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Abstract Querythroughputis oneof the primary optimizationgoalsin interac-
tive web-basednformation systemsin orderto achieve the performanceneces-
saryto sere large usercommunities Queriesin this applicationdomaindiffer
significantly from thosein traditional databasepplications:ithey are of lower
complity andalmostexclusively read-only The architecturewve proposehere
is specificallytailoredto take advantageof the querycharacteristicslt is based
on alarge parallelshared-nothinglatabaselusterwhereeachnoderunsa sepa-
ratesener with a fully replicatedcopy of the databaseA queryis assignedand
entirelyexecutedononesinglenodeavoiding network contentioror synchroniza-
tion effects. However, the actualkey to enhancedhroughputis a resourceeffi-
cientschedulingof thearriving queriesWe developa simpleandrobustschedul-
ing schemehattakesthe currentlymemoryresidentdataat eachsener into ac-
countandtradesoff memoryre-useand executiontime, reorderingqueriesas
necessary
Ourexperimentakvaluationdemonstratetheeffectivenessvhenscalingthesys-
tembeyond hundredf nodesshaving supetlinearspeedup.

1 Intr oduction

A significantnumberof web-basednformation systemsely on databaseechnology
to sene large usercommunitieswhich makesscalability a key issuefor the designof
web-enabledatabassystemsParallelprocessingnddatareplication,arenecessarjo
dealwith the peakloadsencountered.ik ewise,aneffective querydispatchingscheme
is neededo level the systemoad aswell asto guarantegjuality-of-servicein termsof
responsdime.

In this paperwe are concernedvith initial experienceswith a multi-mediaportal
under constructionbasedon the Monet databasesystem[BK99]. The systemis in-
tendedto provide efficient accesgo a large collectionof indexed multi-mediaobjects.
It is endemicto this kind of information systemthat userinteractionis dominatedby
readaccessesA numberof systemswith similar requirementsegardingthe deployed
databasdaclend have beendevelopedand mary moreare currently underconstruc-
tion.

With eachuserinteraction theinterfaceemitsa numberof queriesto the database
that ideally lead to an answerset of a few tensof candidateresults.Involving ac-
cesseso differentmulti-dimensionaindexes,the evaluationof suchqueriesis usually
in theorderof few secondsStill, thequeriesareof distinctly low compleity compared



to queriesin classicaldatabasepplicationsMoreover, the deviation of runningtime
amongthe queriess limited, not leastto ensureacceptableesponsgimes.

The primary challengein this settingis to develop processingechniquedo opti-
mize the querythroughputParallel processings an essentiaklementto achieve this,
however, a straightforwardrecastingpof methodsdevelopedfor paralleldatabasedoes
notapply heresincemostsolutionsdevisedin this areaarealmostexclusively gearedo
tacklehighly complex andlong runningqueries There,queriesareusuallyparallelized
on a granularityof partial plansor even single operatorsj.e. single operatordik e the
join of two tablesare executedin parallel on differentnodesinvolving exchangeof
partial resultsamongthe single nodes.However, thesetechniquesare ineffective for
thekind of querywe areconsideringsincecommunicatiorandcoordinationoverheads
would outweighthe actualbenefits.

In this paper we proposea parallelqueryprocessingrchitecturghat cantake ad-
vantageof the query characteristidy its physicaldesign,suitablequery scheduling,
andtheway queriesareexecuted.

The platform of operationis a shared-nothingnvironment—i.e.a clusterof inex-
pensve PCs—whereeachnoderunsa Monetsenerwith a fully replicatedcopy of the
databaseOnemachines distinguishediscoordinatomodethatdispatcheshearriving
queriesto the senersaccordingto a schedulingstrategy. The schedulingschemawe
developin this paperdiffers radically from previous work aswe do not try to model
varioussystemparameterén orderto exploit primarily idle systemresourceshut take
into accountwhat datais memory-residenat the seners,i.e. cachedby the seners.
The algorithmis basedon a metric that determineghe distance betweena sener and
a query—thelessthis distancethe moresimilar the stateof the memoryat this sener
andwhatis requiredto procesghis query Moreover, we investigatgossibilitiesof re-
orderingand deferredexecutionof queriesto further reduceexecutioncosts.Oncea
queryis assignedo asenerit is executedn isolationonthis sener, sono synchroniza-
tion or communicatiorwithin the clusteris neededreeinginterconnectiorbandwidth
for shippingof bothqueriesandresults.

