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1 Tutorial Aims and Overview

This tutorial aimsto introduceattendeesto the COGENT modelling environment andprovide themwith
sufficient familiarity to assesswhetherCOGENT may be of usefor their own teachingand/orresearch.
This will be achieved by developing a seriesof progressively morecomplex modelsof human sentence
processing. COGENT is a generalmodellingenvironment that hasbeenappliedin a rangeof domains
(includingproblemsolving,reasoning,decisionmakingandmemory). Thefocusonsentenceprocessingin
this tutorial is a tributeto theCognitiveScienceheritage of Edinburgh. COGENT is not a systemdesigned
specificallyfor models of sentenceprocessing,andprevious tutorials have focussedon otherdomains.
Notesfrom thesetutorialsmaybedownloadedfrom theCOGENT website.

Much of thematerialincludedin thesenotesis extractedfrom ModellingHigh Level Cognitive Pro-
cesses, to be published be Lawrence ErlbaumAssociatesin 2002. The notesconsistof five principal
sections. Section2 providesa brief overview of COGENT. It describesandillustratesmuch of the ba-
sic functionality of theenvironment.Section3 thenpresents somebackgroundin linguisticsandsentence
processing.Thisis providedto ensurethatthetutorialnotesareselfcontained.Readerswith relevant back-
ground cansafelyignore this section.Section4 developsa basicCOGENT model of sentenceprocessing.
Themodel buildssentencestructureusingabottom-upparallelstrategy. In Section5 themodel is modified
to usebothtop-down andbottom-up information. Themodel is modifiedfurther in Section6, whereit is
convertedto a serialback-trackingmodel. The resultantmodel hasa modestlevel omf psychologically
plausibility.

This tutorial is deliberatelylong. It is unlikely thatattendeeswill completeall of thematerialprovided
within the session. Rather, it is hoped that attendeeswill return to the material in the own time after
the tutorial, andcontinue working through the models. A comprehensive referencesectionis included
following themaintutorial notesto encouragethis.

2 COGENT: Principal Features

COGENT is a computationalmodelling environmentthat providesa flexible systemwithin which infor-
mationprocessingmodelsof cognitive processesmaybedevelopedandexplored. Thesystemprovidesa
rangeof functions thatallow studentsandresearchersalike to explore ideasandtheories relatingto cog-
nitive processeswithout commitment to a particulararchitecture. COGENT hasbeendesigned to simplify
rigorousdevelopment andtestingof models,andto aid dataanalysisandreporting. Amongthefunctions
providedby theCOGENT environmentare:� A visualprogrammingenvironment;� A rangeof standard functional components, including memorybuffers,rule-basedprocesses,simple

connectionistnetworks, inputsourcesandoutput sinks;� Mechanismsfor thecontrol of inter-componentcommunication;� An expressive,extensible,rule-basedmodelling languageandimplementationsystem;� Automateddatavisualisationtools,including tables,graphs,andanimateddiagrams;� A powerful modeltestingenvironment,supporting montecarlo-stylesimulationsandanexperiment-
basedscriptinglanguage;� Researchprogrammemanagementtools, allowing relatedmodels to be encapsulatedwithin a re-
searchprogramme andproviding a graphical displayof therelations betweenmodelswithin sucha
programme;� Versioncontrol onmodels;and� Support for documentationat boththemodelandresearchprogramme levels.

2.1 The Visual Programming Envir onment

COGENT simplifies the processof model developmentby providing a visual programming environment
in which modelsmay be created,edited,andtested.The visual programming environment allows users
to develop cognitive modelsusinga box andarrow notationthat builds uponthe conceptsof functional
modularity (from cognitive psychology) andobject-orienteddesign(from computer science).Functional
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Figure1: A boxandarrow diagramof theModal Modelof memory

modularity views a cognitive processas the product of a set of interactingsub-processes,whereeach
sub-processhasan identifiable function that contributesto the whole andthe interactions betweensub-
processesarelimited in range(see,for example, Fodor, 1983). Object-orienteddesignanalysescomplex
computationalsystemsin termsof sub-systemsof differenttypes,with thebehaviour of eachsub-system
beingdetermined in partby its typeandthevaluesof a setof propertiesthatarespecificto eachtypeof
sub-system(cf. Rumbaugh,Blaha,Premerlani, Eddy, & Lorensen,1991).

Modelsarespecifiedin COGENT by sketchingtheir functionalcomponentsusingthegraphical model
editor. Thus,Figure1showsaboxandarrow diagramdepictingaclassictheoryfromCognitivePsychology
— the Modal Model of memory (Atkinson& Shiffrin, 1968, 1971). The diagram shows five functional
components,four of whicharecentralto theModalModel: I/O Process(aprocessthatactsasaninterface
betweenthe memorysystemsandany taskto which they areapplied), STS(a short-term storein which
information is temporarily placedwhile it it rehearsed),LTS (a long-term storein which information is
consolidated),andRehearsal (a processthat transfers information from STSto LTS). Theoneremaining
componentof the diagram — Task Environment — is a compound box (i.e., a box containing further
internalstructure)thatis usedto administera taskwhentestingthemodel.

Differentshapedboxeswithin a COGENT box andarrow diagramrepresent different typesof compo-
nent.Hexagonalboxesrepresentprocessesthattransform information,roundedrectangularboxesrepresent
buffers thatstoreinformation,andrectangularboxes representcompoundsystemswith internal structure.
Similarly, different stylesof arrows indicate different typesof communicationbetweenthe components,
suchasreadinginformation from a buffer or sendingmessagesto a process.Thegraphical model editor
providesfacilities for creatingmodels usingtheseandotherstandardtypesof component. Components
provided in additionto the above include simplefeed-forward networks, interactive activation networks
andinput/outputdevices.

A number of different typesof information may be associatedwith a model. This informationmay
be viewed or editedby selectingthe appropriate tab on the main portion of the model editor window
(Figure1). The Diagram view is shown in the figure. Other views (Description, Properties, Message
Matrix, and Messages) provide accessto: a text window into which notesor commentson the model
maybeentered;thesetof propertiesandparameters thatcontrol aspectsof themodel’s execution; a two-
dimensional mapthatshows, during modelexecution, inter-component communication;anda text-based
view of messagesgeneratedor receivedby thetop-most box.

5



2.2 Standard ComponentTypes

COGENT providesa library of standardconfigurablecomponents. Modelsareconstructedby assembling
thesecomponents(in theform of a box andarrow diagram) andthenconfiguring themasnecessary. The
componentlibrary includes:

Rule-basedprocesses:Rule-basedprocessesmanipulate information according to user-specified sym-
bolic rules. A powerful rule language andrule interpreterallows rule-basedprocessesto perform
complex manipulations and transformationsof information. Suchprocessingmay be contingent
upon thecontentsof otherCOGENT objects.

Memory buffers: Buffersaregeneral informationstoragedevicesthatmaybeusedfor bothshorttermand
longtermstorage. Thedetailedbehaviour of any instanceof abuffer is determinedby its properties,
whichspecifysuchthingsascapacitylimitations,decayparametersandaccessrestrictions.Theuse
of propertiesto specifybuffer behaviour (andin fact,thebehaviour of all COGENT objects)leadsto
components thatarebothflexible (i.e., canperform a variety of functions)andwell-specified(i.e.,
thevarious property valuesfully definethecomputationalbehaviour of thecomponent). Different
subtypesof buffer maybeusedto storeinformationin differentformats(e.g., propositional,tabular,
andanalogue).

Connectionistnetworks: COGENT is intended primarily for high-level symbolic modelling. Neverthe-
less,COGENT’sgeneralisedprocessingengineallowsdirectinterfacewith somesimpleconnectionist
objects (two-layer feed-forwardnetworks andinteractive activationnetworks). This facility makes
COGENT suitablefor a varietyof hybrid modelling applications. As in thecaseof buffers,precise
network behaviour is determinedby propertiesassociatedwith thenetwork. Thesepropertiesgovern
learning rate,initialisation,theactivationfunction, etc..

I/O sourcesand sinks: Specialiseddatasourcecomponentsallow datato be fed into othercomponents
in a controlled manner. Datasinksby contrast allow thecollectionof datafrom othercomponents
during model execution. Threetypesof datasink — text-basedsinks,tabular sinks,andgraphical
sinks— allow a range of optionsfor storageandpresentationof modeloutput.

Inter -modulecommunication links: Inter-module communicationis indicatedwithin COGENT by ar-
rowsdrawn betweencomponentswithin a COGENT boxandarrow model. Two basictypesof arrow
areprovided: readarrowsandwrite/sendarrows.

Furtherdetailsof thesecomponenttypesaregiven in theappendix (seeespeciallySectionC).

2.3 The Rule-BasedModelling Language

COGENT’srule-basedmodelling languageallowscomplex processesto bespecifiedin termsof production-
like rules.Eachrule consistsof a setof conditions anda setof actions.Conditions includelogical opera-
tionswhoseoutcomemaybetrueor false,suchastestingtheequality of dataelements,aswell asoperations
thatsetvariables,suchasmatching someinformationstoredin abuffer. Actionsallow messagesof various
forms to besentto otherboxes.

An example rule is shown in Figure2. This rule fireswhenPossibleOperators (a buffer) contains an
elementof theform �������	��
	������	���	��������������������� , andthecondition ������������
�� �������	��
������ �	���	���"!	���#�	���
can be satisfied. On firing, the rule deletesone elementfrom PossibleOperators ( �������	��
	����� �	���	���
����������������� ) andaddsanother ( �������	��
������ �	���	���$�	�����	�%��!����������"� ).

IF: �������	��
	������	���	��������������������� is in PossibleOperators
���	���#����
	� ���	���	��
	�����������	���"!	�����	���

THEN: delete�������	��
	����� �	���	���"���	�������	����� from PossibleOperators
add ���	���	��
	�����������	���"�	�����	�%��!����������$� to PossibleOperators

Figure2: A simplerule thatupdatesabuffer
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Figure3: Somerulesfrom theSelectOperator processwithin aproblemsolvingmodel

COGENT’s rule languageis both flexible and powerful. The flexibility and power introduce some
complexities, but specialtools simplify the processof specifying rules and to allow monitoring of the
processingof rulesduring modelexecution.

Rulesarecontainedwithin processes(thehexagonalboxeswithin a COGENT box andarrow diagram:
seeFigure1), andmay be supplementedwith user-definedconditions. Suchconditions may be usedto
provide additional control over the circumstances in which rulesapply. This is illustratedby the rule in
Figure2: ���	��������
	� ����������
	����� �	�������$!���������� is acall to a user-definedcondition, thedefinitionof which
is specifiedelsewherein the process.The condition definition languageis basedon Prolog(cf. Bratko,
1986; Sterling,1986; Clocksin& Mellish, 1987), a highly expressive AI programminglanguage which
providesCOGENT with substantialflexibility .

Therulesandcondition definitionsof aprocessarelistedin astandard formatwithin theprocess’Rules
and Condition Definitions view. Thisview alsoprovidesaccessto specialpurposeeditingfacilities.Figure3
shows this view for SelectOperators, a processfrom amodelof problemsolving.

2.4 Automated Data Visualisation Tools

COGENT providesa number of visualisationtools to assistin the monitoring andevaluationof a model.
Thesetools take the form of additional typesof box, andallow datato be displayedin standardtabular
or graphical forms. More sophisticatedvisualisationsmay alsobe craftedthrough useof a generalised
graphical displaybox.

Tables Tablesallow datato bedisplayedin astandard two-dimensionalformat,asin Figure4. Messages
sentto a tablespecifyvaluesfor the various cells. Tablesareupdateddynamically during the execution
of a model, with detailsof tablelayout for any particulartable(e.g.,row height,columnwidth, row and
columnlabels,etc.)beinggovernedby thattable’s properties.

Two typesof tableareprovided.Outputtablesarewrite-only: datasentto suchtablesaredisplayedbut
cannot beinspectedby othercomponents.Buffer tablesareread/write:othercomponentsconnectedto the
buffer with readaccessmayquery thevaluein any cell. This querying is governedby thebuffer’s access
properties,which allow accessto bebasedon eithertemporal featuresof buffer elements (e.g.,primacy,
recency) of spatialfeaturesof theelements(e.g.,left/right, right/left).

Graphs Datamay be displayed graphically in several standard formats,including line graphs, scatter
plots andbar charts. Figure5 shows a line graph of datageneratedby a modelof free recall. A single
graphmaybeusedto displaymultipledatasetsin different colours. Messagessentto agraphspecifydata
pointsor styleinformationrelatingto aparticular dataset.As with tables,graphs areupdateddynamically

7



Figure4: A tablebuffer, displayingdataaccumulatedoverfiveblocks of a task

Figure5: A graphical buffer, showing a line graph summarisingoutput from a modelof memory applied
to a freerecalltask

during modelexecution andpresentationaldetailsarecontrolledthroughconfigurablepropertiesassociated
with thegraph.

GeneralisedGraphical Output Facilitiesarealsoprovidedfor moregeneralgraphical output. Proposi-
tional buffersmaybeaugmentedwith visualisationruleswhich mapbuffer elementsto graphical objects
(e.g.,lines,shapesor text atspecifiedcoordinatepositions),andthesegraphicalobjectsmaybestoredand
viewed directly within analoguebuffers. To illustrate,Figure6 shows a visualisationof the contentsof
a propositionalbuffer whosecontents representdisks in the Tower of Hanoi problem. Displaysassoci-
atedwith propositionalandanaloguebuffersaredynamically updatedwhenever thecontentsof thebuffer
change.

2.5 The Model TestingEnvir onment

All COGENT modelssharean underlying processingsystemthat supports four levels of execution: trial,
block, subjectandexperiment. Theselevels correspond directly to their analoguesin experimentalpsy-
chology. Thesimplestway of usingCOGENT is to run a singletrial. Normally this involves presenting a
singlestimulusandgathering a singleresponse. However, it is alsopossibleto specifyextendedexperi-
mentaldesigns,in which, for example, numerousvirtual subjectsarerun in eachof several experimental
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Figure6: A visualisationof a propositionalbuffer’s contents,showing anintermediate stateof theTower
of Hanoiproblem

Figure7: TheMessages view of Execute Process

conditions, with eachexperimentalcondition involving a number of blocks andeachblock involving a
numberof trials. Suchdesigns areconstructedthrougha specialpurposeexperimentscripteditor.

Themodel testingenvironmentalsoprovidesarangeof facilitiesfor monitoringanddebuggingmodels.
Monitoring is provided through the Messages view availableon eachcomponent’s window. This view
showsall messagesgeneratedby or received by a component.Thus,Figure7 shows themessagesrelating
to theSelectOperators processmentionedabove after7 processingcycles. Eachline shows thecycle on
which themessagewasreceived or generated,thesourceof themessage(e.g.,rule 5 of SelectOperator),
themessage’s destination(e.g.,Previous Move), andthemessage’s content (e.g., ��&�&�('�����%�*)�+��$� ). Other
facilitiesallow thetraffic betweencomponentswithin acompoundboxto bemonitored(throughthebox’s
Message Matrix view), andtheexecution of specificelementswithin rulesto betraced.

2.6 Research ProgrammeManagement

Thedevelopmentof acognitivemodel typically takesplaceoveranextendedperiodof time. COGENT sup-
portsthisdevelopmentthrough specialtoolsfor managing setsof modelswithin a research programme(cf.
Lakatos,1970), including: agraphicaldisplayof themodels containedwithin aresearchprogramme(show-
ing ancestrallinks betweenmodels),facilitiesfor versioncontrol on models(e.g.,copying andarchiving),
documentationsupport, anda front-endto thegraphical model editordescribedabove.

Accessto researchprogrammemanagementtoolsis throughtheResearchProgrammeManager, shown
in Figure8. Theleft sideof thewindow showsall researchprogrammesregisteredwith COGENT. Whena
researchprogrammeis selectedits historyis displayedin theframe ontheright in theform of a tree.Each
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Figure8: Theresearchprogrammehistoryview

nodein the treecorrespondsto a separatemodel, anddouble-clicking on a node opens COGENT’s model
editoron thecorresponding model. Theprogressof time is represented in thehistorydiagram along the
horizontal axis,with models to theright beingdevelopedaftermodelsto the left. Links in the treeshow
ancestralrelations betweensuccessiveversionsof thesamemodel.As canbeseenfrom thefigure,several
versions of a model maybeexploredin parallel.

Theresearchprogrammemanagerincludesfacilitiesfor creatingandunpackingarchivefiles,allowing
wholeresearchprogrammesto bestoredandtransferredin a convenient,singlefile. You maywish to use
this facility if youwantto keepthemodelsyoudevelop in this tutorial.

3 SentenceProcessing:Background

3.1 Major Topicsin the Psychologyof Language

The ability to acquire anduselanguageis frequently quotedasoneof the centralcharacteristicsof our
species. Languageis also frequently quoted as centralto a number of higher cognitive faculties,such
as reasoning and problem solving. For this reasonthe computational processesthat support language
andits useareof specialinterestwithin Cognitive Science.The domain of language is alsoof special
historicalsignificance,for it is generally agreedthatChomsky’sargumentsconcerningtheinadequaciesof
behaviouristaccountsof language(Chomsky, 1959) playedacentralrolein shiftingpsychology’semphasis
from behaviourist to cognitivist accounts of mentalprocesses.

Thestudyof thepsychologyof languageis typicallydividedintoanumberof sub-disciplines,including
phonology, syntax,semanticsandpragmatics. Phonology concernstheindividual sounds(phonemes)that
make up speech.Thereis a substantialbodyof empirical researchon, for example, factorsthat influence
phonemeperception. Syntaxconcernsthesequentialorderof wordsandaffixesin well-structuredlanguage.
Therearecomplex constraintsor rulesthatgovernmeaningful orderingsof sentenceconstituents,andthese
constraints havebeenstudiedfrom bothlinguisticandpsychologicalperspectives.Semanticsrelatesto the
literal meaningof language.Thishasbeenstudiedbothat thewordlevel (in whichcaseit is closelyrelated
to thestudyof concepts)andat the level of phrasesor sentences.Lastly, pragmaticsconcerns theuseof
languagein context. This involvesthestudyof theintended(asdistinctfrom literal) meaning of language,
andcanbedistinguishedfromsemanticsbyconsidering utterancessuchas“Canyouwipeyourfeet?” (said
to someone with muddyboots about to walk on a cleanfloor) which, semanticallyis a questionhaving a
yes/noanswer, but pragmatically is a request for thepersonto wipehis/herfeet.

A seconddimension of language that cutsacrossthesefour sub-disciplinesrelatesto the distinction
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betweengeneration and reception. Thereis no reasonin principle why the processesinvolved in, for
example, production of well-formed sentencesshouldbe the sameas thoseinvolved in comprehension
of the samesentences.Indeed, thereis neuropsychological evidence from the breakdown of language
following braininjury thatdemonstratesthat language production maybecompromisedwithout affecting
languagecomprehension(Coltheart,Sartori,& Job,1987).

Clearly thecognitive psychology of language is a vastsubject.Within theabove context, this tutorial
will focuson the reception of syntax. A number of approachesto the parsingproblem — the problem
of testingwell-formednessof a sequence of wordsandassigningan underlying phrasalstructureto the
sequence — will bedeveloped,culminatingin a sophisticatedmodel informedby somewell-attestedem-
pirical regularities.

3.2 Syntactic Structure

Considera simplesentence,suchasthecat bit thedog. Likemany sentencesof English,this sentencecan
beanalysedasconsistingof a nounphrase(thecat) followedby a verbphrase(bit thedog). This simple
factof thestructureof English sentencesmaybeexpressedby a phrasestructure rule:

S , NP VP

whereS representssentence,NP representsnounphrase,andVP representsverb phrase.Therule states
thata sentencemaybecomposedof anounphrasefollowedby a verbphrase.

Thetwo principal constituentsof theabove sentencemayalsobedecomposed.Thenoun phrasecon-
sistsof a determiner (i.e.,a wordsuchasthe, a, every, some, etc.) followedby a common noun. Theverb
phraseconsistsof a transitive verb i.e., a verb that relatestwo things)anda secondnounphrase. These
factsmayalsobeexpressedasphrasestructurerules:

NP , Det CN
VP , TV NP

In order to analysethe sentencecompletely, it is alsonecessaryto know the syntacticcategories of the
wordsinvolved— thatthe is a determiner, catanddog arecommon nouns,andbit is a transitiveverb.

It is common to representthe structureof sentencespictorially usinga tree. Figure9 shows the tree
representationfor thecatbit thedog. Thenodesin thetreedirectlycorresponding to wordsarereferredto
asterminalnodes.Theother, higher, nodesarereferred to asnon-terminal nodes.Theexistenceof such
nodes is inferred from regularitiesacrosssentencetypes. Thus,eventheprevious threesentences in this
paragraphcanbeanalysedin termsof thesimpleS , NP VP rule,althoughtheNPsandVPsinvolvedare
relatively complex. (In thefirst case,theNP is thenodesin thetreedirectlycorrespondingto words, in the
secondcasetheNP is theother, higher, nodes, andin thethird casetheNP is theexistenceof such nodes.)

Many morephrasestructure rulesareobviously required to describeEnglish, or any othernaturally
occuring humanlanguage.In thecaseof English,we might startwith:

NP , Pro
NP , PN
NP , NP PP

11



PP , Prep NP

Theserulesstatethatanoun phrasemayconsistof apronoun(e.g.,him, her, you, me), aproper name(e.g.,
John, Mary, London) or a noun phrasefollowedby a prepositionalphrase(e.g.,thecaton themat), where
a prepositionalphraseconsistsof a preposition(e.g., in, on, at) followedby a noun phrase.

Similarly, thereareadditional typesof verbphrase,including:

VP , IV
VP , DV NP NP
VP , DV NP PP(to)
VP , VP Adv
VP , VP PP

Theserulesstatethataverbphrasemayconsistof asingleintransitiveverb (e.g.,runs, sleeps), aditransitive
verbfollowedby twonounphrases(e.g.,gaveMary thebook), aditransitiveverb followedbyanounphrase
andprepositionalphrasein the“to” form(e.g., gavethebook to Mary), averb phrasefollowedby anadverb
(e.g.,runsquickly), or averbphrasefollowedby a prepositionalphrase(e.g., sleptin thepark).

Threemoretypesof verbphrasearecommon,andwill beusedin exampleslaterin thetutorial:

VP , V -/.�0#1 VP(inf)
VP , V -/.�0�2 NP VP(inf)
VP(inf) , INF VP
VP , V 354$687 S(comp)
S(comp) , Comp S

Theserulescover verbphrasessuchaswantsto washthedishes, promisedMary to washthedishesand
thought that Mary likedhim. Thefirst statesthata verbphrasemayconsistof an infinitival-complement
verb (suchas wants) followed by a verb phrasein the infinitive form (e.g., to washthe dishes). The
secondstatesthat a verb phrasemay consistof a secondtype of infinitival-complement verb (suchas
asked, promised, pretended) followedby anounphrase(e.g.,Mary) andaverbphrasein theinfinitiveform
(e.g.,to washthedishes). Thethird statesthata verbphrasein theinfinitive form consistsof aninfinitive
(i.e., to) followed by a standard verbphrase.The fourth statesthat a verbphrasemay consistof a that-
complementverb(e.g., thought, believed) followedby asentencein thecompform,andthefifth statesthat
a sentencein thecompform consistsof acomplementiser(e.g.,that) followedby asentence.

This analysisbegins to show the complexity of the structure of English,yet it hardly scratchesthe
surface: it doesnot consider, for example, number agreement betweensentencecomponents(e.g.,The
catschasesthe dog is ungrammatical), conjunction (e.g.,John took the bus but Mary cycled), tenseand
aspect(e.g.,whatis thestructureof Johnwill betakingthebus?),so-calledmovement(asin Which busdid
Johntake?) or “it-cleft” sentencessuchasIt wasJohnwhostolethebus. Spacedoesnot permita proper
treatment of suchissues,andtheinterestedreaderis directedto standard texts on linguistic structure (e.g.,
Burton-Roberts,1986).

Exercise1: Using the above phrasestructure rules,draw treesshowing the syntacticstructure of the
following sentences:

a. JohngaveMary akitten
b. Johnatethecakequickly
c. JohnaskedMary to washthecar
d. Mary persuadedJohnto washthecar
e. Johnsaw thekitten in thepark

(1)

Noticehow thelastsentenceis ambiguous.Johnmayhaveseenthekittenthatwasin thepark, or Johnmay
havebeenin theparkwhenhesaw thekitten. Youshould beableto draw two distincttrees,corresponding
to thetwo distinctmeanings, for thissentence. 9
3.3 Parsing and Syntactic Structure

As Englishspeakerswe areableto detectwhena putative sentencedoesor doesnot conform to therules
of English. While testinggrammaticality is not normally something thatwe areawareof, the fact that it
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appears to bedoneby our languageprocessingsystemimposescertaincomputationalrequirementsonthat
system.

