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Abstract— A Content Discovery System(CDS) allows nodesin
the systemto discover contents published by some other nodes
in the system.Existing CDS systemshave dif culties in achieving
both scalability and rich functionality. In this paper, we present
the designand evaluation of a distrib uted and scalableCDS. Our
system uses Rendezwus Points (RPs) for content registration
and query resolution, and can accommodatefrequent updates
from dynamic contents. Contents stored in our system can be
searched via subset matching. We proposea novel mechanism
that usesload balancing matrices (LBMs) to dynamically balance
both registration and query load across nodes in the system
to maintain high system throughput even under skewed load.
Our system utilizes existing Distributed Hash Table (DHT)
mechanismsfor CDS overlay network managementand routing.
Wevalidate our systems scalability and load balancing properties
using extensie simulation.

Index Terms— Content Discovery System,Rendezwus Points,
Load Balancing.

|. INTRODUCTION

A ContentDiscovery System(CDS)is a distributed system
that enablesthe discovery of contents.Nodes in such a
systemform an overlay network, the CDS network. A nodein
the systemcan publish and provide contents,issue queries
looking for contents, store contentsor contents' metadata
publishedby other nodes,and resohe other nodes' queries.
Thereexists a wide spectrumof distributed applicationsthat
eitherthemseles are CDS systemsor usea CDS as one of
their major componentsSomeexamplesareservicediscovery
servicespeerto-peerobjectsharingsystemssensometworks
and publication-subscriptiorfpub/sub)systems.

We illustrate the type of applicationswe aretargeting with
the following example.Considera nationwidehighway traf ¢
monitoringservice wheredevicessuchascameragandsensors
are installed along the roadside of highways or mounted
on patrol cars, to monitor trafc status,road and weather
conditions.Thesedevicesmustfrequentlysendupdatego the
systemto accuratelyre ect the currentstatusof the highways.
In this example,“content” refersto the descriptionof a device,
and the CDS must be able to answera large range of user
gueriesfor instance,' Whatis the speedat Fort Pitt Tunnel?,
“Find a camen on Mt. Washingtonthat overlooksthe city and
can acceptnew connectionsfor live images, “ldentify the
highway sectionsto the airport that are icy (so that a driver
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canavoidthem). This examplerepresents large category of
applicationghatposethefollowing challengesvhendesigning
a CDS system:

Contentsstoredin the CDS mustbe searchableA node
canlocatecontentswithout having to usetheir canonical
names.Instead,it shouldbe ableto do so by specifying
a combinationof attributesand valuesthat describethe
contents.

The CDS must be able to handle frequent updatesof
dynamiccontents The descriptionor “name”, of a piece
of contentmay changeover time. For example, when
a cameraobsenes a different speed,it must changeits
descriptionand announcat to the CDS system.

The CDS mustscalewith boththe registrationandquery
load. By scalability we meanthat as the load (e.g., the
registrationand query rate) to the systemincreasesthe
performancef theCDS,suchasthroughpuandresponse
time, mustnot degradesigni cantly beforethe systemas
a whole reachests capacity

The primary task of a CDS is to efciently locate the
set of contentsthat matchesa client's query Existing CDS
systemshave dif culties in achieving both rich functionality
and scalability At one end,they may be able to scaleto the
Internetlevel but offer limited functionality; e.g.,they support
exactcontentnamelookup([1], [2], [3], [4]) only, or thesearch
of strictly hierarchicalcontentnames|5], or they consider
staticcontentsonly, e.g.,searchengineg6]. At the otherend,
they may offer powerful functionality suchasthe searchingof
generalcontentnames but are not scalable[7].

In this paper we presentthe design,implementationand
evaluation of a distributed content discosery system that
meetsthe abore challenges.Contentnamesin our system
are representedyy attribute-value pairs for searchability We
achieve scalability through the use of RendezvoudPoints
(RPs) The RP-basedschemeavoids network-wide message
ooding at both registration and query time. We designa
novel mechanisnthat usesLoad BalancingMatrices (LBMs)
to dynamicallybalancebothregistrationandqueryloadin the
systemto improve the systems throughputunderskewedload.

