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ABSTRACT OF DISSERTATION

THE IMPACT OF LONG-TERM VISUAL REPRESENTATIONS ON 

CONSOLIDATION IN VISUAL WORKING MEMORY 

Visual working memory (VWM) is the cognitive mechanism that encodes, 

maintains, manipulates, and retrieves visual and spatial information over the short-term. 

VWM is distinct from the more temporary and perceptual sensory store which has a high 

capacity but can only maintain information for a few hundred milliseconds (Sperling, 

1960). In order to prevent visual representations in VWM from being overwritten by 

subsequent visual information, some process must stabilize the activated representations 

so that they are less susceptible to interference. This process has been termed short-term 

consolidation (Jolicoeur & DelFAcqua, 1998; Vogel, Woodman, & Luck, 2006).

The current dissertation examines this short-term consolidation process, 

specifically whether or not long-term visual representations facilitate the stabilization of 

visual representations in working memory. Currently, WM models vary greatly in how 

they account for the relationship between long-term memory (LTM) and working 

memory (WM). The current experiments contrasted three models of WM in terms of how 

they could account for early effects of LTM in VWM processing: the multiple-component 

model (e.g., Baddeley & Logie, 1999), the embedded-processes model (e.g., Cowan, 

1999), and the newer workspace model (e.g., Logie 2003).
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Four experiments were conducted that compared performance between familiar 

and unfamiliar stimuli in a backward masking paradigm that provided information on the 

time course of consolidation as well as how the process varied depending on the number 

of to-be-remembered items in the memory array. In the backward masking paradigm, a 

set of visual masks are presented at varying intervals following a memory array (17, 134, 

250, 367, and 484 ms) before the test array is shown and participants make a same/ 

different judgement (i.e., did one of the items change between study and test). Varying 

the presentation of visual masks provides insight into the consolidation process: masks 

shown soon after the memory array will decrease performance because the activated 

representations in VWM have not been stabilized to reduce interference from subsequent 

visual information. Additionally, the set size of the visual array was manipulated (1,2, 3, 

or 4 items) to examine how the impact of the visual masks varied depending on how 

many items there were in the array.

In Experiment 1, simple, colored squares were compared to complex, random 

polygons as an extreme comparison between stimuli that vary in terms of familiarity. This 

experiment showed an advantage for squares over polygons in both accuracy and 

capacity. Additionally, familiar squares were consolidated faster into VWM than random 

polygons. Experiments 2a and 2h equated for the type of stimulus by training on a subset 

of random polygons and comparing those trained items with novel items. In Experiment 

2a, participants trained using a four alternative forced choice task (in which participants 

view an item then pick that item out of a set of four) and an advantage was demonstrated 

for trained items in both accuracy and capacity as well as faster consolidation for trained
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items. Additionally, there was no interaction between set size and delay for trained items, 

suggesting that participants were able to consolidate the array as a single unit instead of 

requiring more time for more items. In Experiment 2b, participants trained using a 

change detection task and no differences were demonstrated between trained and 

untrained items, including no interaction between set size and delay for either stimulus 

type, demonstrating transfer of change detection training to novel stimuli and evidence 

that participants created a unitary configuration of the items with increased training. To 

examine the impact of creating a configuration of items. Experiment 4 used an incidental 

learning paradigm in which the same four shapes were shown in the same spatial 

locations on every third trial and those repeating items were compared with novel items. 

With this repeating context, familiar items were remembered better than novel items and 

the impact of masks did not vary depending on the number of items for familiar items 

only. This supports the implication from Experiments 2a and 2b that spatial relations 

between items is part of the consolidation process.

Overall, these results support both the Unitary and Workspace Models of WM. 

Additionally, there are three primary conclusions from the current set of experiments. 

First, long-term memory plays an early role in VWM by facilitating the process involved 

in stabilizing WM representations. Second, short-term consolidation is a 

multidimensional process that strengthens both visual and spatial relational information 

to create more stable representations of perceptual input. Finally, training of visual 

stimuli can transfer to novel stimuli depending on the type of training task used and how 

similar it is to the criterion task. Taken together, these conclusions provide strong



evidence that WM and LTM are highly interactive and provide unique insights as to how

these processes work together to facilitate everyday, complex cognition.

Lisa Durrance Blalock 
Department of Psychology 
Colorado State University 

Fort Collins, CO 80523 
Summer 2010
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CHAPTER 1 - INTRODUCTION

Over the last decade, there has been a surge in research examining the encoding, 

maintenance, organization, and retrieval of visual information over the short-term, a 

process termed visual working memory (VWM, or perhaps better defined as working 

memory for visual information). VWM has proved to be crucial for a wide range of 

cognitive tasks from facilitating gaze corrections in eye movements that assist with goal 

directed visual search (Hollingworth, Richard, & Luck, 2008) to complex dynamic tasks 

requiring updating of visual and spatial information (e.g., Wickens, Vincow, & Yeh, 

2005). The current body of literature on VWM has focused primarily on the capacity of 

VWM and the nature of visual representations in VWM (e.g., Jiang, Olson, & Chun, 

2000; Luck & Vogel, 1997). However, recently research has begun to examine the 

processes underlying creating, maintaining, and accessing visual representations, as well 

as how VWM interacts with visual representations in long-term memory (Luck, 2008). 

The current paper will examine how VWM representations are created following 

perceptual input and how that varies depending on the complexity and familiarity of the 

stimuli.

Working Memory

At the most general level, working memory (WM) can be defined as a temporary 

storage structure that maintains goal relevant information for any given task (Baddeley,



2007; Miyake & Shah, 1999). WM is critical for complex cognition and underlies 

literally any everyday cognitive task from visualizing how a picture will look in your 

living room to comprehending a complex statistical analysis. Because of WM’s crucial 

role in human cognition, it has been a primary focus in the cognitive psychology 

literature resulting in a wide range of theories that vary everything from what controls the 

information in WM to how many WM systems there are (see Miyake & Shah, 1999 for 

an overview of these different theories). The following review will focus on three main 

theories of WM, the multiple-component model, the embedded-processes model, and the 

workspace model with an emphasis on how the models account for the relationship 

between WM and representations in long-term memory (LTM). 

Multiple-component/Gateway model

One of the most influential WM models was originally proposed by Baddeley and 

Hitch (1974). In their paper, Baddeley and Hitch (1974) challenged the accepted model of 

the time, the modal model (Atkinson & Shiffrin, 1971), which argued that short-term 

memory was a unitary construct that both maintained and manipulated information 

(Baddeley, 2007). Baddeley and Hitch (1974) demonstrated through a series of 

experiments that this modal view was overly simplistic. Rather, they argued that the 

manipulation of information within WM is done by a separate control system (termed the 

central executive) and that information is maintained in WM via two separate passive 

storage mechanisms for verbal (termed the phonological loop) and visual (termed the 

visuospatial sketchpad) information.



While these three basic components are still in place, Baddeley has modified the 

multiple-component model some over the last few decades (e.g., Baddeley, 2000; 

Baddeley, 2003; Baddeley, 2007; Baddeley & Logie, 1999) by further specifying the 

storage subcomponents and by including a new component that binds together 

information from different modalities. In terms of the storage subcomponents, they have 

now been further subdivided in to two systems: an active rehearsal mechanism (the inner 

scribe for refreshing visual information and inner speech mechanism for rehearsing 

verbal information) and a passive storage mechanism (the visual cache for visual 

information and the phonological store for verbal information; Baddeley & Logie, 1999). 

Baddeley (2000) also proposed the addition of a new component to the multiple 

component model, the episodic buffer, which acts as a limited-capacity, temporary 

storage system that integrates information from different modalities and from LTM into a 

combined memory episode.

While not explicit in the multiple-component model, the model does work on the 

implicit assumption that WM is a gateway between perception and LTM, similar to the 

modal model (Atkinson & Shiffrin, 1971). As shown in Figure 1 (panel A), the individual 

storage subsystems interact with long-term representations after directed by the central 

executive, suggesting that as information is perceived in the environment, it first enters 

the functionally and structurally distinct WM system before accessing any long-term 

representations. Because of this, this model will be referred to as the gateway model for 

the remainder of the paper, using the terminology from van der Meulen, Logie, and Della 

Sala (2009).



Despite being a widely accepted model, it has been criticized. In particular, while 

Baddeley and Hitch (1974) cited neuropsychological evidence demonstrating 

dissociations between WM and LTM, several researchers have argued for a unitary model 

(e.g., Cowan, 1988, 1999; Naime, 2002). These unitary models have critiqued the 

gateway model because it cannot easily account for LTM effects within WM. For 

example, research has shown that high-frequency and concrete words are remembered 

better than low-frequency and abstract words (Hulme, Maughan, & Brown, 1991; Walker 

& Hulme, 1999). While Baddeley recently added the Episodic Buffer component to the 

Gateway Model to account for some of these effects, there is currently little empirical 

support for that component.

Additionally, the assumption of domain specific storage has been criticized. While 

behavioral and neuropsychological double dissociations have been demonstrated 

supporting a division between verbal and visuospatial (see Baddeley & Logie, 1999; 

Baddeley, 2007 for reviews), others have suggested that these dissociations do not 

demonstrate separate memory structures, but rather different mental codes that are better 

processed for processing domain specific information (Cowan, 1999). That is, while 

visual information is represented differently than verbal information in the brain, this 

does not necessitate separate systems.

From a theoretical standpoint, making domain specific distinctions can be 

problematic. Specifically, while Baddeley has argued for verbal and visual components, 

there is no reason to not also have separate buffers for kinesthetic or olfactory processing. 

At that point, there could potentially be hundreds of WM buffers for maintaining specific



types of information, essentially making the division between them meaningless (see also 

Tulving, 2007). The advantage of such a separation, however, is that it makes very clear 

predictions about what will influence WM performance. Thus, while the Gateway Model 

has been tremendously influential in directing WM research, it is not without criticisms 

and it has difficulties in constraining the number of buffers as well as accounting for 

LTM effects in WM.

Embedded Processes/Unitary model

An alternative model to the Multiple-Component Model is the Embedded- 

Processes Model of WM. There are two key ways in which these two models differ. First, 

the Embedded-Processes account is more unitary, arguing that WM is a portion of 

activated LTM that is within the focus of attention (Cowan, 1988, 1993, 1999). Second, 

there are no subcomponents for different types of information. Instead, Cowan has argued 

that different codes exist for different types of information (i.e., verbal, visual, spatial, 

etc.) but that these codes all conform to similar activation patterns, temporal dynamics, 

and decay functions (Cowan, 1999). Thus, they should be viewed together as a whole.

The main structures within Cowan’s model are LTM, the portion of LTM that is 

currently activated (i.e., activated memory), and the focus of attention, which is the 

portion of activated memory that is currently in awareness (Cowan, 1993, 1999). 

Additionally, there is a central executive component, which influences the focus of 

attention via effortful processes that direct the control of attention (Cowan, 1988, 1999). 

However, Cowan also suggests that automatic attention processes influence what enters 

the focus of attention. Specifically, he argues that when a novel stimulus appears.



attention will automatically be oriented to it and it will go directly into the focus of 

attention (Cowan, 1988, 1999). However, if a stimulus is continuously presented without 

any changes, (and no voluntary, top-down control to maintain attention), habituation will 

occur and those habituated stimuli will go into activated memory where they can be 

brought into the focus of attention by the central executive if they are needed (Cowan, 

1988, 1999). Thus, WM emerges as a result from both automatic and effortful attentional 

processes that determine what enters the focus of attention. In that sense, Cowan’s model 

incorporates a much larger (or at the very least, a more explicit) role of attention in WM 

processes.

As evident from the above discussion and Figure 1 (panel B), the embedded- 

processes model makes no structural distinction between WM and LTM. Ratber, WM is 

just a different state of activation than information in LTM. Because of this, the 

embedded-processes model will be called the unitary model in this paper (again, similar 

to van der Meulen et al., 2009). The advantage of a unitary approach is that it can account 

for the long-term memory effects outlined above (e.g., word frequency effect). 

Additionally, taking a domain general approach to working memory (i.e., not having 

separate verbal and visual buffers) gets around the theoretical difficulties of having too 

many subsystems.

However, the Unitary Model is not without its own difficulties. Primarily, the 

Unitary Model has a difficult time accounting for neuropsychological dissociations in 

brain damaged patients, a key reason why the Gateway Model (and the Workspace Model 

outlined below) proposed separate memory systems. Additionally, the Unitary Model has



a difficult time explaining how novel items are learned (i.e., how does information go 

from WM to LTM?). If information does not already reside in LTM or activated LTM, it 

is not clear how this information would operate within the Unitary Model. This is likely 

because the majority of work examining the Unitary Model has used verbal tasks (though 

see Morey & Cowan, 2005 for an exception), where it is difficult to find completely 

novel stimuli. At a more theoretical level, the Unitary Model does not make as specific 

predictions as the Gateway Model about what influences short-term memory, making it a 

diffieult model to test empirieally. One exception to this is the specificity in how the 

central executive component determines the contents of the focus of attention, as well as 

how the central executive is involved with activating information in LTM. The 

relationship between the central executive and LTM is much more explicit than in either 

the Gateway Model outlined above or the Workspace Model outlined below.

Workspace Model

Recently, Logie and colleagues (Logie, 2003; Logie & van der Meulen, 2009; van 

der Meulen, et al., 2009) have proposed the workspaee model of WM in which perceptual 

information directly accesses LTM and then this activated long-term knowledge goes into 

WM which acts as a workspace that maintains and manipulates the activated 

representations. The WM system in the workspace model is a multiple-component system 

with separate stores for visual and verbal information and a central executive component 

that manipulates and coordinates the memory systems. Thus, this view is very similar to 

Baddeley’s multiple-component model (indeed, the WM component of the workspace 

model is identical to Baddeley’s model), but the crucial difference is that unlike



Baddeley’s model, the WM system in the workspace model does not deal directly with 

perceptual or sensory information. Instead, “it deals with objects and shapes that have 

been identified by the processes of perception and that draw on our knowledge base of 

past experience” (Logie, 2003, p. 42). Adding this component allows for the Workspace 

model to account for LTM effects in WM as well as the behavioral and neurological 

dissociations found between WM and LTM as well as between verbal and visual memory.

Support for the workspace model comes primarily from the visual domain, 

particularly research examining representational unilateral spatial neglect in brain-

damaged patients and dual-task interference research comparing mental imagery 

processes (i.e., long-term visual memory) and VWM processes. Patients with 

representational unilateral spatial neglect, for example, show impairments in one half of 

their visual mental representation without a similar impairment in visual perception, 

visual attention, or long-term visual knowledge (Beschin, Cocchini, Della Sala, & Logie, 

1997; Della Sala & Logie, 2002; Logie, Della Sala, Beschin, & Denis, 2005; van der 

Meulen, et ah, 2009). That is, in imagining a common object or scene, these patients will 

only draw or report one half of that memory representation, even if that representation 

was formed prior to any damage, but these patients are still able to make sense of their 

perceptual world (i.e., follow a familiar route; Beschin, et ah, 1997).

van der Meulen et al. (2009; see also Logie, 2003) argue that this result is 

incompatible with a gateway model of WM because if WM served as a gateway between 

perception and LTM (as Baddeley’s model does), then these patients with impaired VWM 

should not have access to LTM representations that allow for understanding of the



perceptual environment (i.e., recognize a cup). Similarly, the unitary model has a difficult 

time accounting for these data as it proposes that WM is activated LTM representations, 

thus any impairment in WM should he associated with an impairment in accessing 

representations in LTM. Thus, these neurological data provide support for a more direct 

relationship between perception and LTM.

This neuropsychological data is supported by empirical work using dual-task 

methodology. Primarily this work has examined the influence of irrelevant visual 

information (in which a series of images are presented during a retention interval) and/or 

dynamic visual noise (similar to television static) on various type of visual processes. For 

example, van der Meulen et al. (2009) examined interference effects using irrelevant 

visual information on both VWM and visual LTM. In the task, participants either had to 

remember the visual properties of presented letters (i.e., case and order) or they heard the 

letters and had to generate mental images of those letters and determine if those letters 

met a particular criteria (i.e., horizontal lines, curves, etc.). In addition to these primary 

tasks, two interference tasks were used to examine how they impacted performance: 

irrelevant visual pictures presented during the retention interval or a spatial tapping task 

in which participants tapped out an hour glass figure on a 3 x 3 grid.

van der Meulen et al. (2009) were testing three main hypotheses about the 

relationship between WM and LTM based on the WM models outlined above. The 

gateway model would predict that irrelevant visual information would severely impair the 

ability to maintain visual information in WM since perceptual input accesses WM 

directly but it would not have any clear predictions about how irrelevant visual pictures



would influence imagery from LTM or how spatial tapping would interfere with either 

primary task. The unitary model would predict that more attentionally demanding tasks 

would cause interference. Thus, pictures may interfere with imagery more than memory, 

but given the complexity of tapping out a pattern in a non-visible space that task should 

greatly interfere with all tasks.

Finally, the workspace model would predict specific interference effects. 

Irrelevant visual information should not interfere with the memory task since retaining 

visual information in VWM does not necessarily require access to LTM. Irrelevant 

pictures should cause interference in retrieving information from LTM to generate 

images, however, since perceiving irrelevant pictures would directly lead to LTM 

activation, a process that would interfere with activating the relevant LTM 

representations for the imagery task. Conversely, the opposite pattern would be predicted 

for spatial tapping: the memory task should be impaired since the maintenance of the 

tapping task requires temporary memory for the current position as well as planning the 

next move while the imagery task should be unaffected. Their results supported the 

workspace model by showing that items in VWM can be maintained “independently of 

perceptually driven activation of LTM” (van der Meulen, 2009, p. 1575).

Based on the neuropsyehological and empirical evidence, Logie (2003) argues 

that the notion of there being a direct link between information in VWM and our visual 

perceptions of the world is erroneous. Rather, he argues that perception is directly linked 

with long-term representations with WM being a structurally separate system that 

contains that activated information (van der Meulen, et al., 2009).
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Thus, as Figure 1 (panel C) suggests, the workspace model is somewhat of a 

hybrid of the gateway and unitary models of WM, with WM and LTM being separate 

structures (consistent with the gateway model), but the contents of WM being determined 

by perceptually activated long-term representations (consistent with the unitary model). 

This is a key advantage of this model since it can overcome the shortcomings from the 

Gateway and Unitary Models. However, the Workspace Model does make domain- 

specific distinctions between verbal and visual leading to similar problems with multiple 

memory systems as the Gateway Model. Again, however, breaking up WM into these 

systems allows the model to make clear, specific predictions about what will influence 

WM performance, particularly how LTM will influence performance.

A: Gateway Model B: Unitary Model C: Workspace Model

Figure 1. The three WM models discussed in text: (A) the multiple-component model (adapted from 
Baddeley, 2000); (B) the unitary model, grey dots represent activated portions o f LTM that are not in the 
focus of attention (adapted from Cowan, 1993); (C) the workspace model (adapted from Logie & van der 
Meulen, 2009). Bolded text indicates component o f model in which consolidation is presumed to occur.

Summary

As the above review highlights, models of WM vary greatly in how they 

conceptualize WM, particularly the interaction between WM and LTM (see Figure 1). 

Each of the models has pros and cons in terms of understanding the WM/LTM 

relationship. However, WM has been studied in relative isolation. That is, in the WM



literature little research has examined the extent to which LTM and WM interact with 

each other to facilitate cognition. A key focus for the current set of experiments is 

examining these interactions in the visual domain, particularly the relationship between 

WM and LTM, as well as how LTM influences early processing in VWM.

Note that while the above review focused on three WM models that exemplify the 

leading ideas in the WM literature, there are several other approaches to WM that were 

not discussed. For example, cue based models of WM (for example, the Feature Model; 

Naime 1990, 2002) argue that memory is unitary and that short-term and long-term 

memory processes are cue based. That is, there is no activated information residing in 

memory, instead Naime (2002) argues essentially that pointers to information reside in 

memory that retrieve information based on similarity. However, these models are almost 

entirely based on verbal memory processes, making it difficult to make clear predictions 

about visual memory processes.

