].6 THINKING BIG IN A SMALL
WORLD — EFFICIENT QUERY
EXECUTION ON SMALL-SCALE SMPs

Stefan Manegold and Florian Waas

Centrum voor Wiskunde en Informatica, Amsterdam

{stefan.margold, florian.waa$@cwi.nl

Abstract: Many techniquesievelopedfor paralleldatabasesystemsawverefocusedon

large-scalepftenprototypical hardwareplatforms.Thereforemostresultscannoteasily
be transferedo widely availableworkstationclusterssuchas multiprocessomworksta-
tions. In this papewe addressheexploitationof pipeliningparallelismin queryprocess-
ing on smallmultiprocessoervironments.We presentDTE/R, a stratey for executing
pipeliningsegmentsof arbitrarylengthby replicatingthe segments operator Therefore,
DTE/R avoids static processoito-operatorssignmenbf corventionalprocessingech-

niques. ConsequentlyDTE/R achieves automaticload-balancingand skew-handling.
FurthermoreDTE/R outperformscorventionalpipeliningexecutiontechniquesubstan-
tially.

Keywords:. parallelanddistributed databasegarallelquery processingdynamicload

balancing.

16.1 INTRODUCTION

Parallel databaseesearchs driven by the needfor higher performancedemanded
by new applicationareasof relational databasdechnology e.g. datawarehousing.
Muchwork hasbeendevotedto basicresearctandproducechotableinsightsto mary
aspectsof parallel query processing. The most prominentrepresentagies are the
GammaDatabaseMachine on a Vax-Clusterand on an Intel Hypercube(DeWitt
etal., 1986),Volcano.alsorunningonanintel HypercubgGraefe, 1990),EDS/DBS3
(Bergstenetal., 1991)onanEncoreMULTIMAX andonaKSR1in alaterversion,
andPRISMA/DB ontop of a Philips/Motoroba 128 processoexperimentalprototype
(Apersetal., 1992). The first commercialdatabasenachine,Teradates DBC/1012,
wasalsoimplementedn non-standarthardwarewhereprocessorareconnectedia
atree-shapedetwork(Cariib andKostamaal992).
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Figure 16.1 Two-phase optimization approach

An importantaspecthattheseresearciprototypesave in commonis thatthey are
notaffordableto the averageuserwho justwantsto reduceresponséime of hisquery
executionengine.Onthe otherhand,small SMPs(SymmetricMulti-Processorsyvith
about4 to 8 processorfiave becomequite popularin recentyears. Thesemachines
provide surprisinglyhighcomputingoower, efficientsharednemoryaccesgfastcom-
munication)andareinexpensve, ascomparedo the previously mentionedresearch
equipment.

In this paperwe addresghe questionof how to improve query executiontech-
nigueson small-scaleshared-eerythingplatforms. We presentan executionstrateyy
namedDTE/R thatexploits pipelining parallelismaggressiely. DTE/R replicateshe
pipeliningsementfor eachprocessoandavoidsary staticprocessoto-operatoms-
signments.Therefore DTE/R circumwentsthe dravbacksof cornventionalpipelining
execution,asgivenin (Hasanand Motwani, 1994). The basicalgorithmdistributes
theinputdataover all availableprocessorsvherethe entirepipeliningsegmentis pro-
cessedHowever, in typical skew situationsthis mayoverloadsomeprocessorgvhile
othersareidle. DTE/R overcomeghis problemby aredistritution of theintermediate
processingesults.Thisredistritutionaddslittle overheadbut paysbacksignificantly
in almostevery caseof skav. The quantitatve assessmerdf our implementation,
carriedout on a 4 processoiSMRB shavs substantiakavings over the conventional
pipelining executiontechnique. Furthermore DTE/R achieves nearlinear speedup
andascaleupratiocloseto 1.

