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Abstract

Recentwork on peerto-peersystemsas demonstated
the ability to deliver low latenciesand goodload balance
whendemandfor datais relatively uniform. We describe
anadaptivereplicationprotocolthatdeliverslow latencies,
good load balanceeven whendemandis heavily skewed.
The protocol can withstand arbitrary and instantaneous
changesin demanddistribution. Our approach also ad-
dresseglassicalconcerngelatedto topolagical constaints
of asymmetricahamespacessuc as hierarchical bottle-
nedsin thecontext of hierarchical namespacesheproto-
col replicatesrouting statein an ad-hocmannerbasedon
pro led information,is lightweight,scalable and requires
noreplicaconsistencyguarantees.

1 Intr oduction

Peerto-peer(P2P)systemserformany numberof dif-
ferentfunctions,but their mostfundamentataskis that of
locatingdata. Recentwork [11, 17, 12, 18] hasshown the
ability to deliver low latenciesandgoodloadbalancexvhen
demandor mostitemsis relatively balancedThe distribu-
tion of demandor realdatais oftenskewed,andsometimes
time-varying, leadingto poor balancingand droppedmes-
sagesThesituationis evenworsewith hierarchicahames-
pacessuch as TerraDir [15], wherethe systemtopology
is inherentlyasymmetricalresultingin unevenload across
senersevenwith uniformly distributeddemand.This paper
describesandevaluatesa lightweightandadaptve replica-
tion protocolthatis ef cient at redistrituting dataload in
suchcircumstancesndthatcanimprovequerylateng and
reliability aswell.

In this studywe will focuson routingloadanddiscrimi-
natebetweerthelookup of anobjectandits actualretrieval
(few of theobjectslookedup or searchedor areeffectively
retrievedif we areto consideipresentlydeployedP2Pappli-
cations).Sofar, loadhasusuallybeenaddressebtly caching
andreplicatingdatain an end-to-endnannerby client ap-
plicationsof P2Plookupservicege.g.CFS[6], PAST [7]).

The resultingprotocollayeringincursthe usualinef cien-
cies,causegunctionalityto beduplicatedattheapplication
level, andoverallis quite hearyweight.

To our knowledge,noneof the previous work hasad-
dressedoutingloadasadistinctphenomenoin thecontext
of P2Psystems.We believe that lightweight and ef cient
solutionscanbe developedmorereadilyif onemakessuch
adistinction.Notethatreplicatingdataandreplicatingrout-
ing statefor lookuppurposesn theoverlayP2Pnetwork are
orthogonal Theserviceprovidedby alookupproceduree-
solvesanobjectnameto oneor multiple locations without
having to visit thoselocationsor retrieve theobjectcontent.

We evaluateour approachwith respecto the following
goalsin the contet of TerraDir [15], a lightweight, hier
archicalP2Plookup service: local information and scala-
bility, adaptationversusstabilization,fairness fault toler-
anceandexclusive useof pro led aposterioriinformation.
The main contribution of this studyis showing that these
goalscanbe metfor hierarchicaktructuresy employing a
lightweightadaptve replicationmodel,andthatthe imple-
mentationof suchamodelin realsystemss feasible.

The restof the paperis structuredasfollows. In Sec-
tion 2 we present hierarchicaroutingprotocolbasedipon
ourreplicationmodel. Thereplicationprotocolis described
in Section3. Section4 experimentallyevaluatesthe pro-
posedmodel. We addresghe context of our approachand
relatedwork in the areain Section5. Section6 concludes
thepaper

2 Hierarchical routing in TerraDir

We describethe assumeddata model, the semantics
of query processing.a routing procedureon hierarchical
namespacesand nally augmentthe routing model with
replicationandcaching.

2.1 Datamodeland query semantics

A nodeis afully quali ed hierarchicalhame,muchlike
le namesin Unix le-systemsor hostnamesin the DNS



space. Eachnodehasa setof neighboringnodesthat in-
cludestheparentandchildrenof thenodein thenamespace.
Herewe assumehatthe structureof the namespaces that
of a treewith a specialnode,the root node,asthe root of
thetree. TerraDir allows arbitrarygraph-rootedopologies
to bespeci ed.

Nodesexport two typesof optionalapplication-supplied
information: dataand meta-data.Node datais the actual
contentsof a node, while meta-dataconsistsof nodean-
notationsmost commonlyfound in the form of attributes
(name-aluepairs). For a le-systemimplementedon top
of TerraDir or a le-sharing utility, thereis a -to- cor
respondencbetweenles andnodes. The nodes datain
this casels the le, andthe meta-datare le attributesand
searchabl&eywordsannotatedo it.

