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Abstract

One of the primary challenges facing scalable net-
work emulationand simulationis the overheadof storing
network-wide routing tables or computing appropri-
ate routeson a per-packet basis.We presentan approach
to routing table calculation and storage basedon span-
ning treeconstructionthat providesan order of magnitude
reduction in routing table size for Internet-like topolo-
gies. In our approach, we maintaina variable numberof
spanningtreesfor a giventopologyandchoosethepathbe-
tweentwo hosts in each tree, choosingthe shortest.We
also populate of�ine a negative cache of actual short-
estpathsfor source-destinationpairs—typicallya few per-
centof the total—where the lookupsresult in sub-optimal
routes.We have implementedour technique in a popu-
lar network emulator, ModelNet,and show that our en-
hancedversion can emulateInternet topologies 10–100
timeslarger thanpreviouslypossible.

1. Intr oduction

Developing and implementingnext-generation,robust,
large-scalenetworkedsystemsrequiresa deepunderstand-
ing of systembehavior undera wide varietyof conditions.
In addition to evaluationof live systems,network simula-
tion [5, 11] andreal-timeemulation[13] have becomees-
sentialtoolsto understandingcomplex systeminteractions.
A primary challengefacing the designerof any simula-
tion or emulationenvironmentis managingthetrade-off be-
tweenaccuracy andscalability. For instance,it is impossi-
bleto capturethecharacteristicsof theentireInternetin any
simulation;only a subsetof network characteristicscanbe
accuratelycapturedwithout undueimpacton overall sys-
temscalability. Thekey questionthenbecomes:Whatis the
largestsystemthatcanbeaccuratelysimulatedor emulated
on thetargethardwareplatform?

We have beenconductingresearchinto building a scal-
able and accuratenetwork emulationenvironment,called
ModelNet [10]. Brie�y , ModelNetsubjectsthe inter-node

packet communicationof unmodi�ed applicationsrunning
on unmodi�ed operatingsystems/hardwareto the hop-by-
hopcharacteristicsof a targetlarge-scalenetwork topology.
The �rst stepin this real-timeemulationis looking up the
paththat a packet would take throughthe target topology.
Currently, ModelNetassumesstaticrouting andstoresall-
pairsshortestpathinformationin apre-computedO(n2) ta-
ble,wheren is thenumberof communicatingendhosts.

Thecurrentobstacleto scalingModelNetbeyonda few
thousandcommunicatinghostson a commodityclusteris
thesizeof theroutingtablethatnodesmuststore.Thegoal
of this work is to developtechniquesto remove this obsta-
cle. The memoryrequirementsfor routinghave receiveda
greatdealof attention,but, traditionally, researchershave
studiedhow to distribute routing informationamongstthe
nodesof the network suchthat a packet canbe appropri-
ately forwardedat eachnode. In this context, Peleg has
shown that a lower boundof 
( n1+1 =6) bits of informa-
tion arerequiredin thenetwork [7]. Gavoille andPérenn�es
furthershow that,for any routingscheme,thereexistsanet-
work thatrequires�( n2 logd) bitsof storage,whered is the
degreeof the network [3]. Unfortunately, routing schemes
approachingtheselimits often make use of considerable
spacein thepacketsthemselves(in theform of packet rout-
ing headers)and,moreimportantly, theroutelookupopera-
tion ateachnodecanbeexpensive.In ourenvironment,en-
tire pathsarecomputedaheadof time,usingglobalknowl-
edgeof network topology;noroutingheaderis usedbeyond
standardIPheaders,and,toensurescalableemulation,route
lookupneedsto beef�cient.

Thus,wepresentthedesignandimplementationof tech-
niquesthatenableModelNetto accuratelyselecttheshort-
est path betweena pair of hostswithout needingto store
O(n2) routing table state.While our implementationand
evaluationis speci�c to ModelNet,webelievethatour tech-
niquesareapplicableto a broadrangeof network simula-
tion andemulationenvironments.Essentially, ourapproach
is to tradeadditionalper-packet computationfor reduced
memoryoverhead.We storek spanningtreesacrossa tar-
getlarge-scaletopology. For eachpacket,wedeterminethe
pathfrom thespeci�edsourceto thespeci�eddestinationin
eachof thek trees,choosingtheshortest.



