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Abstract

We describea new active queuemanagementscheme,RandomExponentialMarking (REM),
thataimsto achieve bothhighutilization andnegligible lossanddelayin asimpleandscalable
manner. The key ideais to decouplecongestionmeasurefrom performancemeasuresuchas
loss,queuelengthor delay. While congestionmeasureindicatesexcessdemandfor bandwidth
andmust track the numberof users,performancemeasureshouldbe stabilizedaroundtheir
targetsindependentlyof thenumberof users.Weexplain thedesignrationalebehindREM and
presentsimulationresultsof its performancein wireline andwirelessnetworks.

1 Introduction

In thisarticle,we describeanew active queuemanagementscheme,REM (RandomExponentialMarking),

thathasthefollowing key features:

1. match rate clear buffer

It attemptsto matchuserratesto network capacitywhile clearingbuffers(or stabilizequeuesaround

asmalltarget),regardlessof thenumberof users.

2. sum prices

Theend-to-endmarking(or dropping)probabilityobservedby auserdependsin asimpleandprecise

manneron thesumof link prices(congestionmeasures),summedover all the routersin thepathof

theuser.

Thefirst featureimpliesthat,contraryto theconventionalwisdom,highutilization is notachievedby keep-

ing largebacklogsin thenetwork, but by feedingbacktheright informationfor usersto settheir rates.We
�
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present
 simulationresultsthatdemonstratethatREM canmaintainhigh utilization with negligible lossor

queueingdelayasthenumberof usersincreases.

Thesecondfeatureis essentialin a network whereuserstypically go throughmultiple congestedlinks.

It clarifiesthe meaningof the congestioninformationembeddedin the end-to-endmarking(or dropping)

probabilityobservedby auser, andthuscanbeusedto designits rateadaptation.

In the following, we describeREM and explain how it achieves thesetwo features. They contrast

sharplywith RED [1]. It will becomeclearthatthesefeaturesareindependentof eachotherandonecanbe

implementedwithout theother. We thencomparetheperformanceof DropTail, RED andREM in wireline

networks throughsimulations. It is well-known that TCP performspoorly over wirelesslinks becauseit

cannotdifferentiatebetweenlossesdueto buffer overflow andthosedueto wirelesseffectssuchasfading,

interference,andhandoffs. We explain how REM canhelp addressthis problemandpresentsimulation

resultsof its performance.

For therestof this paper, unlessotherwisespecified,by ‘marking’ we meaneitherdroppinga packet or

settingits ECN (Explicit CongestionNotification)bit [2] probabilistically. If a packet is markedby setting

its ECNbit, its markis carriedto thedestinationandthenconveyedbackto thesourcevia acknowledgment.

Westartby interpretingRED.

2 RED

A mainpurposeof active queuemanagementis to provide congestioninformationfor sourcesto settheir

rates.Thedesignof active queuemanagementalgorithmsmustanswerthreequestions,assumingpackets

areprobabilisticallymarked:

1. How is congestionmeasured?

2. How is themeasureembeddedin theprobabilityfunction?

3. How is it fedbackto users?

RED answersthesequestionsasfollows.

First, RED measurescongestionby (exponentiallyweightedaverage)queuelength. Importantly, the

choiceof congestionmeasuredetermineshow it is updatedto reflectcongestion(seebelow), andhence

it affects the userutility function that is being implicitly optimizedby TCP [3]. Second,the probability

function is a piecewise linear andincreasingfunction of the congestionmeasure,as illustratedin Figure

1. Finally, the congestioninformation is conveyed to the userseitherby droppinga packet or settingits

ECN bit probabilistically. In fact,RED only decidesthefirst two questions.The third questionis largely

independent.

REDinteractswith TCP:assourceratesincrease,queuelengthgrows,morepacketsaremarked,prompt-

ing thesourcesto reducetheir rates,andthecycle repeats.TCPdefinespreciselyhow thesourceratesare

adjustedwhile active queuemanagementdefineshow the congestionmeasureis updated.For RED, the

congestionmeasureis queuelengthandit is automaticallyupdatedby thebuffer process.Thequeuelength
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Figure1: Markingprobabilityof (gentle)RED andREM.

in thenext periodequalsthecurrentqueuelengthplusaggregateinputminusoutput:

�������������� � ������������������ �"!�#����� ��$&%
(1)

where
� '�$ % �)(+*-,/.�'10 2�3

. Here,
�4�5�����

is the aggregatequeuelengthat queue 6 in period
�
,
�7�������

is the

aggregateinput rateto queue6 in period
�
, and

#����� �
is theoutputratein period

�
.

