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Many techniquesdevelopedfor paralleldatabasesystemswerefocusedon

large-scale,oftenprototypical,hardwareplatforms.Therefore,mostresultscannoteasily
be transferedto widely availableworkstationclusterssuchasmultiprocessorworksta-
tions.In thispaperweaddresstheexploitationof pipeliningparallelismin queryprocess-
ing on smallmultiprocessorenvironments.We presentDTE/R,a strategy for executing
pipeliningsegmentsof arbitrarylengthby replicatingthesegment'soperator. Therefore,
DTE/R avoidsstaticprocessor-to-operatorassignmentof conventionalprocessingtech-
niques. Consequently, DTE/R achievesautomaticload-balancingand skew-handling.
Furthermore,DTE/Routperformsconventionalpipeliningexecutiontechniquessubstan-
tially.
Keywords: parallelanddistributeddatabases,parallelqueryprocessing,dynamicload
balancing.

���E��� �y�j���:�1���s�x���O�1�
Parallel databaseresearchis driven by the needfor higher performancedemanded
by new applicationareasof relationaldatabasetechnology, e.g. datawarehousing.
Muchwork hasbeendevotedto basicresearchandproducednotableinsightsto many
aspectsof parallel query processing. The most prominentrepresentatives are the
GammaDatabaseMachineon a Vax-Clusterand on an Intel Hypercube(DeWitt
etal., 1986),Volcano,alsorunningonanIntel Hypercube(Graefe,1990),EDS/DBS3
(Bergstenet al., 1991)on anEncoreMULTIMAX andon a KSR1in a laterversion,
andPRISMA/DB on top of a Philips/Motorola128processorexperimentalprototype
(Aperset al., 1992). The first commercialdatabasemachine,Teradata's DBC/1012,
wasalsoimplementedonnon-standardhardware,whereprocessorsareconnectedvia
a tree-shapednetwork(Cari�noandKostamaa,1992). �|�
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An importantaspectthattheseresearchprototypeshave in commonis thatthey are
notaffordableto theaverageuserwho justwantsto reduceresponsetimeof hisquery
executionengine.On theotherhand,smallSMPs(SymmetricMulti-Processors)with
about4 to 8 processorshave becomequitepopularin recentyears.Thesemachines
providesurprisinglyhighcomputingpower, efficientsharedmemoryaccess(fastcom-
munication)andareinexpensive, ascomparedto the previously mentionedresearch
equipment.

In this paperwe addressthe questionof how to improve query executiontech-
niqueson small-scaleshared-everythingplatforms.We presentanexecutionstrategy
namedDTE/R thatexploits pipeliningparallelismaggressively. DTE/R replicatesthe
pipeliningsegmentfor eachprocessorandavoidsany staticprocessor-to-operatoras-
signments.Therefore,DTE/R circumventsthedrawbacksof conventionalpipelining
execution,asgiven in (HasanandMotwani, 1994). The basicalgorithmdistributes
theinputdataoverall availableprocessorswheretheentirepipeliningsegmentis pro-
cessed.However, in typicalskew situations,thismayoverloadsomeprocessorswhile
othersareidle. DTE/Rovercomesthisproblemby aredistributionof theintermediate
processingresults.Thisredistributionaddslittle overhead,but paysbacksignificantly
in almostevery caseof skew. The quantitative assessmentof our implementation,
carriedout on a 4 processorSMP, shows substantialsavings over the conventional
pipelining executiontechnique. Furthermore,DTE/R achieves near-linear speedup
anda scaleupratiocloseto 1.

���E�ÅÄ Æ � � ��Ç§ÇSÈ:ÇÊÉ � È �¢ËÌÆÍ�:��� ÈEÎEÎ �Á�jÏ
Queryprocessingconsistsof thetwo components:queryoptimization andqueryexe-
cution. Thedeclarative querysubmittedby theuseris transformedinto a queryeval-
uationplan, which is theactualprogramthedatabasesystemhasto execute.Follow-
ing a commonapproach(Hong andStonebraker, 1993;Chekuriet al., 1995),query
optimizationin parallelenvironmentscanbe split into two phases:in the first step,
transformingthe declarative query into a proceduralbut sequentialone,and,in the
secondstep,parallelizingthissequentialplan(Figure16.1).Thiswayof optimization
deliversa parallelplan, consistingof the structuralinformationof a sequentialplan
andanassignmentof processorsto sub-plans.