The restof the paperis organizedasfollows. In Sectionll,
we presentthe CDS systemarchitecture.ln Sectionlll, we
presentthe basic RP-basedCDS design. We presentour
distributed load balancing mechanismin Section IV. Sec-
tion V describeghe evaluationmethodologyand we present
simulationresultsin SectionVI. We discussrelatedwork in
SectionVIlI andconcludein SectionVIIl.
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Il. SYSTEM ARCHITECTURE

Nodesparticipatingin the CDS connectto eachotherin a
peerto-peerfashionto form a CDS overlay network. Figure1
shaws the software architectureon a node.The CDS layer is
designedasa commoncommunicatiorlayer on which higher
level applications,suchas servicediscovery and le sharing,
canbebuilt. The CDSlayeris in turn built ontop of a scalable
distributed hashtable (DHT), such as Chord[], CAN [2],
Pastry [3], and Tapestry[4].

Application
CDS

DHT based overlay

TCP/IP

Fig. 1. CDS nodearchitecture.

A. Av-pair BasedContentNamingSceme

To provide contentsearchability applicationsbuilt on top
of the CDS layer usea e xible attribute-value basednaming
schemesimilar to whatis usedin [8], [9]. Contentsarerepre-
sentedusing attribute-value pairs (AV-pairs). For example,in
a servicediscovery system,a device may be describedwith
attributes such as Type, Location , and Model, etc. In
multimedia applications,such as the P2P music le sharing
system describedin [10], to enable content-basedsearch,
attributesinclude not only manuallycon gured onessuchas
Artist  and Song Name but also featuresextractedfrom
the audio signals,suchas Tempo and Strength

We refer to the collection of the AV-pairs as the “content
name”,or “contentdescription”.In our terminology “content
discovery” meanghediscovery of the “contentname”,not the
actualcontentWe considemechanismsuchascontactingthe
device or retrieving theactual le afterthe“contentdiscovery”
step as a separatefunction. An AV-pair takes the form of

, or for short,where is an attribute, and
is its value.A contentnamethat consistsof ~ AV-pairsis
representeds . Languagessuch

as XML may be usedto describecontentnames.Figure 2 is
an examplenamefor a highway monitoring camera.

Camera ID = 5562
Camera Type = Q-cam
Highway Number = 1-279
Exit Number = 4
City = Pittsburgh
Speed Measured = 45MPH
Road Condition = dry
Connection  availability = yes

Fig. 2. An examplecontentname.

Contentnamesmay consistof both orthogonal attributes
and dependenattributes. Orthogonalattributesexist indepen-
dently of eachother whereasa dependenattribute relies on
the presenceof someother attribute. For instance the Exit
Number attribute is meaningful only when the name also
containsthe Highway Number attribute. An attribute may
be dynamic,e.g.,the Speed Measured attribute, in that it
maytake on differentvaluesat differenttimes.Whenthe value
changesthe contentnamechanges.

A query is also comprisedof a set of AV-pairs, e.g.,

contains AV-pairs.Thematched
content name must simultaneouslysatisfy all the AV-pairs
presentin the query In our current system,we consider
equality matchingonly. Contentnamesregisteredin the CDS
aresearchediia subsetmatding. More speci cally, a content
namematchesa query as long as the set of AV-pairsin the
gueryis a subsetof the setof AV-pairsin the contentname.
The AV-pairsin the querythatarenotin the contentnameare
treatedas“don't care”. The numberof non-emptysubsetsof
a contentnamethat consistsof ~ AV-pairsis , Which
meansit canmatch differentqueries.

B. DHT-basedOverlay Substate

The CDS systemusesthe DHT layer[11] for two purposes:
(1) constructingand managingthe overlay network, and (2)
delivering messageswvithin the overlay network.

In a DHT, eachnodeis assigneda nodelD asits overlay
network addressandit is responsibldor a contiguousregion
in an -bit addressspace.The nodelD may be obtained
locally, e.g., by applying a system-widehash function to
somelocal informationsuchasthe nodes IP addressOverlay
networks built using DHT are structuredin that node IDs
encodeoverlay network topologicalinformation: The nodelD
determineghe setof nodesthatthis nodewill be neighboring
with, and which next hop node to use when forwarding
a messagen the overlay network. DHT-basedsystemsare
scalableby keepingboth the numberof routing table entries
on a nodeand the numberof overlay hopsbetweenary two
nodessmall, e.g., both are in Chord[]], where
is the numberof nodesin the network.

The CDS systemusesthe DHT layer to forward its mes-
sageswithin the overlay network. Communicatioris basedon
nodeIDs. Whenthe DHT layer recevesa tuple nodelD,
message from the CDS layer, it will subsequentlyorward
message to the nodethatcorrespondso nodelD . TheDHT
layer does not dictate how CDS choosesthe nodelD for
message.

