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Abstract Querythroughputis oneof theprimaryoptimizationgoalsin interac-
tive web-basedinformationsystemsin orderto achieve the performanceneces-
sary to serve large usercommunities.Queriesin this applicationdomaindiffer
significantly from thosein traditional databaseapplications:they are of lower
complexity andalmostexclusively read-only. The architecturewe proposehere
is specificallytailoredto take advantageof thequerycharacteristics.It is based
on a largeparallelshared-nothingdatabaseclusterwhereeachnoderunsa sepa-
rateserver with a fully replicatedcopy of thedatabase.A queryis assignedand
entirelyexecutedononesinglenodeavoidingnetwork contentionor synchroniza-
tion effects.However, the actualkey to enhancedthroughputis a resourceeffi-
cientschedulingof thearriving queries.Wedevelopasimpleandrobustschedul-
ing schemethat takesthecurrentlymemoryresidentdataat eachserver into ac-
count and tradesoff memoryre-useandexecutiontime, reorderingqueriesas
necessary.
Ourexperimentalevaluationdemonstratestheeffectivenesswhenscalingthesys-
tembeyondhundredsof nodesshowing super-linearspeedup.

1 Intr oduction

A significantnumberof web-basedinformationsystemsrely on databasetechnology
to serve largeusercommunitieswhich makesscalabilitya key issuefor the designof
web-enableddatabasesystems.Parallelprocessinganddatareplication,arenecessaryto
dealwith thepeakloadsencountered.Likewise,aneffectivequerydispatchingscheme
is neededto level thesystemloadaswell asto guaranteequality-of-servicein termsof
responsetime.

In this paperwe areconcernedwith initial experienceswith a multi-mediaportal
underconstructionbasedon the Monet databasesystem[BK99]. The systemis in-
tendedto provide efficient accessto a largecollectionof indexedmulti-mediaobjects.
It is endemicto this kind of informationsystemthat userinteractionis dominatedby
readaccesses.A numberof systemswith similar requirementsregardingthedeployed
databasebackendhave beendevelopedandmany morearecurrentlyunderconstruc-
tion.

With eachuserinteraction,the interfaceemitsa numberof queriesto thedatabase
that ideally lead to an answerset of a few tensof candidateresults.Involving ac-
cessesto differentmulti-dimensionalindexes,theevaluationof suchqueriesis usually
in theorderof few seconds.Still, thequeriesareof distinctly low complexity compared



to queriesin classicaldatabaseapplications.Moreover, the deviation of runningtime
amongthequeriesis limited, not leastto ensureacceptableresponsetimes.

The primary challengein this settingis to develop processingtechniquesto opti-
mize the querythroughput.Parallelprocessingis anessentialelementto achieve this,
however, a straightforwardrecastingof methodsdevelopedfor paralleldatabasesdoes
notapplyheresincemostsolutionsdevisedin thisareaarealmostexclusively gearedto
tacklehighly complex andlong runningqueries.There,queriesareusuallyparallelized
on a granularityof partial plansor evensingleoperators,i.e. singleoperatorslike the
join of two tablesare executedin parallel on differentnodesinvolving exchangeof
partial resultsamongthe singlenodes.However, thesetechniquesare ineffective for
thekind of querywe areconsideringsincecommunicationandcoordinationoverheads
would outweightheactualbenefits.

In this paper, we proposea parallelqueryprocessingarchitecturethatcantake ad-
vantageof the querycharacteristicby its physicaldesign,suitablequeryscheduling,
andthewayqueriesareexecuted.

Theplatformof operationis a shared-nothingenvironment—i.e.a clusterof inex-
pensivePCs—whereeachnoderunsa Monetserverwith a fully replicatedcopy of the
database.Onemachineis distinguishedascoordinatornodethatdispatchesthearriving
queriesto the serversaccordingto a schedulingstrategy. The schedulingschemawe
develop in this paperdiffers radically from previous work aswe do not try to model
varioussystemparametersin orderto exploit primarily idle systemresources,but take
into accountwhat datais memory-residentat the servers, i.e. cachedby the servers.
Thealgorithmis basedon a metric thatdeterminesthe distance betweena server and
a query—thelessthis distance,themoresimilar thestateof thememoryat this server
andwhatis requiredto processthis query. Moreover, we investigatepossibilitiesof re-
orderinganddeferredexecutionof queriesto further reduceexecutioncosts.Oncea
queryis assignedto aserver it is executedin isolationonthisserver, sonosynchroniza-
tion or communicationwithin theclusteris neededfreeinginterconnectionbandwidth
for shippingof bothqueriesandresults.

