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Abstract

Recentwork on querying data streamshas fo-
cusedon systemswhere newly arriving data is
processedandcontinuouslystreamedto the user
in real-time.In many emergingapplications,how-
ever, adhocqueriesand/orintermittentconnectiv-
ity alsorequiretheprocessingof datathatarrives
prior to query submissionor during a period of
disconnection.For suchapplications,wehavede-
velopedPSoup,a systemthat combinesthe pro-
cessingof ad-hocandcontinuousqueriesby treat-
ing dataandqueriessymmetrically, allowing new
queriesto be appliedto old dataandnew datato
beappliedto old queries.PSoupalsosupportsin-
termittentconnectivity by separatingthe compu-
tation of queryresultsfrom the delivery of those
results.PSoupbuilds on adaptive queryprocess-
ing techniquesdevelopedin theTelegraphproject
at UC Berkeley. In this paper, we describePSoup
andpresentexperimentsthat demonstratethe ef-
fectivenessof our approach.

1 Intr oduction
Theproliferationof the Internet,theWeb,andsensornet-
works have fueled the developmentof applicationsthat
treat dataas a continuousstream,rather than as a fixed
set. Telephonecall records,stockandsportstickers,and
datafeedsfrom sensorsare examplesof streamingdata.
Recently, a numberof systemshave beenproposedto ad-
dressthe mismatchbetweentraditionaldatabasetechnol-
ogy andtheneedsof queryprocessingoverstreamingdata
(e.g., [HFCD+00, AF00, CDTW00, BW01, CCCC+02]).
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In contrastto traditional DBMSs, which answerstreams
of queriesover a non-streamingdatabase,thesecontinu-
ousquery(CQ) systemstreatqueriesasfixed entitiesand
streamthedataover them.

Previous systemsallow only the queriesor the datato
bestreamed,but not both. As a result,they cannotsupport
queriesthat requireaccessto both datathat arrivedprevi-
ously anddatathat will arrive in the future. Furthermore,
existing CQ systemscontinuouslydeliver resultsas they
arecomputed. In many situations,however, suchcontin-
uousdelivery may be infeasibleor inefficient. Two such
scenariosare:
Data Recharging: DataRecharging [CFZ01] is a process
throughwhich personaldevicessuchasPDAs periodically
connectto the network to refreshtheir datacontents.For
example,considera businesstraveler who wishesto stay
apprisedof informationrangingfrom themovementsof fi-
nancialmarkets to the latest football scores,all within a
certainhistoricalwindow. Theseinterestsareencodedinto
queriesto be executedat a remoteserver, the resultsof
which mustbe downloadedto the user’s PDA when it is
connectedto thenetwork infrastructure.
Monitoring : Considera userwho wants to track inter-
estingpiecesof informationsuchasthe numberof music
downloadsfrom within his subnetin the last hour, or re-
centpostingson Slashdot(http://www.slashdot.org/) with
a scoregreaterthana certainthreshold.Evenwhenonline,
the user might only periodically wish to seesummaries
of recentactivity, rather than being interruptedby every
update. Aggregatedover many users,the bandwidthand
server load wastedon transmittingdatathat is never ac-
cessedwill besignificant. A moreefficient approachis to
returnthecurrentresultsof astandingqueryon demand.

To support such applications,we proposePSoup, a
queryprocessorbasedon theTelegraph[HFCD+00] query
processingframework. The coreinsight in PSoupthatal-
lows us to supportsuchapplicationsis that both dataand
queriesarestreaming,andmoreimportantly, they areduals
of eachother:multiqueryprocessingis viewedasa join of
queryanddata streams. In addition,PSoupalsopartially
materializesresultsto supportdisconnectedoperation,and
to improvedatathroughputandqueryresponsetimes.

1.1 Overview of the System

A userinteractswith PSoupby initially registeringaquery
specificationwith thesystem.Thesystemreturnsa handle



to theuser, whichcanthenbeusedrepeatedlyto invoke the
results� of thequeryat latertimes.A usercanalsoexplicitly
unregisterapreviouslyspecifiedquery.
An examplequeryspecificationis shown below:
SELECT *
FROM Data Stream D s
WHERE ��� ��� 	�
������� ��� ���������
BEGIN ������� �!�"��
END �������#� ,

PSoupsupportsSELECT-FROM-WHERE querieswith con-
junctive predicates.$ Queriesalsocontaina BEGIN-END

clause that specifiesthe input window over which the
query resultsare to be computed. In this paper, we as-
sumethat thesystemclock time is usedto definetheends
of the input window, and that the sametime-window ap-
plies to all the streamsin the FROM clause. The ideas
presentedherecan be adaptedto allow logical windows
(i.e., basedon the numberof tuples, rather than 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 snapshot(constantBEGIN TIME, constant
END TIME) [SWCD97],landmark(constantBEGIN TIME,
variable END TIME) or sliding window (variable BE-
GIN TIME, variableEND TIME) semantics[GKS01] for the
queries. BecausePSoupis currently implementedas a
main-memoryengine,theacceptablewindows arelimited
by thesizeof memory.

Internally, PSoupviews the executionof a streamof
queriesover a streamof dataasa join of the two streams,
as illustratedin Figure1. We refer to this processas the
query-datajoin.
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Figure1: Outlineof solution
Our systemmaintainsstructurescalled StateModules

(SteMs)[Ram01] for thequeriesandthedata.Thereis one
QuerySteMfor all thequeryspecificationsin the system,
andthereis oneDataSteMfor eachdatastream.Figure1
shows an examplewith one datastream. When a client
first registersa query, it is insertedinto the QuerySteM,
andthenusedto probetheDataSteM.This applicationof
“new” queriesto “old” datais how PSoupexecutesqueries
over historical data. Similarly, whena new dataelement
arrives,it is insertedinto theDataSteM,andusedto probe
theQuerySteM.This actof applying“new” datato “old”
� The systemcurrently doesnot allow nestedsubqueries.This con-

straintis not inherentin thetreatmentof queriesasdata.Theimplemen-
tationof subqueriesis thesubjectof futurework.

queriesis how PSoupsupportscontinuousqueries.In both
cases,theresultsof theprobesarematerializedin aResults
Structure(not shown in figure). Whena queryis invoked,
the current input window is computedfrom the BEGIN-
END clauseusingthecurrentvalueof NOW. This window
is thenappliedto thematerializedvaluesto retrievethecur-
rent results.Materializationis the key to efficient support
for set-basedsemanticsin continuousqueries.

1.2 Contrib utions of the paper

We proposea schemethat efficiently solves the problem
of intermittently repeatedsnapshot,landmarkandsliding
window queriesoverstreamingdatawithin a recenthistor-
ical window. We explorethetradeoff betweenthecompu-
tationrequiredto materializeandmaintaintheresultsof a
queryandtheresponsetimefor invocationof thosequeries.

We demonstrateseveraladvantagesof treatingdataand
queriesasstreams,andasduals.First,thisideais thekey to
solving the problemof processingqueriesthat canaccess
bothdatathatarrivedbeforethequeryregistration,andalso
datathatwill arrive in thefuture.Second,multiqueryeval-
uationcanbeoptimizedby usingappropriatealgorithmsto
join the dataandquery streams. Third, we can leverage
eddies[AH00] to adaptively respondto changingcharacter-
isticsof boththedataandqueryspecificationstreams.

