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SUMMARY

Much researchon intelligentsystemshasconcentratedon low level mechanismsor limited
subsystems.Weneedto understandhow to assemblethecomponentsin anarchitecture for a
completeagentwith its own mind,drivenby its own desires.A mind is aself-modifying
controlsystem,with ahierarchyof levelsof control,andadifferenthierarchyof levelsof
implementation.AI needsto explorealternativecontrolarchitecturesandtheir implications
for human,animal,andartificial minds.Only whenwehaveagoodtheoryof actualand
possiblearchitecturescanwesolveold problemsabouttheconceptof mind andcausalroles
of desires,beliefs,intentions,etc. Theglobalinformationlevel “virtual machine”
architectureis morerelevantto this thandetailedmechanisms.E.g. differencesbetween
connectionistandsymbolicimplementationsmaybeof minor importance.An architecture
providesa framework for systematicallygeneratingconceptsof possiblestatesand
processes.Lackingthis,philosopherscannotprovidegoodanalysesof concepts,
psychologistsandbiologistscannotspecifywhatthey aretrying to explainor explain it, and
psychotherapistsandeducationalistsareleft gropingwith ill-understoodproblems.The
paperoutlinessomerequirementsfor sucharchitecturesshowing theimportanceof anidea
sharedbetweenengineersandphilosophers:theconceptof “semanticinformation”.
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1. INFORMA TION, CONTROL AND AI

Thequestionsposedwere:Howdoestheengineer’sconceptof “information” differ fromthe
philosopher’s? In particular, canmeaningfulinformationexist withoutanunderstander?I’ ll
answertheformerdirectly, thelatterindirectly.

My claim,asaphilosopher-engineer, is thatamind,or understander, is an
information-basedcontrol systemandall informationwithin a mind is anaspectof oneor
morecontrol substatesin suchacontrolsystem.Mentalstatesandprocesses(suchasbeliefs,
desires,fears)areimplementedon thebasisof information-bearingcontrolsubstatesand
processesinvolving them,asaresophisticatedcomputingsystems.Thesecontrolsubstates
maybeimplementedusingahierarchyof levelsof “virtual machines”.1

Thisstandpointlinks philosophyandengineering,solvesthemind-bodyproblemand
many relatedphilosophicalproblems(e.g.wecanunderstandwhy qualiaareneededin some
self-monitoringcontrolsystems)2, and,likeany goodtheory, it opensup fascinatingnew
researchproblems,e.g.problemsaboutthearchitecturerequiredto producehuman-like
controlsubstates(e.g.desiresandbeliefs).Thusdesignproblemsreplacemany old
philosophicalproblems.

Thispaperintroducessomeof thekey concepts,sketchesasubsetof thelinks between
philosophyandengineeringrelatingto the“information level” descriptionof behaving
systems,andrelatesthis to theaimsof AI.

2. WHAT IS ARTIFICIAL INTELLIGENCE?

AI is misnamed,for its purview includeshumanandanimalintelligence.I seeit asthe
general studyof sophisticatedselfmodifyinginformation-drivencontrol systems,both
natural (biological) andartificial, bothactualandpossible(includingwhatmighthave
evolvedor mightbemade).This includesexploring architecturesfor information-driven
systems,andavarietyof implementationmechanisms,includingconnectionistandsymbol
manipulatingmechanisms.AI canhelpusbothto understandtheworld andto improve it.

Narrow, but all toocommon,viewsof AI, e.g.asabranchof engineering,or asastudyof
rule-basedsystems,donotdo justiceto thecontentof AI journals,AI conferences,andAI
researchlaboratories.Thefull scopeof AI is closeto “cybernetics”asdefinedby Norbert
Wiener(1948),whosepioneeringbookshowedthatheunderstoodthecentralityof
informationandthelink betweenhisnew disciplineandphilosophy.

Therearemany trapsfor theunwary. Oneis to assumethatwe know whatwemeanby
rich andcomplex, but inherentlyvagueandambiguousnotionslike“mind”, “consciousness”,
“information” or “understander”.Design-basedtheorieswill provideabasisfor refiningsuch
notions.

A moresubtletrapis to assumethatourordinarywordsmarkdichotomies: namelysharp
divisionsbetweeninstancesandnon-instances,e.g.betweenunderstandersand
non-understanders.Notionslike “understanding”designateaverycomplex clusterof human
capabilities.Dif ferentsubsetsmaybefoundin differentanimalsandmachines,dependingon
their architecturesandmechanisms,3 andthereis no “right” subset.Arguingaboutwhereto

1As explainedin (Sloman1978)and(Dennett1991).
2(Sloman1989,1993b)
3(Sloman,1985,1986a,1986b)
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draw theline is pointless,but notbecausethereis acontinuumof cases:many designchanges
arediscontinuous,e.g.addinganextra instructionto analgorithm.Weneedto explorethe
implicationsof themany subtlediscontinuitiesin designspace.Wecanthendefinenew
theory-basedterminologyin termsof differentclustersof designfeaturesandcapabilities.

Thisstudyof actualandpossibledesignsmayhelpusbuild new usefulmachines,but,
moreimportantly, it alsodeepensour understandingof whatweare,andprovidesageneral
framework for understandingthenatureandvarietyof behaving organismsandhow they
evolved. Thatshouldleadto betterwaysof helpingpeoplethroughnew formsof education,
therapy or counselling.You can’t repairsomethingwhosenormalfunctioningyou don’t
understand.

Wiener’s visionof amind asaninformation-basedcontrolsystemis not new. It canalso
bereadinto Freud,andeveninto Plato’sview of amind asanalogousto apolitical system.
Whatchangesis thedepth,precisionandgeneralitywith which theideais developed,and
this dependson thesetof conceptualtoolsavailablefor thinkingaboutthedesignand
functionalityof controlsystems.