Sincewearedealingwith read-onlyaccesses,wedonothaveto considertransaction
mechanismsto keepthe replicateddataconsistentacrossthe databasecluster. Rather,
thedatabasesareperiodicallyupdatedby mirroringa masterdatabase.

The experimentalevaluationof the techniquesproposedshow substantialsavings
over conventionalgreedyschedulingthat takesonly the machines’workloadinto ac-
count.In a largenumberof experimentsweinvestigatetheimpactof individualparam-
etersclosely. Our resultsconfirmthearchitecturaldecisionsshowing excellentscaling
behavior.

The remainderof this paperis organizedas follows. We review relatedwork in
Section2. In Section3 wepresentthearchitectureanddescribethequerymodelin Sec-
tion 4.Section5 discussesthemodelingof theserverpoolandtheschedulingalgorithm.
In Section6, we presenta comprehensive performanceanalysis.Section7 containsa
discussionof thedesigndecisions.We concludethepaperwith Section8.



2 RelatedWork

Parallel query processinghas been studied in a large variety of facets, see
e.g.[PMC

�
90,DG92,HS93,WFA95,Gra95]. Most of relatedwork in this field concen-

tratedon possibilitiesto speeduphighly complex querieswith long runningtimes.Ap-
proachesastaken in [HM94] and[GI96] suggesta decompositionof the queryplans
into sub-planswhicharethenexecutedin parallelondifferentnodesof theparallelpro-
cessingenvironment.The granularityof this decompositionvariesandcanbe asfine
asparallelizingsingleoperatorasstudiedfor examplein [SD89,SD90,WFA95] but is
oftenchosencoarser[HM95,CHM95,GI96,GI97].

Theseapproacheshavein commonthatthey requirecommunicationbetweensingle
nodesfor shippingor exchangingpartial results.This causesnetwork contentionand
synchronizationeffectswherenodeshaveto wait for othersto completetheir tasksfirst.
As a result,a parallelizationalongtheselinesonly paysif the queryis of sufficiently
high complexity. Otherwisecommunicationoverheadandsynchronizationeffectsout-
weighperformancegains.

Moreover, parallelprocessingasoutlinedabove scalesonly for small numbersof
nodeseffectively. In shared-nothingarchitectures,network contentionbecomesincreas-
ingly abottleneck;in thecaseof shared-everything,thehighdegreeof resourcesharing
limits thescaling[Sto86,NZT96].

Whatmakesmostof theseapproaches,however, questionableis thefactthatduring
the optimizationa numberof highly sensitive parameter—which are hard to model
mathematicallyandimpossibleto maintainaccuratelyduringrunningtime—haveto be
takeninto account.Parameterslikenetwork load,pagefaultsetc.areassumedconstant
during thequeryexecutionandestimateerrors,which mayhave severeimpacton the
performance,cannot becorrected(seee.g.[GI97]).

Generalmemoryallocationissueshave beenexploredextensively with respectto
variousaspectsof queryprocessing.In [MD93], authorsproposeddynamicmemory
allocationschemesfor multi-queryworkloadto level memoryallocationwithout shar-
ing residentdata amongdifferent queries.By analyzingqueriesand their common
sub-expressionsthe re-useof memoryresidentdatais often a by-effect [SSN94]. In
[MSD93], authorsconsiderbatchschedulingfor parallelprocessing.However, main-
memoryis in both casestransparentlyviewed asa centralresourceanddatalocation
within distributedmemoryhasnot beenconsidered.

In thecontext of transactionprocessing,severalqueryroutingschemasfor database
clustershave beeninvestigated(seee.g. [Tho87,FGND93,RBS00]).This field of ap-
plication differs from the problemat handin its preliminaries:queriesareusuallyof
complex natureandupdatesto the databaseneedto be propagatedover the complete
cluster. Oneof themajorgoalsis for instanceto schedulequeriessothat locking con-
flicts areavoided.For a comprehensiveoverview on this subjectseee.g.[Rah92].

