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Abstract. Wediscusdssueghatarisewhenapplyingtechniguegor thelearning
of Bayesiametworks in the usermodelingcontext. We addresghe problemof
sparsedatathatis often presentin usermodelingandshav how we try to cope
with it by introducingavailablea-priori knowvledgeinto thelearningprocedures.
Particularly we presentinitial resultsconcerningthe learningof the structural
partof a Bayesiametwork usermodel.

1 Intr oduction and Background

In this paper we discussissuesthat appearto be especiallyimportantwhenapplying
techniquedor thelearningof Bayesiametworks (BNs) in the usermodelingcontext.
Someof theseissuesalso arisewhen other machinelearningmethodsare appliedto
usermodeling.For concretenessye useasanexamplethe procedureof learninga BN
that relatesfeaturesof speecho mentalstatesof the user(e.g., his working memory
load).In Muller, GroBmann-HuttedamesonRummerandWittig (2001)a similar BN
is used.The presentpapercanbe viewed asa descriptionof stepsin the development
of amethodologyfor deriving suchBNsin anempiricalbasedmanner with focuson
thestructurallearningpart.

Beforepresentingspecificresults,we will discussmore generallysomeaspectof
applyingmachindearningmethodsn theusermodelingcontext. Beyondothers,n our
researctefforts on learningusermodelswe have identifiedand addresghe following
problems:

— Howcanwelearnaccurateusermodelsvhendatais sparse?Often, thereareonly
afew interactionsbetweena userandthe useradaptve system.Sometimes user
interactsonly asingletime with, e.g.,anadaptie helpsystento recommendhings
he might wantto buy. A more generalproblemoccursin every adaptve system:
How shouldthe systeminteractwith a new user?ln somedomainsthis problem
canbereducedby usingdatafrom morethanjust a singleuserto learna general
usermodelby, e.g.,collaborativefiltering methodghatcould useall dataavailable
from all userssofarto make usefulrecommendationfor new users.

* Theresearchdescribedvas supportedoy the GermanScienceFoundation(DFG) in its Col-
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shde/sfb378/)SFB378, ProjectB2 (READY, http://w5.cs.uni-slle~-ready).



— How can we deal with potentially large differencesbetweenndividual uses? A
useradaptve systemis typically designedo optimally adaptto anindividual user
If largedatasetsonsistingof mary users’datacanbeusedto build theusermodel,
how canwe take into accountargeindividual differencesegardingtheir behaior,
intentions preferencegtc.?

— How canwe ensue that the learnedusermodelsremaininterpretable?Thereare
mainly two reasonsvhy usermodelsshouldbe interpretable(a) an interpretable
modelmakesthe knowledgeengineeringaskof building the modelfar moreeas-
ier. The system$ designeror her domainexpertscan inspectthe learnedmodel
and localize potentialweaknessedt is then possibleto modify the modelin an
improve-and-testycle until the quality demandsaremet. And, (b) theacceptance
of auseradaptve systemincreased it canexplaintheway it derivesits resultsin
acomprehensiblenannetto its users.

— Howcanwepreventlearnedmodeldromoverfittingthedata?Thisis awell-known
problemin mary machindearningsettingslt is equallyimportantin theusermod-
eling context. Herewe have to avoid a specializatiorof theinducedmodelto spe-
cific aspectsof the users’behaior or — whenlearningfor usersin general- to
particularusers.Oftenit is not possibleto acquiredataon a sufficient numberof
usergo coverall relevantusercommunities- partsof theuserpopulationthatshare
mary commonaspectselevantfor the model— andthusthe systemmay perform
worseif it encounters userthatdoesnot belongto arny usergroupthathasbeen
coveredby thelearningdata.

Ourgenerahpproachs basedntheassumptionhatthe exploitationof availablea-
priori knowledgecanprovide significantcontributionsto solutionsfor theseproblems.
Usually, thereis muchprior knowledgeavailablein theusermodelingcontext, beit part
of commonknowledgeor derived from psychologicaktudies We developedmethods
to integratethis kind of informationinto existing learningalgorithms.In all efforts we
emphasizéhe needof keepingtheusermodelsinterpretable.

The paperis structuredasfollows: In Section2 we describeour exampledomain,
in Section3 we briefly review Bayesiametworks andhow to learnthemfollowed by
a discussionof how to exploit and integrate available a-priori knowledgeinto these
learning proceduresSection5 describesand discusseghe resultsof an explorative
studyon learningBN structuresfor usermodeling. The paperis concludedby some
remarksonthework presentedhere.

