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Chapter :

Introduction

In everyday situations, we often need to keep multiple piecesoomation briefly
in mind for as long as they are needed to carry out a task, such as rehearsing a phone
number while dialing it or completing a math problem through multiple steps of
calculation. The ability to temporarily store and manipulate infoonati the service of
ongoing cognition is called working memory. Working memory is thought to provide a
foundation for many higtevel cognitive functions, including language comprehension,
learning, planning, reasoning, and general fluid intelligenced8&ag, 1986; Daneman &
Carpenter, 1980; Engle, Kane, & Tuholski, 1999). Working memory is a multifaceted
concept that has evolved over time since the beginnings of psychology, as reflected in the
various names this system has been called: Oprimary meenopy@sizing the
phenomenology of conscious access to its contents (James, 1890}tédshmemoryO
emphasizing the transient nature of the storage (George Miller, 1956; Atkinson & Shiffrin,
1968), and finally, Oworking memoryO emphasizing the activelnopetrations on the
stored information (Baddeley & Hitch, 1974).

The most influential view of working memory is that developed by Baddeley and
colleagues (e.g., Baddeley, 1986, 1992, 2000, 2012; Baddeley & Hitch 1974), in which
working memory consists aeparate buffers for storing different forms of information,
controlled by executive attentional processes. While this tooiftiponent model of
working memory emphasizes the dynamic role that this system plays in complex cognitive
activities, another aspeof working memory that researchers have focused heavilyitsn is
limited capacity(e.g., Cowan, 2001; Luck & Vogel, 199%Whichhas led to prominent
advances in our understanding of the fundamental limits in mental storage capacity. While
the multicomponent model views the overall capacity limit as an emergent property of the
coordinated operation of multiple cognitive resources or subsystems, this latter approach
seeks to determine the OtrueO capacity limit of working memory after removing
contaminang variables, such as articulatory rehearsal, chunking, anetéomgretrieval.

Based on an extensive number of studies, Cowan (2001) estimated that up to 3~4 chunks of

information can be simultaneously held in working memory.
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Historically, working merory research was dominated by verbal paradigms,
perhaps because of the prominent role of verbal ability in everyday cognition. Over the
past two decades, however, research on visual working memory has seen tremendous
theoretical and methodological advancgsedding new lightnthe nature of the capacity

limits in the storage of visual information.

The capacity limitations in visual working memory (VWM)

One of the critical findings thapurred considerable researchvisual working
memory(VWM) was a neering study by Luck and Vogel (1997). While earlier
psychophysical studies examined skertn memory for a single visual feature (e.g.,

Kinchla & Smyzer, 1967; Magnussen, Greenlee, Asplund, & Dyrnes, 1991; Nilsson &
Nelson, 1981; Regan, 1985) or a qoex visual pattern (e.g., Miyashita & Chang, 1988;
Phillips, 1974), the storage capacity for such stimuli could not be precisely quantified.
Luck and Vogel devised a paradighat involved the brief presentation osample array
containing a variable nuper of simple features (e.g., colored squares or oriented bars),
followed by a blank interval and then a test array. The test array mithamed the same

or one of the featuresas alteredand the task was to indicate whether a change had
occurred acrss the two displays or nathis change detection paradigm revedteat

observers could accurately detect a change in arrays containing a small number of items,
butthatperformance suffered as the set size increased beyondi&or4A0On the other

hand sample arrays of objects consisting of multiplekrelevantfeatures (e.g., colored
oriented bars) led to similar levels of performance as was found for-$&ajlee objects.
These results suggested that the capacity of VWM was limited by a fixdebn@in

integrated objects, such that performance was about equally good regardless of the number
of individual features that had to be stored for each object. This finding led to an influential
theory of VWM, which posits that individual visual objects laeéd in working memory

using a small, fixed number of independent OslotsO (Luck & Vogel, 1997).

Another major shift imesearch oWWM was prompted by the finding that the
precision of VWM monotonically declines as a function of number of items to be
remembered in the sample array (Wilken & Ma, 2004). The authors developed a delayed

estimation paradigm, in which the obseridoriefly shown an array of items whose
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feature valuesancontinuouslyvary, and asked to precisely report the remembered feature
of a randomly probed item, by adjusting a test stimulus in a continuous feature space.
Memory noise, as indicated by the variability (SD) of recall errors (i.e. difference between
thecorrect value anthereported value)vas found to increase a contiious fashion as

the set size increased, indicating a decline in memory precision. Based on this finding,
Wilken and Ma proposed that VWM capacitybesst understood ascontinuous resource

that can be flexily shared among numerous items

Theproposakhat memory capacity consists of a continuous and flexible resource
(Bays & Husain, 2008; Wilken & Ma, 2004) substantially challenged the longstanding
notion that itemsn working memoryare either remembered or forgotten in aroalhone
fashion. More readly, Zhang and Luck (2008) introduced a novel procedure to separately
estimate the precision of memory and the probability of forgetting in a delayed estimation
task.Their mixture modeling approach provides a conceptual framework for dissociating
respons errors reflecting complete memory failure (i.e., random guesses) from those
reflecting the noise in successfully remembered items (i.e., a normal distribution centered
on the correct valueYhrough their work, thauthors demonstrated that estimatedsrat
guessingsubstantially increased as the set size increased beyond three, implying that
VWM has a fixed iterdimit. To account for the superior memory precision observed at
smaller set sizes, Zhang and Luck proposed that multiple copies of a ®ngleai be
stored in independent slots, which can be averaged to reduce the overall noise associated
with the representation of that item.

Since then, researchers have shown thatgh&nuous resource modsdnalsobe
extended to account for these coesadions of OapparentO guessing, by introducing
stochastic variability of memory precision across items and across trials (Fougnie, Suchow,
& Alvarez, 2012; van den Berg, Shin, Chou, George, & Ma, 2012). In addition, some
portion of the uniform error dishution may be attributable to accidentally reporting
information about the wrong item in the display; such confusion errors may not necessarily
reflect complete forgetting of the probed item (Bays, Catalao, & Husain, 2009). On the
other hand, some of thariability in memory precision across trials has been shown to
arise from systematic variation in precisminworking memoryacross the stimulus space
tested (Bae, Olkkonen, Allred, Wilson, & Flombaum, 2014; Pratte, Park, Rademaker, &
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Tong, 2017), rathehan from random fluctuations in the distribution of memory resources.

Importantly, when these systematic sources of variability were taken into account, VWM

performance revealed evidence of a discrete capacity limit in VWM (Pratte et al., 2017).
Thus, he formulation of each of these two competing views of the capacity limits

of VWM has evolved in order to accommodate novel observations. This intense debate has

led to a richer understanding of how visual information is stored in the short term, as well

as continued refinement in the measurement and in the interpretation of recall errors.

Central goals of this thesis

In this dissertation, | will critically examine the assumpgiohthe discreteslots
view of VWM, whichpresumes thahere is a fixed it@-limit in VWM thatis supposedly
invariant across different types of stimuli. | will demonstrate that the physical appearance
of stimuli can greatly impact the information capacity of VWM even within the same task
relevant feature dimensioBpecifically,my studies demonstrate that people can hold far
more line orientations in working memory than orientations defined by gratings, whereas
visual precision is similar across the two stimulus types. These empirical fircdingst
be readily explained by thexisting models of VWM capacity assuming either discrete
slots or a continuous resource. | will propose a new modeling framework that incorporates
visual grouping into the discretdots model of VWM to account for teedramatic
differencedn the estimatd memorycapacity across different types of stimuli. By
assuminghatmultiple itemscanbe efficiently stored as a coherent memory unit, | will
demonstrate that the apparent lack of fitedh limit for certain types of stimuli can be
explained within te discreteslots frameworkif one considers thavisual groups@ther

than individual items, serve #se storageinitsof memory

Orientation as a window to the architecture oivVWM
Orientation is strongly represented in the visual system, andishevasiderable
cognitive neuroscience evidence that VWM for orientation relies on representations in the
early visual cortex (Harrison & Tong, 2009; Serences, Ester, Vogel, & Awh, 2009; Ester,
Serences, & Awh, 2009; Ester, Sprague, & Serences, 2015)t@ioa stimuli are
commonly used in studies of VWM (Luck & Vogel, 1997; Fougnie, Asplund & Marois,
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2010; Fougnie, & Alvarez, 2011; Park, Sy, Hong, & Tong, in press; Rademaker, Bloem,
De Weerd, & Sack, 2015; Rademaker, Tredway & Tong, 2012; van den Berg2é 2;
Wilken & Ma, 2004). While VWM for color may benefit from verbal encoding (Donkin,
Nosofsky, Gold, & Shiffrin, 2015), VWM for orientation appears to rely primarily on a
visual code, as suggested by the engagement of the visual cortexpuimag of working
memory maintenancé\ consideration of how orientation information is processed by the
visual system hagrovento be crucial for a better characterization of the nature of the
capacity limits in VWM (Pratte et al., 2017).

While orientationstimuli havebeen widely used in studies of VWM capacitygst
research has assumed tW&YM performance arises from fundamental capacity limits, and
therefore, should be invariant to the particular stimulus type or stimulus form to be
rememberedThus,the potential role of different stimulus forms, such as Gabor patches or
bars, in the capacity of VWM has been largely neglected. In this dissertation, | will
investigate the impacts of stimulus form in VWM performance for orientation, using a
paradigm thaallows estimation of the numband precisiorf orientationsstoredin
VWM.

Overview

In this dissertation, | present a series of studies that examine the role of stimulus
form in the efficient storage of orientation information in VWM, comparing tWéw/
performance between two stimulus formatstingsand lines.

In the first study (Chapter 2), | report a large enhancement in VWM capacity for
line orientation over grating orientation, as a starting point for-aeh series of studies
that exploreghe role of visual grouping in the capacity advantage for line stimuli. In the
second study (Chapter 3), | develop a model of VWM capacity that incorporates visual
grouping into the existing discresbots model in order to account for the stimulus
depeneént changes itheinformation capacity of VWM, as well as tpeogressive
advantage | observe storage efficiencyor line orientatioras compared to grating
orientationwith increasing set size. In the final study (Chapter 4), | examine whether
VWM performance varies systematically across randomly geneliageandgrating

displays. To determine whether this variabilityperformancecross displayarises from
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perceptual organization processes, | develop a model that quantifies multiple perceptual
grouping cues in each display and predicts VWM performance based on the combined
strengths of these groupingechanisms for eaahisplay.This Gestakinspired model

could successfully predict human performance, accounting for a major proportion of
variancein VWM performance across displays.

Together, these studidemonstrate that multiple perceptual groupimechanisms
give rise to superiovWM capacity for line orientation, by combining behavioral
experiments and computational modeling. The findings ftwese studies provide novel
insights into the nature of capacity limits in VWM, and highlight the crucial role of
stimulus factorand perceptual grouping mechanisms in determitiiagtorage efficiency
of VWM.



Chapter .

Visual working memory capacity for orientation depends on stimulus form

Introduction

In everyday situationsye may need to remember important details of a visual
scene when they are no longer in view, such as when comparing the face of a stranger with
that from a wanted poster or when followiageries of origami instructions across
successive fixations. The ability to actively maintain and manipulate visual information for
use in the task at hand is called visual working memory (VWM) (see review by Luck &
Vogel, 2013; Ma, Husain, & Bays, 2014Yhile VWM provides a workspace needed for
complex visual tasks, its capacity is severely limited, able to hold no more-theaisal
objects at a time (Luck & Vogel, 1997; Vogel, Woodman, & Luck, 2001; Zhang & Luck,
2008).

The capacity of VWM is typiglly measured using simple, unidimensional features,
such as color or orientation. One of the advantages to using such stimuli is that the stored
information is easy to quantify in terms of the number of discrete features (Luck & Vogel,
1997, 2013; RoudeMorey, Morey, & Cowan, 2011), whereas the gaased structure of
complex objects, such as Chinese characters or random polygons, would be more difficult
to quantify (e.g., Alvarez & Cavanagh, 2004). Presumably, a random set of simple features
cannot be myanized based on any semantic relationship (e.g., Ericsson & Chase, 1982), the
capacity measures are thought to be uncontaminated by grouping or rehearsal strategies
(Cowan, 2010). Change detection tasks with simple visual features provide reliable
measues of working memory capacity, which are highly correlated with broad measures of
cognitive aptitude and fluid intelligence (Cowan et al., 2005; Fukuda, Vogel, Mayr, &

Awnh, 2010; Johnson et al., 2013). Thus, these capacity estimates are thought to provide
relatively pure measures of oneOs core cognitive capacity, general across modalities and
domains.

While a heavy emphasis has been placed on the link between VWM capacity and a
general, crosdomain resource, a relatively neglected issue is the role gisiha system
per se in mediating the capacity measures for specific types of visual stimuli. Although

some studies have suggested that VWM capacity is diminished for perceptually complex

7



objects (Alvarez & Cavanagh, 2004; Eng, Chen, & Jiang, 2005; buAwh, Barton, &
Vogel, 2007), the ways in which VWM capacity for simple, unidimensional features might
be affected by physical appearance of the stimuli have not been fully investigated.

Even within a common feature domain, VWM capacity and precisiontrdegend
critically on aspects of stimulus form. An important clue is provided by an earlier study by
Alvarez and Cavanagh (2008), who compared change detection performance for
orientations defined by Gabor gratings and lines. The authors found that Vipédityeor
lines (4.0 items) was nearly twice as large as that for Gabor gratings (2.3 items), which was
taken to suggest that the capacity of VWM depends on whether orientation information is
defined by an object's bounding contour as in the case dftimali, or by its surface
texture as in the case of grating stimuli. This finding led tdthendary hypothesisvhich
posits that an objectOs boundary feature (i.e., a lineOs tilt or a gratingOs round shape) is
encoded into VWM first, followed by an emding of the objectOs surface feature when
necessary (i.e., a tilt of the gratingOs striped texture). Unlike the line stimuli, the grating
stimuli additionally require their surface features to be encoded, thereby requiring extra
OspaceO in VWM (Alvarez@avanagh, 2004).

Alvarez and CavanaghOs (2008) finding highlights the important role of stimulus
factors in influencing VWM capacity estimates. However, given that change detection
performance is determined not only by whether the probed item is stor&¥dhh but also
by whether the resolution of the stored representation is sufficient for reliable detection of a
change (Awh et al., 2007; Wilken & Ma, 2004), it is unclear whether the impaired
performance for gratings is due to a reduced VWM capacity aepoesolution of stored
orientation compared to that for lines. Another issue that has not been fully investigated is
the possibility that VWM for lines could have benefited from enhanced perceptual
grouping of line orientations. To account for the draecndifference in VWM performance
between gratings and lines, Alvarez and Cavanagh emphasized the inefficiency inherent to
extracting a surface feature of an object, compared to a boundary feature of an object.
While an isolated line orientation itself rhigbe stored more efficiently than a grating
orientation, a further VWM advantage could arise from visual grouping of multiple lines

into coherent chunks and configurations.



In the present study, | wanted to determine whether VWM for gratings and lines
differ in terms of the number or the resolution of stored orientations. | used a delayed
estimation paradigm that required a precise report of the remembered feature value
(Wilken & Ma, 2004). Applying a mixture model (Zhang & Luck, 2008) allowezto
obtan separate estimates of VWM precision and capacity for these stimuli. In addition, |
sought to further examine the role of visual grouping as a potential mechanism for the

efficient storage of line orientations.

General Methods
Participants
The participat pool consisted of healthy volunteers with normal or corretcted
normal visual acuity, recruited from the Vanderbilt University community. Participants
(except the author) received course credit or monetary compensation ($12 per hour) for
participation.Written informed consent was obtained prior to participation. All aspects of
this study were conducted according to procedures approved by the Institutional Review

Board of Vanderbilt University.

Apparatus and stimuli

In all of the experiments, visuairsiuli were generated using MATLAB 8.3.0 (The
MathWorks, Natick, MA) and the Psychophysics Toolbox (Brainard, 1997) running on a
Mac Pro. Stimuli were displayed on a gamoaarected CRT monitor (1280 x 1024
resolution; a 85Hz refresh rate; 27.2 ctiimean Uminance). Experiments were conducted
in a darkened room, and head position was stabilized using a chin rest with a forehead bar
to maintain a viewing distance of 46 cm. Observers were asked to fixate centrally on a
bladk bull®s eye (0.50 visual angle in diameter) for the duration of each trial, throughout the
experiment.

The grating stimulus consisted of a simave grating (20 in diameter, 2 cycles/qQ,
50% contrast) presented within a circular Gaussian envelope (‘tru@cated at 20
diameter). In Experiment 1A, the line stimulus was a white rectangle (0.250 x 20),
smoothed with a Gaussian filter (" = 0.150), with the same peak luminance as the grating

stimulus (40.8 cd/f). In all subsequent experiments, the line atim was generated by
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applying a rectangular aperture (0.250 x 20) to the central bar of the grating, which
corresponded to half a cycle of the sine wave. All stimuli were presented on a gray
background (mean luminance 27.2 c/m

A sample array typicallconsisted of six gratings or lines presented at randomized
locations surrounding the central fixation point (40 eccentricity) with a minimum
separation distance of 0.620 edge to edge. This circular arrangement was used in all
experiments, except for Expeent 1B, in which stimuli were presented at random
locations on a virtual 4 x 4 grid with spatial jittering (see Experiment 1B for details).
Stimulus orientation was randomly chosen on each trial for each item, from 180 evenly
spaced orientations (0-180)L

For the delayed estimation task (Experimed®),1l used a PowerMate USB knob
(Griffin Technology, USA) to allow the observers to continuously adjust the orientation of
a test stimulus. In Experiment 4, | evaluated working memory performance usiaggec

detection task.

Experiment 1A

The goal of this experiment was to determine whether stimulus form (gratings or
lines) impacts the capacity or precision of VWM for orientation. | adopted a mixture
modeling approach to characterize the responsedistoibution as a mixture of two
components: A von Mises distribution (the circular analogue of the Gaussian distribution)
centered on the true feature value for trials in which the probed item was successfully held
in memory, and a uniform distributionrftrials in which a random guess was made (Zhang
& Luck, 2008). The delayed estimation responses will likely be more accurate for lines
than gratings, but it was of interest whether this advantage would be characterized by a
more precise representationasfentations in memory or a reduced occurrence of random
guess responses.

Two components of the mixture model are depicteeignire 1A. Considering this
mixture distribution as representing the VWM performance for grating stimuli, two
possible forms of WM enhancement relative to this distribution are presentedjure
1B. If VWM has a greater capacity to store line orientati¢igure 1B, left), the height of

the uniform component {R.e, shown in red) should be reduced for lines compared to
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gratings. By contrast, if VWM can store the same number of lines as gratings but at a much
higher resolutionKigure 1B, right), the spread of the von Mises distribution (SD, shown
in blue) should be narrower for lines while the uniform component should beakniifor

the two stimulus types.

A B ..
Precision

enhancement
Precision

(SD) Capacity
enhancement
H\
Capacity / 1\
/ \ (Ptailure) 4 \_’ J \
Z 5 ;l; // N

90 45 0 45 90
(UURU Y

Figure 1. Zhang and LuckOs (2008)xture model analysis of delayed estimation d@th
The distribution of errorss modeled as a mixture of two probability distributions: A von
Mises distribution (blue) and a unifordistribution (red). The shapes of these two
components are determined by the SD aggJparameters, respectively. (B) Two
possible forms of VWM performance enhancement, relative to the error distribution

depicted in (A).

Probability
density

Method
Participants
12 paticipants (6 male; ages years), including the author, took part in this

study.

Stimuli and procedure

Each sample array consisted of 2 or 6 items of either stimulus type (gratings or
lines) positioned at randomized locations, 40 from centraldixatvith different stimulus
types presented in separate blocks of trials.

A typical trial sequence for a delayed estimation task is depictéidume 2. Each
trial began with a central fixation presented for 1 s, followed by a sample array containing
2 or 6 items for 200 ms. After ad.delay, a spatial cue (a black outline circle; 20 in
diameter) appeared at one of the stimulus locations for 500 ms, followed by a test stimulus

(a grating or a line) at fixation. Participants were asked to report theadios of the cued
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item from memory as precisely as they could, by rotating the test stimulus with a rotary
knob. The initial orientation of the test stimulus was randomly determined on each trial,
independent of the orientation of the original targebshus. Participants were asked to

press a space bar when they were satisfied with their response, after which they received
visual and auditory feedback. Visual feedback consisted of a test stimulus showing the true
orientation, along with an accuracy se@®100), calculated as 100% minus the percentage

of the absolute error magnitude relative to the maximum possible error (90 !). Depending on
the accuracy score, a pleasant rising tone (# 99%), a cash register sound (# 50%); or a low
pitched beep (< 50%yas played. For accuracy scores above 99%, participants received
100 bonus points. Participants received feedback about their average accuracy and the
number of bonus points earned at the end of each experimental block. In general,

participants appeared timd this feedback to be encouraging and motivating.

Fixation
1s

Sample array
200 ms

Time

Test stimulus
adjustmen t
Until response

(a3

Figure 2. A trial sequence for the delayed estimation task in Experiment 1A. A sample
array contained either gratings or lines (2 or 6 items). To highlight the visual impact of
changing the stimuluofm, the grating and line arrays are shown with matched
orientations and locations. In the actual experiment, these values were randomly
determined for each stimulus type.
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Each participant completed twehbur sessions. Each session consisted of 10
alternding blocks of the two stimulus types (gratings and lines), 40 trials each. The order
of the two stimulus types was counterbalanced across participants and sessions. Two set
sizes (2 and 6) were randomly intermixed within each experimental block. For each

participant, | obtained a total of 800 trials, resulting in 200 trials for each condition.

Data Analysis

The delayed estimation data were analyzed using the mixture model proposed by
Zhang and Luck (2008). The model has two parameters: SDiane(geeFigure 1A).
The SD parameter determines the spread of the von Mises distribution, which is inversely
proportional to the precision of the stored representation. The location (i.e., central
tendency) of the von Mises distribution was fixed at zero, asguno systematic bias
away from the true stimulus orientation. ThgJR parameter determines the height of the
uniform component, representing the probability that the probed item is lost from memory.
The mixture model was fitted separately to eagheerental condition for each
participant, using maximum likelihood estimation. Thg,Rand SD estimates were each
submitted to a repeatadeasures ANOVA, with stimulus type (line and grating) and set
size (2 and 6) as withisubjects factors.

| calculated the number of stored orientations (K) for each condition using the
formula, K = (% Priure) X N, where N denotes the number of items in the memory array, or
the set size. While | will plot the K values to facilitate comparison of capacity estimat
across different set size conditions, the statistical tests were performed on thg,faw P

data.
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Figure 3. Results of Experiment 1A. (A) A representative participantOs response
error histograms for delayed estimation of gratings and lines, at set sizes 2 and 6. All
histograms consist of 40 bins, with a bin width of 4.50. For eawutiton, the bestitting
mixture distribution for this participant is shown by a black curve. The fitted memory
precision (SD) and guess rate.{i%) components are indicated with the von Mises (blue)
and uniform (red) distributions, respectively. @3sults of the mixture model analyéis
= 12). The estimates of capacity (K) and memory precision (SD) are shown on the left and
right panels, respectively. BigherK value represents a greater memory capacity, whereas
alower SD value represents greateemory precision. The error bars represent between
subject standard error of the mean (SEM).

