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Chapter 1

Introduction

The generality and compositional power ehtentia] symbolc structureshas made it
central toknowledgerepresentation angrocessingn cognitive architecturesGeneral,
cognitive architectures ave proven useful in modeling mental processesfor both
scientific, psychological research arehlworld applicationssuch assimulationentities
and robots. Howewer, cognitivearchitectureshave failed to address and account for
inherently perceptual anohodality-specific though processeshat someargue should
participatedirectly in thinking rather than servexclusively as a source ofensory
information (Barsalou, 1999; Chandrasekaran, 20@)atial and sual imageryare
examples of such thought process.

With a few exceptiors (Kurup, 2008) there las not been a proposed coherent
system from the Artificial Intelligence or Cognitive Science commutiit integrates
and ugs symbolic and perceptual representatidios reasoning Current cognitive
architectures use etric representations, but for coal, and not for representing and
manipulating task knowledgénderson et al., 2004; Laird, 2008; Sun, Slusarz, & Terry,
2005) No architeairereasons wittvisual depictive representationletric anddepictive
structuresmay serve as perceptualput but not as firstclassknowledge structurethat
an agentanusefor inferring new knowledge

In this research we explore theutility of generalpurpose, ntelligent systems

supporting mechanisms to encode, compose, manipulate, and retrieve symbolic and



perceptuabasedrepresentationdn addition to the traditionasymbolicrepresentation,
the resulting architecturasesquantitative spdial and visual depictive representatios
that serveas a basis for spatial and visual imagery procesBialgavioraland biological
constraints, primarily derived from Kosslyh980; Kosslyn, 1994; Kosslyn, Thompson,
& Ganis, 2006) and computational constraints influenced by Ne@i&B0) inform the
architectural desigri-rom a theoretical standpointie account for higlevel vision, as
spatal and visualmagery arelependent on both cognition and visual percepfonke,
1989; Kosslyn, 1994; Katyn, Thompson, & Ganis, 2006; Palmer, 1999; Peronnet,
Farah, & Gonon, 1988; Podgorny & Shepard, 1978} this point, underlying visual
processing algorithms are ad hared do not model the details of human performabge
modeling theinterdepedene facilitates an enhanceahderstanding of theonstraints
imposedbetween théhought processes.

The workreflectsa computationabynthesis ofpatial and visual imageryjsual
perception,and cognition within the computational constraints of tlS®ar cognitive
architecture(Laird, 2008) Empirical resultsfrom three different domainglustrate the
computational gairand functional valuethe resulting architecture achiev@e results
show how specialized, architectural components processiogntitative spatial and
visual depictiverepresentations can achieve an oroiemagnitude(or more)speed p
over traditional symbolic processing without trading off generaliyrthermore, the
architecture demonstratesew functional capability andmproved problemsolving
gualitywhenusingimageryin tasksrich with spatial andrisual properties.

The psychological basis for the research isntal imageryprocessing Humans
use mental imagery to assist them with reasonipghblem solving, decisionmaking,
creativity,learning, and motor reheargélelstrup, 1988)Some attribute creativity to the
observation that one can combine objects in timeintalimages tareveal novebbjects
and relationshipgFinke, 1989) Athletes often report using imagey o r Avisual.
techniqueso to rehear se t hPeoplewithtertaioforms ki | | s
of autism report reiypg almost exclusively on imagery in their thought processes
(Grandin, 2006)Evento learn norv i s u a | concepd st hesyw ciu sats Md

visual, concrete representatian the concept(e.g. a heart)This researchfocuseson



usingtwo forms ofmentalimagery spatial and visuafor reasoning decisioamaking,
andproblem solving

Soatial imagery assists humansvith spatal reasoning tasksFor example,
imagine that you are facing south and asgk you tosimulate the following movements:
step forward, turn right, step foand, turn right andstep forward If we thenask you
what your final location and orientation is, st@eople can respond that thee to the
left of where they started facing northhis task requires you to infer global spatial
relationship (i.e. your final location and orientation) fraan set of local spatial
relationships provided in the taghkstructions Your shape or contour characteristics as
well as the shape of the area you are stepping arelegtintto the problem

Humansrely onvisual imageryfor the detection o§patial and visual properties
not previously encoded as symbolshere the specific shape or color of object(s) is
necessary forthe inference For example, consider how you answer the following
guestions. Desthelekr 6 AO6 have aWhatdsthe hape efdh dagssp aecaer ?s ?
What is wider in the center, Micagn 6 s | ower peninsula or th
asked, most people respond that they create a visual depiction of the object(shand the
Al ook ato the image to answer the questior
because the inference is diretiat a feature (e.g. enclosed space) or spatial property (e.g.
width) requiring specific shape to formulate an answer. On the other hand, if asked
AWhat st at e Nhically, AlaskagpeRhodg Islanigmost Agmerican adults can
formulate an answewithout having to create an image. They know from previous study
that Alaska is the largest state and Rhode Island is the smallest state, which is a general
fact easily encoded with symbolic representations.

General problem solvinghay useall threetypesof representationdf you are at a
furniture store trying to choose a new sofa for your living room, you may imagine your
living room to see if the shape and color of the furniture matches your current decorum
(visualimagery and possibly simulate moving yourfur t ur e around to As.
new sofa fits bestspatial andvisual imagery. On the other handsometimesyou use
spatial imagery to form a general answer and thegiyén time (or prodding), usasual

imageryto form a more accurataference. ©nsideranothergeographyquestion.What



city is further to the west, San Diego, California or Reno, NeValditfally, you might
build a quantitativespatial structurerepresentingCalifornia and Nevada as geometric
shapes (such as rectang)leThenusingsymbolic factualknowledge that California is to
the west of Nevadarrange thgeometric figuresiccordingly(Figurel-1a). Again based

on your knowledge that San Diego is in the southwest corner of Calitordi&eno is in
the west central section of Nevadau placei d 9 in thoselocatiors. You thenreasm
that San Diego is west of Ren®his answer is a common mistake people make.
However, i f you add more fAdetail o(vibupl addi n
depictivg, you cancorrectlyi see 6 t hat Ban iDiego Figure wlb)sNote o f
thateven though we illustratthe quantitative spatiaépresentatiomas a picture ifrigure
1-1a, we can represent the objects (California, Nevada, San Diego, and Rensétasf
points in a Cartesian coordinate syséem pictureis not required. However, when we
add shape to the specificati¢ire. the shapef the states)an imageis a more suitable

structurewhere space is inherent in the representation

California Nevada
@ Reno
. San
@ San Diego @ Diezo
(a) Quantitative Spatial Representation (b) Visual Depictive Representation

Figure 1-1: Representations Involved in Spatial and Visualmagery

What the previous examples illustrate is the power of being able to rbgson
combiningthese representatiottsroughimagery processingf course, to perform these

tasks assumes:

! Example from(Stevens & Coupe, 1978)



f You have previously encoded andrepres
colorand stored it somewhere in memory (éetter, statesor furniture).

1 You have previously encodéalcal spatialrelationships betwegpairs of
objects €.g.,California is wesbf Nevada, Reno is in Nevada, your sofa is
in front of the T.V.). Note that the types gfhatial relationships include
direction(west, in front of)distancgnumber of stepsprientation(the
orientationof the objecty topology (in),and sizgsofa islarger than
chair).

1 You recognize your currestate andjoal (e.g. determinié the letterfiAo
has an enclosed spadeterminavhat direction you are facing, decide
what furniture you should purchasstc.)

1 You are able to combine these ditint formsof knowledgeand retrieve
the desired information.

1 You can access the results of yoetrievalto make a decision arfdrm a

response

Theseissuesare the types wexplorein this researcho determine the computational
mechanisms underlying spatahd visual imageryThe goalsand relevant questioref

our researcHollow:

(1) To incorporatespatial andvisual imagery within the context of a cognitive
architectureinspired and constrainedby behavioral biological functional and
computationakvidene.

What are the representations and processes that are architectural?
What knowledgeis necessaryo create these representati@ml control
the processirng

1 What is the relationship betweespatial imageryyvisual imagery and
visual perception?Vhat underlying structures and mechanisms do they
share? What components are unique to imagery?

il
il

1 Where is information stored and in what representational format?
1 Where is the information processed?
T What i nformation i s transmictiohaed bet
components?
(2) Tounderstangpatialand’ i s u a | i mageryds c.apabilities



1 How does cognition usspatial andvisual imagery to solve problems?
Whatare thetypes of problems?

1 What are the environment and task conditions wispagial andvisual
imageryprocessingrovides additionalfunctionalcapabilities?

1 What types of tasks are computationally more efficient using a
guantitative spatial or visual depictive representation versus using a
symbolic representation? What are ttagleoffs?

(3) To expand the integrationetween perception and cognitiowe are focused
specifically on how cognition uses perceptually based representations for
reasoning and problem solving rather than how the system processes-iyottom
perception into syiols (e.g. computer vision, robotics) or how perception
constrains the timing, processing, and control behavior of the architecture (e.g.
EPIC, ACTR).

(4) To determine and build appropriate tools for debugging and evaluagpgtial
and visuéd imagery component within a cognitive architecture (software
engineering aspect).

As further clarification the following is dist of whatarenot ourresearch goals.

(1) Detailed nodeling of human behavior(Cognitive modeling) We are using
psychological theoriegxperinental evidence, and neuropsychologiesults as
inspirationin our architectural desigiwe would like the systerto exhibit the
general behavior and be plausible in accordance with how we believe humans
solve problemsising spatial and visual @gery At this time, however,we are
not concerned with matchifgumanexperimental results.

(2) Building a stanealone model ofmentalimagery We are not trying to model
mental imagery without taking into consideration how it fits into the overall
architecture Our goals are much more general in that we want to discover how
thedifferentrepresentations are used for problem solvirige system has to work
together as a whole with spatial and visulagery processingas one of
cognitionobls possible t

(3) Designing and evaluating specific algorithms or attempting to claim we have all
imagery functionality implementeds a follow-up from the previous point, the
scope of this work is general so that attempting to analyze, design, and evaluate
the detds of specific algorithms would take away from our facus
We organizehe remainder of this dissertatias follows. Chapter 2 and 3 present

our design space constraints and the@e devoteChapter 2 to the discussion tife

guantitative spatial andsual depictivarepresentationgs theyare central to outheory.



The chapter includes summary of thanental imagery debatand its influence onour
decisiors. Chapter 3 presents the remaining design space constrairgsrantarize®our
theory Appendix A provides additional background on the relevant psychological and
neuroimaging experiments supporting our theory.

Chapter 4 comparesprevious workin Artificial Intelligence and Cognitive
Science Included in this chapter ammputational approaches that have either modeled
mental imagery or used it as motivation for a specific applicaGbapter Ssummarizes
task and environmentaharacteristicavhere spatial and visual imagery is usefdlhe
chapter alsgresents an ovelew of our three experimental domains to facilitate the
architectural discussion iBhapter6. The three experimental domaimslude an agent
using spatial imagerio solvea geometry problenyisual imagery taemgnizefeatures
on individual alphabet teers, andboth spatial and visual imagety inform its decision
makingin a simulaton of an Armysmaltunit leader Chapter 6 discussthe memories
and processes associated witle architectus that include Soar and its Spatifisual
Imagery (SVI) componentAppendix B and Appendix C provided more details on the
design and implementation tife system Chapter Pprovidesthe subjective and objective
evaluation of the architecturacrossthe threeexperimeral domains.The evaluation
metrics include behavioral,biological, functional, and computationaesign space
constraints computationalgain; functional capalility; and problemsolving quality. We
concludewith ourresearch contributions amaturework in Chapter 8



Chapter 2

Spatial and Visual Imagery Representations

A key result frommental imagery experiments is that humans usdipleiltypes of
representationsduring imagery processingAs the distinction betweenthese
representations isentral toour theory,we focusexclusivelyon themin this chapterwWe
begin by summarizingthe threerepresentationghat sipportspatial andvisual imagery
processinganddiscuss their functionand computationaradeoffs. We thesummarize
the mental imagergiebate The debatés important taunderstandsit directly influences
the decision as to whethercagnitive architecturshouldinclude separate mechanisms
for spatial andvisual imagery.The alternative is to assume that symbolic cognitive
architecturs are sufficient for imageryprocessingand what an agent requires isply

additioral knowledge.

