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Abstract. Continuousquery (CQ) is an important class of queriesin Data
Stream ManagementSystemsWhile mud work hasbeendoneon algorithms
for processingCQs, lessattention hasbeen paid to theissueof optimizingsud
queries. In this paper we first arguethat parametes auch as outputrate and
mainmemoryutilizationare importantcostobjectivesfor CQ performance, than
diskl/O. We proposea novel frameawork, calledOM to optimizethe memoryuti-
lizationandoutputrateof CQs. Our tecdhniquemonitorsinput streamandquery
characteristics,and switchesplansonly at certain boundaryconditions. Our
approad istunableto applicationrequirrmentsand enablesa userto make the
gueryperformanceversusoptimizationoverheadtrade-of. Experimentabnal-
ysisshows that our approad hashighfidelity in predictingcorrectplansandis
promisingin termsof minimizingquerysdedulingoverhead.

Resumo. Consultaconinua (CQ, Continuousquery)é umaclasseimportante
emSistemasle Gerenciamentale Streams Enquantovariostrabalhospropdem
algoritmospara processarCQs, poucaaten@o temsido dadaa otimiza@o de
tais consultas.Nesseartigo, argumentamosgjue parametos tais comoa taxa
de sdida e a utilizacdo damendria principal sdo métricas mais importantes
para o desempenhde CQ do queo acessaao disco. Dessaforma,nos plopo-
mosumnovo frameavork, chamadoOM, para otimizara utilizacdo de mendria
e ataxa de saida de CQs. Nossatémica monitora o stream de entrada e as
caraceristicasda consultae trocaplanossomentem certascondigdes de lim-
ite. Nossa propost#& gustavel aosrequisitosda aplicacdo e permitequeum
ustario compae os benefcios entre o desempenhda consultae a sobrecaga
impostapda otimiza@o. A analise experimentalmostra quea nossaproposta
temalta fidelidadeao prever os planoscorretose € promissoa emminimizara
sobecaga do aggndamentale consultas.

1. Introduction

A sequenceof data elementsthat is continuous, unbounded,and time-varying is
cdled a data stream [Babcocketal. 2003. For example, data transmittedby sen-
sors, stock market data and network monitoring data. Users issue a continuous
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qguery (CQ) [Maddenet a. 2003 over such data streamsand when newv data ar-
rives, the Data Stream ManagementSysem (DSMS) [Chandrasekaraetal. 2003
Carney etal. 2002, Motwaniet a. 2003 Chenet a. 200Q Sullivan and Heybey 1998
Maddenand Franklin2002, Seshadretal. 1994,Engine2005 executesthe CQ andre-
turns the result. The sane quay is re-exeauted when nen daa elements arrive into
the system. This query processingmodel is dgnificantly different from relaional
databasenanagemeat systems(RDBMS). A DSMS is alsolikely to be usedin envi-
ronments where multiple uses and queies exist. For example online bidding sys-
temssuchas eBay [eBay 2003 and real-time financialsearchenginessuch as Trader
Bot [Traderbot2003.

We focusonthequeryoptimization problemover datastreans. While muchwork
hasbeendonein processingdatastreams,queay optimizationis dill an importantre-
sarch issue Ealier works have consideed either outputrate or memory utilization as
the only optimization objective. Optimizing CQs for a singleobjectve is notreasonable
in practce, becauseherecould be inter-play of variousobjecivesthat affect queryper
formance. Moreover, a DSMS application could have it’ s own requirementsto maximize
(or minimize) a particular objectve. Thus,we see aneedfor an optimizationtechnique
tha addresses multiple cost objectives, particularly when the data stream charaderistics
arenot known apriori. Moreover, the techniqueshouldbe generalenoughto be usedin
pracice.