Finally, we develop techniquesto shareboth the com-
putationandstorageof differentquery results. We index
predicatesto sharecomputationfor incrementalmainte-
nanceacrossstandingqueries.Thestorageof theresultsof
thequery-datajoin computationis thekey to PSoup’sabil-
ity to supportintermittentlyconnectedoperation.Weshare
storageacrossthebasedataandtheresultsof all standing
queriesby avoidingcopies.

The remainderof this paperis structuredas follows.
Section2 discussesrelatedwork. In Sections3 and4 we
describehow PSoupexecutesSelectionandJoin Queries.
Wepresenttheresultsof ourexperimentsin Section5. Sec-
tion 6 discussesissuesinvolving Aggregationqueriesthat
areof specificinterestto PSoup.In Section7 we present
ourconclusionsanddirectionsfor futurework.

2 RelatedWork
PSoupis part of the Telegraph[HFCD+00] projectat UC
Berkeley. It spanswork oncontinuousqueries,triggersand
materializedviews.

Terry et al. [TGNO92] studiedcontinuousqueriesto
filter documentsusing a SQL-like languagethat only al-
lowsmonotonicqueries.Seshadrietal.[SLR94] discussthe
problemof defining andexecutingdatabase-stylequeries
over sequenceddata.They only considerqueriesthatpro-
ducea singletontuple as output for eachinput window.
Sadri et al. [SZZA01] proposea languageSQL-TS, that
canexpresssequence-sensitiveoperationsoverwindowsof
thestream.A key featureof SQL-TSis theability to define
windowsaccordingto repeatingpatternsin thestream.

Recently, variousCQ engineshave beenproposedin
the literature. PSoupbuilds on the ideasdevelopedin
CACQ [MSHR02], an earlier CQ extensionof the Tele-



graph enginethat exploits the adaptivity offered by the
Eddy( operator[AH00] to efficiently handleskews in data
distribution and arrival rates. CACQ also introducedthe
notion of tuple-lineage to allow sharingqueriesbeyond
just commonsubtreesof theplans.Othersystems[YG99,
CDTW00, AF00] have explored lessadaptive techniques
to supportcontinuousqueries.All thesefour systemsfo-
cuson “filter” operators:they acceptonelong sequenceof
tuplesas input andproduceanothermonotonicallygrow-
ing sequenceas output. Further, they do not offer sup-
port for queriesover historical data. Comparedto these
systems,we considera morecomprehensiveworkload,al-
lowing queriesto have non-monotonicsetsas inputsand
output, therebyallowing snapshot, landmarkand sliding
window queries. The techniquesdevelopedin PSoupto
queryrecentlyarrivedandfuture data,andto supportdis-
connectedoperationcanbeintegratedinto theseearlierCQ
systems.In someways,PSoupcanbeseenasa logical ex-
tensionof theseCQ techniquesto handleintermittentset-
basedqueriesoverbothrecentandfuturedata.

Fabretet al. [FJLP+01] observe that publish-subscribe
systemscanapplynewly publishedeventsto existing sub-
scriptions,andmatchnew subscriptionsto existing (valid)
events.However, they focusongroupingsubscriptionsand
optimizingthematchingprocessonthearrival of new data.
andsuggestthatstandardqueryprocessingtechniquescan
beusedto processnew subscriptions.

Bonnetet al.[BGS01, BS00] describedifferentkindsof
queriesover streamingdata.Fjords[MF02] is anarchitec-
turefor queryingstreamingsensordata.MOST[SWCD97]
is a databasefor querying moving objects, and con-
siders semantic issues for time-basedspecification of
queries.STREAM[BW01] considersthe relationof mate-
rializedviews to continuousqueriesin thecontext of self-
maintenance. In our work, we are less concernedwith
thetradeoff betweencomputationandscratchstorage,than
with thesharingof storageamongdifferentqueries.

Other recentresearch[LSM99, GKS01, SH98] hasfo-
cusedon developingalgorithmsto performspecificfunc-
tions on sequenceddata. Instead,we focus on general
Select-Project-Join(SPJ)views andsimpleclassesof ag-
gregates.

The computationof standingqueriesbasedon tuple-
windows is similar to trigger processingand the in-
crementalmaintenanceof materializedviews. Trigger-
man[HCHK+99] is a scalabletriggersystemthatusesthe
Gatordiscriminationnetwork [HBC97] to staticallycom-
puteoptimalstrategiesfor processingthe trigger. Gatoris
ageneralizationof theRete[F82] andTREAT [M87] algo-
rithms. The Chronicledatamodel[JMS95] definesan al-
gebrafor thematerializedview problemover append-only
data. Wave indices[SG97] areanothersolutiondesigned
for append-onlydatain a datawarehousingscenario.They
areasetof indicesmaintainedoverdifferenttime-intervals
of thedata,andallow queriesover windowedinput. They
ensurehigh harvest[FGCB+97] (i.e., fractionof dataused
to answerquery) of the datawhile old data is being ex-
pired, or asnew dataarrives. This techniqueworks well

for hourly or daily bulk dataupdatesbut doesnot scaleto
higherdataarrival andexpirationrates.

3 Query ProcessingTechniques
In this sectionwe describehow PSoupprocessesa stream
of querieshaving thesameFROM clauseusingseveralex-
amples. In Section4, we extend the solution to handle
querieswith differentFROM clausesanddescribethe im-
plementationin moredetail.

3.1 Overview

As describedin Section1.1,theclientbeginsby registering
aqueryspecificationwith thesystem.Queryspecifications
areof theform:
SELECT select list
FROM from list
WHERE conjoined boolean factors
BEGIN begin time
END end time

PSoupassignsthe querya uniqueID (calledqueryID)
thatit returnsto theuserasahandlefor futureinvocations.
Theclient canthengo away (or disconnect),andreturnin-
termittently to invoke the queryto retrieve the currentre-
sults. Betweenthe invocationsof the queryby the client,
PSoupcontinuouslymatchesdatato querypredicatesin the
backgroundandmaterializesthe resultsof the matchesin
theResultsStructure.Uponinvocationof thequery, PSoup
computesthecurrentinput window for thequeryusingthe
BEGIN-END clauseandappliesit to the ResultsStructure
to returnthecurrentresultsof thequery.

3.2 Entry of new query specificationsor new data

We now describethe backgroundquery-datajoin pro-
cessingin greaterdetail. We deferthediscussionof query
invocationandof theResultsStructureuntil Section3.3.

WhenPSoupreceivesa queryspecification,it splits the
queryspecificationinto two parts. The first part consists
of theSELECT-FROM-WHERE clausesof thespecification,
which we refer to asa standingqueryclause(SQC). The
secondpart, which consistsof the BEGIN-END clause,is
storedin a separatestructurecalledtheWindowsTablefor
referenceduringfutureinvocationsof thequery. TheSQC
is first insertedinto adatastructurecalledtheQuerySteM.
TheSQCis thenusedto probetheDataSteMscorrespond-
ing to thetablesin its FROM clause.TheDataSteMscon-
tain thedatatuplesin thesystem.Theresultsof theprobe
indicatethedatatuplesthatsatisfiedtheSQC.The identi-
tiesof thosetuplesarestoredin theResultsStructure.

