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Abstract

Working memory is widely accepted to be limited in capacity, but how 

various aspects of memorized items affect working memory capacity and 

performance continue to be of great interest to many neuroscientists. A recent 

breakthrough in the field shows that working memory resources are flexibly 

distributed among numbers of items that need to be maintained, and the allocation 

of resources is modulated by how much attention the item is given. Although the 

new framework presents useful insights, a more natural setting in working memory 

utilization often requires more than simple maintenance of multiple items—it 

requires updates that involve manipulation and re-encoding of memory.

This thesis contains a series of investigations of memory update on 

working memory performance using the established techniques of psychophysics 

and mixed linear regression. First, we performed a working memory update task in 

102 individuals and found a unique cost previously underestimated in the working 

memory behavioral paradigm—the cost of switching between working memory 

process modes. We show that the switch has a significant and substantial effect on 

the error and it has a positive multiplicative relationship with the other concurrently 

maintained representations. Second, we show the standard deviation estimate from 

a classic decision-making task is correlated with the estimate from the orientation 

estimation error distribution, supporting the use of the decision making task as a 

measure of working memory performance. Additionally, we show that the decision 

making paradigm grants trial-to-trial performance measure in response time, which 

has important implications for future analysis. Third, we develop a unique 

experiment paradigm based on previous experiments and test its potential for 

uncovering a novel and important aspect of the switch between different 

operational modes of working memory (maintenance and manipulation). We find 

some indication that the main cost associated with process-switch is the amount of 

load preceding the switch. The difference between only retrieved target and 

retrieved and manipulated target is increased when the non-target item was 

retrieved only. The finding can be interpreted in two ways: 1) it suggests that not 

only having to change the contents (manipulation) but also having to re-encode the 
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changed item into working memory memoranda induces substantial cost, 2) it 

suggests that the retrieval of any item actually enhances working memory 

performance. We discuss both cases in depth.

In conclusion, our findings suggest that process-switch may consist of 

intricate assembly of sub-processes that could enhance or impair working memory 

performance. Additionally, we provide an interesting novel framework to further 

study the top-down executive control of modular working memory.

Keyword : Working memory, modular brain, process-switch cost
Student Number : 2018-21129
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Chapter 1

Significant cost is associated with process-switch in working memory

1.1 Introduction

1.1.1 Sources of working memory limitation

Imagine keeping score in a tennis, soccer, or football match. Keeping scores 

between two or three teams requires a spectator to update or manipulate a team’s 

score while maintaining others. Similarly, finding a cafe in an unfamiliar location 

requires you to both maintain and manipulate information: while maintaining the 

directions to the cafe in your working memory, the next destination is constantly 

updated based on your current location. Many daily tasks require you to use two 

primary processes—online maintenance and active manipulation of information—

of working memory. Yet previous works of working memory mechanism did not 

focus on elucidating the cost associated with manipulation and maintenance 

processes (modules).

Working memory is defined as a cognitive system used to maintain and 

manipulate information, which aids a range of cognitive activities such as 

reasoning, learning, and comprehension (Baddeley, 2003). While working memory 

clearly comprises multiple processes, the common practice was to simplify its 

definition to encompass both maintenance and manipulation (Munoz et al., 2004; 

Baddeley, 2012; Lewandowsky et al., 2010). An increasing number of recent 

studies, however, distinguish between the two main cognitive processes (Masse et 

al., 2019; Soreq et al., 2019; Davis et al., 2018). Recent studies reveal that the 

maintenance and manipulation processes of working memory may have varying 

neuronal mechanisms (Masse et al., 2019), as well as structurally and functionally 

distinct networks (Davis et al., 2018). A few research, however, discusses whether 

and how the two processes interact under the constraint of brain resources. To 

understand the underlying mechanism and interaction between the processes, we 

looked at the performance cost of a memory update task using digits and arithmetic 

operations. We studied: (1) the relationship between maintenance load (number of 

items that require memorization) and working memory performance; (2) the 

relationship between the number of switches between processes: maintenance and 

manipulation; and (3) The interaction between load and the process switch 

number.

Our study found that the primary cost associated with updating working 

memory is the frequency of the switch between the maintenance and manipulation 
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processes (a.k.a. process-switch). Additionally, the positive interaction coefficient 

indicates that the effect of process-switch on working memory performance is 

positively moderated by the working memory load (a.k.a. set size). In other words, 

we have found evidence that it is more costly to switch between processes of 

maintenance and manipulation when more items need to be maintained.

1.1.2 Structure of the thesis

The rest of Chapter 1 is about the memory update task, which is used to 

explore the cost of process-switch. Performed amongst a series of battery tasks that 

measure working memory performance, the memory update task provides an 

important groundwork that explores the concept of process-switch. We attempted 

to measure the cost of switch associated maintenance mode and manipulation mode 

in working memory.

