REM: Active QueueManagement*

Sanjegva Athuraliya
Victor H. Li
StevenH. Low
QingheYin

Januaryl5,2001

Abstract

We describea new active gueuemanagemermschemeRandomExponentialMarking (REM),

thataimsto achieve bothhigh utilization andnggligible lossanddelayin a simpleandscalable
manner The key ideais to decouplecongestiormeasurdrom performanceneasuresuchas
loss,queudengthor delay While congestiormeasurendicatesexcessdemandor bandwidth
and musttrack the numberof users,performanceneasureshouldbe stabilizedaroundtheir

tamgetsindependentiypf the numberof usersWe explainthe designrationalebehindREM and
presensimulationresultsof its performancen wireline andwirelessnetworks.

1 Introduction

In this article,we describea new active queuemanagemenichemeREM (RandomExponentiaMarking),
thathasthe following key features:

1. match rate clear buffer
It attemptdo matchuserratesto network capacitywhile clearingbuffers (or stabilizequeuesaround
asmalltamget), regardlesof the numberof users.

2. sum prices
Theend-to-endnarking(or dropping)probabilityobsered by a userdependsn a simpleandprecise
manneron the sumof link prices(congestiormeasures)summedover all the routersin the pathof

theuser

Thefirst featureimpliesthat,contraryto the corventionalwisdom,high utilization is not achieved by keep-
ing large backlogsin the network, but by feedingbackthe right informationfor usersto settheir rates.We
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presenssimulationresultsthat demonstratéhat REM canmaintainhigh utilization with negligible lossor
gueueingdelayasthe numberof usersncreases.

The secondeatureis essentialn a network whereuserstypically go throughmultiple congestedinks.
It clarifiesthe meaningof the congestiorinformationembeddedn the end-to-endmarking (or dropping)
probability obsened by a user andthuscanbe usedto designits rateadaptation.

In the following, we describeREM and explain how it achieres thesetwo features. They contrast
sharplywith RED [1]. It will becomeclearthatthesefeaturesareindependentf eachotherandonecanbe
implementedvithout the other We thencomparethe performancef DropTail, RED andREM in wireline
networks throughsimulations. It is well-known that TCP performspoorly over wirelesslinks becauset
cannotdifferentiatebetweenossesdueto buffer overflov andthosedueto wirelesseffectssuchasfading,
interferenceand handofs. We explain hov REM can help addresghis problemand presentsimulation
resultsof its performance.

For therestof this paper unlessotherwisespecified by ‘marking’ we meaneitherdroppinga paclet or
settingits ECN (Explicit CongestioriNotification) bit [2] probabilistically If a pacletis marked by setting
its ECN bit, its markis carriedto thedestinatiorandthenconveyed backto the sourcevia acknaviedgment.

We startby interpretingRED.

2 RED

A main purposeof active queuemanagemenis to provide congestionnformationfor sourcego settheir
rates. The designof active queuemanagemerdlgorithmsmustanswerthreequestionsassumingpaclets
areprobabilisticallymarked:

1. How is congestiormeasured?
2. How is themeasureembeddedn the probability function?
3. How is it fed backto users?

RED answerghesequestionsasfollows.

First, RED measuresongestiorby (exponentiallyweightedaverage)queuelength. Importantly the
choiceof congestiormeasuredetermineshow it is updatedto reflectcongestion(seebelaw), and hence
it affectsthe userutility function thatis beingimplicitly optimizedby TCP[3]. Second the probability
functionis a piecavise linear andincreasingfunction of the congestiormeasureasillustratedin Figure
1. Finally, the congestioninformationis corveyed to the userseitherby droppinga paclet or settingits
ECN bit probabilistically In fact, RED only decidesthe first two questions.The third questionis largely
independent.

REDinteractavith TCP:assourceatesincreasegqueudengthgrows, morepacletsaremarked,prompt-
ing the sourcedo reducetheir rates,andthe cycle repeats.TCP definespreciselyhow the sourceratesare
adjustedwhile actve queuemanagementlefineshow the congestiormeasureas updated. For RED, the
congestiommeasureas queudengthandit is automaticallyupdatedoy the buffer processThe gueudength
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Figurel: Marking probability of (gentle)RED andREM.

in the next periodequalsthe currentqueudengthplusaggrgateinput minusoutput:
bt +1) = [bi(t) +z(t) —a®)]” (1)

where[z]T = max{z,0}. Here,b(t) is the aggr@ate queuelength at queuel in periodt, z;(¢) is the
aggregateinputrateto queue in periodt, and¢ (t) is the outputratein periodt.

