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ABSTRACT 

Visual working memory is a mental workspace used to temporarily maintain and 

manipulate visual information. Although we can perceive the visual world around us in 

seemingly infinite richness and detail, only a fraction of these details can be held in working 

memory at any given time. Thus, working memory is described as a capacity-limited system, and 

individual differences in working memory capacity strongly predict individual differences in 

fluid intelligence and academic achievement. Despite the importance of working memory 

capacity for cognition, the nature and definition of capacity limits are still under extensive 

debate. In this dissertation, I use novel behavioral and neural measures to interrogate the limits of 

visual working memory and to inform these ongoing debates. In Chapter 1, I summarize key 

questions related to the limitations of visual working memory, focusing on capacity limits in 

working memory and individual differences in these limits. In Chapter 2, I characterize the 

dynamic nature of visual working memory performance by measuring and modeling how 

fluctuations of attention influence working memory. In Chapter 3, I address critiques of capacity 

limits by theoretical models which propose that all items receive mnemonic resources (i.e., no 

truly uninformed guesses are necessary). I demonstrate how looking at within-trial mnemonic 

variability, rather than average data, can provide clear evidence against these capacity-unlimited 

models. Finally, in Chapter 4, I ask whether we can further bolster evidence for capacity limits 

by decoding the content of active working memory signals in EEG (the topography of alpha-

band power). Together, these studies inform contemporary models of visual working memory, 

supporting a capacity-limited system whose efficacy varies dynamically under the influence of 

attention. 
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CHAPTER 1.  INTRODUCTION TO KEY QUESTIONS ABOUT LIMITATIONS OF 

VISUAL WORKING MEMORY 

Working memory is a cognitive workspace used to temporarily hold and manipulate 

information in mind. Although we can perceive the rich detail of the world around us, there are 

strict limits on the amount of information that we can actively maintain at any given time. Thus, 

working memory is said to be capacity-limited. Working memory capacity can be measured with 

stimuli from many domains, such as auditory (Prosser, 1995), visual (Luck & Vogel, 1997), 

tactile (Katus, Müller, & Eimer, 2015), verbal (Daneman & Carpenter, 1980), and numerical 

(Turner & Engle, 1989). Each of these domain-specific tasks predicts a common, domain-general 

working memory capacity (e.g., Unsworth, Fukuda, Awh, & Vogel, 2014), which is an important 

predictor of broader cognitive abilities. For example, working memory capacity is positively 

correlated with fluid intelligence (Engle, Kane, & Tuholski, 1999; Unsworth et al., 2014), 

standardized test scores (Engle, Tuholski, Laughlin, & Conway, 1999), and reading 

comprehension (Daneman & Carpenter, 1980). Conversely, working memory capacity is 

disrupted in clinical populations, such as in individuals with Schizophrenia (Gold et al., 2010) 

and Parkinson’s (Lee et al., 2010). As such, understanding working memory capacity limits is 

critical for understanding the basic building blocks of cognition and for understanding the 

complex pathology of many neuropsychiatric disorders.  

In this dissertation, I will use behavior, modeling, and neural measures to address 

ongoing debates about limitations of visual working memory. Below, I provide a brief 

background of the measurement of visual working memory and I outline key debates 

surrounding the structure and limitations of visual working memory. 
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Estimating capacity limits in visual working memory  

 The study of capacity limits in visual working memory blossomed following the 

popularization of a visual change-detection task (Luck & Vogel, 1997). In this task, participants 

briefly view an array of items (e.g., colored squares), remember these items across a delay, and 

then are tested on one of the items (e.g., is this square the same or different color from the one in 

the memory array?). To measure working memory capacity, participants view memory arrays 

with different numbers of items (“set sizes”). At set size 1, participants perform nearly perfectly 

(100% accuracy). At set size 10, they perform abysmally (near chance). A hallmark finding in 

Luck & Vogel (1997) was a precipitous drop in accuracy after the set size surpassed 3 items. 

This sudden drop in performance suggests that visual working memory capacity is limited to 

only 3 or 4 simple visual items. Subsequent work converting responses (hits, false alarms) to an 

estimate of the number of remembered items (“K”), revealed that this drop in raw accuracy is 

consistent with a plateau in the number of items stored (Cowan, 2001; Rouder, Morey, Morey, & 

Cowan, 2011).  

 Visual working memory tasks have been critical for better understanding the mechanisms 

underlying the temporary storage of information held in mind. With a short trial length and 

simple task instructions, change detection can be used in developmental samples (Cowan, 

Fristoe, Elliott, Brunner, & Saults, 2006; Isbell, Fukuda, Neville, & Vogel, 2015), clinical 

populations (Gold et al., 2010; Lee et al., 2010), and other species (Buschman, Siegel, Roy, & 

Miller, 2011; Gibson, Wasserman, & Luck, 2011), allowing for the rare opportunity to compare 

task performance and neural measures in the same task across species (Elmore, Magnotti, Katz, 

& Wright, 2012; Reinhart et al., 2012). The short trial-duration of the visual change detection 

task also allows for the collection of a large number of trials, yielding robust measurements using 
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single-unit electrophysiology, electroencephalogram (EEG), and functional magnetic resonance 

imaging (fMRI). In EEG, a measure of lateralized activity to a memory array (the contralateral 

delay activity, CDA) reaches a plateau at typical capacity limits, and this plateau correlates with 

individual differences in behavioral working memory capacity (Luria, Balaban, Awh, & Vogel, 

2016; Vogel & Machizawa, 2004; Vogel, McCollough, & Machizawa, 2005). Likewise, in 

fMRI, univariate activity in the intraparietal sulcus (IPS) increases gradually as the number of 

remembered items increases, but reaches a plateau at typical capacity limits (Todd & Marois, 

2004, 2005). Thus, both behavior and electrophysiological signals corroborate a working 

memory capacity that is limited to around 3-4 simple visual items.  

Does attentional control determine individual differences in capacity?  

 While average visual working memory capacity is around 3 to 4 items, there are stable 

and significant individual differences in this number (Fukuda, Woodman, & Vogel, 2015; Z. Xu, 

Adam, Fang, & Vogel, 2017). Working memory capacity is often thought of as a “space” where 

we can put information, so individual differences in working memory capacity are typically 

assumed to measure the size of this available space. By analogy, if you own a bigger suitcase, 

then you can carry more items with you. 

 However, some work suggests that other factors besides capacity per se may contribute to 

individual differences in working memory performance. For example, in “filtering tasks” 

participants are asked to store a subset of items from a display and filter out irrelevant items 

(e.g., remember red bars but ignore blue bars). Individual differences in the efficacy of ignoring 

irrelevant items strongly predict individual differences in working memory capacity (McNab & 

Klingberg, 2008; Vogel et al., 2005). In addition, individuals with poor working memory ability 

have difficulty suppressing irrelevant visual information (Fukuda & Vogel, 2009; Zanto & 
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Gazzaley, 2009). By analogy, this work suggests that individual differences may be due not to 

the storage space available (e.g., the size of your nightclub) but rather to the efficiency of 

attentional control (e.g., how good your bouncers are; Awh & Vogel, 2008; McNab & 

Klingberg, 2008).  

Because of the strong relationship between attention and working memory (Awh & 

Jonides, 2001; Chun, 2011; Engle, 2002), a central question is how dynamic fluctuations of 

attention impact working memory performance, and whether these fluctuations of attention may 

actually underlie individual differences in working memory capacity. To assess this, in Chapter 2 

I will measure trial-by-trial fluctuations in working memory performance using a whole-report 

working memory task. Further, I will use previously established event-related potentials (ERPs) 

and oscillatory markers of distinct cognitive processes (e.g., encoding, executive control) to 

assess which of aspects of task performance are disrupted during failures of working memory 

performance.  

Is visual working memory truly capacity-limited?  

 Thus far in this chapter, I have assumed a capacity limit in visual working memory. This 

assumption is based on work in which behavioral performance falls precipitously beyond 3 to-

be-remembered items and neural signals which plateau at this same capacity limit. However, 

competing models of working memory challenge the claim that working memory is truly 

capacity limited (i.e., some items are not stored). Instead, these competing models posit that 

working memory is information-limited (i.e., some information is stored about all items, but this 

information may be very imprecise). Such an information-limited model is capacity-unlimited; in 

that it assumes that subjects never completely fail to store some information about an item.  
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 The debate between capacity-limited and information-limited models (Alvarez & 

Cavanagh, 2004; Awh, Barton, & Vogel, 2007) was accelerated by measures of visual working 

memory performance that assess fine-grained information about the quality of remembered items 

(Wilken & Ma, 2004; Zhang & Luck, 2008). In these continuous-report tasks, participants 

remember a memory array across a blank delay, and then are probed to freely recall the identity 

of one of the items from the array. For example, if the participants are asked to remember color, 

then they might choose a color from a color wheel that contains a circularly-wrapped, continuous 

color space (e.g., 360 colors, presented on a continuous rainbow). This task yields a continuous 

distribution of response errors for each set size. A key insight by Zhang and Luck (2008) was 

that this distribution of errors can be modelled by a two-state mixture model where some 

proportion of the time subjects fail to store an item and guess (yielding a uniform distribution of 

response errors) and other times they have information about the item in mind (yielding a normal 

distribution). This model yielded good fits, and changes in the guessing parameter predict 

individual differences in typical measures of working memory capacity and associated cognitive 

abilities (Unsworth et al., 2014). However, competing models have proposed that, instead, the 

response distribution for large set sizes can be accounted for by only a circular normal 

distribution or by a mixture of many different widths of normal distributions (Bays, Catalao, & 

Husain, 2009; Bays & Husain, 2008; van den Berg, Shin, Chou, George, & Ma, 2012). 

 Competing models have become quite sophisticated, yet have reached an empirical 

stalemate. The same distribution of behavioral errors can be described equally well by the most 

competitive capacity-limited and capacity-unlimited models of visual working memory (Donkin, 

Kary, Tahir, & Taylor, 2016; Nosofsky & Donkin, 2016b; van den Berg, Awh, & Ma, 2014). 

Thus, Chapters 3 and 4 of this dissertation circumvent this stalemate by developing behavioral 
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and neural measures that focus on a central remaining question in the debate – do participants 

ever fail to store items? Capacity-limited models predict that subjects must guess when they fail 

to store an item, whereas capacity-unlimited models predict that any response will have some 

information – however imprecise – about the true identity of the probed memory item. I 

explicitly pit these two models against each other by developing a novel behavioral task that 

assesses fine-grained information about the quality of all items from supra-capacity arrays. Then, 

I use EEG to bolster behavioral evidence of guessing, showing that failure to store an item is not 

an artifact of making response, but is evident in item-specific memory signals during the delay 

period.  

Overview of experiments 

 In Chapter 2, I will present evidence that the waxing and waning of attention impacts 

working memory performance. Further, I will argue that most individuals share the same true 

capacity (e.g., a common limit on the amount of information that can be stored) but differ in the 

consistency with which they achieve this mostly-common capacity. 

 In Chapter 3, I will present new evidence in favor of capacity limits in visual working 

memory. To do so, I will obtain fine-grained estimates of the quality of multiple items held 

simultaneously in mind (rather than probing a single item). In addition, I will present simulation 

results which demonstrate that the poorest memories posited by capacity-unlimited models are 

best described as guesses (i.e., uniformly distributed errors), not as low-precision memories.  

 Finally, in Chapter 4, I will present novel methods for assessing capacity limits in visual 

working memory using neural measures of active working memory storage. Previous neural 

measures of capacity limits have relied on interpreting a “plateau” in a univariate signal. This 

approach is limited, because it does not definitively demonstrate that the information contained 
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in this signal is specific to only a subset of items from the array. To circumvent this issue, I will 

use multivariate methods in EEG to attempt to decode item-specific information about multiple 

items from the memory array. 
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CHAPTER 2.  THE CONTRIBUTION OF ATTENTIONAL LAPSES TO 

INDIVIDUAL DIFFERENCES IN VISUAL WORKING MEMORY CAPACITY  

Introduction 

 Individuals with low Working Memory (WM) capacity perform poorly on measures of 

aptitude such as fluid intelligence and academic achievement (Daneman & Carpenter, 1980; 

Daneman & Green, 1986; Engle, Tuholski, et al., 1999; Fukuda, Vogel, Mayr, & Awh, 2010; 

Turner & Engle, 1989; Unsworth et al., 2014) and extensive work has suggested that individual 

differences in capacity stem in part from variability in deploying attention (Fukuda & Vogel, 

2009, 2011). Low capacity individuals have specific difficulties in tasks that require attentional 

control, suggesting that variability in effectively exerting these control mechanisms determines 

apparent capacity differences. However, because capacity measures are calculated from average 

performance across an entire session, a common alternative hypothesis remains: individual 

differences in capacity are the result of a mixture of “complete attention trials”, in which subjects 

maximally allocate their available memory resources, and “lapse trials”, in which subjects fail to 

allocate any available memory resources due to complete disengagement from the task. Thus, 

low capacity individuals may simply have more lapse trials than high capacity individuals and 

consequently show reduced average performance.  

 A lapse account of working memory performance is consistent with evidence suggesting 

that task engagement is associated with differences in working memory ability. First, low 

capacity individuals engage in mind wandering more frequently than high capacity individuals, 

particularly during cognitively challenging tasks (McVay & Kane, 2010; Mrazek et al., 2012; 

Smallwood & Schooler, 2006). Second, the slowest reaction time trials in choice reaction time 
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tasks are the most predictive of intelligence scores (i.e., the worst performance rule) suggesting 

that attentional lapses contribute to estimates of individual aptitude (Coyle, 2003). Finally, low 

capacity individuals exhibit periods of goal neglect, a performance failure in which task rules are 

explicitly understood, but are nevertheless not behaviorally executed (Duncan, Emslie, Williams, 

Johnson, & Freer, 1996; Duncan, Schramm, Thompson, & Dumontheil, 2012). Thus, low 

capacity subjects may experience an increased number of failures for a variety of reasons, from 

being captured by distracting internal thoughts to simply giving up on a difficult task.   

 We have described a lapse model of inattention, in which inattention leads to complete 

disengagement from the task. However, inattention could also manifest as degraded attentional 

control rather than as a complete lapse. Under an attentional control model of inattention, 

impaired attention would lead to reduced performance, though not necessarily to total neglect of 

the task if the inattention is incomplete. From this view, the efficiency of attentional control may 

vary over the session in a graded fashion; differences between subjects could be viewed as a shift 

in the distribution of effective attentional engagement. Low capacity individuals would have a 

downward shift in this distribution, leading to more frequent periods of partial disengagement 

than high capacity subjects. Indeed, the evidence reviewed above from mind wandering 

frequency and reaction time variability would be consistent with either complete or graded 

failures of attention. However, these two models have not been evaluated directly against one 

another.  Critically, most attention and working memory tasks rely on one of two metrics: 

accuracy and reaction times. Accuracy measures are binary (correct or incorrect), making it 

difficult to test for a graded attentional model. Conversely, reaction time measures are 

continuous, making it difficult to test for a complete lapse model. Thus, it is not surprising that 

the attention literature (predominately reaction time measures) has strongly assumed a graded 
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model of attention, while the working memory capacity literature (predominately signal 

detection measures) has tested only coarse lapse parameters.  

 For example, in the change detection paradigm, a randomly chosen item from each 

memory array is probed and the subject must indicate whether it is the same as the originally 

presented item. Here, an individual's capacity is estimated across a series of trials by determining 

the probability of having stored the probed item on a given trial. Consequently, performance on 

an individual trial is not informative on its own because an error could be the result of either a 

complete memory failure (0 items stored) or a successful memory (4 items stored) that was 

unlucky because the probed item did not happen to be stored.  At present, only the complete 

lapse model has been directly tested in the working memory literature (Morey, 2011; Rouder et 

al., 2008, 2011; Sims, Jacobs, & Knill, 2012; van den Berg et al., 2014). For example, Rouder et 

al. (2008, 2011) found that adding a lapse parameter substantially improved model estimates of 

working memory capacity in a change detection task, particularly by accounting for why errors 

occur on sub-capacity memory arrays. This work demonstrates that an "all or nothing" lapse 

account could plausibly explain individual differences in capacity. However, due to the 

aggregate nature of the data, a graded attentional control account could not be evaluated.  

  Here, we measure how WM performance fluctuates within a session to determine whether 

performance failures are better explained by a lapse model (coarse failures) or by an attentional 

control model (graded failures). To do so, we employ a novel whole-report task that provides a 

trial-by-trial measurement of the total number of correctly reported items from each array, 

allowing us to examine the distribution of levels of success on each trial. Our novel whole-report 

measure is both discrete (each item is correct or incorrect) and continuous (the number of objects 

correct can fluctuate), allowing us to uniquely distinguish between these two hypothetical 
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models. 

 Measuring performance fluctuations with continuous whole-report allows us to test distinct 

predictions made by the competing attentional control and lapse accounts of under-performance. 

First, while a lapse model predicts that lower capacity individuals would show higher lapse rates 

than high capacity individuals regardless of task load, an attentional control model predicts that 

substantial performance failures related to individual capacity would only be observed under task 

loads that necessitate attentional control, such as for supracapacity displays. Second, while a 

lapse model predicts a bimodal distribution of performance (i.e., lapse vs. full attention), an 

attentional control model predicts a graded downward shift in performance distributions for low 

capacity individuals. After distinguishing between lapse and attentional control models of 

performance fluctuations, we test several hypotheses about the mechanisms of performance 

fluctuations. These mechanisms include changes in task engagement over time, task non-

compliance, sensory encoding, and attentional control.   

 In three experiments, we establish the validity of a novel working memory measure and 

then test hypotheses that differentiate a lapse model and an attentional control model of 

individual differences in WM capacity. In a discrete whole-report measure of working memory, 

subjects view a display of brightly colored items, remember the display, and then are asked to 

identify the color of each item from a fixed set of color choices. Task accuracy is determined by 

counting the number of correctly identified items. Thus, a subject’s level of performance can be 

calculated for every trial in the experiment. This trial-by-trial measurement of performance is 

critical for investigating novel hypotheses about the nature of trial-by-trial task engagement.   

 In Experiment 2-1a, we tested whether set-size affects the number of performance failures. 

A coarse lapse model would predict that the amount of time spent disengaged from the task does 
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not vary across set-sizes (Rouder et al., 2008, 2011). Alternatively, an attentional control model 

would predict an increased rate of performance failures (few items correct) when the set-size 

exceeds capacity.  We had participants complete a change detection memory task and a whole-

report memory task for multiple set-sizes (two to six items). We include a change detection 

measure for two reasons: (1) to initially validate our novel whole-report measure of working 

memory and (2) as an independent measure that allows us to more closely examine the 

contributions of within- and between-subject variability in working memory performance while 

minimizing issues of circularity.  

 In Experiment 2-1b, we collected a large number of supra-capacity trials in order to test 

lapse and attentional control models and to examine the consistency of performance failures over 

time. Subjects completed a large number of exclusively set-size six trials (along with a standard 

change detection measure). By continuously repeating the same challenging set-size, we could 

look for fluctuations in engagement over time without confounding carryover effects from 

conditions with different levels of difficulty.  

 Finally, we tested whether neural measures of sensory encoding and attentional control 

predict trial-by-trial working memory performance. In Experiment 2-2, a new set of participants 

performed the same tasks as in Experiment 2-1b while EEG and EOG activity was recorded. 

Using only the set-size six condition was also ideal for EEG analyses, as we could examine 

fluctuations in neural signals while holding physical stimulation constant. To examine markers 

of low-performance trials, we analyzed the P1/N1 visual-evoked response and behavioral 

accuracy for artifact-rejected trials. To examine the potential contribution of attentional control, 

we measure frontal theta power and posterior alpha power across all time points in the trial. 



 13 

Materials & Methods 

Participants  

 All subjects gave written informed consent according to procedures approved by the 

University of Oregon institutional review board. Subjects were compensated for participation 

with course credit or monetary payment ($8/hour for behavior, $10/hour for EEG). A unique set 

of subjects participated in each experiment, with 40 in Experiment 2-1a, 45 in Experiment 2-1b, 

and 26 in Experiment 2-2. One subject from Experiment 2-1b was excluded from analyses for 

failure to comply with task instructions. After artifact rejection, 3 subjects were excluded from 

Experiment 2-2 analyses for artifact rates in excess of 25% or fewer than 300 remaining trials; 1 

subject did not complete the change detection measure, so they were excluded from between-

subjects analyses using change detection, but included in within-subjects analyses. 

Stimuli  

 Stimuli were generated in MATLAB (The MathWorks, Natick, MA) using the 

Psychophysics toolbox (Brainard, 1997; Pelli, 1997), and presented on 21-inch CRT monitors. 

Subjects were seated approximated 60 cm from the monitor. In Experiment 2-1a, stimuli (2.50° 

visual angle) for both whole-report and change detection tasks consisted of 8 colors (RGB 

values: Red=255 0 0; Green= 0 255 0; Blue= 0 0 255; Magenta=255 0 255; Yellow= 255 255 0; 

Cyan= 0 255 255; White=255 255 255; Black= 0 0 0), presented on a gray background 

(RGB=128 128 128). In Experiment 2-1b and Experiment 2-2, one additional color (RGB: 

Orange = 255 128 0) was added to the potential memory set colors. 