2 Example Domain

We now briefly introduceoneof the psychologicakxperiments thatwe performedto
acquiredatafor thetypeof analysispresentedhere.For amoredetaileddescriptiorand
discussiorof thetraditionalpsychologicahnalysisandresults we referto Muller etal.
(2001).

! Theexperimentwasdesignedimplementedperformedandanalyzedvith contritutionsby (in
alphabeticabrder) Sylvia Bach, BarbaraGro3mann-HutterAnthory JamesonTore Knabe,
ChristianMuller andRalf Rummer



The experimentalervironmentsimulatedon a computenworkstationa situationin
which a useris navigating througha crowdedairport terminalwhile askingquestions
to a mobile assistanceystemvia speechln eachtrial, a pictureappearedn a corner
of the screenandthe subjectwasto introduceandaska questionrelatedto the picture
(e.g.,"I'm gettingthirsty. Will it be possibleto getabeeronthe plane?”).

Two independentariablesveremanipulatedrthogonally:

— TIME PRESSURE?(2)?: Whetherthe subjectwasinstructed(a) to finish eachutter
anceasquickly aspossibleor (b) to createan especiallyclearandcomprehensible
utterancewithout regardto time.

— SECONDARY TASK?(2): Whetheror not the subjectwas requiredto “navigate”
throughthe terminal depictedon the screenby pressingarrov keys in orderto
move the cursoron the screenavoiding obstaclesn the process.

Additionly, we had a third independentariablethat we did not manipulateex-
plicitely duringthe experimentthevariablePICTURE DIFFICULTY(2) thatcategorized
thepresentegbicturesaccordingo their“complexity” to producearelatedquestionlts
valuesweredeterminedn the basisof judgmentsof four experts.

In eachof the 4 (2 x 2) conditions,eachof the subjectsproduced20 utterances.
Therearetherefore80 “obsenations”of eachsubject.

The subjects’speechinput was later semi-automaticallycodedwith respectto a
wide rangeof featuresjncluding pauseslength,quality of content,andvarioustypes
of disflueng. For the presentstudy of learningmethodswe selecteda representatie
subseDf six speech-relatedariableswhich we call symptoms

— QUALITY SYMPTOM?(2): This binaryvariablehasthe value“true” whenary one
of four typesof disflueny waspresenin anutterance.

— NUMBER OF SYLLABLES(3): Thenumberof syllablesin theutterance.

— SILENT Pauses?(2): Thisbinaryvariablerepresentthepresence/absenoésilent
pausesn theutterance.

— FILLED Pauses?(2): The correspondingariablefor filled pausege.g.,“Uhh”)

— ARTICULATION RATE(3): Thenumberof syllablesarticulatedpersecondf speak-
ing time, notincludingsilentpauses.

— CONTENT QUALITY(4): The averagequality rank — betweenl (worst) and 32
(best)— assignedo theutteranceby four raters.

Onthewhole,thetraditionalanalysisof the datafrom this experimentrevealsmary
statisticallysignificanteffects(seeMilller et al., 2001)of theindependentariableson
featuresof speechinput. Someof theseeffects, however, are rathersubtleand com-
plex (i.e.,involving statisticalinteractions)sothatit is notatrivial taskto constructan
adequateisermodel.

The practicalrelevanceof this experimentlies mainly in the prospecthata mobile
assistancesystemcould interpretthe featuresof a users speechto make inferences
abouthis currentpsychologicaktate In addition,therearesituationsn whichit canbe
usefulfor the systemto be ableto predictparticularfeaturesof the users speechn a

2 Thenumbersn parentheselsehindthe variablesrepresenthe numberof the variables’states
afterdiscretizatiorfor theirusagan the BN presentedn the next section.



givensituation—for example soasto determinewvhetherto requestnputvia speector
via anothemodality.

3 Learning BayesianNetworks

In this sectionwe briefly review existing BN learningalgorithmsthatwe usedasstart-
ing pointsfor our researclon learningBNs for usermodeling.

A Bayesiametworkrepresents joint probability distribution over discreterandom
variableslt consistf (a) adirectedagyclic graph(DAG) thatrepresentprobabilistic
independenceelationsbetweenthesevariablesand (b) conditional probability tables
(CPTs)associateavith eachvariablethat encodethe conditionalprobability distribu-
tion of avariables valuesconditionedonits parentsivalues.

