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Abstract

Recentwork on querying data streamshas fo-
cusedon systemswhere newly arriving datais
processeand continuouslystreamedo the user
in real-time.In mary emegingapplicationshow-
ever, adhocqueriesand/orintermittentconnectv-
ity alsorequirethe processingf datathatarrives
prior to query submissionor during a period of
disconnectionFor suchapplicationswe have de-
velopedPSoup,a systemthat combinesthe pro-
cessingf ad-hocandcontinuougjuerieshy treat-
ing dataandqueriessymmetrically allowing new
queriesto be appliedto old dataandnew datato
beappliedto old queries.PSoupalsosupportsn-
termittentconnectvity by separatinghe compu-
tation of queryresultsfrom the delivery of those
results. PSoupbuilds on adaptie queryprocess-
ing techniqueglevelopedin the Telegraphproject
at UC Berkeley. In this paperwe describePSoup
and presentexperimentsthat demonstrateéhe ef-
fectivenesf our approach.

1 Intr oduction

The proliferationof the Internet,the Web, andsensomet-
works have fueled the developmentof applicationsthat
treat dataas a continuousstream,ratherthan as a fixed
set. Telephonecall records,stock and sportstickers, and
datafeedsfrom sensorsare examplesof streamingdata.
Recently a numberof systemshave beenproposedo ad-
dressthe mismatchbetweentraditional databaseechnol-
ogy andthe needsof queryprocessingver streamingdata
(e.g.,[HFCD+00 AF00, CDTWO00, BW01, CCCC+02)).
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In contrastto traditional DBMSs, which answerstreams
of queriesover a non-streamingdatabasethesecontinu-
ousquery (CQ) systemdreatqueriesasfixed entitiesand
streamthe dataoverthem.

Previous systemsallow only the queriesor the datato
be streamedbut not both. As aresult,they cannotsupport
gueriesthat requireaccesgo both datathat arrived previ-
ously anddatathatwill arrive in the future. Furthermore,
existing CQ systemscontinuouslydeliver resultsas they
are computed. In mary situations,however, suchcontin-
uousdelivery may be infeasibleor inefficient. Two such
scenariogre:

Data Rechamging: DataRechaging [CFZ0]] is a process
throughwhich personablevicessuchasPDAs periodically
connectto the network to refreshtheir datacontents.For
example, considera businesgraveler who wishesto stay
apprisedf informationrangingfrom the movementsof fi-
nancialmarketsto the latestfootball scores,all within a
certainhistoricalwindow. Theseinterestsaareencodednto
gueriesto be executedat a remotesener, the resultsof
which mustbe downloadedto the users PDA whenit is
connectedo thenetwork infrastructure.

Monitoring : Considera userwho wantsto track inter
estingpiecesof informationsuchasthe numberof music
downloadsfrom within his subnetin the last hour, or re-
centpostingson Slashdot(http://www.slashdot.ay/) with
ascoe greaterthana certainthreshold.Evenwhenonline,
the usermight only periodically wish to seesummaries
of recentactvity, ratherthan being interruptedby every
update. Aggregatedover mary users,the bandwidthand
sener load wastedon transmittingdatathat is never ac-
cessedvill besignificant. A moreefficient approachs to
returnthe currentresultsof a standingqueryon demand

To support such applications,we proposePSoup, a
gueryprocessobasedn the Telegraph[HFCD+0Q query
processingramework. The coreinsightin PSoupthatal-
lows usto supportsuchapplicationss that both dataand
gueriesarestreamingandmoreimportantly they areduals
of eachother: multiqueryprocessings viewedasa join of
gueryand data streams In addition, PSoupalsopartially
materializegesultsto supportdisconnecte@perationand
to improve datathroughputandqueryresponseimes.

1.1 Overview of the System

A userinteractswith PSoupby initially registeringa query
specificatiorwith the system.The systemreturnsa handle



to theuser which canthenbeusedrepeatediyto invoke the
resultsof thequeryatlatertimes. A usercanalsoexplicitly
unregistera previously specifiedquery
An examplequeryspecificatioris shavn below:

SELECT *

FrRom Dat a_Stream D_s

WHERE (D_s.a < v1 A D_s.b > v3)

BEGI N (NOW —10)

END (NOW),
PSoupsupportsSEL ECT-FROM-WHERE querieswith con-
junctive predicates. Queriesalsocontaina BEGIN-END
clause that specifiesthe input window over which the
guery resultsare to be computed. In this paper we as-
sumethatthe systemclock time is usedto definethe ends
of the input window, andthat the sametime-window ap-
plies to all the streamsin the FROM clause. The ideas
presentechere can be adaptedto allow logical windows
(i.e., basedon the numberof tuples, ratherthan system
clock time), and the applicationof differentwindows for
eachstream. The argumentsto the BEGIN-END clause
can either be constants(using absolutevalues), or can
be specifiedrelative to the current systemclock (using
the keyword NOW). The BEGIN-END clauseallows the
specificationof snapsho{constantBEGIN_TIME, constant
END_TIME) [SWCD97],landmark(constanBEGIN_TIME,
variable END_TIME) or sliding window (variable BE-
GIN_TIME, variableEND_TIME) semantic$GKS01] for the
gueries. BecausePSoupis currently implementedas a
main-memoryengine,the acceptablavindows arelimited
by the sizeof memory

Internally, PSoupviews the execution of a streamof

gueriesover a streamof dataasa join of the two streams,
asillustratedin Figure 1. We referto this processasthe
query-datgoin.

Data SteM Query SteM
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PROBE b
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Figurel: Outline of solution

Our systemmaintainsstructurescalled StateModules
(SteMs)YRamO0] for thequeriesandthedata.Thereis one
QuerySteMfor all the queryspecificationsn the system,
andthereis oneDataSteMfor eachdatastream.Figurel
shavs an examplewith one datastream. When a client
first registersa query; it is insertedinto the Query SteM,
andthenusedto probethe DataSteM. This applicationof
“new” queriesto “old” datais how PSoupexecutegjueries
over historical data. Similarly, whena new dataelement
arrives,it is insertedinto the DataSteM,andusedto probe
the Query SteM. This actof applying“new” datato “old”

1The systemcurrently doesnot allow nestedsubqueries. This con-
straintis notinherentin the treatmenof queriesasdata. Theimplemen-
tationof subqueriess the subjectof futurework.

gueriess how PSoupsupportscontinuougjueries.In both
casestheresultsof the probesarematerializedn aResults
Structure(not shavn in figure). Whena queryis invoked,
the currentinput window is computedfrom the BEGIN-

END clauseusingthe currentvalueof NOW. This window

is thenappliedto thematerializedraluesto retrievethecur-

rentresults. Materializationis the key to efficient support
for set-basedemanticsn continuousjueries.

1.2 Contributions of the paper

We proposea schemethat efficiently solvesthe problem
of intermittently repeatedsnapshot)andmarkand sliding
window queriesover streamingdatawithin arecenthistor
ical window. We explorethe tradeof betweerthe compu-
tationrequiredto materializeand maintainthe resultsof a
gueryandtheresponséime for invocationof thosequeries.