3 Ar chitecture

Figure1 showsthearchitectureof oursystem.It consistsof aclusterof databaseservers
managedby acentralschedulernode.All machineshaveseparatemain-memory, CPU,
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Figure1. Queryprocessingarchitecture

anddisksnot sharingany resourcesotherthannetwork bandwidth.We useMonet,the
main-memorydatabasesystemdevelopedat CWI, asdatabaseserver [BK95,BK99].
Besidesits vertical fragmenteddata model, Monet is distinguishedby its memory
awareness,i.e. it solelyusesoperatingsystemprimitivesfor its memorymanagement,
mappingdatabasetablesdirectly to virtual memory, to avoid theoverheadof a propri-
etarybuffer managersimulatinga virtual memorylayer. Moreover it providesspecifi-
cally cacheawareoperatorimplementations[BMK99] to maximizesystemutilization
on runningqueries.

Additionally, apoolof web-serversformsthefront-endof thesystemwhichclients
interactwith. The web-servers receive either parameterizedqueriesusing text-based
forms,or they interactwith visualqueryformulationtools.

Processingof a client queryis donein 7 steps:Usersformulatetheir queryusing
the web-interface(Fig. 1,(1)). At the web-server, the queryis re-formulatedusingthe
internalproceduralqueryrepresentationof thedatabasesystem—inour caseMIL, the
query languageof Monet—andsubmittedto the query scheduler(2). The scheduler
maintainsaqueueof queriesthatareto beexecuted.By analyzingthedatarequirements
for the executionof a queryandthe dataresidentin main-memoryat the servers,the
schedulerdeterminesa favorableassignmentof queriesto servers (4). The query is



executedon theassignednode(5) andtheresultis returnedto thefront-endhost(6).1

After formattingtheresult,it is shippedto theuser(7).

This architecturedirectly aimsat the throughputoptimizationof compactqueries
wherean executionon a singlenodeis the mostefficient kind of processing.But this
architecturealsoexploits thesecondquerycharacteristic:theimprecisenessof thedata.
For example,datagatheredby robotsfrom theInternetto build up amulti-mediaindex
is updatedonly at low frequency. Thus, the server clusterdo not have to be kept in
sync as would be the caseif updatesby userswere allowed. Instead,the databases
areupdatedperiodicallyreplicatingthemasterdatabase(U). Thefrequency of updates
dependsnaturallyon theapplicationdomain.

4 Query Model

The choiceof Monet asdatabasesoftwarefor the back-endclusterimplies a specific
modelfor thequeryexecution.Theverticalfragmentationof thetablesin Monetcauses
bulk-processingtobemoreefficientthanpipeliningtechniques.As aconsequence,there
areno morethantwo tablesprocessedon a singleCPU at a time.Note,this execution
modeldoesnot imposeany restrictionsontheshapeof theexecutionplans—bothlinear
andbushyplansarefeasible.Accessto a tablecanbe eitherof type LOAD or SCAN.
LOAD readsa tablefrom disk into memoryto make it partof thehot set,e.g.usedwith
innerrelationsof nested-loopjoins. SCAN readsthetable,but doesnotkeepthedatain
memoryaftertheactualoperationis performed,e.g.usedin selectionsor for theprobe
relationof a hashjoin. Thebuilding of a hashtablecanbeseenasspecialtypeof load
astheresultis only accessiblevia thehashattribute.

The costsfor executinga relation algebraoperatorconsistsof the costsof load-
ing/scanningof the tableplus the actualcostsfor the operation.Fitting the piecesto-
gether, wecandescribeaqueryasa sequence�	��

��� ���������
��������������������� ��� � ��� � �
� � ��� � �
!
whereeachquadruplecorrespondsto anoperatoror—asin caseof a join—to a partial
operator.

� "
specifiesthetablenecessaryfor theoperation.� " denotesthehashattribute,

i.e. theoperatoraccesses
� "

via this attribute; � " �$#
if not applicable.

The associatedloading costs, if the tableis not alreadyresidentin main-memory,
aregivenby � " . We denotethetotal loading costs of aqueryas% �&� � �(' " � " �

1 For simplicity of presentationarrows (6) follow the routingof thequery(2–4),however, the
queryresultcanbesentdirectly to thefront-endanddoesnothaveto passthequeryscheduler.



