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Abstract

Collaborative filtering-based recommender systems,
which automatically predict preferred products of a user
using known preferences of other users, have become
extremely popular in recent years due to the increase
in web-based activities such as e-commerce and online
content distribution. Current collaborative filtering tech-
niques such as correlation and SVD based methods pro-
vide good accuracy, but are computationally very expen-
sive and can only be deployed in static off-line settings
where the known preference information does not change
with time. However, a number of practical scenarios re-
quire dynamic real-time collaborative filtering that can
allow new users, items and ratings to enter the system at
a rapid rate. In this paper, we consider a novel collab-
orative filtering approach based on a recently proposed
weighted co-clustering algorithm [3] that involves simul-
taneous clustering of users and items. We design incre-
mental and parallel versions of the co-clustering algo-
rithm and use it to build an efficient real-time collabora-
tive filtering framework. Empirical evaluation of our ap-
proach on large movie and book rating datasets demon-
strates that it is possible to obtain an accuracy compa-
rable to that of the correlation and matrix factorization
based approaches at a much lower computational cost.

1 Introduction

The evolution of the internetduring the last decade
hasresultedin an overwhelmingincreasein web-based
activities suchas e-commercend online contentdistri-
butionwhereusersareoftenforcedto choosdrom alarge
numberof productsor contentitems. To aid usersin
the decisionmakingprocessijt hasbecomencreasingly
importantto designrecommendesystemghat automat-
ically identify the likely choicesof the users.Collabora-
tive ltering technique$9] thatidentify thelikely prefer
encesof a userbasedon the known preferencesf other
usershave beenshown to be very effective for generat-
ing high quality recommendationslhesetechniquesot
only provide superiorperformance&eomparedo content-
based Itering methods[6], but alsodo not requirethe
usergo explicitly statetheirinterests.

Srujana Merugu

Department of Electrical and Computer Engg.

University of Texasat Austin
merugu@ece.utexas.edu

Most of the existing collaboratve Itering meth-
odsbasedon correlationcriteria, singularvalue decom-
position (SVD) and non-ngyative matrix factorization
(NNMF) have beenshawvn to provide highly accurate
predictionsof ratings. However, thesetechniquessuf-
fer from one main dravback, which is the presenceof
a computationallyexpensve training component. As a
result, thesetechniquescan only be deployed in static
settingswherethe known preferenceslo not vary much
with time. However, anumberof practicalscenariosuch
asreal-time news personalizatiorrequire dynamic col-
laborative Itering thatcanhandlenew users,itemsand
ratingsenteringthe systemat a rapid rate. In suchsit-
uations,it is imperative for the recommendesystemto
dynamicallyadaptits predictionsusingthe new informa-
tion, which in turn requiresa fastand ef cient training
algorithm.

In this paper we considera novel collaboratve |-
tering approachbasedon a recentlyproposedweighted
co-clusteringalgorithm[3]. The key ideais to simul-
taneouslyobtain user and item neighborhoodsvia co-
clusteringand generatepredictionsbasedon the aver-
ageratingsof the co-clusterquseritem neighborhoods)
while taking into accountthe individual biasesof the
usersanditems. Basedon this approachwe designan
efcient real-timecollaboratve ltering framework and
make two new contrikutions.

First, we proposea dynamiccollaboratie Itering
approachthat can supportthe entry of new users,
items and ratings using a hybrid of incremental
and batchversionsof the co-clusteringalgorithm.
Empirical comparisonof our approachwith SVD,
NNMF andcorrelation-basedollaboratve Itering
techniquesndicatescomparableccurag atamuch
lower computationakffort.

Second,we designa scalable,real-time collabo-
rative Itering systemby developing parallel ver-

sionsof the co-clusteringpredictionandincremen-
tal trainingroutines.

Therestof thereportis organizedasfollows: Section
2 describeselatedwork. Section3 containsa formal
de nition of therecommendatioproblem.Sectior4 ex-
plainstheproposedollaboratve Itering approaciwhile



Section5 describesa scalableframenork basedon par
allel co-clusteringand predictionalgorithms. Section6
providesthe resultsof our empiricalevaluationandSec-
tion 7 containsthe conclusionsaindfuture work.

