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Abstract— The paper analyzeshow using a longer memory of the past
queue occupancy in computing the average queue occupancyaffects 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 show that a longer memory reducesthe negative correlation typically
observed amongthe windows of the constituentTCP flows,and hence,sug-
gestthe useof the instantaneousqueueoccupancyin practical RED queues.

I . INTRODUCTION

MechanismssuchasRED [1] andECN [2], which provide
randomizedandearlynotificationof congestion,havebeenrec-
ommended[3] ascongestioncontrol techniquesin theInternet,
especiallyfor TCP traffic. Algorithms suchasRED andECN
primarily attemptto reducebuffer underflow and consequent
under-utilization of link capacityby preventing the synchro-
nized evolution of the TCP congestionwindows. Techniques
which reducethe variability in the queueoccupancy without
affecting the ability of suchrandomnotificationbuffers to ab-
sorbtransientburstsarerecommended,asthey indirectlyreduce
the probability of buffer underflow. Decreasingthe variability
alsoachievesan importantsecondarygoal: reduction of jitter.
Reducedjitter is beneficial,especiallyfor real-timeapplication
traffic, suchas Voice-over-IP, which might be multiplexed on
thesamequeue.

To minimize the bias againsttransientbursts, current im-
plementationsusean exponentiallyweightedmoving average
(EWMA) of thepastqueueoccupancy in determiningthedrop-
ping/ markingprobability. Mathematicallyspeaking,thedrop-
ping probability, ������� is a function of the averagedqueueoc-
cupancy, �	��

� ; �	��

� is computedfor every incoming packet
accordingto theiterativerelationship:

�	���

��� ����������� �	�������

��� � � �!�"�#%$&$(' (1)

wheresuperscript) refersto the arrival of the )+*�, packet and
� "�#($&$ refers to the instantaneousqueueoccupancy. � is the
weight (alsocalledthesmoothing factor or theforgetting factor)
andeffectively determinesthelengthof thememoryusedin the
averagingprocess.

In this paper, we investigatehow the lengthof the memory
(history of the pastqueueoccupancy) in the dropping/marking
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processaffectsthestability andvariability of thequeue.We re-
port on extensive simulations,which studiedhow the lengthof
thememoryin theEWMA processaffectedthevariability of the
queueoccupancy underRED. In contrastto currentlypreferred
valuesfor � , we find thatrandomdroppingqueuesprovidebet-
ter performancewhenlittle or no memoryis usedin the deter-
minationof thepacketdropprobability.

We first usepersistentTCPsourcesto show how theuseof a
longermemoryin thedroppingprocessgraduallyincreasesthe
oscillatorybehavior (andhence,thevariability) of thequeueoc-
cupancy. We alsodemonstratethatanincreasein theround-trip
times of the TCP flows makes the queueoccupancy lesssta-
ble and more proneto large variations. We subsequentlyuse
bothpersistentaswell asWeb-styleTCPtraffic sourcesto show
that usinga lower smoothingfactor(weight) while computing
the averagequeueoccupancy (i.e., increasingthe memoryin-
volved in the droppingprocess)never reducesthe variability
of the queueoccupancy and often increasesit. In particular,
we demonstratethat increasingthe memoryof the averaging
processleadsto an appreciableincreasein the queuevariance
for persistentTCP flows, and a significant,but lessdramatic,
increasein the queuevariancefor Web-typeintermittentTCP
flows.

The simulationresultsin this paperthuscorroborateanalyt-
ical resultsin [4], which modeledthe dynamicsof a random
drop buffer using a DelayedOrnstein-Uhlenbeckprocess. In
thispaper, weshow how thechangein thevarianceof thequeue
occupancy with increasingmemoryin theaveragingprocessis
reallydueto changesin thenegativecorrelationamongthecon-
gestionwindows of the competingTCP flows, a phenomenon
discussedin [5]. Ourstudiesshow thatlargermemoryin theav-
eragingprocessdecreasesthis negativecorrelation,andthereby
increasesthequeuevariancewithout noticeablyaffectingeither
theoverall dropprobabilityor thedistribution of theindividual
TCPwindows.

