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Abstract

The problemof constructingoounded-errosummarie ®f
binaryattributeddataof veryhighdimensiongs animpor-
tantanddif cult one. Thesesummarieenablemoreex-
pensve analysistechniquego be appliedef ciently with
little lossin accuray. Recentwork in this areahasre-
sultedin the useof discretelinear algebraictransforms
to constructsuchsummariesef ciently. This paperad-
dresseghe problem of constructingsummariesof dis-
tributeddatasets Speci cally, the problemcanbe stated
asfollows: givenasetof n discreteattributedvectorsdis-
tributedacrossp sites,constructa summaryof k << n
vectorssuchthateachof theinputvectorsis within given
boundeddistancefrom someoutputvector In addition
to beingalgorithmically ef cient (i.e., mustdo no more
work thancorrespondingerialalgorithm),thedistributed
formulationmusthave low parallelizationoverheads\We
presenthere, CONQUEST, a tool that achieves excellent
performanceand scalability for summarizingdistributed
datasetsln contrasto traditionalparalleltechniqueghat
distribute the kernel operations,CONQUEST usesa less
aggressie parallel formulationthat relies on the princi-
ple of samplingto reducecommunicatioroverheadvhile
maintaining high accurag. Speci cally, eachindivid-
ual site computests local patternsindependently Vari-
oussitescooperatavithin dynamicallyorchestrateavork-
groupsto constructonsensupattersfrom thesdocal pat-
terns. Individual sitesthen decideto participatein the
consensu®r leave the group. Experimentalresultson
a setof Intel Xeon seners demonstratehat this strat-
egy is capableof excellentperformancen termsof com-
pressiontime, ratio, and accurag with respectto post-
processingasks. The communicationoverheadassoci-
atedwith CONQUEST is alsoshown to be minimal, mak-
ing it ideally suitedto wide-areadeployment.

keywords: distributeddatamining, compressindpi-
nary attributedvectors,non-orthogonamatrix decompo-
sitions,correlationsn high dimensions.
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1 Intr oduction

Thetremendoudncreasén recentyearsin organizations'
ability to acquireandstoredatahasresultedin extremely
large,high dimensionabatasetsFor example,commonly
used Wal-Mart salesdatais in the order of terabytes,
with eachtransactiontypically de ned over a spaceof
severalthousanddimensiongitems). This paperfocuses
on efcient distributed techniquesfor analysisof such
discreteattributed datasets Analysisof discretedatasets
presentssigni cant challengessince it generallyleads
to NP-hard problems. Consequently algorithms and
heuristicsfor suchproblemsrely heavily on principlesof
sub-samplingand compressiorfor reducingthe volume
of datathesealgorithmsmustexamine.

While serialtechniquedor sub-samplingand com-
pressiorhave beendevelopedandappliedwith somesuc-
cess[15, 24, 32, 36|, a variety of applicationcharacter
istics necessitatehe developmentof correspondinglis-
tributedformulations.Theseinclude:

Datavolume:Dataset®ftenresideatgeographically
distributed locations. Collecting all of the dataat

a single location is infeasible becauseof network

bandwidthandstoragerequirements.

Real-timeresponse: Certain applicationsin data
analysissuchasnetwork intrusiondetectionyrequire
realtime responsdrom a numberof differentloca-
tions. Collectingdatafor analysisanddisseminating
resultsof analysismay be too time consumingfor
suchapplications.

Privacy consideations: In other applications,pri-
vagy considerationsnight precludecollecting data
at a single site. Dependingon privacy require-
ments, only aggreyate patternsmay be communi-
cated. CONQUEST allows precisely such privacy
policies.

CONQUEST is basedon the serial program PROX-



IMUS?, which usesa variant of Semi-DiscreteMatrix
Decomposition(SDD) to efciently compresshinary
datasetsn an error boundedfashion. CONQUEST uses
a parallelformulationthatrelieson the principle of sam-
pling to reducecommunicatioroverheadwvhile maintain-
ing high accurag. Speci cally, eachindividual site com-
putesits local patternsindependently Varioussitesco-
operatewithin dynamicallyorchestratedvork-groupsto
constructconsensugatternsfrom theselocal patterns.
Then,individual sitesmaydecideto participaten thecon-
sensur leave the group. We demonstrat¢hatthis strat-
egy resultsin excellentparallelperformance.

An importantoptimizationcriterionfor the serialfor-
mulation,PROXIMUS, is the numberof patternsextracted
for agivenerrorbound. A smallernumberof patternss
desirablesinceit correspondgo bettercompressiorfor
a given distortion bound. Sincethe serial and parallel
formulationsusedifferentalgorithms,an importantcon-
siderationis the effect of our parallelizationstratey on
the quality of the output,i.e., the numberof patternsex-
tracted. We shav experimentallythat in additionto ex-
cellentparallelperformanceCoONQUEST introducedittle
overheadn termsof numberof patternsdetected.

The rest of the paperis organizedas follows: In
Section2, we discussprevious researctrelatedto Con-
QUEST's serialandparallelformulations.Section3 intro-
ducesPRoOXIMUS briey. In Section4, we discussthe
challengesassociatedvith the parallel formulation and
explain our designdecisions. In Section5, we evaluate
the performanceof CONQUEST on a setof 8 Intel Xeon
senerson a rangeof inputs. We alsodiscussthe appli-
cation of CONQUEST in the contect of associatiorrule
mining. Finally, in Section6, we draw conclusionsand
outlineavenuedor futureresearch.

