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ABSTRACT

The representation of space in humans is influenced by a variety of fégtorg learning
including the size, geometry, and complexity of the environment as well as howevaeintith
it. While the networks that underli@iman spatial cognition are believed to be similar or
homologous to other mammalian speciesmay be the only species that uses figural
representations of space (i.e., mapsjiprove navigational efficackor prospective goals.
Behavioral and neurophysiological evidence hawggested a framework whereby self
referenced egocentric representations and wefflerenced allocentric representations develop
independently but interact and influence one anothen that information from one of these
reference frames can be translated into the other and vice Vaisdramework provides the
cognitive flexibility required for navigating large, complex spaces such as ditiesstudy of
thesdargescaleenvironments has benefitted greatly from recent advancaden game
technology including immersive virtual reality (VRput the time and effort to integrate these
tools can be detrimental to the empirical process. In this dissertati@v,idg a brief overview
of the theories, methods, and results that motivated this work (Chapter 1), introduce tools | have
developed to aid researchers in designing and implementing VR experiments (Chapter 2), and
reportresearch findings in support of &w 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 linkagayfloctoralportfolio andprovides
avenues fofuture study.

Keywords:spatial cognitionvirtual reality, Landmarks, reference frames, flexible

cognition
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The study of spatial cognition and navigatltas received more attention recemtiyhe
wake of the 2014 Nobel Prize in Physjology or
EdvardMoserand MayBritt Moser for their discoveries of placecqllSO6 Keef e & Dostr o
1971)and grid cell{Hafting et al., 2005)Iincidentally, two months later | submitted my
application for graduate study to the University of California, Davis, and the following year, |
joined in the excitementfstudying how humans represent and interact with their environment
to accomplistcomplex behaviors that are often taken for granted in the absence of conditions
associated with spatial deficits. A colleague once quippeddmaétunicates, also known aga
squirts, illustrated the importance of navigatiynundergoing @ramatic metamorphosist
only of physical structures but also of neural machinery as they advance from their motile
tadpole stage to their fixated, stationary adult f¢8woott, 1952)While these changes are often
over dramatized (tuni cat)gehecoimenndoespriovideahact fea
interesting thoughexperiment about theature 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 cardown the highwayn our hometownLet us assume that we arepessible drivers,
who are focused only on safely arriving at our destination and free from the distractions of radio,
conversationor (for the love of adequate grant funding) texting. In fact, the only tool we are
using, other than the car itself, is alghl positioning system (GPS) with our current route
pluggedinFor the sake of this example, | etds assur

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

1 This is a common misconception insofar as it implies theme meural system after metamorphosither than
simply a differentneural system.
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it (our cogiitive map) andan externalincertainty resolution togbur GPS)In our viewpoint,
there are several salient landmarks ahead d@ased on our cognitive map, seeing these
familiar landmarks tells us that we are passing through downtown and heading tawald
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 &asanétill 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. EnteGBf®! The ugo-date map of
our hometown on the GPS shows location approaching the complex new infrastructure as
well as the street we need to get to, which was previously the only option on thi®ekihg at
the GPS, the city has cleadglded 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 andake the second available option.

| have highlidnted only a few of thenany(many)processes that take place in the ntmd
guidebehaviorat 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 brainThe above example, of driving a cai|l serve toidentify some of thekey
conceptsin the field of spatial cognitiarin the remainder of Chapter 1will introduce these
concepts, operationalize some of the common or ambiguousdsswociated with these

conceptsand motivate the work presented in subsequent chapters digbéstation.

Definition and Operationalization of Key Concepts

Spatial Frames of Reference: Egocentric & Allocentric
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The viewpoint information in the driving scenario above providesre&fential,

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

and take the road that follows the most direct path tant) remembereapological 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.). Thesefsetintial, viewpoint

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

are an example of utilizing the egocerttrieference framéekstrom & Isham, 2017Examples

of egocentric spatial relationships are showRigure1B, and the change in these relationships

dueto selfmotion is called egocentric updating.

In contrast to the seleferenced egocentric reference frame, the allocéméference

frame describes spatial relationships thatimdependenb f oneds posi ti on t h
environment, or worldeferenced (sekigurelA). As the name may implyhe allocentric

reference frame is more abstract as it is not a tangible thing that we can see dntmeothhe

term cognitive majrom our driving scenariwvas first used by Tolma§1948) whose

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

by simple stimulusesponse assations. In his experiments, he observed that rats could take
novel shortcuts, wutilize allocentric fAplaceo
and display evidence of learniegen in cases witholiighly motivating reward (latent

learning). While an allocentricognitive magn its ownwould do little to help us arrive at our

destination, as it provides no information about where we are on th€Twesky, 2009)the

ability to integrateacrossegocentric and allocentrieference frameis crucial for efficient

2The term egocentric is derived from the Latinwegh whi ch transl ates to @Al o En
allocentric, gets its name from the Greek wallds, meani.nd@ #fAot her
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spatial cognition and nayation 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

a. Allocentric b. Egocentric  c.
- .
2) 1. Egocentric to allocentric
FB“ ab, b, ac in one frame ("™") can
N be approximated
/ I ' i 1 with the pythagorean theorem
_ - s e.q.. AR = sqrt(N'B'A2+N'B')
: A m \ c or AB = -sqr‘t{N"B”"E-l-N"B“}
- e o 3 * ) i e 2. Because vectors
\ Mavigator (N} moves vector D AB=A'B'=A"B"
A 1) [ =3 and displacement
1& & Vide somicn [ vector (D) is the same
o | - in allocentric {a.) and
E = A1 N ;| egocentric (b.) space,
C A g5 \ the two subspaces
N o have the same basis set.
A,B.C are landmark coordinates in A', B', and C"are positions of
allocentric space, N is the landmarks in egocentric frame 1)
position of the Navigator, A" B",and C" are positions of
D is the displacement vector landmarks in egocentric
frame 2). N always defined
as origin
Note.F r o Imterdicting networks of brain regions underlie human spatial navigation: A review
and novel synthesis of the literaturé by A. D. Ekstrom, D. J. Huf f

Journal of Neurophysiology, 1(@, p. 3329 ittps://doi.org/10.1152/jn.00531.201 Copyright
2017 by the American Physiological Society.

It is important to note the nuanced distinction betwegxatial 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 refence frames comprise abstract representations that exist in the mind.

If learning from viewpointslong a routeesults in the use of more egocentric strategies, it
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would be incorrect to say that tepatialinformation in any given viewpoint was egoagnt
information, just as how the information in a map is not inherently allocentric. Indeed, for the
most part, a route througand a map otthe same environmeertichcontain the same spatial
informationi hencewe candrawmaps of our hometowrdespite(quite probably having never
floated motionless over the center of the gityile looking straight down. Thus, spatial
information can be thought of as the input that generates representations, and the resultant spatial
representations can be more egogemtr 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
representatiasy | will henceforth refer to spatial information acquired from experience (e.g.,
routesjgeanerimeago e spati al informationd and spa
representational sgemeeat(ieegs,pama@d) i ad o anlalt
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 Ccellsb Keef e & Dostrovsky,
Researchers have observed spatial view cells that respond based on potential goals being looked
at(Ekstrom et al., 2003; Rolls, 199%oundary vector cells that show place responses
modulated by the borders of an environmgmver et al., 2009)head direction cells that are
tuned to the orientation of the head independent of the @adpe et al., 1990a, 1990Igyid
cells that fire in response to movement through any field within hexadirectional lattices of the
environmen{Hafting et al., 2005)conjunctive cells that combine position, orientatiam
movement information; and more. It is worth noting that many of these cell types are responsive

to a combination o$elf-referentialandconfigural cuesPrevailing models implicate the
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hippocampus and medial temporal lobe in primarily allocentricgssing, 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
| have advocated that this mbg an oversimplification of a much more distributed network of
spatial processingzkstrom et al., 2017)

Tests of Egocentric and Allocentric Spatial Knowledge

In human research, two commonly used spatial memory tasksea®ene and orientation

dependent pointing (SOP) tagR. F. Wang & Spelke, 200@ndthe judgements of relative

direction (JRD) taskWaller & Hodgson, 2006 \While neither represents a procgsse test of

either egocentric or allocentric knowledgethe same way thapatial cells do not exhibit

purely egocentric or allocentric spatial coding, the SOP is considered to be relatively more
egocentric and the JRD relatively more allocer(@tarrett & Ekstrom, 2018; Zhang et al.,

2014) For a conceptual representation of the egocentricity or allocentricity of these two tasks,
seeFigure2. 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 saliemddaarks 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, topdoint to a third landmark. An example trial of

each task is shen in the right panel oFigure4 (Chapter 4).
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Figure 2. Conceptualization of Acquiring and Utilizing Spatial Information
Conceptualization of Acquiring and Utilizing Spatial Information

Real-World
Navigation

Immersive VR
Navigation

Desktop VR
Navigation

Static Map

SOP task
M JRD task Information

RVD task - +

map drawing fidelit
Note.Blue circles show the proposdistribution of spatial informatiomto spatial reference
framesacross a continuous range from megocentric to morallocentric for a selection of
commonly used learning paradigms. Colored, dotted lines represent estimates of the relative
demands foegogenerativerersusallo-generativeanformation(and the more egocentric or
allocentric spatial reference frames that result, respectiteefy@rformoptimally on a selection
of the spatial memory tasks. Ego = egocentric; Allo = allocentric; SOP =-sastherientation
dependent pointing; JRD = judgements of relative direction; RVD = relative vector
di scri mi nat i oRerspecdhwk:aApsessithe flexible acquisition, integration, and
deployment of human spatial representations and information by M. J. St arrett
Ekstrom, 2018Frontiers in Human Neuroscience, (281), p. 4

(https://doi.org/10.3389/fnhum.2018.0028Copyright © 2018 trrett 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,
|l am confident that most, if not all, readers
would be reasorde for one to think that the concepts of routes and maps could hardly be as
nuanced as those of egocentric and allocentric (see Fo@tontpagel3), 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, | will not advate for acomplete reexaminatioof the human spatial
cognition terminologybut rather, | 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 navig@an, routes or route learning are most congruent thigh
terms wayfinding or more specifically landmaskised pilotindEpstein & 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 tivr@mment 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 sghthetically constrainedror example, when
navigating a cityn 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
traveling 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 adsus)esera dissociable
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(Chrastil & Warren, 2012, 2013, 2019)he definition of active movement will be used more
liberally regardinghowselfinitiated 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 suggeseerkalistic
interfaces for active movement (walking > keyboard) can improve spatial learning and memory
performancéRuddle et al., 1999, 2011; Ruddle & Lessels, 2006, 2@08)e isno conclusive
evidencehat the resultingpatial representations are fundamentally diffefenffman &
Ekstrom, 2019h)

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 tpmr 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 chaptérconsider GPS as a special kind of spatial information spurce
which | discusseth a recent perspectiStarrett & Ekstrom, 2018}he concept of which is
further explored in Chapter ¥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
sakllite and traffic data. Here | will consider a map to bedin2ensional (flat) representation of
a 3dimensional environment, which can only be viewed stati¢allythout the ability to
reorient the primary axes or change the field of viegarningfrom 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 @red and determining where they belong from memory.

While cognitive map (Tolman, 1948)may or may not resemble the maps used for map learning,
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they aredistinctfrom 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
resarch 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, 19827Zhang et al., 2012, 2014) general, maps are considered to provide more
allo-generativanformationand routes are considered to provide megegenerative
information, although the caveatgentioned for spatial memory tasks also apply (Btarrett &
Ekstrom, 2018)Chapters 3 & 4 wilfurther explore the dynamic nature of spatial representations
formed from routes as compared to maps.

Large-ScaleVirtual Environments

Spatial cognition encompasses the study of a wide range of environments. Both the size,
or scale, ban environmen{Ekstrom & Isham, 2017; M Hegarty et al., 2006; Padilla et al., 2017;
Peer et al., 2019; Ruddle et al., 20&3)well as th complexityand structuréBrockmole &

Wang, 2002; Han & Becker, 2014; Meilinger et al., 2016; R F Wang & Brockmole, 2003; R. F.
Wang & Brockmole, 2003)f the environmentare major factors in how spatial information is
processed and recallgdne of the most commonly utilized taxonomiéspace comes from

Montello (1993) who identifiedfour 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 inamt ur e. Vi sta spaces are characterized
spatial information without the need for physical translations. Vista spaces can vary greatly in

size, with the | argest having bouhudavisiaes def i
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space encompasses anything from an office cubicle to a spraleksgrt. While similar to vista
spaces in terms of the range of possidess environmental spaces are unique in that their
overall structure and relevant spatial informaatcannot 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 e®ncerned 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 comple environmental (or theoretically even vista) space can be classified as a
geographic space and subsequently compartmentalizechiritiple individual vista or
environmental spacdslan & Becker, 2014; Tversky, 20Q%uch as neighborhoods in a city.
Subsequent references to laspale paces, 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 200 m to 200 m on either side.

Readers mapoticethat these titular environméswould be difficult to studyn a
laboratory given the physical size of most laboratories is smaller than the environments of
interest. While some researchers have successfully conducted researchvoriceaéttings
(Marchette et al., 2011; McNamara et al., 2008xatworld environments present unique
challenges to experimental control such as prior exposure and environmental factors. While
some of these issues can berected for (e.g., screening for participants who have prior
exposure to the environment) others are simply beyone thep e r i roantnot (g, & rew
food truck starts parking near the experiment and participants that day have better memory for

landmaks 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 viwaionment,
all eviating concerns about participantso6é prio
weather or that peskyleliciousfood truck.

Historically, the tradeoff of studying largale space using virtual environments has
been that@eme naturalist 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 desktopemterfa
does transfer to the reaforld (Hejtmanek et al., 2020; Richardson et al., 1998) the spatial
representations generated by these interfaces are not discernably different from those acquired
with enriched idiothetic cues such as vestibular and proprioceptive infornfiatdiman &
Ekstrom, 2019hb)The benefits and tradeoffs of virtual interfaces in human research remains a
topic of debatéHuffman & Ekstrom, 2020; Steel et al., 2020; Taube et al., 2013)

| have been fortunate to be a part of the first wave of navigation scientists with access to
newly emerging immersive virtual reality (VR). Heawunted displays (HMDs), which render
stereoscopic images directly to each eye erat illusion of depth ahthe effect of presence or
feeling not dissimilar from reality. Furthermore, we have published some of the first findings
using omnidirectional treadmill®.g., Liang et al., 2018)vhich allow for navigation in virtual
environments using a full array of betigsed cues including vestibular information from
angularaccelerations 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 isrganized as a portfolio of articles, each representing a unique
methodological or empirical contribution to the field of spatial cogniti@mapter 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
throughoutChapter2 introduces the Landmarks Unity package, an egmirce solution for
designing and creating 3D navigation and memory experini8teasrett et al., 2020)n Chapter
3, the dynamic nature of spatial representations across le@m@rgmined in the contewf
memory alignment effects, a mnemonic bias to recall spatial relationships more accurately when
the imagined perspective is aligned with the salient geometry of an enviro{8tenétt et al.,
2019) Chapter4 builds upn previous workn an initial attempt to manipulate the flexibility of
spati al representations acquired thr.ough | ear
Chapters concludes byxaminng the theoretical linkage of thallective works constituting
this dissertation as well &®w they advance our understanding of human spatial cagaitid

raise new emprical questions for future study.
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CHAPTER 21 LANDMARKS : A SOLUTION FOR SPATIAL NAVIGATION AND MEMORY

EXPERIMENTS IN VIRTUAL REALITY

Associated Article:

Originally published in BehavioiResearch Methodsa version of the accepted
manuscript is included in this document as AppendixPo cite this article (American
Psychological AssociatiofAPA), 7" Edition):
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Summary

One hurdle that many experimental psychologists must overcome is the requirement for
software applications and often custom scripting (wriiade in one or more computer
programming languages) to generate experimental stimuli and procedures. When experiments
only require twedimensional2D) stimuli (i.e., rendered on a computer screen with no actual or
perceived depth), webstablished toolspecifically for psychological paradigms can be
employed with varying levels of actual programming requfeed., Psychophysics Toolbox:
Brainard, 1997; PsychoPy: Peirce et al., 2019;-8rime: Psychology Software Tools, 2016)
However, when thredimensional (3D) stimuli are employed, as in navigation expetsnen
utilizing 3D virtual environments, researchers almost ubiquitously rely on game enhgines
softwareapplicationghat providea graphical interfagecommon an@éssentiatomponent®f
videogames (e.g., physics and lighting), anchpatibility with custom scripting for unique
behaviorsOne of the more populaireely availablegame engines used in research is Unity
(Unity Technologies, San Francisco, CA)

Unity provides the ability to create virtual environments such as citi@sirfg 3D
models called assétmto 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 devicke as a computer keyboavadjhout
any programmingHowever, Unitydoes not include thiendamental elements of a controlled
experiment such as manipulated conditions or the structure and order of tasks (i.e., Unity
provides mor e fAmat eAnyohtheseccontpdnents waull needctebe

specified in a script using the C# programming languageally coded in an integrated

3 For a glossary of terms specific to the Unity game engine, sed Bf Appendix A or Starrett et §2020)
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development environmefIDE, i.e., word processing software for cod&)sizeable collection

of customC# scriptds necessary tamplementeven aasicnavigation experimengortunately,
there are a litany of these collections or packages that can be opened or imported i@ dJnity
Virtual SILCton: Schinazi et al., 2013; Intersections: Wiener et al., 2019; EVE: Gribel et al.,
2017; UXF: Brookes et al., 2020; OpenMaze: Alsbiigaly et al., 2020)The relative benefit of
using any of these packages can generally be determined by two prog&)tiegibility and (2)
easeof-use. Unfortunatelyit is common for an increase in one of these properties to result in a
decrease of another, such thaistpackages areithermoreflexible/customizabler easier to

use.

This chapteintroduces angrovides an overview of thgpensourceLandmarks package
for Unity (github.com/mijstarrett/landmarks'he GitHub repository contains a Unity project, a
folder that, when opened in Unity, will contain not only the imported Landmarks paoktage
also every other Unity package that is required for Landmarks to work properlgxample,
the Unity Standard Assets package is a free package containingpeefssh controller a 3D
model and prgrogrammed scripts that facilitate the viewingafd control of movement
through a virtual environmerit 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 lobse the function they serve in Unity.

The APrefabsd folder contains various prec
referred to as prefabs in Unityadding a Navigation task to your experiment will provide
immediate functionality with defaulestings 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 ti me for them to remain hidden init
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scriptsthat were written for Landmarksii avat ar Log. cs 0 i s attached t
controller prefab and tracks various movements such as position, and viewpoint rotation. The
ASceneso folder comprises any ededgamegamig exper.i
Ademo Si mpl eSampl e ab0Onx 550 mvirtudl ényironmenbthmatisa i n s
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 awexgergnentT he fA Mat er i al s
folder contains different materials that can be applied to an dbfeced brick texture or a

matte blue solid color can be applied to the standard grayticabean be created ynity. The

AText Fil es o0 textfibethat areaused ta poputate thé sereen at various points
TAExperi ment Goodbye.txto contains two senteni
experiment are completed.

All of these packages and components can seem complicated, so resources have been
created and madwvailable to help users learn the essentials and start building their experiment.
Landmarks usetwith little or no knowledge of Unity are encouraged to asdbe Landmarks
Wiki (github.com/mjstarrett/Landmarks/wjkor 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 Unitgating a virtual environment,
building a simple experiment, and more.

Landmarks was designea be hierarchical, modular, atemplatizedo provide
usability across a wide range of programming experience |évetsFigure 2 of Appendix A or
Starrett et al., 2020Most usersor situations fall into oneof three categoried) Having little to
no programming experience; these users are lookibgil simplenavigationexperiments

usingdraganddrop mechanicwith existing prefab tasks or, for more advanced cases,
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recombining parts of existing prefabs together to make novel variants of2asle®ing some

coding ability and Unity experience but not wanting to start from scratch; these users are the
primary taget 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 advgaoee developmermtr 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 ari¢he 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 fraedilable 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 compatibdiidmarks currently
provides sipport 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 & aibdions
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 packageérefactored muclof the Landmarks codebasehichinvolved extensive
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changes includinghe addition of comments &xisting code, adding support fowltiple
immersive VR tools, and transitioning the package from user interaction go@marily based in
Individual Development Environmeste.g.,to write codeor program; low levéglto user
interactionbeing primarilybased irthe Unity Editor graphichinterface(e.g., dragand-drop
mechanics; high level) also implemented Git source code management, a version control
system used to track changes and facilitate the integm@timodifications from multiple
contributors| moderate the public GitHutepository where the Landmarks codebase is hosted
Several manuscripts describing the original version of Landmarks were drafted, but none
were ever submitted to pesrviewed journa After | had completeanostof the code
refactoring and learned that.LEkstrom and the lab were moving from the University of
California, Davis to the University of Arizonhutilized the transition time byorking to
publish the longawaited methods paper describing the Landmarks packagdmarks has
largely defined myegacy in the Human Spatial Cognition laboratory, and | am excited to
continue supporting and developing the packaggears to comd wrote the initial version of

the manuscriptand lam both the first author and corresponding author on the published article.
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Summary

Throughout the currently aNable literature in the field of spatial navigation and
cognition most research experiments are conducteélaraboratory. As a result, these studies
have generalladdressed questions relatingetthersmallrealworld environmentge.g., Mou &
McNamara, 2002; Rieser, 1989; Shelton & McNamara, 1997, 2604igevirtual
environments rendered on a computer monitor and explored via button inputs or jagsticks
Arnold et al., 2016; Chan et al., 2013; Han & Becker, 20TH¢ formersuffers from the
limitation that roomsized spaces are not representative of the buildings, campuses, or cities that
humans typically navigate in that their vista space stru¢Moatello, 1993)does not require
locomotion which is arguably essentir true navigatior{Montello, 2005)to create a
cognitive map of the environmerkhe latter circumvents thisnitation by utilizing virtual
environments that are not bound by the physical spaaahle, but this comes at the cost of
idiothetic cuessuch awestibular and proprioceptive informatiowhich have been shown to
contribute to spatial learning and memg@@hrastil & Warren, 2012, 2013, 2014, 2015; Ruddle
et al., 1999; Ruddle & Lessels, 2006, 2009)

This is not to say that findings from-salledid e s kt opo0 VR studies sho
discountedThere has been little evidentmesuggesthatspatial representations acquired with
and without idiothetic cues afendamentallydifferentin nature(Hejtmanek et al., 2020;
Huffman & Ekstrom, 2019b; Richardson et al., 1999; Waller et al., Ii98&hough this latter
point remains contestdtbr perspectives in this ongoing dgb, see Huffman & Ekstrom, 2020;
Steel et al., 2020With the recent development of more affordable commercial VR devices,
researchers are better able to incorporate idiothetic,-basggd cues into laboratory studies of

navigation and spatial cogron. One device in particular, the omnidirectional treadmill, affords
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researchers the ability to study navigation in lesgale spaces with bodyased cues in the
laboratory regardless of the physical space available. An omnidirectional treadmill, ashe n
implies, allows users to walk 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 omnidirectionaldneit and a heagnounted display
(HMD) with stereoscopic depth information.