While our simulation studies involve only RED queues
performing packet drops, the underlying explanationapplies
equally to ECN queuesproviding congestionfeedbackvia
packet marking. The resultspresentedherewould essentially
applyto any randomizedcongestionnotificationmechanism.

A. Related Work

Randomizedearlycongestionfeedbackfor TCPwasfirst pro-
posedin [6], wherethe droppingprobability wasbasedon the
instantaneousqueueoccupancy. Thewell knownpaperbyFloyd
andJacobson[1] introducedRandomEarly Detection(RED),
which continuesto bethemostpopularrandomizedcongestion
feedbackmechanismcurrentlydeployed. Floyd andJacobson



[1] qualitativelymotivatestheuseof anexponentially-smoothed
averagequeueoccupancy (asspecifiedin equation1) andem-
ploys a techniqueto generatea uniform distribution for thegap
betweensuccessivepacketdrops.Veryfew results,however, ex-
ist on the appropriatechoiceof the weight, � , aswell asother
RED parameters.Studieshave shown how adaptive algorithms
for modifying RED’s drop thresholdscan improve the perfor-
manceof RED over wide variationsin theofferedloadandthe
numberof active flows. For example,SRED[7] modifiesthe
drop probability basedon the numberof active flows, while
BLUE [8] adaptsthedroppingprobabilitybasedonbuffer over-
flow andlink idle events.Few results,however, exist on thede-
terminationof theappropriatelengthof theexponentialmemory
in RED’s droppingprocess.Note that the resultsof this paper
complementapproachessuchasSREDandBLUE; our recom-
mendationson theappropriatechoiceof � applynot just to the
basicREDalgorithmbut to its adaptivevariantsaswell.

Ott [4] presenteda mathematicalmodel to approximatethe
behavior of a queuebuffering TCP traffic. The model usesa
diffusionapproximationfor thevariationin theoccupancy of a
RED/ECNqueue,whensharedby many persistentTCPsources.
After incorporatingthe effectsof round-tripdelaysin the TCP
feedbackloopandtheEWMA mechanismin thebuffer, thedif-
fusion model was found to be a delayedOrnstein-Uhlenbeck
processwith exponentialsmoothing.Stochasticstability algo-
rithms from control theorywerethenappliedto show that,un-
der sufficiently large delaysin the feedbackloop, the approx-
imatedqueuebehavior would becomeunstable,even if expo-
nential smoothingwasabsent. More importantly, exponential
smoothingnever improvesthestabilityof thediffusionprocess,
andin many cases,canactuallydrive a stableprocessinto un-
stablebehavior. We shall useour simulationsto validatethese
mathematicalconclusions.

[5] showed how the congestionwindows of different TCP
flows sharingthe samebottleneckbuffer exhibit negative cor-
relation;suchnegativecorrelationexplainswhy thevarianceof
thequeueis smallerthanthesumof theindividualvariances.[9]
shows how this negative correlationcanbeexploitedby ‘drop-
biasing’ strategiesthat alter the distribution of packet dropsto
furtherreducethevariability of thequeueoccupancy. Our sim-
ulationswill useall the . drop-biasingstrategiespresentedin
[9] to show how the useof excessive memoryin the dropping
processdegradesthequeuevariability in all instances.

I I . MATHEMATICAL MODELS FOR QUEUE AND SOURCE

BEHAVIOR

In this section,we mathematicallyrepresentthe processof
determiningthepacketdropprobabilityin aREDbuffer andthe
sourcemodelsfor TCPtraffic usedin our simulations.We also
presentthe setof metricsusedto determinehow changesin �
impacttheability of theRED queueto handleburstytraffic.

