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Abstract

wantto: (i) incrementally nd local patternswithin a singlegroup, (i) efciently obtainglobal
patternsacrossgroups,and moreimportantly (iii) efciently do thatin real time while limiting

sharedinformationacrossgroups. In this paper we presenta distributed, hierarchicalalgorithm
addressingheseproblems.It rst monitorslocal patternswithin eachgroupandfurthersumma-
rizesall local patterndrom differentgroupsinto globalpatterns Theglobalpatternsareleveraged
to improve andre ne the local patterns,in a simple and elegantway. Moreover, our method
requiresonly a single passover the data,without ary buffering, andlimits information sharing
andcommunicatioracrosggroups.Our experimentalkcasestudiesandevaluationcon rm thatthe
proposednethodcanperformhierarchicalkorrelationdetectionef ciently andeffectively.






1 Intr oduction

Datastreamdave receved considerablattentionin variouscommunitiegtheory databasegjata
mining, networking, systems)dueto severalimportantapplicationssuchasnetwork analysig 7],
sensometwork monitoring[23], nancial dataanalysis[24], andscienti ¢ dataprocessing25).
All theseapplicationshave in commonthat: (i) massve amountsof dataarrive at high rates,
which makestraditionaldatabassystemsprohibitively slow, (ii) the dataandqueriesareusually
distributedin a large network, which makesa centralizedapproachinfeasible,and (iii) usersor
highetrlevel applicationsrequireimmediateresponseandcannotafford any post-processin(g.g.,
in network intrusiondetection) Datastreanmsystemsave beenprototyped 1, 18, 4] anddeployed
in practice[7].

In additionto providing SQL-like supportfor datastreammanagemergystemgDSMS), it is
crucialto detectpatternsaandcorrelationghatmay exist in co-e/olving datastreams Streamsare
ofteninherentlycorrelated(e.g.,temperaturesn the samebuilding, trafc in the samenetwork,
pricesin thesamemarket, etc.) andit is possibleto reducenundredf numericalstreamsnto just
ahandfulof patternsthatcompactlydescribehekey trendsanddramaticallyreducethe complex-
ity of further dataprocessing.We proposean approachto do this incrementallyin a distributed
ervironment.

Limitations of centralized approach: Multiple co-evolving streamsften arisein a large dis-
tributedsystem suchascomputemetworksandsensometworks. Centralizedapproachessually
will notwork in this setting. Thereasonsre: (i) Communication constraint; it is too expensve
to transferall datato a centralnodefor processingand mining. (ii) Power consumption in a
wirelesssensometwork, minimizing informationexchanges crucialbecausenary sensorhave
very limited power. Moreover, wirelesspower consumptiorbetweenwo nodesusuallyincreases
guadraticallywith thedistancewhichimpliesthattransmittingall message® singlenodeis pro-
hibitively expensve. (iii) Robustnessconcems; centralizedapproachealwayssuffer from single
point of failure. (iv) Privacy concems; in ary network connectingnultiple autonomousystems
(e.g.,multiple companiedorming a collaboratve network), no systemis willing to shareall the
information, while they all wantto know the global patterns. To sumup, a distrib uted online
algorithm is highly neededo addressll theabove concerns.

Motivation and intuition:  We describea motivatingscenarioto illustratethe problemwe want
to solve. Considera large computernetwork, in which multiple autonomoussites participate.
Eachsite(e.g.,compary) wantsto monitorlocaltraf c patternsn their systemaswell asto know
globalnetwork traf ¢ patternssothatthey cancompareheirlocal patternswith globalonesto do
predicationand anomalydetection. The methodhasto be: (i) Fast early detectionis crucially
importantto reducethe impactof virus spreading.(ii) Scalable a hugenumberof nodesin the
network requirea distributed framework that canreactin real-time. (iii) Secur; an individual
autonomousystemwantsto limit sharednformationin orderto protectprivagy.
To addresghis problem,we proposea hierarchicalframeavork that intuitively works asfol-

lows (alsoseeFigurel): 1) Eachautonomousystemrst nds its local patternsandshareghem
with other groups(detailsin sectiord). 2) Global patternsare discoveredbasedon the shared
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Figurel: Distributeddatamining architecture.

local patterngdetailsin section5). 3) Fromthe globalpatternsgachautonomousystemfurther
re nes/veri es theirlocal patterns.

