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Abstract

Sdeduling/prioritizationof DBMS transactionsis im-
portantfor manyapplicationsthat rely on databasebadk-
ends. A corvenientway to achieve schedulingis to limit
the numberof transactionswithin the database maintain-
ing mostof thetransactionsn an externalqueuewhich can
be ordered as desied by the application. While external
schedulinghas manyadvantaesin that it doesnt require
changesto internal resouces,it is alsodif cult to getright
in thatits performancedependsritically on the particular
multiprogramminglimit used(the MPL), i.e. the numberof
transactionsallowedinto the database If the MPL is too
low, throughputwill sufer, sincenot all DBMSresouces
will beutilized. Onthe otherhand,if the MPL is too high,
there is insufcient control on scheduling The questionof
howto adjusttheMPL to achievebothgoalssimultaneously
is an openproblem,notjustfor database$ut in systende-
signin geneal. Herein we studythis problemin the context
of transactionalworkloads bothvia extensiveexperimenta-
tion andqueueingheoretic analysis.

We nd thatthetwo mostcritical factorsin adjustingthe
MPL are thenumberof resoucesthattheworkloadutilizes
andthevariability of thetransactions'servicedemands\W\e
developa feedbak basedcontmwller, augmentedy queue-
ing theoretic modelsfor automaticallyadjustingthe MPL.
Finally, weapplyour methodgo thespeci ¢ problemof ex-
ternal prioritization of transactions.We nd that external
prioritization canbenearlyaseffectiveasinternal prioriti-
zation,without any negative consequencesyhenthe MPL
is setappropriately.

1. Intr oduction

Many of todaysweb applicationsarelargely dependent
on a baclend databasewherethe majority of the request
processingime is spent. For suchapplicationsit is often
desirableo controlthe orderin whichtransactiongreexe-
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cutedattheDBMS. An e-commercepplicationgor exam-
ple might wantto give fasterserviceto thosetransactions
carryingalot of revenue.

Recently systemgesearcherhave startedio investigate
the ideaof external schedulingasa methodof controlling
the orderin which transactionsare executed. The basic
mechanisnin externalschedulingis demonstratedh Fig-
ure 1, andsimply involveslimiting the numberof transac-
tions concurrentlyexecutingwithin the DBMS. This limit
is referredto asthe MPL (multi-programmindimit). If the
MPL is alreadymet, all remainingtransactionsre queued
up in an externalqueue. The applicationcanthencontrol
the orderin which transactionsre executedoy scheduling
theexternalqueue.

incoming
transactions

MPL=4
external
queue

DBMS

Figure 1. Simpli ed view of the medanismusedin
externalscheduling A xed limited numberof trans-
actions(MPL=4) are allowedinto the DBMS simul-
taneously Theremainingtransactionsare held badk
in an external queue Responsémeis thetime from
whena transactionarrivesuntil it completesinclud-
ing time spentqueueingexternallyto the DBMS.

Examplesof recentwork on external schedulingcome
from mary areasncludingstorageseners,webseners,and
databasseners. For example,Jin etal. [8] developanex-
ternalschedulingront-endto provide proportionalsharing
amongthe requestsat a storageserviceutility. Blanqueret
al. [3] studyexternalschedulingor quality of servicepro-
visioning at an Internetservicescluster In our own recent
work [21] we proposeexternal schedulingfor providing



class-baseduality of serviceguarantee$or transactional,
databaserivenworkloads.

The adwantageof the external approachis that it is
portableand easyto implementsinceit doesnot require
changego the comple internalsof the backend DBMS.
Moreover it is effective acrossdifferent types of work-
loads, since (unlike the internal approachwhich directly
schedulegheresourceinsidethebaclendDBMS) external
schedulingvorksindependenthyof the systems bottleneck
resourcelt is alsovery e xible in thatit allowsapplications
to implementtheir own custom-tailoredschedulingpolicy,
ratherthan being limited to the policies supportedby the
baclendDBMS.

While the basicideabehindexternalschedulings sim-
ple,its ef cacy in practicehingeson theright choiceof the
MPL. For schedulingo be mosteffective alow MPL is de-
sirable sincethenatany time only asmallnumberof trans-
actionswill be executinginside the DBMS, while a large
numberarequeuedunderthe control of the externalsched-
uler. Ontheotherhand,toolow anMPL canhurtthe over-
all performanceof the DBMS, e.g., by underutilizingthe
DBMS resourcesesultingin a dropin systemthroughput.
While mary have citedthe problemof choosinghe MPL in
externalschedulingascritical, previouswork in all areasof
systemdesignleavesit asanopenproblem.

The questionof this paperis: How low canwe choose
the MPL to facilitate effective scheduling,without caus-
ing deteriorationin overall systemperformance? There
are threeimportant considerationsvhen choosingan ap-
propriateMPL: (1) As alreadymentionedby holding back
transaction®utsidethe DBMS, the concurrenyg insidethe
DBMS is lowered,which canleadto adropin throughput.
We seekalgorithmsthat determinefor ary input scenario,
the lowestpossibleMPL value necessaryo ensurenear
optimal throughputlevels (when comparedto the system
withoutMPL). (2) Holding backtransactionsandsequenc-
ing them(ratherthanletting themall sharethe databasee-
sourcesoncurrently) createghe potentialfor head-of-line
(HOL) blockingwheresomelong-runningtransactionpre-
ventothershortertransactionérom enteringthe DBMS and
receving service. This canresultin an actualincreasen
overall meanresponsdime. We seekalgorithmsthat de-
termine, for ary input scenario,the lowestpossibleMPL
valuenecessaryo preventan increasdn overall meanre-
sponsdime. (3) Lastly, it is notat all obviousthatexternal
schedulingevenwith asufciently low MPL, will beasef-
fective asinternal scheduling,sincean external scheduler
doesnothave ary controloverthetransactionencethey're
dispatchedo the DBMS.