In additionto its ability to make inferencesn domainsunderuncertaintyanaspect
of the BN framework that makes BNs quite appealingfor usermodelingis that the
links in the DAG arecommonlyinterpretedascausainfluencesdbetweertheassociated
variables.Therefore,BNs are a tool that enableus to build quite easily interpretable
usermodels.In principle,evenuserswithout scientificbackgrounccanunderstandhow
variablesinfluenceothersin the network throughthe causainterpretatiorof thelinks®.

Time Pressure?

Actual WM Load

Secondary Task? Picture Difficulty

Rel. Speed of Spe

Number of Syllable Quality Symptom? Articulation Rate Silent Pauses?
Syl Base Rate QS Base Rate AR Base Rate SP Base Rate

Fig. 1. Bayesiametwork for the experimentof Section2

Content Quality
CQ Base Rate

Filled Pauses?
FP Base Rate

Figurel shavs a BN thatrepresents usermodelfor the experimentdescribedn
Section2. Onthetoprow therearetheindependentariableshathave causainfluences
on the two variablesAcTUAL WORKING MEMORY LOAD(3) and RELATIVE SPEED
OF SPEECH GENERATION(3). The link betweenthesetwo variablesis basedon the
assumptiornthatareductionregardingthe speedf speeclgeneratiorreducegheusers
actualworking memoryload. Eachsymptomvariableis relatedto oneof thetwo inner
variablesandabaseratevariable* thatrepresenta users generatendeng with regard

3 This statemenappliesaslong asthe networks do not becomeoverly comples. Theneven ex-
periencedlevelopersof BN technologymayloseinsightin how differentpartsof thenetworks
influenceothers.

4 All baseratevariablesarebinaryvariablesmodelingthe stateshigh’ and’low’, respectiely.



to thevalueof this particularvariable,e.g.if heis apersonwho normally speakgjuite
fast,yieldingahigh averagevaluefor thevariableARTICULATION RATE, thenthisfact
is modeledby a high valueof the correspondindpaseratevariableAR BASE RATE.

To learna BN we have to considertwo particularlearningtasksthatinfluenceeach
other:(a) learningthe valuesof the CPTsand (b) learningthe structure(the DAG) of
the BN.

AssumingagivenBN structurethe problemof learninga BN is reducedo thetask
of learningthe conditionalprobabilitiesin the CPTs.If thereareno missingdatathen
learningcanbe donein a straightforward manneron the basisof relative frequencies
whichyield maximumlik elihoodestimate®f theCPTentriegseeg.g.,Buntine,1996).
In the caseof missingvaluesor, evenworse,hiddenvariables- variableswhosevalues
are never obsenred in the data— more sophisticatedearningtechniqueshave to be
applied. The two mostfrequently usedare the gradient-baseddaptiveprobabilistic
networks(APN) methoddevelopedby Binder, Koller, Russell,and Kanazava (1997)
andthe ExpectationrMaximization(EM) algorithm(DempsterLaird, & Rubin,1977).
Both methodsuseasquality measurevhichthey try to optimizethelikelihood P(D|@)
of thedata D regardingthe BN underconsiderationwhich is — in the caseof a given
structure— uniquely characterizedy its CPT values@. In our exampledomain,the
variablesACTUAL WORKING MEMORY LOAD and RELATIVE SPEED OF SPEECH
GENERATION arehiddenvariables.

Thereexist severalmethoddor learningthestructureof BNswhendatais complete,
seee.g.Heckerman(1998).For BNswith hiddenvariablegshe SEM (structuralEM) al-
gorithmwasdevelopedby Friedman(1997).This hybrid algorithmalternatebetween
improvementsof the structure(e.g., througha greedysearchstrateyy) and improve-
mentsof the CPT values.Regardingthe latter part, both algorithms— EM and APN
— canbe used.The quality measurehatis commonlyusedby SEM is the Bayesian
InformationCiriterion (BIC) (Schwarz,1978):

log P(D|6) — %l logmn, (1)

whered representghe dimensionof the BN, i.e. roughly the overall numberof its

CPT entries,andn is the numberof casesn D. A commoninterpretationof the BIC

measurds given by its division into two parts:(a) the logarithmof the likelihood of

thedata,giventhe currentmodeland(b) atermthatpenalizesnorecomple structures
(with moreCPT entries).This quality measuras thereforewell suitedfor our context,

sincewe would like to learninterpretablemodels.Very complex modelsare rarely
interpretableones.

