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Abstract

Scheduling/prioritizationof DBMS transactionsis im-
portant for manyapplicationsthat rely on databaseback-
ends. A convenientway to achieve schedulingis to limit
the numberof transactionswithin the database, maintain-
ing mostof thetransactionsin anexternalqueue, which can
be ordered as desired by the application. While external
schedulinghasmanyadvantagesin that it doesn't require
changesto internal resources,it is alsodif�cult to get right
in that its performancedependscritically on theparticular
multiprogramminglimit used(theMPL), i.e. thenumberof
transactionsallowedinto the database. If the MPL is too
low, throughputwill suffer, sincenot all DBMSresources
will beutilized. On theotherhand,if theMPL is too high,
there is insuf�cient control on scheduling. Thequestionof
howto adjusttheMPL to achievebothgoalssimultaneously
is anopenproblem,not just for databasesbut in systemde-
signin general. Hereinwestudythisproblemin thecontext
of transactionalworkloads,bothvia extensiveexperimenta-
tion andqueueingtheoreticanalysis.

We �nd that thetwomostcritical factors in adjustingthe
MPL are thenumberof resourcesthat theworkloadutilizes
andthevariability of thetransactions'servicedemands.We
developa feedback basedcontroller, augmentedby queue-
ing theoretic modelsfor automaticallyadjustingthe MPL.
Finally, weapplyour methodsto thespeci�c problemof ex-
ternal prioritization of transactions.We �nd that external
prioritization canbenearlyaseffectiveasinternalprioriti-
zation,withoutanynegativeconsequences,whentheMPL
is setappropriately.

1. Intr oduction

Many of todaysweb applicationsarelargely dependent
on a backenddatabase,wherethe majority of the request
processingtime is spent. For suchapplicationsit is often
desirableto controltheorderin which transactionsareexe-

cutedat theDBMS. An e-commerceapplicationsfor exam-
ple might want to give fasterserviceto thosetransactions
carryinga lot of revenue.

Recently, systemsresearchershavestartedto investigate
the ideaof external schedulingasa methodof controlling
the order in which transactionsare executed. The basic
mechanismin externalschedulingis demonstratedin Fig-
ure1, andsimply involveslimiting thenumberof transac-
tions concurrentlyexecutingwithin the DBMS. This limit
is referredto astheMPL (multi-programminglimit). If the
MPL is alreadymet,all remainingtransactionsarequeued
up in an externalqueue.The applicationcanthencontrol
theorderin which transactionsareexecutedby scheduling
theexternalqueue.

DBMS

MPL=4incoming
transactions external

queue

Figure 1. Simpli�ed view of themechanismusedin
externalscheduling. A �xed limited numberof trans-
actions(MPL=4) are allowedinto theDBMSsimul-
taneously. Theremainingtransactionsare heldback
in an externalqueue. Responsetime is thetimefrom
whena transactionarrivesuntil it completes,includ-
ing timespentqueueingexternallyto theDBMS.

Examplesof recentwork on externalschedulingcome
from many areasincludingstorageservers,webservers,and
databaseservers.For example,Jin et al. [8] developanex-
ternalschedulingfront-endto provide proportionalsharing
amongtherequestsat a storageserviceutility. Blanqueret
al. [3] studyexternalschedulingfor quality of servicepro-
visioningat an Internetservicescluster. In our own recent
work [21] we proposeexternal schedulingfor providing



class-basedquality of serviceguaranteesfor transactional,
databasedrivenworkloads.

The advantageof the external approachis that it is
portableand easyto implementsince it doesnot require
changesto the complex internalsof the backend DBMS.
Moreover it is effective acrossdifferent types of work-
loads, since (unlike the internal approachwhich directly
schedulestheresourcesinsidethebackendDBMS) external
schedulingworksindependentlyof thesystem's bottleneck
resource.It is alsovery�e xible in thatit allowsapplications
to implementtheir own custom-tailoredschedulingpolicy,
ratherthan being limited to the policies supportedby the
backendDBMS.

While thebasicideabehindexternalschedulingis sim-
ple, its ef�cacy in practicehingeson theright choiceof the
MPL. For schedulingto bemosteffectivea low MPL is de-
sirable,sincethenatany timeonly asmallnumberof trans-
actionswill be executinginside the DBMS, while a large
numberarequeuedunderthecontrolof theexternalsched-
uler. On theotherhand,too low anMPL canhurt theover-
all performanceof the DBMS, e.g., by underutilizingthe
DBMS resourcesresultingin a drop in systemthroughput.
While many havecitedtheproblemof choosingtheMPL 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 three importantconsiderationswhen choosingan ap-
propriateMPL: (1) As alreadymentioned,by holdingback
transactionsoutsidetheDBMS, theconcurrency insidethe
DBMS is lowered,which canleadto a dropin throughput.
We seekalgorithmsthatdetermine,for any input scenario,
the lowestpossibleMPL value necessaryto ensurenear-
optimal throughputlevels (when comparedto the system
withoutMPL). (2) Holdingbacktransactions,andsequenc-
ing them(ratherthanletting themall sharethedatabasere-
sourcesconcurrently),createsthepotentialfor head-of-line
(HOL) blockingwheresomelong-runningtransactionspre-
ventothershortertransactionsfrom enteringtheDBMS and
receiving service. This canresult in an actualincreasein
overall meanresponsetime. We seekalgorithmsthat de-
termine,for any input scenario,the lowestpossibleMPL
valuenecessaryto preventan increasein overall meanre-
sponsetime. (3) Lastly, it is not at all obviousthatexternal
scheduling,evenwith asuf�ciently low MPL, will beasef-
fective as internalscheduling,sincean externalscheduler
doesnothaveany controloverthetransactionsoncethey' re
dispatchedto theDBMS.

Section2 describesthewide rangeof hardwarecon�gu-
rations,workloadsanddifferentDBMSweusein ourexper-
iments.Section3 evaluatesexperimentallyhow low wecan
setthe MPL without hurting throughputandoverall mean

responsetime. We �nd that the answerto this questionis
complex, andwe identify thedominantfactorsthatprovide
the answerto this question. Next, in Section4 we create
queueingtheoreticmodelsbasedon the �ndings in Sec-
tion 3, that capturethe relationshipbetweenthe MPL and
throughputandoverall meanresponsetime. We thenshow
how a feedback-basedcontrollercanbe used,in conjunc-
tion with the queueingmodels,to automaticallyadaptthe
MPL. Finally, in Section5 we evaluatetheeffectivenessof
externalschedulingin oneparticularapplicationinvolving
prioritization of transactions.We study whetherexternal
schedulingwith the appropriatelychosenMPL can be as
effective as internal schedulingwith respectto providing
differentiationbetweenhighandlow priority transactions.