Tasks 

Change detection task. The change detection task used in all experiments followed 

standard procedures (Luck & Vogel, 1997). In Experiment 2-1a, subjects were presented with 
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arrays of two to six colored squares for 150 ms (memory array), which disappeared for 900 ms 

(retention period), followed by the presentation of one colored square (test probe) at the location 

previously occupied by an item in the memorandum. In Experiment 2-1b and Experiment 2-2, 

subjects were presented with arrays of four, six, or eight items, and trials used a 250 ms stimulus 

array and 1000 ms retention period. On 50% of trials, the test item was the same as the item 

presented in the memory array, and in the remaining 50% of trials the test item was different. 

Participants were instructed to make an unspeeded button press to indicate whether the color of 

the probe had changed. The next trial began after an inter-trial interval (ITI) of either 900 ms 

(Experiment 2-1a), or 1000 ms (Experiment 2-1b and Experiment 2-2). 

Whole-report task. The whole-report procedure was similar to the change detection task 

with the exception that individuals recalled each item shown in the memory array. At response, 

individuals were shown a three by three matrix of colors over each location of memory array 

items; they were instructed to use a mouse to click on the color square corresponding to the 

memory array item at each location. In Experiment 2-1a, individuals were encouraged to respond 

to as many items as they could remember, and advanced to the next trial by pressing the 

spacebar.  In Experiments 2-1b and 2-2, individuals were required to respond to all items in the 

memory array. The next trial began when all responses were made (Experiment 2-1b) or after the 

subject clicked to indicate they were ready for the next trial (Experiment 2-2). Stimulus timing 

parameters were the same as for the respective change-detection task except for Experiment 2-2. 

In Experiment 2-2 the retention interval and ITI periods were increased to 1300 ms to provide a 

larger time window for oscillatory analyses. 
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Procedures 

Experiment 2-1a. Participants completed two blocks of 150 trials of the change 

detection task and the whole-report task across several set-sizes (two to six items). Set-sizes were 

intermixed within blocks for all experiments. For each of the two tasks, subjects completed 150 

trials, for a total of 30 trials per set-size. 

Experiment 2-1b. Participants performed five blocks of 36 trials of the change-detection 

task, for a total of 60 trials per set-size. For the whole-report task, participants completed 10 

blocks of 30 trials (300 trials total), and all arrays were set-size 6.  

Experiment 2-2. Participants performed the same tasks as in Experiment 2-1b, while we 

recorded EEG activity. Participants performed five blocks of 36 trials of the change-detection 

task, for a total of 60 trials per set-size. For the whole-report task, participants completed 15 to 

18 blocks of 30 trials (450 to 540 trials total), and all arrays were set-size six.  

EEG Data Collection 

 EEG activity was recorded at 20 electrodes mounted in an elastic cap (ElectroCap 

International) using our standard recording and analysis procedures (McCollough, Machizawa, & 

Vogel, 2007). The International 10/20 sites F3, FZ, F4, T3, C3, CZ, C4, T4, P3, PZ P4, T5, T6, 

O1 AND O2 were used along with five nonstandard sites: OL midway between T5 and O1; OR 

midway between T6 and O2; PO3 midway between P3 and OL; PO4 midway between P4 and 

OR; and POz midway between PO3 and PO4. All sites were recoded with a left-mastoid 

reference, and the data were re-referenced off-line to the algebraic average of the left and right 

mastoids. Horizontal electrooculogram (EOG) was recorded from electrodes placed ~1 cm to the 

left and right of the external canthi of each eye to measure horizontal eye movements. To detect 

blinks, vertical EOG was recorded from an electrode mounted beneath the left eye and 
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referenced to the left mastoid. The EEG and EOG signals were amplified with an SA 

Instrumentation amplifier with a bandpass of 0.01 – 80 Hz and were digitized at 250 Hz in 

Labview 6.1 running on a PC.  

 Trials including blocking, blinks, or large (>1°) ocular movements were rejected and 

excluded from further analysis. For ERP analyses, we baselined the signal over the 200 ms prior 

to the timelocking event (onset of the memory array); trials were filtered with a low-pass finite 

impulse response filter with a cutoff of 40 Hz.  For oscillatory analyses, we bandpass filtered the 

raw EEG using a two-way, least-squares finite impulse response filter using the eegfilt.m filter 

function from the EEGLAB Toolbox (Brainard, 1997; Delorme & Makeig, 2004). We applied 

the MATLAB Hilbert transform (hilbert.m) to extract the instantaneous power values. For 

spectrograms, power data was calculated separately for each 1 Hz band. For band-specific 

analyses, power data was calculated for typically defined frequency bands (Theta: 4-7Hz; Alpha: 

8-12Hz; Beta: 13-22Hz). 

Statistical Analyses 

Change detection capacity. Each participant’s change detection accuracy was 

transformed into a K estimate using Cowan’s formula K=N*(H-FA); here N represents the set-

size, H is the hit-rate, and FA is the false alarm rate (Cowan, 2001). In Experiment 2-1a, the 

average of set-size four, five, and six arrays was used to estimate each participant’s change 

detection capacity. In Experiment 2-1b and Experiment 2-2, all set-sizes (four, six, and eight 

were used to estimate capacity).  

Whole-report accuracy. For the whole-report procedure, we estimated accuracy in two 

ways. First, we calculated the average number of correctly reported items per set-size. Second, 

we split performance into the proportion of trials in which participants correctly reported zero, 
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one, two, etc. for each set-size. This method allowed us to measure the proportion of trials during 

which participants exhibited impaired WM performance, and how failures varied as a factor of 

set-size and WM capacity. By examining trial-by-trial accuracy, we can observe the impact of 

performance fluctuations on overall WM ability.  

Simulation Analyses 

 The greater number of trials in Experiment 2-1b allowed us to perform a finer analysis of 

trial-by-trial performance. First, we characterized the expected performance outcome if subjects 

had a complete attentional lapse. We ran 30 iterations of a simulation where the computer 

guessed colors (without replacement) for the six items in the display across 300 trials. We also 

wanted to characterize the effect of guessing inflation on performance, especially for high-

performance trials. To do so, we assigned three correct objects to each trial in the simulation and 

examined the effect of guessing colors without replacement for the remaining three items. 

Finally, we ran simulations to test whether a complete lapse model or a graded attentional control 

model could explain trial-by-trial fluctuations in WM performance. The two hypothetical models 

both predict that trial-by-trial performance in the whole-report task can be modeled by (1) an 

upper limit on total available WM resources (2) a probability of allocating the available WM 

resources. The lapse and attentional control models differ only in the higher order distribution 

used to predict the probability of allocating WM resources on a trial-by-trial basis. Importantly, 

the parameter values for the models were chosen only with respect to mean performance; the 

model-fitting procedure was blind to the underlying distribution of trials. After the model that 

best fit the mean was chosen (minimum difference between true and simulated mean), we used 

the residuals of the model fits (RMSE) to test the fit of each lapse model across subjects. 
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Lapse model. The lapse model was based on the assumption that individuals are either 

fully on task or completely disengaged from the task (Morey, 2011; Rouder et al., 2008, 2011; 

van den Berg et al., 2014). This model predicts that during full-engagement trials, participants 

will be able to maximally allocate WM resources (maximum capacity), with guessing inflation 

accounting for the trials in which the number of items correct exceeds this capacity. For fully 

disengaged trials, the model predicts that responses will only be based on guessing. The higher-

order distribution of the complete lapse model is Bernoulli-distributed, a distribution with only 

two values, zero and one. The proportion of zeros in the distribution represents disengaged trials, 

and the proportion of ones represents fully-engaged trials. On each simulated trial, one value is 

pulled from the higher-order distribution and multiplied by the maximum capacity parameter to 

yield the performance outcome. For example, if the maximum capacity parameter is three items, 

then on a trial where a “1” is pulled, the subject achieves 1 x 3, or three items. Guessing is 

accounted for the remaining items in the set-size (in this case, three guesses). For each subject 

and parameter level, we simulated 300 trials for each subject. During each run of the simulation, 

maximum capacity was initially held constant at three items, while the proportion of lapses (0’s) 

in the higher-order distribution was parametrically increased from 0 to 100% in steps of 1%. We 

allowed for guessing by randomly drawing without replacement from the nine possible colors. 

For example, for a lapse parameter of 20%, we sampled only from the random guessing 

distribution for 20% of the trials, while for the remaining 80% of trials, capacity was set to three 

items plus three guesses. The simulated mean number correct for each run was compared to each 

individual’s empirical mean number correct in order to determine the best-fit lapse parameter. 

This was repeated for each subject in the data set. The lapse parameter that best fit the mean 

experimental performance for each subject was used to generate the underlying response 
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distributions for the model. The aggregate of the generated response distributions was then used 

to test the fit of the complete lapse model.  

Attentional control model. The attentional control model was similar to the complete 

lapse procedure with the exception that the higher order distribution was beta-distributed. Like a 

Bernoulli distribution, a beta distribution has values bound between zero and one. However, the 

beta distribution contains many graded outcomes between zero and one. In the attentional control 

model, one represents maximal attentional engagement and zero represents minimal attentional 

disengagement. We used a beta distribution since we could model the graded probability of 

maximally allocating WM resources on each trial. The α parameter of the beta distribution was 

parametrically varied from zero to six in steps of .01, while the β parameter was constrained to 

one.  Thus, only a single parameter was varied to shift the relative proportion of more-engaged 

and less-engaged trials. For each cycle of α values, we randomly generated a value from a beta 

distribution of [α,1] for each trial. On each trial of the simulation, one value was pulled from the 

beta distribution (e.g., 0.5), multiplied by the maximum capacity parameter (e.g., 0.5 x 3 = 1.5), 

and rounded to the nearest discrete outcome (e.g., 2). As in the complete lapse model, for each 

subject in the data set, the α value that best-fit the subject’s observed data was selected. These 

best-fit α values were then used to generate a distribution of responses predicted by the model, 

which were then used to test the fit of the model by calculating the root mean square error 

(RMSE). 

Results 

Mean whole-report performance corresponds with change detection capacity 

 The task and results from Experiment 2-1a are shown in Figure 2-1. For both tasks, WM 

performance increases with set-size, reaching a stable plateau around 3 to 4 items. Averaged 
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across set-sizes, the mean change detection capacity estimate (Cowan’s K) was 2.62 (SD = 0.72), 

and mean number of items correct on the whole-report task was 2.91 (SD = 0.51). We ran 

separate repeated measures ANOVAs to verify the change in performance across set-sizes for 

change detection and for whole-report performance. Change detection performance was 

significantly different across set-sizes, F(2.48, 96.68) = 18.13, p < .01. Here and for other cases 

in which Mauchly’s test indicated a violation of the assumption of sphericity, we report 

Greenhouse-Geisser corrected values. We also ran planned simple contrasts (comparing all 

smaller set-sizes to the largest set-size) to check for a plateau in performance; we found that the 

only significant contrast was between set-size 2 and set-size 6, F(1, 39) = 18.13, p < .01. The 

comparisons between set-size 6 and the other set-sizes (3, 4, and 5) were not significant, all 

comparisons p > .20, suggesting that performance reached a plateau at set-size 3. Whole-report 

performance was also significantly across different across set-sizes, F(1, 39) = 89.54, p < .01. 

We again ran planned simple contrasts comparing all lower set-sizes to set-size 6. We found that 

set-size 6 performance was significantly higher than set-size 2, F(1, 39) = 119.49, p <.01, and 

set-size 3, F(1, 39) = 9.34, p < .01, but not for other set-sizes (p > .30), suggesting that 

performance reached a plateau around set-size 4. 
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Figure 2-1 Results from Experiment 2-1a  
(a) Illustration of the task design and stimuli in Experiment 2-1a. (b) Overall performance 
changes in a similar manner for change detection (blue) and whole-report (red) across set-sizes. 
(c) The correlation between mean whole-report performance and change detection capacity at 
each set-size. The proportion of performance failures in whole-report (0 or 1 correct) increases 
across set-size (d) and explains more variance in capacity across set-size (e). Error bars represent 
Standard Error of the Mean (SEM; b & d) or 95% confidence intervals (e).  

  In addition to examining how within-task performance changes with load, we can also 

examine if the relationship between whole-report performance and change detection K is 

consistent across loads. For each whole-report set-size, we calculated the correlation with a 

typical measure of change detection capacity (set-sizes 4, 5, and 6) and the mean number of 

items correctly reported for each set-size. The relationship between change detection K and 
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whole-report performance across set-sizes is shown in Figure 2-1b. At the lowest set-size (2 

items) the relationship between the two measures was non-significant; the relationship became 

significant at set-size 3 and increased in strength as subjects became more over-loaded with 

items (Figure 2-1c). However, the lack of correlation between change detection capacity and 

whole-report performance at set-size two could be due to ceiling effects; most subjects were 

nearly perfect at responding to the set-size 2 trials. In sum, whole-report and change detection 

estimates of average working memory performance were strongly related to each other. Next, we 

investigated whether specific performance outcomes (e.g., 0 items correct) change across 

working memory loads and whether performance outcomes also predict individual differences in 

WM capacity. 

The relationship between performance failures and K is set-size dependent 

 To assess performance failures, we measured the proportion of trials in which a given 

number of items was correctly identified on each trial. We defined performance failures as trials 

in which subjects scored 0 or 1 items correct out of 6 possible items, since a simulation of 

guessing yielded 0 or 1 correct on 85% of trials (see simulation results, Figure 2-3a). In 

particular, we were interested in quantifying whether the proportion of extreme performance 

failures was constant or variable across set-sizes. As illustrated in Figure 2-1c, we found that the 

proportion of performance failures increased across set-sizes.  Previous lapse models have 

assumed that the rate of performance failures is constant across set-size. Instead, a repeated 

measures ANOVA revealed that there was a significant difference in performance failures 

between set-sizes, F(3.33, 130.02) = 5.16, p = .001, with performance failures increasing across 

set-size (Figure 2-1d). We ran planned simple contrasts to test how the rate of performance 

failures at earlier set-sizes compared to the rate at the highest set-size (6 items). We found that 
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the only non-significant contrast was for the rates at set-size 5 and set-size 6, F(1, 39) = .44, p = 

.51. All other set-sizes had failure rates lower than set-size 6, minimum difference p < .03. 

Additionally, the relationship between change detection capacity and set-size 6 performance 

failures was the strongest, r = -0.55, p < 0.01, 95% CI [-0.73, -0.29], (Figure 2-1e).  

 This set of correlations revealed that, while performance failures occurred at all set-sizes, 

they were consistently diagnostic of individual differences in capacity only for supra-capacity 

set-sizes. Thus, though all participants perform very poorly on a subset of trials, low capacity 

individuals display much greater proportions of poor performance trials. Furthermore, this 

difference between high- and low- capacity subjects emerges only for supracapacity arrays, 

supporting an attentional control model over a lapse model. Given these findings, we next 

examined performance for a task where subjects repeatedly performed set-size 6 trials; this 

allowed for a more precise characterization in performance distributions and how performance 

may change over time.   

Fluctuations in whole-report performance predict change detection capacity  

 In Experiment 2-1b, a new sample of subjects completed 300 trials of set-size 6, allowing 

us to examine fluctuations in task performance that are independent of trial-by-trial variability in 

task difficulty. The mean change detection K was 2.90 (SD = 0.98) and mean whole-report 

accuracy was 2.87 (SD = 0.49). Again, we found a strong positive relationship between change 

detection K and overall whole-report performance, r = .55, p < .01 95% CI [0.30, 0.73] (Figure 

2-2a).  

 We initially examined individual differences in a coarse manner by splitting subjects into 3 

groups based on their change detection performance (Figure 2-2b). Subjects in the low K group 

had change detection scores more than one standard deviation below the mean K score. Likewise 
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subjects in the high K group had change detection scores more than one standard deviation above 

the mean K score. All other subjects were placed in the middle K group. As can be seen by the 

distributions, the prevalence of performance failures (0, 1, or 2 correct) increased across these 

performance groups. A simple lapse model of performance would predict bimodality, with large 

proportions of trials at 0 and at typical capacity values. Here, the low-capacity group had more 

complete failures (0 or 1 correct) than the high-capacity group, but neither group showed 

bimodality. Instead, this difference in performance failures was part of an overall shift in 

performance distributions that is more consistent with an attentional control model of individual 

differences. We observed a downward shift in performance distributions for low K subjects, and 

an upward shift for high K subjects. However, while using an extreme groups split is useful for 

summarizing gross differences between groups, such an approach often creates statistical 

problems (Conway et al., 2005). As such, we also wanted to examine the fine-grained, 

correlational differences between subjects’ distributions. 

 To better visualize how subtle distributional shifts correspond with visual working memory 

capacity, we plotted distributions from all subjects in a single heat map and sorted the rows by 

change detection K (Figure 2-2c). The heat map depicts the distribution of number correct for all 

subjects. Each horizontal line represents a different subject; the lines are arranged along the y-

axis according to each subject’s change detection score. The x-axis represents different trial 

outcomes, between 0 and 6 correct. Intensity of the heat scale represents proportion of trials that 

all into each score category. Here, we can see a strong, dark band at 3 items, indicating that most 

subjects had a larger proportion of trials in which they scored 3 correct. Again, none of the 

subjects showed a pattern consistent with a bimodal lapse model of performance. To quantify the 

relationship between K and performance outcomes, we calculated the correlation values for each 
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level of performance (Figure 2-2d). As suggested by the consistent band at three items correct, 

the correlation between number of 3-correct trials and K was non-significant (r = .02, p = .89, 

95% CI [-.27, .31]). On the other hand, the number of correct objects in categories above (r = 

.54, p < .001, 95% CI [.66, .88]) and below (r = -.52, p < .001, 95% CI [-.71, -.26]) this mode 

strongly predicted K. 
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Figure 2-2 Whole-report performance distributions for Experiment 2-1b 
(a) Correlation between mean whole-report performance and change detection capacity in 
Experiment 2-1b. (b) Performance distributions for subjects split into extreme groups by their 
change detection score. Error bars represent the SEM. (c) Performance distributions for all 
subjects in Experiment 2-1b. Each column represents the performance outcome (number of items 
correct for a given trial) and each row represents a subject (sorted by capacity). Differences 
between subjects are best characterized as a subtle upward or downward shift of the performance 
distribution (with a central tendency at 3 for most subjects). (d) Performance outcomes correlated 
with change detection estimates of capacity for all levels of performance except for 3 correct.  

 The greater number of trials in Experiment 2-1b allowed us to use simulation approaches to 

test potential models of individual differences in performance. In particular, we were interested 

in whether performance failures are better characterized as an all or nothing engagement in the 

task (lapses) or as varying degrees of engagement in the task (attentional control). For the 
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purposes of modeling, the size of our maximum resource pool is described in items, but this is 

only because of the nature of our behavioral assay. Our task necessarily involves a discrete 

outcome (a discrete number of items correct out of six), and all of our modeling efforts rely upon 

such estimates of trial-by-trial performance. However, this Experiment 2-cannot speak to any of 

the current debates about the nature of the limit on working memory. We make no claims that 

discrete slots models are preferred over continuous resources models on the basis of these data. 

Instead, we are interested in tracking variations in a subject’s typical performance level (the 

deployment of their resources, whatever the underlying structure of the resources). Indeed, it has 

been proposed that both discrete and continuous models of working memory resources could 

plausibly implement trial-by-trial variability in the availability of resources (van den Berg et al., 

2014).  

Lapse performance and guessing inflation. Before testing lapse and attentional control 

models, we first characterized the performance outcomes for guessing among 6 items and the 

effects of guessing inflation. Guessing without replacement for set-size six yielded 0 or 1 correct 

85% of the time for nine possible colors (Figure 2-3a). This means that on the remaining 15 to 

17% of guessing trials, a subject may have reported two or more items correct, even when they 

truly had zero items in mind. Given our simulation results, we used 0 or 1 correct as a 

conservative definition of a performance failures for all analyses. We also ran a simulation to 

account for the effects of guessing inflation given knowledge about three items and guessing 

without replacement. The guessing inflation distribution had a strong peak at three but also 

included a large number of trials where subjects got 4 or 5 items correct by chance (45%; Figure 

2-3b). Thus, guessing inflation can account for a large percentage of above-3 trials for a subject 
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with a true maximum capacity of 3, and it is important to control for this effect in any simulation 

model.  

 

Figure 2-3 Monte Carlo simulation of lapse performance and guessing inflation 
(a) Results from a simulation of guessing without replacement from 9 colors over 6 objects. (b) 
Results from a simulation of guessing inflation if subjects got 3 items correct and then guessed 
without replacement from the remaining colors for 3 objects.  

