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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-padet basis.We presentan approach
to routing table calculation and storage basedon span-
ning tree constructionthat providesan order of magnitude
reductionin routing table size for Internet-like topolo-
gies.In our appmad, we maintaina variable numberof
spanningreesfor a giventopology and choosethe pathbe-
tweentwo hostsin eac treg choosingthe shortest.We
also populate ofine a negative cache of actual short-
estpathsfor souice-destinatiorpairs—typicallya few per
centof the total—whee the lookupsresultin sub-optimal
routes. We have implementedour technique in a popu-
lar network emulator ModelNet,and show that our en-
hancedversion can emulate Internet topologies 10-100
timeslarger thanpreviouslypossible

1. Intr oduction

Developing and implementingnext-generation robust,
large-scalenetworked systemgequiresa deepunderstand-
ing of systembehaior undera wide variety of conditions.
In additionto evaluationof live systemsnetwork simula-
tion [5, 11] andreal-timeemulation[13] have becomees-
sentialtools to understandingomplex systeminteractions.
A primary challengefacing the designerof any simula-
tion or emulationervironmentis managinghetrade-of be-
tweenaccurag andscalability For instancejt is impossi-
bleto capturethe characteristicsf theentirelnternetin ary
simulation;only a subsebf network characteristiceanbe
accuratelycapturedwithout undueimpacton overall sys-
temscalability Thekey questionthenbecomesWhatis the
largestsystemthatcanbe accuratelysimulatedor emulated
onthetargethardwareplatform?

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

packet communicatiorof unmodi ed applicationsrunning
on unmodi ed operatingsystems/hardare to the hop-by-
hopcharacteristicef atargetlarge-scalaetwork topology
The rst stepin this real-timeemulationis looking up the
paththat a paclet would take throughthe target topology
Currently ModelNetassumestaticrouting and storesall-
pairsshortespathinformationin apre-compute@®(n?) ta-
ble, wheren is thenumberof communicatingendhosts.

The currentobstacleto scalingModelNetbeyond a few
thousandcommunicatinghostson a commodity clusteris
thesizeof theroutingtablethatnodesmuststore.Thegoal
of this work is to developtechniquedo remove this obsta-
cle. The memoryrequirementgor routing have receved a
greatdeal of attention,but, traditionally, researcherfiave
studiedhow to distribute routing informationamongsthe
nodesof the network suchthat a paclet can be appropri-
ately forwardedat eachnode. In this contet, Pelay has
shavn that a lower boundof ( n*!=8) bits of informa-
tion arerequiredin the network [7]. Gavoille andPérenres
furthershaw that,for arny routingschemethereexistsanet-
work thatrequires( n? logd) bitsof storagewhered isthe
degreeof the network [3]. Unfortunately routing schemes
approachingtheselimits often make use of considerable
spacean thepacletsthemseles(in theform of pacletrout-
ing headersand,moreimportantly theroutelookupopera-
tion ateachnodecanbe expensve. In our ervironment,en-
tire pathsarecomputedaheadof time, usingglobal knowl-
edgeof network topology;noroutingheadeis usedbeyond
standardP headersand,to ensurescalableemulationyoute
lookupneedgo beefcient.

Thus,we presenthedesignandimplementatiorof tech-
niguesthatenableModelNetto accuratelyselectthe short-
est path betweena pair of hostswithout needingto store
O(n?) routing table state.While our implementationand
evaluationis speci c to ModelNet,we believethatourtech-
niguesare applicableto a broadrangeof network simula-
tion andemulationervironments Essentiallyour approach
is to trade additional perpaclket computationfor reduced
memoryoverhead We storek spanningireesacrossa tar
getlarge-scaldopology For eachpaclet, we determinghe
pathfrom thespeci edsourceto thespeci eddestinatiorin
eachof thek trees,choosinghe shortest.



