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Abstract

The Shortest Remaining Processing Time (SRPT)
schedulingpolicy was proven, in the 1960s,to yield the
smallestmeanresponsetime, and recentlyit was proven
its performancegain over ProcessorSharing (PS) usu-
ally does not come at the expenseof large jobs. How-
ever, despitethe manyadvantagesof SRPTscheduling, it
is not widely applied.One important reasonfor the spo-
radic application of SRPT scheduling is that accurate
job size information is often unavailable. Our previ-
ous work addressedthe performanceand fairnessissues
of SRPTschedulingwhenjob sizeinformation is inaccu-
rate. We found that SRPT(and FSP) scheduling outper-
forms PS as long as there exists a (rather small) amount
of correlation betweenthe estimatedjob sizeand the ac-
tual job size. In the work we summarizehere, we have
developedjob sizeestimationtechniquesto supporttheap-
plication of SRPTto web serverand Peer-to-Peer server
sidescheduling. We haveevaluatedour techniqueswith ex-
tensivesimulationstudiesand real world implementation
andmeasurement.

1. Intr oduction

The Shortest Remaining Processing Time (SRPT)
schedulingpolicy is extremely promising becauseeven
in a generalqueuingsystem(G/G/1), it is provably op-
timal, leading to smallest possible mean value of oc-
cupancy and therefore of delay time [19]. More re-
cent work has shown that the varianceof delay time in
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queuingsystemsis lower thanFIFO and
LIFO [17]. Bansal,et al proved theoreticallythat the de-
gree of unfairnessunder SRPT is surprisingly small as-
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suminganM/G/1 queuingmodelandheavy-tailedjob size
distribution [3]. Gong, et al further investigatedthe fair-
nessissuesof SRPTthroughsimulation[7] andcon�rmed
the theoretical results regarding the asymptotic conver-
genceof schedulingpoliciesfor slowdown [10].

Recently, SRPT [3, 9, 7] has received much atten-
tion in the context of connection scheduling in web
servers. Harchol-Balter, et al prototypedSRPT schedul-
ing on Apache web server and their evaluation showed
the superiorityof SRPTover PS[9] in termsof meanre-
sponsetime. To further improve the fairnessof SRPT
scheduling,Friedman,et al proposedtheFair SojournPro-
tocol (FSP)that combinesSRPTwith PSto tradeoff fair-
nesswith performance[5]. They concludedthat FSP is
both ef�cient in a strong sense(similar to SRPT), and
fair, in the senseof guaranteeingthat it weakly outper-
forms processorsharing(PS)for every job on any sample
path.

All of thepreviousresearchonsize-basedschedulingas-
sumesaccuratea priori knowledgeof job sizes,which is
not obtainablein many cases.Our recentwork [14] stud-
ied the performanceof SRPTandFSPwhenonly inaccu-
ratejob sizeinformationareavailable.We foundthatboth
SRPTandFSPoutperformPSprovideda reasonablygood
jobsizeestimatoris available.In particular, theperformance
of SRPTincreasesasthe correlationbetweenthe job size
estimatesandthe actualjob sizesincreases.If thecorrela-
tion is too low, PSoutperformsboth.

In thispaper, wesummarizeourwork in applyingSRPT
schedulingwith inaccuratejob size information to web
serverandtheserversideof peer-to-peer(P2P)systems.We
have developedvery accuratejob sizeestimatorsfor both
domains,makingSRPTapplicable.Furtherreportson our
work areavailableelsewhere[14, 13, 18] or undersubmis-
sion.

2. Webserver scheduling

ThecommonassumptionwhenapplyingSRPTschedul-
ing to webserversis that thesizeof the �le to beservedis



Figure 1. File size versus service time .

agoodestimateof theservicetimeof therequest.Ourmea-
surementssuggestthat this is not thecase,but we have de-
velopedanew job sizeestimatorthatis suf�ciently accurate
to preservemuchof SRPT'sperformance.

2.1. Is �le sizea goodestimator of service time?

Size-basedSRPTschedulingappearedin digital commu-
nicationnetworksresearchin 1983[4]. In this context, the
servicetime wastakento beequalto thetransmissiontime
of amessage,whichis proportionalto thelengthof themes-
sagestoredin thenodebuffers.A webserver servingstatic
requestsappearssuper�cially similar in that it transmits
�les to the client. However, therearedifferences.First, in
thedigital communicationnetwork context, thework repre-
sentedby theservicetimeis pushingthebitsof themessage
ontothewire,while for thewebservercontext, thework in-
volvesend-to-endcooperationalongan entiresharedhet-
erogeneouspath.Although most transfersare likely to be
dominatedby thebottleneckbandwidthin thepathandthe
latency of thepath,therearemultiple possiblebottlenecks
alongthe pathand they canvary with time due to packet
lossesand congestion.Second,the disk(s), memory sys-
tem(s),andCPU(s)of thewebserverandtheclientarealso
potentialbottlenecks.Thesecomplexities suggestthat the
servicetime of a requestmay not be proportionalor even
well correlatedwith thesizeof the�le it serves.

