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Abstract

SingularValue Decomposition(SVD),togetherwith the
Expectation-MaximizatiofEM) procedue, can be used
to nd a low-dimensionmodel that maximizesthe log-
likelihoodof observedatingsin recommendatiosystems.
However, thecomputationatostof thisapproac is a major
concern,sinceead iteration of the EM algorithmrequires
a new SVDcomputationWe presenta novel algorithmthat
incorporatesSVDapptoximationinto the EM procedue to
reduceheoverall computationatostwhile maintainingac-
curate predictions.Furthermoe, we proposea new frame-
workfor collaborating Itering in distributedrecommenda-
tion systemshat allows usess to maintaintheir ownrating
pro les for privacy A serverperiodically collectsaggre-
gateinformationfromthoseusesthatare onlineto provide
predictionsfor all uses. Boththeoetical analysisand ex-
perimentalresultsshowthatthis framevorkis effectiveand
achievesalmostthe samepredictionperformanceasthat of
centializedsystems.

Keywords: CollaborativeFiltering, SVDApproximation,
EM Procedue.

1. Intr oduction

Collaboratve Filtering analyzesa user preferences

databas¢o predictadditionalproductsor servicesn which
ausermightbeinterestedThegoalis to predictthe prefer
encef auserbasednthepreferencesf otherswith sim-
ilar tastes. Therearetwo generalclassef collaboratve
Itering algorithms. Memory basedalgorithms[2, 11, 14]
operateover theentiredatabaséo make predictions Model
basedalgorithms[1, 4, 6, 12, 13] usethe databaseo esti-
mateor learna modelfor predictions.

Low-dimensioninearmodelsareapopularmeando de-
scribe user preferences.The following are representatie

state-of-the-artollaboratve Itering algorithms:[1, 4, 6]
directly assumehat the userpreferenceslatabasés gen-
eratedfrom a linear model, matrix factorizationbasedcol-
laborative Itering methodd3, 9, 15, 16] obtainanexplicit
linear modelto approximatethe original userpreferences
matrix, and[2, 11] usethe Pearsorcorrelationcoefcient,
whichis equialentto alinear t.

If we assumethat users' ratings are generatedfrom
a low-dimension linear model together with Gaussian-
distributednoise the SingularValueDecompositior(SVD)
techniquecanbe usedto nd the linear model that maxi-
mizesthelog-likelihoodof therating matrix, assumingt is
complete.If therating matrix is incomplete asis the case
in real-world systemsSVD cannotbeapplieddirectly. The
Expectation-MaximizatiofEM) procedurd4, 16] canbe
usedto nd the modelthat maximizesthe log-likelihood
of the available ratings, but this requiresa SVD computa-
tion of thewhole matrix for eachEM iteration. As the size
of the rating matrix is usually huge(dueto large numbers
of usersanditemsin typical recommendatiosystems)the
computationatostof SVD becomesnimportantconcern.
DeterministicSVD methodgor computingall singularvec-
torsonanm-by-n matrixtake O(mn?+ m?n) time, andthe
LanczognethodrequiresoughlyO(kmn log(mn)) timeto
approximatehetopk singularvectors[10].

In this work, we presenta novel algorithmbasedon us-
ing an SVD approximationtechniqueto reducethe com-
putationalcostof SVD basedcollaboratve Itering. The
basicideais thatin eachiterationof EM procedurea setof
userrating pro les (rows) are sampledin a way suchthat
thetop k right singularvectorsof the resultingsub-matrix
approximatehetop k right singularvectorsof the original
matrix. Whenthis is done,SVD canbe conductedn this
sub-matrixinsteadof thewholematrixwhile still accurately
updatingall elementsn the matrix.

We further extend this ideato a distributed collabora-
tive Itering scenariowhereuseramaintaintheirown rating



pro les for privagy anda sener periodicallycollectsaggre-
gateinformationfrom onlineuserdn orderto providerating
predictionson demand We shaw thatwith a high probabil-
ity, the rating pro les of a randomsmall set of usersare
capableof makingalmostthe samepredictionsastherating
pro les of all users.

