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Abstract

Shepardand Chipmans secoml orderisomorphismde-
scribeshow the brain may representhe relationsin the
world. However, a commoninterpretationof the theory
can causedifficulties. The problemoriginatesfrom the
staticnatureof representationdn analternatve interpre-
tation,| proposethatwe assignanactiverole to theinter
nal representationandrelations. It turnsout thata col-
lection of suchactive units canperformanalogicaltasks.
The new interpretationis suppated by the existenceof
neuralcircuitsthatmaybeimplementingsuchafunction.
Within this framework, perceptioncognition,and motor
function canbe understoodundera unifying principle of
analogy

Introduction

One of the centraltenetsin neurccienceis that neu-
rons receve incomirg spikes, processthat spatial or
tempoal information,andthenpasson the transfamed
information for further analysis. Also, neurms that
fire together develop strong conrections (Bliss and
Collingridge 1993. Thus,theneurmsrepesenfeatures
in the input, and conrectionsencoe relatioral context
amory features.This viewpant is analogusto the sec-
ondorderisomorghismby SheparcandChipman(1970;
below, just S&C). However, a prodem canarisedepend-
ing onhow we interpet S&C’s theory

The difficulty comesfrom the static role assignedo
represetations. In this pape, the repesentationsand
the relationsare given an active role. When working
as a collection theseactive units can perform an ana-
logical function In fact, a similar active appoachhas
beenemployedin previous work, resultingin the emer
genceof analogicalHofstadter1985 Mitchell 2001) or
metaplorical (Narayanan 199) functionality.> An im-
portart obseration adwencedin this paperis that the
function of active represetationsandrelatiors arevery
similar to that of neuons, and specific circuits in the
cortex andthe thalam canactuallyimplementanalog-
calfunctiors. Analogy is commotty attributedto higher
cogritive facultiesonly, but it does not always have to
be the case(Chalmerset al. 1992) it may be partof a
larger setof humanbrain function including pereption
andmotorfunction | will discussn theendhow suchan

!Analogyandmetaphoiarecloselyrelatedin thatthey refer
to similaritiesin relationsand attributesalthoudh the relative
degreein eachmaydiffer (Gentnerl989).
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Figurel: S& C’s Second Order Isomorphism. Thereare

two objects,one squareand one round in the world (on the
left). Theinternalrepresentations the brain of thesetwo ob-

jectsareshavn on theright. The vertical arrons representhe

relationsbetweertheobjects.Thetwo horizontalarronsrepre-
sentmappingfrom theworld to the brainwhichis initiated by

sensontransduction Note: The squareandcircle on theright

(in the brain) arejust therefor the easeof reference They can
beremaovedwithoutcausingary changin content(thisapplies
to therestof thefigures).

analogcal framewvork canallow usto betterunderstand
thenatureof cognition andbrainfunction.

Common Inter pretations

Undersecondrderisomorpismthe brainneedso find
the relation betweenthe (1) relationsbetweenexterral
objectsand(2) relationsbetweerinternalrepresentatios
(figure 1). S&C'’s theoy seemsto be more apprari-
atein mockling how our brainrepresets the world than
Locke’slsomophism(Eddman199B,199). In physical
terms,we caninterpretthefigureasfollows: (1) relation
in theworld (W1; coincidertesin sensoryevents)(2) ar
rows from world to brain(B1; sensorytransduton), (3)
represetationsin the brain (B2; afferent conrections),
and(4) relationin the brain(B3; lateralconnetions). Of
theseet usfocus onwhatis availablein our brain (B1—
B3). If we take for grarted the informationour sensory
transdweerstell us,we candrap B1 from our discussion
andfocus onjustB2 andB3.

An implicit messagén figure 1 is thattwo objectsare
represeted,andsomebrainprocesghenjudgestherela-
tionshipbetweerthe two (the openarrow). Making this
pointmoreexplicit, we canillustrate S&C’s theoy asin
figure2a (thediamadbox). We canseethata difficulty
canarisein suchaninterpretatio; somethinghasto per
form the comparisonfunction, but this createsan ever
increasingevelsin a hierarclical way (i.e. higherareas
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(a) Interpretation(l).

