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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 suchase-commerceandonline contentdistri-
butionwhereusersareoftenforcedtochoosefrom alarge
numberof productsor contentitems. To aid usersin
thedecisionmakingprocess,it hasbecomeincreasingly
importantto designrecommendersystemsthatautomat-
ically identify thelikely choicesof theusers.Collabora-
tive�ltering techniques[9] thatidentify thelikely prefer-
encesof a userbasedon theknown preferencesof other
usershave beenshown to be very effective for generat-
ing high quality recommendations.Thesetechniquesnot
only providesuperiorperformancecomparedto content-
based�ltering methods[6], but alsodo not requirethe
usersto explicitly statetheir interests.

Most of the existing collaborative �ltering meth-
odsbasedon correlationcriteria, singularvaluedecom-
position (SVD) and non-negative matrix factorization
(NNMF) have beenshown to provide highly accurate
predictionsof ratings. However, thesetechniquessuf-
fer from one main drawback, which is the presenceof
a computationallyexpensive training component.As a
result, thesetechniquescan only be deployed in static
settingswheretheknown preferencesdo not vary much
with time. However, anumberof practicalscenariossuch
as real-timenews personalizationrequiredynamiccol-
laborative �ltering that canhandlenew users,itemsand
ratingsenteringthe systemat a rapid rate. In suchsit-
uations,it is imperative for the recommendersystemto
dynamicallyadaptits predictionsusingthenew informa-
tion, which in turn requiresa fastandef�cient training
algorithm.

In this paper, we considera novel collaborative �l-
tering approachbasedon a recentlyproposedweighted
co-clusteringalgorithm [3]. The key idea is to simul-
taneouslyobtain user and item neighborhoodsvia co-
clusteringand generatepredictionsbasedon the aver-
ageratingsof theco-clusters(user-item neighborhoods)
while taking into accountthe individual biasesof the
usersanditems. Basedon this approach,we designan
ef�cient real-timecollaborative �ltering framework and
make two new contributions.� First, we proposea dynamiccollaborative �ltering

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-basedcollaborative �ltering
techniquesindicatescomparableaccuracy atamuch
lowercomputationaleffort.

� Second,we designa scalable,real-time collabo-
rative �ltering systemby developing parallel ver-
sionsof theco-clustering,predictionandincremen-
tal trainingroutines.

Therestof thereportis organizedasfollows: Section
2 describesrelatedwork. Section3 containsa formal
de�nition of therecommendationproblem.Section4 ex-
plainstheproposedcollaborative�ltering approachwhile



Section5 describesa scalableframework basedon par-
allel co-clusteringandpredictionalgorithms. Section6
providestheresultsof our empiricalevaluationandSec-
tion 7 containstheconclusionsandfuturework.

Notation: Uppercasealphabets,e.g.,
�

areusedto
representmatriceswith thesubscriptedversions,e.g.,

�����
denotingthe correspondingmatrix elements. Setsare
representedby calligraphic upper-casealphabets,e.g.,���
	

. andenumeratedas �
� ���������� where � � are the el-
ementsof theset.

2 Related Work

In thissection,webrie�y discusssomeof theexisting
literatureon recommendersystems,collaborative �lter -
ing (CF)andco-clustering.

Automatedrecommendersystemscanbebroadlyclas-
si�ed into two groups– (i) content-based�ltering sys-
tems[6, 4] thatpredictpreferencesbasedon thecontent
of theitemsandtheexplicit interestsof theusers,and(ii)
collaborative�ltering systems[15] thatmakepredictions
basedsolely on theknown ratingsof similar users.The
relative performanceof thesetechniquesdependson the
sparsityof theknown ratings.However, recentadvances
in internetanddatabasetechnologyhavemadeit feasible
to collectlargenumberof user-productratingswith little
or no effort on part of users,thusmakingcollaborative
�ltering asuperiorandmorepracticalapproach[15].

A numberof collaborative �ltering techniqueshave
beenproposedin the literature,of which the mostpop-
ular onesare thosebasedon correlationcriteria [12, 6]
andmatrix factorization[13, 17]. Thecorrelation-based
techniquesusesimilarity measuressuchasPearsoncor-
relation [12] andcosinesimilarity [16] to determinea
neighborhoodof like-mindedusersfor eachuserandthen
predictthe user's rating for a productasa weightedav-
erageof ratingsof theneighbors.Thoughreasonablyac-
curate,correlation-basedtechniqueshave muchreduced
coveragesincethey cannotdetectitem synonymy. They
arealso computationallyvery expensive as the correla-
tion betweenevery pair of usersneedsto be computed
duringthetrainingphase.