A. Model for Random Dropping Queue Behavior

Thedroppingprobability in RED queuesis a functionof the
relevantbuffer occupancy, denotedby � � . Thedrop function
determinesthebasepacket droppingprobabilityandis denoted

by ��� � � .
For our simulations,we usethestandardlinearmodelfor the

dropfunction,sothat:
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where XZY\[ *�, and X])_^ *�, arethemaximumandminimumdrop
thresholdsand�a` ��b is themaximumpacketdropprobability.

As shown in equation(1), RED usesan EWMA-basedesti-
mation of the averagedqueueoccupancy, �	��

� , in evaluating
thedropfunction.Implementorscanvary thelengthof memory
usedin thedroppingprocessby varyingtheweight � . A smaller� impliesarelatively largermemoryin theEWMA process,i.e.,
agreaterimpactof thepastqueueoccupancy onthecurrentdrop
probability. Notethatif theweight � � � , thedropfunctionde-
pendsonly the instantaneousqueueoccupancy; as �dcfe , the
memoryof theaveragingprocessincreases.As a first approxi-
mation,thelength of the memory in theaveragingprocesscanbe
expressedas �g . Accordingly, by varying � within the interval��e ' �Lh , wecanobtaintheentirerangeof memoryin thedropping
processi .

Thedropfunction ��� � � essentiallydeterminesthemean drop
probability associatedwith a specificqueueoccupancy: if the
queueoccupancy wasto remainconstantat � , oneout of every

�jlknm�o *�, packetwouldbedroppedonaverage.Differentformsof
‘drop-biasing’canbeusedto alter thedistribution of the inter-
drop gap,as long asthe meangapstaysunchanged.Five dif-
ferent forms of drop-biasingstrategies are studiedin [9]; we
useall the . drop-biasingstrategiesto demonstratethatour ob-
servationson the role of memoryin the averagingprocessare
independentof thechoiceof thedrop-biasingstrategy.

B. TCP Source Models and Simulation Parameters

We usethe TCP New Renoversionpresentin the ns-2[10]
simulator for our simulations. Two separatesourcemodels
(which emphasizedifferentphasesof TCP’s congestioncontrol
algorithm) for TCP traffic wereusedin our simulations. The
conventionalpersistent sourcemodelassumesinfinite-sizedfile
transfers;thesender’s congestionwindow is theonly constraint
on theinjectionof new datapackets.Underconditionsof mod-
eratelylow loss,thecongestion avoidance algorithm[11] is then
theprimaryflow controlmechanism.

TheWeb TCP sourcemodelmimicstheeffectsof Web-based
TCP transactionsandinvolvesthe transferof finite-sizedfiles.
The modelis basedon [12] andconsistsof a cycle of a single
Web transaction (eachconsistingof multiple file transfers)al-
ternatingwith inactive off-periods (whenno datatransfertakes
place). Eachfile transferoccurssequentially andon a distinct
TCPconnection.Sincemostfilesareonly a few KBytesin size,
most files are transferredusing TCP’s initial slow-start algo-
rithm. More importantly, giventheon-off natureof thesources,
p
If an instantaneousqueueoccupancy is used(no memory), 2 is thesameas2�q_rLsts ; if exponentialaveragingis present,2 is identicalto 2 ORuwv , theaveraged

queueoccupancy.x
When y 6ZE , weshallreferto thequeueasasanERD queueto indicatethe

useof theinstantaneousqueueoccupancy in thepacket droppingprocess.



thenumberof active TCPconnectionsfluctuatesrapidly; since
theoccupancy of theREDqueueis dependenton thenumberof
activeflows,thequeueoccupancy will fluctuateaswell [7]. Cur-
rentWebtransferprotocols(e.g.,HTTP 1.1 [13]) usepersistent
TCPconnectionsz , wherebythesameTCPconnectionis used
for multiple transfers.This clearly resultsin a larger effective
file size transferredby a singleconnection;the sourcebehav-
ior is thencloserto that of persistentTCP sources.Resultsin
sectionIV show that theeffectsof memoryin theEWMA pro-
cessaremorepronouncedfor persistentTCP sourcesthanfor
our Websourcemodel.Accordingly, theadoptionof HTTP 1.1
only servesto reinforceour observationson thebehavior of the
RED queuewith WebTCPtraffic.

