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Abstract

Schedulingpoliciesarefundamentalcomponentsof a majority of moderncomputersystems.However, de-
spitea vast�eld of researchanalyzingtheperformanceof differentpolicies,the taskof choosinga policy
for a particularapplicationis still dif�cult. This dif�culty is a resultof a disconnectbetweenqueueingre-
searchersandsystemdesigners.Classicalqueueingresearchstudiesonly individualschedulingpoliciesand
responsetime metrics;whereaspracticalissuesforcesystemdesignersto usehybrid policiesthatperform
well acrossavarietyof metrics.

To bridgethisdivide,weproposeanew styleof schedulingresearchwherelargegroupsof policiesareclas-
si�ed with respectto a wide rangeof metrics.In particular, we proposeto developa theoreticalscheduling
toolbox consistingof a rangeof classi�cations,eachof which isolatesa differentmetric. The classi�ca-
tionswe proposecanbedividedinto threetypes:classi�cationsof ef�ciency metrics,fairnessmetrics,and
robustnessmetrics. Classicalqueueingtheoryhasfocusedprimarily on measuresof ef�ciency; thus, in
developingthe toolbox, we will needto develop novel metricsto measurethe fairnessandrobustnessof
schedulingpolicies.In addition,becauseclassicalqueueingresearchfocuseson individualpolicies,wewill
needto developnovel analytictechniquesin orderto analyzetheperformanceof largegroupsof policies.



Keywords: scheduling;queueing;unfairness;ef�ciency; robustness;SRPT; LAS; FB; PS;SMART



ThesisCommittee

Mor Harchol-Balter(Chair)
ComputerScienceDepartment

CarnegieMellon University

JohnLafferty
ComputerScienceDepartment

CarnegieMellon University

BruceMaggs
ComputerScienceDepartment

CarnegieMellon University

Alan Scheller-Wolf
TepperSchoolof Business

CarnegieMellon University

WardWhitt
Departmentof IndustrialEngineeringandOperationsResearch

ColumbiaUniversity

i



ii THESISCOMMITTEE



Foreword

This proposalis composedof threemain sections. Chapter1 containsa brief overview of the proposed

thesis. This chapteris meantto condensethe major motivation and impactof the work into a few short

pagesin orderto give the readeran overview of what is ahead.Chapter2 thenpresentsa morethorough

introductionto the work. The goal of this chapteris to convey the importanceof schedulingin modern

computersystemsandto illustratetheimpactof theschedulingtoolboxweproposewithoutdelvinginto the

detailsof the results.Finally, Chapter3 providesa detailedsummaryof the proposedorganizationof the

thesis,includinga discussionof whatresultshave beenobtainedsofar andwhatresultswe hopeto obtain

overthenext yearandahalf. Includedatthecloseof thethird chapteris asummaryof theproposedtimeline

for thethesis.
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Chapter 1

ThesisOverview

Resourceallocationis a fundamentalcomponentof moderncomputersystems.Cuttingedgeresearchin the

areasof webservers,operatingsystems,disks,databases,andsupercomputersfocuseson improving system

performanceby designingbetterschedulingpolicies. Both in theoryandin practice,theschedulingpolicy

usedhasahugeimpacton theperformanceattained.Thus,in all thesesettings,a fundamentalquestionthat

plaguessystemdesignersis: "Whatschedulingpolicy shouldbeimplemented?"

Despitea vast �eld of researchstudyingthe performanceof schedulingpolicies, thereis no simple

answerto this question.Thereasonis that traditionalqueueingresearchfocuseson individual policiesand

responsetimemetrics. Thus,a limited groupof idealizedpoliciesis well understoodacrossa limited range

of metrics;however outsideof thesemetricsandpolicies,theperformanceof schedulingpoliciesis largely

unexplored.

This maincontribution of this thesis,is to introducea new styleof researchbasedon classifyinglarge

groupsof schedulingpolicies. We proposeto develop a theoretical scheduling toolbox. This toolbox

will consistof a wide rangeof differentclassi�cationsof schedulingpolicies,eachof which describeshow

large groupsof policieswill performwith respectto a differentmetric. Thus,theseclassi�cationsexpose

theperformanceimpactof schedulingheuristics(suchasbiasingtowardsmalljob sizes),providing adeeper

understandingof schedulingthantheanalysisof only idealizedpolicies.

In addition, this toolbox caneasethe burdenon systemdesignersby helpingthemchoosean appro-

priateschedulingpolicy. Therearethreekey pointsaboutthe classi�cationsthat allow the toolbox to be

of practicalinterest.First, thereareclassi�cationsfor a wide rangeof practicalmetrics. Second,eachof

theclassi�cationsisolatesa speci�c metricsothata systemdesignercanchoosea schedulingpolicy based

on only themetricsrelevant to thesystemat hand.Third, theclassi�cationsarenot de�ned for individual

policies,but insteadfor largegroupsof schedulingpoliciesthatall usea particularheuristic(seeTable2.2

for examples). Thus, they arenot limited to describingthe performanceof simple,well-known policies;

they alsodescribetheperformanceof lessidealized,practicalpolicies.

A secondmajorcontributionof this thesisis theintroductionof awidearrayof novel metricsmotivated

by moderncomputerapplicationdemands.Wecategorizethesemetricsinto thefollowing threetypes:

1



2 CHAPTER1. THESISOVERVIEW

Ef�ciency metrics measureoverall systemperformance. Theseare the traditional metrics

usedby queueingresearch[53, 54,102], andincludestatisticsof theresponsetime andqueue

lengthdistributionssuchasthemean,variance,andtail behavior. In additionto responsetime,

weightedfunctionsof responsetimehavealsobeenstudiedrecently(e.g.slowdown) [12,9,44].

Fairnessmetrics comparetherelativeperformancefor differenttypesof jobs. Building onour

studyof fairnessin [9, 44,97], fairnessmetricshavereceivedgrowing attention.Therearethree

maintypesof fairnessmetricsthathaveemergedin theliterature:sizal[9, 43,44,97], temporal

[7, 72], andstream-based[14, 13]. Sizal fairnesscapturesthe ideathat jobsof differentsizes

shouldsee“equivalent” service– every job sizeshouldbe“sloweddown” by thesamefactor.

Temporalfairnesscapturesthe ideathat it is unfair to consistentlylet jobs �nish beforeother

jobsthatarrivedearlier– jobsshouldbeserved(for themostpart)in theorderof arrival. Finally,

stream-basedfairnesscapturestheideathatstreams(�o ws)of jobsshouldreceive“f air” service

relative to eachother.

Robustnessmetrics measuretheability of a policy to performwell in the faceof exceptional

inputsandsituations. Robustnessmetricsareof growing importancein moderncomputersys-

temsbecausemodernsystemsarefacedwith many dif�cult issuessuchasinaccurateinforma-

tion aboutservicedemands[56], userimpatience[104, 34], burstyarrivals [5, 6], etc. Finding

out which schedulingheuristicsare robust to theseissuesis of primary importanceto many

applications.

In orderto derive classi�cationsfor thewide varietyof metricsproposed,thethesisis primarily limited

to the context of a simplemodel,a preempt-resumeM/GI/1 queue.However, the thesiswill alsodiscuss

the implicationsof many practicalphenomenanot well representedin the M/GI/1 model. For instance,

we proposeto studythe effectsof prioritization in multiserversystems, the effect of non-Poissonarrival

processes, andtheeffect of theoverheadsassociatedwith preemption. Further, we proposeto illustratethe

applicabilityof our theoreticalresultsthroughdetailedcasestudiesshowing how thetoolboxcanbeusedto

chooseschedulingpoliciesin thecontext of bothwebserversandrouters.



Chapter 2

Moti vation and Impact

Schedulingpolicies(disciplines)areimplicitly usedeverywherethataresourceneedsto beallocated.When-

ever a numberof peoplewanta serviceat thesametime,a schedulingpolicy determineswheneachperson

getstheservice.This happensalmosteverywherewe venturein our daily lives. Fromrestaurantsandsu-

permarkets,to banksandamusementparkswequeuefor servicein avarietyof ways.In many convenience

storesthereis a singlecashregisterwherepeoplequeueto be served in First-Come-First-Served (FCFS)

order. In large supermarkets,therearemany registers,andsomearededicatedto servingonly customers

with asmallnumberof items.Ontheotherhand,in restaurantseveryonegetsa little bit of serviceall of the

time,whichcanbeapproximatelymodeledasProcessor-Sharing(PS).

Beyondtheseeverydayexamples,we alsoseea varietyof policiesin usein moderncomputersystems.

Applicationssuchaswebservers,routers,operatingsystems,supercomputers,databases,anddisksareall

undera constantbarrageof requestsandneedto determinehow bestto allocateresourcesto users.In the

caseof web servers, the typical schedulingpolicy is well modeledby PS, but in the caseof scheduling

packetsin routersFCFSis typically used.Operatingsystemschedulingcanbemodeledasa form of age-

basedschedulingcalledLeast-Attained-Service(LAS), wherethejob(s)thathavereceivedtheleastamount

of serviceso far sharethe processorevenly. Supercomputers,databases,anddisksall usedifferentforms

of non-preemptive policies,which in many casesprioritize towardssmall job sizes(servicerequirements)

accordingto complex rules.

2.1 The impact of scheduling

Thechoiceof which schedulingpolicy to implementfor a givenapplicationcanhave anenormousimpact

on systemperformance.As a simpleexampleof this fact,considerthreecommonpolicies:FCFS, PS, and

SRPT(seeTable2.1 for a descriptionof thesepolicies). We will comparethesepolicieswith respectto

meanresponsetime (E [T]) in anM/GI/1 queue,wheretheresponsetime of a job is de�ned to bethetime

from whenthe job entersthesystemuntil the job completesservice.FCFSandPS arecommonlyusedto

modelschedulingin routers(at thepacket level) andwebservers(at the�le level) respectively, andfor these

3



4 CHAPTER2. MOTIVATION AND IMPACT
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Figure2.1: Meanresponsetime, E [T] is shownasa functionof load, � , underSRPT, PS, andFCFS. The
servicedistribution is Weibull with C2 = 10. Thisplot illustratesthedramaticimprovementin E [T] that
SRPTprovidesoverPSandFCFSin anM/GI/1 queue.

applicationsmeanresponsetime is an appropriatemeasureof userperceived performance.We compare

thesepolicieswith SRPTbecauseit is well known thatSRPTis optimalwith respectto meanresponsetime

[76].

