutral to conservative as the set-size increased, analogously to Experiment 2B
(see Table 4).

To sum up, Experiment 3B demonstrated a clear semantic effect across the set-sizes;
familiar faces were easier to track than pseudo-faces. Second, a effect of set-size was
obtained; the tracking performance deteriorated as the number of tracked targets
increased. A conservative response bias was found in the larger set-sizes as in Experiment
2B. In all, the change detection data of Experiment 3B closely replicated those obtained
for objects and pseudo-objects in Experiment 2B and those obtained for facial stimuli
using the PRPR task.

7. A mathematical formulation of MOMIT
In the following we provide a mathematical formulation of MOMIT. The aim is to

model performance accuracy of dynamic identity-location binding as a function of target
set-size, object speed, and object familiarity. The mathematical model consists of three
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components: binding capacity, probability of guessing, and dynamic processing cost. We
first describe each component separately, after which the three components are integrated
into a single formula that allows us to fit the model to the empirical data.

7.1. Binding capacity m

The binding capacity m is an estimate of the number of static, non-moving identity-
location bindings that can be held temporarily active. If the number of to-be-remembered
items is n, the probability of having access to a binding is m/n, when guessing probability is
not considered. Thus, when m > n the probability of reporting a probed object is 1; when
m < n the probability of correct response is m/n plus probability of guessing. Here we have
made use of the formula introduced by Scholl, Pylyshyn, and Feldman (2001); note, how-
ever, that they interpret m differently from us.

7.2. Probability of guessing (Pgyess)

In addition to the binding capacity, the probability of guessing is also assumed to
affect performance accuracy. Pgyess 1 influenced by the number of response alternatives
and by possible strategies adopted by the participant. The probability of correctly
reporting identity-location bindings is assumed to vary as a function of correctly
remembering m items and guessing not explicitly remembered items. By adapting the
formula proposed by Scholl et al. (2001), the performance accuracy with static objects
may be estimated as

m m
Pstatlc — n + <1 l’l) >kpguess- (1)
In other words, performance accuracy varies as a function of binding capacity m, the num-
ber of to-be-remembered items 7, and the probability of guessing (Pgyess) Non-remembered
items 1 — m/n. Eq. (1) in fact expresses a version of a fixed-capacity parallel model; we fit-
ted also this model to the data (see below).

7.3. Dynamic processing cost (P.)

The third component affecting dynamic binding performance is the processing cost
related to creating and reactivating serially identity-location bindings. Recall that the tar-
get coordinates stored in VSTM are only updated when the target is focally attended.
Thus, in a dynamic environment these stored coordinates are completely correct only at
the time of updating. All other times they are incorrect, in other words, there is coordinate
error (e). In the following, we derive a formula that estimates the size of this coordinate
error, which in turn contributes to the overall performance accuracy.

Let’s assume that the observer is exposed to a moving stimulus set 4, which consists of
n visually distinct targets that move around with an average speed of v, (degrees per sec-
ond).* The average processing time (including the time elapsed in shifting the attention
from one target to another) required to create or refresh a binding among the stimulus
set A is denoted by 5,. The time needed to refresh all targets among the set is thus

* Visually identical objects constitute a special case that is not dealt with here.
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n x5,. The model assumes that bindings are created and refreshed serially one at a time.
Thus, after creating a binding for target k and temporarily storing its current location
coordinates in VSTM the same is done for other targets. During this time target k£ moves
a distance estimated by (n — 1) % 54 % 04. This is the average coordinate error for any target
among the stimulus set. Thus,

e=(n—1)%5,%0y, (2)

where e is the distance target k has moved from the spatial location it occupied when an
1dentity-location was created for it until it is again focally attended. If objects do not move
(i.e., vy = 0), then e is of course zero. e varies as a function of target set-size, object speed,
and object familiarity, as all these factors affect the time it takes to complete a refresh cycle
(see above for the functional description of MOMIT). The more targets there are, the fas-
ter they move, and the less familiar they are, the more time it takes to complete a refresh
cycle. It is assumed that when e is small performance is not much deteriorated, while a lar-
ger e is associated with marked performance decrements. This is because with a small e the
target is either correctly attended at once or if an erroneous object is attended first, the
intended one is readily perceived when it is still within the foveal vision (or very close
to it). On the other hand, performance is assumed to deteriorate quadratically as e in-
creases. A quadratic relation is implicated by the fact that the searched space expands
as a second-order function of distance (analogously to the circle’s area being determined
by its radius, ITr?). This probability function P, of the processing cost e should be 1 when e
is less than 2 deg of visual angle (e.g., the foveal area). On other hand, it reaches 0 when e
is sufficiently large.

P.=axeé*+bxe+c. (3)

In Formula 3, @ and b are coefficients and ¢ is a constant. As P, =1 when ¢ =0, then

¢ = 1. In addition, it is theoretically assumed that P, will become 0 when e is sufficiently

large. Let’s denote this value with x. We can then solve b: 0 = a*x> + b*x + 1; b = — ‘”‘Zx—“
Thus, Formula 3 may be reformulated as

ax* + 1
X

P,=axée — xe+ 1. (4)

Finally, the three components are brought together in the following two formulas:

denamic = Pgatic x P oOr (5)
m m ax®> + 1
denamic: <;+<1_;>*Pguess>*<a*€2_ X *€—|—1>, (6)

where e = (n — 1) x5, % Uy.
The Formula 6 can be reformulated with regard to n, then

1
PdYnamic:kl+k2*n+k3*n2+k4*;7 (7)

where
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2 Ky D —
= 25w B (1 — Pr) — D xS0 e (1 Pe)

x
Poyess %54 % Tg x (axx* + 1)

=2 =2
+Pguess*a*SA*UA+ +Pguessa

X
(a*xx? 4+ 1) * 54 % Oy * Pgyess

kr = —{(2>|<PguesS *a*Ei *l_)fl) +

X
—a*gﬁ*@i*m*u—z»guesg},

k3:Pguess*a*§,24*5,247

ky =m* (1 — Pgyegs) * <a*§i*vi—|—(a*x2+)1€)*§A*UA+1>.

As can been seen from Formula 7, Formula 6 does not reduce to a polynomial equation (it
includes a component 1/n).

