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We mentally represent all kinds of objects across a variety of tasks and source 

modalities (i.e., mental objects). One intriguing theory is that in our moment-to-

moment processing in working memory, objects are represented by content-free, 

reassignable pointers (or indexicals). Do all mental objects share the same set of 

pointers in working memory? If not, where should we draw the lines between 

different kinds of pointers? This dissertation’s goal is two-fold. One goal is 

theoretical: I propose a novel research program precisely centering around the above 

questions – aiming at unraveling the neural taxonomy of mental objects, by testing 

the extent to which the neural markers for pointers generalize across different 

paradigms, task goals, source modalities, and beyond. I review this research program 

in Chapter 1. The other goal is empirical: I aim to provide a set of initial results 

within this research program. These investigations make up Chapters 2 to 6, where I 



  

offer initial evidence suggesting a shared set of pointers regardless of input modalities 

(vision and language), and a shared set of pointers representing both objects and 

relations between them. I also offer novel MEG markers for pointers in visual 

working memory tasks that would facilitate future research on this topic: a right 

posterior sensor-level response that gets reflected in responses in inferior parietal 

regions. The last but one chapter (Chapter 7) marks methodological development 

important for this endeavor in a new variety of MEG (OPM-MEG), laying the 

foundation for future discoveries of relevant neural markers and better 

characterization of existing neural markers with this novel technology. Chapter 8 

concludes, summarizing this dissertation and proposing future steps of research. 
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1. Chapter 11 

1.1. Introduction 
 

In our moment-to-moment cognitive processing, we often need to keep one or more “objects” in 

mind (i.e., mental objects)2. These mental objects can be derived from a variety of tasks and 

source modalities, ranging across direct visual-pictorial input, speech or sign languages 

(Brodbeck et al., 2016), long-term memory (Fukuda & Woodman, 2017), and even spontaneous 

thought. For example, the representation of a cat could be set up in the mind based on actually 

seeing a cat, or being told about a cat via spoken or sign languages, or self-generated based on 

one’s memory about a specific cat which is not relevant to any perceptual trace in recent history. 

Do we rely on a shared neural mechanism/resource to represent all kinds of mental objects in 

working memory, or are some mental objects represented qualitatively differently from other 

ones depending on e.g., task or source modality? 

 This question remains largely unexplored, although having been asked in the more 

theoretical side of the cognitive science literature (Brody, 2020; Brody & Csibra, 2025; Murez et 

al., 2020; Yu & Lau, 2023). Encouragingly, in recent years, one type of mental object has been 

extensively studied empirically, namely, when these objects are derived from direct visual input 

in recent history (i.e., with in the same trial or experimental session). For example, in a trial of a 

 
1 This chapter contains content published as Yu, X. (2025). Mapping the Neural Taxonomy of 
Mental Objects in Moment-to-moment Cognition. Journal of Cognitive Neuroscience. 
2 Clearly, “mental objects” is only one of the many formats in all mental representations. For 
example, when we want to integrate a number of path vectors that we have walked across so that 
we can go back to our starting point in the shortest path, each of the path vectors should be 
represented in some format in the mind so that we can add them up (Gallistel & Cramer, 1996), 
but this format is unlikely to be the same as the data structure for objects. 
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typical visual working memory (VWM) study, participants first see a memorandum consisting of 

one or more objects. After a short delay, they need to respond to a probe. In order to respond to 

whether the probe matches with the memorandum, one needs to hold the memorandum objects in 

mind across the delay. In this case, mental objects are derived from a direct visual source in 

recent history, different from e.g., deriving mental objects through hearing speech, or from long-

term memory. A large body of work has argued that an object is mentally represented by a 

content-free pointer (or indexical, or token) acting as a mental stand-in for this object (Awh & 

Vogel, 2025; Balaban et al., 2019; Ngiam, 2024; Swan & Wyble, 2014; Thyer et al., 2022; Wei 

et al., 2024; Yu & Lau, 2023). Critically, pointers are represented separately from features in 

neural terms, so that the pointers are content-free (Awh & Vogel, 2025; Thyer et al., 2022; Y. Xu 

& Chun, 2006; Yu & Lau, 2025). Moreover, recent neuroimaging work in this field has offered 

us a promising set of neural markers indexing the number of pointers in the context of 

representations derived from direct vision (see Section “Candidate neural signatures for 

pointers in moment-to-moment visual cognition”). By combining the construct of “pointers” 

and these neural markers, the field of cognitive (neuro)science is now in the unprecedented 

position of being able to provide answers to a concrete version of the question raised in the first 

paragraph: Do we use the same set of pointers to represent mental objects for different 

paradigms, task goals, and source modalities? If not, where shall we draw the lines between 

different natural kinds of “mental objects”? In other words, what is the neural taxonomy of 

mental objects in moment-to-moment cognition? 

 In the following text, we will summarize candidate neural markers for pointers in the 

field of vision science, and propose a novel research program aimed at charting the taxonomic 
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boundaries between different kinds of mental objects, by testing how the neural markers 

generalize across paradigms, task goals and source modalities, etc.  

 

1.2.  Mental objects: delineating the research space 
 

 Concepts in cognitive science often (inevitably) start from some kind of shared intuition, 

which will and should be further refined by experimental forces. What do our intuitions suggest 

about what phenomena fall within the category of “mental objects” in working memory? If we 

think about it (and look at prior research), mental objects may need to be represented in working 

memory in a variety of tasks over a variety of modalities ranging from vision, audition to 

language (and more). Alongside, pointer-like representations have been proposed across many 

tasks and modalities under the name of e.g., pointers, tokens, variables or indexicals. 

 For example, in a multiple object tracking (MOT) task where multiple circles move 

randomly on the screen, participants need to respond to which of the circles are the ones that 

were highlighted before they moved. Interestingly, we are able to reliably track ~ 4 of these 

circles despite the fact that their locations are ever-changing (Storm & Pylyshyn, 1988), even 

against mild featural changes (K. Zhou et al., 2010) and temporary visual occlusion (Scholl & 

Pylyshyn, 1999). To account for such a feat, prior work has proposed that each object is tracked 

by a content-free pointer (Balaban et al., 2019; Pylyshyn, 2001; Scholl, 2009). Visual working 

memory (VWM) has also been argued to be supported by content-free tokens (Ngiam, 2024; 

Swan & Wyble, 2014) or pointers (Awh & Vogel, 2025; Hakim et al., 2019; Thyer et al., 2022; 

Yu & Lau, 2025). In the case of speech, auditory words or phonemes have been considered as 

(auditory) objects (Griffiths & Warren, 2004). Similarly, visual words have been thought of as 
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(visual) objects (Sigurdardottir et al., 2021). Here, “auditory” and “visual” are in parentheses 

because they may (or may not) rely on a shared set of pointers, and unraveling this kind of 

question is precisely the goal of our current research program. When we are comprehending a 

linguistic discourse involving two (or more) main characters e.g., a redheaded boy and an aquatic 

panda (which as the story develops turns into a flying chihuahua), we also need to track the two 

characters with separate indexicals in the semantic-conceptual space, which are also 

hypothesized to be content-free (Brody, 2020; Heim, 1982; Kamp, 1981; Yu & Lau, 2023). 

Pointers have also been proposed to be involved in reasoning for visual scenes for instance via 

intuitive physics (Balaban et al., 2024), as well as in the action programs following these 

reasoning processes for interacting with the world (Ballard et al., 1997). Variables have also 

been proposed to underlie more complex reasoning and inferences beyond the visual system 

(Halford et al., 2007).  

 What is unknown is whether the same set of pointers is shared across these various tasks 

(including paradigms and task goals) and modalities, and if not, across which tasks and 

modalities they are shared (and across which they are not). Luckily, there are potential neural 

markers that we can utilize to answer this question. Before introducing these neural markers, 

let’s first outline the core criteria for these neural markers, per theory. 

 

1.3.  Criteria for the neural signatures for pointers in moment-to-moment 
cognition 

 

 What are the properties that pointers theoretically need to assume? One way to think 

about these pointers is that they are in fact the “variables” proposed in previous cognitive 

theories arguing that cognition can be understood as a logic-like or computer-program-like 
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symbolic system. Namely, these theories include the Language of Thought (LoT) theory (Fodor, 

1975; Kazanina & Poeppel, 2023; Lobina & García-Albea, 2017; Mandelbaum et al., 2022; 

Quilty-Dunn et al., 2023; Wellwood & Hunter, 2023) and the mental programming theory (Tian 

et al., 2024; Zylberberg et al., 2011). In many logic systems (e.g., predicate logic, first-order 

logic), there are variables as opposed to predicates, e.g., RED(x) is a formalization of a red 

object, where x is a variable, and RED is a predicate. “Predicate” roughly corresponds to the 

construct of “feature” in e.g., vision science3. In many high-level programming languages (e.g., 

Python, C++), variables like x or y can be assigned values and enter computations. Of note, (at 

least some) logic systems have been found to be isomorphic to (at least some) computer 

programming languages (Howard, 1980), therefore LoT and mental programming can be seen as 

belonging to the same family of theories. What is common for the variables in these theories is 

that they are content-free and reassignable. Therefore, if we are to understand pointers 

following these proposals, pointers are content-free and reassignable per theory. 

 Being content-free (i.e., being independent from predicates) enables a pointer to bind 

novel feature combinations to it (where these feature combinations are not already stored in long-

term memory), and being reassignable enables a pointer to be updated (Drew et al., 2013; B. 

Park et al., 2020) or reused (Balaban et al., 2018; Balaban & Luria, 2017; Kazanina & Poeppel, 

2023). For example, if you assign the value 5 to a variable x in a computer program, the variable 

x per se doesn’t become 5; rather, it just points to the memory address where the value 5 is 

represented. In subsequent operations, the variable x can be updated (when e.g., incrementally 

 
3 Note that the features may include relatively categorical features (e.g., being a cat), or relatively 
continuous features (e.g., represented by a “coordinate” in a continuous color space), or even 
iconic (“image-like”) representations (Block, 2023; Quilty-Dunn, 2020). Pointers may point to 
all these kinds of features. 
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calculating the sum of 5+3+6+8…, where the current sum is incrementally assigned to x) or even 

reused for other purposes (e.g., x could be assigned a string instead of an integer in a later part of 

this program for other purposes). From an engineering perspective, content-independence and 

reassignability are important for solving many problems efficiently. If a system does not have 

content-independent variables, it would have trouble in e.g., representing multiple 5s 

simultaneously in an arithmetic task. In other words, although this system may represent types 

(“5ness”), it is hard for it to represent multiple tokens of the same type (i.e., multiple instances of 

5) and compute with these tokens (e.g., when calculating 5+5). If a system does not have 

updatable memory registers, incrementally calculating the sum of 5+3+6+8 would require 4 

memory registers to store 5, the sum of 5+3, the sum of 5+3+6 and the sum of 5+3+6+8 

separately, in contrast to updating the same variable with different values. Holding the 

intermediate sums is not always useful and is more storage-consuming (and likely more energy-

consuming) than when not. If a system does not have reusable memory registers, the storage 

space taken up by memory registers that are not useful anymore would not be able to be released. 

 

1.4.  Candidate neural signatures for pointers in moment-to-moment visual 
cognition 

 

The neural signature(s) for pointers, accordingly, need to be content-free and reflect 

reassignability (see below). In this section we first outline examples where each of the two 

properties is met in order to illustrate what we mean by these properties, and then survey 

potential neural signatures that could meet these properties based on the existing literature. 

Current neural evidence mainly come from the field of vision science, especially studies with the 

delay-match-to-sample paradigm (to study VWM) and the MOT task, while the domain of our 
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research program extends beyond one specific research field and specific paradigms. By 

examining whether a certain neural marker generalizes across paradigms, task goals and source 

modalities (and beyond), we would be able to carve out the neural taxonomy of mental objects 

(see Section “How to test if the same set of pointers is shared across scenarios?”).  

 The neural signatures for pointers should be content-free. Pointers are hypothesized to 

be independent from predicates, i.e., content-free (Awh & Vogel, 2025; Thyer et al., 2022; Y. Xu 

& Chun, 2006; Yu & Lau, 2023). Thus the neural signature should only be sensitive to the 

number of objects represented, but not the type or the number of features bound to each object. 

This can be achieved by examining e.g., whether a classifier on neural responses trained to tell 

apart the number of colored squares could also tell apart the number of oriented bars (Thyer et 

al., 2022), or whether a univariate neural pattern is only modulated by the number of objects but 

not the number or type of features represented (Naughtin et al., 2016; K. E. Wilson et al., 2012; 

Y. Xu & Chun, 2006; Yu & Lau, 2025). For example, with EEG, Thyer and colleagues (2022) 

trained and cross-tested multivariate classifiers across three conditions: memorizing colors, 

memorizing bar orientations, and memorizing both. Above-chance decoding ability across the 

VWM delay period suggested that this neural signature, mvLoad (see  

Table 1.1), is only sensitive to the number of objects represented, but not the type or the number 

of features bound to each object: that is, mvLoad is content-free. Moreover, this neural marker 

also generalizes to visually groupable vs. ungroupable (relatively speaking) notched discs, where 

the extent of spatial attention was controlled for. 

 The neural signatures for pointers should reflect reassignability. If pointers are 

reassignable, i.e., “recyclable”, the neural representation for the same pointer would be able to 

represent object A at time 1, but object B at another time 2 (where object A ≠ object B; time 1 ≠ 
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time 2). Behavioral evidence suggests that more abrupt featural changes in an object is more 

likely to trigger the representation of new objecthood after change, compared to less abrupt 

featural changes (Bonatti et al., 2002; Kibbe & Leslie, 2019; K. Zhou et al., 2010). The EEG 

marker of CDA (contralateral delay activity), modulated by both the number of pointers and 

predicates (K. E. Wilson et al., 2012), temporarily drops upon an abrupt featural change of an 

object (compared to virtually little drop for less abrupt changes) yet quickly recovers back to a 

similar amplitude for less abrupt changes (B. Park et al., 2020). This suggests first discharging 

(or more technically, dereferencing) a pointer x1 (standing in for the object prior the change) 

upon featural change, and subsequently employing a pointer x2 to represent the object after 

change. The fact that similar neural responses hold prior to the change and after recovery 

suggests that pointer x1 is pointer x2, i.e., that the same pointer was “reset” (Balaban et al., 2018, 

2023; Balaban & Luria, 2017) or “remapped” (Kazanina & Poeppel, 2023; van Bree, 2024) or 

reassigned across the featural change. This reassignment process accompanied a subjective 

objecthood change yet the objects before and after are neurally represented with the same 

pointer. Indeed, methods with higher spatial-temporal resolution (e.g., MEG, intracranial 

recordings) are needed to ensure that pointer x1 and pointer x2 elicit the same neural responses, 

given EEG’s limited spatial resolution; in this case we would have better evidence that a certain 

cohort of neurons is truly reassignable, beyond that a certain neural signature reflects 

reassignability (as for the current CDA example), which is a weaker requirement. Besides, in 

this particular study it was unclear whether the CDA dynamics could be accounted for by the 

dynamics of predicate representation (instead of pointer representation), which remains to be 

clarified in future studies.   
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 Existing research has revealed neural signatures that met one of the two criteria for 

pointers, mostly, if not all, in vision science. It has been clear that for some signatures, both 

criteria are not met, yet for some others, it is unclear whether both criteria could be met and thus 

this invites future studies. Even if they do not meet both criteria, this does not mean that we 

cannot use them: For example, despite the fact that CDA is sensitive to both the number of 

pointers and predicates (i.e., it’s not content-free; Wilson et al., 2012), it can be used to index the 

number of pointers taxed across conditions as long as the number of predicates are well-

controlled across these conditions (Balaban & Luria, 2017). Here we survey the major relevant 

neural markers in vision science up to now in  

Table 1.1, laying ground for future examination of these neural signatures and discovery of novel 

neural signatures. This survey focused on neural markers corresponding to VWM maintenance, 

and therefore is not intended as a comprehensive survey on all neural markers in moment-to-

moment processing, but rather as a starting point for the search of pointer-tracking neural signals 

that reflect content-free and reassignable representations. These neural signatures are all sensitive 

to item-based load manipulations, but differ in the known extent to which they are content-free, 

as well as the known extent to which they reflect reassignability.  

 Following this research program, we may be able to find a neural signature that meets 

both criteria. Such a neural signature would, on the one hand, contribute as evidence for the 

validity of this specific version of pointer theory (where they need to be content-free and 

reassignable, following LoT and mental programming theories), and on the other hand, be used 

to study how much the pointers are shared across different paradigms, task goals, and source 

modalities (cf. Nau et al., 2024); see Section “How to test if the same set of pointers is shared 

across scenarios?”), as well as how we use these pointers in the case of grouping or event 
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representation, and how we compute with these pointers in e.g., reasoning and inference (see 

Section “Further questions”). If such neural signatures are extremely hard to find across some 

tasks and modalities, we may conclude (with caution) that these corresponding neural system(s) 

do not operate with pointers (see e.g., logic systems without variables; Akhlaghpour, 2022; 

Piantadosi, 2021), or in fact in these cases pointers are not implemented in the format of neuronal 

firings but rather lies in latent activity-silent synaptic connectivities (Kamiński & Rutishauser, 

2020; Lewis-Peacock et al., 2012; Stokes, 2015), or even intracellularly in the format of e.g., 

RNA sequences (Akhlaghpour, 2022; Gallistel & King, 2009; Gershman, 2023). Additionally, 

neural signals for a shared set of pointers may be masked by differential interactions between 

these pointers and different types of predicates, or differential downstream processes indirectly 

related to these pointers. This highlights the necessity for complementary evidence from a 

variety of neurophysiological or neuroimaging methods, with the hope of disentangling direct 

reflections of the pointers themselves from these potentially correlated signals. 

 
Table 1.1 Candidate neural markers for pointers in the vision science literature.  
Note that this is by no means a comprehensive list (e.g., Lundqvist et al., 2023; Singer, 1993). 
Apart from the neural markers in this table that mainly reflects VWM (visual working memory) 
retention, other candidate neural markers for pointers may also exist for visual perception (or 
VWM formation) (Mazza & Caramazza, 2015; Wurm et al., 2021). ?: yet-known; ERP: event-
related potential; ERF: event-related field. 
 

Neural 
marker 
[neuroimaging 
method in 
square 
brackets] 

Brief overview Content-free? Reflect 
reassignablity? 

CDA 
(contralateral 
delay activity) 
[EEG] 

In each trial, the participants were 
first instructed to only attend and 
memorize the items on the left or 
right side of the screen, then a 
memorandum appears, with the same 
number of items on the left and right 

No? (under debate)  
 
While some studies 
suggest that CDA can be 
modulated by both the 
number of pointers and 

Yes (Balaban et 
al., 2018, 2019, 
2024; Balaban 
& Luria, 2017; 
Drew et al., 
2013) 
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sides of the screen. After a short 
delay period, they are presented with 
a probe and instructed to respond to 
whether the item(s) in the probe are 
the same as in the memorandum 
(only for the memorized side). CDA 
is calculated by subtracting 
contralateral from ipsilateral ERPs 
(contralateral/ipsilateral to the 
memorized side) of posterior-
occipital electrodes across the delay 
period (Luria et al., 2016; Perez & 
Vogel, 2012; Vogel & Machizawa, 
2004). CDA can also been calculated 
for MOT tasks with similar 
procedures (Balaban et al., 2024; 
Drew et al., 2012).   

the number of predicates 
(Poncet et al., 2016; K. 
E. Wilson et al., 2012), 
some other studies argue 
that CDA can only be 
modulated by the 
number of pointers 
(Luria & Vogel, 2011; 
Woodman & Vogel, 
2008). This tension 
remains to be fully 
resolved in future work. 

NSW 
(negative slow 
wave) [EEG] 

While the classic CDA paradigm is a 
“lateralized” paradigm, one could 
also present all to-be-memorized 
items around the center of the screen 
(i.e., a wholefield paradigm). NSW 
can be calculated in both lateralized 
and wholefield paradigms by 
averaging the ERPs of posterior-
occipital electrodes across the delay 
period (Diaz et al., 2021; Feldmann-
Wüstefeld, 2021; Fukuda et al., 2015; 
Klaver, Talsma, et al., 1999). 

? ? 

Posterior 
alpha power 
[EEG] 

Posterior alpha power can be 
calculated in both lateralized and 
wholefield paradigms by averaging 
the amplitude of alpha power in 
posterior-occipital electrodes across 
the delay period (Diaz et al., 2021; 
Fukuda et al., 2015; Fukuda & 
Woodman, 2017). 

? ? 

Alpha 
traveling 
wave power 
[EEG] 

Using the anterior-posterior locations 
on the scalp as a proxy for anterior-
posterior neural sources (note 
however, that the anteriority on the 
scalp for EEG and the actual 
anteriority of underlying neural 
resources do not always align; Lau et 
al., 2016), one could calculate the 
power of alpha traveling wave 

? ? 
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(forward or backward) across the 
delay period (Zeng et al., 2024). This 
metric has only been tested with 
lateralized presentation paradigms. 

RPA (right 
posterior 
activity) 
[MEG] 

In both lateralized and wholefield 
paradigms, RPA is the averaged ERF 
at right posterior-occipital channels 
across the delay period (Mitchell & 
Cusack, 2011; Robitaille et al., 2009, 
2010; Yu & Lau, 2025). 

Yes? [more evidence is 
needed] (Yu & Lau, 
2025) 

? 

Posterior 
parietal 
responses 
[fMRI] 

Posterior parietal responses is 
calculated by averaging BOLD 
signals in posterior parietal voxels 
across the BOLD time course 
approximately corresponding to the 
delay period (Naughtin et al., 2016; 
Y. Xu & Chun, 2006, 2007). This 
metric has only been tested with 
wholefield paradigms. 

Yes (Naughtin et al., 
2016; Y. Xu & Chun, 
2006) 

? 

mvLoad 
[EEG] 

In both lateralized and wholefield 
paradigms, a machine-learning 
multivariate classifier can be trained 
to tell the number of items for one 
condition or some trials, and one can 
test if this classifier can predict the 
number of items for another 
condition or the other trials, across 
the delay period (Adam et al., 2020; 
Jones, Diaz, et al., 2024; Jones, 
Thyer, et al., 2024; Thyer et al., 
2022).  

Yes (Jones, Diaz, et al., 
2024; Jones, Thyer, et 
al., 2024; Thyer et al., 
2022) 

? 

 

1.5.  Distinguishing pointers from arguments 
 

This section deals with a potential confusion between pointers and arguments. Readers for whom 

the distinction is already clear can skip this section. 

 In our current paper, reassignability (including the property of being able to be updated 

and reset) can be understood through the example of computer programming languages, where 

one can update a pointer (i.e., variable) x1, e.g.,  
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x1 = 1 
x1 = x1 + 4 
 

or reset its value to e.g., 5 directly, or even to a qualitatively different data type, e.g., 

 

x1 = 1 
x1 = 5 
 

or  

 

x1 = 1 
x1 = “Hello world!” 
 

Notably, these properties are distinct from the primary concerns of the classic literature on role-

filler independence (Y. Fan et al., 2021; Hafri et al., 2024; Quilty-Dunn et al., 2023). For 

example, in the role-filler independence literature, it is believed that we have some already-

existing structures, e.g., HITTING(AGENT = __, PATIENT = __), where AGENT is the role of 

the initiator of an action, while PATIENT is the role of the receiver of an action (Dowty, 1991; 

Papeo et al., 2024). Different fillers could be flexibly “plugged into” this representation, for 

example, if you plug in [JOHN, MARY], you will get the representation for JOHN HIT MARY, 

while if you plug in [SAM, LI], you will get the representation for SAM HIT LI. In these cases, 

what gets plugged into these structures (JOHN, MARY, SAM, LI) are mental objects -- what 

would be represented by pointers (O’Reilly et al., 2022; Yu & Lau, 2023). Therefore, this 

literature discusses the independence between structures with these placeholders (often referred 

to as “arguments” in the realms of syntax, semantics (Alexander Williams, 2015) and 

programming languages) and the variables/pointers that get “plugged into” these structures, 
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which seems to be different from the flexibility of predicates that can be bound to a pointer 

following our current sense of reassignability. 

 Notably, how “plugging in” neurally works remains elusive and requires further research. 

What is also of note is that predicates like COP or THIEF can also be plugged into somewhat 

similar structures even though they don’t name a specific entity. For example, in cases of general 

knowledge in semantic memory like COP ARREST THIEF, COP represents a type (i.e., 

category) instead of a specific token (i.e., instance) of COP. At the same time, one would have 

no problem representing that, in an unusual situation, a specific cop might get arrested by a 

specific thief (in this case, the specific cop and the specific thief are mental objects), and this 

would presumably minimally affect the general semantic knowledge about COP and THIEF 

types. Another issue is that the type-token distinction extends to relations like HITTING as well: 

One could represent a type HITTING or a specific HITTING token (Ji & Scholl, 2024). What is 

the cognitive/neural distinction between types and tokens? One theory proposes that tokens are 

represented by linking pointers with a type (Bowman & Wyble, 2007; Kanwisher, 1991; Yu & 

Lau, 2023), while another non-mutually-exclusive theory proposes that types and tokens are in a 

generative relation: types generate tokens (Prasada, 2016; Prasada & Hall, 2019). Many more 

theories may exist, which is a fertile ground for research. 

 Another aspect to highlight is that, although we can store a vast amount of structures and 

functions with many arguments in long-term memory (functions e.g., DIVIDE(DIVISOR = __, 

DIVIDEND = __) that turn inputs into outputs following a relatively fixed processing routine), 

the number of pointers that can be held and computed with at the moment is extremely capacity-

limited for humans. The number of pointers that can be held at the moment can be estimated by 

the number of distinct items that can be held in simple delay-match-to-sample tasks with 
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relatively meaningless items as stimuli (e.g., colored squares), where little consultation towards 

long-term structures and functions would occur. Work in this line has uncovered a surprisingly 

limited number (≤ 4) of variables that can be held at the moment for visual and auditory objects 

(Cowan, 2001): load-dependent neural responses would typically plateau beyond this limit 

(Alunni-Menichini et al., 2014; Vogel & Machizawa, 2004; Y. Xu & Chun, 2006; Yu & Lau, 

2025), which has been corroborated by behavioral evidence (Awh et al., 2007). Given that 

human long-term memory has a rather high capacity (Brady et al., 2008), this bottleneck may be 

precisely the one that “forces” our moment-by-moment processing to be (partly) serial. Since the 

capacity of holding and computing with pointers in moment-by-moment processing is limited, 

one is forced to compute some processes serially instead of at once. For example, consider a 

function that receives an input string, e.g., abc, and outputs another string deterministically in a 

different order: REORDER(ITEM1 = a, ITEM2 = b, ITEM3 = c) = bca. If a system can only 

hold at most 2 variables (i.e., pointers) at a moment, it simply cannot run this function at all 

because running this function would require one to represent three variables “at once”. This 

system can have a two-argument SWAP() function that might do some work in this line: 

SWAP(ITEM1 = a, ITEM2 = b) = ba. For simplicity’s sake, here we assume that SWAP() can 

work well with only two variables (a more complex scenario is discussed in the “Further 

questions” section). In this case, one can either “hack” the system by treating bc as a chunk and 

execute SWAP() once (which will no longer work if the segment to be chunked gets much 

longer), or one has to apply SWAP() multiple times serially to the input string abc, in order to 

get the desired output bca. Note that what may complicate the situation even more is that another 

variable may (or may not) be needed to hold the whole input string abc or the whole output 

string bca, apart from the parts a, b and c. Although our limited moment-to-moment capacity for 
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pointers appears to be sufficient for many tasks in daily life (Halford et al., 1998; so that we 

rarely realize the existence of this bottleneck), it does explain individual differences in e.g., real-

life decision making (Xie et al., 2020) or fluid intelligence (Conway et al., 2002). 

 

1.6.  How to test if the same set of pointers is shared across scenarios? 
 

Once we establish a neural signature that is content-free and reflects reassignability, we can use 

this signature as a hallmark to study whether the same set of pointers is shared across different 

cognitive-neural systems, paradigms, task goals, and source modalities (Figure 1.1). To name an 

example of this kind of research question, while some hypothesize that the same set of pointers is 

recruited for visually-derived and language-derived objects (Brodbeck et al., 2016; Yu & Lau, 

2023), others hypothesize that they recruit separate sets of pointers (Brody & Csibra, 2025; 

Murez et al., 2020). Namely, when we are comprehending linguistic discourses such as stories, 

we may need to track different numbers of discourse referents in moment-to-moment 

comprehension. For example, during comprehension of the sentence “John likes singing, and he 

also likes dancing”, we only need to track one discourse referent representing John, while for the 

sentence “John likes singing and Mary likes dancing”, we need to track both John and Mary 

(Figure 1.1B). While some hypothesize that these discourse referents are represented by the same 

set of pointers that are recruited in for example VWM tasks, others argue that these discourse 

referents recruit a separate set of pointers. 
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Figure 1.1 Illustration of the proposed research program.  
By testing how the neural markers for pointers generalize across different paradigms, task goals, 
source modalities, etc., we will be able to infer the taxonomy of different pointer systems (panel 
A). Furthermore, here we illustrate a concrete example of such approach in panel B. 
Generalizable pointer-sensitive neural markers across the two scenarios suggest a shared set of 
pointers, while a failure in generalization may suggest (with caution) separate sets of pointers. 
The latter argument could be strengthened by double dissociative evidence, where a pointer-
sensitive marker is sensitive to object-based load in Scenario A but not B, and another pointer-
sensitive marker is sensitive to object-based load in Scenario B but not A. Following this 
research program, we will be able to not only unravel how many sets of pointers there are, but 
also characterize how the recruitment of these pointer systems is shaped by external and internal 
factors. Note that here we leave open the possibility that e.g., an object in one’s visual field may 
elicit more than one pointer, belonging to different pointer systems. 
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 How to test if the same set of pointers is shared across different scenarios? For univariate 

neural signatures (e.g., CDA, NSW), we can directly examine if a certain neural signature is 

modulated in a similar way by the number of objects to be represented, across experimental 

conditions. The neural signatures examined should be content-free and reflect reassignability 

(i.e., tracking the number of pointers). The neural signatures could still be examined if they 

reflect reassignability but track both object-based and feature-based load, as long as feature-

based load (and other confounding factors, if any) is experimentally controlled for across load 

conditions. As the quality of known neural signatures remains to be fully tested ( 

Table 1.1), here we provide illustrative examples for how one can test if the same set of pointers 

is shared across different scenarios. For instance, while visually-derived object load induces a 

suppression in posterior alpha power (Chen et al., 2024; Fukuda et al., 2015), phonological unit 

load appears to induce an increase in posterior alpha power (Proskovec et al., 2019), suggesting 

that these two types of mental objects belong to different natural kinds. As another example, 

tracking more discourse referents in linguistic discourse may drive a more negative NSW 

response (Cruz Heredia et al., 2021), similar to memorizing more items in VWM tasks (Fukuda 

et al., 2015); this could suggest a shared set of pointers for visually-derived mental objects and 

discourse referents. More evidence is needed in this particular case as discourse referent load 

does not always drive consistent ERP responses in EEG (Lau, 2018). For multivariate neural 

signatures, in the case of mvLoad (see  

Table 1.1), a neural classifier of WM (working memory) load can be trained from one 

experimental condition, and we can examine if it could decode WM load for another 

experimental condition (Jones, Diaz, et al., 2024; Jones, Thyer, et al., 2024; Thyer et al., 2022). 

