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Abstract

Many distributed applicationscan make use of large
background transfers � transfersof data that humans
arenot waiting for � to improveavailability, reliability,
latency or consistency. However, given the rapid �uc-
tuationsof available network bandwidthand changing
resourcecostsdueto technologytrends,handtuningthe
aggressivenessof backgroundtransfersrisks(1) compli-
catingapplications,(2) beingtoo aggressive and inter-
fering with otherapplications,and (3) being too timid
and not gaining the bene�ts of backgroundtransfers.
Our goal is for theoperatingsystemto managenetwork
resourcesin orderto provideasimpleabstractionof near
zero-costbackgroundtransfers.Our system,TCPNice,
canprovably boundthe interferencein�icted by back-
ground�o wsonforeground�o wsin arestrictednetwork
model.And ourmicrobenchmarksandcasestudyappli-
cationssuggestthat in practiceit interfereslittle with
foreground �o ws, reapsa large fraction of sparenet-
work bandwidth,andsimpli�es applicationconstruction
anddeployment. For example,in our prefetchingcase
studyapplication,aggressive prefetchingimprovesde-
mandperformanceby a factorof threewhenNice man-
agesresources;but the sameprefetchinghurtsdemand
performanceby a factorof six understandardnetwork
congestioncontrol.

1 Intr oduction

Many distributed applicationscan make use of large
backgroundtransfers � transfersof datathathumansare
not waiting for � to improveservicequality. For exam-
ple, a broadrangeof applicationsandservicessuchas
databackup[29], prefetching[50], enterprisedatadis-
tribution[20], Internetcontentdistribution[2], andpeer-
to-peer storage[16, 43] can trade increasednetwork
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bandwidthconsumptionandpossiblydisk spacefor im-
provedservicelatency [15, 18, 26, 32, 38, 50], improved
availability [11, 53], increasedscalability [2], stronger
consistency [53], or supportfor mobility [28, 41, 47].
Many of theseserviceshavepotentiallyunlimitedband-
width demandswhere incrementallymore bandwidth
consumptionprovidesincrementallybetterservice.For
example,a web prefetchingsystemcanimprove its hit
rateby fetchingobjectsfrom a virtually unlimited col-
lection of objectsthat have non-zeroprobability of ac-
cess[8, 10] or by updatingcachedcopiesmore fre-
quentlyasdatachange[13, 50, 48]; Technologytrends
suggestthat “wasting” bandwidthand storageto im-
prove latency andavailability will becomeincreasingly
attractive in thefuture: per-bytenetwork transportcosts
anddisk storagecostsare low and have beenimprov-
ing at 80-100%per year [9, 17, 37]; converselynet-
work availability [11, 40, 54] andnetwork latenciesim-
prove slowly, andlong latenciesandfailureswastehu-
mantime.

Currentoperatingsystemsandnetworksdo not provide
good supportfor aggressive backgroundtransfers. In
particular, becausebackgroundtransferscompetewith
foregroundrequests,they canhurt overall performance
andavailability by increasingnetwork congestion.Ap-
plicationsmust thereforecarefully balancethe bene�ts
of backgroundtransfersagainstthe risk of both self-
interference, whereapplicationshurt their own perfor-
mance,andcross-interference, whereapplicationshurt
otherapplications'performance.Often,applicationsat-
tempt to 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 latency) or constraints
(e.g.,currentsparenetwork bandwidth).

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



it easierto reapa large fraction of sparebandwidthto
gaintheadvantagesof backgroundtransfers.Self-tuning
resourcemanagementseemsessentialfor coping with
network conditionsthat changesigni�cantly over peri-
odsof seconds(e.g., changingcongestion[54]), hours
(e.g., diurnal patterns),and months (e.g., technology
trends [9, 37]). We focus on managingnetwork re-
sourcesratherthanprocessors,disks,andmemoryboth
becauseother work has provided suitableend-station
schedulersfor theselocal resources[10, 24, 33, 39, 45]
and becausenetworks are sharedacrossapplications,
users,andorganizationsandthereforeposethemostcrit-
ical resourcemanagementchallengeto aggressiveback-
groundtransfers.

Our system,TCP Nice, dramaticallyreducesthe inter-
ferencein�icted by background�o ws on foreground
�o ws. It doesso by modifying TCP congestioncon-
trol to be moresensitive to congestionthan traditional
protocolssuchasTCP Reno[30] or TCP Vegas[7] by
detectingcongestionearlier, reactingto it moreaggres-
sively, and allowing much smallereffective minimum
congestionwindows. Althougheachof thesechangesis
simple,thecombinationis carefullyconstructedto prov-
ablyboundtheinterferenceof background�o wsonfore-
ground�o wswhilestill achieving reasonablethroughput
in practice. Our Linux implementationof Nice allows
sendersto selectNice or standardRenocongestioncon-
trol onaconnection-by-connectionbasis,andit requires
nomodi�cationsat thereceiver.

Our goalsareto minimize damageto foreground�o ws
while reapinga signi�cant fraction of available spare
network capacity. We evaluateNice againstthesegoals
using theory, microbenchmarks,and applicationcase
studies.

Becauseour �rst goalis to avoid interferenceregardless
of network conditionsor applicationaggressiveness,our
protocolmustreston a soundtheoreticalbasis.In Sec-
tion 3, we arguethatour protocolis alwayslessaggres-
sive than Reno,and we prove undera simpli�ed net-
work modelthat Nice �o ws interferewith Reno�o ws'
bandwidthby a factor that falls exponentiallywith the
sizeof thebuffer at thebottleneckrouterindependentof
thenumberof Nice �o ws in thenetwork. Our analysis
shows thatall threefeaturesdescribedabove areessen-
tial for boundinginterference.

Our microbenchmarkscompriseboth ns [36] simula-
tions to stresstest the protocol and Internetmeasure-
mentsto examinethe system's behavior underrealistic
conditions.Our simulationresultsin Section4 indicate
that Nice avoids interferingwith Renoor Vegas�o ws
acrossa wide rangeof backgroundtransferloadsand
sparenetwork capacitysituations.For example,in one
microbenchmark,16 Nice background�o wsslow down

theaveragedemanddocumenttransfertimeby lessthan
10%andreapover70%of thesparenetwork bandwidth.
But in the samesituation,16 backloggedReno(or Ve-
gas)�o ws slow demandrequestsby morethananorder
of magnitude.