It is importanttonotethatthroughoutthispapertheques-
tion is how low an MPL one can choosewithout hurting
systemperformance.While this questionhasnot beenad-
dressedin any previous work, a complementaryquestion
involving high MPLs hasbeenlooked at in the context of
admissioncontrol, seefor example[4, 7, 9, 11,17]. The
point of thesestudiesis that throughputsuffers when too
many transactionsareallowedinto theDBMS at once,due
to excessivelock contention(lock thrashing)or dueto over-
loadof somesystemresource.Henceit is bene�cial to have
somehighMPL upperboundon thenumberof transactions
allowed within the DBMS, with the understandingthat if
this MPL is settoo high, thenthroughputwill startto drop.
Admissioncontrolstudieshow to limit thenumberof con-
currenttransactionswithin the DBMS by dropping trans-
actionswhenthis limit is reached.Our work looks at the
otherendof this problem– thatof very low MPLs needed
to provide prioritization differentiationor someothertype
of scheduling– anddoesnot involvedroppingrequests.

2. Experimental setup

To answerthe questionsof feasibility andeffectiveness
of externalprioritization, it is importantto evaluatetheef-
fect of differentworkloadsandhardwarecon�gurationson
thesequestions. The importanceof looking at different
workloadsis that an I/O boundworkloadmay, for exam-
ple,requireahigherMPL, asdisksneedmoresimultaneous
requeststo performef�ciently . Theimportanceof consider-
ing differenthardwarecon�gurationsis thata higherMPL
may be requiredto achieve good throughputin a system
with a largenumberof hardwareresources,sincemorere-
questsareneededto keepthemany resourcesbusy. Towards
this end, we will be experimentingwith a wide rangeof
hardwarecon�gurationsandworkloads,and two different
DBMS.



Workload Benchmark Con®guration Database Main memory Bufferpool CPU IO
load load

WC P U � inv entor y TPC-C 10warehouses, 1GB 3GB 1GB high low
WC P U � br ow sing TPC-WBrowsing 100EBs,10K items,140Kcustomers 300MB 3GB 500MB high low
W I =O � br ow sing TPC-WBrowsing 500EBs,10K items,288Kcustomers 2GB 512MB 100MB low high
W I =O � inv entor y TPC-C 60warehouses, 6GB 512MB 100MB low high

WC P U + I =O � inv entor y TPC-C 10warehouses, 1GB 1GB 1GB high high
WC P U � or der ing TPC-WOrdering 100EBs,10K items,140Kcustomers 300MB 3GB 500MB high low

Table 1. Descriptionof theworkloadsusedin theexperiments.

2.1. Experimental architectures

The DBMS we experimentwith areIBM DB2 [1] ver-
sion8.1,andShore[19]. Shoreis a prototypestorageman-
agerwith state-of-the-arttransactionmanagement,2PL,and
Aries-stylerecovery; we useit becausewe have thesource
code,enablingusto implementinternalpriorities.All of our
externalschedulingresultsarealsocorroboratedusingPost-
greSQL[20] version7.3, althoughwe do not show these
resultsherefor lackof space.

In all experimentsthe DBMS is runningon a 2.4-GHz
Pentium4 runningLinux 2.4.23. Thebuffer pool sizeand
main memorysize will dependon the workload (seeTa-
ble 1). The machineis equippedwith six 120GB IDE
drives,oneof whichwe usefor thedatabaselog. Thenum-
ber of remainingIDE drivesthat we usefor the datawill
dependontheparticularexperiment.Theworkloadgenera-
tor is runonaseparatemachinewith thesamespeci�cations
asthedatabaseserver.

2.2. Experimental workloads and setups

When discussingthe effect of the MPL it is important
to considera wide rangeof workloads.Unfortunatelythere
areonly a limited numberof standardOLTP benchmarks
whicharebothwell-acceptedandpublicly available,in par-
ticular TPC-C [5] andTPC-W [6]. Fortunately, however,
thesetwo benchmarkscanbe usedto createa muchwider
rangeof workloadsby varying a large numberof (i) hard-
wareand(ii) benchmarkcon�gurationparameters.Table1
describesthe differentworkloadswe createbasedon dif-
ferent con�guration of the two benchmarks.The bench-
mark con�guration parametersthat we vary include: (a)
the numberof warehousesin TPC-C, (b) the size of the
databasein TPC-W(this includesboththenumberof items
includedin thedatabasestoreandthenumberof “emulated
browsers” (EBs) which affects the numberof customers),
and(c) the typeof transactionmix usedin TPC-W, partic-
ularly whethertheseareprimarily “browsing” transactions
or primarily “ordering” transactions.We run theworkloads
from Table1 underdifferenthardwarecon�gurationscre-
ating17 different“Setups”assummarizedin Table2. The

hardwareparametersthat we vary include: (a) thenumber
of disks(1 – 6), (b) the numberof CPUs(1 or 2), and(c)
the main memory(rangingbetween512 MB and 3 GB).
We alsovary the isolationlevel to createdifferentlevelsof
lock contention,startingwith thedefault isolationlevel of 3
(correspondingto RR in DB2 – RepeatableRead),but also
experimentingwith lowerisolationlevels(UR– Uncommit-
tedRead),leadingto lesslock contention.In all workloads,
wehold thenumberof clientsconstantat 100.

Setup Workload Number Number Isolation
CPUs disks level

1 WC P U � inv entor y 1 1 RR
2 WC P U � inv entor y 2 1 RR
3 WC P U � br ow sing 1 1 RR
4 WC P U � br ow sing 2 1 RR
5 W I O � inv entor y 1 1 RR
6 W I O � inv entor y 1 2 RR
7 W I O � inv entor y 1 3 RR
8 W I O � inv entor y 1 4 RR
9 W I O � br ow sing 1 1 RR
10 W I O � br ow sing 1 4 RR
11 WC P U + I O � inv entor y 1 1 RR
12 WC P U + I O � inv entor y 2 4 RR
13 WC P U � or der ing 1 1 RR
14 WC P U � or der ing 1 1 UR
15 WC P U � or der ing 2 1 RR
16 WC P U � or der ing 2 1 UR
17 WC P U � inv entor y 1 1 UR

Table 2. De�nition of setupsbasedon theworkloads
in Table1.