When a new datatuple entersPSoup,it is assigneda
globally uniquetupleID anda physicaltimestamp(called
its physicalID)correspondingto the systemclock. Next,
the datatuple is insertedinto the appropriateData SteM
(thereis oneDataSteM for eachstream). The datatuple
is thenusedto probethe QuerySteM to determinewhich
SQCsit satisfies.As we will describein Section3.2.2,the
datatuplemightbeusedto furtherprobeotherDataSteMs
to evaluateJoinqueries.As before,thetupleIDsandphys-
icalIDs of theresultsof theprobearestoredin theResults
Structure.
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Figure3: SelectionQueryProcessing:Entryof New Data

We now describethis processin moredetailusingsev-
eralexamples.

3.2.1 SelectionQueriesover a singlestream

We begin by consideringsimplequeriesthat involve only
a singledatastream. Figure2 illustratesthe actionsper-
formedby PSoupwhenanew SQCentersthesystem.Fig-
ure2(a)shows thestateof theQuerySteMandDataSteM
after the systemhasprocessedthe querieswith queryIDs
up to andincluding EGF , andthe datatupleswith tupleIDs
up to andincluding H�E . Now, considerthe entryof a new
SQC into the systemshown in Figure 2(b) (we omit the
BEGIN-END clausein the figure). This standingquery is
assignedthe queryID EJI , and is insertedinto the Query
SteM by addinga (queryID,QueryPredicate) entry to the
SteM. At this time, we also have to augmentthe Results
Structure(Figure2(d)) with a new columnto storethe re-
sultsof thequery. Thisstandingqueryis thensentto probe
the DataSteM, whereit is matchedwith eachdatatuple
(Figure 2(c)). When tuplesare found to satisfy a query
(datatupleswith tupleIDs ILK and H�M in thefigure),theap-
propriateentriesin theResultsStructurearemarkedTRUE

(Figure2(d)).
Analogously(asshown in Figure3), whena new data

tuple arrives it is first addedto the Data SteM, and then
sentto theQuerySteM,whereit is matchedwith all of the
standingqueriesin thesystem.Lastly, theResultsStructure
is updated.

3.2.2 Join Queriesover Multiple Streams

For queriesover multiple datastreams(i.e., Join queries),
we usethesameapproachasbeforeandtreattheprocess-
ing of multiple Join queriesasa join of the querystream
with all the datastreamsenumeratedin the FROM-list of
thequeries.To dothis,wegeneralizethesymmetricjoin to

acceptmorethantwo input streams.
Again, we demonstrateour solutionusingan example.

For simplicity, we considerqueriesover two datastreamsN
and O . Figure4 shows the actionsperformedin PSoup

whena new queryentersthe system. The systemhasal-
readyprocessedR andS datatupleswith tupleIDsup to
andincluding HJI , andquerieswith IDs up to andincluding
E�E . Therearetwo DataSteMs,onefor eachdatastream.
Thereis only a single QuerySteM for the querystream.
The SteMshave beenpopulatedwith the above dataand
queries.

Considerthearrival of anew standingquerywith ID E�F
(Step1). Its predicatehasfactorsinvolving only R (R.a P
5), only S (S.b Q 1), andboth (R.a Q S.b). The queryis
first insertedinto theQuerySteM(Step2). Next, thequery
is usedto probeeithertheR or S DataSteM.Without loss
of generality, let us assumethat the queryfirst probesthe
R Data SteM. We matcheachtuple in the Data SteM to
this querytuple (Step3). Becausethequerydependsalso
on S, it cannotbe fully evaluatedat this stage. However,
the R-only booleanfactorscanstill completelyevaluated
to filter out thoseR tuplesthatcannotbein thefinal result.
For thetuplesthatsatisfytheR-onlybooleanfactorsof the
query, the valuesfor R aresubstitutedin the join boolean
factorsthat relatethe two streams;after the substitution,
thereremaina set of booleanfactorsthat dependssolely
on S. Next, we outputa “hybrid struct” that hasfor each
matchingR tuple, the contentsof the R tuple augmented
with thepartiallyevaluatedpredicateof thequery(Step4).
Eachof the hybrid structsthat arethusproducedarethen
usedto probetheSDataSteM(Step5). Here,for eachStu-
plethatsatisfiestheremainingbooleanfactorsof thequery,
theResultsStructureis updatedasfollows: anentryfor the
pair (R-tupleID, S-tupleID) is createdand insertedin the
ResultsStructurefor this pair if onedoesnot alreadyexist.



PSoupNEW QUERY
BUILD

1
PROBE
R

}
Hybrid Structs

P
R

O
B

E


}
Results

5

4
S

2
T

SET
RESULT

3
U

{

Query SteM
R.a<5 and R.a>S.b and S.b>123

V

R-Data SteM

10

14

31
W
ID R.bR.a

5
X

2

14

3
W

3
W

48

54
X

47

79
Y

S-Data SteM

21

25
V
36
W
ID S.bS.a

22

44

3
W

3
W

49

50
X

0
Z

6
[ 5
X

5
X

Results
Structure

M
at

ch
es



6

R.a<5 and R.a>S.b and S.b>1

R.b=4 and R.a+5>S.a and S.b>2

R.a>4 and R.a<S.b and S.a<10

R.a=5 and R.b<S.b

21
V
22
V
23
V

20
PredicatesID

4>S.b and S.b>1
\3>S.b and S.b>1
W 2>S.b and S.b>1

23
V23
V23

52
X51
X50
X

1
3
W5
X

4
\3
W2

Figure4: JoinProcessing:Entryof New JoinQuery

Results
Structure

PSoup

N
E

W
 D

A
T

A


BUILD

]

Query SteM

S-Data SteM

1

3
^R-Data SteM

PROBE

}

M
at

ch
es



P
R

O
B

E


}
Union of
Results

SET RESULT
_

5
`

4

2

47
a

{

50
b
51
b
53
b

ID R.bR.a
3
c

4

8
d

3
c 3
c

5
b

5
b

4
a

48
a
49

52
b
ID S.bS.a

5
b

4

2
e

3
c 3
c

5
b

53
b

5
b

4

6
f

Hybrid Structs
R.a<4 and R.b<S.b

R.b=4 and R.a+5>S.a and S.b>2

R.a>4 and R.a<S.b and S.a<10

R.a=5 and R.b<S.b

21
e
22
e
23
e

20

PredicatesID

10>S.a and S.b>2

4<S.b
5<S.b and S.a<10
b53

b
5
b

4
53
b

5
b

4
53
b

5
b

4

20
21
22

Figure5: JoinProcessing:Entry of New R Tuple

This entry is thenmarked to reflectthat this pair satisfied
thespecificqueryID(Step6).

Now considerthe entry of a new R datatuple into the
system(Figure 5). It is insertedinto the R Data SteM,
andfirst probesthe QuerySteM.The restof the process-
ing closelyparallelsthedescriptionfor theentryof a new
queryabove.

Observe that there is redundancy among the hybrid
structs(theshadedpartsof thestructsin thefigures).The
new SQC tuple is repeatedacrossall the hybrid structs
in Figure 4 and similarly, the new datatuple is repeated
acrossall the hybrid structsin Figure 5. This resultsin
repeatedcomputationin theprobesof Step5. This redun-
dancy andtechniquesto removeit aredescribedin detailin
Section5.4.