Additionally, other work in WM has focused on the central executive component 

of WM and how it controls the content of WM. For example, Engle, Kane, and 

colleagues (e.g., Engle & Kane, 2004; Engle, Tuholski, Laughlin, & Conway, 1999;

Kane, Bleckley, Conway, & Engle, 2001; Kane & Engle, 2000; Kane, et al., 2004) have 

proposed the two-factor theory of WM capacity (i.e., the capacity of the domain general 

central executive). This theory argues that the central executive is responsible for (1) 

controlling attention in order to maintain goal relevant information in an active state, and 

(2) maintaining and retrieving information the face of interference or distraction. More 

specifically, a key function of the central executive is to resist proactive interference.
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which occurs when previously learned information interferes with learning new 

information (Kane & Engle, 2000). The ability to resist the build up of proactive 

interference has been shown to be a key function of the central executive, and this ability 

is highly predictive of higher-order cognition (e.g., fluid intelligence; see Engle et al., 

1999).

While these additional models bring up important issues in the WM literature, 

they do not speak directly to the key questions of the current set of experiments, which is 

how LTM influences VWM at early processing stages.

Properties of Visual Working Memory

As briefly defined above, VWM encompasses all processes involved in encoding, 

maintaining, manipulating, and retrieving visual and spatial information. This short-term 

store is separate from the more transient sensory memory, which only retains information 

for very brief intervals and is more perceptual in nature (Sperling, 1960). The visual 

domain provides an excellent medium for examining interactions between WM and LTM 

because it is easier to find stimuli that have no long-term associations compared to verbal 

material and because it is easier to rule out other potential confounding cognitive 

processes such as perceptual processes or strategy use. Additionally, there is currently 

very little work examining the relationship between long-term visual representations and 

VWM representations and given that in real-world situations visual representations will 

usually have some association with long-term memory, it is important to understand this 

link to better understand the functional importance of VWM.
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Measuring Visual Working Memory

Because visual representations cannot be directly measured, they can be difficult 

to assess. When measuring VWM, researchers “must be careful not to use techniques that 

alter or destroy the memories as they are being measured and must distinguish between 

the memory representations and the processes used to create and use them” (Luck, 2008, 

p. 45). To satisfy these constraints, the vast majority of VWM research uses the change- 

detection paradigm (Rensink, 2002; Simons, 2000; Simons & Rensink, 2005) in which 

participants determine whether or not an aspect of a visual array or scene has changed 

between successive presentations. In the most common version of the change-detection 

procedure, a brief visual array is presented (called the memory or sample array), followed 

by a short retention interval. Following the retention interval, a second test array is 

presented in which participants determine if the test array is the same as the study array. 

Items in the test array could be replaced by new items (e.g.. Luck & Vogel, 1997) or they 

could vary in spatial location (e.g., Jiang, et al., 2000).

Luck (2008) cites three main advantages for the change-detection task as a 

measure of VWM. First, the non-memory processes required for the task are relatively 

minor, ensuring that performance is primarily influenced by the VWM system. For 

example, verbal memory processes can be easily eliminated by implementing a 

concurrent verbal task (or articulatory suppression) that requires participants to say a 

word or syllable aloud during each trial. Similarly, perceptual processes can be controlled 

for by using simple, highly-discriminable stimuli. Second, the change detection task does 

not require any transformation of the information in order to report the stored items. In

14



recall tasks for example, the act of recalling the information could alter the 

representations of that information (Luck, 2008). The change detection task merely asks 

participants to compare their memory representation with a presented set of stimuli, thus 

leaving the representation in tact.

Finally, the change detection procedure is similar to how VWM is used in real- 

world vision. For example, work by Hollingworth and colleagues (e.g., Hollingworth, 

2004; Hollingworth, 2008; Hollingworth & Luck, 2009; Hollingworth, et al., 2008) has 

shown an important role of VWM in maintaining visual information across eye 

movements when processing real-world scenes. VWM likely stores information as visual 

information is disrupted (e.g., blinking) and that representation is then compared to the 

external word to see if things have changed. By using the more simplified change 

detection task, the basic processes underlying VWM can be examined while still 

maintaining relevance to real-world visual processing.

Capacity and Representation in Visual Working Memory

The primary focus of research on VWM thus far has been on capacity and nearly 

all the research conducted thus far indicates that VWM is severely limited in capacity. 

Luck and Vogel (1997; see also Vogel, Woodman, & Luck, 2001) took an initial look at 

capacity in VWM. Using a color change detection task (in which the difference between 

the study and test arrays was a change in color of one of the items), they examined 

performance as a function of the set size of the array and the number of features per item. 

They showed a significant drop in performance with set sizes larger than four, suggesting 

that VWM can maintain about four objects. Additionally, performance was equivalent
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when remembering a single feature of an item and when remembering the conjunction of 

features. For example, if the stimulus is a smaller square embedded within a larger square 

of a different color, VWM performance is the same if you have to remember either square 

independently or if you have to remember the combination of the two squares. Based on 

this. Luck and Vogel (1997) concluded that items in VWM are stored as integrated 

objects, not individual features, and they suggested that so long as features were 

integrated into objects that a seemingly infinite number of features could be stored.

Alvarez and Cavanagh (2004), however, challenged the notion that stimulus 

complexity (i.e., the number of features per item) did not influence VWM capacity. In 

their experiment, Alvarez and Cavanagh (2004) calculated capacity of VWM based 

change detection performance across a wide range of stimuli that varied in visual 

complexity. They determined complexity by determining the visual search slope (i.e., the 

number of ms per item required to locate the target object), with more complex objects 

requiring longer search times. Alvarez and Cavanagh (2004) showed capacity estimates 

dropped as stimulus complexity increased. They argued that capacity in VWM is not 

necessarily fixed (as implied in Luck & Vogel, 1997) but rather capacity can vary to some 

extent up until an absolute capacity limit of four to five items.

There are some problems with Alvarez and Cavanagh’s (2004) study however, 

and more recent research suggests that the differences between stimulus types found in 

their study could be due to other factors. For example, Awh, Barton, and Vogel (2007) 

replicated Alvarez and Cavanagh (2004) and demonstrated that the effects were largely 

explained by stimulus similarity. That is, change detection performance could be limited
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by errors in comparing the memory representation with the test array. Indeed, when Awh 

and colleagues (2007) varied stimulus complexity but kept similarity low, they showed 

no capacity differences between the complex objects and the simple objects with the 

capacity for both at about four items. Thus, the consensus in the VWM literature that the 

capacity of VWM is around four integrated objects and this limit is relatively stable 

across varying stimuli.

Why would VWM be so limited in capacity? Vogel et al. (2001; also see Luck, 

2008) proposed a neural mechanism that both explains how objects in VWM are bound 

together and why the limit for these objects is so low. They suggest a synchronized firing 

mechanism in which neurons that represent various features of an object fire 

synchronously forming a cell assembly, a view that is largely based on Hebb’s (1949) 

seminal work. Items in memory remain distinct from one another based on asynchronous 

firing between neurons in different cell assemblies. For example, if a vertical blue bar and 

a horizontal yellow bar are being stored in VWM, one cell assembly would exist for the 

blue bar (with neurons tuned to blue colors and vertical orientations) and one would exist 

for the yellow bar (with neurons tuned to yellow colors and horizontal orientations), and 

the firing rate within each of these cell assemblies would be different so that they did not 

overlap. With this type of mechanism, blue and vertical are linked via synchronous firing 

but that assembly is distinguished from yellow and horizontal via asynchronous firing 

(Vogel et al., 2001).

While this mechanism allows for binding of features into objects and keeping 

those objects distinct, it lends itself susceptible to interference as the number of objects
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(or cell assemblies) increases. Specifically, as more objects are bound simultaneously, the 

neurons within the cell assemblies might fire at the same time by chance, a phenomena 

that Vogel et al. (2001) called accidental synchronization, thereby reducing the 

distinctiveness of each object. As the number of objects increases, so does the probability 

of accidental synchronization, suggesting that the reason VWM capacity is limited to a 

few objects is to ensure that these representations remain distinct and reduce interference 

between items in WM (Vogel et al., 2001). Additionally, this type of neural mechanism 

explains why objects in VWM can seemingly have an infinite number of features. That is, 

the limitation is in the number of cell assemblies and not in the number of neurons within 

those cell assemblies (Vogel et al., 2001).

Unfortunately, because previous research suggested that VWM was relatively 

unaffected by stimulus complexity the vast majority of VWM research has used simple, 

highly distinguishable shapes, limiting the generalizability of VWM research to more 

complex tasks. Additionally, some more reeent research suggests that complexity does 

impact VWM, putting this capacity consensus in question (e.g., Gao, et al., 2008; Luria, 

Sessa, Gotler, Jolicoeur, & Dell'Acqua, 2009; Makovski & Jiang, 2008). For example, 

measuring brain activity using event related potentials during a change detection task 

Luria et al. (2009) showed greater brain activity with complex shapes compared to simple 

shapes suggesting that more complex shapes were harder to maintain in VWM. They also 

showed lower accuracy with complex shapes, going against the claim that VWM is 

unaffected by stimulus complexity. This research highlights the necessity in generalizing
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current ideas on VWM to other types of stimuli to further develop our understanding of 

how VWM works.

It has been established that the capacity of VWM is about four integrated objects. 

But how are those objects represented in VWM? Jiang et al. (2000) addressed this issue 

using a standard change-detection task in which a single item was cued at test. In their 

task, however, both the presence or absence of the distractor probes (i.e., non-cued 

items), as well as their identity (i.e., color) and their location was varied during the probe 

image. The primary question was whether items in VWM are stored independently or 

whether relational information stored in memory. If items are stored independently, then 

memory for an item within an array should not be affected by changes in surrounding 

items. Conversely, if relational information is stored, memory for an item would be 

affected by surrounding items. Since memory was impaired when the configuration 

changed between the memory image and the probe image, these findings supported the 

relational information hypothesis.

Jiang et al. (2000) drew three main conclusions about the nature of organization in 

VSWM: (1) VSWM is organized based on a global spatial configuration where items are 

represented in relation to each other (this explains why memory is impaired when this 

configuration is distorted, or absent); (2) The formation of the configuration is flexible in 

which both top-down and bottom-up processes work together to select important aspects 

needed to form the configuration; (3) Information is organized in a hierarchical manner -  

thus, items in an array can be stored in relation to each other to form a global spatial 

configuration, but also information about the individual items must be stored. Storing 

items in a global configuration seems to be a fundamental aspect of VWM processing and
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whether or not this eonfiguration can be created will greatly impact memory for a set of 

items (e.g., Blalock & Clegg, 2010). It is currently unclear what, if any, role LTM plays 

in the creation of these global configurations.

Consolidation in Visual Working Memory

When perceiving information in the visual world, sensory information leads to 

perceptual representations in the brain that are fragile. For example, in Sperling’s (1960) 

partial-report experiment, a 3 x 3 letter matrix was presented briefly and then followed by 

a cue (a high, middle, or low pitched tone) to indicate which row of the matrix should be 

recalled. Sperling (1960) showed that when the cue was presented shortly after the 

matrix, recall accuracy was quite high, suggesting that all items in the matrix were stored 

and accessible since participants did not know ahead of time which row would be cued. 

When the cue was delayed, however, performance dropped dramatically, with 

performance bottoming out around 500-800 ms. Additionally, when a mask was 

presented following the letter matrix, performance was markedly worse than a no mask 

condition. These results suggest that perceptual information is initially stored in a high- 

capacity sensory store, but information in this store only remains for a very brief interval 

before decaying (Gegenflirtner & Sperling, 1993; Sperling, 1960).

Thus, in order to retain visual information over longer periods of time (i.e., longer 

than a few hundred milliseconds) and to protect it from subsequent interfering visual 

information (e.g., a mask) some mechanism must stabilize visual representations so that 

they can persist after the visual information is no longer available in sensory memory (or 

in the environment) and so that they can remain active when new sensory input is
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presented (Luek, 2008). Stated differently, some process is required to take information 

within sensory memory and transfer it to working memory (Gegenfurtner & Sperling, 

1993). This process of stabilizing active WM representations so that they are less 

susceptible to interference from subsequent visual information is called short-term 

consolidation (Jolicoeur & Dell'Acqua, 1998; Vogel, Woodman, & Luck, 2006). 

Consolidation is a loaded term that can have multiple different meanings and in this case 

may not accurately reflect the process being described, particularly in terms of how it is 

used in the neuroscience literature (i.e., consolidating disparate pieces of information into 

a single representation; see Vogel et al., 2006). However, to maintain consistency in 

terminology with the prior literature the current set of experiments will use the phrase 

short-term consolidation to refer to stabilizing WM representations.

Research suggests that this consolidation process is very limited in capacity and 

resource demanding (e.g., Chun & Potter, 1995; Dell'Acqua & Jolicoeur, 2000; Jolicoeur 

& Dell'Acqua, 1998; Raymond, Shapiro, & Amell, 1992; Ward, Duncan, & Shapiro, 

1996). For example, Jolicoeur and Dell’Acqua (1998) used a dual-task paradigm that 

combined a VWM task (remembering visually presented characters) and an auditory 

response task. In this task, a visual array of alphanumeric characters was presented which 

was followed by a low or high pitched tone. Participants had to make an immediate, 

speeded response to the tone and then recall the characters. Jolicoeur and Dell’Acqua 

(1998) showed that when the delay between the visual display and the tone was short 

(i.e., 300-550 ms), reaction time to respond to the tone was slow, but reaction times got
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faster as the delay increased. Additionally, this effect was larger when participants had to 

remember more characters.

Jolicoeur and Dell’Acqua (1998) argued that the slower response times to the tone 

following the presentation of the characters is due to interference between consolidating 

the visual information and performing the auditory task and that this interference was due 

to both consolidation and response selection requiring central resource mechanisms 

(Vogel et al., 2006). Additionally, because the interference was larger with larger set sizes 

of the visual array, Jolicoeur and Dell’Acqua’s data suggest that the consolidation process 

is limited in capacity, requiring more time as the memory demand increases.

Attentional blink paradigm. Much of the work on short-term consolidation 

comes from the attentional blink literature. In a typical attentional blink task, a stream of 

stimuli are rapidly presented and participants have to respond to two target stimuli within 

that rapid stream of stimuli (also called a rapid serial visual presentation, or RSVP task). 

For example, a stream of numbers will be presented rapidly (~10 items per second) and 

within that stream two letters will be presented and participants then have to report those 

letters at the end of the trial (e.g., Di Lollo, Kawahara, Ghorashi, & Enns, 2005). In these 

tasks, accuracy is usually very high for the first target stimulus but is reduced for the 

second when the second target is presented less than 500 ms after the first target 

(Raymond, et al., 1992). Accuracy for reporting the second target is greatly improved 

when instructions indicate to ignore the first target, suggesting that it is not simply a 

perceptual interference problem but rather an attention problem. Thus, when attention is
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focused on processing the first target, the ability to not only report but detect a second 

target is greatly diminished, showing a temporary lapse, or blink, in attentional resources.

While several theories of why the attentional blink occurs exist (e.g.,Di Lollo, et 

al., 2005), one of the leading theories argues that the drop in performance for the second 

target is due to a delay in selecting the second target for consolidation while the first 

target is undergoing consolidation (Chun & Potter, 1995; Nieuwenstein, Chun, van der 

Lubbe, & Hooge, 2005; Shapiro, Amell, & Raymond, 1997; Vogel et al., 2006). Thus, the 

assumption of this view is that consolidating the first target is fairly time consuming 

(~500 ms) and during that time a second target cannot be consolidated.

Time course of consolidation. While the above work supports a distinct 

consolidation process, the nature of the tasks used (e.g., dual-task and attentional blink 

paradigms) do not allow for accurate estimates of how much time is required to 

consolidate information. That is, for both dual-task and attentional blink paradigms, other 

cognitive processes such as perception, response selection, or task switching are involved 

in the task. Thus, any time estimates of consolidation based on these tasks will be inflated 

due to contamination from other processes.

Vogel and colleagues (2006) addressed this problem and isolated the time course 

of consolidation in VWM. Using a color change detection task, they presented a mask 

array at variable intervals (stimulus onset asynchronies [SOAs] varying from 117 ms to 

583 ms) following the initial memory array. The idea was that the mask array would only 

impair change detection performance if it was presented while information from the 

memory array was still being consolidated (i.e., at shorter SOAs). They also varied the
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size of the memory array from one to four items to examine the effects of load on 

consolidation.

They showed that with a set size of one, the mask array did not lead to any drop in 

performance. However, as the set size increased from two to four, the mask array led to a 

drop in change detection accuracy at the shorter SOAs and this effect was larger for 

larger set sizes. This supports previous research arguing that the consolidation process is 

limited in capacity, requiring more time as the number to-be-consolidated items 

increases. Additionally, Vogel et al. (2006) determined that approximately 50 ms is 

required to consolidate an item into VWM. Thus, for a visual array of four items about 

200-300 ms is required to create a stable representation in VWM.

Vogel et al.’s (2006) rate of consolidation is notably faster than earlier work using 

dual-task and attentional blink paradigms, suggesting that that prior research was in fact 

inflating the time required to consolidate information into WM, likely due to 

contamination with other cognitive processes. However, a rate of 50 ms per item is 

slightly slower than other work based on a similar masking paradigm. Using a partial 

report paradigm (as used by Sperling, 1960) combined with a masking procedure similar 

to Vogel et al. (2006), Gegenfurtner and Sperling (1993) examined consolidation 

processes in verbal WM. In their task, a matrix of letters was presented followed by both 

a cue and a visual mask, both of which were independently manipulated and presented at 

varying intervals following the offset of the visual letter array. Their data showed a 

consolidation rate of 20-30 ms per letter.
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Vogel et al. (2006) suggest that the discrepancy between their study and 

Gegenfurtner and Sperling (1993) could be due to differences between visual and verbal 

WM or due to the fact that the participants in Gegenfurtner and Sperling’s (1993) study 

were highly trained in the task (over 1,000 trials completed prior to the experiment). This 

over-learning of the stimuli in Gegenfurtner and Sperling (1993) could lead to an increase 

in consolidation speed. This idea of how familiarity with the stimuli affects consolidation 

will be a primary focus of the current set of experiments.

How does this consolidation process fit within the context of the WM models 

outlined above? None of the current WM models directly address consolidation and 

where it operates, however given that the models discuss in detail the activation of 

information within the WM store, it is safe to make some assumptions about where the 

consolidation process would occur. Likely, consolidation occurs in the part of the WM 

model in which representations are maintained. For the gateway and workspace models, 

that would be in the domain-specific storage buffers. In the unitary model that would be 

in the focus of attention.

Summary

The above review highlights three key aspects of VWM: (1) that VWM is very 

limited in capacity; (2) that items in VWM are stored relative to each other in a global 

spatial configuration; and (3) that a resource limited consolidation process stabilizes 

active WM representations. However, despite the reeent increase in research focused on 

understanding short-term visual processing, there are still many unresolved issues. First, 

what knowledge we do have about VWM processing has been developed using very
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simple stimuli despite the fact that recent research suggests that VWM processing varies 

as a function of stimulus complexity. Second, while research has started to examine how 

VWM representations are stabilized via the short-term consolidation process, this 

research has not addressed what is being consolidated or how this process may operate. 

Finally, the relationship between long-term visual representations and VWM has been 

largely ignored. The current set of experiments will examine these gaps, in particular the 

relationship between VWM and LTM

Interactions Between VWM & LTM

Luck (2008) notes that currently no theories of the relationship between visual 

LTM and VWM exist, specifically regarding the link between object representations in 

LTM and VWM representations. Essentially, he argues that there are two possible 

relationships, either long-term visual representations assist VWM processing or that 

visual long-term representations are not used in VWM.

While Luck (2008) ties these hypotheses to the object perception and 

representation literature (e.g., Biederman, 1987; Pessig & Tarr, 2007), they map on nicely 

with the theories of WM outlined above in terms of how they model the relationship 

between WM and LTM. The unitary and workspace models would predict that visual 

LTM should facilitate VWM processing since it argues that WM is activated portions of 

LTM. The Gateway Model, on the other hand, predicts that visual LTM representations 

should play a reduced role in VWM processing since representations in VWM are based 

solely on the visual properties of those objects without going through LTM first.
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Currently, the small amount of research examining how VWM and visual LTM 

interact has focused on how familiarity with stimuli influenees change detection 

performance, particularly if familiar objects can increase VWM capacity. A few different 

techniques have been used to examine this question including explicit training, implicit 

training, and comparing already known stimuli with novel stimuli. The general 

hypothesis for all of this research has been that if VWM is activated LTM representations 

(or if LTM representations are activated prior to information in WM as in the workspace 

model) that performance and/or capacity should increase. Currently however, the results 

are mixed.

