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Abstract. This paperdescribesthestudentmodelingcomponentof ANDES, anIntelligent
TutoringSystemfor Newtonianphysics.ANDES’ studentmodelusesa Bayesiannetwork
to do long-termknowledgeassessment,planrecognitionandpredictionof students’actions
duringproblemsolving.Thenetwork is updatedin realtime,usinganapproximateanytime
algorithmbasedon stochasticsampling,asa studentsolves problemswith ANDES. The
informationin thestudentmodelis usedby ANDES’ Helpsystemto tailor its supportwhen
the studentreachesimpassesin the problemsolving process.In this paper, we describe
theknowledgestructuresrepresentedin thestudentmodelanddiscusstheimplementation
of the Bayesiannetwork assessor. We also presenta preliminaryevaluationof the time
performanceof stochasticsamplingalgorithmsto updatethenetwork.

To appearin Proceedingsof the Sixth InternationalConferenceon User Modeling (UM-97),
Sardinia,Italy. June1997.

1 Introduction

ANDES is an IntelligentTutoringSystemthat teachesNewtonianphysicsvia coachedproblem
solving(VanLehn,1996),amethodof teachingcognitiveskills in whichthetutorandthestudent
collaborateto solve problems.In coachedproblemsolving, the initiative in the student-tutor
interactionchangesaccordingto theprogressbeingmade.As longasthestudentproceedsalonga
correctsolution,thetutormerelyindicatesagreementwith eachstep.Whenthestudentstumbles
on a certainpartof theproblem,thetutor helpsthestudentovercometheimpasseby providing
tailoredhints that leadthe studentbackto thecorrectsolutionpath.In this setting,thecritical
problemfor thetutor is to interpretthestudent’sactionsandtheline of reasoningthatthestudent
is following.To performthis taskthetutorneedsastudentmodelthatperformsplanrecognition
(CharniakandGoldman,1993;Genesereth,1982;Huberet al., 1994;PynadathandWellman,
1995).
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Inferringanagent’splanfrom a partialsequenceof observableactionsis a taskthatinvolves
inherentuncertaintysinceoften the sameobservableactionscanbelongto differentplans.In
coachedproblemsolving,two additionalsourcesof uncertaintyincreasethedifficulty of theplan
recognitiontask.Firstly, coachedproblemsolvingoften involvesinteractionsin which mostof
theimportantreasoningis hiddenfrom thecoach’sview. This is especiallytruewhenthecoach
decidesto reducethelevel of guidancein theproblemsolvingprocessby nolongerrequiringthe
studentto explicitly show theproblemsolvingstepsthatcanbeperformedmentally. Secondly,
thereis additionaluncertaintyregardingthestudent’slevelof understandingof thedomaintheory
and,therefore,thekind of knowledgethatshecanbring to bearin generatingsolutionplans.

This paperdescribesa framework for studentmodelingin IntelligentTutoringSystemsthat
takesinto accountboth theuncertaintyaboutthe student’s plansandtheuncertaintyabouther
knowledgestate.Theframework usesa Bayesiannetwork (Pearl,1988)to representandupdate
the studentmodel on-line, during problemsolving. The studentmodel is constructedby the
Assessormoduleof ANDES and it is usedto tailor ANDES’ coachingto the problemsolving
performanceof eachindividualstudent.

2 The ANDES Student Modeling Framework

ANDES’ studentmodelrepresentsasignificantcontributionto researchin probabilisticusermod-
eling for threereasons.

First,themodelusesaprobabilisticframework to performthreekindsof assessment:(1) plan
recognition, inferring themostlikely strategy amongpossiblealternativesthestudentis follow-
ing, (2) predictionof students’goalsandactions,and(3) long-termassessmentof thestudent’s
domainknowledge.Noneof theexistingsystemsthatperformprobabilisticusermodelingseem
to combineall threeof thesefunctions(Jameson,1996).ANDES’ Assessorevolvesfrom POLA
(ConatiandVanLehn,1996a,1996b),our first attemptat a studentmodelfor coachedproblem
solving.UnlikePOLA,whichexploitedonly thediagnosticcapabilitiesof its Bayesiannetwork,
theAssessoralsoprovidespredictionsaboutthe inferencesthat thestudentmayhave madebut
not yet expressedvia actualsolutionsteps,andthe inferencesthatmaycauseproblems.These
predictionswill provide ANDES with moreprincipledinformationto generateeffectivecoached
problemsolvingthantheheuristicsusedby POLA.