As is evident from Formula 6, dynamic binding performance is affected by

m = binding capacity,

n = number of tracked objects,

Pgyess = probability of guessing,

a = convexity of the probability function P, (visual acuity function regarding e),
x = the value when P, reaches 0,

e = coordinate error (in visual angle),

54 = average time required to refresh a binding among the stimulus set A4,

v, = average object speed among the stimulus set A.

8. Model fitting

We fit MOMIT to the data of Experiment 1 using Eq. (6), which includes 7 parameters,
two of which, s and m, are free parameters. The parameters that were not free were fixed
on the basis of empirical data (a, x) or were derived from the structure of the experiment
(n,v,p). Parameters a and x determine the probability function P in relation to visual acuity.
Parameter a determines the curvature of the function, while parameter x determines the loca-
tion where P, reaches 0. For a, we aimed for a value which yields flawless performance for a
coordinate error of less than 2 deg of visual angle (i.e., the span of foveal vision); a = —0.0022
was found to yield such a function. To find a reasonable estimate for x, we conducted a small
peripheral object recognition experiment with the stimuli of Experiment 1. We observed that
object recognition was at a chance level, when objects were more than 20 deg away from the
center fixation point. Next we ran simulations with values of 20-25. The simulations showed
that all these values gave reasonable fits to the data. Thus, x was set to 22 deg. The parameter
values for n and v were derived from the design of Experiment 1: n varied from 2 to 6; v was set
to2.6,6.3 or 10.7. The guessing probability p was set to reflect a rather effective guessing strat-
gy, Pouess = 1/(6 — m). The use of an effective guessing strategy is possible by remembering a
subset of objects that are tracked correctly and then using this information to narrow down
the choice for guessing. For instance, let us assume that there are six designated targets and
the participant can accurately track three of them. If the participant notices that the probed
item is not among the accurately tracked items and (s)he is able to remember the identities of
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the correctly tracked targets, (s)he may then be able to limit her/his guessing to the three tar-
gets (s)he knows (s)he did not track. Thus, the guessing probability becomes 1/3. In general,
this yields a guessing probability of 1/(6 minus the number of accurately tracked and remem-
bered objects).

With respect to the free parameters, we assumed the static binding capacity m to be
approximately 4 (see e.g., Oksama & Hyond, 2004; Luck & Vogel, 1997) and a plausible
range for the values of the refresh time parameter s to be around 250-500 ms, which is the
time taken to fixate a static object for recognition (De Graef, Christiaens, & d’Ydewalle,
1990; Germeys, De Graef, & Verfaillie, 2002; Henderson, Pollatsek, & Rayner, 1989), or
to serially shift attention between objects (Horowitz, Holcombe, Wolfe, Arsenio, & DiMase,
2004).

The MOMIT model with two free parameters was fit to 9 mean data points (three speed
conditions and set-sizes 4, 5, and 6) using the SPSS 14 (SPSS, Inc. Chicago, IL) nonlinear
regression program. Set-sizes 2 and 3 were excluded from the model fitting, because with
the initial value of m = 4, for set-sizes 2 and 3 m would be greater than » and the equation
would in that case yield a performance accuracy estimate of over 1. We report three mea-
sures of goodness of fit: R?, standard errors, and confidence intervals. Model fitting and
parameter estimation were done separately for the data of familiar objects and pseudo-
objects, because MOMIT assumes s to be different for the two object types.

Estimates of model fit and the best fitting parameters are presented in Table 5. As can
been seen, MOMIT with two free parameters (Run 1 and 2) yields a very nice fit to the
data of both stimulus types with small standard errors, sufficiently narrow confidence
intervals, and over .9 coefficient of determinations. Perhaps most importantly, the best fit-
ting values for s (238 and 241 ms) and m (3.9 and 3.7) are psychologically plausible. The
estimate of m is very close to the aforementioned value of 4 proposed by Luck and Vogel
(1997); the estimate of s is also within a plausible range (see above).

The next step was to experiment with the refresh time parameter s. MOMIT assumes a
different s value for familiar and unfamiliar stimuli but a common m. Thus, we fixed m to
3.8 (an average of 3.7 and 3.9 from the two previous runs) for both stimulus types and let s
vary freely. The results are presented as Run 3 and 4 in Table 5. The best fitting s for famil-
iar objects was 230 ms and for pseudo-objects 250 ms—a difference of 20 ms. The model fit
is very good with narrow confidence intervals, small standard errors, and a high R?. This
difference in s is assumed to reflect a semantic familiarity effect. It may be argued that as
such the effect should be somewhat bigger. It may be noticed, however, that the confidence
intervals allow the effect to be considerably bigger.

A semantic effect may also be materialized by assuming that m varies as a function of
object familiarity but both stimulus types share a common s. According to this view, the
semantic effect is not modulated by a dynamic refresh cost but by a different storage capac-
ity for familiar and unfamiliar objects. We experimented with this alternative; the results
are reported as Run 5 and 6 in Table 5 (s was fixed to 240 ms, which is the average of Run
1 and 2). The simulation yields a difference of 0.2 objects in m between the familiar and
pseudo-objects, and the model fits well to the data. Although this version is derived from
the mathematical formulation of MOMIT, it is not consistent with the functional architec-
ture of the model, where long-term memory representations are assumed to be consulted in
creating and refreshing serially identity-location bindings. At present we are not in a posi-
tion to strongly argue for or against either alternative. Nevertheless, we consider it likely
that at least s varies as a function of familiarity.