Therearetwo mainoptionson wherethe globalpatternsarecomputedFirst, all local patterns
are broadcasto all systemsand global patternsare computedat individual systems.Second,a
high-level agentcollectsall local patterndrom differentsystemsthencomputegylobal patterns
andsendsthembackto individual systems.For presentatiorsimplicity, we only focuson latter
casé, thoughwe believe our proposedapproachesan apply to the former casewith very little
modi cation.

We provedthatthe quality of our hierarchicalmethodis asgoodasthe centralizedapproach
(whereall measurementare sentto the centralsite). And our methodcan reducethe commu-
nication costsigni cantly while still preservingthe good quality comparedwith the centralized
approach At the extreme,without ary communicatiorto the centralagent(e.g.,whenthe central
agentis down), local patternscan still be computedindependently Moreover, the hierarchical
methodhidesthe original streammeasurementénly aggr@atedpatternsare shared)from the
centralagentaswell asotherstreamgroups,sothatglobally sharednformationis limited.

Contributions: The problemof patterndiscovery in a large numberof co-evolving groupsof
streamshasimportantapplicationgn mary differentdomains.We introducea hierarchicaframe-
work to discover local and global patternseffectively and ef ciently acrossmultiple groupsof
streamsTheproposednethodsatis esthefollowing requirements:

It is streamingi.e., it is incrementalvithout any buffering of historicaldata.
It scaledinearly with the numberof streams.

It runsin adistributedfashionrequiringsmallcommunicatiorcost.

It avoidsa singlepointof failure,which all centralizedapproachebave.

It utilizestheglobalpatterndo improve andre ne thelocal patternsjn asimpleandelegant
way.

It reduceghe informationthat hasto be sharedacrossdifferentgroups,therebyprotecting
privagy.

INote thatthe latter caseis quite differentto centralizedapproacheshecausensteadof all measurement® be
sentto acentralsite, hereonly aggreyatedinformationareneededyhich is muchsmaller




Thelocal andglobal patternswe discover have multiple uses. They provide a succinctsummary
to the user Potentially userscancomparetheir own local patternswith the global onesto detect
outliers.Finally, they facilitateinterpolationsandhandlingof missingvalues[19].

Therestof thepaperis organisedasfollows: Section2 formally de nestheproblem.Section3
presentsheoverallframevork of ouralgorithm. Section4 andSection5 illustratehow to compute
localandglobalpatternsrespectrely. Section6 presentg&xperimentaktudiegshatdemonstratéhe
effectivenessandef ciency of our approach.Section7 discusseselatedwork, on streammining
andparallelmining algorithms.Finally, in Section8 we conclude.

2 Problemformalization

In this sectionwe presenthe distributed mining problemformally. Given m groupsof streams

following two problems:(i) incrementallynd patternswithin a singlegroup(local patternmoni-
toring), and(ii) ef ciently obtainglobalpatterndrom all the local patterngglobal patterndetec-
tion).

More speci cally, we view original streamsas pointsin a high-dimensionakpace with one
pointpertimetick. Local patternsarethenextractedaslow-dimensionaprojectionsof theoriginal
points.Furthermoreywe continuouslhtrackthebasisof thelow-dimensionakpacegor eachgroup
in away thatglobalpatternscanbe easilyconstructed.

More formally, thei-th groupS; consistsof a (unboundedsequencef n;-dimensionalec-
tors(points)wheren; isthenumberof streamsn S;, 1 i m. §; canalsobeviewedasamatrix
with n; columnsandanunboundedhumberof rows. TheintersectionS;(t; |) atthet-th row and
[-th columnof S, representthe valueof thel-th node/streamecordedattimet in thei-th group.
Thet-throw of S;, denotedasS; (t; :), is thevectorof all thevaluesrecordedattimet in i-th group.
Note thatwe assumaneasurementsom differentnodeswithin a groupare synchronizedlong
thetime dimension We believe this constraintanberelaxed,but it would probablyleadto amore
complicatedsolution.

