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Abstract

In e-commaere applicationscertain classeof uses de-
sire meanresponséeime guaranteesand are willing to pay
for this prefeential level of service Unfortunately to-
dayscommecial DBMS,which lie at the heart of moste-
commece applications,do not provide adequatesupport
for class-basedjuality of serviceguarantees. Whende-
signingmethoddor providing suc guaranteesit is further-
mote desitable that they be effectiveacrossworkloadsand
not rely on changesto DBMSinternalsfor portability and
easeof implementation. This paper presentsan External
QueueManagemeniSystem{EQMS)that strivesto achieve
theabovegoals.

1. Intr oduction

Transactiorprocessingsystemdie at the core of mod-
ern e-commercepplicationssuchas on-line retail stores,
banksandairline resenation systems.The economicsuc-
cessof theseapplicationsdependsn the ability to achieve
high usersatishction,sincea singlemouse-clickis all that
it takesa frustrateduserto switchto a competitor Given
thatsystenresourcesrelimited anddemandsrevarying,
it is dif cult to provide optimal performanceo all usersat
all times. However, often transactionganbe divided into
differentclassedasednhow importantthey areto theon-
line retailer For example,transactionsnitiated by a “big
spending’clientaremoreimportantthantransactiongrom
aclientthatonly browsesthesite. A naturalgoalthenis to
ensureshortdelaysfor the classof importanttransactions,
while for the lessimportanttransactiongongerdelaysare
acceptable.

It isin the nancial interesiof anonlineretailerto beable
to ensurehatcertainclasse®f transactiong nancially lu-
crative ones)are completedwithin sometarget meanre-
sponsetime. It is also nancially desirablefor the online
retailerto beableto offer a Servicel evel Agreemen{SLA)
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to certaincustomersguaranteeinghemsometarget mean
responsdime that they desire(with possibledeteriorated
performancdor customersvithout SLAS). This papermro-
posesandimplementsalgorithmsfor providing suchperfor
mancetargetson a perclassbasis

A guaranteedmean responsetime for some class of
transactionss oneform of a Quality of Service(QoS)tar-
get In mary situationsit is usefulto provide more gen-
eral QoS tamgetssuchas percentile targets wherex% of
responsdimesfor a classareguaranteedo be belov some
valuey. Percentilgdargetsareoftendemandedby clientsas
partof a ServiceLevel Agreement(SLA), for exampleto
ensurethatatleast90%of theclient'stransactionseeare-
sponsdime below a speci edthreshold.In additionto per
classresponséime andpercentiletargets,anothecommon
QoStargetis to provide low variability in responsdimes.
Thereasons thatusersmay judgea relatively fastservice
still unacceptablenlessit is alsopredictablg5,11,25].

Becausethe dominanttime associatedwvith servingan
e-commercéransactioris oftenthetime spentat the back-
enddatabasératherthanthefront-endweb/appsener),it is
importantthat the QoShbe appliedto the baclenddatabase
systemto control the time spentthere. Yet, commercial
databasenanagemensystemgDBMS) do not provide ef-
fective servicedifferentiationbetweendifferent classeof
transactions.

In designingaframework for providing class-base®oS
targetsonestrivesfor thefollowing high-level designgoals:

Diverseper-classQoStargetmetrics The systemshould
allow for an arbitrary number of different classes,
wherethe classesandiffer in their arrival rates trans-
actiontypes,etc. Eachclassis associatedvith oneor
more QoStargetsfor (perclass)meanresponsdime,
percentilesof responsdime, variability in response
time, besteffort, or ary combinatiorthereof.

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



Self-tuning and self-adaptive The systemshouldideally
have few parametersall of which are determinedby
the system,as a function of the QoStargets, without
interventionof thedatabasadministrator The system
shouldalsoautomaticallyself-adapto changesn the
workloadsandQoStargets.

Effective acrossworkloads Databaseworkloads are di-
versewith respecto their resourcautilization charac-
teristics(CPU, I/O, etc.). We aim for a solutionwhich
is effective acrossalarge rangeof workloads.

No sacri ce in throughput & overall meanresponsdime
Achieving perclasstargets should not come at the
cost of an increasein the overall (over all classes)
meanresponsdime or adropin overallthroughput.

With respectto the above designgoals,the prior work
is limited. Commercial DBMS provide tools to assign
priorities to transactions,however theseare not associ-
atedwith arny speci c responsdime targets. Researcton
real-time databasesloesnot considermean perclassre-
sponsetime goals, but ratherlooks only at how an indi-
vidual transactioncan be madeto either meeta deadline
or be dropped(we never drop transactions).The only ex-
isting work on perclassmeanresponsdime guaranteeor
databasess basedon modi ed buffer poolmanagemeril-
gorithms|[6, 7,14,22]. Thesetechniquesare not 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 more diverseQoS goalssuchas percentileor
variability goals. A major limitation of all the above ap-
proachess that they rely on changedo DBMS internals.
Theirimplementatiordepend®n complex DBMS speci cs
andis neithersimple,nor portableacrosdifferentsystems.

Our approachaims at achiezing the above high-level
designgoalsthroughan external frontendscheduler The
schedulemaintainsanupperlimit onthe numberof trans-
actionsexecutingsimultaneouslywithin the DBMS called
theMulti-ProgrammingLimit, or “MPL” (seeillustrationin
Figurel). If atransactiorarrivesand nds MPL number
of transactionsalreadyin the DBMS, the arriving transac-
tion is held backin anexternalqueue.Responséime for a
transactiorincludesbothwaiting timein theexternalqueue
(queueingtime) andtime spentwithin the DBMS (execu-
tion time).