Notation: Uppercasealphabetsge.g., areusedto
represeniatricesvith thesubscriptedersionsg.g.,
denotingthe correspondingmatrix elements. Setsare
representedy calligraphic uppercasealphabets,e.g.,

. andenumerateds where aretheel-

ementof theset.

2 Related Work

In this sectionwe brie y discusssomeof theexisting
literatureon recommendesystems collaboratve Iter -
ing (CF) andco-clustering.

Automatedecommendesystemsanbebroadlyclas-
si ed into two groups— (i) content-basedtering sys-
tems[6, 4] thatpredictpreference®asedon the content
of theitemsandtheexplicit interestof theusersand(ii)
collaboratve Itering systemg15] thatmake predictions
basedsolely on the known ratingsof similar users.The
relative performanceof thesetechniqueslependn the
sparsityof the known ratings.However, recentadvances
in internetanddatabas¢echnologyhave madeit feasible
to collectlarge numberof userproductratingswith little
or no effort on part of users,thus making collaboratie
Itering asuperiorandmorepracticalapproacH15].

A numberof collaboratve Itering techniqueshave
beenproposedn the literature,of which the mostpop-
ular onesare thosebasedon correlationcriteria[12, 6]
andmatrix factorization[13, 17]. The correlation-based
techniquesisesimilarity measuresuchasPearsorcor
relation[12] andcosinesimilarity [16] to determinea
neighborhooaf like-mindeduserdor eachuserandthen
predictthe users rating for a productasa weightedav-
erageof ratingsof the neighbors.Thoughreasonablyac-
curate,correlation-basetechniqguesiave muchreduced
coveragesincethey cannotdetectitem synorymy. They
are also computationallyvery expensve as the correla-
tion betweenevery pair of usersneedsto be computed
duringthetrainingphase.

ThematrixfactorizatiomapproachemcludeSVD [13]
andNNMF-based17, 10] ltering techniqueghat pre-
dict the unknawn ratingsbasedon a low rank approxi-
mationof the original ratingsmatrix. Themissingvalues
in the original matrix are lled using averagevaluesof
therows or columns.Unlike correlation-basethethods,
the matrix factorizationtechniquestreat the usersand
items symmetricallyand hence,handleitem synorymy
and sparsityin a betterfashion. However, the training
componenbf thesetechniquess computationallyinten-
sive makingit impracticalto have frequentre-training.
Incrementalersionsof SVD basednfolding-in andex-
actrank-lupdateg14, 5] partially alleviatethis problem.
However, theupdateoperationsrealsonotveryef cient
sincethe effects of small updatesto the ratings matrix

arenot localized. In additionto the two classe®f tech-
niguesdescribedabove, therehasalsobeenwork on CF
approachebasedon userclustering[18] andhorting[2]

—agraphbasedapproacHor identifying the neighborsof
auser

The CF approachwe considerin this paperis based
on a specialcaseof the weightedBregmanco-clustering
algorithmpresentedn [3]. Therehasbeenalot of work
on co-clustering[8, 7], mostof which was focusedon
handlingsparsityand dimensionalityreductionissuesn
text and micro-arrayanalysis. A crucial differencebe-
tween [3] and earlier co-clusteringwork is the formu-
lation of the co-clusteringproblemasa matrix approxi-
mation problemwith non-uniformweightson the input
matrix elements. Sincethe predictionof unknown rat-
ings (weight=0) can be posedas a weightedmatrix ap-
proximationproblem,it is possibleto now employ a CF
approactbasecbn co-clustering.

The co-clusteringapproachis similar to the correla-
tion and clustering-basedechniquesin the sensethat
neighborhoodareemployedfor prediction themaindif-
ferencebeingthat both usersanditemsare clusteredso
thatitem synorymy ceaseso beaproblem.Further asin
the caseof SVD andNNMF, the co-clusteringalgorithm
alsooptimizesthe approximatiorerror of alow parame-
ter reconstructiorof theratingsmatrix. However, unlike
SVD andNNMF, theeffectsof changen theratingsma-
trix arelocalizedwhichmalkesit possibleio have ef cient
incrementalipdates.

3 Problem Definition

We now formulate the recommendatiorproblemin
termsof predictingthe unknawn ratings. Using a matrix
representationye transformthis problemto a weighted
matrix approximation problem and motivate the co-
clusteringbasedapproacHor solvingit.

