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Abstract— The paper analyzeshow using a longer memory of the past
queue occupancyin computing the average queue occupancy affects the
stability and variability of a RED queue.Extensive simulation studieswith
both persistentand Web TCP sourcesare usedto study the variance of the
RED queueasa function of the memory of the averaging process.Our re-
sults show that there is very little performance improvement (and in fact,
possibly significant performance degradation) if the length of memory is
increasedbeyond a very small value. Contrary to current practice, our re-
sults shaw that a longer memory reducesthe negative correlation typically
obsewved amongthe windows of the constituent TCP flows, and hence,sug-
gestthe useof the instantaneousqueueoccupancyin practical RED queues.

|. INTRODUCTION

Mechanismssuchas RED [1] and ECN [2], which provide
randomizedandearly notificationof congestionhave beenrec-
ommended3] ascongestiorcontroltechniquesn the Internet,
especiallyfor TCP traffic. Algorithms suchasRED andECN
primarily attemptto reducebuffer underflav and consequent
undetutilization of link capacityby preventing the synchro-
nized evolution of the TCP congestionrwindows. Techniques
which reducethe variability in the queueoccupang without
affecting the ability of suchrandomnatification buffersto ab-
sorbtransienburstsarerecommendedisthey indirectlyreduce
the probability of buffer underflav. Decreasinghe variability
alsoachiezesan importantsecondangoal: reduction of jitter.
Reduceditter is beneficial,especiallyfor real-timeapplication
traffic, suchas Voice-over-IP, which might be multiplexed on
thesamequeue.

To minimize the bias againsttransientbursts, currentim-
plementationsuse an exponentiallyweightedmoving average
(EWMA) of the pastqueueoccupanyg in determiningthe drop-
ping/ marking probability Mathematicallyspeakingthe drop-
ping probability, p(-) is a function of the averagedqueueoc-
cupany, Qquvg; Qavg IS cOmputedfor every incoming packet
accordingto theiterative relationship:

i—1
avg

Pe=(1—a)x

avg —

1)

where superscripti refersto the arrival of the i** packet and
Q.. refersto the instantaneousgjueueoccupanyg. « is the
weight (alsocalledthe smoothing factor or theforgetting factor)
andeffectively determineshelengthof thememoryusedin the
averagingprocess.

In this paper we investigatehow the length of the memory
(history of the pastqueueoccupang) in the dropping/marking
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processaffectsthe stability andvariability of the queue.We re-

port on extensie simulations,which studiedhow the length of

thememoryin theEWMA processaffectedthevariability of the
gueueoccupang underRED. In contrastto currentlypreferred
valuesfor a, we find thatrandomdroppingqueuesprovide bet-
ter performancavhenlittle or no memoryis usedin the deter

minationof the packet drop probability.

We first usepersistenfTCP sourcedo shov how theuseof a
longermemoryin the droppingprocesgraduallyincreaseshe
oscillatorybehaior (andhencethevariability) of thequeueoc-
cupang. We alsodemonstrat¢hatanincreasen theround-trip
times of the TCP flows makes the queueoccupang less sta-
ble and more proneto large variations. We subsequentlyse
bothpersistentswell asWeb-styleT CPtraffic sourcedo shav
that using a lower smoothingfactor (weight) while computing
the averagequeueoccupanyg (i.e., increasingthe memoryin-
volved in the dropping process)never reducesthe variability
of the queueoccupang and often increasest. In particular
we demonstratehat increasingthe memory of the averaging
procesdeadsto an appreciabléncreasen the queuevariance
for persistenfTCP flows, and a significant, but lessdramatic,
increasein the queuevariancefor Web-typeintermittent TCP
flows.

The simulationresultsin this paperthuscorroborateanalyt-
ical resultsin [4], which modeledthe dynamicsof a random
drop buffer using a DelayedOrnstein-Uhlenbeclprocess. In
this paperwe shav how thechangen thevarianceof thequeue
occupanyg with increasingmemoryin the averagingprocesss
really dueto changesn thenegative correlationamongthecon-
gestionwindows of the competingTCP flows, a phenomenon
discussedh [5]. Ourstudiesshaw thatlargermemoryin theav-
eragingprocesslecreasethis negative correlation,andthereby
increaseshe queuevariancewithout noticeablyaffecting either
the overall drop probability or the distribution of theindividual
TCPwindows.

