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Abstract— Peerto-peer and overlay networks allow
routing to be controlled at the application layer. Consider
several independentoverlay ows, each with a set of
available overlay routesto sendtheir data on. If they each
selectthe route with the most available bandwidth, i.e.,
they are “gr eedy”, a signi cant degree of instability could
result, leading to degraded performance. We investigate
this possibility, and a wide variety of factors that affect
routing performance, by simulations. We nd that some
measure of “r estraint” is crucial for obtaining acceptable
performance of route selectionin such scenarios.Speci -
cally, we investigatethr ee forms of restraint - randomiza-
tion of route selection,utilizing an appropriate hysteresis
thr eshold when switching routes, and increasingthe time
intervals betweenroute-changeconsiderations.

Our resultsindicate that randomization can signi cantly
reduceloss-rates(typically by half) - more importantly, it
is suf cient to utilize load information from a small subset
of overlay paths to obtain such results. This approach
would signi cantly reducethe path measuementoverhead
imposed by applications. Secondly we nd that appropri-
ate values of the hysteresisthreshold ( ) can be heavily
dependenton the parameters of the system.Therefore we
proposethat ows determine  dynamically; we suggest
and evaluate an algorithm basedon multiplicati ve increase
and decreaseof  for this purpose.This algorithm is found
to reducelossrates of the basic greedy method by at least
half. Finally, we investigatethe scenario when a subsetof
unrestrained overlay o ws (the “cheaters”) selectthe best
of all available routes, while the remainder use suitable
hysteresisthr esholdsor randomization.

. INTRODUCTION

Peerto-peersystemsandoverlay networks allow data
or queriesto be routedthrough peersor overlay hosts
to the ultimate destination.Such systemsoften possess
a degreeof freedomin choosingthe overlay-level path.
This allows applicationsto control the performanceof
their routes,and seekbetterroutesor greaterfunction-
ality thanis available from the Internet. This approach
is corvenientsinceit doesnot requirechangesn the IP
infrastructure Seseral overlay networks and peerto-peer
systemshave beenproposedvhich follow this approach.

Someexamplesare Gnutella[1] (a peerto-peeroverlay
for le-sharing), the Resilient Overlay Network [2] or

RON (which attemptgo provide betterconnectvity than
BGP does),and End SystemMulticast (which attempts
to provide ef cient multicastcapability using only end-
hosts).In addition, proposedinfrastructuredike i3 [3]

would make it easierfor end-hostgo controlrouting [4],

and testbeddike PlanetLab[5] increasethe likelihood
that a large numberof independentlyrouted o ws use
the samephysicalresources.

Typically, in a performance-orientedystem,overlay-
level routing involves the measuremenof all available
overlay paths;datais thensentalongthe paththatis the
best,in termsof the metric of interestto the application.
While this “greedy” methodworkswell for a singleend-
hostor decisionmaler, the effectsof simultaneousoute-
selectionby severalindependenénd-hostdhave notbeen
adequatelystudied.Path characteristicean changedur-
ing, andafter, the time requiredfor measurementueto
otherend-hostgnakingroutechangeslf theseend-hosts
do not explicity communicatethesedecisionsto each
other it is likely thatthe pathinformationis inaccurateat
the instantwhenthe selectionof the bestrouteis made.
It is possiblethat this could lead to unstablebehaior
and poor performanceof route selection.For example,
several end-hostxould nd a pathto be unloaded,and
start sendingtraf ¢ on that path; now this path would
becomeheaily loaded,and anotherpath would seem
moredesirable andthis “herd” behasior could continue
for the life-time of theseend-hoststrafc o ws.

Our goalin this paperis to investigatethe occurrence
and extent of performancedegradationwhen a large
numberof end hosts independentlyperform route se-
lection. We performedsimulationsusinga systemmodel
of multiple arriving anddeparting o ws, eachwith some
numberof available pathsfrom its sourceto the destina-
tion, having bottleneckphysicallinks in commonwith
pathsof other o ws. Eachof these o ws periodicallyse-
lectsarouteusingthe method,.e., it always
sendsits dataon the bestpath in termsof the metric
of interest,which is available bandwidthin our case.