Testing lapse and attentional control models. The lapse model specified that lapse 

events occur as a total loss of attentional engagement, while the attentional control model 

specified that lapse events occur as a variable loss of attentional engagement. Using a maximum 

capacity parameter of three items correct, we could successfully recreate the observed mean 

whole-report performance with both the lapse model (R2 = .95, p < .01, 95% CI [0.90, 0.97]) and 

the graded attentional control model (R2= .82, p < .01, 95% CI [0.70, 0.90]. However, only the 

attentional control model reliably fit the observed distribution of responses (Mean RMSE = 0.14, 

SEM = .01). The failure of the complete lapse model (Mean RMSE = 0.29, SEM = .01) was due 

to an overestimation of the proportion of trials in which individuals correctly reported zero or 

three, and an underestimation of the proportion of trials in which individuals reported two items, 

thus producing a bimodal distribution of expected responses. This difference in model fit was 

significantly different, t(43) = -8.5, p = 4.5 x 10-11, 95% CI [-.11, -.17]. Additionally, we found 

that the attentional control model was better than the complete lapse model for the group of low-

K subjects, t(5) = -14.1, p = 1.64 x 10-5, 95% CI [-.33, -.24], and middle-K subjects, t(30) = -
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8.34, p = 1.3 x 10-9, 95% CI [-.17, -.10], though neither model was reliably better for the high-K 

subjects, t(6) = -.51, p = .31, 95% CI [-.07, .03], (Figure 2-4).  

 

Figure 2-4 Monte Carlo simulation results for lapse and attentional control models of 
performance fluctuations 
(a) The simulated mean number correct from the lapse model as a function of the actual mean 
number correct. (b) Data (gray bars) and lapse model fits (black lines) from the extreme groups 
split of subjects. (c) The simulated mean number correct from the attentional control model as a 
function of the actual mean number correct. (d) Data (gray bars) and attentional control model 
fits (black lines) shown over the extreme groups split of subjects. 

 Next, we tested whether changing the maximum capacity parameter in the attentional 

control model would result in improved fits. In particular, we noticed that the high-K group was 

fit poorly by a maximum capacity of three items (for either model). Additionally, we thought that 

subjects in the low-K group, with an overall downward shifted distribution, may be better fit by a 

maximum capacity of two items. We found that changing the maximum capacity parameter from 

three to two items did not improve fits for the low-K group (ΔRMSE = -.04, SEM = .04, p  = 

.30) and significantly decreased fits for the other two groups (ΔRMSE = -.21, SEM = .02, p = 6 

x 10-10, and ΔRMSE = -.23, SEM = .03, p = .001, respectively). Next, we tested if increasing the 
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maximum capacity parameter would increase fits for the high-K group. This model reproduced 

means for subjects, R2 = 0.96, p < .01, %95 CI [0.92, 0.98].  Increasing the maximum capacity 

parameter from three to four improved fits for the high-K group (ΔRMSE = +.19, SEM = .04, p 

= .005) but significantly decreased fits for the low-K (ΔRMSE = -.09, SEM = .02, p = .005) and 

middle-K (ΔRMSE = -.03, SEM = .01, p = .04) groups. Finally, we tested a model in which there 

was no capacity maximum (maximum capacity parameter is six items). We found that this model 

accurately reproduced mean performance values, R2= 0.91, p<.01, 95% CI [0.83, 0.95], but 

resulted in poor fits that were significantly worse than the proposed limited capacity model 

(ΔRMSE = -.16, SEM = .02, t(43) = -8.66, p = 3 x 10-11, 95% CI [-.19, -.12]).  

Performance fluctuations occur consistently over time 

 One alternative explanation for the increased prevalence of performance failures for low K 

subjects is that they took much longer to learn the task and had an inflated level of performance 

failures in early blocks. Similarly, the relationship between performance failures and capacity 

could also be explained if low K subjects “give up” at the end of the experiment. To test these 

time-based explanations of performance, we examined the occurrence of performance failures 

over time.  

 In Figure 2-5a, we illustrate performance for all subjects and all trials across time. Each 

row represents a subject, and rows are sorted by overall whole-report performance. As such, low-

performing subjects are on the bottom of the graph and high-performing subjects are on the top.  

Black tick marks represent extreme performance failures (0 or 1 correct), gray tick marks 

represent below typical modal performance (2 correct) and white tick marks represent full 

engagement trials (3 or more correct). Red vertical lines represent block breaks. Because there 

was only condition in Experiment 2-2 (set-size six), there is a unique opportunity to look at 
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variations in working memory performance, on a single trial basis, that are not due to condition 

or set-size difficulty. Instead, fluctuations in performance represent fluctuations in task 

engagement. As can be seen by the heterogeneous appearance of black and white tick marks, 

performance failures were scattered throughout the experiment for both high and low K subjects. 

 

Figure 2-5 Performance fluctuations over time in Experiment 2-1b 
(a) Data from all subjects and all trials is shown over time. Each subject is a row (sorted by 
whole-report performance) and the horizontal axis corresponds to trials over time. Tick mark 
color corresponds to the performance outcome; red lines delineate block breaks. (b) A summary 
of the prevalence of performance failures (0 or 1 items correct) over blocks. Gray bars show the 
mean performance level; red and blue lines illustrate a median split of subjects. (c) Reliability of 
mean number correct (left) and prevalence of performance failures (right) for even versus odd 
blocks.   

 To quantify this trend, we examined the frequency of performance failures over time 

(Figure 2-5b). We performed a median split based on change detection K and ran a two-way 

repeated measures ANOVA with run (9 blocks, within-subjects) and group (two-groups, 

between-subjects) as the main factors. We plotted average accuracy for all subjects and blocks 
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but we restricted the ANOVA to blocks 1 – 9 because some subjects did not reach block 10 

(those with pink tick marks in Figure 2-5a). We found a significant main effect of group, F(1, 

42) = 132.5, p < .001, and of block, F(8, 336) = 4.96, p = < .001, but no interaction of block and 

group, F(8, 336) = .677, p = .71. The lack of interaction indicates that that while there were 

block effects for both groups of subjects the difference between high- and low-capacity subjects 

was consistent over time. Post-hoc pairwise comparisons revealed that only the first block was 

significantly different from any of the other blocks. Lapses were significantly higher in the first 

block than in blocks 2 through 5 (p < .015) or in blocks 7 through 8 (p < .02). Notably, subjects 

did not complete a set of practice trials before beginning the experiment, so a learning effect 

would be expected. In sum, an increased lapse rate in the first block explains the difference in 

lapses over time, but a differential ability to learn the task does not explain the consistent 

difference in lapses between subjects.  

 As an additional check on the reliability of whole-report performance within a session, we 

performed a between-blocks reliability analysis. The reliability of average performance and 

performance failures is shown in Figure 2-5c as the correlation between performance on even 

blocks and odd blocks. Since not all subjects finished 10 blocks, we restricted the analysis to 

blocks 2 – 9 and included all subjects. We used Cronbach’s alpha to quantify reliability. 

Performance failures were highly reliable for both mean performance (Cronbach’s α = .97, 

blocks 2 - 9) and for performance failures (Cronbach’s α = .93, blocks 2 - 9). In sum, we found 

that differences in the preponderance of performance failures are not due to learning differences 

between high- and low-capacity subjects. Furthermore, whole-report estimates of working 

memory performance are highly reliable throughout the session. 
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Performance fluctuations are not due to artifacts or sensory encoding differences 

 In Experiment 2-2 we recorded EOG and EEG while subjects completed the whole-report 

task. First, we wanted to examine the role of simple task non-compliance on the rate of poor 

performance trials (fewer than 3 items correct). We instructed subjects to keep their eyes on a 

fixation cross and not to close their eyes during the presentation of the memory array; if subjects 

did not follow these instructions (e.g., moving their eyes away from the screen, blinking during 

the presentation array), then they may show degraded performance.  To test this possibility, we 

measured the occurrence of poor performance trials before and after excluding trials containing 

ocular artifacts. We found that the overall ratio of low-performance trials was not significantly 

changed after removing ocular artifacts, t(22) = 1.2, p = .24 (Figure 2-6a), and the relationship 

between poor performance trials and change detection K was preserved, R2 = .23, p = .022. 

Furthermore, the relationship between the percentage of artifact-rejected trials and K was non-

significant, R2 < .01, p = .85. Thus, for the vast majority of lapse trials, the subject's eyes were 

indeed open and pointed toward the screen. The percentage of trials that subjects are negligent of 

eye movement instructions does not predict their overall performance level. 

 

Figure 2-6 Performance fluctuations do not relate to task compliance or sensory encoding 
(a) The prevalence of poor trials (<= 2 correct) before and after removing ocular artifacts. (b) 
The P1/N1 visual-evoked response as a function of performance outcome (good versus poor 
trials).  
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 Next, we wanted to examine whether poor performance trials were associated with 

decreased sensory processing (Weissman, Roberts, Visscher, & Woldorff, 2006). We measured 

the mean amplitudes of the visual-evoked P1/N1 ERP components and found that there were no 

significant differences in amplitude between poor trials (<3 correct) and good trials (>3 correct) 

for the P1(70 - 120 ms), t(22) = .59, p = .56, or the N1(130 - 170 ms), t(22) = .49, p = .63 (Figure 

2-6b). Together, we found no evidence that early sensory processing of external stimuli was 

impaired during poor performance trials.  

Performance fluctuations are related to frontal theta and posterior alpha power   

 Finally, we tested whether hypothesized neural correlates of attentional engagement and 

working memory storage predicted whole-report performance. In particular, we focused on 

spectral power in the theta and alpha frequency bands. Frontal theta power has been shown to 

relate to measures of executive control (Cavanagh & Frank, 2014), working memory load 

(Deiber et al., 2007; Jensen & Tesche, 2002), successful retrieval (Hsieh & Ranganath, 2014), 

and manipulation of information in WM (Itthipuripat, Wessel, & Aron, 2013). Decreased alpha 

power has been shown to relate to attention and semantic memory performance (Klimesch, 1999; 

Klimesch, Doppelmayr, Schimke, & Ripper, 1997), and with task difficulty and WM load 

(Gevins, 2000; Gevins, Smith, McEvoy, & Yu, 1997; Stipacek, Grabner, Neuper, Fink, & 

Neubauer, 2003). Here, we wanted to examine whether, given the same difficult task load, we 

could predict trial-to-trial fluctuations in subjects’ success using markers shown to be related to 

overall task difficulty.  

 First, we wanted to test the simple hypothesis that average frontal theta or posterior alpha 

power (calculated over the entire trial period) correlates with overall working memory ability. 

While some studies have found evidence for a relationship between individual differences in 
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spectral power and cognitive ability (Gevins, 2000; Zakrzewska & Brzezicka, 2014), such 

relationships are more often unreported in the literature. In our study, we found no relationship 

of mean posterior alpha power with either change detection (r = .07, p = .88) or whole-report 

performance (r = -.24, p = .26). We found that frontal theta power correlated positively with 

change detection capacity (r = .45, p = .03), consistent with previous measures of theta power 

and working memory. However, theta power did not correlate with whole-report performance (r 

= .28, p = .19), despite the strong relationship between change detection and working memory 

performance for this sample (r = .61, p < .01). In sum, we conclude that overall frontal theta 

power may relate to working memory performance in some settings, but either (1) it does not 

consistently relate to all working memory tasks or (2) the power in this sample is insufficient to 

show the relationship consistently across tasks.  

Despite inconsistent findings for a strong between-subjects relationship of WM ability 

and theta power, we are in a good position to examine within-subject, trial-by-trial predictors of 

performance. In the current experiment, subjects completed many trials of the same condition; as 

such, we can examine oscillatory predictors of trial-by-trial performance. In Figure 2-7, each 

subplot represents the time-frequency plot for a single electrode during Experiment 2-2. Each 

heat map was created by subtracting the time-frequency plot for poor trials (<=2 correct) from 

good trials (>=4 correct). A difference in theta was especially prominent at frontal channels, 

while a difference in alpha power was prominent at the posterior channels. Collapsing across 

frontal electrodes (Figure 2-8a), we found that decreased frontal theta power (4-7Hz) predicted 

poor-performance trials (Figure 2-8b) starting about midway through the pre-trial period and 

sustaining throughout the retention interval. To summarize significance for key trial events, we 

examined theta power for early and late pre-trial periods, the encoding period, and the retention 
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interval (Figure 2-8b). Time-point zero corresponds to stimulus onset. We found that theta did 

not predict performance in the first half of the pre-trial period (-1400 to -700 ms), t(22) = .845, p 

= .80, but began to predict performance in the second half of the pre-trial period, t(22) = 2.05, p 

= .026. Theta power continued to predict working memory performance throughout the encoding 

period (0 to 250 ms), t(22) = 3.06, p < .01, and during the retention interval (250 ms to 1550 ms), 

t(22) = 2.80, p < .01.1 

 

Figure 2-7 Spectrogram for good trials minus poor trials for each electrode 
Each spectrogram represents spectral power at all frequencies from 4 to 30 Hz for each of the 
electrode sites measured during Experiment 2-2.  

                                                
1 P-values are not corrected for multiple comparisons; the Bonferroni-corrected threshold for four 
comparisons is p = .013.  The pre-trial effect (p = .026) does not survive this more conservative 
thresholding. If we choose only a single time window (-700 to 0 ms), we can check for this effect 
at all electrodes of interest (see Figure 2-7): Fz (p = .026), F3 (p = .037), F4 (p = .1), T3 (p = 
.03). 
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Collapsing across posterior channels (Figure 2-8c), we found that decreased alpha power 

(8 - 12Hz) was associated with higher performance, starting near the end of the retention interval 

(around 800 ms). We again determined alpha’s ability to predict trial performance during key 

trial periods (Figure 2-8d). Unlike frontal theta, posterior alpha power did not predict 

performance in the pre-trial period (-1400 to 0 ms), t(22) = .62, p = .73, or in the encoding 

period (0 to 250 ms), t(22) = 1.16, p = .13. However, decreased alpha power started to predict 

better performance during the retention interval (250 ms to 1550 ms), t(22) = 2.50, p = .01. This 

effect was driven by the second half of the retention interval. Alpha power was no different for 

good and poor trials in the first half of the retention interval (250 ms to 950 ms), t(22) = 1.2, p = 

.12, but was significantly modulated in the second half of the retention interval, t(22) = 2.57, p < 

.01, perhaps indicating that subjects were less likely to drop items from memory toward the end 

of successful trials. This finding is consistent with previous work showing that greater alpha-

band desynchronization is associated with increasing cognitive load.  
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Figure 2-8 Theta and alpha power as a function of whole-report performance 
(a) Spectral power for good trials minus poor trials at frontal electrode sites. (b) Mean theta 
power (4 to 7 Hz) as a function of trial performance. (c) Spectral power for good trials minus 
poor trials at posterior electrode sites. (d) Mean alpha power (8 to 12 Hz) as a function of trial 
performance. 

Discussion 

 We investigated two plausible models for how within-subject variance in working memory 

performance within a session gives rise to individual differences in WM capacity. To do this, we 

developed and validated a novel whole-report task that provides a trial-by-trial estimate of 

working memory successes and failures. Examining several criteria, we found evidence against a 

coarse lapse model and substantial positive evidence in favor of an attentional control model. 

First, we found that failures rates increased as the task-load increased. This result is inconsistent 

with lapse models that assume that such failures should be equivalent irrespective of task 

demands (Rouder et al., 2008, 2011), but is consistent with an attentional control account 

(Fukuda, Woodman, et al., 2015). Second, we observed that while low capacity individuals had 
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more complete performance failures than high capacity individuals, this higher failure rate was 

better explained as a downward shift of performance distributions for the low capacity 

individuals. We found no evidence for a bimodal distribution of performance, as would be 

predicted by a lapse model. This clear distinction between the two hypothesized performance 

distributions was confirmed by using simulations to test the lapse and attentional control models. 

We found that though both models could simulate mean performance levels, only the attentional 

control model produced the distribution of outcomes observed in the data. Finally, our neural 

data indicated that performance failures are associated with changes in oscillatory signatures of 

attentional control: decreased frontal theta power and increased posterior alpha power.  

 In addition to providing evidence for the attentional control model, our data allowed us to 

test several potential mechanisms that potentially underlie performance failures. One plausible 

explanation of individual differences in the rate of performance failures is the effect of time 

within the session; individual differences could simply be due to how quickly subjects learn the 

task (e.g., many failures at beginning) or become fatigued (e.g., many failures at the end). This 

hypothesis predicts that individual differences are disproportionately explained by performance 

at the very beginning or end of the experiment. Contrary to this hypothesis we found that 

performance failures occurred consistently throughout the experiment and that the differences 

between high and low capacity individuals were stable throughout the entire experiment. A 

second explanation for performance failures is simple task non-compliance. Though we instruct 

subjects to keep their eyes open and focused on the central fixation dot, subjects blinking or 

moving their eyes away from fixation could result in poor performance. However, we found no 

relationship between the rate of EOG artifacts and performance failures, and that these failure 

rates are preserved even after excluding trials with ocular artifacts. A third reason for poor 
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performance is that there is insufficient sensory encoding of the memory array items. However, 

we found no difference in the visual-evoked response (P1 and N1) to the memory array items 

between poor and good performance trials. Together, these results suggest that working memory 

performance failures are not simply due to slow learning, fatigue, ocular artifacts, or poor 

sensory encoding. 

 In contrast to the above results, our neural measures provided positive evidence that 

performance failures are related to well-known oscillatory markers of attentional control 

mechanisms: frontal theta and posterior alpha. We found that mean frontal theta power was 

higher on successful trials than on failure trials and that this difference began a few hundred 

milliseconds before memory encoding and persisted throughout the retention period. There is a 

substantial literature relating frontal theta power to attentional control and memory success and 

the current work is broadly consistent with these findings. In addition, the finding that theta 

power can distinguish between working memory successes and failures before the trial has begun 

suggests that it reflects preparatory mechanisms of attentional control that need to be engaged in 

advance to adequately perform these tasks (Leber, Turk-Browne, & Chun, 2008). Likewise, 

towards the end of the retention interval, we observed that increased posterior alpha power 

predicted performance failures. This may reflect an inability to sustain the alpha 

desynchronization that is necessary for ongoing memory storage. Together, our findings fit well 

within the literature showing that increased theta and decreased alpha at encoding predict 

successful memory performance (Klimesch, 1999; Klimesch et al., 1997; Stipacek et al., 2003). 

Our findings are also consistent with hypotheses about (1) the strong relationship between 

working memory and attention (Chun, Golomb, & Turk-Browne, 2011; Engle & Kane, 2003; 

Unsworth et al., 2014), (2) the trial-to-trial variability of attention (Esterman, Noonan, 
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Rosenberg, & DeGutis, 2013; Esterman, Rosenberg, & Noonan, 2014) and (3) the importance of 

pre-frontal networks in sustaining attentional control (Giesbrecht, Woldorff, Song, & Mangun, 

2003; Liesefeld, Liesefeld, & Zimmer, 2014). 

 Individual differences in visual working memory capacity are robust, stable, and predictive 

of fluid intelligence and have been proposed to be due to variations in attentional control (Engle, 

Kane, et al., 1999; Fukuda, Vogel, et al., 2010; Unsworth et al., 2014). However, a compelling 

alternative model proposes that these differences are instead due to how frequently the individual 

is completely disengaged from the task at hand. Our current results reject such a coarse lapse 

model, and suggest that graded fluctuations in attentional control from trial to trial within a 

session drive the individual differences in capacity that are observed in traditional aggregate 

measures of performance. Failed attentional control on a trial would be expected to produce a 

wide swath of processing errors such as insufficient individuation, poor resolution, item position 

swapping, and retrieval failures. The present work suggests that the ability to prevent such 

failures by consistently engaging attentional control mechanisms during challenging tasks is a 

central component of an individual's cognitive ability. 
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CHAPTER 3.  CLEAR EVIDENCE FOR ITEM LIMITS IN VISUAL WORKING 

MEMORY 

Introduction 

Working memory (WM) is an online memory system where information is maintained in 

the service of ongoing cognitive tasks. Although there is a broad consensus that WM resources 

are sharply limited, there has been sustained debate about the precise nature of these limits. On 

the one hand, discrete-resource models argue that only a handful of items can be maintained at 

one time, such that some items fail to be stored when the number of memoranda exceeds the 

observer’s capacity (Awh et al., 2007; Cowan, 2001; Rouder et al., 2008; Zhang & Luck, 2008). 

On the other hand, continuous resource models argue that WM storage depends on a central pool 

of resources that can be divided across an unlimited number of items (Bays & Husain, 2008; van 

den Berg et al., 2012; Wilken & Ma, 2004).  

Of course, it has long been known that memory performance declines as the number of 

memoranda increases in a WM task. For example, Luck and Vogel (1997) varied the number of 

simple colors in a change detection task that required subjects to detect whether one of the 

memoranda had changed between two sequential presentations of a sample display. They found 

that while performance was near ceiling for set sizes up to three items, accuracy declined quickly 

as set size increased beyond that point. This empirical pattern is well described by a model in 

which subjects store 3-4 items in memory and then fail to store additional items. However, the 

same data can be accounted for by a continuous resource model that presumes storage of all 

items, but with declining precision as the number memoranda increases (Wilken & Ma, 2004). 

According to continuous resource accounts, increased errors with larger set sizes are caused by 
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insufficient mnemonic precision rather than by storage failures (but for a critique of this account 

see Nosofsky & Donkin, 2016b). Thus, a crux issue in this literature has been to distinguish 

whether performance declines with displays containing more than a handful of items are due to 

storage failures or sharp reductions in mnemonic precision.  

