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Abstract

Thispapercomparestheperformanceof Tail Drop and
threedifferentflavorsof theRED(RandomEarly Detection)
queuemanagementmechanism: RED with a standard pa-
rametersetting, RED with an optimizedparametersetting
basedona modelof REDwith TCPflows,andfinally a ver-
sion of RED with a smootherdrop functioncalled “g entle
RED”. Performanceis evaluatedundervariousload situa-
tionsfor FTP-like andWeb-like flows,respectively. We use
measurementsandsimulationsto evaluatetheperformance
of thequeuemanagementmechanismsandassesstheir im-
pacton a setof operator orientedperformancemetrics.We
find that in total (i) no performanceimprovementsof RED
compared to Tail Drop can be observed;(ii) fine tuning
of REDparameters is not sufficient to copewith undesired
REDbehaviordueto thevariability in traffic load; (iii) gen-
tle RED is capableof resolvingsomeof the headacheson
REDbut not all.

Keywords: TCP, RED,performanceevaluation

1. Intr oduction

Internetbesteffort traffic is controlledthroughtheinter-
actionof end-to-endcongestioncontrolandqueuemanage-
ment.TCP’s end-to-endcongestioncontrol [13, 14] adapts
thevolumeof transmitteddatato thecurrentloadsituation
in the net by varying the congestionwindow asa function
of thepacket lossrate. Queuemanagementis thedecision
whento startdroppingpacketsandwhichpacketsto dropat

1Theauthorsarefundedby theIST projectAquila andaresearchgrant
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a congestedrouteroutputport. TraditionalInternetrouters
employ “Tail Drop” (TD) queuemanagement,discarding
arriving packetsif the buffer of the outputport overflows.
Contraryto TD, active queuemanagement(AQM) mech-
anisms[10] startdroppingpacketsearlierto enablenotifi-
cationof traffic sourcesaboutthe incipient stagesof con-
gestion.Recently, AQM mechanisms[5, 2] have beenpro-
posedwithin the framework of the Internetdifferentiated
servicesarchitecture[1] to preferentiallydropnonconform-
ing overconformingpackets.

The RandomEarly Detection(RED) AQM algorithm
[10, 2] hasbeendesignedto substituteTD andis nowadays
widely implementedin commercially available routers.
RED usesthe parameterset � minth , maxth , maxp , wq � in
order to probabilisticallydrop packetsarriving at a router
outputport. RED maintainsan averagequeuesize (avg)
which is computedas an exponentiallyweightedmoving
averageof the instantaneousqueuesize with weight pa-
rameterwq . If the avgis smaller than minth , no packet
is dropped. If minth � avg � maxth , RED’s packet drop
probability varies linearly betweenzero and maxp . If
avg � maxth , thedropprobabilityequalsone.GentleRED
(GRED)[9] modifiesRED’sdroppingfunctionfor thecase
that avgexceedsmaxth , as illustratedin fig. 1. The drop
probability increaseslinearly betweenmaxthandthebuffer
sizewith a slopeof � 1 � maxp �
	 maxth . Obviously, REDas
well asGREDhaveto dropanarriving packet if theinstan-
taneousqueuesizeequalsthetotal buffer size.

It hasbeenclaimedin [10] thatRED yields advantages
comparedto TD mainly in termsof accomodationof bursts
andavoidanceof globalsynchronization,i.e. TD’stendency
of synchronizingTCP flows to be in phaseby dropping
packetsof severalflowsatoneinstancein time. Globalsyn-
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Figure 1. RED and GRED

chronizationhasthepotentialto make thequeuesizeoscil-
late,causingsuboptimalthroughputandhighdelayjitter. In
orderto avoid globalsynchronization,it hasbeena design
goal of RED to spreadout packet lossesin time, in other
wordsto minimizethenumberof consecutivepacketdrops.
It is commonknowledge,however, thatglobalsynchroniza-
tion is only a problemin lightly loadedscenariosand in-
finite lengthTCPflows [24, 18]. Additionally, suboptimal
throughputdueto globalsynchronizationcanbeavoidedas
longasthebuffer sizeis setto thebandwidth*RTT product
of thescenarioor higher.