2.1 Symbolic, Quantitative, and Depictive Structures

From a functional and computational perspective,hyypothesis ishatspatial andvisual
imagery use at least three distinct representations to inclutle g symboli¢ (2) a
guantitative spatigland (3) avisual depictivaepresentatiofFigure 2-1). The symbolc
representatior(first row of Figure 2-1) is the amodalstable medium useful fageneral
reasoningdNewell, 1990) Symbolsmaydenote an object, visual properties of that object,
and spatialrelationshig between objectsThey are sententialor sentencdike, in that

their meaning is dependent ocontext and interpretation rather than their spatial



arrangementThe power of symbols comes from their composahiiging universal and

existential quantification, conjunction, disjunction, negation, and other predicate
symbols.For example, the rightand column ofFigure2-1 represents two objects,can

and a boxvith symbols denoting visual featurgsg.(can,yellow)) and spatial properties
(e.g.on(can,box)). In addition to visual and spatigroperties symbols can represent

non-visual ornon-spatial contentwhich isnecessary for associating abject with other

modalities and concepts.

Representation Aliases | Modality | Processing Uses Example
Symbolic Sentential Amodal Symbolic General object(can)
9 Visual Properties manipulation | Reasoning | feature (can,curve
(optional) Propositional color (can, yellow)
Logic Explicit
{ SpatialProperties| Descriptions visual object (box)
(optional) Entailment feature feature(box,corner
P-Symbols recognition | color (box, blue)
Qualitative | on (can, box)
Spatial
Reasoning
Quantitative spatial | Sentential Amodal Mathematical| Spatial can
9 Visual Properties manipulation | Imagery location<2,1,2>
o General Shape| Metric orientation 0
(inferred from Laws of Spatial height 5 radius 1
sizedimension | Diagrams Dynamics Reasoning
1 Spatial Properties (motion) (General box
(mandatory) P-and } shapes) location <0,0,0>
o Direction/ Symbols orientation-10
Distance length 10
(location) Perceptual width 6 height 4
o Orientation Symbols
o Size
0 Topology
Visual depictive Iconic Visual Mathematical| Visual
9 Visual Properties manipulation | Imagery
o ShapeColor Analog
o Explicit Depictive Visual
features [-Symbols manipulation | Feature
o Explicit empty Recognition
space Perceptual
Symbols Spatial
1 Spatial Propertieg Reasoning
o Direction / (Specific
Distance shapes)
(location)
o Orientation
o Size
0 Topology

Figure 2-1: Imagery Representations




The quantitativespatialrepresentatioisecond row ofigure2-1) is alsoamoda)
butis perceptuabased That is, it is an interpretation ofisual, auditory, proprioception,
and kinesthesisensesbased ona fixed frame of referencéhat assertsan objecd s
location and orientation in space The fr ame of reference can
viewpoint (egocetnic) or another object (allocentric). Computationally, the stmectises
scalarvaluesand vectos in a threedimensional Euclidean spat®representiformation
with symbols labehg the objects. Theprocesseghat infer information from this
structureusesentential, mathematicajuations.

Spatial imagery uses the representation $patial reasoning@nd simulating
motion through linear transformatioffise. translating, rotatingand scaling or laws of
dynamics The second exampla Figure 2-1 represents the metric location, orientation,
and size dimensions of the can and the lhacation is a combination afirectionand
distance from dixed frame of referenceOne may infer sugh estimates ofize and
topology baed on the general convex shape, or dimensafribe objects.

In contrast to symbolsr quantitative spatial representatiobsth of which are
sententialstructures space including empty spaceis inherent in thevisual depictive
representatiorfthird row of Figure 2-1). The depiction is from a privileged viewpqint
and the spatial structure of the patterns resembles the objects in a peocemadinel
sceng(Finke, 1989) Computationally,tiis an image data structure whéhne praessing
useseither mathematicahanipulationg(e.g. filters, rotation, and scalifgor algorithms
that takeadvantage of the topological structuaad color of the representatigrunt,

1976; Furnas, 1990; Furnas et al., 2000)

Vi sual i magery uses the depictive repre
features (e.g. lines, curves, enclosed spaces, corners) or for spatial reasonéngomrher
convex shaps are inherent to the problert. also facilitates the identification and
location of empty space between objects, exits between scenes, and topology between
objects.Similar tospatial imageryvisual imagery canse the depictive represtation to
simulate physical processebor example,visual imagery processingan simulate
moving the canin Figure 2-1 to the rightto determine wheré falls off the box(Funt,

1976)
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Even though weonly label the topstructurein Figure 2-1 as asymbolic
representation, each of the representations are symbols in the sense that each is a pattern
denotings o met hi ng where fidenotation iIs a mappi
(Simon, 1996) Although we typically think of symbols as linguistic patterns and
reasoning as logic or mathematical equatiowstlinguistic pattens such as depictions
are also symbojdut thereasoning processes thiater information fromit are notbased
on logic.In symbolic terms,he distinctionbetweenthe representations that someare
pointer symbolgP-Symbols) such as what we call symbolic representatians, some
areinformation symbolgI-Symbols) retinal input, for exampleéheing an extreme case.
Pointer symbolgdo not contairraw information, but rather serve as an abstraction of
more detailed informatim Information or perceptual symbols(Barsalou, 1999)are
carriersof informationwherethe encodingpatternis primarily raw informationsuch as in
the depictive representatiolybrids, such as the quétative spatial representatipn

containboth R and ksymbols

2.2 Functional and Computational Tradeoffs

So whydoesa cognitive systemusethese three representatiotisring thought
processing In short, each structure has functioaald computationairadeoffs.From a
functional perspective, there d@radeoffs betwen the representations thagpeecific task
often highlight even when the environment remains const&ur example,given
appropriate inference rules attte symbolic representation Figure 2-1, onecan infer
that there is a yellow object (can) arblue object (box). However, orannot infer that
the top of the can is a circlé®One can infer visual properties from symbolic
representatioronly when the propertyis encoded explicitly as a symbot when task
knowledge supports the inference (e.g. if two lines intersect then there is a vertex).

Consideranotherexample from Ulliman(1996) Figure 2-2 shows two enclosed
regions. Assume that the region Figure 2-2a is a quantitative spatial representation
rather than the image shown for presentation purposes. That is, assume the region is a set
of x, y points with indices sp#ging the connections, or linsegmentsbetween the
points.One way to determine if the dots in the figure lie inside or outside the enclosed

region is to imagine a ray (again as a quantitative representation) from the point to
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Ainfinityo and then c¢ oubetween theeraymandnitieeline o f
segmats making up the region. If the count is gddenthe point is inside the region;

otherwise, it is outside the region.

)

® 7>

—/ ]

@) (b)

Figure 2-2: Example of the Capability and Limitation of Representations

Now consider the situation Figure2-2b where the environment is the saret
the task is to determine whether the two points lie insémaeregion. Using the same
ray-based methodology will not provide the desired informatienttee number of
intersections only tell you whether the point is in a region or not. It does not teithatu
region (if there is more than one region). Rather than using rays to determine the region,
assume now that the figure is a visual depictive sr@ation(as presentedtart at one
of the points mapnad adlmagi me unfiloyamireachiaarblack r e d
boundary. If after coloring, red pixels surround the other point, then the two points are in
the same region. Such a coloring or \aion scheme is similar to the depictive
algorithms we use in our architecture. In this example, the environment remains the same
but the task changes requiring a different representation to achieve the desired functional
capability.

From a computationgperspective the tradeoff is between scope (what it can
represent) and processing cdadtewell, 1990; Simon, 1996pr alternatively, what
Norman(2000)categorizess discretiorandassimilability. Symbolic representations are
high in terms of discretion as they convenly the intended information requiredrfo
general reasoning, nothing more or less. They purposefully leave certain aspects of the
description indeterminatelhe predicate des@it i o n , Aqon (icansforfbfoixgi e
general inferences used in logical reasoning. That is, you can assert very general
statements such as #dif t. hiretermsaof capacity atome, t h e

symbolic representationsansmit muchless informationthan visual depictions The
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symbolic representatioim the righthand column offigure 2-1 is roughly 2 (512 bits
while the picture of the can on the box iS B12K) bitsd threeorders ofmagnitude
more Symbols may themprovide a muchmore compacstructureallowing us to retain
context whilereasoning and bring in detads required

Symbols can al so represent wunaremrrtheai nty
flooroband negation as i n notinghe bandabutésmoretnetbaxi i f t h
on the floor then grasp.itd@he quantitative spatial and visual depictive representations
have to commit to a particular configuration and so cannot convey these general
statements. @er specification isa disadvantagdor perceptualrepresentations anyg
learning may apply onlto theparticular situationlt is difficult to generalize and transfer
to other tasks. A simple example illustrates this point. Assameagentlearns by
imaginingpan6 A6 t hat does not have tantyh e uparetsi.c uN
it imaginesdoes not havea curve but it cannot assert thatl 6 A dde Bothave curves

(e.g. consider a cursive lettd,).

At the othe extremedepidive representations are low in terms of discretion (i.e.
they provide many detailsput for visual and spatial propertieere computationally
easier to assimilat&or examplefrom the picturein Figure2-1, information suclasthe
top of the canlooks like a circle and covers about an eighth of the b directly
accessibleWhat we lose in representational scope, or expressivenesstemejain in
fewer processing cyclemswe can exploit the space and color in imageto infer the
visual and spatigdroperties

In terms of discretion and assimilation, the quantitative spatial represeritdigon
in between thesymbolic and depictive representatiomisprovides more details than the
symbolic representatiofi.e. direction, distance, orientation, siznd general topology
but less informatior(i.e. specific shape and coldhan the depictive structure. A strip
map of the New York City subway system is a good example. It leaves out the details of
every turn and provides you with the general topological structure, direction, and distance
information. In the middle, quantitative spatial example fieigure 2-1, you can infer
the direction and distance between the center of the can and the center of the box, the

location where the bottom of the can touches the box, and theveetate between the
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two objects. The depiction also provides this information but at the cost of requiring
greater capacity

There are two other computational reasons why the quantitative spatial
representation is useful. Firdhere are some general spatial reasoning tasks where
reverting from symbolicto metric information is necessatyg infer new information
(Edwards & Moulin, 1998; Forbus, Tomai, & Usher, 2003; Mukerjee, 190&bus
Neilsen, and Falting€l991)coin this lack of a general, purely qualitative representation
of spatial properties as tlp@verty conjectureSecondMarr (1982)stresseshat bottom
up visual processingisesincremental, increasingly abstract levels of representations
Thisrationaki s al so pertinent teo0 idardiealtynagerny t
cannot generate a depictive repreagan directly from qualitativeymbols without first
specifying metric properties, such e location, orientation, and siz# objects as the
generation process requires this informatmproject the shapes to a depiction.

The power of imageryprocessingemergesfrom the ability to combinethe
symbolic, quantitative, and depictive representationsking advantage of the
representation that provides a congtisinal advantage or a specific functionapability.

The support for this ability in a general, cognitive architectueensajor contributiorof
this researchOne of the difficulties, howevers decidingwhen to usdhe appropriate
representation.Although we provide hints throughout this thesisf where each
representation is usefwe do notoffer a conclusive theoryl'hereforeour theory states
that an agent through procedural knowledgdecides whichrepresatation touse based
on its current stte andts estimateof the total cost of using the representattminclude
transforming to that representation, using it, and then transforbaick)is less than an
alternative.

