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1. Intr oduction

Recently, assensorsandinstrumentsareappliedin more
andmoreapplications,time-dependentdatastreamsarebe-
comingprevalentdataresources.Thesehighly distributed
andtime-dependentresourcesbringnew challengesto build
high-performancelarge-scaleprocessingsystems. To ad-
dressthesechallenges,we develop Calder [2], a system
which providesscienti�c researchersgrid accessto widely
distributed,real-timedatastreams.In Calder, userrequests
are continuouslyrunning SQL queries. Moreover, these
requestscould not only extract dataproductsfrom asyn-
chronousmultiple streamsbut alsoprojectsubsetsfrom a
singlereal-timestream,andpossiblyover time constraints.
Therefore,a high-performancedistributed query planner
becomesancritical partof thewholesystem.

While continuouslyrunning query processing[3] has
beenstudiedfor a while andmany queryplanningsystems
have beenbuilt, few researchprojectsarefocusedon gen-
eratingef�cient queryplanson large-scaledistributeddata
streamswith limited computationalresources.We observe
thatin thesesystems,many long-runningqueriesareatleast
partially overlappedwith eachother. Therefore,our dis-
tributedqueryplannerachievesbetterperformanceandless
computationalresourcesby reusingexistingqueries.

Thecontributionof thiswork hastwo folds.First,weex-
tendthecurrentqueryplanners'costmetricspaceby intro-
ducingNetworkBandwidthCost, QueryDeploymentCost
andQueryRe-usingCost; second,wedevelopa suiteof al-
gorithmsfor re-usingexistingqueryfragmentsunderdiffer-
ent scenarios.Oneof the mostimportantreusablequeries
is calledStructure-SharableQuery.

2. ExtendedCostMetrics Space

Networkbandwidthcost: In distributed systems,pro-
cessingdata maximally in a local fashion signi�cantly
achieveshighsystemperformance.In Calder[2], wedisin-
tegratecentralizedqueryrequestsanddistribute their frag-
mentsto thecomputationnodesthatarecloseto thecorre-
spondingdatastreams.However, the intermediatestreams

generatedby thedistributedqueryplanstakenoticeablenet-
work bandwidth. Thereforewe count the network band-
width cost into the evaluationasan extensionto the plan-
ningcostmetrics.An idealplanis notsupposedto havetoo
muchbandwidthcost.

Query reusingand deploymentcost:We posit the con-
tinuousquerymodel in Caldersystem,whereeachquery
will be kept in the systemandrepetitively executedfor a
while. By reusingtheseexistingqueries,wecansavequery
processingtimeandphysicalcomputationalresourcesfrom
deploying and executingnew queryplans. The overhead
of the reusingstrategy lies in searchingandtuning the re-
suablequeries. Naturally we extendplanningcostmetric
spacewith the following two new metrics:QueryDeploy-
mentCostandQueryRe-usingCost. Only whenthequery
deploymentcost is larger thanthe queryre-usingcost, re-
usingtechniqueswill beconsidered.

3. Query ReusingAlgorithms and Initial Ex-
perimental Results

Queryreusingprocessincludestwo coresteps:�nding
the candidatequerieswhich canbe reusedby the incom-
ing queriesand tuning suchqueriesto make thempracti-
cally reusable.Therefore,queryreusingalgorithmsinclude
QuerySearching Algorithm andQueryTuning Algorithm.
Thesealgorithmsvariesin differentscenarios.Our query
planneris adaptableto 4 reusingcasesandwe brie�y dis-
cusstheirsearchingandtuningalgorithmsasfollows.

Identical Query Two queriesare exactly the same.
Searching Algorithm directly works on the text-level by
hashinginput querytext stringsinto �x ed-lengthhashval-
uesand matchingthosehashvalues. Here we adoptthe
MD5 hashingfunction. In this case,no tuningalgorithmis
neededastheidenticalqueriescansimplysharetheresults.

