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Abstract

The Shortest Remaining Processing Time (SRPT)
sdcheduling policy was proven, in the 1960s,to yield the
smallestmeanresponsdime and recentlyit was proven
its performancegain over ProcessorSharing (PS) usu-
ally doesnot comeat the expenseof large jobs. How-
ever, despitethe manyadvantayes of 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 sizeinformationis inaccu-
rate We found that SRPT (and FSP) scheduling outper
forms PS as long as there exists a (rather small) amount
of correlation betweenthe estimatedob sizeand the ac-
tual job size In the work we summarizehere, we have
developedob sizeestimationtechniquesto supportthe ap-
plication of SRPTto web serverand Peerto-Peer server
sidescheduling We haveevaluatedour techniqueswith ex-
tensivesimulationstudiesand real world implementation
andmeasuement.

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-
cupany and therefore of delay time [19]. More re-
centwork has showvn that the varianceof delay time in

gueuingsystemss lower than FIFO and
LIFO [17]. Bansal,et al proved theoreticallythat the de-
gree of unfairnessunder SRPT is surprisingly small as-
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sumingan M/G/1 queuingmodelandheavy-tailedjob size
distribution [3]. Gong, et al further investigatedthe fair-
nessissuesof SRPTthroughsimulation[7] andcon rmed
the theoretical results regarding the asymptotic corver-
genceof schedulingpoliciesfor slovdown [10].

Recently SRPT [3, 9, 7] has receved much atten-
tion in the context of connectionschedulingin web
seners. Harchol-Balter et al prototypedSRPT schedul-
ing on Apacheweb sener and their evaluation shoved
the superiorityof SRPTover PS[9] in termsof meanre-
sponsetime. To further improve the fairnessof SRPT
schedulingFriedmanget al proposedhe Fair SojournPro-
tocol (FSP)that combinesSRPTwith PSto tradeoff fair-
nesswith performance[5]. They concludedthat FSP is
both efcient in a strong sense(similar to SRPT), and
fair, in the senseof guaranteeinghat it weakly outper
forms processosharing(PS)for every job on ary sample
path.

All of thepreviousresearcton size-basedchedulingas-
sumesaccuratea priori knowledgeof job sizes,which is
not obtainablein mary casesOur recentwork [14] stud-
ied the performanceof SRPTandFSPwhenonly inaccu-
ratejob sizeinformationare available.We found that both
SRPTandFSPoutperformPSprovided a reasonablygood
job sizeestimatoiis available.In particulay theperformance
of SRPTincreasessthe correlationbetweenthe job size
estimatesandthe actualjob sizesincreaseslf the correla-
tion is too low, PSoutperformshoth.

In this paperwe summarizeour work in applyingSRPT
schedulingwith inaccuratejob size information to web
senerandthesenersideof peerto-peer(P2P)systemsWe
have developedvery accuratgob size estimatorsfor both
domains,making SRPTapplicable Furtherreportson our
work areavailableelsavhere[14, 13, 18] or undersubmis-
sion.

2. Webserwer scheduling

ThecommonassumptiorwhenapplyingSRPTschedul-
ing to web senersis thatthe sizeof the le to besenedis
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Figure 1. File size versus service time.

agoodestimateof theservicetime of therequestOurmea-
surementsuggesthatthis is not the case put we have de-

velopedanew job sizeestimatotthatis sufciently accurate
to presere muchof SRPTS performance.

2.1. Is le sizea goodestimator of serice time?

Size-base@RPTschedulingappearedh digital commu-
nicationnetworksresearchin 1983[4]. In this context, the
servicetime wastakento be equalto thetransmissioriime
of amessageyhichis proportionako thelengthof themes-
sagestoredin the nodebuffers. A websener servingstatic
requestsappearssuper cially similar in that it transmits

les to the client. However, thereare differencesFirst, in
thedigital communicatiometwork context, thework repre-
sentedby theservicetimeis pushingthebits of themessage
ontothewire, while for thewebsener context, thework in-
volves end-to-endcooperationalong an entire sharedhet-
erogeneoupath. Although mosttransfersare likely to be
dominatecdby the bottleneckbandwidthin the pathandthe
lateng of the path,thereare multiple possiblebottlenecks
alongthe pathandthey canvary with time dueto paclet
lossesand congestion.Second,the disk(s), memory sys-
tem(s),andCPU(s)of thewebsenerandtheclientarealso
potentialbottlenecks Thesecomplexities suggesthat the
servicetime of a requestmay not be proportionalor even
well correlatedwith the sizeof the le it senes.

