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Abstract. Continuousquery (CQ) is an important class of queries in Data
StreamManagementSystems.While much work hasbeendoneon algorithms
for processingCQs, lessattentionhasbeen paid to theissueof optimizingsuch
queries. In this paper, we first arguethat parameters such as outputrate and
mainmemoryutilizationareimportantcostobjectivesfor CQperformance, than
diskI/O. Weproposea novel framework, calledOM to optimizethememoryuti-
lizationandoutputrateof CQs. Our techniquemonitorsinputstreamandquery
characteristics,and switchesplansonly at certain boundaryconditions. Our
approach is tunableto applicationrequirementsandenablesa userto make the
queryperformanceversusoptimizationoverheadtrade-off. Experimentalanal-
ysisshows thatour approach hashighfidelity in predictingcorrectplansandis
promisingin termsof minimizingqueryschedulingoverhead.

Resumo. Consultacont́ınua(CQ, Continuousquery)é umaclasseimportante
emSistemasdeGerenciamentodeStreams.Enquantováriostrabalhospropõem
algoritmospara processarCQs,poucaatenç̃ao temsido dadaà otimizaç̃ao de
tais consultas.Nesseartigo, argumentamosqueparâmetros tais comoa taxa
de sáıda e a utilização dameḿoria principal são métricas mais importantes
para o desempenhodeCQ do queo acessoao disco.Dessaforma,nós propo-
mosumnovo framework, chamadoOM, para otimizara utilização demeḿoria
e a taxa de saı́da de CQs. Nossatécnica monitora o stream de entrada e as
caracteŕısticasdaconsulta,e trocaplanossomenteemcertascondiçõesde lim-
ite. Nossa propostáe ajustável aosrequisitosda aplicaç̃ao e permitequeum
usúario compare os benef́ıciosentre o desempenhoda consultae a sobrecarga
impostapela otimizaç̃ao. A análiseexperimentalmostra quea nossaproposta
temalta fidelidadeao prever os planoscorretose é promissora emminimizara
sobrecarga do agendamentodeconsultas.

1. Introduction

A sequenceof data elements that is continuous, unbounded,and time-varying is
called a data stream [Babcocket al. 2002]. For example, data transmittedby sen-
sors, stock market data and network monitoring data. Users issue a continuous
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query (CQ) [Maddenet al. 2002] over such data streams and when new data ar-
rives, the Data Stream ManagementSystem (DSMS) [Chandrasekaranet al. 2003,
Carney et al. 2002, Motwaniet al. 2003, Chenet al. 2000, Sullivan and Heybey 1998,
Maddenand Franklin2002,Seshadriet al. 1994,Engine2005] executesthe CQ andre-
turns the result. The same query is re-executed when new data elements arrive into
the system. This query processingmodel is significantly different from relational
databasemanagement systems(RDBMS). A DSMS is also likely to be usedin envi-
ronments where multiple users and queries exist. For example, online bidding sys-
temssuchas eBay [eBay 2003] and real-time financialsearchenginessuch as Trader-
Bot [Traderbot2003].

Wefocusonthequeryoptimization problemover datastreams. Whilemuchwork
hasbeendonein processingdatastreams,query optimizationis still an importantre-
search issue. Earlier works have considered either outputrate or memory utilization as
theonly optimization objective. Optimizing CQsfor a singleobjective is not reasonable
in practice,becausetherecould be inter-play of variousobjectivesthat affect queryper-
formance. Moreover, a DSMSapplication couldhave it’sown requirementsto maximize
(or minimize) a particularobjective. Thus,we see aneedfor an optimizationtechnique
that addresses multiple cost objectives, particularly when thedata stream characteristics
arenot known apriori. Moreover, the techniqueshouldbe generalenoughto beusedin
practice.

1.1. Data Stream Management Systems

Figure1 shows theschematicmodelof a typical DSMS.EachCQ submitted by theuser
remains in the system, until it is explicitly removed by the user. The optimizer (QO)
first optimizes thequery and findsa minimum cost plan. Next, thescheduler(QS)finds
a schedulefor the plan andpreparesit’s operatorsfor execution. Whennew tuplesar-
rive, thetupledispenser(TD) dispatchestheenqueuedtuplesto thereadyoperators.We
assumethere is a limited main memory � � � � available for executing a CQ. Eachquery
executionproducesastreamof tuplesasoutput. Outputrateof aqueryrefersto thenum-
berof resulttuplesproducedperunit time. Theunprocessedand intermediatedatatuples
are buffered in-memoryfor further processing. As we will show later, both, memory
utilization andoutputrateare important parameters for CQ processing.
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Figure 1. Schematic Model of a DSMS
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1.2. Motivation and Problem