1.1. Data Stream Management Systems

Figure 1l shawvs the schematianodelof atypical DSMS. EachCQ submittel by the user
remans in the system, until it is explicitly removed by the use. The optimizer (QO)
first optimizes the quey and findsa minimum cost plan. Next, the schedulen(QS) finds
a schedulefor the plan and preparest’s operatorsfor execution. Whennew tuplesar
rive, thetupledispense(TD) dispatcheshe enqueueduplesto the readyoperators.We
assumethere is a limited main memory M,,; available for executng a CQ. Eachquery
executionproducesa streamof tuplesasoutput Outputrateof aqueryrefersto thenum-
berof resulttuplesproducedoerunittime. Theunprocessednd intermediatedatatuples
are buffered in-memoryfor further processing. As we will shawv later, both, memory
utilization and outputrate are important parameters for CQ proaessing.
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Figure 1. Schematic Model of a DSMS
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1.2. Motivation and Problem

Thereexist significant differencesbetveenoptimizing queriesover relaion data versus
optimizing CQs over data streans. Sincerelational queresare execued over storedra-

tions,mostRDBMS optimizers[Astrahanetal. 1976] estimatethe query executioncost
in termsof disk I/0O. By contrast,a CQ is exeauted multiple times over a sequence of tu-

plesthatarrive continuously Moreover, a CQ isevaluatedby directly accessinghetuples
(or their summariesjrom main memory Thus,disk1/O is notadominantcostfactorin a
DSMS, unlessthe DSMS supportsqueriesover storedrelationsaswell. In this work we

only consider CQsover data strears.

Example: Conside a CQ with opaatorso; ando,. Letsekecivity of o, 0, be
0.5, 0.1, respectrely. Let the processingate(measuredh tuplespersec)of operators,
09 be 500, 50, respedtely. As shovn in Figure 2 considerthe two candidateplansfor
the CQ. Since the memory utimization of of plan 2is lessthan tha of plan 1, aRDBMS
heuristic(to pushdown highly selective operations)vould chooseplan2. By contrast,a
ratebasedoptimizationtechniqugViglas and Naughtor2003 (to maximizeoutputrate)
would chooseplan1. Thus,we obsene thata DSMS optimizerhasother coststo worry
about,thanonly disk1/O.

Plan 1 Plan 2
5 tps 2.5tps
[25] [25]
250 tps [250] 5tps [50]
[500] [500]
500 tps 500 tps
S1 S1

Figure 2. Cost parameters associated with a CQ

Next, we discussvarious parametergcod objecives)thataffect CQ performance.

C1 Input buffering: Inputbufferingis associatedwvith tuplesthat have alreadyar-
rived, but not beenconsumedy ary query If inputbuffer becomedull, some
arriving tupleswould have to be dropped thusaffectingresult accuracy

C2 Output rate: Outputrateof aqueryplanrefersto the numberof tuplesproduced
by the CQ perunittime.

C3 Intermediate queue length: Every queryoperatorproducesntermediatduples
atacertainrate. However, if thesetuplesarenot consumedast enough thenthe
intermediatequeueseventually overflow andsometupleshave to bedropped.

C4 Re-computation overhead: If two or more queriesperforma commonopera-
tion, the DSMS cansave significantprocessorcyclesby sharingthe computation.
Moreover, saving on re-computatiormears fasteroverall tuple consumptiorand
lowerinputbuffer requirement.

C5 Latency of query evaluation: Lateng is time betweernthethequerysubmission
andthetime whenthe outputtuplesareproduced.
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Most DSMS applicationshave their own requirementsfor query optimiza-
tion. For example an application to monitor temperature and pressure may
requre a high resut accurag. On the contary, a stock market applicaion
may require a highe output rate. This represents a multi-objective optimization
problem [FonsecandFleming1999 and motivates us to combine the two objec-
tives in some way. Earlier papers[ViglasandNaughton2002 Babcocketal. 2003h
AvnurandHellerstein200q have ather studiedonly 1 costobjectie or studiedeachone
in isolation. We wish to addresgshe problemof optimizing mutiple costobjectves,par
ticularly outputrate and memory utiliz ation.

Static query plans becone sub-optmal when the data stream characegristics
changeasa resultof newly arriving data. We identify two extremes to addressingthis
problem.First, theapproactpresentedn [Babcocket al. 2003 haslow complexity, but
assumeshat operatorselectivity remainsstatic. Second,we believe that pertuple opti-
mizationproposedn [AvnurandHellerstein200Q suffersvery high computationabnd
storageoverhead. We proposea optimizationframeawork that strikes a balancebetween
the two extremesstatedabove.