C. CDSFunctionality

The API thatthe CDSlayerprovidesto theapplicationlayer
must include at least the following two methods:regis-
ter(content _name) andlocate _contents(query)
Once it receves a data item, a contentname or a query
from the applicationlayer, the CDS must determinethe set
of nodesit shouldsendthe dataitem to. In our architecture,
this translateso computinga setof nodelDs.
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In choosing the set of nodes, the primary goal is to
meet the scalability and content searchabilityrequirements.
In a centralizedsystem,namesand queriesare sentto one
centrallocation, which constitutesthe systems single point-
of-failure and bottleneck.Approachesbasedon ooding the
CDS network with registrationsor queriesarenot scalabledue
to the prohibitive numberof duplicatedregistrationor query
messagedn our system,we introducean approachbasedon
Rendezvous$oints (RPs) In this scheme,a contentnameis
registeredonly with a small set of nodesin the system,the
RPs;thus the full duplicationof contentnamesat all nodes
is avoided. Queriesare directly sentto the proper RPs for
resolution,andno network-wide searchings neededTheterm
“rendezwus” is usedbecausdhe RPsare wherequeriesand
the matchednamesmeet.

I11. BAsic CDS DESIGN
We now presentthe basicRP-basedCDS design.

A. Raistration with RP Set

To register a contentname, the provider node must rst
determinethe set of nodesthat should receve this name.lt
doesthis by applying a system-widehash function, , to
eachAV-pair in the contentname.For example,given content
name , which has  AV-pairs,
the provider computesthe following:

The nodewhoselD is either equalto or numerically closest
to  will becomethe th RP node.Thesenodes( of them
assumingno hashcollision) form the RP setfor this content
name.The completecontenthameis thensentto eachof the
nodes(Figure 3), which resultsin  replicationsof the name.
From an RP nodes point of view, it becomesa specialized
nodefor the AV-pairsthataremappedntoit, e.g.,  contains
all the namesin the systemthat have in them. For a
dependentAV-pair, we apply the hashfunction to it and all
of its parent AV-pairs together In this paper we focus on
orthogonal AV-pairs; the same mechanismscan be directly
appliedto dependeniV-pairs.

CN1:{alvl, a2v2, a3v3, ad4v4} CN2:{alvl, a2v2, a5v5, a6v6}

Q:{alvl, a2v2}

O

Fig. 3. Exampleregistrationand query processingvith RP set.

HashingeachAV-pair individually hasthe following prop-
erties.First, it yields an RP setof size for a namethat has

AV-pairs, thusrequiring messagegper registration.In
real-world applications, is typically a small number(e.g.,
), and registration can be done efciently. Second,it
guaranteessystemcorrectnessjn that, any query that is a
subsetof a contentname,e.g.,the query , Which
containsonly one of 's AV-pair, can discover by
goingto node . As acomparisonregisteringwith all nodes
correspondingo all the subsetsof the contentname
would also ensurecorrectnessput requiresan exponential
number of registration messagesThird, from the systems
pointof view, hashingattribute andvaluetogetherto determine
thesetof RPnodesratherthanhashingattributealoneprovides
a naturalway of spreadingregistrationsto more nodesin the
system.

An RP nodestoresthe namest recevedin alocal database,
and maintainsthem in a soft statefashion.As such, names
automaticallyexpire after a certaintime period, and mustbe
periodicallyrefreshedThis providesprotectionagainstcertain
types of failures. For example, when an RP node leaves or
crashesthe refreshmessagewill automaticallyrestorea lost
contentname at a node that is alive. Also, when a name
containsdynamicattributes,the refreshmessagemay register
the nameat a differentsetof RPswhentheir valueschange.

B. QueryResolution

To resole queries,clients must determinethe set of RPs
that may contain matchingcontentnames.Since all content
namesthat contain the pair are storedin the node

, query can be
sentto ary one of the  RP nodes, (Figure 3).
Giventhese candidateRP nodes,the client may pick one
node randomly and send one query messageto that node.
Once an RP node receves a query it simply goesthrough
its namedatabaseanddetermineghe setof nameghat match
the queryby comparingeachnames AV-pair list with that of
the query's. No communicatiorbetweennodesis neededand
qgueryresolutionis doneefciently.

