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Abstract. This paperdescribeshe studentmodelingcomponenbf ANDES, anlntelligent

Tutoring Systemfor Newtonianphysics.ANDES' studentmodelusesa Bayesiametwork

to dolong-termknowledgeassessmenplanrecognitionandpredictionof studentsactions
duringproblemsolving. Thenetwork is updatedn realtime, usinganapproximaterytime

algorithm basedon stochasticsampling,as a studentsolves problemswith ANDES. The

informationin the studentmodelis usedby ANDES' Help systento tailor its supportwhen

the studentreachesmpassesn the problemsolving processin this paper we describe
theknowledgestructuregepresenteéh the studentmodelanddiscusgheimplementation
of the Bayesiannetwork assessoiWe also presenta preliminary evaluation of the time

performancef stochasticamplingalgorithmsto updatethe network.
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1 Introduction

ANDES is an Intelligent Tutoring Systemthat teachedNewtonianphysicsvia coadhedproblem
solving(VanLehn1996),a methodof teachingcognitive skills in whichthetutorandthestudent
collaborateto solve problems.In coachedproblemsolving, the initiative in the student-tutor
interactionchangesccordingotheprogresdeingmade Aslongasthestudenproceedsilonga
correctsolution,thetutor merelyindicatesagreementvith eachstep.Whenthe studenstumbles
on a certainpartof the problem,the tutor helpsthe studentovercomethe impasseby providing
tailoredhints that lead the studentbackto the correctsolution path.In this setting,the critical
problemfor thetutoris to interpretthestudents actionsandtheline of reasonindghatthe student
is following. To performthis taskthe tutor needsa studentmodelthatperformsplanrecognition
(Charniakand Goldman,1993; Genesereth1982; Huberet al., 1994; Pynadathand Wellman,
1995).

* Thisresearclis supportecby AFOSRundergrantnumber-49620-96-1-018()y ONR’s Cognitive Sci-
enceDivisionundergrantN00014-96-1-026@ndby DARPA’'s ComputerAided EducatiorandTraining
Initiative undergrantN66001-95-C-8367n addition,Dr. Druzdzelwassupportedy the National Sci-
encefFoundatiorunderFaculty Early CareeDevelopmen{CAREER)ProgramgrantIR1-9624629We
wouldlike to thankZhendongNiu andYanLin for programmingsupport.



Inferringanagents planfrom a partialsequencef obsenableactionsis ataskthatinvolves
inherentuncertaintysince often the sameobsenable actionscan belongto differentplans.In
coachegroblemsolving,two additionalsource®f uncertaintyincreasehedifficulty of theplan
recognitiontask. Firstly, coachedroblemsolving ofteninvolvesinteractiongn which mostof
theimportantreasonings hiddenfrom the coachs view. Thisis especiallyfrue whenthe coach
decidego reducethelevel of guidancean theproblemsolvingprocessy nolongerrequiringthe
studentto explicitly showv the problemsolving stepsthatcanbe performedmentally Secondly
thereis additionaluncertaintyregardingthestudentslevel of understandingf thedomaintheory
and,thereforethekind of knowledgethatshecanbringto bearin generatingolutionplans.

This paperdescribes framework for studentmodelingin Intelligent Tutoring Systemghat
takesinto accountboth the uncertaintyaboutthe students plansandthe uncertaintyabouther
knowledgestate.Theframeavork usesa Bayesiametwork (Pearl,1988)to represenandupdate
the studentmodel on-line, during problemsolving. The studentmodelis constructedoy the
Assessomoduleof ANDES andit is usedto tailor ANDES' coachingto the problemsolving
performancef eachindividual student.

2 The ANDES Student M odeling Framewor k

ANDES' studentmodelrepresentasignificantcontributionto researclin probabilisticusermod-
eling for threereasons.