In this paper, we describe:i) techniquesto appropriately
chooseboththenumberof treesandtherootsof thetreesto
balancelookupcostsandspacesavings,ii) theuseof asmall
negative cacheto maintain shortestpath routing for the
sourcedestinationpairsthatdo not result in shortestpaths
basedon the spanningtreecalculations,iii) a simulation-
basedevaluationof thepotentialmemorysavings for a va-
riety of both realistic Internettopologiesandsynthetically
generatedpower-law networks, iv) a positive route cache
to eliminatevirtually all of thecomputationaloverheadas-
sociatedwith route lookup in the commoncase,andv) a
completeintegration of our proposedtechniquesinto the
ModelNetemulationenvironmentwith a quanti�cation of
the associatedperformancedegradationthat resultsfrom
slower routelookupoperations.Overall,our techniquesen-
ableModelNet to scaleto tensof thousandsof end hosts
from a routing perspective, effectively pushingscalability
concernsto othersystemcomponents.

2. Approach

Our approachusestwo characteristicsof network emu-
lation aspointsof leverage.First, a network emulator, un-
like a real network, storesall information for routescen-
trally, giving us global informationof all emulatednodes
andtheir adjoiningconnections.Second,Internet-like net-
works are typically not dense,in the sensethat the Inter-
net is structuredwithout separatelinks from eachnodeto
all othernodes.The intuition is that if we generatea span-
ning tree for suchgraph,a relatively large percentageof
shortestpathsbetweenverticeswill becontainedwithin the
tree.As we createmorespanningtreesfor thegraph,each
onewill containa differentsubsetof theshortestpathsbe-
tweenvertices.Thus,as the numberof spanningtreesin-
creases,sodoesfractionof shortestpathsthatarein theset.
We alsocomputea negativecacheof theshortestpathsthat
arenot includedin any of thespanningtrees.

For apathlookupbetweenany two verticeswecanguar-
anteethat it will be foundeitherin the treeor thenegative
cache.This canpotentiallyresult in vastimprovement:As
longasasuf�ciently smallnumberof treescancoverasuf-
�ciently large percentageof shortestpaths,we canelimi-
natetheneedto recordO(n2) shortest-paths(onefor each
sourcedestinationpair in a directedgraph).Also, sinceall
of this informationis staticandavailablebeforerun-timeit
canbe precomputed.At run-time,we �rst checkthenega-
tive cachefor theshortestpath.If not present,we calculate
thepathbetweensourceanddestinationin eachof k span-
ning trees,choosingthe shortest.The negative cacheen-
surestheresultingrouteis in facttheshortestavailable.

Availablespacesavings dependson how well our net-
works areactuallyconnected,how many treeswe choose,
andhow wechoosethem.For networkswith thesamenum-

berof vertices,astheaveragenodedegreeincreases,weex-
pectour savings to decreasesincethe spanningtreeswill
contain smaller percentagesof the shortestpaths.If the
numberof verticesin the network increases,we can pick
morespanningtreesandstill save the sameproportionof
space.For any topologyif we pick moretrees,thenspace
savings will increaseuntil the spacebeing consumedby
eachnew treeoutweighsthesavingswe getfrom a smaller
negative cache.Thetwo extremesareif we pick zerotrees
or n trees.Usingzerotreesresultsin a negative cachethat
is exactly thesameasall-pairs-shortest-path;n treescould
couldpotentiallyremovetheneedfor thecache,but thesize
of our treeswouldbeO(n2).