An alternatie to having queriesfully resohed at one RP
nodeis to have a client sendits queryto multiple nodes,each
of which resohesthe querypartially andreturnsary matches.
The client then performs a “join” operationto determine
the nal setof matchednames.While this approachreduces
the computationload on resoher nodes,it adds potentially
signi cant communicatioroverheaddueto large setsof partial
matchego the network andclient. Given that exact matching
for AV-pairsis a relatively lightweight operation,it is more
ef cient to do the completematchingon the selectedRP node.

C. Load BalancingProperty

In the basic RP-baseddesign, AV-pairs are used as the
argumentby the hashfunction and are mappedonto nodes.
However, the registrationand query loads obsered on each
node are determinedby the AV-pair distributions in content
namesand queries.The basicdesignperformswell whenthe
distributions are even, in which casethe distribution of load
in the systemshouldbe even.
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In real-world applications,thesedistributions are likely to
be skewedassomeAV-pairsarecommonor signi cantly more
popularthanothers.For instancejt hasbeenobsenedthatthe
popularity of keyword searchstrings in both traditionalweb
searche$12] and Gnutellapeerto-peernetworks[13] follows
a Zipf-like distribution. This type of skewed distribution
impliesthatsomenodesn the CDS systemmay be overloaded
while othersare underutilized.More speci cally, considerthe
casewherethe numberof namesthat contain ,
follows a Zipf distribution:

1)

for , where is the numberof different AV-pairs
in thesystem. and aretwo parametersyhere is closeto

1. is the total numberof namesin the systemand is the
rank of AV-pair in termsof its frequeng of occurring
in names; correspondgo the AV-pair thatis contained
in the most numberof names.As an example, supposean
applicationhas namesand . Half of

the nameswould containthe mostpopularAV-pair, which

would be sentto one node.In the meantime,for nodesthat
correspondo AV-pairs ranked from to , eachwould
receve fewer than 50 names.Clearly, a few nodeswould be
swampedby registrations,while the majority of the nodesin

the systemwould be rarely used.

IV. SYSTEM WITH LOAD BALANCING

We next presenta distributed load balancingsolution that
allows the CDS to dynamically discover and utilize lightly
loaded nodesto sharethe registration and query load on
heavily loadednodes.

A. Load BalancingMatrix (LBM)

Head node

— . T

Load balancingmatrix for

Partitions

Replicas

~

Fig. 4.

For a popularAV-pair, the CDS systemusesa setof nodes
insteadof one nodeto sharethe registrationand query load.
This setof nodesis organizedinto a logical matrix, the Load
BalancingMatrix (LBM). Figure 4 shows the layout of the
matrix for AV-pair . Eachnode in the matrix has a

1Keyword-basedsearchis a specialcaseof AV-pair basedsearchwhere
attributesare omitted.

columnandrow index,
applyingthe hashfunction,
androw indicestogether:

, andnodelDs aredeterminecby
, to the AV-pair, andthe column

Each column in the matrix storesone subset,or partition,
of the contenthnamesthat contain . Nodesin the same
column arereplicasof eachother: they hostthe sameset of
names.

The matrix dynamically expandsor shrinks along its two
dimensionsdependingon the load it receves. It startswith
one nodewhen the registrationand query load are low; this
correspondgto the basic system.New partitions are added
to the matrix when the registration load of the pair
increasesand new replicasare addedwhen the query load
increases.Matrices may end up in different shapes.For
example, a matrix may have only one row, when only the
registrationload is high, or one column,whenonly the query
load is high. Eachmatrix usesa node,called the headnode
with ID , to storeits currentsize and
to coordinatethe expansionand shrinking of the matrix.

To expand matrices,each node in the system maintains
threethresholds: , themaximumnumberof contentnames
a node can hold, , the maximum rate of registration it
can sustain,and , the maximum query rate the node can
sustain.Three correspondindow thresholdsare also set for
shrinking purpose.Note that a node may belongto multiple
matriceswhen multiple AV-pairs are mappedonto it, andthe
thresholdsare usedto regulate the aggrgyatedload from all
of thesepairs.In the following discussionsfor simplicity, we
assumall nodesarehomogeneous thatthey have the same
computationpower and network connectvity.

B. Opemtions With LBM

We rst describethe registrationandqueryoperationsvhen
LBMs are presentin the system.

CN:{alvl, a2v2, a3v3}

€
CHCAC
1 @& ®

LBM for {alv1l}

ClC)

LBM for {a2v2}

LBM for {a3v3}

Fig. 5. Raistrationwith load balancingmatrices.