3 Random Exponential Marking (REM)

REM differsfrom REDonly in thefirst twodesignquestions:it usesadifferentdefinitionof congestionmea-

sureandadifferentmarkingprobabilityfunction.Thesedifferencesleadto thetwo key featuresmentioned

in thelastsection,aswenow explain. Detail derivationandjustification,apseudocodeimplementation,and

muchmoreextensive simulationscanbefoundin [4, 5].

3.1 Match rate clear buffer

Thefirst ideaof REM is to stabilizeboththe input ratearoundlink capacityandthequeuearounda small

target,regardlessof thenumberof users sharingthelink.

Eachoutputqueuethat implementsREM maintainsa variablewe call ‘price’ asa congestionmeasure.

This variableis usedto determinethe markingprobability, asexplainedin the next subsection.Price is

updated,periodicallyor asynchronously, basedonratemismatch(i.e.,differencebetweeninputrateandlink

capacity)andqueuemismatch(i.e.,differencebetweenqueuelengthandtarget).Thepriceis incrementedif

theweightedsumof thesemismatchesis positive,anddecrementedotherwise.Theweightedsumis positive

wheneitherthe input rateexceedsthe link capacityor thereis excessbacklogto be cleared,andnegative

otherwise.Whenthenumberof usersincreases,themismatchesin rateandin queuegrow, pushingupprice

andhencemarkingprobability. This sendsa strongercongestionsignalto the sourceswhich thenreduce

their rates.Whenthesourceratesaretoo small, themismatcheswill benegative, pushingdown priceand

markingprobability andraisingsourcerates,until eventually, themismatchesaredriven to zero,yielding

highutilizationandnegligible lossanddelayin equilibrium.Thebuffer will beclearedin equilibriumif the

targetqueueis setto zero.
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Whereasthecongestionmeasure(queuelength)in RED is automaticallyupdatedby thebuffer process

accordingto (1), REM explicitly controlstheupdateof its price to bring aboutits first property. Precisely,

for queue6 , theprice 8 �5����� in period
�

is updatedaccordingto:

8 �����9�:����� � 8 �5�����"�<;=�?>����?��5��� �/!�� @� �/��������� �"!�#����� �?��$ %
(2)

where
;BAC2

and
>D�EAF2

aresmall constantsand
� '�$ % �G(+*-,".�'10 2�3

. Here,
��������

is the aggregatebuffer

occupancy atqueue6 in period
�

and
� @�EH 2

is targetqueuelength,
���5�����

is theaggregateinput rateto queue

6 in period
�
, and

#����� �
is theavailablebandwidthto queue6 in period

�
. Thedifference

�7�������I!J#�������
measures

ratemismatchandthedifference
�4�5�����=!:� @� measuresqueuemismatch.Theconstant

>��
canbesetby each

queueindividually andtradesoff utilization andqueueingdelayduring transient.Theconstant
;

controls

the responsivenessof REM to changesin network conditions. Hence,from (2), the price is increasedif

theweightedsumof rateandqueuemismatches,weightedby
>��

, is positive, anddecreasedotherwise.In

equilibrium,thepricestabilizesandthis weightedsummustbezero. i.e.,
>����?��7!:� @� ���K����!L#4�M�N2

. This

canhold only if theinput rateequalscapacity(
���O�P#�

) andthebacklogequalsits target (
�4�O�Q� @�

), leading

to thefirst featurementionedat thebeginningof thearticle.

We make two remarkson implementation.First, REM usesonly local and aggregateinformation –

in particularno per-flow informationis needed– andworks with any work conservingservicediscipline.

It updatesits price independentlyof otherqueuesor routers. Henceits complexity is independentof the

numberof usersor thesizeof thenetwork or its capacity.