The processof determining the syntacticstructureof a sentenceor sentencefragment is referred to
asparsing.Much earlywork in thecognitive scienceof language assumedthat the linguistic capabilities
of humans were embodied within a system(sometimesreferred to as the HumanSentenceProcessing
Mechanism: HSPM) that took asinput sequencesof wordsandgeneratedfrom thosewordsa meaning.
Many researchers furtherassumedthatakey stage(possiblythefirst stage)of processingwithin theHSPM
wasparsingof theinputwordsequence.

This view of theprocessingof language,andtheassumptionthat language is rule-governed(i.e., syn-
tacticstructure is determinedby asetof phrasestructurerules,suchasthoseabove),wasreinforcedby the
factthattherearemany examplewordsequencesthatare,according to mostphrasestructure formulations
of English,well-formedsyntactically, but (to theuntrained,at least)notobviouslygrammatical.Oneoften
citedcaseis centre-embedding. ConsiderExample 2abelow. Simplifying somewhat, it is a nounphrase
constructedfrom a rule thatmight be representedas: NP , Det CN COMP NP TV. If we apply this
rule twice, we find that Example 2b is alsoa noun phrase.Adding a verbphrase(e.g.,consistingof the
intransitiveverbsquealed) to Example2ayieldsExample 2c,whichto mostEnglishspeakers is anaccept-
ablesentence.Doing thesameto Example 2b yieldsExample2d, which to mostEnglishspeakersis not
acceptable.

a. themousethatthecatchased
b. themousethatthecatthatthedogbit chased
c. themousethatthecatchasedsquealed
d. themousethatthecatthatthedogbit chasedsquealed

(2)

Casessuchastheseled Chomsky (1965) to distinguishbetweenlinguistic competenceandlinguistic per-
formance.Competencein any domainis the idealisedknowledgeupon which processingin thatdomain
is based.Performanceis concernedwith the resultsof usingthatknowledge. Useof knowledgemaybe
constrained,for example,by memory limitations,andsocompetencemayexceedperformance.

In many ways the competence/performance distinctionis intuitively plausible. Many cognitive pro-
cessesappearto be resource-bound (by, for example, limited short-term memory). If language is rule-
basedandany partof linguistic processingis resource-bound, thentherearelikely to besentencesthatare
grammaticallywell-formedbut notparsable by theHSPM.

However, the competence/performance distinctionalsoraisesproblemsconcerning the preciselimits
of grammaticality: shouldtheunacceptabilityof a putative questionsuchasWhodid Mary givethebook
that Johnborrowedfrom to Bill?, wherethe who refers to thepersonJohnborrowed from, beattributed
to a violation of thegrammar rulesor a performanceviolation? For a giventheoryof syntacticstructure,
theunacceptability of a sentencethat is grammaticalaccording to the theory but unacceptableaccording
to human participantsmaybe attributedto performancefactors.Hence,a grammaticaltheorycannot be
falsifiedthroughover-prediction (i.e., throughpredicting thatunacceptablesentencesaregrammatical).In
this way, thecompetence/performancedistinctionunderminesthestatusof grammaticaltheory.

Theabove is only true,however, if the grammaticaltheory is statedin theabsenceof a performance
theory. Performance,which shouldbe understoodat Marr’s level two, is the product of a sub-optimal
processoperating with correctandcompleteinformation(e.g., phrasestructure rules). A well-specified
theoryof linguisticperformance, tied to a theory of linguistic competence,shouldaccount for all andonly
acceptable sentencesof the languageunder consideration.This view led a number of researchersin the
1970s and1980s(e.g.,Kimball, 1973; Frazier& Fodor, 1978; Wanner, 1980) to focusonprinciplesof the
parsingprocessthatmightgiveriseto (andhenceexplain) datafrom humanlinguisticperformance.

Several typesof performancedataarerelevant to this enterprise. First andforemost aregrammatical-
ity (or acceptability) judgements,whereparticipants or “native speakers” agreethat word sequencesare
acceptable or unacceptable fragments of their language. A secondtype of performancedatarelatesto
sentencesthatareagreedto beambiguous. In suchcasesthecompetencetheorywill typically allow mul-
tiple syntacticstructuresfor asinglewordsequence(recallExample 1e).Ambiguoussentencesoftenhave
preferred readings, wherenative speakersshow a strongpreferencefor onereadingover otherreadings.
This constitutesanother typeof performancedata: in suchcasesa performancetheory shouldpredictthe
preferredreading.
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A further typeof performancedatarelatesto sentencesthatareacceptable only aftera secondreading.
Sentencessuchasthosein example 3 illusratethis phenomenon.

a. Thehorseracedparsedthebarnfell
b. SinceJayjogsa mile seemsasmalldistanceto him
c. Teacherstaught by theBerlitz method passedthetest
d. Theofficer told thecriminal thathewasarrestingherhusband

(3)

Thesesentencesareknown asgardenpathsentences (cf. Bever, 1970; Frazier& Rayner, 1982; Crain
& Steedman, 1985). They arisewhenmultiple partial syntacticstructuresarepossibleat somepoint in
the left-right sequenceof processinga sentence(i.e., the sentenceis locally ambiguous), when oneof
thosepartial syntacticstructures is preferred, andwhen the actualsyntacticstructure corresponding to
the completesentenceis not basedon the preferredone. The reality of garden path effects hasbeen
demonstratedthrough sophisticatedpsycholinguisticexperiments(see,e.g.,Frazier& Rayner, 1982; Crain
& Steedman, 1985; Altmann& Steedman,1988). Performancetheoriesmustthereforeaccount for why
theHSPMinitially fails in attemptingto parsesuchsentences.

3.4 SomeDimensionsof Parsing

A number of key issueshave arisenin computationalapproachesto natural language parsing. Wanner
phrasessomeof theseissuesas“dimensionsof theparsingproblem” (Wanner, 1988, p.80). Onedimension
concernsthedegreeto whichparsingis incremental. Incrementalparsersincorporateeachsuccessiveword
into somestructureor sentenceframeaseachword is encountered. Non-incrementalparsersoperateon
complete sentences.A seconddimensionconcerns the directionin which the syntacticrepresentationis
constructed— fromterminal wordnodesto anon-terminalsentencenode, or viceversa. Bottom-upparsers
group wordsin the input into phrases,andthenthosephrasesinto larger phrases,andso on. Top-down
parsershypothesisethat the word sequence is a sentence, andthat it consistsof a noun phrasefollowed
by a verbphrase,andsoon, decomposingeachcategory until a matchwith thesentencebeing parsedis
achieved. Thereis clearevidence that both top-down andbottom-up processesareinvolved at different
stagesin human sentenceprocessing.

Wanner’s third dimension concerns the degreeof parallelisminvolved in the parsingprocess.Serial
parsersbuild andmaintainonesyntacticstructure at a time,evenwhenmultiplestructuresarepossible(as
in sentencescontaining local ambiguities). If that structure provesto be incorrect, the serialparsermust
attemptto reanalysethesentenceusingadifferentpossiblesyntacticstructure.Parallelparsers,in contrast,
maintainmultiple possiblesyntacticstructuresat points of local ambiguity. Consequently parallelparsers
do not needto reanalysea sentence if onestructureprovesincorrect. Gardenpathsentencessuggestthat
human parsing maybeserial,but it maystill be thecasethatsomeaspectsof humanparsinginvolve the
simultaneousmaintenanceof multiplesyntacticstructuresin someshort-termlinguisticstore.

A fourth dimension of parsing (not discussedby Wanner(1988)) concerns the role of semanticsor
meaning andcontext on parsing. Most parsersrely purely on syntacticinformationwhenconstructing the
syntacticstructureassociatedwith a sentence,but CrainandSteedman(1985) point out that this neednot
be the case. The humanparsermay be influenced by semanticsor context during the parsingprocess,
andthis influencemayleadto different syntacticstructuresbeingfavouredin different semanticcontexts.
Evidencefor suchaninteraction betweensyntaxandlinguisticcontext is presentedby CrainandSteedman
(1985) (seealsoAltmann& Steedman, 1988). Tanenhaus,Spivey-Knowlton, Eberhard,andSedivy (1995)
havefurthershown, with eyemovementstudies,thatsentenceprocessingcanalsobeinfluencedby visual,
non-linguistic,context.

Thesedimensionsprovide a context within which specificparsingmodelsmay be compared. Two
dimensions — the bottom-up/top-down dimensionandthe parallel/serialdimension — areillustratedin
depthby themodelsdevelopedlaterin this tutorial.
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4 SentenceProcessing:A First Model

4.1 An Incr emental Input Module

Humansentenceprocessingis generally consideredto involve the presentationof linguistic input to the
HSPM oneword or phraseat a time. This presentationmay be modelled within COGENT by an exper-
imentermodule that, on eachtrial, selectsan input word sequencefrom a setof stimuli andthenfeeds
thatsequence,oneword at a time, to a subjectmodule (which, it is assumed, attemptsto parsetheinput).
Theexperimentermodule may, onsuccessivetrials,feedsuccessivewordsequences to thesubjectmodule,
allowing thesubjectmoduleto betestedona variety of inputs.

A minimal experimentermodule that performs the above taskconsistsof: onepropositionalbuffer,
Stimuli, that initially contains thefull setof stimuli (word lists) andthat is reinitialisedonly at thestartof
a subject;oneprocess,PresentStimuli, thatpresents onestimulusfrom Stimulion eachtrial, deletingthe
stimulusasit is presented; andanother propositionalbuffer, CurrentStimulus, that is usedfor temporary
storageof thecurrentstimulusduring thetrial on which it is beingpresented. Within theminimal experi-
mentermodule, PresentStimulimustbeableto readfrom andwrite to bothpropositionalbuffers.It should
alsosendto aninput/outputprocesslocatedwithin thesubjectmodule.

Exercise2: Createa new researchprogrammeanda new model within thatresearchprogramme.Draw
a box andarrow diagramwithin the new model consistingof two compound boxes, Experimenter and
Subject, correspondingto anexperimentermodule anda subjectmodule.Populatethetwo moduleswith
boxes asdescribedin thepreviousparagraphandlink theboxeswith appropriatearrows. 9
Experimenterrequires two rules: one to selecta test sentencefor the current trial and transferit from
Stimulito CurrentStimulus, andoneto drip-feedwords from CurrentStimulusto thesubjectmodule. The
two rules in Figure10 perform thesefunctions. Rule 1 assumesthat Stimuli contains elementsthat are
lists of words(theputative sentenceswhich areto beparsedon successive trials). Rule2 is triggered by
�#:%�;
	�;' <������	��=���>�
 . Thisensuresthatit onlyfireswhenall otherprocessingwithin thesystemis complete.
This means that thesubjectmodule mayperform arbitraryprocessingon receiptof eachword, andonly
whena word hasbeenfully processedwill thenext word be fed to thesubject.This will allow maximal
explorationof incrementalleft-to-right processingwithin theparsersdescribedlaterin thetutorial.

Rule 1 (refracted): Selecta sentenceto parsefromtheStimulibuffer
IF: thecurrent cycle is ?

once@�����&�A%���#
 is in Stimuli
THEN: delete@�����&�A����#
 from Stimuli

add B�����&��	�C@�����&�A%���#
	� to CurrentStimulus

Rule 2 (unrefracted): Whenquiescent,feedonemoreword to thesubject
TRIGGER: �;:%�#
	�;' <����#����=���>�

IF: B�����&��	�"D E	����&�F G	������H � is in CurrentStimulus
THEN: deleteB�����&����$D E	����&�F G	�����#H � from CurrentStimulus

add B�����&��	� G	������� to CurrentStimulus
sendB�����&� E	����&�� to Subject:Input/Output

Figure10: Incrementalinput rulesfrom PresentStimuli

Exercise3: Add therulesfrom Figure10 to PresentStimuli. Also adda range of putative sentencesto
Stimuli. Eachsentenceshouldbeexpressedasa singlebuffer elementconsistingof a list of words.Ensure
thatthe initialise propertiesof bothbuffersaresetasdescribedabove,andtestExperimenterby monitoring
themessagessentto Input/Outputwhenthemodel is run. 9
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Figure 11: A completedchartfor thekittensbite thedog

4.2 A Bottom-Up Parallel Parser

As notedabove, thereareseveral approachesto the problem of verifying that a sequenceof words is a
well-formedsentence,and,if so,deriving thesentence’ssyntacticstructure.Onesimpleapproachinvolves
constructing a grid or chart asin Figure11. Thenumbereddisksarereferredto asverticesor nodes, and
thelinesspanning theverticesarereferredto asedgesor arcs.Thegoalof chartparsing is to constructan
edgethatspanstheentiresequenceof vertices.If theword sequenceis intendedto bea sentence,thenthe
edgeshouldbelabelled“s” (asin Figure11).

Chartsmaybeconstructedin avarietyof ways,correspondingto thedimensions of parsingoutlinedin
Section3.4. Thus,thechartmaybeconstructedbottom-upor top-down, throughexploring possibleedges
in sequenceor in parallel,etc. In all cases,thegeneral methodis referredto aschartparsing.

4.2.1 Functional Components

A simplechart parserwithin COGENT consistsof: a buffer in which to construct thechart,a processthat
enterswordsontothatchart,buffers containing lexical knowledge(i.e., thesyntacticcategoriesof words)
andgrammatical knowledge(i.e.,thephrasestructurerulesof thegrammar), andaprocessthatuseslexical
andgrammatical knowledge to enteredgesonto the chart. Figure12 shows the componentsand their
interconnections.

Figure12: Theboxandarrow structureof theparallelchartparser
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Rule 1 (unrefracted): Adda word to thefirst positionof thechart
TRIGGER: B	����&�C@��
IF: not ��&�I	�%� � � � � is in Chart
THEN: add ��&�I	���*+���?���B�����&%� @��J�K+�� to Chart

Rule 2 (unrefracted): Adda word to thenext positionof thechart
TRIGGER: B	����&�C@��
IF: ��&�I��%��L�+��$L�?��"B	����&�C@M?;�J�$N�� is in Chart

not ��&�I	�%� LO?��"L	P���B�����&%� @�P��Q�"N	� is in Chart
L	P is LO?8RS?

THEN: add ��&�I	����LO?��$L	P��"B�����&�C@��Q�"N	� to Chart

Figure13: Rulesto enterwordsontothechart(from Input/Output)

4.2.2 Input/Output

RecallthatExperimenterwasdesignedto deliver onewordata timeto Input/Output, andthatInput/Output
mustenterwordsasthey arepresented ontothechart.Thismaybeachievedwith two rules:oneto enterthe
first word spanning vertices0 to 1, anda secondto entereachsuccessive word to theright of theprevious
word.Therulesin Figure13accomplishtheabovetasks. They representchartedgesby termsof theform:

��&�I	�%��A���T�
�!�����
	��U%�$V��;I�W�
�!�����
���U%�$X��#>�
	��>�
%�$A����	�����
where A���T�
�!	����
���U and V�;I�W�
�!	����
���U are integer vertex labels, X���>�
	��>�
 represents the content of the
edge(e.g., B�����&��=���
	� ), and A����	��� is anintegerthatwill beusedfor formattingthevisual representation
of the chart. Given this propositionalrepresentation, displayrulesmay mapthe contents to Chart to a
visual,chart-like, representation.Figure14shows two suitablerules.

Display Rule 1: Drawarcsfor all categoriesenteredon thechart
IF: ��&�I��%��L�+��$L�?��KX��KA�� is in ChartY

is � L	+ZR[LO?��O\^]�+
N is A_\^P�]ZR`]�+

THEN: show 
	��U�
��5=;W�����
�$Xa�����;I�>	��&b�5=��Q=��c��
d� Y �$N	�J�eDf=������������C������=;g	�5HC�
Display Rule 2: Drawarcsfor all categoriesenteredon thechart
IF: ��&�I��%��L�+��$L�?��KX��KA�� is in ChartY + is L	+h\i?;+�+ZR`]Y ? is LO?8\i?;+�+kjl]

N	+ is Ai\^P�]hRlm	+
NO? is N	+ijl]

THEN: show ����>��%�5=;W�����
�e� Y +��$N	+���
	�n� Y ?��"N	+��J�eDf=������������C������=;g	�5HC�
show ����>�����=;W	����
�e� Y +��$N�+���
	�b� Y +��$NO?��Q�eDf=������������C�����	=#g	�oH �
show ����>�����=;W	����
�e� Y ?��$N�+���
	�b� Y ?��$NO?��Q�eDf=������������C�����	=#g	�oH �

Figure14: Displayrulesfor Chart

Exercise4: Draw thebox andarrow diagramof thechartparserandaddtherulesgivenin Figure13 to
Input/Outputsothatwordsareappropriatelyaddedto thechartasthey arereceived. Also addthedisplay
rulesgiven in Figure14 to Chart. Testthesystemby opening Chart in Current Display view andrunning
themodelover several trials. On eachtrial, thewordsmaking up onestimulussentenceshouldappearon
thechart,togetherwith edgescorresponding to eachword. 9
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4.2.3 Lexical Look-Up and Creating Chart Edges

Oncea word is enteredon thechart,it is straightforwardto enterits correspondinggrammaticalcategory
by looking up thatcategory in a lexicon (i.e.,a list of wordsandtheir properties).If Lexiconcontains the
syntacticcategory of all known words,thenthis maybeachieved by a singlerulewithin ElaborateChart,
asin Rule1 of Figure15. Therulematchesanelement in Chart, looksupits category in Lexicon, andadds
a category edgeat thenext level to Chart. TheruleassumesthatLexiconcontains termsof theform:

=���
	��I	����:�� 
�W����K&���
	�
=���
	��I	����:�� g�;
�
	��>���Q=;>��
=���
	��I	����:���&���I%�p=;>	�

Rule 1 (refracted): Lexical look-up
IF: ��&�I��%��L�+��$L�?��"B	����&�C@��J�KA�?�� is in Chart

=���
	��I	����:��C@��$X�� is in Lexicon
A is A?qRr?

THEN: add ��&�I	����L	+��$LO?��p=���
��sX��Q�$A�� to Chart

Rule 2 (refracted): ApplyUnary GrammarRules
IF: ��&�I��%��L�+��$L�?��p=���
���X�?;�J�KA�?�� is in Chart

���������sX%�eD X?pH � is in GrammarRules
A is A?qRr?

THEN: add ��&�I	����L	+��$LO?��p=���
��sX��Q�$A�� to Chart

Rule 3 (refracted): ApplyBinary GrammarRules
IF: ��&�I��%��L�+��$L�?��p=���
���X�?;�J�KA�?�� is in Chart

��&�I	����LO?��$L	P��p=���
��sX�P��Q�$A�P�� is in Chart
���������sX%�eD X?��KX�P�H � is in GrammarRules
A is '%��U���A�?��$A�P��Rr?

THEN: add ��&�I	����L	+��$L	P��p=���
��sX��Q�$A�� to Chart

Figure15: Rulesfor adding edgesto Chart (from ElaborateChart)

Exercise5: Add Rule 1 to Elaborate Chart to perform lexical lookup. Also addsomelexical entries
to Lexicon. Testthepartialmodel by running it on various testsentences.Do this by specifying the test
sentencesin theExperimentermodule. 9
4.2.4 Building Phrases

It is intendedthatphrasestructure rules(suchasS , NP VP) arerepresentedin GrammarRules, andthat
thisbuffer is accessedwhenapplying phrasestructurerules.GrammarRulesmight thereforecontainterms
suchas:

�������������eD >����$����H �
��������� >����D &���
�Q=;>�HC�
��������� >����D ��>�H �

Here,thefirst argumentof ������� /2 specifiesthesyntacticcategory on the left sideof thephrasestructure
rule andthe secondargumentis a list specifying thecategories (in order) on the right sideof thephrase
structurerule. Unary phrasestructurerules (i.e., rules of the form NP , PN, wherethereis a single
category ontheright sideof therule)maythenbeappliedwith a COGENT rulesuchasRule2 in Figure15.
Similarly, binary phrasestructurerules(e.g., S , NP VP) may be appliedwith a rule suchasRule 3.
Rule 3 extends theuseof termsof the form ��&�I	�%� L	+��"LO?��Q=���
���&���
	�J�$A�� within thechart,suchthat edges
mayspansequencesof words(e.g., ��&�I	�%�s+��tP��p=���
�� >����Q�KP�� ).
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Exercise 6: Add appropriate phrasestructure rules to Grammar Rules. Also add the above rules to
Elaborate Chart. Test the model on a rangeof sentences.The modelshouldnow be ableto construct
completechartsfor all sentencesspecifiedby thegrammar. 9
4.2.5 Discussionof the Model

Thechart-parserdescribedaboveis extremely simple,yet it is complete. It is bottom-upbecauseparsingis
driven by theaddition of wordsto thechart.Thechartis thenexpanded“upwards” (from lexical categories
to phrasalcategories) as far as possible. If at any stagein processingno further additions to the chart
are possible,the systemquiesces(i.e., no more rules fire), and Experimenter sendsin the next word.
Thesystemis parallelbecauseCOGENT’s default behaviour is parallel. If multiple additionsto thechart
aresimultaneously possible,then thoseadditions will be madesimultaneously. In particular, if a word
is syntacticallyambiguous(i.e., hastwo possiblesyntacticcategories),both categories will be addedto
the chartsimultaneously, andanalysesbasedon bothcategories will be explored in parallel. While this
resultsin a messychartwith alternative analysesappearingto over-write eachother, it doesnot affect
theperformanceof theparser. Subsequentsectionsof this tutorial will explore modificationsto both the
bottom-upandparallelnatureof this system.

Exercise7: Extendthelexiconandgrammarrules.For aparticular challenge,try to addphrasestructure
rulesthatallow sentencessuchasThekittenthat chasesthedog bitesthemanandThekittenthat thedog
chasesbitesthewoman. For presentpurposes,restrictattentionto sentencesin thesimplepresent tense.

9
Exercise8: The COGENT rules for applying unaryandbinary phrasestructure rulescontainsomere-
dundancy. They arealsoinsufficient for casesinvolving ternaryphrasestructure rules(andotherhigher
orderphrasestructurerules).Suchrulesappearto beimplicatedin a rangeof grammatical constructions,
suchasthoseinvolving verbs with multiple complements(e.g.,dative verbs,suchasgive, andsomeverbs
with infinitival complements,suchaspromiseandpersuade). Mergethe two COGENT rulesfor building
phrasesinto a singlerule that canapply irrespective of the number of elements on the right sideof the
phrasestructure rule. It maybeusefulto approachthis exerciseby creatinga user-definedcondition (e.g.,
�;����>� /3) thattakesasargumentstwo integers(representingvertices)anda list of syntacticcategoriesand
succeedsif the list of syntacticcategoriesspansthetwo vertices.Another user-definedcondition maybe
requiredto determine thelevel of spanningelementson thechart. 9
4.3 Extending the Grammar: Agreement

Onedifficulty with theparserdevelopedabove is that,if givenappropriatelexical entries,it will success-
fully parseill-for medsentencessuchasthefollowing:

a. JohnchaseMary
b. Everykittenbite thedog
c. A kittensrun

(4)

This is actuallya difficulty with thegrammar (i.e., the rulesof syntax),andnot theparser. For example,
nounphraseswithin Englishcannot consistof any determiner followedby any commonnoun: thedeter-
minerandcommon noun mustbothbeeithersingular or plural.Thus,a kittensis anill-formednounphrase
becausethedeterminer (a) is singularbut thecommonnoun (kittens) is plural.

Oneway in whichnumber agreementmaybecorrectly takeninto account is by elaborating thelexicon
with number informationandaddingagreement specificationsto thegrammar rules. Theformer maybe
achieved by replacinglexical entriessuchas:

=���
���I	����:�*���$&���
��
=���
���I	����:��
�W	���K&���
	�
=���
���I	����:��g��
�
	��>���p=;>��

with:
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Table1: Pronounsandtheirperson/number/casefeatures

Number/Case
sing/nom sing/acc plural/nom plural/acc

1 I me we us

P
er

so
n

2 you you you you
3 he/she him/her they them

=���
���I	����:�*���$&���
�����e>�I	�"�
=���
���I	����:��
�W	���K&���
�� �$�
=���
���I	����:��g��
�
	��>���p=;>� �������	�����"�

Notethatbecausethecanbesingular or plural, its numberspecificationis left asavariable (theunderscore
character).

Thelattermaybeachievedby replacing grammarrulessuchas:

�������%� >�����D &���
�Q=;>�HC�
with:

�������%� >��O��L���'�J��D &���
�� L���'�J�Q=;>O� L���'%�oH �
which indicatethatanoun phrasewith numberspecificationL���' mayconsistof adeterminerwith number
specificationL���' followed by acommon nounwith thesamenumber specification.

