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Abstract

Real-timedata servicescan signi cantly increase e.g.,
thepro t of onlinetradesby processingransactionswithin
their deadlines.However, supportingthetransactiontime-
linessin dynamicervironmentsud as the WWWis chal-
lenging sincetransactiongmnayarrive in a bursty manner
and executelonger than expected. As a result, the degree
of data/resouce contentionmay vary, causingdeadline
misses.To addressthis problem,we re ne real-timedata
serviceperformancemetricsand developa novelfeedbak-
basedsctemeo mangethecleanCPU utilization,whichis
thedifferencebetweerthe aggregateutilization and wasted
utilizationdueto datacon icts anddeadlinemissesin main
memoryreal-timedatabasesAccoding to the control sig-
nal computedn the feedbak loop, the QoS of relatively
large transactionsyvhich usuallyincur more data/resouce
contentioncanbedegradedunderhigh contention Admis-
sion contmol canalso be appliedto incomingtransactions,
if necessanyto improvethereal-timedatabaseerformance
undersevere overload.By carefullymanagingthecleanuti-
lization,wecansubstantiallimprovethesuccessatio, i.e.,
thefractionof thesubmittedransactionghathavebeenad-
mittedand nished within their deadlines.In a simulation
study which modelsbursty arrivals of long-runningtrans-
actionswith timing constaints, our approad improvesthe
successatio by up to an order of magnitudecompaedto
existingapproades.

1 Intr oduction

A real-time databasg RTDB) can improve, e.g., the
prot and productquality of e-commerceand agile man-
ufacturing. For example,e-commercelientsare sensitve
to the servicedelay while a large portion of traderequests
needto be processedt the back-enddatabasseners[12].
Sinceexisting (non-real-timedatabasedo notsupportim-

ing constraintsthey aresubjectto missingbusinesoppor
tunities.

In this paperwe aimto signi cantly improve the perfor-
manceof RTDBs operatingin dynamicervironmentse.g.,
the World Wide Web,which ofteninvolve burstyarrivals of
possiblylong-runningtransactionshatexecutelongerthan
expectedwith potentialdatacon icts [4, 9, 12]. For exam-
ple, stockprice updatesanarrive in a burstymannerupon
tradeq11]. In addition,thearrival rate,executiontime, and
dataaccesgpatternof usertransactionsnayvary depending
onthecurrentrealworld status.

Despiteits importance very little work hasbeendone
to managethe RTDB performancen suchdynamicervi-
ronmentg3, 6, 10]. Most existing RTDB researchsuchas
[1, 3, 6, 7] usuallyconsidemworkloadsconsistedf periodic
updatesandrelatively smoothusertransactiorarrival pat-
ternssuchasPoissorarrival patterns.To shedlight on this
problem wetake astepwiseapproachn whichwe (i) revisit
andre ne RTDB performancametrics;(ii) developanovel
feedback-drenapproachgcalled F eeddean, to improve
theperformancef amemory-residenRTDB with minimal
CPU utilization wastesdue to datacon icts and deadline
misses;and (iii) designa new RTDB workload modelto
simulatethe afore-mentionedynamicworkloadsandcom-
parethe performancef FeedClearo the existing baseline
approachessedfor performanceomparisonén thelitera-
ture[1, 3,6, 7].

We measureRTDB performancen termsof successa-
tio, i.e., thefractionof the submittedransactionshatcom-
mit within their deadlinesn a samplingperiod,e.g.,5 sec.
(For brevity, successatio is calledtimeputin this paper)
Unfortunately one can not maximizethe timeputby sim-
ply maximizingthe utilization, sincea lot of the precious
utilization canbe wasteddueto severeresource/dataon-
tention. A transactiorexecutioncanbe delayeddueto re-
sourcecontention. Its deadlinecan eventually be missed
wastingthe utilization usedto executethe transactiorbe-
fore the deadlinemiss. In addition, transactionsnay have
to be abortedandrestartedrom the beginning dueto data



conicts. In theworst case,a databasesystemmay thrash
by repeatedlyabortingand restartingtransactionsvithout
makingary progresainderseveredatacontentionf13].