The organizationof this paperis asfollows. Section2
describeghe linear model usedfor rating, explains why
SVD is useful, and explains how the EM procedurecan
be usedin practicalsystems.Section3 presentour algo-
rithm, which incorporateghe SVD approximationinto the
EM procedureandgivesatheoreticahnalysisof it. Section
4 proposeur frameawork for collaboratve Itering in dis-
tributed recommendatiorsystemsand presentsalgorithms
for computingaggreiatesandmakingpredictions.We also
discussalgorithmstability andsuney the securityschemes
thatcanbe usedfor preservingprivagy. Section5 presents
experimentalresultsobtainedfrom real datasets. Finally,
Section6 concludeghepaper

2. Background

Thefundamentaproblemaddressetyy linearmodelsis
how to efciently represent large matrix of userratings.
Denotethe rating matrix asA (m users-byn items); then
A (theithrow of A) is useri'sratingpro le andA;; rep-
resentgherating givenby useri onitemj. De ne matrix
X (m-by-n andwith rank at mostk) asa low-dimension
linearmodelthatapproximatesheratingmatrix A. Hence,
eachelementA; is equalto Xj plusanerrorthatis from
a Gaussiardistribution with zeromeanand standarcddevi-
ation j . For simplicity, we assumeahatall ; areequal
to . ThereforeA;  N(Xj ; ), andthelog-likelihoodof
Aj givenX; followsas

. 1
Iog PI’(Aij inj ) = ﬁ(Aij Xi,- )2 + C:

In this andfollowing equationsC is a constant.If we as-
sumethat Pr(Aj jX; ) areindependentthe log-likelihood
of thewholeratingmatrix A giventhelinearmodelX is
Y
Iog Pr(Aij in,- )
ij
1 X
77 (Aj
1)
Thus,if A is completelyknown, nding the X that maxi-
mizesl@_g Pr(AjX) is equivalentto nding the X thatmin-
imizes' ; (A Xj)?, whichis aleastsquareproblem
andcanbe solved by SVD. If A is factorizedin the form
A = USVT via SVD, thenthe productof the top k left
singularvectorsUy, the diagonalmatrix of the top k sin-
gularvaluesSy, andthetransposef thetop k right singu-
lar vectorsV,| satis eskA  UcScV ke kA Mke

logPr(AjX)

Xjj)?+ C:

for ary matrix M with ranklessthanor equalto k, where
k kg denotegheFrobeniusNorm. Sogivenacompletely
known ratingmatrixA, X = U, ScV,! canbeconsidereds
themostprobableor themostaccuratek-dimensionalinear
modelthatdescribe\.

In realrecommendatiosystemsthe rating matrix A is
incomplete,which meansthat someratings are available
while othersare unknavn (unrated). To dealwith anin-
completerating matrix, one canimpute missingelements
usingsomesimple methodssuchasusinguseraveragesor
item averagesandthen nd the linear modelthat ts the
lled-in rating matrix best. However, imputedvaluesob-
tainedby thesenaive methodsarenotlikely to betrue,and
thusthe linear modelfound may deviate signi cantly from
thetrue model. A betterway to dealwith missingratings,
describedn [4, 16], isto nd themodelthatmaximizeshe
log-likelihoodof all obseredratings(denotedasA°) using
anEM procedure.