Second,it is usuallyeasierto samplequeuelengththanratein practice.Whenthetargetqueuelength� @
is nonzero,wecanbypassthemeasurementof ratemismatch

������� �R!S#4�&�����
in thepriceupdate(2). Notice

that
������� �9!L#����� �

is the rateat which thequeuelengthgrows whenthebuffer is nonempty. Hencewe can

approximatethis termby thechangein backlog,
������O�����"!������� �

. Thentheupdaterule (2) becomes:

8 �����9�:����� � 8 �5�����"�<;=�?������O�����"!��?�T!:>D���?��&�����/!�>���� @ ��$&%
(3)

i.e., thepriceis updatedbasedonly on thecurrentandpreviousqueuelengths.

Theupdateruleexpressedin (2) or (3) contrastssharplywith RED.As thenumberof usersincreases,the

markingprobabilityshouldgrow soasto increasetheintensityof congestionsignal.SinceREDusesqueue

lengthto determinethemarkingprobability, this meansthat themeanqueuelengthmuststeadilyincrease

asthenumberof usersincreases.In contrast,theupdaterule (3) usesqueuelengthto updatea pricewhich

is thenusedto determinethemarkingprobability. Hence,underREM, thepricesteadilyincreaseswhile the

meanqueuelengthis stabilizedaroundthetarget
� @�

, asthenumberof usersincreases.We will comeback

to this point in Section3.4below.

3.2 Sum prices

Thesecondideaof REM is to usethesumof thelink pricesalonga pathasa measureof congestionin the

path, andto embedit into theend-to-endmarkingprobabilitythatcanbeobservedat thesource.

The outputqueuemarkseacharrival packet that is not alreadymarked at an upstreamqueue,with a

probability that is exponentiallyincreasingin the currentprice. This markingprobability is illustratedin
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Figure
U

1. The exponentialform of the markingprobability is critical in a large network wherethe end-

to-endmarkingprobability for a packet that traversesmultiple congestedlinks from sourceto destination

dependson the link markingprobability at every link in the path. When,andonly when,individual link

markingprobabilityis exponentialin its link price,thisend-to-endmarkingprobabilitywill beexponentially

increasingin thesumof thelink pricesatall thecongestedlinks in its path.Thissumis aprecisemeasureof

congestionin thepath.Sinceit is embeddedin theend-to-endmarkingprobability, it canbeeasilyestimated

by sourcesfrom thefractionof their own packetsthataremarked,andusedto designtheir rateadaptation.

Precisely, supposea packet traverseslinks 6 �V��0 W�0 X X XI0 Y
thathave prices8 �Z����� in period

�
. Thenthe

markingprobability [ �5�����
atqueue6 in period

�
is:

[ �5�����\� �T!�]/^`_badcfe�g
(4)

where
]JAB�

is aconstant.Theend-to-endmarkingprobabilityfor thepacket is then:

�h!ji��k/l �?�T! [ �5�����?� � �T!�] ^�m a _naocpe�g
(5)

i.e., theend–to–endmarkingprobabilityis highwhenthecongestionmeasureof its path,
� 8 ����� � , is large.

Whenthelink markingprobabilities[ ����� �
aresmall,andhencethelink prices8 ������� aresmall,theend-

to-endmarkingprobabilitygiven by (5) is approximatelyproportional to thesumof the link pricesin the

path:

end-to-endmarkingprobability q �?r s�tvu�]7� � 8 �5�����

3.3 Modularized features

Thepriceadjustmentrule givenby (2) or (3) leadsto thefeaturethatREM attemptsto equalizeuserrates

with network capacitywhile stabilizingqueuelengtharounda target value,possiblyzero. The exponen-

tial markingprobability functiongiven by (4) leadsto the featurethat theend-to-endmarkingprobability

conveys to a userthe aggregateprice, aggregatedover all routersin its path. Thesetwo featurescanbe

implementedindependentlyof eachother.

For example,onemaychooseto usepriceto measurecongestionbut useadifferentmarkingprobability

function,e.g.,onethat is RED-like or someotherincreasingfunctionof the price, to implementthe first,

but not the second,feature. Alternatively, onemay chooseto measurecongestiondifferently, e.g.,using

loss,delay, or queuelength(but seethenext subsectionfor caution),but markwith anexponentialmarking

probabilityfunction,in orderto implementthesecond,but not thefirst, feature.