Second,this modelperformsplanrecognitionby integratingin a principledway knowledge
aboutthestudent’s behavior andmentalstatewith knowledgeabouttheavailableplans.While
substantialresearchhasbeendevotedto usingprobabilisticreasoningframeworksto dealwith
the inherentuncertaintyof the plan recognitiontask(Carberry,1990;CharniakandGoldman,
1993;Huberet al., 1994;PynadathandWellman,1995),noneof it encompassesapplications
wheremuchuncertaintyconcernstheknowledgethattheuserhasto generatetheplans.

If the assumptionthat the planningagenthascompleteand correctknowledgeis reason-
able in many plan recognitionapplications,it is certainlynot realistic for plan recognitionin
an IntelligentTutoringSystem,whoseprimarygoal is to improve the incorrectandincomplete
knowledgeof thestudent.Nonetheless,the few existing systemsthatperformplan recognition
for intelligenttutoringsystemsrely ona library of availableplans,without takinginto consider-
ationthestudent’s degreeof masteryin thetargetdomain(Genesereth,1982;KohenandGreer,
1993;RossandLewis, 1988).Themodel-tracingtutorsof Andersonet al. (1995)assessbotha



student’s masteryof the domainandthe solutionthat the studentis following during problem
solving,but they donot integratethetwo kindsof assessment.They applyprobabilisticmethods
only for knowledgeassessmentandreducethecomplexity of planrecognitionby restrictingthe
numberof acceptablesolutionsthestudentcanfollow andby askingthestudentwhenthereis
still someambiguity.

Third, the studentmodelwill be usedin real-timeto tailor the coachingof students’prob-
lem solving.Bayesiannetworkshave beenusedfor theoff-line assessmentof student’s domain
knowledgefrom problemsolvingperformance(Collinsetal.,1996;Gitomeretal.,1995;Martin
andVanLehn,1995;Mislevy, 1995;PetrushinandSinitsa,1993),but noneof thesesystemsuses
theinformationin theBayesianstudentmodelto guidea real-timetutorialdialogue.Onereason
for this maybethatbelief updatingin Bayesiannetworksis in theworstcaseNP-Hard,andthis
intractabilityoftenmanifestsitself whentheapplicationcalls for largeandcomplex models,as
is thecasewith IntelligentTutoringSystems.

In ANDES, the computationalcomplexity of the network evaluationis definitely an issue.
Our networks arefine-grainedmodelsof the complex reasoninginvolved in physicsproblem
solving and can containfrom 200 nodesfor a simple problemto 1000 nodesfor a complex
one.Moreover, sinceANDES will be partof thecurriculumof the introductoryphysicscourse
at theUnitedStatesNaval Academy, its responsetime will bea decisive factorfor thesuccess
of the innovation that ANDES representsfor the classicalcurriculum.We are devoting great
effort to obtainacceptableperformancesfrom our studentmodelby usingapproximateanytime
algorithmsbasedonstochasticsampling.

3 The ANDES Tutoring System

The ANDES projectis a joint collaborationbetweentheUniversityof Pittsburgh andtheNaval
Academyinvolving about10 researchersandprogrammers.Beginningin 1998,ANDES will be
usedby approximately200studentspersemesterin theintroductoryphysicsclassat theUnited
StatesNaval Academy. ANDES is implementedin Allegro CommonLisp andMicrosoft Visual
C++ onaPentiumPCrunningWindows95.