Figure2: Common Interpretations of Second Order |somor phism.

(b) Intempretation(ll).

(a) An explicit comparisormechaism is necessaryo

judgetherelationsbetweerthe two representationgb) The comparisorbox is replacedby a representationf relation. However,
thisfigurestill requiresathird-partyto evaluatetherepresetationof relation.

judging theoutpu relationin thelower areas) However,
as Hilgetag et al. (1996) noted, it is hardto determire
a strict hierarcly amongcortical maps(in this case be-
tweenvisual areas).Also, as Zeki (2001) suggestsin-
tegration of theseinformationmay be a norhierarctical
process. Thus, represeting somethinganddelayirg the
interpretationuntil latermaynotwork very well.

One can argue that the lateral conrectionsrepresent
thesimilarity relation notrequring aseparaténterpreer
(figure 2b). However, we still needsomethingo evalu-
ate (or interpret) the resultingrepresentation.Thus, this
refomulationjust replaceghe needfor onekind of in-
terpretemvith another

Assigning an Active Roleto Relation

What cana relationbeif it shouldnot be a represeta-
tion? The problemseemto comefrom representatios
andrelationsplaying a staticrole. Whatif we assignan
active role to the representationsasshavn in figure 3a?
In thefigure, | assignednactive role to therelationar
row itself, allowing onerepresetationto invoke anotter.
Thusthe activation of the internalrepresention of the
squareinvokes (or turnson) that of the circle, andvice
versa.

Now consicer how canwe usethis new active relation
(notethatit is directioral) to describetherelationsin the
world. First, we have to know what kinds of relations
exist in theworld. Therearetwo basicrelatiors: spatial
andtempoael relatiors. Spatialrelationsarebetweerob-
jects,andthey arecausallybidirectional > On the other
hand tempoal relationsarebetweerevents,andthey are
causallydirectioral. Whenoneevent precea@sthe other
thereversecannothappersimultaneasly.

In the brain, action potenials only propagatein one
directionalongthe axa, andthe adaptatio of synapses
tendto learncausality(Songet al. 2000) Suchconne-
tions areideal for implementingtemporalrelations,but
whatabou spatialrelatiors? If we pair a unidrectional
arrov from A to B with a recipiocal onefrom B to A,
thenwe canindeedrepresentspatialrelatiors with only
directioral arrawns. If representationgor objectA andB
simultaneasly activate through mutual excitation then

2Notethatcausalsimply meanshatoneevert precedsthe
otherin time.

they canrepesentthe spatialrelationbetweenthe two.
So,letusupdateourfigureagainto includebackward re-
lationalarravs (figure 3b). We cannow think in termsof
tempoal relatiors only, becage spatialrelatiors seems
to be a specialcaseof temporé relatiors (at leastin the
brain)
The Role of Active Relationsand its Neural
Basis
In the previous section,| replacedhe repesentatiorfor
relationby an active relation. Whatabou the represen
tationsfor the objects(or everts)? Representatiois an
inherantly staticterm (like a symbd), thus, we shoud
take amoreactive viewpaint andaskwhatactionoccurs
whena neura detectsa patternin its incoming inpu,
ratherthanfocusing only on what a neuon represents.
Knowing what repesentationslo may be asimportant
asknowing whatthey standfor.

To discover the relationshipbetweenthings in the
world, we needthe motor capalilities as much aswe
needsensors. Thus, betweenthe world and the brain
theremust be a backward arrov from the brain to the
world. The resulting diagam is showvn in figure 3c.
This additionis crucial in learningthe relationsin the
world (O’ReganandNoe2007). Thefinal diagramlooks
very similar to the basiccircuitry in our brain How can
thisfinal figurehelpusundestandhemeclanismsof the
brain? Thekey is to undestandwhatis the actiontaken
by aneuram, nolessthanto know whatit repesents.

Active Relations. A Primitive for Analogical
Processing
Now we have a single active functional unit: a neura
thatfiresaspike alongtheactiverelatioral arrowassoon
asit detectsacertaininput feature.Thisunitalonecanrot
achieve much, neithercan a serial chain of suchunits.
Thetrue power of this simpleunit is revealedwhenit is
usedn amassvely parallelway. Thismaybeanobvious
line of thowght becase thatis what our brainsseemto
do. However, it turnsoutthatthecollective effort of these
simpleunitscanembaly a simpleyet powerful function
of analogy.