In this paper, we examined the tidependent nature of the welbcumengd
psychological phenomenon of memory alignment eff@¢edly et al., 2007; Mou et al., 2004)
Memory alignment effects are characterized by a mnemonic precision benefit when recalling
spatial representations from an imagined headiigged with the salient axes, or geometry, of
an environment. This is particularly evident in environments with-defihed geometry such as
a city with an orthogonal, gritlike layout of streets, such that imagining pointing to landmarks
in the city wil 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 intmae spaces involved
researchers taking subjects to a local park, walking aligned or misaligtiesj and then
returning to the laboratory to complete the JRD spatial memoryN&dkamara et al., 2003)
That work confirmed the influence of salient environmental geometry in-f@e spaces even
after limited experience in the environment, as participantstebbeing unfamiliar with the
park and only walked their respective path twice.

Using our novel immersive VR interface, we soughegithe natureof memory
alignment effects itarge scale virtual environments and to provide novel insight into the tim
course of memory alignment effects by assessing JRD spatial memory performance

intermittently between short navigation experiences. We tested for the presence of memory
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alignment effects across six blocks of interleaved learning and memory taskseln thre
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 targe¢stora 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 blockof learning After eachroutenavigation blockparticipantgerformed 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 (misalignddhe results of Egeriment 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 aligem 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 largeale virtual environments, but that environmental
geometry may not be intedea in spatial representations initially. This was supported by
structural equation modelling resuitswhich 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 wearsed the
same procedure as Experiment 1, but with a map learning erperprior to the first block of
route learning to provide unique, rooute 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 gntevealed 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 spatiaht
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 viewpb@sedegogenerative
information. For a purer test of the influence of map learriixgeriment Jeplicated the
procedure of Experiment 1, using only the map learning task from Experimesté2drof the
route learning task. Here we detected alignment effects as early as the firsiflileekRD task.

The memory alignment effects were weaker early on, dropping below statistical significance on
the second block before returning for the rerdamof 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 tiegtory across the experiment.

Taken together, these results suggest that meatignymenteffects are not a
fundamental property of spatial memory even when the salient axes of an environment are easily
discernable. Moreover, map learning uniquely provich®reallo-generative informatiothat
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 previaufindings 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 @ér a single map learning experience, but not on the first block of Experiment 2
in which participants received both route and map informakgn-generativanformationfrom
routesmayinterferewith allo-generativeanformation learned from maps, at leastially, and

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

Author Contributions

My contributions to this project were extensi®e my first project in the HSC lab, |
workedtirelesslywith my advisoy Arne Ekstromto develop this projecHaving a background
primarily in working memory and attentiohpriened myself with the existing literature in the
field of navigation and spatial cognitioidentifiedan open question for study, and impleneent
task paradigms that | had no prior experience Wittis workalsor e pr esent ed t he
first foray into immersive/R with vestibular and proprioceptive cu@sing an HMD and
omnidirectional treadmill)l assembled the hardware and integrated theeotisp software
devel opment kits (SDKs) with the HSC | abés
the Landmarks software described in Chapter 2, which required extensive troubleshooting and
piloting. Thus, my contributions to this project alssnged to help establismammersiveVR
research program in the HSC and provide some of the first data ever collected in the study of
spatial navigation using an omnidirectional treadritirogrammed the experiments, collected
data, supervised researdsstants, 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 palpam both the first author and corresponding

author on the published article.
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Abstract
A growing body of research hasntrastechuman learningrom routescompared tanaps in the
context of being more viewpokfitasedegocentric) oconfigurationbasedallocentric), but less
is known about the mechanistias selection and utilization efgogenerativeor allo-generative
spatial informatiorpresentduring learningTo explorethis, we replicated previous work from
our labshowing annteractionof route and map learning with performance on more egocentric
and allocentric spatial memory tasks and ex¢ertidis paradignwith ahybrid learningask
which provided bothmoutelike and magdike cues.In ournovel hybrid task, participanis a
virtual room environment approached a tabletop model of a city and navigated a remote
controlled human avatavithin it. Amazon Mechanical Turk workecompketed six blocks of
learningfrom either routes, a map, or the hybrid task. Each learning bloclteaeaved with
either the judgements of relative direction (JRD) or scand orientatiordependent pointing
(SOP)memory taskin Experiment 1, we werenable to replicateesults showingelective
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-beyefit for JRD performance. Hybrid
learningresulted invorseJRD performancehancriterion magearning but was not different
from route learning. No SOP effects were obserVéd interpret this as a dominance of
egocentriaeference framduring the route learning task, which was supported by femtn
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 moverhenr 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 informatiarwhich is primarilyrelatedto the layout ofinenvironmentand
egogenerativanformation whichis primarily relatedo o n epésgionwithin anenvironment.

As we navigate, it is necessary to updherelationship between egocentric and allocentric
frames of reference.

One way to acquirallo-generative informatiaras alluded to aboyés throughmaps
andagr owi nhg body of resear ch has -0c haanrdalciitiea ut zee d
information (Meilinger et al., 2013; Richardson et al., 1999; Zhang et al., 2012,.Z&dr4he
purposes of this research, learning from magpkefined astudying a static, aerial viewpoint of a
flattened envionment that may or may not have additional information about landmarks and
their identities or paths of travel within the environmédute learning will be defined as freely
controlled movement through a 3D environment with the goal of arriving atsppified
landmark or a series of landmarklsut having no prior experience with the environmént
critical questiorthenis how we takeéhe egogenerativenformation presenn eachviewpoint
along a route, resolve it witllo-generative informatiofrom a physically small, figural
representationn a map, andsethis to orient ourselvesithin ourenvironmentand navigate
successfullyln other words, how do we take a mapMzidison, Wland convert it into

something we caunseto get aroundiadison,even if we have never been there be?dteidence
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suggests that either (1) routes and maps do not provide pgegenerativeor purelyallo-
generative informatigrrespectively; (2) tests of spatial memory do not evaluate purely
egocentric or purely Elcentric knowledge; or (3) bo{Meilinger et al., 2013; Starrett et al.,
2019; Zhang et al., 2014; see also: Ekstrom et al., 2014; Starrett & Ekstrom, I261L8) this

would imply that cognitive and/or neural translatidwe$weeregocentric andeference frames

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

spatial information is acquired is often dietdtby the physical properties of the experieince
scales of spaceas well as how we interpret the spatial information presénpsychologies of
spacgMontello, 1993) Within the hierarchyf spatial scale and psychology, which comprises
figural, vista, environmental, and geographic spaces, environmental and figural space are the
most relevant for comparing routes and mafet our understanding of the interface between
figural and environmantal 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 tspsices 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-@aiewpasta space of
identical scale and layout, influenced the order inctvlobjects in the layout were recalled, the
perceived spatial relationships of objects, and the alignment of the spatial representation to the
room geometryMeilingeretal.,2016) The study al so found that
objects from memory was more accerathen learning occurred in a vista space. This suggests
thatto form spatial representatioeavironment spaces require more effort and experience

compared to vista spaces.

K:
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Over the years, humans have devised clever ways to acquire spatial inforabation
environmental spacex situ(see Ekstrom et al., 2018 erhaps 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 agehelpful 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 representationdl afature
finding Tucson, AZand 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 ubdherThis is
presumably because most individuals have a grasp of the size of the United Statethiaf/not,
are at least likely to know that they could walk fonrwithout leaving their respective towns.

Both route and map learning aim to accomplish the sameaeglire sufficient spatial
information to establish cartographic representation of spacte mind, called a cognitive
map(Tolman, 1948) The neural correlates of théocentric reference frame, oognitive map
(e.g., place cells and grid cells) have been characterized in rqdéhessf t i ng et al .,
& Dostrovsky, 1971and humangEkstrom et al., 2003; Maidenbaum et al., 2018
egocentric reference frame is supporteddye dor s al Awher pwhichpat hway
integraeswith information from headlirection cell§Taube, 2007)How such neural
mechanisms relate to egocentric and allocentric representations, and more broadly, how
importantthe ability to integrate or to translate between thedweoto navigatios an area of
ongoing resarch

Previousmodels othumanspatial processing networkypothesizehe 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

2 (
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complexandparahippocampal cortex as iomnpant for translating between reference frames and
integrating viewpoint informati onBymeetal,pdat e
2007; Ekstrom et al., 2003; Epstein, 2Q08pre recently, these models hayarnered
continuing supportBicanski & Burgess, 201&8ndexpanded to account for contributions from
additional brain regions su@s the occipital place area and parahippocampal place area along
with the retrosplenial complex for landmark processing in hur(tapstein et al., 2017; Julian et
al., 2016, 2018)Neural machinery that supports translation across reference frames may carry
out computations to conveggocentric vecterelaionships in space to allocentric vector
relationships in space (and \igersa) via a simple, linear transformatiéh 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 yuegocentric or allocentri(Ekstrom et
al., 2014; Starrett & Ekstrom, 201&)arious spatial cell types often violate the general
boundaries of such models and even cells found within their repa&igemnegions are rarely
responsive to onlgelf-referentialor configural cuesaand completelyndependentf the other
(for a summary of such evidence, see Ekstrom et al., 2Ba7example, recéyears have seen
an accumulation of evidence for egocentric coding in the hippocampus and other medial
temporal region$C. Wang et al., 2020This research again points to the need to understand the
nature of our spatial representations hod we translate and integrate between different scales
of space using egocentric and allocentric reference frames.

Our understanding of thextent and reference framederlyingspatial knowledge comes
largely from spatial memory tasks that require partiipdo point to salient landmarks in the
learned space. Perhaps the most commonly used test of spatial memory is the judgements of

relative direction (JRD) tasiValler & Hodgson, 2006)The JRD task, which requires

0]
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participants be removed from or at least disoriented relative to the learned space, involves
participants pointing to landmarks from imagined locatiamd headings. Successful JRD
pointing depends on knowing the positions of three specified landmarks that make up a given
trial ( A1 malgpndmark ldatirgbaddmark®; pairtt toLandmark3 0) . The fir s
two landmarks are used to establish thagined 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 wasdapted by Waller and Hodgs(2006)from, what they referred to as, the
egocentric pointing task developed RyF.Wang and Spelk€000) They claimed that the JRD
assessed na more enduring and compr ehereasthe ve memor
egocentric pointimg tegolk emdsgeass adk pa efsterndamgii eon
discussion of learning tasks, it is unlikely that either of these memory tasks assess purely
egocentric or purely allocentriepresentationdor a review, see Ekstrom et al., 20149 the
term sceneand orientatiordependent pointing (SOP) will be used instead of egocentric pointing
when referring to this taska the SOP task,grticipants point tdnidden landmarks in the learned
space while oriented within the learned sgatteus, only one landmark composes the prompt for
an SOP triLanmatk@®9int t o

While we haveargue that there is no purely egocentric or allocentric task of spatial
learning or memoryStarrett & Ekstrom, 2018pne study tested the relative degree to which
these learning and memory tasks establish and asses®mrtess egocentric or allocentric

representations of spafZhang et al., 2014 Participants learned from either routes or maps and

4 The orientation within the environment can be established in varioussnalysas blocking the view of the
environment from an already oriented peré&nF. Wang & Spelke, 20009r providing a disoriented person with a
viewpoint from within the environment and allowing them to change their view and/or position untiréhe
sufficiently orientedZhang et al., 202, 2014)
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were testing using either the JRD or SOP task. Participaarts 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
resultsprovided evidence cdinming 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 bysea@dso Taylor &
Tversky, 1992)Of note, with regard to the present work, Zhang and colle480&4)reported
above chance performance on both the SOP and JRD tasks that improved across blocks of the
task regardless of whether the envir@nt was learned fromoutes or a magprhis shows that
route and map learning each provide beglogenerativeand allegenerativespatial information,
or at least thag@go-generativeor allo-generativenformation derived from routes or maps can be
readily translated and deployed in a more allocentric or egocentric manner, respectively. This
raises an important question regardingvhether the amount @&go-generativeor allo-
generativespatial information available at learning can be manipulated to be lmatanced?)
how this might affect the allar egocentricity of the generated spatial representatio®)and
resultant readiness with which that representation can be translated to an egocentric or allocentric
frame of referenceand if this would resuin performance benefits over routes on the JRD as
well as over maps on the SOP.

The present work explordate flexibility and integrability oegocentriandallocentric
reference frames by providing both route and map information in a novel hybnohtetask. In
the hybrid learning task, a remetentrolled avatar is guided through a scale model of an
environmental spac&his paradigm provideaffordances for studying comparable behaviors

(e.g.,navigatinga city), whereas map learning generallyahxes saccades that are not
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constrained by navigable paths within the environm&mé aim of this research was to (1)
replicateprevious findings on the differences between spatial information obtained from routes
and mapgZhang et al., 20149nd(2) extendthose findinggo betterunderstand how humans
selectively utilize or ignore spatial information when it is present in multiplenddbrmats,

which may provide doundation for augmenting spatial learniNghile our previous work has
suggested thawbute and map learning togetheequentiallydampen certain behavioral
phenomena related to spatial memory, such as memory alignment (tactstt et al., 2019)
providing route and maglike information simultaneously could facilitate optimal attention to
and setction of the spatial properties most beneficial to a subsequent memor faskious

study investigating brain networks recruited in converting between egocentric and allocentric
reference frameshowed that changes in viewpoint resulting from imagseimotion

uniquely activated the hippocampus and retrosplenial cortex conmpanedgined rotations of

the array(Lambrey et al., 2012Moreover, behavioral performance on an object location change
detection task was enhanced by imaginedmselfion relative to imagined array rotations.

Another study showed that response latency increased monotonically with angular differences
between study aniést viewpoints around a circular ar@jiwadkar & McNamara, 1997)

Taken together, these findingsggests that our hybrid navigation taskereby participants

freely move around a tabletop model of a city androbatremotenavigator 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 referencniesi the hippocampus and retrosplenial coiyrne

et al., 2007; Ekstrom et aPp17; Epstein, 2008; Lambrey et al., 2012)
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In Experiments 1la and 1b we compared subsequent performance after route, map, or
hybrid learning on the more allocentric judgements of relative direction (JRD) and more
egocentric scenand orientatiordepenént 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 colleagu¢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 thaskiap
having participants reach a performance criterion rather than studying for a seemingly arbitrary
periocP. Given thaproviding route and map learning together simultaneausly yield different
outcomes in terms of flexible representations thatbsareadily utilized across a wider variety of
spatial memory taskseveral informative alternative outcomes are considered in addition to
hypothesized outcomes.

Predictions and Implications
Optimization Hypothesis

We expect the results of memory perfamse on the JRD and SOP tasks after route and
map learning will replicate those reported previoyZlyang et al., 2014pr at least rexal 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 Zlearad (2014)found the map benefit for
the JRD task on the second, third, anattio block and the route benefit for the SOP task on the

first and second block. Our predictions are not speadifizitwhich blockswill evidencethese

5While the length of the study period used by Zhang €RalL4)was deliberately selected to equalize JRD
performance acrossute 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 thdifig 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 ghedict
hybrid learning willyield a benefit for botmemory tasksshowing a similar pattern of results
compared to the optim&arning modalityy map learning for the JRD amdutelearning for the
SOP. Therefore, the Optimization Hypothesis would predict that performance on the JRD task
will be superiorafter 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 hwprichéeand
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 mentalatbns, while highly correlated, are dissociable in that they rely
more on egocentric transformation and objeated (allocentric) transformation, respectively
(Mary Hegarty & Waller, 2004; Bzhevnikov & Hegarty, 2001Recent work has suggested that
mental rotation of humalike objects uniquely engages egocentric strategies and encourages
spatial perspective takindluto, 2021) By providing a vista space experience of an
environmental space that can be rotated and manipulated as(Anetzp Wickens, 1992)
while also facilitating perspective taking within the environmental space via the humanoid
remotecontrolled avatarthe hybrid learning task more readily affords accesmtb ege
generative and allgenerativanformation. Once the optimal solution for a test of spatial

memory is discerned, hybrid learners could prospectively prioritize either egocentric or
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allocentrc 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 spéCkark, 2012) Such embodied or situated cognition
would likely have an impact on how experiences are simulated either as replay of past
experiences or prplay of prospective behavigArnold et al., 2016; Baalou, 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 rereatetrolled avata(Johnson & Redish, 2009y
engagement of spatial networks for @esing and translating between egocentric and allocentric
spatial reference fram¢Byrne et al., 2007; Ekstrom et al., 2017; Epstein, 2008; Rolls, 2019)

Whil e maintaining a s ensegaitivetask forimoshhealtey am | ?
young adults, this can become difficult with age,awpecially spin the case of
neurodegenerative diseases. Research on spatial abilities across the lifespan suggests that the
ability to flexibly use both egocentric antlogentricrepresentationemerges during cognitive
developmen{Nardini et al., 2008; Ruggiero et al., 20H8)d is impaired in old agMoffat et
al., 2006; Rodgers et al., 201Zherefore, uderstanding 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. fndingsin support of the Optimization Hypothesisuldserve 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 Hypothesia 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 Hypothess. 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 exjpattybrid learningwvould
result in superiospatial memorperformanceompared to both route and map learrong
either the JRD, SORy both The Augmentation Hypothesis, presumably relying on similar
mechanisms to those proposed under the Optimizelypothesis, 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 cdRD 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 a|Starett et al., 2019;
Experiments 2 & 3)Similarly, the simultaneous processing of both rdageed and mapased
information during learning could disrupt the formation of Hiiglelity spatial representatis.
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 additiorterferencebetweeregegeneraiwe andallo-
generative informatigrsuch 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 iawe for continued study of sources of

interference, and their reduction, in spatial learning.
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Predomination Hypothess. If egocentric or allocentric reference frames dominate the
representations generated from hybrid learning, absolute pointingartytbrid 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 dominatesiPreviousvork 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 representan is of low fidelity or contradicts available viewpoint informatidhou
et al., 2006; Newman et al., 200The 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 taceaespatial representation into a
nondominant 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 185, residing in the United States with an approval ot leas©5%and at
least 1000 approved MTurk submissioRer compatibility with the experiment application,
participants were required bave access @ computer running eith&/indows (Microsoft
Corp., Redmond, WA) or macOS (Apple Inc., Cupertino, CA). Participants were not allowed to
completethe study more than once. Participants who completed the experiment were
compensated $45; those who compleately a portionof the expement were compensated

based on thproportion 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 ReviBaard at the University of Arizona.

Data from 256 participants were included in the final analyses across all conditions and
experimentsParticipants ranged from 43 years oldjl = 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 experimeteinand for each individual
experimental condition iAppendix C(TableC1).

Sample Size Estimation

The sample size required to replicate the thwag interaction reported by Zhang and
colleagueg2014)was estimated usg the Hotteling Lawly Trace test in the online General
Linear Mixed Model Power and Sample S{&LIMMPSE; Kreidler et al., 2013alculator. 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 statetpower when recruiting from
MTurk as compared to iperson laboratory studi¢Sprouse, 2011)l'ype | error rate was set to
the traditional value of .05. Using the Ime4 packégk 1-21; Bates et al., 201%) R (R
Development Core Team, 2018)e created a linear mixed effects model of the Zhang et al.
(2014)data with individual as a randomnctar 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 ofdmogeneity of variance and normality of residuals were met. The means for
each group were estimated using the emmeans R pa@gkage3; Lenth, 2020and then
exponentiated to back transform values to degrees prior to entering them in GLIMMPSE. The

contrast was set to dall me anrangdandfvériability wecee sz

er
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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 crowdsourcing platform on which a requester (i.e., experimenter) can post
batches of HITs (i.e., sigaps), which workers (i.e., participants) can then complete for rewards
(i.e., remuneration for participation). TRET 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 prospectesworkers can be found Appendix C(FigureCl).