Sincewe aredealingwith read-onlyaccessesye donothaveto considetransaction
mechanismso keepthe replicateddataconsistentaicrossthe databaseluster Rather
thedatabaseareperiodicallyupdatedoy mirroring a masterdatabase.

The experimentalevaluationof the techniquegproposedshav substantiakavings
over corventionalgreedyschedulingthat takes only the machines'workloadinto ac-
count.In alarge numberof experimentsve investigateheimpactof individual param-
etersclosely Our resultsconfirmthe architecturadecisionsshaving excellentscaling
behaior.

The remainderof this paperis organizedas follows. We review relatedwork in
Section2. In Section3 we presenthearchitectureanddescribehequerymodelin Sec-
tion 4. Sectionb discussethemodelingof thesener poolandtheschedulingalgorithm.
In Section6, we presenta comprehensie performanceanalysis.Section7 containsa
discussiorof thedesigndecisionsWe concludethe papermwith Section8.



2 RelatedWork

Parallel query processinghas been studied in a large variety of facets, see
e.g.[PMC+90,DG92HS93WFA95,Grag9q. Most of relatedwork in this field concen-
tratedon possibilitiesto speedughighly complex querieswith long runningtimes.Ap-
proachesastakenin [HM94] and[GI96] suggest decompositiorof the query plans
into sub-plansvhich arethenexecutedn parallelon differentnodesof the parallelpro-
cessingervironment.The granularityof this decompositiornvariesand canbe asfine
asparallelizingsingle operatoras studiedfor examplein [SD89,SD9QWFA95] but is
oftenchosercoarse{HM95,CHM95,GI196,G197].

Theseapproachebavein commonthatthey requirecommunicatiorbetweersingle
nodesfor shippingor exchangingpartial results.This causesietwork contentionand
synchronizatioreffectswherenodeshave to wait for othersto completetheir tasksfirst.
As aresult,a parallelizationalongtheselines only paysif the queryis of sufficiently
high compleity. Otherwisecommunicatioroverheadandsynchronizatioreffectsout-
weighperformanceyains.

Moreover, parallel processingas outlined above scalesonly for small numbersof
nodeseffectively. In shared-nothingrchitecturespetwork contentiorbecomesncreas-
ingly abottleneckijn thecaseof shared-eerything,the high degreeof resourcesharing
limits the scaling[Sto86NZT96§].

Whatmakesmostof theseapproachedyowever, questionablés thefactthatduring
the optimizationa numberof highly sensitve parameterwhich are hard to model
mathematicallyandimpossibleto maintainaccuratelyduringrunningtime—have to be
takeninto accountParameterdik e network load, pagefaultsetc.areassumedaonstant
during the query executionand estimateerrors,which may have severeimpacton the
performancegannotbecorrectedseee.q.[G197]).

Generalmemoryallocationissueshave beenexplored extensiely with respecto
variousaspectof queryprocessingln [MD93], authorsproposeddynamic memory
allocationschemedgor multi-queryworkloadto level memoryallocationwithout shar
ing residentdata amongdifferent queries.By analyzingqueriesand their common
sub-epressionghe re-useof memoryresidentdatais often a by-effect [SSN94. In
[MSD93], authorsconsiderbatchschedulingfor parallelprocessingHowever, main-
memoryis in both casedransparentlywiewed asa centralresourceand datalocation
within distributedmemoryhasnot beenconsidered.

In thecontext of transactiorprocessingseveralqueryroutingschemasor database
clustershave beeninvestigatedseee.g.[Tho87,FGND93RBS00]). This field of ap-
plication differs from the problemat handin its preliminaries:queriesare usually of
complex natureand updateso the databaseeedto be propagatedver the complete
cluster Oneof the major goalsis for instanceto schedulequeriessothatlocking con-
flicts areavoided.For a comprehensie overview on this subjectseee.g.[Rah93.