While our simulation studies involve only RED queues
performing paclket drops, the underlying explanation applies
equally to ECN queuesproviding congestionfeedbackvia
paclet marking. The resultspresentecherewould essentially
applyto any randomized:ongestiomotificationmechanism.

A. Related Work

Randomizeckarlycongestiorfeedbackor TCPwasfirst pro-
posedin [6], wherethe droppingprobability wasbasedon the
instantaneougueueoccupany. Thewell known paperby Floyd
and Jacobsor1] introducedRandomEarly Detection(RED),
which continuego be the mostpopularrandomizedcongestion
feedbackmechanisnturrently deployed. Floyd and Jacobson



[1] qualitatively motivatestheuseof anexponentially-smoothed by p(Q).

averagequeueoccupanyg (asspecifiedin equationl) andem-
ploys atechniqueto generatea uniform distribution for the gap
betweersuccessie pacletdrops.Veryfew results however, ex-

ist on the appropriatechoiceof the weight, «, aswell asother
RED parametersStudieshave shovn how adaptve algorithms
for modifying RED’s drop thresholdscanimprove the perfor

manceof RED over wide variationsin the offeredload andthe
numberof active flows. For example,SRED[7] modifiesthe
drop probability basedon the numberof actve flows, while

BLUE [8] adaptghedroppingprobabilitybasedon buffer over-

flow andlink idle events.Few results however, exist onthe de-
terminationof theappropriatdengthof theexponentiaimemory
in RED’s droppingprocess.Note that the resultsof this paper
complementpproachesuchasSREDandBLUE; our recom-
mendation®n the appropriatechoiceof a applynotjustto the
basicRED algorithmbut to its adaptie variantsaswell.

Ott [4] presenteda mathematicamodelto approximatethe
behaior of a queuebuffering TCP traffic. The modelusesa
diffusion approximatiorfor the variationin the occupanyg of a
RED/ECNqueuewhensharedy mary persistenT CPsources.
After incorporatingthe effects of round-tripdelaysin the TCP
feedbacKoop andthe EWMA mechanisnin thebuffer, thedif-

fusion model was found to be a delayedOrnstein-Uhlenbeck

processwith exponentialsmoothing. Stochasticstability algo-

rithms from control theorywerethenappliedto shav that, un-

der suficiently large delaysin the feedbackloop, the approx-
imated queuebehaior would becomeunstable,even if expo-

nential smoothingwas absent. More importantly, exponential
smoothingneverimprovesthe stability of the diffusionprocess,
andin mary casescanactuallydrive a stableprocessnto un-

stablebehaior. We shalluseour simulationsto validatethese
mathematicatonclusions.

[5] shoved how the congestionwindows of different TCP
flows sharingthe samebottleneckbuffer exhibit negative cor
relation;suchnegative correlationexplainswhy the varianceof
thequeuds smallerthanthesumof theindividual variances[9]
shawvs how this negative correlationcanbe exploited by ‘drop-
biasing’ strategjiesthat alter the distribution of paclet dropsto
furtherreducethe variability of the queueoccupang. Our sim-
ulationswill useall the 5 drop-biasingstratejies presentedn
[9] to shov how the useof excessve memoryin the dropping
procesglegradegshe queuevariability in all instances.

Il. MATHEMATICAL MODELS FOR QUEUE AND SOURCE
BEHAVIOR

In this section,we mathematicallyrepresenthe processof
determininghe pacletdropprobabilityin a RED buffer andthe
sourcemodelsfor TCP traffic usedin our simulations.We also
presenthe setof metricsusedto determinehow changesn «
impacttheability of the RED queueto handleburstytraffic.

A. Model for Random Dropping Queue Behavior

The droppingprobabilityin RED queuess a functionof the
relevant buffer occupany, denotedby Q*. Thedrop function
determineghe basepaclet droppingprobability andis denoted

For our simulations we usethe standardinear modelfor the
dropfunction,sothat:

p(Q = 0 V@Q < ming,
= 1 V Q > mazy,
Pmaz * (Q - mazth)

= - Vming, < Q < mazip
mazs, — ming,

@

wheremaz;;, andming, arethe maximumandminimumdrop
thresholdsandp,,,,. is the maximumpacletdrop probability.

