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Abstract

Recommendersystems leverage product and
community information to target products to
consumers. Researcherhiave developed col-
laboratve recommenders;ontent-basedecom-
menders,and a few hybrid systems. We pro-
posea unified probabilisticframeawork for meig-
ing collaboratve and content-basedecommen-
dations. We extend Hofmanns (1999) aspect
model to incorporatethree-vay co-occurrence
dataamongusers,items,anditem content. The
relative influence of collaborationdata versus
contentdatais notimposedasan exogenouga-
rametey but ratheremegesnaturally from the
given datasources.However, global probabilis-
tic modelscoupledwith standardEM learningal-
gorithmstendto drasticallyoverfitin the sparse-
datasituationstypical of recommendatioappli-
cations. We shav that secondarycontentin-
formation can often be usedto overcomespar
sity. Experimenton datafrom the Researchin-
dex library of ComputerSciencepublications
shav that appropriatemixture modelsincorpo-
ratingsecondarylataproducesignificantlybetter
quality recommenderghan k-nearesineighbors
(k-NN). Global probabilisticmodelsalso allow
moregeneralinferenceghanlocal methoddike
k-NN.

1 INTRODUCTION

The Internetofferstremendouspportunitiesfor massper
sonalizationof commercialtransactions.Web businesses
ideally strivefor globalreachwhile maintaininghefeel of
a neighborhoodshopwherethe customersknow the own-
ers, and the ownersare familiar with the customersand
their specificneeds. To shav a personalfaceon a mas-
sive scale,businessesnustturn to automatedechniques
like so-calledrecommendesystemyResnick& Varian,
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1997). Thesesystemssuggesproductsof interestto con-
sumerdasedntheir explicit andimplicit preferenceghe
preference®f otherconsumersand consumerand prod-
uct attributes. For example,a movie recommendemight
combineexplicit ratingsdata(e.g., Bob ratesX-mena 7
out of 10), implicit data(e.g.,Mary purchasedannibal),
userdemographiénformation(e.g.,Mary is female),and
movie contentinformation(e.g.,MysteryMenis acomedy)
to make recommendation® specificusers.

Traditionally, recommendesystemshave fallen into two
main categories. Collaborative filtering methodsutilize
explicit or implicit ratings from mary usersto recom-
menditemsto a given user(Breeseet al., 1998; Resnick
etal., 1994; Shardanan& Maes,1995). Content-based
or information filtering methodsmake recommendations
by matchinga users query or otheruserinformation, to
descriptve productinformation (Mooney & Roy, 2000;
Salton& McGill, 1983). Purecollaboratve systemgend
to fail whenlittle is known abouta user or whenheor she
hasuncommorinterests Onthe otherhand,content-based
systemscannotaccountfor communityendorsementdpr
example aninformationfilter mightrecommend heMex-
ican to a userwho likesBrad Pitt and Julia Roberts even
thoughmary like-mindedusersstrongly dislike the film.
Severalresearcherare exploring hybrid collaboratve and
content-basedecommenders smoothout the disadwan-
tagesof each(Basuet al., 1998; Claypool et al., 1999;
Goodetal.,1999).

In this paper we proposea generatie probabilisticmodel
for combiningcollaboratve andcontent-basetcecommen-
dationsin a normatve manner The modelbuilds on previ-
oustwo-way co-occurrencenodelsfor informationfilter-
ing (Hofmann,1999)andcollaboratve filtering (Hofmann
& Puzicha,1999). Our modelincorporateghree-vay co-
occurrencalataby presuminghatusersareinterestedn a
setof latenttopicswhichin turn“generate™othitemsand
item contentinformation. Model parametersre learned
usingexpectationmaximization[EM), sotherelative con-
tributions of collaboratve and content-basedataare de-
terminedin a soundstatisticalmanner Whendatais ex-