In this paperwe evaluatepotentialbenefitsof various
REDflavorsoverTD whichmightgiveISPsanincentiveto
migratefrom TD to RED.Therestof thispaperis organized
as follows: section2 summarizesrelatedwork; section3
hasall the detailsof the evaluationenvironment(metrics,
testbedand simulationsetup,traffic load). Measurement
resultsfor FTP-like traffic are discussedin section4 and
simulationresultsfor morerealisticWeb-like traffic arean-
alyzedin section5. Finally, section6 concludesthis paper
andsummarizesthefindings.

2. RelatedWork

As an importantstartingpoint for this paper, [19, 12]
compareTD, RED andGREDemploying standardparam-
etersettings.Themainconclusionsof thesepapersarethat
RED doesnot improve performancecomparedto TD, and
that tuningof RED parametersis still anopenquestionbut
shouldnot have a big influenceon performance.Similar-
ily, [4] shows that RED exhibits no clearadvantagesover
TD concerningresponsetimesof Webtransfersandthatthe
settingof RED parametersinfluencesresponsetime perfor-
manceonly in thehigh loadcase.

Several publicationsdiscussingthe settingof RED pa-
rametersgive eitherrulesof thumbandqualitative recom-
mendations[15, 8, 25] or quantitativemodelsassumingin-
finite time averages[7] which arenot capableof modelling
the oscillatorybehavior of the RED queue.A control the-
oretic approachto model the parametersettingof RED is
employedin [11].

In [26] a quantitativemodelhow to setRED parameters
with TCP traffic is derived. The RED parametersrelevant
for stability arethemaximumdropprobability (maxp ) de-

terminingtheequilibriumpoint (i.e. thequeueaverageover
infinite time intervals),therequireddifferencebetweenthe
queuesizethresholdsmaxthandminth to keeptheamplitude
of the oscillationaroundthe equilibrium point sufficiently
low, andthequeueweight(wq ). See[3] for aWebinterface
to themodel.

Finally, [27] shows that, independentlyof the parame-
ter settings,RED-like mechanismstendto oscillatein the
presenceof two-wayTCPtraffic in scenarioslackingheavy
crosstraffic.

3. Evaluation Envir onment

3.1. PerformanceMetrics

We areinterestedin theaggregatetraffic performanceof
queuemanagementmechanismsandnot in individual flow
performanceor fairnessissues.Wearguethatit makessense
to look at theaggregatetraffic behavior first, becauseearlier
papershavealreadyinvestigatedtheindividualflow perfor-
manceaswell asfairness[20, 16, 4] andsecond,because
ISPsare interestedin optimizing aggregatetraffic perfor-
mance.In this papera traffic mix consistingof TCPflows
andconstantbit rateUDP flows is used.Thetotal UDP ar-
rival rateequals10%of thebottlenecklink capacity. Simi-
lar to [12], theperformancemetricsare:

TCP goodput isdefinedasthenumberof bitspersecond
forwardedto the correctdestinationinterface,minus any
bits lostor retransmitted.Wedecidednot to studyTCPloss
becauselossandgoodputaresomewhat redundantmetrics
for TCP (TCP adaptsits congestionwindow asa function
of the lossrate)andbecausefor TCP flows goodputis of
majorinterest.

UDP lossrate is definedasthenumberUDPpacketsthat
are droppeddivided by the total numberof UDP packets
thatarrivedat thesameoutputport. For UDPflowstheloss
rateis an equivalentmetric to the goodputfor TCP flows.
This is an incentive to studyaggregateUDP losswhich is
stronglycorrelatedto thelossrateof individualflows.