Someversionsof theidearisk circularity: by postulatingcapabilitiesin subsystemslike
thosewearetrying to explain for wholesystems.A political modelof mind is circularif the
political systemis composedof intelligentagentswhosemindswould thereforealsobe
political systemscomposedof intelligentagents.

Earlycontroltheoristshadnon-circular, but very limited, conceptualtoolsassociatedwith
themathematicsthenavailablefor describingprocesses,for instancelinearequations
describingfeedbackloops. In theprefaceto hissecond(1961)edition,Wienerstressesthe
needfor new conceptualandmathematicaltoolswith broaderpowers.Computerscienceand
AI werethenin theirpre-infancy. Thoughstill infantsin 1994,they haveconsiderably
enrichedour notionsof whatsortsof mechanismsarepossible,includingmechanismsfor
manipulatingcomplex structureswith rapidlychangingtopologies,which cannotbe
accommodatedby differentialequations.

Usingricherconceptualtoolswecansurvey morearchitecturesandmechanismsfor
self-modifyingcontrolsystemsandusetheir implicationsto generateaclassificationof types
of behaving systems;andfor eachtypeof systema taxonomyof thetypesof statesand
processesthatcanoccur. This is the“design-based”approachto thestudyof mind.4

Philosophersshouldbecreativedesigners,helpingengineers.The“design-stance”gives
deeperinsightsthanDennett’s (1978)“intentionalstance”or Newell’s (1982)“Knowledge
level” analysis,sincebothassumerationality, andcannotaccountfor themany departures
from rationalitydueto differentdesigngoals,imperfectdesign,incompletedevelopment,
hardwaremalfunctionsor softwaresurprises.Muchintelligentbehaviour is notbaseddirectly
on rationalprinciples,but, for instance,on learntheuristicsactivatedby patternmatching
undertimepressure.It’ s in thedesignthatweshouldseekrationality, not in thebehaviour.

Wienerunderstoodthis sortof point: hischapteronpsychopathologydealtmainlywith
abnormalitiesof perceptualandmotorcontroldueto neuraldamageor abnormality, but he
hadtheinsightthatmoresubtleproblemsmightariseoutof incorrectinformation,including
whatwewouldnow call “softwarebugs”.

Our conceptualtoolsandour understandingof designrequirementsarestill primitive.
New theoriesaboutarchitecturesandthefunctionsthey cansupportwill generatemore
usefulclassificationsystemsandtaxonomies(“periodic tables”of mentalstatesand
processes),just ascomputerscienceextendedour conceptsof processandphysicsand

4It is describedmorefully elsewhere(BeaudoinandSloman1993,Sloman1993a,1994a,1994b).
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chemistryextendedour conceptsof matter.
Explorationof designspace,andtheassociatedrequirementsspace,or nichespace5 helps

to solveor dissolvephilosophicalproblemsandto addressquestionslike:
� Why andhow do differentcapabilitiesevolve(suchastheobscurecollectionsof
capabilitiescurrentlyvaguelylabelledas“consciousness”,or “emotionalstates”)?

� Which sortsof capabilitiesmight haveevolvedin differentenvironmentsor mayevolve in
thefuture?

� Theoreticalquestionsaboutwhichsortsof capabilitiesvariouskindsof machineswill have.
� Practicalquestionsabouthow to build machinesto performparticulartasks.
� Questionsaboutdeparturesfrom “adult normality” in humanbeings,for instancein
children,in peoplewith congenitalbraindefectsor braindamagedueto accidentor disease,
and,aboveall, in peoplewhosemotivational,or socialor conceptualdevelopmenthasgone
awry in someway thatisn’t dueto physicalor geneticfactors.

� Practicalquestionsabouthow to helpin someof thesecases.
Conceptsof informationarecentralto this exploration.Therearedifferentconceptsof

information,somesharedbetweencommonsense,philosophy, scienceandengineering.I
shalldistinguishsyntacticandsemanticversionsandshow how thelatterarecommonto
notionsof mindandto softwareengineering,andwill try to bring out furtherlinks between
designissuesandphilosophicalquestions,suchasquestionsabouttherealityof
information-processinglevelsandwhetherthey have “real” causalpowers.

3. “SYNTACTIC INFORMA TION”

A notation,language,or representingstructurehasdifferentaspects,sometimesreferredto as
syntax,semantics,pragmaticsandinference.I haveshown elsewhere6 how thesenotionscan
beappliedto differentkindsof controlsubstates,somenotusuallythoughtof ashaving a
syntaxor semantics,e.g. the“representation”of ambienttemperaturein a thermostat.

Syntaxis concernedwith thestructureandformsof variationof aclassof objects
(sentences,pictures,signalsor controlstates).Semanticsinvolvesreferenceto otherthings,
in theenvironment,within thesystem,in thefuture,in thepast,andpossiblyalsothingsthat
haveneverexistedandneverwill (likemy olympic goldmedal).I takepragmaticsto cover
therolesor functionsof representingstructureswithin anintegratedsystem.Inferenceis
concernedwith thetransformationof structuresin amannerthatusefullypreservesor
changessemanticpropertiesor pragmaticroles.

Wecandiscerntwo usesof theword “information” by engineers,oneprimarily syntactic
andonesemantic.