Our Internet microbenchmarksin Section 5 measure
the performanceof simultaneousforegroundandback-
groundtransfersacrossa variety of Internetlinks. We
�nd that background�o ws causelittle interferenceto
foregroundtraf�c: theforeground�o ws' averagelatency
and bandwidthare little changedbetweenwhen fore-
ground�o wscompetewith background�o wsandwhen
they do not. Furthermore,we �nd that there is suf�-
cientsparecapacitythatbackground�o ws reapsigni�-
cantamountsof bandwidththroughouttheday. For ex-
ample,during mosthoursNice �o ws betweenLondon
EnglandandAustin Texasaveragedmorethan80% of
thebandwidthachievedby Reno�o ws;duringtheworst
hourobservedthey still saw morethan30%of theReno
�o ws' bandwidth.

Finally, our casestudyapplicationsseekto examinethe
end-to-endeffectiveness,thesimplicity, andtheuseful-
nessof Nice. We examinetwo services.First, we im-
plementa HTTP prefetchingclient andserver anduse
Nice to regulatetheaggressivenessof prefetching.Sec-
ond, we study a simpli�ed versionof the Tivoli Data
Exchange[20] systemfor replicatingdataacrosslarge
numbersof hosts. In both cases,Nice allows us to (1)
simplify theapplicationby eliminatingmagicnumbers,
(2) reducetherisk of interferingwith demandtransfers,
and(3) improve the effectivenessof backgroundtrans-
fers by using signi�cant amountsof bandwidthwhen
sparecapacityexists. For example,in our prefetching
casestudy, whenapplicationsprefetchaggressively, they
can improve their performanceby a factor of 3 when
they useNice, but if they prefetchusingTCP-Renoin-
stead,they overwhelmthenetworkandincreasetotalde-
mandresponsetimesby morethana factorof six.

The primary limitation of our analysisis that we eval-
uateour systemwhencompetingagainstRenoandVe-
gasTCP �o ws, but we do not systematicallyevaluate
it againstother congestioncontrol protocols such as
equation-based[22] or rate-based[42]. Our protocolis
strictly lessaggressive thanReno,andwe expectthat it
causeslittle 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?
Weobservethatmostof the“aggressivereplication”ap-
plicationscitedabove do, in fact,voluntarily limit their
aggressivenessby, for example,prefetchingonly objects
whosepriority of useexceedsa threshold[18, 50]. Two



factorsmay accountfor this phenomenon.First, good
engineersmay considerthe socialcostsof background
transfersandthereforebeconservativein theirdemands.
Second,most usershave an incentive to at leastavoid
self-interferencewhereauser'sbackgroundtraf�c inter-
fereswith that user's foregroundtraf�c from the same
or differentapplication. We thusbelieve that Nice is a
usefultool for bothresponsibleandsel�sh engineersand
users.

The rest of this paperproceedsas follows. Section2
describesthe Nice congestioncontrol algorithm. Sec-
tions 3, 4, and5 describeour analytic results,NS mi-
crobenchmarkresults,andInternetmeasurementresults
respectively. Section6 describesour experiencewith
casestudyapplications.Finally, Section7 putsthiswork
in context with relatedwork, andSection8 presentsour
conclusions.

2 Designand Implementation

In designingour system,we seekto balancetwo con-
�icting goals.An idealsystemwould(1) causeno inter-
ferenceto demandtransfersand(2) consume100%of
availablesparebandwidth.In orderto provide a simple
andsafeabstractionto applications,we emphasizethe
former goal andwill be satis�ed if our protocolmakes
use of a signi�cant fraction of sparebandwidth. Al-
thoughit is easyfor anadversaryto constructscenarios
whereNicedoesnotgetany throughputin spiteof there
beingsuf�cient sparecapacityin thenetwork,ourexper-
imentscon�rm thatin practice,Niceobtainsasigni�cant
fractionof thethroughputof Renoor Vegaswhenthere
is sparecapacityin thenetwork.

2.1 Background: Existing Algorithms

Congestioncontrolmechanismsin existingtransmission
protocolsarecomposedof a congestionsignalanda re-
actionpolicy. Thecongestioncontrolalgorithmsin pop-
ular variantsof TCP (Reno,NewReno,Tahoe,SACK)
usepacket lossasa congestionsignal. In steadystate,
thereactionpolicy usesadditiveincreaseandmultiplica-
tive decrease(AIMD) in which thesendingrateis con-
trolled by a congestionwindow that is multiplicatively
decreasedby a factorof two upona packet drop andis
increasedbyoneperwindow of dataacknowledged.The
AIMD framework is believed to be fundamentalto the
robustnessof theInternet[12, 30].

However, with respectto our goal of minimizing inter-
ference,this congestionsignal � apacket loss � arrives
too late to avoid damagingother �o ws. In particular,
over�owing a buffer (or �lling a RED routerenoughto
causeit to startdroppingpackets)maytrigger lossesin

other �o ws, forcing them to back off multiplicatively
andlosethroughput.

In order to detectincipient congestiondue to interfer-
encewe monitor round-trip delaysof packets and use
increasinground-trip delaysas a signal of congestion.
In this respect,wedraw inspirationfrom TCPVegas[7],
a protocolthatdiffersfrom TCP-Renoin its congestion
avoidancephase.By monitoringround-tripdelays,each
Vegas�o w tries to keepbetween� (typically 1) and

�

(typically 3) packets buffered at the bottleneckrouter.
If fewer than � packetsarequeued,Vegasincreasesthe
window by oneper window of dataacknowledged. If
morethan

�

packetsarequeued,thealgorithmdecreases
the window by oneper window of dataacknowledged.
Vegasadjuststhe window � onceevery roundasfol-
lows ( �����	��
�
 is the minimum valueof all measured
round-trip delaysand 
�����������������
�
 is the round-trip
delayexperiencedby a distinguishedpacket in thepre-
viousround):
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Bounding the differencebetweenthe actual and ex-
pectedthroughputtranslatesto maintainingbetween�

and
�

packetsin thebottleneckrouter. AlthoughVegas
seemsa promisingcandidateprotocol for background
�o ws, it has some drawbacks: (i) Vegas has been
designed to compete for throughput approximately
fairly with Reno,(ii) Vegasbacksoff whenthenumber
of queuedpackets from its �o w increases,but it does
not necessarilyback off when the numberof packets
enqueuedby other�o ws increase,(iii) eachVegas�o w
tries to keep 1 to 3 packets in the bottleneckqueue,
hencea collection of background�o ws could cause
signi�cant interference.