Queueing delay: minimizing queueingdelay is of in-
terestfor transaction-likeapplications,e.g. remotelogin or
Web transfers. For the testbedmeasurementsthe queue-
ing delayis measuredinsidethedummynettool asthedif-
ferencebetweenthe time the schedulerstartsservicinga
packet and the time this packet is enqueuedin the output
buffer. In order to increasethe precisionof the measure-
ments,the kernelclock rate in the machinerunningdum-
mynetis setto 1000HZ, resultingin a 1 msgranularityfor
queuingdelay.

Standard deviation of queueingdelay: queuevariance
correspondsdirectly to delay jitter of flows. We decided
to measurethestandarddeviationof thequeueingdelayin-
steadof thedelayjitter of individualflows(i.e. thestandard



deviation in a flow’s interarrival time of packetsat the re-
ceiver) becausedelayjitter is not capableof reflectinglow
frequency oscillationsin queueingdelayin many scenarios.

Consecutive loss distrib ution: the meanof the con-
secutive loss distribution is an importantquality criterion
for queuemanagementmechanismsasit indicatessuscep-
tibility to global synchronization. We definethe random
variableN asthenumberof consecutive lossesobservedat
a routeroutputport andconsiderthe probability distribu-
tion P � N � n� . In the measurements,the dummynettool
measuresthelosseventswhich begin whena first packet is
droppedandendwhenthefirst arriving packet is accepted
andenqueued.

The different mechanismscomparedin this paperare
TD, RED and GRED with a standardparametersetting
(REDstd, GREDstd),and RED with an optimal parame-
ter setting (REDopt). REDstdand GREDstdmeansthat
minth , maxth , and the buffer size are set reasonablyhigh
(i.e. in therangeof thebandwidth*RTT productof thesce-
nario); maxp is setto 0.1 andwq is setto 0.002,asrecom-
mendedin [8]. We definea configurationof RED param-
etersasoptimal (REDopt) if it makesthe queuesizecon-
vergeto (minth+maxth )/2 with only small amplitudeoscil-
lations in caseof infinite-demandFTP-like flows. Sucha
queuesize behavior is achieved by settingRED parame-
tersaccordingto the modelproposedin [26] andsumma-
rized in section2. This model is, however, designedfor
RED with TCP flows only andnot for a mix of TCP plus
10% non-responsive UDP traffic. For this reasonwe have
appliedsomeminor adaptationsto the model. The bottle-
necklink capacityB usedasan input to themodelis com-
putedasB � Rudp � � 1 � Plossudp � , whereRudp denotesthe
total arrival rateof UDP flows andPlossudp denotesanes-
timator for the lossprobability of UDP flows. ThusB de-
notesthefractionof thebottleneckcapacityavailableto the
TCP flows. Additionally, asa mix of TCP flows and10%
unresponsive UDP traffic behavesmore aggressively than
TCPonly, wemultiply themaxp parametercomputedby the
modelby a factor1.1 in orderto adaptRED’s aggressive-
nessin packetdropping.

3.2. MeasurementEnvir onment

The testbednetwork (fig. 2(a)) usedfor experimentsis
meantto representa gateway where many networks are
mergedinto oneoutgoinglink. All hostsarePentiumPCs
runningLinux. ThePCshave two network cardsto enable
differentpathsfor incomingandoutgoingtraffic; this pre-
cludescollisionsat thelink layer. Moreover, PCs1–4runa
dedicatedapplicationto insertadditionalpropagationdelay
on outgoingtraffic to router1. The two routersareCisco
7500routersrunningIOS12.0.

Thebottlenecklink, wherecongestionandpacket drops

occur, is emulatedusing dummynet[23], a link emulator
thatrunsonaFreeBSDmachineactingasabridgebetween
the two routers. Dummynetalsoexecutesthe queueman-
agementmechanismsunderinvestigation.