We investigatedthe factorsthat affected performance,
and basedon this, we madesimple modi cations to the
route-selectiormethod,to improve its performance.

UnrestrainedGREEDY route selection,as described
above, is very unstableand performsvery poorly, even
in a dynamic systemwhere the routing decisionsare
notsynchronizedObviously, thealgorithmwould bene t
from a hysteresisthreshold (denotedby ), which
regulatesthe decisionto make a route change.When
the optimal value of was employed, we obsened
signi cant loss-rates(7% or more) only when the fol-
lowing conditionsweretrue: (a) overlay pathsbelonging
to different o ws sharedphysical bottlenecklinks to a
large extent, (b) the overlay trafc was a large fraction
(more than 25%) of the total trafc on the bottleneck
links, and(c) the overall bandwidthdemandwvasashigh
asthe overall capacity

The hysteresighresholdrepresent®nly one form of
restraintthatcanbe appliedto selectionWe
also exploredtwo otherforms of restraint:randomizing
routeselectionandincreasingheinterval betweerroute

Section Il, we provide some backgroundon overlay
networks, and describerelatedwork. In Sectionlll, we
describethe systemmodel and simulationmethodology
that we useto perform our investigations.Section IV
presentsour resultson greedyroute selection,and its
dependencen and . SectionV presentur results
on randomizedselectionand dynamic discovery of
Section VI presentsour results on the performance
obtainedby o ws that “cheat”. SectionVIl concludes,
and outlinesfuture work.

Il. BACKGROUND

Therehave beenseveralproposaldor overlay network
protocols.In somecasesthe goalwassimply incremen-
tal deploymentof new functionality in the Internet.The
MBone [6] was an early exampleof suchan “overlay”.
Subsequenproposalsmplementedmulticastand group
communicationsolely at end-hostsat the application-
level. For example,End SystemMulticast[7] organizes
a group of end-hostdnto a meshand eventuallyinto a
tree. The source(the tree root) sendspaclkets which are

changedecisions( ). Introducing some randomness replicatedandre-sentby the end-hostcorrespondindgo

into route-selectiorsigni cantly reducedthe loss-rates
obsened (typically by half). Our mostinterestingobser

the nodesof the tree. The tree topology is reactie to
propertiedike lateng of the pathscorrespondingdo tree

vation herewasthatit is adequatéo usemeasurements edges.These propertiesare inferred either by passve

of a small subsetof all the available paths at ary

giventimeto achievetheafore-mentioneimprovements.
This would signi cantly reducemeasuremertrafc and
overheadassociatedvith the overlay o ws.

Next, we found that the optimal value of  is very
sensitve to systemparametersThereforewe propose
that all the end-hostsin the systemdynamically and
independentlydiscover a suitablevaluefor . We sug-
gestand evaluatea simple adaptive algorithm for this
purpose,basedon multiplicative increaseand decrease
of in responsdo the rateof route-changeperformed.
We found that this algorithmyields very low loss rates
(lessthan 1%), and is often betterthan having a x ed
value of

Finally, we investigatethe performancegainedby a
smallnumberof “cheating” overlay o wswhich perform
unrestrained route selectionwhen all the
remaining “good” ows adopt a restrainedapproach
(usingthe right hysteresighresholdsor randomization).
We nd that the dynamic discovery algorithm for
performsthe bestin the context of the good o ws, and
their performancedoes not suffer unlessthe cheating
ows approachhalf the total number of ows. The
cheating o ws obtain performancebene ts only when
they number less than 10% of total ows, and these
bene ts are small.

The rest of the paperis organized as follows. In

measuremer{if datais beingsenton thatpath),or active
probing.

Overlay networks canalsoimprove performancee.g.,
in termsof effective bandwidth),or provide more reli-
ableconnectvity. The ResilientOverlay Network (RON)
project[2] providesreliable connectvity and quick re-
covery from path outagesfor a small group of overlay
nodes.Each node monitors the propertiesof its paths
to every other node of a RON by frequentprobing or
passve monitoring. Upon detectionof a path outage
betweentwo nodesA and B (or a severe performance
drop), pacletsfrom A aresentto a third nodeC, which
forwardsit to B. The choice of the node C is made
by selectingthe bestcompositepath (A-C-B) in terms
of the applications metric of interest. The RON system
claimsto be ableto recover from pathoutagesn around
20 secondswhile BGP recovery times can be several
minutes.Systemslike RON and End SystemMulticast
which have a large numberof overlay links (compared
to the numberof nodes)do not scaleto a large number
of nodes(around100in the caseof RON, around1000
in the caseof End SystemMulticast).