To handlethis problem,we aim to maintaina desired
level, e.g.,85%, of the cleanutilization, i.e., the difference
betweerthecurrentaggrejateutilizationandwastedutiliza-
tion, to improve the timeput. We have developeda novel
feedback-basedpproactto achieve thetarget CPU utiliza-
tion, e.g.,90%, with tolerableutilization wastese.g.,5%,
dueto contentiont Thefeedbaclcontrolsystemconsistsof
the aggregjateand wastedutilization controllersthat work
in concert? The utilization controller periodically moni-
torsthe currentutilization and computeghe control signal
basedon the error, i.e., the differencebetweenthe target
andcurrentutilization, in a feedbackoop. Whenthe cur
rent utilization is higherthanthe target, the control signal
becomesgyative to requirethe workloadreduction.When
the workload shouldbe reduced the QoS of a transaction
currentlyin the systemcanbe degraded.

The wastecontrollerdynamicallyadaptsthe maximum
transactiorsizeM thatcanbeprocesseavith thefull qual-
ity of service(QoS)basedon the currentwasteerror, i.e.,
the differencebetweerthe desiredwastethresholdandthe
wastemeasuredt the currentsamplingperiod. 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/restariother transactionsor being aborted/restarted.

Note that this approachcan handletransientoverloads,if
ary, more gracefullythan existing approachesuchasthe
transactiortime-outtechniqug9] thatsimply kills transac-
tionsthatrunlongerthana certain x edtime-outthreshold
underoverload.

If theworkloadshouldbefurtherreducedafterpotential
QoSdegradationadmissioncontrolis appliedto incoming
transactionso improvethe RTDB performancéy reducing
the possibility of systemthrashingunderoverload,similar
to[6, 7, 13]. By degradingthe QoSheforeapplyingadmis-
sioncontrol,we cangracefullyhandlepotentialoverloads.

Unlike mostexisting RTDB work (e.g.,[1, 3, 6, 7]) that
considemperiodicupdatesandrelatively smoothPoissorar
rival patternsywe modelburstytransactiorarrivalsthatcan
model both temporaldata, e.g., stock price, updatesand
usertransactiorarrivals. We alsomodellong-runningreal-
time transactionswith different degreesof potential data
contention In thesimulationstudy FeedClearsigni cantly
improvesthetimeputcomparedo thebaselineslescribedn
[1, 3, 6, 7], while effectively managinghecleanutilization

1We do not aim to completelyeliminatebut aim to reducethe waste,
sincemostdatabaseswolve transactioraborts/restarts.

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

by dynamicallyadaptingthe systembehaior via feedback
control,QoSmanagemengndadmissiorcontrol.

The restof the paperis organizedasfollows. Section2
describeghe databas@ndtransactiormodels,de nes per
formancemetrics,and presentd~eedClean.Section3 de-
scribeghesimulationtechniqueseededo designdynamic
workloads and discussegperformanceevaluation results.
Relatedwork is discussedn Section4. Finally, Section5
concludeghe paperanddiscusseghe futurework.

2 PerformanceManagementin Dynamic En-
vironments

In this section,our transactiormodel,performancenet-
rics,andthearchitectureandbehaior of FeedCleamredis-
cussed.(We alsomodelthe utilization andwastein a con-
trol theoreticmanner Basedon the modelswe developthe
feedbaclcontrollers.However, themodelingandcontroller
developmengrenotincludedin this paperdueto spacdim-
itations. We refer interestedreadersto [5] for the related
discussion.)

Databaseand Transaction Models. We considerthe
main memorydatabasenodelin which transactiondave

rm deadlines. Tardy transactionsare abortedupon their
deadlinemisses,e.g.,to avoid potentiallossesof pro t due
to market statuschanges A real-timetransactionT; is de-
scribedby its relative deadlineD;, currentQoSlevel QoS;,
andestimatedexecutiontime EET;. T; mayreador write
dataanddo somecomputatiorbasedon the accessedlata.
T, is composedf mandatoryandoptionalparts,similar to
[8]. If theQoS of T; is high, boththe mandatoryandop-
tional partsare executed;therefore,T;'s estimatedexecu-
tiontimeEET; = EET,; ,, + EET;,, whereEET;,,
andEET;,, representheestimatedxecutiontimesof the
mandatoryandoptionalparts,respectiely. WhenQoS; =
low, only the mandatorypartis executed.Thus,EET;
EETi,. - The estimatedutilization EU; = EET;=D;
whereD; = slack (EET,,,, +EET,, )andslack> 0.
Transactionsanbeaborted/restartedueto datacontention
and executiontimes may vary dependingon the accessed
datavalues,e.g.,the currentstockprices. As a result, exe-
cutiontime estimatesnayincludeerrors.