1.3. Approach

We proposea utility function-basd techniqueo combinemultiple costobjectves,specif-

ically outputrate and memory utilization. Since frequent re-optimization of CQs s a
significantoverhead we proposespendingextra time duringtheinitial optimizationstep
itsdf. Our optimization tedhniquegeneaates multiple plans and switches plans only at

certainboundaryconditions. Thusour techniqueavoids re-optimizationwhenthe query
is in-flight andis able to qucikly adaptto changing streamcharaceristics. Sincethe over-

headdueupdatingqueryplansand queryperformancearetwo conflictinggoals,we make

our approachtunableto the applicationrequirements. This helpsmake the appropriate
trade-of betweenqueryperformanceandoptmizaion owrheard.

2. Related Wor k

[AvnurandHellerstein200Q Chandrasekaraetal. 2003 provides an aternative to
gueryoptimizationby introducingan adaptve queryoperatoy calledEddy. The ticket-
basedpolicy usedfor Eddy is limited to opimizing a single objectve and suffers
high overhead. Work presentedin [Deshpande2004] batchestuplesto reducethe
Eddy overhead, but it does not addressmultiple cost objectves. [Kangetal. 2003
Viglasetal. 2002, ViglasandNaughtor2002] proposesa rate basedoptimizationtech-
nique for CQs, but assumeghat operatorseledivity remans staic and tha stream
arrival ratesare known apriori. [Babcocketal. 2003k Babcocketal. 2003a] provides
efficient techniquesto handle bursty data streams, however, this approah is lim-
ited to minimizing only memory utilization and suffers from starvation. Recent
work [Ayadand Naughton2004 is very much applicableto our problem,however it as-
sumedhatarrival ratesareconstanand quey canbeupdatedvhile it is alreadyin-flight.
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Ourwork isnovel becausat avoidsfrequentre-optimizationof plans addressesultiple
costobjectves, and providesa framework to addressan application’s requirementgor
queryperformance.

3. Problem Formulation

Let R be the schema for a relation with one more moreattributes. Let 7' be the time
domain. We representa data streamas a growing sequencef tuples,which aretime-
stanpedon arrival. Tuplesthat have alreadyarrived can be represerdd as a bag s =
{at,, ay,, - . ., as, }, Whereeachelementa is consistet with relationd schema R, t; € T,
andt, is the current time instant. In our work we assumetha the arrival rate and daa
distribution of the datastreamarenot known apriori.

We abstacta queryusing Q[W], where( is a querycomposedf oneor more
sdection (o), projection(r), join (x) and aggreation(2) operators W is thewindow(or
thetime-intenal) that definesthe subsef tuplesto be processegber execution.During
executon, eachquery consunesdai tuplesthat arrive within the time interval [¢,,-W,
t,]. For eachsuccessie executon o thequerywesslidethiswindow over thedatastream.
Let the query @ be composedf a set of £ opemators {01, 0y, ..., 0}, Whereeacho; €
{o, 7, x,Q}. A planp for aquery(@ is a directed agyclic grgph consistingof £ nodes
that correspondo the k£ operators.Let P be the set of all possiblecandidateplansfor
thequery@. Thegoalof the optimizerthenis to choosea planp; € P, basedon a st
function. We explain our costfunctionsin Sedion 4.1.

Some stdistical information (or meta-daa) is required to estimae quay costs.
We define sdectivity asthe fraction of the numberinput tuplesproducedas output of
the operator We definetuple processingate asnumberof tuplesthatthe operatorcan
procesgerunittime. We definetheinputarrival rateof an operator astheaveragearrival
rateof theinputstreamsTheoperatorselectvity (sel), the operatortuple processingate
(tpr) and the input arrival rate (\) are maintained as meta-dat for eachoperabr. The
optimizer uses this meta-data to estimae the cost of exeauting the quay. Thetpr is a
constnt for eachoperabr type. The sel and\ valuesaremaintainedonline as descrbed
in Sedion 4.3.

3.1. Our Query Processing Model

Let P bethe set of candidateplansfor a query ). Conside aplan p € P chosenfor
execution. Our processingnodel assumeghat the query executionis atomic and the
operators{os, 0o, . .., 0} are pipelined during execution. In sucha model, the input
tuplesandintermediate tuplesarerequiredto bufferedin-memory.