First,themodelusesaprobabilisticframenork to performthreekindsof assessmenti) plan
recaynition, inferring the mostlik ely stratgyy amongpossiblealternatvesthe students follow-
ing, (2) predictionof studentsgoalsandactions,and(3) long-termassessmemf the students
domainknowledge.Noneof the existing systemghatperformprobabilisticusermodelingseem
to combineall threeof thesefunctions(Jameson]1996).ANDES’ Assessoevolvesfrom POLA
(ConatiandVanLehn,1996a,1996b),our first attemptat a studentmodelfor coachedoroblem
solving.Unlike POLA, which exploitedonly thediagnosticcapabilitiesof its Bayesiametwork,
the Assessonlsoprovidespredictionsaboutthe inferencedhatthe studentmay have madebut
not yet expressedria actualsolutionstepsandthe inferenceghat may causeproblems.These
predictionswill provide ANDES with moreprincipledinformationto generatesffective coached
problemsolvingthanthe heuristicsusedby POLA.

Secondthis modelperformsplanrecognitionby integratingin a principledway knowledge
aboutthe students behaiior and mentalstatewith knowledgeaboutthe available plans.While
substantialesearcthasbeendevotedto usingprobabilisticreasoningramewnorksto dealwith
the inherentuncertaintyof the plan recognitiontask (Carberry,1990; Charniakand Goldman,
1993;Huberet al., 1994; Pynadathand Wellman, 1995), noneof it encompasseapplications
wheremuchuncertaintyconcernghe knowledgethatthe userhasto generatehe plans.

If the assumptiorthat the planningagenthascompleteand correctknowledgeis reason-
ablein mary plan recognitionapplicationsit is certainly not realistic for plan recognitionin
an Intelligent Tutoring Systemwhoseprimary goal is to improve the incorrectandincomplete
knowledgeof the studentNonethelessthe few existing systemghat performplan recognition
for intelligenttutoring systemsely on a library of availableplans,withouttakinginto consider
ationthe students degreeof masteryin thetargetdomain(Genesereth,982;KohenandGreer,
1993;RossandLewis, 1988). The model-tracingutorsof Andersonetal. (1995)assesbotha



students masteryof the domainandthe solutionthat the studentis following during problem
solving,but they do notintegratethetwo kindsof assessmenthey applyprobabilisticmethods
only for knowledgeassessmerandreducethe complexity of planrecognitionby restrictingthe

numberof acceptablesolutionsthe studentcanfollow andby askingthe studentwhenthereis

still someambiguity

Third, the studentmodelwill be usedin real-timeto tailor the coachingof students’prob-
lem solving. Bayesiametworks have beenusedfor the off-line assessmenmtf students domain
knowledgefrom problemsolving performancéCollinsetal., 1996;Gitomeretal., 1995;Martin
andVanLehn,1995;Mislevy, 1995;PetrushirandSinitsa,1993),but noneof thesesystemsises
theinformationin the Bayesiarstudenimodelto guidea real-timetutorial dialogue Onereason
for this maybethatbelief updatingin Bayesiametworksis in theworstcaseNP-Hard,andthis
intractability often manifestdtself whenthe applicationcallsfor large and complex models,as
is thecasewith IntelligentTutoring Systems.

In ANDES, the computationatompleity of the network evaluationis definitely an issue.
Our networks are fine-grainedmodelsof the comple reasoningnvolved in physicsproblem
solving and can containfrom 200 nodesfor a simple problemto 1000 nodesfor a comple
one.Moreover, sinceANDES will be partof the curriculumof theintroductoryphysicscourse
at the United StatesNaval Academy its responseime will be a decisie factorfor the success
of the innovation that ANDES representgor the classicalcurriculum.We are devoting great
effort to obtainacceptabl@erformance$rom our studentmodelby usingapproximateanytime
algorithmsbasedn stochasticampling.