Figure2.1illustratesthedramaticimprovementsthatcanbeachievedby changingtheschedulingpolicy.

Whatmakesschedulingsopowerful is thatE [T] canbedramaticallyimprovedwithoutupgradingsystem

resources, whichcanbeexpensive. Rather, schedulingis away to usecurrentresourcesmoreeffectively.

Why not alwaysuseSRPT?

Onemightask,giventhesuperiorperformanceof SRPT, whyuseanypolicyotherthanSRPT?

Onereasonis that therearemany situationswhenschedulingaccordingto SRPTis not possible.For

instance,schedulingaccordingto SRPTrequiresknowledgeof thesizesof jobs(sothattheremainingsizes

canbe computed).In many situationsthis knowledgeis not available,e.g.,an operatingsystemdeciding

which processto run or a routerdecidingwhich �o w to schedule[69]. SRPTis alsonot feasiblefor appli-

cationswherepreemptionis not possible.For instance,in systemssuchassupercomputersanddatabases

[58] preemptionis often too computationallyexpensive to use. Finally, SRPTis alsonot an option when

thesystemcannotdistinguishbetweenanin�nite numberof classesof jobs. UnderSRPTthesystemmust

distinguishbetweenevery possibleremainingsize,but in casessuchaswebserversthis in�nite precision

requirestoomuchoverhead[43, 71].

Not only aretheremany situationswhereonecannotuseSRPT, therearealsomany situationswhere,

even thoughSRPTcanbe implemented,it is not the bestchoice. Onefactor that might prevent the use

of SRPTis the dif�culty in implementingthe discipline. SRPTrequiresthe priority of a job to change

frequentlywhile the job is in the system(as its remainingsizedrops). This complexity may be dif�cult

to captureor theremaybeoverheadsassociatedwith updatingpriorities [43]. More importantly, thereare

many caseswhereSRPTis not thebestchoicebecausemeanresponsetime is not theonly importantmetric

for thesystem.For instance,whenscheduling�o ws in routers,limiting the jitter of streamingvideo�o ws
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Policy Description

FCFS First-Come-First-Served serves the job in the systemthat arrived �rst. It is also
referredto as First-In-First-Out(FIFO). FCFS is optimal with respectto mean
responsetimewhentheservicedistributionhasanincreasingfailurerate[73].

LCFS Last-Come-First-Servednon-preemptively servesthe last job to arrive, i.e. a new
arrival doesnot preemptthe job in service,but whena job is completedthe latest
arrival beginsservice.

ROS ROS(Random-Order-of-Service)non-preemptively choosesajob uniformly atran-
domfrom thequeuefor service.

SJF Shortest-Job-Firstnon-preemptively servestheshortestjob in thesystem.SJF is
optimalwith respectto meanresponsetimeamongnon-preemptivepolicies[54].

LJF Longest-Job-Firstnon-preemptively servesthelongestjob in thesystem.

PLCFS Preemptive-Last-Come-First-Served preemptively servesthe latestarrival, i.e. at
every instantthejob thatarrivemostrecentlyis beingserved.Theresponsetimeof
a job underPLCFSis equivalentto thelengthof thebusyperiodit starts.

PS Processor-Sharingpreemptively sharestheserver evenly amongall the jobs in the
system.PS is consideredthe fairestpolicy becauseit sharesall resourcesequally
[97].

LAS Least-Attained-Servicepreemptively sharesthe server evenly among the jobs
in the system that have received the least service. LAS is sometimesre-
ferred to by many other abbreviations: Least-Attained-Service-Time (LAST),
Foreground-Backgroundor Feedback(FB), Foreground-Background-Processor-
Sharing(FBPS), andShortest-Elapsed-Time (SET). LAS is optimal with respect
to meanresponsetime whenthe servicedistribution hasa decreasingfailure rate
[73].

SRPT Shortest-Remaining-Processing-Timepreemptively servesthejob with thesmallest
amountof serviceremaining.SRPTis optimalwith respectto meanresponsetime
regardlessof thearrival processor job sizedistribution [76].

LRPT Longest-Remaining-Processing-Time preemptively servesthe job with the largest
amountof serviceremaining.

PSJF Preemptive-Shortest-Job-Firstpreemptively servesthe job with thesmallestorigi-
nal size.PSJF hasameanresponsetimewithin a factorof 2 of optimal[100].

PLJF Preemptive-Longest-Job-Firstpreemptively servesthejob with thelargestoriginal
size.

RS RSservesthejob with thesmallestproductof remainingservicetime andoriginal
servicetime. RS hasa meanresponsetimeswithin a factorof 2 of optimal and
outperformsSRPTfor meanslowdown in somesituations[100].

FSP Fair-Sojourn-Protocolkeepstrackof whattheremainingsizeof eachjob wouldbe
in a PSqueueandservesthejob with thesmallestremainingsizein thesimulated
PSsystem.FSPguaranteesthatno job will ever have a longerresponsetime than
it wouldhavehadunderPS[37].

Table2.1: Descriptionsof a few commonschedulingpolicies.



6 CHAPTER2. MOTIVATION AND IMPACT

GroupName Description Examples

Non-preemptivenon-size
basedpolicies

Non-preemptivepoliciesthatdonotuseany informa-
tion aboutthesizeof jobs.

FCFS, LCFS,
ROS

Non-preemptivesizebased
policies

Non-preemptive policiesthat prioritize accordingto
somedeterministic,bijectionof job sizes.

SJF, LJF

Timesharingpolicies Policies that time sharethe processoramonglarge
groupsof jobs.

PS, LAS, FSP

Agebasedpolicies Policiesthatprioritizeaccordingto somedeterminis-
tic, bijectionof theages(attainedservices)of jobs.

FCFS, LAS

Preemptivesizebased
policies

Policiesthatprioritizeaccordingto somedeterminis-
tic, bijectionof thesizesof jobs.

PSJF, PLJF

Remainingsizebase
policies

Policiesthatprioritizeaccordingto somedeterminis-
tic, bijectionof theremainingsizesof jobs.

SRPT, LRPT

SMARTpolicies Policies that prioritize jobs with small sizesor re-
mainingsizes.This is formalizedin De�nition 3.1.1.

SRPT, PSJF, RS

DUMBpolicies Policies that prioritize jobs with large sizesor re-
mainingsizes.

PLJF, LRPT

Symetric policies Policiesthatallow thesamefractionof jobsto arrive
to the i th positionin thequeueasthefractionof the
servergivento thei th positionin thequeue.See[50]
for a formalde�nition.

PS, PLCFS

Table2.2: Descriptionsof groupsof schedulingpolicies that we will classifyin the thesis. More formal
de�nitions of thesegroupsareprovidedin [50, 97,100].

is key [69, 70]. Therearealsoa varietyof otherfairnessandrobustnessmetricswhich, in many cases,are

of greaterimportancethanmeanresponsetime.

Dueto all thesefactorsandmore,awidevarietyof schedulingpolicieshavebeenintroducedandstudied.

Many of thecommonpoliciesthatwill bediscussedin thisproposalaresummarizedin Table2.1.

2.2 A wide array of important metrics

Thewide arrayof applicationsthatrequireschedulingleadsto a largevarietyof metricsthatareimportant

to modernsystems.For instancein webservers,it is clearthatmeanresponsetimeis a fundamentalmetric

of interest;however, in many casesproviding Qualityof Service(QoS)guaranteesis equallyimportant[21].

Routersprovide a slightly differentsettingwhere,thoughresponsetime is still important,it is of primary

importancethat�o wshavelimited jitter sothatstreamingapplicationscanfunction.Thisthesiswill analyze

a wide variety of metricsthat have applicability acrossdomains. The metricsstudiedwill fall into three

maincategories:ef�ciency metrics,fairnessmetrics,androbustnessmetrics.After brie�y introducingeach

of thesecategories,in Chapter3 we will give a detaileddiscussionof our prior andproposedwork in each

category.
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Ef�ciency metrics

Traditionallytheperformanceof schedulingpolicieshasbeenmeasuredusingef�ciency metrics.Ef�ciency

metricscharacterizetheoverall systemperformance. Probablythemetricthathasreceivedthemostinterest

theoreticallyis meanresponsetime, E [T] [53, 54, 76, 87, 102], but a largeamountof recentresearchhas

alsostudiedthetail behavior of theresponsetime distribution [20, 68]. We will studybothof thesemetrics

in thethesis.Wewill alsoinvestigatetheoverallvarianceof responsetime,Var [T], whichhasreceivedless

study[78, 40, 92].

In additionto theresponsetimedistribution,anotherimportantcategoryof ef�ciency metricscomprises

weightedresponsetime measures.In this thesis,we will discussa relatively modernmetric, the mean

slowdown (stretch),wheretheslowdown of a job is de�ned to be theresponsetime of the job normalized

by thesizeof thejob. Meanslowdown is moreappropriatein many casesthanmeanresponsetimebecause

it avoidstheproblemthatthemeanresponsetime canbesigni�cantly improvedby improving theresponse

timeof ahandfulof jobshaving largeresponsetimes.In contrast,to improvemeanslowdown, it is necessary

to improve theresponsetimesof asigni�cant numberof jobs[12, 8, 33,41].

Ef�ciency metricsareperhapsthemostimportantmetricsin many usercentricsystems.In almostall

suchsystems,theuserperceivedperformanceis somefunctionof the responsetime. This hascausedthe

bulk of schedulingresearchto focuson thesemetrics;however, in almostall systems,thereis at leastone

othertypeof fairnessor robustnessmetricthatalsocarriessomeweight.Thus,many systemdesignersneed

to searchfor a policy thatperformswell for anef�ciency metricsuchasmeanresponsetime, but doesso

withoutpayingapriceundersomeothermetricsuchasfairness.

Fairnessmetrics

Fairnessmetricscomparethe relativeperformancefor different typesof jobs. Building on our studyof

fairnessin [9, 44, 97], fairnessmetricshave received growing attention.Typically, policiesperformquite

well with respectto ef�ciency metricsif they give priority to jobs having small sizesor small remaining

sizesat theexpenseof largerjobs[77, 54,102,98]. However, thesepoliciestendnot to beusedin practice

dueto fearsthatabiastowardsjobswith smallsizeswill causejobswith largesizesto betreated“unfairly”

[12, 80,84,88]. Fairnessis anamorphousconcept,however, andthedif�culty in formalizingit haslimited

progresstowardsits analysis.