We have to simplify mattersto seehow suchneurams
canprocess analoy. Let usassumehereare six neu-
ronsin animaginay creatue’s braininhakting theworld



World Brain World Brain World Brain Nescortex
representation representation Sensor_4
—_— _— —_— )
) ) - INVOKE
relation relatiol B relation 4 N;mn B
—_—]— -~
representation representation Sensor s \
(a) Active Relationg(l) (b) Active Relationg(Il) (c) NeuralCounterpurts

Figure3: A New Interpretation of Second Order Isomorphism. (a) In this new interpretationof S&C’s theory anactive role

is assignedo therelationarrav. Noticethatthe INVOKE arraw is a singlearrow, notonearron goinginto andanothe leaving out
of the box. Thus,the roundedbox signifiesthatthe arrow actuallyperformsanaction (b) Backward relationalarrovs areadded
in the brain to accountfor the mutual, but directionalnatureof relations. With two relationalarrows, both spatialandtemporal
relationscanbeimplemented (¢) The neuralcounter@rtsof (b) areshavn. Thelimiting termrepresernation is removed, andthe

motorreaction(backwardarrav from the brainto theworld) is addel. Sensorytransducerarealsoexplicitly shown.

of fruits (figure 4). After the fruit brain expeiiencesthe

world of fruits, it will learnthe co-cccurremesbetween

features andestablishrelatioral arronvs asshown in the
figure (arcswith arrowns). Also supposehat the brain
is partitioredinto severd specializednapareadqor par
titions), as in cortical maps. Now supmse <apple>,
<orarge>, and<word-red> werepresentedo thecrea-
ture simultaneasly. If we track the activation, we can
seethat thesedetectos will turn on: apple detector
orang detector colorred detector color-orangedetec-
tor, andfinally, word+ed detecto. Theseactivationsare
inputdriven Becausehe neurmsareactive, assoonas
they detectwhatthey arefamiliarwith, they sendoutsig-
nalsthroughtherelationd arravs hotizontally acrosshe
cortex. As a resultof this secondorderactivation, the
word-orang detecto turnson, evenwithout input. Now,
hereis the crucial momen. We canaskthis question:
which neuon'sfiring waspurely cortically-driven?(note
that we can view this as a filtering proaess). The re-
sult of the filtering is then <word-orarge>. The sig-
nificanceof this obsenation is that this processis very
similar to solving analogcal prablems. The input pre-
sentedto the creatue is basicallyan analogcal quewy:
<appe>:<orarge> = <wordred>:<?>. Thefiltered
cortical response<word-orang> canthen be the an-
swerto this query® Thus,active neuonscanperfom a
rudimentaryanalogcal function whenthe respmsesare
filteredproperly.

However, things can get complicatedwhen comb-
nations of objectsare usedas a quer. Let us ex-
tend the creatures featue detectorsto include con-
cepts of small and big (not shavn in the figure)
Then we can allow the creatue to learn the re-
lations agan. We can then presentan analog
cal querylike this: <big><apge>:<smalb><gpple>
=<big><orarge>:<?>. In this case,if we follow the
samestepsas abose we come acrossa prablem. Be-
causethe answerwe exped (i.e. <smalt> <orarge>)
alreadyappearedn the query if we look for purdy