3 The ANDES Tutoring System

The ANDES projectis a joint collaborationbetweerthe University of Pittsturgh andthe Naval
Academyinvolving about10 researcherandprogrammersBeginningin 1998, ANDES will be
usedby approximately200 studentpersemestein theintroductoryphysicsclassat the United
StatedNaval Academy ANDES is implementedn Allegro CommonLisp andMicrosoft Visual
C++onaPentiumPCrunningWindows 95.

ANDES hasamodulararchitecturecomprising besidegshe Assessqra graphicaMorkbench
with which the studentsolves physicsproblems,an Action Interpreterthat providesimmediate
feedbacko studentctions,andaHelp System: ANDES’ Help Systemcompriseghreeseparate
modulesresponsibldor ProceduralConceptualandMeta Help (VanLehn,1996). The proba-
bilities calculatedby the Assessomwill be usedby the Help modules,both to diagnosewhich
conceptghestudenineedanoredetailedtutoringon, andto predictwhathintsaremostrelevant
to the students currentstratey. The knowledgeassessmermapabilitiesof the Assessocanbe
usedo selectappropriatgroblemdor thestudentandcanalsosene asanadditionalassessment
tool for theteacher

1 All modulesexceptthe Help Systemhave alreadybeenimplementedThe Help Systemwill beimple-
mentedn the next versionof ANDES.



4 Probabilistic Assessment in ANDES

4.1 The Solution Graph Representation

Oneof theissueghatmustbe consideredvhenusingBayesiametworksfor planrecognitionis
wherethe network andits parametersomefrom. Designingthe network by handfor eachplan
recognitiontaskrequiresa considerabl&nowledgeengineeringeffort andit is anunacceptable
optionin a systemlike ANDES, whereteachershouldbe ableto easilyextendandmodify the
setof physicsproblemsavailableto students.

In POLA we solvedthis problemby adoptingtheapproachintroducedoy Huberetal. (1994)
andMartin andVanLehn(1995),of automaticallyconstructingts Bayesiametworks from the
outputof a problemsolver that generatedll the acceptablesolutionsand solution plansto a
problem.Similarly, the solutiongraphstructureusedby ANDES' Assessors generategbrior to
runtime by arule-baseghysicsproblemsolver. Therulesarebeingdevelopedin collaboration
with three physicsprofessorsdrom the Naval Academy who are the domainexpertsfor the
ANDES project.

Sincethe outputof the problemsolver will be usedto modelthe students activity andmake
tutoring decisions,t is importantto choosean appropriategrain size for its knowledgerepre-
sentationWe have basedANDES' problem-solvingulesontherepresentationsedby Cascade
(VanLehretal., 1992),acomputationainodelof knowledgeacquisitiondevelopedrom ananal-
ysisof protocolsof studentstudyingworkedexampleproblemsThisanalysigesultsin arather
fine grain size which, aswe will discussin Section4.4, can producelarge modelsthat posea
realchallengéfor currentBayesiametwork updatingalgorithms However, we arguethatsucha
fine-grainedrepresentatiois necessaryor makingthe kinds of tutoring decisionsANDES will
malke.

Both POLAs and ANDES' problemsolvers containknowledge aboutthe qualitatve and
guantitatve reasoningnecessaryo solve complex physicsproblems.However, while POLAs
problemsolver generateplain sequencesf solutionsteps(ConatiandVanLehn,1996a),AN-
DES' problemsolver hasexplicit knowledgeaboutthe abstractplanningstepsthat an expert
mightuseto solve problemsandaboutwhich ANDES will tutor studentsThus,it produces hi-
erarchicadependeng network including,in additionto all acceptablesolutionsto the problem
in termsof qualitative propositionsandequationsthe abstraciplansfor how to generatdhose
solutions.This network is calledthe problemsolutiongraph andis the startingpoint for the
constructiorof the Assessomodules Bayesiametwork.