With above de nition in mind, local patternmonitoringcanbe modelledasa function,

Foo(Si(t+ 1,:);6(t:) ! Li(t+ 1), (1)

wheretheinputsarel) thenew input point Si(t + 1;:) attimet + 1 andthecurrentglobal pattern
G(t; ;) andtheoutputis thelocal patternL;(t + 1;:) attimet + 1. Detailson constructingsucha
functionwill be explainedin sectiond. Likewise,global patterndetectionis modelledasanother
function,

Fe:(Li(t+ L) ::Lm(t+ L) ! G(t+ 10); (2)
wheretheinputsarelocal patternd.;(t + 1;:) from all groupsattimet + 1 andthe outputis the
new globalpatternG(t + 1;:).

Having formally de ned thetwo functions,Section3 introduceghedistributedmining frame-
workin termsof F| andFg. Thedetailsof F. andFg arethenpresentedh section4 andsection5,
respectrely.



| Symbol | Description

n; numberof streamsn groupi

m total numberof streamgroups D

n total numberof streamsn all groups( 7' n;)

Si i-th streamgroup(1 i  m) consistingof n; streams

Si(t;1) [thevaluefrom |-th streamattimet in groupi

Si(t;:) |an;-dimensionalectorof all thevaluesrecordedattimet in groupi
Si(t;:) |thereconstructiorf S;(t;:), Si(t;:) = Li(t;) Wiy

Wit ak; n; participationweightmatrix attimet for groupi

k(ki) numberof global(local)patterns

Li(t;:) |ak;-dimensionaprojectionof S;(t; :) (local patternsatt for groupi)
G(t;:) |ak-dimensionakector(globalpatternsattimet)

FL (Fc) |thefunctioncomputinglocal(global)patterns.

Eti Total enegy capturedoy groupi attimet.

E‘t;i Total enegy capturedoy thelocal patternsof groupi attimet.

fie , Fie | Lowerandupperboundson thefractionof enegy for groupi.

Tablel: Descriptionof notation.

3 Distrib uted mining framework

In this section,we introducethe generalframework for distributedmining. More speci cally, we
presenthe meta-algorithnto show theoverall o w, usingF,_ (local patternsmonitoring andFg
(global patternsdetection asblackboxes.

Intuitively, it is naturalthat global patternsare computedbasedon all local patternsfrom m
groups.Ontheotherhand,it mightbeasurprisethatthelocal patternof groupi take asinputboth
thestreammeasurementsf groupi andtheglobalpatterns Streammeasurementreanaturalset
of inputs,sincelocal patternsaretheir summary However, we alsoneedglobal patternsasanother
input sothatlocal patternscanbe representedonsistentlyacrossall groups.This is importantat
the next stage,when constructingglobal patternsout of the local patterns;we elaborateon this
later The meta-algorithmis thefollowing:

Algorithm DISTRIBUTEDMINING
0. (Initialization) At t = 0, setG(t;:)  null
1. Forallt> 1

(Updatelocal patterng Fori  1tom, setL(t; :) := FL(Si(t;:); G(t  1;2))

4 Local pattern monitoring

In this sectionwe presenthe methodfor discoveringpatternswithin a streamgroup. More specif-
ically, we explain the detailsof function F. (Equationl). We rst describethe intuition behind
the algorithmandthen presenthe algorithmformally. Finally we discusshow to determinethe
numberof local patternsk;.



(a) Original Wi (1;:) (b) Updateprocess (c) ResultingWi.t+1 (1;:)
Figure2: lllustrationof updatingW;. (1; :) whenanew pointS;(t; :) arrives.

Thegoalof F_ isto nd thelow dimensionaprojectionL;(t; :) andthe participationweights
W, soasto guarante¢hatthereconstructiorerrorkS;(t;:)  Si(t; :)k? overtime is predictably
small. Notethatthereconstructiorof S;(t; ;) is de ned asSi(t; :) = Li(t; ) Wi,. TheW;; can
be consideredsthe basison which the original high-dimensionapointsareprojected.

Thisformulationis closelyrelatedto PCA[15], whichtriesto nd bothalow rankapproxima-
tion Y andthe participationweightsW from original dataX , suchthat(Y; W) = argminkX
Y  WKk? Butafundamentabifferenceis that PCA requiresthe entiredatamatrix X available
up front, while in our settingS; grows continually andrapidly, without bound. This requiresa
fastincrementalalgorithmthat nds the projectionquickly andis also capableof updatingthe
participationweightsasthe datadistribution changes.