ThematrixfactorizationapproachesincludeSVD [13]
andNNMF-based[17, 10] �ltering techniquesthat pre-
dict the unknown ratingsbasedon a low rank approxi-
mationof theoriginal ratingsmatrix. Themissingvalues
in the original matrix are �lled usingaveragevaluesof
therows or columns.Unlike correlation-basedmethods,
the matrix factorizationtechniquestreat the usersand
itemssymmetricallyandhence,handleitem synonymy
and sparsityin a better fashion. However, the training
componentof thesetechniquesis computationallyinten-
sive making it impractical to have frequentre-training.
Incrementalversionsof SVD basedonfolding-in andex-
actrank-1updates[14, 5] partiallyalleviatethisproblem.
However, theupdateoperationsarealsonotveryef�cient
sincethe effects of small updatesto the ratingsmatrix

arenot localized. In additionto the two classesof tech-
niquesdescribedabove, therehasalsobeenwork on CF
approachesbasedon user-clustering[18] andhorting[2]
– agraphbasedapproachfor identifyingtheneighborsof
a user.

The CF approachwe considerin this paperis based
on a specialcaseof theweightedBregmanco-clustering
algorithmpresentedin [3]. Therehasbeena lot of work
on co-clustering[8, 7], most of which was focusedon
handlingsparsityanddimensionalityreductionissuesin
text andmicro-arrayanalysis. A crucial differencebe-
tween [3] andearlier co-clusteringwork is the formu-
lation of the co-clusteringproblemasa matrix approxi-
mationproblemwith non-uniformweightson the input
matrix elements.Sincethe predictionof unknown rat-
ings (weight=0)canbe posedasa weightedmatrix ap-
proximationproblem,it is possibleto now employ a CF
approachbasedonco-clustering.

The co-clusteringapproachis similar to the correla-
tion and clustering-basedtechniquesin the sensethat
neighborhoodsareemployedfor prediction,themaindif-
ferencebeingthat both usersanditemsareclusteredso
thatitemsynonymyceasesto beaproblem.Further, asin
thecaseof SVD andNNMF, theco-clusteringalgorithm
alsooptimizestheapproximationerrorof a low parame-
ter reconstructionof theratingsmatrix. However, unlike
SVD andNNMF, theeffectsof changesin theratingsma-
trix arelocalizedwhichmakesit possibleto haveef�cient
incrementalupdates.

3 Problem Definition

We now formulate the recommendationproblem in
termsof predictingtheunknown ratings.Usinga matrix
representation,we transformthis problemto a weighted
matrix approximation problem and motivate the co-
clusteringbasedapproachfor solvingit.

Let ������� ���������� bethesetof userssuchthat � ��� �"!
and #$�%�
& � ����
��� bethesetof itemssuchthat � #'�(��) .
Let

�
be the !+*,) ratingsmatrix suchthat

�-���
is the

ratingof theuser� � for theitem & � andlet . bethe !$*) matrix correspondingto the con�denceof the ratings
in

�
. In theabsenceof explicit con�denceinformation,

we assume. ��� �0/ when the rating is known and 1
otherwise.

In a staticsetting,thesetof users,thesetof itemsand
theknown ratingsare�x edandthemainproblemin rec-
ommendersystemsinvolvesguessinganunknown rating
for anexistinguseranditempair, i.e.,oneof themissing
elementsin

�
. The predictedratingscan thenbe used

to generatethe top-N recommendationsif required. A
naturalapproachto this rating predictionproblemis to
assumethatthematrixhasa certainlow parameterstruc-
ture,deducetheparametersof thestructurebasedon the
available ratingsso that a certain loss function is min-
imized, and then usea matrix reconstructionbasedon
this structurefor predictingthemissingvalues.To make



thisapproachconcrete,weneedto specifytheclassof al-
lowedstructuresaswell asthelossfunctionusedto mea-
surethe approximationerror. Usually, the lossfunction
is chosento be the squarederror and the classof cho-
senstructuresdeterminesthe techniquebeing adopted.
For example,whenthe imposedstructureis a low rank
approximationwith no constraints,the bestapproxima-
tion is obtainedusingSVD (assumingthemissingvalues
aresuitablyhandled),thusleadingto theSVD-basedap-
proach[13]. Similarly, whenthe imposedstructureis a
low rank 2 approximationthatcanbefactorizedinto non-
negativematricesof sizes!3*42 and 25*') , thebestap-
proximationis obtainedusingtheNNMF algorithm[11].
Thoughpowerful in termsof the approximationability,
thesetwo approachessuffer from thedrawbackthatsmall
changesin theoriginalmatrix

�
couldleadto changesin

mostof theparametersin theapproximation(i.e. changes
arenot localized),makingit dif�cult to designincremen-
tal trainingalgorithms.