The Expectation stepof thetth iterationin the EM pro-
cedureupdatesthe expectedexpressionof the complete-
datalog-likelihood with respectto the unknavn data(de-
noted as A") given the obsered data A° and the cur
rent parameteestimatesx (' Y| which canbe written as
E[logPr(A°; AUjX)jA%; X t D] If Ajj is obsered,

Ellog Pr(A; jX)jA% X ¢ D= 2—12(Aij Xij )2+ C:

If Aj is unknavn, we have E[A; jX{' Y] = X P 1t
IS becauseAj N(Xj ; ), andthe expectedexpression
of Ajj giventhecurrentparameteres:timate)(i(-t Y is thus

j
equalto thatestimate Therefore,

Ellog Pr(A; jX)jA% X (t D]
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By combiningthesetwo cases,

E[log Pr(A°; AYjX )jA%; X (t 1]
= Eflog(Pr(A%X ) Pr(AYjX))jA% X" 1]
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TheMaximization stepof thetth iterationcomputeghe
updatedmodel X (' that maximizesthe expectedexpres-
sion obtainedin the Expectationstep. By equation(1), we
know thatX (! shouldbe the matrix thatminimizes

(Aj X))+
Aij 2A°

(Xiﬁt Voox)x
Aij 2AUY

Denoteas A a lled-in matrix whoseunknavn entries
havebeenlled infromX ( D je,

Al — Ajj if Ajj is obsered
" Xiﬁt Y if Ay is unknavn

. Thus, the pbjective becomesnding the modelX ) that
minimizes (A" Xj)?. As shavn above, this prob-
lem canbe solved by performingSVD on A(M) to calculate
thebestrankk approximatiorto it.

The EM procedureis ensuredto corverge [8], which
meanghatthe log-likelihood of all obsened ratingsgiven
the currentmodel estimateis always nondecreasing Be-
causeA; is from a Gaussiardistribution with X;; asits
mean,given X;; Pr(Aj jX;j ) obtainsits maximumwhen
Aj is equalto Xj . Thus, Xj is the bestpredictionfor
useri'sratingonitemj .

3. SVD Approximation in Centralized Recom-
mendation Systems

In this section,we discusshow to useSVD approxima-
tion to reducethe computationatostof the SVD basectol-
laborative ltering in traditional centralizedrecommenda-
tion systemswherethe sener keepsall users'rating pro-

les. If thesenerusesthe EM procedureshovn in Section
2, the computationalkcostwill bel O(mn? + m?n), in
whichl is thenumberof iterationsof the EM procedureand
O(mn?+ m?n) is thecomputationatostof performingde-
terministic SVD on an m(users)-byn(items) matrix. This
costis expensve becausen andn canbe very largein a
recommendatiosystemfrom thousands$o millions.

The SVD Approximationtechniqueof Drineasetal. [5]
shaws thatfor ary matrix A (m-by-n), if ¢ rows aresam-
pledandscaledappropriatelythetop right singularvectors
of thenew matrix C (c-by-n) approximatehetop right sin-
gularvectorsof A. More formally, assumehatin picking
acertainrow for C, the probabilitythattheith row in A is
picked (denotedasp;) is suchthat p; KA (iyk?=kAKZ ,
where is aconstanandk Kk, denotinga vector's length,
is equalto the squaredoot of the sumof the squaresf all
its elementsandsupposehatif A is picked,Aj)=" cpy
will beincludedasarow in C. DenoteH (n-by-k) asthe
matrix formedby thetop k right singularvectorsof C and

Ax (Ax = Uy SkaT) asthe bestrank k approximationto
A. It followsthatforaryc nand > 0,

S
P
KA AgkZ+2(1+ 8In(2=)) %kAkE:
(2)

In addition,if pi = kA,k?=kAkZ , whichimpliesthat is
equalto one,

KA AHHTk2

r
KA AkZ +2(1+ P 8In(2=)) %kAkE:
(3)

kA AHHTkZ

Theproof of bothinequalitiescanbefoundin [5].

Asdiscussedh Section2, theobjective of themaximiza-
tion stepin thetth iterationof the EM procedurds to com-
pute the bestrank k approximationto the lled-in matrix
AWM Using SVD approximation the sener can samplec
users'rating pro les (rows in A) with probability propor
tional to their length squaredandform the matrix C after
scaling. Note here that the ¢ samplesare not necessar
ily from c differentusers,andthat a users rating pro le
mightbesamplednorethanonceaccordingo thesampling
method.After computingthetopk right singularvectorsof
C andobtainingthematrixH , thesenercanuseA(WHH T
to approximateA(kt). Thenin the expectationstepof the
(t + 1th iteration,the unknavn entry A;; is calculatedas
(AOHHT); .