We usethe correlationcoefcient betweenle sizeand
servicetime (thecommonlyusedPiersons ) [1] to decide
ontheeffectivenesof the estimator

We modi ed Apacheslog modulesothatit recordsthe
responsdime eachrequestwith microsecondgranularity
When deployed, we measurethe load conditionson the
disk, network, and CPU. If theseresourceshave zero or
nearzeroload,thenour responsd¢ime measuremens also
ameasuremerdf the servicetime.
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Figure 2. depends on le size.

We deployed the module on our department-teel web
siteandvalidatedthatthe load wasnearzero.We collected
datafrom Septembel5, 2003to October19, 2003. This
trace includesapproximatelyl.5 million HTTP requests,
amongwhich lessthan2% aredynamicPHPrequestghat
collectively took less than 1% of the total servicetime
recorded. % of our requestsand % of the ser
vice time in the tracearefor static pagesHence,our web
severis dominateday staticweb content.Othersclaim that
staticcontentdominatesvebtrafc [11, 9] andthusourre-
sultsarecomparabléo theirs. Therequest®riginatedfrom
110%/8" IP networks, 7220/16” IP networks and 31250
“24” IP networksspreadbvertheworld. We claim thatthis
sener is typical. However, our conclusionsare also sup-
portedby othermeasuredracesandgeneratedraces.

Giventhe provenanceof thetrace,we cannow useit to
answerour questionFigurelis alog-log scattemplot of le
size versusservicetime. Visually, we can seehardly ary
correlationbetween le size and servicetime. File trans-
fer timesvary over several ordersof magnitudewith same
le size.Overtheentire 1.5million requestsn thetrace we
nd that is averyweak0.14. variesslightly with le
size,ascanbeseenin Figure?2.

2.2. Domain-basedselvice time estimator

Giventhatrequestle sizeandservicetime areweakly
correlatedandthatthe performancef size-basedchedul-
ing policiesarestronglydependentnthedegreeof thiscor-
relation[14], a naturalquestionis whetherthereis a better
servicetime (job size) estimatorthan le size,onewhose
estimatesare more strongly correlatedwith actualservice
time. Suchan estimatormust also be lightweight, requir
ing little work perrequest.

Our domain-baseé@stimatorelieson the Internetbeing
statistically stableover periodsof time, particularly from
the point of view of the web sener. Fortunately thereis
signi cant evidencethatthis is the case. Previous research
shaved that the Internet not only shows routing stabil-
ity [16], but also spatiallocality and temporallocality in
end-to-endrCPthroughpuf2, 15, 12].

Although the Internet,web seners, and clients form a
highly dynamicsystemthis stability suggestshatprevious
web requestgthe web sener's accesdog) are a rich his-
tory which canbe usedto betterestimatethe servicetime
of anew requestWe assumeéhatafter processing request



we know (1) its le size,(2) the actualservicetime, and
(3) the IP addresof the client. Collectingthis information
is simpleandef cient. We usea history of suchrequests,
combinedwith the le sizeandIP addres®f thecurrentre-
guestto determineghelik ely servicetime of the currentre-
guest,with the goal of achiering a higher correlationbe-
tweenthe estimatedervicetime andtheactualservicetime
thatis higherthanthe correlationbetweenle sizeandac-
tual servicetime. The correlation mustexceeda thresh-
old in orderfor SRPTto performbetterthanPS,andas
increasesthe performancef SRPTincreases.

Consideladomain aneighborhoodh thenetwork topol-
ogy. The broaduseof Classlessnterr-DomainRouting [6]
(CIDR) implies that routesfrom machinesin the domain
to a sener outsidethe domainwill sharemary hops.Sim-
ilarly, the routesfrom the sener to differentmachinesin
the domainwill alsohave considerableoverlap. This also
meansthatthe routeswill belikely to sharethe samebot-
tlenecknetwork link andthereforehave similar throughput
to/fromthe sener. Smallerdomainshave moresharing.

Theaggreyationof CIDR is alongahierarchyof increas-
ingly larger networks andis re ected in IP addressesThe
rst  bits of anIP addresgivesthe network of which the
addresss a part, the rst bits give the broademet-
work that containsthe rst network, andso on. We exploit
this hierarchyin domain-basedchedulingthealgorithmof
whichis givenbelow.

1 Usethehighorder bitsof theclientIP addresgo classify
theclientsinto  domainswherethe bits aretreatedas
thedomainaddress.

2 Aggregatepastrequestdo estimatethe servicerate (or
representatie bandwidth)for eachdomain.This canbe
donewith severalestimatorsput our experimentsshawv that
theestimator — performsthebest.Here  isthe
representate servicerate, isthesumof therequested
le sizesfromthedomain,and isthesumof theservice
timesfor theserequestsNoticethatupdatingthis estimate
afterarequesthasbeenprocessedk trivial: simply addthe
requesst le sizeandservicetimeto and
respectiely (two readsfwo adds two writes).For each
domainwestore and . An arrayof thesepairsis kept,
indexed by thedomainaddressThetotal statesizeis
oating pointnumbers.