In all experimentsthe bottlenecklink hasa capacityof
10 Mbps anda 100ms propagationdelay. The links from
PCs1–4to router1have a propagationdelayof 20, 40, 60,
and80 ms, respectively. All other links have a negligible
propagationdelay, so that theend-to-endroundtrip propa-
gationdelayrangesapproximatelyfrom 120–180ms.

The MTU size equals573 bytesfor UDP packets and
1514bytesfor TCPpackets.Linux implementsTCPSACK
[17]. Eachmeasurementlastsfor 500 seconds,wherethe
initial 100secondsarenot consideredin orderto filter out
thestartupbehavior of thesystem;all measurementsarere-
peated10timesandfiguresareplottedwith 95%confidence
intervals.

3.3. Simulation Envir onment

For simulationswith the ns-2 simulator[21] we usea
topology(fig. 2(b))similar to themeasurementsetup.Traf-
fic is multiplexed on the 100 Mbps links betweenrouter0
androuter1,respectively router3androuter2,beforeit ar-
rivesat the bottlenecklink. Output ports transmittingon
the 100 Mbps links use TD queuemanagement.Packet
dropshappensolely at the 10 Mbps link betweenrouter1
androuter2wherepersistentcongestionoccurs.Thequeue
managementalgorithm under investigationis executedat
theoutputport of router1.Datasendersarelocatedat hosts
1–4.Delaysof accesslinks areconfiguredsuchthattheav-
erageend-to-endpropagationdelayequalsthe end-to-end
delay for the measurements.TCP packet sizesareevenly
distributedfrom 1400to 1628byteswith a meanof 1514
bytes.UDPpacketsizesaresetto 573bytes.

Flowsstartduringthefirst10secondsof simulationtime.
Simulationslast for 5000seconds;the initial 100 seconds
arenot considered.With respectto theheavy taileddistri-
butions,all simulationsarerun 50 times(1000simulations
in total) to get tight 95% confidenceintervals asshown in
thefigures.

3.4. Network Traffic

In each measuredand simulatedscenario, the back-
groundtraffic is comprisedby four constantbit rateUDP
sourcesthat transmitwith anaggregaterateof 1 Mbps(i.e.
10% of the bottleneckbandwidth)from hosts1–4 to hosts
5–8. The foregroundtraffic is comprisedby an aggregate
of eitherFTP-like or Web-like TCPsourcesasdescribedin
thefollowing.

FTP-like TCP flows: In order to investigatethe steady
state behavior of the different queuemanagementalgo-
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Figure 2. Topology of testbed and sim ulated netw ork

rithms, we analyzetraffic from everlastingFTP-like TCP
SACK flows. In eachsetof measurementsandsimulations
theloadis variedoverabroadrangeby varyingthenumber
of TCP flows. Within the context of window-basedcon-
gestioncontrolledflows like TCP, we definetheloadasthe
numberof flowsdividedby thebandwidth*RTT product.

Investigationswith FTP-like TCP traffic areperformed
by measurementsandsimulations.However, thesimulation
resultsarenot shown in thepaperdueto spacelimitations.

Web-like TCPflows: In orderto investigatethebehavior
of thequeuemanagementalgorithmswith morerealisticIn-
ternettraffic we employ a modelfor Webtraffic developed
in [6]. It is amodelof HTTP1.0traffic whichprovidessev-
eraldistributionsthatdescribeuserbehavior andproperties
of Web pages.Pleasesee[6] for the detailsof the model.
The choiceof parametersis basedon [6] andsummarized
in table1.

Our simulationsrely on an implementationof the de-
scribedtraffic modelthat is beingshippedwith recentdis-
tributionsof ns-2[21].

We adaptthe load by varying the numberof Web ses-
sions. The averagenumberof TCP flows requiredfor the
REDoptparametermodel[26] is estimatedthroughtheav-
eragenumberof active flows observedover theentiresim-
ulation. Note that investigationswith Web traffic areper-
formedby simulationonly.