We usethecorrelationcoef�cient between�le sizeand
servicetime(thecommonlyusedPierson's � ) [1] to decide
on theeffectivenessof theestimator.

We modi�ed Apache's log modulesothat it recordsthe
responsetime eachrequestwith microsecondgranularity.
When deployed, we measurethe load conditionson the
disk, network, and CPU. If theseresourceshave zero or
near-zeroload,thenour responsetime measurementis also
ameasurementof theservicetime.
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Figure 2. � depends on �le size.

We deployed the moduleon our department-level web
siteandvalidatedthattheloadwasnearzero.We collected
datafrom September15, 2003 to October19, 2003.This
trace includesapproximately1.5 million HTTP requests,
amongwhich lessthan2% aredynamicPHPrequeststhat
collectively took less than 1% of the total service time
recorded.����� % of our requestsand ����� % of the ser-
vice time in the tracearefor staticpages.Hence,our web
sever is dominatedby staticwebcontent.Othersclaim that
staticcontentdominateswebtraf�c [11, 9] andthusour re-
sultsarecomparableto theirs.Therequestsoriginatedfrom
110 “/8” IP networks, 7220“/16” IP networks and31250
“/24” IP networksspreadover theworld. Weclaimthatthis
server is typical. However, our conclusionsare also sup-
portedby othermeasuredtracesandgeneratedtraces.

Giventheprovenanceof thetrace,we cannow useit to
answerourquestion.Figure1 is alog-logscatterplot of �le
size versusservicetime. Visually, we can seehardly any
correlationbetween�le size and servicetime. File trans-
fer timesvary over severalordersof magnitudewith same
�le size.Overtheentire1.5million requestsin thetrace, we
�nd that � is a very weak0.14. � variesslightly with �le
size,ascanbeseenin Figure2.

2.2. Domain-basedservice time estimator

Given that request�le sizeandservicetime areweakly
correlated,andthattheperformanceof size-basedschedul-
ingpoliciesarestronglydependentonthedegreeof thiscor-
relation[14], a naturalquestionis whetherthereis a better
servicetime (job size)estimatorthan�le size,onewhose
estimatesaremorestronglycorrelatedwith actualservice
time. Suchan estimatormust also be lightweight, requir-
ing little work perrequest.

Our domain-basedestimatorrelieson theInternetbeing
statisticallystableover periodsof time, particularly from
the point of view of the web server. Fortunately, thereis
signi�cant evidencethat this is thecase.Previous research
showed that the Internet not only shows routing stabil-
ity [16], but also spatial locality and temporallocality in
end-to-endTCPthroughput[2, 15, 12].

Although the Internet,web servers,and clients form a
highly dynamicsystem,thisstabilitysuggeststhatprevious
web requests(the web server's accesslog) area rich his-
tory which canbe usedto betterestimatethe servicetime
of a new request.We assumethatafterprocessinga request



we know (1) its �le size, (2) the actualservicetime, and
(3) theIP addressof theclient. Collectingthis information
is simpleandef�cient. We usea history of suchrequests,
combinedwith the�le sizeandIP addressof thecurrentre-
questto determinethelikely servicetime of thecurrentre-
quest,with the goal of achieving a higher correlationbe-
tweentheestimatedservicetimeandtheactualservicetime
that is higherthanthecorrelationbetween�le sizeandac-
tual servicetime. The correlation� mustexceeda thresh-
old in orderfor SRPTto performbetterthanPS,andas �

increases,theperformanceof SRPTincreases.
Consideradomain, aneighborhoodin thenetwork topol-

ogy. The broaduseof ClasslessInter-DomainRouting[6]
(CIDR) implies that routesfrom machinesin the domain
to a server outsidethedomainwill sharemany hops.Sim-
ilarly, the routesfrom the server to different machinesin
the domainwill alsohave considerableoverlap.This also
meansthat the routeswill be likely to sharethe samebot-
tlenecknetwork link andthereforehave similar throughput
to/fromtheserver. Smallerdomainshavemoresharing.

Theaggregationof CIDR is alongahierarchyof increas-
ingly larger networksandis re�ected in IP addresses.The
�rst � bits of anIP addressgivesthenetwork of which the
addressis a part, the �rst ����� bits give the broadernet-
work thatcontainsthe �rst network, andsoon.We exploit
thishierarchyin domain-basedscheduling,thealgorithmof
which is givenbelow.

1 Usethehigh order � bits of theclient IP addressto classify
theclientsinto �	� domains,wherethe � bits aretreatedas
thedomainaddress.

2 Aggregatepastrequeststo estimatetheservicerate(or
representative bandwidth)for eachdomain.This canbe
donewith severalestimators,but ourexperimentsshow that
theestimator
���
����

��� performsthebest.Here 
�� is the
representative servicerate, ��� is thesumof therequested
�le sizesfrom thedomain,and 
�� is thesumof theservice
timesfor theserequests.Noticethatupdatingthis estimate
aftera requesthasbeenprocessedis trivial: simplyaddthe
request's �le sizeandservicetime to ��� and 
�� ,
respectively (two reads,two adds,two writes).For each
domain,we store ��� and 
�� . An arrayof thesepairsis kept,
indexedby thedomainaddress.Thetotal statesizeis �������

�oating pointnumbers.
3 For eachincomingclient request,thewebserver �rst

extractsthedomainaddress,indexesthearrayandcomputes
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for thedomain.It thenestimatestherequest's service
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� is therequest�le size.