Section2 describeshewide rangeof hardwarecon gu-
rations workloadsanddifferentDBMS we usein ourexper
iments.Section3 evaluatessxperimentallyhow low we can
setthe MPL without hurting throughputand overall mean

responsdime. We nd thatthe answerto this questionis
comple, andwe identify the dominantfactorsthatprovide
the answerto this question. Next, in Section4 we create
gueueingtheoreticmodelsbasedon the ndings in Sec-
tion 3, that capturethe relationshipbetweenthe MPL and
throughputandoverall meanresponsdime. We thenshav
how a feedback-basedontrollercanbe used,in conjunc-
tion with the queueingmodels,to automaticallyadaptthe
MPL. Finally, in Section5 we evaluatethe effectivenesf
externalschedulingin one particularapplicationinvolving
prioritization of transactions. We study whetherexternal
schedulingwith the appropriatelychosenMPL canbe as
effective as internal schedulingwith respectto providing
differentiationbetweerhigh andlow priority transactions.

It isimportantto notethatthroughouthis papertheques-
tion is how low an MPL one can choosewithout hurting
systemperformance While this questionhasnot beenad-
dressedn ary previous work, a complementaryguestion
involving high MPLs hasbeenlooked at in the context of
admissioncontrol, seefor example[4,7,9,11,17]. The
point of thesestudiesis that throughputsuffers whentoo
mary transactiongreallowedinto the DBMS atonce,due
to excessvelock contention(lock thrashing)or dueto over-
load of somesystenresourceHenceit is bene cialto have
somehigh MPL upperboundon thenumberof transactions
allowed within the DBMS, with the understandinghat if
this MPL is settoo high, thenthroughputwill startto drop.
Admissioncontrol studieshow to limit the numberof con-
currenttransactionsithin the DBMS by dropping trans-
actionswhenthis limit is reached.Our work looks at the
otherendof this problem— that of very low MPLs needed
to provide prioritization differentiationor someothertype
of scheduling- anddoesnot involve droppingrequests.

2. Experimental setup

To answerthe questionsf feasibility and effectiveness
of externalprioritization, it is importantto evaluatethe ef-
fect of differentworkloadsandhardwarecon gurationson
thesequestions. The importanceof looking at different
workloadsis that an /0O boundworkload may; for exam-
ple,requirea higherMPL, asdisksneedmoresimultaneous
requestso performef ciently . Theimportanceof consider
ing differenthardwarecon gurationsis thata higherMPL
may be requiredto achieve good throughputin a system
with a large numberof hardwareresourcessincemorere-
guestsareneededo keepthemary resourcesusy Towards
this end, we will be experimentingwith a wide rangeof
hardware con gurationsandworkloads,andtwo different
DBMS.



Workload Benchmark Con®guration Databasg Main memory| Bufferpool| CPU| 10
load | load
WcpPu inv entor y TPC-C 10warehouses, 1GB 3GB 1GB high | low

Wcpu  browsing TPC-WBrowsing

100EBs, 10K items,140K customers

300MB 3GB 500MB high | low

W) -0 browsing TPC-WBrowsing | 500EBs,10K items,288K customers| 2GB 512MB 100MB low | high
Wi-0 inv entor y TPC-C 60 warehouses, 6GB 512MB 100MB low | high
Wcpu+1=0 inv entor y TPC-C 10warehouses, 1GB 1GB 1GB high | high

Wcpu  or dering TPC-WOrdering

100EBSs, 10K items,140Kcustomers

300MB 3GB 500MB high | low

Table 1. Descriptionof theworkloadsusedin the experiments.

2.1 Experimental architectures

The DBMS we experimentwith areIBM DB2 [1] ver
sion8.1,andShore[19]. Shoreis a prototypestorageman-
agerwith state-of-the-aransactioomanagemengPL,and
Aries-stylerecovery; we useit becausave have the source
codeenablingustoimplementnternalpriorities. All of our
externalschedulingesultsarealsocorroboratedisingPost-
greSQL[20] version7.3, althoughwe do not shav these
resultsherefor lack of space.

In all experimentsthe DBMS is runningon a 2.4-GHz
Pentium4 runningLinux 2.4.23. The buffer pool sizeand
main memorysize will dependon the workload (seeTa-
ble 1). The machineis equippedwith six 120GB IDE
drives,oneof which we usefor thedatabaséog. The num-
ber of remainingIDE drivesthat we usefor the datawill
dependbntheparticularexperiment.Theworkloadgenera-
toris runonaseparatenachinewith thesamespeci cations
asthedatabassener.

2.2 Experimental workloads and setups

When discussinghe effect of the MPL it is important
to considera wide rangeof workloads.Unfortunatelythere
areonly a limited numberof standardOLTP benchmarks
whicharebothwell-acceptedndpublicly available,in par
ticular TPC-C[5] and TPC-W [6]. Fortunately however,
thesetwo benchmarkganbe usedto createa muchwider
rangeof workloadsby varying a large numberof (i) hard-
wareand(ii) benchmarlcon guration parametersTable1
describeghe differentworkloadswe createbasedon dif-
ferent con guration of the two benchmarks. The bench-
mark con guration parameterghat we vary include: (a)
the numberof warehousesn TPC-C, (b) the size of the
databasé TPC-W/(this includesboththe numberof items
includedin thedatabasstoreandthe numberof “emulated
browsers” (EBs) which affectsthe numberof customers),
and(c) thetype of transactiommix usedin TPC-W partic-
ularly whethertheseare primarily “browsing” transactions
or primarily “ordering” transactionsWe run theworkloads
from Table 1 underdifferenthardware con gurationscre-
ating 17 different“Setups”assummarizedn Table2. The

hardware parametershat we vary include: (a) the number
of disks (1 — 6), (b) the numberof CPUs(1 or 2), and(c)

the main memory (ranging between512 MB and 3 GB).

We alsovary theisolationlevel to createdifferentlevels of

lock contentionstartingwith thedefaultisolationlevel of 3

(correspondingo RR in DB2 — Repeatabl®ead),but also
experimentingwith lowerisolationlevels(UR —Uncommit-
tedRead)Jeadingto lesslock contention.In all workloads,
we hold the numberof clientsconstantt 100.

Setup Workload Number | Number | Isolation

CPUs disks level
1 WcPu inv entor y 1 1 RR
2 WcPuU inv entor y 2 1 RR
3 Wcprpu br ow sing 1 1 RR
4 Wcprpu br ow sing 2 1 RR
5 Wio inv entor y 1 1 RR
6 Wio inv entor y 1 2 RR
7 Wio inv entor y 1 3 RR
8 Wio inv entor y 1 4 RR
9 WI O brow sing 1 1 RR
10 WI O br ow sing 1 4 RR
11 WcPu+10 inv entor y 1 1 RR
12 Wcpu+10 inv entor y 2 4 RR
13 WcpPu order ing 1 1 RR
14 WcpPu order ing 1 1 UR
15 WcpPu order ing 2 1 RR
16 WcpPu order ing 2 1 UR
17 WcPuU inv entor y 1 1 UR

Table 2. De nition of setupshasedon theworkloads
in Tablel.