As shown in equation(1), RED usesan EWMA-basedesti-
mation of the averagedqueueoccupany, Q,.g, in evaluating
thedropfunction. Implementorcanvary thelengthof memory
usedin thedroppingprocessdy varyingtheweighta. A smaller
a impliesarelatively largermemoryin theEWMA processi.e.,
agreateiimpactof thepastqueueoccupanyg onthecurrentdrop
probability. Notethatif theweighta = 1, thedropfunctionde-
pendsonly the instantaneougueueoccupany; as«a | 0, the
memoryof the averagingprocessncreasesAs a first approxi-
mation,thelength of the memory in theaveragingprocessanbe
expressedasé. Accordingly, by varying a within the interval
(0, 1], we canobtainthe entirerangeof memoryin thedropping
process.

Thedropfunctionp(Q) essentiallydetermineshe mean drop
probability associatedvith a specificqueueoccupang: if the
gueueoccupang wasto remainconstantt ¢, oneout of every

ﬁth pacletwould be droppedon average Differentforms of
‘drop-biasing’canbe usedto alterthe distribution of the inter-
drop gap,aslong asthe meangap staysunchanged.Five dif-
ferentforms of drop-biasingstrateyies are studiedin [9]; we
useall the 5 drop-biasingstrat@iesto demonstrat¢hatour ob-
senationson the role of memoryin the averagingprocessare

independentf the choiceof thedrop-biasingstrateyy.

B. TCP Source Models and Smulation Parameters

We usethe TCP New Renoversionpresentin the ns-2[10]
simulator for our simulations. Two separatesourcemodels
(which emphasizelifferentphasesof TCP’s congestiorcontrol
algorithm) for TCP traffic were usedin our simulations. The
conventionalpersistent sourcemodelassumefinite-sizedfile
transfersthe senders congestiorwindow is the only constraint
ontheinjectionof new datapaclkets. Underconditionsof mod-
eratelylow loss,thecongestion avoidance algorithm[11] is then
the primaryflow controlmechanism.

TheWeb TCP sourcemodelmimicsthe effectsof Web-based
TCP transaction@ndinvolvesthe transferof finite-sizedfiles.
The modelis basedon [12] and consistsof a cycle of a single
Web transaction (eachconsistingof multiple file transfers)al-
ternatingwith inactive off-periods (whenno datatransfertakes
place). Eachfile transferoccurssequentially and on a distinct
TCPconnectionSincemostfiles areonly afew KBytesin size,
most files are transferredusing TCP’s initial slow-start algo-
rithm. More importantly giventhe on-off natureof thesources,

LIf aninstantaneougueueoccupang is used(no memory),Q is the sameas
Qcurr; if exponentialaveragingis present( is identicalto Q4+ 4, theaveraged
gueueoccupany.

2Whena = 1, we shallreferto thequeueasasan ERD queueto indicatethe
useof theinstantaneougueueoccupanyg in the paclet droppingprocess.



the numberof active TCP connectiondluctuatesrapidly; since
the occupang of the RED queues dependendn the numberof

activeflows,thequeueoccupang will fluctuateaswell [7]. Cur-

rentWebtransferprotocols(e.g.,HTTP 1.1 [13]) usepersistent

TCP connections, wherebythe sameTCP connectionis used
for multiple transfers. This clearly resultsin a larger effective
file sizetransferredby a single connection;the sourcebehar-

ior is thencloserto that of persistenfTCP sources.Resultsin

sectionlV show thatthe effectsof memoryin the EWMA pro-
cessare more pronouncedor persistenfTCP sourceshanfor

our Web sourcemodel. Accordingly, theadoptionof HTTP 1.1
only senesto reinforceour obsenationson the behaior of the
RED queuewith Web TCPtraffic.

Due to spacelimitations, we only presentresultsherefor a
network topology involving a single bottleneckrandomdrop
gueuewith a capacity(C) of 1.5 Mbps, a min;, of 20 pack-
ets,a mazy, of 200 paclets,a p,,q, Of 0.05 anda maximum
buffer size of 500 paclets; resultsfrom othernetwork specifi-
cationsarequalitatively similar andarenot discussedhere. All
TCP andUDP connectiondhave paclket sizesof 512 bytes. To
remove possiblesynchronizatioreffects amongdifferent TCP
flows, the round-trip times of the individual TCP flows were
uniformly spacedover the interval (50, 250)msec. To indicate
the universality of our obsenations,we shall alsooccasionally
presentesultswhereall theflows have similar round-triptimes
(25msec). The queueoccupang and TCP window sizesare
sampledevery 50msecto generateur statistics.The numberof
persistenT CPsourcess variedbetweer2 — 15 while thenum-
berof ‘WebTCP’ sourcess variedbetweer80 — 120. Sincethe
differentdrop-biasingstrategyiesleadto differentexpressiongor
the meaninter-drop gap,we modifiedthe maximumdrop prob-
abilitiesfor eachstrateyy (usingthetechniquesxplainedin [9])
to ensurahatthemeanqueueoccupanciesverenearlythesame
for all drop-biasingstratejies.

