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Abstract

This paperexploresthe feasibility of improving the per-
formanceof end-to-enddata transfes betweendifferent
sitesthroughpath switching. Our studyis focusedon both
the logic that controls path switching decisionsand the
configutions required to achieve suficient path diver-
sity. Specifically we investigatetwo commonapproaches
offering path diversity — multi-homing and overlay net-
works — and investigatetheir characteristicsin the con-
text of a representativevide-area testbed We explore the
end-to-enddelayandlosscharacteristicsof different paths
and find that substantialimprovementscan potentially be
achived by path switching, especiallyin lowering end-to-
endlossesBasedon this assessmentye developa simple
path-swithiing medanismcapableof realizingthoseper
formanceimprovements Our experimentalstudy demon-
stratesthat substantialperformancemprovementsare in-
deedachievableusingthis approad.

1. Intr oduction

The widespreaddeploymentof distributed applications
is putting renaved emphasison solutionsaimedat ensur
ing the bestpossibleperformancewhen transferringdata
betweerdifferentend-pointsput without necessarilyncur-
ring the costand compleity of traditional QoS solutions.
In particular the increasingaccessto multiple providers
andthe developmenbf technologieshatprovide end-users
with theability to controlwhereandhow theirtraffic isto be
sent,make it possibleto take advantageof “path diversity”
to improve the performanceand availability of datatrans-
fersfor suchapplicationsln this paper we investigatethe
feasibilityandtheperformancéenefitsof amechanisnthat
allows a sourceend systemto dynamicallyswitch among
multiple pathsto a destinationwhich is often referredto
as‘“path switching” Our focusandgoalis to demonstrate
that path switching canindeeddeliver meaningfulperfor
manceimprovementsn settingsinvolving limited pathdi-
versityandby usingvery simplemechanisms.

The exploitation of path diversity to improve perfor
mancehasgivenrise to a numberof commercialofferings
andresearclactiities thathave takendifferentapproaches
towardsachieving this goal. For example,solutionssuchas
thoseof [8] and[9] assumehatpathsbetweerusersitesare
continuouslymonitored,andthatinformationgatheredvia
monitoringis usedto dynamicallyselectthe bestprovider.
Similarly, someproviders,e.g.,see[7], have optedto offer
sucha dynamicbestpathselectionto their customersThe
potentialbenefitsof thosesolutionshave beenpartially in-
vestigatedn [2] with a focuson high volumedatasources
anddatasinks.Alternatively, overlaynetworks[3] havealso
beenusedto exploit pathdiversity, [4], evenin the casethat
an endsystemhasbut a single provider. The investigation
of pathswitchingasa mechanisnfor improving the perfor-
manceof datatransfershasalsobeenmotivatedby the ob-
senationsthat the default pathis often far from optimal,
e.g.,see[10, 11], andthat performancdluctuationscanbe
obsenedon mostinternetpaths.e.g.,[5, 15].

In generaltheability toimprovetheperformancef data
transferghroughpathswitchingrequiresseveralconditions
to bemet.Firstandforemosttheremustbesuficientdiver
sity acrosghedifferentpathsoverwhich switchingcantake
place.In otherwords,performancealegradationshouldnot
be stronglypositively correlatedacrosgpaths.In our study
we explorethis problemvia measuremenverawide-area
testbedconsistingof threeseparatesites.Path diversity be-
tweensitescan be achieved eitherthroughthe useof dif-
ferentproviders, or throughoverlay pathsthat use one of
the sitesasa relay point towardsthe third site*. Our inves-
tigation revealsthat the level of path diversity achievable
througheithermethodyields pathswith sufficiently decou-
pled performancessothat pathswitchinghasthe potential
of improving communicatiorperformance.

Another requiremenfor producingmeaningfulperfor
manceimprovementsthrough path switching (even when
theperformancef thevariouspathsis sufficiently uncorre-
lated),is thatthe magnitudeandtime scaleof performance
variationsacrosgpathsshouldboth justify andallow track-

1 Seealso[4] for aninvestigationof this issueand[13] for a study of
thelevel of diversitythatmight be availablefrom a singleprovider.



ing of the bestpath.In particular continuouslyswitching
from pathto pathto track small improvementsin perfor
mancemay be neitherfeasiblenor desirablefrom an ap-
plication performancepoint of view. In orderto find out
whethertheserequirementgan be met, we conductedex-
tensve measuremenisn ourtestbedacrossa periodof ses-
eralmonthsto estimatebothend-to-endlelayandlosschar
acteristicof thedifferentpaths thusassessinthe potential
performanceémprovementachievablethroughpathswitch-
ing. Ourfindingsacrossall thosepathsconsistentlyshaved
propagationdelay to be the dominantcontributor to end-
to-enddelay with variationsin queueingdelaysbeingtyp-
ically insufficient to changethe rank orderingof paths,at
leastover time scalesconsistenwith path switching deci-
sions,i.e., of the orderof a minute.Neverthelessour find-
ings were somavhat differentwhenit cameto end-to-end
losses,asthe rank orderingof pathswas far from stable.
Althoughlosseswereconsistentlylow acrossall paths(be-
low 1%), they were not uniformly distributed over time.
Becausemary congestionperiodslastedsuficiently long
anddid notsignificantlyoverlapacrosgifferentpaths path
switchinghadthe potentialto substantialljmprove end-to-
endlossperformance.

Last but not least, switching to a new path is predi-
catedon the assumptiorthat the new pathwill indeedre-
main better This last requirementhighlights the needto
not only monitor the current performanceof a path, but
to also accuratelypredict its future performanceln other
words, a decisionto switchto a new pathis justified only
if the new path outperformsother paths,after the switch
hasoccurred.Basedon the insightinto path behaior de-
rivedfrom our experimentswe developeda simpleyet ef-
fectivemethodologyfor monitoringandpredictingpathper
formanceandmakingpathswitchingdecisionsThe perfor
manceimprovementsoffered by this solutionwere evalu-
atedagainsthoseachiezableby an“optimal” solution,i.e.,
a solutionthat assumegperfectforesightin predictingthe
bestperformingpathandselectingt. As we shallsee those
resultsshaov not only that sufficient path diversity exists
to achieve substantiaperformancemprovementsthrough
pathswitching,but alsothatthe simplemethodologywe de-
velopedis capableof deliveringnearoptimal performance.