Thecoststo executetheoperator, theoperator costs, aredenotedby � "
. We denotethe

total operator costs of aqueryas) �*� � � ' " � " �
Note,both � " and � "

areexpressedin termsof thesameunit to achieve a propercom-
parison.

A queriesexecutiontimeon a “cold” server, i.e.no datais loadedyet, is+ �&� � � % �*� �-, ) �*� ���
If all tablesneededby

�
arealreadyin memory—andin caseof hashtables,arehashed

by theproperattribute—theexecutioncostsof thequeryamountsto
) �*� � only.

Examples

Herearesomeexamplesto illustratethis modelingbasedon Monetperformancechar-
acteristics.Thetwo tablesA andB usedin thisexampleareof size8.8MBand4.95MB,
respectively. Our testplatformachieveda bandwidthof 5.5MB/sfor diskaccess.

– Nested-LoopJoin, .(/10�	��

� . � # ��23� 45�
63�7� � 0 � # ��6�� 8���9�� 4:��!
Table . takes1.6sto load, no operatorcostsoccur. Table 0 takes0.9sto load;
performingthejoin requires2.6s.

– HashJoin, .(/;0�	��

� . �
�<��9��>=?�
63�7� � 0 � # ��6�� 8���23�@2���!
Similar to previousbut now, . mustbe a hashtablewith hashattribute � . Hence
loading . is moreexpensiveasit includesbuilding thehashtable.

5 Query Scheduling

Thequeryschedulingcomprisesseveralelements.Besidesa modelfor theserverswe
definea server-query distance which capturesthepotentialre-useof memoryresident
data.Additionally, wealsointroducedeadlines.

5.1 Servers

For the scheduling,a server of the databaseclusteris modeledby its stateof mem-
ory andthe workload.The stateof memoryis the setof tablesresidenttogetherwith
a replacementstrategy. We areconsideringbasetablesonly anddiscardintermediate
resultsof theprocessingassoonasthey areno longerused.As a replacementstrategy
we useLRU asit exhibits thebestaverageperformance.The loadinganddroppingof



tablesis donevia thememorymappingfunctionalityof theoperatingsystem.To main-
tain sufficient controlover the memoryallocationthroughoutthecompleteclusterwe
loadanddroponly completetables.Thisway, theschedulercanrely ontheinformation
which tablesarememory-resident,i.e. accessingthemwill not causeadditionalcosts
for swapping.Swappingmay only occurwhenall unusedtablesarealreadydropped
but thememoryrequirementsof thecurrentoperationarestill not met.

For the workload,we distinguishthe two statesidle andbusy, i.e. we assignone
queryto oneserverata time.This is not justasimplificationto facilitatethescheduling
but anecessityin main-memorydatabaseswherecacheawarenessandconcurrentmem-
ory accessareof distinctly higherimportancethanin I/O-dominateddatabasemodels
[MBK00]. We modelthe workloadasfunction A �*B � which returnsthe expectedtime
of job completionat server

B
, given its currentworkload,i.e. the expectedtime from

now when
B

will becomeidle. If theserver is idle, A �&B � evaluatesto 0. A will beused
in the schedulerto find the nodethat will finish its job next. A is computedby con-
ventionalcost formulaeknown from sequentialqueryprocessing:Given the time C5D
the currentlyrunningqueryhasbeenassignedto server

B
, C the time A is evaluated,

and E theexpectedrunningtime of thequery, the time of job completioncomputestoA �&B � � C5D , EGFHC . SeealsoSection7 for a discussionon theaccuracy of A .

5.2 DistanceMetric

We definetheserver-query distance asthecoststo loadthetablesfor a givenquery
�

on aserver
B

:I �&� � B � �(' "$J ��� " �
� " �LKM� "
where

J ��� " �
� " � �ON 65� if
� "

is memory-residentat
B

andhashedby attribute � "23� else

indicateswhethertable
� "

is residentin memoryat
B

. In case
� "

is requiredashashtable,J alsocheckswhetherthetableis hashedby attribute � " .
Schedulinga batchof queriesoptimally on P servers is finding a division into P

batches0 �Q�������7� 0SR , eachof which areexecutedsequentiallyon oneserver, suchthat
therunningtime of thebatchwith thelongestcompletiontimeTVU�W"YX 'QZ([ I �&� Z � B �-, ) �&� Z ��\3� � Z^] 0 "�_
is minimal.