Table 5
Parameter estimates and measures of goodness of fit of the different runs of the MOMIT model

Run  Number of data Procedure Stimuli Mathematical Fixed parameter Best fitting free Std. 95% Confidence R?
# points model values parameter error Interval
Lower Upper
Bound Bound

1 9 Probe Familiar MOMIT — m=3.90 12 3.60 4.19 91
recognition objects — s =.238 .016 .200 277

2 9 Probe Pseudo- MOMIT — m = 3.69 .08 3.50 3.89 95
recognition objects — s=.241 012 212 270

3 9 Probe Familiar MOMIT m=3.38 5 =.230 .013 .200 .260 .90
recognition objects

4 9 Probe Pseudo- MOMIT m=338 s =.250 .009 229 271 94
recognition objects

5 9 Probe Familiar MOMIT s =.240 m=3.90 0.09 3.70 4.11 91
recognition objects

6 9 Probe Pseudo- MOMIT s =.240 m = 3.69 0.06 3.55 3.83 95
recognition objects

7 9 Probe Familiar Parallel — m=3.39 0.18 2.97 3.81 40
recognition objects

8 9 Probe Pseudo- Parallel — m=1322 0.17 2.83 3.62 47
recognition objects

9 4 Change Familiar MOMIT s =.230 m=2.73 0.02 2.68 2.78 1.0
detection objects

10 4 Change Pseudo- MOMIT s =.250 m=2.58 0.10 2.26 2.90 95
detection objects

The parallel model is based on the formula proposed by Scholl et al. (2001).
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As the next step, we fitted the data of Experiment 1 to a one-parameter parallel model.
This was easy to do because such a model is nested in MOMIT. By setting s =0 Eq. (6)
reduces to Eq. (1). Eq. (1) can in turn be interpreted as a version of a fixed capacity parallel
model with a single parameter m, where m is the parallel tracking capacity, i.e., the number
of sticky fingers in the FINST theory (Pylyshyn, 1989), or the number of foci of attention
in the theory of Cavanagh and Alvarez (2005). As the two models are nested, their statis-
tical comparison is possible using the extra sum of squares test.

Estimates of the parallel model are presented in Run 7 and 8 (see Table 5). The parallel
model does not provide an excellent fit to the data in terms of R%. An obvious reason is
that this simple fixed-capacity parallel model does not capture the speed effect. The extra
sum of squares test shows that MOMIT with two free parameters yields a significantly bet-
ter fit to the data than the one-parameter parallel model, both for familiar objects,
F(1,7) = 37.5, and for pseudo-objects, F(1,7) = 68.8, both p < 0.001. In addition, the best
fitting m values for familiar (3.4) and pseudo-objects (3.2) are somewhat lower than what
1s assumed in the literature for parallel tracking capacity (4 or 5).

As the final step, we examined MOMIT’s capacity to predict the change detection data
of Experiment 2B. This experiment had only one speed condition, so there are fewer data
points to fit (in the following we use four data points, set-sizes 3—6). To avoid overfitting
and too wide confidence intervals, we fixed parameter s to the values derived from Exper-
iment 1 (we assume that s is same for both experimental procedures) and let only m to vary
freely. We initially assumed that the probability of guessing is 0.5 in this two-choice task.
However, there is a strategy by which participants may improve their change detection
performance. Because a pair of targets swaps position in half of the trials, in principle par-
ticipants need to track one fewer than the total number of designated targets to success-
fully detect a change. For example, with two targets, the participant only needs to track
one target to perform the task successfully. Similarly, with three targets the participant
only needs to track two, and so forth. If the availability of this strategy is discovered, it
is very simple to use. If observers consistently used it, then the model’s predictions with
a guessing probability of 0.5 would underestimate the performance accuracy. We tried
both 0.5 and 0.6 and found that 0.6 yielded a slightly better result in terms of confidence
intervals. The results are presented as Run 9 and 10 in Table 5. The model fitted very well
with the data with narrow confidence intervals, small standard errors, and very high R?.
However, the best fitting m values are now about one object smaller (2.6 and 2.7) than
what was estimated using the probe recognition task. In Section 9, we provide an expla-
nation for the difference in the binding capacity estimates between the two tasks employed
to measure performance accuracy in MIT.

In sum, the mathematical formulation of MOMIT captures the effects of object speed,
target set-size, and object familiarity very well using plausible estimates of refresh time and
binding capacity. It was also demonstrated that MOMIT provided a significantly better fit
to the data than a one-parameter parallel model.

9. General discussion

The present study investigated the observer’s ability to track and maintain multiple
identities in a dynamic visual environment. In five experiments, we examined effects of tar-
get set-size, semantic identity information, and object speed on performance accuracy.
Two experimental techniques (partial report probe recognition and change detection) were
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employed to study tracking of familiar objects, pseudo-objects, familiar faces, and pseudo-
faces. The following findings were obtained: (1) a highly significant target set-size effect
was observed in all experiments; performance deteriorated as a function of the number
of targets. (2) A significant semantic effect was observed in all experiments; familiar objects
or faces were easier to track than pseudo-objects or pseudo-faces. Moreover, this main
effect was modulated by target set-size in two experiments where tracking was measured
using the PRPR technique. That is, performance deteriorated steeper for pseudo-objects
than familiar objects when the target set-size increased. (3) A highly significant speed effect
was observed; performance deteriorated as target speed increased. Furthermore, the speed
effect was modulated by target set-size; the faster the targets moved and the more targets
were to be tracked, the more pronounced was the performance decrement.

The mathematical formulation of the MOMIT model of multiple identity tracking cap-
tured all these observed effects and produced an excellent quantitative fit to the data. The
main tenets of the model are that continuous attention switching, spatial indexes stored in
VSTM, bindings stored in episodic buffer, and LTM representations are intimately involved
in creating and updating identity-location bindings. Based on these principles, MOMIT cor-
rectly predicted the effects of target set-size, target velocity, target familiarity, as well as most
of their interactions (for further details concerning the predicted and observed main effects
and interactions, see Appendix B). In addition to the observed pattern of results being in
good agreement with the functional and mathematical formulations of MOMIT, MOMIT
has the advantage over former models of being able to account for both known effects
reported earlier (set-size and speed effects) and also new effects (type effect). It is noteworthy
that some theoretical alternatives to MOMIT, which rely on the early selection view of atten-
tion and parallel processing (Pylyshyn, 1989; Kahneman et al., 1992), cannot account for the
semantic effect, and they have problems with the speed effect and also to some extent with the
effect of set-size in performance accuracy, as argued below.

In what follows, we first discuss the generalizability of the results. We then describe in
more detail how MOMIT can accommodate the main findings of the study. We close by a
discussion of the compatibility of the present data with the previous theories.

9.1. The generalizability of the observed effects

Our observation that the tracking performance deteriorates as a function of target set-
size is a very robust phenomenon, as a highly significant, target set-size effect was consis-
tently observed in all experiments of the present study, regardless of the type of stimuli or
the experimental task. Similar findings have also been obtained in other studies with dif-
ferent techniques and tracking tasks (in MOT by Pylyshyn & Storm, 1988; Yantis, 1992;
Liu et al., 2005; in MIT by Oksama & Hyond, 2004; in the multiple object permanence
tracking paradigm by Saiki, 2002).