3. Feasibility of low MPL: Experimental study

In this sectionwe askhow low canwe make the MPL
without causingdeteriorationin throughputand/oroverall
meanresponsdime. The aim is to look at low valuesof
the MPL andstudytheir effect on throughputandthenon
mearresponsémeusingtheexperimentaketupsiescribed
in the previous section. (We will not be consideringhigh
valuesof the MPL, thatarecommonlylookedat in studies
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Figure 2. Effect of MPL on throughputin CPU
boundworkloads:(@Wcpu inv entor y (Setupdl and
2 of Table2) and (b) Wepu browsing (Setups3 and
4 of Table 2).

dealingwith overloadandadmissioncontrol.) We will be
interestedn identifying theworkloadfactors thataffectthe
answeto thequestiorof “how low canonemaketheMPL."
Theseresultsaresummarizedn Section3.3.

3.1 Effect on thr oughput

For CPU bound workloads

Figure 2 shows the effect of the MPL on the throughput
undertwo CPU-boundworkloads: Wepy inv entor y and
Wecpu browsing - Thetwo lines shavn considerthe case
of 1 CPU versus2 CPUs. In the single CPU case,under
both workloads, the throughputreachesits maximum at
an MPL of about5. In the caseof 2 CPUs,the maximum
throughputis reachedat aroundM PL = 10 in the case
of workloadWcpy inv entor y @ndataroundM PL = 7
in the caseof workload Wcpu browsing - Obsene that
a higher MPL is neededto reach maximum throughput
in the caseof 2 CPUsas comparedwith 1 CPU because
more transactionsare neededto saturate2 CPUs. The
fact that the Wepu inv entor y requiresa slightly higher
MPL is likely due to the fact that the Wepy inv entor y
workload hassomel/O componentsiueto updates. The
additionall/O componenmeanghatmoretransactiongre
neededto fully utilize the CPU, since sometransactions
areblockedon /O to the databaséog. All thesemaximum
throughputpoints are achieved at surprisingly low MPL
values,consideringthe fact that both theseworkloadsare
intendedto run with 100 clients accordingto the TPC
speci cations.

For 1/0 bound workloads

Figure 3 shows the effect of the MPL on the through-
put undertwo I/O-boundworkloads:W, o iny entor y and
Wi =0 browsing - Thelines shovn considerdifferentnum-
bersof disks. TheW, =0 inv entor y WOrkloadis a purel/O-
only workload,becaus®f thelargerdatabassize. For this
workload,the MPL point at which maximumthroughpuis
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Figure 3. Effectof MPL onthroughputin I/O bound
workloads: (a) Wi =0 inv entor y (S€tUPS5-8 Of Ta-
ble 2) and (b) W -o(tpc browsing (S€tups9 and10
of Table 2).

reacheds M PL = 2 for the caseof 1 disk, MPL = 5
for the caseof 2 disks,M PL = 7 for the caseof 3 disks,
and M PL = 10 for the caseof 4 disks. Obsere that
theMPL neededo maximizethroughpugrowsfor systems
with moredisks,sincemoretransactionarerequiredto sat-
uratemoreresourcesAgain, thesenumbersare extremely
low consideringhefactthatthe TPC speci cationsfor this
workload assume$00 clients (we use 100 clients experi-
mentally).

It is interestingto note that the the increasein MPL
necessarto ensurex% of the maximumthroughputis a
someavhat linear function. We will give analytical vali-
dationfor this obsenationin Section4. Althoughit may
appeaproblematicthatthe necessaryMiPL grows linearly
with moredisks, it is importantto noticethat systemswith
mary disksalsohave a proportionatelylargerpopulationof
clients,henceanMPL thatseemdarge maystill besmallin
proportionto the client population.

For W -0 browsing » the MPL at which maximum
throughputis reachedis higherthanfor W, -o iny entor y
(aboutM PL = 13 for onedisk andaboutM PL = 20
for four disks). Thereasonis thatthe sizeof this database
is smaller than for the W -0 inv entor y WOrkload, thus
resultingin a larger CPU componentthan in the purely
I/O-basedN, o inv entor y- AS explainedin Section3.1the
additional CPU componentwill addto the MPL needed.
Still, it is surprisingthat an MPL of 20 sufces given
thatthe TPC speci cationsfor this workloadassume$00
clients(recallwe usel00clientsexperimentally).

For “balanced” CPU + | O workloads

Figure 4 considersworkload Wcpy+1=0 inv entor y
which is balancedequal)in its requirementof CPU and
I/O (bothresourcesreequallyutilized). In the caseof just
1diskand1 CPU,anMPL of 5 sufces to reachmaximum
throughput. Adding only disksto the hardwarecon gura-
tion changesghis value only slightly, sincethe CPU bot-
tleneckremains.Similarly, addingonly CPUschangeghe
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Figure 4. Effect of MPL on throughput in
workload exhibiting both high I/O and CPU:
Wepu+1=0 inventor y (S€tupslland12of Table2).

requiredMPL valueonly slightly, sincenow the workload
becomesolelyl/O bound.Howeverif weadd4 disksand2
CPUs(maintainingtheinitial balancedroportionsof CPU
andl/O), we nd thatthe MPL neededo reachmaximum
throughputincreaseso around20. This numberis still low
in light of thefactthatthe TPC speci ed numberof clients
for this workloadis 100.

In summary the MPL requiredis largely proportional
to the numberof resourceghat are utilized in a system
without an MPL. In a balancedworkload the numberof
resourceghat are utilized will be high; hencethe MPL is
higher

For Lock-bound workloads

Figure 5 illustratesthe effect of increasingthe locking
neededy transactiongincreasinghe isolationlevel from
UR to RR) on the MPL for workloadsWcpuy inv entor y
andWcpuy ordering - While the MPL neededbverallis al-
waysunder20, thebasictrendis thatincreasingheamount
of locking lowers the MPL. The reasonis that when the
amountof locking is high, throwing moretransactiongnto
the systemdoesnt increasethe rate at which transactions
complete sincethey areall queueing.Beyond somepoint,
increasingthe numberof transactionsactually lowers the
throughputasseenin [4,7,11,17].