3.3 Query Invocationand Result Construction

In this section,we describethe ResultsStructure,andthe
processingperformedby PSoupto returnthequeryresults
whenapreviouslyspecifiedqueryis invoked.

The Results Structure maintains information about
which tuplesin theDataSteM(s)satisfiedwhich SQCsin
the Query SteM. For eachresult tuple of eachquery, it
storesthe tupleIDsandphysicalIDsof all the constituent
basetuplesof theresulttuple.TheResultsStructureis up-
datedcontinuouslyduringthequery-datajoin describedin
Sections3.2.1and3.2.2.Theresultsof a querycanbeac-
cessedby its queryID. In addition,the resultsareordered
andindexedby tuple timestamp(physicalID),for efficient
retrieval of resultswithin a time-window.

Considera userrequestfor the currentresultof a pre-
viously specifiedquery. Recall from Section3.2 that the
BEGIN-END clausesof queryspecificationsarestoredin
the WindowsTable. The clauseis now retrieved from the
table,andthe currentvaluesof the endpointsof the input
window aredetermined.By virtue of thebackgroundsym-
metric join processingin PSoup,all thedatain thesystem
hasalreadybeenjoinedwith theSQCof thequeryspecifi-
cation,andtheresultsof thequery-datajoin arepresentin
theResultsStructure.ThePSoupEnginecanthereforedi-
rectlyaccessthisstructureandapplythecurrentinputwin-
dow of the queryover its contentsto retrieve the tupleIDs
of the basetuplesthat make up the currentresult tuples.
Theactualtuplesthemselvescanthenberetrievedfrom the
DataSteMsusingthetupleIDsandreturnedto theclient.

For single-streamqueries,the retrieval of the current
window from thetimestampof theresulttuplesis straight-
forward. For Joinqueries,theprocessis moredifficult be-
causetheresultsarecomposedof multiplebasetuples,each
with its own timestamp.Wedescribethis in Section4. Pro-
jectionsareperformedjust-in-timewhen the query is in-
voked,concurrentwith resultconstruction.Duplicateelim-
ination,if required,is alsodoneat this point.

4 Implementation
In Section3, we steppedthroughthe basicframework of
our solution using simple examples. Here, we describe
theimplementationof PSoupwithin theTelegraphsystem.
Theprincipalcomponentsof oursolutionaretheN-relation
symmetricjoin operatorandtheResultsStructure.



At theheartof theN-relationsymmetricjoin is anoper-
atorg that insertsnew data/queriesinto theappropriatestor-
agestructures,and thenusesthem to probeall the other
storagestructures.Thestoragestructuresthemselvespro-
vide insertandprobemethodsoverdata/queries.TheEddy
andSteM mechanisms[AH00, Ram01] provide a frame-
work for adaptive n-relationsymmetricjoins. They were,
however, designedin adifferentcontext. Eddieswereorig-
inally conceivedasa tuple routerbetweentraditional join
operators. SteMs were proposedas data structuresthat
couldbesharedbetweenthedifferentjoin operations.In ef-
fect,SteMseliminatethejoin modulesthemselves,leaving
Eddy asthe active agentfor effecting the join. However,
neitherwereSteMsdesignedto storequeries,norwereEd-
diesdesignedto routethem. In addition,thesimultaneous
evaluationof multiple standingqueries,andthestorageof
theresultsrequiresthetrackingof morestate.Thechanges
neededin Telegraphto supportadditionalfunctionality in
PSouparedescribedbelow.

4.1 Eddy

The Eddy performsits work by picking up the next data
tupleto routefrom a queuecalledtheTuplePool, andthen
sendingit to oneof many join operatorsaccordingto its
routingpolicy.

To allow theeddyto routeSQCsandhybrid structs(in
additionto data),all theentitiesareencodedastuples.This
is doneby creatinga“predicateattribute” to represent(pos-
sibly partiallyevaluated)queries,andhaving all tuplescon-
tain dataand/orpredicateattributes.In additionto thedata
and/orpredicateattributes,eachtuple alsocontainsa “to-
do” list (calledtheInterestList), thatenumeratestheSteMs
thatit remainsto beroutedthroughbeforethetuplecanbe
consideredcompletelyprocessed.This list is the only in-
terfacebetweenthe tuple andthe Eddy. The Eddy is thus
obliviousto theunderlyingtypesof thetuplesit routes.It
picks the next destinationof a tuplebasedonly on the in-
formationin thetuple’s InterestList.

Thereis, however, a subtledifferencebetweenthe fla-
vorsof EddyasdescribedbyAvnurandHellerstein[AH00]
andMaddenet al. [MSHR02] andthe PSoupEddy. This
leadsto different semanticsfor the resultsoutput by the
two systemsfor agivenquery.

We say that a queryprocessorproducesStream-Prefix
Consistentresultsif it atomicallymaterializestheentireef-
fectsof processinganoldertuple(dataor query)in its out-
put, beforeit materializesany of the effectsof processing
a newer tuple. At all times,thecompletesetof resultsma-
terializedin the systemarethenidenticalto the resultsof
completelyexecutingsomeprefixof thequerystreamover
someprefixof thedatastream.Thispropertyserializesthe
effectsof new tuples(queryor data)in theorderthat they
enterthe system. Stream-PrefixConsistency is therefore
the basisof our ability to supportwindowed queriesover
datastreams.

ThePSoupEddyprovidesStreamPrefixConsistency by
storingthenew andtemporarytuplesseparatelyin theNew
TuplePool (NTP)andtheTemporary TuplePool (TTP) re-

spectively. ThePSoupeddybeginsby pickingatuplefrom
theNTP, andthenprocessingall thetemporarytuplesin the
TTP, beforeit picksanothernew tuple from theNTP. The
useof a higher-priority tuple pool to storein-flight tuples
serializestheeffectsof new tupleson theResultsStructure
in theorderin which they enterthesystem,thusmaintain-
ing it in a stream-prefix consistentstateat all times. The
previousversionsof EddycannotguaranteetheStreamPre-
fix Consistency property. This is dueto theiruseof asingle
TuplePoolto storebothnew tuplesandtemporary(hybrid
structs)tuplesin-flight within a join query.

4.2 SteMs

SteMsareabstractdatastructuresthat provide insertand
probe methodsover their contents. PSoupimplements
the SteMsinterfaceto storedataand queries.h The per-
formanceof the SteMswould be highly inefficient if the
data/querieswereprobedsequentially, andthebooleanfac-
tors were testedindividually in the mannerdescribedin
Section3. We thereforeuseindexesto speedupoperations
on dataandqueries.

4.2.1 Data SteM

DataSteMsareusedto storeandindex the basedataof a
stream.Thereis oneDataSteMfor eachstreamthatenters
the system.SincePSoupsupportsrangequeries,we need
a tree-basedindex for the datato provide efficient access
to probingqueries.Thereis onetreefor every attributeof
the stream.For our main memorybasedimplementation,
red-blacktreeswerechosenbecausethey areefficient and
have low maintenancecost.

When a query probes the Data SteM, the different
single-relationbooleanfactorsof the query are usedto
probethe correspondingindexes,and the resultsof these
probesare intersectedto yield the final result. The tech-
niqueusedto intersectthe individual proberesultsis sim-
ilar to the one usedin Query SteMsand is describedin
Section4.2.2.

