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Abstract

In e-commerceapplicationscertainclassesof users de-
sire meanresponsetimeguaranteesandare willing to pay
for this preferential level of service. Unfortunately, to-
dayscommercial DBMS,which lie at the heart of moste-
commerce applications,do not provide adequatesupport
for class-basedquality of serviceguarantees. Whende-
signingmethodsfor providingsuch guarantees,it is further-
more desirable that they beeffectiveacrossworkloadsand
not rely on changesto DBMSinternalsfor portability and
easeof implementation.This paperpresentsan External
QueueManagementSystem(EQMS)that strivesto achieve
theabovegoals.

1. Intr oduction

Transactionprocessingsystemslie at the coreof mod-
ern e-commerceapplicationssuchason-line retail stores,
banksandairline reservationsystems.The economicsuc-
cessof theseapplicationsdependson theability to achieve
high usersatisfaction,sincea singlemouse-clickis all that
it takesa frustrateduserto switch to a competitor. Given
thatsystemresourcesarelimited anddemandsarevarying,
it is dif�cult to provide optimalperformanceto all usersat
all times. However, often transactionscanbe divided into
differentclassesbasedonhow importantthey areto theon-
line retailer. For example,transactionsinitiated by a “big
spending”client aremoreimportantthantransactionsfrom
a client thatonly browsesthesite. A naturalgoalthenis to
ensureshortdelaysfor theclassof importanttransactions,
while for the lessimportanttransactionslongerdelaysare
acceptable.

It is in the�nancial interestof anonlineretailertobeable
to ensurethatcertainclassesof transactions(�nancially lu-
crative ones)are completedwithin sometarget meanre-
sponsetime. It is also �nancially desirablefor the online
retailerto beableto offeraServiceLevel Agreement(SLA)

to certaincustomers,guaranteeingthemsometargetmean
responsetime that they desire(with possibledeteriorated
performancefor customerswithout SLAs). This paperpro-
posesandimplementsalgorithmsfor providingsuchperfor-
mancetargetsonaper-classbasis

A guaranteedmean responsetime for some class of
transactionsis oneform of a Quality of Service(QoS)tar-
get. In many situationsit is useful to provide more gen-
eral QoS targetssuchas percentile targets, wherex% of
responsetimesfor a classareguaranteedto bebelow some
valuey. Percentiletargetsareoftendemandedby clientsas
part of a ServiceLevel Agreement(SLA), for exampleto
ensurethatat least90%of theclient's transactionsseeare-
sponsetimebelow a speci�edthreshold.In additionto per-
classresponsetimeandpercentiletargets,anothercommon
QoStarget is to provide low variability in responsetimes.
Thereasonis thatusersmay judgea relatively fastservice
still unacceptableunlessit is alsopredictable[5,11,25].

Becausethe dominanttime associatedwith servingan
e-commercetransactionis oftenthetime spentat theback-
enddatabase(ratherthanthefront-endweb/appserver),it is
importantthat theQoSbeappliedto thebackenddatabase
systemto control the time spentthere. Yet, commercial
databasemanagementsystems(DBMS) do not provide ef-
fective servicedifferentiationbetweendifferentclassesof
transactions.

In designingaframework for providing class-basedQoS
targetsonestrivesfor thefollowing high-leveldesigngoals:

Diverseper-classQoStargetmetrics The systemshould
allow for an arbitrary number of different classes,
wheretheclassescandiffer in theirarrival rates,trans-
actiontypes,etc. Eachclassis associatedwith oneor
moreQoStargetsfor (per-class)meanresponsetime,
percentilesof responsetime, variability in response
time,besteffort, or any combinationthereof.

Portability and easeof implementation Ideally the sys-
temshouldbeportableacrossDBMS, andeasyto im-
plement.



Self-tuning and self-adaptive The systemshould ideally
have few parameters,all of which aredeterminedby
the system,asa function of the QoStargets,without
interventionof thedatabaseadministrator. Thesystem
shouldalsoautomaticallyself-adaptto changesin the
workloadsandQoStargets.

Effectiveacrossworkloads Databaseworkloads are di-
versewith respectto their resourceutilization charac-
teristics(CPU,I/O, etc.).We aim for a solutionwhich
is effectiveacrossa largerangeof workloads.

No sacri�ce in thr oughput & overall meanresponsetime
Achieving per-class targets should not come at the
cost of an increasein the overall (over all classes)
meanresponsetime or adropin overall throughput.

With respectto the above designgoals,the prior work
is limited. CommercialDBMS provide tools to assign
priorities to transactions,however theseare not associ-
atedwith any speci�c responsetime targets. Researchon
real-timedatabasesdoesnot considermeanper-classre-
sponsetime goals,but rather looks only at how an indi-
vidual transactioncan be madeto either meeta deadline
or be dropped(we never drop transactions).The only ex-
istingwork onper-classmeanresponsetime guaranteesfor
databasesis basedonmodi�ed buffer poolmanagemental-
gorithms[6, 7,14,22]. Thesetechniquesarenot effective
acrossworkloads,sincethey focusonly on one resource:
Tuning the buffer pool will for examplehave little effect
on CPU-boundor lock-boundworkloads. Moreover, they
don't cover morediverseQoSgoalssuchaspercentileor
variability goals. A major limitation of all the above ap-
proachesis that they rely on changesto DBMS internals.
Their implementationdependsoncomplex DBMS speci�cs
andis neithersimple,norportableacrossdifferentsystems.

Our approachaims at achieving the above high-level
designgoalsthroughan external frontendscheduler. The
schedulermaintainsanupperlimit on thenumberof trans-
actionsexecutingsimultaneouslywithin the DBMS called
theMulti-ProgrammingLimit, or “MPL” (seeillustrationin
Figure1). If a transactionarrivesand�nds MPL number
of transactionsalreadyin the DBMS, the arriving transac-
tion is heldbackin anexternalqueue.Responsetime for a
transactionincludesbothwaitingtime in theexternalqueue
(queueingtime) andtime spentwithin the DBMS (execu-
tion time).