Let bethesetof userssuchthat
and bethe setof itemssuchthat
Let bethe ratingsmatrix suchthat is the
ratingof theuser fortheitem andlet bethe

matrix correspondindo the con denceof the ratings
in . In the absencef explicit con denceinformation,
we assume when the rating is known and
otherwise.

In a staticsetting,the setof usersthe setof itemsand
theknown ratingsare x edandthe mainproblemin rec-
ommendesystemsnvolvesguessinganunknawn rating
for anexisting useranditem pair, i.e., oneof the missing
elementsn . The predictedratingscanthenbe used
to generatethe top-N recommendation# required. A
naturalapproachto this rating prediction problemis to
assumehatthematrix hasa certainlow parametestruc-
ture,deducehe parametersf the structurebasedon the
available ratings so that a certainloss function is min-
imized, and then use a matrix reconstructiorbasedon
this structurefor predictingthe missingvalues.To make



thisapproacttoncretewe needto specifytheclassof al-
lowedstructuresaswell asthelossfunctionusedto mea-
surethe approximatiorerror. Usually, the lossfunction
is chosento be the squarederror andthe classof cho-
senstructuresdetermineshe techniquebeing adopted.
For example,whenthe imposedstructureis a low rank
approximationwith no constraintsthe bestapproxima-
tion is obtainedusingSVD (assuminghe missingvalues
aresuitablyhandled)thusleadingto the SVD-basedp-
proach[13]. Similarly, whentheimposedstructureis a
low rank approximatiorthatcanbefactorizednto non-
negative matricesof sizes and , thebestap-
proximationis obtainedusingthe NNMF algorithm[11].
Thoughpowerful in termsof the approximationability,
thesewo approachesuffer from thedrawvbackthatsmall
changesn theoriginalmatrix couldleadto changesn
mostof theparameters theapproximatior(i.e. changes
arenotlocalized) makingit dif cult to designincremen-
tal trainingalgorithms.

To addresgheseconcernswe considerdow parame-
terapproximationdasedn simultaneouslustering(co-
clustering)of usersanditemsin theratingsmatrix . Let

and
denotethe userand item clusteringwhere
and are numberof userand item clusters. The sim-
plestapproximatiorschemebasecdbn co-clusterings the
one where eachmissingrating is approximatedoy the
averagevalue in the correspondingco-cluster In this
casetheapproximatanatrixhasonly  parameterand
might not be ableto provide accurag comparabldo the
SVD andNNMF-basedapproachesHence we consider
a morecomple approximatiornthatincorporateghe bi-
asesof the individual usersanditems by including the
terms(useraverage- userclusteraverage)and (item av-
erage- item clusteraverage)n additionto the co-cluster

average.Theapproximatenatrix is givenby
(3.1)
where , and arethe av-
erageratingsof user anditem , and ,

and aretheaverageratingsof thecorrespondingo-
cluster userclusteranditem-clusterespectiely, i.e.,

It canbeshawn [3] thattheapproximatiomrmatrix is
theleastsquaresolutionthatpreserestheuseritemand
co-clusteraveragesor in otherwords, it is the bestaddi-
tive approximatiornto  giventhesesummarystatistics.
Using , we cannow posethe predictionof unknavn
ratingsasa co-clusteringproblemwherewe seekto nd
the optimal useranditem clustering suchthatthe

approximatiorerrorof  (whichis afunction of )
with respecto theknown ratingsof  is minimized,i.e.,

(3.2)

where  ensureshatonly theknown ratingscontritute
to the lossfunction. [3] presentsan alternateminimiza-
tion basedalgorithmthatis guaranteedo provide a lo-
cally optimalsolutionfor theco-clusteringproblem(3.2).
The resulting co-clustering can then be usedto
computethe variousaveragegequiredto estimate . In
caseof dynamicscenariosthe known ratingsmatrix
varieswith time andhencewe require to adaptto the
changedn in anefcient manner Unlike SVD and
NNMF, it is possibleto devise a fastincrementalupdate
for (3.2) by keeping x edsincethe availability of
new ratingsresultsin changeso only afew parameteri

, i.e., the averagesf the correspondingiser item and
their respectie clusters.