The remainderof this paperis organizedas follows.
Section2 introducesthe topology of our testbedand the
methodologyusedin collecting measurementata. Sec-
tions 3 and 4 are concernedwith the characteristicsof
paths available through multi-homing and overlay solu-
tions, respectiely. In both sectionswe explore the varia-
tionsin end-to-endlelayandlossesbsenedacrosdiffer-
ent paths,and assesgheir implicationson the benefitsof
path-switchingSection5 is devotedto developinganeffec-
tive path-switchingsolutionfor improving end-to-endoss
performanceFinally, Section6 concludeswith a summary
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Figure 1. The testbed nodes and their con-
nectivities to diff erent ISP’s.

of ourfindings.

2. Wide-AreaMeasurementTestbed
2.1. TestbedSetup

In orderto explorethebenefitof end-to-engathswitch-
ing, we usea wide-areatestbedto apply and validateour
analysisAs shavnin Fig. 1, thetestbednvolvesthreecam-
pusnetworks in the US, two on the eastcoast(University
of MassachusettgndUniversity of Pennsylania),andone
in the Midwest (University of Minnesota) all of which are
multi-homed.

To reachothernodes eachnodehasthe ability to select
Abilene (AB) or commercialproviders,i.e., UMass(node
A) via Cable& Wireless(CW), UPenn(nodeB) via Co-
gent(CO),andUMN (nodeC) via Genuity(GE) andSuper
net (SN). To enableautomaticselectionof outgoingISPs,
endhostsin ourtestbedareassignednultiple IP addresses,
andthebordergatavaysareconfiguredwith specialrouting
policies: UPennand UMN usesource-addressasedrout-
ing, andendhostsat UPenn/UMNselectoneof the outgo-
ing ISPsby choosinganappropriatdP addresssthesource
addresstJMassinstallsstaticroutesto othertwo sitesatthe
bordergatavay, which selectooneof thetwo outgoinglSPs
basedon the destinationaddressin addition,end hostsat
eachsite arealsoconfiguredwith sourcerouting capability
to forwardtraffic. An overlaynetwork is thenformedby es-
tablishinglP tunnelsamongthem,sothatanendhostcould
also use overlay pathsto reachother nodes.As a result,
there exist more than 10 pathsbetweenary given source
anddestination.

Tablel givesa snapshobf the AS level pathstraversed
betweerendhostswhencommerciabrovidersareused Of
thetotal 13intermediateASescovered four of themareso-
calledtier-1 ASes(UUNet, Qwest,C&W, Level3) andthe
othersareregional transitnetworks. The averagelength of
end-to-endAS level pathis 4.3 hops.Although our testbed



Src-dst AS path

A-B UMass C&W Qwest | Supernet| UMN

A-C UMass c&w UUNet UPenn

B-A UPenn Cogent PSI C&W UMass

B-C UPenn Cogent PSI Level3 Genuity | UMN
C-A(SN) UMN Supernet| Qwest C&W UMass
C-B(SN) UMN Supernet| Qwest UUNet UPenn
C-A(GE) UMN Genuity | Level3 C&W UMass
C-B(GE) UMN Genuity | Level3 Yipes UPenn
Table 1. The AS level paths between the

nodes through commer cial providers.

is relatively small, the combinationof pathsconstitutea
rich and diversepath set. We believe that this testbedis a
representatie examplefor campusor corporatenetworks,
whereend-to-endpath switching mechanismsnay be ap-
plied, thussenesasanappropriatesettingfor our study

2.2. MeasurementExperiments

Using the wide-areaestbedwe conductedexperiments
that continuouslymonitoredand measuredhe end-to-end
performance(in terms of both delay and losse$ of all
combinationsof pathsover a timespanof several months.
A measurementlaemonis installedat every node on the
testbed,where a source node sendstime-stampedUDP
probesevery secondto a destinationnode via different
paths.Whenreceving a probe,the daemonat the destina-
tion noderecordsthetime atwhichit is recevedandstores
this alongwith the sourcetime-stampin a tracefile. From
thesetracefiles, we computethe end-to-enddelayandloss
statisticsalongvariouspaths.To correlatepathcharacteris-
ticsandend-to-endperformancewe alsorun tracemoutesi-
multaneously(but at a much lower frequeng, every 5 or
15 minutes)to track the pathsthatthe probestraverseand
recordary pathchangeat eithertheIP (i.e., router)level or
the AS level.

Since our objectie is to study the benefitsof path
switching amonga set of available paths,we focus pri-
marily on the relative performanceof thosepaths,instead
of their absoluteperformanceln termsof end-to-endde-
lay, this has the added benefit that clocks at different
nodesdo not needto be preciselysynchronizedTo com-
parethe relative delay performanceamonga set of paths
betweena given sourceand destination,we selecta ref-
erencepath (e.g., the “best” path over a measurement
period) and computethe differencebetweenmeasuredie-
lays of other paths and this referencepath using data
collected in the same probing interval. The loss statis-
tics of each path are computedby counting the num-
ber of lost probesover some measurementvindow. In
this paper we usethree setsof measurementraces,de-
notedrespectiely as€&;, £ and £s, which were collected

from 08/15/2003, 09/02/2003 and 09/15/2003 respec-
tively, eachlastingoneweek.

3. Path Diversity Through Multi-homing

In this sectionwe analyzeandcompareheperformance
of pathsvia different providers (called provider pathsin
short)on our testbed This informationis helpful in under
standingthe potential path switching benefitsthat can be
attainedvia provider selection Since path switching typi-
cally incursa cost(e.g.,the applicationflow could seede-
lay jitter or packet reordering)too frequentpathswitching
is impractical. Therefore the time scaleusedin our analy-
sisis no lessthan1 minute?, andwe mainly focus on per
formancevariationsaveragedver minute-longintervals.

3.1. End-to-End Delay Performance

We first focus on the end-to-enddelay performanceof
differentprovider paths.For a givensourceanddestination
node pair and its associateccandidateprovider paths,we
fix a referenceprovider pathand computethe relative de-
lay of otherprovider pathswith respecto this path. Then
we rankthe relative delayof theseprovider pathsandana-
lyze how therankingchange®vertime. Basedon our mea-
surementata,our first majorobsenationis thatin termsof
end-to-enddelay there usually exists a provider path that
almostalwaysoutperformghe other provider paths.

Path Ranking | Ad (ms) Path Ranking | Ad (ms)
A-B(AB) 1 0.0 B-A(AB) 1 0.0
A-B(CW) 2 11.7 B-A(CO) 2 15
A-C(AB) 1 0.0 B-C(AB) 1 0.0
A-C(CW) 2 15.8 B-C(CO) 2 22.7
C-A(GE) 1 0.0 C-B(GE) 1 0.0
C-A(AB) 2 7.3 C-B(AB) 2 6.1
C-A(SN) 3 23.2 C-B(SN) 3 28.4

Table 2. Relative delay performance and rank-
ing of provider paths between each sour ce-
destination pair.