Representational similarity analysis (RSA) could also be applied to “regress out” the contribution 



 

 

19 
 

of predicates (Jones, Diaz, et al., 2024; Jones, Thyer, et al., 2024). For example, Jones, Thyer 

and colleagues (2024) examined the neural responses for holding colored moving dot clouds 

during VWM maintenance, manipulating object-based load and the feature to attend to (i.e., 

color or whether the motion was coherent). To parse out predicates from pointers, apart from a 

dissimilarity matrix across conditions based on object-based load (pointer-based load), they also 

created dissimilarity matrices for predicates (e.g., load similarity based on color features and 

motion coherence features respectively) as well as for other potentially confounding factors (e.g., 

pupil size). All these dissimilarity matrices were taken into account when evaluating their 

similarities with the dissimilarity matrix for time-window-by-time-window EEG data. The 

pointer-based load dissimilarity matrix remained predictive of EEG response patterns across the 

VWM delay in spite of other dissimilarity matrices, suggesting robust pointer-based neural 

responses that is indifferent to the task (here, which feature to attend to), and that this shared 

response was unlikely driven by the other confounding factors considered in the analysis as well. 

Indirect evidence for whether the same set of pointers are shared across scenarios may also be 

obtained from behavioral experiments, testing whether retaining two types of objects in WM 

interfere with each other (Fougnie & Marois, 2011; Morey & Cowan, 2004, 2005; Yu & Lau, 

2024).  

 The scenarios to be tested can span a variety of paradigms, task goals and source 

modalities, for example, tracking objecthood across saccadic eye movements (Cavanagh et al., 

2010; Zhu et al., 2020), tracking objects when they are visually available (Balaban et al., 2023), 

tracking objects when they are visually unavailable in the case of e.g., temporary occlusion 

(Balaban et al., 2024), attending to an undetermined object based on exogenous visual cues (e.g., 

pointing; Brody & Csibra, 2024; Pätzold & Liszkowski, 2019), attending to an undetermined 
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object based on exogenous linguistic cues such as English demonstratives “this” or “that”, 

holding visually-derived objects in WM that interacts little with long-term memory (Luria et al., 

2016; Vogel & Machizawa, 2004), holding visually-derived objects in WM retrieved from long-

term memory (Fukuda & Woodman, 2017), holding non-visually-derived (e.g., auditory, haptic) 

objects in WM that interacts little with long-term memory, holding non-visually-derived objects 

in WM retrieved from long-term memory, holding objects in visual imagery (Balaban & Ullman, 

2024; Hu & Yu, 2023), comprehending linguistic discourses involving individuals (Brody, 2020; 

Yu & Lau, 2023), and reasoning about multiple individuals in spontaneous thought.  

Moreover, somewhat orthogonally, it is also less clear whether the same set of pointers is 

recruited for perception and working memory stages, even within the same task environment and 

for the same modality. This question is particularly interesting given the ongoing debate on the 

extent to which perceptual and working memory representations are shared (Block, 2023; 

Fukuda et al., 2022; Teng & Kravitz, 2019). This could also be studied by examining whether the 

same univariate signals generalize across these temporal stages, and for multivariate neural 

responses, through decoding or RSA across temporal stages: e.g., training a classifier based on 

data during the perceptual phase, and test decodability on data during the working memory phase 

(Carlson et al., 2011; Teichmann et al., 2022; Y. Xu, 2021).  

 

1.7. Object representations beyond the pointer system 
 

Before proceeding with the dissertation, we should make it even more explicit that these pointers 

are unlikely the only format to represent objects in the world mentally (see also Footnote 2 in 

this chapter). When one is presented with a visual scene with multiple objects, one may be 
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representing each of the objects with a pointer, while one may also represent the entire scene in 

an iconic format (Block, 2023), or represent a certain magnitude feature (e.g., average or total 

size, location) extracted from the entire scene (Whitney & Yamanashi Leib, 2018). Object 

representations in long-term memory may have yet a different format. These other formats may 

exist simultaneously with the pointer representations, participating in different computations 

within different neuro-cognitive systems.  

 Furthermore, pointers are also unlikely the only vehicle of symbolic cognition. Cognition 

can be understood symbolically with mental variables (Quilty-Dunn et al., 2023), and pointers 

for object representation can be understood as one specific type of mental variables. Different 

types of mental variables may have slightly different properties, for example, the extent to which 

they are content-free and reassignable. 

 

1.8. Assigning features to pointers 
 

While pointers serve as binding resource for features, and provide an intuitive account for 

objecthood after moderate feature change, several relevant questions remain. For example, how 

do we know at all that the moving pixels in front of us belong to the same object, and how is the 

mapping between a certain pointer and certain features determined? In other words, how does the 

neural system “know” that a specific pointer should point to a specific array of features?  

 As the current investigation primarily focuses on the representation after these questions 

are resolved neurally (i.e., we focus on the end-result of the abovementioned computations), 
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answering these questions is beyond the scope of the dissertation4. However, these questions are 

clearly important and intriguing. One thing we can say is that the visual cues determining these 

abovementioned computations are dissociable from the pointers per se: whether or not pointers 

are recruited, how many pointers are recruited, as well as how these pointers map onto features 

are all outcomes of the abovementioned computations, thus these computations per se can be 

dissociated from pointers per se. The abovementioned computations likely rely on visual cues 

and knowledge such as spatiotemporal coherence (or other Gestalt principles) within an object 

(Spelke, 1990), as well as whether a certain feature is “essential” or incidental (Macnamara, 

1999; for example, a color change can happen within the same chameleon, while seeing an 

object of a different species clearly suggests separate objecthood). At a gross level, these 

computations require two inter-related processes: the identification of featural changes, and 

weighing these featural changes so as to modulate feature-pointer correspondence. It is also very 

likely that this process involves both relatively “lower-level” Gestalt principles and “higher-

level” rich conceptual knowledge about objects and their relations (Yu, Thakurdesai, et al., 

2025). Exactly how these processes work cognitively and neurally remains to be fully elucidated 

by future studies. 

 

1.9.  Outline of this dissertation 
 

In this dissertation, we take the initial explorative steps for this unfolding research program. As 

some prior studies suggest that even for visual inputs, biological and non-biological visual 

 
4 That said, effects in early time windows in EEG/MEG studies may reflect online processes 
relevant to these computations. 
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objects do not share the same set of pointers, in Chapter 2 we report a line of behavioral 

experiments demonstrating the opposite, and provide possible explanations to reconcile these 

divergent prior studies. The general logic for Chapters 3 and 4 is similar: testing whether two 

types of mental objects are represented by the same set of pointers by examining whether they 

modulate a shared neural marker hallmarking pointers. Chapter 3 employs the EEG marker of 

the negative slow wave (NSW) – an evoked and sustained ERP response – to study whether 

relations between objects are represented by similar pointers as objects per se. Due to the 

technical limitations of evoked sustained response in tasks with longer epochs, in Chapter 4 we 

employed the EEG marker of posterior alpha power to study whether visually-induced objects 

and linguistically-induced ones share the same set of pointers. Chapters 3 and 4 offers initial 

evidence suggesting a shared set of pointers across visually-derived objects and relations, and 

across visually-derived and linguistically-derived objects in moment-to-moment cognition. In 

Chapters 5 and 6, with a series of MEG experiments, we developed a novel neural marker 

hallmarking pointers in visual working memory tasks -- the right posterior activity (RPA). A 

mirroring effect was observed in the source space in the inferior parietal regions, suggesting that 

working memory pointers are hosted there. This neural marker can serve our research program in 

future studies. Chapter 7 marks my methodological development on OPM-MEG, an emerging 

neuroimaging technology, as an effort to expand the neuroimaging toolkit available for 

identifying and characterizing candidate neural hallmarks of mental object representation. Lastly, 

Chapter 8 offers a summary of all the above research, as well as questions for the next steps in 

future research. 
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2. Chapter 25 
 

In this chapter, we report behavioral evidence suggesting that biological and non-biological 

visual objects share the same set of pointers in working memory (short-term memory). 

 

2.1. Introduction 
 

A ball moves behind an occluder. Now a book comes out from behind the same occluder, before 

returning behind it. Finally the occluder is removed, but there is only one object there! Although 

perplexing to adults, young preverbal infants seem not be surprised by this sequence of events, as 

measured by looking time (Kibbe & Leslie, 2011; F. Xu & Carey, 1996), although they will be 

surprised if no objects are there. This is one striking example from a broad base of infant and 

adult evidence for the idea that a set of contentless visual pointers (or indexicals, indexes), 

pointing to features, supports human visual working memory (VWM) and visual object tracking 

(Baillargeon & Carey, 2012; Brody, 2020; Carey & Xu, 2001; Kahneman et al., 1992; Leslie et 

al., 1998; Pylyshyn, 1989, 2001; Quilty-Dunn et al., 2023; F. Xu, 1999; Yu & Lau, 2023). In this 

case, the now-standard interpretation of the infants’ behavior is that infants represent the ball 

moving behind the occluder with an object pointer to “ball” conceptual features, and that when 

the book emerges, they represent this as the “same” object by changing the pointed features to 

those of “book” (C. Cheng & Kibbe, 2022; Kibbe & Leslie, 2013).  

 
5 This chapter contains content published as Yu, X., & Lau, E. (2025). Same set of visual 
pointers for biological and non-biological objects in working memory. Visual Cognition. 
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The pointers are hypothesized to be content-free and reassignable (Balaban et al., 2019, 

2023; Thyer et al., 2022; Yu, 2025), i.e., that they are independent from the representation of 

features (which bind features together but do not represent features in themselves), and that they 

can be “remapped” to bind different features to the same object, or even represent different 

objects across time. Indeed, the existence of contentless visual pointers in working memory has 

also been supported by neural evidence in adults (Balaban et al., 2019; Naughtin et al., 2016; 

Thyer et al., 2022; Y. Xu, 2009; Y. Xu & Chun, 2006; Yu & Lau, 2025; for discussion see Yu & 

Lau, 2023). For example, Xu and Chun identified subregions in the posterior parietal cortex 

demonstrating load-dependent, capacity-limited responses during VWM retention with fMRI 

(functional magnetic resonance imaging); critically, this representation was agnostic to the 

number of features. This observation was subsequently corroborated by MEG 

(magnetoencephalography) evidence of a qualitatively similar response over the right posterior 

cortex (Yu & Lau, 2025). Complementary to the above univariate neural responses, recent work 

has explored multivariate responses tracking the number of VWM pointers as well (Jones, Diaz, 

et al., 2024; Jones, Thyer, et al., 2024; Thyer et al., 2022). Moreover, the number of pointers is 

limited to around 3, as suggested by numerous infant and adult studies using VWM or object 

tracking tasks (Awh et al., 2007; Cowan, 2001; Feigenson et al., 2002; Luck & Vogel, 1997, 

2013; Y. Xu & Chun, 2009). Apart from the limited capacity for pointers, the representation of 

features is also capacity-limited, as VWM is best modeled with a limited capacity for features 

and a limited set of pointers (Ngiam, 2024; Swan & Wyble, 2014; van den Berg et al., 2014; Xie 

& Zhang, 2017b)6. 

 
6 This isn’t to say that this pointer system is the only format of VWM; evidence also suggests a 
complementary system for numerosity estimation and summary statistics (Feigenson, 2011; 
Knowlton & Gomes, 2022; Kutter et al., 2023; Odic & Starr, 2018). 
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 An intuitive hypothesis would be that these ~ 3 visual pointers support the representation 

of all kinds of objects, irrespective of e.g., their animacy. Somewhat surprisingly, some recent 

studies on infants and adults seem to offer evidence against this “same set” hypothesis, 

prompting the proposal that biological objects recruit a separate set of visual pointers other than 

those for non-biological objects (the separate set hypothesis; Y. Liu et al., 2019; Murez & 

Smortchkova, 2014). Relevant infant and adult literatures are often not integrated; therefore here 

we first provide an overview of these two lines of evidence. We will show that the existing 

results can be accounted for by either hypothesis, and we then go on to introduce our current 

experiments designed to resolve the ambiguity in the adult studies. 

 Infant studies. In Xu and Carey’s (1996) experiments, infants showed insensitivity to 

changes in the object behind an occluder, just as adults asked to visually track an object in 

motion are not disrupted by some featural changes (K. Zhou et al., 2010). However, the stimuli 

used in these infant studies were mostly inanimate. Subsequent studies observed that infants in a 

similar age range (or earlier) were surprised when the feature change is between biological and 

non-biological objects (Bonatti et al., 2002; Decarli et al., 2020; Kibbe & Leslie, 2019; Surian & 

Caldi, 2010). For example, Kibbe and Leslie observed a longer looking time when an inanimate 

ball changed into a doll head (or vice versa), compared to when the feature change did not 

change animacy status. This type of observation led Murez and Smortchkova (2014) to propose 

that biological objects recruit a separate set of object pointers (i.e., object files) from non-

biological objects.  

 However, such evidence is not necessarily inconsistent with the same set hypothesis; one 

can simply assume that some kinds of object changes prompt a “reset” of visual pointers while 

others do not, and that these pointer resetting parameters are subject to change across the course 



 

 

27 
 

of development. For example, in adult multiple object tracking studies, it has been found that 

some feature changes do not affect behavioral accuracy (suggesting the same pointer represents 

the object before and after the feature change), while other feature changes do hurt accuracy 

(Lyu et al., 2015; Zhao et al., 2020; K. Zhou et al., 2010). The process of pointer resetting is 

associated with a disruption in CDA (contralateral delay activity) in EEG 

(electroencephalography) which tracks the number of visual pointers in VWM (Balaban et al., 

2023, 2024). In sum, infant evidence, although previously argued to support the separate set 

hypothesis, is in fact equally consistent with the same set hypothesis. 

 Adult studies. A different way to evaluate these hypotheses in adults is to examine 

whether the working memory capacity for non-biological objects is shared with the capacity for 

biological objects, as predicted by the same set hypothesis. A number of studies using the delay-

match-to-sample paradigm have observed that holding more biological motions (BMs) in 

working memory does not appear to interfere with the capacity limit for non-biological objects in 

working memory, which might seem to support the separate set hypothesis. We note, however, 

that several of these studies presented the sample objects sequentially at the same location (Y. 

Liu et al., 2019; Wood, 2007, 2011, Experiment 4-5). Continuity of location is a strong cue for 

the objective continuation of the same object across time, and thus against pointer resetting 

(Bapat et al., 2017; Golomb et al., 2014). Therefore, sequential, same-location presentation may 

encourage participants to represent the input as feature change within a single object pointer, 

rather than as multiple distinct objects. In keeping with this, fMRI work has shown that 

responses associated with pointer maintenance only minimally increase with set size in 

sequential, same-location presentation, compared to simultaneous different-location presentation 

(Harrison et al., 2010; Y. Xu & Chun, 2006).   
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 Perhaps the strongest current evidence for the separate-set hypothesis comes from two 

experiments by Y. Liu et al. (2019) which used simultaneous different-location presentation 

(Exp. 2 and 3). In these two experiments, Liu and colleagues found that memorizing more BMs 

does not affect the capacity for color-shape bindings and vice versa. This result is consistent with 

the hypothesis that biological objects recruit a separate set of pointers from non-biological 

objects. However, another property of the experiment design provides an alternative explanation. 

In these experiments, the “foil” memory probes always used an object that had not appeared 

anywhere in the sample display (“object-change trials”) rather than using an “old” object that had 

been in the sample display but that was probed in the wrong location (“location-change” trials). 

This leaves open the possibility that participants could succeed at rejecting the foil trials without 

binding the BM features to object pointers at all, but simply by noting whether the probe’s BM 

feature had been detected recently (cf. Oberauer, 2017). In other words, in order to correctly 

respond to object-change trials, one does not need to represent BMs as bound objects, but just as 

a conceptual feature. And as the point-light displays (BMs) and color-shape bindings recruit very 

different feature spaces, confusion between the features themselves would be unlikely.  

 Fortunately, the use of location-change trials provides a straightforward way of probing 

the pointers for binding. If the probe is an old object (present in the sample) but at a wrong 

location previously occupied by another object (“location-change trials” hereafter), one cannot 

respond to these probes correctly by the conceptual features only; rather, correct response for 

location-change probes relies on the representation of conceptual feature-location bindings. The 

same set hypothesis predicts an interference effect when examining these location-change trials. 

In the current study we put this to the test. In Experiment 2.1, we conceptually replicated the 

results of Y. Liu et al. (2019) with another set of inanimate bound objects, complex shapes. In 
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Experiment 2.2 and Experiment 2.3 (a replication), we introduced location-change trials to 

provide the crucial comparison. If biological and non-biological object representation relies on 

the same set of pointers, memory interference effects should be observed in these trials; the 

separate set hypothesis again predicts no interference. 

 

2.2. Results 
 

In Experiment 2.1 (Figure 2.1), we aimed to replicate previous results on biological and non-

biological object maintenance using another set of bound inanimate objects: complex (multi-

featured) shapes. Here we used the same object-change probes as previous experiments, but 

rather than asking participants to “judge whether the probe had appeared in the memory array” 

(Y. Liu et al., 2019), we asked them to judge whether the probe matched the object that had been 

presented at that location, in order to encourage the representation of bound objects rather than 

free features. 
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Figure 2.1 Illustration of a trial in Experiments 2.1-2.3. 
 

2.2.1.  Experiment 2.1 
 

Subjects reached ceiling at the digit task (mean accuracy = 98%). In terms of Cowan’s K, we 

observed a significant difference in KACT across the two conditions, W = 0, z = -4.3, p < 0.001 

(KACT for 3OBJ+1ACT: M±SE = 0.83±0.04; KACT for 3OBJ+3ACT: M±SE = 1.75±0.10). The 

difference in KOBJ across the two conditions was only marginally significant, W = 184.5, z = 1.8, 

p = 0.06 (KOBJ for 3OBJ+1ACT: M±SE = 1.39±0.16; KOBJ for 3OBJ+3ACT: M±SE = 

1.16±0.17). See Figure 2.2. 

 In Experiment 2.1 we replicated Y. Liu et al.’s (2019) observation of a non-interference 

effect, i.e., an increase in the Cowan’s K for BMs held in working memory does not significantly 

discount the Cowan’s K for complex shapes. However, this result may be driven by the fact that 
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in both our Experiment 2.1 and Y. Liu et al. (2019), the probe was always a new object (an 

object that was not in the sample). Although multi-featured complex shapes (our Experiment 2.1) 

and color-shape bindings (Y. Liu et al., 2019) would be represented as bound objects, 

meaningful BMs can be represented as a conceptual feature only (action type, e.g., JUMPING, 

WAVING), without recruiting the pointers to bind multiple features together. Therefore, in 

Experiment 2.2 and Experiment 2.3, we added trials in which the probe is an old object presented 

at a wrong location previously occupied by another object (Figure 2.3). These trials cannot be 

correctly responded to by just holding the conceptual feature, enabling us to examine the 

Cowan’s K for conceptual feature-location bindings. Note that the marginally significant effect 

for KOBJ may reflect a true effect but with a small effect size. This is in line with our argument 

that biological and non-biological objects share the same set of VWM pointers. 

 

 

Figure 2.2 The results for our Experiment 2.1.  
KACT is the Cowan’s K for BMs, and KOBJ is the Cowan’s K for static shapes. 3OBJ+1ACT is the 
condition where 3 static shapes and 1 BM were in the sample, and 3OBJ+3ACT is the condition 
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where 3 static shapes and 3 BMs were in the sample. *: p ≤ 0.05. Error bars stand for standard 
error. 
  

 

Figure 2.3 Illustration of the difference between an object-change trial and a location-change 
trial.  
In an object-change trial, the probe was a new object that didn’t appear in the sample; in a location-
change trials, the probe as an old object at a wrong location previously occupied by another sample 
object. 
 

 Experiments 2.2 and 2.3 were very similar, both including the crucial location-change 

trials; Experiment 2.3 was essentially a replication of Experiment 2.2. The only difference 

between these experiments was the number of trials allocated to each condition, as described 

below.  

 

2.2.2. Experiment 2.2 
 

Subjects reached ceiling at the digit task (mean accuracy = 99%). For the match trials and the 

object-change trials, there was a significant difference between the KACT across the two 
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conditions, W = 18, z = -3.8, p < 0.001 (KACT for 3OBJ+1ACT: M±SE = 0.79±0.05; KACT for 

3OBJ+3ACT: M±SE = 1.37±0.12). Meanwhile, there wasn’t a significant difference between the 

KOBJ across the two conditions, W = 169, z = 1.4, p = 0.17 (KOBJ for 3OBJ+1ACT: M±SE = 

1.28±0.11; KOBJ for 3OBJ+3ACT: M±SE = 1.08±0.15). See Figure 2.4. 

 For the match trials and the location-change trials, there was a significant difference 

between the KACT across the two conditions, W = 3, z = -4.2, p < 0.001 (KACT for 3OBJ+1ACT: 

M±SE = 0.91±0.04; KACT for 3OBJ+3ACT: M±SE = 1.93±0.13). There was also a significant 

difference between the KOBJ across the two conditions, W = 206, z = 2.6, p = 0.01 (KOBJ for 

3OBJ+1ACT: M±SE = 1.90±0.10; KOBJ for 3OBJ+3ACT: M±SE = 1.61±0.14). See Figure 2.4. 

 

 

Figure 2.4 The results for our Experiment 2.2.  
*: p ≤ 0.05. Error bars stand for standard error. 
 

2.2.3. Experiment 2.3 
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Subjects reached ceiling at the digit task (mean accuracy = 98%). For the match trials and the 

object-change trials, there was a significant difference in KACT across the two conditions, W = 

21.5, z = -3.7, p < 0.001 (KACT for 3OBJ+1ACT: M±SE = 0.80±0.03; KACT for 3OBJ+3ACT: 

M±SE = 1.33±0.12). Meanwhile, there was no significant difference in KOBJ across the two 

conditions, W = 155.5, z = 1.4, p = 0.17 (KOBJ for 3OBJ+1ACT: M±SE = 1.07±0.12; KOBJ for 

3OBJ+3ACT: M±SE = 0.91±0.12). See Figure 2.5. 

 For match trials and location-change trials, there was a significant difference in KACT 

across the two conditions, W = 9, z = 4.0, p < 0.001 (KACT for 3OBJ+1ACT: M±SE = 0.86±0.03; 

KACT for 3OBJ+3ACT: M±SE = 1.72±0.12). There was also a significant difference in KOBJ 

across the two conditions, W = 202, z = 1.9, p = 0.05 (KOBJ for 3OBJ+1ACT: M±SE = 

1.50±0.16; KOBJ for 3OBJ+3ACT: M±SE = 1.25±0.14). See Figure 2.5.  

 

  

Figure 2.5 The results for our Experiment 2.3.  
*: p ≤ 0.05. Error bars stand for standard error. 
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2.2.4. GLME analysis for Experiments 2.2 and 2.3 
 

 In order to implement a direct comparison between the significant and non-significant 

effects observed in Experiments 2.2 and 2.3 for KOBJ, we then implemented a generalized linear 

mixed-effect (GLME) model (cf. Yu, Thakurdesai, et al., 2025) for trial-by-trial results from 

Experiments 2.2 and 2.3, testing whether there was an interaction effect between the trial type 

and BM load on accuracy. Indeed, this interaction effect was statistically significant (β = -0.33, 

SE = 0.13, Z = -2.52, p = 0.012). The main effect of trial type was significant (β = 1.10, SE = 

0.13, Z = 8.22, p < 0.001), and the main effect of the number of BMs was not (β = -0.01, SE = 

0.05, Z = -0.21, p = 0.83). Based on the interaction effect, we separately analyzed object-change 

trials and location-change trials. We found that a main effect of BM load only manifested in 

location-change trials (β = -0.38, SE = 0.13, Z = -3.13, p = 0.004), but not in object-change trials 

(β = -0.01, SE = 0.05, Z = -0.22, p = 0.83). The overall accuracies for complex shapes across all 

conditions were 75.4% (1 BM, object-change trials), 75.1% (3 BM, object-change trials), 92.0% 

(1 BM, location-change trials), and 85.7% (3 BM, location-change trials). This complementary 

analysis strengthened the case that the interference across BMs and complex shapes was more 

pronounced for location-change trials than object-change trials.  

 

2.3. Discussion 
 

Across three experiments using a new set of complex shapes, we replicated the pattern observed 

previously: in object-change trials, the number of BMs to be remembered does not affect 

memory capacity for inanimate objects. However, under these conditions the task can be solved 

without using the limited set of pointers to bind BMs, by instead just coding the motions as 
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unbound features of the scene (e.g., JUMPING, WAVING). Crucially, when we used location-

change trials in Experiments 2.2 and 2.3 that preclude this solution by requiring feature-location 

bindings, we now observed an interference effect between the number of BMs and inanimate 

objects, exactly as the same set hypothesis would predict. A task-based explanation of the 

previous results can also help explain why some previous behavioral studies have observed 

interference between biological and non-biological objects, if variations in task parameters 

encourage binding vs. feature-based coding to different degrees (C. Li et al., 2023; X. Lu et al., 

2019; Shen et al., 2014). Apart from task parameters (e.g., types of probes, and the proportion of 

trials with different types of probe), other factors including task instructions and individual 

preferences may also affect the extent to which binding is encouraged (Cao & Deouell, 2023; 

Qian et al., 2019; Vergauwe & Cowan, 2015); the contributions of these factors and their 

interactions remain to be fully established in the future. In sum, the current results provide 

novel support for the hypothesis that biological and non-biological objects recruit the same set of 

visual pointers in working memory. This allows a simpler VWM architecture in which a single 

set of pointers can be used to bind and track visual objects regardless of their content. 

  

2.3.1. Implications for shared and distinct representations for biological vs. non-biological 
objects 

 

Our observation that a shared set of VWM pointers support the representation for both biological 

and non-biological objects is in interesting contrast with a line of research suggesting that 

biological and non-biological objects recruit rather different neural substrates. For example, it 

has recently been proposed that biological stimuli recruit a separate visual pathway (Küçük et al., 

2024; Pitcher & Ungerleider, 2021), compared to non-biological ones. Our findings is not at 
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odds with this line of research, since the features for biological and non-biological objects could 

indeed be represented by very different neural bases, given that these features appear to occupy 

rather different sub-spaces in the feature space, across visual and more conceptual features 

(Capitani et al., 2003; Carlson et al., 2013; Grootswagers et al., 2019; Hebart et al., 2020; Long 

et al., 2017; Spriet et al., 2022; R. Wang et al., 2022). In this context, the shared pointers allow 

for flexible binding of very distinct features to the same object: For example, if an object 

resembling a plane is approaching, and at a certain point as it comes closer you realize that it is 

actually Superman (Kahneman et al., 1992), one would be able to bind INANIMATE and 

ANIMATE sequentially to the same pointer without the need to treat the later-recognized 

animate object as a brand new object.  

 

2.3.2. Connections with prior literature on feature binding  
 

Our current study is consistent with prior observations suggesting that dual-task cost for working 

memory performance is more pronounced when feature binding instead of only the 

representation of features was probed (Wheeler & Treisman, 2002). For example, holding visual 

and auditory features simultaneously in VWM induces little inference with each other, while a 

more pronounced interference is observed when probing the capacity for bindings across 

visual/auditory features and location (Fougnie et al., 2015; Fougnie & Marois, 2011). Taken 

together, although the representation of features may be largely domain-specific and thus take up 

non-overlapping working memory resources (Fougnie et al., 2015; B. Wang et al., 2017), a 

domain-general binding resource (i.e., pointers) may bind features from a variety of 

representational systems. Whether or not we only have one set of pointers, and what each set of 
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pointers covers (in terms of the types of features) remains to be fully charted (Yu, 2025; Yu & 

Lau, 2023). Our current study represents one attempt in this line.   

 

2.3.3. Limitations and future directions 
 

One limitation of our current study is that, for location-change trials, the interference effect 

across BMs and complex shapes may be explained by a limited VWM capacity for locations, 

instead of pointers. This in fact touches on two competing conceptions of the nature of VWM 

pointers. One conception is that VWM pointers are just locations (Treisman, 1998). The other 

conception is that VWM pointers are truly content-free, such that location is not qualitatively 

different from other features such as color and orientation, in the sense that they are all 

represented independently from pointers (Swan & Wyble, 2014; Wei et al., 2024; Yu, 2025).  

 While some studies have attempted to dissociate the contributions of location load and 

object load in VWM on neural responses (Jones, Diaz, et al., 2024; Thyer et al., 2022; Y. Xu & 

Chun, 2006), this endeavor remains challenging given that location is perhaps one of the 

strongest cues towards objecthood. For example, flashing two objects sequentially at the same 

location (Jones et al., 2024a) could be mentally interpreted as one single object changing its 

features, or as one object replacing another. In the real world, an object at a certain location can 

indeed change its other features while remaining the same object (e.g., the same chameleon 

changing its color), or one object can take the place of another at the same location (e.g., the 

chameleon goes away and a parrot took its place). Therefore, whether two or one pointers are 

recruited when two objects are presented sequentially, likely depends on e.g., task parameters, 



 

 

39 
 

including the type and extent of feature change (B. Park et al., 2020; K. Zhou et al., 2010), as 

well as individual differences.   

 

2.4. Materials and methods 
 

2.4.1. Experiment 2.1 
 

2.4.1.1. Participants 
 

24 subjects (17 female; age 18-30, M±SD = 21.5±3.7) participated in Experiment 2.1, matching 

the sample size in Y. Liu et al. (2019). All subjects reported having normal or corrected-to-

normal vision. Informed consent was obtained from all participants and they received monetary 

reimbursement for their participation. Procedures were approved by the UMCP IRB Office. 

 

2.4.1.2. Stimuli 
 

Following Y. Liu et al. (2019), 7 point-light BMs from Vanrie & Verfaillie (2004) were used 

(waving, walking, spading, painting, jumping, cycling, chopping); the points were in black. For 

inanimate bound objects, 9 black complex shapes similar to those in Y. Xu & Chun (2006) were 

used.  

 

2.4.1.3. Procedure 
 

Each subject saw 168 trials in the main experiment. In 80 trials, the item sample consisted of 3 

static shapes and 1 BM (3OBJ+1ACT). In another 80 trials, the item sample consisted of 3 static 
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shapes and 3 BMs (3OBJ+1ACT). Of the 80 trials in each condition, 20 trials were probed with a 

static shape at the same location as in the sample (match), 20 trials were probed with a static 

shape not in the item sample (non-match), 20 trials were probed with a BM at the same location 

as in the sample (match), and 20 trials were probed with a BM not in the item sample (non-

match). Non-match shape probes replaced the location of another static shape, and non-match 

biological probes replaced the location of another BM. An additional 8 filler trials consisted of 3 

static shapes and 2 BMs. Each subject went through at least 12 practice trials before the 

experiment. 

 The experiment was run in MATLAB 2020b with Psychtoolbox 3 (Brainard, 1997; 

Kleiner et al., 2007) using customized script on a 13-inch MacBook Pro. Like Y. Liu et al. 