Results
The distribution of response errors for a representative participant is presented in
Figure 3A. As evident in this participantOs response error histogram, VWM performance
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was very similar for gratings and lines at set size 2, avitihodest advantage in memory
precision for lines and little guessing in general. On the other hand, there was a prominent
elevation of uniform guessing responses for gratings compared to lines at set size 6,
suggesting a reduced capacity for gratingss Tteind was mirrored in the groaperaged

results Figure 3B), which showed that participants could hold an average of 2.8 grating
orientations, but as many as 5.5 line orientations. The ANOVA confirmed:hatWwas
significantly lower for lines thafor gratingsF(1, 11) = 69.67,p < .001, $2 =0.86. The

effect of stimulus type on:fure Significantly interacted with set sizé(1, 11) = 102.46p

<.001, $2 = 0.90, indicating that the capacity advantage for lines over gratings was much
larger at set size 6 compared to set 2ize

Compared to this dramatic difference in K at set sizé@ufe 3B, left), memory
precision (SDFigure 3B, right) was very comparable between gratings and lines at both
set sizes, with a modest precision benefit for lines. The SD for lines was atigrgmaller
than that for grating$;(1, 11) = 4.83,p = .0503, $2 = 0.31. For both gratings and lines,
there was a general decline in memory precision at the larger sét(&izél) = 43.97,p
<.001, $2 = 0.80, but this effect did not interact with the stimulus tyg&, 11) = 0.26,p
> . 250.

In sumnary, | found that VWM precision was comparable for line and grating
orientation, but that estimated capacity was about twice as large for lines (K = 5.5) as for
gratings (K = 2.8). This capacity advantage for lines is similar in magnitude to that
reportedby Alvarez and Cavanagh (2008) (K = 4.0 for lines, 2.3 for gratings), relying on a
change detection paradigm. The present results demonstrate that the VWM advantage for
lines over gratings primarily lies in the number, rather than the resolution, of stored

orientations.

Experiment 1B
The capacity estimate of 5.5 line items in Experiment 1A was surprisingly high,
while the capacity estimate of 2.8 grating items was comparable to the estimates obtained
in the previous studies using a similar paradigm déintl$ (e.g., K= 2.6~2.7 in
Rademaker, Tredway, & Tong, 2012; K = 3.6 in Pratte, Park, Rademaker, & Tong, 2017)
or that obtained in color VWM tasks (K = 2.2~2.5 in Zhang & Luck, 2008; 2009; 2011).
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| considered whether the unusually high capacity for loeedue to the circular
layout of each sample array. Such a circular arrangement of line orientations might allow
for the perception of a global shape in some cases, such as a triangle or a diamond. To
address this issue, | designed a folopvexperimentin which 6 gratings or lines were
presented at random locations on a 4 x 4 gridkggpare 12). If lines can be stored more
efficiently than gratings regardless of the regularity of their spatial arrangements, the same

capacity benefits should occur withis grid layout.

Method
Participants
12 participants (6 male; ages-26 years) took part in Experiment 1B. The stimuli

and procedure were identical to Experiment 1A, except for the following changes.

Stimuli and procedure

A new line stimulus was udecreated by isolating a central bar of a grating
stimulus (see General Method). A sampleyagantained 6 gratings or lines, presented in
random positions within a 4 x 4 square grid (150 x 150) (see Figure 4). The x, y coordinate
of each item was jittered +0.60 from the center of each cell (3.750 x 3.750). The minimum
edgeto-edge distance betwedems was 0.550, and the maximum eccentricity of the
center of an item was 8.800.

Each participant completed ahbur session, consisting of 8 alternating blocks of
grating and line stimuli, 54 trials each. Only set size 6 was tested in this expgdment
reduce the duration of the study and to ensure adequate power to test for differences in
memory capacity. Each participant completed a total of 432 trials, resulting in 216 trials for

each stimulus type.

Results
Results of the mixture model analysie ahown irFigure 4B. With the grid array,
the estimated capacity (K) was 2.1 for grating orientations and 5.1 for line orientations,
replicating the large capacity advantage for line stimuli. A paseadples-test (2tailed)

on the Riure data confimed that this capacity difference was highly significgatl.) =
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15.91,p < .001, Cohen@s= 4.59. On the other hand, the precision of stored orientation
(SD) was not significantly different between gratings and lit{@$) = 1.05p > .250.
Thus, | corlude that the large VWM capacity for line orientations is not just limited to a

circular stimulus layout, but generalizes to more irregular spatial arrangements.
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Figure 4. Example stimuli used in Experiment 1B and the mixture model results. (A) A
sampé array consisted of six gratings or lines, presented at various locations withina 4 x 4
grid. (B) The estimates of capacity (K) and memory precision (SD) are shown on the left
and right panels, respectivegljM = 12) The error bars represent betwessibect standard

error of the mean (SEM).

Experiment 2
While the results from Experiments 1A and 1B suggest that about twice as many
line orientations as grating orientations can be stored in VWM, an alternative explanation
is that VWM capacity might be tteame for the two stimulus types, but gratings might
take longer to encode into VWM than lines. A previous study suggests that two oriented
gratings cannot be simultaneously consolidated into VWM as effectively as two

sequentially presented gratings (Begkidiller, & Liu, 2012). Specifically, orientation
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judgment performance was found to be worse in the simultaneous condition than in the
sequential condition when the two gratings were presented 88860ns and then

masked. Thus, it is possible that therent sample duration of 200 ms was not sufficient to
encode all grating orientations that could be held in VWM.

The purpose of Experiment 2 was to rule out the possibility that the gross
differences in the capacity estimates for gratings and lines tmigitiven by faster
encoding of line orientations into VWM. The time allowed for VWM encoding was
manipulated by presenting the sample array for 200 or 1000 ms, followed by a patterned
mask to limit the potential reliance on iconic memory (Averbach &ellpdi961; Sperling,
1960). At stimulus onset asynchronies (SOAs) of 200 or 1000 ms, patterned masks are
believed to interrupt VWM consolidation processes, without affecting the early sensory
and perceptual processing of the sample array (Vogel, Woodmaml& 2006).

If VWM encoding were to require more time for gratings than for lines, then an
increased display duration should allow for more gratings to be stored in VWM, thereby
reducing the difference in capacity between the two stimulus types. boaddia
persistent iconic memory for lines contributed to the enlarged storage capacity in the
previous experiments, the patterned mask should markedly reduce the estimated capacity
for lines. By contrast, if VWM capacity is truly enhanced for lines gvatings due to
differences in storage efficiency, the pronounced advantage in memory capacity for line

orientation should persist across these manipulations.

Method
Participants
16 participants (4 male; ages-28 years) took part in Experiment 2.r8tili and

procedure were identical to Experiment 1A, except for the following changes.

Stimuli and procedure

Example stimuli in Experiment 2 are showrFigure 5A. A sample array
consisted of six gratings or lines presented at various locations arouwehtha fixaton
at a 40 eccentricity. A line stimulus was taken from the central region of a grating (see

General Method). The patterned mask stimulus consisted of pdss\filtered uniform
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noise (160 x 160) with a enff frequency of 4 cycles/G and a mean RMS estinf 0.115
(s.d. = 0.005), contained within an annulus (mean diameter 80) covering the circular sample

array. The annulus was contrast modulated using a single cycle of a cosine function:

{(!"# !%! n )/! ! :—} , Whered denotes the distaadrom the center (0086 8Q).

On each trial, a sample array was presented for either 200 ms or 1000 ms, and
followed by a patterned mask for 200 ms. After an-8@&0delay, one of the items was
randomly probed for report. The interstimulus interval)(I&tween sample and the spatial
cue was kept at 1 s, consistent with Experiments 1A and 1B. The two stimulus types were
presented in separate blocks of trials. Within each block, the encoding durations were
randomly intermixed across trials. Each paracipcompleted two-hr sessions, consisting
of 12 alternating blocks of grating and line stimuli, 36 trials each. Each participant

completed a total of 864 trials, resulting in 216 trials for each experimental condition.

Results

As shown inFigure 5B, obsrvers exhibited a similar advantage in VWM capacity
for lines over gratings regardless of whether stimuli were presented for 200 ms (2.2
gratings, 4.6 lines) or 1000 ms (2.8 gratings, 5.0 lines), followed by a patterned mask. The
main effect of stimulusype on Ryure Was highly significantF(1, 15) = 67.37p < .001,
$p2 = 0.82. The longer encoding duration led to a modest improvement in capétjtyb)
=13.58,p=.002, $2 = 0.48, but the magnitude of this benefit was not different between
gratings and lineg;(1, 15) = .35p > .250. Thus, even with tHe-fold increase in
encoding duration, observers could successfully maintain about twice as many lines as
gratings. This rules out the alternative hypothesis that the capacity advantage for line
orientation arises from faster encoding of lines tharirgyat As in Experiment 1A, there
was a subtle advantage in memory precision for lines over gratings, but this effect did not
reach significance;(1, 15) = 2.53p = .133, $2 = 0.14. The increased encoding duration
did not significantly improve memory precision for either stimulus tiig, 15) = 3.04p
=.102, $?=0.17.

In summary, the capacity estimates for gratings and lines both improved modestly
as the eocoding duration increased from 200 ms to 1000 ms, but the large capacity

advantage for lines was still preserved. Thus, the large difference in memory capacity for
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the two stimulus types cannot be attributed to insufficient encoding time for gratings or a
more persistent iconic traces for lines, but instead, seems to reflect a true advantage in

VWM capacity for lines over gratings.
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Figure 5. Example stimuli andhixture modefesultsin Experiment 2(A) Examples of
sample arrays amnapatterned masKB) Estimates of capacity and memory precision (N =
16) The error bars represent betweserbject standard error of the mean (SEM).

Experiment 3

One possible mechanism underlying the enhanced VWM capacity for line
orientation is that multiple line orientahs might be readily grouped into a higlueder
configuration, which can then be efficiently stored as a set of coherent units or chunks in
VWM (Miller, 1956). In Experiment 3, | wanted to test tkisual grouping hypothesis

To disrupt visual groupingrocesses, six gratings or lines were sequentially
presented at various locations, and sequential presentation performance was compared with
the standard approach of simultaneous presentatiofrigge® 6A). In the earlier study by
Alvarez and CavanaglzQ08), the superior performance for lines over gratings was
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observed even when the items were presented one at a time, suggesting that visual
grouping was not necessary to show the advantage for lines over gratings. However, since
the magnitude of the adntage for lines was not directly compared between the
simultaneous and sequential conditions, it remains to be determined whetheohigner
grouping among line items allows for an even greater storage advantage.

If the efficient storage of lines rek on visual grouping of simultaneously
presented lines, sequential presentation should severely impair VWM capacity for lines, to
a greater extent than it does the capacity for gratings. As a result, the capacity difference
between the two stimulus typskould become much smaller in the sequential condition
compared to the simultaneous condition. Alternatively, if an isolated line itself can be
stored more efficiently than an isolated grating, sequential presentation should not affect

the capacity advange for lines over gratings.

Method
Participants
16 participants (9 male; ages-38 years) took part in Experiment 3. Stimuli and

procedure were identical to Experiment 2, except for the changes indicated below.

Stimuli and procedure

A schematic of therial sequences for the simultaneous (Sim.) and sequential (Seq.)
conditions are shown iRigure 6A. A sample array containing 6 gratings or lines was
presented either simultaneously for 200 ms, or sequentially for 200 ms per item, with an
interstimulus inérval (ISI) of 400 ms. No patterned masks were presented. In the
sequential condition, the items were presented one at a time along the virtual circle
surrounding central fixation, in a clockwise or coustlickwise direction. After a-$
delay followingthe last item (or 4 s from the first item in the sequence), a spatial cue
indicated which item to report. All four conditions (2 stimulus types x 2 presentation
modes) were presented in separate blocks of trials. Within each block of the sequential
condition, clockwise or counteslockwise sequences were randomly intermixed across
trials. The spatial position of the first item in the sequence was also randomly selected on

each trial.
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Each participant completed tweht sessions. Each session consisted®dil@cks,
25 trials each. The two stimulus types alternated across blocks, in a counterbalanced order.
For each stimulus type, the two presentation conditions were randomly shuffled across

blocks. Each participant completed a total of 600 trials, resuttia§O trials for each

condition.
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Figure 6. Timing of eventand mixture model resulis Experiment 3(A) In the
simultaneous condition (Sim.), an array of six gratings or lines were presented all at the
same time for 200 ms. In the sequential coondi(Seq.), six gratings or lines were
presented one after another, for 200 ms each, in a clockwise or eclontevise direction
along the circular array. (B) The mixture model results for Experiment 3 (N = 16). The
error bars represent betwesubjectstandard error of the mean (SEM).

Results
The mixture model result§igure 6B) showed that capacity estimates for gratings
did not significantly change between simultaneous (K = 2.7) and sequential (K = 3.0)
presentationt(15) = 0.95p > .250, whereasapacity estimates for lines drop from 5.5 to
3.6 items with sequential presentatit{d5) = 7.51p < .001, Cohen@s= 1.88. Lines
showed a small, marginally significant capacity advantage over gratings in the sequential
condition,t(15) = 2.00p = .04, CohenQb= 0.49, but the magnitude of this advantage
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('K = 0.6) was substantially smaller than that observed in the simultaneous condition ('K
= 2.7:1(15) = 9.51p < .001, Cohen(@s= 2.38), as indicated by a significant interaction
between stimulus type and pemtation mode onRure, F(1, 15) = 76.37,p < .001, $2 =

0.84.

While the presentation mode did not affect the number of gratings that could be
stored in VWM, memory precision for gratings was significantly impaired by sequential
presentationt(15) = 3.68,p = .002, Cohen@s= 0.92. On the other hand, memory
precision for lines remained unchanged, t(15) = 1.10, p > 0.250. The selective impairment
in gratingsO precision due to sequential presentation was confirmed by a significant
interaction of presntation mode and stimulus type on $01, 15) = 11.95p = .004, $2 =
0.44.

Sequential presentation severely impaired VWM capacity for line orientations,
presumably because this manipulation impaired people's ability to group multiple line
elements across successive frames. By contrast, the capacity foggrathained
unchanged with sequential presentation, with some impairment in memory precision. This
led to a pronounced reduction of the capacity advantage for lines in the sequential
condition, consistent with the hypothesis that visual grouping plagtcakrole in the
efficient storage of line orientation. The small, residual capacity advantage for lines in the
sequential condition might have occurred because sequential presentation severely
interferes with the visual grouping process but might ntitedy eliminate it.

These findings suggest that estimates of VWM capacity can be greatly inflated if the
stimuli can be readily grouped into higheder patterns. The degree of inflation might
depend on an individualOs ability to group multiple itenesarghunk, as well as the

degree to which the stimuli afford such visual grouping. It is reasonable to predict some
degree of correlation between VWM performance across stimulus types and presentation
modes given that individualsO core cognitive capaeitietd underlie performance in a

broad range of cognitive tasks. However, if lines tend to be more readily grouped than
gratings, and if different individuals have different proclivities to rely on visual grouping,
then the capacity estimates for gratiagsl lines may not be strongly correlated, especially

in the simultaneous condition. On the other hand, if sequential presentation disrupts visual

grouping of lines, the capacity estimates for the two stimulus types may be more strongly
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correlated in the spiential condition. To explore this potential relationship, | conducted
correlation analyses comparing individual participantsO VWM performance across
conditions (stimulus type x presentation mode). PearsonOs correlation was calculated for all
pairs of coditions, on the K and SD estimates. The results of the key comparisons are

presented ifrigure 7.
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Figure 7. Correlation analyses of VWM capacity in Experiment 3. The scatterplots show
the correlations of individual participantsO VWM capacity (K) estsratross different
conditions(N = 16) The first two panels show the relationship between simultaneous and
sequential presentation performance within each stimulus type. The next twosbanels

the relationship between grating and line performanceméhch presentation condition.

On the rightmost panel, the correlation strengths among the four conditions (presentation
mode x stimulus type) are depicted using a multidimensional scaling (MDS) technique.
The MDS was based on the dissimilarity sc@¥ (heasured as 1 minus the correlatibn (

= 0 for perfect positive correlation, 1 for no correlation, 2 for perfect negative correlation).

As shown in the first two panels Bigure 7, individual capacity estimates for
gratings were strongly correlated beémesimultaneous and sequential presentatighg)
=.70,p=.002, and a similar relationship was observed for the capacity estimates for lines,
r(14) = .60,p = .013. On the other hand, the grating capacity showed little correlation with
the line capaty in the simultaneous condition (third pane(l4) = .12,p > .250,
consistent with the possibility that the line capacity might be additionally mediated by the
individualOs visual grouping ability. Critically, a positive correlation between grating and
line capacities emerged in the sequential condition (fourth pa(tet),= .66,p = .006,
conditions in which the capacity estimates for lines should be less affected by visual
grouping strategies.

To illustrate the relative correlation strengths acedisfour conditions, | conducted

a multidimensional scaling (MDS) analysis, using a 4 x 4 dissimilarity ma&ix (
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calculated a® = 1Dr. The MDS plot Figure 7, rightmost panel) revealed an overall
separation of grating and line capacities, but tetadce between the two stimulus types

was substantially reduced in the sequential condition (filled and empty triangles) compared
to that in the simultaneous condition (filled and empty circles). These correlation results
suggest that the disruption of e grouping processes for lines in the sequential condition
make the capacity for lines more similar to that for gratings. Thus, visual grouping plays an
important role in the enhanced VWM capacity for lines, and visual grouping abilities can

be distingushed from oneOs core cognitive capacity.

Experiment 4

So far, | have relied on the delayed estimation paradigm to compare the VWM
precision and capacity for gratings and lines. The fact that sequential presentation virtually
eliminated the capacity adwtage for line orientation (Experiment 3) supponts
hypothesis that visual grouping mediates the capacity advantage for lines. In Experiment 4,
| sought to provide converging evidence for visual grouping of lines using a change
detection paradigm (Luck &ogel, 1997). Change detection performance depends not
only on how much information is encoded from the sample array, but also on how
efficiently the stored representation can be compared with the probe array (Hollingworth,
2003; Makovski, Sussman, & Jgm2008; Simons, Chabris, Schnur, & Levin, 2002). | can
capitalize on this requirement of memory comparison to tap into the organization of stored
representations.

One factor that could facilitate the memory comparison process is the consistency
of the gbbal configuration between the sample and probe arrays, especially when the
memory representation includes higloeder, relational information among items (Jiang,
Olson, & Chun, 2000). If multiple items are stored as higider patterns, such
representtions would be more likely to be disrupted by an isolated probe item, compared
to change detection involving a whederay probe that preserves the original context.

Thus, | predicted that change detection for lines should benefit from the-arnaye
prokes, relative to the singieem probe condition. On the other hand, if individual items

are stored as separate distinct representations, as would be the case for gratings,-the whole
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array probe should not facilitate the comparison process, and thus,dleeawhy benefit

should be absent for gratings.

Method
Participants
Sixteen participants (8 male; ages2@Byears) took part in Experiment 4. Stimuli
were identical to Experiment 3. Participants performed a change detection task on these

stimuli, instexd of a delayed estimation task.

Stimuli and procedure

The experimental design (whole array or siAggen probe) and stimuli for the
change detection tasks are showfigure 8A. Each trial began with a fixation period of 1
s. A sample array containirgggratings or lines was presented for 200 ms, followed by a 1
s delay, and a probe array for 200 ms. For each stimulus type, the probe array contained
either a single item presented at one of the six locations or a whole array of six items at the
correspoding locations. For the singleem probe, te probed item was rotated by 900 on
half of the trials, and remained the same on the other half. Participants were asked to press
010 on the number pad if the probed item remainedrtieas the sample array, and press
020 if it wadifferent For the whte-array probe, a change could occur in one of the items,
and the rest of the array always remained the same. Participants were asked to press 010 if
the sample and probe arrays wereshme and press 020 if one of the itemsdifferent
Participants wre told that accuracy was more important than speed, and that only their
accuracy data would be analyzed. All four conditions (2 stimulus types x 2 probe types)
were presented in separate blocks of trials. Within each block, the change@rahge
trials were randomly intermixed. No auditory feedback was provided on each trial. Instead,
participants received the average accuracy score at the end of each block.

Each participant completed aht session, consisting of 8 blocks of 60 trials. The
four expemnmental conditions were presented in a randomized order across blocks. |
obtained a total of 480 trials for each participant, resulting in 60 chande50 nechange

trials for each condition.
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Figure 8. Example stimuli and results in Experimen{A) Trial sequence for the change
detection taskvith two types of probg(B) Results from the change detection task (N =
16). Two measures of change detection performatéeapacity) andAQare plotted as a
function of stimulus types and probe types (@ntgm and whole array), on the left and
right panels, respectively. The error bars represent betstggact standard error of the
mean (SEM).

Data Analysis

| examined change detection performance using two different measures: The
capacity K) measure (6wan, 2001; Pashler, 1988), which assumes discreter-adne
representation of items in working memory, and the measure of signal detection sensitivity
(AQ (Grier, 1971; Pollack & Norman, 1964), which assumes graded representation. The
results fronthedelayed estimation task indicated that VWM performance for gratings and

27



lines is mainly limited by the number of items that can be stored, and that the resolution of
the stored orientation (SD = 1300) would be sufficient to allow a reliable detectiba o

900 change. Nevertheless, | examined both the discrete and continuous measures of VWM
performance since different types of probe (single item or whole array) could affect the
memory comparison process in an@lnone or graded manner. While these soees are

based on fundamentally different conceptualizations of VWM, their results should

converge when there are large differences in performance accuracy across conditions.

To measure the capacity in the sing@m and wholearray probe tasks, | usedd
different formulae, proposed by Cowan (2001) and Pashler (1988), respectively (see
Rouder et al., 2011, for discussion on the choice between two measures). CowanOs K was
calculated using the formul,= N ( h Bbf ), whereN is the number of items ondtsample
array,h is the observed hit rate (i.e., reporting change when there is a changa}, ted
observed false alarm rate (i.e., falsely reporting change when there is none). PiéshlerOs
was calculated using the formuka=N (hbf) / ( 1Df). The difference in the
denominator reflects the fact that, with a siniggen probe, guessing is needed only when
the probed item is not in memory, whereas a wiotay probe requires guessing about the
items that are not in memowhenevechange is nbdetected among the stored items.

Alprovides a nomparametric index of sensitivity that estimates the area under the
receiver operating characteristic (ROC) curve (Grier, 1971; Pollack & Norman, 26B4).
ranges between 0.5 (chance performance) angérfect performance). | ugginstead of
the more common measure dO (Green & Swets, 1966€does not make strong
assumptions about the underlying psychological mechanisms or the shape of the ROC
curve. MoreoverACran be defined even when hit e perfect or false alarm rates are
zero.A' was calculated using the formula provided by Grier (19%13:0.5 + (hDf) (1 +
hbf)/[4h(1Df)]. If the false alarm ratd)(exceeded the hit ratb)( the following
modification by Aaronso& Watts (1987) was use&' = 0.5D(fbh) (1 +fbh)/[4f(
1Bbh)].