Whendealingwith issuesof signaltransmission,signalcompressionanddetectionand
correctionof transmissionerrors,engineersoftenusesyntacticconceptsof information,
concernedmainlywith thepatternsin structuresindependentlyof whetherthosestructures
referto anythingoutsidethemselves,assentencesandpicturestypically do. Onesyntactic
measureof “information” in a stringis thelengthof theshortestprogramfor ageneral
purposeTuringmachinewhichgivenany N returnstheNth symbolin thestring. Thisdefines
“algorithmic complexity”, aninversemeasureof theamountof patternor regularity in the
string: themoreregularity thelessinformation.Logicians,linguistsandcomputerscientists

5Sloman1994a
6(Sloman1994b)
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useconceptsof syntaxthatarenotconcernedwith measuresbut with descriptionsof
structuresandtheir transformations.

4. “SEMANTIC INFORMA TION”

Thesemanticconceptof information,usedinformally by engineers,is closerto thefamiliar,
thoughextremelyill-defined,notionof the“meaning”,or “information” thatmaybe
conveyedby amessage,or storedin abookor videotape.It is applicableto internalstatesas
well asexternalcommunications.This includesordinaryconceptsof mentalstatesand
processessuchas“understanding”,“believing”, “desiring”, “deliberating”,“perceiving”,
“regretting”,andmany more.Philosopherscall thesestatesandprocesses“intentional”
becausethey referto somethingoutsidethemselves,including,in somecases,nonexistent
entities,e.g.hallucinatingdaggers,intendingto performactionswhich turnout to be
impossible,or praying.Doing,preventingandtrying arealsosemanticstates,for they
involve referenceto futureresults.

All semanticinformation-processingdependsultimatelyon (internal)syntactic
capabilities,for semanticinformation-processingdependson syntax-processing(i.e.
structure-manipulating)engines,whetherin computers,neuralnetsor othermechanisms.
Agentsneedrepresentationalformswhosesyntacticmanipulationis semanticallyuseful,
unlike “languages”inventedmerelyto illustratethetheoryof syntaxor parsing.A notation
someof whosesyntacticallywell formedformulaearesemanticallyuninterpretable(like
“Happinesseatsdemocraticnumbersintelligibly”) is wasteful,thoughsomemeaninggaps
maybeimportantseedsof semanticdevelopment.Internalsyntaxis usefulfor processing
informationif it providessyntacticmanipulationsthatmapontousefulsemanticrelationships
(e.g. syntacticderivability preservestruth). Muchof thedevelopmentof scienceand
mathematicshasbeenthecreationof new formalismsthatusefullycompilesemantic
relationshipsinto syntacticones.

Computerprogramshaveseveralkindsof semantics.Onesort(calledthe“information
level” below) refersto theapplicationdomain,usuallyoutsidethecomputer, e.g. information
aboutemployees.Anothersortrefersto theabstractdatastructuresmanipulatedat run time in
themachine,e.g.numbers,strings,lists. Anotherrefersto thelow level machineinstructions
andmemorylocationsmanipulatedwhenaprogramruns.Somelanguagesalsoinclude
compile-timesemanticse.g. for macros,compilerdirectivesor typedefinitions,which
controlcompilationratherthansubsequentrunning.Semanticinformationcanvarybothin
contentandpragmaticrole. For instanceit maybeaboutwhatis thecase,aboutwhatto do,
abouthow to do things,or it mayexpressaquestionor test.Whichpragmaticrolesare
possibledependson thearchitecture.

Objectswith semanticstatesinclude:
(a)humansandotheranimals,
(b) passiveartefactslikebooks,

thoughthelatterareoftensaidto haveonly “derivative” intentionality, becausetheir
semanticstatesdependon theformer. I shallarguebelow that

(c) activeartefacts
suchasfactorycontrolsystems,office automationsystems,areoftenmorelike (a) thanlike
(b). Questionsaboutthesemanticstatesof biologicalcontrolsystems,informationin DNA,
chemicalor neuralmessages,arealsoimportant,but will beignored.
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5. SEMANTICS IN CONTROL SYSTEMS

Engineersdesigningplantcontrolsystems,officesupportsystemsandthelike,oftenstartat
theglobalinformationlevel, analysingsemanticrequirementsfor thewholesystem.For
examplea systemmayneedinformationabouttheenvironment,rulesandproceduresto be
followed,legalconstraints,company objectivesandwhich risksto avoid. Meta-information
(informationaboutinformation)is alsoneeded,for example:whereto getcertain
information,whatto dowhenit arrives,how to copewith contradictoryreports,andsoon.
Internalmonitoringmightyield meta-informationabouthow quickly informationis dealt
with, which kindsturnout to beunreliable,andsoon.

Designinginformationsystemsalsoraisesimplementationissuesat differentlevels,such
as:

� how informationwill bestoredin thesystem,
� how to accessit,
� selectingformsof representation,
� selectingsyntactictransformations,
� selectingprogramminglanguage(s)andoperatingsystems,
� selectingcomputers,interfaces,network links, etc.
� functionaldecompositionof thesystem.

Thesemantic,or informationlevel, specification,e.g. thatthesystemmustinclude
informationaboutemployeesandtheir rolesanduseit to performcertaintasks,sayslittle
aboutsuchimplementationaldetails.Thespecificationcanbegivenin an implementation
independentway: includingrequirementsfor andthebehaviour of acertainkind of
information-processingvirtual machine,leaving thecomputationalor electronicdetails
concerning“lower level” virtual or physicalmachinesfor later.

Moreover, implementationdetailsmayberevisedastechnologyadvances.Processors
used,thememorytechnology, andeventheprogramminglanguagesandsomeof thelow
level algorithmsmayall changewithout implying any changein whatinformationis
processed,asfar astheusersanddesignersareconcerned:i.e. theglobalinformationlevel
descriptionis not affected.

