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Abstract

Thestaticnatureof representationfr symbols)makesthem

require an active interpretational(or compuational) mech-
anismto renderthem useful or meanindul. To avoid the

problemsof infinite hierarchyof interpreters,more active

approaties have beenpropo®d. Theseare called active

representationgHofstadter1985 Mitchell 2001) or active

schemagNarayanari999),andneuronscanperformanalog

ical or metaphoricatasks.Surprisingly suchactive unitsare

very much alike the neurors in our brains,andthey canin-

deedperformanalogicatasks.In this paperadetailedneural
mechanisnthatmaybeimplementingsuchafunctionis pro-

posed,andthe implicationsof this new connetion between
analogyandtheneuralsubstratén building intelligentagents
andin undestandingthe brainfunctionwill bediscussed.

Introduction

The static natue of representatios (or symbols) makes
themrequre a separateactive interpetational(or compu-
tational) mecharsm to renderthem useful or mearngful.
The difficulty thatis causedn sucha framework is that of
aninfinite regressof higherandhigherinterpietationalunits.
However, if anactiveroleis assignedo therepresetations,
an emegent behaior natve to the systemof repesenta-
tionscanarisenotrequring aninfinite hierardy (Hofstadter
1985 Mitchell 2001). A relatedapprachwith distributed
active schemagesultedin a similar behaior (Narayaman
1999. Central to the function of theseactive units is
the ability to find relatiors acrossdifferent domairs, often
termedandogy (Hofstadter1 999 or metaplor (Narayamn
1999. In fact,analgy andmetaplor arehighly inter-related
in that they refer to similaritiesin relationsand attributes,
but metaplor encomjassesa broacer spectrumthan anal-
ogy (Gentrer 1989. However, in this paper | will usethe
termanaloy to focusmoreon sharedelationsthanshared
attributes(Edelmanl99B; Shepad andChipman1970)
Whatis interestings that suchactive represetationsare
very muchalike the neuonsin our brains. It turnsout that
theseactiveneuonsasa collectioncanindeedperformana-
logical tasksif certaincondtions are met. In fact, an ex-
actcircuit thatmay beimplemening sucha condtional re-
quirenent exists in the brain. Cortico-cortical conrections
togethe with thethalamecorticalloopin thebrainareideal
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for implementing sucha constrait. In this papey | will fo-
cusondescribig how theneuonscanperfom rudimentary
analgical tasksand what is the role of the thalamusand
corticd connetionsin theprocess.

Analogy is conmonly attributedto highercognitive fac-
ulties only, but it doesnot always have to be the case
asChalmersetal. (1992) suggested.If thisis true,analoy
maybepartof alarger setof humanbrainfunctionincluding
pereptionandmotor function aswell ascogrition. With
this new framework of active represetationsand analogr
cal processwe canstartto take a morefocusedapprachin
building intelligentagentsandin understandinghe natue
of brainfunction.

Neurons as Active Representations

Adopting the active apprach for representatias, we can
think aboutwhatkind of unit in the braincanembog such
afunctiorality. It turnsout thatthe neuronscanimplement
suchactive repesentations.Insteadof focusingon unde-
standiig whatkind of information the neurams encoa and
process,we canaskwhat actionis taken whenthey sense
a certainfeaturein the incomirg input, be thattempoal or
spatial. Theactionperfomedby neurasis simplyinvokirg
activity in otherneuras(figure 1). In this way, neuonsrep-
resenta certaininput featue, andtake immedide actionby
invoking otherneuonsoncethe featureis detected Thus,
in this frameawvork, which neurms are invoked by a single
neuon beconesasimportantaswhatfeaturest encodeor
is sensitve to.