Performance Metrics. To measurehe RTDB perfor
mance we de ne the following performancemetrics: The
timeput = 100 m—z(%) whereN.: andNs indicatethe
numberof transactionscommittedwithin their deadlines
and that submittedto the systemin a sampling period,
which is setto 5 secin this paper The clean utilization
C = U W whereU is the measuredCPU utilization
andW is the utilization wasteddueto deadlinemissesand
aborts/restarts a samplingperiod.Thus,C representthe
pureutilization usedto procesgeal-timetransactionsvith-
outarny wastedueto deadlinemissesor aborts/restartsThe



QoS = 100 f (%) whereN; is the numberof transac-
tionsthat have beencommlttedwnhln their deadlinesand
processedat the full quality of service,executingboth the
mandatoryand optional parts. For the clarity of presenta-
tion, we setthe desiredutilization Uy = 90% andtolerable
wastethresholdWy = 5% in this paper We setthe de-
siredovershootandsettlingtime, e.g.,think time between
tradesto 5% and60 sec,respectiely. Thus,anovershoot,
i.e.,theworstcaseutilization U, or wasteW,, aresuchthat
Uo 94:5%(= 1.05 Ug)andW, 5:25%(= 1:05 Wqy)
evenwhenthe systemis undertransientoverload. Further
it is desiredfor a RTDB using our approachto be ableto
handlean overshoot,f ary, in 60 secandenterthe steady
statein whichU  90%andW  5%.

QoS u and w
Manager Comrollers
Current

Uand W
Ready Queue

Incoming
Transactions

Dispatch

Terminate

T ransaction
Handler

Admission

Controller

Figure 1. FeedClean Real-Time Database Ar-
chitecture
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FeedClean.Figurel showvs a high-level designof Feed-
Clean.Thetransactiorhandlerschedulesransactiongn an
EDF (earliestdeadline rst) manner It alsocontrolscon-
curreng usingthewell-studied2PL-HP(two phasdocking
high priority) protocol[1] in which alow priority transac-
tion is abortedandrestartedupona datacon ict to avoid
priority inversions.A transactiorcanbedispatchedo exe-
cute,preemptedandaborted/restartedueto data/resource
contention.At every samplingperiod,FeedCleamonitors
the currentU andW andcomparethemto the desiredUy

andWy asshavn in Figure2. Basedon the currentutiliza-
tionerrorE, = Uy U, theutilization controllerC, com-
putestherequiredwvorkloadadjustmenti.e., L,toachieve
theUy. Whenoverloadedj.e., L < 0, atransactior; is
degradedf EET; > M ; thatis, only themandatorypartof
theT; will beexecuted As aresult,theutilizationneededo
executethe optionalpart U; = EET;,, =D; is savedand

L isincreasedy U;. The QoSdegradationis repeated
until L becomepositiveor thereis nomoretransactiorio
degrade.ThewastecontrollerC,, periodicallymonitorsthe
currentwasteW to computethe controlsignal M based
ontheerrorE,, = Wy W, if necessanyo adjustthemax-
imumsizeM of atransactionthatcanbeprocessedith the
full QoS. M becomesegative underhigh data/resource
contention. As a result,M is decreasedo degrademore
transactiongn the systemwhoseestimatedexecutiontimes
aregreatethanthenew M . WeassumehatM is initialized
asthe averageestimatedexecutiontime thatcanbe derived
of ine basedntheworkloadtracesg.g.,onlinetradetraces
collectedfor severaldays.