Chapter 2 investigates the relationship between responses from decision 

making and responses from working memory estimation. Commonly known as a 

type of classification task, the decision making task decides whether the observed 

stimulus orientation is clockwise or counterclockwise to a reference. By 

performing two tasks sequentially, we were able to compare responses from the 

decision making task to that of the estimation task and make inference about the 

underlying distribution in a trial-by-trial manner.

Chapter 3 further investigates the cost of process-switch by dividing its 

components into three sub-processes: retrieval, manipulation and substitution. 

Using the decision making task experimental scheme described in Chapter 2, we 

devised a unique process-modulation experiment scheme with loading size of two. 

Although many limitations exist, the new design can provide some interesting 

insights into the mechanisms of modular brain networks.
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Figure 1.1 Independent variables, set size, process switch number and dependent 
variable, error distance explained with memory update task paradigm.  A) Example 
trial with set size 3 and process switch number 1. B) Example trial with set size 4 and 
process switch number 2. Each trial comprise encoding period, processing period, and 
response period. If reported response for the box is 5, calculated error distance is 2 (7-
5) for both A and B example experiments. Overall, maximum set size is 4 and maximum 
process switch number is 4.

1.2 Materials and Methods

A total of 102 (55 females; 18~35 Years old; normal or corrected-to-

normal vision) students of Seoul National University, Korea, participated in the 

experiment. The participants gave informed consent per the guidelines and 

approval of the Institutional Review Board at Seoul National University.

Working Memory Experiment

We initially performed six different working memory tasks designed to 

measure individuals' working memory capacity and reaction time. All of the 

experiments were adapted from Lewandowsky (2010). For the purposes of this 

paper, we used only one task among the six: the memory update task. The results 
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from the task were used to analyze the effect of process-switch number on working 

memory performance.

Participants were asked to memorize an initial set of digits, each presented 

in a separately framed box on the screen, and update them through arithmetic 

operations (Figure 1.1). On each trial, a set of framed boxes appeared, whose set 

size varied from three to five across trials (three boxes were presented side by side 

in one row; four-and five-frame displays were presented in two 

rows). Participants initiated each trial with a keypress, and digits were presented 

in their frames subsequently, one by one, for one second each. Following the 

initial encoding phase, cues for arithmetic operations, such as “+2” or “-4”, were 

displayed in the individual boxes for 1.3 seconds each, followed by a 250-msec 

blank interval. The participants then had to apply the operation to the digit that 

they currently remembered in that box and replace the memorized content with the 

result. After a varying number of updating operations (between two and six), the 

final recall was signaled by question marks appearing one by one in each box. The 

participants responded by typing the remembered digit for that particular framed 

box. Each updating step involved a different, randomly-chosen frame to keep the 

contribution of switch costs constant across operations, trials, and participants 

(Lewandowsky, 2010).

There were 15 trials in total, generated by crossing the set sizes of three, 

four, and five, with the number of updating operations (two, three, four, five, and 

six). All of the initial digits, operations, updating, recall prompt, and trial orders 

were generated randomly. All randomly generated parameters were kept constant 

for all participants (Lewandowsky, 2010)

1.3 Results

Dependent and Independent Variable Description

We selected the ‘memory update’ task to analyze working memory 

performance from a set of battery tasks originally devised by Lewandowsky (2010). 

We extracted two independent variables associated with the update mechanisms 

based on our background research (Figure 1.1).

Set size is the number of the framed boxes used in one trial. More 

intuitively speaking, it represents the number of items that need to be initially 

encoded (before updating). It is well known that set size (also known as working 

memory load) is one of the main limitations of working memory capacity. 

Therefore, the set size is expected to have a meaningful relationship with working 

memory performance.
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Figure 1.2 Effects of the working memory load (number of process switches and 
number of items) on individual performance.
The increase in box number (item load) results in the increase in performance error. 
Process switch not only incurs a separate cost, but also interacts with item load to 
further disrupt working memory performance. A) Defined as in figure 1.1, the effect of 
process-switch on individually z-scored error distance is shown. B) Individually z-
scored error distance from all participants showing the relationship between set sizes 
and process-switch number. C) Slope of the linear regression performed on each set 
size condition with respect to process-switch number. The increasing slope with 
increasing set size indicate that there is a significant relationship between set sizes and 
process-switch number. All Error bars are standard error of mean, SEM.

Another aspect of the memory update is the switch between different 

modes (maintenance and manipulation) of the brain. To probe how many times the 

brain has to switch between maintenance and manipulation before reporting, the 

number of times an individual has to either recall or re-encode digits was included 

in the regression and named process-switch number (Figure 1.1). The process-

switch number was calculated per box (e.g., a trial with three framed boxes has 

three different process-switch numbers) and ranged from zero to four.

Working memory performance was measured by the numerical error distance, 

which is the absolute difference between the given response and the correct 

answer. To address idiosyncrasy, error distance was z-scored (mean-centered and 

standard deviation set to 1) within each individual. As is the case with the process-

switch number, error distance was calculated per frame.