By inequality (3), the sener hasa high con dencethat
given the same lled-in matrix AV, the rank k model
AMHHT obtainedvia SVD approximations closeto the
bestrank k approximationA(kt). Therefore,with a high
probability the EM procedureis likely to calculatemore
andmorelik ely truevaluesfor missingentries.Thisimplies
thatalthoughthe EM proceduravith SVD approximatioris
notguaranteedo corverge on anoptimalsolution,thelog-
likelihoodof obseredratingswill generallyincrease.

Algorithm 1 EM Procedurevia SVD approximation

1: Setinitial valuesX iEO) for unknown entriesAj; .

2: while in thetth iterationof EM proceduredo

3:  Fill in A by replacingunknavn entriesA; with
X{t Y, denotethe lled-in matrixasA(®).

4:  Setp = kAEit;kZ:kA(t)ké,andpickcrowsfrom A.

If theith row is picked,includeAEiI;:p cp inC.

5. Computethe top k right singularvectorsof C and
form thesek vectorsinto thematrixH .

6: XM =AOHHT:

7: endwhile

Algorithm 1 shaws the detailsof applyingSVD approx-
imationin centralizedrecommendatiosystems.Note that



to computethetop k right singularvectorsof C (line 5) di-

rectly by performingSVD on C takesO(c?n + cn?) time.
A moreef cient approactisto computeCCT rst (O(c?n)

time), andthenperformSVD onCCT (O(c®) time). From
basiclinearalgebrawe know thatthe left singularvectors
of CT C arethe sameasthe left singularvectorsof C, and
thatthesingularvaluesof CT C arethesquare®f thesingu-
lar valuesof C. Thus,thetop k right singularvectorsof C

canbe computedvia its top k left singularvectorsandtop
k singularvalues(O(cnk) time). As generallyk is much
smallerthanc andc is muchsmallerthann, the total com-
putationalcostof performingSVD on C in the abore way
is O(c?n).

4. SVD Approximation in Distrib uted Recom-
mendation Systems

Traditional centralizedrecommendatiorsystemshave
problemssuchasuserdgosing their privagy, retail monopo-
lies beingfavored,anddiffusion of innovationsbeingham-
pered3]. Distributedcollaboratve Itering systemswhere
userskeeptheir rating pro les to themseles, have the po-
tential to correcttheseproblems. However, in the dis-
tributed scenaricthereare two new problemsthat needto
bedealtwith. The rst problemis how to ensureghatusers’
dataarenotrevealedto thesenerandotherusers.Thesec-
ondproblemis how to ensureghatuserscangetasaccurate
predictionsasthey doin the centralizedscenario.This pa-
per is mainly focusedon the secondproblem,and conse-
guentlywe rely mechanismshowvn in [3, 7] to addresghe
rst problem.

Sincethesenercannotdirectly seeusers'ratingpro les,
it needgo computeanaggregate(alearningresultbasecbn
userinformation)for making predictions. Figure 1 shavs
our framework for collaboratve Itering in distributedrec-
ommendatiorsystems At a certaintime pointt, thesener
securelycomputesheaggreate(denotecasG, ) fromthose
userswho areonlineatthattime point (denotedasU; ); “se-
curely” heremeansthat users'rating pro les are not dis-
closedto the sener andotherusers.Betweentime point t
andt + 1, whena certainuser(no matterwhethersheis
in U; or not) needredictionsthe sener computespredic-
tions basedon this users rating pro le andthe aggrejate
Gt .

