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Abstract

This papercompaesthe performanceof Tail Drop and
threedifferentflavors of theRED (RandonEarly Detection)
gueuemanaggementmedanism: RED with a standad pa-
rametersetting RED with an optimizedparametersetting
basedona modelof REDwith TCPflows,andfinally a ver
sion of RED with a smootherdrop functioncalled “g entle
RED”. Performances evaluatedundervariousload situa-
tionsfor FTP-like andWeb-like flows,respectively\We use
measuementandsimulationgo evaluatethe performance
of the queuemanayemenimedanismsand assessheir im-
pacton a setof operator orientedperformancemetrics.We
find thatin total (i) no performancdamprovementf RED
compaed to Tail Drop can be observed;(ii) fine tuning
of RED parametes is not suficientto copewith undesied
REDbehaviordueto thevariability in traffic load; (iii) gen-
tle RED is capableof resolvingsomeof the headatieson
REDbut notall.

Keywords. TCR RED,performancesvaluation

1. Intr oduction

Internetbesteffort traffic is controlledthroughtheinter-
actionof end-to-endcongestiorcontrolandqueuemanage-
ment. TCP’s end-to-enccongestiorcontrol[13, 14] adapts
thevolumeof transmitteddatato the currentload situation
in the netby varying the congestiorwindow asa function
of the paclet lossrate. Queuemanagemenis the decision
whento startdroppingpacletsandwhich pacletsto dropat
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a congestedouteroutputport. Traditionallnternetrouters
employ “Tail Drop” (TD) queuemanagementdiscarding
arriving pacletsif the buffer of the outputport overflows.

Contraryto TD, active queuemanagemenfAQM) mech-
anisms[10] startdroppingpacketsearlierto enablenotifi-

cation of traffic sourcesaboutthe incipient stagesof con-
gestion.Recently AQM mechanismé$5, 2] have beenpro-

posedwithin the framework of the Internetdifferentiated
servicesarchitecturgl] to preferentiallydropnonconform-
ing over conformingpaclets.

The RandomEarly Detection (RED) AQM algorithm
[10, 2] hasbeendesignedo substituteT D andis nowadays
widely implementedin commercially available routers.
RED usesthe parameteset{min,, maxs, max , Wy } in
orderto probabilisticallydrop pacletsarriving at a router
outputport. RED maintainsan averagequeuesize (avg)
which is computedas an exponentially weightedmoving
averageof the instantaneougjueuesize with weight pa-
rameterwg . If the avgis smallerthan miny, no paclet
is dropped. If miny < avg < max,, RED’s paclet drop
probability varies linearly betweenzero and max,. |If
avg > maxy, thedrop probability equalsone. GentleRED
(GRED)[9] modifiesRED’s droppingfunctionfor thecase
that avgexceedsmaxy, asillustratedin fig. 1. The drop
probabilityincreasedinearly betweenmax, andthe buffer
sizewith aslopeof (1 — max, ) /maxn. Obviously, RED as
well asGRED haveto dropanarriving pacletif theinstan-
taneougjueuesizeequalshetotal buffer size.

It hasbeenclaimedin [10] that RED yields advantages
comparedo TD mainly in termsof accomodatiomf bursts
andavoidanceof globalsynchronizationi,e. TD'stendeng
of synchronizingTCP flows to be in phaseby dropping
pacletsof severalflows atoneinstancen time. Globalsyn-
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Figure 1. RED and GRED

chronizationhasthe potentialto make the queuesizeoscil-
late,causingsuboptimathroughputandhighdelayjitter. In
orderto avoid global synchronizationit hasbeena design
goal of RED to spreadout paclet lossesin time, in other
wordsto minimizethe numberof consecutie pacletdrops.
It is commonknowledge however, thatglobalsynchroniza-
tion is only a problemin lightly loadedscenariosandin-
finite length TCP flows [24, 18]. Additionally, suboptimal
throughputdueto globalsynchronizatiortanbe avoidedas
long asthe buffer sizeis setto the bandwidth*RI'T product
of thescenarioor higher

In this paperwe evaluatepotential benefitsof various
RED flavorsover TD whichmight give ISPsanincentveto
migratefrom TD to RED. Therestof this papelis organized
asfollows: section2 summarizeselatedwork; section3
hasall the detailsof the evaluationervironment(metrics,
testbedand simulationsetup,traffic load). Measurement
resultsfor FTP-like traffic are discussedn section4 and
simulationresultsfor morerealisticWeb-like traffic arean-
alyzedin section5. Finally, section6 concludeghis paper
andsummarizeshefindings.