4 Collaborative Filtering via Co-clustering

In this section,we describethe three main compo-
nentsof our collaboratve Itering approachbasedon
co-clustering— (i) static training, which involves co-
clusteringthe ratingsmatrix and computingthe various
summarystatisticsusedfor prediction, (ii) prediction,
which consistof estimatinganunknown rating from the
varioussummarystatisticsand(iii) incremental training,
whichinvolvesupdatingthe summarystatisticsbasecbn
incomingratings.

4.1 Static Training

Themainobjective of the statictrainingcomponents
to computeall the parametershat are requiredfor fast
predictionof the unknown rating. In our co-clustering
basedapproach,this essentiallyinvolves solving the
problem(3.2) assumingheratingsmatrix is x edand
estimatingthe averages , , , and
usingthe optimal co-clustering . We performthis
using the appropriateinstantiationof the Bregman co-
clusteringalgorithm presentedn [3], which is guaran-
teedto provide a locally optimal solution. The key idea
in this algorithmis to assumesomeinitial co-clustering
andthenalternatelyoptimizeovertherow (user)andcol-
umn(item) clusteringtill corvergencds achieved. Since
the objective functionin (3.2) canbe written asthe sum
of contritutionsfrom the individual rows (or columns),



the optimal row clustering(or columnclustering)canbe
readilyobtainedoy nding theappropriateslusterassign-
mentfor eachrow (or column).Algorithm 1 providesthe
detailsof the varioussteps.

Since the ratings matrix  is likely to be sparse,
it is possiblethat there are no known ratingsin cer
tain co-clustersand in such cases,we replacethe co-
clusteraverageby the global averagevalue. It is also

importantto note that the row and column assignment

stepsof Algorithm 1 can be implementedef ciently
by pre-computinghe invariantpartsof the updatecost
functions. For example, the matrix de ned by

canbecomputedattheverybe-

ginning. Now, for ary and - , we
notethat

so that minimizing the L.H.S is equivalentto minimiz-
ing . Usingthe above property it canbe shavn
that minimizing the row updatecostfunctionis equia-

lentto minimizing where

is given by andcan

becomputedeforetherow clusterassignmenstep.The
column cluster assignmentstep can be similarly sim-
plied by computinga matrix suchthat

. Further since is

a sparsematrix andthe objectie function is basedonly
on the known ratings(i.e., ), it is possibleto
speedup the co-clusteringalgorithmby storingonly the
relevantvaluesin and

Assumingthe above ef cient implementationof the
algorithm, the computationaftime for obtaining matri-
ces , and is linear in the number
of non-zerosn . Eachiterationof the algorithm fur-
ther involvesobtainingthe optimal row and columnas-
signments. For the row cluster assignmentthe com-
putationaltime requiredis since eachrow of
the matrix needsto be comparedwith
the possiblealternatvescorrespondingdo the different
row clusters. Similarly, the computationatime for col-
umnassignmentss . Thereforeassuminga con-
stantnumberof iterations,the overall computatiortime
is where is the number
of non-zerodn . Tablel1l compareghe computational
time requiredfor the variouscollaboratve ltering ap-
proaches.

4.2 Prediction

In our approachthe predictionof unknown ratingsis
performedby suitably combiningthe varioussummary
statistics. When the requestedating is for an existing
useranditem, the predictionis straightforward and de-
terminedby (3.1). Whenthe useris new andtheitemis
an existing one, the predictedvalueis the item average.
Similarly, whenthe itemis new andthe useris an exist-
ing one,thepredictedvaluethe useraverage Whenboth
theuseranditem arenew, thereis nospeci c information

Algorithm 1 StaticTrainingvia Co-clustering

Input: RatingsMatrix , Non-zerosmatrix , #row clusters
, #col. clusters .

Output: Locally optimal co-clustering and averages
and
Method:
1. Randomlyinitialize
repeat

2a.Computeaverages and

2h. Updaterow clusterassignments

2c. Updatecolumnclusterassignments

until corvemence

Table 1. Comparison of computational
times of various CF algorithms. In case
of SVD and NNMF, is the rank of the
approximation matrix and for correlation-
based methods, =#neighbor s

Incremental
Training

Algorithm Static Training Prediction

Co-clustering

SVD T

NNMF —

Correlation

andwejustreturntheglobalaverageof all theknown rat-
ings. Algorithm 2 shavsthedetailsof predictionprocess,
which canbe readily seento be a constantime ( )
operation.