The reasorof computingaggrejatesperiodicallyis that
users'rating pro les aredynamic. For ary given user the
probabilitythatheis in U; is independenof the probability
thatheis in Ui+1, so Uy and Ui+ would be expectedto
have few usersin common(givensufciently mary users).
Therefore,it is hardto nd a way to combineaggregates
computedat differenttime pointsfor predictions.A more
minor concernin this framewvork is how the sener picks
time points for aggregate computations. Of course,time

compute G; compute G

t t+ 1

predict basedon G;

Figure 1. The framework for collaborative |-
tering in distrib uted recommendation sys-
tems.

pointsatwhichmoreusersareonlineseenpreferablesince
having more usersgenerallylead to more accuratelearn-
ing results. On the otherhand,accordingto the following

theoreticabnalysisandexperimentaresults,a smallsubset
(abouts%) of all userds oftenenoughor goodpredictions.

4.1 Algorithms and Theoretical Analysis

We rst presengalgorithmsfor computingaggreyatesand
generatingpredictionsand then a theoreticalanalysisof
their performance Assumethattherearec online usersat
time pointt, andthattheir rating pro les aredenotedA
to A(¢). Algorithm 2 shavs how to generatéhe aggreyate.

Algorithm 2 ComputingtheaggregateG;
1: for eachuseri, to eachunknovn entry A do
2. If Ay hasbeenpredictedbefore,replaceA; with
thelatestprediction.
ElsereplaceA; with theaverageof useri'sratings.
4. endfor
5. Thesener securelyperformsSVD onthe matrix C (c-
by-n) formedby lled-in ratingpro les.
6: AggregateG; is the matrix (n-by-c) formedby thetop
k right singularvectorsof C.

w

Whena useri asksfor predictionsthe sener generates
predictionsasfollows usingthe aggrejateG; .

Algorithm 3 Generatingpredictionsfor useri
1: For eachunknavn entryAj , if A hasbeenpredicted
before replaceA; with thelatestprediction.
2: ElsereplaceA; with theaverageof useri'sratings.
3: Multiply the lled-in rating pro le vector(1-by-n) by
G: G/ togenerateredictions.

For analysiswe make the following two assumptions.
Assumption 1: thereexists a constant suchthat for
ary m andfor ary useri, tghe lled-in rating pro le vector
(denotedasA ;) satises |1, kA k*=(m KA k?)
. Recallthatm is thetotal numberof users.Thesoundness
of thisassumptions shavn in AppendixA.



Assumption 2: thereis a uniform, constantprobability
thatary useris onlineatary time point.

Assumingthat ¢ usersare online (sampled)at a time
point accordingto Assumption2, then sucha sampling
methodis similar to anothersamplingmethodthat picks
alsoc sampledn the following way: to choosea sample,
theprobabilitythatary useris pickedis uniform(i.e., 1=m).
Note that picking ¢ usersat randomis not the sameasse-
guentially picking ¢ userswith a uniform probability The
differenceis that eachuserwill be picked at mostoncein
the rst casewhile a usermight appeamorethanoncein
thesecond.Takinginto accounthefactthatthe probability
of repetitionss smallwhencis considerablgmallerthann,
for simplicity thesetwo samplingmethodscanberegarded
asequialentin practice.

This obsenation, togetherwith Assumptionl, leadsto
the following conclusion. At time point t, denoteA as
the lled-in rating matrix aftereachuserimputesunknonvn
entriesandA, asthebestrankk approximatiorto A . As-
sumethattherearec onlineusersandthatif useri is online,
A= c=misarow in C. Thenby inequality(2), the G,
formedfrom thetop k right singularvectorsof C satis es
thefollowing inequality:forary > 0.

kA A GG/ k2 KA AKE + . (4)

2(1+ P 8In(2=)) fckA K2:

Sinceeachrow in C hasthe samescalarp c=m, it canbe
omittedbecausdt will notaffecttheresultingsingularvec-
tors. Thereforepnlineusers' lled-in ratingpro les canbe
directly combinedo form C usingAlgorithm 2.