3 Random Exponential Marking (REM)

REM differsfrom RED only in thefirst two designquestionsit usesadifferentdefinitionof congestionmea-
sureandadifferentmarkingprobabilityfunction. Thesedifferencedeadto thetwo key featureanentioned
in thelastsection,aswe now explain. Detail derivationandjustification,a pseudocod@anplementationand
muchmoreextensve simulationscanbefoundin [4, 5].

3.1 Match rateclear buffer

Thefirstideaof REM is to stabilizeboththe input ratearoundlink capacityandthe queuearounda small
tamget, regardlessof the numberof uses sharingthelink.

EachoutputqueuethatimplementsREM maintainsa variablewe call ‘price’ asa congestiormeasure.
This variableis usedto determinethe marking probability asexplainedin the next subsection.Priceis
updatedperiodicallyor asynchronous)ypasednratemismatch(i.e., differencebetweernnputrateandlink
capacity)andqueuemismatch(i.e., differencebetweemueudengthandtamget). Thepriceis incrementedf
theweightedsumof thesemismatchess positive, anddecrementedtherwise . Theweightedsumis positive
wheneitherthe input rate exceedsthe link capacityor thereis excessbacklogto be cleared,andnegative
otherwise Whenthenumberof usersincreasesthe mismatchesn rateandin queuegrow, pushingup price
andhencemarking probability This sendsa strongercongestiorsignalto the sourceswvhich thenreduce
their rates.Whenthe sourceratesaretoo small, the mismatchewill be negative, pushingdown price and
marking probability andraising sourcerates,until eventually the mismatchesredrivento zero,yielding
high utilization andnggligible lossanddelayin equilibrium. The buffer will beclearedn equilibriumif the
talgetqueuds setto zero.



Whereaghe congestiommeasurdqueudength)in RED is automaticallyupdatedoy the buffer process
accordingto (1), REM explicitly controlsthe updateof its priceto bring aboutits first property Precisely
for queuel, thepricep,(t) in periodt is updatedaccordingto:

pt+1) = [pi(t) +y(au(bi(t) — b)) + z(t) — a(t)]” (2)

wherey > 0 ando; > 0 aresmall constantsand [z]T = max{z,0}. Here,b(t) is the aggreatebuffer
occupang atqueue in periodt andb; > 0 is targetqueudength,z;(¢) is theaggregateinputrateto queue
lin periodt, andc(t) is theavailablebandwidthto queud in periodt. Thedifferencer;(t) — ¢;(t) measures
ratemismatchandthe differenceb; (t) — b; measuregjueuemismatch.The constanty; canbe setby each
gueueindividually andtradesoff utilization andqueueingdelay duringtransient. The constanty controls
the responsienessof REM to changesn network conditions. Hence,from (2), the price is increasedf
the weightedsumof rateandqueuemismatchesweightedby «;, is positive, anddecreasedtherwise.In
equilibrium, the price stabilizesandthis weightedsummustbe zero.i.e., a;(b; — b)) + 2; — ¢, = 0. This
canhold only if theinputrateequalscapacity(z; = ¢;) andthebacklogequalsts tamget(b; = b)), leading
to thefirst featurementionedat the beginning of the article.

We make two remarkson implementation. First, REM usesonly local and aggrejateinformation—
in particularno perflow informationis needed- andworks with ary work conservingservicediscipline.
It updatests price independentlyof otherqueuesor routers. Henceits complity is independenof the
numberof usersor the sizeof the network or its capacity

Second|t is usuallyeasierto samplequeuelengththanratein practice. Whenthetamet queuelength
b* is nonzerowe canbypasghe measuremerdf ratemismatche; (¢) — ¢ () in the priceupdate(2). Notice
thatz;(t) — ¢ (¢) is the rateat which the queuelengthgrows whenthe buffer is nonempty Hencewe can
approximatehis termby the changen backlog,b;(t + 1) — b;(t). Thentheupdaterule (2) becomes:

p(t+1) = [pi(t) + (bt +1) — (1 — ag)by(t) — ap*)]* (3)

i.e.,thepriceis updatedasecdnly onthe currentandprevious queueengths.