The ProblemSolwer startswith a setof propositionsdescribingthe situation,and a goal
statementhat identifiesthe soughtquantity for the problem.It begins by iteratively applying
rulesfrom its rule set,generatingsub-goalsandintermediatepropositionsWhenit reachesan
equationijt determinesvhatquantitiesn theequatiorarestill unknovn andformsnew sub-goals
to find the valuesof thosequantities sothatit will be possibleto solve for the soughtquantity
whenall the sub-goal$ave beenachieved.

For example,considerthe problemstatemenshawvn in Figure1A. Theproblemsolver starts
with the top-level goal of finding the value of the normalforce N,;. From this, it forms the
sub-goalof using Newton's secondlaw to find this value. Next, it generateshree sub-goals
correspondingdo the threehigh level stepsspecifiedin the procedurdo apply Newton’s second
law (X (F;) = m * a): (1) choosea body/bodiego which to apply the law, (2) identify all the
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Figure 1. A physicsproblemandcorrespondingolutiongraphsegment.

forceson the body, (3) write the componenequationdor X (F;) = m * a. Theresultingplan
is a partially orderednetwork of goalsandsub-goaldeadingfrom the top-level goalto a setof
equationghataresuficientto solve for the soughtquantity

Figure 1B shaws a sectionof the solutiongraphfor the problemin Figure 1A involving the
applicationof Newton’s secondaw to find thevalueof thenormalforce.In thefollowing section
we usethis exampleto shav how the solutiongraphis corvertedinto a Bayesiametwork by the
Assessomodule,anddescribethe differenttypesof nodesin the network andtherelationships
betweerthem.

4.2 The Assessor’s Bayesian Network

TheAssessoBayesiametwork consistof two parts,onestaticandonedynamic.Thestaticpart
is built whenthe ANDES domainknowledgeis definedandis maintainedacrosgproblems.The
dynamicpartis automaticallygeneratedvhenthestudenselectsaanew problemandis discarded
whenthe problemis solved. Thefollowing sectionswill describehesemanticandthestructure
of thenodesn thestaticandin the dynamicnetwork.

As far asthe parameterizationf the network is concernedwe mainly rely on canonical
interactionsknown as Noisy/Leak/-OR and Noisy/Leak/-AND (Henrion,1989),to automati-
cally specifythe conditionalprobabilitiesin the network. Thesecanonicalnteractionsaregood
approximation®f the probabilisticrelationshipsn the network and provide a fundamentabd-
vantagethey reduceogarithmicallythe numberof conditionalprobabilitiesrequiredto specify
theinteractiorbetweeranodeandits parentsy requiringonly asingleparametethatrepresents
thenoiseor theleakin thecanonicainteraction At the momentthe parameter# the canonical
interactionsalongwith the prior probabilitiesin the network, derive from our roughestimates.
We planto refinethembasedn thejudgmentof thedomainexpertsin the ANDES project.



The static part of the Assessor. The static part of the Assessorconsistsof Rule nodesand
Contet-Rule nodes We usethesetwo kinds of nodesto modelwhatit meansfor a studentto
know a pieceof physicsknowledge.Our definitionis that a studentknows a rule whensheis
ableto applyit correctlywheneverit is requiredto solve a problem,i.e. in all possiblecontexts.

In POLA, the students knowledgeof a rule formalizing a pieceof physicsknowledgewas
representetdy the probability of a Rule nodethatincreasedy the sameamountevery time the
studentperformedan actionthat entailedthe correctapplicationof therule, independentf the
contet of the application.However, for mary physicsrulesthereare catayoriesof problems
(contets) thatentaildifferentlevelsof difficulty in applyingtherule. For example,it is easietto
identify correctlythedirectionof thenormalforceactingonthebodyin theproblemin Figure1lA
thanin aproblemin whichthebodyslideson aninclined plane.Thus,the correctapplicationof
therule to problemsn differentcateyoriesprovide differentevidencethatthe studenknows the
rule. In ANDES, Rule and Context-Rule nodeshave beenintroducedto modelthis relationship
betweerknowledgeandapplication.