tremely sparse,asis typically the casefor collaboration
data,EM cansuffer from overfitting. In Sections4 and5,
we presentwo techniquego effectively increaseghe den-
sity of thedataby exploiting secondarglata. Thefirst uses
a similarity measureo fill in the useritem co-occurrence
matrix by inferringwhichitemsusersarelik ely to have ac-
cesseavithoutthesystemsknowledge.Theseconctreates
an implicit usercontentco-occurrencenatrix by treating
eachusersaccesso anitemasif it weremary accesse®
all of the piecesof contentin theitem’s descriptve infor-
mation. We evaluatethesemodelsin the context of a doc-
umentrecommendatiosystem.Specifically we train and
testthemodelsondatafrom Researchinde! anonlinedig-
ital library of ComputerSciencepapers(Lawrenceet al.,
1999; Bollacker et al., 2000). Section6 presentempiri-
calresultsandevaluations.In Section6.2, we demonstrate
the potentialineffectivenessof EM in sparse-dataitua-
tions,usingbothResearchindedataandsyntheticdata.In
Section6.3, we shawv thatboth of our density-augmenting
methodsare effective at reducingoverfitting and improv-
ing predictve accurag. Our modelsyield moreaccurate
recommendationthanthe commonly-emplgedk-nearest
neighborgk-NN) algorithm.Moreover, our globalmodels
canproducepredictiongor ary useritem pair, whereado-
cal methoddike £-NN aresimply incapableof producing
meaningfulrecommendationfor mary useritem combi-
nations.

2 BACKGROUND AND RELATED
WORK

A variety of collaboratve filtering algorithmshave been
designedand deployed.  The Tapestrysystemrelied on
eachuserto identify like-mindedusersmanually (Gold-
bem et al., 1992). GroupLens(Resnicket al., 1994) and
Ringo (Shardanan& Maes, 1995), developedindepen-
dently, were the first to automateprediction. Typical al-
gorithms computesimilarity scoresbetweenall pairs of
userspredictionsfor agivenuseraregeneratedby weight-
ing otherusers'ratingsproportionallyto their similarity to
thegivenuser A varietyof similarity metricsarepossible,
including correlation(Resnicket al., 1994),mean-squared
difference(Shardanané& Maes, 1995), vector similarity
(Breeseet al., 1998), or probability that usersare of the
sametype (Pennocket al., 2000b). Otheralgorithmscon-
structa modelof underlyinguserpreferencesrom which
predictionsare inferred. Examplesinclude Bayesiannet-
work models(Breeseet al., 1998), dependeng network
models(Heckermanet al., 2000), clusteringmodels(Un-
gar& Foster 1998),andmodelsof how peoplerateitems
(Pennocket al., 2000b). Collaboratve filtering hasalso
beencastasamachindearningproblem(Basuetal., 1998;
Billsus & Pazzani,1998; Nakamura& Abe, 1998)andas
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a list-ranking problem(Cohenet al., 1999; Freundet al.,
1998;Pennocket al., 2000a). SingularValue Decomposi-
tion (SVD)wasusedo improve scalabilityof collaborative
filtering systemdy dimensionalityeduction(Sarwaretal.,
2000).

Pureinformationfiltering systemsiseonly contento make
recommendations.For example, searchenginesrecom-
mendweb pageswith contentsimilar to (e.g.,containing)
userqueriegSalton& McGill, 1983).In contrasto collab-
oratve methods,content-base@dystemscan even recom-
mendnew (previously unaccessedjemsto userswithout
ary historyin the system.Mooney & Roy (2000)develop
a content-basebook recommendeusinginformationex-
tractionand machinelearningtechniquedor text cateyo-
rization.

Severalauthorssuggestmethodsor combiningcollabora-
tive filtering with informationfiltering. Basuetal. (1998)
presenthybridcollaboratveandcontent-basedhovie rec-
ommenderCollaboratve featurege.g.,BobandMary like
Titanic) are encodedas set-\aluedattributes. Thesefea-
turesarecombinedwith moretypical contenffeatureqe.g.,
Trafficis ratedR) to inductively learnabinaryclassifiethat
separatetiked anddisliked movies. Also in a movie rec-
ommendexdomain,Goodetal. (1999)suggesusingcon-
tent basedsoftware agentsto automaticallygeneraterat-
ingsto reducedatasparsity Claypooletal. (1999)employ

separateollaboratie andcontent-basedecommenderm

an online newspaperdomain, combiningthe two predic-
tions using an adaptve weightedaverage: asthe number
of usersaccessingnitem increasesthe weightof the col-

laboratve componenttendsto increase. Web hyperlinks
and documentcitationscan be thoughtof asimplicit en-
dorsementsr ratings.CohnandHofmann(2001)combine
documentontentinformationwith this type of connectv-

ity informationto identify principletopicsandauthoritative
documentsn acollection.

