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Abstract

Computationaimodelsof analogicaproblemsolv-

ing have traditionally describedsourceand target
domainsin terms of their causalstructure. But

psychologicatesearclshavsthatvisualreasoning
playsa partfor mary kinds of analogies.This pa-

perdescribesmodelthattransfersa solutionfrom

asourceanalogto a new targetproblemusingonly

visual knowledge representecgymbolically The
knowledgerepresentatiois basednalanguagef

primitive visual elementsandtransformations\We

foundthatvisualknowledgeis suficient for trans-
fer, but that causalknowledgeis neededo deter

mineif thetransferredsolutionis appropriate.

1 Intr oduction

The goal of this work is to examinethe natureandrole of
visual representationand inferencesin analogicalreason-
ing, andespeciallyin analogicaltransfer Analogyinvolves
learningaboutsometargetanalogby transferringknowledge
from a soucceanalog The procesonsistsof several steps:
retrieval is identifying a candidatesourceanalogin mem-
ory; mappingis finding the bestsetof correspondencdse-
tween componentof the analogs;transferis the applica-
tion of knowledgefrom the sourceanalogto the target ana-
log; evaluationis determiningf thetarget problemhasbeen
solved appropriately;storageis storingthe target analogin
memoryfor potentialreuse.
Traditionalconceptuahndcomputationatheoriesof anal-
ogy have focusedprimarily on causalknowledgeand infer-
ences(see[Holyoak and Thagard,1997 [Bhattaand Goel,
1997 [Falkenhaineet al., 1994 for examples).Psycholog-
ical researchhowever, shavs thatvisualreasoningftenoc-
cursin analogylHolyoakandThagard1997, [Pedoneetal.,
1999 Somerecenttheories[Bhattaand Goel, 1997 [Grif-
fith et al., 2004 represenstructuralknowledgein addition
to causalknowledge. Structuralknowledgedescribes sys-
tem's physicalcompositiorbut typically includesonly thein-
formationdirectly relevantfor analyzingthecausabehaiors
of the system. Structuralknowledgemight be thoughtof as
aschemati¢hatshovs thecomponent®f thesystemandthe
connection@amongthembut leavesout othervisualinforma-

tion suchaswhata wire lookslike, which sideof a pumpis
up, etc.

We definevisualrepresentationasthosethatconsistonly
of informationrelevantto how animageappears.Note that
this definition of “visual” includesboth high-level symbolic
representationandlow-level bitmaprepresentationgvhich
only representhe locationsof pointsof light). We view vi-
sualandcausaknowledgeaslying ona spectrumwhereone
extremehasraw sensorydata,(suchasa bitmapimage),and
the other has highly interpretedand abstractecknowledge
(e.g., teleologicalknowledge). Visual knowledgeis closer
to the perceptualpr modal endof the spectrumandcausal
knowledgeis nearerto the amodalend. Causalitycanonly
be representedmplicitly in a visual representationin con-
trastto a bitmapimage thevisualknowledgewe usecontains
abstraction®f objectsandrelations,andis thusrepresented
symbolically

Our hypothesisis that symbolically representedvisual
knowledgeprovidesalevel of abstractioratwhichtwo other
wise dissimilardomainsmay look morealike. For example,
the conceptof anarmyon the marchanda ray of radiation
arequitedifferent,but if botharerepresentedslines,it may
facilitate analogicalretrieval, mappingandtransfer We hy-
pothesizéhatevaluation,onthe otherhand,requiresexplicit
causalknowledge: simply becausehe pathof the armyand
theray look alike doesnot imply thatthe two behae simi-
larly. Sinceother'swork hasbegunto explore the useof vi-
sualknowledgefor mapping,our work focuseson analogical
transfer

In this paper we sketchan outline of our computational
theoryof visualanalogicalransferfor a classof problemsn
which the sourceanalogcontainsa sequencef images(or
canbe analyzedin termsof animagesequence).This the-
ory hasbeenimplementedn an operationalcomputerpro-
gramcalledGalatea.We illustratethe theoryusingthe clas-
sicalfortress/tumoproblem[Duncker 1926 asanexample.
This example was chosenbecausepsychologicaldataindi-
catesthatexperimentalparticipantsusedvisualinferencesn
solvingit [HolyoakandThagard,1997. In this task,experi-
mentalparticipantdirst reada storyabouta problem-solving
situation: A generalwith a large army wantsto overthrov
a dictatorwho livesin a fortress. All roadsto the fortress
arearmedwith minesthatwill go off if mary peopleareon
thematthesameime. To solvethis problemhebreaksup his



armyinto smallgroupsandhasthemtakedifferentroads.The
groupsarrive at the sametime andtakethe fortress. Then,
the subjectsaregivena new problem: A patientneedsadi-
ationtreatmenion a tumorinsidethe body, but the radiation
will harmthehealthytissueit reache®nthewayin. Finally,
the participantsare askedto solve the tumor problem. The
analogoussolutionis to targetthe tumorwith low-level rays
comingfrom differentdirections,andhave themcornvergeon
thetumor.