The immediatelyapparentattribute of our approachis
thatit lendsitself to portability andeaseof implementation
asthereis no dependencen DBMS internals. Also mov-
ing the schedulingoutsidethe DBMS, ratherthanschedul-
ing individual DBMS resourcegsuchasthe bufferpool or
lock queues)malkesit effective acrosdifferentworkloads,
independentf theresourcautilization.
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Figure 1. Simpli ed view of medanismusedto
achieve QoStargets.A xed limited numberof trans-
actions(MPL=4) are allowedinto the DBMS simul-
taneously Theremainingtransactionsare heldin an
unlimited external queue Responsgimeis the time
fromwhena transactiorarrivesuntil it completesin-
cludingqueueingime

With respectto obtainingdiverseQoStargets,the core
ideais thatby maintaininga low MPL, we obtaina better
estimateof atransactiors executiontime within theDBMS,
andhencewe areableto maintainaccurateestimate®f the
perclassmeanexecutiontimes. Thisin turn givesusanup-
perboundonthequeueingime for atransactionywhichcan
beusedby theschedulein orderto ensurghatQoStargets
aremet. The actualalgorithmsthat we useare more com-
plex andrely on queueinganalysisin orderto meeta more
diverseset of QoS tamgets,and behae in a self-adaptie
manner

The externalschedulelachieresclassdifferentiationby
providing shortqueueingimesfor classeswith very strin-
gentQoStarmgets,at the expenseof longerqueueingtimes
for classeswith more relaxed QoStamgets. Thereare no
transactiongdropped. One inherentdif culty in this ap-
proachis that not every setof tametsis feasible,e.g., not
every classcanbe guaranteed really low responsdime.
An externalschedulethereforealsoneeddo includemeth-
odsfor determiningwhethera setof QoStargetsis feasible.

The effectivenessof the external schedulingapproach
and whetherit requiressacri ces in overall performance
(e.g. throughputor meanresponsdime) dependson the
choiceof the MPL. For schedulingto be mosteffective a
very low MPL is desirable,sincethenat ary time only a
small numberof transactionawill be executinginside the
DBMS (outsidethecontrolof theexternalscheduler)while
alargenumberarequeuedunderthe control of theexternal
schedulerOntheotherhand,toolow anMPL canhurtthe
overall performanceof the DBMS, e.g., by underutilizing
the DBMS resourcesesultingin adropin systenthrough-
put. Therefore anothercoreproblemanexternalscheduler
needgo solveis thatof choosingthe MPL.

In this paperwe proposeandimplementa uni ed exter-
nal schedulingframework called EQMS (External Queue
ManagementSystem}hat addresseasll of the above prob-
lems.Figure2 givesanoverview of theEQMSarchitecture.



Figure 2. Overviav ofthe EQMSsystem.

TheEQMStakesasinputasetof classesvith oneor several
QoStargetsfor eachclass.Thesearespeci edby theonline
retailerandarenot partof the EQMS. Thecorecomponent
of the EQMS is the Sthedulerwhich decideson the order
in whichtransactionsiredispatchedo the DBMS suchthat
theassociateoStamgetsaremet. The schedulerelieson
the MPL Advisorto determinean MPL that providessuf-
cientschedulingcontrol,while keepingperformanceenal-
ties, suchaslossin throughput,below a thresholdde ned
by the DBA (databaseadministrator). The MPL Advisor
alsochecksfor the feasibility of a givensetof targets. The
EQMS combinesfeedbackcontrol (basedon information
collectedby the PerformanceMonitor) with queueinghe-
ory to operatan aself-tuningandself-adaptie fashion.

We demonstratehe effectivenessof our solutionin ex-
perimentswith two differentDBMS, IBM DB2 and Post-
greSQL.We createa rangeof workloads,including CPU-
bound,l/O-bound,andhigh vs. low lock contentiorwork-
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 reducesontentiorwithin the
DBMS at the bottleneckresourcejndependentf whatthe
particularbottleneckresourcas.

The paperis organizedas follows: Section2 reviews
relatedwork. Section3 describeghe experimentalsetup.
Section4 detailsthe algorithmsusedby the Scheduletto
achieve class-basedneanresponsdime targetsand Sec-
tion 5 explains how to schedulefor more complex QoS
goals,including percentileandvariability goals. Section6
describeshetechniquesisedby theScheduleandtheMPL
Advisorto adaptin dynamicervironments We concluden
Section?.

2. Relatedwork

Whenlooking at prior work on providing QoS guaran-
teesfor DBMS transactiongwo pointsareapparentiFirst,

prior work focuseson schedulingdatbasenternalresources
and hencerequiresmodi cations to DBMS internals;our
goal is to provide QoS guaranteesxternally, transparent
to the underlyingDBMS. Secondonly perclassmeanre-
sponsdimetargetshave beenconsideredourgoalis to pro-
vide methodsfor a wider rangeof QoS targets,including
variabiility or percentiletargets.

Below we describeprior work on providing guarantees
for DBMS transactions.Most of the work is in the area
of real-time DBMS (RTDBMS), which is concernedwith
deadlinesatherthantargetsinvolving meanresponséime.
CommercialDBMS provide tools to assignpriorities to
transactions however theseare not associatedwith ary
speci ¢ responsd¢ime targets. Thelittle work thatinvolves
perclass guaranteesis primarily simulation-only and
doesnot cover complex QoS goals suchas percentileor
variability goals, and is not portablein that it requires
the modi cation of databaseénternals(e.g. the bufferpool
manager).

