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Abstract

We have constructedADVISOR, a two-agentmachine
learning architecturefor intelligent tutoring systems
(ITS). The purposeof this architecturds to centralize
thereasoningdf anITS into a singlecomponento al-
low customizatiorof teachinggoalsandto simplify im-
proving thelTS. Thefirst agents responsibldor learn-
ing amodelof how studentperformusingthetutorin
avariety of contexts. The secondagentis providedthis
modelof studentehaior anda goalspecifyingthede-
sired educationabbjectve. Reinforcementearningis
usedby this agentto derive ateachingpolicy thatmeets
the specifiededucationalgoal. Componentevaluation
studiesshav eachagentperformsadequatelyin isola-
tion. We have also conductedan evaluation with ac-
tual studentf thecompletearchitecture Resultsshav
ADVISOR wassuccessfuin learningateachingpolicy
that met the educationabbjective provided. Although
this setof machinelearningagentshasbeenintegrated
with a specificintelligent tutor, the generaltechnique
couldbeappliedto abroadclassof ITS.

I ntroduction

AnimalWatchis anintelligenttutor for teachingarithmetic
to gradeschoolstudents. The goal of the tutor is to im-
prove girls’ self-confidencén their ability to do math,with
the long-termgoal of increasingthe numberof womenin
mathematicahndscientificoccupations AnimalWatchhas
beenshawn to increasehe self-confidencef girls who use
it. Thetutor maintainsa studentmodelof how studentper
form for eachtopic in the domain,and usesthis modelto
selecta topic to presento the student,to constructa prob-
lem atthe appropriatdevel of difficulty for the studentand
to customizefeedback. This adaptatioris doneusinga set
of teachingheuristics.

A major factorcontributing to womens lower participa-
tion in sciencegngineeringandmathematicgareerss that,
beginningin junior high school,mary girls begin to doubt
their ability to learnmathematics(Belle& Gafni1996).As
aresult,girls aretypically morelik ely thanboysto progress
nofurtherin mathematicshaneighthgradealgebraandare
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subsequentlyunderpreparedfor mary scienceand math-
intensive majorsand programsat the university andgradu-
ateschoollevels. This projectfocuseson developmenif an
intelligent tutor to provide effective, confidence-enhancing
mathematicénstructionfor girls in elementaryschool.

We have constructedh learningagentthatmodelsstudent
behavior at a coarselevel of granularityfor a mathematics
tutor. Ratherthanfocusingon whetherthe studentknows a
particularpieceof knowledge thelearningagentdetermines
how likely the studentis to answera problemcorrectlyand
how long hewill taketo generatehisresponseTo construct
this model,we usedtracesfrom previous usersof the tutor
to train the machinelearning (ML) agent. This modelis
combinedwith areinforcementearningagentto producea
configurablgeachingpolicy.

Resear ch goals and previous work

Intelligent tutoring systemgITS) have not beenintegrated
into schoolsand corporatetraining as rapidly aswould be
expected.Onereasorfor thisis thelack of configurabilityof
suchsystemdy organizationgleploying ITS(Bloom1996).
OnceconstructedanITS’s performancas fixed. Also, the
costto constructlTS is very high, both in termsof num-
ber of hoursrequired,andthe amountof expertiseneeded.
Our high-level goalis to reducethe amountof knowledge
engineeringandexpertknowledge)neededo constructan
ITS andto make thetutor’s teachinggoalsparameterizedo
they canbe alteredasneeded Machinelearningis a useful
techniquefor automatingknowledgeengineeringasksand
improving adaptvity.

A secondgoalis to make a tutor's reasoningdefensible.
Currently mostteachingdecisionsare madeby cognitive
and/orpedagogicatheoriesthat may or may not have been
well-evaluated,and almostcertainly have not beenexten-
sively studiedin the contet of anITS. We aim to bypass
this step,andinsteaddirect decisionmaking by relying on
obsenationaldataof studentsisingintelligenttutors.A po-
tential advantageof this architectures to centralizethe tu-
tor's reasoningn one component.Researchhatimproves
this singlepieceaffectstheentirelTS.

