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ABSTRACT 

The representation of space in humans is influenced by a variety of factors during learning 

including the size, geometry, and complexity of the environment as well as how we interact with 

it. While the networks that underlie human spatial cognition are believed to be similar or 

homologous to other mammalian species, we may be the only species that uses figural 

representations of space (i.e., maps) to improve navigational efficacy for prospective goals. 

Behavioral and neurophysiological evidence have suggested a framework whereby self-

referenced egocentric representations and world-referenced allocentric representations develop 

independently but interact and influence one another such that information from one of these 

reference frames can be translated into the other and vice versa. This framework provides the 

cognitive flexibility required for navigating large, complex spaces such as cities. The study of 

these large-scale environments has benefitted greatly from recent advances in video game 

technology, including immersive virtual reality (VR), but the time and effort to integrate these 

tools can be detrimental to the empirical process. In this dissertation, I provide a brief overview 

of the theories, methods, and results that motivated this work (Chapter 1), introduce tools I have 

developed to aid researchers in designing and implementing VR experiments (Chapter 2), and 

report research findings in support of a view that egocentric and allocentric affordances during 

learning and demands at retrieval result in dynamic and flexible spatial representations (Chapters 

3 & 4). Chapter 5 summarizes the theoretical linkage of my doctoral portfolio and provides 

avenues for future study. 

 Keywords: spatial cognition, virtual reality, Landmarks, reference frames, flexible 

cognition 
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  The study of spatial cognition and navigation has received more attention recently in the 

wake of the 2014 Nobel Prize in Physiology or Medicine being awarded to John OôKeefe, 

Edvard Moser and May-Britt Moser for their discoveries of place cells (OôKeefe & Dostrovsky, 

1971) and grid cells (Hafting et al., 2005). Incidentally, two months later I submitted my 

application for graduate study to the University of California, Davis, and the following year, I 

joined in the excitement of studying how humans represent and interact with their environment 

to accomplish complex behaviors that are often taken for granted in the absence of conditions 

associated with spatial deficits. A colleague once quipped that some tunicates, also known as sea 

squirts, illustrated the importance of navigation by undergoing a dramatic metamorphosis not 

only of physical structures but also of neural machinery as they advance from their motile 

tadpole stage to their fixated, stationary adult form (Scott, 1952). While these changes are often 

over dramatized (tunicates do not in fact ñeatò their brains1), the comment does provide an 

interesting thought experiment about the nature of the relationship among the mind, brain, and 

behavior in the context of navigation.  

 Leaving the ocean and tunicates behind, now imagine the uniquely human behavior of 

driving a car down the highway in our hometown. Let us assume that we are responsible drivers, 

who are focused only on safely arriving at our destination and free from the distractions of radio, 

conversation, or (for the love of adequate grant funding) texting. In fact, the only tool we are 

using, other than the car itself, is a global positioning system (GPS) with our current route 

plugged in. For the sake of this example, letôs assume that our minds are only focused on three 

things: what we see outside the car (our viewpoint), the layout of our hometown as we remember 

 

1 This is a common misconception insofar as it implies there is no neural system after metamorphosis rather than 

simply a different neural system. 
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it (our cognitive map), and an external uncertainty resolution tool (our GPS). In our viewpoint, 

there are several salient landmarks ahead of us. Based on our cognitive map, seeing these 

familiar landmarks tells us that we are passing through downtown and heading toward our old 

neighborhood. Unfortunately, we have not been back home in a while and the exit to our old 

stomping grounds has been completely redesigned and rebuilt to provide access to several other 

nearby areas that have developed since we were here last. We can still trust our viewpoint, and 

we are still quite certain we are where we think we are in the city, but we no longer have the 

information required to complete our navigational quest. Enter the GPS! The up-to-date map of 

our hometown on the GPS shows our location approaching the complex new infrastructure as 

well as the street we need to get to, which was previously the only option on this exit. Looking at 

the GPS, the city has clearly added one offshoot before our street on this exit and one offshoot 

after our street on this exit, so we just need to keep right at the second fork to get to our street. 

We then return to our viewpoint, where we see the familiar start of the exit and the three 

offshoots and take the second available option. 

 I have highlighted only a few of the many (many) processes that take place in the mind to 

guide behavior at any given moment, and these cognitive and behavioral processes are 

individually supported by and linked via activity across various regions and networks within the 

human brain. The above example, of driving a car, will serve to identify some of the key 

concepts in the field of spatial cognition. In the remainder of Chapter 1, I will introduce these 

concepts, operationalize some of the common or ambiguous terms associated with these 

concepts, and motivate the work presented in subsequent chapters of this dissertation. 

Definition and Operationalization of Key Concepts 

Spatial Frames of Reference: Egocentric & Allocentric 
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 The viewpoint information in the driving scenario above provides self-referential, 

viewpoint information that can be used for beaconing (e.g., find the water tower near your house 

and take the road that follows the most direct path to it), and remembered topological stimulus-

response behaviors that previously resulted in successfully reaching your destination (e.g., take 

the exit after the mall, then turn right at the gas station, etc.). These self-referential, viewpoint-

based strategies that involve determining the relationship between the self and salient landmarks, 

are an example of utilizing the egocentric2 reference frame (Ekstrom & Isham, 2017). Examples 

of egocentric spatial relationships are shown in Figure 1B, and the change in these relationships 

due to self-motion is called egocentric updating. 

 In contrast to the self-referenced egocentric reference frame, the allocentric2 reference 

frame describes spatial relationships that are independent of oneôs position within the 

environment, or world-referenced (see Figure 1A). As the name may imply, the allocentric 

reference frame is more abstract as it is not a tangible thing that we can see or touch. In fact, the 

term cognitive map from our driving scenario was first used by Tolman (1948), whose 

experiments demonstrated that rats have the ability to behave in ways that cannot be explained 

by simple stimulus-response associations. In his experiments, he observed that rats could take 

novel shortcuts, utilize allocentric ñplaceò strategies as well as egocentric ñresponseò strategies, 

and display evidence of learning even in cases without highly motivating reward (latent 

learning). While an allocentric cognitive map on its own would do little to help us arrive at our 

destination, as it provides no information about where we are on the map (Tversky, 2009), the 

ability to integrate across egocentric and allocentric reference frames is crucial for efficient 

 

2 The term egocentric is derived from the Latin word ego, which translates to ñIò in English. Its foil reference frame, 

allocentric, gets its name from the Greek word állos, meaning ñother.ò 
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spatial cognition and navigation. Therefore both egocentric and allocentric spatial reference 

frames are important for understanding the cognitive basis of spatial learning and memory 

(Avraamides & Kelly, 2010; Burgess, 2006; Mou et al., 2004, 2006; Taylor & Tversky, 1992; R. 

F. Wang, 2017).  

 

Figure 1. Coordinate Systems for Spatial Reference Frames 

Coordinate Systems for Spatial Reference Frames 

 
Note. From ñInteracting networks of brain regions underlie human spatial navigation: A review 

and novel synthesis of the literature,ò by A. D. Ekstrom, D. J. Huffman, and M. Starrett, 2017, 

Journal of Neurophysiology, 118(6), p. 3329 (https://doi.org/10.1152/jn.00531.2017). Copyright 

2017 by the American Physiological Society. 

 

It is important to note the nuanced distinction between spatial information and spatial 

reference frames. For the purposes of this dissertation, spatial information comprises concrete 

perceptual cues that exist in the real world (e.g., the building occludes the mountains, so it must 

be closer), while spatial reference frames comprise abstract representations that exist in the mind. 

If  learning from viewpoints along a route results in the use of more egocentric strategies, it 
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would be incorrect to say that the spatial information in any given viewpoint was egocentric 

information, just as how the information in a map is not inherently allocentric. Indeed, for the 

most part, a route through, and a map of, the same environment each contain the same spatial 

information ï hence we can draw maps of our hometowns despite (quite probably) having never 

floated motionless over the center of the city while looking straight down. Thus, spatial 

information can be thought of as the input that generates representations, and the resultant spatial 

representations can be more egocentric or allocentric depending on the way that spatial 

information was acquired. To emphasize the distinction between information and representations 

while also acknowledging that the mode in which information is acquired affects the resultant 

representations, I will henceforth refer to spatial information acquired from experience (e.g., 

routes) as ñego-generative spatial informationò and spatial information as it is acquired from 

representational sources (e.g., maps) as ñallo-generative spatial information.ò 

Neural Correlates of Spatial Reference Frames 

Our understanding of the neural substrates of egocentric and allocentric processing has 

increased dramatically since the discovery of place cells (OôKeefe & Dostrovsky, 1971). 

Researchers have observed spatial view cells that respond based on potential goals being looked 

at (Ekstrom et al., 2003; Rolls, 1999); boundary vector cells that show place responses 

modulated by the borders of an environment (Lever et al., 2009); head direction cells that are 

tuned to the orientation of the head independent of the body (Taube et al., 1990a, 1990b); grid 

cells that fire in response to movement through any field within hexadirectional lattices of the 

environment (Hafting et al., 2005); conjunctive cells that combine position, orientation, and 

movement information; and more. It is worth noting that many of these cell types are responsive 

to a combination of self-referential and configural cues. Prevailing models implicate the 
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hippocampus and medial temporal lobe in primarily allocentric processing, regions of posterior 

parietal cortex in primarily egocentric processing, and the retrosplenial complex as a key node in 

the translation between egocentric and allocentric reference frames, although my colleagues and 

I have advocated that this may be an oversimplification of a much more distributed network of 

spatial processing (Ekstrom et al., 2017). 

Tests of Egocentric and Allocentric Spatial Knowledge 

In human research, two commonly used spatial memory tasks are the scene- and orientation-

dependent pointing (SOP) task (R. F. Wang & Spelke, 2000) and the judgements of relative 

direction (JRD) task (Waller & Hodgson, 2006). While neither represents a process-pure test of 

either egocentric or allocentric knowledge, in the same way that spatial cells do not exhibit 

purely egocentric or allocentric spatial coding, the SOP is considered to be relatively more 

egocentric and the JRD relatively more allocentric (Starrett & Ekstrom, 2018; Zhang et al., 

2014). For a conceptual representation of the egocentricity or allocentricity of these two tasks, 

see Figure 2. Briefly, in the egocentric SOP task, participants are shown a viewpoint from a 

learned environment and given time to orient themselves within the environment. Once oriented, 

they are asked to point to one or more salient landmarks in the environment. In the JRD task, no 

visual information is provided. Participants are asked to imagine themselves at one landmark in 

the environment, facing another landmark, and to point to a third landmark. An example trial of 

each task is shown in the right panel of Figure 4 (Chapter 4).  
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Figure 2. Conceptualization of Acquiring and Utilizing Spatial Information  

Conceptualization of Acquiring and Utilizing Spatial Information 

 
Note. Blue circles show the proposed distribution of spatial information into spatial reference 

frames across a continuous range from more-egocentric to more-allocentric for a selection of 

commonly used learning paradigms. Colored, dotted lines represent estimates of the relative 

demands for ego-generative versus allo-generative information (and the more egocentric or 

allocentric spatial reference frames that result, respectively) to perform optimally on a selection 

of the spatial memory tasks. Ego = egocentric; Allo = allocentric; SOP = scene- and orientation-

dependent pointing; JRD = judgements of relative direction; RVD = relative vector 

discrimination. Adapted from ñPerspective: Assessing the flexible acquisition, integration, and 

deployment of human spatial representations and information,ò by M. J. Starrett & A. D. 

Ekstrom, 2018, Frontiers in Human Neuroscience, 12(281), p. 4 

(https://doi.org/10.3389/fnhum.2018.00281). Copyright © 2018 Starrett and Ekstrom. 
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Learning from Routes and Maps 

 While the terms egocentric and allocentric may not come up often in daily conversations, 

I am confident that most, if not all, readers have heard the terms ñrouteò and ñmapò before. It 

would be reasonable for one to think that the concepts of routes and maps could hardly be as 

nuanced as those of egocentric and allocentric (see Footnote 2 on page 13), but this could not be 

further from the truth. The field of spatial cognition has perhaps not been particularly consistent 

with these terms, and from an experimental design perspective, there are a quite a few moving 

parts. At this time, I will not advocate for a complete reexamination of the human spatial 

cognition terminology, but rather, I will simply operationalize some of the more ambiguous 

terms, such as routes and maps, as they will be used in subsequent chapters.  

 In the broader context of navigation, routes or route learning are most congruent with the 

terms wayfinding or more specifically landmark-based piloting (Epstein & Vass, 2014; Mou & 

Wang, 2015), whereby a navigator will freely and actively move through a novel environment in 

search of a goal that is not immediately visible. Critically, the navigator will acquire and use 

information about the locations of salient landmarks in the environment relative to other 

landmarks (think allocentric cognitive map) and use that knowledge along with their current 

position relative to visible landmarks (think egocentric viewpoints). Freely moving refers to 

movement within an environment that is not synthetically constrained. For example, when 

navigating a city in situ, a participant is not guided by an experimenter, restricted to travelling on 

a predefined path, or limited to a subset of the navigable space (e.g., a participant restricted to 

travelling only on streets would not be able to cut across an open field). Similarly, active 

movement means that the participant controls translations through the environment (e.g., 

walking) rather than being passively transported (e.g., taking a bus), as these are dissociable 
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(Chrastil & Warren, 2012, 2013, 2015). The definition of active movement will be used more 

liberally regarding how self-initiated movement is achieved. For example, translations using a 

computer keyboard, a stationary walking device, or actual walking would all meet the 

requirement for active route learning. Despite evidence that has suggested more realistic 

interfaces for active movement (walking > keyboard) can improve spatial learning and memory 

performance (Ruddle et al., 1999, 2011; Ruddle & Lessels, 2006, 2009), there is no conclusive 

evidence that the resulting spatial representations are fundamentally different (Huffman & 

Ekstrom, 2019b).  

 The concept of a map has become much more varied and less straightforward in the last 

30 years. At the time of writing, a sizeable portion of the population consistently carry small 

computers in their pockets that can serve as GPS devices like the one in the driving scenario at 

the beginning of the chapter. I consider GPS as a special kind of spatial information source, 

which I discussed in a recent perspective (Starrett & Ekstrom, 2018), the concept of which is 

further explored in Chapter 4. When not actively navigating, digital technology still allows a user 

to view a select desired region of a global map, reorient it, zoom in or out, and even overlay 

satellite and traffic data. Here I will consider a map to be a 2-dimensional (flat) representation of 

a 3-dimensional environment, which can only be viewed statically ï without the ability to 

reorient the primary axes or change the field of view. Learning from these maps generally entails 

some period of studying the map, analogous to exploring an environment during route learning, 

and a test to determine how effectively the map was studied, such as drawing the map from 

memory or having salient landmarks removed and determining where they belong from memory. 

While cognitive maps (Tolman, 1948) may or may not resemble the maps used for map learning, 
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they are distinct from the maps used for learning in that they are represented exclusively in our 

mind. 

 Similar to spatial memory tasks such as the JRD and SOP, there has been a great deal of 

research regarding how learning spatial relationships differs across route and map learning 

(Meilinger et al., 2013, 2015; Richardson et al., 1999; Taylor & Tversky, 1992, 1992; Thorndyke 

& Hayesroth, 1982; Zhang et al., 2012, 2014). In general, maps are considered to provide more 

allo-generative information and routes are considered to provide more ego-generative 

information, although the caveats mentioned for spatial memory tasks also apply here (Starrett & 

Ekstrom, 2018). Chapters 3 & 4 will further explore the dynamic nature of spatial representations 

formed from routes as compared to maps. 

Large-Scale Virtual Environments 

 Spatial cognition encompasses the study of a wide range of environments. Both the size, 

or scale, of an environment (Ekstrom & Isham, 2017; M Hegarty et al., 2006; Padilla et al., 2017; 

Peer et al., 2019; Ruddle et al., 2011) as well as the complexity and structure (Brockmole & 

Wang, 2002; Han & Becker, 2014; Meilinger et al., 2016; R F Wang & Brockmole, 2003; R. F. 

Wang & Brockmole, 2003) of the environment  are major factors in how spatial information is 

processed and recalled. One of the most commonly utilized taxonomies of space comes from 

Montello (1993), who identified four general categories, or psychologies, of space: figural space, 

vista space, environmental space, and geographical space. Figural space comprises pictorial 

representations of space, including maps, that are smaller than the human body and 

representative in nature. Vista spaces are characterized by oneôs ability to ascertain sufficient 

spatial information without the need for physical translations. Vista spaces can vary greatly in 

size, with the largest having boundaries defined only ñas far as the eye can see.ò Thus, a vista 
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space encompasses anything from an office cubicle to a sprawling dessert. While similar to vista 

spaces in terms of the range of possible sizes, environmental spaces are unique in that their 

overall structure and relevant spatial information cannot be acquired without locomotion or 

movement of some form. The defining characteristic of environmental spaces can be thought of 

as opaque borders, which can take the form of buildings in a city or walls in a building 

(Meilinger et al., 2016). Geographic space is concerned with any space too large or extensive to 

be effectively understood without the use of symbolic representations such as maps, which 

brings us full circle back to figural spaces. It is important to note, however, that a sufficiently 

large or complex environmental (or theoretically even vista) space can be classified as a 

geographic space and subsequently compartmentalized into multiple individual vista or 

environmental spaces (Han & Becker, 2014; Tversky, 2009), such as neighborhoods in a city. 

Subsequent references to large-scale spaces, generally, refer to an environmental space not 

sufficiently large or complex enough to necessitate being split into multiple smaller spaces, 

somewhere in the ballpark of 100 m to 200 m on either side. 

 Readers may notice that these titular environments would be difficult to study in a 

laboratory given the physical size of most laboratories is smaller than the environments of 

interest. While some researchers have successfully conducted research in real-world settings 

(Marchette et al., 2011; McNamara et al., 2003), real-world environments present unique 

challenges to experimental control such as prior exposure and environmental factors. While 

some of these issues can be corrected for (e.g., screening for participants who have prior 

exposure to the environment) others are simply beyond the experimenterôs control (e.g., a new 

food truck starts parking near the experiment and participants that day have better memory for 

landmarks in that direction). One solution for balancing ecological validity and experimental 
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control is creating virtual environments and rendering them on a display. The benefit in doing 

this is having complete control over the design and novelty of the virtual environment, 

alleviating concerns about participantsô prior experience or unpredictable events like inclement 

weather or that pesky, delicious food truck.  

Historically, the tradeoff of studying large-scale space using virtual environments has 

been that some naturalistic behaviors are compromised, such as the affordance of physical 

locomotion through space being replaced by a joystick and computer monitor. Fortunately, 

research has shown that knowledge acquired in virtual environments using desktop interfaces 

does transfer to the real-world (Hejtmanek et al., 2020; Richardson et al., 1999) and the spatial 

representations generated by these interfaces are not discernably different from those acquired 

with enriched idiothetic cues such as vestibular and proprioceptive information (Huffman & 

Ekstrom, 2019b). The benefits and tradeoffs of virtual interfaces in human research remains a 

topic of debate (Huffman & Ekstrom, 2020; Steel et al., 2020; Taube et al., 2013).  

I have been fortunate to be a part of the first wave of navigation scientists with access to 

newly emerging immersive virtual reality (VR). Head-mounted displays (HMDs), which render 

stereoscopic images directly to each eye create the illusion of depth and the effect of presence or 

feeling not dissimilar from reality. Furthermore, we have published some of the first findings 

using omnidirectional treadmills (e.g., Liang et al., 2018), which allow for navigation in virtual 

environments using a full array of body-based cues including vestibular information from 

angular accelerations and proprioceptive information from limb positions and muscle tension. 

Immersive VR and its applications will be discussed more in Chapters 2 & 3.  
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Included Articles 

 This document is organized as a portfolio of articles, each representing a unique 

methodological or empirical contribution to the field of spatial cognition. Chapter 1 provides a 

general introduction to the theory, methods, and empirical findings that have motivated this 

dissertation and orients the reader with common terminology and operational definitions used 

throughout. Chapter 2 introduces the Landmarks Unity package, an open-source solution for 

designing and creating 3D navigation and memory experiments (Starrett et al., 2020). In Chapter 

3, the dynamic nature of spatial representations across learning is examined in the context of 

memory alignment effects, a mnemonic bias to recall spatial relationships more accurately when 

the imagined perspective is aligned with the salient geometry of an environment (Starrett et al., 

2019). Chapter 4 builds upon previous work in an initial attempt to manipulate the flexibility of 

spatial representations acquired through learning, using a novel ñhybridò navigation task. 

Chapter 5 concludes by examining the theoretical linkage of the collective works constituting 

this dissertation as well as how they advance our understanding of human spatial cognition and 

raise new emprical questions for future study.
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Summary 

 One hurdle that many experimental psychologists must overcome is the requirement for 

software applications and often custom scripting (writing code in one or more computer 

programming languages) to generate experimental stimuli and procedures. When experiments 

only require two-dimensional (2D) stimuli (i.e., rendered on a computer screen with no actual or 

perceived depth), well-established tools specifically for psychological paradigms can be 

employed with varying levels of actual programming required (e.g., Psychophysics Toolbox: 

Brainard, 1997; PsychoPy: Peirce et al., 2019; or E-Prime: Psychology Software Tools, 2016). 

However, when three-dimensional (3D) stimuli are employed, as in navigation experiments 

utilizing 3D virtual environments, researchers almost ubiquitously rely on game engines ï 

software applications that provide a graphical interface, common and essential components of 

videogames (e.g., physics and lighting), and compatibility with custom scripting for unique 

behaviors. One of the more popular, freely available game engines used in research is Unity 

(Unity Technologies, San Francisco, CA).  

Unity provides the ability to create virtual environments such as cities (placing 3D 

models called assets3 into a virtual space and organizing them into a coherent structure) as well 

as basic ways to interact with these environments (a virtual avatar that moves through the 

environment based on the inputs from an external device such as a computer keyboard) without 

any programming. However, Unity does not include the fundamental elements of a controlled 

experiment such as manipulated conditions or the structure and order of tasks (i.e., Unity 

provides more ñmaterialsò than ñprocedureò). Any of these components would need to be 

specified in a script using the C# programming language, usually coded in an integrated 

 

3 For a glossary of terms specific to the Unity game engine, see Box 1 of Appendix A or Starrett et al. (2020). 
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development environment (IDE, i.e., word processing software for code). A sizeable collection 

of custom C# scripts is necessary to implement even a basic navigation experiment. Fortunately, 

there are a litany of these collections or packages that can be opened or imported into Unity (e.g., 

Virtual SILCton: Schinazi et al., 2013; Intersections: Wiener et al., 2019; EVE: Grübel et al., 

2017; UXF: Brookes et al., 2020; OpenMaze: Alsbury-Nealy et al., 2020). The relative benefit of 

using any of these packages can generally be determined by two properties: (1) flexibility  and (2) 

ease-of-use. Unfortunately, it is common for an increase in one of these properties to result in a 

decrease of another, such that most packages are either more flexible/customizable or easier to 

use.  

This chapter introduces and provides an overview of the open-source Landmarks package 

for Unity (github.com/mjstarrett/landmarks). The GitHub repository contains a Unity project, a 

folder that, when opened in Unity, will contain not only the imported Landmarks package but 

also every other Unity package that is required for Landmarks to work properly. For example, 

the Unity Standard Assets package is a free package containing a first-person controller ï a 3D 

model and pre-programmed scripts that facilitate the viewing of, and control of movement 

through, a virtual environment ï that serves as the basis for the player controller in Landmarks. 

The Landmarks Unity package is structured similarly to other Unity packages in that the various 

assets are organized in folders based on the function they serve in Unity.  

The ñPrefabsò folder contains various preconfigured pieces for building an experiment, 

referred to as prefabs in Unity ï adding a Navigation task to your experiment will provide 

immediate functionality with default settings that can be modified in Unity without accessing 

any code (e.g., by default the goal objects are immediately visible, but users can specify an 

amount of time for them to remain hidden initially). The ñScriptsò folder contains all the custom 
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scripts that were written for Landmarks ï ñavatarLog.csò is attached to each Landmarks player 

controller prefab and tracks various movements such as position, and viewpoint rotation. The 

ñScenesò folder comprises any existing experiments, similar to levels in a videogame game ï 

ñdemo_SimpleSample_50x50.unityò contains a 50 m  50 m virtual environment that is 

preconfigured with a navigation task to find four geometric target objects in a random order; 

users can simply open this scene and press play to see a working experiment. The ñMaterialsò 

folder contains different materials that can be applied to an object ï A red brick texture or a 

matte blue solid color can be applied to the standard gray cube that can be created by Unity. The 

ñText Filesò folder contains plain text files that are used to populate the screen at various points 

ï ñExperiment_Goodbye.txtò contains two sentences of text that are shown after all tasks in an 

experiment are completed. 

All of these packages and components can seem complicated, so resources have been 

created and made available to help users learn the essentials and start building their experiment. 

Landmarks users with little or no knowledge of Unity are encouraged to access the Landmarks 

Wiki (github.com/mjstarrett/Landmarks/wiki) or view the Getting Started with Landmarks video 

tutorial playlist on YouTube (YouTube LLC, San Bruno, CA) that walks users through 

downloading the Landmarks Unity Project, opening it in Unity, creating a virtual environment, 

building a simple experiment, and more. 

Landmarks was designed to be hierarchical, modular, and templatized to provide 

usability across a wide range of programming experience levels (See Figure 2 of Appendix A or 

Starrett et al., 2020). Most users, or situations, fall into one of three categories: 1) Having little to 

no programming experience; these users are looking to build simple navigation experiments 

using drag-and-drop mechanics with existing prefab tasks or, for more advanced cases, 
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recombining parts of existing prefabs together to make novel variants of tasks. 2) Having some 

coding ability and Unity experience but not wanting to start from scratch; these users are the 

primary target audience for Landmarks and are looking to use the existing tasks and scripts in 

Landmarks as a foundation and template for creating their own experiment designed to meet the 

unique needs of their research questions. 3) Having advanced game development or C# 

experience; these users are likely to be less abundant and comprise mostly the developers of 

Landmarks, modifying the framework and adding functionality that does not exist in the current 

release of Landmarks.  

We believe that Landmarks provides one of the lowest barriers to entry among 3D 

experiment design packages, allowing users to create simple experiments without any 

programming required. At the same time, there is no ceiling for what can be done with 

Landmarks, as the entire codebase is freely available for use and modification; users can even 

contribute their work back to the package to further improve it for all users. Currently, one of the 

distinct advantages to using Landmarks is its immersive VR compatibility. Landmarks currently 

provides support for the HTC Vive series of HMDs as well as two models of omnidirectional 

treadmills. After downloading Landmarks, switching to use an immersive VR interface generally 

only requires selecting the appropriate controller from a dropdown menu of available options. 

Landmarks is an ideal choice for researchers or research groups who do not have their own 

experimental framework, do not have funding to hire professional programmers, or are interested 

in moving to immersive VR paradigms. 

Author  Contributions 

 My contributions had a profound impact on the implementation and dissemination of the 

Landmarks package. I refactored much of the Landmarks codebase, which involved extensive 
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changes including the addition of comments to existing code, adding support for multiple 

immersive VR tools, and transitioning the package from user interaction being primarily based in 

Individual Development Environments (e.g., to write code or program; low level) to user 

interaction being primarily based in the Unity Editor graphical interface (e.g., drag-and-drop 

mechanics; high level). I also implemented Git source code management, a version control 

system used to track changes and facilitate the integration of modifications from multiple 

contributors. I moderate the public GitHub repository where the Landmarks codebase is hosted.  

Several manuscripts describing the original version of Landmarks were drafted, but none 

were ever submitted to peer-reviewed journals. After I had completed most of the code 

refactoring and learned that Dr. Ekstrom and the lab were moving from the University of 

California, Davis to the University of Arizona, I utilized the transition time by working to 

publish the long-awaited methods paper describing the Landmarks package. Landmarks has 

largely defined my legacy in the Human Spatial Cognition laboratory, and I am excited to 

continue supporting and developing the package for years to come. I wrote the initial version of 

the manuscript, and I am both the first author and corresponding author on the published article. 
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Summary 

 Throughout the currently available literature in the field of spatial navigation and 

cognition, most research experiments are conducted in the laboratory. As a result, these studies 

have generally addressed questions relating to either small real-world environments (e.g., Mou & 

McNamara, 2002; Rieser, 1989; Shelton & McNamara, 1997, 2001) or large virtual 

environments rendered on a computer monitor and explored via button inputs or joysticks (e.g., 

Arnold et al., 2016; Chan et al., 2013; Han & Becker, 2014). The former suffers from the 

limitation that room-sized spaces are not representative of the buildings, campuses, or cities that 

humans typically navigate in that their vista space structure (Montello, 1993) does not require 

locomotion, which is arguably essential for true navigation (Montello, 2005), to create a 

cognitive map of the environment. The latter circumvents this limitation by utilizing virtual 

environments that are not bound by the physical space available, but this comes at the cost of 

idiothetic cues, such as vestibular and proprioceptive information,  which have been shown to 

contribute to spatial learning and memory (Chrastil & Warren, 2012, 2013, 2014, 2015; Ruddle 

et al., 1999; Ruddle & Lessels, 2006, 2009).  

This is not to say that findings from so-called ñdesktopò VR studies should be 

discounted. There has been little evidence to suggest that spatial representations acquired with 

and without idiothetic cues are fundamentally different in nature (Hejtmanek et al., 2020; 

Huffman & Ekstrom, 2019b; Richardson et al., 1999; Waller et al., 1998) ï although this latter 

point remains contested (for perspectives in this ongoing debate, see Huffman & Ekstrom, 2020; 

Steel et al., 2020). With the recent development of more affordable commercial VR devices, 

researchers are better able to incorporate idiothetic, body-based cues into laboratory studies of 

navigation and spatial cognition. One device in particular, the omnidirectional treadmill, affords 
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researchers the ability to study navigation in large-scale spaces with body-based cues in the 

laboratory regardless of the physical space available. An omnidirectional treadmill, as the name 

implies, allows users to walk in more than one direction while remaining in the same physical 

location relative to the room. This chapter introduces one of the first studies conducted using an 

immersive VR interface comprised of an omnidirectional treadmill and a head-mounted display 

(HMD) with stereoscopic depth information. 

 In this paper, we examined the time-dependent nature of the well-documented 

psychological phenomenon of memory alignment effects (Kelly et al., 2007; Mou et al., 2004). 

Memory alignment effects are characterized by a mnemonic precision benefit when recalling 

spatial representations from an imagined heading aligned with the salient axes, or geometry, of 

an environment. This is particularly evident in environments with well-defined geometry such as 

a city with an orthogonal, grid-like layout of streets, such that imagining pointing to landmarks 

in the city will be more accurate if recalled from a perspective aligned with the streets. Prior to 

this work, one of the only tests of alignment effects conducted in large-scale spaces involved 

researchers taking subjects to a local park, walking aligned or misaligned paths, and then 

returning to the laboratory to complete the JRD spatial memory task (McNamara et al., 2003). 

That work confirmed the influence of salient environmental geometry in large-scale spaces even 

after limited experience in the environment, as participants reported being unfamiliar with the 

park and only walked their respective path twice.  

Using our novel immersive VR interface, we sought to test the nature of memory 

alignment effects in large-scale virtual environments and to provide novel insight into the time 

course of memory alignment effects by assessing JRD spatial memory performance 

intermittently between short navigation experiences. We tested for the presence of memory 



CH. 3 ï EVOLUTION OF SPATIAL REPRESENTATIONS 33 

alignment effects across six blocks of interleaved learning and memory tasks. In three 

experiments we compared these effects after route learning, map learning, or a combination of 

the two. 

In Experiment 1, participants completed six blocks of route learning. Each block of route 

learning consisted of navigating to each of eight target stores in a virtual city. Participants had no 

prior experience with the city as it was generated for the purpose of this experiment, and no 

information about the city, its structure, or the locations of navigation targets was provided prior 

to the first block of learning. After each route navigation block, participants performed trials of 

the JRD task, half of which were from imagined headings orthogonal to the rectangular geometry 

of the city (aligned) and half of which were not (misaligned). The results of Experiment 1 

indicated that memory alignment effects, defined as a significant difference between the average 

aligned and misaligned absolute pointing error on the JRD task, were only present after the 

fourth block of learning. The inability to detect alignment effects in early blocks, along with the 

increasing statistical effect size across blocks, suggested that alignment effects are indeed a 

component of spatial memory for large-scale virtual environments, but that environmental 

geometry may not be integrated in spatial representations initially. This was supported by 

structural equation modelling results in which the favored model predicted equal performance on 

the first block and greater gains on aligned pointing trials over the course of the experiment.  

Experiment 2, in an attempt to rule out the possibility that alignment effects were present 

but not statistically detectable on the first block due to higher variability and error, we used the 

same procedure as Experiment 1, but with a map learning experience prior to the first block of 

route learning to provide unique, non-route spatial information. While this did serve to improve 

initial JRD performance and reduce variability, on the first block, we were surprised to find that 
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the same analysis still only revealed memory alignment effects after several blocks, albeit one 

block earlier than in Experiment 1. This was again supported by the structural equation modeling 

results, suggesting that memory alignment effects are not likely to be present in nascent spatial 

representations, but rather develop across learning episodes. 

 Experiment 2 raised the question of how routes and maps might differentially impact the 

emergence of alignment effects, given that maps seem to provide more allocentric, configural 

information while route learning results in a wealth of viewpoint-based, ego-generative 

information. For a purer test of the influence of map learning, Experiment 3 replicated the 

procedure of Experiment 1, using only the map learning task from Experiment 2 instead of the 

route learning task. Here we detected alignment effects as early as the first block of the JRD task. 

The memory alignment effects were weaker early on, dropping below statistical significance on 

the second block before returning for the remainder of blocks. The structural equation modelling 

results were again consistent with observed block differences, this time favoring a model 

predicting different aligned and misaligned JRD performance on the first block with identical 

overall change and trajectory across the experiment.  

Taken together, these results suggest that memory alignment effects are not a 

fundamental property of spatial memory even when the salient axes of an environment are easily 

discernable. Moreover, map learning uniquely provides more allo-generative information that 

allows the salient geometry of the environment to be integrated into the spatial representation 

more readily, if not immediately, resulting in alignment effects very early in learning. This is 

consistent with previous findings that suggest JRD performance benefits more from map 

learning, while performance on the more egocentric SOP spatial memory task benefits more 

from route learning. Interestingly, alignment effects were present on the first block of 
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Experiment 3 after a single map learning experience, but not on the first block of Experiment 2 

in which participants received both route and map information. Ego-generative information from 

routes may interfere with allo-generative information learned from maps, at least initially, and 

blunt the mnemonic benefit of maps for geometrically aligned spatial recall.  