Rulenodedn thestaticpartof the Assessorepresengenericphysicsrules. They have binary
valuesT andF, whereP (Rule = T) is theprobabilitythatthestudentcanapplytherulein every
situation.Theprior probabilitiesof Rulenodesaregivenwith thesolutiongraphfor theproblem.
At themomentall the Rulenodesareinitialized with a probabilityof 0.5, but we planto obtain
morerealisticvaluesfrom an analysisof studentsperformanceon a diagnosticpre-testthatis
administeredtthe Naval Academyatthe beginningof theintroductoryphysicscourse.

Contet-Rulenodesepresentheapplicationof physicsknowledgein specificproblemsolv-
ing contets. EachContext-Rule corresponds$o a productionrule in ANDES' problemsoler.
Context-Rulesareshowvn in Figure1B asthe octagonahodes For eachRule nodethe Assessor
containsasmary Contet-Rule nodesasthereare contects definedfor thatrule. Context-Rule
nodeshave binaryvaluesT andF, whereP(Context-Rule= T) is theprobabilitythatthe student
knows how to applytherule to every problemin the correspondingontext. EachContext-Rule
nodehasonly oneparentthe Rulenoderepresentinghe correspondingule.

P(Contet-Ruley = T|Rule = T) is always equalto 1, sinceby definition P(Rule = T)
meanghatthe studenttanapplytherulein ary context. P(Context-Rulexy = T|Rule = F) rep-
resentghe probability that the studentcanapply the generalrule in the correspondingontext
evenif shecannotapplyit in all contets. This probabilityimplicitly definesthe level of diffi-
culty of a context for the applicationof arule—theeasietthe context, thehigherthis conditional
probability:

As we will illustratein Section4.3, the maginal probabilitiesof Rulesand Contet-Rules
will carryoverfrom oneproblemto thenext, encodinghelong-termknowledgeassessmerfior
eachstudenthathasbeensolvingproblemswith Andes.

The structureof the staticpartof the studentmodelentailstwo independencassumptions.
Thefirstassumptions thatRulenodesareindependentf eachother, theseconds thatContext-
Rule nodesare conditionally independengiven Rule nodes.Theseassumptionsimplify the
modelingtask and reducethe computationatomplexity of belief updating.However, they do
notalwayshold in the physicsdomain,andwe areplanningto work with the domainexpertsto
modelcorrectlythe existing dependencies.

The dynamic part of the Assessor. The dynamicpart of the AssessocontainsContet-Rule
nodesandfour additionaltypesof nodes:Fact, Goal, Rule-Applicationand Stratgyy nodes All



thenodesarereadinto the network from the solutiongraphfor the currentproblemat the begin-

ning of problemsolving. Thestructureof thesolutiongraphalreadyencodeshe causaktructure
of the problemsolutionsandthereforeis maintainedn the Bayesiannetwork. For example,a

segmentof the Bayesiametwork createdfor the problemin Figure 1A correspond&xactly to

thesolutiongraphsegmentin Figure1B.

FactandGoal nodes.FactandGoalnodedook the samefrom the point of view of the Bayesian
network. They both represeninformationthatis derived while solving a problemby applying
rulesfrom theknowledgebase The differencebetweenGoalandFactnodess in their meaning
to the helpsystem:The probability of Goalnodeswill beusedto constructhintsfocusedon the
gualitative analysisof the problemandon the planningof the solution,while the probabilitiesof
Factnodeswill beusedto provide morespecifichintson theactualsolutionsteps.

Goal and Fact nodeshave binary valuesT andF. P(Fact = T) is the probability that the
studentknows thatfact. P(Goal = T) is the probability thatthe studenthasbeenpursuingthat
goal.A weaknessf thecurrentrepresentationf Goalnodess thattheprobabilityP (Goal = T)
doesnot specifywhetherthe studentassimply establishedhe goalduringthe problemsolving
procesor shehasalsoaccomplishedt. The distinctionbetweenestablishec&andaccomplished
goalsis crucialfor thehelpsystensincethestudenmayneedhelpin reachingagoalthatshehas
establishedbut notonagoalthatshehasalreadyaccomplishedAt themomentwe useaseparate
procedurdo detectthe goalsthathave alreadybeenaccomplisheavhenthe Help Systerneeds
tointervene.