Due to spacelimitations, we only presentresultsherefor a
network topology involving a single bottleneckrandomdrop
queuewith a capacity(C) of �N{ . Mbps, a X )_^ *�, of | e pack-
ets,a X YB[ *�, of | eNe packets,a � ` ��b of e1{ e . anda maximum
buffer sizeof . eNe packets; resultsfrom othernetwork specifi-
cationsarequalitatively similar andarenot discussedhere.All
TCP andUDP connectionshave packet sizesof . � | bytes. To
remove possiblesynchronizationeffectsamongdifferentTCP
flows, the round-trip times of the individual TCP flows were
uniformly spacedover the interval � . e '
|N. e}� msec. To indicate
the universalityof our observations,we shall alsooccasionally
presentresultswhereall theflowshavesimilar round-triptimes
( |N. msec). The queueoccupancy and TCP window sizesare
sampledevery . e msecto generateourstatistics.Thenumberof
persistentTCPsourcesis variedbetween| �~� . while thenum-
berof ‘WebTCP’ sourcesis variedbetween� eV��� | e . Sincethe
differentdrop-biasingstrategiesleadto differentexpressionsfor
themeaninter-dropgap,we modifiedthemaximumdropprob-
abilitiesfor eachstrategy (usingthetechniqueexplainedin [9])
to ensurethatthemeanqueueoccupancieswerenearlythesame
for all drop-biasingstrategies.

C. Metrics for Bursty Losses

To study how changesto the weight � affect the ability of
RED to absorbbursty losses,we use a set of per-flow loss-
relatedmetricsandaverageover the individual flows to obtain
anaggregatemetric.

The simplestsuchmetric of packet lossesis the runlength
of packet drops, which representsthedistribution of continuous
burstsof losses.The runlengthis, however, not a very suitable
metric,sinceTCPflows rarely loseconsecutive packets. More
importantly, TCP behavior exhibits timeoutsandperformance
degradationwhenmultiple lossesoccurin a window; thelosses
neednot be back to back. To study the presenceof suchex-
tendedlossbursts,we study the distribution of the numberof
lossesin a block (calledcluster)of � consecutive packets. (In
our studies,we chose� to beapproximatelyhalf thereciprocal
of theaveragepacket lossrate.This ensuresthat,in thecaseof
randomandindependentpacket drops,the numberof lossesin
ablock is typically either e or � .) To investigatethepossibleex-
istenceof lossburstsof lengthlargerthantheblock size � , we
�
In the context of HTTP, the useof the word ‘persistent’implies the useof

a singleTCP connectionfor multiple file transfers.This is different from the
earlierdefinitionof persistentTCPsourcemodels,which refersto the transfer
of infinitely largefilesover asingleTCPflow.

alsodetermined,for eachindividual flow, the auto-covariance
function � �D�\� ' � � e ' � ' {�{L{ of the time-seriesformedby the
numberof packet drops in eachconsecutive cluster. In gen-
eral,a largerspreadof thedistribution of thenumberof packet
lossesperclusteror largervaluesof theaverageauto-covariance
� ��

� ���1� for � � �t� 'R|B' {L{L{�� indicatesa lower ability to absorb
transientbursts.