(2019), we included a digit task to occupy participants’ phonological loop. At trial onset, a 

fixation cross was centrally presented center for 200 ms on a gray background. Then, two digits 

randomly sampled from 1 to 9 were centrally presented for 500 ms. Subjects were instructed to 

repeat the two digits aloud until a line of asterisks indicated the end of a trial. After another 400 

ms fixation screen, the item sample appeared. Eight light grey squares (each 1°×1°) were equally 

distributed at 0°, 45°, 90°, …, 315° around an invisible circle with a radius of 1.5° centered on 

the screen. The squares were employed to separate the objects and discourage visual grouping. 

The static shapes and BMs were presented at the center of the squares, within a visual angle of 

0.9°×0.9°. Following Y. Liu et al. (2019) the duration of item sample was 1000 ms × N (the 

number of items) in order to ensure enough encoding time. Thus for the 3OBJ+1ACT condition, 

the item sample was presented for 4000 ms; for the 3OBJ+3ACT condition, the item sample was 

presented for 6000 ms. The BMs were presented on a loop with 12 frames across 1s. In a few 

rare trials (<0.5% of all experimental trials), a technical glitch resulted in an inaccurate duration 
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of the item sample; these trials were excluded from further analysis. After a 1000 ms delay, a 

probe item (also within the range of 0.9°×0.9°) appeared. Subjects were asked to respond 

whether the probe item matched with the item presented before at the same location, by pressing 

m (match) or n (non-match) using their right hand. Feedback on their response (correct/incorrect) 

was presented for 400 ms. Then, a digit probe was presented at the center of the screen and 

participants responded whether it matched with one of the two digits presented before (50% 

possibility), pressing m (match) or n (non-match) using their right hand. Response feedback was 

then presented for 400 ms. A line of asterisks ended the trial; subjects pressed the space bar to 

proceed to the next trial. Note that neither the response to the item probe nor the digit probe was 

time-constrained, different from Y. Liu et al. (2019). This is because the formula for Cowan’s K 

does not take into account no-response trials (Cowan, 2001; Rouder et al., 2011). See Figure 2.1 

for a schematic trial illustration.  

  

2.4.1.4. Data analysis 
 

Cowan’s K. Memory task performance was quantified with Cowan’s K (Cowan, 2001; Rouder et 

al., 2011), an indicator of the number of items held in working memory. The accuracy for the 

digit task was calculated as the proportion of correct responses among the rest of the 160 trials. 

Then for each subject, four Cowan’s Ks were calculated: the Cowan’s K for static shapes (KOBJ) 

in the 3OBJ+1ACT condition, the Cowan’s K for BMs (KACT) in the 3OBJ+1ACT condition, the 

KOBJ in the 3OBJ+3ACT condition, and the KACT in the 3OBJ+3ACT condition. The Cowan’s K 

formula for single probe experiments is K = N×(H-F), where N is the number of sample items, H 

is the hit rate for detecting the change in the probe on non-match trials, and F is the false alarm 

rate (erroneously “hallucinating” a change in the probe on match trials). For example, KOBJ for 
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the 3OBJ+1ACT condition was calculated using shape-probe trials which had 3 static shapes in 

the sample. Thus, N = 3, H is the proportion of “non-match” responses among non-match trials, 

and F is the proportion of “non-match” responses in match trials. KACT for the 3OBJ+1ACT 

condition was calculated using motion-probe trials which had 1 BM in the sample. Thus, N = 1, 

H is the proportion of “non-match” responses among non-match trials, and F is the proportion of 

“non-match” responses in match trials. The other two Ks were similarly calculated. Planned two-

tailed paired-sample t tests were administered between the KOBJ across the two conditions (i.e., 

3OBJ+1ACT vs. 3OBJ+3ACT) and the KACT across the two conditions. Wilcoxon signed-rank 

tests were run in JASP 0.16.1 (JASP Team, 2022); a non-parametric test was employed because 

one distribution only marginally passed the Shapiro-Wilk normality test in this experiment (p = 

0.1). 

 

2.4.2. Experiments 2.2 and 2.3 
 

2.4.2.1. Participants 
 

Another 24 subjects (18 female; age 18-29, M±SD = 20.9±3.1) participated in Experiment 2.2; 

yet another 24 subjects (14 female, age 18-27, M±SD = 20.2±2.4) participated in Experiment 2.3. 

The sample size of Experiment 2.3 was sufficient to detect the KOBJ difference for location-

change trials observed in Experiment 2.2 with > 80% power (α = 0.05; G*Power 3.1, Faul et al., 

2007). All subjects reported having normal or corrected-to-normal vision. Informed consent was 

obtained from all participants and they received monetary reimbursement or course credit for 

participation. Procedures were approved by the UMCP IRB Office. 
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2.4.2.2. Stimuli 
 

Same as Experiment 2.1.  

 

2.4.2.3. Procedure 
 

In addition to the 168 trials in Experiment 2.1, we added 80 non-match trials where the probe 

had appeared in the sample but in a different location (40 trials in each sample condition; half 

shape probes and half motion probes). The only other change from Experiment 1 was that this 

time our instructions explicitly requested subjects to use the digit task to help them avoid 

verbally labelling and rehearsing the items, in order to further reduce the contribution of the 

articulatory loop.  

 The only difference between Experiment 2.2 and 2.3 is the allocation of different types of 

trials within the 80 non-match trials. In Experiment 2.2, 40 non-match probes were old biological 

action, and 40 were old complex shape, presented at an old but wrong location. Because we 

selected that wrong location randomly, and because in the 1ACT+3OBJ condition there were 

more object locations than action locations, the number of cross-category location-change trials 

to calculate KACT varied between 2 and 10 for the 1ACT+3OBJ condition; for three subjects 

there were only a few (2 or 3) cross-category location-change trials with which to calculate KACT 

for the 1ACT+3OBJ condition7. Therefore, in Experiment 2.3 we replicated Experiment 2.2 but 

this time fixed the number of different types of trials based on the expectancy for random 

swapping. For the 1ACT+3OBJ condition, the number of location-change trials from a complex 

shape to a biological action was 10, the number of location-change trials from a biological action 

 
7 Removing these three subjects did not qualitatively change the results. 
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to a complex shape was 10, and the number of within-category location-change trials for 

complex shapes was 20. For the 3ACT+3OBJ condition, the number of location-change trials 

from a complex shape to a biological action condition was 12, the number of location-change 

trials from a biological action to a complex shape was 12, the number of within-category 

location-change trials for complex shapes was 8, and the number of within-category location-

change trials for BMs was 8.  

 

2.4.2.4. Data analysis: Experiment 2.2 
 

Cowan’s K. As in Experiment 2.1, we excluded from analysis a small number of trials with 

inaccurate timing (<0.5% experimental trials across the entire dataset). For Cowan’s K, we first 

calculated KACT and KOCT with the match trials and the object-change trials as in Experiment 2.1. 

Then, we calculated KACT and KOCT with the match trials and the newly-added location-change 

trials. The absolute value of Cowan’s K can be affected by the similarity between the objects 

before and after change (Awh et al., 2007; Brady & Alvarez, 2015; Broers & Busch, 2021; 

Fukuda et al., 2010; Gao et al., 2013); therefore, in order to match for this across Ks, we only 

used location-change trials where the change is cross-category (i.e., a BM changing into a 

complex shape or vice versa). KOBJ was calculated with match trials where the probe was a 

complex shape, and location-change trials where a complex shape changed to a BM 

(3OBJ+1ACT: 20 trials/subject; 3OBJ+3ACT: on average 11.8 trials/subject). KACT was 

calculated with match trials where the probe was a BM, and location-change trials where a BM 

changed to a complex shape (3OBJ+1ACT: 6.2 trials/subject; 3OBJ+3ACT: 11.7 trials/subject). 

 GLME (generalized linear mixed-effect) model analysis. Complementarily, we used a 

GLME model to fit trial-level data to predict participants’ trial-by-trial VWM performance 
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(coded 1 for correct, and 0 for incorrect responses), for data in Experiments 2 and 3 (where both 

object-change trials and location-change trials were present) collectively. In this model, 

participants’ overall likelihood of recognition success (𝑃!"##$!!) across trials can be directly 

modeled based on a linear combination of trial-level predictors with a logistic link, 

 

ln $
𝑃!"##$!!

1 − 𝑃!"##$!!
'~	𝛽% +	𝛽&'()*_&,-$ +	𝛽./_*0)1 +	𝛽&'()*_&,-$×./_*0)1

+ 1|(𝑠𝑢𝑏𝑗𝑒𝑐𝑡: 𝑒𝑥𝑝𝑒𝑟𝑖𝑚𝑒𝑛𝑡) 

 

, where 𝛽&'()*_&,-$ captures the variance accounted for by trial type (object-change trial vs. 

location-change trial), 𝛽./_*0)1 captures the variance accounted for by BM load (1 or 3). 

𝛽&'()*_&,-$×./_*0)1 stands for the interaction between trial type and BM load. Subject and 

Experiment (Experiment 2.2 vs. Experiment 2.3) were treated as random effects. This analysis 

was performed on the same trials that entered the Cowan’s K analyses. BM load was 

standardized before regression. Based on the significant interaction effect between trial type and 

BM load, we conducted separate regression analyses for data from each trial type (i.e., object-

change trials and location change trials). Statistical significance was evaluated using Wald’s Z 

test, and all reported p-values are two-tailed.  

 

2.4.2.5. Data analysis: Experiment 2.3 
 

Cowan’s K. Same as Experiment 2.2. As in Experiments 2.1 and 2.2, we excluded from analysis 

a small number of trials with inaccurate timing (0.5% experimental trials across the entire 

dataset).   
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 GLME model analysis. Detailed in the previous section. 
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3. Chapter 38 
 

In this chapter, we report EEG evidence suggesting that relations between objects appear to 

recruit pointers in working memory similar to objects per se. 

 In this study, we also employed a new paradigm inspired by the “pinging paradigm” (e.g., 

Wolff et al., 2017), with the hope of highlighting the representation of the agent and patient 

respectively so as to disentangle neural responses for AGENTNESS vs. PATIETNESS. For 

example, during the maintenance of the event “the elephant punched the lion” in short-term 

memory, we hope that flashing the word “ELEPHANT” on the screen would highlight the 

representation of the agent object and the AGENT role, and that flashing the word “LION” on 

the screen would highlight the representation of the patient object and the PATIENT role. 

Comparing across trials where the agent vs. patient object is pinged, any systematic difference 

would reflect differential representations of the AGENT role (i.e., AGENTNESS) vs. the 

PATIENT role (PATIENTESS), as each animal can be agent or patient across trials. In the 

current chapter, we only analyzed ERP differences based on two relatively known ERP effects 

(CPP and NSW). Although these analyses did not reveal significant differences across 

AGENTNESS vs. PATIENTNESS, this does not exclude a potential neural difference that may 

be captured by other univariate ERP effects or multivariate analyses. This is clearly an intriguing 

direction and requires further examination. 

 

 
8 This chapter contains content published as Yu, X., Li, J., Zhu, H., Tian, X., & Lau, E. (2024). 
Electrophysiological hallmarks for event relations and event roles in working memory. Frontiers 
in Neuroscience, 17, 1282869. Jialu Li, Hao Zhu and Xing Tian contributed to data collection. 
We would like to thank Matti Laine for sharing the stimuli from Hultén et al. (2014). 
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3.1. Introduction 
 

The ability to represent events – not only single objects, but also the interactions between/among 

them – in working memory is crucial for our everyday cognition. It is clear that we can maintain 

ad hoc events in working memory: for example, if we see a lion hit an elephant, we are able to 

run subsequent mental computations that make use of the relations that compose the event 

representation, even after the hitting itself is over (e.g., inferring that the elephant is in pain or 

answering a question about who was hit). However, the implementational format of events in 

working memory remains elusive. In the current study, we introduce an ERP (event-related 

potential) picture – phrase matching paradigm that provides a novel measure of event 

representation in working memory.  

 In the following introduction, we first provide an overview of the “neural object indexical 

theory” (Section 1.1), a theoretical framework for the working memory representation of 

multiple objects which forms the background for subsequent questions about the neural 

representation of event relations between objects. We also review previous research on the 

negative slow wave (NSW), an ERP marker for the number of indexicals in working memory 

which will be one of the primary components of interest in our current experiment. Then we 

overview the existing bodies of literature on the neural representation of event relations and 

event roles (Section 1.2), which together support the research questions of the current paper. 

 

3.1.1. The neural object indexical theory 
 

3.1.1.1. Evidence for the neural object indexical theory 
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The question of how event relations between objects are represented ‘on the fly’ has become 

more tractable after major advances in the last 30 years in understanding how individual objects 

are represented and related to the local spatial context in working memory. This line of work 

suggests that the representation of multiple objects in working memory is supported by a limited 

set of indexicals or pointers also known as object files (Brody, 2020; Carey, 2009; Green & 

Quilty-Dunn, 2021; Kahneman et al., 1992; Pylyshyn, 1989, 2001; Quilty-Dunn et al., 2023; 

Thyer et al., 2022; Xie & Zhang, 2017a; Y. Xu & Chun, 2007; Zhu et al., 2020; for a review see 

Yu & Lau, 2023) The number of discrete object indexicals is limited, classically suggested to 

have a limit of around 4 (Awh et al., 2007; Cowan, 2001; Luck & Vogel, 1997, 2013; Ngiam, 

Foster, et al., 2023; Y. Xu & Chun, 2009; W. Zhang & Luck, 2008). Various features can be 

attached to these indexicals, enabling us to tell apart objects with some of the same features, and 

to distinguish the existence of multiple objects even when their features are identical other than 

spatial location (Leslie et al., 1998; Treisman, 1998). For example, if two otherwise identical 

flowers appear at different locations in one’s visual field, typically one is still able to distinguish 

this from a one-flower situation and to continue to represent the existence of both flowers in the 

scene, even when direct visual information is interrupted by an occluding screen. This can be 

understood by positing the maintenance of two object indexicals in working memory, each 

attaching to its corresponding set of features (in this example, the two sets of features are the 

same except for location). In contrast, neuropsychological patients with the disorder of 

simultanagnosia struggle at representing two objects but not one (Coslett & Saffran, 1991; 

Friedman-Hill et al., 1995; Rafal, 2001), suggesting deficits related to maintaining these object 

indexicals. 
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 Neuroimaging studies have suggested that these object indexicals are hosted in 

subregions of the posterior parietal cortex, what we will term here the neural object indexical 

theory (Balaban et al., 2019; Y. Xu & Chun, 2007, 2009). This proposal is based on the 

observation that activity in some subregions of the posterior parietal cortex reach a plateau 

beyond 3-4 items (which is the classical working memory capacity), as measured by fMRI 

(Knops et al., 2014; Matsuyoshi et al., 2010; Mitchell & Cusack, 2008; Robitaille et al., 2010; 

Song & Jiang, 2006; Todd & Marois, 2004; Y. Xu & Chun, 2006) and MEG (Robitaille et al., 

2010). Consistent with the object indexical theory, evidence from neural studies suggest that 

these posterior parietal representations do not encode object features themselves (Naughtin et al., 

2016; Y. Xu & Chun, 2006); rather, these indexicals connect to features represented in other 

regions, as illustrated in Figure 3.19 (Naughtin et al., 2016; Y. Xu, 2007). This theory is also 

consistent with the proposal that the posterior parietal cortex is crucial to working memory in a 

more general sense (Bettencourt & Xu, 2016; Jia et al., 2021; for a review see Y. Xu, 2017).  

 Most visual working memory researchers today assume representations that function like 

object indexicals, because extreme versions of object-based-all-or-none or feature-only theories 

for visual working memory cannot account for the behavioral phenomena (for a review see 

Ngiam, 2024). However, lively debate continues about whether the number of these indexicals is 

fixed or flexible based on the amount of content that needs to be encoded on each (Brady & 

 
9 Note that there are many types of features. For example, one can make the distinction between 
perceptual (e.g., color, shape) and conceptual (e.g., occupation, edibility) features. It is as yet 
unclear what type(s) of features can be bound to object indexicals, or that all types of features can 
be bound to object indexicals. It is also debated whether perceptual and conceptual features are 
bound to the same set of object indexicals or separate sets of object indexicals (see Brody, 2020; 
Murez et al., 2020; Yu & Lau, 2023). In the current paper we assume that they are bound to the 
same set of indexicals: increasing the number of conceptual objects will elicit a similar ERP effect 
to increasing the number of visual objects (see Section 3.3.1). 
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Alvarez, 2015; Ngiam et al., 2019), as well as the representational format of features, e.g., 

whether the features are represented separately or (at least some of them) can be represented 

conjunctively (Hedayati et al., 2022; Matthey et al., 2015; Schneegans & Bays, 2017; Swan & 

Wyble, 2014; see Schneegans & Bays, 2019 for a review). While these questions are important, 

for the purposes of our current investigation of the encoding of event relations between object 

indexicals, the important shared assumption across all these frameworks is just that increasing 

the number of indexicals to be represented results in a corresponding increase in processing cost 

across the maintenance period. 

 

 

Figure 3.1 An illustration of the representations proposed by neural object indexical 
theory.  
The object indexicals are hosted in some subregions of the posterior parietal cortex, while the 
features are represented in other regions. The pictures of the Napa cabbage and onions were 
adapted from IRASUTOYA (https://www.irasutoya.com/), which is free for non-commercial 
use. 
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3.1.1.2. Negative slow wave (NSW): a potential indicator for the object indexical system in 
working memory 

 

Our methodology for investigating events will center around an ERP component called the 

negative slow wave (NSW), which is thought to reflect working memory representations related 

to the object indexical system. Many previous ERP studies of visual working memory have 

observed sustained negative differences tracking working memory load for multiple objects by 

using a visual hemifield design that yields a response known as the contralateral delay activity 

(CDA) (Vogel & Machizawa, 2004). In CDA studies, multiple visual objects are presented on 

both sides of the visual field, but participants are asked to attend to only one side on any given 

trial. By hypothesis, ERPs from electrodes contralateral to the attended side will more strongly 

reflect the working memory representation, so corresponding posterior-occipital electrodes from 

each side of the scalp are subtracted from each other to compute the contralateral delay activity 

measure. Many studies have shown that the amplitude of the resulting CDA shows a sustained 

negativity that is systematically increased with an increasing number of objects to be maintained, 

up to the individual capacity limit of 3-4 (for an extensive review see Luria et al., 2016). 

Therefore the CDA has been considered as a potential hallmark for the object indexical system 

(e.g., Cai et al., 2022; Gao et al., 2013; Green & Quilty-Dunn, 2021; Hakim et al., 2019). 

 Because our current study was designed to focus on conceptual rather than visuo-spatial 

representation of events (i.e. the representation shared across linguistic and visual processes), we 

cannot expect a systematic relationship between working memory representation and visual 

hemifield. However, another line of visual working memory studies has demonstrated that 

modulation of the sustained ERP amplitude by number of maintained items can be observed even 
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without manipulating visual hemifield. Since the measure in these studies does not depend on 

contralateral-ipsilateral subtraction, the response is called instead the negative slow wave. The 

NSW has been observed in posterior-occipital electrodes with a similar time course to the CDA 

(Diaz et al., 2021; Fukuda et al., 2015; Klaver, Smid, et al., 1999; Ruchkin et al., 1992; for a 

review see Feldmann-Wüstefeld, 2021)10. In visual delay-match-to-sample experiments where 

the sample objects were presented centrally or bilaterally, the NSW has been found to increase in 

amplitude (i.e. become more negative) as the number of items to be retained increases (Diaz et 

al., 2021; Feldmann-Wüstefeld, 2021; Fukuda et al., 2015; Klaver, Smid, et al., 1999; 

Mecklinger & Pfeifer, 1996; Ruchkin et al., 1992), and reaches a plateau beyond 3-4 items 

(Feldmann-Wüstefeld, 2021; Fukuda et al., 2015; L. Zhou & Thomas, 2015), just like the 

CDA11. Therefore, here we use the magnitude of the NSW as an index of working memory load 

related to the object indexical system. 

 

3.1.2. What’s different about events? Event relations and event roles 
 

What needs to be represented when representing events involving two objects (i.e., participants, 

entities; for example, “the lion hit the elephant”) in working memory, compared to simply 

 
10 Note that the exact duration of the NSW effect is under debate; some reports suggested that it 
could sustain for > 3 s (Ruchkin et al., 1992), while some other reports suggested that it terminates 
~ 1 s after memorandum onset (Fukuda et al., 2015). The duration of the CDA is unclear as well 
(e.g., Y. Li & Noguchi, 2022; Perez & Vogel, 2012). Here we simply note that the NSW and the 
CDA have broadly similar time courses in the sense that they are both late sustaining components. 
11 In contrast to these studies on visual objects, the results of Morrison et al. (2020) suggest that 
holding 1, 3, 5 visually-presented digits does not drive a sustained parietal effect, at least from 
visual inspection of their figures, although the electrodes selected in that study (P3, Pz, P4) were 
less occipital compared to other NSW studies. Digits may encourage phonological rehearsal, 
whose load is manifested more in frontal and/or central electrodes (Alunni-Menichini et al., 
2014; Bidelman et al., 2021; Lefebvre & Jolicœur, 2016; Simal & Jolicoeur, 2020). 
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representing two individual objects together (e.g., “the lion and the elephant”)? One piece is 

simply representing that the two individuals are participating in a particular event of hitting, what 

we will term here ‘event relations’. The other piece is representing the particular roles that the 

individuals are playing in the event (i.e. agents and patients), which we will term here ‘event 

roles’. In the current article, our major interest lies in these conceptual representations that are 

shared across visual and linguistic processes (cf. Fitch, 2020; Jackendoff, 1987; Mahon & 

Kemmerer, 2020; Wurm & Caramazza, 2019). That is, we are interested in the representation 

that is shared both when one is viewing the scene where a lion hits an elephant, and when one 

reads a sentence like “the lion hit the elephant”. 

 

3.1.2.1. The neural representation of event relations 
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Figure 3.2 Examples of situations with and without “event relations”, as well as examples of 
different “event types”.  
  

By event relation, we refer to an intuitive distinction between situations where an elephant 

hits/points at/pushes a lion vs. an elephant and a lion simply standing beside each other and not 

doing anything to each other (see Figure 3.2). The difference between these two kinds of 

situations is whether there is an event relating the two objects. Of course, there are also different 

types of event relations (i.e., event types), e.g., hitting, pointing at, pushing; but the focus of the 

current article is how our neural system responds to the existence of an event relation at all in 

working memory, and not how we represent different event types. 

 Inferring event relations. Event relations can be inferred from both visual and linguistic 

stimuli. For example, we can use visual information to determine whether there is an event 

relation for each situation in Figure 3.2; we can also use linguistic cues to determine whether an 

event relation is described by phrases like “the lion and the elephant” vs. “the lion hit the 

elephant”. 

 Although many visual perception studies have addressed the speed of extracting the event 

type from a visual image (de la Rosa et al., 2015; Dobel, Gumnior, et al., 2007; Hafri et al., 

2013), less is known about how fast the brain detects whether the image depicts a situation 

including an event relation at all; the only study we are aware of is Hultén et al. (2014). Using 

MEG, Hultén and colleagues observed that visual events (e.g., where a lion hits an elephant), 

compared to visual coordinations (e.g., where a lion and an elephant were simply standing beside 

each other), triggered an early (~ 200 ms) difference in left occipital regions. However, based on 

its location (occipital regions) the effect observed in Hultén et al. (2014) is likely visual rather 

than conceptual in nature.  
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 Similarly, although many neural studies of language have investigated the representation 

of event types and event argument structures, examining the contrast between phrases that 

describe events and those that don’t has been less common. (Gaston, 2020, Experiment 4) 

investigated the difference between linguistic stimuli including event relations compared to 

coordination using MEG. Gaston examined the brain responses to serially presented, nonsensical 

coordinate phrases vs. verb phrases (e.g., the | toasty | tractors | and | the | scenic | cathedrals vs  

the | toasty | tractors | entered | the | scenic | cathedrals) and observed a difference from ~150 ms 

to ~550 ms after the onset of “and” vs. the verb in regions including the transverse temporal 

sulcus, pSTS (posterior superior temporal sulcus), STS, and ATL (anterior temporal lobe). This 

effect is in line with the observation of Matchin et al. (2019), that the presentation of a verb 

within a sentence elicits a difference starting from ~450 ms upon onset in the angular gyrus, 

compared to a baseline consisting of phrases without a verb. Such transient effects may reflect a 

difference in linguistic structure building and/or the representation of event relations at the 

conceptual level. We should note, however, that the analysis pipelines of Gaston (2020) and 

Matchin et al. (2019) may not be sensitive to long-lasting sustained effects. 

 The maintenance of event relations in working memory. To our knowledge, only two 

behavioral studies have directly addressed this question (Clevenger & Hummel, 2014; Shen et 

al., 2021). The results of Clevenger & Hummel (2014) suggested that more relations impose 

higher working memory load, and the results of Shen et al. (2021) suggested that only two event 

relations can be maintained in working memory. However, these results remain inconclusive in 

terms of the format of the representation of event relations in working memory; specifically, how 

are event relations represented with respect to the object indexical system? 
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 One way to approach this question, and the one we pursue in the current study, is to 

compare the maintenance across a delay period of events like “the tiger hit the elephant” and the 

maintenance of non-event coordinations like “the tiger and the elephant”. To our knowledge, the 

MEG study from Hultén et al. (2014) is the only previous neurophysiological study to have 

examined the maintenance of events compared to coordinations12. In their study, pictures of 

events and coordinations were presented for 1500 ms, followed by a speech production task. A 

numerical difference was observed between events and coordination conditions in a somewhat 

late time window (from ~300 ms to at least 1s) time-locked to picture onset in the posterior 

parietal cortex. Although this difference did not survive statistical significance in their analysis, 

this could be due to the small cohort of subjects (N=10).  

 How should we expect event representation in working memory to manifest differently 

from simply representing a pair of objects? Through the lens of the object indexical system, we 

think that there are at least two major possibilities (see Figure 3.3). One possibility (Figure 3.3a) 

is that the event relation may be represented with a separate object indexical from the 

participants (cf. Clevenger & Hummel, 2014; Shen et al., 2021). In other words, adding an event 

relation increases working memory cost in exactly the same way as adding another object, and 

counts against the same capacity limit as objects. For example, in the case of “the tiger hit the 

elephant”, apart from the two object indexicals for the tiger and the elephant, there is a separate 

object indexical representing the hitting relation, possibly by connecting to the concept 

 
12 Note that there have been many fMRI studies comparing events (using pictorial or sentential 
stimuli) against various types of baselines (e.g., Centelles et al., 2011; Isik et al., 2017; Matchin, 
Liao, et al., 2019; Quadflieg et al., 2015), but due to the relatively poor temporal resolution of 
fMRI, it is hard to disentangle the extraction and maintenance phases, while the maintenance 
phase is of our current interest. 
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HITTING and other features of hitting13. In this case, there will be an NSW-like difference 

between the maintenance of events and coordinations. Another possibility (Figure 3.3b) is that 

the object indexicals in working memory are true to their name and stand in only for objects, not 

event relations between objects, as implied for example in Altmann & Ekves' (2019) theory. The 

relational event encoding might then be accomplished by other posterior parietal circuits, or by 

other brain regions altogether, such as the hippocampus (e.g., Eichenbaum & Cohen, 2014; 

Konkel & Cohen, 2009). The object indexical working memory representation might only code 

such event relations implicitly and indirectly in an object-centered fashion, for example by 

connecting agent and patient “features” to the object indexicals (for further explanation of agents 

and patients see Section 3.1.2.2 below). In this case, there is no reason to predict that there will 

be an NSW-like difference between the maintenance of events and coordinations. 

 

 
13Note that, just as the posterior parietal indexicals for objects are not thought to represent the 
features of the objects themselves but to connect to those features represented elsewhere, 
according to this hypothesis the indexicals for event relations connect to relevant event features 
and knowledge elsewhere. 
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Figure 3.3 An illustration of the two possibilities of how event relations are represented. 
Possibility a: the event relation is encoded by another object indexical. Possibility b: the event 
relation is represented by other mechanisms in e.g., other regions of the posterior parietal cortex 
or the hippocampus. 
  

3.1.2.2. The neural representation of event roles 
 

Many modern theories assume the existence of generalized roles like agent (the initiator of the 

event) and patient (the receiver of the event), which characterize the involvement of participants 

across many different types of events (see Rissman & Majid, 2019; Strickland, 2017; Ünal et al., 

2019; V. A. D. Wilson et al., 2022). These roles may be understood to be encoded at the 

linguistic semantic level or at the non-linguistic conceptual level (see Williams, 2015, 2021 for 

extensive discussion). How such event roles (also known as “semantic” roles or participant roles) 

are neurally coded in working memory remains unclear. 
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 Inferring event roles. Conceptual event roles can be inferred from visual and linguistic 

stimuli. In visual behavioral studies (i.e., studies using visual stimuli), it has been observed that 

the event role of objects can be inferred after only a brief visual presentation (Dobel, Gumnior, et 

al., 2007; Hafri et al., 2013). In an EEG study by Cohn et al. (2017), subjects were presented 

with comic strips (modified from the Peanuts) sequentially, and the ERP responses to frames 

illustrating the to-be-agent and to-be-patient character were compared. Of the to-be-agent 

characters, some were making actions suggesting their agentness (“preparatory agents”), while 

some were not (“non-preparatory agents”). Relative to the patient condition and the non-

preparatory agent condition, the preparatory agent condition elicited a left anterior negativity in 

300-600 ms and a slightly leftward fronto-central positivity in 500-900 ms.  

 One way that languages can convey event role assignments is through linguistic case-

marking. For example, in Japanese, the conceptual content of John gave Mary a book can be 

realized as “John-NOM Mary-DAT book-ACC gave”, where -NOM, -DAT, -ACC are 

nominative, dative and accusative case markers ga, ni, and o. Languages can also convey event 

roles through linear order as well as other structural cues, as in the English active/passive 

alternation “The cat chased the dog” and “The dog was chased by the cat”, where linear order of 

the arguments alternate but the event roles stay constant. Prior fMRI work has reported some 

success in decoding the binding between event roles and objects from the neural response to 

these kinds of alternations in English (e.g., Frankland & Greene, 2015, 2020; Lalisse & 

Smolensky, 2021; J. Wang et al., 2016). However, given the poor temporal resolution of fMRI, 

these studies were not aimed at disentangling the extraction and maintenance processes of event 

roles. 
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 The maintenance of event roles. A number of behavioral studies have investigated what 

factors govern accurate maintenance of event roles across time. At least one study suggests that 

maintaining more event role-object bindings reduces the accuracy of subsequent memory 

performance (Jessop & Chang, 2020), although it is unclear whether this effect was driven by an 

increase in the number of objects held in working memory or an increase in the number of event 

roles bound to these objects (or both). A subsequent study has shown that representing 

conflicting event roles (e.g., being the agent in one event but the patient in another event) 

compromises memory performance (Jessop & Chang, 2022). Peng et al. (2017), through a 

behavioral experiment using the dense sampling method, suggested that event roles are 

represented at (or even by) different phases of the alpha band (~ 10 Hz) rhythm; we discuss this 

possibility in further detail in the Discussion. 