Owing to the level of interestin overlay networks,
therehasbeena recentproposal[4] to provide generic
overlay functionality in the infrastructure. This pro-
posal adwcates provision of infrastructure primitives
thatwould allow anend-hosto controlpacletreplication



and routing through the infrastructue. This makes it
easierto deploy an overlay network. The infrastructure
is built on a single large basic overlay network. Such
an infrastructurecan lead to a large numberof overlay
networks or o ws sharinga limited numberof physical
nodes(andconsequentiythe links betweerthosenodes),
comparedto the numberof links in the entire Internet.
This would increasethe chanceof adwerseinteractions
betweendifferentoverlay networks' routing processe#f
therewas no explicit coordination.

Several network-wide measuremenservices([4],[8])
have been proposedthat eliminate the need for each
overlaynetwork to performmeasurementdevertheless,
the potential for instability in route selectionstill re-
mains, unlessthereis a single point of serializationor
resenation of routing decisions.

A. RelatedWbrk

The problem of simultaneousoverlay networks or
o ws is similar to that of sener load-balancingln [9],

Mitzenmacherobsenres instability in the presenceof
staleload data,andadvocatesntroducingrandomization
into the sener selectionmethod.He obsenres that the
combinationof randomselectionand a small amountof
load datais effective in reducingimbalancesn sener
load. This methodis particularlyattractve in our context,
since it involves a lower measuremenbverheadthan
othermethodsWe studythe performancef this method
(among others)in our problem domain as a possible
solution to obsered problems.We note, however, that
there are several differencesbetweenour study and
Mitzenmachess. We studya greateparametespaceand
useawork modelof long-lived o wswhich make route-
change decisions periodically basedon a hysteresis
thresholdon theimprovementof pathbandwidth;andwe
aim for low loss-ratesOn the otherhand,Mitzenmacher
consideredobs with lifetimes much shorterthansystem
life, andwasinterestedn thetime to completionof these
jobs. Therewasno notion of job migrationin his study

Sel sh routing has also been studied in the past.
Roughgardenet al. [10], and more recently Qiu et
al. [11] study the effects of sel sh route selectionon
lateng. To our knowledge,correspondingtudiesof the
effect on bandwidth,for overlay networks with dense
connecWity graphs, incorporating factors like cross-
trafc, hysteresisandrandomizationhave not yet been
done.

Much work hasbeendoneon dynamicroutingfor net-
works [12], which typically involvesa trade-of between
reactvity to load and link statechangesand stability.
While a certainlack of coordinationdoesexist between

differentdifferent nodesof a network (dueto transmis-
sion delaysandout-of-dateinformation),our problemis

differentin that it involves no explicit communication
betweenthe different decision-makrs; these different
decision-makrs obsene and usually perturb the same
physicallinks.

[11. SIMULATION MODEL

In this sectionwe specify the model of overlay net-
work o wsthatwe usefor our simulationsOuraimis to
usea generalmodelthat captureghe featuresmportant
to routing stability, rather than a particular protocol
with application-speci cdetails. While our modelis a
simpli cation of the real world, and the simulator is
not paclet-level, it neverthelesprovidesvaluableinsight
into the relative effects of differentfactorsand schemes
on routing performance.

We considerseveral independento ws, either from
different overlay networks, or from the samenetwork,
but with no explicit coordinationwith other ows of
that network. The key aspectis that the ows do not
communicatgregardingtheir decisions)with eachother
or with ary central entity, and make their decisions
independently

Each ow seeksto senddatatrafc from a source
to a destinationwith a certaindesiredbandwidth.It has
several potential overlay-level pathsthat it can usefor
this purposeWe denotethe numberof suchpathsby
Potentialpathsof different o ws may sharea bottleneck
physicallink.