3.4 Congestion and performance measures

Renowithout active queuemanagementmeasurescongestionwith buffer overflow, Vegasmeasuresit with

queueing(not including propagation)delay [6], RED measuresit with averagequeuelength, and REM

measuresit with price.A critical differenceamongthemis thecouplingof congestionmeasurewith perfor-

mancemeasure,suchasloss,delayor queuelength,in thefirst threeschemes.Thiscouplingimpliesthat,as
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numberof usersincreases,congestiongrowsandperformancedeteriorates,i.e., ‘congestion’necessarily

means‘bad performance’suchaslarge lossor delay. If they aredecoupled,asin REM, then‘congestion’

(i.e., high link prices)simply signalsthat ‘demandfor exceedssupplyof’ network resources.This curbs

demandbut maintainsgoodperformance,suchaslow delayandloss.

By ‘decoupling’,we meanthat theequilibriumvalueof the congestionmeasureis independentof the

equilibrium loss, queuelength, or delay. Notice that in (3), queuelength determinesthe updateof the

congestionmeasurein REM duringtransient,but not its equilibriumvalue. As thenumberof usersgrows,

pricesin REM grow but queuesstabilizearoundtheir targets. Indeed,theequilibriumvalueof congestion

measure,pricein REM andaveragequeuelengthin RED,is determinedsolelyby thenetwork topologyand

thenumberof users[3], notby theway it is updated.

It is thus inevitable that the averagequeueunderRED grows with the numberof users,gentle or

not. With the original RED, it cangrow to the maximumqueuethresholdmax th whereall packetsare

marked. If max th is settoo high, thequeueingdelaycanbeexcessive; if it is settoo low, thelink canbe

underutilizeddueto severebuffer oscillation. Moreover, if congestionsignal is fed backthroughrandom

droppingratherthanmarking,packet lossescanbevery frequent.Hencein timesof congestion,RED can

beeithertunedto achievehighlink utilizationor low delayandloss,but notboth. In contrast,by decoupling

congestionandperformancemeasures,queuecanbestabilizedaroundits target independentof traffic load,

leadingto high utilization and low delayand loss in equilibrium. Theseare illustratedin the simulation

resultsin thenext section.

4 Performance

4.1 Stability and utility function

It hasrecentlybeenshown thatmajorTCPcongestioncontrolschemes,Reno/DropTail, Reno/RED,Reno/REM,

Vegas/DropTail, Vegas/RED,Vegas/REM,canall be interpretedasapproximatelycarryingout a gradient

algorithmto maximizeaggregatesourceutility [3, 6]; seealso[7, 8] for a relatedmodel. DifferentTCP

schemes,with or without marking,merelydiffer in their choiceof userutility functions.Theduality model

thusprovidesa convenientway to studythestability, optimality andfairnesspropertiesof theseschemes,

andmore importantly, to explore their interaction. In particular, the gradientalgorithmhasbeenproved

mathematicallyto bestableevenin anasynchronousenvironment[9, 10]. Thisconfirmsourextensive real-

life andsimulationexperiencewith theseTCPschemeswhenwindow sizesarerelatively small. It alsohas

two implications.

First, even thoughuserstypically do not know what utility functionsthey shoulduse,by designing

their rateadaptation,they have implicitly chosena particularutility function. By makingthis apparent,the

optimizationmodels[7, 8, 3, 6] deepenour understandingof the currentprotocolsandsuggesta way to

designnew protocolsby tailoring utility functionsto applications.

Second,theutility functionmaybedeterminednotonly byuser’srateadaptation,but alsoby themarking

algorithm. This is true for Reno,i.e., Reno/DropTail, Reno/REDandReno/REMhave slightly different

utility functions.This is aconsequenceof our requirementthattheAIMD (additive-increase-multiplicative-
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decrease)
x

algorithmreactsto packet lossesin the sameway regardlessof whetherthey aredueto buffer

overflow, or RED or REM, even thoughcongestionis measuredandembeddedvery differently in these

schemes.

Recently, a PI (proportional-plus-integral) controlleris proposedin [11] asan alternative active queue

managementto RED andsimulationresultsarepresentedto demonstrateits superiorequilibriumandtran-

sientperformance.It turnsout thatthisPI controllerandREM asexpressedin (3) areequivalent.

