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Abstract. A frameworkintegratingcase-baseteasoning CBR) andmeta-learnings proposedn this paperas

the underlyingmethodologyenablingself-improvingintelligenttutoring systemgqITSs). Pedagogicastrategies
arestoredin caseseachdictating,givena specificsituation,which tutoringactionto makenext. Reinforcement
learningis usedto improvevariousaspectof the CBR moduleb casesarelearnedandretrievalandadaptation
areimproved,thusmodifying the pedagogicaktrategiedasedon empiricalfeedbackon eachtutoring session.
To minimize cancelingout effectsdue to the multiple strategiesusedfor meta-learningd for example,the

learning result of one strategyundoesor reducesthe impact of the learning result of anotherstrategy,a

principled designthat is both cautiousand prioritized is put in place. An ITS application,called Intelligent

Learning Material Delivery Agent (ILMDA), has beenimplemented,poweredby this framework, on

introductorycomputersciencetopics,anddeployedat the ComputerScienceand EngineeringDepartmentf the

University of Nebraska. Studiesshowthe feasibility of sucha frameworkandimpactanalysesarereportedon

pedagogical strategies and outcomes.
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INTRODUCTION

Developinginstructionalmaterialfor anintelligenttutoring system(ITS) is very time consuming. For
example,Woolf and Cunningham(1987) estimatedthat an hour of instructionalmaterialrequired
morethan200 hoursof ITS developmentime. FurthermoreanalreadyconstructedTS for a specific
domaincanneitherbe re-constructedo function for a differentdomain,nor canit be alteredwithout
spendingmuchtime andeffort (Virvou & Moundridou,2001). In the past,therehavebeenattempts
(e.g.,Kimball, 1982;:00Shed,982; MacMillan & Sleeman]1987;Dillenbourg,1989;Gutstein,1992;
Elorriaga& Ferntndez-Castr@000)to build self-improvingITSs. However,theseattemptshave
focusedon learningaboutthe studentsthat they encounteredo improvethe ITSOsnodelingof the
studentdn orderto betterdecidethe nextappropriateutoring actions. Thus,theseattemptshavenot
emphasizedelf-evaluatioror self-improvemenbf the fundamentateasoningcomponenof the ITSs.
For examplejs a particularinstructionalstrategyappropriate?ls a particularweightusedin makinga
tutorial decisioncorrect? Thus, theseattemptshave not significantly reducedthe cognitive load
neededo developinstructionalmaterialfor ITSs. Hence thereis a needfor self-improvinglTSsthat
areintrospectiveand meta-cognitive havingthe capabilityto examinetheir own reasoningsuchthat
the need for laborious and expert quality control of the material can be reduced.



Specifically,suchanITS will improvelTS developmenin thefollowing aspectgMurray, 1999):
(1) decreasdhe effort for making intelligent tutors; (2) decreasehe skill thresholdfor building
intelligenttutors; (3) help the designer/authoarticulateor organizehis or herdomainor pedagogical
knowledge;(4) supportgood designprinciples;and (5) enablerapid prototypingof intelligent tutor
designs. Note thatthe researchdescribedn this paperdoesnot attemptto build authoringtools that
supportthe developmenof ITSs; onthe contrary,the framewaorkis groundedon the hypothesighatan
observantjntelligent ITS with machinelearningcapabilitiesis ableto refine its knowledgebaseto
addresghoseneedsautomatically. Our approactembraceshis hypothesiausinga frameworkof case-
basedreasoning CBR) with meta-learningo enableself-improvinglTSs. This frameworkallows an
ITS to be generative able to model students,able to model expertperformanceable to change
pedagogicastrategiesand Oself-improving@ which the ITS Ohashe capacityto monitor, evaluate,
and improve its own teaching performance as a function of experienceO (Woolf et al., 2002).

A frameworkintegratingCBR and meta-learningcalled CBRMETAL is proposedn this paper.
Meta-learningis definedasa learningmechanisnof a systemthatlearnsaboutthe systemitself and
how to improvethe systemOgerformanceovertime. Pedagogicastrategiesarestoredin casesgach
dictatinghow, givena specificsituation,to decidewhich tutoring actionto makenext. Reinforcement
learningis usedto improve variousaspectf the CBR module:casesare learnedandretrievaland
adaptatiorareimproved. To minimize cancelingout effectsdueto the useof thesemultiple machine
learning strategiesto conductmeta-learning- for example,it is possiblefor the refinementsin
adaptatiorto conflict with the refinementsn retrieval,a principled designthatis both cautiousand
prioritized is also put in place. An ITS application,called Intelligent Learning Material Delivery
Agent (ILMDA), hasbeenimplementedin Java,basedon this framework,to deliver instructional
materialon introductorycomputerscience(CS1)topics,and deployedat the ComputerScienceand
EngineeringDepartmendf the University of Nebraska. Two studieswere conducted. Thefirst study
focusedon how the learning-enabledTS impactedthe pedagogicaktrategiesand outcomes. The
secondstudyfocusedon the useof case-baseteasoningand meta-learningn termsof effectiveness
and efficiency.

This paperis a comprehensiveextensionto previousconferencepaperspublishedaboutthe
project (Soh & Blank, 2005; Soh et al., 2005; Blank et al., 2004).

In the following, relatedwork in CBR and meta-learningand the use of CBR in ITSs are
presentedfirst. Then, the CBRMETAL framework is discussed followed by a section on
implementation. Finally, resultsof two deploymentsof ILMDA are reportedbeforethe paperis
concluded.

RELATED WORK
Self-Improving CBR

Integratingmeta-learningo self-improve CBR hasbeenproposedand describedin the literature.
Emphasishasbeenmostly on parameteor featureweightingfor similarity-basedcaseretrieval. For
example Wettschereckand Aha (1995) proposedweighting featuresautomaticallyfor caseretrieval
usinga hill-climbing algorithm; Cardie (1999) usedcognitive biasesto modify featuresetselection
(changingdeleting,andweightingfeaturesappropriately)Bonzanoet al. (1997)useda decaypolicy
togetherwith a push-pull perspectiveto adjust the term weights; Avesani et al. (1998) used



reinforcementearningto rewardnearesneighborshat canbe usedcorrectly to solveinput prodems
to adaptthe local weightsto the input space;Jarmulaket al. (2000) usedgeneticalgorithmsto
determinethe relevance/importancef casefeauresandto find optimal retrieval parametersZhang
and Yang (2001) used quantitative introspectivelearning resembling back-propagatiomeural
networksto learnfeatureweightsof casesParkandHan (2002)usedan analogicakeasoningstructure
for featureweightingusinga newframeworkcalledthe analytichierarchyprocessandPatersonet al.
(2002) proposedh hybrid approachhasedon the k-nearesheighboralgorithmandregressioranalysis.
While caselearninghasalsobeena stapleof CBR (e.g.,Watson& Marir, 1994),leamning aboutcase
adaptatiorhasnot receivedas much attention. Leakeet al. (1995) formulatedthe task of acquiring
caseadaptatiorknowledgeaslearningthe transformatiorand memorysearchknowledge,by learning
successfuhdaptatiorcasedor future use. In Stahl®§005)formal view of a generalizedCBR model,
the author consideredlearning similarity measuresvhile assuming that the adaptationand output
functionremainstaticduring the lifetime of the CBR system. However,noneof the aboveexamples
proposed an integrated, introspective learning framework for CBR as proposed in this paper.

ITS with CBR or Machine Learning

Thereare ITSs that use CBR or machinelearning. For example Weberand Brusilovsky (2001)
describedhe ELM AdaptiveRemoteTutor (ELM-ART), anITS that supportdearningprogramming
in LISP. ELM-ART modelsindividual learnersas a collection of episodeghat are descriptionsof
how exerciseproblemshavebeensolvedby a particularstudent. Thesedescriptionsare explanation
structuresof how a programmingtask hasbeensolvedby the student;i.e. storedepisodesontainall
theinformationaboutwhich conceptsandruleswereneededo producethe programcodethe students
offeredassolutionsto programmingasks. Eachepisodéds storedascaseswith eachcasedescribing
a conceptand a rule that was usedto solve a plan or sub-planof the programmingtask. Using a
combinationof an overlaymodelandthe aboveepisodicstudentmodel, ELM-ART providesadaptive
navigationsupport,coursesequencingindividualizeddiagnosisof studentsolutions,and example-
basedproblem-solvingsupport. ELM-ART also selectsthe bestnext stepfor a particularuser.
Startingfrom the currentlearninggoal, the systemrecursivelycomputesall prerequisiteghat are
necessaryo fulfill thegoal. Thefirst conceptbelongingto the setof prerequisiteshatis notlearned
or solvedalreadywill be selectedand offered to the learner. The learnercompletesthe course
successfullywhenall prerequisiteso the currentgoal arefulfilled andno furthergoal canbe selected.
The systemalso providesfeedbackby providing a sequenceof help messagesvith increasingly
detailedexplanatiorof the error or suboptimalsolution. The sequencatartswith a very vaguehint on
whatis wrong andendswith a code-levelsuggestiorof how to correctthe error or how to complete
the solution. The systemalso providesan orderedlist of relevantexamples. Basically, using case-
basedetrieval, ELM-ART selectghe episodeavith the highestsimilarity valuesto the currentframe
andpresentsa list of links to examplesandreminders. However,unlike CBRMETAL, ELM-ART
usedneitheradaptatiomor learning. Thus,significanteffort mustbe investedto ensurethe quality of
the cases; while in the CBRMETAL, only minimal initial effort is necessary to develop cases.
The CBRMETAL frameworkdescribedn this papershareghe sameunderpinninggo its design
asthe Case-BasethstructionalPlanner(CBIP). In the CBIP project,ElorriagaandFerntndez-Castro
(2000) integrateda case-basethstructionalplannerwith existing ITSs to enhancehe pedagogical
componenwith learningcapabilities transforminglTSsinto self-improvingsystemghatlearnfrom
memorizationand learn from their own experienceswhereinstructionalplanningis the processof



mappingout a global sequencef instructionalgoalsandactionsthat providesconsistencycoherence,
and continuity throughoutan instructionalsession.In CBIP, the instructionalplan memory(IPM) is
the repositoryof the pastteaching/learningexperience®f the case-basedystem. A casedefinesa
pieceof a previouslyusedinstructionalplan and contains:the contextin which it wasapplied,the
instructionalplanitself or a partof it (subplan)if the planis layered,andthe resultsthatit achieved.
Similar to the designdescribedn this paper,the CBIP applicationcontextconsistsof a sequencef
student-relatedeatures,a sequenceof session-relatefeatures,and a sequenceof domain-related
features. Arruarte, Fernindez-Castrd;erreroand Greerappliedthe frameworkto build Maisu that
tutorsthe derivativestopic (Arruarteetal., 1997). For adaptationthey useda critic-basedapproacha
setof rulesthatidentify the specificadaptatiomeeds.In CBRMETAL, reinforcementearningis used
to refine both similarity and adaptation heuristics.