The immediatelyapparentattribute of our approachis
thatit lendsitself to portability andeaseof implementation
asthereis no dependenceon DBMS internals.Also mov-
ing theschedulingoutsidetheDBMS, ratherthanschedul-
ing individual DBMS resources(suchasthe bufferpoolor
lock queues),makesit effectiveacrossdifferentworkloads,
independentof theresourceutilization.

DBMS

MPL=4incoming
transactions external

queue

Figure 1. Simpli�ed view of mechanism used to
achieveQoStargets.A �xed limitednumberof trans-
actions(MPL=4) are allowedinto theDBMSsimul-
taneously. Theremainingtransactionsare heldin an
unlimitedexternal queue. Responsetime is the time
fromwhena transactionarrivesuntil it completes,in-
cludingqueueingtime.

With respectto obtainingdiverseQoStargets,the core
ideais that by maintaininga low MPL, we obtaina better
estimateof atransaction'sexecutiontimewithin theDBMS,
andhenceweareableto maintainaccurateestimatesof the
per-classmeanexecutiontimes.This in turngivesusanup-
perboundonthequeueingtimefor atransaction,whichcan
beusedby theschedulerin orderto ensurethatQoStargets
aremet. The actualalgorithmsthatwe usearemorecom-
plex andrely on queueinganalysisin orderto meeta more
diverseset of QoS targets,and behave in a self-adaptive
manner.

The externalschedulerachievesclassdifferentiationby
providing shortqueueingtimesfor classeswith very strin-
gentQoStargets,at the expenseof longerqueueingtimes
for classeswith more relaxed QoS targets. Thereare no
transactionsdropped. One inherentdif�culty in this ap-
proachis that not every setof targetsis feasible,e.g.,not
every classcanbe guaranteeda really low responsetime.
An externalschedulerthereforealsoneedsto includemeth-
odsfor determiningwhetherasetof QoStargetsis feasible.

The effectivenessof the external schedulingapproach
and whetherit requiressacri�ces in overall performance
(e.g. throughputor meanresponsetime) dependson the
choiceof the MPL. For schedulingto be mosteffective a
very low MPL is desirable,sincethenat any time only a
small numberof transactionswill be executinginside the
DBMS (outsidethecontrolof theexternalscheduler),while
a largenumberarequeuedunderthecontrolof theexternal
scheduler. On theotherhand,too low anMPL canhurt the
overall performanceof the DBMS, e.g.,by underutilizing
theDBMS resourcesresultingin a dropin systemthrough-
put. Therefore,anothercoreproblemanexternalscheduler
needsto solve is thatof choosingtheMPL.

In this paperwe proposeandimplementa uni�ed exter-
nal schedulingframework called EQMS(External Queue
ManagementSystem)thataddressesall of theabove prob-
lems.Figure2 givesanoverview of theEQMSarchitecture.



Figure 2. Overview of theEQMSsystem.

TheEQMStakesasinputasetof classeswith oneor several
QoStargetsfor eachclass.Thesearespeci�edby theonline
retailerandarenot partof theEQMS.Thecorecomponent
of the EQMS is the Schedulerwhich decideson the order
in whichtransactionsaredispatchedto theDBMS suchthat
theassociatedQoStargetsaremet. Theschedulerrelieson
theMPL Advisorto determineanMPL thatprovidessuf�-
cientschedulingcontrol,while keepingperformancepenal-
ties, suchaslossin throughput,below a thresholdde�ned
by the DBA (databaseadministrator). The MPL Advisor
alsochecksfor thefeasibility of a givensetof targets.The
EQMS combinesfeedbackcontrol (basedon information
collectedby thePerformanceMonitor) with queueingthe-
ory to operatein aself-tuningandself-adaptivefashion.

We demonstratetheeffectivenessof our solutionin ex-
perimentswith two differentDBMS, IBM DB2 andPost-
greSQL.We createa rangeof workloads,including CPU-
bound,I/O-bound,andhigh vs. low lock contentionwork-
loads,basedon differentcon�gurationsof TPC-C[23] and
TPC-W [24]. We show that our solutionsapply equally
well acrossall workloadsstudied. The reasonis that the
coreideaof limiting theMPL reducescontentionwithin the
DBMS at thebottleneckresource,independentof what the
particularbottleneckresourceis.

The paperis organizedas follows: Section2 reviews
relatedwork. Section3 describesthe experimentalsetup.
Section4 detailsthe algorithmsusedby the Schedulerto
achieve class-basedmeanresponsetime targetsand Sec-
tion 5 explains how to schedulefor more complex QoS
goals,includingpercentileandvariability goals.Section6
describesthetechniquesusedby theSchedulerandtheMPL
Advisor to adaptin dynamicenvironments.Weconcludein
Section7.

2. Relatedwork

Whenlooking at prior work on providing QoSguaran-
teesfor DBMS transactionstwo pointsareapparent:First,

prior work focusesonschedulingdatbaseinternalresources
andhencerequiresmodi�cations to DBMS internals;our
goal is to provide QoS guaranteesexternally, transparent
to the underlyingDBMS. Second,only per-classmeanre-
sponsetimetargetshavebeenconsidered;ourgoalis to pro-
vide methodsfor a wider rangeof QoStargets,including
variabiility or percentiletargets.

Below we describeprior work on providing guarantees
for DBMS transactions.Most of the work is in the area
of real-timeDBMS (RTDBMS), which is concernedwith
deadlinesratherthantargetsinvolving meanresponsetime.
CommercialDBMS provide tools to assignpriorities to
transactions,however theseare not associatedwith any
speci�c responsetime targets.Thelittle work thatinvolves
per-class guaranteesis primarily simulation-only, and
doesnot cover complex QoS goalssuchas percentileor
variability goals, and is not portable in that it requires
the modi�cation of databaseinternals(e.g. the bufferpool
manager).