Author  Contributions 

 My contributions to this project were extensive. As my first project in the HSC lab, I 

worked tirelessly with my advisor, Arne Ekstrom, to develop this project. Having a background 

primarily in working memory and attention, I oriented myself with the existing literature in the 

field of navigation and spatial cognition, identified an open question for study, and implemented 

task paradigms that I had no prior experience with. This work also represented the HSC labôs 

first foray into immersive VR with vestibular and proprioceptive cues (using an HMD and 

omnidirectional treadmill). I assembled the hardware and integrated the respective software 

development kits (SDKs) with the HSC labôs existing experimental framework, the precursor to 

the Landmarks software described in Chapter 2, which required extensive troubleshooting and 

piloting. Thus, my contributions to this project also served to help establish an immersive VR 

research program in the HSC and provide some of the first data ever collected in the study of 

spatial navigation using an omnidirectional treadmill. I programmed the experiments, collected 

data, supervised research assistants, mentored high school students on related projects, analyzed 

the data, sought training in and implemented applicable structural equation modelling 

approaches, and wrote the initial draft of the paper. I am both the first author and corresponding 

author on the published article. 
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Abstract 

A growing body of research has contrasted human learning from routes compared to maps in the 

context of being more viewpoint-based (egocentric) or configuration-based (allocentric), but less 

is known about the mechanisms for selection and utilization of ego-generative or allo-generative 

spatial information present during learning. To explore this, we replicated previous work from 

our lab showing an interaction of route and map learning with performance on more egocentric 

and allocentric spatial memory tasks and extended this paradigm with a hybrid learning task 

which provided both route-like and map-like cues. In our novel hybrid task, participants in a 

virtual room environment approached a tabletop model of a city and navigated a remote-

controlled human avatar within it. Amazon Mechanical Turk workers completed six blocks of 

learning from either routes, a map, or the hybrid task. Each learning block was interleaved with 

either the judgements of relative direction (JRD) or scene- and orientation-dependent pointing 

(SOP) memory task. In Experiment 1, we were unable to replicate results showing selective 

benefits of route learning for the SOP task and map learning for the JRD task. In Experiment 2, 

using a modified criterion map task, we replicated the map-benefit for JRD performance. Hybrid 

learning resulted in worse JRD performance than criterion map learning but was not different 

from route learning. No SOP effects were observed. We interpret this as a dominance of 

egocentric reference frame during the route learning task, which was supported by learn-test 

performance correlations across learning and memory tasks. 

Keywords: routes, maps, egocentric, allocentric, hybrid learning 
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Spatial Learning through Interaction: A Hybrid Route to a Cognitive Map? 

 Navigating the spaces that comprise our daily experiences requires the integration of 

multisensory input. These include cues like the landmarks and other features that we see (optic 

flow, visual perception, and object recognition), the position and movement of our body 

(proprioception), and the updating of our orientation and acceleration within the environment 

(vestibular sense). These various pieces of information can be grouped into the broad categories 

of allo-generative information, which is primarily related to the layout of an environment, and 

ego-generative information, which is primarily related to oneôs position within an environment. 

As we navigate, it is necessary to update the relationship between egocentric and allocentric 

frames of reference.  

One way to acquire allo-generative information, as alluded to above, is through maps, 

and a growing body of research has characterized differences between ñmap-ò and ñroute-likeò 

information (Meilinger et al., 2013; Richardson et al., 1999; Zhang et al., 2012, 2014). For the 

purposes of this research, learning from maps is defined as studying a static, aerial viewpoint of a 

flattened environment that may or may not have additional information about landmarks and 

their identities or paths of travel within the environment. Route learning will be defined as freely 

controlled movement through a 3D environment with the goal of arriving at a pre-specified 

landmark, or a series of landmarks, but having no prior experience with the environment. A 

critical question then is how we take the ego-generative information present in each viewpoint 

along a route, resolve it with allo-generative information from a physically small, figural 

representation on a map, and use this to orient ourselves within our environment and navigate 

successfully. In other words, how do we take a map of Madison, WI and convert it into 

something we can use to get around Madison, even if we have never been there before? Evidence 
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suggests that either (1) routes and maps do not provide purely ego-generative or purely allo-

generative information, respectively; (2) tests of spatial memory do not evaluate purely 

egocentric or purely allocentric knowledge; or (3) both (Meilinger et al., 2013; Starrett et al., 

2019; Zhang et al., 2014; see also: Ekstrom et al., 2014; Starrett & Ekstrom, 2018). If true, this 

would imply that cognitive and/or neural translations between egocentric and reference frames 

are essential for integrated behavioral responses across a variety spatial tasks and contexts. How 

spatial information is acquired is often dictated by the physical properties of the experience ï 

scales of space ï as well as how we interpret the spatial information presented ï psychologies of 

space (Montello, 1993). Within the hierarchy of spatial scale and psychology, which comprises 

figural, vista, environmental, and geographic spaces, environmental and figural space are the 

most relevant for comparing routes and maps. Yet our understanding of the interface between 

figural and environmental scales remains limited, particularly their translation, an issue we wish 

to address here.  

A hallmark of environmental spaces is the presence of opaque boundaries that necessitate 

movement to acquire sufficient spatial information, as opposed to vista spaces where sufficient 

spatial information can be obtained from any one viewpoint in the space. One study 

demonstrated that the presence of opaque boundaries, compared to an open-view vista space of 

identical scale and layout, influenced the order in which objects in the layout were recalled, the 

perceived spatial relationships of objects, and the alignment of the spatial representation to the 

room geometry (Meilinger et al., 2016). The study also found that participantsô pointing to 

objects from memory was more accurate when learning occurred in a vista space. This suggests 

that to form spatial representations environment spaces require more effort and experience 

compared to vista spaces.  
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Over the years, humans have devised clever ways to acquire spatial information about 

environmental spaces ex situ (see Ekstrom et al., 2018). Perhaps the most common of these is to 

have just one individual traverse the space whilst making small, detailed drawings on paper with 

notes identifying boundaries and dangers as well as helpful landmarks for course correction, if 

necessary. These maps would be classified as figural spaces. The feature that distinguishes 

figural space from other scales and psychologies of space is its representational nature ï after 

finding Tucson, AZ and Irvine, CA on a map of the United States, few Tucsonans or Irvinites 

would be fooled into thinking they could walk from one to the other in under 1 hr. This is 

presumably because most individuals have a grasp of the size of the United States; if not, they 

are at least likely to know that they could walk for 1 hr without leaving their respective towns.  

Both route and map learning aim to accomplish the same task: acquire sufficient spatial 

information to establish a cartographic representation of space in the mind, called a cognitive 

map (Tolman, 1948). The neural correlates of the allocentric reference frame, or cognitive map, 

(e.g., place cells and grid cells) have been characterized in rodents (Hafting et al., 2005; OôKeefe 

& Dostrovsky, 1971) and humans (Ekstrom et al., 2003; Maidenbaum et al., 2018). The 

egocentric reference frame is supported by the dorsal ñwhereò pathway in the brain, which 

integrates with information from head-direction cells (Taube, 2007). How such neural 

mechanisms relate to egocentric and allocentric representations, and more broadly, how 

important the ability to integrate or to translate between the two are to navigation is an area of 

ongoing research.  

Previous models of human spatial processing networks hypothesize the hippocampus and 

medial temporal lobe as important for allocentric processing, the precuneus and posterior parietal 

cortex as important for egocentric processing, and several regions including the retrosplenial 
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complex and parahippocampal cortex as important for translating between reference frames and 

integrating viewpoint information to update oneôs location on the cognitive map (Byrne et al., 

2007; Ekstrom et al., 2003; Epstein, 2008). More recently, these models have garnered 

continuing support (Bicanski & Burgess, 2018) and expanded to account for contributions from 

additional brain regions such as the occipital place area and parahippocampal place area along 

with the retrosplenial complex for landmark processing in humans (Epstein et al., 2017; Julian et 

al., 2016, 2018). Neural machinery that supports translation across reference frames may carry 

out computations to convert egocentric vector-relationships in space to allocentric vector-

relationships in space (and vice-versa) via a simple, linear transformation (R. F. Wang, 2017). 

Such models do not necessarily imply a modular architecture for spatial computations, however. 

Similar to behavioral tasks, which are unlikely to be purely egocentric or allocentric (Ekstrom et 

al., 2014; Starrett & Ekstrom, 2018), various spatial cell types often violate the general 

boundaries of such models and even cells found within their representative regions are rarely 

responsive to only self-referential or configural cues and completely independent of the other 

(for a summary of such evidence, see Ekstrom et al., 2017). For example, recent years have seen 

an accumulation of evidence for egocentric coding in the hippocampus and other medial 

temporal regions (C. Wang et al., 2020). This research again points to the need to understand the 

nature of our spatial representations and how we translate and integrate between different scales 

of space using egocentric and allocentric reference frames. 

Our understanding of the extent and reference frame underlying spatial knowledge comes 

largely from spatial memory tasks that require participants to point to salient landmarks in the 

learned space. Perhaps the most commonly used test of spatial memory is the judgements of 

relative direction (JRD) task (Waller & Hodgson, 2006). The JRD task, which requires 
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participants be removed from or at least disoriented relative to the learned space, involves 

participants pointing to landmarks from imagined locations and headings. Successful JRD 

pointing depends on knowing the positions of three specified landmarks that make up a given 

trial (ñImagine standing at Landmark 1, facing Landmark 2; point to Landmark 3.ò). The first 

two landmarks are used to establish the imagined heading, and the third establishes the angular 

relationship to be recalled. Although the JRD is the most used spatial memory task, it was not the 

first. The JRD was adapted by Waller and Hodgson (2006) from, what they referred to as, the 

egocentric pointing task developed by R. F. Wang and Spelke (2000). They claimed that the JRD 

assessed, ña more enduring and comprehensive memory of the environment,ò whereas the 

egocentric pointing task assessed a ñtransient egocentric representation.ò As alluded to in the 

discussion of learning tasks, it is unlikely that either of these memory tasks assess purely 

egocentric or purely allocentric representations (for a review, see Ekstrom et al., 2014), so the 

term scene- and orientation-dependent pointing (SOP) will be used instead of egocentric pointing 

when referring to this task. In the SOP task, participants point to hidden landmarks in the learned 

space while oriented within the learned space4; thus, only one landmark composes the prompt for 

an SOP trial (ñPoint to Landmark 4.ò). 

While we have argued that there is no purely egocentric or allocentric task of spatial 

learning or memory (Starrett & Ekstrom, 2018), one study tested the relative degree to which 

these learning and memory tasks establish and assess more-or-less egocentric or allocentric 

representations of space (Zhang et al., 2014). Participants learned from either routes or maps and 

 

4 The orientation within the environment can be established in various ways such as blocking the view of the 

environment from an already oriented person (R. F. Wang & Spelke, 2000), or providing a disoriented person with a 

viewpoint from within the environment and allowing them to change their view and/or position until they are 

sufficiently oriented (Zhang et al., 2012, 2014) 
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were testing using either the JRD or SOP task. Participants were significantly more accurate on 

the JRD task after learning from maps compared to routes. Additionally, participants tested on 

the SOP task performed significantly better after route learning compared to map learning. These 

results provided evidence confirming that the SOP task taps into more egocentric spatial 

representations, which are more easily derived from route learning, while the JRD task taps into 

more allocentric spatial representations, such as those formed by maps (see also Taylor & 

Tversky, 1992). Of note, with regard to the present work, Zhang and colleagues (2014) reported 

above chance performance on both the SOP and JRD tasks that improved across blocks of the 

task regardless of whether the environment was learned from routes or a map. This shows that 

route and map learning each provide both ego-generative and allo-generative spatial information, 

or at least that ego-generative or allo-generative information derived from routes or maps can be 

readily translated and deployed in a more allocentric or egocentric manner, respectively. This 

raises an important question regarding 1) whether the amount of ego-generative or allo-

generative spatial information available at learning can be manipulated to be more balanced, 2) 

how this might affect the allo- or egocentricity of the generated spatial representation and 3) 

resultant readiness with which that representation can be translated to an egocentric or allocentric 

frame of reference, and if this would result in performance benefits over routes on the JRD as 

well as over maps on the SOP.  

The present work explored the flexibility and integrability of egocentric and allocentric 

reference frames by providing both route and map information in a novel hybrid learning task. In 

the hybrid learning task, a remote-controlled avatar is guided through a scale model of an 

environmental space. This paradigm provides affordances for studying comparable behaviors 

(e.g., navigating a city), whereas map learning generally involves saccades that are not 
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constrained by navigable paths within the environment. The aim of this research was to (1) 

replicate previous findings on the differences between spatial information obtained from routes 

and maps (Zhang et al., 2014) and (2) extend those findings to better understand how humans 

selectively utilize or ignore spatial information when it is present in multiple, salient formats, 

which may provide a foundation for augmenting spatial learning. While our previous work has 

suggested that route and map learning together, sequentially, dampen certain behavioral 

phenomena related to spatial memory, such as memory alignment effects (Starrett et al., 2019), 

providing route- and map-like information simultaneously could facilitate optimal attention to 

and selection of the spatial properties most beneficial to a subsequent memory task. A previous 

study investigating brain networks recruited in converting between egocentric and allocentric 

reference frames showed that changes in viewpoint resulting from imagined self-motion 

uniquely activated the hippocampus and retrosplenial cortex compared to imagined rotations of 

the array (Lambrey et al., 2012). Moreover, behavioral performance on an object location change 

detection task was enhanced by imagined self-motion relative to imagined array rotations. 

Another study showed that response latency increased monotonically with angular differences 

between study and test viewpoints around a circular array (Diwadkar & McNamara, 1997). 

Taken together, these findings suggests that our hybrid navigation task, whereby participants 

freely move around a tabletop model of a city and control a remote navigator within the city, 

should engage more brain regions within the spatial processing network compared to mental 

rotations a 2D map image, including two regions crucial for allocentric processing and 

translating between spatial reference frames ï the hippocampus and retrosplenial cortex (Byrne 

et al., 2007; Ekstrom et al., 2017; Epstein, 2008; Lambrey et al., 2012). 
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In Experiments 1a and 1b we compared subsequent performance after route, map, or 

hybrid learning on the more allocentric judgements of relative direction (JRD) and more 

egocentric scene- and orientation-dependent pointing (SOP) tasks, respectively. Thus 

Experiments 1a and 1b are homologous to Experiments 1 and 2 of previous work from our lab by 

Zhang and colleagues (2014), with the addition of the hybrid learning condition. In Experiments 

2a and 2b, we compared route and hybrid data from Experiment 1 with JRD and SOP 

performance after what we hypothesized to be a more ecologically variant of the map task ï 

having participants reach a performance criterion rather than studying for a seemingly arbitrary 

period5. Given that providing route and map learning together simultaneously may yield different 

outcomes in terms of flexible representations that can be readily utilized across a wider variety of 

spatial memory tasks, several informative alternative outcomes are considered in addition to 

hypothesized outcomes. 

Predictions and Implications 

Optimization Hypothesis 

 We expect the results of memory performance on the JRD and SOP tasks after route and 

map learning will replicate those reported previously (Zhang et al., 2014), or at least reveal a 

similar pattern. Specifically, we expect that performance on the JRD task will be better after map 

learning compared to route learning, while performance on the SOP task will be better after route 

learning compared to map learning. The study by Zhang et al. (2014) found the map benefit for 

the JRD task on the second, third, and fourth block and the route benefit for the SOP task on the 

first and second block. Our predictions are not specific about which blocks will evidence these 

 

5 While the length of the study period used by Zhang et al. (2014) was deliberately selected to equalize JRD 

performance across route and map learning on the first block, it is arbitrary in the sense that humans are unlikely to 

impose such a restriction in naturalistic settings (e.g., knowing how to get to the office of a new job). 
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respective benefits, but there is no reason to believe that they will not follow the same pattern as 

reported previously. Similarly, we expect to replicate the finding that SOP performance is 

generally better than JRD performance, but it is not central to our predictions.  

In our extension of previous findings using the novel hybrid learning task, we predict that 

hybrid learning will yield a benefit for both memory tasks, showing a similar pattern of results 

compared to the optimal learning modality ï map learning for the JRD and route learning for the 

SOP. Therefore, the Optimization Hypothesis would predict that performance on the JRD task 

will be superior after hybrid learning compared to route learning, while performance on the SOP 

task will be better after hybrid learning compared to map learning. We do not expect to observe 

any differences between hybrid learning and map learning for the JRD or hybrid learning and 

route learning for the SOP.  

Optimization of memory performance after hybrid learning could result from a variety of 

cognitive and neural properties of spatial memory. First, it has been shown that abilities for 

perspective taking and mental rotations, while highly correlated, are dissociable in that they rely 

more on egocentric transformation and object-based (allocentric) transformation, respectively 

(Mary Hegarty & Waller, 2004; Kozhevnikov & Hegarty, 2001). Recent work has suggested that 

mental rotation of human-like objects uniquely engages egocentric strategies and encourages 

spatial perspective taking (Muto, 2021). By providing a vista space experience of an 

environmental space that can be rotated and manipulated as a map (Aretz & Wickens, 1992), 

while also facilitating perspective taking within the environmental space via the humanoid 

remote-controlled avatar, the hybrid learning task more readily affords access to both ego-

generative and allo-generative information. Once the optimal solution for a test of spatial 

memory is discerned, hybrid learners could prospectively prioritize either egocentric or 



CH. 4 ï HYBRID SPATIAL LEARNING 47 

allocentric cues and strategies for information gathering. This flexibility would likely relate to 

the degree to which a hybrid learner embodies either the vista space avatar or the remote-

controlled avatar in the environmental space (Clark, 2012). Such embodied or situated cognition 

would likely have an impact on how experiences are simulated either as replay of past 

experiences or pre-play of prospective behavior (Arnold et al., 2016; Barsalou, 2009; Bonasia et 

al., 2016). This flexible behavior and cognition may also impact how individual brain structures 

react to environmental experiences, such as place cells in the hippocampus exhibiting 

replay/preplay as either the avatar or remote-controlled avatar (Johnson & Redish, 2007) or 

engagement of spatial networks for processing and translating between egocentric and allocentric 

spatial reference frames (Byrne et al., 2007; Ekstrom et al., 2017; Epstein, 2008; Rolls, 2019).  

While maintaining a sense of, ñwhere am I?ò is a trivial cognitive task for most healthy 

young adults, this can become difficult with age and, especially so, in the case of 

neurodegenerative diseases. Research on spatial abilities across the lifespan suggests that the 

ability to flexibly use both egocentric and allocentric representations emerges during cognitive 

development (Nardini et al., 2008; Ruggiero et al., 2016) and is impaired in old age (Moffat et 

al., 2006; Rodgers et al., 2012). Therefore, understanding how we interact with and represent 

space during exploration of different modalities is important to understanding the types of 

flexible representations we might employ more generally, and how this might differ as a function 

of age. Findings in support of the Optimization Hypothesis could serve as a foundation for 

augmenting spatial learning and protecting spatial memory from deficits relating to normal aging 

or neurodegenerative diseases.  

It is important to note that the Optimization Hypothesis can only be tested if the findings 

from Zhang et al. (2014) are replicated. To address this limitation, we provide several alternative 
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predictions that are less dependent on previous results but still provide insight into the dynamics 

of human spatial cognition and the flexibility of spatial representations.  

Alternative Outcomes 

Augmentation Hypothesis. It is possible that the predicted benefits of hybrid learning 

for spatial memory may be even greater than what would be predicted by the Optimization 

Hypothesis. Under the Augmentation Hypothesis, we would expect that hybrid learning would 

result in superior spatial memory performance compared to both route and map learning on 

either the JRD, SOP, or both. The Augmentation Hypothesis, presumably relying on similar 

mechanisms to those proposed under the Optimization Hypothesis, is particularly appealing in 

terms of not relying on the results of comparing route and map learning as well as the 

implications for improving spatial learning in specific populations and more generally. 

Disruption Hypothesis. In an analysis of JRD memory performance, we have previously 

shown evidence that route learning immediately after map learning may interfere with the 

fidelity of spatial representations formed from map learning alone (Starrett et al., 2019; 

Experiments 2 & 3). Similarly, the simultaneous processing of both route-based and map-based 

information during learning could disrupt the formation of high-fidelity spatial representations. 

Under the Disruption Hypothesis, we would expect that hybrid learning would result in 

significantly poorer spatial memory performance compared to both route and map learning on 

either the JRD, SOP, or both. In addition, interference between ego-generative and allo-

generative information, such a result could also be due, at least partly, to the atypicality of the 

hybrid learning task, which is fundamentally a synthetic learning modality (low ecological 

validity). The Disruption Hypothesis provides an avenue for continued study of sources of 

interference, and their reduction, in spatial learning.  
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Predomination Hypothesis. If egocentric or allocentric reference frames dominate the 

representations generated from hybrid learning, absolute pointing error for hybrid learning 

should show the same pattern of differences as when comparing route and map learning, but with 

hybrid learning being no different than either route learning (if egocentric dominates) or map 

learning (if allocentric dominates). Previous work suggests that allocentric representations may 

be established rapidly and are generally preferred or of greater utility, although egocentric 

representations may be favored when viewpoint information is present, especially if the 

allocentric representation is of low fidelity or contradicts available viewpoint information (Mou 

et al., 2006; Newman et al., 2007). The Predomination Hypothesis raises questions for further 

study regarding exactly which features of learning result in the selection of the dominant 

reference frame and when, if ever, it may be beneficial to coerce a spatial representation into a 

non-dominant reference frame or even a state more balanced between the dominant and non-

dominant reference frame. 

General Method 

Participants 

Participants were Amazon Mechanical Turk (MTurk; Amazon.com Inc., Seattle, WA) 

workers, age 18-35, residing in the United States with an approval rate of at least 95% and at 

least 1000 approved MTurk submissions. For compatibility with the experiment application, 

participants were required to have access to a computer running either Windows (Microsoft 

Corp., Redmond, WA) or macOS (Apple Inc., Cupertino, CA). Participants were not allowed to 

complete the study more than once. Participants who completed the experiment were 

compensated $45; those who completed only a portion of the experiment were compensated 

based on the proportion of the experiment that was competed (e.g., $15 for two of six blocks 
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completed). All participants provided informed consent prior to any study procedures, all of 

which were approved by the Institutional Review Board at the University of Arizona.  

Data from 256 participants were included in the final analyses across all conditions and 

experiments. Participants ranged from 18-35 years old (M = 30.54, SD = 3.73) and comprised 82 

females and 173 males; one participant was missing demographic information due to a technical 

error. Demographics are reported for each experiment in-text and for each individual 

experimental condition in Appendix C (Table C1). 

Sample Size Estimation 

The sample size required to replicate the three-way interaction reported by Zhang and 

colleagues (2014) was estimated using the Hotteling Lawly Trace test in the online General 

Linear Mixed Model Power and Sample Size (GLIMMPSE; Kreidler et al., 2013) calculator. A 

target power of .85 was selected instead of the traditional value of .80; this decision was 

informed by prior work showing a slight reduction in statistical power when recruiting from 

MTurk as compared to in-person laboratory studies (Sprouse, 2011). Type I error rate was set to 

the traditional value of .05. Using the lme4 package (v1.1-21; Bates et al., 2015) in R (R 

Development Core Team, 2016), we created a linear mixed effects model of the Zhang et al. 

(2014) data with individual as a random factor in addition to pointing task, encoding method, and 

learning block as fixed factors. Due to a violation of homogeneity of variance, the dependent 

measure, absolute pointing error measured in degrees, was log transformed after which the 

assumptions of homogeneity of variance and normality of residuals were met. The means for 

each group were estimated using the emmeans R package (v1.5.3; Lenth, 2020) and then 

exponentiated to back transform values to degrees prior to entering them in GLIMMPSE. The 

contrast was set to ñall mean differences zeroò and scale factors for means and variability were 
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set to one. The result was an estimated sample size of 32 for each cell in the factorial design. 

Data was collected until the target sample was reached for a given condition, after accounting for 

any data exclusion. 

Materials 

Human Intelligence Task (HIT) 

 MTurk is a crowd-sourcing platform on which a requester (i.e., experimenter) can post 

batches of HITs (i.e., sign-ups), which workers (i.e., participants) can then complete for rewards 

(i.e., remuneration for participation). The HIT corresponding to these experiments was only 

visible and available to workers with an internet protocol (IP) address within the United States 

who had at least a 95% approval rate and at least 1000 approved HITs. The HIT instructions 

shown to prospective workers can be found in Appendix C (Figure C1). 

Qualtrics Survey 

The MTurk HIT linked directly to a Qualtrics Survey (Qualtrics, Provo, UT) comprising 

the consent form, demographic questions, instructions for downloading and running the 

standalone application that administered the experiment, fields for submitting attention checks 

from the experiment, and validity checks regarding participantsô use of strategies. A print version 

of the interactive survey can be found in Appendix C.1. 

Virtual Environments 

Three virtual cities, approximately 102 m ³ 142 m, were used in the study. Each 

contained the same collection of 3D models (grass, streets, sidewalks, arbitrary buildings) 

arranged in a different city configuration. Additionally, each city contained eight target locations, 

which were populated with target stores randomly sampled from a collection of 24 possible 

stores. Target stores were identifiable by a signboard on the front of the store with the name 
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printed on it, icons in the windows and on the roof corresponding to that store (e.g., a bike for the 

Bike Shop), and exterior walls rendered in one unique, randomly selected color from the color 

alphabet (Green-Armytage, 2010). Each virtual city contained eight possible spawn points (i.e., 

starting locations) for navigation blocks, chosen to minimize visibility of any target location 

from a given spawn point. A list of possible store names and color information can be found in 

Appendix C (Table C2). The three virtual cities are shown in the upper portion of Figure 3. 

 

Figure 3. Virtual Environments  

Virtual Environments 

 
Note. Yellow stars in the upper panels indicate the locations of target stores in the virtual cities. 

The blue circle and blue shading in the lower left panel frame the avatar position and field of 

view, respectively, shown in the lower right panel. 
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An additional virtual environment was used for the hybrid learning task, hereinafter 

referred to as the vista space virtual environment (Figure 3, lower). The vista space virtual 

environment was 900 m ³ 900 m and modeled after an indoor office room. The vista space 

virtual environment was empty except for a table at its center ï which was large enough 

accommodate a virtual city placed atop it without hanging over the edges ï and was positioned 

such that, with a virtual city on the table, the vista space virtual environment was perceived as a 

6 m ³ 6 m room with a 1:150 scale model of a virtual city on the table. The vista space virtual 

environment was only visible during the hybrid learning task.  

Learning Tasks 

Route Learning. Participantsô virtual avatar was moved to a randomized (without 

replacement for subsequent blocks) spawn point in the virtual city. Participants viewed a black 

screen with a cue (5 s) indicating the current target store destination. Participants then freely 

navigated until they arrived at the target store, which was defined as moving the virtual avatar 

into the area in front of stores entryway; 1.5 m wide and extending 1 m out from the storefront. 

The w, a, s, and d keyboard buttons were used for forward, left, back, and right translations and 

the mouse was used to change the pitch and yaw of the viewpoint. Upon arrival the screen was 

blacked out and a confirmation message was displayed (5 s). The cue-navigate-arrive trial 

procedure was repeated for each target store in a randomized order, with participants beginning 

subsequent trials from the previous trialôs destination. An example trial sequence is shown in 

Figure 4. 

The primary dependent measure was navigational excess path, in meters, defined as the 

difference between the path length travelled by the participants virtual avatar from the starting 
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location to the target location and the optimal Euclidean6 path from the starting location to the 

target location (Newman et al., 2007; Zhang et al., 2014; Zhang & Ekstrom, 2013). 

 Hybrid Learning . The hybrid learning task was designed to mimic the behavioral 

demands of the navigation task (i.e., move through the virtual city to find a goal destination) 

while utilizing a different perspective to manipulate the spatial information available. The vista 

space virtual environment was activated (rendered graphically), and the scale of the participantôs 

virtual avatar was increased by a factor of 150. The avatar was moved to one of eight starting 

locations, positioned at equal angular intervals encircling the center of the vista space virtual 

environment at a radius of 300 m (relative to the now 150³ scale avatar, this would be perceived 

as 2 m from the center of the vista space virtual environment; Figure 3, lower panel).  

Participants viewed a black screen with a cue (5 s) indicating the current target store 

destination. Participants then freely moved the avatar around the vista space virtual environment, 

which appeared as an environment on a virtual table, using the ñwò, ñaò, ñsò, and ñdò keyboard 

buttons for forward, left, back, and right translations, respectively; the mouse was used to change 

the pitch and yaw of the viewpoint. The remote-controlled avatar, an animated human figure, 

was located within the virtual city. The remote-controlled avatar was the size of an average 

person, approximately 1.8 m, relative to the virtual city. To facilitate participants in locating the 

remote-controlled avatar, it had a glowing icon positioned 16 m above it and was visible even 

from behind other models in the virtual city. Participants moved the remote-controlled avatar 

through the virtual city using the ñoò, ñkò, ñlò, and ñ;ò keyboard buttons for translations away 

 

6 We used Euclidean distance as the metric for optimal path as opposed to city block distance (see Newman et al., 

2007). As Newman and colleagues explain, city block optimal path does not account for curved paths, while 

Euclidean optimal path overestimates the ability to do so. The Euclidean metric was deemed more appropriate here, 

as participants could not only take curvilinear paths but also move between buildings (i.e., through blocks). 
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from, to the left, toward, and to the right of the current viewpoint, respectively. Participants 

navigated the remote-controlled avatar until it arrived at the target store (defined as moving the 

remote-controlled avatar into the area in front of stores entryway; 1.5 m wide and extending 1 m 

out from the storefront). Upon arrival the screen was blacked out and a confirmation message 

was displayed (5 s). The cue, navigate, arrive trial procedure was repeated for each target store in 

a randomized order, with the participantôs remote-controlled avatar beginning subsequent trials 

from the previous trialôs destination. A sample hybrid learning trial sequence is shown in Figure 

4. 

 The primary dependent measure was navigational excess path, in meters, defined as the 

difference between the path length travelled by the remote-controlled avatar from the starting 

location to the target location and the optimal Euclidean path from the starting location to the 

target location. This measure was similar and comparable to the primary dependent measure of 

avatar excess path for route learning in this study and previous work (Newman et al., 2007; 

Zhang et al., 2014; Zhang & Ekstrom, 2013). The path length of the participantôs virtual avatar 

through the vista space virtual environment on each block was also measured to investigate the 

extent to which participants utilized their ability to manipulate the perspective from which the 

virtual city was viewed, henceforth referred to as hybrid utilization. We quantified hybrid 

utilization in terms of meters relative to the vista space virtual environment. 

Timed Map Learning. Participants were given 30 s to study one of the virtual cities 

from an aerial view to learn the locations of the eight target stores, which was based on the same 

timing as Zhang et al. 2014. Participants could reveal store names by moving the cursor over a 

given store. When the study phase ended, participantsô knowledge for the store locations was 

tested. In the test phase, all target stores were removed from their locations in the city and placed 
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outside the city wall in a column. Participants used the cursor to click and drag stores to the 

desired location, and a store would snap to a target location and orientation if it was dropped 

within 10 m of any target location. As indicated in Figure 4, there was no time limit for the test 

phase, so participants clicked a button on the screen when they thought they had placed all target 

stores correctly. There was no score criterion.  

The primary dependent measure was proportion misplaced, defined as the total number of 

stores that were not placed within 10 m of the correct location during the test phase divided by 

eight, the total number of stores in the virtual city. 

Criterion Map Learning.  This task was identical to the timed map learning task, with a 

few important exceptions. First, there was no time limit on the study phase, so participants 

clicked a button on the screen to advance to the test phase. Secondly target stores did not snap to 

locations in the test phase, so participants were required to use the ñdò or ñaò key on their 

keyboard to rotate the stores clockwise or counterclockwise, respectively, and target stores 

remained wherever the participant released the mouse button. Lastly, participants were required 

to meet the score criterion of 100% correct placement; a correct placement was defined as being 

within 6 m of the correct target location and rotated to the correct orientation. The phases of the 

criterion map task are shown in Figure 4. 

The primary dependent measure was the average proportion misplaced, defined as the 

mean of the proportion misplaced across all attempts on a given block, excluding the last 

attempt. If  a participant reached criterion on the first attempt, average proportion misplaced was 

zero. We chose this measure to be maximally comparable to the dependent measure for the timed 

map task, proportion misplaced on a one-shot map test. 

Memory Tasks 
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Judgements of Relative Direction (JRD) Pointing. On each trial of the JRD task, 

shown in Figure 4, participants viewed a black screen with a prompt in the upper portion of the 

screen and a compass in the lower portion. The prompt indicated the imagined heading and the 

pointing target (e.g., ñImagine standing at the center of the Bike Shop, facing the Book Store; 

Point to the Pet Shop.ò). Participants rotated the needle of the compass clockwise or 

counterclockwise (using the right and left arrow keys, respectively) to estimate the angle to the 

target from the imagined heading and then submitted their response (using the enter key). 

Participants had unlimited time to respond, but a response was required to advance to the next 

trial. To encourage task engagement, responses could not be submitted until a minimum of 3 s 

had passed. At the start of each new trial the compass arrow was reset to face directly forward 

(i.e., 0°).  

The primary dependent measure was absolute pointing error, in degrees, defined as the 

absolute value of the difference between the correct pointing direction from the imagined 

heading and the participants recorded response. We did not consider pointing response latency as 

a measure in our analyses, as no effects related to this measure were observed by Zhang and 

colleagues (2014). 

 Scene- and Orientation-Dependent Pointing (SOP). On each trial of the SOP task, see  

Figure 4, participants initially viewed a perspective from one target location in the virtual city 

(e.g., the Bike Shop), facing another target location (e.g., the Book Store) with a prompt in the 

upper portion of the screen that read, ñOrient yourself to the best of your ability. Press Enter 

when you are ready.ò  Participants then used the mouse or trackpad to adjust their viewpoint 

(pitch and yaw) and pressed the enter key to continue after at least 3 s had passed. Once oriented 

to the current facing direction to be maintained (yaw), the viewpoint was leveled (pitch set to 
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zero), a compass was displayed in the lower portion of the screen, and the prompt was updated to 

indicate the pointing target (e.g., ñPoint to the Pet Shop.ò). The target was never either store used 

to create the initial perspective (i.e., in this example neither the Bike Shop nor the Book store 

could be the target). Participants rotated the needle of the compass clockwise or 

counterclockwise (using the right and left arrow keys, respectively) to estimate the angle to the 

target from the imagined heading and then submitted their response (using the enter key). 

Participants had unlimited time to respond, but a response was required to advance to the next 

trial. To encourage task engagement, responses could not be submitted until a minimum of 3 s 

had passed. At the start of each new trial the compass arrow was reset to face directly forward 

(i.e., 0°). 

 The primary dependent measure was absolute pointing error, in degrees, defined as the 

absolute value of the difference between the correct pointing direction from the oriented heading 

and the participants recorded response. As in our approach to analyzing the JRD task, no 

analyses were conducted on pointing response latency for the SOP task, based on the findings 

from Zhang et al. (2014). 