Algorithm 2 Prediction

Input:
userset , itemset
Output: Rating

, co-clustering

,user ,item

Method:
Case and old userold item
Case and old usernewitem
Case and new userold item
Case and new usernew item
4.3 Incremental Training

As mentionedearlier, we require our collaboratve
ltering approachto be applicableto dynamicsettings
where ratings are being continuously updated. Co-
clustering algorithm (Algorithm 1) describedearliet



Algorithm 3 Incrementallraining

Input: Matrix averages ,
Non-zero counts ,
co-clustering userset ,itemset ,user ,item

Output: Updatedmatrix averagesandnon-zerocounts
Method:
1. Identify useritem clusters

Case and old userold item
Case ’ and old usernewitem
Case ’ and ’ néw userold item
Case ’ and’ r;ew usernew item

2. Updatethe matrix averages
3. Incremeninon-zerocounts

thoughquite ef cient, is primarily designedfor a static
settingwherethe usersjtemsandtheratingsare x ed.

However, completelyignoring the informationin the
new ratingscouldresultin poorperformanceTo address
this problem,we consideran incrementalpartial update
mechanism.The key ideahereis that sincethe predic-
tion of the ratingsdependsonly on the summarystatis-
tics (matrix averages)updatingthesestatisticsusingthe
new ratingswill incorporatemostof the informationin
the new ratings. Whenthe new rating corresponds$o an
existing useranditem, it is straightforvardto updatethe
correspondingverages.However, when eitherthe user
or item is new, thenthereis no clusterassignmenftor
this new entity. To resole this problem,we temporar
ily assignthe new entity to a global transitionalcluster
(indexed by ) and updatethe correspondingaverages.
During the next run of the co-clusteringalgorithm, the
userdn theglobaluserclusterandtheitemsin theglobal
itemclusterarereassignetb oneof regularuseranditem
clusters.Algorithm 3 shows the detailsof the partial up-
dateprocedurewhichis alsoa constantime ( ) op-
eration.

5 Scalable Collaborative Filtering System

In this section,we describea real-timecollaborative
Itering systembasecbn the co-clusteringapproacthpre-
sentedn Sectiond. We alsoproposeparallelversionsof
co-clusteringpredictionandincrementatrainingroutine
to furtherimprove the scalabilityof our approach.

5.1 CF-System Description

FromSectiond, we notethattherearethreemainrou-
tinesin ourcollaboratve Itering approachOf thesethe
predictionandincrementalraining routinescanbe per
formedextremelyfastwhile the statictraining processs
relatively slow. Sinceauserrequiresafastresponsaur-
ing the predictionand incrementalraining phasesit is
essentialo separatéhesdrom thestatictrainingprocess.

Thereforewe designa simplecollaboratve ltering sys-
tem(shavnin Figurel) assumindwo parallelprocessors

and (which couldbethreadsin asingleprocessor
aswell) where handleghepredictionandincremental
trainingand s responsibldor the statictraining. Pro-
cessor , thereforemainly interactsonly with the sum-
mary statistics(say ), i.e.,readshe summarystatistics
duringpredictionandupdatest duringincrementatrain-
ing. Duringincrementatraining , alsoupdatesheraw
ratings.On the otherhand,processor repeatedlyper
formsco-clusteringoy readingthe currentratingsmatrix

and updating whendone. To ensureconsisteny,
the dataobjects and arestoredin two parts— (a)
stablevalues at the end of co-clustering,
and(b) increments . At theendof eachco-
clusteringrun, the two partsaremergedto obtaina new
setof stablevalues.

Thoughreasonablef cient, thesystemshownin Fig-
ure 1 might not be adequatevhenthe ratingsmatrix and
the summarystatisticsare too large to be storedin the
main memoryof a single processarfor example,in the
caseof anews personalizatiompplicationinvolving mil-
lions of usersandarticles. In sucha situation,a natural
solutionis to useadistributedmemoryrepresentatiofor
thedataobjectssothateachof the processors and
arein fact clustersof processors.In orderto maintain
scalabilityof sucha CF systemi|t is importantto design
ef cient parallelversionsof thevariousCF operations.