4 Exploiting Available Prior Knowledge

Now, we referbackto the problemsstatedn theintroductionof this paper—with focus
on the structuralpart of the learningproblem.Detaileddiscussion®n several aspects
of thelearningof a BN’s CPTsfor usermodelingcanbe foundin Wittig andJameson
(2000)andJamesorandWittig (2001).We addresgherelevantissueshy theintroduc-
tion of severaltypesof availablea-priori knowledgeinto thelearningprocedure:



— Individual differences:Thereexist atleasttwo methodg¢o modelindividual differ-
encesdetweerusers(a) throughexplicit structuralmodeling,with for examplethe
baseratevariablesncludedin our exampleBN and(b) throughthe adaptatiorof a
generalusermodellearnedoffline — on the basisof datafrom mary users- to the
individualuseratthesystemsruntime.In bothsituationsa-prioriknowledgeabout
the type of individual differencescontributesto theright choiceof which method
to apply in a given contet, see,e.g., Jamesorand Wittig (2001) for a detailed
discussion.

— Presencef hiddenvariables:An importantpointfor theconstructiorof usermod-
elsin theform of BNsis a-prioriknowledgerelatedto the presencéor absencedf
hiddenvariabledike ACTUAL WORKING MEMORY LOAD andRELATIVE SPEED
OF SPEECH GENERATION in ourexample Modelsthatincludesuchvariablesben-
efitin two differentwaysthusjustifying the learningtask’s increaseccomplexity:
(a) in mostcasesa modelwith hiddenvariableshasa simplerstructurewith fewer
links yielding oftenmary fewer CPTvaluesthatneedto belearnedand(b) hidden
variablescontrikbute to the interpretabilityof the usermodel.In Wittig and Jame-
son(2000) we presenta methodologyto solve problemsthat arisewhenlearning
interpretableBNs with hiddenvariables.

— Explicit knowledg concerningaspectsof the usermodel:In mostdomainsiit is
easierfor an expert or even the systems’developerherselfrelying on her com-
monknowledgeto specifythe structuralpart of the usermodelthanto specifythe
CPTs.Often, thereis alot of informationavailableon causarelationsbetweerthe
models’parts.As alreadymentionedthroughthe causalnterpretatiorof links, the
BN framework is well suitedfor theusermodelingcontet. Neverthelessshemodel
building processhouldbenefitfrom theapplicationof machindearningtechniques
to induce(somepartsof) thestructureof aBN representingusermodel,especially
in domainswheredifferentstructureof modelsarepossible.

In thefollowing sectionwe presentanexploratorystudyon how theintroductionof
explicit knowledgeconcerningseveral aspectof the models structureinfluencesthe
resultsof the learningprocedurelnitially, we consideredwo typesof prior structural
knowledgethat can be exploited to limit the searchspaceof potentialstructures(a)
specificatiorof aninitial BN structurefor thelearningand(b) specificatiorof structural
constraintsthat have to hold during the whole learningprocessj.e. forbiddenlinks,
links thatmustbe presenbr nodesthatarenot allowedto have ary parent.

5 Testsof Learning Methods

First,wedescribegheproceduref theexperimenthatwe conductedo studytheimpact
of thespecificatiorof structuralkconstraint®onthefinally learnedusermodels followed
by a discussionof someof the — in our opinion — mostinterestingresultsand their
implicationsfor the directionsof our futurework.

5.1 Procedureof the Tests

We performedacross-alidationtestusingthedataof the 32 subjectsn our experiment,
i.e. usingdataof 31 subjectdo learna usermodelthatwasthenscoredagainsthe data



of theremainingsubject.This wasdonefor eachof 32 possiblecombinationsstarting
with the BN structureof Figure 1 with randomlyinitialized CPTS. As learningproce-
durethe SEM algorithmwith anEM algorithmastheinner CPT learningmethod(with

20 iterations)wasused.We performedfour tests,eachwith differentsetsof structural
constraintspecifiedfor thelearningtask:

1. Nostructurakonstraintvasspecified TheSEMalgorithmwasappliedwith theBN
of Figure1 asits startingpoint. This representshe alternative with mostdegrees
of freedomfor thelearningprocedure.

2. Theindependenvariablesin our experimentwere not allowedto have arny parent
andtherehadto be alink from RELATIVE SPEED OF SPEECH GENERATION to
ACTUAL WORKING MEMORY LOAD aswell aslinks betweerthe baseratevari-
ablesandtheir correspondingymptomvariables.