3 Architecture

Figurel shavsthearchitecturef oursystemlt consistof aclusterof databasseners
managedy a centralschedulenode.All machinedave separatenain-memoryCPU,
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anddisksnot sharingarny resourcestherthannetwork bandwidth.We useMonet, the
main-memorydatabasesystemdevelopedat CWI, asdatabasesener [BK95,BK99].
Besidesits vertical fragmenteddata model, Monet is distinguishedby its memory
awarenessi.e. it solely usesoperatingsystemprimitivesfor its memorymanagement,
mappingdatabasé¢ablesdirectly to virtual memory to avoid the overheadf a propri-
etarybuffer managesimulatinga virtual memorylayer. Moreover it providesspecifi-

cally cacheaware operatorimplementationgBMK99] to maximizesystemutilization
onrunningqueries.

Additionally, apool of web-serersformsthe front-endof the systemwhich clients
interactwith. The web-serersreceve either parameterizedjueriesusing text-based
forms, or they interactwith visualqueryformulationtools.

Processingf a client queryis donein 7 steps:Usersformulatetheir queryusing
the web-interfice(Fig. 1,(1)). At the web-serer, the queryis re-formulatedusingthe
internalproceduraljueryrepresentationf the databaseystem—inour caseMIL, the
query languageof Monet—andsubmittedto the query schedulen(2). The scheduler
maintainsaqueueof querieghatareto beexecutedBy analyzingthedatarequirements
for the executionof a queryandthe dataresidentin main-memoryat the seners,the
schedulerdeterminesa favorable assignmentf queriesto seners (4). The queryis



executedon the assignechode(5) andthe resultis returnedto the front-endhost(6).*
After formattingtheresult,it is shippedto the user(7).

This architecturedirectly aims at the throughputoptimizationof compactqueries
wherean executionon a singlenodeis the mostefficient kind of processingBut this
architecturealsoexploits the secondquerycharacteristictheimprecisenessf thedata.
For example datagatheredy robotsfrom the Internetto build up a multi-mediaindex
is updatedonly at low frequeng. Thus,the sener clusterdo not have to be keptin
sync as would be the caseif updatesby userswere allowed. Instead,the databases
areupdatedperiodicallyreplicatingthe masterdatabas€U). Thefrequeng of updates
dependsaturallyon theapplicationdomain.

4 Query Model

The choiceof Monet asdatabasesoftware for the back-endclusterimplies a specific
modelfor thequeryexecution.Theverticalfragmentatiorof thetablesin Monetcauses
bulk-processingo bemoreefficientthanpipeliningtechniquesiAs aconsequencéhere
areno morethantwo tablesprocesse@n a single CPU at a time. Note, this execution
modeldoesnotimposeary restrictionsontheshapeof theexecutionplans—botHinear
andbushy plansare feasible.Accessto a table canbe eitherof type LOAD or SCAN.
LOAD readsatablefrom diskinto memoryto make it partof thehotset,e.g.usedwith
innerrelationsof nested-loogoins. SCAN readsthetable,but doesnot keepthe datain
memoryafterthe actualoperationis performedg.g.usedin selectionr for the probe
relationof a hashjoin. The building of a hashtablecanbe seenasspecialtype of load
astheresultis only accessible&ia the hashattribute.

The costsfor executinga relation algebraoperatorconsistsof the costsof load-
ing/scanningof the table plus the actualcostsfor the operation.Fitting the piecesto-
getherwe candescribea queryasa sequence

Q = <(t1)alallawl)a sy (tnaan;lnawn))

whereeachquadruplecorrespond$o anoperatoror—asin caseof ajoin—to a partial
operatort; specifiegshetablenecessarjor the operationa; denoteghe hashattribute,
i.e.theoperatoraccesses; via this attribute;a; = ¢ if notapplicable.