 To our knowledge, no prior electrophysiological study has examined the maintenance of 

event roles in working memory. In fact, it is a practical challenge to disentangle the separate 

representation of the agent and the patient in working memory, given that they participate in the 

same event. In the current study we introduce an exploratory paradigm adapted from the 

“pinging” paradigm used in recent working memory studies (Duncan et al., 2023; Y. Fan & Luo, 

2023; Fornaciai & Park, 2020; Huang et al., 2021; ten Oever et al., 2020; van der Werf et al., 

2021; Wolff et al., 2015, 2017, 2019, 2020). Wolff et al. (2015) conducted a standard delay-

match-to-sample working memory task in which the match in the orientation of two Gabor 

patches needed to be evaluated across a relatively long delay. During the delay period, a high-

contrast visual bull’s-eye-shaped stimulus with no orientation information (i.e. the ping) was 

presented in an attempt to probe the encoding of the orientation information being maintained in 

memory, similar to the idea of sonar or echolocation. It was found that the otherwise 
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undecodable memory content at that time (the orientation of the sample Gabor patch in this case) 

was decodable if the ping was presented. In this study and others that followed, the main idea 

was to probe different working memory contents during retention with the same impulse 

perturbation (i.e. the ping).  

 In the current study, we adapt the pinging paradigm to probe different parts of the same 

working memory content during retention using different pings (see also Fan et al., 2021). While 

event representations are being maintained in working memory across the delay period we 

“ping” the event role with the name of the entity to which it was bound, as illustrated in Figure 

3.4. We ping the agent in half of the event trials and the patient in the other half, which gives us 

the opportunity to compare the ERP corresponding to an impulse perturbation of agents vs. 

patients in working memory. Notably, since each animal can be the agent or patient, the agent 

pings and patient pings are perceptually the same across trials. In order to keep the trial structure 

consistent throughout the experiment, we also pinged one of the two animals in the coordination 

condition, even though in this case, absent event roles, both entities have the same status in 

working memory. 

 

 



 

 

63 
 

Figure 3.4 A simplified schematic illustration of our experimental design, highlighting our 
adapted pinging paradigm.  
The task was to respond to whether the linguistic expression matched with the picture in this trial 
upon presentation of the linguistic expression, this was designed to encourage subjects to 
represent the event conceptually during the retention period. WM: working memory. For detailed 
parameters of the experiment, see Materials and methods. 
 

 Although little is known thus far about how event roles are neurally encoded, one 

possibility that we explored in this study is that event roles are represented as a kind of 

“magnitude”14. Behaviorally, agent-patient event roles have sometimes been observed to interact 

with spatial position (i.e. left-right), which can be treated as a “magnitude” (e.g., Chatterjee et 

al., 1995; Dobel, Diesendruck, et al., 2007; Maass & Russo, 2003; but see L. J. P. Altmann et al., 

2006; Barrett et al., 2002; Dobel et al., 2014; Geminiani et al., 1995; Kazandjian et al., 2011 for 

conflicting results). Some authors have proposed that regions of parietal cortex represent diverse 

kinds of scalar and quantity information in a common neural implementation format (Bueti & 

Walsh, 2009; Sheahan et al., 2020; Summerfield et al., 2020; Walsh, 2003; for a critical review 

see Martin et al., 2017). One kind of neural evidence taken to support this idea is the finding that 

magnitudes (including numerosity, magnitude of reward, and magnitude of evidence during 

decision-making) drive an ERP effect in central-parietal electrodes, that is, the central parietal 

positivity (CPP, Luyckx et al., 2019; O’Connell et al., 2012; Spitzer et al., 2017; Yeung & 

Sanfey, 2004; for an overview see O’Connell & Kelly, 2021). For transient (i.e. not constantly-

changing) stimuli, the CPP is a late component at around 300 to 700 ms post stimulus-onset 

(Luyckx et al., 2019; Spitzer et al., 2017), with larger magnitudes being more positive. The 

hypothesis that event roles are represented as magnitudes would predict an ERP effect with a 

similar scalp distribution to the CPP. 

 
14 Other possibilities will be discussed in Section 3.3.2. 
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3.1.2.3. The current study 
 
Our study was designed to investigate neural measures of the maintenance of both event relations 

and event roles. We ran two experiments with a similar design in two sites, one in Chinese in 

China (Experiment 3.1; N=19) and one in English in the US (Experiment 3.2; N=16). The choice 

of these two sites/languages was not driven by particular features of the languages, but simply 

because of practical constraints experienced by the investigators during the COVID-19 

pandemic. However, this did allow us to demonstrate that the results extend across two different 

languages and participant populations. We take posterior-occipital electrodes P7, P8 as the NSW 

region of interest (ROI) for event relation maintenance, and central-parietal electrodes CP1, CP2, 

Pz (Experiment 3.1) and Cz, CPz, Pz (Experiment 3.2) as the CPP ROI for event role 

maintenance (see Figure 3.5). 

 

  

Figure 3.5 Illustration of the electrodes of our two ROIs in Experiment 3.1; in Experiment 
3.2 the NSW ROI included Cz, CPz and Pz because of a different layout.  
CPP: centro-parietal positivity; NSW: negative slow wave; ROI: region of interest. This is based 
on the standard 10-20 map provided by the DIPFIT plug-in of EEGLAB. 
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3.2. Results 
 

3.2.1. Experiment 3.1 
 

3.2.1.1. Behavioral results 
 

Across the 19 subjects included in the analyses, the mean proportion of correct responses was 

96% (range 89%-99%). Mean proportion of correct responses was 93% (when the agent was 

pinged), 95% (when the patient was pinged) and 98% (in coordination trials). Based on the high 

accuracy, all trials were analyzed for the EEG analysis. 

 The mean (± SD) reaction time of correct responses was 1241 ± 288 ms when the agent 

was pinged, 1230 ± 275 ms when the patient was pinged, 1236 ± 278 ms for all event trials and 

903 ± 233 ms for all coordination trials. The reaction times reported here were first averaged 

within subjects for all the correct trials, then averaged across subjects. Paired t-test (two-tailed) 

indicated no significant difference between the reaction times for agent ping trials and patient 

ping trials, t(18)=0.6, p=0.56. Paired t-test (two-tailed) revealed a significant difference between 

the reaction times for event trials and coordination trials, t(18)=11.7, p<0.001. It has been 

observed with the delay-match-to-sample paradigm that the more objects one needs to maintain 

in working memory, the slower one reacts to the probe stimuli (Hyun et al., 2009; Mitchell & 

Cusack, 2011; H.-B. Park et al., 2017). Therefore, the longer reaction time to the probe (in our 

experiment the linguistic expression) for event trials observed in our current experiment is in line 

with our interpretation of our EEG results, that the maintenance of events imposes a higher 

working memory load compared to the maintenance of coordinations, similar to representing an 

extra object (see Section 3.3). 
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3.2.1.2. EEG results 
 

ERP responses to event pictures and coordination pictures are illustrated in Figure 3.6. We 

expected initial evoked responses to the event pictures and coordination pictures to differ 

because the pictures in the two conditions were physically different across various dimensions, 

and that responses to the sentences in the two conditions might differ because the form of the 

correct response differed in the two conditions. Our question of interest was whether we would 

observe differences across the delay between the picture presentation and the sentence 

presentation in the posterior electrodes associated with the negative slow wave.  

 A temporal cluster-based permutation test (Maris & Oostenveld, 2007) was performed on 

the responses to the event picture and the coordination picture in the time window of -200:3500 

ms for the NSW ROI using customized MATLAB scripts. First, potential clusters were identified 

with point-to-point paired t-test at a threshold of alpha = 0.05 (two-tailed). Then, the t values of 

these potential clusters were compared against a permuted (permutations = 9999) distribution of t 

values, with a threshold of alpha = 0.05 (two-tailed). A cluster was identified in the negative 

slow wave (NSW) ROI, extending from 438 to 2469 ms after picture onset (p=1×10-4, Figure 

3.6). The difference manifested as an increased negativity for the event pictures relative to the 

coordination pictures in these posterior electrodes. Although our analyses focused on the pre-

determined NSW ROI, the scalp topography of the cluster suggests that this posterior negativity 

may have been accompanied by a corresponding (central-)frontal positivity. 

 



 

 

67 
 

    

Figure 3.6 Illustration of the results for epochs time-locked to picture onset in the NSW 
ROI (electrodes P7 and P8, as marked by the stars in Figure b) for Experiment 3.1.  
(a) The significant cluster (438-2469 ms) is marked in red. (b) The scalp distribution average 
across the 438-2469 ms time window. NSW: negative slow wave; ROI: region of interest. 
 

 ERP responses to the delay-period agent ping and the patient ping in the event condition 

are illustrated in Figure 3.6. Cluster-based permutation test (Maris & Oostenveld, 2007) was 

performed comparing the agent ping vs. patient ping conditions in the time window of -200:1800 

ms using customized MATLAB scripts using the same approach described above for the event 

picture comparison. No significant clusters distinguishing the agent ping and patient ping were 

identified in the CPP ROI, nor in the NSW ROI (Figure 3.7).  
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Figure 3.7 Illustration of the results for epochs time-locked to ping onset in the NSW ROI 
and the CPP ROI for Experiment 1. 
 NSW: negative slow wave; CPP: centro-parietal positivity; ROI: region of interest. 
 

3.2.1.3. Rationale for Experiment 3.2 
 

 In Experiment 3.1, we observed that maintaining events in working memory, compared 

to maintaining coordinations, elicited a sustained NSW (negative slow wave) effect. However, 

during data analysis we discovered an issue in the accuracy of the timing parameters that could 

have led us to overestimate the duration of the sustained negativity (see Section EEG data 

analysis for more detail). In Experiment 3.2, we aimed to replicate the effect in a different 

population (Experiment 3.1 was run in Shanghai with stimuli in Chinese and Experiment 3.2 was 
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run in the US with stimuli in English), with corrected presentation parameters that allow more 

precise estimation of the duration of the effect.  

As visual inspection of the Experiment 3.1 effects suggested that the presentation of the 

ping may have acted to reduce or eliminate the sustained negativity, we also took Experiment 3.2 

as an opportunity to evaluate this possibility by presenting the ping somewhat earlier in the trial. 

We presented the pictures for shorter duration in Experiment 2 (400 ms) compared to 

Experiment 3.1 (1000 ms), as an additional measure to ensure that the sustained effects we 

observed did indeed reflect delay-period activity rather than continued visual processing. 

 

3.2.2. Experiment 3.2 
 

3.2.2.1. Behavioral results 
 

Across the 16 subjects included in the analyses, the mean proportion of correct responses was 

92% (range 83%-97%). Mean proportion of correct responses was 88% (when the agent was 

pinged), 91% (when the patient was pinged) and 94% (in coordination trials). Based on the high 

accuracy, all trials were analyzed for the EEG analysis. 

 The mean (± SD) reaction time of correct responses was 1617 ± 345 ms when the agent 

was pinged, 1616 ± 357 ms when the patient was pinged, 1617 ± 345 ms for all event trials and 

1149 ± 349 ms for all coordination trials. The reaction times reported here were first averaged 

within subjects for all the correct trials, then averaged across subjects. Paired t-test (two-tailed) 

indicated no significant difference between the reaction times for agent ping trials and patient 

ping trials, t(15)=0.6, p=0.99. Paired t-test (two-tailed) revealed a significant difference between 
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the reaction times for event trials and coordination trials, t(15)=9.7, p<0.001, similar to the 

results in Experiment 3.1. 

   

3.2.2.2. EEG results 
 

Similar to Experiment 3.1, a cluster-based permutation test (Maris & Oostenveld, 2007) was 

performed on the responses to the event picture and the coordination picture in the time window 

of -200:3500 ms for the NSW ROI using customized MATLAB scripts. A cluster was identified 

in the negative slow wave (NSW) ROI, extending from 637 to 1109 ms after picture onset 

(p=0.006, Figure 3.8). As in Experiment 3.1, the difference manifested as an increased negativity 

for the event pictures relative to the coordination pictures in these posterior electrodes. We note 

that the amplitude of the sustained effect was somewhat smaller in Experiment 3.2 than 

Experiment 3.1, perhaps because of the shorter picture duration for encoding in Experiment 3.2 

(see Brady et al., 2016, for a similar correlation between encoding duration and effect size).  The 

scalp topography of this NSW effect was generally similar to the one obtained in Experiment 

3.1. The duration of the sustained effect appeared to extend just up through the onset of the ping 

screen, after which no significant differences were observed.  
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Figure 3.8 Illustration of the results for epochs time-locked to picture onset in the NSW 
ROI (electrodes P7 and P8, as marked by the stars in Figure b) for Experiment 3.2.  
(a) The significant cluster (637-1109 ms) is marked in red. (b) The scalp distribution average 
across the 637-1109 ms time window. NSW: negative slow wave; ROI: region of interest. 
 

 ERP responses to the delay-period agent ping and the patient ping in the event condition 

are illustrated in Figure 3.9. Similar to Experiment 3.1, a cluster-based permutation test (Maris & 

Oostenveld, 2007) was performed comparing the agent ping vs. patient ping conditions in the 

time window of -200:1800 ms using the same approach described above for the event picture 

comparison. No significant clusters distinguishing the agent ping and patient ping were identified 

in the CPP ROI, nor in the NSW ROI.  
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Figure 3.9 Illustration of the results for epochs time-locked to ping onset (-200:1800 ms) in 
the NSW ROI and the CPP ROI for Experiment 3.2.  
NSW: negative slow wave; CPP: centro-parietal positivity; ROI: region of interest. 
 

3.3. Discussion 
 

Our current experiments constitute one of the first electrophysiological studies directly 

addressing how event relations and event roles (i.e. agent and patient) are maintained in working 

memory. We report two key findings. First, across Experiments 3.1 and 3.2, we saw that the 

working memory retention of events (e.g., a tiger hit an elephant) relative to simple coordination 

(e.g., a tiger and an elephant) was hallmarked by a response similar to a negative slow wave 

(NSW) in posterior-occipital electrodes during the delay period. Maintenance of events resulted 

in a more negative sustained response compared to coordinations, suggesting higher working 

memory load based on the standard interpretations of the negative slow wave in prior studies. 

Our second finding was that in a novel agent vs. patient “pinging” manipulation during the delay, 

we observed no reliable difference over centro-parietal positivity electrodes or negative slow 

wave electrodes for agent as compared to patient. Interestingly, however, the sustained negative 

slow wave effect seemed to be largely dampened after the presentation of the ping, as observed 

to track the shift of the ping presentation timing from Experiment 3.1 to Experiment 3.2. 

 

3.3.1. Representing event relations in working memory 
  

The major difference between the event and coordination conditions was in whether or not an 

event relation needed to be represented across the delay period. The NSW effect in Experiment 

3.1 onset at ~ 450 ms and extended even until ~ 2500 ms; for Experiment 3.2, it onset at ~ 600 
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ms and extended until ~ 1100 ms (approximately when it was interrupted by the ping). This late, 

sustained effect across the two conditions suggests that event relations can be represented by 

sustained activity in working memory. Our current study, in demonstrating a neural measure 

sensitive to the maintenance of event relations, thus marks a crucial first step towards further 

elucidating the implementation-level question of how event relations are represented in working 

memory.  

 What brain regions contributed to the NSW effects in our current study? Although future 

work with source localization in MEG is needed, we believe that posterior parietal cortex is the 

most likely candidate. The relatively late onset of the sustained effect here is comparable to the 

trend towards a sustained effect for event representation in Hultén et al.'s (2014) MEG study, 

which they localized to posterior parietal cortex. Of course, a posterior parietal source would also 

be consistent with the previous work reviewed in the introduction emphasizing the contribution 

of this region to working memory (Becke et al., 2015; Bettencourt & Xu, 2016; Z. Fan et al., 

2012; K. Jia et al., 2021; Robitaille et al., 2010) and event representation (Centelles et al., 2011; 

Matchin, Brodbeck, et al., 2019; Matchin, Liao, et al., 2019; Thompson et al., 2007; J. Wang et 

al., 2016; Adina Williams et al., 2017). Moreover, the posterior parietal cortex has been observed 

to be involved in both linguistic and visual processing, suggesting that it is hosting conceptual 

representations (Baldassano et al., 2017; Ivanova et al., 2021; Jouen et al., 2015; C. Liu et al., 

2020; Menenti et al., 2012; Zadbood et al., 2017). Previous work (Summerfield et al., 2020) has 

proposed that the posterior parietal cortex plays a crucial role in representing “relational 

structures” (see also O’Reilly et al., 2022), yet the format of this representation remains elusive.  

One possibility consistent with the negative slow wave (NSW) effect during the maintenance of 

events vs. coordinations is that the event relation in an event is represented by a separate object 
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indexical apart from the two participants. If this were the case, it would have important and 

interesting consequences for our understanding of what pointers represent. If we think of the 

pointers for objects as deeply intertwined with intuitive physics (Balaban et al., 2024), it would 

seem unlikely a priori that these pointers should stand in for events, or for other relations 

between objects or events as a whole, as most people do not have the intuition that events or 

relations move in space. Therefore, these “relation indexicals” could be qualitatively different 

from the indexicals for objects; a possibility that could be tested in future experiments. However, 

given the absence of localization information in the current study, it is also possible that the 

NSW we observed was driven by other posterior parietal circuits (or even other brain regions). 

Further work is needed to disentangle these possibilities. 

 Interestingly, Lapinskaya et al. (2016) observed a late (from 500 ms to at least 800 ms) 

parietal-occipital ERP effect between object nouns vs. event nouns and verbs after the 

presentation of the second word in a two-word similarity judgement task. This effect had a 

similar scalp distribution to our current effect based on visual inspection. The object nouns were 

more positive over the posterior electrodes compared to verbs and event nouns, which mirrors 

the current results in which coordinations elicited a less negative response than events. However, 

Lapinskaya et al. (2016) used a single-word similarity judgment paradigm, which is quite 

different than the paradigm of our current study, and did not examine responses over an extended 

maintenance delay. 

 We should also note that some behavioral studies have shown that when two objects are 

involved in an event, participants can actually perform better on working memory tasks than 

when they are maintaining two separate objects (X. Ding et al., 2017; X. Lu et al., 2022; 

Paparella & Papeo, 2022; Stahl & Feigenson, 2014). This seeming contradiction with our current 
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results remains to be resolved in future research. One possibility is that the number of working 

memory indexicals used to encode the same input may vary according to task environments, as 

suggested by studies on visual grouping (Balaban & Luria, 2016; McCants et al., 2020; Rabbitt 

et al., 2017). Another possibility is that different numbers of indexicals may be used during 

encoding and maintenance phases, as suggested for visual grouping (Peterson et al., 2015; Thyer 

et al., 2022). 

 

3.3.2. Representing event roles in working memory 
 

In this study we introduced a novel “pinging” paradigm to attempt to observe evidence of the 

differential coding of event roles in working memory across the delay. One hypothesis was that 

event roles are coded similarly to magnitudes, and that this would be associated with differences 

in the electrodes previously associated with a centro-parietal positivity electrodes suggested to 

reflect magnitude coding. We failed to find evidence for this hypothesis, as we did not observe a 

significant effect of the pinged event role over CPP electrodes across the two experiments. This 

is not definitive evidence against magnitude coding of event roles, as the CPP may not be a 

general hallmark for all magnitudes. We also note that much of the existing pinging literature has 

relied on decoding rather than comparing mean differences. For example, Fornaciai & Park 

(2020), in a numerosity working memory task, identified a significant ERP difference upon 

sample presentation across conditions, yet failed to identify significant ERP differences upon 

ping presentation during the retention period across these conditions. In line with prior pinging 

literature, they did however observe that ping presentation was associated with above-chance 
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decodability. Further research is needed to investigate whether ERP amplitudes are generally 

insensitive to the perturbation responses elicited by pinging. 

  However, our failure to find agent-patient differences in the ping paradigm may also 

reflect the fact that magnitude coding is not the format by which event roles are related to object 

indexicals in working memory. There are clear theoretical challenges for representing event roles 

as magnitudes. For example, if we consider tools or instruments (e.g., Mary opened the bottle 

with the opener), it is hard to think of this role as being somewhere on a 1-D scale along the 

same line of agent and patient. This is different from other magnitudes (e.g., numerosity, 

magnitude of reward, and magnitude of evidence during decision-making), which can be 

understood as being represented on a 1-D magnitude scale.  

What are alternative encoding mechanisms beyond magnitude that could support event 

role representation? There are currently at least two other major hypotheses about the 

implementation of event roles. One is that different event roles, as features, are represented by 

different neural firing patterns. The other is that agent and patient roles are signaled by 

oscillatory phase. For example, it could be that when an object indexical is representing the agent 

object, it is most excited at one phase, while when the same object indexical is representing the 

patient object, it is most excited at another phase. The brain may make use of both 

representations for different purposes. Some evidence for the first hypothesis comes from an 

fMRI decoding study of J. Wang et al. (2016), which successfully decoded (above chance) from 

the response in a wide range of brain regions whether a certain animal was the agent or the 

patient in a visual scene. Versions of the second hypothesis have long been discussed in the 

computational literature (Hummel & Holyoak, 2003; A. E. Martin & Doumas, 2017; Shastri, 

1999, 2002, 2007; Shastri & Ajjanagadde, 1993), yet have only recently been tested by Peng et 
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al. (2017). Using the dense sampling method for identifying behavioral oscillations, Peng and 

colleagues found that the object indexicals for agents and patients are most excited at a ~90 

degree lag in the alpha band (~10 Hz). Results from several other studies are also in line with the 

possibility that when holding multiple objects (≥ 2) in working memory, different object 

indexicals are most excited at different oscillatory phases (Balestrieri et al., 2021; Chota et al., 

2022; J. Jia et al., 2017; Peters & Kriegeskorte, 2021; Pomper & Ansorge, 2021). Our current 

results do not provide strong evidence either for or against these hypotheses. 

 Another dispute over the representation of event roles is whether they are independent or 

dependent from the event type (see Alexander Williams, 2015, 2021). By relation-independent, 

we refer to abstract roles like agent and patient; by relation-dependent, we refer to action-specific 

roles such as hitter and hittee, hugger and huggee, etc. On the assumption that roles are relation-

dependent, one possibility is that the perception of an independent ‘agent’ role may come from 

different relation-dependent roles being aligned on some graded dimension of “agentivity” (for 

example, hitters may be more “agenty” than huggers). While a large body of literature in formal 

semantics assumes the existence of relation-independent roles (for discussions see Alexander 

Williams, 2021), Dowty (1991) suggested that (proto-)agents and (proto-)patients may rather be 

characterized by varying numbers of ‘typical’ features, which correspond to graded responses 

that some prior studies have empirically quantified with subjective ratings (Kako, 2006b, 2006a; 

Reisinger et al., 2015; Rissman & Lupyan, 2021, for studies with a similar logic using other 

ratings see Johnson, 1967; Madnani et al., 2010). More research is still needed to resolve this 

dispute, which in turn will inform whether neural studies should expect to find for consistent 

‘agent’ or ‘patient’ representations across event types. 
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3.3.3.  Sustained activity vs. activity-silent mechanisms 
 

Our current results are consistent with the idea that event relations can be maintained in working 

memory in the form of sustained neural activity, given that we observe a sustained ERP 

difference between the retention of events and coordinations. Although sustained activity has 

long been seen as a key mechanism for working memory representation (for reviews see Leavitt 

et al., 2017; X. J. Wang, 2021), at least two lines of research have argued that working memory 

retention can also sometimes be implemented by “activity-silent mechanisms” (Beukers et al., 

2020; Kamiński & Rutishauser, 2020; Lewis-Peacock et al., 2012; Rose et al., 2016; Stokes, 

2015) or other mechanisms that do not induce sustained changes in neural metabolism (e.g., 

Lundqvist et al., 2021; Wutz et al., 2020).  

 One line of research has utilized visual stimuli, and observed that the amplitude of CDA 

after presenting two consecutive memory arrays is not always reflective of the load of the first 

memory array (Berggren & Eimer, 2016; Feldmann-Wüstefeld et al., 2018; J. Zhang et al., 2021) 

and that a disruption in sustained activity is not necessarily accompanied by a huge impairment 

in memory performance (Kreither et al., 2022). Another line of research has utilized linguistic 

stimuli, and has observed that the maintenance of syntactic dependency is not always 

accompanied by the presence of the sustained component of SAN (sustained anterior negativity) 

(Cruz Heredia et al., 2021; Kaan et al., 2000; Lau & Liao, 2018; Lau & Yang, 2023; Lo & 

Brennan, 2021; McKinnon & Osterhout, 1996; Sprouse et al., 2021; Yano & Koizumi, 2018, 

2021; for an earlier review see Lau, 2018).  

 Our current experiment provides one of the first reports of how event relations are 

neurally represented across time in working memory. The sustained negative slow wave effect 

across events and coordinations in Experiment 3.1 and 3.2 demonstrated that the working 
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memory maintenance of event relations can be realized by sustained activity. However, as 

Experiment 3.2 confirmed, this sustained NSW effect was largely dampened by the ping, and yet 

participants continued to demonstrate high accuracy on the behavioral memory task. This is in 

line with previous findings in visual working memory studies that an interruption during 

retention dampened CDA (Berggren & Eimer, 2016; Feldmann-Wüstefeld et al., 2018; J. Zhang 

et al., 2021), yet resulted in little detriment to behavioral accuracy (Kreither et al., 2022)15. 

Together, these results suggest that the representational format of the memorandum may shift 

from sustained activity to activity-silent representation upon interruption. Therefore, our 

observation that the sustained difference was reduced after the ping suggests that although the 

working memory maintenance of event relations can be realized by sustained activity, it can also 

be represented in an activity silent format. 

 

3.3.4.  Event type and social interactions 
 

In the current study, we focused on how the brain reacts to whether or not there is an event 

relation at all in working memory, but not how the event type itself (e.g., hitting, kicking) is 

represented. Previous fMRI studies have converged on the posterior lateral temporal cortex 

(PLTC, Hafri et al., 2017; Walbrin & Koldewyn, 2019; Wurm et al., 2016; Wurm & Caramazza, 

2019a; Wurm & Lingnau, 2015) as hosting the representation for event types. Following our 

interpretation of the negative slow wave effect, it is possible that an indexical for event relations 

 
15 Notably, the reaction times seemed to be longer for Experiment 3.2 compared to Experiment 3.1, 
despite similar stimulus-onset asynchrony across the picture and the linguistic probe. This is in 
line with the observation in J. Zhang et al. (2021):  although holding content in the activity-silent 
mode for a longer time does not always come with a lower behavioral accuracy, it can come with 
a longer reaction time to the probe. 
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in the PPC (posterior parietal cortex) points to the event type represented in PLTC during 

working memory maintenance. However, evidence remains mixed on whether the event type 

representations in PLTC reflect the extraction of event types or the maintenance of event types in 

working memory, or both (X. Lu et al., 2016; H. Zhou et al., 2022).  

 The NSW effect in our current study could also be interpreted as reflecting social 

cognition computations in particular, related to the presence of social interaction for events. 

Future research would be needed to determine whether all event types can drive an NSW effect, 

or only social ones. Interestingly, some recent studies have suggested that some sub-regions in 

PLTC may favor the representation of social interactions over non-social ones (Wurm et al., 

2017; Wurm & Caramazza, 2019; Yang et al., 2020). 

 

3.3.5. Conclusions 
 

The current study provides one of the first attempts to discover ERP hallmarks for the conceptual 

representation of events vs. coordination and agent vs. patient roles in working memory. We 

observed a sustained difference during a delay period for maintaining conceptual information 

about events relative to coordinations in working memory, which resembled the posterior-

occipital negative slow wave (NSW) effect observed in previous visual working memory studies. 

Interestingly, a novel event role “pinging” manipulation also revealed that the NSW effect 

seemed to be largely dampened after the presentation of the ping. 

 Much future work still needs to be done to gain a better understanding of these 

electrophysiological hallmarks observed in our current study, such that they can be used to 
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investigate the format of event representation in working memory. The current study is an 

exploratory, yet necessary first step. 

 

3.4. Materials and methods 
 

3.4.1. Experiment 3.1 
 

3.4.1.1. Participants 
 

In total, 24 subjects participated in this experiment; they were balanced in terms of the list used 

in the main experiment. Of these subjects, data from 5 subjects were excluded: 1 of these 5 

subjects was excluded because of incomplete data. Data from the other 4 of the 5 subjects were 

excluded based on a procedure detailed in Section 4.1.5. The remaining 19 subjects analyzed had 

an age of 18-27 (M=22, 11 female), all right-handed as measured by a translated version of the 

Edinburgh Handedness Inventory (Oldfield, 1971). Subjects were recruited from the New York 

University Shanghai and East China Normal University community. Subjects received monetary 

reimbursement for their participation. Written consent was acquired from each subject, and the 

procedures were approved by the Institutional Review Board of the University of Maryland and 

New York University Shanghai. 

 

3.4.1.2. Stimuli 
  

144 “event pictures” about events involving two characters were constructed, adapted from 

stimuli used in Hultén et al. (2014). The Hultén et al. (2014) stimuli originally consisted of 
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cartoons depicting a single animal conducting a certain action or standing still (side-facing, used 

as the patients in event pictures, or front-facing, used in coordination pictures; for the definition 

of coordination pictures see below). 

 The characters used in the stimuli set were four animals (the elephant !", the lion #$

, the hippo %& and the sheep '(, therefore, there are 6 combinations). Each event involved 

one of 6 distinct actions (hitting ), pulling *+, kissing ,, pointing at -, pushing ., 

scolding /). From each of the 6 character duos (e.g., the elephant and the lion), each of the 6 

actions (e.g., hitting), and each of the 2 ways of allocating event roles (e.g., the elephant hitting 

the lion vs. the lion hitting the elephant), we constructed 72 unique event pictures. Note that due 

to the nature of the Hultén et al. (2014) stimuli (the animals performing an action were all right-

facing), the agent was always to the left in these 72 “original” pictures. Therefore, we created 

another 72 mirror-flipped pictures by mirror-flipping the 72 original pictures to balance the 

relative visual position of the two characters, thus resulting in 144 event pictures in total. 

 Another 12 “coordination pictures” were also constructed, with two characters (also 

within the elephant, the lion, the hippo and the crocodile) standing next to each other. For each 

animal pair (X,Y), we created separate pictures in which animal X is to the left or animal Y is to 

the left. 

 The same event (e.g., lion hitting elephant) was only presented once for each subject. In 

order to balance relative right/left positions, we distributed the 144 original and mirror-flipped 

pictures across two lists (list A and B), each containing 72 pictures representing unique events; in 

each list, a certain character had an equal probability of appearing to the left as agent, to the left 

as patient, to the right as agent, and to the right as patient. Besides, for each action, the 

probability of the agent being to the left was the same as the probability of the agent being to the 
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right. Both list A and list B contained an equal amount of original (i.e., 36) and mirror-flipped 

(i.e., 36) event pictures. Each list also included 72 coordination pictures (6 repetitions of each of 

the 12 coordination pictures). That is, each of the two lists consisted of 144 pictures in total (72 

event pictures and 72 coordination pictures); this corresponds to 144 trials that each subject went 

through (72 event trials and 72 coordination trials). For more examples of our picture stimuli, see 

Figure 3.12.  

 Each trial contained a single word “ping” stimulus during the delay between the picture 

and the probe linguistic expression. These stimuli were arranged so that within each list, (a) there 

was an equal probability for the agent on the left, the agent on the right, the patient on the left 

and the patient on the right to be pinged, (b) for each action, the agent and patient were equally 

likely to be pinged, (c) for each pinged character, there was an equal possibility that this 

character was the agent or the patient. 