To addresstheseconcerns,we considerlow parame-
terapproximationsbasedonsimultaneousclustering(co-
clustering)of usersanditemsin theratingsmatrix

�
. Let6%7 � / �98
898:� ! �<;= � / �9898
8 2 � and > 7 �?/ �98
898@� ) �";=

� / �98
898@�
A � denotethe userand item clusteringwhere 2
and

A
are numberof userand item clusters. The sim-

plestapproximationschemebasedonco-clusteringis the
one whereeachmissingrating is approximatedby the
averagevalue in the correspondingco-cluster. In this
case,theapproximatematrix hasonly 2 A parametersand
might not beableto provideaccuracy comparableto the
SVD andNNMF-basedapproaches.Hence,we consider
a morecomplex approximationthat incorporatesthe bi-
asesof the individual usersand items by including the
terms(useraverage- userclusteraverage)and(item av-
erage- item clusteraverage)in additionto theco-cluster
average.Theapproximatematrix B� is givenby

B�C�D� � �CE�FGEHJI KML �CN�,O �CN:EHQP�KRL �CE�SO �CEGEITP (3.1)

where UV� 6 LXW�P , Y<�$> L�Z[P and
� N� � � E�

arethe av-
erageratingsof user � � anditem & � , and

� EGF�EHJI ,
� NH]\

and
� EGEI aretheaverageratingsof thecorrespondingco-

cluster, user-clusteranditem-clusterrespectively, i.e.,

�^EGFGEH_I �
` ��acb d
e���a�fX� H ` �
agb h?e��
a�fX� I �C� a � a` � a b d
e�� a fX� H ` � a b h eD� a fX� I . � a � a

�^N:EH �
` � a b d9e�� a fX� H ` �� a ��� �^� a � a` ��acb d
e���a�fX� H ` ��
a���� . � a � a

� E�EI �
` �� a ��� ` � a b h?e�� a fX� I � � a � a` �� a ��� ` � a b h?e�� a fX� I . � a � a

� N� �
` ��
a���� �C�D� a` �� a ��� . �D� a � E� �

` �� a �i� �C� a �` �� a ��� . � a �

It canbeshown [3] thattheapproximationmatrix B� is
theleastsquaressolutionthatpreservestheuser, itemand
co-clusteraverages,or in otherwords,it is thebestaddi-
tive approximationto

�
given thesesummarystatistics.

Using B� , we can now posethe predictionof unknown
ratingsasa co-clusteringproblemwherewe seekto �nd
theoptimaluseranditem clustering L 6 � > P suchthat the
approximationerrorof B� (which is a functionof L 6 � > P )
with respectto theknown ratingsof

�
is minimized,i.e.,

jlk�me�d
n h�f
�o �����

�o�
�i� . �D� L �^��� O B�C�D� Pqp (3.2)

where. �D�
ensuresthatonly theknown ratingscontribute

to the lossfunction. [3] presentsan alternateminimiza-
tion basedalgorithmthat is guaranteedto provide a lo-
cally optimalsolutionfor theco-clusteringproblem(3.2).
The resulting co-clustering L 6 � > P can then be usedto
computethevariousaveragesrequiredto estimate B� . In
caseof dynamicscenarios,the known ratingsmatrix

�
varieswith time andhence,we require B� to adaptto the
changesin

�
in an ef�cient manner. Unlike SVD and

NNMF, it is possibleto devisea fastincrementalupdate
for (3.2) by keeping L 6 � > P �x edsincetheavailability of
new ratingsresultsin changesto only afew parametersinB� , i.e., theaveragesof thecorrespondinguser, item and
their respectiveclusters.

4 Collaborative Filtering via Co-clustering

In this section,we describethe three main compo-
nentsof our collaborative �ltering approachbasedon
co-clustering— (i) static training, which involves co-
clusteringthe ratingsmatrix andcomputingthe various
summarystatisticsusedfor prediction, (ii) prediction,
whichconsistsof estimatinganunknown ratingfrom the
varioussummarystatistics,and(iii) incremental training,
which involvesupdatingthesummarystatisticsbasedon
incomingratings.

4.1 Static Training

Themainobjectiveof thestatictrainingcomponentis
to computeall the parametersthat are requiredfor fast
predictionof the unknown rating. In our co-clustering
basedapproach,this essentially involves solving the
problem(3.2)assumingtheratingsmatrix

�
is �x edand

estimatingtheaverages
� EGF�E

,
� N:E

,
� E�E

,
� N

and
� E

usingthe optimal co-clusteringL 6 � > P . We performthis
using the appropriateinstantiationof the Bregmanco-
clusteringalgorithmpresentedin [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 convergenceis achieved.Since
theobjective function in (3.2) canbewritten asthesum
of contributionsfrom the individual rows (or columns),



theoptimal row clustering(or columnclustering)canbe
readilyobtainedby �nding theappropriateclusterassign-
mentfor eachrow (or column).Algorithm 1 providesthe
detailsof thevarioussteps.