Work on RTDBMS

In Real-time DBMS, thereis a deadline(typically a
harddeadline)associatedvith eachtransaction.The goal
of RTDBMS is to minimize the numberof transactions
which misstheir 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 meanresponsegime targets or
variability targets. Also, in our work, no transactionsare
dropped.The RTDBMS typically involvesusinga special-
ized databaseengine,and the mechanisnis implemented
internally, makingit lessportable.

Commercial DBMS

As a testamentto the importanceof the problem of
providing differentservicelevels mostcommerciaDBMS
provide priority mechanismsn someform. For example,
bothIBM DB2 [16] andOracle[20] offer CPU scheduling



tools for prioritizing transactions. Although different
classesregivendifferentpriorities with respecto system
resourcesjt is not clear how thesepriority levels relate
to achievzing speci ¢ responsdime targets. Towardsthis
end,Kraisset al. [15] try to mapeachclassto some x ed
priority suchthat schedulingbasedon priorities will meet
the desiredresponsédime targets. Suchan assignmenbf
prioritiesto classesloesnot alwaysexist.

Towards per-classmeanresponsdime targets

Cargy et al. [10] considerthe situationof two classes,
wherethey strive to make the meanresponsdime for the
high priority classaslow aspossibleby schedulingnternal
DBMS resource®n 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 animplementation
of (DBMS internal)lock schedulingandCPU scheduling.

More closelyrelatedto our currentwork arethefollow-
ing papers[6-8,22], all of whichhave multiple classegach
with a differentmeanresponsdime target. OtherQoStar
getsarenotconsideredTheirapproachs to schedulénter
nal memory (buffer pool management)The above areall
simulationstudies.

3. Experimental setup

As representatie workloadsfor transactionalvebappli-
cationswe choosg¢he TPC-C[23] andTPC-W|[24] bench-
marks. The TPC-Cworkloadin this studyis generatedis-
ing software developedat IBM. The TPC-W workload is
generatedisingthe TPC-WKit from PHARM [9], though
minor modi cations aremadeto improve performancein-
cluding rewriting the connectionpooling algorithmto re-
duceoverhead.

Differentcon gurationsof theseworkloads(numberof
warehousesiumberof clients)resultin differentlevels of
resourceutilization for the hardwareresources:CPU and
I/0. We experimentwith 4 differentcon gurationsof TPC-
C and TPC-W asshavn in Table 1(top). We chosethese
con gurationsin orderto cover differentcombinationsof
resourceutilization levels (seeTable 1(bottom)). In addi-
tion, varying the con guration will alsoresultin different
levelsof lock contentior[18]. For example Jock contention
is alargecomponenbf atransactiorslifetime in workloads
W, o andW, o-c pu, butnotin the otherworkloads.

The TPC-Cand TPC-W benchmarksare de ned to be
usedasclosedsystemsandwe usethemthis way. We as-
sumea zero*“think time” throughout.All resultsin the pa-
perhave beenrepeatedvith non-zerathink times,andwith
opensystemcon gurationsandresultshave beenfoundto
besimilar. Dueto alack of spaceunlessotherwisestated,
we shav only the resultsfor zerothink times,allowing us

Workload Benchmark| Con®g Data- | CPU| 1/O
base load | load
W, o TPC-C 40 WH, 4GB low high
100clients
Wiosc Pu TPC-C 10WH, 1GB med. hlgh
100clients
Wcpusl o TPC-W 100EBs, 300MB | high | med.
Shopping | 10K items,
140K customers
Wcpu TPC-W 100EBs, 300MB | high | low
Browsing | 10Kitems,
140K customers

Table 1. Descriptionof the experimentalworkloads.

to focusonthe effect of varyingthe MPL in all thegraphs.

The DBMS we experimentwith areIBM DB2 [16] ver
sion 8.1, andPostgreSQL[19] version7.3. Dueto lack of
spaceall resultsgraphsthroughoutthe paperpertainto the
IBM DB2 DBMS.Resultsfor PostgieSQLare very similar
andwedescribethesein wordsonly. In all experimentshe
DBMS is runningona?2.4-GHzPentiund with 3GB RAM,
runningLinux 2.4.23,with a buffer pool sizeof 2GB. The
machineis equippedwith two 120GB IDE drives, one of
which we usefor the databasdog and the other one for
the data. The client generatois run on a separatenachine
with the samespeci cationsasthe databasesener, andis
directly connectedo the databassener througha network
switch.

4. Achieving responsdime targets

In this sectionwe assumehateachof the QoStargetsis
aspeci c meanresponsgime targetfor eachclass.Specif-
ically, classi transactionfiave atargetmeanresponsgime
of . After introducingsomenotation,we explain the al-
gorithmsusedby the Scheduleto achiese the perclassre-
sponsdimetargetsandto determinevhetherasetof targets
is feasible.