Mayo andMitrovic (2001) proposech methodologyfor building tractablenormativel TSsusinga
Bayesiametworkfor long-termstudentmodelinganddecisiontheoryto selectthe nexttutorial action.
Theybuilt the Capitalizationand Punctuationintelligent Tutor (CAPIT), a normativeconstraint-based
tutor for English capitalizationand punctuationand showedthat, throughevaluationresults,a class
usingthe full normativeversionof CAPIT learnedthe domainrulesat a fasterratethanthe classthat
useda non-normativeversionof the samesystem. CAPIT hasa five-stepmethodologyfor designing
decision-theoretipedagogicahction selection(PAS) strategies(1) randomizeddatacollection, (2)
model generation,(3) decision-theoreticstrategicimplementation,(4) online adaptation,and (5)
evaluation. One areaof concernwith the aboveapproachs scalability, both to largerdomainsand
differentdomains. In alargerdomain,the spaceof <state action,outcome>triplesmaybe solargeas
to effectively rendernetwork inductionimpossible. Thus, we seeCBR with its ability to adapta
viable solutionto addresghis concern. Further,the ability to learnand storenew casesallows the
systemto evolve. Scalingto differentdomainshingeson handlingambiguity. CBR allowsfor partial
matching and thus can help address this particular concern.

Mayo and Mitrovic (2001) also categorizedTSs into threemodels:expert-centricgfficiency-
centric,anddata-centric.In expert-centrianodels studentmodelsareunrestrictecproductsof domain
analysis. That is, an expert specifieseither directly or indirectly the complete structureand
conditionalprobabilitiesof the Bayesianstudentmodel,in a mannersimilar to thatwith which expert
systemsare produced. Our ILMDA can be consideredas following sucha model, as the initial
casebas®togetherwith the adaptationrand retrieval heuristicsb containsdomainexpertiseon what
tutorial actionsto takebasedon certainstudentmodels thoughwithout the correspondingonditional
probabilities. In data-centrianodels,the structureand conditional probabilitiesof the network are
learnedprimarily from data. Thus,our ILMDA canalsobe seenasfollowing the data-centrianodel,
asit learnsfrom its interactivesessionsandrefinesits knowledgebase. Benefitsof the data-centric
modelinclude the following. First, becausé¢he modelis inductedfrom actualdata,its predictive
performancecaneasilybe evaluatedoy testingthe network (or casebasedn datathatwasnot usedto
train it. Seconddata-centricnodelscan be expectedto be much smallerthan the typical expert-
centric model becausehe latter representdoth observedand hiddenvariables,while the former
models only observable variables.

Melis et al. (2001) provided a comprehensiveaccountof ActiveMath a genericweb-based
learning systemthat dynamically generatesnteractive (mathematical)coursesadaptedto student
goals,preferencescapabilities,and knowledge When the user has chosenher goal conceptsand
scenariothe sessionmanagersendsthis requestto the coursegenerator. The coursegeneratoris
responsibldor choosingandarrangingthe contentto belearned. It checksthe usermodelto find out



the userOprior knowledgeandpreferencesandusespedagogicatulesto select,annotateandarrange
the contentbincluding examplesandexercises.However,unlike CBRMETAL, the ActiveMath unit
of coursemoduleis the entiretutorial togetherwith the examplesandexerciseanddoesnot consider
the real-timeinteractivity betweerthe userandthe ITS. While ActiveMath usesrules,casesareused
to allow for partial matchingin CBRMETAL. For usermodeling,ActiveMathincorporategpersistent
information aboutthe useras well as a representatiorof the userOsearning progress. Thereare
OstaticPropertiessuchasfield, scenario,goal conceptsand preferencesas well asthe OdynamicO
propertiessuchasthe knowledgemasteryvaluesfor conceptsandthe userOactualbehavior thathave
to be storedin the usermodel. ActiveMath alsokeepstrack of a history aboutthe actionsthe user
performed. The history elementscontaininformationsuchasthe IDs of the contentof a readpageor
the ID of an exercise,the readingtime, the successrate of the exercise,which is similar to
CBRMETAL.

In terms of potentially useful applications,the CBRMETAL framework can be usedas the
following:

(1) A testbedto collect empirical datato, for example automaticallyregisterthe transitionsin
termsof the pathtakenby studentsto achievea tutorial goal definedin MetaMuse(Cook, 2001).
Becauseof the reasoningand self-learningpower of CBRMETAL, it is possibleto separatehe
reasoningmodulefrom the instructionalexpertise(asin the cases)andthe contentset (as separate
databases)This modularityenablessxperimentationcasesor contentsetscanbe substitutedvithout
having to modify the reasoning module at all.

(2) An intelligent authoringtool B similar to Disciple, a learningagentshell by (Tecuci &
Keeling,1999),or WEAR aninstructormodelerin termsof level of expertisejnterestsandactivities,
and preferencesn teachingstrategiesby (Virvou & Moundridou,2001) b that quality-tagsdomain
expertisefor the instructorsdesigningthe content,especiallyin the categorief tutoring strategies
and multiple knowledge types (Murray, 1999). Becauseof its self-improving capabilities,
CBRMETAL can evaluateits contentsetsand cases. Contentsetsthat have beenapplied with
consistentesultscould be taggedassuch,for example. Caseghathavebeenusedregularlycould be
taggedassuch,for example. An intelligent authoringtool could solicit contentsetsor casedrom a
developer,run them throughits CBRMETAL processusing the data or experiencethat it has
accumulatedand then make suggestiongo the developerregardingthe projectedquality of the
contentsetsor cases. Also, this frameworkenableghe learningof specific casesand heuristicsfor
specific combinationsof contentsand students. Thatis, it is possibleto deploya CBRMETAL-
powered ITS for a trial period to collect automatically customized cases and heuristics.

UNDERLYING REASONING AND META-LEARNING FRAMEWORK

The underlyingmethodologyof the frameworkintegratescase-basedeasoning(CBR) with meta-
learning. Thetraditional CBR frameworkis shownin Figurel(a),in whichthe modulereceivesa new
situation, searchesdts casebasdo locate the most similar case(or best case)matchingthe new
situation,andadaptghe solutionfrom the bestcaseto fit the newsituation. The extendedramework,
shownin Figure 1(b) incorporatesneta-learningo self-adjustvariouscomponent®f the traditional

CBR framework:the casebaseéhe heuristicsusedto computecasesimilarity for retrievalandstorage,
andthe heuristicsusedto adaptcasesolutions. This frameworkis namedCBR andMeta-Learningor

CBRMETAL.



The caselearning modulelearnsnew, different casego improve the coverageof the casebase.
The moduledesignates new situationandits adaptedsolutionasa potentialnew case. It compares
the potentialnew casewith all the existingcasesn the casebaself the potentialnew caseis foundto
be distinct enough, then the module adds it to the casebase for future use.

Thesimilarity heuristicsadjustermoduleusesreinforcementearningto adjustthe heuristicsused
in computingcasesimilarity. Note thateachcaseOsituationdescriptionconsistsof a setof attribute-
valuepairs. Thesesimilarity heuristicsdeterminethe relative weightsof the attributes. Learningto
refine theseheuristicsallows the CBR systemto improve its caseretrieval mechanisnb retrieving
bestcasedhataremoresuitablebecaus®f the differentweights. Thereinforcementearningis based
on the following assumptionFor a retrieved,mostsimilar case, Cheq, it hasa situationdescription
andasolution, pc,,, and &,,,, respectively. If &, hasbeenobservedo be successfuln the past,
and whenit is adaptedto a new situation, Phew, deemedsimilar to pc,.,, then &, shouldbe
successfulswell. If thatis not observedthen p,., may be not as similar to pc,., asinitially
computed. As aresult,similarity heuristicsthat contributedpositively to the similarity are penalized.
Similarly, similarity heuristics that contributed negatively to the similarity are rewarded.

The adaptationheuristicsadjustermodulelearnshow to adaptsolutionsto new situationsby
adjustingthe weightsof the adaptatiorheuristics. The underlyingstrategyis reinforcementearning,
similar to thatusedin the abovemodule. For eachadaptedestcasesolution, &,..., the modulekeeps
track of the adaptatiorheuristicsthat havecontributedto the changes.If the ., is observedo be
successfu(or not successful)thenall contributingadaptatiorheuristicsarerewarded(or penalized).
Thelevel of rewardor penaltyis alsobasedon the amountof contributionof eachheuristic,allowing
the system to selectively adjust individual heuristics.