Since the ratings matrix
�

is likely to be sparse,
it is possiblethat there are no known ratings in cer-
tain co-clustersand in such cases,we replacethe co-
clusteraverageby the global averagevalue. It is also
important to note that the row and column assignment
stepsof Algorithm 1 can be implementedef�ciently
by pre-computingthe invariantpartsof the updatecost
functions. For example, the matrix

�^r �]s �
de�ned by� r �]s ��D� � � �D� O � N� O � E�

canbecomputedattheverybe-
ginning. Now, for any ��t � �������� and uv� �� ` ����i� t � , we
notethat

` ������ L t � Oxw P p � ` ������ L t � O u P p K ) L u Oxw P p
so that minimizing the L.H.S is equivalent to minimiz-
ing L u Ovw P p . Usingtheabove property, it canbeshown
that minimizing the row updatecost function is equiva-
lent to minimizing

� r �ys p�zh?e��
f O � EGF�EH h?e��
f K � N:EH where
�Cr �]s p

is given by
� r �]s p� I �|{~} ac� �9� } a��z�?�@�:���@���� } a{~} ag� �9� } a��z�?��� � } a K � EGEI andcan

becomputedbeforetherow clusterassignmentstep.The
column cluster assignmentstep can be similarly sim-
pli�ed by computinga 2�*�) matrix

�Cr �]s9�
such that� r �]s9�H � � { � ag� �q� � a��z�?� � ���@���� a }{ � ag� �q� � a��z�?� � � a } K � N:EH . Further, since

�
is

a sparsematrix andthe objective function is basedonly
on the known ratings(i.e., . �D����+1 ), it is possibleto
speedup theco-clusteringalgorithmby storingonly the
relevantvaluesin

�Cr �]s � � ��r �]s p and
��r �]s p .

Assumingthe above ef�cient implementationof the
algorithm, the computationaltime for obtainingmatri-
ces

�Cr �]s �
,
��r �]s p and

�Cr �]s9�
is linear in the number

of non-zerosin
�

. Eachiterationof the algorithmfur-
ther involvesobtainingthe optimal row andcolumnas-
signments. For the row cluster assignment,the com-
putationaltime requiredis � L !�2 A P sinceeachrow of
the !�* A

matrix
��r �]s p needsto be comparedwith

the 2 possiblealternativescorrespondingto thedifferent
row clusters.Similarly, the computationaltime for col-
umnassignmentsis � L )G2 A P . Therefore,assuminga con-
stantnumberof iterations,the overall computationtime
is � L . H������ K !�2 A K )G2 A P where . H����
�

is the number
of non-zerosin

�
. Table1 comparesthe computational

time requiredfor the variouscollaborative �ltering ap-
proaches.

4.2 Prediction

In our approach,thepredictionof unknown ratingsis
performedby suitably combiningthe varioussummary
statistics. When the requestedrating is for an existing
useranditem, the predictionis straightforward andde-
terminedby (3.1). Whentheuseris new andthe item is
an existing one,the predictedvalueis the item average.
Similarly, whenthe item is new andtheuseris anexist-
ing one,thepredictedvaluetheuseraverage.Whenboth
theuseranditemarenew, thereis nospeci�c information

Algorithm 1 StaticTrainingvia Co-clustering
Input: RatingsMatrix � , Non-zerosmatrix � , #row clusters 

, #col. clusters¡ .
Output: Locally optimal co-clustering ¢�£¥¤c¦¨§ and averages�ª©¬«­©®¤9�ª¯(©®¤9�ª©¬©®¤9�°¯�¤ and �ª© .
Method:

1. Randomlyinitialize ¢�£¥¤±¦¨§ .
repeat

2a.Computeaverages�²©¨«@©i¤9�°¯(©i¤9�°©¨©®¤9�°¯ and �°© .
2b. Updaterow clusterassignments£(¢�³c§�´Vµ9¶�·
¸�¹Dº»�¼[½J¼(¾À¿VÁÂ
Ã » �'Ä Â ¢X�ÅÄ Â]Æ � ©¨«@©½qÇ�È Â
É Æ � ¯ÄÀÊ � ¯(©½

Æ �°©Â Ê �ª©¬©Ç�È Â�É §�Ë9¤'Ì²ÍÎ³�ÍÎÏ
2c. Updatecolumnclusterassignments¦:¢zÐÑ§�´VµJ¶�·�¸�¹Dº»�¼(Ò�¼[Ó�¿vÔÄ Ã » �ÕÄ Â ¢X�ªÄ Â]Æ �°©¨«@©Ö È Ä É Ò Æ �°¯Ä~Ê �ª¯(©Ö È Ä É

Æ � ©Â Ê � ©¨©Ò § Ë ¤ÕÌ²Í5Ð×ÍÎØ
until convergence

Table 1. Comparison of computational
times of various CF algorithms. In case
of SVD and NNMF, 2 is the rank of the
appr oximation matrix and for correlation­
based methods, 2 =#neighbor s

Algorithm Static Training Prediction Incr emental
Training

Co-clustering F e � ��Ù�Ú±Û(Ü �²Ý � Ü �ÞÝ � f F e��qf F e��qf
SVD F e �°ß�� Ü �áà f 1 F e Ý f F e � ��Ù�ÚcÛ f

NNMF F e � ��Ù�Ú±Û Ý f F e Ý f —
Correlation F e � � ��Ù�ÚcÛ f F e Ý f F e � ��Ù�ÚcÛ f

andwejustreturntheglobalaverageof all theknown rat-
ings.Algorithm2 showsthedetailsof predictionprocess,
which canbe readilyseento be a constanttime ( � L / P )
operation.