Summ_a@\ @\K\nown ratings
Statlsng_v,

o ™~

P1 | T~

»\‘ Skl -
Updates td
New ratings

Summary Statistics

N

—— Co clustering
Prediction
- Incremental Training

Figure 1. Collaborative Filtering System

5.2 Parallel Collaborative Filtering

The parallelizationof ~and  areindependendbf
eachother and dependon the distribution of  and
respectiely. In fact, it might often be more practicalto
parallelizethe operationsof only one of the processors
dependingntheapplication.

Parallel Co-clustering( ). To obtaina parallelver-
sionof theco-clusteringalgorithm,we notethatthereare
threemainstepsin eachiterationof the co-clusteringal-
gorithm -(i) computingthe matrix averages(ii) obtain-
ing the row clusterassignmentsand (iii) obtainingthe
column clusterassignments.Further given the matrix
averagesthe separabilityof the row andcolumnupdate
costfunctionsallows usto separatelynd theoptimalas-
signmentfor eachrow andcolumn. Using this inherent



Algorithm 4 Parallel Co-clustering

Input: RatingsMatrix , Non-zerosmatrix
, #col. clusters .
Output: Locally optimal co-clustering
and

, #row clusters
and averages

Method:

Processor getssub-matrices  (

1. Randomlyinitialize

repeat
2a. Computepartial contritutionsto matrix averagesand
non-zerocountsbasedn and
2h. Accumulatehe partial contributionsto obtainovenall
matrix averages.
2c. Updaterow assignments for all rowsin
2d. Updatecolumnassignments for all columnsin

until corvergence

3. Concatenatéhe clustermaps

)& ( )

to obtain

dataparallelismwe proposea parallelversionof the co-
clusteringalgorithm (Algorithm 4). The key ideais to
divide the rows and columnsamongthe processorso
thatthe steps(ii) and (iii) canbe completelyperformed
in parallel. For step(i),the differentprocessorgompute
their partialcontributionswhich arethencombinedo ob-
taintheoverallmatrix averagesTo analyzehecomputa-
tional compleity, we assumeéhatthematrix is denseand
equallypartitionedamong processorsothatprocessor
owns rowsand columns.Since
eachprocessoonly owns a fractionof , the computa-
tion of thepartialcontritutionsto thevariousclusteraver-
agedakesonly operationsvhile theaccumu-
lation of thesecontributionsrequires operations.
Therow andclusterassignmenbperatiorfurtherrequire
operations Hence the overall compu-
tationtime of the algorithmis ~———
which correspondgo almostlinear speedupassuming
andignoringthe communicatiorcosts.
For a sparsematrix, one might have to usea more so-
phisticatedpartitioningschemeo ensurethatthe loadis
evenly balancedn orderto obtainagoodspeedup.

Parallel Prediction and Incremental Training ().
Whenthe summarystatisticscannotbe storedon a sin-
gle processarwe can parallelizethe predictionandin-
crementalkraining routinesby distributing the summary
statisticsbasedon the useranditem clusters. The key
ideais to separateut the tasksof determiningthe user
anditem clusterscorrespondingo a requestor submis-
sion) and performingthe actual computation. When a
ratingis requestedor submitted)for a particularuser
anditem , therootprocessorrst determineghe clus-
tersto which thesebelongusingthe locally storedclus-
ter mappingsanddirectsthe requesto a slave processor
thatownstheseclusters.In caseof new usersanditems,
the root processomapsthemto the global transitional
clusteranddirectsthemto anappropriateslave processar
Theslave processothenperformstheactualcomputation
involvedin the predictionor incrementatraining.

6 Experimental Results

In this section,we provide empirical evidenceshow-
ing that our co-clustering-basedpproachcan provide
high quality predictionson unknown ratingswith much
lowercomputationaéffort ascomparedo traditionalcol-
laborative Itering techniques.We alsostudythe scala-
bility bene tsof parallelizingthe co-clustering.