If we assumdhatthe S;(t; ;) aredravn accordingto somedistribution that doesnot change
overtime (i.e., understationarityassumptions}henthe weightvectorsW;; corvergeto thetrue
principal directions. However, evenif therearenon-stationaritiesn the data(i.e., gradualdrift),
we canstill dealwith thesevery effectively, aswe explain shortly.

Tracking local patterns: The rst stepis, for a givenk;, to incrementallyupdatethek n;
participationweight matrix Wi.., which senesas a basisof the low-dimensionalprojectionfor
Si(t; ;). Laterin this section,we describethe methodfor choosingk;. For the moment,assume
thatthe numberof pattern; is given.

We useanalgorithmbasedn adaptve Itering technique$22, 13], which have beentried and
testedn practice performingwell in avarietyof settingsandapplicationge.g.,imagecompression
andsignaltrackingfor antennaarrays).

Themainideabehindthealgorithmistoreadthenew valuesS;(t+1;:) [Sj(t+1;1);:::; Si(t+
1; nj)] fromthen; streamsf groupi attimet + 1, andperformthreesteps:(1) Compute thelow
dimensionaprojectiony;;1 |  k;, basednthecurrentweightsWi,, by projectingS;(t + 1, :)
onto these(2) Estimate the reconstructiorerror (g below) andthe enegy.(3) Compute Wi 41
andoutputthe actuallocal patternL(t + 1;:). To illustratethis, Figure2(b) shovsthee, andy,
whenthenew dataS;(t + 1;:) entersthe system.Intuitively, the goalis to adaptvely updateW;
sothatit quickly corvergesto the“truth.”

In particular we wantto updateW;, (j; :) morewhens; is large. The magnitudeof theupdate
alsotakesinto accounthe pastdatacurrently“captured”in the systemwhich is why the update
stepsizeis inverselyproportionalto d;. Finally, the updatetakesinto accountthe global pattern



G(t; j )—only whenaglobalpatternis not available,we usethelocal projectiony; . Thisis crucial
to ensurethat the local patternsare represented¢onsistentlyamonggroups. It is a simple and
elegantway by whichtheglobalpatternglirecttheprojectionsanto thelocalsubspaceandimprove
thequality of thelocal patternsyhile sharingvery limited information.Moreover, it simpli es the
globalpatterndetectionalgorithm(seeSection5)

Algorithm F_
Input: new vectorS;(t + 1;:), old globalpatterngG(t; :)
Output: local patterngk;-dimensionaprojection)L; (t + 1;:)
1. Initialize %, := Si(t + 1;:).

2.Forl | k,weperformthefollowingin order:

Y =% Wi (j; )7 (y; = projectionontoWi; (j; :))

If G(t; 1) = null; thenG(t;]) = y; (handlingboundarycase)
o] d; + yj2 (local enegy, determiningupdatemagnitude)
e:=% G(tj)Wi(; ) (errore? Wi (j; 3))

Wit (1) Wi (s ) + éG(t;j)e (updateparticipationweight)
X1 =% G(t )Wt (5 ) (repeatwith remainderof x):

3. Computethenew projectionL;(t + 1;:) := Si(t + 1; 1)Wi;Tt+1

For eachj, %; is the componenwf Si(t + 1;:) in the orthogonalcomplementof the space
spannedby the updatedweight Wi;.1 (j%:);1  j% < j. ThevectorsWi.; arein order of
importance(more precisely in orderof decreasingigervalueor enegy). It canbe shown that,
understationarityassumptiongheseupdated/V;. .; corvergeto thetrueprincipaldirections.

Theterm is an exponentialforgetting factor between0 and 1, which helpsadaptto more
recentbehaior. For instance, = 1 meansputting equalweightson all historicaldata,while
smaller meansputting higherweighton morerecentdata. This allows usto follow trenddrifts
overtime. Typical choicesare0:96 0:98[13]. We chose0:96 throughoutall experiments.
As long asthevaluesof S; do notvarywildly, theexactvalueof is notcrucial.

So far, we understanchow to track the local patternsfor eachindividual group. Next we
illustratehow to decidethe numberof local patterns;.