Everynodeis ownedby exactly onesener (peer)known
asthe owner. The owner of a nodekeepsthe nodes data
andmeta-dataswell asadditionalstateneededy the Ter
raDir protocolin makingrouting decisions. Note that the
ownerof anodeis alsothesenerthatexportsits data.Hash-
basedbeerto-peersystemsirtualize the objectnamespace
andthe sener that exportsthe objectdatawill mostlikely
bedifferentthanthe senerthatkeepsthe object’s hashkey.
For suchsystemsthe location of dataand the location of
pointersto dataaredifferent.

A lookup queryreturnsthe nodes name,its meta-data,
andmappinginformationfor therequesteshode. The map-
ping is a setof senersthat hostthe nodes data. Given
the resultof a query the client applicationcanfurther re-
guestthe nodes datafrom one of the senersin the map.
Note that getting nodedatais a two-stepprocess:a node
lookup, followed by the actual dataretrieval. Complex
searchqueriesare decomposedhierarchicallyinto individ-
ual lookup queriesthe appropriatenodesareresohed,and
then the resultsare aggreyatedand sent back to the re-
guester Subsequentlthe queryinitiator may askfor the
dataof someof thenodesn theresult.

Deployed P2P systemsmale a similar distinction be-
tweensearchindor dataandretrieval of thedata. Thisstudy
focuseson lookupsandhow queriesareroutedin the net-
work usinga lightweightreplicationmechanism.

2.2 Hierarchical routing

A queryis initiated at oneof the senersandthenrouted
throughoneor moresenersto its destination.

2.2.1 Routing procedure

The routing algorithm proceedsn a straightforward man-
nerby forwardingqueriesup anddown the hierarchy Usu-
ally, aqueryfor node originatingat the owner of node
will berouted“up” until reachingthe rst commonances-
torof and , andthen“down” to node . For instancejf

Figure 1. Route for query /univessity/private

and theresultingpathwill be
. In Fig. 1 we illustratea morein-
volved routing exampleusingreplicationand caching(see
thefollowing sections).StepD follows a child-parentink

inducedby the hierarchicakopology

2.2.2 Routing state

To facilitate routing, a sener maintainsfor eachowned
nodeits context in the namespaceThe nodecontext con-
sistsof neighboringnodesandguaranteesouting with in-
crementaprogresstowardsthe destination With eachrout-
ing stepthe querygetscloserto the destinatiorby at least
oneunitin thenamespacdistancemetric.

A senermaintainsmappingsor the neighboringnodes
of every nodethatit owns. The mappingis the association
of anodes nameanda setof senershostingthe node.For
tree namespacewith  nodeson participatingseners
we canonly boundthe numberof neighboringmaps(links)
maintainedper node by . However, the cumulatve
numberof links for all nodesis exactly , which
yields a comfortablemeanof links per node. In Fig. 1
neighborindinks areshavn asstraightarrovs betweemar
entandchildrennodes.

2.3 Replication

Straightforward routing on a hierarchical namespace
suffers from well-known bottlenecks. Even assum-
ing uniformly distributed queries (both source-wiseand
destination-wise)seners hosting nodesat the top of the
namespacevill incur exponentiallydisproportionatanore
load than seners hostingleaf nodes. Furthermore varia-
tionsin userinput may causeotherpartsof the namespace
to besimilarly aficted (e.g. hot-spots).Finally, we do re-
guiresomeform of routingstateredundang to increasehe
resilieng of the routing procedureandrouting stateavail-
ability. While hierarchicabottleneckanbe addressetly
staticreplicationmechanismg$15], the lasttwo arguments
call for anadaptve scheme.



We therefore dynamically replicate heaiily loaded
nodes. We attemptto minimize the amountof staterepli-
catedpernode,subjectto thefollowing constraints:

1. Lookup queriescanberesolhed by reachinga replica
of the node. Suchstateincludesnodemeta-dataand
somemappingfor thenode.The mappingcanbe used
by the queryinitiator if it furtherwishesto retrieve the
nodedata.

2. Routing through a replica needsto be functionally
equialentto routingthroughtheoriginalnode.There-
fore,areplicawill alsokeepthecontet of theoriginal
node:mappinginformationfor eachof its neighboring
nodes.

The term hostwill denotehereafterthe owner, or one
of the replicatingseners (in the sensepresentechere) of
a node. In Fig. 1, the owner of /univesity/public/people
hostsa replicaof /univesity/private/peopleStepC is thus
abstractand doesnot incur query forwardingsor network
hops.Throughreplicationnot only is the ownerof /univer
sity/public/peoplepresentin other partsof the namespace
(/university/private/peoplg but it canalsofurtherforward
and resole requestghat comein on behalf of the repli-
catednode.This senesa dual purposeimprovedqueryla-
tencies(additionalshortcuts) anda mechanisnto balance
routingload by sheddingsomeof it from the ownerof /uni-
versity/private/people

Note thatwe only replicaterouting stateand meta-data.
Inconsistentouting state(nodedeaving or joining the sys-
tem)will manifestin lesspreciseforwardingsteps. A query
could reacha sener on behalfof somenodeeventhough
the sener doesnot hostthe nodeary longer In suchcases
incrementalprogresscannotbe guaranteedor the current
forwardingstep. We assumehat nodemeta-datas invari-
antor elsethatthereare no consisteng/freshnessequire-
mentsfor its update/use Only the owner sener of a node
is allowedto modify meta-dataandreplicaswill keepthe
newestversionthatthey have encountered.