Ð´Ñ´ÒÂÓdÒOÐÕÔ�Ö´×ZØtÙ�Ú2ÛLÜ]Ý�ÞfÝ�ß!à�Ü]Ý]á!â
We assumea conventionalsequentialoptimizerto performthefirst optimizationstep.
In Figure16.2,thepossibleresultof suchanoptimizationis depictedasa tree,con-
sistingof hash-joinsonly. For conveniencewe focuson theprocessingof join trees,
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althoughouralgorithmsarenot restrictedto a certainsetof operators.Joinsarecon-
sideredto be the mostexpensive operatorsin relationalqueryprocessing,involving
disk andnetworkaccess.Thus,mostrelatedwork focuseson join processingaswell
(SchneiderandDeWitt, 1990;WilschutandApers,1991;Chenetal.,1992;Hongand
Stonebraker, 1993;HasanandMotwani,1995).

A queryevaluationplancanbeinterpretedasadataflow graphdescribingproducer-
consumerdependenciesbetweenoperators.The datato be processedis forwarded
from oneoperatorto thenext accordingto thedependencies.Processinga singlejoin
involvescomparingall datafrom oneinputwith everydataitemfromthesecondinput.
If both tuplesfulfill the join' s predicate(matchon a setof attributes),a new tuple is
constructed.If nomatchingpartneris foundfurtherprocessingof thisparticulartuple
is canceled.The mostefficient way to performa join is to storeoneinput in a hash
tableanddo a hashlookup for every tupleof the secondinput (for moredetailswe
referto (Graefe,1993)).Wecall anedgein thedataflow graphblocking if it describes
input of datathathasto be readentirelybeforeany dataof the secondinput canbe
processed,otherwisewe call it non-blocking edge. In Figure16.2,all non-blocking
edgesareemphasizedby thick lines. Furthermore,wecall operatorsalonga chainof
non-blockingedgesnon-blockingoperators.

Ð´Ñ´ÒÂÓdÒ Ó.êGë´Û§ìíá¸ÝtÜ]Ý�â�îfï:Ý{Û?×Zì�Ý�âS×�ï2à|Øà|ì�ì]×Zì�ÝOðoÞ
Thedatadependencies,givenby theevaluationplan,suggestdifferentfeasiblekindsof
parallelism.Pipeliningparallelism is of particularinterestfor thefollowing reasons:

1. Pipeliningparallelismis mucheasierto control than independentparallelism
whereoperatorswithout datadependenciesareexecutedin parallel. The re-
sourceallocation for a pipelining segment—which is a seriesof operators
alongnon-blockingedges—canbedeterminedmoreprecisely(Srivastava and
Elsesser, 1993). Furthermore,intermediateresultsdo not have to be storedin
mainmemoryor on secondarystorage;they areimmediatelyprocessedby the
succeedingoperator. Only the final outputof a pipelining segmenthasto be
stored.

2. For certainclassesof queries,all evaluationplansarelineartrees.Thuspipelin-
ing parallelismis theonlypossibilityto achieve parallelprocessing(Hasanand
Motwani,1994).

3. Every evaluationplan canbedecomposedinto linear subtrees.Consequently,
pipeliningparallelismis anoptionfor every evaluationplan.

Partsof thefirst point alsoapplyto sequentialqueryexecution. Thus,we assume
that the optimizationstepalreadydeliversthe appropriatepipelining segments. We
furtherassumethat (1) all hashtablesof a pipeliningsegmentfit into mainmemory
and(2) every hash-lookupgivesa definiteanswer(no furthercomparisonis needed).
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name descriptionù numberof joinsú,û´üZýÿþ

baserelations,��� }
� ü������oü ù ~úZþ

intermediateresults:
úZþ�� ýjþ	�
 úZþ��� , ��� }

� ü������Nü ù ~� ý �
numberof tuplesin relation

ý
��� þ selectivity factorof � -th join: ��� þ � � ýÿþ��
 úzþ��� �� ýÿþ ����� úZþ��� �
��� þ augmentationfactorof � -th join: ��� þ � ��� þ ��� ýÿþ �� þ weight(i.e. sequentialexecutiontime)of the � -th join� weightof thewholepipeliningsegment: � ��� �þ�!� � þ" numberof processors" þ numberof processorsassignedto the � -th stage:" � � �þ�!� " þ# þ%$ "�& parallelexecutiontimeof the � -th stageusing" processors
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Onceanevaluationplan is generatedanddecomposedinto pipelining segments,the
planis executedonthetargetplatform.Its processingdemandsa loadingphase,where
all databelongingto blockingedgesis preprocessedin anappropriateway—e.g.,all
hashtablesarebuilt. We refer to this phaseasthebuild-phase. Hereafter, theactual
hash-joinprocessingstarts,calledtheprobe-phase.