2 RelatedWork

In this section,we rst explore relatedwork on analyz-
ing binary datasetsfollowed by parallelformulationsof
thesemethods. Datareductiontechniquedypically take
the form of probabilisticsub-samplingor datacompres-
sion. Techniquesbasedon probabilistic sub-sampling
have beenextensively explored[15, 32, 36]. Useof data
compressiottechniqueselieson extractingcompactrep-
resentationgor datathroughdiscovery of dominantpat-
terns. A naturalway of compressinglatarelies on ma-
trix transformssuchastruncatedSingularValue Decom-
positions(SVD), Semi-DiscreteDecomposition(SDD),
and CentroidDecomposition.Thesemethodshave been
widely usedin informationretrieval [4, 9, 22, 23]. SVD

TProXxIMUS is available over the public domain at
http://ww. cs. purdue. edu/ hones/ koyut ur k/ pr oxi nus/

decomposea matrixinto two orthogonamatriceswhich
containthedominantpatterns Eachpatternis represented
by a pair of singularvectorsand an associatedingular
value,which identi es the strengthof the corresponding
patternin the matrix. Computationof a full SVD canbe
computationallyexpensve. SDD providesa corvenient,
andoftenfasterapproximatiorto SVD by limiting theen-
tries of the singularvectorsto the setf-1,0,1g9. Centroid
Decompositiorrepresentshe underlyingmatrix in terms
of centroidfactorsthat canbe computedwithout knowl-
edgeof the entire matrix with the help of a fastheuristic
namedCentroidMethod. The computationof a centroid
decompositioronly depend®on the correlationshetween
therows of thematrix. ThemaindifferencebetweerSvVD
andthe centroidmethodis that centroidmethodtendsto
discoverasingledominantpatterrwhile the SVD tendsto
discoverthe overall trendof the data. This may be a col-
lection of severalindependenpatterns. Orthogonalma-
trix decompositiondiave beenexploited by several dis-
tributeddatamining algorithmsaswell [18, 3Q].

A majorproblemassociatedvith orthogonaldecom-
positionsfor large scalebinary dataanalysisis that the
forced orthogonalityof discoveredpatternsdegradesthe
interpretability of the analysis(e.g., what is the physi-
cal interpretationof a negative numberin binary data?
). A variantof thesemethods,Principal Direction Divi-
sive Partitioning (PDDP) [5], addresseshis problemby
recursvely nding rank-oneapproximationf the input
matrix andpartitioningthis matrix basedon the approxi-
mation. All of thesemethodgargetthe analysisof high-
dimensionatataof continuousature.PROXIMUS adapts
theideaof recursve matrix decompositiorio the analysis
of large-scaléinary-valueddatasets.

Priorwork on paralleldatamining algorithmshasfo-
cusedontaskssuchasclustering classi cation,andasso-
ciationrule mining. Several projectshave addressedhe
parallelizationof existing clusteringalgorithms[10, 12,
17, 29. Among these,CLARA[20] attemptsto create
multiple samplesand appliesthe serial algorithm PMD
on eachsampleto achieve ef ciency of analysison rela-
tively large datasetsHowever, this ef ciency is achieved
at the expenseof a possibility (probabilistically small)
of missingclustersin the datanot sampled. Several re-
searcherdhave developedparallel associatiorrule min-
ing algorithmsfor variousplatforms [2, 8, 14, 27, 30,
31, 34, 37, 38]. Most of theseapproachesire basedon
the a-priori algorithm[3] andits variants. One classof
algorithmsis basedon aggressie parallel formulations
that focus on partitioningthe dataelementqe.g., candi-
dateitemsets)so that eachsite performsan independent
part of the task,which is well suitedto massiely paral-
lel platforms. Another classis basedon computingfre-



guentitemsetsat eachsite individually andthenworking
in parallelto join individual patternsinto global associa-
tion rules. This providesa more suitableframenork for
distributed systems. Work on parallel classi cation has
resultedin systemsuchasSPRINT[33], ScalrRrC[16],
andotherg[35]. Thesesystemdypically usedecisiontree
basecdtlassi cation.

In comparisonto the parallel techniquesmentioned
above, CONQUEST is basedon a fundamentallydifferent
serialalgorithm,PrRox1MUsS, which providesamore e x-
ible formulation for discretedataanalysisbasedon the
principle of datareduction. Insteadof analyzinga large
datasetProxIMUs attemptgo reducethevolumeof data
thatany subsequerdnalysigaskwould have to dealwith.
Possiblesubsequerdinalysesncludeclassi cation, clus-
tering, patterndiscovery andassociatiorrule mining. As
the solutionof suchproblemsin distributed platformson
largescaledatatendsto behardandexpensve, it is possi-
ble to exploit the e xibility of PROXIMUS to simplify the
problemfor the underlyingapplication.Basedon this ob-
senation, CONQUEST adoptsa parallelformulationthat
draws uponprinciplesof sub-samplingo yield excellent
parallelperformancewhile preservingthe quality of the
output.