4.2 Utilization, loss and delay

We have conductedextensive simulationsto comparethe performanceof REM andRED with both Reno

andNewReno,with single-link andmultiple links, with variousnumberof sources,link capacities,and

propagationdelays;see[5] and[4]. Therelativeperformanceof REM andRED,asexpected,is similarwith

bothRenoandNewRenosincethepropertiesdiscussedin Sections2 and3 arepropertiesof active queue

management,independentof the sourcealgorithms.1 In this subsectionwe presentsomeof theseresults,

comparingtheperformanceof NewReno/DropTail, NewReno/REMandNewReno/RED.

Thesimulationis conductedin thens-2.1b6 simulatorfor asinglelink thathasabandwidthcapacity

of 64Mbpsanda buffer capacityof 120 packets. Packetsareall 1KB in size. This link is sharedby 160

NewRenouserswith the sameroundtrip propagationdelayof 80ms. 20 usersareinitially active at time

0 andevery 50s thereafter, 20 moreusersactivateuntil all 160 usersareactive. Two setsof parameters

areusedfor RED. Thefirst set,referredto asRED(20:80),hasa minimumqueuethresholdmin th = 20

packets,amaximumqueuethresholdmax th = 80packets,andmax p = 0.1.Thesecondset,referredto as

RED(10:30),hasa minimumqueuethresholdmin th = 10 packets,a maximumqueuethresholdmax th

= 30 packets, andmax p = 0.1. For both sets,q weight = 0.002. The parametervaluesof REM are]y�Q��Xd2�2��
,
>S�z2�Xd�

,
;S�Q2�Xd2�2��

,
� @ �QW�2

packets.We have conductedexperimentswith bothmarkingand

droppingpacketsasa way of congestionfeedback.We markor droppacketsaccordingto theprobability

determinedby thelink algorithm.

The resultsareshown in Figure2. As time increaseson the
�

-axis, the numberof sourcesincreases

from 20 to 160andtheaveragewindow sizedecreasesfrom 32 packetsto 4 packets.The { -axis illustrates

the performancein eachperiod(in betweenthe introductionof new sources).Goodputis the ratio of the

total numberof nonduplicatepacketsreceivedat all destinationsperunit time to link capacity. Lossrateis

theratioof thetotal numberof packetsdroppedto thetotalnumberof packetssent.

The left panelcomparesthe performanceof REM with DropTail. In this set of experiments,REM

achievesa slightly highergoodputthanDropTail at almostall window sizeseitherwith droppingor ECN

marking. As the numberof sourcesgrows, REM stabilizesthe meanqueuearoundthe target
� @ �|W�2

packetswhereasthemeanqueueunderDropTail steadilyincreases.The lossrateis aboutthesameunder

REM with droppingasunderDropTail, aspredictedby theduality modelof [3]. The lossrateunderREM

with markingis nearlyzeroregardlessof thenumberof sources(not shown).

The right panelcomparesthe performanceof RED with DropTail. The goodputfor DropTail upper

1UnlikeREM, however, thegoodputunderREDis higherwith droppingthanwith marking;seeFigure2. This is intriguingand

seemsto happenwith NewRenobut not Reno.
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Figure2: Performanceof NewReno/DropTail, NewReno/RED,NewReno/REM.As time increaseson the�
-axis,thenumberof usersincreasesfrom 20to 160andtheaveragewindow sizedecreasesfrom 32packets

to 4 packets. 8



bounds
}

thatof all variationsof RED, becauseit keepsa substantiallylargermeanqueue.Themeanqueue

underall these5 schemessteadilyincreasesasthenumberof sourcesgrows,asdiscussedin Section3.4.As

expected,RED(20:80)hasbothahighergoodputandmeanqueuethanRED(10:30)at all window sizes.

5 Wireless TCP

TCP (or moreprecisely, the AIMD algorithm)wasoriginally designedfor wireline networks wherecon-

gestionis measured,andconveyedto users,by packet lossesdueto buffer overflows. In wirelessnetworks,

however, packetsarelost mainly becauseof bit errors,dueto fadingandinterference,andbecauseof in-

termittentconnectivity, due to handoffs. The couplingbetweenpacket lossandcongestionmeasureand

feedbackin TCP leadsto poorperformanceover wirelesslinks. This is becausea TCPsourcecannotdif-

ferentiatebetweenlossesdueto buffer overflow andthosedueto wirelesseffects,andhalvesits window on

eachlossevent.