Detecting the number of local patterns: In practice,we do not know the numberk; of local
patternsWe proposeo estimatek; onthe y , sothatwe maintainahigh percentagé;c of theen-
ergy Ei. . Enegy thresholdings acommonmethodto determinehow mary principalcomponents
areneeded 15] andcorresponds$o a boundon the total squaredeconstructiorerror. Formally,
theenegy E;; (attimet) of thesequencef %, is de ned as

P, P, _
Ei =1 ' kS(;ok2=1 ' L S(5))*

t

Similarly, theenegy I‘:“i;t of thereconstructior§; (t\; ') isde ned as
P P P
Ei= 2 'L kS(k2=1 T KLi(t) Wiek?= 10t KLt )k?:

t

For eachgroup,we have alow-enegy anda high-enegy thresholdf ¢ andF;g , respectrely.
We keepenoughocal patternsk;, sotheretainedenepy is within therange[fi.e  Ei, Fie Eit].
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Dataset n k | Description

Chlorine 166 2 | Chlorineconcentrationfrom EPANET.
Motes-Light 48 | 2-4 | Light sensomeasurements.
Motes-Humid 48 2 | Humidity sensomeasurements.
Motes-Temp 48 2 | Temperatursensomeasurements.
Motes-Volt 48 2 | Batteryvoltagemeasurements.

Table2: Descriptionof datasets

Wheneer we getoutsidethesebounds we increaseor decreasé;. In moredetail, the stepsare:
(1) Estimate the full enegy E;+1 from the sumof squaref Si( ;:). (2) Estimate the enegy
éi;m of thek; local patterns.(3) Adjust k; if needed.We introducea new local pattern(update
Ki ki + 1) if thecurrentlocal patternamaintaintoo little enengy, i.e.,éml < fie Eix. Wedrop
alocal pattern(updatek; ki 1), if themaintainedcenepy is too high,i.e.,éi;m > Fig Ejte1-
Theenepgythresholdd ;¢ andF;e arechoseraccordingo recommendations theliterature[15].
Wesetfig = 0:95andthresholdF;g = 0:98.

5 Global pattern detection

In this sectionwe presenthe methodfor obtainingglobal patternsover all groups.More speci -
cally, we explainthedetailsof functionFg (Equation2).

Firstof all, whatis aglobal pattern?Similar to local pattern global patternis low dimensional
projectionsof thestreamdrom all groups.Looselyspeakingassumenly oneglobalgroupexists
which consistof all streamsthe globalpatternsarethelocal patternsobtainedoy applyingF,. on
the global group—thisis essentiallythe centralizedapproach.In otherwords,we wantto obtain
theresultof the centralizedapproactwithout centralizeccomputation.

As explainedbefore F| hasbeendesignedn awaythatit is easyto combineall differentlocal
patterngnto global patternsMore speci cally, we have:

Lemma 1. Assuminghesamek; for all groups,theglobal patternsfromthe centaligedapproac
equalthesumof all local patterns.i.e.,, G(t; ;) = FL([Su(t; 1);::1; Sm(t; 2)]) equals 2, Li(t )

Proof Let G(t + 1;:) = M Li(t;:) be the global patternsfrom distributed approachand
Li = Si(t;) Wi;Tt from algorithm F_. Therefore,G(t + 1;:) = [Si(t;:);:::; Sm(t; )]

onegroupandapplyingF_ on that). Otherupdatestepscanbe proved usingsimilar alguments,
thereforeomitted. O

Thealgorithmexactly follows the lemmaabore. Thej -th global patternis the sumof all the
j -th local patterndrom m groups.

Algorithm Fg
Input: all local patternd_(t; :);:::;Lm(t;2)

Output: globalpatterngs(t; :)

0. Setk := max(k;) for1 i

1.Forl j k,setG(t;j):= 2, Li(tj)@ifj > k thenLi(t;j) 0)
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Figure3: Chlorine dataset(a) Actual measurement@andreconstructiorat four junctions. We
plot only 500 consecutre timestampgthe patternsrepeatafter that). (b) Two local (and also
global) patterns.

6 Experimental evaluation

In this sectionwe rst presentcasestudieson real and realistic datasetso demonstratehe ef-
fectivenessof our approachn discovering patternsamongdistributedstreams.Thenwe discuss
performancessues.In particular we shav that (i) identi ed patternshave naturalinterpretations,
(ii) veryfew patternscanachieze goodreconstruction(iii) processingime perstreamis constant,
and(iv) communicatiorcostis small.