The build-phaseis commonto all executionstrategiesandis usually I/O-bound.
Therefore,it is not interestingfor purposesof thispaper.

���E�(+ È�,:��Ç � � ���y�jÏÌÆx�ÁÆ È:Ç �y���y�jÏ Î:È Ï.- È �j� Î
Beforepresentingdifferentstrategiesto evaluatepipeliningsegments,we informally
introducesomedefinitionsandnotationsusedin theremainderof thispaper.

Ð´Ñ´Ò/'�ÒOÐ10�×%2UâUÝtÜ]Ý]á¸âUðjà_â4365 ádÜtà�ÜqÝ]á!âUð
Figure16.2depictsa samplepipeliningsegmentconsistingof threejoins. Thecorre-
spondingnotationconventionis givenin Table16.1.

Wedefinetheweight � þ of asingleoperator798 þ asits sequentialexecutiontime
# þ

,
thetime a singleprocessorneedsto processall therespective input datathroughthat
operator. Theweight � of awholepipeliningsegmentusingsequentialexecutionthen
amountsto thesumof theweightof all theoperatorswithin thepipeliningsegment:� � ��þ�!� � þ . Theidealparallelexecutiontimeof anoperatorexecutedon " þ processors

is
# þ%$ " þ & � � þ" þ . Thus,theidealexecutiontimeof thewholesegmentis

#:� � " .
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TheconventionalPipeliningExecution(PE) techniqueevaluatespipeliningsegments
asfollows.Eachoperatoris executedonadistinctprocessor. To avoid context switch-
ing overhead,eachprocessorexecutesonly oneoperatorat a time. Eachoutputtuple
producedby 798 þ is immediatelyforwardedto its consumer7%8 þ�E� , and 7%8 þ canthen
processthenext input tuple.

Obviously, PEdemandsùGFH" , i.e. thenumberof operatorshasto belessthanthe
numberof processors.We distinguishtwo cases:

Case1: ù � "
Dueto thedatadependenciesbetweentheoperators,thetotal executiontime is dom-
inatedby the slowestoperator, i.e.

#
PE

� �IKJMLþ�!� } #§þ ~ . If all operatorshave the same

weight( �  � �ON �P����� � � � �RQ ), thenPEprovidesoptimalparallelperformance:

#
PE

� �ISJ�Lþ�!� } � þ ~ � ù	�RQù � � " �
Otherwise,PEperformssuboptimallyasit is notableto balancethedifferentloads:

#
PE

� �IKJMLþ�!� } � þ ~ � ù
�IKJ�Lþ�!� } � þ ~ù T

�
" �

Actually, theperformanceof PEis evenworse.At thebeginning,only oneprocessor
is active, executingthe first operator. Theotherprocessorsareidle andwait for the
outputproducedby the precedingoperator(s).Thus,every processorstartsworking
with a certainstartupdelay:

U ûWVX �ZY\[ U ûWV þ�E� � U ûWV þ4] � þ� ú þ��� �
�
��� þ �

�
� ú û �

þ^
_ !�

� __`a !� ��� a
�
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Similarly, as soonas the first processorhasfinished,the subsequentprocessors

arestill active processingthe latestoutputof the first one. Thus,in addition to the
aforementionedstartupdelay, therealsois ashutdowndelaythatfurtherdecreasesthe
parallelperformanceof PE. PE providesno meansto balancethe load variancesat
run-time.

