
 

 

1 

Cognitive and Neural 
Mechanisms of Resource 
Allocation in Visual Working 
Memory Using Real-World 
Objects 

 
Mingailė Greičiūtė 

 

 

 

 

 

 

 

 

 

 

 

 
 
 
 
 
 
Department of Psychology, Stockholm University 
Degree project in Psychology for Master’s degree - PSMT42 (30 credits) 
Psychology 
International two-year master’s program in psychology (120 credits)  
Spring term 2022  
Supervisors:  Ronald van den Berg (Stockholm University),  

Cristina Villalba García (Stockholm University),  
Mikael Lundqvist (Karolinska Institutet) 

  



 

 

2 

Abstract 

Visual working memory (VWM) is a limited capacity short-term storage used for keeping 
and maintaining visual information. Despite a vast amount of research, resource allocation 
strategies in VWM are still not fully understood. Recent studies showed that VWM capacity 
could be increased for meaningful stimuli, such as real-world objects. One unresolved 
question is how VWM stores different levels information. The present research examined 
whether VWM uses the same resources for low-level information (colors) and high-level 
information (object identity). Twenty-three participants performed a change-localization task 
using naturalistic images. In different blocks of trials, participants had to localize the changed 
stimulus in one of four relevant images. The change was in color, object identity, or it could 
have been in either (so they would have had to remember object identity and color). 
Behavioral (accuracy) and neural (electroencephalogram [EEG]) data were recorded. The 
neural data were used to compute contralateral delay activity (CDA), which is commonly 
assumed to be a measure of memory load. Behavioral data suggested that low- and high-level 
information rely on a shared (or at least partially shared) resource. However, neural data did 
not fully support the assumption of shared storage. These results have important implications 
for current models of VWM but also question the interpretation of the CDA as a measure of 
memory load.  
 
 Keywords: visual working memory, resource allocation, contralateral delay activity 
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Visual working memory and two main theories 

Visual working memory (VWM) is defined as a cognitive system storing and 
maintaining visual information for the short term (Baddeley, 2012). VWM is a cornerstone of 
cognition as it is highly related with intelligence, executive function, problem solving, 
comprehension, information processing (Cowan, 2014). It is involved in everyday life tasks 
(e.g., noticing traffic signs during a ride, or phone number while dialing), it is affected by 
aging (Hedden & Gabrieli, 2004) and it is impaired with various neuropsychiatric conditions, 
such as traumatic brain injury (Arciniega et al., 2021), attention-deficit/hyperactivity disorder 
(ADHD) (Martinussen et al., 2005) and others. Thus, it is very important to analyze 
properties of VWM, such as VWM capacity to understand how information is allocated in 
our brain. 

There are two major classes of theories about the nature of VWM capacity: a discrete 
slot class and a flexible (continuous) resource class (Luck & Vogel, 2013). Both theories 
agree that VWM capacity is limited. However, there is an ongoing debate on how memory 
resources are allocated: resources are discrete and fixed, or they are continuous and can be 
flexibly allocated among items (Ma et al., 2014).  

Discrete slot theories claim that memory resources are fixed to a specific number of 
independent memory slots. This class of theories states that there is no flexibility in storing: 
an item is either stored or it is not. The number of slots might vary between individuals 
(Luria, 2016; Vogel & Machizawa, 2004), but many experimental studies supported the 
maximum number of 3-4 memory slots (Luck & Vogel, 1997; Cowan, 2001). Luck and 
Vogel (1997) performed several experiments using different sets of simple stimuli (colorful 
squares, oriented lines). They showed that manipulations of task settings (for example, 
prolongation of duration time, manipulation of features) did not change memory capacity, 
keeping this VWM limit up to 3-4 slots. Such models claim that all object features are bound 
together and stored within a single slot (Luck & Vogel, 1997; Cowan, 2001).  

On the other hand, theories of flexible (continuous) VWM propose that resources are 
allocated flexibly, depending on the level of importance (Salahub et al., 2019). Resource 
allocation models have no strong focus on the number of items maintained in the VWM but 
on precision, which is the primary measure in such models (Ma et al., 2014). Ma et al. (2014) 
reported two main premises of resource models: firstly, internal representations of stimuli are 
noisy, and secondly, the noise increases with increasing number of stimuli. They also noted 
that prioritized, visually more salient objects are memorized with better accuracy, which 
indicates that VWM has flexibility in assigning more/less resources to different items.  

Previous studies of VWM have typically used very basic and highly artificial stimuli, 
such as oriented bars and colored circles (e.g., Vogel & Machizawa, 2004; Luck & Vogel, 
1997). Such stimuli are easy to manipulate and control experimentally: they can be 
parameterized quantitatively and are largely devoid of semantic associations reducing the 
intervention of other cognitive processes, such as long-term episodic memory (Cowan, 2001). 
However, such stimuli have been criticized for being unrepresentative for objects we find 
around us.  

Some studies, such as Brady et al. (2016) used real-world objects as meaningful 
stimuli in their study analyzing VWM resource allocation. They showed that VWM could 
maintain more information about real-world objects than simple stimuli by increasing 
encoding time. Moreover, Brady and Störmer (2021) demonstrated that participants used 
different encoding strategies for processing low-level (colors) and high-level (object) 
information. They found that that participant could maintain a higher number of items when 
real-world objects were presented sequentially, which suggests and 'in-depth' encoding 
strategy. For low-level items, on the other hand, they found that people could remember more 



 

 

4 

when they were presented simultaneously, suggesting a 'take-a-quick-snapshot' encoding 
strategy.  

Experimental paradigms used in VWM research 
Most of the VWM research use two main experimental paradigms: 1) continuous 

estimation (e.g., Wilken & Ma 2004), in which participants have to memorize and report the 
exact feature of stimulus (e.g., an exact color of stimulus) on a continuous scale (e.g., color-
wheel); 2) change detection (e.g., Luck & Vogel, 1997), in which stimulus are presented 
firstly in the memory array and then in the response array. Participants have to indicate 
whether or not there was a change between the first (memory) array and the second 
(response) array. Some of the studies (e.g., Shin & Ma, 2017) used a variant of the change-
detection task, namely change localization: instead of responding whether there was a 
change, the participants have to respond where the change was (Figure 1). 
 