3 ProxiMus: An Algebraic Framework for Error
Bounded Compressionof Binary Datasets

ProOxIMUS [24, 25] is a collection of novel algo-
rithms and datastructureghatrely on modi ed SDD to
nd errorboundedapproximationsto binary attributed
datasetsWhile relyingontheideaof non-orthogonama-
trix transformsPrROX1MUS providesaframework for cap-
turing the propertiesof binary datasetsnore accurately
while taking advantageof their binary natureto improve
boththe quality andef ciency of analysis.PROXIMUS is
basednrecursvely computingdiscreterank-oneapprox-
imationsof a 0-1 matrix to extract dominantpatternshi-
erarchically

A rank-oneapproximatiorto a binary matrix A with
m rows andn columnsis anouterproductof two binary
vectorsx (presenceector)andy (patternvector)thatis at
minimumHammingdistancefrom A. Herex andy areof
dimensionsn andn, respectiely. Theproblemof nding
a rank-oneapproximation,j.e. nding binary vectorsx
andy thatminimizejjA xyTjj2 = jfaj 2 (A xy"):
jaj j = 1gjis NP-hard.PROXIMUS adaptghealternating
iterative heuristicof SDD to the binary domainasa fast
andeffectivetechniquehatis ideally suitedto thediscrete
natureof thedata.

For decomposingontinuousvaluedmatricesjt was
shavn in [28] that the objectve function of rank-one

approximationis equivalentto oneof maximizing:

(xTAy)? |

(1) iixiiziiyii3

Ce(xiy) =
PrRoxIMUS approximateghe objective function of dis-
creterank-oneapproximationwith this function and ap-
plies an alternatingiterative heuristicbasedon this func-
tion?. Fixingy andlettings = Ay=Sjjyjj3, the objective
becomesone of maximizing (]’J‘;ﬁus)i This canbe done
in linear time by sorting elementsof s via countingsort
andvisiting elementof x in the resultingorderuntil no
improvementin the objective function is possible. The
samealgorithmcanbe usedto solve for y for a x ed x.
Thus, we caniteratively apply this stratey by choosing
an initial y, solving for x, xing x, solving for y, and
so on, until no improvementis possible. This heuristic
nds alocally optimal solutionto the rank-oneapproxi-
mationproblemin time linearin thenumberof non-zeros
in the matrix. Thisis becaus¢he fundamentabperations
performedn the algorithmaresparsematrix-vectormul-
tiplicationsand countingsorts. Note that the numberof
iterationsis boundedby numberof columns(rows) and
generallyafew iterationsaresufcient for corvergencean
practice[26].

PrRoxIMUS usesthe rank-oneapproximationof the
given matrix to partition the rows into two sub-matrices
A; andAg containingrows that correspondo the ones
andzerosof the presencevectorx, respectiely. There-
fore, the rows in A; have a greaterdegreeof similarity
with respecto their non-zercstructureamongthemseles
(characterizedy the patternvectory) comparedo the
restof the matrix. Sincethe rank-oneapproximationof
A yieldsno informationaboutA, we further computea
rank-oneapproximationfor Ay and partition this matrix
recursvely. On the other hand, we usethe representa-
tion of the rows in A; given by the patternvectory to
determinewhetherthis representatiolis adequateasde-
terminedby somestoppingcriterion. If so,we decidethat
matrix A; is adequatelyrepresentedby matrix xy " and
stop; else,we recursvely apply the procedurefor A; as
for Ao.

The partitioning-and-apprariation processcontin-
uesuntil the matrix cannotbe further partitionedor the

2Minimizing the error is equivalent to maximizing the (discrete)
functionCq(x; y) = 2xT Ay  jixji2jivii3, whichalsoallows alinear
time alternatingiterative heuristic. The algorithmthatis basedon this
discreteobjectie functionis implementedn PRoxIMUS aswell. We
baseour discussionon the continuousapproximationthroughoutthis
paperas the parallel implementationis basedon this approximation,
but the discussionon algorithmsand possibleparallelizationschemes
alsoappliesto the discretefunction. The differencesbetweenthe two
objectve functionsarediscussedn [26].
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Figure 1: Recursve structureof PROXIMUS. Leavesof
therecursiontreecorrespondo nal decomposition.

resultingapproximationadequatelyrepresentshe entire
matrix. PROXIMUS usesametriccallednormalizedHam-
ming radiusto measurehe adequag of the representa-
tion, which is de ned asthe maximumnormalizedHam-
ming distanceof all rows of the matrix thatarepresenin
the approximationto the patternvector The normalized
Hammingdistancebetweertwo binaryvectorss theratio
of Hammingdistanceo the sizeof the vectors.Note that
this metriconly takesvaluesin therangel0; 1].
Therecursvealgorithmdoesnotpartitionsub-matrix
A; furtherif bothof thefollowing conditionshold for the
rank-oneapproximatiomd; Xy .

f(Ai1;vi) < , where is the prescribedbound
on the normalized Hamming radius of identi ed
clusters.

Xi(j) = 18j,i.e, all therows of A; arepresenin
Aij.