We demonstratseveraladvantage®f treatingdataand
gueriesasstreamsandasduals.First, thisideais thekey to
solving the problemof processingjueriesthat canaccess
bothdatathatarrivedbeforethequeryregistration,andalso
datathatwill arrivein thefuture. Secondmultiqueryeval-
uationcanbe optimizedby usingappropriatealgorithmsto
join the dataand query streams. Third, we can leverage
eddies[AHOQ to adaptvely respondo changingcharacter
isticsof boththedataandqueryspecificatiorstreams.

Finally, we develop techniquego shareboth the com-
putationand storageof differentqueryresults. We index
predicatesto sharecomputationfor incrementalmainte-
nanceacrossstandingqueries.Thestorageof theresultsof
thequery-datgoin computatioris thekey to PSoups abil-
ity to supportintermittentlyconnecteaperation We share
storageacrossthe basedataandthe resultsof all standing
guerieshy avoiding copies.

The remainderof this paperis structuredas follows.
Section2 discusseselatedwork. In Sections3 and4 we
describehow PSoupexecutesSelectionand Join Queries.
We presentheresultsof ourexperimentsn Sectionb. Sec-
tion 6 discussesssuesinvolving Aggregationqueriesthat
are of specificinterestto PSoup.In Section7 we present
our conclusionsanddirectionsfor futurework.

2 RelatedWork

PSoupis part of the Telegraph[HFCD+0] projectat UC
Berkeley. It spansvork on continuougjueriestriggersand
materializedviews.

Terry et al. [TGNO9Z studied continuousqueriesto
filter documentausinga SQL-like languagethat only al-
lowsmonotonicqueries.Seshadréetal.[SLR94 discusghe
problemof defining and executingdatabase-stylgueries
over sequencedata. They only considerqueriesthat pro-
duce a singletontuple as output for eachinput window.
Sadriet al. [SZZA01] proposea languageSQL-TS, that
canexpresssequence-sensit operationsoverwindows of
thestream A key featureof SQL-TSis theability to define
windows accordingto repeatingpatternsn the stream.

Recently various CQ engineshave beenproposedin
the literature. PSoupbuilds on the ideasdevelopedin
CACQ [MSHRO0Z], an earlier CQ extensionof the Tele-



graph enginethat exploits the adaptvity offered by the
Eddy operatorfAHOO] to efficiently handleskews in data
distribution and arrival rates. CACQ also introducedthe
notion of tuple-lineaye to allow sharingqueriesbeyond
justcommonsubtreef the plans. OthersystemdYG99,
CDTWOQ, AF0Q] have exploredlessadaptve techniques
to supportcontinuousqueries. All thesefour systemdo-
cuson “filter” operatorsthey acceptonelong sequencef
tuplesasinput and produceanothermonotonicallygrow-
ing sequenceas output. Further they do not offer sup-
port for queriesover historical data. Comparedto these
systemsye considera morecomprehensie workload,al-
lowing queriesto have non-monotonicsetsasinputs and
output, therebyallowing snapshatlandmarkand sliding
window queries. The techniquesdevelopedin PSoupto
gueryrecentlyarrived andfuture data,andto supportdis-
connectedperationcanbeintegratedinto theseearlierCQ
systemsln someways,PSoupcanbe seerasalogical ex-
tensionof theseCQ techniquego handleintermittentset-
basedqueriesover bothrecentandfuturedata.

Fabretet al. [FILP+0] obsene that publish-subscribe
systemgcanapply newly publishedeventsto existing sub-
scriptions,andmatchnew subscriptiondo existing (valid)
events.However, they focuson groupingsubscriptionsnd
optimizingthematchingproces®nthearrival of new data.
andsuggesthat standardjueryprocessingechniquesan
be usedto processew subscriptions.

Bonnetetal.[BGS01 BS0Q describedifferentkinds of
gueriesover streamingdata. Fjords[MF03 is an architec-
turefor queryingstreamingsensodata.MOST[SWCD97
is a databasefor querying moving objects, and con-
siders semantic issues for time-basedspecification of
gueries. STREAM[BWO1] considergherelationof mate-
rialized views to continuousqueriesin the context of self-
maintenance. In our work, we are less concernedwith
thetradeof betweercomputatiorandscratchstoragethan
with the sharingof storageamongdifferentqueries.

Otherrecentresearch[LSM99GKSO01, SH98] hasfo-
cusedon developingalgorithmsto performspecificfunc-
tions on sequencediata. Instead,we focus on general
Select-Project-JoiflSPJ)views and simple classef ag-
gregates.

The computationof standingqueriesbasedon tuple-
windows is similar to trigger processingand the in-
crementalmaintenanceof materializedviews. Trigger
man[HCHK+99] is a scalabletrigger systemthatusesthe
Gatordiscriminationnetwork [HBC97] to statically com-
puteoptimal stratgiesfor processinghetrigger Gatoris
ageneralizatiorof the Rete[F82] andTREAT [M87] algo-
rithms. The Chronicledatamodel[JMS9] definesan al-
gebrafor the materializedview problemover append-only
data. Wave indices[SG97 are anothersolution designed
for append-onhdatain a datawarehousingcenarioThey
areasetof indicesmaintainedver differenttime-intenals
of the data,andallow queriesover windowedinput. They
ensurehigh harvesfFGCB+97 (i.e., fractionof dataused
to answerquery) of the datawhile old datais being ex-
pired, or asnew dataarrives. This techniqueworks well

for hourly or daily bulk dataupdateshut doesnot scaleto
higherdataarrival andexpirationrates.

3 Query Processinglechniques

In this sectionwe describehow PSoupprocesses stream
of querieshaving the sameFROM clauseusingseveral ex-
amples. In Section4, we extend the solution to handle
guerieswith differentFrRoM clausesanddescribethe im-
plementatiorin moredetail.

3.1 Overview

As describedn Sectionl.1,theclientbeginsby registering
aqueryspecificatiorwith the system.Queryspecifications
areof theform:

SELECT sel ect |i st

FrRom fromli st

WHERE conj oi ned_bool ean_factors

BEGI N begin_tine

END end_time

PSoupassignghe querya uniquelD (called queryID)

thatit returnsto theuserasa handlefor futureinvocations.
Theclientcanthengo away (or disconnect)andreturnin-
termittently to invoke the queryto retrieve the currentre-
sults. Betweenthe invocationsof the query by the client,
PSoupcontinuouslymatcheslatato querypredicatesn the
backgroundand materializeghe resultsof the matchesn
theResultsStructure.Uponinvocationof thequery PSoup
computeghe currentinput window for the queryusingthe
BEGIN-END clauseandappliesit to the ResultsStructure
to returnthe currentresultsof the query

3.2 Entry of newquery specificationsor new data

We now describethe backgroundquery-datgoin pro-
cessingn greaterdetail. We deferthe discussiorof query
invocationandof the ResultsStructureuntil Section3.3.