Work on RTDBMS
In Real-time DBMS, there is a deadline(typically a

harddeadline)associatedwith eachtransaction.The goal
of RTDBMS is to minimize the numberof transactions
which miss their deadlines. If a hard deadlineis missed,
the transactionis dropped.Examplesof work in this area
include:[1–4,12]. This work is differentfrom our own in
that it doesnot allow for meanresponsetime targetsor
variability targets. Also, in our work, no transactionsare
dropped.TheRTDBMS typically involvesusinga special-
ized databaseengine,and the mechanismis implemented
internally, makingit lessportable.

Commercial DBMS
As a testamentto the importanceof the problem of

providing differentservicelevelsmostcommercialDBMS
provide priority mechanismsin someform. For example,
bothIBM DB2 [16] andOracle[20] offer CPUscheduling



tools for prioritizing transactions. Although different
classesaregivendifferentprioritieswith respectto system
resources,it is not clear how thesepriority levels relate
to achieving speci�c responsetime targets. Towardsthis
end,Kraisset al. [15] try to mapeachclassto some�x ed
priority suchthat schedulingbasedon priorities will meet
the desiredresponsetime targets. Suchan assignmentof
prioritiesto classesdoesnotalwaysexist.

Towards per-classmeanresponsetime targets
Carey et al. [10] considerthe situationof two classes,

wherethey strive to make the meanresponsetime for the
highpriority classaslow aspossibleby schedulinginternal
DBMS resourceson a read-onlyworkload. Their work is
a simulationstudy. In our recentwork [18] we consider
thesameproblemfor amoregeneralworkload(TPC-Cand
TPC-W) undera variety of DBMS via an implementation
of (DBMS internal)lock schedulingandCPUscheduling.

More closelyrelatedto our currentwork arethefollow-
ingpapers,[6–8,22],all of whichhavemultipleclasseseach
with a differentmeanresponsetime target. OtherQoStar-
getsarenotconsidered.Theirapproachis to scheduleinter-
nal memory(buffer pool management).The above areall
simulationstudies.

3. Experimental setup

As representativeworkloadsfor transactionalwebappli-
cations,wechoosetheTPC-C[23] andTPC-W[24] bench-
marks.TheTPC-Cworkloadin this studyis generatedus-
ing softwaredevelopedat IBM. The TPC-W workload is
generatedusingtheTPC-WKit from PHARM [9], though
minor modi�cationsaremadeto improve performance,in-
cluding rewriting the connectionpooling algorithm to re-
duceoverhead.

Differentcon�gurationsof theseworkloads(numberof
warehouses,numberof clients)resultin differentlevelsof
resourceutilization for the hardwareresources:CPU and
I/O. Weexperimentwith 4 differentcon�gurationsof TPC-
C andTPC-W asshown in Table1(top). We chosethese
con�gurationsin order to cover differentcombinationsof
resourceutilization levels (seeTable1(bottom)). In addi-
tion, varying the con�guration will alsoresult in different
levelsof lock contention[18]. For example,lock contention
is alargecomponentof atransaction'slifetime in workloads
WI 0 andWI 0>C P U , but not in theotherworkloads.

The TPC-CandTPC-W benchmarksarede�ned to be
usedasclosedsystems,andwe usethemthis way. We as-
sumea zero“think time” throughout.All resultsin thepa-
perhavebeenrepeatedwith non-zerothink times,andwith
opensystemcon�gurationsandresultshave beenfoundto
besimilar. Dueto a lack of space,unlessotherwisestated,
we show only the resultsfor zerothink times,allowing us

Workload Benchmark Con®g Data- CPU I/O
base load load

W I O TPC-C 40WH, 4GB low high
100clients

W I O >C P U TPC-C 10WH, 1GB med. high
100clients

WC P U >I O TPC-W 100EBs, 300MB high med.
Shopping 10K items,

140Kcustomers
WC P U TPC-W 100EBs, 300MB high low

Browsing 10K items,
140Kcustomers

Table 1. Descriptionof theexperimentalworkloads.

to focuson theeffectof varyingtheMPL in all thegraphs.
TheDBMS we experimentwith areIBM DB2 [16] ver-

sion 8.1, andPostgreSQL[19] version7.3. Due to lack of
space, all resultsgraphsthroughoutthepaperpertainto the
IBM DB2 DBMS.Resultsfor PostgreSQLare very similar
andwedescribethesein wordsonly. In all experimentsthe
DBMS is runningona2.4-GHzPentium4 with 3GBRAM,
runningLinux 2.4.23,with a buffer pool sizeof 2GB. The
machineis equippedwith two 120GBIDE drives,oneof
which we usefor the databaselog and the other one for
thedata.Theclient generatoris run on a separatemachine
with the samespeci�cationsasthe databaseserver, andis
directlyconnectedto thedatabaseserver throughanetwork
switch.

4. Achieving responsetime targets

In this sectionwe assumethateachof theQoStargetsis
a speci�c meanresponsetime targetfor eachclass.Specif-
ically, classi transactionshavea targetmeanresponsetime
of � i . After introducingsomenotation,we explain the al-
gorithmsusedby theSchedulerto achieve theper-classre-
sponsetimetargetsandto determinewhetherasetof targets
is feasible.