2.1. Implementation

Therearetwo key issueswhenconsideringimplement-
ing thisapproach:how many treesshouldbegenerated,and
whereshouldthey be rooted.While we have not yet for-
mulateda concreteanswerto the �rst question,we study
theperformanceof varyingnumbersof treesin thefollow-
ing sections,andprescribea simpleapproachfor determin-
ing an appropriatenumberof treesat runtime.Intuitively,
short,fatspanningtreeswould incorporatea largerpercent-
ageof shortestpathswithin them,sotreesshouldberooted
at nodesof high degree.In order to validatethis assump-
tion, we implementedboththis degree-basedapproachand
asimplerandomselection,thatpicksanew, distinctroot for
eachnew treeuniformlyatrandom.Ourspanningtreeswere
generatedusinga simplebreadth�rst searchalgorithm[2,
Chap.22] to minimizetheir height.Then,iteratingthrough
eachnode,we useBFS againto obtain the single-source
shortestpathsfrom the currentnodeto every other node.
We checkto seeif the shortestpathis containedin any of
thespanningtrees,andcountonly pathsbetweennodesthat
have not beenpreviously checkedwith thesourceanddes-
tinationreversedto avoid redundancy.

The averageruntime of the componentsof our imple-
mentationis O(V + E) for initialization,O(T(V + E)) for
treegenerationandO(V 2(T logV + (V + E)) for �nding
all of the shortestpathspaths(necessaryin order to con-
struct the negative cache);whereV is the numberof ver-
tices, E is the numberof edgesand T is the numberof
spanningtreeschosen.The dominatingruntime factor is
thesearchfor shortestpathssooverall our averageruntime
is O(V 2(T logV + (V + E)) . Thestoragerequirementis
O(T � V ) for thetrees,andO(D) for thedeltaswhereD is
thetotal sizeof thenegativecache.

3. Validation

Sincetheef�cacy of our approachdependson thechar-
acteristicsof the target network, we begin by considering
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(a)EBONE:506nodes,750edges.AvgDeg 2.96.
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(b) Level 3: 1,786nodes,6,919edges.AvgDeg 7.75.
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(c) Telestra:3,515nodes,4,325edges.AvgDeg 2.46.
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(d) AT&T: 11,745nodes,14,264edges..AvgDeg 2.42.

Figure 1. Space savings as a function of the number of spanning trees. For each topology , we plot
the results of two diff erent methods of selecting spanning tree roots: deterministicall y in order of
node degree (star ting with the highest), and randoml y. For the random case, we plot both the aver-
age of 31 runs (with error bars sho wing the standar d deviation) and the best set of trees encoun-
tered. Due to time constraints, the AT&T results are currentl y the average of onl y four runs.

the potentialspacesavings for actualInternetAS topolo-
gies. We comparethe memory requirementsof our tree-
basedapproachagainsta naive all-pairsshortestpathrout-
ing tablesimilar to that currently implementedin Model-
Net. We considerthe lengthof eachpathto be thenumber
of nodesalongthe path including the sourceanddestina-
tion. Thenegativecachesizeis thenthesumof thelengths
of theshortestpathsnot includedin any of thetrees.

To calculatethetotalamountof spaceconsumed,weadd
thesizeof all thespanningtreesto thesizeof our negative
cache.Thesizeof theroutingtablewithoutmodi�cationsis
computedasthesumof thelengthsof theall-pairsshortest
pathsdividedby two. Finally, we determinethepercentage
of spacesavedby dividing thedifferencebetweentheorigi-

nalsizeof theroutingtableandthesizeof ourspanning-tree
basedimplementationby thesizeof theoriginal table.

3.1. ISP topologies

Figure1 presentsthe resultsfor four representative au-
tonomoussystems(ASes): EBONE (AS#1755),Level 3
(3356),Telestra(1221),andAT&T (7018).We donot have
accessto actualAS topologies;instead,weusedthetopolo-
giespublishedby the RocketFuel[8] project.1 Spacesav-
ingsinitially increasesquickly with thenumberof spanning

1 In caseswhenthepublishedRocketFueltopologywasnot fully con-
nected,weconsideredonly thelargestconnectedsub-component.



treesused;thepercentagesavingsthenslowsandeventually
fallsoff gradually. This is expectedsince,initially, eachad-
ditionalspanningtreeis contributinga largenumberof new
shortestpaths.Thiseffectslowsaswe�nd fewernew short-
estpathswith eachnew spanningtree.Finally, thesavings
beginsto declineat a certainthresholdwhenthenumberof
new shortestpathsgainedby addingatreeis outweighedby
thestoragesizeof theadditionaltree.