Speci cally, FeedClearhandlesfour possiblecombina-
tionsof L and W asfollows.(i) L Oand M O
To avoid underutilization,admit moretransactionsandin-
creaseM by M. (i) L Oand M < 0: Admit more
transactionsbut decreasé by M to preparefor possi-
ble QoS degradationin the future, if necessaryto reduce
the wastedueto datacontention.This caseis possible for
example,whenthe CPU is underutilized,but a numberof
transactionin thesysteninvolvewrite operationsncurring
relatively high datacontention.(i) L < Oand M O
IncreaseM by M . Degradethe QoShasednthenev M .
This caseis possible for example,whenthe CPUis highly
utilized with little datacon icts possiblybecausanostin-
comingtransactionsreread-only Therefore,in this case,
admissioncontrol ratherthan QoS degradationcan play a
moreimportantrole to reducetheworkload. (iv) L < 0
and M < 0: In this case,the RTDB is overloadedand
data/resourceontentionis high. DecreaséM by M. De-
gradethe QoS basedon the new M and apply admission
control, if necessaryto further reducethe workload. In-
comingtransactiongrenotadmitteduntil L.,  Oafter
asubsebf currentlyrunningtransactionsnish.

3 PerformanceEvaluation

To evaluatetheperformancewe have developeda RTDB
simulatorthat modelsthe RTDB architecturedepictedin
Figurel. Theadmissiorcontroller QoSmanagerandfeed-
backcontrollerscanselectiely be turnedon or off for per
formanceevaluationpurposes. The main objectve of the
performancesvaluationis to obsere whetheror not Feed-
Cleancanimprove the timeput by supportingthe desired
cleanutilization even given bursty arrivals of long-running



real-time transactionswith different degreesof potential
datacon icts. The simulationmodel,baselineapproaches,
and performanceanalysisresultsare discussedn this sec-
tion.

Simulation Model. The simulatedRTDB hasone mil-
lion dataitemsto model data-intensie real-timeapplica-
tions. To generatebursty transactiorarrivals, eachsource
Si generates sequenc®f transactionsvhoseinter-arrival
timesfollow the Paretodistribution, similarto [4]. For other
simulationparametersuchastheexecutiontime, slack,and
write probability, we have takencommornvaluesfrom exist-
ing real-timedatabasevork including[1, 3, 6, 7] andvary
them,if necessaryto modelmorediverseworkloads.

EachsourceS; is uniformly associatewvith anestimated
executiontime EET; rangingbetween(5ms,20ms). The
relative deadlineof the transactionD; = slack EET;
wherethe slack uniformly rangesbetween(10, 20). For
QoSmanagementye assumehatthe estimatedexecution
time of themandatorypartof atransactions ahalftheEET
neededio executethe whole transaction,.e., EET;,, =
O:5EET,;.

To modellong-runningtransactionghat executelonger
thanestimatedS; is alsoassociatedavith the actual execu-
tiontime AET; = TSF EET; wherel TSF 5in
ourexperiments Notethatall thetestedapproachesnclud-
ing FeedCleamprocessgeal-timetransactionbasen esti-
matedexecutiontimes,becausehey may not have a priori
knowledgeof actualexecutiontimes (and other workload
parametersin dynamicervironments.

By controlling the TSF and number of sources,we
can control the load applied to the (simulated) RTDB,
g,a_ll_ed AppLoad. More speci cally, AppLoad = 100

:;1K AE T;=D; (%) whereK is the numberof sources
andAE T; is theactualexecutiontime of atransactiorgen-
eratedby S;. WhenAppLoad > 100% the workload ex-
ceedsthe systemcapacity Thus, the maximum possible
timeputbecomedessthan100%.

The numberof read/writeoperationdn onetransaction
is equalto its AE T. As aresult,longertransactionswill
accessnoredataincurringmoredatacon icts. In general,
dataandresourcecontentiormayincreaseasAppLoad and
T SF increase An operationof a transactionis a write op-
erationwith atunablewrite probabilityP,, . By varyingP,,,
we can probabilistically vary the transactionmix as dis-
cussedbefore. Generally a higher P, is subjectto more
read/writeand write/write con icts. We evaluatethe per
formanceof the testedapproachedy applyingseveral P,
valuesrangingbetweer0.1and0.5.