4.1. Notation

Thenotationwe usein orderto formally explain theex-
ternalschedulingalgorithmsis summarizedin Table2, and
is straightforward. Themeanresponsetime of transactions
is denotedby T, andcanbedividedinto T Q andT D B M S ,
wherethe former denotesthe meantime the transactions
spendqueueingexternallyto theDBMS andthelatterquan-
tity is themeantime that the transactionsspendwithin the
DBMS. Thatis,

T = T Q + T D B M S



T Q Meantime transactionsspendwaiting in externalqueuein systemwith externalscheduling
T D B M S Meantime transactionsspendexecutingin theDBMS in systemwith externalscheduling

T Q
i Meantime transactionsin classi spendwaiting in externalqueue

T D B M S
i Meantime transactionsin classi spendexecutingin theDBMS in systemwith externalscheduling

T Overallmeanresponsetime, i.e. sumof TQ andTD B M S

R Meanresponsetime in original (no externalscheduling)system
Ri Meanresponsetime of classi transactionsin original (noexternalscheduling)system
� i Meanresponsetime targetof classi
pi Fractionof transactionsthatareclassi

tcur r currenttime
T x %

i x-th percentileof Ti

T D B M S x %
i x-th percentileof T D B M S

i

� x %
i Targetfor x-th percentileof Ti

Table 2. Notation

Furthermore,we denotetheper-classresponsetimesvia a
subscripti denotingclassi , whereTi denotesthemeanre-
sponsetime for classi transactions,and

Ti = T Q
i + T D B M S

i

Notice that the above notation is different from the � i 's
which denotesthe i th class' meanresponsetime target.
Lastly, we de�ne R to be the meanresponsetime in the
original system,without externalscheduling.The remain-
ing notationwill beexplainedasneeded.

Measurementsof the quantitiesintroducedabove, i.e.
thequeuingtimes,executiontimes,andtotalmeanresponse
times, both per classand aggregated,are neededby the
Schedulerandthe MPL Advisor andarethereforetracked
by thePerformanceMonitor.

4.2. The basicalgorithm

The Schedulerrelieson the MPL Advisor to choosean
MPL so that the time spentwithin the DBMS is low and
predictable.In particular, sincethe Schedulercannotcon-
trol thetimeatransactiontakesto executeinsidetheDBMS,
theMPL hasto be low enoughsuchthat for eachclassthe
expectedtime within theDBMS is lower thantheclass're-
sponsetimetarget.Givenn QoSclasseswith responsetime
targetsf � 1; : : : ; � n g, theMPL needsto ensurethatfor each
classi

T D B M S
i < � i

The main questionfor the Scheduleris thenhow to or-
derthetransactionswithin theexternalqueueto achievethe
targets. Observe that for eachclassi theSchedulerknows
the meantarget responsetime � i andcanobtainthe mean
databaseexecution time T D B M S

i from the Performance
Monitor. It can thereforedeterminehow much “slack” it

hasin schedulingtransactionsfrom this class:transactions
in classi canafford on averageto wait up to but not more
than

si = � i � T D B M S
i

timeunitsin theexternalqueuebeforethey shouldstartex-
ecutingin theDBMS.

Basedon the slackof a transactionthe Schedulercom-
putesa timestampfor whenthe transactionshouldbe dis-
patchedoutof theexternalqueueandinto theDBMS,which
wecall thedispatch target time. Formally, if anew transac-
tion of classi arrivesat time ta its dispatchtargettd is

td = ta + si = ta + � i � T D B M S
i :

Whenevera transactioncompletesat theDBMS, andwe
have to pick thenext transactionfor executionfrom theex-
ternalqueue,wepick thetransactionsin increasingorderof
their dispatchtargets(td value).

We demonstratetheviability of theabovealgorithmex-
perimentally. Theabovehigh level descriptionomitsanim-
portantissuearisingin practice:how doestheSchedulerad-
just to surgesand�uctuations in systemloadwhich might
make it impossibleto achieve all thetargets.This practical
concernwill beaddressedin Section6.

4.3. Feasibility of assignment

TheSchedulerdistinguishestwo typesof infeasibletar-
gets. The �rst onehasalreadybeenexplainedabove and
includesper-classtargetsthat are lower thanthe per-class
meanexecutiontime (i.e. theaveragetime spentinsidethe
DBMS). Themeanresponsetimeof aclassis thesumof its
queueingtimeandits executiontime,andcanobviouslynot
besmallerthaneitheroneof its components.The�rst con-
dition for a targetto befeasibleis thereforethefollowing:

T D B M S
i < � i



It is important to note that the mean execution time
T D B M S

i dependson theMPL: a smallerMPL leadsto less
contentionat theDBMS andthereforeto shorterexecution
times.It is thereforethegoalof theMPL Advisor to recom-
mendanMPL thatmeetstheabovecondition,providedthat
this doesnot comeat a performancepenalty(e.g. in terms
of throughputloss)beyondwhat theDBA hasspeci�ed as
tolerable. If the MPL Advisor cannotdeterminean MPL
that satis�es the above condition, then the target � i is not
feasible. The detailsof how the MPL Advisor works will
beexplainedin Section6.1.

The secondtype of infeasibletargetscomprisesthose
that cannotbe achieveddueto a simplelack of systemre-
sources(e.g. supposeevery classdesiresa really low re-
sponsetime guarantee).More precisely, we don't expect
the overall meanresponsetime underclass-basedprioriti-
zationto belower thanfor theunprioritizedsystem.Thatis
theweightedaverageoverall per-classmeanresponsetime
targetsis not expectedto be lower thanthemeanresponse
time in theoriginalunprioritizedsystem.

We describea simpleconditionfor determiningwhether
asetof per-classmeanresponsetimetargetsis feasible,i.e.,
whetherthesetof targetsis achievablevia somealgorithm.

We start by de�ning the overall target meanresponse
time(aggregatedoverall classes):

� over all =
nX

i =1

pi � � i

RecallR representsthemeanresponsetime in theorigi-
nal system(withoutscheduling).

Obviously a necessaryconditionfor achieving the indi-
vidual � i 's (via someorderingof theexternalqueue)is that

� over all > R

Wenow argue(only intuitively) thatthisalsorepresentsa
suf�cient condition.Thecruxof theargumentis thattheex-
ternalscheduling(with thelimited MPL) doesnot increase
the overall measuredmeanresponsetime T as compared
with theoriginal R. Thatis, whentheMPL is chosencare-
fully (asin Section6.1)we have

T � R

Hencetheaboveconditionalsoimplies

� over all > T

which is suf�cient.