Goal and Fact nodeshave as mary parentsasthereare waysto derive them. The condi-
tional probabilitiesbetweerFactandGoalnodesandtheir parentsaredescribedy a Leaky-OR
relationship(Pearl,1988). This modelsthe factthat a Fact or Goal nodeis true if the student
performedat leastoneof theinferenceghatderiveit, but it canalsobetruewhennoneof these
inferencehappenedbecausehe studentmayuseanalternatve way to generateheresult,such
asguessingr drawving ananalogyto anothemproblems solution.

Strategy nodes. Stratgly nodesrepresenpointswherethe studenttanchooseamongalternatve
plansto solve a problem.Stratgly nodesarethe only non-binarynodesin thenetwork: they have
asmary valuesastherearealternatve stratgies. The childrenof Stratgly nodesarethe Rule-
Applicationnodeghatrepresentheimplementatiorof thedifferentstrateies.In Figure1B, for
example the stratgly nodebodychoicestrategy pointsto the two applicationnodesrepresenting
respectiely the decisiongo chooseblock A andblock B asseparatdodiesandto chooseasa
bodythe compoundf thetwo blocks.

Thevaluesof a Stratgy nodearemutually exclusive stratgieswhich representhefactthat,
at eachsolution step,the studentis following exactly one of the representedtratayies. Thus,
evidencefor onestratgy decreasethe probabilityof theothers Lik e Rulenodesstratgy nodes
have no parentdn thesolutiongraph.

Rule-Applicatiomodes.Rule-ApplicationnodesconneciContet-Rule, Stratgy, FactandGoal
nodesto new derived Fact and Goal nodes.Rule-Applicationnodeshave valuesT and F.
P(Rule-Application= T) representthe probabilitythatthe studenthasappliedthe correspond-
ing Contet-Ruleto thefactsandgoalsrepresentingts preconditiongo derivethefactsandgoals
representingts conclusions.
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The parentsof eachRule-Applicationnodeinclude exactly one Contet-Rule, somenum-
ber of Factand/orGoal nodesandoptionally one Stratgly node.The probabilisticrelationship
betweerthe Rule-Applicationnodeandits parentds a Noisy-AND. Thenoisein the AND rela-
tionshipmodelgheprobabilitythatthestudenwill notapplytherule evenif all thepreconditions
areknown.

4.3 Exampleof Propagation of Evidence in the Assessor

Supposéhata students trying to solve the problemin Figure1A andthatherfirst actionis to
selectBlock A asthebody. In responséo this actionthe factnodeA-is-a-bodyis clampedo T.
Figure2 shaws the probabilitiesin the network beforethe action.Note thatthe a priori proba-
bility of FactandGoal nodesis ratherlow, especiallywhenthe evidenceis far from the givens
in the network, becausef thelarge numberof inferenceavhich mustbe madein conjunctionin
orderto derive the correspondindactsandgoals.

After the first action, evidencepropagatesipward increasingthe probability of its parent
nodesdefine-bodwanddefine-bodies-(A,Basshovn in Figure3. The upward propagatioralso
increaseslightly the probability of the valuesepagte-bodieof the Stratgyy nodebody-doice-
strategy, representeth Figure3 by theright numberof the pair associatedo the stratgy node.
Thechangesn the probabilitiesof nodesthatareancestoref the obseredactionrepresenthe
model’s assessmerdf what knowledgethe studenthasbroughtto bearto generatehe action.
Thefactthatsuchchangesrequite modests dueto theleakin the Leaky-OR relationbetween
the obsened Fact nodeand its parentApplication node.Given the currentlow probability of
the Application nodethe leak absorbamostof the evidenceprovided by the students action.
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Figure 3. Thenetwork afterobservingA-is-a-body

In generalthe influenceof theleaksin the network will decreasasthe studentperformsmore
correctactions.