3. Feasibility of low MPL: Experimental study

In this sectionwe askhow low canwe make the MPL
without causingdeteriorationin throughputand/oroverall
meanresponsetime. The aim is to look at low valuesof
the MPL andstudytheir effect on throughputandthenon
meanresponsetimeusingtheexperimentalsetupsdescribed
in the previous section. (We will not be consideringhigh
valuesof theMPL, thatarecommonlylookedat in studies



5 10 15 20 25 30
0

20

40

60

80

100

120

140

T
hr

ou
gh

pu
t (

xa
ct

/s
ec

)

MPL

Two CPUs
One CPU

0 5 10 15 20 25
0

5

10

15

20

Th
ro

ug
hp

ut
 (x

ac
t/s

ec
)

MPL

Two CPUs
One CPU

(a) WCP U� inv entor y (b) WCP U� browsing

Figure 2. Effect of MPL on throughput in CPU
boundworkloads:(a)WC P U � inv entor y (Setups1 and
2 of Table2) and (b) WC P U � br ow sing (setups3 and
4 of Table2).

dealingwith overloadandadmissioncontrol.) We will be
interestedin identifying theworkloadfactors thataffect the
answerto thequestionof “how low canonemaketheMPL.”
Theseresultsaresummarizedin Section3.3.

3.1. Effect on thr oughput

For CPU bound workloads
Figure2 shows theeffect of theMPL on thethroughput

under two CPU-boundworkloads: WC P U � inv entor y and
WC P U � br ow sing . The two lines shown considerthe case
of 1 CPU versus2 CPUs. In the singleCPU case,under
both workloads, the throughputreachesits maximum at
an MPL of about5. In thecaseof 2 CPUs,the maximum
throughputis reachedat aroundM PL = 10 in the case
of workload WC P U � inv entor y and at aroundM PL = 7
in the caseof workload WC P U � br ow sing . Observe that
a higher MPL is neededto reachmaximum throughput
in the caseof 2 CPUsas comparedwith 1 CPU because
more transactionsare neededto saturate2 CPUs. The
fact that the WC P U � inv entor y requiresa slightly higher
MPL is likely due to the fact that the WC P U � inv entor y

workloadhassomeI/O componentsdue to updates.The
additionalI/O componentmeansthatmoretransactionsare
neededto fully utilize the CPU, since sometransactions
areblockedon I/O to thedatabaselog. 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 I/O bound workloads
Figure 3 shows the effect of the MPL on the through-

put undertwo I/O-boundworkloads:WI =O� inv entor y and
WI =O� br ow sing . The lines shown considerdifferentnum-
bersof disks.TheWI =O� inv entor y workloadis a pureI/O-
only workload,becauseof thelargerdatabasesize.For this
workload,theMPL point at which maximumthroughputis
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Figure 3. Effectof MPL on throughputin I/O bound
workloads: (a) WI =O� inv entor y (setups5–8 of Ta-
ble 2) and(b) WI =O(T P C � br ow sing (setups9 and10
of Table2).

reachedis M PL = 2 for the caseof 1 disk, M PL = 5
for thecaseof 2 disks,M PL = 7 for thecaseof 3 disks,
and M PL = 10 for the caseof 4 disks. Observe that
theMPL neededto maximizethroughputgrowsfor systems
with moredisks,sincemoretransactionsarerequiredto sat-
uratemoreresources.Again, thesenumbersareextremely
low consideringthefactthattheTPCspeci�cationsfor this
workloadassumes600 clients(we use100 clientsexperi-
mentally).

It is interestingto note that the the increasein MPL
necessaryto ensurex% of the maximumthroughputis a
somewhat linear function. We will give analytical vali-
dationfor this observation in Section4. Although it may
appearproblematicthat thenecessaryMPL grows linearly
with moredisks,it is importantto noticethatsystemswith
many disksalsohaveaproportionatelylargerpopulationof
clients,henceanMPL thatseemslargemaystill besmallin
proportionto theclientpopulation.

For WI =O� br ow sing , the MPL at which maximum
throughputis reachedis higher than for WI =O� inv entor y

(aboutM PL = 13 for one disk andaboutM PL = 20
for four disks). Thereasonis that thesizeof this database
is smaller than for the WI =O� inv entor y workload, thus
resulting in a larger CPU componentthan in the purely
I/O-basedWI =O� inv entor y . As explainedin Section3.1the
additionalCPU componentwill add to the MPL needed.
Still, it is surprising that an MPL of 20 suf�ces given
that the TPC speci�cationsfor this workloadassumes500
clients(recallwe use100clientsexperimentally).

For “balanced” CPU + I O workloads
Figure 4 considers workload WC P U + I =O� inv entor y

which is balanced(equal)in its requirementsof CPU and
I/O (bothresourcesareequallyutilized). In thecaseof just
1 disk and1 CPU,anMPL of 5 suf�ces to reachmaximum
throughput.Adding only disksto the hardwarecon�gura-
tion changesthis value only slightly, sincethe CPU bot-
tleneckremains.Similarly, addingonly CPUschangesthe
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Figure 4. Effect of MPL on throughput in
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WC P U + I =O� inv entor y (setups11and12of Table2).

requiredMPL valueonly slightly, sincenow theworkload
becomessolelyI/O bound.Howeverif weadd4 disksand2
CPUs(maintainingtheinitial balancedproportionsof CPU
andI/O), we �nd that theMPL neededto reachmaximum
throughputincreasesto around20. Thisnumberis still low
in light of thefactthat theTPCspeci�ednumberof clients
for this workloadis 100.

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

For Lock-bound workloads
Figure5 illustratesthe effect of increasingthe locking

neededby transactions(increasingthe isolationlevel from
UR to RR) on the MPL for workloadsWC P U � inv entor y

andWC P U � or der ing . While theMPL neededoverall is al-
waysunder20,thebasictrendis thatincreasingtheamount
of locking lowers the MPL. The reasonis that when the
amountof locking is high, throwing moretransactionsinto
the systemdoesn't increasethe rateat which transactions
complete,sincethey areall queueing.Beyondsomepoint,
increasingthe numberof transactionsactually lowers the
throughput,asseenin [4,7,11,17].