Standalone Application 

The VEs, learning tasks, and memory tasks were created in the Unity game engine (Unity 

Software Inc., San Francisco, CA) using the Landmarks Unity package (Starrett et al., 2020). 

Functionally identical standalone applications, which included all VEs and behavioral tasks, 

were built for the Windows and macOS target platforms. Thus, the application could assign any 

given participant to any of the experimental conditions in any of the virtual cities, at runtime 

(i.e., not determined by the experimenter). The application utilized a Landmarks (Starrett et al., 
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2020) integration of the WindowAzure.Storage7 Unity package (Version 9.3.3; Microsoft Corp., 

Redmond, WA) for communicating remotely with Microsoft Azure (Microsoft Corp., Redmond, 

WA) . Specifically, the integration allows for the transfer of data to binary large object (blob) 

storage containers, where each participant can be assigned an identification number (ID) and 

generated experimental data can be stored where it could be retrieved by the experimenter. Blob 

storage data was retrieved using the Azure Storage Explorer application (Microsoft Corp., 

Redmond, WA). 

Procedure 

Based on the currently available funds, the experimenter would create batches of up to 

nine MTurk assignments, which could be accepted by MTurk workers on a first-come, first-

served basis. The hit description and instructions provided basic eligibility and approval/rejection 

criteria for workers. Upon accepting the HIT, workers clicked a survey link that directed them to 

the Qualtrics survey, where they provided consent and demographics before receiving 

instructions for downloading and running the standalone application. Upon running the 

application, participants received a 10-digit alphanumeric verification code to enter into the 

Qualtrics survey. The verification code, unbeknownst to the participant, represented the 

participantôs assigned condition and four-digit ID (e.g., RTEJRD1001, for subject 1001 who 

would complete the route learning task and the JRD memory task), which also allowed the 

experimenter to later match received datasets to the corresponding Qualtrics survey.  

 

 

 

7 This package is now deprecated (outdated and no longer officially supported by the developer). A new version of 

the blob client, with code samples, is available (https://github.com/Azure/azure-sdk-for-

net/tree/Azure.Storage.Blobs_12.8.0/sdk/storage/Azure.Storage.Blobs/). Modified code used in the present work can 

also be found in the source code for Landmarks (https://github.com/mjstarrett/Landmarks).  

https://github.com/Azure/azure-sdk-for-net/tree/Azure.Storage.Blobs_12.8.0/sdk/storage/Azure.Storage.Blobs/
https://github.com/Azure/azure-sdk-for-net/tree/Azure.Storage.Blobs_12.8.0/sdk/storage/Azure.Storage.Blobs/
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Figure 4. Spatial Learning and Memory Tasks 

Spatial Learning and Memory Tasks 

 
Note. JRD = judgements of relative direction; SOP = scene- and orientation-dependent pointing; 

Њ = unlimited time. Left brackets and labels indicate the combination of learning tasks (light 

blue: timed map, orange: route, green: hybrid, dark blue: criterion map) used in Experiment 1 

and Experiment 2. Right labels and panel (dark gray) indicate the memory tasks used in sub-

experiments a (JRD) and sub-experiments b (SOP). Lower bracket and label (black) indicate the 

number of learning-memory task cycles, or blocks. The combination of left and right labels 

indicates the learning and memory conditions for a given experiment (e.g., Experiment 2a: route, 

hybrid, or criterion map learning task followed by the JRD memory task; repeated for six 

blocks).  
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The verification code was generated by the application at runtime via the following 

procedure: (1) Check for any stored data on the host computer ï if found, the application 

displayed a message notifying the participant that they could not participate more than once. (2) 

Communicate with Microsoft Azure to determine the next available id, beginning with 1001 and 

incrementing up by one if a folder for that ID already existed on Azure. (3) Create a folder on 

Azure for the determined ID and place a hidden file in it so as to reserve that ID ï thus, any other 

instance of the application run anywhere else in the world would increment past that ID. (4) 

Assign a condition code ï each incremented ID sampled without replacement from all possible 

combinations of available conditions and virtual cities, starting over once each available 

combination had been used, to select the experimental condition and virtual city. 

Participants were only allowed to continue the Qualtrics survey if they entered a 

verification code containing a valid condition identifier, which assured that they had successfully 

started the experiment application. Based on the condition identifier contained in the verification 

code and entered in the Qualtrics survey, participants were shown only the requisite task 

instructions. Participants were instructed to keep this page open on their browser and informed of 

how to toggle between the Qualtrics in their browser survey and experimental standalone 

application, as needed (command+tab keys for macOS; alt+tab keys for Windows). 

 Participants then proceeded to complete the experiment based on their assigned 

condition. All participants began by familiarizing themselves with the eight target stores in the 

virtual city (for details on the target familiarization task, see Supplemental Materials). Afterward 

participants completed six blocks of alternating learning and memory tasks. In each block of the 

learning task, participants completed either the navigation, timed map, hybrid, or criterion map 

(depending on the experiment or condition) learning by locating each of the eight target stores in 



CH. 4 ï HYBRID SPATIAL LEARNING 62 

the virtual city as instructed for their respective learning task. In each block of the memory task, 

participants completed 56 trials of either the JRD or SOP task. For both memory tasks, any given 

trial was created from a unique triad of target stores. The 336 possible permutations of triads 

from the eight target stores were randomized across the six blocks for the assigned memory task. 

Between each block, participants received an attention check code, toggled to the Qualtrics 

survey, entered the code into a field corresponding to that block, and then toggled back to the 

experiment application and began the next block. 

 After the attention check on the final block of the experiment, participants were 

instructed to wait while the application formatted the data and transferred it to the Azure blob 

storage container. Participants then returned to the Qualtrics survey where they answered 

questions about their use of various strategies, optionally provided demographic information on 

ethnicity and race, and finally received a numerical five-digit survey code. Participants then 

returned to MTurk, where they submitted their work with the survey code provided. The 

experimenter retrieved the data from Azure, checked it for completeness and validity, and 

approved or rejected any assignment within three days of submission. 

Data Analysis 

Measures 

 The primary dependent variable for all experiments was memory task performance, 

measured by absolute angular pointing error in degrees. The secondary dependent variable for all 

experiments was learning task performance, measured by navigational excess path in meters for 

the navigation and hybrid navigation tasks or by proportion misplaced in the timed map and 

criterion map tasks. 

Data Transformations 
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When calculating the estimated sample size, based on the effects reported by Zhang et al. 

(2014), it was determined that a log transformation of absolute pointing error would reduce the 

likelihood of violating the assumptions of General Linear Models such as those employed by 

Zhang et al. (2014). For each block, the distributions of the primary dependent measure of the 

pointing tasks (absolute angular pointing error) before and after the log transformation are shown 

in Figure S2 of the Supplemental Materials. For distributions classified as log-normal, analyses 

were conducted on log-transformed values to better meet the assumptions of parametric 

statistical tests. When appropriate, model estimates were back-transformed (exponentiated) for 

presentation in figures, which provides a clearer interpretation in the original units of absolute 

angular pointing error. 

 For performance on the learning tasks, separate transforms were applied depending on 

the primary dependent measure of the task. Route and hybrid learning performance, measured by 

navigational excess path, was log transformed. As both the timed map task and criterion map 

task had a dependent measure derived from the proportion incorrect, a logit transformation was 

applied to convert the data from discrete values bounded by zero and one to a continuous 

measure (Dixon, 2008). 

Data Processing 

In total, 448 MTurk workers provided informed consent and submitted work for these 

experiments. The total datasets removed for each experimental condition can be found in 

Appendix C (Table C3). 

Incomplete or ñInattentiveò Datasets. Previous work has suggested that additional 

efforts are required to ensure study compliance and data validity when recruiting MTurk workers 

(Aguinis et al., 2020; Aruguete, 2019). Datasets from 105 participants who did not complete the 
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study for any reason (technical issues, fatigue, no longer wished to participate, etc.) or were 

classified as inattentive participants (e.g., no data received, missed attention/validity checks, 

straightlined the memory task, reported drawing a map or receiving help from another individual, 

or provided an invalid or no surveycode) were excluded. 

Chance Performance Datasets. Data from 84 participants determined to be performing 

at chance on the memory task were excluded from analysis (for a breakdown of chance 

performers across condition, see Table C3 of Appendix C). To determine chance performance 

for each participant, the vector of raw responses was shuffled and the median error was 

calculated based on the unshuffled vector of correct responses, and this process was repeated 

10,000 times to generate a participant-specific null distribution against which the median error of 

the unshuffled raw data could be compared (as in Starrett et al., 2019; for more details see 

Huffman & Ekstrom, 2019a). 

Non-Response and Outlier Trials. Trials in which participants did not attempt a 

response on the memory task (i.e., did not rotate the compass), defined as any trial where the raw 

response angle was exactly 0°, were excluded from analyses. We used an outlier removal 

procedure identical to that of Zhang and colleagues (2014), whereby the mean of the log-

transformed absolute pointing error on the memory task (JRD or SOP) was calculated for each 

subject, collapsed across all trials and blocks, and any trials where absolute pointing error was 

beyond8 two standard deviations from this geometric mean (i.e., mean of log-transformed values) 

were considered outliers and removed from subsequent analyses. An average of 5.72% (Range = 

2.08%ï16.07%) of trials were removed for each participant. 

 

8 This differed from Zhang et al. (2014) where only trials two standard deviations above the mean were considered 

outliers. As a result of the log transformation, outliers were present both above and below the (geometric) mean in 

the data presented here. 
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Confirmatory Analyses 

 Analysis of Variance (ANOVA). For each experiment (1a, 1b, 2a, 2b), a 3 (Learning 

Task: route, hybrid, timed map) ³ 6 (Block: 1ï6) mixed ANOVA was conducted. For each pair 

of experiments (1a-1b, 2a-2b), a 3 (Learning Task: route, hybrid, timed map) ³ 2 (Memory Task: 

JRD, SOP) ³ 6 (Block: 1ï6) mixed ANOVA was conducted. Violations of the assumptions for 

ANOVA were evaluated prior to observing the results of any given test to determine if an 

alternative test was more appropriate (see Figure C5 of Appendix C).  

 Planned Contrasts. For individual experiments in which the ANOVA revealed a 

significant main effect of Learning Task or an interaction effect, planned t-tests were conducted 

to evaluate the consistency of the pattern of responses with the findings of Zhang et al. (2014) by 

comparing memory performance after route and map learning on each of the six blocks. 

Additionally, to test the predictions of the Optimization Hypothesis, planned t-tests were 

conducted to compare memory performance after hybrid learning and the expected non-preferred 

learning task (route learning for the JRD memory task in experiments 1a and 2a; map learning 

for the SOP memory task in experiments 1b and 2b). Estimated marginal means of the log-

transformed values, or estimated geometric marginal means, were calculated for each factorial 

condition using the emmeans package in R. For each contrast, an independent-samples t-test was 

conducted to determine if the difference between two estimated geometric marginal means (i.e., 

the estimated marginal mean of the log-transformed values) was significantly different from 

zero. For interpretability, pursuant to the logarithm quotient rule9, this difference was then back-

 

9 ÌÏÇὥ  ÌÏÇὦ  ÌÏÇὥȾὦ 
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transformed (exponentiated), yielding a ratio of values in the original units of absolute angular 

error.  

Exploratory Analyses 

Post-hoc Contrasts. To gain a more complete understanding of the relationship between 

hybrid learning and the other learning tasks as well as to test potential alternative hypotheses 

should the pattern of results not support the Optimization Hypothesis, t-tests were also conducted 

to compare memory performance after hybrid learning and the expected preferred learning task 

(map learning for the JRD memory task in experiments 1a and 2a; route learning for the SOP 

memory task in experiments 1b and 2b). These exploratory post-hoc tests were Bonferroni 

corrected to a threshold of p < .003 to adjust the familywise error rate to account for these tests 

as well as the 12 planned comparisons for each experiment. As with planned contrasts, these 

analyses were only conducted if the ANOVA for an experiment revealed a significant main 

effect of Learning Task or an interaction effect. 

 Correlation Analysis. To better understand how spatial knowledge is differentially 

acquired and deployed across more-or-less egocentric and allocentric learning and memory tasks, 

the Kendall rank correlation coefficient (†) was calculated for the raw, untransformed scores of 

learning performance (navigational excess path for the route and hybrid tasks; proportion 

misplaced for the timed map and criterion map tasks) and memory performance (absolute 

angular pointing error on the SOP and JRD tasks). 

Experiment 1a 

Experiment 1a sought to replicate the findings of Experiment 1 from Zhang et al. (2014) 

and extend them by additionally comparing the novel hybrid navigation task. The tasks used and 

analyses conducted were designed to be as similar to this previous work as possible, except in 
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cases where modifications to the statistical approaches used by Zhang et al. (2014) were more 

appropriate for the data at hand (see General Method). 

Method  

Participants  

Data from 96 participants (35 female) who had not participated in any of the other 

experiments were analyzed in Experiment 1a. Participants ranged from 19 to 35 (M = 30.59, SD 

= 3.77) years of age. 

Experimental Design and Procedure  

A 3 (Learning Task: route, hybrid, timed map) ³ 6 (Block: 1ï6) mixed factorial design 

was employed with Learning Task as a between-subject manipulation, Block as a repeated 

measure (within-subject manipulation), and absolute angular pointing error (degrees) on the JRD 

task as the primary dependent measure. Additionally, performance on each learning task was 

measured and analyzed. Participants followed the procedures outlined in General Method, 

completing six blocks of either the route, timed map, or hybrid learning task interleaved with 56 

trials of the JRD memory task. 

Results and Discussion 

 The 3 (Learning Task: route, hybrid, timed map) ³ 6 (Block: 1ï6) ANOVA on JRD 

absolute pointing error revealed a main effect of Block, F(2.80, 260.64) = 127.63, p < .001, – = 

0.19. Neither a main effect of Learning Task, F(2, 93) = 0.23, p = .795, – = 0, nor an interaction 

between Learning Task and Block, F(5.61, 260.64) = 0.70, p = 644, – = 0 reached significance. 

Degrees of freedom for all within-subjects factors were Greenhouse-Geisser corrected to account 

for violations of sphericity. JRD performance across Learning Task groups and Block are shown 

in the left panel of Figure 5. No planned or exploratory t-tests were conducted.  
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The results of Experiment 1a indicate that we did not replicate the findings of Experiment 

1 in Zhang et al. (2014) under the identical conditions employed. In Experiment 1a, we did not 

find evidence of significant differences in JRD error across learning conditions or even an 

anecdotal pattern that might suggest extant but underpowered effects. One consideration is that 

Zhang and colleagues identified a difference in function fitting between route and map 

performance on the JRD, with route performance following a linear trajectory and map 

performance following a power function. Here, we analyzed log-transformed absolute pointing 

error because there was evidence for a heavy positive skew (see Appendix C, Figure C2) in the 

response data but this difference could also potentially be the source for the discrepancy in 

findings. It is possible that Zhang and colleagues did not appropriately account for the degree to 

which the homogeneity assumption of ANOVA was violated (see Figure C5 of Appendix C), 

perhaps due to the lower trial count per block in their experiments, 10 compared to 56 in our 

experiments.  

It is also possible that our participants may have used a map or created some form of 

external aid during the route learning task, which could explain why both route and map JRD 

error followed a curvilinear trajectory across blocks as opposed to the linear and power functions 

observed by Zhang and colleagues after route and map learning, respectively. While we excluded 

data from subjects who reported drawing a map in each study, it does not rule out that some 

participants may have used a map and simply not reported it. It is also possible that the 30 

seconds of map learning, in an unsupervised situation such as that afforded by MTurk, was 

insufficient to result in comparable map knowledge to the timed map task used in Zhang et al. 

2014. These and other possible explanations are addressed further in the General Discussion 

section.  
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The absence of any difference between hybrid learning and the other conditions cannot, 

however, rule out the Optimization Hypothesis as it makes predictions about differences between 

hybrid learning and a non-optimal learning modality, of which there was none in this Experiment 

1a. However, it also does not allow us to test any of our alternative hypotheses against the 

Optimization Hypothesis.  

 

Figure 5. Results from Experiment 1 

Results from Experiment 1 

 
Note. tmap = timed map; JRD = judgements of relative direction; SOP = scene- and object-

oriented pointing. Sample means and variability presented in the figure were back-transformed 

from log values (i.e., exponentiated) for qualitative interpretation. Error bars the standard error of 

the mean. 

 

Experiment 1b 

Experiment 1b sought to replicate the findings of Experiment 2 from Zhang et al. (2014) 

and extend them by additionally comparing the novel hybrid navigation task in the same fashion 

as Experiment 1a. 

Method 
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Participants  

Data from 96 participants who had not participated in any of the other experiments were 

analyzed in Experiment 1b. Participants ranged from 20 to 35 (M = 31.12) years old and included 

30 females, 65 males, and one unidentified participant. 

Experimental Design and Procedure 

A 3 (Learning Task: route, hybrid, timed map) ³ 6 (Block: 1ï6) mixed factorial design 

was employed with Learning Task as a between-subject manipulation, Block as a repeated 

measure (within-subject manipulation), and absolute angular pointing error (degrees) on the SOP 

task as the primary dependent measure. Additionally, performance on each learning task was 

measured and analyzed. Participants followed the procedures outlined in General Method, 

completing six blocks of either the route, timed map, or hybrid learning task interleaved with 56 

trials of the SOP memory task.  

Results and Discussion 

 The results of the 3 (Learning Task: route, hybrid, timed map) ³ 6 (Block: 1ï6) ANOVA 

on SOP absolute pointing error were similar to those of Experiment 1a (see Figure 5, right 

panel). The analysis indicated a main effect of Block, F(2.20, 204.90) = 71.05, p < .001, – = 

0.10, no main effect of Learning Task, F(2, 93) = 1.76, p = .178, – = 0.03, and no interaction 

between Learning Task and Block, F(4.41, 204.90) = 0.84, p = .512, – = 0. A Greenhouse-

Geisser correction was applied to degrees of freedom for each within-subjects factor to account 

for violations of sphericity. No follow-up contrasts were conducted.  

 Similar to Experiment 1a, Experiment 1b lacked significant differences across learning 

conditions for SOP error, but here, the pattern of results qualitatively resembled the pattern of 

results from Experiment 2 in Zhang et al. (2014). Despite our attempt to estimate sample size 
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from Zhang et al.ôs data, the study may have lacked the power to detect the effects of interest. 

This explanation is supported by the nearly identical effect sizes across Zhang et al.ôs 

Experiment 2 results10 and our own results from Experiment 1b. SOP performance after route 

learning was numerically better than SOP performance after map learning across the entire 

experiment. SOP error after hybrid learning was numerically lower than after map learning and 

numerically higher than after route learning. Interestingly, while map SOP performance appears 

to asymptote by the fourth block of the experiment, both route and hybrid SOP performance 

continued to improve, numerically.  

Comparison with Experiment 1a  

Consistent with the analysis approach used by Zhang and colleagues (2014), we next compared 

performance across Experiments 1a and 1b by including an additional factor, Memory Task, in 

our model. The resulting 3 (Learning Task: route, hybrid, timed map) ³ 2 (Memory Task: JRD, 

SOP) ³ 6 (Block: 1ï6) mixed ANOVA revealed a main effect of Block, consistent with the 

pattern of results for each experiment individually, and a significant interaction between memory 

and block. ANOVA results can be found in Table 1. Performance on both the JRD and SOP 

tasks, averaged across learning tasks, improved over the course of both experiments but the rate 

of improvement was greater for the JRD than the SOP. We did not observe a main effect of 

Memory Task and none of the other interactions reached significance, as in Zhang et al., despite 

closely replicating the task conditions in both the learning and memory tasks. 

 

  

 

10 Although Zhang and colleagues did not report effect sizes, we were able to replicate their analyses, using subject-

aggregated data that was shared by the authors, and calculate values for generalized eta squared (–). 
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Table 1. Comparing JRD and SOP Performance in Experiment 1 

Comparing JRD and SOP Performance in Experiment 1 

Effect F ratio df p-value – 

Learning Task 0.61 2, 186 .547 0.01 

Memory Task 0.05 1, 186 .829 0 

Learning Task ³          

Memory Task 
1.72 2, 186 .182 0.02 

Block 185.64***  2.56, 476.77 < .001 0.12 

Learning Task ³ Block 0.71 5.13, 476.77 .616 0 

Memory Task ³ Block 5.76**  2.56, 476.77 .001 0.01 

Learning Task ³          

Memory Task ³ Block 
0.84 5.13, 476.77 .527 0 

Note. N  = 192. ANOVA = analysis of variance.  
** p < .01. *** p < .001. 

 

Experiment 2a 

 While the route task used by Zhang et al. (2014) reasonably approximates real-world 

navigation of unfamiliar environments, with participants initially searching at random and 

eventually taking more direct paths to targets, it could be argued that the same is not true of the 

map task they used. Despite providing an elegant way to control exposure to the environment, 

the timed map study used in the Zhang et al. study differed critically from route learning as well 

as anecdotally from naturalistic use of maps by humans as a means of learning spatial 

information. Specifically, this task lacked any criterion that needed to be achieved to progress 

through the experiment. Indeed, it seems unlikely that a person with the goal of establishing a 

mental representation of an environment would restrict themselves to a finite duration of viewing 

a map; rather, it would make more sense for that person to study said map until they at least 

believed they were familiar with the environment. Notably, participants in the Zhang et al. study 
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were monitored in the lab while those in the current study were on MTurk. Therefore, it could 

well be that 30 s for participants on MTurk involved distractions preventing them from acquiring 

spatial representations as well as in the original Zhang et al. study. 

Moreover, in the navigation task used by Zhang and colleagues, as well as in many other 

navigation-based experimental designs, the navigation trials did not end until the participant 

arrived at the target destination. If they took a wrong turn or became lost and disoriented, they 

were required either to reorient themselves or to blindly explore until they happened upon the 

target. This notion motivated a second set of experiments, whereby comparisons homologous to 

those in Experiments 1a and 1b were made using data collected from a criterion map task, which 

was similar to the timed map task used by Zhang et al. and in Experiment 1a and 1b but differed 

critically in that participants were required to repeat the study-test cycle until they placed every 

store correctly. 

Method 

Participants 

Data from an additional 32 participants who had not participated in any of the other 

experiments were combined with data for the route and hybrid learning conditions from 

Experiment 1a. This resulted in a final sample of 96 participants (32 female), age 20 to 35 (M = 

30.33, SD = 3.68) whose data were analyzed in Experiment 2a.  

Experimental Design and Procedure 

A 3 (Learning Task: route, hybrid, criterion map) ³ 6 (Block: 1ï6) mixed factorial design 

was employed with Learning Task as a between-subject manipulation, Block as a repeated 

measure (within-subject manipulation), and absolute angular pointing error (degrees) on the JRD 

task as the primary dependent measure. Additionally, performance on each learning task was 
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measured and analyzed. Participants followed the procedures outlined in General Method, 

completing six blocks of either the route, criterion map, or hybrid learning task interleaved with 

56 trials of the JRD memory task. 

Results and Discussion 

 Absolute pointing error performance on the JRD was entered into a 3 (Learning Task: 

route, hybrid, criterion map) ³ 6 (Block: 1ï6) ANOVA. Significant main effects were found for 

both Learning Task, F(2, 93) = 5.24, p = .007, – = 0.09, and Block, F(3.23, 300.38) = 89.52, p 

< .001, – = 0.13. The Learning Task by Block interaction was also significant, F(6.46, 300.38) 

= 8.69, p < .001, – = 0.03.  

Planned independent samples t-tests revealed significant differences in the ratios of 

pointing error after route and criterion map learning across each of the first three blocks Table 2. 

Error for route learning was more than double that of criterion map learning on the first block 

and this ratio decreased monotonically across blocks. Performance on the JRD was not 

statistically different across route and hybrid learning for any of block of the experiment. The 

lack of difference between route and hybrid learning did not support the Optimization 

Hypothesis, and thus we performed exploratory contrasts comparing hybrid and criterion map 

learning. These contrasts revealed a significant difference between log-transformed performance 

on the JRD after hybrid learning compared to after criterion map learning across each of the first 

three blocks, where error on the JRD after hybrid learning was more than twice that of JRD error 

after criterion map learning. The significant difference between hybrid and criterion map 

learning on the third block, however, did not survive Bonferroni correction for multiple 

comparisons, which accounted for all 18 contrasts that were conducted across confirmatory and 

exploratory analyses. Contrasts were back-transformed to ratios (see General Method) and these 
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are reported in Table 2 along with associated statistics. The estimated marginal means for all 

conditions across blocks for Experiment 2a are shown in the left panel of Figure 6. 

Experiment 2a only differed from Experiment 1a in that the map task had a self-paced 

study portion and required participants to reach a score criterion on the test portion before they 

could continue, whereas Experiment 1a only allotted 30 s for study and we simply recorded 

whatever score participants received on the test. Performance on the JRD task was significantly 

better after map learning than after route and hybrid learning conditions early on, and 

performance on all three conditions converged later in the experiment. We consider this a 

conceptual replication of the findings in Experiment 1 from Zhang et al. in that the most 

allocentric of the three acquisition conditions provided the most benefit on the more allocentric 

JRD task. A major difference is that the benefit of map learning was evident on the first block of 

the JRD task. This is almost certainly due to the criterion-based nature of the task, as Zhang and 

colleagues stated that the study duration for their map task was piloted to result in equal 

performance across the route and map conditions. Despite the lack of effects in Experiment 1a, 

Experiment 2a is consistent with the partially independent model outlined by Zhang and 

colleagues (2014), whereby there is some encoding specificity (Tulving & Thomson, 1973), but 

that there are some learning-dependent dynamics that modulate the degree of specificity. We 

ruled out the influence of environmental differences between Zhang et al. and our experiments, 

as one of virtual cities was a recreation of the city shown in the left panel of Figure 1A from 

Zhang et al. (2014), and there were no performance differences among this virtual city and the 

other two virtual cities on either the JRD, F(2, 125) = 0.81, p = .445, – = 0.01, or SOP, F(2, 

125) = 0.84, p = .436, – = 0.01. 
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Table 2. Planned and Exploratory Pairwise Comparisons for Experiment 2a 

Planned and Exploratory Pairwise Comparisons for Experiment 2a 

Contrast Ratio SE t(128.17) p d 95% CI 

Block1       

Route/cMap 2.24 0.34 5.37 < .001 0.95 [0.58, 1.31] 

Route/hybrid 1.09 0.16 0.56 .577 0.10 [-0.25, 0.45] 

Hybrid/cMap 2.06 0.31 4.82 < .001 0.85 [0.49, 1.21] 

Block 2       

Route/cMap 1.72 0.26 3.62 < .001 0.64 [0.28, 0.99] 

Route/hybrid 1.06 0.16 0.37 .713 0.07 [-0.28, 0.41] 

Hybrid/cMap 1.63 0.24 3.25 .001 0.57 [0.22, 0.93] 

Block 3       

Route/cMap 1.40 0.21 2.25 .026 0.40 [0.05, 0.75] 

Route/hybrid 0.92 0.14 -0.56 .580 -0.10 [-0.44, 0.25] 

Hybrid/cMap 1.52 0.23 2.80 .006 a 0.50 [0.14, 0.85] 

Block 4       

Route/cMap 1.28 0.19 1.64 .102 0.29 [-0.06, 0.64] 

Route/hybrid 0.98 0.15 -0.10 .918 -0.02 [-0.36, 0.33] 

Hybrid/cMap 1.30 0.20 1.75 .083 0.31 [-0.04, 0.66] 

Block 5       

Route/cMap 1.23 0.19 1.40 .164 0.25 [-0.1, 0.59] 

Route/hybrid 1.03 0.15 0.20 .843 0.04 [-0.31, 0.38] 

Hybrid/cMap 1.20 0.18 1.20 .232 0.21 [-0.14, 0.56] 

Block 6       

Route/cMap 1.17 0.18 1.06 .290 0.19 [-0.16, 0.53] 

Route/hybrid 0.89 0.13 -0.13 .453 -0.13 [-0.48, 0.21] 

Hybrid/cMap 1.31 0.20 1.81 .072 0.32 [-0.03, 0.67] 

Note. N = 96. Ratios are the back-transformed difference of estimated marginal means of log-

values. a Did not survive Bonferroni correction for 18 comparisons (‌ = 0.003). All p-values 

uncorrected. 
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Figure 6. Results from Experiment 2 

Results from Experiment 2 

 
Note. cMap = criterion map; JRD = judgments of relative direction; SOP = scene- and 

orientation-dependent pointing. Sample means and variability presented in the figure were back-

transformed from log values (i.e., exponentiated) for qualitative interpretation. Error bars in the 

upper panels represent the standard error of the mean. Error bars in the lower panel indicate 95% 

confidence intervals. Marker color indicates condition contrasted with cMap learning (orange: 

route, green: cMap).  
*p < .05, uncorrected. ***p < .001, uncorrected. Àp < .05, corrected. ÀÀÀp < .001, corrected.  

 

 

Experiment 2a also allowed us to test the Optimization Hypothesis against alternatives 

using the novel hybrid learning task. The lack of a difference between JRD performance after 

hybrid learning and the non-optimal route learning tasks did not provide support for the 

Optimization Hypothesis. Instead, our results appear to provide the most support for the 

Predomination Hypothesis, whereby hybrid learning results in worse performance than the 

optimal learning modality, criterion map, but not worse or different than the non-optimal 

learning modality, route learning. Perhaps some aspect, or the simply the novelty, of the hybrid 

task encourages an egocentric strategy. This could result from some combination of re-enacting 

modal states (Barsalou, 2009) and taking the perspective of the remote-controlled avatar (Mary 
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Hegarty & Waller, 2004) or simply from the fact that the participants were interacting with an 

environment, the vista space virtual environment, from a first-person perspective. The influence 

of the first-person vista space experience might suggest egocentric dominance (Mou et al., 2006; 

Newman et al., 2007) or grounding to the avatar in the vista space virtual environment 

(Matheson & Barsalou, 2018).  

Experiment 2b 

Method 

Participants  

As in Experiment 2a, data from an additional 32 participants who had not participated in 

any of the other experiments were combined with data for the route and hybrid learning 

conditions from Experiment 1b. This resulted in a final sample of 96 participants whose data 

were analyzed in Experiment 2b. Participants were 20 to 35 (M = 31.12) years old and made up 

of 32 females, 63 males, and the same unidentified participant reported in Experiment 1b. 

Experimental Design and Procedure 

A 3 (Learning Task: route, hybrid, criterion map) ³ 6 (Block: 1ï6) mixed factorial design 

was employed with Learning Task as a between-subject manipulation, Block as a repeated 

measure (within-subject manipulation), and absolute angular pointing error (degrees) on the SOP 

task as the primary dependent measure. Additionally, performance on each learning task was 

measured and analyzed. Participants followed the procedures outlined in General Method, 

completing six blocks of either the route, criterion map, or hybrid learning task interleaved with 

56 trials of the SOP memory task 

Results and Discussion 
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 The pattern of results from the 3 (Learning Task: route, hybrid, criterion map) ³ 6 

(Block: 1ï6) ANOVA on SOP absolute pointing error resembled those of Experiment 1b. The 

analysis indicated a main effect of Block, F(2.34, 217.76) = 95.33, p < .001, – = 0.11, no main 

effect of Learning Task, F(2, 93) = 1.63, p = .202, – = 0.03, and no interaction between 

Learning Task and Block, F(4.68, 217.76) = 1.13, p = .346, – = 0. A Greenhouse-Geisser 

correction was applied to degrees of freedom for each within-subjects factor to account for 

violations of sphericity. SOP performance across block and learning condition in Experiment 2b 

is shown in the right panel of Figure 6. No follow-up contrasts were conducted. Interestingly, the 

criterion map learning task resulted in numerically lower error on the SOP task compared to 

route or hybrid learning tasks, although no learning condition effects reached significance. 

Comparison with Experiment 2a 

As in Experiment 1, performance was compared across Experiments 2a and 2b by including 

Memory Task factor in the ANOVA. The 3 (Learning Task: route, hybrid, criterion map) ³ 2 

(Memory Task: JRD, SOP) ³ 6 (Block: 1ï6) mixed ANOVA revealed main effects of Learning 

Task and Block. Additionally, significant two-way interactions were found between Learning 

Task and Block as well as Memory Task and Block. Lastly, the three-way interaction between 

Learning Task, Memory Task, and Block was significant. Table 3 shows a summary of all effects 

tested. 

While not an exact replication, the results of Experiment 2 are at least compatible with 

previous findings on the difference between route and map learning across spatial memory tasks 

(Zhang et al., 2014). We found that the most allocentric mode of learning spatial information, 

maps, resulted in a significant benefit on the more allocentric spatial memory task, the JRD, 

compared to the more egocentric route and hybrid modalities. Moreover, this benefit was unique 
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to the more allocentric JRD task with these effects being absent for the more egocentric SOP 

task. 

 

Table 3. Comparing JRD and SOP Performance in Experiment 2 

Comparing JRD and SOP Performance in Experiment 2 

Effect F ratio df p-value – 

Learning Task 5.61**  2, 186 .004 0.05 

Memory Task 0.31 1, 186 .576 0 

Learning Task ³          

Memory Task 
0.36 2, 186 .697 0 

Block 181.14***  2.75, 511.43 < .001 0.11 

Learning Task ³ Block 5.14***  5.50, 511.43 < .001 0.01 

Memory Task ³ Block 4.28**  2.75, 511.43 .007 0 

Learning Task ³          

Memory Task ³ Block 
3.93**  5.50, 511.43 .005 0.01 

Note. N = 192. df = degrees of freedom; – = generalized eta squared.  
** p < .01. *** p < .001. 

 

General Results 

 While this study primarily aimed to test the effects of spatial learning on memory 

performance, performance on the learning tasks may provide additional insight into the dynamics 

across learning and memory task configurations. Navigational excess path was the primary 

outcome of interest for both the route and hybrid learning tasks. Though the timed map and 

criterion map dependent measures were both based on the proportion of the eight target stores 

that were incorrectly placed, they were derived differently. The timed map task was a one-shot 

test for each participant on each block. For the criterion map task, we averaged the proportion 

incorrect across each block prior to criterion. To compare performance on the learning tasks, 
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performance values for each condition were z-scored and averaged across participants for each 

learning condition. These scores were then entered into a 4 (Learning Task: route, hybrid, timed 

map, criterion map) ³ 6 (Block: 1ï6) mixed analysis of variance with Learning Task as a 

between-subject factor and Block as a within-subject factor. Although we found no evidence for 

a main effect of Learning Task, F(3, 252) = 0, p > .999, – = 0, we did observe a significant 

main effect of Block, F(3.68, 926.76) = 178.90, p < .001, – = 0.26, as well as a significant 

interaction between Learning Task and Block, F(11.03, 926.76) = 12.22, p < .001, – = 0.07. 