Mixed Linear Regression Model

To examine the performance differences on different variables and their 

levels, a linear mixed regression model including interaction term was fitted using 

the lme4 package in R (R Studio, Version 1.2.1335). The model controlled the 

idiosyncrasy by including participants as random effects. Furthermore, rather than 

using raw values, independent variables were mean-centered to provide a better 

interpretation of the main effect’s regression coefficients. With mean-centering, the 
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explanatory variable's regression coefficients are interpreted as the amount of 

increase in error distance with a 1-step increase in the respective explanatory 

variable when other independent variables are controlled and set to their average 

value (Frazier & Tix, 2004). Mean-centering is important in our case because it 

allows for a better interpretation of the main effects of the interaction model. For 

example, the process-switch number’s regression coefficient is interpreted as the 

amount of error increase when the process-switch number increases one level 

(from one to two, two to three, etc.) when the set size is set to its average level 

(~four).

Table 1. Mixed model results show existence of significant interaction term.

Linear mixed model results with set size and process-switch as fixed effects and 

individual subject as a random effect. As expected from Figure 1.2, results show that 

the process switch number incurs a separate cost and interacts with box number to 

further increase performance error.

Set size and process-switch number affect working memory performance

Performing the regression, we found that the set size, the process-switch 

number, and the interaction term all have significant, positive effects on working 

memory error (Figure 1.2, Table 1). Importantly, the coefficient of process-switch 

number is close in magnitude to that of set size (0.134 vs. 0.145, respectively; both 

p<0.001) even though the set size (or working memory load) is widely accepted as 

the major contributor to working memory error. In other words, the set size and the 

process-switch number both have significant positive effects on working memory 
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error, and error contribution (when the other variable is set to its average value) is 

roughly the same or slightly smaller for the process-switch number compared to the 

set size. To quantify the set size's effect on error more precisely, we performed 

another regression (Table S1). In Table S1, the simple model analysis only 

included the set size as a regressor. Interestingly, the difference in conditional R^2 

value between the simple model (Table S1) and the interaction model (Table 1) is 

substantial (0.017 vs. 0.053, respectively). The result indicates that a substantial 

amount of variance in the data is explained by the process-switch number.

The positive, significant effect of interaction term shows that the effect on 

an error by process-switch number increases with a greater set size (interaction 

term’s coefficient: 0.077, p <0.001, Table 1). This relationship is well described in 

Figure 1.2 C, where the slope of the regression line of process-switch conditioned 

on each set size is quantified. The pairwise t-test of the slope coefficient fit showed 

that the set size conditions between three and four and three and five were 

significantly different. However, no significant difference was observed between 

set size four and five. Additionally, the mixed linear regression results show that 

individual differences were negligible (ICC < 0.1).

Limitations

The memory update process is conventionally treated as having three 

components—retrieval, manipulation, and substitution (Ecker, 2010). Computed 

process-switch measure, however, includes both retrieval (recall) and manipulation 

of memory. Uncoupling of two components was impossible in the current task 

structure because the two processes were almost always considered as one variable. 

For example, when one item is retrieved from memory, the item must be 

manipulated subsequently. Another limitation of the research comes from the fact 

that other confounding variables are not perfectly randomized. Predictor variables 

such as the number of numerical operations performed per box (number of 

manipulation) could be an important confounding variable for process-switch 

numbers and need to be controlled more systematically (Davis et al., 2018).

Future analysis, therefore, may include task structure that can dissociate 

retrieval and manipulation costs by utilizing cue and dummy manipulation (e.g., +

or – 0). This intervention will help to dissociate manipulation and, consequently, 

substitution from retrieval. Additionally, error measures could be replaced with 

more traditionally defined continuous measures such as orientation or size. The 

current error measure is designed to provide a sense of magnitude in error (how 

wrong they are) but is usually categorical (correct/incorrect answer). Nor does it 

form a normal distribution (Supplementary Figure 1). Therefore, current 

experiment’s results need to be confirmed in a traditionally defined continuous 
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measure with dummy manipulation with more tightly controlled confounding 

variables.
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Chapter 2

Decision making task can be a reliable measure of trial-to-trial working 

memory estimation

One of the most important limitations of the memory update task (Chapter 

1) is that the error distance does not follow normal distribution (Supplementary 

Figure 1). In an effort to design an experiment that can reliably, and quantitatively 

measure uncertainty of response, we explored two different yet commonly used 

working memory paradigm--decision making based on working memory stimulus 

and working memory orientation estimation.

Figure 2.1 Task paradigm of orientation-based decision making and estimation tasks.  

Subjects performed reference-based decision making and also perform estimation tasks. 

The task comprised of two parts: decision making and estimation. 
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Figure 2.2 Gaussian fit to error 

data from two different tasks 

(estimation and decision making) 

and their relationship. A) 

Example error distribution fit 

from orientation estimation task. 