2. Related Work

As an important starting point for this paper [19, 12]
compareTD, RED and GRED employing standarcdparam-
etersettings.Themainconclusionf thesepapersarethat
RED doesnot improve performancecomparedo TD, and
thattuning of RED parameterss still anopenquestionbut
shouldnot have a big influenceon performance.Similar-
ily, [4] shaws that RED exhibits no clearadvantagesover
TD concerningesponsdéimesof Webtransferandthatthe
settingof RED parameterinfluencesesponséime perfor
manceonly in the highloadcase.

Several publicationsdiscussingthe settingof RED pa-
rameterggive eitherrulesof thumband qualitatve recom-
mendationg15, 8, 25] or quantitatve modelsassumingn-
finite time averageg7] which arenot capableof modelling
the oscillatory behavior of the RED queue.A control the-
oretic approachto modelthe parametesettingof RED is
employedin [11].

In [26] a quantitatve modelhow to setRED parameters
with TCP traffic is derived. The RED parameterselevant
for stability arethe maximumdrop probability (max, ) de-

terminingthe equilibriumpoint(i.e. thequeueaverageover
infinite time intervals), the requireddifferencebetweerthe
gueuesizethresholdsnax, andming to keeptheamplitude
of the oscillationaroundthe equilibrium point sufficiently
low, andthequeueweight(wy ). See[3] for aWebinterface
to themodel.

Finally, [27] shaws that, independentlyof the parame-
ter settings,RED-like mechanismgendto oscillatein the
presencef two-way TCPtraffic in scenariosackingheary
crosstraffic.

3. Evaluation Environment

3.1 PerformanceMetrics

We areinterestedn theaggreyatetraffic performancef
gueuemanagementmechanism&ndnotin individual flow
performancer fairnesissuesWe arguethatit makessense
to look attheaggreyatetraffic behaior first, becausearlier
papershave alreadyinvestigatedheindividual flow perfor
manceaswell asfairness20, 16, 4] andsecondbecause
ISPsare interestedn optimizing aggrgyatetraffic perfor
mance.In this papera traffic mix consistingof TCP flows
andconstanbit rate UDP flows is used.Thetotal UDP ar-
rival rateequals10% of the bottleneckink capacity Simi-
larto [12], the performancenetricsare:

TCP goodputis definedasthenumberof bits persecond
forwardedto the correctdestinationinterface, minus ary
bitslost or retransmittedWe decidednotto studyTCPloss
becausdossandgoodputare somavhat redundanmetrics
for TCP (TCP adaptsits congestiorwindow asa function
of the lossrate) and becausdor TCP flows goodputis of
majorinterest.

UDP lossrate is definedasthenumbelUDP pacletsthat
are droppeddivided by the total numberof UDP paclets
thatarrivedat the sameoutputport. For UDP flows theloss
rateis an equivalentmetric to the goodputfor TCP flows.
This is anincentive to study aggreyateUDP losswhich is
stronglycorrelatedo thelossrateof individual flows.

Queueing delay. minimizing queueingdelayis of in-
terestfor transaction-lile applicationsg.g. remotelogin or
Web transfers. For the testbedmeasurementthe queue-
ing delayis measurednsidethe dummynettool asthe dif-
ferencebetweenthe time the schedulerstartsservicinga
paclet and the time this paclet is enqueuedn the output
buffer. In orderto increasethe precisionof the measure-
ments,the kernelclock ratein the machinerunningdum-
mynetis setto 1000HZ, resultingin a 1 msgranularityfor
queuingdelay

Standard deviation of queueingdelay: queuevariance
correspondglirectly to delay jitter of flows. We decided
to measurehe standardleviation of the queueinglelayin-
steadof thedelayjitter of individualflows (i.e. thestandard



deviation in a flow’s interarrival time of pacletsat the re-
ceiver) becausealelayijitter is not capableof reflectinglow
frequeng oscillationsin queueingdelayin mary scenarios.

