TCPNice: A Mechanisnfor Backgroundlransfers

Arun Venkataramani Ravi Kokku Mike Dahlin

Laboratoryof AdvancedSystemdResearch
Departmentf ComputerSciences
Universityof Texasat Austin, Austin, TX 78712

arun,rkoku, dahlin @cs.uteas.edu

Abstract

Many distributed applicationscan make use of large
badkgroundtransfes  transfersof datathat humans
arenotwaitingfor  to improve availability, reliability,
lateng/ or consisteng. However, giventhe rapid uc-
tuationsof available network bandwidthand changing
resourceostsdueto technologytrends handtuningthe
aggressienes®of backgroundransfergisks(1) compli-
cating applications(2) beingtoo aggressie andinter-
fering with otherapplications,and (3) beingtoo timid
and not gaining the bene ts of backgroundtransfers.
Our goalis for the operatingsystemto managenetwork
resource orderto provideasimpleabstractiorof near
zero-cosbackgroundransfers.Our system,TCP Nice,
can provably boundthe interferencein icted by back-
ground o wsonforeground o wsin arestrictechetwork
model. And our microbenchmarkandcasestudyappli-
cationssuggestthat in practiceit interfereslittle with
foreground o ws, reapsa large fraction of sparenet-
work bandwidth.andsimpli es applicationconstruction
anddeployment. For example,in our prefetchingcase
study application,aggressie prefetchingimprovesde-
mandperformanceby a factorof threewhenNice man-
agesresourceshut the sameprefetchinghurtsdemand
performanceby a factorof six understandardhetwork
congestiorcontrol.

1 Intr oduction

Many distributed applicationscan make use of large
badkgroundtransfes transferof datathathumansare
notwaitingfor to improve servicequality. For exam-
ple, a broadrangeof applicationsand servicessuchas
databackup[29], prefetching[50], enterprisedatadis-
tribution[20], Internetcontentdistribution [2], andpeer
to-peerstorage[16, 43] can trade increasednetwork
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bandwidthconsumptiorandpossiblydisk spaceor im-
provedservicelateng [15, 18, 26, 32, 38, 50], improved
availability [11, 53], increasedscalability[2], stronger
consisteng [53], or supportfor mobility [28, 41, 47].
Many of theseserviceshave potentiallyunlimitedband-
width demandswhere incrementallymore bandwidth
consumptiorprovidesincrementallybetterservice. For
example,a web prefetchingsystemcanimprove its hit
rate by fetching objectsfrom a virtually unlimited col-
lection of objectsthat have non-zeroprobability of ac-
cess[8, 10] or by updating cachedcopies more fre-
guentlyasdatachangg[13, 50, 48]; Technologytrends
suggestthat “wasting” bandwidth and storageto im-
prove lateny andavailability will becomeincreasingly
attractve in the future: perbyte network transportcosts
anddisk storagecostsare low and have beenimprov-
ing at 80-100%per year[9, 17, 37]; corversely net-
work availability [11, 40, 54] andnetwork latenciesm-
prove slowly, andlong latenciesandfailureswastehu-
mantime.

Currentoperatingsystemsandnetworks do not provide
good supportfor aggressie backgroundtransfers. In
particular becausebackgroundrransferscompetewith
foregroundrequeststhey canhurt overall performance
andavailability by increasingnetwork congestion.Ap-
plicationsmustthereforecarefully balancethe bene ts
of backgroundtransfersagainstthe risk of both self-
interference whereapplicationshurt their own perfor
mance,and cross-interfeence whereapplicationshurt
otherapplications'performance Often, applicationsat-
temptto achieve this balanceby setting“magic num-
bers” (e.g., the prefetchthresholdin prefetchingalgo-
rithms[18, 26]) that have little obvious relationshipto
systemgoals(e.g.,availability or lateng) or constraints
(e.g.,currentsparenetwork bandwidth).

Our goal is for the operatingsystemto managenet-
work resourcesn order to provide a simple abstrac-
tion of zero-costbackgroundtransfers. A self-tuning
backgroundransportlayer will enablenew classesof
applicationsby (1) simplifying applications,(2) reduc-
ing the risk of being too aggressie, and (3) making



it easierto reapa large fraction of sparebandwidthto
gaintheadvantage®f backgroundransfers Self-tuning
resourcemanagemenseemsessentialfor coping with
network conditionsthat changesigni cantly over peri-
ods of secondge.g.,changingcongestion54]), hours
(e.g., diurnal patterns),and months (e.g., technology
trends[9, 37]). We focus on managingnetwork re-
sourcegatherthanprocessorsjisks,andmemoryboth
becauseother work has provided suitable end-station
schedulergor theselocal resource$10, 24, 33, 39, 45|
and becausenetworks are sharedacrossapplications,
usersandorganizationgndthereforgposethemostcrit-
ical resourcananagementhallengeo aggressie back-
groundtransfers.

Our system, TCP Nice, dramaticallyreduceghe inter-

ferencein icted by background o ws on foreground
ows. It doesso by modifying TCP congestioncon-
trol to be more sensitve to congestiorthan traditional
protocolssuchas TCP Reno[30] or TCP Vegas[7] by

detectingcongestiorearlier, reactingto it moreaggres-
sively, and allowing much smaller effective minimum

congestiorwindows. Although eachof thesechangess

simple,thecombinationis carefullyconstructedo prov-

ablyboundtheinterferenceof backgroundo wsonfore-

ground o wswhile still achieving reasonabléhroughput
in practice. Our Linux implementationof Nice allows

sendergo selectNice or standardrenocongestiorcon-

trol on aconnection-by-connectithasis andit requires
no modi cationsattherecever.

Our goalsareto minimize damageto foreground o ws
while reapinga signi cant fraction of available spare
network capacity We evaluateNice againsthesegoals
using theory microbenchmarksand application case
studies.

Becauseur rst goalis to avoid interferenceegardless
of network conditionsor applicationaggressienesspur
protocolmustreston a soundtheoreticabasis.In Sec-
tion 3, we arguethatour protocolis alwayslessaggres-
sive than Reno, and we prove undera simpli ed net-
work modelthatNice o ws interferewith Reno o ws'
bandwidthby a factorthat falls exponentiallywith the
sizeof the buffer atthe bottleneckrouterindependenof
the numberof Nice o wsin the network. Our analysis
shows thatall threefeaturesdescribedabore areessen-
tial for boundinginterference.

Our microbenchmarksompriseboth ns [36] simula-
tions to stresstest the protocol and Internet measure-
mentsto examinethe systems$ behaior underrealistic
conditions.Our simulationresultsin Section4 indicate
that Nice avoids interferingwith Renoor Vegas o ws
acrossa wide rangeof backgroundtransferloadsand
sparenetwork capacitysituations. For example,in one
microbenchmarkl6 Nice backgroundo ws slow down

theaveragedemanddocumentransfertime by lessthan
10%andreapover 70%of thesparenetwork bandwidth.
But in the samesituation, 16 backloggedReno(or Ve-
gas) o ws slow demandequestdy morethananorder
of magnitude.

Our Internet microbenchmarksn Section5 measure
the performanceof simultaneougoregroundand back-
groundtransfersacrossa variety of Internetlinks. We
nd that background o ws causelittle interferenceto
foregroundtraf c: theforeground o ws' averagdatengy
and bandwidthare little changedbetweenwhen fore-
ground o ws competewith backgroundo ws andwhen
they do not. Furthermorewe nd thatthereis suf-
cientsparecapacitythat backgroundo ws reapsigni -
cantamountsof bandwidththroughouthe day. For ex-
ample,during mosthoursNice o ws betweenlLondon
Englandand Austin Texas averagedmorethan 80% of
thebandwidthachievedby Reno o ws; duringtheworst
hourobsenedthey still sav morethan30%of the Reno
o ws' bandwidth.