Algorithm MAS

while queue not empty do`�acbedgfih
foreach query

�
in jlknm �

(queue) do

for o = 1 to number of servers do` = p �*� � B " �q, ) �*� �q, A �&B " �
if `srt` acbed dou� f �uB f Bv"` acbed fw`
done

done
if x
y7m{z}|
xnp �*� � then break

done
assign query

u�
to server

uB
remove

u�
from queue

done

Figure2. SchedulingAlgorithm MAS

5.3 SchedulingAlgorithm

We usethedistancemeasureto developa greedyschedulingalgorithmthatestablishes
an acceptabletrade-off betweenworkload-andmemory-focusedscheduling.Figure2
shows anoutlineof our algorithmcalledMemory Aware Scheduling (MAS). It iterates
over the queueof arriving queries,selectingone at a time, and determinesthe best
ad-hocassignment.

In detail,weexaminethefirst ~ elementsof thequeue—orlessif thequeuedoesnot
contain ~ queries.We investigatethe impactof ~ andsuitablevaluesfor it in thenext
section.For eachof the ~ queries,we computè which consistsof the distanceto all
servers

Bv"
plustheoperatorcostof thequeryandtheexpectedtime at which server

Bv"
becomesavailable, A �*Bv" � . We recordthepair

� u� � uB � with thelowestvaluefor ` . After
examinationof all ~ queries,weassign

u�
to

uB
whichmeansthat

u�
will beexecutedonuB

assoonasthis servergetsidle.

Thealgorithmis in � ��� K ~ K���� where
�

is thenumberof queriesin total, ~ is the
numberof queriesconsideredin eachrun,and � is thenumberof serversavailable,i.e.
thealgorithmis linearin thenumberof queries.To giveany meaningfulboundson the
performanceis particularlydifficult becauseof theLRU replacementof tables.



Size �H��� MB ����� MB ����� MB �H��� MB �H��� MB
#Tables ���M� ��� ��� �7� ���

Table1. Sizesandnumbersof basetables

5.4 Deadlines

In order to give the usera guaranteeof service,we tag every querywith a deadline.
This deadlinerefersto the latestpoint in time thequeryhasto beassignedto a server
for execution,i.e.assoonasthedeadlineof aqueryexpires,theschedulerhasnoother
choicethanassigningthisveryqueryto aserver.

We tag all querieswith a time stampaccordingto their arrival. In other words
queriesare not forced by deadlinesto overtake others,thoughit is often beneficial.
As a result,we needonly checkthefirst queryof thecurrenttop ~ batchfor deadline
expiration.If thefirst query’sdeadlineis expired,we do not needto examineany other
query in the batchbut have to assignthe first immediatelyto a server. Otherwise,if
the first query’s deadlineis not yet expired,no otherdeadlinecanbe due.Testingfor
expiration after the first query hasbeenchecked againstall serversensuresthe best
assignmentin casethedeadlineexpired.

6 Experimental Results

In thissection,wedescribeexperimentalresultsobtainedwith asimulator. Wechoseto
simulatethesystemin orderto experimentwith parametersthatarestrictly limited by
anactualhardwareconfiguration,suchassizeof thedatabaseclusteror main-memory
availableat theindividualservers.

6.1 Preliminaries

Sincethe full multi-mediaAcoi demonstratordatabaseis still underconstruction,we
hadto confinethe experimentsto the part alreadyoperational.The part chosenis the
index systemof the ACM Anthology, which is included in the demonstratorto as-
sessits capabilitiesin theareaof XML-baseddatabaseprocessing.We usedstatistical
dataavailable from an actualMonet databaseinstancewhich containsthe complete
XML codeof the Anthology decomposedinto the vertically fragmenteddatamodel
[SKWW00]. Including indexes, the databasecontains376 tableswith up to nearly
60000rows.Thenumbersof tablesaccordingto their sizesaregivenin Table1. Typ-
ical queriesusesome5 tablesor less,seldomup to 10 or more.We generatedbatches
of 10,000and100,000queriesof exponentiallydistributedsizesaccessing5 tableson
average.