Whenan operabr o; is scheduledor executionit performs the following steps.
First, it readstheinputtuples(of size 1 window) waiting at theinput queues.Second,it
processeshetuplesby executingthe operatorfunctions(or routines).Third, it produces
theresult tuplesby writing them to theoutputqueue Thisread-process-poducesequence
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is repeatd when more dat arrives into the sysem A round refersto one conplete
executionof the read-process-produateps. We usethe notationround, to denotethe
5" executon o the query As eachCQ remainsin the sysemfor alongtime, the total
numberof roundsfor a queryareexpectedo behigh. For example,aquerywith W =5
minswill make 288roundsin 1 day.

Example Let Q be a quay consistingof a sdection o=s.a; > 10 anda
projectiont = s.a;, Where the stream s hasinteger attributes(aq, as). Let the win-
dow W be 20 seconds. Assumethat the datastreamtuplesarrive with the following
time-stnps, (10,1)1, (7,2)s, (8,3)10, (25,4)15, (10,5)20, (8,6)25, (9, 7)30, (26,8)3s,
(11,9) 40, (7,10)45, (20,11)5. Letthe 2 operatorse executedin the sequences — 7.
Thus, the following outputsare seenat the end of eachround, round, = {10, 25},
roundy = {26, 11}, rounds = {20}.

3.2. Our Cost Modd

We address2 costobjecives, namely the outputrate (C,) and the memory utilization
(C.,). The queryexecutioncostis a functionof C, andC,,. We measurehe querycost
(in terms of utils) usinga utility function[Neumanrand Morgensterri944. This utility

fundtion, written as Cost(C,., C,) is theweighted cost of the utility of theoutputrate and
memoryutilization of thequery Thus,

Cost(Cy, Cy,) = w, X CL + w,, x C,,, where w,., w,, areuserspecfied weights.

Our cost model is basedon the policy: the query performancemproveswhen
the outputrate is higha andwhen the memory utilization is lower. From an application
perspectie,a higherw, helpsin choosinga planwith higheroutputrateandahigherw,,
helpsin choosinga planwith lower memoryutilization. Oncethe weightsare specifed,
the goal of our optimizeris to choosea planwith minimum Cost(C,., C,,,). For brevity,
we useCost,, to denotethe weightedcostof planp.

Example. We usethequeryin Figure2 andshow thatdifferentweightassign-
ments caninfuencethe choice of plans. We first find the individual costsfor outputrate
and memory utilization. For p;, we have C, = 5.0 andC,, = 775. For p,, we have
C, = 2.5 andC,, = 575. Consder two weightassgnments asshavn below.
Assignl:{w, = 0.1, w, = 0.9}, Assign2:{w, = 20000, w,, = 2}
Theweightedquerycostfor thetwo assignmentre asfollows.

Assignl: Cost,, = 697.52, Cost,, = 517.54

Assign2: Cost,, = 5550, Cost,, = 9150

Thus, The optimizer choosesplan 2 in assignnent 1. On the contrary the optimizer
chooseplanl in assignmeng.

3.3. Problem Statement

Given a continuousquery () over asetof data streans S, find thequeryplanp fromit's
setof candidateplansP, suchthatCost,, is minimum.
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4. Our Approach

We first describeour techniqudo generatglans.Next, we presentour approachto mon-
itor and switch plansin an ewiromentwhetre the datastreamcharacterticgre dynamic.

4.1. Cost Functionsfor Output Rate and Memory Utilization

A sdedion opeation sdeds al the tuples that saisfy the given condition. Projections
throw away the unwanted attributes and retain the attributes which appear in the projec-

tion list. Sincewe do not useany specialacces methods the selection projectionand
aggreyateoperationgequirel sequentialscanof tuplesin the currentwindow. We con-
sideronly 2-way joins and use L and R to indicatethe left andright input streamsof
ajoin. The costof processing sliding window join is determinedn two parts,namely
joining the nav incomingtuplesin left window Ly, with all thetuplesin theright window
Ry, andvice-versa. Thus,thejoin requiresl scanof thetuplesin Ly, and Ry, window.

Basedon the above processingnodel,we derive the costfunctions.Let C, and
C: bethetime nealed to do sdection and projectionoperationyespectrely. Let C'; x be
thetime neededor joining 1 tuplewith left window, C'z x bethetime neededor joining
1 tuplewith right window. Let C', bethetime neeled for aggregating 1 tuples.

Theoutput rate of the variousoperabrs canbe esimated asfollows. For sekec-

tion, sel x \. For Projection \. For Aggregates, -— - For Join, {CL;"’ijﬁj{*g:KAR}.