Finally, our casestudyapplicationsseekto examinethe
end-to-enceffectivenessthe simplicity, andthe useful-
nessof Nice. We examinetwo services.First, we im-

plementa HTTP prefetchingclient and sener and use
Nice to regulatethe aggressienesf prefetching.Sec-
ond, we study a simpli ed versionof the Tivoli Data
Exchang€g20] systemfor replicatingdataacrosslarge
numbersof hosts. In both casesNice allows usto (1)

simplify the applicationby eliminatingmagicnumbers,
(2) reducetherisk of interferingwith demandransfers,
and (3) improve the effectivenessof backgroundrans-
fers by using signi cant amountsof bandwidthwhen
sparecapacityexists. For example,in our prefetching
casestudy whenapplicationgprefetchaggressiely, they

canimprove their performanceby a factor of 3 when
they useNice, but if they prefetchusing TCP-Renain-

steadthey overwhelmthenetwork andincreasdotal de-

mandresponséimesby morethana factorof six.

The primary limitation of our analysisis that we eval-
uateour systemwhencompetingagainstRenoand Ve-
gasTCP o ws, but we do not systematicallyevaluate
it againstother congestioncontrol protocols such as
equation-basefP?] or rate-based4?]. Our protocolis
strictly lessaggressie thanReno,andwe expectthatit
causedittle interferencewith otherdemand o ws, but
future work is neededto provide evidenceto support
this assertion.A secondconcernis incentive compati-
bility: will usersuselow priority o ws for background
traf c whenthey couldusehigh priority o ws instead?
We obsene thatmostof the“aggressie replication”ap-
plicationscited above do, in fact, voluntarily limit their
aggressienesdy, for example prefetchingonly objects
whosepriority of useexceedsathreshold18, 50]. Two



factorsmay accountfor this phenomenon.First, good
engineersnay considerthe social costsof background
transferandthereforebe conserativein theirdemands.
Secondmostusershave an incentive to at leastavoid
self-interferencevherea users backgroundraf ¢ inter-
fereswith that users foregroundtraf ¢ from the same
or differentapplication. We thusbelieve that Nice is a
usefultool for bothresponsibl@ndsel sh engineeraind
users.

The rest of this paperproceedsas follows. Section2
describeghe Nice congestioncontrol algorithm. Sec-
tions 3, 4, and 5 describeour analytic results,NS mi-
crobenchmarkesults,andinternetmeasuremenesults
respectiely. Section6 describesour experiencewith
casestudyapplications Finally, Section? putsthiswork
in context with relatedwork, andSection8 presentour
conclusions.

2 Designand Implementation

In designingour system,we seekto balancetwo con-
icting goals.An idealsystemwould (1) causenointer-
ferenceto demandtransfersand (2) consumel00% of
availablesparebandwidth.In orderto provide a simple
and safeabstractionto applications,we emphasizeghe
formergoalandwill be satis edif our protocolmakes
use of a signi cant fraction of sparebandwidth. Al-
thoughit is easyfor anadwersaryto constructscenarios
whereNice doesnotgetary throughpuin spiteof there
beingsufcient sparecapacityin thenetwork, our exper
imentscon rm thatin practice Nice obtainsasigni cant
fraction of the throughputof Renoor Vegaswhenthere
is sparecapacityin the network.

2.1 Background: Existing Algorithms

Congestiorcontrolmechanism#n existingtransmission
protocolsarecomposeaf a congestionsignalandare-
actionpolicy. Thecongestiorcontrolalgorithmsin pop-
ular variantsof TCP (Reno,NewReno, Tahoe,SACK)
usepaclet lossasa congestiorsignal. In steadystate,
thereactionpolicy usesadditiveincreaseandmultiplica-
tive decreas€AIMD) in which the sendingrateis con-
trolled by a congestionwindow thatis multiplicatively
decreasedby a factorof two upona pacletdrop andis
increasedby oneperwindow of dataacknavledged.The
AIMD framework is believedto be fundamentato the
robustnes®f thelnternet[12, 30Q].

However, with respecto our goal of minimizing inter-
ferencethis congestiorsignal apacletloss arrives
too late to avoid damagingother ows. In particulay
over owing a buffer (or lling a RED routerenoughto
causeit to startdroppingpaclets)maytriggerlossesn

other o ws, forcing themto back off multiplicatively
andlosethroughput.

In orderto detectincipient congestiondue to interfer
encewe monitor round-trip delaysof pacletsand use
increasinground-trip delaysas a signal of congestion.
In thisrespectwe draw inspirationfrom TCP Vegas[7],
a protocolthatdiffersfrom TCP-Renan its congestion
avoidancephase By monitoringround-tripdelays,each
Vegas o w triesto keepbetween (typically 1) and
(typically 3) paclets buffered at the bottleneckrouter
If fewerthan pacletsarequeuedyVegasincreaseshe
window by one per window of dataacknaledged. If
morethan pacletsarequeuedthealgorithmdecreases
the window by one perwindow of dataacknavledged.
Vegasadjuststhe window  onceevery roundasfol-
lows ( is the minimum value of all measured
round-trip delaysand is the round-trip
delayexperienceddy a distinguishedpacletin the pre-
viousround):

/I Expectedhroughput
/I Actual throughput
Diff

if (Diff )

elseif (Diff )

Bounding the difference betweenthe actual and ex-
pectedthroughputtranslateso maintainingbetween
and pacletsin the bottleneckrouter Although Vegas
seemsa promising candidateprotocol for background
ows, it has some drawvbacks: (i) Vegas has been
designedto compete for throughput approximately
fairly with Reno,(ii) Vegasbacksoff whenthe number
of queuedpacletsfrom its o w increaseshput it does
not necessarilyback off when the numberof paclets
enqueuedy other o ws increase(iii) eachVegas ow
tries to keep 1 to 3 pacletsin the bottleneckqueue,
hencea collection of background o ws could cause
signi cant interference.

Notethatevensetting and toverysmallvaluesdoes
notpreventVegasfrom interferingwith crosgtrafc. The
lineardecreas®n the “ Diff " triggeris notrespon-
sive enoughto keepfrom interferingwith other o ws.
We con rm thisintuition usingsimulationsandinternet
experimentsandit alsofollows asaconclusiorfromthe
theoreticalnalysis.



2.2 TCP Nice

The Nice extensionaddsthree componentdo Vegas:
rst, amoresensitve congestiordetector;secondmul-
tiplicative reductionin responséo increasingoundtrip
times;andthird, theability to reducehecongestiorwin-
dow below one. Theseadditionsare simple, but our
analysisandexperimentsdemonstrat¢hatthe omission
of ary of themwould fundamentallyincreasetheinter-
ferencecausedy backgroundo ws.

A Nice ow monitorsround-trip delays,estimateshe
total queuesizeatthe bottleneckouter andsignalscon-
gestionwhen this total queuesize exceedsa fraction
of the estimatedmaximumaqueuecapacity Nice uses

, theminimumobsenedroundtrip time, asthe
estimateof theroundtrip delaywhenqueuesareempty
andit uses asan estimateof the roundtrip
time whenthe bottleneckqueueis full. If more than
fractionof thepacletsNice sendsduringa RTT window
encountedelaysexceeding

, our detectorsignalscongestion.