Theupdaterule expressedn (2) or (3) contrastsharplywith RED. As thenumberof userdncreaseshe
markingprobability shouldgrow soasto increaseheintensityof congestiorsignal. SinceRED usesqueue
lengthto determinethe markingprobability this meanshatthe meanqueuelengthmuststeadilyincrease
asthe numberof usersincreasesin contrastthe updaterule (3) usesqueuelengthto updatea price which
is thenusedto determinghe markingprobability Hence,underREM, the price steadilyincreasesvhile the
meanqueuelengthis stabilizedaroundthetamgetb;, asthe numberof usersincreasesWe will comeback
to this pointin Section3.4 below.

3.2 Sumprices

The seconddeaof REM is to usethe sumof thelink pricesalonga pathasa measuref congestionin the
path andto embedt into theend-to-endnarkingprobabilitythatcanbe obsened atthe source.

The outputqueuemarkseacharrival paclet thatis not alreadymarked at an upstreamqueue,with a
probability thatis exponentiallyincreasingin the currentprice. This marking probability is illustratedin
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Figure 1. The exponentialform of the marking probability is critical in a large network wherethe end-
to-endmarking probability for a paclet that traversesmultiple congestedinks from sourceto destination
dependon the link marking probability at every link in the path. When, and only when, individual link
markingprobabilityis exponentialn its link price,thisend-to-endnarkingprobabilitywill beexponentially
increasingn the sumof thelink pricesatall thecongestedinks in its path. This sumis aprecisemeasuref
congestionn thepath. Sinceit is embeddedh theend-to-endnarkingprobability it canbeeasilyestimated
by sourcedrom the fraction of their own pacletsthataremarked,andusedto designtheir rateadaptation.

Precisely supposea paclet traversedinks | = 1,2, ..., L thathave pricesp;(¢) in period¢. Thenthe
markingprobabilitym, (¢) atqueuel in periodt is:

my(t) = 1—¢ 7 (4)

where¢ > 1 is aconstant.Theend-to-endnarkingprobability for thepacletis then:

L
L-J[a-m) = 1-¢72n® (5)
=1
i.e., theend—to—endnarkingprobabilityis high whenthe congestiormeasuref its path,) *, p;(t), is large.
Whenthelink markingprobabilitiesm;(¢) aresmall,andhencethelink pricesp;(t) aresmall,theend-
to-endmarking probability given by (5) is approximatelyproportional to the sumof thelink pricesin the
path:

end-to-endnarkingprobability ~ (log, ¢) > py(t)
l

3.3 Modularized features

The price adjustmentule givenby (2) or (3) leadsto the featurethat REM attemptso equalizeuserrates
with network capacitywhile stabilizing queuelengtharounda target value, possiblyzero. The exponen-
tial marking probability function given by (4) leadsto the featurethat the end-to-endmarking probability
corveys to a userthe aggregate price, aggreatedover all routersin its path. Thesetwo featurescanbe
implementedndependentlyf eachother

For example,onemaychooseo usepriceto measureongestiorbut usea differentmarkingprobability
function, e.g.,onethatis RED-like or someotherincreasingfunction of the price, to implementthe first,
but not the second feature. Alternatively, one may chooseto measurecongestiordifferently e.g., using
loss,delay or queudength(but seethe next subsectiorfor caution),but markwith anexponentialmarking
probability function,in orderto implementthe secondput notthefirst, feature.

3.4 Congestion and performance measures

Renowithout active queuemanagemenineasuresongestiorwith buffer overflon, Vegasmeasure# with
gueueing(not including propagation)delay [6], RED measurest with averagequeuelength, and REM
measurest with price. A critical differenceamongthemis the couplingof congestiormeasuravith perfor
mancemeasuresuchasloss,delayor queudength,in thefirst threeschemesThis couplingimpliesthat,as
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thenumberof userdncreases;ongestiorgrows andperformancealeteriorates, e., ‘congestion’necessarily
meansbad performancesuchaslargelossor delay If they aredecoupledasin REM, then‘congestion’

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

demandout maintainsgoodperformancesuchaslow delayandloss.