4.4. Resultsfor meanresponsetime targets

We experimentallyevaluatethe accuracy of the Sched-
uler in achieving per-classmeanresponsetimetargetsusing

the four workloadsin Table1. In all experimentswe use
an MPL of 20, sincefor our workloadsthis MPL is high
enoughthat neitherthroughputnor overall meanresponse
time is sacri�ced. Tables3 and4 show detailedresultsfor
WI 0 andWC P U respectively underIBM DB2. Resultsare
shown in the“Measured”columncorrespondingto theQoS
targetspeci�edin theprevioustwo columns.Meanandmax
valuesarespeci�edfor asequenceof 10experimentalruns,
eachconsistingof 25,000transactions.At themoment,we
areonly concernedwith the �rst two rows of thesetables,
whichconsiderper-classresponsetimetargets.Wehaveex-
perimentedwith threedifferentclasseswith differenttargets
andfrequencies.As shown in thetables,wearealwaysable
to achievewithin 8% of thedesiredper-classresponsetime
targetsfor WI O (Table3)andwithin 12%of thedesiredper-
classresponsetimetargetsfor WC P U (Table4). Recallthat
WC P U correspondsto theTPC-Wworkloadwhich is more
variable. Resultsfor WI 0>C P U are very similar to those
for WI 0 with errorsrangingbetween0-5% andresultsfor
WC P U >I O areverysimilar to thosefor WC P U with errors
rangingbetween1-11%. We alsorepeatedall experiments
for PostgreSQL,whereresultsare slightly worsebut still
within 15%of thetargets.

5. Mor e complexQoStargets

In this sectionwe considermorecomplex QoStargets.
Theseinclude:Reducingoverallvariancein responsetimes
(aggregatedover all classtransactions)(Section5.1); and
achieving targetson thex th percentileof responsetime for
multipleclasses(Section5.2).

5.1. Reducingvariance

In addition to desiring low meanresponsetime, users
areequallydesirousof low variability in responsetimes[5].
BothWC P U andWI O benchmarksarecomposedof a �x ed
setof transactiontypes.We �nd thatalthoughthevariance
within eachtransactiontypeis nottoohigh,theoverallvari-
ancein responsetime acrossall transactiontypesis quite
high. Speci�cally, for WC P U , the squaredcoef�cient of
variation(C2) for individual transactiontypesrangesfrom
C2 = 2 to C2 = 5; however over all transactiontypes,
we measureC2 = 15. WI O is lessvariable.For individual
transactiontypeswemeasurevaluesrangingfromC2 = :15
to C2 = 0:8, while looking acrossall transactiontypeswe
measureC2 = 2:3. As a referencepoint, the exponential
distributionhasC2 = 1.

Figure 3(left column) shows the (original) response
timesfor thedifferenttransactionsunderWC P U andWI O ,
for IBM DB2. Our approachto combattingvariability is
to decreasethe responsetime of the long transactions(by
giving thempriority) andin exchangeincreasetheresponse



Experiment
type

Class Frequency Priority QoStarget Target
Measured

Mean Max Avg. error
Re-
sponse
times

C1 10% 1 RespTime 0.7sec 0.725 0.728 3.5%
C2 20% 2 RespTime 1 sec 1.02 1.029 2.0%
C3 70% N/A Besteffort N/A 1.60 1.69 N/A

Re-
sponse
times

C1 40% 1 RespTime 0.6sec 0.653 0.657 8.0%
C2 40% 2 RespTime 1.3sec 1.366 1.37 5.0%
C3 20% N/A Besteffort N/A 2.54 2.59 N/A

Percentiles
C1 10% 1 80th%tile 1 sec 0.98 1.026 0%
C2 10% 2 95th%tile 2 sec 2.03 2.159 1.0%

C3 80% N/A Besteffort N/A
80th%tile: 1.96 2.01 N/A
95th%tile: 2.51 2.89 N/A

Percentiles
C1 20% 1 80th%tile 1 sec 0.981 1.06 0%
C2 20% 2 95th%tile 2 sec 2.002 2.018 .1%
C3 60% N/A Besteffort N/A 80th%tile: 2.08 2.18 N/A

95th%tile: 2.69 2.77 N/A

Variability C1 100% 1 Reducevar N/A
C2 = 0:108

(beforeC2 = 2:3)

Combined

C1 10% 1 RespTime 0.7sec 0.73 0.78 4.0%
C2 10% 2 RespTime 1 sec 0.98 1.09 2.0%
C3 10% 3 80th%tile 1 sec 0.978 0.99 2.0%
C4 10% 4 95th%tile 2 sec 2.04 2.1 2.0%
C5 60% N/A Besteffort N/A 1.7

Table 3. Summaryof resultsfor differentQoStargetsfor WI O .

Experiment
type

Class Frequency Priority QoStarget Target
Measured

Mean Max Avg. error
Re-
sponse
times

C1 10% 1 RespTime 3 sec 3.37 3.570 12%
C2 20% 2 RespTime 6 sec 6.564 6642 9%
C3 70% N/A Besteffort N/A 10.6 10.8 N/A

Re-
sponse
times

C1 25% 1 RespTime 2.5sec 2.79 3.15 11%
C2 25% 2 RespTime 6.5sec 6.6 7.4 1.5%
C3 50% N/A Besteffort N/A 12.9 14.08 N/A

Percentiles
C1 10% 1 80th%tile 3 sec 3.068 2.7%
C2 10% 2 95th%tile 12sec 5.9 6.2 0%
C3 80% N/A Besteffort NA 80th%tile: 16.1 16.5 N/A

95th%tile: 19.6 21.4 N/A

Percentiles
C1 20% 1 80th%tile 3 sec 2.7 2.89 0%
C2 20% 2 95th%tile 9 sec 7.9 8.4 0%
C3 60% N/A Besteffort N/A 80th%tile: 12.01 12.08 N/A

90th%tile: 19.3 20.0 N/A

Variability C1 100% 1 Reducevar N/A
C2 = 0:19

(beforeC2 = 15)