Figure 1  

Examples of change localization tasks 

 
Note. In change localization task participants have to click on the stimulus location, where change 
occurred. (A) Stimuli are consisted of two features: orientation and color, but change appears only in 
relevant feature (in this example: orientation), but no change appears in irrelevant feature (in this 
example: color). (B) Change might appear in one of two features, in this case: either color or 
orientation of one stimulus. Adapted from “Visual short-term memory for oriented, colored objects” 
by H. Shin and W. J. Ma, 2017, Journal of Vision, 17(9), p. 3. Copyright 2017 by The Authors. 
 

Resources allocation and storages 
A central question related to resource allocation is whether there are separate VWM 

storages for different features or if VWM uses a common storage for information 
maintenance. There are two main theories: (1) a shared-storage theory, in which different 
features compete for the same memory resource pool, and (2) an independent-storage theory 
in which different features have their own resource stores. However, the evidence for the two 
theories is mixed. Some studies supported a single-store theory (Bays et al., 2011; Morey et 
al., 2011), while others found evidence for independent stores (Shin & Ma, 2017; Markov et 
al., 2021). Other studies supported both theories explaining that resource allocation depends 
on whether features belong to the same or separate dimension (Wheeler and Treisman, 2002). 
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Neural mechanisms of VWM 
Studies analyzing neural VWM correlates noticed that neurons in frontal and parietal 

cortex regions generate persistent activity during the delay period of the task (Ruchkin et al., 
1990). Activations in these cortical regions were associated with both VWM functions: 
information maintenance (D’Esposito et al., 2015) and its storage (Bettencourt & Xu, 2016). 
In human electroencephalography (EEG) studies, the contralateral delay activity (CDA) 
component has been identified as one of the primary neural markers of active VWM 
maintenance (Luria et al., 2016; Vogel & Machizawa, 2004). The CDA is a sustained 
negative slow event-related potential (ERP) that appears during the memory maintenance 
period (often referred to as the 'delay period') at posterior-occipital brain regions contralateral 
to remembered visual stimuli (Luria et al., 2016). Thus, the parietal and occipital cortical 
regions are considered to be the origin of the CDA (Luria et al., 2016). Additionally, 
activation in the frontal region contributes to the CDA origin. However, frontal cortex does 
not show persistent ERP activity (Luria, 2016), thus they are rarely included in the CDA 
computations and more often associated with other cognitive functions, such as filtering 
which protects VWM from distractors (Liesefeld et al., 2014). 

The CDA amplitude is often found to reflect the number of items maintained in VWM 
(Luria et al., 2016) regardless of whether items are presented simultaneously (e.g., Vogel & 
Machizawa, 2004) or sequentially (e.g., Wang et al., 2019). The CDA amplitude reaches an 
asymptote after 3-4 items presented, which is typically interpreted as evidence that VWM has 
a limit of 3 to 4 slots (Figure 2).  

 
Figure 2 

ERP difference waves for arrays with different number of stimuli 

 
Note. The amplitude increased from memory load 2 to 4, but amplitudes did not differ between 
memory loads 4, 8 and 10. Adapted from “Neural activity predicts individual differences in visual 
working memory capacity” by E. K. Vogel and M. G. Machizawa, 2004, Nature, 428(6984), p. 749. 
Copyright 2004 by Nature Publishing Group. 
 
 
 

More recent work suggests that the CDA also is sensitive to the nature of the stimuli 
and may code more than just the number of items. First, an increment in CDA amplitude was 
found in a study that compared faces with low-level stimuli (Asp et al., 2021). Asp et al. 
(2021) suggested that higher amplitude might be due to the activation of additional brain 
regions. Second, Brady et al. (2016) found an increment in CDA amplitude for real-world 
objects compared to simple stimuli when the encoding time was prolonged. They explained 
this as evidence that participants have enhanced VWM capacity for meaningful stimuli. 
However, it has to be noted that several other findings challenge this conclusion. First, Brady 
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et al. (2016) based this conclusion on findings from an experiment with a memory load (set 
size) of five items and they were unable to reproduce it at set size three. Moreover, in an 
attempt to replicate Brady et al. (2016), Quirk et al. (2020) found that prolonged encoding 
time increased accuracy for both types of stimuli: real-world objects and simple ones. Third, 
Salahub et al. (2019) found that the CDA amplitude reflects memory resources allocated 
laterally. Finally, Ma et al. (2014) suggested that the amplitude might not reflect an 
increasing number of items required to be maintained in VWM but the maintenance of ‘meta-
information’ required to control resource allocation. 

In summary, while the CDA amplitude is typically thought of as a measure of the 
number of items in memory, recent work suggests that it also reflects the amount of 
information about an item. We will leverage this new interpretation as a way to test the 
shared-vs-independent storage theories at the level of neural mechanisms.  

 

Current study 
The general purpose of this study is to investigate whether memory for low-level 

features (such as color) relies on the same mental resources as memory for high-level 
information (such as object identity). This is investigated using both behavioral and neural 
data. Firstly, behavioral performance (task accuracy) will indicate whether memories in the 
different conditions rely on the same resource. If the encoding of low-level and high-level 
information compete for the same memory resources ('single store' theory), then we expect 
performance to decrease when participants are required to remember both kinds of 
information simultaneously compared to remembering only one type. If there are separate 
stores, performance is predicted to be the same because no trade-off must be made. Secondly, 
the neural data may provide a more direct answer to the question by giving insight into the 
amount of allocated resources in situations where one type of information is memorized 
versus both types. If the CDA amplitude is a measure of information kept in a shared store, 
then the amplitude for Both, Color and Object will be the same. Otherwise, if storages are 
separate, the amplitude for Both is expected to be higher than Color and Object.   
 