In this paperwe describei) techniquedo appropriately
chooseboththe numberof treesandtherootsof thetreesto
balancdookupcostsandspacesavings,ii) theuseof asmall
negative cacheto maintain shortestpath routing for the
sourcedestinationpairsthat do not resultin shortestpaths
basedon the spanningtree calculations,iii) a simulation-
basedevaluationof the potentialmemorysavingsfor ava-
riety of both realistic Internettopologiesand synthetically
generatechower-law networks, iv) a positive route cache
to eliminatevirtually all of the computationabverheadas-
sociatedwith route lookup in the commoncase,andv) a
completeintegration of our proposedtechniquesnto the
ModelNetemulationenvironmentwith a quanti cation of
the associatecpberformancedegradationthat resultsfrom
slower routelookupoperationsOverall, our technique&n-
able ModelNetto scaleto tensof thousandof end hosts
from a routing perspectie, effectively pushingscalability
concerngo othersystemcomponents.

2. Approach

Our approachusestwo characteristic®f network emu-
lation aspointsof leverage First, a network emulator un-
like a real network, storesall information for routescen-
trally, giving us global information of all emulatednodes
andtheir adjoiningconnectionsSecond Internet-like net-
works are typically not dense,in the sensethat the Inter-
netis structuredwithout separatdinks from eachnodeto
all othernodes.Theintuition is thatif we generatea span-
ning tree for suchgraph, a relatively large percentageof
shortespathsbetweenverticeswill becontainedwithin the
tree.As we createmore spanningtreesfor the graph,each
onewill containa differentsubsebf the shortespathsbe-
tweenvertices.Thus, as the numberof spanningtreesin-
creasessodoesfractionof shortespathsthatarein theset.
We alsocomputea negative cacheof the shortespathsthat
arenotincludedin ary of the spanningrees.

For apathlookupbetweerany two verticeswe canguar
anteethatit will befound eitherin thetreeor the negative
cache.This canpotentiallyresultin vastimprovement:As
longasasufciently smallnumberof treescancoverasuf-
ciently large percentagef shortestpaths,we can elimi-
natethe needto recordO(n?) shortest-pathgonefor each
sourcedestinationpair in a directedgraph).Also, sinceall
of thisinformationis staticandavailablebeforerun-timeit
canbe precomputedAt run-time,we rst checkthe nega-
tive cachefor the shortespath.If not presentwe calculate
the pathbetweensourceanddestinationin eachof k span-
ning trees,choosingthe shortest.The negative cacheen-
suregheresultingrouteis in facttheshortestevailable.

Available spacesavings dependson how well our net-
works are actually connectedhow mary treeswe choose,
andhow we chooseghem.For networkswith thesamenum-

berof verticesastheaveragenodedegreeincreasesye ex-
pectour savings to decreasssincethe spanningtreeswill
contain smaller percentage®f the shortestpaths.If the
numberof verticesin the network increaseswe can pick
more spanningtreesand still save the sameproportionof
space For ary topologyif we pick moretrees,thenspace
savings will increaseuntil the spacebeing consumedby
eachnew treeoutweighsthe savingswe getfrom a smaller
negative cache.The two extremesareif we pick zerotrees
or n trees.Using zerotreesresultsin a negative cachethat
is exactly the sameasall-pairs-shortest-pathn treescould
couldpotentiallyremovetheneedfor thecacheput thesize
of ourtreeswould be O(n?).

2.1. Implementation

Therearetwo key issueswhenconsideringmplement-
ing thisapproachhow mary treesshouldbe generatedand
whereshouldthey be rooted. While we have not yet for-
mulateda concreteanswerto the rst question,we study
the performanceof varyingnumbersof treesin the follow-
ing sectionsandprescribea simpleapproachor determin-
ing an appropriatenumberof treesat runtime. Intuitively,
short,fatspanningreeswould incorporatealargerpercent-
ageof shortespathswithin them,sotreesshouldberooted
at nodesof high degree.In orderto validatethis assump-
tion, we implementedoththis degree-basedpproactand
asimplerandomselectionthatpicksanew, distinctrootfor
eachnew treeuniformly atrandomOurspanningreeswere
generatedisinga simplebreadth rst searchalgorithm[2,
Chap.22] to minimizetheir height. Then,iteratingthrough
eachnode,we use BFS againto obtain the single-source
shortestpathsfrom the currentnodeto every other node.
We checkto seeif the shortestpathis containedn ary of
thespanningreesandcountonly pathsbetweemodeghat
have not beenpreviously checledwith the sourceanddes-
tinationreversedo avoid redundang.