1) Rajistration: In the basic system,a content provider
registersits contentnamewith eachRP nodethat corresponds
to oneof the AV-pairin the name.ln contrastwith LBMs, the
provider must register its contentnamewith one column of
nodesin eachmatrix thatcorresponds$o an AV-pair (Figure5).

The pseudocode for registrationis listed in Figure 6. To
register with matrix , the content provider must rst
discover its size:the numberof partitions, , andthe number
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1: registerframe)

2 foreach Avpair in name

3 ;

4 (P R) retrieve_matrix_size( );
5: p generataandomnumber(1,P);
6: foreachr in [1, R]

7 ;

8: sendto( , hame);

9:

10:

11:

Fig. 6. The algorithmfor contentprovidersto registerwith LBM.

of replicas, . It cando soin several ways. First, it may be
able to retrieve the size from the pair's correspondinghead
node (Line 4 in Figure 6). Second,in casethe head node
is down or becomesa bottleneck,the provider may nd out
the matrix size by directly sendingprobe messageso nodes
thatare potentiallyin the matrix. For example,to discover
the provider may rst estimatea maximumnumber , and
probeanodein the th partition,e.g., . Node

can determinewhetherit belongsto by checkingits
databasedo seeif it hasseen before. Since partitions
are indexed contiguously the current number of partitions
can be efciently discoveredin stepsvia binary
probing betweenpartition 1 and . Third, contentproviders
may cachean AV-pair's matrix size and use it without re-
discovering it. This is useful when refreshinga previously
registeredname.

Oncethe size of the matrix is found, the contentprovider
selectsa randompartitionbetweenl and andcomputeshe
nodelDs in the partition. It thenregisterswith eachof them.
Sincethe partition within the matrix is randomlyselectedthe
registrationload within the matrix is distributed evenly.

2) Query Resolution: Similar to the basic system,clients
canissuea queryto the matrix thatcorrespondso ary AV-pair
in the query The cost of resolvinga queryis determinedby
the numberof partitionsin the selectedmatrix. If the query
containsonly one AV-pair, it would be sentto the matrix
correspondingto that pair. When this matrix has a lot of
partitions,the client cancontacta smallsubsebf the partitions
to receve enoughmatches.The client may then re ne its
gueryby addingmore AV-pairs.In fact, this is the behaior of
Internetuserswhenusinga searchservice.A studyconducted
in [12] shaws that 71.5% of the searchedound in one large
web cachecontainsmore thantwo keywords.

In our system,whenmultiple AV-pairsare presentwe use
a two-passquery optimizationalgorithm to determinewhich
pair a client shouldusefor its query First, the client probes
the sizesof all the matricescorrespondingo eachAV-pair in
the query using one of the mechanismgpresentecabove, and
then selectsthe one with the fewest partitions. In practice,
sincethe matrix sizescan be cachedthe costof the probing
phaseis amortizedwhenthe client issuesmary queries.

Oncea matrix is selectedthe client mustsendthe queryto
all the partitionsin the matrix, if it needgo collectall possible

matcheslin reality, sendingto a subsetof the partitionsmay
return the client sufcient numberof results.Since nodesin

the samecolumn are replicasof eachother the query needs
only to be sentto one node in eachcolumn, and the client
choosesa randomnodeto ensurethe queryloadis distributed
evenly within a matrix.

C. Matrix Management

In this section,we presenthe matrix expansionandshrink-
ing mechanismsWhen a matrix receves high load, it must
expand itself quickly to accommodatethe excessve load.
When the load decreasesthe matrix should shrink itself to
reduceregistration and query cost. We use a multiplicative
approachto expand the matrix by doubling the number of
partitionsor replicaswhenthe existing matrix is saturatedy
registrationor query load. To ensurea stablesystem,matrix
shrinking is done linearly, i.e., we decreasehe number of
partitionsor replicasby one at a time.

We describethe detailed expansionand shrinking mecha-
nismsusing matrix asanexample. corresponds
to , and its head node is . Supposethere are
currently  partitionsand  replicasin

1) Partition Expansion:New partitionsareaddedo
whenthe existing partitionsin the matrix receve high regis-
tration load. We de ne the expansionregion (ER) as the set
of partitionsthat are last addedto the matrix. The expansion
mechanismworks asfollows.