2.4 Caching

A cacheentryfor anodeconsistsolelyof somemapping
for thatnode.A hit in thecachecannotby itself bring query
resolution. The query still needsto be forwardedto one
of the resolhed nodes hostingseners (found in the node
map). Cachesprovide only indirect routing functionality:
they lack routing context, and act as merepointersin the
namespace StepB of Fig. 1 correspondgo the shortcut
takenwith a cacheentry.

Cachesread-hocstatein thesensehatthereis nocorre-
lation betweercachecontentsat differentseners.Replace-
ment, eviction and agingis performedlocally. Cacheen-
triesarereplacedusingan LRU policy with anentrybeing

touchedwheneer usedin routing. Our cachediffer from
straightforvard cachesn thatthe path“so far” is cachecdat
every stepalongthe querypath(path propagation); culmi-
natingin the entire path being cachedat the sourcewhen
thequerycompletes.

Cachedncreasethe routing statemaintainedper sener
to ( is thenumberof seners)andsubstantially
improvequerylateng. Cachesreableto exploit bothtem-
poral andspatiallocality in the querystream.Evenin the
absencef locality, the routing procedurewill bene t from
cachingby taking shortcutsover potentially large portions
of the namespaceRoutingresilieny is alsoaugmentedby
the ability to jump over namespacegartitionsinducedby
network failures. Path propagatiomot only brings nodes
far apartinto the cache(the sourcecacheghe destination,
andvice-versa),but alsonodesfrom differentlevels of the
namespacéree, and nearbynodes. This mixture of close
andfar nodegperformssigni cantly betterthancachingthe
qgueryendpoints.

Table 1. Server-node relationships.

| Node State || Name | Map | Data | Meta | Contet |

Owned
Replicated
Neighboring
Cached

We summarizehevariousrelationshipdetweerseners
and nodesin Table 1, along with the type of statemain-
tained. Note that cachednodesand neighboringnodes
are similar exceptthat cachednodescanbe arbitrarily re-
placedand are not imposedby topological constraintsof
the namespaceThe routing context (lastcolumn)refersto
maintaininglinks to neighboringnodesin orderto guaran-
teeincrementaprogress.

3 Replication protocol

The replicationprotocoladdresseseplicaand mapping
managemerdperations{(i) when,what,andwhereto repli-
cate,(ii) when,andwhatto de-replicate(iii) whatseners
to keepin amap,andhow mary, (iii) whatsenersin amap
to adwertise,andhow mary, and nally (iii) how to combine
two mapsfor the samenode.

3.1 Sewer load metrics

Replicationis usedto improve sener load balanceand
routing resilieng in the faceof network failures. The rst
objective is pursuedexplicitly while the latter follows im-
plicitly from the rst: hostingsenersfor nodeswith failed
replicaswill incur moreload after failure thanbefore,and



will replicateagainto meetnew loadconditions.Loadbal-
anceis our rst andmostimportantfairnesscriterion.

We assumeéhata normalizedoad metriccanbede ned
for all participatingseners. A sener's load in this met-
ric is valuedin the interval with the semanticof the
extremesbeing“no load” and“full capacityload” respec-
tively. The normalizationprocessnsureghat systemhet-
erogeneityis accountedor. Additionally, the load metric
mustbe:

1. Linearly comparable:given two load values, and
, thevalue shouldmeanthatsener has
timesmoreloadthansener .

2. Locally de ned: theload mustbe de ned exclusively
basedon local sener information(busy cycles,mem-
ory requirements,jncoming queue occupanyg, etc),
andindependentf otherseners'loadcondition.Load
de nition neednotbethesamefor all seners.Thisac-
countsfor machineheterogeneity

The replicationmodelis independenbf ary speci ¢ load
metric, aslong as suchmetricsrespectthe above require-
ments.We evaluatethe replicationprotocolusinga simple
load measurefraction of sener busy time over a window
period (e.g.halfasecond).

A sener initiatesload balancingsessiondy replicating
nodeson othersenerswhenits load exceedsa high-water
threshold . This thresholdis a measureof the load-
imbalancewe arewilling to tolerate, andcanautomatically
be setin proportionto the overall systemutilization. A
sener will agreeto hostnew replicasif thereis a differ-
enceof atleast betweerthe load of the requesterand
its own load.