Both K andAQutilize hit and false alarm rates, and provide a measure of
information available for change detection, independent of guessing strategies or biases.
These meases were calculated for each condition in each participant, based on the hit and

false alarm rates in each condition.
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Results

As shown inFigure 8B, performance was much better overall for lines than for
gratings, consistent witimy earlier experiments. i(particular interest, memory
performance for lin@rientation displays was significantly better when tested with whole
array probes, as compared to the skitglm probef(15) = 5.43p < .001, Cohen@s=
1.36 K); t(15) = 3.37p = .004, Cohen@s= 084 (AQ. This could be contrasted with
memory performance for gratings, which did not significantly differ for the two probe
conditionst(15) = 0.60p > .250 K); t(15) = 1.01p > .250 AQ. As a result, the
performance advantage for lines became eargel in the wholarray probe condition,

t(15) = 10.29p < .001, Cohen@s= 2.57 K); t(15) = 9.00p < .001, Cohen@s= 2.25 AQ.
This was confirmed by a significant interaction of stimulus type and probeR{fel5) =
17.48, p< .001 K), $,°= 0.54;F(1, 15) = 10.61,p = .005, $* = 0.41 AJ.

The improved change detection performance for lines with the vandg probe
relative to the singl&em probe is remarkable if one assumes that multiple comparisons
between remembered itemsd currently perceived items must be performed to detect a
change. For the singleem probe, one must differentiate between change {1} from no
change {0} just for the probed iterao the number of comparisons that need to be made is
1 for both stimulusypes. For the whotarray probe, on the other hand, one must
differentiate five nechanges plus one change {0, 0, 0, 0, 0, 1} from sicmenges {0, O,

0, 0, 0, 0}, resulting in a total of 6 comparisoligach item were independently
represented in VWNh an altor-none manner, as assumed by the slot model, about 2.4
times as many comparisons would be made for a line array (Coan®3) as for a

grating array (Cowan®s= 1.3), which would increase the decision noise more sharply for
lines than foigratings. However, | found the opposite result: Line performance was
improved with the whol@rray probe (PashlerRs 4.3), whereas grating performance
remained the same (PashlefGs1.5).

It appears that, when it comes to VWM for lines, probing only item, rather than
the whole array, is detrimental to the memory comparison process. Such impairment is
expected if a line item is stored as part of a larger pattern, and if the stored pattern is easily
disrupted by a singldem probe, due to the largenfigural change. On the other hand, the

memory comparison process for gratings was not disrupted by a-gerglprobe
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presumably because the individual gratings were represented separately from one another,
nor did it meaningfully benefit from the srfeal number of comparisons to be made

because no more than a couple of gratings could be stored in VWM. The present results are
consistent with the idea thednfigural information plays an important role in VWM for

lines, but has a much lesser role in Vit gratings.

Discussion

In the present experiments, | investigated whether the precision and capacity of
VWM for orientation differ between gratings and lines. Using a paradigm that required
precise reproduction of a remembered feature yalioeind that VWM capacity was
greatly enhanced for line orientation compared to grating orientation (2.8 gratings; 5.5
lines) whereas the precision of stored orientation was comparable for the two stimulus
types (Experiment 1A). The increased VWM capacity for dinentation was not
specifically due to the circular placement of the stimuli, as the results were replicated using
a grid array (Experiment 1B). Similar results were obtained when stimuli were presented
for 200ms or 1000ms and followed by a patterned madikg out the possibility that
gross differences in capacity might be driven by faster encoding or more persistent iconic
traces for the line stimuli (Experiment 2). These results demonstrate that the capacity of
VWM for orientation depends criticallynostimulus form.

Next, | evaluated the hypothesis that VWM capacity may be superior for lines
because their random arrangements can be more readily organized into perceptual groups. |
examined the impact of disrupting the visual grouping processes bgnsiadjy presenting
the items at various locations (Experiment 3). Compared to simultaneous presentation,
memory capacity for lines was substantially impaired by sequential presentation (5.5 vs.
3.6 lines), whereas the capacity for gratings remained ugebdasuggesting that higher
order patterns formed by lines could be more efficiently maintained in VWM. To further
investigate the difference in representational format between gratings and lines, | employed
a change detection paradigm, presenting a ptebeeither in isolation or in context of the
other items (Experiment 4). For lines, the siriggen probe led to significantly worse
change detection performance than the wAaotay probe, suggesting that information

about the item stored as part of d&@an was more likely to be disrupted by an isolated
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probe item than by a whekaray probe. On the other hand, change detection performance
for gratings did not depend on the probe, suggesting that the gratings were represented as
isolated objects. Thesesults provide converging evidence that visual grouping plays an
important role in the efficient storage of line orientations in VWM.

The present experiments are certainly consistent with an earlier report of superior
change detection performance fords than for gratings by Alvarez and Cavanagh (2008).
Equipped with a more recently developed modeling approach that allowed for a fine
grained characterization of VWM capacity and precision (Zhang & Luck, 2008), | show
that VWM can store nearly twice asany line orientations as grating orientations, with
just as good representational precision. Moreawgrexperiments provide compelling new
evidence that visual grouping underlies this dramatic mnemonic advantage for line
orientation, whereas each gratimgpears to be represented in an independent manner.
find that the capacity advantage for line orientation is largely eliminated when the items are
presented one at a time, inconsistent with Alvarez and CavanaghOs original account based
on the distinctia between boundary and surface feat¢@&wsssberg & Mingolla, 1985),
which predicts that each line item, on its own, should be stored more efficiently than a
grating item.

Thevisual grouping hypothesis different from the boundary hypothesis in two
important ways: First, it posits that a group of line items, rather than each individual line
item, constitutes a coherent memory unit or a chunk. Second, it suggests that the capacity
that people have for line orientation represents an overestimationuggbelimit on the
number of items they can hold in working memory, because multiple line items can be
stored as a coherent unit. This is quite different from the view that the reduced capacity for
grating orientation reflects a tradf between the ama of visual detail or complexity of
each object and the maximum number of objects that can be stored (Alvarez & Cavanagh,
2004; 2008). Consequently, thisual grouping hypothespgedicts that a VWM capacity
estimate obtained using gratings or sequédntmksented lines might be a better predictor
of an individual's true working memory capacity than that obtained using line stimuli,
which would be additionally influenced by oneOs visual grouping abilitiesorrelational

analyses in Experiment 3 pra@ some support for this account. It would be an interesting
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guestion for future research to compare the correlations of VWM capacities for gratings
and lines with measures of aptitude and fluid intelligence.

In arguing that line stimuli lead to exagge@K estimates, | are not suggesting
that the K estimates for grating stimuli should represent the absolute vaiue i6f A
broader implication othe presentvork is that the core aspect of working memory
capacity, such as that represented by Mill&k@86) magical number 7 or CowanOs (2001)
4-chunk limit, might be only meaningful as a latent variable, which cannot be directly
measured by any particular working memory paradigm.apparentk estimates would
be highly specific to the stimulus factorsdatask requirements. For exampiethe present
study, theaverage K values were 2278 gratings and 5:B.5 lines in the delayed
estimation tasks, but only 1.5 gratings and 4.3 lines in the change detection task with a
whole-array probe, and 1.3 gragjs and 3.3 lines with a singiem probe.

The K values obtained in the present study were generally lower in the change
detection task than in the delayed estimation task. One possible reason is that, with change
detection, one likely needs to encodeph&be item into VWM in order to compare it with
other items previously encoded from the sample array, which might lead to overwriting or
impaired access to one of the concurrently held items. While the delayed estimation task
also requires encoding of thest stimulus while matching it with one of the items held in
VWM, | sought to protect the stored information from the potential interference from the
test stimulus, with a careful use of spatial cuing. Specifically, instead of presenting the test
stimulus at the same time as the spatial cue indicating the-teported item, as is
commonly done in many VWM studies (e.g., Zhang & Luck, 2008; 2009), | delayed the
presentation of the test stimulus by 500 ms so that observers could fully focus their
attention to accessing the cued item stored in VWM before they were prompted to adjust
the feature value of the test stimulus. This procedure is akatrttspective cueing
whereby attention is directed to the contents of VWM ahead of testing them, leading to an
improved VWM performance for the cued item, which is called¢t®-cue effec{see
Souza & Oberauer, 2016 for a review). On the other thedhange detection task did
not involve such cueing, leading to a diffuse state of attention over the sensdwvhen
the probe stimulus appeared. The change detection K estimates for both stimulus types

would have been generally higher had | used the same cueing procedure, which would
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promote the access to the stored information before it was interruptedgpplbiee
stimulus (see Landman, Spekreijse, & Lamme, 2003; Sligte, Scholte, & Lamme, 2008, for
high K estimates for oriented bars).

Despite these differences in task requirements, the large capacity difference
between gratings and lines was reliably obsgx@oss different paradigms. It appears that
the amount of information stored in VWM for these stimuli can be more accurately
measured with the delayed estimation paradigm with retrospective cueing, which
minimizes the interruption of the stored infornoatby subsequent visual processing. The
delayed estimation paradigm might be more suited for studying the pure storage function
of VWM than change detection, as the memory comparison process proves to be another
important factor influencing change detentaradigm, in addition to the encoding and
maintenance processes.

The present study challenges the common assumption that VWM capacity for
simple visual features remains stable across variations in stimulus form. | show that, even
within the same featurd@imension, the amount of feature information that can be stored in
VWM depends critically on the physical appearance of the stimuli carrying those features.
| propose that VWM can store orientation information in a highly efficient manner if the
stimulus brm (i.e., a line vs. a grating) allows multiple items to be more readily perceived
as highetorder patterns rather than as independent visual objects. Such visual grouping
processes can help alleviate the severe limits of human working memory capacity, in
similar ways as VWMOs feature storage capacity can benefit from organization of multiple
features into a coherent visual object (Luck & Vogel, 1997; Vogel, Woodman, & Vogel,
2001; Xu, 2002). The benefits of chunking have long been known in the caséalf ver
working memory capacity (Miller, 1956; Ericsson & Chase, 1982), and can lead to
dramatic improvements in effective capacity. In comparison, there has been little emphasis
on the role chunking in the domain of visual working memory, with the excegtion o
perhaps a few studies that have introduced strong correlations or regularities into the visual
displays (e.g., Brady, Konkle, & Alvarez, 2009; OrbZn, Fiser, Aslin, & Lengyel, 2008).
Given the dramatic impact of stimulus form on VWM capacity, future reBean the
nature of capacity limits in VWM should consider the perceptual factors that allow for

more efficient usage of the limited storage capacity.
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Chapter

Compression of working memory load by visual grouping: A modeling study

Introduction

In the earlieexperiments, | found that VWM could store about twice as many line
orientations as grating orientations, with little cost in the fidelity of the stored orientation.
The large capacity advantage for lines crucially depended on the simultaneous presentation
of the items, suggesting that the enhanced storage efficiency lies not in the representations
of each isolated line item, but rather, in iAtem grouping. Based on these results, |
proposed the visual grouping hypothesis: VWM can store multiple éngsis a coherent
unit, with just as good precision as storing each item as a separate, independent unit.

While | previously focused on comparing the upper limits of VWM capacity for
gratings and lines at a given set size (i.e., 6 items), further ingighthe mechanisms
underlying VWM advantage for lines can be gleaned from the systematic relationship
between the number and resolution of stored items across a range of set sizes. It is well
established that VWM precision systematically declines asuh#er of remembered
items increases (Bays & Husain, 2008; Wilken & Ma, 2004; Zhang & Luck, 2008),
reflecting limited working memory resources that must be shared among items. If VWM is
viewed as a representational medium that stores independent, noesy afgmerceptual
input, which can be averaged to estimate stimulus attributes, then the fidelity of estimation
should depend on the availability of OsamplesO taken from that stimulus (Palmer, 1990;
Shaw, 1980; Wilken & Ma, 2004). The maximum fidelity tloe smallest possible
variability of the sample mean, can be achieved by taking all of the samples from one
stimulus. Assuming a finite supply of samplae} (ncreasing the set sizg (vould
proportionally reduce the number of samples allocated to ¢auhss (V/s), resulting in
an increased variability of the sample mean, as predicted by the central limit theorem

1" |L).

Current theories of VWM are divided as to whether these noisy samples are best
characterized as a small, fixed numbedistrete slot§Luck & Vogel, 1997; Zhang &
Luck, 2008; Pratte, Park, Rademaker, & Tong, 2017sar@ntinuous pool of resources

that can be distributed among numerous items without a fixed upper limit (Bays & Husain,
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2008; van den Berg et al., 2012; Wilken & Ma, 2004). Despite these divergent views
regarding the upper limit of items that can beesdian VWM at a time, both theories
predict a systematic tragdf between the number of items stored and the fidelity of stored
representations, which is the result of dividing Oa limited supply of representational
mediumO among multiple items (Ma, Hus&irBays, 2014).

However, my empirical findings present a conundrum for current models of VWM.
Neither the discretslots model and nor continueussource model predicts such a
dramatic difference in VWM performance between two stimulus formats conviégng
same taskelevant feature information, tested within the same individual. The same person
would appear to have a vastly different number of memory slots or a different amount of
memory resources depending on the stimulus format, negating the coihwaepking
memory capacity as a finite and stable quantity. This suggests that current models of VWM
capacity should not only consider the capabityted, central resources but also
incorporate contergpecific modulation of storage efficiency or memmgource
requirements.

In the present study, | will incorporate the idea of visual grouping into an existing
VWM model framework in order to better characterize an individual®s VWM performance
for grating and line orientations across multiple set sizexcifigally, | will develop a
slotsplus-averaging model with probabilistic grouping, and test whether this model can
provide a suitable fit of an individual's working memory performance across changes in
stimulus form.

For simplicity, visual grouping wilbe construed dsssless data compressidiy
which items in the memory array can be grouped into fewer memory units without
sacrificing the representational precision of the items within a group. By allowing the
degree of grouping to vary across stimuiyses while keeping the core capacity of
working memory constant within an individual, my model can account for the large
difference in the presumed memory capacity for gratings and lines. Moreover, as | will
describe below, the model predicts that vigiraliping compresses teéectiveset size,
thereby systematically altering the relationship betweendh&nalset size and VWM
performance. Accounting for such compression should allow for a better characterization

of VWM performance for a given stimug type, especially if the stimulus form affords
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strong visual grouping. | will test the firgrained predictions of the visual grouping
hypothesis by fitting the candidate models to the delayed estimation data obtained using a
wide range of set sizesHflitems). Using a model comparison approach, | will assess the
advantage of this new model over the existing model that does not incorporate visual
grouping.

Although the idea of data compression by visual grouping could be combined with
either the discretslots or continuousesource model, | adopted the former approach
because of a straightforward theoretical interpretation of the model parameters (see
Discussion for more on this issue). A recent version of the disslatgemodel, called the
slotsplus-averaging(SA) model (Zhang & Luck, 2008), provides tightly constrained
predictions on VWM performance using only two free parameters: The number of memory
slots K) and the precision of each sl&i¥ ). The number of memory slots, but not
memory preaion, has been shown to predict fluid intelligence (Fukuda, Vogel, Mayr, &
Awnh , 2010) whereas memory precision, but not the number of slots, has been shown to
improve with perceptual expertise (Lorenc, Pratte, Angeloni, & Tong, 2014; Scolari,
Vogel, & Awh, 2008). Thus, these two parameters seem to reflect distinct aspects of
working memory, one that reflects domaeneral, core cognitive ability and one that
reflects domairspecific or perceptual abilities. Moreover, each of these parameters
controls VWMperformance in a way that is distinct from visual grouping, allowing for
reliable parameter estimation for the combined model as well as a straightforward
interpretation of the fitted parameters.

| will start by describing the existing approach of modgMWM performance in
the discreteslots framework. Based on the known effects of stimulus form on VWM
precision and capacity at set size 6, | will make predictions about how VWM performance
should vary as a function of set size for each stimulus type ddpacity limit observed at
set size 6 were taken to reflect an individuialie working memory capacity. | will then
contrast these predictions with those based on the new model that incorporates visual

grouping into the existing SA model.

The slotsplus-averaging (SA) model

The slotsplus-averaging (SA) model (Zhang & Luck, 2008) is a modification of
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the classic itenlimit model (Cowan, 2001; Luck & Vogel, 1997; Pashler, 1988), which
postulates that VWM can store a small, fixed number of itemspeitiect precision.
While the core assumption of a fixed itéimit is kept in the SA model, it integrates the
idea that information stored in each memory slot is noisy, and that noise can be reduced by
storing the same item in multiple independent slotskanaveraging them. The standard
SA model predicts the highest memory precision at set size 1 and declining precision as a
function of increasing set size until the set size reaches the number of slots, after which the
precision remains stable since amtwould be either assigned a slot or not memorized at
all. While memory precision would vary with increasing set sizes depending on the number
of memory slots one has, the SA model constrains the total amount of information that an
individual can store tbe constant across all set sizes, by assuming a fixed number of
memory slots for that individual.

The formal implementation of the SA model followed the previous literature (Pratte
et al., 2017; van den Berg et al., 2012). The basic SA model has twiafeaeetersK

(the number of slots) and, (a single slotOs precision). Precision (denbjeaf the

observerOs measuremedbf a stimulus€) is formally defined as Fisher Information
(Cover & Thomas, 2001), which corresponds to the inverse varidneel/ , if x follows

a Gaussian distribution with meamand standard deviatidn However, since the
orientation space is circular, the measurement is assumed to follow a von Mises (VM)

distribution, centered atwith the concentration parameter

p(x|s) = e I VM(x8 ") .

21'1,(")
l,(!) is anormalizing constant, denoting the modified Bessel function of the first kind of

order zero. The concentration parameter of the von Mises distribution hascacee
relationship with Fisher information, given by
y=r )
L,(!)
wherel (/) is the modified Bessel functiaf the first kind of order one. For a given
precisionJ , the corresponding can be computed numerically.
The SA model assumes that the observerOs response, defutimas a mixture

of a von Mises distribution centered at the studied orientatidmenthe probed item is in
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memory, and a uniform distribution when a random guess is made. The precision of in

memory responsed () and the probability of guessing ) vary as a function of the set

size (N), and they will be denoted dg, and g, , respectively.

p(rS) = (1 DG )VM(ris? ) + g .

When the number of memory items is equal to or exceeds the number dsiots (

K), an item will be successfully remembered with the probabilit’iy‘!oand a guess

response will occur with the probability ! !'! :— . Each of the remembered items will
receive one memory slot, leading to a stable memory precisier  (calaulated from
Jyot )- On the other hand, when there Bm@ermemory items than the number of sldtk (

< K), guessing will never occur, and an item will receive a variable number of sla9 (1~
depending on the set size. For example, if three slots are evstnilguded across two
items, each item will receive one slot on half of the time, and two slots on the other half.

The number of slots§ assigned to an item can be formally expressed as a mixture of two

possibilities:
% !
s = j,%g with probability P =1- %
S=& :
- _ITK# ith orobabili _ K modN
.( Sigh = !'Nf]’ with probability B, , = N

where!x# denotes the floor ok. These two possible slot assignments result in two levels

of memory precision:

IK#
‘]Iow(N) = Jsiot !.Ng

‘]high(N) = Jgut :;?%§+1;(=’

which reflect the fact that the memory precis{@) for an item is directly proportional to
the number of slots allocated to that itedp,,(N) and J,,,(N) are then converted to the
concentation parameters of the von Mises distributigy, (N) and/ ow(N), respectively.

Mixing these two von Mises distributions results in the following probability distribution
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for in-memory responses:

p(x[s) = Ro 'VM(X; s, 1, (N)) + Rig 'VM(X; s, ! i, (N)) -

igh
The outcome distribution is no longer a von Mises distributiohitbexpected precision
can still be quantified in terms of the circular standard deviation of the response error

vector X (Fisher, 1995):
circular D(x) =4/! 2In(R) ,

where R denotes the mean resultant length, calculated as:

For a continuous functiop(x |s) , Rcan be computed using numerical integration:

R= \/( "' cos(x)p(x) o|x)2 +( "' Sn(x)p(x) olx)2 .

While the parameter estimation will rely on tagentmixture of the two von Mises
distributions without needing to estimate ®ie of the outcome diribution, thes&D
estimates are useful for summarizing the memory precision at a given set size predicted by
the model. Therefore, | will use theSB® estimates to illustrate and contrast the predictions
of the SA and SAplus-grouping models.

For the pesent study, the standard SA model will be fitted separately to the grating
and line data, requiring a total of four free parameters for each particgratingOs K

GratingO4,,, , LineOs KndLineOsl,, . Separately modeling each stimulus type is a

typical approach in the literature when each participantOs VWM is tested using one
stimulus format and potential differences across different feature dimensions and stimulus
materials are of little interest (e.g., Pratte et al., 2017; van den Berg et al., 20@i2nva

Berg, Awh, & Ma, 2014). | will demonstrate how this approach can lead to a suboptimal
characterization of VWM performance when the modelOs fundamental assumption that
items are stored as independent units does not hold. For a more intuitive uddegstén

the precision parametel)( or Fisher Information,y, will be converted to theircular
SDof the corresponding von Mises distribution, and will be reportedlag within O-

1800 space.
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Incorporating visual grouping into the standard SA model

The SA modeWwith groupingbuilds upon thexisting discreteslots framework,
introducing an element of flexible data compression via stochastic grouping processes. The
key difference is that the SA model with grouping treats the setNjzsfominal and
instead relies on a latent variaelenoting the number gfroupsin a memory array as
theeffectivememory load. As a result, the guess rate, as well as memory precision, is
determined by the number of groups in the memory array relative to the nunshes of
The underlying assumption is that the apparent capacity estimate based on the number of
items is likely to reflect exaggeration of oneOs true working memory capacity due to visual
grouping.

In addition to the fixed number of slots)(and the prasion for each slotdy, ),
the model relies on a free paramefgrthiat controls the probability of visual grouping to
allow for a flexible apparent capacity. Here, visual grouping is operationally defined as Oa
process of compressing an arrayNafems irto G groups, or memory units, by
stochastically linking a pair of itemsO. One of the considerations in implementing the
grouping process was that the effective memory load should continuously vary as a
function of the grouping strength. In addition, thisdal makes an important prediction:
since data compression via visual grouping arises fromitetarinteractions, the data
compression ratio or storage efficiency should increase as a function of the number of
items in the memory array. To achieve thgseeral goals, | make the following
assumptions:

1) A pair of items are linked through a binomial process Ksgare 9A). The
linking occurs independently across all pairs of items, with the likelihood of success
defined by probabilityp.

2) For an arrapf N items, only up tdN D1 pairs will be considered, such that a
maximum ofN D1 links (L) can be made. In theory, there are a totgl—”e#!—! possible

pairwise connections amomgitems, but calculating the independent success probabilities

N(N!1)
for all pairs of items (i.e., 2 2 ) and counting the numbers of groups for all these

possibilities becomes intractable as Bhieicreases. Thus,mhake a simplifying assumption

thatN items are represented in a hypotheticaldimeensional space where only the
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neighboring items can be grouped together, resulting in a tatabdf pairs that can be
linked. Alternatively, one could arrange the itemh@ng a circle, allowing up tN pairs to

be linked. In that case, linking eithd1 or N pairs would result in one group of fully
linked items (via a transitive rule, see below) although by links would be required

to achieveG of 1. To removehis redundancy as well as to simplify the calculation, I will
adopt the former approach of considering dWlp1 adjacent pairs on a line. This is a
reasonable simplification, resulting in only slightly different expected numbers of groups

for a givenp, compared to those based on linkMgairs arranged on a circle.