In this context, Zhang and Luck (2008) offered a major step forward with an analytic 

approach that provides separate estimates of the probability of storage and the quality of the 

stored representations. They employed a continuous recall WM task in which subjects were cued 

to recall the precise color of an item from a display with varying numbers of memoranda. Their 

key insight was that if subjects failed to store a subset of the items, there should be two 

qualitatively distinct types of responses within a single distribution of response errors. If subjects 

had stored the probed item in memory, responses should be centered on the correct color, with a 

declining frequency of responses as the distance from the correct answer increased. But if 

subjects had failed to store the probed item, then responses should be random with respect to the 

correct answer, producing a uniform distribution of answers across the entire space of possible 

colors. Indeed, their data revealed that the aggregate response error distribution was well 

described as a weighted average of target-related and guessing responses. Thus, Zhang and Luck 

(2008) provided some of the first positive evidence that working memory performance reflects a 

combination of target-related and guessing responses.  

Subsequent work, however, has argued that the empirical pattern reported by Zhang and 

Luck (2008) can be explained by continuous resource models that presume storage of all items in 

every display (van den Berg et al., 2014, 2012). A key feature of these models has been the 

assumption that precision in visual WM may vary substantially; thus, while some items may be 

represented precisely, other representations in memory may contain little information about the 
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target item. Using this assumption, van den Berg et al. (2012) showed that they could account for 

the full distribution of errors – including apparent guessing – and that their model outperformed 

the one proposed by Zhang and Luck (2008). Indeed, converging evidence from numerous 

studies has left little doubt that precision varies across items in these tasks (e.g., Fougnie, 

Suchow, & Alvarez, 2012). That said, the question of whether precision is variable is logically 

separate from the question of whether observers ever fail to store items in these procedures. To 

examine the specific reasons why one model might achieve a superior fit over another, it is 

necessary to explore how distinct modeling decisions influence the outcome of the competition. 

Embracing this perspective, van den Berg, Awh and Ma (2014) carried out a factorial 

comparison of WM models in which the presence of items limits and the variability of precision 

were independently assessed. Although this analysis provided clear evidence that mnemonic 

precision varies across items and trials, the data were not decisive regarding the issue of whether 

working memory is subject to an item limit. There was a numerical advantage for models that 

endorsed item limits, but it was not large enough to draw strong conclusions. Thus, the critical 

question of whether item limits in visual working memory elicit guessing behavior remains 

unresolved.  

Here, we report data that offer stronger traction regarding this fundamental question 

about the nature of limits in working memory. Much previous work has focused on explaining 

variance within aggregate response-error distributions (i.e., the shape of the response distribution 

and how it changes across set sizes). Here, we chose a different route. Rather than developing a 

new model that might explain a small amount of additional variance in “traditional” partial report 

datasets, we developed a new experimental paradigm in which subjects recalled—in any order 

that they wished—the precise color (Experiment 3-1a) or orientation (Experiment 3-1b) of every 
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item in the display. This procedure has the key benefit of measuring the quality of all 

simultaneously remembered items, and it yields the clear prediction that if there are no item 

limits, then there should be measurable information across all responses. To anticipate the 

results, this whole report procedure provided rich information about the quality of all items 

within a given trial as well as subjects’ metaknowledge of variations in quality. Observers 

consistently reported the most precisely remembered items first, yielding monotonic declines in 

information about the recalled item with each successive response. Critically, for the plurality of 

subjects, the final three responses made were best modeled by the parameter-free uniform 

distribution that indicates guessing. In additional analyses and experiments, we showed that 

subjective guess ratings tracked mixture model guessing parameter (Experiments 3-1 & 3-2), that 

output interference could not explain our estimates of capacity (Experiment 3-2), and that 

making subjective guess ratings did not drive our evidence for guessing (Experiment 3-3). 

Finally, we used simulations to question a key claim of the variable precision model – that 

representations used by this model all contain measurable information. Previously, others have 

suggested that the variable precision model may mimic guess responses with ultra-low precision 

representations (Nosofsky & Donkin, 2016b; Sewell, Lilburn, & Smith, 2014). Here, we 

advanced these claims by showing that variable precision models that eschew guessing posit a 

high prevalence of memories that are indistinguishable from guesses. Moreover, the frequency of 

these putative representations precisely tracked the estimated rate of guessing in models that 

acknowledge item limits. 

In sum, there has been a longstanding debate over whether there is any limit in the 

number of items that can be stored in working memory. Our findings provide compelling 

evidence that working memory is indeed subject to item limits, disconfirming a range of prior 
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models that deny guessing entirely or posit an item limit that varies from trial to trial without any 

hard limit in the total number of items that can be stored (e.g., Sims et al., 2012; van den Berg et 

al., 2014). Instead, our results point toward a model where each individual has a capacity ceiling 

(e.g., 3 items), but they frequently under-achieve their maximum capacity, likely due to 

fluctuations in attentional control (Adam, Mance, Fukuda, & Vogel, 2015). 

Experiment 3-1 

Materials & Methods 

Experiment 3-1a: Color memoranda 

Subjects. 22 subjects from the University of Oregon completed Experiment 3-1a for 

payment ($8 per hour) or class credit. All participants had normal color vision and normal or 

corrected-to-normal visual acuity, and all gave informed consent according to procedures 

approved by the University of Oregon institutional review board.  

Stimuli. Stimuli were generated in MATLAB (The MathWorks, Inc., Natick, MA, 

www.mathworks.com) using the Psychophysics Toolbox extension (Brainard, 1997; Pelli, 1997). 

Stimuli were presented on a 17-inch flat cathode ray tube computer screen (60 Hz refresh rate) 

on a Dell Optiplex GX520 computer running Windows XP and viewed from distance of 

approximately 57 cm. A chin rest was not used, so all visual angle calculations are approximate. 

A gray background (RGB = 128 128 128) and a white fixation square subtending .25 by .25 

degrees of visual angle appeared in all displays. In Experiment 3-1a, subjects were asked to 

remember the precise color of squares in the memory array, each subtending 1.7 by 1.7 degrees. 

Colors for memory stimuli were chosen randomly from a set of 360 colors taken from a 

CIE L*a*b* color space centered at L = 54, a = 18 and b = –8. Note, colors were generated in 

CIE L*a*b* space, but they were likely rendered with additional variability; monitors were not 
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calibrated to render true-equiluminant colors. Others have compared calibrated versus 

uncalibrated monitors and found consistent results (Bae, Olkkonen, Allred, & Flombaum, 2015; 

Bae, Olkkonen, Allred, Wilson, & Flombaum, 2014). Uncalibrated monitors may exaggerate the 

amount of variability in precision across different colors in the color wheel. 

Spatial positions for colored stimuli were equidistant from each other on the 

circumference of circle with a radius of 3.75 degrees around the fixation point. At test, a 

placeholder array of dark gray squares (RGB = 120 120 120) and a color wheel (radius = 11.9 

degrees of visual angle) appeared, and the mouse cursor was set to the fixation point. The color 

wheel rotated on each trial so that subjects could not use spatial locations of colors to plan 

responses. When a placeholder item was selected for response, its color changed to light gray 

(RGB = 145 145 145). During response selection, the selected square changed colors to match 

the color that matched the current position of the mouse cursor; after response selection the 

selected square returned to dark gray. 

Procedures. The session for Experiment 3-1a lasted approximately 1.5 hours and 

participants completed 5 blocks of 99 trials (99 trials per set size). On each trial, a memory array 

with one, two, three, four or six colored squares appeared briefly (150 ms) followed by a blank 

retention interval (1000, 1200, or 1300 ms). Retention interval length was jittered to add 

variability and were collapsed for analyses. There were not enough trials to separately fit model 

parameters to each retention interval duration. After the retention interval, the test display 

appeared, containing the color wheel and placeholder squares. The response order was 

determined freely by the subject. Subjects chose the first response item by clicking on one of the 

dark gray placeholders; the dark gray placeholder turned light gray, indicating that this square 

was chosen for response. The mouse cursor was set back to the fixation point to avoid any 
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response bias based on spatial proximity of a chosen square to a section of the color wheel. Then, 

the subject selected a color on the color wheel that best matched their memory of the square. 

During each response, participants were instructed to indicate their confidence with a mouse 

click. Participants were instructed to use one mouse button to make their response if they felt 

they had “any information about the item in mind,” and to use the other mouse button to indicate 

when they felt they “had no information about the item in mind.” After responding to the first 

item, the mouse was set back to the fixation point. Subjects repeated the item selection and color 

selection procedure until they had responded to all of the items. After finishing all responses, the 

placeholder squares disappeared and the next trial began after a blank inter-trial interval (1300 

ms).  

Experiment 3-1b: Orientation memoranda  

 Subjects. 23 subjects from the University of Chicago participated in Experiment 3-1b for 

payment ($10 per hour). Three subjects participated in the study but were not included in the 

final sample because they left the session early (2 subjects) or stayed for the full session but 

failed to complete all trials (1 subject); this left a total of 20 subjects for analysis. All participants 

had normal or corrected-to-normal visual acuity, and all gave informed consent according to 

procedures approved by the University of Chicago institutional review board. 

Stimuli. Stimuli were presented on a 24-inch LCD computer screen (BenQ XL2430T; 

120 Hz refresh rate) on a Dell Optiplex 9020 computer running Windows 7 and viewed from 

distance of approximately 70 cm. A chin rest was not used, so all visual angle calculations are 

approximate. In Experiment 3-1b, subjects were asked to remember the precise orientation of a 

line embedded in a circle (see inset of Figure 3-1). The stimuli in each memory array had a 

radius of approximately .9 degrees of visual angle, and their orientations were randomly chosen 



 49 

from 360 degrees of orientation space. Stimuli were presented on a gray background (RGB = 85 

85 85), and a white fixation circle appeared in all displays (diameter = .14 degrees). Dark gray 

placeholder circles (RGB = 45 45 45) were used during the test period. Spatial positions of the 

discs were randomly placed within a box 6.6 degrees of visual angle to the left and right of 

fixation and 6.1 degrees above and below fixation, with the stipulation that there must be a 

minimum distance of 1.25 items between items’ centers.  

 

Figure 3-1 Task design 
Panel A depicts the order of events in Experiment 3-1. Panel B depicts the order of events in 
Experiment 3-2. Color stimuli were used in Experiment 3-1a and -2a, the orientation stimuli 
(inset) were used in Experiment 3-1b and -2b. 

Procedures. Procedures in Experiment 3-1b (orientation) were similar to Experiment 3-

1a. Each experimental session lasted approximately 2.5 hours and subjects completed 20 blocks 

of 50 trials (200 trials per set size). On each trial in Experiment 3-1b, a memory array with one, 

two, three, four or six black orientation stimuli appeared briefly (200 ms) followed by a blank 

retention interval (1000 ms). After the retention interval, the test display appeared, containing 
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dark gray placeholder circles. The response order was determined freely by the subject. Subjects 

responded to each item by first clicking on the location of the item they wished to report. After 

selecting the item, the gray placeholder circle was replaced by a black test circle. Participants 

then used the mouse to click the edge of the circle at the location of the remembered orientation. 

During each response, participants were instructed to indicate their confidence with a mouse 

click. Participants were instructed to use one mouse button to make their response if they felt 

they had “any information about the item in mind,” and to use the other mouse button to indicate 

when they felt they “had no information about the item in mind.” After responding to all items, 

the next trial began with the blank inter-trial interval (1000 ms).  

Fitting Response Error Distributions 

 Model-free circular statistics. To quantify change in mnemonic quality without 

committing to contentious model assumptions, we used a circular statistics measure to quantify 

mnemonic performance. Circular statistics were calculated using “CircStat”, a circular statistics 

toolbox for MATLAB (Berens, 2009); for more information on statistics in circular space, see 

Zar (2010). Response error distributions are centered around 0 degrees of error in a circular 

normal space (e.g., -180 degrees is the same as 180 degrees of error). The direction and 

variability of data-points in a given response error distribution can be described by the mean 

(“circ_mean.m”; Zar (2010) pp. 612) and the mean resultant vector length (MRVL; r, 

“circ_r.m”; Zar (2010) pp. 615) of the distribution. The circular mean indicates the average 

direction of data-points (e.g., the central tendency), whereas MRVL indicates the variability of 

data-points. MRVL varies from 0 (indicating a complete absence of information about the target) 

to 1 (indicating perfect information about the target).  
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Model fitting. In addition to using circular statistics, for some analyses we fit a mixture 

model to response error distributions (Zhang & Luck, 2008). Although there is debate regarding 

the mixture model’s assumption that subjects sometimes guess, this analytic approach allowed us 

to compare subjects’ self-reports of guessing to the frequency of guess responses postulated by 

these mixture models.  Thus, response errors for each response at each set size were fit for each 

subject with a mixture model using a maximum likelihood estimation procedure in the 

MemToolbox package (Suchow, Brady, Fougnie, & Alvarez, 2013, www.memtoolbox.org). The 

mixture model fits response errors with a mixture of two distributions, a Von Mises distribution 

(circular normal) and a uniform distribution. The contribution of the uniform distribution to the 

response error distribution is described by the guessing parameter, g, and the dispersion of the 

Von Mises component is described by the precision parameter, sd.1 The guessing parameter 

ranges from 0 to 1, and quantifies the “proportion of guesses” in the distribution, whereas the 

precision parameter is given in degrees (higher values indicate poorer precision). Using 

MemToolbox, we could also compare BIC values for the mixture model to an all-guessing model 

(uniform distribution).  

Results & Discussion 

In Experiment 3-1 we tested for the presence of guessing in response errors. A model of 

working memory that includes item limits and guessing predicts uniformly distributed responses 

for items that subjects cannot recall. That is, some responses are based on positive knowledge of 

the target, and some responses are completely random. To preview our results, we found that a 

uniform distribution (with zero free parameters) was the best-fitting distribution for a substantial 

                                                
1 The dispersion of the Von Mises probability density function used in the model is specified 
with k (concentration), this is later converted to sd for interpretation.  
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portion of responses and that subjects consistently reported that these responses were guesses. 

Data from Experiment 3-1 and all following experiments are available on our Open Science 

Framework project page, https://osf.io/kjpnk/. 

 Change in quality across set sizes and responses  

 To examine the effects of set size, we collapsed across all responses to create the 

response error distribution for each set size. Consistent with the previous literature, we observed 

a systematic decline in MRVL across set sizes (Figure 3-2) in Experiment 3-1a (Color), F(2.45, 

51.38) = 431.9, p < .001, hp
2 = .95, and Experiment 3-1b (Orientation), F(1.45, 27.62) = 675.58, 

p < .001, hp
2 = .972. As the memory load increased, the distribution of response errors became 

increasingly diffuse, indicating that on average less information was stored about each 

memorandum. Importantly, overall MRVL values and the slope of their decline across set sizes 

was similar to that observed in past studies using single probe procedures. Below, a more 

detailed analysis of Experiment 3-2 findings will provide further evidence for this observation. 

Thus, requiring the report of all items did not induce qualitative changes in performance at the 

aggregate level. Nevertheless, as the following results will show, the whole report procedure 

provided some important new insights about the distribution of mnemonic performance across 

the items within a trial.  

                                                
2 Greenhouse-Geisser corrected values are reported wherever the assumption of sphericity is 
violated.  
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Figure 3-2 Aggregate data for Experiment 3-1 
Collapsing across all responses within a set size, we see a typical decline in precision with 
increasing memory load. 

  Next, we examined the effect of response order within each set size. Recall that subjects 

were free to recall each item in whatever order they chose. As Figures 3-3 and 3-4 show, there 

was a strong tendency for subjects to report the best remembered items first. There was a sharp 

drop in MRVL from early to late responses within a trial. A repeated-measures ANOVA for each 

set size with a within-subject factor for response order showed a clear main effect of response 

order for all set sizes in Experiment 3-1a (Table 1) and Experiment 3-1b (Table 2). Planned 

contrasts comparing each earlier response to the last response revealed that performance declined 

monotonically with response order, except for between the fifth and sixth responses in the set 

size six condition where MRVL values were hovering just above the floor of 0 (p = .96 for 

Experiment 3-1a, p = .13 for Experiment 3-1b). MRVL decreased by on average .18 per response 

in Experiment 3-1a and .19 per response in Experiment 3-1b. From the first to the last response 

in set size 6, estimates of mean resultant vector length decreased by .74 in Experiment 3-1a and 
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.84 in Experiment 3-1b (maximum possible difference of 1.0), reaching minimum values of 

between 0.05 and 0.10. To summarize, when subjects were allowed to report all items in any 

order that they chose, we observed a consistent drop in target information with each additional 

response. This suggests that subjects reported the best remembered items first, and that they had 

strong meta-knowledge of which items were remembered the best. Below, we will show that 

subjects’ explicit reports of guessing were also quite accurate in tracking their mnemonic 

performance.  

 
Table 3-1 Change in Mean Resultant Vector Length across responses in Experiment 3-1a 

Set Size df1 df2 F p hp
2 

2 1 21 42.4 <.001 .67 
3 2 42 129.5 <.001 .86 
4 2.2 45.4 223.8 <.001 .91 
6 2.8 58.4 295.2 <.001 .93 

 

Table 3-2 Change in Mean Resultant Vector Length across responses in Experiment 3-1b 
Set Size df1 df2 F p hp

2 
2 1 19 66.1 <.001 .78 
3 1.2 21.9 116.1 <.001 .86 
4 1.5 28.3 217.3 <.001 .92 
6 2.1 40.2 389.5 <.001 .95 
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Figure 3-3 Quality of subject-ordered representations covaries with response order 
All set sizes and responses are shown for (A) Experiment 3-1a and (B) Experiment 3-1b.    
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Figure 3-4 Mean Resultant Vector Length for subject-ordered responses 
MRVL across responses in Experiment 3-1a (A) and -1b (B). Shaded error bars represent 1 
standard error of the mean (SEM).  

Evidence for guessing in the set size 6 condition  

Thus far, the findings from the whole report procedure have mirrored those found in past 

studies using single-item probes. The shape of the aggregate error distribution, as well as the 

decline in MRVL values with increasing set size, fell in line with past studies. Going beyond 

this, testing all items in each trial provided new insight into the full range of memory 

performance across each item in the sample array. Notably, there appeared to be uniform error 

distributions – the distribution predicted when subjects fail to store the relevant item – for the 

fifth and sixth items recalled in the set size 6 condition (see Figure 3-3). This may be a critical 

observation. While past work has shown that it is difficult to adjudicate between models that 

endorse guessing and those that propose high prevalence of low fidelity memories, the whole 

report procedure appears to provide clear evidence of guessing behavior in the set size 6 

condition.  
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To objectively test the hypothesis that subjects guessed during later responses, we used a 

BIC approach to compare the fit of a uniform distribution with the fit of a mixture model3 (the 

simplest implementation of some guessing plus some information) using MemToolbox (Suchow 

et al., 2013). Any reliable central tendency in the error distribution should yield a lower BIC 

value for such a mixture model than for the uniform model. If, however, guessing alone is 

adequate to explain performance, then the BIC value should be lower for the uniform 

distribution. For each participant, we operationally defined a capacity limit by counting the 

number of empirically-defined uniform distributions during Set Size 6 trials. Our logic for this 

operational definition of capacity is as follows: participants tended to report items in order of 

decreasing quality, and we would expect that a participant who stored 3 items would first report 

these items before making any guess responses. Thus, they would have 3 non-uniform responses 

and 3 uniform responses. Participants who maximally stored different numbers of items would 

be expected to have different numbers of uniform distributions. Note, this analysis relies on the 

assumption that participants had robust metaknowledge that enabled them to report items in 

declining order of quality. Thus, if an individual had poor meta-awareness of stored items (i.e., 

they sometimes reported their best items toward the end of the trial), then this operational 

                                                
 3 We thought it unlikely that models with more free parameters than a mixture model would 
beat a zero-parameter uniform distribution, but we nevertheless ran a second version of the 
model competition in which we included 5 models available in the MemToolbox: (1) Uniform 
(2) Standard Mixture Model (3) Variable Precision (VP) Model, with Gaussian higher-order 
distribution of precision values (4) VP, with Gamma higher-order distribution (5) VP, with 
Gamma higher-order distribution plus a guessing parameter. Critically, MemToolbox 
implementations of these models allow model fitting to individual distributions without 
specifying set-size; this was important because we had no strong a priori assumptions about what 
“set size” each response distribution should be equivalent to. There was no difference in the 
results for either Experiment 3-1a or -1b. The uniform model won for the same individual 
distributions as when just comparing between the uniform and the mixture models.   
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definition of capacity would over-estimate that individual’s capacity limit. This analysis revealed 

that all subjects had between one and four responses best described by a uniform distribution, 

and that these were the last items reported in the trial (Figure 3-5). In Experiment 3-1a (Color), 

the average number of uniform responses was 2.64 (SD = .73), and in Experiment 3-1b 

(Orientation) the average number was 2.80 (SD = .77). Supplementary analyses revealed that the 

uniformity of later responses cannot be explained by a sudden increase in the tendency to report 

the value of the wrong item4. However, some guess responses may be due to retrieval failures 

rather than to lack of storage (Harlow & Donaldson, 2013; Harlow & Yonelinas, 2016). We also 

found that circular statistics approaches to test for uniformity yield similar conclusions5. In sum, 

we obtained clear positive evidence that the final responses in the set size 6 condition were 

guesses.  

