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Abstract

Real-timedata servicescan signi�cantly increase, e.g.,
thepro�t of onlinetradesbyprocessingtransactionswithin
their deadlines.However, supportingthetransactiontime-
linessin dynamicenvironmentssuch as the WWWis chal-
lenging, sincetransactionsmayarrive in a bursty manner
and executelonger than expected.As a result, the degree
of data/resource contentionmay vary, causing deadline
misses.To addressthis problem,we re�ne real-timedata
serviceperformancemetricsanddevelopa novel feedback-
basedschemeto managethecleanCPUutilization,which is
thedifferencebetweentheaggregateutilizationandwasted
utilizationdueto datacon�icts anddeadlinemisses,in main
memoryreal-timedatabases.According to thecontrol sig-
nal computedin the feedback loop, the QoSof relatively
large transactions,which usuallyincur more data/resource
contention,canbedegradedunderhighcontention.Admis-
sion control can also be appliedto incomingtransactions,
if necessary, to improvethereal-timedatabaseperformance
undersevereoverload.Bycarefullymanagingthecleanuti-
lization,wecansubstantiallyimprovethesuccessratio, i.e.,
thefractionof thesubmittedtransactionsthathavebeenad-
mittedand �nished within their deadlines.In a simulation
study, which modelsburstyarrivals of long-runningtrans-
actionswith timing constraints,our approach improvesthe
successratio by up to an order of magnitudecompared to
existingapproaches.

1 Intr oduction

A real-time database(RTDB) can improve, e.g., the
pro�t and productquality of e-commerceand agile man-
ufacturing. For example,e-commerceclientsaresensitive
to theservicedelay, while a largeportionof traderequests
needto beprocessedat theback-enddatabaseservers[12].
Sinceexisting(non-real-time)databasesdonotsupporttim-

ing constraints,they aresubjectto missingbusinessoppor-
tunities.

In thispaper, weaimto signi�cantly improvetheperfor-
manceof RTDBs operatingin dynamicenvironments,e.g.,
theWorld WideWeb,whichofteninvolveburstyarrivalsof
possiblylong-runningtransactionsthatexecutelongerthan
expectedwith potentialdatacon�icts [4, 9, 12]. For exam-
ple, stockpriceupdatescanarrive in a burstymannerupon
trades[11]. In addition,thearrival rate,executiontime,and
dataaccesspatternof usertransactionsmayvarydepending
on thecurrentrealworld status.

Despiteits importance,very little work hasbeendone
to managethe RTDB performancein suchdynamicenvi-
ronments[3, 6, 10]. Most existing RTDB researchsuchas
[1, 3, 6, 7] usuallyconsiderworkloadsconsistedof periodic
updatesandrelatively smoothusertransactionarrival pat-
ternssuchasPoissonarrival patterns.To shedlight on this
problem,wetakeastepwiseapproachin whichwe(i) revisit
andre�ne RTDB performancemetrics;(ii) developa novel
feedback-drivenapproach,calledF eedClean, to improve
theperformanceof amemory-residentRTDB with minimal
CPU utilization wastesdue to datacon�icts anddeadline
misses;and (iii) designa new RTDB workload model to
simulatetheafore-mentioneddynamicworkloadsandcom-
paretheperformanceof FeedCleanto theexisting baseline
approachesusedfor performancecomparisonsin thelitera-
ture[1, 3, 6, 7].

We measureRTDB performancein termsof successra-
tio, i.e., thefractionof thesubmittedtransactionsthatcom-
mit within their deadlinesin a samplingperiod,e.g.,5 sec.
(For brevity, successratio is called timeputin this paper.)
Unfortunately, onecannot maximizethe timeputby sim-
ply maximizingthe utilization, sincea lot of the precious
utilization canbe wasteddueto severeresource/datacon-
tention. A transactionexecutioncanbe delayeddueto re-
sourcecontention. Its deadlinecan eventually be missed
wastingthe utilization usedto executethe transactionbe-
fore the deadlinemiss. In addition,transactionsmay have
to be abortedandrestartedfrom thebeginningdueto data



con�icts. In theworst case,a databasesystemmay thrash
by repeatedlyabortingand restartingtransactionswithout
makingany progressunderseveredatacontention[13].