Explicit Training of Visual Stimuli

Currently, the only experiment that explicitly trained a set of stimuli was Chen, 

Eng, and Jiang (2006). While other researeh has examined the impact of training with 

VWM tasks on general ability (e.g., Buschkuehl, et al., 2008; Wright, Thompson, Ganis, 

Newcombe, & Kosslyn, 2008), only Chen and colleagues (2006) examined the impact of 

training stimuli (and thereby creating a long-term representation) on VWM performance.

In their experiment, participants first trained on a subset of eight polygons by 

completing 320 change detection trials that used only the eight trained shapes. Following 

a basic recognition task in which participants determined which of two shapes they 

studied previously (to ensure that the shapes were learned), participants then completed 

the change detection task again with both trained and novel polygons. In this testing 

phase, the arrays could consist of either all novel, all trained, or a mixture of novel and
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trained shapes. Finally, a second recognition test was administered to examine the 

retention of the trained shapes following the primary change detection task.

Across several experiments Chen et al. (2006) found no improvements in VWM 

performance for trained shapes compared to novel shapes. With more practice, 

participants improved their performance on the change detection task, but this 

improvement was not specific to the trained shapes. Chen et al. (2006) suggest that 

familiarity of stimuli may only play a role with extreme degrees of familiarity which is 

developed over long periods of time (e.g., faces). However, they also note that while 

training did not impact overall performance, training could have led to improvements 

more subtle than can be captured by overall accuracy in change detection (e.g., improved 

encoding). Thus, while Chen et al. (2006) did not show any improvements, it remains an 

open question if training can facilitate early VWM processes such as consolidation. 

Implicit Training of Visual Stimuli

Some work has attempted to examine the link between long-term representations 

and VWM using more implicit techniques. With implicit learning, information is repeated 

over the course of the experiment without participants’ awareness. Typically, performance 

is better for this repeated information than on other novel trials, even though participants 

typically do not realize this and they are unable to articulate any coherent pattern to the 

trials (e.g., Chun & Jiang, 1998, 1999, 2003).

For example, Olson and Jiang (2004) examined performance over time when 

either spatial information or both object and spatial information was repeated every third 

trial. Using a typical change detection paradigm in which one item was cued at test, they
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showed no benefit for repeated information across trials for either the spatial or object 

dimensions. Olson and Jiang (2004) suggest that the resolution of representations in 

visual LTM is not as high, making it less useful to rely upon than VWM representations. 

However, more recent research on long-term memory for objects suggests that not only is 

the capacity for visual LTM very high, the representations are quite detailed (Brady, 

Konkle, Alvarez, & Olivia, 2008), leaving open the question as to why long-term implicit 

representations do not improve VWM performance.

Olson, Jiang, and Moore (2005) extended upon Olson and Jiang (2004) by using a 

similar procedure (repeating spatial information across trials) but comparing repeating 

locations of non-tested items to repeating locations of tested items. That is, on a repetition 

trial, the tested item would either have been tested before or would vary randomly 

between the repeating items. They showed that VWM performance was only enhanced 

when tested items were repeated. Combined with Olson and Jiang (2004), this research 

suggests that perhaps one function of VWM is to control what information is retained 

across trials and information that has been tested before will be retained and learned 

whereas other information may not.

Inherently Familiar versus Unfamiliar Stimuli

Unlike the work by Chen et al. (2006) who trained on a set of shapes, some visual 

stimuli already have long-term representations that were formed prior to the experiment 

and are inherently familiar to participants. For example, Pashler (1988) compared change 

detection performance between normal alphanumeric characters (which have high 

degrees of familiarity) and inverted ones (which are less familiar). Similar to Chen et al.
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(2006), however, he found no significant differences between the two stimuli, though 

Pashler (1988) notes that given the extreme degree of familiarity with letters, even 

inverted letters could be familiar enough to negate any advantages.

More recently, work on face recognition has supported the notion that familiarity 

with stimuli leads to improvements in VWM. Buttle and Raymond (2003), for example, 

compared change detection between famous and non-famous faces and found change 

detection was significantly better when a famous face changed to another famous face 

than when a non-famous face changed to another non-famous face. This effect was 

eliminated when the faces were inverted, supporting their argument that super-familiarity 

of stimuli lead to enhanced VWM performance (see Jackson & Raymond, 2008 for a 

similar effect). In a similar experiment, Curby and Gauthier (2009) compared change 

detection performance for upright versus inverted faces as well for cars with car novices 

and car experts. In their task, they used a backward masking paradigm similar to Vogel et 

al. (2006) to examine the time course of perceptual expertise. That is, if an object is more 

familiar (i.e., upright faces or car experts recognizing cars) can that object be accessed 

and responded to faster? To examine this, they varied how long objects were presented 

before a mask was shown on the screen (essentially, they manipulated encoding time). 

They found that performance for upright faces and cars with car experts was significantly 

faster (33 - 70 ms) compared to inverted faces and cars with car novices. This data 

support the idea that “experience influences the availability of information early, in 

processing” (Curby & Gauthier, 2009, p. 1). Note, however, that this expert visual
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knowledge did not transfer to other similar stimuli such as inverted faces. This suggests 

that visual knowledge is very domain specific.

Summary

As the above review highlights, currently the status of the relationship between 

long-term visual representations and VWM is ambiguous. Lab based training tasks, such 

as those used by Chen et al. (2006), show no benefit for familiar items whereas more 

real-world tasks that rely on inherent familiarity show a benefit for familiar items. One 

reason for this discrepancy could be a lack of sensitive measures of VWM in the lab. That 

is, examining overall accuracy or capacity may not reveal early benefits of LTM like 

those shown in Curby and Gauthier (2009).

In trying to better understand WM and LTM and how they interact, a logical place 

to start would be to examine the impact of stimulus familiarity on early consolidation 

processes in VWM. Using this approach allows for the strongest test of the different 

theories of the VWM/LTM interaction: if LTM representations are first accessed prior to 

any WM processes (or if WM is simply activated portions of LTM), then theoretically we 

should see facilitation at very early processing stages. The backward masking 

consolidation paradigm used by Vogel et al. (2006) allows for a clean examination of 

these ideas and should provide the ideal medium to discern any differences between 

familiar and unfamiliar stimuli.

Current Experiments

The goal of the current set of experiments is to examine the influence that long-

term visual representations have on consolidation in VWM. While prior studies have
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examined the impact of long-term representations on overall performance or capacity in 

VWM with mixed results, the current experiments argue that the influence of long-term 

representations in VWM may occur at a very early processing stage, allowing visual 

information to be stabilized in VWM faster and be more resistant to retroactive 

interference from masks compared to novel visual stimuli.

To address this question, the current experiments will adopt the backward- 

masking consolidation paradigm used by Vogel et al. (2006) and compare VWM 

performance across mask delays for familiar and unfamiliar shapes. Experiment 1 will 

compare unfamiliar, complex polygons with familiar, colored squares. This experiment is 

designed to examine any possible differences in consolidation in the most extreme case to 

ensure that a difference does in fact exist. Experiments 2a and 2b will build upon 

Experiment 1 by eliminating any confounds due to using two types of stimuli by training 

participants on a subset of abstract polygon shapes and comparing performance on those 

trained shapes to untrained shapes. For both of these experiments, it is expected that 

unfamiliar shapes will take longer to consolidate from a transient perceptual trace to a 

more stable working memory trace.

Experiment 3 will take a slightly different approach to examining differences 

between familiar (or trained) shapes and unfamiliar shapes. The goal of this experiment is 

to see if long-term representations can be developed incidentally (i.e., without conscious 

awareness or intentional effort from the participant) and if so will that long-term 

knowledge influence consolidation into VWM. Again, if long-term visual representations
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influence consolidation into VWM, consolidation should be faster for the trained shapes 

compared to novel shapes.

Overall, if the predicted pattern of results are found (i.e., that long-term 

representations influence short-term consolidation) they would support the workspace 

model of WM (e.g., van der Meulen, et ah, 2009) and the unitary models of WM (e.g., 

Cowan, 2001). These models predict that information from long-term memory is 

activated directly from perceptual traces and is then transferred to WM for further 

processing and manipulation (i.e., the workspace model) or the becomes the contents of 

the focus of attention (i.e., unitary model). If, however, no influence from long-term 

visual representations is found for short-term consolidation processes, the gateway model 

of WM would be supported (e.g., Baddeley & Hitch, 1974). The gateway model would 

not predict long-term representations to influence short-term consolidation as any 

perceptual information has to first go through WM before long-term representations can 

be activated (van der Meulen, et ah, 2009). Thus, the current experiments will further our 

current understanding of how long-term memory and working memory interact, 

particularly at early processing stages.
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CHAPTER 2 - EXPERIMENT 1

As stated above, the goal of Experiment 1 is to examine the influence that long-

term visual representations have on consolidation in VWM. Are items that have 

representations in long-term memory consolidated more quickly than novel items with no 

long-term associations? Experiment 1 compared differences in short-term consolidation 

between two different types of stimuli: unfamiliar, complex polygons and familiar, 

colored squares. To examine the consolidation process, visual masks were presented at 

varying intervals following the memory array as in Vogel et al. (2006). Examining 

performance across these delay intervals provides insight into the time course of 

consolidation: early masks should interfere with performance more than later masks if 

consolidation occurs. Additionally, the set size of the memory array was manipulated to 

examine how the consolidation process varies as a function of the load of the trial. Vogel 

et al. (2006) argued that short-term consolidation was a resource limited process: as the 

number of to-be-remembered items increases, the more time is need to consolidate the 

array into VWM. Comparing familiar and unfamiliar shapes across set sizes also provides 

a comparison in terms of which stimulus type is more resource demanding.

While there are a number of differences between the two stimuli types, the goal of 

Experiment 1 was to test for any differences in the most extreme case possible. The logic 

being that if there are no differences in this case, then long-term memory (or at least
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differences between different types of stimuli) is not likely playing a role during 

consolidation into VWM. Again, if long-term visual representations can speed 

consolidation, then we should see faster consolidation for the familiar square stimuli than 

for the unfamiliar polygons, which would support the workspace and unitary models of

WM.

Method

Participants and Design

Thirty-six introductory psychology students participated in this experiment for 

optional, partial course credit. Participants were required to have normal or corrected 

vision (including normal color vision). A 2 (stimulus type: squares vs. polygons) x 4 (set 

size: I, 2, 3, & 4 items) x 5 (mask delay: 12, 134, 250, 367, & 484 ms) within-subjects 

design was used.

Stimuli

Both familiar and unfamiliar stimuli (described below) were shown on a computer 

monitor against a grey background for familiar stimuli and a white background for 

unfamiliar stimuli. The items were randomly assigned to one of 16 positions within a 

9.80° X 7.30° region in the center of the screen.

The familiar stimuli were identical to those used in Vogel et al. (2006). Seven 

colored squares (subtending approximately 0.65° x 0.65° of visual angle), white, red, 

blue, green, black, violet and yellow, were used in this condition. Depending on the set 

size condition, one to four items were randomly selected (without replacement) for 

presentation on each trial. For the familiar stimuli mask, four of the possible colored
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squares were abutted to form a 2 x 2 checkerboard pattern. The colors for each mask were 

randomly selected with replacement and the masks were shown at the locations of each 

item from the memory array (see Figure 2, panel A).

Attneave shapes (complex polygons; Attneave, 1957; Attneave & Amoult, 1956) 

were used for the unfamiliar stimuli (see Figure 1, panel B). Attneave shapes with four to 

seven sides were used with an approximate visual angle from 1.0°-2.0°. The shapes were 

selected randomly from a set of 400 total shapes. The mask for the unfamiliar stimuli 

consisted of 4 x 4 matrices with half of the cells fdled in black and half filled in white 

(see Figure 2, panel B).
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100 ms 200 ms 2000 ms

m  • S3

Memory Array 
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■ 1
■ -  VI

1̂ - “ a
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I
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Figure 2. Trial procedures for familiar (A) and unfamiliar trials (B). SOA = Stimulus Onset Asynchrony.
Not drawn to scale.
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Procedure

Since the unfamiliar stimuli were inherently more complex than the familiar 

stimuli, there were some slight differences in timing across the familiar and unfamiliar 

trials. That is, more study time was allotted to the unfamiliar stimuli to ensure that any 

differences between the stimuli was not due to difficulty perceiving the shapes in the 

unfamiliar condition. Familiar and unfamiliar stimuli were presented in separate blocks of 

200 trials each (four blocks total in the experiment, for a total of 800 trials, 400 familiar 

and 400 unfamiliar) and the order of bloeks was randomized aeross participants. This 

leaves 20 trials per stimulus type x mask delay x set size combination. To avoid any 

comparison errors in comparing the memory array with the test array for the more 

homogenous attneave shapes, a single item in the array was cued by a magenta box at test 

and participants responded if that item changed between study and test. Half of the trials 

were same trials and half were different trials.

For the familiar trials, the memory array was presented for 100 ms, whieh was 

followed by a blank screen until the mask array onset. The delay between the memory 

and mask arrays randomly varied between 17 ms, 134 ms, 250 ms, 367 ms, or 484 ms on 

each trial. Thus, the SO As (adding 100 ms for the memory array) for the familiar stimuli 

are 117 ms, 234 ms, 350 ms, 467 ms, and 584 ms. The mask array was followed by a 

blank screen (the duration varied depending on when the mask array is presented) until 

the test array was presented whieh remained on the screen until a response was made or 

2,000 ms passed. The test array was identical to the study array with the exception that on 

half of the trials, one item was replaeed by a new item (selected randomly from the
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remaining colors). Participants responded same (mapped to the “z” key on a standard 

keyboard) if the two arrays did not differ and different (mapped to the “/” key on a 

standard keyboard) if they did.

Additionally, in order to rule out any verbal based strategies, participants 

completed a concurrent articulatory suppression task. For this task, two digits were 

presented at the start of each trial and participants repeatedly said these two digits aloud 

throughout the course of each trial. For example, if the digits 2 and 9 were presented, 

participants said “two-nine, two-nine...” until the end of the trial. This method was used 

by Vogel et al. (2006) and has been shown be effective at discouraging any verbal 

recoding of stimuli (Baddeley, 1986, 2007; Besner, Davies, & Daniels, 1981).

The procedure was similar for unfamiliar trials, with the following exceptions. 

The array of shapes were presented for 500 ms instead of 100 ms to ensure proper 

encoding of the more complex stimuli. This makes the SOAs for this condition 517 ms, 

634 ms, 750 ms, 867 ms, and 984 ms (500 ms memory array plus the five different 

delays). A new item also replaced one of the studied items at test on half of the trials and 

this item was different from the original four shapes but chosen randomly from the 

remaining set of shapes. No articulatory suppression task was used for the unfamiliar

trials.

Results

Five participants were dropped from the analyses because they either did not 

finish in the allotted 1.5 hr session {n =  2), they opted to not finish due to illness (n = 1), 

they did not follow instructions { n =  1), or their performance was two standard deviations
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below the average overall performance { n =  1). Thus, the following analyses are based on 

31 participants. Some accuracy analyses did not meet the sphericity assumption for 

repeated-measures analysis of variance (ANOVA), so the degrees of freedom for those 

analyses were adjusted using the Huynh-Feldt correction. Pairwise comparisons were 

conducted using the least significant differences method. All analyses are significant at 

the p  <  .05 level unless otherwise noted.

Accuracy

To examine if the consolidation process differs between the two stimuli types, a 2 

(stimulus type: squares vs. polygons) x 4 (set size: 1, 2, 3, & 4 items) x 5 (mask delay:

17, 134, 250, 367, & 484 ms) repeated measures ANOVA was conducted on the accuracy 

data. This analysis revealed significant main effects of stimulus type [F(l, 30) = 52.65, 

M SE =  .05, rfp̂  =  .64], set size [F(l .59, 47.59) = 114.64, M SE  =  .04, = .79], and delay

[F(4, 120) = 11.59, M SE  = .01, = .28]. Additionally, interactions were shown between

stimulus type and set size [F(2.03, 60.85) = 18.44, M SE =  .01, rjp̂  = .38], stimulus type 

and delay [F(4, 120) = 3.04, M SE  = .004, = .09], set size and delay [F( 10.09, 302.69)

= 2.08, M SE =  .01, rjp̂  =  .07], and critically the 3-way interaction between stimulus type, 

set size, and delay was significant [F(12, 360) = 2.98, M SE  = .01, rfp̂  =  .09]. These 

results, particularly the significant 3-way interaction, support the hypotheses for 

Experiment 1 and suggest that consolidation differed between the two stimulus types (see 

Figure 3). Specifically, visual masks disrupted VWM performance at different time 

intervals across the two stimulus types and this disruption varied depending on the set
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size of the visual array, supporting Vogel et al.’s (2006) conclusion that consolidation is 

resource limited.

Figure 3. Accuracy data for Experiment 1. Error bars represent one standard error of the mean.

To further examine the main effects of stimulus type, set size, and delay, pairwise

comparisons were calculated. For stimulus type, these comparisons showed that accuracy 

was higher for familiar than unfamiliar trials, suggesting that the unfamiliar shapes were 

more difficult to remember than the familiar stimuli. For set size, accuracy for set size 1 

was significantly higher than all other set sizes, accuracy for set size 2 was significantly 

higher than set size 3, accuracy for set size 4 was significantly lower than all other set 

sizes. This pattern replicates Vogel et al. (2006) and suggests that as the number of to-be- 

remembered items increased, task difficulty increased. The significant set size x delay 

interaction also supports Vogel et al.’s (2006) conclusion that the consolidation process is 

resource limited, with more time needed as more items need to be consolidated.
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To examine the main effect of delay, performance at the shortest and longest 

delays were compared first to see if accuracy increased across the delay conditions before 

the more specific pairwise comparisons were conducted between all the conditions. A 

paired-samples t-test between the 17 ms delay condition (M= .82; SD  =  .07) and the 484 

ms delay condition (M= .86; SD  =  .05) showed that accuracy significantly increased with 

additional time between the memory array and the mask array [/(30) = -5.41]. This 

suggests that early masks interfered more with remembering the shapes than later masks, 

and the interactions with set size and stimulus type suggest that the magnitude of this 

effect varied depending on how many items were in the array and how familiar the items 

were. Additional pairwise comparisons showed that not only was accuracy in the 17 ms 

delay condition significantly lower than the 484 ms condition, it was also lower than all 

other delay conditions. Accuracy in the 367 ms condition was significantly higher than 

accuracy in the 134 ms and 250 ms conditions but was equivalent to the 484 condition. 

This suggests that up to 367 ms were needed to consolidate information into VWM, 

though this process varied depending on set size, with less time required for a single item 

and more time required for four items, and by stimulus type with more time needed to 

consolidate unfamiliar stimuli.

To further examine the 3-way interaction, separate 4 (set size) x 5 (delay) repeated 

measures ANOVAs were conducted for each stimulus type. The familiar analysis yielded 

a significant set size x delay interaction [F(8.72, 261.62) = 2.08, M SE =  .01, =  .07]'.

This result replicates Vogel et al. (2006) and suggests that a certain amount of time is

' This analysis also yielded significant main effects o f set size [T(1.74, 52.22) = 68.39, MSE = .02, rjp̂  = 
70] and delay [F(4, 120) = 10.78, MSE = .004, / / / =  .26],
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needed to consolidate information into VWM and this process takes longer with more 

visual stimuli. This interaction was examined by comparing the difference in accuracy 

between the shortest and longest delay intervals (17 ms and 484 ms) for Set Sizes 1 and 4 

using paired-samples t-tests (using a Bonferroni correction to adjust the experimentwise 

error). This provides the strongest test for how the effects of delay vary depending on the 

number of items. For Set Size 1, there was no difference in accuracy between the 17 ms 

(M= .95, SD  =  .06) and 484 ms ( M =  .97, SD  =  .04) delay conditions [/(30) = -1.05,/? = . 