Thereexist significant differencesbetweenoptimizing queriesover relation data versus
optimizing CQsover data streams. Sincerelationalqueriesareexecuted over stored ra-
tions,mostRDBMS optimizers[Astrahanet al. 1976]estimatethequeryexecutioncost
in termsof disk I/O. By contrast,a CQ is executed multiple times over a sequence of tu-
plesthatarrivecontinuously. Moreover, aCQ isevaluatedby directlyaccessingthetuples
(or their summaries)from mainmemory. Thus,disk I/O is notadominantcostfactorin a
DSMS,unlesstheDSMSsupportsqueriesover storedrelationsaswell. In this work we
only considerCQsover datastreams.

Example: Consider a CQ with operators � � and � � . Let selectivity of � � , � � be� � �
,

� � 

, respectively. Let theprocessingrate(measuredin tuplespersec)of operators� � ,

� � be
� � �

,
� �

, respectively. As shown in Figure2 considerthe two candidateplansfor
theCQ. Since thememory utimization of of plan 2 is lessthan that of plan 1, a RDBMS
heuristic(to pushdown highly selectiveoperations)would chooseplan2. By contrast,a
ratebasedoptimizationtechnique[Viglasand Naughton2002] (to maximizeoutputrate)
would chooseplan1. Thus,we observe thata DSMSoptimizerhasothercoststo worry
about,thanonly disk I/O.
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Figure 2. Cost parameters associated with a CQ

Next, wediscussvariousparameters(cost objectives)thataffectCQperformance.

C1 Input buffering: Input buffering is associatedwith tuplesthat have alreadyar-
rived, but not beenconsumedby any query. If input buffer becomesfull, some
arriving tupleswouldhave to bedropped,thusaffectingresult accuracy.

C2 Output rate: Outputrateof aqueryplanrefersto thenumberof tuplesproduced
by theCQ perunit time.

C3 Intermediate queue length: Every queryoperatorproducesintermediatetuples
at a certainrate.However, if thesetuplesarenot consumedfast enough,thenthe
intermediatequeueseventuallyoverflow andsometupleshave to bedropped.

C4 Re-computation overhead: If two or more queriesperform a commonopera-
tion, theDSMScansavesignificantprocessorcyclesby sharingthecomputation.
Moreover, saving on re-computationmeans fasteroverall tupleconsumptionand
lower inputbuffer requirement.

C5 Latency of query evaluation: Latency is timebetweenthethequerysubmission
andthetimewhentheoutputtuplesareproduced.
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Most DSMS applicationshave their own requirementsfor query optimiza-
tion. For example, an application to monitor temperature and pressure, may
require a high result accuracy. On the contrary, a stock market application
may require a higher output rate. This represents a multi-objective optimization
problem [FonsecaandFleming1995] and motivates us to combine the two objec-
tives in some way. Earlier papers[ViglasandNaughton2002, Babcocket al. 2003b,
AvnurandHellerstein2000] have eitherstudiedonly 1 costobjectiveor studiedeachone
in isolation. We wish to addresstheproblemof optimizingmutiple costobjectives,par-
ticularly outputrateand memory utilization.

Static query plans become sub-optimal when the data stream characteristics
changeasa resultof newly arriving data. We identify two extremes to addressingthis
problem.First, theapproachpresentedin [Babcocket al. 2003b] haslow complexity, but
assumesthatoperatorselectivity remainsstatic. Second,we believe thatper-tuple opti-
mizationproposedin [AvnurandHellerstein2000] suffers very high computationaland
storageoverhead.We proposea optimizationframework that strikes a balancebetween
the two extremesstatedabove.

1.3. Approach

Weproposeautility function-based techniqueto combinemultiplecostobjectives,specif-
ically output rate and memory utilization. Since frequent re-optimization of CQs is a
significantoverhead,we proposespendingextra time duringtheinitial optimizationstep
itself. Our optimization techniquegenerates multiple plans and switches plans onlyat
certainboundaryconditions.Thusour techniqueavoidsre-optimizationwhenthequery
is in-flight andisable to qucikly adaptto changingstreamcharacteristics. Sincetheover-
headdueupdatingqueryplansandqueryperformancearetwo conflictinggoals,wemake
our approachtunableto the applicationrequirements.This helpsmake the appropriate
trade-off betweenqueryperformanceandoptimization overheard.