3.2. Effect on responsetime

Section 3.1 showed that externalschedulingwith low
MPL is feasiblein thatit doesn't causea signi�cant lossin
throughputprovided the MPL is not too low. Becausewe
areworking in a closedsystem,animmediateconsequence
of this fact is that theoverallmeanresponsetime alsodoes
not suffer (seeLittle' s Law [14]). However, this point is
far lessobviousfor anopensystem, whereresponsetime is
not inverselyrelatedto throughput.In this sectionwe will
investigatethe effect of the MPL valueon meanresponse
time in greatdetail, startingwith experimentalwork and
thenmoving to queueingtheoreticanalysis.
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Figure 5. Effectof MPL on throughputin workloads
with heavylocking: (a) WC P U � inv entor y (setups1
and 17 of Table 2) and (b) WC P U � or der ing (setups
15and16of Table2).

Experimentally, we modify ourexperimentalsetupto an
opensystemwith Poissonarrivals.For theopensystemwe
�nd thatfor workloadsbasedonTPC-Ctheresponsetimeis
insensitiveto theMPL value,providedit is at least4. In the
caseof TPC-W basedworkloads,the MPL valueneedsto
beat least8, for asystemutilizationof 70%,andat least15
if the systemutilization increasesto 90 in orderto obtain
close-to-optimalmeanresponsetimes(whencomparedto
thesystemwithout MPL).

The most important observation is that the degree to
whichtheMPL affectsthemeanresponsetimeis dominated
by the variability of the workload, rather than other fac-
torssuchastheresourceutilization. For examplethework-
loadsbasedon theTPC-Wbenchmarkconsistentlyrequire
a higherMPL thantheTPC-Cbasedbenchmarks,indepen-
dentof whetherthey areCPUbound(e.g.WC P U � br ow sing )
or IO bound(e.g. WI O� br ow sing ). The reasonis that the
servicedemandsof the transactionsin the TPC-W bench-
markaremorevariablethanthosein theTPC-Cbenchmark.

Theabove observationcanbeexplainedboth intuitively
as well as through queueingtheory. Intuitively, a low
MPL increasesoverall mean responsetime when short
transactions(which in a standard,non-MPLsystemwould
have short responsetimes) get stuck waiting behindvery
long transactionsin the external queue(independentlyof
whetherthe long transactionis IO-boundor CPU-bound).
For this to happentheworkloadneedsto exhibit high vari-
ability of theservicerequirements,i.e. the transactionmix
mustcontainsometransactionsthat aremuchlonger than
the average. From a theoreticalperspective our external
schedulingmechanismwith MPL parametercanbeviewed
asa singleunboundedFirst-in-�rst-out (FIFO) queuefeed-
ing into a Processor-Sharing(PS)server whereonly MPL
jobsmaysharethePSserver. A high MPL makesthesys-
tembehavemorelike a PSserver, while a low MPL makes
it moresimilar to a FIFO server. In queueingtheory it is
well known thatthemeanresponsetimeat aFIFOserver is
directly affectedby job sizevariability [12], while thatof a



PSserver is insensitive to job sizevariability.
To get an idea of whetherthe levels of variability ex-

hibited by the TPC-CandTPC-W benchmarksare repre-
sentative, we obtain tracesfrom one of the top-10 online
retailersandfrom oneof the top-10auctioningsitesin the
US for comparison.We computethesquaredcoef�cient of
variation(C2), astandardstatisticalmeasurefor variability,
for both the tracesand the benchmarks.We �nd that the
C2 valuesof the tracesare in agreementwith the TPC-C
benchmark:In the TPC-Cbenchmarkthe C2 valuevaries
between1.0 and 1.5 (dependingon the setup),while the
tracesexhibit valuesfor C2 of around2. Thevariability in
theTPC-Wbenchmarkis higherexhibitingC2 valuesof 15.

3.3 Results: Factors in�uencing choiceof MPL

Our aim in this sectionhasbeento determinehow low
we canfeasiblymake theMPL without noticeablyhurting
throughputandmeanresponsetime. We have seen,via a
wide rangeof experimentalworkloads,that the answerto
thisquestionis stronglydominatedby justafew key factors
of theworkload.

For throughput,what's important is the numberof re-
sourcesthat the workloadwould utilize if run without an
MPL. For example,if an IO-boundworkload is run on a
systemwith 4 disks,thena higherMPL is requiredthanif
thesameworkloadis runona systemwith only 1 disk.

With respectto not hurtingoverall meanresponsetime,
thedominantfactorin lower-boundingtheMPL is thevari-
ability in servicedemandsof transactions.Workloadswith
morevariableservicedemandsrequireahigherMPL.

Importantly, we �nd that the questionof how low one
canfeasiblymaketheMPL, bothwith respectto throughput
andmeanresponsetime, is hardlyaffectedby whetherthe
workloadis I/O bound,CPUbound,or lock bound.This is
asurprising�nding, andshowsthatthenumberof resources
thatmustbeutilizedto keepthroughputhighis moreimpor-
tantthanthetypeof resources.

We notethatthegraphsshown in this sectionall assume
a high offeredload in termsof the transactionarrival rate,
andaswe have seen,it is quite feasibleto make the MPL
low with only smalldeteriorationin throughput.Whenthe
offeredload is low, thedeteriorationin throughputis even
smaller, sincetheexternalqueueis typically empty.

4. Finding the right MPL

Theprevioussectiondemonstratesthegeneralfeasibility
of externalschedulingacrossawiderangeof workloads.In
all experimentsanMPL of lessthan20 suf�ces to achieve
nearoptimalthroughputandmeanresponsetime,while the
numberof clientsis comparatively farhigherthan20 (typi-
cally ahundredor severalhundred).

However, theperformancestudyin theprevioussection
merelyindicatesthegeneralexistenceof agoodMPL value.
The purposeof this sectionis to develop techniquesfor
automaticallytuning the MPL value to make the external
schedulingapproachviable in practice.We seeka method
for identifying thelowestMPL valuethatlimits throughput
andresponsetime penaltiesto somethresholdspeci�ed by
the DBA (e.g. “throughputshouldnot drop by morethan
5%”).