TheDataSteMalsomaintainsa hash-basedindex over
tupleIDsfor fastaccessduringresultconstruction.

4.2.2 Query SteM

QuerySteMsareusedto storeandindex queries.Thereis
oneQuerySteMfor theentiresystem,allowing sharingof
work betweenqueriesthathave different,but overlapping
FROM 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 proposedin CACQ [MSHR02]:
red-blacktreesareusedto index thesingle-attributesingle-
relationbooleanfactorsof aquery. For everyrelation,there
is onetreefor booleanfactorsover eachattribute that ap-
pearsin an SQC.The treesare indexed by the constanti
� SincePSoupis currentlyimplementedasamain-memorysystem,we

restrictDataSteMsto only keepdatawithin a certainmaximumwindow
specifiedas a systemparameter. Supportingqueriesover datastreams
archivedondisk is thesubjectof futurework.



that appearsin the expressionjlknm opkrqtsvuxwzy|{ . To support
range} predicates,the nodesof the red-blacktree are en-
hancedasshown in Figure6. Eachnodecontainsfive ar-
raysthatstorethequeryIDsof thebooleanfactorsthatmap
to thatnode.Thereis onearrayfor eachrelationaloperator
( P�~�P���~���~�Q���~�Q ).

Query1: R.a = 11
Query2: R.a > 11 AND R.a < 15

. . . .

Query30: R.a > 4 AND R.a <= 11
Query31: R.a > 11

. . . .
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Figure6: PredicateIndex
To probethequeryindex usingadatatuple ��� , anequal-

ity searchis performedon the queryindex usingthe data
value � ��� � asthe searchkey. Theequalitybooleanfactors
that matchthe dataare quickly identified by the nodeto
which thesearchkey maps.An index scanis thenusedto
solve theinequalityqueries,if any.

Theabove expressionfor booleanfactorsonly captures
single-attribute booleanfactors. Queriescould also have
multi-attributeselectionor join booleanfactorsof theform
jlknm otkrqxsvutw�� knm ��� ��m ����� �x�n��y���{ . Suchbooleanfactorsarenot
indexed,but areall storedin a singlelinked list calledthe
predicateList.

Becausea querycanbesplit acrossthedifferentpredi-
cateindexesandthepredicateList,weneedatechniquefor
ANDing the resultsof the probesof thesedifferentstruc-
tures. To do this, the Query SteM containsan array in
which eachcell correspondsto a queryspecification. At
thebeginningof a probeby a datatuple,thevalueof each
cell is resetto the numberof booleanfactorsin the corre-
spondingquery. Over thecourseof thevariousprobes,ev-
ery time thedatatuplesatisfiesa booleanfactor, thevalue
of the correspondingcell in the array is decremented.A
cell valueof zeroat theendof theprobeindicatesthat the
datatuplesatisfiedthequery.

4.3 ResultsStructur e

The last major componentof our solution is the Results
Structure,which is accessedwhena userinvokesa query
to retrieve thecurrentresultsfor thatquery.

The ResultsStructurestoresmetadatathat indicates
whichtuplessatisfiedwhichSQCs.Sincethecurrentmain-
memoryimplementationof PSouponly storesdatawithin
a certainmaximumwindow, the resultscorrespondingto
expireddata(andqueriesthathavebeenremovedfrom the
system)are dropped. We usetwo different implementa-
tions of the ResultsStrucuture. One implementation(as
describedin Section3) is atwo-dimensionalbitmap.There
is aseparatebitmapfor eachFROM-list thatappearsin any
of the SQCs. The rows of this bitmapareorderedby the

timestamp(physicalID)of the data. The columnsareor-
deredby the ID of query. Indexesareprovidedover both
thephysicalIDandthequeryID.

Thesecondimplementationof theResultsStructureas-
sociateswith eachquerya linked list containingthe data
tuplesthat have satisfiedit. The decisionbetweenthe al-
ternatestructurescan be madeaccordingto the tradeoff
betweenthe storagerequirementsof a (possibly) sparse
bitmap,andadenselinkedlist.

As mentionedabove, theresultsaresortedandindexed
by tupletimestampto speedup theapplicationof 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 thesetimestamps,however,
aresignificant:theearliestor thelatest,sincethey serve to
boundthe ageof the result tuples. The ResultsStructure
associatesonly thesetwo timestampswith eachresult tu-
ple. Thequestionarisesasto which of thetwo timestamps
(the earliestandthe latest)shouldbe usedto sort and in-
dex theresults.Weexpectqueriestypically to belandmark
or sliding querieswhoseEND clause(thelateredgeof 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 thecommoncase,filter out
any results.Therefore,the older timestampis likely to be
moresignificantfor efficient resultretrieval andis usedto
ordertheresults.

We havenow describedhow PSoupimplementsthedu-
ality of queriesanddatato applynew queriesto old data,
andnew datato old queries.Now, we will describeits per-
formance.

5 Performance
In this section,we investigatethe performanceof PSoup,
focusingon thequeryinvocationanddataarrival ratessup-
portedby thesystemunderdifferentqueryworkloadsand
inputwindow sizes.

As mentionedearlier, PSoup is a part of the Tele-
graphproject, and as such, it usesand extendsthe con-
ceptof EddiesandSteMs. However, becauseof the need
to encodequeriesastuples,andthe differencein mecha-
nismsfor ANDing booleanfactorsin PSoupandCACQ,
the tuple format in PSoupdiffers from both the formats
usedin thenon-CQversionof Telegraph[HFCD+00], and
CACQ [MSHR02]. Hence,we implementednew versions
of both Eddy and SteMs. Like the rest of the Telegraph
system,PSoupis implementedin Java.

In this section, we examine the performanceof two
different implementationsof the system: PSoup-partial
(PSoup-P)andPSoup-complete(PSoup-C). PSoup-Pis the
implementationwe have describedin earliersections:the
resultscorrespondingto the SQCsare maintainedin the
ResultsStructure,andtheBEGIN-END clausesareapplied
to retrieve thecurrentresultson queryinvocation.PSoup-
C on the other hand, continuouslymaintainsthe results
correspondingto thecurrentinput window for eachquery



in linked lists. For comparisonpurposes,we alsoinclude
measurements� of a system(NoMat) that doesnot materi-
alize results,but rather, executeseachqueryfrom scratch
when it is invoked. NoMat usesthe sameindices over
thedataandqueriesasthePSoupsystems.Whena query
containsmorethanonebooleanfactor, we fix theorderof
probesoverthedatafor NoMatsuchthatthemoreselective
booleanfactorsareappliedfirst.

5.1 StorageRequirements

Beforeturning to the experiments,it is usefulto examine
thestoragerequirementsof eachsystem.
NOMAT: The storagecost is equalto the the spacetaken
to storethe basedatastreamswithin the maximumwin-
dow over which queriesaresupported,plusthesizeof the
structuresusedto storethequeriesthemselves.

PSOUP-PARTIAL: In additionto costsincurredby NoMat,
PSoup-Palsopaysthecostof theResultsStructure,which
useseither a bitarray or a linked-list to storethe results,
dependingon whichever takes lessstorage. The cost of
thefirst optiondependson thenumberof standingqueries
storedin thesystem,andthemaximumwindow overwhich
queriescanbe asked. The costof the latter approachde-
pendson theresultsizes(beforetheimpositionof thetime
window). For the setof experimentsdescribedbelow, we
chosethebitarrayimplementationfor thePSoup-PResults
Structure.