I I I . EXPONENTIAL MEMORY AND QUEUE STABIL ITY

Beforestudyingthestatisticalbehavior of a RED queue,we
first presentplots that enableus to directly understandthe ef-
fect of changing� on thequeuedynamics.Analysisin [4] pre-
dictsthat,astheexponentialsmoothingof thedelayedOrnstein-
Uhlenbeckprocessincreases( � becomessmaller),thequeuebe-
havior becomeslessstable.We canobservethis behavior in the
plots in figure 1 which shows how the RED queueoccupancy
varies(for ��e persistentsources)as the RTT is held constant
(at ��e}e msec)andthe � (EWMA memoryincreased).We can
clearly seethat smallervaluesof � (longermemory)drive the
queueoccupancy into anoscillatorymode.
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Figure1: RED QueueOccupancy asFn. of Weight
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Figure2: RED QueueOccupancy asFn. of RTT

Figure 2 plots the RED queuebehavior (for � � e�{3� and
. e persistentsources)astheRTT of theTCPflows is varied(a
lowerplot correspondsto alongerRTT). Wecanseethat,for ex-
ample,while thequeueoccupancy is relatively stablewhenthe
RTT is ��|}. msec,thequeueexhibitsoscillatorybehavior when
theRTT is ��| sec.This corroboratesthetheoreticalanalysisin
[4], which indicatedthatanincreasein thedelayin thefeedback
loopmightdriveastableoccupancy processinto anunstablere-
gion. Theabove figuresshow how specifyingevenmoderately
largememoryin theEWMA processcanleadto oscillatorybe-
havior in the queueoccupancy. Thenext sectionexplainshow
this is really theresultof changesin thenegativecorrelationof
thewindowsof differentflows.

IV. EXPONENTIAL MEMORY AND QUEUE VARIABIL ITY

In this section,we studyhow thevariability of thequeueoc-
cupancy dependson the lengthof thememoryin theaveraging
process.As afirst approximation,thelengthof thememorycan
be expressedas �g , where � is the weight. In this section,we
keep � , the numberof TCP connections,fixed andvary � to
isolatethe dependenceof the queueoccupancy on the weight
alone.

When the instantaneousqueueoccupancy is used( � � � ),
[5] showedthepresenceof negativecorrelationamongtheTCP
windows. Negative correlationimplies that the TCP window
sizestendto vary out-of-phase:whenthe window sizeof one
flow is large, the other flows have smallerwindow sizes. In
sucha situation, the sum of the window sizes(and indirectly
thebuffer occupancy) at any instantwould exhibit lessvariabil-
ity. Mathematicallyspeaking,we can observe the correlation
behavior by comparingthe varianceof the sumof the window



sizes �UY\� �_����D���
�
�
� againstthe sum of the individual vari-

ances� ��D��� �UY}�
� �
�
� . Whenthewindowsareuncorrelated,the

two areequal;for negative correlation,the sumshouldexhibit
lower variance( �UY}� �_� ��D���

�
�
��� � �

�D��� �!Y\�
� �
�
� ), while

for positive correlation,the sumshouldexhibit larger variance
( �!Y\� � � ��n���

�
�
��� � �

�D��� �UY\�
� �
�
� ). This follows from the

generalrelationship

�!Y\� �
��

�D���
�
�
� �

��

�D���
�!Y\� � � �

� �
�

�_����
���(� � � � '

�
�
� (3)

Thus,the correlationcanbe indirectly observedby comparing
thevarianceof thesumof thewindows(or, almostequivalently,
thevarianceof thequeueoccupancy, �!Y}� � � � ) with thesumof
thevariancesof theindividualwindows, � ��n�P� �!Y\�

� �
�
� .