We considertwo baselinescalled Admit-All and AC
[1, 3,6, 7] widely usedfor performanceomparisonin RT-
DBs. Admit-All simply admitsall transactionsyhile AC
appliesadmissioncontrol to incomingtransactionsn ad-
dition, Admit-All andAC do not degradethe QoS.For per

formanceanalysiswe settheutilizationthresholdof AC for
admissiorcontrolto 90%.

We apply three categories of workloadsto Admit-All,
AC, and FeedClearto comparetheir performancegiven
differenttypesof workloads: (i) nominal loads, (ii) over-
loads and(iii) high data contentionloads For the nom-
inal loads,we setTSF= 1. Thus,AET = EET for every
transaction.We setthe write probabilityP,, = 0:1. In ad-
dition, we increasethe AppLoadfrom 60% to 200%. We
call theseworkloadsnominal,becausehe testedapproach
canexploit the preciseexecutiontime estimatedi.e., TSF
= 1) to managethe RTDB performancegven thoughthe
AppLoadincreasesipto 200%.

In the overloadmodel,we increase¢he TSFfrom 2to 5
by 1. Accordingly, we increasethe AppLoad from 200%
to 500%by 100%. Note that, however, the sumof the esti-
matedutilizationremainsas100%. Thus,toomary transac-
tionscouldbe admittedincurring severedata/resourceon-
tention.

To generatdigh datacontentiorloads,we setP,, = 0:5
anddecreas¢hedatabassize,similarto[1]. In thissetting,
thedatabassizeis reducedo % theoriginal size.Further
we increasethe estimatedexecutiontime to increasethe
chanceof datacon icts during the transactionexecution.
Speci cally, EET; uniformly rangedbetweern(5ms,40ms).
In addition,we increaseT SF (AppLoad)from 2 (200%)to
5 (500%) by 1 (100%)for this setof experiments.By re-
ducingthe databaseizeandincreasingthe executiontime
andthe numberof dataaccessesye canincreasepotential
datacon icts.

One simulation run lasts for 10 (simulated) minutes.
Eachperformancelatais the averageof 10 simulationruns
usingdifferentseechumbersWe havealsoderivedthe90%
con denceintervals. In this paper we omit the con dence
intervals becausehey arelessthan2% in mostcasesDue
to spacelimitations, we only presentthe performancere-
sultsunderthe overloadconditionsin this paper We refer
readergo [5] for the otherperformanceesults.
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Figure 4. Average Wasted Utilization

and4 shawv the averagetimeputand wasteof AC and FC
for increasingT SE (We do notdiscussAdmit-All here,be-
causeits performances relatively poor comparedio AC
andFC.) In Figure 3, AC shows the poortimeputas TSF
increasesWhenTSF = 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,
AC admitstoomary transactionslueto highexecutiontime
estimationerrors. In contrastthe timeputof FC gradually
decreaseffom 62.9%to 29.8%asTSFincrease$rom 2 to
5. Fromtheseresults we canobsenre that FC improvesthe
timeputby up to an order of magnitude comparedo AC
(andAdmit-All) whenoverloadedThus,theseimeputval-
uesalsoindicatethat FC cangracefullyhandleoverloads.
As showvn in Figure4, thewasteof AC sharplyincreases
reachingnear90%whenTSF= 5. In contrastFC cansup-
portthe desiredwastethreshold,.e., Wq = 5%, until TSF
= 4. Thewasteis only 5.5%whenTSF = 5. In addition,
FC achieved the desired90% utilization for all the tested
TSFvalues. Thus,the desiredcleanutilization of 85% is
achieveduntil TSF=4in FC. WhenTSF=5, FC achieves
the cleanutilization of 84.5%. Fromtheseresults,obsene
that FC supportsthe desiredaveragecleanutilization even
whenoverloadedIn contrast AC wastesalmost90%of the
utilizationwhenTSF= 5 asshown in Figure4.
Theseresultsshav both the advantageand costof our
approach: FeedClearsigni cantly improves the timeput
and waste comparedto AC (and Admit-All), while sup-
porting the speci ed waste thresholdwhen TSF 4.
The QoSof FC rangeshetween20% 60% for the tested
TSFvalues.GenerallytheQoSdecreaseasTSFincreases.