By ‘decoupling’, we meanthatthe equilibrium value of the congestiormeasurés independenbf the
equilibrium loss, queuelength, or delay Notice thatin (3), queuelength determinegshe updateof the
congestiormeasuren REM duringtransientbut notits equilibriumvalue As the numberof usersgrows,
pricesin REM grow but queuesstabilizearoundtheir taigets. Indeed,the equilibrium value of congestion
measurepricein REM andaveragequeudengthin RED, is determinedsolelyby the network topologyand
thenumberof userq3], notby theway it is updated.

It is thusinevitable that the averagequeueunderRED grows with the numberof users,gentle or
not. With the original RED, it cangrow to the maximumqueuethresholdmax_th whereall pacletsare
marked. If max_th is settoo high, the queueingdelaycanbe excessie; if it is settoo low, thelink canbe
underutilizeddueto severe buffer oscillation. Moreover, if congestiorsignalis fed backthroughrandom
droppingratherthanmarking, paclet lossescanbe very frequent.Hencein timesof congestionRED can
beeithertunedto achiese highlink utilization or low delayandloss,but notboth. In contrastpy decoupling
congestiorandperformanceneasuresjueuecanbe stabilizedaroundits targetindependentf traffic load,
leadingto high utilization andlow delayandlossin equilibrium. Theseareillustratedin the simulation
resultsin thenext section.

4 Performance

4.1 Stability and utility function

It hasrecentlybeenshavn thatmajorTCPcongestiortontrolschemedReno/Dropdil, Reno/REDReno/REM,
Vegas/Dropil, Vegas/RED Vegas/REM,canall be interpretedas approximatelycarryingout a gradient
algorithmto maximizeaggregatesourceutility [3, 6]; seealso[7, 8] for a relatedmodel. Different TCP
schemeswith or without marking,merelydiffer in their choiceof userutility functions.The duality model
thusprovidesa convenientway to studythe stability, optimality andfairnesspropertiesof theseschemes,
and more importantly to explore their interaction. In particular the gradientalgorithm hasbeenproved
mathematicallyo be stableevenin anasynchronousrvironment[9, 10]. This confirmsour extensve real-
life andsimulationexperiencewith theseTCP schemesvhenwindow sizesarerelatively small. It alsohas
two implications.

First, even thoughuserstypically do not know what utility functionsthey shoulduse, by designing
their rateadaptationthey have implicitly chosena particularutility function. By makingthis apparentthe
optimizationmodels[7, 8, 3, 6] deepenour understandingf the currentprotocolsand suggesta way to
designnew protocolsby tailoring utility functionsto applications.

Secondtheutility functionmaybedeterminedotonly by users rateadaptationbut alsoby themarking
algorithm. This is true for Reno,i.e., Reno/Dropdil, Reno/REDand Reno/REMhave slightly different
utility functions.Thisis aconsequencef ourrequirementhatthe AIMD (additive-increase-mtiplicative-
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decreasealgorithmreactsto paclet lossesin the sameway regardlessof whetherthey aredueto buffer
overflow, or RED or REM, even thoughcongestionis measuredand embeddedrery differently in these
schemes.

Recently a Pl (proportional-plusategrd) controlleris proposedn [11] asan alternatve active queue
managemenb RED andsimulationresultsare presentedo demonstratéts superiorequilibriumandtran-
sientperformancelt turnsoutthatthis Pl controllerandREM asexpressedn (3) areequvalent.

4.2 Utilization, loss and delay

We have conductedextensve simulationsto comparethe performanceof REM and RED with both Reno
and NewReno, with single-link and multiple links, with variousnumberof sourceslink capacities,and
propagatiordelays;seg[5] and[4]. Therelatve performancef REM andRED, asexpectedjs similarwith
both RenoandNewRenosincethe propertiesdiscussedn Sections2 and 3 are propertiesof active queue
managementndependentf the sourcealgorithms! In this subsectiorwe presentsomeof theseresults,
comparingthe performancef NewReno/Drop&il, NewReno/REMandNewReno/RED.