A B
N=4 N=2 N=4 N=8
1 1 1 —e—p=00
—e—p=0.1
\ / —_— I 0.8 0.8 0.8 —e—p=02
E —@—p=03
—_ e %06 0.6 0.6 —0—p=04
_ ks p=05
Maximum g omial linking ~~ # of groups © 0.4 0.4 04
# of links process G=NDL o
L=NP1 0.2 0.2 0.2 : ;;E
L=0 = 0 0 )
- 0 0 o0 G_4 0 1 0o 1 2 3 0 1 2 3 4 5 6 7
= 1 0 0 G=3 Number of links (L)
L=1 0 1 o0 G=3
L=1 o o0 1 G=3 C 81 —@—p=00
L=2 1 1 0 G=2 o) e —_p=ol
- o 7] —e—p=02
L=2 1 0 1 G=2 g gl —®—p=03
L=2 o 1 1 G=2 23 pfg'g
L=3 1 1 1 G=1 EE’ 5 p=r
£o 4
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Qo
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2 2
1

1 2 3 4 5 6 7 8
Set size (N)
Figure 9. Probabilistic grouping and data compressi@). An illustration ofa
hypothetical grouping process, using an example of aifenr array. (B) Predicted
binomial distributionof the number of linksL() on arrays of 2, 4, and 8 items (from left to
right) as the probability of linking a pair of item® (aries from 0.0 to 0.5. (C) Expected
number of groupsQ3) as a function of set siz&l and grouping probabilitypj.

3) Nonadjacent items can be linked through a sin@asitivity rule If A is
linked to B, and B is linked to C, then A becomes linked to C. Transitive grouping has
been proposed as a fundamental grouping mechanism in the visual system, which is

essential focorrectly binding together image features that belong to the same surface or
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object, based on the smooth variations in the local image properties (Geisler & Super,
2000). This specific form of transitive grouping rule results in a straightforward cabculati
of the number of group$s] by subtracting the number of links mad¢ from the number

of items (N): G=NDL. L follows a binomial distributionl. ~ B(n, p), wherenis the

number of pairs that can be linked®1) andp is the probability of succeful grouping.

As illustrated inFigure 9B, a higher value gb leads to a higher expectedas given by

E(L) = NB1)p, which in turn leads to a smaller expecd®&E(G) =ND(ND1)p=N(1bD

p) + p. This simple linear relationship between the nomsedlsize ) and the effective

set size @) is illustrated inFigure 9C, across a range of grouping probabilities. It becomes
clear that increasingleads to systematic compressiorGfelative toN. Moreover, at a
given level ofp, compression becomesone efficient adN increases, which can be
described by the increase in the compression r@fid)(from 1.00 aN=1to 1.78 aN =

8 (E@G) = 4.5), withp=0.5.

(4) The assumption of an independent linking process across pairs of items implies
that thee is no strict restriction on trstzeof a group (i.e., the number items that can be
grouped together). A group can contain as many igsms when all pairs are linked, and
as few as 1 item when an item forms its own group without binding to other items

(5) Grouping results itosslesglata compressiarin other words, when multiple
items are converted into a coherent memory unit, including more items in a group does not
affect the precision with which each item is stored. Memory precision is sotelyriieed
by the number of slots allocated to a group, and not by the size of a group. For example, if
six items are organized into two groups, the item precision remains the same for all
different ways of partitioning the array, such as {1, 2, 3} {4, 5y8€}{1, 2} {3, 4, 5, 6}.

On the other hand, each of these groups is expected to receive more memory slots on
average than if the array happens to be not grouped & =al6§, enjoying the advantage
in memory precision as a result of the smaller effectiet size@ = 2).

Similar to the SA model, the SA model with grouping assumes that the observerOs
response follows a mixture of-memory responses and uniform guessing responses.
However, the memory precision and guess rate at each set size aréneact loyefa fixed
valueN (i.e.,!, and!, ), but by a latent mixture &, comprised of all possible outcomes

of the binomial linking process fof B1 pairs, as shown iRigure 9B. ForN = 4, for
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instance, the model considers eight possible cdgg®oping (s= 0-7; Gs= 1-8)
resulting from a binomial distribution of the number of links madeB(n, p), where n =

N 1. All possible grouping cases are combined with their associated probabi(ities,

1)1 (:)!!!!! NI

Within a given set sizBl, memory precision varies across different grouping cases.
For each case @, memory precision is determined by the product of a single slotOs
precision and the number of slots assigned to a group, which is again a mixture of two
possililities:
! L
g (1)1 Ty l!!—!J IS 1 HS%SEEY | I

L
!

IRTRRITIN l!!l—!J! | IS 1 HS%6$& &() !

The final distribution of i)fmemory responses at set shteonsists of multiple von Mées
distributions with a variable concentration parametér! corresponding to th&(G)
provided above, weighted by their associated probabilities.

Similarly, even with the fixed number of slot§)( the probability of remembering
an item varies dependj on grouping, leading to a variable guess rate within a given set

sizeN:
I

rgHyr '!—!!!!!"!! o

The expected guess rate ] can be calculated by the averaging the guess!réte©s,
weighted by their associated probabilities. Thiscomprises the uniform component for
the final response distribution at set dize

In the SA model with grouping, a common capacity parameter will apply for lines
and gratings, while the precision of each slgt) and grouping probabilityp§ will be
separately estimated for each stimulus type. As a result, a total of five parameters will be
fitted to each participantOs datase K GratingO-,., GratingOs, LineO4,.., and
LineOsp.

Model predictions: Standard SA vs. SA with grouping
The standard SA model allows one to use the VWM capacity and precision
estimates previously obtained at set size 6 to generate predictionspenftinenance
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across a range of different set sizes.

LetOs assume that the capacity estimates were 3 items for gratings and 6 items for
lines, with the same memory precision (SD = 200) for both stimulus types. If these
estimates were obtained separately would assume that working memory consists of 3
slots for gratings and 6 slots for lines, wabyo: of 200. This interpretation implies that
line stimuli could be stored using twice as many memory slots as grating stimuli. Since the

SA model assumes thaemory noise (SD) is inversely proportional to the square root of
the number of slotf allocated to an iterm"( ! 'T% ), this assumption of a different

numbers of slots available for gratings and lines predicts that SD estimates stieufdrdi

these stimuli at set size 1. For example, averaging 3 independent estimates of a grating

orientation would result in an SD of 11.5??:(), whereas averaging 6 independent

estimates of a line orientation would result in an SD of E%%m, (which is a much

improved precision (i.e., a twofold increase in Fisher information) compared to that of a
grating.

The effects of a variable number of slots on the capacity and precision estimates
across set sizes are illustratedrigure 10A. The number of stored items (apparent K; left
panel) increases with set size until it reaches the item limit set by the number dfslots (
At the same time, memory precision (SD; right panel) worsens as set size increases until
SD reaches an asymptote Bgtthe precision of a single sl@&Q ). Importantly, the SD
predicted at set size 1 is substantially smalleKfer6 than folK = 3 reflecting the

precision advantage due to averaging of twice as many slots.
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Figure 10. Comparison of predictionsdm the standard SA model and the SA model with
grouping.The pediced VWM capacity (left column) and precision (right colunamg
shownas a function of set siz&l). (A) Prediction from the standard SA model assuming a
variable number of slotKg = 3-6) with a single slotOs precisi®@Dq) of 200. (B)

Prediction from the SA modelith grouping assuming a fixed number of sldisug K=



3) with SDyio; of 200, and variable grouping probabilitips€ 0.06:0.55) that result in
apparent capacity estinestof 36 items. (C) The juxtaposition of the predictions wihd
without grouping, pairing the parameters that lead to the same apiaethte largest set
size. Solid lines are the predictions from (A) assuming no groupind@j and dashed
lines ae the predictions from (B) with groupimpg of 0.250.55. Predictions faKk = 3 and
p = 0.00 are identical between panels (A) and (B), and thus not replotted in (C).

A new set of predictions can be generated usin@#eith groupingramework
by varyingthe grouping probabilityp) while holding the number of slots constanui¢ K)
(seeFigure 10B). To highlight the deviations from the standard SA modelOs prediction, |
chose a set of grouping probabilitigs € 0.00, 0.25, 0.41, and 0.55) that resulipparent
Ks of 3, 4, 5, and 6, at the largest set shke 8) when combined wittrue Kof 3. Whenp
is greater than zero, the number of stored items (apparent K; left panel) increases smoothly
and continually as the set size increases, without a pet lipit. A higherp leads to a
steeper increasing function, resulting in a greater capacity advantage when the set size is
larger. With perfect grouping & 1.0), the apparent K would be identicaNosince the
effective memory load would always beeogroup, and no items will be lost.

An important distinction between the grouping model and the standard SA model
emerges in the predicted effects of memory precision (SD; right panel). A pitdrets to
improve memory precision, resulting in small&sSexcepiat set size 1, where the SDs for
all levels ofp converge. This is due to the fact that the effective memory Bpis Etill
one for a single item, thereby precluding any benefits from +itefti grouping. At larger
set sizes, on the other lthra highep reduces the average number of groups per memory
array, thereby increasing the average number of slots devoted to each group. While
increasing the number of available slots has an effaartitally scaling down the
memory SD Figure 10A, right panel), increasing the grouping probability is akin to
horizontallystretching the SD toward the rigtigure 10B, right panel), reflecting the
compression of the effective set sizes. To contrast the predictions of two approaches, the
curves in paneld and B are replotted iRigure 10C, by paring the parameters that lead to
a matched apparent K at set size 8. It is evident that the deviations in the predicted SD
become larger as the standard SA model (solid line) increases the number of slots (from

top to bottom) to account for the enhanced capacity estimates.
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Figure 11 Visualization of theoredictedresponse distributioin each panel, thergdicted
response distributions for a subset of set sizes (1, 2, 4, and 8) are oVéeanlodel
parametes are identical to those shownRigure 10. (A) Prediction from the standard SA
model as the number of slots)(varies from 3 to 6 (from left to right). A greater amount of
memory resource| leads to improved VWM performance across all set sizes, as
reflected in the proportional enhancement in memory precision for a single item (blue
curves). (B) Prediction from the SA modeth groupingas the grouping probabilityp)

varies from 0.00 to 0.55 (from left to right) while the number of slots is helstaainrue

K = 3). While increased grouping leads to fewer guess responses at large set sizes (orange
or red curves), memory precision for a single item (blue curves) remains constant across
different grouping probabilities.

To give a sense of what thesponse distributions would look like after applying
these different parameters, the predicted response distributions are presEmgereidl
for a subset of set sizes (1, 2, 4, and 8). The plots on the leftmost column (identical for
panels A and B) wdd correspond to the predictions for gratings, assuming three slots and
no grouping i = 0). The plots on the rightmost column would correspond to the
predictions for lines, assuming either six slots and no groupindj (panel A) or three

slots with gouping @ = 0.55) (panel B). The capacibased predictions (panel A) show
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markedly enhanced memory precision for set size 1 (shown in bluelwith, compared
smallerKs, in proportion to the increasing number of available slots (from left to right). By
contrast, the groupingased predictions (panel B) show a stable memory precision for set
size 1 (shown in blue) across increasing levels of grouping probapitty (00 ~ 0.55;

from left to right) while demonstrating a pronounced reduction of gugssmess with a
higherp at set size 8 (shown in red). Thus, increasing the number of slots and increasing
the grouping probability provide distinct predictions for VWM performance as a function
of set size, especially in terms of memory precision.

An advaniage for incorporating grouping into the standard SA model is that
memory load will be no longer rigidly determined by the nominal set size. As illustrated in
Figure 12A, flexible grouping strengths can accommodate possible changes in the
effective memoryoad at a given set size, across different stimulus types. Moreover, the
current implementation of grouping can account for changes in the storage efficiency
within a given stimulus type as a function of set size. As showigire 12B, the
efficiency ofdata compression, measured by the ratio of the nominal seNyizethe
effective set size (G), has a baseline of 1 at set size 1, and gradually improves as set size
increases. This implies that the more items there are in the memory array, thetlgeeater
potential benefit of grouping by the visual system. Whether this implementation of
grouping indeed provides a better characterization of observersO VWM performance is an
empirical question. In the next section, | will turn to the behavioral experirdesigned

to test the advantage of this modeling approach.
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Figure 12 Compression of effective memory load via visual grouping. (A) The expected
number of groupsQ3) as a function of the number of itend) @s the grouping probéitby
(p) varies from 0.00 to 0.55. (B) Data compression ratio calculated as the ratio of the
nominal set sizeN) to the effective set size (G). A higher ratio indicates greater storage
efficiency.
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Experiments 1 & 2

The present experiments were condddteexamine how an individualOs VWM
performance for grating and line orientation varies as a function of set size, and to
determine whether the SA model with grouping can provide a better account of the
behavioral data than the standard SA model. VWMaperance was tested in a delayed
estimation task, by presenting sample arrays containing a variable number (1, 2, 4, or 8) of
gratings or lines; these items were arranged in a virtual circle (Experiment 1) or on a
jittered grid layout (Experiment 2). In the two Experiments, | sought to generalize the
findings across different stimulus layouts, and introduced a visual masking procedure to
control for the role of iconic memory (Experiment 2).

Two models (the standard SA model varying the number of slaissastimulus
types and the alternative model that varies the probability of grouping while holding the
number of slots constant) were fitted to the each participantOs delayed estimation data. A
statistical model comparison revealed a marked advantadeefarddel with grouping

over the standard SA model in both experiments.

Methods

Participants

14 healthy volunteers with normal or correcteechormal visual acuity (6 male;
ages 1982 years) participated in Experiment 1, and another 14 volunteers (Gagede;
19-30 years) participated in Experiment 2. Six participants (including the author) took part
in both experiments. Participants (except the author) received course credit or monetary
compensation ($12 per hour; four hours for Experiment 1, and tws FanExperiment 2)
for participation. Written informed consent was obtained prior to participation. All aspects
of this study were conducted according to procedures approved by the Institutional Review

Board of Vanderbilt University.

Apparatus and stimuli
The experiments were programmed and controlled using MATLAB 8.3.0 (The
MathWorks, Natick, MA) and the Psychophysics Toolbox (Brainard, 1997) running on a

Mac Pro. Participants viewed stimuli displayed on a garoconeected CRT monitor (1280
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x 1024 resaltion; a 85Hz refresh rate; 27.2 cd/mean luminance) in a darkened room, at
a viewing distance of 46 cm. Head position was stabilized using a chin rest with a forehead
bar.

The stimuli were generated using the same method described previously, using
different spatial parameters and stimulus arrangements between Experiments 1 and 2. As in
the previous experiments, Experiment 1 used a grating stimulus consisting efvagame
grating (2 cycles/G, 50% contrast) presented within a circular Gaussian erfVel@ikg
truncated at 20 diameter). In Experiment 2, the samewvsine grating (2 cycles/a, 50%
contrast) was presented within a smaller Gaussian envelope (" = 1.50, truncated at 1.50
diameter). In both experiments, the line stimulus was created byirapplyectangular
aperture (0.250 x 20 in Experiment 1; 0.250 x 1.50 in Experiment 2) to the central bar of the
grating stimulus, resulting in somewhat different aspect ratios between Experiments 1 and
2 (1:8 and 1:6, respectively). All stimuli were preteehon a gray background (mean
luminance 27.2 cd/fi

In Experiment 1, the gratings and lines (20 in diameter) were presented at
randomized locations at 40 eccentricity with a minimum separation distance of 0.620 edge
to edge (se€igure 13A). In Experimen2, the stimuli (1.50 in diameter) were presented at
randomized locations within a 5 x 5 square grid (150 x 150; central cell excluded) (see
Figure 13B). Each itemOs position was jittered +0.650 from the center of the cell (30 x 30),
resulting in a minimm edgeto-edge separation of 0.200 between items. The maximum
eccentricity of the center of an item was 9.400.

Stimulus orientation was randomly chosen on each trial for each item, from 180
evenly spaced orientations-{@0 !). Observers were asked totéx@entrally on a black
bullOs eye (0.50 in diameter) for the duration of each trial, throughout the experiment.

Experiment 2 used a patterned mask, consisting oplass filtered uniform noise
(230 x 230) with a cuiff frequency of 4 cycles/G and a m&iS contrast of 0.115 (SD =
0.005). The noise pattern was contained in a square (130 x 130), smoothed with a two

dimensional Gaussian kernel (" = 120).
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Figure 13 Trial sequencefor the delayed estimation task Experimens 1 and 2. In both
Experiments1 (A) and 2 (B) a sample array contained a various number of randomly tilted
gratings or lines (1, 2, 4 or 8 items). For illustration, the grating and line arrays are shown
with matched orientations and locations. In the actual experiment, thesg walge

randomly determined for each stimulus type.
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Procedure

A trial sequence for a delayed estimation in Experiment 1 is shokigtme 13A.

On each trial, a central fixation was presented for 1 s, followed by a sample array (200 ms)
containing a varios number (1, 2, 4, or 8) of gratings or lines, which varied randomly from
trial to trial. After a 1s delay, a spatial cue (a black outline circle; 20 in diameter) indicated
the tebereported item for 500 ms, followed by a central test stimulus (a gratia line)

with a random initial orientation. Participants adjusted the orientation of the test stimulus
by turning a computer knob. Participants were asked to report the remembered orientation
as precisely as they could, and hit space bar to submiréispionse. On each trial,

participants received auditory feedback based on accuracy, as described previously. The
average accuracy score100) for a block of trials was displayed at the end of each
experimental block.

The trial sequence for Experimehtvas identical to Experiment 1, except for the
insertion of a patterned madkigure 13B). After the sample array (200 ms), a patterned
mask was presented for 200 ms, followed by a blank interval of 800 ms, and a cue. The
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sampleto-cue ISI was kept at 1as in Experiment 1.

In both experiments, all conditions (two stimulus types, four set sizes) were
randomly intermixed across trials. In Experiment 1, each participant completedtour 1
sessions, divided into 9 blocks of 48 trials. This resulted itehdb1728 trials, and 432
trials for each condition. In Experiment 2, each participant completed-twsédssions,
divided into 9 blocks of 48 trials, resulting in a total of 864 trials, and 216 trials for each

condition.

Data Analysis

As a means fasummarizinghe capacity and precision for each experimental
condition, the mixture model (Zhang & Luck, 2008) was fitted separately to each set size
and stimulus type condition for each subject. This was to convey the general pattern of
results without asuming a fixed underlying number of slots for each subject that applies
across all set sizes.

For thestandard SAapproach, separate SA models were fitted to each participantOs
grating data and their line data, utilizing all set sizes. A total of foanpaters were
estimated per participar@ratingOs KGratingOs Siy;, LineOs kndLineOs Si3. Forthe
SA model with groupindhe grating and line data from each participant were fitted
concurrently, estimating a total of five parameters per partitifaue K GratingOs Sk,
GratingOgp, LineOs Siy;, andLineOp. All models were fitted based on maximum
likelihood estimation, using the genetic algorithms (GA) in MATLABOs Global
Optimization Toolbox to seek the global optimal solution.

Statistcal model comparison was conducted using the Akaike information criterion
(AIC) (Akaike, 1974). The AIC is calculated as:

AIC =D2 In(L) + 2,
whereL is the maximum likelihood value of the fitted model, &nsl the number of free
parameters in the modéimong candidate models, the model that yields the lowest AIC
score is selected as the best model. The AIC takes into account both goodness of fit and
parsimony of the model, by rewarding highddglihoods and penalizing for extra free
parameters.

TheAlIC score was calculated for each model for each participant. The AIC for the
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standard SA model was simply a sum of the AIC scores for the two stimulus types. To
obtain a total AIC score for each model, the AIC scores were summed across all

participants fom each experiment.

Results

ParticipantsO delayed estimation data are sholigune 14. As is evident in the
response error histogramigure 14A, C), the orientation reports for both stimulus types
became less precise as the number of items increasgeortantly, memory precision for a
single grating (shown in blue) was nearly as good as that for a single line. The difference
between the two stimulus types became larger as the set size increased, characterized by a
pronounced increase in random guesponses for gratings at set size 8 (shown in red)
and a relatively stable performance for lines across set sizes.

The mixture model was separately fitted to each condikayute 14B, D); this
revealed a subtle but reliable precision advantage fglesiimes over single gratings in
Experiment 1 (ISD of 1.29t(13) = 4.51p = .001, Cohen@s= 1.20), and Experiment 2
('SD of 1.300,t(13) = 2.47p = .028, Cohenl@s= 0.66). In fact, a similar magnitude of
precision advantage for lines was observaoss all set sizes, as the SD increased at a
similar rate for both stimulus types as a function of set size. This is inconsistent with the
standard SA modelOs prediction Sgere 104), in which the magnitude of the
difference between the smallest aachkest SDs depends on the number of available slots
that can be averaget! (-« ! !" 4 !V/1). Toillustrate, the average SD estimate for a
single grating (10.60 in Experiment 1) is largely consistent with the SA modelOs prediction
obtained by dividing the SD estimate at set size 8 (i.e., a single slotOs precision) by the
square root of the avaga K estimate at set size 8 (i.e., number of slots) (33.80#

10.30). On the other hand, the SD estimate for a single line (9.30 in Experiment 1) is

substantially larger than that predicted by averaging of 6.6 slots with SD of 17.60
(A7.60w1 1t =6.90).

53



Grating Line
8 25
7 —0— Grating
6 —o— Line 20
Setsize 1 5 >
Set size 2 « a 15
Set size 4 4 ©
Set size 8 3 10 —o— Grating
2 .
: 5 —o— Line
Ae=arY \’\;/v\ 0 0
i i 0 45 i i 0 45 12 4 ) 8 12 4 . 8
(UURU ¥ (UURU ¥ Setsize Set size
C D
Grating Line ) 25
7 —©— Grating
6| —o—Line 20
Set size 1
>
Set size 2 5 15
Set size 4 X 4 ©
Set size 8 3 10 .
—0— Grating
2 5 —o— Line
\ 1
P VAL o 0
i 7 0 45 ] i 0 45 12 4 8 12 4 8
(UURU Y (UURU Y Set size Set size

Figure 14. Delayed estimationesultsin Experiments 1 and 2. Top panels (A, B) show the
results fromExperiment 1(the circular array)andbottom panels (C, D) show the results
from Experiment Qthe grid array)(A) and (C) show the responseae histograms for
gratings and lines, pooled across all 14 participants in each experiment. All histograms
consist of 40 bins, 4.50 wide. Different colors indicate different set sizes (1, 2, 4, and 8),
with the faint curves representing +1 betwsebje¢ SEM of each binOs frequency. In (B)
and (D), VWM performance in each condition is summarized in terms of the number (K)
and precision (SD) of stored items. These K and SD estimates were obtained by fitting a
separate mixture model to each set size anulkis type condition for each participant.

The error bars represent +1 betwaebject SEM.

This initial analysis provided a preliminary qualitative assessnieheGA
modelOs prediction and its limitations, using the glexsd, descriptive measures of
VWM performance. Next, | will present the results from the formal mbedeéd approach,
in which each individual®s VWM performance was characterized by twetogp

frameworks: The standard SA model and the new SA model with grouping.

Modeling results
When thestandard SA modeVas fitted separately to each stimulus type, the
difference between VWM for grating and line orientation was characterized as differen

numbers of memory slots. As showrHigure 15 (left two panels)the mearK estimate
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for lines was nearly twice that of gratingaréatingOs K 3.6,LineOs K 7.7 in Experiment
1; GratingOs K 3.4,LineOs K 7.1, in Experiment 2), while the precisiestimate for an

orientation stored in a single slot was not reliably different between the two stimulus types.

A Standard SA model SA model with grouping
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Figure 15. Modeling resultsn Experiments land 2.(A) Results from Experiment Left
two panels show the mean parameter estimates fataineard SA model. Rigkitree
panels show the mean parameter estinfatebe SA model with grouping. The error bars
represent +1 betweesubject SEM(B). Results from Experiment 2.