We do not considermechanismsto rejectuserqueriesdue to overloadsincethis
canbedonealreadyat thefront-endlevel.Modelingarrival ratesprobabilisticallyis not
necessaryasqueriesdo not significantlydiffer in runningtime, thusinformationabout



thequeriesdoesnotneedto beconsideredto makeachoicewhichqueriesto acceptand
whichto reject.Forourexperiments,weassumethemaximalexpectedqueryarrival rate
to modeltheworstcasebehavior with maximumload.Moreover, we assumeall hosts
within the databaseclusterare of identical configurationregardingthe cost relevant
parameters.

Sincethe replacementof tablesalonganLRU strategy makesanalyticalmodeling
of thealgorithmhard,we implementedGraham’s list scheduling (GLS), which is based
on workloadfigures[Gra69], for comparison.We choseGraham’s algorithminstead
of seeminglymoreadvancedtechniques,like [GI96], as it is the only algorithmthat
doesnot make assumptionsconcerningparameterslike network load etc.,which are
impossibleto maintainaccuratelyat reasonablecosts(seealsoSections2 and7).

We adaptedthe original algorithm to fit the online arrival of queries,i.e. to use
thekind of look-aheadwe introducedin MAS above.Graham’s algorithmis known to
be highly effective despiteits simplicity overcomingsomecharacteristicdisturbances
alsoknown asscheduling anomalies. Theseanomaliesoccurwith jobs thatdiffer sig-
nificantly in completiontime. Pleasenote,we run Graham’s algorithmin exactly the
samesetting,i.e. with LRU replacementof tablesasnecessary. As a result,Graham’s
algorithmalsoprofitsfrom re-useof memoryresidentdata.

Themainparameterswe want to investigateare,foremost,the numberof servers,
the look-aheadduring the scheduling,and the amountof memoryavailable at each
server. Note,therearetwo principalwaysof comparison:a one-on-onecomparisonof
bothalgorithmsrunon identicconfigurationsof theplatform(relativeperformance),or
a comparisonof thescalingcharacteristics.Typical examplesfor thelatterarespeedup
andscale-up.We will comparethe two algorithmsusingboth principleswhereade-
quate.

6.2 Warm/Cold Processing

In this first experimentwe investigatethedifferencesbetweenwarmandcold servers.
We refer to a server ascold if no othertablesthansystemtableshave beenloaded.If
morethan80%of theavailablememoryareallocatedwe call a server warm.2 This is
not only relevant for laterexperimentsbut alsofor the real applicationscenariowhen
thesystemhasto beshutdown andre-startedfor technicalreasonslikemaintenanceetc.
We canexpectdifferenteffectsif theamountof memoryperserver is varied.For small
server configurationsthe warm up is completedearlier thanfor large ones.However,
moreimportantis theamountof memoryin total, i.e. thenumberof servers.Figure3
shows therelativeexecutiontimesof batchesof 10,000queriesasfunctionof thenum-
berservers.For exampletheleftmostdatapoint for MAS reflectstheratio of execution
times for MAS on a cold to that on a warm server. The left graphshows times for a
serverconfigurationof 64, theright for 256MB.

For GLS, cold andwarmexecutiontimesarealmostthesame.Warmprocessingis
only up to 5% quicker. For MAS the ratio differs significantlyshowing gainsof more

2 Wedeterminedthevalue80in preliminaryexperiments.Executiontimesonserverswith more
than80%allocatedmemorydid not differ significantly.



0.50

0.60

0.70

0.80

0.90

1.00

1.10

0 10 20 30 40 50 60 70 80 90 100

R
el

at
iv

e 
ex

ec
ut

io
n 

tim
e�

Number of servers

GLS
MAS

0.50

0.60

0.70

0.80

0.90

1.00

1.10

0 10 20 30 40 50 60 70 80 90 100

R
el

at
iv

e 
ex

ec
ut

io
n 

tim
e�

Number of servers

GLS
MAS

Figure3. Relativeperformanceof warmovercoldservers

than 35%. Especiallyfor the rangeup to 50 servers, the larger configuration(right)
achievesbetterperformance,i.e. the curve is steeper. For moreservers,the impactof
thelargeramountof memorydecreases:for 100serversandmore,resultsarevirtually
equal.We addresstheissueof memorysizesin moredetail in 6.5.

All furtherresultspresentedin this sectionareobtainedfrom warmservers.

6.3 Reordering of Queries

The next experimentinvestigatesthe impactof the look-aheadduring scheduling,i.e.
themaximalnumberof queriesthatmaybere-orderedbetweeneachassignment.