30]. In contrast, there was a significant difference at Set Size 4 between the 17 ms (M= . 

77, SD  =  .13) and 484 ms (M= .84, SD  = .12) delay conditions [t(30) = -3.49]. This 

pattern demonstrates that at larger set sizes, more time was required to create a stable 

VWM representation as the number of items in the memory array increased (see Figure 

5).

To get a sense of the time course of the consolidation process (i.e., a rough 

estimate of when consolidation occurred), pairwise comparisons were conducted on the 

delay main effect. These comparisons showed that accuracy after a 17 ms mask delay was 

significantly lower than all other delay conditions and accuracy following a 134 ms mask 

delay was significantly lower than delays of 250 ms, 367 ms, and 484 ms (see Figure 4). 

This pattern suggests that after 134 ms, performance was roughly equivalent, but that 

varied depending on how many items there were in the memory array (i.e., performance 

was equivalent across all delay conditions with a set size of 1, but differences across 

delay conditions started with set size of 2).
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Figure 4. Experiment 1 accuracy across the five delay conditions collapsed across set size conditions for
familiar and unfamiliar stimuli.
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Figure 5. Experiment 1 accuracy for the shortest and longest delay conditions (17 ms and 484 ms) with Set 
Size 1 and Set Size 4 for familiar and unfamiliar items.

The unfamiliar analysis also yielded a significant set size x delay interaction \F

(9.78, 293.33) = 2.75, M SE =  .Q\, rjp̂  =  .08] .̂ This generally replicates the effects seen

for familiar items, and suggests that unfamiliar shapes are also sensitive to visual masks

when they are shown too soon after the memory array and this effect varies depending on

set size. Paralleling the Familiar analysis, paired-samples t-tests (using the Bonferroni

 ̂This analysis also yielded significant main effects for set size [F(1.71, 51.32) = 92.91, MSE = .04, rjp̂  ■ 
76] and delay [F(9.78, 293.33) = 2.75, MSE = . 0 1 , = .08].
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correction) were conducted between the 17 ms and 484 ms delay conditions for Set Sizes 

1 and 4. For Set Size 1, there was no difference between the 17 ms (M= .91, S D  =  .12) 

and the 484 ms (M= .91, SD  =  .10) delay conditions [/(30) = A 3 , p  =  .67] suggesting that 

with one item masks did not interfere with accuracy in any delay eondition. In eontrast to 

the Familiar analysis, at Set Size 4 there was also no significant difference between the 

17 ms ( M =  .67, SD  = .13) and 484 ms (M= .70, SD  =  .13) delay conditions [t(30) = 

-1.09,/? = .28]. This lack of a significant increase is likely due to the fact that accuracy 

drops in the 484 ms condition compared to the 367 ms condition. Thus, the lack of a 

difference between 17 ms and 484 ms may be due to the fact that information had 

decayed at 484 ms.

The pattern of results across the delay conditions was also examined for 

Unfamiliar items to get a sense of the time course of the eonsolidation process. Pairwise 

comparisons showed that performance following a 17 ms delay was significantly lower 

than all other delay conditions and performance following a 367 ms delay was 

significantly higher than following a 250 ms or a 484 ms delay and marginally higher 

than a 134 ms delay {p = .06). This pattern suggests that backward masking interfered 

with consolidation up to 250 ms, which is longer than the 134 ms required for familiar 

stimuli. Again, the drop in performance at a 484 ms delay suggests that the consolidation 

process may be susceptible to decay with more complex stimuli.

Taken together, the accuracy analyses support the hypotheses of Experiment 1: 

short-term consolidation varied between familiar and unfamiliar objects, with the more
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complex, unfamiliar polygons requiring more time to consolidate than simple, familiar 

squares.

Capacity

The number of items, K , that are available in WM for a change detection task was 

calculated to determine if the capacity estimate varied depending on stimulus type (as 

used by Vogel et al., 2006; see also Cowan, 2001). Essentially, the equation “assumes that 

if an observer can hold K  items in memory from an array of S  items, then the item that 

changed should be one of the items being held in memory on K /S  trials, leading to correct 

performance on K /S  of the trials on which an item changed” (Vogel et al., 2006, p. 1441). 

Accounting for guessing (i.e., accounts for the false alarm rate, F, and the correct 

rejection rate, C), the available items in WM \s, K  =  C  * {S * {H  - F) / { \  - F)] or K  =  S  * 

(// + C - 1). This estimate was calculated for each stimulus type condition at set size four. 

Given the current debate in the VWM literature about how stimulus complexity impacts 

capacity, this estimate was compared between Familiar and Unfamiliar stimuli in a 

paired-samples t-test. This test showed that capacity for Familiar items (M= 2.49; S D  =  . 

73) was significantly higher than capacity for Unfamiliar items [M= 1.51; SD  =  .65; /(30 

= 7.27]. This demonstrates that participants were not able to hold as many Unfamiliar 

items in VWM as Familiar items, suggesting that capacity of VWM varies depending on 

the stimuli and supporting criticisms by Alvarez and Cavanagh (2004) that a fixed 

capacity is overly simplistic.

Before examining the slope, paired-samples t-tests were conducted between the 

17 ms and 484 ms delay conditions at Set Size 4 for both Familiar and Unfamiliar items.
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Conducting this test determines if there are differences in accuracy between the shortest 

and longest delays. If no differences in accuracy exist, then plotting capacity against 

delay is not informative. For Familiar items, this test showed a significant increase in 

capacity between the 17 ms { M =  2.16; SD  = 1.08) and 484 ms (M= 2.78; S D  =  .84) 

conditions [t(30) = -3.63]. However, there was no difference between 17 ms (M= 1.36; 

SD  =  1.05) and 484 ms (M= 1.70; SD  =  .96) delay conditions for Unfamiliar items [t(30

= -1.58,p = .12].

Discussion

Can long-term visual representations facilitate consolidation into VWM? The goal 

for Experiment 1 was to answer this question, specifically to examine how the process of 

short-term consolidation differed between two different types of stimuli that varied in 

terms of how familiar they were (i.e., colors vs. abstract shapes). It was expected that 

differences in consolidation would be found, and the three-way interaction between 

stimulus type, set size, and delay supports that prediction. More specifically, 

consolidation was slower for the unfamiliar polygons than for the more familiar colored 

squares, particularly as set size increases.

These results have two key implications. First, they provide preliminary evidence 

that long-term representations play a key role at very early information processing stages 

by facilitating the consolidation of representations within VWM. This is largely 

inconsistent with the gateway model of WM, and provides strong support for WM 

models that argue for a closer relationship between LTM and WM (e.g., the Workspace 

and Unitary models). Specifically, the current experiment suggests that visual information
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can interact directly with LTM at very early processing stages. It would be difficult for 

the gateway model, where long-term memory does not influence processing until 

information reaches WM, to account for the early effects seen here.

Second, in demonstrating differences between different types of stimuli, the 

current experiment provides a crucial extension of Vogel et al. (2006) and the results 

suggest that many of the current frameworks and models of VWM proeessing that are 

based primarily on data using highly discriminable stimuli may not generalize to other, 

more complex stimuli. This has important implications not just for the theoretical 

understanding of how visual information is processed over the short term, but also for 

how this understanding is applied to real-world situations. If effeets found with simple 

squares do not generalize to more complex, but still relatively simple shapes, then how 

will they apply to complex, dynamie environments? These data suggest that the current 

frameworks for VWM are incomplete in accounting for more complex visual processing.

Additionally, previous research has indicated that the capacity of VWM is about 

four items regardless of complexity (e.g, Awh et al., 2007). The current experiment, 

however, not only showed lower overall capacity estimates for the unfamiliar polygons, it 

also suggests that complex items require more time to get into VWM. Sinee individual 

items were cued at test, the current experiment calls into question Awh et al.’s (2007) 

fixed capacity conclusion. That is, Awh et al. (2007) argued that prior research showing 

lower capacity estimates with more complex shapes was due to comparison errors in 

comparing the test array with the initial memory array stored in VWM. When individual 

items are cued, this is no longer a problem because participants only have to make a
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single comparison regardless of the size of the array. Thus, the current experiment 

suggests that more complex shapes require more time to get into VWM and overall 

people can hold fewer of those items in VWM.

There are a couple of alternative explanations to consider as to why there are 

differences in consolidation between familiar and unfamiliar shapes. First, during the 

familiar trials, participants completed an articulatory suppression task to prevent any 

verbal recoding of the visual stimuli. While this is the same method that Vogel et al. 

(2006) used, this method could have imposed an additional WM load on the familiar 

shapes, which may have led to the significant set size x delay interaction found. That is, 

performing the task under load could impact consolidation into VWM, particularly when 

the VWM task was more difficult (i.e., at set size 4). Work by Moray and Cowan (2005) 

provides support for this possibility. In their experiments, they showed interference 

between visual and verbal tasks when the visual task was difficult and when the verbal 

task required overt rehearsal (i.e., saying the numbers out loud) of seven random digits. It 

is possible that a similar interference effect is at work here. If so, it would suggest a role 

for general attentional resources (i.e., the central executive) in the consolidation process. 

Future work will have to assess the impact that the type of suppression task has on 

consolidation.

A second alternative explanation to the current set of results is that there are 

differences in the level of interference build up across the experiment between the 

familiar and unfamiliar stimuli. That is, the same seven colored squares were used for the 

familiar trials whereas different shapes were used for the unfamiliar trials, though the
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unfamiliar shapes were more similar to each other compared to the familiar shapes which 

were highly discriminable. It is possible that the build-up of proactive interference (in 

which previously learned information interferes with learning new information) varied 

between the stimuli, leading to different effects of the visual masks. Differences the level 

of proactive interference could also lead to differences in the WM load of the task 

between the stimulus types, leading to differences in consolidation. Work by Engle and 

colleagues (e.g., Engle & Kane, 2004; Kane, et al., 2001; Kane & Engle, 2000; Kane, et 

al., 2004) has demonstrated that the level of proactive interference plays a key role in 

WM tasks, particularly VWM tasks. Again, a key follow-up to the current experiment 

would be to examine how WM load impacts the consolidation process.

While the significant differences between the stimuli make it difficult to make 

strong conclusions about the nature of long-term memory in VWM consolidation, the 

current experiment provides preliminary evidence for an early role of long-term memory 

in stabilizing active representations in WM. Additionally, the current experiment 

challenges some of the current ideas about VWM, particularly how VWM is impacted by 

the complexity of the shapes. The backward-masking consolidation paradigm provides a 

fine-grained analysis of VWM performance across specific intervals and allows for 

insight about very early processing of visual stimuli into VWM.
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CHAPTER 3 - EXPERIMENT 2A

Experiment 1 showed preliminary evidence of an early role for visual long-term 

representations in facilitating short-term consolidation of information into VWM: 

familiar items were consolidated faster into VWM than unfamiliar items. So far, the data 

support Logie’s workspace model of WM, because they suggest that there is a more direct 

relationship between perception and LTM. However, difficulties in comparing two types 

of stimuli leave open the key question for this set of experiments: does visual LTM 

influence early processing stages by facilitating short-term consolidation?

The goal for Experiments 2a and 2b is to build upon results from Experiment 1 

and more directly examine the influence of long-term visual representations on short-

term consolidation by training a subset of stimuli and comparing performance between 

trained and novel stimuli. The experiments will use two different training methods. 

Experiment 2a will train using a four alternative forced choice recognition paradigm and 

2b wilt train using a more standard change detection paradigm. Again, the backward 

masking paradigm will be used that varies mask delay (to examine how performance 

varies based on how soon the masks interfere with consolidation) and set size (to examine 

how the process varies depending on the load of the task).

By using this cleaner methodology, it is easier to make strong conclusions 

regarding the relationship between long-term visual representations and consolidation in
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VWM. Additionally, Experiments 2a and 2b may help to explain why there have been 

mixed results in the literature (e.g., Curby & Gauthier, 2009; Buttle & Raymond, 2003; 

Chen et ah, 2006) as to the effects of LTM on VWM performance. That is, work that has 

explicitly trained a set of stimuli and examined VWM performance has not shown any 

performance improvements for trained over novel shapes (Chen et ah, 2006), but work 

comparing inherently familiar visual stimuli (e.g., famous faces) to unfamiliar visual 

stimuli (e.g., novel faces) has shown better VWM performance for familiar items. The 

current experiment attempts to find differences between explicity trained shapes and 

novel shapes, while Experiment 1 was more of a comparison between inherently familiar 

stimuli (i.e., colored squares) and unfamiliar stimuli (i.e., random polygons).

There are two key reasons why prior work on explicit training of stimuli has not 

shown effects. First, it may he that prior work has not used precise enough measures of 

VWM to see any benefits of training, leading to null results in some cases. The 

backward-masking paradigm gets around this issue by comparing performance levels 

across various time frames and set sizes, leading to more specific insights about 

processing in VWM. Second, currently work in this area has not contrasted different 

training methods in the same task with most studies using their own variant of a training 

procedure. Experiments 2a and 2b should provide insights as to how critical the type of 

training is to VWM performance and if some training tasks are better suited than others.

If long-term representations influence short-term consolidation, then we should 

see a similar pattern as Experiment 1. More specifically, assuming that having long-term 

visual representations improves consolidation, we should see faster consolidation for
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trained shapes than for novel shapes and this consolidation pattern should vary depending 

on the set size of the array.

Method

Except where noted, the methodology for Experiment 2a closely followed the 

methods used in Experiment 1.

Participants and Design

One-hundred two introductory psychology students participated for optional, 

partial course credit. A 2 (stimulus type: trained vs. novel) x 4 (set size: I, 2, 3, & 4 

items) X 5 (mask delay: 12, 134, 250, 367, & 484 ms) within-subjects design will be used. 

Stimuli

The stimuli used in the unfamiliar condition for Experiment 1 were used in 

Experiment 2a.

Procedure

Experiment 2a will involve three main tasks which will be completed in a single 

session lasting approximately one and a half hours: a training task, a recognition task, and 

the consolidation task.

Training. A subset of 12 polygons were randomly selected for training. 

Participants performed a four alternative forced choice task (4AFC) during the training 

session. In this task, one of the 12 polygons were presented for 1 s on the screen followed 

by a mask presented at 484 ms following the offset of the shape. Participants then 

selected the studied shape out of four possible shapes. The distractor shapes consisted of 

three other shapes selected at random from the subset of 12 selected for training. Each of
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the four shapes presented at test were labeled from 1 to 4 from left to right on the screen. 

Participants responded by pressing 1, 2, 3, or 4 on the keyboard, which ever number 

corresponded to the correct item they studied. Participants received visual feedback on 

their performance during the training portion of the experiment only. Participants 

completed 240 training trials (20 4AFC trials for each shape).

Intermediate Recognition Test Following the training task, a two alternative 

forced choice (2AFC) recognition test was administered to ensure that participants 

created long-term representations of the stimuli. For this task, two polygons were 

presented on the screen (labeled A and B), and participants had to select which of the two 

shapes they studied previously in the experiment. The twelve distractor shapes used in 

this task were not be used in any other portion of the experiment.

Consolidation Task. The consolidation task was the same as in Experiment 1 

except that trained and novel shapes were compared instead of squares and polygons. For 

trained trials, all the shapes used in that trial will be from the subset of 12 trained 

polygons. The novel trials will be randomly selected from a set of 376 completely new 

shapes that have not been presented in any other stage of the study.

Final Recognition Task. To ensure that participants still have long-term 

representations of the trained shapes, another 2AFC recognition task was administered 

following the consolidation task in which participants again were asked to identify the 

shape that they studied previously in the experiment.
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Results

Of the 102 participants, 10 were dropped due to low performance (overall 

accuracy 2 standard deviations below the mean), 4 were dropped for not following 

directions (e.g., randomly pressing buttons, texting during experiment, etc.), and 17 were 

dropped because they did not finish in the allotted 1.5 hour timeframe. This resulted in 71 

participants for the analyses. Some accuracy analyses that included the set size variable 

did not meet the sphericity assumption for repeated-measures analysis of variance 

(ANOVA), so the degrees of freedom for those analyses were adjusted using the Huynh- 

Feldt correction. Pairwise comparisons were conducted using the least significant 

differences method. All analyses are significant at the p  <  .05 level unless otherwise 

noted.

4AFC & Recognition Task Performance

Accuracy for the 4AFC task was high (M= .96, SD  = .02). When broken down 

into four 60 trial blocks, performance remained constant (Block 1: M =  .96, SD  =  .03; 

Block 2: M =  .97, SD  = .03; Block 3; M =  .96, SD  =  .03; Block 4 : M =  .96, SD  = .04). A 

one-way repeated measures ANOVA conducted on the 4AFC performance data across 

blocks showed no significant difference over time [F < 1]. This suggest that the task was 

relatively easy, and learning occurred very quickly (i.e., within a single block).

Overall recognition accuracy was moderately high for both the intermediate 

recognition test [ M =  .85, SD =  .31] and the final recognition test [ M =  .83, SD  =  .28]. 

Both of these are significantly above chance [Intermediate; /(70) = 9.64; Final: /(50) = 

8.60; note there is some missing data for the second recognition test due to experimenter
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error in misnaming files]. A paired-samples t-test showed no significant difference in 

performance between the intermediate recognition test and the final recognition test [/

(50) = .08]. This suggests that participants were able to form long-term representations of 

the shapes and these representations were robust since there was no significant decline 

across the experiment.

Accuracy

Because recognition accuracy was significantly above chance, the accuracy 

analysis was not conditionalized based on recognition performance^. To examine 

differences in consolidation between trained and novel stimuli, a 2 (stimulus type: 

familiar vs. unfamiliar) x 4 (set size: 1, 2, 3, & 4 items) x 5 (mask delay: 17, 134, 250, 

367, & 484 ms) repeated measures ANOVA was conducted. This analysis revealed 

significant main effects for stimulus type [F(l, 70) = 4.20, M SE =  .03, t]p̂  = .06], set size 

[F(2.45, 171.18) = 715.80, M SE  = . 0 1 , = .91], and delay [F(4, 280) = 8.19, M SE  = . 

Q\,r]p^ =  . \ \ ] .  Additionally, there was a significant stimulus type x delay interaction [F(4, 

280) = 3.38, M SE  = .01, rjp̂  =  .05], a marginally significant set size x delay interaction [F 

(11.02, 771.13) = 1.68,/? = .07, M SE  = .01, / / /  = .02], and a significant stimulus type x 

set size x delay interaction [F(10.44, 730.72) = 1.95, M SE =  .Q\, rjp̂  =  .03]. The stimulus 

type X set size interaction did not reach significance [F(2.61, 182.33) = 1.28,/? = .28,

M SE  = .01, ?// = .02]. These results suggest that consolidation differed between trained 

and novel shapes. Similar to Experiment 1, visual masks disrupted VWM performance at

 ̂A conditionalized analysis was conducted (recognition accuracy had to be greater than 90%) and did not 
differ significantly from the unconditionalized analysis, so only the unconditionalized analysis is included.
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different time intervals across the two stimulus types and this disruption varied depending 

on the set size of the visual array (see Figure 6).

Figure 6. Accuracy data for Experiment 2a. Error bars represent one standard error o f the mean.

Pairwise comparisons were conducted to further examine the main effects for 

stimulus type, set size, and delay. For stimulus type, the comparisons showed that 

accuracy was higher for familiar than unfamiliar stimuli. This positive result of training is 

unique compared to prior work (e.g., Chen et al., 2006), suggesting that long-term 

representations of visual stimuli can be created over a short period of time and used more 

efficiently than completely novel shapes. In terms of set size, accuracy for set size 1 was 

significantly higher than all other set sizes, accuracy for set size 2 was significantly 

higher than set size 3, accuracy for set and size 4 was significantly lower than all other set 

sizes. This effect mirrors the pattern seen in Experiment 1.
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Paralleling the analyses in Experiment 1, to examine the main effect for delay, 

first performance at the shortest and longest delay conditions were compared to see if 

accuracy increased across the delay conditions before the more speeific pairwise 

comparisons were conducted between all delay conditions. A paired-samples t-test 

between the 17 ms delay condition (M= .SI; S D  =  .07) and the 484 ms condition ( M =  . 