Algorithm 2 Prediction

Input: �°¯�¤��ª¯¨©i¤��ª©i¤��°©¨©â¤��°©¥ã�©i¤q� ½�Ó ãqä , co-clustering¢�£¥¤c¦¨§
userset å , item set æ , userç(Ä , item è Â .

Output: Rating é
Method:

Caseç¥ÄGê×å andè Â êÀæ : ë old user-old item ìí^î £(¢�³g§ , ï î ¦@¢zÐÑ§é î �ÅÄg¯ Ê � Â © Æ � ½ ¯(© Æ � Ò ©¬© Ê � ½�Ò ©¥ã
©
Caseç¥ÄGê×å andè ÂñðêÀæ : ë old user-new item ìí^î £(¢�³g§ , é î �ªÄò¯
Caseç¥Ä ðê×å andè Â êÀæ : ë new user-old item ìï î ¦:¢zÐÑ§ , é î � Â ©
Caseç¥Ä ðê×å andè ÂñðêÀæ : ë new user-new item ìé î � ½�Ó ãqä

4.3 Incremental Training

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



Algorithm 3 IncrementalTraining

Input: Matrix averages � ¯ ¤�� ¯(© ¤�� © ¤q� ©¨© ¤�� ©¥ã
© ¤�� ½
Ó ã
ä ,
Non-zero counts �<¯�¤q�<¯(©i¤q�<©i¤q��©¬©i¤q�<©¥ã
©i¤q� ½
Ó ã
ä ,
co-clustering¢�£¥¤c¦¨§ usersetå , item set æ , userç(Ä , item è Â .

Output: Updatedmatrixaveragesandnon-zerocounts
Method:

1. Identify user-item clusters
Caseç¥Ä�ê�å andè Â êlæ : ë old user-old item ìí-î £(¢�³g§ , ï î ¦:¢zÐÑ§
Caseç¥Ä�ê�å andè Â�ðêlæ : ë old user-new item ìí-î £(¢�³g§ , ï îôó , ¦:¢zÐÑ§ îôó , æ î æ�õ�ë�è Â ì
Caseç¥Ä ðê�å andè Â êlæ : ë new user-old item ìí-îôó , ï î ¦@¢zÐÑ§ , £(¢�³g§ îôó , å î å õ ëJç¥Äcì
Caseç¥Ä ðêñå andè ÂöðêÀæ : ë new user-new item ìí-îôó , ï îôó , £(¢�³g§ îôó , ¦:¢zÐÑ§ îôó
å î å5õ�ë_ç¥Äcì , æ î æ�õ�ë�è Â ì

2. Updatethematrix averages
3. Incrementnon-zerocounts

thoughquite ef�cient, is primarily designedfor a static
settingwheretheusers,itemsandtheratingsare�x ed.

However, completelyignoring the informationin the
new ratingscouldresultin poorperformance.To 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
thenew ratings.Whenthenew ratingcorrespondsto an
existing useranditem, it is straightforwardto updatethe
correspondingaverages.However, wheneitherthe user
or item is new, then thereis no clusterassignmentfor
this new entity. To resolve this problem,we temporar-
ily assignthe new entity to a global transitionalcluster
(indexed by 1 ) and updatethe correspondingaverages.
During the next run of the co-clusteringalgorithm, the
usersin theglobaluserclusterandtheitemsin theglobal
itemclusterarereassignedto oneof regularuseranditem
clusters.Algorithm 3 shows thedetailsof thepartialup-
dateprocedure,which is alsoa constanttime ( � L / P ) op-
eration.

5 Scalable Collaborative Filtering System

In this section,we describea real-timecollaborative
�ltering systembasedon theco-clusteringapproachpre-
sentedin Section4. We alsoproposeparallelversionsof
co-clustering,predictionandincrementaltrainingroutine
to furtherimprovethescalabilityof our approach.

5.1 CF-System Description

FromSection4, wenotethattherearethreemainrou-
tinesin ourcollaborative�ltering approach.Of these,the
predictionandincrementaltraining routinescanbe per-
formedextremelyfastwhile thestatictrainingprocessis
relatively slow. Sincea userrequiresa fastresponsedur-
ing the predictionand incrementaltraining phases,it is
essentialtoseparatethesefromthestatictrainingprocess.

Therefore,wedesignasimplecollaborative�ltering sys-
tem(shown in Figure1)assumingtwo parallelprocessors÷ �

and
÷ p (which couldbethreadsin a singleprocessor

aswell) where
÷ �

handlesthepredictionandincremental
trainingand

÷ p is responsiblefor thestatictraining.Pro-
cessor

÷ �
, therefore,mainly interactsonly with thesum-

marystatistics(say ø ) , i.e., readsthesummarystatistics
duringpredictionandupdatesit duringincrementaltrain-
ing. Duringincrementaltraining

÷ �
, alsoupdatestheraw

ratings.On theotherhand,processor
÷ p repeatedlyper-

formsco-clusteringby readingthecurrentratingsmatrix�
and updating ø when done. To ensureconsistency,

the dataobjects
�

and ø arestoredin two parts— (a)
stablevalues

� e r f � ø e r f at the end of ù r I co-clustering,
and(b) incrementsú � e r f � úÀø e r f . At theendof eachco-
clusteringrun, the two partsaremergedto obtaina new
setof stablevalues.