4.1 Notation

The notationwe usein orderto formally explain the ex-
ternalschedulingalgorithmsis summarizedn Table2, and
is straightforward. The meanresponséime of transactions
is denotedby T, andcanbedividedinto TQ® andTPBMS,
wherethe former denotesthe meantime the transactions
spendjueueingexternallyto the DBMS andthelatterquan-
tity is the meantime thatthe transactionspendwithin the
DBMS. Thatis,

T:TQ+TDBMS



TQ Meantime transactionspendwaiting in externalqueuen systemwith externalscheduling
TDBMS Meantime transactionspendexecutingin the DBMS in systemwith externalscheduling
TiQ Meantime transactionsn classi spendwaiting in externalqueue
TPBMS T Meantime transactionsn classi spendexecutingin the DBMS in systemwith externalscheduling
T Overallmeanresponsdime, i.e. sumof Tq andTpgm s
R Meanresponsé¢ime in original (no externalschedulingysystem
Ri Meanresponsé¢ime of classi transactiongn original (no externalschedulingpystem
i Meanresponsg¢ime targetof classi
pi Fractionof transactionshatareclassi
teurr currenttime
TX% x-th percentileof T;
TDBMSxX% x-th percentileof TPEM S
X% Targetfor x-th percentileof T;

Table 2. Notation

Furthermorewe denotethe perclassresponsdimesvia a
subscript denotingclassi, whereT; denoteghe meanre-
sponsdime for classi transactionsand

T, = TQ + TPBMS

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

Measurement®f the quantitiesintroducedabove, i.e.
thequeuingtimes,executiontimes,andtotal meanresponse
times, both per classand aggreated, are neededby the
Scheduleandthe MPL Advisor and arethereforetracked
by the Performancéonitor.

4.2 The basicalgorithm

The Schedulerelieson the MPL Advisor to choosean
MPL so that the time spentwithin the DBMS is low and
predictable.In particular sincethe Scheduleicannotcon-
trol thetime atransactioriakesto executeinsidetheDBMS,
the MPL hasto below enoughsuchthatfor eachclassthe
expectedime within the DBMS is lower thanthe class're-
sponsdimetarget. Givenn QoSclassesvith responséime

classi
TiD BMS

The main questionfor the Scheduleiis thenhow to or-
derthetransactionsvithin theexternalqueueto achieve the
targets. Obsene thatfor eachclassi the Scheduleknows
the meantargetresponsdime ; andcanobtainthe mean
databaseexecutiontime TPBMS from the Performance
Monitor. It canthereforedeterminehow much “slack” it

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

= DBM S
si= i T,
time unitsin the externalqueuebeforethey shouldstartex-
ecutingin theDBMS.

Basedon the slackof a transactiorthe Scheduleicom-
putesa timestampfor whenthe transactiorshouldbe dis-
patchedutof theexternalqgueueandinto theDBMS, which
we call thedispatdt targettime Formally, if anew transac-
tion of classi arrivesattimet, its dispatchtargettq is

tlg=ta+ s =ta+ TiDBMSZ

Wheneeratransactiorcompletesatthe DBMS, andwe
have to pick the next transactiorfor executionfrom the ex-
ternalqueuewe pick thetransactionn increasingorderof
their dispatchtargets(ty value).

We demonstrate¢he viability of the above algorithmex-
perimentally Theabove high level descriptionromitsanim-
portantissuearisingin practice:how doesthe Schedulead-
justto sugesand uctuationsin systemload which might
male it impossibleto achieve all thetargets. This practical
concernwill beaddresseéh Section6.

4.3 Feasibility of assignment

The Scheduledistinguisheswo typesof infeasibletar
gets. The rst one hasalreadybeenexplainedabove and
includesperclasstargetsthat are lower thanthe perclass
meanexecutiontime (i.e. the averagetime spentinsidethe
DBMS). Themeanresponsé¢ime of aclassis thesumof its
gueueingime andits executiontime,andcanobviously not
be smallerthaneitheroneof its componentsThe rst con-
dition for atargetto befeasibleis thereforethe following:

TiDBMS <



It is importantto note that the mean execution time
TPBMS dependsonthe MPL: asmallerMPL leadsto less
contentionat the DBMS andthereforeto shorterexecution
times.lt is thereforehegoalof theMPL Advisorto recom-
mendanMPL thatmeetgheabove condition,providedthat
this doesnot comeat a performancepenalty(e.g. in terms
of throughputloss) beyond whatthe DBA hasspeci ed as
tolerable. If the MPL Advisor cannotdeterminean MPL
that satis es the above condition, thenthe target ; is not
feasible. The detailsof how the MPL Advisor works will
be explainedin Section6.1.

The secondtype of infeasibletargets comprisesthose
that cannotbe achieved dueto a simplelack of systemre-
sourcege.g. supposevery classdesiresa really low re-
sponsetime guarantee).More precisely we don't expect
the overall meanresponsdime underclass-basegrioriti-
zationto belowerthanfor the unprioritizedsystem.Thatis
theweightedaverageoverall perclassmeanresponsdime
targetsis not expectedto be lower thanthe meanresponse
timein the original unprioritizedsystem.

We describea simpleconditionfor determiningwhether
asetof perclassmeanresponséimetametsis feasiblej.e.,
whetherthe setof targetsis achievablevia somealgorithm.

We start by de ning the overall target meanresponse
time (aggreyatedover all classes):

X
overall = P
i=1
RecallR representthe meanresponséime in the origi-
nal system(without scheduling).
Obviously a necessargonditionfor achieving the indi-
vidual ;'s(via someorderingof theexternalqueue)s that
> R

overall

We now argue(only intuitively) thatthisalsorepresenta
sufcient condition. Thecruxof thearguments thatthe ex-
ternalschedulingwith thelimited MPL) doesnotincrease
the overall measuredneanresponsdime T as compared
with theoriginal R. Thatis, whenthe MPL is chosercare-
fully (asin Section6.1)we have