Qualtrics Survey

The MTurk HIT linked directly to a Qualtrics Survey (Qualtrics, Provo, tdmprising
the consent forngemographic questionmstructions for downloadingndrunningthe
standalone applation that administered the experimdields for submitting attention checks
from the experiment, and validity checks rega
of the interactive survey can be foundAppendixC.1
Virtual Environments

Three virtual cities, approximately 10230142 m, were used in the studgach
contained the same collection of 3D models (grass, streets, sidewalks, arbitrary buildings)
arranged in a different city configuration. Additionally, each citytamed 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 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
alphabe(GreenArmytage, 201Q)Each virtual city contained eight possible spgwints (i.e.,
starting locations) for navigation blocks, chosen to minimize visibility of any target location
from a given spawn poinA list of possible store names and color information can be found in

Appendix C(TableC2). The three virtual citiesra shown in the upper portion Bigure3.

Figure 3. Virtual Environments
Virtual Environments

Virtual Cities
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s 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 environmentvas used for the hybrid learning task, hereinafter
referred to as theista spaceirtual environmen{Figure3, lower). The vista space virtual
environmentvas 900 n# 900 m and modeled after an indoor office rodime vista space
virtual environmentvas empty except for a table at its ceiiterhich was large enough
accommodata virtual city placedatopit without hanging over the edgésndwas positioned
such thatwith avirtual city on the tablethe vista space virtual environmemas perceived a&

6 m3 6 mroomwith a 1:150 scale model afvirtual city on the tableThevista space virtual
environmenwas only visible during the hybrid learning task.
Learning Tasks

Route LearningPar t i ci pantso6 virtual avatar was mo
replacement for subsequent blocks) spawn point initheal city. Participants viewed a black
screen with a cue (5 s) indicating the current target store destirfiditipants then fregl
navigated until they arrived at the target stovkich wasdefined 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 forwedtdback, and right translations and
the mouse was used to change the pitch and yaw of the viewgpaont arrival the screen was
blacked out and a confirmation message was displayed Thesruenavigatearrive trial
procedure was repeated for eaclygastore in a randomized order, with participants beginning
subsequent trial s fr omAntexamplegrialesaquencais showninal 6 s d
Figure4.

Theprimary 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 Euclidgath from the rting location to the
target locatio(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 throughvithigal city to find a goal destination)
while utilizing a different perspective to manipulate the spatial information availEideista
space virtual environmemtas acti vated (rendered graphically
virtual avatar was increased by a factor of IBte avatar was moved to one of eight starting
locations, positioned at equal angular intervals encirchegcenter of theista space virtual
environmentt a radius of 300 m (relative to the now 15@ale avatar, this would be perceived
as 2 m from the center of thesta space virtual environmeriigure3, lower panél

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 s an environment on a virtual tabl e, u
buttons for forward, left, back, and right translations, respectively; the mouse was used to change
the pitch and yaw of the viewpoint. The remotatrolled avatar, an animatduman figure,
was located within the virtual city. The rematentrolled avatar was the size of an average
person, approximately 1.8 m, relative to the virtual city. To facilitate participants in locating the
remotecontrolled avatar, it had a glowingoic positioned 16 m above it and was visible even

from behind other models in the virtual city. Participants moved the reroateolled avatar

=1
5t
=
o

through the virtual city wusing the 00,

6 We used Euclidean distance as the metric fonmgitpath as opposed to city block distateme Newman et al.,

2007) As Newman and colleagues explain, city block optimal path does not account for curvedipiéghs

Euclidean optimal path overestimates Hbility 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 lef, toward, and to the right of the current viewpoint, respectively. Participants
navigated the remoteontrolled avatar until it arrived at the target store (defined as moving the
remotecontrolled avatar into the area in front of stores entryway; 1.5da amd 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 randomi zed or deremotevantrtoted avditae begirmning subseiquera tidlso
from the pr evi oAsamperhybadllearsing drial sefjuencais shavhigure
4.

The primarydependent measure was navigational excess path, in meters, defined as the
difference between the path length travelled by the recmtéolled avatar from the starting
location to the target location and the optimal Euclidean path from the startingiatcatine
target location. This measure was similar and comparable to the primary dependent measure of
avatar excess path favute learningn this study and previous wofklewman et al.2007;
Zhang et al., 2014; Zhang & Ekstrom, 2013) The pat h | ength of the pai
through the vista space virtual environment on each block was also measured to investigate the
extent to which participants utilized their ability t@anipulate 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 giveBO s to study one of the virtual cities
from an aerial viewo 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 iensdasd, part

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. Patrticipants used the cursor to click and drag stores to the
desired location, and a store would snap togetdocation and orientation if it was dropped
within 10 m of any target locatiorAs indicated inFigure4, there was no time limit for the test
phase, so participanticked a button on the screen when they thought they had placed all target
stores correctlyThere was no score criterion.

The primary dependent measure was proportion misplaced, defined as the total number of
stores that were not placed within t0of 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 limithenstudy phase, so participants
clicked a button on the screen to advance to the test phase. Secondly target stores did not snap to
|l ocations in the test phase, so participants
keyboard to rotate the storeleckwise 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 orientatenphases of the
criterion map task are shown fingure4.

The primary dependent measwvasthe 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 misplased
zero. We cbse this measure to be maximally comparable to the dependent measure for the timed
map task, proportion misplaced on a-@h®t map test.

Memory Tasks
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Judgements of Relative Direction (JRD) PointingOn each trial of the JRD task,
shown inFigure4, participants viewed a black screen with a prompt in the upper portion of the
screen and a compass in the lower porfidre prompt indicated the imagined heading and the
pointing target (e.g., Al magine standing at t
Point t o t.Raticipuetd rotafel thepneeaullp of the compass clockwise or
counterclockwise (usinthe 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 retguathence to theext
trial. To encourage task engagement, responses could not be submitted until a minBrsum of
had passedit the start of each new trial the compass arrow was reset to face directly forward
(i.e., @).

The primary dependent measure was absolute pgietior, 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, asffects related to this measure were observed by Zhang and
colleagueg2014)

Scene and Orientation-Dependent Pointing (SOP)On each triabf the SOP taslsee
Figure4, participants initially viewed a perspective from one target location in the virtual city
(e.g., the Bike Shop), facing @her target location (e.g., the Book Store) with a prompt in the
upper portion of the screen that read, fAOrien
when you are ready. 0 Participants then used
(pitch and yaw) and pressed the enter key to continue after aB lelaatl 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 tieerscand the prompt was updated to
indicate the pointing target (e.g., APoint to
to create the initial perspective (i.e., in this example neither the Bike Shop nor the Book store

could be the targetpParticipants 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).
Partigpants had unlimited time to respond, but a response was retuaddance to the next

trial. To encourage task engagement, responses could not be submitted until a mingsum of

had passedit the start of each new trial the compass arrow was reset to face directly forward

(i.e., @).

The primary dependent measure \@asolute 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 colncted on pointing response latency for the SOP task, based on the findings
from Zhang et al(2014)

StandaloneApplication

TheVEs, learningtasks, and memory taskeere created in the Unity game engine (Unity
Software Inc., San Francisco, CA) using the Landmarks Unity pa¢Bageett et al., 2020)
Functionally identicaktandalone applicationg/hich included all VEs and behavioral tasks,
were built for the Windows and macOS target platforiisis, the application could assign any
given participanto any of the experimental conditions in any of the virtual cities, at runtime

(i.e., not determined by the experimenter). The application utilized a Land(&aaksett et al.,
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2020)integration of the WindowAzure.Storagénity package (Version 9.3.3; Microsoft Corp.,
Redmond, WA) for communicating remotely with Microsoft Azuvédrosoft Corp., Redmond,
WA) . Specifically, the integration allows for the transfer of data to binary large object (blob)
storage containergihereeach participantan be assigneah identification number (ID) and
generated experimental datan be storedhere it could be retrieved lilie 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, whichwd be accepted by MTurk workers on a ficsime, 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 adi@it alphanumeric verification code to enteta the
Quialtrics survey. The verification code, unbeknownst to the participant, represented the
participant 6s as sdigdlb¢dy., RTEIRDLOGL, fov subjextri@D1 Wwho u r
would complete theoute learningask and the JRD memory task), which also allowed the

experimenter to later match received datasets to the corresponding Qualtrics survey.

" This package imow deprecatedoutdated and no longer officially soqrted by the developer\ new version of

the blob client, with code samples, is availablgps://github.com/Azure/azusdifor-
net/tree/Azure.Storage.Blobs_12.8.0/sdk/storage/Azure.Storage )BMbslified code used in the present work can
also be found in the source code for Landmarks (https://github.com/mijstarrett/Landmarks).



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

Learning Tasks Memory Tasks
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Note.JRD = judgements of relative direction; SOP = seand orientatiordependent pointing;

H>= unlimited time. Left brackets and labels indicate the combination of learning tasks (light
blue: timed map, orange: route, green: hybrid, dark blue: critenap) used in Experiment 1

and Experiment 2. Right labels and panel (dark gray) indicate the memory tasks used in sub
experiments a (JRD) and selperiments b (SOP). Lower bracket and label (black) indicate the
number of learningnemory task cycles, olldrks. 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 verifiation code was generated by the application at runtime via the following
procedure: (1) Check for any stored data on the host conipifiterund, the application
displayed a message notifying the participant that they could not participate more thg&)once.
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 itsstaeserve that ID thus, any other
instance of the application run anywhere else in the world would increment pdBt. tfht
Assign a condition codieeach incremented ID sampled without replacement from all possible
combinations of available conatihs 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 e 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 kéjyaidows).

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, se@@emental Materia)s 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 experimemt condition) learning by locating each of the eight target stores in
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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 memaryatasgiven
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 tittercheck 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 experimentigyaaints 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 thegdnswer
guestions about their use of various strategies, aghoprovided demographic information on
ethnicity and race, and finally received a numerical-fiigit surveycode. Participants then
returned to MTurk, where they submitted their work with the suceele provided. The
experimenter retrieved the datarin 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 angupeinting 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 Materidter distributions classified as logrmal, analyses
were conducted on legansformed values to better meet the assumptions of parametric
statistical tests. When appropriate, model estimates werettzexstormed (exponentiated) for
presentation in figures, which provides a clearer intempicet 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
navigationalexcess 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 onetinwosn
measurgDixon, 2008)

Data Processing

In total,448 M Turk workersprovided informed consent asdbmitted workor these
experimenrs. The total datasets removed for each experimentditmmncan be found in
Appendix C(TableC3).

l ncompl et e or il rPeuousevorkhas\siggestdihat bdaisoral s .
efforts are requiretb ensure study compliance and data validiben recruiting MTurk workers

(Aguinis et al., 2020; Aruguete, 201®atasetsfrom 105 participants who did not complete the
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study foranyreason (technical issues, tate, no longer wished to participate, ets.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 proviced an invalid or no surveycode) were excluded.

Chance Performance Datasetdata from & participants determined to be performing
at chance on the memory task were excluded from ang@lgsia breakdown of chance
performers across condition, see Table C3 of AppendiX&@jletermine chance performance
for each participanthe vector ofaw responsewasshuffled and the median error was
calculated based on the unshuffled vector of ebmesponses, and this process was repeated
10,000 times to generate a participapécific null distribution against which the median error of
the unshuffledaw data could be comparéds in Starrett et al., 2019; for more details see
Huffman & Ekstrom, 2019a)

Non-Response and Outlier Trials.Trials in whichparticipants 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 exadily; were excluded from analyses. We used an outlier removal
procedure identical to that @hang and colleagu€2014) whereby the mean of the log
transformed absolute pointing error on the memory task (JRD or SOP) was calculaischfo
subject, collapsed across all trials and blocks, and any trials where absolute pointing error was
beyond two standard deviations from this geometric mean (i.e., mean-tfdngformed values)
were considered outliers and removed from subsequnahtses. An average of 5.72% (Range =

2.08% 16.07%)of trials were removed for each participant.

8 This differed from Zhang et a[2014)where only trials two standard deviaticasovethe mean were considered
outliers. As a result of theg 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, 2b3,(aearning
Task:route, hybridtimed map 3 6 (Block: I 6) mixed ANOVA was conducted. For each pair
of experiments (14b, 2a2b), a 3(Learning Taskroute, hybridtimed map3 2 (Memory Task:
JRD, SOP} 6 (Block: I 6) mixed ANOVA was conducted. Violations of the assumptions for
ANOVA were evalated prior to observing the results of any given test to determine if an
alternative test was more appropriated FigureC5 of Appendix Q.

Planned Contrasts.For individual experiments in which the ANOVA revealed a
significant main effect ofearningTaskor an interaction effect, plannedests were conducted
to evaluate the consistency of the pattern of responses with the findings of Zhar(igGdt4aby
comparing memory performance after route and map learning on each of the six blocks.
Additionally, to test the predictions of the Optimization Hypothesis, plantests were
conducted to compare memory performance after hybrid lepeamd the expected ngmeferred
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 geometrazginal means, were calculated for each factorial
condition using the emmeans package in R. For each coamastlependerdamples-test was
conducted to determine if tliifference between two estimated geometric marginal mgans
the estimated arginal mean of the legansformed valuesyassignificantly different from

zero. For interpretability, pursuant to the logarithm quotienf tiés difference was then back

T 116 116



CH. 41 HYBRID SPATIAL LEARNING 66

transformed (exponentiated), yieldiagatioof values in the original unitsf absolute angular
error.
Exploratory Analyses

Posthoc 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 salts not support the Optimization Hypothesitedts 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 fOPthe S
memory task in experiments 1b and 2b). These exploratorshpogests were Bonferroni
corrected to a threshold pf .003 to adjust the familywise error rate to account for these tests
as well as the 12 planned comparisons for each experiment. planiined contrasts, these
analyses were only conducted if the ANOVA for an experiment revealed a significant main
effect ofLearning Taslor an interaction effect.

Correlation Analysis. To better understand how spatial knowledgdifierentially
acquired and deployed across mordess egocentric and allocentric learning and memory tasks,
the Kendall rank correlation coefficient)(was calculated for the raw, untransformed scores of
learning performance (navigational excess pathhe 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 1la
Experiment 1la sought to replicate the findings of Experimérarnh Zhang et al(2014)
and extend them by additionally comparing the novel hybrid navigation task. The tasks used and

analyses conducted veedesigned to be as similar to thigviouswork as possible, except in
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cases where modifications to the statistical approaches used by Zhar{g@t4kwere 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
experimentsvere analyzed in Experiment 1a. Participants ranged frota 39 M = 30.59,SD
= 3.77) years of age.
Experimental Design and Procedure

A 3 (Learning Taskroute, hybridtimed map 3 6 (Block: Ii 6) mixed factorial design
was employed witlh.earning Taslasa betweersubject manipulation, Blocksa repeated
measure (withirsubject manipulation), and absolute angular pointing error (degrees) on the JRD
taskasthe primary dependent measure. Additionally, performance on each learning task was
measured and alyzed. 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 Taskroute, hyorid, timed map 2 6 (Block: I' 6) ANOVA on JRD
absolute pointing error revealed a main effect of BI&¢R,80, 260.64) = 127.6%,< .001,— =
0.19. Neither a main effect @karning TaskF(2, 93) = 0.23p =.795,— =0, nor an interaction
betwesnLearning Taskand Block,F(5.61, 260.64) = 0.7(a = 644,— = 0 reached significance
Degrees of freedom for all withisubjects factors were Greenhow@eisser corrected to account
for violations of sphericity. JRD performance acrbearning Taslgroups and Block are shown

in the left panel ofigure5. No planned or exploratorytésts were conducted.
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The results of Experimentindicatethat we did noteplicate the findings of Experiment
1 in Zhang et ak2014)under the identical conditions employdad Experiment 1a, we dinot
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 functiom§tbetween route and map
performance on the JRD, with route performance following a linear trajectory and map
performance following a power function. Here, we analyzeedagsformed absolute pointing
error because there was evidence for a heavy poskew (seé\ppendix C,FigureC2) in the
response data bthis differencecould 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 homogeneitysaumption of ANOVA was violated (s&égureC5 of Appendix G,
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 leaespgctively. 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 reporteditlso possible that the 30
seconds of map learning, in an unsupsesdisituation such as that afforded\byurk, was
insufficient to result in comparable map knowledge tatithed map taskised in Zhang et al.
2014.These and other possible explanations are addressed further in the General Discussion

section.
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The absene 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 neoptimal learning modality, of which there was none is takperiment
la. 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

Experiment 1a (JRD) Experiment 1b (SOP)
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Note.tmap = timed map]JRD =judgements of relative direction; SOP = sceared object

oriented pointing. Sample means and variability presented in the figure wererdrasfiormed

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(2034.)
and extend them by additionalkomparing the novel hybrid navigation task in the same fashion
as Experiment la.

Method
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Participants

Data from 96 participants who had not participated in any of the other experimezats
analyzed in Experiment 1b. Participants ranged from 20 tv3531.12) years old and included
30 females, 65 males, and one unidentified participant.
Experimental Design and Procedure

A 3 (Learning Taskroute, hybridtimed map 3 6 (Block: Ii 6) mixed factorial design
was employed witlh.earning Taslasa betweersubject manipulation, Blocksa repeated
measure (withirsubject manipulation), and absolute angular pointing error (degrees) 8@ ke
taskasthe primary dependent measure. Additionally, performance on each learning task was
measured and alyaed.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 @.earningTask:route, hybridtimed map 3 6 (Block: I' 6) ANOVA
on SOP absolute pointing error were similar to those of Experimgseggigure5, right
panel) The analysigndicated a main effect of Block(2.20, 204.90) = 71.0%,< .001,—- =
0.10 no main effect oLearning TaskF(2, 93) = 1.76p=.178,— = 0.03 and no interaction
betweerlLearning Taskand Block,F(4.41, 204.90) = 0.84 = .512,— = 0. A Greenhouse
Geisser correction was applied to degrees of freedom for each-sithjects factor to account
for violations of sphericity. No follovup contrasts were conducted.

Similar to Experiment 1a, Experiment 1b lacked significant differences desrsing
conditions for SOP error, but here, the pattern of results qualitatively resembled the pattern of

results from Experiment 2 in Zhang et(@014) Despite our attempt to estimate sample size



CH. 41 HYBRID SPATIAL LEARNING 71

A

from Zhang et al.d6s data, the study may have
This explanation is supported by the nearly i
Experiment2 resultd® 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 maipdeand
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 withExperimentla

Consistent with the analysis approach used by Zhang and colleagues (2014), we next compared
performance across Experiments 1a and 1b by including an additional f4etoory Taskin

our model. The resulting (Learning Taskroute, hybridtimed map 3 2 (Memory TaskJRD,

SOP)3? 6 (Block: I 6) 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 foundTablel. 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 olbsearmeffect of

Memory Task and none of the other interactions reached significanceZlzanig 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 analysashjesing
aggregated data that was shared by the authors, and eal@llegs for generalized eta squared)(
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Table 1. Comparing JRD and SOPPerformance 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 1.72 2,186 182 0.02

Memory Task

Block 185.64" 2.56, 476.77 <.001 0.12
Learning Task Block 0.71 5.13, 476.77 .616 0
Memory Task Block 5.76" 2.56, 476.77 .001 0.01

Learning Task
Memory Taské 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 Ehang et al(2014)reasonably appximates reaivorld
navigation of unfamiliar environmentwith participants initially searching at random and
eventually taking more direct paths to targétsould be argued that the same is not true of the
map task they used. Despite providing amahd way to control exposure to the environment,
the timed map study used in the Zhang et al. study differed criticallyrivata learningas well
as anecdotally from naturalistic use of maps by humans as a means of learning spatial
information. Specificly, 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 mofatiewing
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 cursendy were oM Turk. Therefore, it could
well be that 30 s for participants &iTurk 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 Zhand colleagues, as well as in many other
navigationbased 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 eithdp 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 mapitésk,
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 stastycycle until they placed every
store correctly.

Method
Participants

Data from an aditional 32 participants who had not participated in any of the other
experimentsvere combined with data for the route and hybrid learning conditions from
Experiment la. This resulted in a final sample of 96 participants (32 female), age 20ite 35 (
30.33,SD= 3.68) whose data were analyzed in Experiment 2a.

Experimental Design and Procedure

A 3 (Learning Taskroute, hybridcriterion map 23 6 (Block: Il 6) mixed factorial design
was employed witlh.earning Taslasa betweersubject manipulation, Blocksa repeated
measure (withirsubject manipulation), and absolute angular pointing error (degrees) on the JRD

taskasthe primary dependent measure. Additionally, performance on each learning task was
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measured and alyaed.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 pearmance on the JRD was entered into(a&arning Task:
route, hybridcriterion map 3 6 (Block: Il 6) ANOVA. Significant main effects were found for
bothLearning TaskF(2, 93) = 5.24p = .007,— = 0.09 and Block/F(3.23, 300.38) = 89.5,
<.001 - =0.13 ThelLearning Taslkoy Block interaction was also significai(6.46, 300.38)
=8.69,p<.001,—- =0.03

Planned independent sampldedts revealed significant differences in the ratios of
pointing error after route araiterion map learning across each of the first three bldakde2.
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
statisticdly 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 thuse performedexploratory contrasts comparing hybrid and ciagtemap
learning. These contrasts revealed a signifiddfgrencebetweenog-transformedgerformance
on the JRD after hybrikarningcompared taftercriterion map learning across each of the first
three blockswhere error on the JRD after hybridieiag was more than twice that of JRD error
after criterion map learnindhe significantdifference between hybrid and criterion map
learningon the third blockhoweverdid not survive Bonferroni correction for multiple
comparisons, which accounted fdl 18 contrasts that were conducted across confirmatory and

exploratory analyse€ontrasts were baeakansformed to ratios (see General Method) and these
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are reported ifable2 along with associated statistidhe estimated marginal mesor all
conditiors across block$or Experiment 2a are shown in the left paneFigjure6.