If both of the above conditionshold, the patternvector
yi is identi ed asa dominantpatternin matrix A. The
resulting approximationfor A is representechs A
XYT whereX andY arem k andn k matrices
containingthe presenceandpatternvectorsin their rows
respectiely andk is thenumberof identi ed patterns.
Figure 1 illustratesthe recursve structureof PROX-
IMUS. Startingwith matrix A, arank-oneapproximation
to A is computed. The matrix A is then partitionedinto
A1 and A, basedon the presencersectorx;. Therank-
oneapproximatiorto A; returnsa presenceectorof all
1's and the approximationis adequateso the recursion

. Loop until noimprovementon C.(X; y) is possible
s Aysjyii3

Solvefor x to maximize
s ATxsjjxjj3
Solvefor y to maximize
. End loop

(x"s)?
iixii3

(y"s)?
liviis

I N e

Figure2: Outline of the alternatingiterative heuristicfor
rank-oneapproximation.

stopsat thatnodeandy;, is recordedasa dominantpat-
tern. On the otherhand,matrix Ag is further partitioned
astheapproximatiorA,  x3y4 doesnotcoverall rows
of Ag. The overall decompositioris A XYT where
X = [X2;Xa;xs] andY = [y2;Ya;ys].

4 CONQUEST: A Tool for Constructing Summaries
of Distrib uted Binary Datasets

We rst identify the kerneloperationgn the serialalgo-
rithm, PROXIMUS, andexplore variousparallelformula-
tions.

4.1 Kernel Operations in PROXIMUS. At the core of
ProxIMUS is the matrix decompositiorthat recursiely
partitionsthe original matrix into a seriesof matrix pairs
A1 andAg. If weview therecursve procesasatree,the
maintaskat eachnodeof therecursiortreeis analternat-
ing iterative processthat maximizesthe objective func-

tion, Cc(X;y) = %E’J?’T)Hzg The stepsinvolved in this
processaareshownn in Figure2. The operation®on lines 2
and4 aredominatedy two sparse-matrixectormultipli-
cations Ay andAT x. Parallelsparse-matrixectorprod-
uctshave beenthe subjectof extensive researctor mary
years.Thechallengen optimizingthisoperatioristo nd
aloadbalancedgartitioningof the sparsamatrix thatmin-
imizesthe amountof communicatioramongprocessors.
Existingmethodq7, 13, 19, 21] view thesparsanatrix as
agraphandreducetheload balancingproblemto a prob-
lem of partitioningthe graphinto p roughly equalparts,
wherep is thenumberof processorsHowever, graphpar
titioning basedoad balancingtechniquesare unlikely to
succeedn our context for thefollowing reasons:

1. Thedataset®f interestoftencontainafew dominant
patternsalongwith a numberof weak patterns.As
a result, the matricesthat appearin intermediate
stepsoftendiffer signi cantly in size. This situation
is illustrated in Figure 4. The matrix is initially
distributed evenly amongthe two processors. If



2. X Oforl i m
3.Cc(x;y) O,sum O

4. fori 1tomdo

5. sum sum+ s,

6. if sum?=(jixjiz + 1) Cc(x;y)
7. thenx;, 1

8. Ce(x;y)  sum?jjxjj3
9. elsebreak

10. endif

11.endfor

Figure 3: Algorithm for computingthe presencevector
for a x edpatternvector

we simply assignthe task of decomposinga child
matrix to one particular processaqrwe could have
unbalancedlistribution of tasksamongprocessors
asseenat the secondevel andthe third level of the
recursiontree. In orderto maintainconsistenfoad
balanceamong processorsthe balancingheuristic
mustbe appliedat every level of the recursiontree
and large amountof datamust be transferredas a
result. The communicationcost incurredin load
balancingis likely to dominatethe overall cost of
the computationand thereforesigni cantly reduce
scalability

. Computing good partitions implies nding good
clusterswithin the dataset. While this works for
more expensve post-processingn the graph(such
as repeatedmat-wvecs for solving linear systems)
they arenot suitablefor inexpensve operationsuch
asthoseinvolvedin CONQUEST (no FLOPSatall!).
The use of existing heuristicswill overwhelmthe
costof executingCoNQUEST withoutary optimiza-
tion.

Theproces®f solvingfor the presenceectorx (and
similarly patternvectory) canbeimplementedn thesteps
shawvn in Figure 3. Thesestepscanbe implementedn
parallelby sorting entriesof s followed by a pre x sum
operation. As the entriesof s areboundedthey canbe
sortedvia countingsortin lineartime, serially. For its par
allel implementationsamplesortis the methodof choice
for this problem. The challengehereis the distribution
of s-vectoramongprocessorsnceit is sorted.If theele-
mentsof s aredistributedin blocks,i.e., the rst processor
hasthe maximumn=p elementsandso on, thenthe pro-
cessorshathave smallerentriesof s might have nowork,
sincethe loop breaksas soonasno improvementon the
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Figure 4. A parallel recursiontree that results from
straightforwardassignmenof tasksto processors.
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Figure5: CONQUEST ParallelCommunicatiorModel.

objective functionis possible asseenin line 9 of theal-
gorithm. Thus, cyclic distribution of the entriesof the
sorteds vectoris necessaryHowever, in this casehevec-
tor mustbe redistrituted after the computationof pre x
sums.This necessitateanall-to-all personalizedommu-
nicationwith messagsizen=p?, which canbe performed
in O(n=p) time on a network with bisectionbandwidth
( p) [13]. Thisbandwidthrequirementioesnot scaleto
largecon gurations.Furthermoreperformingthis stepof
computatioratall iterationsof rank-oneapproximationin
parallelimposesconsiderabldoad on the network in ad-
dition to theoverheadntroducedby the parallelizationof
the sortingalgorithm. For thesereasonsye adoptanal-
ternateparallelizationstrateyy for CONQUEST.