 

Method 

Ethics  

The study is part of a larger project, for which an ethics application was submitted to 
Etikprövningsmyndigheten (application number dnr 2021-01348). It was decided that 
because of the nature of the project, no ethics approval is required.  

Participants  

For this study, sample size was determined based on participant number in previous 
papers with similar setup: analyzing VWM properties using behavioral (accuracy) and neural 
data (CDA analysis) (e.g., Brady et al., 2016; Wang et al., 2019). Twenty-three participants 
meeting inclusion criteria were recruited using Accindi, a digital platform developed for 
volunteer recruitment (https://www.accindi.se/). Informed, written consent was obtained from 
all participants. 
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Inclusion criteria were:  

a) age range between 18 and 40 years old. 
b) basic knowledge of English.  
c) having either normal or corrected-to-normal vision. 
d) not suffering from any vision deficiency, color blindness, strabismus or similar. 
e) be generally healthy and without symptoms of respiratory infection.  

 
Data from four participants were excluded due to technical setbacks in the EEG data 

recording or artifacts (muscle movement or excessive visual artifacts) in the EEG data. The 
final sample consisted of 19 participants, age range 18-38 years (M = 28.3, SD = 5.8), 6 
males, 13 females. Additionally, four participants (age range 26-37 years, M = 30, SD = 5.0, 
2 males, 2 females) took part in pilot sessions needed to test the experimental setup.  

Experiment sessions were performed in the EEG laboratory at Stockholm University 
Brain Imaging (SUBIC). All volunteers received gift certificates from GoGift.se 
(https://gogift.io/) worth 300 SEK after completing the session.  

 

Materials and Procedure 

Materials and apparatus  
Participants performed the experiment in a dark and quiet room. The experiment was 

implemented using PsychoPy and run on a standard desktop computer with a standard mouse 
for collecting behavioral responses. Viewing distance was approximately 60 cm. During the 
whole session participants wore a standard EEG cap with electrode placement following 
international 10-20 system. Neural data was recorded at 512 Hz sampling rate using the 64-
channel BioSemi Active two EEG system. Recording was done referencing to the common 
mode sense (CMS) and driven right leg (DRL). Additionally, six external electrodes were 
applied. Two external electrodes were placed on mastoid bones (EXG1, EXG2) to later be 
used as references (re-reference). Two electrodes (EXG3, EXG4) were placed above and 
below the left eye to record vertical electro-oculogram (VEOG) while two electrodes (EXG5, 
EXG6) were placed laterally beside the eyes to record horizontal electro-oculogram (HEOG). 

 
 

 
Stimuli and task  

Images of real-world objects were selected from resources available at website of The 
UCSD Vision and Memory lab (https://bradylab.ucsd.edu/stimuli.html). We first selected 33 
object categories with eight images each out of 280 available categories. Selection focused on 
objects that were largely uniformly colored and were easy to discriminate when using 
peripheral vision. 

For each of the 33 categories, six color change trials were generated as follows. First, 
four images were randomly picked to make up the memory array. These images were 
recolored by applying a random rotation in the (a,b)-plane of the CIA-Lab representation of 
the image (see Figure 3A for examples of recoloring). Next, one of the locations in the 
memory array was designated to be the change location. A copy of the image at the location 
was created and recolored with an angle of at least 30 degrees. Finally, one of the four unused 
images was chosen to be used as the control image on the contralateral side and recolored to 
grayscale. The grayscale images on the non-cued side were important for neural data analysis 
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(to eliminate low-level and early perceptual processing and to compute clean CDA 
amplitude) (see Figure 4).  

Similarly, six object identity change trials were created for each of the 33 categories. 
First, four images were randomly picked to make up the memory array and these images were 
randomly recolored. Next, one of the locations in the memory array was designated as the 
change location. One of the unused images was chosen to replace the original item at the 
change location. This replacement image was recolored to match the color of the original 
image at the change location as closely as possible, by finding the recoloring angle in CIE 
space that minimized the Euclidean distance between the CIE-Lab representations of the two 
images (see Figure 3B for a few examples of different objects that were matched in color 
using this procedure). Finally, one of the three unused images was chosen to be used the 
control image on the contralateral side and recolored to grayscale (see Figure 4). 
 

 
Figure 3 

Examples of stimuli used in the study  

 
Note. (A) The same object (basket) in different colors. (B) Objects (buttons) within category in the 
same color (blue).  
 

Participants performed a change-localization task (Figure 4). Each task consisted of 
four memory arrays and one response array. Each memory array was composed of one 
relevant stimulus (colored) and one irrelevant stimulus (stimulus in gray) presented 
simultaneously. The response array was identical to set of stimuli presented in four memory 
arrays except that one of the stimuli had changed in either object identity or color. The task 
was to indicate which of the four images had changed (change localization).  
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Figure 4   

The scheme of a Color trial 

  
 
Note. Each trial consisted of a fixation cross (750 ms) followed by the presentation of two cues (1000 
ms), four memory arrays displayed sequentially (350 ms) with interstimulus delay intervals (650 ms), 
response array and feedback. Stimuli in the response array were identical to set of stimuli presented in 
four memory arrays, except that one of the stimuli had changed in color (in the Color task). The task 
of the participants was to point (with the mouse) at the object which changed in color. After each trial 
participants received feedback, whether response was correct or incorrect.  
 
Procedure 

At the beginning of each session, the participants read and signed the informed 
consent. After placing the EEG cap and external electrodes, participants received detailed 
instructions about the tasks. To become familiar with the task, participants performed a few 
practice trials of each different condition (different from the trials included in the final 
experimental task). During practice trials, participants could ask questions to make sure they 
understood each condition correctly. After that, participants were informed about the main 
experimental session: task allocation into the mini-blocks and duration time. After double-
checking that everything was clear, participants continued with the main experimental session 
individually in the experimental room. Throughout the whole session, there were experiment 
organizers in the room next to the experimental room.  