3.2 Effect on responsdime

Section 3.1 showved that external schedulingwith low
MPL is feasiblein thatit doesnt causea signi cant lossin
throughputprovided the MPL is not too low. Becausewve
areworkingin a closedsystemanimmediateconsequence
of this factis thatthe overall meanresponsdime alsodoes
not suffer (seelittle's Law [14]). However, this point is
farlessobviousfor anopensystemwhereresponsdime is
notinverselyrelatedto throughput.In this sectionwe will
investigatethe effect of the MPL value on meanresponse
time in greatdetail, startingwith experimentalwork and
thenmoving to queueingheoreticanalysis.
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Figure 5. Effectof MPL onthroughputin workloads
with heavylocking: (@) Wepu inv entor y (S€tupsl

and 17 of Table 2) and (b) Wcpu ordering (S€tUps
15and 16 of Table 2).

Experimentallywe modify our experimentaketupto an
opensystemwith Poissorarrivals. For the opensystemwe
nd thatfor workloadsbasedn TPC-Ctheresponsdéimeis
insensitve to the MPL value,providedit is atleast4. In the
caseof TPC-W basedworkloads,the MPL valueneedsto
beatleast8, for asystemutilization of 70%,andatleast15
if the systemutilization increasego 90 in orderto obtain
close-to-optimalmeanresponsdimes (when comparedo
the systemwithout MPL).

The most important obsenation is that the degreeto
whichtheMPL affectsthemearresponséimeis dominated
by the variability of the workload ratherthan other fac-
torssuchastheresourcautilization. For examplethework-
loadsbasedon the TPC-W benchmarlconsistentlyrequire
ahigherMPL thanthe TPC-Cbasedenchmarksindepen-
dentof whetheithey areCPUbound(e.g.Wcpu  browsing )
or 1O bound(e.g. Wio browsing ). Thereasonis thatthe
servicedemandf the transactionsn the TPC-W bench-
markaremorevariablethanthosein the TPC-Cbenchmark.

The above obsenationcanbe explainedbothintuitively
as well as through queueingtheory Intuitively, a low
MPL increasesoverall mean responsetime when short
transactiongwhich in a standardnon-MPL systemwould
have shortresponsdimes) get stuck waiting behindvery
long transactionsn the external queue(independentlyof
whetherthe long transactionis 10-boundor CPU-bound).
For this to happerthe workloadneedgo exhibit high vari-
ability of the servicerequirementsi.e. the transactiormix
must containsometransactionghat are muchlongerthan
the average. From a theoreticalperspectie our external
schedulingmechanisnwith MPL parametecanbeviewed
asasingleunboundedirst-in- rst-out (FIFO) queuefeed-
ing into a ProcesseBharing(PS) sener whereonly MPL
jobsmay sharethe PSsener. A high MPL makesthe sys-
tembehae morelike a PSsener, while alow MPL makes
it moresimilar to a FIFO sener. In queueingtheoryit is
well known thatthe meanresponséime ata FIFO seneris
directly affectedby job sizevariability [12], while thatof a



PSseneris insensitve to job sizevariability.

To get an idea of whetherthe levels of variability ex-
hibited by the TPC-C and TPC-W benchmarksare repre-
sentatve, we obtaintracesfrom one of the top-10online
retailersandfrom oneof the top-10auctioningsitesin the
US for comparisonWe computethe squareccoefcient of
variation(C?), astandardstatisticaimeasurdor variability,
for both the tracesandthe benchmarks.We nd thatthe
C? valuesof the tracesarein agreementvith the TPC-C
benchmark:In the TPC-Cbenchmarkhe C? valuevaries
betweenl.0 and 1.5 (dependingon the setup),while the
tracesexhibit valuesfor C? of around2. The variability in
the TPC-Wbenchmarks higherexhibiting C? valuesof 15.

3.3 Results: Factorsin uencing choiceof MPL

Our aim in this sectionhasbeento determinehow low
we canfeasibly make the MPL without noticeablyhurting
throughputand meanresponsdime. We have seen,via a
wide rangeof experimentalworkloads,that the answerto
this questioris stronglydominateddy justafew key factors
of theworkload.

For throughput,what's importantis the numberof re-
sourcesthat the workload would utilize if run without an
MPL. For example,if an|0O-boundworkloadis run on a
systemwith 4 disks,thena higherMPL is requiredthanif
thesameworkloadis run on a systemwith only 1 disk.

With respecto not hurting overall meanresponsegime,
thedominantfactorin lower-boundingthe MPL is thevari-
ability in servicedemand®f transactionsWorkloadswith
morevariableservicedemandsequirea higherMPL.

Importantly we nd thatthe questionof how low one
canfeasiblymakethe MPL, bothwith respecto throughput
andmeanresponsdime, is hardly affectedby whetherthe
workloadis 1/0 bound,CPUbound,or lock bound.Thisis
asurprising nding, andshovsthatthenumberof resources
thatmustbeutilizedto keepthroughputighis moreimpor-
tantthanthetypeof resources.

We notethatthegraphsshawn in this sectionall assume
a high offeredload in termsof the transactiorarrival rate,
andaswe have seeniit is quite feasibleto make the MPL
low with only smalldeterioratiorin throughput.Whenthe
offeredloadis low, the deteriorationin throughputis even
smaller sincethe externalqueueis typically empty

4. Finding the right MPL

Theprevioussectiondemonstratethegenerafeasibility
of externalschedulingacrossawide rangeof workloads.In
all experimentsan MPL of lessthan20 sufces to achieve
nearoptimalthroughputandmeanresponsgime, while the
numberof clientsis comparatrely far higherthan20 (typi-
cally ahundredor severalhundred).

However, the performancestudyin the previous section
merelyindicategshegenerakxistenceof agoodMPL value.
The purposeof this sectionis to develop techniquesfor
automaticallytuning the MPL valueto make the external
schedulingapproachviable in practice.We seeka method
for identifying thelowestMPL valuethatlimits throughput
andresponsgime penaltieto somethresholdspeci ed by
the DBA (e.g. “throughputshouldnot drop by morethan
5%”").