Theaboreinequalitysaysthatwith ahigh probabilitythe
computedaggreateimplies a highly accuratdinearmodel
behindthe current lled-in rating matrix. For an unknowvn
entryAj; , if thesenermakespredictionsfor useri between
time pointt andt + 1, thenits correspondingalueA;; at
timepointt+ 1 will beimputedbasednthemodelestimate
obtainedat time pointt. Therefore the aggreate compu-
tation can be taken as the model re-estimationprocessin
the EM proceduremaximizationstep,and predictiongen-
erationcanbe taken asthe calculationof expectedexpres-
sionsin theexpectationstep.Someonlineusersnvolvedin
theaggre@atecomputatiormaynotaskfor predictionssince
thelastaggregatecomputationwhich impliesthattheir un-
known rating entrieshave not beenimputedbasedon the
updatednodelestimate Nonethelessye canrequirethem
to computepredictionsrst basednG; beforethey join the
computatiorof Gi41 . Thereforethesenermaysometimes
requiremoretimesof aggreatecomputationgo obtainthe
accuratenodel,butthe nal predictionaccurag will notbe
affectedalot.
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Figure 2. The impact of new ratings or new
users on the ratio of change in kViV,k, that
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4.2 Stability of Predictions

A potential problemin a rating systemis that users,
items,andratingsareall dynamicandsubjectto changeat
ary time. As aresultof this, the rating matrix may change
betweerntwo aggregate computationsasa resultof the fol-
lowing threesituations:1) usersgiving new (updatedyat-
ingson items;2) new usersbeingregisteredin the system;
and 3) new items being addedto the system. An altered
rating matrix typically requiresa differentlinear modelto
bestdescribeit. However, the linear modelshouldnot be
disturbedto a signi cant extentwhenthe rating matrix un-
dergoesa small change—otherwisgredictionsmadebe-
tweentwo aggreate computatiorwill probablybeinaccu-
rate. Sincethe computedaggreatein Algorithm 2 approx-
imatesthe top k right singularvectors(Vx) of the current
lled-in rating matrix, the core concernis aninstability in
ViV

We conductedwo preliminary experimentson a 5000
by-1427 rating matrix from the EachMwie datasetto as-
sessthe impactof rating matrix changeon V¢ V," . In the
rst experiment,90% of the entriesarerandomlypickedto
form the original rating matrix A, andthe restof the en-
tries are progressiely addedto form A. In the secondex-
periment,rating pro les from 90% of the usersareusedto
form theinitial matrix A andthe remainingusersare pro-
gressvely addedto createA. The casewherenew items
areaddedis not consideredherebecausehe size of Vy VkT
will changeas the numberof itemsis changed,and this
will make it dif cult to assessts effect. Figure 2 shavs
thatthe differencebetweerVy v, and¥ ¥, is in a small
range(6%) whenthe numberof rating casesor thenumber
of usersis increasedvithin a smallrange(3%). In areal
systemit is reasonabl¢éhatchangesn thenumberof rating
casesaandthe numberof userswill bein thisrangebetween
two consecutie aggrgatecomputations.

Anotherissuerelatedo thestability of resultss how fre-
quentlytheaggreateshouldoecomputed NotethatG, G{
(the productof aggrejateandits transposehasa x edsize



(n-by-n) no matterhow mary online usersjoin the aggre-
gate computations.The frequeng of aggreate computa-
tionscanthusbedecidedbasednthedisturbancef G; G/ .
Whenthechangés very small,theinterval betweeraggre-
gatecomputation€anbe madelonger andvice versa.

4.3 Presewing Privacy

Thiswork is notfocusedonimprovementsn preserving
privagy in thedistributedscenariosoto addresshe privacy
issuein Algorithm 2 and3, we apply securityschemegpro-
posedin [3, 7]. In Algorithm 2, a distributed secureSVD
computationis neededo ensurethat users'rating pro les
arenotrevealedto otherusersor the sener. Canry's paper
[3] proposeda schemeto achieve this objectve. Theidea
is to reducethe SVD computatiorto aniterative calculation
requiringonly the additionof vectorsof userdata,anduse
homomorphicencryptionto allow the sumsof encrypted
vectorsto be computedanddecryptedwithout exposingin-
dividual data.