Case2: ùScd"
Whenusingmoreprocessorsthanoperators,we canassignmorethanoneprocessor
to thesameoperator. In additionto pipeliningparallelism,intra-operatorparallelism
becomespossible—atleastfor someoperators.To do so, the processorallocation
problem(PAP), to assignthe appropriatenumber"4eþ of processorsto eachoperator,
hasto besolved.We look for aconfigurationwhere� 

" e  � ����� �
� �" e�
� � "

holds. Unfortunately, this equation system does not have discrete solutions$ "4e  ü������Zü "�e� & �gf � , in general. Thus, integer approximations
$ "  ü������Nü " � & �hf �

mustbefound,whichprovideminimalexecutiontimeandfulfill

�^ þ�!� " þ � " �
In this case,theminimal achievableexecutiontime is greaterthan

�
" . This effect is

known asdiscretizationerror (Srivastava andElsesser, 1993;Wilschut et al., 1995).
In (Manegold etal.,1998),wepresentanalgorithmwhichcomputessuchapproxima-
tions.

Ð´Ñ´Ò/'�Ò('i0 à�Ütàkj�lUØZ×_àm3U×W3Êê:ëU×*)!ÖUÜqÝ]á!â
With Data ThreadedExecution(DTE) all operatorsof a pipeliningsegmentaregath-
eredinto onestagethat is replicatedfor eachprocessor. DTE createsonethreadper
processorto performall operatorswithin theactivepipeliningsegment.A globalinput
queue,accessibleby all threads,providestheinput tuplesfor thepipeliningsegment.
Eachthreadtakesone tuple at a time andprocessesit throughall the operatorsof
thepipeliningsegment.A tupledoesnot leave the thread—andthustheprocessor—
duringits waythroughthepipeliningsegment,until it hassuccessfullypassedthelast
operatoror it failedto find a join partner. Whenever atupleleavesathread,this thread
immediatelystartsprocessingthe next input tuple from the global queue,unlessthe
queueis alreadyempty. In caseanoperatorproducesmorethanoneoutputtuplefrom
oneinput tuple (a tuplefinds morethanonepartnerin a join), the originatorthread
hasto processall theseadditionaltuplesfirst, beforeit canproceedwith thenext input
tuplefrom thequeue.

Contraryto PE,DTEdynamicallyassignsprocessorsto thedatainsteadof statically
assigningprocessorsto operatorsaccordingto theirweight.Thisway, DTE avoidsthe
PAP and,hence,cannotsuffer from discretizationerror. Further, asthereareno data
dependenciesbetweenthethreads,DTE is notaffectedby startupdelay.
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In (Manegold et al., 1997), we presentedDTE in detail andshowed that in the

caseof non-skewed dataDTE achieves optimal load balancingand, thus,minimal

executiontime
#

DTE

� � " .

���E�Xn Î�o�È�prqj� � � Ç �y�jÏ
Now we will have a moredetailedlook at bothstrategiesanddiscusshow eachper-
formsin thepresenceof highly skeweddata. Skew in generalmeansthatdueto the
attributevaluedistributionsnotevery inputtuplefindsexactlyoneoutputtuplein each
join. Someof theseskew situationsareof little interest;for example,if—per join—
only each s -th ( s T

�
) input tuplefinds (exactly) onepartneror (nearly)eachinput

tuplefinds(approximately)t T
�

partners.This just involvesoperatorswith different
weights.While PEsuffers from suchsituationsdueto discretizationerror, DTE still
achievesoptimal loadbalancing.For a detaileddiscussionof thesekindsof uniform
skew, werefertheinterestedreaderto (Manegoldetal.,1997).Wewill focusonmore
extremekindsof skew in theremainderof this paper.

Ð´Ñ´ÒXudÒOÐ êGëB×W)!ÖUÜ]Ý]á¸âwvyx�×Mz
PE usescostestimatesto find anappropriateassignmentof processorsto operators.
The errorsin cost estimatespropagateand intensify while processinga pipelining
segment.Thebestprocessorassignmentaccordingto the(erroneous)costestimation
is, apartfrom somerarecases,no longer the optimal assignment,accordingto the
actualexecutioncosts.This executionskew in turn leadsto a non-optimalexecution
behavior of PE.

In contrast,DTE doesnot needany costestimatesfor processorassignment,but
ratherassignsprocessorsto the dataautomaticallyduring execution. Hence,DTE
doesnot suffer from any executionskew.

Ð´Ñ´ÒXudÒ Ói{"á!Ý�âÊï:Øbáy3EÖ|)!Ü}vyx�×�z
In thefollowing,weassumeanidealsetupfor PEwhereneitherdiscretizationerrornor
executionskew occur. We will show thatdespitetheseassumptionsthereareseveral
situationwherePEdoesnot performverywell. But we will alsoshow thatevenDTE
mayperformbadlyin someof thesesituations.