Thesimulationis conductedn thens-2.1b6 simulatorfor asinglelink thathasa bandwidthcapacity
of 64Mbpsanda buffer capacityof 120 paclets. Pacletsareall 1KB in size. This link is sharedby 160
NewRenouserswith the sameroundtrip propagatiordelay of 80ms. 20 usersareinitially active at time
0 and every 50sthereafter 20 more usersactivate until all 160 usersare active. Two setsof parameters
areusedfor RED. Thefirst set,referredto asRED(20:80),hasa minimum queuethresholdmin _th = 20
paclets,amaximumqueuethresholdnax_th =80 paclets,andmax_p =0.1. Thesecondset,referredto as
RED(10:30),hasa minimumqueuethresholdmin _th = 10 paclets,a maximumqueuethresholdmax_th
= 30 paclets,and max_p = 0.1. For both sets,q_weight = 0.002. The parametewvaluesof REM are
¢ = 1.001, a = 0.1, v = 0.001, b* = 20 paclets. We have conductedexperimentswith both markingand
droppingpacletsasa way of congestiorfeedback.We mark or drop pacletsaccordingto the probability
determinedy thelink algorithm.

Theresultsareshovn in Figure 2. As time increase®n the z-axis, the numberof sourcesncreases
from 20 to 160andthe averagewindow sizedecreaseffom 32 pacletsto 4 paclets. The y-axisillustrates
the performancen eachperiod(in betweerthe introductionof nev sources).Goodpultis the ratio of the
total numberof nonduplicatgacletsreceved at all destinationgerunit time to link capacity Lossrateis
theratio of thetotal numberof pacletsdroppedo thetotal numberof pacletssent.

The left panelcompareghe performanceof REM with DropTail. In this setof experiments,REM
achievesa slightly highergoodputthanDropTail at almostall window sizeseitherwith droppingor ECN
marking. As the numberof sourcesgrons, REM stabilizesthe meanqueuearoundthe taiget b* = 20
pacletswhereaghe meanqueueunderDropTail steadilyincreasesThelossrateis aboutthe sameunder
REM with droppingasunderDropTail, aspredictedby the duality modelof [3]. ThelossrateunderREM
with markingis nearlyzeroregardlesf the numberof sourcegnot shavn).

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

1Unlike REM, however, thegoodputunderRED s higherwith droppingthanwith marking;seeFigure2. Thisis intriguingand
seemgo happerwith NewRenobut not Reno.
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boundsthat of all variationsof RED, becausét keepsa substantiallJarger meanqueue.The meanqueue
underall theseb schemesteadilyincreasessthe numberof sourcegrows, asdiscussedn Section3.4. As
expected RED(20:80)hasboth a highergoodputandmeanqueugthanRED(10:30)at all window sizes.

5 WirelessTCP

TCP (or more precisely the AIMD algorithm)was originally designedor wireline networks wherecon-
gestionis measuredandcorveyedto userspy pacletlossesdueto buffer overflows. In wirelessnetworks,
however, pacletsarelost mainly becausef bit errors,dueto fadingandinterference andbecausef in-
termittentconnectiity, dueto handofs. The coupling betweenpaclet loss and congestiormeasureand
feedbackin TCP leadsto poor performancever wirelesslinks. This is because TCP sourcecannotdif-
ferentiatebetweerlossesdueto buffer overflov andthosedueto wirelesseffects,andhalvesits window on
eachlossevent.

Threeapproache$fave beenproposedo addresghis problem[12]. The first approachhidespaclet
losseson wirelesslinks, so that the sourceonly seescongestioninducedlosses. This involves various
interferencesuppressiotechniqueserrorcontrolandlocal retransmissiomlgorithmson the wirelesslinks.
Thesecondapproachnformsthe sourceusingTCP optionsfields,whichlossesaredueto wirelesseffects,
sothatthesourcewill nothalwe its rateafterretransmission.

The third approachaimsto eliminate paclet lossdueto buffer overflow, sothatthe sourceonly sees
wirelesslosses. This violatesTCP’s assumption:lossesno longerindicate buffer overflov. Congestion
mustbe measuredndfed backusing a differentmechanism.Exploiting the first featureof REM (match
rate clearbuffer), we proposeto useREM with ECN markingfor this purpose.Thena TCP sourceonly
retransmitson detectingalossandhalvesits window whenseeinga mark.