There has been some progressmade at using ML to
simplify ITS construction. The ASSER system(Bdks
& Mooney 1996) usedtheory refinementto automatically
constructbuggy rules, and could build teachingexamples



Figurel: Overview of ADVISOR architecture.

to shav studentsthe fallagy behindtheir misconceptions.

Given the typical difficulty in compiling bug lists(Burton
1982), this could be a substantiakavings. Work on Input
Output Agent modeling (IOAM)(Chiu & Webb 1998) has
usedML to accuratelypredictmistalesstudentswill make
solvingsubtractiorproblems.

ANDES(Gertner Conati,& VanLehn1998)constructsa
Bayesiannetwork that represents solutionto the physics
problemon which the studentis working, andusesthis net-
work to recognizehestudents plan(Conatietal. 1997)and
determineon which skills he needshelp(GertnerConati,&
VanLehn1998). This is a excellentexampleof usinga sin-
glereasoningnechanisnior mary decisionswithin anITS,
andof principledreasoningechniquedo directteaching.

Architecture

To achieve our researchgoals,we constructedADVISOR,
whichis asetof ML agentghatlearnhow to teachstudents.
Figurel providesanoverview of thisprocessFirst, students
usingAnimalWatchareobsened,andthesedataprovidedto
alearningagentthatmodelsstudentbehaior. This Popula-
tion StudentModel (PSM) is responsiblegor taking a con-
text, andpredictinghow studentswill actin this situation.
Thesecondcomponents thepedagogicaagent(PA), that
is given a high-level learninggoal andthe PSM. An exam-
ple of sucha high-level goalis “Studentsshouldmalke pre-
cisely 1 mistale per problem”. Studentsmakingfewer than
onemistake may not be sufficiently challengedwhile those
makingtoo mary mistakesmaybecomdrustrated. The PA's
taskis to experimentwith the PSMto find ateachingpolicy
thatwill meetthe providedteachinggoal.
Theareacontainedn thedashedoxrepresentasimula-
tion thatwill occursereraltimesduringtraining beforeac-
tual studentausethetutor. The pedagogicahgentconsiders
a teachingaction (selectinga particulartopic, constructing
a certainproblem, or providing certainfeedback)and ob-
seneshow thesimulationof thestudentreactsto this event.
After learningwhich actionsunderwhich conditionsmeet
the teachinggoal and which do not, it outputsa teaching
policy for the AnimalWatchtutor to usewith real students.
We defineateachingpolicy asafunctionthatmapsthe cur-

rentstateof thetutor andstudento ateachingaction.Thus,
from a given situation, the teachingpolicy canbe usedto
directall of thetutor's decisionmaking. Currently Animal-
Watchsteachingpolicy is implementedvith asetof heuris-
tics. Our goalis to replacethis with an ML-derivedpolicy.

Population model

The purposeof the populationmodelis to take asinput a

particularsituation, and determinehow the studentwould

behaein thatsituation.Viewedthis way, it is anexecutable
studentmodel. Combinedwith a tutoring systemthis ex-

ecutablestudentmodel can act as a simulatedstudent,or

simulee(\anLehn,Ohlsson& Nason1994).