Consecutie loss distribution: the meanof the con-
secutve loss distribution is an importantquality criterion
for queuemanagemenmechanismssit indicatessuscep-
tibility to global synchronization. We definethe random
variableN asthe numberof consecutie lossesobsenedat
a router output port and considerthe probability distribu-
tion P(N > n). In the measurementshe dummynettool
measureshe losseventswhich begin whenafirst pacletis
droppedandendwhenthe first arriving pacletis accepted
andenqueued.

The different mechanismsomparedin this paperare
TD, RED and GRED with a standardparametersetting
(REDstd, GREDstd),and RED with an optimal parame-
ter setting (REDopt). REDstd and GREDstd meansthat
ming, max,, andthe buffer size are set reasonablyhigh
(i.e. in therangeof the bandwidth*RI'T productof the sce-
nario); maxis setto 0.1 andwyg is setto 0.002,asrecom-
mendedin [8]. We definea configurationof RED param-
etersasoptimal (REDopt) if it makesthe queuesize con-
vergeto (miny,+maxp )/2 with only smallamplitudeoscil-
lationsin caseof infinite-demand-TP-like flows. Sucha
gueuesize behaior is achieved by setting RED parame-
tersaccordingto the model proposedn [26] and summa-
rizedin section2. This modelis, however, designedfor
RED with TCP flows only andnot for a mix of TCP plus
10% non-responsie UDP traffic. For this reasonwe have
appliedsomeminor adaptationgo the model. The bottle-
necklink capacityB usedasaninput to the modelis com-
putedasB — Rydp * (1 — Plossqp), whereR 4, denoteshe
total arrival rateof UDP flows andPloss,qp denotesanes-
timator for the loss probability of UDP flows. ThusB de-
notesthefractionof the bottleneckcapacityavailableto the
TCP flows. Additionally, asa mix of TCP flows and10%
unresponsie UDP traffic behares more aggressiely than
TCPonly, we multiply themax, parametecomputedy the
modelby afactor1.1in orderto adaptRED’s aggressie-
nessn packetdropping.

3.2 MeasurementEnvir onment

The testbednetwork (fig. 2(a)) usedfor experimentsis
meantto representa gatevay where mary networks are
memgedinto oneoutgoinglink. All hostsare PentiumPCs
runningLinux. The PCshave two network cardsto enable
differentpathsfor incomingand outgoingtraffic; this pre-
cludescollisionsatthelink layer. Moreover, PCsl—4runa
dedicatedapplicationto insertadditionalpropagatiordelay
on outgoingtraffic to routerl. The two routersare Cisco
7500routersrunninglOS 12.0.

The bottleneckink, wherecongestiorandpaclet drops

occut, is emulatedusing dummynet[23], a link emulator
thatrunsonaFreeBSDmachineactingasa bridgebetween
the two routers. Dummynetalso executesthe queueman-
agemenmechanismsinderinvestigation.

In all experimentsthe bottlenecklink hasa capacityof
10 Mbps anda 100 ms propagatiordelay The links from
PCs1-4to routerlhave a propagatiordelayof 20, 40, 60,
and 80 ms, respectiely. All otherlinks have a negligible
propagatiordelay sothatthe end-to-end-oundtrip propa-
gationdelayrangesapproximatelyfrom 120-180ms.

The MTU size equals573 bytesfor UDP paclets and
1514bytesfor TCPpaclkets.Linux implementsTCP SACK
[17]. Eachmeasuremenastsfor 500 secondswherethe
initial 100 secondsarenot consideredn orderto filter out
thestartupbehavior of the systemall measurementsrere-
peatedlOtimesandfiguresareplottedwith 95%confidence
intervals.