Databaseworkloadsarecomplex, andexactlypredicting
throughputandresponsetimenumbersis generallynot fea-
sible.Thekey observationis thatfor usit suf�ces to predict
how a given MPL changesthroughputandmeanresponse
timerelativeto theoptimalperformance.Thechangein per-
formancecausedby anMPL valueis stronglydominatedby
only a few parameters(assummarizedin Section3.3); the
changein throughputis mostly affectedby the numberof
parallelresourcesutilized insidetheDBMS; thechangein
meanresponsetime is mainly affectedby thevariability in
theworkload. In bothcasesqueueing-relatedeffectsdomi-
nate,ratherthanotherperformancefactors.

The above observationsleadsus to the idea of tuning
theMPL througha feedbackcontrol loop augmentedwith
queueingtheoreticguidance.Westartby developingqueue-
ing theoreticmodelsandanalysisto capturebasicproperties
of therelationshipbetweensystemthroughputandresponse
time andthe MPL. We thenusethesemodelsto predicta
lower boundon theMPL that limits performancepenalties
to somespeci�edthreshold.While theanalyticallyobtained
MPL value might not be optimal, it provides the control
loopwith a goodstartingvalue.Thecontrolloop thenopti-
mizesthisstartingvaluein alternatingobservationandreac-
tion phases.Theobservationphasecollectsdataon therel-
evantperformancemetrics(throughputandmeanresponse
time) andthereactionphaseupdatestheMPL accordingly,
i.e. if thethroughputis too low theMPL is increasedandif
it is toohigh theMPL is decreased.

In the remainderof this sectionwe detail theabove ap-
proach. We �rst explain the queueingtheoreticmethods
for predictingthe relationshipbetweenMPL andthrough-
put (Section4.1) andmeanresponsetime (Section4.2). In
Section4.3,we show how this knowledgecanbeusedin a
feedbackcontrolloop to �ne-tune theMPL parameter.

4.1. Queueinganalysisof thr oughput vs. MPL

We start by creating a very simplistic model of the
databaseinternalresourcesasshown in Figure6. Wemodel
the MPL by usinga “closed” systemwith a �x ed (MPL)
numberof clientsasrepresentedin Figure6. We assume
that the servicetimesof all devicesareexponentiallydis-
tributedwith servicerateproportionalto their utilization in
theunlimitedsystem(with unboundedMPL).
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Figure 6. TheoreticalmodelrepresentingtheDBMS
internals. This modelprovidesus with a theoretical
upperboundontheMPL neededto providemaximum
throughput.

Thereasonwhy sucha simplemodelis suf�cient is that
weareonly interestedin achievedthroughputrelativeto the
optimal throughput. It is thereforenot necessaryto know
theexactservicedemandsat a device, just therelative pro-
portions,sincethesewill equallyaffect thethroughputwith
andwithoutMPL (e.g.a5-timeshigherservicedemandwill
reducethroughputin both casesby a factorof 5). More-
over, in this typeof queueingmodelthedistribution of the
servicedemandat theindividualserverswill not impactthe
throughput.

We analyzethis “closed” systemfor differentMPL val-
uesandanddeterminethe achieved throughput.We com-
paretheresultsto themaximumthroughputfor thesystem,
until we �nd the lowest MPL value that leadsto the de-
siredthroughputlevel (e.g.notmorethan5%lowerthanthe
maximumthroughput).Simplebinarysearchcanbeusedto
makethis processmoreef�cient.

The MPL yielded by this analysisis in fact an upper
boundon theactualMPL thatwewould getin experiments
for two reasons:First,wepurposelycreatethe“worst-case”
in our analyticalmodelby assumingthat all resourcesare
equallyutilized. Thisis realisticfor theexperimentalsetups
that we consider, sincewe assumethat the datais evenly
stripedover the disks and the CPU schedulerwill ensure
that on averageall CPUsareequallyutilized. For unbal-
ancedworkloadsa smallerMPL mightactuallybefeasible,
andthis couldeasilybe integratedinto themodel. Second
we do not allow for the fact that a client may be able to
utilize two resources(e.g.,two disks)at once.

To evaluatethe usefulnessof the model in predicting
goodMPL rangeswe parameterizeandevaluatethemodel
basedon theWI =O� inv entor y workload.For this workload
thereis almostnoCPUusage,howeverthenumberof disks
playanimportantrole. In ourexperiments,we wereableto
experimentwith up to 4 disks,asshown in Figure3. How-
ever in analysiswe cango much further. Figure7 shows
theresultsof theanalysiswith up to 16 disks.The�rst ob-
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Figure 7. Resultsof theoreticalanalysisshowingthe
effect of theMPL on throughputasa functionof the
numberof resources. The squares (circles) denote
the minimumMPL that limits throughputlossto 5%
(20%). Note that the setof circles form a perfectly
straight line, asdo thesquares.

servation is that the resultsof the analysisfor 1 to 4 disks
look very similar to the actualexperimentalresultsfrom
Figure3. Next, we observe thattheMPL requiredto reach
nearmaximumthroughputgrows linearly with thenumber
of disks: The minimum MPL that is suf�cient to achieve
80% of the maximumthroughputis marked with circles,
andtheminimumMPL that is suf�cient to achieve 95%of
themaximumthroughputis markedwith squares.Both the
circlesandthesquaresform straight lines. Thismatchesthe
lineartrendwe alsoobservedin experiments.

Thetake-awaypoint is thatsimplequeueinganalysis,as
we have done,capturesthe main trendsof the throughput
vs. MPL function well, and is a useful tool in obtaining
an initial estimateof the MPL requiredto achieve the de-
sired throughput. While we �nd that the currentanalysis
is a very goodpredictorof our experimentalresultsfor the
4-disksystem,it is certainlypossibleto re�ne theanalytic
queueingmodelfurther, or to integrateit with existingsim-
ulation tools for more realisticmodellingof the hardware
resourcesinvolved. However, suchimprovementsarenot
crucialsincethemainpurposeof theabovemodelis merely
to provide thecontrollerwith a goodstartingvalue,rather
thanaperfectprediction.