This approachpresentseveraladvantageanddisadvantagesveratraditional CBR system. The
main advantages thatno onecomponentis entirely responsibldor improving the performanceof the
system. By adjustingall threeaspectof the CBR systemat once,the problemof biasedlearningcan
be avoided. For instancejf only one aspectwas adjusteduntil it was believedto be functioning
correctly,andonly thenanotheraspectwas adjustedihenit is possiblethat, after the secondaspect
wasadjustedthe first aspectmay no longerbe optimal or appropriate. However,this alsoexposesa
weaknesf our approach. With so many variableschangingand adapting,the systemmay never
convergeto a steadystate,and one componentOimproving®nay undo Oimprovements@adein
anothercomponentof the system. For example,adusting the similarity weights affectshow the
systemdecideswhich new casedo learnand which bestcaseto retrieveand adapt. Learningnew
casegeduceghe needfor the adaptatiormoduleto makeradical,far reachingheurigics, andallows
for more choiceswhenthe similarity module attemptsto find a caseto use. Adjusting the adaptation
heuristicswill reducethe needfor the casebaso covereverysituation. It will alsogive someleeway
to the similarity heuristics,requiring themto only find a closematchin the situationspace and not
have to find a good situational match in order to provide a good solution for the new situation.

As pointedout by Cox andRam(2001),throughtheir extensiveempiricalevaluationsof a system
that implementeda meta-learnerthat uses multiple machine learning strategies,Oexplicit
representatiorand sequencingof learning goalsis necessaryfor avoiding negtive interactions
betweenlearningalgorithmsthat canleadto lesseffectivelearning.OBasedon our experienceover
theyearsin developingandtestingthe CBRMETAL framework,six principleshavebeendevisedto
minimize such canceling each other out effects.
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Fig.1. (a) Traditional or classic case-based reasoning framework; (b) Extended case-based reasoning framewo
with machine learning capabilities, CBRMETAL.

Principle 1. WhenCBRMETAL learnsa new casebasedon diversity, its objectiveis to expand
the situationcoveragebut not the solutioncoverageof the casebaséwith this arrangementhoughit
is still possiblefor the solutioncoverageof the casebas# expand,it is the adaptatiorheuristicsthat
haveto shoulderthe task of gereratingnew solutions. Thus, it is lesslikely for the new caseto be
learned to significantly impact the coverage of solutions.

Principle 2. The CBRMETAL frameworkmay alsolearnnew caseswith failed solutionsasthe
CBR systemalso performsfailure-drivenadaptations. This meansif the samesituationarisesin the
future, it is possiblefor the systemto retrievea newly-learnedcasewith afailed solution,andpefform
a failure-driven adaptationto incrementallyand eventually obtain a successfulsolution without
straining the adaptationheuristics. Failure-drivenadaptationheuristicsare thosethat adjustthe
solutionparametersn an oppositemannerto what usualdifferent-drivenadaptatiorheursticswould

do.



Principle 3. Eachcaseis taggedwith a utility or competencevectorthatrecordshow successful
the casehasbeenused,how often the casehasbeenretrieved,and how many new caseshavebeen
spawnedhsaresultof theretrievalof this case(Soh& Luo, 2004). This allows CBRMETAL to react
with the appropriatedegreeof Ozeal@ the reinforcement. Caseshathavebeenmoresuccessfulill
carry moreweight, for example,in determiningthe similarity heurstics. Caseshat have spawned
more new cases will carry more weight in determining the adaptation heuristics.

Principle 4. CBRMETAL putsin place parametersndicatingthe degreeof aggressivenessf
eachlearningmodule (e.g.,t in the similarity heuristicslearningmoduleand h in the adaptation
heuristicslearningmodule). This allows the developersof a CBR systemto incorporatecorfidence
into thesetwo setsof domainexpertise.For examplejf the similarity heuristicsarehighly regardedas
correctthent canbe setto be smallerthanh. Thisin turn could speedup the overallrateof coherence
or convergencef the variouslearningmodules. Also, if theinitial casebasés good b with good
coverageof the situation spaceand good situation-solutionmapping,thenit is lesslikely for the
systemto learnnew casesor haveto adaptto new situations,andthusit is moreimportantto learn
good similarity heuristicsthanto learn good adaptatiorheuristics. On the otherhand,if the initial
casebaseés averageor not good, then the burdenlies on caselearningand adaptation. For this,
learninggood adaptatiorheuristicsis thus more important,andthush shouldbe greaterthant. Of
course|if the developethasno prior knowledgeon the quality of the casesthensettingt = h would
allow the frameworkto evolvethe casebasandthe heuristicsin an unbiasednanner. Note thatthe
CBRMETAL frameworkdoesnot attemptto tunethesedegreeof aggressivenesastheyarein place
only for speeding up the convergence in learning.

Principle 5. CBRMETAL learnsconservativelypb changingonly the mostinfluential similarity
and adaptationheuristicsfor eachlearring episode. That is, after the blameor credit assignment,
similarity (or adaptation)heuristics are rankedin terms of the blame or credit. Only the top
contributorto a failure or a successs penalizedor rewardedaccordingly. This hasthe effect of
reducingthe impactof a single outcomeon the heuristics allowing the systemto graduallyadjustthe
impact of each heuristic.

Principle 6. CBRMETAL staggerdts learningactivitieswith different activationfrequencies.
For example,caselearning can be activatedevery time a new caseis evaluatedwhile heuristics
learningcanbe activatedafter everyn casespr only whenthe systemhasseentoo manyfailuresfor
someperiod of time. Onceagain,as discussedn Principle 4, confidencein the qualities of the
casebasandheuristicscould help determinethe activationfrequencies.Usually, caselearningcanbe
conditioneduponthe utility of the new caseto be learned:if the new caseaddsto the coverageor
diversity of the solution space thenit is learned;otherwise,it is not. However,weightsfor the
similarity andadaptatiorheuristics,in general shouldnot be modified after,for example gverysingle
ITS session as that could cause the learning process to oscillate and never converge.

Principlesl and 2 havebeenadoptedn the caselearningmodule;Principles3, 4, and5 in the
two heuristics learning modules; and Principle 6 in the overall learning management.

AN APPLICATION TO INTELLIGENT TUTORING SYSTEMS: ILMDA

This sectiondescribesone applicationof the CBRMETAL framewaorkto the areaof intelligent
tutoring systems(ITSs). In this application,called Intelligent Learning Material Delivery Agent
(ILMDA), eachinstructionalcontentset consistsof three parts: (1) a tutorial, (2) a setof related



examplesand(3) a setof exerciseproblemsto assesshe studentOsnderstandingf the topic. Based
on how a studentprogresseshroughthe contentsetandbasedon his or her profile, ILMDA chooses
the appopriateexamplesandexerciseproblemsfor the student. ILMDA makesits choiceusingcase-
basedreasoning. Eachcasecontainsan instructionalstrategy,mappinga particularproblemto a
specificsolution,wherethe problemconsistsof parameterslescribinga studentQsrogressandhis or
her profile, and wherethe solution consistsof parametergrescribingthe characteristicof the next
exampleor exerciseproblemappropriatefor that student. The casethat bestmatchesthe current
situationis retrievedfrom the casebasandits solutionis thenadaptedo the currentsituation. After
the modified solutionhasbeenappliedbi.e. an exampleor an exerciseproblemgivento the student,
its outcome is recorded. This outcome in turn facilitates the meta-learning of the system.

Cases

ILMDA hasa casebasef cases. Eachcaseis composef four parts:situation,solution,outcome,
and performance parameters, as shown in Figure 2.
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Fig.2. Components of a case in our CBRMETAL-powered ITS application, ILMDA.

The situation parametersinclude the studentstatic and dynamic profiles and the instructional
contentOsharacteristics The studentstaticanddynamicprofiles form the basisfor ILMDAOslearner
modeling. This is achievedby profiling a learner/studentlong two dimensions:studentstatic
backgroundand dynamicstudentactivity. The backgroundof a studentstaysrelatively staticand
consistsof the studentOtast name, first name, major, GPA, goals, affiliations, aptitudes,and
competencies.It alsoincludesself-reportedself-efficacyand motivation, basedon a surveytaken
beforea studentprocesses contentset. The dynamicstudentprofile captureshe studentO=al-time
behaviorandpatterns. It consistsof the studentOsnline interactionswith the GUI moduleof ILMDA
includingthe numberof attemptson the sameitem, numberof differentmodulestakensofar, average
numberof mouseclicks during the tutorial, averagenumberof mouseclicks viewing the examples,
averagdength of time spentduring the tutorial, numberof quits after tutorial, numberof successes,
and so on.

The solution parametersspecify the characteristicof the exampleor exerciseproblemto be
deliveredto the student. Eachexampleor exerciseproblemis meta-taggedvith a setof attributes:
length,interest,BloomOsaxonomy(Bloom et al., 1964),level of difficulty, amountof scaffolding,the
numberof times viewed, the averagetime per use,averagenumberof clicks per use,and so on.