Theestimatorrequiresa logical shift, two reads,a division,
anda multiply. For a requestfrom a heretoforeunobserved
domain,whichoccursexactlyonceperdomain,we simply
use�le sizeastheestimate.

4 Apply a size-basedschedulingpolicy suchasSRPTusing
theestimatedservicetimes.

As we might expect, as domainsbecomesmaller ( �

gets larger), predictive performanceincreases,at the cost
of memoryto storethestate.SRPToutperformsPSsigni�-
cantlywith thesupportof thedomain-basedservicetimees-

Statistics Service Served Requested
Time ChunkSize ChunkSize

ServiceTime 1.0000 0.7023 0.2833
ServedChunkSize 0.7023 1.0000 0.2339

RequestedChunkSize 0.2833 0.2339 1.0000

Figure 3. Correlation coef�cients between
service time , served chunk size and re-
quested chunk size.

timator. A detailedperformanceevaluationcanbefoundin
our technicalreport[13].

3. P2Pserver sidescheduling

In the context of peer-to-peer�le sharing,researchef-
forts have focusedon routing,search,incentives,anda few
othertopics.However, asfar aswe areaware,our ongoing
work [18] is alonein looking at theserver sidescheduling
problem.Thegoalof this work is to scheduledownloadre-
questsat theserver sideof P2Psystemssoasto minimize
theaverageresponsetime experiencedby P2Pusers.

3.1. Job sizesin a P2Pserver

We studied the workload of P2P servers and com-
paredseveralalternative schedulingpoliciesfor server side
scheduling.To do so,we collecteda largesetof objectre-
questtracesfrom Gnutella,one of the most popularP2P
�le-sharing networks.

Interestingly, for P2Pscheduling,therearefour different
possiblede�nitions for job size:full objectsize, requested
data chunk size, serveddata chunk size, and job service
time. While the full objectsizeis usuallyvery large,most
requesteddatachunksaresmall,coveringonly asmallfrac-
tion of the whole object.More importantly, thereis usu-
ally alsoasigni�cant differencebetweentherequesteddata
chunksizeandtheactualserveddatachunksize.Figure3
shows clearly that thereis somedegreeof correlationbe-
tweenservicetime andrequesteddatachunksize.Thecor-
relationbetweenservedchunksizeandservicetime is even
stronger, but neithercanbeknown until thejob �nishes.

3.2. Preliminary results

Sincea typical P2Pdownload requestis for a speci�c
chunk of the whole object, we could use the requested
chunksizeasa roughestimateof servicetime, andasthe
metricfor SRPTscheduling.Themuchstrongercorrelation
betweenserved chunksizeandservicetime, on the other
hand,indicatesthat servedchunksizecanbe a betteresti-
matefor servicetime.

We exploredhow SRPTperformswhenusingrequested
chunksize(CS)andservedchunksize(SS)astheschedul-
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Figure 4. Mean Response time for diff erent
scheduling policies under varying load.

ing metric. For comparisonpurposes,we also studiedthe
schedulingperformancefor idealSRPT. Thethreeschedul-
ing policiesaredenotedasSRPT-CS,SRPT-SS,andSRPT,
respectively. Notice that SRPT-CS can be directly imple-
mentedwith currenttools, while SPRT-SSwouldrequirean
accurateestimator. The performanceof First-Come-First-
Serve (FCFS)andProcessor-Sharing(PS)schedulingpoli-
ciesarealsostudied.

Figure 4 gives the mean responsetime of the � ve
schedulingpolicieshandlingall requestsfor a P2Pserver,
with the varying systemload.The advantagesof the three
SRPT-basedpoliciesoverPSandFCFSareclear, especially
when the load is closeto or above 1. This regime is im-
portantbecausepreviouswork hasshown thatP2Pservers
often becomeoverloaded[8]. Even with only weak cor-
relation betweenrequestedchunk size and service time,
SRPT-CS still givesus a muchshorterresponsetime than
FCFSor PS.This suggestsdeployingSRPT-CSwould sig-
ni�cantly improve the user experienceof Gnutella and
tools like it. The gapsbetweenSRPT-CS, SRPT-SS, and
ideal SRPTreveal that thereis opportunityto further im-
prove performanceby developing accuratepredictorsof
servedchunksizeor servicetime.

4. Conclusionsand futur e work

We have appliedSRPTschedulingwith estimatedjob
sizesin webserverschedulingandP2Pserversideschedul-
ing. For web server scheduling,we found that �le size is
not a good estimatorfor its servicetime and developed
a domain-basedservice time estimatorthat dramatically
enhancesthe performanceof SRPT scheduling.For P2P
server sidescheduling,we have demonstratedtheutility of

usingSRPTwith a very simpleestimatorandwe arecur-
rentlyworking onmoresophisticatedestimators.
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