4.2 CONQUEST Parallel Formulation. CoN-
QUEST addressesperformance bottlenecks of con-
ventional parallelizationtechniquesby relying on the
principle of sub-samplingvith limited communicatiorto
maintainaccuray. CONQUEST usesthe conceptof work



groups to aggrejate processorswvorking on data with
similar patterns. Initially all processorsare associated
with a single work group. Each processorproceeds
to computethe rank-oneapproximationusing its local
dataindependenbf others. Processorshengo through
a consolidationprocess,(describedin detail in 4.2.1),
to re ne work groupsto include only thoseprocessors
that nd similar patternsat the mostrecentstep. After
regrouping,processorsepeatthe samestepswithin their
own work groupsuntil the stoppingcriterionis satis ed.

This processs illustratedin Figure5. In this exam-
ple, therearefour processorseachinitially assignedo a
globalwork group. After the rst roundof computation,
the rst threeprocessorglecidethe patternsthey found
aresimilar andform a new work group. They repeatthe
sameprocesswithin thenew group.ProcessoP4discov-
ersa patternthatis sufciently supportecnly by its own
data(but is differentfrom otherprocessorspatternsjand
thereaftercontinueson its own. After consolidationthe
recursve procedureontinuesandprocessorsonsolidate
within theirwork groupaftereachstepof computatiorin
the recursiontree until eachof their stoppingcriteriais
satis ed. At this point, processorshat terminatenotify
the remainingmemberof thework groupof their depar
ture. Whenall processorserminate they exchangetheir
patternsand eachprocessoikeepsa copy of all unique
patterns.

The idea of constructinglocal work groupsamong
processorss motivatedby the obsenationthatgeograph-
ically distributed datasetoften exhibit patternsthat are
somavhat uniquein relationto their locations. For ex-
ample,a Gap storein Minnesotain the winter is likely
to have salespatternsvery differentfrom thoseobsened
at a storein California. This impliesthatthe globaldata
exchangein corventionalparallelizationschemesds un-
necessargndtheadditionalgainsin termsof accuray of
patterngiscoveredfrom corventionalstrategiesarelik ely
to belimited.

4.2.1 Pattern Consolidation. After eachrank-oneap-
proximation processor thesamework groupexchange
mostrecentlydiscoveredpatternvectors.Eachprocessor
storesall the patternvectorsas a matrix and executesa
serial versionof PROXIMUS to discover patternswithin
this matrix. Processothenreplacetheir original patterns
with a consolidategatternthatis closestto the original,
and usethe new patternfor continuingthe process. By
doing so, processordearnfrom eachotherby exchang-
ing the summaryof the datain their local partitionsand
discoveringthe globaltrendin patterns.It is notevorthy
thatcommunicatiorhappensnly amongprocessorshat
arein the samework group. Communicatioracrossvork

1.P  all-to-all broadcasty within currentwork group

2. runserialalgorithmon P to nd dominantpatternsand
storethemassetD = fdj;:::;dkg.

3.if jDj = 1 then

4. continue

5. else

6. fori OtojDjdo

7. if y issimilarto d;

8. Yy di

9. createandjoin communicatiorgroupi

10. endif

11. endfor

12.endif

Figure 6: Sketch of the parallel algorithm for pattern
consolidation.

groupsis not necessarginceprocessori differentwork
groupsare, by de nition, working on datasetghat have
differentunderlyingpatterns.Additional communication
would haveverylittle effectin termsof improving the so-
lution. Oncenew patternsarecomputedprocessorgorm
new work groupswith otherssharingthe samepatternand
continuecomputationin the samemanner This consoli-
dationprocesss implementedasshovnin Figure6.

We illustratethis processwith a simpleexamplethat
hasfour processorin awork group. After the broadcast,
eachprocessohasa patternmatrix thatlooksasfollows:

2 3
P1]/1 1101110
P2111011102
P3|/1 1100110
P4/0 0 01 1101

Eachrow in the above patternmatrix is a pattern
vectordiscoveredby a processoin the samework group,
andit is taggedwith thecorrespondingrocessorid. After
obtainingthe patternmatrix, eachof the four processors
triesto nd patterndn this matrix usingthe serialversion
of the algorithm. This procedureresultsin the following
patterns:

11101110
00011101

The two vectors found in local analysiscan be
thoughtof astherepresentatiesof all the patternsn the
patternmatrix. Theserepresentatie patterngprovide the
basisfor regroupingtheprocessorsProcessors, 2, and3
have patternvectorssimilarto the rst representatie pat-
tern,andform a new work group. They usethe rst rep-



resentatie patternto partition their local matrices. Pro-
cessor is in agroupof its own andusesthe secondep-
resentatie pattern,which in this case,is the sameasits
original pattern to partitionits local matrix.

4.2.2 Performance Aspects of CONQUEST. In

essencethe CONQUEST parallel formulation replaces
the globalrank-oneapproximationn the serialalgorithm
with local approximationoperationsat eachindividual

processar There are two major adwantagesof this

formulation:

1. Loadbalancings nolongeramajorissue.Theonly
effort requiredis to initially balanceheloadamong
processorsWe no longerneedto be concernedvith
the communicatiorpatternsamongthe partitionsof
the matrix at differentprocessors.This is because
kernel operationsof matrix-vector multiplications
andsortingoperationsare performedindependently
ateachprocessar

. Communicatioroverheadf the schemds minimal.
For eachprocessarthereis at-mostone all-to-all
broadcasbf its patternvectorrequiredat eachrecur
sionstep.Thesizeof thedatabeingexchangeds the
numberof non-zerosn the patternvector, which is
of the samedimensionasthe datamatrix. For sparse
data,the size of the patternvectortendsto be very
small.