Databasevorkloadsarecomple, andexactly predicting
throughputandresponse¢ime numberds generallynot fea-
sible. Thekey obsenationis thatfor usit sufces to predict
how a given MPL changesthroughputand meanresponse
timerelativeto theoptimalperformanceThechangen per
formancecausedy anMPL valueis stronglydominatedy
only a few parametergassummarizedn Section3.3); the
changein throughputis mostly affectedby the numberof
parallelresourcesitilized insidethe DBMS; the changen
meanresponsdime is mainly affectedby the variability in
theworkload. In both caseqjueueing-elatedeffectsdomi-
nate,ratherthanotherperformancdactors.

The above obsenationsleadsus to the idea of tuning
the MPL througha feedbackcontrol loop augmentedvith
gueueingheoreticguidance We startby developingqueue-
ing theoretionodelsandanalysigo capturebasicproperties
of therelationshipbetweersystenthroughputndresponse
time andthe MPL. We thenusethesemodelsto predicta
lower boundon the MPL thatlimits performanceenalties
to somespeci edthreshold While theanalyticallyobtained
MPL value might not be optimal, it providesthe control
loop with a goodstartingvalue. The controlloop thenopti-
mizesthis startingvaluein alternatingpbsenationandreac-
tion phasesTheobsenationphasecollectsdataon therel-
evant performancametrics(throughputand meanresponse
time) andthereactionphaseupdategshe MPL accordingly
i.e. if thethroughputs toolow the MPL is increaseandif
it is too highthe MPL is decreased.

In the remainderof this sectionwe detail the above ap-
proach. We rst explain the queueingtheoreticmethods
for predictingthe relationshipbetweenMPL andthrough-
put (Section4.1) andmeanresponsgime (Section4.2). In
Section4.3,we shaov how this knowledgecanbe usedin a
feedbackcontrolloopto ne-tune the MPL parameter

4.1 Queueinganalysisof throughput vs. MPL

We start by creatinga very simplistic model of the
databas@nternalresourcesisshavnin Figure6. We model
the MPL by usinga “closed” systemwith a x ed (MPL)
numberof clientsasrepresentedh Figure6. We assume
thatthe servicetimes of all devicesare exponentiallydis-
tributedwith servicerateproportionatto their utilization in
theunlimited system(with unboundedPL).



TN
e
-

Figure 6. Theoeticalmodelrepresentinghe DBMS
internals. This modelprovidesus with a theotetical
upperboundonthe MPL neededo providemaximum
throughput.

Thereasorwhy sucha simplemodelis sufcient is that
weareonly interestedn achievedthroughputelative to the
optimal throughput. It is thereforenot necessaryo know
the exactservicedemandst a device, just therelative pro-
portions,sincethesewill equallyaffectthethroughputwith
andwithoutMPL (e.g.a5-timeshigherservicedemanawill
reducethroughputin both casesby a factorof 5). More-
over, in this type of queueingmodelthe distribution of the
servicedemandhttheindividual senerswill notimpactthe
throughput.

We analyzethis “closed” systemfor differentMPL val-
uesandanddeterminethe achiesed throughput. We com-
paretheresultsto the maximumthroughputor the system,
until we nd the lowest MPL value that leadsto the de-
siredthroughputevel (e.g.notmorethan5%lowerthanthe
maximumthroughput).Simplebinarysearctcanbeusedto
male this processnoreef cient.

The MPL vyielded by this analysisis in fact an upper
boundontheactualMPL thatwe would getin experiments
for two reasonsFirst, we purposelycreatehe“worst-case”
in our analyticalmodelby assuminghatall resourcesre
equallyutilized. Thisis realisticfor the experimentaketups
that we considey sincewe assumehat the datais evenly
stripedover the disks and the CPU schedulemwill ensure
that on averageall CPUsare equally utilized. For unbal-
ancedworkloadsa smallerMPL mightactuallybefeasible,
andthis could easily be integratedinto the model. Second
we do not allow for the fact that a client may be able to
utilize two resourcege.g.,two disks)atonce.

To evaluatethe usefulnesof the model in predicting
goodMPL rangeswe parameteriz&ndevaluatethe model
basedntheW, o iny entor y WOrkload. For this workload
thereis almostno CPUusagehoweverthe numberof disks
play animportantrole. In our experimentsye wereableto
experimentwith up to 4 disks,asshowvn in Figure3. How-
ever in analysiswe cango muchfurther Figure7 shavs
theresultsof the analysiswith up to 16 disks. The rst ob-
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Figure 7. Resultoftheokrticalanalysisshowingthe
effect of the MPL on throughputas a functionof the
numberof resouces. The squakes (circles) denote
the minimumMPL that limits throughputlossto 5%
(20%). Notethat the setof circlesform a perfectly
straightline, asdo thesquaes.

senationis thatthe resultsof the analysisfor 1 to 4 disks
look very similar to the actual experimentalresultsfrom
Figure3. Next, we obsene thatthe MPL requiredto reach
nearmaximumthroughputgrows linearly with the number
of disks: The minimum MPL thatis sufcient to achieve
80% of the maximumthroughputis marked with circles,
andthe minimum MPL thatis sufcient to achiee 95% of
the maximumthroughputis markedwith squaresBoth the
circlesandthesquaredorm straightlines Thismatcheghe
lineartrendwe alsoobsenedin experiments.

Thetake-avay pointis thatsimplequeueinganalysisas
we have done,captureghe main trendsof the throughput
vs. MPL function well, andis a usefultool in obtaining
aninitial estimateof the MPL requiredto achiese the de-
sired throughput. While we nd that the currentanalysis
is a very goodpredictorof our experimentalesultsfor the
4-disk system,it is certainlypossibleto re ne the analytic
gueueingmodelfurther, or to integrateit with existing sim-
ulation tools for more realistic modelling of the hardware
resourcesnvolved. However, suchimprovementsare not
crucialsincethemainpurposeof theabose modelis merely
to provide the controllerwith a goodstartingvalue, rather
thana perfectprediction.