Round-tripdelaysof pacletsareindicative of thecurrent
bottleneckqueuesize and the thresholdrepresentshe
fraction of the total queuecapacitythat startsto trigger
congestion.The Nice congestioravoidancemechanism
incorporatingthe interferencetrigger with threshold
andfraction canbewrittenasfollows( isthe
round-tripdelayexperiencedy eachpaclet):

perackoperation:
if (
++:
perroundoperation:
if f
else

Il Vegascongestioravoidancefollows

If the congestioncondition doesnot trigger, Nice falls
backonVegas'congestioravoidancerules.If apacletis
lost, Nicefallsbackon Renosrules.The nal changeo
congestiorcontrolis to allow thewindow sizesto multi-
plicatively decreasbelow one,if sodictatedby thecon-
gestiontrigger andresponseln orderto affect window
sizedessthanone,we sendapaclketoutafterwaiting for
theappropriatenumberof smoothedound-tripdelays.

Maintainingawindow of lessthanonecausesisto lose
adk-cloking, but the o w continuesto sendat mostas
mary pacletsinto the network asit getsout. In this
phasehepacketsactasnetwork probeswaiting for con-
gestionto dissipate.By allowing thewindow to go be-
low one,Niceretainsthenon-interferenc@ropertyeven
for alarge numberof o ws. Both our analysisandour
experimenton rm theimportanceof this feature:this

optimizationsigni cantly reducesnterferenceparticu-
larly whentestingagainstseveral backgroundo ws. A
similar optimizationhasbeensuggeste@venfor regular
0 wsto handlecasesvhenthe numberof o ws startsto
approachthebottleneckrouterbuffer size[35].

Whena Nice o w signalscongestionjt halvesits cur-

rent congestionwindow. In contrastVegasreducests

window by onepaclet eachroundthatencountersong

roundtrip timesandonly halvesits window if paclets
arelost (falling backon Reno-like behaior.) Thecom-

binationof moreaggressie detectionandmoreaggres-
sivereactionrmaymakeit moredif cult for Niceto max-

imize utilization of sparecapacity but our designgoals
lead us to minimize interferenceeven at the potential
costof utilization. Our experimentalresultsshowv that
evenwith theseaggressiely timid policies,we achiere

reasonabléevelsof utilizationin practice.

As in TCP Vegas, maintaining running measuresof
and have their limitations - for ex-
ample,if the network is in a stateof persistentonges-
tion, abadestimateof is likely to beobtained.
However, paststudies[1, 44] have indicatedthatagood
estimateof the minimum round-tripdelaycantypically
be obtainedn a shorttime; our experiencesupportghis
claim. Theuseof minimumandmaximumvaluesmakes
the prototypesensitie to outliers. Using the rst and
ninety-ninthpercentilevaluescouldimprove therobust-
nessof this algorithm,but we have not testedthis opti-
mization. Routechangesluring atransfercanalsocon-
tributeto inaccuraciesn RTT estimates However such
changesareuncommorn40] andwe speculatehatthey
canbe handledby maintainingexponentiallydecaying
averagedor and estimates.

2.3 Prototype Implementation

We implementa prototypeNice systemby extendingan
existing versionof the Linux kernelthatsupportsvegas
congestioravoidance.Lik e Vegas,we usemicrosecond
resolutiontimersto monitorround-tripdelaysof paclets
to implementa congestiordetector In ourimplementa-
tion of Nice, we setthe correspondiny/egasparameters
and toland3respectiely. After the rst round-trip
delayestimatemaxRIT is initialized to

The Linux TCP implementationrmaintainsa minimum
window sizeof two in orderto avoid delayedacknawl-
edgementsiy recevers that attemptto sendone ac-
knowledgemengverytwo paclets.In orderto allow the
congestiorwindow to goto oneor belowv one,we adda
new timerthatrunson a persocketbasiswhenthecon-
gestionwindow for the particularsoclet is below two.
Whenin this phasethe ow waits for the appropriate
numberof RTTsbeforesendingwo pacletsinto thenet-
work. Thus,awindow of 1/16 meanghatthe o w sends



outtwo pacletsafterwaiting for 32 smoothedound-trip
times.Welimit theminimumwindow sizeto inour

prototype.

Our congestiordetectorsignalscongestionwhenmore
thanfraction pacletsduringan RTT encounter
delaysexceeding . We discusghesen-
sitivity to in moredetail in Section3. The
fractiondoesnot enterdirectly into our analysis;our ex-
perimentalstudiesin Section4 indicatethat the inter-
ferenceis relatively insensitve to the fractionparameter
chosenSincepaclketsaresentin bursts,mostpacletsin
a round obsene similar round-triptimes. In the future
we planto studypacingpacletsacrossaroundin order
to obtainbettersamplesf prevailing round-tripdelays.

Our prototypeprovidesa simpleAPI to designatex o w
asabackgroundo w throughanoptionin thesetsokopt
systemcall. By default, o wsareforeground o ws.

3 Analysis

Experimentalevidencealoneis insufcient to allow us
to make strongstatementaboutNice's non-interference
propertiesfor generalnetwork topologies,background
o w workloads,and foreground o w workloads. We
thereforeanalyzeit formally to boundthe reductionin
throughputhatNice imposeson foreground o ws. Our
primary resultis thatundera simpli ed network model,
for long transfers,the reductionin the throughputof
Reno o ws is asymptoticallyboundedby a factorthat
falls exponentiallywith the maximumaqueuelength of
the bottleneckrouterirrespectve of the numberof Nice
0 wspresent.

Theoreticahnalysisof network protocols of coursehas
limits. In generalasoneabstractsaway detailsto gain
tractability or generality one risks omitting important
behaiors. Most signi cantly, our formal analysisas-
sumesasimpli ed uid approximatiorandsynchronous
network model, as describedbelon. Also, our formal
analysisholds for long background o ws, which are
the target workload of our abstraction.But it also as-
sumeslong foregroundReno o ws, which are clearly
nottheonly cross-tratt of interest.Finally, in ouranal-
ysis, we abstractdetectionby assuminghat at the end
of eachRTT epoch,a Nice senderaccuratelyestimates
the queuelength during the previous epoch. Although
theseassumption@rerestrictve, the insightsgainedin
the analysisleadusto expectthe protocolto work well
undermmoregeneraktircumstancesTheanalysishasalso
guidedour design,allowing us to include featuresthat
arenecessaryor noninterferencevhile excludingthose
thatarenot. Our experiencewith the prototypehassup-
portedthe bene t of usingtheoreticalanalysisto guide
our design:we encounteredew surprisesandrequired

Additive :Linear Multiplicative
Increase Decrease Decrease

q= t.B

minRTT=t

maxRTT= t+ B/m
Figurel: Nice QueueDynamics

no topology or workload-dependertuning during our
experimentakffort.

We usea simplied uid approximationmodel of the
network to help us model the interactionof multiple
0 wsusingseparateongestiorcontrolalgorithms.This
modelassumesn nitely smallpaclkets. We simplify the
network itself to a source destinationanda singlebot-
tlenek, namelya routerthatperformsdrop-tailqueuing
asshovn in Figurel. Let denotethe servicerate of
the queueand the buffer capacityat the queue. Let
betheround-tripdelayof pacletsbetweerthe source
anddestinationexcluding all queuingdelays. We con-
sidera x ednumberof connections, following Reno
and following Nice, eachof which hasone continu-
ously backloggedo w betweena sourceanda destina-
tion. Let be the Nice thresholdand be
thecorrespondingjueuesizethattriggersmultiplicative
bacloff for Nice ows. The connectionsare homoge-
neous,.e. they experiencethe samepropagatiordelay
. Moreover, the connectionsare synchronizedso that
in the caseof buffer over ow, all connectionsimultane-
ouslydetectalossandmultiply theirwindow sizesby
Modelsassumingo w synchronizatiorhave beenused
in previousanalysegs[6]. We modelonly thecongestion
avoidancephaseo analyzethe steady-statbehaior.