3. In additionto the structuralconstraintof 2, thelearningmethodhadto includeall
links in thefinal learnedBN thatwerepresenin the oneusedasthe startingpoint
for the SEM algorithm's greedysearchprocedurgcf. Figurel).

4. No structurallearningwasallowed. Only the CPTs’ valueswerelearnedwith the
EM algorithm,usingthe structureof Figurel.

We evaluatedthe resultsof thesefour learningtasksusing the average negative
log likelihood per casemeasureWe omitted the compleity part of the whole BIC
quality measurdseeEquationl) for evaluationbecausdt is notdirectly relevantto the
predictve accurag of thelearnedBNs. It will be aninterestingissuefor furtherstudy
to relatethis partto the problemof ensuringheinterpretabilityof alearnedusermodel.

5.2 Resultsand Discussion

Learned Structur es Figure2 shaws a prototypicalstructurelearnedfor thefirst three
learningsituationson the basisof 31 subject8. Themainresultis thatin all threecases
where structurallearningwas allowed, the variablesrepresentinghe baserate vari-
ableswere strongly connectedhroughnew links introducedby the SEM algorithm.
In fact,thesewerealwaysthefirst changesnadein thelearningprocedureleadingto
the largestimprovementsof the BIC scoreduringthe early learningsteps.Traditional
statisticalanalyse®f thesevariablesconfirmedthattherearesomestrongcorrelations.
Furthermorethereis only oneprofile of baseratevaluesfor eachsubjects 80 obsera-
tions thusreducingthe amountof variationregardingthe combinationof thesevalues
andcontributing to theadditionof thesdinks duringthe earlylearningphase.

Moreover, somelinks wereremoved or reversedby the SEM algorithmin the test
settingswith fewer and no structuralconstraintg(Situations2 and 1). Particularly; it
seemgo be quite difficult for the learningalgorithmto recognizethe causalrelation-
shipsinvolving theindependentariableSECONDARY TASK ?. We alreadymaderelated
obsenationsin thework describedn Miller etal. (2001),wheretheissueis furtherdis-
cussed.

5 An analysiswith severaldifferentlyinitialized startingBNsis currentlybeingconducted.
8 This particularBN waslearnedin first specifiedsituation(no structuralconstraints)Overall,
the structureshaw little variationover the differentcombination®f learningandtestdata.
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Fig. 2. Learnedstructure(prototypicalexample)

Only afew resultscontainedinks betweerntwo symptomvariables for example,a
link from NUMBER OF SYLLABLESt0 ARTICULATION RATE.

Quality of the Learned Models The mainresultconcerninghe numericalquality of
thelearnedBNsis relatedto theobsenationmaderegardingtheinterconnecttity of the
baseratevariables Whenscoringthe (intermediately)earnedBNs againsthe dataof
the testsubject(seeFigure3)’, we canclearly distinguishbetweertwo groupswithin
the32learnedBNs: (a) onegroupconsistingof 15 BNsthatperformedwell and(b) one
consistingof 17 BNs thatperformedsignificantlyworsethanthe othergroup.

Figure 4 shaows two prototyp-
ical curvesof the courseof struc-
turallearning.Searchingor anex-
planation,we hada closerlook at
thedataandobsenedthatthe sec-
ond group of BNs relatesto sub-
jectsthatwerequite individual re-
garding the baserate values,i.e.
therewereunusualindividual val-
uesor profilesdifferentfrom those
of almostall othersubjects.Each
of thesesubjectsshaved at least
onecombinationof valuesof base
ratevariableghathadnotbeenen-
counteredwith the subjectsused

average negative log likelihood

. . . .
0 5 10 15 20
#structural changes

Fig. 3. Individual resultsof thelearnedBNs

for learning(e.g.for subject2 therewasa low proportionof silent pausesanda high
proportionof filled pauses)Consequentlythis combinationwasassigneanextremely

" The following particulargraphsare basedon the resultsof the first learningsituation. The
valuesfor the othertwo situationsarevery similar. The specificatiorof moreor lessstructural
constraintslid not have ary significantinfluenceon the presentecspect®f theresults.n all
graphsjower valuesrepresenbettervalues.



low value by the learningalgorithm,andthe fit to this subjects datawas very poor.
Looking atthedashedurve onthetop of Figure4 we canseea pointwherethe quality
breaksdown (in this particularexampleafter the fifth structuralchange).This is the
point in the learningprocedurenvhena link is addedwhoseCPT cannot be reliably
learnedwith the availablelearningdataregardingthe model’s ability to generalizeo
new users(regardingthe resultfor subject2 this wasthe casewhena link from SP
BASE RATE to FP BASE RATE wasaddecdto themodel).