 The format of probe linguistic expressions is illustrated in Table 3.1. In trials where an 

event picture (e.g., a picture depicting a lion hitting an elephant) had been presented (i.e. event 

trials), the linguistic expression (here, a sentence) either matched with the event picture (50% 

probability, e.g., “the lion hit the elephant”/”the elephant was hit by the lion”) or was different in 

event role assignment compared to the event picture (50% probability, e.g., “the elephant hits the 

lion”/”the lion was hit by the elephant”). The sentence was determined randomly to be in active 

or passive form. In trials where a coordination picture (e.g., a picture depicting a lion standing 

next to an elephant) had been presented (i.e. coordination trials), this linguistic expression (here, 

a phrase) either matched with the picture (50% probability, e.g., “the lion and the elephant”/”the 

elephant and the lion”) or was different in character compared to the coordination picture (50% 
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probability, e.g., “the lion and the hippo”, “the elephant and the hippo”, etc.). The order of the 

two animals was determined randomly. 

 

Table 3.1 Example of linguistic expressions presented in Experiment 3.1. 
event condition active expression #$ )0 !"       

pinyin transcription shizi da-le daxiang 

English translation 
lion 

hit-

ASP 
elephant 

"(the/a) lion hit (the/an) elephant" 

passive expression !" 1 #$ )0 

pinyin transcription daxiang bei shizi da-le 

English translation 

elephant BEI lion 
hit-

ASP 

"(the/an) elephant was hit by (the/a) 

lion" 

coordination 

condition 

coordination 

expression 
#$ 2 !" 

pinyin transcription shizi he daxiang 

English translation 
lion and elephant 

 "(the/an) elephant and (the/a) lion" 

 

3.4.1.3. Procedure 
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Each trial started with a “+” in the middle of the screen (for 500 ms) signaling the beginning of a 

trial. This “+” was followed by the presentation of an event picture for 1000 ms (for example, a 

picture depicting the lion hitting the elephant) or a coordination picture (for example, a picture 

depicting the lion standing next to the elephant). After 900 ms of a blank screen, a brief 

“pinging” word in larger font (250 pt) referring to one of the two characters (e.g., “lion” or 

“elephant”) was presented for 200 ms, in order to highlight the just-encoded character-role 

pairing maintained in working memory. This ping was followed by a blank screen for 600 ms, 

resulting in a total SOA (stimulus onset asynchrony) of 800 ms between ping presentation and 

the subsequent probe linguistic expression (a sentence or a phrase). After the delay period, a 

linguistic expression (see Table 3.1) appeared at the center of the screen, which either matched 

or did not match with the picture. The whole linguistic expression was presented on the same 

screen.  

Subjects were asked to make a response on the keyboard whether the linguistic expression 

matched with the picture in the same trial as fast and accurately as possible; subjects were 

allocated into two response hand groups: in one group subjects pressed “z” with the left hand 

when matching and pressed “m” with the right hand when not; in the other group subjects 

pressed “m” with the right hand when matching and pressed “z” with the left hand when not. 

Then a feedback screen displaying whether the choice was right (in green) or wrong (in red) was 

presented for 400 ms; if the subjects did not make the response within 5 s, the feedback screen 

would automatically appear, showing “no response” (in white). After the feedback screen, there 

was an inter-trial interval (ITI) uniformly random across 1000-2000 ms before the next trial. 

Within the ITI, a line of asterisks appeared on the screen; before the experiment, the subjects 

were encouraged to blink during this period, in order to reduce blinks within trials. Subjects were 
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instructed to always fixate on the center of the screen within a trial. For a schematic illustration 

of one trial in Experiment 3.1 see Figure 3.10. 

 

 

Figure 3.10 (A) Illustration of one trial in the event condition in Experiment 3.1; (B) 
illustration of one trial in the coordination condition in Experiment 3.1. 

 

 Before the main experiment, subjects were given 24 practice trials (12 event pictures, 12 

coordination pictures) randomly, constructed from two animals not involved in the experiment 
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(which is, the cow 34 and the crocodile 56) and all 6 actions. Two balanced lists of event 

pictures (each containing 12 event pictures) were similarly created. The practice trials were used 

to familiarize subjects with the verbs used for the actions, as well as the response for 

coordination sentences, etc. These 24 practice trials were administered repetitively until the 

subjects reached 100% accuracy on all 24 practice trials. Note that in practice trials, the 

unmatching linguistic expressions for coordination pictures were constructed by substituting one 

of the characters (i.e. the cow or the crocodile) for another animal that was not involved in this 

experiment (which is, the squirrel 78). This difference in the probe phrases compare to our 

main experiment was unlikely to affect our results, as this does not change essentially that in the 

coordination conditions, subjects were representing the two characters as two grouped entities. 

 In the main experiment, five self-paced breaks were given every 24 trials (there were in 

total 144 trials). The experiment was run with Psychtoolbox 3 (Brainard, 1997; Kleiner et al., 

2007) in MATLAB 2020b. The background of the screen was grey, and the texts were white. 

The pictures were created in 1600 × 1200 px, and were presented on the screen as 24° × 18°. All 

texts, except for the ping, were presented with a font size of 100 pt; the pings were presented 

with a font size of 250 pt. Subjects sat at a distance of 80 cm before the screen. 

 

3.4.1.4. Behavioral data analysis 
 

The reaction times were first averaged within subjects for all the correct trials, then paired t-tests 

were conducted across conditions in JASP 0.16.1 (JASP Team, 2022). 

 

3.4.1.5. EEG recording 
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EEG signal was recorded using a 32-channel active electrode system (Brain Vision actiCHamp; 

Brain Products) with a 1000 Hz sampling rate in an electromagnetically shielded and sound-

proof room. Electrodes were placed on an EasyCap, on which electrode holders were arranged 

according to the 10-20 international electrode system. The impedance of each electrode was kept 

below 10 kΩ. The data were referenced online to electrode Cz. Two additional EOG electrodes 

(HEOG and VEOG) were attached for monitoring ocular activity. The EEG data were acquired 

with Brain Vision PyCoder software (http://www.brainvision.com/pycorder.html) and filtered 

online between DC and 200 Hz with a notch filter at 50 Hz. 

 

3.4.1.6. EEG data analysis 
   

EEG data were analyzed using customized MATLAB (version: R2020b) scripts based on 

EEGLAB v2021.0 (Delorme & Makeig, 2004) and ERPLAB v8.20 (Lopez-Calderon & Luck, 

2014). Bad channels (identified by visual inspection, 0-1 channels for each subject) were first 

interpolated (spherical); throughout the whole analyzing pipeline, only scalp electrodes were 

included. Then the EEG data were re-referenced using average (because the ICLabel plug-in was 

trained on average-referenced data, Pion-Tonachini et al., 2019), then down-sampled to 256 Hz, 

using functions in EEGLAB. Then the data were filtered by an IIR Butterworth filter with a cut-

off at 0.01 Hz and 40 Hz using functions in ERPLAB (DC bias was also removed). Then ICA 

was conducted with the runica algorithm, and components that were labelled (using the ICLabel 

plug-in, Pion-Tonachini et al., 2019) with labels “Muscle”, “Eye”, “Heart”, “Line Noise”, or 

“Channel Noise” with a confidence of ≥ 90% were removed from data. Each subject had 0 to 2 

components removed. 
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 Epochs of -500:3500 ms were extracted (time locked to picture onset or ping onset), 

baseline corrected using the period -200 ms to 0 before picture onset. Epochs in which at least 

one electrode had a range of more than 100μV during the time interval of interest (picture: -

200:3500 ms, ping: -200:1800 ms) were excluded. For each subject, if there was at least one 

condition (i.e. event picture, coordination picture, agent ping, patient ping) that had fewer than 

20 epochs, this subject was excluded. This criterion excluded the 4 subjects mentioned in Section 

4.1, resulting in 19 subjects analyzed.  

 For the event picture vs. coordination picture comparison, we selected only -200:3500 ms 

epochs time-locked to picture onset that passed the above exclusion criteria (a range of no more 

than 100μV) in these 19 subjects. We first averaged the ERPs within subjects across epochs for 

each electrode. For the NSW ROI analysis, we averaged the response in the NSW ROI (P7 and 

P8) for each subject, then conducted cluster-based permutation test across time (Maris & 

Oostenveld, 2007) by the permutest() function (Gerber, 2021) comparing the response for the 

NSW ROI for event picture vs. coordination picture conditions. In the cluster-based permutation 

tests, first, potential clusters were identified with point-to-point paired t-test at a threshold of 

alpha = 0.05 (two-tailed). Then, the t values of these potential clusters were compared against a 

permuted (permutations = 9999) distribution of t values, with a threshold of alpha = 0.05 (two-

tailed). 

 For the agent ping vs. patient ping comparison, we selected only -200:1800 ms epochs 

time-locked to ping onset that passed the above exclusion criteria (a range of no more than 

100μV) in these 19 subjects. We first averaged the ERPs within subjects across epochs for each 

electrode. For the CPP ROI analysis, we averaged the response in the CPP ROI (CP1, CP2, Pz) 

for each subject, then conducted cluster-based permutation test (Maris & Oostenveld, 2007) by 
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the permutest() function (Gerber, 2021) comparing the response for the CPP ROI for agent ping 

vs. patient ping conditions. Because we did not observe significant clusters in this pre-

determined analysis, we then exploratorily conducted a cluster-based permutation test across 

time with the same parameters in each of the electrodes separately. 

 After beginning data analysis, we discovered an inaccuracy in the timing parameters of 

Experiment 1 which introduced jitter between the actual presentation of the picture and the 

recording of the event by the EEG system. Fortunately, a photodetector signal accompanied the 

ping presentation, allowing a precise estimation of its actual timing. We used this validated time 

estimate for the ping presentation to infer the timing of the picture presentation, but this means 

the estimate of the picture onset timing is less direct. In the Experiment 3.2 replication we used a 

different presentation code and oscilloscope testing to ensure precise temporal alignment of the 

trigger codes for both picture presentation and ping presentation.  

 

3.4.2. Experiment 3.2 
 

3.4.2.1. Participants 
 

In total, 23 subjects participated in this experiment. Of these subjects, data from 7 subjects were 

excluded: 2 subjects were excluded because of incomplete data; 1 subject was excluded because 

of low behavioral accuracy (63%); 4 subjects were excluded based on the same procedure as 

Experiment 3.1, detailed in Section 3.4.1.5. The remaining 16 subjects had an age of 18-30 

(M=24, 8 female). 13 of them were right-handed and 3 of them were left-handed, as measured by 

the Edinburgh Handedness Inventory (Oldfield, 1971). They were balanced in terms of the list 

used in the main experiment, the list used in the practice session, and response hand. Subjects 
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were recruited from the University of Maryland, College Park community. Subjects received 

monetary reimbursement for their participation. Written consent was acquired from each subject, 

and the procedures were approved by the Institutional Review Board of the University of 

Maryland. 

 

3.4.2.2. Stimuli 
 

The picture stimuli in Experiment 3.2 were the same as Experiment 3.1. The probe linguistic 

expressions in Experiment 3.2 were the same, except that they were in English: e.g., “the lion 

pointed at the elephant”, “the sheep was hit by the lion”, “the lion and the hippo”. The pings in 

Experiment 3.2 were English words in capital letters, e.g., “LION”. 

 

3.4.2.3. Procedure 
 

The procedure of Experiment 3.2 is generally similar to Experiment 3.1, except for the timings 

and font sizes (modified because of a smaller screen). Each trial started with a “+” in the middle 

of the screen (for 500 ms) signaling the beginning of a trial. This “+” was followed by the 

presentation of an event picture for 400 ms or a coordination picture. After 875 ms of a blank 

screen, a brief “pinging” word in capital letters and larger font (100 pt) referring to one of the 

two characters (e.g., “LION” or “ELEPHANT”) was presented for 200 ms, in order to highlight 

the just-encoded character-role pairing maintained in working memory. This ping was followed 

by a blank screen for 1500 ms. After the delay period, a linguistic expression in English appeared 

at the center of the screen, which either matched or did not match with the picture. The whole 

linguistic expression was presented on the same screen.  
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 Subjects were asked to make a response on the keyboard whether the linguistic 

expression matched with the picture in the same trial as fast and accurately as possible. Then a 

feedback screen displaying whether the choice was right (in green) or wrong (in red) was 

presented for 400 ms; if the subjects did not make the response within 5 s, the feedback screen 

would automatically appear, showing “no response” (in white). After the feedback screen, there 

was an inter-trial interval (ITI) uniformly random across 1000-2000 ms before the next trial. 

Within the ITI, a line of asterisks appeared on the screen; before the experiment, the subjects 

were encouraged to blink during this period, in order to reduce blinks within trials. Subjects were 

instructed to always fixate on the center of the screen within a trial. For a schematic illustration 

of one trial in Experiment 3.2 see Figure 3.10. 

 The background of the screen was grey, and the texts were white. The pictures were 

presented on the screen as 24° × 18°. All texts, except for the ping, were presented with a font 

size of 30 pt; the pings were presented with a font size of 100 pt. The distance between the 

subject and the screen was measured individually. 
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Figure 3.11 (A) Illustration of one trial in the event condition in Experiment 3.2; (B) 
illustration of one trial in the coordination condition in Experiment 3.2. 
 

3.4.2.4. Behavioral data analysis 
 

Same as Experiment 3.1. 
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3.4.2.5. EEG recording 
 

Twenty-nine tin electrodes were held in place on the scalp by an elastic cap (Electro-Cap 

International, Inc., Eaton, OH) in a 10-20 configuration. Bipolar electrodes were placed above 

and below the left eye and at the outer canthus of both eyes to monitor vertical and horizontal 

eye movements. Additional electrodes were placed over the left and right mastoids. Scalp 

electrodes were referenced online to the left mastoid. The ground electrode was positioned on the 

scalp in front of Fz. Impedances were maintained at less than 20 kΩ for all scalp electrode sites, 

and less than 10 kΩ for mastoid and ocular electrodes. The EEG signal was amplified by a 

NeuroScan SynAmps® Model 5083 (NeuroScan, Inc., Charlotte, NC) with a bandpass of 0.05–

100 Hz and was continuously sampled at 500 Hz by an analog-to-digital converter. 

 

3.4.2.6. EEG data analysis 
 

The analysis pipeline was the same as Experiment 3.1 (Section 3.4.1.6), except that for 

Experiment 3.2, the CPP ROI was Cz, CPz and Pz. There were 0-3 interpolated bad channels for 

each subject, and 0-1 ICA component was removed for each subject. 
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Figure 3.12 Examples of the event pictures and coordination pictures used in the current 
experiment.  
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4. Chapter 4 

 

In this chapter, we report EEG evidence suggesting that linguistically-derived mental objects 

recruit pointers in working memory similar to visually-derived ones. 

 

4.1. Introduction 
 

In our moment-to-moment cognition, we often need to keep one or more “objects” in the mind. 

These mental objects can be derived from a variety of sources, from direct visual input, to 

speech, to spontaneous thought (Brodbeck et al., 2016; Fukuda & Woodman, 2017). For 

example, the representation of a particular cat could be set up in the mind based on actually 

seeing a cat, or being told about a cat via spoken or sign languages. The most commonly studied 

scenario is when these objects are derived from direct visual input in recent history (i.e., within 

the same trial or experimental session). For example, in a trial of a typical visual working 

memory study (e.g. Luria et al., 2016), participants first see a memorandum consisting of one or 

more objects. After a short delay, they need to respond to a probe. To respond to whether the 

probe matches with the memorandum, one needs to hold the memorandum objects in mind 

across the delay. In this case, mental objects are derived from a direct visual source in recent 

history (i.e., the presented memorandum). 

 What about non-visually derived mental objects? Two opposing hypotheses reside in 

previous literature on cognitive science, including the philosophy of mind. Some propose that a 

difference in source suggests separate mental “slots” to represent these objects (Brody, 2020; 

Brody & Csibra, 2025; Murez et al., 2020), while others hypothesize that a common set of 
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mental slots can be employed to represent objects derived from different sources (Brodbeck et 

al., 2016; Yu, 2025; Yu & Lau, 2023). According to the latter hypothesis, holding multiple cat 

individuals in the mind after viewing them or based on linguistic instructions (e.g., being told 

that “I saw a brown cat and a yellow cat yesterday in our yard”) would tax shared object-based 

resources in the mind, which would not be predicted by the former hypothesis. Of note, recent 

years have seen advances in understanding the nature of mental “slots”, particularly in the 

domain of visually-derived mental objects. Advancing from the somewhat vague conception of 

“slots”, recent theories propose that an object is mentally registered by a content-free pointer (or 

token, indexical), acting as a mental stand-in for this object and binding its features together 

(Awh & Vogel, 2025; Balaban et al., 2019; Ngiam, 2024; Swan & Wyble, 2014; Thyer et al., 

2022; Wei et al., 2024; Yu & Lau, 2025). Critically, in this view, pointers are represented 

separately from features, corresponding to object-based load and feature-based load respectively. 

Empirically, object-based load can be isolated by controlling for the amount of features (Balaban 

& Luria, 2017; Naughtin et al., 2016). For example, four objects with the same color are 

expected to tax comparable feature-based load as one object with this color, while differing in 

object-based load, i.e., the number of pointers taxed (Gao et al., 2011; Naughtin et al., 2016; Y. 

Xu, 2009).  

Accompanying this theoretical trend, recent years have seen a surge in interest in 

exploring neural markers tracking the number of pointers in moment-to-moment processing 

(Jones, Diaz, et al., 2024; Jones, Thyer, et al., 2024; Thyer et al., 2022; Yu, in press). For 

example, an evoked response—the negative slow wave (NSW)—appears to track visual working 

memory load (Feldmann-Wüstefeld, 2021; Fukuda et al., 2015; Yu, Li, et al., 2024). However, a 

trial in the current mental imagery study necessarily takes multiple seconds, and evoked 
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sustained responses over longer EEG epochs are easily derailed by much larger yet non-neural 

drifts (Kappenman & Luck, 2010; Luck, 2014). In the current study, we instead examine 

posterior alpha power (8-12 Hz). Analysis of the alpha band is unlikely to be affected by slow 

drifts at multi-second level, and alpha power is also known to track visual working memory load 

(Diaz et al., 2021; Fukuda et al., 2015; Fukuda & Woodman, 2017). Encouragingly, posterior 

alpha power tracks object-based load when the number of features and the spatial extent of 

attention are controlled for (Chen et al., 2024). This allows us to use posterior alpha power as a 

measure of the number of pointers a participant is currently holding in mind.  

Unlike existing studies with visual stimuli, in the current study, we examine a non-visual 

scenario—using verbal instructions to generate visual imagery—and we test whether object-

based load in this case modulates posterior alpha power in a similar fashion to visually-derived 

object load. Specifically, we asked participants to imagine objects (identical in features) in the 

mind based on auditory speech instructions during eye closure. These objects were not visually 

presented to the participants at all (Figure 4.1A). Intriguingly, we found that speech-induced 

mental object load also suppresses posterior alpha power, similar to what was previously 

reported for visually-induced mental object load. This suggests that both visually and non-

visually induced objects rely on a shared set of pointers in the mind.  
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Figure 4.1 Left posterior alpha power inversely predicts speech-induced mental imagery 
load.  
(A) Illustration of the procedure of a trial in our Experiment 4.1. (B) Average alpha power during 
the imagine-more phase and the preceding 1000 ms in the left posterior ROI. Data were all 
resampled to 500 Hz and smoothed with a sliding 100 ms window for visualization. For the data 
pattern across the entire epoch see Figure 4.2. (C) Average alpha power across the imagine-more 
phase for the left posterior ROI. Error bars represent standard error across participants. *: p < 
0.05. (D) Model comparison for the left ROI, between a GLME model with three load levels and 
one with only two load levels (load < and > 3), on adjusted R2 and AIC.  
 

4.2. Experiment 4.1: Materials and Methods 
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4.2.1.  Participants 
 

The entire dataset consists of 52 participants (age 18-29, 31 female), half tested in Shanghai, and 

half tested in Maryland. The sample sizes for each testing site were identical, and are comparable 

to previous studies on posterior alpha power for visually-induced object load (Fukuda et al., 

2015; Fukuda & Woodman, 2017). The participants received monetary reimbursement or course 

credits for their participation. Two additional participants were excluded from analysis because 

of not completing all trials (N = 1) or because a reference electrode became dislodged during the 

recording (N = 1). Participants in Shanghai were administered stimuli in Mandarin Chinese, and 

participants in Maryland were administered stimuli in English; they were all proficient in the 

corresponding language. The procedures are approved by the IRBs of New York University 

Shanghai and University of Maryland College Park. 

 

4.2.2.  Stimuli 
 

For each language (Mandarin Chinese and English), we constructed 28 adjective-noun phrases 

by crossing 6 monosyllabic color adjectives with 5 monosyllabic concrete nouns. 2 phrases out 

of the 30 combinations were excluded for each language for semantic ambiguities (e.g., “red 

shirt” may also mean “non-essential”). The adjectives and nouns for Chinese are hong2 (red); lü4 

(green); huang2 (yellow); lan2 (blue); bai2 (white); hei1 (black); hua1 (flower); zhi3 (paper); bi3 

(pen); che1 (car); wan3 (bowl). The adjectives and nouns for English are black, blue, gray, green, 

red, white, car, mug, shirt, spoon, bowl. The two lists are necessarily not exactly the same in 

meaning as some words are only monosyllabic in one language.  
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 For each phrase, we generated an “imagine-one” sentence in the following form: Please 

imagine a [adjective] [noun] (Chinese: 请想象⼀ [classifier] [adjective] [noun]). The imagine-

one sentence spans 2100 ms in Chinese and 2200 ms in English. For each phrase, we also 

generated an “imagine-more” sentence in the following form: Please add [one/three/five] more 

[adjective] [noun] like this to your imagination (Chinese: 请在想象中增加 [one/three/five] 

[classifier] 这样的 [adjective] [noun]). The imagine-more sentence had a duration of 4200 ms in 

Chinese and 5000 ms in English, and the number word had an onset at 2100 ms for Chinese and 

800 ms for English. The sentences were synthesized with built-in Mac OS voice with consistent 

speech rate and syllable durations (Chinese voice: “Ting-Ting”; English voice: “Alex”). Each 

synthesized segment was normalized to the same intensity in Praat (Boersma, 2001).  

 

4.2.3.  Procedure 
 

In each trial, the participants first saw a fixation cross for 1000 ms. Then they saw an instruction 

of “close your eyes then press space” on the screen, where they were instructed to first close their 

eyes, and subsequently press the spacebar to start a trial. After 1200 ms (Shanghai) or 8200 ms 

(Maryland), they heard one of the imagine-one sentences, e.g., “Please imagine a red car”. We 

chose to extend the time period between eye closing and onset of imagine instructions for the 

Maryland dataset because of recent observations that posterior alpha power may take several 

seconds to plateau after eye closure (Geller et al., 2014; Wöstmann et al., 2020). The participants 

were given a 3000 ms period to continue imagining the object, which we term the ‘imagine-one 

phase’. Then, they heard one of the imagine-more sentences with the same adjective-noun 

combination, e.g., “Please add three more red cars like this to your imagery”. This imagine-one-
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then-more procedure ensures that each imagined object was comparable in size across the three 

load conditions, mirroring the case of typical visual working memory experiments (Fukuda et al., 

2015; Fukuda & Woodman, 2017; Y. Xu & Chun, 2006). Following the imagine-more 

instruction, participants were given a 3000 ms period to continue imagining the object, which we 

term the ‘imagine-more phase’. Participants were explicitly instructed at the start of the 

experiment to imagine multiple objects simultaneously in the mind. Afterwards, they heard the 

command “stop”, and they were instructed to open their eyes and stop imagining. A self-paced 

inter-trial interval then followed before the start of the next trial. In line with the 84 imagine-

more sentences, each participant went through 84 trials accordingly in random order. Prior to the 

main experiment, they were administered three practice trials with the adjective-noun 

combination of “green birds” (not present in the main experiment) to familiarize them with the 

procedure. The participants were also familiarized with the experimental word list beforehand to 

ensure they had no trouble comprehending the synthesized speech. Auditory stimuli were 

delivered binaurally via earphones for the Shanghai participants, and via a loudspeaker placed 

centrally in front of the Maryland participants. 

 

4.2.4.  EEG recording 
 

Shanghai site. EEG was recorded from 32 electrodes mounted in an electronic cap (EasyCap; 

Brain Vision actiCHamp; Brain Products) according to the 10/20 system (FP1, Fz, F3, F7, FT9, 

FC5, FC1, C3, T7, TP9, CP5, CP1, Pz, P3, P7, O1, Oz, O2, P4, P8, TP10, CP6, CP2, C4, T8, 

FT10, FC6, FC2, F4, F8, FP2, Cz) at a sampling rate of 1000 Hz. Two additional EOG 

electrodes (HEOG and VEOG) were attached for monitoring ocular activity. The data were 
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referenced online to electrode Cz. Impedances were maintained below 25 kΩ. The EEG signals 

were filtered online between DC and 200 Hz with a notch filter at 50 Hz. 

 

Maryland site. EEG was recorded from 29 electrodes mounted in an electronic cap (Electro-Cap 

International Incorporated; SynAmps; Neuroscan) according to the 10/20 system (FP1, FP2, F7, 

F3, FZ, F4, F8, FT7, FC3, FCZ, FC4, FT8, T7, C3, CZ, C4, T8, TP7, CP3, CPZ, CP4, TP8, P7, 

P3, PZ, P4, P8, O1, O2) at a sampling rate of 500 Hz, with an additional electrode placed 

anterior to Fz as ground. Bipolar HEOG and VEOG electrodes were attached for monitoring 

ocular activity The data were referenced online to the right mastoid. Impedances were 

maintained at less than 25 kΩ for all scalp electrode sites, and less than 10 kΩ for mastoid and 

ocular electrodes. The EEG signals were filtered online between 0.05 and 100 Hz. 

 

4.2.5.  EEG data processing 
 

EEG data were analyzed with customized MATLAB scripts (with EEGLAB and ERPLAB). Bad 

channels, if any, were interpolated spherically (0-1 for each participant, mean = 0.05). After 

removing DC bias, raw data from the scalp electrodes were re-referenced to their average, and 

then passed through a 0.1-40 Hz (cutoff frequencies) Butterworth filter. After that, ICA was 

conducted with the runica algorithm, and components that were labeled with “Muscle,” “Eye,” 

“Heart,” “Line Noise,” or “Channel Noise” with a confidence higher than 90% were removed 

from data, based on ICLabel (Pion-Tonachini et al., 2019). On average 0.4 components were 

removed for each participant. 
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To extract alpha power activities, data was subsequently bandpass-filtered with cutoff 

frequencies of 8 and 12 Hz with a Butterworth filter. Alpha power for each time point and 

electrode was calculated by squaring the analytic signal derived from Hilbert transformation 

(Adam et al., 2015; Foster et al., 2015). Epochs were extracted from 1000 ms before the offset of 

imagine-one sentences, until the end of the imagine-more phase. A very small proportion of 

epochs (0.27%) containing incidental presentation-timing fluctuations were excluded from the 

Chinese dataset. For each participant, outlier trials were excluded in case any electrode had a 

range more than 3 standard deviations from the mean range of that electrode over all trials. This 

resulted in 1,763 remaining (81% of all trials; two: 578; four: 597; six: 588) epochs in the 

Chinese dataset and 1,847 remaining (85% of all trials; two: 600; four: 625; six: 622) epochs in 

the English dataset. To facilitate comparisons across participants, alpha power in arbitrary units 

was then converted to decibels (dB) relative to the mean amplitude of the 1000 ms preceding the 

imagine-one phase (de Vries et al., 2017; Zeng et al., 2024). Guided by prior studies suggesting 

hemispheric differences in alpha power during mental imagery (Benedek et al., 2014; Moore & 

Lux, 1987), we treated the left (O1, P7) and right (O2, P8) posterior channels as separate ROIs. 

The time window of interest was the imagine-more phase, the imagination period immediately 

following the offset of the imagine-more sentence. Posterior alpha power was calculated by 

averaging the responses within the time windows and ROI channels for each trial. 

 

4.2.6.  Statistical analyses 
 

To quantify the effect of load (2, 4 and 6) and ROI (left, right) on posterior alpha power during 

the imagine-more phase, we employed a generalized linear mixed-effect (GLME) model on trial-
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level data, with load, ROI and their interaction as fixed effects. Trial number was included as a 

random effect along with participant ID and recording site (Shanghai or Maryland) in this first 

model in order to account for trial-level relationships between the left and right ROI 

measurements: Posterior alpha power ~ 1 + load + ROI + load×ROI + 

(1|participant:site:trial). The response variable was modeled with a normal distribution and 

linked with an identity function. 

After establishing the interaction effect between load and ROI, we then analyzed the data 

for the left and right ROIs separately. As there was only one value in each trial, in this model we 

included only participant and recording site as random effects: Posterior alpha power ~ 1 + load 

+ (1|participant:site). Load and alpha power were z-scored prior to analysis. To 

complementarily examine “pairwise differences” between load conditions, we administered 

complementary GLME analyses, where load was instead coded as dummy variables: (a) two 

variables representing the effect of load 4 relative to 2, and load 6 relative to 2, or (b) two 

variables representing the effect of load 2 relative to 6, and load 4 relative to 6. 

 In order to evaluate whether there was a plateau beyond ~ 3 items for the left ROI, we 

compared across two GLME models: one with three categorical load levels, and one with only a 

distinction between load < 3 and load > 3. The models were compared with a log-likelihood ratio 

test, and also on AIC (Akaike information criterion) and adjusted R2 (cf. Yu, Thakurdesai, et al., 

2024). All reported p-values are two-tailed. 

 

4.3. Results 
 



 

 

106 
 

GLME analysis revealed a significant interaction effect between ROI (left, right) and load: β = 

0.023, SE = 0.011, t = 2.13, p = 0.033. Based on this interaction effect, we then analyzed the left 

and right ROIs separately. A significant effect of load was found in the left ROI, β = -0.031, SE 

= 0.015, t = -2.01, p = 0.044, but not in the right ROI, β = -0.007, SE = 0.015, t = -0.46, p = 0.64 

(Figure 4.1B, C). This lateralization effect was consistent with the visual impression from scalp 

distributions (Figure 4.2). Complementary GLME analysis on the left ROI revealed a significant 

difference between load 2 and 6 (β = -0.075, SE = 0.037, t = -2.01, p = 0.044), and a numerical 

trend between load 2 and 4 (β = -0.055, SE = 0.037, t = -1.48, p = 0.14). Coding the dummy 

variable instead relative to the load 6 condition, we similarly found a significant difference 

between load 2 and 6 (β = 0.043, SE = 0.022, t = 2.01, p = 0.044), but not between load 4 and 6 

(β = -0.012, SE = 0.021, t = -0.54, p = 0.58). 

 A GLME model with three load levels (adjusted R2 = 16.25%, AIC = 9719.5) did not 

outperform a similar model only with two load levels (with only a distinction above and below 3, 

adjusted R2 = 16.27%, AIC = 9717.8), mirroring the results of the log-likelihood ratio test, χ2(1) = 

0.29, p = 0.59. Rather, the three-load-level model had numerically lower adjusted R2 and higher 

AIC (Figure 4.1D). Taken together, modeling load conditions as three levels appeared not to be 

necessary, compared to the two-load-level model. 