Transient Performance Under Overloads. Figures5
and6 shaw thetransientimeputandwasteof FCwhenTSF
=2 andTSF = 5, respectiely. In Figure5, FC shows the
consistentimeputmainly rangingbetweerb0% 70% As
shavn in the gure, FC's wasteis near0 throughthe whole
simulation.Fromtheseresults we canobsenethatFC sup-
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Figure 5. Transient Timeput and Waste when
TSF =2 (AppLoad = 200%)
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Figure 6. Transient Timeput and Waste when
TSF =5 (AppLoad = 500%)

portsthe satisctorytransientperformancavhen TSF = 2
by dynamicallyadaptingthe systembehaior in the feed-
backloopaccordingo thecurrentutilization andwastedue
to data/resourceon icts. In this experiment AC'stimeput
rangeshetweeronly 30% 40% We have alsoobsenred
that AC's wasteis over 40%in mary cases.We do notin-
clude a graphshawving AC's transientperformancedueto
spacdimitations.

Figure 6 shows the transienttimeput and wasteof FC
whenTSF = 5. Initially, the timeputof FC is low, but it
graduallyincreaseandrangeshetweer25%  35% within
thetime periodof 85 secand600 sec. FC initially suffers
the low timeputdueto the ash workloadthatareapproxi-
mately ve timesthe systemcapacity However, it quickly
adaptgo the workloadandsupportseasonabléimeputaf-
ter 85 sec,while achieving the near0O wastefrom 110sec.
In contrastwe have obseredthatthetransientimeputand
wasteof AC arenear0% and100%throughthe simulation.

Tablel showvs thewasteovershoot(O) andsettlingtime
( ) of FCfor the testedTSF valuesgreaterthantwo. (The
transientwasteof FC is nearzerowhenTSF= 2 asshavn
in Figure5; thatis, thereis no wasteovershoot.) The set-
tling time, i.e., the time taken to reducethe wastebelov
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 canobsene thatthe every overshoot,f ary, hap-
penedat the beginning of the experiments,i.e., whenthe
ash workloadwasjust applied,for the testedTSF values.
After aninitial hick-up,if any, ourapproactcansupporthe
desiredransientperformanceasshovn 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 managehe transactiortimelinessanddeviation
of temporaldatafrom the external ervironment. Kang et
Ab. [6] proposeafeedback-baseRTDB QoSmanagement
schemehatcansupporthe desireddeadlinemissratio and
sensordatafreshnesdor admittedtransactions.Our work
is differentfrom thesework in thatwe focuson managing
the cleanutilization to improve the timeputin highly dy-
namicervironments.Controltheoreticapproachef?] have
beendevelopedto managehe performancef webseners
thatmay obsere bursty arrivals of servicerequestsHow-
ever, thesework do not considerdatabaséssuessuchas
data/resourceon icts andtransactioraborts/restartaswe
doin this paper

5 Conclusions

Generally providing real-timedataservicesn dynamic
ervironmentss essentiato supportimportantapplications
including e-commercendagile manufcturing. However,
providing real-time dataservicesis challenging,because
workloadsin dynamicervironmentsare not known a pri-
ori. In addition,real-timedatabasessuallyinvolve trans-
actionaborts/restartdue to data/resourceontention. For
thesereasonsnon-adaptieapproachesftenfail. Ourwork
presentedn this paperaimsto addresghe problemby (i)
re ning the performancemetrics, (i) developing a novel
feedback-basedpproachto managethe clean utilization,
(iii) designinganew RTDB workloadmodelto simulatedy-
namicworkloads,and(iv) performingan extensive simula-
tion studyto comparethe performancef FeedClearto ex-
istingapproachesAccordingto theperformancevaluation

results,FeedClearhassigni cantly improvedthe timeput,
while effectively managinghe cleanutilization. In the fu-
ture,wewill investigatetherperformancenetricsandQoS
managementechniquedo further improve real-time data
servicesin dynamicernvironments. We will also investi-
gatethe QoS managementissuesin distributed real-time
databasesuchasreplicacontrolandloadbalancing.
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