3.3. Simulation Environment

For simulationswith the ns-2 simulator[21] we usea
topology(fig. 2(b)) similarto themeasuremergetup.Traf-
fic is multiplexed on the 100 Mbps links betweenrouterO
androuterl,respectrely router3androuter2,beforeit ar-
rives at the bottlenecklink. Output ports transmittingon
the 100 Mbps links use TD queuemanagement.Paclket
dropshappensolely at the 10 Mbps link betweenrouterl
androuter2wherepersistentongestioroccurs.The queue
managemenalgorithm underinvestigationis executedat
theoutputport of routerl.Datasenderarelocatedat hosts
1-4. Delaysof accesdinks areconfiguredsuchthatthe av-
erageend-to-endoropagationdelay equalsthe end-to-end
delayfor the measurementsTCP paclet sizesare evenly
distributed from 1400to 1628 byteswith a meanof 1514
bytes.UDP paclet sizesaresetto 573bytes.

Flows startduringthefirst 10 second®f simulationtime.
Simulationslast for 5000 secondsthe initial 100 seconds
arenot considered With respecto the heavy tailed distri-
butions,all simulationsarerun 50 times(1000simulations
in total) to gettight 95% confidenceantervals asshavn in
thefigures.

3.4. Network Traffic

In each measuredand simulated scenario, the back-
groundtraffic is comprisedby four constantit rate UDP
sourceghattransmitwith anaggreyaterateof 1 Mbps(i.e.
10% of the bottleneckbandwidth)from hosts1—-4to hosts
5-8. The foregroundtraffic is comprisedby an aggreate
of eitherFTP-like or Web-like TCP sourcesasdescribedn
thefollowing.

FTP-like TCP flows In orderto investigatethe steady
state behavior of the different queue managementlgo-
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Figure 2. Topology of testbed and simulated netw ork

rithms, we analyzetraffic from everlastingFTP-like TCP
SACK flows. In eachsetof measurementandsimulations
theloadis variedoverabroadrangeby varyingthe number
of TCP flows. Within the context of window-basedcon-
gestioncontrolledflows like TCR we definetheload asthe
numberof flows divided by the bandwidth*RI' T product.

Investigationswith FTP-like TCP traffic are performed
by measuremen@ndsimulations However, thesimulation
resultsarenot shavn in the paperdueto spacdimitations.

Web-like TCPflows In orderto investigatehe behavior
of thequeuemanagemerdlgorithmswith morerealisticin-
ternettraffic we employ a modelfor Web traffic developed
in [6]. It isamodelof HTTP 1.0traffic which providesser-
eraldistributionsthatdescribeuserbehaior andproperties
of Web pages.Pleasesee[6] for the detailsof the model.
The choiceof parameterss basedon [6] and summarized
in tablel.

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

We adaptthe load by varying the numberof Web ses-
sions. The averagenumberof TCP flows requiredfor the
REDoptparametemodel[26] is estimatedhroughthe av-
eragenumberof active flows obsenedoverthe entiresim-
ulation. Note that investigationswith Web traffic are per
formedby simulationonly.

| | Distribution |  mean [ shape]
interpagetime Pareto 50ms 2
objectsperpage Pareto 4ms 1.2
inter objecttime Pareto 0.5ms 15
objectsize Pareto 12 Kbyte 1.2
Table 1. Distrib utions for Web traffic model

4. Measurementswith bulk-data traffic

In orderto keepqueueoscillation at a constantampli-
tude, the model [26] usedto calculatethe parametergor
REDoptresultsin a settingof miny,, max,andbuffer size
(in packets)dependenbn the numberof flows. Thus,in
orderto allow for comparisonof the queuemanagement
mechanismsthe buffer sizesfor (G)REDstdand TD are
setto the samevaluesasfor REDopt. The bandwidth*RI' T
productof the scenarioequalsapproximately300 paclets
(includingqueueinglelay),whichis closeto thebuffer size
proposedy the RED model.

The miny parametefor (G)REDstdis setto 3/20times
buffer sizeandthe max;, parametefor (G)REDstdis setto
13/20timesbuffer size. Theloadis variedby changingthe
numberof TCPflows from 16 to 256. The detailedparam-
etersettingsareshavniin fig. 3(a).