3 For eachincomingclientrequestthewebsener rst
extractsthedomainaddressindexesthearrayandcomputes

for thedomain.It thenestimatesherequest service
timeas —,where istherequestle size.
Theestimatorrequiresalogical shift, two readsa division,
andamultiply. For arequesfrom a heretoforeunobsered
domain,which occursexactly onceperdomain,we simply
use le sizeastheestimate.

4 Apply asize-basedchedulingpolicy suchasSRPTusing
theestimatedservicetimes.

As we might expect, as domainsbecomesmaller (
getslarger), predictve performancancreasesat the cost
of memoryto storethe state SRPToutperformsPSsigni -
cantlywith thesupportof thedomain-basedervicetime es-

Statistics Service Sened Requested
Time ChunkSize ChunkSize
ServiceTime 1.0000 0.7023 0.2833
SenedChunkSize 0.7023 1.0000 0.2339
Requeste€hunkSize  0.2833 0.2339 1.0000
Figure 3. Correlation coefcients between

service time, served chunk size and re-
quested chunk size.

timator. A detailedperformancevaluationcanbefoundin
ourtechnicalreport[13].

3. P2Pserver sidescheduling

In the context of peerto-peer le sharing,researchef-
forts have focusedon routing, searchjncentves,anda few
othertopics.However, asfar aswe areaware,our ongoing
work [18] is alonein looking at the sener side scheduling
problem.The goal of this work is to scheduledownloadre-
guestsat the sener sideof P2Psystemsso asto minimize
theaverageresponséime experiencedy P2Pusers.

3.1. Job sizesin a P2Pseer

We studied the workload of P2P seners and com-
paredseveralalternatve schedulingpoliciesfor sener side
schedulingTo do so, we collecteda large setof objectre-
questtracesfrom Gnutella, one of the most popularP2P
le-sharing networks.

Interestinglyfor P2Pschedulingtherearefour different
possiblede nitions for job size:full objectsize requested
data chunk size serveddata chunksize and job service
time While the full objectsizeis usuallyvery large, most
requestediatachunksaresmall,coveringonly asmallfrac-
tion of the whole object. More importantly thereis usu-
ally alsoasigni cant differencebetweertherequestediata
chunksizeandthe actualsened datachunksize.Figure 3
shaws clearly that thereis somedegreeof correlationbe-
tweenservicetime andrequestediatachunksize.The cor-
relationbetweersenedchunksizeandservicetime is even
strongeybut neithercanbe known until thejob nishes.

3.2. Preliminary results

Sincea typical P2P download requestis for a speci ¢
chunk of the whole object, we could use the requested
chunksizeasa roughestimateof servicetime, andasthe
metricfor SRPTschedulingThemuchstrongercorrelation
betweensened chunksize and servicetime, on the other
hand,indicatesthat sened chunksize canbe a betteresti-
matefor servicetime.

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

ing metric. For comparisonpurposeswe also studiedthe
schedulingperformancéor ideal SRPT Thethreeschedul-
ing policiesaredenotecasSRPTCS,SRPTSS,andSRPT
respectiely. Notice that SRPTCS can be directly imple-
mentedvith currenttools while SPR-SSwouldrequirean
accurateestimator The performanceof First-Come-First-
Sene (FCFS)andProcesseSharing(PS)schedulingpoli-
ciesarealsostudied.

Figure 4 gives the mean responsetime of the ve
schedulingpolicieshandlingall requestdor a P2Psener,
with the varying systemload. The advantagesf the three
SRPThasedoliciesoverPSandFCFSareclear, especially
whenthe load is closeto or above 1. This regime is im-
portantbecausgrevious work hasshavn that P2Pseners
often becomeoverloaded[8]. Even with only weak cor
relation betweenrequestedchunk size and servicetime,
SRPTCS still givesus a muchshorterresponsdime than
FCFSor PS.This sugestsdeployingSRPTCSwould sig-
ni cantly improve the user experienceof Gnutella and
tools like it. The gapsbetweenSRPTCS, SRPTSS, and
ideal SRPTreveal that thereis opportunityto further im-
prove performanceby developing accuratepredictorsof
senedchunksizeor servicetime.

4. Conclusionsand futur e work

We have applied SRPT schedulingwith estimatedjob
sizesin websener schedulingandP2Psener sideschedul-
ing. For web sener scheduling,we found that le sizeis
not a good estimatorfor its servicetime and developed
a domain-basedservice time estimatorthat dramatically
enhanceghe performanceof SRPT scheduling.For P2P
sener sideschedulingwe have demonstratethe utility of

using SRPTwith a very simple estimatorandwe are cur-
rently working on moresophisticate@stimators.
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