WhenPSouprecevesa queryspecificationjt splitsthe
guery specificationinto two parts. The first part consists
of the SELECT-FROM-WHERE clause®f thespecification,
which we refer to asa standingquery clause(SQC) The
secondpart, which consistsof the BEGIN-END clause,is
storedin a separatestructurecalledthe WindowsTablefor
referenceduringfuture invocationsof the query The SQC
is firstinsertednto adatastructurecalledthe QuerySteM.
The SQCis thenusedto probethe DataSteMscorrespond-
ing to thetablesin its FROM clause.The DataSteMscon-
tain the datatuplesin the system.The resultsof the probe
indicatethe datatuplesthat satisfiedthe SQC.The identi-
tiesof thosetuplesarestoredin the ResultsStructure.

When a new datatuple entersPSoup,it is assigneda
globally uniquetuplelD anda physicaltimestamp(called
its physicallD) correspondingo the systemclock. Next,
the datatuple is insertedinto the appropriateData SteM
(thereis one Data SteM for eachstream). The datatuple
is thenusedto probethe Query SteM to determinewhich
SQCsit satisfies. As we will describan Section3.2.2,the
datatuple mightbeusedto furtherprobeotherDataSteMs
to evaluateJoinqueries.As before thetuplelDsandphys-
icallDs of the resultsof the probearestoredin the Results
Structure.
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We now describethis processn moredetail usingser-
eralexamples.

3.2.1 SelectionQueriesover a singlestream

We begin by consideringsimple queriesthat involve only
a single datastream. Figure 2 illustratesthe actionsper
formedby PSoupwvhenanew SQCentershe system Fig-
ure 2(a) shaws the stateof the QuerySteMandDataSteM
after the systemhasprocessedhe querieswith querylDs
up to andincluding 23, andthe datatupleswith tuplelDs
up to andincluding 52. Now, considerthe entry of a new
SQCinto the systemshown in Figure 2(b) (we omit the
BEGIN-END clausein the figure). This standingqueryis
assignedthe queryID 24, and is insertedinto the Query
SteM by addinga (queryID, QueryPedicatg entryto the
SteM. At this time, we also have to augmentthe Results
Structure(Figure 2(d)) with a new columnto storethere-
sultsof thequery This standinggueryis thensentto probe
the Data SteM, whereit is matchedwith eachdatatuple
(Figure 2(c)). Whentuplesare found to satisfy a query
(datatupleswith tuplelDs48 and50 in thefigure),the ap-
propriateentriesin the ResultsStructurearemarked TRUE
(Figure2(d)).

Analogously(asshavn in Figure 3), whena new data
tuple arrivesit is first addedto the Data SteM, and then
sentto the QuerySteM, whereit is matchedwith all of the
standingqueriedn thesystem Lastly, theResultsStructure
is updated.

3.2.2 Join Queriesover Multiple Streams

For queriesover multiple datastreamgi.e., Join queries),
we usethe sameapproachasbeforeandtreatthe process-
ing of multiple Join queriesasa join of the query stream
with all the datastreamsenumeratedn the FRoM-list of
thequeries.To dothis, we generalizéhe symmetrigoin to

acceptmorethantwo input streams.

Again, we demonstrat@ur solutionusingan example.
For simplicity, we considerqueriesover two datastreams
R andS. Figure4 shaws the actionsperformedin PSoup
whena new query entersthe system. The systemhasal-
readyprocessed and S datatupleswith tuplelDsup to
andincluding 54, andquerieswith IDs up to andincluding
22. Therearetwo DataSteMs,onefor eachdatastream.
Thereis only a single Query SteM for the query stream.
The SteMshave beenpopulatedwith the above dataand
queries.

Considetthearrival of anew standingguerywith ID 23
(Stepl). Its predicatehasfactorsinvolving only R (R.a<
5), only S (S.b> 1), andboth (R.a> S.b). The queryis
firstinsertednto the QuerySteM(Step2). Next, thequery
is usedto probeeithertheR or S DataSteM. Without loss
of generality let us assumehat the queryfirst probesthe
R Data SteM. We matcheachtuple in the Data SteM to
this querytuple (Step3). Becausehe querydependsalso
on S, it cannotbe fully evaluatedat this stage. However,
the R-only booleanfactorscanstill completelyevaluated
to filter outthoseR tuplesthatcannotbein thefinal result.
For thetuplesthatsatisfythe R-only boolearfactorsof the
query, the valuesfor R are substitutedn the join boolean
factorsthat relatethe two streams;after the substitution,
thereremaina setof booleanfactorsthat dependssolely
on S. Next, we outputa “hybrid struct” that hasfor each
matchingR tuple, the contentsof the R tuple augmented
with the partially evaluatedpredicateof the query(Step4).
Eachof the hybrid structsthat arethusproducedarethen
usedto probethe S DataSteM(Step5). Here,for eachStu-
plethatsatisfiegheremainingboolearfactorsof thequery
theResultsStructures updatedasfollows: anentryfor the
pair (R-tuplelD, S-tupleID)is createdand insertedin the
ResultsStructurefor this pair if onedoesnot alreadyexist.
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This entry is thenmarkedto reflectthat this pair satisfied
the specificqueryID (Step6).

Now considerthe entry of a new R datatuple into the
system(Figure 5). It is insertedinto the R Data SteM,
andfirst probesthe Query SteM. The restof the process-
ing closelyparallelsthe descriptionfor the entry of a new
gueryabove.

Obsenre that there is redundang amongthe hybrid
structs(the shadedpartsof the structsin the figures). The
new SQC tuple is repeatedacrossall the hybrid structs
in Figure 4 and similarly, the newv datatuple is repeated
acrossall the hybrid structsin Figure5. This resultsin
repeateccomputationin the probesof Step5. This redun-
dang andtechniquego removeit aredescribedn detailin
Section5.4.

3.3 Query Invocationand Result Construction

In this section,we describethe ResultsStructure andthe
processingerformedby PSoupto returnthe queryresults
whena previously specifiedqueryis invoked.

The Results Structure maintains information about
which tuplesin the Data SteM(s)satisfiedwhich SQCsin
the Query SteM. For eachresult tuple of eachquery it
storesthe tuplelDs and physicallDsof all the constituent
basetuplesof theresulttuple. The ResultsStructureis up-
datedcontinuouslyduringthe query-datgoin describedn
Sections3.2.1and3.2.2. Theresultsof a querycanbe ac-
cessedy its queryID. In addition, the resultsare ordered
andindexed by tuple timestamp(physicallD),for efficient
retrieval of resultswithin atime-window.

Considera userrequestfor the currentresultof a pre-
viously specifiedquery Recallfrom Section3.2 that the
BEGIN-END clausesof query specificationsare storedin
the WindowsTable. The clauseis now retrieved from the
table,andthe currentvaluesof the endpointsof the input
window aredeterminedBy virtue of the backgroundsym-
metricjoin processingn PSoup.all the datain the system
hasalreadybeenjoinedwith the SQCof the queryspecifi-
cation,andthe resultsof the query-datgoin arepresenin
the ResultsStructure.The PSoupEnginecanthereforedi-
rectly accesshis structureandapplythe currentinputwin-
dow of the queryover its contentsto retrieve the tuplelDs
of the basetuplesthat make up the currentresulttuples.
Theactualtuplesthemselescanthenberetrievedfrom the
DataSteMsusingthetuplelDsandreturnedo theclient.