Focusingontheindividualtopologies,the�rst, EBONE,
is on the smallersideof the topologieswe looked at. The
spacesavings risesrapidly, andthen,comparedto theoth-
ers,tails off markedly. It is interestingto notethatthestan-
darddeviation of the percentageef�ciency is much larger
thanfor theother, largernetworks.Thesecondgraph,Level
3, is in themiddlerangeof size,but it stoodout becauseof
its high averagedegree(Level 3 usesMPLS to increasethe
perceivedIP-level connectivity of its backbone).Thenetef-
fect is aslightly slowerrisein thepercentageof spacesaved
peakingat a lower point thantheothergraphsof thesame
numberof nodes.Interestingly, choosingthehighestdegree
nodesasrootsof the treeperformsbetterthantheaverage
randomroot choices.Unlike the other topologiesthe two
methodsdo not convergeasthenumberof treesincreases.
AT&T wasthelargestof ouravailabletopologies.It behaves
muchaswouldbeexpected:thegraphpeaksatahigherper-
centagespacesavedandfalls off very slowly. TheTelestra
topologyis a goodexampleof an idealgraphthatbehaves
similarly to thesynthetictopologiesbelow.

3.2. Generatedtopologies

Next, we considerhow performancevariesasa function
of graphtopology. Clearly, it is possibleto constructpatho-
logical topologiesthatwould achieve little to no spacesav-
ings, but the target topologiesfor this algorithm are ones
relatingto theInternetandother“naturally occurring”net-
works. In order to betterunderstandthe sensitivity of our
approachto varioustopology parameters,we useda syn-
thetic topologygenerator, BRITE [6]. We generatetopolo-
gieswith 100to 1,000nodesin incrementsof 100.In anat-
temptto accuratelymodelreal InternetAS topologies,we
employed the ASBarabasimodel [1] with an averagede-
greeof four. We ran31 distinct iterations,eachwith a dif-
ferent setof randomroots,andone additionaltime using
only highestdegreeroots.

3.2.1. Graph size. We begin by consideringtheeffect of
graphsize.Figure2 showstheaveragemaximumspacesav-
ings achievable by our algorithm using randomnodese-
lection, for an optimal numberof trees.To calculatethis
value, we �rst generatea topology of the indicatedsize.
Then,we generate31 distinct setsof n randomtrees,for
1 � n � 100. We �nd the maximumpercentagespace
savedin eachof the31 iterationsandaveragethemtogether

 89

 90

 91

 92

 93

 94

 95

 96

 97

 100  200  300  400  500  600  700  800  900  1000

S
pa

ce
 s

av
in

gs
 (

pe
rc

en
ta

ge
)

Topology size (number of nodes)

Figure 2. Space savings as a function of
graph size. Topologies generated using the
Barabasi model with an average node degree
four . Error bars are one standar d deviation.
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Figure 3. Minim um number of trees neces-
sary to achieve the space savings repor ted
in Figure 2.

andcalculatestandarddeviation.Theef�ciency of thealgo-
rithm increasesasthesizeof the topologyincreases,since
themarginal bene�t of having spanningtreesandnegative
cachesincreasewith thesizeof thetopology.

Figure 3 expandson the previous result, showing the
numberof trees necessaryto achieve the spacesavings
shown in Figure2. We determinethis valueby inspection:
For eachiteration,We identify themaximumspacesavings
and then �nd the minimum numberof treesthat result in
spacesavings within 1% of highestachieved for that iter-
ation.Theoverall patternis clear:the larger thegraph,the
moretreesthatarenecessary.
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Figure 4. Space savings as a function of av-
erage node degree . Topology size is �x ed at
1,000 nodes for Barabasi and Waxman, but
varies between 226 and 11,745 nodes for the
RocketFuel topologies.