One of the maincriticisms of theories advocatingthe use of multiple

representations is exactly this issue. As Sirfi@®6)articulates:

"Transformation from one symbolic representation to another, in order to find one
that is computationally efficient in dealing withparticular class of problems, is
an essential, and littienderstoogrocess in much problesolving™
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The mental imagery debate highlights this criticismpw&will look at theissue from this
perspective andarticulate our reasons forincorporating both spatial and visual

representations into the resulting architecture.

2.3 Mental Imagery Debate

Although to the casual observre mental imagery debateay seemludicrous (of
cour se we hav e it aoctuallygaite comphicatgdeoace pne investigates
the detailsFew denythat when we engage in imagery sgenmto be forming pictures in
our headsThe question is, ange really?

Philosophy and psychology have a long history of mental imagery thédyies
1991) Past theorie®avecastthe role ofmental imageryn thought processingt both
ends ofa spectrum At one endphilosophers such as AristotlBescartesand Hobbes,
advocatedvisualizationasthe focal point othought.Theybelievedmental images were
modelsof the external worldintrospection or the process of explaining your internal
thought processesvas the dominant method in the formulation of these ideathe
early twentieth centty the behaviorist movementled by Watson (1913) rejected
introspection as a valid mettiology,arguingtha imageryis simply a dramatization of
what is actually occurring in a pergsmmind. He concluded thaintrospectionis not
evidenceof mentalstrudures and processes

As cognitive psychology emerged in the 1968@ne began to argubat there
must be mental representations used in imageryexplain the results of so many
experimentsHebb(1968)asserted hat descri ptions of someone
not necessarily introspectioAs an example, he usélde caseof amputees, who after
removal of an extremityreport pain andsensationin t hei r Aphatsom | i
reporting of sensation is not introspectibie, arguedbut an imagined experience where
the perception origiates in a higher brain process rather than from the extradetb
described imagery as the aetiion of cellassemblies previously formed during
perception According to Hebb, vivid imageris the activation of the lower order cell
assembliesvhi | e hi gher order cell assemblies ar
The separation between vivadln d Al e s s s p eanalofoudo ourtheomaaj er y i

visual depictive and quantitatigpatial representations
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This change in attitudeoncerning the relevan®f reported imagery experiences
coupled withbehavioralexperimentghat were morescientific solidified imagery s r ol e
in cognition The major questiothat remais, and what psychologisesixdneuroscientists
havedebatedfor over threedecadess the representatiorof these internal image$he
debate focses primarily on visual imagerglthough the discussion gbatial imageryhas
recently emerged as the theorists refine their thedfiesslynis the protagonist for the
depictivetheoristswho embrace the notidhat visual images amguastpictorial, have an
inherent underlying spatianalogical representation, and share similar mechanisms with
vision (Kosslyn, 1980; Kosslyn, Thompson, & Ganis, 2008) the other end of the
representational spectrum, there are those, suélylgshyn(1973; Pylyshyn, 2002Wwho
argue that there has not been enough evidence to reject what cal | s t he
hypot hTWhatiissvisbal imagery useshe samepropositional (i.e. symbolig
representations and processeg@seral, higar-level reasonig. The only differencehe
contendsis thatthe content includegisual and spatialnformationsuch ashapecolor,
direction, and distancelhroughout the debatepgnitive scientists such as Anderson
(1978) also raisethe key point that representation islependent on theomputational
processing Any theorymust articulate how the representation facilitates the processing
and whathetradeoffsarein terms offunctional capability andomputationagfficiency.

The modern debatebegan after Shepard and Metzldd971) published their
seminal work on mentaiotations Their experimerstshowed subjects pairs of three
dimensional, nosstandard objects and asked them to determine if the objects were the
same shapérigure2-3). Some pairs were identical but with one of the objects rotated at
a different angle than anothédther pairs were mirrored reflections of one another so
could not banatchedoy rotating After beingshownn a pair of objects, subjects responded
asto whether theythought the objects were the san@hepard and Metzler found that
response times were linear with the rotation an§lerthermoret he s upbstect 6s
experimentreports claimed thani or der to make the comparis
rotat eo one Thede twopeees af bvjdencetlead Shepard and Metider
hypothesize that there is some sort of an imagined mental rotation process in three

dimensional spaceSome psychologsts begandescribing the phenomenasing a
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Figure 2-3: ExamplesShepardand MetzZl er Used to 8hatwi dMént al R

Leveraging Ne w#ard)ideasthat huShvannpmislednssolving uses
symbolic computations, Pylyshyn, wrote a strong argument agtiesfi pi ct ur e o
metaphor for mental imagery. leggested thamagery, like other thought processes, is
amodal andsymbolic. In the same vein as Wats@h913) he questioned experiments
relying on introspectiostatingthat the images in our head are epiphenomenal. He also
guestioned t he6 ne#gdgiagthatd fs really a quéstiod of infinite
regress. Thatjs f t here is a Amindbés eyeo0O then doe
Amindds eye?o0

Kosslyn and Pomeran{d977)court er ed Pyl yshyndés ar gumen
evidence and theoretical comparisdreween their depictive account of visumlgery
and a propositional account. For example, in one of the experiments subjects were
presented with a map of a fictional islandd seven objects (lake, well, beach,)etc
located at various places omreap Figure2-4). They askedsubjects to study the map,
close their eyes, mentally pictuite and compare their visual image with the map. Once
the subject had the maulequatelymemorized, thewvere instructed to closieir eyes
and imagine one of the locations (e.di w e | Kosslyn and Pomerantthen named
another objec{e.g.fit r e e dhe subjezta Weré nst r uct etd thenamedi s c an o0
object. Kosslyn an®Pomerantaneasuredasponse timeand foundthat te time to scan
between pairs of objects was linear with respect to the distance between. dljegts
concludedhata visual image r@serveglistanceand spaceSymbolicaccounts, Kosslyn
and Pomerantz argued, cannot agggly explain these findings.

Later,Kosslyn shifted the basis bfs argument for depictive representations from

behavioré experiments to neuroimagirgyidence(Kosslyn, 1994; Kosslyn, Thompson,
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& Ganis, 2006) In monkeys it is known that therimary visual cortex (Figure 2-5)
roughly preserv&the spatial structuref the image on the retin@ootell et &, 1982)

That is space on the cortex represents space in the world. Kosslyn and otheedassert
that if the visual cortex shows similar activation patterns duvisgal perception and

visualimagery then theras a strong indication thatisualimagery, similar to vision, is

usingthetopographically mappear depictive, areas of the brain.

Figure 2-5: Visual Cortex

The typical methodologysedduring theseneuroimagingexperiments consisted
of two groups of subjects. One growpuld perform a task usingsion, and he second
groupwould perform the same task usingagery During evaluationfesponse times and
brain activity was measuredsing positon emission tomography (PET) @unctional
magnetic resonance imaging (fMEIFor example, Kosslyet al. (1993) had subjects
either view(vision group) or imaginéimagery groupp letter in a gridFigure2-6). An
6x06 then appe awngedtshadno indibate (by pushohg aabotn) whether

Also known asthe striate cortex, V1, oBrodmann area 17t is the first area of the brain to receive
information from the retina.

3positron Emission TomographPET) and functional magnetic resonance imaging (fMRI) are medical
imaging techniques used to measure neural activity in the brain.
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the 0O0x06 f el | Thoepalsohad aobasklind ghoep (deresary/nmeotor.group) who
simply pushed a button wdgriétorule dugany dckivatiordi s a p p
effects caused by sensing and respondihg results showed greater activation of visual

cortex during the visual imagery task than during the visual perception task. They also
found more activation in other brain artasdicating that tere were additional

mechanism#volved in generating the image

Perceplion Imagery Sensory-Motaor
Control

5 0 B
f §

Figure 2-6: X On/Off Letter E xperiment.
Subjects either saw a letter in a grid (visual perception task), visualized the letter in the grid
(i magery task), or waited for the 0X06 mark to be re

During this timePylyshyn(Pylyshyn, 1981, 2002)as also active in the debate
assertinghat tacit knowledgeand notarchitectural constraints (in the sense afother
representation explaineddepictive theoristsbehavioral experimentdzor example, he
argued that the reason response times for scanning between various imagined objects on
the island map were linear with respect to distance was not because the imagery medium
uses space to represent, but rather because the particigEetsnstructed tdiscarp
between pairs of objectsTo test his theoryPylyshynr an a si mil ar Ai s
experiment.First, heinstructed subjects to memorize a map and refethéir mental
image of the map. Next, they were instructed to ctbeg eyes andnagineone ofthe
locations Pylyshynthennamel another objecon the map and instructelde subjectso
determine the compass direction (NE, N, NW, W, SW, S, SW, and E) from the second
object to the first objeciThe taskinstructions did not provide a@ndication ago how the

subjects were tadetermine the directiorfi.e. thee was no instructions téiscar).

“Specifically Broadmann area 44, ,4&8nd 46. Area 46 is functionally part of a group known as the
dorsolateral prefrontal cortex (DLPFC) and hypothesized to be responsible for executive functions.
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Pylyshyndéds results showed no correlation
the objects

Pylyshyn arguedhat if the task demandsg. i s ¢ a n dhe behdviora pattern
(in this case the response timglenknowledge explainshe resultsnot the underlying
architectureHe calls thigphenomena&ognitive penetrabiliyWWhenwe aretal t o fisc an
our image, he argued takes a certain amount tfne until we arrive at the next object
because knowledge of how long it takes to scan a specified distance controls, or mentally
simulates, our scan ratéhe intrinsic poperties of the architecture awet involved, only
knowledge.

Furthermore Pylyshyn claimed that there was na&nough ewlence to show
conclusively thata humands vi sual icalypmapped representadiont o p 0 C
during imagery He claimed that mostimagery studies only shoed activation in the
latter posterior corteareagsud as the parietal cortex antferior temporal lobejather
than in the visual corteXe claimedthatfor the few imagerystudiesshowng activation
on the visuakortex nonepresentectonclusive evidence of @pographicallymapping
Although Pylyshynconcededthat reasoningusing imagery is differentfrom logical
reasoninghe concludedthati s pat i al d i s gepictiyegepresentatiopare v i s u a

inadequate for the representatiorknbwledge

2.4 Discussion

Figure 2-7 summarizesthe positions between the two campis the last column
indicates the theorists explain theexperimental result@s beingeither architectural
mechanisms or knowledgen order to designa general, computational system
incorporaing imagerycapabilities onemustmake a commitment as whetherimagery
processing requirespecific architectural mechanisnm® can berealized with general,
symbolic @mputations and knowlee. Again, our hypothesis is thaspatialand visual
imageryuseat least three distinarchitecturalrepresentationsVe back thisassertion
with the following argumentand with our evaluatiom Chapter 7.
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Imagery | Representations| Behavioral Neuroimaging | Explanation
Theorist Experiments Experiments
Depictive Symbols, Response times | Visual cortex Architecture
Depictions linearwith active during visual
distance of imagery tasks
transformation
Propositiors | Symbols only No correlation | None, argue that | Knowledge

between
response times
and distance
between objects

most neuroimaging
experiments do not
actvate visual
cortex orshow

topographicamap

Figure 2-7: Summary of Mental Imagery Debate

First, Kosslyn and otherproposea cohesive and consistent thedPyopositional
theoristsdo not offerany conpelling, competing teories toembrace their viewpoirdnd
cannot always »plain the major phenomena (ergtation) without resorting to abloc
arguments Even they agree thabme oftheir theoriesrequire excessive computations
(Pylyshyn, 2002) Even thoughhe propositional theoristisagreewith the neurological
evidence they do not provide alternative explanatiorss to why the visual cortex is
activatel during someimagery experimentsf visual imagery is truly using only higher,
amodal symbols, then why is there awyivity in the visual cortex?