To illustrate, Table 2 presentsthe overall ranking of
provider pathsbetweenevery source-destinatiopair and
their (average)elative delays(Ad, with respecto the best
performingpath) usingthe datasett;. The notationx-y(z)
indicatesthat the sourceis X, the destinationis y and the
first-hop ISP from x is z. Fig. 2 further shaws the relative
performancegain versusdurationfor eachrankingchange
whenanotherprovider path outperformsthe pathwith the

2 In Section5, we furtherdiscussour choiceof a 1-minutetime scalein
ouranalysis.



overall smallestdelay’. We seethat the majority of rank-
ing changesareshort-lived (e.g.,lessthan 1 minute),with

mostly small performancegains. Using ranking statistics
computedover 1-minuteintervals, Table 3 shavs (1) the
percentagef timethattheoverallbestpathindeedprovides
thesmallestdelay;(2) the numberof rankingchangesi.e.,

anotherpath outperformsthe overall bestpath; (3) the av-

eragedurationof ranking changesj.e., the averagedura-
tion of anotherpathotherthanthe bestoverall one having

thesmallestdelay Betweenrall source-destinatiopairs,the
bestoverall provider pathoutperformsotherprovider paths
in morethan99%of time.
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Figure 2. Delay gain achieved by non-
dominant paths versus the duration that an-
other path outperf orms the best overall path.

Src-dst | Occupatiorof best | Numberof | Averagedurationof
overall path(%) changes | rankchangegmin)

A-B 99.78 4 35

A-C 100.00 0 0.0

B-A 99.64 25 1.4

B-C 99.50 2 25.0

C-A 99.63 6 2.0

C-B 99.65 16 2.1

Table 3. Performance of the overall best
provider paths in terms of delay.

To better understandthis “best provider path” phe-
nomenonand its generality we quantitatvely consider
the variousfactorsthat may contribute to the relative de-
lay performanceof provider paths and thus their rank-
ings.We first considerthe possibleeffect of queueingdelay
on provider pathrankingchangeskFor this purposewe par
tition themeasuremerttacesinto 10-minutesggments As-

3 For clarity, we shav only thosechangeghat last more than 10 sec-
onds.Therelative delaysshavn herewerethe averageover 10-second
intenal, in orderto smoothoutanomalouglelayhikes.

sumingthatthereis no pathchangeduringa 10-minuteseg-
ment,the “queueingdelay” is estimatecdyy subtractingthe
minimum delay of the 10-minute sgment from the de-
lay measuremendlatain the samel10-minutesegment. If
thereis a path changein a 10-minutesegment, this seg-
ment is excluded from the analysis. The results shav
that queueingdelays were relatively small. For exam-
ple, the probability of queueingdelay exceeding4ms is
lessthan 0.08 on path C-A(AB) [12]. Given that the av-
eragerelative delay among the provider pathsis larger
than 7.3 ms (seeTable 2), it is evident that queueingde-
lay doesnot have a significantimpacton the relative rank-
ing of thesepaths.

Sincethe propagatiordelayis thedominantfactorin de-
termining the relatve delay performance of different
providerpathsit is naturalto askhow pathchangewill af-
fecttheir relative performanceTo answerthis questionwe
againanalyzethe traceroutedata.We group path changes
into two categories:IP-level (or routerlevel) pathchanges,
namely different IP addressesare seenin the tracer
oute datafor a given provider path, but they still belong
to the sameAS; and AS-level path changespamely dif-
ferentAS pathsare seenin the traceroutedatafor a given
provider path. The IP addressto origin AS mappingis
done using BGP information from [1]. From the tracer
oute data collected over several weeks,we obsene that
most provider paths are quite stable, which is consis-
tent with obsenationsin [16]. Most IP-level paths last
hours before ary changeoccurs and their changesare
short-lived, with durationlessthan 10-15 minutes.In ad-
dition, althoughabout48% of IP-level path changedast
no longerthan15 minutes,a large portion of suchchanges
aredueto multi-pathroutingandtraffic engineeringn cer
tain tier-1 ISPs such as AS 701 (UUNET). Moreover,
IP-level path changesrarely affect the relatve rank-
ing of the provider paths,asthey tendto occurwithin the
samePoPR At the AS-level, the pathsshav evenhighersta-
bility. From the data we collected,we found that more
than50% AS pathslastat least12 hours,with a small por-
tion (18.9%)lastingfewer than15 minutes,whichis likely
causedby some transient events in inter-domain rout-
ing. However, unlike mostIP-level pathchangesAS-level
pathchangeganhave a significantimpactonthedelayper
formanceof a provider path[12].

We concludethis sectionby summarizingour majorfind-
ings. In terms of end-to-enddelay performance we find
thatthereexists a bestoverall provider paththatalmostal-
waysoutperformshe others.This is likely becauseropa-
gationdelayis the primary factorthat determineshe end-
to-enddelay performanceThe differencein the propaga-
tion delaysof differentprovider pathscomesfrom the fact
thatISP’s have differentPoPlocationsandpeerwith other
ASesonly at certain PoP5. Queueingdelay and IP-level



pathchangesin generalcauseonly smalldelayfluctuations
relative to the propagatiordelay thushaving a minimal ef-

fectontherelative delayperformanceln contrastAS-level

pathchangesalbeitrare,may have a significantimpacton

therelative delayperformanceThesefindingssuggesthat
thereis no significantbenefitin dynamicpathswitchingfor

delayperformanceptimization,in particular at smalltime

scaleqe.g.,minutes).Switchingto anotherprovider pathis

only worthwhile when AS-level pathchangesausea sig-
nificantandlong-livedincreasen thedelayperformancef

the dominantprovider path. Thoselong-lived delay perfor

mancechangeshowever, canbe easilydetectedvithoutre-
sortingto ary sophisticateanechanism.

3.2. End-to-end LossPerformance

We now analyzethe potentialbenefitsof pathswitching
for optimizing loss performanceby comparingthe end-to-
endlossratesof differentprovider paths Fromthemeasure-
mentdatacollectedoverourtestbedvefind thatunlike end-
to-enddelayperformancewhenit comego end-to-endoss
performanceheredoesnot exist a provider paththat con-
sistentlyoutperformothers.Therearetwo reasondor this
obsenation.First,asTable4 shows,theaveragdossrateof
eachprovider path computedusingthe datasett; and av-
eragedover the entire durationof the experiments,is ex-
tremelylow. Secondwhenlossesoccur, they tendto come
in bursts,andsuchlossescanhapperon ary provider path.
As a result,no provider path consistentlyoutperformsthe
others.