Similarly, therule thatlicensesverb phrasesheadedby transitiveverbs:

�������%��������D 
����>���HC�
mustbeelaboratedwith number agreementspecifications:

�������%�����O��L���'�J��D 
���� L���'�J�">��O� �oH �
Theunderscorecharacterisusedin thisruleto indicatethatthenumberfeatureof thenounphrasefollowing
a transitive verbis independent of thenumberfeatureof thetransitive verbor theverbphraseasa whole.
Thus,chasesthe kitten andchasesthe kittensareboth singularverb phrases,because they canboth be
precededbyasingularnounphrase(e.g., John) to yieldawell-formedsentence.Neithercanbelegitimately
precededby a plural noun phrase(e.g., thedogs) to yield a well-formedsentence.In contrast,chasethe
kittenandchasethekittensarebothplural, asthey canbothbepreceded by a plural noun phraseto yield
well-formedsentences.

Exercise9: Extendthe lexicon andthegrammar ruleswith number information. Checkthat theparser
now correctly discriminatesbetweensentenceswith correctnumberagreementandsentenceswith incorrect
numberagreement by providing a range of grammaticalandungrammaticalexamplesin Stimuli. 9
Two otherforms of agreement of relevance to Englishnoun andverb phrasesconcern personandcase.
Personmaybefirst (e.g.,I, me, we), second(e.g.,you) or third (e.g.,he, she, it, him her, them). Casemay
benominative (e.g.,I, heshe) or accusative (e.g., me, himher).

Personandcaseagreementareseenmostclearlyin noun phrasesconsistingof pronouns.Thus,Table1
shows standard pronounsfor the various combinationsof person,caseandnumber. Personandnumber
features alsoapplyto verbs.Hencea tablesimilar to Table1 couldalsobeconstructed for eachverb.

Grammaticality requiresthatnoun phrasesin subjectpositionmustbenominative caseandtheperson
featureof thesubjectnounphrasemustagreewith thepersonfeature of thefollowing verb phrase.Noun
phrasesin objectposition(i.e., following a transitiveverbwithin averbphrasebasedonthatverb)mustbe
accusative case.To ensureagreementof all features(number, personandcase),all phrasestructurerules
relatingto nounphrasesandverb phrasesmustberevisedto includenumber, person andcasefeatures.For
example:

S , NP(L���'������ , u	���%����> , nom) VP(L���'��	��� , u	���%����> )
VP(L���'������ , u	���%����> ) , TV( L���'��	��� , u	���%����> ) NP( , , acc)
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1
The kittens bite the dog

2 3 4 50

det

np/cn

cn

np

det cn

np/cn

tv

vp/np

s/vp

s/np

s/cn

s

Figure16: A fully incremental chartfor thekittensbite thedog

NP(L���'������ , 3, ) , Det(L���'������ ) CN(L���'������ )
NP(L���'������ , u	���%����> , X������ ) , PN(L���'������ , u����%����> , X������ )

In theserules L���'������ , u����%����> andtheunderscorecharacterrepresentvariables.

Exercise 10: Extend the lexicon and grammar to include agreement on number, personand case,as
describedabove. Testyoursolutionwith sentencescontainingpronounsin a variety of forms. 9

5 SentenceProcessing:Towards Incr ementalInter pretation

It is generallyagreed thatsentenceprocessingis incremental,in thesensethatwordsin aninputstreamare
incorporatedinto mentalstructuresasthey areencountered,andnotat, for example, theendof a phraseor
sentence(cf. Mitchell, 1994; Crocker, 1999). On this count,thebottom-upparallelchartparserdescribed
above lackspsychologicalplausibility. Whenparsingthekittensbite thedog, for example, theparsermust
parsethe complete verb phrase(bite the dog) beforecombining it with the noun phrase. Worse,after
processingthekittenstheparserhasno expectationsabout thenext word or phrase.Englishspeakers, in
contrast,know thatthenext constituent is likely to beaverbphrase(or, in certainsituations,anounphrase
modifiersuchasin thegarden).

5.1 Left Corner Parsing

Thebottom-upparsingalgorithm canbemodifiedto incorporateincrementalprocessingandprediction by
the introductionof “active” chartedges.An active edgeis onethat represents an incompleteconstituent.
Thus,in Figure16, theedgelabellednp/cn,andspanning thefirst instanceof the, is anactive edge corre-
sponding to anincompletenounphrase.Thenotation np/cnindicatesthattheedgemustbemergedwith an
edgelabelledcn(andhencespanning acommon noun) to yield acompletenoun phrase.Thenp/cnedgeis
licensedby thegrammarrule thatstatesthatanoun phraseconsistsof adeterminer followedby acommon
noun.

In thefigure theedgelabellednp/cnandspanning theis followedby anedgelabelledcn(andspanning
kittens). Theseedgestogetherlicensea furtheredge,labellednp andspanning thekittens. Thegrammar
rule thatstatesa sentenceconsistsof a nounphrasefollowedby a verb phraseallows anotheractive edge
spanning the kittensto be added to the chart. This edgeis labelleds/vp, indicatingthat the kittensis a
sentencethatis missinga verbphrase.

Thetransitiveverbbitesmaysimilarly bespannedby anedgelabelledvp/np(becausea transitiveverb
is equivalentto averbphrasemissinganounphrase).Incrementalprocessingmaybemaintainedbyadding
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anedgespanning thesentenceinitial fragment(labelleds/vp)andtheverbphraseinitial fragment(labelled
vp/np). Together, thefragmentsyield a sentencemissinga noun phrase,sothenew edge is labelleds/np.
Similar principles licensean edgeincorporatingthe seconddeterminer (labelleds/cn)andthe final edge
spanning theentiresentence. Figure16 shows thecompletechart resultingfrom this approach. Thechart
is fully incrementalbecauseeachsuccessivewordmaybeincorporatedinto thestructure to its left.

Theincremental techniquedependsuponthreeaugmentationsto theearlierapproach:
1. allowing projectionof edgescorresponding to completeconstituentsto active edgesspanningthose

constituents(e.g.,projection from a completeY constituent to anincompleteX/Z constituent span-
ningthesamematerial,for eachgrammarruleof theform X , Y Z);

2. allowing anedgelabelledX/Y followedby anedgelabelledY to bespannedby anedgelabelledX;
and

3. allowing anedgelabelledX/Y followedby anedgelabelledY/Z to bespannedby anedgelabelled
X/Z.

Thefirst two of theseaugmentationscharacterisethe“left corner” family of parsingalgorithms.(Sonamed
because,in augmentation1, theconstituentY is theleft corner of thephraseX, sophrasesareintroduced
whentheir left cornersareencountered.) Thethird augmentation,which is sometimes referredto ascom-
position,is notessentialfor successfulleft-cornerparsingbut allowsgreaterincrementality.

5.2 A Parallel Model of Left Corner Parsing

Conversionof theparserdevelopedin Section4.2to a left corner parserrequiresmodification only of the
representationsof syntacticcategoriesandtheruleswithin ElaborateChart for creatingedgesonthechart.
No modificationsarerequiredto theLexiconor GrammarRules.

Full generality requiresthatit bepossibleto represent severaldifferentkindsof syntacticcategory. The
simplestarethosecorresponding to completeconstituents(with no missingconstituents),suchasnp, vp,
ands. Incompleteconstituentslackingonesub-constituentwereillustratedabove,but in general incomplete
constituentsmaylackmultiplesub-constituents,asillustratedby dativeverbs (suchasgive), whichrequire
anounphraseandaprepositionalphraseto form acompleteverbphrase.(Thiscorresponds to thefactthat
dativeverbsareintroducedby ternary phrasestructurerules.)For full generality it is thereforeappropriate
to representsyntacticcategories asstructuresof the form ��
	�;'v������#
 , where ��
	��' is themaincategory,
and �����#
 is a list of the categories of missingconstituents.This approach allows all categories to be
representedin auniform manner, for example:

>���v�DpH : thekittens
��v�D ����H : thekittens
��v�DpH : thekittensbite thedog
>���v�Df=�>�H : the
����v�D >���H : bite
����v�D >����"����H : gave
����v�Df=�>��"����H : gavea
��v�Df=;>�"����H : thekittensgavea

Giventhisrepresentationtheactionof therulefor lexical look-up(Rule1 fromFigure15)mustbemodified
to specifythatlexical itemscorrespondto completeconstituents,asin Rule1 of Figure17.

A secondrule is requiredto applyphrasestructurerulesby projecting upfrom their left corners. Rule2
of Figure17 applieswhenChart containsanedgecorrespondingto a completeconstituent andGrammar
Rulescontains a phrasestructure rule with thatconstituentasits left corner. Thelist representationsused
for missingconstituentsensurethatRule2 mayapplyfor all phrasestructurerules,including unaryphrase
structurerules(e.g., projectinganintransitive verb( �;��v�DpH ) up to a completeverbphrase( ����v�DQH )), binary
phrasestructurerules(e.g.,projectinga determiner ( &���
	v	DJH ) up to anincompletenounphrase( >���v�Df=;>�H )),
andhigher-orderphrasestructurerules (e.g., projecting a dative verb ( &���v�DJH ) up to an incomplete verb
phrase( ����v�D >����"����H )).

GivenRules1 and2, a third rule(Rule3 in Figure17) is requiredto mergeedges.Rule3 applieswhen
a partial constituent is followedby a complete constituent of an appropriatetype. Its actionis to addan
edgespanningthosetwo constituents.
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Rule 1 (refracted): Lexical look-up
IF: ��&�I��%��L�+��$L�?��"B	����&�C@��J�KA�?�� is in Chart

=���
	��I	����:��C@��$X�� is in Lexicon
A is A?qRr?

THEN: add ��&�I	����L	+��$LO?��p=���
��sX�v	D$HC�Q�$A�� to Chart

Rule 2 (refracted): Projectcompleteconstituents
IF: ��&�I��%��L�+��$L�?��p=���
���X�?#v�D"H �J�$A�?;� is in Chart

���������sX%�eD X?�F G	������H � is in GrammarRules
A is A?qRr?

THEN: add ��&�I	����L	+��$LO?��p=���
��sX�v#G	�������J�KA�� to Chart

Rule 3 (refracted): Merge activeedgeswith followingedge
IF: ��&�I��%��L�+��$L�?��p=���
���X	v	D EOF G�H �J�KA�?e� is in Chart

��&�I	����LO?��$L	P��p=���
���E	v	D�H �J�KA�P�� is in Chart
A is '%��U���A�?��$A�P��Rr?

THEN: add ��&�I	����L	+��$L	P��p=���
��sX�v#G	�J�$A�� to Chart

Figure17: Rulesfor parallelleft-corner parsing

Exercise11: The threerulesin Figure17, together with the triggeredrulesfor adding initial edgesto
thechart(Rules1 and2 in Figure13), constitutea complete,parallel,left-cornerparser. No user-defined
conditions are required. Createa new chartparsermodel (basedon the model developedearlier in the
tutorial)andconvert it to aleft-cornerparserby replacing therelevantcontentsof ElaborateChartwith the
above rules.Testtheparseronarangeof sentences. 9
Exercise12: Rule3 from Figure17only allows thecombinationof edges whenthesecondedgespansa
completeconstituent. Therule thereforedoesnot allow composition. Many constructions licensedby the
phrasestructurerulesgiven earlierin thetutorial cannottherefore beparsedin a fully incrementalfashion
by aparserbasedonly on therulesin Figure17. Modify Rule3 to overcomethis restriction. 9

6 SentenceProcessing:Serial Parsing

All parsers developedthusfar have operated in parallel. At eachstageof processing,all possibleparse
structureshavebeengenerated,and,in thecaseof constituentswith multiplepossiblestructures(including
both local andglobalambiguity) all structureshave beenpursuedin parallel. COGENT is well suitedto
the developmentof parallelparsingsystems,but garden pathsentences(as in Example 3) provide clear
evidencethattheHSPMdoesnotwork this way, for if it did suchsentenceswouldpresent noproblem:all
parsestructureswouldbeexploredin parallelandtheincorrect gardenpathstructure wouldnotprevent or
impactupon thesimultaneousgenerationof thecorrect andcompletestructure.

Theorists have adopteddifferent interpretationsof gardenpathandrelatedphenomena(seeMitchell
(1994) for a review). On someaccounts, parsingis a parallelprocesssimilar to thatdescribedabove, but
alternativeparsestructuresarerankedin orderof preference(e.g., MacDonald,Pearlmutter, & Seidenberg,
1994; Trueswell& Tanenhaus,1994; Vosse& Kempen,2000). Gardenpathsentencesarethosethatrequire
a high-ranking parseto bediscontinuedanda low-ranking parseto beshiftedto thetop of therankorder.
On otheraccounts, parsingis a strictly serial processin which a singlestructure,corresponding to the
“preferredreading”, is constructedduring processing(e.g.,Frazier& Fodor, 1978; Abney, 1989).

6.1 Computational Requirements of Serial Parsing

Within serial parsingmodels, at eachpoint of potentialambiguity the parserselectsone structureand
ignoresall others.If this structure provesto beincorrect (asin a gardenpath),thentheparserretracesits
steps(or backtracks)to apreviouspointof ambiguity, disassemblingincorrectlyparsedconstituentsonthe
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way, andselectsa different structure to pursue.On this view, gardenpathsentencescausethe parserto
backtrack.In severecasesthisbacktracking mayfail, yielding grammaticalsentencesthatcannot beparsed
(i.e.,adissociationbetweenlinguisticcompetenceandlinguistic performance).

Serial linguistic processingtherefore hasseveral computationalrequirements.First, at eachstageof
processingtheparsermustselectbetweenelaborating existingmemory structures(i.e., in thecurrentcon-
text, addinga new edgespanning existing chartelements),processingthe next word, or backtracking to
somepreviousstateof processing. If multiple sources of informationderiving from, for example, seman-
tic context, syntacticprocessingpreferences,or statisticalbiases,maycontribute to this selection— and
someempirical work suggeststhat this is the case— then the selectionprocessbearssomesimilarity
to the processof operatorselectionin problem solving; seealsoNewell (1990, pp. 440–459)andLewis
(1993)). Recallthatoperatorselectionis amulti-stepprocess,in whichoperatorsarefirst proposedandthen
evaluated. This allows multiple sourcesof informationto contributeto anoperator’s evaluation. Whenall
operatorshavebeenevaluated, theoperatorwith thehighestevaluation is selectedandapplied. Theprocess
thenrepeats.

Thesecondcomputationalrequirementof serialparsingis that,at leastin thecontext of chartparsing,
processingshouldinvolve depth-first ratherthanbreadth-first searchof the parsespace.That is, parsing
shouldinvolve building a structurerepresenting onepossibleparse,andabandoningthis only if andwhen
it provescounter-productive. Chartparsingasdescribedin the previous sectionstendsto build a chart
in which all edges(representingall possibleparses)arepresent.Serialparsingwithin the chartparsing
framework therefore requiresinhibiting theproductionof someedges.Specifically, serialparsingrequires
thatonceanedgehasbeenspanned(i.e.,coveredby anew edge), it shouldbecomeunavailable for further
processing.

A third computationalrequirementis thatpreviousstatesof theparsermustberecoverablewhenback-
trackingis required. Within the context of chart parsingprevious statesof the parserarerepresentedby
edgeson thechartthatarespannedby other, newer, edges. Backtracking thereforeconsistsprimarily of
removing edgesfrom thechart, thusexposingedgesaddedearlier, andmakingthemonce againavailable
for processing. Backtracking alsorequiresthat,whenreparsingaconstituent, thesystemyieldsanalterna-
tiveparse.Thus,whenmultiplewaysof combining constituentsareavailable,theparsermustdifferentiate
betweenthosethathavebeenpursuedandfound to bewanting,andthosethatremainto bepursued.

In sum,serialchartparsingmaybeachievedwith a systembasedon operator proposal,selection,and
application, wheretheprincipal parsingoperator is “addanedge”,wherebacktracking(whichinvolvesthe
removal of edges)maybe triggeredif no operators areavailable,andwherea mechanismis includedto
allow thesystemto recover from backtracking with analternativeparse.

6.2 A Serial Model of Left Corner Parsing

6.2.1 The BasicAr chitecture

Figure18 shows a box andarrow diagramfor anoperator-basedserialchartparser. Thediagramdiffers
from theparallelnon-operator-basedversion(Figure12) in two principal ways.First, theElaborate Chart
processhasbeenreplacedby threecomponents:ProposeOperators(aprocesscontaining rulesthatinspect
Chartandproposepossibleoperatorsandevaluations),Operators(abuffer in whichproposedoperatorsare
stored),andApplyOperator (a processthatselectstheoperator in Operators with thegreatestevaluation
andappliesit to Chart). Second, theInput/Outputprocesshasbeendeleted.In its place,ProposeOperators
hasreadaccessto Paper. This configurationof componentsassumesthatthereadingof wordsis achieved
through selectionandapplication of an appropriateoperator (rather thanthrougha separateinput/output
process).

Theuseof anoperator to readthenext word requiresa rule within ProposeOperators to proposethe
operator at theappropriatetime(i.e.,whennootheroperatorsarebeingprocessed), andarulewithin Apply
Operator to applysuchanoperator if it is selected.

Incrementalprocessingsuggeststhatoperatorproposalshouldinvolveproposinganoperatorto readthe
next wordateachstagein processing, but thattheoperator shouldhavealow evaluation (sothatprocessing
of previously readwordsis preferred). Rule 1 of Figure 19 is appropriate. This rule will only fire when
Operators is empty. If thereis anunreadword, anoperator to readthatwordwill beproposed(i.e.,added
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Figure18: Theboxandarrow structureof theserialchartparser

to Operators), andgivenanevaluationof zero.

Rule 1 (unrefracted): Proposereadingof next word
IF: not w�>�:�x��	���	��
	���%� is in Operators

>���U�
 ��>�������& B�����&%� @�����&��
THEN: add ����������
	�����s��&�& B	����&�C@�����&��Q�"�	�����	�%�*+��$� to Operators

Condition Definition: >���U�
 ��>��	����& B�����& /1: Getthenext word fromthepaper
>���U�
 ��>�������& B�����&%� @�����&��8y	j

not ��&�I	�%� � �"B�����&� �J� � � is in Chart
B�����&�s+���@�����&�� is in Paper

>���U�
 ��>�������& B�����&%� @�����&��8y	j
��&�I	�%� �"L��B�����&%� �Q� � � is in Chart
not ��&�I	�%� L� ��B�����&� �J� � � is in Chart
B�����&� L��@�����&�� is in Paper

Figure19: An operatorproposalrule for readingthenext word

Exercise13: Createacopy of thepreviousversionof theleft cornerparserandperformthemodifications
to boththetop-level andtheSubjectboxandarrow diagramsnecessaryfor anoperator-basedapproach(cf.
Figure18). Add Rule1 andthedefinitionof >���U�
 ��>��	����& B�����& /1 from Figure19 to ProposeOperators.
(Hint: Thecondition shouldcomparethewordson Paperwith thewords enteredin Chart. If thereareno
wordson Chart, theargumentshould beunifiedwith thefirst word on Paper. If therearesomewordson
Chart, theindex of theright-mostwordshouldbeusedto identify thenext wordin Paper, andtheargument
shouldbeunifiedwith this.) Testthemodifications. Thesystemshouldbegin by proposinganoperatorto
addthefirst input word to thechart. 9
With theoperatorproposalruleof Figure19,onlyoneoperator will beproposedatatime,andthatoperator
will alwayshave anevaluationof zero. In general, however, multiple operatorswith differentevaluations
maybeproposedduring theparsing process.ApplyOperator requiresarulefor selectingfromtheavailable
operatorsoneoperatorwith thehighestvalue. Theruleshouldfire wheneverOperators contains evaluated
operators,andshouldchangethestatusof oneof thoseoperators(theselectedoperator) to ��������=#
���& . This
effect is achievedby Rule1 of Figure20.
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Rule 1 (unrefracted; once):Selectanoperator
IF: �������	��
	����ox��	���	��
	���%�"�	�����	���sz�=��������"� is in Operators

not �������	��
������ w�>�:�x���p��������=�
	��&�� is in Operators
not �������	��
������*x�
�W����	x����"�����;���%�*x�
�W����	z	=����	���"� is in Operators

x�
�W����	z	=����	� is greaterthan z�=����	�
THEN: deleteall ����������
	����� w�>�:	x����"�	�����	��� w�>�:�!������"� from Operators

add ���	���	��
	�����ox#�����	��
�����Q��������=#
���&�� to Operators

Rule 2 (refracted): Adda word to thenext positionof thechart
IF: �������	��
	����*��&�& B�����&%� @��J�Q��������=;
	��&�� is in Operators

I	��
 B�����& ��������
����> �����	�;'��
����%�	� L	+��"LO?;�
THEN: add ��&�I	����L	+��$LO?��"B�����&�C@��Q��@��K+�� to Chart

Figure20: Selectedoperator selection/application rulesfor ApplyOperator

Rulesarealsorequired to applyselectedoperators.Thus, if an ��&�& B�����& /1 operatoris selected,a new
wordedgeshould beaddedto thechart asin Rule2of Figure20.Otheroperators(asintroducedbelow) will
require additional operator application rules. Rule 2 assumesthat I���
 B�����& �	�����;
�#��> �����	�;'%��
	���%� /2
determinestheverticesof theedge.If thechartis empty, this condition shouldbind its argumentsto + and
? . Otherwisetheverticesshouldbedeterminedfrom thevaluesof theright-mostwordon thechart.

A furtherrule(not presentedhere) is requiredin Apply Operator to removeselectedoperatorsoncethey
havebeenapplied. While thiscouldbeachievedby adding anappropriatedeleteactionto Rule2 above,the
actionis requiredfor all operator application rules,andsois betterperformedby a singlegeneral purpose
rule thatcaptures thisgeneral fact.

Exercise14: Add the operator selectionandapplication rulesasdescribedabove (including a rule for
deletingselectedoperators). Testyour solution. The systemshouldnow proposeandapply a seriesof
operators, resultingin all wordsin thestimulusinput for thecurrent trial being added, in an incremental
fashion,to thechart. 9
Exercise15: Theremainderof theparsing modelmaynow beconvertedto a serial,operator-based,left
corner, parser. Furtheroperatorproposalrulesarerequiredfor thethreeedgeadditionrulespreviouslyde-
finedin ElaborateChart (for lexical look-up,projection from theleft-cornerof aphrasestructurerule,and
compositionof consecutive constituents).Eachoperatorproposalrule should,like theoperatorproposal
ruleabove,only fire whenOperators is empty(i.e.,whenprocessingof thepreviousoperatoris complete),
andshouldaddoperator specifications (i.e.,elements representingedgesto beadded) to Operators. These
operators shouldalwaysbe preferredto the ��&�& B	����& /1 operator, but asyet we have no justificationfor
favouring oneover the other. Therefore give the operatorsgeneratedby eachrule equalpositive evalua-
tions.For present purposesdonotattemptto restrictoperators to edgesthatarenototherwisespanned, and
do not attemptto includebacktracking. (This versionof the parserwill therefore not attemptdepth-first
parsing, but will perform a serialversionof breadth-first parsing.) 9
Exercise16: The following grammar fragment licensesgarden pathsentencessuchas thehorseraced
pastthebarn fell:

NP , PN PN: john, mary
NP , Det(Num) CN(Num) Det(sing): a,every
CN(Num) , CN(Num) RedRel Det( ): the
RedRel, VP CN(sing):horse,barn
VP , IV IV: fell
VP , TV(Comp) Comp TV(PP(move)): raced
PP(X) , Prep(X) NP Prep(move): through,past
S , NP VP CN(plural): horses,barns
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Thegardenpatheffectarisesin thegrammarbecausetheclauseracedparsedthebarnmaybeanalysedas
a constituent of typeRedRel(a reducedrelativeclause,thatmaymodify a common noun) or a constituent
of typeVP. Notealsothatthegrammar includestherule:

VP , TV(Comp) Comp

This is a“meta-rule” thatlicensesavarietyof transitiveverb-typeconstructions.In thegrammarthelexical
category of racedis definedasTV(PP(move))(i.e.,atransitiveverb takingasinglecomplementof category
PP(move). Themeta-rulethereforelicensesphrasessuchasracedpastthebarn(becauseotherruleslicense
pastthebarnasa constituent of categoryPP(move)). If thegrammaralsoincludeda lexical entrysuchas
chased, of category VP(NP),thesamemeta-rule would licenseVP phrasessuchaschasedthehorses.