3.2.2. Node degree. Intuitively, the effectivenessof our
algorithm dependson the connectivity of the graph.One
concisemetric of graphconnectivity is averagenodede-
gree.Here,we generatetopologiesof �x ed size,but with
varying nodedegree.In an attemptto distinguishbetween
theeffectsof averagedegreeandtheparticulardegreedis-
tribution, we report resultsfor two graphtypes:Barabasi,
asbefore,andWaxman[12]. For context, we alsoinclude
the variousRocketFueltopologies,but they cannotbe di-
rectlycompareddueto their varyingsize.

Figure4 plots theseresults,varying the averagedegree
from 4 to 16 while keepingthe numberof nodes�x ed at
1,000andusingtheBarabasimodelto generatethetopolo-
gies.Again,weran31randomiterationsupto 200treesand
plot thelargestsavingsobservedfor eachdegree.Themax-
imumspacesavingsis inverselyproportionalto theaverage
degree.However, Figure5 shows that the numberof trees
necessaryto attainthe reportedsavings increaseswith av-
eragedegree.(Themethodusedto computethenumberof
treesnecessaryis thesameasin Figure3.) This is expected;
astheaveragedegreerises,thereis anincreasingnumberof
shortestpathsthat sharefewer edges,thusthesetof span-
ning treesis lesslikely to cover asmany shortestpathsas
thenumberof edgesin any spanningtreeis �x ed(atn � 1)
anddoesnot increasewith nodedegree.

3.2.3. Degreedistribution. As canbeseenby comparing
Figure6 with Figure1, therearetwo signi�cant differences
betweentheBarabasi/RocketFuelandtheWaxmantopolo-
gies.First, in comparisonto the randomroot choice,the
highestaveragedegreealgorithm performsslightly better
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essar y to achieve the savings repor ted in Fig-
ure 4.
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Figure 7. Comparison of node degree distri-
butions between generated and RocketFuel
topologies (normaliz ed to 1,000 nodes).

for RocketFuel,nearlyaswell for Barabasiandmuchmore
poorly in the Waxman.This differencein performanceof
usinghighestdegreerootsis dueto thedifferencein distri-
butionof nodedegree(asshown in Figure7). TheBarabasi
andnearlyall of theRocketFueltopologiesexhibit power-
law propertiesfor the frequency of nodedegreeversusde-
gree.However, the Barabasimodelsnodedegreedistribu-
tion is shiftedon both endstoward the averagedegreere-
sulting in a non-hierarchicaland more denselyconnected
clustersof nodesin thegraph.This causesthe intuitive ad-
vantagesof choosingroot nodesof highestdegreeto gen-
erateshortertreesto be weakened.The seconddifference
is that,for theWaxmanmodel,thespacesavings increases
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(a) Barabasi:1,000nodes,1997edges.AvgDeg 4.0.
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(b) Waxman:1,000nodes,2000edges.AvgDeg 4.0.

Figure 6. Space savings as a function of the number of spanning trees for synthetic graphs.

at a signi�cantly slower rate.This is also due to the dif-
ferencein distribution of nodedegree;the decreasein the
proportionof nodesin the network with oneor two edges
causesthe spanningtreeswe generateto be lesslikely to
containthe shortestpath betweenthe root and the leaves
of the tree.Lastly, an artifactof the BRITE topologygen-
erationandconversionis thateachtopologyoriginally con-
taineddirectedlinks.Convertingto undirectedgraphcaused
theminimumdegreeto increaseto two for eachnode.This
meansthe BRITE generatedresultswereactuallyslightly
morepessimisticthanif wehadbeenabletodistributeedges
in amannersimilar to theRocketFueltopologies.

Though the percentagespacesaved in the Waxman
model is worse than thosein Barabasi/RocketFuel mod-
els,thespacesavedstill peaksat similar valuesfor compa-
rableaveragedegrees.Therefore,only the rateof increase
of spacesaved versus number of spanning trees cho-
sen is affected by the unfavorable distributions of the
Waxmanmodeltopologies.