Constructing the PSM  Building the PSM requires a
databasef prior usersof the tutor. We have deployed An-
imalWatchfor two previous studies;onein a fourth-grade
classroom(9 yearolds), the otherin a fifth-grade (10 year
olds) classroomWhenthe students presentedvith anop-
portunity to provide an answer the systemtakes a “snap
shot”of its currentstate.This pictureconsistf information
from 4 mainareas:
1. Student: The students level of prior proficieny andlevel of
cognitive development(Arrgo etal. 1999)
2. Topic: Thedifficulty of the currenttopic andthetype of mathe-
maticsoperand/operators.
3. Problem: Thedifficulty of the currentproblem.
4. Context: The students currentefforts at answeringthis ques-
tion, andthe hintshe hasseen.
After the studentmakes his next response,the system
recordsthe time he requiredto make this responseand
whetherit was correct. Thesetwo piecesof information,
time to respondand correctnes®f responseare what the
learningagentwill predict. We gatheredL1,000trainingin-
stancegrom the previousdeploymentsof AnimalWatch.
Theabove informationspecifiegheinputsandoutputsof
the learningagent. For a function approximatoy we used
linearregression(aftertrying naive Bayesiarclassifiersand
decisiontrees).Linearregressiorallows quick experimenta-
tion with models(unlike gradientdescentechniquesywhich
can take substantialtime to learn), and works well with
continuousvariables. Therewere two regressionmodels.
Eachtook asinput 48 featuresrom the above 4 cateories.
Thefirst modeloutputthe expectedamountof time the stu-
dentwould requireto generatehis next responsg(in log-
milliseconds).The secondmodeloutputthe probability the
students next responsavould be correct. Note, the model
doesnottry to predictthestudentslongertermperformance
onthecurrentproblem,only hisimmediateaction.

Validating the PSM  To determineif the PSM is suffi-
ciently accuratewe compardts predictionsto how the stu-
dentsin the training datasetactually performed. Figure 2
shawsits accurag for predictinghow long studentsequired
to generatea responsethe PSM’s predictionscorrelatedat
0.629( ) with actualperformanceTrainingon half
the datasetandtestingon the otherhalf droppecthis corre-
lation to 0.619,which is still very strongfor predictingas
noisyavariableastime.

The PSMis alsoresponsiblefor predictingwhetherthe
students responsewill be correct. Figure 3 shows the



Figure2: Accurag for predictingresponsdime

Figure3: Accurag for predictingresponse&orrectness.

model’s performanceat this task. The datawerebinned,so

(for example)theright-mostdatapointrefersto casesvhere
the model thoughtthere was a probability of 1.0 the stu-

dentwould answeraquestioncorrectly In thesecasesthere
wasroughly a 0.95 probability the studentwould generate
a correctresponselnterestingly this modelonly correlates
at0.484(0.481with split-half validation)with the students

actualperformancefor an . Figure3's correla-

tion is muchhigher, but this is for averagednot individual

studentperformance.

In Figure 3, if the modelwere perfectly accurate there
shouldbe no datapointsasidefrom thoseat 0.0 (leftmost
edgeof x-axis) and 1.0 (rightmostedgeof x-axis). Stu-
dentseither generatea correctresponseor an incorrectre-
sponsethereis no middle ground. Sofor individual cases,
thePSMmaybeinaccurateHowever, averagedacrosssimi-
lar casesthePSM’s performancetpredictingcorrectnesss
quitegood.For makingcritical, standalonepredictionsthis

is not acceptableAs partof a simulationthatusesmillions
of simulatedtrajectoriesjt seemdo be adequatdo have a
probabilisticmodelsuchasthis.

Pedagogical agent

The pedagogicahgent(PA) usesthe simulationof the stu-
dentas describedby the PSM, and experimentswith dif-
ferent teachingpolicies to achiee an externally provided
teachinggoal.

An interestingquestionis why the pedagogicahgentis
needed.Why not usethe PSMto directly learn/predicthe
relevantteachinggoalin question?f thegoalis for the stu-
dentto make onemistale perproblem simply havethePSM
predictthe numberof future mistales. The difficulty with
this is thatthe PSM’s obsenationscomeundera particular
teachingpolicy. If this teachingpolicy changesthe PSM’s
long-termpredictionsbecomeworthless. Considera PSM
thatis trainedby observinga tutor that never providesary
feedback Whenasledto predicthow mary mistalesa stu-
dentwill make on aproblemiits estimatewill bevery high,
particularlyif the teachingpolicy haschangedso the tutor
now provides feedback. Given that we are using training
datafrom atutor that probablyhasdifferentteachinggoals,
andconsequenthadifferentteachingpolicy, this situationis
notacceptable.