3Thereis anissueof how the presencef <word-red> can
affect the outcomeatall. This problemwill be discussedater
in thediscussiorsection.
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Figure4: World of Fruits. A brainwith object,color, and
word detectomeurorsis shavn. Thesix neurors eachrespornd
to theseinput featuresaslabeledabove. At the bottomis the
fruit world, andthe thick vertical arravs represengfferentin-
put. The horizontalarcsarethe relationalarravs that point to
their mostfrequentlyco-occurringcounterpartshathave been
learnedthrough experience. The gray vertical barsrepresent
the partitioningof the braininto separatenap areas(from the
left to right, objectmap,color map,andword map). Note that
for simplicity, the word-orange detectorconnests only to the
color-orangedetectoy but not the orange detector i.e. it is a
word-colororange detectornot aword-object-orage detector
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cortically-driven activations, the answemwill be <word-
red> <word-orarge>. However, we canovercomethis
prodem if we ask: what are the mostcortically-driven
activitiesin ead partition of the brain? Because<big>
and <apgde> appeaed in the input twice but <smalt>
and <orange> appeard only once, the latter two can
be selectedaswell asthe purely cortically driven ac-
tivities listed above. Thus, even for derived activities
thatareinput-driven thosethatarelessinput-drivencan
survive andthe correctanalogcal responsecanstill be
found amorg such actities that are more cortically-
driven within eachpartition (or area) Notethat <color-
orang> alsosurvives thefiltering, but whatis more im-
portan hereis thatasimplefiltering processasdescribe
above cangeneate a small subsetof potentid answes
to analogcal queies. Although the simple analogcal
querypresentedbore hasa straightforward answerin
morecomgex analogcal problems,therecanbe multi-
ple answerdeperling on the interpretation(Hofstader
andMitchell 19%; Mitchell 2001).

In this section,| have shovn that active neuonsthat
detectinput featuesandestablishrelationad contexts can
collectively perfam arudmentaryanalogichfunction 4

4Analogicd taskscanbecomemuchmorecomplex thanthe
onesshavn here.Theexamplein this paperis decidedy simple
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Figure5: Analogical Filtering in the Thalamus. Thedia-

gramshaws asimplifiedthalamo-corticaloop thatcanperform
analogicalcompletionandselectiorandthenpropagtethe se-
lection backto the cortex. All connetions shavn are based
on known anatomyof the thalamusandthe cortex (Mumford

1995). I1 andI2 areinput fibers, T1 and T2 arethalamicre-

lay cells,andR1 andR2 areinhibitory nRtcells. C1,C2, C3,

and C4 are cortical neurons(eachis a setof neurors ranging
multiple layersin a single cortical column). The neurors are
eitherexcitatory (+) or inhibitory (-), andthearrows areaxons
(pointingin the directionof actionpotentialpropagation).The
numberedabelson eacharc shav the actiity being carried.
Black solid arrows are ascendindibersto the cortex and the
cortico-corticalconnetions (relationalarrans), andgray solid

arrows arecortico-thalamideedback Black dashedarrowns are
inhibitory connections. Thediagramshaows a scenariovhenan
inputwaspresentedo C1,which excitesC2,andin turngener

atesthefeedbak from C2to T2, whichis thenretransmittedo

the cortex asa new query (ascendinghick black arrowv). The
selectiordecisionfor furtherpropagatiorio the cortex depemnls
on the relative excitation and inhibition T1(T2) receive from

C1(C2)and R1(R2). On theright of C2 (dotted)in the cor

tex is the subsegentcascadef analogicalcompletions.Note
thatto avoid clutter, reciprocalconnectiosin thecortex arenot
shawn.

But doesthe brain function in sucha way? In fact, an
exact circuit that may be implemerting sucha function
existsin thebrain.

Neural Basis of Analogical Completion and
Filtering

Two basicmechanismareneededo accounfor thepro-
posedanalogicafunction comgetion andfiltering. Be-
low, | will discusshow the cortico-cortical connectiois
andthe thalamacortical loop canimplemen thesetwo
mecharsms.

Completiors may be acconplishedby the long-range
corticocortical comections(Mumford 199). As men-
tionedearlier synapsesarestrengtheadwhenthepresy
napticactiity precedepostsynafic actwvity (Sorg etal.
2000, thusthe connectims canimplemen causalrela-
tions. Also, specificpatterrs of comectionsobseredin
animals(e.g. visual cortex of monlkeys; Blasdel 1992
shav how such patterrs canimplement specificcom-
pletion funcions. Compuational modelsalso shaved

to clearlyillustratethe basicmechaimsm.

how suchpatternscanencoa featureco-cccurrerce and
how they candictatetheperfamanceof themodel(Choe
2002, Geisleretal. 2001).