16.2 PARALLEL QUERY PROCESSING

Queryprocessingonsistof thetwo componentsqueryoptimization andqueryexe-
cution. The declaratve querysubmittedoy the useris transformednto a queryeval-
uationplan, which is theactualprogramthe databassystemhasto execute.Follow-
ing a commonapproach(Hong and Stonebrakerl993; Chekuriet al., 1995),query
optimizationin parallelervironmentscanbe split into two phases:in the first step,
transformingthe declaratve queryinto a procedurabut sequentiabne, and, in the
secondstep,parallelizingthis sequentiaplan(Figure16.1). This way of optimization
deliversa parallelplan, consistingof the structuralinformation of a sequentiaplan
andanassignmenof processorso sub-plans.

16.2.1 Query Optimization

We assume cornventionalsequentiabptimizerto performthefirst optimizationstep.
In Figure 16.2,the possibleresultof suchan optimizationis depictedasatree,con-
sistingof hash-joinsonly. For conveniencewe focuson the processingf join trees,
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althoughour algorithmsarenot restrictedto a certainsetof operators.Joinsarecon-
sideredto be the mostexpensve operatorsn relationalquery processinginvolving
disk andnetworkaccessThus,mostrelatedwork focuseson join processingswell
(SchneideandDeWitt, 1990;WilschutandApers,1991;Chenetal.,1992;Hongand
Stonebraker1993;HasanandMotwani, 1995).

A queryevaluationplancanbeinterpretedasadataflav graphdescribingoroducer
consumerdependenciebetweenoperators. The datato be processeds forwarded
from oneoperatorto the next accordingo the dependencieRrocessing singlejoin
involvescomparingall datafrom oneinputwith every dataitemfrom thesecondnput.
If bothtuplesfulfill thejoin's predicatg(matchon a setof attributes),a new tupleis
constructedlf no matchingpartneris foundfurtherprocessingf this particulartuple
is canceled.The mostefficient way to performa join is to storeoneinputin a hash
tableanddo a hashlookup for every tuple of the secondnput (for moredetailswe
referto (Graefe, 1993)).We call anedgein thedataflav graphblocking if it describes
input of datathathasto be readentirely beforeary dataof the secondinput canbe
processedptherwisewe call it non-blodking edge. In Figure 16.2, all non-blocking
edgesareemphasizedby thick lines. Furthermoreyve call operatorsalonga chainof
non-blockingedgeson-blokingopemators

16.2.2 Exploiting Pipeline Parallelism

Thedatadependencieglivenby theevaluationplan,suggestlifferentfeasiblekindsof
parallelism.Pipeliningparallelismis of particularinterestfor thefollowing reasons:

1. Pipelining parallelismis much easierto control thanindependenparallelism
whereoperatorswithout datadependencieare executedin parallel. There-
sourceallocation for a pipelining sggment—which is a seriesof operators
alongnon-blockingedges—caie determinedmore precisely(Srivastaa and
Elsesser1993). Furthermorejntermediateresultsdo not have to be storedin
main memoryor on secondarnstoragethey areimmediatelyprocessedy the
succeedingperator Only the final outputof a pipelining sggmenthasto be
stored.

2. For certainclasse®f queriesall evaluationplansarelineartrees.Thuspipelin-
ing parallelismis the only possibilityto achiere parallelprocessingHasanand
Motwani, 1994).

3. Every evaluationplan canbe decomposedhto linear subtrees.Consequently
pipeliningparallelismis anoptionfor every evaluationplan.

Partsof the first point alsoapplyto sequentiafjueryexecution. Thus,we assume
thatthe optimizationstepalreadydeliversthe appropriatepipelining segments. We
furtherassumehat (1) all hashtablesof a pipelining segmentfit into main memory
and(2) every hash-lookup givesa definiteanswer(no furthercomparisons needed).
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Table 16.1 Notation

name description
n numberof joins
Iy, Ry baserelations, € {1,...,n}
I; intermediataesults:; = Rywl;_1,i € {1,...,n}
|R| numberof tuplesin relation R
. . Riwl;_

sf; selectvity factorof i-th join: sf, = 1Rl |

_ o | Rl - |11
af ; augmentatiofiactorof i-th join: af; = sf; - | Ri|
w; weight(i.e. sequentiabxecutiontime) of the i-th join
w weightof thewhole pipeliningsegment:w = >, w;
P numberof processors
Di numberof processorassignedo thei-th stagep = 3", pi
T:(p) parallelexecutiontime of thei-th stageusingp processors