To handlethis problem,we aim to maintaina desired
level, e.g.,85%,of thecleanutilization, i.e., thedifference
betweenthecurrentaggregateutilizationandwastedutiliza-
tion, to improve the timeput. We have developeda novel
feedback-basedapproachto achievethetargetCPUutiliza-
tion, e.g.,90%, with tolerableutilization wastes,e.g.,5%,
dueto contention.1 Thefeedbackcontrolsystemconsistsof
the aggregateandwastedutilization controllersthat work
in concert.2 The utilization controller periodically moni-
tors thecurrentutilization andcomputesthecontrol signal
basedon the error, i.e., the differencebetweenthe target
andcurrentutilization, in a feedbackloop. Whenthecur-
rent utilization is higherthanthe target, the control signal
becomesnegative to requiretheworkloadreduction.When
the workloadshouldbe reduced,the QoSof a transaction
currentlyin thesystemcanbedegraded.

The wastecontrollerdynamicallyadaptsthe maximum
transactionsizeM thatcanbeprocessedwith thefull qual-
ity of service(QoS)basedon the currentwasteerror, i.e.,
thedifferencebetweenthedesiredwastethresholdandthe
wastemeasuredat thecurrentsamplingperiod. Whenthe
utilization needsto be reduced,a subsetof transactions
in the systemwhoseestimatedexecutiontimes are larger
thanM canbe degraded. We take this approachbecause
bigger transactionshave a relatively high probability to
abort/restartother transactionsor being aborted/restarted.
Note that this approachcanhandletransientoverloads,if
any, moregracefully thanexisting approachessuchasthe
transactiontime-outtechnique[9] thatsimply kills transac-
tionsthatrun longerthana certain�x edtime-outthreshold
underoverload.

If theworkloadshouldbefurtherreducedafterpotential
QoSdegradation,admissioncontrol is appliedto incoming
transactionsto improvetheRTDB performanceby reducing
thepossibility of systemthrashingunderoverload,similar
to [6, 7, 13]. By degradingtheQoSbeforeapplyingadmis-
sioncontrol,we cangracefullyhandlepotentialoverloads.

Unlike mostexisting RTDB work (e.g.,[1, 3, 6, 7]) that
considerperiodicupdatesandrelatively smoothPoissonar-
rival patterns,we modelburstytransactionarrivalsthatcan
model both temporaldata, e.g., stock price, updatesand
usertransactionarrivals. We alsomodellong-runningreal-
time transactionswith different degreesof potentialdata
contention.In thesimulationstudy, FeedCleansigni�cantly
improvesthetimeputcomparedto thebaselinesdescribedin
[1, 3, 6, 7], while effectively managingthecleanutilization

1We do not aim to completelyeliminatebut aim to reducethe waste,
sincemostdatabasesinvolve transactionaborts/restarts.

2We usethe two controllers,becausethe utilization controller alone
cannotcontrol the utilization waste.Further, we have found(via simula-
tions)thatthewastecontrolleralonemayunderutilize thesystem.

by dynamicallyadaptingthesystembehavior via feedback
control,QoSmanagement,andadmissioncontrol.

The restof thepaperis organizedasfollows. Section2
describesthedatabaseandtransactionmodels,de�nesper-
formancemetrics,andpresentsFeedClean.Section3 de-
scribesthesimulationtechniquesneededto designdynamic
workloadsand discussesperformanceevaluation results.
Relatedwork is discussedin Section4. Finally, Section5
concludesthepaperanddiscussesthefuturework.

2 PerformanceManagementin Dynamic En-
vir onments

In this section,our transactionmodel,performancemet-
rics,andthearchitectureandbehavior of FeedCleanaredis-
cussed.(We alsomodeltheutilization andwastein a con-
trol theoreticmanner. Basedon themodels,we developthe
feedbackcontrollers.However, themodelingandcontroller
developmentarenotincludedin thispaperdueto spacelim-
itations. We refer interestedreadersto [5] for the related
discussion.)