Path Loss(%) | Ranking || Path Loss(%) | Ranking
AB(CW) | 0.0840 il B-A(AB) | 0.1572 T
A-B(AB) | 0.1481 2 B-A(CO) | 0.5612 2
A-C(CW) | 0.0423 il B-C(AB) | 0.2589 T
A-C(AB) 0.0817 2 B-C(CO) | 0.8128 2
C-A(GE) | 0.3090 il C-B(SN) | 0.0084 T
C-A(AB) 0.3413 2 C-B(AB) 0.0342 2
C-A(SN) 0.7731 3 C-B(GE) | 0.0931 3
Table 4. Overall average loss performance

and ranking of provider paths.

Althoughtheoveralllossrateof eachprovider pathis ex-
tremely small, we do obsene periodsof significantlosses
on all provider pathsthat lasta few minutesor longer For
example,in Fig. 3 we shav thelossratesaveragedover 1-
minuteintervals during a week period starting09/02/2003
for the two provider pathsfrom nodeA to nodeC. We can
seemary loss “spikes” on both pathswith loss ratesex-
ceedingl% or more, indicating that losseson both paths
aregenerallybursty Moreover, thelossesoccurringon the
two pathsdonotappeato behighly correlatedascanbein-
ferredfrom the bottomplot, wherethe lossratedifferences

betweenthe two pathsare shown. It canalsobe obsened
thatattimespathA-C(AB) haslowerlossratesthanpathA-
C(CW),but at othertimesit is the otherway around Hence
no oneprovider pathconsistentlyoutperformghe othet
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Figure 3. The 1-minute average loss rates on
the two provider paths, A-C(AB) (top), and A-
C(CW) (middle). The bottom plot shows the
relative loss rate diff erence between the two
paths.
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Figure 4. Loss periods of all provider paths.

Fig. 4 illustratesthe bursty natureof lossesby showving a
scattemlot of the lossperiodsof all provider paths,where
the x-axisis the durationof a lossperiod,i.e., the number
of consecutie 1-minuteintenvalswith atleastl lost probe,
andthey-axisis theaveragdossratecomputedvertheloss
period.Fromthe figure we seethatlossperiodscansome-



timeslastmorethan10 minutes,andthe averagelossrates
duringsuchperiodscanoftengoabove 50%andevenreach
100% (somepathsactually experienceda few outageperi-
odsduringwhich nearlyall pacletswerelost). Intuitively,
switching to a different path during thoseloss burstscan
be very beneficial,especiallyfor thosepointsin the upper
right quadrantpamelylossy periodsof both high lossrate
andlong duration.

Usingthel-minuteaveragdossratescomputedrom the
dataset,, Table5 summarizeshe lossperformanceom-
parisonof the provider pathsfor eachsource-destination
pair. The table usesthe provider path with the bestover
all average loss performance(the pathwith rank 1 in Ta-
ble 4) asthe basisfor comparisonandshaws (1) the per
centageof time* in which the bestpath doesoutperform
other provider paths(i.e., occupationof bestoverall path
(%) in Table5); (2) thenumberof rankingchangesnamely
anotherprovider path outperformsthe bestpath; and (3)
theminimum, average andmaximumof thedurationsover
which anotherprovider pathhasthe bestaveragelossper
formance.Unlike the end-to-enddelay performance(see
Table3), theprovider pathwith the bestlong-termlossper
formancedoesnot consistentlyoutperformother provider
paths.As illustratedin the last two rows of Table5, it is
quite possiblefor the bestoverall pathto only deliver the
lowestlossratefor asmallfractionof time. Thisis because
having the bestoverall loss rate over a week-longperiod
doesnot guaranteghatatary givenl1-minuteinterval there
areno otherpathsthatoffer betterperformanceThis is es-
peciallytrue whenmultiple alternatvesare available,asis
thecasefor site C, which canselectamongthreeproviders.
For example,from nodeC to nodeB, the bestoverall path
(i.e., C-B(SN)) outperformsboth the two other paths(i.e.,
C-B(AB) and C-B(GE)) for only 2.22% of the time, even
thoughit outperformseachsingleone of themmostof the
time. From the above analysis,we can clearly seethe po-
tential of pathswitchingthatwould allow closetrackingof
thebestpathin eachtime interval.

Src-dst | Occupatiorof best | Numberof Duration(minutes)of
overall path(%) changes | changegmin, avg, max)
A-B 19.24 318 (1,1.1,3)
A-C 60.30 98 (1,1.1,2)
B-A 57.46 92 (1,1.2,12)
B-C 75.64 657 (1,1.3,7)
C-A 4.55 11 (1,3.8,22)
C-B 2.22 42 (1,1.0,2)

Table 5. Performance of the overall best

provider paths in terms of loss.

4 In mostl-minuteintenals,thelossratesareO onall the pathsHence,
we only countthoseintenals in which thelossrateof the bestoverall
pathis not equalto thatof the otherpath(s).

In generalour findingson end-to-endossperformance
of differentprovider pathssuggesthat thereare potential
benefitsin performing dynamic path switching at a rela-
tively fine time scale(e.g.,a few minutes).To quantify the
performanceagainswe canpotentiallyachiesze, we consider
anideal casewherethe provider pathwith the bestaverage
lossrateover eachl-minuteinterval is alwaysusedassum-
ing thattheaveragdossrateon eachpathis known a priori.
Hencethe loss performanceusing this ideal dynamicpath
switchingreflectsthe theowtically bestattainablelossper
formanceof ary dynamicpath-switchingmechanismTa-
ble 6 shavs the resultingoverall lossrate achieved by the
ideal dynamicpathswitchingfor all six source-destination
pairs(thecolumnmarkedas‘ideal dynamic”).For compar
ison,thebestoveralllossperformanceavithout pathswitch-
ing (thatof the 1stranked provider pathin Table4) is also
shavn (the column marked as “best static”). Clearly, the
idealdynamicpathswitchingleadsto markedimprovement
in the overall loss performancefor all source-destination
pairs.