In each trial (Figure 4), participants first fixated on a centrally located fixation cross 
for 750 ms. Thereafter two cues were presented simultaneously (for 1000 ms) in the center of 
the screen: an arrow pointing to the left (¬) or to the right (®) and a word-cue indicating the 
condition (Color, Object, or Both) in each trial. In all three conditions participants had to pay 
attention to the cued side, where four colored objects were presented sequentially for 350 ms 
each, followed by a 650 ms interstimulus interval. Simultaneously with colorful stimuli, 
stimuli in grayscale were presented on the non-cued side. The grayscale stimuli on the non-
cued side were important for neural data analysis, but irrelevant for the task and participants 
were instructed not to pay attention to them. 650 ms after the offset of the last memory array 
(last delay period), participants were presented with an array composed of all previously 
presented objects at the same time in which one of the objects was different compared to the 
first set of objects presented sequentially. The task of the participants was to click with the 
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mouse on the item that had changed. In the Color condition, all objects remained the same but 
one of them was presented in a different color (see color trial in Figure 4). In the Object 
condition, all object colors remained the same just changing one of these objects within its 
own category. Finally, in the condition Both the change took place in either the color or the 
object identity dimension, with both types of change (color or object identity) being equally 
likely within the trial. 

Trials were presented in 12 blocks consisting of 3 ‘mini-blocks’. Each mini-block 
consisted of 11 Color trials, 11 Object trials, and 11 Both trials, presented in a row for each 
cue. The mini-blocks were randomly intermixed within each block.  All participants 
completed 396 trials, 132 per experimental condition. All sessions lasted an average of 2 
hours, with at least one hour needed to complete the memory task. 

Analyses 

Behavioral markers (accuracy) and neural markers (amplitude of the CDA 
component) of VWM resource allocation strategies were analyzed. Additionally, reaction 
time was analyzed for behavioral data as a potential factor interfering with the accuracy. 
Since for the purposes of the present study there is no reason to dichotomize the statistical 
results, we will refrain from ‘significance testing’ and will instead interpret the p values as a 
continuous measure (of the consistency between the data and the tested hypotheses). To this 
end, we will guide ourselves by the interpretation scale (Figure 5) provided in a study by 
Muff et al. (2022). 

 
Figure 5 

P value translation into the language of evidence 

 
Note. P value translation into the language of evidence. Boundaries between values are not interpreted 
as hard thresholds. Adapted from “Rewriting results sections in the language of evidence” by M. 
Stefanie, E. B. Nilsen, R. B. O’Hara, and C. R. Nater, 2022, Trends in Ecology & Evolution, 37(3), p. 
206. Copyright 2021 by The Authors. 
 
Behavioral data analyses 

Behavioral data analyses were done using Rstudio and JASP. The main dependent 
variable for the behavioral data analysis was accuracy. Additionally, reaction time was 
analyzed as potential factor interfering with accuracy. 

Accuracy. Accuracy was calculated for each participant as the percentage of correct 
and incorrect responses for each condition. To verify that subjects were not randomly 
responding in any of the conditions, a one sample t-test with a test value of 0.25 was applied 



 

 

11 

to compare the accuracy measures in each condition with the guess level (25 %). Accuracy 
data does not deviate from a normal distribution; therefore, paired sample student t-tests were 
applied to study differences in accuracy between conditions. Several additional t-tests were 
performed to compare accuracy across conditions and values predicted by the investigated 
hypotheses.  

Reaction times. To verify that accuracy differences were not due to speed-accuracy 
trade-offs, reaction times were also compared between conditions. Since the normality 
assumption was violated for some of the reaction time data, Wilcoxon signed-rank tests were 
used. 

Neural data analyses 
EEG pre-processing and neural data analyses were done using Rstudio (EEGUtils 

package) and JASP. 
EEG data pre-processing. EEG data was re-referenced offline to the average of right 

and left mastoids. Baseline correction was applied to 200 ms before first memory array onset. 
For filtering, low-pass 40-Hz and high-pass 0.1-Hz band-pass IIR filters were applied. Data 
was epoched between -200 ms and 4000 ms, time-locked to the first memory array with 
baseline correction. 

Artefact rejection. Horizontal electro-oculogram (HEOG) and vertical electro-
oculogram (VEOG) were recorded. Electrodes for HEOG were placed laterally beside the 
eyes, while electrodes for VEOG were places above and below the left eye. Artefacts due to 
excessive eye movements were removed with an Independent Component Analysis (ICA).  

EEG data analyses. To compute the CDA component, the contralateral-minus-
ipsilateral difference wave were computed over parietal-occipital electrode sites (P3/P4, 
P7/P8, PO3/PO4, PO7/PO8, O1/O2, see Figure 6) as the mean amplitude during the last part 
of the fourth delay period (3600-4000 ms). 

Statistical analyses. To compare the CDA amplitudes between conditions paired 
sample student t-tests were applied, since data did not deviate from a normal distribution.  

 
Figure 6   

The 10-20 electrode layout, aerial view 

 

Note. EEG data was recorded using all 64 channels. Electrodes (marked in red): P7/P8, P3/P4, 
PO7/PO8, PO3/PO4, O1/O2 were selected to compute the CDA (the contralateral-minus-ipsilateral 
difference wave). EXG1-EXG6 represent six external electrodes used in the study. Adapted from 
Biosemi, n.d., (https://www.biosemi.com/headcap.htm). Copyright n.d. by Biosemi. 
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Results 

Behavioral data 

The main behavioral data (accuracy and reaction times) are summarized in Table 1 
and Figure 7.  
 