4. Performance

To investigatehow our approachperformsin a real In-
ternetscaleemulator, we integratedour routelookuptech-
niquesinto ModelNet.Weperformbenchmarksherefor ac-
tual spacesavings and lookup degradationversusthe un-
modi�ed ModelNetroutelookupscheme.

4.1. ModelNet integration

ModelNet was designedto be modular; as a conse-
quence,the routelookup functionality is cleanlyseparated
from the restof the system.This enableseasyintegration
andeffectively “drop-in” replacementwith alternaterouting
schemes.Theprocessis straightforward:We simply wrote

a new lookup function which usesthe spanningtreesand
negativecachesfor routelookupsinsteadof theoriginaln2

routingtable.Thespanningtreesarecomputedof�ine asa
pre-processingstageandstoredin atext �le. This text �le is
readinto thekernelat module-loadtime andthedatastruc-
turesareinitializedusingthis �le.

We measuredthe lookupcostby averagingover a large
numberof randomlookups.However, thisis highly unlikely
to occur in practice.A real experimentwill seldomsend
packetsat random;on the contrary, mostexperimentstyp-
ically consistof packet �o ws. This led us to implementa
smallpositivecacheto speedupfrequentlyaccessedroutes.
Sincethe amountof memorydevotedto the cacheis con-
�gurable, it doesneednot impactthememorysavings.The
cacheis associative:eachcacheline is alinkedlist of point-
ers to routesthat have beencomputedearlier. The maxi-
mum sizesof both the cacheand the individual lines can
be con�gured. The worst caselookup involvesa constant
time indexing into thearray, andO(l ine size) traversalof
the linked list. Our currenthashimplementationis naive,
andopento optimizationsin the datastructureandchoice
of hashfunction.Despitethis, it providessigni�cant perfor-
mancebene�ts.

For our experiments,we usethesameISPtopologiesas
in the simulations.However, sinceModelNet hasslightly
differentsemanticsandnotationfor describingtopologies,
thereareminordifferences:

� ModelNetcanassign“roles” to nodesin thetopology
(transitnode,stubnode,or client node).The Model-
Net routing table is indexed only by the client nodes
(alsocalledvirtual nodes).Sinceour experimentsper-
form routing lookupson arbitrary source/destination
pairs,we augmentedthe original topologyby attach-
ing aclientnodeto eachnodein theISPtopology.



� Our simulationsare on on undirectedgraphs.How-
ever, ModelNet usesbi-directionaledgesto emulate
asymmetricallinks. We thereforeaugmentour origi-
nal topologieswith bi-directionallinks.

Theendresultof thesemodi�cations is that the topolo-
giesusedby ModelNetaretwice aslarge asthoseusedin
simulation.We accountfor this differencewhenanalyzing
our resultsin thefollowing subsections.

We usea heuristicto determinethe numberof treesto
generatefor a given target topology. The numberof trees,
N , is givenby:

N = 2 � 0:418325� n0:61535

wheren is the numberof verticesin the topology. To ar-
rive at this formula,we took thedatafrom our analysisof
topologiesof varioussizes(from 100to 5,000nodes)in the
previoussection,anddeterminedthe minimum numberof
treesneededto reachwithin 1%of themaximumspacesav-
ings possible.We thencomputeda best-�t curve usingre-
gressionanalysis,whichgaveustheconstants0:418325and
0:61535. Theadditionalfactorof two ensuresthatwereach
thepeakof ourspacesavingscurve.Wedonotconsiderthe
averagenodedegreesinceits in�uence is small compared
to thetopologysizeanddistribution.

4.2. Results

4.2.1. Spacesavings. To measurespacesavings, we in-
strumentedModelNetby de�ning separatekernelmemory
heapsfor MTreeandModelNet'soriginal routingtable.Af-
ter thedatastructureshave beencreatedandinitialized,we
simply recordthe memoryallocatedby theseheaps.Note
that this is not entirely accuratesincethereis somegran-
ularity in memoryallocationinvolved—forinstance,when
askingto allocatememoryfor � ve integers,theheapmight
receive an entirepageinstead(makingsubsequentalloca-
tionsfaster).