 

4.4. Discussion 
 

4.4.1.  Left posterior alpha power reflects object-based mental object load 
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With a novel imagine-one-then-more paradigm leveraging 3,610 EEG trials from 52 participants, 

we observed that left posterior alpha power decreases as object-based imagery load increases, 

when these mental objects were derived from a non-visual source: auditory speech instructions 

for imagery during eye closure. This load effect was object-based rather than feature-based, since 

participants were asked to imagine identical objects with shared features. Moreover, the alpha 

power appeared to plateau beyond ~ 3 items. This load-dependent and capacity-limited pattern is 

in line with what has been observed for visually-induced object-based load (Chen et al., 2024; 

Fukuda et al., 2015; Fukuda & Woodman, 2017).  

Intriguingly, our current EEG effect was left-lateralized. Indeed, the laterality of mental 

imagery has long been debated (Brown & Kosslyn, 1993; Ehrlichman & Barrett, 1983; J. Liu et 

al., 2022). Interest in this topic traces back to earlier neuropsychological investigations with e.g., 

split-brain patients whose corpus callosum was removed. For example, Farah and colleagues 

(1985) tested one such patient on a task where they would see an uppercase letter, and respond to 

whether the corresponding lower case letter only occupied the “middle” vertical range (e.g., a, c, 

e) or extended into upper or lower spaces (e.g., b, d, y). This task was believed to reflect mental 

imagery as one would need to imagine the exact shape of the lowercase letters. Strikingly, the 

patient could only perform such task above chance when the uppercase letter was presented in 

the right visual field, corresponding to the left hemisphere. In contrast, other studies suggest a 

primary role of the right hemisphere for face imagery (Bowers et al., 1991). As mental imagery 

is a multi-component construct consisting of at least the representation of pointers and features, 

as well as temporally distinct phases such as formation and maintenance (Farah, 1984; Kosslyn 

& Shwartz, 1977), the answer to the laterality question is unlikely simple. In other words, it is 

unlikely that mental imagery only relies on the left or right hemisphere. The exact brain regions 
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recruited and their laterality may depend on a range of factors including the content that is 

imagined (e.g., objects vs. faces, Liu et al., 2022) and the cognitive computations required by the 

task (Hu & Yu, 2023; Kosslyn, 1988). While our current study was not designed to adjudicate 

this long-standing debate, we observed that imagery load for objects induced a left-lateralized 

EEG response. Given the limited spatial resolution of EEG, future studies employing 

neuroimaging methods with higher spatial resolution (e.g., MEG) will be critical in clarifying the 

laterality of neural sources for this effect. 

 

4.4.2.  The capacity of mental imagery 
 
Our current results suggest that posterior alpha power plateaued beyond ~ 3 items, in line with 

the well-established object-based capacity limits for visual working memory (~ 3 items; Cowan, 

2001; Awh et al., 2007; Zhang and Luck, 2008; Bengson and Luck, 2016). This is similarly 

consistent with the hypothesis that mental imagery makes use of the same object-based pointer 

system as standard visual working memory.  

Interestingly, a recent study by Balaban and Ullman (2024) argued that participants could 

only simulate gravity-constrained movements of obscured visual items serially, even comparing 

two items to one item. In that study, participants needed to respond to when balls – based on 

gravity – would fall onto the ground, where only the initial part of the trajectories was shown. 

This means that the participants needed to mentally continue the trajectories temporally. For one 

ball, participants’ temporal estimate aligned linearly with the actual timing. However, when two 

balls were presented, although participants’ estimate for each item correlated well with the actual 

timing, one of the balls was consistently estimated as falling late – by about 600 ms. The authors 

took this to reflect a serial process instead of a parallel simulation process, implying a one-item 
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capacity in this task. This intriguing result poses a seeming discrepancy with our current results, 

as a capacity limit of one item was suggested, instead of ~ 3. We hypothesize that the one-item 

capacity limit observed in Balaban and Ullman (2024) arose from the communication bottleneck 

between object-based representations and the intuitive physics system. In our current task, 

participants only needed to represent items in the mind, while these items do not need to partake 

in computations such as the ones related to intuitive physics. Taken together, our findings and 

those of Balaban and Ullman (2024) call for future research to further characterize the capacity 

limit(s) for mental imagery representations per se and downstream computations. 

 

4.4.3.  Is “mental object” one or multiple natural kinds? 
 

We demonstrated that mental objects created by linguistic instructions also drive posterior alpha 

suppression, similar to mental objects created by direct visual experience in recent past. This 

suggest that these two types of mental objects may be supported by the same system. Do all 

“objects” belong to the same ‘natural kind’ in this sense? This is not necessarily the case: for 

example, although phonological units (e.g., phonemes, syllables) have been seen as “auditory 

objects” (Griffiths & Warren, 2004), increasing the load of phonological units is accompanied by 

an increase of posterior alpha power (Proskovec et al., 2019) as opposed to a decrease. This may 

suggest that phonological units belong to another category of mental objects. Therefore, more 

studies with a variety of tasks and modalities need to be conducted in order to carve the joints of 

“mental objects”, i.e., what kind of mental objects belong to the same natural kind, and where to 

draw the lines among different natural kinds (Yu, 2025). This proposed line of research can thus 

also serve as an empirical reply to the long-lasting debate in the philosophy of mind, as to 
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whether our brain has one vs. many symbolic systems (i.e., Language of Thoughts; Fodor, 1975; 

Mandelbaum et al., 2022), by focusing on the extent to which the same “mental objects” – the 

building blocks of symbolic computations in the mind – are truly shared across different tasks, 

modalities and neural systems. 

 

4.5. Conclusion 
 

We found that object-based load of mental objects derived from speech (a non-visual source) 

modulates left posterior alpha power, in a mental imagery task while participants’ eyes were 

closed. This pattern resembles what has been observed for visually-derived mental object load, 

where these mental objects are derived from direct visual input in recent history (e.g., in visual 

working memory delay-match-to-sample tasks). This suggests that object-based load for mental 

objects from difference sources may be accounted for by a shared neural resource. Taken 

together, our results support the hypothesis that mental objects tax a shared set of pointers in the 

mind, irrespective of their source modality. 
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Figure 4.2 Posterior alpha power in the left and right ROIs, illustrated across the full time 
period of the trial from the imagine-one phase to the end of the imaging-more phase. 



 

 

112 
 

 
Figure 4.3 Posterior alpha power during the imagine-more phase and scalp distribution for 
the English and Chinese participants respectively.  
Error bars represent standard error across participants. 
 

4.6. Future directions 
 

What would be stronger evidence that discourse referents (derived from language) and objects 

derived from vision share the same set of pointers? In our current case, objects are derived from 

language, but in language comprehension, we do not seem to always phenomenologically 

construct visual imagery in the mind, yet we appear to be able to track discourse referents all the 

time. In other words, visual imagery appears not to be compulsory for representing discourse 
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referents. In order to test whether the current results extend to cases where little to no 

phenomenological visual imagery is involved, future studies could utilize sentences that are 

harder to visualize (e.g., “John likes singing and Mary likes dancing”, Figure 1.1), without 

explicit instructions to imagine visually, and with individuals that have little to no visual imagery 

(e.g., aphantasia).  
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5. Chapter 516 
 

In this chapter, we report evidence for a novel neural MEG sensor-level hallmark for pointers in 

visual working memory tasks: the right posterior activity (RPA). 

 

5.1. Introduction 
  

Visual working memory (VWM, or visual short-term memory, VSTM) for objects is a crucial 

yet extremely capacity-limited faculty for humans (Bays et al., 2024; Cowan, 2001; Fukuda et 

al., 2010; Luck & Vogel, 1997; Ma et al., 2014; Y. Xu, 2017; W. Zhang & Luck, 2008). Recent 

work has attempted to reconcile earlier debates between “object-only” or “feature-only” theories 

of the capacity limit with theories of VWM architecture that contain elements of both and are 

thus better able to account for the ever-growing body of experimental findings at the same time 

(for a review see (Ngiam, 2024)). One such proposal is that VWM is implemented by a capacity-

limited, content-free set of pointers (Swan & Wyble, 2014; Thyer et al., 2022; Y. Xu & Chun, 

2006; Yu & Lau, 2023): the finite set of pointers (or indexes/indexicals/tokens) act as stand-ins 

for each individual object in the mind (Balaban et al., 2023, 2024; Pylyshyn, 1989), and bind 

features together for the corresponding objects. For example, to represent an individual red 

square, a pointer would be set up in the mind that binds the RED feature and the SQUARE 

feature together. This is different from traditional conjunctive coding, where a given neuron 

might only respond to the combination of RED and SQUARE, because in a conjunctive code a 

 
16 This chapter contains content published as Yu, X., & Lau, E. (2025). A finite set of content-
free pointers in visual working memory: magnetoencephalography (MEG) evidence. 
NeuroReport, 36(3), 153-160. 
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unit always responds to this particular combination, and in that sense both red and square are part 

of its “content”. In contrast, a content-free pointer has no permanent content, as it can bind 

different features from moment to moment (B. Park et al., 2020; K. Zhou et al., 2010). In this 

sense, neither the RED feature nor the SQUARE feature is represented within the pointer itself. 

This model, therefore, has allowed for separate capacity limits for pointers and visual features 

(Bowman & Wyble, 2007; Green & Quilty-Dunn, 2021; Hedayati et al., 2022; Swan & Wyble, 

2014; B. Wang et al., 2017). Per theory, the representation for pointers in the brain, if any, needs 

to meet the following three criteria: (1) load-dependent: that this representation co-varies with 

(within-capacity) VWM load; (2) capacity-limited (i.e., finiteness): that this representation 

reaches some kind of plateau or homeostasis beyond VWM capacity (of ~ 3 objects); (3) 

content-free: the pointers contain only addresses, not the features themselves, and their function 

is to bind the addressed features together. The current study looks for such neural responses in 

MEG (magnetoencephalography). Recent EEG (electroencephalography) evidence supports the 

existence of content-free representations in VWM with machine-learning multivariate decoding 

(Thyer et al., 2022) or univariate event-related potentials (Balaban et al., 2019, 2023; K. E. 

Wilson et al., 2012); however, it’s yet unclear whether these neural markers reflect the capacity 

limit. Furthermore, earlier fMRI (functional magnetic resonance imaging) evidence in fact 

suggested univariate representations in the brain that meets all three criteria, in regions including 

the posterior parietal cortex (Naughtin et al., 2016; Y. Xu & Chun, 2006). The limitation of 

fMRI, however, is that it is hard to tell apart perceptual and VWM processes temporally; 

methods such as EEG and MEG have superior temporal resolution. Here we offer MEG evidence 

supporting the existence of VWM pointer representations that meet all three criteria: A right 
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posterior MEG component is load-dependent, capacity-limited (finite) and content-free at the 

same time.  

 Previous MEG studies have identified load-dependent, capacity-limited responses during 

VWM in left and right posterior channels (Mitchell & Cusack, 2011; Robitaille et al., 2009, 

2010), but with a bilateral-presentation paradigm and a lateralized change-detection task17, with 

the hope of finding a CDA [contralateral delay activity]-like response as in EEG. For EEG, 

posterior responses contralateral to the attended side were found to be modulated by VWM load, 

while ipsilateral responses are minimally affected by VWM load (Arend & Zimmer, 2011). 

Moreover, the attended side of the memorandum accompanies a clear maxima in contralateral 

posterior electrodes for EEG during the delay between the memorandum and the probe 

(Mccollough et al., 2007). However, MEG studies have found that the amplitude of responses in 

both ipsilateral and contralateral posterior channels can be modulated by VWM load (Robitaille 

et al., 2009). Moreover, side-sensitive channels in MEG appeared to cluster around the midline, 

rather than being lateralized (Robitaille et al., 2010). Taken together, it is unclear whether 

posterior responses in MEG reflect the exact same neural sources as for CDA in EEG (Becke et 

al., 2015; Robitaille et al., 2009), therefore, a similar lateralized task and contralateral-minus-

ipsilateral treatment of data for MEG may not be necessary. In the current study, we employed a 

similar logic as in the pioneering fMRI study of Xu and Chun (Y. Xu & Chun, 2006). In 

Experiment 5.1, we tested whether the left and right posterior effects in MEG are still load-

 
17 In EEG studies examining the CDA response, separate stimuli are presented on the left and right 
sides of the screen respectively. The participants are cued beforehand to memorize the 
memorandum on one of the two sides (this being a lateralized as opposed to a whole-field change-
detection task (Adam et al., 2020)). The CDA is computed by subtracting ipsilateral from 
contralateral ERP (event-related potential) responses during the delay between the memorandum 
and the probe, and its amplitude is load-dependent and capacity-limited (Luria et al., 2016; Vogel 
& Machizawa, 2004). 
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dependent and capacity-limited with a central-presentation paradigm and a whole-field change-

detection task (as in (Y. Xu & Chun, 2006)). To preview, we found a reliable load-dependent and 

capacity-limited effect in right posterior channels. In Experiment 5.2, we showed that this right 

posterior load-dependent, capacity-limited effect is also content-free. Therefore, this right 

posterior activity (RPA) meets all three criteria for a neural index of VWM pointers. 

 

5.2. Experiments 5.1 and 5.2: Methods 
 

5.2.1. Participants 
 

For Experiment 5.1, 20 participants entered data analysis (12 female, age 19-41, M=24, 3 left-

handed); 1 additional participant’s data was excluded from analysis due to excessive noise (see 

MEG analysis). For Experiment 5.2, 20 participants entered data analysis (13 female, age 18-37, 

M=21, 2 left-handed); 1 additional participant’s data was excluded from analysis due to 

excessive noise. All subjects reported having normal or corrected-to-normal vision. Informed 

consent was obtained from all participants and they received monetary reimbursement for their 

participation. Procedures were approved by the UMD IRB Office. 

 

5.2.2. Procedure 
 

Experiments 5.1 and 5.2 had the same procedure. Each subject was presented with two blocks of 

200 trials each, which differed in the features of the objects: one block in which the objects were 

colored squares, and another block in which the objects were complex shapes. The order of the 
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blocks was balanced across subjects. For each block, there were 50 trials for each VWM load 

condition (1, 2, 4 and 6); within each 50 trials, half of the trials had a match probe and the other 

half had a change probe.  

 In each trial, the participants were first presented with a fixation cross with a duration of 

500 ms (Experiment 5.1) or 800 ms (Experiment 5.2) against a grey background, followed by a 

sample screen with a duration of 160 ms (Experiment 5.1) or 200 ms (Experiment 5.2)18. Then, 

they were presented with the sample; see Figure 5.1. The sample consisted of 1, 2, 4, 6 different 

objects: for colored-square trials, they were sampled from 8 colors (black [0,0,0], dark blue 

[0,0,139], green [0,255,0], light blue [173,216,230], pink [255,192,203], red [255,255,0], white 

[255,255,255] and yellow [255,255,0]); for complex-shape trials, they were sampled from 9 

complex shapes similar to those used in (Y. Xu & Chun, 2006). 8 fixed locations were evenly 

distributed 4.5° from the center of the screen, and these locations were marked by 8 light grey 

squares (2.5° × 2.5° each). The objects (colored squares or complex shapes) were presented at 

the center of the light grey squares, spanning 2.1° × 2.1°. The light grey squares served as a 

visual cue to encourage the individuation of each object and to discourage grouping. A blank 

screen delay of 1000 ms followed the sample, after which the probe appeared on the screen. At 

the probe, only one object was presented at one of the 8 locations. On “match” trials, this object 

was the same one as the one in the sample for that location; on “change” trials, this probe object 

was randomly selected from other objects used in this block. Participants pressed one button to 

indicate “match”, and pressed another button to indicate “change” (buttons balanced across 

participants), with no time limit for response. After their response, they were shown a feedback 

 
18 Because of a programming issue, 5 participants in Experiment 5.1 had a fixation cross duration 
of 800 ms, and 5 participants in Experiment 5.2 had a sample duration of 160 ms. 
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screen for 600 ms, followed by an inter-trial interval (ITI) of 2500-3500 ms. During the ITI, a 

line of asterisks was presented on the screen; before the experiment, participants were instructed 

to blink only during this period, and to avoid blinking during the trials. While the fixation cross 

was presented on the screen, the participants were instructed to fixate at the center of the screen. 

They were also instructed against verbal rehearsal. At least 8 practice trials for each block were 

run before the main experiment for each participant, and a self-paced break was administered 

every 50 trials. Experiment 5.1 analyses included only the colored square block19, while 

Experiment 5.2 analyses included both a colored square block and a complex shape block (order 

balanced across participants). The experiment was run in MATLAB R2009a with Psychtoolbox 

3 (Brainard, 1997; Kleiner et al., 2007). 

 

 

Figure 5.1 Experimental procedure and behavioral results (Cowan’s K) across 
Experiments 5.1 and 5.2.  
Error bars stand for standard error. ITI: inter-trial interval. For detailed presentation parameters 
of the stimuli see Procedure. 
 

 
19 We originally included a complex shape block in Experiment 5.1, but due to a timing error we 
were unable to analyze the data for those trials. 
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5.2.3. Behavioral analysis 
 

Based on the hit rates and false alarm rates for each condition, we calculated Cowan’s K 

(Cowan, 2001; Rouder et al., 2011), which reflects the number of objects successfully held in 

VWM. The formula for Cowan’s K is as follows: K=N×(H-F), where N is sample load (i.e., 1, 2, 

4 or 6), H is the hit rate for detecting the change in the probe on change trials, and F is the false 

alarm rate (erroneously “hallucinating” a change in the probe on match trials). 

 

5.2.4. MEG recording 
 

Prior to recording, five head position indicator coils were affixed to each participant's head, and 

the position of these coils relative to the nasion and tragus, as well as the participant's head-

shape, was digitized using a Polhemus 3SPACE FASTRAK system in order to determine the 

participant's accurate placement in the MEG dewar. During the experimental sessions, 

participants laid supine in a dimly lit magnetically shielded room ( 

Vacuumschmelze GmbH & Co. KG, Hanau, Germany). Continuous MEG recording was 

executed using a 160-channel axial gradiometer whole-head system (Kanazawa Institute of 

Technology, Kanazawa, Japan), and data was sampled at 1000 Hz (60 Hz online notch filter, 

DC-200 Hz recording bandwidth). 

 

5.2.5. MEG analysis 
 

MEG data was analyzed by customized code in MATLAB R2020b with MNE-Python 1.5.1 

(Gramfort et al., 2013). First, noisy and flat channels were identified for each participant with 
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Maxwell filtering, and these channels were interpolated with the MNE algorithm (no channels in 

the regions-of-interest described below required interpolation). Then the environmental magnetic 

interferences were suppressed using temporal signal space separation (tSSS; Taulu & Simola, 

2006). A low-pass infinite impulse response (IIR) filter with an upper cutoff frequency of 40 Hz 

was applied to the MEG data. Ocular and cardiac artifacts were removed using independent 

component analysis (ICA; fastica algorithm); 2-5 ICA components were removed from each 

participant. Epochs of -200:1200ms time-locked to the presentation of sample stimuli in each 

trial were extracted. The 200 ms pre-stimulus interval was used as the baseline interval. Trials 

with a maximum peak-to-peak signal amplitude higher than 3000 fT were excluded. Participants 

with less than 40 valid trials per condition were excluded from data analysis (1 for each 

experiment, see Participants). For the analyzed participants, only 0.7% (Experiment 5.1), 0.1% 

(Experiment 5.2, colored squares), and 0.4% (Experiment 5.2, complex shapes) of all trials were 

excluded. For each participant and each condition (i.e., a certain load condition in a certain 

feature block), we calculated the mean event-related field (ERF) response for each channel. 

The first 20 trials in each condition of Experiment 5.1 were used to determine regions-of-

interest (ROIs) across both experiments, and as such were excluded from all subsequent 

analyses. The contrast used for ROI selection was the mean ERF difference between larger (load 

4 and 6) vs. smaller (load 1 and 2) conditions (Figure 5.2). In line with previous reports (Mitchell 

& Cusack, 2011; Robitaille et al., 2009, 2010), we observed two opposing maxima in posterior 

channels. We took three channels each from the two maxima to construct right and left parietal 

ROIs (right: MEG054, MEG055, MEG071; left: MEG051, MEG050, MEG076), and computed 

mean ERFs for each from 400:1200 ms post-stimulus-onset to capture the VWM maintenance 

(as opposed to perception) period. 
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Comparisons between conditions were statistically evaluated with repeated-measures 

ANOVA (using the Greenhouse-Geisser whenever the sphericity assumption was not met), and 

post hoc comparisons were Bonferroni-corrected. In order to better evaluate whether there was a 

response plateau beyond the capacity limit, we also administered Bayesian repeated-measures 

ANOVA with a uniform prior, and the post hoc comparisons were administered with Bayesian 

paired samples t-test (with a default Cauchy prior). All statistical analyses reported in this paper 

were conducted with JASP 0.18.1 (JASP Team, 2023) and Bayesian factors (BFs) were 

interpreted following (van Doorn et al., 2021): A BF higher than 10 or lower than 1/10 is 

considered “strong”, between 3-10 or 1/10-1/3 is considered “moderate”, and between 1/3-3 is 

considered “weak”. 

 

5.3. Results 
 

5.3.1. Experiment 5.1 
 

5.3.1.1. Behavioral results 
 

Repeated measures ANOVA revealed a significant main effect of load, F(1.80,34.28) = 30.22, p 

< 0.001. Post-hoc comparisons (Bonferroni corrected) revealed a significant difference between 

loads 1 vs. 2 (t(19) = -5.75, p < 0.001), 1 vs. 4 (t(19) = -8.59, p < 0.001), 1 vs. 6 (t(19) = -7.84, p 

< 0.001) and 2 vs. 4 (t(19) = -2.84, p = 0.038). The difference between 2 vs. 6 (t(19) = -2.10, p = 

0.24) did not reach statistical significance, nor did the difference between 4 vs. 6 (t(19) = 0.74, p 

= 1). Bayesian repeated measures ANOVA revealed strong evidence for the effect of load, BFincl 

= 1.66×1010. There was strong evidence for a difference between 1 vs. 2 (BF10 = 1.09×1012), 1 
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vs. 4 (BF10 = 1.73×106), 1 vs. 6 (BF10 = 4.13×103), and 2 vs. 4 (BF10 = 16.11), and moderate 

evidence against a difference between 4 vs. 6 (BF10 = 0.28), suggesting a plateau of Cowan’s K 

beyond a load of ~ 4. The evidence for a difference between 2 vs. 6 was weak (BF10 = 0.79). 

 

5.3.1.2. MEG results 
 

The repeated measures ANOVA for MEG responses in the right ROI (Figure 5.2) showed a 

statistically significant main effect of load, F(1.98,37.52) = 4.06, p = 0.026. Post-hoc 

comparisons (Bonferroni corrected) revealed a significant difference between loads 1 vs. 4 (t(19) 

= -2.73, p = 0.050) and 1 vs. 6 (t(19) = -3.23, p = 0.012). The other comparisons did not reach 

statistical significance (p’s > 0.5). Bayesian repeated measures ANOVA revealed moderate 

evidence for the effect of load, BFincl = 4.15. There was moderate evidence for the difference 

between 1 vs. 6 (BF10 = 3.71), as well as moderate evidence against a difference between 4 vs. 6 

(BF10 = 0.27). Evidence for other differences was weak (1/3 < BF10 < 3). We note that our 

number of trials per load condition (~ 30) here is rather low compared to previous MEG studies 

of this kind ((Robitaille et al., 2009): 384 trials/condition; (Robitaille et al., 2010): 200 

trials/condition; (Mitchell & Cusack, 2011): 120 trials/condition) but with a similar sample size. 

Below we pool all 40 participants across the two experiments for a higher-powered analysis. 

In the left ROI, the main effect of load was not statistically significant, F(3,57) = 2.15, p 

= 0.10. Evidence for the effect of load was also weak, BFincl = 0.62. 
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Figure 5.2 A summary of the MEG results in Experiment 5.1.  
Error bars stand for standard error. ROI: region of interest. The ROI channels are marked with 
green triangles. 
 

5.3.2. Experiment 5.2 
 

5.3.2.1. Behavioral results 
 

A repeated measures ANOVA crossing load and feature (colored square vs. complex shape), 

showed a significant main effect of load on Cowan’s K, (F(1.51,28.76) = 16.38, p < 0.001), a 

main effect of feature (F(1,19) = 50.45, p < 0.001), and a significant interaction (F(2.13,40.48) = 

7.35, p = 0.002). Bayesian repeated measures ANOVA also revealed strong evidence for the 

effect of load (BFincl = 2.42×107), feature (BFincl = 4.61×105) and the interaction effect (BFincl = 

715.77). The main effect of feature reflected overall higher performance for colored squares than 

complex shapes, in line with previous observations (e.g., Y. Xu & Chun, 2006). 

 We followed up the interaction with one-way ANOVAs at each level of feature. In 

colored square trials, the main effect of load was statistically significant, F(1.55,29.42) = 18.16, 
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p < 0.001. Post-hoc comparisons (Bonferroni corrected) revealed significant differences between 

loads 1 vs. 2 (t(19) = -3.67, p = 0.003), 1 vs. 4 (t(19) = -6.92, p < 0.001), 1 vs. 6 (t(19) = -5.62, p 

< 0.001) and 2 vs. 4 (t(19) = -3.25, p = 0.012). The differences between 2 vs. 6 (t(19) = -1.95, p 

= 0.34) and 4 vs. 6 (t(19) = 1.30, p = 1) were not statistically significant. Bayesian repeated 

measures ANOVA also suggested strong evidence for the effect of load, BFincl = 1.82×106. There 

was strong evidence for the difference between 1 vs. 2 (BF10 = 1.36×1011), 1 vs. 4 (BF10 = 

1.08×105), 1 vs. 6 (BF10 = 63.91) and 2 vs. 4 (BF10 = 87.07). Evidence for the difference between 

2 vs. 6 (BF10 = 0.61) and 4 vs. 6 (BF10 = 0.44) was weak.  

In complex shape trials, the main effect of load was also significant (F(1.99,37.74)=7.01, 

p=0.003). Post-hoc comparisons (Bonferroni corrected) revealed significant differences between 

loads 1 vs. 2 (t(19) = -2.74, p = 0.049) and 1 vs. 4 (t(19) = -4.53, p < 0.001). The other 

differences were not statistically significant (p’s >0.09). Bayesian repeated measures ANOVA 

also suggested strong evidence for the effect of load, BFincl = 93.00, and for the difference 

between 1 vs. 2 (BF10 = 6.03×104) and 1 vs. 4 (BF10 = 136.50). Evidence for the other 

differences was weak (1/3 < BF10 < 3). 

In sum, the colored square and complex shape comparisons patterned similarly in 

showing main effects of load. The interaction between feature and load appeared to be driven 

only by the slight drop observed in performance for complex shapes at load 6.  

 

5.3.2.2. MEG results 
 

The 2 ´ 4 (feature ´ load) repeated measures ANOVA for MEG responses in the right ROI 

(Figure 5.3) showed a significant main effect of load (F(1.50,28.47) = 6.31, p = 0.010). The main 

effect of feature (F(1,19) = 0.086, p = 0.77) and the interaction effect (F(3,57) = 0.90, p = 0.45) 
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were not significant. Post-hoc comparisons between load conditions (Bonferroni corrected) 

revealed a significant difference between loads 1 vs. 4 (t(19) = -3.68, p = 0.003) and 1 vs. 6 

(t(19) = -3.79, p = 0.002); the other differences were not significant (p’s ≥ 0.30). Bayesian 

repeated measures ANOVA revealed moderate evidence against the inclusion of feature (BFincl = 

0.22) and the interaction effect (BFincl = 0.15) in the model, and strong evidence for the inclusion 

of load (BFincl = 29.78) in the model. There was moderate evidence for the difference between 1 

vs. 2 (BF10 = 4.80) and 1 vs. 6 (BF10 = 29.58) and strong evidence for the difference between 1 

vs. 4 (BF10 = 44.75); there was moderate evidence against the difference between 4 vs. 6 (BF10 = 

0.17), suggesting a plateau beyond ~ 4. Evidence for the difference between 2 vs. 4 (BF10 = 1.80) 

and 2 vs. 6 (BF10 = 2.18) was weak.  

For the left ROI, the main effect of load was significant, (F(1.97,37.36) = 4.75, p = 

0.015). The main effect of feature (F(1,19) = 1.37, p = 0.26) and the interaction effect (F(3,57) = 

0.42, p = 0.74) were not statistically significant. Post-hoc comparisons (Bonferroni corrected) 

revealed a significant difference between loads 1 vs. 2 (t(19) = 2.79, p = 0.043) and 1 vs. 4 (t(19) 

= 3.58, p = 0.004); the other differences were not statistically significant (p’s > 0.12). Bayesian 

repeated measures ANOVA revealed moderate evidence against the inclusion of feature (BFincl = 

0.29) and the interaction effect (BFincl = 0.11) in the model, and moderate evidence for the 

inclusion of load (BFincl = 4.79) in the model. There was moderate evidence for the difference 

between 1 vs. 2 (BF10 = 22.98) and 1 vs. 4 (BF10 = 9.58), and moderate evidence against the 

difference between 2 vs. 4 (BF10 = 0.25) and 2 vs. 6 (BF10 = 0.19), suggesting a plateau beyond ~ 

2. Evidence for the difference between 1 vs. 6 (BF10 = 2.36) and 4 vs. 6 (BF10 = 0.79) was weak. 
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Figure 5.3 A summary of the MEG results in Experiment 5.2.  
Error bars stand for standard error. ROI: region of interest. The ROI channels are marked with 
green triangles. 
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Pooling colored square data from all 40 participants across Experiments 1 and 2 together 

allowed us to conduct a high-powered analysis to determine whether the two ROIs exhibited the 

monotonic increase up to 4 followed by a plateau, as predicted if there is a limited pointer 

capacity of ~3 (Figure 5.4). For the right ROI, the Bayesian paired-sample t-test revealed 

moderate evidence for differences between loads 1 vs. 2 (BF10 = 16.07), 1 vs. 4 (BF10 = 28.00), 2 

vs. 6 (BF10 = 5.50) and strong evidence for a difference between 1 vs. 6 (BF10 = 134.59). There 

was also moderate evidence against a difference between 4 vs. 6 (BF10 = 0.19). Evidence for the 

difference between 2 vs. 4 was weak (BF10 = 2.18) but was still in the direction of a difference. 

Overall, this suggests a plateau beyond ~ 4 items for the right ROI.  

 For the left ROI, the Bayesian paired-sample t-test revealed strong evidence for a 

difference between loads 1 vs. 2 (BF10 = 12.76) and moderate evidence for a difference between 

1 vs. 6 (BF10 = 7.94), and moderate evidence against a difference between loads 2 vs. 4 (BF10 = 

0.17), 2 vs. 6 (BF10 = 0.17), and 4 vs. 6 (BF10 = 0.17). Evidence for the difference between 1 vs. 

4 was weak (BF10 = 2.44) but was still in the direction of a difference. Overall, this suggests a 

plateau beyond ~ 2 items for the left ROI. 
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Figure 5.4 MEG responses during the VWM period (400:1200 ms) for the colored squares 
in the right and left ROIs, pooled across all 40 participants in Experiments 5.1 and 5.2. 
Error bars stand for standard error. ROI: region of interest. 
 