BestStatic(%) | IdealDynamic(%) Correlation
A-B 0.084 0.013 0.213
A-C 0.042 0.015 0.452
B-A 0.157 0.012 0.020
B-C 0.259 0.079 0.024
C-A 0.309 0.010 0.011/0.026/0.626|
C-B 0.008 0.001 0.001/0.016/0.029

Table 6. The achievable loss rate by staticall y
choosing the best path and by ideal path
switc hing.

Lastly, from Table 6 we seethat althoughideal dy-
namic path switching attains better overall loss perfor
mancefor every source-destinatiopair, the percentagef
performancegainsis not uniform over all thesesource-
destinationpairs. For example, the performancegains of
source-destinatiopairs A-B and A-C can be seento be
muchlower thanthoseof the other pairs. This canbe ex-
plainedby consideringhelossperformanceorrelationbe-
tweenthe provider pathsfor eachsource-destinatiopair.
We definethe spatial correlation betweentwo pathsasthe
correlationcoeficientof the1-minuteaveragdossratesbe-
tweenthem. By computingthis spatial correlationcoefi-
cientbetweertwo providerpathsof eachsource-destination
pair, wefind thatexceptfor threepairsof providerpathsthe
correlationcoeficientfor all otherpairsof provider pathsis
lessthan0.03(seeTable6). For thetwo providerpathsfrom
nodeA to nodeB, the correlationcoeficientis about0.21,
andfor thetwo provider pathsfrom nodeA to nodeC, it is
about0.45. This mild losscorrelationlimits somavhatthe
potentialperformancegainsof ideal dynamicpath switch-



ing. In the caseof nodeC to nodeA, thetwo provider paths
via SN andGE have a correlationcoeficient of about0.63.
However, losseson thesetwo provider pathsare not cor-

relatedwith thoseof the third provider pathvia AB. Con-
sequentlythe ideal dynamicpath switchingis still ableto

achieve over 95% performancemprovementby switching
to thethird provider pathwhenthe othertwo pathsexperi-
encelosses.

In summary we have shavn that aslong aslosseson
thecandidateprovider pathsarenot stronglycorrelateddy-
namicpath switchingbasedon selectingthe bestperform-
ing provider pathover, say aoneminutetime scale canpo-
tentially offer meaningfulgainsin end-to-endosses.

4. Path Diversity Through Overlays

Overlay networks canalsoprovide pathdiversity From
theend-uses perspecitie,thereis nodifferencebetweeran
overlay pathanda direct (provider) path. However, unlike
direct pathsgoing throughdifferentISP networks, overlay
pathstendto sharemorecommonsegmentswith theunder
lying direct pathsusedto form the overlay. This canlead
to strongercorrelationbetweenoverlay and direct paths,
andasaresultmaminal potentialfor performancémprove-
mentfrom path switching.In the previous sectionwe also
obsened that path diversity was of limited benefitwhen
it cameto improving end-to-enddelays.This remainstrue
with overlays,hencewe restrictour investigatiorto exam-
ining the potentialthatoverlayshave for improving end-to-
endlossperformance.

In orderto eliminatethe influenceof multi-homing,we
selectone provider for eachsite and considerthe result-
ing overlay network spanningthe three sites. Using our
testbedtherearetwelve possibleoverlay networksvia dif-
ferentcombinationsof provider selectionsThis produces
anoverlay network with only two candidatepathsfor each
sourceanddestinatiorpair: the direct pathvia the selected
providerandthe “two-hop” overlay pathvia thethird node.

Dir. (%) | Dyn. (%) Corr. Dir. (%) | Dyn.(%) | Corr.

A-B 0.084 0.033 0.482 0.148 0.138 0.993
A-C 0.042 0.026 0.867 0.082 0.057 0.400
B-A 0.157 0.017 0.032 0.157 0.138 0.547
B-C 0.259 0.006 0.007 0.259 0.008 0.002
C-A 0.309 0.009 0.042 0.341 0.138 0.401
C-B 0.034 0.000 0.001 0.093 0.088 0.513

Table 7. Loss rate improvement achieved by
ideal dynamic path switc hing between direct
and overlay paths in the first case study (left)
and in the second case study (right).

We initiate our study of end-to-endossperformancen

anoverlaywith two casestudiesin thefirst casenodesA,

B, andC useCW, AB, andGE astheir respectie provider.

In the secondcase they all use AB astheir provider. We
comparethe loss performanceof the direct path to that
obtainedby dynamicallyselectingevery minute the better
path,director overlay, for eachsource-destinatiopair. As

shawvn in Table 7, the loss rateimprovementfrom the ad-
ditional overlay pathis remarkablen the first casestudy

However, the improvementis lessobvious for the second
casestudy(alsoseeTable7). By computingthe spatialcor-

relationof eachpathpairin the above two caseswe found
thatwhenthethreesitesareall connectedhroughAB, the
candidatepathsare more likely to be strongly correlated.
This might be explainedby the fact that the overlay net-
work using Abilene as the provider sharesmore physical
links. From Table 7, we also obsene that thereexist cer

tain source-destinatiomairs for which the potential per

formanceimprovementsare rather limited. For example,
in both caseghe path pairs originatingfrom nodeA have
strongcorrelationsyhich greatlylimit theresultingperfor

manceimprovement.

So far we have obsenred that a significant loss per
formanceimprovementis achiezable when spatial corre-
lation betweenthe direct and overlay pathsis small. We
investigatenext whetherthe spatial correlationfactor can
sene asa qualitative measurdor predictingpotentialper
formanceimprovement.Considey a pair of paths Py, P
with overall lossrate s; and sy, andlet s’ denotethe loss
rateobtainedby dynamicallyselectingthe pathwith better
loss performancen an off-line fashion.Let R(Py, P;) =
(min(s1, $2) — §’)/ min(s1, s2) denotethe bestattainable
loss performancemprovementrelative to the bestsingle
path.In Fig. 5, the relationshipbetweenthe spatialcorre-
lation andthe achievableloss performanceémprovements
shawn for all possiblepairs of direct pathsandall direct-
overlay pathpairs.We obsenre from Fig. 5 thatthe connec-
tion betweerspatialcorrelationand performancémprove-
mentis ratherstrong.For example,if a pair of pathshas
spatialcorrelationlowerthan0.2, thebestattainableperfor-
mancegainfrom pathswitchingis alwayslargerthan70%.
Corversely if a pair of pathsexhibit strongcorrelationin
their loss processesthen the likelihood that they benefit
significantly from dynamic path switching is also greatly
reducedHowever, therearestill caseswvherethe potential
performancémprovements largerthan40%, evenfor path
pairswith a spatialcorrelationfactorlargerthan0.6.