Each ow sendstrafc on one of its potential paths,
calledthe currentdatapath andmeasureshe remaining
potential paths. After each window of time (the
routing window), the o w decideswhetherto continue
using the current data path or whetherto use one of
the other potentialpathsfor sendingits dataduring the
next window. This decisionis basedon measurements
of the potentialpaths' availablebandwidth.If the period
betweerrouting decisionss differentfrom the measure-
mentperiod,we call the latter the measuementwindow

. A routing changefrom the currentdatapathto a
potentialdatapathwill be madeonly if theimprovement
in bandwidthis greaterthan some hysteresighreshold

. We de ne the actualmethodsof route selection(and
evaluatethem) in subsequensections.In SectionsIV
andV, all ows usethe sameroute selectionmethod.
This assumptioris relaxed in SectionVI.

Flows arrive and departfrom the systemwith inter
arrival times and lifetimes dravn uniformly at random
from a speci ed interval. We only consider o ws with
lifetimes much larger than the routing window; it does
not make sensefor short-lved ows to make route



changespecauseahey would departbefore reapingthe

bene ts of the changesWe note that sincethe ows

arrive at different times, their routing decisions are
usually not made at the sametime. We also assume
the presenceof cross-tlafc on the bottlenecklinks; the

cross-tratt  bandwidthsare dravn uniformly at random
from a speci ed intenal. The capacitiesand loads are
always chosensuch that it is theoretically possibleto

route all ows with zero loss rate. Unless speci ed

otherwise,the parametersusedin our simulationsare
the valuesshown in Figure 1. We consider o ws with

reasonablyong life-timesrelative to the routingwindow

time, since only such ows would be able to bene t

from route-changesiWe choosethe default interarrival

times such that the numberof ows in the systemis

around 1000, given the lifetime. These are only the

default parametersand the effect of changingthem is

alsoexplored.

We choosethe averagelossrate of the o ws afterthe
systemhaswarmedup asour metric of performanceWe
also presentthe rate of route-changesvhenrelevant.

Unless speci ed otherwise, our graphs shov data
points correspondingo results averagedover 10 sim-
ulation runs; also depictedfor theseresults are 95%
con denceintenals.

IV. PERFORMANCE OF ROUTE

SELECTION

A ow which usesthe methodconsiders
all its potentialpaths,andselectsthe potentialpathwith
the most available bandwidthThe o w then sendsdata
on this selectedpathif that path's available bandwidth
is greaterthan the bandwidth obtainedon the current
data path by a factor of . We add randomnoise to
the available bandwidthcalculationgto partially account
for measuremergrrorsthatwould occurwith real-world
measurementools [13]. In this section,we explore the
effect of several factorson 's performance.

We startoff with a simpleillustration of the role of
in the stability and performanceof the routing scheme.
Figure 2 plots the number of route changesobsened
over 10 secondwindows, versusthe progressedime of
a simulation, for 3 valuesof . The uppermostline
represents , while thetwo (nearlyidentical) lower
lines represent and . Figure 3 plots
lossratesimilarly, with thethreelinesfrom top to bottom
representing valuesof , , and , in that order
We seethat setting leadsto a high lossrate and
rate of changeof routes. causesa more stable
system,but the loss ratesare still high sincethe ows
remainsatis ed with poor routes. represents
the bestvalueof  for this scenario.

Mean Inter-Arrival-Time 1 sec
Mean Flow Lifetime 1000sec
Avg. No. of Flows at ary time | 1000
No. of bottlenecklinks 50
Mean 25
Mean Cross-Taf ¢ Bandwidth | 50% of capacity
Excesscapacity 10% of load
Variationin ow bandwidths 1:4
10 sec
Variationin 10%
4
for 8.75
Avg. MeasuremenError 10%

Fig. 1. Default Parameters
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Figure 4 shaws the variation of averagelossrate (on
the Y-axis) with differentvaluesof  (on the X-axis),
with eachline representinga different rate of arrival of
o ws. As therateof arrival decreasesye keepthe mean
lifetimes x ed, and scalethe ow bandwidthsso that
the total load remains x ed. We obsene that, for each
value of interarrival-time ( ), the line starts high,
dropsto a minimum, and thenrisesagain.If the value
of  is too low, excessve routing instability leadsto
poor performancelf the value of is too high, the
0 ws remainsatis ed with poor quality routes,andpoor
performanceesults.