ANDES hasamodulararchitecturecomprising,besidestheAssessor, agraphicalWorkbench
with which thestudentsolvesphysicsproblems,anAction Interpreterthatprovidesimmediate
feedbackto studentactions,andaHelpSystem.1 ANDES’ HelpSystemcomprisesthreeseparate
modulesresponsiblefor Procedural,Conceptual,andMeta Help (VanLehn,1996).Theproba-
bilities calculatedby the Assessorwill be usedby the Help modules,both to diagnosewhich
conceptsthestudentneedsmoredetailedtutoringon,andto predictwhathintsaremostrelevant
to thestudent’s currentstrategy. Theknowledgeassessmentcapabilitiesof theAssessorcanbe
usedtoselectappropriateproblemsfor thestudent,andcanalsoserveasanadditionalassessment
tool for theteacher.

1 All modulesexcepttheHelp Systemhave alreadybeenimplemented.TheHelp Systemwill be imple-
mentedin thenext versionof ANDES.



4 Probabilistic Assessment in ANDES

4.1 The Solution Graph Representation

Oneof theissuesthatmustbeconsideredwhenusingBayesiannetworksfor planrecognitionis
wherethenetwork andits parameterscomefrom. Designingthenetwork by handfor eachplan
recognitiontaskrequiresa considerableknowledgeengineeringeffort andit is anunacceptable
option in a systemlike ANDES, whereteachersshouldbeableto easilyextendandmodify the
setof physicsproblemsavailableto students.

In POLA wesolvedthisproblemby adoptingtheapproach,introducedby Huberetal. (1994)
andMartin andVanLehn(1995),of automaticallyconstructingits Bayesiannetworks from the
outputof a problemsolver that generatedall the acceptablesolutionsandsolutionplansto a
problem.Similarly, thesolutiongraphstructureusedby ANDES’ Assessoris generatedprior to
run time by a rule-basedphysicsproblemsolver. Therulesarebeingdevelopedin collaboration
with threephysicsprofessorsfrom the Naval Academy, who are the domainexperts for the
ANDES project.

Sincetheoutputof theproblemsolverwill beusedto modelthestudent’sactivity andmake
tutoring decisions,it is importantto choosean appropriategrain sizefor its knowledgerepre-
sentation.We have basedANDES’ problem-solvingruleson therepresentationusedby Cascade
(VanLehnetal.,1992),acomputationalmodelof knowledgeacquisitiondevelopedfrom ananal-
ysisof protocolsof studentsstudyingworkedexampleproblems.Thisanalysisresultsin arather
fine grain sizewhich, aswe will discussin Section4.4, canproducelarge modelsthat posea
realchallengefor currentBayesiannetwork updatingalgorithms.However, wearguethatsucha
fine-grainedrepresentationis necessaryfor makingthekindsof tutoringdecisionsANDES will
make.

Both POLA’s and ANDES’ problemsolvers containknowledgeaboutthe qualitative and
quantitative reasoningnecessaryto solve complex physicsproblems.However, while POLA’s
problemsolver generatesplain sequencesof solutionsteps(ConatiandVanLehn,1996a),AN-
DES’ problemsolver hasexplicit knowledgeaboutthe abstractplanningstepsthat an expert
mightuseto solveproblems,andaboutwhichANDES will tutorstudents.Thus,it producesahi-
erarchicaldependency network including,in additionto all acceptablesolutionsto theproblem
in termsof qualitative propositionsandequations,theabstractplansfor how to generatethose
solutions.This network is calledthe problemsolutiongraph, and is the startingpoint for the
constructionof theAssessormodule’sBayesiannetwork.

The ProblemSolver startswith a set of propositionsdescribingthe situation,and a goal
statementthat identifiesthe soughtquantity for the problem.It begins by iteratively applying
rulesfrom its rule set,generatingsub-goalsandintermediatepropositions.Whenit reachesan
equation,it determineswhatquantitiesin theequationarestill unknownandformsnew sub-goals
to find thevaluesof thosequantities,so that it will bepossibleto solve for thesoughtquantity
whenall thesub-goalshavebeenachieved.