82; S D  = .07) showed that accuracy significantly increased with additional time between 

the memory array and the mask array [/(70) = -2.97]. This suggests that early masks 

interfered more with remembering the shapes than later masks, and the interactions with 

set size and stimulus type suggest that the magnitude of this effect varied depending on 

how many items were in the array and how familiar the items were. Additional pairwise 

comparisons showed that performance following 17 ms and 134 ms delays were 

significantly lower than 367 ms and 484 ms delays. Performance following a 250 ms 

delay was significantly less than a 367 ms delay. Performance after a 367 ms delay was 

significantly higher than performance following all other delays. Interestingly, this 

suggests that performance was lower at 484 ms compared to 367 ms, an effect that will be 

addressed in the discussion.

To further examine the 3-way interaction, separate 4 (set size) x 5 (delay) repeated 

measures ANOVAs were conducted for each stimulus type. The familiar analysis did not 

yield a significant set size x delay interaction [F( 10.34, 723.56) = 1.06,/? = .39, M S E  =  . 

0 \ ,  =  .02]"*. This result is in contrast to the results from Experiment 1 and Vogel et al.

(2006) and suggests that trained items were not susceptible to interference from the visual

* There was also a significant main effect for set size [E(2.69, 188.14) = 315.40, MSE = .01, rjp̂  = .82]. The 
main effect for delay did not reach significance [F <  1].
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masks at any point indicating a very early role for long-term memory in short-term 

consolidation. This will be revisited in the discussion. To mirror the analyses conducted 

below for the unfamiliar items, accuracy between the shortest and longest delay intervals 

for Set Size 1 and Set Size 4 were compared using a paired-samples t-test (using a 

Bonferroni correction to adjust the experimentwise error, resulting in a p < .025 

criterion). This provides the strongest test for how set size impacts consolidation. For Set 

Size 1, there was no difference in accuracy between the 17 ms { M =  .92; S D  =.08) and 

484 ms (A/= .93; SD  = .08) delay conditions [t(70) = - \ . 9 9 , p  =  .05]. Similarly, there was 

no difference between the 17 ms (M = .71; S D  = .12) and 484 ms (M= .72; S D  = .13) 

delay conditions for set size 4 [/(70) = -.31,/? = .76]. This pattern suggests that 

participants did not require more time to stabilize theVWM representations as the number 

of items increased. No more pairwise comparisons were conducted on delay since there 

was no effect of delay for Familiar items (see Figure 7).
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Figure 7. Experiment 2a accuracy across the five delay conditions collapsed across set size conditions for 
familiar and unfamiliar stimuli. Error bars represent one standard error o f the mean.
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Figure 8. Experiment 2a accuracy for the shortest and longest delay conditions (17 ms and 484 ms) with 
Set Size 1 and Set Size 4 for familiar and unfamiliar items. Error bars represent one standard error o f the

mean.

The unfamiliar analysis yielded a significant set size x delay interaction [F( 10.82, 

757.67) = 2.63, MSB  = .01, = .04]  ̂suggesting that unfamiliar items are sensitive to

visual masks when they are shown too soon following the memory array and that effect 

varies depending on how many items are in the array. To further examine this interaction, 

paired-samples t-tests (using the Bonferroni correction to adjust the criterion \o p  < .025) 

were conducted to compare performance between the 17 ms and 484 ms conditions for 

set sizes 1 and 4. For Set Size 1, there was a significant increase in accuracy between the 

17 ms (M= .90; S D  =.09) and 484 ms (M= .93; S D  =  .08) delay conditions [/(70) = 

-2.77]. Similarly, there was a significant increase in accuracy between the 17 ms (M= . 

69; S D  =  .12) and 484 ms { M =  .73; S D  = .13) delay conditions for set size 4 [/(70) = 

-2.37]. Given that the difference between the 484 ms delay condition and the 17 ms delay

 ̂This analysis also yielded a significant main effect for set size [F{2.69, 188.55) = 421.63, MSB = .01, 
= .86] and delay [F(4, 280) = 10.61, MSB = .01, / ; / = .13]
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condition was larger at Set Size 4, this suggests that masks led to more interference with 

more items in the memory array (see Figure 8).

Additionally, pairwise comparisons for the delay effect showed showed that 

masks interfered with performance up to 367 ms: performance following a 17 ms delay 

was significantly lower than performance following 250 ms, 367 ms, and 484 ms delays; 

performance following a 134 ms delay was significantly lower than performance 

following a 367 ms delay or a 484 ms delay; and performance following a 367 ms delay 

was significantly higher than all other delay conditions (see Figure 7). This pattern is 

clearly different from the familiar items since there was no evidence for mask 

interference with Familiar items, but these data mirror the pattern found in Experiment 1 

for unfamiliar shapes. Additionally, there is a drop in performance at a 484 ms delay 

similar to the pattern found in Experiment 1, again suggesting that the consolidation 

process may be susceptible to decay with unfamiliar stimuli.

Capacity

The number of items, K,  that are available in WM for a change detection task was 

also calculated to compare capacity between familiar and unfamiliar items as in 

Experiment 1. This estimate was calculated for both stimulus type conditions at set size 

four across all delay conditions. This provides a comparison as to how capacity varies 

depending on how familiar the items are when complexity is equivalent between the 

familiar and unfamiliar conditions. A paired-samples t-test between familiar stimuli (M = 

1.79; SD  = .71) and unfamiliar stimuli {M =  1.60; SD =  .69) showed that capacity was 

significantly higher for trained, familiar shapes than for novel, unfamiliar shapes [/(70) =
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2.41]. Thus, even with and equal level of stimulus complexity, training participants on a 

set of complex polygons increases the capacity of VWM for those items compared to 

novel items.

Discussion

Experiment 2a more directly examined the impact that visual long-term 

representations have on short-term consolidation into VWM compared to Experiment 1. 

The results provide strong evidence that visual long-term representations facilitate the 

consolidation process: familiar items were unaffected by visual masks even when those 

masks were presented 517 ms following the memory array whereas performance did not 

peak for unfamiliar items until the masks were shown 867 ms following the memory 

array (similar to the unfamiliar shapes in Experiment 1). These results provide strong 

support for the workspace and unitary models of WM, as they can most easily account for 

the early effects of long-term memory in VWM processing.

Interestingly, there was an overall main effect for trained versus novel stimuli, a 

result that is in contrast with Chen et al. (2006). There are several potential reasons for 

this difference. First, the current experiment used a different training task than Chen et al. 

(2006) which may have led to stronger effects of training. Chen et al. (2006) used a 

change detection procedure while the current study used a 4AFC recognition task. In the 

4AFC procedure, participants study only one shape at a time, compared to four in the 

change detection procedure, and this increased exposure to the individual shapes may 

have lead to stronger long-term representations of those items. Experiment 2b should
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provide some insights as to how much the training task matters since it will replicate the 

current experiment using a training procedure similar to Chen et al. (2006).

Second, in their studies, Chen et al. (2006) did not use any visual masks following 

the presentation of the memory array. It is possible that increased familiarity only 

facilitates VWM processing in the face of interfering information. As noted in 

Experiment 1, one leading theory of the central executive component of WM argues that 

the key function of the central executive is to resist the build-up of interference (e.g., 

Engle & Kane, 2004; Kane & Engle, 2000); thus, if training only improves consolidation 

when interfering masks are used, it would suggest a role for general cognitive resources 

in short-term consolidation. Finally, power was a problem with the experiments in Chen 

et al. (2006) with only 12 subjects in each of their experiments. It is possible that training 

effects did exist in their studies, but Chen et al. (2006) were unable to detect them.

Overall, there was an interesting trend towards performance following the longest 

delay (484 ms) being lower than performance following the second longest delay (367 

ms), particularly for unfamiliar shapes. This suggests that there may be some sort of 

critical period for complex unfamiliar shapes: new information cannot be presented too 

soon to avoid interference during consolidation, but testing memory long following the 

memory array leads to decay of the visual details which reduces performance. Given that 

very little work has examined VWM using shapes other than colored squares, there is no 

previous research that could explain this effect. Future work should examine the 

persistence of complex visual information in the face of interfering information. This 

effect is, however, consistent with Cowan’s (1993; 1999) argument that activated
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representations in WM are vulnerable to decay and without reactivation of WM traces 

information will be lost. This will be revisited in the General Discussion.

There are a couple alternative interpretations to these results, however. First, in 

Experiment 1 participants completed a verbal suppression task during the familiar trials 

that was relatively demanding (e.g., repeating two random numbers aloud on each trial; 

see Morey & Cowan, 2005) which may have increased the WM load of the task, leading 

to stronger consolidation effects for the squares stimuli than would be seen without the 

additional load. Thus, without the articulatory suppression task, the squares stimuli may 

look similar to the trained shapes in the current experiment (i.e., there would be no effect 

of delay for any set size), again suggesting a role for higher level, central executive 

processes in the consolidation process. In contrast, unfamiliar stimuli may be inherently 

more demanding on WM resources because they are more complex, showing effects of 

consolidation without an additional load. This resource limited view fits with the results 

seen in the current experiments for performance across the set sizes; as set size (i.e., load) 

increases, the impact of the masks also increases, suggesting more resources are required 

to consolidate information as the task increases in difficulty. A key follow up to the 

current set of experiments should examine the role of central executive resources in 

consolidation.

Second, training may help to reduce interference build-up across the experiment, 

as discussed in Experiment 1. That is, with greater similarity between to-be-remembered 

items (as is the case with the stimuli used in this experiment) comes greater levels of 

interference between them. Training may help to reduce this interference between items
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as well as reduce the impact of the interfering visual masks. This reduction in interference 

may be facilitated by reducing the WM load and freeing up resources, making this 

alternative complementary with the alternative approach outlined above.

Taking together Experiment 1 and Experiment 2b, there is strong evidence that 

long-term representations facilitate short-term consolidation: both inherently familiar and 

explicitly trained stimuli not only show performance advantages over unfamiliar stimuli, 

but they are faster to consolidate into VWM. This provides strong empirical support for 

the workspace model of WM and is the first successful demonstration of training 

facilitating VWM processing. These results are also the first demonstration of a very 

early facilitative role of LTM in processing visual information.
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CHAPTER 4 - EXPERIMENT 2B

Experiment 2a demonstrated that training improved VWM performance and 

facilitated short-term consolidation into VWM, providing converging evidence for the 

advantage of squares stimuli found in Experiment 1. Taken together, these experiments 

support the idea that long-term representations can facilitate early VWM processing (a 

key assumption of the Workspace Model of WM). However, the positive effects of 

training seen in Experiment 2a are in contrast to the prior work examining the influence 

of explicit training on VWM performance (e.g., Chen et al., 2006). Experiment 2b 

contrasts the training effects found in Experiment 2a with the prior literature by more 

closely replicating the training task used by Chen et al. (2006) and examining how these 

two different training tasks influence short-term consolidation. That is. Experiment 2b 

asks two key questions: does the type of training matter in terms of how long-term visual 

representations are developed and how do different training methods influence short-term 

consolidation?

More specifically, the 4AFC training task used in Experiment 2a focused on the 

individual shapes, in particular discriminating a presented shape from three other similar 

shapes. In Experiment 2b (and in Chen et al., 2006), a change detection training task is 

used that emphasizes detecting changes in four item visual arrays, a task that is more 

similar to the backward-masking consolidation task and less focused on discriminating
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specific shapes. Thus, Experiment 2b provides a contrast between training that 

emphasizes individual shapes with training on the change detection task.

This contrast is key because it provides insight as to what is being consolidated 

into VWM during short-term consolidation, something that has not been examined in the 

short-term consolidation literature. If visual information is being consolidated, then 

training should facilitate consolidation with a 4AFC task and less so for the change 

detection task because of the emphasis on visual distinctions between the items. But if 

other information is being consolidated (e.g., practice with task or specific associations 

between items) then the change detection training should also facilitate consolidation. 

Alternatively, training using a 4AFC task may influence consolidation (as demonstrated 

in Experiment 2a), but using a change detection task could lead to general improvements 

in performance by providing practice with the task and not specifically modulating 

consolidation (which Chen et al., 2006 demonstrated). Thus, Experiment 2b is an 

important extension of the effects found in Experiment 2a because the contrast between 

the experiments provides insights as to what information is being consolidated and what 

aspects of training influence VWM performance.

Method

The method is exactly the same as Experiment 2a with the following exceptions. 

Participants

Seventy introductory psychology students participated for optional, partial course

credit.
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Training

A subset of 12 new polygons were selected at random for training and the same 

12 shapes were used for each participant. To parallel the training used in Chen et al. 

(2006), participants completed 200 change detection trials that consisted of only the 12 

polygons selected for training. In each trial, four of the 12 shapes were selected and 

presented on the screen in an invisible 2 x 2  grid. These shapes were presented for 500 

ms, followed by a mask 484 ms after the offset of the shapes, followed by a 716 ms blank 

retention interval. Then the test array was presented and participants determined if one of 

the four shapes changed between study and test (making a same/different judgement). 

Participants received visual feedback during the training portion only.

Results

Eight participants were dropped from the analyses due to low performance 

(overall accuracy that was greater than two standard deviations below the mean) leaving 

62 participants for the following analyses. As in Experiments 1 and 2a, any sphericity 

assumptions were corrected using the Huynh-Feldt correction and pairwise comparisons 

were conducted using the least significance differences method. All analyses are 

significant at the p  <  .05 level unless otherwise noted.

Change Detection Training & Recognition Performance

First, performance on the training task and the subsequent recognition tests were 

analyzed to examine the effectiveness of training. Overall accuracy for the change 

detection training task was generally low (M= .66, S D =  .08). When broken down into 

four blocks, performance did increase slightly (Block 1: M = .64, S D  =.11; Block 2: M
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= ,67,5D = .10; Blocks: M= .67,5r» = .11; Block 4: M =  M , S D  =  A 2 )  but that increase 

was not statistically significant [F(2.62, 157.38) = 1.20,/? = .31, M S E  = .0\,rjp^ =  .02]. 

This pattern suggests that the change detection task was difficult and remained so 

throughout training.

The recognition performance data support this conclusion. Recognition accuracy 

was low for both the intermediate recognition test (M= .73, S D  = .34) and the final 

recognition test (M= .76, S D  = .31), although performance on both tests was significantly 

different from chance [Intermediate: t(60) = 4.55; Final: /(58) = 6.49]. To examine how 

learning of the shapes varied across the experiment, a paired samples t-test was 

conducted contrasting intermediate recognition performance with final recognition 

performance. This analysis showed no significant differences between the two 

recognition tests [/(57) = -.64, p = .52] suggesting that whatever representations were 

created during training remained robust across the experiment time interval.

Note that performance with the change detection training task is lower than 4AFC 

training task [4AFC Intermediate Recognition: M =  .85; 4AFC Final Recognition: M =  . 

83], indicating that the change detection training task was more difficult and less 

effective at creating visual long-term representations. However, in order to fit Experiment 

2b into the allotted 1.5 hour time slot, the number of training trials was reduced to 200 

compared to 240 in Experiment 2a, so it is possible that with more training trials 

recognition accuracy would improve. Though the fact that there was no significant 

increase in performance across training blocks suggests that this is not the case, or at least 

that significantly more trials would be needed to improve recognition.
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Accuracy

To parallel the analyses in Experiments 1 and 2a, the current analysis first 

examines the overall pattern of results across all three variables (stimulus type, set size, 

and delay) to examine if differences in short-term consolidation exist between trained and 

novel shapes. The 2 (stimulus type: familiar vs unfamiliar) x 4 (set size: 1, 2, 3, & 4 

items) X 5 (delay: 17, 134, 250, 367, & 484 ms) repeated measures ANOVA yielded a 

significant main effect for set size [F(3, 183) = 334.35, M SE  =  .02, rjp̂  = .85], suggesting 

performance varied as the number of items increased, and the stimulus type x set size 

interaction approached significance [F(3, 183) = 2.27, p = .08, M S E =  .01, rjp̂  =  .04], 

suggesting the impact of set size varied as a function of stimulus type (see pairwise 

comparisons below). There was no significant main effect of stimulus type [F(l, 61) = 

1.18,/? = .28, M SE =  .07, rjp̂  =  .02] or delay [F < 1 ] and none of the other interactions 

reached significance [stimulus type x delay: F(3.71, 226.05) = 1.16,/? = .33, M S E =  .01, 

f]p̂  =  .02; set size x delay: F< 1; stimulus type x set size x delay: F <  1].

Thus, there was no advantage for trained shapes (i.e., no main effect for stimulus 

type) and no evidence that consolidation varied between the two stimulus types (i.e., 

there was no significant 3-way interaction; see Figure 9). Since masks did not interfere 

with either familiar or unfamiliar shapes, this suggests that there was a generalized 

benefit of training: unlike Experiment 2a in which the unfamiliar shapes showed 

consolidation effects but the familiar shapes did not, there were no consolidation effects 

in Experiment 2b with unfamiliar shapes being identical in performance to the familiar 

shapes.
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Figure 9. Unconditionalized Accuracy data for Experiment 2b. Error bars represent one standard error of
the mean.

To further examine the main effect for set size, pairwise comparisons were 

conducted. These comparisons showed the same set size 1 > set size 2 > set size 3 > set 

size 4 pattern as in the previous experiments, suggesting that performance drops as the 

number of to-be remembered items increases. However, the lack of any interactions 

between set size and delay suggests that while the task was more difficult with four items 

compared to one item, there is no evidence for any differences in consolidation between 

the set sizes. This is contrary to both the prior experiments and to Vogel et al. (2006) in 

which items were slower to consolidate as set size increased (suggesting that the 

consolidation process is resource limited). This has an interesting implication, 

specifically that a four item array was consolidated as an integrated global spatial 

configuration. Training on the change detection task could have improved the ability to 

create this configuration, leading to facilitation for both trained and novel shapes.
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To further examine the stimulus type x set size interaction, two separate 4 (set 

size) X 5 (delay) repeated-measures ANOVAs were conducted for familiar and unfamiliar 

shapes. The familiar analysis showed a significant main effect for set size [F(3, 183) = 

211.71, M S E =  .01, =  .78]. The main effect for delay [F(4, 244) = \ . 2 1 , p  =  .28, M S E

= .01, = .02] and the set size x delay interaction [F< 1] did not reach significance (see

Figures 10 and 11). Pairwise comparisons to examine the set size main effect showed the 

same set size 1 > set size 2 > set size 3 > set size 4 pattern seen in the overall analysis and 

in the previous experiments, again suggesting that the task was more difficult as the 

number of to be remembered items increases.

Figure 10. Experiment 2b accuracy across the five delay conditions collapsed across set size conditions for 
familiar and unfamiliar stimuli. Error bars represent one standard error o f the mean.
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Figure 11. Experiment 2b accuracy for the shortest and longest delay conditions (17 ms and 484 ms) with 
Set Size 1 and Set Size 4 for familiar and unfamiliar items. Error bars represent one standard error o f the

mean.

The unfamiliar analysis also yielded a significant main effect for set size [F(2.79, 

170.24) = 162.58, M SE =  .02, rjp̂  = .73]. The main effect for delay and the set size x 

delay interaction did not reach significance [F <  1 for both]. Pairwise comparisons for the 

set size main effect also showed the set size 1 > set size 2 > set size 3 > set size 4 pattern 

as the familiar analysis. In contrasting the familiar and unfamiliar analyses, the data 

suggest that set size had a greater impact on performance for familiar stimuli (rjp  ̂= .78) 

than on unfamiliar stimuli (rjp  ̂=  .73). Given the performance advantages found in 

Experiment 2a for familiar stimuli, this effect is surprising; one would expect familiar 

items to be less affected by an increase in task difficulty.

The disadvantage for trained shapes could be due to the fact that during training, 

the shapes were always presented in the same spatial configuration (a square) but in the 

consolidation task the positions of the items varied randomly. It is possible that during
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training participants were learning not only the shapes (since recognition accuracy was 

above chance) but also the relationships between the shapes (i.e., where each shape was 

relative to the other shapes). When that relational information was disrupted following 

training, performance dropped. This is consistent with work from Jiang et al. (2000) who 

demonstrated that VWM performance declines if the spatial configuration of the shapes 

changes, even when that configuration is irrelevant to the task (as it was in the current 

experiment). The role that processing relational information between shapes will be 

revisited in the General Discussion.