Instructionalscaffolding(Vygotsky, 1978)is supportfor learning,andthe level of scaffoldingvaries
for different studentsandscenarios.In ILMDA, scaffoldingsimilar to thoseproposedn (Hartman,
2002)is used:cues,hints, referencesandelaborations. Cuesare highlightedphrases. A hint poses
Owhaif OandOthinkaboutthisOstatements A referencepointsthe studentto a particularitemin the
contentset. An elaborationexplainsthe stepsor partial solutions. We use highlighted phrases,
diagramsandfiguresascues;OWhaif Oand OThinkaboutthisOquestionsashints and prompts;and
stepwise spelled-outsolutionsas partial solutions. In addition,referencesre usedto point students
backto certainpagesof atutorial or an example. For example Olfyou arenot clearabouthow a try-
catch block works, pleaserefer to the Tutorial page,underthe OThrowingExceptions@ection.O
Elaborationsare guidelinessuchas Otryingto divide a numberby 0 or trying to converta string that
contains letters into an integer are both unchecked exceptionsO.

The outcomeparametersarebasedon the usagehistory of a case which includesthe numberof
timesthe casehasbeenused,the numberof timesthe casehasbeenusedsuccessfullywhetherthe
studentquit the exampleor exerciseproblem,andwhetherthe studentanswerghe exerciseproblem
correctly. These parameters are accumulated from what is observed each time the case is used.

The performanceparametersdocumentthe differencebetweenthe expectedandthe observed
behavior,alsoaccumulatedrom whatis observedachtime the caseis used. For example how much
time the studentspenton an exerciseproblemor an examplewith respectto the averagetime all
studentsspenton the sameexerciseproblemor example how manytimesthe studentwentback-and-
forth betweenan exerciseproblemand a tutorial pagewith respectto the averagerecordedfor all
studentsvhengiven the sameexerciseproblem,andso on. This allowsthe CBR moduleto evaluate
how each session performs with respect to the norm.

Tables 1 and 2 document the situation and solution parameters of a case, respectively.

How CBR is Used

CBRis usedin our systemto retrievethe bestmatchingcaseto the currentsituation,adaptthe solution
of the bestmatchingcaseto the currentsituation,andretrievethe nextappropriateexampleor exercise
problem based on the characteristics prescribed by the solution.

Whena studentclicks ONextExample®r ONexExerciseProblemOILMDA recordswhatit has
observedso far of the student(studentstaticanddynamicprofiles, seeTable1) anddenotegheseas
the current situation parameters.

ILMDA then computes the similarity of each caSein the casebase to this current situation:

NP
Curr : sim(Curr,C)) :$ sw "

k=1
where N, is the numberof situationparameters pc, is the situationdescriptionof C;, pc, , is the
kth situationparametenf C;, and sw is the similarity weightfor the kth situationparameter.These
SwW, weightsare consideredhe similarity heuristics;eachindicatesthe importanceof a particular

parameter in determining the similarity between two sets of situation parameters.

pCurr,k # pCi ,k‘



Table 1

Situation parameters of a case used in the intelligent tutoring system application of the CBRMETAL framework

Parameters

Description

GPA

The studentOs self-reported grade point average

AVE_TTRL_TIME

The average time spent (in milliseconds) per tutorial

AVE_TTRL_CLICKS

The average number of times the student clicks the mouse in the tutorials he or
has seen

AVE_EXMP_CLICKS

The average number of times the student clicks the mouse in the examples he ¢
has seen

AVE_EXMP_TIME

The average time spent (in milliseconds) per example

AVE_EXMP_TO_TTRL

The average number of times the student goes back to the tutorial from theeexal

AVE_GRADE

The studentOs average grade on the exercise problems

AVE_PROB_CLICKS

The average number of times the student clicks the mouse in the exercise probl
or she has seen

AVE_PROB_TIME

The average time spent (in milliseconds) per exercise problem

AVE_PROB_TO_EXMP

The average number of times the student goes back to the example from the ex
problem

AVE_PROB_TO_TTRL

The average number of times the student goes back to the Tutorial from the exe
problem

AVE_SES_TIME

The studentOs average total time spent in the interface during a session

EXMP_QUITS The number of times the student has quit at the example stage
MAX_SES_TIME The length of the studentOs longest session, in milliseconds

MIN_SES TIME The length of the studentOs shortest session, in milliseconds
NUM_EXMP The number of examples the student has seen

NUM_PROB The number of exercise problems the student has seen
NUM_SESSIONS The total number of sessions the student has had

PROB_QUITS The number of times the student has quit at the exercise problem stage
SUCCESSES The number of successful sessions the student has had
TTRL_CLICKS The number of times the user has clicked the mouse during the tutorial
TTRL_QUITS The number of times the user has clicked the mouse during the tutorial
TTRL_TIME The length, in milliseconds, the student spent in the tutorial
SELF_EFFICACY The studentOs self efficacy, measured by a pre-topic quiz
MOTIVATION The studentOs motivation, measured by a pre-topic quiz




Table 2

Solution parameters of a case used in the intelligent tutoring system application of the CBRMETAL framework

Parameters Description

DIFF_LEVEL The difficulty level of the exercise problem or example

MIN_USE_TIME The shortest anyone has looked at the exercise problenamipéx
MAX_USE_TIME The longest anyone has looked at the exercise problem or example
AVE_USE_TIME® The average time students view the exercise problem ompdsam

AVE_CLICK The average # of times students click the mouse in the exercise problem or exar
LENGTH The # of characters in the example or exercise problem

BLOOM The BloomOs taxonomy value for the exercise problem or example
SCAFFOLDING The amount of scaffolding to give the material

After computingthe similarity valuesof all casesin the casebasevith respectto the current
situation Curr , ILMDA selectghe casewith the highestsimilarity asthe bestcase,Cpes. Thesolution
of Cresty, Scpest, hasto be adaptedto Curr . The adaptationis basedon the differencesbetween
Curr  and Pcpes- FOr each solution parameter,there is one adaptation heuristic:
ah =(awz,aw ,,...,aw v, where N, is the numberof situationparametersand aw; , is the weightin
heuristic ah thatinfluencesthe Ith solutionparameter.Eachlth solutionparameteis adaptedn the
following manner:

Np
' _0
%bestvl - k:/lq a‘\NI ,k’t( pCurr,k$ pCbestvk)] #%bestJ

Thus,the differencebetweenthe kth situationparametein the currentsituationandthe bestcase
situationis moderatedy a heuristicweight. Thesedifferencesarethensummedandmultiplied with
the original value of the Ith solution parameterof the bestcase. This processis repeatedor all
solution parametersf the bestcase. When it is completed,the best casesolution, Spest, IS
considered to have been adapted, and the modified best case sol&ig is

Note that for solution parameterghat are continuous <peg! is just the sum of weighted
differences. For discretesolution parametershowever,the differenceis lessstraightforward. For
example,asshownin Table 2, one of the solution parameterés BLOOM, which indicatesBloomOs
taxonomyvaluefor an exerciseproblemor anexample. For this parameterywe denotethe six Bloom
levels as 1-6 (correspondingo knowledge,comprehensionanalysis,application,evaluation,and
synthesis).Thus,insteadof usingthe actualrealvalueof Spes,BLOOM, it is Nnormalizedbetweenl and
6, androundeddown to aninteger. Anothersolutionparameteis SCAFFOLD, which indicatesthe
amountof scaffoldingto be displayedwith the exampleor exerciseproblem. The four levels of
scaffoldingare denotedin binary codes:0001 for a cue,0010for a hint, 0100for a referenceand
1000for an elaboration. Giventheselevels,a cuehas1 point, a hint has2 points,a referencehas4
points,and an elaborationhas8 points, indicating the different amountsof scaffoldingtheseitems
offer. Likewise, it is possibleto havea SCAFFOLD of 9 pointsor 1001, which meansto useboth
elaborationsandcues.As aresult,the amountof scaffoldingis betweer0 and15. Following the same
approachto BLOOM, insteadof using the actual real value of <pestscarrFoLp, it is normalized
between 0 and 15, and then rounded down to an integer.



Equippedwith <pest, ILMDA now hasa prescriptionfor the next appropriateexampleor
exerciseproblem. All examplesand exerciseproblemsof a tutorial are storedin a databaseeach
meta-taggedvith a setof parametergxactlythe sameasthosefoundin Table2. ILMDA finds the
best matching example or exercise probleniiQs and duly displays it to the student.

How Meta-Learning is Used

Meta-learnings usedin our systemto adjustthe adaptatiorheuristics similarity heuristics,andflesh
outthe casebaseasedby the CBR system. After a studenthascompletedhe session]LMDA informs
its CBR modulethe resultof the student'ssession. The CBR moduleusesthis informationto analyze
the results and improve its performance, and as a result, the performance of the whole system.

ILMDA learnsnew casesin orderto allow the systemto more easily handlea wider rangeof
situationsthat it will inevitably encountemwhen facedwith different typesof students. The initial
casebases designedy expertsin orderto covera wide rangeof studentsput may not actuallycover
the possibilitiesor maybefaulty. Forinstancea new casewhich hasbeenlearnedmay havea similar
situationspacewith a different solution, providing anotherway of approachinghe situationthat it
describes.Or an entirely newtype of situationspacemay be encounteredwhich wasunplannedor.
The ability to learn new casesallows the systemto overcomethis. In the application,the design
focuseson expandingthe situationspaceof the casebasein orderto coveras many situationsas
possible in the following manner. Given the potential new dasg;

it SiMyax(Crew) = M aXsimM(Cre.. Ci) s l€ss than a thresholtlean,
then C ey IS added to the casebase, V\@ih(cnew,ci) = $ SW " Pe.k # Pe, ,k\

where N, is the numberof situationparameters,pc, is thé_éituationdescriptionof Ci, Pc k isthe
kth situationparametenf C;, and sw is the similarity weightfor the kth situationparameter(Note
that this similarity measurds similar to the oneusedin CBR to retrievethe bestmatchingcaseto a
current situation.)