For example,considertheproblemstatementshown in Figure1A. Theproblemsolverstarts
with the top-level goal of finding the valueof the normal force
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. From this, it forms the

sub-goalof using Newton’s secondlaw to find this value.Next, it generatesthreesub-goals
correspondingto thethreehigh level stepsspecifiedin theprocedureto applyNewton’s second
law ( ����������������� ): (1) choosea body/bodiesto which to apply the law, (2) identify all the
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Figure 1. A physicsproblemandcorrespondingsolutiongraphsegment.

forceson thebody, (3) write the componentequationsfor ���(� � ��������� . The resultingplan
is a partially orderednetwork of goalsandsub-goalsleadingfrom thetop-level goal to a setof
equationsthataresufficient to solve for thesoughtquantity.

Figure1B shows a sectionof thesolutiongraphfor theproblemin Figure1A involving the
applicationof Newton’ssecondlaw to find thevalueof thenormalforce.In thefollowing section
weusethisexampleto show how thesolutiongraphis convertedinto aBayesiannetwork by the
Assessormodule,anddescribethedifferenttypesof nodesin thenetwork andtherelationships
betweenthem.

4.2 The Assessor’s Bayesian Network

TheAssessorBayesiannetwork consistsof two parts,onestaticandonedynamic.Thestaticpart
is built whentheANDES domainknowledgeis definedandis maintainedacrossproblems.The
dynamicpartis automaticallygeneratedwhenthestudentselectsanew problemandis discarded
whentheproblemis solved.Thefollowing sectionswill describethesemanticsandthestructure
of thenodesin thestaticandin thedynamicnetwork.

As far as the parameterizationof the network is concerned,we mainly rely on canonical
interactions,known asNoisy/Leaky-OR andNoisy/Leaky-AND (Henrion,1989),to automati-
cally specifytheconditionalprobabilitiesin thenetwork. Thesecanonicalinteractionsaregood
approximationsof theprobabilisticrelationshipsin thenetwork andprovide a fundamentalad-
vantage:they reducelogarithmicallythenumberof conditionalprobabilitiesrequiredto specify
theinteractionbetweenanodeandits parentsby requiringonlyasingleparameterthatrepresents
thenoiseor theleakin thecanonicalinteraction.At themomenttheparametersin thecanonical
interactions,alongwith theprior probabilitiesin thenetwork, derive from our roughestimates.
We planto refinethembasedon thejudgmentof thedomainexpertsin theANDES project.



The static part of the Assessor. The staticpart of the Assessorconsistsof Rule nodesand
Context-Rulenodes.We usethesetwo kindsof nodesto modelwhat it meansfor a studentto
know a pieceof physicsknowledge.Our definition is that a studentknows a rule whensheis
ableto applyit correctlywhenever it is requiredto solvea problem,i.e. in all possiblecontexts.

In POLA, thestudent’s knowledgeof a rule formalizinga pieceof physicsknowledgewas
representedby theprobabilityof a Rulenodethat increasedby thesameamountevery time the
studentperformedanactionthatentailedthecorrectapplicationof therule, independentof the
context of the application.However, for many physicsrules therearecategoriesof problems
(contexts) thatentaildifferentlevelsof difficulty in applyingtherule.For example,it is easierto
identifycorrectlythedirectionof thenormalforceactingonthebodyin theproblemin Figure1A
thanin aproblemin which thebodyslideson aninclinedplane.Thus,thecorrectapplicationof
therule to problemsin differentcategoriesprovidedifferentevidencethatthestudentknowsthe
rule. In ANDES, RuleandContext-Rulenodeshave beenintroducedto modelthis relationship
betweenknowledgeandapplication.