2. Related Work

[AvnurandHellerstein2000, Chandrasekaranet al. 2003] provides an alternative to
queryoptimizationby introducingan adaptive queryoperator, calledEddy. The ticket-
basedpolicy used for Eddy is limited to optimizing a single objective and suffers
high overhead. Work presentedin [Deshpande2004] batchestuples to reducethe
Eddy overhead, but it does not addressmultiple cost objectives. [Kanget al. 2003,
Viglaset al. 2002,ViglasandNaughton2002] proposesa ratebasedoptimizationtech-
nique for CQs, but assumesthat operatorselectivity remains static and that stream
arrival ratesare known apriori. [Babcocket al. 2003b, Babcocketal. 2003a]provides
efficient techniquesto handle bursty data streams, however, this approach is lim-
ited to minimizing only memory utilization and suffers from starvation. Recent
work [Ayadand Naughton2004] is very muchapplicableto our problem,however it as-
sumesthatarrival ratesareconstantand query canbeupdatedwhile it is alreadyin-flight.
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Ourwork isnovel becauseit avoidsfrequentre-optimizationof plans, addressesmultiple
costobjectives,and providesa framework to addressan application’s requirementsfor
queryperformance.

3. Problem Formulation

Let � be the schema for a relation with onemore moreattributes. Let � be the time
domain. We representa data streamasa growing sequenceof tuples,which are time-
stampedon arrival. Tuples that have alreadyarrived can be represented as a bag � =� � � 	 � � � � � � � � � � � � �

, whereeachelement
�

is consistent with relational schema � , � � � � ,
and � � is the current time instant. In our work we assumethat the arrival rate and data
distributionof thedatastreamarenotknown apriori.

We abstract a queryusing � [ � ], where � is a querycomposedof oneor more
selection ( � ), projection(  ), join ( ! " ) andaggregation( # ) operators.� is thewindow(or
thetime-interval) thatdefinesthesubsetof tuplesto beprocessedper execution.During
execution, eachqueryconsumesdata tuplesthat arrive within the time interval [ � � - � ,

� � ]. For eachsuccessive execution of thequeryweslidethiswindow over thedatastream.
Let the query � be composedof a set of % operators

�
� �

�
� �

� � � � �
� & �

, whereeach � � �� � �  � ! " � # �
. A plan ( for a query � is a directed acyclic graph consistingof % nodes

that correspondto the % operators.Let ) be the set of all possiblecandidateplansfor
thequery � . Thegoalof theoptimizerthenis to choosea plan ( � � ) , basedon a cost
function.We explainour costfunctionsin Section 4.1.

Some statistical information (or meta-data) is required to estimate query costs.
We define selectivity as the fraction of the numberinput tuplesproducedas outputof
the operator. We definetuple processingrateasnumberof tuplesthat the operatorcan
processperunit time. Wedefinetheinputarrival rateof anoperatorastheaveragearrival
rateof theinputstreams.Theoperatorselectivity ( � . / ), theoperatortupleprocessingrate
( � ( 2 ) and the input arrival rate ( 3 ) are maintained asmeta-data for eachoperator. The
optimizer uses this meta-data to estimate the cost of executing the query. The � ( 2 is a
constant for eachoperator type. The � . / and 3 valuesaremaintainedonline as described
in Section 4.3.

3.1. Our Query Processing Model

Let ) be the set of candidateplansfor a query � . Consider a plan ( � ) chosenfor
execution. Our processingmodel assumesthat the query executionis atomic and the
operators

�
� �

�
� �

� � � � �
� & �

are pipelined during execution. In sucha model, the input
tuplesandintermediate tuplesarerequiredto bufferedin-memory.

Whenan operator � � is scheduledfor executionit performs the following steps.
First, it readstheinputtuples(of size 1 window) waiting at theinput queues.Second,it
processesthetuplesby executingtheoperatorfunctions(or routines).Third, it produces
theresult tuplesbywriting them to theoutputqueue. Thisread-process-producesequence
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is repeated when more data arrives into the system. A round refers to one complete
executionof the read-process-producesteps. We usethe notation � � � � � �

to denotethe� � 	
execution of thequery. As eachCQ remains in thesystemfor a long time, the total

numberof roundsfor a queryareexpectedto behigh. For example,a querywith � 
 �

minswill make288roundsin 1 day.