To summarize,we have obsered that path switching
alsohasthe potentialfor improving end-to-endossperfor
manceevenwithin anoverlay. In somecasesthisimprove-
mentis not as large as what is achiezable through multi-
homing basedpath switching. This is mostlikely due to
the presencef overlapsbetweendirect pathsand overlay
paths.In the next section,we explore practical predictor



100% »

<

S . .

< overlay ©

g L o m direct =

£ 8ol . @

5 60 b o

£ .

[ o .. o

2 40 + o e o

5] 55 -

£

£ 20

[J] o .

o - o - g
n . ‘.

0.2 0.4 0.6 0.8 1.0
Spatial Correlation

Figure 5. Performance improvement and spa-
tial correlation.

100 ¢

time lag = 30 sec
time lag = 1 min------
time lag = 2 min
time lag = 5 min

80 B v

60 | ey

Percentage

40

20

0 L L L L L L L L TR
0O 01 02 03 04 05 06 07 08 09 1
Autocorrelation

Figure 6. The percentage of traces whose au-
tocorrelations exceed diff erent values.

basedechniqueshatcanachieze muchof the potentialim-
provementwhetherthroughmulti-homingor throughover-
lays.

5. The Casefor Path Switching

Ourpreviousmeasuremergtudydemonstratethatthere
is significant potential for reducingend-to-endloss rates
throughpath switching. In this section,we show that this
potentialcanbe realizedin practice.In particulay our pre-
vious assessmentelied on an ideal model where we al-
waysknew aheadof time which pathwas going to be the
bestone. This is obviously not a realisticassumptionand
thefirst steptowardsrealizingthe potentialbenefitsof path
switchingis, therefore to develop a practicalandeffective
methodfor predictingpath performanceand more specifi-
cally which pathwill offerthebestperformanceln the next
two sub-sectionswe focuson exploring if andhow this is
feasible.

5.1. Predictability of Path State

A randomprocessds predictableonly if it exhibits some
form of temporaldependeng Ouranalysiof thetraceghat
we have gatheredshaws the presenceof temporalcorrela-
tion. We computedheautocorrelatioriunctionswith differ-
enttime lagsfor all 46 tracesin &>, basedon their average
lossrates.The averagelossrateis computedevery minute
whenthetimelagis greatetthanor equalto 1 minute,andis

computedvery 30secondsvhenthetimelagis 30seconds.

Fig. 6 shaws the percentagef traceswhoseautocorrela-
tion functionsexceeddifferentvalues.It canbe obsered
thatwhenthe time lag is 30 secondr 1 minute, mostof
thetracesshav strongtemporalcorrelation,andthe corre-
lation decreaseasthe time lag becomedarger However,
evenwith atime lag aslargeas5 minutes,over 35% of the
tracesstill have autocorrelationgxceeding0.5. This sug-

geststhe possibility of usingpastpathlossbehavior to pre-
dict future pathlossbehavior.

Markov processesre capableof capturingcorrelation
andcan, therefore,be usedto predictfuture loss behaior
(for example,see[6] for an applicationto a relatedprob-
lem of predictingdegradationsn round-tripdelays,andus-
ing that information to selectan “exit” gatevay). In pre-
dicting loss, a Markov model can be tunedto operateat
ary time scale.From the dataof Fig. 6, we know thatin
generalsmallertime scaleoffers highertemporalcorrela-
tionwhenanalyzingloss.However, thetemporalcorrelation
in lossdoesnot significantlyincreasevhenthetime lag is
reducedfrom 1 minuteto 30 secondsSince path switch-
ing and the associatede-routing incur a cost, using too
fine time granularityfor performancepredictionand path
switching hasdisadantagesWe thereforeselectl minute
asthetime scaleof the Markov modelusedfor pathstate
prediction.
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Figure 7. The effect of the order of Markov
model k£ and the threshold 6 on the pre-
dictability of path state.

We begin by labelinga pathasbeingin oneof two states,
eithergoodor bad.Supposeve useanobsenationinterval



of lengthw, the stateof path X is definedas1 if the aver-
agelossratein theintenal is greaterthand, and0 other
wise. We usea kth orderMarkov procesgo representhe
temporalcorrelationof the pathstate;the processs defined
by the probability

PT{XfL' = l’i‘Xi—l = Tij—1, ...,Xi_k = xi—k}
= P(zi|i—1, o, Tiek). (1)

whereX; (z;) refersto the stateof the pathin interval :.
Theorderof theMarkov model,k, determinesow mary
intervalsneedto beobsenedbeforewe canpredictthestate
of thepathin thenext interval. It thenremainsto choosethe
parametersy andfd. As mentionecdearlier we choosew to
be oneminutebecaus®f the strongcorrelationthatwe ob-
senedin thetracesatthatlag. In orderto chooseappropri-
atevaluesfor 6 andk, we focuson the predictability of pro-
cessX asa function of theseparametersLet b represent
the obsened sequencéz;_1,z;—2, ..., zi—i), anda repre-
sentthevalueof X;, thenthepredictabilitycanbemeasured
by the empiricalconditionalentropy (see[14] for details)

H(0,k) =~ > Pr(d) Y Plap)log P(afp). (2)

beXxk aceX

whereX* = {0,1}* is the samplespaceof b. The empir

ical conditionalentropy is 0 if X is completelypredictable
andlog|X| if X is completelyrandom(note that P(a|b)

could be 0, hencewe definelog 0 = 0). Givenatime se-
ries representingprocessX, we can countthe numberof

timesthat stateb is obsered (1*(b)), aswell asthe num-
ber of times that stateb is followed by statea (I*(a, b)).

ThenP(a|b) canbeestimatecas

_ 1* (a,b) k(T
p(a|b>={ o L0)>0

®3)

0 otherwise

We estimatedhis valuefor the C-A(AB) pathusingthe
one-week¢; tracecollectedon 08/15, and with different
valuesof k and#. Fromtheresultsshavn in Fig. 7, we ob-
senethat:

e Predictabilityis slightly improvedby increasingheor-
der of the Markov predictor This suggestghatthere
aresomelong term temporalcorrelationsin this loss
processthus having a longer memoryof the history
mayleadto a moreaccurateprediction.

e The selectionof # hasa critical effect on the pre-
dictability of loss.An appropriatevalueof § improves
the predictability of path quality becauset enables
betterdifferentiationof the path states.For instance,
0 = 3% seemso be the bestchoicefor this particu-
lar trace.