However, informationlevel descriptionsmayimply acertainsortof architecture: a top
level functionaldecomposition,definingwhichsortsof majorsubsystemscoexist, andwhich
informationthey handle.For instance,beingundecidedaboutwhetherto go to A or to B,
presupposesmechanismsfor manipulatinggoals,for evaluatingandselectingbetween
alternatives,andfor actingonaselection.

For subsystemswecanalsodefineaninformationlevel: whatthey “know” abouttherest
of thesystem,i.e. their environmentsandtheir tasks.Typically, userswill notbeconcerned
with that,thoughdesignersandmaintainerswill.

6. IMPLEMENTING INFORMA TION STATES

Our understandingof how onemachine“implements”anotheris still mostlyintuitive,for we
lackgoodgeneral theoriesandterminology. Nevertheless,thereis nomystery:wecanmake
it happen.

A workingsystemalwayshasaphysicallevel of description.Phenomenaat otherlevels
maybe“emergent” in thatconceptsneededto describethemcannotbedefinedin termsof
thelower levels,andthelawsof behaviour of higherlevel virtual machinesaredifferentfrom
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andnotderivablefrom thelawsgoverningthelower implementationlevels. Information
level conceptslike “refersto” or “attemptsto”, or, for thatmatter, “customer”,cannotbe
definedin termsof mass,velocity, voltage,etc.,andneithercantheinformationlevel
principlesof behaviour bederivedfrom physicallaws: e.g. they maydependonbusiness
practices,legalconstraintsandthesocialenvironment,whichchangewhile physicsdoesn’t.
Mentalstatesmaydependon aculture,e.g.physicsdoesn’t determinemusicalstyleor
acceptablegrammar. Thusinformationlevel specificationsenrichour ontologywith new
conceptsandnew laws,relative to physics.

Severallevelsof abstract“virtual machines”cancoexist in asinglesystem,eachwith
their own informationlevel characteristics.In aword-processoroneabstractmachine
performsoperationsonchapters,sections,paragraphs,words,footnotes,andsoon. It maybe
“implemented”in termsof anotherthatmanipulatesarrays,strings,lists,andother
datastructures,correspondingto “high level” programminglanguages.Below thatlevel is a
virtual machinedefinedin termsof operationsonbit-patterns,describablein thecomputer’s
“machinecode”. Still lower levelsconsistof abstractdigital machines,describedin circuit
diagrams.Below thatarephysicalstatesof components,describablein thelanguageof
physics.

Thereis nowell defined“bottom” level. Thelowestlevel actuallyconsidereddependson
thetask.For many softwareengineerslower layersareirrelevant(exceptwhenthingsgo
wrong),thoughfor compilerwritersandhardwaredesignersthey arecrucial. Sometimes
close-couplingbetweenhighandlow levelsis useful,e.g.microcodeinstructionsinvoking
high level procedures,quantum-basedrandomisers,andperhapschemicalsoupsfor global
control in futurecomputers.

Normally conceptsat eachlevel arenotdefinablein termsof theconceptsat a lower
level. Word-processorconcepts,like “page”or “sentence”arenotdefinablein termsof
conceptsof physics,nor in termsof arrays,listsor strings.Page-formattingrulesarenot
deduciblefrom physics,nor from equationsdefiningdata-types.Eachlevel definesan
emergentontology, with its own laws.

7. IMPLEMENT ATION AND SUPERVENIENCE

Many have likenedtherelationshipbetweenaninformationlevel virtual machineandlower
levelsin asoftwaresystemto therelationshipbetweenmentalprocessesandthephysical
brainmechanismsimplementingthem.Mentaldescriptions,like “believes”and“desires”,
areusedin ignoranceof implementationdetails,just asinformationlevel descriptionsof
softwaresystemsareusableby peoplewhoknow nothingabouttheprogramminglanguages,
datastructuresandalgorithms,or underlyingelectronicmechanisms.

Someinformationstatesinvolverelationshipsto externalobjectsandthereforecannotbe
implementedsolelyin termsof internalstates.A computingsystemcannotstoreinformation
aboutJoeSmithsolelyin virtue of internalstates:how thesystemis relatedto thatexternal
individualalsomatters.Similarly my beliefsaboutJoecannotbeimplementedentirelyin my
brainstates.Suchinformationlevel stateshave“intrinsically relationalcontent”,andthe
environmentprovidespartof their implementation.(Somephilosopherslabelthis “wide
content”or “broadcontent”.)Thustwo physicallyidenticalsystemsin differentlocations
will not necessarilycontainabsolutelyidenticalinformation.

Particularlower level statesarenotnecessaryfor thehigh level states,if alternative
implementationsarepossible.Neitherarethey sufficient, if successfulimplementation
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dependscruciallyon thecurrentenvironment,like referenceto Joe.
In philosophicalterminology, mentalphenomenaare“supervenient”on physiologicalor

physicalphenomena.Similarly, computer-basedinformationstatesaresupervenienton
physicalphenomena(bothinternalandexternal).Thisphilosophers’relationis simply the
converseof theengineer’s relationof implementation.(Both needto accommodate
intrinsically relationalcontent.)Philosophersgrapplingwith “emergence”,or
“supervenience”(e.g.Robinson1990,Horgan1993)mightbehelpedby software
engineeringexampleswhich arealreadywell understood.