Threetypesof fairnesshavebegunto emergein theliterature:sizalfairness[9, 44,97], temporalfairness

[7, 72], andstream-basedfairness[14, 13]. Sizalfairnessmeasuresthe relative performancefor different

sizesof jobsandcapturesthenotionthatit is “f air” for jobsto besloweddown by thesamefactorregardless

of theirsize.Temporal fairnessmeasurestheimpactof theorderof arrival of jobsontheorderof completion

of jobsandcapturesthenotionthat it is “f air” to serve jobsin theorderof seniority. Finally, stream-based

fairnessmeasurestherelativeperformancefor different�o wsof jobsandcapturestheideathateach�o w of

jobsshouldreceivea “f air” proportionof thetotal servicerate.

Maintaining fairnesswhile still providing ef�cient schedulingis an importantdesignconstraintin a
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varietyof applications.For example,in thecaseof Webservers,it hasbeenshown thatby giving priority

to requestsfor small �les, a Web server cansigni�cantly reduceresponsetimes; however it is important

that this improvementnot comeat the costof sizal unfairnessto requestsfor large �les [43]. The same

tradeoff appliesto otherapplicationareas;for example,schedulingin supercomputingcenters.Heretoo it

is desirableto getsmall jobsout quickly while not penalizingthelargejobs,which aretypically associated

with the importantcustomers. In supercomputingcenters,temporalfairnessis an importantcriteria in

additionto sizal fairness.Researcherswho aresubmittingtaskswill be unhappy if taskssubmittedafter

theirsconsistently�nish beforetheirs. The tradeoff alsooccursfor agebasedpolicies. For example,in

routers,onecanimprove responsetimesby servingshort �o ws �rst, but this may result in stream-based

unfairness[15]. To addressthetensionbetweenminimizing meanresponsetime andmaintainingfairness,

hybrid schedulingpolicieshave beenproposedin a varietyof domains;for example,policiesthatprimarily

biastowardsyoungjobs,but givesuf�ciently old jobshighpriority aswell [70].

Robustnessmetrics

In additionto ef�ciency andfairness,many applicationsfaceawiderangeof dif�cult issuessuchasinexact

informationaboutjob sizes,userimpatience,predictability, etc. Thus,whethera schedulingpolicy can

performwell in thefaceof exceptionalbehaviorsandsituationsis of fundamentalimportance.

Themagnitudeof theeffectof inaccuratejob sizeestimatesontheperformanceof sizebasedscheduling

policiesis notwell understood[56]. In supercomputers,userstypically provideanestimateof theruntimeof

any submittedjob; however theseestimatescanbefar from exact. Sincesizebasedpoliciesarefrequently

usedin this setting,it is importantto studyhow robust differentsizebasedschedulingpoliciesaregiven

inaccuratejob sizeestimates.

Robustnessto user impatienceis particularly relevant to modernweb applications,especiallyin the

domainof onlineshopping,wherea competitoris only a click away. Studieshave foundthata signi�cant

fractionof datasentmay be part of abortedtransfers[104, 34, 6]. For example,[34] hasfound that 11%

of all transfersareinterrupted,whichcorrespondsto 20%of thetransferredvolume.Modelingqueueswith

impatientusersisadif�cult analytictask.Thus,evenafteryearsof study, onlyahandfulof theoreticalresults

exist for sizebasedschedulingpolicieswith reneging [23, 26], andthesehave appearedonly recently. We

proposeto study, usinganalytictechniqueswhenpossibleandsimulationswhennecessary, how sizebased

schedulingpoliciesreactto impatientusers.Comparingthis to the behavior of FCFSandPS underuser

impatienceis akey steptowardsarguingthatpoliciessuchasSRPTareappropriatefor usein webservers.

Due to the impactof userimpatience,it is importantto develop techniquesthat canreducethe rateat

which customersrenege. Onesuchtechniqueis to provide usersaccurateresponsetimepredictions. User

studieshave foundthat,in many cases,providing servicethatis morepredictableresultsin highercustomer

satisfactionthanproviding servicethatis fasteronaverage[105,21] becausereceiving slowerthanexpected

serviceresultsin userfrustration[32]. . Therearea few differentformsof predictabilitythatwe will study.

First, from a systemadministratorperspective,how accuratelycanestimatesof responsetimesbeprovided
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Figure 2.2: The classi�cation of SMARTpolicies is shownalong with a few examplesof where common
policiesfall. For more informationon theSMARTclassi�cationsee[100].

to customerswhenthestateof thequeueis known. And second,from a userpoint of view, how accurately

canresponsetimebepredictedwith only knowledgeof thesizeof therequest.

In additionto thethreetopicswe have discussedsofar, severalpracticalfactorswe describein Section

2.4 have implicationsfor robustness.In particular: robustnessto overheadsassociatedwith preemption

androbustnessto bursty arrival processesarealsoimportantmeasuresof schedulingpoliciesthat we will

discuss.

2.3 How classi�cations canhelp

The wide arrayof metricsrelevant to moderncomputerapplicationsmakeschoosinga schedulingpolicy

a dif�cult task– one that mustbe doneon a case-by-casebasis. Further, thereis a disconnectbetween

the systemdesignerswho needto decidewhich policy to implementandthe theoreticianswho studythe

policies. Traditionally, theoreticianstendto studya smallgroupof idealizedpoliciesacrossa small range

of commonef�ciency metrics;whereas,in practice,systemdesignersmustimplementhybrid policiesthat

performwell acrossa rangeof fairnessandrobustnessmetrics.

Themaincontributionof this thesisis to developa new styleof research thatbridgesthisdisconnect.By

classifyingtheperformanceof largegroupsof schedulingpolicieswith respectto a wide varietyof novel

ef�ciency, fairness,andreliability metrics,we hopeto derive new theoreticalschedulingresultsthat are

moreaccessiblefor practitioners.So far, we have derivedclassi�cationsfor threemetrics:meanresponse

time (Figure2.2) [100], sizalfairness(Figure2.3) [97], andpredictability(Figure3.3) [99].

In Chapter1 we gave a high level descriptionof how classi�cationscanbene�t systemdesigners.We

will now provideaconcreteexampleof thisprocess.Supposeasystemdesignerdeterminesthatthemetrics

of interestfor a particularapplicationaremeanresponsetime andsizal fairness.For meanresponsetime,
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Figure2.3: Theclassi�cationof sizalfairnessis shownalongwith a few examplesof bothindividualpolicies
andgroupsof policieswithin each class.For more informationon thesizalfairnessclassi�cationsee[97].

we have de�ned the SMARTclassi�cation– intuitively thesearepoliciesthat biastowardssmall job sizes.

SMARTpoliciescanbetheoreticallyshown to benearlyoptimalfor many ef�ciency metrics(seeFigure2.2)

[98, 100]. Notice that a systemdesignercaneasilyapply this heuristicwhencrafting a complex policy

andobtaingoodtheoreticalguaranteeswithout performingany analysis.Further, Figure2.3 illustratesthe

classi�cationof sizal unfairnessproven in [97]. Thus,in orderto determinea goodpolicy for hersystem

(onethathasnearoptimalmeanresponsetime andprovidessizal fairness),thesystemdesignerneedonly

searchtheclassi�cationof sizalunfairnessfor a SMARTpolicy thatis Sometimesor Alwayss-Fair. It turns

out thatalthoughit is impossiblefor a SMARTpolicy to beAlwaysFair, therearemany Sometimess-Fair

SMARTpolicies,themostcommonof which is SRPT.

This concreteexampleillustratesthekey featuresthatmake thetoolboxapplicableto practicalapplica-

tions– we needto have a widerange of classi�cationsthateachisolatea speci�c metricanddescribehow

large groupsof policiesperform. A majority of recentresearchcraftshybrid metricsthat combinemany

differentcharacteristicsinto onemeasurethatis appropriatefor theapplicationbeingdiscussed[72, 70, 7].

We feel that by taking the oppositeapproachandisolatingspeci�c metrics,we allow systemdesignersto

chooseexactly which classi�cationsareappropriatefor their systems.Further, becausetheheuristicsused

to de�ne groupsof policiesareintuitiveandsimple,theclassi�cationsareeasyto apply.

2.4 Generalizingbeyond the M/GI/1

For analyticreasons,we mustwork with anM/GI/1 queueto provide thenecessarypower to prove classi�-

cationsfor themetricsdescribedin Section2.2. However, this is anidealizationof realsystemmodels.In

orderto bridgethegapbetweenthetheoreticalM/GI/1 modelandthesystemsseenin practice,wewill study

a varietyof practicalphenomenanot modeledby theM/GI/1 system.Further, we will studyschedulingin

two real-world applications:webserversandrouters.
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Limitations of real schedulers

Schedulingin real systemsis subjectto a varietyof constraintsthatplacesigni�cant limitationson which

schedulingpoliciescanbeimplemented.For example,in somecases,theschedulershave limited or inexact

knowledgeof job sizes.Therehasbeena signi�cant amountof work in the literatureto determinetheop-

timal disciplinewith respectto meanresponsetime in many casesof limited job sizeknowledge[54, 102].

In additionto surveying this work, thethesiswill presenta characterizationof how knowledgeof informa-

tion aboutjob sizesaffectsthe performanceof schedulingpolicieswith respectto fairnessandreliability

measures.

Restrictedknowledgeof job sizesis only onelimitation facedin practice.Anotherimportantlimitation

is the fact that overheadsassociatedwith both preemptionandupdatingpriorities causemany real-world

systemsto only beableto distinguishbetweena �nite numberof classesof jobs. For example,webserver

implementationsof SRPThaveadjustedthepolicy to only includeaverysmallnumberof classesof remain-

ing sizes[43, 25, 71]. Thus,understandinghow this limited numberof classeseffectsef�ciency, fairness,

andreliability measuresis animportantpracticalquestion.

Multiser ver systems

Increasingly, moderncomputersystemsaremoving away from usinga single, fast,expensive server and

towardsusingmultiple, cheaper, slower servers. Thus,an importantquestionto answeris how the effect

of schedulingdiffersbetweensingleandmultiserver systems.Therehasbeena signi�cant amountof work

studyingmultiserver systems(e.g. [27, 59,60,81]); however thetopic hasprovento beextremelydif�cult.

Becauseof the analyticdif�culties, little is understoodabouteven the simplestpriority policiesin multi-

server systems.In orderto begin to developanunderstandingof how sizebasedprioritizationwill interact

with multiple servers,we will analyzeresponsetimesunderthesimplestform of multiserver prioritization:

m preemptive-resumepriority classesin ak serversystem.