Rulenodesin thestaticpartof theAssessorrepresentgenericphysicsrules.They havebinary
valuesT andF, where���(�\�e�'�����\� is theprobabilitythatthestudentcanapplytherule in every
situation.Theprior probabilitiesof Rulenodesaregivenwith thesolutiongraphfor theproblem.
At themoment,all theRulenodesareinitializedwith a probabilityof �e�E� , but weplanto obtain
morerealisticvaluesfrom ananalysisof students’performanceon a diagnosticpre-testthat is
administeredat theNaval Academyat thebeginningof theintroductoryphysicscourse.

Context-Rulenodesrepresenttheapplicationof physicsknowledgein specificproblemsolv-
ing contexts. EachContext-Rule correspondsto a productionrule in ANDES’ problemsolver.
Context-Rulesareshown in Figure1B astheoctagonalnodes.For eachRulenodetheAssessor
containsasmany Context-Rulenodesastherearecontexts definedfor that rule. Context-Rule
nodeshavebinaryvaluesT andF, where��� Context-Rule ���\� is theprobabilitythatthestudent
knowshow to applytherule to everyproblemin thecorrespondingcontext. EachContext-Rule
nodehasonly oneparent,theRulenoderepresentingthecorrespondingrule.

��� Context-Rule������� ���e�+�����\� is always equalto 1, sinceby definition �������e�+�����\�
meansthatthestudentcanapplytherule in any context. ��� Context-Rule������� ���e�+������� rep-
resentsthe probability that the studentcanapply the generalrule in the correspondingcontext
even if shecannotapply it in all contexts. This probability implicitly definesthe level of diffi-
culty of acontext for theapplicationof a rule—theeasierthecontext, thehigherthisconditional
probability.

As we will illustratein Section4.3, the marginal probabilitiesof RulesandContext-Rules
will carryover from oneproblemto thenext, encodingthelong-termknowledgeassessmentfor
eachstudentthathasbeensolvingproblemswith Andes.

Thestructureof thestaticpartof thestudentmodelentailstwo independenceassumptions.
Thefirst assumptionis thatRulenodesareindependentof eachother, thesecondis thatContext-
Rule nodesare conditionally independentgiven Rule nodes.Theseassumptionssimplify the
modelingtaskandreducethe computationalcomplexity of belief updating.However, they do
not alwayshold in thephysicsdomain,andwe areplanningto work with thedomainexpertsto
modelcorrectlytheexistingdependencies.

The dynamic part of the Assessor. The dynamicpartof theAssessorcontainsContext-Rule
nodesandfour additionaltypesof nodes:Fact,Goal,Rule-ApplicationandStrategy nodes.All



thenodesarereadinto thenetwork from thesolutiongraphfor thecurrentproblemat thebegin-
ningof problemsolving.Thestructureof thesolutiongraphalreadyencodesthecausalstructure
of the problemsolutionsandthereforeis maintainedin the Bayesiannetwork. For example,a
segmentof theBayesiannetwork createdfor the problemin Figure1A correspondsexactly to
thesolutiongraphsegmentin Figure1B.

FactandGoalnodes.FactandGoalnodeslook thesamefrom thepointof view of theBayesian
network. They both representinformationthat is derivedwhile solving a problemby applying
rulesfrom theknowledgebase.ThedifferencebetweenGoalandFactnodesis in theirmeaning
to thehelpsystem:Theprobabilityof Goalnodeswill beusedto constructhintsfocusedon the
qualitativeanalysisof theproblemandontheplanningof thesolution,while theprobabilitiesof
Factnodeswill beusedto providemorespecifichintson theactualsolutionsteps.

Goal andFact nodeshave binary valuesT andF. ���(���A�� ����\� is the probability that the
studentknows that fact. ����¡�¢9�L�����\� is theprobabilitythat thestudenthasbeenpursuingthat
goal.A weaknessof thecurrentrepresentationof Goalnodesis thattheprobability ���5¡�¢}�A�����\�
doesnotspecifywhetherthestudenthassimplyestablishedthegoalduringtheproblemsolving
processor shehasalsoaccomplishedit. Thedistinctionbetweenestablishedandaccomplished
goalsis crucialfor thehelpsystemsincethestudentmayneedhelpin reachingagoalthatshehas
establishedbut notonagoalthatshehasalreadyaccomplished.At themomentweuseaseparate
procedureto detectthegoalsthathave alreadybeenaccomplishedwhentheHelp Systemneeds
to intervene.