The influence of object speed on tracking performance is a much less studied phenom-
enon. Nevertheless, the study of Saiki (2002) supports our findings. Saiki found a similar
speed effect with a variant of the change detection paradigm and with extremely high
speeds (see below for more details). Both of these studies indicate that the mechanism
responsible for tracking moving objects is susceptible to changes in object speed. Further-
more, the present study shows that the mechanism is surprisingly prone to even smallish
changes in object speed. On the other hand, our study differs from that of Saiki in that we
found a highly significant interaction between object velocity and target set-size whereas
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Saiki did not. We strongly suspect that the interaction would have reached significance,
had Saiki used more participants (with his 6 participants the interaction approached sig-
nificance). Thus, we do not think that Saiki’s failure to find a reliable interaction should be
interpreted to contradict our significant result. Note also that a recent study of Liu et al.
(2005) observed an effect of speed and an interaction between speed and set-size.

Our observation that familiar objects were easier to track than unfamiliar objects is a
new finding in the research on multiple object tracking. The finding was consistently
observed with two different types of stimuli (objects and faces), with two different measure-
ment techniques (partial report probe recognition and change detection), and using both
error rate and detection sensitivity (d') as dependent variables.

The semantic effect was modulated by target set-size in experiments, where the partial-
report probe-recognition technique was employed (i.e., Experiments 1 and 2A; in Exper-
iment 3A there was a trend). This interaction was located in the linear component; that is,
the performance deteriorated steeper for pseudo-objects than familiar objects as a function
of target set-size. In the experiments that used the change detection technique (i.e., Exper-
iments 2B and 3B) the interaction was either not significant or it was qualitatively different
from the interaction described above (i.e., the semantic effect in d' in Experiment 2A was
apparent only for the two smallest set-sizes). We argue that the different pattern of results
reflects a differential sensitivity of the two dependent measures. The partial report probe
recognition technique is more sensitive at the higher end and less sensitive (due to a ceiling
effect) at the lower end. On the other hand, an opposite pattern is apparent in the change
detection paradigm. When set-size increases, change detection becomes increasingly diffi-
cult (observers become increasingly conservative in responding) and the technique thus
looses its sensitivity. The mean size of the semantic effect (i.e., the difference in error rate
between pseudo-objects and familiar objects) is plotted in Fig. 8 separately for the exper-
iments using the PRPR task (the mean of Experiments 1, 2A, and 3A) and for the exper-
iments where the change detection paradigm was used (the mean of Experiments 2B and
3B). As is apparent from Fig. 8, in the change detection experiments the effect size is bigger
than in the PRPR experiments for smaller set-sizes (2—4), whereas the opposite is true for
the larger set-sizes (5-6).
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Fig. 8. The mean size of the semantic effect (the difference in error rate between pseudo-objects and familiar
objects) is plotted separately for the experiments using the partial report probe recognition (PRPR) task (the
mean of Experiments 1, 2A, and 3A) and for the experiments where the change detection (CD) paradigm was
used (the mean of Experiments 2B and 3B).
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This differential sensitivity between the two experimental tasks is also reflected in the
results of model fitting. In the PRPR method the best fit with the data was obtained with
a capacity estimate of approximately 4 static bindings while in the change detection tech-
nique the best fit was obtained using a capacity estimate of approximately 3 static bind-
ings. We assume that the estimate taken from PRPR technique is closer to the right one
and that the change detection procedure slightly underestimates this capacity. Following
Simons and Rensink (20095) it is assumed that the change detection procedure includes a
very demanding process where the post-change scene is compared to the memory-based
representation. This comparison process may be difficult and/or slow; observers might
not be able to compare all the materials in the STM buffer before it decays or they may
become uncertain about their decision. Our finding of a conservative bias in the larger
set-sizes supports this argument: observers became uncertain when a change had to be
detected among four or more objects. On the other hand, probe recognition includes a
forced choice procedure, which is known to activate material in a low-activation state.
Thus, it is assumed to be a more sensitive measure of maximum capacity than the change
detection procedure.

Our estimate of static binding capacity based on probe recognition is somewhat higher
than those reported by Horowitz et al. (2007) for dynamic capacity. An obvious explana-
tion is that the static binding capacity drops in dynamic situations as a function of the
aforementioned cost factors. In their study, observers tracked 4 cartoon animals among
4 distracter animals. Horowitz et al. employed two probing methods: in one observers
had to point to all targets that were occluded (whole report) after some period of time,
in another they were asked to point to the location where a specific target (e.g., camel)
was hiding (occluded behind a picture of a cactus). They found that the whole report
yielded a dynamic capacity estimate of about 2.3-3.4, while the special report yielded
an estimate of about 1.4-2.6. Similarly, Saiki (2003) obtained a smaller capacity estimate
with a change detection procedure compared it to one obtained by a priming technique
(Kahneman et al., 1992).

9.2. The empirical support for the assumptions of MOMIT

In Section 1 we laid out five principles that are the cornerstones of MOMIT. Next we
discuss the compatibility of these assumptions with the present data.

(1) Efficient maintenance of multiple moving objects requires continuous serial (re)activa-
tion and refreshing of the dynamic identity—location bindings. MOMIT as a serial
account provides a natural explanation for why tracking performance deteriorates
as a function of target set-size and speed, on the one hand, and why these effects
combine in a multiplicative manner, on the other hand. Also our serial model based
on the assumption of continuous refresh cycles yielded plausible estimates for refresh
times and good fit with the observed accuracy data.

(2) There is a capacity limitation as to the number of bindings that can be simultaneously
kept active in the episodic buffer, which affects performance accuracy. Binding capacity
was estimated by fitting the MOMIT model to the data. The best fitting estimate was
approximately 4 static bindings for the partial-report probe recognition data, which
is in line with previous research (e.g., Luck & Vogel, 1997). However, the estimated
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capacity was approximately three items for the change detection data. As argued
above, the difference is assumed to reflect a differential sensitivity of these two exper-
imental procedures.