Distribution mean shape

inter-pagetime Pareto 50ms 2
objectsperpage Pareto 4 ms 1.2
interobjecttime Pareto 0.5ms 1.5

objectsize Pareto 12Kbyte 1.2

Table 1. Distrib utions for Web traffic model

4. Measurementswith bulk-data traffic

In order to keepqueueoscillationat a constantampli-
tude, the model [26] usedto calculatethe parametersfor
REDoptresultsin a settingof minth , maxthandbuffer size
(in packets)dependenton the numberof flows. Thus, in
order to allow for comparisonof the queuemanagement
mechanisms,the buffer sizesfor (G)REDstdand TD are
setto thesamevaluesasfor REDopt.Thebandwidth*RTT
productof the scenarioequalsapproximately300 packets
(includingqueueingdelay),which is closeto thebuffer size
proposedby theRED model.

The minth parameterfor (G)REDstdis setto 3/20 times
buffer sizeandthemaxth parameterfor (G)REDstdis setto
13/20timesbuffer size.Theloadis variedby changingthe
numberof TCPflows from 16 to 256. Thedetailedparam-
etersettingsareshown in fig. 3(a).

[TCP goodput] TheTCPgoodputresultsarepractically
equalfor all queuemanagementmechanisms.In all scenar-
ios goodputis almostoptimal(around8.4Mbps)asqueues
hardly ever drain completelyand TCP SACK avoids un-
necessaryretransmissions.In conformancewith earlierre-
sults,globalsynchronizationdoesnot causea goodputde-
creasewith TD in lightly loadedscenarios.The goodput
is marginally below optimal with GRED and REDstdfor
the16flowsscenarioasamaxp of 0 � 1 causes(G)REDstdto
droppacketstoo aggressively for thegivenflow aggregate.
This causestheequilibriumpoint of the (G)REDstdqueue
sizeto staycloseto minthwhich increasesthelikelihoodfor
thequeueto draincompletely.

[UDP loss] Fig. 3(b) illustratesthat REDopt is better
thanREDstdandGREDstdby a factor2 in lightly loaded
scenariosconcerningthe relative differencein UDP loss.
TD is in between.In heavily loadedscenarios,the relative
differencesdecreaseandaretoo smallto beconsideredrel-
evant.



num.flows minth maxth buf.size maxp wq

REDopt 16 41 165 247 0.00513 0.00068
32 42 168 252 0.0185 0.0011
64 43 172 258 0.0571 0.0016

128 45 181 272 0.133 0.002
256 50 200 300 0.233 0.0018

(G)REDstd 16 37 161 247 0.1 0.002
32 38 164 252 0.1 0.002
64 39 168 258 0.1 0.002

128 41 177 272 0.1 0.002
256 45 195 300 0.1 0.002

(a)Parametersettingsfor FTPtraffic
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Figure 3. Measurements with FTP traffic

[Queueing delay] As the buffer size, maxth , and
minthparametersare increaseddirectly proportionalto the
numberof flows, queueingdelayincreaseslikewise for all
mechanisms(seefig. 3(c)). With TD the queueconverges
to the total buffer size,while the averagequeuesizestays
below maxthwith RED – thus queueingdelay is signifi-
cantly smallerwith RED. Note, however, that this cannot
beconsideredasanargumentagainstTD. Theselectionof
thebuffer sizealwaysmeansbalancinga tradeoff between
high queueingdelayandlow link utilization. We have exe-
cutedsimulationsshowing thatTCPgoodput,with theTD
buffersizesetsothatTD queueingdelayequalstheREDopt
queueingdelay, is thesamefor TD andREDopt.

Comparing(G)REDstdand REDopt we find that the
averagequeueingdelay variessignificantly lesswith RE-
Dopt as a function of the numberof TCP flows. This is
dueto the fact that REDoptadaptsthe maxp parameterto
the load,so that the averagequeuesizealwaysstaysclose
to (minth+maxth )/2. On the contrary, (G)REDstdkeeps
maxp constant,causinga drift of the averagequeuefrom
minth to maxthasthenumberof flows increases(see[26]).