The associatedioading costs, if the tableis not alreadyresidentin main-memory
aregivenby ;. We denotethetotal loading costs of aqueryas

L(Q) = le

! For simplicity of presentatiorarrans (6) follow the routing of the query (2—4), however, the
queryresultcanbesentdirectly to thefront-endanddoesnot have to passhequeryscheduler



The coststo executethe operatoythe operator costs, aredenotedoy w;. We denotethe
total operator costs of aqueryas

w(@Q) = sz

Note, bothl; andw; areexpressedn termsof the sameunit to achiese a propercom-
parison.
A queriesexecutiontime ona“cold” sener, i.e. no datais loadedyet, is

x(@Q) = L(Q) + W(Q).

If all tablesneededy @@ arealreadyin memory—andn caseof hashtablesarehashed
by the properattribute—theexecutioncostsof the queryamountgo W(Q) only.

Examples

Herearesomeexamplegto illustratethis modelingbasedon Monetperformancechar
acteristicsThetwo tablesA andB usedin thisexampleareof size8.8MB and4.95MB,
respectiely. Ourtestplatformachieveda bandwidthof 5.5MB/sfor disk access.

— Nested-Looploin, A X B
Q ={(4,¢1.6,0),(B,¢,0.9,2.6))

Table A takes 1.6sto load, no operatorcostsoccur Table B takes0.9sto load,;
performingthejoin requires?.6s.
— HashJoin,A X B

Q = ((A7 a7 2'77 0)7 (B7 67 0'97 1'1))

Similar to previous but now, A mustbe a hashtablewith hashattribute a. Hence
loading A is moreexpensve asit includesbuilding the hashtable.

5 Query Scheduling

The queryschedulingcomprisessereral elementsBesidesa modelfor the senerswe
definea server-query distance which captureghe potentialre-useof memoryresident
data.Additionally, we alsointroducedeadlines.

5.1 Sewers

For the scheduling,a sener of the databaseslusteris modeledby its stateof mem-
ory andthe workload. The stateof memoryis the setof tablesresidenttogetherwith
a replacemenstrategyy. We are consideringbasetablesonly and discardintermediate
resultsof the processingassoonasthey areno longerused.As areplacemenstratay
we useLRU asit exhibits the bestaverageperformanceThe loadinganddroppingof



tablesis donevia thememorymappingfunctionality of the operatingsystem.To main-
tain sufficient control over the memoryallocationthroughoutthe completeclusterwe
loadanddroponly completetables.Thisway, theschedulecanrely ontheinformation
which tablesare memory-resident,e. accessinghemwill not causeadditionalcosts
for swapping.Swappingmay only occurwhenall unusedtablesare alreadydropped
but the memoryrequirement®f the currentoperationarestill not met.

For the workload, we distinguishthe two statesidle and busy, i.e. we assignone
queryto oneseneratatime. Thisis notjustasimplificationto facilitatethe scheduling
but anecessityn main-memorydatabasesherecacheawarenesandconcurrentnem-
ory accesareof distinctly higherimportancethanin 1/O-dominateddatabasenodels
[MBKOO]. We modelthe workloadasfunction J(S) which returnsthe expectedtime
of job completionat sener S, givenits currentworkload,i.e. the expectedtime from
now whenS will becomedle. If thesenerisidle, J(S) evaluatedo 0. J will beused
in the scheduletto find the nodethatwill finish its job next. J is computedby con-
ventionalcostformulaeknown from sequentialquery processingGiven the time z,
the currentlyrunningqueryhasbeenassignedo sener S, z thetime J is evaluated,
ande the expectedrunningtime of the query, the time of job completioncomputego
J(S) = zo + e — z. SeealsoSection7 for adiscussiorontheaccurag of .J.

5.2 DistanceMetric

We definethe server-query distance asthe coststo loadthe tablesfor a givenquery@
onasenerS:

d@,S) = ZR(ti7ai) -1

where

0, if t; ismemory-residenat S andhashedy attributea;
1, else

R(t’w ai) = {

indicatesvhethertablet; is residenin memoryatS. In case; is requiredashashtable,
R alsocheckswhetherthetableis hashedy attribute a; .