Although someof the above conclusionsare specificto
this example we obsenedsimilartrendswhenstudyingthe
othertraces.Henceforthwe usef) = 3% asthethreshold
to definethe 2 statesof our path model. We further study
the effect of the orderof the Markov model on prediction
accurag in thenext section.

5.2. Quality of Prediction

The performanceof a predictorcanbe measuredy the
precisionratep, the fraction of predictedstatesthat match
the obsenedstatesandtherecall rater, thefractionof ob-
sened statesthat are correctly predicted.Let h; represent
thepredictionof X in intenal ¢, 2; denotethe actualvalue
of X ininterval ¢, thenp andr canbe definedas

P(ht =z, Xy = It)

p:P(Xt:l't‘ht:It): P(ht:rt)

(4)

hy = x4, Xy = ?Et)
5
P(Xt = .Tt) ( )

Clearly, a good predictor should have both high preci-
sion and recall rates.Becausethe good stateis dominant
throughoutall tracesthe predictionaccuray for the good
state(> 95%) is muchhigherthanfor the badstate. There-
fore, we focuson the precisionandrecall ratesof different
predictorsin predictingthe badstate.

We first studya simple predictor which alwayspredicts
the statein the next interval asthe statein the currentlyob-
senedintenal, i.e.,

P
T:P(ht:xt|Xt:.Tt): (

X,; =X;—1 (6)

This predictor assumeghat the state of a path doesnot
changein one obsenation interval. Note that the preci-
sionrateandtherecall rateof this simple predictorarethe
sameWe alsostudyMarkov predictorsof differentorders,
i.e., given that the statesof a pathin the last & intervals,
X; 1, X, 9,...X; 1, areb, we predictits statein the next
interval i as

X; = arg max P(alb). (7

The advantageof a Markov predictorover the simple pre-
dictor is thatit relieson history to make a prediction.The
first-ordermodelmaintaindittle history, only oneobsera-
tion interval, and thus doesnot exhibit this advantage.ln
fact,in mostcasesthefirst-orderMarkov predictormakes
the samedecisionasthe simplepredictor
Higherordermodelscanaccountfor long-termcorrela-
tionsin losspatternsHowever, thisrequireshatthetempo-
ral dependenciesf the obsenation statesequencée sta-
tionary, which may not be the casein arealtrace.As are-
sult, while having longer memorycan potentiallyincrease
therecallrateof the Markov predictor it mayalsolowerthe



precisionrate. We measuredhe overall precisionand re-
call ratesfor all tracesin dataset,, usingboththe simple
predictorandMarkov predictorsof differentorders.There-
sultsare shavn in Table 8. For this datasetthe 4th-order
Markov model gives the bestoverall performance How-
ever, theimprovement®of bothprecisionandrecallarevery
small comparedo the simple predictor Note that the av-
erageprecision/recaltateis not very high. This is because
mary tracescontainonly a smallnumberof badstatesand
thesebadstatesaretypically not temporallycorrelated.To
predict such sporadicloss eventsaheadof time is nearly
impossiblelt thereforemakessensdo considerthe perfor
manceof a predictoroncea path hasentereda bad state,
i.e., a conditional performancemeasureThe last column
of Table 8 shaws the recall rate of the differentpredictors
conditionedon the fact that the predictorhasat leastone
badstatein its memory As canbe seenfrom thetable,this
conditionalaccuray of the predictorsis muchhigher Note
thatthe higherordermodelshave alower conditionalrecall
rate. This is becauseheir longermemory combinedwith
theconditionof having atleastonebadstatein memoryin-
troducedarger possibility of incorrectpredictions.In con-
trast, both the simple predictorandthe 1st order predictor
achieve a 100%recall rate asthey essentiallyalways pre-
dict anothembadstateafter experiencinghefirst badstate.

The 2-statepathmodelprovidesthe simplestclassifica-
tion of pathquality, but its coarsenessanhide differences
in the quality of two paths.For example,if one pathhasa
lossrate s; = 0 andanotherhasalossrate s, = 2.5%,
they areboth consideredo be in a “good” statewhenus-
ing a 2-statepathmodelwith # = 3%. Cateyorizing loss
ratesinto alargernumberof stategrovidesafinergranular
ity definition of pathstate.However, this neednotimprove
predictionaccurag, becausehe additionof new statesin-
creaseghe probability that the model makes an incorrect
prediction.For example,we can classify path quality us-
ing afinergranularityasbeing“good”, “acceptable”;bad”,
or “very bad”, basedon threethresholdssay 1%, 3%, and
5%. Thelastrow of Table 8 shaws the resultsof applying
afirst-orderMarkov predictorto this 4-statepathmodelfor
all thetracesNoteagainthattheprecision-recaltesultsare
only computedfor the lossy states,i.e., 1% < s < 3%,
3% < s < 5% ands > 5%, andthat the conditionalre-
call rate is computedgiven that one of the 3 lossy states
is obsenred in the lastinterval. The overall precisionand
recall percentageslearly shav thatthe probability of cor-
rectly predictingthelossystatesdecreaseasthe numberof
statesncreasesHowever, in spiteof its lower absoluteac-
curagy, a finer definition of pathstatecould still be benefi-
cial whencomparingherelativequality differencebetween
two pathswhich mighthelpmake betterpathswitchingde-
cisions.As wewill seein thenext sectiontheresultsof this
trade-of arecase-dependent.

Predictor Precision(%) | Recall(%) | Cond.Recall(%)
Simplepredictor 34.82 34.82 100.0
1st-ordeMarkov 34.81 34.86 100.0
2nd-ordeMarkov 34.80 34.88 74.41
3rd-orderMarkov 34.87 35.25 64.46
4th-orderMarkov 34.87 35.37 58.82
5th-orderMarkov 34.85 35.46 55.11
6th-orderMarkov 34.71 35.78 52.88
4-statelst-order 26.33 26.33 62.11

Table 8. The performance of prediction with
diff erent models.
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Figure 8. Comparing the resulting loss rates
of using first-order, 4th-order and 6th-order
Markov predictor s.

5.3. Prediction-BasedPath Switching

Basedon the above analysis,we designthe following
pathswitchingstrateyy. First, we usea predictorto predict
the stateof eachpathin the next time intenal (1 minute).
Then,atthe beginning of eachtime interval, we choosethe
candidatepathwith the bestpredictedstate.We remainon
thecurrentpath,unlessa betterpathexists.