Animal or machinecontrolsystems,includinghumanminds,haveanunderlyingphysical
implementation,whetherbasedon transistors,neurons,or rotatingwheels.But thisdoesnot
imply thatdifferentitemsof informationmustbemappedontophysicallyseparable
components(physicalsymbols).High level virtual machinedetails(includingsemantic
content)neednotcorrelatewith or mapontophysicalstructures.Distinct itemsof
informationcanbesuperimposedon electromagneticwavesandlaterseparatedoutusing
filters. Neuralnetsallow informationitemsto besuperimposedanddistributedovera
collectionof synapticweights,or overactivationlevelsof asetof neurons.Two numberscan
encodetherow, columnandbothdiagonalsachesspieceis on– four itemsof information
superimposedon two. Huge‘sparse’arraysin avirtual machineincludefar more
componentsthanthephysicalstructuresthatimplementthem.A setof axiomscanencode,in
a distributedandsuperimposedform, anindefinitevarietyof differentitemsof logically
derivableinformation,andwhich informationis extractablecanvarywith context or
time-pressure.Finally, relationshipswith theenvironmentmayhelpto determinecontent.

In suchcases,examinationof internalphysicalstructureswill not revealinformation
systemsthey implement:for muchof it is implicit in how substructuresareusedby other
components.

Someimplementationdetailshave little impactonoverall functionality: they makea
marginal difference(e.g. to speed,or to reliability underhigh temperaturesthatrarelyoccur)
or a big differenceonly in raresituations(e.g.gettingmostcommonquestionsright).
Whetherparticularsubsetsof anarchitectureuseneuralnetsor someothermechanismmay
bemarginal in relationto thefunctioningof thewholesystem.It is globaldesignthatmatters
most: whichsubfunctionsareprovided,how they arelinked,how they areusedandhow they
change.Architecturedominatesmechanism.

8. LIMITS OF TRANSLATABILITY

An architectureandthemechanismsinvolveddo notdetermineinformationcontent:as
shown by thepossibilityof thesamecomputingsystemcontainingdifferentinformationat
differenttimes.But systemcharacteristicsmay limit thepossiblesemanticstates,for at least
two reasons:

� Variability in themechanismor notationmaynot matchthevariability in thesemantic
content,justasnot all theinformationin humanmentalstatesis fully expressiblein external
or internalsentences,e.g.one’sknowledgeof someone’s face,how strawberriestaste,or the
appearanceof swirling rapidsin a fastflowing river. (J.L.Austin oncewrote: “Factis richer
thandiction”).

� Thearchitecturemaynotsupporttherequiredfunctionality. E.g. phraseslike “believes
that...”, “perceivesthat...”, maynotfit thepragmaticsof controlstatesof organismswith
non-humanarchitectures.
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This impliesthattherearelimits to semantictranslatability. If ananimalhasaperceptual,
or motivational,or cognitivestate,humansmaybeincapableof experiencingor imagining
thosestates,becausethosestatesexist in anarchitecturetoodifferentfrom ours.Thuswhatit
is like to beabat,or anew bornbaby, or a robotof thefuturemaynot beexpressiblein
informationstructuresof anadulthumanbrain. Or viceversa.ThissupportsWittgenstein’s
remarkthatif a lion couldtalk wewouldnot understandhim. (It’shardenoughwith someof
our own kind.)

Thissortof problemmaylimit replicationof certainhumanstatesin computer-based
robots.Likewise,implementation-level differencesbetweenbrains(e.g.adultsandinfants)
might ruleout identicalmentalstatesamonghumans.Neverthelessif wedon’t demandexact
correspondence,it maybepossibleto replicatemany aspectsof humaninformationstatesin
meatlessmachines.Which,andhow, remainsa researchproblem.(Theso-calledStrongAI
thesis,claimingthatit is possible,breaksdown into at leasteightdifferenttheses,asI’ve
shown in (Sloman1992).)

9. INFORMA TION AND CONTROL

Whatis specialaboutinformation-processingsystems?Do treesandcloudsstoreanduse
semanticinformation?Are they understanders,andif notwhy not? As remarkedin section
2, “understanding”refersambiguouslyto aclusterof capabilitieswith nouniquedefining
subset.Neverthelesswecanmakea roughdistinctionbetweenmechanismscontrolledonly
by physicallaws andmechanismscontrolledby virtual machinesinvolving information.The
latterinvolvesexplicit prior representationof possibleactionsprior to theirexecution.

Examplesaresystemscontainingtwo or morecontrolsubstatescapableof producing
differentbehaviour (internalor external)betweenwhichselectionsaremade,for exampleby
examiningsomeothersubstateof thesystem.Simpleexamplesincludecomputingsystems
thatsupportinstructionslike:

if <condition> then <action1> else <action2>
In moresophisticatedcasesthe<actions> areparametrised,with detailsfilled in asa
side-effectof testinga<condition>. (Thatusuallyrequireslower level conditionalsto
haveexplicit alternatives.)Whatis thenexplicit initially is aschematicactionspecification,
with building blocksfor creatingthefinal specificationin advanceof performingtheaction.
By contrast,movementof acloudor a treedependson externalandinternalconditionsbut is
not controlledby selectionsfrom or constructionof explicit prior representationsof options.

A slightgeneralisationaccommodatesconnectionistsystems:they exhibit parallel and
cumulativeconditionalinfluences,andsomedepartfrom simplebinarylogic. Thepatternof
firing of asetof neuronstypically dependson

� thepreviouspatternin someother(possiblyoverlapping)set,
� thecurrentweightson theconnectionsbetweenthetwo sets,
� adecisionfunctionfor combiningweightedinfluences.

This is alsoconditionalcontrol,but all conditionsaretestedin parallel andtheoutcomesare
sentin parallel to representationsof possibleactions,which aretriggeredor deactivatedon
thebasisof the total accumulatedsupportor inhibition they receive. Suchnetworksmaybe
clockedor asynchronous,basedondiscreteor continuousvariation(e.g.of weightsor
activationlevels),andmayusedifferentnumbersof coexisting layersandconnection
topologies(e.g. cyclic or acyclic). Theseareall variantsof thegeneralnotionof
information-basedcontrol,asareprobabilisticor fuzzy logic systems.However, we should
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not expectasharpandtotal divisionbetweensystemsthatarecontrolledby informationand
thosethatarenot. This is another“clusterconcept”.