We obtaina boundonthereductionin thethroughputof

Reno o wsdueto thepresencef Nice o wsby analyz-
ing the dynamicsof the bottleneckqueue. We achieve
this goalby dividing the durationof the o wsinto peri-

ods In eachperiodwe boundthedecrease thenumber
of Renopacletsprocessedy therouterdueto interfer

ing Nice paclets. In thefollowing we give anoutline of

thisanalysis.Thecompleteanalysiswith detailedproofs
appearsn the ourtechnicalreport[49].

Let and denoterespectiely thetotal num-
berof outstandindRenoandNice pacletsin thenetwork
attime . , thetotalwindow size,is .
We tracethesewindow sizesacrossperiods.Theendof
a period and the begginning of the next is marked by a
padketloss atwhichtime each o w reducests window
size by a factor of just beforea



lossand justafter Let bethe
beginning of onesuchperiodafteraloss. Considerthe
casewhen and . For
easeof analysiswe assumehatthe “Vegas " parame-
terfor theNice owsis ,i.e. theNice o wsadditively
decreaseaupon observinground-trip times greaterthan
. Thewindow dynamicsin ary periodcanbesplit into
threeinternvalsasdescribedelow.

Additive Increase Additive Increase In this interval

both Reno and Nice o ws increaselinearly.

increasegrom to , at which
pointthe queuestartsbuilding.

Additive Increase Additive Decrease This inter
val is marked by additive increaseof , but
additive decreasef asthe " Diff " rule triggers
the underlyingVVegascontrolsfor the Nice ows. The
endof thisinterval is marked by

Additive Increase Multiplicative Decrease In this
interval , multiplicatively decreasesn
responséo observinggueudengthsabore . However,
therate of decreasef is boundedby the rate of
increaseof , asary fasteradecreaswvill causehe
gueuesizeto dropbelon . At theendof this interval

. At this point, each o w decreaseis
window sizeby afactorof , therebyenteringinto the
next period.

In order to quantify the interferenceexperiencedby
Reno o ws becauseof the presenceof Nice ows,
we formulate differential equationsto representthe
variation of the queuesizein a period. We thenshowv
that the values of and at the beginning of
periodsstabilizeafter several losses,so that the length
of aperiodcorvergesto a x edvalue.lt is thenstraight-
forwardto computethe total amountof Reno o w sent
out in a period. We shaw in the technicalreport[49]
thatthe interference , de ned asthe fractionallossin
throughputexperiencedoy Reno o ws becauseof the
presencef Nice o ws,is givenasfollows.

Theorem 1: Theinterference is givenby

@)

The derivation of  indicatesthat all threedesignfea-
turesof Nice arefundamentallyimportantfor reducing
interference. The interferencefalls exponentiallywith
or , whichre ects thetime thatNice has
to multiplicatively back off before paclet lossesoccut
Intuitively, multiplicative decreasallows any numberof
Nice o wsto getout of theway of additively increasing
demando ws. Thedependencentheratio — suggests

thatasthenumberof demando wsapproachethemax-
imum queuesizethe non-interferenceropertystartsto
breakdown. This breakdavn is not surprisingaseach
ow barely getsto maintain one paclet in the queue
and TCP Renois known to behare anomalouslyunder
suchcircumstances[35]. In a well designedhetwork,
when , it canbeseerthatthedependencenthe
threshold is weak,i.e. interferencds smallwhen s,
and carefultuning of the exactvalueof in this region
is unnecessaryOur full analysisshavs that the above
boundon holdsevenfor the casewhen . Al-
lowing window sizesto multiplicatively decreaséelow
oneis crucialin this proof.

4 nsControlled Tests

The goalof our simulationis to validateour hypotheses
in a controlledervironment. In particular we wish to
i) testthe non-interference@ropertyof Nice andii) de-
termineif Nice getsary usefulbandwidthfor the work-
loadsconsidered.By using controlledns [36] simula-
tions in this phaseof the study we can stresstest the
systemby varying network con gurationsand load to
extremevalues.We canalsosystematicalll}comparethe
Nice algorithmagainstothers.Overall, the experiments
supportour theses:

Nice o ws causealmostno interferenceirrespec-
tive of thenumberof o ws.

Nice gets a signi cant fraction of the available
sparebandwidth.

Nice performsbetterthanotherexisting protocols,
including Reno,Vegas,and Vegaswith reduced
and parameters.

4.1 Methodology

We usens 2.1b8afor our simulationexperiments.The
topology usedis a barbell in which ~ TCP senders
transmitthrougha sharedbottlenecklink  to anequal
numberof recevers. Therouterconnectinghe senders
to becomeshe bottleneckqueue. Routersperform
drop-tail FIFO queueingexcept in experimentswith
RED turnedon. The buffer sizeis setto the bandwidth
delay product. Packets are 512 bytesin size and the
propagationdelayis setto 50ms. We vary the capac-
ity of thelink in orderto simulatedifferentamountsof
sparecapacity

We usea 15 minutesectionof a Squidproxytracelogged
at UC Berkeley asthe foregroundtrafc over L. The
numberof o ws uctuatesasclientsenterandleave the
systemas speci ed by the trace. On averagethereare
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about12 active clients. In additionto this foreground
load,we introducepermanentlypackloggedackground
o ws. For theinitial setof experimentave x theband-
width of thelink to twice theaveragedemandandwidth
of thetrace. The primary metric we useto measuren-

terferencas the averagetransferlateng of a document
i.e., thetime betweenits rst paclet beingsentandthe

receiptof the ack correspondingdo the last paclet. We

usethe total numberof bytestransferredby the back-
ground o ws asthe measureof its utilization of spare
capacity

Unlessotherwisespeci ed, the valuesof the

and for Nicearesetto 0.1and0.5respectiely.

We comparethe performanceof Nice to several other
stratgjiesfor sendingbackgroundo ws. First, we com-

parewith routerprioritizationthatservicesabackground
paclet only if thereareno queuedforegroundpaclets.
Routerprioritizationis theidealstrateyy for background
0 w transmissionas backgroundo ws never interfere
with foreground o ws. In addition,we compareo Reno,

Vegas( ), Vegas( )-
4.2 Results

Experiment 1: In this experimentwe x the number
of backgroundo ws to 16 andvary the sparecapacity
To achieve a sparecapacity , we setthe bottle-
necklink bandwidth avermgeDemandBW
whereaverageDemandBWs the total numberof bytes
transferredin the tracedivided by the durationof the
trace. Figure 2 plots the averagedocumentransferla-
teng/ for foregroundtrafc asa function of the spare
capacityin the network. Differentlinesrepresendiffer-
entrunsof the experimentausingdifferentprotocolsfor
backgroundo ws. It canbeseenthatNice is hardlydis-
tinguishabldérom routerprioritizationwhereastheother
protocolscausea signi cant increasen foregroundla-
teng. NotethattheY-axisisonalog scalewhichmeans
thatin somecasesRenoandVegasincreasdoreground
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documentransferlatenciesby over an orderof magni-
tude.