[Delay variation] In caseof lightly loadedscenariosthe
queuesizeoscillatesheavily with TD dueto globalsynchro-

nization,causinga high standarddeviation of thequeueing
delay(seefig. 3(e)). As the load increases,theglobalsyn-
chronizationeffect disappears;theTD queuestayscloseto
the total buffer sizeandthusthe delayvariationdecreases
significantly.

[Consecutive losses]For lightly to mediumloadedsce-
narios(i.e. lessthan64 flows in our case)all RED mech-
anismsshow equalperformanceconcerningthenumberof
consecutive losses.As the averagequeuesizestaysbelow
maxth , REDis ableto buffer traffic burstswithoutperform-
ingconsecutiveforceddrops.TD is significantlyworsethan
theRED variantsasthequeuesizeis frequentlyvery close
to the total buffer size,enforcingconsecutive packet drops
in casea burst of packetsarrivesandcausingglobal syn-
chronization.

In caseof high load (i.e. 256 TCP flows) REDstd
performsbadly as the averagequeuesize often execeeds
maxth , enforcing frequentconsecutive packet drops (see
fig. 3(d)). Due to GREDstd’s smootherdrop functioncon-
secutivedropsarelesslikely with GREDstdthanwith RED-
std. REDoptkeepstheaveragequeuesizebelow maxthand
thusavoids consecutive dropsin general. However, from
time to time a traffic burstcausestheaveragequeueto ap-



sessions minth maxth buf.size maxp wq

REDopt 800 38 151 226 0.00178 0.00008
1000 38 153 230 0.00472 0.00011
1200 41 164 246 0.02 0.00021
1300 49 196 294 0.109 0.00039
1400 74 299 449 0.333 0.00044

(G)REDstd 800 34 147 226 0.1 0.002
1000 35 150 230 0.1 0.002
1200 37 160 246 0.1 0.002
1300 44 191 294 0.1 0.002
1400 67 292 449 0.1 0.002

(a)Parametersettingsfor Webtraffic
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Figure 4. Simulations with Web traffic

proachmaxth , causinga heavy tail in theREDoptconsecu-
tive lossdistribution.

5. Simulations with Web-likeFlows

While the studyof FTP-like traffic wasdoneboth with
measurementsandsimulations(showing very goodconfor-
mance)the studyof Web-like flows is restrictedmerelyto
simulations.Theadaptationof buffer sizesfor (G)REDstd
andTD is donein thesamewayasdescribedin thefirst two
paragraphsof section4. Thedetailedparametersettingsare
shown in fig. 4(a).

The load is variedby changingthenumberof Webses-
sionsfrom 800to 1400.Scenarioswith fewersessionsthan
800wereunderloadedandthusnotof interest.Ontheother
hand,simulationswith morethan1400sessionsled to asit-
uationwherethe network wasextremelyoverloaded.The
flow lifetime becamethusvery long andthesituationcon-
vergedto thescenarioswith FTP-liketraffic. A goodindica-
tor for thenetwork loadis REDopt’smaxp parameterwhich
equals2 timestheestimateddropprobabilityof a scenario
[26]. As canbeseenin fig. 4(a),maxp increasesby a factor
2.6 if the numberof sessionsincreasesfrom 800 to 1000,

while maxp increasesby a factor16.7if thenumberof ses-
sionsincreasesfrom 1200to 1400. This shows the highly
non-linearbehavior of thenetwork loadasa functionof the
numberof Web sessionsandthat the spectrumof load sit-
uationswhereAQM is ableto controlthesystemdynamics
is very limited.