Thus, the PSM only makes shortrangepredictions: “if
the studenthasknowledgek, is working on problemP, has
seerhintshl andh2, andis now providedhintH  hewiill
answercorrectlywith probability P aftertime T.” A predic-
tion of this form is independenbf the teachingpolicy used
by thetutor. The PSMis notinterestedvhy the studentand
tutor arein this situation,or indeed whatwill happerafter
wards. All the PSMis askedto predictis what the student
will do immediatelyfrom this situation. Thus,the PSMis
usedto generatea model of statetransitionsthat describe
studentehavior.

Constructing the pedagogical agent The pedagogical
agents areinforcementearning(RL)(Sutton& Barto1998)

agent.RL canoperatewith amodelof the environment(the

PopulatiorStudenModel), andarewardfunction(thepeda-
gogicalgoaltheagents trying to achieve). Thisarchitecture
of usinga simulationis similarto thatusedin othercomplex

RL taskssuchas TD-gammon(Esaurol995) and elevator

dispatching(Criteg Barto1998).

For our RL mechanism,we decidedto use temporal-
difference(TD) learning(Sutton& Barto 1998). Specifi-
cally, TD(0) with state-waluelearning. The benefitof state-
valuelearningis thattheremaybeseveralactionsthatresult
in a similar state(e.g. the studentgetsthe right answerin a
smallamountof time), andit is efficientto learnaboutthese
together Thisis particularlyrelevantif theagents trying to
learnaboutthe studenin real-time.

We gave our first deplgyable PA the goal of minimizing
theamountof time studentsequireto solve a problem.This
shouldresultin the PA selectingeasiertopics,building eas-
ier problems,andnot giving hints that will slow down the
students problemsolvingefforts (suchasalong-windedin-
teractve hint, whenthe studenthasmadea minor mistale).



Thisgoal(i.e. rewardfunctionfor the RL agent)waschosen
sinceit is relatively straightforwardto optimize,andshould
notbeatroublesomeolicy for actualstudentgo use.

Specifically whenthe (simulated)studentsolved a prob-
lem,theRL agentwasgivenarewardinverselyproportional
to theamountof time the studentrequiredto solve the prob-
lem. Thus,thisis aboundecdhorizontask,anddiscountings
not required. During training, the PA used -greedyexplo-
ration. This meanghata certainpercentagef thetime, the
PA selecteda randomactionratherthanthe oneit thought
best. This helpedpreventthe PA from gettingstuckin alo-
cally good, but globally sub-optimalpolicy. Over time,
wasgraduallyreduced.Oncethe agentwasdeployedin the
“real-world”, however, wassetto 0.

The PA useda linear function approximatorto mapthe
stateto afutureexpectedreward. Thiswasusedfor all of the
tutor'sdecision-makingE.g. to selectahint, thetutorwould
addthe informationaboutthe topic, problem,andstudents
currenteffortsto thestate.Combiningtheinformationabout
eachpossiblehint with the currentstate,it would querythe
PSMto determinehow astudentwvouldlikely respondo the
hint. The outputof the PSMwasgivento thelinearfunction
approximatothatpredictedfuture expectedreward,andthe
actioncorrespondingo whichever“afterstate’hadthe high-
estvaluewasselected.

Validating the pedagogical agent To determineif the
pedagogicabgentwould interactcorrectly with the PSM,
we constructed simulation. This simulationcontainedall

of the typical stepsin a tutoring session. First the PA se-
lecteda topic anda problem. The PSM wastheninvoked
to seeif the studentwould make a mistale or answercor-

rectly. In eventof anincorrectansweythe PA wasrespon-
sible for finding the hint that appearedest. Fromthe PA’'s

standpointthis wasidenticalto interactingwith an actual
student.

Figure4 shavstheimprovementof the PA’s performance
at minimizing the amountof time studentsspentper prob-
lem. The x-axis is the numberof trials (in thousands}he
agenthasspentlearning.They-axisis the exponentialaver-
ageof theamountof time the simulatedstudentrequiredto
solve a problem. Performancestartedat around40 seconds
per problem,andeventuallyreducedto around16 seconds
perproblem.