2 Languageand Processing

Our first task was to designa languageto expressvisual
analogsand the mapsbetweenthem. Sincethe theory per
tainsto sequencesf images,we neededboth a vocatulary
of primitive visual transformationghat expresschangede-
tweentwo consecutie imagesanda vocalulary of primitive
visualelementghatenablethetransformationsWe designed
aprimitivevisualizationanguagecalledPrivlan, whichcon-
sistsof suchprimitive visual elementsand primitive visual
transformations. It canrepresendiagram-likeimagesand
changedo them. Like other computationalisual analogy
theoriesoursrepresentdmagesas networksof symbols. In
Privlan symbolicimagesare called simagesto differentiate
themfrom bitmapimages.

Privels: Primitive Visual Elements

Eachsimageis composedf a collectionof primitive visual
elementsor privels Tablel shavs alist of someprivels.

Tablel
Privel name | attrib utes
generic-visual-element location,size
line start-pointend-point
thickness|ocation
circle location,size
box location,height,width, orientation

Objectsin thedomain like thefortress areassociateavith
a privel type. Eachprivel type hasattributesassociatedvith
it. Asshavnin Tablel, lineshave astart-point anend-point
alocationanda thickness Theseattributesarenot strongly-
typed.For example theend-poinbf aline couldbealocation
suchasthe “center” of theimageor somecomponenbf the
image like thefortress.

Privits: Primitive Visual Transformations

Privlan representghangedo imagesover time with an or-
deredserief simagesn differentstates Eachsimagein the
sequencés connectedo ary simagedeforeandafterit with
primitive visual transformationspr privits. Table2 shavs
someexamplesof privits.

Table2
Privit name | arguments
move object,new-location
decompose object,numberof-resultants
put-between | object,first-object,second-object
add-componen object

Each privit can take aguments. Move for example,
takessomeobjectthatit is moving, anda new-location It
changeghe object's value for the location attribute to the
new-location

For example,imaginea circle maving from the top of the
imageto the bottom. Privlan would representhis asa series
of two simages Thefirst simagewould containa circle with
locationsetto top. The secondvould beto have anothercir-
cle (called,say circle-1) representedvhoselocation would
besetto bottom.Privlanknowsthesewo simagesrein ase-
riesbecausehey areconnectedvith atransform-connectign
whichin turn is associatedvith a seriesof correspondences
betweenobjectsin the simages:Therewould be a mapbe-
tweenthecircle in thefirst simageandcircle-1in thesecond.
This map betweenthe circles would be associatedvith the
moveprivit.

2.1 Algorithm

The bottomseriesof simagesn Figure 2 showvs a represen-
tationof the solvedfortressproblemanalog.The bottomleft
simageis theinitial stateof the problem. The top seriesof
simagesshaws the target analog,the tumor problem. The
darkly shadedox shaws the outputof the system. Thefirst
simageis all thatis input of thetumorproblem.

To make an analogicaltransfer the sourceand target
analogsmust have an analogybetweenthem. The analogy
betweerthe first tumor problemsimageandthefirst fortress
problemsimagespecifieanapsbetweerthe componentsTo
avoid over-complicationof thefigure,only oneof thesemaps
is shavn, thatbetweertheleft-road1andleft-body1

Privits are transferredrom the bottom seriesto the top:
decomposandmove

Following is the control structurefor our visualanalogical
transfertheory We will describehetransferof thefirst privit
asarunningexample.Theprocessn theabstractanbeseen
in Figurel.

1. Identify the first simagesof the target and analog
problems.

2. ldentify the privits and associatedargumentsin the
current simageof the source analog This stepfinds
outhow thesourceproblemgetsfrom thecurrentsimage
to the next simage.ln our example,the privit is decom-
pose with “four” asthe numberof-resultantsagument
(notshawn).

3. Identify the objects of the privits. The objectof the
privit is what objectthe privit actson. For the decom-
poseprivit is the soldierpathl (the thick arrow in the
bottomleft simage.)