Recommendesystemstechnologyis in current use in
mary Internetcommerceapplications. For example, the
Universityof Minnesotas GroupLensandMovieLens re-
searctprojectsspavnedNet Perceptions,a successfuln-
ternetstartupofferingpersonalizatiomandrecommendation
services Alexa® is awebbrowserplug-inthatrecommends
relatedlinks basedin part on other peoples web surfing
habits.A growing numberof companies,including Ama-
zon.com,CDNow.com,andLevis.com,employ or provide
recommendesystemsolutions(Schaferetal., 1999).Rec-
ommendationtools originally developedat Microsoft Re-
searcharenow includedwith the Commerceedition of Mi-
crosofts SiteSerer,® andare currentlyin useat multiple

2http://movielens.umn.edu/
3http://www.netperceptions.com/
“http://www.alexa.com/
Shttp://www.cis.upenn.edu/"ungar/CF/
Shttp://www.microsoft.com/siteserver



sites.

3 THREE-WAY ASPECT MODEL

Hofmann(1999)proposeanaspecimodel—a latentclass
statisticalmixture model—forassociatingvord-document
co-occurrencelatawith a setof latentvariables Hofmann
and Puzicha(1999) apply the aspectmodelto useritem
co-occurrencelatafor collaboratve filtering. In the con-
text of a documentrecommendesystemusersu € U =
{u1,uz,...,uyn}, togethemith thedocumentshey access
d € D = {dy,...,dp}, form obsenations(u, d), which
are associatedvith one of the latentvariablesz € Z =
{#1,...,zx}. Conceptually the latent variablesare top-
ics. Userschooseamongtopicsaccordingo theirinterests;
topicvariablesin turn“generate’documentslUsersareas-
sumedindependenbf documentsgiven the topics. The
joint probability distribution over users,topics, and doc-
umentsis Pr(u) Pr(z|u) Pr(d|z). An equivalentspecifica-
tion of thejoint distributionthattreatsusersanddocuments
symmetricallyis Pr(z) Pr(u|z) Pr(d|z). Thejoint distri-
bution overjustusersanddocumentss

ZPr

Model parametersare learnedusing EM (or variants)to
find a local maximumof thelog-likelihoodof thetraining
data.After themodelis learneddocumentzanbe ranked
for a givenuseraccordingto Pr(d|u) o« Pr(u,d); thatis,
accordingto how likely it is that the userwill accesgshe
correspondinglocument. Documentswith high Pr(d|u)
thatthe userhasnot yet seenaregoodcandidategor rec-
ommendationNote thatthe aspecimodelallows multiple
topicsper user unlike mostclusteringalgorithmsthat as-
signeachuserto a singleclass.

) Pr(u|z) Pr(d|z).

This modelis a pure collaboratve filtering model; docu-
ment contentis not taken into account. We proposean
extensionof the aspectmodel to include three-vay co-
occurrencedataamongusers,documentsand document
content. An obsenationis atriple (u,d,w) correspond-
ing to aneventof a useru accessinglocument contain-
ing word w. Conceptuallyuserschoose(latent)topics z,
which in turn generateboth documentsand their content
words.Users documentsandwordsareassumedhdepen-
dent,giventhetopics. An asymmetricspecificatiorof the
joint distribution correspondingo this conceptualview-
pointis Pr(u) Pr(z|u) Pr(d|z) Pr(w|z). Figurel depicts
this modelasa Bayesiametwork. An equivalentsymmet-
ric specification(obtainedby reversingthe arc from users
to topics)is Pr(z) Pr(u|z) Pr(d|z) Pr(w|z). Marginaliz-
ing out z, we obtain

ZPr

r(u, d, w) ) Pr(u|z) Pr(d|z) Pr(w|z).