C. Metricsfor Bursty Losses

To study how changedo the weight a affect the ability of
RED to absorbbursty losses,we use a set of perflow loss-
relatedmetricsand averageover the individual flows to obtain
anaggreatemetric.

The simplestsuch metric of paclet lossesis the runlength
of packet drops, which representshedistribution of continuous
burstsof losses.The runlengthis, however, not a very suitable
metric, since TCP flows rarely lose consecutive paclkets. More
importantly TCP behaior exhibits timeoutsand performance
degradatiorwhenmultiple lossesoccurin awindow; thelosses
neednot be backto back. To studythe presenceof suchex-
tendedloss bursts,we study the distribution of the numberof
lossesin a block (calledcluster)of P consecutie paclets. (In
our studieswe choseP to be approximatelyhalf thereciprocal
of theaveragepacletlossrate. This ensureghat, in the caseof
randomandindependenpaclet drops,the numberof lossesin
ablockis typically either0 or 1.) To investigatehe possibleex-
istenceof losshburstsof lengthlargerthantheblock size P, we

31n the context of HTTP, the useof the word ‘persistent’implies the useof
a single TCP connectionfor multiple file transfers. This is differentfrom the
earlierdefinition of persistenfTCP sourcemodels,which refersto the transfer
of infinitely largefiles over asingle TCP flow.

alsodeterminedfor eachindividual flow, the auto-covariance
function C(j), j = 0,1,... of the time-seriesformed by the
numberof packet dropsin eachconsecutie cluster In gen-
eral,alarger spreadof the distribution of the numberof paclet
lossegerclusteror largervaluesof theaverageauto-caovariance
Cauvg(k) for k = (1,2,...) indicatesa lower ability to absorb
transientoursts.

I11. EXPONENTIAL MEMORY AND QUEUE STABILITY

Before studyingthe statisticalbehaior of a RED queue we
first presentplots that enableus to directly understandhe ef-
fect of changinga on the queuedynamics.Analysisin [4] pre-
dictsthat,astheexponentiasmoothingof thedelayedOrnstein-
Uhlenbeclprocessncreasega becomesmaller) thequeuebe-
havior becomedessstable.We canobsene this behaior in the
plotsin figure 1 which shovs how the RED queueoccupang
varies (for 10 persistentsources)asthe RTT is held constant
(at 100 msec)andthe o (EWMA memoryincreased).We can
clearly seethat smallervaluesof « (longermemory)drive the
gueueoccupany into anoscillatorymode.
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Figure 2 plots the RED queuebehaior (for o« = 0.1 and
50 persistensourceshsthe RTT of the TCPflows is varied(a
lower plot correspondto alongerRTT). We canseethat,for ex-
ample,while the queueoccupany is relatively stablewhenthe
RTT is ~ 25msecthe queueexhibits oscillatorybehaior when
theRTT is ~ 2sec.This corroborateshetheoreticalanalysisin
[4], whichindicatedthatanincreasen thedelayin thefeedback
loop mightdrive a stableoccupang processnto anunstablee-
gion. The above figuresshov how specifyingevenmoderately
large memoryin the EWMA processanleadto oscillatorybe-
havior in the queueoccupang. The next sectionexplainshow
thisis really the resultof changesn the negative correlationof
thewindows of differentflows.

IV. EXPONENTIAL MEMORY AND QUEUE VARIABILITY

In this section,we studyhow the variability of the queueoc-
cupany dependon the lengthof the memoryin the averaging
processAs afirst approximationthelengthof thememorycan
be expressedas % wherea is the weight. In this section,we
keep N, the numberof TCP connectionsfixed andvary « to
isolatethe dependencef the queueoccupang on the weight
alone.