Generalizedarri val processes

In additionto thecomplexitieswehavementionedsofar, anotherimportantissuefor real-world applications

is the fact that the arrival processis typically far from the simplePoissonprocessassumedin the M/GI/1

model. Irregularitiesin arrival processeshave beenobserved in many systemsincluding supercomputing

centers[83], webservers[5, 6, 46], androuters[66, 30]. Theseirregularitiesarethe resultof many com-

plexities in the underlyingarrival streams.In particular, time-of-dayeffects [5, 46] and�ash crowds [5]

presentenormousdif�culties for provisioninginternetservices.

In orderto take a �rst steptowardunderstandinghow theburstinessinherentin thearrival processesof

many computersystemsaffectstheperformanceof schedulingpolicies,weproposeto studyabatchPoisson

arrival model.Althoughthis modelis far from realistic,it is oneof thefew burstyarrival processesthatare

still analyticallytractablefor awide rangeof schedulingpolicies[87].
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Beyond burstinessin the arrival process,anotherimportant factor to study is the underlyingarrival

model.Both thePoissonandbatchPoissonprocessesareinherentlypartof anopensystemmodel– where

requestsarrive independentlyof the departureprocess. In real systemshowever, it is likely that a user

will make multiple requestswhile in thesystem;thusthearrival anddepartureprocesseswill bedependent

becausetheuserwill makeanotherrequestuponthecompletionof the�rst request.An extremeexampleof

this is theclosedsystemmodel,whereN usersarein a feedbackloop. Interestingly, schedulinghasvery

differenteffectsin closedandopensystemmodels,andweproposeto performadetailedcomparisonof the

bene�tsof schedulingin bothmodels.

Real-world applications

Evenafteraddressingtheabove issues,thequestionremainsconcerninghow applicabletheproposedtool-

box of classi�cationsis to real systems. Thus we proposeto go one stepfurther and look at how we

canusethe proposedtoolbox in orderto guidethe choiceof a schedulingpolicy for two real-world case

studies: web servers and routers. Schedulingin theseapplicationshasbeena hot topic in recentyears

[103,69,70,43,71, 25], andwewill usethetoolboxof classi�cationsto evaluatetheeffectivenessof recent

suggestionsfor improvements.



Chapter 3

Detailsof ProposedWork

Thegoalof this thesisis to provideheuristicclassi�cationsof schedulingpolicies.Theseclassi�cationswill

provide a deepertheoreticalunderstandingof schedulingandwill alsobeusefulfor practitionerswho are

unfamiliar with schedulingresearch.In this chapter, we will discussthedetailsof theproposedthesis.We

will walk throughtheproposedorganizationof the thesisanddescribein detail the resultsthat have been

obtainedsofaraswell aswhatresultswehopeto obtainover thenext yearandahalf. Wewill concludeby

presentingaproposedtimelinefor thethesis.

Theorganizationof the thesisis summarizedin Figure3.1: the mainchaptersin the thesisareshown

and,for eachchapter, the �gure describeshow muchof the proposedwork hasbeencompletedandwhat

remains.As Figure3.1 illustrates,aftera brief introduction,in orderto provide thenecessarybackground

aboutqueueingfor readerswhoarenotworking in thearea,wewill startthebodyof thethesisby providing

a survey of importantanalytic techniquesandresultsfor a wide rangeof commonschedulingpoliciesin

Chapter2. Theplanis thatthissectionwill bewrittenusinganalmosttextbookstyleexpositionandprovide

simplederivationsthatunify theanalytictechniquesusedacrossarangeof schedulingpolicies.In addition,

thesectionwill provideathoroughsurvey of therecentexplosionof theoreticalwork onpriority scheduling.

Usingthis backgroundin scheduling,thenext threechaptersof thethesiswill introduceclassi�cationsfor

ef�ciency (Chapter3), fairness(Chapter4), andreliability (Chapter5) metrics.Thegoalof thesechapters

is to characterizetheperformanceof schedulingpoliciesbasedon theheuristicsusedto de�ne thepolicies

ratherthanthe detailsof individual policies. Following thesethreechapters,which all studythe M/GI/1

model, in Chapter6 we will move to more generalsettingsand study how schedulingpolicies reactto

practicalgeneralizationsof theM/GI/1. Finally, in Chapter7, wewill work with two real-world casestudies

in orderto illustratehow theclassi�cationswederivecanbeappliedin practice.

For the remainderof this proposalwe brie�y summarizethe topicswe proposeto explore in Chapters

3-7 of thethesis.Throughout,we will considera work conserving,preempt-resumeM/GI/1 systemwith a

continuousservicedistribution having a �nite third moment.We let T(x) bethesteady-stateresponsetime

for a job of sizex, wheretheresponsetime is thetime from whena job entersthesystemuntil it completes

service. Let � < 1 be the systemload. That is � def= �E [X ], where� is the arrival rateof the system

13
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Figure3.1: Theproposedoutline of the thesisis illustrated. Each sectionis broken into subsectionsand
thecurrentstateof thework in each subsectionis summarizedasoneof (i) proposed,if thework is in the
preliminary stages; (ii) started,if preliminary resultshavebeenderived;or (iii) completed,if signi�cant
resultshavealreadybeenobtained.

andX is a randomvariabledistributedaccordingto theservice(job size)distribution F (x) having density

function f (x) de�ned for all x � 0. Let F (x) def= 1 � F (x). De�ne the slowdown for a job of sizex,

S(x) def= T(x)=x. Theexpectedresponsetime for a job of sizex underschedulingpolicy P is E [T(x)]P ,

andtheexpectedoverall responsetime underschedulingpolicy P is E [T]P . Thevarianceof responsetime

for ajob of sizex underschedulingpolicy P is Var [T(x)]P , andtheoverallvarianceof responsetimeunder

schedulingpolicy P is Var [T]P . De�ne m i (x) def=
Rx

0 t i f (t)dt and em i (x) def= i
Rx

0 t i � 1F (t)dt. Noticethat

mi (x) is the i th momentof X jX � x and em i (x) is the i th momentof X x
def= min(X ; x). Furtherde�ne

� (x) = �m 1(x) and e� (x) = � em1(x). Finally, de�ne C2[X ] def= E[X 2]=E[X ]2 � 1 to be the squared

coef�cient of variability of X .
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3.1 Ef�ciency classi�cations

Ef�ciency metricsarethetraditionalmetricsstudiedin queueingliterature.Therehavebeencountlesspapers

writtenon theanalysisandimplementationof individualschedulingpolicies.The“common”policies,such

asPSandFCFS, andthe“smarter”policies,suchasSRPTandLAS, dominatethis literature[29,65,67,77,

82]. For mostof thesepoliciesthetransformsof theresponsetime distribution areknown. However, while

formulasareknown for themeanresponsetime undermany policies,for “smarterpolicies” theseformulas

aretypically complex, involving multiple nestedintegrals.Theformulascanbeevaluatednumerically, but

thenumericalcalculationsarequitetime-consuming– in many situationssimulatingthepolicy is fasterthan

evaluatingtheformulasnumericallyin Mathematica.No simpleclosedform formulais known for many of

the“smarter”policies.

Despitethe complex formulas,many papershave beenwritten comparingthe responsetimesof pairs

of policies. Meanresponsetime comparisonsfor SRPTandPS aremadein [9, 40]; the meanresponse

timesfor FB andPSarecomparedin [35, 96], andall threepoliciesarecomparedin [69]. However, these

comparisonstell uslittle abouttherangeof policiesthatcanachievenearoptimalmeanresponsetimes.

Beyondthemeanof theresponsetime distribution, little work hascomparedthehighermomentsof re-

sponsetimesacrossschedulingpolicies,andwhatdoesexist is typically donenumericallyor in simulation

[78, 40]. Recentlyhowever, therehasbeena growing focuson understandingthetail behavior of response

times. The tail behavior of FCFS, PS, LAS, SRPT, andPSJF areall understoodbothunderheavy tailed

[20, 68] andlight tailed[57] servicedistributions.Interestingly, thereis astarkcontrastbetweentherelative

performanceof policiesin thesetwo domains.While, SRPTand“smarter” policieshave optimal tail be-

havior underheavy tailedservicedistributions,they have theworstpossibletail behavior underlight tailed

servicedistributions.

In addition to the responsetime distribution, slowdown is anotherimportantmeasure. Thoughthe

optimalpolicy is well known for meanresponsetime,nosuchoptimalpolicy is known for meanslowdown.

However, SRPTdoesstaywithin a factorof two of the optimal meanslowdown [62]. Beyond that result

though,it is notclearhow well policiesthatperformnearoptimallyfor responsetimemeasureswill perform

for slowdown.

Summary of results

Thegoalfor our work on ef�ciency metricsis to usea simpleheuristicto de�ne a classi�cationof policies

thathave have nearoptimalperformance.To thatend,we de�ne theclassof SMARTpolicies: policiesthat

“do thesmartthing” in orderto provide SMAll ResponseTimes. TheSMARTclassi�cationformalizesthe

commonlyusedheuristicof biasingtowardssmall jobs.

De�nition 3.1.1 A workconservingpolicyP 2 SMARTif

(i) a job of remainingsizegreaterthanx canneverhavepriority overa job of original sizex, and

(ii) a job beingrun at theservercanonlybepreemptedbynew arrivals.
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In [100], wevalidatetheheuristicof “biasingtowardssmalljob sizes”by deriving simpleboundsonthe

meanresponsetime of any policy in theSMARTclass,aswell astighterboundson two importantpolicies

in theclass:PSJF andSRPT. Our boundsillustratethatall policiesin theSMARTclasshave nearoptimal

meanresponsetimes. In fact all SMARTpolicieshavemeanresponsetime within a factor of 2 of optimal

acrossall loadsandall servicedistributions.

Ourboundsalsoshow theeffectof thevariability of theservicedistributionontheoverallmeanresponse

time. Surprisingly, themeanresponsetime is largely insensitive to thevariability of theservicedistribution,

provided that the servicedistribution hasat least the variability of an exponentialdistribution. This is

contrary to intuition in the literaturethat suggeststhat the meanresponsetime of SMARTpolicies such

asSRPTsigni�cantly improvesunderhighly variableservicedistributionsandhasbeenhiddento prior

researchersdueto thecomplexity of theknown representationsof themeanresponsetime.