However, as discussed earlier, allowing a variable working memoagitavithin
an individual is not only theoretically unprincipled, but it can also lead to a
mischaracterization of VWM if the storage efficiency (i.e., memory resource requirement)
for a given stimulus were to change with set size. Since the aveizagd) precision
advantage at smaller set sizes is dictated by the upper limit of stored items at the largest set
size, the parameters that maximize the likelihood of the data adrgss$ sizes would
systematically mischaracterize VWM performance, espgaalihe smallest and largest
set sizes. This is demonstratedrigure 16, which shows the response error histograms for
two representative participants from Experiment 1, along with the predicted mixture
distributions based on the bétting parameteref each model. While the standard SA
model (shown in red curves) provides a reasonably good fit of the grating data across all
set sizes, the modelOs prediction tends to deviate from the line data at two extreme set sizes,
predicting a better precision sgt size 1 and a worse precision at set size 8, compared to

the actual data.
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Figure 16. Example delayed estimation data andfitgtg model parameters from
Experiment 1. Panels (A) and (B) show the response error histograms for two
representative pacipants from Experiment 1, for each stimulus type and set size
condition. All histograms consist of 40 bins, 4.50 wide. On each histogram, the mixture
distribution based on the bdting parameters from the standard SA model (red curves)
and the SA mdel with grouping (black curves) are overlaid.

When the grouping probability and single slotOs precision were estimated separately
for gratings and lines while holding the number of slots constant within an individaal (
SA model with groupindrigure 15, right panels), the estimated numbers of slots tended to
be lower than those from the standard approach, with the TmaarKof 2.5 and 2.4 in
Experiments 1 and 2, respectively. The precision estimate for lines stored in a single slot
was modestly begr than that for grating§(13) = 2.53p = .025, Cohen{s= 0.68
(Experiment 1)§(13) = 1.96p = .071, Cohen(@s= 0.52 (Experiment 2).
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Importantly, the probability of grouping) was much higher for lines than for
gratings (0.71 vs. 0.28 in Experént 1; 0.63 vs. 0.31 in Experiment 2). While the
estimatec was reliably above zero for both gratings and lit&4,3) > 4.54ps < .001, the
difference in grouping probabilities between the two stimulus types was highly reliable
across participant$(13) = 9.34p < 0.001, Cohen@s= 2.50 (Experiment 1}{13) = 8.18,

p < 0.001, Cohen@s= 1.92 (Experiment 2). Moreover, introducing the grouping factor
improved the model fit for the line data by a much greater magnitude than it did for the
grating dad, as indicated by the lddkelihood increase of +160 for gratings vs. +291 for
lines in Experiment 1, and +36 vs. +84 in Experiment 2. These results suggest that
grouping played a bigger role in VWM for lines than that for gratings. This can be also
gleaned from the example histograms presentdeignre 16, which demonstrates that the
SA model with grouping (shown in black curves) provides a much better fit of these
participantsO line data than the standard SA model (red curves).

The formal model compaion based on the AIC statistic confirmed that the model
with grouping provided a better account of the data (i.e., a lower AIC score) than the
standard model in both experiments, after taking into account its increased complexity:
AIC;= 46950 vs. AlIG= 46076 in Experiment 1 (Al{ds the standard SA model); A|IE
25522 vs. AIG= 25308 in Experiment 2. AIC difference scores (AIC) were calculated
by subtracting the grouping SA modelOs AIC score from the standard modelOs AIC score,
such that a positive ffierence indicates how much worse the standard model performed in
comparison to the grouping model. !AIC scores for individual participantsO and the total
difference score in each experiment are presentédbie 1, along with the number of
participants Bowing positive 'AICs (shown in parenthesis). In each experiment, the model
with grouping outperformed the standard model in 12 out of 14 participants.

The relative fit of the standard model (A)@ompared to the grouping model
(AIC,) can be measured Iiyerelative likelihood(! ¢'# 1! "# 1)/} These measures
indicated that the standard SA model was less thaff filhes as probable as the grouping
SA model in Experiment 1, and less tharf@imes as probable in Experiment 2. Thus,
the SA nodelOs ability to account for the differences in VWM performance across set sizes
and stimulus types was appreciably improved by allowing different grouping factors for the

different stimulus types, while holding the number of slots constant within andodi.
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Table 1 AIC scoresfor individual participants

Participant
1 2 3 4 5 6 7 8 9 10 11 12 13 14

Expt.1 147 62 71 17 30 165 24 62 62 44 -29 0 205 14 +875(12)
Expt. 2 16 3% 33 18 7 7 19 -9 33 5 45 6 -6 3 +213(12)

Sum

Note. AIC = Akaike inbrmation criterion. Difference scores are calculated as: AlIC(standar® SA)
AIC(grouping SA)

Discussion

In the present study, | examined the systematic changes in VWM performance for
grating and line orientation as a function of set size in ordertterhaderstand the
resource allocation processes underlying the capacity advantage for line stimuli. Delayed
estimation data showed that memory precision was very comparable for a single grating
and a single line orientation. VWM performance for gratisiggrply declined as the set
size increased from 1 to 8, characterized by a marked increase in random guess responses.
On the other hand, VWM performance for lines declined relatively smoothly as the set size
increased, resulting in much fewer guess regmasthe largest set size, with nearly twice
as high of a maximum capacity as gratings. The observed relationship between the number
and precision of stored items for line stimuli deviated substantially from the predictions of
the standardlotsplus-averaging (SA) model, which assumed a greater number of memory
slots for lines than for gratings. The alternative approach in which the number of slots was
held constant while the probability of grouping (i.e., data compression ratio) was allowed
to vary betwen stimulus types (th®A model with groupingrovided a much better
account of VWM performance observed across different set sizes and stimulus types. This
alternative model assumed that multiple items can be grouped into a coherent memory unit,
reducingthe effectivememory load, and that ttagparentcapacity can be greatly increased
depending on the degree to which the memory array is compressed into a fewer number of
groups. The modeling results indicated that individual working memory capacity was
limited to about 2.5 slots on average, but that the probability of grouping was nearly twice
as high for lines as for gratings, leading to much higher estimates of apparent capacity for

lines.
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The present model of VWM with grouping provides a compellingaictof the
observed changes in the apparent information capacity of VWM across set sizes and
stimulus types. In implementing visual grouping into the model, | made a few simplifying
assumptions about how items are grouped together and how VWM resoereiecated
among them. While these assumptions serve as a good starting point for characterizing the
grouping process, they could be modified to more accurately capture the grouping
mechanisms implemented by the brain. For example, | only consideredngranpong\

D1 pairs of items comprising items, instead of considering alladjacent pairs along a

circle or all possible pairwise connections within the array. This was to simplify the
calculation of the number of groups based on the set size angrgyquobability. The

absolute value of the estimated probability will be valid only under certain assumptions,
and thus should not be taken literally. It is also possible that grouping of items is not
completely independent across pairs of items. If the#zesome constraints on the number

of items that can be effectively grouped together, the number of groups will depend on the
complex interactions among the potential grouping schemesg the items.

In addition, the assumption tafsslessompressiomight be an oversimplification.
Grouping of multiple items into a coherent memory unit might incur some loss of
information about individual items. For example, a set of collinear lines could be grouped
into one smooth path, but the estimates of indivitinalorientations could be biased
toward the smooth path (unless they happened to be exactly collinear), resulting in an
increased response variability across items and trials. Such grouping processes would still
be adaptive if only a small number of slate available compared to the large array size,
and if the benefit of saving a memory slot (i.e., reducing random guesses) outweighs a
modest loss of memory precision.

Among the competing models of VWM in the literature, | chose the dissiatte
framework for the theoretical reasons discussed earlier. While the idea that memory load
can be reduced by visual grouping can be equally well applied to the conthesousces
framework, the resource models tend to be too unconstrained to be usefuldoriegp
the perceptual and cognitive mechanisms behind VWM performance.

A recent version of the resource model, calledvdréable precisionVP) model

(van den Berg et al., 2012), relies on several free parameters that afford considerable
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flexibility in fitting the data but at the cost of introducing ambiguity in the interpretation of

these parameters. The VP model assumes that random fluctuations in memory resources

lead to a variable precision varies across items and trials around the mean prac)sion (
which is determined by the number of items on the memory aijay (is idea is

implemented by thel, parameter for the maximum precision at set size 1, and two

additional parameters that freely vary depending on the data: The power patathater

determines how steeply the mean precision should decline with increasing set size (

J=J,N'"), and the scale parametthat interacts with the shape of the gamma

distribution from which the precision values are drawn. It is unclear how these parameters
can be linked with important psychological constructs, such as fluid intelligence, the scope
of attention, perceptual expertise and visual precision. Moreover, the unconstrained
parameter means that the total information capacity can vary across setitiv#s; 1
indicating an increase in the total information with increasing set sizé; arddndicating
a decline in the total information with increasing set size. No theoretical justification for
such a variable information capacity has been providegortantly, the flexiblet can
mimic the effect of visual grouping, complicating the fitting and interpretation of the model
parameters. For the current goal of understanding how visual grouping can increase the
amount of information that can be storadailimited memory space, the SA model was
thus considered more suitable than the VP model.

The present work highlights the importance of considering the perceptual factors
that allow for a more efficient usage of the limited capacity of working merBgry.
isolating oneOs core cognitive capacity from groupgfajed capacity enhancements, the
fluctuating estimates of VWM capacity can be reconciled with the large body of literature
that links individual differences in working memory capacity with the sadttentional
focus (Cowan, 2001, 2005; Cowan, Morey, AuBuchon, Zwilling, & Gilchrist, 2010; Gold
et al., 2006) or executive attention (Burgess, Gray, Conway, & Braver, 2011; Bettencourt,
Michalka, & Somers, 2011; Cusack, Lehmann, Veldsman, & Mitck@09; McNab &
Klingberg, 2008; Kane, Bleckley, Conway, & Engle, 2001; Vogel, McCollough, &
Machizawa, 2005). Thus, the present work is an important step toward a fuller

understanding of the constraints on information capacity of the mind.
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Chapter -

The role of perceptual organization in visual working memory for orientation

Introduction

The results from the previous experiments indicated thabthkamount of
information encoded from a line array, taking into account both the number and quality of
stored orentations, continually increased as the set size incrdaseshtrastthe amount
of information that could be encoded from viewing arrays of gratings remained relatively
stable acrosthe largerset sizes. These results suggested that the more lirethens
were in the memory array, the more efficiently the array could be compressed into a
smallernumber of unitdor storagetherebyallowing far more line orientations to be stored
than would be expected based on standard capacity estimates of V\igMnples that
the total information capacity of VWM ota constant, but instead, varies as a function of
the stimulus format and the number of items in the memory array.

So far, | have used the temsual groupingo describe the process that enteanc
storage efficiency in VWM (i.e., the amount of stored information per unit resource
whether discrete or continugudhis mechanism appears to be responsible for the
dramatic capacity advantage for line stimuli over grating stimuli. The enhancecdestorag
efficiency appears to arise from a formation of highweter patterns or visual groups,
given that the advantage for line stimuli was markedly reduced by sequential presentation
of the stimuli, and that the amount of information stored for a singl®tieatation was
negligibly different from that for a single grating orientation. However, visual grouping has
thus far been discussed in a rather abstract manner as a data compression process, without
regard to the specific visual mechanisms that miglilitite such processes.tHis data
compression is mediated by specific grouping mechanisms that operate on sets of oriented
elements on an array, then storage efficiency should be directly linked to the configural
properties of these elements, which barsystematically examined.

The Gestalt principles of perceptual organization (see Wagemans, Elder, et al.,
2012; Wagemans, Feldman, et al., 2012, for recent reviews) provide important clues as to
what stimulus properties might contribute to the efficetatage of orientation information

in VWM. Early Gestalt psychologists introduced a set of principles that determine the
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perceived grouping of image elemeriteese includéhe laws ofproximity, similarity, good
continuation symmetryandclosure(Koffka, 1935; Wertheimer, 1923/1938hese

grouping principles have been expanded upon and further tested by modern vision
scientists, equipped with rigorous psychophysics and computational modeling. Given that
these grouping processes determine the unitargberceptual experiences, in this work |
propose that the same principles will likely determine the units of visual representations

actively held in working memory.

Role of perceptual organization in VWM

The most prominent effect of perceptual grogpim VWM can be inferred at the
item-specific level, in terms of the presumed objeased nature of VWM. Specifically,
perceptual grouping can enhance the overall information capacity of VWM, as
demonstrated by the fact that people can maintain moredsatuVWM if they belong to
a common object than if they belong to separate objects (Luck & Vogel, 1997; see also
Delvenne, & Bruyer, 2004; Xu, 2002). In a study by Xu (2006), the cbges®td storage
benefit depended on both theoximityand the strengtof connectednedsetween the two
features (color and orientation) comprising parts of an object, suggesting that these
grouping cues are crucial determinants of the units of storage in VWM. Similarly, grouping
by common regionkas been shown to allow meoshapes to be stored in VWM (Xu &
Chun, 2007). The behavioral benefit for the grouped shapes over the ungrouped shapes was
accompanied by reduced fMRI responses in inferior intraparietal sulcus (IPS), reflecting a
reduced number of discrete objects, ammleased fMRI responses in superior IPS,
reflecting increased information storage (Xu & Chun, 2007). Thus, perceptual grouping of
multiple components into a common object allows discrete image elements to be organized
into a smaller number of coherent peptual units, substantially increasing the amount of
information that can be simultaneously held in VWM.

Although VWM performance has been characterized as rebyitige assignment
of discrete slots$o individual items, several studies have suggestatiperceptual
groupingamongthe displayed itemsan influence performance YAWM tasks to some
extent Previous studies have systematically manipulated various grouping cues in the

sample arrays to examine its impact on change detection performancensypdtecera,
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and Luck (2003) showed that perceptual organization could bigsitingy with which

items are encoddadto VWM,; for examplegcolored squares that were grouped together by
proximity or connectedneg$almer & Rock, 1994) tended to be encottegether. VWM
encoding can be also biasedavor ofitems grouped bgimilarity, as shown by Peterson

& BerryhillOs (2013) study in which change detection accuracy was improved for a pair of
samecolored items, compared to the rest of the items withrepeated colors (see Lin &
Luck, 2009, for a related finding of subtle improvement in displade performance for

similar colors over dissimilar colors; cf. also Brady & Tenenbaum, 2013, for a contextual
sensitivity in color change detection).

In theseprevious studies, the grouped and ungrouped conditions were purposefully
designed, such that tigeoupeddisplays contained greater regularities than would be
expected by chance. Such manipulations could have affected the visual and cognitive
strategies wed by the subject to perform the taskcontrast, for the studies in this
dissertation, the grating and line arrays used were randomly generated on each trial and no
regular structure was introduced in an artificial manNenethelessthe degree of
perceived randomness (Hsu, Griffiths, & Schreiber, 2010) could still vary across these
arrays. Previous studies of color working memory provide evidence that observers can
extract and utilize highesrder structures even from randomly arranged colored items.
Using a change detection task, Brady and TenenbaumOs (2013) found that a change that
altered the global textuid the display(i.e., the color similarity of neighboring items) was
more easily detected than a change that did not, suggesting that obsereenst just
storing individual items as independent units but also storing hayder summary
information of the entire displayn a very different studyBrady & Alvarez (2018)
showed substantial displepecific variability in delayed estimationr@mance for
displays containing three colors, which could be reasonably well captured by a model that
integrated the iterAlevel representations (individual colors) and clusteel
representations.¢.,the mean and variance of sets of colorthe dsplay).

The representation of gitke summary statistics postulated by Brady and
colleagues can be linkéd some extenwith the idea of perceptual grouping because both
involve the process of assigning display elements into distinct clusters diester,

gistbased memorgan be conceptually distinguishigdm the specific local processes
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required for perceptual groupingince no spatipl specificinformation between pairs of
items needed to h@ocessedh their model. While the clusters congirig the gist
representation are primarily defined by Huilarity of items, perceptual groups can be
defined by a more diverse set of image properties, such as those mentioned above.
Moreover, perceptual grouping allows information about individualstembe encoded
within a higherorder perceptual unit, without necessarily reducing the-gpetific
information to an abstract summary statistic, such as the mélaevariance. Despite
theseconceptual differencedoth of these proposed notions aftgepresentation and
perceptual grouping provide a means to represent visual information in working memory
a more efficient or compressed manraard can be used to predict the systematic effects of
display properties on VWM performance.

Compared toa@or, VWM for orientation might benefit from the consideration of
even richer spatial structures that can emerge from an array of oriented elements (see
Figure 17).
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Figure 17. An illustration of perceptual grouping cues in oriented elements. (A) Siyilar
and proximity. (B) Good continuation. (C) Cocircularity. (D) A radial pattern.

Parallelism(or orientationsimilarity) andproximity could provide strong grouping
cues, as a region of a display consisting of parallel gratings or lines can be ectipomica
represented as one oriented textiigire 17A). Even when the display items consist of
heterogeneous orientations, they can still be groupembg continuatiorfFigure 17B) if
the orientation varies smoothly from one item to the next ¢odlinearity) or if they are
aligned along a common circle (i.eqcirciularity, seeFigure 17C). Moreover, the entire
display can be compressed intmaror-symmetrigpolygon, such as adial pattern
(Figure 17D) or aclosed circle depending on the globalmfiguration of the items.

In this study, | will evaluate the hypothesisit perceptual grouping is not only
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limited to these rare situations where grouping cues are highly satieetad, theynay

apply in a continuous manner to varying levels of ginogigues, modulating the

probability of grouping among the items. If the visual system is adept at extracting
regularities that emerge from these randomly oriented elements, and if these happen
chance patterns can be anatybg grouping mechanisms to coreps the memory array,
then VWM performance should vary systematically depending on the spatial relations
among the elements in any given visual display. Thus, orientation provides a unique and
rich opportunity to test for the role of perceptual orgarozaitn VWM. This experiment
addresses an important questiasno study to date has systematically examined these
geometric relationships among the oriented elements and their influence on VWM

performance.

Present study

The present study had two primaygals. The first was to determine whether the
perceptual organization that occurs in randomly generated arrays of oriented items leads to
systematic influences on VWM performan@ée second goal was to determialeat
factors account for the superior VW&apacitythat people show for lines over gratings
We hypothesized that certain grouping mechanisms might operate specifically on line
stimuli or that the grouping strength would persist over larger spatial Sepafat line
stimuli. However, an altertiae possibility is that the magnitude or probability of grouping
is much weaker for gratings than for line orientations, while the tuning width and spatial
profile of these grouping mechanisar@shared for both stimuli.

To examine whether VWM performea varies systematically across displays, |
conducted an online experiment in which the same set of randomly generated line and
grating displays were shown to a large number of participants, using matched stimulus
parameters between the two stimulus fosnhfound substantial variability across
displays in terms of how accurately the items were remembered, which was highly
consistent across participants, as well as between the two stimulus formats. To gain insight
into what spatial patterns observers niityipically extract from a given display and hold in
their VWM, | pooled the delayed estimation responses from all of the participants, and

reconstructed the participantsO memory representation for each item from each display.
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This reconstruction hinted #te role of Gestalt grouping principles, as some of the most
accurately remembered displays contained highly regular struatoresstent with the
predicted effects gbarallelism collinearity, andclosure Moreover, the errors in the
reported orientédns were not random, but rather, were systematically biased toward a
pattern that made the reconstructed display appear more coherent than the original display.
In order to quantify the strength of perceptual organization in these displays and
test its réationship with VWM performance, | constructed a model of disgiascific
VWM performance, inspired by Gestalt grouping principles. The model considers a set of
properties thatan make an array of oriented stimuli msmaple and unifiedgonsisting of
aset of perceptual grouping mechanisms that process information absumilaety,
cocircularityand proximity of pairs of items, as wels the globatadiality/circularityof
the display Theseperceptual grouping mechanisare defined in a mathemedily precise
manner based on the stimulus variables (i.e., the positions and orientations of items in a
display) and a small number of free parameteas are fitted tahe participants'
performance datal' he overall pattern strength of a display is catad by a weighted sum
of the strengths of the individugtouping mechanism3he model estimates the
parameters that maximize the correlation betweershmatedgattern strength advery
display and the accuracy with which the display is remembered.
Assuming this approach proves successiiyl second goal was to determine
whether the same perceptual grouping processes that enabled efficient storage of specific
arrangements of oriented elements were also responsible for the overall capacity advantage
for line stimuli over grating stimuli. It is conceivable that line stimuli can be stored more
efficiently than grating stimuli because the patterns formed by oriented lines are more
readilygroupedby the visual system than those formed by oriented gratbgs way this
could occur is if certain perceptual grouping cues operate more effectively on line stimuli
thanon grating stimuli, producing Erger modulation of VWM performance for lines.
Then, he largest performance advantage for lines should beebta the displays with
thestrongestgrouping cues, wheredset line displays that are weak in such grouping cues
should produce a similar level performamsethat for grating displays.
An alternative possibility, however, is tharceptual groupsotild be effectively

formedin bothgrating and line displays, substantially modulating the storage efficiency in
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each stimulus formabutthe efficiencyfor storingline displaysis enhancedverthat for
gratingdisplaysby a certain factorcross allévels of perceptual organization. For
instance, perceptual grouping processes might provide the initial perceptual units for a
given display that serve as blueprints for the organization of representations in M&M.
degree of facilitative interactions amg thesgerceived unitgi.e., gain modulationinight
ultimately determine the representational units in VWM. It is possible that a set of local
perceptual groups consisting of line items might be more readily apprehended as a whole
than those consistingf grating itemsThis hypothesis predicts that VWM performance for
both stimulus types should exhibit substantial variability across displays according to
perceptual organization, and the performance for line displays should be enhanced relative
to thatfor grating displays, to the same degree across all levels of perceptual organization.
Testing these competing hypotheses is crucial for understanding the role of
perceptual organization in VWM for orientation, as well as how the organization processes
might interact with the stimulus format. To achieve this goal, it is important to test VWM
performance across a large number of randomly generated displays, producing a large
range of natural variability in perceptual organization across displays. lbisralsal to
formulate a model that can capture a substantial portion of the variability across displays
by integrating multiple perceptual grouping principles. In the following sections, | will
describe the online experiment that allowed me to collachadataset using a large set of
stimuli, followed by a description of the Gestalspired model thatdevelopedo explain

the variability observed in these data.

Methods

Participants

600 participants were recruited on AmazonOs Mechanical Turk KMTur
https://www.mturk.comfor theline version of experiment, and another 600 participants
were recruited for thgratingversion. All participants (ages 18 years or older) were from
the United States, gave informechsent, and were paid 50 cents for approximately 20
minutes of their time. MTurk users are demographically diverse and more representative of
the adult population in the United States than the college student population typically

evaluatedn experimentalesearch (Berinsky, Huber, & Lenz, 2012; Buhrmester, Kwang,
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& Gosling, 2011). Previous studies have shown that VWM experiments run on MTurk
replicate the results obtained in the laboratory (Brady & Alvarez, 2011a2Bfd&dy &
Tenenbaum, 2013).

Stimuli and procedure

Line andgratingstimuli were generated using the same metlagdlescribed in
Experiment 1 of Chapter 3, except that a fixed set of orientations and locations were used
for both stimulus formats. A sample array consisted of six gratingsesrarranged on a
virtual circle (sed-igure 18A). A total of 96 stimulus configurations were used. The
stimulus orientations and locations were randomly determined for each configuration.
These configurations were applied to each stimulus format, resuitO6 grating displays
and 96 line displays.