While an operatoris processingthe current window, the numberof tuplesthat
gethufferedat input buffer is ci,, = A x {2217}, The numberof tuple bufferedat the
intermediate queue (outputof operator)s calculatedss c;,,; = ¢, x W. Sinceboth,input
bufferingand theintermediatejueuebuff ering contribute toward the opeator's memory

utilization c,,, we have ¢, = cinp + Cint.

Let @ beaquerycomposedf k£ operators{o, 0s, ..., 0, }. We asssumethat the
opeaators in the plan are labded in increasing orde from 1 to &, using a breadth-first
traversalof the querytree. Hence,the root operatr is labekdo;. Let ¢,[0;] ande,,[o;]
be the outputrate and memory utilization of o;, respectrely. Sincethe query output
rate is sameoutputrate of the root operator we have C, = ¢,[o;]. Since the quey
memory utilization is the sumof the memory utilization of it's opeators,we have C,, =
Zf:o cmlo;]. Theweighted cost of the query is determined by substitutingfor C,. and
C,, in thefundion Cost(C,, C,), descrbedin secton 32.

4.2. Optimization Heuristics

Given aquery@, we apply stepsl-4for generatinghequeryplan.

(1) Group selections: We groupall selectionsin ) that have predcaesover the sarre
stream For exanple, S.a > 5 OR S.a < 10, isgroupedas5 < S.a < 10.

(2) Push down projections and selections. We pushdown then ando opeaatorsto the
bottomof the queryplan after examiningthe cost of the two sub-plans,namelyr — o
ando — .
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(3) Left-deep join ordering: We performalocalsearcho generate left-deepordering
of thejoining streamsFor example,if thequeryjoins sy, sq, s3, wefirstchoose2 streams
to bejoined, say J1 < (s; X s). Theoutputof J1 is consideredasleft input for the

next join J2 < (J1 x s3). Theoutputof sub-plangieneratedor s, s, andss in step 2,

seneisinputsto the J1 and.J2. Thecostof thejoin queryis thetotal costof performing
((s1 X s9) X s3).

(4) Agoregate last: We applytheaggreateoperationsatthetop of thequerytree.

4.3. Maintaining Online Statistics

Sincethearrival rateand selectvity of operdorsarenotknown apriori, we estimatehem
by finding their weighted sanple mean. Consder sekecion operabr’'s lecivity. First,
we recordthe previous d values ofthe operabr selecivity as sanples. Thesecanbe
obsened at theendof eachroundof queryexecution. Next, we estimatethe selectvity

— LrgF(R-—1)G(r) i -
atsomeround R assel.(R) = ST Gy where F(r) isthe obsered selecivity at
7=0

roundr andG(r) = e *" is adecayfunctionusedto weightthe samplevalues.
Joinselectvity is determinedusinga histogrambasedapproach[Poosalal997.
We monitor the join selectvity at eachround andre-estimatehe selectvity only when
obsened and esimatedvaluesdiffer by a certain threshod.
L . . 4 F(R—r)G(r) :
Similarly, we estimate arival rate & \.(R) = W where F(r) is
=0
thethe obsenred arrival rateof the streamat roundr. Next secton descrbeshow these
estimationsareusefulin schedulingthe queryplans.

4.4. Generating and Indexing Plansusing Charts

Frequente-optimizatiorof aquey is costprohibitive, especidly, if the ddastream statis-
tics changevery often. We proposea techniquethat spendsextra time during theinitial

optimizationstep, ratherthanworrying aboutre-optimizationwhenthe queryis in-flight.

We first divide the spacedefinedby the optimizaion paranmetersinto regions Next, we
generatel optimalplanp; perregion g;, which represents the minimum cost plan in that
region. As long as the data stream stétistics lie within theregion g;, we <hedule pgan p;

for exeaution. If the systen stae moves to a new region ¢’ dueto a changein the stream
stdtistics, wescheduleplan p’, where p’ is the plan determinedto be optimd within region
¢'. Astheplansin eachregion are generagd apriori, the complexity of switching plans
andscheduingthemisvery low.