The averageruntime of the componentf our imple-
mentations O(V + E) for initialization,O(T (V + E)) for
treegeneratiorandO(V2(T logV + (V + E)) for nding
all of the shortestpathspaths(necessaryn orderto con-
structthe negative cache);whereV is the numberof ver-
tices, E is the numberof edgesand T is the numberof
spanningtreeschosen.The dominatingruntime factor is
thesearchfor shortespathssooverall our averageruntime
isO(V2(T logV + (V + E)). Thestoragerequiremenis
O(T V) for thetrees,andO(D) for thedeltaswhereD is
thetotal sizeof the negative cache.

3. Validation

Sincethe ef cacy of our approachdepend®on the char
acteristicsof the target network, we begin by considering
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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 (starting with the highest), and randomly. For the random case, we plot both the aver-
age of 31 runs (with error bars showing 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 only four runs.

the potentialspacesavings for actuallnternetAS topolo-
gies. We comparethe memory requirementsof our tree-
basedapproachagainsta naive all-pairsshortesfpathrout-
ing table similar to that currentlyimplementedn Model-
Net. We considerthe lengthof eachpathto be the number
of nodesalongthe pathincluding the sourceand destina-
tion. The negative cachesizeis thenthe sumof thelengths
of the shortespathsnotincludedin ary of thetrees.

To calculatethetotalamountof spaceconsumedwe add
the sizeof all the spanningreesto the sizeof our negative
cacheThesizeof theroutingtablewithoutmodi cationsis
computedasthe sumof thelengthsof the all-pairsshortest
pathsdivided by two. Finally, we determinethe percentage
of spacesavedby dividing the differencebetweertheorigi-

nalsizeof theroutingtableandthesizeof our spanning-tree
basedmplementatiorby the sizeof the original table.

3.1. ISP topologies

Figure 1 presentghe resultsfor four representavie au-
tonomoussystems(ASes): EBONE (AS#1755),Level 3
(3356),Telestra(1221),andAT&T (7018).We do not have
accesso actualAS topologiesjnsteadwe usedthetopolo-
gies publishedby the RocketFuel[8] project! Spacesav-
ingsinitially increasesgjuickly with thenumberof spanning

1 In caseswhenthe publishedRocletFueltopologywasnot fully con-
nectedwe considerednly thelargestconnectegub-component.



treesusedthepercentagsavingsthenslowvsandeventually
falls off gradually Thisis expectedsince,initially, eachad-
ditional spanningreeis contrituting alargenumberof new
shortespathsThis effectslovsaswe nd fewernew short-
estpathswith eachnew spanningree.Finally, the savings
beginsto declineat a certainthresholdwhenthe numberof
new shortespathsgainedby addingatreeis outweighedy
the storagesizeof theadditionaltree.
Focusingontheindividualtopologiesthe rst, EBONE,
is on the smallerside of the topologieswe looked at. The
spacesavingsrisesrapidly, andthen,comparedo the oth-
ers,tails off markedly. It is interestingto notethatthe stan-
dard deviation of the percentagesf ciency is muchlarger
thanfor theother, largernetworks. Thesecondgraph,Level
3,isin themiddlerangeof size,but it stoodout becausef
its high averagedegree(Level 3 usesMPLS to increasehe
percevedIP-level connectvity of its backbone)Thenetef-
fectis aslightly sloverrisein thepercentagef spacesaved
peakingat a lower point thanthe othergraphsof the same
numberof nodesinterestingly choosinghehighestdegree
nodesasrootsof the tree performsbetterthanthe average
randomroot choices.Unlike the other topologiesthe two

methodsdo not corverge asthe numberof treesincreases.

AT&T wasthelargestof ouravailabletopologiesit behaes
muchaswould beexpectedthegraphpeaksatahigherper
centagespacesaved andfalls off very slowly. The Telestra
topologyis a goodexampleof anideal graphthatbehaes
similarly to the synthetictopologiesbelow.