Schedulinga batchof queriesoptimally on k£ senersis finding a division into &
batchesBy, .. ., By, eachof which are executedsequentiallyon onesener, suchthat
therunningtime of the batchwith thelongestcompletiontime

maxd 3((Q,.9) + (@), @ € 1)

J

is minimal.



Algorithm MAS

while queue not empty do

Cpmin € 00
foreach query @ in top,,(Queue) do

for ¢ = 1 to number of servers do

=d(Q,S:) +W(Q) + J(Si)
if ¢ < ¢pn dO
Q«Q
S «— Si
Cmin < C
done

done

if expired(Q) then break
done
assign query @ to server S

remove (Q from queue
done

Figure2. SchedulingAlgorithm mAs

5.3 SchedulingAlgorithm

We usethe distancemeasurdo developa greedyschedulingalgorithmthatestablishes
an acceptablerade-of betweenworkload-and memory-focusedcheduling Figure 2
shaws anoutline of our algorithmcalled Memory Aware Scheduling (MAS). It iterates
over the queueof arriving queries,selectingone at a time, and determineghe best
ad-hocassignment.

In detail,we examinethefirst n elementof thequeue—otessif thequeuedoesnot
containn queries We investigatehe impactof n andsuitablevaluesfor it in the next
section.For eachof the n queries,we computec which consistsof the distanceto all
senersS; plusthe operatorcostof the queryandthe expectedtime at which sener S;
becomeswvailable, J(S;). We recordthe epair | (Q S) with thelowestvaluefor c. After
examinationof all n querieswe a55|grQ to S which meansthatQ will beexecutedon
S assoonasthis senergetsidle.

Thealgorithmisin O(N - n - s) whereN is the numberof queriesin total, n is the
numberof queriesconsideredn eachrun, ands is thenumberof senersavailable,i.e.
thealgorithmis linearin the numberof queries.To give ary meaningfulboundson the
performancaes particularlydifficult becausef the LRU replacementf tables.



Size < 20MB < 30MB < 40MB < 50MB > 50MB
#Tables 233 87 24 15 17

Table 1. Sizesandnumbersf basetables

5.4 Deadlines

In orderto give the usera guaranteef service,we tag every querywith a deadline.
This deadlinerefersto the latestpoint in time the queryhasto be assignedo a sener
for execution,i.e. assoonasthe deadlineof a queryexpires,the schedulehasno other
choicethanassigninghis very queryto asener.

We tag all querieswith a time stampaccordingto their arrival. In other words
queriesare not forced by deadlinesto overtale others,thoughit is often beneficial.
As aresult,we needonly checkthe first queryof the currenttop n batchfor deadline
expiration. If thefirst query’s deadlines expired,we do not needto examineary other
queryin the batchbut have to assignthe first immediatelyto a sener. Otherwise,if
thefirst query’s deadlineis not yet expired, no otherdeadlinecanbe due. Testingfor
expiration after the first query hasbeenchecled againstall senersensureshe best
assignmenin casethe deadlineexpired.

6 Experimental Results

In this sectionwe describeexperimentakesultsobtainedwith a simulator We choseto
simulatethe systemin orderto experimentwith parametershatarestrictly limited by
anactualhardwareconfiguration suchassizeof the databaselusteror main-memory
availableattheindividual seners.

6.1 Preliminaries

Sincethe full multi-mediaAcoi demonstratodatabases still underconstructionwe

hadto confinethe experimentsto the part alreadyoperational The part chosenis the

index systemof the ACM Anthology, which is includedin the demonstratoto as-
sesdts capabilitiesin the areaof XML-baseddatabas@rocessingWe usedstatistical
dataavailable from an actualMonet databasenstancewhich containsthe complete
XML codeof the Anthology decomposedinto the vertically fragmenteddatamodel

[SKWWOQO]. Including indexes, the databasecontains376 tableswith up to nearly
60000rows. The numbersof tablesaccordingto their sizesaregivenin Table 1. Typ-

ical queriesusesome5 tablesor less,seldomup to 10 or more.We generatedatches
of 10,000and100,000queriesof exponentiallydistributedsizesaccessing tableson

average.