Most importantlyhowever, theseboundsaresimplefunctionsof thesystemloadandthusprovide ac-

curate,back-of-the-envelopecalculationsthatcanbeusedto understandthemeanresponsetimesof these

policies. In particular, we prove a simpleinsensitive lower boundon theoptimalmeanresponsetime that

is tight for highly variableservicedistributions.This lower boundprovidesa benchmarkfor describingthe

meanresponsetimesof otherschedulingpolicies.

Thework I havecompletedonef�ciency metricsis publishedin thefollowing papers:

[05] AdamWiermanandMor Harchol-Balter. “InsensitiveboundsonSMART scheduling.” To

appearin SIGMETRICS2005.

[04] AdamWiermanandMor Harchol-Balter. “FormalizingSMART scheduling.” Performance

EvaluationReview. (2004)32:2,12-13.

Proposedwork

So far, we have shown only that SMARTpoliciesperformwell for meanresponsetime. However, current

work hashinted that SMARTpoliciesprovide goodperformanceon ef�ciency measuresfar beyond mean

responsetime. Althoughtheoptimalpolicy for meanslowdown is unknown, currentcalculationsillustrate

that SMARTpoliciesprovide hugeimprovementsfor meanslowdown over commonpoliciessuchas PS.

In addition,preliminarywork hasfound that SMARTpoliciesperformwell with respectto the varianceof

responsetime.

Beyondthesethreemeasures,wealsoproposeto studythetail behavior of responsetime. Underheavy-

tailedservicetimes,it canbeshown usingthetechniquein [68] thatSMARTpolicieshave `tail equivalence.'

Thatis, thetail of theresponsetimedistributiondiffersby only aconstantfactorfrom thetail of theservice

time distribution. Thus,SMARTpolicesarebehaving optimally in this sense.However, otherpolicies,such

asLASandPS, alsohavethisproperty[20,68]. An interestingquestionis to de�ne aheuristicclassi�cation

illustrating which policies maintaintail equivalenceunderheavy-tailed servicedistributions. Further, it

is interestingto ask how policies that maintaintail equivalenceunderheavy-tailed servicedistributions
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will performunderlight-tailed servicedistributions. Preliminarycalculationssuggestthat any policy that

maintainstail equivalenceunderheavy-tailedservicedistributionswill have theheaviestresponsetime tail

possibleunderlight-tailedservicedistributions. At a minimum, it seemspossibleto prove that all SMART

policieswill have theoptimal tail behavior underheavy-tailedservicedistributions,but theworstpossible

tail behavior underlight-tailedservicedistributions.

In additionto studyinghow SMARTpoliciesperformunderthesemetrics,animportantpartof thischapter

will becontrastingtheperformanceof SMARTpolicieswith theperformanceof othercommonpoliciessuch

asLAS, PS, andFCFS. Further, we proposeto introducea classi�cationof DUMBpolicies,which follow

exactly theoppositeheuristicof SMARTpolicies– they biastowardsjobswith largesizesor largeremaining

sizes– andcomparetheperformanceof thesepoliciesto thatof SMARTpolicies.

Thetopicsrelatedto ef�ciency metricsthatI planto studyare:

� Proving boundson the meanslowdown, varianceof responsetime, andtails of response

timeunderSMARTpolicies.

� ContrastingSMARTandDUMBpolicies.

3.2 Fairnessclassi�cations

Thesecondcategory of metricswe will studyin this thesisarefairnessmetrics. Recallthat thesemetrics

comparetherelativeperformancefor differenttypesof jobs. We will focuson threetypesof fairness:sizal

fairness,temporalfairness,andstream-basedfairness.

3.2.1 Sizal fair ness

Wehavedevelopedthenotionof sizalfairnessin [9, 44,45,97].

De�nition 3.2.1 A job of sizex is treateds-fairly underpolicyP, load � , andservicedistributionX if

E [S(x)]P � 1=(1 � � )

Otherwisea job of sizex is treateds-unfairly. A schedulingpolicy P is s-fair if every job sizeis treatedis

s-fairly. OtherwiseP is s-unfair.

Notice that the de�nition of sizal fairnesshastwo parts. First, the scalingfactorusedin the metric

S(x) = E [T(x)]=x is motivatedby the growth rate of E [T(x)]. BecauseE[T(x)] = �( x) underall

work conservingschedulingpolicies[44], normalizingE[T(x)] by x providesthe appropriatemetric for

comparisonsacrossx.

Further, thecriterion 1=(1 � � ) is motivatedin two ways.First, if weconsiderPS, it is well known that

E [S(x)]P S = 1=(1 � � ) [102], independentof the job sizex, thusbecausePS is the most“f air” policy,
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Figure 3.2: Plots (a) and (c) showthe growth of E [S(x)]SRP T for � = 0:9, while (b) and (d) show
E[S(x)]SRP T when� = 0:5. In bothcasestheservicedistribution is takento beExponentialwith mean1.
Thehorizontalline showss-fair performance, thuswhenE[S(x)]SRP T is abovethis line SRPTis treating
jobsof sizex s-unfairly.

this is theappropriatebarfor sizalfairness.Justifyingtheconstant1=(1 � � ) usingPSmayseemarbitrary;

however, we have proven that 1=(1 � � ) is the lowestpossibleconstantobtainableunderany policy with

constantexpectedslowdown. Further, any policy P for which E[T(x)]P � 1=(1 � � ) for all x musthave

lim x!1 E[T(x)]P = 1=(1 � � ) [97]. Thesetheoremsare the formal veri�cation that 1=(1 � � ) is the

appropriateconstantfor de�ning sizalfairnessin a “min-max” sense(speci�cally minP maxx E[S(x)]P =

1=(1 � � )).

Givende�nition 3.2.1,it is now possibleto classifyschedulingpoliciesbasedon whetherthey (i) treat

all job sizess-fairly or (ii) treatsomejob sizess-unfairly. Curiously, we �nd that somepoliciesmay fall

into eithertype(i) or type(ii) dependingon thesystemload. We canthereforede�ne threeclassesof sizal

fairness:

De�nition 3.2.2 A schedulingpolicyP is

(i) Alwayss-Fair if it is s-fair underall loadsandall servicedistributions;

(ii) Sometimess-Fair if it is s-unfairfor someloadsandsomeservicedistributions,but s-fair underother

loadsandservicedistributions;

(iii) Alwayss-Unfair if it is s-unfairunderall loadsandall servicedistributions.

Theclassi�cationwehaveprovenfor sizalfairnessis summarizedin Figure2.3,andwork ontheclassi-

�cation of thismeasureis fairly complete.Oneaspectof thiswork, however, thatis still quiteopento study
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is the “hump” in thecurve for E [S(x)] undermany policies. Thediscovery of this “hump” (illustratedin

Figure3.2)wasfundamentalto theproof techniquesusedin [97], however thereasonfor theemergenceof

thehumpandtheexactcharacteristicsof thehumpremainpoorlyunderstood.

Thework I havecompletedonsizalfairnessis publishedin thefollowing papers:

[03] AdamWiermanandMor Harchol-Balter. “Classifyingschedulingpolicieswith respectto

unfairnessin anM/GI/1.” Proceedingsof Sigmetrics2003.

BestStudentPaper Award recipient.

[02] Mor Harchol-Balter, Karl Sigman,and Adam Wierman. “Asymptotic convergenceof

schedulingpolicieswith respectto slowdown.” PerformanceEvaluation(2002)49, 241-

256.

[02] Mor Harchol-Balter, Karl Sigman,andAdamWierman.“Understandingtheslowdown of

largejobs.” PerformanceEvaluationReview (2002)30:3,9-11.

3.2.2 Temporal fair ness

Thoughthework on theclassi�cationof sizalfairnessis relatively complete,thestudyof temporalfairness

is in a very earlystage.Temporalfairnessis anintuitive notion– jobsshouldbeservedin theorderof their

arrival, i.e. accordingto seniority. Thus,FCFSis the most fair policy with respectto temporalfairness.

However, becauseFCFSis very inef�cient whentheservicedistribution is highly variable,it is importantto

understandhow oftenef�cient policies,suchasSRPT, violateseniority.

The importanceof temporalfairnesshasbeennotedby a numberof userstudies,which point out how

frustratingit is for peopleto bebypassedwhile they queue[93, 55]. Further, therehave beena numberof

analysesof variousnotionsrelatedto temporalfairness.In [7], order fairnessis developedaxiomatically.

Orderfairnessis averystrictnotionof temporalfairnessonly applicableto non-preemptivedisciplines.The

authorsalsogeneralizethisstrictnotionof temporalfairnessby combiningit with ameasureof sizalfairness

in order to argue that the varianceof the waiting time canserve asa surrogate for a measureof overall

unfairness.In later work, the sameauthorsdevelop anotherfairnessmeasure,which explicitly combines

sizalandtemporalfairnesscalledtheResourceAllocationQueueingFairnessMeasure(RAQFM) [72]. This

measureis basedon comparing,at every epoch,theservicereceivedby a job with its “f air share”(1=N (t)

whereN (t) is the numberof jobs in the systemat epocht). Thus,RAQFM balancessizal andtemporal

fairnessin accordancewith the“f air share”thejob shouldgetwhile in thesystem.Dueto thesamplepath

natureof this measure,it hasprovendif�cult to analyzeRAQFM bothundercomplex schedulingpolicies

suchasSRPTandundernon-Markovianservicedistributions.

In ourwork,westriveto decouplesizalandtemporalfairnessnotions.Weproposeto developa tractable

measureof temporal fairnessthatcanbeappliedundergeneraljob sizedistributionsandcomplex scheduling

policies. Developingdistinctmeasuresfor sizalandtemporalfairnessis importantbecauseanapplication

mayfeelthattemporalfairnessis key, but notcareaboutproviding sizalfairness.For instance,if weconsider
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a concertselling tickets,temporalfairnesstrumpssizal fairness:we do not want to allow someonewho is

buying a largenumberof ticketsto bypasspeoplewho have campedout overnightfor tickets. This is just

oneof many exampleswherebalancingsizalandtemporalfairnessis inappropriate.

Theproposedwork on temporalfairnessis in its nascentstage.Themostimportantpartof thework on

this topic is formalizingtheideaof temporalfairnessinto amathematicalnotionthatcapturesthehigh level

ideaof servingjobs in orderof seniority, but alsois simpleenoughto allow the studyof large groupsof

schedulingpolicies. Preliminarily, themeasurethatseemsthemostrelevantandfeasibleis the following:

whatpercentageof the time a job of sizex is in serviceis spentworking on jobs thatarrived later– a job

shouldnot have to spenda largefractionof its responsetime waiting behindjobsthatarrivedlater. Notice

that the dependency of this measureon the job sizeis key because,if a job is large, andthushasa large

responsetime, it is lessbotheredby asmalljob bypassingit in thequeue;whereasif a job is small,andthus

hasa small responsetime, it is disastrousto let a large job bypassit in thequeue.Preliminarywork hints

thatthisnew measureis analyticallytractablefor awide rangeof schedulingpolicies.