One potentialdrawvback of this approachis that the
processorsnay work on local partitionsof the datamost
of the time. The computationof the patternsis carried
out by processortargely independentlypf eachotherand
thereforeis at the risk of corvergingto undesirabldocal
optima. The problemin this caseis similar to thatfaced
in sub-sampling.

To understandhe likelihood of this event, consider
the classical sub-samplingproblem. Using Chernof
bounds,Toivonen[36] showvs thatthe probability of er
ror in frequeny of a subsetin the original datasetand
the sampleis boundedby a function of the samplesize,
jsj, andtheerrorbound .

THEOREM 4.1. LetT beasetoftransaction®nsetS of

items.Ift T isasampleof size
- 1, 2
It ﬁln -

then,for anysubsets S of items,the probability that
e(s;t) > is at most , whee e(s;t) = jfr(s;T)
fr(s;t)j is the differencebetweerthe frequencie®f s in
T andt, respectively

# # #
transactions. items patterns
(approximately)

100

100

20
50

100

500

2500

100

100

Data

M10K
M31K
L100K
LM100K
M100K
HM100K
H100K
M316K
M1M

7513
23228
76025
76326
75070
74696
74733
237243
751357

472
714
178
452
852
3185
7005
905
922

Tablel: Descriptionof datasetsisedin experiments.

Note that in the context of our problem, T is the
matrix of interestand the itemsin S are the columns
of T. In this respect,the part of the matrix at each
processorcan be consideredas a subsamplet of the
original matrix. Thus,the theoremappliesdirectly with
frequeng of item setsin the theorembeing viewed as
the frequeny of patternsin CONQUEST. Sincedatasets
in practicalapplicationsare likely to be large, the error
boundand the probability of error are both quite small.
In addition,we areableto further alleviate this problem
to a satishctorydegreeby periodicreconciliationamong
processorso improve the accurag of patternsthat they
corvergeto.

5 Experimental Results

In this section,we rst evaluatethe parallelperformance
of CONQUEST by examiningits run time propertiesand

its accurag in termsof discoseredpatternswith respect
to the serialalgorithm. We thenshav CONQUEST's ap-

plicationasa preprocessan associationule mining and

comparethe resultswith thoseof the a-priori algorithm

appliedon raw data. We examinethe resultsin termsof

precisionandrecallof discoveredrules.

5.1 Execution Environment. CONQUEST is imple-
mentedfor message-passingatformsusing MPI [11].
The measurementpresentechereare taken on a set of
eightintel Xeonseners.

The datamatricesusedin the experimentsare gen-
eratedusing the syntheticdatageneratomadeavailable
by the IBM QuestResearctGroup[l]. We generatdwo
setsof data,onewith varyingnumberof transactiongnd
theotherwith varyingnumberof patterns.in the rst set,
the numberof patternds x edto 100 (medium)and ve
instances,namedM10K, M31K, M100K, M316K and
M1M, containing 10K , 31K, 100K , 31&K
and 1M transactiongregeneratedrespectiely. In the
secondset,thenumberof transactionss x edto 100K
(medium)and ve instanceshamedL100K, LM100K,
M2100K, HM100K andH100K, that contain20, 50, 100
, 500, and 2500 patternsare generatedrespectiely. We



RunTime # patterns Average
#oftrans. serial parallel serial parallel ham.dist.
10K 0.40 0.07 303 409 4.85
31K 0.96 0.16 275 501 4.8
100K 7.90 0.99 246 544 451
316K 27.62 2.35 207 463 2.59
M 76.78 7.25 180 443 2.52

Table 2: Comparisonof patternsdiscoveredby parallel
and serial formulationsfor varying numberof transac-
tions.

RunTime # patterns Average
#ofpat. serial parallel serial parallel ham.dist.
20 5.66 0.49 192 228 1.82
50 7.05 0.64 224 395 241
100 7.90 0.99 246 544 451
500 10.6 1.40 950 2407 4.68
2500 18.13 4.94 5370 12650 6.13

Table 3: Comparisonof patternsdiscoveredby parallel
andserialformulationsfor varyingnumberof underlying
patterns.

setthe averagenumberof items per transactiorand the
averagenumberof itemsper patternbothto 10. We also
setthe averagecorrelationbetweenevery pair of pattern
to 0.1 andthe averagecon denceof arule to 90%. Note
that althoughother choicesof theseparametersre ex-

plored, we arerestrictingour discussiorto a single set-
ting for simplicity, which is choserto be reasonabl@nd
obsenedto berepresentatie for generalperformancee-
sults. As might be guessedntuitionally, the numberof
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Figure 7: Speedupof parallel formulation on eight ma-

chinesover serialprogramwith (a) increasinghumberof
transactiongb) increasingrumberof underlyingpatterns.

Here,H (vi; Y9 measureshe differencebetweerpattern
y and the patternin Y © that represents/ best. Thus,
H(Y; Y9 providesanaveragemeasuremeran how well
serialpatternsarerepresentetly parallelpatterns.
Asthenumberof rowsin thedatasegrowsfrom 10K
to 1M, CONQUEST consistentlydemonstratespeedups
rangingfrom 6 to 12 (Figure 7). A similar behaior is
obsened with respectto increasingnumberof patterns.

discoveredpatternsgrows by increasingoetween-pattern 1o superlinear speed-up,obsened in some cases,is

correlation,for both serial and parallel algorithms. Ta-
ble 1 shavs the exactnumberof transactionshumberof
items,andnumberof patterndn all datasets.