Experiment 2a only differed from Experiment 1a in that the map task hadpasel
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 studyesidnply 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 latémerexperiment. We consider this a
conceptual replication of the findings in Experiment 1 from Zhang et al. in that the most
allocentric of the threacquisition conditionprovided the most benefit on the more allocentric
JRD task. A major difference that the benefit of map learning was evident on the first block of
the JRD task. This is almost certainly due to the critelo@sed nature of the task, as Zhang and
colleagues stated that the study duration for their map task was piloted to result in equa
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
colleague42014) whereby there is some encoding specifi€itylving & Thomson, 1973)but
that there are some learnidgpendent dynamics that modulate the degree of specifi¢dy.
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 showthe 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 JRBE(2, 125) = 0.81p = .445,— = 0.0], or SOPF(2,

125) = 0.84p = .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 1(128.17) p d 95% CI

Blockl

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 .0062 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 batkansformed difference of estimated marginal means of log
values.2Did not survive Bonferroni correction for 18 comparisans=(0.003). Allp-values
uncorrected.
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Figure 6. Results from Experiment 2
Resuls from Experiment 2

Experiment 2a (JRD) Experiment 2b (SOP)
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Note.cMap = criterion map; JRD = judgments of relative direction; SOP = saeede
orientationdependent pointing. Sample means and variability presented in the figure were back
transformed from log values (i.e., exponentiated) for qualitative interpretatiam.dars in the
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confidence intervals. Marker color indicates condition contrasted with cMap learning (orange:
route, green: cMap). ‘ o

"p < .05, uncorrected.p < .001, uncorrectedp < .05, corrected* p < .001, corrected.

Experiment 2a also allowed us to test the Optimization Hypothesis against alternatives
using the novel hybrid learning taskie lack of a difference between JRD performance after
hybrid learning and the neaptimal 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 performandbdha
optimal learning modality, criterion map, but not worse or different than thepimal
learning modality, routeearning Perhaps some aspect, or the simply the novelty, of the hybrid
task encourages an egocentric strategy. This could resulstrora combination of frenacting

modal stateg¢Barsalou, 209) and taking the perspective of the remotatrolled avatafMary
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Hegarty & Waller, 2004dr simply fran the fact that the participants were interacting with an
environment, the vista space virtual environment, from agiesson perspective. The influence
of the firstperson vista space experience might suggest egocentric dom{vemcet al., 2006;
Newman et al., 200®r grounding to the avatar in the vista spaceigrenvironment

(Matheson & Barsalou, 2018)

Experiment 2b

Method
Participants

As in Experiment 2a, data from an additionalpaticipants who had not participated in
any of the other experimentgere 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. Bapants were 20 to 35 = 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 Taskroute, hybridcriterion map 3 6 (Block: I’ 6) mixed factorial design
was employed witl.earning Taskasa betweersubject manipulation, Blocksa repeated
measure (withirsubject manipulation), and absolute angular pointing error (degrees) 8@ ke
taskasthe primary dependent measure. Additionally, penfance on each learning task was
measured and analyze®farticipants 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 thg(Bearning Taskroute, hybridcriterion map 3 6
(Block: 1 6) ANOVA on SOP absolute pointing error resembled those of Experiment 1b. The
analysis indicated a main effect of Blo€K2.34, 217.76) =9.33,p < .001,— =0.11, no main
effect ofLearning TaskF(2, 93) = 1.63p = .202,— = 0.03 and no interaction between
Learning Taskand Block,F(4.68, 217.76) = 1.1% = .346,— = 0. A Greenhous&eisser
correction was applied to degrees of freedom for each wsthiijects factor to account for
violations of sphericity. SOP performance across block and learning condition in Experiment 2b
is shown in the right panel &igure6. 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 learnip 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 Taskfactor in the ANOVA. The8 (Learning Taskroute, hybridcriterion map3 2
(Memory TaskJRD, SOP} 6 (Block: I 6) mixed ANOVA revealed main effects béarning
Taskand Block. Additionally, significant twavay interactions were found betwelesarning
Taskand Block as well aslemory Taskand Block. Lastly,tle threeway interaction between
Learning TaskMemory Task and Block was significanT.able3 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 igaacross spatial memory tasks
(Zhang et al., 2014)Ne found that the most allocentric mode of learning spatial information,
maps, restiéd 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 thegomentric 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 0.36 2,186 697 0

Memory Task

Block 181.14" 2.75,511.43 <.001 0.11
Learning Task Block 5.14" 5.50, 511.43 <.001 0.01
Memory Task Block 4.28" 2.75,511.43 .007 0

Learning Task
Memory Task Block

Note.N = 192.df = degrees of freedom; = generalized eta squared
"p<.01.""p<.001.

3.93" 5.50, 511.43 .005 0.01

General Results

While this study primarily aimed to test the effects of sp&eining 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 hybraiéng tasks. Mough he 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 waslaobne
test for each participant @ach 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 wesskared and averaged across participants for each
learning condition. These scores were then entered intheadning Taskroute, hybrid, timed

map, criterion map) 6 (Block: Ii 6) mixed analysis of variance witlearning Taslas a
betweersubject factor and Block as a withsnibject factor. Although efound no evidence for

a main effect of Learningask F(3, 252) = 0p > .999,— =0, we did observe a significant

main effect of BlockF(3.68, 926.76) = 178.9(,< .001,— = 0.26 as well as a significant
interaction betweehearning TaskandBlock, F(11.03, 926.76) = 12.2p,< .001,— = 0.07
Performance is shown across blocks and learning conditidfigune7. We did not have any a

priori hypotheseabout learning conditions, so no additional folap 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

2

Learning route . hybrid tMap . cMap

L1

| T

1 2 3 4 5 6
Block

Note.tMap = timed map, cMap = criterion map. Error bars represent the standard error of the
mean.

z-Scored Error
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Figure 8. Relationship between Learning andvlemory Performance
Relationship between Learning and Memory Performance
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Note JRD = judgments of relative direction; SOP = seemal orientatiordependent pointing;

tMap = timed map; cMap = criterion map. Panel A: Learning error, on-ghasx is inunits 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 correlatiorsss 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 aboitiy 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 Bloclkaihthe analyses presented thus far. The significant
interaction between Lemaing 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 weable 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 representatiddse potential indicator for the presenceegb-generative
or allo-generative information readily availalita forming either egocentric or allocentric
representationduring each learning task the relationship betwegnar t i ci pant sdé per f
on their respective learnirmndmemory task. The presence ofsignificant correlation between
learning and memory may suggest that the information present at learning was sufficiently ego
generative or alkgenerative, depending on the memory task, with the SOP and JRD requiring
more egocentric and allocentric stigitss, 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 fothe presence of significantly more ego allo-generative information during

learningScatterplots of each participanto¥d raw ab:

1 For route and map learning tasks, this refers to raw scores for navigational excess path in meters, as the raw scores
were continuous. Foimhed map learning and criterion map learning tasks, the continuousréogiformed values
were used instead of the discrete Arawd proportion sco



CH. 41 HYBRID SPATIAL LEARNING 84

scores on the respective learning tasks are showigime8A. Scores were averaged across all
blocks such that each datapointFigure8A, represents one paripant.

Kendall rank correlation coefficient$)(revealed that absolute pointing error on the JRD
was significantly correlated with performance on the route learm{88) = .38p < .01, and
timedmaplearning,t(32) = .43,p < .001, tasks. Absolufgointing error on the SOP was
significantly correlated with routd(32) = .62,p < .001, hybrid;}(32) = .40,p < .001, and tmap,
1(32) = .38,p < .01, tasks. All Kendall correlation coefficients are showRigure8A and
labelled for statistical significanc&his suggests that both egenerative and allgenerative
information were readily availabten both the route and map tasks. Interestingly, better hybrid
learning performance reliably coincided with better performance on the SOP task but not the
JRD tak. 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 Esgere6).

Figure8B shows each learningiemory correlation coefficient as well 85%
confidence intervalgenerated by using i e | | e (1958 rmethadlfor éstamating standard
error(Bishara & Hittner, 2017)There vere nosignificant differencebetween the JRD and SOP
task perfomance correlationwithin any given learning taglcigure8B). There was a significant
difference betweethe correlations for route and criterion map learning WithSOP 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-geneativeor allo-generativespatial information and cues during learning from



CH. 41 HYBRID SPATIAL LEARNING 85

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 tobe 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 lea#ingng et al., 2014)We also predicted that
our hybrid learning task would optimize the acquisition of spatial knowledge resulting in hybrid
and magearning 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 desigmigvaotstrictly replicatethe results of Zhang
and colleagues under the same conditi@mang et al., 2014)nstead, we found no differences
across route, mapnd our novel hybrid learning task on either the JRD or SOP, although the
SOP results did show a naignificant pattern following the predicted trent®tably, though,
we employed a between subjedissign compared to the mixed design employed by Zhaalg et
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 eightttatgees 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 @iftge 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 leamng 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
contrd 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 differenttesgu absent
of any experimental oversight. While many checks and safeguards were put in place to mitigate
experimental pitfalls of MTurKAguinis et al., 2020; Sprouse, 201 ultimately lacked the
same assurances of data validity and participant engagement that are affordedalbgriabo
studies. For example, we asked subjects to report ifubeg any external aid, such as drawing a
schematic of the layout of target stores on a piece of papssmplete the experiment and
excluded any data whetleis was reportedOne concern wh selfreport measures such as the
one used here is that participants may prosm®gally desirable or acquiescent respsnse
(Kreitchmann et al., 2019Addressing the elephant in the room, the decision to use an-online
based paradigm resulted from a temporary shutdownérism research activities at the
University of Arizona during the COVIR9 (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 po®&prouse, 2011We 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 possiltkat 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 Learningaskwas manipulated withisubjectinhang et al . Gujecthesi gn
and betweersubject in our design. This decision was again related to the online platform used to
i mpl ement the experiment: We were concerned t
reduced, resulting in undesirertler effects. Nonetheless our estimations were based on a linear
model of the thregvay interaction reported by Zhang et al., removing the wihiinject error
term for the Learning askfactor. Perhaps a more appropriate approach would have been to
cacuet e the sample required for an exact replic
a conversion such as the one proposed by Maxwell and Dgf20@¥; 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 mamtéesk, |
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 @P $ask 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 moreveftbetn timed
map learning, it does not appear asutjtocriterion map learning is effectively the same as

multiple timed map experiences. This is most notable for the SOkhtagich 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 igagsy these differences might
provide theoretical and methodological insights.

The rationale for including the criterion map condition in the studgthat it is more
ecologically valid, and the goals of the task are conceptually more similar to tee@foa
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 navigati®me of the most common
navigation paradigms places participants in tAbemavigated environment and requires them
to successfully navigate to someadirthe goal locations; if they become lost or disoriented, they
must continue to explore until theyrceeorient 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 megsgenerativeandallo-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 Hypothebisteby 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. Onalternative explanation that was not accounted for could best be
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summarized as a B@ptimization Hypothesis. Similar to an interference account it is possible

that some feature or aspect of the hybrid learning task results in the selection-ofptirsalb

reference frame as the primary anchor for processing spatial information. In the context of
Zhangés 2014 study, we would then expect perf
after hybrid learning compared to map learning and not different frota 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 studyt dichreve 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 on4person research were imposetbwever, 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 bodybased aes 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 remetentrolled avata(Barsalou, 2009; Clark, 2012; Muto, 2021)
Immersive virtual reality could result in participants beindisigntly grounded in the vista
space avatar, which might facilitate more flexible utilization ofath@generativanformation
available, even while navigating the rematatrolled avatar through the virtual cifylatheson

& Barsalou, 2018)
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The correlations between learning and memory performacross all task combinations
suggest an interpretation more consistent with the findings of ZttaalgWhen 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 magsd 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, perfornfartber bolsters the
interpretation that hyld 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 strategi@glou et al., 2006; Newman et al., 200The hybrid task, for better or
worse, introduced at least three novel aspects, relatiheetmap tasks used: 1) thudienensions
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 ndeo carefully considethe extent to which spatial scale and reference
frame can be dissociatéd/olbers & Wiener, 2014 )Alternatively,anyembodiment effect of the
remotecontrolled navigatiorwould bestronger than anticipated,peially 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 begue to a ceiling effech the pointing tasks for
some participantlustering approaches to determine if gubups exist among JRD and SOP
participants (ceiling memory performers and those whose memory performance changes based

on learning performam) 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 bectzerce spatial information processing towaggmerating a
supposedlypptimalspatial representatioAnotheravenue for future researehth these and
other distinct learning tasks would be to examine the degree to which representations formed
from a given larning condition are mombustto interference or decay, even if immediate
effects on memory performance are not pre@erdaik & Lockhart, 1972; Craik & Tulving
1975) Investigating spatial memory after long delays (days or weeks) could provide insight into
this questionTasks such as our hybrid learning tasky 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 map®r other spatial memorigsO6 Keef e & ,NadelAl zh®718ner 6s

(Ruggiero et al., 2018)

Author Contributions
M. J. Starrett, D. J. Huffman, and A. D. Ekstrom conceived of and designed the
experiments. M. J. Starrgitogrammed the tasks, collected the data, conducted the analyses, and
wrote the first draft of the manuscript under the supervision of A.D. EksBoth Huffman and
A. D. Ekstrom provided critical revisiorie the manuscriptAll authors approved the final

version of the manuscript for submission.

d



CH. 51 CONCLUSION

CHAPTER 5T CONCLUSION

92



CH. 51 CONCLUSION 93

Theoretical Link age of Included Articles

The empirical manuscripts, which compose the associated podfdhdis dissertation
eachprovide insight for how to approach and interpret experimangpatial cognition for
largescale virtual environments. A critical consideration in studying learning of and memory for
largescale environments is balancing experimental control and ecological valdity
available immersive virtual reality interfassecomprising head mounted displays and
omnidirectional treadmills, provide unprecedented affordances for achieving this balance.
However, @en building navigation and spatial cognition experimémtsraditional desktop
computer interfacemtroduces sdiare andprogrammingchallenges for researchers new to the
field (e.g., firstyear Ph.D. students), and these challenges are only exacerbated when the
integration of novel VR hardware is involvekhe fruit of this, often quite timeonsuming,
labor is tke 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 HMidis
omnidirectional treadmills, also afford research participants with idiothetic cues such as
vestibular and proprioceptive information, which servetoenhprceg t i ci pant sdé sens«
presence (a VR term for feeling less or not different from realityedisas theecological
validity of the experiment.

Chapter2 provided an overview of the Landmarks asset package for Uaityopen
source software package for building 3D experimdntthe latest release of Landmarks, for
which the source code existpdor to my involvement, | have adapted and refactored much of
the codebase to facilitate a more us@mdly experience usi ngnddr dpoapghi | osopl

that minimizes the requisite programming knowledge required to design and build 3D
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experiments. Ladmarks 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 anctutting-edgeVR navigation experiment3he versatility of the Landmarks paage
is demonstrated in Chapters 3 & 4, which used the package to implement not drdgdalb
immersive VR experiments but also wieased desktop VR experiments.

Chapter 3 used immersive VR to expand on previous findings that showed memory
alignment effets after learning in large, realorld spacegMcNamara et al., 2003These 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 patrticipants to learn the spatial layout of a virtual neighborhoodadtihatsubjects
seamledy transitioredfrom learning task and JRID VR limited rehearsal between encoding
and retrieva(Nadel & Moscovitch, 1997; Squire & Zelorgan, 1991)Experiments 1 & 2
demonstated that memory alignment effects are not an intrinsic property of spatial
representationafter route learning or combined route and map leartiagrather emerge after
repeated exposure to an environment. Experim@nv@ded evidence for memory afignent
effects after a single map learning experience building on prior work detailing the differences
between knowledge from routes and mdpasproviding new insighinto the interaction of
information acquired during route and map learning. Specificdle 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, suggetbiat route information may retroactively interfere with

memory alignment effects generated from map learning.
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In Chapter 4, weimedto replicate previous findingZhang et al., 2014nd extend
them to directly test hypotheses regarding how the availability of botHikeagllo-generative
information and routdike egogenerativenformation 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
remotecontrolhuman 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 JRDefqudriments 1la and 2a)
and SOP (sulexperiments 1b and 2b). Vd&d not replicate the exact pattern of results from
Zhang et al. 2014sing timed map learning. We did, howeveplicae thebasicpattern of
resultsusing a criterion map learning task that required correctlytiposig all eight target
landmarks in the environmewe also further elucidate the egenerativity 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 ilegruas negatively correlated with error
on both the JRD and SOP tasks, suggesting that both modalities readily provgenegative
andallo-generative spatial cuedl/e were surprised to find that hybrid learning performance was
related to SOP but noRD performance; thisuggestshat contrary to our prediction that hybrid
learning would more readily provide both egmd allegenerative information, hybrid learning
was only particularly useful for the more egocentric SOP. tHisis could be taken asidence in
support of the Predomination Hypothesis, favoring the egocentric reference Wéutewe did
not anticipate the complete absence of any correlation between criterion map learning and our
memory tasks, this may be a product of the efficacgafiing from the criterion map task.

Qualitatively, in the lower right panel &igure8, several participants appear to perform quite
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well on the memory tasks, regarsibeof 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 advancdogents
disseminating findings from some of the first results utilizing commercially available immersive
VR interfaces and introducing an opsource tool, Landmarkspif 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 egocerdnd 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 continupateantilly
manipulatirg it to aid spatial cognition. However, further research is requiresbtdirm the
interpretations and conclusions drawn from these aladareconcile them with cognitive and

neural models of spatial processing.
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Abstract
Research into the behavioral ameural correlates of spatial cognition and navigation have
benefitted greatly from recent advances in virtual reality (VR) technology. Devices such as
headmounted displays (HMDs) and omnidirectional treadmills provide research participants
with access ta more complete range of bebgsed cues, which facilitate the naturalistic study
of learning and memory in threkmensional (3D) spaces. One limitation to using these
technologies for research applications is that they almost ubiquitously requiratiotegvith
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 progragianguages 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 dragd-drop expefninents using no code, with the flexibility of
allowing for users to modify existing aspects, create new content, and even contribute their work
to the opersource repository via GitHub, if they so choose. Landmarks is actively maintained
and is supplementeby 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 struthere in
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 realitgity
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Landmarks: A solution for spatial navigation andmogy experiments in virtual reality

One challenge for studying naturalistic behaviors, such as navigation, in the laboratory
involves the threelimensional (3D) nature of such behaviors. There are many solutions for
designing twedimensional (2D) visio#based experiments, such as Psychophysics Toolbox
(Brainard, 1997)E-Prime(Psychology Software Tools, 201@&nd PsychoP¢Peirce et al.,
2019) Research using 3D environments, however, has largely relied on videogame engines such
as Unity (Unity Technolgies, 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 caeielgxt
difficult for those without extensive programming experience or knowledge of videogame design
principles. Whil e many VR hardware developer
that aid users in integrating the associated hardwarexrsting 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 agsatkages. Here, we describe a new custom asset package for
building, developing, and deploying navigatibased experiments on desktop and in VR using
the freely available, for personal use, Unity
been inégrated with the Unity engine and several Unity asset packages to creatérizndigr
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 nagation 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, obje@tieesA 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 providesany useful features for game development while being free for
personal use. Other free game engines, such as Unreal Hagio&ames, Cary, NGhay
provide more advanced features than Unity, but have not been available for long. Unity has
extensive oline 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 devglment platform is the Unity EditoF{gure 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 appliations in reatime. An indepth description of Unity and the Unity Editor is beyond
the scope of this paper, but a glossary of Unity tgkamsty Technologies, 202@jiscussed in
this paper can be found Box 1, and an example configuration of the Urtigtitor is shown in
Figure 1, featuring several oftensed windows. EXxisting content can be used via-drakdrop
functional ity across the various windows of
extended through the use of external tools iidlg 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 develagrhenvironment (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: Hierarchwindow, 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 UnityEditor rather than via code.

Unity Terms
Asset Any media or data that can be used in your game or Project.
Asset may come from a file created outside of Unity, such as i
model, an audio file or an image.
Asset Package A collection of files andlata from Unity Projects, or elements o

Projects, which are compressed and stored in one file, similar
Zip files. Asset packages are a handy way of sharing ansimg

Unity Projects and collections of Assets.
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Camera

Character Controller

Child

Component

GameObject

Layer

Parent

Prefab

Project

Properties

12C

A component which creates an igeaof a particular viewpoint in
your scene. The output is either drawn to the screen or captu
as a texture.

A simple, capsulshaped component with specialized features
behaving as a playeros avat ¢
SeeParent

A functional part of a GameObject. A GameObject can contai
any number of components. Unity has many Boittomponents,
and you can create your own by writing scripts.

The fundamental object in Unigceneswhich can rpresent
characters, props, scenery, cameras, waypoints, and more. A
GameObjectds funct iCompanentst y i
attached to it.

Layers in Unity can be used to selectively opt groups of
GameObjects in or out of certain processes or tzlons, such
as being rendered by the camera.

An object that contains child objects in a hierarchy. When a
GameOhbject is a Parent of another GameObiject, the Child
GameObject will move, rotate, and scale exactly as its Parent
does. You can thin&f parenting as being like the relationship
between your arms and your body; whenever your body move
your arms also move along with it.