4. Identify the correspondingobjectsin the target ana-
log. Therayl (thethick arran in the top left simage)
is the correspondingomponenf the sourceanalogs
soldierpathl, as specifiedby the analogicalmap be-
tweenthe simagegnot shavn). A singleobjectcanbe
mappedto ary numberof other objects. If the object
in questionis mappedo morethanone otherobjectin
thetarget,thenthe privit is appliedto all of themin the
next step.If the privit argumentsarecomponentsf the
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sourcesimagethentheiranalogsarefoundaswell. Else
theamgumentsaretransferrediterally.

5. Apply the privit with the argumentsto the targetana-
log component. A new simageis generatedor thetar
get problem (top middle) to recordthe effects of the
privit. Thedecomposerivit is appliedto therayl, with
the agument“four.” Theresultcanbe seenin thetop
middlesimagen Figure2. Thenew raysarecreatedor
thissimage.

6. Map the original objectsto the new objectsin thetar-
get problem. A transform-connectioandmappingare
createcbetweerthetarget problemsimageandthe new
simage(not shavn). Mapsarecreatedoetweerthe cor
respondingpbjects.In thisexampleit wouldmeanamap
betweerraylin thefirst top simageandthefour raysin
thesecondop simage.The privit is associatedvith the
map,asshawn in the Figure,sothetarget problemitself
canbeusedasa possiblesourceanalogin thefuture.

7. Map the newobjectsof the target problemto the cor-
respondingobjectsin the source problem. In thiscase
theraysof the secondarget simagearemappedo sol-
dier pathsin the secondsourcesimage. This stepis
necessaryor the later iterations(i.e. goingon to an-
othertransformatiorandsimage) Otherwisethesystem
would have noway of knowing which partsof thetarget
simagethelater privits would operateon.

8. Checkto seeif goal conditions are satisfied. If they
are, exit, andthe problemis solved. If not, andthere
arefurther simagesn the sourceseries,setthe current
simagesqualto thenext simageandgoto stepl. If there
areno furthersimagesthenexit andfail.

3 System:Galatea

Our hypothesiswas that a visual representatiodanguage
would be sufficient to describedomainssuchthat analogi-
cal problemsolvingcouldtakeplace.To testthis hypothesis,
weimplementedheabore ideasin aprogramcalledGalatea,
andappliedit to Dunckersfortress/tumoanalogy

Galateas knowledge representatiorarchitectureconsists
of two kindsof propositionsd. A statemenbf existenceof a
concepbr relationand2. Theconnectiorof two conceptor
propositionswith arelation.

Galateatakesas input a solved sourceproblem, an un-
solvedtarget problem(bothrepresentedisually),ananalog-
ical mappingshetweenthe simagesand criteria for an ade-
guateproblemsolution. Wheninstructedto solve the target
usingthe source it analogicallytransferghe solutionproce-
dure.As canbeseenin Figure2, it outputsaserieof simages
for thetargetproblem,andcheckgo seeif thesolutiontrans-
ferredindeedsolvesthe problemconstraints.The following
sectiondescribesur results.

Duncker's Fortr ess/Timor Problem

Table 3 shavs someof the privels andtheir attribute values
for thefirst fortressproblemsimage.

Table3: Privelsfrom FortressProblemSimagel
Visual Object | attrib utes | value
Fortress looks-like: | generic-visual-element
location: center
Bottom-road | looks-like: line
start-point: bottom
end-point: fortress
Right-road | looks-like: line
start-point: right
end-point: fortress
Left-road looks-like: line
start-point: left
end-point: fortress
Top-road looks-like: line
start-point: top
end-point: fortress
Soldierpath | looks-like: line
location: bottom-road
thickness: thick

We representedhe fortressstory with threesimageqsee
Figure 2.) The first was a representatiorof the original
fortressproblem.It hadfour roads representedsthick lines,
radiatingout from the fortress,which wasa generic-visual-
elementin the center We representedhe original soldier
path as a thick line on the bottomroad. This simagewas
connectedo the secondwith a decomposerivit, wherethe
amgumentsveresoldierpathifor theobjectand“four” for the
numberof-resultants The secondsimageshavs the soldier
pathldecomposedhto four thin lines, all still onthebottom
road. Thelinesarethinnerto represensmallergroups.This
is connectedo the final simagewith the moveprivit, which
is appliedto threeof the new soldierpaths. They aresentto
the differentroads. The final simagein the fortressproblem
shavs all four soldierpaths,eachon a differentroad.

We representedhe start stateof the tumor problemasa
singlesimage. The tumoritself is representedsa generic-
visual-elementTheray of radiationis athick line thatpasses
throughthe bottombody part.