4.4.1. sel-\ chart
A sdl-)\ chartis a 2 dimensionalchart, with dimensionsselectvity sel andarrival rate

A. We build the chart by first performinga k-regular partitioningin eachdimension.
Thespae enclosal by conseutive patitionsis cdled aregion andis denoted by G(i, j),
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whereindexes, j referto thes™ and;™ partitionsin thespaedefined by sel, ), respec-
tively. The centroid C(i, j) of region G(i, j) represers the meanvalue of the sel and
A within region G(z, j). The (sel;,);) valuesat point C(i, j) areusedas the parameter
vaues when determining the cost of the plansin region G(i, j). Letthe set P be setof
candidateplansfor thequery Theplanp(i, j) € P denotestheplan tha isoptimd within
region G(i, j). Thealgorithmto constructthe sel-\ chartis shown in Algorithm 1. We
maintain 1 chat per stream, hene the storage overheed is of the orde” O(nk?), where k
is thenumbe of partitionsand n is thenumbe of streams.

Algorithm 1 Creat sel-\ chart
Require: [selmin, S€lmaz], [Mmin, Amaz], &, P
Ensure: p(7,5),V1 < (4,5) <k
1: Performk regular patition of dimensionssel and), with partitionsin eachdimension
at (i X (selmaz — S€lmin)/k), ANd (5 X (Anaz — Amin)/k), Where1 < 4,5 < k.
2: LetG(4, ) betheregion endosed by i, (i — 1)* patition in dimensionsel and;*,
(j — 1)* partition in dimension \.
for all i, 7 suchthat1 < (4,45) < k do
Let C(i, j) bethecentroid of region G(i, 7), with thecoordinategsel,,,, A.,).
Usingsel,, and),, deerminethe Cost, of eachcanddat planp € P.
p(%,j) <+ Minimum costplanp € P.
end for

No ghw

4.4.2. \-) chart

For join queries,we constructa [ dimensionalA-\, where [ is the numberof joining
streams. The i** dimension refersto the spacedefinedby arrival rate \; of streams;.
Theprocedureo createthis chartis similar to thealgorithmpresentedor thesel-\ chart
exceptthe factthat the centoid represerd a point in [ dimensionakpace. Thus,a plan
p(i1,...,1;) denotes the plan tha is optimd in theregion G (i1, . .., %;). Here we asume
thatthe selecivity remains consent within eachregion.

4.5. Dynamic Query Scheduling using Charts

The charts are construded during the initial optimization of the quay and used during
gueryscheduling At the beginning of eachroundr; the optimizer refers to the chats and
determines which plan to schedule. Let sell and)\] bethe estimatedvaluesfor selectvity
andarrival rateat roundr. Letthe sets OBS”!, OBS; ™' represerg an orderedset of
d — 1 obsenred valuesof selecivity andarrival rate. Thevaluessel, and ), referto the
obsened valuesin roundr; ;. The Algorithm 2 shavs how a aplanis picked basedon
theregion thatboundsthe point (sel, AL). After plan p is schedutd andexecutd, the d
obsened valuesare usedto estmate thesekcivity and) for roundr;, ;. The Estimate()
function in theagorithmfollows the proceduredescribed in Sedion 4.1. It iseasy to see
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tha, if the stream stdistics remain within the region G(i, j), the sameplan p canbe
scheduledor the successie executionof thequery

Algorithm 2 SchedulePlan for Execution
Require: Q[W], sel-A chart A-A chart sel”, A7, d, OBS™ !, OBS}; ™"
Ensure: Resultsof exeauting @, selZ ™!, A\7+!
1: Usingg = (sell, AL) findtheregion G (3, j) thatformsaboundingbox for the point g.
Let C(i, j) bethecentroidof theregion G (i, j).
Letp « p(7, j) theplan indexed at centroid C'(, 5)
Scheduleand executep for oneround,over [W] tuples.
(sell, A7) + Obsenedvaues ofsekcivity andarrival rate & theendof theexecuing

planp.

sel’*! < Estimde (sel”, OBS™™).

At « Estimade (A7, OBS; ).