We do not considermechanismgo rejectuserqueriesdueto overloadsincethis
canbedonealreadyatthefront-endlevel. Modelingarrival ratesprobabilisticallyis not
necessarasqueriesdo not significantlydiffer in runningtime, thusinformationabout



thequeriedoesnotneedto be consideredo make achoicewhich querieso acceptand
whichtoreject.For ourexperimentsye assuméhemaximalexpectedjueryarrival rate
to modelthe worst casebehavior with maximumload. Moreover, we assumeall hosts
within the databaselusterare of identical configurationregardingthe cost relevant
parameters.

Sincethe replacemenbf tablesalongan LRU stratgy makesanalyticalmodeling
of thealgorithmhard,we implementedsraham'slist scheduling (GLS), whichis based
on workload figures[Gra69, for comparisonWe choseGrahams algorithminstead
of seeminglymore advancedtechniquesl|ike [GI96], asit is the only algorithmthat
doesnot make assumptiongoncerningparametersik e network load etc., which are
impossibleto maintainaccuratelyat reasonableosts(seealsoSection® and7).

We adaptedthe original algorithmto fit the online arrival of queries,i.e. to use
thekind of look-aheadwe introducedin MAS above. Grahams algorithmis known to
be highly effective despiteits simplicity overcomingsomecharacteristiaisturbances
alsoknown asscheduling anomalies. Theseanomaliesoccurwith jobsthatdiffer sig-
nificantly in completiontime. Pleasenote,we run Grahams algorithmin exactly the
samesetting,i.e. with LRU replacemenbf tablesasnecessaryAs a result, Grahams
algorithmalsoprofitsfrom re-useof memoryresidentdata.

The main parametersve wantto investigateare, foremost,the numberof seners,
the look-aheadduring the scheduling,and the amountof memory available at each
sener. Note, therearetwo principalwaysof comparisona one-on-oneomparisorof
bothalgorithmsrun onidenticconfigurationf the platform(relative performance)or
a comparisorof the scalingcharacteristicsTypical examplesfor thelatterarespeedup
and scale-upWe will comparethe two algorithmsusing both principleswhereade-
quate.

6.2 Warm/Cold Processing

In this first experimentwe investigatethe differencedbetweenwarm andcold seners.
We referto a sener ascold if no othertablesthansystemtableshave beenloaded.If
morethan80% of the availablememoryareallocatedwe call a sener warm.? This is
not only relevantfor later experimentshut alsofor the real applicationscenariovhen
thesystemhasto beshutdavn andre-startedor technicareasondik e maintenancetc.
We canexpectdifferenteffectsif theamountof memoryperseneris varied.For small
sener configurationghe warm up is completedearlierthanfor large ones.However,
moreimportantis the amountof memoryin total, i.e. the numberof seners.Figure3
shavstherelative executiontimesof batcheof 10,000queriesasfunctionof the num-
berseners.For exampletheleftmostdatapoint for MAS reflectstheratio of execution
timesfor MAS on a cold to that on a warm sener. The left graphshaws timesfor a
sener configurationof 64,theright for 256MB.

For GLS, cold andwarm executiontimesarealmostthe same Warm processings
only up to 5% quicker. For MAS the ratio differs significantly shaving gainsof more

2 We determinedhevalue80in preliminaryexperimentsExecutiontimeson senerswith more
than80% allocatedmemorydid not differ significantly
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than 35%. Especiallyfor the rangeup to 50 seners, the larger configuration(right)
achievesbetterperformancei.e. the curve is steeperFor more seners,the impactof
thelargeramountof memorydecreasedor 100senersandmore,resultsarevirtually
equal.We addressheissueof memorysizesin moredetailin 6.5.

All furtherresultspresentedn this sectionareobtainedrom warmseners.

6.3 Reordering of Queries

The next experimentinvestigateghe impactof the look-aheadduring schedulingj.e.
themaximalnumberof queriesghatmaybe re-ordereetweerneachassignment.