Thoughreasonablyef�cient, thesystemshown in Fig-
ure1 might not beadequatewhentheratingsmatrix and
the summarystatisticsare too large to be storedin the
main memoryof a singleprocessor, for example,in the
caseof anewspersonalizationapplicationinvolving mil-
lions of usersandarticles. In sucha situation,a natural
solutionis to useadistributedmemoryrepresentationfor
thedataobjectssothateachof theprocessors

÷ �
and

÷ p
are in fact clustersof processors.In order to maintain
scalabilityof sucha CF system,it is importantto design
ef�cient parallelversionsof thevariousCFoperations.

P1 P2

A

S AD D

New ratings

Known ratingsSummary
Statistics S

Updates to

Summary Statistics

Co�clustering

Incremental Training
Prediction

Figure 1. Collaborative Filtering System

5.2 Parallel Collaborative Filtering

The parallelizationof
÷ �

and
÷ p are independentof

eachother and dependon the distribution of ø and
�

respectively. In fact, it might often be morepracticalto
parallelizethe operationsof only oneof the processors
dependingon theapplication.

Parallel Co-clustering (
÷ p ). To obtaina parallelver-

sionof theco-clusteringalgorithm,wenotethatthereare
threemainstepsin eachiterationof theco-clusteringal-
gorithm -(i) computingthe matrix averages,(ii) obtain-
ing the row clusterassignments,and (iii) obtainingthe
column clusterassignments.Further, given the matrix
averages,theseparabilityof the row andcolumnupdate
costfunctionsallowsusto separately�nd theoptimalas-
signmentfor eachrow andcolumn. Using this inherent



Algorithm 4 ParallelCo-clustering
Input: RatingsMatrix � , Non-zerosmatrix � , #row clusters 

, #col. clusters¡ .
Output: Locally optimal co-clustering ¢�£¥¤g¦¨§ and averages�°©¨«@©i¤9�°¯(©i¤9�°©¨©®¤9�°¯G¤ and �°© .
Method:

Processorè getssub-matrices�ªûcü ( Ï ü�ý Ø ) & �ÅþXü ( Ï ý Ø ü )
1. Randomlyinitialize ¢�£ÑüÞ¤±¦?ü�§ .
repeat

2a. Computepartial contributionsto matrix averagesand
non-zerocountsbasedon � ûcü and � þòü .
2b. Accumulatethepartial contributionsto obtainoverall
matrix averages.
2c. Updaterow assignments£Ñü for all rows in �ªûcü .
2d. Updatecolumnassignments¦?ü for all columnsin �Åþòü .

until convergence
3. Concatenatetheclustermaps¢�£ÑüÞ¤±¦?ü�§ to obtain ¢�£¥¤c¦¨§

dataparallelism,we proposea parallelversionof theco-
clusteringalgorithm(Algorithm 4). The key idea is to
divide the rows and columnsamongthe processorsso
that the steps(ii) and(iii) canbe completelyperformed
in parallel. For step(i),thedifferentprocessorscompute
theirpartialcontributionswhicharethencombinedto ob-
taintheoverallmatrixaverages.To analyzethecomputa-
tionalcomplexity, weassumethatthematrix is denseand
equallypartitionedamongÿ processorssothatprocessor& owns ! s �"!��Jÿ rowsand ) s �")��_ÿ columns.Since
eachprocessoronly ownsa fractionof

�
, thecomputa-

tionof thepartialcontributionsto thevariousclusteraver-
agestakesonly � L !5)��_ÿ P operationswhile theaccumu-
lationof thesecontributionsrequires� L ÿx2 A P operations.
Therow andclusterassignmentoperationfurtherrequire� L ! s 2 A K ) s 2 A P operations.Hence,theoverall compu-
tation time of the algorithmis � L �°�

Ü �²Ý � Ü �ÞÝ �� K ÿx2 A P
which correspondsto almost linear speedupassumingÿ���� L ! K ) P andignoringthecommunicationcosts.
For a sparsematrix, onemight have to usea more so-
phisticatedpartitioningschemeto ensurethat the loadis
evenlybalancedin orderto obtainagoodspeedup.