Combined

C1 10% 1 RespTime 3 sec 3.271 3.520 9%
C2 10% 2 RespTime 6 sec 6.285 6.678 6%
C3 10% 3 80th%tile 2.5sec 2.701 2.945 8%
C4 60% N/A Besteffort N/A 80th%tile 11.8 12.4 N/A

95th%tile 19.2 20.4 N/A
Mean10.5 10.9 N/A

Table 4. Summaryof resultsfor differentQoStargetsfor WC P U .
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Figure 3. QoStarget reducingvariability: Resultsfor WC P U (top)andWI O (bottom).

time of the short transactions,wherethe goal is to make
all transactionresponsetimesascloseto the overall mean
responsetime aspossible.This turnsout to bepossiblebe-
causein typicalworkloadsthefractionof transactionswith
very long responsetimes is quite small ascomparedwith
thefractionof transactionswith shortresponsetimes(asin
Pareto's “80-20 rule”). Figure3(right column)shows the
resultsof equalizingthe responsetimes,hencegreatlyde-
creasingvariance.UnderIBM DB2, for WC P U weareable
to decreaseC2 from 15to 0:19. For WI O weareableto de-
creaseC2 from 2.3 to 0:11. Theseresultsaresummarized
in Tables3 and4. UnderPostgreSQL,for WC P U we are
ableto decreaseC2 from 14 to 0:09. For WI O we areable
to decreaseC2 from 1.6to 0:8.

The exact algorithm for reducingvariability is easyto
implementwithin our externalschedulingframework. We
startwith the measuredoverall meanresponsetime of the
original systemR. We denotethe meanresponsetime for
the i th transactiontype by Ti . Initially someof the Ti 's
arehigher thanR andsomeare lower. To make the sys-
temmorepredictable,weassigntypei transactionsa target
meanresponsetime of � i = R. We thenapplythestandard
methodfor achieving per-classtargetmeanresponsetimes.

For this methodto work, it is importantto notethat it is
desirablethatthevariability within eachtypeis low, sothat
eachtypeis morepredictable.For many OLTPservers,e.g.
thedatabasebackendof a Web site, this is thecase:There
area limited numberof possibletransactiontypesthat the
userinterfaceallows for, e.g. ordering,productsearch,re-
trieving shoppingcartcontents,andthesetransactiontypes
are eachlimited in scope,resultingin low responsetime
variability within eachtype.

5.2. Meeting xth percentile targets

Meantargetresponsetimesareloosein that they canbe
heavily in�uencedby a smallpercentageof transactions.It
is conceivable that somecustomersmight prefer stronger
guarantees,namelythat90%,say, of their transactionshave
responsetimesstrictly below sometarget. In this section
we describehow to obtainper-classpercentiletargetguar-
antees.

Considertheexampleof settinga 90th percentiletarget
denotedby � 90%

i for the transactionsin classi . Our ap-
proachfor meanresponsetime targetsdoesn't applyto per-
centile targets. Thus we needa new approach.Our per-
centile target approachhastwo parts: First the MPL Ad-
visor determinesan MPL valuewhich ensuresa 90th per-
centiletargeton just theexecutiontimeT D B M S

i , i.e.

T D B M S 90%
i < �

whereT D B M S 90%
i denotesthe90th percentileof execution

times.Wenext de�ne analgorithmfor schedulingtheexter-
nalqueuethatusesT D B M S 90%

i to achievea90th percentile
targeton theresponsetime for classi .

The second step of our approach is to convert
T D B M S;90%

i into a90th percentileresultfor responsetime.
Observe that if thequeueingtime T Q

i is boundedby some
c, theresulting90th percentileresponsetime is boundedby

T 90%
i � c + T D B M S;90%

i

Thatmeans,whenschedulinga transaction,in orderto en-
surea givenpercentiletarget� 90%

i , i.e. ensurethat

T 90%
i � � 90%

i



theamountof slackwe have in schedulingthis transaction
is

� 90%
i � T D B M S;90%

i

Wecanhencetranslatepercentiletargetsto dispatchtargets
asfollows: assigna transactionwith target target � 90%

i the
dispatchtargetof:

td = tcur r + � 90%
i � T D B M S;90%

i

As beforewe scheduletransactionsfrom the queuein
orderof increasingdispatchtargets.

Tables 3 and 4 show results for various experiments
with per-classpercentiletarget targetsunderIBM DB2 for
WI O andWC P U . As shown, in all experiments,for both
workloads,we areableto achieve our percentileresponse
time targetsusuallywithin 3%. Resultsfor WI O>C P U and
WC P U <I O are comparable,with errorsin achieving per-
centiletargetsrangingfrom1-4%.Forourexperimentswith
PostgreSQLthis numberbecomes10%.

5.3. Combination targets

Finally, it is quite plausiblethat (i) different customer
classesmightdesiredifferenttypesof QoStargets,and(ii) a
givencustomerclassmightsimultaneouslyrequestmultiple
targets(e.g.,a target for themeananda percentiletarget).
Both of these“combination” scenariosareeasyto achieve
in our externalschedulingframework sinceall targetsare
immediatelymappedto dispatchtargetsandtransactionsare
thenpulledfrom theexternalqueuein orderof thesetargets.
A transactionhaving multiple QoStargetsis assignedthe
moststringentof all of its correspondingdispatchtargets.

Someresultsinvolving combinationtargetsare shown
for IBM DB2 in Tables3 and4, andall targetsareachieved
with veryhighaccuracy.

6. Making the EQMS self-tuning and adaptive

Thissectiondetailstheself-tuningandself-adaptivefea-
turesof the EQMS that make it robust to dynamicsitua-
tions.We �rst explainhow theMPL Advisor tunesanddy-
namicallyadaptstheMPL, themostimportantparameterof
theEQMS.We thendiscusshow theSchedulercopeswith
varyingloadconditions,especiallywith suddenloadsurges.