4.2. Queueinganalysisof responsetime vs. MPL

Section3 indicatesthat the effect of the MPL on the
meanresponsetime is dominatedby the variability in the
workloadandhardlyaffectedby otherworkloadparameters
suchas the bottleneckresourceor the level of lock con-
tention.For workloadswith little variability (C2 � 1) MPL
valuesaround4 aresuf�cient to achieve optimal meanre-
sponsetime, while morevariableworkloads(C2 � 15) re-
quire an MPL of 8-15 (dependingon systemload). How-
ever, theseparticularresultsfor theright choiceof theMPL



are hard to generalize,since they are basedon only two
benchmarkswith two differentlevelsof variability (C2 � 1
andC2 � 15). We thereforeresortto analysisto obtain
moregeneralresults.

From a theoreticalperspective our external scheduling
mechanismwith MPL parametercan be viewed as a sin-
gle unboundedFirst-in-�rst-out (FIFO) queuefeedinginto
a Processor-Sharing(PS)serverwhereonly MPL jobsmay
sharethePSserver asillustratedin Figure8. Notethatthis
is notapoorapproximationof oursystemin that,aswesee
in [21], Figure8, theDBMS in many waysbehaveslike a
PSsystem.

PS

Multi�
programming
Limit (MPL) = 2

FIFO
queue

Poisson
arrivals

Figure 8. Queueing network model of external
schedulingmechanismwith MPL = 2.

To thebestof ourknowledge,thereis noexistingsimple
solutionto ourqueueingnetwork in Figure8. Therefore,we
derive the following solutionapproach:We startby mod-
elling thejob sizes(servicerequirements)by a 2-phasehy-
perexponential(H 2) distribution, with probabilityparame-
terp andrates� 1 and� 2, allowing usto arbitrarilyvary the
C2 parameter. We canthenrepresentthe network in Fig-
ure8 by anequivalentspecial“�e xible multiserver queue”
wherethenumberof servers�uctuatesbetween1 andMPL
asneeded,andwherethesumof theserviceratesatthemul-
tiple serversis alwaysmaintainedconstantandequalto that
at thesinglePSserver. Thecontinuous-timeMarkov chain
correspondingto the�e xible multiserverqueueis shown in
Figure9 for thecaseof anH 2 servicetimedistribution(with
parametersp, � 1, and� 2), arrival rate� andMPL = 2. Note
thatwede�ne theshorthandq = 1 � p. ThisMarkov chain
lendsitself to Matrix-analyticanalysis[13,18], becauseof
its repeatingstructure.

Figure 10 shows the resultsof evaluating the Markov
chainin Figure9. We �nd thatfor low C2 valuesof 1 or 2,
themeanresponsetime is largely independentof theMPL
valueandequalto thatfor thepurePSsystem(with in�nite
MPL), assumingtheMPL is at least5. For higherC2 val-
uesof 5–15,we �nd thattheMPL dependson theloadand
needsto be at least10 (for load of 0:7) or 30 (for load of
0:9) to ensurelow meanresponsetime(similar to PS).

4.3. A simplecontroller to �nd lowestfeasibleMPL

Next weexplainhow weusefeedbackcontrolcombined
with queueingtheoryfor tuningtheMPL parameter.
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Figure 9. Continuous-timeMarkov chain (CTMC)
correspondingto the �exible multiserverqueuerep-
resentationof thequeueingnetworkin Figure 8. The
twojobsin servicemaybothhaveservicerate� 1 (top
row), or mayhaverates� 1 and � 2 (middlerow), or
maybothhaveservicerates� 2 (bottomrow).

Whenusingfeedbackcontrol for tuningparameters,the
dif�cult part is choosingthe right amountby which to ad-
just theparameterin eachiteration: too small,conservative
adjustmentswill leadto long convergencetimes,while too
large adjustmentscancauseovershootingandoscillations.
Wecircumventtheproblemby usingthequeueingtheoretic
modelsfrom the previous subsectionsto “jump-start” the
control-loop with a good, close-to-optimalstarting value
for the MPL. Initializing the control-loopwith a close-to-
optimalstartingvalueprovidesfastconvergencetimes,even
givenonly smallconservativeconstantadjustments.

A secondcritical factor in implementingthe feedback
basedcontrolleris thechoiceof theobservationperiod. It
needsto containenoughsamplesto provide a reliablees-
timate of meanresponsetime and throughput. We deter-
minetheappropriatenumberof samplesthroughtheuseof
con�denceintervals. For our workloadsanobservationpe-
riod needsto spanaround100transactionsto providestable
estimates.It is also importantthe observation period be-
ing studieddoesnothaveunusuallylow load,asthis would
causelow throughputindependentof thecurrentMPL used.
Our controller takesthe above two points into accountby
updatingtheMPL only after observationperiodsthat con-
tainasuf�cient numberof executedtransactionsandexhibit
representativesystemloads.

We �nd in experimentsthat our queueingtheoretically
enhancedcontrollerconvergesfor all our experimentalse-
tups in 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.
Thesystemload is 0.7(top)and0.9(bottom).

in determiningthedesiredMPL, our approachcouldeasily
beextendedto incorporatemorecomplex controlmethods,
e.g. following guidelinesprovided in [10]. This will be
particularlyusefulfor situationswherequeueingtheoretical
modelsarenotpreciseenoughin predictinggood,close-to-
optimalstartingvaluesfor thecontroller.

5. External schedulingfor Prioritization

Thus far we have presentedan algorithmfor �nding a
low MPL that doesn't hurt throughputor overall meanre-
sponsetime. Thegoalin keepingtheMPL low is thata low
MPL givesuscontrolontheorderin whichtransactionsare
scheduled,sincewe can pick the order in which transac-
tion aredispatchedfrom the externalqueue. Thuswe are
enablingcertaintransactionsto run in isolationfrom others.

In this section,we apply our techniqueto the problem
of differentiatingbetween“high” and“low” priority trans-
actions.Sucha problemarisesfor examplein thecaseof a
databasebackendfor athree-tierede-commercewebsite.A
small fractionof theshoppersat thewebsitespenda large
amountof money, whereastheremainingshoppersspenda
smallamountof money. It makessensefrom aneconomic
perspective to prioritize serviceto the“big spenders,” pro-
viding themwith lowermeanresponsetime.