Experiment 2: Sensitvity to number of BG ows In
this experimentwe x thesparecapacity of the net-
work to 1 and vary the numberof backgroundo ws.
Figure3 plotsthelateng of foregrounddocumentrans-
fers againstthe number of background ows. Even
with 100 backgroundNice o ws, the lateng of fore-
ground documentsis hardly distinguishablefrom the
ideal casewhenroutersprovide strict prioritization. On
the otherhand,Renoand Vegasbackgroundo ws can
causdoregroundlatenciedo increasey ordersof mag-
nitude. Figure 4 plots the numberof bytesthe back-
ground o ws manageto transfer A singlebackground
o w reapsabouthalf the sparebandwidthavailableun-
derrouterprioritization;this backgroundhroughpuim-
proveswith increasinghrumberof backgroundo ws but
remainsbelow router prioritization. The differenceis
the price we pay for ensuringnon-interferencavith an
end-to-endhlgorithm. Note thatalthoughRenoand Ve-
gasobtainbetterthroughputgvenfor asmallnumberof
0 wsthey gobeyondtherouterprioritizationline, which
meanghey stealbandwidthfrom foregroundtraf c.
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We also examine experimentswherewe do not allow
Nice's congestiorwindow to fall below 1 (graphomit-
ted). In this casewhenthe numberof backgroundo ws
exceedsaboutl0, thelateng of foreground o wsbegins
to increasenoticeably;the increasds abouta factor of
two whenthe numberof backgroundo wsis

Experiment 3: Sensitvity to parameters In this ex-

perimentwe tracethe effect of the thresholdandtrigger
fraction parameterslescribedn Section2.2. Figure5

shaws the documenttransferlatenciesas a function of

the thresholdfor the sametraceasabove, with

and 16 backgroundo ws. As expected,asthe thresh-
old valueincreasesthe interferencecausedy Nice in-

creasesintil the protocol nally revertsto Vegasbehar-

ior asthethresholdapproaches. It is interestingo note
thatthereis largerangeof thresholdvaluesyielding low

interference which suggestghatits value neednot be
manuallytunedfor eachnetwork. We examinethetrig-

ger fraction in the sameway, and nd little changein

foregroundlateng aswe vary this fraction from 0.1 to

0.9 (graphomitted).
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Experiment 4: Nice with RED queueing We repeat
experimentsl and 2, but with routersperformingRED
gueueingThe RED parameteraresetasrecommended
in [23] with the “gentle” modeon. The minimumand
maximumRED thresholdsaresetto one-thirdandtwo-
third of the buffer size. Packets are probabilistically
marked with ECN supportfrom the senders.Figure 6
plots the foregrounddocumenttransferlateng against
the sparecapacitywith 16 backgroundo ws. Though
Nice still performsas muchas an order of magnitude
betterthanotherprotocols,it causesip to a factorof 2
increasein documenttransferlatenciesfor large spare
capacities. As gure 7 indicates,under RED, Nice
closely approximatesouter prioritization regardlessof
thenumberof o wswhenthe sparecapacityis one,i.e.
the demandwvorkload consumedalf of the network ca-
pacity.

The relatively poor performanceof Nice under RED
when sparecapacitiesare large appeardo re ect the
sensitvity of Nice's interference to bottleneckqueue
length(Equationl). WhereasNice o ws damagefore-
ground o ws whendrop-tailqueuesarecompletelyfull,
underRED, interferencecanbegin whenthe bottleneck
gueueoccupang reachesRED's minimum threshold
. Onesolutionmaybeto reduceNice's
parameter The Nice-0.03lines in Figures6 and 7 plot
Nice'sinterferencainderRED when
insteadof the default value of Future work is
neededo betterunderstandlice'sinteractionwith RED
gueuing.

Other results Dueto spaceconstraintsye statetwo
other results here, but omit detailed discussionsand
graphs.Thefull discussiorappearsn the extendedver-
sion[49].

First, we also perform experimentswith synthetically
generated ON/OFF Pareto UDP foreground trafc,
which is much burstier and less predictablethan TCP



foreground ows. We obsene that Nice still causes
lower interferencethan Reno or Vegas, but doesnot
matchrouter prioritization as closely The utilization
of sparecapacityby Nice is alsolower comparedo the
traceworkload case. This suggestghat the bene ts of
Nice are reducedwhen trafc is unpredictable. Sec-
ond,we compareNiceto simpleratelimited Reno o ws.
Whentherateis tunedto approximatehe sparecapacity
of the network, ratelimiting performswell. Nice, how-
ever, outperformgatelimiting anddoesnotrequirehand
tuning.

5 Internet Micr obenchmarks

In thissectionwe evaluateour Niceimplementatiorover

avarietyof Internetlinks. We seekto answetthreeques-
tions. First,in alesscontrolledervironmentthanourNS

simulationsdoesNice still avoid interference”Second,
are thereenoughreasonablylong periodsof spareca-

pacityonreallinks for Nice to reapreasonabléhrough-
put?Third, areany suchperiodsof sparecapacityspread
throughoutthe day, or is the usefulnessof background
transfergestrictedto nightsandweelends?

Our experimentssuggesthat Nice works for a rangeof
networks,includingamodem acablemodematransat-
lantic link, anda fastWAN. In particulay on thesenet-
worksit appearghat Nice avoidsinterferingwith other
0 ws andthatit canachieve throughputhataresigni -
cantfractionsof the throughputhatwould be achieved
by Renothroughoutheday.

5.1 Methodology

Ourmeasuremerdlientprogramconnect¢o ameasure-
ment sener programat exponentially-distriluted ran-
dom intervals. At each connectiontime, the client
chooseone of six actions: Reno/NULL, Nice/NULL,
Reno/Reno, Reno/Nice, Reno/Reno8, Reno/Nice8:
Eachactionconsistof a“primary transfer”(denotedoy
thetermleft of the/) andzeroor more“secondantrans-
fers” (denotedy thetermright of the/). Renotermsin-
dicate o ws usingstandardlT CP-Renocongestiorcon-
trol. Nice termsindicate o ws using Nice congestion
control. For secondantransfers,NULL indicatesac-
tionsthatinitiate no secondaryransferso competeawith
the primarytransfer and8 indicatesactionsthatinitiate
8 (ratherthan the default 1) secondangtransfers. The
transfersareof large les whosesizesarechoserto re-
quire approximatelyl0 seconddor a single Reno o w
to competeon the network understudy

1We alsoteststandard/egasin placeof Renofor thelarge-transfer
experimentsand nd that standardVegas behaes essentiallylike
Reno.Theseresultsareomitteddueto spaceconstraints.

We positiona sener that supportsNice at UT Austin.
We position clients (1) in Austin connectedo the In-
ternetvia a University of Texas 56.6K dial in modem
bank(moden), (2) in Austinconnectediaacommercial
ISP cablemodem(cable moden), (3) in a commercial
hostingcenterin London,Englandconnectedo multiple
backboneincludinganOC12andanOC3to New York
(London), and(4) at the University of Delavare,which
connectsto UT via an Abilene OC3 (Delawae). All
machinegun Linux. The seneris a 450MHz Pentium
Il with 256MB of memory Theclientsrangefrom 450-
1000MHzandall have atleast256MB of memory The
experimentranfrom SaturdayMay 11 2002to Wednes-
dayMay 152002;we gatheredapproximatelyb0 probes
perclient/workloadpair.

5.2 Results

Figure 8 summarizeghe resultsof our large-transfer
experiments. On eachof the networks, the through-
put of Nice/NULL is a signi cant fraction of that of
Reno/NULL, suggestinghat periodsof sparecapacity
are often long enoughfor Nice to detectand make use
of them. Second,we note that during Reno/Niceand
Reno/Nice8actions,the primary (Reno) o w achieves
similar throughputto the throughputseenduring the
control Reno/NULL sessions.In particular on a mo-
dem network, when Reno o ws competewith a sin-
gle Nice ow, they receive on average97% of the av-
eragebandwidththey receve when thereis no com-
peting Nice ow. On a cable modemnetwork, when
Reno o ws competewith eightNice o ws,they receve
97% of the bandwidththey would receve alone. Con-
versely Reno/Ren@ndReno/Reno&hav the expected
fair sharingof bandwidthamongReno o ws, which re-
duceghebandwidthachiezedby the primary o w.