Performance is shown across blocks and learning conditions in Figure 7. We did not have any a 

priori hypotheses about learning conditions, so no additional follow-up analyses were conducted. 

From the ANOVA, it appears that learning performance improved across blocks, but at different 

rates depending on the learning task. 

 

Figure 7. Standardized Performance on Learning Tasks 

Standardized Performance on Learning Tasks 

 
Note. tMap = timed map, cMap = criterion map. Error bars represent the standard error of the 

mean. 
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Figure 8. Relationship between Learning and Memory Performance 

Relationship between Learning and Memory Performance 

 
Note. JRD = judgments of relative direction; SOP = scene- and orientation-dependent pointing; 

tMap = timed map; cMap = criterion map. Panel A: Learning error, on the x-axis, is in units of 

meters for navigational excess path in the top two panels (route and hybrid) and in units of log 

odds converted from proportion incorrect for misplacement error in the lower two panels (tMap 

and cMap). Panel B: Comparison of observed correlations across combinations of learning and 

memory tasks. Error bars represent 95% confidence intervals. 
** p < .01. *** p < .001. 
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While learning performance is informative, it is most relevant to the research questions 

addressed in this study when considered along with memory performance on the JRD and SOP 

tasks. Both the learning and memory tasks in these experiments show improvement over time, 

evidenced by the main effect of the Block in all the analyses presented thus far. The significant 

interaction between Learning Task and Block in the comparison of standardized error scores for 

each of the four learning tasks revealed that participants, on average, acquired spatial 

information at different rates across the learning conditions.  

The fact that participants were able to perform the JRD or SOP task effectively after any 

of the learning conditions suggests that all learning conditions could generate both allocentric 

and egocentric spatial representations. One potential indicator for the presence of ego-generative 

or allo-generative information readily available for forming either egocentric or allocentric 

representations during each learning task is the relationship between participantsô performance 

on their respective learning and memory tasks. The presence of a significant correlation between 

learning and memory may suggest that the information present at learning was sufficiently ego-

generative or allo-generative, depending on the memory task, with the SOP and JRD requiring 

more egocentric and allocentric strategies, respectively. If learning performance is correlated 

with only one of memory tasks, either the JRD or SOP, or the correlation with performance on 

one of the memory tasks is significantly greater than the other, this might be interpreted as 

evidence for the presence of significantly more ego- or allo-generative information during 

learning. Scatterplots of each participantôs raw absolute pointing compared with continuous11 

 

11 For route and map learning tasks, this refers to raw scores for navigational excess path in meters, as the raw scores 

were continuous. For timed map learning and criterion map learning tasks, the continuous logit-transformed values 

were used instead of the discrete ñrawò proportion scores.  
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scores on the respective learning tasks are shown in Figure 8A. Scores were averaged across all 

blocks such that each datapoint, in Figure 8A, represents one participant.  

Kendall rank correlation coefficients (†) revealed that absolute pointing error on the JRD 

was significantly correlated with performance on the route learning, †(32) = .38, p < .01, and 

timed map learning, †(32) = .43, p < .001, tasks. Absolute pointing error on the SOP was 

significantly correlated with route, †(32) = .62, p < .001, hybrid, †(32) = .40, p < .001, and tmap, 

†(32) = .38, p < .01, tasks. All Kendall correlation coefficients are shown in Figure 8A and 

labelled for statistical significance. This suggests that both ego-generative and allo-generative 

information were readily available on both the route and map tasks. Interestingly, better hybrid 

learning performance reliably coincided with better performance on the SOP task but not the 

JRD task. Criterion map performance was generally not indicative of better or worse 

performance on either memory task, despite criterion map learning resulting in significantly 

lower JRD error compared to route or hybrid learning (see Figure 6).  

Figure 8B shows each learning-memory correlation coefficient as well as 95% 

confidence intervals generated by using Fieller et al.ôs (1957) method for estimating standard 

error (Bishara & Hittner, 2017). There were no significant differences between the JRD and SOP 

task performance correlations within any given learning task (Figure 8B). There was a significant 

difference between the correlations for route and criterion map learning with the SOP task, but 

this difference did not survive Bonferroni adjustment of the confidence intervals (99.7% for 18 

comparisons). 

General Discussion 

 We conducted four experiments to better understand how manipulating the availability of 

relatively ego-generative or allo-generative spatial information and cues during learning from 
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routes, maps, and a novel hybrid learning task impacts spatial memory in the context of two 

commonly used spatial memory tasks, the JRD and SOP, with optimal strategies that are 

believed to be more egocentric or allocentric, respectively. We predicted that we would replicate 

previous results showing a dissociation between performance on the JRD task after map learning 

and performance on the SOP task after route learning (Zhang et al., 2014). We also predicted that 

our hybrid learning task would optimize the acquisition of spatial knowledge resulting in hybrid 

and map learning providing a benefit over route learning on the JRD as well as hybrid and route 

learning providing a benefit over map learning on the SOP. In Experiment 1a and Experiment 

1b, using the same tasks and a similar design, we did not strictly replicate the results of Zhang 

and colleagues under the same conditions (Zhang et al., 2014). Instead, we found no differences 

across route, map, and our novel hybrid learning task on either the JRD or SOP, although the 

SOP results did show a non-significant pattern following the predicted trends. Notably, though, 

we employed a between subjects-design compared to the mixed design employed by Zhang et al. 

and we employed remote testing while Zhang et al. 2014 performed all testing in the lab. 

In Experiments 2a and 2b, we used a modified version of the map task from Experiment 

1 that required reaching a criterion of correctly positioning all eight target stores on a map. 

Experiment 2a showed a clear benefit from map learning on the JRD until performance after 

route and hybrid learning converged with map learning in later blocks of the experiment. No 

relative benefit to SOP performance was observed after route learning, although the map learning 

benefit was abolished here, suggesting that maps are at least less effective relative to route 

learning for the SOP task compared to the JRD task. Contrary to the Optimization Hypothesis, 

we found that hybrid learning resulted in performance on the JRD that resembled that of route 

learning, being significantly worse than performance after map learning on early blocks. 
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Although not definitive, our findings suggest that hybrid learning may have biased participants to 

encode spatial information from a more egocentric frame of reference.  

We would caution not to take these findings as a refutation of the findings from Zhang 

and colleagues 2014 study. First and foremost, we were not able to exert the same empirical 

control over our experimental conditions. Zhang and colleagues collected data in a laboratory 

where their research team could oversee the procedures, whereas we utilized MTurk workers. 

This means that workers completed the experiment on a range of different computers and absent 

of any experimental oversight. While many checks and safeguards were put in place to mitigate 

experimental pitfalls of MTurk (Aguinis et al., 2020; Sprouse, 2011), we ultimately lacked the 

same assurances of data validity and participant engagement that are afforded by laboratory 

studies. For example, we asked subjects to report if they used any external aid, such as drawing a 

schematic of the layout of target stores on a piece of paper, to complete the experiment and 

excluded any data where this was reported. One concern with self-report measures such as the 

one used here is that participants may provide socially desirable or acquiescent responses. 

(Kreitchmann et al., 2019). Addressing the elephant in the room, the decision to use an online-

based paradigm resulted from a temporary shutdown of in-person research activities at the 

University of Arizona during the COVID-19 (for background, see Acuti Martellucci et al., 2020). 

It is worth noting, however, that we observed similar effect sizes to those obtained from re-

creating the ANOVAs reported by Zhang et al. (2014) using their data. 

Given the similar effect sizes, perhaps the failure to replicate was due to a lack of 

statistical power. One possibility is that we underestimated the impact that recruiting MTurk 

workers would have in reducing statistical power (Sprouse, 2011). We accounted for an 

approximately five percent decrease in power, using a target power of .85 to estimate the 
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required sample, but it is possible that the JRD and SOP, or simply smaller effect sizes such as 

those reported here, require a greater adjustment. Our recommendation for future research using 

an online participant pool, would be to account for a greater reduction in statistical power and 

use a higher target power, such as .90 or .95, when estimating the sample size required to detect 

the effects of interest. It is also possible that we did not completely account for the difference in 

how the Learning Task was manipulated within-subject in Zhang et al.ôs design (within-subject) 

and between-subject in our design. This decision was again related to the online platform used to 

implement the experiment: We were concerned that participantsô task adherence would be 

reduced, resulting in undesired order effects. Nonetheless our estimations were based on a linear 

model of the three-way interaction reported by Zhang et al., removing the within-subject error 

term for the Learning Task factor. Perhaps a more appropriate approach would have been to 

calculate the sample required for an exact replication of Zhang et al.ôs factorial design and apply 

a conversion such as the one proposed by Maxwell and Delaney (2004; cited in Nimon & 

Williams, 2009). 

Despite the potential statistical power issue in our design, we did observe a conceptual 

replication of the benefit of map learning on the JRD task using the criterion map task. In fact, 

the criterion map condition resulted in numerically lower absolute pointing error not only on 

every block of the JRD task in Experiment 2a, but also on every block of the SOP task in 

Experiment 2b. The lack of a criterion map learning benefit for SOP task suggests that the 

information obtained from criterion map learning was more difficult to utilize for the SOP task. 

While it did not come as a surprise that criterion map learning was more effective than timed 

map learning, it does not appear as though criterion map learning is effectively the same as 

multiple timed map experiences. This is most notable for the SOP task in which criterion map 
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learning seems to have resulted in a lower asymptote for absolute pointing error than timed map 

learning. Although the statistical comparison of timed map learning and criterion map learning 

was not an objective of the present study, future studies investigating these differences might 

provide theoretical and methodological insights.  

The rationale for including the criterion map condition in the study was that it is more 

ecologically valid, and the goals of the task are conceptually more similar to the goals of 

traditional navigation paradigms. Aside from random and extenuating circumstances, it seems 

reasonable that a map user would want to study the map at least until they were confident that 

they knew sufficient information for their pending navigation. One of the most common 

navigation paradigms places participants in the to-be-navigated environment and requires them 

to successfully navigate to some or all the goal locations; if they become lost or disoriented, they 

must continue to explore until they can reorient and locate the goal location. Arguably, a map 

task that requires successfully locating all targets is the ideal conceptual foil to a route task that 

requires successfully locating all targets. Conversely, if a timed map task is used, it would be 

conceptually more informative to use a navigation task with a proportionately similar time limit. 

The novel objective of these experiments was to understand how spatial information is 

differentially processed and prioritized when more ego-generative and allo-generative 

information is available simultaneously; to this end, we developed the hybrid learning task. 

Contrary to our prediction that hybrid learning would optimize spatial memory performance, the 

results seem to support the Predomination Hypothesis, whereby during hybrid learning spatial 

information is generally processed in a more egocentric frame of reference. However, because 

significant hybrid contrasts could only be tested in one of the four experiments, these results are 

hardly conclusive. One alternative explanation that was not accounted for could best be 
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summarized as a De-Optimization Hypothesis. Similar to an interference account it is possible 

that some feature or aspect of the hybrid learning task results in the selection of a sub-optimal 

reference frame as the primary anchor for processing spatial information. In the context of 

Zhangôs 2014 study, we would then expect performance on the JRD to be significantly worse 

after hybrid learning compared to map learning and not different from route learning; 

performance on the SOP would be no different after hybrid learning than map learning and 

significantly worse compared to route learning.  

One enticing interpretation is that the shift of SOP performance, although not statistically 

significant, for hybrid learning in Experiment 2a to be more similar to route learning and less 

similar to map learning could represent a delayed predominance of egocentric processing. Such 

an interpretation, however, would rest on the assumption that the study did not achieve the 

necessary statistical power to detect the predicted effects. Ideally, the hybrid task would be 

administered using immersive virtual reality, which was our original intent before pandemic-

related restrictions on in-person research were imposed. However, this was not practical for the 

online experiments presented here, as it would place an additional demand on the participant 

pool by restricting it to individuals who own the requisite virtual reality hardware. Without the 

additional body-based cues such as vestibular and proprioceptive information afforded by 

immersive virtual reality, it is possible that any embodied cognition was drawn to interpret and 

simulate the humanoid remote-controlled avatar (Barsalou, 2009; Clark, 2012; Muto, 2021). 

Immersive virtual reality could result in participants being sufficiently grounded in the vista 

space avatar, which might facilitate more flexible utilization of the allo-generative information 

available, even while navigating the remote-controlled avatar through the virtual city (Matheson 

& Barsalou, 2018). 
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The correlations between learning and memory performance across all task combinations 

suggest an interpretation more consistent with the findings of Zhang et al. When learning from 

both maps and routes, performance on both the JRD and SOP were significantly correlated with 

performance on the learning tasks. Notably, the relationship was stronger for the JRD task than 

for the SOP task when learning from maps, and the reverse was true for route learning with SOP 

being more strongly correlated with learning performance. The significant correlation between 

hybrid learning performance and SOP, but not JRD, performance further bolsters the 

interpretation that hybrid learning was predominately represented in an egocentric frame of 

reference. It is possible that the novelty of the hybrid task resulted in participants relying on 

more egocentric strategies (Mou et al., 2006; Newman et al., 2007). The hybrid task, for better or 

worse, introduced at least three novel aspects, relative to the map tasks used: 1) three-dimensions 

versus two, 2) multiple viewpoints, and 3) wayfinding. A more incremental approach could serve 

to elucidate which of these mechanisms alone or in combination produce different outcomes. 

Such studies would still need to carefully consider the extent to which spatial scale and reference 

frame can be dissociated (Wolbers & Wiener, 2014). Alternatively, any embodiment effect of the 

remote-controlled navigation could be stronger than anticipated, especially given the lack of 

correlational significance between hybrid learning and JRD performance. Despite weaker and 

less theoretically consistent relationships between criterion map performance and performance 

on the JRD and SOP, we expect that this may be due to a ceiling effect on the pointing tasks for 

some participants. Clustering approaches to determine if sub-groups exist among JRD and SOP 

participants (ceiling memory performers and those whose memory performance changes based 

on learning performance) could elucidate this.  
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 Despite the limitations discussed, these findings represent an exciting first step toward 

using novel paradigms for interacting with spatial information, such as our hybrid learning task. 

One goal with such tasks could be to coerce spatial information processing towards generating a 

supposedly optimal spatial representation. Another avenue for future research with these and 

other distinct learning tasks would be to examine the degree to which representations formed 

from a given learning condition are more robust to interference or decay, even if immediate 

effects on memory performance are not present (Craik & Lockhart, 1972; Craik & Tulving, 

1975). Investigating spatial memory after long delays (days or weeks) could provide insight into 

this question. Tasks such as our hybrid learning task may prove promising for developing 

assistive tools for individuals with spatial impairments, as in cases of topological disorientation 

(Turriziani et al., 2003), hippocampal damage that may inhibit the formation or retrieval of 

cognitive maps or other spatial memories (OôKeefe & Nadel, 1978), or Alzheimerôs disease 

(Ruggiero et al., 2018). 
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Theoretical Link age of Included Articles 

 The empirical manuscripts, which compose the associated portfolio of this dissertation, 

each provide insight for how to approach and interpret experiments on spatial cognition for 

large-scale virtual environments. A critical consideration in studying learning of and memory for 

large-scale environments is balancing experimental control and ecological validity. Newly 

available immersive virtual reality interfaces, comprising head mounted displays and 

omnidirectional treadmills, provide unprecedented affordances for achieving this balance. 

However, even building navigation and spatial cognition experiments for traditional desktop 

computer interfaces introduces software and programming challenges for researchers new to the 

field (e.g., first-year Ph.D. students), and these challenges are only exacerbated when the 

integration of novel VR hardware is involved. The fruit of this, often quite time-consuming, 

labor is the ability to study spatial cognition for complex and expansive spaces by using virtual 

environments, which can be much larger than the physical laboratory space available and are 

limitlessly customizable. The addition of immersive tools, particularly HMDs with 

omnidirectional treadmills, also afford research participants with idiothetic cues such as 

vestibular and proprioceptive information, which serve to enhance participantsô sense of 

presence (a VR term for feeling less or not different from reality) as well as the ecological 

validity of the experiment. 

Chapter 2 provided an overview of the Landmarks asset package for Unity ï an open-

source software package for building 3D experiments. In the latest release of Landmarks, for 

which the source code existed prior to my involvement, I have adapted and refactored much of 

the codebase to facilitate a more user-friendly experience, using a ñdrag-and-dropò philosophy 

that minimizes the requisite programming knowledge required to design and build 3D 
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experiments. Landmarks is currently one of the few packages, if not the only, that provides 

support for a selection of immersive VR devices, providing a streamlined tool for creating 

complex and cutting-edge VR navigation experiments. The versatility of the Landmarks package 

is demonstrated in Chapters 3 & 4, which used the package to implement not only lab-based 

immersive VR experiments but also web-based desktop VR experiments. 

Chapter 3 used immersive VR to expand on previous findings that showed memory 

alignment effects after learning in large, real-world spaces (McNamara et al., 2003). These and 

other findings have largely presumed that salient geometry is incorporated into spatial 

representations early on in spatial learning or is perhaps even intrinsic to spatial learning. The 

novel VR interface used in Chapter 3, comprised of an HMD and omnidirectional treadmill, 

allowed participants to learn the spatial layout of a virtual neighborhood. The fact that subjects 

seamlessly transitioned from learning task and JRD in VR limited rehearsal between encoding 

and retrieval (Nadel & Moscovitch, 1997; Squire & Zola-Morgan, 1991). Experiments 1 & 2 

demonstrated that memory alignment effects are not an intrinsic property of spatial 

representations after route learning or combined route and map learning, but rather emerge after 

repeated exposure to an environment. Experiment 3 provided evidence for memory alignment 

effects after a single map learning experience building on prior work detailing the differences 

between knowledge from routes and maps, thus providing new insight into the interaction of 

information acquired during route and map learning. Specifically, the later onset of memory 

alignment effects in Experiment 2, despite completing a session of map and then route learning 

prior to the first block of testing, compared to Experiment 3, where only a single session of map 

learning preceded testing, suggests that route information may retroactively interfere with 

memory alignment effects generated from map learning. 
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In Chapter 4, we aimed to replicate previous findings (Zhang et al., 2014) and extend 

them to directly test hypotheses regarding how the availability of both map-like allo-generative 

information and route-like ego-generative information influences the formation and retrieval of 

spatial relationships. To this end, we developed a hybrid learning paradigm whereby participants 

were given access to a tabletop model of an environmental space and required to navigate a 

remote-control human avatar through the scale model. Results were mixed across four 

experiments in which we compared route, timed map, and hybrid learning (Experiment 1) or 

route, criterion map, and hybrid learning (Experiment 2) on the JRD (sub-experiments 1a and 2a) 

and SOP (sub-experiments 1b and 2b). We did not replicate the exact pattern of results from 

Zhang et al. 2014 using timed map learning.  We did, however, replicate the basic pattern of 

results using a criterion map learning task that required correctly positioning all eight target 

landmarks in the environment. We also further elucidate the ego-generativity and allo-

generativity of various learning tasks including the route and map tasks used by Zhang and 

colleagues. Error on both route learning and map learning was negatively correlated with error 

on both the JRD and SOP tasks, suggesting that both modalities readily provide ego-generative 

and allo-generative spatial cues. We were surprised to find that hybrid learning performance was 

related to SOP but not JRD performance; this suggests that contrary to our prediction that hybrid 

learning would more readily provide both ego- and allo-generative information, hybrid learning 

was only particularly useful for the more egocentric SOP task. This could be taken as evidence in 

support of the Predomination Hypothesis, favoring the egocentric reference frame. While we did 

not anticipate the complete absence of any correlation between criterion map learning and our 

memory tasks, this may be a product of the efficacy of learning from the criterion map task. 

Qualitatively, in the lower right panel of Figure 8, several participants appear to perform quite 
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well on the memory tasks, regardless of their scores on the map task. Identifying such a pattern 

and determining what, if any, underlying relationship may be present between criterion map 

learning and our memory tasks is of interest for future experiments.   

 Taken together, this body of work presents methodological advancements by 

disseminating findings from some of the first results utilizing commercially available immersive 

VR interfaces and introducing an open-source tool, Landmarks, for streamlined development of 

both traditional desktop experiments as well as immersive VR experiments using the popular 

Unity game engine. These tools were used to test novel questions regarding the nature of spatial 

learning and memory across egocentric and allocentric spatial reference frames. The results of 

these experiments provide promising first steps toward better understanding the fluid nature of 

human spatial representations across an egocentric to allocentric continuum and potentially 

manipulating it to aid spatial cognition. However, further research is required to confirm the 

interpretations and conclusions drawn from these data and reconcile them with cognitive and 

neural models of spatial processing.
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Abstract 

Research into the behavioral and neural correlates of spatial cognition and navigation have 

benefitted greatly from recent advances in virtual reality (VR) technology.  Devices such as 

head-mounted displays (HMDs) and omnidirectional treadmills provide research participants 

with access to a more complete range of body-based cues, which facilitate the naturalistic study 

of learning and memory in three-dimensional (3D) spaces.  One limitation to using these 

technologies for research applications is that they almost ubiquitously require integration with 

video game development platforms, also known as game engines.  While powerful, game 

engines do not provide an intrinsic framework for experimental design and require at least a 

working proficiency with the software and any associated programming languages or integrated 

development environments (IDEs).  Here, we present a new asset package, called Landmarks, for 

designing and building 3D navigation experiments in the Unity game engine.  Landmarks 

combines the ease of building drag-and-drop experiments using no code, with the flexibility of 

allowing for users to modify existing aspects, create new content, and even contribute their work 

to the open-source repository via GitHub, if they so choose.  Landmarks is actively maintained 

and is supplemented by a wiki with resources for users including links, tutorials, videos, and 

more.  We compare several alternatives to Landmarks for building navigation experiments and 

3D experiments more generally, provide an overview of the package and its structure in the 

context of the Unity game engine, and discuss benefits relating to the ongoing and future 

development of Landmarks.  

 Keywords: spatial cognition, navigation, learning, memory, virtual reality, Unity  
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Landmarks: A solution for spatial navigation and memory experiments in virtual reality 

One challenge for studying naturalistic behaviors, such as navigation, in the laboratory 

involves the three-dimensional (3D) nature of such behaviors.  There are many solutions for 

designing two-dimensional (2D) vision-based experiments, such as Psychophysics Toolbox 

(Brainard, 1997), E-Prime (Psychology Software Tools, 2016), and PsychoPy (Peirce et al., 

2019).  Research using 3D environments, however, has largely relied on videogame engines such 

as Unity (Unity Technologies, San Francisco, CA) to create experiments.  On their own, these 

videogame engines lack the intrinsic flexibility and features necessary for experimental design.  

While such flexibility and features can be developed in game engines, doing so can be extremely 

difficult for those without extensive programming experience or knowledge of videogame design 

principles.  While many VR hardware developers provide ñasset packagesò specifically for Unity 

that aid users in integrating the associated hardware into existing games, they still do not provide 

a framework for experimental design.  Moreover, existing solutions for developing 3D 

experiments in Unity provide limited, if any, support for the growing selection of VR devices 

available or their associated asset packages.  Here, we describe a new custom asset package for 

building, developing, and deploying navigation-based experiments on desktop and in VR using 

the freely available, for personal use, Unity game engine.  This package called ñLandmarksò has 

been integrated with the Unity engine and several Unity asset packages to create a user-friendly 

suite of tools to facilitate the creation of VR experiments.  

 A game engine, such as Unity, is the ideal platform for developing navigation experiment 

because 3D navigation is a core component of many videogames.  For example, many first-

person shooter videogames include multiplayer modes where players can compete on a variety of 

maps.  In addition to mastering game mechanics, the most successful players in these games 
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often have intimate knowledge for the layout of the map they are playing on as well as how other 

users would use that map.  Another popular style of videogame involves massive open worlds 

that users must explore while completing tasks, quests, objectives, etc.  A better understanding of 

the layout of the world, including important locations and landmarks, often makes the gameplay 

objectives easier.   

Unity, even more so than other game engines, is a great option for building 3D 

experiments, as it provides many useful features for game development while being free for 

personal use.  Other free game engines, such as Unreal Engine (Epic Games, Cary, NC) may 

provide more advanced features than Unity, but have not been available for long.  Unity has 

extensive online documentation and support as well as a large, active user community. This is 

particularly helpful to developers with no formal training in video game design, as is the case for 

most Psychologists and Neuroscientists. 

 At the center of the Unity development platform is the Unity Editor (Figure 1).  The 

Editor is an integrated development environment that provides tools to create 3D content (3D 

models, spatialized audio, integrated video, animation, etc.) and the ability to modify, debug, and 

test applications in real-time.  An in-depth description of Unity and the Unity Editor is beyond 

the scope of this paper, but a glossary of Unity terms (Unity Technologies, 2020) discussed in 

this paper can be found in Box 1, and an example configuration of the Unity Editor is shown in 

Figure 1, featuring several often-used windows.  Existing content can be used via drag-and-drop 

functionality across the various windows of the Unity Editor.  Unityôs functionality can be 

extended through the use of external tools including 3D modeling software and other integrated 

development environments such as Visual Studio (Microsoft Corp., Redmond, WA).  Any 

custom behavior in an application requires writing custom scripts using the C# programming 
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language in an integrated development environment (IDE, i.e., software for writing computer 

code), for which Visual Studio is the default in Unity. 

 

Figure 1.  An example layout of the Unity Editor with commonly used windows highlighted 

(red: Scene View, blue: Game View, green: Hierarchy window, orange: Inspector window, 

yellow: Console, purple: Project View).  A demo scene, included in Landmarks, is opened 

in the editor to illustrate how a user can interact with the environment and experiment via 

the graphical user interface of the Unity Editor rather than via code. 

Unity Terms 

Asset Any media or data that can be used in your game or Project.  An 

Asset may come from a file created outside of Unity, such as a 3D 

model, an audio file or an image. 

Asset Package A collection of files and data from Unity Projects, or elements of 

Projects, which are compressed and stored in one file, similar to 

Zip files.  Asset packages are a handy way of sharing and re-using 

Unity Projects and collections of Assets. 
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Camera A component which creates an image of a particular viewpoint in 

your scene.  The output is either drawn to the screen or captured 

as a texture. 

Character Controller  A simple, capsule-shaped component with specialized features for 

behaving as a playerôs avatar in a game. 

Child  See Parent. 

Component A functional part of a GameObject.  A GameObject can contain 

any number of components.  Unity has many built-in components, 

and you can create your own by writing scripts. 

GameObject 

 

The fundamental object in Unity scenes, which can represent 

characters, props, scenery, cameras, waypoints, and more.  A 

GameObjectôs functionality is defined by the Components 

attached to it. 

Layer Layers in Unity can be used to selectively opt groups of 

GameObjects in or out of certain processes or calculations, such 

as being rendered by the camera. 

Parent An object that contains child objects in a hierarchy.  When a 

GameObject is a Parent of another GameObject, the Child 

GameObject will move, rotate, and scale exactly as its Parent 

does.  You can think of parenting as being like the relationship 

between your arms and your body; whenever your body moves, 

your arms also move along with it.   

Prefab An asset type that allows you to store a GameObject complete 

with components and properties.  The prefab acts as a template 

from which you can create new object instances in the scene. 

Project In Unity, you use a Project to design and develop a game.  A 

Project stores all of the files that are related to a game, such as the 

Asset and Scene files. 

Properties Aspects of a component that can be modified in the Inspector 

window of the Unity Editor. 
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Scene A Scene contains the environments and menus of your game.  

Think of each unique Scene file as a unique level.  In each Scene, 

you place your environments, obstacles, and decorations, 

essentially designing and building your game in pieces. 

Tag A reference word which you can assign to one or more 

GameObjects to help you identify GameObjects for scripting 

purposes.  For example, you might define and ñEdibleò Tag for 

any item the player can eat in your game. 

Texture An image used when rendering a GameObject to give it visual 

detail. 

Box 1.  Glossary of Unity terms discussed, taken or modified from Unityôs online manual 

(Unity Technologies, 2020, https://docs.unity3d.com/Manual/index.html). 

 Landmarks was initially commissioned by The Human Spatial Cognition (HSC) Lab as a 

means of reducing the amount of time required for new researchers in his laboratory to begin 

conducting spatial navigation experiments with Unity.  The original codebase was written in 

2009 by Jason Laczko.  This version, referred to as Landmarks1.0 (BrickOvenGames, 

Sunnyside, CA), contained a basic framework of custom scripts that controlled the flow of events 

in Unity for experimental design and only supported desktop computer interfaces.  Landmarks1.0 

was accompanied by video tutorials by Jason Laczko, which were later supplemented with 

additional video tutorials by Dana Smuda.  Landmarks1.0 continues to be available in its original 

form.  This version is free to download and tutorial videos are made available upon request.   

In 2015, the HSC lab began developing experiments in virtual reality (VR) using the 

Oculus Rift Development Kit DK2 (Oculus VR LLC, Menlo Park, CA) and a prototype of the 

Cyberith Virtualizer omnidirectional treadmill (Cyberith GmbH, Vienna, AT).  To incorporate 

these new devices into Landmarks, Michael Starrett and Jared Stokes revised the codebase to 

provide support for both desktop and VR user interfaces.  This revision was the first to utilize Git 
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version control and was featured in an article by Starrett, Stokes, Huffman, Ferrer, and Ekstrom 

(2019).  With the advent of HTC Vive (HTC Corp., New Taipei, TW) head-mounted display 

(HMD), Landmarks required further revisions to accommodate yet another new and unique 

software development kit (see Huffman & Ekstrom, 2019a, 2019b; Liang et al., 2018).   

The challenge of keeping pace with emergent VR technology became evident, spurring 

the development of multiple character controllers such that the addition of a new controller for a 

new interface would not interfere with already functioning controllers.  Additional revisions 

extended this modularization to the experimental tasks available in Landmarks and automation of 

settings and configurations that previously required interface- or task-specific modification by 

the user.  This resulted in a significantly more user-friendly experience, as users can now use a 

single dropdown menu to select from available controllers.  

Here we present a new Unity package, called Landmarks, that is bundled into a complete 

Unity project.  Landmarks provides unprecedented integration with desktop and VR interfaces 

for the design of 3D experiments.  Users can choose to create 3D experiments quickly and easily 

using drag-and-drop mechanics within the Unity Editor with no programming necessary, or they 

can choose to program new tasks and features on their own or alongside frequently released 

updates to Landmarks by using git version control with the public Landmarks GitHub repository.  

In this way Landmarks provides balance between flexible experimental design and ease of use.  

These features are included in the current version of Landmarks version 2.0, which is the focus 

of this work and will subsequently be referred to simply as Landmarks. 

Landmarks 

Software Development Philosophy  
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 Landmarks is primarily maintained and developed by psychologists and cognitive 

neuroscientists from a range of backgrounds with varying levels of experience in programming 

and software development.  Landmarks can be described as loosely conforming to specific, 

formalized software design principles.  After identifying a question, or problem, experimental 

design often involves creating a paradigm to test hypotheses regarding that problem, piloting 

these paradigms, and repeating this process until the paradigm is optimized to address the 

question/hypothesis.  Unsurprisingly, this iterative and incremental process is paralleled in the 

development of Landmarks.  

With respect to software development, Landmarks is most consistent with an Adaptive 

Software Development philosophy (Highsmith, 2013).  Adaptive Software Development is 

characterized by high speed (i.e., frequent updates or releases) and high change (i.e., 

modifications driven largely by uncertain needs).  For example, over the past year (at the time of 

writing) there have been over 200 (approximately four contributions per week) individual 

contributions to the code base on GitHub, which can be defined as any addition, deletion, or 

modification of code that is then uploaded to the public GitHub repository ï indicative of a high 

speed.  While many of these contributions were small, many involved widespread changes 

including the addition of a completely new data logging system, new player controllers, and 

integration with third party hardware and software ï indicative of high change.  This high change 

and high-speed model of software development allows Landmarks to adapt to the demands of 

users, including staying up-to-date with the rapidly evolving landscape of VR hardware. 

Framework 

To implement the features in Landmarks while allowing for high change development 

and design, we have broken the experimental design process into four main components: 
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Characters (cameras and player controllers; e.g., the avatar), Timeline (state machines; i.e., the 

sequence and structure of tasks in the experiment), Environment (3D models; e.g. streets, props, 

buildings), and Data (output files; e.g. text files or tab-delimited files).  The first three are 

visually present in the implementation of Landmarks (see Hierarchy window in Figure 1), 

_Landmarks_.prefab (Landmarks Prefab) Unity asset with the Experiment.cs script (Experiment) 

attached, and the fourth, data, is handled in the background and automatically generated for all 

experiments.  We discuss each of these components in turn. 

 

Characters 

One of the most powerful features in Landmarks is that it is one of the only 3D 

experimental design solutions to offer compatibility with VR hardware and is, to our knowledge, 

the only solution that allows seamlessly switching between a variety of desktop and VR interface 

configurations.  To support this functionality, a core piece of the Landmarks framework involves 

managing and handling various player controllers and cameras.  When new player controllers are 

created and added to Landmarks and configured with the LM_PlayerController.cs script 

(LM_PlayerController), they are automatically detected and managed by Experiment. 

Timeline 

 As we have mentioned, one of the greatest challenges of 3D experimental design involves 

incorporating the intrinsic framework of experimental design into a game engine such as Unity.  

Empirical research often visualizes this intrinsic framework in methods sections with figures that 

generally comprise a ñtimelineò of the experimental tasks ï either pictures or descriptions of 

each component of the experiment ordered from left-to-right or top-to-bottom.  Similarly, 

Landmarks implements this framework in the form of Unity GameObjects and child 
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GameObjects, specifically the ñTasksò GameObject in the Landmarks Prefab (see Figure 1, 

Hierarchy window).  Just as experiments are hierarchically organized in sessions, blocks, and 

trials, these tasks that make up the greater experiment timeline can be set to repeat a specified 

number of trials and can be organized into experimental blocks and phases depending on the 

visual organization tasks in the form of child GameObjects of the ñTasksò GameObject.  Next 

we will describe how these timelines and tasks function internally as finite state machines 

following a general structural framework. 

The ñTasksò GameObject contains all of the experimental tasks that will take place in the 

experiment.  When it comes to video game design, many of the tools rely on finite state 

machines to manage the flow of events (in our case, experimental tasks).  In their simplest forms, 

finite state machines can control simple behaviors such as what happens when a light switch is 

flipped on or off.  In this simple example, one could imagine certain aspects that could be 

programmed into each state (e.g., ON: any light bulb models associated with the switch begin 

emitting light and heat, their temperatures rise, and their remaining lifespan is shortened as time 

passes in the on state; OFF: any light bulb models associated with the switch stop emitting light 

and heat, their temperature cools until it reaches baseline, and the lifespan ceases to shorten). 

This is only a subset of the behaviors that could be associated with these two states, and many 

state machines comprise a greater number of possible states.  