Galatedransferghefirst transformatiorfdecomposgrom
the sourceanalog(the solved fortressproblem)to thetarget
(thetumor problem).It knows which partof thetumor prob-
lemto applythis privit to from the givenanalogicaimapping
betweerthefirst simage®f thefortressandtumorproblems.
Galateageneratea secondsimagewith the line representing
theray decomposeihto four thinnerlines. In the next itera-
tion Galateassuccessfullyransferdhesecondransformation,
moving eachof the raysto the differentroads.

Galateacan solve analogical transfer problems using
only visual knowledge, as we have shavn with the
fortress/radiationexample. Though this work is still in
progresswe conjecturdhatthistheory whenPrivlanis more
fleshedout, will applyto all problemswhosesolutioncon-
straintsinvolve visually percevable statesof the world. An-
othersenseof thisis: if you canmakea diagramof it, our
theoryappliesto it.



3.1 CausalKnowledge

Though the solution procedurewas transferredin both of

thesecasesthe systemstill had no way of knowing if the

transferredsolution was adequatefor the new problem. In

thetumorproblem,in orderfor the agentto determindf the

tumorwasdestroyedandthe patientwasstill alive, it needed
somecausalknowledge. By causalwe meanknowledgeof

how thingsin asystenchangeasthey interact.Pre-andpost-
conditionsare a straightforwardwvay to representhis, but it

is difficult to imaginewhat“visual” pre-andpost-conditiors

might look like. Visual representationalonecannotenable
evaluationof the solution.

Galatea representscausal knowledge with production
rules,implementedn ACT-R [AndersonandLibiere, 1994.
We have no theoreticalcommitmentto productionrules or
ACT-R. Oneproductionrule identifiesa body partasdeadif
thereis athick line representing ray going throughit. An-
otherruleidentifiesthetumorbeingkilled if enouglradiation
is hitting it. If thetumoris deadandthebodyis alive, afinal
productionfiresthatidentifiesthe problemasbeingsolved.

Whenthetumorproblemis first encountere@whenit only
consistof asinglesimage) Galateas unableto infer through
the productionghatthe problemis solvedin theinitial state.
Whenthe solutionis transferredrom the fortress,the rules
confirmthatthe problemhasbeensolved.

4 Discussion

In our earlierwork, we have developeda theory of Model-
BasedAnalogy basedon Structure-Behéor-Functionmod-
elsof causaimechanismandphysicalsystems.The IDeAL
system [Bhatta and Goel, 1997, for example, transfers
genericteleological mechanismdrom a sourceanalogto
a tamget problemto addressnovel designproblems. The
ToRQUEsystem Griffith etal., 2004 usegyenericstructural
transformationso mutateatargetproblemor asourceanalog
to constructanalogies Galateabuilds onthe above theoryof
model-base@nalogyin thatin it too relieson the coreidea
of generictransformations.Thus, while the analogicalpro-
cessin Galateas similar to thatin IDeAL, the contentof its
generictransformationss visual as opposedo teleological
or structural. TORQUES structuralknowledgecapturesonly
a small subsefof visual knowledge. In contrastGalateahas
informationaboutthe locationand appearancef objectsin
a particularsimage:the fortressis not just connectedo the
road, it is in the centerof the simage;the pathis not just
ontheroad,it is a thick line. Theseadditionalfeaturesen-
abletheinitial analogicalmappingbetweersimageswithout
causalknowledgebecausehe simagesepresentinghe two
analogsaresimilar whendescribedrisually.

Like Galateal etterSpiritis a modelof analogicatransfer
[McGraw andHofstadter1999d. It takesa stylizedseedetter
asinput andoutputsan entirefont that hasthe samestyle. It
doegthisby determiningvhatletteris presentedjetermining
how the componentsaredravn, andthendrawving the same
component®f otherlettersthe sameway. Like Galateathe
analogiedbetweenettersarealreadyin the system:the ver
tical bar part of the letter“d” mapsto the vertical barin the
letter “b,” for example. A mappingis createdfor the input

characterFor example,the seedetter may be interpretedas
an“f” with thecross-basuppressediVhenthe systenmakes
alower-casé€'t,” by analogyit suppressethecrossbar

It is not at all clearthat LetterSpiritis applicableto other
domaingsuchasthefortress/tumoproblem)in partbecause
thereis little distinction betweenits theory and the imple-
mentatiorthatworksfor letters.In contrastpnecanseehow
Galateamight be appliedto the font domain: The stylistic
guidelinesin LetterSpirit,suchas“crossbarsuppressedare
like thevisualtransformationg Galateait wouldbeatrans-
formationof remaving anelemenfrom theimage wherethat
elementwasthe crossbaandthe imagewasa prototypelet-
ter“f.” Thenthetransformatiorcouldbe appliedto the other
lettersone by one. We conjecturethat our theoryhasmore
generalitythanLetterSpirit.