3.2 Noderanking

Whena sener's load exceedsthe high-waterthreshold,
hostednodesthat comparatiely incur more load on the
senerwill befurtherreplicated.Load basednoderanking
is achievedby identifying thenodesfor which processings
performedwheneerroutinga query

The criteriafor noderankingis givenby assigningnode
weightsto eachnodehostedby a sener. The weight for
eachnodeis proportionalto theloadincurredby the sener
onthenodesbehalf. Simplecountervariablescanbe main-
tainedto implementnode weights. With eachincoming
guerythe appropriatecounteris incrementedandall coun-
tersarerescaleeriodicallyto approximateecentdemand
patterns.

3.3 Replicacreation

The protocolfor creatingnew replicasproceedsasfol-
lows. Assumesourcesener  hasload

1. Replicationis triggeredwhena sener's load exceeds
the high-waterthreshold, . A sener checks
its load aftereachprocesseduery

2. Amongall thesenersthatit knowsabout, picksthe
onewith minimum load, makesthis decision
basedon load informationthat it hasfor seners, not
theactualload of seners.  contacts andlearns
its actualload,

3. If , will replicatenodeson
Given a noderanking for sener s.t.
, thetopranked  nodeswill be
, where isthesmallestnumbers.t.

replicatedon

4. and  will adjusttheirloadsto -
and - tore ect theidealload
redistribution targetedafter replication. This actsasa
hysteresiandwill preventreplicathrashing.

5. If above is not met,then  makes
anotherattemptof selectinga destinationsener, and
the protocolcontinueswith step2. After afew failed
attempts, abortsthe currentreplicationsessiorand
initiatesanotheroneafterashortdelay

3.4 Controlling the extentof replication

Our secondairnesgcriterionis the amountof replicated
statemaintainedper sener. We needto boundthe number
of replicas,eitherglobally or on a local basis. Otherwise,
nodesmaycontinuallybereplicatedn respons¢o uctuat-
ing load, andthe systemcould easily corvergeto extreme
con gurationswhereeachnodeis hostedby every sener.
We constrairnthenumberof replicashostedoy asenerto be
proportionalto the numberof nodesownedby the sener.

The replication factor, , controls the maximum
numberof replicashostedper sener relative to the owned
nodes. The replicationfactorneednot be the samefor all
seners. Allowing senersto replicatenodesin proportion
to thenumberof hostednodess alocally enforcedand,we
believe, fair policy. A locally enforcedreplicationfactor
translatesasilyto global constraints.The overall number
of replicasis boundedby the highestreplicationfactorrel-
ative to the numberof all nodesin the system. Note that
we imposeconstrainton a persener basis.Nodescanstill
have asmary replicasasglobally allowedby thereplication
factor

3.5 Replicadeletion

To heedthe replicationfactorand at the sametime al-
low the modelto continuouslyadaptto changingdemand



patternspodereplicashave to bedeleted.A hostingsener
may decideat ary time to evict replicasthathave not been
in usefor a long time, i.e. low ranking nodes. Addition-
ally, somereplicasmay have to be evicted (asdictatedby
) by asener  whensomeothersener  requests

thatsomeof its nodesbereplicatedon . In suchcases,

will deleteasmary replicasasneededstartingwith the
lowestrankingnodeandproceedingn increasingorder

Replicadeletionis alocal processsit involvesonly the
sener thathoststhereplica. Othersenerswill learnabout
deletionsin a lazy manney or may not learn at all about
someof the evictions. Inconsistentviews are causedby
stalemappingcon gurationsand adwerselyaffect routing
performanceWe do not specifyary consisteng modelfor
managingmappingcon gurations. A limited form of con-
trol canbe exercisedby remaoving staleentriesfrom maps
whenthey areroutedthroughseners. The degreeof incon-
sisteng can be further reducedby usinginverse-mapping
information.

3.6 Inverse-mappingdigests

Maps provide a nameresolutionserviceby identifying
someof thesenersthathostanode.Resolvingnodenames
to hostsis neededevery time routing is done on behalf
of the node. The inversefunction, resolvinga sener to
node nameshostedby that sener, improves performance
androutingquality.

The TerraDirreplicationprotocolbene ts from inverse-
mappingapproximationgdigestsfrom now on) asfollows.
Eachsener generates digestregardingits hostednodes.
Thedigestis aBloom lter [2], andits valueis determined
by hashingthe namesof all the nodeshostedby the corre-
spondingsener. Theonly allowed operationon a digestis
testingnodenamesagainstit, and producinga yes/noan-
swerwith possiblefalsepositives. Digestsare usedto dis-
coveradditionalshortcutsn thenamespacandto maintain
up-to-datenodemaps.

3.6.1 Discovering additional shortcuts

The standardouting algorithmis a minimizing procedure.
A sener routingquery alwayschoosesheclosesnode
to thatit knows about, , andforward the queryto one
of thesenersin 's map. Usinginverse-mappingligests,
might indirectly know aboutsomeothernode, , thatis
evencloserto than . Node is discoseredasfollows.