Figure 18Bshows an exampleial sequence of the delayed estimation ;tHsis
protocolwas identical to that from Experiment 1 of Chapter 3, except the following
changes in the experimental design.

Thestimulus type was manipulatéétweerparticipants. Each participant ran in
either the grating version or the line version of the experiment, receiving all 96 digplays
the same stimulus type. Each display was presented only once, in a randomizdeborder.
each patrticipant, the probed item in each display was determined gs@ddonly, such
that the six items were evenly distributed across participants, ensuring an equal number of
trials (i.e., 100 participants) per item. This pseualadomization progiure was repeated
for all 96 displays to ensure that there was no correlation between any two subjects in
terms of which items were probed across different displays.cbhisterbalancing
approactprevenedany systematic biases thmatght result from repgtions of specific

combinations of conditions across participants.
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Grating Expt. Line Expt.
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Sample array
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Figure 18.Example stimuli and trial sequence for the delayed estimation task used in the
online experiment. (A) 96 grating displays and 96 line displays were generated using the
sameset of random arrangements of orientations. (B) A trial sequence for the two versions
of delayed estimation task, which used gratings and lines, respectively.

Participants were asked to report the orientation oftieelitem from memory by
moving a mous cursoiin a rotational motiono modify the orientation of thiest stimulus
As in all of my previous experiments, the initial orientation of the test stimulus was
randomly determined on each trial, ahds itwas independent of the orientation of the
probed stimulus.

In addition to the 96 prgenerated displays, participants received 10 catch trials, in
which only a single randomly oriented item was presented at a randomized location, for a
total of 106 trials. Participants showing extreme error mades (>2 s.d. from the mean)

in either the catch trials or the experimental trials were replaced with newly recruited
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participants (7.1% in the line experiment, and 11.5% in the grating experiment) to ensure
data quality and to achieve the target numibérals per display and item.

For the main experimental conditions, a total of 57,600 trials were obtained from
600 participants (96 displays x 6 items x 100 trials) for each stimulus type. This large
dataset allowed for reliable estimation of dispdgecific performance (600 trials/display)

as well as itenspecific performance (100 trials/display) for each stimulus type.

Measures of VWM performance

| applied two differenses of summary statistics to the delayed estimation data,
hone in on diffeent aspects of the data.

The mixture model (Zhang & Luck, 2008) is useful for summarizing the overall
performance level of each participant (across all of the displays) in terms of memory
capacity (K) and precision (SD), assdone in my earlier experiemts. This approach will
be usedor comparinghe overall VWM capacity and precision between gratings and lines.

The mixture model approadanalsobeused to estimate the mean number of
stored items in a particular display, by pooling the data fro@O&llparticipants and
considering them as obtained fr@nsingleobserver. However, as | will demonstrate later,
there was anodest degree @fadeoff between the numberf items stored in VWNand
guality ofinformation stored about each itemaking disfay-specific K estimatean
unreliable indicator of how well a displayaybe remembered (s&ehavioralresults.

For this reason, the raw error magnitsidd@l be usedn this studyas a primary measure of
display-specificVWM performance. The mean sqedrerror (MSE) is inversely

proportional to Fisher information, which provides an index of stored information per item.
Since orientation is a circular variable, | will use the circular analog of the root mean

squared error (RMSE), calculatbdsedn theresponse error vectbras follows:

'#ISolEH#S (1)L r e (:—Z g1l !!>!!

The RMSE is an aggregate measure of response error maghatideflects theariability
as well as any bias ihe responses. When the orientation estimagsponses are

unbiased, the RMSE is equivalent to the standard deviation of the responses, and the MSE
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is equivalent to the variance.

In addition to producinglisplayspecific effectsn VWM performance, the visual
systemQs sensitivity to perceptualiging cues in a display might lead to systematic
biases and variability in memory for individual items comprising the perceptual groups. To
examine sucltemspecificeffects, | used two additional summary statistics: The mean and

the SD of responses. Thicular mean of the error vectbiis calculated as follows

(Fisher, 1995):
IS HS (1) 1M (Z L] !z "1 i!)!

Any deviation of the mean from zero would indicate a systematic bias in the reported
orientation relativeo the true orientation.

The circular SD is calculated as follows:

"#1g%0l8 (1)! ! ’! L

where R denotes the mean resultant length, calculated as:

The SD of respnses is similar to the RMSE, but it measures the response variability with
respect to the mean reported orientation, not the true orientation. The measures of SD and
RMSE may not agree if there is a large bias in the resptms@sitem For example, an

itemOs overall response accuracy could be very low (i.e., large RMISE)esponsesre

tightly spread (i.e., low SD) around a wrong stimulus value.

Behavioral results
To assess individual participantsO overall VWM performance across all of the
displays, the mixture model was fitted to each participantOs data, separately for the catch
trials (set size 1) and experimental trials (set size 6). The greenaged capacity and
precision estimates are presente#igure 19. The catckrial results indicate that the
participants included in the final dataset (N = 1,200) performed reliably on the delayed
estimation task, precisely reporting the single itemOs orientation in nearly all of the catch
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trials. The average guess rates were only 0.06 (SEM = 080§)atings, and 0.04 (SEM

= 0.004) for lines. Memory precision for a single item was comparable to that found in the
lab, with the average SD of 12.360 (SEM = 0.22) for a single grating orientation, and SD of
10.610 (SEM = 0.180) for a single line origata Importantly, the online experiment
replicated the pronounced capacity advantage for line stimuli over grating stimuli found in
the lab experiments. At set size 6, participants could remember an average of 2.3 grating
orientations (SEM = 0.07), anddline orientations (SEM = 0.06). The precision of the
stored orientation (SD) was modestly better for gratings (20.300; SEM = 0.570) than for
lines (22.70; SEM = 0.390). Despite the small disadvantage in memory precision, overall
VWM performance for lin@rientation was considerabbetter tharthat for grating

orientation, allowing me to examine the role of perceptual organization as a potential

mechanism of VWM advantage for lines.
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Figure 19.The mixture modetesults inthe online experimentThe mixure model was
fitted to each participantOs déla= 600 for each stimulus typa)sing all of the trials from
each set size condition (i.e., regardless of the displays). The error bars represent +1
betweenrsubject SEM.

When the delayed estimation reapes were pooled across all 600 participants for
each display and each stimulus type, | found substantial variability in RMSE scores across
96 displays, which ranged from 38.20 to 55.30 (mean = 48.70, s.d. = 3.40) for grating
displays, and from 24.00 t0.80 (mean = 33.40, s.d. = 2.90) for line displays. The observed
distribution of display RMSEs is shown on the leftmost columiRigdire 20 (red curve).

To compare the observed variability with the variabihitye would expedrom random

variations in pedrmance for individual items arising from the noise within the data, |
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randomly resampled 96 sets of 600 trials (with replacement) separately for each stimulus
type (57,600 trials), blind to the display labels. The RMSE was calculated for each set of
600 rials, treating them agthey camdrom the same displafter this resampling

procedure was repeated 2,000 times, the expected variability (s.d.) of the 96 RMSE scores
was only 2.10 for grating data, and 1.20 for line data (shown as shadedrigayeir20).

The results indicated that observed magnitudes of variability across displays (3.40 for
gratings, 2.10 for lines) were unlikely to have occurred if all displaysagstened to be

equal and interchangeablas(< 0.001).
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Figure 20.Variability of VWM performance across displays and items. The results from
the grating experiment (top) and the line experiment (bottom) are shown separately. The
leftmost column shows ttaistribution of RMSE values for 96 displays. The middle two
columns show the distributions of the mean and the SD values of 576 items, which are
displayed as a-Bimensional scatter plot on the rightmost column. On each panel, the
distribution of actual WM performance is shown in red, and that based on the randomly
resampled data is shown in gray.

An examination of VWM performance for individual items (96 displays x 6 items =
576 items) revealed substantial biases (i.e., shifts of the mean away fo)ragerell as
varying levels of response variability (SD) across itemsKsgp&re 20, middle two
columns). The same resampling procedure was performed at the level of item, randomly
sampling 576 sets of 100 trials from each stimulus type and calculfatimgean and SD of

each set of 100 trials. Again, the observed variability across items was significantly larger
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than expected by noise alomps & 0.001). The scatter plot on the rightmost column of
Figure 20illustrates the deviations of individual ite@®bserved mean and SD from those
expected based on all of the data.

To test whether these large dispkpecific and itenrspecific effects on VWM
performance are reliable across participants, | performedhgtiitorrelation analyses on
these data. Fagach stimulus type, the participants were randomly split into two sub
groups while ensuring that there were an equal number of participants assigned to each
item (i.e., 50 participants) from each display (i.e., 300 participants) for the two groups.
Pearsortorrelation was calculated between the two halves of the data, which was repeated
for 2000 random splits. As shown on the top two rowsigfire 21, the effects of display
and items on VWM performance were highly reliable across participants, as indigated
significant mean sphhalf correlations across 2000 random splits. The display and item
effects tended to be less reliable for grating stimu#i Q.47 for display RMSES;= 0.30
andr = 0.35 for item means and SDs, respectivelypsk .001) comared to line stimuli
(r = 0.75 for display RMSES;= 0.72 and = 0.60 for item means and SDs, respectively;
all ps < .001) Nevertheless, it is noteworthy that systematic variations in performance were
observed across displays and items for both typssroiili.

If this variability in VWM performance across displays arose from a common
perceptual grouping mechanism operating on the configuration of the display elements,
there should be some correlation between grating and line performance. Indeed,d foun
significant correlation in performance across the two stimulus type6.62 for display
RMSEs;r = 0.33 and = 0.51 for item means and SDs, respectivelypak .001), which
is shown on the bottom row &igure 21 While the RMSE varied greatlgess both
grating and line displays, the pronounced VWM advantage for line stimuli was preserved
across all of the displays (i.e., all display RMSEs lie above the diagonal), with no stimulus

configuration producing worse performance for lines than fdimgs
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Figure 21 Reliability of display and item effects across participants and stimulus types.

The random sphhalf correlations for the grating and line data are shown on the top two
rows. On each panel, the mean Pearson correlation coeffigi@aross 2000 random

splits is indicated in red. The scatter plot shows the results from one representative random
split of the data. The correlations between grating and line performance are shown on the
bottom row. On the bottom left corner, the désfd with the largest discrepancy between

line and grating performance are indicated with circles filled with pink (easy for gratings,
hard for lines; IDs 46, 60, and 80) and light blue (easy for lines, hard for gratings; IDs 21,
26, and 29). These displagtee presented iRigure 24.

This observed relationship between grating and line performance is inconsistent
with the hypothesis that the enhanced VWM capacity for lines might arise from the
perceptual grouping processes that operate specifically ostiimeli. This hypothesis
predicts that RMSEs for line displays should vary substantially while RMSEs for grating
displays should remain relatively stable, at a level comparable to the poorest performance

(i.e., the largest RMSE) obtained with the line @igp. On the contrary, VWM
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performance appears to be similarly sensitive to the configural properties in grating and
line displays.

The displayspecificeffects ofVWM performance can be also characterized in
terms of the number of items storfed each dsplay (K) and their precision (SD), by fitting
the mixture model tall of the data collected faach display. Interestingly, | found
evidence of systematic tradeff between the estimated capacity and precision across
displays. As is evident on theptpanels ofFigure 22, higherK estimates were associated
with large SD estimates (i.e., poorer memory precision for successfully remembered
items) on many of the displays. As a result, some of the displays with a high K estimate
actually showed a largeverall error magnitude (RMSE) (shown as red circles), and some
of the displays with a low K showed a small RMSE (shown as blue circles). Despite this
tradeoff between the capacity and precision, there was a general advantage to storing more
items, as theisplays with higher K estimates tended to show lower RMSES-(gaee
22, bottom panels). This relationship did not hold in a subset of displays, for which the
increased K was not associated with any improvement in the overall performance, as
reflected n the horizontal stripes of simikaplored circles (i.e., RMSEs of similar rank
orders). Such flat performance across displays would be expected if the increased capacity
was achieved by simply averaging the orientations of multiple items on a displdingle
to a direct trad®ff between the number of items averaged together and the accuracy of
these items.

The overall benefit of storing more items in a display is also well demonstrated by
the large difference between grating and line stimuli in tefntisedr K estimates and
RMSE scores. As reported above, average memory precision was subtly dnfipaiirees
(SD = 22.70) compared to gratings (SD = 20.300), but the benefit of increased capacity
greatly outweighed this precision cost, leading to a much smaller overall error for lines. As
shown in the bottom right corner Bigure 22, the RMSE of a diplay is reasonably well
predicted by the number of stored items in the display, across different displays and
stimulus types. In the subsequent modeling analyses, | will assume that enhanced
perceptual grouping would lead to an overall performance lheaefieved by an optimal
balance of the number and precision of stored items. Therefore, the RMSE will be used as

a primary measure of displapecific VWM performance.
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Figure 22 The relationships among different measures of VWM performance for specifi
displays Estimates oftie number (K) and precision (SD) of stored items, and the overall
error magnitude (RMSEjre shown, for each stimulus tyfg@n the top panels, the SD
estimates for specific displays are plotted against the capacity estimatdspinése

mixture model fitted to each display. Data points are exboled based on the rank

ordered display RMSEs within each stimulus type (top right). On the bottom panels, the
RMSE scores for specific displays are plotted against the same K estifetdmttom

right panel shows the data from the grating displays (gray circles) and line displays (black
squares) on the same plot.

Together, these results demonstrate that specific arrangements of oriented elements
led to substantial variability in VWNderformance across randomly generated displays,

and these effects were highly reliable across participants and between stimulus formats.

Reconstruction of remembered displays

Based on the display RMSE scores, | explored whaskihdpatial regularies
might be present in the displays that were remembered most accurately. Moreover, given
that the different stimulus configurations resulted in systematic and reliable biases in the
reported orientations for individual items, | wanted to examine whetluér biases were
shaped by the configural properties of the display. The schematics of the stimulus
configurations that led to highly accurate VWM performance are preseritgglie 23
along witha polarplot histogram of reported orientations for eatgmiin each display.

These displays were selected based on the RMSE scotiee fetrmuli, for which a
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majority of the items were successfully remembered, anthverage guess rate of 26.6%.
Compared to the grating displays, which elicited high ratgsie$sing responses (61.4%
on average), reconstructions of delayed estimation reports for line displays were quite

accurate, so that any systematic biases or patterns could be easily discerned.

Line displays with highest accuracy

Parallelism Radiality
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Figure 23 Reconstruction of remembered displays baseeparted orientationg.he

examples of stimulus configuration that led to the most accurate (top) and most inaccurate
(bottom) VWM performance for line stimuli. The actual stimulus orientation and locations
are represented as black tilted bars. The blueecoverlaid on each stimulus represent the
polar histogram of reported orientation for that item. The ID of each configuration is an
arbitrary number assigned to 96 different configurations. The number next to # indicates
the rank order of each displayterms of overall accuracy (#1 = smallest RMSE; #96 =
largest RMSE).
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As shown inFigure 23, the displays that were remembered most accurately tended
to have highly regular structures, such as parallelism, symmetry, oagkedization and
closure. Moreogr, the reported orientations for individual iteitmshese displays showed
systematic biases in preference for configurations that exaggerated these regularities in the
actual stimuli. For example, the reported orientations for items in display #73 Ancete
biased toward orientations that were parallel to the neighboring items. The oddball items in
displays with a high degree of closuexealed a bias te@port an orientation that
completed a closed circle formed by the rest of the items, leadixtréone errors (i.e.,
reported orientations were orthogonal to the stimulus orientation) on some of the trials.
Despite these iterapecific biases, storing the regular structures from these displays seems
to have been adaptive, as indicated by very lowlalsievel RMSE values, compared to
those from the most irregular displays (bottom row).

While there was generally good agreement between grating and line performance in
term of which displays were easier to remember, some displays revealed highly discrepa
performance across the two stimulus tydé® discrepancy score for each stimulus
configuration was calculated by subtracting trecared RMSE of the line display from
that of the grating display, such that a positive score indicated a relativef ease o
remembering the line version of the configuration, and a negative score indicated a relative
ease of remembering the grating versiéigure 24 shows example configurations that
produced the top three positive scores (left column) and top three nesgaties (right
column). The RMSEs for these six displays relative to all other configurations can be also

seen on the scatter plothigure 21 (bottom left corner).
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Figure 24. Examples of displays showing discrepant VWM performance between line and
grating stimuli.

Visual inspection of the reported orientations for displays on the left column of
Figure 24 (i.e., easy for lines) suggests that the parallel structure in these line displays led

to highly accurate responses, but presentation of the saamgament of oriented
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elements in the grating displays often led to extreme biases, aligned with the angle formed
between the center and the itemOs location (i.e., the radial axis) or an angle tangent to the
radial axis (i.e., aligned with the virtual de§. These extreme errors might reflect a
guessing strategy, which happened to be suboptimal for these particular displays. On the
other hand, the pattern of reported orientations for the displays on the right column (i.e.,
easy for gratings) appear veiyndar between gratings and lines. It is unclear what
properties led to the relative advantage for grating stimuli or disadvantage for line stimuli.
While it would be important to determine what spatial properties might constitute
uniquely strong groupmncues for gratings but not for lines, or vice versa, the broad
correspondence of the display effects between the two stimulus types suggests a prevailing
influence of common perceptual grouping mechanisms on VWM performance for grating
and line stimuli. hus, the present study will focus on the similarities in performance

across the stimulus types rather than their differences.

Modeling the mechanisms of perceptual grouping

In order to determine how much of the variability in VWM performance across
dispgays can be explained by Gestiife organization, | constructed a model that
guantifiedthe sensitivity of human observers to varigpatial properties ithedisplay,
including similarity, cocircularity, proximity, and globally radial or circutaganzation
(seeFigure 25). The central idea of the model is that, in any given display, oriented
elements exhibiting these properties can be perceptually grouped, alfowmngre
efficient representation of their orientations in VWM. Assuming that viisaés can
combine various configural properties detected in a display, the model combines the
strengths of individual properties to quantify the overall pattern strength of a dlig@ay

model is then fitted andsed to predict VWM performaneeross altlisplays.
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Figure 25. Components of the Gestaiftspired model of displagpecific VWM
performance. (A) lllustration of the geometric relationships representing similarity,
cocircularity, and radiality/circularity. Similarity and cocircularity are definetiveen
pairs of items (items 1 and 2; gray bars). Radiality/circularity is defined as a global; higher
order pattern that is built upon a highly specific configuration of all items, which varies
between the two extremes (radial vs. circular pattern$O(Entation sensitivity (left) and
distance sensitivity (right) functions used for calculation of the pairwise similarity and
cocircularity strengths. The stigth of similarity (or cocircularity) is determined jointly by
the angular deviation (!&) of a second item from the orientation parallel to (or cocircular
with) the first item, and the distanad) petween the two items. In the model, the
orientation sengitity parameter (') and the distance sensitivity parameter () are
estimated based on the data. (C) The radiality/circularity strength varies as a function of the
average absolute deviation (!&) of all six items from the radial axis. The sensitivities for
radial and circular patterns are determined kyand ' parameters, respectively. The
peak strength of a radial pattern relative to that of a circular pattern is determined by the
weight parameter, y

Each of these properties reflects a cleadfireed geometric relationship among the
items, which can be directly calculated from the orientations and locations of the items in a
given display. The strength of each property is considered as a continuous variable, which
has a maximum value if the angement of the items coincides with the strongest possible

pattern thatanbe found among them, and gradualgclinesas the stimulus arrangement
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deviates from the perfect pattern. This is characterized by a gedugfing functions

which relate the shulus parameters to thperceivedstrength of each property in a

display. As the perceived pattern strength would depend on both the physical stimulus
parameters and the sensitivity of the organizational processes of the visual system, the
parameters fathe grouping functions will be estimated basaedhe VWM performance
data.

In the modelsimilarity is defined as the degree of parallelism between two
orientations. As illustrated iRigure 25A, one item can be treated as the reference, and the
other temOs orientation can be considered relative to the first item (shown as green lines).
Similarity between a pair of oriented items is strongest when they are oriented parallel to
each other, and decreases with increasing angular difference ((&) betwéga iteens.

The model also considers the spaiaximity between a pair of items, which is inversely
related to Euclidean distanad petween two items. The model assumes that grouping by
similarity depends on proximity (i.e., similarity strength desdims a function of

increasing distance between the items), based on the idea that the parallel structure within a
display might be better detected when these similarly oriented items are nearer to each
other. This assumption is supported by the enviromah@nage statistics literature, which

shows that nearby parallel lines are more likely to arise from the same coherent object than
are distant parallel lines (Brunswick & Kamiya, 1953; Geisler, Perry, Super, Gallogly,

2001).

Cocircularity occurs when twaeriented elements can form a tangent on a common
circle, as indicated by the orange linegigure 25A. Cocircular structure is prevalent in
natural images (Elder & Goldberg 2002; Geisler et al. 2001; Sigman, Cecchi, Gilbert, &
Magnasco, 2001) and psydgtysical evidence suggests its role in contour integration
(Feldman, 1997; Field, Hayes, & Hess, 1993). For a given reference item with orientation
&, a cocircular orientation {&can be defined based on the angular direction ()) of a
second item with gect to the reference orientation, by rotatinmn&he direction of the
second item by 2) (&= & + 2)). At a given distanced), two cocircular orientations are
smooth (i.e., collinear) when the radius of the common circle is large, makiimgearity
as a special case of cocircularity (Parent & Zucker, 1989). Cocircularity is also linked to

local symmetryas any two edges tangent to the same circle are rotated with respect to a
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line connecting the centers of the two edges, by the same angle ()thuhe opposite
signs. As in the calculation of similarity strength, the model assumes that cocircularity
strength between a pair of items is influenced by both the angular deviation ((&) of the
second item from the perfectly cocircular orientation &eddistance between the two
items ¢).

Similarity and cocircularity can be independently calculated for any given pair of
oriented itemgalthough they will converge in some special cases. For example, two
perfectly collinear items are automatically similee., parallel), but not vice versa: If the
second item is displaced in an orthogonal direction without changing its orientation (e.g.,
as the green parallel lineskigure 25A), the path between the two items is no longer as
smooth as when they wera the same horizontal plane. Moreover, even highly
heterogeneous orientations can have a strong cocircular relationship, depending on the
alignment of their orientatiorend position.

The model applies a set of smooth functions to convert the degreéergation
deviation and the distance between two items to strength scorésgsex25B).

Orientation values are wrapped around a circular space, such that the absolute deviation
between two orientations increases as the (& changes from 00 to 900, and then decreases as
(& changes from 900 to 1800. To capthexircular nature of orientatiospace, | adopted

a von Mises distribution (without the normalizing constant) as the orientation sensitivity
functions for similarity and cocircularity strengths, both of which are defined based on (&.

The orientation sensitivity function produces maximsimilarity or cocircularity
valueof 1 when a pair of items are perfectly parallel or cocircular. The strength declines as
the orientation deviation (!&) increases toward 900. Shitape of this orientatietuned
functionis determined by the orientatigensitivity parameter ', which corresponds to the
precision parameter of the von Mises distribution. ' is estimated separately for similarity
and cocircularity, based on the VWM performance data. Likewise, the distance sensitivity

function (a haHGaussiaristributiort without the normalizing constari8ads to

! Previous studies have characterized the relationship between the stimulus separation and

the stregth of grouping by proximity using Gaussian (Elder & Zucker, 1994), exponential

(Kubovy & Wagemans, 1995), and power law (Elder & Goldberg, 2002; Oyama, 1961)

models. In the present study, these different functions produced comparable predictions of
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decreasingroupingstrength as the distanad) petween a pair of items increases. The
steepness of the decline is determined by the distance sensitivity parameter ", which
corresponds to the staamdl deviation of the Gaussian distribution.