Databaseand Transaction Models. We considerthe
main memorydatabasemodel in which transactionshave
�rm deadlines.Tardy transactionsare abortedupon their
deadlinemisses,.e.g.,to avoid potentiallossesof pro�t due
to market statuschanges.A real-timetransactionTi is de-
scribedby its relativedeadlineD i , currentQoSlevel QoSi ,
andestimatedexecutiontime EETi . Ti mayreador write
dataanddo somecomputationbasedon theaccesseddata.
Ti is composedof mandatoryandoptionalparts,similar to
[8]. If theQoSi of Ti is high, both themandatoryandop-
tional partsareexecuted;therefore,Ti 's estimatedexecu-
tion time EETi = EETi man + EETi opt whereEETi man

andEETi opt representtheestimatedexecutiontimesof the
mandatoryandoptionalparts,respectively. WhenQoSi =
low, only themandatorypart is executed.Thus,EETi =
EETi man . The estimatedutilization EUi = EETi =Di

whereD i = slack� (EETi man + EETi opt ) andslack > 0.
Transactionscanbeaborted/restarteddueto datacontention
andexecutiontimesmay vary dependingon the accessed
datavalues,e.g.,thecurrentstockprices.As a result,exe-
cutiontime estimatesmayincludeerrors.

Performance Metrics. To measurethe RTDB perfor-
mance,we de�ne the following performancemetrics: The
timeput = 100 � N c

N s
(%) whereNc andNs indicatethe

numberof transactionscommittedwithin their deadlines
and that submittedto the systemin a sampling period,
which is set to 5 secin this paper. The clean utilization
C = U � W whereU is the measuredCPU utilization
andW is theutilization wasteddueto deadlinemissesand
aborts/restartsin a samplingperiod.Thus,C representsthe
pureutilization usedto processreal-timetransactionswith-
outany wastedueto deadlinemissesor aborts/restarts.The



QoS = 100� N f

N c
(%) whereN f is thenumberof transac-

tions that have beencommittedwithin their deadlinesand
processedat the full quality of service,executingboth the
mandatoryandoptionalparts. For the clarity of presenta-
tion, we setthedesiredutilization Ud = 90%andtolerable
wastethresholdWd = 5% in this paper. We set the de-
siredovershootandsettlingtime, e.g.,think time between
trades,to 5% and60 sec,respectively. Thus,anovershoot,
i.e., theworstcaseutilizationUo or wasteWo, aresuchthat
Uo � 94:5%(= 1:05� Ud) andWo � 5:25%(= 1:05� Wd)
evenwhenthesystemis undertransientoverload.Further,
it is desiredfor a RTDB usingour approachto be able to
handlean overshoot,if any, in 60 secandenterthesteady
statein whichU � 90%andW � 5%.
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FeedClean.Figure1 showsahigh-level designof Feed-
Clean.Thetransactionhandlerschedulestransactionsin an
EDF (earliestdeadline�rst) manner. It alsocontrolscon-
currency usingthewell-studied2PL-HP(two phaselocking
high priority) protocol[1] in which a low priority transac-
tion is abortedandrestartedupona datacon�ict to avoid
priority inversions.A transactioncanbedispatchedto exe-
cute,preempted,andaborted/restarteddueto data/resource
contention.At every samplingperiod,FeedCleanmonitors
thecurrentU andW andcomparethemto thedesiredUd

andWd asshown in Figure2. Basedon thecurrentutiliza-
tion errorEu = Ud � U, theutilization controllerCu com-
putestherequiredworkloadadjustment,i.e.,� L , to achieve
theUd. Whenoverloaded,i.e., � L < 0, a transactionTi is
degradedif EETi > M ; thatis, only themandatorypartof
theTi will beexecuted.As aresult,theutilizationneededto
executetheoptionalpart � Ui = EETi opt =Di is savedand
� L is increasedby � Ui . The QoSdegradationis repeated
until � L becomespositiveor thereis nomoretransactionto
degrade.ThewastecontrollerCw periodicallymonitorsthe
currentwasteW to computethecontrol signal� M based
ontheerrorEw = Wd � W , if necessary, to adjustthemax-
imumsizeM of atransactionthatcanbeprocessedwith the
full QoS.� M becomesnegative underhigh data/resource
contention. As a result,M is decreasedto degrademore
transactionsin thesystemwhoseestimatedexecutiontimes
aregreaterthanthenew M . WeassumethatM is initialized
astheaverageestimatedexecutiontime thatcanbederived
of�ine basedontheworkloadtraces,e.g.,onlinetradetraces
collectedfor severaldays.