6.1. Detailsof the MPL Advisor

Onebig advantageof the EQMS approachis that there
arevery few parametersto tune. Essentially, theonemost
important parameteris the MPL. The proper choice of
the MPL is crucial, though,since too high an MPL will
provide the schedulerwith only little control on class
differentiation,while a too low MPL canharmthe overall

systemperformance.Below we �rst describehow theMPL
Advisor determinesa lower boundon the MPL (to limit
lossin throughput,andincreasein responsetime) andthen
how it determinesan upperboundon the MPL (to allow
suf�cient controlfor achieving agivensetof QoStargets).

Determining a lower bound on the MPL
Thereare two potentialrisks involved in choosingthe

MPL too low. First, a low MPL maycausetheDBMS re-
sourcesto be underutilized,leadingto loss in throughput.
Second,a low MPL may increaseoverall meanresponse
time, sinceit enforcesa stricterqueueingof transactions,
resultingin shorttransactionsbeingforcedto queuebehind
long ones(Head-of-Line-Blocking).Our experimentalre-
sults acrossvariousworkloadsand systemcon�gurations
show that thewrongchoiceof MPL canresultin a drop in
throughputby a factor of 10 and a more than tenfold in-
creasein overallmeanresponsetime.

What the MPL Advisor doesis to �nd a lower bound
on the MPL which limits the above problemssuch that
throughputloss and increasein meanresponsetime are
within tolerablerange(where“tolerable” is speci�edby the
DBA). Finding a good lower boundis a dif�cult problem
(and is left as an open problem even in recentpublica-
tions [13]). Our basicapproachis to usea control loop
augmentedwith queueingtheoreticguidance.We develop
queueingtheoreticmodelsthatcapturethebasicproperties
of therelationshipbetweensystemthroughputandresponse
time andtheMPL. Analysisof the models(parameterized
basedon thegivensystemandworkload)providesuswith
a goodinitial MPL value,which we then�ne-tune through
a control-loop. “Jump-starting” the control-loop with a
close-to-optimalstarting value provides fast convergence
times, even when using only small conservative constant
adjustmentsin eachiteration. Thedetailsareinvolvedand
addressedin a separatepaper[21], alsoin submission.

Determining an upper bound on the MPL
In Section4.3we have identi�ed severalnecessarycon-

ditionsfor a setof QoStargetsto befeasible.In particular,
for eachclassi thathasameanresponsetimetargetassoci-
atedwith it thefollowing conditionneedsto hold

T D B M S
i < � i

andfor eachclassj with a percentiletarget

T D B M S 90%

j < � 90%

j

needsto hold. Sinceboth T D B M S
i and T D B M S 90%

j are
affected by the MPL (a higher MPL will lead to higher
contentionat the DBMS and thereforeto higherT D B M S

i

andT D B M S 90%

j values)the feasibility of a set of targets
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Figure 4. Themeanexecutiontimeasa functionof
theMPL underWI O andWC P U .

dependson the MPL. The goal of the MPL Advisor is to
chooseanMPL suchthattheaboveconditionsaremet.

Thebasicmechanismis a control loop thatdynamically
adjuststhe MPL basedon measurementsprovided by the
PerformanceMonitor; if the measuredT D B M S

i is higher
thandesired,theMPL is reduced(providedthelowerbound
on the MPL determinedin the previous subsectionis not
violated).In orderto decidehow muchtheMPL needsto be
adjustedtheMPL Advisorusesqueueingtheoreticguidance
to provide fastconvergence. The detailsof the algorithm
areexplainedbelow, �rst for responsetime targetsthenfor
percentiletargets.

Determiningthe right MPL for ensuringthe feasibility
of responsetime targetswould be trivial if we hada func-
tion thatdescribestheexactrelationshipbetweentheMPL
and the meanexecutiontime T D B M S

i . While we cannot
know theexact function,queueingtheoryrevealsa crucial
propertyof this function:Accordingto Little' s law [17] the
expectedexecutiontime T is linear in theMPL value.Fig-
ure4 veri�es 1 this law in experimentsfor WI O andWC P U .

Basedon this observation, we can tune the MPL in a
controlloopsimilar to thefollowing:

1. Periodically monitor the per-class execution times
T D B M S

i .

2. Adjust theMPL if for any classi themeanexecution
time increasesabovetheper-classtarget,i.e.

T D B M S
i > � i

3. Assumingthat for someclassthe executiontime is a
factorof f > 1 timestheper-classtargettarget,i.e.

T D B M S
i = f � � i

weadjusttheMPL asfollows:

M PL new := M PL old � 1=f

1In thecaseof WC P U , theline is notasstraightasfor W I O , sincethe
workloadis createdusingTPC-Wwhichexhibitsaveryhighvariability in
servicetimes,leadingto highervariability in experimentalresults.
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provided that M PL new does not violate the lower
boundon theMPL.

The above algorithm involves multiplicative adjust-
ments.In practice,combiningthis with smallconstantad-
justments,whencloseto the target, works well. We �nd
that for obtaininga good estimateof the meanexecution
time in step1) it suf�ces for the PerformanceMonitor to
sampleafew hundredtransactionsin thecaseof WI O anda
few thousandtransactionsin thecaseof WC P U (dueto the
inherentlyhighervariability of workloadWC P U ). In our
experimentsthe above tuning algorithm �nds the optimal
MPL with atmost10 iterations.

Moving from meanresponsetime targetsto percentile
targetsthe above approachdoesnot work anymore,since
Little' s law doesnot apply to percentilesof responsetime.
We solve this problemby approximatingthe DBMS by a
Processor-Sharing(PS) server. While this approximation
might be too crudefor exact predictions,the hopeis that
it is still useful for providing intuition on the relationship
betweentheMPL andT D B M S 90%

i . Fromqueueingtheory
2 it follows that in a PSserver the percentilesof response
time scalelinearly with the numberof transactionsat the
server. This resultenablesus to usethe samemethodwe
usedfor meanresponsetimetargetsfor percentiletargetsas
well.