The questionthenis what kind of geneal principle can
suchactive neuras implemen? Sucha unit alonecanrot
achieve much, neithercana serialchainof suchunits. The
true power of this simpleunit is revealedwhenit is usedin
a massvely parallelway. This may be an obvious line of
thowght becausehat is what our brainsseemto do. How-
ever, it turns out that the collective effort of thesesimple
unitscanembaly a simpleyet powerful fundional prindple
of analogy

We have to simplify mattersto seehow analoy canbe
processedy suchneuons.Let usassumeherearesix neu-
rons in an imagirary creatures brain inhabting the world
of fruits (figure 2). After allowing the fruit brainto expe-
rience the world of fruits, it will learnthe co-accurrences
betweerfeaturesandestablistrelationalarrovs asshovn in
the figure (arcswith arrowns). Also suppae that the brain
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Figure 1: Active Role of Neurons. A simplified diagram
shavs how neurans representfeaturesin the world and actively
invoke otherneurons.Suchinvocationsestablisha relationalcon-
text amongneurans, andthusrepresentelationshetweenobjects
andeventsin theworld.

is partitiored into several specializedmap areas(or parti-
tions), just like in the real brain Now, suppae <apge>,
<orarge>, and<word-red> werepresentedo thecreature
simultaneasly. If we track the activation we canseethat
thesedetectos will turnon: appledetectororarge detecto,
color-red detector color-orang detectorandfinally, word-
red detector Theseactivationsare input-driven Because
the neuonsareactive, assoonasthey detectwhatthey are
familiar with, they sendout signalsthrough the relationa
arrovs horizantally acrosghecortex. As aresultof thissec-
ondorderactivation,theword-aangedetectoturnson,even
withoutinput. Now, hereis the crucialmonment. We canask
this question which neuon’s firing was purely cortically-
driven? Notethatthis questioncanbeviewedasafiltering
process. Theresultof thefiltering is then<word-orang>.
The significarce of this obsevation is that this processis
very similar to solvinganalogicalprodems. Theinpu pre-
sentedo the creaturecanbeviewedasananalogial query
<apge>:<orarmge> = <wordted>:<?>. Thefilteredcor
tical response<word-orang> canthen be the answerto
thisquery® Thus,actve relationscanperfam ananalogich
function whentheresponsearefiltered progerly.

However, thingscangetcomplicatedvhencombirations
of objectsare usedas a query Let us exterd the crea-
ture’s featue detectos to includeconcets of smallandbig
(not shawn in the figure). Thenwe canallow the creature
to learnthe relatiors again We canthen presentan ana-
logical querylike this: <big><apple>:<smalb><apple>
=<big><orarge>:<?>. However, in this case,f we fol-
low the samestepsas above, we comeacrossa prodem.
Becaus¢heansweme expect(<smalt><orange>) already
appeaedin thequey (i.e.they areinpu-driven), if welook
for purely cortically-driven activatiors, the answerwill be
<word-red> <word-orarge>. However, this prablem can
be overcomeif we ask: whatare the mostcortically-driven
activitiesin ead partition of the brain? Because<big>
and <apge> appear in the input twice but <smalt> and
<orarge> appearwnly once,the lattertwo canbe selected,

Thereis anissueof how the presencef <word-red> canaf-
fectthe outcomeatall. This problemwill bediscussedaterin the
discussiorsection.
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Figure 2: World of Fruits. A brainwith fruit and color detec-
tor neuronds shavn. Thesix neuronseachrespondo theseinput

featuresas labeledabore. At the bottomis the fruit world, and

the thick vertical arrows represenafferentinput. The horizontal
arcsaretherelationalarrons thatpointto their mostfrequentlyco-

occurringcounterpartshathave beenlearnedthrough experience.
The gray vertical barsrepresenthe partitioning of the braininto

separatenapareas(from the left to right, objectmap,color map,

andword map). Note that for simplicity, the word-orangedetec-
tor conrectsonly to the color-orangedetectoy but not the orange
detectori.e. it is aword-colororangedetectoy not a word-object-
orangedetector

Color Red  Color Orange, Word Red  Word Orang
Detector Detector Detector Detector

aswell asthepurely cortically drivenactvities listedabove.
Thus, evenfor derivedactuities thatareinput-diven those
thatarelessinput-driven cansurvive andthecorrectanalog
ical respose canstill be found amongsuchactvities that
aremore cortically-driven within eachpartition. Note that
<cdor-orarge> alsosurvivesthefiltering, but whatis more
importanthereis thata simplefiltering processasdescribe
above canprovide potentialanswergo analogcal queres.