Notethatevensetting� and
�

to verysmallvaluesdoes
notpreventVegasfrominterferingwith crosstraf�c. The
lineardecreaseon the“Diff C

�

” trigger is not respon-
sive enoughto keepfrom interferingwith other �o ws.
We con�rm this intuition usingsimulationsandInternet
experiments,andit alsofollowsasaconclusionfrom the
theoreticalanalysis.



2.2 TCP Nice

The Nice extensionaddsthree componentsto Vegas:
�rst, a moresensitive congestiondetector;second,mul-
tiplicative reductionin responseto increasingroundtrip
times;andthird, theability to reducethecongestionwin-
dow below one. Theseadditionsare simple, but our
analysisandexperimentsdemonstratethat theomission
of any of themwould fundamentallyincreasethe inter-
ferencecausedby background�o ws.

A Nice �o w monitorsround-trip delays,estimatesthe
totalqueuesizeat thebottleneckrouter, andsignalscon-
gestionwhen this total queuesize exceedsa fraction
of the estimatedmaximumqueuecapacity. Nice uses

�<� �	��
�
 , theminimumobservedroundtrip time,asthe
estimateof theroundtrip delaywhenqueuesareempty,
and it uses�

���

��
�
 asan estimateof the round trip
time when the bottleneckqueueis full. If more than
fractionof thepacketsNicesendsduringaRTT window
encounterdelaysexceeding�<���	��
�
 ?
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	� � , ourdetectorsignalscongestion.
Round-tripdelaysof packetsareindicativeof thecurrent
bottleneckqueuesize and the thresholdrepresentsthe
fractionof the total queuecapacitythatstartsto trigger
congestion.TheNice congestionavoidancemechanism
incorporatingthe interferencetrigger with threshold

�

andfraction 
 canbewrittenasfollows( ���&� ��
�
 is the
round-tripdelayexperiencedby eachpacket):
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If the congestionconditiondoesnot trigger, Nice falls
backonVegas'congestionavoidancerules.If apacketis
lost,NicefallsbackonReno'srules.The�nal changeto
congestioncontrolis to allow thewindow sizesto multi-
plicatively decreasebelow one,if sodictatedby thecon-
gestiontriggerandresponse.In orderto affect window
sizeslessthanone,wesendapacketoutafterwaitingfor
theappropriatenumberof smoothedround-tripdelays.

Maintainingawindow of lessthanonecausesusto lose
ack-clocking, but the �o w continuesto sendat mostas
many packets into the network as it getsout. In this
phasethepacketsactasnetwork probeswaitingfor con-
gestionto dissipate.By allowing thewindow to go be-
low one,Niceretainsthenon-interferencepropertyeven
for a largenumberof �o ws. Both our analysisandour
experimentscon�rm theimportanceof this feature:this

optimizationsigni�cantly reducesinterference,particu-
larly whentestingagainstseveralbackground�o ws. A
similaroptimizationhasbeensuggestedevenfor regular
�o ws to handlecaseswhenthenumberof �o wsstartsto
approachthebottleneckrouterbuffer size[35].

Whena Nice �o w signalscongestion,it halvesits cur-
rent congestionwindow. In contrastVegasreducesits
window by onepacket eachroundthatencounterslong
roundtrip timesandonly halvesits window if packets
arelost (falling backon Reno-like behavior.) Thecom-
binationof moreaggressive detectionandmoreaggres-
sivereactionmaymakeit moredif�cult for Niceto max-
imize utilization of sparecapacity, but our designgoals
lead us to minimize interferenceeven at the potential
costof utilization. Our experimentalresultsshow that
evenwith theseaggressively timid policies,we achieve
reasonablelevelsof utilization in practice.

As in TCP Vegas, maintaining running measuresof
�<� �	��
�
 and �

���

��
�
 have their limitations- for ex-
ample,if thenetwork is in a stateof persistentconges-
tion,abadestimateof �<���	��
�
 is likely to beobtained.
However, paststudies[1, 44] haveindicatedthatagood
estimateof theminimumround-tripdelaycantypically
beobtainedin a shorttime;our experiencesupportsthis
claim. Theuseof minimumandmaximumvaluesmakes
the prototypesensitive to outliers. Using the �rst and
ninety-ninthpercentilevaluescouldimprovetherobust-
nessof this algorithm,but we have not testedthis opti-
mization.Routechangesduringa transfercanalsocon-
tributeto inaccuraciesin RTT estimates.However such
changesareuncommon[40] andwe speculatethat they
canbe handledby maintainingexponentiallydecaying
averagesfor �����	��
�
 and �

���

��
�
 estimates.

2.3 PrototypeImplementation

We implementa prototypeNicesystemby extendingan
existing versionof theLinux kernelthatsupportsVegas
congestionavoidance.Like Vegas,we usemicrosecond
resolutiontimersto monitorround-tripdelaysof packets
to implementa congestiondetector. In our implementa-
tion of Nice,wesetthecorrespondingVegasparameters

� and
�

to 1 and3 respectively. After the�rst round-trip
delayestimate,maxRTT is initialized to �

:

�<���	��
�
 .

The Linux TCP implementationmaintainsa minimum
window sizeof two in orderto avoid delayedacknowl-
edgementsby receivers that attempt to sendone ac-
knowledgementevery two packets.In orderto allow the
congestionwindow to go to oneor below one,we adda
new timer thatrunson a per-socketbasiswhenthecon-
gestionwindow for the particularsocket is below two.
When in this phase,the �o w waits for the appropriate
numberof RTTsbeforesendingtwo packetsinto thenet-
work. Thus,awindow of 1/16meansthatthe�o w sends



outtwo packetsafterwaitingfor 32smoothedround-trip
times.Welimit theminimumwindow sizeto A �

���

in our
prototype.

Our congestiondetectorsignalscongestionwhenmore
than fraction �����
	 packetsduring an RTT encounter
delaysexceeding
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	�7� in moredetail in Section3. The
fractiondoesnotenterdirectly into ouranalysis;ourex-
perimentalstudiesin Section4 indicatethat the inter-
ferenceis relatively insensitive to thefractionparameter
chosen.Sincepacketsaresentin bursts,mostpacketsin
a roundobserve similar round-triptimes. In the future
we planto studypacingpacketsacrossa roundin order
to obtainbettersamplesof prevailing round-tripdelays.

OurprototypeprovidesasimpleAPI to designatea �o w
asabackground�o w throughanoptionin thesetsockopt
systemcall. By default, �o wsareforeground�o ws.