For all experimentseportedn thissectionwe setthe
boundon the normalizedHamming radius of identi ed
clusterdo 0.01andusethePartition initializationscheme.
For detailson theseparameterspleasesee[24].

5.2 Parallel Performance. We demonstratéhat CON-

QUEST is capableof excellentspeedupwhile maintaining
accurag of thepatterndoundby comparingheruntimes
of CONQUEST on eightmachinesandtheserialalgorithm
onanidenticalmachinewith the sameparametersTables
2 and 3 summarizethe parallel performanceor varying
numberof rows andnumberof patternsrespectiely.

The averageHammingdistancebetweerthe patterns
discoreredby CONQUEST andthe serialprogramis cal-
culatedasfollows:

R
© H(yi;Y9
H(Y; Y9 = =2
whereH (yi; Y9 = 0I”rj1i<ri1 Jiyi XORy%jj, yi 2 Y are
the patternsdiscosered by ConQuEsT, y) 2 Y° are
the patternsdiscoreredby PrRoxIMUs, k andk® arethe
number of rows (patterns)in Y and Y9 respectiely.

attributedto the effect of sub-sampling.CoNQUEST and
ProxiMUs perform differentamountsof computation—
anddueto sub-samplingCoONQUEST oftenperformsless
computationthanits serial counterpart.The tradeof for
thislowercomputationatostis that CONQUEST returnsa
largernumberof patternvectors.

Table 4 shaws the parallel performanceon dataset
of 1M rows and 100 patternswith increasingnumberof
processorsFigure8 shavs that CONQUEST discoversas
mary asl.2to 2.5timesthenumberof patterngliscovered
by the serialprogram. While this is an undesirablecon-
sequenceesultingfrom the choicemadein the designof
the parallelformulationin orderto avoid large communi-
cationoverheadFigure9 shows thatthe averagenumber
of bit differencefHammingdistancepetweerthe paral-
lel patternsandthe serial patternsis in fact quite small.
This indicatesthat while thereare more patternsfound,
most of these“new” patternsare quite similar to those
patternsidenti ed by the serial algorithm. This means
that somepatternsdiscoveredby the parallel algorithm
areredundantwhichis naturalandwould be expectedn
areal-life settingastheremightbe similar patternsn dif-
ferentsiteswhich arepartially different. Thus,signi cant
intersectiormay not meanredundang in somecontexts.
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#proc. Runtime #patterns Avg. ham.dist.
1 76.78 180 0

2 32.55 194 0.15

4 14.46 248 0.48

6 8.68 288 0.73

8 7.25 443 2.52

10 4.80 361 1.97

12 3.90 390 2.43

Table4: Performancef CONQUEST on M1M datawith
increasinghumberof processors.

Although CoNQUEST addressesedundang to a certain
extent taking advantageof the formulation of the prob-
lem, i.e., eachtransactionis representedby exactly one
patternandthedistancebetweeratransactiorandits rep-
resentatie patternis boundedijt is necessaryo provide
aquantitatve de nition of redundangin orderto explore
theopportunitiego furtherreducethis overhead.

We now examinethebandwidthrequiremenbf CoN-
QUEST. As indicatedin section4.2.2 eachprocessoiis
requiredto performat-mostoneall-to-all broadcasbof its
patternvectorwithin its own work group at eachrecur
sionstep.We canmeasureghe bandwidthrequiredin this
processy recordingthe numberof byteseachprocessor
sendsand receves during the all-to-all communication.
Sinceprocessormayjoin differentwork groupsandthus
generatedifferentamountof network traf c, we choose
the processothat generateshe mosttrafc asa mean-
ingful measuref thebandwidthrequiredby CONQUEST.
Figures10 and 11 shaov the maximum network traf ¢
generatedluringthe executionof CONQUEST on various
datasetsTheseresultsshav thatthe heaviesttraf c, gen-
eratedduring the executionon a datasetof 100K trans-
actionswith 2500 patternsjs about80K bytes,which is
well within thecapabilityof typicalwide areanetworks (it
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Figure 9: AverageHammingdistancebetweenpatterns
discoveredby parallelformulationon eightmachinesand
serialprogramwith (a) increasinghumberof transactions
(b) increasinghumberof underlyingpatterns.

takesmillisecondgto transfer80KB of dataovera 1Mbps
network link). Furthermorecomparingthis communica-
tion time to the total parallelruntime, we cansafelycon-

cludethatthe time it takesto transferthe small amount
of datageneratecdby CONQUEST is indeeda very small

fractionof theoverallruntime.