An asset type that allows you to store a GameObject complete
with components and properties. Tgrefab acts as a template
from which you can create new object instances in the scene.
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 &
Asset and Scene files.

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 Sc
you place your environmesytobstacles, 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 exampl eq Taog
any item the player can eat in your game.

Texture An image used when rendering a GameObiject to give it visual

detail.

Box 1. Gl ossary of Unity terms discussed, taken
(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 reducinthe 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 Landmar(@icROvenGames,

Sunnysde, 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 wereuagemented 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 expenitsién 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, Mieh&tarrett 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 o TC Vive (HTC Corp., New Taipei, TWheadmounted display
(HMD), Landmarks required further revisions to accommodate yet another new and unique
software development kisee Huffman & Ekstrom, 2019a, 2019b; Liang et al., 2018)

Thechallenge 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. thadil revisions
extended this modularization to the experimental tasks available in Landmarks and automation of
settings and configurations that previously required interfaceaskspecific modification by
the user. This resulted in a significantly rmaisetfriendly 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 integratith desktop and VR interfaces
for the design of 3D experiments. Users can choose to create 3D experiments quickly and easily
using draganddrop mechanics within the Unity Editor with no programming necessary, or they
can choose to program new tasksl 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 éatures 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 $ychologists and cognitive
neuroscientists from a range of backgrounds with varying levels of experience in programming
and software development. Landmarks can be described as loosely conforming to specific,
formalized software design principles. Aftdentifying a question, or problem, experimental
design often involves creating a paradigm to test hypotheses regarding that problem, piloting
these paradigms, and repeating this process until the paradigm is optimized to address the
guestion/hypothesis. r$urprisingly, 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 philosopliflighsmith, 2013) Adaptive Softwar®evelopment 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 fmantributions 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 repositodicative of a high
speed. While many of thesentnobutions 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 softwareadicative of high change. This high change
and highspeed model of software development allows Landmarks to adapt to the demands of
users, including staying djp-date with the rapidly evolving landscape of VR hardware.
Framework

To implement the features in Landmarks while allowing for high change devetdpm

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), Environmemd88ls; e.g. streets, props,
buildings), and Data (output files; e.g. text files or-tedimited files). The first three are

visually present in the implementation of Landmarks (see Hierarchy windbigune 1),
_Landmarks_.prefab (Landmarks Prefab)tiasset 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 powerfiéatures 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_PlayerCentobBcript
(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 desigo axgame engine such as Unity.
Empirical research often visualizes this intrinsic framework in methods sections with figures that
generally comprise a dt iimgithdr pictuedor descriptionseof e x per i
each component of the expednt ordered from lefto-right or topto-bottom. Similarly,

Landmarks implements this framework in the form of Unity GameObjects and child
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GameObjects, specifically the ATa¢figued GameObj
Hierarchy window). Just axperiments 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
vi sual organization tasks in the form of child
we will describe how these timelines and tasks function internally as finite state machines
following a general structural framework.

The ATasks o0 Ga mkotejexperimentaldasks that wilstake 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 stae 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 veittitttrebegin
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 untiesiches 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 expeent, the Experiment finds and identifies
an ALM_Timeline.o This timeline is a |list of
(any object with TaskList.cs attached can be referred to as a TaskList). TaskList inherits from
the basdevelclas defined in AExperimentTask.cso (any

inheriting from ExperimentTask.cs, which can be referred to as an Experimentalask
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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 fAcl ean upo aft
tasks that inherit from it. TaskList will hierarchicallyrgaout 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 essentiallyte e f i nite states (start, upda
GameObiject 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 trexperiment 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 taslevant target objects in the environment before
executdkngo falmd any chil d ExperimentTasks nest e
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 ddsignis
largely handled through simple organization of GameObjects within the Landmarks prefab
because most of the 3D model-igelesaatfeataresofthey as i
environment), with a select few serving as experimentally artaiget objects and tas&levant

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 morad¢dskant GameObjects, with the
tag At ar getid aamdk ttsneBadddopemnted,deEguele
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 exising 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 writterbyakne to a central lodjle (.log
extension; e.g., player position, player rotation, task state, etc. on a royraoniment basis)
using the dblog class. Variables and values that we anticipate being immediately relevant for
processing and analyzing behavioral data are addeduaent 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 containseddorded data in a lirkey-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 éngle header row, compatible with most data analysis
software. Table 1shows 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 singlraw data file (.log) as well as a formatted file (.csv) for each unique task

included in the experiment timeline.

task block trial Navigate_  Navigate Navigate__ Navigate__ Navigate__

target actualPath optimalPath excessPath 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 softwackage 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 progremingi 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 hat 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. séithtLandmarks
users are by no means restricted to the preconfigured prefab tasks that come bundled with
Landmarks.

An appealing aspect of Landmarks is that u
Figure 2. That is to say that users whose expental designs or tasks require varying levels of

compl ex additions or modifications to Landmar
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comprehensive understanding of the C# programming language to implement such changes.
Rather, Landmarks offers iramental levels of abstract usases which require only
commensurate, incrementally greater understanding of Unity an&iGére 2shows four

example tiers of software and programming abilities, sample descriptions for what users could
accomplish at eackkill level, and an example implementation in the context of a spatial

cognition experiment built in Landmarks.

Software Level User Level Implementation

Unity Editor Specialized Experiments Melding navigation and SOP into
Game Objects/ Modify prefabs or their one task (e.g., point back to start
Components parts in Unity Editor location after each navigation trial)
C# Novel Experiments Add a new change detection task
derived classes; Code new tasks within the where thereis a 50% chance one
Using template scripts Landmarks Framework target changes color each trial

Figure 2. Landmarks offers a low barrier for entry-level use while maintaining a high
ceiling for customizability. Each tier describes a leel 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 scer@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 uselimity 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 packagesae 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) anapen 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 gasyse, highquality 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-trismdly 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, BellewvA), 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 t@r can be downloaded or cloned from GitHub
(https://github.com/mijstarrett/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 otiperted 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 aoyrother 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 lmevered, 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 I mages ar ound andsubsenpddy readertthatsmageendhmsceney a
and game. A detailed description of Unityos
the scope of this paper. This folder of the Landmarks package contains any materials, shaders,
and textures thatvere 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 adibr ect ory namedd fAbase_ st
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 includedtwi ektleasdmwmar hsnd a
supply prewritten text to any object that sup
contains the unformatted text, APl ease remove
is dragged ont or ttyh eo fii mele afgRandngmdbopgdask i ment 0
ExperimentTask GameObject (sekigure 1, Hierarchy window), the next time the experiment
is run, participants will be greeted with a d

takeashortbeek , 0 i nstead of the defaul t wel come mes
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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 aumstscripts 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 thinity Editor (see Figure 1). Clicking on a GameObiject
reveals any scripts attached as components of that GameObject so that basic properties (e.g., the
number of times to run a navigation task) tha
window (e 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 properlgwld require extensive documentation
and troubleshooting. Fortunately, because these configurations are largely shared across
experiments, Landmarks comes packaged with preconfigured GameObijects that already have all
the necessary scripts attached andcong ur e d . I n Unity, such GameO
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 easilynodify 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, s&ox landFigure 2 The LM_Dummy.cs (LM_Dummy) scriis 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_Dummydsal 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 creatiragppfigured
GameObjects, called prefabs. These prefiasag already have scripted components attached to
them as well as other GameObjects nested with
inherit the properties of their Aparents, o ob
see Box 1 fomore 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 alreadly)define Uni t y 6 s
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 obthe usefriendly framework and facilitate
the draganddrop 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 designe@haract
Timeline, Environment, and Data (see section on Frameworkignde 1). Characters are
handled by selecting the desired user interfa

(e.g., ViveRoomspace for HTC Vive in an open room), Timeline isledray adding any
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prefabs with the ATASK_ o6 prefix or any GameOb
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)i he ALM_Envi ronment
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 videogam@&¢sed). Scers
are saved individually in a Unity project usi
Editor or loaded at runtime in a game. In Landmarks, a scéne &vironment used for an
experimental session, e.g., a 50x50 meter arena with coloréxdoral 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., Landmarkpecifc prefabs that facilitate specific experimental tasks, such as
a navigation task or a map learning task) that users caradckdyop into the scene. This
structure makes it easy to change the environment used for an experiment developed with
Landmarks (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 customizsathegvs.
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, capglitgler), and two
experimental prefab tasks (TASK_LearnTargets.prefab and TASK_NavigationTask) configured.

Users need only open the scene and click dpl a
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Proprietary

Some resources that have been used witheated 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 whave 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 arh(whicannot distribute
freely) would cause bugs and errors. At the time of writing, Landmarks provides support for
proprietary assets and code for Cyberithods Vi
Kat VR6s Katwalk omnidiréeosi dngkl esea€m)l | apHa
integration for eye tracking with HTC Vive (Tobii Pro, Washington, D.C.). A complet&-up
date list of all proprietary products and assets that are supported by or have confirmed
compatibility with Landmarksisaval abl e on t he Landmar ks Wi ki A /

https://github.com/mijstarrett/Landmarks/wiki/Abduandmarks

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 pubiic e

Landmarks Wiki covers a range of topics, including setting up Landmarks with GitHub, using
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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 Landmanksimuscripts 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 caa 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@aodded to
the YouTube (YouTube LLC, San Bruno, CA) plat
with Landmarks, 0 serves as the most comprehen
accessing the GitHub page to download Landmarks, buildingm®onments with free 3D
assets in Unity, creating dragnddrop 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 uger®llow 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 freelyablaibr 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

APPENDIX AT LANDMARKS 137

that powers it, and if virtual reality is supported) as well as how content (the experiment) is
created, implemented, and analyzedhst solution.
Virtual SILCton

Virtual SILCton(Schinazi et al., 2013; Weisberg et al., 2014; Weisberg & Newcombe,
2016)i s a recreation of the Temple Universityos
Sketchup (Google LLC, Mountain View, CA), vdhi 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 prary 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 rowiearning task where various routes, and their connections,
are learned. In additioW,rtual 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) scaléHegarty et al., 2002}he Philadelphia Spatial (Verbal) Ability Scale(segarty
et al., 2010)the Mental Rotation Tagkandenberg & Kuse, 1978and a modified version of
the Spatial Orienting TaqlHegarty & Waller, 2004) Researchers can also opt to include free
exploration, orsite pointing, map arrangement,-sffe poining, 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 naviga 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 sui®@Viener et al., 2019)as developed in Unity and is delivered
as a standalone application for Windows platforms, named Intersections. While the standalone
application does not support VRe 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 Testig 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: oginal, route repetition, and route retraciiffigy descriptions of each, see Wiener et
al., 2019) All three tasks take place in a feway intersection that serves as the virtual
environment. Users can also modify the parameters of the various tasgsthestonfiguration
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 modificationsyt these are not discussed by the authors.
Experiments in Virtual Environments (EVE) Framework

The Experiments in Virtual Environments (EVE) framew(@8tibel et al., 2017f a
Unity project designed to assist experimenters in the creation, implemengatcanalysis 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 systed to store experimental data, a structured
guery 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

0S). 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://githubcoam/
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 redoiise environments, and users are able to
create the own environments as well in the Unity Editor. Like Virtual SILCton, EVE also
includes questionnaires such as the SBSOD, availablefdbée-box. As with Landmarks, EVE
contains several preonfigured tasks that can be dragged and dropped into ariregpe 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, onthe otherhandjougp a fA. |l ogo t hat

inspected and mani pul ated by any text editing

file. While there are many advantages to using centralized database, SQL presents additional
installation and system requiremefas EVE to function oubf-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 Frame{btk; Brookes
et al., 2020)a Unity project that provides the core building blocks of an experiment via a
structured framework that users harness sagihetheir experiments in Unity. The authors note
that UXF is only compatible with Windowsased Unity projects. UXF is also the only solution
that explicitly includes support for immersive VR HMDs -aiitthe-box. UXF is freely

available on GitHubH(ttps://[github.com/immersivecognition/unigxperimenframework).
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One potential advantage of using UXF is that it was developed as a more-gengoske
experiment building tool, relative to EVE and Landmarks which were developed largely based
on the resaah 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 gdvafiideX,
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 generfatectioning 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 solutionsdogating 3D navigation experiments. The
Python ExperimenProgramming LibraryPyEPL; Geller et al., 200provides a flexible
framework for more technically proficient users. Unlike Landmarks, PyEPL focuses on flexible
customization through programmingther than dragnddrop 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 foiMac OS, Linux, and Ubuntu (i.e., not Windows).

Another Python solution, PandaEP%olway et al., 2013)provides more 3D capabilities
than PyEPL and utilizes the Panda3D graphics er{@nslin & Mine, 2004)as opposed to the
in-house engine used for PFE. Despite these added benefits over PyEPL, PandaEPL is still
marketed for those proficient in the Python programming language. Although personal

preference may play a rol e, novice users may



APPENDIX AT LANDMARKS 141

documentation and largeser 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 endusers they were developed for. Additional information as well as other software from
the crators 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 custotitizabth 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. biker Unitybased solutions,
Landmarks is freely available on GitHufittps:/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@bne 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,ral both appear to require additional configuration by theuseds 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.garé eyl
Mouse, HTC Vive, etc.). To our knowledge, Landmarks provides direct compatibility with more
immersive VR devices, outf-the box than any other solution described, with support for more
devices currently in development.

As we mentioned abovegmme 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 afgdraguts 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, respégtivom
https://rdrr.io/github/cogethz/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 LandmalR® 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 analis.

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 functionirtynultiple, 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 eiibility 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 ol#in preformatted data ready for individual grouplevel 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 aral selgions
for this purpose, we believe that Landmarks provides an ideal balance betweefiessesand
customizability, making it useful for novice and experienced users alike in terms of the Unity
engine or coding in C#. Landmarks is freely availabpensource software
(https://github.com/mjstarrett/Landmarks). €dithe-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 nding 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, reprodugible, o
source solution for designing and implementing navigation experiments that requires no
programming experience. While we will continue expanding the library ofainelgrop tasks
and refining the functionality of Landmarks, opsource software onlyuly 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 bemieféducing 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 Landmarksnithe 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 lmarks 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 drbegin 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 Wmityosexemessi(dm) est we § é
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 ithe 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 clobdsed server until the experimenter retrieves it. Currently,
this is implemented using Microsoft Azure (Microsoft Corp., Redmond, WA) and an
accompanying asset package (httpghlb.com/BrianPeek/AzureSamplesity), ard
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-bbsed 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 theditdeagand

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 thahepe 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 de&a 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 intieliatited .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 Renvironmen(R Development Core Ben, 2016}that will eventually become
an opersource Rpackage, 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., peration test to compute individual chance performance on
pointing taskgsee Huffman & Ekstrom, 2019} functions to draw traversed routes from
navigation over 2D imagdsee Figure S2 from Starrett et al., 2Q1%5 well as new analysis and
plotting fundions. 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 Latedmar
Navigate by Starr LITE: A Standalone Application for Experimental Design

Landmarks was coded with easfeuse in mind and many of the updatesd&te, have
focused specifically on making Landmarks easier to usefeilieb o x whi | e mai nt ai n

ability to modify and create new experiments from existing source code. vidpwiais 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 readyo-use environments and dragd-drop tasks will grow. Once

Landmarks has reached a critical mass of environtasktcombinations, the need to even drag
anddrop objects in a Unity scene may become somewhat unnecessary.

A long-term goal of Landmarks is to create a standalone agiplicénat 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 addssons, 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 bernen the next time the application is opened (e.g., for another
subject). Ths, 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 usentcibutions 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 Landarks 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 aldgaeceived ongoing support for over a

decade from within the HSC | ab under Dr . Ek st
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Landmarks has been significantly reengineered and refactored to facilitate a lower barrier for
entry into designing 3D expements 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 usemél 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 @nensure 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 Landmagkgptind 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 iatnally 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 thefioumidr longterm

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 providadpterm 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 yefnisedly solution to
creating3D virtual reality experiments. This is particularly critical at a time when VR is
experiencing widespread and growing adoption in research applications. We have outlined the
philosophy and framework through which Landmarks meets this need while aipariog
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 dis@sion 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 irhouse programmers permanently or on aneeded basis, may find little immediate
beneit to using Landmarks given the-laand 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 canndtitaiessional ifhouse
solutions, labs whose-inouse 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.oFexample, 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 thhe 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 Landmarke be widely implemented in VR experiments and as
userfriendly as possible. Landmarks is freely available via a public repository on GitHub
(https://github.com/mijstarrett/Landmarks) and contains a wiki with information and instructions
for using Landmadss to design experiments (https://github.com/mjstarrett/Landmarks/wiki).
Il nformation is also available via the Human
(http://humanspatialcognitionlab.org/software/), which provides links to obtain the current
versionof 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
guestions, issues, bug reports, and suggestions.

Author Note

Support

This wak was supported by funding from thiational Science Foundation (NSF BCS
1630296), the Sloan Foundation, the Hellman Young Investigator AterdNational Institute
of Neurological Disorders and Stroke (NINDS RO1NS076856) awarded to ADE. DJH was
suppored by the National Institute of Mental Health (NIMH F32MH116577).
Author Contributions

MJS wrote the majority of the revised code in the update to version 2.0 and is the primary
contributor of new code and wiki content as well as maintaining the codeposltory. MJS,
ASM, CTK, JDS, DJH, DNS, and BSK contributed to the modification and updating of prefabs,

scenes, scripts, and text files. JL wrote the codebase and released version 1.0 of the package.

S



APPENDIX AT LANDMARKS 15C

All contributions were made under the supervisibADE. MJS wrote the manuscript. ADE
and DJH provided critical revisions. All authors approved the final version of the manuscript for
submission.
Acknowledgements

The authors would like to thank past and present lab members and undergraduate
research ssistants who have worked with Landmarks as well as anyone outside the lab who has
downloaded and used Landmarks. The authors also acknowledge the help of Dr. Oliver Kreylos,
who provided consultation and assistance in acquiring new virtual reality hrardne
interfaces.
Open Practices

Landmarks is licensed under the GNU General Public License v3.0. All relevant files
and source code are available at https://github.com/mjstarrett/Landmarks.
Data Availability Statement

Data sharing not applicable tagfarticle as no datasets were generated or analyzed.



APPENDIX AT LANDMARKS 151

References

Brainard, D. H. (1997). The Psychophysics Toolb8yatial Vision10(4), 433 436.
https://doi.org/10.1163/156856897X00357

Brookes, J., Warburton, M., Alghadier, M., M@tilliams, M., & Mushtaq, F. (2020). Studying
human behavior with virtual reality: The Unity Experiment Framewd@&havior
Research Method§2(2), 455 463. https://doi.org/10.3758/s134Z8.9-012420

Geller, A. S., Schleifer, I. K., Sederberg, P. B., Jacobs, J., & Kahana, M. J. (2007). PyEPL: A
crossplatform experimenprogramming libraryBehavior Research Methgd3(4),

9501 958. https://doi.org/10.3758/BB092990

Goslin, M., & Mine, M. R. (2004). The Panda3D graphics enddwenputer37(10), 112 114.
https://doi.org/10.1109/MC.2004.180

Gribel, J., Weibel, R., Jiang, M. H., Hdlscher, C., Hackman, D. A., & Schinazi, V. R. (2017).
EVE: A Framework for Experients in Virtual Environments. In T. Barkowsky, H.
Burte, C. Holscher, & H. Schultheis (EdsSpatial Cognition Xpp. 159 176). Springer
International Publishing.

Hegarty, M., Crookes, R. D., Dafbrams, D., & Shipley, T. F. (2010). Do All Science
Disciplines Rely on Spatial Abilities? Preliminary Evidence from $effort
Questionnaires. In C. Holscher, T. F. Shipley, M. Olivetti Belardinelli, J. A. Bateman, &
N. S. Newcombe (Eds.ypatial Cognition VIpp. 85 94). Springer Berlin Heidelberg.

Hegarty,M., Richardson, A. E., Montello, D. R., Lovelace, K., & Subbiah, 1. (2002).
Development of a selleport measure of environmental spatial abilitgelligence

30(5), 425 447. https://doi.org/10.1016/S01-2896(02)0011&



APPENDIX AT LANDMARKS 152

Hegarty, M., & Waller, D. (2004 )A dissociation between mental rotation and perspettkmg
spatial abilitiesIntelligence 32(2), 175 191.

https://doi.org/10.1016/J.INTELL.2003.12.001

Highsmith, J. (2013)Adaptive Softwar Development: A Collaborative Approach to Managing
Complex SysteméddisonWesley.