In Algorithm 3, the multiplication of a users rating pro-

le by G;G{ shouldbesecurelycomputedbothsothatthe
sener cannotlearnthe rating pro le and so that the user
cannotlearn G;G] . Moreover, the multiplication result
shouldnot be revealedto the sener either asin that case
the sener could easilycomputethe users rating data. The
multiplicationsof a vectorby a matrix canbeconsidereds
a group of scalarproducts. Thereare several privacy pre-
servingschemesor calculatingscalarproductsin thesecu-
rity literatureandoneof themis presentedh [7]. It alsohas
an asymmetricversionto let only oneside know the nal
result.

5 Results

The objectives of our experimentswereto testthe per
formanceof SVD approximationn two situations:in cen-
tralizedrecommendatiosystemgAlgorithm 1) andin dis-
tributedrecommendatiosystemgAlgorithm 2 and3).

Two datasets,known as Jesterand EachMovie, were
usedin experiments. Jesteris a web basedjoke recom-
mendatiorsystendevelopedatthe Universityof California,
Berkeley [9]. Thedatasetcontainsl00jokes,with userrat-
ingsrangingfrom 10to 10. The EachMwie setis from
aresearctprojectatthe CompagSystemdResearciCenter
Userratingsfor moviesarerecordednanumericsix-point
scale(0; 0:2; 0:4; 0:6; 0:8; 1:0). The density(or fraction of
theratingmatrixthatis lled) of theJestesetis about50%,
while thatof EachMuwie is only 3%.

For eachexperiment,we pick a 5000by-100 (users-by-
items) rating matrix from the Jesterdatasetand a 5000
by-1427 rating matrix from EachMwie. For eachrating
matrix, 90% of the obsenedratingsarerandomlypickedas
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Figure 3. Comparison of Algorithm 1 (with
three approximation ratios of 2%, 5%, and
10%) with the standar d EM algorithm (“no ap-
proximation").

availableandthe otherobsenredratingsareregardedastest
cases.Algorithms are performedon the available casego
male predictionsfor the testcases.For all algorithms,the
reducedineardimension(k) is equalto 4. This valuewas
selectedempirically basedon both predictionresultsand
corvergencerate. |t is consistentvith theresultsin [16].
Theexperimentaimeasuraisedfor comparisonss Nor-
malizedVleanAbsoluteError (NMAE) whichis theaverage
of theabsolutevaluesof thedifferencebetweertherealrat-
ingsandthe predictedratingsdivided by theratingsrange.

5.1 Experiment1

Experimentl examinesthe performanceof applying
SVD approximatiornin thecentralizedecommendatiosys-



temscenario.The selectedapproximatiorratios (the num-
ber of rows (c) in Algorithm 1 over the numberof users)
are2%, 5%, and10% Figure3 displaysNMAE resultsof

Algorithm 1 with thesethreeapproximatiorratiosandthe
standardEM procedurewithout SVD approximation. As

predictecanalyticallyin Section3, thelog-likelihoodof ob-
senedratingsin EM procedurewvith SVD approximationis

generallyincreasing,althoughit is not monotonicallyin-

creasing.Thus,Figure3 is averi cation thatthe prediction
accurag of Algorithm 1 generallyincreasesvhenmoreit-

erationareusedin the EM procedureln bothdatasets the
NMAE of Algorithm 1 with an approximationratio of 5%
is lessthan2% higherthanthe NMAE for the standardhl-

gorithm. Moreover, thecornvergencerateof bothalgorithms
is nearlyidentical. Algorithm 1 takesonly aboutonetenth
the time for eachiteration comparedwith the standardal-

gorithm. All thesepoints supportthe conclusionthat our
algorithmis practicalfor real-world systems.