8: Update#moves, #switchesand fidelity (%hits)for roundr

AN

N @

5. Experimental Analysis

Table 1 comparesthe feaures of our work OM with sonme recenttechngues; Eddy

refersto the work describedin [AvnurandHellerstein2000, Rate is the approachpre-

sentedin [Viglasand Naughton2003, and Chain is scheduling agorithm desaibed

in [Babcocketal. 20030. Ourwork isable to maintainfairnesspecauseve do notprior-

itize the queryschedulédasedon memoryrequrements.Our approachis stanation-free
becauseve procesamultiple queriesin a round-robinfashion. Moreover, our approach
is tunablebecauset enableghe userto choo® the granularity(of regionsin chart)used
duringsdieduling algorithm.

Table 1. Comparison with recent work

| | OM | Eddy | Chain | Rate |
Optimization technique Dynamic | Dynamic | Dynamic | Static

Optimization granularity Query Tuple Operabr Query
Addresses Memory utilization | Yes Yes Yes No
Addresse®utputrate Yes No No Yes
Tunableto userrequirement | Yes No No No
Fairnessin queryscheduling | Yes Yes No n/a
Addressestarvationproblem | Yes Yes No n/a

5.1. Setup

We usedthe DEC-PKT datase{Archive 2009 as real-world dataset.For single stream
guerieswe workedwith the TCPtraceandfor join quereswe usedthe TCP, UDP andSF
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traces,with suitableequi-join conditions. As the DEC-PKT datais quite erratic, we ap-
plied afiltering stepto genera¢ aseries of datases called REAL, eachhaving adifferent
coeficient of variation (for thearrival rate). The syntheticdatase URND is the uncorre-
latedrandomdata,which was generatedisng functionsavailablein GNU compilers.

The experimentswere conductedusing the OM prototypethat is developed as
partof ourwork. Currently, we canoptimizequeriesandmaintain variousqueryanddata
statistics. Thequerieswereexecutd as perthe procesang modeldescrbedin secton 31.

Our mainfocuswas to study fiddity, definedas thefracton o timeswe correcty
predictthe optimal plan. We considerit a hit if the plan (est_plan) chosenby our op-
timizer is same as the optimd plan (opt_plan) determinedin an offline procedure. We
conside it amovewheneer the data streamcharaceristics changeandthe sreamstatis-
tics crossesaregion boundary(definedfor the dhartsdiscussecearlier). A move doesnot
necessaly imply scheduing a nev queryplan, becausdéwo adjacentregionsmay index
the sane plan. We nside it a switch, if the planexecued in round; if differentfrom
theplan exeauted in round; ;1.

We executedhecommonqueryoperatorsn isolationand foundthetupleprocess-
ing rates(measuredn tuplesper sec)to bethefollowing: Selection Equality=400 x 103
tps, Selection Range=200 x 103 tps,Projection500 x 10* tps,JoinEqui=3 x 103 tps. We
usethefollowing default values,unlessstaed othewise Weights(w, = 0.4, w,, = 0.6),
numberpartitionsin eachdimensiont = 10. Eachcontinuousqueryis runfor 10 mins.

Table 2. Queries Used in our Experiments

Single-stream query Q1 Multi-stream query Q2

SELECTTCPRsc_host, TCPdesthost SELECT*

FROM TCP FROM TCR, UDP, SF

WHERE TCP.desthost=2 WHERETCRsc_host=UDP.desthost

WINDOW [1] andUDP.desthost=3-.desthost
WINDOW [1]

5.2. Single Stream Queries

We usedthe query@1 showvn in Table2 to model single streamexperiments.Sincethis
plan hasoneselectionand one projectionopeaation, thereare only 2 possiblecandidate
plans.Next, we describetheresultsfor single streamqueries.

Comparison with Optimal plans: We ran Q1 over the DEC-PKT datasetand
monitoredthe numberof timeswe were able to choosethe correctplan. Figure 3(a)
shaws the fidelity, averagedper 100 seconds Our estimationsvorked very well, except
whentherewasa suddenburstof inputs. During sucha burst (for examplebetweerb00-
600 seconds)the optimizer scoredwrong hits (opt plan # est_plan). Our optimizer
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Figure 3. Experimental Results for Single-stream Queries

performed with an average fiddity of 80% in this experiment, in which there were 84
moves and 23switches.