4.2 Queueinganalysisof responsdime vs. MPL

Section3 indicatesthat the effect of the MPL on the
meanresponsdime is dominatedby the variability in the
workloadandhardlyaffectedby otherworkloadparameters
such as the bottleneckresourceor the level of lock con-
tention. For workloadswith little variability (C?> 1) MPL
valuesaround4 aresufcient to achieze optimal meanre-
sponsdime, while morevariableworkloads(C?  15) re-
quire an MPL of 8-15 (dependingon systemload). How-
ever, theseparticularresultsfor theright choiceof the MPL



are hard to generalize sincethey are basedon only two
benchmarksvith two differentlevelsof variability (C> 1
and C? 15). We thereforeresortto analysisto obtain
moregeneralkesults.

From a theoreticalperspectie our external scheduling
mechanismwith MPL parametercan be viewed as a sin-
gle unboundedFirst-in- rst-out (FIFO) queuefeedinginto
aProcessoeSharing(PS)senerwhereonly MPL jobsmay
sharethe PSsener asillustratedin Figure8. Notethatthis
is notapoorapproximatiorof our systemin that,aswe see
in [21], Figure8, the DBMS in mary wayshbehaeslike a

PSsystem.
T Frs)—

FIFO Multi
queue programming
Limit (MPL) = 2

Poisson
arrivals

Figure 8. Queueingnetwork model of external
schedulingmetanismwith MPL = 2.

To thebestof ourknowledge thereis no existing simple
solutionto our queueingnetwork in Figure8. Thereforewe
derive the following solutionapproach:We startby mod-
elling the job sizes(servicerequirementshy a 2-phasehy-
pereponential(H ;) distribution, with probability parame-
terpandrates ; and », allowing usto arbitrarily vary the
C? parameter We canthenrepresenthe network in Fig-
ure 8 by anequialentspecial‘ e xible multisener queue”
wherethe numberof seners uctuatesbetweeril andMPL
asneededandwherethesumof theserviceratesatthemul-
tiple senersis alwaysmaintainecconstanandequalto that
atthesinglePSsener. The continuous-timeMarkov chain
correspondingo the e xible multisener queueis shovn in
Figure9 for thecaseof anH , servicetimedistribution (with
parameterp, 1,and ), arrivalrate andMPL = 2. Note
thatwe de ne theshorthandy= 1 p. This Markov chain
lendsitself to Matrix-analyticanalysis[13, 18], becausef
its repeatingstructure.

Figure 10 shaws the resultsof evaluatingthe Markov
chainin Figure9. We nd thatfor low C? valuesof 1 or 2,
the meanresponsdime is largely independenbf the MPL
valueandequalto thatfor the purePSsystem(with in nite
MPL), assuminghe MPL is atleast5. For higherC? val-
uesof 5-15,we nd thatthe MPL depend®ntheloadand
needsto be at least10 (for load of 0:7) or 30 (for load of
0:9) to ensurdow meanresponsgime (similarto PS).

4.3 A simplecontroller to nd lowestfeasibleMPL

Next we explain how we usefeedbackcontrolcombined
with queueingheoryfor tuningthe MPL parameter
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Figure 9. Continuous-timeMarkov chain (CTMC)
correspondingo the exible multiserverqueuerep-
resentatiorof the queueingnetworkin Figure 8. The
twojobsin servicemaybothhaveservicerate ; (top
row), or mayhaverates ; and , (middlerow), or
maybothhaveservicerates , (bottomrow).

Whenusingfeedbackcontrolfor tuning parametersthe
dif cult partis choosingthe right amountby which to ad-
justthe parameteimn eachiteration: too small,conserative
adjustmentsvill leadto long corvergencetimes,while too
large adjustmentgan causeovershootingand oscillations.
We circumventthe problemby usingthe queueingheoretic
modelsfrom the previous subsectiongo “jump-start” the
control-loopwith a good, close-to-optimalstarting value
for the MPL. Initializing the control-loopwith a close-to-
optimalstartingvalueprovidesfastcorvergencdimes,even
givenonly smallconsenrative constantadjustments.

A secondcritical factor in implementingthe feedback
basedcontrolleris the choiceof the obsenation period. It
needsto containenoughsamplego provide a reliable es-
timate of meanresponsdime and throughput. We deter
minethe appropriatenumberof sampleghroughthe useof
con denceintervals. For our workloadsan obsenationpe-
riod needdo spanaroundl00transactionso provide stable
estimates. It is alsoimportantthe obsenation period be-
ing studieddoesnot have unusuallylow load, asthis would
causdow throughpuindependentf thecurrentMPL used.
Our controllertakesthe above two pointsinto accountby
updatingthe MPL only after obsenation periodsthat con-
tainasufcient numberof executedransactionsndexhibit
representatie systemoads.

We nd in experimentsthat our queueingtheoretically
enhancecaontrollercorvergesfor all our experimentalse-
tupsin lessthan 10 iterationsto the desiredMPL. While
we nd that using our simplistic control-loopis effective
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Figure 10. Evaluationof CTMC for different C2.
Thesystemoadis 0.7 (top) and 0.9 (bottom).

in determiningthe desiredMPL, our approactcould easily
be extendedto incorporatemore complex control methods,
e.g. following guidelinesprovided in [10]. This will be
particularlyusefulfor situationavherequeueingheoretical
modelsarenot preciseenoughin predictinggood,close-to-
optimalstartingvaluesfor the controllet

5. External schedulingfor Prioritization

Thusfar we have presentedan algorithmfor nding a
low MPL that doesnt hurt throughputor overall meanre-
sponsdime. Thegoalin keepingthe MPL low is thata low
MPL givesuscontrolontheorderin whichtransactionsire
scheduledsincewe can pick the orderin which transac-
tion are dispatchedrom the externalqueue. Thuswe are
enablingcertaintransactionso runin isolationfrom others.

In this section,we apply our techniqueto the problem
of differentiatingbetweerthigh” and“low” priority trans-
actions.Sucha problemarisesfor examplein the caseof a
databaséeaclendfor athree-tierece-commercavebsite. A
smallfraction of the shopperst the web site spenda large
amountof money, whereaghe remainingshopperspenda
smallamountof money. It makessense€rom aneconomic
perspectie to prioritize serviceto the “big spenders,pro-
viding themwith lower meanresponsgime.