Figure4 shows executiontimesfor asinglesener (left) anda clusterof 100seners
(right). In bothcaseghe sener(s)had64MB of memory The executiontime is shovn
asa function of the look-aheadscaledto GLS's first datapoint, which corresponds$o
a first-come-first-serg@ (FCFS)scheduling.The size of the completequerybatchwas
10,000.In thecaseof onesener, thelook-aheads of highimportance€or MAS andsav-
ings canamountup to 20% of the executiontime. GL S, however, doesnot significantly
profit from look-ahead.

In thecaseof 100seners,thesituationchangescL s relatively improvesmorewith
increasinglook-aheadbut for MAS hardly ary improvementis noticeable thoughits
executiontime is substantiallybelow the oneof GLS. This is dueto the factthatin a
pool of 100senersmary sener offer avery low sener-querydistanceanddifferences
areoftenvery small. As a consequencee-orderingcannothelp finding a significantly
lower sener-querydistanceasit did in the sequentiatase.

In all further experimentswe usea look-aheadof 100 queriesunlessstatedother
wise.

6.4 Speedupand Scale-up

Thetwo fundamentameasuresvheninvestigatinghe performancef parallelsystems
arespeedupmndscale-upThe previous quantifiesthe gainswhenscalingup the plat-
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Figure4. Impactof look-aheadSinglesener (left) andclusterof 100seners(right)

form but keepingthe problemsize constantthe latter describeghe systems ability to
copewith problemsizesgrowing proportionallywith the platform (cf. e.g.[DG92)).

Figure5 shavsthespeedugor a querybatchof 100,000queriesevaluatedon upto
4096 senerswith 64MB memoryeach.As the plot shows, GLS achievesslightly sub-
linear speedupvhereasmAs achieves even superlinear speedupwhich translatego
effectivere-useof memoryresidentdata.To betterillustratethis phenomenom;onsider
avery basicexampleusing4 tablesA,B,C andD of samesizesuchthatonly two table
fit into memoryatthe sametime, anda batchof 4 queries:

Ql = <(Aa252)a (Ba2a 2))
Q2 = <(Ca 2, 2)7 (D7 2, 2))
Q3 = <(D7272))
Q1= ((4,2,2))

Onasinglemachinethetotal costsamounto 8 + 8 + 4 + 4 = 24. With linearspeedup,
we would expect12 costunits for a parallelizationon two hosts.MAS assigngjueries
@1 and@4 toone,, and(@3 to the othermachinewhich amountgo 8 + 2 = 10 costs
at eachnode.Hence,the total executiontime is 10 comparedo 24 on a singlenode
which givesa speedumf 2.4.
Figure6 shavsthescale-udor thesamesener pool configurationMAS maintainsa

scale-upf aboutl.1evenfor large configurationsvhereassL s dropsquickly to about
0.8.

6.5 DirectComparison

In our lastexperimentwe comparethe algorithmsdirectly, i.e. we determinetheratio
of MAS'sexecutiontime to the oneof GL s for eachindividual parametesetting.Values
belown 1.0indicatethatMAS outperformscLs. As parametenf the experimentwe vary
numberof seners,memoryavailable,andlook-ahead.
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Figure 7 shows the relative executiontime asa function of the numberof seners
andtheamountof memorypersener. Thenumberof senersvariesbetweerb and100,
memory between32 and 640MB. As the diagramdisplays,MAS outperformedcL s
in all 400 individual experimentsachiezing executiontimesas shortas40% of those
of GLS. However, asthe diagramreveals,this is no monotonicprocessrather with
increasingnemorysizes,GLS manageso “catchup”, thoughonly to a certaindegree.
Seefor examplethefront row where afterMmAs increaseds lead(0.4atca.160MB) it
cannotfurtherimprove on the runningtime whereassL s becomesncreasinglybetter
For more than ca. 320MB neitheralgorithm can achieze ary improvement,thusthe

plateaux.



Figure8 shaws the relative performanceasfunction of the numberof senersand
thelook-aheadAll senershad64MB of memory Theplot shovsresultsthataffirm the
previously found onesnow alsoin thedirectcomparisonfor smallnumberof seners
look-aheadlaysanimportantrole (seelastrow), which fadesasthe numberof sener
increasegseefront row).