Figure4 showsexecutiontimesfor asingleserver(left) andaclusterof 100servers
(right). In bothcasestheserver(s)had64MB of memory. Theexecutiontime is shown
asa functionof the look-ahead,scaledto GLS’s first datapoint, which correspondsto
a first-come-first-serve (FCFS)scheduling.The sizeof the completequerybatchwas
10,000.In thecaseof oneserver, thelook-aheadis of highimportancefor MAS andsav-
ingscanamountup to 20%of theexecutiontime. GLS, however, doesnot significantly
profit from look-ahead.

In thecaseof 100servers,thesituationchanges.GLS relatively improvesmorewith
increasinglook-aheadbut for MAS hardly any improvementis noticeable,thoughits
executiontime is substantiallybelow the oneof GLS. This is dueto the fact that in a
pool of 100serversmany serveroffer a very low server-querydistanceanddifferences
areoftenvery small.As a consequencere-orderingcannothelpfinding a significantly
lowerserver-querydistanceasit did in thesequentialcase.

In all furtherexperimentswe usea look-aheadof 100queriesunlessstatedother-
wise.

6.4 Speedupand Scale-up

Thetwo fundamentalmeasureswheninvestigatingtheperformanceof parallelsystems
arespeedupandscale-up.The previousquantifiesthegainswhenscalingup the plat-
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Figure4. Impactof look-ahead;Singleserver (left) andclusterof 100servers(right)

form but keepingtheproblemsizeconstant,the latterdescribesthesystem’s ability to
copewith problemsizesgrowing proportionallywith theplatform(cf. e.g.[DG92]).

Figure5 showsthespeedupfor aquerybatchof 100,000queriesevaluatedonupto
4096serverswith 64MB memoryeach.As theplot shows, GLS achievesslightly sub-
linear speedupwhereasMAS achieveseven super-linear speedupwhich translatesto
effectivere-useof memoryresidentdata.To betterillustratethisphenomenon,consider
a very basicexampleusing4 tablesA,B,C andD of samesizesuchthatonly two table
fit into memoryat thesametime,anda batchof 4 queries:� � ��
�� . �n9?��93��� � 0 �n9?�n9���!� � ��
��&� ��9���9��7� �*� ��9���9��
!�^����
��*� ��9���93��!�S����
�� . �n9?��93��!
Onasinglemachine,thetotalcostsamountto � , � ,���,�� � 9�� . With linearspeedup,
we would expect12 costunits for a parallelizationon two hosts.MAS assignsqueries� � and

� �
to one,

� � and
���

to theothermachinewhichamountsto � ,�9 � 2M6 costs
at eachnode.Hence,the total executiontime is 10 comparedto 24 on a singlenode
which givesa speedupof 2.4.

Figure6 showsthescale-upfor thesameserverpoolconfiguration.MAS maintainsa
scale-upof about1.1evenfor largeconfigurationswhereasGLS dropsquickly to about
0.8.

6.5 Dir ectComparison

In our lastexperiment,we comparethealgorithmsdirectly, i.e. we determinetheratio
of MAS’sexecutiontimeto theoneof GLS for eachindividualparametersetting.Values
below 1.0indicatethatMAS outperformsGLS. As parameterof theexperimentwevary
numberof servers,memoryavailable,andlook-ahead.
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Figure7 shows the relative executiontime asa function of the numberof servers
andtheamountof memoryperserver. Thenumberof serversvariesbetween5 and100,
memorybetween32 and 640MB. As the diagramdisplays,MAS outperformedGLS

in all 400 individual experimentsachieving executiontimesasshortas40% of those
of GLS. However, as the diagramreveals,this is no monotonicprocess,rather, with
increasingmemorysizes,GLS managesto “catchup”, thoughonly to a certaindegree.
Seefor examplethefront row where,afterMAS increasesits lead(0.4at ca.160MB) it
cannotfurther improve on therunningtime whereasGLS becomesincreasinglybetter.
For more than ca. 320MB neitheralgorithm can achieve any improvement,thus the
plateaux.



Figure8 shows the relative performanceasfunctionof the numberof serversand
thelook-ahead.All servershad64MB of memory. Theplot showsresultsthataffirm the
previously foundonesnow alsoin thedirectcomparison:For smallnumberof servers
look-aheadplaysanimportantrole (seelastrow), which fadesasthenumberof server
increases(seefront row).