Huffman, D. J., & Ekstrom, A. D. (2019a). Which way is the bookstore? A closer look at the
judgments of relative directions taslpatial Cognition & Computatiqri9(2), 9Bi 129.
https://doi.org/10.1080/13875868.2018.1531869

Huffman, & Ekstrom, A. D. (2019b). A Modalitindependent Network Underlies the Retrieval
of LargeScale Spatial Environments in the Human BrBiauron 104(3), 611 622.e7.
https://doi.org/10.1016/j.neon.2019.08.012

Liang, M., Starrett, M. J., & Ekstrom, A. D. (2018). Dissociation of fremalline deltatheta
and posterior alpha oscillations: A mobile EEG stuRlgychophysiologyp5(9), €13090.
https://doi.org/10.1111/psyp.13090

Peirce, J., Gray, R., Simpson, S., MacAskill, M., Hochenberger, R., Sogo, H., Kastman, E., &
Lindelgv, J. K. (2019). PsychoPy2: Experiments in behavior made®&elsgvior
Research Method81(1), 195 203. https://doi.org/10.3758/s134p8801193y

Psychology Software Toqglénc. (2016)E-Prime 3.0 [computer software]

R Development Core Team. (201R). A language and environment for statistical computing. R
Foundation for Statistical Computin® Foundation for Statistical Computing.

https://www.rproject.org/


https://doi.org/10.1016/J.INTELL.2003.12.001

APPENDIX AT LANDMARKS 15¢

Schinazi, V R., Nardi, D., Newcombe, N. S., Shipley, T. F., & Epstein, R. A. (2013).
Hippocampal size predicts rapid learning of a cognitive map in huridgnsocampus
23(6), 515 528. https://doi.org/10.1002/hipo.22111

Solway, A., Miller, J. F., & Kahana, M. J. (28). PandaEPL: A library for programming spatial
navigation experiment&ehavior Research Methgd¥y(4), 1293 1312.
https://doi.org/10.3758/s134A8.3-03225

Starrett, M. J., Stokes, J. D., Huffman, D. J., Ferrer, E., & Ekstrom, A. D. (2019). Learning
dependent evolution of spatial representations in l@ggde virtual environments.
Journal of Experimental Psychology: Learning Memory and Cogniig3), 497 514.
https://doi.org/10.1037/xIm0000597

Unity Technologies. (2020Wnity User Manual (2020.2 pha)
https://docs.unity3d.com/Manual/UnityManual.html

Vandenberg, S. G., & Kuse, A. R. (1978). Mental rotations, a group test ofdinmeasional
spatial visualizationPerceptual and Motor Skillgl7(2), 599 604.
https://doi.org/10.2466/pms.1978.47.2959

Weisberg, S. M., & Newcombe, N. S. (2016). How Do ( Some ) People Make a Cognitive Map?
Routes , Places , and Working Memalgurnal of Experimental Psycholodygarning
Memory and Cognitiod2(5), 768 785.

Weisberg, S. M., Schinazi, V. R., Newcombe, N. S., Shipley, T. F., & Epstein, R. A. (2014).
Variations in cognitive maps: Understanding individual differences in navigation.
Journal of Experimental Psychology: Learning Memory and Cognitiogs).

https:/Hoi.org/10.1037/a0035261



APPENDIX AT LANDMARKS 154

Wiener, J. M., Carroll, D., Moeller, S., Bibi, I., Ivanova, D., Allen, P., & Wolbers, T. (2019). A
novel virtualreality-based routdearning test suite: Assessing the effects of cognitive

aging on navigatiorBehavior Research Mabds 2. https://doi.org/10.3758/s134A8 9

012648


https://doi.org/10.3758/s13428-019-01264-8
https://doi.org/10.3758/s13428-019-01264-8

APPENDIX BT EVOLUTION OF SPATIAL REPRESENTATIONS 15¢

APPENDIX BT STARRETT ET AL . (2019);J. EXP. PSYCHOL. LEARN. MEM. COGN.

LEARNING-DEPENDENT EVOLUTION OF SPATIAL REPRESENTATIONISI LARGE-

SCALE VIRTUAL ENVIRONMENTS

Article originally published inJournal of Experimental Psychology: Learning, Memory, and
Cognition This manuscriptersionand the supplemental materiai/e beenincludedwith the

authorso6é permission.

Citation

Starrett, M. J., Stokes, J. D., Huffman, D. J., Ferrer, E., & Ekstrom, A. D. (2019). Learning
dependent evolution of spatial representations in aogée virtual environmentdournal of
ExperimentaPsychology: Learning, Memory, and Cognitid(3), 497 514.

https://doi.org/10.1037/xIm0000597

Supplemental Materials

http://dx.doi.org/10.1037/xIm0000597.supp


https://doi.org/10.1037/xlm0000597

APPENDIX BT EVOLUTION OF SPATIAL REPRESENTATIONS 15€

LearningDependent Evolution of SpatiRlepresentationis Large Scale Virtual Environments
Michael J. Starrett, Jared D. Stokes, Derek J. Huffman, Emilio Ferrer, and Arne D. Ekstrom

University of California, Davis

Author Note

Michael J. Starrett, Center for Neuroscience Regartment of Psychology, University of
California, Davis; Jared D. Stokes, Center for Neuroscience and Department of Psychology,
University of California, Davis; Derek J. Huffman, Center for Neuroscience, University of
California, Davis; Emilio Ferrer, Qrartment of Psychology, University of California, Davis;
Arne D. Ekstrom, Center for Neuroscience, Department of Psychology, and Neuroscience
Graduate Group, University of California, Davis.

This research was supportedM@FBCS1 6 30296 and the UC Davi s
Award.

Data and narrative interpretations from this research have been disseminated previously
the following conferences: Annual meeting of the Society for Neuroscience (SfN; Nov 2016),
Spatial Cognition 2016Aug 2016), the annual meeting of tegnitive Science Association for
Interdisciplinary LearningCSAIL; Aug 2017), and various internal academic and outreach
presentations at the University of California, Davis.

Correspondence concerning this articletdtd be addressed Michael Starrett
Department of PsychologVniversity of California, DavisDne Shields Avenue, Davis, CA
95616

E-mail: mjstarrett@gmail.com



APPENDIX BT EVOLUTION OF SPATIAL REPRESENTATIONS 157

Abstract
An important question regards how we use environmental boundaries to anchar spati
representationduring navigation Behavioral and neurophysiological modatspear tgrovide
conflicting predictions, and this question has been difficult to answer because of technical
challenges with testing navigation in novel, lasgale, realist spatial environmentsWe
conducted an experiment in whiphrticipants freely ambulated on an omnidirectional treadmill
while viewing novel, towrsized environments in virtual reality on a headunted display
(HMD). Participants performed interspatgadgments of relative direction (JRD) to assay their
spatial knowledge and determiwéen during learning they employedvironmental boundaries
to anchottheir spatiarepresentationsWe designed JRD questions that assayed directions
aligned and misaned with the axes of the surrounding rectangular boundaries and employed
structural equation modeling to better understand the lead@pgndent dynamics for aligned
vs. misaligned pointingPointing accuracy showed no initial directional bias to bauied
although such fAalignment effect s OPregxpaburetaner g e
a map in Experiment 2 led to similar overall findings control experiment in which
participants studied a map but did not navigate the environnmeméver, demonstrated
alignment effects after a brief, initial learning experien€ur results helpo bridge the gap
between neurophysiological models of locatgpecific firing in rodents and human behavioral
models of spatial navigation ®mphasizing the experiendependent accumulation of route
specific knowledgeln particular, our results suggest that the use of spatial boundaries as an
organizing schema during navigation of laggmle space occurs in an experiedependent
fashion.

Keywords spatial cognition, navigation, learning, memory, virtual reality
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LearningDependent Evolution of Spatial Representatiorisarge Scale Virtual Environments

Representations of spatial information from our surrounding environment are critical fo
accomplishing everyday cognitive operations, such as navigating our neighborhood or an
unfamiliar town we are visitingyet what factors influence how we encode and retrieve this
information remains debated. During navigation, the human brain recetie$iaw from the
visual system as well as bothased cuesncluding headdirection representations from the
vestibular system and proprioceptive and somatosensory input regarding gait and other aspects of
movement. Previous studies of human learnirgraemory in largescale (towrsized)
environments have utilized desktop compdttased virtual reality (VR) interfaces comprised of
a visual display monitor and joystick or controf@han, Baumann, Bellgrove, & Mattingley,
2013; Zhang, Zherdeva, & Ekstnp 2014) A growing body of literature, however, suggests that
such Adesktop VRO interf aaverld expeaencexumtoakmakc ur at e
of vestibular information or, more importantly, proprioceptive informaf@nrastil & Warren,
2012, 2013, 2014; Ruddle & Lessels, 2006, 2009; Ruddle, Payne, & Jones, 1999; Taube,
Valerio, & Yoder, 2013; Waller, Hunt, & Knapp, 1998Jhus, exactly how we form spatial
representations in novel, largeale spatial environments during free navigatwinch involves
usingbody-based cuesemains unclearTo address these issues in studying kacpde, city
sized virtual navigation, we used a novel, immersive VR interface that incorporates vestibular
information via a heathounted display (HMD) as wedis proprioceptive and bodyased
rotational information via an omnidirectional treadmill.

Onefrequently reportefinding from studies in smalcale spaces is that participants
recall information faster and more accurately about relative locations of objects in an

environment when aligned with its surrounding spatialgeomey , t er med fdal i gnmer
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Specifically, when participants aqgarallel 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 & MeNa

2001) Thus, alignment effects appear to be a fundamental component of even nascent spatial
representations and spatial mem@fjaller, Montello, Richardson, & Hegarty, 200Xpne

important consideration when interpreting these results fromsmall e fAvi st a spaces
the entire layout is visible from one viewpoint, involves whether alignment effects would be
presentimmediately inlargec al e fienvironmental spaces, 0 i n \
be as evidentEkstrom & Isham, 201 Meilinger, Strickrodt, & Bulthoff, 2016; Montello, 1993;

Wolbers & Wiener, 2014)

Alignment effects are often thought to manifest based from two different components:
relative to an observeroés physi calrontbarlobgk) posi t
or based on imagined perspectives relative to the geometry, namely the salient axes, of an
environment.Mou, McNamara, Valiquette, and Rump (2084pwed that, in smaficale vista
spaces, alignment effects were stronger when aligneanhotvith 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 bettgrerformance when imagined and physical body headings were identical
was abolished when testing occurred in a different, adjacentidelty, Avraamides, &

Loomis, 2007) That is to say, when testing occurred in the same room as learning, there was a
bendit 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 novebement. Upon



APPENDIX BT EVOLUTION OF SPATIAL REPRESENTATIONS 16C

returning to the -baaedbdbngligamegnthbsnédbotdyret
participants were asked to always imagine themselves at the center of the testing room with the
heading object diremotybpsedof abhgnment heff eath
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 setnge 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 studiedly et al., 2007; Mou et al., 2004nd
occurwith conceptual changes in environment, based on verbal instructions, even in the absence
of a physical room chang&helton & Marchette, 2010)Such salient axes can be defined in
environmental spaces by not only the geometry, but even by gWéetse & Schmidt, 1999)
or landmarkgMarchette, Yerramsetti, Burns, & Shelton, 201While both environmental
(allocentric) and viewpointiependent (egocentric) information play a role in the formation of
alignment effects, our focus in this particular stislgn 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, 139%)
recently learnedlachini & Logie, 2003; McNamara, Rump, & Werner, 20@8yescale spaces,
these studies typically have not investigated alignment effects early in igamaother 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 saitexion 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 menydior the environmental boundaries. For examiglehini 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 theHeamdn. Thus, while there is

clear evidence to support the notion that lssgale representations are, ultimately, not
orientationfree, and that environmental alignment effects are detectable even in recently learned
spaces, exactly when during exposiara 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 cognitioneandry,
similar to Arules of thumbo such as estimatin
representation to be greater than the metrically true sum of 180 dégumses& Bower, 1983)
biasing recall for spatial locations within a circle based aagimed vertical and horizontal
(rather than diagonal) boundariguttenlocher, Hedges, Corrigan, & Crawford, 2QG)d
believing that San Diego is West of Reno (it is r{8tevens & Coupe, 1978pr a recent
review, seéEkstrom, Huffman, & Starrett,017). 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 cagtive phenomena and provide a better understanding of the integration of
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spatial information with environmeispecific detail{Ekstrom et al., 2017)The focus of the
present research was thus specifically on environmental alignment effects iaddegepace,
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, orthogortalpa , it 1 s possi bl e tha
periodo for the devel opment and application o
knowl edge, such as wusing the spatial boundar.i

environment. This would be consistevith 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-iD 2nvironments
(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, 1988)
constrained navigation (running on a track), however, directionality increases wilectpe
traversals of the same place fields during learfiigbott & Blum, 1996; Ekstrom, Meltzer,
McNaughton, & Barnes, 2001; Mehta, Barnes, & McNaughton, 1997; Mehta, Quirk, & Wilson,
2000) Indeed, place cells have been detailed during both encodingtaesial of spatial and
episodic memoriefMiller et al., 2013)and may integrate information across learning and

retrieval by interacting with headirection, grid, and boundary vector cdll@aube et al., 2013)

Thus, several studies in the place G&drature, 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 expe(isiicett & Blum, 1996; Ekstrom

etd., 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 thg 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. Specificallgl sevdels
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 selfor viewpointbased egocentric reference fiesrand allocentric reference frames,
and vice verséByrne, 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 repretsgions with aspects of the environment, such as the
integrating of routespecific trajectories and the surrounding boundaries of the environment (e.qg.,
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, lesgale environmentEmploying an

omnidirectional treadmill coupled with a heatunted display (HMD) was particularly
advantageous because it allowed us to track body position andlineetibn in detail while
continuously interspersing the JRD task during navigation. Texgeriments investigated
environmental alignment effects for spatial representations of such an environment by assessing
spatial memory during repeated learning using judgments of relative dir&tfBr), in which

participants inferred the location otarget based on an imagined heading comprised of two

other landmark targetéi(l magi ng st andingCat)A, EachngxPBerpd
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the modality of learning, as route and map learning have been shown to have differential learning
effectson spatial representations and the JRD task specifiddilyrndyke & 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 negpring. In Experiment 3, participants
learned using only maps. Consistent with the idea that navigation involves a dynamic integration
of routespecific information with environmental geometry (like the environmental boundaries)
during navigation, we Ipothesized 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 regmtesion 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 principledethod for comparing models involving a change in slope (i.e., no
immediate alignment effects) vs. a change in intercept (immediate alignment €fectsj,
Hamagami, & McArdle, 2004; Ferrer & McArdle, 2003; Joreskog, 1971; Judd, McClelland, &
Culhane, 9295; McArdle, 2009; West, Taylor, & Wu, 2012Nonetheless, 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 alignmeritexts 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
emergencen the very first block. To test these ideas, we employed repeated navigation with
interspersed pointing on the JRD task. Participants freely navigated -st¢atge/R
environment with an HMD on an omnidirectional treadmill; following one round of eledis to
each of the eight different stores in the environment, participants performed the JRD task for
aligned and misaligned headings. We then repeated this navig&ippointing 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 largeale space using 24 participants (McNamara et al.,
2003), that approximately such a sample size would be adequate to detectreent 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 & McNam&@1.3). 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 Gfarnia, 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
meetinclusion criteria, 12 because of Wckness, 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 2ar84were used in
subsequent analyses.

Materials. The environmengFigure 1ajand experimental taskgigure 2)were built in
Unity 3D (Unity Technologies ApS, San Francisco, CA) using a modified version of the
Landmarks v1.0 asset pack (developed byl@owratory in conjunction with BrickOvenGames,
http://humanspatialcognitionlab.org/software/). The VE was approximately 2~609.01
meters in size. In addition to various buildings and streets, the environment contained eight
unique shops, which were the targets for navigadiwhthe basis for the JRD questions

Stimuli were viewed through an Oculus DK2 headunted displayfMD) (Oculus VR
LLC, Menlo Park, CA) at a resolution of 9711080 pixels per ey&5 Hzrefresh rateand100
(nominal)field of view. The tasks were run on an ABS Commander (ABS Computer
Technologies Inc., Industry, CAyith anNVIDIA GeForce GTX 970 caphicscard(NVIDIA
Corp., Santa Clara, CA). Participanted &Cyberith Virtualizer omnidirectional treadmill
(Cyberith GmbH, Herzogenburg, Aa} the controller of their movement, with head turns
rendered through the HMFigure 1b and Supplementaldéo S1).

Procedure. Each participant received instructions and practiced until walking
proficiently on the treadmill prior to testir{fpr more information, see supplemental methods)
Participants completesix alternating blocks of a navigation tggkgure 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 encodingéedi cycle (blockone through block s)x
Navigation task. Participants were familiarized with the targBy viewing each of the target

stores in a random order (repeated twice) and saying the namegadwud beginning the
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experiment Participantshenbegan eachavigationblock from one of sixandomizedstarting
locations. Each trial began with text indicategavigation goal (10;digure 2a, uppér
Participants freely navigated the environment until the target store was(feignde 2a, lowex
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 contr¢N&éicrosoft
Corp., Relmond, WA)to respond to JRD questian§uestions were presented in the upper half
of the di sptawd{( Aagmagi Btore A, facing Store B
rotated a virtual compass arrow clockwise (right trigger) or cowahbekwise (left trigger) and
submitted their response via a butfmmess when they were confident in their pointing angle.
There was no time limit, so if participants were unstirey were required to guess. Participants
weretold to prioritize accuracy ovespeed. On each block, participants completed 28 JRD trials,
half of which randomly were alignegarallelwith the rectangular boundaries of the
environment (aligned) and half of which were not (misaligné&d)us, we operationalized
Aal i gnede&headiogs of 0,00, £88, 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 misalignaéter each blockparticipants were prompted
remove the HMD and take a short bre&kample 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 2(Ga
MathWorks Inc., Natick, MA) an&Studio(R Development Core Team, 2016; RStudio Team,
2015) Structural equation modeling analyses were conducted using f#usion 8 Demo;

Muthén & Muthén, 1992010)
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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 distributien of
answers (i.e., not drawn from a uniform distribution around the compass) in the JRD task, were
excluded from analysgsiuffman & Ekstrom, 2017; Huffman & Stark, 201 Briefly, within
each participant, the vector of responses was randomly shuffleti@median error was
calculated. This procedure was repeated 10,000 times to generate aspédgdnt null
distribution. Participants were excluded if their empirical error was not in the lower 5% of the
resultant null distribution (i.e., a ottailed 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 analyGegn 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 prgsses, resulting in only
11 of the totaltrials across all participan{®.27%) beingemoved In subsequent Experiments, a
threesecond delay was implemented on each trial before subjects could submit their JRD
response and, as a result, there wersuch 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 gandard deviations from the grand mean pointing error on each block (across trials and

participants) were excludexs outliers, similar t@hang et al. (2014)
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Latent growth curve modeling (LGIC Because we expected that performance across
learning blocksvould 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 alaglack the power to detecgffects such as the
hypothesized interaction between aligned and misaligegdrmanceparticularlywhenoneof
thefactors hasmore than two level@udd et al., 1995%uch as the block factor in our
experiment Using LGC models within the structural equation model®gN]) framework thus
provides additional power to detebese intergroup (for LGC modeling, we operationalize
group(s) to refer to the withisubject conditions of Alignment: aligned and misaligned)
dynamics dudo the ability tocompare models with various parametetsd to be equair free
to varybased orthe hypothesizedelationships between variabl@dcArdle, 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 i nt er ciegpnd' afspdctivalyirsHgorep33, as( r epr e s
well as variance components for each factor and their covariance (dm#uged arrows in
Figure 3). Performance for each blodky(denoting mean performance on tffelaock) loaded
on both latent factors (the regressions for these factor loadings are represented {heauhere
arrows in Figure 3). The intercept factor loadings were fixed to the slope factor loadings were

estimated. In particular, a latent growthdabwas employed in order to estimate a model with
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the best fitting trajectory to the data, consistent with past approach usingHeG€r &

McArdle, 2003; West et al., 2012J-or this, we fixed the factor loadings for the first and last
block to zero ad negative one, respectively, to represent the total change across learning. The
remaining slope loadingsfor blocks two through fivé were estimated by the model, allowing

for nonlinear chang@-errer et al., 2004)Given that error variability waxpected to decrease
across learning, the model residuas (vith doubleheaded arrow denoting the residual

variance on the'hblock that was not explained by the model; Figure 3) were allowed to differ
for each block.

To evaluate differences in the del among the various alignment conditions, we used a
multi-group approach (note the identically structured models in Figure 3 representing the
aligned/misaligned comparisoniiere,an initial modelWwastestedwhere all parameters for the
two groupswerefixed to be invarianfi.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 testingNext, various parametemserefreedto vay betweemmodel
groups to identify the model that best illustrates differences betweandtel group (Joreskog,
1971) First, basean hypothesized outcomes and possible alternatives, factorial invariance was
relaxed across model groups for eitherdlope 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 modelgups. The models for each group and the relaxation of factorial

invariance constraints described above are illustratétjure3. 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 includings@bare (..), Akaike information
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criteria (AIC), Bayesian information criteria (BIC), comparative fit index (CFl), and root mean
square error of approximation (RMSEA) to select the best fittindet{West et al., 2012)
To quantify evidence in favor of the potential initial absence of alignment effects, JZS Bayes
factors were calculated for the misalig~aligned pointing errors on the first block of each
experimen{Rouder, Speckman, SuMorey, & Iverson, 2009)ising the BayesFactors package
for MATLAB ( https://sampendu.wordpress.com/bafgegors). This test serves to provide
information about the relative probability of obtaining the data under the null hypothesis (no
alignment effects as opposed to tradternative 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 betyleerheadingand pointing
vectorsand the participads estimate of that angld.o evaluatahe specific emergence, or point
at which alignment effects could be detecta@sts 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, B&st, South, West), based on the primary axes of the envirof@egon 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 olo&ach b
that were facing each cardinal direction.