In this section,l have shavn thatactive neuonsthaten-
cock input featuresand relational context can collectively
perform rudimentary analogcal functiors.?> But doesthe
brainfunction in sucha way? In fact, an exact circuit that
cansene suchafunction existsin thebrain.

Neural Basisof Analogical Completion and
Filtering

Two basicneual mecharsmsareneededo account for the
proposedanalogcal fundion: comgetion andfiltering. Be-
low, | will discusshow the cortico-cortical connetionsand
thalano-corticalloop canimplemern theseéwo mechaisms.

The completion may be accomfishedby the long-range
corticocortical connetions (Mumford 1992) As men-
tionedearlief synapesarestrenghenedvhenthe presyap-
tic activity precedepostsymptic actvity (Sorg etal. 2000),
thusthe connectims canimplemen causalrelations. Also,
specificpatterrs of comectionsobsevedin animals(e.g.in
the primary visual cortex of monkeys; Blasdel199) showv
how suchpatterrs canimplemen specificcomgetion func-
tions. Computatimal modelsalso shaved how suchcon-
nectvity patterrs canencoddeatureco-accurranceandhow
they canaffec the perfamanceof the modé (Bednarand
Miikk ulainen2000; Choe2001; Geisleretal. 2007).

In the thalamacorticalloop, thereexists a massve feed-
backfrom thecortex to thethalamis andaninhibition mech
anismwithin the nucles reticulars thalami (nRt) on the

2Analogical taskscan becane much more complex than the
onesshown here.
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Figure 3: Analogical Filtering in the Thalamus. The diagramshaws a simplified thalamo-corticaloop that can perform analogical
completionandselectionandpropagatehe selectiorbackto thecortex. 11 andI2 areinputfibers, T1 andT2 arethalamicrelaycells,R1and
R2 areinhibitory nRtcells,andC1,C2, C3,andC4 arecorticalneurongneurors in multiple layersof the cortex areshavn asa singleunit).
The neuronsareeitherexcitatory (+) or inhibitory (=), andthe arrons areaxons(pointing in the directionof action potentialpropagation).
The numberedabelson eacharc shawv the activity beingcarried. Black solid arrons areascendindibersto the cortex and cortico-cortical
connetions (relationalarrans), andgray solid arrows are cortico-thalamidfeedbacks Dashedarrans areinhibitory. The diagramshaws a
scenariovheninputwaspresentedo C1, which excitesC2,andin turngeneratethefeedbackrom C2to T2, thenretransmittedo thecortex
asanew query(ascenéhg thick blackarrow). The selectiondecisionfor further propagationto the cortex depermls on the relative excitation
andinhibition T1(T2) receve from C1(C2)andR1(R2). On theright of C2 (dotted)in the cortex is the subsequencascadeof analogical
completions Notethatto avoid clutter, reciprocalconnetionsin the cortex, aswell asdisinhibiting connetionswithin the nRtlayerarenot
shavn. All connestionsshavn arebasedon knovn anatomyof thethalamusandthe cortex (Mumford 1995).

surfaceof the thalams (Mumford 19%). This particular
architectue hasbeenthoudt to be involved in the anal-
ysis and synthesisof new memaies (MacKay 1955), ac-
tive blackbard (Harth et al. 1987 Mumford 1997, globd
worksp&e (Newmanetal. 1997), andfinally, gereratingat-
tentionandconsciosnesgCrick andKoch1990.