For single-streanqueries,the retrieval of the current
window from thetimestampof theresulttuplesis straight-
forward. For Joinqueriesthe processs moredifficult be-
causdheresultsarecomposeaf multiplebaseguples,each
with its own timestampWe describethisin Sectiord. Pro-
jectionsare performedjust-in-time whenthe queryis in-
voked,concurrentvith resultconstruction Duplicateelim-
ination,if required,s alsodoneatthis point.

4 Implementation

In Section3, we steppedhroughthe basicframewnork of

our solution using simple examples. Here, we describe
theimplementatiorof PSoupwithin the Telegraphsystem.
Theprincipalcomponentsf our solutionaretheN-relation
symmetricjoin operatorandthe ResultsStructure.



At the heartof theN-relationsymmetrigoin is anoper
atorthatinsertsnew data/querieinto the appropriatestor
agestructuresand then usesthemto probeall the other
storagestructures.The storagestructureshemselespro-
vide insertandprobemethodsoverdata/queriesThe Eddy
and SteM mechanism$AH00, RamO0] provide a frame-
work for adaptve n-relationsymmetricjoins. They were,
however, designedn adifferentcontext. Eddieswereorig-
inally conceved asa tuple routerbetweentraditionaljoin
operators. SteMswere proposedas data structuresthat
couldbesharedetweenhedifferentjoin operationsin ef-
fect, SteMseliminatethejoin moduleshemseles,leaving
Eddy asthe active agentfor effecting the join. However,
neitherwereSteMsdesignedo storequeriesnorwereEd-
diesdesignedo routethem. In addition,the simultaneous
evaluationof multiple standingqueries,andthe storageof
theresultsrequireghetrackingof morestate. Thechanges
neededn Telegraphto supportadditionalfunctionality in
PSouparedescribedelow.

4.1 Eddy

The Eddy performsits work by picking up the next data
tupleto routefrom a queuecalledthe Tuple Pool, andthen
sendingit to one of mary join operatorsaccordingto its
routing policy.

To allow the eddyto route SQCsandhybrid structs(in
additionto data) all theentitiesareencodedastuples.This
is doneby creatinga“predicateattribute” to represenfpos-
sibly partially evaluated)queriesandhaving all tuplescon-
tain dataand/orpredicateattributes.In additionto the data
and/orpredicateattributes,eachtuple also containsa “to-
do” list (calledthelnterestList), thatenumeratethe SteMs
thatit remaingto beroutedthroughbeforethetuplecanbe
considereccompletelyprocessedThis list is the only in-
terfacebetweenthe tuple andthe Eddy. The Eddyis thus
obliviousto the underlyingtypesof the tuplesit routes. It
picks the next destinationof a tuple basedonly on the in-
formationin thetuple’s InterestList.

Thereis, however, a subtledifferencebetweernthe fla-
vorsof Eddyasdescribedy AvnurandHellersteifAHOO]
and Maddenet al. [MSHR0Z andthe PSoupEddy. This
leadsto different semanticdor the resultsoutput by the
two systemdor agivenquery

We saythat a query processomproducesStream-Pefix
Consistentesultsif it atomicallymaterializegheentireef-
fectsof processin@noldertuple (dataor query)in its out-
put, beforeit materializesary of the effects of processing
anewertuple. At all times,the completesetof resultsma-
terializedin the systemarethenidenticalto the resultsof
completelyexecutingsomeprefix of the querystreamover
someprefix of the datastream.This propertyserializeshe
effectsof new tuples(queryor data)in the orderthatthey
enterthe system. Stream-PrefixConsisteng is therefore
the basisof our ability to supportwindowed queriesover
datastreams.

ThePSoupEddyprovidesStreamPrefix Consisteng by
storingthe new andtemporarnytuplesseparatelyn the New
Tuple Pool (NTP) andthe Tempoary Tuple Pool (TTP)re-

spectvely. ThePSoupeddybeginsby picking atuplefrom

theNTP, andthenprocessingll thetemporantuplesin the

TTR, beforeit picks anothemew tuple from the NTP. The

useof a higherpriority tuple pool to storein-flight tuples
serializeghe effectsof new tupleson the ResultsStructure
in the orderin which they enterthe system thusmaintain-
ing it in a stream-pefix consistentstateat all times. The

previousversionof Eddycannotguarante¢he StreanPre-
fix Consisteng property Thisis dueto theiruseof asingle
TuplePoolto storebothnew tuplesandtemporary(hybrid

structs)tuplesin-flight within ajoin query.

4.2 SteMs

SteMsare abstractdatastructureshat provide insertand
probe methodsover their contents. PSoupimplements
the SteMsinterfaceto storedataand queries> The per
formanceof the SteMswould be highly inefficient if the
data/queriesvereprobedsequentiallyandtheboolearfac-
tors were testedindividually in the mannerdescribedin
Section3. We thereforeuseindexesto speediup operations
on dataandqueries.

4.2.1 DataSteM

Data SteMsare usedto storeandindex the basedataof a
stream.Thereis oneDataSteMfor eachstreamthatenters
the system. SincePSoupsupportsangequeries,we need
a tree-basedndex for the datato provide efficient access
to probingqueries.Thereis onetreefor every attribute of
the stream. For our main memorybasedimplementation,
red-blacktreeswere choserbecausehey areefficient and
have low maintenanceost.

When a query probesthe Data SteM, the different
single-relationbooleanfactors of the query are usedto
probethe correspondingndexes, and the resultsof these
probesareintersectedo yield the final result. The tech-
nigue usedto intersectthe individual proberesultsis sim-
ilar to the one usedin Query SteMsand is describedn
Section4.2.2.

The DataSteM alsomaintainsa hash-baseédex over
tuplelDsfor fastaccessluringresultconstruction.

4.2.2 Query SteM

QuerySteMsareusedto storeandindex queries.Thereis
oneQuerySteMfor the entiresystem allowing sharingof
work betweengueriesthat have different, but overlapping
FrROM clauses.

As with the data, it is desirableto index queriesfor
quick (and shared)evaluation during probes. Numer
ous predicateindexes have beenproposedin the litera-
ture [YG99, HCHK+99, SSH86,KKKK02]. We usean
index similar to the one proposedn CACQ [MSHRO0Z:
red-blackireesareusedto index thesingle-attritutesingle-
relationboolearfactorsof aquery For everyrelation,there
is onetreefor booleanfactorsover eachattribute that ap-
pearsin an SQC.The treesareindexed by the constantc

2SincePSoups currentlyimplementecisa main-memonsystemwe
restrictDataSteMsto only keepdatawithin a certainmaximumwindow
specifiedas a systemparameter Supportingqueriesover datastreams
archived on disk s the subjectof futurework.



that appearsn the expression(r.a« RELOP ¢). TO support
rangepredicatesthe nodesof the red-blacktree are en-
hancedasshavn in Figure6. Eachnodecontainsfive ar

raysthatstorethequerylDsof theboolearfactorsthatmap
to thatnode.Thereis onearrayfor eachrelationaloperator
(< <==>=,2).