Table 1 

Behavioral descriptive statistics  

 Condition M (SD) 
Accuracy   
 Color 0.68 (0.12) 
 Object 0.62 (0.10) 
 Both 0.56 (0.10) 

 
Reaction time (s)   
 Color 2.01 (0.51) 
 Object 2.12 (0.53) 
 Both 2.19 (0.57) 

Note. Behavioral descriptive statistics: mean (M), standard deviation (SD) for reaction times (s) and 
accuracy for different conditions (Color, Object, Both), N = 19. 

 
A one sample t-test showed that accuracy is above guessing level (0.25) for all three 

conditions, Color: t(18) = 15.83, p < .001, d = 3.63, 95% CI [2.37, 4.88], Object: t(18) = 
15.97, p < .001, d = 3.66, 95% CI [2.39, 4.93], and Both: t(18) = 13.54, p < .001, d = 3.11, 
95% CI [2.00, 4.20].  

To answer the main research question, whether information about color and object 
identity is stored in a shared storage, or in separate stores, accuracy between conditions Color 
and Both; and between conditions Object and Both were compared (Figure 7). A paired 
sample student t-tests showed strong evidence that on average participants were more 
accurate responding to Color than Both: t(18) = 6.96, p < .001, d = 1.6, 95% CI [0.90 - 2.27]; 
and moderate evidence that participants were more accurate responding to Object than Both: 
t(18) = 2.49, p = .02, d = 0.57, 95% CI [0.08, 1.05]. Hence, the results support that color and 
object identity information is maintained in a shared store. 

For exploratory purposes, to analyze whether participants used similar strategies in 
one-feature conditions and two-feature condition, differences between conditions Color and 
Object; and Color and Object within condition Both were investigated. Accuracy in the Color 
condition was higher than in the Object condition, t(18) = 2.61, p = .018, d = 0.60, 95% CI 
[0.10, 1.08]. However, participants responded similarly accurate in Color and Object during 
the condition Both: t(18) = 0.96, p = .35, d = 0.22, 95% CI [-0.24, 0.67]. Therefore, only in 
one-feature condition participants found it easier to localize color changes than object identity 
changes.  
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Figure 7 

Accuracy based on condition 

  
Note. The three first bars on the left side represent accuracy for Color, Object, and Both conditions. 
Fourth and fifth bars represent accuracy for Color and Object within Both condition. The dashed line 
represents the guess level (accuracy = 0.25). The dotted line shows the level of performance expected 
in the condition Both if the stores were fully independent (accuracy = 0.653; the average of accuracy 
levels in Color and Object). Error bars represent standard error of the mean across subjects, * p < .05; 
*** p < .001. 
  
 

For the explorative purposes, reaction time was investigated for All (including Correct 
and Incorrect), only Correct, and only Incorrect responses. There were two possible 
explanations for accuracy differences between conditions. First, participants might had 
invested more memory resource for Color compared to Object and compared to Both. 
Second, they may had taken more time to respond in the Color condition compared to other 
conditions (speed-accuracy trade-off).  To rule out a speed-accuracy trade-off (which would 
confound the results), an analysis of reaction times was additionally performed (Figure 8). A 
Wilcoxon’s signed-rank test suggested that participants responded faster to Color stimuli than 
Object stimuli (Z = -2.42, p = .017). Participants were faster reacting to Color stimuli than to 
Both stimuli as well (Z = -3.09, p = .002). The rank-biserial correlation, rrb = -0.63, 95% CI [-
0.85, -0.23] and rrb = -0.83, 95% CI [-0.94, -0.58], respectively, suggests a large effect. 
Finally, there was no evidence for differences in reaction time between Object and Both: Z = 
-0.35, p = .74, rrb = -0.09, 95% CI [-0.55, 0.41]. These results indicate that the accuracy 
differences were not due to speed-accuracy trade-offs in this case: the better the accuracy in a 
condition, the shorter the reaction time, which was opposite to what would be expected from 
a speed-accuracy trade-off. 
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Figure 8  

Boxplots for reaction times in all conditions in terms of response correctness   

 
Note. Red lines with green dots represent means of reaction times in each condition.  
Reaction time (s) 

Neural data 

Based on both previous literature (Wang et al., 2019) and using the visual inspection 
of the grand averaged waves, we extracted the CDA amplitude (the ERP component) 
associated with the manipulation and maintenance of visual information in VWM. Figure 9 
shows the ERP waveforms for the three experimental conditions (Color, Object, Both). For 
this study, the CDA amplitude was analyzed as the mean amplitude during the last part of the 
fourth delay period (3600-4000 ms) (Figure 9, shaded in gray).  

 
Figure 9 

Grand averaged waves from all participants 

 

Note. Grand average contralateral-minus-ipsilateral waveforms at the parietal-occipital electrodes 
(P3/P4, P7/P8, PO3/PO4, PO7/PO8, O1/O2) for conditions: Color, Object, and Both. Colorfully 
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marked 1st, 2nd, 3rd, and 4th memory arrays, the CDA component (which is associated with VWM 
activity) in the ERP waveforms. The CDA amplitude was measured as the mean amplitude during the 
last part of the fourth delay period (3600-4000 ms) (shaded in gray). Positive is plotted up. The top 
row schematically shows the presentation of arrays of the color trial from the Figure 4. 
 

If CDA amplitude represents how VWM allocates its resources, then the separate-
store theory predicts that the CDA amplitude will differ between conditions Color and Both, 
and Object and Both. On the other hand, the shared-store theory predicts that the CDA 
amplitude will not differ for three conditions. Neural data results showed strong evidence that 
the CDA amplitude was larger for the condition Both compared to Object: t(18) = 21.36, p < 
.001, d = 4.90, 95% CI [3.25, 6.54]; and Color and Object: t(18) = -14.12, p < .001, d = -3.24, 
95% CI [-4.37, -2.09]. However, there was little or no evidence for differences in the CDA 
comparing Color and Both: t(18) = 1.69, p = .11, d = 0.39, 95% CI [-0.09, 0.85]. Figure 10 
shows the differences in the CDA amplitude for the three conditions. This suggests that the 
CDA amplitude did not provide with the clear answer, whether color and object information 
is kept in the same or separate stores.   