For filtering, a separatanechaism is necessaty In
the thalamecortical loop, there exists a massve feed-
backfrom the cortex to the thalams and an inhibition
mecharsm within the nucleusreticularisthalami (nRt)
on the surfaceof the thalamis (Mumford 19%). This
particula architectue hasbeenthoudt to be involved
in theanalysisandsynthesiof new memaies (MacKay
1956, active blacklpard (Harth et al. 1987; Mumford
1999, global workspae (Newmanet al. 1997), andfi-
nally, generatig attentionandconsciosnesgCrick and
Koch1990. It turnsoutthatthesefeedfaowardandfeed-
back conrectionsfrom nRt to the cortex togetherwith
the nRtinhibitions canfilter the feedlack from the cor
tex to pronote the mostcortically-drivenfeedbak, i.e.
the analogich answers.Let us first seehow the purdy
cortically-drivenactuities areselectedfigure5). In the
thalams, ascendingdfibers (T1 to C1) brarch out and
excite the inhibitory nRt neuon R1 (T1 to R1). When
thefeedbak from C1to T1 comeshack,it branctkesand
stimulatesR1. As aresult,if the descendig feedbak
had a matchingascendingsignal, the inhibition T1 re-
ceivesis twice ashigh asothe neurmsin thethalamus
that are activated by purely corticdly-driven feedbak
(i.e.thatof T2). If the synapticweightsareappopriate
(i.e.wpc = 2 andwrg = 1)°, at T1 the feedkack will
cancelout, but at T2 the feedbak will survive the inhi-
bition andbe retransmittedo the cortex (the new query
arron). Suchasurviving corticalfeedtack,togetterwith
the input stimulusat the next momer form a nev ana-
logical quey to the cortex, andthe sameprocesss re-
peatedThatis, C2elicits actiitiesin C3,andin turnC4
throwgh the thalamacorticalloop (notethatthey canbe
quitefar away). For the selectionof the mostcortically
drivenfeedbak, the mutud inhibitions in the nRt layer
(e.g.betweenR1 and R2) may disinhibit (inhibiting an
inhibitory neura resultsin lessnetinhibition atthe tar
get; figure 5) eachotherandallow the more cortically
driven feedtack to go backto the cortex, evenwhenall
currert corticalactivities areinputdriven.

Discussion
Theneuralmechamsmsdescribe in this papercanonly
accoun for simplekinds of analogis, andin somecase
it caneven seemassimple patterncompletian. For ex-
ample, <orang> = ? will resultin the sameanswer
<word-orang> asin the Active Relatiors:... section.
How cantheterm <word-red> in theoriginal quey af-
fect the outcane at all? For this, | believe that amory
mary possiblecompletios, the generh map area(i.e.
the partitiors in figure 4) thatareactivatedby input gets
highe preference.In this examge, thefruit-map, word-
mapandcolormapwill turnon,thuspurelycorticalac-
tivationsin othergeneal maps(sayoda-map,etc.) will
notbeassalientasthatof <word-orarge>. Thus,in this

SHere,wyx isthesynapticconnestion strengttfrom neuron
X toneura Y.



way, the presencef <word+ed> canindeedaffect the
outcane of the analogicalquery A more preciseneu-
ral mechanisnfor this kind of selectionramongareagor
maps)need to beinvestigatedfurther.

Researchersegad the analogcal capability as the
crux of high-level cogrition (seeGentneretal. 2001 for
acollectionof currert work onanalogy). However, anal-
ogy does not needto belimited to high-level cognition.
Recentresultssuggestthat analoy may be neead in
percepion aswell (Morrison 1998, and suchan abil-
ity emeging in percepual systemsnayevenbeacrucial
requirementfor cogritive developmen (Chalmes et al.
1992. Thenit is notunthinkablethatmotorfundion also
employ analogyin a similar manner(cf. sensorymota
contingengy theoly by O’ReganandNoe 200L), thuswe
canthenstartto undestandperceptio, cognition, and
motorfunctionundertheunifying framework of analogy.