Figure9 shaws the hourly averagebandwidthachieved
by theprimary o w for thedifferentcombinationdisted
above. Our hypothesids that Nice canachieve useful
amountsof throughputthroughouthe day, andthe data
appeatto supportthis statement.

6 CaseStudy Applications

6.1 HTTP Prefetching

Many studieshave publishedoromisingresultsthatsug-
gestthat prefetching(or pushing)contentcould signi -
cantlyimprove web cachehit ratesby reducingcompul-
soryandconsisteng misseq15, 18, 26, 27, 32, 38, 50].

Typically, prefetching algorithms are tuned with a
thresholdparameteto balancethe potentialbene ts of
prefetchingdataagainsthe bandwidthcostsof fetching
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it andthe storagecostof keepingit until its next use.An
objectis prefetchedf the estimatecdprobabilitythatthe
objectwill be referencedbeforeit is modi ed exceeds
the threshold. ExtendingGray and Sheng@'s analysis
of demandcaching[25], Chandracalculategeasonable
thresholdsgiven network costs,disk costs,and human
waiting time valuesandconcludeghatmostalgorithms
in theliteraturehave beenfartoo conserative in setting
theirthreshold49]. Furthermorethe 80-100%peryear
improvementsin network [9, 37] anddisk [17] capac-
ity/cost meanthat a valuethatis correcttoday may be
off by anorderof magnituden 3-4 years.

In thiscasestudy we build aprefetchingprotocolsimilar
to the one proposedby Padmanabhaand Mogul [38]:

whenservingrequestsseners piggy backlists of sug-
gestedobjectsin a new HTTP reply header Clients
receving a predictionlist discardold predictionsand
thenissueprefetchrequest®f objectsfrom thenew list.
This division of labor allows senersto useglobal in-
formationandapplication-speci cknowledgeto predict
accesgatterns,andit allows clientsto Iter requests
throughtheir cachego avoid repeatedlyfetchinganob-
ject.

To evaluateprefetchingperformancewe implementa
standaloneclient that readsa trace of HTTP requests,
simulatesalocal cache andissuesdemandandprefetch
requests.Our client is written in Java and pipelinesre-
guestsacrossHTTTP/1.1 persistentconnectiong[21].
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To ensurethat demandand prefetchrequestsuse sep-
arate TCP connectionspur sener directs prefetchre-
guestgo adifferentportthandemandequestsThedis-
adwantageof this approaclis thatit doesnot t with the
standardHTTP cachingmodel. We discusshow to de-
ploy sucha protocolwithout modifyingHTTP in asep-
aratestudy[31].

We useSquidproxy tracesfrom 9 regional proxiescol-
lected during January2001 [51]. We study network
interferencenear the sener by examining subsetsof

the trace correspondingo a populargroupsof related
seners—cnn(e.g.,cnn.comwww.cnn.comgnnfn.com,
etc.). This studycompareselative performancédor dif-

ferentresourcemanagemendlgorithmsfor a given set
of prefetchingalgorithms. It doesnot try to identify
optimal prefetchingalgorithms; nor doesit attemptto

preciselyquantify the absoluteimprovementsavailable
from prefetching.

We use a simple prediction by partial matchingalgo-
rithm [14] PPM- thatusesa client's mostrecent
requestgo the sener groupfor non-imagedatato pre-
dict cachable(i.e., non-dynamically-generat¢dJRLs
thatwill appearduring a subsequentvindow thatends
after the 'th non-imagerequestto the sener group.
We usetwo variationsof our PPM- algorithm. The
conservativevariation usesparametersimilar to those
found in the literature for HTTP prefetching. It uses
and setsthe prefetchthresholdto
0. 25[18] To preventprefetchrequestdrom interfering
with demandequestsit paused secondafterademand
replyis recevedbeforeissuingrequestsTheaggressive
variationuses , , andtruncatesprefetch
proposalists with a thresholdorobability of 0.00001.It
issuegprefetchesmmediatelyafterreceving them.

We use 2 client machinesconnectedto a sener ma-
chine via a cable modem. On eachclient machine,
we run 8 virtual clients, eachwith a separatecache

and separateHTTP/1.1 demandand prefetchconnec-
tions to the sener. In orderfor the demandtrafc to
consumeabout 10% of the cable modembandwidth,
we selectthe 6 busiesthours from the 30-Jan-2001
traceanddivide traceclientsfrom eachhour randomly
acros# of thevirtual clients. In eachof our seven tri-
als, all the 16 virtual clients run the sameprefetching
algorithm: none conservative-Renaggressive-Reno
conservative-Niceaggressive-Nice

Figure 10(a)shaws the averagedemandresponseimes
perceved by the clients. We note that when clients
do conserative prefetchingusing either protocol
Nice or Reno thelateng reductionsarecomparable.
However, whenthey startaggressiely prefetchingus-
ing Reno,the lateng blows up by an order of magni-
tude. Clientsusing aggressie Nice prefetching,how-
ever, continueto seefurtherlateng reductions.The g-
ureshowvsthatNiceis effectivein usingsparebandwidth
for prefetchingwithout affectingthedemandequests.

Figure 10(b) representghe effect of prefetchingover
a modem(the setupis sameas above exceptwith the
cablemodemreplacedby a modem),an ervironment
wherethe amountof sparebandwidthavailableis min-

imal. This gure shaws that while the Renoand Nice

protocolsare comparablen bene ts when doing con-
senative prefetchingaggressie prefetchingusingReno
hurtsthe clientssigni cantly by increasinghelatencies
three-fold. Nice on the otherhand,doesnot worsenthe
latengy eventhoughit doesnotgainmuch.

We concludethatNice simpli es thedesignof prefetch-
ing applications Applicationscanaggressiely prefetch
datathatmight be accesseth the future. Nice prevents
interferenceif the network doesnot have spareband-
width andimprovesapplicationperformancef it does.
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6.2 Tivoli Data Exchange

We study a simpli ed versionof the Tivoli Data Ex-
change[20] systemfor replicating data acrosslarge
numbersof hosts. This systemdistributesdataandpro-
gramsacrossthousandof client machinesusing a hi-
erarchyof replicationseners. Both non-interference
andgoodthroughputareimportantmetrics. In particu-
lar, thesedatatransfershouldnotinterferewith interac-
tive useof targetmachines.And becauséransferanay
be large, may be time critical, and mustgo to a large
numberof clientsusinga modestnumberof simultane-
ousconnectionseachdatatransfershouldcompleteas
quickly aspossible. The systemcurrently usestwo pa-
rametersat eachreplicationsener to tune the balance
betweemon-interferencandthroughput.Oneparame-
ter throttlesthe maximumratethatthe senerwill senda
singleclient; the otherthrottlesthe maximumtotal rate
acrosall clients.

Choosingtheserate limiting parametergsequiressome
knowledgeof network topologyandmayhave to choose
betweenoverwhelmingslow clients and slowing fast
clients (e.g., distributing a 300MB Of ce application
suitewould nearlya dayif throttledto uselessthanhalf

a 56.6Kb/smodem). One could imaginea more com-

plex systemthat allows the maximumbandwidthto be

speci edon a perclient basis,but sucha systemwould

be complex to con gure andmaintain.

Nice can provide an attractve self-tuningabstraction.
Usingit, a sendercanjust sendat the maximumspeed
allowed by the connection. We reportpreliminary re-
sultsusingastandalonsenerandclient. Thesenerand
clientsarethe sameasin the Internetmeasurementge-
scribedin Section5. We initiate largetransfersfrom the
sener and during that transfermeasurethe ping round
trip time betweenthe client andthe sener. Whenrun-
ning Reno, we vary the client throttle parameterand

leave the total sener bandwidthlimit to an effectively
in nite value.WhenrunningNice,we setboththeclient
andsenerbandwidthiimits to effectivelyin nite values.