Galateadoes not generatethe analogicalmapping, but
othersystemsthatcreatemappingsawith visualinformation,
have shavn thatit canbedone.The VAMP systemsareana-
logicalmappersaswell [Thagardetal., 19924. VAMP.1 uses
ahierarchicallyorganizedsymbol/pixel representationt su-
perimposeswo images andreportswhich componentfave
overlappingpixels. VAMP.2 representedmagesas agents
with local knowledge.Mappingis doneusingACME/ARCS
[Holyoak and Thagard,1997, a constraintsatisfactioncon-
nectionistnetwork. The radiationproblemmappingwasone
of the examplesto which VAMP.2 wasapplied.

The StructureMapping Engine,or SME [Falkenhaineret
al., 1994 finds the bestmappingof elementsbetweentwo
domains. But SME typically is appliedto instancesvhere
the situationsarerepresentedshaving causalandstructural
knowledge. SME hasbeenappliedto visual knowledgein
asystemcalledMAGI [Feguson,1994, which takesvisual
representationandusesSME to find examplesof symmetry
andrepetitionin a singleimage.

Like Galatea,MAGI andthe VAMPs use visual knowl-
edge. But unlike Galateatheir focusis on the creationof
the mappingratherthanon transferof a solutionprocedure.
MAGI'sandGalateas theoriesarecompatible:a MAGI-like
systemmightbeusedo createhemappingghatGalateaises
to transferknowledge. The theorybehindthe VAMPs is in-
compatiblebecausehey usea differentlevel of representa-
tion for theimages.

Galateahasalsobeenappliedto the casestudy of James
Clerk Maxwell's creationof his electromagneticdheory Ac-
cordingto Nersessias' Cognitive-Historical Analysis[Ners-
essian1995, Maxwell usedanalogicalransferto resohe a
problemwith his mentalmodel of electro-magnetismThe
transferwas mediatedby a genericabstractionandthe ab-
stractionwascreatedretrieved, andinstantiatedusingvisual
representationandreasoning.

Galateaso far hasbeensubstantiatedor only two exam-
ples: Dunckers fortress/tumoiproblemand Maxwell's case
study In the future, we will extend Galateato cover mary
moreproblemsandexpandit to use,in additionto simages,
bitmapimageswhichwe believewill beimportantfor chang-
ing representationwhensymbolmismatchesnakeanalogi-
calmappingdifficult.



5 Conclusion

Thefirstfinding of ourexperimentsvith Galateds thatvisual

knowledge alone,with no explicit representatiomf causal
knowledge,is sufiicientfor enablinganalogicatransfer This

validatesthe centralhypothesisof our work. Galateasug-
gestsa computationaimodel of analogybasedon dynamic
visualknowledgethatcomplementsraditionalmodelsbased
on causaknowledge.AlthoughGalateadoesnot addresshe

issuef retrieval andmapping puttogethemith otherwork

describedn the previous section,we can now more confi-

dently conjecturethatvisualknowledgealonecanenablere-

trieval, mappingandtransferin analogy

A secondinding of ourwork on Galateds thatevaluation,
in general,cannotbe doneusingvisual knowledgealone;it
requirescausalknowledgetoo. Thusvisual knowledgeen-
ablesonly the stepsthat dependdirectly on the visual simi-
larity betweerthetargetproblemandthe sourceanaloge.g.,
retrieval, mappingandtransfer It doesnot, however, fully
supportheevaluationstepbecausé dependsioton similar
ity but ontheintrinsic causabndteleologicalstructureof the
targetproblem.

Galatearepresentwisual knowledgesymbolically in the
form of symbolicimagesmadeof primitive visual elements
and primitive visual transformations. The symbolic repre-
sentationprovidesthe standardoenefitsof discretenessab-
straction, ordering, and composition. Although sequences
of lowerlevel bitmaprepresentationalsocapturethe notion
of ordering,they, by themseles,neithercaptureabstractions
thatenablenoticing visual similarity nor enabletransforma-
tionsontheimages.Thisleadsusto athird finding: Galatea
providesadditionalevidencethatsymbolicrepresentationsf
visualimagesarenecessarjor analogy
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