We would lik e to offer high priority transactiongow re-
sponsdimesandlow priority transactiondiigherresponse
times. The lower the MPL thatwe use,the greaterthe dif-
ferentiationwe can createbetweenhigh and low priority

responsdimes. At the sametime we would like to keep
the MPL high enoughthatthroughputandoverall meanre-
sponsdime arenot hurt beyonda speci ed threshold.The
techniquepresentedn Section4 allows usto achieve both
of the above goalsby specifyingan exact MPL which will
achieve therequiredthroughputandoverall meanresponse
time, while being as low as possible,and henceprovid-
ing maximaldifferentiationbetweerhigh andlow priority
transactions.

In Section5.1 we presentresultsachieved via external
prioritization, where, for eachworkload, the MPL is ad-
justedusing the methodsfrom Section4. In Section5.2
we discusshow one could alternatvely implementpriori-
tization internally to the DBMS by schedulingnternalre-
sources.Finally in Section5.3, we comparethe effective-
nessof our externalandinternalapproachesndshaw that
externalschedulingwith the properMPL, canbe aseffec-
tive asinternalschedulingor our workloads.

5.1 Effectivenessf external prioritization

We start by implementingand studying the effective-
nessof external prioritization. The algorithmthat we use
for prioritization is relatively simple. For ary given MPL,
we allow asmary transactionsnto the systemasallowed
by the MPL, wherethe high-priority transactionsregiven

rst priority, andlow-priority transactionsreonly choserif
thereareno morehigh-priority transactiongseeFigure1).
TheMPL is held x edduringtheentireexperiment.

Note that this paperdoesnot deal with how the trans-
actionsobtaintheir priority class.As statedearlier, we as-
sumethatthe e-commercerendorhasreasongor choosing
sometransactions/client® behigheror lower-priority. Ex-
perimentallywe handlethis by simply atrandomassigning
10% of the transaction*high”-priority and the remainder
“low”-priority.

We rst considerthe casewherethe MPL is adjustedo
limit throughputossto 5% (comparedo the casewhereno
external schedulingis used),seeFigure 11(top),andthen
the casewherethe MPL is choserto limit throughputioss
to 20%,seeFigurell(bottom).For eachof thesewo cases,
we experimentwith all 15 setupsshovnin Table2. In each
experimentwe apply the externalschedulingalgorithmde-
scribedin above andmeasurghe meanresponsdimesfor
high andlow priority transactionjn additionto the overall
meanresponsgime whenno prioritiesareused.

We nd thatusingexternalprioritization, in the caseof
5% throughputloss (Figure 11(top)), high priority trans-
actionsperform4.2 to 21.6 times betterthanlow priority
transactionsvith respectto meanresponsdime. The av-
erageimprovementof high priority transactionsover low
priority transactionsgs a factorof 12.1. The low priority
transactionsuffer only a little ascomparedo the caseof
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Figure 11. Resultsof external schedulingalgorithm. This gur e showsthe meanresponsdimesfor high and low
priority requestsaswell asthe caseof no prioritization, for all 17 setupsdescribedn Table 2. In thetop graph,the
MPLs havebeensetto sacri ce a maximumof 5% throughputfor eact experiment.In the bottomgraph, TheMPLs
are setto sacri ce a maximunof 20%throughput.Observethat workloads5, 9, and 10 havebeencut off. Thevalues
for theseworkloadsin (top) are (7.6 sec,76.864sec),(26.2sec,111sec),and (9.4 sec,50.9sec),respectivelyandin

(bottom)are (4.1sec,79.3sec)(15secl12sec)(4.2secand51.9sec)respectively

no prioritization,by afactorrangingfrom 1.15t0 1.17,with
anaveragesuffering of 16 %. Theabove numbersarevisi-
ble from the gure (or caption).Not visible from the gure
is whetherprioritization causeghe overall meanresponse
timetorise. It turnsoutthattheoverallmeanresponséime
is never hurt by morethan6% comparedo the orginal sys-
temwithout externalscheduling.

We nd that using external prioritization, in the case
of 20% throughputloss (Figure 11(bottom)),high priority
transactiongperform 7 to 24 times betterthan low prior-
ity transactionswith respectto meanresponsdime. The
averageimprovementof high priority transactionsver low
priority transactionss afactorof 18. Thelow priority trans-
actionssuffer by afactorrangingfrom 1.35to 1.39,ascom-
paredto thecaseof no prioritization,with anaveragesuffer-
ing of 37%. Theabove numbersarevisible from the gure
(or caption). Not visible from the gure is whetherprior-
itization causeghe overall meanresponsdime to rise. It
turnsout thatthe overall meanresponsdime is never hurt
by more than 25% comparedto the orginal systemwith-
out external scheduling. Obsenre thatin the caseof 20%
throughputloss, the differentiationbetweenhigh and low
priority requestss morepronouncedsincethe MPL values
arelower, but this comesatthecostof lowerthroughpugand
higheroverall responseimes.

5.2 Implementation of internal scheduling

Schedulingheinternalsof the DBMS is obviously more
involvedthanexternalschedulinglt is notevenclearwhich
resouce shouldbe prioritized: the CPU, the disk, the lock
gueuesegtc. Onceoneresohesthat rst questionthereis
the follow-up questionof which algorithm shouldwe use
to give priority to high-priority transactionsyithout exten-
sively penalizinglow priority transactionsBoth questions
arenotobvious.

In arecentpublication[15], weaddresshe rst question
of which resourceshouldbe prioritized via a detailedre-
sourcebreakdovn. We nd thatin OLTP workloadsrunon
2PL (2-phasdocking) DBMS, transactiorexecutiontimes
are often dominatedby lock waiting times, and hencepri-
oritization of transactionss mosteffective whenappliedat
thelock queue We nd thatotherworkloadsor DBMS lead
to transactiorexecutiontimesbeingdominatecby CPUus-
ageor I/0, andhenceprioritization of transactionss most
effective whenappliedat thoseotherresources.

Having seerthatit is notobviouswhichinternalresource
needgo be scheduledye now turn to the particularl? se-
tups shavn in Table2. Someof these(e.qg., setup3 and
4) are CPU bound,while others(e.g., 1 and 2) are lock-
bound,andstill othersarel/O bound(e.g. setup5-10). In
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our experimentswith internal schedulingwe considertwo
particularsetups:Setupl (Lock-bound)andSetup3 (CPU-
bound).

For setupl, we implementthe Preempt-on-\&it (POWN)
lock prioritization policy [16] in Shore[19]. In POW, high
priority transactionsnove aheadof low-priority transac-
tions in the lock queue,and are allowed to even preempt
alow-priority lock holderif thatlow-priority lock holderis
waiting atanothedock queue.