Mathematically, the final strength of similarity or cocircularity between a pair of
items is defined as the product of the orientataond distancdased strength scores, which
is calculated foall possible pas of items within each displayThedisplaylevel
similarity and cocircularity strengths are obtained by averaging these pairwise strengths.
The pairwise calculation of similarity and cocircularity is based on the concept of a Olocal
association field{(Field et al., 1993), which refers tioeregion around an image element
in which local oriented elements are grouped together according to a specific set of rules.
These rules, or local grouping functions, are instantiated by the geometric relationships a
functions presented iRigure 25. The structure of the association field edsobe
represented as a twbhmensional map, as shownhigure 26. Spatial properties of the
psychophysically defined association field can be linked to how visual informatio
integrated by neurons in the visual cortex via feedback and lateral connections, giving rise
to receptive field structures representing complex spatial relationships (Hess & Field,
1999). Since any coherent spatial relationships in a display wouldtaimaously activate
the neurons sensitive to these structures, | assumed that all pairwise relationships among
the items could contribute to the perceived pattern strength of the display, thereby

influencing how accurately the displagnbe remembered.

VWM performance, with the halGaussian distribution providing a modestly better overall
fit.
2 A display containing six items results in a total of 15 pairwise relationships. Unlike
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Figure 26.A graphical representation of local similarity and cocircularity mpsh map

was createthased on the befitting parameters obtained for the linenstili (* sim = 1.87,

"sim = 3.80; "cocire = 4.70, "cocire = 3.30). The white horizontal bar at the center represents a
reference item. The bowtghaped elements in the surround represent the strength of
grouping by similarity or cocircularity at the corresiding item locations, which is

modulated by the orientation deviation of the second item, as well as its distance from the
reference item. The perfectly similar (i.e., parallel) or cocircular orientation for the second
item is indicated by #hin yellow line. Theprogressivaveakening of similarity or

cocircularity as a function of orientation deviation and distance is indicated by the
transition from yellow to red to black.

The last component of the modelasliality/circularity. Unlike the first two
parameterized grouping mechanisms, which are based on local relationships among pairs
of items, radiality/circularity considers the configuratioratbitemsin a display
simultaneously. A radial orientation can be defined at any position in a dislatyer¢o
the central fixation point, and is specified by the angular position of an item arranged on
the virtual circle. When all items in a display are radially oriented, they comprise a globally
radial pattern (shown as cyan spokebBigure 25C). In contrast, wherall items are
orthogonal to the radial axis (i.e., tangent to the virtual circle), they comprise a globally
circular pattern (shown as a magenta circle). As the items deviate from the radial axis,
radiality decreases and circularity increadésis, radiality and circularity are two

opposing patterns.
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The model assumes that any arrangement of randomly oriented items with their
centers positioned on a virtual circle lies on a continuum of radiality and circularity, with
the strongest patternsaurring at the two extremes and the weakest patterns occurring at
intermediate levels afdiality/circularity. This is because a display with an even mix of
radial and tangential orientations would betexpected telicit a strong sense of pattern
coheence. The function specifying this relationship is depictddgare 25C, which is
characterized as a mixture of two von Mises functions centered at zero (i.e., radial
orientation) and 900 (i.e., tangential orientation) with different concentration parameters
(' ras@nd 'circ). The weight parameter.yydetermines the peak stigth of a radial pattern
relative to that of a circular pattern. The input for this function is the average of the
absolute deviations (!&) of all six items from the radial axis, such that the mean absolute
deviations of 00 and 900 indicate the strongellity and circularity; respectively, and
the mean deviations around 450 (e.g., three 0Us and three 900s) indicates the weakest pattern
strength.

Radiality/circularity also partly overlaps with the other two components, but it
requires very specificanbinations of local similarity or circularities. For instance, a
globally circular pattern consists entirely of cocircular itemsoAaglobally radial pattern
can arise from a set of collinear item pairs, each forming a spoke of the radial axis. On the
other hand, the strength of global radiality/circularity is generally opposed to that of
similarity, as the various stimulus locations along the virtual circle dictate that the
corresponding radial/circular orientations be highly heterogeneous. Separatigiing
these global properties implies that VWM might receive an extra advantage from such a
higherorder configuration, beyond the sum of benefits from local properties.

Across the three components of the model, there were seven free parameters to
detemine the shape of the grouping functions. These include two sets of orientation and
distance sensitivity parameters, for similarity strength("sim)) and cocircularity strength

(" cocire " cocirg), tWO oOrientation sensitivity parameters for radiadityd circularity strengths

%t is extremely rare to obtain these perfect radial or circular patterns just by coincidence.

In fact, the averaged absolute @ddins from the radial axis for the 96 randomly sampled
displays in the present study ranged between 20.00 and 76.60 (mean = 45.30; s.d. = 11.10).
Thus, highly radiality or circular patterns occurred only on a small subset of the displays.
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(' rasr ' circ), @and therelativeweight between radiality and circularity strengthggwThe
overall pattern strengtlof a display was calculated by a weighted sum of the outcomes of
the three components. The weights amonghheetcomponents were specified by two
additional free parametens; andw,: Similarity =ws; cocircularity =(1 Bw;)!! w,, and
radiality/circularity =1 B (1 Bwi)!! w,. Thus, a total of nine parameters were estimated
based on the data.

A set of parametr values that maximized (negative) correlation between the
displayOs pattern strength and RMSE score were searched, using the genetic algorithms
(GA) in MATLABOs Global Optimization Toolbox. The model was fitted separately to the

grating and line data.

Modeling results

The model combining the similarity, cocircularity, and radiality/circularity
strengths could reliably predict VWM performance for specific displays to a considerable
degree, for both grating and line stimuli. Each component of the medeiownd to be a
significant predictor of VWM performance.

The estimated grouping functions for individual components are presented in
Figure 27A (left two columns)Overall, the results revealed very similar parameter
estimates for gratings and lindar more similar than | had initially anticipateféor the
similarity component, the betting orientation sensitivity (sim) and distance sensitivity
(" sim) parameters were highly consistastosghe two stimulus types, as indicated by the
overlapping curves for grating (gray) and line (black) stimuli. The display EM&owed
a significant correlation with the display similarity scores calculated by these functions
(right two columns). The correlation was stronger for the line disptay$9.6412; p <
.001) compared to the grating displays £0.4491; p < .001), hich could be in part due

to thegreater frequency of guessing responses that occurred for the grating displays
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Figure 27.The results of the Gestaftspired model. (A) The similarity, cocircularity, and
radiality/circularity grouping functions (leftvo columns), based on the béging
parameters for the grating (gray) and line (black) data. These parameters were fitted
simultaneously to the data from each stimulus type. The shaded region in the distance
sensitivity function (second column) fonslarity and cocircularity indicates the range of
possible distance between items in the current stimulus set. The correlation between the
strength of each display property and the display RMSE score is shown on the right two
columns, separately for theaging and line data. (B) The modelOs prediction of display
RSMEs based on the combined strength of display similarity, cocircularity, and
radiality/circularity.
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For thecocircularity component, orientation sensitivity was somewhat sharper (i.e.,
a higher ‘.ocirc) for the line displays than for the grating dispfayehile the cocircularity
strength for the grating displays tended to decline more sharply with increasing distance
between the items (i.e., a smallggir) compared to that for the line diggk. Although
the significance of these differences is not yet clear, these results suggest that the visual
system might be more sensitive to the cocircular structure defined by line items and
capmbleof detecing cocircular relationshipbetween relativgl moredistant items. Again,
the correlation between the display collinearity and RMSE was highly significant for both
grating ¢ =80.3686,p <.001) and line data € £0.4705,p < .001), with a stronger
relationship observed for the line dakagure 27A; middle row, right two columns).

Theradiality/circularity component revealed a pronounced sensitivity for globally
radial patterns, and a much weaker sensitivity for globally circular patterns, for both
stimulus types. This can be appreciated by comg@dhe heights of the two von Mises
functions representindgpé radiality (centered at 00) and circularity components (centered at
900).(However, it should be noted that circular displays also lead to high cocircularity, so a
component of this variance will be accounted for based on this grouping measure as well.)
The asymmetry between the sensitivities to radiality and circularity was greater for the
grating displays than for line displays, as demonstrated by the sharp peak of the pattern
strength around 00 and the nearly flat modulation aroundrR@8@iality seemso play a
particularly important role in VWM for gratings, as this component accounted for the
largest variability across grating displays among the three components. Moreover,
radiality/circularity was the only component that provided a better predutithe
RMSEs for the grating displays £ £0.4875,p < .001) than it did for the line displays<
£0.4510,p< .001).

For the overall pattern strength, similarity, cocircularity, and radiality/circularity

* The orientabn sensitivity function for cocircularity might appear as if the overall
cocircularity strength is greater for gratings than for lines. However, the range of the
absolute function values is not so relevant aselagive function values and th&hapeof

the gradient, in terms of the modelOs ability to predict the variable RMSE scores across
display. This is because a uniform elevation of the absolute function values across different
orientation deviations would simply add a constant to the pattern $triemgdl displays,

without accounting for any additional variability in RMSE across displays.
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strengths were combined with weigbf€.14, 018, and 0.68 for grating displays, and
0.42, 0.17, and 0.41 for line displays. As showRigure 27B, the prediction of display
RMSE was considerably improved by combining these three compoRent(7108 for
grating;R = £0.8087 for line). Rvaluesindicated that the model could account for 50.5%
of the variance in RMSESs across grating displays, and 65.4% of the variance in RMSE
across line displays.

To provide a better indication of the shared perceptual organization mechanisms
underlying VWM for gating and line displays, | examined how well the modelOs
prediction of displayspecific VWM performance generalized across stimulus types. | also
sought teexaminehow the stimulus fornat influencesthe modulationof VWM
performance by pattern strengths shown irFigure 28, the same pattern strengths (z
scored for comparison across stimulus types) in terms of similarity, cocircularity, and
radiality/circularity of display elements, could reliably predict the VWM performance for
specific configurations dfoth grating (gray circles) and line (black circles) stimuli, even
when the model was fitted to one stimulus type and tested on the other. VWM performance
for both stimulus types exhibited similar patterns of modulation by the combined display
pattern stength Figure 28, bottom row), with the RMSEs for grating displays showing a
nearly additive increase relative to those for line displays, across all levels of pattern

strength.
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Figure 28.Generalization of the modelOs prediction across stimulus typesod panel,

VWM performance for grating displays (gray circles) and line displays (black circles) in
terms of RMSE is plotted against the@ored pattern strengths of the displays, along with
the besfitting regression line for each stimulus type (t€h)e pattern strengths on the left
and right columns are based on the models fitted to the grating and line data, respectively.
The generalization of prediction based on the strengths of individual components fitted
together is shown on the top three roiWlse generalization based on the combined model

is shown on the bottom row.
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| conducted a series of simulation analyses to characterize the observed relationship
between pattern strength and VWM performance for grating and line displays. Delayed
estimaton responses for line displays were generated using a set of mixture model
parameters that produced the observed range of performance variability in terms of RMSE
scores (seBigure 29A, black solid line with squares). | assumed that VWM capacity (K)
for line displays linearly increases from 3 to 6 items (i.gemEyincreases from 0.50 to
1.00 with set size 6) as the display pattern strength increases, with a modestf trade
memory precision (SD), which linearly increases from 17.10 to 24.90. Batdezke
parameters, error data were generated for 10 levels of display pattern strength, 600 trials
each. The RMSE was calculatied these error data. This was repeated for 50 times at each
level of pattern strength, resulting in 50 display RMSE scoreaddt level of pattern
strength. On the rightmost columnkifjure 29A, the mean RMSE score across 50
stimulated error distributions is shown as a function of display pattern st(éfaytk
squares)

Next, | generated error data for grating displaysrassy three different scenarios
regarding the relationship between grating and line performance. The first scenario
assumes that VWM performance for grating displays is not modulated by display pattern
strength, such that both K and SD remain constantZk5, SD = 210) across all displays
(Figure 29A, gray dashed line with triangles). The second scenario assumegdhafi®
reduced by 50% for grating displays relative to that for line displays, resulting in halved
memory capacity for grating displagsross all levels of pattern strength (K = 1.5~3.0
items;Figure 29A, gray solid line with circles). For simplicity, memory precision for
grating displays is assumed to be identical to that for line displays, showing the same
decline as a function of inaeing pattern strength. The last scenario assumes.ifiat,P
is reduced by a constant amouB.@75) for grating displays relative to that for line
displays, resulting in a reduction of memory capacity by 2.25 items across all displays (K =
0.75~3.75 ikms;Figure 29A, gray solid line with xOs). As can be seen on the rightmost
panel inFigure 29A, this last scenario leads to a sharper modulation of VWM performance
by display pattern strength in terms of RMSE scores (i.e., the overall amount of stored
information), compared to the first two scenarios. The actual modulation of VWM

performance by display pattern strength (showigure 28, bottom panels) appears more
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consistent with the second scenario, which assumes a proportional reduction of memory

capaity for grating displays relative to line displays.
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Figure 29.Simulatiors of the effects of display pattern strength on VWM performance for
gratings and lines. (A) The left two panels show memory capacity (K) and precision (SD)
parameters used to geate delayed estimation responses (600 trials per display) for

grating and line displays, as a function of display pattern strength. The rightmost panel
shows the mean display RMSE score across 50 simulated response distributions (600 trials
per display)as a function of display pattern strength. The error bars represent £1 SD of
RMSE scores across 50 simulations at each level of display pattern strength. (B) The
relationship between RMSE scores for simulated grating and line data, assuming three
differentscenarios regarding the impact of stimulus format on the sensitivity to perceptual
grouping cues.

Figure 29B shows the relationship between RSMibres for the simulated grating

and line data, based on each of these three scenarios. The relationship observed in the
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actual data (see the bottom left corneFigfure 21) appears quite consistent with the
second scenarid-{gure 29B, middle panel), suggsting that VWM is sensitive to the
perceptual grouping cues in both grating and line displagis,the exception that the
probability of successful memory maintenance is much lower for grating displays. The
empirical and modeling results found here, al as the simulation results, reveal an
important yet noantuitive finding, namely that common mechanisms of perceptual
grouping can operate on both line and grating stimuli, yet the impact of grouping on
effective memory capacity can still vastly difeeross the two stimulus types.

How is this possible? Consider the results from Chaptenghich estimates of the
probability of grouping were far greater for lines (0.63 to 0.71) than for gratr3 to
0.31), leading to a substantial differenceffective capacity ahe largest set size
Although estimated parameters for each grouping mechanism are very similar for lines and
gratings, leading to similar orientation and distance tuning functib@sbsolute
magnitudan whichthese grouping ieractionsscale to the effective capacigy/clearly

much weaker for gratings than for lines. In this context, the absolute probability of
grouping, or effective respongain of these grouping mechanisms, can differ across
gratings and lines while the gf&of their tuning functions remain invariant to changes in
stimulus form. Such invariance of tuning is well documented in the vision literature, such
as the stability of orientation tuning across changes in stimulus coltlifstespect to

this study the current findings suggestat perceptual grouping mechanisms may operate
with quite stable or invariant tuning properties acsisaulus formsthough this remains a

guestion that should be studied in greater detail in future work.

Discussion
In thepresent study, | examined the role of perceptual organizatibe iefficient
storage of orientation information VAWM. By obtaining a large data set measuring
delayed estimation performance for 96 random arrangements of oriented gratings and lines,
| found that specific stimulus configuration had a major impact on how accurately a given
display could be remembered, for both stimulus types. The magnitude of estimation errors
varied substantially across displays, in a manner that was highly reliable acros

participants, as well as across the two stimulus types. In order to determine how much of

95



this VWM performance variability can be explained by the variability in perceptual
organization across displays, | constructed a model of displegific VWM perfemance,
informed by weHknown Gestalt grouping principles. By quantifying the strengths of
similarity, cocircularity, and radiality/circularity structurémat the observemsight extract
from each stimulus configuration, the model could successfullyigirétVM performance

for specific displays, accounting for 50.5% and 65.4% of the variance in error magnitude
for grating and line displays, respectively.

VWM performance for both stimulus types showed largely comparable sensitivities
to each of the groupg cues included in the model. While the model could more reliably
predict the VWM performance for line stimuli than that for grating stimuli, both stimulus
types were similar in terms of the magnitude of modulation by the display pattern strength.
Simulaton analyses indicated that the observed relationship between VWM performance
for grating and line displays, as well as their modulation by display pattern strength, could
be reasonably well characterized by the joint influences of perceptual grouping and
stimulus form on the number of items encoded in a particular display.

These results suggest that perceptual organization plays an important role for VWM
for bothgrating and line orientation, and the enhanced capacity for storing line orientations
cannotbe attributed to a more effective operation of perceptual organization processes on
the line stimuli. It appears that the visual system can extract regular spatial structures
present in both grating and line stimuli, providing higbeter perceptual unithat can be
stored in VWM efficiently.These perceptual units seem to be utilized by VWM with
different levels of efficiency depending on wtemulus format, such that the storage
efficiency for line stimuli is enhanced over that for grating stimuli byralar proportion
(i.e., a twofold increase in the number of stored orientations) aaifdesels of perceptual
organization.

The finding that perceptual grouping cues, such as parallelism and collinearity,
benefit VWM performance not just for lineientation, but also for grating orientation is
not surprising given the prevalent use of both stimulus formats in research on the role of
thegood continuatiomprinciple for contour integration. In a classic study, Field and
colleagues (1993) tested thesebverOs ability to detect the presence of an elongated path,

formed from oriented Gabor patches embedded in an array of randomly oriented distractor
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elements. They found that observers could easily detect the contours where the orientations
of the Gaborsvere aligned smoothly along the path, but not the contours where the
orientations were randomly varied, demonstrating the effective grouping of Gabor
elements by the principle of good continuation (see also Ledgeway, Hess, & Geisler, 2005;
Machilsen, Pauws, & Wagemans, 2009). Other studies have instead employed oriented
line segments for the contour detection task (Geisler et al., 2001; Tversky, Geisler, &
Perry, 2004), or both line and Gabor stimuli across different species (Kourtzi, Tolias,
Altmann, Augth, & Logothetis, 2003). Oriented lines seem to be the preferred choice for
studying the neural mechanisms of contour grouping (e.g., Kapadia, Ito, Gilbert, &
Westheimer, 1995; Wannig, Stanisor, & Roelfsema, 2011). Thus, both stimulus formats
seem to besed interchangeably to tap into the fundamental perceptual processes of the
visual system. However, it would be of interest for future studies to explore how these two
stimulus formats might differ in terms of sensitivity to various grouping cues, ingludin
higherorder properties, such as mirror symmetry or more complex shapes.

In the Gestalinspired model of VWM performance, | integrated proximity with
each of the similarity and cocircularity components rather than modeling it as a separate
component, sch that any performance benefits arising from two nearby items would
depend on the specific alignment of their orientations. In other words, two similar or
cocircular orientations would be perceived as a coherent unit when they are close together,
but asindependent units when they are distant. Integration of proximity with similarity or
cocircularity may be adaptive given the ecological statistics of proximity cues in natural
scenes (Brunswick & Kamiya, 1953; Geisler et al., 2001), in which local fea¢une$o
be correlated, but less so at larger distance separations.

The modeling results confirmed that the benefits of similarity and cocircularity on
VWM performance interacted with proximity, as indicated by the sharp decline of
similarity and cocirculaty strengths (sim = 3.633.800; ¢ocirc = 2.64-3.300) across the
possible range of distance between itedys 2.628.00 !). When the distance sensitivity
function was removed from both similarity and cocircularity components, the modelOs
overall predition (R) of displayspecific VWM performance dropped from 50.5% to
40.2% for gratings, and from 65.4% to 52.5% for lines, providing further support for this

conclusion.
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The present finding is also consistent with previous reported effects of proximity
ard similarity in VWM for orientation and color. In Orhan and JacobsO (2013) study,
memory representations of orientations for two Gabor items showed a strong positive
correlation when the actual stimulus orientations were similar, indicative of similarity
based grouping, but this dependency between stored representations gradually decreased as
the distance between the two stimuli increased. In a color change detection task, a
significant benefit of color repetition on the sample array was found only whémndhe
samecolored items were next to each other (Peterson & Berryhill, 2013), providing
converging evidence that similaribased grouping is constrained by spatial proximity.

In the present model, similarity and cocircularity were defined by local grgupi
functions, in which the displalgvel strength was essentiallsammedtrength of all
pairwise relationships. On the other hand, radiality/circularity was defined by a global
grouping function, in which the displdgvel strength was determined by ttanfiguration
of the entire display, which could not be fully captured by simply summing across the
strengths of individual items or pairs of items. The radiality/circularity component was
initially motivated by the observation that items whose orientatwere aligned with the
radial axis of the display or tangential to the virtual circle tended to be reported more
accurately than the rest of the items. This radial/tangential benefit was characterized by a
heightened frequency of responses centeredesglttcation-dependent orientation values,
which occurred largely independently of the tanentationof the probed item. Such
biases have been previously observed in delayed estimation tasks using a circular stimulus
layout (e.g., Park, Rademaker, & TotVSS 2014), but only under high memory load that
exceeded the typical estimates of working memory capacity. In the current study, the
radial/tangential bias was more pronounced in the response distribution for grating stimuli
than that for line stimuliwhich raises the possibility that the observed effects of
radiality/circularity on the display performance may at least in part reflect a guessing
strategy based on the location of the probed item.

Given that individual items with radial or tangentialemtiations can benefit from
such response biases, one might expect to find an additive effect ¢éweim
radiality/circularity strengths on the overall accuracy of a display. However, | found little

correlation between the sum of individual itemsO id@icularity scores and the display
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RMSEs, which is hard to reconcile with the strong effects of individual itemsO
radiality/circularity scores on their accuracy. A substantial modulation of the display
RMSE by radiality/circularity could be revealedyafter applying a constraint that items
on a display should be eithalt radial or all circular to achieve a high displagvel score.
One way to reconcile the inconsistent effects of itemel and displayfevel radiality is to
assume that VWM benefiteom a globally radial or circular pattern, which leads to
reduced random guessing in relatively few displays, and that the incoherent configurations
produced by a random mix of radial and tangential items, which are more common, leads
to increased guess] in those displays. The cost of such poor configurations might
effectively cancel out the benefit of radial/tangential guessing strategy occurring in these
displays, resulting in performance indistinguishable from the displays with intermediate
orientatons. Thus, the observed benefit for individual radial/tangential items might be in
part due to the configural benefit in remembering these items, in addition to the pure
guessing strategy.

The present study focused on demonstrating and explaining thbilgrin VWM
performance acrostisplaysrather than the variability across individigimswithin a
display, both of which were highly systematic and reliable. The primary reason was that
displaylevel performance was a more reliable indicator of hffiwiently a given display
could be remembered on average, regardless of potential biases in memory resource
allocation across the items. On the other hand -igamel performance could fluctuate
within a display due to a prioritized encoding of certaemis into VWM, reflecting a
tradeoff among items, which does not necessarily indicate an increased availability of
memory resources due to grouping. However the-learel similarity and cocircularity
scores, obtained by averaging across five pairwiséare$hnips per item, were generally
correlated with the individual itemOs accuracy, suggesting that the local perceptual
grouping also benefited memory for individual items. It remains to be determined whether
these benefits reflect increased perceptualigian for these items (i.e., information that
can be stored per unit VWM resource or attention) or prioritized allocation of limited
VWM resources (or attention) to items with salient grouping cues. It is also important to
determine whether different gnoug cues, such as similarity and cocircularity, might be

optimally combined or compete within a display, by examining the systematical biases in
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the reported orientations, as these grouping cues would induce different types of biases
(e.g., attraction toard nearby similar items to make them more parallel vs. repulsion in the
opposite direction to make them more cocircular).