3.2. Generatedtopologies

Next, we considethow performance/ariesasa function
of graphtopology Clearly, it is possibleto constructpatho-
logical topologiesthatwould achieve little to no spacesar-
ings, but the target topologiesfor this algorithm are ones
relatingto the Internetandother“naturally occurring” net-
works. In orderto betterunderstandhe sensitvity of our
approachto varioustopology parametersye useda syn-
thetictopologygeneratorBRITE [6]. We generatdopolo-
gieswith 100to 1,000nodesn incrementf 100.In anat-
temptto accuratelymodelreal InternetAS topologieswe
employed the ASBarabasimodel [1] with an averagede-
greeof four. We ran 31 distinctiterations,eachwith a dif-
ferentsetof randomroots, and one additionaltime using
only highestdegreeroots.

3.2.1. Graph size. We beagin by consideringthe effect of
graphsize.Figure2 shovstheaveragemaximumspacesav-
ings achievable by our algorithm using randomnode se-
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 maximum percentagespace
savedin eachof the31literationsandaveragethemtogether
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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. Minimum number of trees neces-
sary to achieve the space savings repor ted
in Figure 2.

andcalculatestandardieviation. Theef ciency of thealgo-
rithm increasessthe size of thetopologyincreasessince
the mamginal bene t of having spanningreesand negative
cachesncreasewith the sizeof thetopology

Figure 3 expandson the previous result, shaving the
number of trees necessaryto achieve the spacesavings
shawvn in Figure 2. We determinethis valueby inspection:
For eachiteration,We identify the maximumspacesavings
andthen nd the minimum numberof treesthat resultin
spacesavings within 1% of highestachieved for that iter-
ation. The overall patternis clear:thelargerthe graph,the
moretreesthatarenecessary



100

4 Bérabasi
N Waxman -~
. o8l RocketFuel — + |
[0) + +
(e)) +
g . '
=
8 96 1
[}
S
e 9%
£
° 92
Q
IS,
Q.
n 90 t
88 L L L L ™ L
2 4 6 8 10 12 14 16

Average node degree

Figure 4. Space savings as a function of av-
erage node degree. Topology sizeis 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 connectvity of the graph.One
concisemetric of graph connectwity is averagenodede-
gree.Here,we generateopologiesof x ed size,but with

varying nodedegree.ln an attemptto distinguishbetween
the effectsof averagedegreeandthe particulardegreedis-

tribution, we reportresultsfor two graphtypes:Barabasi,
asbefore,andWaxman[12]. For contet, we alsoinclude
the variousRocketFueltopologies,but they cannotbe di-

rectly comparediueto their varyingsize.

Figure 4 plotstheseresults,varying the averagedegree
from 4 to 16 while keepingthe numberof nodes x ed at
1,000andusingthe Barabasimodelto generate¢hetopolo-
gies.Again,weran31randomiterationsupto 200treesand
plot thelargestsavingsobsenedfor eachdegree.The max-
imum spacesavingsis inverselyproportionalto theaverage
degree.However, Figure 5 shows thatthe numberof trees
necessaryo attainthe reportedsavings increasesith av-
eragedegree.(The methodusedto computethe numberof
treesnecessaris thesameasin Figure3.) Thisis expected;
astheaveragedegreerises thereis anincreasingiumberof
shortestpathsthat sharefewer edgesthusthe setof span-
ning treesis lesslikely to cover asmary shortestpathsas
thenumberof edgesdn ary spanningreeis x ed(atn 1)
anddoesnotincreasewith nodedegree.