5.3 Application to Association Rule Mining. In this
section, we illustrate an applicationof CONQUEST as
a tool for gatheringlarge amountsof datathat are dis-
tributedamongvarioussitesfor applyingexpensve data
mining algorithmson the collection. Theideais to con-
structa summaryof distributeddataandmining this sum-
maryfor associationulesusinga corventionalalgorithm
sequentially Thisis generallymoreef cient thancollect-
ing all of the dataat onesite or runningparallelizedver
sion of the corventionalalgorithm sincethe underlying
algorithm has considerableparallelizationoverhead,es-
peciallyfor geographicallydistributedplatforms.
Associationrule mining is a well-known and exten-
sively studiedproblemin datamining[3]. Givena setof
transactionver a setof items, associatiorrule mining
aimsto discover rules betweenitemsetsthat satisfy the
minimum supportand con dence constraintsprescribed
by theuser An associatiomule is anassertiorof thekind
“f breadmilkg) fbuttery”, meaningthatif atransaction
containsbreadandmilk, it is alsolikely to containbutter.
The supportof arulein asetof transactionss de ned as
thepercentagef transactionshatcontainall itemsof the
rule over all transactionsn the set. The con denceof a
rule is the conditionalprobability of observingthe right
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Figure 10: The maximum network trafc generated
by CONQUEST ondatasetsvith differentnumberof trans-
actionsrangingfrom 10K to 1M.

handside,giventheleft handside.

We illustratethe useof CONQUEST for the purpose
of associatiomule mining with anexample.Givena sam-
ple setof 6 transactionssshavn in Figure12(a),we can
constructa binarytransactiormatrix by mappingtransac-
tionsto rowsanditemsto columnsandsettingentryt;; of
thetransactiomrmatrix T to 1if itemj isintransactiorT;.
Theresultingmatrix is shavn in Figure12(b). As shavn
in Figure 13(a)two rank-oneapproximationglecompose
T into a setof orthogonalpresencerectorsk;) anda set
of patternvectorsy;), with x; = [001 11 1]" and
y1 = [00111] inonepairandx, = [110000]" and
y2 = [11100] in another We canconstructa setof vir-
tual transactionsiisingthe patternvectorsastransactions
andthe numberof non-zerosn presencerectorsastheir
weights(Figure13(b)). We cannow analyzethis smaller
approximatdransactiorsetusingary existingassociation
rule mining technique Notethatthis summarycanbeob-
tainedusingCoNQUEST if thetransactionsredistributed
amongvarioussites.

We shaw the validity of this techniqueby using
existing associationrule mining software to mine the
original datasetM1M (above) and the approximateset
generatethy CONQUEST. Thesoftwarewe useis anopen
sourceimplementation[6] of the well-known a-priori
algorithm. We also createa slightly modi ed version
of this software which is capableof mining weighted
approximatdransactiorsets.

Table5 shaws the comparisorof resultsobtainedby
running the a-priori software on the original 1M trans-
actionmatrix and on the approximatetransactiormatrix
generatedby runningCoONQUEST using8 processorsThe
a-priori softwarewasrun with 90% con dencein all in-
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Figure 11: The maximum network trafc generated
by CONQUEST on datasetsvith differentnumberof pat-
terns,rangingfrom 20to 2500.

min time time rules rules rules

sup.  orig. apprx.  orig. apprx. match prec. recall
% sec. sec. # # # % %

2.0 28.45 0.38 63503 53280 53280 100.0 91.0
25 12.69 0.14 27090 20299 20299 100.0 75.0
3.0 10.99 0.14 20353 19527 19527 100.0 98.1
3.5 10.56 0.13 19617 19527 19527 100.0 99.5
4.0 9.23 0.08 12793 12793 12793 100.0 100.0
45 9.27 0.08 12787 12789 12787 100.0 99.98
5.0 8.98 0.06 12398 10955 10955 100.0 90.9
5.5 7.20 0.05 6740 6732 6732 100.0 99.88
6.0 7.12 0.05 6732 6732 6732 100.0 100.0

Table 5: Associationrule mining performanceof CON-
QUEST on M1M dataset.

stancesThe gures in thetableincludeminimumsupport
for the rules, total time spentmining the original matrix,
total time spentmining approximatematrix, rulesdiscov-
eredfrom the original matrix, rulesdiscoveredfrom the
approximationmatrix, rules matchedin the two cases,
precisionandrecall. Precisionis de ned asthe number
of matchingrulesover all rulesthatarediscoveredon the
approximatetransactionset, measuringhow precisethe
resultsobtainedon the approximatesetare. Recallis de-
ned asthefractionof therulesdiscoveredin theoriginal
transactiorsetthatarealsodiscoveredin theapproximate
set,measuringhow successfuthe compressions on re-
callingtherulesthatarepresenin theoriginal data.

As we obsene from our results, CONQUEST demon-
stratesexcellentoverall accurag. Precisionvaluesin all
casesare 100%. Recallvaluesare almostall closeto
100%;droppingbelor 90%in onecasg75%)(Figurel4),
andimmediatelyrising up to 98%. This phenomenoris
sometimesobsened andis dueto the suddenchangen
the supportvalue of a large group of data(an artifact of
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Figure12: (a) A sampletransactiorsetof 6 transactions
on 5 itemsand(b) its correspondingransactiormatrix.
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racy, CONQUEST provides a speed-upof several orders = | ‘ ‘ ‘ ‘ ‘ ‘
of magnitudeover a-priori operatingon un-preprocessed 2 25 3 35 i support s 55 o
data.Notethatthetime for constructinghe summaryfor
M1M datasets 7.25 secondswhich is well below the  Figure14: Precisionandrecall rateswith varying mini-
time spenton mining the original transactiorsetfor al-  mumsupport.
mostall meaningfulsupportvalues.

This demonstratethat, in additionto beinga useful .
tool for thepurposeof correlatingargehigh-dimensioned datamining software.
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