How cansuchadiversefunctiorality beintegratedun-
dera singleframevork of analogcal processing Mas-
sive connetionsexist within andacrossdifferent func-
tional areasin the brain, and the sensory/mtor maps
aretopologcally organized i.e. neaby neuonsarere-
sponsve to nearbyfeaturesn the sensoryspacgKoho
nen 1982 von der Malskurg 1973) Within eachmap,
thefeaturedetectorsandthe cortico-corticalconnectios
learnto encoe the relatiors (Choe200L). It is possi-
ble thatcognitive mapsalsohave atopolagical organiza-
tionwherenearly areadearnto encodesimilarcone@pts,
suchassemantianapsor episodicnemoy maps(Miik-
kulainen 1998). Whenthe sensorycognitive, andmota
mapsare conneted in an orderly way preseving their
localtopolagy, analogescanbedravn within and(more
importantly) acrossdifferentfunctional domains.

Within this hugenumter of mapsspecializingin dif-
ferenttasks,a cascadeof multiple analogcal comge-
tions canbe going on in parallel, synchrmizedat each
momett by the 40Hzrhythm to hold aninstantaneasly
coheentstate(Gray1999 Mumford 19%). Sucha state
canthenposeasanothe analogcal quey, andthe pro-
cesscanrepeat.Whenthe cascadeeaches motorarea,
behaior will be gererated. Memory contert may also
enterthe analogcal cascadeand this quasi-staticcon-
tribution can prevent the continwusly charging input
streamfrom causingrandm cascadestherdy main-
taining a more goal-drectedand stablebehaior. Spe-
cific mectanismsof how the memoy cortententersthe
thalamacorticalloop,andhow analogesarearchivedin
longtermmemoy shoud be studiedfurther.

Neurascienceesearcthasrevealedalot abou percep
tion and mota abilities in the brain, but understandig
the cognitive faculty still remainselusive. Investigation
into cognitive functiors canproceed unde the analogr
cal frameawork, wherewe caninfer the functionality of
the higherareasby backrackingthe conrectionsto the
percepual andmotorareasandstudytheir topolagy and
analogcal links. Specificpredictims regarding the lay-
outof thehighercentes maybemadebasednthetopd-
ogy of thelower centersandthe connetion structurebe-
tweenthetwo, andexperimentscanthenfocus on verify-

ing thesepredctions. For exampe, thereareorientatian
mapswith smodhly changng oriertation preferencein
V1 (primary visual cortex; Blasdel199), andthereare
objectmapsin TE (tempaal areak; Tanakal99§ that
alsochang smoothly(for examge, rotationof a head)
The anal@ical framework predictsthattherewill be an
ordety mappng from V1 to TE thatpreseve suchlocal
topolagy acrossdifferent represetation spaces Simi-
lar mappngs may exist betweensensoryand cognitive
areasandif suchamappirg is found, we canstartto un-
derstandhe abstractcognitive functions basedon con-
cretepercepual architecture.

The strong comection madein this paperbetween
analogcal function andspecificneural circuitry canhelp
usbetterunderstandboth. Thefunctionality of thetarget
areaof a neura canbe studiedto undestandwhat ac-
tion occurswhenaneuondetectsa certainfeatue in the
input. Sucha studycanreveal the kinds of relationsim-
plemened in the brain, thus providing us with insights
into what kinds of analoges are possible. The mectla-
nismsof neual circuits canalsobe further revealed by
careflly desigred analogictestsin percepion, cogri-
tion, and motor fundion, andalsoin a combiration of
thesadifferert domairs. Differen typesof unimodaland
cross-mdalanalogcal taskscanrevealhow thedifferent
corticalareasarerelatedandhow they invoke eachother
In studyng suchmapping acrosstasksandmodalities,
undestandingthe co-accurrerte statisticsof naturalsig-
nals becomesncreaingly important as they may give
us a hint on how the connectios are organizedin the
brain(Choe200%, Simoncdi andOlshauser200L).

Conclusion

In this paper| analysedhedifficultiesthatthecomma
interpietationsof S&C’s secondorde isomorghism can
causein undestandingthe brain. | proposedan active
role for represetationsandrelations,andit turned out
that collectively they can perfam an andogical func-
tion. An importantconne&tion betweeranalogcal func-
tion anda specificbraincircuit wasthenestablishedpro-
viding suppat for thenew interpretation. This new view-
pointallows usto undestandpercetion, cognition, and
motor function under a unifying framework of analogy,
andit canhelpustake a more focusedappoachin brain
andcogritive sciences.
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