1. Assume generatesll nodenamesthatit caninfer,
andlet this setbe includeshosted neigh-
boring,andcachedhodenamesaswell asdestination
name .

2. By performingpre x extractions, alsoincludesin
ancestonames—all thewayto theroot—for all
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Figure 2. Shortcut taken from server due to

a hit of /univesity/publicin the dig est of

canbetested
knows about.

thesenodes.Eachof the namesin
againstdigestsof senersthat

occursin a
is closer

3. Assumea hit for somename

digestassociatedvith sener , andthat

to than . In thiscase canoptimizethe routing
by forwardingthe queryto  insteadof somesener
from 'smap.

4. By choosing to betheclosest to , sener is
guaranteedo make thebestdecisionit canin termsof
namespacdistance.

We llustrate the procedurein Fig. 2. Sener
hosts nodes/univesity/public/people/facultyand /univer
sity/public/people/studentdiin. Namesin areshavn
using dashedellipses. In this case,the namesof all four
suchnodesarepre x esof hostednodes. alsohasanen-
try for /univesity/public/people/students/Stn its cache.
Themappingfor thecachedentryincludesoneof thenodes
hosts, ,and ‘'sdigest. alsohosts/university/publig
and getsa hit for node/univesity/publicin  's digest
presentat . Thus canforwardthe currentqueryto
andskip node/university/public/people

3.6.2 Pruning nodemaps

Considersener that knows aboutnode by keeping
somemapof it. For eachof thesenersin themap, keeps
thecorrespondingnverse-mappingigest.Thus canpro-
ducea potentiallymoreaccuratanapfor by testingnode

againsteachof thesedigests.Senersin 's mapwhose
testfails cansafelybe eliminatedfrom the map.

Falsepositivesassociatedvith digestsmay preclude
from eliminatingoneor moresenersfrom a map. Further
not only the nodes map but someof the digestsusedto
prunethe map may be outdatedaswell. Despitethe fact
that node map pruning is a conserative operation,it en-
ablestheroutingprocedurdo performwith close-to-perfect
accurag.



3.7 Nodemapping management

A nodemapassociatea nodenamewith a (possiblyin-
completeandinaccurate)ist of senersthatown or replicate
the node. Seners keep mappinginformation for owned,
replicated,neighboringand cachednodes. The following
policiesgovernhow replicainformationis spreadn thenet-
work, andhow senersusereplicasfor routingqueries.

Map size: A nodemap containsat most entries
for scalabilityreasons.The constraintis in effect for maps
keptat seners,aswell asmapspropagatedn the network.
Maximum mapsizeis orthogonalto how mary replicasa
nodecanget,or how mary replicasa senerhosts.

New replica advertisement: Senersadwertisereplicas
createdfor their hostednodes. Eachsener that hasrepli-
catedoneof its hostednodeskeepsentriesfor the mostre-
centcreatedeplicas(upto ) in thenodes map. These
entriesareadwertisedwith every outgoingmessagéhatin-
cludesthe nodes map. Trafc in excesswill quickly be
divertedto newly createdeplicas.

Map merging: Maps are meiged whenever a sener
keepsa mapfor a node,and an incoming query contains
anothemapfor thesamenode.Map meming is performed
suchthat(i) theabove conditionsaremet,and(ii) therestof
the entriesin the resultingmapare choserat randomfrom
thechoiceleft. The sametwo mapsmay have to bemerged
twice, oncefor the resultingmapkept at the sener, anda
secondime for the resultingmapto be further propagated
with the querycurrentlyprocessed.

Disseminatingreplica information: Map replicacon-
gurations for a nodeare disseminatedlong query paths
wheneer information about the node is presentin for-
wardedmessages . Additionally, information aboutnewly
createdeplicasis back-propagatedt eachforwardingstep
if applicable. For instance,f sener  forwardsa query
to onbehalfof node ,and hasrecentlycreatedary
replicasfor ,then will let know aboutsuchreplicas.

Replica selection: Given a nodes map presentat a
sener, replicaselectionis performedby the sener when-
ever amessag@eeddo beforwardedto oneof the node’s
hosts. For lookup messageary dataor mapreplicaof the
nodecanbe selectedwhereador dataretrieval messages
only datareplicascanbe selected.In both caseghe desti-
nationhostis chosenat randomfrom the available choice,
i.e. senersin thenodes mappresenttthesener.

Map Itering: Inverse-mappingligestsareusedto I-
terout staleentriesfrom maps.Map Itering is abest-efort
procedurecarriedout locally whenever a senerupdateghe
inverse-mappingnformation of otherseners. Our evalu-
ation is basedon a more conserative and thus lessef -
cient approach: Itering is performedat replica selection
and map memging, i.e. wheneer node mapsare usedor
modi ed atasener.