Thetopicsrelatedto temporalfairnessthatI planto studyare:

� Formalizinga tractablemetricfor temporalfairness.

� Deriving aclassi�cationof temporalfairness.

3.2.3 Stream-basedfair ness

Our work on fairnesswill focuson sizalandtemporalmeasures;however, anothertypeof fairnessthathas

received signi�cant study in recentyearsis stream-basedfairness.Stream-basedfairnessis fundamental

to routerbehavior, wherethegoal is to guaranteeeach�o w throughthenetworka certainlevel of service.

Stream-basedfairnessdealswith a fundamentallydifferent settingthan most of the work in this thesis.

This thesisdealspredominantlywith singleserver systemsandstream-basedfairnesscomparesdifferent

allocationsof resourcesto �o ws in a network, andthusis only interestingin a highly distributedsetting.

However, dueto theimportanceof bandwidthsharingto routerscheduling,which we will discussin detail

in the thesis,we proposeto spendsometime surveying prior work on the most commonstream-based

fairnessmeasures.Threethatareof particularimportanceare:max-minfairness,proportionalfairness,and

weightedshares.

Max-minfairnessis the classicalsharingprinciple of datanetworks [13]. The objective of this style

of sharingis to maximizetheminimum�o w rateof thenetwork subjectto thecapacityconstraintsof the

network. Proportional fairnessis a more recentnotion of bandwidthsharingintroducedas a practical

alternative to max-minfairness[51]. Theobjective of this styleof sharingis to maximizetheoverall utility

of bandwidthallocationsundertheassumptionthatutilities arelogarithmicin therate.Weightedsharesare

usedto generalizebothmax-minandproportionalfairnessby associatinga weightedimportancewith each

�o w in the network. The useof weightshasbeenadvocatedasa way to allow usersto communicatethe

importanceof their �o wsby having theoptionto payfor betterservice[52].
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With respectto stream-basedfairness,I planto:

� Survey differentmeasuresin use.

� Contrastthe performanceof schedulingpolicieswith respectto stream-based,temporal,

andsizalfairness.

3.3 Robustnessclassi�cations

Thethird category of metricswe will studyin this thesisarerobustnessmetrics.Recallthat thesemetrics

measurethe ability of a schedulingpolicy to performwell in the faceof exceptionalbehaviors and situa-

tions. Robustnessmeasuresarevery broad,andwe will focuson threeparticulartopics: userimpatience,

predictability, andinaccuratejob sizeinformation. Our proposalfor thestudyof thesetopicsis very open

endedbecausewehaveonly recentlybegunto investigatethesemeasures.Ourhopeis thatwewill beableto

obtainsigni�cant resultsin at leastoneof theseareas,andthenmoveon to theothertopicsastimepermits.

3.3.1 Impatience

The topic of userimpatienceis receiving growing attentionin both the appliedand theoreticalresearch

communities.Measurementshave foundthatasmuchas20%of thevolumetransferredon datanetworks

mightcorrespondto abortedconnections[104, 34,6]. Thus,theinteractionbetweenschedulingpoliciesand

userimpatienceis of greatimportance.

Onefactorthathaslimited progresson impatienceis thewidevarietyof modelsof impatiencethathave

beenpresentedin theliterature.Researchershave studiedcaseswhereusersmaybecomeimpatientif they

do not begin serviceby a certaintime, if they do not completeserviceby a certaintime, or if they do not

receive a certainaverageservicerate. Further, the time a useris willing to wait could dependon the size

of the job theusersubmitsin anarbitrarily complex mannerandtheusermayor maynot have knowledge

of how muchwork is in thequeue.(See[104] for a detaileddescriptionof theseandotherformulations.)

We will considerthecasewhereuserimpatiencedependson the job size,usersdo not have knowledgeof

how muchwork is in thequeue,andusersbecomeimpatientwhentheir job doesnot completebeforesome

generallydistributedtime. Thismodelis themostappropriatefor websettingsbecausealongresponsetime

is expectedwhena large�le is requestedandusersdonothaveknowledgeof thestateof therouterandweb

serverqueues.

Anotherfactorlimiting progressis thedif�culty of thetheoreticalanalysis.Sofar, almostall work has

centeredon M/M/c/FCFSqueues[11, 31, 61, 86]. (See[26] for a thoroughsurvey of known resultsfor

FCFSqueueswith reneging.) Beyond FCFSscheduling,only a few papershave beenwritten on 2-class

priority queues,andall have beenin the M/M/1 setting[23, 26]. Further, in all casesthesepapershave

allowedonly thehigh priority customersto beimpatientandthecomplexity of theresultsobtainedprovide

only limited intuition abouthow thesystemswill perform.
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Only recentlyhaswork begunto approachthestudyof userimpatienceunderPS andSRPT-like poli-

cies. In [104] simulationtechniquesare usedto comparePS and a Weighted-Processor-Sharing(WPS)

approximationof SRPT. Thetwo arecomparedunderawide rangeof impatiencemodels,andin almostall

casessizebasedprioritization limits the work performedon abortedtransfers.Therearealsoa few theo-

reticalstudiesof PS with reneging [22, 28], themostrelevantof which is [22] whereanM/GI/1/PSqueue

with impatienceis approximatedusingtheReducedServiceRate(RSR)approximationin thecasewhere

impatienceis linearly dependenton the job size(see[3] for detailson this technique).Here,Boyer et al.

illustratethat,whencombinedwith admissioncontrol,PScaneliminatetheeffectof userimpatience.

In this thesis,we proposeto investigatetheapplicabilityof RSRandRecursive DimensionalityReduc-

tion (RDR)to theanalysisof sizebasedandremainingsizebasedschedulingpoliciesunderuserimpatience

(seeSection3.4.2and[101,42] for detailsonRDR).

Thegoalof ourstudieson impatiencewill be:

� To understandtheeffect of differentprioritization techniqueson theamountof work per-

formedonabortedtransfers

� To understandwhetherprioritizationalwayscauses“unfairness”in thesensethat low pri-

ority jobsrenegemorefrequentlythanhighpriority jobs.

3.3.2 Predictability

As wehavediscussed,userimpatienceis of particularimportancefor onlineretailersandserviceproviders.

In thesedomains,wherea competitoris just a click away, onetechniquefor preventinguserimpatienceis

to provideuserspredictableresponsetimes. Ideally, computersystemsshouldprovide identicaljobssimilar

serviceregardlessof whenthey arrive because,from a userperspective, a certainrangeof responsetimes

is expectedbasedon pastexperience.Frustrationandimpatiencewill resultif usersareforcedto wait too

muchlongerthanexpected[32]. In fact,reducingunpredictabilityin responsetimescanbemoreimportant

to usersthanreducingresponsetimes themselvesbecausewaiting much longer thanexpectedcausesfar

moreuserfrustrationthansimply waiting longeron average[105]. Further, predictabilityis a primarygoal

for serviceproviderswhengiving QoSguarantees,for which fastserviceis unacceptableunlessit is also

predictable[21]. In [99], wehave introducedthefollowing notionof predictability:

De�nition 3.3.1 A job sizex is treatedpredictablyunderservicedistributionX andload � if

Var [T(x)]=x � �E [X 2]=(1 � � )3

Otherwisea job sizex is treatedunpredictably. A schedulingpolicy P is predictableif every job sizeis

treatedpredictably. OtherwiseP is unpredictable.

The motivation for De�nition 3.3.1may not be immediatelyobvious; however we canshow that the

de�nition is mathematicallygrounded.While De�nition 3.3.1is not relatedto theperformanceof PS (as
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wasthe casewith De�nition 3.2.1for sizal fairness),it doeshave otherpropertiesthat parallelDe�nition

3.2.1:

Theorem3.3.1 Underall workconservingschedulingpoliciesP,

lim
x!1

Var [T(x)]P

x
�

�E [X 2]
(1 � � )3

lim
x!1

E[T(x)]P

x
�

1
1 � �

Further, equalityholdsfor P 2 f PSJ F; LAS ; SRPT; PLC F S; PSg.

Theorem3.3.1 illustratesthat the scalingfactorusedin the metric Var [T(x)]=x is motivatedby the

growth rateof Var [T(x)]. BecauseVar [T(x)] = �( x) for many commonpreemptiveschedulingpolicies,

andVar [T(x)] = O(x) for all work conservingschedulingpolicies,normalizingVar [T(x)] by x provides

anappropriatemetricfor comparisonsacrossx.

Further, Theorem3.3.1,motivatesthecriterion �E [X 2]=(1� � )3 in De�nition 3.3.1.Justasthecriterion

1=(1 � � ) usedin De�nition 3.2.1 hasthe propertythat lim x!1 E[T(x)]=x = 1=(1 � � ) undermany

commonpolicies, Theorem3.3.1 illustratesthat the criterion in De�nition 3.3.1 also serves as the limit

for Var [T(x)]=x undermany commonschedulingpolicies. Further, thecriterionprovesto beempirically

usefulbecauseit differentiatesbetweencontrastingVar [T(x)]=x behaviors. Speci�cally, whensizebased

policiesareunpredictableit is becauseVar [T(x)]=x hasa non-monotonic“hump” behavior – thesmallest

and largestjob sizesreceive predictableresponsetimes; however thereis somesetof large, but not the

largest,job sizesthat aretreatedunpredictably. On the otherhand,whenpoliciesbehave predictablyit is

becauseVar [T(x)]=x is monotonicallyincreasing.

UsingDe�nition 3.3.1,wecanagain introducethreeclassesof schedulingpolicies:

De�nition 3.3.2 A schedulingpolicyP is:
(i) AlwaysPredictableif P is predictableunderall loadsandservicedistributions;

(ii) SometimesPredictableif P is predictableunder someloads and servicedistributions, and unpre-

dictableunderotherloadsandservicedistributions;or

(iii) AlwaysUnpredictableif P is unpredictableunderall loadsandservicedistributions.

The main resultswe have proven usingthis de�nition of predictabilityaresummarizedin Figure3.3.