3 Analysis

Experimentalevidencealoneis insuf�cient to allow us
to makestrongstatementsaboutNice'snon-interference
propertiesfor generalnetwork topologies,background
�o w workloads,and foreground�o w workloads. We
thereforeanalyzeit formally to boundthe reductionin
throughputthatNice imposeson foreground�o ws. Our
primaryresultis thatundera simpli�ed network model,
for long transfers,the reductionin the throughputof
Reno�o ws is asymptoticallyboundedby a factor that
falls exponentiallywith the maximumqueuelengthof
thebottleneckrouterirrespective of thenumberof Nice
�o wspresent.

Theoreticalanalysisof network protocols,of course,has
limits. In general,asoneabstractsaway detailsto gain
tractability or generality, one risks omitting important
behaviors. Most signi�cantly, our formal analysisas-
sumesasimpli�ed �uid approximationandsynchronous
network model, as describedbelow. Also, our formal
analysisholds for long background�o ws, which are
the target workloadof our abstraction.But it also as-
sumeslong foregroundReno �o ws, which are clearly
not theonly cross-traf�c of interest.Finally, in ouranal-
ysis, we abstractdetectionby assumingthat at the end
of eachRTT epoch,a Nice senderaccuratelyestimates
the queuelengthduring the previous epoch. Although
theseassumptionsarerestrictive, the insightsgainedin
theanalysisleadus to expecttheprotocolto work well
undermoregeneralcircumstances.Theanalysishasalso
guidedour design,allowing us to includefeaturesthat
arenecessaryfor noninterferencewhile excludingthose
thatarenot. Our experiencewith theprototypehassup-
portedthebene�t of usingtheoreticalanalysisto guide
our design:we encounteredfew surprisesandrequired

maxRTT= t + B/m

B

q = t.B
 t

m

Decrease
Multiplicative

minRTT= t

Increase
Additive Linear

Decrease

Figure1: NiceQueueDynamics

no topology or workload-dependenttuning during our
experimentaleffort.

We usea simpli�ed �uid approximationmodel of the
network to help us model the interactionof multiple
�o wsusingseparatecongestioncontrolalgorithms.This
modelassumesin�nitely smallpackets.Wesimplify the
network itself to a source,destination,anda singlebot-
tleneck, namelya routerthatperformsdrop-tailqueuing
asshown in Figure1. Let � denotethe servicerateof
the queueand � the buffer capacityat the queue. Let

� betheround-tripdelayof packetsbetweenthesource
anddestinationexcluding all queuingdelays. We con-
sidera �x ednumberof connections,� following Reno
and � following Nice, eachof which hasone continu-
ouslybacklogged�o w betweena sourceanda destina-
tion. Let

�

be the Nice thresholdand �����

��:

� be
thecorrespondingqueuesizethattriggersmultiplicative
backoff for Nice �o ws. The connectionsare homoge-
neous,i.e. they experiencethe samepropagationdelay

� . Moreover, the connectionsaresynchronizedso that
in thecaseof buffer over�ow, all connectionssimultane-
ouslydetecta lossandmultiply theirwindow sizesby � .
Modelsassuming�o w synchronizationhave beenused
in previousanalyses[6]. We modelonly thecongestion
avoidancephaseto analyzethesteady-statebehavior.

We obtainaboundon thereductionin thethroughputof
Reno�o wsdueto thepresenceof Nice �o wsby analyz-
ing the dynamicsof the bottleneckqueue. We achieve
this goalby dividing thedurationof the�o ws into peri-
ods. In eachperiodweboundthedecreasein thenumber
of Renopacketsprocessedby therouterdueto interfer-
ing Nice packets.In thefollowing we giveanoutlineof
thisanalysis.Thecompleteanalysiswith detailedproofs
appearsin theour technicalreport[49].

Let �
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denoterespectively thetotalnum-
berof outstandingRenoandNicepacketsin thenetwork
attime
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We tracethesewindow sizesacrossperiods.Theendof
a period and the beginning of the next is marked by a
packet loss, at which timeeach�o w reducesits window
size by a factorof � . �

5
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lossand �
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beginningof onesuchperiodaftera loss. Considerthe
casewhen �
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� and � C � . For
easeof analysiswe assumethat the “Vegas

�

” parame-
ter for theNice �o ws is � , i.e. theNice �o ws additively
decreaseupon observinground-trip times greaterthan

� . Thewindow dynamicsin any periodcanbesplit into
threeintervalsasdescribedbelow.

Additive Increase, Additive Increase: In this interval
�
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both Reno and Nice �o ws increaselinearly.
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” rule triggers
the underlyingVegascontrolsfor the Nice �o ws. The
endof this interval is markedby �
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Additive Increase, Multiplicative Decrease: In this
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responseto observingqueuelengthsabove �

� . However,
the rateof decreaseof �
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is boundedby the rateof
increaseof �
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, asany fasteradecreasewill causethe
queuesizeto dropbelow �

� . At theendof this interval
�
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� �

�

? � . At this point,each�o w decreasesits
window sizeby a factorof � , therebyenteringinto the
next period.

In order to quantify the interferenceexperiencedby
Reno �o ws becauseof the presenceof Nice �o ws,
we formulate differential equationsto representthe
variationof the queuesize in a period. We thenshow
that the values of �

. and �

 at the beginning of
periodsstabilizeafter several losses,so that the length
of aperiodconvergesto a �x edvalue.It is thenstraight-
forward to computethe total amountof Reno�o w sent
out in a period. We show in the technicalreport [49]
that the interference� , de�ned asthe fractional lossin
throughputexperiencedby Reno�o ws becauseof the
presenceof Nice �o ws, is givenasfollows.

Theorem1: Theinterference� is givenby
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(1)

The derivation of � indicatesthat all threedesignfea-
turesof Nice arefundamentallyimportantfor reducing
interference.The interferencefalls exponentiallywith

�

5

A �

�/8

or � � �
� , whichre�ects thetimethatNicehas

to multiplicatively backoff beforepacket lossesoccur.
Intuitively, multiplicativedecreaseallowsany numberof
Nice �o ws to getoutof thewayof additively increasing
demand�o ws. Thedependenceon theratio #

�

suggests

thatasthenumberof demand�o wsapproachesthemax-
imum queuesizethenon-interferencepropertystartsto
breakdown. This breakdown is not surprisingaseach
�o w barely gets to maintain one packet in the queue
andTCP Renois known to behave anomalouslyunder
suchcircumstances[35]. In a well designednetwork,
when �%$ � , it canbeseenthatthedependenceon the
threshold

�

is weak,i.e. interferenceis smallwhen
�

is,
andcarefultuning of theexactvalueof

�

in this region
is unnecessary. Our full analysisshows that the above
boundon � holdseven for the casewhen �'& � . Al-
lowing window sizesto multiplicatively decreasebelow
oneis crucialin thisproof.