Querying Erratic Data Streams. We ranthe query@1 over data streans that
hadcoeficientof variation (for \) rangingfrom 0.26 to 0.09. As shavn in Figure 3(b),
thefiddity is slightly lower for daa streams tha are moreerratic. Thefidédlity is in the
range[76 %, 81 %], with mostexperimentshaving a fidelity of 80%. In the random
approach(RAND), arandomplanis picked from the setof possiblecandidateplans,in
this casejust 2 plans. As expected,the RAND approachcannotdo betterthan50% for
single streamqueries. The RATE approachusesstatic valuesfor selecivity andarrival
rate,hencedoesnot switch planswhenrequired. In fact,the RATE approachasa lower
fidelity, becausdt suffersawronghit every-time thereis a switch.

Performance v/s Optimization Overhead: We measurehe optimization(stor
age)overheadin termsof numberof plansgeneated while construding the charts. The
parametek abstact our notion d overheadbecausea dharthask x k partitions, hence
k? plans are indexed in the chat. As shavn in Figure 3(c), the fiddity increase & we
go from k=10 to 40, andthenstabilizes. The obsendtion is that, whenwe have more
patitions, we have beter control over when to switch between quey plans. For lower
k, multiple plans could be optimd within the same region, hene the optimizer might
misssomeplans.Thefidelity saturatesround 95%, which impliesthatthe performance
gainis negligible after this point. Since we checkfor optimal plansonly at the end of
eachround,we make only 600 optimizationdedsions Since the averagethe arrival rate
is 500 tuple/secthe pertuple EDDY approachwould make 300000decisions,and the
modifiedEDDY approachDeshpand004]would make 1500decisionspothof which
aresignificantly higherthanour approach.

5.3. Multi-Stream Queries

We usedthejoin query@2 shown in Table 2 for the multiple stream experiments. The 3
streansin (2 canbejoinedin 6 ways.However, we consideronly left-deepordering,so
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Figure 4. Experimental Results for Multi-stream Queries

we have to dealwith only 3 candidateplans.

Querying Erratic Data Streams:. As shavnin Figure4(a), we do very well with
99 % fidelity whenthe datais not very erratic. This is aso intuitively correct,because
asthe databecomessmootherwe should be ale to predict the streamproperties(and
hencethe plans)more accuragly. In fact even whenthedatis erraic we arenot below
80%fidelity. Thisshawvstha our estimaion and optimization approah is consistat and
always doesbetterthanthe RAND approach The RATE approachs notdynamic,hence
theinitial plan quickly becomes aub-optimd. The RAND plans peform closeto 30%
fidelity, becausel planisrandomlypickedfrom 3 candidateplans.

Performance v/s Optimization Overhead: We useDEC andURND datasetin
this experiment.We vary k£ from 2 to 10. In caseof the A-\ thereare 3 dmensbnsand
henetheoptimization overhead is of theorder O(k?). As shownin figure4(b), we always
geta higherfidelity for the DEC datasethanthe URND dataset.This is mostly because
the tuples in URND are compleely unoorrdated. The fidelity stebilizes at a sauration
point (for DEC:k=5 andfor URND:£=8) beyond which we are not likely to see much
performancebenefit Since both datases had arrival rate > 500 tuplesper second,we
seethatthe pertuple EDDY approachwould make & least500 x 60 x 10 optimization
decisionsin thequey lifetime of 10 mins.

5.4. Scheduling Multiple Queries

Let N, be the numberof queriesregisteredwith the DSMS. We maintaina queueof
readyCQsandprocesghemin around-robinfashion.Theschedulings fair becaus¢he
gueueis not sortedafter eachround. Moreover, this approachs stanation-free because
eachqueryis servicedin FIFO fashion and reinsered at the back of the queue. The
qguery hasto wait in the queuetill the next roundof execution. We experimentedwith
10 queries,with amix of singlestreamandjoin queies. We ran the simulaion over the
REAL dataseénd foundthatourapproactshowedconsistenperformanceSinglestream
queies experienced afiddity of 95 % andthejoin queies had afiddity of 90 %.
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6. Conclusions

We have provideda novel framework to performcontinuousguery (CQ) optimizationin
dat streamervironment. We have shown that CQ performanceis influencedby param
eters auch as outputrate and memory utilization of queries, rather than justdisk I/O. Our
importantcontribution hasbeento proposea acos modelthatistunableto the application
requirements. Moreover, our techniqueto geneate multiple plansand schedule them us-
ing chatsisquick and low in complexity. A chart with highe granularity provides better
gueryperformance becausehe optimizercanmonitor and switch plansmore frequenty.
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