5.4. Discussion 
 

5.4.1. Conclusion 
 
In this study, we observed univariate responses in MEG over right posterior sites (the right 

posterior activity, RPA) that met all three criteria for VWM pointers: load-dependent, capacity-

limited, and content-free. This neural response changed monotonically as VWM load increased, 

reached a plateau at ~ 4 objects (in line with the classic VWM capacity limit), and was 

insensitive to the difference in type and number of features bound to each object in the colored 
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square vs. complex shape conditions even though these differences impacted behavioral 

performance. Given its maxima over right posterior channels, this response is likely to be of 

posterior parietal origin, in line with previous fMRI effects attributed to VWM pointers 

(Naughtin et al., 2016; Y. Xu & Chun, 2006), and consistent with the involvement of the 

posterior parietal cortex in VWM maintenance in general (Matsuyoshi et al., 2010; Todd & 

Marois, 2004; Y. Xu, 2023). This awaits to be confirmed by future studies with higher spatial-

temporal resolution (e.g., combining MEG with structural MRI, intracranial recordings). Our 

current study serves as an important complement to prior fMRI studies, in that we confirmed 

VWM pointer-like responses during the VWM maintenance time window in particular. The 

right-lateralization of our current effects invites future neuroimaging research on the 

lateralization of VWM substrates. Intriguingly, this is in line with some neuropsychological 

reports suggesting that unilateral right posterior parietal lesions are sufficient for an impaired 

VWM (for a review and nuanced discussions see Olson & Berryhill, 2009). 

 We also found that left posterior channels exhibited a load-dependent, capacity-limited 

and content-free effect, but this response plateaued at only ~ 2 objects. While this different 

response profile awaits future investigation, it could reflect cognitive effort related to pattern-

separating more than one feature of the same type (e.g., when one needs to hold multiple colors 

in VWM) or mechanisms related to attention allocation (Todd & Marois, 2005).  

 

5.4.2. Limitations and future directions 
 

As this is only the first MEG study exploring content-free neural signatures in VWM, future 

studies are certainly needed in order to address some limitations of the current work. Firstly, in 
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our current study the number of trials per condition was lower than previous MEG studies on 

VWM load (as noted in the “MEG results” section). It is yet unknown how many trials is 

sufficient to detect differences across VWM load conditions for the posterior activities in MEG 

(Ngiam et al., 2021). We only obtained weak evidence for the difference between 2 and 4 objects 

in the right posterior ROI (BF10 = 2.18), and more evidence is needed to confirm the existence of 

this difference. Secondly, in our current study, the number of pointers may covary with e.g., the 

number of locations in or the luminance of the memorandum display (Thyer et al., 2022), which 

could be controlled for in future studies. Furthermore, it would be interesting to examine whether 

RPA could predict individual differences in VWM capacity (Luria et al., 2016; Vogel & 

Machizawa, 2004).  
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6. Chapter 6 
 

In this chapter, we report evidence demonstrating that inferior parietal regions host pointer-

sensitive signals while being insensitive to feature-based load, which extends from VWM 

formation to maintenance, in contrast to more superior parietal regions that were only transiently 

sensitive to feature-based load during VWM formation. 

 

6.1. Introduction 
 

In the previous chapter, we reported a sensor-level MEG response, the right posterior activity 

(RPA), tracking the number of pointers while remaining insensitive to the number of features per 

object. This is in line with prior reports with fMRI, showing that the pointers and features are 

represented in dissociable brain regions (Naughtin et al., 2016; Y. Xu, 2009; Y. Xu & Chun, 

2006): some regions are only sensitive to pointer-based load, while some other regions are 

sensitive to the number of features to be held. These studies have suggested that the inferior IPS 

(intraparietal sulcus) represents only pointers, while the superior IPS is sensitive to the number 

of features. In this Chapter, we ask a follow-up question: What are the spatiotemporal dynamics 

of this dissociation? 

On the one hand, fMRI cannot clearly disentangle responses during perception or VWM 

formation vs. VWM maintenance due to its limited temporal resolution. This calls for the usage 

of methods with better spatiotemporal resolution such as MEG. 

On the other hand, this research question is deeply relevant to the function of pointers. As 

pointers serve as neural indexes for the corresponding objects, they are hypothesized to be 
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implemented by sustained neural activities (Awh & Vogel, 2025). Since their function is to 

“point to” features, features do not have to be realized by sustained activities, as long as the 

pointers remain capable of fetching this information (via e.g., intracellular storage of feature 

address) when needed. As neural activations are energy-consuming, this appears to be an energy-

efficient way to hold object information in moment-to-moment cognition. However, this 

difference across the representation of pointers and features has not been empirically tested. All 

the possibilities are outlined in Figure 6.1.  

In this MEG study, with carefully digitized head shape data, we are able to offer analyses 

in the source space, in order to answer these questions. 

 

 

Figure 6.1 Experimental hypotheses (A), design (B) and procedure (C) of Experiment 6.1. 
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6.2. Experiment 6.1: Methods 
 

6.2.1. Participants 
 

27 participants (age 19-26, 14 female) entered our data analysis. One additional participant was 

excluded because of chance level (49%) performance in some blocks. The participants received 

monetary reimbursement or course credits for their participation. The procedures are approved 

by the IRB of University of Maryland College Park. 

 

6.2.2. Procedure 
 

Each participant was presented with 600 trials: 200 color trials, 200 orientation trials, and 200 

bifeatural trials. Within each feature condition (color, orientation, bifeatural), half of the trials 

had a load of two objects and half had a load of four objects. These 600 trials were evenly 

divided into six blocks: two color blocks, two orientation blocks, and two bifeatural blocks. Each 

block contained 100 trials, and the order of the blocks was randomized for each participant, with 

the constraint that each type of blocks appeared once in the first three and last three blocks 

respectively. In other words, the trials in each block belonged to the same feature condition 

(color, orientation, bifeatural) but were intermixed in terms of memory load (two vs. four 

objects). 

In each trial, the participants were first presented with a fixation cross with a duration of 

800 ms against a grey background, followed by a sample memory array with a duration of 250 

ms (see Figure 6.1). The sample consisted of two or four unique target objects. For the color 

trials, the colors were sampled without replacement from the following seven colors: red 
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[255,0,0], green [0,255,0], blue [0,0,255], yellow [255,255,0], purple [255,0,255], teal 

[0,255,255], and orange [255,128,0]. For the orientation trials, the bar orientation was sampled 

without replacement from the following four orientations: 0°, 45°, 90°, 135°. The color of the 

disk behind these target orientations was randomly sampled from the above colors for each 

participant and was kept consistent throughout that experimental session for that participant. For 

bifeatural trials, each target object was a combination of a color and an orientation sampled in 

the aforementioned way. The target objects (2.1° × 2.1°) occupied two or four out of all eight 

boxes (light gray [191,191,191], 2.5° × 2.5° each), located at eight fixed locations evenly 

distributed 4.5° from the center of the screen. The box contours were employed to discourage 

grouping (Xie & Zhang, 2017a). Filler gray disks ([166,166,166]) occupied the rest of the 

locations for all trials, additionally with an orientation bar at a random orientation for the 

orientation and bifeatural trials. The orientation bars had a width of 0.5°. A blank screen delay of 

1000 ms followed the sample, after which the probe appeared on the screen. At the probe, only 

one object was presented at one of the locations previously occupied by a target object. Half of 

the trials had a match probe, and the other half had a change probe. On “match” trials, this object 

was the same one as the one in the sample for that location; on “change” trials, this probe object 

was randomly selected from other target features used in this block. For example, for a change 

trial in the color condition, participants were probed with a color that appeared in the sample but 

not at the probed location. For a change trial in the bifeatural condition, participants were probed 

with an object with the right color for that location but a wrong – yet previously presented – 

orientation (or the right orientation yet a wrong color). Participants pressed one button to indicate 

“match”, and pressed another button to indicate “change” (buttons randomized for each 

participant), with no time limit for response. After their response, they were shown a line of 
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asterisks on the screen, where they would press any button to proceed to the next trial in a self-

paced manner. Prior to the experiment, participants were instructed to blink only during this 

period, and to avoid blinking during the trials. While the fixation cross was presented on the 

screen, the participants were instructed to fixate at it. They were also instructed against verbal 

rehearsal. At least 24 practice trials were run for each participant prior to the experiment. The 

setup was broadly consistent with the EEG study of Thyer et al. (2022), and the experiment was 

run in MATLAB R2009a with Psychtoolbox 3 (Brainard, 1997; Kleiner et al., 2007). 

 

6.2.3. Behavioral analyses 
 

Accuracy was calculated for each participant for each condition. The responses were subject to a 

2 × 3 repeated-measures ANOVA (load: two, four × feature: color, orientation, bifeatural). 

Conditions were compared with a paired t test whenever necessary. The statistics reported in the 

current chapter are all based on two-tailed tests. 

 

6.2.4. MEG recording 
 

Prior to recording, five head position indicator coils were affixed to each participant's head, and 

the position of these coils relative to the nasion and tragus, as well as the participant's head-

shape, was digitized using a Polhemus 3SPACE FASTRAK system in order to determine the 

participant's accurate placement in the MEG dewar. During the experimental sessions, 

participants laid supine in a dimly lit magnetically shielded room (Vacuumschmelze GmbH & 

Co. KG, Hanau, Germany). Continuous MEG recording was executed using a 160-channel axial 
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gradiometer whole-head system (Kanazawa Institute of Technology, Kanazawa, Japan), and data 

was sampled at 1000 Hz (60 Hz online notch filter, DC-200 Hz recording bandwidth). 

 

6.2.5. MEG analyses 
 

6.2.5.1. Sensor-level analysis 
 

MEG sensor-level data was analyzed by customized code in MATLAB R2020b with MNE-

Python 1.5.1 (Gramfort et al., 2013), with a similar procedure as (Yu & Lau, 2025). First, noisy 

and flat channels were identified for each participant with Maxwell filtering, and these channels 

were interpolated with the MNE algorithm. Then the environmental magnetic interferences were 

suppressed using temporal signal space separation (tSSS; Taulu & Simola, 2006). A low-pass 

infinite impulse response (IIR) filter with an upper cutoff frequency of 40 Hz was applied to the 

MEG data. Ocular and cardiac artifacts were removed using independent component analysis 

(ICA; fastica algorithm); 2-7 ICA components were removed from each participant. Epochs of -

200:1200ms time-locked to the presentation of sample stimuli in each trial were extracted. The 

200 ms pre-stimulus interval was used as the baseline interval. Trials with a maximum peak-to-

peak signal amplitude higher than 3000 fT were excluded. For each participant, the number of 

epochs per condition was matched with the constraint of minimizing timing differences (the 

mintime algorithm). For each participant and each condition (i.e., a certain load condition in a 

certain feature block), we calculated the mean event-related field (ERF) response for each 

channel. Following Yu & Lau (2025), the RPA (right posterior activities) ROI is defined as the 

following channels: MEG054, MEG055, MEG071. Mean ERFs were calculated within this ROI. 
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Comparisons across conditions were statistically evaluated with repeated-measures ANOVA, 

and post hoc comparisons were Bonferroni-corrected.  

 

6.2.5.2. Source space analysis 
 

For the source analyses, the ‘fsaverage’ template brain from the FreeSurfer software package 

(http://surfer.nmr.mgh.harvard.edu) was used as an approximation for individual anatomy (four-

fold icosahedral subdivision), and digitizer data was used to manually coregister individual head 

position to the template brain. A three-compartment boundary element model computed for this 

template brain with the linear collocation approach was used in the forward calculation 

(Hämäläinen & Sarvas, 1989; Mosher et al., 1999). Then we created an inverse operator, for each 

participant and for each condition. Noise covariance estimates were derived from data recorded 

in the 200 msec baseline period. The orientations of the dipoles subjected to a loose constraint 

with weighting factor 0.2 (F. H. Lin et al., 2006), and depth was weighted at 0.8. Then the 

inverse operator was applied to the corresponding averaged evoked responses for the 

corresponding participant and condition, with regularization λ = 1/9 and the dSPM algorithm 

(Dale et al., 2000). Individual estimates were then smoothed using 7 iterative steps to spread 

estimated activity to neighboring vertices.  

 The source space ROIs were a priori defined based on the fMRI study of Xu & Chun 

(2006), converting the original Talairach coordinates to MNI coordinates (Papademetris et al., 

2006): inferior IPS, left [-25,-74,30], right [25,-69,36]; superior IPS, left [-14,-73,51], right [15,-

72,55]; LOC, left [-46,-50,4], right [41,-68,2]. Each ROI grew from the nearest vertex to these 

MNI coordinates, within a maximum radius of 10 mm on the white matter surface based on 

geodesic distance, constrained to the corresponding hemisphere. The responses in each ROI were 
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averaged across two time windows: 200-400 ms (VWM formation) and 400-1200 ms (VWM 

maintenance). For each time window, the responses were subject to a 2 × 3 repeated-measures 

ANOVA (load: two, four × feature: color, orientation, bifeatural). For visual examination, a 

contrast map based on t-values was created by comparing across load conditions (paired t test) 

vertex by vertex with a threshold of α = 0.05 across a series of 200 ms time windows from 200 

ms to 1200 ms. 

 

6.3. Results 
 

6.3.1. Behavioral results 
 

For each of the six conditions, participants had above-chance performance, with bootstrapped 

95% CI: color, 2 (93.1%-96.0%), color, 4 (77.2%-85.1%), orientation, 2 (83.9%-89.7%), 

orientation, 4 (66.4%-71.7%), bifeatural, 2 (84.6%-89.1%), bifeatural, 4 (64.9%-69.6%). A 2 

(load: two, four) × 3 (feature: color, orientation, bifeatural) repeated-measures ANOVA revealed 

a significant main effect of load, F(1,26) = 403.28, p < 0.001, ηp2 = 0.94, a significant main 

effect of feature, F(2,52) = 81.96, p < 0.001, ηp2 = 0.76, as well as a significant interaction effect, 

F(2,52) = 5.37, p = 0.008, ηp2 = 0.17. The interaction effect appeared to be driven by a larger 

amount of impact of load on orientation and bifeatural trials compared to the color trials: 

comparing the drop in accuracy across load 2 and 4 conditions, we observed a significant 

difference between color and orientation trials (paired t test, t(26) = -2.13, p = 0.04, Cohen’s d = 

-0.41), and a significant difference between color and bifeatural trials (t(26) = -2.98, p = 0.006, 

Cohen’s d = -0.57), but not a significant difference between orientation and bifeatural trials 
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(t(26) = -1.07, p = 0.30, Cohen’s d = -0.21). Regardless, the drop in accuracy for color trials 

across loads 2 and 4 was statistically significant, t(26) = 7.89, p < 0.001, Cohen’s d = 1.52. 

 

6.3.2. Sensor-level results 
 
Similar to our prior study (Yu & Lau, 2025), we analyzed the ERF responses in the 400-1200 ms 

time window in the RPA ROI. A 2 (load: two, four) × 3 (feature: color, orientation, bifeatural) 

repeated-measures ANOVA revealed a significant main effect of load, F(1,26) = 21.88, p < 

0.001, ηp2 = 0.46, as well as a significant interaction effect, F(2,52) = 4.39, p = 0.02, ηp2 = 0.14. 

The main effect of feature was not statistically significant, F(2,52) = 1.51, p = 0.23, ηp2 = 0.06. 

See Figure 6.2. 

 Follow-up paired t-tests across two load conditions revealed a significant difference for 

color trials, t(26) = -4.23, p < 0.001, Cohen’s d = -0.82, as well as for the bifeatural trials, t(26) = 

-3.19, p = 0.004, Cohen’s d = -0.61. The difference was only numerical for the orientation trials, 

t(26) = -1.46, p = 0.16, Cohen’s d = -0.28.  
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Figure 6.2 ERF responses at the RPA ROI for the two load conditions. 
 

6.3.3. Source-level analysis 
 

We ran 2 (load: two, four) × 3 (feature: color, orientation, bifeatural) repeated-measures 

ANOVA on three a priori ROIs (inferior IPS, superior IPS and LOC) across two time windows 

(200-400 ms: VWM formation; 400-1200 ms: VWM maintenance). See Figure 6.3. 

 For inferior IPS, a main effect of load emerged for VWM formation (F(1,26) = 4.13, p = 

0.05, ηp2 = 0.14), extending into VWM maintenance (F(1,26) = 5.92, p = 0.02, ηp2 = 0.19). For 

VWM formation, neither the main effect of feature nor the interaction effect was statistically 

significant: feature, F(2,52) = 0.60, p = 0.55, ηp2 = 0.02; interaction effect, F(2,52) = 0.80, p = 

0.46, ηp2 = 0.03. During VWM maintenance, neither the main effect of feature nor the interaction 

effect was statistically significant: feature, F(2,52) = 0.66, p = 0.52, ηp2 = 0.03; interaction effect, 

F(2,52) = 0.40, p = 0.67, ηp2 = 0.02. 

 For superior IPS, a main effect of feature manifested for VWM formation (F(2,52) = 

3.60, p = 0.03, ηp2 = 0.12. The main effect of load was only marginally significant, F(1,26) = 

3.61, p = 0.07, ηp2 = 0.12, and the interaction effect was non-significant, F(2,52) = 0.09, p = 

0.91, ηp2 = 0.004. Post hoc pairwise comparison (Bonferroni-corrected) across the three feature 

conditions revealed a significant difference between color and bifeatural conditions, t(26) = -

2.68, p = 0.03, Cohen’s d = -0.16. The differences between the other two pairs of feature 

conditions were not statistically significant. During VWM maintenance, none of the effects were 

statistical significant (F values < 2.48, p values > 0.12).  

 For LOC, a main effect of feature manifested for VWM formation (F(2,52) = 3.44, p = 

0.04, ηp2 = 0.12. Neither the main effect of load nor the interaction effect was significant: load, 
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F(1,26) = 0.48, p = 0.50, ηp2 = 0.02; the interaction effect, F(2,52) = 0.11, p = 0.89, ηp2 = 0.004. 

Post hoc pairwise comparison (Bonferroni-corrected) across the three feature conditions revealed 

a significant difference between color and bifeatural conditions, t(26) = -2.62, p = 0.03, Cohen’s 

d = -0.28. The differences between the other two pairs of feature conditions were not statistically 

significant. During VWM maintenance, there was a significant interaction effect between feature 

and load, F(2,52) = 3.18, p = 0.05, ηp2 = 0.11. The main effect of load was marginally 

significant, F(1,26) = 3.48, p = 0.07, ηp2 = 0.12, and the main effect of feature was not 

significant, F(2,52) = 0.37, p = 0.69, ηp2 = 0.01. The interaction effect was driven by differential 

impact of load on the responses: for color trials, paired t-test (Bonferroni-corrected) revealed a 

significant difference across the two load conditions, t(26) = -2.63, p = 0.04, Cohen’s d = -0.38. 

The load-driven difference was not statistically significant for orientation trials and bifeatural 

trials (|t values| < 2, Bonferroni-corrected p values > 0.18).  
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Figure 6.3 Responses during VWM formation (200-400 ms) and maintenance (400-1200 
ms) in three a priori ROIs: inferior IPS, superior IPS and LOC.  
*: p ≤ 0.05. 
 

6.4. Discussion and conclusion  
 

The aim of this experiment was to study the spatiotemporal dynamics of pointer-based and 

feature-based neural representations across visual working memory formation and maintenance. 
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The results of our MEG source space analysis allow us to draw several conclusions. First, our 

MEG results replicated prior fMRI reports (Naughtin et al., 2016; Y. Xu, 2009; Y. Xu & Chun, 

2006): while MEG responses in superior IPS and LOC were sensitive to the number of features, 

MEG responses in inferior IPS were primarily modulated by the number of objects – the number 

of pointers taxed. This is consistent with the proposal that superior IPS is responsible for object 

individuation and inferior IPS is responsible for object identification and thus is insensitive to the 

number of features per object (Y. Xu & Chun, 2009). 

 Second, the spatiotemporal resolution provided by MEG allowed us to deepen our 

understanding of this functional dissociation also in the temporal domain, by contrasting 

transient responses during initial VWM formation with longer-lasting responses during VWM 

maintenance. In contrast to a long-lasting effect of pointer-based load in the inferior IPS, 

superior IPS only transiently responded to feature-based load during VWM formation. This 

again suggests that in contrast with a transient object individuation signal for object 

individuation during VWM formation in superior IPS, inferior IPS represents a pointer-based 

signal that extends across VWM formation and maintenance. Taken together, our Hypothesis 2 

was supported: that pointers persist, while features are less persistent across VWM maintenance. 

 Finally, the temporal dynamics of LOC were also intriguing: while it showed similar 

feature-sensitive responses as superior IPS during VWM formation, VWM maintenance no 

longer demonstrated a simple main effect between feature conditions but instead an interaction 

effect between feature and load. While this can be interpreted as a weakened feature-sensitive 

response, this is also in line with recent fMRI reports demonstrating a temporal progression of 

representational geometry in lateral occipital regions, due to modulations from the parietal 

regions (Y. Xu, 2023). The temporal dynamics of LOC representations may suggest its role in 
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initial visual analysis based on prior visual knowledge (J. G. Kim et al., 2009; Y. Xu, 2018), 

instead of binding via pointers during VWM maintenance. 

 In sum, these results support a critical role for inferior IPS in instantiating pointers during 

VWM and indicate that MEG, even with its lower spatial resolution than fMRI, is able to resolve 

activity in the parietal cortex from subtle neighboring regions with different functional roles. 

These results thus offer a new neural marker for investigating visual working memory with 

improved spatiotemporal precision. 
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7. Chapter 720 
 

In Chapters 5 and 6, we replicated and extended prior findings in fMRI with MEG, where 

sensor-level and source-level univariate responses align well with the hypothesized properties of 

pointers in visual working memory, additionally offering much finer temporal resolution that is 

helpful to disentangle different processing stages. While prior relevant studies primarily utilized 

EEG and fMRI, our findings reveal the immense potential of MEG as an ideal neuroimaging 

technology to study pointers for its acceptable resolutions in both space and time. 

 Recent years have seen the development of OPM-MEG (e.g., Brickwedde et al., 2024), in 

contrast to the more widely-used SQUID-MEG. OPM-MEG, unlike SQUID-MEG, does not rely 

on constant helium supply, and can access signals closer to the scalp. This raises broad interest in 

OPM-MEG as potentially the ‘next generation’ MEG system, as these properties may enable 

wider applications (due to the high cost of helium supply), as well as better signal quality (due to 

spatial proximity to the scalp and thus to the neural sources). However, as a new technology, 

data pre-processing pipelines have been much less established compared to SQUID-MEG. 

Moreover, wearable OPM-MEG systems face unique challenges due to residual magnetic field in 

magnetically-shielded rooms despite offering unprecedented opportunities in its mobility (see 

Chapter 7.1 below), calling for innovative ways to denoise data.  

 In this chapter, we report methodological developments in pre-processing OPM-MEG 

signals, when limited number of sensors are available. 

 

 
20 This chapter reflects work in collaboration with Dongxue Zhang, Thomas Carey, Ernst Pöppel, 
Tilmann Sander and Ellen Lau. Based on Dongxue Zhang’s contribution to the experimental 
script, I and her will be co-first authors for relevant publications.  



 

 

147 
 

7.1. Introduction 
 

Magnetoencephalography (MEG) is a non-invasive neuroimaging technology with both high 

spatial and temporal resolution. MEG studies therefore offer important complementary evidence 

in the field of cognitive neuroscience, compared to e.g., EEG (electroencephalography; with 

good temporal resolution but bad spatial resolution) and fMRI (functional magnetic resonance 

imaging; with good spatial resolution but bad temporal resolution). MEG also possesses largely 

underexplored clinical potential including e.g., the diagnosis of concussion (Davenport et al., 

2022; Lee & Huang, 2012) and dyslexia (Dikker et al., 2020; Salmelin, 2007; Tarkiainen et al., 

2003). MEG sites existing for more than 10 years typically make use of SQUID-MEG systems 

(SQUID: superconducting quantum interference device), but recent years have seen an 

increasing transition to OPM-MEG systems (OPM: optically pumped magnetometers), which 

possess several properties that are more desirable than SQUID-MEG systems (Borna et al., 2017; 

Boto et al., 2017; Brickwedde et al., 2024; Brookes et al., 2022; H. Cheng et al., 2024; Kominis 

et al., 2003; Qin & Gao, 2021; Sander et al., 2012; Seymour et al., 2022). First, OPM-MEG 

systems do not require the constant liquid helium supply necessary for SQUIDs, which is 

expensive and is easily affected by helium shortages. Second, OPM sensors can be much closer 

to the scalp compared to SQUIDs, allowing for higher signal amplitudes (which is critical for 

detecting the faint magnetic signals from the brain, generally at the scale of femtoteslas [fT], 10-

15 T). For example, in the current study the OPM sensors were attached to an EEG cap, which is 

much closer to neural sources in the brain compared to SQUIDs, which are encapsulated in a 

dewar that cannot fit flexibly to the scalp (in this case the minimum distance to cortical sources 

would be ~ 2-4 cm; Andersen et al., 2020; Iivanainen et al., 2020). Third, most current OPM-
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MEG systems are much more mobile than SQUID-MEG systems, which may allow for mild 

movements during data collection. Mild movements are generally inevitable, especially for 

certain populations such as young children, positing challenges to the inclusion of more 

populations for SQUID-MEG systems. Moreover, a mobile setup allows for MEG recordings in 

more naturalistic settings.  

 However, what comes along with OPM-MEG’s mobility is a low-frequency artifact 

driven by the interaction between the magnetometers and the remnant field gradients present in 

all magnetically shielded rooms (Jazbinšek et al., 2022). Although participants are instructed not 

to move their head during experiments, it is impossible for their heads to be completely 

motionless due to e.g., breathing. Even seemingly small movements would drive considerable 

artifacts at the magnetometers, resulting in low-frequency artifacts in the data that are believed to 

be up to ~ 3 Hz (Marhl et al., 2022; Seymour et al., 2022). This contrasts with canonical SQUID-

MEG set-ups and some OPM-MEG designs (Alem et al., 2023), where the SQUID dewar or the 

OPM helmet are rigidly attached to the ground, and thus could only be affected when the ground 

moves relative to the Earth’s magnetic field (e.g., when someone is stomping on the ground close 

to the MEG scanner). Several previous studies would therefore apply a high-pass filter with a 

rather high cutoff of e.g., 4 Hz in order to ensure removal of low-frequency artifacts (Gialopsou 

et al., 2021; Jodko-Władzińska & Sander, 2024; Marhl et al., 2022; Seymour et al., 2021, 2022). 

While such a high high-pass filter (HPF) may not cause a problem if the goal is to examine the 

power of oscillatory bands above this filter, this practice may pose a problem for studying event-

related fields (ERFs), as high-pass filters with a high cutoff are known to attenuate or eliminate 

ERP (event-related potential) amplitudes and ERP effects across conditions in EEG studies 

(Tanner et al., 2015; van Driel et al., 2021; G. Zhang et al., 2024a, 2024b). Moreover, since 
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visual sentence processing studies usually present each segment (usually a word) for several 

hundreds of milliseconds, many ERF components may form some regularities in a lower 

frequency range slightly above 1 Hz (N. Ding et al., 2015; Y. Lu et al., 2022), therefore a high-

pass filter of 4 Hz would especially risk removing them (Seymour et al., 2022). On the other 

hand, some previous studies employed a moderate high-pass filter of e.g., 1 Hz, along with 

canonical preprocessing methods for SQUID-MEG data including ICA (Iivanainen et al., 2023). 

However, ICA may not be able remove the movement artifacts if they are statistically non-

stationary. The fundamental challenge is that, while ICA procedures typically reject undesirable 

components related to e.g., eye blinks and heart beats through inspection of waveform and 

topographic field map (Puce & Hämäläinen, 2017), it is unclear what would be the canonical 

topography for low-frequency movement artifacts in OPM-MEG. Moreover, with experimental 

OPM-MEG setups with a handful of (e.g., ~ 10) sensors, it is challenging to establish full 

topographic field maps in the first place (Iivanainen et al., 2023; Sander et al., 2020). 

Furthermore, the ability for ICA to single out “clean” artifact components appears to degrade as 

the number of sensors decrease (Klug & Gramann, 2021). However, the number of OPM sensors 

available is usually constrained by the nontrivial price of OPM sensors, so that many labs 

starting on OPM-MEG only possess a limited number of sensors. Therefore, a reasonable 

pipeline for OPM-MEG needs to be developed to analyze ERFs with the goal of (1) attenuating 

low-frequency movement artifacts, (2) retaining major ERF deflections and ERF effects, and (3) 

accommodating OPM-MEG setups with a smaller set of sensors (for which inspecting the 

topographic field map is challenging). Developing methods for setups with small numbers of 

OPMs will lead to more cost-effective research tools, as OPM sensors are still very expensive. 
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Such pipelines would greatly unleash the potential of OPM-MEG to study ERFs, including in 

sentence processing experiments.  

 One existing denoising method, evoked-biased denoising source separation (evoked-

biased DSS (de Cheveigné & Simon, 2008)), may resolve this challenge, since this method does 

not rely on visual inspection of topographic field maps. Evoked-biased DSS decomposes data 

from sensors into PCA (principal component analysis) components, ranking from more time-

locked to less time-locked. Assuming that movements are generally not time-locked to the 

stimulus, by keeping the first few components and excluding the rest of the components, we do 

not risk removing evoked responses much, while attenuating the effects from movement 

artifacts. However, evoked-biased DSS has not been tested on OPM-MEG data. 

In the current OPM-MEG study, with a canonical visual sentence processing paradigm in 

Mandarin Chinese, we compared across preprocessing pipelines with various high-pass filtering 

thresholds and with/without evoked-biased DSS, leveraging the well-studied N400 response (and 

N400 effects across conditions) observed in SQUID-MEG and EEG (Lau et al., 2008, 2016). In 

SQUID-MEG, N400 manifests as a deflection around 350 ms which is particularly observable in 

the sensors above the left hemisphere (Pylkkänen et al., 2002, 2006; Stockall et al., 2004). Apart 

from the N400 deflection per se, we also capitalize on the difference in N400 amplitude between 

verbs and nouns, which has been observed in SQUID-MEG and EEG systems as well, across a 

variety of languages including Mandarin Chinese (our stimuli language; (Federmeier et al., 2000; 

Khader et al., 2003; Tsigka et al., 2014; Xia et al., 2016; Xia & Peng, 2022)). To date, few 

sentence processing experiments have been conducted with OPM-MEG. Although one recent 

study employed an auditory sentence processing paradigm (Wu et al., 2024), they primarily 
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employed multivariate analysis methods, and so it was unclear whether the canonical univariate 

N400 deflection and N400 effects were preserved.  

 To preview, we observed that while a 4 Hz high-pass filter completely destroyed the 

N400 deflection and any N400 differences between verbs and nouns, a low (0.1 Hz) or moderate 

(1 Hz) high-pass filter alone retained too much low-frequency artifacts in ERF data. Combining 

a moderate high-pass filter (1 Hz) with evoked-biased DSS appeared to offer the best 

performance in attenuating low-frequency movement artifacts while retaining the N400 

deflection and the N400 difference between verbs and nouns. 

 

7.2. Experiment 7.1: Method 
 

7.2.1. Participants 
 

11 native speakers of Mandarin Chinese participated in this study (5 females, age M = 25, SD = 

3). Informed consent was obtained from all participants and they received monetary 

reimbursement for their participation. The procedures were approved by the IRB of University of 

Maryland.  