4 nsControlled Tests

Thegoalof our simulationis to validateour hypotheses
in a controlledenvironment. In particular, we wish to
i) testthenon-interferencepropertyof Nice andii) de-
termineif Nice getsany usefulbandwidthfor thework-
loadsconsidered.By usingcontrolledns [36] simula-
tions in this phaseof the study we can stresstest the
systemby varying network con�gurationsand load to
extremevalues.Wecanalsosystematicallycomparethe
Nice algorithmagainstothers.Overall, theexperiments
supportour theses:

( Nice �o ws causealmostno interferenceirrespec-
tiveof thenumberof �o ws.

( Nice gets a signi�cant fraction of the available
sparebandwidth.

( Nice performsbetterthanotherexisting protocols,
including Reno,Vegas,andVegaswith reduced�

and
�

parameters.

4.1 Methodology

We usens 2.1b8afor our simulationexperiments.The
topology usedis a bar-bell in which ) TCP senders
transmitthrougha sharedbottlenecklink * to anequal
numberof receivers. Therouterconnectingthesenders
to * becomesthe bottleneckqueue. Routersperform
drop-tail FIFO queueingexcept in experimentswith
RED turnedon. Thebuffer sizeis setto thebandwidth
delay product. Packets are 512 bytes in size and the
propagationdelay is set to 50ms. We vary the capac-
ity of the link in orderto simulatedifferentamountsof
sparecapacity.

Weusea15minutesectionof aSquidproxytracelogged
at UC Berkeley as the foregroundtraf�c over L. The
numberof �o ws �uctuatesasclientsenterandleave the
systemasspeci�ed by the trace. On averagethereare
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about12 active clients. In addition to this foreground
load,we introducepermanentlybackloggedbackground
�o ws. For theinitial setof experimentswe �x theband-
width of thelink to twicetheaveragedemandbandwidth
of the trace. Theprimarymetricwe useto measurein-
terferenceis theaveragetransferlatency of a document
i.e., the time betweenits �rst packet beingsentandthe
receiptof theack correspondingto the last packet. We
usethe total numberof bytestransferredby the back-
ground�o ws as the measureof its utilization of spare
capacity.

Unlessotherwisespeci�ed, thevaluesof the
���

� � �

�


	�7�

and 
4�

�

�

�

�-
�� for Nicearesetto 0.1and0.5respectively.
We comparethe performanceof Nice to several other
strategiesfor sendingbackground�o ws. First,we com-
parewith routerprioritizationthatservicesabackground
packet only if thereareno queuedforegroundpackets.
Routerprioritizationis theidealstrategy for background
�o w transmission,asbackground�o ws never interfere
with foreground�o ws. In addition,wecompareto Reno,
Vegas(� � A

�

�

��� ), Vegas(� � �

�

�

� � ).

4.2 Results

Experiment 1: In this experimentwe �x the number
of background�o ws to 16 andvary the sparecapacity,

�

. To achieve a sparecapacity
�

, we set the bottle-
necklink bandwidth* �

5

A ?

�
8%:

averageDemandBW,
whereaverageDemandBWis the total numberof bytes
transferredin the tracedivided by the durationof the
trace. Figure2 plots the averagedocumenttransferla-
tency for foregroundtraf�c as a function of the spare
capacityin thenetwork. Differentlinesrepresentdiffer-
entrunsof theexperimentsusingdifferentprotocolsfor
background�o ws. It canbeseenthatNice is hardlydis-
tinguishablefromrouterprioritizationwhereas,theother
protocolscausea signi�cant increasein foregroundla-
tency. NotethattheY-axisisonalogscale,whichmeans
that in somecasesRenoandVegasincreaseforeground
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documenttransferlatenciesby over an orderof magni-
tude.

Experiment 2: Sensitivity to number of BG �o ws In
this experimentwe �x the sparecapacity

�

of the net-
work to 1 and vary the numberof background�o ws.
Figure3 plotsthelatency of foregrounddocumenttrans-
fers againstthe numberof background�o ws. Even
with 100 backgroundNice �o ws, the latency of fore-
ground documentsis hardly distinguishablefrom the
idealcasewhenroutersprovidestrict prioritization. On
the otherhand,RenoandVegasbackground�o ws can
causeforegroundlatenciesto increaseby ordersof mag-
nitude. Figure 4 plots the numberof bytesthe back-
ground�o ws manageto transfer. A singlebackground
�o w reapsabouthalf thesparebandwidthavailableun-
derrouterprioritization;thisbackgroundthroughputim-
proveswith increasingnumberof background�o ws but
remainsbelow router prioritization. The differenceis
the price we pay for ensuringnon-interferencewith an
end-to-endalgorithm.NotethatalthoughRenoandVe-
gasobtainbetterthroughput,evenfor asmallnumberof
�o wsthey gobeyondtherouterprioritizationline,which
meansthey stealbandwidthfrom foregroundtraf�c.
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We also examineexperimentswherewe do not allow
Nice's congestionwindow to fall below 1 (graphomit-
ted). In thiscase,whenthenumberof background�o ws
exceedsabout10,thelatency of foreground�o wsbegins
to increasenoticeably;the increaseis abouta factorof
two whenthenumberof background�o ws is �

�

.

Experiment 3: Sensitivity to parameters In this ex-
perimentwe tracetheeffectof thethresholdandtrigger
fraction parametersdescribedin Section2.2. Figure5
shows the documenttransferlatenciesasa function of
the thresholdfor the sametraceasabove, with

�

� A

and16 background�o ws. As expected,as the thresh-
old valueincreases,the interferencecausedby Nice in-
creasesuntil theprotocol�nally revertsto Vegasbehav-
ior asthethresholdapproaches1. It is interestingto note
thatthereis largerangeof thresholdvaluesyielding low
interference,which suggeststhat its valueneednot be
manuallytunedfor eachnetwork. We examinethetrig-
ger fraction in the sameway, and �nd little changein
foregroundlatency aswe vary this fraction from 0.1 to
0.9(graphomitted).
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Experiment 4: Nice with RED queueing We repeat
experiments1 and2, but with routersperformingRED
queueing.TheREDparametersaresetasrecommended
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.Figure6
plots the foregrounddocumenttransferlatency against
the sparecapacitywith 16 background�o ws. Though
Nice still performsas much as an order of magnitude
betterthanotherprotocols,it causesup to a factorof 2
increasein documenttransferlatenciesfor large spare
capacities. As �gure 7 indicates,under RED, Nice
closelyapproximatesrouterprioritization regardlessof
thenumberof �o ws whenthesparecapacityis one,i.e.
thedemandworkloadconsumeshalf of thenetwork ca-
pacity.