B) Example error distribution fit 

from decision making task from 

the same individual as A. Point 

estimates of the standard 

deviation ( ) from the two fit 

(9.6781 vs. 9.1613) are very 

similar. C) Correlation between 

from estimation task and 

decision making task in all 

participants show that the two 

variables are significantly 

correlated (r = 0.4487, p = 

0.0037).

2.1 Materials and Methods

A total of 40 (18~35 Years old; normal or corrected-to-normal vision) 

students of Seoul National University, Korea, participated in the experiment. The 

participants gave informed consent per the guidelines and approval of the 

Institutional Review Board at Seoul National University. Each subject participated 

in a decision making and the subsequent estimation task (Figure 2.1). Each subject 

was asked to memorize an orientation represented with gabor patch (stimulus), 

which appeared at the beginning of a trial for 1.5 seconds. After a random 

assignment between two delay durations (4.5 seconds-early decision or 10.5 

seconds-late decision), the subjects were asked to decide whether the stimulus they 
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have memorized is in a clockwise or counterclockwise direction based on the 

reference angle that appeared on the screen. After the decision making task, with 

either delay duration of 10.5 seconds or 4.5 seconds (depending on the delay period 

of 10.5 seconds or 4.5 seconds the decision making task, respectively), subjects

were asked to perform an estimation task where the exact orientation of the 

stimulus had to be reported by turning the probe (Figure 2.1).

The two delay periods made sure that the subjects are unable to predict the 

timing of the decision making and therefore, to make sure that the subjects actively 

retain the stimulus angle in their memory. The relative reference orientation 

(reference orientation – actual orientation, ±21°, ±4°, 0°), actual stimulus 

orientation ( (180/24)*i°, i = 1, …, 24 ) and decision time (early, late) were 

randomized to control for these variables. The total number of trials are 240. 

The results from subjects were fit with gaussian distribution in order to 

estimate sigma of the distribution (Figure 2.2). Correlated analysis of the two 

distributions showed that the two are well-associated and they induce comparable 

cost.

Figure 2.3 Trial-to-trial representation of working memory is reflected in decision 
making response time measure. 
Individually z-scored response time in decision making task with respect to the 
mentally represented orientation (estimation-reference).  The independent variable—
(estimation-reference)—consists of the reference angle used for collecting decision 
making response and reported measurements from orientation in the concurrent trial. 
The results indicate that the further away mental representation is from the reference, 
faster an individual makes decision. This is an indication that response time 
measurement from decision making can be used to give further insight into the trial-to-
trial mental representation of the orientation.
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2.2 Results

The results indicate that the standard deviation estimate fit from decision 

making task and estimation task are well-associated (r=0.4487, p=0.0037). The 

standard deviation estimate from the decision making task is generally smaller than 

the estimate from the estimation task.  

Additionally, we discovered that the trial-to-trial representation of the 

stimulus orientation is characterized by the response time measure in decision 

making task. The subjects are asked to perform the decision making task and 

subsequently, report the exact orientation (estimation task). Depending on the 

memorized orientation, the subjects are able to make a decision fast (if it is further 

away from the reference angle), or slow (if the memorized angle is too close to the 

reference angle, it would be more difficult to determine whether the orientation lies 

in clockwise or counterclockwise direction) (Figure 2.3). Human subjects are 

known to display perceptual bias when viewing orientation angle (Girshick et al., 

2011), prompting the use of the reported orientation (response of task 2) instead of 

the actual orientation. The result shows that the closer the mental representation of 

the orientation to the reference angle, the slower the response time is. This 

indicates that trial-to-trial mental representation of the orientation is reflected on 

the response time. In conclusion, the response time measure reflects trial-to-trial 

fluctuation of encoded memory.
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Chapter 3

Designing process-switch task and the effects of non-target item’s load on the 

target item

Inspired by Chapter 2’s decision making task paradigm, and driven to 

address the limitations of the memory update task (Chapter 1), we devised an 

experiment where the switch of attention between manipulated items can be used to 

further study the process-switch associated with working memory.

3.1 Materials and Methods

Three students at Seoul National University, Korea, participated in the 

experiment. The participants gave informed consent per the guidelines and 

approval of the Institutional Review Board at Seoul National University. 

The task was created using the Psychophysics Toolbox and custom scripts 

written in Matlab (The Mathworks). Participants sat in a dark room, at a distance of 

90 cm from the Dell UltraSharp 2001FP LCD monitor (set to 800 x 600 pixels, 

180Hz vertical refresh rate) while their binocular eye positions were sampled at 

500 Hz by an EyeLink 1000 Desktop Mount (SR research), a video-based eye-

tracker. To minimize eye-tracking errors due to head motion, the observer adjusted 

the height of the chair and the table on which the monitor was mounted, positioned 

his/her head on a cushion-padded chin-rest. We individually calibrated the eye-

tracker before each session using the built-in 4 point routine. Breaks were provided 

twice within a block. After each break, we re-calibrated the eye-tracker before 

resuming the task.