Long-term memory (LTM) representations are utilized in creating temporary bind-
ings. The observed semantic effect (familiar objects are easier to track than unfamil-
iar objects) supports this claim. The effect was observed using both the PRPR and
the change detection paradigms. MOMIT accounts for this effect in performance
accuracy by assuming that the more time is spent in refreshing an identity-location
binding, the more likely it is that another target is lost (the VSTM coordinate error
becomes large before the binding is refreshed). According to MOMIT, the size of the
semantic effect should increase as a function of set-size. As discussed above, the
PRPR method provides data consistent with this prediction, whereas the change
detection paradigm yields data that demonstrate a somewhat different pattern (i.e.,
the semantic effect is greater for small set sizes; see above for more).

Spatial indexes (or location pointers) for the tracked targets are temporarily stored in
VSTM. These indexes are then utilized by the mechanism that programs shifts of visual
attention between targets. As identity-location binding is assumed to be serial in nat-
ure, the spatial indexes provided by VSTM are not constantly updated, which leads
to the VSTM coordinate error (i.c., the difference between the stored and the actual
coordinates). The magnitude of this VSTM error is one of the key concepts under-
lying MOMIT’s success in correctly predicting the effects of speed, set-size, and
object type. The size of the VSTM error increases with an increase in target speed
and set-size, which results in non-efficient switching of attention between targets.
Similarly, the VSTM error becomes larger when the observer is required to spend
extra time in refreshing an identity-location binding for unfamiliar objects.

The system responsible for shifting of attention during tracking also obtains location
information of moving objects in parallel. This information is provided by the peripheral
vision. Although MOMIT assumes that identity-location bindings are maintained by
constantly updating and refreshing them with the help of serial attention, it does not
completely preclude a parallel component in the form of peripheral vision. This kind
of mechanism is needed, because otherwise we would need to postulate that the
attention is directed purely endogenously on the basis of VSTM information, which
we think is highly unlikely. However, the present study does not provide any direct
evidence in favor or against this assumption. One possibility to test this is to track
observers’ gaze shifts when tracking targets among multiple distracters. MOMIT
predicts erroncous attention shifts to moving objects (either target or distracter;
however, see Pylyshyn, 2004) that occupy a position previously occupied by a target
that has not been refreshed recently.

In sum, the observed results are largely consistent with the predictions derived from the
principles of MOMIT. In the next sections, we compare MOMIT with other models of
multiple object tracking and with general models of visual attention.

9.3. Comparison of MOMIT with parallel fixed capacity theories of dynamic visual attention

Strong and viable competitors of MOMIT are models of visual attention that are based
on fixed- or limited-capacity parallel processing (unlimited capacity parallel models are
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not psychologically viable and also clearly inconsistent with the present set of data). Fixed-
capacity parallel models have recently become popular both as general models of visual
attention (Bundesen, 1990; Bundesen, Habekost, & Kyllingsbaek, 2005; Logan, 2002b)
and specifically in the area of dynamic visual attention (Cavanagh & Alvarez, 2005; Kahn-
eman et al., 1992; Pylyshyn & Storm, 1988). We first discuss these specific models followed
by a discussion of Bundesen’s model, Rensink’s (2000) coherence theory, and a recent
mathematical model of Kazanovich and Borisyuk (2006).

The fixed-capacity parallel models assume that multiple visual objects can be selected
and spatially tracked in parallel. This is done either attentatively (Cavanagh & Alvarez,
2005; Kahneman et al., 1992), preattentatively (Pylyshyn & Storm, 1988), or as a joint
effort of early visual and attentional processes (Bundesen, 1990; Bundesen et al., 2005;
Logan, 2002b). The size of the fixed capacity is most explicitly defined by Pylyshyn and
Storm (1988), who posit 4-5 “fingers of instantiation™ (visual indexes that move along
with the moving objects, as if these pointers were glued to the tracked objects). The the-
ories also differ in how access is achieved to identity information of the tracked targets.
According to Pylyshyn’s (1989) FINST theory, even though tracking itself is parallel
(within the capacity limits), accessing identity information is done one object at a time
with the help of serial attention (in that sense his model is a mixed model involving both
a parallel and serial component). On the other hand, the object file theory of Kahneman
and Treisman(1984; Kahneman et al. 1992) assumes that identity information is transmit-
ted of and available for all visual objects selected as targets (again, within capacity limits).
In other words, it is possible to temporarily retain multiple object files constructed for the
target objects, each of which contains an identity-location binding. Finally, the multifocal
model of Cavanagh and Alvarez (2005) posits multiple attentional foci (four; two of which
track objects located in the left visual field and another two track objects in the right visual
field; see also Alvarez & Cavanagh, 2005) that make possible to simultaneously track mul-
tiple moving objects. However, identity information and identity-location bindings are not
necessarily transmitted automatically of the tracked targets. Thus, this model does not
seem to assume a parallel existence of multiple bindings. Note that regardless of their
stance on the binding issue, all these models predict a flawless tracking performance within
the capacity limits. This is because location information is simultaneously available for all
tracked targets. For example, according to the FINST theory (Pylyshyn, 1989), serial
attentional switching required to extract identity information can be readily done between
the indexed locations without the attentional focus being misdirected (e.g., to a distracter).
Unlike MOMIT, the models described above do not specify underlying mechanisms that
may lead to failure in performance (except for Pylyshyn et al., 1994, who suggest that the
preattentative filter is vulnerable to “leaking’’). It is thus understandable that the predic-
tions of these alternative models do not differ from each other when it comes to perfor-
mance accuracy (but they do differ with respect to response time).

On the basis of the present results, we cannot rule out fixed capacity parallel models as a
viable alternative. As demonstrated by Logan (2002a) and Townsend and Wenger (2004),
it is in principle possible to simulate the same data pattern using either a serial or a parallel
model (at least in response times). Although none of the parallel models discussed above
predict a priori the observed pattern of results or postulate a plausible mechanism, it is
nevertheless possible to post-hoc postulate a parallel model with a tracking capacity of
three items (in all experimental conditions tracking performance for three items was at
the 90% level or better) that is also sensitive to object speed and object familiarity. In order
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to be a viable alternative to MOMIT, such a model should also be able to address the fol-
lowing issues:

(1) Why does performance accuracy deteriorate as a function of object velocity? An
effect of object speed seems at odds with at least with the FINST theory (Pylyshyn,
1989), which assumes that preattentative pointers effectively move along with the
moving targets, at least when object velocity is within reasonable limits. Our object
speed manipulation was quite modest (certainly much smaller than in many previous
studies), nevertheless we obtained a robust effect of speed. On the other hand, a
model based on parallel allocation of attention to multiple targets (Cavanagh &
Alvarez, 2005) may be able to account for speed effects (at least in response times)
as a difficulty effect in allocating attention to fast moving objects. Another way of
construing a speed effect is in terms of exogenous uncertainty (Moray, 1984): exog-
enous uncertainty of visual input becomes greater as object speed increases (i.e., it
becomes more difficult to predict a future state of a dynamic visual environment
on the basis of the current state). According to this view, exogenous uncertainty
affects performance regardless of whether targets are attended serially or parallelly
(but see issue 3 below).