The relatively poor performanceof Nice under RED
when sparecapacitiesare large appearsto re�ect the
sensitivity of Nice's interference� to bottleneckqueue
length(Equation1). WhereasNice �o ws damagefore-
ground�o wswhendrop-tailqueuesarecompletelyfull,
underRED, interferencecanbegin whenthebottleneck
queueoccupancy reachesRED's minimum threshold

�<� �
��� . Onesolutionmaybeto reduceNice's

���

� � �

�
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parameter. The Nice-0.03lines in Figures6 and7 plot
Nice's interferenceunderRED when

���

��� �

�


	�7��� �
�
� �

insteadof the default value of ���!A � . Future work is
neededto betterunderstandNice's interactionwith RED
queuing.

Other results Due to spaceconstraints,we statetwo
other results here, but omit detailed discussionsand
graphs.Thefull discussionappearsin theextendedver-
sion[49].

First, we also perform experimentswith synthetically
generatedON/OFF Pareto UDP foreground traf�c,
which is much burstier and lesspredictablethan TCP



foreground �o ws. We observe that Nice still causes
lower interferencethan Reno or Vegas, but doesnot
match router prioritization as closely. The utilization
of sparecapacityby Nice is alsolower comparedto the
traceworkloadcase.This suggeststhat the bene�ts of
Nice are reducedwhen traf�c is unpredictable. Sec-
ond,wecompareNiceto simpleratelimited Reno�o ws.
Whentherateis tunedto approximatethesparecapacity
of thenetwork, ratelimiting performswell. Nice, how-
ever, outperformsratelimiting anddoesnotrequirehand
tuning.

5 Inter net Micr obenchmarks

In thissectionweevaluateourNiceimplementationover
avarietyof Internetlinks. Weseekto answerthreeques-
tions.First,in alesscontrolledenvironmentthanourNS
simulations,doesNice still avoid interference?Second,
are thereenoughreasonablylong periodsof spareca-
pacityonreallinks for Nice to reapreasonablethrough-
put?Third,areany suchperiodsof sparecapacityspread
throughoutthe day, or is the usefulnessof background
transfersrestrictedto nightsandweekends?

Our experimentssuggestthatNice worksfor a rangeof
networks,includingamodem,acablemodem,atransat-
lantic link, anda fastWAN. In particular, on thesenet-
works it appearsthatNice avoids interferingwith other
�o ws andthat it canachieve throughputthataresigni�-
cantfractionsof the throughputthatwould beachieved
by Renothroughouttheday.

5.1 Methodology

Ourmeasurementclientprogramconnectsto ameasure-
ment server programat exponentially-distributed ran-
dom intervals. At each connectiontime, the client
choosesoneof six actions: Reno/NULL, Nice/NULL,
Reno/Reno, Reno/Nice, Reno/Reno8, Reno/Nice8.1

Eachactionconsistsof a “primary transfer”(denotedby
thetermleft of the/) andzeroor more“secondarytrans-
fers” (denotedby thetermright of the/). Renotermsin-
dicate�o ws usingstandardTCP-Renocongestioncon-
trol. Nice termsindicate�o ws using Nice congestion
control. For secondarytransfers,NULL indicatesac-
tionsthatinitiatenosecondarytransfersto competewith
theprimarytransfer, and8 indicatesactionsthatinitiate
8 (ratherthan the default 1) secondarytransfers. The
transfersareof large�les whosesizesarechosento re-
quire approximately10 secondsfor a singleReno�o w
to competeon thenetwork understudy.

1WealsoteststandardVegasin placeof Renofor thelarge-transfer
experimentsand �nd that standardVegas behaves essentiallylike
Reno.Theseresultsareomitteddueto spaceconstraints.

We positiona server that supportsNice at UT Austin.
We position clients (1) in Austin connectedto the In-
ternetvia a University of Texas 56.6K dial in modem
bank(modem), (2) in Austinconnectedvia acommercial
ISP cablemodem(cablemodem), (3) in a commercial
hostingcenterin London,Englandconnectedto multiple
backbonesincludinganOC12andanOC3to New York
(London), and(4) at theUniversityof Delaware,which
connectsto UT via an Abilene OC3 (Delaware). All
machinesrun Linux. The server is a 450MHz Pentium
II with 256MB of memory. Theclientsrangefrom 450-
1000MHzandall have at least256MB of memory. The
experimentranfrom SaturdayMay 112002to Wednes-
dayMay 152002;wegatheredapproximately50probes
perclient/workloadpair.

5.2 Results

Figure 8 summarizesthe 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, suggestingthat periodsof sparecapacity
areoften long enoughfor Nice to detectandmake 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 �o w, they receive on average97% of the av-
eragebandwidththey receive when there is no com-
peting Nice �o w. On a cablemodemnetwork, when
Reno�o ws competewith eightNice �o ws, they receive
97% of the bandwidththey would receive alone. Con-
versely, Reno/RenoandReno/Reno8show theexpected
fair sharingof bandwidthamongReno�o ws, which re-
ducesthebandwidthachievedby theprimary�o w.

Figure9 shows thehourly averagebandwidthachieved
by theprimary�o w for thedifferentcombinationslisted
above. Our hypothesisis that Nice canachieve useful
amountsof throughputthroughouttheday, andthedata
appearto supportthis statement.

6 CaseStudy Applications

6.1 HTTP Prefetching

Many studieshavepublishedpromisingresultsthatsug-
gestthatprefetching(or pushing)contentcouldsigni�-
cantlyimprovewebcachehit ratesby reducingcompul-
soryandconsistency misses[15, 18, 26, 27, 32, 38, 50].

Typically, prefetching algorithms are tuned with a
thresholdparameterto balancethe potentialbene�ts of
prefetchingdataagainstthebandwidthcostsof fetching
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Figure8: Large�o w transferperformance.Eachbar representstheaveragetransfertime observedfor thespeci�ed
combinationof primary/secondarytransfers. Empty barsrepresentthe averagetime for a Reno�o w. Solid bars
representthe averagetime for a Nice �o w. The narrow lines depict the minimum andmaximumvaluesobserved
duringmultiple runsof eachcombination.

it andthestoragecostof keepingit until its next use.An
objectis prefetchedif theestimatedprobability that the
objectwill be referencedbeforeit is modi�ed exceeds
the threshold. ExtendingGray and Shenoy's analysis
of demandcaching[25], Chandracalculatesreasonable
thresholdsgiven network costs,disk costs,andhuman
waiting time valuesandconcludesthatmostalgorithms
in theliteraturehavebeenfar tooconservative in setting
their thresholds[9]. Furthermore,the80-100%peryear
improvementsin network [9, 37] anddisk [17] capac-
ity/cost meanthat a valuethat is correcttodaymay be
off by anorderof magnitudein 3-4years.