Figure8 shows the resultsof this experiment.For each
ISPtopology, we usea �x ednumberof treesandcompare
it with the predictedsavings (from simulations)using the
samenumberof trees.Notethat thepredictedsavings take
into accountthein�ation in topologysizeinsideModelNet
asdescribedearlier. The actualsavings closelymatchthe
predictedvalues.Theminor extra memoryconsumptionin
the actualcasestemsfrom the useof someauxiliary data
structuresusedin theimplementationandthegranularityof
memorymeasurement.

4.2.2. Pre-computationtime. Table1 shows thetime re-
quiredto computethe routing tablesusedin Figure8 on a
2.8-GHzIntel Pentium4, aswell asseverallargersynthetic,
mesh-like topologiesusedin laterexperiments.Due to the
regular, well-connectednatureof themeshtopologies,con-
structingtreesanddeltasis relatively faster.
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Figure 8. Space savings as a function of
graph size. Each topology is generated us-
ing the Barabasi model with an average node
degree of four . No positive cache was used.

Num. nodes Num. tr ees Time (seconds)
100 22 1
200 26 1
300 38 6
400 40 7
500 50 12

1,000 72 79
2,000 100 552
3,000 177 2,066
5,000 242 9,811

10,400 248 4,186
15,600 318 9,345
22,320 397 11,733

Table 1. Pre-computation time for a subset
of the Barabasi topologies used in Figures 2
and 3. Sizes 10,400 and larger are generated
using arti�cial mesh-like topologies.

4.2.3. Lookup cost. Herewe evaluatethe degradationin
the per-route lookup time using the MTree approachas
comparedto ModelNet'soriginal routelookup.For our ex-
periments,we performed10,000randomroutelookupsfor
eachtopology. Figure9 shows the resultson the Barabasi
topologiesuse for the previous experiments.ModelNet's
original route lookup cost is independentof the topology
size sinceit is simply the cost of a function call that re-
turnsa memoryreference.For MTree,the lookup cost in-
creasesas the size of the topology increases.This is ex-
pectedsincethelookupnow hasto go throughlargertrees.
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Figure 9. ModelNet route lookup latenc y. Note
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While thelookupcostfor MTreeis severalordersof magni-
tudehigherthanthatof theoriginal ModelNet,thereis sig-
ni�cant performanceimprovementwith the introductionof
thepositivecache.At highhit rates(weplot 92%and98%),
thelookupcostcomesdown signi�cantly, sincemostof the
routesareavailablein thecache.

We will seein the following sectionthatwith the posi-
tive cachein place,the emulationtime still dominatesthe
lookupcost;thereis no signi�cant degradationin theend-
to-endperformance.Previously, ModelNet'sscalabilitywas
limited by the sizeof the routing table that would �t into
the memory. For instance,ModelNetwasnot ableto load
the routing tablesfor a 2,000-nodeBarabasitopology in
our setup.On the otherhand,MTreeis ableto load an ar-
ti�cial, mesh-like topologywith 22,320nodesand84,902
edges.This topologyrequires108MB of memory(includ-
ing a1,000-entrypositivecache)for theroutingdata,result-
ing in 0.56-mslookuptimes(assuminga 92%hit rate).

Thelookupcostalsovarieswith thenumberof treesused
andthesizeof theresultingnegativecache.Figure10shows
thevariationof lookupcostfor a 200-nodeBarabasitopol-
ogyasa functionof thenumberof trees.With asingletree,
the size of the negative cacheis huge,making the nega-
tivecachealmostasbig asann2 routingtable.As thenum-
ber of treesincreasesto ten, the lookup cost falls sharply
sinceasigni�cant numberof routesarenow includedin the
trees.Onfurtherincreasein thenumberof trees,thelookup
costincreasesslowly at �rst andrisessharplyasthenum-
berof treesbecomesvery large.