Goal and Fact nodeshave as many parentsas thereare ways to derive them.The condi-
tionalprobabilitiesbetweenFactandGoalnodesandtheirparentsaredescribedby a Leaky-OR
relationship(Pearl,1988).This modelsthe fact that a Fact or Goal nodeis true if the student
performedat leastoneof theinferencesthatderive it, but it canalsobetruewhennoneof these
inferenceshappenedbecausethestudentmayuseanalternativeway to generatetheresult,such
asguessingor drawing ananalogyto anotherproblem’ssolution.

Strategynodes.Strategy nodesrepresentpointswherethestudentcanchooseamongalternative
plansto solveaproblem.Strategy nodesaretheonly non-binarynodesin thenetwork: they have
asmany valuesastherearealternative strategies.Thechildrenof Strategy nodesaretheRule-
Applicationnodesthatrepresenttheimplementationof thedifferentstrategies.In Figure1B, for
example,thestrategy nodebodychoicestrategypointsto thetwo applicationnodesrepresenting
respectively thedecisionsto chooseblock A andblock B asseparatebodiesandto chooseasa
bodythecompoundof thetwo blocks.

Thevaluesof a Strategy nodearemutuallyexclusivestrategieswhich representthefactthat,
at eachsolutionstep,the studentis following exactly oneof the representedstrategies.Thus,
evidencefor onestrategy decreasestheprobabilityof theothers.LikeRulenodes,strategy nodes
havenoparentsin thesolutiongraph.

Rule-Applicationnodes.Rule-ApplicationnodesconnectContext-Rule,Strategy, FactandGoal
nodesto new derived Fact and Goal nodes.Rule-Applicationnodeshave valuesT and F.
��� Rule-Application���\� representstheprobabilitythatthestudenthasappliedthecorrespond-
ing Context-Ruleto thefactsandgoalsrepresentingits preconditionsto derivethefactsandgoals
representingits conclusions.
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Figure 2. Thenetwork beforeobservingA-is-a-body.

The parentsof eachRule-Applicationnodeincludeexactly oneContext-Rule,somenum-
berof Factand/orGoalnodes,andoptionallyoneStrategy node.Theprobabilisticrelationship
betweentheRule-Applicationnodeandits parentsis a Noisy-AND. Thenoisein theAND rela-
tionshipmodelstheprobabilitythatthestudentwill notapplytheruleevenif all thepreconditions
areknown.

4.3 Example of Propagation of Evidence in the Assessor

Supposethata studentis trying to solve theproblemin Figure1A andthatherfirst actionis to
selectBlock A asthebody. In responseto this actionthefactnodeA-is-a-bodyis clampedto T.
Figure2 shows theprobabilitiesin thenetwork beforetheaction.Note that thea priori proba-
bility of FactandGoalnodesis ratherlow, especiallywhentheevidenceis far from thegivens
in thenetwork, becauseof thelargenumberof inferenceswhichmustbemadein conjunctionin
orderto derive thecorrespondingfactsandgoals.

After the first action,evidencepropagatesupward increasingthe probability of its parent
nodesdefine-bodyanddefine-bodies-(A,B), asshown in Figure3. Theupwardpropagationalso
increasesslightly theprobabilityof thevalueseparate-bodiesof theStrategy nodebody-choice-
strategy, representedin Figure3 by theright numberof thepair associatedto thestrategy node.
Thechangesin theprobabilitiesof nodesthatareancestorsof theobservedactionrepresentthe
model’s assessmentof what knowledgethe studenthasbroughtto bearto generatethe action.
Thefactthatsuchchangesarequitemodestis dueto theleakin theLeaky-ORrelationbetween
the observed Fact nodeand its parentApplication node.Given the currentlow probability of
the Application nodethe leak absorbsmostof the evidenceprovided by the student’s action.
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Figure 3. Thenetwork afterobservingA-is-a-body.