Parallel Prediction and Incr ementalTraining (
÷ �

).
Whenthe summarystatisticscannotbe storedon a sin-
gle processor, we canparallelizethe predictionand in-
crementaltraining routinesby distributing the summary
statisticsbasedon the userand item clusters. The key
ideais to separateout the tasksof determiningthe user
anditem clusterscorrespondingto a request(or submis-
sion) and performingthe actualcomputation. When a
ratingis requested(or submitted)for a particularuser � �
anditem & � , theroot processor�rst determinestheclus-
tersto which thesebelongusingthe locally storedclus-
ter mappingsanddirectstherequestto a slave processor
thatownstheseclusters.In caseof new usersanditems,
the root processormapsthem to the global transitional
clusteranddirectsthemto anappropriateslaveprocessor.
Theslaveprocessorthenperformstheactualcomputation
involvedin thepredictionor incrementaltraining.

6 Experimental Results

In this section,we provide empiricalevidenceshow-
ing that our co-clustering-basedapproachcan provide
high quality predictionson unknown ratingswith much
lowercomputationaleffort ascomparedto traditionalcol-
laborative �ltering techniques.We alsostudythe scala-
bility bene�tsof parallelizingtheco-clustering.

6.1 Datasets and Algorithms

Weusedtwo publiclyavailabledatasets(MovieLens
andBookCrossing dataset)for our experiments.The
MovieLens dataset (http://www.grouplens.org/data/)
consistsof 100,000ratings(1-5)by 943 userson 1682
movieswhereasthe BookCrossing dataset[19] con-
sists of 269392 explicit ratings(1-10)by 47034 users
for 133438 books. We also created 10 subsets
(Movie1-Movie10 ) of the MovieLens dataseteach
containing a fraction (10-100%) of the total ratings.
We compared the performanceof our co-clustering
basedapproachwith SVD [13], NNMF [10] and clas-
sic correlation-basedcollaborative �ltering [12]. An in-
crementalSVD-basedapproach[14] using a folding in
techniquewasalsoimplementedin orderto evaluatethe
predictionaccuracy in dynamicscenarioswith changing
ratings.Thealgorithmswereall implementedin C++and
MPI (for parallelversion). For implementingthe SVD-
basedapproach,we useda highly �ne-tuned Fortranli-
braryLAPACK [1] to getreliabletiming measurements.

6.2 Evaluation Methodology

To studytheperformanceof ourcollaborative�ltering
approach,we focusedon threeevaluationmetricscorre-
spondingto predictionaccuracy, statictrainingtime and
predictiontime. The predictionaccuracy wasmeasured
usingthemeanabsoluteerror(MAE), which is theaver-
ageof theabsolutevaluesof the errorsover all thepre-
dictions. Thestatictrainingtime wasestimatedin terms
of theCPUtime takenfor thecoretrainingroutines(viz.
co-clusteringandSVD) while thepredictiontimewases-
timatedby averagingover the responsetime taken for
all the predictions. All the timing measurementswere
obtainedon a Linux Beowulf clusterconsistingof 256
AMD OpteronModel 240 processors(1.4Ghz)on 128
computenodeswith 384GBRAM.

For evaluatingthepredictionaccuracy, we createdten
80-20%randomtrain-testsplitsof thedatasetsandaver-
agedthe resultsover the varioussplits. We considered
two scenarios,—(i) statictesting,wherethe known rat-
ings do not change,and(ii) dynamictesting,wherethe
ratingsare updatedincrementally. In the caseof static
testing,the predictionaccuracy wasobtainedfor all the
four algorithms,whereasthe dynamictestingaccuracy
wasobtainedonly for the co-clusteringandSVD-based
methodssincethe other techniquesdo not have an in-
crementallearningcomponent.Thetrainingtiming mea-
surementswere 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 �
	 � �
� �
	 ��� �
	 � p � �
	 ��� �
	 ��� � �
	 ��� �
	 ��� � �
	 ���
Mov2 �
	 � �
� �
	 � � �
	 ��� � �
	 � � �
	 ��� � �
	 � p �
	 � p � �
	 � �
Mov3 �
	 � p � �
	 � � �
	 � �
� �
	 � � �
	 ��� � �
	 � p �
	 � � � �
	 � �

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

Data SVD COCLUST
Mov1 �
	 ����� � ��	 ��� p �
	 ��� � � �
	 �����
Mov2 �
	 ��� � � ��	 ����� �
	 ����� � �
	 �����
Mov3 �
	 ����� � ��	 ��� p �
	 ����� � �
	 ��� �

SVD basedapproachsince our implementationof the
NNMF andthecorrelation-basedCF techniqueswasnot
necessarilyef�cient andresultedin largetrainingtimes.

Theparametersof thedifferentalgorithmswerevaried
basedontheexperiment.In all ourexperiments,thenum-
berof row andcolumnclustersandtherankparameterof
theSVD, NNMF algorithmswaschosento be identical.
Thenumberof neighborsin thecorrelation-basedCF al-
gorithm wasset to a �x ed number. Sinceco-clustering
andthe NNMF algorithmsonly provide locally optimal
results,we performedmultiple (5 runs) of thesealgo-
rithmsandpickedthebestsolution.