Compromises

Ideally, ADVISOR would have completecontrol over Ani-
malWatch's teachingactions.However, thereweretwo dif-
ficultieswith this. First, therewasalimit on how frequently
studentzouldseeaparticularword problemtemplate . Tem-
platesare skeletonsfor word problems,and problemsare
dynamically createdwith numbersin a rangespecifiedby
thetemplate.f all of thetemplatedor a particulartopic had
beenseenrecently thetutor wasnot permittedto selectthat
topic. Furthermorewhen ADVISOR's goalis to minimize
the amountof time per problem,it hasatendeng to select
templatesthat involve small numbers. Thereis a limited
supplyof suchtemplates.Thus,with with someprobability
(currently0.1),the tutor usesarandomlevel of difficulty to

Figure4: Improvementof pedagogicaagent.

selecta problemtemplate. Theseissuesare not the fault of
the Al componentsbut ratherresultfrom our limited num-
ber of templatesasmoreare enteredheserestrictionscan
beremoved.

Secondthe classicAnimalWatchtutor only selectstop-
ics for which the studentis “ready” (i.e. hasnot mastered,
but hassomeunderstandingf the prerequisites)All of the
training dataprovidedto the PSM werebiasedin this man-
ner Thatis, therewerenoinstance®f studentdeingshavn
a topic for which they did not understandhe prerequisites.
Thismalkesit difficult for the PA to predicthow studentswill
reactwhenpresentedvith a problemfor which they arenot
prepared. We had difficulty finding a gracefulsolutionto
this, andultimately compromised Whenusing ADVISOR,
thelist of topicswouldfirst be screenedothatonly “ready”
topicswere considered. ADVISOR then usedits standard
decision-makingstrategyies on this abridgedlist of topics.
This difficulty is more fundamentato the Al architecture.
By combiningshort-andlong-rangepredictionagentsour
architectureallows training datato be generalizedo novel
situations However, it is unclearhow to resohe suchsevere
biasesn thetrainingdata.

Validating ADVISOR

Giventhatboththe PSM andPA have beenvalidated,it is
still necessaryo the combinedADVISOR architecture. It
is possiblethatthe simulationof the PA and PSMworking
togetheris incorrect. Therefore,we performedan evalua-
tion studycomparingheperformancef theclassicAnimal-
Watchtutorwith anML versionwhosegoalwasto minimize
theamountof time perproblem.A possibleobjectionis that
time explicitly appearsn the PSM, sois not aninteresting
choicefor areward. However, it is difficult to conceve of a
reward that doesnot appeaiin the PSM. If the PA is being
rewardedfor somethinghatcannotbedirectly obsened,the
questionarisesasto how the reward signalis generatedIf
thePA is rewardedfor anobsenableevent(suchastime per
problem),why not have the PSM predict(a versionof) this
to improvethemodelsaccurag?
Thisexperimentwasconductedvith anurban sixthgrade
classin a magnetschoolfor studentsin the arts. This is



in contrastto our earlier studies,which were usedto con-

struct the PSM, which utilized rural/suturban fourth and
fifth gradestudents. Studentswere randomly assignedo

oneof two groups.Oneconditionusedthe classicAnimal-

Watchtutorandsenedasa control. Thesecondexperimen-
tal, groupuseda tutor which reasonedisingthe ADVISOR

architecture. The only differencebetweenthe two condi-

tionswasthe Al methodusedfor selectingopics,problems,
and feedback. Studentswere assignedo an experimental
conditionbasedon wherethey saton thefirst day. To avoid

problemswith similar studentsitting neareachother, phys-
ically adjacenttomputersverein oppositeconditions(e.g.

experimental,control, experimental,control, ...). Unfortu-

nately classeglid notfill the entirelab, so somemachines
wereunused.We woundup with a split of 60% of the stu-

dentsusingthe ML version(N=58), and40% (N=39) using
classicAnimalWatch.