P(d|2)

Figure 1: Graphical representatiorof the three-vay aspect
model.

Let n(u,d, w) bethe numberof timesuseru “saw” word
w in documend. Thatis, n(u,d, w) = n(u,d) x n(d,w),
wheren(u, d) isthenumberof timesuseru accessedocu-
mentd, andn(d, w) is the numberof timesword w occurs
in documentd. Given training dataof this form, the log
likelihood L of thedatais

L= Z n(u,d,w)log Pr(u, d,w).

u,d,w

ThecorrespondindgM algorithmis:

E step:
Pr(zlu,d, w) = ZZ,P ;Sifl)agf(ljﬁzlfa)ﬁl(a5;(131'&zf)
M step:
Pr(ulz) Zn(u,d,w)Pr(zm,d,w)
dyw
Pr(d|z) « Zn(u,d,w)Pr(zm,d,w)
Pr(w|z) o gn(u,d,w)Pr(zm,d,w)
u,d
Pr(z) o Z n(u,d, w) Pr(z|u, d, w)
w,d,w

The E and M stepsare repeatedalternatelyuntil a local
maximumof thelog-likelihoodis reached.

As in the two-way model,Pr(d|u) « }°, Pr(u,d,w) is
usedto recommendaiocumentgo users.Both contentand
collaborationdata can influencerecommendations.The
relative weightof eachtype of datadependn the nature
of thegivendata;EM automaticallyexploits whateser data
sources mostinformative.

Hofmann(1999)proposes variantof EM calledtempeed
EM (TEM) to help avoid overfitting andimprove general-



ization. TEM makesuseof aninversecomputationatem-
perature3. EM is modifiedby raisingthe conditionalsin
theright-handside of the E stepequationto the power 3.
TEM startswith 8 = 1, anddecreases with theraten < 1
usingg = B x n, whentheperformancen a held-outpor-
tion of thetrainingsetdeteriorates.

In Section6.2, we seethat even TEM fails to generalize
whendatais extremelysparseln thenext two sectionswe
proposdwo methodghateffectively increasedatadensity
therebyimproving learningperformance.

4 SIMILARITY -BASED DATA
SMOOTHING

Oneapproacho overcomingthe overfitting problemwith
sparsalatais to usethesimilarity betweeritemsto smooth
the co-occurrencelatamatrix. The co-occurrencenatrix
containgntegerentrieghatarethenumberof timesthecor-
respondingow andcolumnitemsco-occuiin theobsered
dataset. Similarity betweenitemsin the databaseanbe
usedto fill somezerosin the co-occurrencalatamatrix,
thusreducingsparsityand helpingto addressoverfitting.
Considemuseru who hasaccessedocumentl; once,and
assumethereexists a documentd; that hasnot beenac-
cessedy u, andthatdocumentsl; andd; arevery similar
in content(e.g.,they sharemary wordsin common).Con-
sidera similarity metric which yields sim(d;,d;) = 0.7.
Informally, we maybelieve thatthereis a 70% chancethat
useru actuallyhasseendocumenti;, eventhoughthesys-
temdoesnot know it. Usingthis reasoningye proposeto
preprocessheinitial co-occurrenceatamatrix, by filling
in someof the zeroswith the aggreyatesimilarity between
the correspondinglocumentandthe documentglefinitely
seenby useru. The co-occurrencenatrix will no longer
be integer valued, but may also containsimilarity values
which rangebetween0 and1. The EM algorithmusedin
theoriginal aspectmodelalsoconvergesin this situation.

The mostfrequentlyusedsimilarity measuran informa-
tion retrieval is vectorspacecosinesimilarity (Salton&
McGill, 1983).Eachdocuments viewedasavectorwhose
dimensionscorrespondto words in the vocahulary; the
componenmagnitudearethetf-idf weightsof thewords.
Tf-idf is the productof termfrequeng ¢ f (w, d)—thenum-
berof timeswordw occursin thecorrespondinglocument
d—andinversedocumenfrequeny

D]
df (w)’
where|D| is the numberof documentsn a collectionand

df (w) is thenumberof documentsn whichword w occurs
atleastonce.Thesimilarity betweeniwo documentss then

idf (w) = log

d; - d;

im(ds, dy) = —S- S
sim(di i) = [y

whered; andd; arevectorswith tf-idf coordinatesasde-
scribedabove.