 
 

Figure 10 

Bar chart representing the CDA amplitudes for different conditions 

Note. Bar chart of CDA amplitudes in conditions: Color, Object and Both. For each condition, 
the CDA amplitude was measured as the mean amplitude during the last part of the fourth delay 
period (3600-4000 ms). Error bars reflect the standard error of the mean across subjects, *** p < .001. 

 

Discussion 

This study aimed to investigate how VWM allocates its resources using real-world 
objects. Two contrasted theories – shared versus independent stores – make distinct 
predictions about accuracy (behavioral data) and the CDA amplitude (neural data) in the 
condition Both compared to the other conditions (Color and Object). Thus, the main research 
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question was to analyze whether VWM uses the same stores to maintain low-level and high-
level features or whether information about these different-level features is stored in 
separated storages. Two main hypotheses were tested to address this question. Firstly, if color 
and object identity information are stored in entirely separate stores, accuracy in condition 
Both is predicted to be the average of the accuracy levels in the Color and Object conditions 
(because half of the trials in condition Both were color change trials and half of them were 
object identity change trials). The shared-store theory, on the other hand, predicts that 
accuracy in the Both condition is lower than in Color as well as in Object condition. This 
hypothesis was tested by analyzing behavioral data. Secondly, if the information for low- and 
high-level information is stored in the same storage, that might also be reflected in the neural 
data. Specifically, if the CDA amplitude is a measure of the amount of information 
maintained in memory – as is often claimed in the literature – then we would expect to find 
the amplitude in Both to be the same to the amplitude in Color and Object. If, on the other 
hand, there are separate stores, we would expect the CDA amplitude to be higher in condition 
Both compared to Color and Object respectively. 

Behavioral data 
Based on previous assumptions, our main interest in the behavioral data was to 

compare accuracy between conditions Color and Both; and between conditions Object and 
Both (Figure 7). We found strong evidence that participants were more accurate in the Color 
condition compared to Both condition, and moderate evidence that they were more accurate 
in the Object condition compared to Both condition. Thus, based on our hypotheses, these 
results might suggest that VWM uses a shared store for low- and high-level stimuli, possibly 
indicating a cost of encoding conjunctions.  

Our behavioral results showed that even though we kept the same number of stimuli 
per trial in each condition (four items), accuracy in localizing the change depended on (1) 
stimulus type (low-level or high-level) and (2) number of features (one or two). (1) Our 
results showed that participants responded more accurately to low-level stimuli, requiring 
memorizing color, than high-level stimuli, requiring memorizing object identity. (2) 
Participants were more accurate in responding to conditions Color and Object, requiring 
memorizing only one feature per stimulus, than condition Both, requiring participants to 
memorize two features per stimulus. Thus, this finding could not be supported by classical 
slot models (e.g., Luck & Vogel, 1997), claiming that accuracy depends only on a number of 
stimuli but not on their features. Since slot models could hardly support our findings, we 
could reject the assumption that information about two-feature stimuli used in our study 
(color and object identity) was bounded together. Instead, our results suggest that they were 
stored as separate features, but in a shared store.   

Moreover, our results showed little or no evidence for differences between accuracy 
responding to low- and high-level information within condition Both. Following that, we 
could assume that low- and high-level information was similarly important (meaningful). 
However, further studies should be done to answer this question more conclusively since 
condition Both (two-feature) consisted of color and object identity trials (meaning twice 
fewer trials per condition compared to one-feature conditions). 

It is interesting to compare our results with the study by Shin & Ma (2019), who used 
a change localization task to investigate resource allocation for color and orientation 
conjunctions. They showed that information about these features is stored in separate stores. 
Thus, we could speculate that our study could extend knowledge of current flexible resource 
allocation models. Various low-level information is stored in separate stores, while 
information from different levels is stored in a shared store. It could be assumed that storing 
low- and high-level information in a shared store is more efficient (VWM codes some of the 
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information in the same store, thus, it is easier to access in specific circumstances). At the 
same time, it is more efficient to allocate various low-level information into separate stores 
(thus, low-level information is stored with better precision). Nevertheless, our study is 
consistent with research supporting the domain-general resource model (Morey et al., 2011; 
Bays et al., 2011). In their study, Morey et al. (2011) showed that information from different 
dimensions: visual and auditory working memory are stored in the same domain-general 
resource, but the information is flexibly allocated. However, further studies should analyze 
whether mechanisms are similar for single dimension and cross-dimension working 
memories. 

Besides the main interests in this study, we analyzed accuracy between conditions 
Color and Object from two perspectives. (1) why participants were more accurate in 
condition Color than Object; and (2) why participants were less accurate in condition Object 
compared to Color regardless of the use of real-world objects as meaningful stimuli presented 
sequentially. These analyses were important to perform in order to compare our data with 
previous studies, analyzing VWM capacity. Continuing with accuracy increment in condition 
Color compared to Object, one explanation for this finding could be that Color differences 
were more salient than Object differences in our experiment. Ma et al. (2014) noted that 
increment of salience in visual stimuli is associated with improved precision at the cost of 
poorer VWM capacity for other stimuli. As noted in the previous discussion part, accuracy 
for Color and Object was the same on the average during the condition Both. Thus, based on 
behavioral data results, the salience effect might have appeared only in the Color condition 
but not during Color trials within condition Both. One of the main factors that could explain 
why the accuracy trend in Color condition (one-feature task) did not appear in Color in Both 
condition (two-feature task) is verbalization (Brown & Wesley, 2013). In one-feature Color 
condition, participants could use mental verbalization by giving separate names for colors. 
Verbalization was harder to do in condition Object because participants had to notify a 
change in object identity within the same object category (e.g., from one type of mug to 
another type of mug). Thus, the mental verbalization effect could explain why participants' 
accuracy did not differ for Color and Object trials in condition Both. However, some studies 
(Sense et al., 2017) showed that verbalization does not improve performance. Thus, besides 
the factors and conditions discussed above, there might be more additional factors 
responsible for this finding: it might be that participants used some other strategies. 
 Moreover, increased accuracy in Color could also be explained by differences in 
resolution representation required to detect the change (Awh et al., 2007). People could 
maintain more information about changes in only one-feature Color condition because it 
required low-resolution representation, allowing them to detect changes with better precision. 
At the same time, changes in the Object condition require a high-resolution representation; 
changes in object identity are composed of multiple features. Thus, object identity changes 
could have been detected with lower accuracy.  