Parameterized Query It characterizesthe group of
queries,the only differenceamongwhich is the constants
in the WHEREconditions. QuerySearching Algorithm is
TreeMatching Algorithmin which all thequeriesarecom-
piledinto querytreesandpre-ordertraversalis usedto com-
paretwo querytrees. During this matchingprocess,con-



stantsin all theselectednodesarereplacedwith a uniform
placeholder, then the querieswith differentconstantsare
still recognizedas the matchedones. As for Query Tun-
ing Algorithm, weadopttheGroupOptimizationAlgorithm
introducedin [4] by usinga parametertableto matchthe
queries'constants.

ContainedQuery Givena querypair (A, B), we de�ne
queryA is containedby queryB, if A's resultsetis thesub-
setof B's. Basedonthesettheory, weimposeasetof rules.
(e.g., �������	��
�� ) Then,weusetheRule-basedSearch-
ing Algorithmto �nd thecontainedquerypairs.QueryTun-
ing Algorithm for suchcasesis straightforward: if the in-
comingqueryA is containedby the existing queryB, we
usethequeryB's outputsastheinputsof queryA.

Structur e Sharable Query This category of reusable
queriesis foundfrom sensor-basedapplicationswherethere
arehundredsof same-typedsensorsgeneratingdatain the
sameformat. Thoughthestreamsarein thesamedatafor-
mat,they arerecognizedasdifferentresourcesandseparate
queriesare issuedagainstthem. We found thosequeries
(e.g., QueryA andQueryB in Figure1) on the samefor-
mattedstreamscansharetheir QueryStructures. A Query
Structureis a query tree that is strippedof its leaf nodes
(i.e., it is only with theinternaloperationnodes).

Querysearchingalgorithmis anapplicationof theTree
MatchingAlgorithm onQueryStructures.In orderto share
theQueryStructuresamongmulti-queries,we inject input
streamsfrom QueryA andB into thesamestructure.Mean-
while for avoiding the eventsfrom differentqueriesbeing
mixedtogether, weattachanidenti�er to eachinputstream
whenit passesthroughthe Mark node. At the top of the
querytree,a specialnode,the DeMark Node, is addedto
routetheresultsfor differentqueries.Figure1 shows how
suchreusingcaseswork in oursystem.

Figure 1. Structure Sharab le Query
Experiment: Our query plannercombinesthe query

reusingmodelandthedirectdeploymentmodel.At thebe-
ginning, therearenot many queriesin the system,so the
matchingqueryhit ratiois low. Duringthisstage,wedeploy
anew querydirectly into thenetwork withoutsearchingfor
similar queries.After thequerymatchingratio reachesthe
thresholdvalue � , weactivatethequeryre-usingmodel.

Thefollowing experimentshows how we decidethresh-
old value.We have 1000queriesin theexistingquerypool
andTreeMatching Algorithm is usedfor querysearching.
But currently we only considerfull query reusing. Fig-
ure2 shows QuerySearching Time 
�� (i.e time usedto lo-
catethe reusablequeryin existing querypool), Queryex-
ecutiontime 
�� andQueryDeploymentOverhead
�� which
includerunningscriptscompilationtime,queryruntimede-
ploymenttime andRingbuffer settingup time. Fromthese
data,wecanseethatdeploymentoverhead
 � is observable;
thereforesaving the cost by reusingexisting queriesis a
promisingapproach.With theseexperimentaldata,we can
computeQueryresponsetime for bothmodels. For direct
deploymentmodel, 
�� ������� 
 ��� 
 ��������� �"! #$���%�&! #%')( ;
for reusingmodel
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Figure 2. Processing Time Distrib ution

4. Conclusionand Future Work

Our planner combinesthe query reusing model and
the direct deployment model for generatinghigh perfor-
mancedistributed streamingquery plans. We extend the
query planningmetricsand proposenovel re-usingalgo-
rithm againsttheStructureSharablequeries.Currentlywe
are evaluatingthesequery reusingalgorithmsagainstthe
queryloadfrom realapplicationssuchasLEAD [1]. Some
otheref�cient reusingalternativesarealsounderour con-
sideration.
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