Queryl: Ra=11
Query2: R.a>11AND R.a< 15 <=]Q30

1A

Query30: R.a>4 AND Ra<=11 >=
Query3l: Raa>11

v

Q2,Q31
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Figure6: Predicatdndex

To probethequeryindex usingadatatupler;, anequal-
ity searchis performedon the queryindex usingthe data
valuer;.a asthe searchkey. The equalitybooleanfactors
that matchthe dataare quickly identified by the nodeto
which the searchkey maps.An index scanis thenusedto
solve theinequalityqueriesjf ary.

The above expressiorfor booleanfactorsonly captures
single-attritute booleanfactors. Queriescould also have
multi-attribute selectionor join boolearfactorsof theform
(R.ac RELOP [R.b|S.b][+/ — c]). Suchbooleanfactorsarenot
indexed, but areall storedin a singlelinkedlist calledthe
predicateList.

Becausea querycanbe split acrosshe differentpredi-
cateindexesandthe predicateListwe needatechniquefor
ANDing theresultsof the probesof thesedifferentstruc-
tures. To do this, the Query SteM containsan array in
which eachcell correspondgo a query specification. At
the beginning of a probeby a datatuple, the valueof each
cell is resetto the numberof booleanfactorsin the corre-
spondingquery Overthe courseof the variousprobes gev-
ery time the datatuple satisfiesa booleanfactor, the value
of the correspondingell in the array is decremented A
cell valueof zeroat the endof the probeindicatesthatthe
datatuple satisfiedthequery

4.3 ResultsStructure

The last major componentof our solutionis the Results
Structure which is accesseavhena userinvokesa query
to retrieve the currentresultsfor thatquery

The Results Structure stores metadatathat indicates
whichtuplessatisfiedvhich SQCs.Sincethecurrentmain-
memoryimplementatiorof PSouponly storesdatawithin
a certainmaximumwindow, the resultscorrespondingo
expireddata(andquerieshathave beenremovedfrom the
system)are dropped. We usetwo differentimplementa-
tions of the ResultsStrucuture. One implementation(as
describedn Section3) is atwo-dimensionabitmap. There
is aseparatditmapfor eachFrRoM-list thatappearsn arny
of the SQCs. The rows of this bitmap are orderedby the

timestamp(physicallD) of the data. The columnsare or-
deredby the ID of query Indexesare provided over both
thephysicallDandthe queryID.

The secondmplementatiorof the ResultsStructureas-
sociateswith eachquerya linked list containingthe data
tuplesthat have satisfiedit. The decisionbetweenthe al-
ternatestructurescan be madeaccordingto the tradeof
betweenthe storagerequirementsof a (possibly) sparse
bitmap,andadensdinkedlist.

As mentionedabore, theresultsare sortedandindexed
by tupletimestampo speedup the applicationof theinput
window at query invocation. This is straightforward for
single-tablequerieswhoseresulttupleseachhave a single
timestamp. The resultsof Join queriesare, on the other
hand,composedof multiple basetuples, eachhaving its
own timestamp. Only two of thesetimestampshowever,
aresignificant:the earliestor the latest,sincethey seneto
boundthe ageof the resulttuples. The ResultsStructure
associatesnly thesetwo timestampswith eachresulttu-
ple. Thequestionarisesasto which of thetwo timestamps
(the earliestand the latest)shouldbe usedto sortandin-
dex theresults.We expectqueriegypically to belandmark
or sliding querieswhoseEND clause(the later edgeof the
window) is definedas“NOW?". All datatuplesin the sys-
tem have to be older than “NOW”. As a result, the later
edgeof thewindow will not,in thecommoncasefilter out
ary results. Therefore the older timestampis likely to be
moresignificantfor efficient resultretrieval andis usedto
ordertheresults.

We have now describechow PSoupimplementghe du-
ality of queriesanddatato apply new queriesto old data,
andnew datato old queries.Now, we will describéts per
formance.

5 Performance

In this section,we investigatethe performanceof PSoup,
focusingonthequeryinvocationanddataarrival ratessup-
portedby the systemunderdifferentqueryworkloadsand
inputwindow sizes.

As mentionedearlie; PSoupis a part of the Tele-
graphproject, and as such, it usesand extendsthe con-
ceptof Eddiesand SteMs. However, becausef the need
to encodequeriesastuples,andthe differencein mecha-
nismsfor ANDing booleanfactorsin PSoupand CACQ,
the tuple format in PSoupdiffers from both the formats
usedin the non-CQversionof Telegraph[HFCD+0(, and
CACQ[MSHRO0Z. Hence,we implementechew versions
of both Eddy and SteMs. Like the restof the Telegraph
systemPSoups implementedn Java.

In this section, we examine the performanceof two
different implementationsof the system: PSoup-partial
(PSoup-PandPSoup-completéP Soup-C)PSoup-As the
implementationwe have describedn earliersections:the
resultscorrespondingo the SQCsare maintainedin the
ResultsStructure andthe BEGIN-END clausesareapplied
to retrieve the currentresultson queryinvocation. PSoup-
C on the other hand, continuouslymaintainsthe results
correspondindo the currentinput window for eachquery



in linked lists. For comparisorpurposeswe alsoinclude
measurementsf a system(NoMat) that doesnot materi-
alize results,but rather executeseachqueryfrom scratch
whenit is invoked. NoMat usesthe sameindices over
the dataand queriesasthe PSoupsystems.Whena query
containsmorethanonebooleanfactor, we fix the orderof

probesoverthedatafor NoMatsuchthatthemoreselectve

booleanfactorsareappliedfirst.

5.1 StorageRequirements

Beforeturning to the experimentsit is usefulto examine
the storagerequirement®f eachsystem.

NOMAT: The storagecostis equalto the the spacetaken
to storethe basedatastreamswithin the maximumwin-

dow overwhich queriesare supportedplusthe sizeof the
structuresusedto storethequeriesthemseles.

PSoup-PARTIAL: In additionto costsincurredby NoMat,

PSoup-Ralsopaysthe costof the ResultsStructure which

useseithera bitarray or a linked-list to storethe results,
dependingon whichever takes less storage. The cost of

thefirst option dependn the numberof standingqueries
storedin thesystemandthe maximumwindow overwhich

gueriescanbe asled. The costof the latter approachde-

pendsontheresultsizes(beforetheimpositionof thetime

window). For the setof experimentsdescribedbelow, we

chosethebitarrayimplementatiorfor the PSoup-FResults
Structure.