We first comparethe loss rates producedby the the
above stratgy whenusing Markov predictorsof different
ordersFig. 8 compilestheratiosof thelossrateof thefirst-
orderMarkov predictorto thoseof the 4th-orderand 6th-
orderMarkov predictorsfor all combinationsof tracesand
source-destinatiopairs. The figure confirmsthe slightly
better performanceof the 4th-orderpredictor but shavs
that althoughthe 6th-orderpredictordecrease®ssratein
somecasesit alsoyieldsworseperformancén someother
casesThisis becausealthoughthe 6th-orderpredictorhas
a higherrecallpercentaget hasalower precisionpercent-
agethanthefirst-orderpredictor For boththe 4th-orderand
the6th-ordemredictorsthelossratesareimprovedonly for
a few tracepairs. This suggestshat a higherorderpredic-
tor in mary casegdoesnot provide a significantadvantage
overasimple(first-order)predictor Thereforewe focuson
thelatterin therestof this section.

To evaluatetheperformancef our pathswitchingmech-
anism, we compareits performanceto that of the ideal
switchingschemehathasperfectknowledgeof future path



Trace-Rir 1 2

Lossrateon path1 (%) 0.24 | 0.33
Lossrateon path2 (%) 0.12 | 0.30
Bestattainabldossrate(%) 0.003 | 0.13
Lossratefor 2-statemodel(%) | 0.027 | 0.17
Error by mis-prediction(%) 0.024 | 0.04
Lossratefor 4-statemodel(%) | 0.024 | 0.19
Error by mis-prediction(%) 0.021 | 0.06

Table 9. The performance of prediction-based
path switc hing using diff erent models.

statesand always picks the best.We usetwo trace-pairs,
both of length one week, as examples.As shown in Ta-
ble 9, the bestattainablelossrateis 0.003% for trace-pair
1, composedf two traceswith averageloss rates0.24%
and0.12%. This valueis 0.13% for trace-pair2, consisting
of two traceswith lossrate0.33% and0.30%. We first as-
sumea 2-statepath model, for which resultsare givenin
thefourth row of Table9. Althoughthereis a gapbetween
theresultinglossrateandthat of ideal path switching,the
prediction-baseanechanisnstill reducesoss rate signif-
icantly. We thencomparethis resultwith whatis achieved
whenusinga4-statepathmodel.For trace-pairl, the4-state
modelperformsslightly betterthanthe 2-statemodel. This
implies that, althoughthe 4-statemodelis lessaccuraten
predictingpathstate,its ability to differentiatepathquality
at a finer granularityhelpspath switchingdecisions How-
ever, for trace-pair2, this advantagds overtalenby thefact
thatthe 4-statemodeltendsto resultin moreincorrectpre-
dictions.We usedboththe 2-stateandthe 4-statepathmod-
elsfor all trace-pairdn our datasetsandtheresultingloss
rateratiosareshavn in Fig. 9. It canbe obsenedthatthe
ratiosaremostly closeto 1, sothat neitherpathmodelex-
hibits a clearadvantage.

For both the 2-stateand the 4-statemodels, the loss
rate is higher than that of the off-line reference,and it
is importantto understandhe reasonsbehindthis differ-
ence.The first-orderpredictorwe are using hasan intrin-
sic limitation in its ability to predictthe stateof a path,
andthereforeallow timely switchingdecisionsit needsat
leastone obsenation intenval to detectthe onsetof con-
gestion,so that path switchingdecisionsarealways off by
oneinterval (1 minute). Cornversely path switching expe-
riencesa similar oneinterval lag whena path’s stategoes
from badto goodsothatit now becomesa betteroption,
i.e., the other pathis alsoin a bad state.A key question
is, therefore,whetheror not the lossesthat occur during
thosetransitionintervals accountfor the differencein per
formancewith theidealoff-line model.We call theseessen-
tially “unavoidable” errors, mis-predictionerrors,and in-
vestigatetheir magnitudeby accountingfor all the losses
that take placeduring suchperiods.The resultsshavn in
Table 9 indicatethat this is indeedthe main causefor the

2-state model vs. 4-state model
N
o

0 200 400 600 800 1000
Path pair

Figure 9. Comparing the resulting loss rates
using 2-state and 4-state path models.

differencewith the ideal off-line model. Bridging that gap
appearsthereforejmpossible.
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Figure 10. The relative loss rate impr ovement

achieved by prediction-based path switc hing,
compared with the off-line reference.

In Fig. 10, we extend our comparisonfrom two trace-
pairsto all possiblepairs of pathsin our testbed.This in-
cludesdirectmulti-homingpathsandoverlay paths.As be-
fore,theperformancef the pathswitchingdecisionis com-
paredto thatof anideal off-line decision.Eachpointin the
figure correspondso a differentpair of paths.Thelossrate
improvements arelative value.Namely for apair of candi-
datepathswith lossratess; andss, wefirst computethere-
sulting lossrate of prediction-basegathswitchings’, and

therelativeimprovememisthencomputedas%’fﬂj.
Thereferencgoptimal)valueis computedsimilarly. Fig. 10
shavsthatin afew caseghelossimprovementachiezedby
the on-line pathswitchingmechanisnis fairly closeto the
bestattainablevalue, while in mary other casest is not.
However, for mosttracepairstheimprovementin lossper
formanceremainssubstantialThe issueof whethermulti-
homingor overlay pathsprovidesa greateropportunityfor

improvements exploredin Fig. 11,in whicheachpointcor-



respondgo a pair of direct-direct or direct-overlay paths.
Thecomparisorresultsshav thatin mostcasesn our ervi-

ronmenttheredoesnot appeaito be a major differencebe-
tweenthetwo.
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Figure 11. The relative loss rate impr ovement
achieved by prediction-based path switc hing,
with path diversity through multi-homing or
overlay, compared with the reference.

6. Conclusions

The increasingavailability of path diversity when con-
necting multiple end-pointsmakes it possibleto consider
improving communicationperformancesimply by taking
adwantageof thefactthatnotall pathsexperiencepoorper
formanceatthe sametime. In this paperwe investigatehe
feasibility of thisideain areasonablyepresentatie setting,
anddevise a simple path switchingmechanisnto demon-
stratethe performancémprovementghat canbe achieved.
Our study shows that it is possibleto achieve reasonable
pathdiversity by relying eitheron limited multi-homingor
throughoverlay-routing.In particular we find thatwhenit
comesto lossesarelatively smallamountof pathdiversity
appearscapableof producingpathswith non-overlapping
loss periodsand, therefore,offers the opportunity to im-
prove performancehroughpathswitching.
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