It turns out thatthesefeedbrward andfeedbak conrec-
tionsfrom nRtto thecortex togetlerwith thenRtinhibitions
canfilter feedlacksfrom the cortex to pronote the most
cortically-driven feedlack, i.e. the analogcal comgetions.
Let usfirst seehow the purely cortically-driven activitiesare
selectedfigure 3). In thethalams, ascendig fibers(T1 to
C1) branchout andexcite the inhibitory nRt neuon R1 (T1
to R1). Whenthe feedbak from C1 to T1 comesback, it
branhesandstimulatesR1. As aresult,if the descenihg
feedlackhadamatchingascendingignal,theinhibition T1
recevesis twiceashighasothemeurasin thethalamughat
areactivatedby purely corticdly-drivenfeedbackhatcame
arourd thefirst time (T2). If thesynapticweightsareappo-
priate(i.e. wrc = 2 andwrr = 1)3, at T1 the feedack

Here,wvx is the synapticconrectionstrengthfrom neuronx
to neurony.

will becanceledut, but at T2 the feedtackwill survive the
inhibition andbe retransmittedo the cortex (the new query
arrav). Sucha surviing cortical feedlack, togetherwith
theinputstimulusatthenext momen form anew analogcal
quey to the cortex, andthe sameprocessis repeded. That
is, C2 elicits actwities in C3, andin turn C4 through the
thalanmo-corticalloop (nate thatthey canbe quitefar away).
For the selectionof the mostcortically drivenfeedtack, the
mutual inhibitionsin thenRtlayer(e.g.betweerR1andR2)
canbeusedto disinhilit (inhibiting aninhibitory neuon re-
sultsin lessnetinhibition) eachotherandallow the more
corticdly driven feedlack to go backto the cortex, even
whentherearepairedinputsto all curren corticalactivity.

Discussion
Theneual mecharsmsdescriledin this papercanonly ac-
cownt for simple kinds of analoges, and in somecaseit
can even seemas simple patterncompletio. For exam
ple, <orarge> = ? will resultin the sameanswer<word-
orarge> asin the ActiveNeuons:... section. How canthe
term <word-red> in the original queryaffect the outcore
at all? For this, | believe thatamongmary possiblecom-
pletiors, thegeneal maparea(i.e. the partitionsin figure 2)



thatareactivatedby input getshigherprefeence.In this ex-
ample thefruit-map,word-mapandcolormapwill turnon,
thus purely cortical activationsin othergeneal maps(say
odormap, etc.) will not be as salientas that of <word-
orang>. Thus,in this way, the presenceof <word-red>
canindeedaffect the outcomeof the analogcal quey. A
more preciseneual mechanisnfor this kind of selection
needdo beinvestigaedfurther

Researchersegad analogica capacitiesas the crux of
highdevel cognition (see Gentneret al. 2001 for a col-
lection of curren work on analogy. However, analagy
doesnot needto be limited to high-level cognition Re-
centresultssuggesthatanaloy maybe neeedin perep-
tion aswell (Davis and Goel 200L; Morrison 1998, and
may even be a crucial requirenent for cognitive develop-
ment(Chalmes etal. 199). Thenit is notunthirkablethat
the mota functions alsoobey the generalprindple of anal-
ogyin asimilarmanrer, thuswe canthenstartto undestand
percepion, cognition, andmotorfunctiors underthe unify-
ing framavork of analoy insteadof trying to undestand
thoseasembalying separatéunctional principles.

How cansucha diversefunctionality be integratedunder
thegeneal prindple of analogcal processing™assive con-
nectiors exist within andacrosdifferentfunctionalareasn
the brain,andthe sensorjmotor mapsaretopdogically or-
garized, i.e. nearbyneuons are resposive to nearbyfea-
turesin the input space(Kohoren 1982; von der Malshurg
1973. Within eachmap, the featue detectos andcortico-
cortical conrectionslearn to encale the relatiors (Choe
2007 Siroshetal. 199%). It is possiblethat cogritive maps
also have a topolagical organization where nearby areas
learnto encoc similar conceps, suchassemantianapsor
episodicmemoy maps (Miikkulainen 199), or eventem-
poral sequenes (Jamesand Miikkulainen 1995) When
the sensory cogritive, and motor mapsare connectedn
an orderly way preseving their local topdogy, analoges
within and(more importantly) acrossdifferentdomainscan
bedravn.