In our setting,the userdocumentco-occurrencelatama-
trix is smoothedy replacingzeroentrieswith averagesim-
ilarities above a certainthresholdoetweerthe correspond-
ing documentindall documentshattheuserhasaccessed.
This effectively increaseghe density(i.e., the fraction of
non-zeroentries)in the matrix. Figure2 shavs how the
densityof the Researchindedata(describedn detail in
Section6.1) changesiependingn the similarity threshold
usedin smoothing.

threshold

Figure2: Densityof thedataagainsthesimilarity thresholdused
in smoothing.

5 IMPLICIT USER-WORDSASPECT
MODEL

As anothemethodto overcomeoverfitting dueto sparsity
we proposea modelwherethe co-occurrencelatapoints
represeneventscorrespondingo userslooking at words
in a particulardocument. The conceptof a documentis
removedto createobsenations(u,w). Sparsityis drasti-
cally reduceecauselocumentgontainmary words,and
mary wordsarecontainedn multiple documents.

In this case,the aspectmodel producesestimatef con-
ditional probabilitiesPr(u|z) andPr(w|z), aswell asthe
latentclassvariablepriors Pr(z), allowing usto compute

Pr(u,w) = Z Pr(z) Pr(ulz) Pr(w|z).

But we are still interestedin estimating probabilities
Pr(d|u) to producerecommendationsf the papersthat
have the highestscoreson the Pr(d|u) scalefor a given
useru. By assumingonditionalindependencef wordsin
a documentwe canovercomethis problemby treatinga
documentsabagof words:the probabilityof adocument
is the productof the probabilitiesof the wordsit contains,
adjustedor differentdocumentengthswith thegeometric



mean:
1/1d|

Pr(d|u) (H Pr(w;|u)) ,

wherew; arewordsin d and|d| is thelengthof d. Con-
ditional probabilities Pr(w;|u) follow directly from the
model:

_ Pr(u,w)
Priwd) = = e, w)

Inclusion of words through documents,and eliminating

document$rom directparticipationn modeling,increased
thedensityof our dataset{describedelow) from 0.38%to

almost9%.

6 RESULTS AND EVALUATION

Section 6.1 describesthe Researchinde data. In Sec-
tion 6.2, we examineunderwhat conditionslearningoc-
cursatall, by measuringheincreasen thelog-likelihood
of testdataas EM proceeds. We find that if datais too
sparseneitherEM nor TEM succeeddn significantlyin-
creasingthe testdatalog-likelihood over a randominitial
guessln Section6.3,we evaluatetherecommendationsf
our density-augmentechodels accordingo Breeseetal.s
(1998)rankscoringmetric.

6.1 RESEARCHINDEX DATA

The datafor our experimentswastakenfrom Researchin-
dex (formerly CiteSeer), the largest freely available
databaseof scientific literature (Lawrence et al., 1999;
Bollacker et al., 2000). Researchindecatalogsscientific
publicationsavailable on the web in PostScriptand PDF
formats. The full-text of documentsaswell as the cita-
tions madein themareindexed. Researchindesupports
keyword-basedetrieval andbrowsing of the databasefor
exampleby following thelinks betweerpaperdormedby
citations. Documentdetail pageaccessnformation was
obtainedor July to November2000(multiple accesseby
thesameuserwereincluded).Heuristicswvereusedto filter
outrobots.Wordsfrom thefirst 5 kbytesof thetext of each
documenivereextracted.

We usedthe datafrom July to Octoberasthe training set,
and the datafrom Novemberas the testingset. Due to
the rapid growth in usageof Researchinde November
accountedor 31% of the total five month activity. The
dataincluded 33,050 unique usersaccessinghe details
of 177,232documents. Density of this datasetwas only
0.01%.

We extracteda relatively densg0.38%)subsebf the 1000
most active usersand the 5000 documentghey accessed
themost. We believe thesevery low densitylevelsaretyp-
ical of mary real-world recommendatioapplications Ex-

perimentsreportedin this paperwereconductedusingthe
relatively densesubsebf 1,000usersand5,000papers.