To rule out that the accuracy differences were due to a speed-accuracy trade-off, we 
also analyzed reaction time differences between the three conditions (Figure 8). We found 
that participants responded faster during the Color condition than in Object and Both 
conditions in Correct trials as well as in All trials. Thus, participants were more accurate in 
the Color condition, not because they spent more time responding, but because they encoded 
faster or needed less time to encode low-level features. It could be explained that low-level 
information needs less time to memorize. 

Finally, this last interest in behavioral data was to analyze why participants were less 
accurate in condition Object compared to Color regardless of the use of real-world objects 
(meaningful stimuli) presented sequentially. Brady and Störmer (2021) showed that 
sequential presentation increased accuracy for real-world objects compared to simple ones 



 

 

18 

(colors). However, our data showed that sequential presentation did not improve accuracy for 
Object condition. Besides different stimuli presentations, Brady and Störmer (2021) 
manipulated exposure time, concluding that prolonged exposure time impacted accuracy. We 
used 350 ms exposure time (memory array for each stimulus), while Brady and Störmer 
(2021) used 1200 ms. Thus, prolonged encoding time could have increased accuracy in 
condition Object. However, in their study, they did not record neural data, which requires 
participants to keep fixation during all memory arrays; otherwise, many trials might be 
rejected due to artifacts.  

Thus, this inconsistency could also be explained because we used within-category 
objects (requiring participants to notify the change in object identity), which could be 
interpreted as slighter change compared to the changes in between-category objects used in 
Brady and Störmer (2021) study. Ma et al. (2014) speculated similarly in their review paper: 
accuracy for stimuli within-category is lower than for stimuli between categories due to the 
signal-to-noise, depending on the perceptual space (Ma et al., 2014). Also, Brady and 
Störmer (2021) emphasized that people can remember more information about high-level 
stimuli, such as objects, than low-level stimuli, such as colors because real-world objects are 
more meaningful. Since we used real-world objects (instead of simple figures) for Color 
condition, then color trials might look more meaningful than in the study by Brady and 
Störmer (2021). Based on previous assumptions, people could be more accurate in localizing 
colors than object identity when differences between stimuli decrease; low-level information 
could become more meaningful in certain situations. For example, when a person bikes, 
he/she naturally can notice that one tree has darker green leaves than the other. However, it 
would take more effort (and time) to identify the type of tree (with similar green colored 
leaves). Thus, exposure time, type of stimuli, and magnitude of change between the stimuli 
could be the main reasons inducing these differences. 

  

Neural data 
Our primary interest in neural data was to investigate whether the CDA amplitude 

could track how VWM allocates its resources. As it was already noted before, we 
hypothesized that if the CDA amplitude is a measure of information kept in a shared store, 
then the amplitude for all three conditions would be the same on average. However, if VWM 
uses different stores, then the CDA amplitude might increase for stimuli in condition Both.  

The results showed that the CDA amplitude was larger for Color and Both conditions 
in the explored CDA window. Our results in neural data tentatively neither fully support 
behavioral assumptions of single-shared storage nor show that Color and Object storages are 
independent. So, what does the CDA amplitude measure? Thus, similarly as in behavioral 
data discussion, the following part will shortly overview results from our neural data 
regarding two major theories: a slot model and the flexible resource allocation model and 
tentative explanations. 

The neural data results (Figure 10) showed no evidence for a difference between the 
amplitudes for Both and Color; however, they differed compared to the condition Object. The 
increased CDA amplitude for Both and Color could be supported by the classical slot-model 
(Luria & Vogel, 2011), explaining that VWM maintained the same amount of information 
(four stimuli). Based on the slot models the CDA amplitude corresponds to the number of 
stimuli, but there was no evidence for difference comparing stimuli with one feature or 
stimuli with two features (Luria & Vogel, 2011). However, according to this model, the 
amplitude for condition Object should not differ from Color and Both. Thus, the classical slot 
models could not easily explain this inconsistency in our data. Nevertheless, it could find the 
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support from the flexible resource allocation models. In this situation, they would try to 
explain why memory resources are allocated differently for three conditions.    

Thus, continuing with the flexible resource allocation theory, it would be easiest to 
explain the increment of the CDA amplitude in condition Both due to two reasons: 1) the 
largest amount of information required to maintain (four colors and four object identities), 
which was supported by previous studies (Salahub et al., 2019); and 2) increased difficulty in 
the task, which was also supported by previous studies (Luria et al., 2010). However, the 
same speculations could not be applied for the condition Color. Looking from the same 
perspective, in the condition Color: 1) each trial consisted of four features; 2) the task was 
easier because participants were required to attend to only one feature. The increment in the 
amplitude in the condition Color could be explained because of the highest accuracy of the 
recall, which was also supported by previous investigations (Machizawa et al., 2012). Thus, 
the CDA amplitude in Color condition might have increased due to more information (more 
stimuli) maintained in participants’ VWM. 

As it was noted before, the slot model could hardly explain why the CDA amplitude 
for condition Object differed compared to other conditions. However, based on the flexible 
resource allocation model, inconsistency could find its interpretation. Since we used real-
world objects as meaningful stimuli in our experiment, we could expect the amplitude for 
Object to be larger compared to Color, as was presented by previous studies (Brady et al., 
2016). Brady et al. (2016) showed that accuracy and the CDA amplitude increases in 
condition Object because of the usage of real-world objects as stimuli and prolonged 
encoding time; however, we got the opposite result: accuracy and the CDA amplitude was 
smaller for condition Object in our experiment. As it was already discussed in behavioral 
data, color can also possess meaning in certain situations. Also, there could be other factors, 
for example, exposure time and magnitude of change between stimuli. 