The similarity heuristicsadjustermodulein turn learnsaboutthe setof sw in the following
manner Eachcasehasa distribution, dist.,, of how it hasbeenused,basedon its performance
parameters.n this particularimplementationthe distributionis assumedo be uniform andthusonly
the averagds computed. For eachpair of similar cases,C; and C; Bdeterminedy usingthe setof
SW,, compute the performance similarity

N pf
SiMye(Ci,C;) =# |diste, " dist i
k=1

whereN; is the numberof performancegparametersC; and C; areconsideredo be truly similar if
both simC;,C;) and sim,..(C;,C;) are high (>tiean and >tgmiar, respectively). For eachsuch
occurrencethe SWg value (such that sei=argmaxsw) is increasedby a percentage” sp,. |If
sim(C;,C;) is high and sim,,(C;,C;) is low, then the two casesare not consideredto be truly
similar and the sws, value is decreasedy " <in. "sm iS €ssentiallythe learningrate of this
reinforcementearning design. If sin‘(Ci,Cj) is low, then sw,, remainsunchanged. With this
design,if the systemdeemedhat situationparameterp, wasthe mostinfluential in determiningthat
C; and C; werevery similar, butthe caseshadvery differentperformanceghenthelearningmodule




will adjustthe similarity weightsto make p, lessinfluential, therebymaking C; and C; lesssimilar.
However,if the similarity measuremendid not determinethat the caseswere similar, thenit would
not be expectedhatthe casesvould performsimilarly. With this learningprocessthe systenwould,
for example eventuallyappointthe amountof time a studentspendsn a particularsessiorasa more
important parameter than the number of times a student views a tutorial.

The adaptatiorheuristicsin the LMDA modify a solutionprovidedby the case-basedeasoning
in orderto accountfor differencesin the situationdescriptions. Onceagain, the reinforcements
driven by the performanceof a session.Forinstancejf the studenttook an excessiveamountof time
andwas unsuccessfuin answeringthe questionthey were presentedvith, thenthe performanceof
thatsessiorwould below. Similarly, if the studentspentmuchlesstime thanusualon a questionand
answeredt correctly, then the performanceof the sessionwould also be low, reflecting that the
solution was too easyto presenta worthwhile experienceto the student. This performance
informationis usedto adjustthe adaptatiorheuristicsof the systemby determiningif an adaptation
wassuccessfubr not. If anadaptatioris deemedsuccessfulthenthe heuristicsthat wereinfluential
in makingthatadaptatiorwill bereinforced. And, similarly, if anadaptatioris deemedunsuccessful,
thenthe heuristic mostresponsiblefor that adaptationwill be weakened. The systemdetermines
which heuristicis mostresponsiblen the following manner. Giventhe solutionof a bestcase, .,
and the adaptedsolution &, ., and a set of adaptationheuristics such that each heuristic
ah =(aw;,aw ,...,aW, ) where N, is the numberof situationparametersand hw , is the weightin
heuristic ah that influencesthe Ith solution parameter,as describedin previous subsection.
Designateahs(n) such that:

sel= argmla)(awn " (S # Brn))

which identifiesthe adaptatiorheuristicthat contributesghe mostto the differencein the solutionsfor

thenth solutionparameter.If the performanceof the sessioris deemedsuccessfu({observedehavior
matchescloselythenorm,> tugap), thenthe ahy(n) is increasedy a percentag®f " da. Likewise,

if the performances deemedunsuccessfulthen ahs(n) is decreasedy a percentagef " odae A

high " .42 indicatesan aggressiveearningsystem,andvice versa. This adjustmenbf the heuristics
allows ILMDA to moreaccuratelyadaptto the situationsthat LMDA encounters.This adaptation
behavioralsoallowsILMDA to expandits coverageof the situationspace without explicitly growing

the casebase' coverage of the situation space.

Following the principles of meta-learningoutlined earlier, we minimize possibleconflicts in
learningin severalways. Two of the modules,the similarity and adaptationheuristicsadjustor
modules,arerun offline after severalsessions.This minimizesthe noiseby reducingthe influence
thata singleoutlying resultwill haveon the learning. It alsoallows a significantamountof sessions
to be presentbeforeeachadaptationto provide accuratestatisticson the cases. The caselearning
module,on the otherhand,is run online with the system. ILMDA decideswhetheror not to storea
caseas soonasthe sessionis finished. This allows for new casesto be usedimmediately. The
similarity andadaptatiorheuristicsalsoact conservativelymodifying only oneheuristicat atime, to
preventdrasticchanges. This increaseghe stability of our learningwhile retainingthe benefitsof
meta-learning.



IMPLEMENTATION

The ILMDA systempoweredby CBRMETAL hasbeenimplementedin Java. It hasa front end
graphicaluserinterface(GUI), a mySQL databasdackendanda reasoningnoduleconnectingthe
two. Herewe discusshow the contentsetswere developedhow caseswere developedand initial

similarity and adaptatiorheuristicswere createdthe architectureof ILMDA, the flow of a student
sessionwith ILMDA, andhow ILMDA performsits meta-learning.Detailsof theimplementatiorcan
be found in (Blank, 2005).

Content Set

A total of five contentsetsweredevelopedn CS1:(1) File I/0, (2) Event-DrivenProgramming(3)
Exceptions(4) Inheritanceand Polymorphismand(5) Recursion. For eachtopic, the contentsethad
a tutorial, a set of 3-4 examples,and a set of 20-25 exerciseproblems. Two computerscience
graduatestudentsdevelopedhesecontentsetsbasedon the textbookby Wu (2005),andthenrevised
andrefinedby Soh,oneof the authorsof this paper. SohhastaughtCS1at the University of Nebraska
for threesemestersand hasalso beeninvolved heavily in the ComputerScienceand Engineering
DepartmentOReinventingCS Curriculum Project (http://cse.unl.edu/reinventCS)The contentset
wasthenreviewedby a handful of computerscienceundergraduatstudents. Whendevelopingthe
contentset,scaffoldingwasembeddeandtaggedwith in-line HTML-like tags. This allowsILMDA
to dynamically display them when the solution of a retrieved casecalls for a certain level of
scaffolding to be in place. The following shows how a reference is tagged.

E This concludes the discussion on the Tower of Hanoi example.
<REFERENCE>Please refer to Section 1.1 to review the components of a
recursion.</REFERENCE> E

Eachexampleor exercisgproblemwasthentaggedwith the appropriateBloomOgevel (BLOOM:
1-6 for knowledge,comprehensionapplication,analysis,evaluation,and synthesis)and difficulty
level (DIFF_LEVEL: between 1-10).

Cases and CBR Heuristics

The casebasandthe similarity and adaptatiorheuristicsessentiallyconstitutethe knowledgebaseof
ILMDA. Thecasesveredevelopedn thefollowing manner. Giventhe setof situationparametersis
shownin Table 1, a rangeof valueswas estimatedfor eachkth parameter. For example,for the
parameteAVE_EXMP_CLICKS,therangewasestimatedat 1-10. Oncethe boundswereestimated,
nine scenarioqor situations)that roughly approximatethe behaviorof a particulartype of student
behaviorwereidentified. For example Oasituationwherea studenthasspent,on averagelittle time
on his/herprevioussessionshastried to go back-and-fortthetweerexerciseproblemsandthetutorial
frequently,hasseenonly a few examplesandhasquit previoussession®arly (after seeingonly a few
exerciseproblems)@s onethatmight be representativef animpatientstudentwith lessmotivationto
learnbut moremotivationto getthroughthe contentsetassoonaspossible. OAsituationwhere,with
everythingelserelatively aboutaveragethe studentOself-efficacyis low andthe studentspenta lot of
time in the tutorialOis one that might be representativef a studentwith low confidencebut with
determinationto try to understandhe tutorial. After selectinga setof interestingsituations,their



solutionswere identified. For example for the OimpatienstudentCSituation,the solutionbi.e. the
prescriptionof the nextappropriateexampleor exerciseproblembwasto havean exampleor exercise
problemof averagedifficulty level, shortlength, with lessthan averagescaffolding,and of low

averageusetime (AVE_USE_TIME). The strategyherewasto provide a sufficiently challenging
exampleor exerciseproblemthatwould not taketoo muchtime to complete. For the Omotivatedbut

low-confidentstudentGituation, the solution was to havean exampleor exerciseproblemof low

difficulty level, with high scaffolding,and of aboutaverageusetime. The strategyherewasto help

raisethe studentOsonfidenceby giving him or herarelatively easyitem with alot of help,in the hope
of gettingthe studento understandhe examplesuccessfullyor answerthe exercisegproblemcorrectly.
Note that this strategyalso assumedhe following. If the studentsuccessfullycompletedthe item,

thenhis or her profile would go up for the next exampleor exerciseproblem. ThenILMDA would

give a more difficult item (via the adaptationheuristics)and lower the amountof scaffolding.
Gradually,if the studentcontinuedto do well, ILMDA would selecta moredifficult item with lower

scaffolding.

The similarity heuristicswereall initialized to the weightof 1.0. Thatis, all situationparameters
were consideredo havethe sameimportancein determiningthe similarity betweentwo situations.
This initialization was possiblebecauseof the CBRMETAL framework: the similarity heuristics
would be revised automatically by the system as it interacted with the users.