Whentheregistrationloadon anodein thematrix reaches
thethreshold or , it will sendanINC _P request
to the headnode,

The headnodedoublesthe numberof partitionsto ,
uponreceving the rst suchrequestfrom a nodein the
currentER. It ignoresrequestsfrom non-ER partitions
andfrom other ER partitionsthat may arrive later

The headnodethen informs nodeswith partition index

from to that they are now in the matrix and
will be responsiblefor . Partitions to
becomethe new ER.
Whena new contentnamethat contains comesup,
the registeringnode will discover has partitions,

andthenselectoneto registerthis name.Hence the registra-
tion load is sharedby the expandedmatrix.

The headnode acts upon only one requestfrom the ER
and suppresse®thersto avoid unnecessargxpansion.The
reasonis that the headnode expandsthe matrix only when
the following two conditionsare met: (1) the load are dis-
tributed evenly amongall partitions;and (2) the load on ary
partition reacheshreshold.In the algorithmabove, we usea
requestfrom an ER partition asthe signal of whenthe above
conditionsaresatis ed, sincetheloadobsenedonthenon-ER
partitionsdo not re ect the averagewhen the new partitions
are beingadded.

The multiplicative increaseof allows the number of
partitions grow quickly, and as suchthe systemcan quickly
tune itself to accommodatehigh load. The direct cost of
this approachis minimal, since“adding a partition” doesnot
actually involve ary copying of dataover the network.
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2) Partition Shrinking: A matrix decreaseshe numberof
partitions when possible,since more partitions meansmore
guery messagesre neededfor a query that is sentto this
matrix. Suppose now has partitions, and before
the last expansion,it has  partitions. is also equal to
the numberof partitionsin the ER immediatelyafter the last
expansion.

Whenary nodein thelast partition of thematrix obseres
alow registrationrateor alow humberof contentnames,
it will issuea DECP requestto the headnode.
The headnode again acts on only one suchrequest:it
sendsa SHRINK.P commandto all the nodesin the last
partitionandasksthemto transfertheir namescontaining
to the nodesin partition . For example,
sendsits namesto .
After all the transferringare con rmed successful the
headnodewill inform nodesin partition  thatthey are
removed from the matrix. Now partition becomes
thelast partition,andthe headnodedecreasethe sizeby
1, . Correspondinglythe size of the current
ER is alsoreducedby 1.

When all the partitions in the current ER are removed,
and the numberof partitionsdrop backto , the headnode
informs the partitions from through  to becomethe
new ER. By collapsingthe matrix one partition at a time, we
try to keepthe matrix load balancedand the linear decrease
preventsthe matrix from oscillating.

3) ReplicationExpansion: New replicasare addedto the
matrix when the query load to the matrix increasessimilar
to how partitionsare added.The expansionregion hererefers
to the replicasthat are last added.When a nodein the ER
obsenres its query rate reaches , it will sendan INC_R
requestto the head node. Upon receving such a message,
the headnodeissuesa DUPLICATE commandto eachnode
in thelastrow of the ER, askingthemto replicatethemseles.

The replicationis also done multiplicatively to allow the
matrix expandto a large size to accommodatejuery load.
A nodethatrecevesthe DUPLICATE messagesendsa copy
of the namescorrespondingo in its databaseo the
newly addednodesin its column.For example,node
will sendits namego nodes through . The
headnodedoubles  whenall the replicasarein place,and
the nodesin row to row becomethe new ER.

4) Replication shrinking: More replicas in the matrix
meangrovidersmustregisterwith morenodes.Thusmatrices
should shrink along the R dimensionwhen the query load
to this matrix drops. The replication shrinking mechanism
is similar to the partition shrinking mechanismput no data
transferis needed.When the head node receires a DECR
request,it informs all the nodesin the last row to remove
themseles from the matrix. The head node then decreases
the numberof replicasby 1.

The shrinking mechanismis important specially under
“ash-crowd” type of load: whenan AV-pair becomegpopular
dueto for examplea currentevent, its correspondingnatrix
will replicate quickly to accommodatehe suddensumge of
load. When clients lose interestin this pair, the matrix will

shrink and eventually may becomejust one row.

5) Head Node Medanisms: The primary job of the head
node is to coordinatethe matrix expansionand shrinking.
The expansionand shrinking requestamay cometo the head
nodein an arbitrary order While a matrix is in a dynamic
state,i.e., expandingor shrinking, if the correspondinghead
noderecevesadditionalrequestsit will buffer theserequests
and processthem when the currentoperationcompletes By
serializingthe operationswe ensuredataconsisteng within
the matrix.