 When Landmarks is run in a functioning experiment, the Experiment finds and identifies 

an ñLM_Timeline.ò This timeline is a list of tasks defined by the associated TaskList.cs script 

(any object with TaskList.cs attached can be referred to as a TaskList).  TaskList inherits from 

the base-level class defined in ñExperimentTask.csò (any object with an associated script 

inheriting from ExperimentTask.cs, which can be referred to as an ExperimentTask ï all 
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TaskLists are ExperimentTasks).  This outlines basic experimental task states (e.g., start [what 

do we need to do to get ready for this task], update [what happens during this task], end [what do 

we need to do to close down or ñclean upò after this task]), and affects operations common to all 

tasks that inherit from it.  TaskList will hierarchically carry out any child ExperimentTask, 

including any other TaskLists.  In summary, Landmarks implements experimental timelines via a 

hierarchy (i.e., GameObjects and their child GameObjects) of ExperimentTasks with any given 

ExperimentTask having essentially three finite states (start, update, end).  The ñTasksò 

GameObject is one of the child GameObjects of LM_Timeline (both are TaskLists) and 

represents the organization of various experimental operations that would be included in a 

methods figure depicting the experiment timeline in an empirical report.  For example, 

LM_Timeline runs various ExperimentTasks such as showing a general welcome message for 

participants and locating and inventorying task-relevant target objects in the environment before 

executing ñTasksò and any child ExperimentTasks nested within ñTasksò and then closing down 

the experiment when there are no more ExperimentTasks to execute. 

Environment 

 The third component in the implementation of Landmarks is the 3D environment.  

Indeed, the need for 3D environments that comprise a collection of 3D models is one of the 

primary reasons for utilizing the Unity game engine software in experimental design.  This is 

largely handled through simple organization of GameObjects within the Landmarks prefab 

because most of the 3D models serve only as ñfillerò props (i.e., task-irrelevant features of the 

environment), with a select few serving as experimentally crucial target objects and task-relevant 

locations (for either player controllers or target objects, with the latter being optional).  For 
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Landmarks to run, all users must do is provide one or more task-relevant GameObjects, with the 

tag ñtargetò and the layer ñtargetsò selected (see Box 1; for context, see Figure 1). 

Data 

In designing Landmarks, we understand that 3D experiments are a means to an end, with 

that end being empirically valid data for subsequent analysis and publication.  Data for any and 

all existing tasks are automatically handled by Landmarks via several logging scripts (dbLog.cs, 

LM_TrialLog.cs) that use the StreamReader and StreamWriter class of assets.  Any 

experimentally relevant variables and values are written line-by-line to a central log file (.log 

extension; e.g., player position, player rotation, task state, etc. on a moment-by-moment basis) 

using the dblog class.  Variables and values that we anticipate being immediately relevant for 

processing and analyzing behavioral data are added to a current trial dictionary and formatted as 

a row of header labels and a corresponding row of data variables; these are then logged into the 

central log file at the end of each trial in a task.  

In addition to a central log file, which already contains all recorded data in a line-by-line 

temporal order, Landmarks automatically detects unique experimental tasks (logged using the 

LM_TrialLog class) included in an experiment, extracts this data, and formats it as a tab-

delimited file (.csv extension) with a single header row, compatible with most data analysis 

software.  Table 1 shows actual data, as organized and preprocessed, from the navigation task of 

the demo experiment included with Landmarks.  Thus, each experiment run in Landmarks will 

generate a single raw data file (.log) as well as a formatted file (.csv) for each unique task 

included in the experiment timeline. 

task block trial  Navigate_ 

target 

Navigate_ 

actualPath 

Navigate_ 

optimalPath 

Navigate_ 

excessPath 

Navigate_ 

duration  
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NavigationTask 1 1 Sphere 40.72004 13.76897 26.95107 5.892756 

NavigationTask 1 2 Capsule 33.50002 34.0213 -0.521286 4.644669 

NavigationTask 1 3 Cube 53.64013 51.5936 2.046532 6.048893 

NavigationTask 1 4 Cylinder 36.97789 37.99688 -1.018993 4.332535 

Table 1.  Example data file outputted from Landmarks for a navigation task.  The outputted file 

was opened in Microsoft Excel, pasted into Microsoft Word, and formatted based on American 

Psychological Association (APA) guidelines.   

User Interaction 

 Every aspect of Landmarks has been designed and updated with the goal of serving the 

widest range of users, with an emphasis on users who have little to no programming experience.  

While it is virtually impossible to automate all aspects of a software package that caters to a high 

change application, such as experimental design with VR integration, we wanted to provide users 

with a comprehensive basis of experimental design that can be used via a graphical user interface 

without the need for any programming ï the Unity Editor.  Working with Landmarks at this level 

involves simple drag and drop mechanics (place an ExperimentTask prefab in the appropriate 

place as a child of the experimental timeline) combined with changing values and properties of 

task that are visually displayed in the Unity editor.  We believe that many users will find this to 

be a sufficient starting point for building 3D environments and using common, simple 

experimental tasks from the field of navigation and spatial cognition.  That said, Landmarks 

users are by no means restricted to the preconfigured prefab tasks that come bundled with 

Landmarks.   

 An appealing aspect of Landmarks is that users are free to ñchallenge by choiceò (see 

Figure 2).  That is to say that users whose experimental designs or tasks require varying levels of 

complex additions or modifications to Landmarks are not necessarily ñdoomedò to acquire a 
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comprehensive understanding of the C# programming language to implement such changes.  

Rather, Landmarks offers incremental levels of abstract use-cases which require only 

commensurate, incrementally greater understanding of Unity and C#.  Figure 2 shows four 

example tiers of software and programming abilities, sample descriptions for what users could 

accomplish at each skill level, and an example implementation in the context of a spatial 

cognition experiment built in Landmarks. 

 

Figure 2.  Landmarks offers a low barrier for entry-level use while maintaining a high 

ceiling for customizability.  Each tier describes a level of software ability, use cases 

available at that skill level, and example implementation.  Tiers are organized from lowest 

skill required (blue, top) to most skill required (red, bottom).  SOP refers the scene- and 

orientation-dependent pointing task; a commonly used task in spatial cognition 

experiments that involves participants seeing a viewpoint from an environment, orienting 

themselves, and pointing to a landmark. 

The Landmarks Unity Project 

Landmarks is a custom asset package designed for use in the Unity game engine.  

Normally, adding a custom asset package to Unity would involve users obtaining a compressed 
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file of the asset package, importing the package into the current Unity project as a custom 

package, and ensuring any other asset packages required for it to work are also imported into the 

project.  To streamline this process, Landmarks is bundled as an entire Unity project folder.  This 

allows users to simply download the Landmarks project folder (or clone it into a local git 

repository) and open it in Unity.  All necessary asset packages and additional assets are already 

included using versions that have been tested for compatibility with Landmarks.   

The primary purpose of Landmarks is to provide easy-to-use, high-quality experimental tasks 

and the mechanics to implement those tasks in a linear fashion consistent with experimental 

design and procedures.  It is important to note that Landmarks alone is not sufficient to create 

3D, virtual reality experiments.  While Landmarks provides a user-friendly framework for 

implementing experimental design in Unity, many of the features and functionality built into 

Landmarks are only possible through the use of other open source asset packages for Unity.  

These include SteamVR (Valve Corporation, Bellevue, WA), VRTK (Extend Reality LTD., 

https://github.com/ExtendRealityLtd), Oculus Integration (Oculus VR, Menlo Park, CA), and 

other assets available in the Unity Asset Store (Unity Standard Assets, VR Samples, Text Mesh 

Pro).  The complete Unity project folder can be downloaded or cloned from GitHub 

(https://github.com/mjstarrett/Landmarks). 

The Landmarks Unity Package 

 While Landmarks is made available in the form of a complete Unity project, for 

compatibility reasons, the Landmarks package is a custom asset package that appears as a folder 

in the Project View window of the Unity Editor (see Figure 1), just as any other imported asset 

package would appear.  Indeed, the Landmarks package folder appears with the other imported 

assets that come bundled with the Landmarks Unity project.  Moreover, when developing 
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Landmarks, we followed a structure of organization similar to many other Unity asset packages 

(subdirectories in the package folder that organize assets by their function in the Unity game 

engine, e.g., materials, prefabs, scenes, scripts, etc.).  Several major categories used to organize 

the Landmarks package will be covered, briefly. 

Materials 

 The Unity engine uses materials to define the visual appearance of GameObjects in a 

scene.  Materials reference assets called shaders and textures that provide information on how to 

wrap images around a GameObjectôs geometry and subsequently render that image in the scene 

and game.  A detailed description of Unityôs materials, shaders, and textures system is beyond 

the scope of this paper.  This folder of the Landmarks package contains any materials, shaders, 

and textures that were created specifically for Landmarks.  Contributors are encouraged to add 

any additional materials they create and configure to this folder.  A set of basic color shaders 

(e.g., Red.mat) are included with Landmarks in a sub-directory named ñbase_shaders.ò 

Text Files 

 Text files are the source for any written information that will be presented during an 

experiment.  Out of the box, this folder will contain several text files, which are used by some of 

the prebuilt tasks included with Landmarks.  These files use the ñ.txtò extension and are used to 

supply prewritten text to any object that supports text assets.  For example, ñBreak_VR.txtò 

contains the unformatted text, ñPlease remove the VR headset and take a short break.ò If this file 

is dragged onto the ñmessageò property of the ñBeginExperimentò ï an InstructionsTask 

ExperimentTask ï GameObject (see Figure 1, Hierarchy window), the next time the experiment 

is run, participants will be greeted with a display that reads, ñPlease remove the VR headset and 

take a short break,ò instead of the default welcome message preconfigured in the Landmarks 
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Prefab. Thus, users can easily change the task instructions that are presented to participants by 

creating new text files. 

Scripts 

 The functionality of Landmarks is powered by custom scripts we have written to 

implement the framework outlined above.  Landmarks scripts are written in C#.  Novice users 

may choose not to interact with these scripts at all or they may choose to only interact with them 

through the inspector window of the Unity Editor (see Figure 1).  Clicking on a GameObject 

reveals any scripts attached as components of that GameObject so that basic properties (e.g., the 

number of times to run a navigation task) that can be edited in the Unity Editorôs Inspector 

window (see Figure 1).  For those interested in programming or seeing the code for a component, 

the associated script can be opened in directly from the Unity Editor (using Visual Studio or 

some other IDE).  

In principle, configuring all of these scripts properly would require extensive documentation 

and troubleshooting.  Fortunately, because these configurations are largely shared across 

experiments, Landmarks comes packaged with preconfigured GameObjects that already have all 

the necessary scripts attached and configured.  In Unity, such GameObjects are called ñprefabs,ò 

which contain the necessary configurations of properties (i.e., variables that can be accessed 

within the Unity Editor) in common Landmarks scripts.  Users without programming knowledge 

can easily modify these prefabs in the Unity Editor by selecting them in the Hierarchy window 

and changing their properties in the Inspector window (see Figure 1).  Users with C# 

programming experience can further customize and modify these prefabs and their scripted 

components to create new tasks (i.e., for other tests of spatial memory that are not currently 

implemented within Landmarks).  For more information on components and requisite 
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programming required, see Box 1 and Figure 2.  The LM_Dummy.cs (LM_Dummy) script is an 

example template for an ExperimentTask (see section on Framework).  LM_Dummy comes 

commented for users to change and add public variables, or properties, as well as code for the 

three states of an ExperimentTask (start, update, end).  LM_Dummy is an ideal candidate to 

examine for users looking to get started with programming their own new tasks and scripts in 

Landmarks. 

Prefabs 

The Unity game engine provides a convenient system for creating pre-configured 

GameObjects, called prefabs.  These prefabs may already have scripted components attached to 

them as well as other GameObjects nested within them as ñchildrenò (children are objects that 

inherit the properties of their ñparents,ò objects that are higher up in the programming hierarchy; 

see Box 1 for more details).  In addition to being prebuilt (i.e., already containing any necessary 

GameObjects), Unity prefabs are also preconfigured (i.e., those GameObjects have any 

necessary scripts already attached with all parameters and properties already defined).  Unityôs 

prefab system also provides flexibility by allowing users to replace the preconfigured parameters 

and properties with their own custom values; users can even save their custom settings as their 

own prefab.  In Landmarks, prefabs are at the core of the user-friendly framework and facilitate 

the drag-and-drop creation of experiments.  

The only prefab required for design is the Landmarks Prefab, which contains child 

GameObjects that correspond to core components of the experimental design: Characters, 

Timeline, Environment, and Data (see section on Framework and Figure 1).  Characters are 

handled by selecting the desired user interface on the ñLM_Experimentò userInterface property 

(e.g., ViveRoomspace for HTC Vive in an open room), Timeline is handled by adding any 
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prefabs with the ñTASK_ò prefix or any GameObject that has an associated ExperimentTask 

component (see section on Framework), Environment is handled by organizing 3D models that 

make up the environment (e.g. a cube or a building prefab) in the ñLM_Environmentò child of 

the Landmarks Prefab, and Data is handled in the background by automated scripts that output 

data files (.log and .csv extensions). 

Scenes 

 In Unity, a scene is often synonymous with a level in a videogame (see Box 1).  Scenes 

are saved individually in a Unity project using the ñ.unityò extension and can be opened in the 

Editor or loaded at runtime in a game.  In Landmarks, a scene is the environment used for an 

experimental session, e.g., a 50x50 meter arena with colored walls or a 10x10 meter room with 

fluorescent lighting and wood flooring.  The GameObjects that make up these environments are 

integrated into Landmarks prefabs, such that they automatically can interface with a variety of 

task prefabs (e.g., Landmarks-specific prefabs that facilitate specific experimental tasks, such as 

a navigation task or a map learning task) that users can drag-and-drop into the scene.  This 

structure makes it easy to change the environment used for an experiment developed with 

Landmarks (e.g., replace a museum environment containing target exhibits to visit with an 

outdoor space containing sports equipment to collect).  More scenes will be added in the future, 

and users are encouraged to contribute their scenes with their own customized environments.  

Landmarks comes with an example scene (demo_SimpleSample_50x50.unity) that demonstrates 

a working experiment in Landmarks.  The scene comprises a Landmarks Prefab, a 50x50 meter 

environment with geometric target objects (sphere, cube, capsule, cylinder), and two 

experimental prefab tasks (TASK_LearnTargets.prefab and TASK_NavigationTask) configured.  

Users need only open the scene and click ñplayò in the Unity Editor to test the experiment. 
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Proprietary 

 Some resources that have been used with or created for Landmarks rely on proprietary 

software or packages that the authors cannot freely distribute.  For example, an omnidirectional 

treadmill may require a Unity script or asset package that is only made available by the 

manufacturer to those who have purchased one of their treadmills.  It may be the case that 

Landmarks has been made compatible with this treadmill, but such scripts are not useful unless a 

user has access to the proprietary assets.  In this case, users can contact us to be given the 

Landmarks assets that will work with the proprietary hardware.  This is because including these 

Landmarks assets (which we can distribute freely) in the Landmarks Unity project download 

without the proprietary software, code, or package they depend on (which we cannot distribute 

freely) would cause bugs and errors.  At the time of writing, Landmarks provides support for 

proprietary assets and code for Cyberithôs Virtualizer line of omnidirectional treadmills, 

KatVRôs Katwalk omnidirectional treadmill (KatVR, Los Angeles, CA), and Tobii Proôs VR 

integration for eye tracking with HTC Vive (Tobii Pro, Washington, D.C.).  A complete, up-to-

date list of all proprietary products and assets that are supported by or have confirmed 

compatibility with Landmarks is available on the Landmarks Wiki ñAbout Landmarksò page, 

https://github.com/mjstarrett/Landmarks/wiki/About-Landmarks. 

Resources for Using Landmarks 

The Landmarks Wiki 

 Landmarks cannot, yet, completely eliminate the need for some additional learning and 

familiarization with designing 3D navigation experiments in Unity, but we intend to support 

Landmarks users through freely available resources by maintaining a public Wiki.  The 

Landmarks Wiki covers a range of topics, including setting up Landmarks with GitHub, using 

https://github.com/mjstarrett/Landmarks/wiki/About-Landmarks
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existing scenes to create your own experiment in minutes, using a new scene to create your own 

environments and experiments from scratch, citing Landmarks in manuscripts and presentations, 

and contributing to Landmarks using git.  This wiki serves as living documentation and reference 

material for Landmarks.  It will be revised and updated to keep up with the development of 

Landmarks.  The Landmarks Wiki can be found within the Landmarks repository on GitHub 

(https://github.com/mjstarrett/Landmarks/wiki). 

 

Video Tutorials 

 At the time of writing, an initial series of six videos have been produced and uploaded to 

the YouTube (YouTube LLC, San Bruno, CA) platform.  The series, entitled ñGetting Started 

with Landmarks,ò serves as the most comprehensive user manual currently available and covers 

accessing the GitHub page to download Landmarks, building 3D environments with free 3D 

assets in Unity, creating drag-and-drop experiments in minutes, and more.  Additional videos on 

more advanced use cases, discussed here, and specialized situations will be added over time.  

These videos are intended to allow users to follow along in order to learn general principles for 

using Landmarks while encouraging users to attempt variations of what is shown.  The videos 

are publicly available on YouTube and the corresponding author can provide direct links upon 

request. 

Other Solutions 

 We now turn to an overview of several other solutions for 3D experimental design that 

most closely resemble the goals of Landmarks, however this is not meant to provide an 

exhaustive list.  All of the solutions that we discuss are freely available or have a free option 

available.  Our discussion will center on the features of each solution (mainly the game engine 

https://github.com/mjstarrett/Landmarks/wiki
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that powers it, and if virtual reality is supported) as well as how content (the experiment) is 

created, implemented, and analyzed by that solution. 

Virtual SILCton  

 Virtual SILCton (Schinazi et al., 2013; Weisberg et al., 2014; Weisberg & Newcombe, 

2016) is a recreation of the Temple Universityôs Ambler campus using models created in Google 

Sketchup (Google LLC, Mountain View, CA), which were then imported into the Unity game 

engine.  Virtual SILCton is administered primarily via a website portal and does not support 

immersive VR or other XR.  The software can be obtained from the Open Science Framework 

(https://osf.io/m8w24/).  The primary purpose of Virtual SILCton is not to facilitate the creation 

of experiments, but rather as a tool to assess general navigation ability. 

Virtual SILCton uses a route-learning task where various routes, and their connections, 

are learned.  In addition, Virtual SILCton provides widely used and validated measures that can 

be deployed along with the route learning task, including the Santa Barbara Sense of Direction 

(SBSOD) scale (Hegarty et al., 2002), the Philadelphia Spatial (Verbal) Ability Scale(s) (Hegarty 

et al., 2010), the Mental Rotation Task (Vandenberg & Kuse, 1978), and a modified version of 

the Spatial Orienting Task (Hegarty & Waller, 2004).  Researchers can also opt to include free 

exploration, on-site pointing, map arrangement, off-site pointing, or distance estimates tasks (for 

descriptions of each task and recommended use, see the documentation for Virtual SILCton).  

While Virtual SILCton imposes limitations on the tasks that can be implemented, it is ideal as an 

assessment of general navigation ability and a viable solution for collecting and sharing large, 

standardized datasets across research groups and institutions.  Virtual SILCton provides tools for 

data analysis in Microsoft Excel (Microsoft Corp., Redmond, WA). 

The Navigational Test Suite: Intersections 
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 The navigational test suite (Wiener et al., 2019) was developed in Unity and is delivered 

as a standalone application for Windows platforms, named Intersections.  While the standalone 

application does not support VR, the Unity package in which it was developed is openly 

available from the Open Science framework (https://osf.io/u7yrh/), and thus could presumably be 

modified to support immersive virtual reality or XR.  Similar to Virtual SILCton, The 

Navigational Testing Suite is marketed primarily as a battery for assessment, with a focus on 

identifying navigational deficits associated with typical and atypical aging.  

The Navigational Testing Suite provides users with the option of collecting data from 

three tasks: original, route repetition, and route retracing (for descriptions of each, see Wiener et 

al., 2019).  All three tasks take place in a four-way intersection that serves as the virtual 

environment.  Users can also modify the parameters of the various tasks, using the configuration 

files detailed in the documentation and publication, to better suit their needs.  Because the project 

is available as a downloadable Unity project folder, it is also possible to perform more extensive 

customizations and modifications, but these are not discussed by the authors. 

Experiments in Virtual Environments (EVE) Framework  

The Experiments in Virtual Environments (EVE) framework (Grübel et al., 2017) is a 

Unity project designed to assist experimenters in the creation, implementation, and analysis of 

3D experiments.  Because the design of the experiment takes place in the Unity Editor, it is 

possible for users to build standalone applications to run their experiment on any platform.  The 

authors note, however, that the database system used to store experimental data, a structured 

query language (SQL) database, is only configured to work with the Windows operating system, 

meaning that additional configuration may be required to store data on other platforms (e.g., Mac 

OS).  Similarly, it is possible to configure EVE for immersive virtual reality or XR, but this 
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requires the user to configure these devices independently in Unity or externally using third-

party plugins.  The EVE framework is freely available on GitHub (https://github.com/cog-

ethz/EVE).  Of the solutions discussed, EVE is the most similar to Landmarks, focusing on the 

creation of new experiments that utilize 3D virtual environments.  

EVE comes packaged with several ready-to-use environments, and users are able to 

create their own environments as well in the Unity Editor.  Like Virtual SILCton, EVE also 

includes questionnaires such as the SBSOD, available out-of-the-box.  As with Landmarks, EVE 

contains several pre-configured tasks that can be dragged and dropped into an experiment.  In-

depth instructions can be found on the EVE GitHub page.  One major difference between EVE 

and Landmarks is that EVE uses structured query language (SQL) commands to read and write 

information into a database.  Landmarks, on the other hand, outputs a ñ.logò that can be 

inspected and manipulated by any text editing software, making it effectively identical to a ñ.txtò 

file.   While there are many advantages to using centralized database, SQL presents additional 

installation and system requirements for EVE to function out-of-the-box as well as a learning 

process for users who are not familiar with SQL or databases.  EVE also includes a dedicated R-

package, evertools, which aids users in accessing and analyzing data stored in the SQL database.   

The Unity Experiment Framework (UXF)  

 Another recently developed solution is the Unity Experiment Framework (UXF; Brookes 

et al., 2020), a Unity project that provides the core building blocks of an experiment via a 

structured framework that users harness to design their experiments in Unity.  The authors note 

that UXF is only compatible with Windows-based Unity projects.  UXF is also the only solution 

that explicitly includes support for immersive VR HMDs out-of-the-box.  UXF is freely 

available on GitHub (https://github.com/immersivecognition/unity-experiment-framework).   
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One potential advantage of using UXF is that it was developed as a more general-purpose 

experiment building tool, relative to EVE and Landmarks which were developed largely based 

on the research and experiments in the field of spatial cognition and navigation.  One 

disadvantage is that UFX does not provide any resources for experiment presentation (i.e., 3D 

models for stimuli, environments, etc.).  While the authors describe this as an advantage of UFX, 

it inevitably imposes the need for users to have a working proficiency in the C# programming 

language (although the authors do provide detailed tutorials and other resources on their website; 

https://immersivecognition.com) in order to generate functioning experiments, a point that the 

authors make clear in their documentation. 

Experiment-Programming Libraries (EPLs)  

 Python has become a widely used programming language, and several solutions have 

utilized the language in developing solutions for creating 3D navigation experiments.  The 

Python Experiment-Programming Library (PyEPL; Geller et al., 2007) provides a flexible 

framework for more technically proficient users.  Unlike Landmarks, PyEPL focuses on flexible 

customization through programming rather than drag-and-drop mechanics.  This is an obvious 

disadvantage for less technically oriented users who may not be familiar with Python, or any 

programming language, and may struggle to access the full utility of PyEPL.  PyEPL is only 

available for Mac OS, Linux, and Ubuntu (i.e., not Windows).   

Another Python solution, PandaEPL (Solway et al., 2013), provides more 3D capabilities 

than PyEPL and utilizes the Panda3D graphics engine (Goslin & Mine, 2004) as opposed to the 

in-house engine used for PyEPL.  Despite these added benefits over PyEPL, PandaEPL is still 

marketed for those proficient in the Python programming language.  Although personal 

preference may play a role, novice users may find the Unity game engineôs extensive 
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documentation and large user community to be an advantage over the Panda3D engine.  

Ultimately, the goals of PyEPL and PandaEPL are different from those of Landmarks in terms of 

the end-users they were developed for.  Additional information as well as other software from 

the creators of PyEPL and PandaEPL can be found online (memory.psych.upenn.edu/Software).  

Neither PyEPL nor PandaEPL appear to support immersive VR interfaces. 

Advantages to using Landmarks 

Landmarks is a Unity project developed to excel in balancing customizability with ease-

of-use.  Landmarks provides added flexibility over options like Virtual SILCton or The 

Navigational Testing Suite without including some of the complicated configurations required to 

use alternatives like EVE, UFX, PyEPL, or PandaEPL.  Like other Unity-based solutions, 

Landmarks is freely available on GitHub (https://github.com/mjstarrett/Landmarks) and can be 

used to create standalone applications for many target platforms and is presently compatible with 

Mac OS and Windows.  Landmarks is also one of the only 3D solutions that provides 

compatibility with extended reality (XR) applications such as immersive VR, which utilizes 

HMDs and omnidirectional treadmills (UFX and EVE are the only other solution discussed that 

address XR compatibility, and both appear to require additional configuration by the end-users to 

utilize this functionality).  Moreover, the functionality of these devices is built into Landmarks 

such that users need only to change an option to use a different interface (e.g., Keyboard and 

Mouse, HTC Vive, etc.).  To our knowledge, Landmarks provides direct compatibility with more 

immersive VR devices, out-of-the box than any other solution described, with support for more 

devices currently in development.   

As we mentioned above, some alternatives to Landmarks include data analysis tools.  For 

example, EVE has an associated R package, evertools.  Despite the R package for Landmarks, 
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discussed later, which is still in development, it is worth noting that many of the functions for 

extracting and preprocessing data in EVE are actually built directly into the data logging system 

in Landmarks.  For example, evertools requires functions to retrieve data from the SQL database 

and compute performance measures from common tasks such as the judgements of relative 

direction (JRD) pointing task.  In this task, participants are asked to imagine standing at one 

landmark, facing another landmark, and then point to a third landmark (e.g., 

get_participant_path_length or compute_jrd_2d_error, respectively, from 

https://rdrr.io/github/cog-ethz/evertools/api/).  In contrast, Landmarks derives, formats, and saves 

this data automatically at runtime from the experiment application (see Table 1 for an example 

from a navigation task; for comparison a Landmarks JRD task would output absolute and signed 

pointing errors for each JRD trial at runtime).  Thus, users could load the associated data files 

(saved in a .csv format) into their favorite software package (e.g., Python, R, Matlab, Excel, 

SPSS) for data analysis.  

In summary, there are a variety of solutions available for 3D experimental design, each 

offering a unique framework for designing experiments and collecting empirical data.  

Landmarks is the only solution to offer fully interchangeable functionality for multiple, current 

VR interface configurations in addition to traditional desktop computer interfaces.  Landmarks 

also has a low barrier for entry use in terms of software and programming knowledge required by 

users while maintaining a high degree of flexibility and customizability at varying levels of 

software and programming skills.  Lastly, Landmarks provides a more centralized framework to 

go from design to data in that no additional tools or applications, beyond the Unity Editor, are 

required to obtain preformatted data ready for individual- or group-level analysis. 

Discussion 
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 We present a novel tool for creating ecologically enriched experiments in realistic virtual 

environments, with a focus on spatial navigation and memory.  While there are several solutions 

for this purpose, we believe that Landmarks provides an ideal balance between ease-of-use and 

customizability, making it useful for novice and experienced users alike in terms of the Unity 

engine or coding in C#.  Landmarks is freely available, open-source software 

(https://github.com/mjstarrett/Landmarks).  Out-of-the-box, users have access to everything they 

need to create simple navigation experiments in minutes by dragging and dropping prefab 

resources into existing Unity scenes, with no coding required.  Information on how to acquire, 

use, and even help develop Landmarks is available on the dedicated Landmarks Wiki.   

Promoting Collaboration and Open Science 

 The primary purpose of Landmarks is to provide a freely available, reproducible, open-

source solution for designing and implementing navigation experiments that requires no 

programming experience.  While we will continue expanding the library of drag-and-drop tasks 

and refining the functionality of Landmarks, open-source software only truly evolves when users 

contribute their own work to the code base.  By using Git as the version control system, 

Landmarks provides a means for users to manage their own code or even contribute their work 

for others to use.  This may have the added benefit of reducing the number of bugs in the code by 

having more users actively testing and reviewing it.  However, this can be a daunting task for 

many (especially given that a lack of computer science background is one of the primary reasons 

to use Landmarks in the first place).   

To help make this task more manageable, the Landmarks Wiki provides information and 

links to resources on Git workflow models, how to fork or clone a repository, how to manage 

your own version of Landmarks with Git, how to update Landmarks without losing your own 
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existing work, and how to merge your work into the current version of Landmarks to share with 

others.  Ultimately, using Git is optional and any user who wants to benefit from Landmarks can 

simply download the Unity project and begin working.    

Even if users do not wish to utilize Git or contribute directly to Landmarks, simply using 

the package can help to promote open science.  Because experimental sessions and environments 

are encapsulated in Unity scenes (files with the ñ.unityò extension), these single files can be 

shared and added to another instantiation of Landmarks in order to replicate procedures or reuse 

the environmental stimuli.  An example scene containing an environment with a navigation 

experiment is included in the Landmarks asset package and has a file size of only 76 kilobytes. 

Another way that collaboration is facilitated in Landmarks is through the ability to 

distribute experiments as individual, standalone applications that participants can download and 

run, with data being sent to a cloud-based server until the experimenter retrieves it.  Currently, 

this is implemented using Microsoft Azure (Microsoft Corp., Redmond, WA) and an 

accompanying asset package (https://github.com/BrianPeek/AzureSamples-Unity), and 

functionality for other services such as Amazon Web Services (Amazon Web Services, Inc., 

Seattle, WA) may be implemented to the same end.  While Landmarks and all packages included 

with it are freely available, users should note that using these cloud-based services, Azure for 

example, may incur charges for data storage. 

Future Developments 

 As we continue to develop Landmarks, our main goals are to maintain and add 

compatibility for XR and VR interfaces and to expand the library of available experimental tasks 

and environments.  Each time a new task is created, it will be added to the library of drag-and-

droppable tasks prefabs (for novel tasks we may embargo this process until after publication of 
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the new task).  This process moves even more quickly with other users contributing to the source 

code.  We outline several additional goals that we hope to achieve to improve the usability of 

Landmarks even beyond the design and data collection phases of research. 

LandmarkR: An Analysis Package for R 

 Several alternatives to Landmarks offer custom analysis functions and even packages for 

analyzing data acquired using those solutions.  The data output process for Landmarks has been 

configured with this in mind and many of the operations carried out by these packages are done 

at runtime in Landmarks (e.g., computing error and formatting data into tab-delimited .csv files 

with headers).  We hope to further encourage the use of Landmarks by eventually providing 

additional advanced analysis tools.  We are in the early stages of developing a set of helper 

functions in the R environment (R Development Core Team, 2016) that will eventually become 

an open-source R-package, using the working title LandmarkR.  The package will include 

existing functions that we have used in previous work, but which have not yet been incorporated 

into formal R packages, (e.g., permutation test to compute individual chance performance on 

pointing tasks (see Huffman & Ekstrom, 2019) or functions to draw traversed routes from 

navigation over 2D images (see Figure S2 from Starrett et al., 2019)) as well as new analysis and 

plotting functions.  As with the Landmarks Unity package, this analysis package will be freely 

available.  Moreover, this will further enable users to easily improve code and recreate results 

obtained using Landmarks, in line with the open science objectives of Landmarks.  

Navigate by Starr LITE: A Standalone Application for Experimental Design 

 Landmarks was coded with ease-of-use in mind and many of the updates, to-date, have 

focused specifically on making Landmarks easier to use out-of-the-box while maintaining usersô 

ability to modify and create new experiments from existing source code.  However, this still 
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requires that users download both Unity and Landmarks and then use Unity to create their 

experiment within the Landmarks framework.  As users create and contribute to Landmarks, the 

library of available ready-to-use environments and drag-and-drop tasks will grow.  Once 

Landmarks has reached a critical mass of environment-task combinations, the need to even drag-

and-drop objects in a Unity scene may become somewhat unnecessary.   

A long-term goal of Landmarks is to create a standalone application that accomplishes all 

of this behind the scenes.  Ideally, users would simply run a Landmarks application (.app for 

MacOS; .exe for Windows), which would launch a series of menus where users could select 

from the library of environments and then add sessions, blocks, and/or trials with tasks from the 

included library of Landmarks tasks.  The application would then allow users to save this as an 

experiment that can easily be re-run the next time the application is opened (e.g., for another 

subject).  Thus, users could create 3D navigation experiments not only without any 

programming, but also without even installing Unity.   

It is important to note, however, that the growth of Landmarks environment and task 

libraries would be greatly bolstered by user contributions to the public GitHub repository or 

through sharing of such assets via other file sharing platforms or even email attachments to the 

corresponding author.  The development of this standalone Landmarks application would only 

take place once Landmarks has built up a stable library of environments and/or tasks (through 

our own updates and additions or through the formation of a community of developers and 

contributors). 

Long-Term Support for Landmarks 

 Originally written in 2009, Landmarks has already received ongoing support for over a 

decade from within the HSC lab under Dr. Ekstromôs supervision (author ADE).  Most recently, 
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Landmarks has been significantly reengineered and refactored to facilitate a lower barrier for 

entry into designing 3D experiments in Unity.  These changes were motivated by largely by two 

goals: 1) to promote the continued development of Landmarks within the HSC lab and 2) to 

prepare Landmarks to follow departing HSC lab members as they begin the next stage of their 

careers.  

In line with the first goal, one of the authors (ASM) was hired primarily to work on future 

projects with Landmarks and continue development within the HSC lab.  The hiring of dedicated 

research staff to support Landmarks development and internal use will serve to reduce the time 

required for new lab members (e.g., research specialists, graduate students, and postdoctoral 

fellows), who are not intimately familiar with Landmarks to orient themselves with Unity and 

begin conducting experiments.  Thus, we aim to ensure that Landmarks can continue to exist at 

least in its current working form and expand to meet the experimental design needs of the HSC 

and other spatial cognition and navigation researchers.  

The second goal aims to sow the seeds for Landmarks to expand its user base and applications to 

new laboratories and research questions, respectively.  For example, one of the authors (DJH) is 

now the principal investigator of his own independent laboratory, which will continue to use and 

develop Landmarks internally and in conjunction with the HSC lab.  Another author (MJS) has 

dedicated a substantial amount of his Ph.D. to the development of Landmarks to provide a 

flexible 3D experimental design solution into their postdoctoral and faculty research.  