Second, w agree witlPy | y s h y n 0 sat taait gnowreelgekplainshsome
imagery resultas behavior emerges fromxcombination of the environment, knowledge
andthe architectureHoweve, we disagree that thisxplanationimplicatespropositions
as the exclusive structur®r imagery processing In addition to he fii sl and me
experiment, here have beemanyother behavioral experiments providing evidence that
visual imagery representatiom use space. These experiments includenage
transformations,mage size, and visual anglg&osslyn, 1980) As further evidence
neuropsychologists, such Barah, Soso, and Dashg(if992) have showrthat there is a
visualfield of view in both perceptin and imagery whenpf medical reasons, they had
to remove a patientds occi piAftertemdabthey f r om
found thatthe horizontal visual angle was reduced in lf@alfboth perception andisual
imagery However,the verti@al visual angle remained intactacit knowledge lane

cannot explain this result.
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Third, ore of theshortcomingsn thementalimagery debateandpossiby acause
of confusion in the interpretatioof whetherknowledge, architecture, or a combination
explainsan experimental resylis thatt he f oc us odrgunehtei®ntvisualor i st s
imagery. Spatial imagery recewdessattention yetthere appeas to be distinct brain
structures such as the parietal cortethat areactive during such taskdMellet et al.,
2000) As Grush(2004)articulatesa reasorior the confusionis that spatial imagergoes
not fit either the propositional odepictive metaphorsAs with propositions, spial
imagery representatisnare sententialand consistof objects with propertiesuch as
direction, distance, sizend motion.However, transformationisetween statedoes not
follow logic or entailment but rathemathematicale.g.translation, rotation, scaling) or
dynamic(e.qg. force, torqueinanipulations. On the other hand, it is not a dematither,
such as an image twpographicallyorganizedvisual cortex The distinction between the
two representations is difficult to amgriate becausene can reinterprethe spatial
representatiorinto a depictive formatFor example, a line cabe represented in its

algebraic, sentential formét = x) or adepictive formatFigure2-8).

Figure 2-8: The Depictive Format of the Line, y=x

We arguethat the difference in theesulisb et ween Pyl yshynods al
island map experiments aadtributed to the type of imagery task (spatial versus visual)
Py | y svengion®fsthasland map experimenms clearly a spatial reasoning task as the
subjectswere todetermine the absolute, cardinaltedition between two object©ur
theory offersthe following explanation As thesubjects were memorizing the map, they
encoded the qualitative directions between the pairs of objects (e.g., thelefélbithe
treg seeFigure 2-4) and used this information to infer the cardinal direction. Note that
encoding these locabpatialrelationships facilitates rebuildirgdepictiverepresentation
butit is notrequiredto completethis task.

InKosslyb s er si on of the experi etwernthetwohe t a

objects.Therefore,even if the subjesthad tacit knowledgéhat it takes longer to scan
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between objects further apart, thabjects have to account for tbstance between the
objects.As it is unclear whether this is a spataldbr visual task (intvidual preferences
may be a faabr in this determnatior), our theory offers two explanation&ither the
subject, using greviously encoded or measured distarmg@lds a quantitative spatial
representationangis i mul at eso0 scanning between the tv
a depictive representation and scans between the two objeatsagining afipatho In
eithercase perceptuabasedepresentations and processes are in use

Our final thoudpts arethat depictivetheorists such asKosslyn havenot denied
that there are symbolmomputatios involvedin imageryprocessingOn the contrary, he
specifies how symbaal, associative memories amequired ¢ build or generate an image
Past researchvith Soar has focused almost exclusively on symbolic computations
However asNewell (1990) stated m Unified Theory of Cognitignimagery may be a
componentwith a different representatiaxistingoutside of central cognitioWe have
pushed Soar tats limits using symbolic computatns. Wth mentalimagery as our

motivation it is time to explore others.
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Chapter 3

Design Space Constraints and Theory

As discussedni the previous chapter, the use of multiple representations is a core
constraintof our theory.In this chapter,we discuss theremaining core constraints
influencing the architectural desigpace. Outheoretical commitments closely follow
the evidenceprovided by the depictivemagery theorists, specificallyjKosslyn (1980;
Kosslyn, 1994; Kosslyn, Thompson, & Ganis, 2006)

Figure 3-1 categorizes our design space constraintsinto three areas
behavioral/biological, functional, and computationAVe derive Iehavioral and
biological constraints froma literature reiew of the theory and mental imagery
experiments measurirfgehavioal or neural responses through neuroimageuniques
(i.,e. PET, fMRI). Appendix A summarizes thenotable experimentsinfluencing our
theory Functional constraintemerge from thdehavioral and biological constraints so
there is some overlap. As we are extending the Soar cognitive archiigetinde 2008)
we derivethe last threecomputationalc onstraints from Soar os
(Newell, 1990) Theintegration of thefunctionalconstraints with a cognitive architecture
and thecomputationalsupport for efficient processing of the representations are the

majorcontributiors of this research.
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Behavioral/ Biological Functional Computational
fIntegrate andise multiple| { Quantitative spatial and | { Efficient processing of
representations visual depictivestructures| the representation
1 Share mechanisms with|  Construction 1 Clear separation of
vision 1 Transformation knowledge and
1 Organize by parts 1 Generation architecture
1 Composability 1 Inspection 1 Support reactive and
9 Transformation {Maintenance deliberate behavior
flnspection I Problem space
computational model

Figure 3-1: Design SpaceConstraints

3.1 Behavioral and Biological Constraints

There are many studieshowing that vision andnagery share similar characteristtcs
include visual and spatialstructure resolution limits, field of view, laws omotion
dynamics, motion aftereffectshortterm and longerm memories, and interference
patterns(Farah, Soso, &Dasheiff, 1992; Finke, 1989; Gilden, Blake, & Hurst, 1995;
Kosslyn, 1980; Palmer, 1999; Peronnet, Farah, & Gonon, 188®8e (1989)calls this
the perceptual equivalence principle

Al magery is functionally equivalent to
mechanisms in the visual system aetivated when objects or events are
imagined as when the same objects or events are actually pereceived
The primary difference between vision and imagery is the source of information
(i.e.retinal input versus memory activaticsnd theinitiation of theprocessingi(e. top-
down versus bottorp).° Imagery may build spatial and visugpresentatianentirely
from the combination of activatedbject and spatialmemoriesor by augmening a
perceived scenwith objectsand their spatial adigurationsfrom these memorieJ hus,
the interpretation of an imagined representatoam occur in the presence or absence of
perceived stimulusThis design spaceonstraintrequiresthat spatialandvisual imagery
share componerg associated with visiorrather thanhaving their own, separate

mechanisms.

*However, mo st present theories ofdownsugplftbgptesséept i
employs knowledge about objects to facilitate segmentation, recognition, and classification. Spatial and
visual imagery are considered part of this-tlwn processing.
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Neurological evidence shows ma g eintegratisn with vision begins ahe
visual cortex The visual cortex is the region of the occipital IqBégure 3-2a) that
processes visual information received directly from the lateral geniculate nucleus. (LGN)
The LGN, in turn, recems information from the retin&rom a biologicalperspective,
the visual cortex s t h e i bféohe leranvhereimagerygexperimentdhave shown
activation From a functionaperspectivethis area is associated withe visual depictive

representation

N

1?5;”@@{ g Occipital

(&) Human brain lobes (b) Ventr al (Awhat o) )e
pathways
Figure 3-2: Shared Biological M echanismsbetweenlmagery and Vision

Two pathways emanate from the visual cortgngerleider & Mishkin, 1982)
The ventral, or Awhato pat hway, extends fr
|l obe while the dorsal, or frtovtbxeto tkedposteriot h way ,
parietal lobe Figure 3-2b). The ventral pathway includes processes that extract an
objectds visual fagrizethe abjsct by matichiagtthe featypes to &ano  r e
object in a longerm memoryKosslyn, 1994; Palmer, 1999; Ullman, 1996his long-
term object memory, assumed to be in the inferior temporal lobe, encodes the shape and
color of objects.Some researchers advoca&e3D model (Finke, 1989; Marr, 1982;
Pinker, 1988) Otherssuggesta population codéKosslyn, Thompson, & Ganis, 2006)
We ae noncommittal in thisregard,as it remains unclear from our research how
informationin this memoryis encoded.

What is clear is that the system is able to reacquire shape andTdw@hape
may ke a prototypical representation of the object (e.g. a prototypical chair), or in some

cases, whereneis exposed to the object through multiple repetitions, a very specific
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shape that represents the exact object (e.g. the chair in my dining (Meayer, 1993)
Although the shape and colorpresentation in this memory is unique, our theory does
not address it as a separate representation as it is not directly used in reasoning (i.e. there
are no processes that directly manipulate it). Rather, the representation is instantiated
during imageryto support constructing the quantitative spatial or generating the visual
depictive structure.

As the processes along the ventral pathway are extracting visual object features,
the dorsal pathway processes are extragpagialpropertiedrom the visuakortex such
as an object s | oc andtramgmjttingothisiinformiatetd a shak and s
term spatial memor in the parietal lobéKosslyn, 1994 Palmer, 1999)This shoriterm
spatial memorys associated with quantitative spatiapresentation. @ring perception,
it is an egocentric representatiare(relative to the head directigrgnd duringmagery,
the representationan beeitherfrom an egocentric or allocentrigiewpoint Longterm
memory for spatial representations are encoded as allocentric representations in the
medial temporal lob&yrne, Becker, & Burgess, 2007)

One of the problemswithh e fAwhat 0 a n dsthatwhlere appearstanal o ¢
be little understandingpn how perceived objects are reconciled betweenthe two
pathways That is, how doventral pathprocessesssociate objects theye recognizing
with objects from which the dorsal path processesare deriving spatial propertie®
Pylyshyn (2001) offers some insight heré. n addi ti on to a set of
processes, there seems to be a Awhicho pr
objectsin the perceived sceraen thoughheirlocationand propertieshange Pylyshyn
calls his theory visual indexing As an analogy he comparésto a demonstrative in
natur al | a n ghatasges], o hseurceh fiatshaft 6 i s the visua
from our visual field.

InPy | y stheprmy, there is goreprocessingphasewhere a process selects and
indexesa few objects(4-5) in the sceneThis phaseis distinctand precedesbject and
spatial recognitionHow thepreprocessing selects the saliehjects is beyond the scope
of Py | y s h,jbuatdtts (2000h Marrr(3082) and Ullman (1996) suggestthat
contour, olor, motion, and orientation patterns from the depictive representation

contribute to the determination sélient objects.Pylyshnstates that only indexed visual
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objects enter subsequent processing anggdies that such an indexing scheme facilitates
recognition and trackinghe objects.Thisibi ndi ngo i ssue al so ha
imagery. That is, in order to inspect the features of a specific object or a spatial
relationship between two objects there has to be an jmaeeferentto the objeds) in

guestion.