Example: Let � be a query consistingof a selection � = � � �
� � � �

and a
projection � 
 � � �

� , where the stream � hasinteger attributes(
�

� ,
�

� ). Let the win-
dow � be 20 seconds.Assumethat the datastreamtuplesarrive with the following
time-stamps, � � � � � �

� , � � � � � �
, � � � � �

� � , � � � � � �
�

�
, � � � � � �

� � , � � � � �
�

�
, � � � � � ! � , � � � � � � ! �

,
� � � � � � $ � , � � � � � � $ �

, � � � � � � � � � . Let the2 operatorsbeexecutedin thesequence:� & � .
Thus, the following outputsare seenat the end of eachround, � � � � �

� 
 	 � � � � � 

,

� � � � �
� 
 	 � � � � � 


, � � � � � ! 
 	 � � 

.

3.2. Our Cost Model

We address2 cost objectives,namely the output rate ( * , ) and the memory utilization
( * . ). Thequeryexecutioncost is a functionof * , and * . . We measurethequerycost
(in terms of utils) usinga utility function[Neumannand Morgenstern1944]. This utility
function,written as * � � � � * , � * . �

is theweighted costof theutility of theoutputrateand
memoryutilizationof thequery. Thus,

* � � � � * , � * . � 
 2 , 3 �4 5 6 2 . 3 * . , where 2 , , 2 . areuser-specified weights.

Our cost model is basedon the policy: the query performanceimproveswhen
theoutputrate is higher andwhen thememory utilization is lower. From an application
perspective,ahigher 2 , helpsin choosingaplanwith higheroutputrateandahigher 2 .
helpsin choosinga planwith lower memoryutilization. Oncetheweightsare specified,
thegoalof our optimizeris to choosea planwith minimum * � � � � * , � * . �

. For brevity,
weuse* � � � ; , to denotetheweightedcostof plan � .

Example: We usethequeryin Figure2 andshow thatdif ferentweightassign-
mentscaninfuencethe choiceof plans.We first find theindividual costsfor outputrate
and memory utilization. For � � , we have * , 
 � � �

and * . 
 � � �
. For � � , we have

* , 
 � � �
and * . 
 � � �

. Consider two weightassignmentsasshown below.
Assign1:

	 2 , 
 � � � � 2 . 
 � � � 

, Assign2:

	 2 , 
 � � � � � � 2 . 
 � 

Theweightedquerycostfor thetwo assignmentare asfollows.
Assign1: * � � � ; 
 
 � � � � � �

, * � � � ; B 
 � � � � � �
Assign2: * � � � ; 
 
 � � � �

, * � � � ; B 
 � � � �

Thus, The optimizer choosesplan 2 in assignment 1. On the contrary, the optimizer
choosesplan1 in assignment2.

3.3. Problem Statement

Given a continuousquery � over a setof data streams E , find thequeryplan � from it’s
setof candidateplans� , suchthat * � � � ; is minimum.
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4. Our Approach

Wefirst describeour techniqueto generateplans.Next, wepresentourapproachto mon-
itor and switchplansin an enviromentwhere thedatastreamcharacterticsare dynamic.

4.1. Cost Functions for Output Rate and Memory Utilization

A selection operation selects all the tuples that satisfy the given condition. Projections
throw away theunwanted attributes and retain theattributes which appear in theprojec-
tion list. Sincewe do not useany specialaccess methods,the selection,projectionand
aggregateoperationsrequire1 sequentialscanof tuplesin thecurrentwindow. We con-
sideronly 2-way joins and use � and � to indicatethe left andright input streamsof
a join. Thecostof processinga sliding window join is determinedin two parts,namely
joining the new incomingtuplesin left window � � with all thetuplesin theright window

� � , and vice-versa.Thus,thejoin requires1 scanof thetuplesin � � and � � window.

Basedon theabove processingmodel,we derive thecost functions.Let � � and
� � bethetimeneeded to doselection andprojectionoperation,respectively. Let � 
 � � be
thetimeneededfor joining1 tuplewith left window, � � � � bethetimeneededfor joining
1 tuplewith right window. Let � � bethetimeneeded for aggregating 1 tuples.

Theoutput rate of the variousoperators canbeestimatedasfollows. For selec-
tion, � � � � � . For Projection,� . For Aggregates,

�� � � � � � . For Join,
� � � � � � � � � � �� � � ! " � � � # % � � � ! " � � � # .