The strong effects of perceptual organization on VWM performance for both
grating and line displays suggest that VWM advantagerferstimuli cannot be explained
by more effective perceptual grouping for these stimuli. Rapieeceptual organization
critically modulates the storage efficiency for both stimulus formats, limghstimuli
receivingrelative benefits in efficiency overating stimuliacrossall levels of perceptual
organization One possibilityfor this joint influence of perceptual organization and
stimulus form on VWM performands that attention could more readily spread among the
perceptual groups formed by lindg&n those formed by gratings. The spread of attention
might be interrupted by the round boundary perceived in each grating, making it difficult to
simultaneoushattendmultiple perceptual group®r a higheforder groupformed by
grating stimuli

The pesent findings have important implications for understanding the architecture
of VWM, as well as the nature of perceptual grouping among oriented elements. Perceptual
grouping is important not just for correctly delineating the units of perceptual expeEsie
into parts, objects, and surfaces, but also for understanding how an arbitrary configuration
of oriented elements is actively held in mind and how such information can represented

more efficiently in the mental workspace.
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Chapter !

General Discussion

Summary of findings

In this dissertation, | explored the role of stimulus form in determining how much
orientation information can be encoded in VWM. | presented a series of behavioral
findings demonstrating a substantial increase in the capacity of VWM forgstme
orientation compared to grating orientation, mediated by visual grouping of multiple line
orientations. | proposed two novel modeling methods, which formally characterized the
visual grouping mechanisms that allow for a highly efficient stor&dgei@ntation
information in VWM.

In Chapter 2, | used a delayed estimation paradigm and the mixture model approach
to estimate the number of orientations stored in VWM and their representational precision.
| found that memory precision was comparablegi@ting and line orientation, but that
estimated capacity was about twice as large for lines as compared to gratings. The capacity
advantage for lines was severely disrupted by sequential presentation of the stimuli, while
the capacity for gratings was ufected by sequential presentation, suggesting that visual
grouping of simultaneously presented items is crucial for the capacity advantage for lines.
Performance at a change detection task also benefitted from presenting an entire array of
lines at testrather than just a single test item, implying a benefit of relational coding.

In Chapter 3, | examined how visual grouping can lead to a greater proportional
increase in the effective capacity of VWM when there are more items to be remembered in
the memoy array. | found that increasing the number of items in the memory array
produced a much shallower decline in VWM performance for line arrays than for grating
arrays, such that the total amount of stored information for line arrays, considering both the
number and precision of stored orientations, continually increased with increasing set size.
This difference between gratings and lines, in terms of their sensitivity to the increased
memory load, could not be readily explained by the existing dissket&emodel, in which
the amount of available memory resources is set at a constant value across set sizes, as well
as across stimulus formats. However, by incorporating a probabilistic grouping process

into the discreteslots model to allow multiple items t@ltompressed into a coherent
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memory unit, | could successfully account for the observed changes in information
capacity across set sizes and across stimulus types while keeping the number of working
memory slots constant within an individual.

In Chapted, | investigated the role of perceptual organization mechanisms in
improving the efficiency of VWM for storing orientation information. | found substantial
variability in the magnitude of delayed estimation errors across randomly generated arrays
of orierted elements, which was highly consistent across participants and across stimulus
types. To account for this displapecific effect on VWM performance, | developed a
Gestaltinspired model with multiple perceptual grouping mechanisms to detect the
presene of different types of structure in these displays. This involved specifying
mechanisms to encode local similarity and cocircularity relationships between pairs of
items, as well as the global radiality/circularity pattern across the displays. This model
could account for 50.5% of the variance in VWM performance across grating displays, and
65.4% of the performance variance across line displays. These results demonstrated that
the observers can exploit perceptual grouping cues even from the arbitrageareans of

orientations, allowing for a highly efficient storage of orientation information in VWM.

The relationship between visual grouping and summary statistics

Studies of visual perception have shown that observers can quickly and accurately
compue statistical information about multiple objects in a scene, such as the average
orientation (Alvarez & Oliva, 2009; Parkes, Lund, Angelucci, Solomon, & Morgan, 2001),
location (Alvarez & Oliva, 2008), and size (Ariely, 2001; Chong & Treisman, 2003) of
multiple elements in a briefly presented display. Of potential relevance, a recent study
found that the orientations conveyed by line stimuli can be more efficiently averaged than
grating orientations (Choo, Levinthal, & Franconeri, 2012). One might wohd&vyMm
capacity advantage for line orientation is due to the fact that such summary information is
more readily accessible from line stimuli than from grating stimuli.

However, the ability to hold multiple pieces of information in VWM and the ability
to exract summary statistics from a display represent two distinct cognitive abilities. A
typical VWM task requires thiadividuationof each object in the display, by retaining

precise information about the feature and spatial location of each object, whereas
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averaging task requiredbstraction discarding information about individual items so that
attentional and working memory resources can be freed up to focus on encoding and
maintaining a more accurate representation of ensemble statistics (e.q1séej@o08;
Halberda, Sires, & Feigenson, 2006). | argue that the representation of the mean feature
value, apart from the individual features, can only be useful as a secondary buffer in a
delayed estimation task, as it may allow the observer to makdécamed guess about the
probed item when that item is not individually represented in working memory. If
information can be redundantly coded at multiple levels of abstraction (Brady & Alvarez,
2011), as an item and as an ensemble, then it would alwagapave to use all of the
independent sources of information to improve the overall accuracy of estimation across
trials.

Although the summary statistics can be useful if the feature values in a display tend
to be highly correlated, allowing VWM to takelvantage of the learned statistical
regularities (e.g., Brady, Konkle, & Alvarez, 2009), such summary information is far too
coarse to meaningfully enhance performance in a delayed estimation task with many
randomly generated stimuli. A reliance on theamé&ature value can lead to an accurate
response if, by chance, most items in the sample array have highly similar feature values,
which would serve to reduce the frequency of extreme errors (i.e., random responses).
However, such benefits would occur@wnly small proportion of trials in our task, since
the feature values of each of the six items were highly variable and independently
generated. As the set size increases, the information shared between each item and the
mean becomes smaller, reducing benefit of this additional source of information.
Therefore, this global summary representation is unlikely to produce the pronounced
increase in VWM capacity for line orientation.

While the global mean and variance statistics could not have playedrarat@in
enhancing performance for line stimuli over grating stimuli in general, the gist
representation can account for the whkanleay probe benefit in change detection for lines
compared to the singieem probe condition (Chapter 2, Experiment 4pvibus studies
have suggested that observers are better at detecting changes that alter the global statistics
of the display, such as the mean or variability of colors (Brady & Tenenbaum, 2013; see

also Brady & Alvarez, 2015b). According to Brady andeajues, such summary
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information can boost change detection performance even in the absence of information
about the feature values of individual items, and can thendlaye the estimated capacity

of working memory. In my change detection tasks, themfess might have noticed a
change in the mean line orientation across displays or an increase/decrease in the
variability of the orientations contained in the whakeay probe, even though they may

not have been aware of exactly which item had undergamange. Such gist information
would increase the probability of correct OhitO responses for theamtaylgrobe, but
cannot account for the differences between line and grating performance in thétsimgle
probe condition for which iterspecific infomation is required.

This summary statistics account is different from my visual grouping account,
according to which grouped line items held in VWM are disrupted due to the presentation
of a singleitem probe. The visual grouping account suggests thathbée-array probe
provides a more accurate estimate of the number of line items initially encoded in VWM,
whereas the singltem probeunderestimatethis capacity. Phenomenally, the location of
the changed line item on the whalgay probe would pop umvithout having to rely on
gist to make a guess. It remains an open question which of these two accounts correctly
characterizes the level of awareness of individual items on the sahale change
detection. One way to test these accounts would be tparenthe performance between
change detection and change localization for line stimuli, with the varcdg probe.

While the wholearray probe benefit in change detection for line stimuli can be explained
either by the summary representation or by theged iterarepresentation, the latter
seems to provide a more parsimonious account of both the large capacity advantage for line

stimuli and the sensitivity to the probe stimulus in change detection for lines.

The relationship between visual grouping and msemble representations

Ensemble representation is used in the literature as an umbrella term to refer to a
variety of concise visual representations, from the simple statistical summary of a scene
(e.g., the mean stimulus location in Alvarez & OlivaQ@pto a higheorder spatial layout
provided by the clustering of similar features into distinct regions or texturesctilsd
spatialensembles (Alvarez & Oliva, 2009; Brady & Alvarez, 2015a; Brady & Tenenbaum,

2013). The latter type of ensemble eg@ntation is less giike and more configural in
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nature, essentially determined by similarity and proximity grouping principles. For
example, a display can be summarized as two distinct regions of warm and cold colors
(Brady & Tenenbaum, 2013) or twastinct textures of Chinese characters and 3D cubes
(Brady & Alvarez, 2015b). Compared to the global mean or the variance statistics, spatial
ensemble representations are believed to preserve more specific featural and spatial
information, thereby providinghore useful information for correct estimation of individual
items. Thus, there is a good deal of conceptual overlap between the spatial ensemble
representation proposed by Brady and colleagues and the perceptual groups defined by
similarity and proximity(Chapter 4).

However, such similaritpased ensemble representations cannot fully capture the
rich spatial structure present in arrays of oriented elements, comprised ofdridger
configural information, which can be detected by perceptual groupinigamisens
sensitive to cocircularity, radiality, and symmetry. While grouping baseexture
requires high feature similarity or parallelism, grouping basetbatour(i.e., by a smooth
variation of feature values along a pathybapeprovides a means Efficiently represent
elements that are not necessarily similar to one another. For example, even a heterogeneous
set of orientations can be represented by a highly efficient code if all elements lie tangent
to a common circle or are aligned with theiahdxis of the array. In my Gestaftspired
model of VWM performance for orientation, these configural properties are processed by
grouping mechanisms sensitive to the precise geometric relationships among the items, and
VWMOs sensitivity to each propeis revealed concretely in the form of local orientation
tuned grouping functions. Thus, the present work goes well beyond previous work on
ensemble representation that relies on the global mean or local feature similarities, and
provides concrete evidea¢hat VWM can exploit even richer configural properties in the

display.

Implications for current models of VWM capacity
Recent research in VWM has been driven by two broad categories of research
guestions. One domain concerns characterizing the capagtgtions of VWM and
understanding why such limitations arise, especially through the development and testing

of different working memory models. Another major domain of inquiry concerns
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understanding what information is represented in VWM and hovoigsnized. Even
though these two areas are potentially relevant to one another, they have been studied
separately for the most part. The critical difference between the two approaches lies in
what constitutes a representational unit in VWM.

Most theorief VWM share the fundamental assumption that individual visual
objects, or items, are represented by independent memory units. A ditotet@odel of
VWM proposes that VWM can hold no more than 3 or 4 discrete objects at a time (Luck &
Vogel, 2013, foreview), while the continuousesource view proposes that there is no
upper limit on the number of objects that can be held, but that the distribution of finite
memory resources across all of the objects in the memory array leads to a reduced quality
of sored representations (Ma, Husain, & Bays, 2014, for review). In yet another account of
VWM, the capacity of VWM is specified by both the visual information load of each
object and by the number of objects, such that the working memory capacity tends to be
greater for simple objects and tends to be reduced for more complex objects (Alvarez &
Cavanagh, 2004). A common theme across all of these theories of VWM is the assumption
that individual objects are stored as independent memory units, which allows for a
guantification of the amount of stored information in terms of the number and/or precision
of memory for each stored item.

The present work challenges the fundamental assumption ebased memory
units, and suggests that a variable number of item$ocana coherent memory unit
depending on the strength of visual grouping. The modeling work | presented in Chapter 3
(the slotsplus-averaging model with groupinglemonstrates that the large difference in
the VWM capacity estimates between grating and $timuli can be explained by more
efficient compression of the line displays into fewer memory units, leading to an apparent
lack of a fixed iterdimit for line stimuli. Moreover, probabilistic visual grouping between
pairs of items can account for theatively shallow decline in VWM performance for line
stimuli as a function of increasing set size, which the existing dissletgeemodel fails to
capture. By incorporating probabilistic grouping, the new disaietts model allowed for
some fluctuatios in memory precision across trials due to stochastic variability in the
effective memory load (i.e., number of groups), and hence, a variable number of slots

assigned to each group. Triattrial variability in memory precision and the lack of fixed
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item-limits are two key aspects of VWM performance that are readily captured by
assuming a continuous and variable resource, as was proposed in the variable precision
(VP) model (van den Berg et al., 2012). The present modeling work suggests that such
aspectof VWM performance can be also explained by the variability in the allocation of
discrete slots to perceptual groups that are detected in individual displays. The model |
have developed provides a compelling account for why the precision of working memory
performance will vary across trials and especially across displays, in a manner that is not
addressed by variable precision model that assumes a stochastic distribution of memory
resources across items and trials.

Other researchers have emphasized goaypid an iterbased approach of
studying capacity limits, and focusing on the encoding of highgr information in
VWM, to examine how structured representations influence VWM performance (Brady,
Konkle, & Alvarez, 2011, for review). These studies hemetributed to uncovering
various contextual effects in VWM performance even in tasks using simple arbitrary
stimuli, such as evidence of a reliance on summary statistics as described above. This work
has provided important evidence to challenge the cdiorea notion that individual items
in a display are represented entirely independently of one another in VWM. However, the
structured representations characterized in these studies are assumed to operate
independently of the severe limits of working meyncapacity, and issues of how the
formation or the utility of such representations might interact with the individualOs working
memory capacity remains unresolved. In the present work, | focused on the extent to which
the itemlevel information capacity 0fWM can be increased by such structured
representation. In my SA model that incorporated grouping, the representations of
individual items are integrated into a higloeder visual group, while preserving the item
specific feature and location informatiorhese visual groups serve as effective memory
units (i.e., chunks), such that the storage of groups of different sizes is subject to the same
capacity limit of working memory. Thus, the present research is a novel attempt to bridge
these two lines of resrchbone that focuses on the capacity limit, and one that focuses on
the contents and higherder structure®by integrating the effects of visual grouping with
the limited capacity of working memory, a fundamental characteristic of this cognitive

function.



Comparison with other models of the organization of VWM

Recently, a handful of models have been proposed with the goal of accounting for
systematic variability in VWM performance based on contextual stimulus factors (Brady &
Alvarez, 2015a; Brag& Tenenbaum, 2013; Orhan & Jacobs, 2013). In Orhan and JacobsO
(2013) probabilistic clustering theory (PCT), VWM uses organizational processes that
assign clusters or partitions for a set of items in an array, based on the clustering of noisy
estimates bfeature values (or locations, for spatial memory). This clustering process is
implemented via a Dirichlet process mixture model, which automatically infers the
probability distributions over all possible partitions of the items. This allows an item to be
represented at multiple granularities simultaneously. For example, an item can belong to a
cluster of its own (itentevel) or a cluster that contains all of the items (disji¢ael) or
any levels in between. As a result, a representation of an itemdiepethe feature values
of all of the other items on the displays, as well as its own. The probabilistic clustering
theorypredicts biases in estimates of items toward the mean of the cluster, as well as
correlation between the estimates of items thaassegned to the same cluster, because the
presumed observer treats the items within a cluster as arising from the same object. Both
predictions were confirmed by the behavioral data. In contrast to thdim@model, the
probabilistic clustering modeloes not impose a fixed capacity limit on the encoding of
items, nor on the maximum number of clusters that items can be grouped into. All items
are automatically assigned to multiple levels of clusters, such that no item is completely
lost, and the varidé partitions of a display lead to the variable precision of clusters and
memories.

While the probabilistic clustering modahd my Gestalinspired model (Chapter 4)
are distinct in terms of their underlying architectures, as well as the aspects of VWM
performance they seek to explain, there are some similarities between them. In the
probabilistic clustering model, clustering entails a loss of individuating information about
each item, thereby introducing a bias toward the mean of similar items. Aintliectisne,
clustering of similar items enhances the precision of the cluster, which implies that an
optimal clustering of similar items can lead to a reduction of the expected error of the
estimates. My Gestaihspired model revealed that strong similagtpuping cues in a

display led to a reduced overall RMSE for the items in the display. This could reflect an
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optimal tradeoff between the biases in the item estimates toward the group mean and the
enhanced precision of memory for the grouped items.ditiad, the probabilistic

clustering modeintegrates over all possible partitions of the display, such that any given
itemOs representation is dependent on all other items. In my model -displaymilarity

is calculated by averaging across all pasevsimilarity of items in a display. Both feature
based clustering and similarity grouping is consistent with the visual systemOs parallel
detection of feature similarity across all image elements.

On the other hand, my Gestalspired model offers novelredictions about the
interaction of proximity and feature similarity, and provides wpkcified mechanisms to
account for other grouping cues, such as cocircularity and radiality. In the probabilistic
clustering model, clustering was based on a sitaglerelevant feature dimension, such
that orientation memory was affected by orientation similarity, and location memory was
affected by spatial proximity. My model results demonstrate that grouping among similar
features depends on their spatial proxynithich yields a prediction that dependencies
between the two feature values reported in the same trial should be strongest for two
nearby items, and the two reported feature values should become more independent of each
other as they are more separatedpace. Moreover, such dependencies should also be
observed between pairs of highly cocircular orientations, which would show systematic
biases toward a more cocircular orientations, rather than their mean orientation.

Brady and Alvarez (2015a) have posed a similar probabilistic model of
structured representations in VWM, based on their characterization of working memory
performance for a set of displays containing 3 color patches. As in Orhan and JacobOs
probabilistic clustering model, Brady and AteaOs hierarchical Bayesian model considers
all possible clusters (i.e., ensembles) of items in a display, which are integrated in the
observerOs estimates of individual items. These multiple, interacting levels of
representations could explain some of\thgability in color estimation performance
across displays and items. One modification from the probabilistic clustering waslel
the introduction of guessingcomponent to account for memory failure in delayed
estimation. They assumed that the clustamtaining more items are less likelyot®
corrupted, such that clustering of more items allows more items to be stored in VWM. The

mechanism behind the effect of clustering on guess rate remains unexplained, but this
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essentially allows the clusters to increase VWM capacity at the cost ofuaimgdiases.

My Gestaltinspired model was applied to the overall error scores (RMSES) of the
displays rather than the estimates of the number of remembered items (K) from a display
and their precision (SD), because there was a modestdffdoetweenhese two estimates
across displays. A post hoc analysis indicated that higher model estimates of pattern
strength were associated with higher K estimates for that display, whereas there was no
clear relationship between pattern strength and display Sbages. Thus, the reduced
RMSE scores for higkimilarity displays could be due to a large benefit in reduced guess
rate that outweighs the modest cost of introducing biases in the individual items.

All of the models described above, including my Gestalpired model, can
successfully characterize some of the systematic variability in VWM performance
observed across displays and items. What remains poorly understood, however, is the
relationship between oneOs working memory capacity and the utilityhafsumping
processes in enhancing VWM performance. In Orhan and JacobOs probabilistic clustering
modeland Brady and AlvarezOs hierarchical Bayesian model, the clustering process
operates on the noisy perceptual samples that depend on both sensory andrmos®o
but the clustering process itself is controlled by a separate set of parameters in the Dirichlet
process. This implies that the clustering process and limited working memory capacity
comprise two separate components of VWM. The precision ohtbeed clusters, which
is a critical factor determining the observerOs performance in estimating of individual
items, is defined in an obscured way, independent of the observerOs sensory/memory
encoding precision. Thus, it is unclear how much one carfib&oen the use of such
clusters in terms of overall VWM accuracy, as clustering of two or morédearical
items would always introduce biases in the estimates of the item.

The optimal clustering strategy may depend on the level of memory noise,ihich
turn likely depends on oneOs sensory precision and working memory resources. If the
perceptual samples are highly noisy (e.g., due to a large set size), the benefit from the
reduced variance of the cluster would be large enough to outweigh the tmdsaded by
the clustering. On the other hand, the traffdbetween bias and variance may be
suboptimal if the estimates are highly precise. This raises the possibility that individuals

with low VWM capacities might be the ones who can benefit the mastdhostering,
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whereas individuals with high VWM capacities might do better by relying on precise
representations of individual items. The relationship between VWM capacity and a
person's sensitivity to perceptual grouping cues could be a fruitful areseairch where
the notion of capacity limit can be integrated with the structured representations.

The probabilistic clustering modahd the hierarchical Bayesian model are
computational models that can generate response distributions and can bedittdtd
the observersO psychophysical data. On the other hand, my-i@sgiatl model (Chapter
4) was a statistical model, which sought to describe the relationship between the observed
performance and the presumed perceptual grouping mechanissisaddel serves as
good starting point for identifying a set of principles that can explain the variability in
VWM performance across displays. It will be important for future studies to test this
modelOs predictions on a novel set of stimulus parameiarse Btudies could also
incorporate insights from the current model and implement a computational model that can
take the stimulus variables into account (cf. Pratte, Park, Rademaker, & Tong, 2017) and
generate responses based on multiple perceptualiggopmcesses, as well as the
allocation of working memory resources. Such a model could be fitted to an individual
participantOs delayed estimation data, allowing for separate estimation of the participantOs
working memory capacity and the efficiency loé {perceptual organization process.

In chapter 3, | developed a discrstets model with probabilistic grouping in order
to characterize the overall benefit of grouping in terms of the capacity and precision of
VWM, rather than the effects of stimulusnéiguration and perceptual organization. As it
turned out in my subsequent study, the effects of stimulus form (grating vs. line) revealed
the operation of very similar perceptual grouping mechanisms across the stimulus forms. If
common perceptual groupimgechanisms operate in both cases, then what can account for
the overall advantage in memory capacity for lines over gratings? The enhanced storage
efficiency for lines over gratings can be still considered as arising from visual grouping
mechanisms, givetmat this benefit depended on the simultaneous presentation of multiple
line items (Chapter 2, Experiment 3) and that the magnitude of the benefit increased as the
memory array contained more items to be remembered. These observations suggest some
kind of facilitative interactions between multiple line items held in VWM, which allow

them to be treated as a functional memory unit by VWM.
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Conclusions

A prominent theory of visual working memory proposes that there is a fundamental
limit on the number oftems that can be held in memory. An underlying assumption is that
these capacity limits are invariant to the specific visual properties of the stimulus to be
encoded. The present work challenges this longstanding assumption, by demonstrating that
the capaity of VWM can be greatly expanded depending on the degree to which stimulus
and display factors allow the observer to perceptually group multiple items into-higher
order patterns. The dramatic effect of stimulus form on memory capacity requires a
reconsi@ration of what constitutes an item, or a chunk, in the active maintenance of visual
information. The information capacity of visual working memory cannot be considered
separately from the ways in which visual information can be efficiently compressee by t
visual system. The computational models developed in this work reveal how specific
perceptual grouping mechanisms can organize oriented elements into larger configurations,
thereby alleviating the severe limitations of working memory. A full undersigrafithe
architecture of VWM thus requires characterization of both the nature of the contents being

represented and the fundamental limitations in working memory capacity.
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