3.2.3. Degreedistrib ution. As canbeseenby comparing
Figure6 with Figurel, therearetwo signi cant differences
betweerthe Barabasi/RocktFuelandthe Waxmantopolo-
gies. First, in comparisonto the randomroot choice, the
highestaveragedegreealgorithm performsslightly better
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Figure 5. The number of spanning trees nec-
essary to achieve the savings repor ted in Fig-
ure 4.
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for RocketFuel,nearlyaswell for Barabasandmuchmore
poorly in the Waxman.This differencein performanceof
usinghighestdegreerootsis dueto the differencein distri-
bution of nodedegree(asshownn in Figure7). The Barabasi
andnearlyall of the RocketFueltopologiesexhibit power-
law propertiesfor the frequeng of nodedegreeversusde-
gree.However, the Barabasimodelsnodedegreedistribu-
tion is shifted on both endstoward the averagedegreere-
sulting in a non-hierarchicabhnd more denselyconnected
clustersof nodesin the graph.This causeghe intuitive ad-
vantagef choosingroot nodesof highestdegreeto gen-
erateshortertreesto be wealened.The seconddifference
is that, for the Waxmanmodel,the spacesaringsincreases
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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 decreasén the
proportionof nodesin the network with oneor two edges
causeghe spanningtreeswe generateto be lesslikely to
containthe shortestpath betweenthe root and the leaves
of the tree.Lastly, an artifact of the BRITE topologygen-
erationandcorversionis thateachtopologyoriginally con-
taineddirectedinks. Corvertingto undirectedyraphcaused
theminimumdegreeto increaseo two for eachnode.This
meansthe BRITE generatedesultswere actually slightly
morepessimisti¢hanif we hadbeenableto distributeedges
in amannersimilar to the RocketFueltopologies.

Though the percentagespacesaved in the Waxman
model is worse than thosein Barabasi/RocktFuel mod-
els,the spacesaredstill peaksat similar valuesfor compa-
rable averagedegrees.Therefore,only the rate of increase
of spacesaved versus number of spanningtrees cho-
sen is affected by the unfavorable distributions of the
Waxmanmodeltopologies.

4. Performance

To investigatehow our approachperformsin areal In-
ternetscaleemulator we integratedour routelookup tech-
niguesinto ModelNet.We performbenchmarkéerefor ac-
tual spacesavings and lookup degradationversusthe un-
modi ed ModelNetroutelookupscheme.

4.1. ModelNetintegration

ModelNet was designedto be modular; as a conse-
guencetheroutelookup functionality is cleanlyseparated
from the restof the system.This enableseasyintegration
andeffectively “drop-in” replacementvith alternateouting
schemesThe processs straightforvard: We simply wrote

a new lookup function which usesthe spanningtreesand
negative cachedor routelookupsinsteadof the original n?
routingtable. The spanningreesarecomputedof ine asa
pre-processingtageandstoredin atext le. Thistext le is
readinto the kernelat module-loadime andthe datastruc-
turesareinitialized usingthis le.

We measuredhe lookup costby averagingover a large
numberof randomookups.However, thisis highly unlikely
to occurin practice.A real experimentwill seldomsend
pacletsat random;on the contrary mostexperimentstyp-
ically consistof paclet o ws. This led us to implementa
smallpositivecacheto speedup frequentlyaccessedbutes.
Sincethe amountof memorydevotedto the cacheis con-

gurable, it doesneednotimpactthememorysavings. The
caches associatie: eachcachdine is alinkedlist of point-
ersto routesthat have beencomputedearlier The maxi-
mum sizesof both the cacheandthe individual lines can
be con gured. The worst caselookup involvesa constant
time indexing into the array andO(line size) traversalof
the linked list. Our currenthashimplementationis naie,
andopento optimizationsin the datastructureand choice
of hashfunction.Despitethis, it providessigni cant perfor
mancebene ts.

For our experimentswe usethe samelSP topologiesas
in the simulations.However, since ModelNet hasslightly
differentsemanticsand notationfor describingtopologies,
thereareminor differences:

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



Our simulationsare on on undirectedgraphs.How-
ever, ModelNet usesbhi-directional edgesto emulate
asymmetricalinks. We thereforeaugmentour origi-
naltopologieswith bi-directionallinks.

The endresultof thesemodi cationsis thatthe topolo-
giesusedby ModelNetaretwice aslarge asthoseusedin
simulation.We accountfor this differencewhenanalyzing
ourresultsin thefollowing subsections.