6.3 Results and Discussion

Wenow presenttheexperimentalresultsshowing how
thepredictionaccuracy, theaveragepredictiontime and
the training time dependon the algorithm, size of the
datasetsandthenumberof predictionparameters.

Prediction accuracy vs. Choice of CF-algorithm.
Tables2 and 3 show the meanabsoluteerror obtained
using the differentcollaborative �ltering algorithmsfor
static and dynamic scenariosrespectively. In all the
cases,the numberof row and column clustersand the
rank(for SVD,NNMF) wassetto 3. Fromthetables,we
note that all the algorithmsincluding the co-clustering-
basedapproachprovide approximatelythe sameaccu-
racy for thestaticscenario.For thedynamicscenario,the
SVD-basedapproachis theonly othertechniquewith an
incrementaltrainingcomponentandagain,theaccuracies
obtainedarecomparable.It shouldbenotedthat theco-
clusteringapproachrequiredfewer parametersand less
trainingtimecomparedto all theothermethods.

Prediction accuracyvs. #Prediction parameters.
Figures2 (a) and (b) show the variationsof the mean
absoluteerror with the numberof row/column clusters
(equalto rank 2 ) andthe numberof predictionparame-
tersrespectively for thedifferentalgorithmsonMovie3
dataset. The numberof prediction parameterscorre-
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Figure 2. Variation of mean absolute error
with #prediction parameter s

Table 4. Average prediction time (in u s)

SVD NNMF COCLUST
k=2 p 	 ��� p 	 ��� p 	 p �
k=10 � 	 p � � 	 � � p 	 p �

spondsto theextrastoragerequiredin additionto theraw
ratingsmatrix. In caseof theco-clusteringapproach,the
predictionparametersarethevarioussummarystatistics
( L ! K ) K 2 A O 2 O A P values)whereasin caseof SVD and
NNMF, thesearethematrix factors( L ! K ) P9L 2 K A P val-
ues).Fromthe�gure, wenotethatpredictionaccuracy is
optimalat a certain 2 andthendeteriorateswith increas-
ing 2 . The �gure also clearly shows the differencein
thenumberof predictionparametersrequiredfor theco-
clusteringandtheothermatrix factorizationapproaches.

Prediction time vs. Choiceof CF-algorithm. Table
4 shows the averagepredictiontime for the variousCF
algorithmson theMovieLens dataset.In all thecases,
the predictiontime is reasonablylow, thoughthe SVD,
NNMF-basedapproachesshow a small increasewith in-
creasing2 .

Training time vs. Data setsize. Figure3 shows the
variationof the static training time with the sizeof the
dataset(#known ratings)for theco-clusteringandSVD-
basedmethodsontheMovieLens dataset.Fromthe�g-
ure,we observe that theco-clusteringapproachis much
fasterthantheSVD-basedmethodin spiteof thefactthat
the SVD-basedmethodusesan optimizedlibrary while
theco-clusteringalgorithmdid not. In our experiments,
theNNMF andcorrelationbasedmethodswerefoundto
be even slower thanSVD, but we do not report the re-
sultsdueto thevariationsin theimplementation.There-
sultsalsoindicatethat the training time of co-clustering
approachincreasesat a muchlower ratethanthatof the
SVD-basedapproach.

Training time vs. Number of processors.Figure4
shows how the computationaltime of the co-clustering
algorithmvarieswith the numberof processorson four
differentdatasets.From the �gures, we note that there
is reasonable(though sub-linear)speedupdue to par-
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allelization. In particular, the trendson Movie5 and
MovieLens indicatethat parallelizationis morebene-
�cial for largerdatasetssincethecomputationalcostsare
muchhigherthanthecommunicationcostsin thatcase.

7 Conclusion and Future Work

Recommendersystemsbasedon collaborative �lter -
ing areproving to be extremelyuseful for a numberof
online activities suchas e-commerce. However, there
remainimportantchallengesthat needto be addressed,
speciallywith regard to scalability and deployment for
dynamicscenarioswherenew users,items and ratings
enterthe systemat a rapid rate. In this paper, we pre-
senteda new dynamic collaborative �ltering approach
basedonsimultaneousclusteringof usersanditems.Em-
pirical resultsindicatethatourapproachcanprovidehigh
quality predictionsat a much lower computationalcost
comparedto traditional correlationandSVD-basedap-
proaches.We alsoproposedparallelversionsof thevari-
ouscomponentsof ourcollaborative�ltering approachto
make it scalablefor largedatasetscontainingmillions of
usersanditems.In future,we planto extendour work in
threemaindirections— (i) exploringadivisivehierarchi-

cal clusteringsetupthatcouldbemoresuitablefor real-
time adaptationaswell asfor identifying theappropriate
numberof user/itemclusters,(ii) adaptingourcollabora-
tive �ltering approachfor streamingdataitemssuchas
news articlesby modifying the weight matrix . based
on timeprogression,and(iii) investigatingthesuitability
of co-clusteringalgorithmsbasedon lossfunctionsother
thansquarederror.
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