T R
Hencethe above conditionalsoimplies
> T

overall

whichis sufcient.
4.4. Resultsfor meanresponsdime targets

We experimentallyevaluatethe accuray of the Sched-
ulerin achieving perclassmeanresponséime targetsusing

the four workloadsin Table 1. In all experimentswe use
an MPL of 20, sincefor our workloadsthis MPL is high
enoughthat neitherthroughputnor overall meanresponse
time is sacri ced. Tables3 and4 shav detailedresultsfor
W, andWcpy respectiely underlBM DB2. Resultsare
shavn in the“Measured’columncorrespondingo the QoS
targetspeci edin theprevioustwo columns.Meanandmax
valuesarespeci edfor asequencef 10 experimentaruns,
eachconsistingof 25,000transactionsAt the moment,we
areonly concernedvith the rst two rows of thesetables,
whichconsideperclassesponséimetargets.We have ex-
perimentedvith threedifferentclassesvith differenttargets
andfrequenciesAs shovnin thetables we arealwaysable
to achieve within 8% of the desiredperclassresponsédime
targetsfor W, o (Table3) andwithin 12%of thedesiredper
classresponsdimetamgetsfor Wepy (Table4). Recallthat
Wecpuy correspondso the TPC-Wworkloadwhichis more
variable. Resultsfor W, g>c py arevery similar to those
for W, ¢ with errorsrangingbetween0-5% and resultsfor
Wecpusl o areverysimilarto thosefor Wepy with errors
rangingbetweenl-11%. We alsorepeatedill experiments
for PostgreSQLwhereresultsare slightly worsebut still
within 15% of thetagets.

5. Mor e complexQoStargets

In this sectionwe considermore complex QoStargets.
Thesenclude: Reducingoverall variancein responséimes
(aggreatedover all classtransactions)(Sectiob.1); and
achieving targetson thex™ percentileof responséime for
multiple classegSection5.2).

5.1 Reducingvariance

In additionto desiringlow meanresponsdime, users
areequallydesirousof low variability in respons¢imes[5].
BothWcpy andW, o benchmarksrecomposedaf a x ed
setof transactiortypes.We nd thatalthoughthe variance
within eachtransactiortypeis nottoohigh, theoverallvari-
ancein responsdime acrossall transactiontypesis quite
high. Speci cally, for Wcpy, the squaredcoefcient of
variation(C?) for individual transactiortypesrangesfrom
C? = 2to C? = 5; however over all transactiontypes,
we measureC? = 15. W, ¢ is lessvariable.For individual
transactionypeswe measurealuesrangingfromC? = :15
to C? = 0:8, while looking acrossall transactiortypeswe
measureC? = 2:3. As areferencepoint, the exponential
distributionhasC? = 1.

Figure 3(left column) shaws the (original) response
timesfor the differenttransactionsinderWecpy andW, o,
for IBM DB2. Our approachto combattingvariability is
to decreasehe responsdime of the long transactiongby
giving thempriority) andin exchangencreaseheresponse



Experiment o Measured
type Class| Frequeng | Priority | QoStamget | Target Mean | Max | Avg. error
Re- C1 10% 1 RespTime | 0.7sec 0.725 0.728 3.5%
sponse Cc2 20% 2 RespTime | 1sec 1.02 1.029 2.0%
times C3 70% N/A Besteffort N/A 1.60 1.69 N/A
Re- C1 40% 1 RespTime | 0.6sec 0.653 0.657 8.0%
sponse Cc2 40% 2 RespTime | 1.3sec 1.366 1.37 5.0%
times C3 20% N/A Besteffort N/A 2.54 2.59 N/A
C1 10% 1 80th%tile | 1sec 0.98 1.026 0%
Percentiles C2 10% 2 95th%tile | 2sec 2.03 2.159 1.0%

80th%tile: 1.96 | 2.01 N/A

C3 | 80% | NA | Besteffort | NA | oo omile:251| 2.89 | NIA
C1 20% 1 80th %tile 1sec 0.981 1.06 0%
Percentiles| C2 20% 2 95th %otile 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
2 — N
Variability | C1 100% 1 Reducevar | N/A (be?ore_cg'iog:s)
C1 10% 1 RespTime | 0.7sec 0.73 0.78 4.0%
Cc2 10% 2 RespTime | 1sec 0.98 1.09 2.0%
Combined| C3 10% 3 80th%tile 1sec 0.978 0.99 2.0%
C4 10% 4 95th %tile 2sec 2.04 2.1 2.0%
C5 60% N/A Besteffort N/A 1.7

Table 3. Summanyof resultsfor differentQoStargetsfor W, o .

Experimernt . Measured
type Class| Frequenyg | Priority | QoStarget | Target Mean | Max | Avg. error
Re- C1 10% 1 RespTime | 3sec 3.37 3.570 12%
sponse Cc2 20% 2 RespTime | 6sec 6.564 6642 9%
times C3 70% N/A Besteffort N/A 10.6 10.8 N/A
Re- C1 25% 1 RespTime | 2.5sec 2.79 3.15 11%
sponse Cc2 25% 2 RespTime | 6.5sec 6.6 7.4 1.5%
times C3 50% N/A Besteffort N/A 12.9 14.08 N/A
C1 10% 1 80th%tile | 3sec 3.068 2.7%
Percentiles| 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
C1 20% 1 80th%tile | 3sec 2.7 2.89 0%
Percentiles| C2 20% 2 95th%tile | 9sec 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 C*= 0119
(beforeC? = 15)
C1 10% 1 RespTime | 3sec 3.271 3.520 9%
Cc2 10% 2 RespTime | 6sec 6.285 6.678 6%
Combined | 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. Summanyof resultsfor differentQoStargetsfor Wepy .
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Figure 3. QoStargetreducingvariability: Resultsfor W¢p y (top) andW, o (bottom).

time of the shorttransactionswherethe goal is to make
all transactiorresponsdimesascloseto the overall mean
responsdime aspossible.This turnsoutto be possiblebe-
causen typical workloadsthe fraction of transactionsvith
very long responsdimesis quite small as comparedwith
thefractionof transactionsvith shortrespons¢imes(asin
Paretos “80-20 rule”). Figure 3(right column) shaws the
resultsof equalizingthe responsdimes, hencegreatly de-
creasingvariance.UnderIBM DB2, for Wcpy weareable
to decreas€? from 15t0 0:19. For W, o we areableto de-
creaseC? from 2.3to 0:11. Theseresultsare summarized
in Tables3 and4. UnderPostgreSQLfor Wcpy we are
ableto decreas€?2 from 14to 0:09. For W, o we areable
to decreas€? from 1.6to 0:8.