4.2.4. End-to-end performance. This section inves-
tigates the degradation in end-to-end performance in
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ModelNet resulting from the increasedlookup costs of
MTree. Our experiment consisted of running concur-
rent independent�o ws and measuring the throughput
delivered by the system. We used grid-like topolo-
gies for this experiment—the“height” is the numberof
�o ws, andthe“width” is thenumberof hops.We manipu-
latetheloadon thecoreby varyingthenumberof hops,as
eachhoprequiresadditionalprocessing.

The�o wscorrespondto a“row” in thegrid,with oneend
point beingthesourceandtheotherbeingthesink. These
�o wsareparallel in thesensethatthehopsin eachpathare
mutually exclusive; therefore,along any path, thereis no



contentionfor bandwidth.Theaccesslinks (thehopscom-
ing outof thesourcesandgoinginto thesinks)arerestricted
to 10 Mbps;all theotherhopsin thetopologyhave 1 Gbps
of bandwidth.In theidealcase,therefore,each�o w should
begettinga bandwidthof 10Mbpswith nopacketdrops.

Intuitively, we would expect the systemto deliver in-
creasingthroughputwith increasingnumberof �o ws,until
thesystemsaturates.Beyond this point, thesystemshould
deliver a sustainedconstantthroughputirrespective of the
numberof �o ws.Further, we would expectthat thesystem
performancewill decreasewith increasingnumberof hops.
Of course,thecritical issuehereis theperformancedeteri-
orationincurredasaresultof usingtheMTreeapproachin-
steadof theusualn2 routingtable.For this experiment,we
wereusinga 100-linecache,with a line sizeof 10.

Figure11 shows theresultsof this experiment.To mea-
suresystemthroughput,we instrumentedthecoreto record
the numberof packetsgoing throughit every second.So,
for eachexperimentwe gathereda “time-line” data,and
computedthe95thpercentileof thepackets/secdata,which
wasthenplottedhere.The �o ws wererun for suf�ciently
longperiods(30seconds)to makesurethatweavoidedany
boundaryeffects(�o ws startingup or dying down) andto
giveusa comfortablylong measurementwindow whereall
�o wswereindeedrunningin parallel.

Thereis no distinguishableperformancedifferencebe-
tweenthe unmodi�ed ModelNetandthe MTreeapproach.
Thus,putting a small positive cachein front of the span-
ning tree lookup can give tremendoussavings, especially
for long �o ws. The systemalsodegradesgracefullyunder
load,maintaininga sustainedthroughputof around90,000
packets/secatpeakload(200�o ws,12hops).

5. Conclusionand futur e work

This paperpresentsan approachto routing tablecalcu-
lation andstoragebasedon multiple spanningtreesrooted
at variousnodesin a target topology. We �nd that this re-
sults in an order of magnitudereductionin routing table
sizefor Internet-like topologies.Off-line, we alsopopulate
a negativecacheof shortestpathsthatdo not appearin any
of thetrees.We integratedour approachinto ModelNet,an
Internet-scalenetwork emulator, anddemonstratedthat the
actualspacesavings closelymatchthe valuespredictedin
simulations.Wealsoinvestigatedtheincreasein lookupand
its affectonendto endperformance.Usingasmallpositive
cache,we were able to demonstratethat the performance
of MTreeis commensuratewith thatof unmodi�ed Model-
Net for �o w basedexperiments.It is likely that theperfor-
mancecanbe improvedfurther with clever datastructures
andbetterchoiceof hashfunctions.

Work on so-called compact routing [9] has devel-
oped extremely space-ef�cient routing mechanismsfor

many classesof networks. These schemestypically do
not computeoptimal, shortestpaths; instead,they com-
pute routesthat are within a factor k of optimal, referred
to asa stretch factorof k. Due to our needfor shortest,or
stretch-1,paths,theseapproachesdid not initially seemap-
plicable. Recent work has shown that for Internet-like
topologies,however, compact-routingschemesoften pro-
ducestretch-1paths,and the averagestretchfactor of all
paths computedusing compact routing on Internet-like
topologiesis closeto one[4]. Hence,we areinterestedin
exploring theapplicabilityof theseschemesto theModel-
Netenvironment.
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