We would like to offer high priority transactionslow re-
sponsetimesandlow priority transactionshigherresponse
times. The lower theMPL thatwe use,thegreaterthedif-
ferentiationwe can createbetweenhigh and low priority

responsetimes. At the sametime we would like to keep
theMPL high enoughthatthroughputandoverallmeanre-
sponsetime arenot hurt beyonda speci�ed threshold.The
techniquepresentedin Section4 allows us to achieve both
of theabove goalsby specifyinganexactMPL which will
achieve therequiredthroughputandoverall meanresponse
time, while being as low as possible,and henceprovid-
ing maximaldifferentiationbetweenhigh 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 onecould alternatively implementpriori-
tization internally to the DBMS by schedulinginternalre-
sources.Finally in Section5.3, we comparethe effective-
nessof our externalandinternalapproaches,andshow that
externalscheduling,with theproperMPL, canbeaseffec-
tiveasinternalschedulingfor our workloads.

5.1. Effectivenessof external prioritization

We start by implementingand studying the effective-
nessof externalprioritization. The algorithmthat we use
for prioritization is relatively simple. For any givenMPL,
we allow asmany transactionsinto the systemasallowed
by theMPL, wherethehigh-priority transactionsaregiven
�rst priority, andlow-priority transactionsareonlychosenif
thereareno morehigh-priority transactions(seeFigure1).
TheMPL is held�x edduringtheentireexperiment.

Note that this paperdoesnot deal with how the trans-
actionsobtaintheir priority class.As statedearlier, we as-
sumethatthee-commercevendorhasreasonsfor choosing
sometransactions/clientsto behigheror lower-priority. Ex-
perimentally, wehandlethisby simplyat randomassigning
10% of the transaction“high”-priority and the remainder
“low”-priority.

We �rst considerthecasewheretheMPL is adjustedto
limit throughputlossto 5%(comparedto thecasewhereno
externalschedulingis used),seeFigure11(top),and then
thecasewheretheMPL is chosento limit throughputloss
to 20%,seeFigure11(bottom).For eachof thesetwo cases,
weexperimentwith all 15setupsshown in Table2. In each
experimentwe apply theexternalschedulingalgorithmde-
scribedin above andmeasurethemeanresponsetimesfor
high andlow priority transaction,in additionto theoverall
meanresponsetimewhennoprioritiesareused.

We �nd thatusingexternalprioritization, in thecaseof
5% throughputloss (Figure 11(top)), high priority trans-
actionsperform4.2 to 21.6 timesbetterthan low priority
transactionswith respectto meanresponsetime. The av-
erageimprovementof high priority transactionsover low
priority transactionsis a factor of 12.1. The low priority
transactionssuffer only a little ascomparedto the caseof
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Figure 11. Resultsof external schedulingalgorithm. This �gur e showsthe meanresponsetimesfor high and low
priority requests,aswell asthecaseof no prioritization, for all 17 setupsdescribedin Table2. In thetop graph,the
MPLshavebeensetto sacri�ce a maximumof 5% throughputfor each experiment.In thebottomgraph,TheMPLs
are setto sacri�ce a maximumof 20%throughput.Observethat workloads5, 9, and10 havebeencut off. Thevalues
for theseworkloadsin (top) are (7.6sec,76.864sec),(26.2sec,111sec),and(9.4sec,50.9sec),respectively, andin
(bottom)are (4.1sec,79.3sec)(15 sec112sec)(4.2secand51.9sec)respectively.

noprioritization,by afactorrangingfrom 1.15to 1.17,with
anaveragesuffering of 16 %. Theabovenumbersarevisi-
ble from the�gure (or caption).Not visible from the�gure
is whetherprioritization causesthe overall meanresponse
timeto rise. It turnsout thattheoverallmeanresponsetime
is neverhurt by morethan6% comparedto theorginalsys-
temwithoutexternalscheduling.

We �nd that using external prioritization, in the case
of 20% throughputloss(Figure11(bottom)),high priority
transactionsperform 7 to 24 times better than low prior-
ity transactionswith respectto meanresponsetime. The
averageimprovementof highpriority transactionsover low
priority transactionsis afactorof 18. Thelow priority trans-
actionssuffer by afactorrangingfrom 1.35to 1.39,ascom-
paredto thecaseof noprioritization,with anaveragesuffer-
ing of 37%. Theabovenumbersarevisible from the�gure
(or caption). Not visible from the �gure is whetherprior-
itization causesthe overall meanresponsetime to rise. It
turnsout that theoverall meanresponsetime is never hurt
by more than 25% comparedto the orginal systemwith-
out externalscheduling.Observe that in the caseof 20%
throughputloss, the differentiationbetweenhigh and low
priority requestsis morepronounced,sincetheMPL values
arelower, but thiscomesatthecostof lowerthroughputand
higheroverall responsetimes.

5.2. Implementation of internal scheduling

Schedulingtheinternalsof theDBMS is obviouslymore
involvedthanexternalscheduling.It is notevenclearwhich
resourceshouldbeprioritized: theCPU,thedisk, the lock
queues,etc. Onceoneresolvesthat �rst question,thereis
the follow-up questionof which algorithm shouldwe use
to givepriority to high-priority transactions,without exten-
sively penalizinglow priority transactions.Both questions
arenotobvious.

In arecentpublication,[15], weaddressthe�rst question
of which resourceshouldbe prioritized via a detailedre-
sourcebreakdown. We �nd thatin OLTP workloadsrun on
2PL (2-phaselocking) DBMS, transactionexecutiontimes
areoftendominatedby lock waiting times,andhencepri-
oritizationof transactionsis mosteffectivewhenappliedat
thelock queue.We�nd thatotherworkloadsor DBMS lead
to transactionexecutiontimesbeingdominatedby CPUus-
ageor I/O, andhenceprioritizationof transactionsis most
effectivewhenappliedat thoseotherresources.

Having seenthatit is notobviouswhichinternalresource
needsto bescheduled,we now turn to theparticular17 se-
tups shown in Table 2. Someof these(e.g., setup3 and
4) are CPU bound,while others(e.g., 1 and 2) are lock-
bound,andstill othersareI/O bound(e.g. setup5-10). In
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Figure 13. Comparisonof internal vs external pri-
oritization for setup3.

our experimentswith internalschedulingwe considertwo
particularsetups:Setup1 (Lock-bound)andSetup3 (CPU-
bound).