Whenthe instantaneousjueueoccupany is used(a = 1),
[5] shavedthe presenc®f negative correlationamongthe TCP
windows. Negative correlationimplies that the TCP window
sizestendto vary out-of-phase:.whenthe window size of one
flow is large, the other flows have smallerwindow sizes. In
sucha situation, the sum of the window sizes(and indirectly
thebuffer occupang) atary instantwould exhibit lessvariabil-
ity. Mathematicallyspeaking,we canobsene the correlation
behaior by comparingthe varianceof the sumof the window



sizes Var(zfil W;) againstthe sum of the individual vari-
ancesy.~ , Var(W;). Whenthewindows areuncorrelatedthe
two are equal;for negative correlation,the sumshouldexhibit
lower variance( Var(zfil W) < Efil Var(W;)), while
for positive correlation,the sumshouldexhibit larger variance
(Var(XN, W) > YN, Var(W;)). This follows from the
generakelationship

N

Var(z W;) =

i=1

N
> Var(Wi) + ) Cov(W;, W;)  (3)
i=1 i#£j

Thus, the correlationcanbe indirectly obsened by comparing
thevarianceof the sumof thewindows (or, almostequivalently,
the varianceof the queueoccupang, Var(Q)) with the sumof
thevariancesf theindividual windows, Ef;l Var(W;).

We first intuitively explain why a larger memoryin the av-
eragingprocessdecreaseshis negative correlationamongthe
TCPwindows andhence,increaseshe variability of the queue
occupang. As a is decreasedrom 1 (increasingmemory),
Q409 becomesan increasinglylow-passfiltered versionof the
queueoccupany; p(Qavg) consequentlhangesnoreslowly.
A slower changein @Q,,, increaseshe likelihoodthat the dif-
ferent TCP connectionswill obsene the samedrop probabil-
ity andhence experiencegreatersynchronizatior(at leastin a
stochastisense)n theirwindow evolution. An excessve mem-
ory in the averagingprocesscould thus defeatRED’s aim of
de-synchronizinghe window evolution of the different flows
andeffectively reducethe negative correlationobsenedamong
the competingTCP windows. While a smallamountof mem-
ory (useof very few samplef the pastqueueoccupang) can
guardagainstransienturstsfrom individual sourcesanexces-
sive amountof memorycanresurrecthe possibility of synchro-
nizedlossesandlower bandwidthutilization. We now provide
theresultsthatwe have obsenedwith persistenandWeb TCP
connections.

A. Persistent TCP

Figure3 shavsthevariationin thestatisticsof theRED queue
occupanyg with changinga for 5 persistenfTCP sources.We
seethatthe varianceof the queueoccupanyg seemgo decrease
extremelyslightly (essentiallystaysconstant)n somecasesas
a decrease$rom 1 to 0.5, and then graduallyincreaseqfor
all drop-biasingstrategjies)with a furtherincreasen the mem-
ory. We found this behaior to be consistentacrossall our
simulations. The graphalso shaws that the averagequeueoc-
cupang is independenbf the length of the exponentialmem-
ory (asexpected);this alsodemonstratethatour p,,4, adjust-
mentprocedurewas quite effective in makingthe meanqueue
occupanyg independenbf the choiceof the drop-biasingtech-
nigue. Theplot for the sumof thevarianceof the TCPwindows
SN, Var(W;) revealsthat the window variancesof the TCP
windows themselesstayfairly constantor differentvaluesof
a. Accordingly, by comparingthe varianceof the queueoccu-
pang with thesumof thevarianceof the TCPwindows, we can
seethatalongermemoryin theaveragingprocesslecreasethe
extentto which the TCPwindows arenegatively correlated.
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Reducinga beyond~ 0.1 leadsto anappreciablaeduction
in the negative correlationamongthe TCP connectionsin fact,
when ¢« is reducedbeyond 0.001 (not plotted here), the TCP
windows becomepositively correlated(the queuevarianceex-
ceedghesumof thevarianceof the TCPwindowsthemseles)!
In fact,for the DeterministicandDelayedUniform drop-biasing
stratgies (which were shavn in [9] to outperformthe other
drop-biasingalternatves),a = 1.0 seemdo provide the most
optimalweightsetting.