In thiscasestudy, webuild aprefetchingprotocolsimilar
to the oneproposedby PadmanabhanandMogul [38]:

whenservingrequests,serverspiggy backlists of sug-
gestedobjectsin a new HTTP reply header. Clients
receiving a prediction list discardold predictionsand
thenissueprefetchrequestsof objectsfrom thenew list.
This division of labor allows servers to useglobal in-
formationandapplication-speci�cknowledgeto predict
accesspatterns,and it allows clients to �lter requests
throughtheir cachesto avoid repeatedlyfetchinganob-
ject.

To evaluateprefetchingperformance,we implementa
standaloneclient that readsa traceof HTTP requests,
simulatesa local cache,andissuesdemandandprefetch
requests.Our client is written in Java andpipelinesre-
questsacrossHTTTP/1.1 persistentconnections[21].
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Figure9: Large�o w transferperformanceover time.

To ensurethat demandand prefetchrequestsusesep-
arateTCP connections,our server directsprefetchre-
queststo adifferentport thandemandrequests.Thedis-
advantageof this approachis thatit doesnot �t with the
standardHTTP cachingmodel. We discusshow to de-
ploy sucha protocolwithout modifying HTTP in a sep-
aratestudy[31].

We useSquidproxy tracesfrom 9 regionalproxiescol-
lected during January2001 [51]. We study network
interferencenear the server by examining subsetsof
the tracecorrespondingto a populargroupsof related
servers– cnn(e.g.,cnn.com,www.cnn.com,cnnfn.com,
etc.). This studycomparesrelative performancefor dif-
ferent resourcemanagementalgorithmsfor a given set
of prefetchingalgorithms. It doesnot try to identify
optimal prefetchingalgorithms;nor doesit attemptto
preciselyquantify the absoluteimprovementsavailable
from prefetching.

We usea simple predictionby partial matchingalgo-
rithm [14] PPM-� ��� that usesa client's � mostrecent
requeststo theserver groupfor non-imagedatato pre-
dict cachable(i.e., non-dynamically-generated) URLs
that will appearduring a subsequentwindow that ends
after the � ' th non-imagerequestto the server group.
We usetwo variationsof our PPM-� ��� algorithm.The
conservativevariationusesparameterssimilar to those
found in the literature for HTTP prefetching. It uses

� � � , � � 	 and sets the prefetch thresholdto
0.25[18]. To preventprefetchrequestsfrom interfering
with demandrequests,it pauses1 secondafterademand
reply is receivedbeforeissuingrequests.Theaggressive
variationuses� � � , � � A�� , and truncatesprefetch
proposallistswith a thresholdprobabilityof 0.00001.It
issuesprefetchesimmediatelyafterreceiving them.

We use 2 client machinesconnectedto a server 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 server. In order for the demandtraf�c to
consumeabout 10% of the cable modembandwidth,
we select the 6 busiest hours from the 30-Jan-2001
traceanddivide traceclientsfrom eachhour randomly
across4 of thevirtual clients. In eachof our seven tri-
als, all the 16 virtual clients run the sameprefetching
algorithm: none, conservative-Reno, aggressive-Reno,
conservative-Nice, aggressive-Nice.

Figure10(a)shows theaveragedemandresponsetimes
perceived by the clients. We note that when clients
do conservative prefetching using either protocol �

Nice or Reno � the latency reductionsarecomparable.
However, when they start aggressively prefetchingus-
ing Reno,the latency blows up by an orderof magni-
tude. Clientsusing aggressive Nice prefetching,how-
ever, continueto seefurtherlatency reductions.The�g-
ureshowsthatNiceis effectivein usingsparebandwidth
for prefetchingwithout affectingthedemandrequests.

Figure 10(b) representsthe effect of prefetchingover
a modem(the setupis sameas above except with the
cablemodemreplacedby a modem),an environment
wheretheamountof sparebandwidthavailableis min-
imal. This �gure shows that while the RenoandNice
protocolsare comparablein bene�ts when doing con-
servativeprefetching,aggressiveprefetchingusingReno
hurtstheclientssigni�cantly by increasingthelatencies
three-fold.Nice on theotherhand,doesnot worsenthe
latency eventhoughit doesnotgainmuch.

We concludethatNicesimpli�es thedesignof prefetch-
ing applications.Applicationscanaggressively prefetch
datathatmight beaccessedin thefuture. Nice prevents
interferenceif the network doesnot have spareband-
width andimprovesapplicationperformanceif it does.
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Figure10: Averagedemandtransfertime for prefetchingfor thecnnserver-group.

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-
gramsacrossthousandsof client machinesusinga hi-
erarchyof replication servers. Both non-interference
andgoodthroughputareimportantmetrics. In particu-
lar, thesedatatransfersshouldnot interferewith interac-
tive useof targetmachines.And becausetransfersmay
be large, may be time critical, and must go to a large
numberof clientsusinga modestnumberof simultane-
ousconnections,eachdatatransfershouldcompleteas
quickly aspossible.The systemcurrentlyusestwo pa-
rametersat eachreplicationserver to tune the balance
betweennon-interferenceandthroughput.Oneparame-
ter throttlesthemaximumratethattheserverwill senda
singleclient; theotherthrottlesthemaximumtotal rate
acrossall clients.

Choosingtheserate limiting parametersrequiressome
knowledgeof network topologyandmayhaveto choose
betweenoverwhelmingslow clients and slowing fast
clients (e.g., distributing a 300MB Of�ce application
suitewouldnearlya dayif throttledto uselessthanhalf
a 56.6Kb/smodem). Onecould imaginea morecom-
plex systemthat allows the maximumbandwidthto be
speci�edon a per-client basis,but sucha systemwould
becomplex to con�gure andmaintain.

Nice can provide an attractive self-tuningabstraction.
Using it, a sendercanjust sendat the maximumspeed
allowed by the connection. We report preliminary re-
sultsusingastandaloneserverandclient. Theserverand
clientsarethesameasin theInternetmeasurementsde-
scribedin Section5. We initiate largetransfersfrom the
server andduring that transfermeasurethe ping round
trip time betweenthe client andthe server. Whenrun-
ning Reno, we vary the client throttle parameterand

leave the total server bandwidthlimit to an effectively
in�nite value.WhenrunningNice,wesetboththeclient
andserverbandwidthlimits to effectively in�nite values.