Additional analyses.Details for additionahnalysesincluding JRD response latency,
excess navigation path length, and Rdadction during navigationan 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 stogans were free to
differ between model groups was selected as the best predictor of the actual data (shown as
dotted | ines in Figure 4a). The path diagram
Figure 4b. As shown in Figure 4a, the model pitsdiactual 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 asclearly 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) = 12.64p < .001. The next step inlaxing
factorial invariance, freeing both the latent slope mean and the latent intercept mean, did not
significantly improve LGC model fit,.. (1) = 0.04p > .250; therefore, further difference tests
on more saturated modaelnst ewecreep tn arte acnoon drwocdted d .w i
degrees of freedom as the fAslope meano model
invariance model,.. (1) =11.68p=.001. Consistent with past approaches , we thus selected
the Asl ope medarme mMmdddlercveet meano model , as i
Table 1) across all calculated fit indig@¥est et al., 2012) This model predicted the absence of
an alignment effect on the first block (Figure 4a, dotted lines), meaning thatdadigde
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 changieipresence and strength of
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alignment effects, the fAsl ope meand model pr o
hypothesized dynamics of alignment effgétsrrer & McArdle, 2003) The Bayes factor

calculated for the difference scores for blockido weakly suggested that these results were

most likely obtained under the hypothesis that there was no misalighgded difference in

pointing errorBFo1 = 1.60. Although not definitive, this result is in agreement with the selected

model for prediting the data where overall change is different, but initial performance on

misaligned and aligned trials is equal.

Comparison of asolute pointing error for each aligned vs. misaligned block Based
onoura priori hypotheseswo-tailed paired-tests vere conducted to evaluate differences in
pointing error for misaligned versus aligned trials across each learning block. There were no
significant differences between misalgd and aligned pointing on the first, second, or third
block. Significant aligment effects emerged on the fourth retrieval blmc# 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 justificati(emer&McArdleg fAsl op
2003) Groupaveraged absolute pointing errors for aigned and aligned conditions across
learningare shownn Figure4a Wilcoxon signeerank sum testeevealed the same pattern in
the response latency datdthough we stress the untimed nature of our task and emphasis on
accuracy over speed in the ingitions More information on latencies can be found in the
supplemental materialndFigureS1. Performance was not significantly different between
imagined headings facing in cardinal directions except for on the fourth block, where headings

facing Saith were significantly better than those facing North, although this difference did not
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exist on any other testing blackerformance for each cardinal facing direction across testing
blocks is shown in Figure S7.

Additional analyses. The routes travelttduring navigation (one representative
participantés routes are shown for each bl ock
excess path travelled relative to the shortest possible distance from the start location to the target.
Excess path awistently 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 differenisaligned 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 dimastduring navigation is shown in Figure
S5a, and a comparison of cardinal (i.e.; N, S, E, W) versusdatdmal (NE, SE, SW, NW)
orienting time is shown in Figure S5b. Participants spent more time facing the cardinal
directions starting on block 1, ggesting 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 largeale 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 emgelager 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 misatigerror 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 bythe 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
expasure to a spatial environment.

One potential concern with these results was that the limited exposure prior to the first
bl ock of JRDs may have resulted in participan
variable to detect differences betwesigned 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 thigparticipants were prexposed to a map of the environment,
this would likely reduce their initial pointing error and variability, aling 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 Anoisedo (i . e.tion, greexpesuré tba neap woold provide participaatsl d i
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
dependenphenomenonye 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 mi#gmarning tak prior to navigational learning. We hypothesized that
this relatively loweffort 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 evidemedtfe 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 participantsvho hadnot participated in Experiment were
recruited following the same procedusssExperiment 1. The experimenter withdrew one
participant because of fatigue, two because of computer issues, two who did not meet inclusion
criteria, 13 because of VRicknes, and one who was unable to use the treadmill proficiently.
Data fom 24 participants (11 female), mean &13 yearswere used for subsequent
analyses.

Procedure. The procedure for Experiment 2 was identical to Experiment 1 with the
addition of a magearning task omn external computer monitbetween training and the first
navigation blockFigure 2c) This yielded amtherwiseidentical expgmental design to
Experiment 1

Map task Participants were given unlimited time to study an aerial view ofEhand
learn the names and locations of the egjbtes (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 hey 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 drapem in thecorrectlocation(Figure2c, tes). Participantsrepeatedstudy
and test until they reached criterion (100% correbipte 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 descripti@ee Experiment 1).
Results
Latent growth curve modeling. In total,5.93% of trials were excluded as outliers based
on the same criteriasedin 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 thatlggnment 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 tkparimgént 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) = 22.08p < .001. The next step
in relaxing factorial invariance, freeing thathe latent slope mean and the latent intercept mean,
did not significantly improve LGC model fit,. (1) = 0.01,p > .250; therefore, further
di fference tests on more saturated model s wer
the samedegees of freedom as the fislope meanod mode
complete invariance model, (1) =20.23p< . 00 1. Again, we selecte:q

model as it had numerically better fit indices on all calculated indices (séz3)éberrer &
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McArdle, 2003; West et al., 2012TheBayes factor for block 1 misalignealigned pointing
difference providedufficientevidence that these data were more likely obtained under the null
hypothesisBFo1 = 4.47. This is compatible witihe LGCmodeling results suggesting identical
intercept meani the learning curves for performance aligredsus misalignedRD trials,
consistent with Experiment 1 but with additioeaidencefor the strongetikelihood of a null
result on the firstlock using theatio for the Bayes factor.

Comparison of ésolute pointing error for each aligned vs. misaligned block.
Planned comparisons again revealedalignment effestdetectean the first or second hié.
Significant alignment effects wedetectedon 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 4Groupaveraged absolute pointing errors for misaligned and aligned
conditions acrostearningare shownn Figure 5a Thesame overalpattern of alignment effects
was also present in the response latency dagaieS1). Performance was not significantly
di fferent between i ma gndany othethheadingsincpslinal aci ng AN
directions (Figure S7).

We compared the first block of JRD pointing in Experiment 1 with Experiment 2 to
confirm that pointing error deeased 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 ({idopriment: 1,
2) 2 (Block: 1, 2) mixed Analysis of Variance (ANOVA). By only using two time points
(blocks one and two), this fArestrictedodo dataset
linear modeling approaches, like ANOVA, compared to using the entire dataset which follows a
nonlinear trajectory across blocks. There were main effects of Exqreriril, 45) =6.48 p =

.014 and blockF(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 thatgxposure to the
map significantly reduced pointingerro i n E X p er i me-test indkcated ovkrallWe | ¢ h 6 s
error on the first block in Experiment 1= 31.19,SD=17.41) was significantly lower than in
Experiment 11 = 47.69,SD = 19.34)t(90.04 = 4.34, p < .001 d = 0.90 95% CI B.95 24.04.
Pointing error, however, was not significantly lower on the second block in Experindnt 2 (
25.47,SD= 14.28) compared to ExperimentM ¢ 29.56,SD= 11.67)t(89.79) =1.52 p>
.250 d =0.31, 95% CI }1.24, 9.43]. While there was a significant toypement in performance
across the first two blocks in Experiment(,3.93 =5.44 p<.001, d=1.14 95% CI[11.49,
24.76], this was not true for Experiment@®0.55 =1.76 p>.25Q0 d = 0.3 95% CI [0.73,
12.18], findings also supported by tinéeraction effect in the 2x2 ANOVA. Thevaluesfor
these post hoc tests were Bonferroni corrected for multiple (four) comparisons. We also directly
compared the degree of wvariability in pointin
determne 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$D1 =17.48,SD» = 11.03) ... (1) = 4.41 p = .036, this difference in variance was
not significant in Experiment 01 = 16.39,SD» = 13.48),... (1) = 4.41p> .250. These
additional analyses suggest that while there was greater variability in pointing error on the first
block than on the secdnn Experiment 1, prexposure 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 afxpesure to the ap 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 imdgdsba, S5b, and S6; just as in
Experiment 1, participants faced the cardinal directions more often than tvanamal
directions beginning on block 1, again suggesting that facing direction during navigation could
not directly account for the later engence 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 learningdpirecas 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 mggetd 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 Expetithéhere 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 effeone block earlier, the difference between aligned and
misaligned was not significant on the first or second block usiests, further supported by the

Bayes Null finding of 4.47. These results further support a model by which alignment effects are



APPENDIX BT EVOLUTION OF SPATIAL REPRESENTATIONS 181

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 verseseamning, 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 fnaerial wiegaw®dnl esdrerwion gentdr anli ong i
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 Experimead »bth map and navigation
information available to be integrated for spatial memory. Alternatively, it is possible that route
learning after map learning introduced retroactive interference orbasga spatial
representations, which would instead sugtfest 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 smalkcale spacedlou & McNamara, 2002; Rieser, 1989; Rump & McNamara,
2013; Shelton & McNamara, 2001)
Method

Participants. A total of 64 participants wereecruited following the same procedures
used in Experiments 1 and 2. One patrticipant withdrew from the study. The experimenter

withdrewfour participants who did not finish in the allotted tino@ae who did not follow the
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task instructions, two becauskocomputer errors, anainethat failed to perform significantly
better than chanceData from47 participants 25 female) with a mean age of 23.years were
used for subsequent analys@&sne of these participants had participated in the past
experimems. 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 bleicepthe second. Due to
large qualitative difference between frealuesfor the ttests 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 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
subgquent 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 convergertbe &fGC, and is
described in detail in the Supplemental Material.

Procedure. The procedure for Experiment 3 was identical to Experiment 1 except that
the maplearningtask compl et ed on ei t her (Applend., Chpertino,r 27 0
CA), replaced the navigation task on each block as the only modality for learftiregmap task
was identical to the one used in Experiment 2; the familiarization and JRD tasks were identical to
the ones used in Experiments 1 andTais yielded atructurallyidentical 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 experifikeats GC 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 throfingh 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
nonsignificart 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 var@wagiance matrix of
the model. Compared to the models used in Experiments 1 and 2 (wheteviliture 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. Acrossmbidels, only the model with the latent intercept
free and the complete invariance model did not differ significantly from the observed data (all
otherpbs < . 05; see Table 5). Whil e the compl et
fitindices (se 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 inter@elytmode] ... (7) =
11.38,p=.123. Thusthemodel best describing the data frompEriment 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 group$his model predicts that aligned and misaligned trials will be
significantly different on the fst block and will change identically over tim&he Bayes factor
for block 1 misaligned aligned 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), BFo1 = 0.9Q This provides further suppddr the LGC results, a the Bayes factor
is consistent with modeling results in all three experimémttuding the likelihood favoring
initial alignment effects here, in Experiment 3

Comparison of ésolute 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 Figure 6a Planned comparisons revealed a gigant 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 alignedditions across all six blocks are reported in Table
6.

For the first testing block, absolute pointing error for imagined headings facing Nbrth (
= 20.10,SD= 17.55) was significantly lower than for headings facing Bdst 8.84,SD=
21.22),t(45) =-2.65,p = .034, 95% CI{14.71,-1.99], or WestN = 27.84,SD= 19.94) 1(45) =
-2.89,p =.018, 95% CI1{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; allp-values were Bonferroni corrected for three comparisons on each block (North vs. East,
North vs. South, North vs. West). Nofficing headings were not significantly different from
other imagined cardinal headings on angsaguent 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 Experimeri¥12(31.19,SD=17.41) vs. Experiment
3 (M = 28.30,SD=13.56),1(26.89) =-1.00,p > .250, 95% CI|48.82, 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 relatigpg0
(Zhang et al., 2014)nay 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 merfwrthat 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), partinauploaranyd iffnatvhiegafit i ono reference fran
(Gagnon et al., 2014).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 woNdiynger, Frankenstein,
Watanabe, Bulthoff, and Holscher (201&hich found that participants selected reference
frames based on learning order despite utility of the informationged\vrom 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 Experimgr@ 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 nodbn overall memory precision on the JRD task.

General Discussion
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In Experiment 1, participants freely ambulated in an immersive VR inteufang an
omnidirectional treadmilto navigate to target landmark Then theyperformedhe JRDtask
with headngs that were either aligned or misaligned with the salient geometry of the
environmengtrepeating this process of navigation and JRD pointing six times Bdakd on
LGC, Bayes null, and posioc tests, w found no evidence for differential performaice
aligned versus misaligned JRD trials initiallin 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 supportedé¢iaehat alignment effects
are emergent, experiendependent phenomenon in novel environments.

It could be argued, however, that laigmale, realvorld environments are rarely learned
by direct exploration alone. If pacipants were aware of the reatmlar structure of the
surrounding geometryhey might be more likely to show alignment effects, as argued in past
work (Frankenstein et al., 2012; Marchette et al., 20Dditionally, it may have been that we
did not observe alignment effects in Expgent 1 because absolute pointing error and variance
were high on the first blocks due to participants lacking familiarity with the environrBgnt.
pre-exposing participants to mapsExperiment 2we thus directly tested whether knowledge of
the surronding spatial geometry via exposure to maps prior to exploration of a novel
environment would produce more immediate alignment effects. Despiexposure to a map
before navigatingwestill did not find alignment effectsitially, again supported bgur LGC,
Bayes null, and postoc 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 experiethegendentemergent 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 LGBayes null, and postoc 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) usinglpostests. Overall performance on the
first block of Experiment 3 was not different from that of Experimentl©)g 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 involvestudying 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 routdased information following map learning in Experiment 2 may have been
selectve to the ability to apply useful geomethased 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 onlpulll also be that
alignment effects are simply more salient in spaces of certain scales, consistent with findings of
differences between vista vs. environmental spédedinger et al., 2016) It is also worth
noting that maps can be considered a formooifigural spacéMontello, 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 obgEresison, DeLange,
& Hazelrigg, 1989; RoskeEwoldsen, McNamara, Shelton, & Carr, 1998)e 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 undedshg 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 effiedts Wilson, Tlauka, &
Wildbur, 1999) others have emphasid the importance in spatial scale as it relates to the neural
mechanisms, neural systems, and cognitive processes engaged in tliekstaim et al., 2017;
Wolbers & Wiener, 2014) Thus, while we cano6ét be sure why
map sudying 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 evidenmedituations where spatial boundaries, as
an organizing schema for initial spatial knowledge, are either not yet behaviorally relevant or are
suppressed by interfering informatioA.novel affordance of our VR interface, compared to
realworld studies,s the ability to measure behavior between learning expoandegecord
detailed information about movement, bealysition, and headirection This provide us with
a sensitive metric of how spatial representativageformed and how they changjever ime.
Extensive learning of more complex environments, such as the city of Tubingen used by
Frankenstein et al. (2012nhay provide further insight as to how these representations change as

participants become experts of an environment. This and otlearchgposit that malearning
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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 mechanismsBuilding on previoustadies using pointing error metri¢ghang et al.,

2014) future studies might further examine the effects of various learning conditions (e.g. routes
vS. maps) on the emergence of alignment eff@atihow various reference frames contribute to
detectingthese effects in more egocentric or allocentric téslg, Gramann et al., 2010)

Our study used a primarily allocentric pointing task, the JRD, rather than a more
egocentric task like the scerand orientatiordependent pointing (SOP) task, with tHeD task
benefiting more from map learning than route learigifigorndyke & Hayesroth, 1982; Zhang et
al., 2014) A remaining question is whether or not route learning is actually beneficial for
primarily allocentric spatial memory whenmapis available. This would be consistent with
findings that suggest humans generally rely on allocespatialstrategies, unlesshigh-fidelity
allocentricrepresentatiors not available, in which case egocentric reference frames are
primarily utilized (Mou, McNamara, Rump, & Xiao, 2006; Newman et al., 206d)ther
investigation into the cognitive and neural mechanisms involved in reference frame switching
may provide useful insights in addition to electrophysiological and neuroimaging studies of
spdial representation formatiaickstrom, 2010; Ekstrom, Arnold, & laria, 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 sendaysuggest that neural coding for positioes not
initially show a strong direction bidmit instead emergdsased on experien¢Ekstrom et al.,

2001; Mehta et al., 1997; Mehta et al., 2000hese studies, though, were physiological

conducted inadentsand did not investigate binding to the surrounding geometry of the
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environmenbr specific viewpoints (the latter of which would be challenging to address in rats
due to their limited vision) While rodent electrophysiology studies also suggestrtiportance
of spatial boundaries to locatimoding mechanisms more generdBarry et al., 2006; Hartley,
Lever, Burgess, & O'Keefe, 2014ur findingsshed new light on when we incorporate spatial
boundaries into environmespecific representatiortkiring navigation. Particularly, our
findingsadd to the spatial navigation literature by suggesting that aligreffentsemerge later
in novel spatial environmentsllowing sufficient exposure, particularly that which allows
egocentric to allocentriconversion between the surrounding environment and specific
viewpoints and trajectorig§&sramann, Muller, Eick, & Schonebeck, 2005; Zhang et al., 2014)
To our knowledge, such findings have yet to be shown in rodents, suggesting a pudeetial
line ofresearch, e.g., whether place cells show differences in firing rate as a function of
alignment of trajectories to the surrounding spatial geomdtinys could also help better inform
the factors influencing development of unidirectional vs. omnidiredtjglaae cells, a topic of
current debate in the fie(@uzsaki & Moser, 2013)

One potential consideration when interpreting the results of our navidessd
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
smaltscale studies showing environmental alignment efigadly etal., 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 landmarkslan & Becker, 2014) The questin 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 scopthe 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 interpretéion of these findings.

In conclusion, outhreeexperimentdighlightthe dynamidormationof spatial
representationthroughouthe learning ohovel,large scale realisticenvironmentsnvolving
free ambulation We demonstrateonditionsunder whichalignment effectare and are not
presentn initial JRD pointingperformancewith these effects emergiragter repeated learning,
be it route or map and then roufeased. To be clear, our findings do not refute the presence of
alignment efécts during navigation of laregrale 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 underlgd spatsentation
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 earlgrnitgy, and how this might relate to the
issue of scale of spac&he findings provide a foundation for the future study of spatial
cognition in largescale realistic spatiaénvironments using a novel VR interface that provides,
to our knowledge, the dsest experience to reabrld navigation of largecale city-sized
environments to date. This is because our interface incorporates optic flow, as well as vestibular
proprioceptive and somatosensoinyformation, and the ability to freely ambulate amdescale
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

parameter(s) free F 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-3) 29.89 30 .471 1931.41 1975.30 1 0
residuals 2297 24 521 1936.49 1991.35 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 selectesl.nibe degrees of freedom;

AIC = Akaike informationcriterion; BIC= Bayesian information criterion; CE comparative

fit index; RMSEA=rootmean squarerror of approximation.
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Table 2

Comparison of aligned and misaligned pointomgpditions across retrieval blocks in Experiment

1
Retrieval Block M SD Muair  df t p d 95% ClI
block 1
misaligned 50.5 20.24
561 22 156 0.134 0.32 [-1.87,13.08]
aligned 44.89 18.41
block 2
misaligned 30.46 10.39
1.79 22 106 >.250 0.22 [-1.71,5.30]
aligned 28.67 12.99
block 3
misaligned 25.38 11.05
3.68 22 325 0.093 0.37 [-0.66,8.01]
aligned 21.7 9.89
block 4
misaligned 22.8 6.46
493 22 325 0.004 0.68 [1.78, 8.06]
aligned 17.87 8.13
block 5
misaligned 2218 7.34
541 22 38 0.001 0.79 [2.46, 8.35]
aligned 16.77 8.19
block 6

misaligned 2249 6.39
734 22 6.5 <.001 1.36 [5.00, 9.68]
aligned 15.15 5.79
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Note.df = degrees of freedom; Gl confidence interval.
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Table 3

Models tested and corresponding fit indices for Experiment 2.

parameter(s) free + 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 3479 34 430 1944.12 1981.54 996 .031
curvature (betas-3) 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 ifccldegrees of
freedom; AIC= Akaike informationcriterion; BIC= Bayesian information criterion; CHE

comparative fit index; RMSEA root mean squarerror of approximation.
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Table 4

Comparison of aligned and misaligned pointcanditions across retrieval blocks in Experiment

2
Retrieval Block M SD Mt df t p d 95% ClI
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
384 23 182 .082 0.37 [-0.52, 8.21]
aligned 23.55 14.32
block 3
misaligned 23.14 7.93
572 23 435 <.001 0.89 [3.00, 8.45]
aligned 17.42 8.66
block 4
misaligned 21.34 7.53
341 23 2.56 .018 0.52 [0.65, 6.17]
aligned 1793 8.12
block 5
misaligned 21.02 7.50
496 23 349 <.001 0.80 [2.36, 7.56]
aligned 16.06 7.10
block 6

misaligned 20.67 5.81
6.10 23 514 <.001 1.05 [3.64, 8.55]
aligned 1457 6.05
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Note.df = degrees of freedom; Gl confidence interval.
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Table5

Models tested and corresponding fit indices for Experiment 3

parameter(s) free F daf 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 ifccldegrees of
freedom; AIC= Akaike informationcriterion; BIC= Bayesian information criterion; CEl

comparative fit index; RMSEA rootmean squarerror of approximation.
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Table 6

Comparison of aligned and misaligned pointcanditions across retrieval blocks in Experiment

3
Retrieval Block M SD Mt 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
204 46 1.86 .069 0.27 [-0.17, 4.26]
aligned 20.49 9.03
block 3
misaligned 21.85 7.60
442 46 481 <.001 0.70 [2.57, 6.23]
aligned 1743 7.21
block 4
misaligned 22.59 8.16
407 46 365 <.001 0.53 [1.83, 6.31]
aligned 1852 8.61
block 5
misaligned 22.72 8.07
505 46 448 <.001 0.65 [2.78, 7.33]
aligned 17.67 8.85
block 6

misaligned 2259 8.73
396 46 2.97 .005 0.43 [1.28, 6.65]
aligned 18.63 11.47
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Note.df = degrees of freedom; Gl confidence interval.
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Costume
Shop - Shep =

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 heashounted display (HMD) worn by the user andoannidirectional 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.