We usea heuristicto determinethe numberof treesto
generatdor a giventargettopology The numberof trees,
N, is givenby:

N = 2 0:418325 n0615%

wheren is the numberof verticesin the topology To ar
rive at this formula, we took the datafrom our analysisof
topologiesof varioussizes(from 100to 5,000nodes)n the
previous section,and determinedhe minimum numberof
treesneededo reachwithin 1% of themaximumspacesav-
ings possible We thencomputeda best- t curve usingre-
gressioranalysiswhichgave ustheconstant$:418325%nd
0:61535 Theadditionalfactorof two ensureshatwe reach
thepeakof our spacesavingscurve. We do not consideithe
averagenodedegreesinceits in uence is small compared
to thetopologysizeanddistribution.

4.2. Results

4.2.1. Spacesavings. To measurespacesavings, we in-
strumentedModelNetby de ning separat&kernelmemory
heapdor MTreeandModelNet's original routingtable.Af-
ter the datastructureshave beencreatedandinitialized, we
simply recordthe memoryallocatedby theseheaps.Note
that this is not entirely accuratesincethereis somegran-
ularity in memoryallocationinvolved—forinstancewhen
askingto allocatememoryfor ve integers,the heapmight
receve an entire pageinstead(making subsequenalloca-
tionsfaster).

Figure 8 shaws the resultsof this experiment.For each
ISP topology, we usea x ed numberof treesandcompare
it with the predictedsavings (from simulations)using the
samenumberof trees.Note thatthe predictedsavings take
into accountthein ation in topologysizeinside ModelNet
as describedearlier The actualsavings closely matchthe
predictedvalues.The minor extra memoryconsumptiorin
the actualcasestemsfrom the useof someauxiliary data
structuresusedin theimplementatiorandthe granularityof
memorymeasurement.

4.2.2. Pre-computationtime. Tablel shavsthetime re-
quiredto computethe routing tablesusedin Figure8 on a
2.8-GHzintel Pentium4, aswell asseverallargersynthetic,
mesh-like topologiesusedin later experimentsDueto the
regular, well-connectedhatureof the meshtopologiescon-
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. trees| 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
comparedo ModelNet's original routelookup. For our ex-
perimentswe performed10,000randomroutelookupsfor
eachtopology Figure 9 shaws the resultson the Barabasi
topologiesuse for the previous experiments.ModelNet's
original route lookup costis independenbf the topology
size sinceit is simply the cost of a function call that re-
turnsa memoryreferenceFor MTree, the lookup costin-
creasesas the size of the topology increasesThis is ex-
pectedsincethelookup now hasto go throughlargertrees.
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Figure 9. ModelNet route lookup latency. Note
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gies were used. The positive cache was re-
stricted to 1,000 routes (line size 10).

While thelookupcostfor MTreeis severalordersof magni-
tudehigherthanthatof the original ModelNet,thereis sig-
ni cant performancémprovementwith theintroductionof
thepositive cache At high hit rates(we plot 92%and98%),
thelookupcostcomesdown signi cantly, sincemostof the
routesareavailablein the cache.

We will seein the following sectionthat with the posi-
tive cachein place,the emulationtime still dominateshe
lookup cost;thereis no signi cant degradationin the end-
to-endperformancePreviously, ModelNet's scalabilitywas
limited by the size of the routing table thatwould t into
the memory For instance ModelNetwas not 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 22,320nodesand 84,902
edgesThistopologyrequires108 MB of memory(includ-
ing a1,000-entrypositive cache¥or theroutingdata,result-
ing in 0.56-mdookuptimes(assuminga 92%hit rate).

Thelookupcostalsovarieswith thenumberof treesused
andthesizeof theresultingnegativecacheFigure10shavs
the variationof lookup costfor a 200-nodeBarabastopol-
ogy asafunctionof thenumberof trees With asingletree,
the size of the negative cacheis huge, making the nega-
tive cachealmostasbig asann? routingtable.As thenum-
ber of treesincreasego ten, the lookup costfalls sharply
sinceasigni cant numberof routesarenow includedin the
trees.Onfurtherincreasan thenumberof trees thelookup
costincreaseslowly at rst andrisessharplyasthe num-
berof treesbecomewerylarge.