6.2 OVERFITTING

6.2.1 UserDocumentAnd UserDocument-Word
AspectModels

Training the two-way userdocumentaspectmodelon the

relatively densesetof 1000usersand5000documentse-

sultedin immediateoverfittingof EM, meaninghatthetest
datalog-likelihoodbeganto fall afteronly thefirst or sec-
onditeration. Thisimmediateoverfitting occuredfor num-

bersof latentclassesangingfrom 3 to 50. Usingtempered
EM (underseveral reasonabléeemperaturehangesched-
ules)only keptthe testdatalog-likelihoodapproximately
atthesameevel astheinitial randomseedwithout signif-

icantimprovements.

Includingthewordscontainedn the5,000documentsand
fitting the three-vay aspectmodelalsoresultedin imme-
diate overfitting. Again, TEM failed to yield significant
improvementsn thetestdatalog-likelihood.

6.2.2 Standard AspectModel, Synthetic Data

To examinewhetherthis extreme overfitting was specific
to the Researchindedata,we testedthe aspectmodelon
a simple syntheticdataset. Usersare divided into three
disjointgroupsaccordingo thefollowing scheme:

1. userdD-49readpaperdd—299,
2. userss0-99readpapers300-599and

3. usersl00-14%eadpaperss00-899,

wherethe probabilitiesthatuserseadpapersn theirinter-
estsetareuniform.

We designedhedatasothatthe“correct” modelwith three
latent statesis obvious. We generatedereral datasetof
differingdensitiesandtrainedathree-latent-gariableaspect
modelon eachto seewhetherEM corvergesto the correct
model.We performedvalidationtestsat eachiterationwith
testsetsof the samedensityasthe correspondingraining
set. Figure 3 plots the iteration (averagedover fifty ran-
dom restartsof EM) whereoverfitting’ first occursversus
the datasetdensity In dataset®of densitylessthan1.5%
theproceszonsistentlyoverfitsfrom thefirst iteration. For
dataset®f density2.5%,testperformancdeginsto deteri-
orateafteraboutfive iterationson average.For dataset®f
density4%, overfitting beginsafterteniterations.

"Definedasthe point wheretestdatalog-likelihoodstartsde-
teriorating.
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Figure 3: Iteration (averagedover fifty randomrestartswhere
overfitting occursversusdensityof the syntheticdata.

6.3 RECOMMENDATION ACCURACY

We find thatbothEM andTEM fail onvery sparsalata,in-

cludingResearchindedataandsyntheticdata.In contrast,
EM is effective on both of our density-augmentedhodels
(Sections4 and5). Herewe comparethesetwo models
to the k-NN algorithm,commonlyemplosed in commer

cial recommendesystemsWe usetherankscoringmetric
(Breeseetal., 1998)to evaluaterecommendations.

6.3.1 Evaluation Criteria

Breeseet al. (1998)definethe expectedutility of aranked
list of itemsas

_ 6(u, )
Bu=) 55 o/

J
wherej is therankof anitemin thefull list of suggestions
proposedy arecommendeb(u, j) is 1if useru accessed
item j in thetestsetandO otherwise ande« is the viewing
half-life, whichis theplaceof anitemin thelist suchthatit
hasa 50% chanceof beingviewed?® As in their paper we
usea = 5, andfoundthatour resultingconclusionsvere
not sensitve to the precisevalue of this parameter The
final scorereflectingthe utilities of all usersin thetestset

is
Eu RU
= R
u
where R'** is the maximum possible utility obtained

whenall itemsthat useru hasaccesse@dppearat the top
of therankedlist.

R =100

6.3.2 k-NearestNeighbors

Figure4 gives R scoredor the experimentswith £-NN in
standardormulationon the userdocumentatafor differ-
entvaluesof k, rangingfrom 10to 60 with aninterval of 5.

8We modify Breeseet al’s formula slightly for the caseof
obseredaccessemtherthanratings.