In generalthe influenceof the leaksin thenetwork will decreaseasthestudentperformsmore
correctactions.

At this point, downwardpropagationchangestheprobabilitiesof yet to beobservednodes,
thuspredictingwhat inferencesthestudentis likely to make. In particular, the relationshipen-
forcedby theStrategy nodebody-choice-strategyon its childrenwill slightly diminishtheprob-
ability of theGoalnodedefine-bodies(AB). Moreover, theincreasedprobabilityof theGoalnode
define-bodies(A,B)will propagatedownward to increasethe probability of the Fact nodeB-is-
a-bodywhile the increasedprobability of the Fact nodeA-is-a-bodywill slightly increasethe
probabilityof theGoalnodefind-Forces-on(A), asshown in Figure3.

If thestudentasksfor helpafterhaving selectedblock A asa body, theHelp Systemsepa-
ratesthe nodesthat areancestorsof the performedactionsfrom the nodesthat canbedirectly
or indirectly derived from the performedactions.The Goal andFact nodesin the latter group
representthesetof inferencesthatthestudenthasnot yet expressedasactions,andfrom which
theHelp Systemcanchooseto suggestto thestudenthow to proceed.Theprobabilitiesof these
nodeswill aid theHelpSystemin decidingwhatparticularinferenceto choose.

Oncethe studenthascompleteda problem,the dynamicpart of the Bayesiannetwork is
eliminatedandtheprobabilitiesassessedfor theContext-Rulesthatwereincludedin thesolution
graphfor theproblemarepropagatedin thestaticpartof thenetwork.Upwardpropagationin the
staticnetwork will modify theprobabilityof Rulenodes,generatinglong-termassessmentof the
studentphysicsknowledge.Downwardpropagationfrom Rulenodesto Context-Rulenodesnot
involvedin thelastsolvedproblemgeneratespredictionsof how easyit will befor thestudentto
applythecorrespondingrulesin differentcontexts.



Table 1. Performanceof LikelihoodSamplingalgorithm.

Number Runtime
Precision of samples (seconds)

�������
1,374,000 400����� �

362,000 140����� �
5,000 30

4.4 Analysis of the Update Algorithms’ Performance

Theuseof approximatealgorithmswasaforcedchoicefor thebeliefupdateof theAssessor, since
exactalgorithmsrunoutof memoryonmostof ournetworksandhaveunacceptableperformance
on theothers.However, they alsonaturallyfit thetaskbecause,asthey areanytime algorithms,
they produceapproximateresultsratherquickly andthelongerthey run themorepreciseresults
they provide.As wedescribedin previoussections,ANDES’ Assessoris updatedevery time the
studentperformsa new action,but its assessmentis neededonly whenthestudentasksfor help.
TheBayesiannetwork is updatedin abackgroundthread,sothestudentcangoonworkingonthe
Workbenchwithout any awarenessthat thenetwork calculationis happening,until sheinvokes
theHelp System.Only thenthestudentmayhave to wait until theresultsof thebelief updating
algorithmarepreciseenoughfor theHelpsystemto generatea reliableresponse.

We have testedthetime takenby two differentstochasticsamplingalgorithms,Logic Sam-
pling andLikelihoodSampling(Cousinset al., 1993),to bring theprobabilityof every nodein
a representative network within a small thresholdprecision.The network we testedhadto be
small enoughto also run an exact evaluationalgorithmto producethe exact posteriorproba-
bilities for comparison.The network wasgeneratedfrom a very simpleproblemandhad110
nodes.Stochasticsamplingalgorithmstypically do not performwell on networkswith unlikely
evidence,asour networksoftenare,andwe foundthat theLikelihoodSamplingalgorithmwas
theonly onewith acceptableperformancesonour testnetwork.