                                                
 4 We ran a repeated-measures ANOVA on the Set Size 6 swap rates with Response Number 
as a within-subjects factor. Planned contrasts compared each earlier response (1-5) to the final 
response (6). In Experiment 3-1a, there was no main effect of response order on swaps, F(3.5, 
73.4) = 1.2, p = .327. That is, swaps were no more likely to occur for the later, uniform responses 
than they were to occur for early responses. In Experiment 3-1b, there was a significant main 
effect of response order on swaps, F(3.2, 60.3) = 4.41, p = .006. However, planned contrasts 
revealed that only responses 1 and 2 were different from response 6 (p < .02), whereas responses 
3 through 5 were indistinguishable from the final response (p > .10). In sum, the uniformity 
observed for responses 5 and 6 cannot be explained by a sudden increase in swap errors. 
  5 As an alternative to the BIC model comparison between uniform and mixture model 
distributions, we used a modified Rayleigh Test for uniformity. In Experiment 3-1, this analysis 
revealed an average of 2.36 uniform distributions per subject in Experiment 3-1a (SD = .79, 
ranging from1 to 4) and 2.85 uniform distributions per subject in Experiment 3-1b (SD = .59, 
ranging from 2 to 4).  
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Figure 3-5 Number of uniform responses for Set Size 6 in Experiments 3-1a and 3-1b 
(A) Histogram of subjects’ total number of Set Size 6 responses that were best fit by a uniform 
distribution. Top: Color Condition; Bottom: Orientation Condition. (B) Number of subjects’ 
responses best fit by uniform distributions as a function of response number. Top: Color 
Condition; Bottom: Orientation Condition. 

Our estimates of individual differences in capacity closely tracked the range found in the 

literature. A majority of participants had an estimated capacity between 3 and 4 items, and there 

was some variability on either side of this (Figure 3-5). Thus while every subject in this study 

showed evidence of an item limit, there was no direct evidence for a common storage limit 

across observers, in line with past work that has documented individual variations in neural 

markers of WM storage (e.g., Todd & Marois, 2004, 2005; Unsworth, Fukuda, Awh, & Vogel, 

2015; Vogel & Machizawa, 2004) and behavioral measures of performance (e.g., Engle, Kane, et 

al., 1999; Vogel & Awh, 2008; Z. Xu et al., 2017). Likewise, previous modeling efforts have 

acknowledged the need to account for individual differences in performance; models allow 

parameters to vary across individual subjects (e.g., Bays, Catalao, & Husain, 2009; van den Berg 

et al., 2014; Zhang & Luck, 2008).  
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Strong correspondence between subjective reports of guessing and the guessing parameter 

in a mixture model.  

   Previous work has demonstrated that subjective confidence strongly predicts mnemonic 

precision (Rademaker, Tredway, & Tong, 2012) and correlates strongly with fluctuations in trial-

by-trial performance (Adam & Vogel, 2017; Cowan et al., 2016). Our finding that subjects 

consistently reported the best-remembered items first also suggests that subjects have strong 

meta-knowledge regarding the contents of working memory. To provide an objective test of this 

interpretation, we examined whether or not subjects’ self-reports of guessing fell in line with the 

probability of guessing estimated with a standard mixture model (Zhang & Luck, 2008). A tight 

correspondence between subjects’ claims of guessing and mixture model estimates of guessing 

would demonstrate that subjects have accurate meta-knowledge and bolster the face validity of 

the guessing parameter employed in mixture models.  

 To examine the correspondence between subjective and objective estimates of guess 

rates, we fit a separate mixture-model to response errors for each response within each set size 

(16 total model estimates per subject). We also calculated the percentage of subjects’ responses 

that were reported guesses (guess button used) for each of these 16 conditions. Then, we 

correlated the g parameter with the percentage of reported guessing. If there is perfect 

correspondence between the guessing parameter and subjective reports of guessing, a slope of 

1.0 and intercept of 0.0 would be expected for the regression line. The resulting relationship 

between the model and behavioral guessing was strikingly similar to this idealized prediction 

(Figure 3-6). The average within-subject correlation coefficient was r = .94 (SD = .05, all p-

values < .001) in Experiment 3-1a and r = .93 (SD = .06, all p-values < .001) in Experiment 3-

1b, indicating a tight relationship between the model’s estimates of guessing and subjects’ own 
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reports of guessing. Participants were on average slightly over-confident (as indicated by a slope 

slightly less than one when the model’s guessing parameter was plotted on the x-axis). In 

Experiment 3-1a, participants had an average slope of .80 (SD = .29) and intercept of .03 (SD = 

.08). In Experiment 3-1b, participants had an average slope of .83 (SD = .19) and intercept of -

.05 (SD = .02). In sum, the striking correspondence between mixture model estimates of 

guessing and subjective reports of guessing suggests that subjects had excellent metaknowledge. 

The frequency with which subjects endorsed guessing precisely predicted the height of the 

uniform distribution estimated with a standard mixture model. 

 

Figure 3-6 The relationship between behavioral guessing and modeled guessing 
Each panel shows an individual’s correlation between reported guessing and the mixture model g 
parameter for each of 16 conditions (every response made for Set Sizes 1-4 and 6). The red 
dotted line represents perfect correspondence between behavioral guessing and modeled 
guessing (slope = 1, intercept = 0). 

Output interference as a potential source of guessing behavior  

 The data from Experiment 3-1 provide compelling evidence that that a substantial portion 

of subjects’ responses were best characterized by a uniform distribution associated with 
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guessing. Because subjects tended to respond first with the items that they remembered the best, 

these uniform distributions were observed in the last items that were reported within the whole 

report procedure. An important alternative explanation, however, is that the decline in memory 

performance across responses may have been due to output interference. Specifically, we 

considered whether merely reporting the initial items could have elicited the drop in performance 

that we saw for the last items reported within each trial. Indeed, output interference has been 

demonstrated in past studies of working memory (Cowan, Saults, Elliott, & Moreno, 2002). 

Thus, Experiment 3-2 was designed to measure the strength of output interference in our whole 

report procedure. Subjects in Experiment 3-2 had to respond to the items in a randomized order 

specified by the computer. If the uniform responses that we observed in Experiment 3-1 were 

due to output interference, then we should observe a similar drop in performance across 

responses in Experiment 3-2. Furthermore, a randomized response-order design allowed us to 

decouple confidence ratings from response order. In Experiment 3-1, confident responses never 

occurred at the end of the trial. By randomly selecting the order of report in Experiment 3-2, we 

had the opportunity to observe whether subjects also guessed when they were making the earliest 

responses in a trial.  

Experiment 3-2 

Materials & Methods  

Experiment 3-2a: Color memoranda 

Subjects. 17 subjects from the University of Oregon completed Experiment 3-2a. All 

participants had normal color vision and normal or corrected-to-normal visual acuity, and they 

were compensated with payment ($8/hour) or course credit. All participants gave informed 
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consent according to procedures approved by the University of Oregon institutional review 

board.  

Procedures. Stimuli and procedures in Experiment 3-2a were identical to Experiment 3-

1a except for the order in which responses were collected. On each trial, the response order was 

determined randomly by the computer on each trial, which will be referred to as a “random 

response” order.  In Experiment 3-2a (color), one of the remembered items turned light gray, 

indicating that the participant should report the color at that location. The participant used the 

mouse to click on the color in the color wheel that best matched the memory for the probed 

square. The response process repeated until subjects had responded to all of the items in the 

display. Participants were again instructed to use the two mouse buttons to indicate their 

confidence in each response.   

Experiment 3-2b: Orientation memoranda  

Subjects. 21 subjects from the University of Chicago completed Experiment 3-2b. One 

participant began participation, but left the session early. After analyzing the data, one additional 

participant was excluded for poor performance (> 30% guessing rate for set size 1). This left a 

total of 19 subjects for data analysis. All participants had normal color vision and normal or 

corrected-to-normal visual acuity. Participated were compensated with payment ($10/hour) and 

all gave informed consent according to procedures approved by the University of Chicago 

institutional review board. 

Procedures. Trial events in Experiment 3-2b were identical to Experiment 3-1b except 

for the order in which responses were collected. At test, the cursor was set on top of one of the 

remembered items. The participant used the mouse to rotate the probed item to the remembered 

orientation, and clicked to set the response. After a response was collected, the test item was 
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replaced by a gray placeholder circle, and a new untested item was probed. The response process 

repeated until subjects had responded to all of the items in the display. Participants were again 

instructed to use the two mouse buttons to indicate their confidence in each response. 

Results & Discussion  

Changes in response quality across set sizes and responses. 

The whole report procedure was meant to tap into the same cognitive limits that have 

been observed in past studies using single-item probes. Thus, an important goal was to determine 

whether this procedure produced the same kinds of error distributions that have been observed in 

studies employing single-item probes. In the random response-order condition, participants were 

probed on all of the items in a randomized fashion. Thus, the first probed response in this 

condition was similar to a typical partial-report procedure, where only one item is randomly 

probed and output interference cannot influence the results. We compared overall performance in 

the free-response order experiments (i.e., combining all responses into one set size level 

distribution) to performance for the first randomly probed item in the random response-order 

experiments. Then, we quantified the quality for each set size distribution using MRVL. For 

color stimuli (Experiments 3-1a and -2a), an ANOVA with within-subjects factor Set Size and 

between-subjects factor Experiment revealed that there was no main effect of Experiment on 

MRVL, F(1,37) = 0.12, p = .72, hp
2 = .003. Likewise, there was no main effect of Experiment for 

orientation stimuli (Experiments 3-1b and -2b), F(1,37) = 0.17, p = .68, hp
2 = .005. These null 

results suggest that the free-response whole report procedure elicited similar aggregate error 

distributions as observed in past procedures that have probed only a single item. 

To more directly measure the effect of output interference within the random response-

order experiments, we examined how response quality changed across responses made within 
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each set size. A decline in MRVL values across responses in Experiment 3-2 would provide 

positive evidence for output interference. Indeed, the results revealed some decline in 

performance across responses. Critically, however, the slope of this decline was far shallower 

than when subjects chose their own response order in Experiment 3-1 (Figure 3-7 and Figure 3-

8).  To quantify the decline in mnemonic quality across responses, we again calculated MRVL 

values for each response within each set size, and we ran a repeated-measures ANOVA for each 

set size with the within-subjects factor Response. There was a significant main effect of response 

for all set sizes in Experiment 3-2a (Table 3). In Experiment 3-2b, there was no significant main 

effect of response for Set Size 2 (p = .96) but there was a significant difference for all other set 

sizes (Table 4). However, while these findings provide some evidence of output interference, 

there were striking differences from the pattern that was observed in Experiment 3-1. In 

Experiment 3-1, we observed a monotonic decline in memory quality across all responses, such 

that aggregate error distributions were completely uniform for the fifth and sixth responses. By 

contrast, in Experiment 3-2 only the first response was consistently better than the final response. 

Rather than an accumulation of output interference across each successive response, this 

empirical pattern suggests an advantage for the first response or two. In Experiment 3-2a, 

planned contrasts comparing each earlier response to the last response revealed that performance 

was better for only the first response for Set Sizes 3 and 4 and for the first and second responses 

for Set Size 6. In Experiment 3-2b, contrasts revealed that only the first response was 

significantly better than the final response for all set sizes.  
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Figure 3-7 Computer-ordered responses are relatively unaffected by response order 
All set sizes and responses are shown for (A) Experiment 3-2a and (B) Experiment 3-2b. 
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Figure 3-8 Mean Resultant Vector Length for computer-ordered responses 
MRVL across responses in Experiment 3-2a (A) and -2b (B). Shaded error bars represent 1 
standard error of the mean (SEM). 

To summarize, although both Experiments 3-2a and -2b produced evidence for a modest 

amount of output interference, the slope of this decline in the computer-guided condition was 

more than six times shallower than when subjects chose the response order themselves in 

Experiment 3-1 (Figure 3-8). While resultant vector length decreased by 0.18-.19 per response in 

the self-ordered experiments (Experiments 3-1a and -1b), it decreased by only .04 and .02 per 

response in Experiments 3-2a and -2b. That is, output interference could at most explain around 

16% of the decline observed in Experiment 3-1. Thus, the effect of output interference alone 

cannot explain the dramatic decrease in performance during the self-ordered response procedure 

used in Experiment 3-1. Instead, we conclude that subjects in Experiment 3-1 used 

metaknowledge to report the best stored items first. Thus, the final responses in the subject-

ordered conditions contained no detectable information about the target.  
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Table 3-3 Change in Mean Resultant Vector Length across responses in Experiment 3-2a 
Set Size df1 df2 F p hp

2 
2 1 16 11.75 .003 .42 
3 2 32 25.3 <.001 .61 
4 3 48 18.4 <.001 .53 
6 5 80 14.9 <.001 .48 

Table 3-4 Change in Mean Resultant Vector Length across responses in Experiment 3-2b 
Set Size df1 df2 F p hp

2 
2 1 18 .003 .96 <.001 
3 2 36 16.1 <.001 .47 
4 3 54 25.0 <.001 .58 
6 5 90 13.3 <.001 .43 

Subjective ratings of guessing again predict uniform-distributed responses.  

Experiment 3-2 replicated the finding that participants’ subjective ratings of guessing 

strongly corresponded with mixture-model estimates of a guessing parameter. We fit a mixture 

model to each response within each set size (i.e., Set Size 2 first response, Set Size 2 second 

response, etc.), and we quantified the percentage of responses that the subjects reported guessing 

with a mouse button click. In line with the earlier results, we found a tight relationship between 

participants’ subjective reports of guessing and the mixture model’s estimation of a guess state. 

One subject in Experiment 3-2a showed no relationship between confidence ratings and mixture 

model parameters, because they reported that every item was not a guess (they did not use both 

buttons). This subject was not included in metaknowledge analyses. On average, the strength of 

the within-subject correlation was r = .91 (SD = .03, all p-values < .001) in Experiment 3-2a and 

r = .94 (SD = .06, all p-values <.001) in Experiment 3-2b. Once again, subjects were slightly 

over-confident. When plotting the model’s guessing parameter on the x-axis, the average slope 

was 0.89 (SD = .16) for Experiment 3-2a and 0.70 (SD = .25) for Experiment 3-2b; the average 

intercept was -.01 (SD = .13) for Experiment 3-2a and -.06 (SD = .04) for Experiment 3-2b.  
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If the guessing we observed in Experiment 3-1 was due to output interference, then 

purely uniform error distributions should remain concentrated in the final responses of the trial 

even when the order of report was randomized in Experiment 3-2. By contrast, if the drop in 

performance across responses in Experiment 3-1 resulted from a bias to report the best 

remembered items first when subjects controlled response order, then guesses should be evenly 

distributed across responses in Experiment 3-2 when response order was randomized. This 

predicts that there should be some trials in which the best stored items happened to be probed 

last while items that could not be stored were probed first. Such a pattern of results could not be 

explained by an output interference account. Thus, we used subjects’ confidence ratings to 

identify two types of trials from Experiment 3-2: (1) Trials where the three items probed late in 

the trial were guess responses and (2) Trials where the three items probed early in the trial were 

guess responses. We took these trials across subjects and binned them together, then tested 

whether a uniform distribution best fit each response in the trial. Consistent with a mnemonic 

variability account of Experiment 3-1, we found that uniform error distributions occurred early -- 

but not late -- in the trial when participants reported guessing for the early responses (Figure 3-

9). Likewise, when participants indicated that they were guessing during the final three 

responses, purely uniform distributions were observed for the last three – but not the first three – 

responses. Thus, Experiment 3-2 showed that guessing prevalence was decoupled from response 

order, arguing against an output interference account of the observed uniform distributions. This 

analysis also gives insight into subjects’ metaknowledge accuracy; subjective confidence ratings 

nicely tracked the location of guess responses (early versus late). However, these ratings were 

imperfect;  “confident” responses still contained a sizeable uniform component, indicating that 
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participants sometimes had less information in mind than they reported, converging with earlier 

evidence (Adam & Vogel, 2017). 

 

Figure 3-9 Response distributions for Set Size 6 trials in Experiment 3-2, split by when 
participants reported guessing 
Trials are binned by whether participants reported the first three responses as guesses (top row) 
or the final three responses as guesses (bottom row) in (A) Experiment 3-2a and (B) Experiment 
3-2b. 

The role of instructions in guessing  

Experiments 3-1 and 3-2 both provided compelling evidence that participants do not 

remember all items with a set size of 6 items, and that the observed guesses were not a result of 

output interference. Nevertheless, we also considered whether the specific instructions subjects 

received in our study may have influenced their tendency to guess. In both experiments, we 



 71 

asked participants to make a dichotomous “some” or “no” information confidence judgment. 

Gathering confidence ratings was extremely useful for validating the relationship between 

subjective guessing states and mixture model estimates of guess rates. However, we also wanted 

to assess whether instructions that emphasized the possibility of guessing may have artificially 

encouraged guessing behaviors. To test this possibility, we ran a similar whole report procedure 

in which we eliminated the meta-knowledge assessment and participants were instructed to never 

randomly guess. 

Experiment 3-3 

Materials & Methods 

 Ten participants from the University of Chicago community participated in Experiment 

3-3 for payment ($10/hour). Stimuli and procedures were nearly identical to Experiment 3-1b; 

participants were asked to remember the orientation of 1, 2, 3, 4 or 6 items and to report all items 

in any order they chose. However, participants did not make confidence ratings using the two 

mouse buttons. During the instruction period, the experimenter instructed the participants that 

they should remember all of the items. Participants were instructed: “Even if you feel you have 

no information in mind, do your best when making your responses. Even the information that 

you have in mind is extremely imprecise, it will still lead you in the right direction.”  

Results & Discussion 

 Even though participants were not instructed to dichotomously report guess states, we 

still observed responses that were best described by a uniform distribution (Figure 3-10). Using a 

BIC approach to compare the fit of a uniform distribution with the fit of a mixture model, we 

found a mean of 2.6 uniform distributions (SD = .97, range from 1 to 4). Non-parametric tests of 

uniformity agreed with this number. To conclude, the key finding that some working memory 



 72 

responses are best fit by a uniform distribution was not a result of instructions that allowed for 

the possibility of guessing.   

 

Figure 3-10 Number of uniform responses for Set Size 6 in Experiment 3-3 
(A) Histogram of subjects’ total number of Set Size 6 responses that were best fit by a uniform 
distribution. (B) Number of subjects’ responses best fit by uniform distributions as a function of 
response number. 

Simulation results: Variable precision models mimic guessing behaviors by positing very 

low precision memories 

 Across several experiments, we have shown that guessing accounts for a large proportion 

of subjects’ responses when working memory load is high (e.g., ~50% of Set Size 6 responses). 

This result is apparently in conflict with past findings that a variable precision model that denies 

guessing (hereafter called “VP-no guessing”) is a strong competitor for models that presume a 

high prevalence of storage failures (van den Berg et al., 2014). How does the VP-no guessing 

model achieve close fits of these aggregate error distributions? We hypothesized that the VP-no 

guessing model may succeed by postulating memories that are so imprecise that they cannot be 

distinguished from random guesses. Indeed, others have noted that this is a potentially troubling 

feature of VP models (Nosofsky & Donkin, 2016b; Sewell et al., 2014). To test this hypothesis, 

we implemented a VP-no guessing model to fit the aggregate error distribution from Experiment 
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3-1a. This provided a clear view of the range of precision values used by this model to account 

for performance with six items. Next, we assessed what percentage of these memories could be 

distinguished from random guesses with varying amounts of noise-free data. To anticipate the 

findings, the VP-no guessing model posits memories that are undetectable within realistic 

experimental procedures, and it does so at a rate that tracks the guessing parameter within a 

standard mixture model.  

Using code made available from van den Berg et al. (2014, code accessed at 

http://www.ronaldvandenberg.org/code.html), we fit the VP-no guessing model to individuals’ 

aggregate data (i.e., combining all responses for a given set size) from Experiment 3-1a. The 

variable precision model proposes that precision for each item in the memory array is von Mises-

distributed with concentration k. The precision of the von Mises for each item in the memory 

array is randomly pulled from a range of possible precision values. The range of possible 

precision values is determined by a gamma-distributed higher-order distribution, and the shape 

of this gamma distribution changes with different numbers of target items. This particular 

implementation of the variable precision model fits parameters while simultaneously considering 

performance across all set sizes. For Set Size 1 memory arrays, the gamma distribution contains 

mostly high precision von Mises distributions; for larger memory arrays, the gamma distribution 

contains a larger proportion of low precision von Mises distributions (Figure 3-11).  
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Figure 3-11 Cumulative distribution functions for the variable precision model across set 
sizes 
X-axis represents the concentration parameter of the von Mises distributions pulled from the 
higher order gamma distribution. Y-axis represents the cumulative proportion of trials in which a 
given concentration (k) or less is pulled. From left to right, the scale of the x-axis is zoomed in to 
better illustrate the proportion of very low precision representations that make up each higher-
order distribution. Shaded error bars represent 1 Standard Error. 