 Ultimately, meeting these goals will serve to establish three initial development hubs for 

Landmarks (ADE via ASM, DJH, and MJS).  Consistent with our aim to promote collaboration 

and open science, the establishment of a git workflow has provided the foundation for long-term 

support.  Each of these authors (ADE, via ASM, DJH, and MJS) maintains their own GitHub 
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fork and is capable of coordinating any pull/merge requests with the master fork (MJS).  This 

redundancy will help bolster the ability to provide long-term support to users and hopefully to 

increase the appeal for users to adopt Landmarks or even become a contributor.   

Is Landmarks Right for My Research? 

 We have outlined a need in the field for a comprehensive yet user-friendly solution to 

creating 3D virtual reality experiments.  This is particularly critical at a time when VR is 

experiencing wide-spread and growing adoption in research applications.  We have outlined the 

philosophy and framework through which Landmarks meets this need while also comparing 

Landmarks to a range of other solutions for 3D experimental design.  Ultimately, it will remain 

up to the researcher to decide if Landmarks fulfills their 3D experimental design needs or if 

another solution is right for them. 

 As noted in our discussion of alternative solutions, many labs already have software in 

place to meet the needs that Landmarks serves to address.  Labs such as these, or labs that 

employ in-house programmers permanently or on an as-needed basis, may find little immediate 

benefit to using Landmarks given the at-hand expertise available in their own lab.  We still 

encourage these users to try Landmarks although these were not our target audience.  Instead, we 

believe that Landmarks will be most useful to small labs who cannot fund professional in-house 

solutions, labs whose in-house solutions are outdated, labs who want to reallocate funds from 

paying professional programmers to data collection and analysis, and labs who are making their 

initial foray into 3D experiments or VR.  For example, we hope that Landmarks will benefit labs 

that study memory more generally but not necessarily navigation as we believe that VR 

represents a paradigm shift in how researchers in cognitive neuroscience will conduct 

experiments.  Our hope is that the ease of getting started with Landmarks will contribute to its 
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growth as those initially drawn to Landmarks may be more likely to continue developing with it 

and encourage colleagues to do so as well. 

Concluding remarks  

Our primary aim is for Landmarks to be widely implemented in VR experiments and as 

user-friendly as possible.  Landmarks is freely available via a public repository on GitHub 

(https://github.com/mjstarrett/Landmarks) and contains a wiki with information and instructions 

for using Landmarks to design experiments (https://github.com/mjstarrett/Landmarks/wiki).  

Information is also available via the Human Spatial Cognition Laboratoryôs website 

(http://humanspatialcognitionlab.org/software/), which provides links to obtain the current 

version of Landmarks, as well as the original release, and contact information for questions 

regarding Landmarks.  We encourage interested parties and current users to reach out with any 

questions, issues, bug reports, and suggestions. 
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Abstract 

An important question regards how we use environmental boundaries to anchor spatial 

representations during navigation.  Behavioral and neurophysiological models appear to provide 

conflicting predictions, and this question has been difficult to answer because of technical 

challenges with testing navigation in novel, large-scale, realistic spatial environments.  We 

conducted an experiment in which participants freely ambulated on an omnidirectional treadmill 

while viewing novel, town-sized environments in virtual reality on a head-mounted display 

(HMD).  Participants performed interspersed judgments of relative direction (JRD) to assay their 

spatial knowledge and determine when during learning they employed environmental boundaries 

to anchor their spatial representations.  We designed JRD questions that assayed directions 

aligned and misaligned with the axes of the surrounding rectangular boundaries and employed 

structural equation modeling to better understand the learning-dependent dynamics for aligned 

vs. misaligned pointing.  Pointing accuracy showed no initial directional bias to boundaries 

although such ñalignment effectsò did emerge after the fourth block of learning.  Pre-exposure to 

a map in Experiment 2 led to similar overall findings.  A control experiment in which 

participants studied a map but did not navigate the environment, however, demonstrated 

alignment effects after a brief, initial learning experience.   Our results help to bridge the gap 

between neurophysiological models of location-specific firing in rodents and human behavioral 

models of spatial navigation by emphasizing the experience-dependent accumulation of route-

specific knowledge.  In particular, our results suggest that the use of spatial boundaries as an 

organizing schema during navigation of large-scale space occurs in an experience-dependent 

fashion. 

 Keywords: spatial cognition, navigation, learning, memory, virtual reality 
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Learning-Dependent Evolution of Spatial Representations in Large-Scale Virtual Environments 

Representations of spatial information from our surrounding environment are critical for 

accomplishing everyday cognitive operations, such as navigating our neighborhood or an 

unfamiliar town we are visiting, yet what factors influence how we encode and retrieve this 

information remains debated.  During navigation, the human brain receives optic flow from the 

visual system as well as body-based cues, including head-direction representations from the 

vestibular system and proprioceptive and somatosensory input regarding gait and other aspects of 

movement.  Previous studies of human learning and memory in large-scale (town-sized) 

environments have utilized desktop computer-based virtual reality (VR) interfaces comprised of 

a visual display monitor and joystick or controller (Chan, Baumann, Bellgrove, & Mattingley, 

2013; Zhang, Zherdeva, & Ekstrom, 2014).  A growing body of literature, however, suggests that 

such ñdesktop VRò interfaces may not accurately emulate real-world experiences, due to a lack 

of vestibular information or, more importantly, proprioceptive information (Chrastil & Warren, 

2012, 2013, 2014; Ruddle & Lessels, 2006, 2009; Ruddle, Payne, & Jones, 1999; Taube, 

Valerio, & Yoder, 2013; Waller, Hunt, & Knapp, 1998).  Thus, exactly how we form spatial 

representations in novel, large-scale spatial environments during free navigation, which involves 

using body-based cues, remains unclear.  To address these issues in studying large-scale, city-

sized virtual navigation, we used a novel, immersive VR interface that incorporates vestibular 

information via a head-mounted display (HMD) as well as proprioceptive and body-based 

rotational information via an omnidirectional treadmill. 

One frequently reported finding from studies in small-scale spaces is that participants 

recall information faster and more accurately about relative locations of objects in an 

environment when aligned with its surrounding spatial geometry, termed ñalignment effects.ò 
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Specifically, when participants are parallel to the axes of the boundaries of the room (e.g., a 

rectangle), they point to the relative positions of objects more accurately than when misaligned 

(Mou & McNamara, 2002; Rieser, 1989; Rump & McNamara, 2013; Shelton & McNamara, 

2001).  Thus, alignment effects appear to be a fundamental component of even nascent spatial 

representations and spatial memory (Waller, Montello, Richardson, & Hegarty, 2002).  One 

important consideration when interpreting these results from small-scale ñvista spaces,ò in which 

the entire layout is visible from one viewpoint, involves whether alignment effects would be 

present immediately in large-scale ñenvironmental spaces,ò in which the geometric axes may not 

be as evident (Ekstrom & Isham, 2017; Meilinger, Strickrodt, & Bulthoff, 2016; Montello, 1993; 

Wolbers & Wiener, 2014).   

Alignment effects are often thought to manifest based from two different components: 

relative to an observerôs physical body position and rotation (i.e., to my right, left, front, or back) 

or based on imagined perspectives relative to the geometry, namely the salient axes, of an 

environment.  Mou, McNamara, Valiquette, and Rump (2004) showed that, in small-scale vista 

spaces, alignment effects were stronger when aligned not only with learning viewpoints, but also 

when the body was oriented in the same direction as the proposed, imagined heading.  While this 

was observed even in circular rooms (i.e., no obvious primary axes), a later experiment showed 

that the bias for better performance when imagined and physical body headings were identical 

was abolished when testing occurred in a different, adjacent room (Kelly, Avraamides, & 

Loomis, 2007).  That is to say, when testing occurred in the same room as learning, there was a 

benefit to being physically aligned with the salient axes of the room, whereas when testing 

occurred in a different room, participants performed equally well when physically aligned or 

misaligned with the salient axes of a geometrically identical, but novel environment.  Upon 
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returning to the learning room, this ñbody-basedò alignment benefit returned.  Conversely, when 

participants were asked to always imagine themselves at the center of the testing room with the 

heading object directly in front of them, a ñmemory-basedò alignment effect was present 

regardless of whether participants were tested in the same or a novel environment.  These 

researchers thus proposed two forms alignment effects within a learned space: sensorimotor 

alignment effects, which are sensitive to body orientation, and memory alignment effects, which 

are sensitive to the salient geometry or primary axes of the learned environment, a distinction 

subsequently validated in numerous other studies  (Kelly et al., 2007; Mou et al., 2004) and 

occur with conceptual changes in environment, based on verbal instructions, even in the absence 

of a physical room change (Shelton & Marchette, 2010).  Such salient axes can be defined in 

environmental spaces by not only the geometry, but even by streets (Werner & Schmidt, 1999) 

or landmarks (Marchette, Yerramsetti, Burns, & Shelton, 2011).  While both environmental 

(allocentric) and viewpoint-dependent (egocentric) information play a role in the formation of 

alignment effects, our focus in this particular study is on environmental (allocentric) alignment 

effects, given the theoretical interest in this topic in large scale spaces, which we outline in more 

detail shortly. 

While there is compelling evidence that environmental alignment effects exist for both 

familiar (Frankenstein, Mohler, Bulthoff, & Meilinger, 2012; Werner & Schmidt, 1999) and 

recently learned (Iachini & Logie, 2003; McNamara, Rump, & Werner, 2003) large-scale spaces, 

these studies typically have not investigated alignment effects early in learning, in other words, 

after initial, brief exposure to an environment (e.g., walking around several blocks of an 

unfamiliar city only once). Specifically, these studies focused on assaying environmental 

alignment effects after participants had attained some criterion of familiarity within an 
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environment, even if the criterion was low.  It is also difficult to rule, however, out that these 

participants may have had some exposure to the environment via maps or other sources that 

could have influenced their memory for the environmental boundaries.  For example, Iachini and 

Logie (2003) showed alignment effects in college students who reported being totally or partially 

unfamiliar with the environment, although even the totally unfamiliar respondents had spent at 

least one and as many as six days in the environment.   Indeed, even in the absence of any direct 

exposure, it is not uncommon to explore the campus map prior to applying to or attending a 

university/city or to hear about the park in Nashville with the Parthenon.  Thus, while there is 

clear evidence to support the notion that large-scale representations are, ultimately, not 

orientation-free, and that environmental alignment effects are detectable even in recently learned 

spaces, exactly when during exposure to a novel environment these alignment effects first 

manifest remains unaddressed.   

Motivating their importance as a topic of further study, environmental alignment effects 

can be classified as a specific kind of mnemonic device for spatial cognition and memory, 

similar to ñrules of thumbò such as estimating the sum of angles in a triangular spatial 

representation to be greater than the metrically true sum of 180 degrees (Moar & Bower, 1983), 

biasing recall for spatial locations within a circle based on imagined vertical and horizontal 

(rather than diagonal) boundaries (Huttenlocher, Hedges, Corrigan, & Crawford, 2004), and 

believing that San Diego is West of Reno (it is not) (Stevens & Coupe, 1978); for a recent 

review, see (Ekstrom, Huffman, & Starrett, 2017).  Identifying boundary conditions under which 

such mnemonic devices have weak or no effects on cognition until sufficient spatial information 

is encoded and integrated would provide a potential new line of study into the mechanisms 

underlying such cognitive phenomena and provide a better understanding of the integration of 
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spatial information with environment-specific details (Ekstrom et al., 2017).  The focus of the 

present research was thus specifically on environmental alignment effects in large-scale space, 

with VR affording the ability to more readily control testing intervals in large, realistic 

environments. 

Under conditions in which environments are not immediately encoded with reference to 

evident geometric axes or by stereotyped, orthogonal paths, it is possible that there is a ñcritical 

periodò for the development and application of alignment effects for acquiring spatial 

knowledge, such as using the spatial boundaries to anchor oneôs representation of the 

environment.  This would be consistent with human and rodent electrophysiological research 

into the neural substrates of spatial learning and memory showing that place cells often display 

little directional coding initially, particularly for unconstrained navigation in 2-D environments 

(Ekstrom et al., 2003; Markus et al., 1995; McNaughton, Barnes, & O'Keefe, 1983; Muller, 

Bostock, Taube, & Kubie, 1994; O'Keefe, 1976; M. A. Wilson & McNaughton, 1993).  For 

constrained navigation (running on a track), however, directionality increases with repeated 

traversals of the same place fields during learning (Abbott & Blum, 1996; Ekstrom, Meltzer, 

McNaughton, & Barnes, 2001; Mehta, Barnes, & McNaughton, 1997; Mehta, Quirk, & Wilson, 

2000).  Indeed, place cells have been detailed during both encoding and retrieval of spatial and 

episodic memories (Miller et al., 2013) and may integrate information across learning and 

retrieval by interacting with head-direction, grid, and boundary vector cells (Taube et al., 2013).  

Thus, several studies in the place cell literature, in contrast to behavioral findings on alignment 

effects, suggest that neural representations for space initially do not show direction dependence, 

but when they do, these may emerge as a function of experience (Abbott & Blum, 1996; Ekstrom 

et al., 2001; Mehta et al., 1997; Mehta et al., 2000).   
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One issue when considering rodent studies of navigation is that it is challenging to port 

such findings to human behavior and exactly how place cells manifest during the JRD task is 

unclear (although they are present during retrieval of spatial memories, e.g., Miller et al., 2013).  

Models of human spatial navigation and its neural underpinnings, however, would similarly 

predict a temporal dynamic in the emergence of alignment effects.  Specifically, several models 

of human spatial cognition and navigation posit that a network of associated brain areas across 

the medial temporal lobe (MTL) and parietal cortex may integrate information and translate 

between self- or viewpoint-based egocentric reference frames and allocentric reference frames, 

and vice versa (Byrne, Becker, & Burgess, 2007; Ekstrom et al., 2017; Epstein, 2008; Wang, 

2017; Zhang & Ekstrom, 2013).  These models also suggest the importance of temporal 

dynamics for the binding of spatial representations with aspects of the environment, such as the 

integrating of route-specific trajectories and the surrounding boundaries of the environment (e.g., 

egocentric to allocentric translation). 

 The goal of the present research, therefore, was to behaviorally identify a temporal window in 

which participants first employ spatial boundaries for encoding and retrieval of spatial 

representations during navigation of a novel, large-scale environment.  Employing an 

omnidirectional treadmill coupled with a head-mounted display (HMD) was particularly 

advantageous because it allowed us to track body position and head-direction in detail while 

continuously interspersing the JRD task during navigation.  Three experiments investigated 

environmental alignment effects for spatial representations of such an environment by assessing 

spatial memory during repeated learning using judgments of relative direction (JRDs), in which 

participants inferred the location of a target based on an imagined heading comprised of two 

other landmark targets (ñImaging standing at A, facing B; point to C.ò).  Each experiment varied 
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the modality of learning, as route and map learning have been shown to have differential learning 

effects on spatial representations and the JRD task specifically (Thorndyke & Hayesroth, 1982; 

Zhang et al., 2014).   

In Experiment 1, participants learned a virtual environment (VE) by freely navigating.  In 

Experiment 2, initial navigation was preceded by map learning.  In Experiment 3, participants 

learned using only maps.  Consistent with the idea that navigation involves a dynamic integration 

of route-specific information with environmental geometry (like the environmental boundaries) 

during navigation, we hypothesized that alignment effects would not be present initially, but 

would emerge after several learning experiences.  This would support the idea that in large, 

complex environments like those humans must learn and navigate daily, salient geometric axes 

must be integrated into evolving spatial representations.  Alternatively, if alignment effects are 

present initially, it may be that they are employed very early on in the processing and integration 

of spatial information and thus are fundamental to representation of space.  Here, we employed 

structural equation modeling, specifically, latent growth modeling (LGC), because it allows us to 

deal with potential violations of the assumptions in an ANOVA when comparing learning curves 

and provides a principled method for comparing models involving a change in slope (i.e., no 

immediate alignment effects) vs. a change in intercept (immediate alignment effects) (Ferrer, 

Hamagami, & McArdle, 2004; Ferrer & McArdle, 2003; Joreskog, 1971; Judd, McClelland, & 

Culhane, 1995; McArdle, 2009; West, Taylor, & Wu, 2012).  Nonetheless, we report the results 

of analyses with conventional ANOVAs in the supplemental material, which are nonetheless 

consistent with our overall findings. 

Experiment 1 
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 We hypothesized that alignment effects would be weak or not detectible on the first 

block, but would emerge later, after repeated learning.  Alternatively, if alignment effects are an 

obligatory aspect of encoding a spatial representation during navigation, we might expect its 

emergence on the very first block.  To test these ideas, we employed repeated navigation with 

interspersed pointing on the JRD task.  Participants freely navigated a large-scale VR 

environment with an HMD on an omnidirectional treadmill; following one round of deliveries to 

each of the eight different stores in the environment, participants performed the JRD task for 

aligned and misaligned headings.  We then repeated this navigation-JRD pointing procedure to 

determine when alignment effects might first emerge.   

Method 

Participants.  We determined, based on previous research on the effects of spatial 

geometry on pointing accuracy in large-scale space using 24 participants (McNamara et al., 

2003), that approximately such a sample size would be adequate to detect environment alignment 

effects using the JRD task.  We note that subsequent studies have replicated this same basic 

finding of environmental alignment effects using comparable or smaller sample sizes (e.g., Mou 

& McNamara, 2002; Rieser, 1989; Rump & McNamara, 2013).  A total of 43 participants were 

recruited from the University of California, Davis and the surrounding community.  Each 

participant provided written informed consent prior to any study procedures, all of which were 

approved by the University of California, Davis Institutional Review Board.  Participants were 

either paid or received extra credit in a Psychology course.  The experimenter withdrew two 

participants who did not fit in the treadmill, four because of computer issues, one who did not 

meet inclusion criteria, 12 because of VR-sickness, and one who failed to perform better than 

chance as assessed via a permutation test (for more information, see the section on data 
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analyses).  Data from 23 participants (nine female) with a mean age of 22.87 years were used in 

subsequent analyses. 

Materials.  The environment (Figure 1a) and experimental tasks (Figure 2) were built in 

Unity 3D (Unity Technologies ApS, San Francisco, CA) using a modified version of the 

Landmarks v1.0 asset pack (developed by our laboratory in conjunction with BrickOvenGames, 

http://humanspatialcognitionlab.org/software/).  The VE was approximately 226.71  309.01 

meters in size.  In addition to various buildings and streets, the environment contained eight 

unique shops, which were the targets for navigation and the basis for the JRD questions. 

Stimuli were viewed through an Oculus DK2 head-mounted display (HMD) (Oculus VR 

LLC, Menlo Park, CA) at a resolution of 960  1080 pixels per eye, 75 Hz refresh rate, and 100̄  

(nominal) field of view.  The tasks were run on an ABS Commander (ABS Computer 

Technologies Inc., Industry, CA) with an NVIDIA GeForce GTX 970 graphics card (NVIDIA 

Corp., Santa Clara, CA).  Participants used a Cyberith Virtualizer omnidirectional treadmill 

(Cyberith GmbH, Herzogenburg, AT) as the controller of their movement, with head turns 

rendered through the HMD (Figure 1b and Supplemental Video S1).   

 Procedure.  Each participant received instructions and practiced until walking 

proficiently on the treadmill prior to testing (for more information, see supplemental methods).  

Participants completed six alternating blocks of a navigation task (Figure 2a) and the JRD 

pointing task (Figure 2b).  The resulting design was fully counterbalanced within subjects, 

resulting in a repeated measures design with 12 conditions, one for each alignment condition 

(aligned, misaligned) across each encoding/retrieval cycle (block one through block six). 

Navigation task.  Participants were familiarized with the targets by viewing each of the target 

stores in a random order (repeated twice) and saying the names aloud prior to beginning the 
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experiment.  Participants then began each navigation block from one of six randomized starting 

locations.  Each trial began with text indicating a navigation goal (10 s; Figure 2a, upper).  

Participants freely navigated the environment until the target store was found (Figure 2a, lower).  

This procedure was repeated for each store in a randomized order.  After arriving at the final 

goal, JRD task instructions were presented. 

JRD pointing task.  Participants were given an Xbox 360 wireless controller (Microsoft 

Corp., Redmond, WA) to respond to JRD questions.  Questions were presented in the upper half 

of the display (ñImagine standing in Store A, facing Store B; point to Store C.ò).  Participants 

rotated a virtual compass arrow clockwise (right trigger) or counter-clockwise (left trigger) and 

submitted their response via a button-press when they were confident in their pointing angle.  

There was no time limit, so if participants were unsure, they were required to guess.  Participants 

were told to prioritize accuracy over speed.  On each block, participants completed 28 JRD trials, 

half of which, randomly, were aligned parallel with the rectangular boundaries of the 

environment (aligned) and half of which were not (misaligned).  Thus, we operationalized 

ñalignedò to indicate headings of 0, 90, 180, 270 degrees relative to the primary axes of the 

environmental boundaries.  Consistent with past approaches (e.g., McNamara et al. 2003), all 

other headings were considered misaligned.  After each block, participants were prompted to 

remove the HMD and take a short break.  Example trials for the misaligned and aligned trials are 

shown in Figure 2b, and illustrations are shown overlaid on the VE in Figure 1a. 

Data analyses.  Data processing and analyses were completed in MATLAB 2016a (The 

MathWorks Inc., Natick, MA) and RStudio (R Development Core Team, 2016; RStudio Team, 

2015).  Structural equation modeling analyses were conducted using Mplus (Version 8 Demo; 

Muthén & Muthén, 1998-2010). 
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Permutation tests.  Participants whose average performance on the JRD task was not 

significantly better than chance based on a permutation test that accounted for potential biases in 

both the initial position of the compass arrow (zero degrees/forward) and the distribution of the 

answers (i.e., not drawn from a uniform distribution around the compass) in the JRD task, were 

excluded from analyses (Huffman & Ekstrom, 2017; Huffman & Stark, 2017).  Briefly, within 

each participant, the vector of responses was randomly shuffled and the median error was 

calculated.  This procedure was repeated 10,000 times to generate a subject-specific null 

distribution.  Participants were excluded if their empirical error was not in the lower 5% of the 

resultant null distribution (i.e., a one-tailed test).  Note that this only resulted in 1 participant 

excluded for Experiment 1 and none for Experiment 2; we address this issue in more depth for 

Experiment 3. 

Outlier trials.  Responses of zero degrees (i.e., the compass arrow was not rotated before 

inputting a response) were excluded from further analyses.  Given that the compass always 

started at or reset to zero (directly forward) and no pointing target was ever located directly in 

front of the imagined heading, these were treated as accidental button presses, resulting in only 

11 of the total trials across all participants (0.27%) being removed.  In subsequent Experiments, a 

three-second delay was implemented on each trial before subjects could submit their JRD 

response and, as a result, there were no such trials in Experiment 2 or Experiment 3, supporting 

the idea that these trials were likely due to accidental button presses.  Additionally, mean 

performance across all trials and participants was calculated for each block.  Trials greater than 

two standard deviations from the grand mean pointing error on each block (across trials and 

participants) were excluded as outliers, similar to Zhang et al. (2014). 
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Latent growth curve modeling (LGC).  Because we expected that performance across 

learning blocks would not follow a linear trajectory (confirmed in our subsequent experiments, 

for example, see Figures 4, 5, and 6), potentially violating assumptions of sphericity and 

homogeneity in important to ANOVAs, we employed LGC models in structural equation 

modeling to better characterize the shape of aligned vs. misaligned learning curves.  Standard 

general linear modeling analysis techniques may also lack the power to detect effects such as the 

hypothesized interaction between aligned and misaligned performance, particularly when one of 

the factors has more than two levels (Judd et al., 1995), such as the block factor in our 

experiment.  Using LGC models within the structural equation modeling (SEM) framework thus 

provides additional power to detect these intergroup (for LGC modeling, we operationalize 

group(s) to refer to the within-subject conditions of Alignment: aligned and misaligned) 

dynamics due to the ability to compare models with various parameters fixed to be equal or free 

to vary based on the hypothesized relationships between variables (McArdle, 2009).  

Nonetheless, results using analysis of variance (ANOVA) are included in the supplemental 

material, with the caveat that these will be sensitive to violations of linearity assumptions, an 

issue when looking for differences as a function of learning (i.e., an interaction effect). 

 The LGC model in our analyses is shown in Figure 3.  The model included latent factors 

representing an intercept and a slope (represented as ñiò and ñs", respectively, in Figure 3), as 

well as variance components for each factor and their covariance (double-headed arrows in 

Figure 3).  Performance for each block (Y[n] denoting mean performance on the nth block) loaded 

on both latent factors (the regressions for these factor loadings are represented by single-headed 

arrows in Figure 3).  The intercept factor loadings were fixed to the slope factor loadings were 

estimated.  In particular, a latent growth model was employed in order to estimate a model with 



APPENDIX B ï EVOLUTION OF SPATIAL REPRESENTATIONS 170 

the best fitting trajectory to the data, consistent with past approach using LGC (Ferrer & 

McArdle, 2003; West et al., 2012).  For this, we fixed the factor loadings for the first and last 

block to zero and negative one, respectively, to represent the total change across learning.  The 

remaining slope loadings ï for blocks two through five ï were estimated by the model, allowing 

for nonlinear change (Ferrer et al., 2004).  Given that error variability was expected to decrease 

across learning, the model residuals (e[n] with double-headed arrow denoting the residual 

variance on the nth block that was not explained by the model; Figure 3) were allowed to differ 

for each block. 

 To evaluate differences in the model among the various alignment conditions, we used a 

multi-group approach (note the identically structured models in Figure 3 representing the 

aligned/misaligned comparison).  Here, an initial model was tested where all parameters for the 

two groups were fixed to be invariant (i.e., complete factorial invariance).  This is to indicate that 

the initial model assumes that performance in aligned and misaligned conditions is identical 

across all six blocks of testing.  Next, various parameters were freed to vary between model 

groups to identify the model that best illustrates differences between the model groups (Joreskog, 

1971).  First, based on hypothesized outcomes and possible alternatives, factorial invariance was 

relaxed across model groups for either the slope mean, the intercept mean, or both.  

Subsequently, the covariance structure of the latent variables, shape of the curves across model 

groups as indicated by the slope loadings for blocks two through five, and the residuals were 

freed between model groups.  The models for each group and the relaxation of factorial 

invariance constraints described above are illustrated in Figure 3.  To evaluate model fit and 

determine the most parsimonious model explaining the data, consistent with past approaches that 

have also done so, we used several fit indices including Chi-Square (…), Akaike information 
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criteria (AIC), Bayesian information criteria (BIC), comparative fit index (CFI), and root mean 

square error of approximation (RMSEA) to select the best fitting model (West et al., 2012). 

To quantify evidence in favor of the potential initial absence of alignment effects, JZS Bayes 

factors were calculated for the misalignedaligned pointing errors on the first block of each 

experiment (Rouder, Speckman, Sun, Morey, & Iverson, 2009) using the BayesFactors package 

for MATLAB ( https://sampendu.wordpress.com/bayes-factors/).  This test serves to provide 

information about the relative probability of obtaining the data under the null hypothesis (no 

alignment effects), as opposed to the alternative hypothesis (alignment effects present) (i.e., how 

many times more likely were the data to be obtained under the null relative to the alternative). 

Comparison of absolute pointing error for each aligned vs. misaligned block.  

Performance on the JRD task was quantified by absolute (unsigned) pointing error, calculated as 

the absolute value of the difference between the actual angle between heading and pointing 

vectors and the participantôs estimate of that angle.  To evaluate the specific emergence, or point 

at which alignment effects could be detected, t-tests were conducted separately on each of the six 

blocks to compare misaligned and aligned absolute pointing error.  We additionally checked to 

see whether performance was significantly better for a single arbitrarily defined cardinal 

direction (North, East, South, West), based on the primary axes of the environment (Gagnon et 

al., 2014).  While informative, the cardinal direction comparisons should be interpreted with 

some caution as there were a somewhat limited number of the 14 aligned trials on each block 

that were facing each cardinal direction. 

 Additional analyses.  Details for additional analyses, including JRD response latency, 

excess navigation path length, and head-direction during navigation can be found in the 

Supplemental Material. 
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Results 

Latent growth curve modeling.  A total of 5.90% of trials were excluded from further 

analyses as outliers or accidental button presses, as described in the data analysis section of the 

methods.  Of the models tested, the model in which only the latent slope means were free to 

differ between model groups was selected as the best predictor of the actual data (shown as 

dotted lines in Figure 4a).  The path diagram for the selected ñslope meanò model is shown in 

Figure 4b.  As shown in Figure 4a, the model predicts actual performance quite well (solid and 

dotted lines for actual data and model predictions, respectively), and predicted outcomes on the 

first block fall within the confidence intervals of the aligned and misaligned errors.  Both the 

data and model also clearly show a difference in overall change between model groups.  Fit 

indices for all models tested are shown in Table 1.  The selected model fit significantly better 

than the complete invariance model, … (1) = 12.64, p < .001.  The next step in relaxing 

factorial invariance, freeing both the latent slope mean and the latent intercept mean, did not 

significantly improve LGC model fit, … (1) = 0.04, p > .250; therefore, further difference tests 

on more saturated models were not conducted.  The ñintercept meanò model with the same 

degrees of freedom as the ñslope meanò model also fit significantly better than the complete 

invariance model, … (1) = 11.68, p = .001.   Consistent with past approaches , we thus selected 

the ñslope meanò model over the ñintercept meanò model, as it performed numerically better (see 

Table 1) across all calculated fit indices (West et al., 2012).  This model predicted the absence of 

an alignment effect on the first block (Figure 4a, dotted lines), meaning that aligned and 

misaligned performance will be equivalent on the first block but the total average improvement 

in pointing performance across learning will be greater for aligned trials.  Given that this 

experiment was designed explicitly to detect early changes in the presence and strength of 
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alignment effects, the ñslope meanò model provided predictions that were compatible with 

hypothesized dynamics of alignment effects (Ferrer & McArdle, 2003).  The Bayes factor 

calculated for the difference scores for block 1 also weakly suggested that these results were 

most likely obtained under the hypothesis that there was no misalignedaligned difference in 

pointing error, BF01 = 1.60.  Although not definitive, this result is in agreement with the selected 

model for predicting the data where overall change is different, but initial performance on 

misaligned and aligned trials is equal.  

Comparison of absolute pointing error for each aligned vs. misaligned block.  Based 

on our a priori hypotheses, two-tailed paired t-tests were conducted to evaluate differences in 

pointing error for misaligned versus aligned trials across each learning block.  There were no 

significant differences between misaligned and aligned pointing on the first, second, or third 

block.  Significant alignment effects emerged on the fourth retrieval block and were stable 

throughout the remaining blocks, five and six.  Descriptive statistics and comparisons for 

misaligned and aligned conditions across all six blocks are reported in Table 2.  The increasing 

effect size and ability to detect statistically significant alignment effects only on later blocks lent 

further theoretical justification for a ñslope meanò model to predict the data (Ferrer & McArdle, 

2003).  Group-averaged absolute pointing errors for misaligned and aligned conditions across 

learning are shown in Figure 4a.  Wilcoxon signed-rank sum tests revealed the same pattern in 

the response latency data, although we stress the untimed nature of our task and emphasis on 

accuracy over speed in the instructions.  More information on latencies can be found in the 

supplemental materials and Figure S1.  Performance was not significantly different between 

imagined headings facing in cardinal directions except for on the fourth block, where headings 

facing South were significantly better than those facing North, although this difference did not 
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exist on any other testing block.  Performance for each cardinal facing direction across testing 

blocks is shown in Figure S7. 

Additional analyses.  The routes travelled during navigation (one representative 

participantôs routes are shown for each block of navigation in Figure S2) were used to calculate 

excess path travelled relative to the shortest possible distance from the start location to the target.  

Excess path consistently decreased over blocks, suggesting that participants navigated the routes 

more efficiency as a function of exposure (excess path analyses are detailed in the supplemental 

material and Figure S3a).  There was no correlation between the difference in misaligned and 

aligned pointing error and excess path length, suggesting that navigational accuracy was 

unrelated to aligned vs. misaligned differences (Figure S4a).  The proportion of time that 

participants spent orienting their head in various directions during navigation is shown in Figure 

S5a, and a comparison of cardinal (i.e.; N, S, E, W) versus inter-cardinal (NE, SE, SW, NW) 

orienting time is shown in Figure S5b.  Participants spent more time facing the cardinal 

directions starting on block 1, suggesting that facing direction during navigation was not directly 

related to the emergence of alignment effects during the JRD task.  There was no evidence that 

the initial or final head orientation on the navigation blocks had any effect on biasing the 

imagined headings in the JRD trials (Figure S6). 

Discussion 

 Participants freely navigated a large-scale VE with vestibular, proprioceptive, and 

somatosensory information available.  Consistent with our hypothesis, the best fitting model for 

the data predicts no alignment effects initially, with these effects emerging later due to greater 

improvements on aligned pointing compared to misaligned.  Specifically, for the best fitting 

model, the only parameter that differed between aligned and misaligned trials in this analysis 
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was the slope mean, suggesting that misaligned error decreased at a slower rate than aligned 

error.  The difference in slope means, rather than intercept means, indicates that aligned and 

misaligned pointing errors start are the same initially but diverge over time.  These findings are 

bolstered by the Bayesian analysis and planned comparisons.  Thus, the findings from 

Experiment 1 suggest that alignment effects are an experience dependent phenomenon when 

exploring a novel spatial environment, and do not emerge until approximately four blocks of 

exposure to a spatial environment. 

 One potential concern with these results was that the limited exposure prior to the first 

block of JRDs may have resulted in participantsô absolute pointing error being too high or too 

variable to detect differences between aligned and misaligned conditions.  In other words, on the 

first blocks of learning, when participants had the least knowledge about the environment, their 

pointing variability was likely highest (qualitatively shown in Figure 4a).  This increased 

variability, in principle, could have accounted for the lack of any significant differences in 

Experiment 1.  We reasoned that if participants were pre-exposed to a map of the environment, 

this would likely reduce their initial pointing error and variability, allowing us to evaluate the 

extent to which relatively worse performance on early JRD blocks may have prevented us from 

detecting alignment effects if they were in fact present in block 1 of Experiment 1, but occluded 

by ñnoiseò (i.e., Type II error).  In addition, pre-exposure to a map would provide participants 

with knowledge of the shape of the environmental boundaries prior to exposure to the 

environment via navigation.  Thus, based on the idea that alignment effects are an experience 

dependent-phenomenon, we might expect them to emerge earlier when participants are exposed 

to a map and navigation before initial testing.  