APPENDIX BT EVOLUTION OF SPATIAL REPRESENTATIONS 21¢

Please find the Fast
S Food Restadrant
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Figure 2. Routelearning task showing a firperson 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) bordersespectively, as ifigure 1(b); and magearning task showing the study
phase (upper) where the cursor is positioned

test phase (lower) showing hypothetical cursor movements to drop stores onto {feg map
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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 grmgels while others were systematically
freed to varyeither individually or with other parameters based on theoretical hypotheses.
Triangles represent constants, circles represent latent variafdes{erceptsfor slope, anck

for residuals), andquares represent manifest variables (Yjg.pn either side represents average
pointing error for the third block of that condition group). Sirgdaded arrows indicate factor

loadings/regression, while doubheaded arrows indicate variance/covacea
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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 patthdiagram 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 betwadrject variabilityCousineau, 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 lires), based on the selected LGC mddgks well as the path diagram for the selected

model, including all estimated parameters. Figure conventions are identical to those for

Experiment 1 igure 4).
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Figure 6. Experiment 3 performance on tjuelgement 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 m@aelas well as the path diagram for the selected
model, including alkstimated parameters. Figure conventions are identical to those for previous

experimentsKigures 4 and b
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Supplemental Methods

Participants

Inclusion criteria required that all participants were between the agesaoti1¥ years of age
with normal, or correctetb-normal vision with contact lenses, and normal color vision, with no
history of cardiac disorder, motion sickness, or dizziness/fainting/syncope. Participants
exper i enecnorgmaila bloevvee le discaufaged ftom pastisipatingvdeie 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 sickr{&nnedy, Lane, Berbaum, &
Lilienthal, 1993) The documentused to assess background, stress, and cybersickness
symptoms to determine eligibility can be found in Appendice$$1 Additionally, due to
hardware limitations of the treadmill, participants weighing more than 200 pounds were

ineligible to participag.
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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 shevexgierimenter wearing HMD and

walking on the treadmill, synced with the visual in the large picture.

Materials

The treadmill was comprised of a ldwiction, 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 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 tiglothe 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

pl ayer was represented by the pretfeobri cated 0
Cyberithds software development kit (SDK) for
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 modefoedonteasned iom
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 ahdmegarticipant

attrition. Prior to beginning the experiment, participants completed a background information
guestionnaire (Appendix S1) that included questions relating to factors we believed may predict
attrition such as video game experience. Bigdnts also completed a modified version of the
Undergraduate Stress Questionné@eandall, Preisler, & Aussprung, 1992; Appendix.S2)

After the experiment, participants were asked to complete the Simulator Sickness Questionnaire
(Kennedy et al., 1993ppendix S3)once based on their state after the experiment, as they were
completing the questionnaire, and again based
when beginning the experiment. The-prgeriment questionnaire was administered-post

experiment to avoid potentially causing participants to fixate on the symptoms from the

guestionnaire.

Procedure
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Treadmill training. Prior to beginning the session, the experimenter checked that participants
had worn appropriate attire (most importantly secure;sméd walking shoes compatible with

the treadmill), as instructed. Participants were then fitted with low frictiopestp 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, arditicipants 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 compsed 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, wheredit 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 pacipants 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 hallwaysandB obj ects to occlude the participatl
unguidedexploration 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 ugeetiamill and walk in

precise, straight paths when necessary.

Participants had to reach the criterion of completing all three levels before moving on to the

experi ment . Some participants were asked to
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disaetion. Throughout the training, the experimenter provided verbal instructions to help

i mprove the participantsdé proficiency on the

Additional Analyses
Response LatenciesFor each trial of the JRD pointing task, response latency, or
reacton 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 totw arrive at the designated target shop. Excess path was
calculated by taking the Euclidean distance f
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 excesqathhman 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 tregbhtre 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 exgepath 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 eschsderroneous.
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 ¢w navigation behavior might

facilitate the emergence of alignment effects
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headrotation (e.g. headirection relative to the cardinal axes of the environment, as viewed
from above like a map). The 3@@gre 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 Figue 1b. Bins centered over 45, 135, 225, and 315 were classified asairttieral
orientations. The proportion of time during navigation that a participant oriented their head in
specific binned directions was analyzed.

We also investigated headlientaton during navigation to determine whether the final head
orientation during navigation confounded JRD pointing erfilsy, 2004) One possible
confound for pointing error may have been that participants were somehow using their most
recent viewpoint fronmavigation, thus biasing pointing error depending on their initial-head
direction when beginning the JRD. To investigate this, the finalteadtion was calculated

for each participant on each block. For each trial on a given block, the differéweebe¢he
imagined heading for that trial and the initial hehiection 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 relationshig3280) =-.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 alignnig(t,
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22) = 34.6p < .001,1? = .02, and blockE(5, 110) = 62.95p < .001,n? = .43. The alignment

by block interaction effect failed to reach significariegg, 110) = 0.82p > .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 structuralagign modeling.

Experiment 2. As in Experiment 1, there were main effects of alignniefit, 23) =
26.68,p < .001,1? = .03, and blockE(5, 115) = 17.49p < .001,»? = .15. There was a marginal
but not significant interaction between alignment blotk, F(5, 115) = 2.26p = .053. The

Experiment 3. Again, there were main effects of both alignméift,, 46) = 49.55p
< .001,n? = .03, and blockE(5, 230) = 13.39% < .001,? = .07 and no significant interaction

between alignment and blodk(5, 230) = 0.73p > .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 Sla. Wilcoxon sigmddsum tests comparing
latencies for misalignedaligned trials for each block confirmed that there was nafsgnt
difference between the two groups on the fikétlig = 0.96), seconddn = 0.68), or third 1dn

= 1.53) blockZz = 1.31,p > .250, 95% CI4{0.62, 1.95]Z =1.13,p > .250, 95% CI{0.62, 1.95],
Z=1.89,p>.250, 95% CI40.06, 3.34], respectivel A significant difference emerged on the
fourth (Mdn = 2.06)testing block, consistent with results from absolute pointing efrer3.07,
p=.013, 95% CI [0.67, 3.74]. This difference persisted for block Men(= 2.06),Z = 2.68,p
=.045, 95% C[0.68, 3.70], but did not reach significance for block 8= 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 accurdty/aed the
experiencedependent 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 sigarddsum tests comparing
latencies for misalignedaligned trials for each block confirmed that there was no significant
difference between the two groups on the first bldddr{= 1.54),Z = 1.57,p > .250, 95% CI{
0.50, 3.08]. This trend persisted for blocks {Mun= 0.99) three(Mdn= 1.32) and fourMdn

= 1.94) with a marginal difference on testing block fiddn = 2.17) and no difference on
testing block siXMdn=0.63) Z=1.49,p> .250, 95% CI{0.38, 2.37]Z = 1.69,p > .250, 95%

Cl [-0.25, 2.89]Z = 2.34,p = .115, 95% CI [0.52, 4.44F = 2.57,p = .061, 95% CI [0.71, 3.55],
Z=0.94,p> .250, 95% CI4{0.53, 2.69], respectively after Bonferroni correction. This is once
again onsistent 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 distbution was found to have a skewness of 5.24. Response
latencies for Experiment 3 are shown in Figure S1c. Wilcoxon sigarédsum tests comparing
latencies for misalignedaligned trials for each block confirmed that there was a significant
differencebetween the two groups on the first blotkdf = 0.28),Z = 3.88,p < .001, 95% CI{
0.50, 3.08]. This trend persisted marginally on block @dn = 0.18)and was significant for
blocks thregMdn = 0.32) four (Mdn= 0.20) and sixtMdn = 0.08);Z = 2.58,p = .059, 95% ClI
[-0.38, 2.37]Z = 3.54,p = .002, 95% CI{0.25, 2.89]Z = 3.10,p = .012, 95% CI [0.52, 4.44F,

= 3.89,p<.001, 95% CI [0.71, 3.55]. The alignment effect did not reach significance block five

(Mdn=0.26) Z=103,p> .250, 95% CI140.53, 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,edibetithis

emergence occurred later for latencies than pointing accuracy in Experiment 3.

Experiment 1
— EXperiment 2
Experiment 3
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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
betweenrsubject 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.

Experiments1&2.Usi ng participants® navigational pat!|
for each navigation trialA 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%negeative

excess path) in Experiment Separately for each experiment, the remaining path trials were

then entered into a orveay repeated measure analysis of variance (ANOVA) of Block (six

navigation learning blocks) on excess path length. In both Exgetr 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 environmeR(5, 110) = 46.83p < .001;F(5, 115) = 13.23p

<.001; respectively. Grougveraged ex&s 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 pathWwe 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)7,

p > .250 (Figure S4a); or Experimentr2; -.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 individual 6s s coriatedbythecolgyi ven b

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, alignmentsefiez compared the
difference in proportion of time spent oriented in cardinal directions anddatdmal

directions. Navigation data was present for 21 participants in Experiment 1, one of which did
not pass the permutation test and was excludedltiresin a sample of 20 participants for head
orientation analysis. Participants spent numerically more time looking in cardinal directions on
all navigation blocks. Paired samplagests showed that this difference reached significance
during the firs (M = 0.10,SD= 0.14),t(19) = 2.23p = .027, 95% CI [0.04, 0.17], secord &
0.08,SD= 0.10),t(19) = 3.50p = .014, 95% CI [0.03, 0.12], fourtV(= 0.08,SD= 0.10),t(19)

= 3.54,p=.013, 95% CI [0.03, 0.13], and fiftM(= 0.07,SD= 0.14),t(19) = 2.43p = .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 threeM = 0.04,SD= 0.16) t(19) = 1.13p > .250, 95% CI{0.03, 0.12], or

six (M = 0.03,SD=0.15),t(19) = 0.77p > .250, 95% CI{0.05, 0.10]; respectively. All alpha
values were Bonferroni adjusted for multiple comparisons across six navigation blocks. Thus,

head directio 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 andandaral

bins is shown in Figure S5b, left panel.

To ensure JRD pointingerrorwagsh  bi ased by participantso init
navigation (initial JRD heading), the correlation between imagiiratial(final) heading and

absolute pointing error for each trial was calculated and found not to be significant for initial
navgation headingr(3158) =-.02,p = .216, or final navigation heading3158) =-.01,p > .250

(Fi g. S6a). This suggests that participantso
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.Headdirection during navigation in Experiments 1 and 2. Grawpraged

proportion of time spent looking in various direction bins (a) and comparison of time spent
looking in cardinal versus interardinal directions (b). Experiments 1 & 2 are shown in the left
andright panels, respectivelyerror baran (b) and (dyrepresent 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 directionduring 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 andcatdmal

directions. Participants spent numerically more time looking in cardinal directions on all
navigation blocks. Paired samplegs$ts showed that this difference reached significance on the
first (M = 0.13,SD= 0.13),(23) = 4.65p = .001, 95% CI [0.07, 0.18], third/= 0.08,SD
=.0.13),t(20) = 4.65p = .003, 95% CI [0.04, 0.12], and fourtkl & 0.10,SD= 0.10),t(23) =

4.00,p = .003, 95% CI [.04, .12], navigation blocks meaning that participants spent significantly
more timelooking along the primary axis of the environment during those navigation blocks.
The difference did not survive multipole corrections for block tio=(0.07,SD= 0.13),t(23) =
2.76,p=.067, 95% CI [0.02, 0.13], fivé(= 0.08,SD= 0.14),t(23) = 288,p = .051, 95% Cl

[0.02, 0.14], or six1 = 0.06,SD= 0.12),t(23) = 2.60p = .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 oried in cardinal and interardinal 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 imaginenhitial(final) heading and absolute pointing error for each

trial was not significant for initial navigation headim¢3793) = .01p > .250, or final navigation
headingy(3793) = .03p = .074 (Fig. S6b). Once again, this relationship leads us to taibt
participants JRD performance was affected by their viewpoint at the beginning or end of

navigation.
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Figure S6. Effect of initial heaedirection 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 JRDBaddl 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.Me mor y b i aNso rftoheberianed Ipgdthe learning orientation of the map
in Experiments 2 & 3. Performance for JRD headings facing North were compared to other
cardinal facinedirections (East, South, and West) for each testing block in Experiments 1 (a), 2
(b), & 3 (c). Brackes 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 371 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 24cpzatits (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)ehtedemodel results are not

discussed.

parameter(s) free + df p AIC BIC CFlI 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 - - - - - - 3
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 andorresponding 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 blockA 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 alignni€t, 23) =26.88,p < .001, and block,

F(5, 115) = 8.66p < .001, and no significant interaction between alignment and df¢sk,115)
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= 0.67,p > .250. Groupaveraged absolute pointing errors for misaligned and aligned conditions

across the six testingocks are shown in Table S2 and Figure S8.

Retrieval Block M SD Muaitt  df t p d 95% ClI
block 1
misaligned 25.79 8.73

392 23 220 .039 0.37 [0.23, 7.61]
aligned 21.87 1231
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 1895 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

271 23 2.13 .044 0.44 [0.08, 5.35]
aligned 1595 6.32
block 5
misaligned 19.42 555

3.88 23 2.33 .029 0.55 [0.43, 7.33]
aligned 1554 8.35
block 6
misaligned 17.83 5.61

3.58 23 3.28 .003 0.66 [1.32, 5.83]

aligned 1425 543
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Table S6.Comparison of aligned and misaligned pointing conditions across retrieval blocks for

Experiment 3 (n = 24).
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Figure S8.Experiment 3 (n = 24) absolute pointing err&rror bars represent 95% confidence

intervals using the same conventiong-agire S2.
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Appendix S1Participant Background Form

Participant Background Information

Sudy Code:

ID:

Date:

1. What isyour age (years)?
2. What isyour weight (Ibs.)?
3. How many hoursdid you sleep last night?

4. Approximately when wasthe last time you ate? Date: Time:

5. How would you rate your level of exposure to/ experience with video games?

low med-low med med-high high
6. Haveyou ever used virtual reality technology before? Y N
7. Doyou have ahistory of experiencing 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 currently?

low med-low med med-high high



APPENDIX BT EVOLUTION OF SPATIAL REPRESENTATIONS 24z

Appendix S2Modified Undergraduate Stress Questionnaire

Please check the appropriate stressorsin your life that have affected you during the
past week (or otherwise labeled period of time):

___1)lhadalot of tests

____2) I had alot of deadlinesto meet

_____3) I havean unusually difficult upcoming week

___4) 1 had projects or research papers due

____B)I hadinsufficient or no sleep

__ 6)lwassickorinjured

____T7)lhad an erratic schedule

___8)Ididnot havetimeto eat

__9) I had ahangover (note: within the last 24 hours only)
__10) I am otherwise experiencing unusual levels of stress
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Appendix S3Simulator Sickness Questionnaire

No Date

SIMULATOR SICKNESSQUESTIONNAIRE
Kennedy, Lane, Berbaum, & Lilie nthal (1993)***

Instructions: Circle howmuch ech symptom bebw is dfecting you right now.

1. Generd discomfort None Slight Moderte Severe
2. Fatigue None Slight Moderate Severe
3. Headache None Slight Moderte Severe
4. Eyestrain None Slight Moderte Severe
5. Difficulty focusing None Slight Moderte Severe
6. Sdlivation increasing None Slight Moderte Severe
7. Sweating None Slight Moderte Severe
8. Nausea None Slight Moderate Severe
9. Difficulty concentrating None Slight Moderte Severe
10.¢ Fullness of the Had None Slight Moderate Severe
11.Blurred vision None Slight Moderte Severe
12.Dizziness with ges opEn None Slight Moderte Severe
13. Dizziness with ges closed None Slight Moderte Severe
14.*Vertigo None Slight Moderate Severe
15. **Stomach avareness None Slight Moderte Severe
16. Burping None Slight Moderate Severe

* Vertigo is experienced as loss of oiientdion with resped to vertical upright.

** Stomach awareness is usually used to indicate a feeling of discomfot which is just short of

nausea

Lastversion : March 2013

** *QOriginal version : Kennedy, R.S.,Lare, N.E., Betbaum, K.S., & Lilienthal, M.G. (1993). Simulator Sickness

Quesionnaire: An enhanced method for quartifying simulator sickness. International Journal of Aviation Psychology,

3(3), 203-220.

245
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APPENDIX C T 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 authorsdo permission.

Citation for Main Article
Starrett, M. J., Huffman, D. J., & Ekstrom, A. D. (2023patial learning through interaction: A
hybrid route to a cognitive mag®@npublished manuscriptpepartment of Psychology,

University of Arizona
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Supplemental Methods

Table C1

Demographics foeach Condition across all Experiments

Learning Task

Memory Task Age :
Range M SD Female Male Total

Criterion Map

JRD [20, 35] 29.8 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] 30.6 4.46 11 21 32

SOP [24, 35] 30.56 3.27 7 25 32

Note.JRD = judgements of relative direction; SOP = seaned orientatiordependent pointing.

Figure C1

Human Intelligence Task Listing from Amazon Mechanical Turk
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Survey+Experiment Link Instructions (Click to expand)

Our laboratory at the University of Arizona is conducting an academic research study about human spatial cognition and memory. We are asking workers to complete a survey and play a
simple experiment video game. The survey includes informed consent (required to participate in academic research at the University of Arizona) and demographics questions as well as
instructions for downloading, installing, and playing the experiment video game. In the experiment video game, workers will learn the layout of landmarks (stores) in a virtual city (approx. 90 m
x 120 m). Between each block of learning (6 total), your spatial memory will be tested by pointing to these landmarks from various locations and orientations in the virtual city. Workers should
complete the experiment on their own without the any external aids.

Eligibility Criteria:

* Age 18-35
« Computer running MacOS or Windows operating system
+ Have not previously completed this experiment (under any HIT ID)

HIT Approval/Rejection Criteria:

* Workers may complete the experiment ONLY ONCE. If you have already completed the experiment, any subsequent submissions will be rejected.

« The experiment automatically transmits your responses to the tasks upon completion; this serves as proof of completion. If your data is not received, your HIT will be rejected.

+ We implement several checks to determine the validity of responses (e.g., ensuring workers don't just click through without answering the questions). Responses determined to
be invalid or dishonest will be rejected. Note: we do not reject HITs based solely on performance. As long as you attempt to answer the questions honestly, your HIT will be
approved.

Select the link below to begin the survey and experiment. After completing the experiment and survey, you will receive a code to paste into the box below to receive credit for taking our
survey. Note: this is the code at the end of the survey (not the verification code from the experiment).

Make sure to leave this window open as you complete the survey and experiment. When you are finished, you will return to this page to paste the code (from the survey) into the box.

Survey link: https://uarizona.co1.qualtrics.com/jfe/form/SV_exGOniXwACiXjBH

Provide the survey code here:

123456

Quialtrics Survey

See appendix A

Population of Target Stores in the city Virtu&nvironment (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 identitie3 (2.02
10?8 possible permutations). Eight of the 24 possiibre identities, now with an assigned color,
were then randomly selected to be populated in each of the eight target locations in the assigned
cVE (2.973 10'° possible permutatiohsThis was done to mitigate any potential for a specific
store identityor 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 targ@scfor whichever of
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the three cVEs was assigned. Thus, there were 14,967 unique idelditjocation

environment combinations possible.

TableC2

Properties of Generated Target Stores

Store Identities Colors
Name Hexadecimal RGB
Bakery Amethyst #FOA3FF 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 #3F7CO00 143 124 0
Grocery Lime #9DCCO00 157 204 0
Hardware Store Mallow #C20088 194 O 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
Liquor Store
Music Store

Pet Shop

Pharmacy
Post Office
Restaurant

Toy Store

Quagmire
Red
Sky

Turquoise

Uranium

Violet
Wine
Xanthin
Yellow

Zinnia

#426600

#FF0010

#S5EF1F2

#00998F

#EOFF66

#740AFF

#990000

#FFFF80

#FFFFOO

#FF5005

66

255

94

0

224

116

153

255

255

255

102

241

153

255

10

255

225

80

24¢

16

242

143

102

255

128

0

5

Note This table shows the 24 possible stoientities 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 foeéseconds (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. h 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



APPENDIX Ci CHAPTER 4SUPPLEMENT 24¢

Distribution of Absolute Pointing Error before and after Log Transformation

Raw Log
200 0
150 4
S 100
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L
50
0
0
2 4 6 2 4 6
block
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 = seand orientatiordependent pointing.

Figure C3

Performance across Virtual Cities
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Log Abs. Error
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Supplemental Results
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Figure C4

Assumptions for ANOVA
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Residuals
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Experiment 2a & 2b

Note For each experiment assumptions of homogeneity of variance (top plot) and normality
(bottom plots) were evaluate

Figure C5

Homogeneity of Variance Comparison with Zhang et al. (2014)
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Note.Plots of fitted values against residuals from the linear model used in the ANOVA with
Laveneds test s tpaduesdntthe tog riglat of dachaptots The leftgpanel dhows
data from the comparison of Experiment 1 and Experiment 2 in Zhiaig(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 Expentda and Experiment 1b, which shows a
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more uniform variance across fitted values.
likely a result of large samples in these comparisons across experiments; we have included them

to illustrate the relatir degree to which each model deviates from homogeneity.

Figure C6
Distribution of excess navigational path before and after log transformation
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Appendix C.1: Qualtrics Survey

Annotations, including survey logic and response op

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)
Standad: Block 6 (2 Questions)

Standard: Optional Demographics (3 Questions)

Standard: MTurk Completion (1 Question)

EndSurvey:
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A\

THE UNIVERSITY
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