For this analysis, we focused on the higher-order distribution of precision values for the 

Set Size 6 condition. We found that the VP-no guessing model posits a high prevalence of 

representations with exceedingly low precision. To further visualize this point, we computed 

decile cut-offs for each participant, and then took the median value for each decile cut-off across 

participants. Figure 3-12 shows the probability density function for each decile of von Mises 

distributions posited by the VP-no guess model. As can be seen, the von Mises PDF appears, by 

eye, to be perfectly flat for a large proportion of Set Size 6 trials (20 -30%). Critically, this PDF 

visualization is hypothetical in that it assumes infinite numbers of samples from a von Mises 

PDF, and with infinite numbers of trials we can easily distinguish a diffuse von Mises 

distribution (e.g., 40th Percentile, K = .318) from a uniform distribution. However, if we were to 

experimentally sample “trials” from the hypothetical PDF, our ability to distinguish this 

distribution from uniform would depend on the number of samples. Below, we show that 

variable precision models that deny guessing must postulate a very high prevalence of memory 

representations that cannot be detected with a feasible behavioral study. 
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Figure 3-12 Illustration of von Mises distributions used by the variable precision model to 
account for Set Size 6 performance 
Precision values of the von Mises distributions are given as both concentration (K) and standard 
deviation (SD) in degrees. 

To illustrate how poor the VP-no guessing model’s hypothesized representations are, we 

ran simulations in which we used varying amounts to data to discriminate between a von Mises 

distribution of precision k and a uniform distribution. We did so for a range of precision values 

and a range of trial numbers. We chose 10 log-spaced bins between 10 and 1,000,000 samples 

(“trials”), and we ran 200 iterations of randomly sampling trials from a von Mises distribution 

with various concentrations (k). For each iteration, we compared the fit of the von Mises to the 

fit of a uniform distribution using BIC comparison in MemToolbox (Suchow et al., 2013), and 

we took the difference score in BIC fits for the uniform and the von Mises distributions. We 
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defined our ability to discriminate from uniform as the precision value at which the 95% 

Confidence Intervals for a given number of trials remained in favor of the uniform. 

Discriminable precision values are shown as a function of the number of samples in Figure 3-13. 

With only 10 samples from a von Mises PDF, we could discriminate between uniform and a von 

Mises with k = 0.65 (SD = 88 degrees). With 1,000,000 samples from a von Mises PDF, we 

could discriminate between uniform and a von Mises with k = 0.007 (SD = 193 degrees). That is, 

a concentration of less than  k < .007 is so diffuse that the central tendency is undetectable with 

1,000,000 samples of noise-free data sampled from a true von Mises distribution. Of course, 

because these simulations presume noise-free data, these simulations overestimate the true 

detectability of these putative representations in a real experiment. 
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Figure 3-13 The minimum detectable amount of information as a function of the number of 
samples 
This figure depicts the minimum detectable amount of information (Kappa) needed to distinguish 
a von Mises distribution from a uniform distribution, as a function of the number of noise-free 
von Mises-distributed samples. The fitted line is the linear fit of the log-transform of the sample 
number and the log-transform of the precision threshold. 

 Finally, we determined the prevalence of effectively undetectable memories for each 

subject (defined as those requiring at least one million trials to discriminate from uniform). On 

average, 22.0% (SD = 11.2%) of VP-no guessing distributions had a precision less than or equal 

to k =.007, and this percentage ranged from 7.0% to 46.3% of a subjects’ higher-order 

distribution values. Further, the proportion of these representations was tightly coupled with 

mixture model estimates of the guess rate for Set Size 6 (r = .81, p <.001), underscoring the 

possibility that the VP-no guessing model is mimicking random guesses. Thus, although the VP-

no guessing models can achieve close fits to aggregate error distributions, their success depends 
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on the assumption that a substantial number of these memories would be literally undetectable 

with a feasible behavioral paradigm.  

In cases of model mimicry, it is important to question which model is the mimic. Could it 

be that models endorsing guessing are mimicking low precision representations? We offer three 

arguments to the contrary. First and foremost, the whole report data from Experiments 3-1 and 3-

2 revealed a high prevalence of error distributions that were best modeled by a uniform 

distribution with zero free parameters. Thus, while it has been difficult to adjudicate between 

models that endorse and deny guessing with the aggregate error distributions generated by 

partial-report studies, (van den Berg et al., 2014), whole report data provide clear positive 

evidence that the modal subject guesses about half of the time for Set Size 6. Second, 

participants report that they were guessing, and these subjective reports were excellent predictors 

of simple mixture-model estimates of guessing rates (Experiments 3-1 and 3-2). We contend that 

subjective judgments of whether an item has been stored are decidedly relevant for 

characterizing the contents of a memory system that is thought to hold information “in mind” 

(however, see general discussion for limitations to this claim). Finally, we think it’s reasonable 

to question the plausibility of “memories” that are as imprecise as those posited by variable 

precision models that deny guessing. For example, the VP-no guessing model requires that the 

worst memory out of six simultaneously-presented items would have a standard deviation of 

around 230 degrees. Based on our earlier simulation of trial numbers and precision values, this 

means that an ideal observer would require over 900 million trials to produce above-chance 

performance in detecting the largest possible difference in color or orientation (e.g., red vs. 

green, or horizontal versus vertical). At the least, there may be a consensus that such 

homeopathic amounts of information would be of little use for purposeful cognitive tasks.  
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General Discussion 

Understanding the nature of capacity limits in working memory has been a longstanding 

goal in memory research. The capacity debate has been dominated by a theoretical dichotomy of 

“number” versus “precision.” Discrete resource models have argued that capacity is limited by 

the number of items that can be concurrently stored, and that subjects to resort to guessing when 

more than a handful of memoranda are presented (Fukuda, Awh, & Vogel, 2010; Zhang & Luck, 

2008). By contrast, continuous resource models argue that mnemonic resources can be 

distributed amongst an unlimited number of items (Bays & Husain, 2008; van den Berg et al., 

2012; Wilken & Ma, 2004). In addition, there is a growing consensus that mnemonic precision 

varies across items and across trials (e.g., Bae et al., 2014; Fougnie et al., 2012). In the present 

data, for example, item-by-item varations in precision were plainly demonstrated.  However, 

variable mnemonic precision is compatible with both discrete resource models that propose an 

item limit and continuous resource models that allow for the storage of unlimited numbers of 

items. In sum, despite a proliferation of work a key aspect of the number/precision theoretical 

dichotomy has remained unresolved: Do participants guess? If so, do we need capacity limits to 

explain guessing behavior? Even some of the most sophisticated modeling efforts have reached a 

stalemate (van den Berg et al., 2014).  

In this context, our findings provide compelling evidence that the modal subject guesses 

about half of the time with a memory load of six items. This confirmation of the guessing 

construct is critical for the broader idea that working memory performance differs both in terms 

of the number and the precision of the representations that are stored. Further, the variations in 

the number of items that individuals could store (2 – 5 items) aligned closely with past estimates 

of items limits in visual working memory (Cowan, 2001; Fukuda, Vogel, et al., 2010; Luck & 
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Vogel, 1997; Zhang & Luck, 2008). Finally, Experiments 3-2a and -2b showed that output 

interference could not explain the powerful decline in mnemonic performance across responses 

that resulted in uniform distributions. While there was some evidence of output interference 

when all items were probed in a random order, it could not account for the dramatic declines in 

performance that were observed when subjects chose the order of their response. Thus, while 

past studies have shown that aggregate error distributions can be equally well fit by competing 

models that endorse and deny guessing behaviors, our whole report procedure provided 

unambiguous evidence for a high prevalence of guessing responses.  

The finding that individual differences in capacity yielded similar findings to previous 

estimates rules out two key classes of models. First, this provides compelling evidence against 

“no guessing” models in which participants are able to store all items in the array. To account for 

individual differences in performance, “no guessing” models posit that participants with poor 

working memory performance have less precise memories, but store some information about all 

presented items.  Our findings clearly rule out such a model; we did not find any participants for 

whom a “no guessing” model was best. Second, these results constrain models of trial-by-trial 

variability in performance. Some models have proposed that effective capacity (i.e., the number 

of stored items) varies from trial to trial, and it could do so in several ways. Models that include 

guessing while denying item limits propose that the number of stored items varies dynamically 

from trial to trial but is not limited by an upper bound. For instance, trial-by-trial performance 

may be Poisson- or uniform-distributed (van den Berg et al., 2014). On the other hand, item-

limited models propose that performance varies from trial to trial, but only in one direction – 

below the capacity limit for each individual (Adam et al., 2015). Critically, the first class of 

models (dynamic but capacity-unlimited) also yield the prediction that the majority of subjects 
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should show non-uniform distributions at all 6 response positions. Instead, we find support for 

the latter model (dynamic but capacity-limited); there is still some degree of guessing for early 

responses, indicating that subject frequently under-perform their maximum capacity. However, 

participants do not over-perform past a hypothetical “mean limit”, as shown by the pure uniform 

error distributions we observed for late response in the set size six condition. 

Interestingly, objective estimates of guessing dovetailed with the subjects’ own reports of 

whether they had any information about the item in question. The frequency with which subjects 

endorsed guessing precisely tracked the guess rate as estimated by a standard mixture model 

(Zhang & Luck, 2008). Note, the alignment of the guessing parameter and subjective guess 

reports alone cannot distinguish between a guessing account and a variable precision account of 

working memory limits. For example the variable precision model might posit that participants 

will choose the “guess” label whenever mnemonic precision does not pass a certain threshold. 

However, the precise alignment of subjective ratings with the mixture model’s guess parameter 

greatly bolsters the face validity of the mixture model’s guessing parameter. 

 There is a growing consensus that working memory responses have variable precision. In 

particular, many recent papers have found that a large amount of variability in working memory 

precision may arise from stimulus-specific differences, such as color categories, orientation 

categories, or verbal labels (Bae et al., 2015, 2014; Donkin, Nosofsky, Gold, & Shiffrin, 2015; 

Hardman, Vergauwe, & Ricker, 2017; Pratte, Park, Rademaker, & Tong, 2017).  However, there 

is growing doubt as to whether variability in precision is due to variations in the allocation of a 

mnemonic resource per se, as opposed to lower level differences in the quality of encoding or the 

imposition of categorical structure for different types of stimuli. For instance, recent work by 

Pratte and colleagues (2017) measured performance in a task that required the storage of 
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orientations in working memory and replicated earlier work showing variability in precision 

across concurrently stored items in working memory. Rather than presuming that this variability 

reflects variation in the allocation of mnemonic resources per se (van den Berg et al., 2012), 

Pratte et al. showed that much of this variability was explained by higher precision for for 

orientations near the horizontal and vertical meridians. This observation falls in line with the 

“oblique effect” that has been documented in past studies of visual perception (Appelle, 1972). 

Strikingly, when the oblique effect was incorporated into competing discrete and continuous 

resource models, discrete models that endorsed guessing were the clear winner of the model 

competition. In other words, once stimulus-driven sources of variable precision were 

acknowledged, the best account of the data posited a high prevalence of guessing responses. 

 Clear evidence for guessing in a working memory task has important implications for our 

taxonomy of the processes that determine memory performance. In past work, putative item 

limits in working memory have been argued to predict variations in fluid intelligence, scholastic 

achievement, and attentional control (Cowan et al., 2005; Engle, Tuholski, et al., 1999; Fukuda, 

Vogel, et al., 2010; Unsworth et al., 2014). A simple interpretation is that a common mental 

resource determines the number of items that can be stored in working memory and one’s ability 

to handle a variety of cognitive challenges. According to continuous resource models, however, 

it is not possible to measure individual differences in the number of items that can be stored in 

working memory, because all observers can store all items regardless of set size. By this account, 

the apparent variations in the number of items that can be maintained are an illusion created by 

limitations in memory quality. Thus, continuous resource models explicitly argue that individual 

differences in memory performance will be explained by a single factor that determines memory 

quality.  
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Evidence from Awh et al. (2007) challenged the idea that memory quality is the 

determining factor  of working memory limits. They measured performance in a change 

detection task while manipulating the size of the changes that occurred in the test display. When 

changes were very large, they reasoned that subjects should be able to detect the change 

whenever the probed item had been stored, because precision should not be a limiting factor. 

When changes were relatively small, however, they reasoned that successful change detection 

would be limited more by memory quality, because more precise memories would be needed to 

detect a relatively small mismatch between the sample and test. By contrast, a continuous 

resource model asserts that precisely the same mnemonic resource determines performance with 

small and large changes, because there is no limit to the number of items that can be stored. 

Disconfirming this prediction, Awh et al. (2007) found that performance with big and small 

changes was completely uncorrelated, despite having positive evidence that both scores were 

reliable. This finding has since been extended by looking at the pattern of errors to big-change 

and small-change trials across multiple response probabilities (Nosofsky & Donkin, 2016a); 

participants frequently endorse that large changes are “the same” on big-change trials, even 

though they are capable of discriminating much smaller changes. Thus, number and precision 

may represent distinct facets of working memory ability.  

Memory precision does not seem to be the limiting factor for detecting changes within 

displays, and there is also little evidence that precision predicts individual differences in working 

memory performance. Fukuda, Vogel, et al. (2010) carried out a latent variable analysis of a 

variety of change detection tasks that required the detection of either very large or small changes. 

This analysis revealed distinct factors for the detection of large and small changes, with no 

reliable cross loading between these factors. This result provides a robust confirmation of the 
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earlier finding, suggesting that number and resolution may indeed be dissociable aspects of 

memory ability. Moreover, Fukuda, Vogel, et al. (2010) found that while the number factor was 

a robust predictor of fluid intelligence, there was zero evidence for such a link between precision 

and fluid intelligence. Likewise, capacity is reduced but precision is spared in people with 

schizophrenia (Gold et al., 2010). Thus, a two-factor model that distinguishes between the 

number of items stored and the precision of those mnemonic representations is needed to account 

for performance with large and small changes, and these two factors have unique relationships 

with fluid intelligence. 

 In conclusion, we present clear evidence for a high prevalence of guessing responses in a 

visual working memory task. When subjects were allowed to choose the order of report in a 

whole report memory task, we observed a monotonic decline in memory performance with each 

successive response, and the modal observer produced uniform error distributions – the hallmark 

of guessing – for three of the items in a six item display. Control experiments ruled out the 

hypothesis that output interference generated this monotonic decline in performance across 

responses; modest evidence of output interference was observed, but it accounted for only a 

modest proportion of the decline across responses. Instead, we conclude that subjects used 

accurate metaknowledge to report the best remembered items first. In turn, this yielded robust 

evidence of guessing behaviors when the last responses were examined, and supports the idea 

that working memory is subject to clear item limits. 
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CHAPTER 4.  DECODING THE LIMITS OF SIMULTANEOUS STORAGE IN 

VISUAL WORKING MEMORY  

 Introduction 

There is broad consensus in the literature that working memory (WM) is a limited 

resource, but the precise nature of working memory’s limitations is still under debate. While 

competing models agree that there are limits on the total amount of available WM resources, 

they differ in how these resources are distributed. Capacity-limited models (i.e., “slots”) propose 

that resources are deployed in an item-limited fashion; only a few items can be remembered and 

additional items receive no resources (Luck & Vogel, 1997; Zhang & Luck, 2008). Conversely, 

information-limited (i.e., “continuous resources”) accounts propose that all items in the display 

receive some amount of mnemonic resources, and each item’s representation may be very 

imprecise (Bays & Husain, 2008; van den Berg et al., 2012; Wilken & Ma, 2004).  

 Prior studies of the neural correlates of working memory have revealed neural signals 

that scale with load and, critically, reach an asymptote at hypothesized working memory limits. 

This asymptote in load-dependent neural signals has been interpreted as a corroboration of item-

limited models; once the item limit is reached, adding more items to the memory set increases 

load-dependent signals no further. In fMRI, univariate BOLD activity in the intraparietal sulcus 

(IPS) increases as more to-be-remembered items are added to a memory array (Todd & Marois, 

2004; Y. Xu & Chun, 2006). Likewise, in EEG, a lateralized difference wave to memory items, 

the contralateral delay activity (CDA), similarly reaches an asymptote at behavioral capacity 

limits (Vogel & Machizawa, 2004). Further, individual differences in load-dependent changes to 

these hypothesized memory signals track individual differences in behavioral performance (Todd 
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& Marois, 2005; Vogel & Machizawa, 2004; Vogel et al., 2005), supporting their role in the 

successful maintenance of a limited amount of information.   

 Univariate signals of working memory are consistent with capacity-limited models of 

visual working memory, but the interpretation of these signals is limited in several ways. First, 

these signals reveal neural activity related to the processing of an entire memory array (e.g., 

average activity when 6 items are presented versus 3 items), but they do not provide information 

about item-specific processing (e.g., were only 3 out of 6 items stored, or was an equivalent 

amount of resources spread thinly among all 6 items?). Further, the description of these signals 

as asymptotic has been challenged by a competing model which proposes that this signal may be 

equally well-described as continuously increasing (Bays, 2018). Finally, multivariate methods 

have revealed that memory-specific information can be decoded in regions where no load-

dependent changes to the univariate signal are observed (Harrison & Tong, 2009; Riggall & 

Postle, 2012; Serences, Ester, Vogel, & Awh, 2009; Serences & Saproo, 2012). Thus, there is 

ongoing debate as to whether parietal load-dependent signals encode working memory 

representations or if, instead, they represent peripheral attentional demands related to the task 

(Magen, Emmanouil, McMains, Kastner, & Treisman, 2009; Mitchell & Cusack, 2008, but also 

see: Sheremata, Somers, & Shomstein, 2018).   

The application of multivariate techniques to neural data has allowed researchers to 

decode information about an item held in visual working memory from voxelwise or electrode-

wise patterns of activity in fMRI or EEG. Multivariate classification accuracy decreases as a 

function of memory load (1, 2, or 3 items), consistent with the degradation of memory traces due 

to competitive interactions when multiple items are stored (Buschman et al., 2011; Emrich, 

Riggall, LaRocque, & Postle, 2013). More recently, inverted encoding models have been applied 
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to more precisely infer the quality of mnemonic representations from population-level 

“information channels” tuned to a feature of interest (Brouwer & Heeger, 2009; Sprague, Saproo, 

& Serences, 2015; Sprague & Serences, 2013). The interpretation of inverted encoding models is 

specific to the feature of interest (e.g., orientation or spatial location) and provides fine-grained 

information about the quality of feature-specific representation encoded by patterns of activity 

across voxels or electrodes. In fMRI, the application of inverted encoding models has revealed 

stimulus-specific representations in occipital and parietal cortices that degrade from 1 to 2 items 

(Sprague, Ester, & Serences, 2014). In EEG, the position of an item maintained in working 

memory can be decoded from the pattern of alpha-power (8-12 Hz) across the scalp (Foster, 

Sutterer, Serences, Vogel, & Awh, 2016), and this signal also encodes a decrease in the fidelity 

of memory from 1 to 2 items (Sutterer, Foster, Adam, Vogel, & Awh, in prep).  

While set size manipulations of 1 to 3 items (within capacity) has been useful for 

delineating the neuronal populations involved in the active storage of information (Buschman et 

al., 2011; Emrich et al., 2013; Sprague et al., 2014), they do not inform crucial debates about 

capacity limits. To disambiguate competing models of active visual working memory storage, we 

need methods to simultaneously decode all items from supra-capacity (>4 items) arrays. Here, 

we present experiments that expand inverted encoding model techniques to examine the 

representation of item-specific information from supra-capacity arrays (6 items). To do so, we 

had participants remembered an array of color-space pairings (i.e., report which color belonged 

at each location), which requires participants to maintain both color and space information. We 

then use an inverted encoding model to decode remembered locations from the topographic 

distribution of alpha-band power (Foster et al., 2016). This task explicitly requires subjects to 
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maintain both color and location, but location is robustly represented even when color is 

remembered but location is task-irrelevant (Foster, Bsales, Jaffe, & Awh, 2017).  

Here, we show direct evidence that items within supra-capacity arrays do not receive 

equal mnemonic resources. In fact, for many items in supra-capacity arrays we were unable to 

decode any information. These data rule out equal-precision models of working memory 

capacity (Bays et al., 2009; Bays & Husain, 2008), and instead support capacity-limited models 

of visual working memory (Adam, Vogel, & Awh, 2017; van den Berg et al., 2014; Zhang & 

Luck, 2008). 

Overview of experiments 

 The central aim of the experiments presented in this chapter is to expand multivariate 

tools in order to decode the identity of multiple items from within a supracapacity array. In 

Experiment 4-1, we applied an inverted encoding model to human EEG data while participants 

performed a visual working memory task in which they remembered 1, 2, or 3 colored items. We 

replicated previous work showing that the fidelity of broad-scale population codes decreased 

with increasing memory load (from 1 to 3 items). In Experiment 4-2, we expanded this method 

to test what happened when participants are presented with a supracapacity array (6 items) – can 

all locations be decoded equally well? Participants again performed a working memory task in 

which they remembered 1, 3, or 6 colored items. By applying an inverted encoding model to 

each item from the array as a function of hypothesized mnemonic quality (i.e., as a function of 

response order), we were able to demonstrate that mnemonic resources were unevenly 

distributed among items. The location of prioritized memory items could be robustly decoded 

from the topography of alpha-band power, whereas the location of supra-capacity items 

(guesses) could not be decoded from this active memory signal.  
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Materials & Methods 

Participants 

 Participants were recruited from the University of Chicago and surrounding community. 

All participants provided written, informed consent and procedures were approved by the 

University of Chicago IRB. Participants were between the ages of 18 and 35 and reported normal 

or corrected-to-normal visual acuity and normal color vision. Participants were excluded from 

analysis if fewer than 300 trials remained in the training dataset (set size 1) or if fewer than 150 

trials remained in any of the test sets (set size 2 – 6). 