Threeapproacheshave beenproposedto addressthis problem[12]. The first approachhidespacket

losseson wirelesslinks, so that the sourceonly seescongestioninducedlosses. This involves various

interferencesuppressiontechniques,errorcontrolandlocal retransmissionalgorithmsonthewirelesslinks.

Thesecondapproachinformsthesource,usingTCPoptionsfields,which lossesaredueto wirelesseffects,

sothatthesourcewill nothalve its rateafterretransmission.

The third approachaimsto eliminatepacket lossdueto buffer overflow, so that the sourceonly sees

wirelesslosses. This violatesTCP’s assumption:lossesno longer indicatebuffer overflow. Congestion

mustbe measuredandfed backusinga differentmechanism.Exploiting thefirst featureof REM (match

rateclearbuffer), we proposeto useREM with ECN markingfor this purpose.Thena TCP sourceonly

retransmitsondetectinga lossandhalvesits window whenseeingamark.

Wenow presentpreliminarysimulationresultsto illustratethepromiseof thisapproach.Thesimulation

is conductedin thens-2 simulatorfor a singlewirelesslink thathasa bandwidthcapacityof 2Mbpsand

a buffer capacityof 100packets. It losespacketsrandomlyaccordingto a Bernoulli lossmodelwith a loss

probabilityof 1%(see[5] for simulationswith burstylossmodel.).A smallpacketsizeof 382bits is chosen

to mitigatethe effect of randomloss. This wirelesslink is sharedby 100 NewRenouserswith the same

roundtrip propagationdelayof 80ms. 20 usersareinitially active at time 0 andevery 50sthereafter, 20

moreusersactivateuntil all 100usersareactive.

With activequeuemanagement,ECNbit is setto 1 in ns-2 sothatpacketsareprobabilisticallymarked

accordingto REDor REM. Packetsaredroppedonly whenthey arriveata full buffer. Wemodify NewReno

sothatit halvesits window whenit receivesamarkor detectsalossthroughtimeout,but retransmitswithout

halvingits window whenit detectsalossthroughduplicateacknowledgments.Wecomparetheperformance

of NewReno/DropTail, (modified)NewReno/REDand(modified)NewReno/REM.Theparametersof RED

andREM have thesamevaluesasin theprevioussection.

Figure3 shows thegoodputwithin eachperiodunderthe four schemes.It shows that the introduction

of ECN markingis very effective in improving thegoodputof NewReno,raisingit from between62%and

91%to between82%and96%,dependingonthenumberof users.ComparisonbetweenREM andREDhas

a similar conclusionasin wireline networks: REM andRED(20:80)maintaina highergoodput(between

9



50 100 150 200 250
60

65

70

75

80

85

90

95

100

Time (sec.)

Go
od

pu
t (

%
)

Newreno   
REM       
RED(20:80)
RED(10:30)

Figure3: WirelessTCP: goodput(%). As time increaseson the
�

-axis, the numberof sourcesincreases

from 20 to 100andtheaveragewindow sizedecreasesfrom 22packetsto 4 packets.

90%and96%) thanRED(10:30)(between82%and95%). As thenumberof sourcesincreases,themean

queuestabilizesunderREM while it steadilyincreasesunderDropTail andRED.

Thisphenomenonalsomanifestsitself in thecumulativepacket lossesdueonly to buffer overflow shown

in Figure4: lossis theheaviestwith NewReno,negligible with RED(10:30)andREM, andmoderatewith

RED(20:80).UnderREM andRED(10:30)buffer overflowsonly duringtransientfollowing introductionof
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Figure4: WirelessTCP:cumulative lossdueto buffer overflow (pkts).As time increaseson the
�

-axis,the

numberof sourcesincreasesfrom 20 to 100 andthe averagewindow sizedecreasesfrom 22 packetsto 4

packets.

new sources,andhencetheir cumulative lossesjump up at thebeginning of eachperiodbut stayconstant

betweenjumps.UnderRED(20:80)andNewReno,on theotherhand,buffer overflows alsoin equilibrium,

andhencetheir cumulative lossessteadilyincreasebetweenjumps.
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A challengewith this approachis its applicationin a heterogeneousnetwork wheresome,but not all,

routersare ECN capable. Routersthat are not ECN capablecontinueto rely on droppingto feed back

congestioninformation.TCPsourcesthatadapttheir ratesonly basedon marksrun therisk of overloading

theserouters.A possiblesolutionis for routersto somehow indicatetheir ECN capability, possiblymaking

useof oneof the two ECN bits proposedin [2]. This may requirethatall routersareat leastECN-aware.