Training Sessions

Each participant participated in three different task sessions: two of them 

were training sessions and the last session was the main session. The first training 

task was the estimation task. Participants were asked to report a stimulus 

orientation after rotating the stimulus either 30 degrees to the counter-clockwise

(CCW) direction (indicated by a red cue, for reference, see Figure 3.1) or 30 

degrees to the clockwise (CW) direction (indicated by a green cue). Participants 

were trained until they reached the saturation learning point on the estimation 

(standard deviation of the block did not significantly differ for the three blocks 

where each block contained 30 trials). The second training task consisted of 

decision making scheme similar to the Chapter 2 decision making task using 

reference angle (Figure 2.1). Unlike Chapter 2 decision making task, however, the 

second training task displayed rotation cues like the first training task, and 
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participants had to make CCW or CW decision with respect to the given reference 

(±21°, ±15°, ±10°, ±4° reference angles with respect to the given stimulus was 

used). Participants were given one orientation per trial and had to reach 80% 

accuracy consecutively for two blocks in order to be cleared for the main 

experiment.

Main Experiment

On each trial of the main experiment, participants were asked to 

remember a pair of orientations shown on the left and right side of the visual field

simultaneously (radial eccentricity of 5° from the center fixation point with 

diameter of 0.2°; Figure 3.1). Stimuli were immediately masked (for 1 s) to 

minimize the contribution of iconic memory on performance. Masks consisted of 

two white noise filters centered on the stimulus origins. After the mask, a left or a 

right locational cue appeared for 2 s, and a rotational cue appeared at the center of 

the fixation point for 2 seconds. As shown in Figure 3.1, three types of rotational 

cues were given (CW, CCW, and no cue). For trial types 1 and 4, the participants 

were immediately asked to make decisions after the first two cues, with respect to 

the given reference. Participants were unaware of the presence of a target and were 

asked to report decisions on both stimuli. For the rest of the trial types, participants 

were given a second set of locational and rotational cues, and were asked to give 

responses. As in the training sessions, there were eight different reference angles 

with respect to the correct orientation stimulus (±21°, ±15°, ±10°, ±4°). The further 

the reference angle was from the stimulus (e.g., ±21°), easier it was for the 

participants to make decisions. Response time was limited to 2 seconds per 

stimulus and if a participant failed to make a response within the time periods, the 

trial aborted and reappeared in the later block. Inter-trial interval was set to 2 

seconds.

Each target orientation was simply retrieved (types 1,2,3) or retrieved and 

manipulated (type 4, 5, 6). When they were simply retrieved, a locational cue—that 

indicates which orientation to recall—and ‘no rotation’ cues were provided (Figure 

3.1). When they were retrieved and manipulated, rotational cues that direct 

participants to rotate the given orientation either in CCW direction (Figure 3.1, red 

cue) or CW direction (Figure 3.1, green cue) was alongside the locational cue. The 

main task pseudo-randomized orientation angles and orientation pairs to control for

cardinal bias (Girshick et al., 2011) and interaction effects between the orientation 

pairs (Bae & Luck, 2017). Probing of the target stimulus was randomized to either 

be first or second as well as the location of appearance (left or right).

The main task consisted of six different trial types (Figure 3.2). In 

addition to the target item manipulation (retrieval and manipulation), the nontarget 



１５

items were also manipulated (none, retrieval, retrieval+manipulation; Figure 

3.2). Each trial type consisted of 12 sample points per reference angle and a total of 

96 sample points to find the psychometric curve of each trial type within each 

individual.

Psychometric Curve Fitting and Bootstrapping

A gaussian cumulative distribution was fit to the psychometric curves 

obtained from the decision-making trials using a maximum-likelihood procedure. 

An example graph is given in Figure 3.3, and the calculated mean, standard 

deviation, accuracy and response times are visualized in Figure 3.4.

To find 95% confidence interval of each subject’s parameter, we 

performed parametric bootstrap 10,000 times for psychometric curve’s mean and 

standard deviation for each trial type within each individual (Wichmann and Hill, 

2001). In order to find the significance of the difference between parameters, we 

calculated the difference between the resampled values of the two conditions and 

found 95% confidence interval of the difference. If the confidence interval did not 

contain 0 (the null hypothesis value), the difference between parameters was 

considered statistically significant. 