Similarly, as in our behavioral data, one of the factors could be due to difference in 
exposure times. Brady et al. (2016) claimed that prolonged exposure time was one of the 
reasons why participants could have remembered real-world objects better compared to 
simple stimuli. However, Quirk et al. (2020) tried to replicate Brady et al. (2016) study, but 
they showed that increased encoding time increased the CDA amplitude for both types of 
stimuli: simple and real-world objects. In our experimental procedure, we used 350 ms for 
each memory array. It might be that exposure times in our experiment were too short to 
remember object identity; thus, participants remembered fewer stimuli. The other factor – 
was the magnitude of change between stimuli, which was different in our study compared to 
Brady et al. (2016) study. Brady et al. (2016) used between-object stimuli (e. g., a donut, a 
butterfly, an apple, a sitting bag). However, in our study, we used within-category objects, 
requiring participants to memorize object identities (e.g., four stimuli of different tree leaves), 
where the magnitude of change between stimuli could be smaller compared to the ones which 
were used in Brady et al. (2016) study. Additionally, the use of between-object stimuli could 
have increased the verbalization factor, which we noticed in behavioral data in condition 
Color, requiring participants to memorize only low-level features (colors). Thus, we 
hypothesize that prolonged encoding time and the larger differences between stimuli 
(magnitude of change) could be the main reasons for this inconsistency. However, since the 
CDA amplitude is sensitive to various factors, other unobserved confounders could have 
interfered with our data. 

Thus, based on these assumptions, the CDA amplitude is sensitive to various factors, 
which have to be taken into account. It could be that the CDA amplitude tracks resource 
allocation; however, it does not depend only on the amount of information, as we expected. 
On the other hand, there is the possibility that the CDA amplitude does not track how 
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resources are allocated. The CDA amplitude is sensitive to various features; thus, more 
studies should be performed to answer this question fully. 

 

Limitations and Future Directions 
  

One of the main limitations of the present study is that the neural data did not provide 
a clear answer to the research question. This could be due to a lack of power (too small 
sample size), so it would be useful for future studies to increase the number of participants 
and the number of trials collected per participant. Alternatively, it could be that the CDA is 
not a clear-cut measure of memory capacity, as is sometimes claimed in the literature. 
Besides the features we investigated, the CDA amplitude is sensitive to various other factors, 
such as, chosen windows, electrodes and different methods applied in studies. It would also 
be helpful to explore alternative neural measures when studying resource allocation in VWM. 
One interesting candidate is to look at ‘gamma bursts’ (Lundqvist, 2016), which are also 
thought to reflect the amount of utilized memory resources. 

Another limitation is that we failed to replicate increased accuracy in condition Object 
compared to Color using real-world stimuli, which could be expected with regards to Brady 
and Störmer (2021) study. One of the reasons could be because exposure times were too short 
for coding real-world objects. Thus, it would be suggested, to prolong exposure time (or 
manipulate) in future experiments using real-world stimuli. The other reason could be that by 
using colored objects, we increased meaningfulness in low-level condition. However, it is 
just speculation, and more studies with various conditions should be done to support this 
statement fully. 

Moreover, in the current study we did not analyze the exact magnitude of change 
between stimuli in each condition. In their review paper, Ma et al. (2014) emphasized that in 
the tasks with simple stimuli, accuracy of performance increases with the magnitude of 
change. It would be valuable to analyze whether accuracy follows the same pattern with real-
world objects. However, in order to measure magnitude of change for real-world objects, it 
would require additional experimental sessions with more participants. The procedure could 
be that participants are presented with a pair of objects (either same, or different). If many 
participants identify same object pairs with 90 % accuracy, thus those pairs could be 
identified as similar, associated with easier condition. Additionally, we did not minimize 
verbalization factor in condition Color, which could have skewed accuracy in condition 
Color. Previous studies (e.g., Brady et al., 2016; Brady & Störmer, 2021) used verbal 
encoding or rehearsal strategies. However, Brady and Störmer (2021) speculated that these 
strategies do not entirely control verbalization. Besides that, tasks for verbalization 
minimalization could also add noise to EEG data. Thus, future studies should investigate the 
magnitude of change between stimuli and implement new methods to minimize the 
verbalization factor.  
 One more limitation is due to the nature of the resource allocation model design. A 
change-localization task includes participants’ decision choice; however, participants could 
have responded because they really remembered the stimulus itself or just because of 
guessing. In our study we set a guess level as 0.25, and we noticed, that accuracy of each 
participant was above this guess level (0.25). However, we do not know, what were the 
reasons for their decisions. Thus, it would be recommended to use some advanced tools 
allowing to differentiate the choices. Shin and Ma (2019) used quantitative process models to 
separate encoding from decision making. 

Lastly, in this study, we used accuracy as the main measure in our behavioral data 
analysis and analyzed how it changes between different conditions. And for that reason, we 
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analyzed only differences between group means. Therefore, we did not investigate other 
factors which could act as unobserved confounders in existing resource allocation models. 
One of the examples of such factors could be individual differences. Previous studies have 
already noted that the CDA amplitude correlates with individual capacities (Luria et al., 
2016). Thus, it would be efficient to analyze data individually. 

Conclusion 

Evidence from the behavioral data suggested that information about low-level objects 
(colors) and high-level objects (object identity) might be allocated in a shared store. Accuracy 
for stimuli with two features decreased compared to conditions where stimuli maintain only 
one feature. This means that in that condition, information competed for the same memory 
resources. However, neural data neither supported this assumption nor showed that stores are 
independent. Further studies should be implemented to fully answer whether the CDA could 
track how memory resources are allocated.   
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