Replacetheexistinglexiconandgrammarruleswith theabove,andsubstituteappropriatetestsentences
(involving gardenpathandnon-garden pathsentenceslicensedby thegrammar)in theExperimenter mod-
ule. Testtheparser. It shouldprovide correctparsesfor bothgardenpathandnon-gardenpathsentences
of thegrammar. It shouldalsoprovideunusualparsesfor variousconstituents.For example, thehorsefell
shouldbe parsable asbotha completesentenceandasa nounphrase(via the reducedrelative construc-
tion). (In fact,thehorsefell is notagrammatical nounphraseof English.It is only licensedassuchby this
grammar becausethegrammar lacksfeaturesmarking aspect.Specifically, reducedrelative constructions
requirea verb phrasein progressive form (e.g.,racedpastthebarnor felled), ratherthanonein thesimple
past(e.g., fell).) 9
6.2.2 Restricting Operator Proposal

As notedabove, serial (depth-first) parsingimplies that thereis onesyntacticstructureunderconstruc-
tion at a time, and that, when addingedgesto the chart, only operators that extend this structureare
proposed. Operatorsthat contribute to otherstructuresor that reanalyse existing sub-structuresarenot
proposed. This may be achieved by adding extra conditions to the operator proposal rules that prevent
thoserulesfrom applying to edges thathavealreadybeenspanned.To illustrate,considerthedefinitionof
��&�I�� ��� �;����>�>���& /3 in Figure21. Thecondition is trueof anedgebetween@�+ and @M? andat level NO? if
andonly if thereis anotheredgeon thechartspanning at leastthesamevertices,but atahigherlevel. Any
suchhigher-level edgeshouldprevent the lower-level edgebeingusedto trigger the additionof another
edge.

Rule2 of Figure21 shows how ��&�I	� ��� ������>�>���& /3 maybeintegratedinto lexical look-up. With the
additionof thecondition to checkfor spanning edges, ��&�& ��&�I�� /4 operatorsderiving from lexical look-up
will only beproposedwhena word is nototherwisespanned.

Rule 2 (unrefracted): Proposelexical look-up
IF: not w�>�:�x��	���	��
	��� is in Operators

��&�I	����w��{���B�����&%� @��J�$A�� is in Chart
not ��&�I	� ��� �;�	��>�>���&%��w��{��$A��
=���
	��I	����:��C@��$X�� is in Lexicon
A�? is AiRr?

THEN: add ����������
	�����s��&�& ��&�I	�%� w��{��KX�v	DtHo�$A�?;�J�"�	���������*]��"� to Operators

Condition Definition: ��&�I	� ��� ������>�>���& /3: Is anedgealreadyspanned?
��&�I	� ��� �;����>�>	��&�C@�+���@M?��$A�?;�cy	j

��&�I	�%� L	+��"LO?��$X%�$A�� is in Chart
@�+ is not lessthan L	+
@M? is notgreater than L�?
A is greaterthan A�?

Figure21: A rule to restrictlexical lookup(from ProposeOperators)

Exercise17: Add thedefinitionof ��&�I	� ��� ������>�>���& /3 fromFigure21toProposeOperatorsandmodify
all operator proposal rules to block the proposalof operatorsthat involve edges that have alreadybeen
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0 1 2 3 4 5
The horse raced past john

s/[np] np/[]

Figure22: A partialchartfor thehorseracedpastjohn

spanned. Testthemodel. It shouldnow only build oneparsefor any constituent. Thatis, it should now be
bothincrementalandsequential.Notehowever thatthis versionof theparserwill notbeableto backtrack
or recover from incorrectparsingattempts:oncea parsehasbeenestablishedfor a constituent, thatparse
cannot bealteredor decomposed. 9
6.2.3 Simplified Operator Evaluation

In the model developedthus far thereare threesituationsthat may lead to an edgebeingaddedto the
chart:lexical look-up,projectionfrom theright-cornerof aphraseto its parentphrase,andcompositionof
consecutiveedges.With random operatorselection(asabove),therewill benobiastowardstheadditionof
any particular typeof edgewhenmultipleedgesresultingfrom thedifferentsituationsmight beadded. To
illustrate,considerthepartialchartin Figure22. Twopossibleedgesmightbeaddedatthispoint (assuming
thegrammar introducedin Exercise16):

1. Thetwo constituents mightbemergedthroughcomposition,yieldingan ��v	DQH constituent
2. The >���v�DpH constituent (john) could beprojectedupto ��v�D ����H (via thesententialruleS , NP VP)

In thesituationshown, thefirst of theseoptionsshouldbefavoured, anda generalparsingstrategy might
consistof alwaysfavouring compositionof edgesoverprojectionof left-corners.Within thecurrentframe-
work, this strategy may be enforcedby giving composition operators higher evaluations thanprojection
operators.

Exercise18: Alter theoperator proposalrulesto give highernumeric evaluations to composition opera-
tors thanprojection operators. Ensure that this resultsin appropriateoperatorselectionwhenparsingthe
example above. 9
The above operator evaluation strategy is näıve in many ways. For example, given a sentenceending
in a nounphrasefollowedby a prepositional phrase(e.g.,Example 1e), it will result in the noun phrase
beingattachedto the verb phraseand the sentencebefore processingof the prepositionalphrase. The
prepositionalphrasewill thenactasa sentencemodifier, ratherthana noun phrasemodifier. Thestrategy
thereforeconflicts with thatof lateclosure, identifiedby Kimball (1973). Lateclosuredemandsthatclause
modifiers areattachedif possiblebefore theclauseis “closed”. In theprepositionalphrasemodifiercase
alludedto above, this requires that the prepositional phraseis attachedto the noun phrase,and not to
the sentence.Kimball (1973) arguesthat late closurecaptureshumanambiguity resolutionpreferences.
However, violations of lateclosuredo occur. For example, CrainandSteedman(1985) andAltmannand
Steedman(1988) have demonstratedthatdifferent prior contexts canbiassentenceprocessing,leadingto
earlyclosurein somesituationsandlateclosurein others. In essence,they proposethata noun phraseis
closed(i.e., incorporatedinto thesententialstructure, through anoperation suchascomposition)precisely
whenit identifiesanappropriatereferent. Thus,in a context with multiple cats,a fragment beginning the
cat will leadto anexpectationof a modifierof theinitial nounphrase(suchasa restrictive relative clause
or a prepositionalphrase),but if thereis only onecatin thecontext, thesamefragmentwill beparsedasa
completenoun phrase.Incorporationof theproposalof Crain,Altmann& Steedmaninto thecurrentparser
requiresinclusionof a representationof context, anduseof this representationto biasoperatorevaluation.
Suchextensionsarebeyond thescopeof this tutorial.

Operator evaluation might alsobe biasedtowardspreferential applicationof certainphrasestructure
rules. For example, nounphrasemodification by a prepositionalphraseor a relative clausemaybe pre-
ferredover noun phrasemodificationby a reduced relative construction. Suchpreferencesmaybeincor-
porated into operator evaluation by taggingall phrasestructure ruleswith a numeric strength, andbasing
theevaluationof anoperatoron thestrengthof therule that licensestheoperator. Thestrengths of phrase
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structurerulesmight thenbemodified with use(e.g., adopting thelaws of exerciseandeffect (Thorndike,
1911), suchthatrulesarestrengthenedwhenusedsuccessfullyandweakenedwhenusedunsuccessfully).

6.2.4 Backtracking and Reanalysis

In order to allow backtrackingit is necessaryto recordpointsin processingwheremultipleoperatorsmight
apply. Thesepoints areknown aschoicepoints. If parsingfails, backtrackingmay thenbe achieved by
undoing all processingsincethelastchoicepoint,andselectinga different operator from thosepossibleat
thatchoicepoint. Multiple choicepointsmayoccur during normal processing.Full generality (i.e., com-
pletenessat thecompetencelevel) requires thatall suchchoicepointsarerecordedandthatbacktracking
alwaysinvolvesreturning to the mostrecentchoicepoint that hasn’t beenfully explored. It is therefore
appropriateto recordchoicepoints(andthecontext in whichthey occurred) onastack.Whenchoicepoints
areencountered,their detailsmaybepushed ontothestack.Whenbacktracking is triggeredthetop-most
choicepointmaybepoppedfrom thestackandits context restored.

To illustrate backtracking, considerthe processingthat ensuesafter parsingthe as an >���v	D|=;>�H and
horseasa =;>�v	DQH . Several operatorsareapplicable, including composingtheconstituents to give an >���v�DpH
constituent andprojecting horseto a =;>�v�D ����H (where��� denotesa reducedrelativeconstruction). This is a
choicepoint becausemorethanoneoperator is applicable.Processingshouldtherefore involve selecting
oneoperator to apply andpushingtheotheroperatorontothechoicepoint stack.Giventhenäıveevaluation
strategy above, theformer will beselected.If this selectionturnsout to beinappropriate(asin thecaseof
gardenpathsentences),backtrackingrequiresthat1) all edgesaddedto thechartafterthechoicepointare
removed,2) thesecondoperatoris selectedand3) processingresumesfrom thechoicepoint.

Extending the model developed thus far to include backtrackingrequires additionof a stackbuffer
(ChoicePoints) to Subject thatis readableandwritableby ApplyOperator. Theoriginaloperator selection
rule (Rule1 from Figure20) mayberetained, but additional rulesarerequired to pushchoice points onto
thestackwhenthey occur. This is achievedby Rules2 and3 in Figure23.

Rule 2 (unrefracted): Applytheselectedoperator, removeall others
IF: �������	��
	����ox��	���	��
	���%�Q�������	=;
	��&�� is in Operators
THEN: deleteall ����������
	����� � � from Operators

add ���	���	��
	�����ox#�����	��
�����K�������#:	� to Operators

Rule 3 (unrefracted): Pushunselectedoperators ontothestack
IF: �������	��
	����ox��	���	��
	���%�Q�������	=;
	��&�� is in Operators

x��� is thelist of all ���	���	��
	�����ox	�$�	�������%� !	�"� suchthat
�������	��
	����ox��"�	���#���%� !	�$� is in Operators
! is greaterthan +

x��� is distinctfrom DeH
I	��
 =���>�
���U�
���X���>�
���U�
	�

THEN: send����;W���=;W	����=������sX���>�
	��U�
�Jx;����"� to ChoicePoints

Condition Definition: I	��
 =���>�
	��U�
 /1: Getthecurrentcontext id
I	��
 =���>�
���U�
��s+��8y	j

not w�>�:�
�W��e>�I is in ChoicePoints
I	��
 =���>�
���U�
���X�?;�}y	j

=;W�����=����	��X%� � is in ChoicePoints
X�? is X_RS?

Figure 23: Operatorselectionrulesfrom ApplyOperator, modifiedto usea context andrecordchoice
points

Rule2 firesafteranoperator hasbeenselected.It changesthestateof theselectedoperator to ��������:
(signalingapplication of theoperator by additional rules)andremovesall otheroperators from Operators.

Rule 3 fires only whenmultiple operators areapplicable (i.e., whenoneoperator hasbeenselected
andwhenother, unselected,operators with positive evaluations remain). Severalaspectsof the rulesare
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critical. First, if the rule fires, it will fire in parallelwith Rule 2 (i.e., it will be triggered before Rule 2
removesall unselectedoperators).Second,if it firesit will pusharepresentationof thecurrent choicepoint
ontoChoicePoints. Thatrepresentationconsistsof a =;W�����=���� /2 term.Thefirst argumentof this termis a
representationof thecontext. Thesecondis thelist of unselectedoperatorswith positiveevaluations. This
meansthat if thereareseveral unselectedbut applicable operators, they will all bepushedonto thestack
within a singlechoice point. Therationalefor this is described below.

Therepresentationof context is determinedby I	��
 =���>�
	��U�
 /1, a definitionfor which is alsogivenin
Figure23. This definitiongivesa context valueof + if the choice point stackis emptyand X_RS? if the
top-mostelement of thechoicepoint stackwascreatedin context X . Thus, if thetop-most elementof the
choicepointstackwascreatedin context m , a call to I	��
 =���>�
	��U�
 /1 will bind its argumentto ] .

Operatorapplicationrulesfollow theformat setby Rule2 of Figure20,with two exceptions:
1. a rule is requiredto deleteappliedoperators,and
2. edgesmustinclude aspecificationof thecontext in which they wereadded.

Rule 4 in Figure24 addressesdeletionof appliedoperators. Rule 5 illustratesthe addition of a context
specificationto chartedges(cf. Figure20).

Rule 4 (unrefracted): Removeappliedoperators
IF: �������	��
	����ox��	���	��
	���%�K��������:�� is in Operators
THEN: delete�������	��
	�����*x���������
	�����t��������:�� from Operators

Rule 5 (unrefracted): Adda word to thenext positionof thechart
IF: �������	��
	����*��&�& B�����&%� @��J�K��������:�� is in Operators

I	��
 B�����& ��������
����> �����	�;'��
����%�	� L	+��"LO?;�
I	��
 =���>�
���U�
�� G	z��

THEN: add ��&�I	����L	+��$LO?��"B�����&�C@��Q�K+��"G	z�� to Chart

Figure24: Selectedoperator application rulesfrom Apply Operator, modifiedto usea context

Exercise19: Createa new modelbasedon the previous no-backtracking serialmodel, addthe Choice
Point stackto theSubject, andmodify therulesin Apply Operator asdescribedabove. (Be sureto include
a rule for applying ��&�& ��&�I	� /4 operators. Therule is not givenabove.) Testthemodel. It shouldbehave
muchasbefore,except thatasprocessingproceedsChoicePointsshouldgrow. 9
Utilisation of choicepoint informationrequiresdetection of parsingfailureand,on suchfailure,popping
the top elementof ChoicePointsandrestoring thecontext prior to pushing thatelement.Thethreerules
in Figure25 perform thenecessaryoperations.Also givenin thefigureis a definitionfor theuser-defined
condition �����%��� �;�=�=�������T���� /0,whichis truewhenandonlywhentheinput hasbeensuccessfullyparsed.

Rule7 restoresthecontext prior to thepreviouschoicepointby removingall edgesfromthechartwhose
context (or timestamp)is afterthatof thechoicepoint. Rule8 restoresall operators(andvaluations)which
werenot appliedwhenthechoicepoint wasfirst encountered.This allows processingto resume from the
selectionphaseof the operator processingcycle. Rule 9 removes the choicepoint from the stack. All
of theseruleswill fire in parallelwhenbacktracking is necessary. However, Rule 7 will have multiple
instantiationsif multiple chartedgeswereaddedin the previous context, andRule 8 will have multiple
instantiationsif severaloperatorswerepossibleat thepoppedchoicepoint.

With thegivendefinition, �	���%��� �;�=�=�������T���� /0 will betrueif andonly if thereis anedgeof category
��v�DpH (i.e.,acompletesentence)spanning theentirewordsequence.Thiscouldbeimprovedbut is sufficient
for present purposes.

6.2.5 Discussionof the Model

Themodel shouldnow beableto parseboth thehorseracedpastjohn andthehorseracedpastjohn fell,
but in thelattercaseparsingwill involve extensive backtrackingandreanalysis,andwill only bepossible
if thechoice point stack’s capacityis sufficient. Themodelthereforecapturessomeof theprincipal facts
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Rule 7 (unrefracted): Backtrack (stepa: removeunwantededges)
TRIGGER: �;:%�#
	�;' <����#����=���>�

IF: not �����%��� �;�%=�=������#T����

=;W�����=����	� G	z��tx���������
	������� is in ChoicePoints
��&�I	����L	+��$LO?��KX%�$A%�"G	z?;� is in Chart
G	z? is greaterthan G	z

THEN: delete��&�I	�%� L	+��"LO?��$X%�$A%�"G	z?;� from Chart

Rule 8 (unrefracted): Backtrack (stepb: unstack stackedoperators)
TRIGGER: �;:%�#
	�;' <����#����=���>�

IF: not �����%��� �;�%=�=������#T����

=;W�����=����	� G	z��tx���������
	������� is in ChoicePoints
x���������
	��� is a member of x������	��
	���%�

THEN: add x���������
	��� to Operators

Rule 9 (unrefracted): Backtrack (stepc: popthestack)
TRIGGER: �;:%�#
	�;' <����#����=���>�

IF: not �����%��� �;�%=�=������#T����

=;W�����=����	� G	z��tx���������
	������� is in ChoicePoints
THEN: send����� to ChoicePoints

Condition Definition: �����%��� �;�%=�=������#T���� /0: Hastheparsesucceeded?
�����%��� ���=�=�������T����ky�j

��&�I	�%�s+��"L�Q=���
��5��v�D H �J� � � is in Chart
not ��&�I	�%� L� ��B�����&� �J� � � is in Chart

Figure25: Rulesfrom ApplyOperator for processingchoice points

surroundinggardenpathsentences.Nevertheless,many aspectsof themodel areclearlyhighly simplified,
including thedetection of parsingfailureandtheevaluation of operators.

Considerfirst thedetectionof parsingfailure.This is crucialin triggering backtracking,but thecondi-
tion definitionsuggestedabovedepends on theparserbeinggiven self containedsentences.At first glance
this mayseemto require a further parserto segment thewordsin theinput into sentences.However, both
writtenandspokenlanguagecontaincuesthatmayassistin determining whenaphraseor sentenceis com-
plete(andhence whether parsinghasbeensuccessful).In thecaseof written language, thecuestake the
form of punctuation. In thecaseof spoken languagethecuesareembedded in theprosody, or changing
toneandrhythm, of theinput.

Operatorevaluationis perhaps theleastsatisfactoryaspectof themodel. Giving operatorsfixedeval-
uationsmeansthat theparsercannot adjustits performancein anattemptto minimisebacktracking, and
that theparseris insensitive to thegreater context in which a sentencemayoccur. Giventhis, themodel
is perhapsbetterviewedasa framework within which different approachesto operator evaluationmaybe
explored.

The construction of choicepoints alsorequires comment. Rule 3 in Figure23 builds a choicepoint
from the setof all applicable but non-selectedoperatorswith positive evaluations. Operators with zero
or negative evaluationsaretherefore excluded from thechoicepoint, and,becauseof themechanismfor
recovering whenbacktrackingoccurs, cannot be selectedon backtracking. This is primarily becauseof
the mechanism usedfor readingsuccessive words. At almostevery stagein processing,an ��&�& B�����& /1
operator is proposed,sothat theparsermayproceed to thenext word if processingof thepreviously read
wordsappearscomplete. If suchoperatorswereviewedasonaparwith legitimateoperators for projecting
wordsor combining categories,theneveryoperator selectionstepwouldbecomeachoicepoint. (To verify
this, try alteringtherulessothatoperatorswith zeroevaluationareincludedin thechoice point.)

The secondcritical featurerelevant to the construction of choicepoints concerns the situationwhen
multiple unselectedpositively evaluatedoperatorsexist. All suchoperators are included in the choice
point. Whenbacktracking occurs, the full setof suchoperatorsis recreatedin Operators, allowing the
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standardoperator selectionprocessto resume. If after selectiontherestill remainmultiple unselected
positively evaluatedoperators,thenthe choicepoint will be re-established,but with only the remaining
unselectedoperators.In this way, backtracking will if necessaryprogressin sequencethroughall possible
operators,irrespectiveof thenumberof possibleoperators.An alternativeapproachwouldbeto keeptrack
of thoseoperatorsthat hadbeenunsuccessfully applied (andthe context in which they hadfailed), and
thenallow regenerationof all operators whenbacktrackingoccurs.Failedoperatorscould thenbegiven
negativeevaluations.

Exercise20: Themodelasdevelopedabove is acompetencemodel in thesensethat,although it is serial
andmayperform complex backtracking while attemptingto parsea sequenceof words,it is ableto parse
all (andonly) sentencesof thegrammardefinedby its lexiconandphrasestructurerules.Onewayin which
performancefactorsmayimpingeuponthemodel’s behaviour is throughthecapacityof thechoicepoint
stack.Explore theeffectof restrictingthestack’scapacity(throughtheProperties panelof ChoicePoints).
How doesa limited stackaffect therange of sentencesthatmaybeparsed? 9

7 Conclusion

Thiscompletesthetutorial. To recap,COGENT hasbeenintroducedandusedto develop aseriesof models
of sentenceprocessing.Themodels illustratemany aspectsof theCOGENT approach,including: research
programmemanagement,theuseof boxandarrow diagramsatthemodel level, andthedivisionof amodel
into experimenterandsubjectmodules. They alsoillustrateCOGENT’s flexibility, with bothparalleland
serialmodels, andwith models usinginformationin bothtop-down andbottom-up ways.Thetutorial has
not attemptedto illustrateCOGENT’s generality. As notedin theintroduction,COGENT modelshave been
developedin a range of cognitivedomains,andCOGENT is well-suitedto bothteachingandresearch.
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ReferenceManual

A ConfigurablePreferences

A rangeof user-specifiablepreferencesallow thebehaviour andappearanceof COGENT to be tailoredto
individualusers’tastes.Thesepreferencesarespecifiedthroughapopupwindow accessibleeitherfrom the
researchprogrammemanager’s Preferences... buttonor from thePreferences... item on theEdit menuof
any boxwindow. Preferencesrelatingto differentaspectsof COGENT’s functioningareshown onseparate
pagesof a notebook, under theheadingsdescribedbelow. Not all options areavailablein all versionsof
COGENT — somearespecificto theWindowsversionwhereas others arespecificto theUNIX version. In
addition, someoptionsareonly availableto registeredusers.

If a preferenceis alteredthe alterationtakes immediateeffect for the current session.If alterations
areintended to be permanentthenthey mustbe explicitly saved usingthe Save button at the top of the
preferencewindow. Notethatthisbuttonis context sensitive: it only savesthepreferencesonthecurrently
visiblepage.UnderWindows,preferencesaresavedin theuser’s regsitryentry. Under UNIX, preferences
aresavedin a file named~f=���I	��>�
��%= theuser’shomedirectory.

A.1 Folders

Thesepreferencesspecifylocations for somecritical systemanduserfiles.

Projectdir ectory: This is the folder or directoryin which COGENT storesresearchprogrammes.Nor-
mally eachuserwill keepall his/herresearchprogrammesin his/herown file space,but alternate
configurations arepossible.Usersworking within a group might, for example, which to sharere-
searchprogrammes.In suchcasesall members of thegroupmayshareaproject directory.

Script dir ectory: A COGENT script is a file containing instructions that control model execution. (See
SectionI.) Severaldefault scriptsareprovidedin thestandarddistribution. Theseshouldbelocated
in the script directory. Whenever a model is created,copiesof the contents of script directory are
assignedto thenew model. Undernormal functioning thedefault value of this preferencewill not
needto bealtered.

A.2 Help

COGENT providesa web-basedhelpsystemconsistingof a network of hypertext files. Thesefiles maybe
viewedby a standardwebbrowser, andaccessedeitheronline (e.g., from the COGENT web site or from
somelocalalternative) or offline (i.e., from your machinesharddisk)

Useonline help? If thispreferenceis setCOGENT will attemptto useonlinehelp(seeOnline help URL ).
If thepreferenceis not COGENT will attemptto useoffline help(seeOffline help dir ectory ).

Online help URL: If online help is beingused,this preferencespecifiesthe URL locationof the help
system.

Offline help dir ectory: If offline helpis beingused,this preferencespecifiesthedirectory or folder con-
tainingthehelpsystem.If COGENT hasbeeninstalledcorrectly, thedefault value will becorrect.

Show help with index frames? If this preferenceis set,andyour systemis capable, help pageswill be
displayedwithin anindex frame.This simplifiesnavigation through thehelpsystem.Webbrowsers
andplatforms thatsupport this optionincludenetscapeandmozillaonUNIX.

Help browser? Thispreference(only availableunderUNIX) specifiesthewebbrowserto usewhenview-
ing helpfiles. A numberof built-in valuesareprovidedonadrop-down menu, but any valuemaybe
typedin. UnderWindows,thedefault webbrowseris used.

Help browseracceptsremotecommands? This preference,which is only availableunderUNIX, spec-
ifies whetherthewebbrowsershouldbeaccessedusingthe“remote” command. Certainbrowsers
functionbetterwhenopenedwith thesecommands(e.g.,netscapeandmozilla).Otherbrowsers(e.g.,
opera) function well without usingremotecommands.Others(e.g., lynx) arenot ableto function
remotely.
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A.3 OOS

OOS (Object OrientedSceptic)is nameof COGENT’s model execution language. Several preferences
control its behaviour, though if standard installationis followedall default valuesshouldbeacceptable.

OOSexecutable: Thispreferencespecifiesthelocationof theOOS executable.
OOSclassdir ectory: This specifiesthe locationof the OOS classfiles. Thesefiles definethebehaviour

of thevarioustypesof box.
OOSlibrary dir ectory: Thisspecifiesthelocationof variousOOS library files (including operator decla-

rations and,in someversions of COGENT, support for optimisation).
OOSI/O dir ectory: This is the nameof the folder or directory in which files containing modeloutput

(e.g., from datasinks)arecreated.
Show debugging information: If thispreferenceis setdebugging informationis printedto theOOS output

tracewindow.
Savemessagelogs: If this preferenceis setall messagesthat passbetweenboxes arestored(andhence

viewable within eachbox’s Message panel). If messagelogs aresaved, they canbe valuablefor
debuggingpurposes.However, saving messagelogssignificantlyslows model execution,andmay
eatup large amounts of diskspace.