Experiment 2 
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 To test the effect of brief, prior exposure to the salient axes of the environment, 

participants completed a map-learning task prior to navigational learning.  We hypothesized that 

this relatively low-effort prior map learning task would provide additional information that could 

elicit earlier alignment effects than in Experiment 1, while also reducing mean pointing error and 

variability on early blocks, which may also have affected the ability to detect alignment effects 

on these early JRD blocks in Experiment 1.  Alternatively, if alignment effects are present after 

initial map and route learning, this would provide evidence for the importance of map learning in 

utilizing alignment effects or at least suggest that the combination of map and route information 

is necessary to utilize the axes of the environment initially. 

Method 

Participants.  A total of 43 participants, who had not participated in Experiment 1, were 

recruited following the same procedures as Experiment 1.  The experimenter withdrew one 

participant because of fatigue, two because of computer issues, two who did not meet inclusion 

criteria, 13 because of VR-sickness, and one who was unable to use the treadmill proficiently.  

Data from 24 participants (11 female), mean age: 22.13 years, were used for subsequent 

analyses.   

Procedure.  The procedure for Experiment 2 was identical to Experiment 1 with the 

addition of a map-learning task on an external computer monitor between training and the first 

navigation block (Figure 2c).  This yielded an otherwise identical experimental design to 

Experiment 1.  

Map task.  Participants were given unlimited time to study an aerial view of the VE and 

learn the names and locations of the eight stores (Figure 2c; study).  Participants learned store 

names and locations by moving the cursor over the top of a given store, at which point the name 
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of the store was displayed in text adjacent to the store on the map.  After participants were 

confident they knew the locations of all stores, they began the testing phase.  For this phase, 

stores were moved from within the VE to outside the boundary wall of the VE, and participants 

had to drag and drop them in the correct location (Figure 2c, test).  Participants repeated study 

and test until they reached criterion (100% correct).  Note that they were already familiarized 

with the names and images of the stores prior to map learning, which they experienced during 

the familiarization phase (for a description, see Experiment 1). 

Results 

 Latent growth curve modeling.  In total, 5.93% of trials were excluded as outliers based 

on the same criteria used in Experiment 1.  As in Experiment 1, the LGC results favored a model 

in which only the latent slope means were free to vary between aligned and misaligned model 

groups for predicting performance from Experiment 2 (Figure 5a, dotted lines), supporting the 

conclusion that alignment effects were not present on the first block, Figure 5b.  Qualitatively, 

model predictions fit well with actual pointing error outcomes and the discrepancy in overall 

change between aligned vs. misaligned conditions is clear, even more so than in Experiment 1 

(Figure 5a).  The fit indices for all models tested are shown in Table 3.  The selected model fit 

significantly better than the complete invariance model, … (1) = 22.08, p < .001.  The next step 

in relaxing factorial invariance, freeing both the latent slope mean and the latent intercept mean, 

did not significantly improve LGC model fit, … (1) = 0.01, p > .250; therefore, further 

difference tests on more saturated models were not conducted.  The ñintercept meanò model with 

the same degrees of freedom as the ñslope meanò model also fit significantly better than the 

complete invariance model, … (1) = 20.23, p < .001.  Again, we selected the ñslope meanò 

model as it had numerically better fit indices on all calculated indices (see Table 3) (Ferrer & 
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McArdle, 2003; West et al., 2012).  The Bayes factor for block 1 misalignedaligned pointing 

difference provided sufficient evidence that these data were more likely obtained under the null 

hypothesis, BF01 = 4.47.  This is compatible with the LGC modeling results suggesting identical 

intercept means in the learning curves for performance aligned versus misaligned JRD trials, 

consistent with Experiment 1 but with additional evidence for the stronger likelihood of a null 

result on the first block using the ratio for the Bayes factor. 

Comparison of absolute pointing error for each aligned vs. misaligned block.  

Planned comparisons again revealed no alignment effects detected on the first or second block.  

Significant alignment effects were detected on all of the remaining blocks, three through six.  

Descriptive statistics and comparisons for misaligned and aligned conditions across all six blocks 

are reported in Table 4.  Group-averaged absolute pointing errors for misaligned and aligned 

conditions across learning are shown in Figure 5a.  The same overall pattern of alignment effects 

was also present in the response latency data (Figure S1).  Performance was not significantly 

different between imagined headings facing ñNorthò and any other headings in cardinal 

directions (Figure S7). 

We compared the first block of JRD pointing in Experiment 1 with Experiment 2 to 

confirm that pointing error decreased as a result of map exposure.  This was indeed the case.  We 

entered the data from the first and second blocks of Experiments 1 and 2 into a 2 (Experiment: 1, 

2)  2 (Block: 1, 2) mixed Analysis of Variance (ANOVA).  By only using two time points 

(blocks one and two), this ñrestrictedò dataset thus should provide more reliable results from 

linear modeling approaches, like ANOVA, compared to using the entire dataset which follows a 

nonlinear trajectory across blocks.  There were main effects of Experiment, F(1, 45) = 6.48, p = 

.014, and block, F(1, 45) = 63.09, p < .001, as well as a significant experiment by block 
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interaction, F(1, 45) = 17.45, p < .001.  These findings bolstered the idea that pre-exposure to the 

map significantly reduced pointing error in Experiment 2.  A Welchôs t-test indicated overall 

error on the first block in Experiment 2 (M = 31.19, SD =17.41) was significantly lower than in 

Experiment 1 (M = 47.69, SD = 19.34), t(90.04) = 4.34, p < .001, d = 0.90, 95% CI [8.95, 24.05].  

Pointing error, however, was not significantly lower on the second block in Experiment 2 (M = 

25.47, SD = 14.28) compared to Experiment 1 (M = 29.56, SD = 11.67), t(89.77) = 1.52, p > 

.250, d = 0.31, 95% CI [-1.24, 9.43].  While there was a significant improvement in performance 

across the first two blocks in Experiment 1, t(73.93) = 5.44, p < .001, d = 1.14, 95% CI [11.49, 

24.76], this was not true for Experiment 2, t(90.55) = 1.76, p > .250, d = 0.36, 95% CI [-0.73, 

12.18], findings also supported by the interaction effect in the 2x2 ANOVA.  The p-values for 

these post hoc tests were Bonferroni corrected for multiple (four) comparisons.  We also directly 

compared the degree of variability in pointing error on blocks 1 and 2 using Bartlettôs test to 

determine whether these differed as a function of blocks for Experiment 1 vs. 2.  While there was 

a significant difference in variance for pointing error between the first and second block in 

Experiment 1 (SD1 = 17.48, SD2 = 11.03), … (1) = 4.41, p = .036, this difference in variance was 

not significant in Experiment 2 (SD1 = 16.39, SD2 = 13.48), … (1) = 4.41, p > .250.  These 

additional analyses suggest that while there was greater variability in pointing error on the first 

block than on the second in Experiment 1, pre-exposure to a map in Experiment 2 resulted in 

more stable variability early in learning.  Thus, it is unlikely that poor performance on early 

blocks of Experiment 1 prevented us from detecting actual alignment effects. 

Additional analyses.  Excess path results are shown in Figure S3b, again demonstrating 

improvements route efficiency over navigation blocks, although excess path was lower on block 

1 in Experiment 2 than Experiment 1, consistent with the effects of pre-exposure to the map on 
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JRD pointing error.  The correlation between excess path and the difference between misaligned 

and aligned pointing difference again failed to reach significance (Figure S4b).  Results from 

head orientation analyses for Experiment 2 are shown in Figures S5a, S5b, and S6; just as in 

Experiment 1, participants faced the cardinal directions more often than the non-cardinal 

directions beginning on block 1, again suggesting that facing direction during navigation could 

not directly account for the later emergence of alignment effects during the JRD task.  Consistent 

with Experiment 1, initial and final heading during navigation did not account for variance in 

JRD pointing error. 

Discussion 

 In Experiment 2, we exposed participants to the same learning procedure as Experiment 

1, with the addition of prior map learning before navigation.  Consistent with only navigation 

learning in Experiment 1, the LGC models for Experiment 2 data favored a model predicting a 

different total change across learning, with misaligned pointing error decreasing less overall, as 

the only variable component of the model across groups.  Again, the difference in slope means, 

rather than intercept means, argued that aligned and misaligned pointing error started at the same 

level but diverge over time.  As predicted, the additional information prior to the first retrieval 

block resulted in lower absolute pointing error, with participants performing better on the first 

retrieval block of Experiment 2 compared to Experiment 1.  In Experiment 2, there was also no 

decrease in variance from the first to second block that would have added noise to the data and 

decreased the ability to detect alignment effects if they were present.  Importantly in Experiment 

2, although we did see alignment effects one block earlier, the difference between aligned and 

misaligned was not significant on the first or second block using t-tests, further supported by the 

Bayes Null finding of 4.47.  These results further support a model by which alignment effects are 
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not encoded initially, but rather manifest via underlying cognitive and neural mechanism during 

repeated learning.  To better understand the specific impact of cartographic knowledge on 

alignment effects and the interaction between studying a map versus route learning, we 

conducted a third experiment where learning only occurred via maps.  

Experiment 3 

 Participants in Experiment 3 learned the environment using the map task from 

Experiment 2 as the only form of learning across repeated experience.  Thus, Experiment 3 

served as the ñaerial viewò learning analog to the ñfirst-person viewò learning in Experiment 1, 

where only route learning was employed.  Based on Experiments 1 and 2 not showing initial 

alignment effects, we hypothesized that alignment effects would once again not manifest until 

after sufficient exposure because participants in Experiment 2 had both map and navigation 

information available to be integrated for spatial memory.  Alternatively, it is possible that route 

learning after map learning introduced retroactive interference on map-based spatial 

representations, which would instead suggest that direct perception of the environmental 

geometry via a cartographic map may facilitate the formation of alignment effects.  If the latter is 

true, then we may see alignment effects as early as the first block when the interference of route 

information is removed.  This would be consistent with the often reported finding of alignment 

effects in small-scale spaces (Mou & McNamara, 2002; Rieser, 1989; Rump & McNamara, 

2013; Shelton & McNamara, 2001). 

Method 

Participants.  A total of 64 participants were recruited following the same procedures 

used in Experiments 1 and 2.  One participant withdrew from the study.  The experimenter 

withdrew four participants who did not finish in the allotted time, one who did not follow the 
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task instructions, two because of computer errors, and nine that failed to perform significantly 

better than chance.  Data from 47 participants (25 female) with a mean age of 20.93 years were 

used for subsequent analyses.  None of these participants had participated in the past 

experiments.  The reasons for the differences in sample size are as follows: We collected an 

initial sample of 24 participants (see supplemental materials for more information on this subset 

of the final sample), finding significant alignment effects on all blocks except the second.  Due to 

large qualitative difference between the p-values for the t-tests on the first two blocks and a 

failure for one of the tested LGC models to converge, we added an additional 23 subjects from a 

pilot study with an identical design to Experiment 3 to the initial sample and included them for 

further analysis (i.e., we approximately doubled the sample size).  The results from the large (n = 

47) and small (n = 24) samples are largely identical (see supplemental materials), and thus 

subsequent results are reported based on the larger sample that allowed us to run the LGC 

models.  Note again that the smaller sample size, which was consistent with Experiments 1 & 2, 

yielded essentially identical results, with exception of the convergence of the LGC, and is 

described in detail in the Supplemental Material. 

Procedure.  The procedure for Experiment 3 was identical to Experiment 1 except that 

the map-learning task, completed on either a 21.5ò or 27ò iMac computer (Apple Inc., Cupertino, 

CA), replaced the navigation task on each block as the only modality for learning.  The map task 

was identical to the one used in Experiment 2; the familiarization and JRD tasks were identical to 

the ones used in Experiments 1 and 2.  This yielded a structurally identical experimental design 

to Experiments 1 and 2. 

Results 
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Latent growth curve modeling.  A total of 5.69% of trials were excluded as outliers 

from further analysis based on the same criteria as in previous experiments.  The LGC model 

used in the first two experiments was modified to account for the fact that little to no change 

occurred after block two in Experiment 3; otherwise, the models did not converge.  Specifically, 

the slope factor loadings on blocks three through five, in addition to block six, were all fixed to 

negative one and the residuals for blocks three through six were fixed to be equal, predicting no 

change in performance or variability after block two.  Because most of the models contained a 

non-significant negative residual variance for the first block, this value was fixed to zero, which 

had no impact on model selection while rectifying this issue in the variance-covariance matrix of 

the model.  Compared to the models used in Experiments 1 and 2 (where the curvature was 

estimated for each block), this model (where curvature was only estimated on block two with no 

change from blocks three through six) fit the data from Experiment 3 best.  Modifications to the 

model are illustrated in Figure 6b.  Across all models, only the model with the latent intercept 

free and the complete invariance model did not differ significantly from the observed data (all 

other pôs < .05; see Table 5).  While the complete invariance model performed better on several 

fit indices (see Table 5), it estimated several additional parameters, which is reflected in the BIC 

index and the fact that it did not fit significantly better than the intercept-only model, … (7) = 

11.38, p = .123.  Thus, the model best describing the data from Experiment 3 (Figure 6a, dotted 

lines) was one in which only the latent intercept means, and not the latent slope means, were free 

to vary between model groups.  This model predicts that aligned and misaligned trials will be 

significantly different on the first block and will change identically over time.  The Bayes factor 

for block 1 misalignedaligned pointing difference provided weak evidence that the data was 

obtained under the alternative hypothesis (i.e., a model where an alignment effect exists on the 
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first block), BF01 = 0.90.  This provides further support for the LGC results, as the Bayes factor 

is consistent with modeling results in all three experiments, including the likelihood favoring 

initial alignment effects here, in Experiment 3.  

Comparison of absolute pointing error for each aligned vs. misaligned block.  

Group-averaged absolute pointing errors for misaligned and aligned conditions across the six 

testing blocks are shown in Figure 6a.  Planned comparisons revealed a significant difference 

between misaligned and aligned performance on block 1.  This effect was marginally significant 

for block two and significant for the remaining blocks, three through six.  Descriptive statistics 

and comparisons for misaligned and aligned conditions across all six blocks are reported in Table 

6. 

For the first testing block, absolute pointing error for imagined headings facing North (M 

= 20.10, SD = 17.55) was significantly lower than for headings facing East (M = 28.84, SD = 

21.22), t(45) = -2.65, p = .034, 95% CI [-14.71, -1.99], or West (M = 27.84, SD = 19.94), t(45) = 

-2.89, p = .018, 95% CI [-13.48, -2.42], but were not significantly different from headings facing 

South (M = 25.33, SD = 18.20), t(39) = -2.13, p = .120, 95% CI [-14.48, -0.36], along the same 

axis; all p-values were Bonferroni corrected for three comparisons on each block (North vs. East, 

North vs. South, North vs. West).  North-facing headings were not significantly different from 

other imagined cardinal headings on any subsequent testing blocks.  Performance for each 

cardinal facing direction across testing blocks is shown in Figure S7.  There was no statistical 

difference between learning on block 1 in Experiment 2 (M = 31.19, SD =17.41) vs. Experiment 

3 (M = 28.30, SD =13.56), t(26.89) = -1.00, p > .250, 95% CI [-8.82, 2.84]. 

Additional analyses.  As there was no navigation component to Experiment 3, no 

additional analyses related to excess path or head direction could be conducted. 
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Discussion 

 Participants learned maps of a VE, interspersed with JRDs.  Alignment effects were 

detected on the first block when only maps were used for learning.  This suggests that route 

learning, which has been shown to produce slower improvements in JRD relative to maps 

(Zhang et al., 2014), may interfere with the ability to utilize alignment effects obtained from a 

map.  Participants may prefer the use of a reference frame based on the first learning modality, 

maps, in Experiment 2, with some degradation in memory for that reference frame due to time 

spent in navigation.  Another possibility is that the use of an initial or salient reference frame 

during navigation may have interfered with alignment effects, but not performance (see Figure 

S6), particularly if the ñmapò and ñnavigationò reference frames were initially inconsistent 

(Gagnon et al., 2014), i.e., the one selected during navigation was geometrically incorrect 

because participants were still attempting to encode the shape of boundaries during navigation.  

This would also be consistent with recent findings from recent work by Meilinger, Frankenstein, 

Watanabe, Bulthoff, and Holscher (2015), which found that participants selected reference 

frames based on learning order despite utility of the information provided from that learning 

modality for subsequent memory goals.  Interestingly, any interference in reference frame may 

be specific to the formation of alignment effects here, as absolute pointing error on the first block 

was not different between Experiments 2 and 3.  That is to say, our learning manipulation across 

experiments on the first block (map then navigation before JRD in Experiment 2 versus only 

map before JRD in Experiment 3) had an effect on whether or not alignment effects were 

employed but not on overall memory precision on the JRD task.   

General Discussion 
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 In Experiment 1, participants freely ambulated in an immersive VR interface using an 

omnidirectional treadmill to navigate to target landmarks.  Then, they performed the JRD task 

with headings that were either aligned or misaligned with the salient geometry of the 

environment, repeating this process of navigation and JRD pointing six times total.  Based on 

LGC, Bayes null, and post-hoc tests, we found no evidence for differential performance on 

aligned versus misaligned JRD trials initially.  In fact, the LGC results supported a model for 

Experiment 1 in which the intercept means were the same but the slope means differed for 

aligned vs. misaligned pointing.  Thus, Experiment 1 supported the idea that alignment effects 

are emergent, experience-dependent phenomenon in novel environments. 

It could be argued, however, that large-scale, real-world environments are rarely learned 

by direct exploration alone.  If participants were aware of the rectangular structure of the 

surrounding geometry, they might be more likely to show alignment effects, as argued in past 

work (Frankenstein et al., 2012; Marchette et al., 2011).  Additionally, it may have been that we 

did not observe alignment effects in Experiment 1 because absolute pointing error and variance 

were high on the first blocks due to participants lacking familiarity with the environment.  By 

pre-exposing participants to maps in Experiment 2, we thus directly tested whether knowledge of 

the surrounding spatial geometry via exposure to maps prior to exploration of a novel 

environment would produce more immediate alignment effects.  Despite pre-exposure to a map 

before navigating, we still did not find alignment effects initially, again supported by our LGC, 

Bayes null, and post-hoc tests.  Specifically, the LGC results again supported a model in which 

the intercept means were the same but the slope means varied.  These findings again support the 

idea that alignment effects are an experience-dependent, emergent phenomenon in novel 

environments. 
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Experiment 3 used the same procedures as Experiment 1, but employed only map 

learning instead of navigation learning.  Somewhat surprisingly, alignment effects were present 

on the first block, supported by LGC, Bayes null, and post-hoc tests.  Specifically, LGC results 

supported the conclusion that in this case, the model in which the intercept means differed, but 

not the slope means (total change across learning), was most parsimonious in explaining the 

findings.  Notably, the presence of alignment effects on the first block during map learning was 

also true for a matched sample size (N=24) using post-hoc tests.  Overall performance on the 

first block of Experiment 3 was not different from that of Experiment 2, ruling out the possibility 

that poor performance could account for the lack of an alignment effect on the first block of 

Experiment 2.   

An important question then regards why we observed alignment effects on the first block 

of Experiment 3, which involved studying a map, but not until block 3 in Experiment 2, which 

involved studying a map and then navigating.  There are several possibilities.  The interference 

introduced by route-based information following map learning in Experiment 2 may have been 

selective to the ability to apply useful geometric-based reference frames to spatial memories 

formed during navigation, but not on the memories more generally, as indicated by the fact that 

participants did show alignment affects when studying the map only.  It could also be that 

alignment effects are simply more salient in spaces of certain scales, consistent with findings of 

differences between vista vs. environmental spaces (Meilinger et al., 2016).  It is also worth 

noting that maps can be considered a form of configural space (Montello, 1993), given that the 

actual distances are smaller and that in many situations with maps, such as our map task, all 

relevant items can be seen from one perspective.   
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While the issues of environmental scale and alignment effects have been tested, to some 

extent, previously by varying display sizes or imagined size of the observer (Presson, DeLange, 

& Hazelrigg, 1989; Roskos-Ewoldsen, McNamara, Shelton, & Carr, 1998),  the specific 

differences between vista space vs. environmental space vs. configural space have not been 

directly addressed using novel environments which participants freely navigate.  The difference 

observed in our study may prove useful in further understanding spatial learning and additional 

conditions that may directly affect alignment effect formation, and while earlier studies have 

argued that scale may not have an impact on alignment effects (P. N. Wilson, Tlauka, & 

Wildbur, 1999), others have emphasized the importance in spatial scale as it relates to the neural 

mechanisms, neural systems, and cognitive processes engaged in the brain (Ekstrom et al., 2017; 

Wolbers & Wiener, 2014). Thus, while we canôt be sure why alignment effects emerged during 

map studying but not route learning, nor during route learning preceded by map learning, overall, 

our findings are consistent with the idea that spatial representation may differ as a function of 

scale of space. 

 Our findings, taken together, provide evidence for situations where spatial boundaries, as 

an organizing schema for initial spatial knowledge, are either not yet behaviorally relevant or are 

suppressed by interfering information.  A novel affordance of our VR interface, compared to 

real-world studies, is the ability to measure behavior between learning exposures and record 

detailed information about movement, body-position, and head-direction.  This provided us with 

a sensitive metric of how spatial representations were formed and how they changed over time.  

Extensive learning of more complex environments, such as the city of Tübingen used by 

Frankenstein et al. (2012), may provide further insight as to how these representations change as 

participants become experts of an environment.  This and other research posit that map-learning 
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may play a critical role in orienting spatial alignments to a geometric reference frame 

(Richardson, Montello, & Hegarty, 1999), as discussed above relating to scales of space and 

underlying mechanisms.  Building on previous studies using pointing error metrics (Zhang et al., 

2014), future studies might further examine the effects of various learning conditions (e.g. routes 

vs. maps) on the emergence of alignment effects and how various reference frames contribute to 

detecting these effects in more egocentric or allocentric tasks (e.g., Gramann et al., 2010).   

Our study used a primarily allocentric pointing task, the JRD, rather than a more 

egocentric task like the scene- and orientation-dependent pointing (SOP) task, with the JRD task 

benefiting more from map learning than route learning (Thorndyke & Hayesroth, 1982; Zhang et 

al., 2014).  A remaining question is whether or not route learning is actually beneficial for 

primarily allocentric spatial memory when a map is available.  This would be consistent with 

findings that suggest humans generally rely on allocentric spatial strategies, unless a high-fidelity 

allocentric representation is not available, in which case egocentric reference frames are 

primarily utilized (Mou, McNamara, Rump, & Xiao, 2006; Newman et al., 2007). Further 

investigation into the cognitive and neural mechanisms involved in reference frame switching 

may provide useful insights in addition to electrophysiological and neuroimaging studies of 

spatial representation formation (Ekstrom, 2010; Ekstrom, Arnold, & Iaria, 2014; Ekstrom et al., 

2017; Ishikawa & Montello, 2006). 

Studies that have explicitly investigated the dynamics of place cell firing over repeated 

exposure to the environment on a single day suggest that neural coding for position does not 

initially show a strong direction bias but instead emerges based on experience (Ekstrom et al., 

2001; Mehta et al., 1997; Mehta et al., 2000).  These studies, though, were physiological, 

conducted in rodents, and did not investigate binding to the surrounding geometry of the 
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environment or specific viewpoints (the latter of which would be challenging to address in rats 

due to their limited vision).  While rodent electrophysiology studies also suggest the importance 

of spatial boundaries to location-coding mechanisms more generally (Barry et al., 2006; Hartley, 

Lever, Burgess, & O'Keefe, 2014), our findings shed new light on when we incorporate spatial 

boundaries into environment-specific representations during navigation.  Particularly, our 

findings add to the spatial navigation literature by suggesting that alignment effects emerge later 

in novel spatial environments following sufficient exposure, particularly that which allows 

egocentric to allocentric conversion between the surrounding environment and specific 

viewpoints and trajectories (Gramann, Muller, Eick, & Schonebeck, 2005; Zhang et al., 2014).  

To our knowledge, such findings have yet to be shown in rodents, suggesting a potential novel 

line of research, e.g., whether place cells show differences in firing rate as a function of 

alignment of trajectories to the surrounding spatial geometry.  This could also help better inform 

the factors influencing development of unidirectional vs. omnidirectional place cells, a topic of 

current debate in the field (Buzsaki & Moser, 2013).  

One potential consideration when interpreting the results of our navigation-based 

experiments (Experiments 1 & 2) is the lack of distal landmarks, like mountains.  Could these, 

potentially, have served to more rapidly anchor representations formed during navigation to a 

primary axis?  Despite the absence of distal landmarks, a feature also not included in many 

small-scale studies showing environmental alignment effects (Kelly et al., 2007; Mou & 

McNamara, 2002; Mou et al., 2004; Rump & McNamara, 2013; Shelton & McNamara, 2001), 

participants nonetheless establish a primary reference axis even in the absence of salient, 

orthogonal, distal landmarks (Han & Becker, 2014).  The question of how distal landmarks can 

be utilized to anchor representations for space or how the same distal landmark may 
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differentially anchor representations for separately represented compartments of adjacent spaces 

is an important one, but is outside the scope of the present work, which followed up on past 

studies showing that the shape of the spatial boundaries results in environmental alignment 

effects during the JRD task.  Thus, we do not believe that the lack of distal landmarks should 

limit the interpretation of these findings.   

 In conclusion, our three experiments highlight the dynamic formation of spatial 

representations throughout the learning of novel, large-scale, realistic environments involving 

free ambulation.  We demonstrate conditions under which alignment effects are and are not 

present in initial JRD pointing performance, with these effects emerging after repeated learning, 

be it route- or map and then route-based.  To be clear, our findings do not refute the presence of 

alignment effects during navigation of large-scale space, as these were clearly present in later 

blocks of learning.  Rather, the goal of this research was to identify conditions that may lead us 

to better understand the putative cognitive processes that underlie spatial representation 

formation and when geometric axes are effectively integrated into those representations for 

behavioral goals.  We also speculate on the potential dynamic effects route and map learning 

have on one another when both are present early in learning, and how this might relate to the 

issue of scale of space.  The findings provide a foundation for the future study of spatial 

cognition in large-scale, realistic spatial environments using a novel VR interface that provides, 

to our knowledge, the closest experience to real-world navigation of large-scale, city-sized 

environments to date.  This is because our interface incorporates optic flow, as well as vestibular, 

proprioceptive, and somatosensory information, and the ability to freely ambulate in large-scale 

VEs.  We thus provide a novel means, and novel data, regarding how spatial representations 

evolve during learning. 
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Table 1   

Models tested and corresponding fit indices for Experiment 1 

Note. Models are described in the left column in order of decreasing factorial invariance between 

the misaligned and aligned group models.  Subsequent columns indicate the value for fit indices 

used for model selection.  The bolded row indicates the selected model.  df = degrees of freedom; 

AIC = Akaike information criterion; BIC = Bayesian information criterion; CFI = comparative 

fit index; RMSEA = root mean square error of approximation. 

  

parameter(s) free Ⱶ  df p AIC BIC CFI RMSEA 

complete invariance 49.87 39 .114 1933.39 1960.82 .921 .110 

slope mean 37.23 38 .505 1922.75 1952.00 1 0 

intercept mean 38.19 38 .461 1923.71 1952.97 .999 .015 

slope & intercept mean 37.19 37 .461 1924.70 1955.79 .999 .015 

variance/covariance 36.49 34 .354 1930.00 1966.58 .982 .056 

curvature (betas 2-5) 29.89 30 .471 1931.41 1975.30 1 0 

residuals 22.97 24 .521 1936.49 1991.35 1 0 
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Table 2   

Comparison of aligned and misaligned pointing conditions across retrieval blocks in Experiment 

1 

Retrieval Block M SD Mdiff df t p d 95% CI 

block 1 

        
misaligned 50.5 20.24 

5.61 22 1.56 0.134 0.32 [-1.87, 13.08] 

aligned 44.89 18.41 

block 2 

        
misaligned 30.46 10.39 

1.79 22 1.06 > .250 0.22 [-1.71, 5.30] 

aligned 28.67 12.99 

block 3 

        
misaligned 25.38 11.05 

3.68 22 3.25 0.093 0.37 [-0.66, 8.01] 

aligned 21.7 9.89 

block 4 

        
misaligned 22.8 6.46 

4.93 22 3.25 0.004 0.68 [1.78, 8.06] 

aligned 17.87 8.13 

block 5 

        
misaligned 22.18 7.34 

5.41 22 3.8 0.001 0.79 [2.46, 8.35] 

aligned 16.77 8.19 

block 6 

        
misaligned 22.49 6.39 

7.34 22 6.5 < .001 1.36 [5.00, 9.68] 

aligned 15.15 5.79 
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Note. df = degrees of freedom; CI = confidence interval. 
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Table 3 

Models tested and corresponding fit indices for Experiment 2.   

parameter(s) free Ⱶ  df p AIC BIC CFI RMSEA 

complete invariance 59.50 39 .019 1958.84 1986.90 .895 .148 

slope mean 37.42 38 .496 1938.75 1968.69 1 0 

intercept mean 39.27 38 .413 1940.61 1970.54 .994 .037 

slope & intercept mean 37.41 37 .450 1940.75 1972.56 .998 .022 

variance/covariance 34.79 34 .430 1944.12 1981.54 .996 .031 

curvature (betas 2-5) 31.02 30 .414 1948.36 1993.26 .995 .038 

residuals 20.58 24 .663 1949.92 2006.05 1 0 

        

Note.  Models are described in the left column in order of decreasing factorial invariance 

between the misaligned and aligned group models.  Subsequent columns indicate the value for fit 

indices used for model selection.  The bolded row indicates the selected model.  df = degrees of 

freedom; AIC = Akaike information criterion; BIC = Bayesian information criterion; CFI = 

comparative fit index; RMSEA = root mean square error of approximation. 
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Table 4   

Comparison of aligned and misaligned pointing conditions across retrieval blocks in Experiment 

2 

Retrieval Block M SD Mdiff df t p d 95% CI 

block 1 

        
misaligned 30.82 14.52 

-0.74 23 -0.3 > .250 -0.06 [-5.88, 4.39] 

aligned 31.56 20.20 

block 2 

        
misaligned 27.39 14.29 

3.84 23 1.82 .082 0.37 [-0.52, 8.21] 

aligned 23.55 14.32 

block 3 

        
misaligned 23.14 7.93 

5.72 23 4.35 < .001 0.89 [3.00, 8.45] 

aligned 17.42 8.66 

block 4 

        
misaligned 21.34 7.53 

3.41 23 2.56 .018 0.52 [0.65, 6.17] 

aligned 17.93 8.12 

block 5 

        
misaligned 21.02 7.50 

4.96 23 3.49 < .001 0.80 [2.36, 7.56] 

aligned 16.06 7.10 

block 6 

        
misaligned 20.67 5.81 

6.10 23 5.14 < .001 1.05 [3.64, 8.55] 

aligned 14.57 6.05 
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Note. df = degrees of freedom; CI = confidence interval. 
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Table 5 

Models tested and corresponding fit indices for Experiment 3   

parameter(s) free Ⱶ  df p AIC BIC CFI RMSEA 

complete invariance 67.63 45 .016 3939.86 3962.75 .900 .103 

slope mean 61.33 44 .043 3935.56 3961.00 .924 .092 

intercept mean 60.05 44 .054 3934.28 3959.71 .929 .088 

slope & intercept mean 59.95 43 .045 3936.18 3964.15 .925 .092 

variance/covariance 59.69 40 .023 3941.92 3977.53 .913 .102 

curvature (beta 2) 59.58 39 .019 3943.81 3981.96 .909 .106 

residuals 48.67 37 .095 3936.90 3980.14 .949 .082 

 

Note.  Models are described in the left column in order of decreasing factorial invariance 

between the misaligned and aligned group models.  Subsequent columns indicate the value for fit 

indices used for model selection.  The bolded row indicates the selected model.  df = degrees of 

freedom; AIC = Akaike information criterion; BIC = Bayesian information criterion; CFI = 

comparative fit index; RMSEA = root mean square error of approximation. 
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Table 6 

Comparison of aligned and misaligned pointing conditions across retrieval blocks in Experiment 

3 

Retrieval Block M SD Mdiff df t p d 95% CI 

block 1 

        
misaligned 30.00 12.72 

3.39 46 2.07 .044 0.30 [0.10, 6.69] 

aligned 26.61 14.28 

block 2 

        
misaligned 22.53 10.01 

2.04 46 1.86 .069 0.27 [-0.17, 4.26] 

aligned 20.49 9.03 

block 3 

        
misaligned 21.85 7.60 

4.42 46 4.81 < .001 0.70 [2.57, 6.23] 

aligned 17.43 7.21 

block 4 

        
misaligned 22.59 8.16 

4.07 46 3.65 < .001 0.53 [1.83, 6.31] 

aligned 18.52 8.61 

block 5 

        
misaligned 22.72 8.07 

5.05 46 4.48 < .001 0.65 [2.78, 7.33] 

aligned 17.67 8.85 

block 6 

        
misaligned 22.59 8.73 

3.96 46 2.97 .005 0.43 [1.28, 6.65] 

aligned 18.63 11.47 
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Note. df = degrees of freedom; CI = confidence interval. 
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Figure 1.  Aerial view of the virtual environment (VE) with metric illustrations of misaligned 

trials, red (solid) lines, and aligned trials, blue (dotted) lines (a) and the virtual reality interface 

comprised of a head-mounted display (HMD) worn by the user and an omnidirectional treadmill 

(b).  The low friction surface of the treadmill allowed participants to ambulate while remaining 

in place during navigating of the VE, which was much larger than the testing space. 
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Figure 2.  Route-learning task showing a first-person viewpoint of an example trial goal 

instruction (top) and prospective target (bottom) for navigation (a); judgement of relative 

directions (JRD) task illustrating example misaligned and aligned questions with red (solid) and 

blue (dotted) borders, respectively, as in Figure 1 (b); and map-learning task showing the study 

phase (upper) where the cursor is positioned above the ñGymò causing the text to appear  and the 

test phase (lower) showing hypothetical cursor movements to drop stores onto the map (c). 
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Figure 3.  Path diagrams for structural equation models and manipulations of factorial 

invariance.  The models for the misaligned and aligned groups are identical in structure but some 

parameters always remained fixed across the two group models while others were systematically 

freed to vary, either individually or with other parameters based on theoretical hypotheses.  

Triangles represent constants, circles represent latent variables (i for intercept, s for slope, and e 

for residuals), and squares represent manifest variables (i.e., Y[3] on either side represents average 

pointing error for the third block of that condition group).  Single-headed arrows indicate factor 

loadings/regression, while double-headed arrows indicate variance/covariance. 
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Figure 4.  Experiment 1 performance on the judgement of relative directions (JRD) in each 

alignment condition for each block (solid lines) and model predictions for these same data 

(dotted lines), based on the selected LGC model (a) as well as the path diagram for the selected 

model, including all estimated parameters, both fixed (solid lines) and freed (dotted lines).  