 A total of 37 people participated in Experiment 4-1 (gender = 22 male, 15 female; mean 

age = 23.9 years, SD = 4.1). After artifact rejection, 3 subjects were excluded for excessive 

artifacts. An additional 5 subjects were excluded for the following reasons: the participant was 

discovered to be color-blind (n = 2); problems with the recording equipment (n = 2); the 

participant chose to leave the experiment early (n = 1). The final sample size for Experiment 4-1 

was 29 (17 male, 12 female; mean age = 23.6 years, SD = 3.5).  

 A total of 39 people participated in Experiment 4-2 (gender = 19 male, 18 female, 2 

other; mean age = 23.4 years, SD = 3.7). A total of 9 subjects were excluded for excess artifacts. 

An additional 2 subjects chose to leave the experiment early. The final sample size for 

Experiment 4-2 was 28 (15 male, 12 female, 1 other; mean age = 22.4 years, SD = 2.3).  

Stimuli 

 Stimuli were rendered in MATLAB (The MathWorks, Natick MA) using the 

Psychophysics toolbox (Brainard, 1997; Pelli, 1997). Participants were seated approximately 78 

cm from a 24-inch LCD monitor (XL2430 monitor, BenQ, Taipei, Taiwan; refresh rate = 120 

Hz; resolution = 1024 h X 1920 w pixels), with chins resting on a padded chin rest. Colored 
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squares (side = 0.98o) were presented on a dark gray background (RGB = 85 85 85) at one of 8 

positions (equally spaced on an imaginary circle with radius = 2.55o). Subjects were instructed to 

maintain fixation on a small black dot (radius = 0.12o) at the center of the screen. Colors were 

drawn from a pool of 9 easily discriminable colors (RGB: red = 255 0 0; orange = 255 128 0; 

yellow = 255 255 0; green = 0 255 0; blue = 0 0 255; cyan = 0 255 255; magenta = 255 0 255; 

white = 255 255 255; black = 1 1 1). All colors within a trial were unique. Spatial pre-cues were 

1 or several small gray lines (0.06 x 0.12o; RGB = 150 150 150) placed at the center. In 

Experiment 4-2, light gray placeholder squares (RGB = 151 151 151) were used to hold visual 

stimulation roughly constant across set size conditions. 

Procedures 

 Experiment 4-1. On each trial, participants were cued to attend 1, 2, or 3 locations with a 

small spatial cue presented at fixation (Figure 4-1). After the cue (300 ms), a memory array 

appeared for 150 ms. The memory array always contained 3 uniquely colored items. Subjects 

were instructed to remember only the items presented at the locations indicated by the spatial 

pre-cue. Starting at the memory array onset, this design holds visual stimulation constant across 

all three set sizes. A blank delay period followed the memory array (1,150 ms) followed by an 

untimed response period. During the response period, participants were presented with colored 

response grids (3 x 3 grids containing all 9 possible colors) only at the locations that the 

participants were cued to remember. Participants responded by clicking the color in the grid that 

corresponded to the color presented at that location. Participants had to make a response to every 

cued location before moving onto the next trial. After making all responses and making one 

additional mouse click, the next trial began with a blank inter-trial interval of 500 ms.  
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Figure 4-1 Illustration of tasks for Experiment 4-1 and 4-2  
Illustration of trial events for Experiment 4-1. Three memory items were always presented 
(memory array), but subjects were cued to remember either 1, 2, or 3 of the memory items. At 
test, subjects reported all cued items. (B) Illustration of trial events for Experiment 4-2. Subjects 
were cued to prioritize 1 item. Then, 6 squares appeared. Either 1, 3, or 6 squares were colored, 
and participants were instructed to attempt to remember all colored. At test, participants reported 
all items from the memory array.  

 Participants performed 20 blocks of 64 trials. After each block of trials, participants 

received a minimum 30 second break (with the option for taking a longer break whenever 

needed) and saw performance feedback for the block (mean number of items correctly reported 

for each set size).  

 Experiment 4-2. Trial procedures were very similar to Experiment 4-1, with some 

adaptations for the inclusion of a supra-capacity set size (6 items). Rather than being cued to all 

locations, participants were pre-cued to a single location. Participants were instructed that they 

should prioritize the cued location, and also attempt to remember all other colored items in the 
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array. This procedure ensured that participants prioritized the 8 location bins in approximately 

equal numbers. Experiment 4-1 revealed strong spatial biases in the first response, which 

resulted in highly unbalanced test sets for first- versus last- reported items. 

To hold visual stimulation roughly constant across all conditions, 6 out of 8 positions 

contained a square stimulus on every trial. For set size 1 trials (50%), 1 of the 6 squares was 

colored, 5 squares were gray, and the pre-cue pointed to the to-be-remembered location with 

100% validity. For set size 3 trials (25%), 3 of 6 squares were colored and 3 were gray. For set 

size 6 trials (25%), all 6 squares were uniquely colored.  

 Participants performed trials in blocks of 64 trials, and they performed as many blocks as 

possible during the 4-hour session (with a maximum of 24 blocks). The number of blocks 

completed varied slightly depending on equipment set-up time and breaks (Mean = 22.7 blocks, 

SD = 1.87, Min = 19, Max = 24). Breaks and feedback were the same as in Experiment 4-1.   

EEG acquisition 

 Continuous EEG data were recorded from 30 active Ag/AgCl electrodes mounted in an 

elastic cap (Brain Products actiCHamp, Munich, Germany), positioned according to the 

International 10-20 system (Positions: FP1, FP2, F7, F8, F3, F4, Fz, FC5, FC6, FC1, FC2, C3, 

C4, Cz, CP5, CP6, CP1, CP2, P7, P8, P3, P4, Pz, T7, T8, FT9, FT10, O1, O2, Oz). A ground 

electrode was positioned at FPz, and 2 additional active electrodes were affixed with stickers to 

the left and right mastoids. An additional 5 electrodes were used to examine the 

electrooculogram (EOG) signal: 1 bipolar pair above and below the right eye, 1 bipolar pair ~1 

cm lateral to the external canthus of each eye, 1 ground electrode on the left cheek). Data were 

referenced online to the right mastoid and re-referenced offline to the algebraic average of the 

left and right mastoids. Data were acquired with an online filter (low cut-off = .01 Hz, high cut-
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off = 80 Hz, slope from low- to high-cutoff = 12 dB/octave) and digitized at 500 Hz using Brain 

Vision Recorder (Brain Products, Munich, Germany) running on a PC with Windows 7. 

Impedance values were kept below ~10 kΩ.  

Eye tracking 

Gaze position was monitored using a desk-mounted EyeLink 1000 Plus infrared eye-

tracking camera (SR Research, Ontario, Canada). Gaze position and pupil size were sampled at 

1000 Hz. Calibration was performed at the beginning of every experimental block. Eye tracking 

data were usable for 26 of 29 participants in Experiment 4-1 and 27 of 28 participants in 

Experiment 4-2.  

Artifact Rejection 

 Trial epochs were extracted from continuous data, and trial epochs were rejected if any 

artifacts were detected (eye movements, blinks, blocking, muscle noise, signal drift). Trial 

epochs were flagged based on several automatic criteria. After automatic detection, the data were 

visually inspected to confirm. If eye tracking data were available, these data were the primary 

means of rejecting eye movements and blinks. If not of sufficient quality, we instead relied on 

the EOG signal. 

  Eye movements. We used a sliding window step-function to check for eye movements 

in the HEOG and the eye-tracking gaze coordinates. For eye-tracking data, we applied a sliding 

window step function to the gaze position (window size = 80 ms, step size = 10 ms, threshold = 

0.6o). If the difference in average gaze position from the first half of the window to the second 

half of the window exceeded a threshold of 0.6 degrees (measured as the linear distance between 

[x1, y1] and [x2, y2]), this epoch was flagged as an eye movement. For HEOG rejection, we also 
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used a split-half sliding window approach (window size = 150 ms, step size = 10 ms, threshold = 

20 µV). 

 Blinks. In the eye tracking signal, trials were flagged if absolute gaze values exceeded 

the dimensions of the screen or were missing (i.e., pupil not detected). In the VEOG signal, we 

used a sliding window step function to check for blinks in the VEOG (window size = 150 ms, 

step size = 10 ms, threshold = 30 µV). 

 Drift, muscle artifacts, and blocking. We checked for drift (e.g., skin potentials) by 

comparing the absolute change in voltage from the first quarter of the trial to the last quarter of 

the trial. If the change in voltage exceeded 100 µV, the trial was rejected for drift. In addition to 

slow drift, we checked for sudden step-like changes in voltage with a sliding window (window 

size = 250 ms, step size = 20 ms, threshold = 100 µV). We excluded trials for muscle artifacts if 

any electrode had peak-to-peak amplitude greater than 200 µV within a 16 ms time window. We 

excluded trials for blocking if any electrode had at least 30 time-points in any given 200-ms time 

window that were within 1µV of each other. 

Event-related potentials 

 To demonstrate that displays were visually balanced, we analyzed the visually-evoked 

response to the cue onset and to the memory array onset from an average of occipital and 

parieto-occipital electrode sites (O1, Oz, O2, PO3, PO4, PO7, PO8). Trials were baselined to a 

300 ms epoch preceding the cue onset and then averaged. Time-windows for measuring P1 and 

N1 amplitude were defined relative to the group average waveform (collapsed across all 

conditions within each experiment). We used a 40 ms window (20 ms on either side of the 

component peak) for each of these two components. Trial times are listed relative to the memory 
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array onset, with the cue starting at -300 ms. This method yielded time windows that were highly 

consistent across experiments 4-1 / 4-2 for three of the four components (Cue P1: -154 / -146 ms; 

Cue N1: -110 ms / -110 ms; Memory Array N1: 182 ms / 184 ms). The Memory Array P1 could 

not be adequately estimated in Experiment 4-1 because it overlapped substantially with the ERP 

activity related to cue processing (The cue-to-stimulus interval was not jittered). As such, we 

analyzed three visually evoked components to assess visual balance of displays, using common 

time-windows of -170 to -130 ms for the Cue P1, -130 ms to -90 ms for the Cue N1, and 160 to 

200 ms for the Memory Array N1.  

Time-frequency analysis  

We calculated power in the alpha-band (8 -12 Hz) by first band-pass filtering raw, 

baselined EEG data (“eegfilt.m”, Delorme & Makeig, 2004) then applying a Hilbert transform 

(MATLAB Signal Processing Toolbox). Instantaneous power was calculated as the squared real 

magnitude of the complex analytic signal for each trial. In analyses of overall alpha-band 

suppression, we averaged alpha power across trials and then calculated percent change in alpha 

power (baselined from 400 to 100 ms before memory array onset). We measured this load-

dependent alpha power suppression from an average of occipital and parieto-occipital electrodes 

(O1, Oz, O2, PO3, PO4, PO7, PO8) during the entire delay period (300 to 1300 ms).  

Inverted Encoding Model  

Following prior work (Foster et al., 2016), we applied an inverted encoding model to  

reconstruct spatially selective channel-tuning functions (CTFs) from the multivariate distribution 

of oscillatory power across electrodes. We assumed that the power at each electrode reflects the 

weighted sum of eight spatially selective channels, each tuned for a different angular location 

(Brouwer & Heeger, 2009; Foster et al., 2016; Sprague et al., 2015; Sprague & Serences, 2013). 
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These information channels are assumed to reflect the activity of underlying neuronal 

populations tuned to each location channel.  

We modeled the response profile of each spatial channel across angular locations as a 

half sinusoid raised to the seventh power:  

R = sin(0.5θ),, 

where θ is angular location (0–359°), and 𝑅 is the response of the spatial channel in arbitrary 

units. This response profile was circularly shifted for each channel such that the peak response of 

each spatial channel was centered over one of the eight location bins. These 8 location bins each 

spanned 45° (centered on 0° to 315°).  

We partitioned our data into independent sets of training data and test data (see section, 

“Assignment of trials to training and test sets”), and applied an IEM routine at each time-point. 

This routine proceeded in two stages (training and test). In the training stage, training data B1 

were used to estimate weights that approximate the relative contribution of the eight spatial 

channels to the observed response measured at each electrode. Let B1 (m electrodes × n1 

observations) be the power at each electrode for each measurement in the training set, C1 (k 

channels × n1 measurements) be the predicted response of each spatial channel (determined by 

the basis functions) for each measurement, and W (m electrodes × k channels) be a weight matrix 

that characterizes a linear mapping from “channel space” to “electrode space”.  The relationship 

between B1, C1, and W can be described by a general linear model of the form: 

B/ = WC/ 

We obtained the weight matrix through least-squares estimation: 

W = B/C/2 C/C/2
3/
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In the test stage, we inverted the model to transform the observed test data B2 (m electrodes × n2 

observations) into estimated channel responses, C2 (k channels × n2 measurements), using the 

estimated weight matrix, W, that we obtained in the training phase: 

C4 = W2W 3/W2B4 

Each estimated channel response function was then circularly shifted to a common center by 

aligning the estimated channel responses to the channel tuned for the remembered location 

(yielding a single CTF averaged across the eight location bins).  

Because the exact contribution of each spatial channel to each electrode (i.e., the channel 

weights, W) varies across participants, we applied the IEM routine separately for each 

participant. This approach allowed us to disregard differences in the how location-selective 

activity is mapped to scalp-distributed patterns of power across participants, and instead focus on 

the profile of activity in the common stimulus or “information” space (Foster et al., 2016; Foster, 

Sutterer, Serences, Vogel, & Awh, 2017; Sprague et al., 2015). 

Assignment of trials to training and test sets 

Artifact-free Set Size 1 trials were partitioned equally into three independent sets to be 

used as training and test data for the IEM procedure (see Inverted Encoding Model). To analyze 

Set Size 1 trials, 2/3 of Set Size 1 data served as the training set, and 1/3 served as the test set. 

The same training set (2/3 of Set Size 1 data) was used to estimate the models for multi-item 

arrays. For analyses based on set size, we randomly chose 1 remembered item from each multi-

item trial. For analyses based on response order, we tested multi-item trials as a function of item 

type (e.g., with the same training set, label test trials based on first reported item location, then 

label trials based on the second through n reported items, then label locations of “foil items” and 

empty locations). Figure 4-2 illustrates a schematic of training and testing sets for within-array 
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analyses. In Experiment 4-1, we down-sampled the data so that the training set contained an 

equal number of trials from each location bin (with each of the three set size 1 blocks containing 

an equal number of trials). Because of the behavioral bias in location chosen as a function of 

response number, test sets were allowed to have different numbers of trials across locations. 

Even with unbalanced test sets, 6 subjects could not be used because of extremely biased 

behavior, leaving 23 subjects in the response-based analyses in Experiment 4-1. In Experiment 

4-2, we down-sampled the data so that each location bin in 1 training block had an equal number 

of trials as each location bin in the test set. For each training block and test set, we averaged 

power across trials for each location bin then applied the IEM routine. The resulting CTFs were 

averaged across each test set. 

 

Figure 4-2 Schematic of training and testing for Experiments 4-1 and 4-2. 
In both experiments, the inverted encoding model (IEM) was trained on 2/3 of set size 1 data. 
The IEM model was then tested on trials from multi-item memory arrays. Using this trained 
model, trials were then separately tested to examine position-specific alpha-band activity related 
to the positions of memory items, foil items, or empty locations. 

Results  

Working memory performance 

 Participants remembered around 2.5 – 3 items on average, consistent with similar visual 

working memory tasks (Adam et al., 2015; Adam & Vogel, 2017). Average performance was 
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quantified as the mean number of correctly reported items for each set size. Mean number correct 

(Figure 4-3) increased across set sizes in both Experiment 4-1, F(1.02, 28.62) = 715.01, p < .001, 

hp
2 = .96, and Experiment 4-2, F (1.17, 31.45) = 405.1, p < .001, hp

2 = .94. Accuracy as a 

function of response number closely matched previous results (Adam & Vogel, 2017), with 

accuracy falling as a function of response number (Table 4-1, Figure 4-4), reaching near chance 

levels by responses 5 and 6 for Set Size 6 arrays.  

 

Figure 4-3 Mean number correct as a function of set size. 
(A) Results from Experiment 4-1. (B) Results from Experiment 4-2. Error bars represent 1 
Standard Error of the Mean (SEM).  

Table 4-1 Change in accuracy as a function of response number 
Condition df1 df2 F p hp

2 
Exp 4-1, Set Size 2 1 28 10.40 .003 .27 
Exp 4-1, Set Size 3 1.15 32.28 33.08 <.001 .54 
Exp 4-2, Set Size 3 1.10 29.77 42.87 <.001 .61 
Exp 4-2, Set Size 6 2.03 54.82 405.85 <.001 .94 
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Figure 4-4 Accuracy as a function of response number. 
 (Top) Results from Experiment 4-1. (Bottom) Results from Experiment 4-2. Thin grey lines 
represent individual participants. On the Set Size 6 panel, dashed gray lines represent complete 
chance performance (1/9) and informed guessing (e.g., remember 3 items, guess among 1/6 
remaining colors).  

Spatial bias in the pattern of responses 

 In Experiment 4-1, participants were allowed to report the items in any order that they 

wished. By allowing participants to respond freely, we could take advantage of participants’ 

robust metaknowledge of the quality of items held in mind. As shown in Figure 4-4, participants 

were most frequently accurate for the early responses. Prior work has shown that this change in 

performance as a function of response number cannot be explained by output interference alone 
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(Adam & Vogel, 2017; Adam et al., 2017). Rather, participants’ response order closely tracks the 

hypothesized quality of the mnemonic representation. 

 In Experiment 4-1, there was a robust bias in the spatial position chosen as a function of 

response number for both Set Size 2, F(2.60, 57.29) = 39.56, p < .001, hp
2 = .64, and Set Size 3, 

F(2.98, 65.48), p < .001, hp
2 = .60 (significant interaction between Response Number and 

Position in a repeated measures ANOVA for each set size). Participants were biased to choose 

the upper left locations first (90-180o) and to choose the bottom right locations last (270-360o; 

Figure 4-5). Because of this strong behavioral bias, some participants had few or no trials in 

some position bins for each response number (e.g., 0 trials in the 315o position bin for Response 

1). For these participants, it was not possible to perform an IEM separately for each response 

(see “CTF selectivity as a function of response order”).  
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Figure 4-5 Position chosen as a function of response number. 
(Top) Behavioral bias in Experiment 4-1. Participants were strongly biased to first report items 
in the upper left. (Bottom) Behavioral bias in Experiment 4-2. Modifications to the task 
significantly attenuated the behavioral bias.  

In Experiment 4-2, we modified the task procedures to attempt to reduce the spatial bias 

for early versus late responses. To do so, participants were cued to a single location prior to the 

onset of the memory array. This cued location was fully counterbalanced within each block of 

trials. Participants were instructed that they should prioritize the cued item. For Set Size 1 arrays, 

the cued item was always the only memory item (i.e., the cue was 100% valid). For Set Size 3 

and 6 arrays, participants made responses to all items, but were encouraged to prioritize and 

report the cued item first. Despite the counter-balanced prioritization cue, there was still a small 

spatial bias for the early versus late responses in both Set Size 3, F(3.72, 100.33) = 7.74, p < 

.001, hp
2 = .22, and Set Size 6, F(35, 945) = 5.19, p < .001, hp

2 = .16. However, this spatial bias 
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was significantly attenuated relative to Experiment 4-1. To calculate this, we calculated a 

“spatial bias score” for the first response of the Set Size 3 condition in both experiments (bias = 

proportion 90-180o – proportion 270-360o). An ANOVA revealed that spatial bias scores were 

significantly higher for Experiment 4-1 than for Experiment 4-2, F(1, 55), = 42.9, p < .001,  hp
2 = 

.44. Although we successfully reduced behavioral bias, there was no significant difference in Set 

Size 3 accuracy for Experiment 4-1 versus 4-2, F(1, 55), = .12, p = .73,  hp
2 = .002. Thus, we 

changed participants’ spatial biases without changing working memory performance.  

Load-dependent alpha-power modulation when controlling for visual stimulation  

We found typical effects of memory load on oscillatory alpha power (Figure 4-6). 

Consistent with previous work, we found that alpha power was suppressed for high loads relative 

to low memory loads in both Experiment 4-1, F(1.59, 44.55) = 21.52, p < .001, hp
2 = .44, and 4-

2, F(1.29, 34.70) = 14.77, p < .001, hp
2 = .35. This result is an important demonstration of the 

robustness of load-dependent alpha suppression. In most prior work demonstrating changes to 

alpha power suppression with memory load, the increased load has been confounded with 

increased visual input (e.g., Fukuda, Kang, & Woodman, 2016; Fukuda, Mance, & Vogel, 2015). 

This is potentially problematic if imbalances in sensory information have lasting effects on alpha 

power that propagate through later in the trial.   
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Figure 4-6 Alpha power as a function of memory load. 
Alpha power decreased as a function of load in Experiment 4-1 (A) and 4-2 (B). Light grey and 
dark grey represent the cue and memory array durations, respectively. Shaded error bars 
represent 1 SEM. 