While an operatoris processingthe current window, the numberof tuplesthat
getbufferedat input buffer is ( 	 
 � � � � � � � �� � �



. Thenumberof tuplebufferedat the

intermediate queue (outputof operator)is calculatedas ( 	 
 � � ( � � � . Sinceboth,input
bufferingand theintermediatequeuebuffering contributetoward theoperator’s memory
utilization ( � , we have ( � � ( 	 
 � 
 ( 	 
 �

.

Let � bea querycomposedof � operators
�

� �
�

� �
� � � � �

� � 

. We assumethat the

operators in the plan are labeled in increasing order from 1 to � , using a breadth-first
traversalof the querytree. Hence,the root operator is labeled � � . Let ( � , � 	 . and ( � , � 	 .
be the output rate and memory utilization of � 	 , respectively. Sincethe query output
rate is sameoutput rate of the root operator, we have � � � ( � , � � . . Since the query
memory utilization is thesumof thememory utilization of it’ s operators,we have � � �0 �	 2 � ( � , � 	 . . The weighted cost of the query is determined by substitutingfor � � and

� � in thefunction � � � � � � � � � � �
, describedin section 3.2.

4.2. Optimization Heuristics

Given aquery � , weapply steps1-4 for generatingthequeryplan.
(1) Group selections: We groupall selectionsin � that have predicatesover thesame
stream. For example, � � � 5 �

OR � � � 6 � �
, isgroupedas

� 6 � � � 6 � �
.

(2) Push down projections and selections: We pushdown the � and � operatorsto the
bottomof thequeryplanafter examiningthecostof the two sub-plans,namely � � �
and � � � .
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(3) Left-deep join ordering: Weperforma localsearchto generatea left-deepordering
of thejoiningstreams.For example,if thequeryjoins � � , � � , � �

, wefirstchoose2 streams
to be joined, say � � � � � � � � � �

�
. The outputof � �

is consideredasleft input for the
next join � � � � � � � � � � �

. Theoutputof sub-plansgeneratedfor � � , � � and � �
in step 2,

serve is inputsto the � �
and � �

. Thecostof thejoin queryis thetotal costof performing
� � � � � � � �

� � � � � �
.

(4) Aggregate last: We applytheaggregateoperationsat thetopof thequerytree.

4.3. Maintaining Online Statistics

Sincethearrival rateandselectivity of operatorsarenotknown apriori,weestimatethem
by finding their weightedsample mean. Consider selection operator’s selectivity. First,
we record the previous

�
values of the operator selectivity as samples. Thesecan be

observed at theendof eachroundof queryexecution. Next, we estimatetheselectivity

at someround � as � � � � � � � �
� � � � � 
 �

� � � � � � � �� � � � � � � � � , where � � � �
is the observed selectivity at

round � and � � � � � � � � � is adecayfunctionusedto weightthesamplevalues.

Joinselectivity is determinedusinga histogrambasedapproach[Poosala1997].
We monitor the join selectivity at eachroundandre-estimatethe selectivity only when
observed andestimatedvaluesdiffer by a certain threshold.

Similarly, we estimate arrival rate as 	 � � � � �
� � � � � 
 �

� � � � � � � �� � � � � � � � � , where � � � �
is

the theobserved arrival rateof thestreamat round � . Next section describeshow these
estimationsareusefulin schedulingthequeryplans.

4.4. Generating and Indexing Plans using Charts

Frequentre-optimizationof aquery is costprohibitive, especially, if the datastream statis-
tics changevery often. We proposea techniquethatspendsextra time during the initial
optimizationstep,ratherthanworrying aboutre-optimizationwhenthequeryis in-flight.
We first divide the spacedefinedby the optimization parametersinto regions. Next, we
generate1 optimalplan 
 � perregion � � , which represents theminimum cost plan in that
region. As long as thedata stream statistics lie within theregion � � , we schedule plan 
 �
for execution. If thesystem state moves to a new region � � dueto a changein thestream
statistics, wescheduleplan 
 � , where 
 � is theplan determinedto beoptimal within region

� � . As theplansin eachregion aregeneratedapriori, the complexity of switching plans
andscheduling themis very low.