Figure 4 alsoillustratesthat the optimal value of
varies signi cantly with respectto . This optimal
valueis hardto predicta priori andthis remainsan open
problem.Figure5 illustratesa similar point. This graph
plots the variation of averagelossratewith  (on the
X-axis), with eachline correspondingo a differentmean
valueof . Again, we seethat,for agiven ,theloss-
rate can be high unlesswe choosethe optimal value of

. Theoptimalvalueof  variessigni cantly asthethe
numberof potentialpathsper ow () changesThis
graph also indicatesthat higher values of lead to
worseperformanceThis is dueto increasedorobability
of interactionbetweentwo o ws.

Figure6 plots the variationof averagelossrateasthe
meanpercentagef link bandwidthoccupiedby cross-
trafc is varied (on the X-axis). We seethat GREEDY
performs quite well if the cross-tratt is larger than
75%. This is becausehe total bandwidtheffect of route
changescomprisean insigni cant fraction of the link
capacity

From theseresults,we believe that
lay routing with x ed

over
would probablywork well in
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the real world if the overlay ows comprisea small
fraction of the trafc on physical links, and if paths
belongingto different o ws do not sharebottlenecKinks

to a large extent. However, peerto-peertrafc hasbeen
reportedto comprisemore than 42% of total trafc to

andfrom adomain[14] - this givesriseto the possibility
that overlay routing o ws could occupy a large fraction
of link bandwidths,in the future. Also, scenarioswith

high probability of path-sharingcould arise if several
0 ws use a commonoverlay infrastructure([4]), or if

several o ws of a peerto-peeror overlay network do not
coordinatewith eachother This could also ariseif the
distribution of overlay nodeswas skewed toward certain
domains,like universities;e.g., [14] reportedthat there
were morethan4500 peersof a peerto-peerapplication
inside the campus network they studied. For shared
bottlenecklinks to exist, the bottlenecklinks of each
o w's potential pathswould have to lie on somelink

otherthanthe physicallink connectinghe overlaynodes
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to the Internet - unlessdifferent independentoverlay
o ws usedthe same physical machineas an overlay
node. The latter possibility could arise in the caseof
multi-userdistributed testbeddik e PlanetLab[5].

Next we considerthe effect of increasingrouting
window time while keepingthe measurementvindow
x ed. This has the effect of increasingthe accurag
of measurementsince fewer o ws would changetheir
routesduring the measurementvindowv. However, this
also leadsto decreasedeactvity which can adwersely
affect performance.lf we x the value of at the
optimal value for and then vary , there
is no signi cant variationin performanceas shovn in
Figure7.

However, better performancemight be obtained at
lower values of , since increasing adds some
“restraint” in itself. Figure 8 shawvs the variation of
averagelossrate on the Y-axis, with differentvaluesof

onthe X-axis. Eachline representa differentvalueof

, with x ed at 10 secondsWe obsene that, using
the optimalvaluesof  (i.e., the minimum of eachline)
, the loss rate reducesas increasesup to a point.
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A. RandomizedRouteSelectionMethods

Intuitively, adding an elementof randomizationcan
add some stability to the system.We considerthree
candidatemethodsto achiese this:

: The ow randomlyselectsa pathfrom its
setof potentialpaths(with probabilitiesweightedby the
available bandwidthof potentialpaths).

: The o w randomlyselectsa pathfrom the
“best” potentialpaths(where  is small compared
to the total number of potential paths, and “best” is
de ned in termsof greatestvailable bandwidth).

: As obsered by Mitzenmacherin study
of sener load-balancing[9], a small amount of load
information is likely to be signi cantly betterthan no
loadinformation.In addition,we obsenedin SectionlV
that using all load information greedily is not always
bene cial. Thereforewe explore the performanceof the
following method:each o w selectsasubsebf  paths,
at random,from all its potential paths,and then selects
the path with the highest available bandwidthin this
subset.We male the probability of a path's inclusion
in the subsetproportional to its capacity to account

Thus, careful choice of the routing and measurement (partially) for link heterogeneity

windows canimprove performanceif we alsochoosehe
right value of . However, we notice that the optimal
valueof is quite differentfor eachvalueof . This
motivates our proposalof a more effective method of
route selectionin SectionV-B.