PSoup-coMPLETE: Like PSoup-PPSoup-Cpaysfor the
costof storingthe resultsin additionto the costspaid by
NoMat systemsPSoup-Calwaysstoresthe currentresults
of standingqueriesat a giventime. Undernormalloads,
we expectPSoup-Go have substantiallyhigherstoragere-
quirementghanPSoup-Rvhich usesa densebitarray

5.2 Computational performance

The environmentfor which we have targetedPSoupis one
in which new query specificationsarrive much less fre-
guentlythantherateat which existing queryspecifications
areinvoked. We arethereforeprimarily concernedvith the
gueryinvocationratethat canbe supportedn the system.
We determinehis rateby measuringheresponsédime per
gueryinvocationfor varyinginput window sizeandquery
compleity. We alsowish to measurghe maximumdata
arrival rate supportedby the system. This maximumrate
depend®ntherelative costsof the computatiordevotedto
processinghe entry of new datatuples,andthe computa-
tion spenton maintainingthe windows on the resultsthat
have beengenerated.A sener is saturatedoy thesetwo
costsatthe maximumdataarrival ratethatit cansupport.
Thereis aninherenttradeof betweerresult-invocation
anddataarrival rates.Lazy evaluation(asusedin NoMat)
suffers from poor responsdime while having no mainte-
nancecosts. Eagerevaluation(as donein PSoup-C)of-
fersexcellentresponse¢ime but hasincreasednaintenance
costs.PSoup-Reagerlyevaluateshe WHERE clauseof its
query specificationsput adoptsa lazy approachwith re-
spectto the imposition of the time windows specifiedin
the BEGIN-END clause.lts performancehereforelies be-

tweenthatof the otherapproaches.

5.2.1 Experimental setup

As mentionedn Section5, weimplemented®Soupn Jaa.
In orderto evaluateits performanceve rananumberof ex-
perimentghatvariedthewindow sizesandthe numberand
typeof boolearfactors(equality/inequalitysingle-relation,
two-relation) of the queries,and measuredhe response
time for queryinvocationsunderthesedifferentconditions.
In additionto the responseime for queryinvocations we
alsolooked at the maximumdataarrival rate that can be
supportedby the system. We comparedthe maximum
dataarrival ratessupportedy two implementationsf both
PSoup-PandPSoup-Cpneeachwith andwithout the use
of predicateindexes. We alsostudieda schemeo remove
atypeof redundang thatarisesin join processingaswas
describedn Section3), andmeasuredts performancain-
derdifferentworkloads.

All the experimentswere run on an unloadedsener
with two Intel Pentiumlll,666MHz,256 KB on-chipcache
processors. It had 768MB RAM. PSoupwas run com-
pletelyin main-memorysowe arenotconcernedvith disk
space We useSun's Java Hotspot(TM)ClientVM, version
“1.3.0", onLinux with a2.2.16kernel.

We usedsyntheticallygeneratedjueryanddatastreams
to comparethe threeapproachesindera rangeof applica-
tion scenarios.The datavaluesare uniformly distributed
in the interval [0, 255]. In orderto stressthe system,we
male all thetuplesin the streamavailableinstantaneously
i.e., thereis no variabledelay betweenconsecutie tuples
in the stream.Maddenet al. [MSHRO0Z demonstratethe
adwantagef adaptve query processinggainedby apply-
ing the Eddiesframenork to CQ processingThoseresults
alsoapplyto this setting.

Parameters Rangeof Values
Input Window Size(in #tuples) 27-216
#QuerySpecifications 27-212
#BooleanFactors 1-8

Tablel: IndependenParameter$or Experiments

For single-relationbooleanfactors of the form (R.a
RELOP c), thevalueof the constant is chosenuniformly
from amonga multiple of 32 in the interval [0,255] with
a probability of 0.2, and uniformly from the entirerange
[0, 255] with probability 0.8. We usedthis multimodaldis-
tribution to approximatea queryworkloadin which some
itemsweremoreinterestingthanothers.Joinquerieshave
exactly one multiple-relationbooleanfactor Thisis done
to isolate the effects of the join. The multiple-relation
booleanfactorsare of the form (R.a RELOP S.b +/- ¢),
wherec hasthe samedistribution asfor SelectionQueries.

5.2.2 Responsdime vswindow size

Thefirst setof experimentsve describemeasureshetime
takento respondo SelectandJoin queryinvocationswith

increasinginput window sizes. Figure 7(a) shows the re-
sponsetime per query for selectionquerieswith equality
predicatesFigure 7(b) shavs the samemetric for selec-



tion querieswith intenal predicates. Interval predicates
were formed by combiningtwo single-relationinequality
booleanfactorsover the sameattribute (the size of the in-
terval is uniformly distributedin the range[0, 255]). Note
that the y-axeson both plots, usea logscaleand the val-
ueson the x-axes have a multiplicative factor of 10,000.
In bothworkloads,the querieshave betweenone andfour
predicates.

—+ NoMat
-&- Psoup-P
—< Psoup-C

107 k|
10 1

0 1 2 3 4 5 6 7
Window Size (in #tuples)

Response Time per Query (in msec)
=
1S

(a) Equality Predicates

—+ NoMat
-&- Psoup-P
—% Psoup-C

Response Time per Query (in msec)

2 3 4 5
Window Size (in #tuples)

(b) Intenal Predicates

Figure7: Response-imefor SelectQueries

The responsdimesincreasefor all threesystemswith
increasingwindow sizes. For NoMat, this is becauseof
increasedjueryexecutiontime. For PSoup-Pthisis caused
by the increasen the lengthof the bitarrayin the Results
Structure.For PSoup-Cthis is becausef the increasen
thecardinalityof theresults.

As expected the responsdime for both workloadsun-
der NoMat is much worsethan the othertwo. PSoup-P
performsworsethanPSoup-Cby two ordersof magnitude
for equality querieshecausef the needto traverseanen-
tire bitarrayof the size of the maximuminput window for
eachquery irrespectve of the size of the result. For the
samereasonthe performancef PSoup-Rloesnot change
betweerequalityandinequalityquerieswhile theresponse
time for boththe NoMat andPSoup-Gsolutionsarehigher
for inequalityquerieghanequalityqueries theformerbe-
causeof greaterdataindex traversal,the latter becausef
largerresultsets.The performancef PSoup-RandPSoup-
C is comparabldor inequalityqueries.

Figure8 shavstherespons¢ime for two-tableinequal-
ity Join querieswith varying input window size. In this
case the y-axis usesa linear scale. The x-axis shavs the

window sizefor eachtableof thejoin. Theresultsizeag-
gregatedover all queriesis proportionalto the squareof
the window size. The rangeof the window sizeis there-
fore muchsmallerthanfor Selectionqueries.Theresponse
time for NoMat is abouttwo ordersof magnitudeworse
thanthat of the PSoupsystems. PSoup-Pis lessthanan
orderof magnitudeworsethan PSoup-C For example,at
a window size of 576 , the responsdime for PSoup-Pis
29.98 msecwhile for PSoup-dt is 8.54 msec.

We concluderom this experimenthatasexpectedsys-
temsthatdo notmaterializetheresultsof thequeriesdo not
not scalewith increasingnputwindow size.
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Figure8: Response-imefor JoinQueries

5.2.3 Responsdime vs#Interval predicates

The next experimentwe describemeasureghe response
timefor inequalitySelectiomueriesaswe vary thenumber
of conjoinedinterval predicatesn the query The queries
containone interval predicateover eachattribute that ap-
pearedn the SQC.Theinputwindow sizewasfixedat 21°
(the secondargestwindow sizeshown in Figure7 for Se-
lection queries)for all the queries. The resultsare shovn
in Table2.