Speci�cally, FeedCleanhandlesfour possiblecombina-
tionsof � L and� W asfollows. (i) � L � 0 and� M � 0:
To avoid underutilization,admit moretransactionsandin-
creaseM by � M . (ii) � L � 0 and� M < 0: Admit more
transactions,but decreaseM by � M to preparefor possi-
ble QoSdegradationin the future, if necessary, to reduce
thewastedueto datacontention.This caseis possible,for
example,whenthe CPU is underutilized,but a numberof
transactionsin thesysteminvolvewriteoperationsincurring
relatively highdatacontention.(iii) � L < 0 and� M � 0:
IncreaseM by � M . DegradetheQoSbasedonthenew M .
This caseis possible,for example,whentheCPUis highly
utilized with little datacon�icts possiblybecausemostin-
comingtransactionsareread-only. Therefore,in this case,
admissioncontrol ratherthanQoSdegradationcanplay a
moreimportantrole to reducetheworkload. (iv) � L < 0
and� M < 0: In this case,the RTDB is overloadedand
data/resourcecontentionis high. DecreaseM by � M . De-
gradethe QoSbasedon the new M andapply admission
control, if necessary, to further reducethe workload. In-
comingtransactionsarenotadmitteduntil � L new � 0 after
asubsetof currentlyrunningtransactions�nish.

3 PerformanceEvaluation

To evaluatetheperformance,wehavedevelopedaRTDB
simulator that modelsthe RTDB architecturedepictedin
Figure1. Theadmissioncontroller, QoSmanager, andfeed-
backcontrollerscanselectively beturnedon or off for per-
formanceevaluationpurposes.The main objective of the
performanceevaluationis to observe whetheror not Feed-
Cleancan improve the timeput by supportingthe desired
cleanutilization evengivenburstyarrivalsof long-running



real-time transactionswith different degreesof potential
datacon�icts. Thesimulationmodel,baselineapproaches,
andperformanceanalysisresultsarediscussedin this sec-
tion.

Simulation Model. The simulatedRTDB hasonemil-
lion dataitems to model data-intensive real-timeapplica-
tions. To generatebursty transactionarrivals, eachsource
Si generatesa sequenceof transactionswhoseinter-arrival
timesfollow theParetodistribution,similarto [4]. For other
simulationparameterssuchastheexecutiontime,slack,and
write probability, wehavetakencommonvaluesfrom exist-
ing real-timedatabasework including [1, 3, 6, 7] andvary
them,if necessary, to modelmorediverseworkloads.

EachsourceSi is uniformly associatedwith anestimated
executiontime EETi rangingbetween(5ms,20ms). The
relative deadlineof the transactionD i = slack � EETi

wherethe slack uniformly rangesbetween(10, 20). For
QoSmanagement,we assumethat theestimatedexecution
timeof themandatorypartof atransactionis ahalf theEET
neededto executethe whole transaction,i.e., EETi m =
0:5EETi .

To modellong-runningtransactionsthat executelonger
thanestimated,Si is alsoassociatedwith theactualexecu-
tion time AE Ti = TSF � EETi where1 � TSF � 5 in
ourexperiments.Notethatall thetestedapproaches,includ-
ing FeedClean,processreal-timetransactionsbasedonesti-
matedexecutiontimes,becausethey maynot have a priori
knowledgeof actualexecutiontimes (andother workload
parameters)in dynamicenvironments.

By controlling the TSF and number of sources,we
can control the load applied to the (simulated)RTDB,
called AppLoad. More speci�cally, AppLoad = 100 �P i = K

i =1 AE Ti =Di (%) whereK is the numberof sources
andAE Ti is theactualexecutiontimeof a transactiongen-
eratedby Si . WhenAppLoad > 100%, theworkloadex-
ceedsthe systemcapacity. Thus, the maximumpossible
timeputbecomeslessthan100%.

The numberof read/writeoperationsin onetransaction
is equalto its AE T. As a result, longer transactionswill
accessmoredataincurringmoredatacon�icts. In general,
dataandresourcecontentionmayincreaseasAppLoad and
TSF increase.An operationof a transactionis a write op-
erationwith atunablewrite probabilityPw . By varyingPw ,
we can probabilistically vary the transactionmix as dis-
cussedbefore. Generally, a higherPw is subjectto more
read/writeandwrite/write con�icts. We evaluatethe per-
formanceof the testedapproachesby applyingseveralPw

valuesrangingbetween0.1and0.5.
We considertwo baselinescalled Admit-All and AC

[1, 3, 6, 7] widely usedfor performancecomparisonsin RT-
DBs. Admit-All simply admitsall transactions,while AC
appliesadmissioncontrol to incomingtransactions.In ad-
dition, Admit-All andAC donotdegradetheQoS.For per-

formanceanalysis,wesettheutilizationthresholdof AC for
admissioncontrolto 90%.