Conditionalized Accuracy Analysis

The above analysis suggests that there was a generalized benefit of training as 

both familiar and unfamiliar shapes were relatively impervious to visual masks even at 

short delay intervals. However, given the overall low recognition and training 

performance, it is difficult to draw conclusions regarding the influence of long-term 

representations in short-term consolidation. That is, there could be no evidence for masks 

influencing performance in the above analysis due to noise in the data from participants 

who did not learn the shapes. Thus, the same analysis as above was conducted on those 

participants that reached at least 90% accuracy (only missing one item on the recognition 

test) on the intermediate recognition test to examine if consolidation varies between 

trained and novel stimuli with high levels of recognition. Excluding those below 90% 

resulted in dropping 30 participants, leaving 32 participants for the following analysis.

To examine how consolidation differed between trained and novel shapes 

conditionalizing based on recognition performance, a 2 (stimulus type: familiar vs
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unfamiliar) x 4 (set size: 1, 2, 3, & 4 items) x 5 (delay: 17, 134, 250, 367, & 484 ms) 

repeated measures ANOVA was conducted. This analysis yielded a significant main effect 

of set size [F(3, 93) = 173.31, M SE  = .02, = .85] and a significant stimulus type x

delay interaction [F(4, 124) = 3.31, MSE  = .01, = .10]. There was no main effect for

stimulus type [F < 1 ] or delay [F < 1 ] and none of the other interactions reached 

significance [stimulus type x set size: F(3, 93) = 1.17,p = .32, M SE  =  .01, rjp̂  =  .04; set 

size X delay: F< 1; stimulus type x set size x delay: F(10.56, 327.44) = 1.24, p  =  .26,

M SE  =  .01, r]p̂  =  .04], including the stimulus type x set size interaction that was 

significant in the unconditionalized analysis. This suggests that with a high level of 

knowledge of the shapes, participants were equally able to remember a set of one, two, 

three, or four trained shapes as novel shapes. Thus, overall, there are no large differences 

between trained and novel shapes, though unlike the unconditionalized analysis there is 

some evidence here that consolidation differed between trained and novel shapes (i.e., 

stimulus type x delay interaction).

Pairwise comparisons for the main effect for set size followed the same set size 1 

> set size 2 > set size 3 > set size 4 pattern seen throughout this set of experiments.

Again, this pattern replicates Vogel et al. (2006) and suggests that the consolidation task 

gets more difficult as the set size increases. Similar to the unconditionalized analysis 

there is no evidence that consolidation differed between the set sizes (i.e., there was no 

significant interaction between set size and delay), suggesting that at set size 4, 

participants did not require more time to consolidate information into VWM compared to 

set size 1, but overall accuracy was lower with more items. The lack of a main effect for
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delay provides no evidence for any consolidation effects (i.e., no effects of visual masks) 

and no main effect for stimulus type suggests that there was no advantage for trained 

shapes.

To further examine the stimulus type x delay interaction, separate 4 (set size) x 5 

(delay) repeated measures ANOVAs were conducted for each stimulus type. The familiar 

analysis yielded a significant main effect for set size [7 (̂2.63, 81.51) = 115.54, M S E  =  . 

01, rjp̂  =  .79]. The main effect for delay [F(4, 124) = 1.18,p = .32, M S E =  .01, rjp̂  =  .04] 

and the set size x delay interaction [A(12, 372) = 1.12,/? = .34, M S E =  .01, rjp̂  = .04] did 

not reach significance. Pairwise comparisons for set size showed the set size 1 > set size 

2 > set size 3 > set size 4 pattern, paralleling the pattern seen in the overall 3-way 

ANOVA. While there was no main effect for delay, pairwise comparisons were also 

calculated for delay since there was a significant stimulus type x delay interaction. First, 

to parallel the analyses for the previous experiments, the difference in accuracy between 

the 17 ms and 484 ms conditions was examined for set sizes 1 and 4. This analysis 

showed no significant differences in accuracy with set size 1 between the 17 ms delay 

condition (M= .91; S D  = .11) or the 484 ms delay condition ( M =  .92; S D  = .10; t(31) = 

- \ . 2 9 , p  = .21). This was also shown for a set size of 4 (17 ms: M =  .71, S D  = .11; 484 

ms: M =  .71, S D  =  .14; /(31) = .29, p  =  .77). Further pairwise comparisons showed only 

one comparison reached significance, with accuracy following a 250 ms delay being 

significantly higher than a 484 ms delay. Thus, there was a difference between two non-

adjacent delay intervals, but without a significant main effect for delay this difference 

likely reflects noise in the data.
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For the unfamiliar analysis, there was also a main effect for set size [F(3, 93) = 

90.80, M SE  =  .01, r]p̂  =  .75]. The main effect for delay [F(3.62, 112.19) = 1.52,;? = -21, 

M SB =  .01, tjp  ̂=  .05] and the set size x delay interaction [F < 1] did not reach 

significance. Pairwise comparisons for set size showed the set size 1 > set size 2 > set 

size 3 > set size 4 pattern. To parallel the familiar analysis, first the difference in accuracy 

between the 17 ms and 484 ms conditions was examined for set sizes 1 and 4. This 

analysis showed no significant differences in accuracy with set size 1 between the 17 ms 

delay condition (M= .91; 5D = .10) or the 484 ms delay condition (M= .92; S D =  .10; t 

(31) = - .5 9 ,p  = .56). This was also shown for a set size of 4 (17 ms: M= .73, S D  = .12; 

484 ms: M =  .73, = .13; /(31) = -.15,/? = .88). Further comparisons indicated that

accuracy following a 17 ms delay was significantly lower than accuracy following a 367 

ms or 484 ms delay, suggesting that performance following shorter delays was worse 

compared to performance following longer delays. Again, this pattern is difficult to 

interpret given the lack of a main effect for delay, but the differences between familiar 

and unfamiliar stimuli in terms of the pattern of accuracy across the delay conditions is 

likely driving the stimulus type x delay interaetion.

Overall, the results from Experiment 2b are slightly ambiguous. While 

recognition performance showed low overall recognition of the trained shapes, there was 

evidence that training improved performance for both familiar and unfamiliar shapes (i.e., 

there was no effect of masks even at the earliest delay). The conditionalized analysis 

provided some evidence that consolidation was better for trained items, suggesting that 

with high levels of stimulus knowledge long-term memory will faeilitate consolidation
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for those items. However, given the low power in the conditionalized analysis from 

excluding half of the sample, it is unclear if these effects are meaningful or simply noise 

in the data. Comparing these results with those in Experiment 2a, however, suggests that 

the change detection training task led to a generalized benefit of training 

Capacity

To parallel the analyses in Experiment 1 and 2a, capacity (K)  was calculated to 

compare capacity estimates between trained and novel shapes. This estimate was 

calculated for each stimulus type condition at set size 4 across all delay conditions. A 

paired-samples t-test between the familiar (M= 1.62; SD =  .90) and unfamiliar { M =  1.60; 

S D  = .81) stimuli showed no significant differences in VWM capacity [t(61) = .21,/?= . 

84]. This is in contrast to Experiment 2a in which trained items had higher capacity than 

novel items. This indicates either that there was no impact on capacity or that the training 

used in this experiment led to an overall increase in capacity for both familiar and 

unfamiliar items. To examine this latter possibility, the overall K  was calculated for 

Experiments 2a and 2b and compared in a paired-samples t-test. This test showed that 

capacity was significantly higher in Experiment 2a ( M =  1.44; S D =  .35) than in 

Experiment 2b [M= 1.30, SD =  .47; /(61) = 2.00,/? = .050]. Thus, capacity was not 

generally higher in 2b indicating that change detection training did not increase the

overall capacity of VWM.

Discussion

Experiments 1 and 2a provided evidence for a role of long-term memory in 

facilitating short-term consolidation. The goal for Experiment 2b was to extend these
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results, specifically by generalizing them to a different training task. The results showed 

no significant differences between trained and novel shapes for either accuracy or 

capacity and no clear evidence that consolidation differed between the stimuli types. This 

is in contrast to Experiment 2a in which there was both an overall advantage for trained 

shapes (higher accuracy and capacity compared to novel shapes) and evidence that 

trained shapes were consolidated faster than novel shapes. Overall, the results from 

Experiment 2b suggest that change detection training led to a benefit for both familiar 

and unfamiliar items.

What do experiments 2a and 2b tell us about training visual stimuli and how 

training influences performance? These results suggest that the type of training task 

impacts the effect training will have on VWM performance: training tasks that focus on 

discriminating visual items facilitates short-term consolidation for the trained items but a 

training task that is more task specific leads to a generalized benefit of task practice. 

Specific to this set of experiments, a 4AFC training task in which participants recognized 

specific shapes led to stimulus specific improvements in VWM performance while the a 

change detection task was less effective at creating long-term representations of the 

stimuli (based on recognition performance) but the training transferred to novel shapes.

This difference between experiments suggests that short-term consolidation is 

multi-dimensional. During consolidation, visual features are being consolidated (as 

demonstrated in Experiment 2a) as well as task specific properties such as creating a 

global spatial configuration of the items (i.e., the overall spatial layout; Jiang et al., 

2000). In Experiment 2b, the change detection training task required knowledge of the
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shapes but it also required knowledge of the relations between the shapes. Thus, 

partieipants likely improved in their ability to ereate the global configuration, which in 

turn improved their consolidation performance. This is supported by the lack of a set size 

X delay interaction. Since four items did not require more time to consolidate than a 

single item, this indicates that each item was not consolidated independently but rather as 

an integrated spatial configuration.

This latter conclusion is in line with Chen et al. (2006). They also showed an 

overall benefit for training, but no specific benefit for trained versus novel shapes. They 

argued that LTM was not helpful in VWM processing because the resolution of the long-

term visual representations was poor except for visual information that has been learned 

over long periods of time (e.g., a relative’s face) or by extreme exposure (e.g., celebrity 

faces). While Experiment 2b replicates their results. Experiment 2a challenges the 

conclusion that long-term visual representations cannot improve VWM processing. The 

combined experiments suggest that the type of training used will greatly impact how 

long-term representations influence VWM processing.

More specifically, in order to create stable long-term memory representations the 

current results suggest that stimulus specific training is important, particularly 

distinguishing individual shapes from one another. Training in this manner allows for 

detailed representations that can assist VWM processing. For example, Brady et al.

(2008) used a repeat detection task (in which participants see individual objects and have 

to hit a button if that object was shown earlier in the experiment) that emphasized 

individual objects and showed highly detailed long-term memory for those objects. Taken
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together with Experiment 2a, this suggests that in forming long-term representations of 

visual stimuli, a key proeess is developing a unique representation for the visual 

properties of that shape that distinguish it from other shapes.

This work does not, however, provide insight as to how this visual information is 

represented or organized in long-term memory. Brady et al. (2008) suggest that to 

maintain detailed visual information, long-term representations may be stored at different 

levels of the visual system hierarchy (i.e., information stored in early visual areas in 

addition to higher level visual areas), with each level providing different types of 

information allowing for the most detailed representation possible. This view is in line 

with Kosslyn’s model of mental imagery in the brain (Kosslyn, 2005; Kosslyn, Ganis, & 

Thompson, 2001; Kosslyn, Thompson, & Ganis, 2006), which argues for a role of both 

early visual processing areas (e.g., the primary visual cortex) and higher level visual 

association areas (e.g., extrastriate visual cortex) in creating and maintaining mental 

images based on long-term visual representations. Arguing for a role of early visual 

processing areas is consistent with the early facilitation effects found in Experiment 2a, 

and work using the backward-masking paradigm is a useful way to not only understand 

how information goes from perception to WM but also how long-term visual 

representations are represented in the mind.

However, the downside to stimulus specific training is that it will only improve 

VWM performance for familiar shapes. Experiment 2b suggests that in order to show 

transfer of learning to novel shapes, the training task must be similar to the criterion task. 

A critical result in the current experiment is that training did not just improve overall
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performance, it led to faster consolidation of completely novel shapes. That demonstrates 

a high degree of transfer, whieh is seldom seen especially in visual or perceptual learning 

tasks (e.g., normal vs. inverted faces; see Buttle & Raymond, 2003; Curby & Gauthier, 

2009). Additionally, sinee the training task and the consolidation task were not identical 

(as they were in Chen et al., 2006), this is a demonstration of far transfer in which 

learning of information transfers to new contexts (Barnett & Ceci, 2002).

Overall, the combined results from Experiments 2a and 2b provide support for the 

Workspace and Unitary models of WM by demonstrating that visual long-term 

representations can facilitate early VWM proeessing. However, how visual items were 

initially learned will have an impact on how how effective those items will be in 

facilitating VWM processing (i.e., stimulus specific or generalized). Given that change 

detection training improved consolidation with novel shapes (compared to novel shapes 

in Experiment 2a), both the workspace and unitary models may need to be revised to 

explain how novel shapes operated like familiar shapes. It may be that practice on task 

leads to more efficient strategies that are implemented by the central executive 

component of WM. Currently, the Unitary Model makes more speeific predictions about 

how the central executive can control the contents of WM (or the focus of attention) 

eompared to the Workspaee Model, though neither model specifically addresses how the 

central executive could stabilize VWM representations.
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CHAPTER 5 - EXPERIMENT 3

Experiments 2a and 2b demonstrated that explicit training facilitates short-term 

consolidation and improves VWM performance. Experiment 2a showed that stimulus 

specific training leads to faster consolidation and better performance compared to novel 

shapes. Experiment 2b, however, demonstrated that change detection training facilitated 

consolidation for both trained and novel shapes, suggesting that consolidation is 

processing more than just visual information. Rather, Experiment 2b suggests that in 

addition to visual information, relational information between items is also consolidated. 

In particular, the fact that there was no interaction between set size and delay in 

Experiment 2b suggests that individual items were not consolidated (which would require 

more time as the number of items increases as demonstrated in Experiments 1 and 2a as 

well as in Vogel et ah, 2006) but rather that visual arrays were consolidated together as a 

global spatial configuration.

The goal for Experiment 3 is to replicate this effect and more directly examine the 

influence of configural information in short-term consolidation using a different approach 

to training. Specifically, Experiment 3 uses an incidental learning paradigm to examine 

how repeating the same set of shapes in the same configuration over the experiment 

impacts consolidation for those repeated items over novel items (Olson & Jiang, 2004; 

Olson, et ah, 2005). If both learning the configuration of the shapes and the shapes
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themselves are part of the consolidation process, then only repeated shapes should show 

facilitation (due to stimulus exposure) and there should be no interactions with set size 

for repeated items because a set of four items can be consolidated as an integrated 

configuration. Thus, in Experiment 3 the configuration of the items is trained in addition 

to the visual stimuli.

This approach to incidental learning dates back to Hebb (1961). Hebb was 

interested in how short-term representations become long-term representations. In 

particular, he was interested in whether or not previously remembered stimuli left a 

record in the nervous system that could later become a long-term representation (Stadler, 

1993). If information is incidentally repeated across an experiment, would that 

information leave a trace that could in turn influence behavior at a later point? In his 

experiment, participants completed a digit span task in which a string of nine numbers 

were presented and they had to repeat the numbers back in serial order. Unbeknownst to 

the participants, however, on every third trial the digits were presented in the same order. 

Hebb (1961) showed that performance for those repeating numbers was better compared 

to the random trials.

Hebb (1961) argued that encoding and recalling a list of numbers creates a 

momentary representation of that list, called an activity trace (Stadler, 1993). Over the 

course of an experiment, this activity trace could either be rewritten by subsequent trials 

or a more stable structural trace could be left behind that could be used to improve 

performance for future trials. Given that repeated trials were recalled better than novel
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trials, Hebb (1961) concluded that previously remembered information, even if only 

maintained briefly, ean have a permanent effeet on memory.

This framework speaks to the current set of experiments. First, the current set of 

experiments can address the issue of what eonstitutes an activity trace. This traee could 

consist of a representation of the individual shapes, a representation of the global spatial 

configuration of the set of items, or both. Currently the results suggest that both are 

playing a part and Experiment 3 further examines the role of eonfiguration information 

and how it influenees VWM proeessing. Second, Hebb’s (1961) framework provides a 

useful way to address a current problem in the WM literature: how is novel information, 

sueh as unfamiliar polygons, learned (i.e., how novel information transitions between 

WM and LTM)? This is partieularly the ease for the Unitary Model, which clearly 

explains how activated LTM gets into WM but has more diffieulty explaining how novel 

information goes from WM to LTM. If repeated shapes show an advantage over novel 

shapes and there is no set size x delay interaction for trained shapes, that would suggest a 

role for configural information in creating long-term representations of visual items.

This assertion is supported by work on implicit memory in the visual domain.

This work has shown that the visual system is very sensitive to repeating information. For 

example, Chun and Jiang (1998; see also, Jiang, Song, & Rigas, 2005) showed that visual 

search was faster with search displays that repeated over the course of the experiment 

(without participants’ knowledge) compared to novel displays, an effect called contextual 

cueing. Jiang et al. (2005) suggest that the visual system maintains a high eapaeity for 

learning repeating contexts to compensate for the severe capacity limitations of VWM. In
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the context of VWM, Jiang et al. (2000) showed that memory for an item in a visual array 

was significantly reduced when the locations of the irrelevant distractor items in the array 

changed, suggesting that context also plays a key role in VWM. Thus, implicit learning 

mechanisms influence learning and remembering of visual information and as such it is 

reasonable to assume that these mechanisms could play a role in consolidating 

information into VWM.

This experiment assesses the role that incidental learning of visual items in a 

consistent spatial configuration plays in facilitating short-term consolidation. If repeated 

shapes are consolidated more quickly than novel shapes, that would suggest a role for 

LTM in short-term consolidation. Additionally, if set size does not vary as a function of 

mask delay, that would support the conclusion from Experiment 2b that spatial 

configuration information being consolidated into VWM along with visual information.

Method

Participants and Design

Twenty-four introductory psychology students participated in this experiment for 

optional, partial course credit. Participants were required to have normal or corrected to 

normal vision. A 2 (stimulus type: repeated vs. novel) x 4 (set size: 1, 2, 3, & 4 items) x 5 

(mask delay: 12, 134, 250, 367, & 484 ms) within-subjects design was used.

Stimuli

The entire set of polygons used in Experiments 2a and 2b will be used in 

Experiment 3. Four of these shapes will be randomly selected for repetition across the 

experiment.
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Procedure

The procedure for Experiment 3 is similar to the previous experiments, 

particularly the unfamiliar trials in Experiment 1. Participants completed a total of 300 

consolidation trials with every third trial repeating one to four of the subset of four shapes 

depending on the set size for that trial. Therefore, 100 trials in Experiment 3 repeated the 

same four shapes, resulting in five trials per stimulus type x delay combination for 

repeated trials. The shapes presented in these repeating trials were be presented in the 

same location on each trial to maximize learning (Olson, et al., 2005). The remaining 200 

trials consisted of novel shapes^, resulting in 10 trials per stimulus type x delay 

combination.

Following the consolidation task, participants were tested for awareness of the 

repeating shapes. As a part of the demographics questionnaire participants were asked if 

they were aware of any repeating information and what they thought that information 

was. Also, participants completed a brief recognition task in which they were shown a 4 x 

4 matrix of 16 shapes and asked to circle the four shapes that were repeated during the 

experiment. The other eight shapes were completely novel shapes that were not presented 

in any part of the experiment. These measures combined will provide insights as to 

whether or not participants were aware of the repeating shapes to examine if the 

representations formed during the experiment were implicit or if there was some explicit 

knowledge about the shapes.

® Due to constraints in the ability to generate Attneave shapes, shapes for the novel trials were selected from 
a pool of 400 shapes that repeated once during the experiment. However, the shapes were separated by at 
least 100 trials making any learning o f those shapes highly unlikely.
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Results

One participant was dropped from the analyses because their overall accuracy was 

two standard deviations below the mean, leaving 23 for the following analyses. As with 

the prior experiments, any sphericity violations were corrected using the Huynh-Feldt 

correction and pairwise comparisons were conducted using the least significant 

differences method. All analyses are significant at the p  <  .05 level unless otherwise 

noted.