Theclassi�cationin Figure3.3is abig steptowardsunderstandingthepredictabilityof schedulingpolicies;

however thereis a slightly differentview of predictabilitythat is alsoimportantto study. De�nition 3.3.1

takestheperspectiveof auser, whohasknowledgeof thesizeof thejob beingsubmitted,but not thesystem

state. The story may be quite different from the perspective of a systemadministrator, who canprovide

an estimateof the responsetime of a job to the userusingknowledgeof the full systemstate(numberof

jobsin thesystemandtheir remainingsizes).Thissecondperspectivehasbeenstudiedin thecaseof FCFS

[94, 95] andPS [92], but hasnot beenstudiedin the realmof sizebasedpolicies. We proposeto work

towardsdevelopingaclassi�cationsimilar to Figure3.3for thissecondtypeof predictability.
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Figure3.3: Theclassi�cationof predictabilityis shownalongwith a few examplesof bothindividualpolicies
andgroupsof policieswithin each class.For more informationon thepredictabilityclassi�cationsee[99].

Thework wehavecompletedonpredictabilityis publishedin:

[05] AdamWiermanandMor Harchol-Balter. “Classifyingschedulingpolicieswith respectto

highermomentsof conditionalresponsetime.” To appearin SIGMETRICS2005.

[02] Mor Harchol-Balter, Karl Sigman,and Adam Wierman. “Asymptotic convergenceof

schedulingpolicieswith respectto slowdown.” PerformanceEvaluation(2002)49, 241-

256.

[02] Mor Harchol-Balter, Karl Sigman,andAdamWierman.“Understandingtheslowdown of

largejobs.” PerformanceEvaluationReview (2002)30:3,9-11.

Thegoalof our futurestudiesonpredictabilitywill be:

� To derive a classi�cation of predictability for the settingwherethe full systemstateis

known uponarrival.

� To contrastthetwo classi�cationsof predictability.

3.3.3 Inexact job sizeinformation

Sizebasedschedulingpolicieshave recentlybeensuggestedfor usein a varietyof moderncomputersys-

tems;however, a centralassumptionof theoreticalanalysisof thesepolicies is that job sizesareknown

exactly, andthis is not alwaysthecaseis modernsystems.For instancewhensendinga �le acrossan in-

ternet�o w, thesizeof the�le is highly correlatedwith thetransmissiontime; however thedynamicnature

of cross-traf�c prohibitsexact knowledgeof the transmissiontime. Further, at supercomputercenters,no

exactknowledgeof thetime to run user-submittedjobsis possible;however usersprovide estimatesof the

processingtimeneededwhenthey submita job.

Giventhatsystemsmayhave inexactknowledgeof job sizes;it is importantto understandhow response
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timesareaffected. In particular, what correlationbetweenthe job sizeestimateandthe real job sizesis

necessaryfor policiessuchasSRPTto provide improvementsovernon-sizebasedpoliciessuchasPS?

Onerecentpaperhasbegun to examinethis questionusingsimulation[56]. Lu et al. compareSRPT,

FSP, andPSand�nd that,in somecases,SRPTcanoutperformPSevenwhenthecorrelationcoef�cient, r ,

betweentheestimateandtruejob sizesis quitelow (0.2). We proposeto take a theoreticalapproachto this

problemandexaminehow differenttypesof sizebasedpoliciesareaffectedby inexactknowledgeof sizes.

For instance,areremainingsizebasedpoliciesmorerobust to inexact job sizeinformationthansizebased

policies?Is it possibleto boundtheeffectof inexactknowledgeonSMARTpolicies?Weproposeto examine

thesequestionsin the M/GI/1 settingwhereestimatedjob sizesarechosenfrom an arbitrarydistribution

centeredat thetruejob size.

Thegoalof ourstudieson inexactjob sizeswill be:

� To formulatea tractablemodelfor studyingtheeffectof inexactjob sizestheoretically.

� To contrasttheperformanceof sizebasedandremainingsizebasedpolicieswhenjob size

informationis inexact.

3.4 Practical generalizations

The �nal two chapterswill focuson bridging thegapbetweentheoryandpractice.ThroughChapter5 of

thethesis,themajority of thework is in thesettingof anM/GI/1. In Chapters6 and7 we will incorporate

practicalgeneralizationsof this model,anddiscusshow the theoreticalresultscanbe appliedin realistic

settings.Chapter6 will investigatethe effectsof a variety of real world phenomenathat arenot captured

in theM/GI/1 model,focusingon theeffectsof thelimitationsof realschedulers,multiserver systems,and

generalizedarrival processes.Then,Chapter7 will look at how to choosea schedulingpolicy in two real-

world casestudies:webserversandrouters.Schedulingin theseapplicationshasbeenthefocusof a large

amountof researchin recentyears,andwewill usethetoolboxof classi�cationsto evaluatetheeffectiveness

of recentsuggestionsfor improvements.

3.4.1 Schedulerlimitations

As we have discussed,real systemsplacea variety of limitations on what schedulingpoliciescanbe im-

plementeddueto lack of accurateknowledgeaboutjob sizes,overheadsassociatedwith preemptions,etc.

Theimpactof knowledgeaboutthesizeof jobshasbeenstudiedin depthby prior researchers.Theoptimal

policy for meanresponsetime in andM/GI/1 is known in a varietyof settings:whenremainingsizesare

known [76], whensizesareknown in expectation[54], whensizesareunknown [73], etc. What is not as

well understoodis the impactof usingonly a �nite numberof classeswhenapproximatingtheseoptimal

policies.For instance,whenapproximatingtheoptimalagebasedpolicy (LAS), whatis theimpactof using

only 2 classes,that is differentiatingonly betweenageslessthanandgreaterthansomecutoff, c? This
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questionhasreceivedgrowing attentionover recentyears[2]. However, theparallelquestionof how a size

based�nite classpriority systemwill relateto policiessuchasPSJF andSRPThasnot beenaddressed.

This questionis moredif�cult becausethetechniquesthathave beenappliedin thecaseof agebasedpoli-

ciesdependfundamentallyon non-sizebasedconservation laws, andthuscannotbeappliedto sizebased

policies.

We arecurrentlybeginningto study�nite classsizebasedpriority policieswith thegoalof illustrating

that the bene�ts provided by in�nite classprioritization (e.gPSJF andSRPT) arealsoprovided by only

differentiatingbetweentwo classesof job sizes. In particular, we hopeto prove that 2-classsize based

prioritization can (i) reducethe effect of job size variability on responsetimes, (ii) reducethe effect of

burstinessin the arrival processon responsetimes,(iii) stabilizeresponsetimesunderhigh load,and(iv)

reducethetail of theresponsetimedistribution.

Thework wehavecompletedonschedulinglimitationsis publishedin:

[04] Adam Wierman,Nikhil Bansal,and Mor Harchol-Balter. “A note comparingresponse

timesin theM/GI/1/FB andM/GI/1/PSQueues.” OperationsResearch Letters(2004)32:1,

73-76.

Thegoalof our futurestudiesonschedulerlimitationswill be:

� To understandtheconvergenceof m-classsizebasedprioritizationto PSJF.

� To illustratethat2-classsizebasedprioritizationcanalreadyprovide many of thebene�ts

of full prioritization.

3.4.2 Multiser ver issues

Oneimportantgeneralizationof theM/GI/1 modelis towardmultipleservers.As wehavediscussed,modern

systemsareincreasinglyusingmany, slower, cheaperserversin placeof one,fast,expensiveserver. For these

systems,prioritization is still a key schedulingtechniquethat can leadto improvementsunderef�ciency

metrics;however, strict prioritizationwill not maximallyexploit systemresources.For instance,applying

SRPTto multiserversystemswill leadto situationswhere,at theendof busyperiods,thesystemis left with

oneserveroccupiedby a largejob andtherestof theserversidle. Thus,theeffectof multipleserverson the

performanceof schedulingpolicieswith respectto ef�ciency, fairness,andreliability metricsis unclearin

thisdomain.

Thoughthenumberof papersanalyzingmultiserver systemsis vast,theanalysisof schedulingpolicies

in this realmhasproven to bea dif�cult task. Becauseof thedif�culty in analysis,complex policiessuch

asSRPThave not beenanalyzed.Instead,in orderto approximatepolicieslike SRPT, m classpreemptive

priority queueshave received a large amountof attention. Thoughtwo classpriority queueshave been

analyzedusing a numberof techniquesincluding matrix analytic methods[47, 48, 64, 24, 59, 63] and

generatingfunctionmethods[60, 38,39,36,49], only approximationshave beenusedfor m classpriority
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queues[18, 60, 64]. The reasonthat priority queueingis so dif�cult to analyzein a multiserver settingis

that jobsof differentprioritiesmaybein serviceat thesametime, thustheMarkov chainrepresentationof

themulticlass,multiserver queueappearsto requiretrackingthenumberof jobsof eachclass.Henceone

needsa Markov chainwhich is in�nite in m dimensions,wherem is thenumberof priority classes.While

theanalysisof a 1-dimensionallyin�nite Markov chainis easy, theanalysisof anm-dimensionallyin�nite

Markov chain(m > 1) is largely intractable.

We have developeda new analyticalapproachthatprovidesthe�rst near-exactanalysisof theM/PH/k

queuewith m � 2 preemptive-resumepriority classes[101, 42]. Our approach,which we refer to as

Recursive DimensionalityReduction(RDR), is very differentfrom the prior approachesdescribedabove.

RDR allows us to recursively reducethe m-dimensionallyin�nite statespace,createdby trackingthe m

priority classes,to a1-dimensionallyin�nite statespace,which is analyticallytractable.Thedimensionality

reductionis donewithout any truncation;rather, we reducethedimensionalityby introducing“busyperiod

transitions”within ourMarkov chain,for varioustypesof busyperiodscreatedby differentjob classes.The

only approximationin theRDRmethodstemsfrom thefactthatweneedto approximatethesebusyperiods

usingMarkovianPH(phase-type)distributions.We�nd thatmatchingthreemomentsof thesebusyperiods

is usuallypossibleusinga 2-phaseCoxiandistribution,andprovidessuf�cient accuracy, within oneor two

percentof simulation,for all ourexperiments.Theaccuracy of theRDRmethodcanbeincreasedarbitrarily

by betterapproximatingthebusyperiods.