We apply threecategoriesof workloadsto Admit-All,
AC, and FeedCleanto comparetheir performancegiven
differenttypesof workloads:(i) nominal loads, (ii) over-
loads, and(iii) high data contention loads. For thenom-
inal loads,we setTSF = 1. Thus,AET = EET for every
transaction.We setthewrite probabilityPw = 0:1. In ad-
dition, we increasethe AppLoadfrom 60% to 200%. We
call theseworkloadsnominal,becausethe testedapproach
canexploit the preciseexecutiontime estimates(i.e., TSF
= 1) to managethe RTDB performance,even thoughthe
AppLoadincreasesup to 200%.

In theoverloadmodel,we increasetheTSFfrom 2 to 5
by 1. Accordingly, we increasethe AppLoadfrom 200%
to 500%by 100%.Notethat,however, thesumof theesti-
matedutilizationremainsas100%.Thus,toomany transac-
tionscouldbeadmittedincurringseveredata/resourcecon-
tention.

To generatehighdatacontentionloads,wesetPw = 0:5
anddecreasethedatabasesize,similarto [1]. In thissetting,
thedatabasesizeis reducedto 1

10 theoriginal size.Further,
we increasethe estimatedexecution time to increasethe
chanceof datacon�icts during the transactionexecution.
Speci�cally, EETi uniformly rangesbetween(5ms,40ms).
In addition,we increaseTSF(AppLoad)from 2 (200%)to
5 (500%)by 1 (100%)for this setof experiments.By re-
ducingthedatabasesizeandincreasingtheexecutiontime
andthenumberof dataaccesses,we canincreasepotential
datacon�icts.

One simulation run lasts for 10 (simulated)minutes.
Eachperformancedatais theaverageof 10simulationruns
usingdifferentseednumbers.Wehavealsoderivedthe90%
con�denceintervals. In this paper, we omit thecon�dence
intervalsbecausethey arelessthan2% in mostcases.Due
to spacelimitations, we only presentthe performancere-
sultsundertheoverloadconditionsin this paper. We refer
readersto [5] for theotherperformanceresults.
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and4 show the averagetimeputandwasteof AC andFC
for increasingTSF. (We donot discussAdmit-All here,be-
causeits performanceis relatively poor comparedto AC
andFC.) In Figure3, AC shows the poor timeputasTSF
increases.WhenTSF = 2, its timeputis only 36.8%. Fur-
ther, its timeputdropsto 3.6%whenTSF= 5. Thetimeput
sharplydrops,becauseAC doesnot adaptthe systembe-
havior consideringthe currentsystemstatus. As a result,
ACadmitstoomany transactionsdueto highexecutiontime
estimationerrors. In contrast,the timeputof FC gradually
decreasesfrom 62.9%to 29.8%asTSFincreasesfrom 2 to
5. Fromtheseresults,we canobservethatFC improvesthe
timeputby up to an order of magnitudecomparedto AC
(andAdmit-All) whenoverloaded.Thus,thesetimeputval-
uesalsoindicatethatFC cangracefullyhandleoverloads.

As shown in Figure4, thewasteof AC sharplyincreases
reachingnear90%whenTSF= 5. In contrast,FC cansup-
port thedesiredwastethreshold,i.e., Wd = 5%, until TSF
= 4. The wasteis only 5.5% whenTSF = 5. In addition,
FC achieved the desired90% utilization for all the tested
TSF values. Thus, the desiredcleanutilization of 85% is
achieveduntil TSF= 4 in FC. WhenTSF=5, FC achieves
thecleanutilization of 84.5%. Fromtheseresults,observe
thatFC supportsthedesiredaveragecleanutilization even
whenoverloaded.In contrast,AC wastesalmost90%of the
utilizationwhenTSF= 5 asshown in Figure4.

Theseresultsshow both the advantageandcostof our
approach: FeedCleansigni�cantly improves the timeput
and wastecomparedto AC (and Admit-All), while sup-
porting the speci�ed waste threshold when TSF � 4.
TheQoSof FC rangesbetween20%� 60%for the tested
TSFvalues.Generally, theQoSdecreasesasTSFincreases.

