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“Any kind of working modelof aprocessis, in a sense,ananalogy”(Craik1943)

“. . . analogyis like a modelingrelationexceptthatit relatestwo naturalsystems,
ratherthana naturalsystemanda formal one” (Rosen1991)

“But it canbemisleadingto call analogies‘models’,becauseverbalmodelsarenot
straightforwardsmallscaleversionsof a largerobject” (Johanssen1993)

Thereis averystrongtendency for scientificmodels—orexplanations—ofnew phenomenato beanalogical.For if
weseekto explaintheunfamiliar in termsof thefamiliar, whatis thisbut analogy?To quotePopper(1972,p.358):

From Descartes. . . to Maxwell, most physiciststried to explain all newly discoveredrelationsby
mechanicalmodels; that is, they tried to reducethemto laws of pushor pressure,with which we are
acquaintedfrom handlingeverydayphysicalthings.

This is only natural. Models are abstractsimplificationsof a complex reality: The more concrete(‘mechani-
cal’) the abstraction,the simpler the model, the morelikely we areto acceptit accordingto Occam’s principle
of parsimony—alwaysprovidedit passesthetestof satisfactorily explainingtheobservations.Yet analogicalrea-
soningis far from a soundor securerouteto scientificknowledge(Knorr 1981). Its appealseemsto transcend
scientifictheorizingandto reflectastrongoperationalprincipleof humanthoughtitself. This is theessentialargu-
mentof Craik (1943)whowrites[pp.120–1]: “I haveoutlinedasymbolictheoryof thought,in which thenervous
systemis viewedasacalculatingmachinecapableof modellingor parallelingexternalevents,andhavesuggested
thatthisprocessof parallellingis a basicfeatureof thoughtandexplanation”.

Theseconsiderationsraisethequestionof theexactrelationbetweenamodel,atheoryandananalogy. Wewill
not pursuethis in detail here,otherthanto point out that thequestionis vexed. For instance,Leatherdale(1974,
p.41) writes: “. . . the literatureon modelsdisplaysa bewildering lack of agreementon what exactly is meant
by the word ‘model’ in relationto science”.(SeealsoNagel1961,Moor 1978andWartofsky 1979.) Our main
purposeis different.

If analogyis, aswe havearguedabove,a strongoperationalprincipleof humanthought,is theresomethingto
begainedby consideringthebrainasa machinefor makinganalogies—ananalog computer?This is effectively
the thesisof Craik, and it is salutoryto reflect that his book predatesby someyearsthe equallyseminalpaper
of Turing (1950)which so firmly establishedthe digital computeras the acceptedmetaphor/modelof brain in
the fields of artificial intelligence(AI) andcognitive science. While Turing readily concededthat “Everything
really movescontinuously”still heargued“therearemany kindsof machinesthatcanprofitablybethoughtof as
beingdiscrete-statemachines.” Turing’s typically bold assertionsled theway for otherthinkersto develop(often
in equallyassertive fashion)computationalism—“the hypothesisthat cognitionis the computationof functions”
(Dietrich 1990,p.135). Influentialwork in this tradition,post-Turing, includesNewell (1980),Pylyshyn(1984),
Pagels(1988)andDietrich (1990). Only relatively rarely hasthis foundationalassumptionbeenquestionedby,
e.g.,Searle(1980,1990),Johnson-Laird(1983),Rubel(1985),McGinn (1989)andPenrose(1989).

Someworkers in symbolicAI have championedanalogicalreasoningasa practicalapproach(Mitchell and
Hofstadter1990;HofstaderandtheFluid AnalogiesResearchGroup1995). Also, in themachinelearningcom-
munity, analogy(under the variousguisesof ‘lazy’ learning,memory-basedreasoning,case-basedreasoning,
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similarity-basedreasoningetc.)hasbeenwell formalizedandfrequentlyapplied—mostoftento problemsof natu-
ral languageprocessing(StanfillandWaltz1986;Stanfill1988;Skousen1989;Jones1996;Aha1997;Daelemans,
vandenBosch,andZavrel 1999;Pirrelli andYvon 1999). It is probablynot thecase,however, that thesework-
ersactuallyseethe brain itself asan analogcomputer. For asRubel(1989)pointsout, the digital computeris a
universalsimulationdeviceandis routinelyusedto simulatereal-world (analog)phenomena.

If computationalismis to be useful,capableof illuminating questionsaboutbrainsandcognition, it is vital
that thenotionsof computerandcomputationarecloselyandcarefullydefined.Apart from a shortheydayin the
late1950’sandearly1960’swhenpracticalapplicationsof analogcomputationwerebriefly popular(seeKornand
Korn 1964andWilkins 1970for stateof the art surveys towardstheendof this period),digital computationhas
alwaysbeenthemoreadvancedof thetwo paradigms,bothin theoryandin practice.Hence,AI hasalwaysfocused
stronglyon digital computationasits fundamentalmetaphor, to thevirtual exclusionof analogcomputation.This
preoccupationdirectly mirrors the situationin computersciencein general,wherethe classictexts andreviews
(Minsky 1967;HopcroftandUllman 1979;Lewis andPapadimitriou1981;Hey 1999)arevirtually silenton the
topic of analogcomputation.Almost certainly, this reflectsthe availability of a formal, discrete-statemodelof
computation—theuniversalTuring machine(Turing 1936; Herken 1988)—whichapparentlymakes the notion
concrete.

By contrast,in therealmof analogcomputation,it canevenbehardto determinepreciselywhat‘analog’ is sup-
posedto mean,andexactlyhow it differsfrom ‘digital’ (seeLewis 1971,Moor 1978andPylyshyn1984,Chap.7).
Hence,wehave longhadto contentourselveswith suchnebulous‘definitions’ as(KornandKorn1964,p.3):

“An analogcomputeris any physicalsystemwhich establishesdefiniteprescribedrelationsbetween
continuouslyvariablephysicalquantities.”

Theproblemwith this is that it makeseverythingcomputation!Without a tighterdefinition, I canclaim that the
weedsin my gardenarecomputersfor they aresolvingtheenergeticsequationsof photosynthesis.Admittedly, the
situationis startingto changewith increasedinterestin formalmodelsof analogcomputation(see,e.g.,Siegelmann
1999,Chap.11 for review material)yet still it remainsa cinderellarelative to its digital counterpart.

In this paper, I will argue that the Turing machineis an abstract, theoreticaldevice which shouldnot be
confusedwith a practical,digital computer. To do so is tantamountto confusinga scientifictheorywith reality.
This exceedinglycommonerror is encouragedby useof the sameword (‘computation’) for the operationof
both the abstractTuring machineas well as a practicalcomputer. As Turing well knew, and every electronic
engineerknows today, a ‘digital’ computeris physicallyan analogmachine—designedto hide its fundamental
analognaturefrom its users.For in therealworld, everythingis analog.Sowhy shouldthisnotbetrueof thebrain
too?Thepreviouspointsemphasizetheimportanceof semanticinterpretationin computation.This is whatmakes
ananalogmachineinto a ‘digital computer’: theeye of thebeholder, which assignsdiscretestatesto continuous
physicalvariables. But therecanbe no computation—digitalor analogue—withoutsemanticinterpretationby
an externalobserver. This surelydistinguishescomputationfrom cognition,at leastif we areto avoid the worst
excessesof homuncular‘explanations’.As Harnad(1994)remindsus—“Computationis just interpretablesymbol
manipulation:cognitionisn’t”.
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