Optimise: If thispreferenceis setOOS will useoptimisedversionsof variousinternal functions.Thismay
resultin a substantialincreasein speedof modelexecution.

Show console: If this preference(which is only availableunderWindows) is set,OOS will run in its own
window. Normally this window is suppressed,andany outputdestinedfor thewindow is forwarded
to theOOS output trace.

A.4 Printing

A number of preferencesallow control over the content, form, andappearanceof printed output. These
preferencesmaybeseteitherthrough theappropriatepage on thePreferences window or on thedialogue
window thatpopsupwhena print commandis issued.

Print to file: If set,printeroutput will beredirectedfrom theprinter to astandard file. Furtherpreferences
asdescribedbelow allow theformatof thatfile to bespecified.

Print dir ectory: If Print to file is set,thispreferencespecifiesthedirectoryor folder in whichtheprint file
will bewritten.

Print file: If Print to file is set,thispreferencespecifiesthenameof theprintfile (within theprintdirectory).
Printer command: Thispreferenceis only availableunderUNIX. If Print to file is not set,thepreference

specifiestheprinter commandto useto print theoutput. Usefulvaluesof thispreferenceare �#��j�=
(for SOLARIS and IRIX 5.X), ����� (for SUN OS 4.X andLINUX), and I�W��	�#
������B to preview
PostScriptoutput without printing it.

Output format: This preferencespecifiesthe format in which print output shouldbegenerated. It is of
mostusewhenPrint to file is set.Possibleformatsinclude:PostScript, Plan Text, HTML, andLaTeX.

Output pagestyle: This preferencecontrols theorientation andstyleof output in PostScriptoutput. Pos-
siblevaluesarePortrait, Landscape andTwo Up. In Portrait stylethelongedgeof thepaper is vertical.
In Landscape stylethelong edgeis horizontal. Two Up pagestyleconsistsof two logical pagesper
sheetof paper. Thepages areorientedin portrait style,but reducedby a factorof 1.414 andprinted
sideby sidewith thelongedgeof thepaperhorizontal.

Printer font size: Thispreferencecontrols thefont sizeusedin PostScriptprintouts. It is ignoredfor other
output formats.

Print new box on new page? Whenthispreferenceis set,apagebreakwill begeneratedprior to printing
detailsrelatingto eachbox within a model. If the preferenceis not set,pagebreakswill only be
generatedwherenecessary.

Show initial contents? If set,theinitial contents of boxes will beincludedin theprintout.
Show user-definedconditions? If set, definitions of all user-definedconditions (contained in process

boxes)will beincludedin theprintout.
Show curr ent contents? If set,thecurrentcontentsof boxeswill beincluded in theprintout.
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Show messages?If set,thelist of messagessentto andfrom boxeswill beincludedin theprintout.
Show buffer mappings? If set,thenany mapping rulesthatexist for buffersincludedin theprintout will

alsobeprinted.
Recursethr ough subobjects? If set,thedetailsof all subboxesof any compoundboxes will beincluded

in theprintout.

A.5 Ar chive

COGENT providesanintegratedarchive managementsystem.This allows completeresearchprogrammes
to bepackagedinto a singlefile, eitherfor backup or for exchangewith otherusers.Theprocessof pack-
aginga researchprogrammeis referredto asarchiving. Theprocessof recoveringa researchprogramme
from anarchive is known asextracting.

Thebehaviour of thearchive systemis controlled by a number of preferences.Eachcanbeseteither
from theappropriatepageof thepreferencewindow, of through thearchivebrowser.

Ar chivedir ectory: This is the nameof the folder or directory in which archives of COGENT research
programmesarestored.

Ar chive format: This speciesthe format in which archive files will becreated.Several formats aresup-
ported,through COGENT’s native format(the“car” file) is recommended.

Sort archivesby: Thispreferencesspecifiesthesortkey (name, format,creationdateor size)usedto sort
archivesin thearchivebrowser.

Retain research programmeafter archiving? Whenset,archiving aresearchprogrammewill notmake
theresearchprogrammeinaccessiblefromtheresearchprogrammemanager. Whennotset,archiving
aresearchprogrammewill remove it from theresearchprogrammemanager.

Retain archiveafter extracting? Whenset, extractingan archive will not make the archive inaccessi-
ble from the archive browser. Whennot set,extracting an archive will remove it from the archive
browser.

A.6 Fonts

TheFonts panelallows modification of somefonts usedon COGENT’s windows. Alternative fontsmaybe
usedto give COGENT a personalisedlook, or if something bigger or smalleris required (e.g.,for demon-
strations).Notethatdifferentcomputers(andin thecaseof UNIX, differentdisplays)maysupport different
fonts.

Canvas font: Thispreferencespecifiesthefont usedfor drawing model namesonthemainhistorycanvas
andboxnamesonboxandarrow diagrams.

Output font: This preferencespecifiesthefont usedwhendisplayingthecurrent statesof objects.

A.7 Warnings

Several preferencescontrol whetherCOGENT generateswarningmessagesin unexpectedsituations.By
defaultall but thefirst of theseis set.

Reassureon success?If set,displaya reassuringmessagewhenever a file operation is successfullycom-
pleted.

Warn on file accesserrors? If set,displayawarningmessagewhenevera file read/write fails.
Warn on syntaxerrors? If set,displaya warningmessagewhenever a syntaxerror is detectedin a term

within amodel.
Warn on invalid model specification? If set,displaya warning messagewhenever somethingoddis de-

tectedin a model specificationfile.
Warn on memory allocation failur e? If set,displaya warning whenever memory allocationfails. Such

warningstypically indicatethatthereis insufficient RAM onyour machine to continue processing.
Warn on miscellaneouserrors? If set,andany unexpectedeventsnot coveredby theabove occurs, dis-

playa warningdescribing theevent.
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A.8 Confirmations

Thedegreeto which COGENT seeksconfirmationbefore irreversibleactscanbecontrolled through anum-
berof confirmationpreferences.

Confirm discard of model edits? If set,query theuserbeforeany unsaved editsarediscarded.
Confirm project/modeldeletion? If set,querytheuserbefore modelsor entireresearchprogrammesare

deleted.
Confirm overwrite file? If set,query theuserbefore overwritingany files.
Confirm beforeprinting PostScript? If set, andprinting in PostScriptformat under UNIX, query the

userbefore the file is printed. The query will announcethe number of pagesto be printed, thus
allowing large print jobsto beaborted.

Confirm saveof model prior to running? If set, query the userbefore saving whenever a modelwith
unsaved editsis run.

A.9 Miscellaneous

A numberof further preferencescontrol otheraspectsof COGENT’s operation:

Doubleclick interval: This preferencespecifiesthe maximum number of milliseconds that canelapse
betweentwo mouseclicks if they areto beinterpretedasa double click.

Grid size: This preferencedeterminesthesizeof thegrid (in pixels) to which boxes drawn in a box and
arrow diagramwill automaticallysnap.

Display Precision: This valuespecifiesthenumber of significantdigits thatCOGENT useswhenpresent-
ing realnumbers.(Maximum precisionis usedfor internalcalculation.)

Rememberwindow positions? If set,record the sizeandpositionof all windows associatedwith each
model andusethis informationto recreatethedisplaystate(i.e., exactwindow sizesandpositions)
of thatmodel whenit is re-opened.

X Drift: If Remember window positions is set,this specifiesthehorizontalcorrection(in pixels)thatmay
be necessaryto ensurewindows repositionthemselves correctly. SomeUNIX window managers
require smallnon-zerovaluesfor this preference.

Y Drift: As for X Drift, but for vertical correction.
Enable virtual window management? If set,allow windows to belocatedon multiple virtual desktops.

This is extremely useful if COGENT is beingrun under a window managerthat supports multiple
virtual desktop. Suchfacilitiesarecommonwithin UNIX but rarewithin Windows.

Summarisebox contents? If set,show non-compoundboxcontents in a summarisedform. (A buttonon
eachboxwindow allows togglingbetweensummarisedandexpandedform.)

Edit on create? If set,automaticallyopenanappropriateeditorwheneveraboxor boxelementis created.
Scalehistory? If set,the time-linedisplayof researchprogrammehistorieswill usethecreationtime of

models to scalethe horizontal axis of the display. The horizontal distancebetweenmodelson the
displaywill thenrepresentthedifferencein their creationtimes.If thepreferenceis not set,models
will bespacedequallyon thehistorydisplay.

Smoothscrolling of text elements? If set,usesmoothscrollingfor Initial Contents windows. This looks
nicebut is impractical onslow machineswherethealternative, jumpscrolling, is better.

Position edit paletteabovecanvas? If set,positionthepaletteof edit buttonsfor all boxwindows above
themaincanvas.Otherwisepositiontheeditpalettebelow thecanvas.

Show scrollbars on canvases? If set,displayhorizontal andverticalscrollbars on all box andarrow dia-
grams.

Show toolbars on box windows? If set,displaytoolbars providing shortcuts to common functions on all
boxwindows.
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B Research ProgrammeManagement

Theresearchprogrammemanager consistsof a window with threeparts:a row of menus andbuttons for
accessinga varietyof functions, a list of the user’s researchprogrammes,anda displayof the currently
selectedresearchprogramme.

Theresearchprogrammemanager supports thefollowing operations:

New: Createa new researchprogramme.Theuserwill bepromptedfor a namefor theprogramme.
Delete: Deletethecurrently selectedresearchprogramme.
Rename: Change thenameof thecurrently selectedresearchprogramme.Theuserwill bepromptedfor

anew namefor theprogramme.
Copy: Createacopy of thecurrently selectedresearchprogramme.Theuserwill bepromptedfor aname

for thecopiedprogramme.
Print: Print thecurrentlyselectedresearchprogramme.A print dialoguewindow will appear allowing the

userto selectwhichaspectsof theresearchprogrammeshouldbeincludedin theprintout.

In addition, archivefunctions(e.g., for backing uparesearchprogramme)areavailablethroughthearchive
browser.

A researchprogrammemay be opened by selectingits namewithin the list of researchprogrammes
on the left of the researchprogrammemanager. When a researchprogrammeis opened, the research
programmemanagerprovidesaccessto a graphical History view anda text-basedDescription view of the
researchprogramme.TheHistory view represents theresearchprogrammediagrammatically, with nodes
corresponding to individual modelsandlinesbetweennodes showing ancestralrelationsbetweenrelated
models. A model maybeopened by double-clicking on its nodewithin theHistory view. TheDescription
view is intendedfor any notestheusermaywhich to associatewith theresearchprogramme.

C The Hierar chy of Object Classes

Eachbox within a COGENT box and arrow diagram hasa class,someproperties,and somecontents.
Different classesof box have different functionality (e.g., buffers function as storagedevices whereas
processesfunction asinformationtransformationdevices),differentpropertiesthatgovernaspectsof that
functionality (e.g., buffershave propertiesthatgoverndecay),anddifferent typesof content (e.g.,buffers
containelements,whereasprocessescontain rules).This sectiondescribesthebasicfunctionality, typeof
content, andconfigurablepropertiesof eachbox class. The full rangeof availableclassesareshown in
FigureC.

C.1 Compound

Compound boxesareboxes that contain otherboxes. They provide a bracketing mechanism that allows
a setof relatedboxes to be groupedtogetherinto a single functional unit. Thus,a complex functional
componentwithin aboxandarrow diagrammaybeimplementedasacompound,whoseinternalstructure
is specifiedby a separatebox andarrow diagramembeddedwithin the compound. This box andarrow
diagram maybeaccessedby opening thecompound(e.g.,by double-clickingon it).

Arrows drawn to or from a compoundbox allow communicationbetweenboxesembeddedwithin the
compoundandboxesat thehigherlevel. Theadditionof suchanarrow between, for example, box � and
box � , wherebox � is acompound,will makebox � accessibleto boxes embeddedwithin box � .

Sincecompoundboxes arebasicallybracketing devices, they have no specificpropertiesgoverning
their behaviour. There are,however, two subclassesof compoundbox: Compound/Generic andCom-
pound/Subject.Boxescorrespondingto thesesubclassesaredistinguished diagrammaticallyby the letter
G or S in thetop-right cornerof thecompoundicon. Genericcompounds maycontain boxesof any type,
andplaceno restrictions on thecontents of thoseboxes.Subjectcompounds mayonly containboxes that
make sensewithin a modelof a subject.For example, databoxesandgenericcompounds maynot occur
within a subjectcompound, becausesuchboxesmay have accessto the internalstateof COGENT in a
way that is unrealisticfor a subject.Certainbuilt-in conditions arealsonot accessiblefrom subjectcom-
pounds (e.g., statisticalfunctions). Subjectcompoundsaremeantto provide a small degreeof constraint
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Figure26: COGENT’s hierarchy of boxclasses
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on thedevelopmentof cognitive modelswithin COGENT. Userswho find suchrestrictionsdisagreeable or
under-motivated mayignoresubjectcompoundsandusegeneric compounds in preference.

C.2 Buffer

A buffer is aninformationstore— aplacewhereinformationcanbeplacedfor laterretrieval. Buffersmay
beconfiguredthrough subclassesandproperties soasto behave in a varietyof differentways(allowing,
for example, decayof elementsor capacityrestrictions). This flexibility meansthatbuffers maybeused
for bothshorttermstorage(aswhenmodelling aspectsof working memory, for example) andlong term
storage(aswhenmodelling storageandretrieval of knowledgeacquiredover anextendedtime period).

Buffersaretypically initialisedwith asetof bufferelement. Duringprocessing, existingbufferelements
maybematchedor deleted, andadditionalbufferelementsmaybecreated. Matching anelementin abuffer
is achieved throughuseof thematch conditionwithin a rule. Thecondition mightappear within a ruleas:


�����'c� w���IO?��$w���I	P�� is in SampleBuffer

whereSampleBuffer is the nameof a buffer that is readable by the process containing the rule and

	���#'c��w���IO?��"w���I	P�� is a templatefor theelement beingmatched.Sucha condition will besatisfiedif there
is an elementin Sample Buffer that unifieswith the template,in which caseany uninstantiatedvariables
within the templatewill be bound to the valuesthey take in the term matchedin the buffer. If a buffer
containsmultipleelements thatmatchthetemplate,theorder in whichelementsareretrieved is determined
by thebuffer’s Access property(seebelow).

Buffer contentsmaybealteredby sendinganappropriatemessageto thebuffer. This requiresthatthe
boxdoingthesendinghasawrite arrow leadingto thebuffer. Four typesof messagearerelevant:

add 
	����'��*����IO?��K����I	P�� to Sample Buffer
clearSample Buffer
delete
�����'c�s����IO?��t����I	P�� from Sample Buffer
deleteall 
	����'��*����IO?�� Y � from Sample Buffer

Thefirst of theseaddsa singleelementto SampleBuffer (subjectto thebuffer’s capacitylimitations: see
below). Thesecondclearsall elementsfrom thebuffer. Thethird deletesa singleelementfrom thebuffer
(provided that elementmatches the templategiven for deletion). The fourth deletesfrom the buffer all
elementsthatunify with thegiven template.

Therearefivetypesof buffer, eachhaving differentbehaviour. They all sharethefollowing six proper-
ties:

Initialise [Each Trial/Block/Subject/Experiment/Session; default: Each Trial]: The timing of buffer initial-
isation. If thevalueis Each Trial, thebuffer will reloadits initial contentsat thebeginning of each
trial. If thevalueis Each Block, buffer contents will bepreservedacrosstrials, but re-initialisedat
thebeginningof eachblock. Analogousbehaviour is achievedwith theothersettings.

Decay [None/Half Life/Linear/Fixed; default: None] Thedecayfunction (if any) thatshouldoperateoverthe
buffer’s contents.Whenthevalueis None, elements will remainin a buffer until they areexplicitly
deleted, forcedout by thebuffer overflowing, or thebuffer is re-initialised. Whenthevalueis Half
Life, elementsdecayin a random fashion,but with theprobability of decaybeingconstanton each
cycle. Thisprobability is specifiedin termsof ahalf life (specifiedby theDecay Constant property).
Thehalf life is thenumber of cyclesit takesonaveragefor half of theelementsto decay. Thebuffer’s
contentsalsodecayin aprobabilisticmannerwhenthevalueis Linear, but in thiscasetheprobability
of anelementdecaying within � cyclesof enteringthebuffer is directly proportionalto � , with the
rateof decayagaindeterminedby theDecay Constant property. Whenthevalueis Fixed, elements
remainin thebuffer for afixednumberof cycles(specifiedby theDecay Constant property).

Decay Constant [1–9999; default: 20]: Thedecayrate(if Decay is not None). If thepreference’s valueis� , then: for Half Life decaytheprobability thata givenelementdecayson a given cycle is constant,
andtheprobability of decaying within � cyclesis 0.5; for Linear decaytheprobability thata given
element decayswithin � cyclesof beingaddedis . � (for ��� � ); for Fixed decaytheprobability that
agivenelementdecayswithin � cyclesof beingaddedis 0 unless��� � , in whichcaseit is 1. In all
cases,thelargertheconstanttheslower thedecay.
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Limited Capacity [No/Yes; default: No]: A switchthatdeterminesif thebuffer’scapacity shouldbelimited.
If Yes, the maximum number of elements that maybe storedin the buffer at any time is specified
by theCapacity property(below) andthebehaviour whenthebuffer overflows is specifiedby theOn
Excess property. If No, theCapacity andOn Excess propertiesareignored.

Capacity [1–9999; default: 7]: Specifiesthecapacityof a buffer in termsof thenumberof itemsit may
hold. Thispropertyhasnoeffect if Limited Capacity is No.

On Excess [Random/Youngest/Oldest/Ignore; default: Random]: Determinesthebuffer’s behaviour when
its capacityis reachedandanattemptis madeto adda new element.If setto Ignore, new elements
will be ignored(until thebuffer’s capacitydecreases).If setto Random, a random elementwill be
deletedfrom thebuffer to makewayfor thenew element. If setto Youngest, themostrecentlyadded
element will bedeletedto make way for thenew element.If setto Oldest, the leastrecently added
element will be deletedto make way for the new element. This property hasno effect if Limited
Capacity is No.

C.3 Buffer/Pr opositional

Propositionalbuffersarea subclassof buffersthatstorepropositionsor terms,with eachtermcorrespond-
ing to a distinct buffer element.There areno restrictionson the kinds of termsthat may be storedin a
propositionalbuffer. As such,they maybeusedfor generalpurposestorage.

Propositionalbuffers inherit all of the propertiesof the parentbuffer class(Initialise, Decay, Decay
Constant, Limited Capacity, Capacity andOn Excess). They havetwo additional properties:

Access [Random/FIFO/LIFO; default: Random]: Theorder in whichthebuffer’selementsareaccessedby
match operations.If accessis Random, thenmatch will instantiateits argumentto anelementfrom
thebuffer selectedat random (providedthatelementunifieswith theargumentof match). If access
is FIFO (First In, First Out), thenmatch will returntheoldest elementthatunifieswith its argument.
If accessis LIFO (Last In, First Out), thenmatch will returntheyoungestelementthatunifieswith
its argument.

Duplicates [No/Yes; default: No]: A switchthatdeterminesthebuffer’s behaviour whenit receives anadd
messagefor an item alreadyin thebuffer. If Yes, the item is simply added to thebuffer according
to theusualrules(which depend on theotherpropertiesof thebuffer). If No, theitem is not added,
but its previous occurrencewill be “refreshed”. (This is actuallyeffectedby deletingtheprevious
occurrencebeforeaddingthenew occurrence.)Theprocedurethattestsif anelementis alreadyin the
buffer requiresthatthegivenelementmatchtermfor termandvariable for variableanexistingterm.
It is not simpletermunification. Hencefor the purposeof duplicatetestingtheelements�;
	��'c� Y �
and �;
	�;'���=���
	� aredifferent,but theelements�;
	��'c� Y � and ��
	�;'c� N	� arethesame.

Propositionalbuffers may alsobe augmentedwith displayrules. Theserulesplay no part in model
performance,but allow propositionalbuffer elementsto be rendered in a graphical form. This maysim-
plify interpretationof themodel’s behaviour. Displayrulesaresimilar to standardprocessrules(seeSec-
tion C.9),except thattheirconditionscanmatchonly elements in thebuffer to whichtherulesareattached,
andtheiractions mustall take theform:

show
Y

where
Y

is specifiesatwo-dimensionalgraphicalelement (e.g., a line, box,circle,etc.)Thus,adisplayrule
maytake theform:

Display Rule 2: Representbuffer elementsgraphically
IF: ��&�I	�%� L	+��"LO?��$X%�KA�� is in ChartY + is L	+h\i?;+�+hR�]Y ? is LO?8\i?;+�+ij[]Y

is
Y +_R Y ?#v�P

N is Ai\^P�]ZR[m�+
THEN: show 
	��U�
��=;W	����
�$Xa�����;I�>���&���=��Q=�����
d� Y �$N��Q�eDf=������������C�����	=#g	�oH �

show ����>	�%��=�W�����
�e� Y +��"N	��
	�b� Y ?��$N	�J�eDf=������������C������=;g	�5HC�
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SectionC.5providesdetailsof thefull setof possiblegraphical elementsunderstoodby COGENT. Any of
thesemaybeusedwithin theshow actionof a displayrule.

C.4 Buffer/Stack

A stackbuffer is a kind of buffer that automatically orders its elementsin termsof recency and limits
accessto themostrecent(or “top-most”) element.Therearethreeoperations thatmaybeperformedon
a stack:thetop-most elementmaybematched; a new elementmaybe“pushed” ontothetop of thestack
(thusmakingtheprevious top-most elementtemporarily inaccessible); andthe top-mostelementmaybe
“popped” off of thestack(thusrevealing a previously inaccessibleelement).Thefirst of theseis achieved
through thestandardmatch condition. Theothertwo areachieved by sendingspecialmessagesto a stack.
Otherbuffer operations,suchasadd, delete andclear, maynotbeusedwith stacks.

An elementmaybepushedontoa stackby sendingthestacka messageof theform ����;WO� �����;'%��>�
	� .
Thetop-mostelementmaybepoppedfrom a stackby sendingthestacka messageof theform ����� . Thus,
theactionsof a rule which popsthetop elementoff Goal Stack andreplaces it with ������I	����� might look
like:

send ����� to GoalStack
send ���%�;WO�5�;����I	������� to GoalStack

Normally, theorderingof rule actions doesnot affect theorder of executionof thoseactions:actionsare
normally effectively performedin parallel.However, messagessentto stacksareprocesseddifferently. If
multiple ����;W /1 and/or ����� /0 messagesaresentto the samestackfrom the actionlist of onerule, then
thosemessagesareprocessedin theorder in whichthey appearontheactionlist. If multiple ����;W /1 and/or
����� /0 messagesaresentto thesamestackfrom multiple rules,thenmessagesfrom thesamerule will be
processedin order, but messagesfrom different rulesmaybeprocessedin any order.

Thecurrent contentsof stackbuffersmaybeviewedin text modeor in agraphicalmode. In text mode,
theelements in thestackaredisplayedwith thetop-mostelementat thetop of thetext view. In graphical
mode, thestackis displayedpictorially, with anarrow pointing to thetop-most element.Both views may
beprintedby selectingShow current contents? on theprint popupwindow.

Stackbuffers inherit all of thepropertiesof theparent buffer class(Initialise, Decay, Decay Constant,
Limited Capacity, Capacity andOn Excess), but havenoadditional properties.

C.5 Buffer/Analogue

Analoguebuffersarespecialisedbuffers whoseelements maybeinterpretedasrepresentinggraphical ob-
jects. They may be displayedgraphically, but they may also be accessedand modified with standard
COGENT rulesandconditions. They alsohave propertiesthat relatespecificallyto thegraphical or imag-
istic representation. They areprobably mostuseful in modelsinvolving conceptions of time or imagery
processes.

Analogue buffers may be eitherone-dimensionalor two-dimensional. (Dimensionality is set via a
property.) In bothcases,elementsarerenderedgraphically by aspecialpurposeviewer, whichis displayed
by selectingtheanaloguebuffer’sCurrent Image view. By default theviewercolour-codestheobjects,and
displaysa list of colour/objectcorrespondences.

Analoguebuffer elementstake thefollowing general form:

G�:����%� L	�;'���K�����;'��
���:��
where G�:���� specifiesthe type of element(e.g., ������>�
 , ����>�� or =��;��=���� ), L	��'� is an identifier for the
element,�����;'%��
���: specifiestheelement’s position.

For one-dimensionalanaloguebuffers,elementsmusttakeoneof thefollowing forms:

�����e>�
�� L	�;'���$X�������&�� : A point at the specifiedcoordinate. This, ������>�
���T�������?;]�� will be displayedasa
point, 15units(along thehorizontal)from thezeroposition.