Once we have adequately understabe visual and spatial memorieand
processegerceptionuses we can begin to understand how imagery leverages these
mechanismsA commonly demonstrated phenomenon in behavioral imagery experiments
is that the time to generate @amage is linearly dependent on the number of parts, or
objects, in the representatiofhe construction ofmental images arises from the
amalgamation of metric shape and descriptive,symbolic knowledge The ease of
visualizing a object is dependent on the number of parts composing the objewbwand
the partsare arranged in the symbolic descripti@iinke, 1989; Kosslyn, 1980, 1994;

Kosslyn et al., 1983; Kosslyn, Thompson, & Ganis, 2006)

Another common behavioral phenomena, made fambusShepar dos an
Met z | (89710 $iment al rot at, iiso thé abikty podamagimee the
transformation of djects in ascene. One can change either their viewp&iom
egocentric tallocentricor translate rotate, or resizenagined objectd=inke (1989)calls

this thetrangormatioral equivalence principle

Ailmagined transformations and physical transformations exhibit
corresponding dynamic characteristics and are governed by the same laws
of motiono

3.2 Functional Constraints

The functional constraints emerge from the bébraV constraintsThe architecture must
account for how magery processingonstructs transforms generates inspects and
maintainsthe spatialandvisual representationsrhese functional constraints must show
through the architecture in the followiwgays First, the descriptive representations of

the objects, or partanust beorganized in a compositional mannébjects may be
composed of o t-ahce r r eolbg teica nstuim(inigy)@esompdsédcoh i n
more primitive objects For example, a ige is composed of buildings and roads
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Buildings in turn are composed of many rooms, which are composed of chairs, tables,
beds, etcLocal gatial relationships between objects and their partss uc h as t he
arm is above and to the right of thesare similarly organizedrhis organization occurs
when the information is stored during perception rather than when it is retrieved from
memory and is a result of the temporal or spatial sequence from which it was originally
perceived in the environme(Kaplan & Kaplan, 1982)

Second,imagery is an incrementabddition or deletionof objects or shapest
may involve anovel combination of objectée.g. an elephant on top of a hoyse)
previously seen object or scefeeg. my living room) or novel patterns (e.gnagining a
path on a map()Kosslyn, 1994)Objectinformation, such as its shapedatolor originate
from the longterm object memory. Spatial propertiespecifying the location and
orientation between objectare activated from a declarative letegym memoryand can
be qualitative (i.e. lefiof, above disconnected) aguantitatve. If in a qualitativeformat,
the system musinterpretthe qualitative representation and converttd a quantitative
representationin such cases the specificatioray beunderconstrainede.g. imagine
AAO t o t he) ardeopen torouttiple finBipretations. Inthese cases, task
knowledge or default heuristicsuch as the notion of anfluence area(Kettani &
Moulin, 1999)can define the distance between objects.

The thid way the architecture must refletttese functional comrsints isto
supportthe transformation, or manipulatioof a quantitative spatiabr visual depictive
representationThe quantitative spatialepresentatiorand associated processes must
providethe ability tomodify theviewpoint orchangethe location orientation, or sizef
one or more objestin the sceneManipulating wsual depictiverepresentations may be
with mathematical processin(g.g.rotation, scaling, and filterg)r algorithms that take
explicit advantge of the topological structure andlor.

The fourth functional constraint, generation of a visual depictive representation,
requires the architecture to provide mechanisms to render a scene from a privileged
viewpoint. Again, rendering must be efficient and support the acquisition of an image. In
Chapter 6we will discuss how the transformation and generationstraints togethe

influenceour choice to use scene graplfior the quantitative spatial representation.
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The ability tofi v i s wa |lmsped a quantitative spatial owisual depictive
representation to infer spatiat visualproperties reflectthe primary purpose fcspatial
and visualimagery Imagery does not have its own set of inspectors, or feaiude
spatialdetectors|t simply relies on those mechanisms it shares with visidwerefore,
after the system constructs anflnecessary, transforms amgnerategshe image,the
flow of informationproceeds as in bottoop perception.

Finally, since visual imagery and visual perception cogexbaringthe same
region of the visual cortex, the architecture must suppwintenance of the visual
depictve representain. Our resulting architecture does not support image maintenance
in the sense that the visual depi coritve rep
begirs to fade (Kosslyn, Thompson, & Ganis, 2006However, we do include
architectural mechanismbat inhibit additional incoming stimuli from disrupting the
focusal representatianOtherwise perception always trumgmagery,never alloving it

to finish.

3.3 Computational Constraints

A cognitive architecture is thixed set of memories and processes underlying an agent
(Newell, 1990) The motivationbehind a cognitive architecture is thvaith the addition
of knowledge,it can supportintelligent behavior across a wide variety of tasks and
ervironments.The architecturenust support knowledge acquisition through perception
and learning and provide mechanisms doncode, storeretrieve and process the
knowledge teenableplaming, coordinating andexecutingactions in the world.

Cognitive architectureshave traditionally represented knowledge as symbolic
(e.g., rules, semantic nets, framesjructures.Perceptuabasedrepresentationdave
received lesattentionas a form of knowledge representati@ne of our motivations,
reflected by ar first two computational constrais{Figure3-1), is the possibility thaan
agentcan achieve a computational gain usipgrceptuabasedrepresentations while
maintaining clear separation betweeknowledge and the architectur® As we will

®In a depictive repr es e distditly inthe archieotume- thegrid geometry i k n o wl e d
embeds knowledge of the plane that would have to be explicitly encoded in a purely symbolic system. That
is one of thestrengtls of the depictive representation
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demonstrate through our architecture description anevaluation specialized,
architectural components processing these representations can achieve an order of
magnitudglor more)gain over symbolic processing without trading off generality

Supporting reactive and deliberate behavior, tbind computational constraint
is a hallmarkof Soar and one that we wish to maintain with the additiogpatialand
visualimagery. Thats, the computations that the imagery subsystem performs must meet
practical computatical r e qui r ement s. The computational
building, transforming, geerating, or inspecting a spatial or visual representationld
work within the time constraints of one Soar decigigde thatis hypothesized to b80
milliseconds in humans Otherwise, the system is not responsive to changes in the
environmentNote that this constraint is differefitom the first computatinal constraint
(support efficient processing of the representatigh)specializedperceptualprocess
could be more efficient relative toperforming the same operation wittymbolic
computationsbut notresponsiveFor examplepne of ourimplemented fetare detecta
for identifying curves in a depictive imagerisuch moreefficient than trying to detect
curves using symbolic computations (#ct, we are not sure if it is even possihle)
However, itrequirestoo many computational cycles §~seconds réaCPU time) to be
considered reactive to the environmérttis shortfall mayea result of the wrong choice
of an algorithm,poor implementationor nonparallel hardware, buasit is currently
implementedlit is not reactiveand thus violates thisonstraint.

Thefinal computational constrainEi{gure 3-1), theproblem space computational
model (PSCM)provides the control constrainecessaryor imagery procssing PSCM
is a paradigm for realizing intelligent behavior and is the basis for (Bzavell et al.,
1991) A problem space consists @ket ofstatesanda set ofoperators An agent, by
iteratively selecting and applying operators, effectivelydemts a search through its
problem spaceDuring each cycle, the agent executdsmawledgesearchto bring all the
relevant knowledge to bear in decidwbat operator to choose next.

In this computationamodel,imagery is a special problem spaweng specialized

mechanisms for generapatial and visual processinbhe architecture maintains control

31



with operators forconstructing, transforming, generating, and inspecting a quantitative
spatial or visual depictive representati@uring eachimagery cycle, the agentonducs

a knowledge searclof its memoriesto build a quantitative spatial representation
generate a visual depictive representatmriransform or inspectitherrepresentatioto
facilitate further reasoningrhe imagery process conditional andterative. The agent

may add more detail to its representafgpand inspect ito refine thesearch.

3.4 Theory Summary

Figure 3-3 summarizes theéheory What Newell describeas central cognition
encodesknowledge in the form ofimodal,symbolic representation@Newell, 1990)
Some of theknowledge is arepresentation of objects in the world wsual objects
During perceptionor memory retrieval, hie architecture createsisual symbols
represering these visual object§he visual symbolslenoteeither a prototypical object
(e.g. a chair), a specific instance of an object (e.g. the chair in my dining room), or
multiple objects €.g.my diningroom).

Imagery is the combination of the imagery problem space andpbealized
imagery subsystemlhe agent initiates the imagery problem space when there is an
impasse in problem solvingnd wants to resolve the impasse using spatial or visual
imagery. Task operators directhie imagery problem spacthat in turncontrols and
communicates witlthe imagery subsystethroughits operators qonstruct, transform,
generate, inspect)

The construct operator triggers the construction ofa quantitative spatial
repregntation The imagerysubsystenbuilds he structureby combining the gearal,
metric shape of objects fromlong-term object memory with qualitative or quantitative
spatial information frona symbolicmemory ancencodes the resulting representatioa
spatial shorterm memory (STM)Thetransformoperatorcontrok the transformatiomf
the spatial representation by manipulating its viewpomspecific objects within itAn
imagerygenerateoperatorcreatesa visual depictive representatiom a visual STM by
combining the quantitative spatial repr ese
color from the object LTM and renders it from a specified viewpotnttransform

opeator manipulats the depictve representation by activatirspecific regions. During
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inspection perceptual visual and spatipfoceses perform reasoning by searching the
visual STM or spatial STM for visuahnd/or spatialproperties. The results of the
inspection are transmitted to central cognitisinere the imagery pbdem space
operators build the internal symbolic memori€entral cognition uses the inspection

results tacontinue progress hr ough t he current taskos prob

Central Cognition
Symbolic Task Operators
y ——

>—
Imagery Operators
Y»—— Construct
> Transform

Goals >——> Generate
Current State »——> Inspect
Properties Properties
Object LTM Spatial STM
Shape, Imagery #|Ouantitative
Color Subsystem
) A
LEGEND: Visual STM
>——> Operator Depictive
i ==
@) Symbols =
(@) Visual -
Symbols

Figure 3-3: Summary of Spatial and Visual Imagery Theory

Note thatalthough we have assigned the symbolic representatiocentral
cognitionbs associative memories, t he quart
STM, and the visual depictive representation to the viSTall, this is notto claim that
each memorycontainsthat typeof representatiorexclusively Symbolic memories in
central cognition may have quantitatirepresentationghe spatial and visual memories
may contain symbols, and so forth. What we do cl@iowever, is that each memory has
specialized processing mechanisms fo their primary representatipnand these
mechanisms aravhat distinguishes thememories Therefore, although a symbolic
computation in central cognition may be able to process a cptaugitor depictive

representation, it canndb soas efficiently Although it is not an established part of our
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theory or resulting architecture hat it does indicate is that theressme redundancy so
if one componentis resourceconstrainedor incapad¢ated, alternate memories and
processesanassist.

In summary, decisiemaking proceeds by combining perceptual representations
with task specific knowledge to construct an imagined scene. Analysis emerges through
the manipulation of both sentential and depictive representations. Retrieval or inspection
of the resulting representations provides new information that the agent uses to reason
and produce action in the environmente will reiterate how these design space
constraintsinfluence the architectural design i€@hapter 6 First, however, we turn to

describeprevious computational approaches.
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Chapter 4

Related Work

4.1 Cognitive Architectures

Although cognitive science and artificial intelligence (Al) researchers have made
enormousprogress inperipheraldisciplines, there hasot beena previous effort to
support spatial and visualimagery processingwithin a cognitive architectire. Until
recently, architectures such as Sdaaird, 2008)and ACT-R (Anderson et al., 2004)
focused on highelevel cognition, or what Newell calls central cognitigtewell, 1990)

and typicdly ignored perceptual and motor mechanisms. There is strong evidence,
however, that the environment plays a key role in cognitive processing and the perceptual
and motor systems serve as the link that integrates the environment to-lénger
cognition (Barsalou, 1999; Kaplan & Kaplan, 1982)

From its inception,ite EPIC architecture(Kieras & Meyer, 1997¢mphasized the
perceptual and motor systentdowever, rather than specifying and implementing the
low-level details of perception and motor processing, (e.g. etigection, joint
coordinates), EPIC focuses on temporal constraints between perception, motor, and
cognitive component® account for human dutdsk performancePerception provides
symbolc input to ognition and cognition sends/mbolc output to the motor system.