 

7.2.2. Stimuli and procedure 
 

The experiment was modeled after the EEG experiment of (Yu, Mancha, et al., 2024), with more 

sentences and therefore more trials. 

 



 

 

152 
 

Stimuli. We first came up with two lists of 80 verbs and 80 nouns in Mandarin Chinese, which 

was a superset of the list used in Yu, Mancha, et al. (2024). The verbs consisted of 40 separable 

verbs and 40 inseparable verbs; the nouns consisted of 40 compound nouns and 40 simplex 

nouns. For their detailed syntactic properties, see Yu, Mancha, et al. (2024). Comparing the 

responses between the two types of verbs or the two types of nouns is beyond the purpose of the 

current paper. These verbs and nouns were all disyllabic, each corresponding to two Chinese 

characters (average number of strokes for each verb or noun item: verb: 16.2; noun: 15.3). Mean 

log frequency in the BCC corpus (Xun et al., 2016): verb: 3.9, noun: 3.5. Mean log frequency in 

the CCL corpus (Zhan et al., 2019): verb: 4.1, noun: 3.7.  

 Then we created 160 sentences based on the 160 verb and noun items. The verbs and 

nouns were embedded in sentences in a certain sentential structure respectively, demonstrated in 

Table 7.1. Two counterbalanced lists of sentences for the verbs were created with two 

counterbalanced list of people’s names. These two lists were administered to roughly half of the 

participants respectively. Another 60 filler sentences were adapted from another study (Liao & 

Lau, 2020), rendering in total 220 sentences for each participant. 

 

Table 7.1 Example sentential stimuli for Experiment 7.1.  
The critical segment (i.e., the critical word) for our analysis is marked in bold.  
 
Nouns 
Sentence structure:  
[因为] [compound/simplex noun] [是] [segment 4] [segment 5,] [所以/因此] [continuation.] 
English translation:  
[Because] [compound/simplex noun] [is] [segment 4] [segment 5,] [therefore/so] 
[continuation.] 
 
Example: 
因为/热狗/是/一种/高热量的/食物，/所以/不是很健康。 
Because/hotdog/is/a.kind.of/high-calorie/food,/therefore/not.very.healthy. 
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“Because hotdog is a kind of high-calorie food, therefore it is not very healthy.” 
 
Verbs 
Sentence structure:  
[Name] [想要/不想/很想] [separable/inseparable verb,] [所以/因此] [continuation.] 
English translation:  
[Name] [wants to/doesn't want to/really wants to] [separable/inseparable verb,] 
[so/therefore] [continuation.] 
 
Example: 
小范/很想/造反，/所以/他秘密组织了一支军队。 
Fan[name]/really.wants.to/rebel,/therefore/he.gathered.an.army.secretly. 
“Fan really wants to rebel, therefore he gathered an army secretly.” 

 

Procedure. The procedure was also generally consistent with Yu, Mancha, et al. (2024). 

Participants sat ~ 90 cm in front of the screen. Due to the setup of the projector in the lab, the 

screen had to be ~ 30° tilted from the ground; the participants’ high performance suggested that 

the tilted screen did not affect sentence comprehension. 220 trials were run for each participant, 

with a different sentence presented in each trial. Each trial began with a fixation cross of 1000 

ms with a 200 ms blank screen, followed by presentation of the segments of this sentence in a 

segment-by-segment (i.e., RSVP, rapid serial visual presentation) manner, with a presentation 

duration for 600 ms for each segment, and a 200 ms interval between segments, for a total of 800 

ms stimulus-onset asynchrony (Figure 7.1). The segments were presented in white characters 

against a black background, in ~ 57 pt, Yahei UI font, at the center of the screen. In ~ 1/3 of the 

trials (76 out of 220 trials), the last segment of the sentence (i.e., the continuation) was colored in 

green and the subjects were instructed to respond to whether this continuation was congruent in 

this sentence, by pressing the left (congruent) or the right button (incongruent) on a response pad 

(the responses did not have a time-limit). In the other ~ 2/3 of the trials, the last segment was 

presented on the screen in white briefly for 1000 ms, and subjects did not need to respond. The 
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inter-trial intervals were self-paced; subjects pressed any button when they were ready to start 

the next trial. The participants completed a SQUID-MEG session with similar materials prior to 

the OPM-MEG visit. Since the two visits were interleaved by on average 10.5 (range 5-18) days, 

the SQUID-MEG session would unlikely affect the OPM-MEG session.  

 

 
Figure 7.1 Illustration of a trial of our sentence processing study (Experiment 7.1).  
The English translation of the stimuli presented in Chinese is below the arrow. 
 

7.2.3. Behavioral data analysis 
 

Behavioral accuracy for each participant was calculated for the trials with a continuation 

judgement task, as the proportion of correct responses. 

 

7.2.4. OPM Setup 
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The OPM measurements were conducted in a two-layered Ak3b magnetically shielded room 

(Vacuumschmelze GmbH & Co. KG, Hanau, Germany). Nine OPM magnetometer sensors 

(QZFM generation 2, QuSpin Inc., Louisville, Colorado, USA) were positioned across the scalp 

using a modified EEG cap (easycap 21-channel 10-20 cap). The cap had clip in OPM holders 

attached to the fabric (similar to the approach in https://quspin.com/experimental-meg-cap/). 

Such fabric caps modified for OPM usage have been used for clinical works as well (Feys et al., 

2022). OPMs were placed especially on the left hemisphere, at T8, F4, Fpz, F3, F7, C3, T7, P7, 

O1 and O2 (Figure 7.2). Because the easycap 21-channel cap doesn’t have an Fpz location, we 

created one at the appropriate location between Fp1 and Fp2. Each sensor recorded from two 

axes (z and y: radial head field and tangential field). The direction of the y axis was not 

consistent across all subjects due to rotational uncertainties, but was constant within each 

subject. In the current paper, we only analyze the z axis (radial direction relative to the head), 

which is in line with the direction recorded in most existing SQUID-MEG devices.  Although 

SQUID devices mainly consist of gradiometers, these gradiometers are designed to be sensitive 

to radial magnetic field information.  

 

7.2.5. OPM data analysis 
 

OPM data analyses was conducted with customized code in Python and MATLAB, with MNE-

Python (Gramfort et al., 2013). Statistical tests (paired t-test and repeated-measures ANOVA) 

were administered in JASP 0.18.1 (JASP Team, 2023).  

 

https://quspin.com/experimental-meg-cap/
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Preprocessing. Upon inspecting the power spectrum (Figure 7.2) for individual participants, 

there were generally a 50 Hz component as well as a ~ 27 Hz component. The 50 Hz component 

was most likely line noise. A 20-30 Hz component is generally present in other OPM systems as 

well (Alem et al., 2023; Seymour et al., 2022; X. Zhang et al., 2020) with a yet-unclear source. 

Therefore, we applied notch filters at 50 and 27 Hz (transitional bandwidth = 4 Hz) to remove 

these components. Then we tested six different treatments: (1) Data was passed with a 0.1-40 Hz 

IIR (infinite impulse response) filter (i.e., high-pass filter, HPF = 0.1 Hz) only, (2) Data was 

passed with a 0.1-40 Hz IIR filter, then an evoked-biased denoising source separation (evoked-

biased DSS), (3) a 1-40 Hz IIR filter only, (4) a 1-40 Hz IIR filter followed by evoked-biased 

DSS, (5) a 4-40 Hz IIR filter only, (6) a 4-40 Hz IIR filter followed by evoked-biased DSS. The 

other parameters for the IIR filters were determined by default algorithms in MNE-Python. 

 The procedure of evoked-biased DSS (de Cheveigné & Simon, 2008) is as follows. 

Evoked-biased DSS transforms normalized data from 9 sensors into 9 components, ranking from 

more stimulus-evoked-like to more noise-like. By keeping the first few components and 

excluding the rest of the components, we do not risk removing evoked responses much, while 

attenuating the effects from movement artifacts. The final epoch size that we wanted to have is -

200:800 ms, time-locked to critical word onset. Each epoch was baselined based on the -200:0 

ms baseline. In order to reduce the influence of the baseline period in DSS (note: in the current 

paper, “DSS” refers to evoked-biased DSS), we ran DSS on longer epochs of -200:1600 ms (S. 

G. Kim et al., 2020, 2022). Evoked-biased DSS was conducted with all epochs across the four 

conditions (epoch data were normalized for each sensor prior to DSS), resulting in 9 DSS 

components. We projected the first two DSS components back to the sensor space to create 

corrected epochs for analysis.  
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ERFs (event-related fields) were computed as the median of the epochs for each 

participant and for each condition respectively: separable verb, inseparable verb, compound 

noun, simplex noun, aggregated verb condition across separable and inseparable verbs, as well as 

aggregated noun condition across compound and simplex nouns. Because the mean is more 

subject to the influence of outlier data points, computing mean ERFs would require us to apply 

an additional outlier cutoff processing step which would likely result in different numbers of 

excluded trials across preprocessing pipelines. Median ERFs are less sensitive to outliers, 

therefore computing the ERFs with the median mitigates the need for applying a cutoff.  

 

Calculation of cross-trial variance for ERFs. As a means of quantifying overall noise level in 

the results of each pipeline, we computed a cross-trial variance measure for the ERFs. For each 

pipeline, for each participant and at each time point, we first calculated one variance value across 

all verb epochs and all noun epochs respectively. This variance value was calculated in the 

following way. First, we calculated the standard deviation at each sensor. Then, we averaged the 

standard deviations across all 9 sensors. After that, for each time point, we averaged the standard 

deviations across all participants, for the noun epochs and verb epochs respectively. This way, 

for noun epochs and verb epochs respectively, we derived an 1D array across time, with one 

averaged variance value at each time point. 

 

Calculation of RMS (root mean square). To determine whether the pipelines adequately 

captured the typical peaks in the ERF, we used an RMS measure. We calculated the RMS from 

ERFs that were first averaged across the verb and noun conditions, then averaged across 

participants. RMS was calculated as the root mean square across all 9 sensors. 
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Calculation of N400 amplitude. As described below, ERFs collapsed across conditions 

indicated a clear N400 peak between 300-400ms that was maximal at sensor F7. Therefore, we 

calculated N400 amplitude for each condition and for each participant at this sensor as the mean 

response amplitude across the 300-400 ms time window upon segment onset. 

 

 
Figure 7.2 Power spectrum density (PSD) of raw OPM-MEG data for each of the 11 
participants.  
The OPM sensors were attached to an EEG cap, whose layout is illustrated in the bottom right 
corner. Consistent with prior OPM-MEG studies, we observed two spectral peaks around 27 Hz 
(cause yet unknown) and 50 Hz (line noise) across most participants. 
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7.3. Results 
 

7.3.1. Behavioral results 
 

Accuracy. Participants generally achieved ceiling accuracy (range 99%-100%) in judging the 

semantic congruity of sentence continuations. Therefore, all trials were included in the MEG 

analysis. 

 

7.3.2. MEG results 
 

In this section we evaluate the processing pipelines based on several qualitative and quantitative 

aspects. 

 

Shape of ERF. In pipelines utilizing a 1 Hz high-pass filter (HPF), we were able to identify a 

clear deflection around 400 ms in left centro-frontal sensors, including F7, T7 and C3 (Figure 

7.3). The deflection had the highest amplitude at F7, from which we calculate the amplitude of 

N400 responses for further analysis. This deflection was faintly identifiable when using a 0.1 Hz 

HPF, and was practically invisible when applying a 4 Hz HPF. The same observation generally 

holds when inspecting individual participants’ data (Figure 7.4). Notably, the N400 deflection 

we observed was at the magnitude of hundreds of fT, which is higher compared to the typical 

magnitude observed in SQUID-MEG systems, at the magnitude of tens of fT (Lau et al., 2016; 

Lau & Nguyen, 2015), as expected given the much closer proximity of OPM-MEG sensors to the 
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underlying neural generators. Additionally, this difference in magnitude may also be relevant to 

the fact that, while OPM sensors are magnetometers, SQUIDs are often designed in a 

gradiometer configuration. 

 

Cross-trial variance for ERFs. Across the entire epoch, the pipeline with HPF = 4 Hz, with 

DSS had the lowest cross-trial variance, which holds for both verb trials and noun trials (Figure 

7.5). This was followed by the pipeline with HPF = 1Hz, with DSS. The pipeline with HPF = 0.1 

Hz without DSS had the highest variance among the pipelines. 

 

Shape of RMS. Previous MEG sentence or single-word processing studies tend to observe a ~ 

400 ms peak, along with earlier peak(s) around ~ 200 ms in RMS (Assadollahi & Pulvermüller, 

2003; Maess et al., 2016; Tsigka et al., 2014). The ~ 200 ms peak(s) likely reflect visual-

orthographic processing (Gwilliams et al., 2016; Salmelin, 2007). The ~ 400 ms peak or bump 

was clearly visible when we employed a 1 Hz HPF, while being faint or invisible for 0.1 or 4 Hz 

HPFs (Figure 7.6). A peak ~ 200 ms can only be clearly visually identified when a 1 Hz HPF is 

combined with DSS, but not when only applying a 1 Hz HPF. 

 

N400 effect between verbs and nouns. Paired t-test (two-tailed) only revealed a significant 

difference between the N400 amplitudes of verbs and nouns for the pipeline with HPF = 1 Hz 

and DSS, t(10) = -2.93, p = 0.015, Cohen’s d = -0.89 (Figure 7.7). This difference was not 

significantly different for the other pipelines, although the effects were generally in the same 

direction. HPF = 0.1 Hz without DSS: t(10) = -0.36, p = 0.73, Cohen’s d = -0.11; HPF = 0.1 Hz 

with DSS: t(10) = 1.48, p = 0.17, Cohen’s d = 0.45; HPF = 1 Hz without DSS: t(10) = -1.67, p = 



 

 

161 
 

0.13, Cohen’s d = -0.50; HPF = 4 Hz without DSS: t(10) = -1.27, p = 0.23, Cohen’s d = -0.38; 

HPF = 4 Hz with DSS: t(10) = -0.83, p = 0.43, Cohen’s d = -0.25. Repeated-measures ANOVA 

across the four conditions (the two verb conditions and the two noun conditions) showed similar 

results. 
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Figure 7.3 Grand average ERFs across all participants (blue line: verb; orange line: noun).  
ERF: event-related field. 
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Figure 7.4 Median ERFs for noun and verb epochs in one participant (blue line: verb; 
orange line: noun).  
ERF: event-related field.  
 



 

 

164 
 

 
Figure 7.5 Cross-trial variance for each pipeline among verb trials (left) and noun trials 
(right), averaged across all participants.  
HPF: high-pass filter; DSS: denoising source separation. 
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Figure 7.6 RMS (root mean square) across all electrodes, based on the ERFs averaged 
across verbs and nouns.  
Only when combining a 1 Hz HPF and DSS are we able to clearly visually identify peaks around 
200 ms and 400 ms. ERF: event-related field; HPF: high-pass filter; DSS: denoising source 
separation. 
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Figure 7.7 Comparison of N400 response (300-400 ms) amplitude at sensor F7 across verbs 
and nouns.  
Only when an HPF (high-pass filter) of 1 Hz was combined with DSS, were we able to observe a 
significant difference across verbs and nouns. Error bars stand for standard error. *: p < 0.05. 
HPF: high-pass filter; DSS: denoising source separation. 
 

7.4. Conclusion 
 

In the current paper, by comparing different preprocessing pipelines for OPM-MEG data, we 

demonstrated that combining a moderate high-pass filter (HPF) of 1 Hz with evoked-biased DSS 
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preserves the N400 deflection and allowed us to successfully replicate prior observations of an 

N400 difference between nouns and verbs. Moreover, this pipeline revealed canonical RMS 

peaks, and had a relatively low cross-trial variance among the pipelines. This pipeline thus 

unleashes the potential of OPM-MEG to study ERFs against low-frequency artifacts, especially 

for OPM-MEG setups with fewer sensors, where methods like ICA would be inapplicable. This 

can allow a beneficial ‘convergent methods’ approach for labs to obtain high-quality MEG data 

in closer proximity to the neural generators than traditional systems, even in the face of current 

constraints on the number of OPM sensors. 

 

7.5. Future directions 
 

7.5.1. On applying higher high-pass filters 
 

Although a 4 Hz HPF largely destroyed the N400 deflection and N400 effects in our study, such 

higher HPFs may still be applicable in studying some other ERFs. For example, the auditory 

evoked responses of M100, which is a peak ~ 100 ms upon auditory stimuli onset, appeared to 

survive such higher HPFs in previous studies (Marhl et al., 2022). Notably, in (Marhl et al., 

2022), auditory pure tones were presented at a duration of 500 ms, with intervals of 1200 ms 

between the tones. Thus, the stimuli presentation would form regularities below the 4 Hz HPF. 

Nevertheless, M100 was observed in that study. This is not surprising since M100 is a transient 

response that only lasted for ~ 50 ms, compared to our N400 deflections, which appeared to 

extend for ~ 300 ms. Exactly when higher HPFs can/cannot be used to study which ERF 
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component remains to be further elucidated in future studies, through empirical investigations 

and simulations. 

 

7.5.2. Other pipelines 
 

Beyond our current pipeline, some other pipelines may also achieve satisfactory performances, 

and future studies could work on comparing across these pipelines. Of note, HFC (homogeneous 

field correction) may be a promising method for this purpose (Tierney et al., 2021). We did not 

perform HFC for our current data because it requires the sensor orientation angles, which we did 

not record in this study. Future studies could compare across our current pipeline and HFC for 

the metrics that we used in the current work, or even combine them together. 

 

7.5.3. Exploring OPM-MEG recording with a limited number of sensors 
 

In the current study, we demonstrated a pipeline that accommodates OPM-MEG systems with a 

limited number of sensors (in our case, nine sensors), and obtained meaningful ERF responses in 

a sentence processing study. In practice, the number of sensors may not only be constrained by 

financial costs, but also by preparation time. For example, attaching more OPM sensors to the 

cap increases setup time, which may be a limiting factor in certain clinical contexts where shorter 

preparation times are preferred. Notably, previous research has shown that as few as four dual-

axis OPM sensors can be sufficient for a brain-computer interface for motor imagery decoding 

(Tan et al., 2025). This, along with our findings, suggests that even with a reduced sensor count, 

OPM-MEG can still yield meaningful results. Taken together, our study marks one of the initial 
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steps in validating OPM-MEG systems with fewer sensors, paving the way for more cost-

effective solutions which would enable wider clinical usage of OPM-MEG. 
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8. Chapter 8 
 

8.1. Conclusion 
 

In the current dissertation, we took the initial steps towards a rather new and exciting research 

program centering on “pointers” (or indexicals) in moment-to-moment cognition. The central 

goal for the first phase of this research program is to uncover the extent to which a same set of 

pointers is shared across different tasks and source modalities. Of note, by “the same set”, we not 

only mean the same numerical capacity limit, but shared neural representations. 

Through a series of behavioral and EEG experiments in Chapters 2 to 4, we showed 

initial evidence for a shared set of pointers that doesn’t care about the category of visually-

derived objects (across biological and non-biological visual objects), doesn’t care about whether 

the objects are derived from vision or language, and perhaps even doesn’t care about whether 

what is being represented is an object or a relation between objects. Although certainly more 

future studies are needed, I believe I have demonstrated evidence against a very fragmented 

object indexing system in the mind, which is largely dependent on source modality or the 

ontological nature of objects or relations. To this day, object representation has largely been 

studied with respect to specific tasks: for example, the classic delay-match-to-sample visual 

working memory task, or the MOT task. However, it is not guaranteed that the representations 

tested are necessarily encapsulated in the visual system, despite being a “visual” task in name – 

that is, the source modality is vision. Instead, some representations may be shared across a 

variety of tasks and source modalities. For example, although object files and discourse referents 

have been proposed in vision science and language science respectively, it is unclear whether 
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they recruit truly distinct neural representations. My studies provide one of the first attempts to 

address questions in this research direction. 

  In Chapters 5 to 6, I demonstrated evidence for an MEG marker for pointers in visual 

working memory tasks. This neural marker manifests as a right posterior activity (RPA) at the 

sensors, and reflects sustained activities in the inferior IPS bilaterally. These studies, on the one 

hand, suggest that inferior IPS is hosting pointers in visual working memory tasks, and on the 

other hand, serve as the basis of testing whether these neural signatures hold for other tasks and 

source modalities. Chapter 7 marks methodological development in OPM-MEG, a new 

generation of MEG systems. As OPM-MEG offers signals with higher amplitude compared to 

SQUID-MEG systems, this paves the way to better localization of pointer-related signals in the 

future. 

 In all, as language and vision are often studied in silos due to separate research 

communities, we still know little about the nature of shared representations or computations 

across visual and linguistic processing. In the current dissertation, we asked a concrete research 

question of this kind: to what extent do linguistic and visual input share the same set of pointers 

in moment-to-moment processing, and more generally, to what extent do these pointers 

generalize across different input, tasks, and source modalities? The works presented in this 

dissertation provide initial theorization and evidence towards this research program, and I hope 

these works would inspire further investigations into this topic, as well as asking new questions 

across vision and language. For example, does shared neural computational principles account 

for aesthetic appreciation (Yu, Raghavan, et al., 2025) or stimulus memorization across visual 

and linguistic media? We are in a great time of proposing and answering these largely unasked 

questions, with the development of both neuroimaging methods and computational neuroscience. 
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I hope the current dissertation will inspire more future works to bridge language and vision in 

novel ways, generating new insights about shared and unique computations in the mind and 

brain. 

 

8.2. Limitations 
 

The results reported in Chapters 2 to 4 have limitations and invite follow-up studies. As 

behavioral results can be affected by both the representations of pointers and features, and the 

neural markers used therein (NSW and posterior alpha power) may not exclusively respond to 

pointer-based load, and the results may still be confounded with feature-based competition (in 

the behavioral study) or feature-based effects (for NSW). The study with posterior alpha power 

in Chapter 4 was relatively free of this concern as the number of features was controlled for, yet 

the spatial extent of attention also differed across object load conditions. The number of pointers 

needs to be disentangled from the spatial extent of attention in future studies (Jones, Thyer, et al., 

2024). 

  One solution for future studies is to test these scenarios with MEG, and examine the 

more targeted neural markers for pointers (RPA and inferior IPS responses) that we developed in 

Chapters 5 and 6. If these neural markers are also immune to the spatial extent of attention and 

could reflect reassignability, these neural markers would serve as ideal hallmarks for pointers in 

moment-to-moment cognition.  

 That said, our current analysis on MEG data primarily reflects the scale of cohort of 

neurons, instead of single-neuron responses. A higher amplitude captured from a cohort of 

neurons may translate transparently into higher firing rates for each neuron, or less transparently 
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into more sophisticated synchronization patterns (Yu & Lau, 2023). While future studies with 

single-neuron recordings may offer important and complementary insights, we consider these 

“systems-level” analyses as offering unique insights as well: while a neuron within a certain 

neural circuit may encode unique information, downstream circuits may read out from cohort-

level properties instead of from one or a handful of neurons (X. X. Lin et al., 2023).  

 For the studies on object relations reported in Chapter 3, we should note that if we think 

of the pointers for objects as deeply intertwined with intuitive physics (Balaban et al., 2024), it is 

unlikely a priori that these pointers should stand in for relations between objects or events as a 

whole, as relations or events per se seldom move in space. Therefore, even if relations or events 

could be represented by pointers, it remains an open question whether these pointers are 

qualitatively the same as the object pointers.  

 Another limitation is about the imagery experiment reported in Chapter 4: the task is still 

about “visual” imagery. While this study was already less “visual” compared to visual working 

memory studies as the imagery was not derived from visual input in recent history, further 

studies could examine whether this pattern generalizes to even more non-visual tasks, where 

visual imagery is not encouraged (e.g., processing sentences whose content are harder to 

visualize) or even consciously unavailable (e.g., aphantasia). 

 

8.3. Discussion 
 

8.3.1. Why do we need pointers? 
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Up to now, we have talked about pointers as a part of mental representations for objects. What 

are the functions of pointers? What may the pointers do, and what may they not do? Why do we 

need pointers? Suppose some cognitive-neural systems may be well-off using only less content-

free and less reassignable variables, why would some systems use pointers that are more 

radically content-free and reassignable?  

 One system that appears to be using pointers is the perception-action (i.e., visuo-motor) 

circuit: pointers appear to be useful when we interact with objects around us with our motor 

system (Ballard et al., 1997). First, posterior parietal cortex -- a critical region hosting pointers 

(see Chapters 5 and 6) -- lies in the dorsal stream of visual processing, projecting to the motor 

cortex and deeply relevant to executing motor actions (Genovesio et al., 2014; Goodale & 

Milner, 1992). This is in contrast to the ventral pathway that is primarily responsible for feature 

detection. Second, motor reaching trajectories for visually-available stimuli have been found to 

be modulated by a similar capacity limit of ~ 4 objects (Gallivan et al., 2011), although the link 

between this capacity limit and capacity limits for more canonical visual working memory tasks 

remains to be established. Ecologically, the objects we reach for are often no longer relevant 

after a short while: for example, we reach for an apple and eat it up, or we reach for a pen and 

put it in the drawer after work -- done. In case we care about the pen again the next day, we 

would be retrieving the location of this pen from long-term memory instead of using short-term 

memory representations, given its observed stark capacity limit. Similarly, when we (and likely 

our distant ancestors) forage for berries, we tend to either eat them right away, or put them in a 

bag so that we can “forget about it” in short-term memory (and any important information is 

shifted to long-term formats). A radical content-free and reassignable, “burn-after-reading” 

representational format appears to be sufficient in this context. This is also in line with the 
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intuition that solving the Hanoi tower (Ballard et al., 1997) or playing the board game of 

Geistertreppe (English: Spooky Stairs) is rather effortful: we need to keep track of multiple 

objects and reach for them from time to time -- likely while everything is sustained in short-term 

memory. This is rather non-ecological in the sense that this is not what our perception-action 

system is “built for” (i.e., shaped by evolution). That is not to say that a less content-free and 

reassignable variable system cannot do this task, but that the content-free, reassignable pointer 

system that did evolve is sufficient. Physical reaching appears to share functions and neural 

bases (e.g., parietal regions) with directing overt/covert attention (Ballard et al., 1997; Culham & 

Valyear, 2006). Such commonality may also extend to describing scenes via language (which 

also translates into motor output in the end), in particular with demonstratives (e.g., this, that). 

Overall, based on the abovementioned rationale, pointers likely underlie computations in the 

visuo-motor pathway, which would be an ideal starting point to study how pointers are 

maneuvered in specific mental programs, as well as when pointers are recruited and when not. 

 

8.3.2. Future directions 
 

With the neural signatures for pointers developed here, we could ask further research 
questions. For example, how many pointers are taxed when we group two or more objects 
together? When two objects are grouped together, are we recruiting only one pointer 
because they are in the same group, two pointers because grouping do not affect the 
number of pointers recruited, or even three pointers since we now also need to represent 
the whole group apart from the two individual objects? Although much research has been 
conducted on grouping, little has been shown about how grouping specifically affects the 
pointers. A pioneering fMRI study suggested that the posterior parietal response level (see  
Table 1.1) for two visually-grouped items (grouped by a rectangle in the background) was in 

between those for one item and two ungrouped items (Y. Xu & Chun, 2007). This may suggest 

that the participants sometimes represent two grouped items with one pointer, and sometimes with 
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two, so that the average level of response was in between. This is in line with recent observations 

from Thyer and colleagues (2022), that four items grouped in two groups (two notched discs facing 

each other) would tend to be classified as two separate items rather than four separate items by the 

mvLoad classifier, as well as earlier studies utilizing CDA (Luria & Vogel, 2014; Peterson et al., 

2015). Items in these studies were grouped by relatively low-level visual cues; however, we also 

group objects together based on a variety of information apart from visual backgrounds and 

boundaries. For instance, we may group objects together based on (1) long-term semantic 

knowledge, for example, we may group a match and a candle together because typically, a match 

lights up a candle according to our long-term knowledge (O’Donnell et al., 2018; Yu, Thakurdesai, 

et al., 2025), or (2) whether they are involved in the same (social) interaction, for example, we 

may group two individuals talking with each other, compared to they are standing there in isolation 

(Papeo, 2020; Yu, Li, et al., 2024; C. Zhou et al., 2019). Grouping may also be trained through 

associative learning (Ngiam, Thyer, et al., 2023). Furthermore, grouping may be biased via task 

goals or instructions (Balaban & Luria, 2016; Knowlton et al., 2023; Rabbitt et al., 2017), the 

current cognitive effort available (Xie & Zhang, 2023), or the number of items one need to 

memorize in total (Feigenson & Carey, 2005; Kutter et al., 2023). Much less is known about how 

these different sources or driving forces of grouping affects the number of pointers taxed. 

Interestingly, mental objects stored in long-term memory have also been proposed to be 

instantiated by pointers, leaving open also the intriguing question of how pointers in moment-to-

moment processing interacts with long-term memory pointers (Cowan, 2019). Moreover, the 

neural signatures for pointers also allow us to characterize the development of pointer 

representations across the lifespan, and examine the relationship between these markers and 

individual traits or atypicalities. 
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 How do we compute with these pointers within and across different cognitive-neural 

systems? In other words, what do the “computer programs” in different cognitive-neural systems 

look like? For example, swapping two mental objects (registered by variables/pointers x1 and x2) 

can be realized with only one additional variable x3: 

 

Program 1 
x3 = x1 
x1 = x2 
x2 = x3 
 

Or by using two additional variables x3 and x4: 

 

Program 2 
x3 = x1 
x4 = x2 
x1 = x4 
x2 = x3 
 

In a recent paper, Tian and colleagues (2024) discovered that in macaque frontal cortex, two neural 

subspaces additional to the two subspaces for the two original objects are recruited when swapping 

the rank order for visual locations in a sequence. If a neural subspace meets both our criteria for 

neural signatures for pointers, one would be able to infer that the mental program (i.e., LoT 

procedures/routines) in macaque frontal cortex for swapping is Program 2. Thus, neural signatures 

for pointers in moment-to-moment cognition could serve as a window into even the actual LoT 

procedures that the brain is implementing, or at least narrow down the space for possible LoT 

procedures. 

In all, we outlined a novel research program spanning the territories of vision, auditory, 

and language (neuro)science and beyond, calling for a quest for neural signatures for pointers in 
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moment-to-moment cognition, as well as for deciphering how these neural signatures generalize 

(or not) across paradigms, task goals and source modalities. In this way, we will be able to delineate 

the neural taxonomy of pointers in moment-to-moment cognition. 

 We are in an exciting time for this research question given unprecedented advances in 

human intracranial recording that could achieve unit-level resolution (Chung et al., 2022; 

Eisenkolb et al., 2023), as well as accompanying and increasing novel evidence demonstrating 

digital neural signatures in human cognition (e.g., coding by the rank order of neural firing 

sequences across neuronal populations; Xie et al., 2024). This research program could not only 

incubate novel evidence and perspectives towards the long-standing debate between symbolic and 

connectionist cognition in cognitive psychology/neuroscience (Fodor & Pylyshyn, 1988; 

Smolensky, 1988), but also towards the debate over many vs. one LoT(s) in the philosophy of 

mind (Fodor, 1975; Mandelbaum et al., 2022). These neural signatures may finally crack open the 

stiff window towards answering how our brain and cognition is programmed neurally, how the 

choice of mental programs may be determined by external and internal factors, and even towards 

actually writing and fixing these programs. 
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