The exact algorithm for reducingvariability is easyto
implementwithin our externalschedulingframewnork. We
startwith the measureaverall meanresponsdime of the
original systemR. We denotethe meanresponsdime for
thei™ transactiortype by T;. Initially someof the T;'s
are higherthanR and somearelower. To malke the sys-
temmorepredictablewe assigrtypei transactiong target
meanresponsgéime of ; = R. Wethenapplythe standard
methodfor achieving perclasstargetmeanresponséimes.

For this methodto work, it is importantto notethatit is
desirablehatthevariability within eachtypeis low, sothat
eachtypeis morepredictable For mary OLTP seners,e.g.
the databaséaclendof a Web site, this is the case:There
area limited numberof possibletransactiortypesthat the
userinterfaceallows for, e.g. ordering,productsearchye-
trieving shoppingcartcontentsandthesetransactiortypes
are eachlimited in scope,resultingin low responseime
variability within eachtype.

5.2 Meeting xth percentiletargets

Meantargetresponsgimesareloosein thatthey canbe
heavily in uencedby a small percentagef transactionslt
is concevable that somecustomeramight prefer stronger
guaranteesjamelythat90%,say of theirtransactionfiave
responsdimesstrictly belov sometarget. In this section
we describehow to obtainperclasspercentiletarget guar
antees.

Considerthe exampleof settinga 90" percentiletarget
denotedby °% for the transactionsn classi. Our ap-
proachfor meanresponsé¢ime targetsdoesnt applyto per
centile targets. Thuswe needa new approach. Our per
centile target approachhastwo parts: First the MPL Ad-
visor determinesan MPL valuewhich ensuresa 90" per
centiletargeton justthe executiontime TP BM S je.

TiDBM S90%

whereT P BM S90% genoteghe 90" percentileof execution
times.We next de ne analgorithmfor schedulingheexter-

nalqueuethatusesT2BM S 90" tg achiarea 90" percentile
targetontheresponsé¢ime for classi.

The second step of our approachis to convert
TP BMS9% jnto a90M percentileresultfor responseime.
Obsene thatif the queueingtime TiQ is boundedby some
¢, theresulting90™ percentileresponséime is boundedy

90% DB M S;90%
T c+ T,

Thatmeanswhenschedulinga transactionjn orderto en-
sureagivenpercentiletarget *°%, i.e. ensurethat

90% 90%
Ti i



the amountof slackwe have in schedulinghis transaction
is
90% T DB M S;90%

i

We canhencetranslatepercentiletargetsto dispatchtargets
asfollows: assigna transactiorwith targettarget % the
dispatchtargetof:

tg = tourr + 20 TiDBM S;90%

As beforewe scheduletransactiondrom the queuein
orderof increasinglispatchtargets.

Tables3 and 4 shav resultsfor various experiments
with perclasspercentiletargettargetsunderlBM DB2 for
W0 andWcpy. As shawn, in all experimentsfor both
workloads,we are ableto achieve our percentileresponse
time targetsusuallywithin 3%. Resultsfor W, o>c py and
Wecpu« o arecomparablewith errorsin achieving per
centiletargetsrangingfrom 1-4%. For ourexperimentwith
PostgreSQlthis numberbecomed 0%.

5.3 Combination targets

Finally, it is quite plausiblethat (i) differentcustomer
classesnightdesiredifferenttypesof QoStargets,and(ii) a
givencustomerlassmightsimultaneouslyequesmultiple
targets(e.g.,a targetfor the meananda percentiletarget).
Both of these“combination” scenariosare easyto achieve
in our external schedulingframework sinceall targetsare
immediatelymappedo dispatchtargetsandtransactionare
thenpulledfrom theexternalqueuen orderof thesetargets.
A transactiorhaving multiple QoStarmetsis assignedhe
moststringentof all of its correspondinglispatchtargets.

Someresultsinvolving combinationtargets are shavn
for IBM DB2 in Tables3 and4, andall targetsareachieved
with very highaccurag.

6. Making the EQMS self-tuning and adaptive

This sectiondetailsthe self-tuningandself-adaptie fea-
turesof the EQMS that make it robustto dynamicsitua-
tions. We rst explain how the MPL Advisortunesanddy-
namicallyadaptgshe MPL, themostimportantparameteof
the EQMS. We thendiscusshow the Schedulercopeswith
varyingloadconditions gspeciallywith sudderioadsumges.

6.1 Details of the MPL Advisor

Onebig advantageof the EQMS approactis thatthere
arevery few parameterso tune. Essentiallythe onemost
important parameteris the MPL. The proper choice of
the MPL is crucial, though, sincetoo high an MPL will
provide the schedulerwith only little control on class
differentiation,while a too low MPL canharmthe overall

systemperformanceBelow we rst describehow the MPL
Advisor determinesa lower boundon the MPL (to limit
lossin throughputandincreasdan responseime) andthen
how it determinesan upperboundon the MPL (to allow
sufcient controlfor achievzing a givensetof QoStargets).