ThemaximumR valueachiezedin theseexperimentsvas
1.87for k = 25. R scoreshave local maxima,suggesting
their sensitvity to the sparsityof theuserdocumentata.

k

Figured4: Total utility of theranked lists over all usersproduced
by k-NN.

6.3.3 SmoothedAspectModel

Figure5 shows thetotal utility of the ranked lists (R) for
all usersagainstthe similarity thresholdusedfor smooth-
ing for the exampleof 25 latentvariables. Although the
valuesof R fluctuate,the patternis clearthroughthe sig-
nificantlinearleastsquaredit (p-valueof the slopecoefi-
cientis 0.02)—R is largerwhenmorecontentis included
(smallersimilarity threshold). As the similarity threshold
grows, the initial datamatrix becomesparseruntil it be-
comesimpossibleto learn (immediateoverfitting). Local
fluctuationsaredueto the stochastimatureof EM; in par
ticular, its sensitvity to therandomlyinitialized parameter
valuesandthe numberof restartsattemptedfive in these
experimentswhenthe datamatrix becomesparseasthe
similarity thresholdgrows.

threshold

Figure5: Total utility of theranked lists over all usersproduced
by the similarity-basedJserDocumentmodel againstthe simi-
larity thresholdusedin smoothing(25 latentclassvariables).

ThemaximumvalueR hasreacheds 2.10,whichis greater
thanthe bestk-NN result (1.87), but not as good as the



UserWordsmodel(2.92),discussedbelow.

6.3.4 UserWords AspectModel

Figure 6 showvs the R scoresfor the UserWords aspect
modelrecommendeiExperimentsncludemodelswith the
numberof hiddenclassvariablesz rangingfrom 10 to 60
with aninterval of 10 (two restartavereperformedor each
experiment). The maximumR valueachievedin theseex-
perimentss 2.92for the modelwith 50 hiddenclassvari-
ables,which is significantly higherthan1.87, the bestR
valueachievedwith £-NN algorithm.

T T T T T T
10 20 30 40 50 60

numberOfLatentClasses

Figure6: Totalutility of theranked lists over all usersproduced
by the UserWordsaspecimodel.

7 CONCLUSIONS AND FUTURE WORK

We presentethreeprobabilisticmixturemodelsfor recom-
mendingitems basedon collaboratve and content-based
evidencememedin a unified manner Incorporatingcon-
tentinto a collaboratve filtering systemcanincreasethe
flexibility and quality of the recommender Moreover,
whendatais extremelysparse—ass typical in mary real-
world applications—additionatontentinformationseems
almostnecessaryo fit global probabilisticmodelsat all.
The density of Researchindedatais only 0.01%. Even
the mostactive usersreadingthe mostpopulararticlesin-
duceasubsebf densityonly 0.38%,still too sparsdor the
straightforvardEM andTEM approache® work. Wefind
thata particularlygoodway to includecontentinformation
in the context of adocumentecommendatiosystemis to
treatusersasreadingwords of the documentyratherthan
thedocumenitself. In our casethis increasedhe density
from 0.38%to almost9%, resultingin recommendations
superiorto k-NN.

Thereare mary areasfor future research. Similar meth-
odsto thosepresentecheremight be usedto recommend
itemssuchasmovieswhich have attributesotherthantext.
A movie canbe viewed as consistingof the directorand
theactorsin it, justasa documentontainsvords. Both of

oursparsityreductiontechniquessimilarity-basegmooth-
ing andanequialentof a userwordsaspecmodel,canbe
used.

EM is guaranteedo reachonly a local maximumof the
training datalog-likelihood. Multiple restartsneedto be
performedif one desiresa higherquality model. We are
planningto investigateways to intelligently seedEM to
reducethe needfor multiple restartswhich canbe costly
whenfitting dataset®f non-trivial size.

The userwords model doesnot explicitly usethe popu-
larity of items. Including suchinformation may further
improve the quality of the recommendationmadeby the
model,but requiresadditionalwork on combiningandcal-
ibratingmodelpredictionswith documenpopularity

Finally, predictve accurag wasusedto validateour mod-
elsin this paper We are planningto deploy our recom-
mendersn Researchindeand perform a userstudy col-
lecting information on which recommendationare actu-
ally followedby users.
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