(2) Why does object familiarity affect tracking accuracy? The observed familiarity effect
seems clearly at odds with those parallel accounts of dynamic visual attention, which
rely on early selection view of attention (Pylyshyn, 1989; Kahneman et al., 1992). On
the other hand, a version of parallel attentional models in which target properties
influence processing speed may be able to account for at least changes in response
times (see below our discussion of Bundesen, 1990; Bundesen et al., 2005).

(3) Why do the main effects of set-size and speed combine in a multiplicative manner
resulting in significant linear interactions? Our serial account predicts that as pro-
cessing becomes more difficult (due to increase in set-size and speed) performance
accuracy will indeed decline in a multiplicative manner. This is because the time
needed to locate fast moving targets and refresh their bindings will increase cumula-
tively as a function of set-size, as every item is visited in a serial fashion. Parallel
accounts predict no such interactions (within capacity limits; e.g., Pashler, 1995).
At most, they predict an additive or constant increase in reaction times and/or per-
formance errors as a function of speed (due to a general increase in exogenous uncer-
tainty), regardless of set-size. If that were the case, then this additive effect should
also be evident in the smaller set-sizes. Clearly, there is no evidence for a speed effect
in set-size 2 (performance accuracy is highly similar for all speed conditions, see
Table 1).

(4) How is it possible to track parallelly visual objects and their characteristics in real-
world environments where the to-be-tracked targets are often located wide apart
from each other (targets may appear tens of degrees of visual angle from each other,
e.g., when a lifesaver tracks swimmers)? Given the poor visual acuity of the periph-
eral vision it appears implausible that visual features and identities of multiple
objects may be refreshed and maintained in parallel.

In sum, although we cannot rule out parallel accounts, we have demonstrated that
MOMIT offers a coherent serial account of the observed pattern of results. It also offers
psychologically plausible mechanisms underlying the variation in performance accuracy
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in a variety of different visual and stimulus environments. We challenge parallel theorists
to provide a detailed description of a parallel mechanism, which is capable of producing
the kind of set-size, speed, familiarity effects and their interactions observed in the present
study.

9.4. Comparison of MOMIT with Bundesen’s (1990, Bundesen et al., 2005) computational
theory of visual attention

On a general level, the results of the present study compare favorably with Bundesen’s
(1990; Bundesen et al., 2005) computational theory of visual attention. His theory is a
fixed-capacity parallel model that is designed to simulate processing speed, while MOMIT
1s geared to simulate performance accuracy (although processing speed also features in the
equation). Even though his theory is not tailored to model dynamic visual attention, and
hence its architecture significantly differs from that of MOMIT, one can also find clear
commonalities between them.

In Bundesen’s(1990; Bundesen et al., 2005) theory, the process of categorizing a visual
object is determined by three factors: sensory evidence related to the object, behavioural
importance of the object, and decision bias associated with the relevant feature category.
Sensory evidence and importance constrain what objects are selected as attentional targets,
while decision bias regulates the categorization process. The objects present in a visual
environment compete with each other to be categorized; the winner obtains access to
the limited capacity VSTM. The aforementioned three factors determine what objects
and categories win the race.

As attention is equipped with limited capacity, the theory predicts that the speed of
object categorization slows down as the number of selected objects increases. This is
because with multiple targets the fixed capacity needs to be distributed among several
behaviorally pertinent objects. Applied to a dynamic visual environment, this would mean
that updating identity information for objects retained in VSTM is slowed down. This
becomes close to the mechanism posited in the MOMIT architecture (note, however, that
in Bundesen’s theory the mechanism is assumed to be parallel whereas in MOMIT it is
serial in nature).

Bundesen’s (1990; Bundesen et al. 2005) theory can easily accommodate the familiarity
effect by making recourse to decision bias. It may be assumed that familiar objects have a
stronger decision bias than unfamiliar objects (familiar objects have a LTM representation
that may be utilized in categorization). Thus, categorization speed is predicted to be faster
for familiar than unfamiliar objects. This prediction is similar to the one derived from
MOMIT, which assumes that creating and updating bindings for familiar objects is more
readily achieved than for unfamiliar objects.

The speed effect appears to be more difficult to explain by Bundesen’s (1990; Bundesen
et al. 2005) model. One possibility is to suggest that the sensory evidence extracted from
targets deteriorates as object speed increases, which in turn would slow down object cat-
egorization and their coding to VSTM. However, no explicit mechanism is offered in the
model to account for object speed effects (the issue is merely rephrased in terms of the
quality of the available sensory evidence).

In sum, although clear parallels can be found between MOMIT and the Bundesen
(1990; Bundesen et al. 2005) model, we think that Bundesen’s theory suffers from a plau-
sibility problem when it is applied to tracking moving objects in real-life type of visual
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environments where the objects are located wide apart from each other. As we have argued
throughout the paper, in such environments it seems highly unlikely that a purely parallel
system could handle the simultaneous refreshing and maintenance of multiple bindings
(see Logan, 2002a; Moray, 1984).

9.5. Comparison of MOMIT with the coherence theory of Rensink (2000)

The observed semantic, speed, and set-size effects may also be considered consistent
with the coherence theory of Rensink (2000). The theory posits that a ‘stabilization’ pro-
cess is needed when attempting to maintain a coherent representation of a visual scene.
According to the coherence theory, only one object at a time can be represented so that
it has a high degree of coherence over space and time. Other objects or their parts in a
scene, so-called proto-objects, are volatile and non-stabile. A coherent representation of
one object, the nonvolatile higher level representational structure called nexus, makes
recourse to focused attention that selects a small number of proto-objects and stabilizes
them. This stabilization process makes use of a feedback circuit (coherence field) with
bi-directional links between the attended proto-objects and the higher-level nexus. The
upward links in the circuit transmit property information (featural and semantic) about
the attended proto-objects; the downward links from the nexus provide coherence and sta-
bility over time to the attended proto-objects.