For setup1, we implementthePreempt-on-Wait (POW)
lock prioritizationpolicy [16] in Shore[19]. In POW, high
priority transactionsmove aheadof low-priority transac-
tions in the lock queue,andare allowed to even preempt
a low-priority lock holderif thatlow-priority lock holderis
waitingatanotherlock queue.

For setup3, CPUprioritizationis availablein IBM DB2
throughthe DB2gov tool [2]. However, we �nd that we
achievebetterpriority differentiationby “manually” setting
theCPUschedulingprioritiesusedby theLinux operating
system.We usetherenice commandin Linux to setthe
CPU priority of a DB2 processexecutinga high priority
transactionto -20 (the highestavailableCPU priority) and
theCPUpriority of a DB2 processexecutinga low priority
transactionto 20 (thelowestavailableCPUpriority).

In the next section we show the results for internal
schedulingfor thesesetups.

5.3. Inter nal prioritization resultsand comparison
with external results

In this sectionwe considersetup1 and3 from Table2.
For eachsetup,we comparethe performanceobtainedvia

internalprioritizationwith thatobtainedvia externalprior-
itization. We consider3 versionsof externalprioritization,
the�rst involving 5%throughputloss,thesecondinvolving
20%throughputloss,andthethird involving 0%throughput
loss.Figure12)showstheresultsfor setup1, andFigure13
showstheresultsfor setup3.

For both setups,we �nd that with respectto differenti-
ating betweenhigh andlow priority transactions,external
schedulingis nearlyaseffective asthe internalscheduling
algorithmsthat we looked at herein(for the caseof zero
throughputloss),andcanevenbemoreeffective whenthe
MPL is low (at thecostof a sacri�ce in throughput).Look-
ing at thesuffering of thelow priority transactionsascom-
paredto theoverallmeanresponsetime,we �nd thatexter-
nal schedulingresultsin only negligibly moresuffering for
the low priority transactions,whencomparedwith the in-
ternalschedulingalgorithmsherein.Thepenaltyto thelow
priority transactionsis minimizedwhentheMPL is chosen
sothatno throughputis lost.

Becauseof theinherentdif�culty in implementinginter-
nal scheduling,we wereonly ableto provide numbersfor
setups1 and3 out of the 17 setupsin Figure2. However
it is clear that for thesetwo setups,externalschedulingis
aviableapproachwhencomparedwith internalscheduling,
andwe hypothesizethat externalschedulingwill compare
favorablyon theremainingsetupsaswell, giventhestrong
resultsshown for externalschedulingin Figure2.

We arenot trying to saythat externalschedulingis al-
waysaseffectiveasinternalscheduling.Althoughtheinter-
nal schedulingalgorithmsthatwe consideredarequitead-
vanced,theremay be other internalschedulingalgorithms
which are superior to our external approachfor certain
workloads.Thepoint thatwe make in this paperis thatex-
ternalschedulingis a promisingapproach,whenthe MPL
is adjustedappropriately.

6. Conclusion

Thispaperlaystheexperimentalandtheoreticalground-
work for an exploration of the effectivenessof external
schedulingof transactionalworkloads.

At theheartof ourexplorationis thequestionof howex-
actlyshouldonelimit theconcurrentnumberof transactions
allowedinto theDBMS, i.e., theMPL (multi-programming
limit). Theobvioustradeoff is thatonebothwantstheMPL
to be low enoughto creategoodprioritization differentia-
tion and at the sametime high enoughso as not to limit
throughputor createotherundesirableeffectslike increas-
ing overallmeanresponsetime.

Our work beginswith anexperimentalstudyof how the
MPL settingaffects throughputand meanresponse.Our
experimentsincludea vastarrayof 17 experimentalsetups
(seeTable2), spanninga wide varietyof hardwarecon�g-



urationsandworkloads,and two differentDBMS (Shore,
IBM DB2). We �nd thatthechoiceof agoodMPL is dom-
inatedby a few key factors.Thedominantfactorin lower-
boundingthe MPL with respectto minimizing throughput
lossis the numberof resourcesthat the workloadutilizes.
Thekey factorin choosinganMPL soasnot to hurtoverall
meanresponsetime,is thevariability in servicedemandsof
transactions.Thefactof whethera workloadis I/O bound,
CPUbound,or lock boundis muchlessimportantin choos-
ingagoodMPL. Throughoutwe�nd thatthevaluesof MPL
that are neededto ensurehigh throughputand low over-
all meanresponsetime arein thelower range,in particular
whencomparedwith thetypicalnumberof usersassociated
with theaboveexperimentalsetupworkloads.

Theabove experimentalstudyencouragesusto develop
a tool for dynamicallydeterminingthe MPL asa function
of theworkloadandsystemcon�guration.Thetool takesas
inputfrom theDBA themaximumacceptablelossin system
throughputandincreasein meanresponsetime, anddeter-
minesthelowestpossibleMPL thatmeetstheseconditions.
The tool usesa combinationof queueingtheoreticmodels
anda feedbackbasedcontroller, basedon our discoveryof
thedominantfactorsaffectingthroughputandoverallmean
responsetime.

Finally, we apply our tool for adjusting the MPL to
the problem of providing priority differentiation. Given
high and low priority transactions,we 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 different thresh-
oldsfor themaximumacceptablelossin systemthroughput
andincreasein meanresponsetime. We �nd that the ex-
ternalschedulingmechanismis highly effective in provid-
ing prioritizationdifferentiation.Speci�cally, we achievea
factorof 12 differentiationin meanresponsetime between
highandlow priority transactionsacrossour17experimen-
tal setups,if the MPL is adjustedto limit deteriorationin
throughputandmeanresponsetimeto 5%. If weallow upto
20%deteriorationin throughputandoverallmeanresponse
time, we obtaina factorof 16 differentiationbetweenhigh
andlow priority responsetimes.

Lastly, to gaugethe effectivenessof our external ap-
proach,we implementseveral internalprioritizationmech-
anismsthat schedulethe lock resourcesand the CPU re-
sources.We �nd thatour externalmechanismandinternal
mechanismsarecomparablewith respectto their effective-
nessin providing priority differentiationfor theworkloads
studied.

Our methodsfor dynamically adaptingthe MPL are
very general. Although they have only beenapplied to
OLTP workloadsin this paper, they are likely to apply to
moregeneralworkloadsaswell, andalsoto moregeneral

schedulingpolicies.
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