Asterisks indicate significant differences between misaligned and aligned conditions on a given 

block (* p < .05, ** p < .01, *** p < .001).  Error bars represent 95% confidence intervals that 

have been visually adjusted to remove between-subject variability (Cousineau, 2005).  For model 

parameters freed across groups, misaligned parameter estimates are shown in red (dark gray) and 

aligned parameters estimates are shown in blue (light gray). 
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Figure 5.  Experiment 2 performance on the judgement of relative directions (JRD) in each 

alignment condition for each block (solid lines) and model predictions for these same data 

(dotted lines), based on the selected LGC model (a) as well as the path diagram for the selected 

model, including all estimated parameters.  Figure conventions are identical to those for 

Experiment 1 (Figure 4). 
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Figure 6.  Experiment 3 performance on the judgement of relative directions (JRD) in each 

alignment condition for each block (solid lines) and model predictions for these same data 

(dotted lines), based on the selected LGC model (a), as well as the path diagram for the selected 

model, including all estimated parameters.  Figure conventions are identical to those for previous 

experiments (Figures 4 and 5). 
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Supplemental Methods 

Participants 

Inclusion criteria required that all participants were between the ages of 18 and 35 years of age 

with normal, or corrected-to-normal vision with contact lenses, and normal color vision, with no 

history of cardiac disorder, motion sickness, or dizziness/fainting/syncope.  Participants 

experiencing ñabove-normal levels of stressò were discouraged from participating due to the 

potential for cybersickness, also known as simulator sickness or VR sickness, which is a 

condition unique to VR with similar symptoms to motion sickness (Kennedy, Lane, Berbaum, & 

Lilienthal, 1993).  The documents used to assess background, stress, and cybersickness 

symptoms to determine eligibility can be found in Appendices S1-S3.  Additionally, due to 

hardware limitations of the treadmill, participants weighing more than 200 pounds were 

ineligible to participate. 
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Video S1.  Virtual reality task.  Demonstration of an individual using the virtual reality interface 

during the navigation task.  Large picture shows image from each lens of the HMD (which the 

user sees as one fused image), while small video shows the experimenter wearing HMD and 

walking on the treadmill, synced with the visual in the large picture. 

 

Materials  

The treadmill was comprised of a low-friction, circular platform surrounded by three attached 

pillars.  The pillars were connected to a central ring via arms that freely moved vertically via a 

pulley system, and users were harnessed in this central ring which allowed for free rotation 

tracked by a motion sensor.  Video S1 shows a demonstration of the VR interface in use.  Our 

novel setup allowed participants to walk in any direction they chose, with body turns and head 
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movements rendered independently through the omnidirectional treadmill (Virtualizer) and the 

HMD (Oculus), respectively. 

The VE was a city, 166.52  226.97 world units in size, bounded by four walls (Fig. 1b).  The 

player was represented by the prefabricated ñCOVR player controllerò game object from 

Cyberithôs software development kit (SDK) for Unity (Cyberith GmbH, Herzogenburg, AT), 

scaled to 1.25 its original size to facilitate use of the HMD and treadmill to navigate the VE.  

This SDK was built from a modified version of ñOVR Player Controllerò contained in Oculusôs 

SDK package for Unity (Oculus VR LLC, Menlo Park, CA). 

Due to issues with cybersickness, additional measures were added to the experimental procedure 

to evaluate and possibly predict factors contributing to cybersickness and resultant participant 

attrition.  Prior to beginning the experiment, participants completed a background information 

questionnaire (Appendix S1) that included questions relating to factors we believed may predict 

attrition such as video game experience.  Participants also completed a modified version of the 

Undergraduate Stress Questionnaire (Crandall, Preisler, & Aussprung, 1992; Appendix S2).  

After the experiment, participants were asked to complete the Simulator Sickness Questionnaire 

(Kennedy et al., 1993; Appendix S3) once based on their state after the experiment, as they were 

completing the questionnaire, and again based on the participantôs recollection of their state 

when beginning the experiment.  The pre-experiment questionnaire was administered post-

experiment to avoid potentially causing participants to fixate on the symptoms from the 

questionnaire. 

 

Procedure 
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Treadmill training.   Prior to beginning the session, the experimenter checked that participants 

had worn appropriate attire (most importantly secure, soft-soled walking shoes compatible with 

the treadmill), as instructed.  Participants were then fitted with low friction slippers, worn over 

their shoes, to facilitate ambulation on the treadmill.  The experimenter then assisted participants 

onto the treadmill and secured them in place via a harness. The experimenter provided basic 

instructions on how to use the treadmill, and participants practiced walking without the HMD 

until the experimenter was satisfied with their proficiency.  Next the participants were fitted with 

the HMD and completed a treadmill training task to practice walking in the Virtualizer.  This 

task was comprised of three levels of increasing technical difficulty.  Participants began the 

training on an elevate platform containing three floating orbs.  The experimenter explained that 

each orb would teleport the participant to the corresponding level, where they would need to find 

another orb to return to the main level.  To teleport participants simply walked toward the orb 

until contacting it, just as they would subsequently arrive at target stores in the experimental 

environment.  

The first level simply had participants follow a single, winding path to reach the goal orb.  This 

provided further practice walking using the HMD. The second level was a large platform 

containing hallways and 3-D objects to occlude the participantsô view.  This required free, 

unguided exploration to find the target orb, just as they would be required to do during the 

navigation task.  The final level required participants to walk up a set of narrow ramps to reach 

the target orb; this ensured that participants could proficiently use the treadmill and walk in 

precise, straight paths when necessary.  

Participants had to reach the criterion of completing all three levels before moving on to the 

experiment.  Some participants were asked to repeat one or more levels at the experimenterôs 
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discretion.  Throughout the training, the experimenter provided verbal instructions to help 

improve the participantsô proficiency on the treadmill.   

 

Additional Analyses 

 Response Latencies.  For each trial of the JRD pointing task, response latency, or 

reaction time, was calculated as the time from trial onset until participants pressed the controller 

button to finalize their response.   

Excess path.  The primary metric for performance during navigation was calculated from the 

routes that each participant took to arrive at the designated target shop.  Excess path was 

calculated by taking the Euclidean distance from the participantôs starting coordinates to the 

center of the target store.  This value was then subtracted from the actual path distance the 

participant took to arrive at the target shop to derive excess path (Newman et al., 2007).  It is 

important to note that participants did not travel to the center of the shops, but rather to the 

nearest wall of a box collider around the virtual store that triggered the end of a trial.  To adjust 

for this overestimation of optimal path, for the first trial where optimal path overestimation due 

to the collider only occurred at the end of the path, the length of half the diagonal of the collider 

was added to the excess path calculation.  For all subsequent trials, the full length of the diagonal 

of the collider was added as overestimation occurred on each end of the optimal path used in the 

calculation.  Any remaining trials with negative excess path value were excluded as erroneous.  

Averages for each block across participants were calculated and any trials where excess path 

exceeded two standard deviations from the mean were also excluded from further analysis. 

 Head-direction during navigation.  To further analyze how navigation behavior might 

facilitate the emergence of alignment effects, we analyzed the yaw component of participantsô 
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head-rotation (e.g. head-direction relative to the cardinal axes of the environment, as viewed 

from above like a map).  The 360-degree rotational space was divided into 16 bins, each 22.5 

degrees wide.  Bins corresponding to the cardinal axes of the environment were identified as 

those centered over 0, 90, 180, and 270 degrees with the bin centered over zero corresponding to 

up in Figure 1b.  Bins centered over 45, 135, 225, and 315 were classified as inter-cardinal 

orientations.  The proportion of time during navigation that a participant oriented their head in 

specific binned directions was analyzed. 

We also investigated head-orientation during navigation to determine whether the final head-

orientation during navigation confounded JRD pointing errors (May, 2004).  One possible 

confound for pointing error may have been that participants were somehow using their most 

recent viewpoint from navigation, thus biasing pointing error depending on their initial head-

direction when beginning the JRD.  To investigate this, the final head-direction was calculated 

for each participant on each block.  For each trial on a given block, the difference between the 

imagined heading for that trial and the initial head-direction for that testing block was calculated 

and absolute pointing error was compared as a function of the difference.  For Experiment 1 

there was no significant relationship r(3280) = -.01, p > .250, 95% CI [-.05, .02] (Fig. S5a), 

suggesting that the final facing direction from navigation did not influence pointing accuracy. 

 

Supplemental Results 

 

Analysis of Variance 

Experiment 1.  Mean absolute pointing error was entered into a 2 (Alignment: aligned, 

misaligned)  6 (Block: one through six) ANOVA.  There were main effects of alignment, F(1, 
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22) = 34.6, p < .001, w2 = .02, and block, F(5, 110) = 62.95, p < .001, w2 = .43.  The alignment 

by block interaction effect failed to reach significance, F(5, 110) = 0.82, p > .250.  We note that, 

due to nonlinearities in the block effect, the ANOVA may fail to find an interaction effect, an 

issue we interrogate in more detail with structural equation modeling.   

 Experiment 2.  As in Experiment 1, there were main effects of alignment, F(1, 23) = 

26.68, p < .001, w2 = .03, and block, F(5, 115) = 17.49, p < .001, w2 = .15.  There was a marginal 

but not significant interaction between alignment and block, F(5, 115) = 2.26, p = .053.  The  

 Experiment 3.  Again, there were main effects of both alignment, F(1, 46) = 49.55, p 

< .001, w2 = .03, and block, F(5, 230) = 13.39, p < .001, w2 = .07 and no significant interaction 

between alignment and block, F(5, 230) = 0.73, p > .250.   

 

Response Latencies   

Experiment 1.  The latency distribution was found to have a skewness of 3.87.  Response 

latencies for Experiment 1 are shown in Figure S1a.  Wilcoxon signed-rank sum tests comparing 

latencies for misalignedaligned trials for each block confirmed that there was no significant 

difference between the two groups on the first (Mdn = 0.96), second (Mdn = 0.68), or third (Mdn 

= 1.53) block; Z = 1.31, p > .250, 95% CI [-0.62, 1.95], Z = 1.13, p > .250, 95% CI [-0.62, 1.95], 

Z = 1.89, p > .250, 95% CI [-0.06, 3.34], respectively.  A significant difference emerged on the 

fourth (Mdn = 2.06) testing block, consistent with results from absolute pointing error, Z = 3.07, 

p = .013, 95% CI [0.67, 3.74].  This difference persisted for block five (Mdn = 2.06), Z = 2.68, p 

= .045, 95% CI [0.68, 3.70], but did not reach significance for block six (Mdn = 1.59), Z = 2.01, 

p > .250, 95% CI [0.10, 3.17].  All alpha values were Bonferroni adjusted for multiple 
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comparisons across six testing blocks.  This is consistent with pointing accuracy results and the 

experience-dependent binding model.  

Experiment 2.  The latency distribution was found to have a skewness of 3.11.  Response 

latencies for Experiment 2 are shown in Figure S1b.  Wilcoxon signed-rank sum tests comparing 

latencies for misalignedaligned trials for each block confirmed that there was no significant 

difference between the two groups on the first block (Mdn = 1.54), Z = 1.57, p > .250, 95% CI [-

0.50, 3.08].  This trend persisted for blocks two (Mdn = 0.99), three (Mdn = 1.32), and four (Mdn 

= 1.94), with a marginal difference on testing block five (Mdn = 2.17), and no difference on 

testing block six (Mdn = 0.63); Z = 1.49, p > .250, 95% CI [-0.38, 2.37], Z = 1.69, p > .250, 95% 

CI [-0.25, 2.89], Z = 2.34, p = .115, 95% CI [0.52, 4.44], Z = 2.57, p = .061, 95% CI [0.71, 3.55], 

Z = 0.94, p > .250, 95% CI [-0.53, 2.69], respectively after Bonferroni correction.  This is once 

again consistent with the pointing accuracy results in that alignment effects were not present 

initially and emerged later in testing, despite that this emergence occurred later for latencies than 

pointing accuracy in Experiment 2. 

Experiment 3.  The latency distribution was found to have a skewness of 5.24.  Response 

latencies for Experiment 3 are shown in Figure S1c.  Wilcoxon signed-rank sum tests comparing 

latencies for misalignedaligned trials for each block confirmed that there was a significant 

difference between the two groups on the first block (Mdn = 0.28), Z = 3.88, p < .001, 95% CI [-

0.50, 3.08].  This trend persisted marginally on block two (Mdn = 0.18) and was significant for 

blocks three (Mdn = 0.32), four (Mdn = 0.20), and six (Mdn = 0.08); Z = 2.58, p = .059, 95% CI 

[-0.38, 2.37], Z = 3.54, p = .002, 95% CI [-0.25, 2.89], Z = 3.10, p = .012, 95% CI [0.52, 4.44], Z 

= 3.89, p < .001, 95% CI [0.71, 3.55].  The alignment effect did not reach significance block five 

(Mdn = 0.26); Z = 1.03, p > .250, 95% CI [-0.53, 2.69].  All results were Bonferroni corrected for 
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multiple comparisons.  This is once again consistent with the pointing accuracy results in that 

alignment effects were not present initially and emerged later in testing, despite that this 

emergence occurred later for latencies than pointing accuracy in Experiment 3. 

 

 

Figure S1.  JRD response latencies for each experiment.  Error bars represent 95% confidence 

intervals of the misalignedaligned difference that have been visually adjusted to remove 

between-subject variability (Cousineau, 2005).  Data for Experiment 2 and 3 are shifted off-

center to the left and right, respectively, for readability. 

 

Excess Path 
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Figure S2.  Representative navigation paths.  Actual routes traversed by a subject in Experiment 

1.  Each image represents a navigation block.  Trials are color coded according to the 

corresponding legend. 

 

Experiments 1 & 2.  Using participantsô navigational paths (Fig. S2), excess path was calculated 

for each navigation trial.  A total of 25.54% of trials were excluded (1.09% due to negative 

excess path) in Experiment 1 and a total of 25.00% of trials were excluded (0% due to negative 

excess path) in Experiment 2.  Separately for each experiment, the remaining path trials were 

then entered into a one-way repeated measure analysis of variance (ANOVA) of Block (six 

navigation learning blocks) on excess path length.  In both Experiment 1 and Experiment 2 there 

was a significant effect of block on excess path, indicating that excess path improved as a 

function of exposure to the environment; F(5, 110) = 46.83, p < .001; F(5, 115) = 13.23, p 

< .001; respectively.  Group-averaged excess path across the six navigation blocks is shown for 

Experiments 1 and 2 in Fig. S3. 
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Figure S3.  Excess path length for Experiments 1 and 2.  Error bars represent 95% confidence 

intervals using the same conventions as Figure S2. 

 

 Correlating alignment effects and excess path.  We examined whether changes in 

excess path were predictive of changes in the difference between misaligned and aligned 

absolute pointing error.  This correlation was not different from zero in Experiment 1, r = -.07, 

p > .250 (Figure S4a); or Experiment 2, r = -.11, p = .186 (Figure S4b). 
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Figure S4.  Alignment effects as a function of excess path in Experiments 1 and 2.  Each point 

represents an individualôs score on a given block, with the block number indicated by the color 

in the corresponding legend.  Best fit lines are based on a linear model fit. 

 

Head-Direction During Navigation   

Experiment 1.  The average proportions of time participants spent with their heads oriented in 

the various bin directions during Experiment 1 are shown in Figure S5a, left panel.  To examine 

if head orientation behavior was related to, or might predict, alignment effects, we compared the 

difference in proportion of time spent oriented in cardinal directions and inter-cardinal 

directions.  Navigation data was present for 21 participants in Experiment 1, one of which did 

not pass the permutation test and was excluded, resulting in a sample of 20 participants for head-

orientation analysis.  Participants spent numerically more time looking in cardinal directions on 

all navigation blocks.  Paired samples t-tests showed that this difference reached significance 

during the first (M = 0.10, SD = 0.14), t(19) = 2.23, p = .027, 95% CI [0.04, 0.17], second (M = 

0.08, SD = 0.10), t(19) = 3.50, p = .014, 95% CI [0.03, 0.12], fourth (M = 0.08, SD = 0.10), t(19) 

= 3.54, p = .013, 95% CI [0.03, 0.13], and fifth (M = 0.07, SD = 0.14), t(19) = 2.43, p = .015, 

95% CI [0.01, 0.14],  navigation blocks, suggesting that participants spent significantly more 

time looking along the primary axis of the environment. The difference was not significant for 

navigation blocks three (M = 0.04, SD = 0.16), t(19) = 1.13, p > .250, 95% CI [-0.03, 0.12], or 

six (M = 0.03, SD = 0.15), t(19) = 0.77, p > .250, 95% CI [-0.05, 0.10]; respectively.  All alpha 

values were Bonferroni adjusted for multiple comparisons across six navigation blocks.  Thus, 

head direction during navigation could not account for the dynamics of alignment effects during 
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navigation.  The comparison of proportion of time spent oriented in cardinal and inter-cardinal 

bins is shown in Figure S5b, left panel.   

To ensure JRD pointing error was not biased by participantsô initial or final viewpoint during 

navigation (initial JRD heading), the correlation between imaginedinitial(final) heading and 

absolute pointing error for each trial was calculated and found not to be significant for initial 

navigation heading, r(3158) = -.02, p = .216, or final navigation heading, r(3158) = -.01, p > .250 

(Fig. S6a).  This suggests that participantsô recall of information was based on memory for 

relative positions of the targets, and not confounded by their initial or final viewpoint during the 

preceding navigation block.  
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Figure S5.  Head-direction during navigation in Experiments 1 and 2.  Group-averaged 

proportion of time spent looking in various direction bins (a) and comparison of time spent 

looking in cardinal versus inter-cardinal directions (b).  Experiments 1 & 2 are shown in the left 

and right panels, respectively.  Error bars in (b) and (d) represent 95% confidence intervals using 

the same conventions as Figure S2.  
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Experiment 2.  The average proportions of time participants spent with their heads oriented in 

the various bin directions during Experiment 2 are shown in Figure S4a, right panel.  To examine 

if head orientation behavior was related to, or might predict, alignment effects we compared the 

difference in proportion of time spent oriented in cardinal directions and inter-cardinal 

directions.  Participants spent numerically more time looking in cardinal directions on all 

navigation blocks.  Paired samples t-tests showed that this difference reached significance on the 

first (M = 0.13, SD = 0.13), t(23) = 4.65, p = .001, 95% CI [0.07, 0.18], third (M = 0.08, SD 

= .0.13), t(20) = 4.65, p = .003, 95% CI [0.04, 0.12], and fourth (M = 0.10, SD = 0.10), t(23) = 

4.00, p = .003, 95% CI [.04, .12], navigation blocks meaning that participants spent significantly 

more time looking along the primary axis of the environment during those navigation blocks. 

The difference did not survive multipole corrections for block two (M = 0.07, SD = 0.13), t(23) = 

2.76, p = .067, 95% CI [0.02, 0.13],  five (M = 0.08, SD = 0.14), t(23) = 2.88, p = .051, 95% CI 

[0.02, 0.14], or six (M = 0.06, SD = 0.12), t(23) = 2.60, p = .096, 95% CI [0.01, 0.11].  All alpha 

values were Bonferroni adjusted for multiple comparisons across six navigation blocks.  The 

comparison of proportion of time spent oriented in cardinal and inter-cardinal bins is shown in 

Figure S5b, right panel.  While these results again provide no insight into the emergence of 

alignment effects, they are consistent with the results from Experiment 1.   

The correlation between imaginedinitial(final) heading and absolute pointing error for each 

trial was not significant for initial navigation heading, r(3793) = .01, p > .250, or final navigation 

heading, r(3793) = .03, p = .074 (Fig. S6b).  Once again, this relationship leads us to doubt that 

participants JRD performance was affected by their viewpoint at the beginning or end of 

navigation. 
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Figure S6.  Effect of initial head-direction during navigation on JRD performance in 

Experiments 1 and 2 (a; left and right panel, respectively) and the same effect for the final head-

direction during navigation (b).  Each point represents an individual JRD trial.  Bold lines 

represent the correlation in the difference between current trial heading angle and the initial (a) 

or final (b) heading angle viewed in the preceding navigation block with absolute pointing error. 
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Figure S7.  Memory bias for ñmap-Northò as determined by the learning orientation of the map 

in Experiments 2 & 3.  Performance for JRD headings facing North were compared to other 

cardinal facing-directions (East, South, and West) for each testing block in Experiments 1 (a), 2 

(b), & 3 (c).  Brackets indicate significant comparisons and asterisks represent significance level 

(* p < .05, ** p < .01, *** p < .001) after Bonferroni correction for the three comparisons on 

each block. 

 

Experiment 3 ï Initial Sample (n = 24) 

 

Method 

Participants.  A total of 30 participants volunteered for Experiment 3.  One participant withdrew 

from the study.  The experimenter withdrew three participants who did not finish in the allotted 

time, and two who performed below chance.  Data from 24 participants (12 female) with a mean 

age of 20.92 years were used for subsequent analyses. 

 

Results 
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LGC.  All models tested and their fit indices are shown in Table S1.  Because one model failed 

to converge, and a larger sample were used in Experiment 3, the selected model results are not 

discussed.  

 

parameter(s) free Ⱶ  df p AIC BIC CFI RMSEA 

complete invariance 65.63 45 .024 1908.16 1925.00 .808 .138 

slope mean 62.09 44 .037 1906.62 1925.33 .831 .131 

intercept mean 61.17 44 .044 1905.69 1924.40 .840 .127 

slope & intercept mean 61.16 43 .036 1907.69 1928.27 .831 .133 

variance/covariance - - - - - - - 

curvature (beta 2)* 50.11 39 .110 1904.63 1932.70 .896 .109 

Residuals* 49.42 37 .083 1907.94 1939.75 .884 .118 

 

Table S1.  Models tested and corresponding fit indices for Experiment 3 (n = 24).  Models are 

described in the left column in order of decreasing factorial invariance between the misaligned 

and aligned group models.  Subsequent columns indicate the value for fit indices used for model 

selection.  The bolded row indicates the selected model.  * These models result in a covariance 

matrix that is not positive definite. 

 

Comparison of absolute pointing error for each aligned vs. misaligned block.  A total of 

4.39% of trials were excluded as outliers from further analyses based on the same criteria as in 

the main text.  there were main effects of both alignment, F(1, 23) = 26.88, p < .001, and block, 

F(5, 115) = 8.66, p < .001, and no significant interaction between alignment and block, F(5, 115) 



APPENDIX B ï EVOLUTION OF SPATIAL REPRESENTATIONS 238 

= 0.67, p > .250.  Group-averaged absolute pointing errors for misaligned and aligned conditions 

across the six testing blocks are shown in Table S2 and Figure S8. 

 

Retrieval Block M SD Mdiff df t p d 95% CI 

block 1 

        
misaligned 25.79 8.73 

3.92 23 2.20 .039 0.37 [0.23, 7.61] 

aligned 21.87 12.31 

block 2 

        
misaligned 18.08 5.13 

1.03 23 0.80 .435 0.18 [-1.65, 3.71] 

aligned 17.05 6.20 

block 3 

        
misaligned 18.95 5.25 

3.57 23 3.65 .001 0.67 [1.55, 5.60] 

aligned 15.38 5.46 

block 4 

        
misaligned 18.66 5.94 

2.71 23 2.13 .044 0.44 [0.08, 5.35] 

aligned 15.95 6.32 

block 5 

        
misaligned 19.42 5.55 

3.88 23 2.33 .029 0.55 [0.43, 7.33] 

aligned 15.54 8.35 

block 6 

        
misaligned 17.83 5.61 

3.58 23 3.28 .003 0.66 [1.32, 5.83] 

aligned 14.25 5.43 
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Table S6.  Comparison of aligned and misaligned pointing conditions across retrieval blocks for 

Experiment 3 (n = 24). 

 

 

Figure S8.  Experiment 3 (n = 24) absolute pointing error.  Error bars represent 95% confidence 

intervals using the same conventions as Figure S2. 
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Appendix S1.  Participant Background Form 

 

 

 

  

Par ticipant	Background	Information	
	

Study	Code:	____________________________	
	

ID:	____________________________	
	

Date:	____________________________	
	

	
	

1. What	is	your	age	(years)?	___________	
	

2. What	is	your	weight	(lbs.)?	___________	
	

3. How	many	hours	did	you	sleep	last	night?	___________	
	

4. Approximately	when	was	the	last	time	you	ate?		Date:	___________			Time:	___________	
	

5. How	would	you	rate	your	level	of	exposure	to/ exper ience	with	video	games?	
	
	
low	 	 med-low	 	 med	 	 med-high	 	 high	
	
	

6. Have	you	ever	used	vir tual	reali ty	technology	before?		 	 Y	 N	
	

7. Do	you	have	a	history	of	exper iencing	motion	sickness?		 	 Y	 N	
	

8. Do	you	have	any	history	of	dizziness/ fainting/ syncope?		 	 Y	 N	
	

9. How	would	you	rate	your	level	of	stress	cur rently?	
	
	
low	 	 med-low	 	 med	 	 med-high	 	 high	
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Appendix S2.  Modified Undergraduate Stress Questionnaire 

 

  

Please	check	the	appropriate	stressors	in	your	life	that	have	affected	you	during	the	
past	week	(or	otherwise	labeled	period	of	time):	
	
	
_____	1)	I	had	a	lot	of	tests	
_____	2)	I	had	a	lot	of	deadlines	to	meet	
_____	3)	I	have	an	unusually	difficult	upcoming	week	
_____	4)	I	had	projects	or	research	papers	due	
_____	5)	I	had	insufficient	or	no	sleep	
_____	6)	I	was	sick	or	injured	
_____	7)	I	had	an	erratic	schedule	
_____	8)	I	did	not	have	time	to	eat	
_____	9)	I	had	a	hangover	(note:	within	the	last	24	hours	only)	
_____	10)	I	am	otherwise	experiencing	unusual	levels	of	stress	
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Appendix S3.  Simulator Sickness Questionnaire 

 

No______________                 Date____________________ 

 

SIMULA TOR SICKNESS QUESTIONNAIRE 
Kennedy, Lane, Berbaum, & Lilienthal (1993)***  

 
Instructions : Circle how much each symptom below is affecting you right now. 

 

1. General discomfort 

 

None Slight Moderate Severe 

2. Fatigue 

 

None Slight Moderate Severe 

3. Headache 

 

None Slight Moderate Severe 

4. Eye strain 

 

None Slight Moderate Severe 

5. Diff iculty focusing 

 

None Slight Moderate Severe 

6. Sali vation increasing 

 

None Slight Moderate Severe 

7. Sweating 

 

None Slight Moderate Severe 

8. Nausea 

 

None Slight Moderate Severe 

9. Diff iculty concentrating 

 

None Slight Moderate Severe 

10. ç Fullness of the Head è  

 

None Slight Moderate Severe 

11. Blurred vision 

 

None Slight Moderate Severe 

12. Dizziness with eyes open 

 

None Slight Moderate Severe 

13. Dizziness with eyes closed 

 

None Slight Moderate Severe 

14. *Vertigo 

 

None Slight Moderate Severe 

15. **Stomach awareness 

 

None Slight Moderate Severe 

16. Burping 

 

None Slight Moderate Severe 

 

* Vertigo is experienced as loss of orientation with respect to vertical upright. 

 

** Stomach awareness is usually used to indicate a feeling of discomfort which is just short of 

nausea. 

 

 
Last version : March 2013 

 

** *Original version : Kennedy, R.S., Lane, N.E., Berbaum, K.S., & Lilienthal, M.G. (1993). Simulator Sickness 

Questionnaire: An enhanced method for quantifying simulator sickness. International Journal of Aviation Psychology, 

3(3), 203-220. 
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APPENDIX C ï SUPPLEMENTAL MATERIALS FOR CHAPTER 4 

 

SUPPLEMENTAL MATERIALS 

SPATIAL LEARNING THROUGH INTERACTION: A HYBRID ROUTE TO A COGNITIVE 

MAP?  

 

 

This unpublished manuscript version and these supplemental materials have been included with 

the authorsô permission. 

 

Citation  for Main Article  

Starrett, M. J., Huffman, D. J., & Ekstrom, A. D. (2021). Spatial learning through interaction: A 

hybrid route to a cognitive map? [Unpublished manuscript]. Department of Psychology, 

University of Arizona. 
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Supplemental Methods 

 

Table C1 

Demographics for each Condition across all Experiments 

Learning Task 

Memory Task 
Age 

 

n 

 Range M SD  Female Male Total 

Criterion Map        

JRD [20, 35] 29.88 4.19  8 24 32 

SOP [18, 35] 29.34 4.01  9 23 32 

Hybrid        

JRD [21, 35] 30.78 3.55  11 21 32 

SOP [23, 35] 31.25 3.29  12 20 32 

Route        

JRD [22, 35] 30.34 3.31  13 19 32 

SOP [20, 35] 31.58 3.48  11 20 31 

Timed Map        

JRD [19, 35] 30.66 4.46  11 21 32 

SOP [24, 35] 30.56 3.27  7 25 32 

Note. JRD = judgements of relative direction; SOP = scene- and orientation-dependent pointing. 

 

 

Figure C1 

Human Intelligence Task Listing from Amazon Mechanical Turk 
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Qualtrics Survey  

See appendix A 

 

Population of Target Stores in the city Virtual Environment (cVE) 

To populate any given cVE, the lists of all possible identities and colors were each 

shuffled and the first 24 colors in the color list were applied to each of the 24 identities (2.02 ³ 

1026 possible permutations). Eight of the 24 possible store identities, now with an assigned color, 

were then randomly selected to be populated in each of the eight target locations in the assigned 

cVE (2.97 ³ 1010 possible permutations). This was done to mitigate any potential for a specific 

store identity or color to bias spatial representations. For each participant eight store identities 

and colors were randomly selected, without replacement, and applied to the eight target stores in 

the cVE. These stores were then placed randomly in the eight target locations for whichever of 
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the three cVEs was assigned. Thus, there were 14,967 unique identity-color-location-

environment combinations possible. 

 

Table C2 

Properties of Generated Target Stores 

Store Identities Colors 

 Name Hexadecimal RGB 

Bakery Amethyst #F0A3FF 240 163 255 

Barber Shop Blue #0075DC 0 117 220 

Bike Shop Caramel #993F00 153 63 0 

Camera Store Damson #4C005C 76 0 92 

Candy Shop Ebony #191919 25 25 25 

Clothing Store Forest #005C31 0 92 49 

Coffee Shop Green #2BCE48 43 206 72 

Comic Shop Honeydew #FFCC99 255 204 153 

Computer Store Iron #808080 128 128 128 

Flower Shop Jade #94FFB5 148 255 181 

Game Shop Khaki #8F7C00 143 124 0 

Grocery Lime #9DCC00 157 204 0 

Hardware Store Mallow #C20088 194 0 136 

Ice Cream Shop Navy #003380 0 51 128 

Jewelry Store Orpiment #FFA405 255 164 5 

Laundromat Pink #FFA8BB 255 168 187 
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Library Quagmire #426600 66 102 0 

Liquor Store Red #FF0010 255 0 16 

Music Store Sky #5EF1F2 94 241 242 

Pet Shop Turquoise #00998F 0 153 143 

Pharmacy Uranium #E0FF66 224 255 102 

Post Office Violet #740AFF 116 10 255 

Restaurant Wine #990000 153 0 0 

Toy Store Xanthin #FFFF80 255 255 128 

 Yellow #FFFF00 255 225 0 

 Zinnia #FF5005 255 80 5 

Note. This table shows the 24 possible store identities as well as the 26 possible colors that could 

be applied to the exterior walls. 

 

Target Familiarization Task  

Participants viewed a black screen where a model of one target store rotated clockwise 

about its vertical axis at 30° per second for three seconds (90° total) such that the storefront was 

orthogonal to the participants viewpoint halfway through rotation. A text label that indicated the 

target store name (e.g., Bike Shop) was present below the rotating model for the duration of 

rotation.  In this fashion, each of the eight target stores in the environment were shown in a 

randomized order; the order randomization and presentation were repeated three times such that 

each participant viewed each store three times (24 total viewings). 

 

Figure C2 
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Distribution of Absolute Pointing Error before and after Log Transformation 

 

 

Table C3 

Counts of Datasets Excluded from Analyses 

 

Learning Task JRD SOP Total 

Route 11 2 13 

Timed Map 26 7 33 

Hybrid 14 4 18 

Criterion Map 8 12 20 

Total 59 25 84 

 

Note. JRD = judgements of relative direction; SOP = scene- and orientation-dependent pointing. 

 

 

Figure C3 

Performance across Virtual Cities 
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Supplemental Results 

 

 

  



APPENDIX C ï CHAPTER 4 SUPPLEMENT 251 

Figure C4 

Assumptions for ANOVA 

Experiment 1a 

 

Experiment 1b 

 

Experiment 1a & 1b 

 

 

Experiment 2a 

 

Experiment 2b 
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Experiment 2a & 2b 

 

  

Note. For each experiment assumptions of homogeneity of variance (top plot) and normality 

(bottom plots) were evaluated. 

Figure C5 

Homogeneity of Variance Comparison with Zhang et al. (2014) 

 

Note. Plots of fitted values against residuals from the linear model used in the ANOVA with 

Laveneôs test statistics and associated p-values in the top right of each plot. The left panel shows 

data from the comparison of Experiment 1 and Experiment 2 in Zhang et al. (2014), which shows 

a systematic increase in the variability of residuals for higher fitted values, suggestive of a 

violation of the assumption of homogeneity of variance. The right panel shows our log-

transformed data from the comparison of Experiment 1a and Experiment 1b, which shows a 
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more uniform variance across fitted values. The significance of Laveneôs test in both panels is 

likely a result of large samples in these comparisons across experiments; we have included them 

to illustrate the relative degree to which each model deviates from homogeneity. 

 

Figure C6 

Distribution of excess navigational path before and after log transformation 

    Raw     Log-Transformed 
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Appendix C.1: Qualtrics Survey 

Annotations, including survey logic and response options 

 

Questions for which response is required to proceed 

 

Survey Flow 

EmbeddedData 
Random ID = ${rand://int/10000:99999} 

Block: Consent (5 Questions) 
Standard: Demographics (3 Questions) 
Standard: Block 7 (3 Questions) 

Branch: New Branch 
If 
If Age: Text Response Is Less Than  18 
Or Age: Text Response Is Greater Than  35 

EndSurvey: Advanced 

Standard: Experiment (4 Questions) 
Standard: Instructions (Keep this page open) (12 Questions) 
Standard: Block 6 (2 Questions) 
Standard: Optional Demographics (3 Questions) 
Standard: MTurk Completion (1 Question) 

EndSurvey: 
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Consent 

 
Thank you for participating in the study. Please read through 
the Consent Form, below, and check the box to indicate your 
informed consent to participate in this study. 
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https://www.qualtrics.com/?utm_source=internal%2Binitiatives&utm_medium=survey%2Bpowered%2Bby%2Bqualtrics&utm_content=%7B~BrandID~%7D&utm_survey_id=%7B~SurveyID~%7D
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