As statedearlier, while lowering the queuevariability is in-
deeda laudableobjective, we must be careful to ensurethat
this doesnot occurat the costof a rapidincreasdn the bursti-
nessof the paclketlosses.Accordingly, in figure 4, we plot the
burstiness-relatechetricsfor N = 5 asafunctionof theweight.
We canseefrom the graphsthatincreasingthe memoryin the
averagingprocessincreaseghe variability of the queueoccu-
pang variability without significantlyimproving the ability to
decorrelatehe pacletdrops.
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B. Web TCP

Plotsof the RED queuestatisticswith Web TCP sourcesalso
shaw similar behavior: thequeuevarianceincreasesvith anin-
creasén memory(smallera), eventhroughthemeanqueueoc-
cupanciesemainfairly unchangedWe omit the plotsheredue
to spaceconstraints.In general,for similar meanqueueoccu-
panciesthe varianceis muchhigherfor Web TCP sourceghan
persistenT CP sourcesThis occursprimarily becaus¢éhe num-
ber of active connectionsn the Web TCP sourcemodelfluctu-

atesrapidly; asthe numberof active flows changesthe occu-
pang of theRED queuealsoexhibits rapidvariation. To isolate
the portion of the queuevariancethat dependson the memory
of theaveragingprocesstself, we alsoobtainedthe conditional
variance and mean of the queueoccupany, i.e., thevarianceof
the queueoccupanyg asa function of the numberof active con-
nections. Plots of the conditionalqueueoccupanyg statistics,
aswell asthe probability distribution of the numberof active
flows, areprovidedin figure5, for the caseof 70 Web TCPcon-
nectionsand the Deterministicdrop-biasingstratgly. We can
seethatthe numberof active connectiondies between(10, 30)
mostof the time; furthermore therewere never morethan45
active connectiongresentat ary samplinginstant. (The value
of 0 for the meanandvariancegraphsfor Nygsipe > 40 is SIM-
ply a place-holdeindicatingthe absencef any samples.)The
graphsof figure5 clearlyrevealthatwhile theconditionalmeans
areaboutthe samefor eachstrateyy, the conditionalvariances
arevery differentfor differentvaluesof the weight. Clearly, a
larger memoryin the droppingprocesdeadsto a significantly
largervariancein the queueoccupang. This phenomenorman
be obsernedmoreclearlyfor Web TCP sourcesf amechanism,
suchasSRED,is usedthatreduceghe sensitvity of queueoc-
cupang to the numberof active sources.
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V. CONCLUSIONS

While the use of memory (via an exponentially weighted
moving averageof the pastqueueoccupang) hasbeensug-
gestedor RED, relatively few studieshave investigatedhe op-
timal length of this memoryfor TCP traffic. Basedon our ex-
tensve simulationswith different drop-biasingstratgies, we
concludethat, generallyspeaking,thereis very little perfor
manceimprovement(and in fact, possibly significant perfor
mancedegradation)if the exponentialweight « in the averag-
ing processs decreasetbo muchfrom 1. Our simulationsalso
shav thatthe useof a longermemoryin the averagingprocess
canoften drive a stableoccupang procesdnto oscillatory be-
havior. Suchoscillationscanalsoresultif thedelayin the TCP
feedbacKoop becomedoolarge.

Our resultsindicate that a longer memoryin the dropping
procesqsmallera) increaseshe coeficient of variationof the
gueueoccupanyg for both persistenandWeb TCP traffic. The
relative increasdn queuevarianceis morepronouncedor per
sistentTCPtraffic; thisis primarily dueto theinherentvariation
in the RED queueoccupanyg associatedvith rapid changesn
the numberof active flows in the Web traffic model. We used
statisticaltechniquego indirectly demonstraténow memoryin
the averagingprocessreducesthe negative correlationamong
competingTCPflows; thisdecreaséeadsto alargervariancen
the queueoccupang. While the simulationsreportedhereused
a low-speed(1.5 Mbps) bottleneckadditionalsimulationsper
formedwith fasterlinks (e.g.,45 Mbps) reveal similar results.
Our obsenationsthusappeato apply, atleastqualitatively, for
buffersbothatthenetwork edgesandin thebackboneHowever,
for agivenvalueof «, the coeficient of variationof the queue
occupang is lower at higherlink speedgdueto the improved
traffic aggreyation). Accordingly, relatively speaking,the in-
creasdn queuevariancewith increasingmemoryis more sig-
nificant(in termsof the actualincreasan delayjitter) at slover
edgelinks thanat fasterbackbondinks.

Publishedresearchon RED performancehas often useda
settingsof around0.001 — 0.002. We, however, find that set-
ting « in therange0.5 — 1 in the EWMA algorithm,especially
for well-designeddrop-biasingtechniquesleadsto a smoother
gueuevariationandreduceditter for bufferedpaclets. This re-
sult is of practicalrelevanceto operatorsdeploying RED-like
algorithmsin the Internet. While anexcessvely small value of
a may not be practically detrimentalin backbonebuffers, our
studiedndicatenojustificationfor settinga to averylow value.
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