Figure11 shaws a plot of ping latencieqrepresentatie
of interference)sa function of the completiontime of

transfergo clientsover differentnetworks. With Reno,
completiontimesdecreasavith increasinghrottle rates
but increaseping latenciesaswell. Furthermoretheop-
timal ratesvary widely acrosdifferentnetworks. How-

ever Nice picks sendingratesfor eachconnectionwith-

out the needfor manualtuning that achieze minimum
transfertimeswhile maintainingacceptablging laten-
ciesin all cases.

7 Relatedwork

TCP congestiorcontrol hasseenan enormousbhody of

work sinceJacobsors seminalpaperon thetopic [30].

This work seekso maximizeutilization of network ca-
pacity, to sharethe network fairly among o ws, andto

preventpathologicalscenariodik e congestiorcollapse.
In contrastour primary goalis to ensureminimal inter-

ferencewith regularnetwork traf ¢; thoughhighutiliza-

tion isimportant,it is adistinctly subordinategyoalin our
algorithm. Our algorithmis alwayslessaggressie than
AIMD TCP:it reactshesamewayto lossesandin addi-
tion, it reactsto increasingdelays. Therefore the work

to ensurenetwork stability underAIMD TCP appliesto

Nice aswell.

The GAIMD [52] andbinomial[4] frameworks provide
generalizedamiliesof AIMD congestiorcontrol algo-
rithms to allow protocolsto trade smoothnesgor re-
sponsvenessin a TCP-friendly manner The parame-
terscanalsobetunedto make aprotocollessaggressie
than TCRP. We consideredusing theseframeworks for
constructinga backgroundo w algorithm,but we were
unableto develop the typesof strongnon-interference
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guaranteesve seekusingtheseframeavorks. Onearea
for future work is developingsimilar generalization®f
Nice in orderto allow differentbackgroundo ws to be
moreor lessaggressie comparedo oneanothemwhile
all remaincompletelytimid with respectto competing
foreground o ws.

Prioritizing paclet o ws would be easierwith router
support. As notedin Section4, router prioritization
gueuessuchasthoseproposedor DiffServ[5] service
differentiationarchitecturesare capableof completely
isolatingforeground o wsfrom backgroundo wswhile

allowing background o ws to consumenearly the en-
tire available sparebandwidth. Unfortunately theseso-
lutions are of limited usefor someonerying to deploy

a backgroundeplicationservicetodaybecausdew ap-
plications are deployed solely in ervironmentswhere
router prioritization is installed or actvated. A key

conclusionof this study is that an end-to-endstrateyy

neednotrely onroutersupportto make useof available
network bandwidthwithout interferingwith foreground
o WS.

Applications can limit the network interferencethey

causdn variousways:

(a) Coarse-gain scheduling Backgroundransferscan
be scheduledduring hours where there is little fore-

groundtrafc. Studies[19, 34] shav that prefetching
dataduring off-peakhourscanreducelateny andpeak
bandwidthusage.

(b) Ratelimiting: Springet. al [46] discussprioritizing

0 ws by controllingthereceive window sizesof clients.
Crovellaet. al [15] proposea combinationof window-

basedrate control and pacingto spreadout prefetched
traf ¢ to limit interference.They shav that suchshap-
ing of traf ¢ leadsto lessburstytraf c andsmallerqueue
lengths.

(c) Application tuning Applications can limit the

amountof datathey sendby varying application-leel

parametersFor example,mary prefetchingalgorithms
estimatehe probabilitythatanobjectwill bereferenced

and only prefetchthat objectif its probability exceeds
somethreshold18, 26, 38, 50].

It is not clear how an engineershould go about set-
ting suchapplication-speci cparameters.We believe
that self-tuningsupportfor backgroundransfershasat
leastthreeadvantage®verexistingapplication-leel ap-
proaches. Nice operatesover ne time scales,so it

canprovide lower interferencgby reactingto spikesin

load) as well as higher averagethroughput(by using
a large fraction of sparebandwidth)than static hand-
tuned parameters. This property reducesthe risk and
increaseghe bene ts availableto backgroundransfers
while simplifying applicationdesign. Our experiments
also demonstratehat Nice provides useful bandwidth
throughouthedayin mary environments.

Existing transport layer solutions can be used to
tackle the problem of self-interferencebetweena sin-
gle sender/receer's ows. The congestionmanager
CM [3] providesaninterfacebetweenthe transportand
the applicationlayersto shareinformationacrosscon-
nectionsand for handling applicationsusing different
transportprotocols.Microsoft XP's Backgroundntelli-
gentTransferService(BITS) providessupportfor trans-
fers of lower priority to minimize interferencewith the
users interactve sessiondy usinga ratethrottling ap-
proach. In contrastto theseapproachesNice handles
bothself- aswell ascross-interferencby modifying the
sendesidealone.

8 Conclusions

This paperpresentanend-to-encdongestiorcontrolal-
gorithmoptimizedto supportbackgroundransfersSur
prisingly, an end-to-endprotocol can nearly approxi-
mate the ideal routerprioritization strateyy by (a) al-
mosteliminatinginterferencevith demando wsand(b)
reapingsigni cant fractionsof available sparenetwork
bandwidth.



Our Internetexperimentssuggesthat thereis a signif-
icantamountof sparecapacityon a wide variety of In-
ternetlinks. Nice providesa mechanismo improve ap-
plication performanceby harnessinghis capacityin a
non-interferingmanner Our casestudiesdemonstrate
thatNice cansimplify applicationdesignby eliminating
the needto hand-tungparameterso balanceutilization
andinterferencelnspiredby theresultsin thispaperwe
have built aself-tuningprefetchingsystem{31] basedn
Nicethatavoidsinterferenceatthesenerandin the net-
work, andis deployablewith simple modi cationsto a
websener.

Oneapplicationof Niceis to supportmassvereplication
of dataandserviceswherespareresourcege.g.,band-
width, disk spaceandprocessorcycles)are consumed
to helphumansemoreproductive. Massie replication
systemshouldbedesignedasif bandwidthwereessen-
tially free. TCP Nice providesareasonabl@pproxima-
tion of suchanabstraction.

References

[1] AnuragAcharyaandJoelSaltz.A studyof internet
round-tripdelay TechnicalReportCS-TR-3736,
Universityof Maryland,1996.

[2] Akamai,Inc. http://www.akamai.com.

[3] D. AndersenpD. Bansal,D. Curtis, S. Seshanand
H. Balakrishnan. Systemsupportfor bandwidth
managemerdndcontentadaptatiorin internetap-
plications.In OSDI, pages213-2262000.

[4] D.BansalandH. BalakrishnanBinomial Conges-
tion Control Algorithms. In Infocom 2001.

[5] S. Blake, D. Black, M. Carlson, E. Davies,
Z. Wang,andW. Weiss. An architecturefor dif-
ferentiatedservices;1998.

[6] T.Bonald.Comparisiorof TCPRenoandTCPVe-
gasvia uid approximationINRIA ResearctRe-
port3563,Nov 1998.

[7] LawrenceS. BrakmoandLarry L. Peterson.TCP
vegas: End to end congestionavoidanceon a
global internet. IEEE Journal on SelectedAreas
in Communicationsl3(8):1465—-14801995.

[8] L. Breslau, P Cao, L. Fan, G. Phillips, and
S. Shenler. Web cachingand zipf-like distribu-
tions: Evidenceand implications. In Infocom
1999.

[9] B. Chandra. Web workloadsin uencing discon-
nectedserviceaccess.Masters thesis,University
of Texasat Austin, May 2001.