To verify that visual stimulation was controlled for (as we intended), we examined 

modulation of visually-evoked potentials as a function of set size. Event-related potentials are 

shown in Figure 4-7. In Experiment 4-1, participants always viewed 3 items occupying 3 out of 8 

fixed locations. To manipulate memory load, subjects were cued to remember 1, 2, or 3 of these 

three items. The cue-related P1 component did not differ by set size (p = .18), but the cue-related 

N1 component increased as a function of set size, F(1.58, 44.34) = 35.93, p < .001, hp
2 = .56. 

However, as expected, there was no difference in the N1 component evoked by the identical 

memory array (p = .58) as a function of load. In Experiment 4-2, participants always viewed 6 

items occupying 6 out of 8 fixed locations. To manipulate memory load, the subjects were 

instructed to selectively remember colored squares and ignore gray placeholder squares. This 

design was highly effective at removing any physical differences between memory conditions. 

As expected, there was no effect of memory load on the cue-related P1, cue-related N1, or the 

array-related N1 (all p’s > .14). Thus, any effects that we observe on fidelity of CTFs as a 

function of set size are not due to an increase in noise due to viewing an increased number of 

items (e.g., Reddy, Kanwisher, & VanRullen, 2009). 
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Figure 4-7 Event-related potentials as a function of memory load. 
Visual-evoked potentials in Experiment 4-1 (A) and 4-2 (B). Dark grey represents the time-
period used to calculated the cue-related P1. Light grey represents the time-period used to 
calculate the cue- and array-related N1. Times on the x-axis are relative to memory array onset at 
0 ms. The spatial pre-cue onset is at – 300 ms. Shaded error bars represent 1 SEM.   

CTF selectivity as a function of set size 

Consistent with previous work (Buschman et al., 2011; Emrich et al., 2013; Sprague et 

al., 2014), we were able to decode information about a randomly chosen item for set sizes 1, 2, 

and 3, and the quality of decoding decreased as a function of set size. Figure 4-8 shows CTF 

selectivity as a function of set size in Experiments 4-1 and 4-2. The location of an average item 

from the display could be decoded in a continuous fashion for Set Sizes 1 and 2 (Figure 4-8A), 

whereas decoding was more sporadic for Set Size 3 and completely absent for set size 6 (Figure 

4-8B). In both experiments, CTF selectivity significantly declined as a function of memory load, 

F(2,56) = 23.82, p < .001, hp
2 = .46 in Experiment 4-1, and F(1.54, 41.68) = 39.15, p < .001, hp

2 

= .59 in Experiment 4-2. Post-hoc tests that all set sizes were significantly different from one 

another in both Experiment 4-1 (pbonferroni <=.003) and 4-2 (pbonferroni <.001). To quantify the ability 



 106 

to detect information for each set size separately, we performed one-sample t-tests of average 

delay period decoding, as shown in Table 4-2.  

Set sizes 1 through 3 could be decoded robustly, whereas set size 6 did not exceed 

chance. This analysis suggests, at face value, that we can replicate past results (decoding up to 3 

items) but that this approach fails when faced with a supra-capacity array of 6 items. However, in 

this analysis we examined our ability to decode information about a randomly chosen item. 

Critically, capacity-limited models predict that participants do not store all items from arrays 

with more than 3-4 items. With an average capacity of 3 items, we would expect that we are 

feeding in noise to the analysis on around 50% of trials when attempting to decode information 

about a 6 item display. Such an approach may be misleading by inflating the rate of noise 

disproportionately for the 6 item displays relative to 1, 2, and 3 item displays. To circumvent this 

issue, we can instead separately analyze each item from the display as a function of hypothesized 

mnemonic quality. We predicted that we should be able to decode location information about 

items that are recalled correctly (e.g., first 3 responses made in the whole-report task), but that 

we should not be able to decode location information about items that are not stored.  
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Figure 4-8 CTF Selectivity as a function of memory load. 
The top panels illustrate CTF selectivity over time for Experiment 4-1 (A) and 4-2 (B). Dots 
represent significance above baseline (p < .05, 100 ms bins). The bottom panels show average 
CTF selectivity for the entire delay period (300 – 1300 ms) in Experiment 4-1 (C) and 4-2 (D). 
Error bars represent 1 SEM, *** represents p<=.001. 

Table 4-2 One-sample t-test for average delay period CTF selectivity in Experiment 4-1 
and 4-2 

Condition df t puncorrected Cohen’s d 
Exp 4-1, Set Size 1 28 7.30 <.001 1.35 
Exp 4-2, Set Size 1 27 7.27 <.001 1.37 
Exp 4-1, Set Size 2 28 6.63 <.001 1.23 
Exp 4-1, Set Size 3 28 3.55 .001 .66 
Exp 4-2, Set Size 3 27 4.16 <.001 .79 
Exp 4-2, Set Size 6 27 -1.6 .12 -.30 

 

CTF selectivity as a function of response order  

Rather than choosing one random item to examine from each set size, we instead 

estimated CTF selectivity separately for each position in the array. In previous work employing 
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whole-report working memory tasks, participants consistently reported their “best” items first 

(Adam et al., 2015, 2017; Adam & Vogel, 2017). This was replicated in the behavioral findings 

from Experiments 4-1 and 4-2; subjects consistently had higher accuracy for items reported 

earlier in the response period compared to later. Thus, we ran the CTF routine separately for each 

response position. To do so, we would use the same training set (Set Size 1 memory trials) and 

the same test set (e.g., Set Size 3 trials), but we changed the labels for the test set as a function of 

item type (e.g., labels for the 1st reported item in Set Size 3 versus labels for the 3rd reported item 

in Set Size 3). Because of the strong behavioral bias in Experiment 4-1, we could not analyze the 

response-level data for some participants (i.e., they had 0 trials for Response 1 in the lower right 

position bin). After excluding these participants, the total sample size for response-level analyses 

for Experiment 4-1 was 23 subjects.   

In addition to each response position, we also analyzed the positions of (1) Foil items and 

(2) Empty positions. When examining multiple locations from a single array, the Empty position 

CTF provides an important empirical baseline for hypothesis testing. For example, imagine you 

always remember a location at 0 degrees and but examine the CTF for the perfectly opposite 

empty position at 180 degrees. Because you really are remembering 0 degrees, the information 

channel for 0 degrees will yield the most robust response. But, when you average all location 

channels and shift them to be centered at 180 degrees, rather than the true remembered location 

of 0 degrees, this will yield a strongly inverted tuning function (i.e., negative selectivity). 

Because the spatial position with the remembered item cannot be both remembered and empty, 

the average of the “empty position” CTF is slightly shifted away from to the remembered 

item(s).   
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This item-by-item analysis revealed that the absence of decoding for a random item from 

the Set Size 6 condition was an artifact of injecting noise into the analysis by assuming that all 

items are remembered. Because unremembered items that are slightly shifted away from 

remembered items yield negative selectivity, choosing a random item from supra-capacity arrays 

yielded an overall CTF selectivity index close to 0. When examining CTFs for each item as a 

function of its accuracy, we instead found robust CTFs for the prioritized items (i.e., 1st and 2nd 

responses) for all set sizes (2, 3, and 6). The first and second reported items were reconstructed 

in a sustained fashion, even for set size 6 trials (Figure 4-9) whereas the later reported items were 

sporadically or negatively reconstructed. To quantify change in selectivity with item type, we ran 

a separate repeated measures ANOVA with Item Type entered as a factor (Response 1 – n, Foil, 

Empty). We used planned simple contrasts to compare each item to an empirical baseline 

(“Empty,” attempting to decode a location where no item was decoded). Results are depicted in 

Figure 4-10 and statistics are found in Tables 4-3 and 4-4. Again, we found robust decoding of 

up to 2 remembered locations in all multi-item arrays (2, 3, and 6 items) in both Experiments 4-1 

and 4-2. For set size 6, we found decoding of the first 3 response positions but no evidence of the 

representation of location information for responses 4 through 6. In fact, we found that the 5th 

reported item yielded significantly negative slopes (likely because in this free-report paradigm, 

the 5th response position was nearly always spatially opposite from the first response).  
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Figure 4-9 CTF selectivity as a function of time and response order. 
Average CTF selectivity over time in Experiment 4-1 (Top) and Experiment 4-2 (Bottom). 
Decoding was robust for the first reported item (most prioritized) and decreased as a function of 
response order.  

 

Figure 4-10 Average CTF selectivity during the delay period (300 -1300 ms). 
 (Top) Average CTF selectivity in Experiment 4-1. (Bottom) Average CTF selectivity in 
Experiment 4-2. Markers of significance follow simple contrasts comparing each item type to an 
empirical control (decoding of empty positions in the array, ***p<=.001, ** p<.01, * p<.05). 
Across experiments, the first and second reported items could be consistently decoded from 
multi-item arrays. 
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Table 4-3 Planned simple contrasts for Experiment 4-1 
Item Type Set Size F p hp

2
 

Foil Set Size 1 18.48 <.001 .46 
 Set Size 2 10.22 .004 .321 

Response 1 Set Size 1 34.01 <.001 .61 
 Set Size 2 36.01 <.001 .62 
 Set Size 3 18.43 <.001 .46 

Response 2 Set Size 2 24.77 <.001 .53 
 Set Size 3 21.66 <.001 .50 

Response 3 Set Size 3 3.01 .097 .12 
 

Table 4-4 Planned simple contrasts for Experiment 4-2 
Item Type Set Size F p hp

2
 

Foil Set Size 1 .19 .67 .007 
 Set Size 3 .11 .74 .004 

Response 1 Set Size 1 42.24 <.001 .61 
 Set Size 3 18.05 <.001 .40 
 Set Size 6 10.16 .001 .27 

Response 2 Set Size 3 14.40 .001 .35 
 Set Size 6 13.41 .001 .33 

Response 3 Set Size 3 3.31 .08 .11 
 Set Size 6 5.97 .02 .18 

Response 4 Set Size 6 .001 .97 <.001 
Response 5 Set Size 6 9.06 .006 .25 
Response 6 Set Size 6  2.70 .11 .09 

 

Discussion 

 In this chapter, we found that only a subset of items are encoded by the topographic 

distribution of alpha power (8 – 12 Hz), a neural measure that tracks the active maintenance of 

spatial information in working memory (Foster, Bsales, et al., 2017; Foster et al., 2016; Sutterer 

et al., in prep). This result is consistent with item-limited models of visual working memory 

capacity, which propose that observers store a subset of items from large arrays (e.g., 3 out of 6) 

and fail to store items beyond this capacity. This work demonstrates the feasibility of new 

methods for decoding the contents of working memory in an item-specific fashion. Prior work 



 112 

examining load-dependent changes to information content has been limited to interpreting the 

average representation of items from a multi-item array (Buschman et al., 2011; Emrich et al., 

2013; Sprague et al., 2014). Here, we offer a step forward by examining how representational 

quality of the neural code varies across individual items within an array.  

Decoding approaches bolster behavioral evidence for item limits  

 The present results provide strong traction against equal-precision models of visual 

working memory capacity (Bays, 2015; Bays et al., 2009; Bays & Husain, 2008). Such models 

predict that working memory resources are allotted equally among all items. By this account, an 

increase in neural noise among competing representations leads to a decrease in the fidelity of 

working memory behavioral performance (Bays, 2015). In stark contrast to this prediction, we 

found that prioritized items (e.g., response 1 and 2) from a 6 item array are not qualitatively 

different in fidelity from prioritized items in a 3 item array. Thus, whereas equal-precision 

models suggest that neural fidelity of every item decreases when memory load is increased from 

3 to 6 items, the current data suggest that this model’s prediction is an artifact of averaging 

across high-quality items in a prioritized state with noise from items that were not stored. Thus, 

the present results are consistent with capacity-limited models of working memory (Luck & 

Vogel, 1997; Zhang & Luck, 2008), especially recent instantiations which propose that while 

capacity is limited, the allocation of mnemonic resources can vary dynamically across items and 

trials (Adam et al., 2015; Adam, Robison, & Vogel, 2018; van den Berg et al., 2014).  

Assessing the role of additional working memory mechanisms 

One important caveat, of course, is that the active mnemonic processes tracked by alpha-

band representations do not represent the sum total of all possible working memory signals. An 

obvious example of this is feature-specificity; participants remembered both color and special 
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location, but alpha-band representations only track the remembered location of items. In 

addition, recent models of working memory have proposed that representations may be held in 

an “activity silent” state by, for example, rapidly shifting synaptic weights (Rose et al., 2016; 

Stokes, 2015; Wolff, Jochim, Akyürek, & Stokes, 2017, but also see: Christophel, Iamshchinina, 

Yan, Allefeld, & Haynes, 2018). Analyses of alpha power alone cannot speak to the information 

content of other active signals or of hypothesized representations that are in a latent state. Yet, 

measurement of alpha-band representations still provides useful insights into the allocation of 

working memory resources. Alpha-band representations are thought to play a pivotal role in the 

maintenance of visual information, even when location is irrelevant (Foster, Bsales, et al., 2017), 

and recent work has shown that alpha-band representations are behaviorally relevant, predicting 

changes in the successful deployment of spatial attention (Foster, Sutterer, et al., 2017) and the 

reinstatement of remembered locations from long-term memory into working memory (Sutterer, 

Foster, Serences, Vogel, & Awh, 2018). Thus, even if other hypothetical active signals were 

measurable for all items in the array, the measurable asymmetry of alpha-band representations 

across items would still suggest that some items are more robustly represented than others.  

Future directions 

The present results offer a step forward by directly demonstrating that a key marker of 

working memory maintenance asymmetrically encodes the positions of items from a multi-item 

array (i.e., some items are decodable from the topographic distribution of alpha power and other 

items are not). However, the interpretation of the present results is somewhat limited by the poor 

spatial resolution of EEG. Here, we are unable to determine which cortical areas subserve the 

active maintenance of spatial information in the alpha-band. Future work applying single-item 

decoding techniques to new and existing fMRI data will be critical for understanding the 
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complex interrelationship between attention and active working memory signals, and how the 

information content of multivariate signals is instantiated across sensory and control regions 

(Christophel et al., 2018).  
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CHAPTER 5.  GENERAL CONCLUSIONS 

 Visual working memory is a severely limited mental resource used to maintain and 

manipulate information in the service of behavior. While researchers broadly agree that there are 

constraints on the amount of information that may be held actively in mind, there is active debate 

about the nature of working memory’s limits (Adam et al., 2017; Bays, 2018; van den Berg et al., 

2014). In this dissertation, I presented experiments testing key features of visual working 

memory and its limits. In Chapter 2, I questioned the assumption that individual differences in 

working memory capacity represent differences in the maximum number of items that may be 

stored. Instead, modeling of trial-by-trial working memory performance revealed that a majority 

of subjects (~85%) shared a common capacity and differed in the consistency with which they 

filled this capacity. In Chapter 3, I used a fine-grained, continuous measure of visual working 

memory to strongly test competing accounts of the structure of visual working memory – do 

participants guess when capacity limits are exceeded, or is working memory performance better 

explained by resources that are shared among all items? By measuring the quality of all items 

held in mind and comparing these responses to hypothesized models of guessing, I demonstrated 

clear behavioral evidence for capacity limits in visual working memory. Finally, in Chapter 4, I 

combined a multivariate encoding model with item-specific behavior in order to identify whether 

and how capacity limits are borne out in active neural signals during the delay period. Below, I 

briefly discuss open questions related to these findings.  

The complex interrelationship between attention and working memory processes 

 From the experiments presented in Chapter 2, and related work in the literature, it is clear 

that fluctuations of attention affect working memory performance and subsequent recall from 
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long-term memory (Adam et al., 2015; Aly & Turk-Browne, 2016; deBettencourt, Norman, & 

Turk-Browne, 2017). The processes of spatial attention and working memory have been 

proposed to have a very tight link (Awh & Jonides, 2001; Chun, 2011; Postle, 2006), with some 

recent work proposing that neural measures of working memory storage actually reflect the focus 

of attention within working memory (e.g., Berggren & Eimer, 2016). Further work is need to 

delineate the often fine-grained differences between hypothesized attention and working memory 

components of processing within working memory tasks. For example, recent work by 

Sheremata and colleagues (Sheremata et al., 2018) revealed that IPS is more robustly recruited 

when a task contains both storage and spatial attention demands compared to attention demands 

alone, corroborating the role of elevated IPS activity in the maintenance of information in WM. 

Future experiments exploring similar, fine-grained behavioral dissociations will lead to new 

insights about the complementary contributions of item maintenance and attention-based 

rehearsal to working memory performance. 

Identifying sources of variable precision 

 Chapter 3 revealed systematic variability among remembered items; the fidelity of 

behavioral responses declined monotonically as a function of response order, and this decrease in 

precision could not be explained by simple output interference. Instead, it appears that subjects 

had rich, precise metaknowledge of the quality of stored items. Previous work has similarly 

demonstrated that participants have robust metaknowledge of the quality of items held in 

working memory (Fougnie et al., 2012; Rademaker et al., 2012). However, there is ongoing 

debate about the extent to which this variability in quality represents true mnemonic precision 

versus incidental stimulus features (e.g., the oblique effect, Appelle, 1972; Pratte et al., 2017). 

For example, color categories strongly bias responses during both perception and memory (Bae 
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et al., 2015, 2014). Recent work by Hardman and colleagues (Hardman et al., 2017) used a 

model-based approach to try to dissociate such “categorical” responses from truly continuous 

responses. Intriguingly, they found that the prevalence of categorical information increases as a 

function of memory load. This leaves open the possibility that only the most prioritized items (or 

even a single prioritized item) are represented in a truly continuous fashion, whereas other 

“accessory” memory items are stored via a coarse categorical code. An interesting open question 

is the relative contribution of stimulus-specific variability and true mnemonic variability to 

working memory performance, and how these distinct representations are encoded in the brain.  

The functional role of working memory signals  

 An ongoing debate in the working memory literature is where working memory 

representations are coded. The sensory recruitment hypothesis suggests that working memory 

representations are coded by distributed patterns of activity in cortical areas that also support 

perception (Ester, Serences, & Awh, 2009; Harrison & Tong, 2009; Riggall & Postle, 2012; 

Serences et al., 2009). An alternative account suggests that prefrontal and parietal control 

representations are key (Christophel, Hebart, & Haynes, 2012; Courtney, Ungerleider, Keil, & 

Haxby, 1997; Todd & Marois, 2004), and that sensory areas may be too susceptible to 

interference from new sensory inputs to support memory (Bettencourt & Xu, 2016). In addition, 

others have noted that items that are in working memory, but no longer actively attended, are no 

longer decodable from sensory regions (LaRocque, Lewis-Peacock, Drysdale, Oberauer, & 

Postle, 2013; Riggall & Postle, 2012).  

Rather than representing mutually exclusive possibilities, it could instead be that different 

neuronal populations uniquely support separable aspects of successful working memory 

performance. For instance, Christophel et al. (2018) employed a dual retro-cue paradigm to test 
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where attended and unattended working memory items are represented. They replicated previous 

results that the unattended memory item could not be decoded from sensory cortex (V1-V4). 

However, they found that the unattended memory item could be robustly in frontal and parietal 

regions. This work calls into question the currently dominant interpretation that unattended items 

are held in an “activity silent” state (Rose et al., 2016; Stokes, 2015; Wolff et al., 2017), instead 

suggesting that information about the unattended memory item is still actively encoded in 

broadly-distributed patterns of neural activity. 

The recent work by Christophel et al. raises an important question: If unattended items 

are actively represented in frontal and parietal cortical areas, then what is the purpose of 

“reviving” seemingly redundant neural codes in sensory areas (Riggall & Postle, 2012; Sprague, 

Ester, & Serences, 2016)? One possibility is that sensory representations are not redundant. 

Perhaps they support fine-grained representations (“continuous” memories rather than coarse 

“categorical” memories in the terminology of Hardman et al., 2017), whereas frontal and parietal 

representations can only support coarse judgements. Future work employing single-item 

decoding methods (Chapter 4) in conjunction with fMRI could address this important question. 

For example, if we hypothesize that sensory codes support fine-grained judgements, then we 

would predict that only the strongest-prioritized items would be represented in both sensory and 

fronto-parietal areas (e.g., responses 1 and 2), coarsely-represented items would be represented 

only in fronto-parietal areas (e.g., responses 3 and 4), and no information would be detectable for 

supra-capacity items (e.g., responses >4). Experiments focusing on item-specific decoding, like 

those presented here, would enhance our understanding of the representation of mnemonic 

variability and capacity limits in population codes.   
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Conclusions 

Despite broad agreement that working memory resources are limited, there has been no 

consensus about the precise nature of working memory’s limitations. Namely, is working 

memory limited by a capacity (e.g., certain number of items that can be stored) or by the 

distribution of resources (e.g., all items are stored, but imprecisely)? In part, consensus on this 

question has not been reached because of a stalemate between highly sophisticated and well-

fitting models of a limited set of behavioral measures (e.g., van den Berg et al., 2014). Here, we 

circumvented this stalemate through a combination of novel behavioral measures, modelling 

approaches, and application of innovative multivariate techniques to neural data. Combined, the 

work presented in this dissertation supports a view of working memory that has the following 

characteristics: (1) A mostly-common capacity limit, whereby participants store information 

about a few items and guess for items beyond this capacity (2) Variability in precision among 

remembered items, with higher fidelity for items that are strongly prioritized, and (3) Variability 

in the allocation of working memory resources across trials, with the consistency of performance 

predicting a substantial share of individual differences in overall working memory ability.  
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