Transient Performance Under Overloads. Figures5
and6 show thetransienttimeputandwasteof FCwhenTSF
= 2 andTSF = 5, respectively. In Figure5, FC shows the
consistenttimeputmainlyrangingbetween50%� 70%. As
shown in the�gure, FC'swasteis near0 throughthewhole
simulation.Fromtheseresults,wecanobservethatFCsup-
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TSF = 2 (AppLoad = 200%)
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Figure 6. Transient Timeput and Waste when
TSF = 5 (AppLoad = 500%)

portsthesatisfactorytransientperformancewhenTSF= 2
by dynamicallyadaptingthe systembehavior in the feed-
backloopaccordingto thecurrentutilizationandwastedue
to data/resourcecon�icts. In this experiment,AC's timeput
rangesbetweenonly 30%� 40%. We have alsoobserved
thatAC's wasteis over 40%in many cases.We do not in-
cludea graphshowing AC's transientperformancedueto
spacelimitations.

Figure 6 shows the transienttimeput and wasteof FC
whenTSF = 5. Initially, the timeputof FC is low, but it
graduallyincreaseandrangesbetween25%� 35%within
the time periodof 85 secand600sec. FC initially suffers
thelow timeputdueto the�ash workloadthatareapproxi-
mately� ve timesthesystemcapacity. However, it quickly
adaptsto theworkloadandsupportsreasonabletimeputaf-
ter 85 sec,while achieving thenear0 wastefrom 110sec.
In contrast,wehaveobservedthatthetransienttimeputand
wasteof AC arenear0%and100%throughthesimulation.

Table1 shows thewasteovershoot(O) andsettlingtime
(� ) of FC for the testedTSFvaluesgreaterthantwo. (The
transientwasteof FC is nearzerowhenTSF= 2 asshown
in Figure5; that is, thereis no wasteovershoot.)The set-
tling time, i.e., the time taken to reducethe wastebelow
the speci�ed threshold5%, is shorterthan the desired60



Table 1. Waste Overshoot and Settling Time
for Increasing TSF

TSF 3 4 5
O (%) 5.64 28 43
� (sec) 30 85 105

sec(Section2) until TSF = 3 andit is 105 secwhenTSF
= 5. We canobserve that theevery overshoot,if any, hap-
penedat the beginning of the experiments,i.e., when the
�ash workloadwasjust applied,for the testedTSFvalues.
After aninitial hick-up,if any, ourapproachcansupportthe
desiredtransientperformance,asshown in Figures5 and6,
via feedbackcontrolaidedby QoSdegradationandadmis-
sioncontrol.

4 RelatedWork

Amirijoo et al. [3] have recently applied the notion
of imprecisecomputationin a combinationwith feedback
control to managethe transactiontimelinessanddeviation
of temporaldatafrom the externalenvironment. Kang et
Ab. [6] proposea feedback-basedRTDB QoSmanagement
schemethatcansupportthedesireddeadlinemissratioand
sensordatafreshnessfor admittedtransactions.Our work
is differentfrom thesework in thatwe focuson managing
the cleanutilization to improve the timeput in highly dy-
namicenvironments.Controltheoreticapproaches[2] have
beendevelopedto managetheperformanceof webservers
thatmayobserve burstyarrivalsof servicerequests.How-
ever, thesework do not considerdatabaseissuessuchas
data/resourcecon�icts andtransactionaborts/restartsaswe
do in thispaper.

5 Conclusions

Generally, providing real-timedataservicesin dynamic
environmentsis essentialto supportimportantapplications
includinge-commerceandagilemanufacturing. However,
providing real-time dataservicesis challenging,because
workloadsin dynamicenvironmentsarenot known a pri-
ori. In addition,real-timedatabasesusuallyinvolve trans-
actionaborts/restartsdueto data/resourcecontention. For
thesereasons,non-adaptiveapproachesoftenfail. Ourwork
presentedin this paperaimsto addressthe problemby (i)
re�ning the performancemetrics, (ii) developing a novel
feedback-basedapproachto managethe cleanutilization,
(iii) designinganew RTDB workloadmodelto simulatedy-
namicworkloads,and(iv) performinganextensivesimula-
tion studyto comparetheperformanceof FeedCleanto ex-
istingapproaches.Accordingto theperformanceevaluation

results,FeedCleanhassigni�cantly improved the timeput,
while effectively managingthecleanutilization. In the fu-
ture,wewill investigateotherperformancemetricsandQoS
managementtechniquesto further improve real-timedata
servicesin dynamicenvironments. We will also investi-
gate the QoS managementissuesin distributed real-time
databasessuchasreplicacontrolandloadbalancing.
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