6.1 Datasets and Algorithms

We usedwo publicly availabledataset§MovieLens
andBookCrossing datasetfor our experiments.The
MovieLens dataset (http://www.grouplens.ag/data/)
consistsof 100,000ratings(1-5)by 943 userson 1682
movies whereaghe BookCrossing datase{19] con-
sists of 269392 explicit ratings(1-10)by 47034 users
for 133438 books. We also created 10 subsets
(Moviel-Moviel0 ) of the MovieLens datasetach
containing a fraction (10-100%) of the total ratings.
We comparedthe performanceof our co-clustering
basedapproachwith SVD [13], NNMF [10] and clas-
sic correlation-basedollaboratie Itering [12]. An in-
crementalSVD-basedapproach[14] usinga folding in
techniquewasalsoimplementedn orderto evaluatethe
predictionaccurag in dynamicscenariosith changing
ratings.Thealgorithmswereall implementedn C++and
MPI (for parallelversion). For implementingthe SVD-
basedapproachwe useda highly ne-tuned Fortranli-
brary LAPACK [1] to getreliabletiming measurements.

6.2 Evaluation Methodology

To studythe performancef our collaborative Itering
approachwe focusedon threeevaluationmetricscorre-
spondingto predictionaccurag, statictrainingtime and
predictiontime. The predictionaccuray wasmeasured
usingthe meanabsoluteerror (MAE), which s the aver-
ageof the absolutevaluesof the errorsover all the pre-
dictions. The statictrainingtime wasestimatedn terms
of the CPUtime takenfor the coretrainingroutines(viz.
co-clusteringandSVD) while thepredictiontime wases-
timated by averagingover the responsdime taken for
all the predictions. All the timing measurementwere
obtainedon a Linux Beawulf clusterconsistingof 256
AMD OpteronModel 240 processorg1.4Ghz)on 128
computenodeswith 384GBRAM.

For evaluatingthe predictionaccurag, we createden
80-20%randomtrain-testsplits of the datasetandaver-
agedthe resultsover the varioussplits. We considered
two scenarios;—(i) statictesting,wherethe known rat-
ings do not changeand(ii) dynamictesting,wherethe
ratingsare updatedincrementally In the caseof static
testing,the predictionaccurag was obtainedfor all the
four algorithms,whereasthe dynamictestingaccurayg
was obtainedonly for the co-clusteringand SVD-based
methodssince the other techniquesdo not have an in-
crementalearningcomponentThetrainingtiming mea-
surementswvere also restrictedto the co-clusteringand



Table 2. Mean absolute error using various
CF algorithms in a static testing scenario

Data SVD NNMF CORR COCLUST

Mov1

Mov2

Mov3

Table 3. Mean absolute error using various
CF algorithms in a dynamic scenario

Data

Mov1
Mov2
Mov3

SVD COCLUST

SVD basedapproachsince our implementationof the
NNMF andthe correlation-base@F techniquesvasnot
necessarilyef cient andresultedn largetrainingtimes.
Theparametersf thedifferentalgorithmswerevaried
basedntheexperiment.In all ourexperimentsthenum-
berof row andcolumnclustersandtherankparameteof
the SVD, NNMF algorithmswaschoserto be identical.
Thenumberof neighborsn the correlation-base@F al-
gorithmwassetto a x ed number Sinceco-clustering
andthe NNMF algorithmsonly provide locally optimal
results,we performedmultiple (5 runs) of thesealgo-
rithmsandpickedthe bestsolution.

6.3 Results and Discussion

We now presentheexperimentatesultsshoving how
the predictionaccuray, the averagepredictiontime and
the training time dependon the algorithm, size of the
datasetsindthe numberof predictionparameters.

Prediction accuracy vs. Choice of CF-algorithm.
Tables2 and 3 shav the meanabsoluteerror obtained
usingthe differentcollaborative Itering algorithmsfor
static and dynamic scenariosrespectiely. In all the
casesthe numberof row and column clustersand the
rank (for SVD,NNMF) wassetto 3. Fromthetableswe
notethat all the algorithmsincluding the co-clustering-
basedapproachprovide approximatelythe sameaccu-
ragy for thestaticscenario For thedynamicscenariothe
SVD-basedapproactis the only othertechniquewith an
incrementatrainingcomponenandagain theaccuracies
obtainedare comparablelt shouldbe notedthatthe co-
clusteringapproachrequiredfewer parametersand less
trainingtime comparedo all the othermethods.