The adaptationheuristicswere developedfor eachsolution parameter. Take the amountof
scaffolding, SCAFFOLDING, for example. Out of the 16 situationparameterdistedin Table1, 9
playedarole in theinitial adaptatiorheuristic: GPA (-10), AVE_GRADE (-10), AVE_TTRL_TIME
(5), AVE_EXMP_TIME (5), AVE_PROB_TIME (5), AVE_EXMP_TO TTRL (5),
AVE_PROB_TO_TTRL(5), MOTIVATION (-5), and SELF_EFFICACY(-5). A negativeweight
meansan inverse proportionality: if the differencebetweentwo situationsfor that parameteris
positive,thenthe amountof scaffoldingis reducedandvice versa. Thus,in theaboveiit is seenif the
GPA, AVE_GRADE, MOTIVATION, or SELF_EFFICACY:in the currentsituationis higherthan
that of the bestcase@ituation,thenthe bestcase @CAFFOLDING s loweredaccordingly;andvice
versa. On the other hand, if AVE_TTRL_TIME, AVE_EXMP_TIME, AVE_PROB_TIME,
AVE_EXMP_TO_TTRL,or AVE_PROB_TO_TTRLof the currentsituationis higherthanthatof the
bestcase@ituation thenthe bestcase@CAFFOLDINGis increasediccordingly. This thusgivesrise
to the adaptedsolution. Yet anotherexampleis the level of difficulty, DIFF_LEVEL. Nine situation
parameterplayeda role in the initial adaptatiorheuristic: GPA (6), SUCCESS(8), AVE_GRADE
(10), AVE_TTRL_TIME (1), AVE_EXMP_TIME (1), AVE_PROB_TIME (1),
AVE_EXMP_TO_TTRL(-1), AVE_PROB_TO_TTRL(-1), andAVE_PROB_TO_TTRL(-1). Here,
GPA, SUCCESSandAVE_GRADE wereconsideredo be moreimportantin decidingthe difficulty
level thanotherparameters.In generalf the studenthasa betterGPA, hashadmore successewiith
ILMDA sessionsor done better on the exerciseproblemsthan the best caseGituation, then
DIFF_LEVEL is increased; and vice versa.

Once developed,the initial casesand the adaptationheuristicswere then reviewedby an
educationakxpertin instruction. The expertwastold to reviewwhetherthe casesandheuristicswere
Omoreor lessGorrectandnot to dwell on the actualvaluestoo closely. For example whetherGPA
shouldbe weightedé and SUCCESSweighted8 in the adaptatiorheuristicin DIFF_LEVEL wasnot
asimportantaswhetherSUCCESSshouldbe weightedmorethan GPA. It took the expertrelatively
little time (within an hour) to review the casesand the adaptationheuristics. Note that this was



possiblebecausef the CBRMETAL framework:the casesandthe heuristicswould be modified by

ILMDA over time, and thus the actual values did not have to be accurately initialized in the first place.

Architecture

Figure 3 showsthe architectureof the CBRMETAL-powered TS application. It hasa front endGUI
interactingwith the user(student). This GUI tracksevery interactionbetweenthe studentand the
GUI, and sendsthe information to the reasoningcore. The reasoningcore denoteseachset of
informationasthe currentsituation,andretrievesthe bestcasefrom the casebase.The coremodule
thenadaptsthe solutionto fit the currentsituation. As a resultof this, a prescriptionfor the next
appropriateexample(or exerciseproblem)is obtained,andthenusedto retrievethe actualitem from
the contentset database.Meanwhile,the information or situationis updatedwith the studentand
sessiordatabases.The retrieveditem is thendisplayedto the student. The processepeats. When
outcomesare obtainedand transmittedto the reasoningcore, dependingon the schedulesdifferent
learning mechanisms are triggered. More on this will be discussed later.

In additionto ILMDA, an authoringsuite for developersand a report-and-reviewsuite for
instructor and students,and a simulation (Soh and Miller, 2005) have also beenimplementedas
supporttoolsfor the ILMDA system. The authoringsuiteis usedto author,edit, anduploadcontent
setsbi.e. tutorials,examplesandexerciseproblems. The report-and-revievgsuiteis usedby students
to view their own usageand performancestatistics,and by the instructorto get a senseof how the
individual and averagestudentperformancegsompare. The simulatorallowedusto testthe machine
learning components of the CBRMETAL framework and how they worked together.
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Fig.3. Architecture of our CBRMETAL-powered ITS application, ILMDA.

Session Flow

Figure4 showsa sessiorflow andpagesdisplayedby ILMDA. Eachstudentis requiredto createa
profile in orderto log into the system. This password-protectegdrofile holds the student'sstatic
information, such as their GPA, name, major, and number of credit hours taken.
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Fig.4. The session flow of the ILMDA application.



Thesescreenglisplaythe learningmaterialon the left sidewhich canbe severalpagedong. On
the right side of the screenss a panelto display supportmaterialsuchasfiguresor key termsand
definitions. The exerciseproblempanelalsohasan answempanel,which displaysthe multiple choice
answersfor the exerciseproblem, and then the explanationof that answerafter the studenthas
answered the question.

Oncea studentis given oneexampleor an exerciseproblem,they havethe opportunityto askthe
systemfor anotherexampleor anotherexerciseproblem. Whena studentchoosedo view another
example the systemrecordsthe sessionas unsuccessfufsincethe studenteitherdid not understand
the example or the exampledid not adequatelyexplainthe topic) andusesits CBR moduleto retrieve
anotherexample,updatingthe student'susagehistory and disallowing exampleghat the studenthas
alreadyseen. The system however,automaticallyfeedsexerciseproblemsto the studentaslong as
the systemthinks the studentneedsone. Whena studentchoosego quit an exerciseproblemor fails
to answeran exerciseproblemcorrectly, the systemrecordsthe sessionas unsuccessfuls well.
Supportmaterialfor eachtutorial, example,and exerciseproblemcan be either text or an image.
Screenshotsf the tutorial panel,the examplepanel,and the exerciseproblempanelare shownin
Figures 5-7, respectively.
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‘Why Recursion?

Recursion when used correctly leads to elegant solutions, which, Towers of Hanoi:

in turn, results in simpler and smaller code that is easier to debug

and maintain Mewve the Mth Disk to the Free Peg

Thus, solutions to many problems encountered in real-life can be
expressed using a recursive approach. In fact, many mathernatical
functions are ofien expressed in recursive form; thus, it 1= natural
to program them using recursion,

Unfortunately, recursion is often poorly understood and hence is Support
avoided in practice, thus considerably weakening the reperiore of Material
aprogrammer. It i, therefore, important to understand the
concept of recursion and, more importantly, to practice its use,
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Fig.5. The tutorial panel of the ILMDA application, with support material.
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Our Java method might look something hike this U LIS l | jlesd
public boolean isPalindrowe (String s)
{

return [(s.charAt(0} ==
s.charAt (s.length()-1)] &&

isPalindrome (s.substring(l,s.length()-1))};
}
HMotice this method simply compares the first and lastcharacters of
"s" and then calls itself recursively to check the rest of the string,
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| Back to Tutorial | Advance 1o Problem | Exit Imerface

Fig.6. The example panel of the ILMDA application.

Which of these problems would be appropriate for recursion?

I.  Determining the maxirnum value of a series of numbers

II. Detecting land mines in an area divided into 20 smaller areas with
twenty ground penetrating radars and twenty experts to run the radars
III. Counting the election votes for your state. Your state has 91
counties, each county has several woting stations.

Recursion is rarely used when a suitable iterative solution can be run
concurrently

It rnight be worthwhile at this point to review the section on "Use of
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Fig.7. The exercise problem panel of the ILMDA application.




How ILMDA Performs Meta-Learning

As discusseckarlier,the designof meta-learningpf CBRMETAL is basedon a setof cautiousand
prioritized principles. Whena studentquits a sessionthe sessionQeerformancelata(e.g.,numberof
secondsused,numberof mouseclicks in tutorial, numberof mouseclicks in examplesnumberof
examplesviewed,andso on) is capturedandrecorded. Also recordeds alsothe outcomedata(e.g.,
the numberof exerciseproblemsthatthe studentanswerectorrectly,the numberof exerciseproblems
given, whetherthe studenthasansweredone of the most difficult exerciseproblems,and so on).
Every time a studentclicks ONextExampleOpr ONextProblemon the GUI, the reasoningcore
modulecomposes new case. This new caseis basedon the situationprior to thatclick, the applied
solution,the performanceandthe outcome. Then,this new caseis evaluatedagainstthe casebaso
determinewhetherit is worthwhile to storethis new casein the casebaséollowing the algorithm
outlinedin the OHowMeta-Learningls UsedGsubsectiorearlier. Thus, caselearningimpactsthe
subsequent ILMDA sessions immediately.

Two of the modules,the similarity and adaptationheuristicsadjustormodules,arerun offline.
Thatis, the weightswere adjustednot immediatelyafter eachsessionput after a numberof sessions
or aperiodof time. In ourimplementationthe five topicsassignedo the studentsover a period of
five weeks. The studentshadaboutoneweekto go online andgo througha topic. Thus,heuristics
adjustermoduleswere invoked a week after a topic was assignedpr after about40-50 sessions.
Basically,eachmodulewould go throughthe databasegombingthrougheachsessiorandpropagating
the learning affects onto its heuristics.

RESULTS
Fall 2004

In Fall 2004,ILMDA wasfirst deployedat CSCE155(CS1)at the Departmentof ComputerScience
and Engineeringat the University of Nebraska. CSCE155is the first core coursefor the Computer
Sciencemajors. Typically, it hasabout150 studentsper year,with a diversegroup of studentsrom
majorssuchas CS, Math, Electrical Engineering,Industrial Engineering,and so on. Further,the
programmingbackgroundof thesestudentsis highly diverse. Someincoming freshmenhave had
someprogrammingn their high schools;somehavehadnone. Thus,it is importantfor the courseto
be able to adaptto the different studentaptitudelevels and motivations. This courseis thus well-
suited for evaluating the ILMDA application.