7 Discussion

While implementingandtestingdifferentversionsof MAS we madeseveraldesignde-
cisionswhich arenot self-evidentat first sightanddeserveto bediscussedmoreelabo-
ratelyin thefollowing.

Themostimportantquestionin thedesignprocesswaswhetherto includemoresys-
teminformationabouttheserversor not.Typically, costmodelsin paralleldatabasestry
to modelthesystem—particularlythesharedresourceslike network or shareddisks—
asdetailedaspossible.We chosenot to incorporatethis kind of informationfor three
reasons:Firstly, thetypeof querywearedealingwith cannotprofit muchfrom thekind
of parallelprocessingthesecostmodelshavebeendevelopedfor. Secondly, acostcom-
putationthat takesdetailsat this fine granularityinto accountis computationallytoo
expensive to deliver costestimatesfor hundredsof serverswhenan online arrival of
queriesneedsto be scheduledin real-time.Lastly, this detailedsysteminformationis
hardto maintain.To keepit accuratelyup-to-dateduringtheprocessingwould require
a substantialshareof bothnetwork andprocessingresourcesandis thusunfeasible.

In contrastto thatthecostvaluesusedby MAS areof simplernature.Thecostesti-
matesfor thequeryexecutiontime (seeSection5.1)canbeassembledfrom sequential
costestimates.Sincethequeriesareemittedby afixedinterface,thereis thepossibility
to pre-compilequerieswhich aretheninstantiatedwith a few parameters.In thatcase
highly accuratecostestimatescanbepre-computedand—likethequeries—instantiated
with parameters.

The information necessaryto describethe systemfor the schedulingis in so far
easyto maintainas it consistsonly of a feedbackindicating that processingof the
last query hasterminated,i.e. the result hasbeenshipped,and what tablesare now
in main-memory. To avoid idlenessbetweenfeedbackandnew assignment,serverscan
beextendedto buffer one querywhile processingthepreviouslyassigned.Thefeedback
togetherwith the fact that serversdo not maintainown queryqueuesensuresthat the
impactof a few, inaccuratecostestimates,which cannever becompletelyavoided,is
keptdown to a minimum.

Finally, the queryexecution we proposeddoesnot allow for multi-programming,
i.e. runningseveralqueriesconcurrentlyon oneserver. This choicewasmotivatedby
two facts.Firstly, multi-programmingis not very beneficialin main-memorydatabases
like Monet asconcurrentlyprocessedqueriesoften get into eachother’s way, unlike
in I/O dominateddatabasesystems.Secondly, andmoreimportantlyasthis holdsfor
otherdatabaseback-endstoo, the potentialgainsof multi-programmingwhereI/O of
onequeryandCPUintensivecomputationof anotheronecanbealignedis very limited
asit is our foremostgoalto avoid costlyI/O operationsat all.



8 Conclusion

Web-enableddatabasesanddatabaseback-endtechnologyfor largeweb-baseinforma-
tion systemsare oneof the fastestgrowing segmentsof the databasemarket. Those
systemschallengethetraditionalrepertoireof optimizationtechniquesusedin database
technology. Powerful, userinterfacesfor multi-mediaobjectretrieval concurrentlysub-
mit large numbersof queriesto the databaseback-endwhich make throughputopti-
mizationa primaryoptimizationgoal.

In this paper, we proposea parallelqueryprocessingarchitectureandinvestigated
thepossibility to exploit datasharingby clever schedulingof thearriving queries.We
have developedMAS, a schedulingstrategy that tries to maximizethe re-useof data
residentin mainmemoryacrossthedatabasecluster. Thealgorithmis distinguishedby
its simplicity androbustnesson onehand—theinformationneededto make MAS work
is easyto obtain,accurate,andneedsonly little effort to be kept up-to-date—andits
effectivenesson theotherhand.

Our experimentsshow superiorresultscomparedto conventionallist scheduling
in termsof bothquerythroughputandscalingbehavior confirmingour considerations.
Moreover,by re-usingthedataavailableratherthanassigningdataactively, theschedul-
ing algorithmadaptsto changinghotspots.

Our futurework is gearedtowardextendingtheschedulingschemato considerin-
termediateresultsandexploit similaritiesamongqueries.
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