Within this huge numbe of maps specializingin dif-
ferenttasks,a cascadeof multiple analogicalcomgetions
canbe going on in parallel, synchramized at eachmomert
by the 40Hz rhythm to hold an instantaneusly coheent
state (Mumford 1995. Such state can then poseas an-
otheranalogial quer, andthat processcanrepeat. When
that cascadeeachesa motor area,behaior will be gener
ated.Memoryconter canalsoentertheanalogcal cascade,
and this quasi-staticcontrikution can prevent the contiru-
ouslycharginginput streanfrom causingancdmcascades,
therely maintairing a moregoaldirectedandstablebeha-
ior. Specificmechamsms of how the memay contenten-
ter thethalamoeorticalloop, andhow completedanaloges
arearchived in memay through the interactiors with sub-
cortical centerssuchasthe hippocamps shouldbe studied
further.

Suchan integrative view of percetion, cogrition, and
motor function uncer the generé principle of analoy can
becone a powerful tool in building intelligert agents. In
fact, the virtual agentdeveloped by Morrison (1998) is a
conceteexanple of suchanidea. Morrison shavedthata

virtual agentwith integratal perceptal, cognitive, andmo-
tor functionswasableto embod arich structurein the vir-
tualervironmen, usinganalogcal primitives. Whatis more
interestingis that he shavedthatthe repesentationsn the
agern canbecomemorecomple if theernvironmentis made
more comgex. It is possiblethatif suchanaget is phys-
ically implemented,it could learn more comgex relations
in the environment and shov muchmore complex beha-
ior. Thus,a promisingdirectionfor the future is to emplogy
theanalogicaframeavork in embodedrobdicsresearchin-
steadof directmappng from sensoto motor, we canputan
intermediatestaggcogrition) anddesigrthebasicfunctions
accoding to theanalogcal framework.

Neuoscienceesearchasrevealedalot abou pereption
andmotor abilitiesin the brain, but understandinghe cog-
nitive faculty still remairs elusive. Investigationinto cogn-
tive functions canbe dore uncer the analogcal framework,
wheie we caninfer the functiorality of the higher areasby
backrackingtheconrectionsto thepercepualandmota ar
easandstudytheir topology andanalaical links. Specific
predctionsregardingthelayou of thehigher centersanbe
mack basedon the topology of the lower centersandcon-
nection structurebetweerthetwo, andexperimentscanthen
focus on verifying thesepredictins. For exanple, thereare
oriertationmapswith smoottly changng orientation prefe-
encein V1 (primary visual cortex; Blasdel199), andthere
areobjectmapsin TE (temporal areak; Tanakal9%) that
alsochamge smoothly(for exanple, rotationof ahead. My
theay predictsthattherewill bea mappng from V1to TE
that presere suchlocal topolayy acrosddifferentrepresen
tationspaceg. Similarmappimgs mayexist betweersensory
andcogritive areasandif sucha mappng is found, we can
startto undestandthe abstractogritive functionsbasecdn
corcretepercepual architecture. The adentageof this the-
ory is thatit enalbes usto relatepercetual, cogritive, and
mota functionsin a unified framework. By encanpassing
all aspect®f brainfunction underananalogcal framework,
more focusedexpelimentscanbedesignd to revealspecific
anal@ical capacitiesandthiswill helpusbetterunderstand
the brain function andthe cognitive process. In turn, these
new uncerstandigs can be utilized in building intelligent
agerts.

Conclusion

In this paper | adoged the view of active repesentations,
and obseved that our neuons are no different, and they
shoud beunderstoodn amoreactive context. It turnedout
that collectively they can perfam an analagical function
Specificcircuts in thebrainwasfoundto besuitablefor im-
plemeiting sucha fundion, thus providing further suppat
for analoy asageneal computationalprinciplein thebrain
In this new framework, the specifictargetsthe neuras ex-
cite becomeasimportar ashow they interpre incomirg in-
put. This new framework canhelp us take a morefocused
appoachin building intelligentagentsandin uncerstandig

4Although the pathway from V1 to TE is not direct, involving
V2, V4, and TEO areas put successie mapping within this path
canrevealhow V1 andTE aretopologicdly mapped



the natureof brainfunction.
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