U '%����g�� L	�;'���KX�������&�� : Thesameaspoint but displayedasa smallx.
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	��U�
���L��;'���"G	��U�
h�����;I�>���&hw��	�;I�>�'��>�
Z��
kX�������&�� : A text markerat thespecifiedcoordinate.Thealign-
mentspecifier, which is optional, mayhave oneof thevalues � (left), = (centre) or � (right), andif
omitted, defaults to left alignment.

��>�
������	������L	��'���Kz�
	����
�
	�Z��>�&�� : An interval on the dimension startingat z�
	����
 and endingat ��>	& .
z�
	����
 is constrainedto belessthanor equalto ��>	& . Theinterval is drawn asa line.

����>	�%��L��;'���$X�������&�?�
	�_X�������&�P�� : A line betweenthecoordinates.No restrictionsonrelativepositionsare
imposed.

For two-dimensionalanaloguebuffers elementsmusttake oneof the forms listed below. In all cases
theX axisis horizontal, with zeroat theleft andincreasingto theright. TheY axisis verticalwith zeroat
thetopandincreasing to thebottom.

�����e>�
�� L	�;'���e� Y �$N��$� : A point at thespecified� Y �"N	� coordinates.For example, ������>�
��sT������e�K?;]��t���"� draws
apoint15unitsfrom theleft and7 unitsfrom thetop.

U '%����g�� L	�;'����� Y �"N	�$� : Thesameaspoint but displayedasa smallx.

	��U�
���L��;'���"G	��U�
h�����;I�>���&b� Y ������I�>��"N	�����;I�>��%��
�� Y �"N	�"� : A text markerat thespecifiedcoordinates.The

alignmentargument,which is optional, specifieshorizontal ( � , = , � ) andvertical( � , = , 
 ) alignment
of thetext with respectto thecoordinates.Thus, 
���U�
���T�������������Wi�����;I�>���&b�5=��Q=�����
d�*P%?��t���$� draws
thestring ������W , centredhorizontallyandvertically, at thepoint (21,7).

����U��L	��'���e� @��"E	�����	�;I�>���&�� Y �����;I�>��$N������;I�>	�%��
d� Y �"N	�"� : A rectangleof width @ andheight E at thespec-
ified coordinates.Thealignment argumentis optional. Thus, �	��U���T������e�*]��;?;+��}�����;I�>	��&��o���"
	����

�sP?��K���"� drawsabox5 unitswideand10high, whoseleft, topcorner is locatedat thepoint (21,7).

=��;��=����%� L	�;'���$V	��&%����}��
d� Y �$N��$� : A circlewith thegiven radius centredat thegiven � Y �"N	� location.
����>	�%��L��;'���e� Y ?��$N�?;��
	�b� Y P��$N	P��$� : A line betweenthecoordinates.
������:�����>�����L	��'���$A%���#
�x�T�u����e>�
%�#� : A structure of linkedlinesjoining the(X,Y) pointsin A%���#
�x�T�u	����>�
%�

in sequence. Thus, ������:�����>����sT������eD/�s)�m�KP����J�	�*]����t��+��Q�e�*��)��t)����5HC� draws oneline between(34,27)
and(59,70) andasecondline between(59,70) and(83,36).

������:�I	��>O� L	�;'%���KA����#
�x�T�u	���e>�
%��� : Likepolylineexceptthelastandfirst points in thelist arejoinedto give
aclosedfigure.Thus ������:�I	��>��sT�������D(�*)�m�tP����Q�;�*]����t��+��Q�e�*��)��t)����5HC� drawsa triangle.

Note that for one-dimensional analogue buffersthecoordinateargumentshouldbea singlerealnumber,
but for two-dimensionalanaloguebuffers thecoordinateargumentshould beapairof realnumbers.

Both one-dimensional and two-dimensional graphical objectsmay be given a third, optional, style
argument,consistingof a list of secondary propertyspecifications. For example, a circle canbecoloured
redandfilled by specifying it asfollows:

=��;�%=������ >���'���K]�+���
��$?;+�+��;?;+�+��Q�eDf=�������������	��&��Q�$T%��������&� :	�����5HC�
Thefollowing secondary propertiesmayoccurin thestylelist:

=�������������X����������	� : X���������� may be any of the atoms������=#g , ���#��� , I��	����> , ���	��B�> , ���������
 , I��	��: , ����& ,
���	��>�I	� , :	��������B or B�W�;
	� , or an integer from + –P�� . Theobjectwill bedrawn usingthespecified
colour, andwill notbelistedin thebuffer’s list of colour/objectcorrespondences.

T%��������&�C{�����������>�� : (2Dobjectsonly) If {�����������> is 
������ or :	��� theobjectwill bedrawnfilled; otherwise,
it will bedrawn asoutline.

�#
�:	���%�sz�
�:������ : If z�
�:���� is &����;W , &����;W���& or &����;W	��� , lineswithin theobjectwill bedashed. Otherwise
they will bedrawn assolid lines.

B�����I�W�
��C@����;I�W�
	� : If @����;I�W�
 is a positive integer, lines will be drawn @����;I�W�
 pixelswide. Thedefault
@	���;I�W�
 is 2.

Analoguebuffersinherit all of thepropertiesof theparentbuffer class(Initialise, Decay, Decay Con-
stant, Limited Capacity, Capacity andOn Excess). They haveseveraladditional properties:

Dimensionality [1D/2D; default: 2D]: Thenumber of dimensionsavailablewithin thebuffer. This deter-
minesthetypesof objectsallowed,andtheirgraphical interpretations.
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Access [Random/FIFO/LIFO/Left � Right/Right � Left/Top � Bottom/Bottom � Top; default: Random]: The
order in which the buffer’s elementsareaccessedby match operations. Random, FIFO andLIFO
have effectsanalogous to propositionalbuffers (seeSectionC.3). The directional optionssuchas
Left � Right andTop � Bottom will returnelementsin ordersdependentontheirspatiallayout. Objects
areaccessedin theorderin which they wouldbeencountered,by scanning thegeometrical spacein
the given direction. So for example, by scanningleft to right, object � would be retrievedbefore
object � if object � ’s leftmostpoint is fartherleft thanobject� ’s. Theeffectsof directional scanning
accessaredependenton thebuffer’s dimensionality: in the2D case,thedirections correspond to the
directions visible on theanalogue buffer viewer’s canvas,whereasin the 1D case,Left � Right and
Top � Bottom are equivalent, and give the sameresults. Essentially, in the 1D case,left and top
correspondto low values,whereasright andbottomcorrespond to highvalues.

Duplicates [No/Yes; default: No]: A switch that determines the buffer’s behaviour when it receives an
add messagefor an item alreadyin the buffer. The possiblebehaviours are identical to thoseof
propositionalbuffers(seeSectionC.3).

Continuity [No/Yes; default: No]: If Yes, the spaceis treatedasbeingcontinuousin all dimensions. If
No, thespaceis treatedasbeinggranular in all dimensions,andall coordinatevaluesof all buffer
elements areroundedto multiplesof thevalueof Granularity.

Granularity [any positive realnumber; default: 1.0]: Thegrainsizeusedfor roundingwhenContinuity is
No. For example, objects maybeconstrainedto integercoordinatesby settingContinuity to No and
Granularity to 1.

Point Movement [No/Yes; default: No]: Whenpoint movementis selected,locations areadjustedwith
small random deviationson eachprocessingcycle,sothatover time, thecontentsof thebuffer tend
progressively to distort. This property reflectsoneview of an imagistic representationalmedium
that is unable to represent locationaccurately. More generally, however, it maybeusedto provide
a sourceof random variance in thegraphical/imagisticdomain. Theamount of point movementis
controlledby theVariance parameter.

Variance [any positive realnumber;default: 1.0]: Thevarianceof thedistributionof random pointmove-
ment(assuming Point Movement is Yes). With Variancesetto 1.0,approximately68%of deviations
will belessthanor equalto 1 scaleunit in magnitude. Theeffectsof point movementinteractwith
thoseof granularity, sincewith smallvariancevaluesrelative to thegranularity values,theprobabil-
ity thata point will not deviateenough to reachthenext grain is increased. As well asapplying to
all locationsexplicitly represented in objectsin 1D or 2D buffers,point movementalsoappliesto
circles’ radii, causingcirclesto changein sizeaswell asto move.

Colour [True/False; default: True]: If True, display will be in colour, with a colour key showing ob-
ject/colour correspondences. If False, all objects will beshown in black,andcolour specifications
via secondarypropertieswill beignored.It doesnotaffectthewayin whichanaloguebuffercontents
areprocessed.

X Scale [0.0–10.0; default: 1.0]: A scalingfactorusedpurelyfor displaypurposesthatstretchesor com-
pressesthedisplayof thehorizontaldimension. It doesnot affect theway in which analoguebuffer
contentsareprocessed.

Y Scale [0.0–10.0; default: 1.0]: A scalingfactorusedpurelyfor displaypurposesthatstretchesor com-
pressesthe displayof the vertical dimension. It doesnot affect the way in which analogue buffer
contentsareprocessed.

C.6 Buffer/Table

Tablebuffersarea subtypeof buffer in which elements represententriesin a two-dimensionaltable(see
alsoSectionC.13:Data/Sink/Table). All elementsof a tablebuffer shouldconsistof &���
�� /3 terms:

&���
	����V	��B��KX������"!	���������
Suchtermsareinterpretedasindicatingthat the valueof the cell within the tablethat is indexed by the
valuesof V���B and X���� is !	������� . Eachcell within a tablemay have at mostonevalue. Thus, whena
&���
�� /3 termis addedto a tablebuffer, it over-writesany previouselementwith thesameindices(i.e., the
samevaluesof V	��B and X���� ). Specialpurposeviewersareprovidedto displaythecontentsof tablebuffers
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in tabular form, andthis form may be printed by selectingShow current contents? on the print popup
window.

Propertiescontrol aspectsof tablelayout.Tablebuffersinherit all of thepropertiesof theparent buffer
class(Initialise, Decay, Decay Constant, Limited Capacity, Capacity andOn Excess). They have five addi-
tionalproperties:

Access [Random/FIFO/LIFO/Left � Right/Right � Left/Top � Bottom/Bottom � Top; default: Random]: The
order in which the buffer’s elementsareaccessedby match operations. Random, FIFO andLIFO
have effectsanalogous to propositionalbuffers (seeSectionC.3). The directional optionssuchas
Left � Right andTop � Bottom will return elementsin ordersdependenton the X�������'�> and V	��B in-
dicesrespectively. So,for example, with asettingof Top � Bottom, elementsfrom thetopof thetable
will bereturnedbefore thosefrom thebottom, andsoon. In thespatiallayout, rowsandcolumnsare
orderedalphabeticallyby row/column label.

Column Label [an arbitrarysequence of letters;default: “Columns”]: The text usedto label the table’s
columnswhenthetableis viewedin Current Table mode.

Row Label [anarbitrary sequenceof letters;default: “Rows”]: Thetext usedto labelthetable’s rowswhen
thetableis viewedin Current Table mode.

Cell Width [a positive integer; default: 70]: Thewidth, in pixels,of eachcolumn whenthetableis viewed
in Current Table mode.

Cell Height [a positive integer:default: 25]: Theheight,in pixels,of eachrow whenthetableis viewedin
Current Table mode.

Sort : [Alpha/Reverse Alpha/Primacy/Recency]: Theorderin which rows andcolumns aredisplayed in
the Current Table view. In the caseof Alpha andReverse Alpha the row andcolumn headings are
usedto sorttherowsandcolumnsbefore thetableasdrawn. In thecaseof Primacy andRecency the
timeat whichrowsandcolumns werealteredis usedto sortthembefore thetableasdrawn.

C.7 Buffer/Graph

Graphbuffers provide the functionality of a buffer with an option to view andprint the buffer contents
in graphical form. Elementsof a graphbuffer maytake two forms: 
�:����%� �	��
	��z���
�"G�:������"u������	����
�������
or &���
	�%� �	��
	��z���
� Y �$N�� , where �	��
	��z���
 identifiesa particular dataset, G�:��	� specifiesthe typeof graph
required for thatdataset(seebelow), u�����������
%����� is a list of secondary propertiesspecifyingaspectsof
theappearanceof theparticulardataset(seebelow), and

Y
and N arenumeric valuesfor thedataset.Graph

buffer elementsmaybematched, addedor deleted,in a way analogousto elements from otherclassesof
buffer.

There is no limit to thenumberof datasetsthatmaybestoredin onegraphbuffer. Normally therewill
beone 
�:���� /3 elementandseveral &���
	� /3 elementsfor eachdataset. Multiple datasetswithin a single
graphbuffer aretreatedindependently, with thelimitation thatthegraph axesandlabelsaredeterminedby
graphproperties(seebelow), andarehence sharedby all datasetswithin a graph.

A 
�:���� /3 termspecifiesthestyleor typeof graphto bedrawn for agivendataset.Thesecondargument
mustbeoneof ��=���
�
	��� , ����>�� , or ����� . The third argumentspeciesgraphpropertiessuchascolour and
marker style, in the form of a list of secondary properties(seeSectionC.5). Thus,the following 
�:���� /3
element:


�:������sT�����<�����>%=#:��������eDf=#����������C�����	���Q�$T%������� 
��������5HC�
specifiesthatthegraph associatedwith T��	��<�����>=#: shouldbeabar-chart drawn with bluefilled bars.This
couldbechanged to a line graphusingred filled squaremarkers(anda red line) by replacingtheabove
elementwith:


�:����%��T��	��<��	��>=#:�t����>	���eDf=�������������	��&��J�KT�������� 
��������J�o'����g��������;<������	���oH �
Threekinds of secondary property arerecognised: =���������� , T������ , and '����g	��� . Therearefour marker
types: ��<��	���	� , =��;�%=���� , =;�	����� and �����%� .

Graph buffersinherit all of thepropertiesof theparentbuffer class(Initialise, Decay, Decay Constant,
Limited Capacity, Capacity andOn Excess). They alsohaveseveraladditional propertiesthatcontrol access
andappearance:
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Access [Random/FIFO/LIFO; default: Random]: Theorder in whichthebuffer’selementsareaccessedby
match operations. Interpretationof the property’s valuesfollows that of propositionalbuffers (see
SectionC.3).

Title [an arbitrary character string; default: “Title”]: The graph’s title, which is centredabove the graph
whenviewedin Current Graph modeor whenthegraphis printed.

X Label [anarbitrarycharacterstring;default: “X”]: Thelabeldrawn besidethegraph’s horizontalaxis.
X Min [a realnumber;default: 0.0]: Theminimum valueof thehorizontal coordinateof thegraph.
X Max [a realnumber;default: 10.0]: Themaximum valueof thehorizontal coordinateof thegraph.
X Units [a positive integer: default: 5]: Thenumber of units into which thehorizontalaxisof thegraph is

divided.
Y Label [anarbitrarycharacterstring;default: “Y”]: Thelabeldrawn besidethegraph’s verticalaxis.
Y Min [a realnumber;default: 0.0]: Theminimum valueof theverticalcoordinateof thegraph.
Y Max [a realnumber;default: 100.0]: Themaximumvalueof theverticalcoordinateof thegraph.
Y Units [a positive integer: default: 5]: Thenumber of units into which theverticalaxis of thegraphis

divided.

C.8 KnowledgeBase

Knowledgebasesaresimilar to buffers, exceptthat they arenot subjectto decayor capacitylimitations,
andthey may, if their properties aresetappropriately, beaccessedfrom otherboxeswithout appropriate
arrows. Theirbehaviour is determinedby four properties:

Initialise [Each Trial/Block/Subject/Experiment/Session; default: Each Trial]: The timing of knowledge-
baseinitialisation. The effectsof the various valuesof this property on knowledgebasesare the
sameastheidenticalvalues onbuffer initialisation(seeSectionC.2).

Access [Random/FIFO/LIFO; default: Random]: The order in which knowledge baseelements areac-
cessedby match operations. Theeffectsof thevarious valuesof this property on knowledgebases
arethesameastheidenticalvaluesonpropositionalbuffermatching(seeSectionC.3).

Globally Readable [True/False; default: False]: It set, the knowledgebasecanbe readby any box (or
subbox) of its parentcompound, without the requirementof a readarrow from the box doing the
reading to theknowledgebase.

Globally Writeable [True/False; default: False]: It set,theknowledgebasecanbewritten to by any box(or
subbox) of its parentcompound,without the requirementof a write arrow from thebox doing the
writing to theknowledgebase.

Knowledge baseelementstake the sameform asbuffer elements,andthey areeditedwith the standard
buffer elementeditor. However, it is anticipatedthat futureversions of COGENT mayinclude knowledge
engineeringtoolsfor maintainingknowledgebases.

C.9 Process

A (rule-based)processis a box that manipulatesandtransforms information according to a setof rules
andcondition definitions. The rulescontained within a processgenerate messages(often in responseto
messagesreceivedby theprocess),andsendthosemessagestootherboxes,triggeringprocessingelsewhere
in a model. A process’behaviour is determined by its contents(i.e., the rulesandcondition definitions
within it) andthevaluesof its threeproperties:

Initialise [Each Trial/Block/Subject/Experiment/Session; default: Each Trial]: The timing of processini-
tialisation. Initialisation determines the scopeof refractory tests,suchthat refracted rulesfire at
mostoncefor any particular binding of variableswithin thespecifiedinitialisationlevel (trial, block,
subject,etc.).

Recurrent [No/Yes; default: No]: A switch that specifiesif a processcansendmessagesto itself. By
default processesreceiveinformation,processit, andsendit on. Recurrent processesareableto feed
theiroutputbackinto themselves.
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Firing Rate [0.0–1.0; default: 1.0]: The probability of a process’rulesfiring whentheir conditions are
satisfied.By default a rule will fire whenever its conditions hold,but a processmaybedegradedby
settingits firing rateto (for example) 0.8, meaningthatruleswill only fire on 80%of occasions on
whichtheir conditionsaresatisfied.

COGENT’s rule languageis describedfurtherin SectionE.

C.10 Data/Source

Datasourcesprovide a very simplemeansof feeding a fixedsequenceof messagesto otherboxeswithin
a model at fixedpointsduring processing.Their usualfunctionis to actasinput devices,wherethey can
feeda streamof input to themodel.Any Prologtermcanbepassedasa message,sodatasourcescanbe
usedto feedinformationof arbitrary complexity into a model.They mayalsosendmultiple messageson
a singlecycle(including messagesto different boxes).Thus,they canbeusedto triggerrulesin aprocess,
or to addelementsto a buffer.

Thebehaviour of datasourcesis governedby oneproperty:

Initialise [Each Trial/Block/Subject/Experiment/Session; default: Each Trial]: Thetimingof datasourceini-
tialisation.Initialisationresetsthesequenceof inputmessages.Thisresetmayoccur atthebeginning
of eachtrial, block, subject,etc..

Datasourcesareof limited usebecauseof thefixednature of theinput thatthey generate.For models
with moresophisticatedinput demands,a compoundboxcontaining a propositionalbuffer andassociated
processmaybemore appropriate.

C.11 Data/Sink

Datasinksaretheoutput equivalent of datasources.They maybeusedto collectandview model output.
Therearethreeforms of datasink: text datasinks,tabular datasinksandgraph datasinks. Thereis no
limit to thenumberof datasinksyoucanhavein onemodel,andmultipledatasinksbehaveasindependent
devices.Thedetailsof theirbehaviour aregovernedby threeproperties:

Initialise [Each Trial/Block/Subject/Experiment/Session; default: Each Trial]: The timing of datasink ini-
tialisation. Thevaluespecifiesthepoint duringmodel executionwhenexisting datasink elements
should becleared.

File [anarbitrarycharacterstring;default“data.current”]: Thenameof theoutput file in whichdatashould
bestored.

Location [Local/IO Directory; default: Local]: Thelocationof theoutput file (namedin theaboveproperty).
Sink output is normally storedlocally (with thedefinitionof thesink), but it mayalsobedirectory
to thestandardI/O directory (seeSectionA.1), from whereit mayberetrieved, e.g.,for inclusionin
adocument.

C.12 Data/Sink/Text

Text datasinksareusedfor collectingtext-basedoutput from a model. Messagessentto a text datasink
aresavedin a file (asspecifiedby thesink’sproperties)anddisplayedastext. Text datasinksinheritall of
thepropertiesof theparent datasink class(Initialise, File andLocation), but havenoadditionalproperties.

C.13 Data/Sink/Table

Tabular datasinksaccumulate output (in the sameway asotherdatasinks)andallow that output to be
displayed(andprinted)asa table. Thecontents of messagessentto a graphical datasink areinterpreted
by thetableviewer in thesameway aselements in a tabularbuffer (seeSectionC.6): they should all beof
theform &���
	�%� V	��B�KX������$!���������� , whereV���B and X���� identify a particular cell within thetableand !	�������
specifiesthe value in that cell. If two messagesarereceived by a tabular datasink thatspecifydifferent
valuesfor thesamecell thenthesecondvaluewill over-write thefirst.
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Tabulardatasinksinheritall of thepropertiesof theparent datasinkclass(Initialise, File andLocation),
andseveral additional properties(Column Label, Row Label, Cell Width andCell Height) that govern the
appearanceandlayoutof thetableview. Theinterpretationof theselayout propertiesis identicalto thatof
theequivalent propertiesin tabularbuffers(seeSectionC.6).

C.14 Data/Sink/Graph

Graphical datasinksaccumulateoutput (in thesameway asotherdatasinks)andallow thatoutput to be
displayed(andprinted) asa graph. Thecontentsof messagessentto a graphical datasink areinterpreted
by thegraph viewer in thesameway aselementsin a graphical buffer (seeSectionC.7): they shouldbe
eitherof theform 
�:����%� �	��
���z���
�"G�:��	���$u��	���	����
�;����� or &���
	�����	��
	��z���
%� Y �"N	� , where�	��
���z���
 identifies
a particulardataset, G�:���� specifiesthe type of graph required for that dataset, u�����������
%����� is a list of
secondary propertiesspecifyingaspectsof theappearanceof theparticular dataset,and

Y
andN arenumeric

valuesfor thedataset.
Graphical datasinks inherit all of the propertiesof the parent datasink class(Initialise, File andLo-

cation), andseveral additional properties(Title, X Label, Y Label, X Min, X Max, X Units, Y Min, Y Max
andY Units) thatgovern theappearanceandlayoutof thegraph view. The interpretation of theselayout
propertiesis identicalto thatof theequivalent propertiesin graphical buffers(seeSectionC.7).

C.15 Network/Feed-Forward

Feed-forward network consistsof a setof input nodes anda setof output nodes, together with a setof
weightedconnectionsbetweenthenodes. Feed-forwardnetworksmapinputvectorsto output vectors,and
areableto learninput/outputcorrespondences(subjectto thewell-known perceptron learninglimitations:
Minsky & Papert, 1988). Propertiesgovern aspectsof feed-forward networks’ behaviour, suchas the
numberof inputandoutputunits,thelearning ruleandrate,etc.

Feed-forward networks may be usedin two ways. They may be trained(by sending appropriate

��	����> /2 messages),and they may be tested(by matchingwith a 
	���#
 /2 term). The following match
condition maybeusedto testa feed-forwardnetwork:


����#
�����>�!	�	=#
	����tx���
�!���=�
	���	� is in Sample Net

This condition, which mayoccur within a rule contained in a process,will succeedif ��>�!	��=#
	��� is a list
of � numbersand � is thewidth of theinput layerof SampleNet. It will bind x���
�!	��=#
	��� to a list of �
numberswhere � is thewidth of theoutput layerof SampleNetand x#��
�!	��=;
	��� is generatedby feeding
��>�!���=#
	��� to theweightmatrixof SampleNet.

A feed-forwardnetwork maybetrainedby sendingit a trainingmessage:

send
��	����>O����>�!	��=;
	����tx���
�!��	=#
����	� to Sample Net

where�e>�!	��=#
���� is alist of � numbersand � is thewidthof theinput layerof Sample Netand x#��
�!	��=;
	���
is a list of � numbersand � is thewidth of theoutput layerof SampleNet. Suchamessagewill resultin
thefeed-forwardnetwork’sweightmatrixbeingadjustedsuchthatthenext timeit is testedwith �e>�!	��=#
����
it will generatean output that morenearlyapproximates x���
�����
�!���=#
	��� . If a network receives several
trainingmessageson thesameprocessingcycle, thenall suchmessagesareprocessed(in pseudo-parallel)
andasingleweightadjustment (corresponding to themeanof theindividualadjustments)will bemade.

Thepropertiesthatcontrolfeed-forwardnetwork behaviour are:

Initialise [Each Trial/Block/Subject/Experiment/Session; default: Each Trial]: The timing of network ini-
tialisation.Thisparameterdeterminesthescopeof learning. Thus,if setto Each Block, learningwill
beconfinedto within block, but notbetweenblock.