Considerthatcaseof a skewedattributevaluedistribution. In oneof thejoinseachs -th input tuple ( s�~
�
) finds s partnerswhile all theotherinput tuplesdo not find

any partnersat all. This scenario,called join productskew (Waltonet al., 1991), is
typical for foreignkey joins. In orderto triggerjust oneeffect at a time (in this case
join productskew), wechosethisscenariosothatnodiscretizationerroroccurs.Each
join producesasmany outputtuplesasit receivesinput tuples.

With PE,whenever several subsequentinput tuplesof anoperatordo not find any
join partner, thenext operatorsareidle, asthey getno input data.Thus,join product
skew increasesthe startupdelay. In the sameway, join productskew increasesthe
shutdowndelay, if thelastinputtuplesprocessedby anoperatorproducelotsof output
tuples.
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As thereareno datadependenciesbetweenthethreads,DTE doesnot suffer from

startupdelayat all. Thus,join productskew obviously cannotincreasestartupdelay
with DTE.

The only situationwherejoin productskew can affect the performanceof DTE
ariseswhenin oneoperator� input tuples( � cd" ) generatesomany additionaloutput
tuplesthatthe � threadsprocessingthesetuplesareoccupiedsignificantlylongerthan
theother "�� � threadsneedto processall theremaininginput tuplesfrom theglobal
queue.In this case,shutdown delayalsooccurswith DTE: "�� � processorsbecome
idle assoonastheglobalqueueis empty, while � processorarestill busy. Thus,load
balancingis no longeroptimal.

Ð´Ñ´ÒXudÒ('i0�j ê����
To overcomeDTE's shutdown delay, we refine the strategy in the following way.
Whenever a tuple generatesmore thanoneoutput tuple in an operator, all but one
of theseoutputtuplesareput backinto theglobalqueue.Only onetuplestayson the
threadfor further precessing.With this re-distribution, the additionaloutputtuples
canbeprocessedby any threadthatbecomesidle. Thus,therefinedstrategy DTE/R
achievesoptimalloadbalancingevenin thecaseof extremeskew.

To makethis re-distributionwork, in DTE/R eachtuple that is put into theglobal
queueis taggedwith theid of theoperatorthatputsit there.Original input tuplesare
taggedwith 0. Thus,eachthreadknows at which operatorit hasto start/continuethe
processingof a tupleit receivesfrom thequeue.

As anextension,wechangedtheglobalqueueinto apreemptivequeuethatusesthe
tagasthepriority of eachtuple. Tuplesfrom thequeuearethenprocessedaccording
to their priority (highestpriority first). This techniqueachievestwo things: thequeue
doesnot becomeunnecessarilylong andthe outputis not undulydeferred.For per-
formancereasons,we implementedthepreemptive queueinternallyasa setof simple
queues(oneperpriority) with onecommoninterface.

���E�X� É � � �ÿ���O� � ��� ,�È'�sÎEÎ:ÈEÎEÎ - È �j�
In order to analyzeand comparethe executionbehavior of PE, DTE, andDTE/R,
we implementedall threestrategiesin a prototypequeryengineto evaluatetheprobe
phaseof pipelining segments. We useda 4-processorSGI PowerChallengeshared-
memorymachineto run our experimentson. Our experimentscover arbitrary ran-
domly generatedqueriesaswell asqueriesparticularlydesignedto examineextreme
skew situations.Dueto spacelimitations,wemainly presenttheresultsfor situations
with extremeskew in this section.Furtherexperimentscovering non-skew, uniform
skew, andexecutionskew situationscanbefoundin (Manegold etal., 1998).