16.2.3 Query Execution

Onceanevaluationplanis generateéind decomposecéhto pipelining sgments the
planis executedonthetargetplatform. Its processinglemands loadingphasewhere
all databelongingto blocking edgess preprocesseth anappropriatavay—e.g. all
hashtablesarebuilt. We referto this phaseasthe build-phase Hereafterthe actual
hash-joinprocessingstarts calledthe probe-phase

The build-phaseis commonto all executionstratgies andis usuallyl/O-bound.
Thereforeijt is notinterestingfor purpose®f this paper

16.3 EVALUATING PIPELINING SEGMENTS

Beforepresentinglifferentstratgiesto evaluatepipelining segmentswe informally
introducesomedefinitionsandnotationsusedin theremaindeof this paper

16.3.1 Definitions and Notations

Figure16.2depictsa samplepipelining segmentconsistingof threejoins. Thecorre-
spondingnotationcorventionis givenin Table16.1.

We definetheweightw; of asingleoperatorop; asits sequentiaéxecutiontime’;,
thetime a singleprocessoneeddo procesall the respectie input datathroughthat
operator Theweightw of awholepipeliningsegmentusingsequentiaéxecutionthen
amountgo the sumof theweightof all the operatorswithin the pipeliningsegment:

n
w = Y w;. Theidealparallelexecutiontime of anoperatoexecutedonp; processors
i=1
isT;(pi) = i Thus,theidealexecutiontime of thewholesegmentis 7' = v
i P

K3
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Figure 16.2 Pipelining Segment

16.3.2 Pipelining Execution

The corventionalPipelining Execution(PE) techniquesvaluateipelining segments
asfollows. Eachoperatoiis executedon adistinctprocessorTo avoid context switch-
ing overheadeachprocessoexecutesonly oneoperatorat a time. Eachoutputtuple
producedby op; is immediatelyforwardedto its consumernp;+1, andop; canthen
procesghenext inputtuple.

Ohviously, PEdemands: < p, i.e. thenumberof operatordasto belessthanthe
numberof processorsWe distinguishtwo cases:
Casel:n =p
Dueto the datadependenciesetweerthe operatorsthe total executiontime is dom-
inatedby the slowestoperatori.e. Tpg = mrélx{TZ-}. If all operatorshave the same

1=

weight(w; = wy = ... w, = w’), thenPEprovidesoptimalparallelperformance:
!
Tee = m%x{wi} = E
i=1 n P

Otherwise PE performssuboptimallyasit is notableto balancehedifferentloads:

n max{w; }
. [
Tre = m%x{wi} == °.
i=1 n P
Actually, the performancef PEis evenworse.At the beginning,only oneprocessor
is active, executingthe first operator The otherprocessorareidle andwait for the
outputproducedby the precedingoperator(s).Thus,every processostartsworking

with a certainstartupdelay

w; 1

|Iz 1| afz |IO

tg1=0; toit+1 = to;

JlHafk.
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Similarly, as soonas the first processomhasfinished, the subsequenprocessors
arestill active processinghe latestoutputof the first one. Thus,in additionto the
aforementionedtartupdelay therealsois a shutdowrdelaythatfurtherdecreasethe
parallel performanceof PE. PE providesno meansto balancethe load variancesat
run-time.

Case2:n < p
Whenusing more processorshanoperatorsyve canassignmorethanone processor
to the sameoperator In additionto pipelining parallelism,intra-operatoparallelism
becomegossible—ateastfor someoperators. To do so, the processorallocation
problem(PAP), to assignthe appropriatenumberp? of processorso eachoperator
hasto besolved. We look for aconfigurationwhere

w1 Wy, w

L VS )
holds. Unfortunately this equation system does not have discrete solutions
(pt,...,p%) € N, in general. Thus, integer approximationyps,...,p,) € N”
mustbe found,which provide minimal executiontime andfulfill

n
> pi=p
i=1

In this case the minimal achievable executiontime is greaterthan Y This effectis

p
known asdiscretizationerror (Srivastaa andElsesser1993;Wilschutet al., 1995).
In (Mangyold etal., 1998),we presentinalgorithmwhich computesuchapproxima-
tions.