At this point, downward propagatiorchangeghe probabilitiesof yet to be obsened nodes,
thuspredictingwhatinferenceghe studentis likely to make. In particular the relationshipen-
forcedby the Stratgy nodebody-toice-stategyonits childrenwill slightly diminishthe prob-
ability of the Goalnodedefine-bodies(ABMoreover, theincreasegrobabilityof the Goalnode
define-bodies(A,Byill propagatedownward to increasethe probability of the Fact nodeB-is-
a-bodywhile the increasedrobability of the Fact node A-is-a-bodywill slightly increasethe
probabilityof the Goalnodefind-Forces-on(A)asshovnin Figure3.

If the studentasksfor help after having selectetblock A asa body, the Help Systemsepa-
ratesthe nodesthat are ancestorof the performedactionsfrom the nodesthat canbe directly
or indirectly derived from the performedactions.The Goal and Fact nodesin the latter group
representhe setof inferenceghatthe studenthasnot yet expressedisactions,andfrom which
the Help Systemcanchooseo suggesto the studenthow to proceedThe probabilitiesof these
nodeswill aidtheHelp Systemin decidingwhatparticularinferenceto choose.

Oncethe studenthascompleteda problem,the dynamicpart of the Bayesiannetwork is
eliminatedandthe probabilitiesassessefbr the Contet-Rulesthatwereincludedin thesolution
graphfor theproblemarepropagatedh thestaticpartof thenetwork. Upwardpropagatiornn the
staticnetwork will modify the probabilityof Rulenodesgeneratindong-termassessmeimatf the
studentphysicsknowledge .Downward propagatiorfrom Rule nodesto Context-Rule nodesnot
involvedin thelastsolved problemgeneratepredictionsof how easyit will befor thestudento
applythecorrespondingulesin differentcontexts.



Table 1. Performancef LikelihoodSamplingalgorithm.

Number Runtime
Precision of samples (seconds)

+0.1 1,374,000 400
+0.2 362,000 140
+0.3 5,000 30

4.4 Analysisof the Update Algorithms' Performance

Theuseof approximatealgorithmswasaforcedchoicefor thebeliefupdateof the Assessarisince
exactalgorithmsrun outof memoryonmostof our networksandhave unacceptablperformance
onthe others.However, they alsonaturallyfit the taskbecauseasthey arearytime algorithms,
they produceapproximateesultsratherquickly andthelongerthey runthe morepreciseresults
they provide. As we describedn previoussectionsANDES' Assessois updatedeverytime the
studentperformsa new action,but its assessmerig needednly whenthe studentasksfor help.
TheBayesiametwork is updatedn abackgroundhread sothestudentangoonworkingonthe
Workbenchwithout ary awarenesshatthe network calculationis happeninguntil sheinvokes
the Help System . Only thenthe studentmay have to wait until the resultsof the belief updating
algorithmarepreciseenoughfor the Help systento generatea reliableresponse.

We have testedthe time taken by two differentstochasticcamplingalgorithms,Logic Sam-
pling andLikelihood Sampling(Cousinset al., 1993),to bring the probability of every nodein
a representatie network within a small thresholdprecision.The network we testedhadto be
small enoughto also run an exact evaluationalgorithmto producethe exact posteriorproba-
bilities for comparisonThe network was generatedrom a very simple problemandhad 110
nodes.Stochasticamplingalgorithmstypically do not performwell on networkswith unlikely
evidence asour networks oftenare,andwe foundthatthe Lik elihood Samplingalgorithmwas
theonly onewith acceptabl@erformancesn our testnetwork.