Amongtheusefulfeaturesof information-basedcontrolis context sensitivityi.e.
producingdifferentbehavioursondifferentoccasionsin responseto thesamespecific
(internalor external)stimulus,becauselinks betweencauseandeffectareindirectinsofaras
they dependon conditionals.

How aconditionworksmaychangeconditionallyunderhierarchiccontrol. How A
influencesB candependon informationstructureC. How it dependsonC candependonD
(e.g. if D changesthetestsin C, re-arrangestheorderof testingor altersconnection
weights).Theexactrole playedby substatesof C, andhow theinformationis usedto change
B, canvaryenormouslyfrom momentto moment,undertheinfluenceof otherinformation
states.How D influencesthetestingcandependonE, andE’s influenceon D maybe
modifiedby F, andsoon. For instancethelengthof timeaprogramPrunscandependon the
schedulerS,andwhich filesPmayaccessdependson thefile manager, M, wherebothSand
M canbemodifiedby anadministrativetool, or mayevenbemodifiedby theoperating
systemitself usingperformancestatistics.

In contrastwith animalbrains,artificial information-basedcontrolmechanismsarewell
understood.In simplecasesprogramsaccessinformationstoredin memory, or in input
registers,andwhatthey find determinesselectionof actions.A moreabstractvirtual machine
in avision systemmayat oneinstantinterpretanintensitydiscontinuityin animagearrayas
a crackin asurface,thenmomentslaterasanedgeof asurfaceor asastretchedstring. The
resultingactionswill bedifferent.

In suchcases,how A affectsB is notaphysicallaw. Comparedwith controlby physical
(e.g.mechanicalor electrical)influences,information-basedcontrol:

� is moreflexible (e.g. canbemoresensitive to changingcontext),
� admitsmorerapidchangeof controlrelationships,
� allowsmoresuperimposedlayersof dispositionsconcernedwith differentfunctionswith
differenttimescales,

� permitseffectsto besavedup for futureuse(sothatfeedbackloopsneednothavefixed
time constants),

� supportsteleologyof akind oncethoughtmysterious:namelycontrolby representationsof
futureobjectsthatdon’t yet exist, includingpipe-dreamsthatneverwill.

Thesefeaturesdependondifferentinternalstateshaving differentcontrolfunctionsand
embodyingdifferentsortsof information.This functionaldifferentiationof controlstatesis
whatI call (high level) architecture.In generalit will notmapontophysicalarchitecturein
any simpleway. Thatis onereasonwhy theevolutionof biologicalcontrolcapabilitiesis so
hardto study:virtual machinesleaveno fossil records.

10. HUMAN-LIKE INFORMA TION STATES

Whatsortsof virtual machinearchitecturesarerequiredfor human-like,chimp-like,or
squirrel-likeagents?Autonomousagentsapparentlyneedacoarse-grainedhigh-level
functionaldivision into componentswith differentbut interlockingfunctions,suchas
perception,motorcontrol,variousshorttermandlong terminformationstores,inference
systems,andplanningsystems.Humansseemto useacomplex controlhierarchyof
motivationalstates,dealingwith differentlevelsof abstraction(e.g.personality, attitudes,
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desires),differenttimescalesanddifferentformsof decision-making.7 Therearealso
problemsaboutresourcelimits, especiallyin high-level “management”processes,where
interrupt-drivenattentionswitchingis oftenneededto copewith new problemsor motives,
but whichsometimesneedto beprotectedfrom suchdiversions,perhapsusingcontext
sensitivefiltering. Thesearchitecturalissuesarecloselyboundupwith notionsof
self-controlandpartial lossof control,e.g. in someemotionalstates.8

Somehumansemanticstates(e.g.beliefs)supportnotionsof “truth” and“f alsity”. These
involvebothasemanticrelationbetweenrepresentationandreality andpragmaticrolesin
selectingactions.For computingsystemswith two-branchconditionals,truthof the
<condition> is simplywhatevervaluemakesthesystemperform<action1> rather
than<action2>. If theprocessof evaluatingaconditionis liable to error, andvarious
checksandalternativemethodsareavailable,themachinecantreattruthandfalsity as
involving somethingaccessiblevia differentcheckingroutes.Informationmaythenbemore
or lesscomplete,moreor lessdetailedandmoreor lessaccurate.A human-likeconceptof
truth would requirea furtherlevel of self-knowledgethatimplied thatanycurrentchecking
methodcouldturnout to beinadequateandrequirereplacement.

Sinceconditionsmaybefalsemoreoftenthantrue,meaningdoesnotdependon
correlationswith reality.

Specifyinghigh level architecturesto supporthuman-likesemanticstatesis no trivial
matter. Our approachis cyclic: analysinga varietyof humanscenarios(including
motivationalandemotionalprocesses),attemptingto extendthecurrentarchitectureto
accountfor them,thendiscoveringthatit cannotcopewith furtherscenarios,sothatthe
architecturehasto befurtherenrichedor replaced.9 Thisprocess,whichhasmuchin
commonwith philosophicalanalysis10 canbecombinedwith “bottom up” physiologicaland
physico-chemicalinvestigations,evolutionarystudies,andthelike.