V. IMPROVEMENTS TO

In this section,we considertwo methodsof improving
the performanceof route selection.

has the additional bene t that each ow
needsto only probe pathsat a time for their load
(or available bandwidth)information, if it selectedthe
randomsubsetat the beginning of the routing window.
It could then selectthe path with the highestmeasured
available bandwidthfrom this subset,at the end of the
routingwindow. The capacitieof the pathsneednot be
probedat the samefrequeng as the load information,
since the capacitiesare unlikely to changeover ow
lifetimes. Thereforeif we assumehat the measurement
overheads dominatedby the probingfor load informa-
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tion, this method reducesthe overheadby a factor of
comparedo the othermethods.
Figure 9 shaws the loss ratesfor different valuesof
(on the X-axis), with eachline representingone of
the methodsof randomizationfor a systemwith the
default parametersasin Figure 1. We noticethat, while
the performances still sensitve to , it is possibleto
obtain much lower loss-rateshan GREEDY, using the
randomizednethodsln addition,the method,
which in this casereduceghe overheadby —, works as
well asthe other methods.
We now explore the performanceof the
method in more detail. Figure 10 shows the loss-rate
as s variedon the X-axis, for differentinter-arrival-
times(representedtyy the differentlines). Similarly, Fig-
ure 11 depictsdifferent valuesof by differentlines.
We obsenre that exhibits trends similar to
, butis lesssensitveto . Moreimportantly
theloss-ratedor all thesescenariosare muchlower than
loss-rates.

B. Discovery of Threshold

We obsened,in SectionlV, thatpoorly chosenvalues
of could lead to high loss rates,and that the value
of  wassensitve to mary parametersTherefore,we
proposehatend-host®or o ws dynamicallydiscoverthe
valueof  bestsuitedto their currentdeploymentsce-
nario. Sincewe assumehat the end-hostglo not explic-
ity communicatethey have to perform this discovery
independentlyWe proposehefollowing algorithm:each
0 w maintaingts own valueof . Whenthe o w makes
a route change,it increaseghe value of , andwhen
a routing window passedy with no route change(i.e.
no path offers a bandwidthimprovementfactor greater
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than ), it decreaseshe valueof .We experimented
with several combinationsand modi cations of addi-
tive/multiplicatve increaseand decreasealgorithms,and
we found that the best performancewas obtainedin
most casesby multiplicative increaseand decreaseln
addition, there is a trade-of betweenquickly moving
from the initial choiceof  to a “suitable” value, and
subsequerdtability; therefore we settledon alarge(i.e.,
conserative) initial choice of ,and addeda quick-
start phasewith a multiplicative decreasdactor of 2.
Figure 12 shavs the o w diagramfor this algorithm.

Figure 13 shows the performancef this algorithmfor
our default system,with different decreaseparameters
(on the X-axis), andincreaseparametergone per line).
We nd that we obtain very good performancefor
increaseparameterf 1.9 or greater and for decrease
parametersof 1.01. We use theseas our settingsfor
subsequensimulations.



H=H_init

H=1+(H-1)/MD_q

N

H=1+(H-1)*MI H=1+(H-1)/MD

|

. g

The arrows represent state transitions made at the end of route change de
The numbers on the arrows indicate whether a route change occured (1) ¢

H_init : high initial value (default=30).

MD_q : multiplicative decrease factor for the quickstart phase (default=2).

MI, MD : multiplicative increase, decrease factors for regular operation
(default MI=1.09, MD=1.01).