4 Evaluation

We evaluatethe presentedeplicationprotocolin a Ter
raDir simulatedernvironment. We focus on adaptvity to
userinput, systemload balanceandglobal utilization, sta-
bilization, long-termbehaior, and nally scalability

4.1 Methodology

We consider seners. Servicetimesare exponen-
tially distributedwith a meanof millisecondsfor
eachsener. Themeanqueryarrival rateis modeledwith a
Poissordistributionandvariesfrom requestper
secondo requestpersecondglobally. Each
senerhasarequestjueueof size  with queriesarriving in
excessbeingdropped. The applicationlayer network time
is constantat  milliseconds. We do not modelnetwork
contention.

Lookupsareinitiated uniformly at sourceseners. Des-
tinationnodesarechosereitheruniformly atrandom(
traces),or with locality accordingto the Zipf [19] law of
popularity vs. ranking ( traces). Our study involved
bothsyntheticandreal-world TerraDirnamespaces:

As exampleof a syntheticnamespac¢ ) we con-
sider nodesarrangedn a perfectly balanced
binary tree. Uniform query streamsfor this names-

pacearedenotedy , While streamswith locality
aredenotedby . Theorder coversthewhole
domainof interest: , ,and  for heaily
skewedrequests.

File-systemsarethe mostcommonhierarchicalstruc-

turesin use.We consideroneof the Coda[14] seners

(barber) loggedthroughoubnemonthof actiity (Jan-

uary 1993). Filesaccesseduring this monthtogether

with their ancestorsvereincludedin this namespace
(), for atotal of nodes. Uniform query

streamdor aredenotedby , while streams
with locality aredenotecby

Both namespacesonsideredare mappeduniformly at
randomonthe seners.In preparinghe streams,
noderankingis establishedoy randomlyorderingall the
nodesn thenamespaceQuerystreamarecombinationof

and streamsFor instancewe may prependa se-
guenceof streamswith a streanto allow a“cold”
systento compensatéor hierarchicabottleneckandrepli-
catethetopnodesn thenamespacelhuswelimit theinter
ferencebetweersystemwarmupeffects,andthoseinduced
by demanddistribution. Someexperimentsare run with
locality streamghat instantly and at randomchangenode
rankings,so thatwe canquantify how the modeladaptsto
suddervariationsin popularity(i.e. shifting hot-spots).
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4.2 Adaptation

We assesghe model's capability to adaptto chang-
ing conditions,in this caselocality variationsin the query
stream. For eachof two namespaceve run two typesof
streamsfor seconds: and . Thelatteris
givenby thesequence .

Fig. 3 shaws the fraction of droppedqueriesrelativ

to the query insertionrate for namespace For ease
of presentatiorwe allowed for the componenbf the
streamdo run longerin incrementof  seconds,

for variousZipf ordervalues. The dropsin the rst sec-
ondsare dueto hierarchicalstabilizationwhenthe system
replicatesnodesatthetop of thenamespackostedoy over
loadedseners. The spikes of the graphcorrespondo in-
stantaneousnd randomchangesin node popularity (for
suchchangesoccurat seconds , and

Fraction of dropped queries

Query streams

Figure 5. Fraction of dropped queries with
combinations of the base system (B), caching
(C), and replication (R).

). Fig. 4 shavsthe system$reactionfor namespace
to overloadingconditionsin termsof the numberof repli-
cascreated.We doubledthe queryarrival rateto keepthe
systemat approximatelythe sameutilization. Thereplica-
tion modeladaptawvell to bothhierarchicabottlenecksand
suddenrhot-spot uctuations. The overall numberof query
dropsis at most when randomly changinghighly
skewed input ( ) four timesin a row over a short
period of time ( seconds).A quarterof the are
simulationside-efectsdueto hierarchicaktabilization.The
numberof loadbalancingnessages atleasttwo ordersof
magnituddessthanthe numberof queriessubmitted.

Runningthe sameexperimentswith replicationdisabled
causes large fraction of queriesto be droppedto a point
wherethe systemis barelyusable.If only cachingis used
while replicationis still disabled,we seefurther aggrava-
tion in performancdor namespace , andslightimprove-
mentsfor namespace . Thesepointsaremadeclearby
Fig. 5 wherewe comparethe replicationprotocol with a
basesystemandonewhich employs only caching.

4.3 Utilization and load balance

Utilization distribution is our main fairnesscriterion.
We de ne the computationalutilization of a sener over
a secondas the fraction of that secondthat the sener is
busy processingqueries. We target three utilization fac-
tors: , and approximatethem with
queryrates for namespace
and for namespace . We
usequerystreams and de ned previously.