6.1 CaseStudy| — Chlorine concentrations

Description TheChlorine datasetvasgeneratedy EPANET 2.0[8] which accuratelysim-
ulatesthe hydraulic and chemicalphenomenawithin drinking water distribution systems. We
monitorthe chlorineconcentratiolevel at 166 junctions(streamdpr 4310timestampsluring 15
days(onetimetick every ve minutes).The datawasgeneratedisingthe input network with the
demandpatterns,pressuresand o ws speci ed at eachnode. We patrtition the junctionsinto 4
groupsof roughlyequalsizebasedn their geographicaproximity.

Data characteristics This datasetis an exampleof homogeneoustreams. The two key fea-
turesare: (1) A clearglobalperiodicpattern(daily cycle, dominatingresidentiademandpattern).
Chlorineconcentrationse ect this, with few exceptions.(2) A slight time shift acrossdifferent
junctions,whichis dueto thetime it takesfor freshwaterto o w down the pipesfrom thereser

voirs. Thus,moststreamsexhibit the samesinusoidal-lile pattern,but with gradual“phaseshift”

aswe go furtheraway from theresenroir.

Results Theproposednethodcansuccessfulllsummarizehe datausingtwo local patternsper
group(i.e., eightlocal patternsin total) plus two global patterns,asopposedo the original 166
streams) Figure3(a) shavs the reconstructiorfor four sensordrom onegroupover 500times-
tamps. Justtwo local patternsgive very goodreconstruction.Sincethe streamsall have similar
periodicbehaior, thepair of globalpatternss similar to the pairsof local patterns Overallrecon-
structionerroris below 4%, usingthe L, norm (seealso6.3).
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Figure4: Mote datasetoriginalmeasuremeni{blue)andreconstructiorfred)areveryclose.And
themethodcorvergesvery quickly with 20-50time ticks.

Inter pretation Thetwo local/globalpatterngFigure3(b)) re ect thetwo key datasetharacter
istics: (1) The rst hiddenvariablecaptureghe global, periodicpattern.(2) The secondonealso
follows a very similar periodic pattern,but with a slight “phaseshift” It turnsout thatthe two
hiddenvariablestogetherare sufcient to expressary othertime serieswith an arbitrary“phase
shift”

6.2 Casestudy |l — Mote sensors

Description The Motes datasetonsistsof 4 groupsof sensormeasurement§.e., light inten-

sity, humidity, temperaturebatteryvoltages)collectedusing48 Berkeley Mote sensoratdifferent
locationsin alab, over a periodof a month. Thisis anexampleof heterogeneoustreamsAll the

streamsrescaledo have unit varianceto becomparablecrosgslifferentmeasuresln particular

streamdrom differentgroupsbehae very differently This canbe consideredasa badscenario
for our method.Thegoalis to shav thatthe methodcanstill work well evenwhenthegroupsare

notrelated.If we do know thegroupsareunrelatedup front, we cantreatthemseparatelyvithout

botheringto nd globalpatterns However, in practice suchprior knowledgeis not available.Our

methodis still asoundapproachn this case.

Data characteristics The main characteristicgseethe blue curvesin Figure4) are: (1) Light
measuremenixhibit a clearglobalperiodicpattern(daily cycle) with occasionabig spikesfrom
somesensorgoutliers),(2) Temperaturshavs aweakdaily cycle andalot of bursts.(3) Humidity
doesnot have ary regularpattern.(4) Voltageis almost at with a smalldownwardtrend.

Results Thereconstructions very good (seethe red curvesin Figure4(a)), with relative error
belov 6%. Furthermorethelocal patterndrom differentgroupsarecorrelatedvell with the orig-
inal measurementseeFigure6). The globalpatterngin Figure5) arecombinationsof different
patterndrom all groupsandrevealthe overall behaior of all thegroups.

6.3 Performanceevaluation

In this sectionwe discussperformancassues.First, we shav thatthe proposednethodrequires
very limited spaceandtime. Next, we elaboraten tradeof betweeraccurag andcommunication
cost.
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Time and spacerequirements: For local patternmonitoring,time scaledinearly with respect
to (i) streansizet, (i) numberof streams;, and(iii) numberof local pattern;. Thisis because,
for eachtime tick t, we have to updatethe weightsWi;. , which consistof n; numberdor eachof
thek; local patterns.Thespaceaequirementgalsoscaleinearly with n; andk; andareindependent
of streamsize. For globalpatterndetectionthetime scaledinearly with the numberof groupsm.
Spacalepend®nly onthe numberof globalpatternk = max; k;.