Recognition Test Accuracy

To assess participants’ explicit knowledge of the repeating shapes, accuracy in 

selecting the correct four shapes out of a set of 16 was calculated. Participants were very 

accurate at selecting the shapes with the average correct recognition at 86%. This is in 

contrast to the self-report on the demographics questionnaire: only 5 participants (22%) 

reported that they noticed repeating information and that the repeating information was 

repeating shapes (though no participant said specifically that the shapes repeated on every 

third trial). This data suggests that participants developed some explicit awareness of the 

repeating information, meaning any effects detailed below are likely a combination of 

explicit and implicit knowledge of the shapes.

Accuracy

To examine if consolidation differed between the stimuli types, a 2 (stimulus type: 

repeating vs. novel) x 4 (set size: 1,2, 3, & 4) x 5 (delay: 17, 134, 250, 367, & 484) 

repeated-measures ANOVA was conducted on the accuracy data. This analysis yielded 

significant main effects for stimulus type [7̂ (1, 22) = 17.09, M SE  = .02, rjp̂  =  .48] and set
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size [F(3, 66) = 123.92, M SE  = .02, = .85] as well as a significant stimulus type x

delay interaction [F(4, 88) = 2.83, M SE =  .02 ,;// = . 11]. There was no main effect for 

delay [F(4, 88) = 1.67, p = .16, M SE  = .02, = .07] and none of the other interactions

reached significance [stimulus type x set size: F(3, 66) = 1.67,/? = .18, M SE =  .02, rjp̂  =  . 

07; set size x delay: F(12, 264) = 1.05,/? = .40, M S E =  .02, rjp̂  =  .05; stimulus type x set 

size X delay: F <  1]. These results suggest that consolidation did differ between repeating 

and novel shapes, specifically that there were differences between the two stimulus types 

in terms of the impact of the mask delay intervals but this pattern did not interact with set 

size as in previous experiments (see Figure 12). This suggests that in this case, 

consolidation was not resource limited as the impact of visual masks with a set of four 

items was equivalent to the impact visual masks had at set size 1 and supports the notion 

that spatial configuration information is important for the consolidation process.

Figure 12. Accuracy data for Experiment 2b. Error bars represent one standard error of the mean. 

Pairwise comparisons were conducted to examine the main effects for stimulus

type and set size. Accuracy was significantly higher for repeating shapes than for novel
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shapes, suggesting that implicit training improved VWM performance. Since spatial 

information was repeated in addition to visual information, however, it is not clear if this 

advantage is due to repeating the spatial context of the items or to learning the shapes or 

both. Given that recognition of the shapes was so high, it is likely that both knowledge of 

the shapes combined with the repeating locations led to higher performance for repeating 

shapes.

In terms of set size, the same set size 1 > set size 2 > set size 3 > set size 4 pattern 

was found that the previous experiments also demonstrated. Again, this pattern suggests 

that the consolidation task gets more difficult as the set size increases. Similar to 

Experiment 2b, there is no evidence in Experiment 3 that consolidation differed between 

the set sizes (i.e., there was no significant interaction between set size and delay), 

suggesting that at set size 4, participants did not require more time to consolidate 

information into VWM compared to set size 1, but overall accuracy was lower with more 

items. As noted above, this suggests that consolidation was not resource limited and that 

spatial configuration information aided the consolidation process.

To examine the stimulus type x delay interaction, separate 4 (set size) x 5 (delay) 

repeated-measures ANOVAs were conducted for novel and repeating items. The novel 

analysis showed no significant set size x delay interaetion did not reach significance [F  <  

1]"̂ . That is in contrast with the predictions for this experiment, which expected that set 

size would not vary as a fiinetion of delay interval for repeating shapes only. Showing

’ There were a significant main effects for set size [E(3, 66) = 142.64, MSE — .01, — .87] and delay [E(4,
88) = 3.03, MSE = .02, rjp̂  = A 2]
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this pattern for novel shapes indicates that repeating shapes in the same configuration 

may also transfer to novel shapes, mirroring the transfer effects shown in Experiment 2b.

To examine the main effect for delay, first accuracy at the shortest and longest 

delay intervals were compared to see if accuracy increased with more time between the 

memory array and the mask array. A paired-samples t-test between the 17 ms (M= .76;

SD  =  .09) and 484 ms (M= .81; 5D = .09) conditions showed that accuracy was 

significantly higher in the 484 ms condition than in the 17 ms condition [t(22) = -2.91]. 

This suggests that visual masks led to interference when presented too soon following the 

memory array and additional time was needed to stabilize visual representations so that 

they were not susceptible to interference.

Further pairwise comparisons were conducted between all the delay conditions to 

get a sense of when consolidation occurred. These comparisons showed that accuracy 

following both a 250 ms delay and a 484 ms delay was significantly higher than accuracy 

following a 17 ms, 134 ms, or 367 ms delay (see Figure 13). This pattern is unusual in 

comparison with the previous experiments, and suggests that consolidation occurred as 

soon as 250 ms after the offset of the memory array (since accuracy was higher than the 

two shortest delays), but after that point the story becomes less clear since performance 

was significantly lower at 367 ms and then went back up at 484 ms. Overall, however, the 

data suggest that consolidation occurred approximately 250 ms following the offset of the 

memory array.
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Figure 13. Experiment 3 accuracy across the five delay conditions collapsed across set size conditions for 
familiar and unfamiliar stimuli. Error bars represent one standard error of the mean.

The repeating analysis also did not show a set size x delay interaction [F(12, 264) 

= 1.18, p = .30, M SE =  .03, =  .OSj .̂Note that there was no significant effect of delay

with the repeating shapes while there was an effect for delay with novel shapes. This 

difference is driving the overall stimulus type x delay interaction found in the 3-way 

ANOVA, and suggests that the visual masks did not interfere with consolidation at any 

delay. This mirrors the effects seen in Experiment 2a and 2b, with trained shapes showing 

no evidence for consolidation and suggests that trained items were not susceptible to 

interference from the visual masks even with larger set sizes indicating an early role for 

long-term memory in short-term consolidation. Critically, the lack of the set size x delay 

interaction suggests that participants were able to create a global configuration of the

** This analysis did yield a significant main effect for set size [T(3, 66) = 38.03, MSE -  .03, rjp̂  — .63]. The 
main effect for delay did not reach significance [F(4, 88) = 1.90,p = .12, MSE=  .02, = .08].
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repeating items supporting a key role in processing relational information in short-term 

consolidation.

Capacity

To parallel the analyses in the previous experiments, capacity (K ) was calculated 

to examine any capacity differences between repeating and novel shapes. This estimate 

was calculated for both stimulus type conditions at set size 4 and compared using a 

paired-samples t-test. This analysis showed that capacity for repeating items (M= 1.58; 

SD  =  .95) was marginally significantly higher than novel items { M =  1.27, SD  =  .72; t(2 2 )  

= -1.97, p  = .06). This suggests that training a set of four shapes incidentally leads to 

higher VWM capacity for those repeating shapes.

Discussion

Experiment 3 expanded on Experiments 2a and 2b by examining the role that 

incidentally learned visual items play in short-term consolidation. The results showed a 

significant benefit for repeated shapes, and some evidence that incidentally learned 

shapes facilitate short-term consolidation. These results support the conclusions drawn in 

the previous experiments: long-term memory influences very early processing in VWM 

and short-term consolidation is a multidimensional process that processes both visual and 

relational information. Thus, Experiment 3 provides strong converging evidence that 

long-term representations not only improve VWM performance but can facilitate early 

VWM processing, supporting the Workspace Model of WM.

This effect is consistent with the literature on contextual cueing, suggesting that 

visual memory is sensitive to repeating context (i.e., the same shapes in the same four
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locations every third trial) and can utilize that repeating information to facilitate 

processing even at very early stages (e.g., Chun & Jiang, 1998; Jiang et ah, 2005). 

However, given the high level of recognition in this experiment, it is possible that the 

repeating information became explicit over the course of the experiment and it was these 

explicit representations that facilitated eonsolidation. Olson and Jiang (2004) also showed 

high levels of object recognition in their experiment, though they did not find any 

advantage for repeated over novel shapes. Thus, the training effects found in current set 

of experiments are likely due to a mixture of explicit and implicit memory processes.

The current experiment offers additional insight as to what is being consolidated 

into VWM. In particular, because repeating shapes were presented in the same spatial 

locations across the experiment, Experiment 3 suggests that another key aspect to 

consolidation has to do with the spatial configuration of the items in a visual array (i.e., 

how the items are arranged relative to each other). That is, the location of the items in the 

array relative to the other items seems to be consolidated in addition to the visual 

information. This is also supported by the lack of any interactions with set size with 

repeated shapes. When given a repeating spatial configuration, no additional time is 

required to consolidate additional items because they are integrated into a unitary 

configuration. This is consistent with Jiang et al. (2000; see also, Blalock & Clegg, 2010) 

who argued that VWM is organized based on this relational global spatial configuration, 

and this organization is a fundamental property of VWM. The current experiment 

suggests that not only is this true, but that maintaining relational information can aid 

VWM at very early processing stages.
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However, this pattern was also shown for novel trials. This, along with the 

transfer demonstrated in Experiment 2b, suggests that training configural information can 

transfer to new shapes and new configurations. In Experiment 3, however, this training 

was not enough to lead to equivalent performance between repeating and novel shapes. 

Instead, the incidental training used in the current experiment allowed participants to 

reduce the overall load of the task at high set sizes by integrating items into a single 

global configuration.

Additionally, demonstrating that the spatial configuration of items is also 

consolidated into VWM helps to explain the effect of set size. In particular, while Vogel 

et al. (2006) argued that consolidation is a resource limited process because it took longer 

to consolidate four items compared to one item, that does not explain why there was no 

evidence for consolidation with a single item. That is, even with a single visual item, 

there should be some effect of visual masks and that is not the case for the current 

experiment or for Vogel et al. (2006). Experiment 3 suggests that one reason why set size 

1 operates differently than set sizes 2, 3, or 4 is because there is no configural information 

that needs to be consolidated. This effect, combined with the results from Experiment 2b 

provide compelling evidence that not just visual information is consolidated, but also the 

relational information between items in the array. As the number of items increases, so 

does the amount of relational information, leading to the interactions with set size in the 

earlier experiments. When the configuration information is trained, this interaction goes 

away, suggesting that with training participants are faster to create the configuration and 

thus are able to consolidate the items as a single unit versus item by item.
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The current experiment results are in contrast to Olson and Jiang (2004) who did 

not show any advantage for repeating shapes. One reason for this discrepancy is that in 

the current experiment each repeating item was presented in the same spatial location 

whereas the repeating shapes were shuffled to new locations in Olson and Jiang (2004). 

This consistent context for the repeating shapes may have led to the improvements in 

performance for repeating shapes in the current experiment. Another explanation, 

however, is that as with the explicit training done by Chen et al. (2006), Olson and Jiang 

(2004) did not present any interfering visual masks following the memory array. Thus, 

repeating information may only be useful in the face of interference, again suggesting a 

role for higher level central executive processes in the consolidation process.

Overall, the current experiment demonstrates converging evidence that long-term 

representations facilitate consolidation into VWM (whether they were developed 

explicitly or incidentally) and that both visual and relational information is consolidated 

into VWM. This provides strong support for the workspace and unitary models of WM, 

and provides a useful paradigm to examine how information goes from WM to LTM 

through repeated exposure. This link is particularly important for the unitary model as 

currently the model does not specify how novel information goes from being an activated 

WM representation to LTM information during learning. In the current case, providing a 

consistent configuration between the items facilitated this process indicating a crucial 

role for relational information in forming long-term representations for visual 

information.
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CHAPTER 6 - GENERAL DISCUSSION

The current set of experiments set out to answer one key question: how do long-

term representations facilitate short-term consolidation of information into VWM? 

Experiment I examined this question by comparing the short-term consolidation process 

between two extreme stimulus types (simple squares and complex polygons) and 

demonstrated that complex shapes with no long-term memory representations require 

more time to consolidate into VWM than simple squares that do have visual long-term 

representations. Experiment 1, thus, provided preliminary evidence that long-term 

representations can facilitate short-term consolidation into VWM.

Experiment 2a eliminated any confounds due to stimulus differences in 

Experiment 1 hy training participants on a subset of complex shapes then comparing 

consolidation between these trained shapes and novel shapes. Complementing the results 

from Experiment 1, Experiment 2a demonstrated that not only were trained shapes better 

remembered compared to novel shapes, they were also consolidated faster providing 

strong evidence for a role of long-term memory in facilitating short-term consolidation. 

Given that this positive effect of training was unique to the literature. Experiment 2b 

examined the impact of long-term memory on short-term consolidation using a different 

training task that more closely mirrored prior work. Using this different training task, 

both trained and novel shapes showed resistance to visual masks, demonstrating a
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generalized effect of change detection training on VWM performance. These two 

experiments combined provided insights about the circumstances under which long-term 

representations will influence memory as well as what information is being consolidated 

into VWM (discussed below).

Finally, Experiment 3 took a different approach to examining how long-term 

memory representations that were trained incidentally can influence short-term 

consolidation into VWM. In this experiment, the same four shapes were presented on 

every third trial without participants’ awareness and performance on these repeated 

shapes was compared to novel trials. Similar to Experiment 2a, repeated shapes were 

remembered better and there was some evidence that repeated shapes were consolidated 

faster than novel shapes. Additionally, Experiment 3 demonstrates a key role for 

processing configuration information in facilitating consolidation and in developing 

visual-long term representations.

Table 1.
Summary o f  Experimental Results and Conclusions fo r  Experiments 1, 2a, 2b, and 3.

Method Key Result Main Conclusion Model?

Experiment 1 Squares vs. 
Polygons

Squares > 
Polygons

Stimulus complexity & familiarity 
influence consolidation

Workspace 
& Unitary

Experiment 2a 4AFC training 
vs. Novel

Trained > 
Novel

LTM facilitates early VWM processing; 
direct link between perception & WM

Workspace 
& Unitary

Experiment 2b

Change 
Detection 

Training vs. 
Novel

Trained = 
Novel

LTM facilitates early VWM processing; 
task specific training leads to transfer

Workspace 
& Unitary

Experiment 3
Repeating vs. 

Novel
Repeating 
> Novel

Incidentally learned shapes facilitate 
consolidation; spatial configuration 

information key to VWM processing

Workspace 
& Unitary

Across the experiments, while some of the effects sizes were relatively low, the 

fact that there was any effect of visual masks at all provides insight into how this
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information is processed. That is, the primary question going into these experiments was 

not how large of an impact there was but if there was an impact at all. Taken together, 

these results demonstrate that not only does long-term memory influence VWM 

processing, it is involved at a very early stage, facilitating the process of stabilizing 

fragile WM representations. These findings have important implications for current WM 

theories in terms of how they account for the relationship between WM and LTM, as well 

as for understanding the process of short-term consolidation which plays such a critical 

role in everyday visual processing by strengthening visual information to reduce 

interference.

What does this tell us about the relationship between WM and LTM?

Currently, one of the largest differences between WM models is how they account 

for the relationship between WM and LTM (Miyake & Shah, 1999). The three models 

highlighted in the Introduction are good examples; they vary in how they conceptualize 

not just the flow or order of information (e.g., WM first or LTM?) but also in the basic 

storage mechanisms (e.g., separate memory systems or unitary?). Understanding how 

long-term knowledge influences memory over the short-term is not only a critical 

concern for WM models, but it is also key in understanding how cognition operates in 

real-world environments (e.g., language processing, reasoning, driving, typing, etc.). 

Given that WM encompasses much of our current conscious awareness and facilitates all 

complex behavior to some extent (Baddeley & Logie, 1999), better understanding the 

WM system and how it uses prior knowledge addresses the broader question of what 

influences human performance in complex tasks.
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Model Overview & Fit With Current Data

Gateway Model. Overall, the current set of results are highly inconsistent with 

the gateway model because that model does not make any explicit predictions about how 

familiarity of items in VWM influence memory for those items which was a key 

prediction in the current set of experiments. In Baddeley’s model, WM retrieves 

information from LTM, but it is not involved in stabilizing representations in WM. 

Additionally, the gateway model cannot easily account for why there were differences 

between the stimulus based training in Experiment 2a and the task specific training used 

in Experiment 2b. While none of the models necessarily predicted this effect there is no 

mechanism in the gateway model that could account for that result.

The gateway model does fit with the implication from Experiment 1 that 

executive processes are involved with stabilizing information in WM since the central 

executive component in the gateway models plays a key role in managing information in 

each of the domain-specific subsystems. However, both of the other models discussed 

(the unitary and workspace models) can also account for that effect and they can more 

easily account for the effects of LTM (see below). Thus, the gateway model provides a 

poor fit to the current set of data due to the limited relationship between WM and LTM.

Unitary Model. Because of the direct relationship between WM and LTM in the 

unitary model, this model fits the current set of results well. The unitary model fits these 

experiments in three ways. First, the unitary model would predict that familiar items are 

faster to consolidate than novel items. Specifically, Cowan has suggested that highly 

familiar information in LTM (particularly activated LTM) is less attentionally demanding
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and will enter the focus of attention via more automatic processes instead of effortful 

ones (Cowan, 1999). Cowan has also suggested during encoding, items that are familiar 

are encoded with more detail, leading to better overall memory for those items (Cowan, 

1999). Additionally, Cowan has argued for a search mechanism that scans information in 

the focus of attention to reactivate it during maintenance. Training could facilitate this 

process, particularly by speeding it up (Cowan, 1999). Thus, there are several ways in 

which training could facilitate processing of information in WM in the gateway model.

Second, the unitary model can account for the transfer effects seen in Experiment 

2b and not in 2a. Cowan (1999) argues that forming novel LTM representations (as would 

occur during training) is accomplished by creating links between items in the focus of 

attention and in activated memory. In the current experiments, the change detection 

training used in Experiment 2b required participants to create these kinds of relationships 

between items which under the unitary model, could have lead to an improved ability to 

create these relationships between similar, novel items. In Experiment 2a, however, the 

focus was not on creating relational links between different items but the relations of 

features within an item. In both cases, training improved relational processing but in one 

case the improved processing was specific to stimuli and in another it was specific to 

relations between items. Interestingly, this mechanism within the unitary model fits 

nicely with Jiang et al.’s (2000) experiments demonstrating a fundamental role for 

relational processing in VWM. Cowan’s model suggests that the role of relational 

processing may be broader in scope than just processing visual information but rather
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may be a crucial process in learning novel information or novel combinations of familiar 

information, such as presenting a set of visual items in a new configuration.

Finally, as with the gateway model, the unitary model can easily account for any 

role of the central executive in stabilizing representations in WM. In Cowan’s model, the 

central executive plays an important role in directing attention to representations within 

the focus of attention and activated memory as well as to external stimuli (e.g., during 

encoding). The central executive is resource limited and when completing a complex 

verbal task and a complex visual task simultaneously that both draw on these resources, 

performance will drop (Morey & Cowan, 2005). Because of the key role that the 

executive plays in attending to WM representations, it is highly likely that with fewer 

available resources, creating stable WM representations would be more difficult and/or 

time consuming.

Thus, the data fit with the unitary model well and that model can account for 

several of the key effects demonstrated here. However, there are a couple aspects of the 

current data set that the unitary model cannot easily account for. First, in the current set of 

experiments there was evidence for decay of the VWM representations at the longest 

delay interval (484 ms) with the more complex polygon shapes. Within the unitary 

model, the shapes being currently maintained would be in the focus of attention but 

Cowan (1999) argues that there are no decay based processes within the focus of 

attention (decay occurs in activated memory). Rather, the focus of attention is limited 

only in capacity. The current set of data suggest that decay is possible in the focus of
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attention or at least that the representations became somewhat degraded over the delay 

interval making them more susceptible to interference from visual masks.

Second, Cowan (2001) proposed that the capacity limit of the focus of attention is 

4 ± 1 items, when controlling for any chunking using LTM. In the current set of 

experiments, the capacity estimates were much lower (2-3 items) for the complex 

polygon shapes despite the fact that for some of those stimuli there were long-term 

representations that would allow for chunking. Thus, if anything the current estimates for 

familiar shapes are inflated. While there was some evidence that capacity increased with 

familiar shapes (which is inline with what the unitary model would predict), the overall 

low estimates are inconsistent with the 4 ± 1 view.