Figure 3.1 Process-switch task design. 
Trial schematics for process-switch task. Individuals are presented with two 
orientation gratings, and then subjected to rotation tasks. The decision-making 
paradigm is used to obtain individual responses.
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Figure 3.2 Various trial types implemented in the process-switch task.
A total of 6 different trial types were observed. Here the blue circles are the items that 
we are recording our performance. Filled blue circle indicate that the target item 
(whose response is being used as a performance measure) is both retrieved and 
manipulated, while the blank blue circle indicates that the target item is only retrieved. 
Each type is randomized for orientation angle, paired orientation angle, reference 
angle with respect to the original orientation, and probe order. R-M-S stands for the 
sub-processes associated with the switch—retrieval-manipulation and substitution—
and the corresponding numbers are the number of times that each sub-process occurs 
in each trial type.

Figure 3.3 Psychometric curve fits of six trial types
An example plot of six trial types within an individual. Wichmann and Hill (2001)’s 
lapse model was used to fit the model. Bottom left is a schematic of the trial type,and 
one can observe that with increasing non-target (grey) manipulation (top to bottom), 
the target (blue) performance generally decreases.
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3.2 Results

For the purposes of this paper, we only report the performance of target 

items (Figure 3.2, blue circles), and these target items are divided into two main 

groups—retrieved only group and retrieved and manipulated group (trial types 1-2-

3 vs. 4-5-6, white vs. blue circles in Figure 3.2). In Figure 3.4, these conditions are 

white bars and dark grey bars, respectively. The conditions can be further divided 

into what kind of non-target manipulations were performed (Figure 3.2, no circles 

or grey circles).

Given a target condition (e.g., retrieved only group, trial type 1-2-3), we 

further divide the load of operation on the non-target item from light to heavy from 

non-existent (none trial, e.g., trial type 1), performing retrieval only (e.g., trial type 

2), and performing retrieval and manipulation (e.g., trial type 3).

For each trial type, a psychometric curve was fit and mean and standard 

deviation parameters were found according to the method described in the previous

section.

Confirming results from the memory update task and decision-making-estimation 

task.

Initially, we designed the experiment so that it may address some of the 

fallbacks of memory update task from chapter 1. Utilizing results from trial types 4 

and 6 only—because the memory update task did not distinguish between retrieval 

only condition and retrieval and manipulation condition—we found that we can 

categorize these trials into three different process-switch numbers (0,1,2). The 

result aligned with our chapter 1 result—the increase in process-switch number 

resulted in increase in standard deviation estimate or performance error. 

(Supplementary Figure 2)

We also confirmed that the response time in chapter 3 reflects the 

difficulty of the task as it did in the DM-Estimation task in chapter 2 

(Supplementary Figure 3). With increase in absolute reference angle, the decision 

making task became easy and subjects were able to make decisions faster (it is 

easier to determine CW or CCW with respect to the reference). 

Accuracy and response time analysis

Our main outcome measure is accuracy, defined using sigma whose fit we 

obtained using maximum likelihood estimation and gaussian cumulative 

distribution with lapse rate (Wichmman and Hill., 2001). We also used percent 

correct measure—for a more general accuracy measure that includes errors in bias 
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and variance (Figure 3.4C), and response time—whose trial-to-trial fluctuation 

reflects more fine-grained representation of orientation (Figure 3.4D). 

In general, it was difficult to ascertain a pattern due to idiosyncrasy and 

noise in the data. However, we were able to find a meaningful difference in 

standard deviation parameter (Figure 3.4B) between the target manipulation (dark 

grey bar) and the target retrieved (white bar) condition in the nontarget retrieval 

condition in subject 2 and 3 (Δ =6.82 with CI95 = [0.39, 14.16] and Δ =13 with

CI95 = [2.42 , 44.78], respectively). While retrieval of a different item (also defined 

as interference in past literatures) is known to have some negative effects in the 

working memory performance (Oberauer, 2019), the same interference (nontarget 

retrieval) having a greater effect on performance when there is greater mental load

(target manipulated, dark grey bar) has not been studied in the past. 

The cost of the nontarget is well-reflected in other measures of accuracy 

in our data. The percent correct difference in the nontarget retrieval conditions

show the decrease in performance for the greater target load (target retrieval vs. 

target manipulation, 77.08 vs 66.67, 87.5 vs. 79.17, 83.4 vs. 60.42, subject 1, 2, 3 

respectively; Figure 3.4 C). This decrease in accuracy for the manipulated target 

The response time difference in subjects also show the same meaningful difference 

between target retrieved only and target retrieved and manipulated when the 

nontarget item is retrieved. 