Figure11 shows a plot of ping latencies(representative
of interference)asa functionof thecompletiontime of
transfersto clientsover differentnetworks. With Reno,
completiontimesdecreasewith increasingthrottlerates
but increaseping latenciesaswell. Furthermore,theop-
timal ratesvarywidely acrossdifferentnetworks. How-
ever Nice pickssendingratesfor eachconnectionwith-
out the needfor manualtuning that achieve minimum
transfertimeswhile maintainingacceptableping laten-
ciesin all cases.

7 Relatedwork

TCP congestioncontrol hasseenan enormousbody of
work sinceJacobson'sseminalpaperon thetopic [30].
This work seeksto maximizeutilization of network ca-
pacity, to sharethe network fairly among�o ws, andto
preventpathologicalscenarioslike congestioncollapse.
In contrastour primarygoal is to ensureminimal inter-
ferencewith regularnetwork traf�c; thoughhighutiliza-
tion is important,it is adistinctlysubordinategoalin our
algorithm.Our algorithmis alwayslessaggressive than
AIMD TCP:it reactsthesamewayto lossesandin addi-
tion, it reactsto increasingdelays.Therefore,thework
to ensurenetwork stability underAIMD TCPappliesto
Niceaswell.

TheGAIMD [52] andbinomial[4] frameworksprovide
generalizedfamiliesof AIMD congestioncontrol algo-
rithms to allow protocolsto trade smoothnessfor re-
sponsivenessin a TCP-friendly manner. The parame-
terscanalsobetunedto makeaprotocollessaggressive
than TCP. We consideredusing theseframeworks for
constructinga background�o w algorithm,but we were
unableto develop the typesof strongnon-interference
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Figure11: Eachcontinuousline representscompletiontimesandcorrespondingping latencieswith varying send
rates.Thesinglepoint is thesendratechosenby Nice.

guaranteeswe seekusingtheseframeworks. Onearea
for futurework is developingsimilar generalizationsof
Nice in orderto allow differentbackground�o ws to be
moreor lessaggressive comparedto oneanotherwhile
all remaincompletelytimid with respectto competing
foreground�o ws.

Prioritizing packet �o ws would be easierwith router
support. As noted in Section4, router prioritization
queuessuchasthoseproposedfor DiffServ [5] service
differentiationarchitecturesare capableof completely
isolatingforeground�o wsfrom background�o wswhile
allowing background�o ws to consumenearly the en-
tire availablesparebandwidth.Unfortunately, theseso-
lutions areof limited usefor someonetrying to deploy
a backgroundreplicationservicetodaybecausefew ap-
plications are deployed solely in environmentswhere
router prioritization is installed or activated. A key
conclusionof this study is that an end-to-endstrategy
neednot rely on routersupportto make useof available
network bandwidthwithout interferingwith foreground
�o ws.

Applications can limit the network interferencethey
causein variousways:
(a) Coarse-grain scheduling: Backgroundtransferscan
be scheduledduring hours where there is little fore-
groundtraf�c. Studies[19, 34] show that prefetching
dataduringoff-peakhourscanreducelatency andpeak
bandwidthusage.
(b) Ratelimiting: Springet. al [46] discussprioritizing
�o wsby controllingthereceivewindow sizesof clients.
Crovella et. al [15] proposea combinationof window-
basedratecontrol andpacingto spreadout prefetched
traf�c to limit interference.They show that suchshap-
ing of traf�c leadsto lessburstytraf�c andsmallerqueue
lengths.
(c) Application tuning: Applications can limit the
amountof datathey sendby varying application-level
parameters.For example,many prefetchingalgorithms
estimatetheprobabilitythatanobjectwill bereferenced

andonly prefetchthat object if its probability exceeds
somethreshold[18, 26, 38,50].

It is not clear how an engineershould go about set-
ting suchapplication-speci�cparameters.We believe
that self-tuningsupportfor backgroundtransfershasat
leastthreeadvantagesoverexistingapplication-levelap-
proaches. Nice operatesover �ne time scales,so it
canprovide lower interference(by reactingto spikesin
load) as well as higher averagethroughput(by using
a large fraction of sparebandwidth)than static hand-
tunedparameters.This propertyreducesthe risk and
increasesthebene�ts availableto backgroundtransfers
while simplifying applicationdesign. Our experiments
also demonstratethat Nice provides useful bandwidth
throughoutthedayin many environments.

Existing transport layer solutions can be used to
tackle the problemof self-interferencebetweena sin-
gle sender/receiver's �o ws. The congestionmanager
CM [3] providesan interfacebetweenthetransportand
the applicationlayersto shareinformationacrosscon-
nectionsand for handling applicationsusing different
transportprotocols.Microsoft XP's BackgroundIntelli-
gentTransferService(BITS) providessupportfor trans-
fersof lower priority to minimize interferencewith the
user's interactive sessionsby usinga ratethrottling ap-
proach. In contrastto theseapproaches,Nice handles
bothself- aswell ascross-interferenceby modifying the
sendersidealone.

8 Conclusions

Thispaperpresentsanend-to-endcongestioncontrolal-
gorithmoptimizedto supportbackgroundtransfers.Sur-
prisingly, an end-to-endprotocol can nearly approxi-
mate the ideal router-prioritization strategy by (a) al-
mosteliminatinginterferencewith demand�o wsand(b)
reapingsigni�cant fractionsof availablesparenetwork
bandwidth.



Our Internetexperimentssuggestthat thereis a signif-
icantamountof sparecapacityon a wide varietyof In-
ternetlinks. Nice providesa mechanismto improveap-
plication performanceby harnessingthis capacityin a
non-interferingmanner. Our casestudiesdemonstrate
thatNicecansimplify applicationdesignby eliminating
the needto hand-tuneparametersto balanceutilization
andinterference.Inspiredby theresultsin thispaper, we
havebuilt aself-tuningprefetchingsystem[31] basedon
Nicethatavoidsinterferenceat theserverandin thenet-
work, andis deployablewith simplemodi�cations to a
webserver.

Oneapplicationof Niceis to supportmassivereplication
of dataandservices,wherespareresources(e.g.,band-
width, disk space,andprocessorcycles)areconsumed
to helphumansbemoreproductive.Massivereplication
systemsshouldbedesignedasif bandwidthwereessen-
tially free. TCPNice providesa reasonableapproxima-
tion of suchanabstraction.
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