Fig. 12. Flow diagramfor the MIMD  -discovery algorithm
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Figures14 and 15 illustrate the performanceof this
algorithm in a systemwith default parametersas in
Figure 1. The rst graph plots the averageloss rate
for different values of (on the X-axis), while the
seconddoesthe samefor different o w arrival rates(and
consequently o w bandwidths) These gures show that
the discorery methodreducesloss ratesby more than
half comparedto basic (SectionlV). While
the loss-ratestill varieswith andthe arrival rate, the
magnitudeandvariationof the loss-rateis muchsmaller
than and often lessthan 1%.
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VI. FLOWS THAT “CHEAT”

Until now in this paper we have assumedthat all
the overlay ows in a systemutilize the sameroute
selectionmethod. We now relax that assumption.Let
us assumethat all the overlay o ws in the systemare
expectedmuchlik e the expectatiorof TCP-friendliness)
to usesomemethodof restraintlik e anappropriatevalue
of . What would happenif a subsetof the overlay
o ws decidedto “cheat”, and attemptto obtain higher
bandwidthby using unrestrained with low
valuesof ? Clearly this is a possibility - there have
beenexamplesof peopletaking advantageof loopholes
in TCP [15] to obtain higherthroughputs.

Figure 16 shaws the lossratesfor our default system
on the Y-axis, while the percentageof cheating o ws,
out of the total numberof ows, is varied on the X-
axis. Thetwo differentlinesin eachgraphcorrespondo
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the cheating o ws that use with low values
of , andthe “good” o ws, that use with

the valueof  thatwould be optimal if therewere no
cheatersFrom this we obsene that the cheating o ws
derive signi cant bene t. The performancedegradation
of the good o ws becomessigni cant whenthe number
of cheating o ws approachedalf the total number of

o WS.

Figure 17 shows the loss rates when the “good”
o ws use the dynamic discovery method for , and
the “cheating” o ws use x edlow valuesof . We see
that the dynamic methodis more resistantto cheating
- the performanceof the good o ws doesnot suffer as
much relatively. The cheating o ws benet to a small
extent,andonly whenthey arelessthan10% of thetotal
o ws. Thisreducegheincentve of o wsto cheatWhen

0.1 ‘ ‘ ‘ ‘
D Ga0d ——

= GREEDY(Cheaters),H=3 -~
s 0087
g
5 0_06 | 7
9
R . o 7
S 002y
: -
U" azznc //
R 7

-0.02 : : : : : : : :
0 5 10 15 20 25 30 35 40 45
Percentage of Cheating Flows

Fig. 18. LossRateswith differentpercentagesf “cheaters’for the
dynamicdiscorery method

we combinerandomizedselectionand the dynamicdis-
covery of , we nd thatthe “cheating” o ws obtain
virtually no benet in performanceat all, even when
they arefew in number asshown in Figure 18.

VIl. CONCLUSIONS AND FUTURE WORK

We have investigatedhe performanceof independent
route selectionby end-hostsat the overlay

level, for a wide variety of scenarios.We nd that
greedy route selectionperformswell underlight load,
whenthe overlay o ws comprisea smallfraction of link
capacitiespr whenthe pathsof differentoverlay o ws
do not sharebottleneckphysicallinks to a large extent.
However, when theseconditions are not met, we nd
that greedy route selectioncan perform poorly, unless
some restraint or stabilizing factor is used. We have
investigatedthree methodsof applying this restraint -
randomizationusinga hysteresighreshold andincreas-
ing routing windows.

Ourtwo mostinterestingobsenationsare:(a) it is suf-
cient to measurea small subsetof pathsto obtaingood
routing performanceghalf the loss-rateof ),
and(b) performancés heavily dependentn
thevalueof thehysteresighreshold , theoptimalvalue
of which is dependenbn other factorslike o w arrival
ratesor . Thelatterobsenationmotivatesour proposal
of a simpledynamicalgorithmfor each o w to discover
a suitablevalue of , basedon multiplicative increase
(anddecreasepf in responseo routing change(and
lack thereof),with a morerapidly decreasingjuick-start
phaseThisis foundto performwell, reducinglossrates
to lessthan half of 's lossrates.

As future work, we intend to consider more com-
plicated network models, derived from topologiesand



workloadsof testbedsthat are usedfor deployment of
peerto-peer or other distributed systems,like Planet-
Lab[5]. We alsoplanto investigatehe behaior of these
routing methodsand the thresholddiscovery algorithm
in the presenceof more dynamictypesof crosstrafc.
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