Determining a lower bound on the MPL

Thereare two potentialrisks involved in choosingthe
MPL too low. First, alow MPL may causethe DBMS re-
sourcego be underutilized,leadingto lossin throughput.
Second,a low MPL may increaseoverall meanresponse
time, sinceit enforcesa stricter queueingof transactions,
resultingin shorttransactiondeingforcedto queuebehind
long ones(Head-of-Line-Blocking).Our experimentalre-
sults acrossvariousworkloadsand systemcon gurations
shav thatthe wrong choiceof MPL canresultin adropin
throughputby a factor of 10 and a more thantenfold in-
creasan overallmeanresponsdime.

What the MPL Advisor doesis to nd a lower bound
on the MPL which limits the above problemssuch that
throughputloss and increasein meanresponsegime are
within tolerablerange(where“tolerable” is speci ed by the
DBA). Finding a goodlower boundis a dif cult problem
(and is left as an open problem even in recentpublica-
tions [13]). Our basicapproachis to usea control loop
augmentedvith queueingtheoreticguidance.We develop
gueueingheoreticmodelsthatcapturethe basicproperties
of therelationshipbetweersystenthroughputindresponse
time andthe MPL. Analysisof the models(parameterized
basedon the given systemandworkload) providesus with
agoodinitial MPL value,which we then ne-tune through
a control-loop. “Jump-starting”the control-loop with a
close-to-optimalstarting value provides fast corvergence
times, even when using only small conserative constant
adjustmentsn eachiteration. The detailsareinvolved and
addresseth a separat@aper21], alsoin submission.

Determining an upper bound on the MPL

In Section4.3we have identi ed severalnecessargon-
ditionsfor a setof QoStargetsto befeasible.In particular
for eachclassi thathasameanresponsegime targetassoci-
atedwith it thefollowing conditionneedgo hold

TiDBMS <

andfor eachclassj with a percentiletarget

% %
TjDBM S$90” J_E?lO

needsto hold. Sinceboth TPBMS and TPEMS 90" are
affected by the MPL (a higher MPL will lead to higher
contentionat the DBMS and thereforeto higher TPBM S

and TPBMS 90" values)the feasibility of a setof targets
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Figure 4. Themeanexecutiontime asa functionof
the MPL underW, o andWcpy.

dependson the MPL. The goal of the MPL Advisor is to
chooseanMPL suchthatthe above conditionsaremet.

The basicmechanisnis a controlloop thatdynamically
adjuststhe MPL basedon measurementprovided by the
PerformanceMonitor; if the measuredrP8MS is higher
thandesiredtheMPL is reducedprovidedthelowerbound
on the MPL determinedn the previous subsectioris not
violated).In orderto decidehow muchthe MPL needgo be
adjustedheMPL Advisorusegjueueingheoreticguidance
to provide fastcornvergence. The detailsof the algorithm
areexplainedbelow, rst for responseime targetsthenfor
percentiletargets.

Determiningthe right MPL for ensuringthe feasibility
of responsdime targetswould betrivial if we hada func-
tion thatdescribeghe exactrelationshipbetweerthe MPL
and the meanexecutiontime TLBMS_ while we cannot
know the exact function, queueingtheoryrevealsa crucial
propertyof this function: Accordingto Little' slaw [17] the
expectedexecutiontime T is linearin the MPL value. Fig-
ure4 veri es * thislaw in experimentgor W, o andWcpy .

Basedon this obsenation, we cantune the MPL in a
controlloop similarto the following:

1. Periodically monitor the perclass execution times
TDBMS
, .

2. Adjustthe MPL if for ary classi the meanexecution

timeincreasesbove the perclasstarget,i.e.
TDBMS
I

3. Assumingthat for someclassthe executiontime is a
factorof f > 1timestheperclasstargettarget,i.e.

TDPBMS — ¢
|
we adjustthe MPL asfollows:

1in thecaseof W p y , theline is notasstraightasfor W, o, sincethe
workloadis createdusing TPC-Wwhich exhibits a very high variability in
servicetimes,leadingto highervariability in experimentakesults.
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Figure 5. Percentile of the executiontime at the
serverfor differentMPLsfor W, o.

provided that M PL ., doesnot violate the lower
boundonthe MPL.

The above algorithm involves multiplicative adjust-
ments. In practice,combiningthis with small constantad-
justments,when closeto the target, works well. We nd
that for obtaininga good estimateof the meanexecution
time in stepl) it sufces for the PerformanceMonitor to
sampleafew hundredransactionin thecaseof W, o anda
few thousandransactionsn thecaseof Wepy (dueto the
inherently higher variability of workload W¢py). In our
experimentsthe above tuning algorithm nds the optimal
MPL with atmost10iterations.

Moving from meanresponsdime targetsto percentile
targetsthe above approachdoesnot work anymore, since
Little's law doesnot applyto percentilesof responsdime.
We solwe this problemby approximatingthe DBMS by a
Processeharing(PS) sener. While this approximation
might be too crudefor exact predictions,the hopeis that
it is still usefulfor providing intuition on the relationship
betweerthe MPL and TP BM S 90"  Fromqueueingheory
2 it follows thatin a PSsener the percentilesof response
time scalelinearly with the numberof transactionsat the
sener. This resultenableaus to usethe samemethodwe
usedfor meanresponséime targetsfor percentileargetsas
well.