PSOUP-COMPLETE: Like PSoup-P, PSoup-Cpaysfor the
costof storingthe resultsin additionto the costspaid by
NoMat systems.PSoup-Calwaysstoresthecurrentresults
of standingqueriesat a given time. Undernormal loads,
weexpectPSoup-Cto havesubstantiallyhigherstoragere-
quirementsthanPSoup-Pwhichusesa densebitarray.

5.2 Computational performance

Theenvironmentfor which we have targetedPSoupis one
in which new query specificationsarrive much less fre-
quentlythantherateat which existingqueryspecifications
areinvoked.Wearethereforeprimarily concernedwith the
queryinvocationratethat canbe supportedin the system.
We determinethis rateby measuringtheresponsetime per
queryinvocationfor varyinginput window sizeandquery
complexity. We alsowish to measurethe maximumdata
arrival ratesupportedby the system. This maximumrate
dependsontherelativecostsof thecomputationdevotedto
processingtheentryof new datatuples,andthecomputa-
tion spenton maintainingthe windows on the resultsthat
have beengenerated.A server is saturatedby thesetwo
costsat themaximumdataarrival ratethatit cansupport.

Thereis an inherenttradeoff betweenresult-invocation
anddataarrival rates.Lazy evaluation(asusedin NoMat)
suffers from poor responsetime while having no mainte-
nancecosts. Eagerevaluation(as donein PSoup-C)of-
fersexcellentresponsetimebut hasincreasedmaintenance
costs.PSoup-PeagerlyevaluatestheWHERE clauseof its
query specifications,but adoptsa lazy approachwith re-
spectto the imposition of the time windows specifiedin
the BEGIN-END clause.Its performancethereforelies be-

tweenthatof theotherapproaches.

5.2.1 Experimental setup

As mentionedin Section5,weimplementedPSoupin Java.
In orderto evaluateits performancewerananumberof ex-
perimentsthatvariedthewindow sizesandthenumberand
typeof booleanfactors(equality/inequality, single-relation,
two-relation) of the queries,and measuredthe response
timefor queryinvocationsunderthesedifferentconditions.
In additionto the responsetime for queryinvocations,we
also looked at the maximumdataarrival rate that can be
supportedby the system. We comparedthe maximum
dataarrival ratessupportedby two implementationsof both
PSoup-PandPSoup-C,oneeachwith andwithout theuse
of predicateindexes. We alsostudieda schemeto remove
a typeof redundancy thatarisesin join processing(aswas
describedin Section3), andmeasuredits performanceun-
derdifferentworkloads.

All the experimentswere run on an unloadedserver
with two Intel PentiumIII,666MHz,256KB on-chipcache
processors. It had 768MB RAM. PSoupwas run com-
pletelyin main-memory, sowearenotconcernedwith disk
space.WeuseSun’sJavaHotspot(TM)ClientVM, version
“1.3.0”, on Linux with a2.2.16kernel.

Weusedsyntheticallygeneratedqueryanddatastreams
to comparethethreeapproachesundera rangeof applica-
tion scenarios.The datavaluesareuniformly distributed
in the interval � Mv~�E�H�HJ� . In order to stressthe system,we
make all thetuplesin thestreamavailableinstantaneously,
i.e., thereis no variabledelaybetweenconsecutive tuples
in thestream.Maddenet al. [MSHR02] demonstratedthe
advantagesof adaptive queryprocessinggainedby apply-
ing theEddiesframework to CQ processing.Thoseresults
alsoapplyto this setting.

Parameters Rangeof Values
InputWindow Size(in #tuples) E�� - EL$��

#QuerySpecifications E � - E $�h
#BooleanFactors 1-8

Table1: IndependentParametersfor Experiments

For single-relationbooleanfactors of the form (R.a
RELOP c), thevalueof theconstanti is chosenuniformly
from amonga multiple of 32 in the interval [0,255] with
a probability of 0.2, anduniformly from the entire range
� Mv~�ELH�HJ� with probability0.8. We usedthis multimodaldis-
tribution to approximatea queryworkloadin which some
itemsweremoreinterestingthanothers.Joinquerieshave
exactly onemultiple-relationbooleanfactor. This is done
to isolate the effects of the join. The multiple-relation
booleanfactorsare of the form (R.a RELOP S.b +/- c),
where i hasthesamedistributionasfor SelectionQueries.

5.2.2 Responsetime vs window size

Thefirst setof experimentswe describemeasuresthetime
takento respondto SelectandJoinqueryinvocationswith
increasinginput window sizes. Figure7(a) shows the re-
sponsetime per query for selectionquerieswith equality
predicates,Figure 7(b) shows the samemetric for selec-



tion querieswith interval predicates. Interval predicates
were� formedby combiningtwo single-relationinequality
booleanfactorsover thesameattribute (thesizeof the in-
terval is uniformly distributedin the range � M ~�E�HLH¡� ). Note
that the y-axeson both plots, usea logscaleand the val-
ueson the x-axeshave a multiplicative factor of 10,000.
In bothworkloads,thequerieshave betweenoneandfour
predicates.
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Figure7: Response-Timefor SelectQueries

The responsetimes increasefor all threesystemswith
increasingwindow sizes. For NoMat, this is becauseof
increasedqueryexecutiontime. ForPSoup-P, thisis caused
by the increasein the lengthof the bitarrayin the Results
Structure.For PSoup-C,this is becauseof the increasein
thecardinalityof theresults.

As expected,the responsetime for bothworkloadsun-
der NoMat is much worsethan the other two. PSoup-P
performsworsethanPSoup-Cby two ordersof magnitude
for equalityqueriesbecauseof the needto traverseanen-
tire bitarrayof thesizeof themaximuminput window for
eachquery, irrespective of the sizeof the result. For the
samereason,theperformanceof PSoup-Pdoesnot change
betweenequalityandinequalityqueries,while theresponse
time for boththeNoMatandPSoup-Csolutionsarehigher
for inequalityqueriesthanequalityqueries- theformerbe-
causeof greaterdataindex traversal,the latter becauseof
largerresultsets.Theperformanceof PSoup-PandPSoup-
C is comparablefor inequalityqueries.

Figure8 shows theresponsetime for two-tableinequal-
ity Join querieswith varying input window size. In this
case,the y-axis usesa linear scale. The x-axis shows the

window sizefor eachtableof the join. Theresultsizeag-
gregatedover all queriesis proportionalto the squareof
the window size. The rangeof the window size is there-
foremuchsmallerthanfor Selectionqueries.Theresponse
time for NoMat is abouttwo ordersof magnitudeworse
than that of the PSoupsystems.PSoup-Pis lessthanan
orderof magnitudeworsethanPSoup-C.For example,at
a window sizeof H�¢J£ , the responsetime for PSoup-Pis
EG¤ � ¤LK msec,while for PSoup-Cit is K � HJI msec.