There are also some general considerations surrounding the unitary model. For 

example, one key advantage of the unitary model is that is is based on a wide range of 

data, making it generalizable to different modalities and tasks. However, it runs the risk 

of being overly general to the point that the model can account for everything, making it 

unfalsifiable. Additionally, proposing a unitary memory system cannot easily explain 

neuropsychological dissociations between LTM and WM (e.g., Shallice & Warrington, 

1970). If either system is impaired, then that should lead to a deficit in the other system 

which is not the case.

Despite these drawbacks, the unitary model can explain the current set of data 

well. Additionally, the current set of data inform the unitary model, particularly 

concerning the transfer of information from WM to LTM. That is, the current evidence 

for a role of relational information during the consolidation process suggests that
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processing that information aids in creating new LTM representations, in line with 

Cowan’s (1999) view.

Workspace model. The eurrent set of data are highly consistent with the view 

that there is a direet relationship between perception and LTM, a key feature of the 

workspace model. Beeause of this feature of this model, it ean easily account for the 

current set of results: the workspace model would predict that familiar items would be 

easier to consolidate into WM than novel items and it would prediet that the impact of 

LTM would occur at early information processing stages. More specifically, the 

workspace model can account for the early facilitation of WM by LTM in two ways: 

familiar items are more quickly activated in LTM by perception or the activated LTM 

information is more quickly transferred from aetivated LTM to WM.

Additional support for the workspaee model is found by eomparing performance 

between familiar and unfamiliar (or novel and repeating for Experiment 3) trials with a 

17 ms delay, collapsing across all set sizes. Paired samples t-tests showed that in all 

experiments, except for Experiment 2b in which no differences between trained and novel 

shapes were found, aeeuraey for familiar shapes was significantly higher than unfamiliar 

shapes [Experiment 1: /(30) = 7.28; Experiment 2a: t(70) = 3.60; Experiment 3: t(22) = 

2.33]. Thus, in each experiment in which an advantage was demonstrated for familiar 

items, LTM was facilitating processing as early as 17 ms following the memory array 

(117-517 ms total, counting the presentation time for the stimuli). In Experiment 2b, both 

trained and novel shapes demonstrated resistance to masks as early as 17 ms even though
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there was no difference between stimulus types. This extremely early effect of LTM is 

can only be explained by a direct relationship between perception and LTM.

In general, because the workspace model argues that activated LTM 

representations are what resides in WM, it can account for much of the same effects as 

the unitary model. However, a major drawback for the workspace model is that it is much 

less specified than the unitary model, so it cannot as easily account for the transfer effects 

demonstrated or the differences found between stimulus-based training and task-based 

training. This does not mean that the workspace model cannot account for these data at 

all, just that the higher level of specificity in the unitary model allows for it to explain a 

wider range of data. This ability to generalize further is due to the fact that the unitary 

model was developed based on data from a variety of tasks while the workspace model 

was developed to explain a particular set of data (i.e., VWM performance).

Thus, the workspace model can account for the cun'ent set of experiments but it 

does have some drawbacks compared to the unitary model, which can also account for 

the current data. However, the unitary model cannot as easily account for the early LTM 

effects since it does not make an explicit prediction about how perceptual input can 

activate information in LTM. The workspace model can also more easily account for the 

neurological dissociations between LTM and WM than the unitary model.

Reconciling the models. As the above overview highlights, both the unitary and 

workspace models can account for the current data and they both have pros and cons in 

terms of explanatory power. One important thing to note, however, is that the two models 

are not all that different; they both assume WM consists of activated portions of LTM but
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the workspace model proposes a multi-component system while the unitary model does 

not. So in many ways, the preferred model will vary by researcher depending on how 

they view the WM system as a whole. Because of this fundamental difference between 

the unitary and multiple-component views, it is difficult to reconcile them based on the 

current data alone, since the current data do not address how many WM components 

there are. However, the current data do offer some suggestions as to how these models 

may be reconciled.

It is clear that while the workspace model has the potential to account for both the 

LTM effects demonstrated here and the neuropsychological evidence showing 

dissociations between WM and LTM the model needs more specification as to what 

controls the activation of information in LTM and how that information is subsequently 

processed in WM. Given the strengths of the unitary model, in explaining those 

shortcomings, it makes sense to apply the control processes in Cowan’s model to Logie’s 

workspace model. Essentially, this would mean using Cowan’s model but assuming that 

that the system has separate WM and LTM stores (i.e., pull the focus of attention out of 

activated LTM). Additionally, some sort of decay based limit would be required to 

account for the drop in performance at 484 ms with more complex shapes.

The current set of experiments cannot dissociate between the Workspace Model 

and the Unitary Model. While the unitary model can account for most of the effects 

demonstrated in this experiment, the workspace model can as well and it can more easily 

account for neuropsychological data. Combining the two models may make sense, but 

given the difference between a unitary system and a multiple component system, the
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current data are not well suited to do so. However, overall the current data provide strong 

evidence that there is a highly interactive relationship between WM and LTM and that 

LTM aids in WM processing very early.

An Alternative View: Cue-based Models of WM

An alternative view to the more traditional, structural models of working memory 

detailed above are cue-based models of immediate memory (e.g., Naime's Feature Model; 

Naime, 1990; Naime, 2002). Cue-based models are unitary models of memory that 

emphasize retrieval cues instead of activated information within immediate memory. 

These models assume similar processes exist for short-term and long-term memory (they 

are both cue-driven) and no distinctions are made based on modality of information (e.g., 

verbal versus visual memory systems; Naime, 2002). Naime’s feature model provides a 

good example of a cue-based approach to immediate or primary memory. The feature 

model makes a distinction between primary and secondary memory in which primary 

memory consists of currently activated memory traces that are suseeptible to interference 

and secondary memory is a more permanent store (Naime, 1990), similar to Cowan’s 

embedded processes model. This distinction is not stmctural, however, and merely makes 

a distinction between active memory traces and long-term representations.

Items within primary or immediate memory are not stored as activated 

information (as the standard models argue), but are represented as vectors containing 

features of that item that serve as cues for that item (Naime, 1990). These vectors of cues 

within primary memory are then matched with groups of relevant traces in secondary 

memory (i.e., a secondary memory search set) based on similarity (as measured by
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feature overlap between vectors) and then information from the search set is selected 

based on trace distinctiveness (Naime, 1990). Thus, successful retrieval will depend on 

how distinctive the retrieval cues (or features) are in delimiting the search set to 

dissociate target memory items from other similar memory traces in secondary memory 

(Naime, 1990, 2002).

Cue-based memory models offer advantages over stmctural memory models by 

being able to account for the impact of retrieval cues and long-term memory effects on 

memory. However, these models are very limited for two key reasons. First, cue-based 

models are less able to account for neurological data showing dissociations in brain 

damaged patients and in patterns of neural activity. Second, cue-based models are almost 

exclusively verbal in nature with no work currently addressing how such cues would 

operate with a visual task. Thus, the current data supporting cue-based model are based 

on verbal memory in neurologically intact participants, severely limiting the 

generalizability of these models.

Despite these drawbacks, however, a cue based approach could account for some 

of the data reported here by arguing that the trained items developed more rich feature 

vectors (though given the lack of work in the visual domain for cue-based models it is 

unclear what those feature vectors would include), providing them with more retrieval 

cues. Additionally, in Experiment 3, the cue-based model may be able to argue that the 

repeating arrays were better remembered due to the repeating context of the items, 

thereby serving as a retrieval cue itself. However, the cue-based view is problematic for a 

couple of reasons. First, in Experiments 2a, 2b, and 3 the features of the shapes are very
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similar: they are all black images with a certain number of points and some angles. Given 

the overlap in features, the cue-based model should predict an overall benefit of training 

for all shapes (i.e., not just trained shapes) since they share features, but this was only 

evident in Experiment 2b and that transfer can be explained by task specific strategies. 

Second, the cue-based model makes no specific predictions about the time course of 

consolidation and how that would vary depending on the level of familiarity with the 

stimuli, making the model ill-suited for understanding how visual long-term 

representations contribute to stabilizing perceptual traces.

Summary

Overall, the results in these experiments demonstrate very close relationship 

between WM and LTM and they suggest that LTM influences processing in VWM at very 

early stages, as early as 17 ms following the presentation of a visual memory array. This 

finding is both unique and meaningful in that it informs current models of WM in how 

they account for the relationship between WM and LTM. Overall, the more recent 

Workspace Model most easily fits the current set of results, however the results are also 

consistent with the Unitary Model. Given the strengths and weaknesses for each of the 

models, combining the two models may best account for the current set of results.

What does this tell us about short-term consolidation?

What is being consolidated?

The process of short-term consolidation is a crucial process that allows us to 

retain information past a few hundred milliseconds. While prior research demonstrated 

that consolidation was a key link between perception and WM (e.g., Jolicoeur &
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DelFAcqua, 1998; Vogel et al., 2006) as well as between perception and visual attention 

(e.g., Chun & Potter, 1995; Nieuwenstein et al., 2005; Shapiro et al., 1997), the current 

research demonstrates that LTM influences the process of consolidation between 

perception and WM, with familiar items being consolidated more quickly than unfamiliar 

items. Taken together, the research examining consolidation shows that this process lies 

at the intersection of several key cognitive processes: perception, attention, WM, and 

LTM.

In addition to demonstrating a clear role for long-term representations in 

facilitating consolidation, the current set of experiments can also address a question that 

has been largely ignored in the consolidation literature: what exactly is being 

consolidated? The set of results across the three experiments address this question. First, 

the advantage for the simpler square stimuli used in Experiment 1 over the complex 

polygons indicates that as visual complexity increases, more time is required for 

consolidation. Stated differently, consolidation is sensitive to visual features (such as 

color and shape) which suggests that the visual details of items are what is consolidated 

between perception and VWM.

The positive training result in Experiment 2a using a 4AFC training task supports 

this visual details idea. In particular, the 4AFC training task in Experiment 2a emphasized 

distinguishing visual details between a set of similar shapes which in turn led to faster 

consolidation. Demonstrating evidence that visual features are what is being consolidated 

into VWM is in-line with the prior work on short-term consolidation, particularly the 

attentional blink literature (e.g., Chun & Potter, 1995; Nieuwenstein et al., 2005; Shapiro
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et al., 1997) and Vogel et al.’s (2006) conclusion that visual perceptual features are easily 

overwritten (i.e., by visual masks). Additionally, replicating the set size effects in the 

current set of experiments is largely consistent with the view that consolidation is 

resource limited, with more time needed as the number of items increases.

However, one interesting set size effect that has yet to be addressed in the 

literature has to do with performance at set size 1. Both in the current set of experiments 

and in the previous research (specifically Vogel et al., 2006), there was no evidence for 

consolidation with one item (i.e., performance was not worse for early delays compared 

to longer delays) but there was for all other set sizes. If consolidation is only 

strengthening visual information, then even with only a single visual item visual masks 

should interrupt consolidation at least at the earliest delay.

There are two possible explanations for this effect. One is that it is possible that 

with only a single item, consolidation could occur while the item was still visible (i.e., 

during the 100-500 ms memory array presentation). Thus, the masks would not interfere 

at any delay because the information was consolidated prior to mask presentation. 

However, a more theoretically interesting possibility comes from the data in Experiment 

3, specifically how the relationships between items (called a global spatial configuration) 

in a visual array are processed.

In Experiment 3, the repeating shapes were presented in the same spatial 

locations, thus maintaining the global configuration of items on each repeating trial 

which, as noted above, likely led to the advantage for repeating shapes over novel shapes. 

This result suggests that the notion of visual characteristics being what is consolidated
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into VWM may not be the whole story: the consolidation process may also be 

strengthening the spatial relations between the items, thereby improving retention not just 

for the visual features of items but also their spatial properties. Thus, with only a single 

item, there is no relational information to consolidate, making it relatively impervious to 

visual masks. For each set size following one, however, there is at least one spatial 

relationship, leading to longer consolidation times.

Prior research has demonstrated that maintaining a global spatial configuration is 

a fundamental component of VWM (Blalock & Clegg, 2010; Jiang et al., 2000), but little 

work has examined how this configuration is created. The current set of experiments 

suggests that the formation of this configuration could occur very early as information is 

consolidated into VWM. This suggests that short-term consolidation is multi-

dimensional, strengthening all aspects of perceptual traces from specific visual details of 

items to the spatial properties of those items. This conclusion is also supported by the 

transfer effects demonstrated in Experiment 2b. Using a training task that required spatial 

relational processing in addition to visual knowledge of the shapes, novel items did not 

show any impact of visual masks compared to the other experiments.

How is information being consolidated?

Beyond what is being consolidated during short-term consolidation is the equally 

important question of how information is consolidated into VWM. Vogel et al. (2006) 

outlined a general framework for how the consolidation process could work that is based 

on their visual attention model of VWM (Vogel, et al., 2001). In their framework, they 

argue that when visual items are presented, those items are represented at multiple levels
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and in multiple visual areas. For example, the basic shape information would be 

represented in the primary visual cortex whereas higher level object identification would 

be represented in the extrastriate areas. These representations will quickly decay without 

a consolidation process that selects the appropriate information and then stabilizes those 

representations so that they can be maintained for a longer period of time and survive 

new incoming stimuli.

Vogel et al. (2006) proposed that once this process occurs, the visual information 

is stored in WM, though they are careful to note that the information is not literally 

moving to a new place. Instead, they suggest that, “the consolidation process may change 

the nature of existing representations” (Vogel et ah, 2006, 1448). In their previous work 

(Vogel et al., 2001), they have argued that items in VWM are maintained via synchronous 

and asynchronous neural firing mechanisms; neurons tuned to the shared visual features 

(including location) of an item fire together thereby binding that information together 

(synchronous firing) and that neural firing rate is slightly different from features 

associated with another item (asynchronous firing). The two (or more) items are 

maintained separately by the asynchronous firing between items, but as more items are 

maintained, there is a greater likelihood that firing between items will accidentally 

overlap, leading to memory errors. Thus, the process of consolidation could essentially he 

stabilizing these neural firing mechanisms.

The current data are largely in line with this framework, though they do raise 

some issues about how that framework generalizes to more complex shapes and familiar 

shapes. In Experiment 1, the more complex polygons took significantly longer to
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consolidate than the simple colored squares. This difference could be due to long-term 

representations of the colored squares, but it could also be due to increased complexity of 

the polygon shapes. Under the framework outlined above, this suggests either that 

eomplex shapes take longer to bind together or that due to the inereased similarity of the 

shapes, there is greater overlap in the neural firings for each shape making them harder to 

distinguish. While Vogel et al.’s (2001; 2006) framework can account for this effect, 

future work should address which of these possibilities leads to both slower consolidation 

and lower overall performanee.

This synchronous firing framework has a more difficult time accounting for the 

familiarity and transfer effects demonstrated in the current set of experiments. In the 

eurrent framework, there is no mechanism that would allow for familiar items (or novel 

items in the case of Experiment 2b) to be consolidated more quickly than novel items at 

such an early stage. To account for this, some type of top-down mechanism would need 

to be added that could direct attention from the long-term representations in LTM to the 

early visual processing stages. Alternatively, there could be some type of bottom-up 

perceptual filter that is tuned to recently presented visual items that reside in LTM that 

faeilitates processing for those items.

Recent work by Moore, Cohen, and Ranganath (2006) suggests that both top- 

down and bottom-up mechanisms are responsible for facilitative effects of visual 

expertise. Using functional magnetic resonance imaging (fMRI), they examined how 

visual expertise with a set of complex figures correlated with brain activity in the 

occipitotemporal cortex (which represents objects information) as well as in the
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prefrontal and parietal networks that have been shown to support VWM encoding and 

maintenance (specifically the dorsolateral prefrontal cortex and the intraparietal sulcus; 

see Olesen, Westerberg, & Klingberg, 2004; Pessoa, Gutierrez, Bandettini, &

Ungerleider, 2002; Todd & Marois, 2004; Xu & Chun, 2006).

Moore et al. (2006) showed that training of visual stimuli led to domain-specific 

improvements in encoding and maintenance. Specifically, they showed expertise effects 

in the dorsolateral prefrontal cortex, the intraparietal sulcus, and the occipitotemporal 

cortex. They argue for a “cortical division of labor” (Moore et al., 2006, p. 11194) in 

which visual expertise leads to stimulus-specific tuning of neurons in the 

occipitotemporal cortex that project onto dorsolateral prefrontal neurons (i.e., a bottom- 

up effect) and that information in the prefrontal area leads to the formation of a 

frontoparietal network that “represents category information in a manner that can guide 

visual attention, WM encoding, and maintenance” (i.e., a top-down effect; p. 11195). This 

conclusion closely mirrors Kosslyn’s model of mental imagery (i.e., the process of seeing 

with the mind’s eye without perceptual input), which also argues for top-down and 

bottom-up processes in retrieving and constructing mental images (Kosslyn, 2005; 

Kosslyn, et al., 2006).

Moore et al. (2006) also showed evidence that expertise led to increased 

intraparietal sulcus activation and argue that this supports previous work indicating that 

area is responsible for encoding more visual detail of items (e.g., Xu & Chun, 2006). 

While this does not directly address the issue of consolidation, this work suggests that 

trained items are facilitated in VWM through both top-down attentional mechanisms and
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bottom-up tuned neural networks and that those items will be encoded with more visual 

detail compared to novel items.

The evidence for top-down mechanisms facilitating visual expertise support the 

speculation following Experiment 1 that there is role for central executive processes in 

short-term consolidation. Additionally, this view fits with the implications of Experiment 

2b that top-down strategies from change detection training facilitate VWM performance. 

This has implications for the WM models outlined above: how does the central executive 

influence early visual processing and allow for trained items to be consolidated into WM 

faster? There are a few possible explanations for this. One is that the central executive 

can limit the information that becomes activated during encoding (similar to Cowan’s 

Embedded Processes Model). Another possibility is that with increased expertise, the 

central executive is better able to resist the build-up of proactive interference (when 

previously learned information interferes with learning new information) across trials, a 

view in line with work by Engle and colleagues (e.g., Engle & Kane, 2004; Kane, et al., 

2001; Kane & Engle, 2000).

Finally, as expertise is acquired the central executive may direct visual attention 

to identifying features of items, allowing for faster object identification and 

consolidation. This final possibility is consistent with the increased intraparietal sulcus 

activity shown in Moore et al. (2006). One direction for future research could examine 

the role of executive processes in consolidation by examining how consolidation varies 

across individuals; if participants show higher working memory capacity (i.e., capacity of 

the central executive), then consolidation should be faster for those high span individuals.
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Summary

The current set of results demonstrate that the process of short-term consolidation 

is multi-dimensional and lies at a critical intersection of perception, WM, and LTM.

These data are also consistent with a combined top-down and bottom-up view that 

suggests that consolidation is facilitated by tuned neural networks both in late visual 

areas and in executive function areas.

Two key questions that need to be addressed in the short-term consolidation 

literature that were not discussed here is clearly distinguishing consolidation from 

encoding and identifying consolidation processes in other domains. Vogel et al. (2006) do 

note that it is possible that consolidation only occurs in the face of interfering information 

(meaning encoding could operate with or without consolidation). Though again this does 

not explain the lack of any mask effects with a single item and given the high levels of 

visual interference in real-world visual tasks it does not make much practical sense to 

dissociate encoding and consolidation in this way. As far as consolidation operating in 

other sensory domains, it is certainly likely that it does. Currently, the visual system is 

arguably the most well understood of all the sensory processing systems, making the 

visual domain a natural place to begin understanding the relationship between perception 

and WM, but this work should be extended to other domains.

Concluding Remarks

The processes of perception, WM, and LTM have historically been examined 

independently of one another with little discussion of how these constructs interact to 

facilitate complex cognition. Given the large amount of research conducted in each of
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their respective domains, it is now possible to start to examine how these processes work 

together. The current set of experiments is a start in examining interactions between 

perception, WM, and LTM. The results lead to four key conclusions (also see Table 1):

(1) there is a direct relationship between perception and LTM; (2) training improves the 

speed in which information gets into WM; (3) training a set of visual items can lead to 

improvements in VWM performance even for novel items; and (4) that short-term 

consolidation is a multidimensional process that strengthens both visual and spatial 

relational information to create more stable representations of perceptual input. Taken 

together, these conclusions provide strong evidence that WM, LTM, and perception are 

highly interactive and provide unique insights as to how these processes work together to 

facilitate everyday, complex cognition.
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