4.2.4. End-to-end performance. This section inves-
tigates the degradation in end-to-end performancein
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Figure 10. Lookup cost as a function of num-
ber of trees for a 200-node Barabasi graph.
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Figure 11. Capacity of ModelNet core:
Unmodied ModelNet vs. MTree. Arti-

cially generated grid like topology of size
maxnumf lows numhops.

ModelNet resulting from the increasedlookup costs of
MTree. Our experiment consisted of running concur
rent independent o ws and measuringthe throughput
delivered by the system. We used grid-like topolo-
gies for this experiment—the“height” is the number of
0 ws, andthe “width” is the numberof hops.We manipu-
late the load on the coreby varyingthe numberof hops,as
eachhoprequiresadditionalprocessing.

The o wscorrespondo a“row” in thegrid, with oneend
point beingthe sourceandthe otherbeingthe sink. These
o wsareparallel in thesensehatthehopsin eachpathare
mutually exclusive; therefore,along ary path, thereis no



contentionfor bandwidth.The accesdinks (the hopscom-
ing outof thesourcesndgoinginto thesinks)arerestricted
to 10 Mbps; all the otherhopsin thetopologyhave 1 Gbps
of bandwidth.In theideal casetherefore gach o w should
be gettinga bandwidthof 10 Mbpswith no pacletdrops.

Intuitively, we would expectthe systemto deliver in-
creasinghroughputwith increasingnumberof o ws, until
the systemsaturatesBeyond this point, the systemshould
deliver a sustainedcconstantthroughputirrespectve of the
numberof o ws. Further we would expectthatthe system
performancevill decreaseavith increasinghumberof hops.
Of coursethecritical issuehereis the performancealeteri-
orationincurredasaresultof usingthe MTreeapproachn-
steadof the usualn? routingtable.For this experimentwe
wereusinga 100-linecachewith aline sizeof 10.

Figure11 shaws the resultsof this experiment.To mea-
suresystemthroughputwe instrumentedhe coreto record
the numberof paclkets going throughit every second.So,
for eachexperimentwe gathereda “time-line” data,and
computedhe 95thpercentileof the paclets/sedata,which
wasthenplottedhere.The o ws wererun for sufciently
long periods(30 secondsjo make surethatwe avoidedary
boundaryeffects ( o ws startingup or dying down) andto
give usa comfortablylong measuremenwindow whereall

0 wswereindeedrunningin parallel.

Thereis no distinguishableperformancalifferencebe-
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 sustainedhroughputof around90,000
paclets/se@tpeakload (200 o ws, 12 hops).

5. Conclusionand futur e work

This paperpresentsan approachto routing table calcu-
lation and storagebasedon multiple spanningreesrooted
at variousnodesin a targettopology We nd thatthis re-
sultsin an order of magnitudereductionin routing table
sizefor Internet-like topologies Off-line, we alsopopulate
aneggative cacheof shortespathsthatdo notappeaitin ary
of the trees.We integratedour approactinto ModelNet,an
Internet-scaleetwork emulator anddemonstratethatthe
actualspacesavings closely matchthe valuespredictedin
simulationsWe alsoinvestigatedheincreasen lookupand
its affecton endto endperformanceUsinga smallpositive
cache,we were able to demonstratehat the performance
of MTreeis commensuratwith thatof unmodi ed Model-
Netfor ow basedexperimentslt is likely thatthe perfor
mancecan be improved further with clever datastructures
andbetterchoiceof hashfunctions.

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

mary classesof networks. These schemestypically do
not computeoptimal, shortestpaths;instead,they com-
pute routesthat are within a factork of optimal, referred
to asa stretch factorof k. Due to our needfor shortestor
stretch-1paths theseapproachedid notinitially seemap-
plicable. Recentwork has shavn that for Internet-like
topologies,however, compact-routingschemesoften pro-
ducesstretch-1paths,and the averagestretchfactor of all
paths computedusing compactrouting on Internet-like
topologiesis closeto one[4]. Hence,we areinterestedn
exploring the applicability of theseschemedo the Model-
Netervironment.
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