16.3.3 Data Threaded Execution

With Data ThreadedExecutionDTE) all operatorf a pipelining segmentaregath-
eredinto onestagethatis replicatedfor eachprocessaorDTE createsonethreadper
processoto performall operatorsvithin theactive pipeliningsegment.A globalinput
gueue accessibldy all threadsprovidesthe input tuplesfor the pipelining segment.
Eachthreadtakesone tuple at a time and processed throughall the operatorsof
the pipelining sgment. A tuple doesnot leave the thread—andhusthe processer
duringits waythroughthepipeliningsegment,until it hassuccessfullypassedhelast
operatoror it failedto find ajoin partner Wheneer atupleleavesathreadthisthread
immediatelystartsprocessinghe next input tuple from the global queue,unlessthe
gueusis alreadyempty In caseanoperatoproducesnorethanoneoutputtuplefrom
oneinput tuple (a tuple finds morethanone partnerin a join), the originatorthread
hasto procesall theseadditionaltuplesfirst, beforeit canproceedwith thenext input
tuplefrom the queue.

Contraryto PE,DTE dynamicallyassignprocessors thedatainsteacdf statically
assigningorocessoro operatoraccordingo theirweight. Thisway, DTE avoidsthe
PAP and,hence cannotsuffer from discretizatiorerror. Further asthereareno data
dependenciesetweerthethreadsPTE is notaffectedby startupdelay
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In (Manegold et al., 1997), we presentedTE in detail and shaved that in the
caseof non-skeved dataDTE achieves optimal load balancingand, thus, minimal

. . w
executiontime Tpre = —.
p

16.4 SKEW HANDLING

Now we will have a moredetailedlook at both stratgiesanddiscusshow eachper

formsin the presencef highly skeved data. Skav in generalmeanghat dueto the
attributevaluedistributionsnotevery inputtuplefindsexactly oneoutputtuplein each
join. Someof theseskaw situationsareof little interest;for example,if—per join—

only eachk-th (¢ > 1) inputtuplefinds (exactly) onepartneror (nearly)eachinput
tuplefinds (approximately) > 1 partners.Thisjustinvolvesoperatorsvith different
weights. While PE suffers from suchsituationsdueto discretizatiorerror, DTE still

achievesoptimalload balancing.For a detaileddiscussiorof thesekinds of uniform
skaw, werefertheinterestedeaderto (Mangyoldetal., 1997).We will focusonmore
extremekinds of skaw in theremaindeof this paper

16.4.1 FExecution Skew

PE usescostestimatego find an appropriateassignmendf processorso operators.
The errorsin cost estimategpropagateand intensify while processinga pipelining
segment. The bestprocessoassignmenaccordingo the (erroneousostestimation
is, apartfrom somerare casesno longerthe optimal assignmentaccordingto the
actualexecutioncosts. This executionskev in turn leadsto a non-optimalexecution
behaior of PE.

In contrast,DTE doesnot needary costestimatedor processoassignmentbut
ratherassignsprocessordo the dataautomaticallyduring execution. Hence,DTE
doesnot suffer from ary executionskew.

16.4.2 Join Product Skew

In thefollowing, we assumeanidealsetupfor PEwhereneitherdiscretizatiorerrornor
executionskew occur We will shav thatdespitetheseassumptionshereareseveral
situationwherePE doesnot performvery well. But we will alsoshov thatevenDTE
may performbadlyin someof thesesituations.