For this study, two versionsof ILMDA were used:learningand non-learning. The learning
ILMDA usedthe full meta-learningcapabilitiesdescribedn the abovesections. It learnednew cases
andadjustedts similarity andadaptatiorheuristics.On the otherhand,the non-learningLMDA did
not use any of the meta-learningcapabilities. The casebasesimilarity heuristics,and adaptation
heuristicsremainedunchangeds initialized. Basically, all its learning capabilitieswere disabled.
However,case-basedeasoningwasstill usedin both versions. For the study, ILMDA was setup
suchthatit automaticallytoggledon and off the learningmechanismslternativelyfor eachstudent
session so that both designs handled almost exactly the same number of sessions.



Here we report a case study on theuwrsion topic:

¥ The averagenumbersof examplesand exerciseproblemsthat a studentreadwheninteracting
with the leaming ILMDA were2.216,and 10.946,respectivelyandthat with the non-learning
ILMDA were3.047and15.116,respectively. This indicatesthatthe learningILMDA wasable
to deliver fewer examples and exercise problems.

¥ Theaverageercentag®f exerciseproblemsansweredorrectlyby a studentindicateshow well
a studentdid as part of the assessment.When interactingwith the learning ILMDA, the
percentagevas66.2%. Wheninteractingwith the non-learningLMDA, it was60.2%. Thisis
encouraging.This hintsthatthe learningILMDA wasableto deliver moreappropriateexamples
and exerciseproblems. Combiningthesetwo observationsthe learningILMDA seemsto be
effective (deliveringmore appropriateexamplesand exerciseproblems)andefficient (delivering
fewer examples and exercise problems).

¥ Table3 showsthe averagenumberof secondspentin eachsection. Studentsnteractingwith the
learningILMDA spentmoretime thanstudentdnteractingwith the non-learninglLMDA. This
could be dueto the learningILMDA providing moreinterestingand appropriateexanplesand
exerciseproblems,engagingthe studentsto invest more time and effort into readingthe
materials.

Table 3
Average time spent on each section in seconds for the learning and non-learning ILMDA systems

Section Tutorial Per Example Per Exercise problem
Learning 457 64 74
Non-Learning 276 61 30

To further measurethe efficiency and effectivenessof ILMDAOsmeta-learningcapabilities,
anotheraspectof the studentssessionis analysedas follows. First, a specific level of topical
comprehensiorfor studentsto attainis identified: answeringone of the most difficult exercise
problemscorrectly. To be effective,anITS shouldlearnto guidestudentdo reachthatlevel. To be
efficient, the samelTS shouldlearnto guide studentsto reachthat level with a small numberof
exerciseproblems. Tables4 and5 showthe results. From Table 4, for File /O, Exceptions,and
Inheritancethe learningILMDA consistentlyusedfewer exerciseproblemsto bring a studentto the
level of topical understanding.However,the learningILMDA did more poorly for the Recursion
topic b requiringmorethan 2 additionalexerciseproblemson averageto achievea level of topical
understanding.

It is suspectedhat the reasonfor this learningfailure is dueto the Recursiontopic. Unlike the
othertopicswhich are closelyrelatedto programmingfecursionis more closely relatedto problem
solving. It is realizedthatthe learningILMDA gavestudentdifficult questionsmoreoftenthaneasy
guestiondn the Recursiontopic, with a correlationof 0.11betweenthe numberof timesa questionis
given andits difficulty level, whereasthe samesystemgave studentseasyquestionsmore often in
other topics (correlations = 0.2D0.56).

Table5 showsthe percentagesf failed sessions.A failed sessioris onein which a studentquits
beforereachingoneof the mostdifficult exerciseproblems. Theresultsarenot conclusive. Thereis
no evidencethatlearningILMDA is moreeffectivethanthe non-learningLMDA in thisregard. It is
realizedthat the casesin the casebaseavere initially tunedto minimize the numberof exercise
problemsgivento the studentsthuspromptingthe ITS to be moreaggressiven giving moredifficult



exerciseproblemsbut more conservativan giving easierexerciseproblems. Further,in a student
profile, a studentusually answersquestionscorrectly more often than not sincethereare more easy
guestions. Thus,anincorrectanswermmight not causelLMDA to changeits perceptionof the student
drastically.

Combiningthe resultsof Table5 with that of the casestudy on recursion,it is concludedthat:
Eventhoughthe learning systemwas able to increasethe percentagef correctanswersfrom the
studentsjt wasnot ableto engagestudentsconsistentiylongerfor themto stayon throughthe setof
exercise problems.

Table 4
Average number of exercise problems given by ILMDA to a student to eventually correctly answer an exercise
problem with a certain degree of difficulty. Empty cells are due to the fact that there were no exercise problems
with that degree of difficulty. Also, we did not include the data for exercise problems with degree of difficulty
smaller than 5.5. Results for the Event-Driven Programming topic were not available due to a disk storage
problem.

File /10 Exceptions Inheritance Recursion
Deg. Diff.  No-L L No-L L No-L L No-L L
5.5 8.78 6.50 8.75 4.10 357 250 434 6.67
6.0 8.78 6.50 8.75 4.10 357 250 434 6.67
6.5 12.00 11.36 15.28 1580 4.00 250 7.44 10.33
7.0 12.00 11.36 25.66 1450 6.60 2.75 7.44 10.33
7.5 8.2 7.25 8.00 11.28
8.0 8.2 7.25 8.08 11.28
8.5 13.13 15.10
9.0 13.13 15.10

Table 5

Percentage of failed sessions at various degrees of difficulty for the four topics. For the Inheritance-Learning
column, students who quit all quit at level 5.5. Results for the Event-Driven Programming topic were not
available due to a disk storage problem.

File 1/0 Exceptions Inheritance Recursion
Deg. Diff.  No-L L No-L L No-L L No-L L
5.5 41.94% 31.43% 66.67% 40.00% 53.33% 69.23% 40.91% 51.35%
6.0 41.94% 31.43% 66.67% 40.00% 53.33% 69.23% 40.91% 51.35%
6.5 45.16% 37.14% 70.83% 66.67% 60.00% 69.23% 43.18% 59.46%
7.0 45.16% 37.14% 75.00% 66.67% 66.67% 69.23% 43.18% 59.46%
7.5 66.67% 69.23% 45.45% 62.16%
8.0 66.67% 69.23% 45.45% 62.16%
8.5 50.00% 72.97%
9.0 50.00% 72.97%

Initially, atthe beginningof the semesterthe similarity weightson the situationparametersvere
setto 1.0; thatis, all situationparameteravere consideredequally important. At the end of the
semestemowever thelearningILMDA modifiedtheseweightsbasedn its observatiorof how many
timesaretrievedcasewasuseful,asshownin Figure8. It wasfoundthatGPA wasnotthatimportant
(dropping from 1.0 to 0.46), quitting an exerciseproblem before answeringit was important



(increasingrom 1.0to 2.54),the numberof timesa studentwentback-and-fortthetweeranexample
and the tutorial was quite important(0.80) but not as importantas the back-and-forthbetweenan
exerciseproblemandthetutorial (0.99),andso on. Theseresultsareempiricaldata,key to the self-
evaluationcapabilitiesof the learningILMDA to meta-learnaboutwhento usewhich pedagogical
strategies.

Note that GPAO#mportanceasa situationparametewasreducedoy ILMDA. This might be due
to the natureof the GPA values. This study was conductedon CS1,the first CS coursefor our
students. Most of thesestudentswere first-semestefreshmencollege studentsand thusthe GPAs
thatthey reportedwere mostlikely their high schoolGPAs,andthus GPA turnedout to be a lesser
parametein this study. It is possiblethatif we hadconductedanotherstudyon juniorsor seniorsin a
differentcourse this GPA parametercould havehada moreimportantrole. Herethe learningresults
for the adaptationheuristicsare discussed. There are 9 setsof heuristics,and eachheuristicis
triggeredby a subsebf about20 situationparameters Figure9 showsthe exampleof how two setsof
heuristics changed after learning.
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Fig.8. Changes in the similarity heuristics after meta-learning.

As shownin Figure 9(a), an exampleis to adaptthe solution parameterSCAFFOLDING.
Initially, it had beenexpectedthat if a studentis observedtio have spentmoretime on a tutorial,
example,or exerciseproblem,or if a studentis observedo go back-and-forthhetweenexampleand
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tutorial, or betweenexerciseproblemand example thenthe ITS shouldprovide a largeramountof

scaffolding. However, after a semesterof using ILMDA, this expectationwas not met for

OaveExmpTimede. AVE_EXMP_TIME, averageime spenton an example) OexpToTtri@humber
of times going from exampleto tutorial, and OprobToExmp®umberof times going from exercise
problemto example). It wasrealizedthatwhenstudentsverefoundto spendmoretime on examples,
or werefoundto refer backto the examplesthey were morelikely to quit ILMDA beforeanswering
questionscorrectly. As aresult,thelearningILMDA adjustedts adaptatiorheuristicsto reducethe

amount of scaffolding, thinking that this would improve its performance.

As shownin Figure9(b), initially, for the heuristicthatadaptedhe solutionparameteBLOOM,
atthe beginningof the semesterthe weight of eachsituationparametenf the heuristicwassetat 1.0.
At the end of the semesterthis numberincreasedo 9.0. A significant changein the weight of
OexmpQuits@.e. EXMP_QUITS,the numberof quits during an example) going from 1.0to -11.76,
was also observed. This indicatesthat the more often a studenthasquit during the viewing of an
example, the lower the BloomOs taxonomy level is for the exercise problem to be selected.