[TCP goodput] The TCPgoodputresultsarepractically
equalfor all queuemanagementnechanismsln all scenar
ios goodputis almostoptimal (around8.4 Mbps)asqueues
hardly ever drain completelyand TCP SACK avoids un-
necessaryetransmissionsln conformancewith earlierre-
sults,global synchronizatiordoesnot causea goodputde-
creasewith TD in lightly loadedscenarios. The goodput
is mamginally belov optimal with GRED and REDstd for
the 16 flows scenaricasamax, of 0.1 cause$G)REDstdto
drop pacletstoo aggresaiely for the givenflow aggreyate.
This causeghe equilibrium point of the (G)REDstdqueue
sizeto staycloseto minywhichincreaseshelik elihoodfor
thequeueto draincompletely

[UDP loss] Fig. 3(b) illustratesthat REDopt is better
than REDstdand GREDstdby a factor2 in lightly loaded
scenariosconcerningthe relative differencein UDP loss.
TD is in between.In heaily loadedscenariosthe relative
differenceslecreasandaretoo smallto beconsideredel-
evant.
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Figure 3. Measurements with FTP traffic

[Queueing delay] As the buffer size, max,, and
miny, parametersreincreasedlirectly proportionalto the
numberof flows, queueingdelayincreasedik ewise for all
mechanismgseefig. 3(c)). With TD the queuecorverges
to the total buffer size, while the averagequeuesize stays
belovn max,with RED — thus queueingdelay is signifi-
cantly smallerwith RED. Note, however, that this cannot
be considerechsan algumentagainstTD. The selectionof
the buffer size always meansbalancinga tradeof between
high queueingdelayandlow link utilization. We have exe-
cutedsimulationsshaving that TCP goodput,with the TD
buffer sizesetsothatTD queueinglelayequalsheREDopt
gueueingdelay is the samefor TD andREDopt.

Comparing (G)REDstd and REDopt we find that the
averagequeueingdelay varies significantly lesswith RE-
Dopt as a function of the numberof TCP flows. This is
dueto the fact that REDoptadaptsthe max, parametetto
theload, sothatthe averagequeuesize always staysclose
to (minp+maxy)/2. On the contrary (G)REDstdkeeps
max, constant,causinga drift of the averagequeuefrom
miny, to maxy asthe numberof flowsincreasegsee[26]).

[Delay variation] In caseof lightly loadedscenarioghe
gueussizeoscillatesheavily with TD dueto globalsynchro-

nization,causinga high standardieviation of the queueing
delay(seefig. 3(e)). As theloadincreasesthe global syn-
chronizationeffect disappearsthe TD queuestayscloseto
the total buffer size andthusthe delayvariationdecreases
significantly

[Consecutive losses]For lightly to mediumloadedsce-
narios(i.e. lessthan64 flows in our case)all RED mech-
anismsshowv equalperformanceconcerningthe numberof
consecutie losses.As the averagequeuesize staysbelov
maxn, RED s ableto buffer traffic burstswithout perform-
ing consecutieforceddrops.TD is significantlyworsethan
the RED variantsasthe queuesizeis frequentlyvery close
to thetotal buffer size,enforcingconsecutie packet drops
in casea burst of pacletsarrivesand causingglobal syn-
chronization.

In caseof high load (i.e. 256 TCP flows) REDstd
performsbadly as the averagequeuesize often execeeds
maxp, enforcing frequentconsecutre paclket drops (see
fig. 3(d)). Dueto GREDstds smootherrop function con-
secutvedropsarelesslik ely with GREDstdthanwith RED-
std. REDoptkeepsthe averagequeuesizebelov max,and
thus avoids consecutre dropsin general. However, from
time to time a traffic burstcauseghe averagequeueto ap-
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Figure 4. Simulations with Web traffic

proachmayy,, causinga heavy tail in the REDoptconsecu-
tive lossdistribution.

5. Simulations with Web-like Flows

While the study of FTP-like traffic wasdoneboth with
measuremenigndsimulations(shoving very goodconfor
mance)the study of Web-like flows is restrictedmerelyto
simulations. The adaptatiorof buffer sizesfor (G)REDstd
andTD is donein thesameway asdescribedn thefirst two
paragraphsf sectiond. Thedetailedparametesettingsare
shavnin fig. 4(a).