Thereare no quantitative or depictive representatiamslved in thereasoning.
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Foll owi ng EPI C06 s -Rlegended the8 arahitectiaentd include T
integrated percepal and motor system&PIC-Soar(Chong & Laird, 1997)ntegrated
EPI CO6s percept ua lmodulasdith Saattocevalugieth@perosnancer
andacquisitionof executiveprocessknowledgethat isrequiredto supporthe execution
of two concurrentasks {.e. duattask. The architecture was similar to our approacth
the sense th&PIC provided perceptual input to Spand Soar sent motor commands to
EPIC. However, he EPIGSoar hybrid architecture was two independencesses and
not integratd where oneomponent an t ake advantangms. of anot h
The currentversion ofSoar takes anore functionalapproach, using anxternal
module that translates ae n v i r ocsnpereeptwab information into a symbolic
representation Soar can use for reasaningewise, a module external to Soar,
transforms the symbols Soar sends from its working memory into a format that produces
behavior in the environmentsing these perceptioand motor modules, Soar has
demonstrated success in modeling human behavior in dynamic environments to include
military simulations with pilots flying fiedwing or rotarywing aircraftand soldiers
conducting Military Operations on Urban Terrain (MOUJdnes et al., 1999; Tambe et
al., 1995; Wray et al., 2005)gain, however, these modules do not perform any type of
cognitive functions.
Similar to EPIC, ACTR 0 serception and motor modules focus more on the
timing and contentof modalities rather than the representatidioatnat and lowlevel
processing capabilityAnderson et al., 2004) In the case operception, productions
request the visual module for information based on constrakds example, a
production may request t he #fAr edtdoo podb joefctt hoe
current sceneOne of ACFR6s i mportant e Xt e ofstheovisugl t o E
system includes breaking visual perception into two modules each with ateshort
memory (buffers in ACIR terminology) The visualo b j ect ,,0 omo diwlheth ol ds
symbolic features of the object currently being attended to byith&tlocation, or
A wh & r eno.delvisuallocation modulemaintainsthe location of all the objects in
the current sceneHowever, here is nb longterm perceptual memory enabling the
persistence o forcalor and bhg shattErnd memaehl frpneanipulating

perceptual representatioasd drawing inferences from them.
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Gunzelmann and Lyo(2007)haverecentlyproposedanextension to ACIR that
includes a module specializéor spatial information processin@he proposedmodule
contairs processes to performboth qualitative and quantitativemathematical
comparisons of spatial relationshipgtween objectssuch as direction and distance
They recommendthat the spatial module have connections to the visual and motor
modules(contrary to ACTR theory of no diect connections between modulés) the
purpose of extracting spatial properties frgrarceptual inpuand executing motor
control Their proposal appears to be similar to our theorysmdtial imageryand
corresponding implementatioffheir proposaldoes notinclude plans for incorporating
depictiverepresentations and processing.

Wintermutebds and Lairdés (2007) Soar
on how the architecture projectgualitative predicates inta quantitative spatial
representatin, providing a more detailed implementatiai the capability than our
current systenprovides Kurup and Chandrasekaran (2007) have also argued for multi
modal architectureand augmentSoar with their diagrammatic reasoning systéife
will discussthe smilarities and differenceetween ouapproacksshortly.

There have been several other efforts to extdral percepion and motor
capabilitiesof each of these architectur@dill, 1999; Hill, Han, & Van Lent, 2002; St.
Amant et al., 2005) Each contribution effectively pushes the architecture closer to the
environment The problem with these approaches, however, is tth&¢ assme the
cognitive systemabandonsthe perceptualrepresentations rather tharsing them to
participatein problem solving Discarding these representatioadverselyaffects the
syst embs abivisualtagd spabal reasonirfigamndmequizedoc, boltedon
components that arailored forspecific domais (Best, Lebiere, & Scarpinatto, 2002;
Wray et al., 2005)What we are missing from these architectures is the ability to
amalgamatehe cognitive and perceptusdpresentationsn a generalpurpose way and

then use the resulting informatidor reasoning

4.2 Al Systems

There have beeseveralAl diagrammatiageasoningsystemduilt thatuse both symbolic

and quantitative representatianSelernted $1959)geometry therem proving machine
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is perhapghe earliestKk ur up6s and C(BO®MhiSoaa(diseussed belownd s

the most recent and the closestparallelwith our work. With the exceptionoFunt 6 s ,
(1976) WHISPER system, there have been few systems thmatson withdepictive
representationskFunt argued that people solve problems on four levaisl Al was
ignoringthe last levelThe levels were (1) the geatiented approach where the system
searches for a solution; (2) the mathematical level where senteqgtiations enable
progress(3) the relational level where a complete structure okttpored search space

is used for reasoningnd(4) the image level where representations were analogues of
the situationFunt argued thatepictiverepresentationsvercane t he @Afr ame pr
because objects move together so the system does not heseecmmputational cycles to

infer new features and relationshifggmpty space and new shape just emeBgspite

F u n $eémanglyconvincing argumentshe mainstream Al community has continued to
ignore the use ofdepictiverepresentationas a form of kowledge representation and
reasoning

The specific problem WHISPER solved was determining the stability of a stack of
arbitrarily shaped rigid bodie8VHISPER consisted of symbolic qualitative physics rules
(fAif a bl ock i se®n,mageads theasituation, entoded asl al twos | i d
dimensional array, and basic algorithms for modifying ithege The rules directed a
simul ated parallel processing firetinad car
features (e.g. object contact, object syasiny, finding the center area of an obje&hch
unit in the retina was constrained to communicate only with its immediate neighbors and
a fAretinal supervisoro that consolidated
guery. The localcommunication constraints between retinal units resulted in digwsit
similar in spirit to Furna®(1990; Funas, 1991; Furnas et al., 20@0)el rewrite system
that we use as motivation feome ofour depictiveprocessing.

Marr (1982) addressed many of the underlying sswf how the visual system
recognizes object features in a scene with his seminal work in computational vision His
work influences our design space in two important wayst, we apply his notion that
visual processing produces incremental, incre&giastract levels of representations
(i.e. the pixel image, raw primal sketch, 2 % D sketch, 3D mageibols. In a similar

manner, but in the opposite direction, imagery starts thighsymbolic representation
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combines it with stored perceptual memes to produce increasingly concrete
representationsMarr stressed how certain formats made certain types of information
explicit and accessibld&-rom the perspective of tegpwn cognitive processing, we can

also make this argumeétwhich is a primary reas for pursuingquantitative spatial

and visual depictiveepresentations in problem solvinlfj certain representations are

useful for extracting features such as surface contours, object orientations, or spatial
relationships in bottom up visual perceptj then these representations are also useful in
top-down processing whethe information is not explicitly encoded as symbdlsis
principle is in accordance with Newell 6s t
knowledge to bear in solving agblem(Newell, 1990)

Second, Marrdés theories concluded that
model, so it can recreate ishape if requiredAn important part of our architectural
assumptions is that we assume the system does not just throw this shape information
away after it recognizes the objecAt a minimum, it mustoe encodedor subsequent
recognition In the case o$patialand visualimagery, it is activated to support further
reasoning.

Tolman (1948) articulatedhow rats represented spatial knowledgecognitive
maps to assist them in finding food in a maZée cognitive map metaphooy the
representation of largecale space, provide a psychological theory of how we acquire an
objectds | ocation, orientation, and size r
scene(Kaplan & Kaplan, 1982) The theory also specifies how we connect individual
scenes togetheCognitive map theory says that as you explore the world, you begin
building up representations of the relationships between static objects or landmarks in the
environment and the relationships between objects in individual sceogsitive maps
provide impotant concepts for spati@hagery because they provide a starting point as to
how spatialknowledge is organized. Spatiahagery can rebuild scenes by composing
objects together using the saineal spatial relationships derived from cognitive maps
This provides a methodology for reconstructing representations of previously seen
objectsto infer newglobal spatial relationshipsCognitive map theory also advocathse

idea that there is @ewpointassociated with the stored spatial relationsijmne have
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hypothesized that these maps are stored from apfrson, egocentric viewpoint with
gateways, or exits, separating the scé@émwn, Kaplan, & Kortenkamp, 1995)

Cognitive map theory differs frorapatialandvisual imagery in that it des not
address how specific knowledge about an object (i.e. shape) is stored or later retrieved
The theory also does not address how task knowledge, infornfimiorother modalities,
or dynamic objects are combined to form new spatial representdfmmsxample, using
cognitive map theory, you can recall the main intersection in the cendesnoéll town
Your scene may contain the roads, buildings, and traffic signs but does not include
dynamic objects, such as cars or people walkinhe sceme mber édo from
particular vantage poinSpatialimagery enables one to imagine the scene, add dynamic
objects to it, transform either the viewpoint or specific objects, and then inspect the scene
for specific knowledge.

Kuipers,leveraging the cognite map metaphor, developed the Spatial Semantic
Hierarchy (SSH)with the goal of explaining how robotlearns the spatial structure of
the environmentEachhierarchicallayer has qualitative and quantitative representations
with global knowledge of thenvironment increasing as you move up the hierarchy from
very specific control laws to topological maps of places, paths, and redibribe
highest level, or what Kuipers calls the global metrical map, SSH combines the
gualitative (symbolic) topologicaklationships with the local, twdimensional geometry
to form a structure with one globahllocentricframe of referenceWhereas Kuipers
focuses on how spatial structures are acquired,camcentrateon how the spatial
structures are used in general problem solving.

The closest parallel to our warks that of Kurup (2008) and Chandrasekaran
(Kurup & Chandrasekaran, 2007Jheir system, biSoar, combines the Soar cognitive
architecture withtheir diagmmmatic reasoning system (DR&n)d reasons usingoth
symbolic and diagrammatic representations. Similar to imagery construction
transfamation, and inspection, their system has set of action routinesto add
diagrammatic elemenind perceptualroutinesto extract spatial relationstsgrom the
diagram.

There are a few key theoreticand implementatiordifferences between our

approachs, perhap®ecausehey have focused more on diagrammatic reasoningvend
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have considexd the psychologicaland neurologicatonstraintsof imagery First, they
propose a single, working memory containing both symbolic and diagrammatic
representationghile weadvocate separagymbolic andoerceptuamemories wher¢he
symbolic procedural memorydoes not have directaccess d perceptuabased
representationdVe base our decisioon evidence that modalitgpecific representations
(i.e. spatial, visua auditory) are distinct posterior neural systeifsee (Jonides et al.,
2008) for a reviewof working memory theorigs From a computational standpoirg,
primary reason fohaving a multirepresentational system is to gain a computational
advantage using processes that are specific to the representation. By embedding the
perceptual representation into a symbolic computational system, you lose this efficiency
without mechanisis to distinguish the twoAlthough the two implementations are
similar (i.e. their diagrammatic reasoning system is outside of Soar), Kurup and
Chandrasekaran base their theorytba notion that by having single multimodal
working memoryautomatic larning of both symbolic and diagrammatipresentations
can occuiu s i n g claockemgméchanismWe currentlydo not havesucha theory of
how results from imagery processing are learitexicept, perhaps as an encoded
episode),andare not clear as toolw such a theory would be rezaéid from a practical
standpoint

Second, their diagrammatic reasoning theory specifies the type of ofgerts
curve, and regiom diagram can contain whileaneave the type of object opended to
any shapend colorthe agnt experiences in the worlonagines by composing known
objects,or emergefrom the manipulation of a depiction (i.e. a new shape).approach
leaves the complexifydetail,and richness of aimagined scene much moopenwhere,
in addition to specifying distance, direction, and topology our representations and
processes also consider the orientatian front), specific shape, and color of an object.

Finally, they are noncommittal as to whether diagrams are quantjtatyebraic
equations or depictive image representations.Their current implementation uses
sentential, metric structures For example, points are twhbmensiongl Cartesian
coordinateslines are composed fromvo points a curve is a sequence of straight lines,
and aregionis a closed curvaVe make a distinction betwedhe tworepresentationgs

there are different types of reasonthgt can be performed on egehg.extracting visual
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features from a depictive representatidn)the end, however, we are both motivalgd
how a taskindependent architecture uses amodal symbolic and perceptual representations

in reasoning.