We first intuitively explain why a larger memoryin the av-
eragingprocessdecreasesthis negative correlationamongthe
TCPwindows andhence,increasesthevariability of thequeue
occupancy. As � is decreasedfrom � (increasingmemory),
� ��

� becomesan increasinglylow-passfiltered versionof the
queueoccupancy; ��� �	��

� � consequentlychangesmoreslowly.
A slower changein �!��

� increasesthe likelihoodthat the dif-
ferent TCP connectionswill observe the samedrop probabil-
ity andhence,experiencegreatersynchronization(at leastin a
stochasticsense)in theirwindow evolution. An excessivemem-
ory in the averagingprocesscould thus defeatRED’s aim of
de-synchronizingthe window evolution of the different flows
andeffectively reducethenegativecorrelationobservedamong
the competingTCP windows. While a small amountof mem-
ory (useof very few samplesof thepastqueueoccupancy) can
guardagainsttransientburstsfrom individualsources,anexces-
siveamountof memorycanresurrectthepossibilityof synchro-
nizedlossesandlower bandwidthutilization. We now provide
theresultsthatwe have observedwith persistentandWebTCP
connections.

A. Persistent TCP

Figure3 showsthevariationin thestatisticsof theREDqueue
occupancy with changing� for . persistentTCP sources.We
seethat thevarianceof thequeueoccupancy seemsto decrease
extremelyslightly (essentiallystaysconstant)in somecasesas� decreasesfrom � to e�{ . , and then gradually increases(for
all drop-biasingstrategies)with a further increasein themem-
ory. We found this behavior to be consistentacrossall our
simulations. The graphalsoshows that the averagequeueoc-
cupancy is independentof the lengthof the exponentialmem-
ory (asexpected);this alsodemonstratesthatour � ` ��b adjust-
mentprocedurewasquite effective in makingthe meanqueue
occupancy independentof the choiceof the drop-biasingtech-
nique.Theplot for thesumof thevarianceof theTCPwindows���
�n��� �!Y\�

� �
�
� revealsthat the window variancesof the TCP

windows themselvesstayfairly constantfor differentvaluesof� . Accordingly, by comparingthevarianceof thequeueoccu-
pancy with thesumof thevarianceof theTCPwindows,wecan
seethata longermemoryin theaveragingprocessdecreasesthe
extentto which theTCPwindowsarenegatively correlated.
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Figure3: PersistentTCPandREDQueueDynamics

Reducing� beyond ¡ e�{3� leadsto anappreciablereduction
in thenegativecorrelationamongtheTCPconnections;in fact,
when � is reducedbeyond e�{�eNe1� (not plotted here), the TCP
windows becomepositively correlated(the queuevarianceex-
ceedsthesumof thevarianceof theTCPwindowsthemselves)!
In fact,for theDeterministicandDelayedUniform drop-biasing
strategies (which were shown in [9] to outperformthe other
drop-biasingalternatives), � � �¢{�e seemsto provide the most
optimalweightsetting.



As statedearlier, while lowering the queuevariability is in-
deeda laudableobjective, we must be careful to ensurethat
this doesnot occurat thecostof a rapid increasein thebursti-
nessof thepacket losses.Accordingly, in figure4, we plot the
burstiness-relatedmetricsfor � � . asafunctionof theweight.
We canseefrom the graphsthat increasingthe memoryin the
averagingprocessincreasesthe variability of the queueoccu-
pancy variability without significantly improving the ability to
decorrelatethepacketdrops.
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Figure4: Burstiness-RelatedMetricsfor
PersistentTCPandRED

B. Web TCP

Plotsof theRED queuestatisticswith WebTCPsourcesalso
show similarbehavior: thequeuevarianceincreaseswith anin-
creasein memory(smaller� ), eventhroughthemeanqueueoc-
cupanciesremainfairly unchanged.We omit theplotsheredue
to spaceconstraints.In general,for similar meanqueueoccu-
pancies,thevarianceis muchhigherfor WebTCPsourcesthan
persistentTCPsources.Thisoccursprimarily becausethenum-
berof active connectionsin theWebTCPsourcemodelfluctu-