A headnodeis only responsiblefor its own matrix, and
differentmatriceswill likely have differentheadnodeswhich
are distributed acrossthe network. Thereforeheadnodeswiill
not becomethe bottleneckof the system.However, when a
headnodeleavesor crashesyital informationaboutits matrix,
suchasthe size,will be lost. To preventthis from happening,
live nodesin the matrix sendinfrequentmessagesvith their
indices to theheadnode.Dueto therouting propertiesof
DHT, a new nodewhoselD is closeto the old headnodes ID
will receve thesemessageand becomethe nev headnode.
It canthenrecover the matrix's size basedon the information
it receives.In fact, the matrix expansionor shrinkingrequests
will also reachthe new headnode,andthey can be usedto
recover the matrix's dimensionsaswell.

D. SystenPropertiesWth LBM

WhenLBMs aredeployedin the system,both the registra-
tion and query cost are higher than in the basic system.To
registera namethat has pairs, the numberof registration
messageseededs:

where is the numberof replicasin matrix
when hasno extra replicas. is determinedby the
numberof replicaseachmatrix has,and doesnot dependon
the numberof partitions.

To resohe a query that has pairs, when using the
gueryoptimizationmechanismthe numberof querymessages
neededexcluding the probing messagess

where ,and is the numberof partitionsin matrix
. The query cost is not affected by the number of
replicasin thesematrices,but dependssolely on the number
of partitions.

The bene ts of the query optimizationalgorithm are two-
fold. First, it will likely keepthe numberof query messages
low by avoiding matricesthat have large . Second, by
reducing the number of query messagesit also indirectly
reducesthe numberof registration messagesequiredin the
system.By avoiding matricesthat have large , the query
load on thesematricesis reduced;thusit naturally limits the
R-dimensionexpansionof thesematrices.A matrix with a
smaller meansthat namesmappedonto this matrix require
fewer registrationmessage<Corversely for matriceghathave
small , evenif they havealarge dueto mary queriesfrom
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the systems point of view, it will not greatlyaffectthe average
numberof registrationmessageseededsmall  impliesonly

asmallnumberof contentproviderswill be affectedby having

to sendmore messages.

V. EVALUATION METHODOLOGY

We describeour simulatorimplementationand the evalua-
tion methodology

A. Simulatorimplementation

We developed an event-driven simulator to evaluate the
CDS system.Eachnodeusesa rst-come- rst-serve queueto
procesgegistrationsandquerieswith exponentiallydistributed
servicerates. A nodemeasureshe registrationandqueryrates
it obsenres using a sliding window of a certain number of
recently receved registrationsor queries.In the simulation,
we usea window sizeof 20. Matrix sizediscovery is doneby
probing headnodes.

The simulatorassumeshe existenceof a DHT-basedover-
lay mechanisnfor routing andforwardingandit usesa 24-bit
namespacefor nodelDs andthe hashedvaluesof AV-pairs.
NodelDs areassignedn sucha way thateachnodecoversan
equalslotin the entirenamespaceto ensurean even mapping
of hashedvaluesonto nodes.In practice,this canbe achiesed
by usingtechniquessuchasassigningmultiple “virtual” node
IDs to one node [1]. The hash function used by the CDS
systemmustgeneratevaluesuniformly distributedin the name
spaceand be insensitve to the input. In our implementation,
we usethe cryptographicfunction SHA-1 asthe system-wide
hashfunction.

The simulatorusesan exponentialdistribution with a mean
value of 50 ms [1] to model the one-way network delay
betweenary two nodes.In DHT systemssuchas Pastry[3],
by employing proximity metric into the routing rules, the
overlay delay betweentwo nodescan be limited to within
1.4 times of the physical network delay In our simulation,
we consenatively setthe averageoverlay delay betweentwo
overlay nodesto be twice of the physical network delay
betweenthem, which resultsin a meanof 100 ms.