Accuracy and communication cost: In termsof accurag, everythingboils down to the quality
of thesummaryprovidedby thelocal/globalpatterns.To this end,we usetherelative reconstruc-
tion error(kS  Sk?=kSk? whereS arethe original streamsand$ arethe reconstructionsjsthe
evaluationmetric. Thebestperformances obtainedvhenaccurateylobalpatternsareknownto all
groups.But thisrequiresexchangingup-to-datdocal/globalpatternsat every timestampamongall
groupswhichis prohibitively expensve. Oneef cient way to dealwith this problemis to increase
the communicationperiod, which is the numberof timestampsetweensuccessie local/global
patterntransmissionsFor example,we canachieve a 10-fold reductionon communicationcost
by changinghe periodfrom 10to 1000timestampsFigure7 shavs reconstructiorerrorvs. com-
municationperiodfor bothreal datasetsOverall, the relative errorrateincreasevery slowly as
thecommunicatiorperiodincreasesThisimpliesthatwe candramaticallyreducecommunication
with minimal sacri ce of accurag.

7 Relatedwork

Streammining Many streamprocessingandmining techniqueshave beenstudied(seetutorial
[10]). Much of the work hasfocusedon nding interestingpatternsin a single stream. Ganti
et al. [9] proposea genericframavork for streammining. Guhaet al. [11] proposea one-pass
k-medianclusteringalgorithm. Recently [14, 20] addresghe problemof nding patternsover
concepdrifting streams.
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Figure7: Accurag dropsslowly asthe updateperiodincreases.

Guhaetal. [12] studyon discovering correlationsamongmultiple streamspy rst doing di-
mensionalityreductionwith randomprojections andthenperiodicallycomputingthe SVD. How-
ever, the methodincurs high overheadbecausef the SVD re-computation.Yuanet al. [21] de-
velopedanincrementakubspacéearningalgorithm,with applicationin text data. Papadimitriou
etal. [19] improve on correlationdiscovering, which requiresconstanprocessindime pertimes-
tampwithout ary buffering. However, both methodsstill usea centralizedapproachhathasall
theundesirablgropertiesaswe list in Sectionl.

Distrib uted data mining Most of works on distributeddatamining focuson extendingclassic
(centralizeddatamining algorithmsinto distributedenvironment,suchasassociatiomulesmining
[6], frequentitem sets[17]. Web is a populardistributed ervironment. Several techniquesare
proposedspeci cally for that, for example,distributedtop-k query[3] andBayes-nemining on
web[5]. But ourfocusareon nding numericpatternswhichis different.

Privacy presering datamining Recentyearmary researcherstartto studythe privagy issues
associatedvith datamining. The mostrelateddiscussions on how much privagy canbe pro-

tectedusingsubspacerojectionmethod[2, 16]. Liu etal. [16] discussthe subspacerojection
methodand proposea possiblemethodto breachthe protectionusing Independentomponent
analysis(ICA).All the methodprovidesa goodinsighton the issueson privagy protection. Our

methodfocusegamoreon incrementabnline computatiorof subspacerojection.

8 Conclusion

We focuson nding patternsin a large numberof distributed streams. More speci cally, we
rst nd local patternswithin eachgroup, wherethe numberof local patternsis automatically
determinedbasedon reconstructiorerror. Next, global patternsareidenti ed, basedon the local
patterndrom all groups.Our proposednethodhasthefollowing desirablecharacteristics:

It discoversunderlyingcorrelationsamongmultiple streamgroupsincrementallyvia a few
patterns.

It automaticallyestimateshe numberk; of local patterngo track,andit canautomatically
adapt,f ki changes.

11



It is distributed, avoiding a single point of failure and reducingcommunicationcostand
power consumption.

It utilizestheglobalpatterngo improve andre ne thelocal patternsjn asimpleandelegant
way.

It requiredimited sharednformationfrom differentgroupswhile beingableto successfully
monitorglobalpatterns.

It scalesup extremelywell, dueto its incrementakndhierarchicahature.

Its computatiordemandsarelow. Its spacedemandsarealsolimited: no buffering of ary
historicaldata.

We evaluatedour methodon several datasetswhereit indeeddiscoveredthe patterns.We gain
signi cant communicatiorsavings, with smallaccurag loss.
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