Table1 showsthenumberof samplesandrunningtimeit tookLikelihoodSamplingto getall
nodesin thenetworkwithin aprecisionof 	��p��
 , 	��e�
� , and 	��e� � , comparedwith theprobabilities
calculatedby the exact algorithm,whenall actionsthat form the problemsolutionshave been
observed.

Therunningtimeof stochasticalgorithmsincreasesapproximatelylinearlywith thenumber
of nodes.Therefore,giventheresultsin Table1,LikelihoodSamplingwouldtakeseveralminutes
to updateto high precisionour largestnetworks,which areup to ten timeslarger thanour test
network. On the otherhand,we have observed that the studentswho have usedANDES so far
usually pausefor a while beforeaskingfor help and the Assessorhassometime to run the
updatingalgorithm.Besides,when LikelihoodSamplingreachesthe �p� � precisionfor all the
nodes98%of thenodesarealreadywithin �e��
 precision,andwhenit reachesthe �e� � precision
98%of thenodesarealreadywithin �e�
� and66%of thenodesarewithin �p��
 precision.Therefore,
it maybethecasethatwewon’t needdramaticallybetterupdatingtime in orderfor theAssessor
to reachacceptableperformances.Whileweintendtocontinuetoworkonimprovingthespeedof



theAssessor’s beliefupdating,wealsoplanto runpilot subjectsto measuretheaveragewaiting
time beforea help request,and to evaluatewhat precisionthresholdswill allow for adequate
assessment.

5 Conclusions and Future Work

The Bayesianstudentmodelingframework presentedin this papercontributesto researchon
probabilisticusermodelingin a numberof ways.First, it usesa probabilisticframework to per-
form threekindsof assessment:planrecognition,predictionof students’goalsandactions,and
long-termassessmentof thestudent’s domainknowledge.Second,it performsplanrecognition
by integratingin a principledwayknowledgeaboutthestudent’sbehavior andmentalstatewith
knowledgeaboutthe availableplans.Third, it representsa substantialeffort toward obtaining
acceptablerealtimeperformancein theevaluationof verycomplex Bayesiannetworks(ranging
from 200to 1000nodes)to beusedfor theon-linetailoringof thedialoguewith thestudent.

In thispaperwe havedescribedin detailthestructureof theBayesiannetwork andhow it is
automaticallyconstructedfrom theoutputof aproblemsolverthatgeneratesall of theacceptable
abstractsolutionplansandactionssequencesto solve a problem.We have alsopresenteda pre-
liminary evaluationof theperformanceof theAssessor’s updatealgorithmson a representative
network.

A numberof issuesremainto be addressedfor the ANDES Assessor. The first is to im-
provetheperformanceof belief updating.We arecurrentlyexploring thepossibilityof applying
methodsbasedon relevanceand focusedreasoning(DruzdzelandSuermondt,1994;Lin and
Druzdzel,1997),which webelieve will leadto a significantspeedupof ouralgorithms.Second,
theknowledgebaseusedby theproblemsolverwill befurtherdeveloped.In particular, we plan
to addincorrectrulescorrespondingto commonphysicsmisconceptions.Third, we will work
with our domainexpertsto refinetheparametersin theBayesiannetworksandto modeldepen-
denciesamongphysicsrules.Fourth,wewill explorehow to maketheAssessorableto take into
accountstudentactionsthatdo not correspondto a correctentry in thesolutiongraph,suchas
erroneousentriesanddeletionof previousentries.

More issuescouldbeaddressedto refinetheaccuracy of thestudentmodel,suchashow to
explicitly representtimein theBayesiannetwork to takeinto considerationthetemporalsequenc-
ing of thestudentactionsandchangesin thestudents’knowledgedueto forgetting.Ontheother
hand,asSelf (1988)pointsout, thecomplexity of a studentmodelshouldalwaysbecalibrated
againsttheaccuracy of its predictions.We believe that it is importantto continuouslyverify the
adequacy of themodelaswedevelopit, throughformativeevaluationswith theintendedusersof
thesystem.ANDES’ Assessorwill be incrementallymodifiedandimprovedaswe gain insight
from theseevaluations.
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