The difference between the two target cases was not replicated in standard 

deviation fit of subject 1 (Δ = 6.48 with CI95 = [-5.18, 22.70]), this may have been 

a result of small trial numbers we used to fit each distribution and we plan to 

address this issue in future studies. No mean parameters showed significant 

difference between the two conditions (Figure 3.4 A)

Nontarget retrieval and manipulation effects

In an effort to address idiosyncrasy and control for the effect of target 

manipulation, we quantified the nontarget retrieval cost by subtracting the ‘none’ 

condition measures from the ‘retrieval’ condition measures and ‘retrieval and 

manipulation’ condition measures (Figure 3.5). This measures controlled the effect 

of target manipulation and allowed a more direct comparison of nontarget retrieval 

cost between conditions. The individual results still differed greatly in absolute 

values, we observed a general pattern that characterizes the non-target’s 

contribution to performance. For the target retrieval conditions, we observed little 

to no cost of nontarget retrieval but observed a great cost when nontarget was

manipulation in the target retrieved conditions (refer to Figure 3.4, group mean, 

white bars). The increase in the cost based on the increase in nontarget 

manipulation (retrieval to retrieval + manipulation) is reflected in the sigma 
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estimate in all subjects (Figure 3.4A, white bars ; subject 1, Δ = 2.50 with CI95 = 

[-13.30, 20.77]; subject 2, Δ = 10.66 with CI95 = [1.75, 19.74]; subject 3, Δ =

7.36 with CI95 = [-14.62, 37.09]). Interestingly, in the target retrieval and 

manipulation conditions (dark grey bars), the nontarget retrieval imposes a great 

cost and there is little to no increase in cost for the nontarget retrieval and 

manipulation condition compared to the nontarget retrieval condition. (Figure the 

3.4, group mean, dark grey bars). This trend is also reflected in most of the subjects 

sigma estimate when analyzed individually (Figure 3.4B, dark grey bars ; subject 1, 

Δ = -10.74 with CI95 = [-29.84, 5.15]; subject 2, Δ = 1.32 with CI95 = [-

14.48,15.98]; subject 3, Δ = 0.38 with CI95 = [-18.19,17.20]). This trend is well 

reflected in other cost measures (percent accuracy (%) and response time(s), refer 

to Figure 3.4B and C).

The group mean of each measure summarizes this trend well. The 

manipulated target item (dark grey bars)’s performance is severely affected by a 

nontarget retrieval and ends up having a similar cost to nontarget being retrieved 

and manipulated, while ‘retrieved only’ target item’s (white bars) performance is 

less affected by a nontarget retrieval and more severely affected by a nontarget 

retrieval and manipulation. The standard error mean of the group, however, only 

includes three samples and are included for the reference purposes only. The error 

bars in the group mean do not reflect the significance of the differences.

Although the difference in sigma estimate (a.k.a. the cost of nontarget 

manipulation) in target retrieved only condition (white bars) compared to the target 

retrieved and manipulated (dark grey bars) is straightforward (2.5 vs. -10.74, 10.6

vs.1.32, 7.36 vs. 0.38, retrieved vs. retrieved and manipulated in subjects 1,2,3, 

respectively.), confidence intervals of some subjects (subject 1 and 3) in target 

retrieved only condition include the null hypothesis—indicating that the difference 

in the nontarget manipulation condition when target is retrieved only may not be 

significantly different. More trials are required to confirm the result.
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Figure 3.4. Estimated mean and standard deviation (SD) fit with confidence interval 
(CI), percent accuracy and median response time (RT) of target items in each trial 
type and individual. A) Estimated mean ( ) and B) Estimated standard deviation ( ) 
from the psychometric curve with 95% bootstrap confidence interval (N = 96, B = 
10,000). Each parameter fit is based on different trial types and subjects. From left to 
right side of each plot, manipulation on non-target item gradually increases (none, 
retrieval, retrieval and manipulation). Each non-target condition consists of two 
different target conditions—target retrieved only and target retrieved and manipulated. 
These conditions are analogous to the different trial types (e.g., target retrieved only 
(white bar) with nothing done to the nontarget (none) condition is trial type 1, target 
retrieved and manipulated (dark grey bar) with nothing done to the nontarget (none) 
condition is trial type 4). The plots reflect the performance of target items only. 
Nontarget item’s performance are ignored for the purposes of the paper. C) accuracy 
is quantified by the amount of correct answer given per each condition D) response 
time (RT) was measured only in conditions where the subject provided the correct 
answers. The RT result’s error bars represent each trial type’s standard error mean
(SEM). 
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Figure 3.5 Cost of the nontarget item’s manipulation on the target performance. The 
cost of nontarget item’s manipulation on performance measures were quantified by the 
difference between the performance of condition where nothing was done to the
nontarget (row 1 in Fig.3.2) and where nontarget was retrieved only or retrieved and 
manipulated (row 2 and 3, respectively, in Fig.3.2). 
A) Difference in estimated standard deviation ( ) in two different target conditions 
(target retrieved only, target retrieved and manipulated, white bars and dark grey bars, 
respectively) and two different nontarget conditions (retrieval and retrieval and 
manipulation) compared to the un-processed non-target (row 1 in Fig.3.2.). Error bars 
on individual plots (subj1, subj2, subj3) represent 95% confidence interval from 
parametric bootstrapping with N = 96 and B = 10,000 following the procedure in 
Wichmann and Hill (2001). Error bars on the group mean plot (far right) represent 
standard error mean. B) and C) utilized the same conditions but used difference in 
percent accuracy (B) and difference in response time (C) as the performance measures.