4.3 Computational Models

Previousefforts to build computational models either spatiabr visualimagery have
not included the constraint$ a generalcognitive architecturekosslyn (980)composed
a detailed computational model of visual, depictimeagery Although the model
clarified his theories, Kosslyn did not build it with the intent of incorporating it into a
cognitive architecture

Baylor (1971) implemented a computational model of the block visualization
task’ What is interesting about his approdstthat hedivided the knowledge into two
problem spaces he symbolic space manipulated generic information about blocks, and
the image spac@mplemented with symbolic representatiohad specific operators that
manipulated visual informationThis problem space dsion is simiar to our
computational theory.

Moran builta computational model of spatiahagery using a production system
(Moran, 1973) The task he chose to modeEgan with lhe agentat aspecificlocation
The agent is therssued aseries of directions (e.g. move nothestep turn east, move
forward onestepetc) and i s t o flocatproand directionMoranfraise a |
some valid points such as how these representaionsconstructed and controlled
However, we disagrewith his hypothesis thamagery isentirely symbolic in nature
Since the task was spatial, rather than visual, depictive representations were not required.
Moran argued thapictorial representations areneconomicalas they requirea large
amountof information to be storedVe agreghatrecording every scene wouldigkly
exceed our memory capacitfhat is why an objectongterm memory only stores

compactshapeand colorepresentationdt is thetaskof imageryto recreate the picture

"The taskrequiresa subject to start by visualizing athiiee h cube and i magi next one of
the experimenter instructbe subgct to imagine two sides blue. Thkie sides are adjacetat the red side

but opposite each other. Finally, the subjetagines breakinghe cule into oneinch cubes andeciding

how many of the resulting cubes hagxactly one red and one blue face.
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Glasgow andPapadiag1992) built a molecular scene analysis applicatiosing
mental imagery as motivationTheir system uses three separate representations
(desciptive, spatial, visuglandthe visual representatiofoccupancy arrayis similarto
our depictive representationith the exception that they only render convex shapes
Their lorg-term memory, where they stodescriptive representations is similar tor o
symbolic representations in So@here are, however, three major differenéesst, they
built a specific application while we are taking a more general apprdéulte Glasgow
and Papadiamok significant strides to incorporate key findings in memtagery, they
did not design it with the overarching constraifhfa cognitive architectur&econd, they
represent spatial information using symbolic asregther thana quantitative format.
Finally, they make n@ommitment as to how the visual repn&sdion is constructed,
where the shape information is stored, or how more than one objecangexdrin the
visual representation.

Tabachnecks ¢ hi j f {1897) €aMeRa Imodel uses multiple representations
and simulates the cognitive and visual perceptual processes of an economics expert
teaching tle laws of supply and demand. Their system includes both visuattshart
and longterm memoriesthat complement verbal memoriegisual STM includes a
guantitative (noddink structure) and a depictive (bitmap) representation that is similar in
design, ahough not in implementation, to our representatidns.e ar chi t ect ur e«
generality is unclear although it appears to be their intenfibeir shape representation
is limited to algebraishapedi.e. points and lingsand their spatial structuomly models
an objectds | ocation while ignoring orient

Bar k o w(20W2) MIRAGE applicationrelies on mental imagery evidente
reasonabout space in a geographic contdkfocusesprimarily on how mental images
are constructed from qualitative geographic spatial relationsBgrkowsky (in press)

proposeshat any model of mental irgary must include the followm

(1) Hybrid representational formats to include propositional and visual structures
involving shape

(2) Coupling between imagery and visual perception.

(3) Construction ofmages from pieces of knowledge.
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(4) Processing with or withoatxternal stimuli.

(5) Multi-directional distributed processing and control.

Our architectureaddresses (1) (4). Our control structure initiates imagery
processes in a tegown manner while perceptual mechanisms process rasulés
bottomup fashion In Soar, the contents of working memory determine which memories
and processes are active without any centralized contrdl ). addi ti on t o Ba
list, we alsopropose that the architecture must support transformation and generation of

depictive epresentation.
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Chapter 5

Tasks and Environments

When does an agent uspatial and visual imagery? How does it know which
representation to use? This chapter begins by summaciaargcteristics ahe tasks and
environments where spatiahd visualimagey is useful. The characteristics include a
discussion and examglef general talss and specific sutasks requiring spatial or visual
imagery. We then providethree concrete exampldsy introducing the tasks and
environmentswe use to evaluate thearchitecture. The first two taskare primarily
internal problenrsolving taskswhere there is limited interaction with amxternal
environment The final task extends thirst two tasksto a dynamic and continuous
environment where the agent musterpret and actupon informationfrom multiple

sources and perception and imagery nmistract andshare the same resources.

5.1 Characteristics of Tasks and Environments

In general, spatiadnd visualimagery is usefuin tasksrequiring the inference afpatial
relationships (direction, distancerientation, topology, sizg between two ormore
objects ordetection ofan i ndi v i dpatal (e.govidthe leighd, ®rientation) or
visual (e.g. shape, colopropertiesIn both casesjmagery is useful becausiee spatial
or visualinformationrequiredto make a decisiors not directly accessible froraither
perceptualinput or memory retrieval These situations includeircumstances where

vision would normally performthe analysis but the relevant objects ospatial
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configurations are hypothetical, missing details, orpresentHowever, ly combining
the informationinto aquantitativespatial or visuatiepictiverepresentatiompne can infer
therelevantspatial or visuatletail The eternalenvironmentmay have mangpatialand
visual characteristics or nore all, butthe task is sucthatimagining the situatiohelps
clarify its spatialand/or visuaproperties.

As an example,ansider a young child pjing hideandgo-seekwith a parent
inside ter home The parent, pl ayi ng videlaediocleste of t
assistthece hi | dés search. The chil dt(he brsheidoeg 1 n ac
not see thgarent), mayuse spatial imagery teetrieve a stored representation of the
spatial layoutof each roomand combine it with the pamet 6 s audi o si gnal
searchAs t he c,bshe nday use veseakirmagery to focuomspecific locations
wher e t he painthisexampiépgththeenvifomntentooms in houseand
thetask (hideandgo-seek)havemany spatiahnd visualkharacteristicsTherooms have
direction, distance, and topological relationships, hiding places have sizéhedagk
requiresfilling in the missingspatialand visual detailse{g.what direction should | move
to nextWill daddy fit in the closetPn the cupboard?)

On the other handhé immediateenvironment may not alwaysclude spatialor
visual features. Consider when you read a story or someone is giving you verbal
directions.In these examplesjou may create an imaginesceneto achieve a better
understanding of thepatial andvisual propertie®f the task However, he surrounding
charactesticsof the environmenareirrelevant.Even if the environment includes many
spatial and visual features, imagery may not be useful if the task is repatitivigghly
learned (e.g. driving to work).

We suggesthere arefour generaltasks wherausingimageryis useful to infer

spatial and visual properties

Filling in missingdetailsof a situation

Recognizing novel shapes and spatralpertiesf notpresent visuajl
Analyzing or rehearsing an outconw an actionbefore executing the
action

1 Replay ofaprevious event tonform a future decision
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The previoustwo examples (hidandgo-seek, imagine a scene from a story) are
instancef thefirst two tasks whereperceptionprovides none or only part of the spatial
and visualproperties requii for reasoningOur three experimental domaindescribed
below arealsoinstance®f thesefirst two tasks. The thirdgeneral taskises imagery as a
simulator toanalyze or rehearse the possible outcoméstofe actions wheresimulating
actions involve movingimagined objects or looking at the scene from a different
perspectiveWe explore thiggeneraltaskin our third experimentThe lastgeneraltask
also uses imagery as a simulator, but rather than simulating potkrtie¢ states,
reasoningsimulates greviousstate or evento inform a future decisianThis form of
reasoning requirethe retrieval of previous experiences fromegmsodic memoryWedo
not evaluate this taghkut will address it as part of our future work.

Each of hesegeneraltaskswill includespecificspatialand visual subtasksome
of which we describe nexg&chultheis et al(2007)have suggesteithe following criteria
to distinguishbetween taskand environmentsequiring a spatial or visual representation.
The greater the number afiteriais an indicator thaa visual depictiverepresentatioiis
more likely required ratherthan aquantitative spatial representatiorAlthough they
propose that these representations fall on a continuous spectrum, we ignore that for now
as our theory states that the agent mumstke a commitmento one or another

representationlhe criteria are (with our slight modification):

(1) Number of different tges of spatial relationships (direction, distance,
orientation, topologysize
(2) Number of spatial relationships

(3) Specificity of the shagp
(4) Specificity of the color

The following arethe specificspatial and visual subtasks, one or more of which,
support a general tasWe provide a figure to illustrate some of these subtd3&fre

looking at the figurgfirstt r y  fingon a igtnagions i
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(a) Infer global spatial relationshipgi.e. direction, distance,orientation, topology,
size)or visual propertiegi.e. new shapesr color) derivedfrom the combination

of objectsand theirperceived oretrievedlocal spatial relationships

Example 1(Figure5-1a, NOTE:f y oanedheil X)oTarget A is 500m to youeft

front. Target B is 250 meters to your right. What is the direction between Target
A and Target B? What ithe distance between Targét and Target B4n this
example there are two different types of spatial relationships (direction and
distance) anthree spatial relationships {X, X-B, A-B). Shape and color are not

required s@ spatial representation is sufficient fhis example

Example2 (Figure5-1b): What is the angle between a ray from you to target A
and a ray between you and target IB?addition to the direction and distance
relationshipsyou now have an orientation to considéhis task isagainspatial

but with an increase in the type and number of spatial relationships moves it
closer to a tasWwhere visual imagery may be necessary.

A

——)
(@) (b)

O
750 m ) CF

=<8

X
(© (d)

Figure 5-1: Spatial and Visual Task Spectrum

48



Example3 (Figure5-1c): Add a triangle with a vertex at your location and a base
to your direct front. The interior angle of the vertex is 60 degrees and the height
of the triangle is 750 meters. Is target A desthe triangle? Target B? Again, we
have increased both the type of spatial relationships (triangle size and t@ology

inside/outside) and the number of spatial relationships

Example4 (Figure 5-1d): Superimpose what you currently have imagined onto
the background irFigure 5-1d. Ignoring the triangle, are A and B in the same
topological space (i.e. can you get from A to B without crossing a gray drea)?
background contains norconvex shapesand more spal reldionships to
consider. Visual imagery and a depictive representation are likely to be necessary

for this task.

Example 5Are there any parts of a head of Iceberg lettuce that are a darker green
than any parts of a Christmaxee?[Answer: yed if the tree has some light green
ornaments on it.Jn this example you have to combine the two objects in a visual

depictive representation to make gpecificcolor comparison

(b) Inferresults after a transformation

Example6 (Figure5-1c Not i ce we ar e )bRatatkthetrianglef i gur e
counterclockwise 45 degrees. Is target A inside it? Now rotate the triangle
clockwise 90 degrees. Is target B inside M@ithout spedic shape the spatial

representation is sufficient.
Example7 (Figure 5-1d): Starting from thet r i a rorgina drigntation (i.e.

north), otate the trianglelockwise 90degreeslis there an enclosed gray region

betweenyou and target B?Similar to example 4the task might benefit
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significantly fromvisual imageryecause ofhe specific shape and multiple types

and number of spatial relationships.

(c) Retrievethe spatialor visual propertiesrom an exemplar

Example 8 (Figure 5-1d): Imagine a path from A to B avoiding all enclosed

regions. Is there a location where tpath turns approximately 90 degrees
Retrieving spatial or visual properties of an exempdguiresvisualimageryas

the exemplards specific s haphs eample, posSs

the imagined path is a specific exemplar.

Examge 9: In what hand does the Statue of Liberty hold the towhspecific
instance of a visual object (i.e. Statue of Libefikgly necessitatea visual

depictive representation.