[TCP goodput] TCP goodputincreasesmonotonically
with the numberof Web sessions(i.e. the load) andcon-
vergesto a maximumof 8.7 Mbps for the high load sce-
narios. The monotonicincreaseis due to the decreasing
probability that the queueis emptybecauseof underload.
No significantdifferencesbetweenthe queuemanagement
algorithmscanbefound.

[UDP loss]Fig. 4(b) illustratesthenon-linearityin sys-
temloadasa functionof thenumberof Websessions.The
increaseof the UDP loss rate curves (indicating network
load)overthenumberof sessionsis significantlynon-linear
andcompletelycontraryto thelossratecurvesfor FTPtraf-
fic (seefig. 3(b)). TD generallyhasa lower lossrate,espe-
cially for 1200Websessions;theotherscenariosshow only
minordifferences.

[Queueingdelay]As shown in fig. 4(c),theinfinite-time



averageof thequeueingdelayincreasesproportionallywith
thenumberof Websessionsfor all mechanismsbecausethe
queuesizethresholdsdeterminedby themodelfor REDopt
increaselikewise. As REDoptadaptsmaxp to the network
load, it is best in making the infinite-time averageof the
queuesizeconvergecloseto (minth+maxth )/2, causingthe
averagequeueingdelay to increaseonly moderatelyas a
functionof thenumberof Websessions.All othermechan-
sismsarenotableto controltheinfinite-timeaverageof the
queuesize,causingthe steepincreaseof the queueingde-
lay. For TD, theaveragequeueingdelayis generallyhigher
thanfor REDbecauseTD’saveragequeuehasthetendency
to convergeto thebuffer sizewhile for RED it doesnot ex-
ceedmaxth (seesection4).

[Delay variation] In caseof Webtraffic thestandardde-
viation of the queueingdelayis mainly determinedby the
burstinessof thearriving traffic in mediumloadscenarios.
Theperformancedifferencesarepartly dueto thedifferent
rangesof queuesizevariationallowedby themechanisms.
For instance,TD allowsvariationbetweenzeroandtheen-
tire buffer sizewhile REDstdallowsvariationbetweenzero
andmaxth , thusREDstdgenerallyhasa smallerstandard
deviation of queueingdelaythanTD. Similar to scenarios
with FTP traffic the standarddeviation of TD decreasesif
the load increasesbecausethe queuesize exhibits a ten-
dency towardsconvergenceto thetotalbuffer size.

Comparing(G)REDstd and REDopt we observe that
REDopthasa higherstandarddeviation, independentlyof
the settingsof maxp (for low load scenariosREDopthasa
smallermaxp thanREDstd,vice versafor high loadscenar-
ios). Thesettingsfor minthandmaxthareapproximatelythe
same.Thus,asthequeueweight is theonly remainingpa-
rameter, the longermemoryin REDopt’s queuesizeaver-
aging(REDopt hasa smallerqueueweight thanREDstd)
seemsto haveanegativeeffecton thestandarddeviationof
thequeueingdelaywith Webtraffic.

[ConsecutiveLosses]Fig.4(d)showsthattheREDvari-
antsaresignificantlyworsethanTD concerningconsecutive
drops.While REDoptis ableto keepthequeuesizebelow
maxth for FTP traffic (seesection4) and thus avoids con-
secutive losses,it fails to do so for theWebtraffic. Due to
the high variability andburstinessof Web traffic the aver-
agequeuesize(of all RED variants)frequentlyapproaches
maxth , causingconsecutive losses.

We lookedat differentload situationsandtook into ac-
count the differentsettingsof maxp and wq of the mecha-
nismsunderinvestigation. From theseobservationsit be-
comesobviousthata highervaluefor wq (i.e. shortermem-
ory in the queueaveraging)decreasesthe probability for
long periodsof consecutive drops. This is dueto the fact
that oncethe averagequeuesize is closeto maxth , it will
staytherelongerthemorehistory from the averagingpro-

cess(low valuefor wq ) is takeninto account.