11. THE TURING TEST

Thedesignstanceis importantbecauseverydifferentinternalprocessescanproducethe
sameinput-outputrelationships.Thismakesit impossibleto infer internalinformation
processessimply from externallyobservablebehaviour. Onesystemmayexplicitly consider
alternatives,evaluatethem,selectoneandacton it, andpossiblylearnfrom theresult,while
anotherbehavesthesameway (externally)becauseits designerthoughtaboutall the
questionsthatmight arise,consideredthealternatives,andpre-programmedtheanswers.
This is oftenreferredto assimulatingintelligenceby meansof a “hugelookuptable” (HLT).
Softwareengineersoftenconvert aprogramfrom oneof theseformsto another, e.g. trading
compactnessandgeneralityfor speed.

Sinceall wehave to go on in judgingmentalstatesof othersis behaviour, somepeople
think thatconceptsof mentalstatesandprocessesaredefinablesimply in termsof
behavioural capabilitiesanddispositionsof thewholesystem,independentlyof how it works
internally, e.g.whatits architectureis. Similarly the‘intentionalstance’ignoresinternal

7(Sloman1993b)
8(Beaudoin& Sloman1993)
9(SeeSloman1985,1986b,1993a,b,Beaudoin1993)

10(Sloman1978,ch. 4)
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processing.If intelligencedependsonhowbehaviour is producedthis mustbewrong.11

Philosophersshouldgobeyondglobalcapabilities,andbehaviouralcriteria,andadoptthe
design-stanceif they wish for adeepunderstandingof ordinarymentalconcepts.If I am
wrongandordinaryconceptsarenotdesign-based,thensomuchtheworsefor them:
design-basedconceptsareimportantfor full understandingof how ourmindswork andhow
they mayfail to work, or work inappropriately. New theoriesabouthow mindswork will
causeourmentalconceptsto evolve, just asmodifiedconceptsof kindsof stuff grew out of
theoriesaboutthearchitectureof matter.

12. INFORMA TION STATES AS CAUSES

Why do I call abstractsystems“machines”?Becausethey havestatesandprocessesand
causalinteractions.Thecommonobjectionthat“real” causationis possibleonly between
physicalevents12 ignoresthefollowing:

� Weoftentalk aboutcausalconnectionsbetweennon-physicalevents:noticingsomeone’s
expressioncancauseoneto suspecthismotive,andchangesin thetax law canmakeone
muchpoorer.

� Theconceptof causationis still notwell understood,andmaybesystematically
ambiguous,asdescribedin (Taylor1992).

� Theobjectorspresupposeawell-definedbottomphysicallayerof reality, whereasprogress
in physicsleadsto evermoresubtleandmysteriousnotionsthatseemto have little to dowith
our ordinaryconceptsof causality.

� Softwaredesignerscommonlytalk aboutcausalconnectionsbetweeneventsin virtual
machines.E.g. “Theseinstructionscausedthewordsto besortedinto reversealphabetical
order.” “Informationaboutreceiptof aninformationpacket causesanotherto besent.” “A
syntacticerrorin a programcausedcompilationto terminate.” Theseall describecausal
relationshipsbetweeneventsor processesin virtual machines.They allude,in asubtleway,
to counterfactualconditionalsaboutwhatwouldor wouldnot haveoccurredhadsomething
beendifferent.Of coursethereareunderlyingphysicalcausalprocesses.But to claim that
only thephysicalcausesarerealcauseswould imply thatsoftwareengineerscannotdo their
job withoutbecomingelectronicengineers,or perhapsquantumtheorists.This is clearly
absurd:they cananddosetupdesiredcausalconnections,diagnoseunwantedcausal
connections,andexplain thebehaviour of complex systems,all at theinformationlevel.

I concludethatthereis no reasonfor philosophers,engineers,or ordinaryfolk, to
“eliminate” talk of informationstatesandprocessesashaving causalpowers.Nevertheless,
bettertheoriesof thevirtual machinesinvolved,will reviseandextendconceptsof human
mentalphenomena.

13. NON-DERIVATIVE SEMANTICS

Anotherobjection,usingthedistinctionintroducedin section4, statesthatintentionalityin
computersis “derivative”. Whenwesaythatapersonis worriedaboutpoverty, or thatabook
is aboutpoverty, bothinvolvesemantics,but thesemanticpropertiesof thebookare

11Turinghimselfwastoointelligentto proposepassinghistestasacriterionfor intelligenceor understanding:
hemerelyofferedit asa technologicalchallengehethoughtcouldbemetwithoutusinganHLT.

12Robinson(1990)surveys thearguments.
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“derivative” becausethey dependon somethingelseto understandthecontents,whereasa
persondoesnot requireothersto understandhisstateof mind.

Somephilosophersclaim thatactiveartefacts,likecomputingsystems,areno different
from books,sincebothcontaininformation,but not informationthatthey canunderstand:
computersarejust automatedfiling cabinets,andtheir stateshaveonly “derivative”
semantics.

It is truethatmany computerdatabasesno moreunderstandtheir contentsthana book
does– they manipulate,but do notuse,theinformation.But this missesasubtlepoint.

Althoughthemathematicalconceptof “computation”is purelysyntactic(Sloman1992),
workingcomputersarenotpurelysyntaxmanipulators.Theirusefulnessdependson their
ability to interpretaswell asmanipulatesymbols.A computersearchinga list for words
endingin ‘ing’ usesinformationaboutwherethecontentsof thelist are,aboutthewordsto
beselected,andaboutwhatto do with them.At a lower level it usesmachineinstructions
andinformationaboutmemorylocations,bothof which it understands,albeitin a primitive
fashion.13 Self-tuningoperatingsystemscanassembleanduseinformationaboutcurrentand
pastprocessesthatis known only to andusedonly by thecomputer. Robotsandplant
controllerscanuseinformationabouttheenvironment.

Mutual dependencieswithin anarchitecturebootstrapacollectionof meremechanisms
into anunderstander:whatsortof understanderdependson thearchitecture.