Results

Studentgaughtwith ADVISOR averaged?27.7 secondgo
solve a problem,while studentausingthe classicversionof
AnimalWatch averaged39.7 seconds.This differencewas
significantat P 0.001(P (2-tailedt-test)). Justas
important, the differenceis meaningful: reducingaverage
timesby 30%is alargereduction.Thus,theagentmadeno-
ticeableprogressn its goal of reducingthe amountof time
studentsspentper problem. We arenot arguing this is nec-
essarilythe bestpedagogicaboal, just what we asled the
agentto do.

To ensurethat studentsin eachcondition were equally
balancedwith respectto math/computeability, we exam-
ined their scoreson a Piagettest of cognitive ability and
their performanceon thefirst problemseenusingthe tutor.
The Piagettesthasbeenfound to correlatewith both with
speedand accuray of problemsolving on our tutor. Stu-
dentsin the control grouphadan averagescoreof 6.7 (out
of 10), while studentsn the experimentalgrouphadan av-
eragescoreof 6.6. This differenceis insignificant(P=0.73,
2-tailedt-test).

Another metric for ensuringstudentswere equally bal-
ancedis to examinefirst problem performance. The first
problemsstudentssee(in both groups)is very easy andal-
mostalwaysan additionof whole numbersproblem. Thus,
differencesn timearelargely afunctionof how experienced
studentsareatlearninga new interfaceaswell astheir math
ability. Studentsn the controlgrouprequired59.8seconds
to solvethefirst problem,while studentsn theexperimental
grouprequired64.3seconds.This differenceis not signifi-
cant(P , 2-tailedt-test). Thuswefeel safein assuming
the studentdn the two groupsdid not significantlydiffer in
theirincomingmathabilities.

Furtherevidenceof ADVISOR’s ability to adaptinstruc-
tion canbe seenin Table1. Studentsin the experimen-
tal group solved whole (P 0.001) and fraction problems
(P 0.02) significantly fasterthan studentsin the control
group.Prefractionproblemsarerelatively homogeneouso
it is difficult to improve speedmuchon these. Studentsn
the experimentalgroupsaw relatively fewer whole number
but more prefractionand fraction problems. Experimental

| | Control | Experimental]

Whole Pergentage 73.6% 60.0%
Time 43.4sec 28.1sec
Prefract Pergentage 19.3% 27.3%
Time 22.7sec 21.7sec
Fraction Pergentage 7.2% 12.7%
Time 44.5sec 38.5sec

Table1: Summaryof performancey topic area.

group studentssav more fractions problems,even though
suchproblemstake more time on average,becauseof the
restrictionAnimalWatch placedon topic selection.Experi-
mentalgroup studentdfinishedthe whole numberand pre-
fractiontopicsrelatively quickly, sowereforcedto work on
fractionproblems(asthesewerethe only “ready” topics).

Particularly impressie is that experimentalgroup stu-
dentswerefasteratsolvingfractionproblemsn spiteof hav-
ing asignificantlylower Piagetscore.Studentsn thecontrol
groupwhogotto fraction problemsaverageda Piagetscore
of 7.9, while studentsin the experimentalgroup averaged
7.3; this differenceis significantat P  0.001. Thus,in spite
of beinglessrestrictve aboutwhich studentssaw fraction
(i.e. difficult) problems,the experimentalgroup was still
ableto getthroughsuchproblemsmorequickly.

Conclusions

We have constructe@nintelligenttutorthatmalesits teach-
ing decisionausinga novel Al architectureThe ADVISOR
architecturefirst learnsa model of how the populationof
studentgperformsusingthe tutor. Thenthis modelis used
totrainanRL agentthatis responsibldor attaininga prede-
finedteachinggoal. Dueto the staterepresentatiome have
chosenit is possibleto trainthe RL agentwith dataobtained
from atutor thatusesa differentteachingstratey. It is also
possibleto generalizdearnedpoliciesacrosdifferentpop-
ulations,as our agentswere trainedwith rural fourth- and
fifth-gradersbut weretestedwith urbansixth graders.