The effectivenessof the above approachfor percentile
targetshingeson the assumptiorthat our DBMS behaes
similarly to a PSsener with respecto thelinear scalingof
percentileresponseimesasa functionof MPL. Our exper
imentalresultsin Figure5 shav that this assumptioris in
factvalid for our workloadsrunningunderiBM DB2. Al-
thoughnot shavn, we nd that the sameresult holds for
PostgreSQLWe adda disclaimerthatthe above algorithm
works bestwhen all classeshave a similar mix of trans-
actions. This was not a necessarygonditionon all of our

2This is basedon the queueing-theoreticesultthat underM/G/1/PS,
for a given transactionjts expectedresponsdime is proportionalto both
thenumberof transactionsitthe sener andits servicedemand.
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previous QoS algorithms,andis neededonly here. If that
conditionis not met, the controlloop thatadjuststhe MPL
needgo bemorecomple.

6.2 Adapting to load uctuations

The resultsin Sections4 and 5 have assumed system
in steadystatewith a stablearrival processDuring the day,
however, the systemloadmay uctuate. Assumingthatthe
systemis neverin overload thereshouldbenoneedto drop
transactionshut theload mightrisetoo high for the current
setof targetsto befeasiblej.e.

T> overall

The EQMS offerstwo approachefor handlingthis case.
The rst approactassumetgt is moreimportantfor some
classego staywithin their targetthanfor others.The DBA
indicatesthis by specifyinga priority for eachclass,in ad-
dition to specifyingperclassresponsdime targets. These
prioritiesonly becomeeffective whenload conditionsmake
the perclasstargetsno longerfeasible(i.e. T >  overan )-
We detectthis situationby checkingwhetherthereareary
“late” transactionsn the externalqueue,i.e., transactions
thathave alreadymissedheir dispatchtarget. If tey, ; isthe
currenttime andtq is thetransactiors dispatchtargettime,
thenlatetransactionasthosefor whom

teurr > g

Whenever we have to choosea new transactiorfor execu-
tion in the DBMS from the externalqueue ,we rst check
whethertherearetransactionshatarelate. If thereare,we
pick thetransactiorwith thehighestpriority amongthelate
transactionslf thereareno late transactionsn the queue,
we scheduleasusualin the orderof thedispatchtargets.
An alternatve approachs to carrythe burdenof the ex-

cesdoadequallyamongall the classesTheburdenwill be
proportionatelysharethetweerthe classesn thefollowing

way: For eachtransactiorwe computeits lateness™, as
T = tewrr td

Whenschedulindatetransactionsywe considettherelative
lateness’ ¢, Of thetransactiomormalizedby its targetre-
sponsdime . Relative latenesss de ned as

tq)=

Trel = = = (teurr

Wheneer we choosea transactionfor executionin the
DBMS from the external queue,we rst checkwhether
therearetransactionshatarelate. If therearelatetransac-
tionsin the queue we pick the transactiorwith the largest
relative lateness, ¢, for execution. If thereare no late
transaction#n thequeuewe scheduleasusualsolelybased
onthedispatchtargets.

Weimplementhothapproachefor dealingwith uctuat-
ing load describedabove andexperimentallyevaluatethem
ontheworkloadcorrespondingo thesecondow in Table3.
In the experimentsve vary theload by increasinghe num-
ber of clientsfrom 100 to 300. The resultsare shovn in
Figure6. In the rst approachthetargetsfor the rst two
classearemaintaineddespitetheloadincreasewhile only
the third (besteffort) classsuffers. Theseresultsfor IBM
DB2 areshawn in Figure6 (left). Obserethatthe rst two
classedave nearlyconstantmeanresponsd¢imesacrossall
loads. In the secondapproachwe sharethe burdenacross
all the classes.Theresultsare shavn in Figure 6 (right),
for the casewherethe third classhastarget responsdime
2.4 seconds.In this gure, the meanresponseaimesof all
classesncreasdny the samefactorasloadincreases.

7. Conclusion

Many time-sensitie applicationgely ona DBMS back-
end.Fromthe perspectie of theseapplicationsthe DBMS
is a mysteriousblack box: Transactionsare sentinto the
DBMS andmay take eithera very shorttime (msec)or a



verylongtime (tensof secs)dependindargely ontheother
transactionsoncurrenthyin theDBMS. Theapplicationhas
no controloverwhichtransactionsvill take longandwhich
will take ashorttime.

This papemprovidesmechanismandalgorithmsfor con-
trolling the time differenttransactionspendat a database
baclend. We provide methodsfor creatingdifferent QoS
classesand for meeting speci ed perclass QoS targets.
QoStargetscan be meanresponsdime targets, percentile
targets,variability targets,or a combinationof targets.

Oursolutionis anexternalschedulingnechanisnwhich
limits the numberof concurrentransactiongMPL) within
the DBMS, holding all remainingtransactionsn an exter-
nal queue.We nd thatfor our workloadsthereis a good
rangeof MPL valueswhich allows usto achieve classtar
getswithout hurting overall systemperformancewith re-
spectto throughputandoverall meanresponsdime.

The algorithmsneededto achiere the QoS targetsare
non-olviousandrely on queueingheoryresultsandanaly-
ses.We demonstratéhe effectivenesof the algorithmson
severalbenchmarlbasedvorkloadsjncludingCPUbound,
I/O boundand lock boundworkloads,in situationswith
multiple classesand multiple targetsper class. However,
it is desirableto experimentwith otherreal workloadsto
furthervalidatethe algorithms.

Our externalschedulingapproachis extremelyportable,
notjustto differentDBMS, but alsoto othertypesof back-
endseners. The queuingtheoreticargumentsn this paper
do not dependon the sener beinga DBMS and apply to
generakystemsaswell.
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