By using these assumptions of the coherence theory it seems possible to derive a
plausible mechanism by which LTM representations could affect dynamic perception.
It may be argued that familiar objects bring about more coherent higher-level represen-
tations than pseudo-objects. Moreover, the more coherent the representations are, the
more stability they provide to lower-level proto-objects. Thus, maintaining identity-
location bindings for familiar objects would be more effective in a dynamic situation
than that for unfamiliar objects. Although such an interpretation seems to fall from
his theory, it may not be what Rensink (2000) himself has intended, as he writes (p.
26) that the coherence theory ‘‘views attention as concerned with the formation of
immediate spatiotemporal structures (or tokens) rather than the activation of long-term
categories (or types)”.

The object speed effect seems consistent with Rensink’s (2000) coherence theory,
according to which movement may hamper the stabilization of the output provided by
lower level vision and hence the perception of coherent objects (see Rensink, 2002, for fur-
ther discussion of speed effects). Furthermore, unlike the FINST (Pylyshyn, 1989) and the
object file theory (Kahneman et al., 1992), the coherence theory does not postulate any
parallel access mechanism that would provide access to multiple objects in a scene. Ren-
sink claims that only one stable representation can be formed at a time and that the obser-
ver’s simultaneous perception of other objects in a visual scene is in fact an illusion.
Similarly to MOMIT, other objects in the scene are perceived by rapidly switching atten-
tion back and forth between the objects.

9.6. Comparison of MOMIT with the oscillatory neural model of Kazanovich and Borisyuk
(2006 )

Some of the observed effects are consistent with Kazanovich and Borisyuk’s (2006)
neural model of multiple object tracking. This parallel model specifies a mechanism to
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explain errors in MOT performance. Their attentional model is based on an oscilla-
tory neural network, where local oscillatory elements are controlled by a central oscil-
lator (or several central oscillators). The central oscillator plays the role of a central
executive, which controls the dynamics of local, peripheral oscillators through feedfor-
ward and feedback connections. Thus, the model includes several peripheral compo-
nents capable of tracking objects in parallel and a central component(s) capable of
maintaining the attentional focus. An important property of their network is that
its architecture contains only a small number of connections in comparison to connec-
tionist models, which makes it technically feasible to simulate the tracking of moving
objects.

According to the model, tracking of multiple identical objects (e.g., circles) performance
is error prone due to crossing of the trajectories of targets and distracters. In such occa-
sions the oscillator switch its focus from the target to the distracter, which results in a
tracking error. When object speed increases, such switches are assumed to take place with
a greater likelihood. The model’s performance was compared to the tracking data of Oks-
ama and Hyond (2004) of identical moving objects (the classic MOT task). The simulation
yielded a similar set-size effect in error rates as the data. Kazanovich and Borisyuk suggest
that the model is also geared to simulate speed effects (not yet done). Although the model
1s parallel, it predicts that error rate will increase as a function of set-size and speed. The
model is a serious competitor to MOMIT. However, at present it still has problems with
the trial duration effect observed by Oksama and Hyonéd (2004) with identical objects.
Moreover, the semantic effect observed in the present study poses also problems to the
model.

10. Conclusions

In the present article, we have proposed a functional and formal model for the mainte-
nance of multiple bindings in a dynamic visual environment. The proposed serial MOMIT
model can account for most of the results reported in the present study; in addition, it is
also consistent with the results of Oksama and Hyona (2004). It is sufficiently detailed to
generate empirically testable predictions (some of which are mentioned above). It provides
a theoretical alternative to parallel models popular in the area of dynamic visual attention.
In the future, some of the model’s predictions will be further tested by eye movement stud-
ies of multiple object tracking.
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Appendix A. Mathematically derived predictions of MOMIT

In the following, the empirical predictions of MOMIT are mathematically derived on
the basis of Formula 6. We first consider the prediction concerning the effect of target
set-size n. By replacing all other factors with a constant (constants are different combina-
tions of the terms appearing in Formula 6), the formula may be expressed as follows:

c4
Clxn*+C2xn+C3+—,
n

where C1, C2, C3, and C4 are constants (C1 obtains a negative value, see the model sim-
ulations). Thus, according to MOMIT, deterioration in performance accuracy as a func-
tion target set-size is depicted as a quadratic downward trend.

The predictions for the main effect of target speed and familiarity can be derived in a
similar fashion. When all other factors are replaced with a constant, the effect of object
speed v on performance accuracy is estimated as follows:

Cl*xv> +C2xv+C3
and the effect of object familiarity s as follows:

C4 % s>+ C5xs+ C6,

where C1, C2, C3, C4, C5, and C6 are all constants. As may be seen from these formulas,
MOMIT predicts that accuracy drops quadratically as a function of object speed and
familiarity (in order to thoroughly test these predictions one would need to vary speed
and familiarity using several speed and familiarity levels, not just 2 or 3 as in the present
study).

We next consider the model prediction with respect to a set-size X speed interaction.
Let’s consider the difference between two speed conditions v and v+ k (v and k obtain
positive values, thus v+ k& > v). Again, all other terms are replaced with a constant. We
can formulate the difference between two speed conditions as a function of n as follows:

Clsn*+ C2xn+ C3,

where C1, C2, and C3 are constants. Thus, the model predicts an interaction between set-
size and speed, where the difference between two speed conditions vary as a function of set-
size following a quadratic trend. Note that this does mean that MOMIT would predict a
significant quadratic component in the interaction term, but the interaction term is as-
sumed to be linear. A quadratic interaction component denotes that the curves would have
different convexity values. However, MOMIT assumes a single value (see Formula 6).
Predictions for set-size X familiarity and speed X familiarity interactions may be derived
in a similar vein. Let’s consider the difference in accuracy between two types of objects dif-
fering in familiarity (the refresh times are denoted by s and s + r; both obtain positive val-
ues, thus s +r>s), as a function of speed or set-size. All other terms are considered
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constant. The difference in two familiarity conditions is predicted to vary quadratically as
a function of set-size n:

Clsn*+C2%n+C3
and as a function of speed v
C4 x>+ CS5xv+C6

Finally, one way to construe the 3-way interaction between set-size, speed, and famil-
iarity is to examine whether the set-size X familiarity interaction is different for different
object speed conditions v and v + A. Let’s denote the difference between two object types
as a function of set-size with speed v as Cl*n® + C2#n + C3 (as above) and call it Differ-
ence 1. Let’s then call Difference 2 the set-size x familiarity difference with speed v + 4. We
can then examine whether the difference (D) between Difference 1 and 2 is a constant (no
3-way interaction) or increases as a function of speed increase 4. By solving the equation
we find that indeed D varies a function of speed increase i (C1#h*+ C2%h). In other
words, MOMIT predicts a 3-way interaction where the increase in the familiarity effect
as a function of set-size is exacerbated by an increase in object speed.