The effectivenessof the above approachfor percentile
targetshingeson the assumptionthat our DBMS behaves
similarly to a PSserverwith respectto thelinearscalingof
percentileresponsetimesasa functionof MPL. Ourexper-
imentalresultsin Figure5 show that this assumptionis in
factvalid for our workloadsrunningunderIBM DB2. Al-
thoughnot shown, we �nd that the sameresult holds for
PostgreSQL.We adda disclaimerthat theabove algorithm
works bestwhen all classeshave a similar mix of trans-
actions. This wasnot a necessaryconditionon all of our

2This is basedon the queueing-theoreticresult that underM/G/1/PS,
for a given transaction,its expectedresponsetime is proportionalto both
thenumberof transactionsat theserver andits servicedemand.
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previousQoSalgorithms,andis neededonly here. If that
conditionis not met,thecontrol loop thatadjuststheMPL
needsto bemorecomplex.

6.2. Adapting to load �uctuations

Theresultsin Sections4 and 5 have assumeda system
in steadystatewith astablearrival process.During theday,
however, thesystemloadmay�uctuate. Assumingthatthe
systemis neverin overload,thereshouldbenoneedto drop
transactions,but theloadmight risetoohigh for thecurrent
setof targetsto befeasible,i.e.

T > � over all

TheEQMSofferstwo approachesfor handlingthiscase.
The�rst approachassumesit is moreimportantfor some

classesto staywithin their targetthanfor others.TheDBA
indicatesthis by specifyinga priority for eachclass,in ad-
dition to specifyingper-classresponsetime targets. These
prioritiesonly becomeeffectivewhenloadconditionsmake
theper-classtargetsno longerfeasible(i.e. T > � over all ).
We detectthis situationby checkingwhetherthereareany
“late” transactionsin the externalqueue,i.e., transactions
thathavealreadymissedtheirdispatchtarget.If t cur r is the
currenttimeandtd is thetransaction'sdispatchtargettime,
thenlatetransactionsasthosefor whom

tcur r > td

Whenever we have to choosea new transactionfor execu-
tion in the DBMS from the externalqueue,we �rst check
whethertherearetransactionsthatarelate. If thereare,we
pick thetransactionwith thehighestpriority amongthelate
transactions.If thereareno late transactionsin thequeue,
wescheduleasusualin theorderof thedispatchtargets.

An alternativeapproachis to carrytheburdenof theex-
cessloadequallyamongall theclasses.Theburdenwill be
proportionatelysharedbetweentheclassesin thefollowing

way: For eachtransactionwecomputeits lateness, `, as

` = tcur r � td

Whenschedulinglatetransactions,weconsidertherelative
lateness, ` r el , of thetransactionnormalizedby its targetre-
sponsetime � . Relative latenessis de�ned as

` r el = `=� = (tcur r � td)=�

Whenever we choosea transactionfor execution in the
DBMS from the external queue,we �rst check whether
therearetransactionsthatarelate. If therearelatetransac-
tions in thequeue,we pick the transactionwith the largest
relative lateness,̀ r el , for execution. If thereare no late
transactionsin thequeue,wescheduleasusualsolelybased
on thedispatchtargets.

Weimplementbothapproachesfor dealingwith �uctuat-
ing loaddescribedaboveandexperimentallyevaluatethem
ontheworkloadcorrespondingto thesecondrow in Table3.
In theexperimentswevary theloadby increasingthenum-
ber of clients from 100 to 300. The resultsareshown in
Figure6. In the �rst approach,the targetsfor the �rst two
classesaremaintaineddespitetheloadincrease,while only
the third (besteffort) classsuffers. Theseresultsfor IBM
DB2 areshown in Figure6 (left). Observethatthe�rst two
classeshavenearlyconstantmeanresponsetimesacrossall
loads. In thesecondapproach,we sharetheburdenacross
all the classes.The resultsareshown in Figure6 (right),
for the casewherethe third classhastarget responsetime
2.4 seconds.In this �gure, themeanresponsetimesof all
classesincreaseby thesamefactorasloadincreases.

7. Conclusion

Many time-sensitiveapplicationsrely onaDBMS back-
end.Fromtheperspectiveof theseapplications,theDBMS
is a mysteriousblack box: Transactionsare sent into the
DBMS andmay take eithera very short time (msec)or a



verylongtime(tensof secs),dependinglargelyontheother
transactionsconcurrentlyin theDBMS.Theapplicationhas
nocontroloverwhichtransactionswill takelongandwhich
will takeashorttime.

Thispaperprovidesmechanismsandalgorithmsfor con-
trolling the time differenttransactionsspendat a database
backend. We provide methodsfor creatingdifferentQoS
classesand for meetingspeci�ed per-classQoS targets.
QoStargetscanbe meanresponsetime targets,percentile
targets,variability targets,or a combinationsof targets.

Oursolutionis anexternalschedulingmechanismwhich
limits thenumberof concurrenttransactions(MPL) within
theDBMS, holding all remainingtransactionsin an exter-
nal queue.We �nd that for our workloadsthereis a good
rangeof MPL valueswhich allows us to achieve classtar-
getswithout hurting overall systemperformancewith re-
spectto throughputandoverallmeanresponsetime.

The algorithmsneededto achieve the QoS targetsare
non-obviousandrely onqueueingtheoryresultsandanaly-
ses.We demonstratetheeffectivenessof thealgorithmson
severalbenchmarkbasedworkloads,includingCPUbound,
I/O bound and lock boundworkloads, in situationswith
multiple classesand multiple targetsper class. However,
it is desirableto experimentwith other real workloadsto
furthervalidatethealgorithms.

Our externalschedulingapproachis extremelyportable,
not just to differentDBMS, but alsoto othertypesof back-
endservers.Thequeuingtheoreticargumentsin this paper
do not dependon the server beinga DBMS andapply to
generalsystemsaswell.
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