atesrapidly; asthe numberof active flows changes,the occu-
pancy of theREDqueuealsoexhibits rapidvariation.To isolate
the portion of the queuevariancethat dependson the memory
of theaveragingprocessitself, we alsoobtainedtheconditional
variance and mean of thequeueoccupancy, i.e., thevarianceof
thequeueoccupancy asa functionof thenumberof activecon-
nections. Plots of the conditionalqueueoccupancy statistics,
aswell as the probability distribution of the numberof active
flows,areprovidedin figure5, for thecaseof ¥ e WebTCPcon-
nectionsand the Deterministicdrop-biasingstrategy. We can
seethat thenumberof active connectionslies between�t�%e '
� e}�
mostof the time; furthermore,therewerenever more than ¦\.
active connectionspresentat any samplinginstant. (Thevalue
of e for themeanandvariancegraphsfor �§� " * � 
R¨

� ¦ e is sim-
ply a place-holderindicatingtheabsenceof any samples.)The
graphsof figure5 clearlyrevealthatwhile theconditionalmeans
areaboutthe samefor eachstrategy, the conditionalvariances
arevery differentfor differentvaluesof the weight. Clearly, a
larger memoryin the droppingprocessleadsto a significantly
largervariancein the queueoccupancy. This phenomenoncan
beobservedmoreclearlyfor WebTCPsourcesif amechanism,
suchasSRED,is usedthat reducesthesensitivity of queueoc-
cupancy to thenumberof activesources.
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V. CONCLUSIONS

While the use of memory (via an exponentially weighted
moving averageof the pastqueueoccupancy) hasbeensug-
gestedfor RED,relatively few studieshave investigatedtheop-
timal lengthof this memoryfor TCP traffic. Basedon our ex-
tensive simulationswith different drop-biasingstrategies, we
concludethat, generallyspeaking,there is very little perfor-
manceimprovement(and in fact, possiblysignificant perfor-
mancedegradation)if the exponentialweight � in the averag-
ing processis decreasedtoo muchfrom � . Our simulationsalso
show that theuseof a longermemoryin theaveragingprocess
canoften drive a stableoccupancy processinto oscillatorybe-
havior. Suchoscillationscanalsoresultif thedelayin theTCP
feedbackloopbecomestoo large.

Our resultsindicate that a longer memory in the dropping
process(smaller � ) increasesthecoefficient of variationof the
queueoccupancy for bothpersistentandWebTCPtraffic. The
relative increasein queuevarianceis morepronouncedfor per-
sistentTCPtraffic; this is primarily dueto theinherentvariation
in the RED queueoccupancy associatedwith rapid changesin
the numberof active flows in the Web traffic model. We used
statisticaltechniquesto indirectly demonstratehow memoryin
the averagingprocessreducesthe negative correlationamong
competingTCPflows; thisdecreaseleadsto a largervariancein
thequeueoccupancy. While thesimulationsreportedhereused
a low-speed( �¢{ . Mbps) bottleneckadditionalsimulationsper-
formedwith fasterlinks (e.g., ¦\. Mbps) reveal similar results.
Our observationsthusappearto apply, at leastqualitatively, for
buffersbothatthenetworkedgesandin thebackbone.However,
for a givenvalueof � , thecoefficient of variationof thequeue
occupancy is lower at higher link speeds(dueto the improved
traffic aggregation). Accordingly, relatively speaking,the in-
creasein queuevariancewith increasingmemoryis moresig-
nificant(in termsof theactualincreasein delayjitter) at slower
edgelinks thanat fasterbackbonelinks.

Publishedresearchon RED performancehasoften used �
settingsof around e�{�eNe1���«e�{�eNe | . We, however, find that set-
ting � in therangee�{ . �«� in theEWMA algorithm,especially
for well-designeddrop-biasingtechniques,leadsto a smoother
queuevariationandreducedjitter for bufferedpackets.This re-
sult is of practicalrelevanceto operatorsdeploying RED-like
algorithmsin theInternet.While anexcessively small valueof� may not be practicallydetrimentalin backbonebuffers, our
studiesindicatenojustificationfor setting� to avery low value.
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