Figure 5 shaws the resultsif
we partition the learnedBNs into
15 “good” and 17 “bad” ones
and evaluate them. Looking at
the curve thatrepresentshe good
BNs, we obsene a strongquality
improvementafter the first SEM
learningstepandonly quite minor
improvementsfrom then on. This
is dueto the large adjustmentof
theCPTvaluesby theinnerEM al-
gorithm during the first structural
searchstep.Later, only small ad-
justmentsof theseparametersare
madein theverysimilarstructures.
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Fig. 4. Resultsfor subject2 and3

(Remembethatsubsequerdtructuresn the learningprocedurediffer only by a single

added/remeed/reversedink.)
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Fig. 5. Goodvs. badresults

This obsenation raises the
guestion whether we can bene-
fit from learning (parts of) the
BNs structure at all. Figure 6,
where we comparethe presented
resultsto resultsfor learningthe
CPTswithoutary structurallearn-
ing allowed, indicatesthat in our
domain, structurelearningindeed
leads to a better quality of the
learnedusermodels.Thesecurves
are basedon the valuesof the 15
“good” combinationsof learning
and test datasetsonly. Since our
SEM algorithmperformed20 EM

iterationsin eachsearchstep,we runthe EM algorithmfor 420iterationsandtook the
intermediateesultsafterevery twentiethstep.



Discussionof Results The resultsof our exploratory study include every issuewe
mentionedn theintroductionof this paper
The division of the learned

usermodelsinto “good” and“bad” v ‘ ‘ ETr—

no structural learning ---x---

onesis due to overfitting in the
structurallearningcausedy large
individual differencef theusers.
Commonly a link is introduced
into the modelwhoseCPT values
cannot bereliably learnedon the
basisof the limited learning data
thatdoesnot represent adequate
sampleof the whole population.
Sincesucha situationoftenoccurs ‘ ‘ ‘ ‘
in thelearningof usermodelsit is ’ ’ rooidags “
worthwhileto usemethodgo cope
with thisproblem A possiblesolu-
tion couldbeto adapthemodelatthesystemsruntimeto theindividualuser A method
hasto befoundthatdetectghe“individuality” of the currentuserandmodifiestheuser
modelaccordingly The partsof themodelthatareresponsibldor the badperformance
have to beidentifiedandadjustedn theright way.

In our examplethedifferentsetsof structuralconstraintghatwerespecifiedbefore
learningtook placedid not yield ary significantdifferencegegardingthe accurag of
thelearnedmodels.Althoughthisis probablynot a generalizableesult,herewe could
at leastkeepthe learnedusermodelsmoreinterpretableby specifyingstructuralcon-
straintswithout losing ary quality. SeeFigure 2 for a BN learnedwithout structural
constraintsthat is indeedquite difficult to interpretfrom a theoreticalpoint of view.
The specificatiorof structuralconstraints/ieldedfar bettermodelswith regardto their
interpretability for example,in situations2 and3 it is not possiblethatthereis link be-
tweena symptomvariablelike NUMBER OF SYLLABLES andanindependentariable
like SECONDARY TASK?included.

Neverthelesswe obsenedanimprovedperformancef the modelswhenstructural
learningwas allowed in addition to the learning of the CPTs. This indicatesthat it
is worthwhile to addresghe problemsthat occurwithin structurelearningandtry to
developrelatedmethodsThatis a mainpartof our ongoingwork.

average negative log likelihood

Fig. 6. Structuralvs. no structurallearning

6 Concluding Remarks

In this paper we presentedssuesthat we think to be especiallyimportantwhen ap-
plying machinelearningtechniquedor usermodelingwith Bayesiannetworks. As a
concreteexamplescenariowe useddatathat we acquiredby a psychologicalexperi-
mentfor thelearningof a usermodel.We focusedon the structuralpartof thelearning
problemandshovedthattheseproblemsindeedplay arole in this setting.

Our work in progressncludesthe developmentof methodsto copewith theseis-
sueshasedon methodghat we developedfor the learningof the CPTs’ valuesof BN



usermodels.As we have donethere,we try to achieve this goal throughthe exploita-
tion of availablebackgrounknowledgethatgoesbeyondthespecificatiorof structural
constraintdik e thosewe initially studiedin this paper
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