Considetthatcaseof a skevedattributevaluedistribution. In oneof thejoins each
k-th inputtuple (k¢ > 1) findsk partnerswhile all the otherinput tuplesdo not find
ary partnersat all. This scenariocalledjoin productskev (Waltonet al., 1991),is
typical for foreignkey joins. In orderto triggerjust oneeffect at atime (in this case
join productskew), we chosehis scenaricsothatno discretizatiorerroroccurs.Each
join producesasmary outputtuplesasit recevesinputtuples.

With PE,wheneer several subsequerninput tuplesof an operatordo not find ary
join partney the next operatorsareidle, asthey getno input data. Thus,join product
skawv increasegshe startupdelay In the sameway; join productskewn increaseghe
shutdavndelay if thelastinputtuplesprocessetly anoperatoiproducdots of output
tuples.
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As thereareno datadependenciesetweerthethreads D TE doesnot suffer from
startupdelayat all. Thus,join productsken obviously cannotincreasestartupdelay
with DTE.

The only situationwherejoin productskev can affect the performanceof DTE
ariseswhenin oneoperatom inputtuples(b < p) generatesomary additionaloutput
tuplesthatthe b threadprocessinghesetuplesareoccupiedsignificantlylongerthan
theotherp — b threadsneedto processall the remaininginput tuplesfrom the global
gueue.In this case shutdavn delayalsooccurswith DTE: p — b processorbecome
idle assoonasthe globalqueues empty while b processoarestill busy Thus,load
balancings nolongeroptimal.

16.4.3 DTE/R

To overcomeDTE's shutdavn delay we refine the stratgy in the following way:.
Wheneer a tuple generatesnore than one output tuple in an operator all but one
of theseoutputtuplesareput backinto the globalqueue.Only onetuple stayson the
threadfor further precessing.With this re-distribution, the additionaloutputtuples
canbe processedby ary threadthatbecomesdle. Thus,therefinedstratgy DTE/R
achievesoptimalloadbalancingavenin the caseof extremeskew.

To makethis re-distritution work, in DTE/R eachtuple thatis putinto the global
gueusis taggedwith theid of the operatoithatputsit there.Originalinput tuplesare
taggedwith 0. Thus,eachthreadknows at which operatorit hasto start/continughe
processingf atupleit recevesfrom thequeue.

As anextensionwe changedheglobalqueuento a preemptve queughatuseshe
tagasthe priority of eachtuple. Tuplesfrom the queuearethenprocesse@ccording
to their priority (highestpriority first). Thistechniqueachievestwo things:the queue
doesnot becomeunnecessariljong andthe outputis not unduly deferred. For per
formancereasonsywe implementedhe preemptve queuenternallyasa setof simple
gueuegoneperpriority) with onecommoninterface.

16.5 QUANTITATIVE ASSESSMENT

In orderto analyzeand comparethe executionbehaior of PE, DTE, andDTE/R,
we implementedill threestratgiesin a prototypequeryengineto evaluatethe probe
phaseof pipelining segments. We useda 4-processoSGI PaverChallengeshared-
memorymachineto run our experimentson. Our experimentscover arbitrary ran-
domly generatedjueriesaswell asqueriesparticularlydesignedo examineextreme
skew situations.Dueto spacdimitations,we mainly presenthe resultsfor situations
with extremeskaw in this section. Furtherexperimentscavering non-skav, uniform
skew, andexecutionskew situationscanbefoundin (Manegold etal., 1998).

16.5.1 Query Design and Benching Strategy

In our experimentsgueriesaremarkedby the parametergivenin Table16.2. More
detailsaboutthequerieswill begivenfor eachsetof experiments.
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Table 16.2 QueryParameters

name description value

n numberof joins 1to 16

|R;| cardinalityof baserelations 5k to 200k

r rangeof join attributevalues 1 <r<|R;

d attributevaluedistribution round-robin,
of join attributes uniform,

normall(mean=;, deviation=75),
normal2(mean=;, deviation=¢),
exponential(mean=)

For eachconfigurationwe first generatedhe baserelationsaccordingo the query
specifications.Thenwe built all the hashtablesandthe global input queuein main
memory We choseour queryconfigurationsothatthe globalinput queuealwaysfit
in mainmemory Thus,we could examinethe pure performanceof the probephase
without ary I/O-influence. In casethe input queuedoesnot fit completelyin main
memorythel/O to readit from diskduringtheprobephaseaffectsall stratgies. After
that,we executedthe probephaseusingPE,DTE, andDTE/R. We only measuredhe
executiontime for the probephase.We ran eachdistinct configuration10 timesand
computed—pestratgy—themedianof all 10 runsasfinal executiontime Tpg, Tpre,
andTpre/r, respectiely.