Detailsof the studycanbefoundin (Blank, 2005). Interestedeadersarealsoreferredto (Soh&
Miller, 2005) for an analysison how studentmotivation and self-efficacy impact studentuse of
ILMDA.

Spring 2005

In Spring2005,ILMDA wasonceagaindeployedat CSCE155CS1)at the Departmenbf Computer
Scienceand Engineeringat the University of Nebraska. However,for this study, threeversionsof
ILMDA were used: static, non-learning,and learning. The learning and non-learning|lLMDA
versionswerethe sameasthoseusedin the Fall 2004 study. The staticversionsimply useda single
tutoring strategywithout any case-baseteasoningchoserfrom oneof the original nine caseausedin
the Fall 2004 study. In the staticversion,this casewasalwaysretrievedandits solutionwasapplied
directly without any adaptation. And no new cases were learned.

As alludedto earlierin the discussiorof Fall 2004 results,one metric to measureghe impactof
meta-learnings the averagenumberof exerciseproblemsdeliveredbeweena wrong answerand
solving an exerciseproblemcorrectly. This metricindicateshow effectiveandefficient the systemis
in adjustingto a failed session(in which a wrong answerwas given by the student)to ultimately
modelthe studentcorrectly (in which the studentwasableto solvethe exerciseproblemcorrectly). A
safestrategythatimmediatelygavethe studentthe easiestexerciseproblemto solve after a wrong
answerwould be the mosteffective. However,thatis not efficient asmore exerciseproblemswould
haveto be deliveredin orderto bring a studentto solve one of the mostdifficult exerciseproblems
correctly.Our staticagentremedieghis by always selectingthe next easierexerciseproblemafter a
wrong answer. Figure 10 shows the comparison.

It is observedhatthe staticILMDA outperformedhe non-learningLMDA. This indicatesthat
theinitial casebasef the non-learningLMDA wasnot aseffectiveasthe staticLMDAOsonesingle
heuristic. Likely, the non-learningILMDA usedCBR to adaptto the different situationspoorly,
resultingin deliveringmoreexerciseproblemsto the students.However,thoughgiventhe samepoor
casebaséo beginwith, the learningILMDA outperformedboth the staticand non-learningLMDA
designs. This is becausehe learningILMDA was ableto adjustits own adaptationheuristicsand
learnednew casestherebyimprovingits performanceover time, reducingthe numberof exercise
problems needed before re-capturing a correct profile of the student.
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Fig.10. Average number of exercise problems after a wrong answer before getting an exercise problem correct.

To investigatefurther the role of the meta-learningin ILMDA, the utility of the systemOs
knowledgesetis lookedat. A knowledgesetin ILMDA is definedasthe setof adapation heuristics,
the setof similarity heuristics,andthe cagbasethat the systemhasto work with. For eachset,its
utility is measured.The utility of a similarity heuristicis its successatein retrievinga successfully
appliedcase;the utility of anadaptatiorheuristicis its successatein cortributing significantlyto an
adaptatiorof the old solutionto the new situationthatled to the successfubpplicationof the adapted
solution;andthe utility of a caseis theratio of the numberof successfulpplicationsof the caseover
the number of times the case has been retrieved.

Figure 11 showsthe comparisonbetweenthe learningand the non-learningILMDA systems.
First, for thelearningILMDA, asdiscussedn earliersectionsthe adaptatiorandsimilarity heuristics
are adaptedafter the conclusionof eachtopic (offline), which meansthey were updatedfive times
becauseof the five topicsusedin the deployment. The casdasewas updatedonline,immediately
after eachsession. Therewasa significantimprovementfrom the first knowledgesetto the second
set,andthentherewasa slow decline. However,evenwith the slight declinein outcome the final
knowledge set still outperformed the initial knedge set significantly.

Worth noticing is the much narrowergap betweenthe performance®f the two systemsat the
fifth topic, only about0.03. After studyingthe modified knowledgesetsmore closely,it wasfound
that the heuristicswere modified quite significantly at the fourth topic. The fourth topic was
Inheritance& Polymorphism,anduponretrospectiveanaysis, it was found that this topic had the
worst-labeledexerciseproblems:the level of difficulty of eachexerciseproblemwas not labeled



accurately. This causedLMDA to penalizeits similarity andadaptatiorheuristicsincorrectly. As a
result,whenthefifth topic camearound,ILMDA hadto dealwith heuristicsthatwerenot asgoodas
before. Thisis anencouraginglesignproblem:(1) thelearningILMDA is certainlyadaptive and(b)
the learningILMDA canbe further refinedto quality-tagits learningmaterialsto assignblamefor
failed sessions.

Details of the study can be found in (Blank, 2005).
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DISCUSSION

A comprehensivdramework basedon integrating case-basedeasoningand meta-learningto

introspectivelyrefine an ITSOseasoninghasbeendescribed. This framework,called CBRMETAL,

specifically improves the casebasethe similarity heuristicsand adaptationheuristicsthrough
reinforcementandadherego a setof six principlesto minimizeinterferencesluring meta-learning.It

hasbeenshown,throughan ITS applicationcalled ILMDA, implementationdeployment.andtwo

studies,that such a framework can be effective and efficient. A self-improving ITS basedon
CBRMETAL canmodify its pedagogicastrategiego improveits performance.Futurework includes
further deploymentgo obtainmoresignificantdataon studentearning,the developmenbf moreCS1
topics, and a self-diagnosticcomponentthat allows an ITS to pinpoint faulty componentdn its
reasoning.



Thereis animportantissuein termsof the representativeness the casesn the casebasavith
respectto the parametershow many casesdo we needto cover the situationand solution spaces
properly? If the adaptationheuristicsare powerful, then covering the solution spaceis not as
importantascoveringthe situationspaceasthe CBR systemcouldstill reacha viable solutionderived
from whatit hasin its casebasandthuswould haveno needto learnnew casego expandits solution
space. Our initial casebasstartedout with 9 cases. After the semesterwasoverin our first study,
therewere 103 cases.Whenwe analyzedhe standarddeviation(or range)valuesof the situationand
solution parametersn thesecases,n the initial casebas@nd thenthe final casebasethe values
changednsignificantly. This meanghatthe systemmoreor lessOfilledin the gaps@mongthe initial
nine cases. Basedon this observationwe would saythatthe initial casebas&asrathersparseThe
lack of growthin termsof the situationspacecould alsobe becausef the narrownessn our content
setsandthe students. Thefive topicsthatwe chosewereall CS1topics,andthe studentsveremostly
first-semesterfreshmen. It was true that thesestudentshad a diverse backgroundin terms of
proficiencyin programmingandCS knowledge. But still, the situationsthatthe ITS encounteredvere
restricted. From anotheraspectwe seethat this enableshe CBRMETAL frameworkto be usedto
prototypethe knowledgebase(i.e. casebasandheuristics)of anITS for a particularcontentandfor a
particular group of students.

A key areathatwill be focusedon to improvelLMDA andalsothe CBRMETAL frameworkis
moreaccurateandprecisestudentmodeling. For example,in the currentimplementationmotivation
andself-efficacywere self-reportedhrougha surveywhena studentfirst registeredwith the system.
Thesereportswereinherentlynoisy. Further,a studentOsiotivation and self-efficacymight change
from one exerciseproblemto the next, or evenafter simply readingthe tutorial. Right now, sucha
resolutionis notin placein our frameworkandimplementation.Also, in our currentimplementation,
it is assumedhatif a studentasksfor anotherexample or quit the tutorial, or quit an example or quit
the exerciseproblemsbefore answeringone of the most difficult problems,then the sessionis
consideredunsuccessful.However,it hasbeenpointedout to us thatit is perfectly possiblefor a
genuinelyinterestedstudentto ask for additionalexamplesand thus sucha requestshouldnot be
viewed as a failure of the system. Indeed,new casescan be craftedto reflect Ogenuinelynterested
studentsOhigh motivation and self-efficacy, high numberof examplesviewed per session,long
averagetime spenton the content,and high averagegradeon the exerciseproblems. In short, our
casesdo not cover a good spectrumof studenttypes sufficiently. Thus, we seebetter student
modelingasanimportantareain our continuingwork to improvethe CBRMETAL frameworkandthe
ILMDA application.

Our researcHocushasbeento createa frameworkfor an intelligenttutoring systemthat could
improveits performanceovertime. In our studiesthoughpoor casesverenot purposelyusedin the
non-learningor staticversionstheywerenot intentionallyoptimizedeither. In retrospectwhethera
systemcould improveitself whenit wasgiven a so-soinitial knowledgebasewasour main concern.
And from our two studies thereseemedo beindicationsthatthe systemwasableto do so. Whether
the systemcould learnto improveon a goodinitial knowledgebaseis uncertain. However,sincethe
caselearningis conditionedupondiversity,andthe reinforcementearningon heuristicsis conditioned
upon the sessionoutcomes conceptuallythe frameworkwill stoplearning® or will only fluctuate
minimally Bonceit realizesthatit is doingwell. This setsup a safetymeasurethe systemis unlikely
to hurt its performancehroughlearningunnecessarily.Actually, for our nextstepsin the future, we
will be more concernedabout adaptationacrosscontentsand studenttypes. For example,letOs
supposehat, afterusingILMDA for a while andperfectingthe casebasandheuristicsfor studentsof



CS1,we wantto apply ILMDA to elementarystudentsin a geographycoursewith the OperfectO
casebasand heuristicsand investigatewhetherthe CBRMETAL frameworkfacilitatesILMDA to
adapt.
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