Ð´Ñ´Ò/��ÒOÐÕÔ�Ö´×ZØtÙ�0�×ZðNÝ{î�â à_â436� ×Zâ�)�ldÝOâBîKvEÜ]Øà�ÜÁ×bî´Ù
In our experiments,queriesaremarkedby theparametersgivenin Table16.2. More
detailsaboutthequerieswill begivenfor eachsetof experiments.
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name description valueù numberof joins 1 to 16� ýÿþ �

cardinalityof baserelations 5k to 200k� rangeof join attributevalues

�
F:�\F � ýÿþ ��

attributevaluedistribution round-robin,
of join attributes uniform,

normal1(mean=� N , deviation= �Nû ),
normal2(mean=� N , deviation= �� ),
exponential(mean=� N )

For eachconfiguration,wefirst generatedthebaserelationsaccordingto thequery
specifications.Thenwe built all the hashtablesandthe global input queuein main
memory. We choseourqueryconfigurationssothattheglobal input queuealwaysfit
in mainmemory. Thus,we couldexaminethepureperformanceof the probephase
without any I/O-influence. In casethe input queuedoesnot fit completelyin main
memory, theI/O to readit fromdiskduringtheprobephaseaffectsall strategies.After
that,weexecutedtheprobephaseusingPE,DTE, andDTE/R.Weonly measuredthe
executiontime for theprobephase.We raneachdistinctconfiguration10 timesand
computed—perstrategy—themedianof all 10 runsasfinal executiontime

#
PE,
#

DTE,
and
#

DTE/R, respectively.

Ð´Ñ´Ò/��Ò Ó�j�l§×.�C�_×ZØ,àîB×��xà|ðZ×
Thefirst seriesof experimentsgivesanoverallestimatefor theaveragecase.Thebase
relationsizeswerechosenrandomlyfrom ourportfolioandoneof thefivedistribution
typeswasusedto generatetheactualattributevaluedistribution. For eachquery, all
distributionswereof thesametype;theparticularparameterswerechosenasgivenin
Table16.2.All experimentswerecarriedout on4 processors.

In Figure16.3, the responsetimesfor uniform attributevaluedistribution arede-
picted. The valuesare scaledto the executiontime of DTE. PE is limited by the
numberof processorsandthereforeonly valuesfor 2, 3 and4 joinsareavailable.DTE
andDTE/R do not differ muchasonly few skew situationsareencountered.Both
providesavingsof up to 120%comparedto PE.

In Figure16.4,the resultsfor thenormal2distributedattributevaluesareplotted.
Thesavingsaresimilar to thepreviouscase.Otherdistributionsshowedvery similar
results—thusweomit themhere.Resultscanbefoundin (Manegold etal., 1998).

Besidesthis overall performancecomparison,wealsoranexperimentsto measure
the speedupandscaleupof the differentstrategies. Figure16.5 shows the speedup
behavior of PE,DTE, andDTE/R for a two-join-querywith �D�  �PY��

�
and ��� N �

�
.

DTE and DTE/R both provide near-linear speedup,whereasPE obviously suffers
from discretizationerror. Similarly, Figure16.6 shows the scaleupbehavior of PE,
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DTE, and DTE/R for a two-join-query. We increasedthe weight of the pipelining
segmentwith thenumberof processorsby increasing�D�  , appropriately, while leav-
ing �D� N �

�
. DTE andDTE/R show a slight performancedecreaseof 6-7% when

moving from oneto two processors,but thentheir scaleupis constant.PE shows a
significantlyworsescaleupbehavior. Experimentswith otherkindsof queriesshow
thesametendenciesfor bothspeedupandscaleup.

Ð´Ñ´Ò/��Ò('.ê:ëEÜ]ØZ×ZÞå×�vyx�×�z
As mentionedin the previous section,DTE cannotachieve optimal load balancing
once � c " input tuplesgeneratetoo many additionaloutputtuples. Whenthis hap-
pens,the � threadsprocessingthesetuplesareoccupiedsignificantlylongerthanthe
other "G� � threadsneedto processall the remaininginput tuplesfrom the global
queue.

To examinesuchsituations,weusedaround-robindistributiononbaserelationsof
equalsize(24k tuples)andchosetherangesof thejoin attributessothat:

In thefirst join, � input tupleshit andfind s �
bM�Sü%Y�Y|Y
� tupleseach.Between

two subsequenthitting tuples,s �
�

tuplesfind nopartner. In otherwords,every
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s -th input tuplefinds s partners.For instance,with � ��b the12,000thandthe
24,000th(last)tuplehit andgenerate12,000outputtupleseach.

Eachof theotherjoinsproducesexactlyoneoutputtuplefrom eachinput tuple.