We have evaluatedeachcomponenbf our architecturen
isolationandfoundperformanceo beacceptableOur eval-
uationstudyof the entirearchitecturewith studentshoved
that it learneda teachingpolicy that resultedin students
correctlyansweringquestionsn a reducedamountof time
(comparedo the traditionaltutor). This providesevidence
thatit haslearnedo optimizeits teachingto meetthe speci-
fiedgoal. For ourfirst experimentsvith ADVISOR we used
a fairly straightforvard goal. Allowing for more general
teachinggoalsis partof our futurework.

This combinationof the PSM andPA is usedby ADVI-
SORto make all of its teachingdecisions.This is adwvanta-
geoussinceaswe make progressatimproving theseagents,
all of the tutor's teachingbecomesmore accurateand/or
moreadaptie. Althoughtheseagentdave beenconstructed
andevaluatedwithin the context of AnimalWatch,the gen-
eralarchitectureshouldapplyto otherintelligenttutors.

Data-driventechniquedor tutor constructionarebecom-
ing morefeasible. Tenyearsago, the ideaof 11,000train-



ing instancesndevaluationstudieswith 100studentsvould

have beenunrealistic. As studiesbecomelarger, it be-
comedessnecessaryo rely on pedagogicatheoryto guide
decision-makingand more possibleto directly construct
modelsfrom statisticalpatternsin the data. Suchmodels
appeatto generalizeacrosgpopulationsasthe PSMandPA

wereconstructedvith adifferentpopulationof studentghan
thosewho usedthefinal ML tutor.

Future work

Our future goalsincludeimproving the performanceof the
PSMandPA. The PSMis accurateat predictingtime, and
someavhat accurateat predictingthe correctnes®f student
responses. A more sophisticatedunction approximation
techniquesuchasneuralnetworks,couldresultin increased
accurag. This stratgy alsoappliesto the PA, which could
benefitfrom amoregeneralearningscheme.

We arealsoinvestigatingmproving performancevia on-
line, real-time learning. This would enhancethe tutor’s
adaptvity. The tutor recordshow studentsperform when
using the tutor-in fact it savesthe samestateinformation
thatwasusedto generatehe PSM.However, the PSMis not
beingupdatedonline. Whatis neededs somemeansof in-
tegratingthe currentstudents actionswith the PSM, while
giving theseactionshigherweight (otherwisethethousands
of datapointfrom the populationwill swampary informa-
tion abouttheindividual student).

Evenif the PSM can be updatedonline, it is necessary
to modify the pedagogicahgents teachingpolicy to reflect
this. This is the technically more challengingtask. Re-
inforcementlearningtakes mary CPU cyclesto corverge.
Giventhatwe arerunningon fairly typical classroontom-
puters,valid questionsarehow muchlearningcanwe hope
to achiesein ashortamountof time, andhow canwe ensure
theonlinelearningdoesnotinterferewith theresponsgime
of the tutor. Prior researchhas shovn benefitsto adding
information from individual studentsto population mod-
els(Beck& Woolf 1998). However, we have not yet found
methodsfor updatingthe teachingpolicy while the student
is usingthetutor.

ADVISOR adaptedits teachingto fit a (relatively)
straightforvard goal: “minimize the amountof time stu-
dentsspendon a problem” More complicatedgoalswould
bothbeatoughertestof thearchitecturebut morepedagog-
ically useful. For instancea systemthatrecevesits high-
estreward for studentstaking 30 to 45 secondsper prob-
lem would probablydo a betterjob at keepingthe problems
“hard enough™for students.However, suchgoalsaremore
difficult to learn,but shouldnot requiremajoradjustmento
our architecture We hopeto achieve this by scalingup the
pedagogicahgentwith more complicatedearningmecha-
nismsfor our PSMandPA.

A more ambitiousplan is to allow largerscaleteaching
goalsto be provided to the PA. Currently goals mustbe
phrasednaperproblemlevel. Ideally, it would bepossible
to provide goalssuchas,“Have the studentsnastemprefrac-
tions materialas quickly as possibl€. This is beyond the
scopeof our simulationusedto trainthePSMandPA. Scal-

ing upthis simulationto work acrossnultiple problemsand
allowing rewardto be (very) delayeds a challengingtask.
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