Currentmachinesarea longway from humansemanticcompetence.Overcomingthis
(for practicalor theoreticalpurposes)requiresusto understandthevarietyof mental
functionsof whicha humanbeingis capable,andlearnhow to put themtogether, including
motivationalprocessesmissingfrom mostexistingAI systems.

It is oftenassumedthatnon-derivativesemantics(or “symbol grounding”)requiresthe
architectureto beembeddedin andconnectedto aphysicalenvironmentvia sensorsand
motors.By definition,suchembeddingis requiredfor intrinsically relationalinformation
states(e.g.beliefsaboutJoe),andthemajorityof humanmentalstatesmaywell belike that.
But not all referenceinvolvestheenvironment.Many mentalstates,includingbeliefs,
desires,hopes,plans,joy, despair, andmore,could,in principle,occurin anappropriate
architectureconcernedentirelywith theinternalexplorationof numbertheory. (Peoplewho
haveneverexperiencedmathematicalresearchmaynotunderstand!)

Somephilosophersclaim thatunlessamachineis theproductof biologicalevolution its
internalstatesandprocessescannotbebeliefs,desires,andsoon. This is just linguistic
imperialism.If suchpeoplerestrictcertainwordsto connotehaving a biologicalhistory,
there’s nothingto stoptherestof ususingthemfor closelyrelatedconceptsthatapplyto
objectswith similarcapabilitiesanddifferenthistories:productsof laboratories,not
evolution. If machineswork in amannerthatis sufficiently likeusthenby usingthe
ahistoricalconnotationswecansaveourselvesthetroubleof inventinga wholenew
vocabulary for describingandcommunicatingwith them.As Young(1994)states,it’ snot
historybut thepotentialfor futureactionsthatmatters.

14. CONCLUDING COMMENTS

Theintuitiveconceptof semanticinformationor “aboutness”is partof commonsenseand
alsophilosophyandengineering.It appliesto informationstatesandprocessesasopposedto

13This is elaboratedin (Sloman1985)
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physicalandphysiologicalstatesandprocesses.Informationstatesenterinto causal
interactionsandcontrolfunctionsin high level virtual machines,enablingsophisticatedand
flexible internalandexternalbehaviour.

Wecurrentlyunderstanda lot aboutcausalconnectionsin informationlevel virtual
machinesin computingsystems.Thisprovidescluesabouthow to think aboutcausal
connectionsin thehigh level virtual machinesconstitutinghumanminds,andmayeventually
leadto animprovedtheory-basedclassificationof mentalstates,just asunderstandingthe
architectureof mattergaveusimprovedconceptsof kindsof stuff. E.g. our muddledideas
about“consciousness”includingtheprejudicethat“consciousstates”areintrinsically
differentfrom othersmayprovemerelyto restona distinctionbetweenstatesthatareand
statesthatarenotaccessibleby certainhigh level self-monitoringprocesses.14 Somestates
andprocessesthatareinaccessibleto consciousnessmaybeexactly likeaccessibleones,and
theboundarycanchangethroughtraining.

Many unansweredquestionsremain.E.g. how andwhy did different
information-processingcapabilitiesevolve?Thisbreaksdown into severalquestions.How
did differentformsof syntaxevolve?How did differentfunctionalroles(pragmatics)for
controlsubstatesevolve?How did differentsemanticcapabilitiesevolve?How did different
inferencecapabilitiesevolve?And how did architecturesevolve thatintegrateall these
capabilitiesin amulti-functionalwhole?Whethercomputer-basedsystemscouldreplicate
high level functionalityof naturalbrainsis alsoopen.

AnsweringthesequestionsrequiresAI theoriststo survey andclassifythevarietyof
information-bearingstatesto befoundin humanbeings,otheranimals,andmachinesof
varioussorts.Weneedto study“dimensionsof sophistication”in whicharchitecturescan
differ, including: thenumberandvarietyof concurrenthigh level functions,thevarietyand
complexity of formsof syntaxandstructuremanipulationusedin informationstoresand
controlstates,theflexibility anddepthof perceptualprocessing,thevarietyof sourcesof
motivation,differentkindsof internalself monitoring,differentkindsof self controland
internalmanagement,varietiesof self-modificationandlearning,includingmodificationsof
thearchitectureitself by additionof new capabilitiesor mechanismsandnew links between
old ones.Thesethemesaredevelopedin paperslistedbelow.

This “explorationof designspace”15 hasbarelybegun,eventhoughsomeAI researchers
prematurelycommitthemselvesto particularrepresentations,e.g. logicalor connectionist,or
to restrictivearchitectures.

Becausethetasksaresodifficult, AI maylook likea “deadend” to thosewhodo not
understandthevarietyof importantbut difficult problemsthatremain.A subjectwith so
muchimportantunfinishedbusinesscannotbeat adeadend.But weshouldnot insiston
somenarrow setof explanatorytoolsandconcepts.Thatwouldbeassilly astrying to restrict
physicsto theconceptsandmathematicsthatNewtonunderstood.Infantdisciplinesmustbe
allowedto grow.

Many philosophicalviewsarebasedon emotionalcommitmentsandcannotbechanged
by evidenceandrationaldiscussion.In thelong term,resultsof design-basedinvestigations
mayconvincesomedoubters,but neverall. For some,theoreticalanalysiswill suffice. Some
will changeonly afterdevelopingpersonalrelationswith intelligentandroids.Othersmaybe
convincedwhenthenew theorieshelpussolvedifficult humanproblems,for examplein
educationandtherapy, which,at presentareneithersciencenorengineeringbut often

14(Sloman1978ch10)
15andthenichespacedescribedin (Sloman1994a).
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hit-and-misscraft activities.
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