3.3 Discussion

Significance

In chapter 1, we report a novel and unique cost associated with the 

working memory update task—process-switch—and shows that it is positively 

modulated by the working memory load (set sizes). The regression model indicated

a strong contribution of process-switch in error. In chapter 3, we further explore the 

process-switch by dividing and dissociating the concept of retrieving an item and 
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retrieving and actively manipulating the item. We find a (1) noticeable increase in 

performance cost of the manipulated target item in conditions where nontarget is 

retrieved compared to when nothing is done to the none target. We also find (2) 

observable increase in performance cost of the retrieved target item in conditions 

where nontarget is manipulated compared to when it was only retrieved. Both 

conditions require one item to be held in maintenance, while the other item is 

manipulated. The author finds it interesting that the cost did not significantly differ 

between the conditions where nontarget was manipulated and the condition where 

target was manipulated. The performance cost to the target item remains similar. 

This is eye-opening because it indicates that not only the manipulation of an object 

itself impairs its memory, but also manipulation of another encoded object impairs

the target object’s memory as well. Additionally, performing additional 

manipulation did not incur a significant cost (Figure 3.4), which further supports 

the hypothesis that the ‘switch’ or sequential activation of the two networks are the 

main cost of memory and not the ‘manipulation’ operation itself.

The finding may also give some insight into the workings of maintenance 

and manipulation networks. The main finding is that the greatest cost difference 

incurred when an item is maintained and the other item is manipulated—this 

indicates that the manipulation network activation may impair the performance of 

maintenance network and vice versa.

The cost of process-switch may provide an idiosyncratic measure of 

modulation efficiency between the working memory networks. The framework of 

working memory as an assembly of networks more widely accepted (Christophel et 

al., 2017; Davis et al., 2018). Similar to our findings, previous research showed 

that a switch between maintenance and update (substitution) modes resulted in 

longer response times (Kessler & Oberauer, 2014), indicating that a gating system 

is utilized upon substituting items. The past research, however, did not employ

updates that involve manipulation of encoded items. Our task provides a unique 

modulation paradigm because it requires both recruitment and integration of 

networks for item manipulation and segregation to safely store each representation. 

The working memory networks have to be orchestrated based not only on the task 

structure but also on the expected manipulation associated with the item. 

Interestingly, research involving thalamic control of cortical activity provide hints 

about where the cost might originate from. The efficient modulation of working 

memory processes requires a central system that controls both fast recruitment of 

relevant networks and fast inhibition of the used networks (Myers et al., 2017; 

2018; Freek van Ede et a., 2019; Kaminski et al., 2020). Thalamic nuclei such as 

pulvinar and medial dorsal nuclei seem to play this role in working memory 

(Jaramillo et al., 2019; Rikhye et al., 2018). Therefore, the process-switch cost may 
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have resulted from the extra resource needed to recruit thalamic nuclei and 

modulate between cortical networks. Additionally, inappropriate increase or 

decrease in thalamus excitability may result in improper modulation of working 

memory representations—for example, switching between processes may not be 

fast enough or too slow—and untimely recruitment of networks could underlie 

individual performance differences as well as the general cost associated with the 

process-switch.

Limitations and Suggestions

The Chapter 3 experiment has some fallbacks that need to be addressed. One is that 

the task is extremely difficult. Many subjects did not make the cut for the 

estimation and decision making training and had to be turned down from the 

experiment. We plan to address this fallback by allowing people to practice in 

small 20-minute sessions and also performing the experiment in small, frequent 

sessions as well. This will allow subjects to feel less pressured and tired during the 

experiment and the frequent training sessions will hopefully be helpful as well.

The author would also like to present the two orientations separately rather than at 

the same time so that they are temporally, distinctly encoded into working memory. 

This may or may not reduce the interaction between two items and potentially 

affect the result.

Another fallback is that the experiment consists purely of psychophysics. 

Performing fMRI on the same subjects may provide significant insights into the 

mechanisms of the modular brain. 
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Supplementary Figures

Supplementary Figure 1. Non-normal nature of the memory update data. The 
non-normality of is one of the limitations of the memory update task. The author 
wanted to confirm the findings from regression analysis with data that has a more 
conventionally distributed-- normal distribution.
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Supplementary Figure 2. Effect of 
process switch (as defined in 
figure 1.1) on sigma estimate. 
Similar to memory update task 
(section 1), there was a trend of
increased estimate of standard 
deviation with increasing process 
switch number.

Supplementary Figure 3. Process-switch task results in the reference-based 
response time reduction as in the decision making-estimation task. A) Z-
scored response time change with respect to the reference in the decision making-
estimation task (Chapter 2) and B) process-switch task. Both figures show 
significant decrease in response time with increase in reference angle.
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Supplementary Table 1. Mixed model results of the simple model
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