5.2 Experiment 2

In experiment2, the performanceof Algorithm 2 and
3 whenappliedin the distributed recommendatiosystem
scenarids comparedwith the performanceof the standard
EM proceduren thecentralizedscenario For algorithmsin
the distributed scenarioa randomset (2%, 5%, and 10%)
of the userrating pro les are picked for eachtime-steps
aggregate computation. We assumethat 50% of the users
askfor predictionsduring two aggrejate computationsso
a random50% of the rows are picked, in which unknavn
entriesareimputedbasedon the currentaggreate. In or-
derto comparehecentralized=EM algorithmwith the other
caseseachiterationin it is regardedasoneaggreatecom-
putation,andall missingentriesareimputedbasedon the
currentmodelestimateafter eachiteration. Figure4 gives
theNMAE resultsobtainedn thesetwo scenarioslt shavs
thatour algorithmsfor distributedrecommendationystems
arecomparabldo the EM procedurealgorithmin central-
izedrecommendatiosystemaindertheseconditions.With
only 5% of the usersonline in eachtime-steps aggrejate
computationthe distributedscenaricachiezesa prediction
accurag thatis at most2% worsethanthat of the central-
izedscenario.

6 Conclusion

This paperpresentsnovel collaboratve ltering algo-
rithms thatincorporateSVD approximationtechniquento
an SVD basedEM procedure. In centralizedrecommen-
dationsystemsthe standardSVD basedEM procedureal-
gorithmtakesO(m?n + mn?) time for eachSVD compu-
tation, while our new algorithmwith SVD approximation
takesonly O(s?n) time. Experimentson existing datasets
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Figure 4. Comparison of algorithms in dis-
trib uted recommendation systems (when the
number of online users in each aggregate
computation is 2%, 5%, or 10% of the total
number of users) with the standar d EM algo-
rithm as applied in centraliz ed recommenda-
tion systems (“All users").

shaw thatouralgorithmis very promising.lts predictionac-
curay is almostthe sameasthat of the standardalgorithm
evenif a small approximationratio is used. We also pro-
posea new framework for collaboratve Itering via SVD
approximationin distributed recommendatiorsystemsin
which the sener periodically calculatesan aggrejate from
online users'rating pro les and makes predictionsfor all
usershasednit. Ourexperimentshaw thatif thenumber
of online usersis at least ve percentof the total number
of usersthepredictionaccuray in this distributedscenario
is almostthe sameas what is obtainedin the centralized



scenario.

In the proposeddistributed framework, thereis still a
centralsener that computesaggregjatesand provides pre-
dictions. Thisframework is suitablefor onlinecollaboratie

ltering serviceprovidersif usersareconcernediboutthe
privagy of theirratingpro les. However, arecommendation
systembasedon a centralsener is lesssuitedfor peerto-
peerervironments. Therefore,one possibleprojectof fu-
ture work is to extendthe currentsener-baseddistributed
frameawork to a peerto-peerervironment,wherewe need
to consideradditionalissuesuchastheavailability of peers
thatkeepaggrejates the validity of aggreates,andlimita-
tionson peerresources.
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Appendix
A. Soundnesof Assumption 1

To verify the soundnes®f Assumptionl, an experi-
mentwasperformedon a 5000 by-1427rating matrix from
EachMwie. Missing entriesare lled in using the av-
erag?_pf that user for all available entries. Let =
min; L, KA k?=(m kA k?). Tablel displaysthe
meanvalue andthe standarddeviation of ~ (from 20 tri-
als)whenm increase$rom 1000to 5000Q It shavs that
is very stablewhenm increases.

Table 1. The mean value (“mean") and the
standar d deviation (“std") of from 20 tri-
als when m increases.

2000
0.407
0.003

3000
0.407
0.002

5000
0.407
0.000

4000
0.407
0.001

m 1000
mean| 0.406
std 0.006