As expected, both of the PSoupsolutionsagain out-
perform NoMat by betweenone to two ordersof mag-
nitude (accordingto the numberof interval predicatesn
the query). An interestingpoint to noteis that while the
responsdime for NoMat increaseswith the number of
conjoinedinterval predicateglueto the greateramountof
computatiorrequired the responsdimesfor PSoup-Fand
PSoup-Cdecrasesignificantly The behaior of NoMat
is explained by the increasingcomplexity of the queries
thathave to be executeduponinvocationby theuser The
relative performanceof the PSoupimplementationss ex-
plainedby the costof resultconstructionin the two sys-
tems. WhereasPSoup-Cconstructsts resultsby derefer
encingpointersto the datatuplesstoredin its linked list
andthen copying the tuples, PSoup-Phasto pay the ex-
tra costfirst retrieving the referenceso the datatuplesus-
ing the DataSteM’s index over physicallDs. The factthat
both of their responsdimesreducewith increasingnum-
ber of ANDed interval predicatess becausef the higher
selectvity of theresultingqueriesandthe correspondingly
smallerresultsizes.

Another interestingpoint is the switch in the relative
performanceof PSoup-PandPSoup-Caswe go from one



Responselime (in msec)
#Interval Predicates| NoMat | PSoup-P| PSoup-C
1 0.3940 | 0.0465 0.0565
2 0.4905| 0.0240 0.0210
4 0.8255| 0.0130 0.0035

Table2: Responsd&ime: Selectiorw/ Interval Predicates

to two interval predicates. This is explainedas follows.
For querieswith oneinterval predicate the selectvity of
thequeryis poorsothattherelative inefficiency of linked-
list traversalin PSoup-Ccomparedo bitarraytraversalin
PSoup-Poutweighsthe factthatfewer elementhiave to be
traversed. With increasingnumberof interval predicates
however, the selectvity increasesndthe differencein the
averagesize of the resultsetsandthe input window (21°)
becomepronounce@nougho dominateherelative costs.

In conclusion,this experimentshowns that NoMat does
not scalewith increasingquery compleity. Both PSoup
implementationdhave comparableperformancefor fewer
boolearfactors but PSoup-Cs performancemprovesdra-
matically dueto the reductionin resultsizesfor morese-
lective queries.

5.2.4 Dataarrival rate vs#SQCs

We now turn our attentionto the maximum data arrival

ratessupportedy PSoupwith varyingnumberof inequal-
ity Selectiomueryspecificationsn systemWedonotcon-
siderNoMat for this experiment.We consideitwo possible
implementation®f both PSoup-Pand Psoup-C:oneeach
with and without predicateindexes (referredto as Shrd
andUnshrdrespectiely). Thecomparisorof PSoup-Rand
PSoup-Chighlights the effect of lazy vs. active mainte-
nanceof resultson the dataarrival rates. The differencen

the performanceof versionsof PSoupusing predicatein-

dexeswith thosethatdo not highlightsthe savingsin com-
putationachiezedthroughthe useof predicatandexes.

A fully loadedsener eitherkeepsthe queryresultscur-
rent, or acceptsnew data. The relative costsof the two
actiities thereforehelp us determinethe maximum data
ratethat canbe supportedy the systemfor a givennum-
ber of storedqueryspecificationsThe window sizefor all
the queryspecificationsn this experimentis fixedat 1000
tuples.

The resultsfor this experimentare shavn in Figure 9.
The y-axis usesa logscale. The PSoup-PShrd solution
performsthe best,and beatsthe PSoup-PUnshrdsystem
by anorderof magnitudeandthe two PSoup-Chasedso-
lutions by two ordersof magnitudelt is interestingo note
thatthecostof maintainingtheresultsdominateghecostof
incrementatomputatioruponentry of new datato the ex-
tentthatit almostdoesnot matterwhetheror not we share
the computationthoughindexing queriesfor the PSoup-C
implementationsThis indicatesthatif we wish to support
high dataarrival rates,PSoup-PShrdis the implementa-
tion of choice. An interestingresultin this experimentis
that the speedupachieszed by PSoup-PShrd over PSoup-
P_Unshrdthroughthe useof queryindexesincreasesvith
increasingnumberof query specifications. This happens

becauseheboolearfactorsof new queryspecificationsn-
creasinglyfall into the old nodesin the predicateindex,
thuskeepingthe computatioramountroughlythe same.
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Figure9: DataArrival Ratefor SelectionQueries

This experimentconfirmsour expectationthatthe deci-
sionnotto index queries,andto maintainqueryresultsup
to date,canboth adwerselyaffect the dataarrival ratethat
canbesupportedn thesystem.

5.3 Summary of Results

The first two experimentsdemonstrateéhat materializing
theresultsof queriesallows the supportof higherqueryin-

vocationrates.Thethird experimentshavsusthatindexing

qgueriesandlazily applyingthewindowsimprovesthe max-
imumdatathroughpusupportedy thesystem.Thechoice
betweenthe PSoup-Pand PSoup-Cimplementationghus
dependn the amountof memorywe have in the system
(PSoup-Crequiresmore), and whetherwe wish to opti-

mize for query invocationrate (PSoup-C)or dataarrival

rate(PSoup-P).

5.4 Removing redundancyin join processing

As mentionedin Section3, the join processingliscussed
sofar canperformredundantvork. In this sectionwe will
describehe redundang, andshov how we overcomeit.

5.4.1 Entry of a query specificationor new data

Recallfrom Section3, the productionof hybrid structsin
the processingf new query specifications. The relevant
part of Figure 4, which detailedthe processingf a new
Joinquery(R.a<5 andR.a>S.band S.li>1) over streams
R and S, is reproducedn Figure 10(a) for corvenience.
Thehybrid structsthatareproducedafterthe queryspecifi-
cationprobeghe R-DataSteMsharethe sameS-onlycom-
ponent(S.b> 1) of theoriginal query This booleanfactor
repeatedlyprobesthe S-DataSteM (oncefor eachhybrid
struct). We caneliminatethis redundang by combiningall
the hybrid tuplesproducedby the probeof the RS query
into the R-DataSteMinto a single“single query-multiple
data” compositetuple (Figure 10(a)). The sharedS-only
componentannow be appliedexactly once. More inter-
estingly we canusea sort-mege join basedapproacho
join thesetof predicatesvith thesetof tuplesin the S-Data
SteM.

A similar situationariseswhendatais addedto the sys-
tem. The hybrid structsproducedduring the processingf
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thenew datasharemary booleanfactors.Therelevantpart
of Figure 5 is reproducedn Figure 10(b). The identical
booleanfactorsareexecutedrepeatedlyover the samedata
setin the S-DataSteM. The “single data-multiplequery”
compositetuple (Figure 10(b)) canbe usedin conjunction
with the sort-megejoin basedapproacho apply the com-
positetupleto the DataSteM.

5.4.2 Compositetuplesin joins

This experimentcompareghe costsof incrementalcom-
putationon arrival of a new Join query specificationover
streamdR andS, with andwithout the useof compositeu-
ples. The executionpathfor the new queryspecifications
thesameaswasshown in Figure4.