Theloadis variedby changingthe numberof Web ses-
sionsfrom 800to 1400. Scenariovith fewer sessionshan
800wereunderloaded@ndthusnot of interest.Ontheother
hand,simulationswith morethan1400sessionsed to a sit-
uationwherethe network was extremely overloaded. The
flow lifetime becamehusvery long andthe situationcon-
vergedto thescenariosvith FTP-liketraffic. A goodindica-
tor for the network loadis REDopt’s max, parametewhich
equals2 timesthe estimateddrop probability of a scenario
[26]. As canbeseenin fig. 4(a), max, increasedy afactor
2.6if the numberof sessionsncreasesrom 800to 1000,

while max, increasedy afactor16.7if the numberof ses-
sionsincreasegrom 1200to 1400. This shaws the highly

non-linearbehaior of the network loadasa functionof the
numberof Web sessionsandthatthe spectrumof load sit-

uationswhereAQM is ableto controlthe systemdynamics
is very limited.

[TCP goodput] TCP goodputincreasesnonotonically
with the numberof Web sessiongi.e. the load) and con-
vergesto a maximumof 8.7 Mbps for the high load sce-
narios. The monotonicincreaseis due to the decreasing
probability that the queueis empty becauseof underload.
No significantdifferencesetweenthe queuemanagement
algorithmscanbefound.

[UDP loss]Fig. 4(b) illustratesthe non-linearityin sys-
temload asa function of the numberof Web sessionsThe
increaseof the UDP loss rate curves (indicating network
load)overthenumberof sessionss significantlynon-linear
andcompletelycontraryto thelossratecurvesfor FTPtraf-
fic (seefig. 3(b)). TD generallyhasa lower lossrate,espe-
cially for 1200Web sessionstheotherscenarioshav only
minor differences.

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



averageof thequeueinglelayincreasegroportionallywith

thenumberof Websessiongor all mechanismbecausehe

gueuesizethresholdgleterminedy the modelfor REDopt
increasdikewise. As REDoptadaptsmax, to the network

load, it is bestin making the infinite-time averageof the

gueuesizecorverge closeto (miny +max, )/2, causingthe

averagequeueingdelay to increaseonly moderatelyas a

functionof the numberof Web sessionsAll othermechan-
sismsarenot ableto controltheinfinite-time averageof the

gueuesize, causingthe steepincreaseof the queueingde-

lay. For TD, theaveragequeueingdelayis generallyhigher
thanfor RED becausd D’s averagequeuehasthetendeng

to corvergeto the buffer sizewhile for RED it doesnot ex-

ceedmay, (seesectiord).

[Delay variation] In caseof Webtraffic thestandardle-
viation of the queueingdelayis mainly determinedby the
burstinessof the arriving traffic in mediumload scenarios.
The performancalifferencesare partly dueto the different
rangesof queuesizevariationallowed by the mechanisms.
For instance TD allows variationbetweerzeroandthe en-
tire buffer sizewhile REDstdallows variationbetweerzero
and max,, thus REDstdgenerallyhasa smallerstandard
deviation of queueingdelaythanTD. Similar to scenarios
with FTP traffic the standarddeviation of TD decreasesf
the load increasedecausehe queuesize exhibits a ten-
deng towardscorvergenceto thetotal buffer size.

Comparing (G)REDstd and REDopt we obsene that
REDopthasa higher standarddeviation, independentlyof
the settingsof max, (for low load scenariolREDopthasa
smallermax, thanREDstd,vice versafor high loadscenar
i0s). The settingsfor min, andmaxy, areapproximatelythe
same.Thus,asthe queueweightis the only remainingpa-
rametey the longermemoryin REDopts queuesize aver-
aging (REDopthasa smallerqueueweight than REDstd)
seemgo have anegative effect on the standardieviation of
thequeueingdelaywith Webtraffic.

[Consecutive LossesJFig. 4(d) shavsthattheRED vari-
antsaresignificantlyworsethanTD concerningconsecutie
drops. While REDoptis ableto keepthe queuesize belov
maxp for FTP traffic (seesection4) andthus avoids con-
secutve lossesit fails to do sofor the Web traffic. Dueto
the high variability and burstinessof Web traffic the aver
agequeuesize (of all RED variants)frequentlyapproaches
maxn, causingconsecutie losses.