Appendix B. Modeling the observed main effects and interactions of Experiment 1

In the following we go over the predicted and observed effects for Experiment 1 that
included all the manipulated variables, set-size, object speed, and object type. As men-
tioned earlier, MOMIT predicts all possible main effects and interactions between the
manipulated variables (see Appendix A for the mathematical proof). As a further test

Table B.1
Error rates (%) predicted by MOMIT and the differences between the observed (Experiment 1) and predicted
error rates (observed—predicted)

Object  Type of  Number of targets Marginal means
speed object 4 5 6

Predicted Observed Predicted Observed Predicted Observed Predicted Observed

predicted predicted predicted predicted

Slow Pseudo 3.0 3.1 13.8 -0.4 21.3 -1.8 12.7 0.3
Familiar 2.9 0.5 13.7 -39 21.0 —-4.9 12.5 -2.8
Semantic 0.1 2.6 0.2 3.6 0.3 3.1 0.2 3.1
effect

Medium Pseudo 6.2 2.0 19.2 1.4 29.2 —0.6 18.2 1.0
Familiar 5.6 1.4 18.1 -3.2 27.6 —1.4 17.1 -1.1
Semantic 0.6 0.6 1.1 4.7 1.6 0.8 1.1 2.0
effect

Fast Pseudo 14.2 5.4 32.2 1.9 48.3 —4.0 31.6 1.1
Familiar 12.3 6.0 29.1 3.8 43.7 —3.8 28.4 2.0
Semantic 1.9 —0.5 32 -1.9 4.6 —0.1 3.2 -0.9
effect
Marginal 7.4 3.1 21.0 —0.1 31.9 -2.8 20.1 0.1

means
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of the model, we substituted the parameters s and m in Eq. (6) with their best estimates
(s = 230 ms for the familiar objects; s = 250 ms for the pseudo-objects; m = 3.8) and com-
pared the predicted condition means of each main effect and interaction to the observed
ones. Table B.1 shows the predicted means and their differences from the observed ones.
As in the model fitting section, only set-sizes 4-6 were used in the comparison (see that
section for the motivation).

As is evident from Table B.1, the overall fit of MOMIT is very good: the overall mean
difference in error rates between the predicted and observed values is only 0.1%. There is
also a very close fit between the predicted and observed condition means for all main
effects and the set-size x speed and set-size X type interactions (i.e., the patterns of the pre-
dicted effects and interactions closely resemble the observed ones). It is also noticeable that
both the predicted and observed effect sizes related to set-size and speed are robust. Per-
formance accuracy drops from a practically flawless performance with 2 objects (see Table
1) down to about 70% accuracy with 6 objects (see Table B.1). An effect size of similar
magnitude is also predicted and observed for object speed. Analogously, the predicted
and observed set-size X speed interaction is robust: performance accuracy drops off dra-
matically when 6 fast moving objects are tracked. The robustness of the observed effects
is also apparent in the power estimates, which were .98—1 for the aforementioned effects.

On the other hand, the predicted and observed effect of object type is relatively modest.
The observed semantic effect for set-sizes 4-6 was 2.9%, while MOMIT predicts a 1.5%
effect. Given the small effect size, it may not come as a surprise that two out of three inter-
actions involving object type as a factor did not reach significance in Experiment 1. As
regards the type X speed interaction, MOMIT predicts that the effect of object type
becomes more pronounced when speed is increased (the predicted error rates are 0.2,
1.1,and 3.2 for the slow, medium, and fast speed, respectively). Interestingly, this means
that MOMIT predicts virtually no object type effect with slowly moving (or static) stimuli.
The size of the observed type effect was somewhat bigger in the slow (3.3%) and medium
speed (3.1%) condition than predicted by MOMIT, but they were quite similar in the fast
condition (observed: 2.4% vs. predicted: 3.2%). As is apparent from Table B.1, the lack of
interaction is primarily due to familiar objects being tracked more accurately in the slow
and medium speed conditions than predicted by MOMIT. On the other hand, MOMIT
predicts almost flawlessly the condition means of the pseudo-objects. Thus, MOMIT
slightly underestimates the semantic effect in the slow speed condition.

As regards the 3-way interaction, MOMIT predicts no set-size X type interaction with a
slow speed (see Table B.1 for the semantic effect in the slow speed condition). On the other
hand, an interaction is predicted for the medium speed condition, and it is predicted to be
even more pronounced with a fast speed. Separate ANOVAs computed for each speed con-
dition (set-sizes 2—6) partly confirmed these predictions. The set-size X type interaction was
not significant in the slow speed condition (F(4,216) = 2.1, p = .082), but it proved significant
in the medium speed condition (£(4,216) = 4.6, p = .001). However, contrary to MOMIT’s
prediction, the interaction was non-significant in the high speed condition (£(4,216) = 1.6,
p = .175). Pairwise comparisons of the predicted and observed condition means show that
in the high speed condition the results diverged slightly for only one data point: tracking
of 5 familiar objects was observed to be 1.9% worse than predicted. For set-sizes 4 and 6 in
the high speed condition the size of the observed and predicted type effect was quite compa-
rable, the differences were 0.5% and 0.1%, respectively. In sum, it seems that the failure to find
a 3-way interaction is mainly due to lack of power (the power estimate was .44).
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All in all, MOMIT provides an excellent overall fit to the main effects and interactions.
The only exception is that the observed semantic effect is greater with a slow speed than
predicted by MOMIT. However, the model and the data are in agreement with the gener-
ally modest size of the semantic effect.
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