4.4.1. sel- � chart

A sel- 	 chart is a 2 dimensionalchart, with dimensionsselectivity � � � andarrival rate
	 . We build the chart by first performinga � -regular partitioning in eachdimension.
Thespace enclosed by consecutivepartitions is called a regionand isdenoted by � �  � 
 �

,
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whereindexes � � �
refer to the �

� �
and

� � �
partitions in thespacedefined by � � � , � , respec-

tively. The centroid � � � � � �
of region � � � � � �

represents the meanvalue of the � � � and
� within region � � � � � �

. The ( � � � � , � �
) valuesat point � � � � � �

areusedas the parameter
values when determining thecost of the plans in region � � � � � �

. Let the set 	 be setof
candidateplansfor thequery. Theplan 
 � � � � � � 	 denotestheplan that isoptimal within
region � � � � � �

. The algorithmto constructthesel-� chart is shown in Algorithm 1. We
maintain 1 chart per stream, hence thestorageoverhead is of theorder � � � � � �

, where �
is thenumber of partitionsand � is thenumber of streams.

Algorithm 1 Create sel- � chart
Require: � � � � 	 � 
 � � � � 	 � � �

�
� � 	 � 
 � � 	 � � �

� � � 	
Ensure: 
 � � � � � � � � � � � � � � � �

1: Perform� regular partition of dimensions� � � and � , with partitionsin eachdimension
at � � 
 � � � � 	 � � 	 � � � 	 � 
 � � � �

, and � � 
 � � 	 � � 	 � 	 � 
 � � � �
, where

� � � � � � � .
2: Let � � � � � �

betheregion enclosed by �
� �

, � � 	 � � � �
partition in dimension � � � and

� � �
,

� � 	 � � � �
partition in dimension � .

3: for all � � �
suchthat

� � � � � � � � � do
4: Let � � � � � �

bethecentroid of region � � � � � �
, with thecoordinates( � � � 	 , � 	 ).

5: Using � � � 	 and � 	 determinethe � � � � 
 of eachcandidateplan 
 � 	 .
6: 
 � � � � � �

Minimum costplan 
 � 	 .
7: end for

4.4.2. � - � chart

For join queries,we constructa � dimensional� - � , where � is the numberof joining
streams.The �

� �
dimension refersto the spacedefinedby arrival rate � � of stream � � .

Theprocedureto createthischartis similar to thealgorithmpresentedfor thesel-� chart,
exceptthe fact that the centroid represents a point in � dimensionalspace.Thus,a plan


 � � �
� � � � � � �

�
denotes theplan that is optimal in theregion � � � �

� � � � � � �
�
. Here we assume

that theselectivity remainsconstant within eachregion.

4.5. Dynamic Query Scheduling using Charts

The charts are constructed during the initial optimization of the query and used during
queryscheduling.At thebeginningof eachround � � theoptimizer refers to thechartsand
determineswhich plan to schedule. Let � � � �� and � � � bethe estimatedvaluesfor selectivity
andarrival rateat round � . Let the sets � � � � � �

� , � � � � � �

� represents an orderedset of� 	 �
observed valuesof selectivity andarrival rate. Thevalues � � � � and � � refer to the

observed valuesin round � � � � . TheAlgorithm 2 shows how a aplan is pickedbasedon
theregion thatboundsthepoint ( � � � �� , � � � ). After plan 
 is scheduledandexecuted, the

�
observed valuesareusedto estimatetheselectivity and � for round � � � � . The � � � � � � � � � �
function in thealgorithmfollows theproceduredescribed in Section 4.1. It is easy to see
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that, if the stream statistics remain within the region � � �
� � �

, the sameplan � can be
scheduledfor thesuccessive executionof thequery.

Algorithm 2 SchedulePlan for Execution

Require: Q[W], � � � - � chart, � - � chart, � � � �
� , � �

� , d, � � � � � �

� , � � � � � �

�

Ensure: Resultsof executing � , � � � � � �

� , � � � �

�

1: Using � = ( � � � �
� , � �

� ) find theregion � � �
� � �

thatformsaboundingboxfor thepoint � .
2: Let � � �

� � �
bethecentroidof theregion � � �

� � �
.

3: Let � � � � �
� � �

theplan indexed at centroid � � �
� � �

4: Scheduleand execute� for oneround,over [W] tuples.
5: � � � � �

�
� � �

�
� �

Observedvalues ofselectivity andarrival rate at theendof theexecuting
plan � .