We now presenpreliminarysimulationresultsto illustratethe promiseof this approachThesimulation
is conductedn thens-2 simulatorfor a singlewirelesslink thathasa bandwidthcapacityof 2Mbpsand
a buffer capacityof 100 paclets. It losespacletsrandomlyaccordingto a Bernoullilossmodelwith aloss
probability of 1% (se€[5] for simulationswith burstylossmodel.).A smallpaclet sizeof 382bitsis chosen
to mitigate the effect of randomloss. This wirelesslink is sharedby 100 NewRenouserswith the same
roundtrip propagatiordelay of 80ms. 20 usersareinitially active attime 0 andevery 50sthereafter20
moreusersactivateuntil all 100usersareactive.

With active queuemanagemengECN bitis setto 1 in ns-2 sothatpacletsareprobabilisticallymarked
accordingo RED or REM. Paclketsaredroppedonly whenthey arrive atafull buffer. We modify NewReno
sothatit halvesits window whenit recevesamarkor detectsalossthroughtimeout,but retransmitsvithout
halvingits window whenit detectsalossthroughduplicateacknaviedgmentsWe compareheperformance
of NewReno/Drop&il, (modified)NewReno/REDand(modified)NewReno/REM.The parametersf RED
andREM have the samevaluesasin the previoussection.

Figure 3 shawvs the goodputwithin eachperiodunderthe four schemesit shawvs thattheintroduction
of ECN markingis very effective in improving the goodputof NewReno,raisingit from betweern62%and
91%to betweerB2%and96%,dependingnthenumberof users.ComparisorbetweerREM andRED has
a similar conclusionasin wireline networks: REM and RED(20:80)maintaina highergoodput(between
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Figure 3: WirelessTCP: goodput(%). As time increase®n the x-axis, the numberof sourcesncreases
from 20to 100andtheaveragewindow sizedecreasefom 22 pacletsto 4 paclets.

90% and96%) thanRED(10:30)(between32% and 95%). As the numberof sourcesncreasesthe mean
gueuestabilizesunderREM while it steadilyincreasesinderDropTail andRED.

This phenomenoalsomanifeststself in thecumulatve pacletlossedueonlyto buffer overflow shavn
in Figure4: lossis the heariestwith NewReno,negligible with RED(10:30)andREM, andmoderatewith
RED(20:80).UnderREM andRED(10:30)buffer overflows only duringtransientfollowing introductionof
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Figure4: WirelessTCP: cumulatve lossdueto buffer overflow (pkts). As time increase®n the z-axis, the
numberof sourcesncreasesgrom 20 to 100 andthe averagewindow sizedecreasefrom 22 pacletsto 4
paclets.

new sourcesandhencetheir cumulatve lossegump up at the beginning of eachperiodbut stay constant
betweerjumps. UnderRED(20:80)andNewReno,on the otherhand,buffer overflows alsoin equilibrium,
andhencetheir cumulatve lossessteadilyincreasebetweerjumps.
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A challengewith this approachs its applicationin a heterogeneousetwork wheresome,but not all,
routersare ECN capable. Routersthat are not ECN capablecontinueto rely on droppingto feed back
congestiorinformation. TCP sourceghatadapttheir ratesonly basedon marksruntherisk of overloading
theserouters.A possiblesolutionis for routersto somehav indicatetheir ECN capability possiblymaking
useof oneof thetwo ECN bits proposedn [2]. This mayrequirethatall routersareat leastECN-aware.
A sourcereactsto marksonly if all routersin its pathare ECN capable but reactsto lossaswell, like a
corventionalTCP source|f its pathcontainsa routerthatis not ECN-capable.

6 Conclusion

We have proposed hew active queuemanagemerdichemeREM thatattemptdo achieve bothhigh utiliza-
tion andnegligible lossanddelay Thekey ideais to decouplecongestiomeasurdprice)from performance
measurglossandqueue)sothat, while congestiormeasuranustvary with the numberof sourcesperfor
mancemeasureanbe stabilizedaroundits targetindependently Simulationresultssuggesthatthis goal
seemsachiezable without sacrificingthe simplicity and scalability of the original RED. This propertycan
be exploitedto improve the performanceof TCP over wirelesslinks. We emphasizehowever, thatit is an
equilibriumpropertyandREM’s transientbehaior needanorecarefulstudy Nonethelesswe believe that
thedesignrationalebehindREM is worthy of seriousexploration.
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