16.5.2 'The Average Case

Thefirst seriesof experimentgyivesanoverall estimateor theaveragecase.Thebase
relationsizeswerechoserrandomlyfrom our portfolio andoneof thefive distribution
typeswasusedto generatehe actualattribute valuedistribution. For eachquery all
distributionswereof the sametype;the particularparametersverechosermasgivenin
Table16.2. All experimentsverecarriedouton4 processors.

In Figure16.3,the responsdimesfor uniform attribute value distribution are de-
picted. The valuesare scaledto the executiontime of DTE. PE is limited by the
numberof processorandthereforeonly valuesfor 2, 3 and4 joins areavailable.DTE
and DTE/R do not differ muchasonly few skew situationsare encountered.Both
provide savings of up to 120%comparedo PE.

In Figure16.4,the resultsfor the normal2distributedattribute valuesare plotted.
The savings aresimilar to the previous case.Otherdistributionsshaved very similar
results—thusve omit themhere.Resultscanbefoundin (Maneyold etal., 1998).

Besideghis overall performanceomparisonywe alsoran experimentso measure
the speedupand scaleupof the differentstratgies. Figure 16.5 shows the speedup
behaior of PE,DTE, andDTE/R for a two-join-querywith af, = 0.5 andaf, = 1.
DTE and DTE/R both provide nearlinear speedupwhereasPE obviously suffers
from discretizationerror. Similarly, Figure 16.6 shavs the scaleupbehaior of PE,
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DTE, and DTE/R for a two-join-query. We increasedhe weight of the pipelining
seggmentwith the numberof processor®y increasingaf ;, appropriatelywhile leav-
ing af, = 1. DTE andDTE/R show a slight performancedecreas®f 6-7% when
moving from oneto two processorshut thentheir scaleups constant. PE shavs a
significantlyworsescaleupbehaior. Experimentswvith otherkinds of queriesshowv
thesametendencie$or bothspeedumndscaleup.

16.5.3 Extreme Skew

As mentionedin the previous section,DTE cannotachiee optimal load balancing
onceb < p inputtuplesgenerateaoo mary additionaloutputtuples. Whenthis hap-
pens.theb threadsprocessinghesetuplesareoccupiedsignificantlylongerthanthe
otherp — b threadsneedto processall the remaininginput tuplesfrom the global
queue.

To examinesuchsituationswe useda round-robindistribution on baserelationsof
equalsize(24k tuples)andchosetherangesof thejoin attributessothat:

N . . ) 24
= In thefirstjoin, m inputtupleshit andfind &£ = , 000 tupleseach.Between

m
two subsequertitting tuples,k — 1 tuplesfind no partner In otherwords,every
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k-th inputtuplefinds £ partnersFor instancewith m = 2 the12,000thandthe
24,000th(last)tuple hit andgeneratel 2,0000utputtupleseach.

= Eachof theotherjoins producesxactly oneoutputtuplefrom eachinputtuple.

The parametern providesakind of metricfor the amountof skewv: thesmallerm
is, thegreaterthe skaw is. In our experimentswe variedm from 1 to 8. Figuresl6.7

8

and16.8show therelative executiontimes , s € {PE, DTE, DTE/R} for queries

Lo L. DTE/R X
consistingof two joins executedon two andfour processorgespectiely.