6: � � � � � �

�
�

Estimate( � � � �
� , � � � � � �

� ).
7: � � � �

�
�

Estimate ( � �
� , � � � � � �

� ).
8: Update#moves,#switchesand fidelity (%hits)for round 	

5. Experimental Analysis

Table 1 comparesthe features of our work OM with some recent techniques; Eddy
refersto the work describedin [AvnurandHellerstein2000], Rate is the approachpre-
sentedin [Viglasand Naughton2002], and Chain is scheduling algorithm described
in [Babcocket al. 2003b]. Ourwork isableto maintainfairness,becausewedonotprior-
itize thequeryschedulebasedon memoryrequirements.Our approachis starvation-free
becausewe processmultiple queriesin a round-robinfashion.Moreover, our approach
is tunablebecauseit enablestheuserto choose thegranularity(of regionsin chart)used
duringschedulingalgorithm.

Table 1. Comparison with recent work
OM Eddy Chain Rate

Optimization technique Dynamic Dynamic Dynamic Static
Optimization granularity Query Tuple Operator Query

AddressesMemory utilization Yes Yes Yes No
AddressesOutputrate Yes No No Yes

Tunableto user-requirement Yes No No No
Fairnessin queryscheduling Yes Yes No n/a
Addressesstarvationproblem Yes Yes No n/a

5.1. Setup

We usedthe DEC-PKT dataset[Archive2005] as real-world dataset.For single stream
queriesweworkedwith theTCPtraceandfor join queriesweusedtheTCP, UDPandSF
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traces,with suitableequi-join conditions.As theDEC-PKTdatais quiteerratic,we ap-
plied a fil tering stepto generate aseries of datasets called REAL, eachhaving adifferent
coefficient of variation (for thearrival rate). Thesyntheticdataset URND is theuncorre-
latedrandomdata,whichwas generatedusing functionsavailablein GNU compilers.

The experimentswere conductedusing the OM prototypethat is developedas
partof ourwork. Currently, wecanoptimizequeriesandmaintain variousqueryanddata
statistics. Thequerieswereexecuted asper theprocessingmodeldescribedin section 3.1.

Our main focuswas to studyfidelity, definedas thefraction of timeswecorrectly
predict the optimal plan. We considerit a hit if the plan ( � � � � � �

� ) chosenby our op-
timizer is same as the optimal plan ( � � � � � �

� ) determinedin an offline procedure.We
consider it a movewhenever the data streamcharacteristics changeandthestreamstatis-
ticscrossesa regionboundary(definedfor the chartsdiscussedearlier).A movedoesnot
necessarily imply scheduling a new queryplan,becausetwo adjacentregionsmay index
thesame plan. We consider it a switch, if theplanexecuted in 	 � � �

� 
 if differentfrom
theplan executed in 	 � � �

� 
 � � .

We executedthecommonqueryoperatorsin isolationandfoundthetupleprocess-
ing rates(measuredin tuplespersec) to bethefollowing: SelectionEquality=

� � � � � � �

tps,Selection Range=
	 � � � � � �

tps,Projection=
� � � � � � �

tps,JoinEqui=



� � � �
tps.We

usethefollowing default values,unlessstated otherwise. Weights( � � � � � � �
� � � � � �

),
numberpartitionsin eachdimension� �

� �
. Eachcontinuousqueryis run for 10mins.

Table 2. Queries Used in our Experiments

Single-stream query Q1
SELECTTCP.src host,TCP.desthost
FROM TCP
WHERE TCP.desthost=2
WINDOW [1]

Multi-stream query Q2
SELECT*
FROM TCP, UDP, SF
WHERETCP.src host=UDP.dest host

andUDP.desthost=SF.desthost
WINDOW [1]

5.2. Single Stream Queries

We usedthequery 
 �
shown in Table2 to modelsingle streamexperiments.Sincethis

planhasoneselectionand oneprojectionoperation, thereare only 2 possiblecandidate
plans.Next, wedescribetheresultsfor singlestreamqueries.

Comparison with Optimal plans: We ran 
 �
over the DEC-PKTdatasetand

monitoredthe numberof times we were able to choosethe correctplan. Figure 3(a)
shows thefidelity, averagedper 100seconds.Our estimationsworkedvery well, except
whentherewasa suddenburstof inputs.During sucha burst(for examplebetween500-
600 seconds),the optimizerscoredwrong hits ( � � � � � �

� �� � � � � � �
� ). Our optimizer
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Figure 3. Experimental Results for Single-stream Queries

performed with an average fidelity of 80% in this experiment, in which there were 84
movesand 23switches.