For setup3, CPU prioritizationis availablein IBM DB2
throughthe DB2gov tool [2]. However, we nd thatwe
achieve betterpriority differentiationby “manually” setting
the CPU schedulingpriorities usedby the Linux operating
system.We usetherenice commandn Linux to setthe
CPU priority of a DB2 processexecutinga high priority
transactiorto -20 (the highestavailable CPU priority) and
the CPU priority of a DB2 processexecutingalow priority
transactiorto 20 (the lowestavailable CPU priority).

In the next sectionwe shov the resultsfor internal
schedulingor thesesetups.

5.3 Inter nal prioritization resultsand comparison
with external results

In this sectionwe considersetupl and3 from Table 2.
For eachsetup,we comparethe performanceobtainedvia

internalprioritizationwith thatobtainedvia externalprior-

itization. We consider3 versionsof externalprioritization,
the rst involving 5% throughputoss,thesecondnvolving

20%throughputoss,andthethird involving 0%throughput
loss.Figure12) shovstheresultsfor setupl, andFigurel3

shawvstheresultsfor setup3.

For both setupswe nd thatwith respecto differenti-
ating betweenhigh andlow priority transactionsgxternal
schedulings nearlyaseffective asthe internal scheduling
algorithmsthat we looked at herein (for the caseof zero
throughputoss),andcaneven be moreeffective whenthe
MPL is low (atthe costof a sacri ce in throughput).Look-
ing atthe suffering of thelow priority transactiongscom-
paredto the overallmeanresponsdime,we nd thatexter
nal schedulingresultsin only neggligibly moresufering for
the low priority transactionswhencomparedwith the in-
ternalschedulingalgorithmsherein. The penaltyto the low
priority transactionss minimizedwhenthe MPL is chosen
sothatnothroughputs lost.

Becausef theinherentdif culty in implementingnter
nal schedulingwe wereonly ableto provide numbersfor
setupsl and 3 out of the 17 setupsin Figure2. However
it is clearthat for thesetwo setupsexternalschedulings
aviableapproaclwhencomparedvith internalscheduling,
andwe hypothesizehat external schedulingwill compare
favorably on theremainingsetupsaswell, giventhe strong
resultsshavn for externalschedulingn Figure?2.

We arenot trying to saythat external schedulingis al-
waysaseffective asinternalscheduling Althoughtheinter-
nal schedulingalgorithmsthat we consideredare quite ad-
vancedtheremay be otherinternal schedulingalgorithms
which are superiorto our external approachfor certain
workloads.The pointthatwe make in this paperis thatex-
ternalschedulingis a promisingapproachwhenthe MPL
is adjustecappropriately

6. Conclusion

This paperaystheexperimentabndtheoreticalground-
work for an exploration of the effectivenessof external
schedulingof transactionalvorkloads.

At theheartof our explorationis thequestionof howex-
actly shouldonelimit theconcurrennhumberof transactions
allowedinto the DBMS, i.e.,the MPL (multi-programming
limit). Theobvioustradeof is thatonebothwantsthe MPL
to be low enoughto creategood prioritization differentia-
tion and at the sametime high enoughso as not to limit
throughputor createotherundesirableeffectslike increas-
ing overallmeanresponsgime.

Ourwork beginswith anexperimentaktudyof how the
MPL setting affects throughputand meanresponse. Our
experimentsncludeavastarrayof 17 experimentalsetups
(seeTable2), spanninga wide variety of hardwarecon g-



urationsand workloads,and two differentDBMS (Shore,
IBM DB2). We nd thatthechoiceof agoodMPL is dom-
inatedby a few key factors. The dominantfactorin lower-
boundingthe MPL with respecto minimizing throughput
lossis the numberof resourceghat the workload utilizes.
Thekey factorin choosinganMPL soasnotto hurtoverall
meanresponséime, is thevariability in servicedemand®f
transactionsThefactof whethera workloadis 1/0 bound,
CPUbound,or lock boundis muchlessimportantin choos-
ingagoodMPL. Throughouive nd thatthevaluesof MPL
that are neededto ensurehigh throughputand low over-
all meanresponsgime arein the lower range,in particular
whencomparedvith thetypical numberof usersassociated
with the above experimentaketupworkloads.

The above experimentalstudyencouragessto develop
a tool for dynamicallydeterminingthe MPL asa function
of theworkloadandsystemcon guration. Thetool takesas
inputfrom theDBA themaximumacceptabléossin system
throughputandincreasdn meanresponsdime, anddeter
minesthelowestpossibleMPL thatmeetstheseconditions.
The tool usesa combinationof queueingtheoreticmodels
anda feedbackbasedcontroller basedon our discovery of
thedominantfactorsaffectingthroughputandoverallmean
responsdime.

Finally, we apply our tool for adjustingthe MPL to
the problem of providing priority differentiation. Given
high and low priority transactionswe schedulethe exter-
nal queuebasedon thesepriorities (high priority transac-
tions are allowed to move aheadof low priority transac-
tions) andthe currentMPL. We experimentwith different
MPL valuesby con guring our tool with differentthresh-
oldsfor themaximumacceptabléossin systemthroughput
andincreasden meanresponsdime. We nd thatthe ex-
ternalschedulingmechanismis highly effective in provid-
ing prioritization differentiation.Speci cally, we achiere a
factorof 12 differentiationin meanresponsgime between
highandlow priority transactiongcrosour 17 experimen-
tal setups,if the MPL is adjustedto limit deteriorationin
throughpuindmearnresponsémeto 5%. If we allow upto
20%deterioratiorin throughputandoverallmeanresponse
time, we obtaina factorof 16 differentiationbetweenrhigh
andlow priority responsgimes.

Lastly, to gaugethe effectivenessof our external ap-
proach,we implementseveralinternalprioritization mech-
anismsthat schedulethe lock resourcesand the CPU re-
sourcesWe nd thatour externalmechanisnandinternal
mechanismsgrecomparablevith respecto their effective-
nessin providing priority differentiationfor the workloads
studied.

Our methodsfor dynamically adaptingthe MPL are
very general. Although they have only beenappliedto
OLTP workloadsin this paper they arelikely to applyto
more generalworkloadsaswell, andalsoto moregeneral

schedulingpolicies.
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