We looked at differentload situationsandtook into ac-
countthe different settingsof max, and wq of the mecha-
nismsunderinvestigation. From theseobsenationsit be-
comesobviousthata highervaluefor wy (i.e. shortermem-
ory in the queueaveraging)decreaseshe probability for
long periodsof consecutre drops. This is dueto the fact
that oncethe averagequeuesizeis closeto maxy,, it will
staytherelongerthe morehistory from the averagingpro-

cess(low valuefor wy ) is takeninto account.

6. Conclusions

We have comparedhe performanceof Tail Drop (TD),
RED and GRED with a standardparametesetting(RED-
std, GREDstd)and RED with fine-tunedparametesetting
(REDopt). Performancemetricsare TCP goodput, UDP
lossrate,averagequeueingdelay standarddeviation of the
gueuingdelay(asanindicatorfor delayjitter) andthe con-
secutve loss probability distribution. The analysisis per
formedwith atraffic mix consistingof FTP-like TCPflows
and 10% of UDP traffic, aswell asa traffic mix consist-
ing of Web-like TCPflows and10% UDP traffic for various
loadsituations.

Ourmainfindingsare:

e the mechanismgdo not show significant differences
concerningl CPgoodputandUDP loss.

e In all loadsituationsfor FTPandWebtraffic, REDopt
is superiorin controllingthe averagequeueinglelay

e TD exhibits highervariationin the standarddeviation
of the queueingdelay as a function of the load than
the RED variants. Moreover, we obsene thatlonger
memoryin RED’s computationof the averagequeue
sizeincreaseshestandardieviation of queueinglelay
for Web-like flows.

e GREDstd and REDopt are significantly better than
REDstd concerningconsecutie lossesfor medium
to high load scenariosin case of FTP traffic.
In these scenariosthe RED queuesstay close to
the max,threshold, frequently causing consecutie
“forced” paclet drops. In caseof Web traffic, all
AQM mechanismégail to keepthe averagequeuesize
away from maxydue to the high variability in traffic
load. Consequentlythesemechanism@erformbadly
in termsof consecutie losses.On the otherside, TD
performswell concerningconsecutie lossesguitein-
dependentlpf theloadsituationfor FTPandWebtraf-
fic. Notethatthesekindsof forcedconsecutie paclet
dropswith RED causemechanismdike ECN [22] to
fail.

Basically the performanceof REDstdis sensitve to the
load situationfor mostof the usedmetrics,which canbe
consideredisa seriousdravback. REDoptis lesssensitve
to theloadsituationasits parameterareadaptecasedon
amodelassumindgknowledgeof the network scenarigbot-
tleneckbandwidthand RTT) andthe load situation. How-
ever, in realistic scenariosvith Web traffic the load situa-
tion (e.g. numberof TCP flows andtheir demand)varies



heavily, thusREDoptis not capableof resolvingthe draw-
backsinherentto RED. However, modelsas proposedin
[7, 11, 26] provide importantinsightson how to setthe pa-
rametersof optimizedAQM mechanismge.g. GRED) in
thefutureandespeciallyonthereasondehindthe behaior
of AQM mechanisms.

TD exhibits significantdependeng on traffic variability
concerningaveragequeueingdelayandits standarddevia-
tion. In lightly loadedscenarioswith FTP traffic TD fre-
guentlydropspacketswithin a shorttime-windaw, causing
global synchronizationOur performancevaluationshavs
thatglobalsynchronizatiorrauses high standardieviation
of queueingdelay but the effect on TCP goodputis negli-
gible. Additionally, for Webtraffic andfor mediumto high
load scenariosvith FTPtraffic, global synchronizatiortis-
appearsvith TD andthestandardleviation of thequeueing
delaydecreasen casetheloadincreases.

In total, ourevaluationdoesnotshaow superiorityof RED
over TD. ThusISPscurrently do not have an incentive to
migratefrom TD to RED, giventhe compleity of RED pa-
rametersetting. GRED performsreasonablyvell in all sce-
nariosbut queueingdelayandthe standardieviation of the
gueueingdelaystill dependon the load. Generallyspeak-
ing, all queuemanagemenmechanismgerformwell in
certainscenarioshut sub-optimalin others. Thusthe de-
velopmentof new actve queuemanagemenmechanisms
canstill be consideredasa challengefor theresearcltom-
munity.
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