A sourcereactsto marksonly if all routersin its pathareECN capable,but reactsto lossaswell, like a

conventionalTCPsource,if its pathcontainsa routerthatis notECN-capable.

6 Conclusion

Wehave proposedanew active queuemanagementschemeREM thatattemptsto achieve bothhighutiliza-

tion andnegligible lossanddelay. Thekey ideais to decouplecongestionmeasure(price)from performance

measure(lossandqueue)sothat,while congestionmeasuremustvary with thenumberof sources,perfor-

mancemeasurecanbestabilizedaroundits target independently. Simulationresultssuggestthat this goal

seemsachievablewithout sacrificingthesimplicity andscalabilityof theoriginal RED. This propertycan

beexploitedto improve theperformanceof TCPover wirelesslinks. We emphasize,however, that it is an

equilibriumpropertyandREM’s transientbehavior needsmorecarefulstudy. Nonetheless,we believe that

thedesignrationalebehindREM is worthyof seriousexploration.

References

[1] S. Floyd andV. Jacobson.Randomearly detectiongatewaysfor congestionavoidance. IEEE/ACM

Trans. on Networking, 1(4):397–413, August 1993. ftp://ftp.ee.l bl .go v/ papers /

early.ps.gz .

[2] K. K. RamakrishnanandS. Floyd. A Proposalto addExplicit CongestionNotification (ECN) to IP.

RFC2481,January1999.

[3] Steven H. Low. A duality modelof TCP flow controls. In Proceedingsof ITC SpecialistSeminar

on IP Traffic Measurement,ModelingandManagement, September18-202000.http://netlab.

caltech.edu .

[4] Sanjeewa AthuraliyaandSteven H. Low. Optimizationflow control, II: Implementation.Submitted

for publication,http://netlab.c al tec h. edu, May 2000.

[5] SanjeewaAthuraliya,Victor H. Li, StevenH. Low, andQingheYin. REM: ActiveQueueManagement

(extendedversion).Submittedfor publication,http://netlab. ca lt ec h.e du , October2000.

[6] StevenH. Low, Larry Peterson,andLimin Wang.UnderstandingVegas:adualitymodel. In Proceed-

ingsof ACM Sigmetrics, June2001.http://netlab.ca lt ec h. edu /p ub.h tml .

11



[7] FrankP. Kelly. Mathematicalmodellingof the Internet. In Proc. 4th InternationalCongresson In-

dustrialandAppliedMathematics, July1999.http://www.sta tsl ab.c am.a c.u k/ ˜f ra nk /

mmi.html .

[8] SrisankarKunniyur andR. Srikant. End–to–endcongestioncontrol schemes:utility functions,ran-

dom lossesand ECN marks. In Proceedingsof IEEE Infocom, March 2000. http://www.

ieee- infocom.or g/ 2000/ papers /4 01. ps .

[9] Steven H. Low and David E. Lapsley. Optimizationflow control, I: basicalgorithm and conver-

gence.IEEE/ACM TransactionsonNetworking, 7(6):861–874,December1999.http://netlab.

caltech.edu .

[10] FernandoPaganini. On thestability of optimization-basedflow control. In Proceedingsof American

Control Conference, 2001.http://www.ee.u cl a. edu/ ˜pa gani ni /P S/r empr oof. ps .

[11] Chris Hollot, Vishal Misra, Don Towsley, and Wei-Bo Gong. On designingimproved controllers

for AQM routerssupportingTCP flows. In Proceedingsof IEEE Infocom, April 2001. http://

www-net.cs.umas s. edu/p aper s/ paper s. ht ml .

[12] Hari Balakrishnan,VenkataN. Padmanabhan,SrinivasanSeshan,andRandyH. Katz. A compari-

son of mechanismsfor improving TCP performanceover wirelesslinks. IEEE/ACM Transactions

on Networking, 5(6):756–769,December1997. http://HTTP.CS.B er ke le y.E DU/˜ hari /

papers/ton.ps .

12