Weconcludefrom thisexperimentthatasexpected,sys-
temsthatdonotmaterializetheresultsof thequeriesdonot
not scalewith increasinginputwindow size.
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Figure8: Response-Timefor JoinQueries

5.2.3 Responsetime vs #Interval predicates

The next experimentwe describemeasuresthe response
timefor inequalitySelectionqueriesaswevarythenumber
of conjoinedinterval predicatesin the query. The queries
containoneinterval predicateover eachattribute that ap-
pearedin theSQC.Theinputwindow sizewasfixedat EL$�¥
(thesecondlargestwindow sizeshown in Figure7 for Se-
lection queries)for all the queries.The resultsareshown
in Table2.

As expected,both of the PSoupsolutionsagain out-
perform NoMat by betweenone to two ordersof mag-
nitude (accordingto the numberof interval predicatesin
the query). An interestingpoint to note is that while the
responsetime for NoMat increaseswith the numberof
conjoinedinterval predicatesdueto thegreateramountof
computationrequired,theresponsetimesfor PSoup-Pand
PSoup-Cdecreasesignificantly. The behavior of NoMat
is explainedby the increasingcomplexity of the queries
thathave to beexecuteduponinvocationby theuser. The
relative performanceof the PSoupimplementationsis ex-
plainedby the cost of result constructionin the two sys-
tems. WhereasPSoup-Cconstructsits resultsby derefer-
encingpointersto the datatuplesstoredin its linked list
and then copying the tuples,PSoup-Phasto pay the ex-
tra costfirst retrieving thereferencesto thedatatuplesus-
ing theDataSteM’s index over physicalIDs.Thefact that
both of their responsetimesreducewith increasingnum-
berof ANDed interval predicatesis becauseof the higher
selectivity of theresultingqueriesandthecorrespondingly
smallerresultsizes.

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



ResponseTime (in msec)
#Inter
¦

val 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: ResponseTime: Selectionw/ Interval Predicates

to two interval predicates. This is explainedas follows.
For querieswith one interval predicate,the selectivity of
thequeryis poorsothattherelative inefficiency of linked-
list traversalin PSoup-Ccomparedto bitarraytraversalin
PSoup-Poutweighsthefactthatfewerelementshave to be
traversed. With increasingnumberof interval predicates
however, theselectivity increasesandthedifferencein the
averagesizeof the resultsetsandthe input window ( E�$§¥ )
becomespronouncedenoughto dominatetherelativecosts.

In conclusion,this experimentshows that NoMat does
not scalewith increasingquerycomplexity. Both PSoup
implementationshave comparableperformancefor fewer
booleanfactors,but PSoup-C’sperformanceimprovesdra-
matically dueto the reductionin resultsizesfor morese-
lectivequeries.

5.2.4 Data arri val rate vs#SQCs

We now turn our attentionto the maximumdataarrival
ratessupportedby PSoupwith varyingnumberof inequal-
ity Selectionqueryspecificationsin system.Wedonotcon-
siderNoMat for thisexperiment.Weconsidertwo possible
implementationsof both PSoup-PandPsoup-C:oneeach
with and without predicateindexes (referredto as Shrd
andUnshrdrespectively). Thecomparisonof PSoup-Pand
PSoup-Chighlights the effect of lazy vs. active mainte-
nanceof resultson thedataarrival rates.Thedifferencein
the performanceof versionsof PSoupusingpredicatein-
dexeswith thosethatdo not highlightsthesavingsin com-
putationachievedthroughtheuseof predicateindexes.

A fully loadedserver eitherkeepsthequeryresultscur-
rent, or acceptsnew data. The relative costsof the two
activities thereforehelp us determinethe maximumdata
ratethat canbe supportedby thesystemfor a givennum-
berof storedqueryspecifications.Thewindow sizefor all
thequeryspecificationsin this experimentis fixedat ¨�MLM�M
tuples.

The resultsfor this experimentareshown in Figure9.
The y-axis usesa logscale. The PSoup-PShrd solution
performsthe best,andbeatsthe PSoup-PUnshrdsystem
by an orderof magnitudeandthe two PSoup-Cbasedso-
lutionsby two ordersof magnitude.It is interestingto note
thatthecostof maintainingtheresultsdominatesthecostof
incrementalcomputationuponentryof new datato theex-
tent that it almostdoesnot matterwhetheror not we share
the computationthoughindexing queriesfor thePSoup-C
implementations.This indicatesthat if we wish to support
high dataarrival rates,PSoup-PShrd is the implementa-
tion of choice. An interestingresult in this experimentis
that the speedupachieved by PSoup-PShrdover PSoup-
P Unshrdthroughtheuseof queryindexesincreaseswith
increasingnumberof query specifications.This happens

becausethebooleanfactorsof new queryspecificationsin-
creasinglyfall into the old nodesin the predicateindex,
thuskeepingthecomputationamountroughlythesame.
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Figure9: DataArrival Ratefor SelectionQueries

This experimentconfirmsour expectationthatthedeci-
sionnot to index queries,andto maintainqueryresultsup
to date,canboth adverselyaffect the dataarrival ratethat
canbesupportedin thesystem.

5.3 Summary of Results

The first two experimentsdemonstratethat materializing
theresultsof queriesallowsthesupportof higherqueryin-
vocationrates.Thethirdexperimentshowsusthatindexing
queriesandlazily applyingthewindowsimprovesthemax-
imumdatathroughputsupportedby thesystem.Thechoice
betweenthe PSoup-PandPSoup-Cimplementationsthus
dependson the amountof memorywe have in thesystem
(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 processingdiscussed
sofarcanperformredundantwork. In thissection,wewill
describetheredundancy, andshow how we overcomeit.

5.4.1 Entry of a query specificationor new data

Recall from Section3, the productionof hybrid structsin
the processingof new queryspecifications.The relevant
part of Figure 4, which detailedthe processingof a new
Join query(R.aP 5 andR.aQ S.bandS.bQ 1) over streams
R and S, is reproducedin Figure 10(a) for convenience.
Thehybridstructsthatareproducedafterthequeryspecifi-
cationprobestheR-DataSteMsharethesameS-onlycom-
ponent(S.b Q 1) of theoriginalquery. This booleanfactor
repeatedlyprobesthe S-DataSteM (oncefor eachhybrid
struct).Wecaneliminatethis redundancy by combiningall
the hybrid tuplesproducedby the probeof the RS query
into the R-DataSteM into a single“single query-multiple
data” compositetuple (Figure10(a)). The sharedS-only
componentcannow be appliedexactly once. More inter-
estingly, we canusea sort-merge join basedapproachto
join thesetof predicateswith thesetof tuplesin theS-Data
SteM.

A similar situationariseswhendatais addedto thesys-
tem. Thehybrid structsproducedduringtheprocessingof
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Figure10: JoinRedundancy - CompositeTuples
thenew datasharemany booleanfactors.Therelevantpart
of Figure 5 is reproducedin Figure 10(b). The identical
booleanfactorsareexecutedrepeatedlyover thesamedata
setin the S-DataSteM.The “single data-multiplequery”
compositetuple(Figure10(b))canbeusedin conjunction
with thesort-mergejoin basedapproachto applythecom-
positetupleto theDataSteM.

5.4.2 Compositetuples in joins

This experimentcomparesthe costsof incrementalcom-
putationon arrival of a new Join queryspecificationover
streamsR andS,with andwithout theuseof compositetu-
ples.Theexecutionpathfor thenew queryspecificationis
thesameaswasshown in Figure4.