(d) Retrievea pr ot otypi cal objectds spatial or

was not explicitly encoded

Exampleld: Does the | etter OTAbde hlaevtet etnn 6eBndc?
these examples, the prototypical letter may have an explicit symbolic description

(e. g. the Il etter 60X06 is t woformation ®r sect i
performthe reasoning in the question. Since specific shape is invavedual

depictive representation is likely necessary for the. task

In summary, therevious discussion highlightse general taskshereimagery is
useful for reasoning to include filling imissingspatial and visual details afsituation
recognizing novel visual features and spatial properaeslyzing or rehearsinthe
outcomeof an actionbefore executingt, and replaying a presus event tanform a
future decision. One or morailstasks support these tasksd may require spatial or
visual imagery depending othe number and types of spatial relationships and the
specificity of the shape and coldrhe agent decides what represgion is suitable for
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the task.Subtasks include, but are not limited to, inferring global spatial relationships
visual featuresfrom perceived or retrieved local spatial relationships, inferring new
spatial and visual properties after a transfoamdretrieving a spatial or visual property

from an exemplar or a prototypical object where fésmure was noexplicitly encoded.

The environment may or may not play a role in determiningctieacteristics of the
tasks.We nowsummarizeourthree experimatal domains as concrete examples. We will
refer to these domains when we discuss the architecture in the next chapter and revisit the
tasksin more detail when we evaluate the architectut@hapter 7

5.2 Geometry Gymnastics

The geometry problerderivesfromL ar ki nds 4188Y)w&k deroomsirating
the computational advantage of diagratmsone of the problems thapvestigate the
agentmust locatevisual propertiege.g. vertices, line segments, triangles) and infer
relationships(e.g. angle$ that initial task knowledge does not specifjne problem
shown inFigure5-2, consistof four lines (A, B, C, D)Line A is parallel to line B and
line C intersects line A.ine D bisects the line segment formed by the intersection of line
C with lines A and B The goal is to show that the two triangles formed are congriient
provecongruency, the modehust employa basic geometry rulsuch as thangleside
angle (ASA) rule The ASA rulestates if two angles and the included side of a triangle
are congruent to two angles and the includate of another trianglethen the two
triangles are congruenh Figure5-2, the modemust show E1=E2, el=eand c=b.

Figure 5-2: Geometry Problem
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The environment is irrelevant in thiask, as it only requires internal problem
solving. The generalimagery tasks are tofill in the spatial and visual detailsand
recognize novel features and spatial relationshypsombiningobjects (i.e. lines) based
on their local spatial (i.edirection distanceprientatior) relationshipsAnother way to
look at theproblem statement is that linei8in front of lineA. Line C isin between line
A and line B andriented counterclockwisgone random orientation between 30 and 60
degreedrom line A. Line D isalso in between line A and line@iented clockwisdérom
line A. Because the number and typkspatial réationships are more than a fdwt
specific shape and color anet required this taskonly requires spatial imagerin the
results chapter we will discuss the comparison between an exclusive symbolic and a

combinedsymbolicuartitative spatial implementation.

5.3 Alphabet Soup

An experiment fromrhompsonet al. (in press)motivates theseconddomain.In
their experiment, lte subjecheas a letter from the English alpbet, and the investigator
asls the subjectto visualize the lettem its uppercase formgFigure 5-3). Next, the
subjectheasa c u e, s u& hi ersspdtedueodr e i sy mmedtes (pyo and
pushing a buttovh et her t he | etter has the particul
has an enclosed space and ver tandcvertical sy mme

symmetry TheSoar agentlsoihear so0 a quest i csearchevforsheal i z e
desired feature, and then Averballyd respo
While there are environment al cues in

guestion), like the geometry problem, g primarily an internal problesolving task.
The general imagery task is fill in the visual details by retrieving a specific feature
from a prototypical, uppercase lettéds specific shape is necessaoyinfer the visual
features, this task focuses on the depictive representationeldthbkgeometry domain,
symbolic or quantitative representationsnay have significant chdenges, both
computationally and functionallysolving this task without explicitly encoding every

feature.
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(a) (b)
Figure 5-3: Alphabet Experiment

5.4 Scouts Out

Thiseval uati on environment i s motivated b
robotic scouts to provide situational awareness for a mixed manned/unmanned military
force (Jaczkowski, 2002) Supporting intelligent tactical behavior, rather tls@nving as
a sensor platform on wheels, isenofthe goalsfor the robotic scoutsThat is, h addition
to autonomously maneuvering to a positeomd transmitting video datave would like
the scouts to coordinate and attempt to improve their positions based on sound tactical
behavior.

In support of this effort, we built a simulation to model a section of two scout
vehicles that must cooperate to maintain visual contact avith appr oachi ng e
threevehicle reconnaissance elemé@rigure5-4a). One scout, the section leasla Soar
agent.The other scout, the teammatesdsipted.Theteand s p r i msato Keeptpo a |
commanderi nf or me d of t he opposing forceds mo
obsenation reports (through the lgadontainingtheir best assessment of theeemy 0 s
location.The agent cannot observe its teammate tsecafiterrain occlusions. However,
the teammateeriodicallysends messages regarding itsipon. The €ammatescars the
area in front of it and sends reports tol#adwhen it observes enemy vehicldsgure
5-4b). The teammate also responds to orders fronhetito reorient its viewThe agenh
can look at the environment or its méggure 5-4c-d) and can reorient its viewVve
assume the agent and its teammate can distinguish enemy vehicles from other objects
However, tle agent has to decide whether a sightedeported enemys a new or

previously identifiecentity.
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To motivate the capabilities of multiptepresentations, consider how the agent

makes decisions in this domain. Typically, a scout leader follovee Hteps after initial

visual contactArmy, 2002)

(1) Deploy and report
(2) Analyze the situation
(3) Chooseand executa course of actio

Analyzing the situation involveseasoning about knowfriendly and enemy locations

and orientationsterrain, an obstacles. If the scout leddes notkknow the locations of

all expected enemythen hemight hypothesize wherether enemyvehiclesare and

imaginetheir positions Figure5-4d). Based on thanalysis the scout leader then decides

if he should reorient himself, his teammate, ohbot
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Analysis often involves visualizing the situation and mentally simulating
alternativesMilitary leaders rely onmageryto assist with decisionsinh e @A f oog of w

The U.S. Armyodés doctrine even goes so far

Visualize means to create and thinkmental images. Human beings do
not normally think in terms of data, or even knowledge; they generally
think in terms of ideas or imag&snental pictures of a given situation
(Army, 2003)

Using spatial andv i s u a | i magery, an agent can in
map icon on itexternalmap. If the agent is confident in the information, it eaite it
on theexternalmap, in effect making it persist. As information changes the agent updates
the map, keeping itgserceivedmapof the situation up to date. Note that the agent,may
butdoesnothavett eep the | ocation and orientation
its externalmap and Areado the information. I n t
external storeUsing the external map gserceptual background, the agent can then
imaginekey terrain (enemy objectived)ypothesized enemyossible enemy pathis
Vi ewpoint, and it scar teea magmé¢ atérrmativeydowese pf adtiomt . I
by simulatingdifferent viewpoints.

This domain has environmentally rich spatial (e.g. relationships besveiies
obstaclesterrain, etc.) and visudk.g.terraind $opologicalshapeand coloj properties.
In addition to the general imagery tasif filling in the spatial and visual detaitnd
recognizing novel shapeBy combining perceptual input with retrieved memories,
imagery is used to analyzbe outcone of an actionbefore executing the action (e.g.
imagining different viewpoints fothe teammate and self)The subtasks covermoth
spatial and visual tasksith similaritiesto the examples provided in the beginning of this
chapter.

In summary, decisiomaking proceeds by combining perceptual representations
with task specificand declarativiknowledge to construct an imagined scene. Analysis
emerges through the manipulationsyimbolic, quantitativespatial,and visual depictive
representations. Retrieval or inspection of the resulting representations then provides new

information that the agent uses to reason with to produce action in the environment.
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Chapter 6

Architectural Design

The previous chapters preseéhe backgroundecessar to appreciate tharchitectural
designdecisions Although we introducethe theory and design space constraatt®nce

our researchstrategyis an iterative process. First, & analyzespecific behavioral
phenomenaupportinga desiredfunctionality. In our case, it was how humans use mental
imagery, or visualization techniques, to make decisions and solve proiésnitien
determine plausibleomputationahpproachemotivated by thdehavioral and biological
evidence Next, we designand implemena complete (i.e. perception, cognition, actjon)
although rudimentaryoftware system Finally, we evaluate the system startingthv
simple tasks and progressmore complex scenario$he evaluation procesivesour
futuredirectionand requirement®r subsequenterations.

For example, we initially did not considerhow perceptual mechanisms
constrainedimagery. As we investigated the literaturepwever,it became clear that
imagery and visual processing are not disjoint components, but ntakemd share
similar structures and processés part of that oversight, evdid notincludethe visual
depictiverepresentatiorgs itinitially seemedddto usthat humansvould resort to such
a lowlevel representation for reasoning after perception pegd so much work
extracting abstract representationsit became evidentespecially when we began
evaluating the requirements for the alphabet experiment, that a depictive repi@senta

was not only useful, but appeaneecessaryo achieve the desiredrictionality Finally,
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when weevaluaté the systermin a moreperceptually demanding environmeghne. the
Scout domaij)y where bottorrup, visual processing and imagery must cooperate and
share resources, we had to look at issues such as the diffébeheesn perceived and
imagined objects, synchronization pfocessesrace conditions between perception and
imagery,and truth maintenance issu&ghile we do not claim to havienplementedall
functionality that humans show during spatial and visual imggine goal has beeto
design and implemen&a completeand general architectural frameworkwith a few
demonstratedapabilities that can motivate future work.

Soar andhe SpatiatVisual Imagery (SVI) modulare the tw major components
in the architecture(Figure 6-1). Soar encompasses the symbolic representation and
computations. SVI includethe quantitativespatialand visual depictiverepresentations
and processedt encapsulateligh-level visual peception spatial,and visual imagery.
Our modeling of visualperception to include the separatio
Awher eo pat hways, i s t heor eweiinclade it don d an
completenessThe architecture makes a distinction betweesmuories (rectangles) and
processes (rounded rectangles)d he terminologys ei t her K@@6brynds e
our own.

We present the architecture as follows. First, we proadeverview focusing
primarily on the memories and corresponding data strucasgsciated with Soar and
SVI (Soar+SVI) Next, we suggest, primarily from a theoretical perspectihew
perceptualvisual processingmerges. We then describe our implementatiospaital
and visual imagery processirfgor more detailsAppendix B illustratesomealgorithms
for manipulating and ingecting the visual depictive representation. Appendix C details
the software engineering aspeetsd provides examples of the Soar symbolic structures

used to represeand control imagery processing

6.1 Soar

Soar (Laird, 2008; Lehman, Laird, & Rosenbloom, 0&) provides a fixed set of
symbolic memoriesind processesop of Figure6-1). The symbolic memoriesncludea
declarative shortterm memory (STM), a procedurallongterm memory(LTM), two

long-term, declarative memoriegpisodic and semantioot shown inFigure 6-1), and
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two learning mechanisms (chunking and reinforcement learnihg)shortterm memory
is a graph structureepresenting h e aknaviedgé af itsgods and arrent stateA
symbolc structure in Soar may represemany things, includingonceptqe.g.,cheetahs
run fast)or objects in the worldWithin the Soar&VI architecturethere are special
annotated symbols thagpregnt an objecandits explicit spatial and visugbroperties
We call these symbolgsual symbolsThese gmbols arise from perceptioactivation of
a previously stored memargr results from an imagery inspectidfisual symbolsmay
be associated with other, nersual symbols.We will discussvisud symbols in more

detail later

Figure 6-1: Architecture Overview

S o0 a rrazeddurglong-termmemory is a set of productiotizat controlbehavior.
Each production haa set ofleft-hand side (LHSyondtions andright-hand side (RHS)
actions. Ifa symbolic patterrn STM matchs with the LHS of a production then the

pr oduct j0oeatingof rermoeng symbolic structures in STMvased on the RHS
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