Initial Weights [uniform/normal: default: uniform]: The shapeof the initial weight distribution function.
If setto uniform, thenon initialisationweightswill berandomly selectedfrom a uniform (i.e., flat)
distribution, with lower andupper limits determinedby Weight Parameter A andWeight Parameter
B. If Initial Weights is setto normal, thenon initialisation,weightswill be randomly selectedfrom
a normaldistribution, with meanandstandarddeviation determined by Weight Parameter A and
Weight Parameter B.
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Weight Parameter A [any realnumber;default: � 1.00]: If Initial Weights is setto uniform, thisspecifiesthe
lower limit of theweightdistribution. It Initial Weights is setto normal, thisspecifiesthemeanof the
weight distribution.

Weight Parameter B [any realnumber; default: 1.00]: If Initial Weights is setto uniform, this specifiesthe
upper limit of theweightdistribution. It Initial Weights is setto normal, this specifiesthestandard
deviationof theweightdistribution.

Input Width [a positive integer; default: 10]: Thenumber of nodesin thenetwork’s input layer.
Output Width [a positive integer; default: 10]: Thenumber of nodesin thenetwork’s output layer.
Connectivity [0.0–1.0; default: 1.00]: The proportion of possibleconnectionsbetweeninput andoutput

nodesthatareactuallypresentin thenetwork. Thus,a connectivity of 0.50meansthat,on average,
eachinputnode is connectedto only onehalf of theoutput nodes.

Act Function [linear/sigmoidal; default: linear]: Theform of activationfunction thatis appliedto weighted
inputs to determine network output. Two basicfunctionsare available: linear, which employs a
piecewiselinearsquashing function,suchthat1) inputsbelow onethresholdaremappedto themin-
imum activation, 2) inputs greaterthana secondthreshold aremappedto themaximum activation,
and3) inputsbetweenthe thresholds aremapped linearly betweenthe activation limits; and sig-
moidal, whichemploysanon-linearfunction basedonthesigmoidor logisticequation,andmapping
1) low inputs to valuesneartheminimum activation, 2) high inputs to valuescloseto themaximum
activation, and3) intermediateinputs non-linearlybetweentheactivation limits.

Max Act [any realnumber; default: 1.00]: Themaximum activationthatanoutput nodemayachieve (as
above).

Min Act [any realnumber; default: � 1.00]: Theminimum activation thatanoutput node mayachieve (as
above).

Act Midpoint [any realnumber; default: 0.00]: Theweighted sumof inputsthat shouldmapto half way
betweenMin Act and Max Act. This property partially determines the activation function, but is
independent of theform of thatfunction (i.e., linearor sigmoidal).

Act Slope [any real number; default: 1.00]: The gradient of the activation function when the input to
that function is Act Midpoint. This, togetherwith the above parameters,fully specifiesthe activa-
tion function in sucha way that selectingdifferent valuesfor Act Function will preserve the basic
characteristicsof thatfunction(i.e., its steepnessandits effectsonextremeinputs).

Learning Rule [delta/Hebbian; default: delta]: The learningrule to usein weight adjustment.Learning
maybeeitherthrough application of thedelta-rule or through Hebbianweightadjustment.In each
casethelearningrateis determinedby aseparateparameter.

Learning Rate [any realnumber; default: 0.10]: Therateof learning. In general, a high learning ratewill
meanthattheweightmatrix respondsmorequickly to input-outputtrainingpairs,but mayresultin
thenetwork beinginsufficiently sensitive to its pasttraininghistory.

Weight Decay [True/False; default: False]: If set,weightswill gradually “decay”in theabsenceof learning
throughtheaddition of randomnoise.

Decay Parameter [any realnumber; default: 0.00]: If Weight Decay is True, this parameterspecifiesthe
standard deviationof noiseaddedto eachweightoneachprocessingcycle.

C.16 Network/Interact iveActivation

Interactive activationnetwork boxes containnodeswith associatedactivationvalues.Nodes maybecre-
ated,deleted,excitedor inhibited,andtheiractivation values maybequeried.

Theinitial contentsof aninteractiveactivationnetwork arethesetof namesof nodesinitially contained
in that network. Propertiesdetermine the distribution of initial activationvalues. Furthernodesmay be
addedthrough theuseof ��&�& actions:

add L	��&���L	�;'� to Network

Similarly, nodesmaybedeletedthrough theuseof =�������� actions,&�������
�� actions,and &�������
��_����� ac-
tions:

clearNetwork
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deleteL���&���L	��'� from Network
deleteall L	��&���L	�;'� from Network

The first of theseremovesall nodesfrom a network. The seconddeletesonenode (whosenameunifies
with L	��&���L	�;'� ). Thethird deletesall nodeswhosenamesunify with L	��&���L	�;'� .

Interactive activation networks will normally co-exist with a processthat sendsappropriate ��U%=��;
	�
messagesto control thenode activations:

send��U%=��;
	�%� L	��&���L	�;'���"��U%=���
	��
����>	� to Network

Oneachprocessingcycle, thenetexcitationto eachnodewithin thenetwork is summed.Thisnetexcitation
is thenused,alongwith thecurrentactivationandnetwork properties,to determine thenew activationof
eachnode.

In additionto external input, node activationsmaybesubjectto internalcompetition from lateralinhi-
bition andself activation. Eachof thesecanbeconfiguredby additional properties,allowing themto be
enabledseparately, scaledappropriately, andto usealternative baselines.In addition, lateralinhibition can
beconfigured to useany of several different functions,andcanbe calculatedover the wholenetwork or
within sub-networksthatpartitionthesetof nodesin thebox into severaleffectively separatenetworks.

If sub-network competition is enabled,L	��&���L	�;'� mustbespecifiedasa structure containing a slash
operator (“/”), in which thetermprior to theslashis thenameof thenode, andtermafter theslashis the
nameof thesub-network, e.g. '�:�>���&���v�������>���
�? . Thisnodewill thenonly competewith othersbelonging
to the �;����>���
O? sub-network.

Node activations within an interactive activation network may be queried by matchingagainst node
names:

>	��&��%� L	�;'���$w%=;
�;�	��
%�#��>�� is in Network

In the above condition, w%=;
�;�	��
%����> will normally be an uninstantiatedvariable,andexecution of the
condition will bind thatvariable to theactivation of thenode whosenameis bound to L	��'� .

Thepropertiesthatgovern thebehaviour of interactiveactivation networksmaybebrokeninto several
categories:

C.16.1 GeneralProperties

Max Act [any realnumber;default: 1.00]: Themaximumactivationthatany node mayobtain.
Min Act [any realnumber;default: � 1.00]: Theminimumactivationthatany node mayobtain.
Rest Act [any real number; default: 0.00]: The restactivation to which nodes revert in the absenceof

excitation.
Persistence [any realnumber; default: 0.90]: Thedegreeto whichactivationvaluespersistin theabsence

of excitation. A persistenceof 1.00 will leadto nodesmaintaining their current activation in the
absence of any excitation. A persistenceof 0.00 will leadto nodesreverting immediately to rest
activation in theabsenceof excitation.

Noise [any real number; default: 0.00001]: Thevarianceof normally distributednoiseaffecting the net
excitation of all nodes.

Update Function [MR/GH/CS; default: MR]: Theactivationfunction usedto calculatetheresultof excita-
tion andinhibition on eachnode on eachcycle. Several updatefunctionsusedin the literatureare
available,including:

� MR: McClelland& Rumelhart(1981)� GH: Houghton (1990)� CS: Cooper& Shallice(2000)

Eachof thesefunctionsis calculatedwith respectto Min Act, Max Act, Rest Act andPersistence.
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C.16.2 Initialisation Properties

Initialise [Each Trial/Block/Subject/Experiment/Session; default: Each Trial]: Thetimingof network initial-
isation.Whenthevalue is Each Trial, thenetwork automaticallyinitialisesitself at thebeginning of
eachtrial. Similarly for othervalues. Thus,if thevalueis Each Subject, activationswill bepreserved
within subjectsbut re-initialisedwith eachnew subject.

Initial Acts [uniform/normal: default: uniform]: Theshapeof theinitial activationdistribution function. If
uniform, thenoninitialisationactivationsarerandomly selectedfromauniform(i.e.,flat)distribution.
Theparameters thatgovernthatdistribution aredeterminedby Act Parameter A andAct Parameter
B. If Initial Acts is normal, thenon initialisation activations are randomly selectedfrom a normal
distribution. Again, theparametersthatgovern thatdistribution aredeterminedby Act Parameter A
andAct Parameter B.

Act Parameter A [any realnumber; default: � 1.00]: If Initial Acts is setto uniform, this specifiesthelower
limit of the activation distribution. It Initial Acts is set to normal, this specifiesthe meanof the
activation distribution.

Act Parameter B [any realnumber; default: 1.00]: If Initial Acts is setto uniform, this specifiestheupper
limit of theactivationdistribution. It Initial Acts is setto normal, thisspecifiesthestandarddeviation
of theactivation distribution.

C.16.3 Self Activation Properties

Self Influence [True/False; default: False]: If Self Influence is True, nodeswill besubjectto selfactivation,
which is calculatedusingtheSelf Parameter andSelf Baseline propertiesasdescribedbelow.

Self Parameter [any realnumber; default: 0.50]: A scalingfactorwhich is multiplied with theself input
(seeSelf Baseline) to give theself activation.

Self Baseline [Min Act/Rest Act; default: Rest Act]: The baselinewith respectto which self activation
is calculated. If Rest Act is selected,the valueof Rest Act is subtracted from the node’s current
activation to give the self input. In this caseself input canbe positive or negative, depending on
whether thenode’s activation is greater or lessthanRest Act. If Min Act is selected,thevalueof Min
Act is subtractedfrom thenode’s current activationto give theself input, soself influenceis always
positive.

C.16.4 Lateral Inhibition Properties

Lateral Influence [None/Whole Net/Sub Net; default: None]: If None is selected,lateralinfluence is dis-
abled. If Whole Net is selected,all nodesin theboxcontributeto eachnode’s inhibition. If Sub Net
is selected,eachnodeis inhibited only by othermembers of its sub-network.

Lateral Parameter [any realnumber;default: 0.50]: A scalingfactorthat is multiplied with theoutput of
Lateral Function to give thelateralinhibition oneachnode.

Lateral Function [Sum/Mean/Max; default: Sum]: A function thatdetermineshow lateralinfluenceis cal-
culatedfrom the influencesof individual competitor nodes. If Sum is selected,influencesfrom
competitorsaresummed.If Max is selected,themaximum individual influenceis used.If Mean is
selected,influencesareaveraged.

Lateral Baseline [Min Act/Rest Act; default: Rest Act]: As with Self Baseline, Lateral Baseline switches
betweenusingalternative baselinevalues for the calculationof lateral influence. To calculatethe
lateralinfluence,current activationsof competitorsaresubtractedfrom thebaseline(eitherRest Act
or Min Act). If thebaselineis Rest Act, thenlateralinfluencescanbeeitherinhibitory or excitatory.
If thebaselineis Min Act, thenlateralinfluenceswill alwaysbeinhibitory.

D Representationand Variable Binding

D.1 RepresentingInf ormation

Any informationprocessingmodel requires that the informationto beprocessedis represented in a con-
sistentwaysothatthemodelcanapplywell-defined mechanismsto processor manipulatetherepresenta-
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Table2: Typesof termwithin COGENT’s representationlanguage

Type Description Examples
Number Representsnumeric information ) 12.00

jh��~�P�m
Atom Representsinformationwith no

internal structure
=�������'	> U	P�)
=���


Variable Representsinformationthatis
unknown or thatvaries

Y G%�Q'�
E	���;I�W�


List Representssequencesof
information

D '���%�����Q=���
�$&���I��W���������H
D�����>�&���>�H

Compound Representscomplex information
with arbitraryinternal structure

I	�������5�;����
��	��=#
��=�P��p=�?��$�
T�����
����	���	� Y �eD�����I��	��m��5HC�

tions.Within COGENT it is necessaryto beableto represent, for example, theinformationcontainedwithin
buffers andthecontentof messagesthatpassbetween¡components. COGENT’s representation language
is borrowedfrom Prolog, a programming language originally developedfor artificial intelligenceapplica-
tions. Thefollowing sectionsgive anoverview of thelanguage. More informationmaybeobtainedfrom
any standardPrologtext (e.g., Bratko, 1986; Clocksin& Mellish, 1987).

The principal representationalunit of COGENT (andProlog) is the term. All information that is to
berepresentedmustberepresentedasa term. Therearea number of different typesof term,allowing the
representationof anumberof differenttypesof information.Table2 givesabrief description andexamples
of eachtype. Any or all of thesetermscouldappearwithin COGENT as,for example, anelement within a
buffer or thecontent of a message.

D.1.1 Numbers

Numbers arerepresentedwithin COGENT usingthestandardnotationconsistingof digits andanoptional
decimalpoint. Following Prolog,COGENT treatsintegers(e.g., � ) andrealnumbers(e.g.,)�~C?em�?;]�� ) slightly
differently. Be awarethat,for example, � and ��~ + arenot identical.

D.1.2 Atoms

Atomsaregenerally usedto representatomicthings. That is, to representsymbols thathave no internal
structure(or whoseinternal structureis not relevantto thecurrent task).Any unbrokensequenceof letters
or othercharactersthat begins with a lower-caseletter (suchas =���
 ) is interpretedby COGENT to be an
atom,providedthatthecharacters following thefirst letterareupper-caseletters,lower-caseletters,digits,
or theunderscorecharacter(“ ”). Thus &���I , T������ ����I�� , and � Y )���� areall atoms.Othercombinations
of characterscanalsobemadeinto atomsby enclosingthemin singlequotationmarks. Thefollowing are
thusalsoatoms: �/X�w�G�� , �/T������ - ����I%��� , �fw��_{	� .
D.1.3 Variables

Variablesallow the representationof information that is eitherunknown or that may vary. Like atoms,
variables aredenotedby sequencesof letter, digits, andunderscorecharacters,but variablesmustbegin
with an upper-caseletter or the underscore character. Thus, X�w�G , V���
 m , and '�:��	��� areall variables.
Note thatvariablesmustnot have quotation marksaround them: a charactersequencebeginning with an
upper-caseletterthatis surrounding by singlequotesis understoodby COGENT (andProlog) to beanatom.

51



D.1.4 Lists

Much of the power of the representationlanguage comesfrom the possibilityof constructing new terms
from otherelementsof the language. Lists areonetypeof termthatemploys this construction. Lists are
generally usedto representsequencesof information. Thus,a list might beanappropriaterepresentation
to usewhenmodellinga taskinvolving a sequenceof activities,whereorderin thesequenceis important.

Syntactically, a list consistsof a left squarebracket followed by a comma-separatedsequenceof terms
followedby aright squarebracket. Thus, D|=���
�p��������W���>�
�KT����;W��p�	����>��Q&���I�JT%����W�H is alist with six atomic
elements.Lists canhaveany number of elements,but thelist with zeroelementsis special.It is known as
theemptylist, andrepresentedas D5H .

A secondcommonuseof lists is to representsetsof things(orevenmulti-sets:setswhoseelementsmay
occurmorethanonce). Thiscanbedoneby simply ignoring thesequential ordering informationcontained
in the list representation.Thus,the list D|=���
�	��������W���>�
��T%���;W���������>��&���I�H , may be usedto representa
set,ratherthana sequence,of animalnames,providedthatthefunctionsandprocessesthatoperateon the
representationdonotmakeuseof order informationcontainedwithin thelist.

Theelementsof a list neednot beatoms— they maybetermsof any type. Hence,variablesandlists
mayoccuraselementsof a list. Thus, D|=���
��w�L%�;��w�A%��T���U�	D ���������;
%�#�	��
�p'�������H(H is a list whosesecond
elementis avariable,whosefirst andthird elementsareatoms,andwhosefourth elementis itself a list.

D.1.5 CompoundTerms

Compoundstermsare, like lists, termsbuilt from other terms. They are frequently usedto represent
structured informationin which thestructureis morecomplex thanthatwhich occursin lists. Compound
termsallow, for example,therepresentationof themeaningof sentencesin termsof representationsof the
sentenceparts. Thus, themeaningof “Tigger is miaowing” might be representedby thecompoundterm
'�������B�	� 
�;I�I����	� .

In general, a compoundtermconsistsof anatom(in theabovecase'��#����B� ) immediately followed by
a left round bracket followed by a comma-separatedsequence of otherterms,followed by a right round
bracket. Theinitial atomis referredtoasthecompoundterm’s functor. Thesub-termsbetweenacompound
term’s bracketsareknown asits arguments,andthenumberof argumentsis theterm’s arity. Notethatthe
comma-separatedsequenceof termscannotbeempty(i.e., thearity of a compoundtermcannotbe0), and
theremustnot beany spacebetweenthecompoundterm’s functor andtheopening round bracket. Space
maybeinsertedfreelybetweenacompoundterm’sarguments(orbetweenthoseargumentsandthecommas
thatseparatethem),andshouldbeusedconsistentlyto improve thereadability of therepresentation.

Theexample compoundtermsgivenin Table2 illustratethatcompoundtermsmaybeembedded(i.e.,
an argumentof a compound term may itself be a compoundterm), or containlists andvariableswithin
theirarguments.Highly complex representationsmaybebuilt by usingthisstructuringof terms.

D.1.6 Operators

In thelanguage asdescribedsofar, a compoundtermrepresentinga simplearithmetic expression(e.g.,3
+ 4) mustbewritten usinga very clumsynotation: � R_� �*)��"m	� . This is a compoundtermwhosefunctor is
� R_� andwhosearity is 2. Therepresentationlanguageallows somecompoundterms(especiallyarithmetic
expressions)to bewritten in a morereadableway through theuseof operators.

Certainpre-definedfunctorsareunderstoodby COGENT/Prologto beoperators.If a functor is abinary
operator, thena termof theform � R_� �s)��"m	� canbewritten in theconventional way, as )iRlm . Notethatthe
bracketsandthesinglequotes arenot requiredwhenthealternatenotationis used.Operatorsmaybeused
in all kindsof terms(not just arithmeticexpressions). Thus, W�����j�T���� is thesameas � ja� � W	�����$T����	� , and
��v�� is thesameas � v#� �s���"�	� .

Thesetof pre-definedoperatorsincludesall of the standardarithmeticoperators ( R , j , \ , v ,   and¡ ). Theseoperators canbe usedin complex expressions,andwhenusedin suchexpressionsthey have
theusualprecedences.Thus, )ZR[mi\^] is is a compoundtermwith arity 2 andfunctor “ R ”. Thesecond
argumentof this term is mk\^] , itself a compound term. Precedence canbe over-riddenby usinground
brackets. Thus �s)iRlm	�O\^] is is a compoundtermwith arity 2 andfunctor “ \ ”. Thefirst argumentof this
termis )_Rlm , againa compoundterm.
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A secondcommon useof operators within COGENT is in specifying positional informationfor objects
within analoguebuffers. As described elsewhere,analogue buffers containtermsthat represent objects
locatedin one-dimensionalor two-dimensionalspace. A graphical object may be centred (or aligned
verticallyor horizontally) by usingthe �����;I�>���& operator in theobject’spositionspecification:


	��U�
�� " X���>�
��	��&a
���U�
 " ���s)�+�+��KP�+�+��������;I�>	��&b�5=��Q=��J��D|=�������������I��	����>��oH �
D.2 Unification: Matching and Variable Binding

Thecombinationof compoundtermsandvariablesprovidesageneral, expressive representationalsystem.
Therepresentationalsystemalsoprovidesamechanism for matchingterms(e.g.,in thetriggering patterns
andconditions of rules)andbinding variables. Considerthe Rule 1 of Figure27, which comesfrom a
productionsysteminterpreterandwhichoperateson two buffers,ProductionsandMatches. Supposethat,
at somepoint in processing,Productionscontains theterm:

���	��&�"Df������
��	��W���>	&�s+��oHo�eD &�����=��#��: '���>�����>	&��oH
Thefirst condition of Rule1 maybesatisfiedif thecompoundterm ���	��&%�sX%�"w	� maybematched with the
element. This in turn involvesmapping or binding the variable X to Df�;����
��	��W���>	&�s+��5H andthe variable
w to D &�����=�����: '���>�����>	&��oH . Theoperation in which ������&��X%�$w�� is matchedto a buffer element to produce
this binding is known asunification. Table3 shows severalexamplesof unificationbetweentermsandthe
resultantvariablebindings. Noticethat,in thecaseof compoundtermsandlists, unificationis a recursive
process: two compoundtermsunify if they have thesamefunctor andarity andeachof their arguments
unify; two lists unify if they have thesamelengthandeachof theirargumentsunify.

Rule 1 (unrefracted): Addmatching productioninstancesto match memory
IF: ���	��&�sX��$w	� is in Productions

���	��=���>	&%�;
%����>� W�����&��X%�"�	�
THEN: add ���	��&%�sX%�"w�"�	� to Matches

Rule 1 with variablespartially instantiated:
IF: ���	��&�$D|�;����
��	��W���>�&�*+��5H*��D &��%�5=�����: '���>�����>	&��oH is in Productions

���	��=���>	&%�;
%����>� W�����&�"Df������
��	��W���>	&�s+��oHo�"�	�
THEN: add ���	��&%�$D|�;����
�����W���>	&%�*+��oHo�eD &��%��=�����: '���>�����>	&��oHo�"�	� to Matches

Figure 27: A samplerule from a productionsysteminterpreter, anda partially instantiatedinstanceof
therule

Returning to Rule1of Figure27,unification of therule’sfirst conditionwith theelementin Productions
effectively yields a new instanceof the rule, as shown in the lower half of the figure. In this instance
the variablesX and w have beeninstantiatedwith the termsresultingfrom the successfulmatchagainst
Productions. Therule’s secondcondition inheritstheinstantiationof thevariables,andsois more specific
than in the abstractrule. The rule’s action also inherits the instantiationof variables, and is similarly
morespecific. In orderfor this instanceof therule to fire, however, thesecond(more specific)condition
mustalsobe satisfied. This condition may leadto the variable � becoming instantiatedbefore the rule
fires. Alternatively, thesecondcondition mayfail (i.e., theremaybeno way in which thevariablesin the
condition maybesuccessfullyinstantiated,giventheinstantiationof X ). In this casetherulewill notfire.

The buffer that is being matched(Productions) may also containmultiple elementsthat matchthe
rule’sfirst condition. In suchcaseseachmatching element leadsto aseparateinstanceof therule,differing
only in the termsto which the variables X and w areinstantiated.All instancesof all rulesarenormally
considered on eachCOGENT processingcycle (unlessthe rule is explicitly marked to fire at mostonce
on any cycle). Thus, a singlerule mayfire multiple timeson the samecycle, eachtime with a different
instantiation.(COGENT rulesmaytherefore beunderstoodasstatementsof predicatelogic, in which the
variablesareimplicitly universally quantified.)
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Table3: Examplesof terms,theirunification, andtheresultantvariable bindings

Terms Their Unification Variable BindingsY
B�����&%��I�������>��

B�����&� I��	����>�� Y�¢,£B�����&� I��	����>��
T�s������W����"{��"I	�;'�'���
T� w�"�	��
	���$���

T�*������W���������
����$I��;'�'��� w ¢,¤������W��
{ ¢,£����
	�
� ¢,¥I	�;'�'�

T� Y �
I�� Y �

Unificationfails

T�"D ����{�Ho�eD HC�
T�"D {��K��Ho�"�	�

T�$D ���K��Ho�eD HC� { ¢,¤�
� ¢,¦D H

T�"D ����{�Ho�eD HC�
T��A%�"{	�

T�$D ���eD H/H*��D H � { ¢,¦D H
A ¢,¦D ���eD H(H

T�"D ����{�Ho�eD HC�
T�"D {���{�Ho��{��

Unificationfails

E The Rule Language

Thereare two kinds of rules that may be usedfor manipulating information andgenerating messages:
triggeredrules(consistingof a triggering patter, a list of conditionsanda list of actions),andautonomous
rules(consistingof a list of conditions anda list of actions).

A triggeredrule is activatedwhenever theprocessthatcontainstherule receivesamessagethatunifies
with therule’s triggering pattern.If, onceactivated, therule’s conditions aresatisfied,thentherule fires,
with all of its actionsbeingperformedin pseudo-parallel. Autonomous rulesdo not have a triggering
pattern.They fire whenever their conditions aresatisfied.Triggeredandautonomous rulesmaybemixed
freelywithin a singleprocess.

Triggeredrulesarenormally triggered by messagesgeneratedby the firing of otherrules. Thereis
onespecialtrigger, however, that is automaticallygeneratedby COGENT. At theendof eachtrial, block,
subjectandexperiment,COGENT automaticallygeneratesamessageof theform �#:%�;
	�;' ��>	&��A���������� (for
A�������� equalto 
������� , ������=#g , �;����§���=#
 or ��U�������J'��>�
 , respectively). Thesetriggersareintendedfor
useby taskenvironmentboxes,for example to triggerstatisticalanalysisat theendof atrial, block,subject
or experiment.