B. ChandraM. Dahlin,L. Gao,A. Khoja, A. Raz-
zag, and A. Sewvani. Resourcemanagemenfor
scalabledisconnectedccesgo web services. In
WWW10May 2001.

[10]

[11] B. Chandra,M. Dabhlin, L. Gao, and A. Nayate.
End-to-endWAN ServiceAvailability. In USITS
2001.

[12] ChiuandJain. Analysisof increaseanddecrease
algorithmsfor congestionavoidancein computer
networks. Journal of Computernetworksand
ISDN, 17(1):1-14,Junel989.

[13] J. Cho and H. Garcia-Molina. Synchronizinga
databas¢o improve freshnessin SIGMOD, 2000.

[14] J. Clearyandl. Witten. Datacompressiorusing
adaptve codingandpartial string matching.|EEE
Transactionon Communicationsl1984.

[15] M. CrovellaandP. Barford. Thenetwork effectsof
prefetching.In Infocom 1998.

[16] F. Dabek,F. KaashoekD. Karger, R. Morris, and
I. Stoica.Wide-areacooperatie storagewith CFS.
In SOSR2001.

[17] M. Dahlin. http://www.cs.uteas.edu/users/dahlin/
techTrends/data/diskPrices/dafian2002.

[18] D. Duchamp. PrefetchingHyperlinks. In USITS
1999.

[19] S.DykesandK. A. Robbins. A viability analysis
of cooperatie proxy caching.In Infocom 2001.

[20] Tivoli DataExchange http://www.tivoli.com/prod
ucts/documents/datasheets/datehangeds.pdf.

[21] R. Fielding, J. Gettys, J. Mogul, H. Frystyk,
L. Masinter P. Leach,and T. Berners-Lee. Hy-
pertext transferprotocol— http/1.1,Junel999.

S. Floyd, M. Handley, J. Padhye,and J. Widmer.
Equation-basedongestiorcontrol for unicastap-
plications:the extendedversion. TechnicalReport
TR-00-003,CSlI, March2000.

Sally Floyd andVan JacobsonRandomearly de-
tectiongatavaysfor congestioravoidance.|EEE/
ACM Transactionson Networking 1(4):397-413,
August1993.

P. Goyal, X. Guo,andH.M. Vin. A hierarchical
cpuschedulefor multimediaoperatingsystemsin
OSD|, pagesl07-122 October1996.

J.GrayandP. Sheng. Rulesof thumbin dataen-
gineering.In "Pr oc. 16th Internat. Confeenceon
Data Engineering”, pages3—12,2000.

[22]

(23]

[24]

[25]

[26] J.Grif oen andR. Appleton. AutomaticPrefetch-
ing in aWAN. In IEEE Workshopon Advancesn

Parallel and Distributed SystemdOctober1993.

[27] J.S.GwertzmarandM. Seltzer The casefor geo-
graphicalpush-cachingln HotOS 1995.

[28] J. Howard, M. Kazar S. Menees,D. Nichols,
M. Satyanarayanam. SidebothamandM. West.
Scaleand Performancen a Distributed File Sys-
tem. ACM Transactionson ComputerSystems
6(1):51-81 February1988.



[29] N. Hutchison,S. Manley, M. FederwischG. Har
ris, D. Hitz, S.Kleiman,andS. O'Malley. Logical
vs.physical le systembackup.In OSDI, 1999.

[30] V. JacobsonCongestioravoidanceandcontrol. In
SIGCOMM 1988.

[31] R. Kokku, P. YalagandulaA. Venkataramaniand
M. Dahlin. A non-interferingdeployable web
prefetchingsystem. TechnicalReport TR-02-51,
ComputerSciencesUT Austin, May 2002.

[32] T. M. Kroeger, D. E. Long, andJ. C. Mogul. Ex-
ploring the boundsof web lateng reductionfrom
cachingandprefetching.ln USITS 1997.

C. Lumb, J. Schindler G. Ganger D. Nagle,and
E. Riedel. Towardshigher disk headutilization:
Extractingfree bandwidthfrom busy disk drives.
In OSDI, 2000.

C. Maltzahn, K. Richardson,D. Grunwald, and
J. Martin. On bandwidthsmoothing. In 4th In-
ternational\W\eb Caching Workshop 1999.

[35] R.Morris. Tcpbehaior with mary o ws. In Inter-
national Confeenceon NetworkProtocols 1997.

[33]

[34]

[36] Thenetwork simulator—ns-2. http://www.isi.edu/
nsnam/ns.

[37] A. Odlyzko. Internetgrowth: Myth andreality, use
and aluse. Journal of ComputerResouce Man-
agemenipages23-27,2001.

[38] V. N. PadmanabhaandJ. C. Mogul. Using pre-
dictive prefetchingto improve World-Wide Web
lateng. In SIGCOMM 1996.

[39] R. Hugo Patterson,Garth A. Gibson, Eka Gint-
ing, Daniel Stodolslky, andJim Zelenka. Informed
prefetchingandcaching.ln SOSR1995.

[40] V. Paxson.End-to-endRoutingBehavior in theln-
ternet.In SIGCOMM 1996.

[41] G. Popek,R. Guy, T. Page, and J. Heidemann.
Replicationin theFicusDistributedFile SystemIn
Workshopon the Managemenbf ReplicatedData,
pagess—10,Novemberl990.

R. Rejaie,M. Handlg/, andD. Estrin. RAP: An
end-to-endrate-basedtongestioncontrol mecha-
nism for realtime streamsin the internet. In In-
focom 1999.

[42]

[43] A. RowstronandP. Druschel.Storageananagement
andcachingn PAST, alarge-scalepersistenpeer
to-peerstorageutility. In SOSR2001.

DheerajSanghi,AshokK. Agrawala, Olafur Gud-
mundssonandBijendraN. Jain. Experimentahs-
sessmenbf end-to-endehaior oninternet.In In-
focom(2), pages867-874,1993.

P. Sheny andH. Vin. Cello: A disk scheduling
frameawork for next-generatioroperatingsystems.
In SIGMETRICS$1998.

[44]

[45]

[46] Neil T. Spring, Maureen Chesire, Mark Berry-
man,Vivek SahasranamaihomasAndersonand
Brian N. Bershad.Recever basednanagemernf
low bandwidthaccesdinks. In Infocom 2000.

[47] D. Terry, M. Theimer K. PetersenA. Demers,

M. Spreitzer and C. Hauser ManagingUpdate

Conicts in Bayou, a Weakly ConnectedRepli-

catedStorageSystem.In SOSR1995.

[48] A. VenkataramaniM. Dahlin, and P. Weidmann.
Bandwidth constrainedplacementin a WAN. In
PODC, 2001.

[49] A. VenkataramanR.Kokku,andM. Dahlin. Sys-
temsupportfor backgroundeplication. Technical
ReportTR-02-30,ComputerSciencesUT Austin,
May 2002.

[50] A. Venkataramani,P. Yalagandula,R. Kokku,
S. Sharif, and M. Dahlin. Potential costs and
bene ts of long-term prefetching for content-
distribution. ComputerCommunicationslournal,
25(4):367-3752002.

[51] D. Wessels. Squid Internet object cache.

http://squid.nlannet/Squid,Jan1998.

[52] Y. YangandS. Lam. GeneralAIMD Congestion
Control. In ICNP, 2000.

[53] H.YuandA. Vahdat.The costsandlimits of avail-
ability for replicatedservicesIn SOSR2001.

[54] Y. Zhang,V. PaxsonandS. Shenkar The Station-
arity of InternetPath Properties: Routing, Loss,
andThroughput.Technicalreport,ICSI Centerfor
InternetResearchiviay 2000.