TheJoinqueriesareof theform: (R.arReLoP1 c1) AND
(R.arRELOP2 S.b)AND (S.brRELOP3 c2). Toisolatetheef-
fectof the compositeuple from the otherstepsinvolvedin
join processingwe only measurahe costof Step5 of the
join processinghawn in Figure4. After executingStepsl
through3 of Figure4, the querypredicatesreof the form
(R.avaluerReLOP2 S.b)AND (S.bReELOP3 c2). Thelat-
ter booleanfactoris sharedacrossall hybrid structs. We
now comparethecostof probingthe S-DataSteMwith the
compositeuplesagainsthe costof probingit with thein-
dividual hybridtuples.

By varying RELOP2 and RELOP3, we createthreedif-
ferentworkloads.In thefirst, we setRELOP3 to be’equals’
(Eq), andrReLOP2 to be one of the inequalities(Ineq). In
thesecondvorkload,we reversethis. In thefinal workload,
we setbothto beinequalities.

The resultsare shavn in Figure 11. The legendin
the plot reflectsthe choicesfor RELOP2/RELOP3 (Equal-

ity or Inequality),andwhethercompositeupleswereused

(Composite)r not (Separate) Note thatthe y-axis usesa

Time (in sec)
=
5

-5~ Eg/lneq-Separate
-©- Eg/Ineq-Composite
~ -8B~ Ineq/Eq-Separate
10 " —~ Ineg/Eq-Composite
—B- Ineg/Ineq-Separate
—— Ineg/Ineq-Composite

0 200 400 600 800 1000 1200
Number of Hybrid Structs

Figure11: Probetimesw/ andw/o compositeuples

logscale FortheEqg/Inegworkload,thesharedoolearfac-
tor is anequalityandis thereforehighly selectve (because
of the uniform distribution of thedata).Hence,in bothap-
proachesit is appliedfirst, beforearny otherboolearfactors
areusedto probethe data. The solutionusingthe compos-
ite tupleprobeghedatawith thisfactorexactly once effec-
tively halvingthetotalnumberof boolearfactorsthateven-
tually probethedata.lt is thereforeapproximatelytwice as
efficient asthe otherapproach.For the Ineq/Eqworkload,
it doesnot help muchto apply the sharedinequality fac-
tor first. However, the compositeuple basedapproactus-
ing a Sort-Megejoin of the booleanfactorsand datastill
outperformsthe other approachusing NestedLoops, be-
causemostof the booleanfactorsareequalityfactors,and
Sort-Megeis a moreefficientalgorithmfor equijoinsthan
nestedoops. In the Ineqg/Inegworkloadhowever, boththe
sharedandthe individual booleanfactorsareinequalities.
Sort-Mege is not a good algorithm for inequality joins,
thereforethe Nested_oopsindex join solutionis preferred.

6 A Noteon AggregationQueries

To this point, we have only discussedSPJqueries, but
PSoupalsosupportsaggrejatessuchascount, sum, aver-
age,min andmax.

Ideally, we would like to sharethe data structures
usedin computingaggr@atesacrossrepeatednvocations
of all SELECT-PROJECT-JOIN-AGGREGATE queriesover
streamsjust aswe do in the caseof SELECT-PROJECT-
JoIN queries. However, it is only possibleto sharethese
datastructuresacrossqueriesthathave the sameSELECT-
PROJECT-JOIN clause.

We demonstraté¢he above claim usingexamplequeries
thatcomputethe MAX of theresultsof a SELECT-FROM-
WHERE query First, we explain the basic approachto
computingtheM A X overdifferentwindowsusingthesame
datastructure.ConsiderFigure 12, which shavs a ranked
n-arytreeoverall thedatain a SteM.Theleavesof thetree

25

\ IS NEPZAN

ﬁ%%i%%%&@

| Interval |

ta Query A: Max = 22 tgo

Query B: Max = 12
Query A Query B
SELECT Max(S)
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Figure12: Ranked Treefor Max

areorderedby time of insertioninto the SteM (i.e., inser
tionsalwaysoccurat therightmostnodeof thetree). Each



nodeis annotatedvith the MAX of all the elementaunder
the subtreeootedatthatnode.

Now, let usinvoke queryA onthesystemwhenthe cur-
rentwindow is [t;, ¢;]. Thefirst commonancestorof the
end points of the window is therootr. Let ¢, andc, be
thechildrenof r thatneedto befollowedto reacht; andt;.
Let the rightmostleaf underthe subtreerootedat ¢, bety,
andtheleftmostleafunderthe subtreerootedat c, bet;.
Maz[r,t;,t;] = Maz(Mazcp,ti,tr], annotations of all
children of r between c, and cq, Maz|cq, ti,t;]).

This is a recursve expressionand canbe computedin
O(logn) time by following the nodesof the treedown to
t; andt;. In the figure, the thick edgesshow the paths
traversedn this recursionin thespecificcasewhere(t;, t;]
= [ts, t20]; themaximumis 22.

Now considerQuery B. It has a different SELECT-
FrRoOM-WHERE clause from Query A, and the values
20, 15, 19, 22 and 21 arenotto be considereccomput-
ing QueryB. Thistreecanthereforenot beuseddirectly to
computeQueryB. Theproblemis thattheleavesin thetree
matchthe resultsof the SEL ECT-FROM-WHERE clauseof
QueryA but not QueryB. Therefore we mustmaintaina
separatestructurefor eachin the Query SteM. Sharingoc-
cursonly betweerdifferentinvocationsof thesamequery

7 Conclusion

In conclusionwe have describedhedesignandimplemen-
tation of a novel query enginethat treatsdataand query
streamsanalogouslyand performs multiquery evaluation
by joining them. This allows PSoupto supportqueriesthat
requireaccesgo both datathat arrived prior to the query
specificationandalsodatathat appearsafter PSoupalso
separatethe computatiorof theresultsfrom their delivery
by materializingthe results: this allows PSoupto support
disconnectedperation. Thesetwo featuresenabledata
rechaging and monitoring applicationsthat intermittently
connectto a sener to retrieve the resultsof a query We
alsodescribeechniquedor sharingboth computatiorand
storageacrosdifferentqueries.

In termsof futurework, thereis muchto bedone.Psoup
is currentlyimplementedas a main memorysystem. We
would like to be ableto archive datastreamso disk and
supportqueriesover them. Disk basedstoresraise the
possibility of swappingnot only data,but alsoqueriesbe-
tweendisk and main memory Swapping queriesout of
main memorywould effectively deschedul¢hem,andcan
be usedasa schedulingnechanisnif somequeriesarein-
voked muchmorefrequentlythanothers.In this paperwe
have only briefly touchedupon the relation of registered
gueriesin PSoupto materializedviews. We intendto fur-
ther explore the spaceof materializedviews over infinite
streamsespeciallyunderresourceconstraints The current
implementatiorof PSoupallows the client only to retrieve
answersorrespondingo thecurrentwindow. We intendto
relaxthis restriction,andallow clientsto treatPSoupmore
generallyasa querybrowserfor temporaldata.
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