6. Conclusions

We have comparedthe performanceof Tail Drop (TD),
RED andGRED with a standardparametersetting(RED-
std,GREDstd)andRED with fine-tunedparametersetting
(REDopt). Performancemetricsare TCP goodput,UDP
lossrate,averagequeueingdelay, standarddeviation of the
queuingdelay(asanindicatorfor delayjitter) andthecon-
secutive lossprobability distribution. The analysisis per-
formedwith a traffic mix consistingof FTP-like TCPflows
and 10% of UDP traffic, as well as a traffic mix consist-
ing of Web-likeTCPflowsand10%UDPtraffic for various
loadsituations.

Our mainfindingsare:

� the mechanismsdo not show significant differences
concerningTCPgoodputandUDP loss.

� In all loadsituationsfor FTPandWebtraffic, REDopt
is superiorin controllingtheaveragequeueingdelay.

� TD exhibits highervariationin thestandarddeviation
of the queueingdelay as a function of the load than
the RED variants. Moreover, we observe that longer
memoryin RED’s computationof the averagequeue
sizeincreasesthestandarddeviationof queueingdelay
for Web-like flows.

� GREDstd and REDopt are significantly better than
REDstd concerningconsecutive lossesfor medium
to high load scenarios in case of FTP traffic.
In these scenariosthe RED queuesstay close to
the maxth threshold, frequently causing consecutive
“forced” packet drops. In caseof Web traffic, all
AQM mechanismsfail to keeptheaveragequeuesize
away from maxthdue to the high variability in traffic
load. Consequently, thesemechanismsperformbadly
in termsof consecutive losses.On theotherside,TD
performswell concerningconsecutive losses,quitein-
dependentlyof theloadsituationfor FTPandWebtraf-
fic. Notethatthesekindsof forcedconsecutivepacket
dropswith RED causemechanismslike ECN [22] to
fail.

Basically, theperformanceof REDstdis sensitive to the
load situationfor mostof the usedmetrics,which canbe
consideredasa seriousdrawback.REDoptis lesssensitive
to the loadsituationasits parametersareadaptedbasedon
a modelassumingknowledgeof thenetwork scenario(bot-
tleneckbandwidthandRTT) andthe load situation. How-
ever, in realisticscenarioswith Web traffic the load situa-
tion (e.g. numberof TCP flows and their demand)varies



heavily, thusREDoptis not capableof resolvingthedraw-
backsinherentto RED. However, modelsas proposedin
[7, 11, 26] provide importantinsightson how to setthepa-
rametersof optimizedAQM mechanisms(e.g. GRED) in
thefutureandespeciallyonthereasonsbehindthebehavior
of AQM mechanisms.

TD exhibits significantdependency on traffic variability
concerningaveragequeueingdelayandits standarddevia-
tion. In lightly loadedscenarioswith FTP traffic TD fre-
quentlydropspacketswithin a shorttime-window, causing
globalsynchronization.Our performanceevaluationshows
thatglobalsynchronizationcausesahighstandarddeviation
of queueingdelay, but the effect on TCPgoodputis negli-
gible. Additionally, for Webtraffic andfor mediumto high
loadscenarioswith FTPtraffic, globalsynchronizationdis-
appearswith TD andthestandarddeviationof thequeueing
delaydecreasesin casetheloadincreases.

In total,ourevaluationdoesnotshow superiorityof RED
over TD. ThusISPscurrentlydo not have an incentive to
migratefrom TD to RED,giventhecomplexity of REDpa-
rametersetting.GREDperformsreasonablywell in all sce-
nariosbut queueingdelayandthestandarddeviation of the
queueingdelaystill dependon the load. Generallyspeak-
ing, all queuemanagementmechanismsperform well in
certainscenariosbut sub-optimalin others. Thus the de-
velopmentof new active queuemanagementmechanisms
canstill beconsideredasa challengefor theresearchcom-
munity.
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