Tablel shavsthenumberof samplesandrunningtimeit took Lik elihoodSamplingto getall
nodesn thenetwork within aprecisionof £0.1, 0.2, and+0.3, comparedvith theprobabilities
calculatedby the exact algorithm,whenall actionsthatform the problemsolutionshave been
obsenred.

Therunningtime of stochasti@algorithmsincreasespproximatelinearly with the number
of nodesThereforegiventheresultsn Tablel, Lik elihoodSamplingwvouldtake severalminutes
to updateto high precisionour largestnetworks, which areup to tentimeslargerthanour test
network. On the otherhand,we have obsenedthatthe studentsvho have usedANDES sofar
usually pausefor a while beforeaskingfor help andthe Assessohassometime to run the
updatingalgorithm. Besideswhen Lik elihood Samplingreachegshe 0.2 precisionfor all the
nodes98% of the nodesarealreadywithin 0.1 precision,andwhenit reacheghe 0.3 precision
98%o0f thenodesarealreadywithin 0.2 and66%of thenodesarewithin 0.1 precision.Therefore,
it maybethecasethatwe won't needdramaticallybetterupdatingtime in orderfor the Assessor
toreachacceptablperformancedihile weintendto continueto work onimproving thespeecdf



the Assessos beliefupdatingwe alsoplanto run pilot subjectdo measuraghe averagewaiting
time beforea help requestandto evaluatewhat precisionthresholdswill allow for adequate
assessment.

5 Conclusionsand Future Work

The Bayesianstudentmodelingframewnork presentedn this papercontributesto researcton

probabilisticusermodelingin a numberof ways.First, it usesa probabilisticframework to per

form threekinds of assessmengilanrecognition predictionof students'goalsandactions,and
long-termassessmertf the students domainknowledge.Secondjt performsplanrecognition
by integratingin a principledway knowledgeaboutthe students behaior andmentalstatewith

knowledgeaboutthe available plans.Third, it represents substantiakffort toward obtaining
acceptableealtime performancen the evaluationof very complex Bayesiametworks (ranging
from 200to 1000nodes)o be usedfor theon-linetailoring of the dialoguewith the student.

In this paperwe have describedn detailthe structureof the Bayesiametwork andhow it is
automaticallyconstructedrom the outputof a problemsolverthatgeneratesll of theacceptable
abstracsolutionplansandactionssequencet solve a problem.We have alsopresented pre-
liminary evaluationof the performancef the Assessos updatealgorithmson a representatie
network.

A numberof issuesremainto be addressedor the ANDES AssessorThe first is to im-
prove the performancef belief updating We arecurrentlyexploring the possibility of applying
methodsbasedon relevanceand focusedreasoning(Druzdzeland Suermondt1994; Lin and
Druzdzel,1997),which we believe will leadto a significantspeedupf our algorithms.Second,
theknowledgebaseusedby the problemsolverwill befurtherdeveloped.n particular we plan
to addincorrectrules correspondingo commonphysicsmisconceptionsThird, we will work
with our domainexpertsto refinethe parameterin the Bayesiametworks andto modeldepen-
denciesamongphysicsrules.Fourth,we will explorehow to makethe Assessoableto take into
accountstudentactionsthat do not correspondo a correctentryin the solutiongraph,suchas
erroneougntriesanddeletionof previousentries.

More issuescould be addressedtb refinethe accuray of the studentmodel,suchashow to
explicitly representimein theBayesiametwork to take into consideratiothetemporakequenc-
ing of thestudentactionsandchangesn the studentsknowledgedueto forgetting.Onthe other
hand,as Self (1988) pointsout, the compleity of a studentmodelshouldalwaysbe calibrated
againsthe accurag of its predictions We believe thatit is importantto continuouslyerify the
adequag of themodelaswe developit, throughformative evaluationswith theintendedusersof
the system. ANDES' Assessowill be incrementallymodifiedandimprovedaswe gaininsight
from theseevaluations.
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