Eachcondition in a rule’s list of conditions is a logical testthatmay include unboundvariables. CO-
GENT providesa wide range of built-in conditions for operating on list representations,evaluatingarith-
meticexpressions,etc. (seeSectionF), but additional conditions maybedefinedwithin a process(using
thecondition editor) andthenaccessedwithin rules.

A rule’s conditions are satisfiedwith a particularbinding of variables if eacheachcondition in its
condition list is truefor thegivenvariablebinding. Thus, thesinglecondition:

Y
is a member of D|=���
�$&���I�*'���%����H

maybesatisfiedin threeways(with
Y

bound to either =���
 , &���I or '������ ), but thepairof conditions
Y

is a member of D|=���
�$&���I�*'���%����HY
is a member of D �	��
�*'��������$I����������#H

mayonly besatisfiedwith
Y

bound to '%������ .
By default,COGENT will considerall possiblevariable bindingsof eachcondition. However, conditions

mayalsobequalifiedin severalwaysto limit thefiring of rules:

not condition: Succeedsif andonly if condition is false.
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exists condition: Succeedsif andonly if thereis at leastoneway of binding variablessuchthatcondition
succeeds. Uninstantiatedvariableswithin condition will notbeboundevenif thequalifiedcondition
succeeds.

once condition: Succeeds if andonly if thereis at leastoneway of bindingvariablessuchthatcondition
succeeds. Unlikeexists, uninstantiatedvariableswithin condition will bebound.

unique condition: Succeeds if andonly if condition hasa unique solution, i.e., if andonly if thereis a
uniqueway of successfullybindingany uninstantiatedvariableswithin condition. Variableswill be
boundonly if thequalifiedcondition succeeds.

trace condition: Succeedsif andonly if condition succeeds, with theside-effect of printing thecondition
andits variable bindings to the processbox’s Messages window. This qualifier is for debugging
purposesonly. It hasnoeffectonmodelexecution.

Qualifiersmayalsobeappliedto sequencesof conditions. Thus,not condition1 condition2 will succeedif
andonly if thereis novariablebinding thatsimultaneouslysatisfiesbothcondition1andcondition2.

If a rule’scondition list is satisfiedby aparticularbinding of variables(andtwo othercriteriadescribed
in the next paragrapharemet), the rule will fire. This involves binding any variables in the actionsand
generating messagescorresponding to eachactionin the rule’s actionlist. Thesemessageswill thenbe
sentto the boxes listed in the actions. If any messagesentto a box consistsof the single term �#
	��� ,
then when the target box receives that messageits processingwill be completelyhalteduntil the next
initialisation. If the box is a compound thenall boxeswithin the compound will be stopped.The �#
	���
messagetakeseffect immediately, overriding any othermessagessentto a boxon thesamecycle.

In addition to theabove, rulesmaybemarkedasrefractedand/or asfiring oncepercycle. Refracted
rulesfire only oncewith eachpatternof instantiations of their variables.(Therefractorytestis reseteach
time theprocesscontaining the rule is initialised.) A rule thatfires oncepercycle will only succeedfor
onebinding of its variablesonany processingcycle. If a rule is markedasrefractedandasfiring onceper
cycle,therulewill fire for differentinstantiationsondifferentcycles.Thismaybeusedto generateaseries
of sequential behaviours.

F Built-In Conditions

COGENT supports several classesof built-in conditions thatmaybeincludedin rulesor condition defini-
tionswithin processboxes.

Typechecking: A seriesof conditions thattestthetypeof termto whichtheirsingleargumentis bound:

atom: Succeedsif andonly if theargumentis bound to anatom.
integer: Succeeds if andonly if theargumentis bound to aninteger.
number: Succeeds if andonly if theargumentis bound to a number.
variable: Succeeds if andonly if theargumentis uninstantiated.

Term comparison: A seriesof conditionsthatcomparetwo arguments:

is identical to: Succeedsif andonly if bothtermsareidentical.This requiresthatuninstantiatedvariables
occur in thesameplacesin bothterms,andthatall bound elements areequal.

is distinct from: Succeeds if andonly if is identical to fails.
unifies with: Succeeds if andonly if thetwo termsunify. Thismayresultin theinstantiationof uninstanti-

atedvariablesin eitherterm.
arithmetic: is equal to: Succeedsif andonly if thetwo arguments,whenevaluated,arenumerically equal.

This shouldbe usedin preferenceto is identical to for equality checking, asit correctly compares
integer andrealnumbers.

arithmetic: is not equal to: Succeeds if andonly if the two arguments,whenevaluated, arenumerically
unequal.

arithmetic: is less than: Succeedsif andonly if thefirst argumentis lessthanthesecond.
arithmetic: is not less than: Succeedsif andonly if thefirst argumentis greaterthanor equalto thesecond.
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arithmetic: is greater than: Succeedsif andonly if thefirst argumentis greaterthanthesecond.
arithmetic: is not greater than: Succeedsif andonly if thefirst argumentis lessthanor equalto thesecond.
alphanumeric: is before: Succeeds if andonly if the first argumentis before the secondin the standard

alphanumeric order.
alphanumeric: is not before: Succeedsif andonly if thefirst argumentis equalor after thesecondin the

standard alphanumericorder.
alphanumeric: is after: Succeeds if andonly if the first argument is after the secondin the standard al-

phanumericorder.
alphanumeric: is not after: Succeedsif andonly if thefirst argumentis equalor beforethesecondin the

standard alphanumericorder.

List processing: A range of conditions thatoperateon lists:

member: G	���#' is a member of A%���#

Succeeds if G	����' canbeunifiedwith amemberof A%���#
 .

select: select G�����' from A%���#
�? leaving A%���#
�P
Succeeds if G	����' canbeunifiedwith a memberof A����#
O? and A%���#
	P is thelist of all otherelements
of A%���#
 .

length: ��>�
	��I	��� is the length of A%���#

Succeeds if ��>�
	��I	��� canbeunifiedwith thelengthof A%���#
 . A%���;
 shouldbeinstantiated.

reverse: A%���#
	P results from reversing A%���#
�?
Succeeds if A%���#
�P canbeunifiedwith thereverseof A%���#
O? (i.e., A%���#
�? with its elementsin reverse
order.) A%���#
O? shouldbeinstantiated.

replace: replace the first G	���#'¨? in A%���#
O? with G�����'P to give A%���;
	P
Succeeds if A%���;
	P resultsfrom replacing thefirst instanceof G	����'c? in A%���#
�? with G	����'%P . G	���#'¨? ,
G�����'P and A%���;
O? should beinstantiated.

replace all: replace each G�����'¨? in A%���#
�? with G	����'%P to give A%���#
	P
Succeeds if A����#
	P resultsfrom replacing all instancesof G	����'¨? in A%���#
O? with G	����'P . G	����'¨? ,
G�����'P and A%���;
O? should beinstantiated.

sort: A%���#
O? results from sorting A%���;
	P
Succeeds if A%���#
O? is theresultof sorting A����#
	P . Sortingusesthestandardorder of terms,in which
numberscomebefore termsbeginning with upper-caseletterswhich in turn comebefore termsbe-
ginning with lower-caseletters. A%���#
	P shouldbeinstantiated.

first element: G�����' is the first element of A%���;

Succeedsif G�����' canbeunifiedwith thefirst elementof A%���;
 . A%���#
 shouldnormallybeinstantiated.

last element: G	����' is the last element of A%���#

Succeedsif G	���#' canbeunifiedwith thelastelementof A%���#
 . A%���;
 shouldnormally beinstantiated.

append: A%���#
O? results from appending A%���#
�P to A%���#
	)
Succeeds if A%���#
O? is theresultof appending A����#
	P to A%���#
	) . With A%���#
	P and A%���#
	) instantiated,
and A%���#
�? uninstantiated, append will createanew A%���;
O? . However, with only A����#
O? instantiated,
append canbeusedto split thelist into two parts,generatingall differentwaysof splitting thelist.

delete: A%���#
�? results from deleting G	����' from A%���#
�P
Succeeds if A����#
O? is theresultof deletingatermthatunifieswith G	����' from A%���#
�P . If G	����' unifies
with morethanoneelementof A%���#
	P (e.g. if G�����' is uninstantiated),delete will besatisfiablein
multiple waysfor eachelementof A%���#
�P .

rank list: V	��>�g�� are the ranks of A%���;

A����#
 mustbea list. V	��>�g%� is a list of exactly thesamelength,with elementscorrespondingto the
ranks of elementsin A����#
 . For example: the ranksof the list D )��K���K���t��H are D©?��t)�~ ]��KP��t)�~�]�H . The
elements of A%���#
 do not needto be numbers. If they arenot, thenthe standard order of termsis
usedfor ranking. In this order, numbers comebefore termsbeginningwith upper-caseletterswhich
in turn comebefore termsbeginning with lower-caseletters.Note that if theelementsof A%���#
 are
expressionsthatmayevaluateto numbers,thentheexpressionsareranked, not thenumbersthatthey
evaluateto.
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sublist: A%���#
O? is a sublist of A%���;
	P
Succeeds if A%���#
�? is a sublistof A%���;
	P . A%���#
	P should normally beinstantiated.If A%���#
�? is unin-
stantiated,sublist will generate all possiblesublists.

find all: A%���#
 is the list of all G	����' such that condition
Succeeds if A����#
 matchesthe list of all G	���#' suchthat conditionholds. condition may be any
complex condition (and is selectedasa subcondition using COGENT’s usualpull-down condition
editormenus). Normally G	����' will containat leastoneuninstantiatedvariable whichalsooccurs in
condition, sothat A����#
 is a list of solutions to condition.

Arithmetic: Arithmetic conditions consistof an expressionanda term, andinvolve equating the term
to theexpression.In all cases,any variableswithin theexpressionmustbebound prior to evaluating the
arithmeticcondition, andthetermmusteitherbeanunboundvariable or anumber. If thetermis unbound,
thecondition will succeedandthetermwill beboundto theresultof evaluatingtheexpression.If theterm
is bound, theconditionwill only succeedif it is bound to theresultof evaluating theexpression.

is: L���'��	��� is ��U����	�	��������>
plus: L���'�������? is L���'������	P + L���'������	)
minus: L���'������O? is L���'��	���	Pi��L���'�������)
times: L���'�������? is L���'�������Pdª«L���'	�����	)
divide: L���'��	���O? is L���'������	P / L���'������	)
sqrt: L���'������O? is the square root of L���'��	���	P
abs: L���'	�����O? is the absolute value of L���'�������P
log: L���'������O? is the natural log of L���'��	���	P
exp: L���'������O? is e to the power L���'��	���	P
power: L���'	�����O? is L���'������	P to the power ��>�
���I	���
sigmoid: L���'	�����O? is sigmoid(L���'������	P )
factorial: �e>�
	��I	���O? is ��>�
	��I����	P factorial
random number: uniform: L���'������ is randomly drawn from U( A���B���� ,¬�������� )

Succeeds if L���'������ matches a number drawn at random from theinterval [ A���B	��� ,¬�������� ), with all
points beingequally likely. This condition is very unlikely to succeedif L���'������ is instantiated.
Instead, it shouldbeusedto generatea randomnumber within aspecifiedinterval.

random number: normal: L���'	����� is randomly drawn from N( �	����> , !	���%����>=�� )
Succeedsif L���'	����� matchesarandom numberdrawn fromthenormaldistributionwith thespecified
������> and !	����#��>=�� (i.e., thesquareof thestandarddeviation). This condition is very unlikely to
succeedif L���'������ is instantiated.

random number: integer: L���'������ is a random integer drawn from A to ¬ inclusive
Succeeds if L���'��	��� matchesarandom integer drawn from theinterval A to ¬ inclusive.

trig function: sin: L���'	�����O? is sin( L���'�������P )
trig function: cos: L���'��	���O? is cos( L���'�������P )
trig function: tan: L���'	�����O? is tan( L���'�������P )
trig function: asin: L���'������O? is asin(L���'	�����	P )
trig function: acos: L���'	�����O? is acos( L���'��	���	P )
trig function: atan: L���'������O? is atan( L���'������	P )
trig function: cartesian / polar: cartesian X�X is equivalent to u�X with origin x

X�X represents a point in cartesian(X, Y) coordinates.u�X representsthesamepoint in polar[Radius,
Angle] coordinates,relative to thecartesianorigin x .

list arithmetic: minimum value: L���'������ is the smallest numeric element in A%���#

list arithmetic: maximum value: L���'������ is the largest numeric element in A%���#

list arithmetic: sum: L���'������ is the sum of the elements of A%���;

list arithmetic: product: L���'	����� is the product of the elements of A%���#

list arithmetic: arithmetic mean: L���'	����� is the average of the elements of A%���#

list arithmetic: geometric mean: L���'	����� is the geometric mean of the elements of A%���#

list arithmetic: standard deviation: L���'������ is the s.d. of the elements of A����#

list arithmetic: dot product: L���'������ is the dot product of A%���#
O? and A%���#
	P
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Statistics: A setof built-in statisticalfunctions andtests:

statistics: probability: w�����W�� is the probability of being greater than
Y

in �
Calculatew��#��W�� , the areaunder the curve definedby the distribution � between

Y
and R�/®�¯ . Y

should benumeric or evaluateto a number. � mustbeoneof:

�±° : thestandardnormal distribution;� 
�� ��²	� , where��² is apositive integer: thestudent’s ³ distribution with ��² degreesof freedom;� ��� ��²	� , where��² is apositive integer and( jk´i� Y �r´ ): Pearson’s � distribution;� =;W�� ��<� ��²	� , where��² is a positive integer: the µ 2 distributionwith ��² degrees of freedom;� T� L�"�	� , whereL and � arepositiveintegers:theF distributionwith L and � degreesof freedom;� ����
��%��w%�"{�� , wherew and { aremultiplesof exactly0.5: thebetadistributionwith parameters w
and { ; or� I	�;'�'�%� w�"{	� , wherew and { aremultiplesof exactly0.5: thegammadistributionwith parame-
ters w and { .

Note: if youwantto calculatesignificancelevelsfor ° , 
 or r, beawarethat w�����W�� is theprobability
associatedwith thepositive tail of thedistribution. If youpredict negativevalues,use j Y

insteadofY
asanargument.For two-tailedsignificancevalues,use ����	� Y � andmultiply w�����W�� by 2.

statistics: correlation: X is the G�:���� correlation coefficient of A����#

A����#
 must be a list of pairs of numbers (e.g., D/�sP�~�)��"m~ P��Q�e�sP�~C?��K]�~©?;�5H ). G�:���� must be �������%����> ,
����������'%��> or g���>	&������ . Thecondition returnsX , thePearson’s,Spearman’s or Kendall’ s correlation
co-efficientof thelist of numbers.

statistics: related t: G is the t statistic of A%���#

A����#
 mustbea list of pairsof numbers(e.g., D(�*P�~ )��"m~�P��J�e�*P�~©?��K]�~C?;�oH ). Thecondition returns G , the 

statisticcalculatedfrom thepairsof numbers.

statistics: unrelated t: G is the t statistic of A%���#
�? and A%���#
	P
A����#
O? and A%���#
	P mustbe lists of numbers(e.g., D P�~ )��$m%~�P��KP�~C?��t]�~©?pH ). Both lists shouldbeof equal
length. Thecondition returnsG , the 
 statisticcalculatedbetweenthetwo lists (which areassumed
to beindependentsamples).

statistics: chi squared: X�z is chiˆ 2 of G	�������? (with expected values G���������P )
G��������? representsa contingency table. It must either be a list of numbers (normally integers),
representingaone-dimensional contingency table,or alist of listsof numbers,with eachof theinner
lists having thesamelength, representing a two-dimensionalcontingency table.In bothcases,X�z is
thevalueof the µ 2 statisticcalculatedon thetable. If G	��������P is not specified(i.e., not a variable),
it mustbespecifya tableof valuesof thesamesizeas G	�������? . Thesevalues aretakenasexpected
valuesfor eachof the cells in G	�������? , andthe µ 2 statisticcalculatedaccording to theseexpected
valuesratherthanaccording to expectedvaluescalculatedby assumingarandomdistribution of cell
values.

Miscellaneous: Additional conditions include:

match: G�����' is in buffer
Succeeds if G	����' canbeunifiedwith anitem in thebuffer named buffer.

call in module: call =���>	&%�;
�#��> in buffer
Callstheuser-defined condition =���>	&��;
����> from thebuffer buffer. Succeedsif thecall succeeds.

get value of property: the value of the propertyproperty is G	����'
Succeeds if propertyis apropertyof thecurrent box, andthevalueof thatproperty within thecurrent
boxunifieswith G�����' . This is usedfor retrieving thevaluesof boxproperties.

current cycle: the current cycle is �
Succeeds if � matchesanintegerspecifying thecurrent COGENT cyclenumber.

current trial: the current trial is �
Succeeds if � matchesanintegerspecifying thecurrent COGENT trial number.

current block: the current block is �
Succeeds if � matchesanintegerspecifying thecurrent COGENT blocknumber.
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current subject: the current subject is �
Succeeds if � matchesanintegerspecifying thecurrent COGENT subjectnumber.

current experiment: the current experiment is �
Succeeds if � matchesanintegerspecifying thecurrent COGENT experimentnumber.

is composed of: G�����' is composed of A����#

Succeeds if G	����' is a termwhosecomponentsaretheelementsof A%���#
 . For example, T�s���"��p=	��&��"�
is composedof D T%�K�������p=��s&��oH . This condition maybeusedto createor decomposeterms.Similar to
Prolog’s ��>���� function.

generate symbol: z is a new symbol with base {
Generatesa symbolby appending aninteger to { , suchthateachcall yieldsa new symbol. Similar
to the I	��>�#:�' functionavailablein someprogramming languages.

call Prolog: call G	���#'
Succeeds if G	����' succeedsasa Prologgoal. This is usedfor calling built-in Prologpredicatesthat
arenot listedelsewherein this appendix.

cut!: !
ThePrologcut. This condition alwayssucceeds,but fixesany variablesbound in conditions prior
to it. (SeeBratko (1986) or Clocksin& Mellish (1987).) The condition canonly be usedwithin
condition definitions. It is notavailablein thecondition list of rules.

G User-DefinedProperties

Thesetof propertiesassociatedwith a boxmaybeaugmentedon a box-by-boxbasisthroughtheaddition
of user-definedproperties. This facility allows the userto defineadditional properties associatedwith a
box,andthenrelateaspectsof thebox’s behaviour to thoseproperties.Six typesof user-definedproperties
areavailable:

Enumerated: Thevaluemaybeany oneof a numberof explicitly listedvalues.
Positive Integer: Thevaluemaybeany positive integer.
Boolean: Thevaluemaybetrueor false.
RealNumber: Thevaluemaybeany realnumber.
BoundedReal: Thevalue maybeany realnumber betweentwo specifiedlimits.
String: Thevaluemaybeany characterstring.

User-definedpropertiesareof mostusewithin processboxes.Ruleswithin suchboxes maytestprop-
erty values,andtherebyensurethat the process’behaviour is appropriatelydependent on a user-defined
property. For example, anenumeratedproperty with nameBias andvaluespositive andnegative maybe
definedwithin aprocess.Thefollowing rulewithin thatprocesswill thenapplyonly whenBias is positive.

IF: thevalueof the“Bias” property is �������;
%�;�	�
. . .

THEN: . . .

User-defined propertiesprovide a convenientway to parameteriseprocesses(and thereby models).
Oncea model is parameterised,COGENT’s scripting language (seeSectionI) may be usedto conduct
computationalexperimentsin whichparametersaresystematicallyvariedin order to determinetheireffects
uponrelevant dependentvariables.

H The ExecutionModel

Froma computationalperspective,a COGENT model maybeconsideredto consistof a databusor black-
board(to which messagesthat passbetweenboxes areposted), anda setof modules(corresponding to
theboxesin thebox andarrow diagram),with eachmodule comprisinga state,a statetransitionfunction,
andanoutput function. A buffer, for example, correspondsto a module whosestateat any time is thelist
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of elementsin the buffer, whosestatetransitionfunction is determined in part by the buffer’s properties
concerning capacitylimitationsanddecay, andwhoseoutputfunction is null (becausebuffersdo not gen-
erateoutput). In contrast,thestateof aprocessis thelist of rulesandcondition definitionscontainedin the
process,thestatetransitionfunction is null (becausethestatedoesn’t change duringprocessing), andthe
output functionis determinedprimarily by therulesandcondition definitions containedwithin themodule
(with propertiesof theprocessalsoplayinga part). Otherclassesof boxaretreatedin ananalogousway.

Processingwithin thesystemconsistsof two phases.In thefirst phaseall modulesoperate in parallel
to produceoutput from themessageson thebus(by applyingtheir outputfunctions). In thesecondphase
all moduleschangestatein responseto theirstatetransitionfunctionsandthecontentsof thedatabus.The
two phasecycle thenrepeatsuntil no furtherprocessingoccurs.This point marks theendof the trial. (If
that trial wasthelast trial in thecurrent block, it alsomarkstheendof theblock. Similarly if thecurrent
blockis thelastblockfor thecurrentsubject,it marks theendof thesubject,andif thecurrentsubjectis the
lastsubjectfor thecurrentexperiment,it marks theendof theexperiment.) As describedelsewhere,each
of theseeventsmayleadto thegenerationof �#:%�#
	��' ��>�&�sA����	����� triggers,whichareprocessedwithin the
sametwo-phaseprocessingcycle.

Cooper (1995) providesa moreformal descriptionof anearlierversion of theexecution model. The
principal difference betweenthat description and the execution model now in useis that processingis
shiftedonehalf phase.Thatis, theprevious“updatethengenerate”cyclehasbeenreplacedby a“generate
thenupdate” cycle.

I Experiment Scripts

An experimentscriptspecifiesa sequenceof stepscomprisinganexperiment.It may, for example,specify
twenty subjectseachin threeconditions performing five blocksof trials, with eachblock consistingof
twentyseparatetrials. Onceanexperimentscripthasbeencreated,it maybeusedto control theexecution
of amodel overanextendedperiodof time,allowing themodelto effectively replicatethestandardprocess
of laboratory-basedexperimentation.

Execution of experimentscriptsis controlled by the four run buttons on the top right of eachbox’s
window. Thesebuttons have thefollowing functions:

Initialise: Initialise the model. This is a sessioninitialisation, which subsumes trial, block, subjectand
experimentinitialisation.

Step: Stepthroughonecycleof modelexecution.
Run: Execute thecurrent experimentscript.
Stop: Interruptexecution of thecurrent experimentscript.

Whena modelis created, two default experiment scriptsarealsocreated.One,calledTrial , consistsof
threecommands:

initialise trial
run to end of trial
end trial

Whenrun, thisscriptinitialisesatrial (thereby initialising any boxeswhoseInitialise propertyis setto Each
Trial), runstheexecution modelto theendof thetrial, andthendoesany endof trial processing(by issuing
thesystem-generated�;:%�#
	�;' ��>�&��
��������� trigger). Thisscriptspecifiesa simpleone-trial experiment.

Thesecondscript that is createdis calledDefault. It is theonethat,by default, is initially associated
with theRun button.It consistsof thesinglecommand:

repeat Trial ? times

Thisscriptinstructsthesystemto runtheaboveTrial scriptonce.Thus,eachtimetheRun buttonis pressed,
onecompletetrial will beperformed. If thenumberof repetitions is alteredandthescriptsaved,pressing
theRun buttonwill insteadrun thenew numberof trials.

Thescriptlanguageallows more complex scriptsto bewritten. It includesthefollowing commands:
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initialise Level: Initialise the modelat the specifiedinitialisation level. Level, which is selectedfrom a
pull-down menu, maybetrial, block subject or experiment.

end Level: Performappropriateendof the level processing.(A corresponding initialise Level command
should occur sometimebefore this command.) If the modelusesthe �#:%�#
��;' ��>	&��A����	����� special
trigger for thespecifiedlevel, it will besentat this point, andthemodel will againexecute until no
more processingoccurs.

run to end of trial: Execute themodeluntil it reachestheendof a trial.
repeat SubScript L times: Execute the specifiedsubscriptL times,where L may be any positive integer.

SubScript is selectedfrom apull-down menulisting thescriptsalready definedfor this model.
the value of Propertyin Box is !	���#��� : Setthespecifiedpropertyin thespecifiedboxto thespecifiedvalue.

Propertiessetin this wayhaveeffectwithin thecurrentscriptandany subscripts until theendof the
currentscript,whenthey arerestored to theirpreviousvalues.

Thesecommands maybe assembledinto complex scripts(possibly calling embedded scriptsandsetting
propertiesto various values)in orderto conduct extendedcomputationalexperiments.
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