7 Discussion

While implementingandtestingdifferentversionsof MAS we madeseveraldesignde-
cisionswhich arenot self-evidentatfirst sightanddesere to bediscussednoreelabo-
ratelyin thefollowing.

Themostimportantquestionn thedesignprocessvaswhethetrto includemoresys-
teminformationaboutthesenersor not. Typically, costmodelsin paralleldatabasesy
to modelthe system—patrticularlyhe sharedesourcedik e network or shareddisks—
asdetailedaspossible We chosenot to incorporatethis kind of informationfor three
reasonskFirstly, thetype of querywe aredealingwith cannotprofit muchfrom thekind
of parallelprocessinghesecostmodelshave beendevelopedfor. Secondlyacostcom-
putationthat takes detailsat this fine granularityinto accountis computationallytoo
expensve to deliver costestimatedor hundredsof senerswhenan online arrival of
queriesneedso be scheduledn real-time.Lastly, this detailedsysteminformationis
hardto maintain.To keepit accuratelyup-to-dateduringthe processingvould require
a substantiakhareof bothnetwork andprocessingesourcesndis thusunfeasible.

In contrasto thatthe costvaluesusedby MAS areof simplernature.The costesti-
matesfor the queryexecutiontime (seeSection5.1) canbe assembledrom sequential
costestimatesSincethequeriesareemittedby a fixedinterface thereis the possibility
to pre-compilequerieswhich aretheninstantiatedwvith a few parametersin thatcase
highly accuratecostestimateganbe pre-compute@nd—Ilike thequeries—instantiated
with parameters.

The information necessaryo describethe systemfor the schedulingis in so far
easyto maintainasit consistsonly of a feedbackindicating that processingof the
last query hasterminated,i.e. the result hasbeenshipped,and what tablesare now
in main-memoryTo avoid idlenesshetweerfeedbackandnew assignmentsenerscan
beextendedo buffer one querywhile processinghepreviously assignedThefeedback
togetherwith the factthat senersdo not maintainown query queuesnsuregshatthe
impactof a few, inaccuratecostestimateswhich cannever be completelyavoided,is
keptdown to aminimum.

Finally, the query execution we proposeddoesnot allow for multi-programming,
i.e. runningseveral queriesconcurrentlyon one sener. This choicewas motivatedby
two facts.Firstly, multi-programmings not very beneficialin main-memorydatabases
like Monet as concurrentlyprocessedjueriesoften getinto eachother's way, unlike
in I/O dominateddatabaseystemsSecondly and moreimportantly asthis holdsfor
otherdatabasdack-endgo0, the potentialgainsof multi-programmingwherel/O of
onequeryandCPUintensve computatiorof anotheronecanbealignedis very limited
asit is our foremostgoalto avoid costlyI/O operationsatall.



8 Conclusion

Web-enabledlatabaseanddatabas®ack-endechnologyfor large web-basénforma-
tion systemsare one of the fastestgrowing segmentsof the databasemarket. Those
systemghallengehetraditionalrepertoireof optimizationtechniquesisedin database
technologyPowerful, userinterfacesfor multi-mediaobjectretrieval concurrentlysub-
mit large numbersof queriesto the databaséack-endwhich make throughputopti-
mizationa primary optimizationgoal.

In this paper we proposea parallelqueryprocessingarchitectureandinvestigated
the possibility to exploit datasharingby clever schedulingof the arriving queries We
have developedmAs, a schedulingstrateyy that tries to maximizethe re-useof data
residenin mainmemoryacrosghe databaseluster Thealgorithmis distinguishedy
its simplicity androbustnes®n onehand—thanformationneededo make MAS work
is easyto obtain,accurateand needsonly little effort to be kept up-to-date—andits
effectiveneson the otherhand.

Our experimentsshav superiorresultscomparedto corventionallist scheduling
in termsof bothquerythroughputandscalingbehaior confirmingour considerations.
Moreover, by re-usingthedataavailableratherthanassigninglataactively, theschedul-
ing algorithmadaptdo changinghotspots.

Our future work is gearedoward extendingthe schedulingschemao considerin-
termediateaesultsandexploit similaritiesamongqueries.
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