Fig. 6 shawvs on the left side the meanmeasuredoad,
andtheload on oneof the mostheaily loadedsenersev-
ery secondfor namespace . Periodicalpeaksaredueto
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Figure 6. Average and maximum server load
for query streams (left). Maximum
server load averaged over  seconds (right).

locality changesn the guery stream. Note that the
maximumloadtendsto go below ( in this case)if

givenenoughime. With higherqueryratestheglobalmean
load s itself approachinghethreshold.In suchcasest is
proportionatelyharderto bring the maximumload below a
constanthigh-waterthreshold.Note thatsenersat full uti-

lization stay thereonly for a few secondswith eachZipf

changefor all queryratesshavn.

We establisithe transieng of highly-loadedsener con-
ditionswhenlooking at largerthan -secondntervals. At
eachsecondwe identify the most heavily loadedseners
andaveragetheirloadover  secondsWe show the load
thus smoothedin the right side of the gure. The load
distribution hasimproved substantiallywith the maximum
load approachinghe mean, notably for higher values.
Highly-loadedsenersexperienceransientconditions,and
by de ning load balanceover larger intervals we get in-
creasinglybetterresults.

In Fig. 7 we shav how the systemreactsto hierarchical
bottlenecks.For eachlevel of namespace we shaw the
averagenumberof replicascreatedor nodeson thatlevel,
with and guerystreamsandvariousquery
arrival rates. Note thatnodeson level  tendto have more
replicasthantheir ancestors.Pointersto nodeson level
have a high chanceof stayingin a sener's cache.Many of
the routesthat would normally go all the way up to nodes
onlevels or arethususinglevel shortcuts.Nodeson
level arelesslikely to befoundin a sener's cachesince
therearemorenodeson this level thanonlevel |, etc.

4.4 Stabilization and long-term behavior

We are interestedin establishinglong-term behaior
characteristics(i) whetherwith no changesn input pat-
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Figure 7. Average number of replicas created
for each level of namespace (the root is
on level ) with uniform and Zipf queries.
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Figure 8. Replicas created over second

runs with unif orm and Zipf queries.

ternsthereplicationmodelreaches quiescenstatewhere
very few or no replicasarebeingcreated and(ii) whether
routing accurag andefciency is presered with extreme
changesn input patternghatwill entailmary replicascre-
ationsanddeletions.

To assesstabilizationwe presentresultsfrom runswith

and queriesfor
secondstheuniform componenbf lastedfor
seconds. million querieswere run for namespace
( ),and  million for ( ).

Fig. 8 shavs the number of replicas created every
minute. Thereplicationprotocolreachesarateof  repli-
cascreatecperminuteafter secondsTheratekeeps
decreasindpeyondthetime frameshawvn, with the curve for
the whole run resemblingan exponentiallydecayingvari-
able. Thereplicacreationrateis equivalentto onereplica
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Figure 9. Scalability of query latency, degree
of replication, and dropped queries.

createdevery gueriesrun for namespace , and
queriesfor . Thereplicationprotocolstabilizes
with time for constantequesdistributions.

The evaluationconductedso far was basedon a repli-
cationfactor , andleadto very few replicadele-
tions. We ran experimentswith
on query streams . Each

componentastedfor secondsfor anoverall of

seconds.Low replicationfactorstogetherwith re-
peatedshiftsof high-orderhot-spotg ) inducema-
jor changesn replicacon gurations. For spacereasonsve
will only summarizethe results. Inverse-mappingligests
aregoodapproximationof optimal behaior (i.e. routing
with perfectlyaccuratanformation,asif givenby an ora-
cle). Thereis enoughopportunityto transitvely dissemi-
nateinverse-mappingnformationin the network, suchthat
routingaccurag is maintainedwithin the optimalrange.

4.5 Scalability

We scalesystemsizeexponentiallyandlook at queryla-
tengy, the numberof replicacreationsvents,andthe num-
ber of droppedqueries. Senersrangefrom  to in
incrementapowersof . Thenumberof nodesperseneris
keptconstantat , with the overall numberof nodesrang-
ingfrom  to ,arrangedn aperfectlybalancedinary
tree. Cachesizesarelogarithmicin systemsize,rangingin
incrementof ,from to cacheslotspersener.
is keptconstant , and varieslogarithmicallywith sys-
temsize,from to . Finally, is proportionalto system
sizeandtakesvalues .

Fig. 9 shavs the averagequery lateng, the numberof
replicationevents, and the numberof droppedqueriesas
a function of systemsize. The lasttwo are shovn on a
logarithmicscale.Lateng scaledogarithmicallywith sys-

temsize,the degreeof replicationscaledinearly, while the
numberof droppedqueriesscalesproportionatelyand ap-
proachedinearity for large systems.Thereplicationproto-
colis scalable.