Usingthisnew analysis,weareableto comparehow sizebasedschedulingperformsin multiserverand

singleserver systems.Further, we areableto studythequestionof “how many serversarebest?”That is,

whenis it better(with respectto E [T]) to usek slow serversinsteadof 1 fastserver. Intuitively, it is clear

thatusingk serverswill bebene�cialwhenthetheloadis highandtheservicedistributionis highly variable;

however, usingournew analysis,weareableto explorethequestionin considerabledepth[101,42].

Thework wehavecompletedonmultiserversystemsis publishedin:

[05] AdamWierman,TakayukiOsogami, Mor Harchol-Balter, andAlan Scheller-Wolf. “How

many serversarebestin adual-priorityFCFSsystem?”UnderSubmissionto Performance

Evaluation.

[05] TakayukiOsogami,AdamWierman,Alan Scheller-Wolf, andMor Harchol-Balter. “Anal-

ysisof M/PH/k queueswith m priority classes.” To appearin QUESTA.

[04] Takayuki Osogami, Adam Wierman,Mor Harchol-Balter, and Alan Scheller-Wolf. “A

recursiveanalysistechniquefor multi-dimensionallyin�nite Markov chains.” Performance

EvaluationReview. (2004)32:2,3-5.

3.4.3 Generalarri val processes

Recentmeasurementshave observedirregularitiesin arrival processesacrossa rangeof domainsincluding

supercomputingcenters[83], webservers[5, 6, 46], androuters[66, 30]. Theseirregularitiesaretheresult
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Figure3.4: Illustrationsof theclosed,open,andpartly-opensystemmodels.

of many complexities in theunderlyingarrival streams.In particular, time-of-dayeffects[5, 46] and�ash

crowds [5] presentenormousdif�culties for provisioning internetservices.Thus,understandinghow user

behavior andburstinessaffect theperformanceof schedulingpoliciesis animportanttask.

Understandingthe effect of burstinesson schedulingpolicies is a dif�cult task to accomplishanalyt-

ically. Outsideof analyzingMarkovian Arrival Processes(MAP) using matrix analytic techniquesand

diffusion approximations,very few arrival processeshave proven to be analyticallytractable.Onearrival

processunderwhich a wide rangeof schedulingpoliciescanbeanalyzedis thebatchPoissonmodel[87].

Thus,in orderto studytheeffectsof burstinessontheperformanceof schedulingpolicieswith respectto ef-

�ciency andfairnessmetrics,weproposeto work towardextendingtheSMARTanalysisandthesizalfairness

classi�cationto thebatchPoissonarrival model.

Burstinessis only one irregularity in arrival streams,anotherimportantphenomenonto model is the

effect of userbehavior on thearrival process.Consider, for example,a website. Userstypically arrive to a

site, requesta page,spendtime readingthepage,requestanotherpage,spendtime readingthatpage,and

soon until they leave thewebsite. Thus,thereis a dependency betweenjob completionsandjob arrivals.

Typically, webworkloadgeneratorsuseapurelyopenorapurelyclosedsystemmodel[10,85,1,91,90,89];

however the real-world effectsof theseassumptionsarenot understood.The openandclosedmodelsare

diagramedin Figure3.4.

Wehavefoundthatthesetwo systemmodelsyield signi�cantly differentresults,evenwhenbothmodels

arerunwith thesameloadandservicedemands[79]. Not only is themeasuredresponsetimeverydifferent

underthetwo systems,but thetwo systemsrespondfundamentallydifferentlyto varyingparametersandto

resourceallocation(scheduling)policies.Thoughthesimplestmodelsof openandclosedsystemshavebeen

comparedin theory[29, 53, 54, 102]; theeffect of many of thecomplexities of moderncomputersystems

(sizebasedscheduling,real job sizes,etc.) on this comparisonarenot understoodandcannotbe studied

theoretically. Speci�cally, thoughtherehasbeensomework comparingthe two systems[19, 74, 75], the

magnitudeof thedifferencesbetweenthe themis not well understood.Thus,we performimplementation

andsimulationexperimentsin orderto identify theimpactof thedifferencesbetweenthesetwo systemsin

real-world settings.Further, we comparebothsystemmodelswith a morerealisticalternative, thepartly-

openmodel(seeFigure3.4).
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Figure3.5: Resultsfor real-worldcasestudiescomparingopen,closed,andpartly-opensystems.Thereare
two rows,onefor each of the real-worldworkloads;and threecolumns,onefor each of theclosed,open,
andpartly opensystemmodels.In all experimentswith theclosedsystemmodelthemultiprogramminglevel
(MPL) is 50. Thepartly-opensystemis run at �xed load0:9. For moredetailsontheexperimentalsetupsee
[79]

A sampleof thesecomparisonareshown in Figure3.5,wherewecanseethecontrastsbetweenthethree

models.Muchof thiswork is complete;howevermany questionsof interestremainif timepermits.

Thework wehavecompletedongeneralizedarrival processesis publishedin:

[05] BiancaSchroeder, Adam Wierman,and Mor Harchol-Balter. “Closed versusopensys-

tem models:Understandingtheir impacton performanceevaluationandsystemdesign.”

(UnderSubmission.)

Our futurestudiesongeneralizedarrival processeswill focuson:

� Understandinghow sizebasedprioritizationperformsunderbatchPoissonarrivals.

� As timepermits,extendingtheSMARTandotherclassi�cationsto thebatchPoissonmodel.

3.4.4 Real-world casestudies

Thelastchapterin thebodyof thethesiswill illustratethepracticalimpactof theschedulingtoolbox. We

hopeto show that the theoreticalclassi�cationsprovide intuitive heuristicsthat areuseful in developing

schedulingpoliciesfor real-world applications.To this end,we will studyrecentresearchon scheduling

static requestsin web serversandscheduling�o ws in routers. Both of theseapplicationshave beenthe

focusof numerousrecentpaperson scheduling,andour goal is to survey this work andillustratehow our

schedulingtoolboxcanprovide theoreticalsupportfor someof theproposedapproaches.
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In thedomainof webservers,therehasbeena surgeof work studyingalternative schedulingpolicies.

Traditionalwebserver performanceis well modeledby PS scheduling;however, SRPT-like policieshave

beenshown to providemarkedimprovementsin responsetime– especiallyunderhighload[43,71,25]. The

schedulingsuggestedis notpureSRPTthough;dueto overhead,only a �nite numberof differentclassesof

remainingsizesaredistinguished[43]. Further, morerecentwork hastweakedtheschedulingpolicy further,

takinginto accountthedistanceof theuserfrom theserver [71].

In the domainof routers,therehasalsobeena growing �eld of work studyinghow bestto schedule

�o ws. Of particularinterestis work suggestingthe useof LAS in routersat the �o w level [69, 70]. This

suggestionhasmetwith someresistancehoweverdueto fearsof starvinglong �o ws,suchasvideostreams,

which requireconsistentservicerates.Hybrid versionsof LAS have beensuggestedin orderto dealwith

thisproblem[70]. UsingLAS or othersizebasedpoliciesis only onepossibleapproachhowever, andmany

otherapproachesbasedonPS[16, 17], DPS[4], andothertime-sharingvariantshavebeensuggested.

Ourgoalin thelastchapterof thethesiswill beto presenta theoreticalcomparisonof proposedalterna-

tivesfor schedulingin webserversandroutersbasedonthetoolboxof classi�cationswedevelop.Applying

thetoolboxto eachof theseapplicationswill involve threesteps.First,we will needto identify themetrics

of interest.Then,wewill studytheclassi�cationsfor thesemetricsto determinetheappropriatescheduling

heuristics.Finally, wewill giveexamplesof policiesthatobey theseheuristics.Notethat,althoughnotheo-

reticalanalysisis performedin thissection,thetheoreticalfoundationsof theclassi�cationsthemselveswill

provide guaranteesabouttheperformanceof theresultingdisciplines.We will beableto determinetheef-

fectivenessof thisprocessby contrastingthepoliciessuggestedby thetoolboxwith thepoliciesresearchers

have implementedfor eachof theseapplications.

Ourcasestudieswill include

� Surveying recentwork onschedulingin webserversandrouters.

� Contrastingrecentschedulingapproachesfor webserversandrouterswith theapproaches

suggestedby theclassi�cationsin our toolbox.

3.5 Timeline

Given the proposedoutline of the thesis,I will now presenta plan of actionfor the next yearanda half.

I understandthat, asproposed,the thesisis quite broadin scope;however, I feel that many of the topics

arequiteopenendedandthat thescopecanbecontractedastheneedarises.Thus,in this timeline I will

indicatewhichproposedareasI view asessentialto thethesisandwhichareasareopenended.

Prior to proposing

To thispoint,I havederivedclassi�cationsfor 3 metrics:meanresponsetime,sizalfairness,andpredictabil-

ity. In addition,I havemadesigni�cant progressonthestudyof Multiserversystems,andgeneralizedarrival
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processes.In addition,I have performedpreliminarycalculationsfor almostall of the remainingtopicsI

proposeto study. I feel that thework I have completedrepresentsnearlyof 70%of theresearchportionof

thethesis.

Spring and Summer2005

Thethreeareasthatarecurrentlyof primaryinterestarethefollowing: (i) generalizingtheSMARTclassi�ca-

tion to show thatSMARTpoliciesperformwell with respectto meanslowdown, overall varianceof response

time, andtail behavior of responsetime; (ii) studyingthem classM/GI/1 priority systemwith thegoalof

understandinghow prioritization basedon a �nite numberof classescomparesto prioritization basedon

anin�nite numberof classes;(iii) returningto thestudyof predictabilityin orderto studyhow predictable

responsetimesarewhenthefull systemstateis known underawide rangeof schedulingpolicies.

Fall 2005and Winter 2005-2006

I hopeto have madesigni�cant progresson the above threetopics by the end of the summerof 2005,

which will leave me the fall of 2005andthe springof 2006to attackthe questionsof temporalfairness

andschedulingunderbursty (batchPoisson)arrivals. In additionto thosetwo main questions,I hopeto

makeprogresstowardthestudyof at leastoneof therobustnessmeasuresdiscussedearlier:impatienceand

inexactpriorities.During thisperiodI will alsobeperforminganacademicjob search.

Spring and Summer2006

Finally, throughout2006 I will be spendinga large amountof time on the actualwriting of the thesis,

including the survey of schedulinganalysistechniques.In addition to writing however, I will continue

thestudyof robustnessmetrics,astime permits,andsurvey theliteratureon schedulingin webserversand

routersin orderto preparecasestudiesillustratingthepracticalapplicationof theclassi�cationsin thethesis.

I hopeto presentthethesisin thefall of 2006.
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