Theparameter� providesa kind of metricfor theamountof skew: thesmaller �
is, thegreatertheskew is. In ourexperiments,wevaried � from 1 to 8. Figures16.7

and16.8show therelative executiontimes
#	¢
#

DTE/R
, £�� } PE

ü
DTE

ü
DTE/R ~ for queries

consistingof two joinsexecutedontwo andfour processors,respectively.
With � �

�
, DTE providesthe worst performanceof the threestrategies. First,

all processorsareinvolvedin executingthefirst join, i.e. just probingtheinput tuples
againstthefirst hashtablewithout finding any partner. Only thelast input tuplefinds
partners,which thenhave to beprocessedthroughthesecondjoin by oneonly thread.
PEperformsbetterthanDTE,astheprocessorsassignedto thesecondjoin startwork-
ingassoonasthefirst outputtupleof thefirst join is produced.Here,processingtuples
throughthesecondjoin partly overlapswith producingoutputtuplesof thefirst join.
DTE/RperformsbetterthanPE,asalreadythefirst join is executedon twiceasmany
processorsaswith PE.

As � increases,the skew decreases.Now the differencesbetweenthe strategies
becomessmallerastheloadbalancingis easierfor PEandDTE. With two processors,
DTE is betterthanPE whenever � is even. With four processors,the performance
DTE nearlyreachesthatof PEwhenever � is amultipleof 4, but DTE is never better
thanPE.

To getbetterinsightin whathappensduringexecutionwith thedifferentstrategies,
we alsomeasuredtheratesat which eachthreadof eachstrategy consumesandpro-
ducestuples.Figures16.9through16.11show therespectivecurvesfor PE,DTE,and
DTE/R executingtheskew querywith � �

�
on two processors.Theelapsedtime is

normalizedto the slowestexecutiontime. Thedifferentphasesduringexecutionare
denotedby numbersasfollows:

(1) consumingall tuplesfrom the input queueandprobing themin the first join
withoutfindingany join partnerfor all but thelasttuple,

(2) producing24k outputtuplesfrom thelastinput tupleof thefirst join,
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(3) consuming24k tuplesfrom thefirst join, probingthemin thesecondjoin, and

producingoneoutputtuplefrom eachone,and

(4) idle time.

In our implementation,bothprobinganinput tupleagainsta hashtableaswell as
producinganoutputtuple takeapproximatelythesametime. Thus,performingonly
oneof theseactions(1,2)canbedoneat a ratethat is approximatelytwice ashigh as
thatof performingbothactions(3).

Figure16.9shows thePEresults.Only thefirst processorexecutesphase(1). As
soonasit startsproducingoutputtuplesfrom thelast input tuple(2), thesecondpro-
cessorstartsconsumingthesetuplesandprocessesthemthroughthesecondjoin (3).

Figure16.10),shows theDTE results.Both threadsparticipatein executingphase
(1). Then,only thread1 executesphases(2) and(3).

Figure16.11)shows theDTE/R results.Both threadssharetheexecutionof phase
(1). After that, thread1 putseachtupleproducedin phase(2) immediatelyinto the
globalqueue,sothatthread2 canconsumetheseandprocessthemthroughphase(3).
As soonasthread1 hasfinishedphase(2), it joins phase(3).

For queriesinvolving upto 16joins,DTE andDTE/Rshow thesametendenciesas
for shortqueries.

���E�Å� �x�1�j� Ç � Î ���1�
In this paper, we addressedthe problemof utilizing the computingpower of small
off-the-shelfSMP workstationsin queryexecution. We presentedthe key ideasof
DTE/R, a novel strategy to exploit pipelining parallelismin queryprocessing.The
principlesof operatorreplicationanddatathreadingarebuildingblocksfor thedesired
improvement.

In (Manegold et al., 1997)we reportedonDTE, thebasicalgorithmandgave per-
formanceassessmentsfor situationsnot involving skew. However, in extremeskew
situationsDTE's performancevariesenormously. Here,we show that the potential
problemsresultingfrom skew canbe solved by a re-distribution mechanism,which
addssomeextra overheadbut makesthealgorithmresistantto any skew.

Thefinal contributionof this paperis theassessmentof a realimplementation,not
merelya simulation. We experimentedwith a broadclassof queriesandexamined
both averagecaseandextremesituations.The main characteristicsof DTE/R area
nearlylinearspeedupanda scaleupratiocloseto 1. DTE/Routperformsconventional
pipeliningtechniquesubstantially.

Our experimentsare promisingand show that highly efficient parallel database
techniquescanbebeneficialfor smallparallelconfigurations.
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