Prediction accuracyvs. #Prediction parameters.
Figures2 (a) and (b) show the variationsof the mean
absoluteerror with the numberof row/column clusters
(equalto rank ) andthe numberof predictionparame-
tersrespectiely for the differentalgorithmson Movie3
dataset. The numberof prediction parameterscorre-

MAE
g

—e—swD
—e— NNMF

—e—swD
—e— NNMF

—»— COCLUST —»— COCLUST

o
0 2000 4000 6000 8000 10000

2 4 6 8 10
k = 1= SVD rank =NNMF rank #prediction parameters

Figure 2. Variation of mean absolute error
with #prediction parameter s

Table 4. Average prediction time (in s)

SVD NNMF COCLUST

k=2
k=10

spondgo theextrastorageaequiredin additionto theraw
ratingsmatrix. In caseof the co-clusteringapproachthe
predictionparametersirethe varioussummarystatistics
valueswhereasn caseof SVD and
NNMPF, thesearethe matrix factors( val-
ues).Fromthe gure, we notethatpredictionaccuray is
optimalatacertain andthendeterioratesvith increas-
ing . The gure alsoclearly shavs the differencein
the numberof predictionparametersequiredfor the co-
clusteringandthe othermatrix factorizatiorapproaches.

Prediction time vs. Choice of CF-algorithm. Table
4 shaws the averagepredictiontime for the variousCF
algorithmson the MovieLens dataset.In all the cases,
the predictiontime is reasonablylow, thoughthe SVD,
NNMF-basedapproacheshav a smallincreasewith in-
creasing .

Training time vs. Data setsize. Figure3 shavs the
variationof the statictraining time with the size of the
dataset#known ratings)for the co-clusteringand SVD-
basednethodsntheMovielLens datasetFromthe g-
ure, we obsenre thatthe co-clusteringapproachs much
fasterthanthe SVD-basednethodin spiteof thefactthat
the SVD-basedmethodusesan optimizedlibrary while
the co-clusteringalgorithmdid not. In our experiments,
the NNMF andcorrelationbasednethodswverefoundto
be even slower than SVD, but we do not reportthe re-
sultsdueto thevariationsin theimplementationThere-
sultsalsoindicatethatthe training time of co-clustering
approachincreasesat a muchlower rate thanthat of the
SVD-basedpproach.

Training time vs. Number of processors.Figure4
showvs how the computationatime of the co-clustering
algorithmvarieswith the numberof processor®n four
differentdatasets.From the gures, we note that there
is reasonablgthough sub-linear) speedupdue to par
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Figure 4. Variation of co-clustering time

with number of processor s

allelization. In particular the trendson Movie5 and
MovieLens indicatethat parallelizationis more bene-
cial for largerdatasetsincethecomputationatostsare
muchhigherthanthe communicatiorcostsin thatcase.

7 Conclusion and Future Work

Recommendesystemsbasedon collaboratve lter -
ing are proving to be extremely useful for a numberof
online actvities such as e-commerce. However, there
remainimportantchallengeghat needto be addressed,
speciallywith regardto scalability and deploymentfor
dynamic scenariosvherenewn users,items and ratings
enterthe systemat a rapid rate. In this paper we pre-
senteda new dynamic collaboratve Itering approach
basedn simultaneouslusteringof usersanditems.Em-
pirical resultsindicatethatourapproactcanprovide high
quality predictionsat a much lower computationakost
comparedo traditional correlationand SVD-basedap-
proachesWe alsoproposedarallelversionsof the vari-
ouscomponentsf our collaboratve Itering approacho
male it scalablefor large datasetgontainingmillions of
usersanditems. In future,we planto extendour work in
threemaindirections— (i) exploringadivisive hierarchi-

cal clusteringsetupthat could be more suitablefor real-
time adaptatioraswell asfor identifying the appropriate
numberof user/itemclusters(ii) adaptingour collabora-
tive ltering approachfor streamingdataitemssuchas
news articlesby modifying the weight matrix ~ based
ontime progressionand(iii) investigatingthe suitability
of co-clusteringalgorithmsbasecdon lossfunctionsother
thansquarecerror.
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