Querying Erratic Data Streams: We ran thequery �
�

over data streams that
hadcoefficientof variation (for � ) rangingfrom 0.26 to 0.09. As shown in Figure3(b),
thefidelity is slightly lower for data streams that are moreerratic. Thefidelity is in the
range[76 %, 81 %], with mostexperimentshaving a fidelity of 80%. In the random
approach(RAND), a randomplan is picked from thesetof possiblecandidateplans,in
this casejust2 plans. As expected,theRAND approachcannotdo betterthan50%for
single streamqueries. The RATE approachusesstatic valuesfor selectivity andarrival
rate,hencedoesnotswitchplanswhenrequired. In fact,theRATE approachhasa lower
fidelity, becauseit suffersawronghit every-time thereis aswitch.

Performance v/s Optimization Overhead: We measuretheoptimization(stor-
age)overheadin termsof numberof plansgenerated while constructing thecharts. The
parameter� abstracts our notion of overhead,becausea charthas � � � partitions,hence

�
� plans are indexed in the chart. As shown in Figure 3(c), the fidelity increase as we

go from � =10 to 40, andthenstabilizes. The observation is that, whenwe have more
partitions, we have better control over when to switch between query plans. For lower

� , multiple plans could be optimal within the same region, hence the optimizer might
misssomeplans.Thefidelity saturatesaround 95%, which impliesthattheperformance
gain is negligible after this point. Since we checkfor optimal plansonly at the endof
eachround,we make only 600optimizationdecisions. Since theaveragethearrival rate
is 500 tuple/sec,the per-tuple EDDY approachwould make 300000decisions,and the
modifiedEDDY approach[Deshpande2004]wouldmake 1500decisions,bothof which
aresignificantlyhigherthanourapproach.

5.3. Multi-Stream Queries

We usedthejoin query �
�

shown in Table 2 for themultiple stream experiments. The3
streams in �

�
canbejoinedin 6 ways.However, weconsideronly left-deepordering,so
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Figure 4. Experimental Results for Multi-stream Queries

wehave to dealwith only 3 candidateplans.

Querying Erratic Data Streams: As shown in Figure4(a),wedo very well with
99 % fidelity whenthe datais not very erratic. This is also intuitively correct,because
as the databecomessmootherwe should be able to predict the streamproperties(and
hencetheplans)more accurately. In fact, even whenthedata is erratic we arenot below
80%fidelity. This shows that our estimation and optimization approach is consistent and
alwaysdoesbetterthantheRAND approach. TheRATE approachis not dynamic,hence
the initial plan quickly becomes sub-optimal. The RAND plans perform closeto 30%
fidelity, because1 plan is randomlypickedfrom 3 candidateplans.

Performance v/s Optimization Overhead: We useDEC andURND datasetin
this experiment.We vary � from 2 to 10. In caseof the � - � thereare 3 dimensionsand
hencetheoptimizationoverhead isof theorder � � �

� �
. As shown in figure4(b),wealways

geta higherfidelity for theDEC datasetthantheURND dataset.This is mostly because
the tuples in URND are completely uncorrelated. The fidelity stabilizes at a saturation
point (for DEC: � =5 and for URND:� =8) beyond which we are not likely to seemuch
performancebenefit. Since both datasets had arrival rate � � � �

tuplesper second,we
seethat theper-tupleEDDY approachwould make at least

� � � � � � � � �
optimization

decisionsin thequery lifetimeof 10mins.

5.4. Scheduling Multiple Queries

Let � � be the numberof queriesregisteredwith the DSMS. We maintaina queueof
readyCQsandprocessthemin a round-robinfashion.Theschedulingis fair becausethe
queueis not sortedaftereachround. Moreover, this approachis starvation-freebecause
eachquery is serviced in FIFO fashion and reinserted at the back of the queue. The
queryhasto wait in the queuetill the next roundof execution. We experimentedwith
10 queries,with a mix of singlestreamandjoin queries. We ran thesimulation over the
REAL datasetandfoundthatourapproachshowedconsistentperformance.Singlestream
queriesexperienced afidelity of 95 % and thejoin queries had a fidelity of 90%.
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6. Conclusions

We have provideda novel framework to performcontinuousquery(CQ) optimizationin
data streamenvironments. We haveshown that CQ performanceis influencedby param-
eters such as outputrate and memory utilization of queries, rather than justdisk I/O. Our
importantcontributionhasbeento proposea cost modelthatis tunableto theapplication
requirements.Moreover, our techniqueto generate multipleplansand schedulethem us-
ing charts isquick and low in complexity. A chart with higher granularity providesbetter
queryperformance,becausetheoptimizercanmonitor and switch plansmore frequently.
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