TheJoinqueriesareof theform: (R.aRELOP1 c1)AND
(R.aRELOP2 S.b)AND (S.bRELOP3 c2). To isolatetheef-
fectof thecompositetuplefrom theotherstepsinvolvedin
join processing,we only measurethecostof Step H of the
join processingshown in Figure4. After executingSteps1
through3 of Figure4, thequerypredicatesareof theform
(R.a valueRELOP2 S.b)AND (S.b RELOP3 c2). The lat-
ter booleanfactor is sharedacrossall hybrid structs. We
now comparethecostof probingtheS-DataSteMwith the
compositetuplesagainstthecostof probingit with thein-
dividualhybrid tuples.

By varying RELOP2 and RELOP3, we createthreedif-
ferentworkloads.In thefirst, wesetRELOP3 to be’equals’
(Eq), andRELOP2 to be oneof the inequalities(Ineq). In
thesecondworkload,wereversethis. In thefinal workload,
we setbothto beinequalities.

The resultsare shown in Figure 11. The legend in
the plot reflectsthe choicesfor RELOP2/RELOP3 (Equal-
ity or Inequality),andwhethercompositetupleswereused
(Composite)or not (Separate).Note that they-axisusesa
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Figure11: Probetimesw/ andw/o compositetuples

logscale.For theEq/Ineqworkload,thesharedbooleanfac-
tor is anequalityandis thereforehighly selective (because
of theuniform distribution of thedata).Hence,in bothap-
proaches,it isappliedfirst,beforeany otherbooleanfactors
areusedto probethedata.Thesolutionusingthecompos-
ite tupleprobesthedatawith thisfactorexactlyonce,effec-
tivelyhalvingthetotalnumberof booleanfactorsthateven-
tually probethedata.It is thereforeapproximatelytwiceas
efficient astheotherapproach.For theIneq/Eqworkload,
it doesnot help muchto apply the sharedinequality fac-
tor first. However, thecompositetuplebasedapproachus-
ing a Sort-Merge join of the booleanfactorsanddatastill
outperformsthe other approachusing NestedLoops, be-
causemostof thebooleanfactorsareequalityfactors,and
Sort-Mergeis a moreefficientalgorithmfor equijoinsthan
nestedloops. In theIneq/Ineqworkloadhowever, both the
sharedandthe individual booleanfactorsareinequalities.
Sort-Merge is not a good algorithm for inequality joins,
thereforetheNestedLoopsindex join solutionis preferred.

6 A Noteon AggregationQueries
To this point, we have only discussedSPJqueries,but
PSoupalsosupportsaggregatessuchascount,sum,aver-
age,min andmax.

Ideally, we would like to share the data structures
usedin computingaggregatesacrossrepeatedinvocations
of all SELECT-PROJECT-JOIN-AGGREGATE queriesover
streams,just as we do in the caseof SELECT-PROJECT-
JOIN queries. However, it is only possibleto sharethese
datastructuresacrossqueriesthathave thesameSELECT-
PROJECT-JOIN clause.

We demonstratetheaboveclaim usingexamplequeries
thatcomputethe MAX of theresultsof a SELECT-FROM-
WHERE query. First, we explain the basic approachto
computingtheMAX overdifferentwindowsusingthesame
datastructure.ConsiderFigure12, which shows a ranked
n-arytreeoverall thedatain aSteM.Theleavesof thetree
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Figure12: RankedTreefor Max
areorderedby time of insertioninto the SteM(i.e., inser-
tionsalwaysoccurat therightmostnodeof thetree).Each



nodeis annotatedwith the MAX of all theelementsunder
the subtreerootedat thatnode.

Now, let usinvokequeryA on thesystemwhenthecur-
rent window is [ ® � , ®°¯ ]. The first commonancestorof the
endpointsof the window is the root � . Let i�± and i�² be
thechildrenof � thatneedto befollowedto reach®§� and ® ¯ .
Let the rightmostleaf underthesubtreerootedat i�± be ®�³
andtheleftmostleafunderthesubtreerootedat i�² be ®µ´ .¶ 	�·¹¸ º�»°¼|½§»|¼¿¾�À�Á ¶ 	�·¹� ¶ 	G·�¸ Â�ÃG»µ¼|½|»|¼§Ä�À�»�	GÅvÅvÆ�¼°	J¼|Ç�Æ�ÅÈ��Æ¡ÉÊ	�Ë�Ë
Â�ÌLÇ�ËlÍJº�Î�Å�Æ�É�ºÏ��Î�¼|Ð�ÎÑÎÑÅÒÂ�ÃÓ	GÅvÍÔÂ�Õ¡» ¶ 	G·�¸ Â�Õ�»µ¼µÖ�»µ¼¿¾�À×� .

This is a recursive expressionandcanbe computedinØ�Ù�Ú×Û�Ü�ÝxÞ
time by following the nodesof the treedown to

®§� and ® ¯ . In the figure, the thick edgesshow the paths
traversedin this recursionin thespecificcasewhere[ ® � , ®°¯ ]ß [ ®§à , ® h�á ]; themaximumis E�E .

Now considerQuery B. It has a different SELECT-
FROM-WHERE clause from Query A, and the values
EGM ~â¨�Hv~�¨�¤ ~ÓE�E and Eã¨ arenot to beconsideredcomput-
ing QueryB. This treecanthereforenotbeuseddirectly to
computeQueryB. Theproblemis thattheleavesin thetree
matchtheresultsof the SELECT-FROM-WHERE clauseof
QueryA but not QueryB. Therefore,we mustmaintaina
separatestructurefor eachin theQuerySteM.Sharingoc-
cursonly betweendifferentinvocationsof thesamequery.

7 Conclusion

In conclusion,wehavedescribedthedesignandimplemen-
tation of a novel query enginethat treatsdataand query
streamsanalogouslyand performsmultiquery evaluation
by joining them.ThisallowsPSoupto supportqueriesthat
requireaccessto both datathat arrived prior to the query
specification,andalsodatathatappearsafter. PSoupalso
separatesthecomputationof theresultsfrom theirdelivery
by materializingthe results: this allows PSoupto support
disconnectedoperation. Thesetwo featuresenabledata
recharging andmonitoringapplicationsthat intermittently
connectto a server to retrieve the resultsof a query. We
alsodescribetechniquesfor sharingbothcomputationand
storageacrossdifferentqueries.

In termsof futurework, thereis muchto bedone.Psoup
is currently implementedasa main memorysystem. We
would like to be able to archive datastreamsto disk and
supportqueriesover them. Disk basedstoresraise the
possibilityof swappingnot only data,but alsoqueriesbe-
tweendisk and main memory. Swappingqueriesout of
mainmemorywould effectively deschedulethem,andcan
beusedasa schedulingmechanismif somequeriesarein-
vokedmuchmorefrequentlythanothers.In this paper, we
have only briefly touchedupon the relation of registered
queriesin PSoupto materializedviews. We intendto fur-
ther explore the spaceof materializedviews over infinite
streams,especiallyunderresourceconstraints.Thecurrent
implementationof PSoupallows theclient only to retrieve
answerscorrespondingto thecurrentwindow. Weintendto
relaxthis restriction,andallow clientsto treatPSoupmore
generallyasaquerybrowserfor temporaldata.
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