5 Relatedwork

The DomainNameSystem(DNS) [10] is a cornerstone
for Internetandoneof the mostwidely deployeddirectory
serviceto date. EventhoughDNS senersarerequiredfor
their namespaceesolutionfunctionality, the infrastructure
is not provisionedto handlequeriesfor arbitraryresource
records. They key to its succesdies in a carefully tuned
cachingschemethat enablesqueriesto be resolhed in the
local domain. TerraDir cachesconsistof pointersin the
namespacandprovide only routingfunctionality.

Studies[1, 3] shav that both spatialand temporalref-
erencelocality are presentin requestssubmittedto web
senersor proxies,andthatsuchrequestgollow a Zipf-lik e
distribution. Distributed cachingprotocols[8] have been
motivatedby the needto balancethe load andrelieve hot-
spotson the World-Wide-Weh  Similar Zipf-lik e patterns
werefoundin tracescollectedfrom Gnutella. Cachingthe
resultsof popularGnutellaqueriesfor ashortperiodof time
provesto be effective [16]. Recentwork [9, 5] considers
staticreplicationin combinationwith a variantof Gnutella
searchingusing randomwalkers.Replicatingobjectspro-
portionally to their popularity achiezes optimal load bal-
ance;replicatingthem proportionallyto the square-roobf
their popularityminimizesthe averagesearchatengy.

Freenet{4] replicatesobjectsboth on insertionandre-
trieval on the pathfrom theinitiator to the targetmainly for
anorymity andavailability purposes.lt is not clearhow a
systemlike Freenetwould reactto querylocality and hot-
spots.Chord[17], CAN [11], Pastry[12] andTapestry[18]
are peerto-peersystemsusingthe commonapproaciof a
distributed hashtable for location. Assignmentof objects
to hostsis performedby mappingthe objectspaceinto a
virtual namespacewhich is corvenientbecausef the uni-
form spreadof objects. Load balancingis thus automati-
cally achievedfor uniformly distributedrequests.

CFS[6] is a P2Pread-only le systemthat usesthe
Chordlookup serviceto locate les dispersedhroughout
the network. Data placementgranularityis very ne and
consistof le blocks. Replicationandcachingis achieved
on a le block basiswhich is corvenientsince (i) select
portionsof a large le may be more popularthan others,
and (ii) partsof popular les aredistributed acrossdiffer-
entseners.CAN allows for differentredundang schemes:
multiple coordinatespacesanbein effect simultaneously
zonescanbeoverloadeddy assigningeachof thema setof
peerseners.Replicationis achiezedby usingmultiple hash
functionsonthe samedataitem. Pastryreplicatesanobject



onthe senerswhoseidenti ers areclosestto the object
key in the namespacePastry's locality propertiesmale it
likely thatamongthe replicasof an object,the onethat
is closesto therequesting:lient, asgivenby IP metrics,is
reachedrst.

Noneof the hash-basedchemedeatureadaptve repli-
cationmechanismsimilarto ours.Insteadcachesareused
to spreadpopularobjectsin the network, andlookupsare
consideredesohed whenever cachehits occur along the
path. CFS for instanceuses -replication similar to the
above for dataavailability, andpopulatesall the cacheson
the query path with the destinationdata after the lookup
completes.A recentanalysis[13] of two popularP2P le
sharingsystemsoncludeghatthe mostdistinguishingfea-
ture of thesesystemss their heterogeneityWe believe that
theadaptve natureof ourreplicationmodelmalesit a rst-
classcandidatdor exploiting systemheterogeneity

6 Concluding remarks

We have presenteda novel approachto replicationin
peerto-peersystems. Our work stemsfrom the obsena-
tion thatrouting load, incurredby P2Plookup servicesjs
orthogonato loadincurredby dataretrieval, andcanbe ef-
ciently managedf approachedeparatelyRoutingstateis
replicatedn anad-hocmanneyandthereplicationprotocol
canbecombinedwith ary datareplicationmechanism.

The protocol addresse$oth hierarchicaland demand-
inducedbottlenecks Adaptivity is baseduponinformation
pro led online. This enablest to deliver low latenciesand
goodload balanceeven when demandis heavily skewed.
Further it withstandsarbitraryandinstantaneoushangesn
demandlistribution. Our approactis lightweight,scalable,
anddealswith soft-statein the sensethatthereis no need
for replicaconsisteng modelsto be speci ed.

Two lessonshave beenlearnedthroughoutour study
First, simple heuristicsfor estimatingsener load, node
weights, and replication policies perform well. We did
not seea strongenoughcasefor more sophisticatedneth-
ods. Second,thereis enoughopportunityto transitvely
disseminatenformationin the network by exclusively us-
ing in-bandmeans.Queriesarethe sourceof the problem
(host-spotandhierarchicabottlenecks)andthedisruption
causedy anindividual querycanbe addressetby piggy-
backingon querymessagebmited amountf information
aboutreplicacon gurationsandsenerloadsanddigests.
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