With m = 1, DTE providesthe worst performanceof the threestrateies. First,
all processorsreinvolvedin executingthefirstjoin, i.e. just probingtheinput tuples
againsthefirst hashtablewithout finding arny partner Only thelastinput tuplefinds
partnerswhich thenhave to be processethroughthe secondoin by oneonly thread.
PEperformsbetterthanDTE, astheprocessorassignedo thesecondoin startwork-
ing assoonasthefirst outputtupleof thefirst join is producedHere,processinguples
throughthe secondoin partly overlapswith producingoutputtuplesof thefirst join.
DTE/R performsbetterthanPE, asalreadythefirst join is executedon twice asmary
processoraswith PE.

As m increasesthe skev decreasesNow the differencesetweenthe stratgies
becomesmallerastheloadbalancings easiefor PEandDTE. With two processors,
DTE is betterthan PE when&er m is even. With four processorsthe performance
DTE nearlyreacheshatof PEwhene&er m is amultiple of 4, but DTE is never better
thanPE.

To getbetterinsightin whathappensluringexecutionwith thedifferentstratgies,
we alsomeasuredhe ratesat which eachthreadof eachstratgyy consumesndpro-
duceduples.Figuresl6.9throughl16.11 shaw therespectie curvesfor PE,DTE, and
DTE/R executingthe skev querywith m = 1 ontwo processorsTheelapsedime is
normalizedto the slowestexecutiontime. The differentphasegluring executionare
denotedoy numbersasfollows:

(1) consumingall tuplesfrom the input queueand probingthemin the first join
withoutfinding ary join partnerfor all but thelasttuple,

(2) producing24k outputtuplesfrom thelastinputtupleof thefirst join,
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(3) consuming4k tuplesfrom thefirst join, probingthemin the secondoin, and
producingoneoutputtuple from eachone,and

(4) idletime.

In ourimplementationpoth probinganinput tuple againsta hashtableaswell as
producingan outputtuple takeapproximatelythe sametime. Thus,performingonly
oneof theseactions(1,2) canbe doneat a ratethatis approximatelyjtwice ashigh as
thatof performingbothactions(3).

Figure16.9shavs the PEresults. Only thefirst processoexecutesphase(1). As
soonasit startsproducingoutputtuplesfrom thelastinput tuple (2), the secondoro-
cessoistartsconsuminghesetuplesandprocessethemthroughthe secondoin (3).

Figure16.10),shavs the DTE results.Both threadgarticipatein executingphase
(). Then,only threadl executesphaseg2) and(3).

Figure16.11)shavs the DTE/R results.Both threadssharethe executionof phase
(). After that,threadl putseachtuple producedn phase(2) immediatelyinto the
globalqueue sothatthread2 canconsumeheseandprocesghemthroughphasg3).
As soonasthreadl hasfinishedphaseg2), it joins phasg3).

For queriedgnvolving upto 16joins, DTE andDTE/R shav thesameendenciesis
for shortqueries.

16.6 CONCLUSION

In this paper we addressedhe problemof utilizing the computingpower of small
off-the-shelfSMP workstationsn query execution. We presentedhe key ideasof
DTE/R, a novel stratgy to exploit pipelining parallelismin query processing.The
principlesof operatoreplicationanddatathreadingarebuilding blocksfor thedesired
improvement.

In (Mangyold etal., 1997)we reportedon DTE, thebasicalgorithmandgave per
formanceassessment®r situationsnot involving skev. However, in extreme skewv
situationsDTE's performancevariesenormously Here,we shawv that the potential
problemsresultingfrom skewv canbe solved by a re-distritution mechanismyhich
addssomeextra overheadbut makeghealgorithmresistanto ary skew.

Thefinal contribution of this paperis the assessmerf a realimplementationnot
merelya simulation. We experimentedwith a broadclassof queriesand examined
both averagecaseand extremesituations. The main characteristicof DTE/R area
nearlylinearspeedumnda scaleupratio closeto 1. DTE/R outperformsconventional
pipeliningtechniquesubstantially

Our experimentsare promisingand shaw that highly efficient parallel database
techniquesanbebeneficialfor smallparallelconfigurations.
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