B. ExperimentSetup

In the experimentswe conducted,we assumethat each
node has approximately available link bandwidth
(DSL level) dedicatedto content name registrations and
gueries.Correspondingo this bandwidth,assuminga 1000-
byteregistrationpacletssizeanda 250-bytequerypacletsize,
eachnode setsup a thresholdof as the
maximumsustainableegistrationrate and as
the maximumsustainableguery rate. is setto be 4000.
Whena nodeobsenesthat oneof thesethresholdss reached,
it will issuea matrix expansionrequestto the corresponding
headnode.In our experiments, is alwaysreachedbefore

. To enableus to study the effectivenessof the load
balancingmechanismthe maximumnumberof partitionsand
replicasa matrix can use are con gurable in the simulator
The matrix will stop expanding along a dimensionif that

dimensionreachesits maximum value. In our experiments,
we focus on how the systembehaes when load increases.
The load distribution doesnot changewithin eachsimulation
run, and the matrix shrinking mechanismis not triggered.

The processing of registrations and queries on a
node is exponentially distributed with a mean rate of

,Which caneasilybeachiezedby modern
PCson a databasewith a size on the order of entries.
With theseassumptionsa node$s performanceis limited by
its available link bandwidth.

To register a name, registration messagesre sentto the
RP nodescorrespondingo the names AV-pairsconcurrently
Upon receving a registration,the RP node either insertsthe
nameinto its local databasend repliesthe registering node
with a successor rejectsthe nameandreplieswith a failure.
A registration may fail at a node for two reasons:(1) the
registration rate this node obsenes, , exceedsthe set
threshold,i.e., , or the numberof namesit is
hosting exceeds ; (2) the correspondingmatrix is in a
dynamic state such as expanding. For instance,a node has
senta replicato a new node,but the succes®f the replication
has not been con rmed, and during this time period, ary
registrationsarrive at the replicatingnodewill berejectedand
resultin afailure. The registrationsucceedsvhenall the pairs
registeredsuccessfully

Similarly, a queryis sentto one RP nodein eachpartition
of the chosenLBM concurrently The RP node rejectsthe
queryif the queryratethis nodeobsenes, , exceedsthe
setquery rate threshold,i.e., , by replying to the
guery nodewith a failure messageOtherwise,it acceptsthe
guery, examinesits databasend sendsthe queryingnodethe
setof contenthamesthat matchthe query Note that the set
may be empty From the querying nodes point of view, a
guery succeedsvhen all the correspondingRP nodesaccept
the query

We evaluatethe CDS systemusing the following metrics:
the registration/querysuccesgate and the registration/query
responseime The succesgate is de ned as the percentage
of successfukegistrationsor queriesin one simulation run.
Since the systemthroughput equalsto the product of the
systemload (registration/queryrate) and the succesgate, the
successateis usedasanindicatorof the systems throughput:
the throughputincreasesas load increases,if the success
rate remainshigh. For a successfuregistrationor query we
de ne the responsdime as the time betweenwhen the last
reply messageas receved and whenthe registrationor query
messagegprobe messageswhen we must probe the matrix
size)are rst sent.

C. Workload

In the following experimentswe considera CDS network
that has10,000( ) nodes.Thereexists 50 attributesin the
system,each of which can take on 200 values; this results
in 10,000( ) distinct AV-pairs. On average,eachnodeis
responsiblgor 1 (= ) AV-pair.

We generatetwo sets of content namesfor registration
and one set of queriesas workload to drive the simulations.
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Fig. 8. AV-pair distribution in queries.

Eachnamedatasetontains namesandeachnameis
comprisedof AV-pairs. The AV-pair distributionsin
namesareshowvn in Figure?. In the uniform dataseteachAv-
pair is equallylikely to appeaiin aname,andon averageeach
AV-pair occursin about 200 names.The uniform datasetis
primarily usedfor comparisonln the skewed case,someAV-
pairs are assignecigherweights,andthe overall distribution
of AV-pairsis Zipf-lik e, asit is closeto a straightline in the
log-log plot( ). The top 5 mostpopular AV-pairs are
containedn about24,000namesThe querydatase(Figure8)
contains gueriesand is generatedbasedon a Zipf
distribution with and in Equation1. The
numberof AV-pairsin a queryrangesfrom 1 to 10, andon
averageeachquery consistsof 4 AV-pairs. The mostpopular
AV-pair occursin about50,000queries.The senderf aname
or a queryis selectedandomlyfrom the nodesin the system
andboth the arrival times for namesand queriesare modeled
with a Poissondistribution.

VI. SIMULATION RESULTS

We conductedextensive simulationsto evaluatethe proper
ties of the CDS system.We shav the systems performance
with regard to registrationload in SectionsVI-A, VI-B and
guery load in SectionVI-C. We analyzethe load balancing
behaior in SectionVI-D. Finally, we studythe costintroduced
by LBMs in SectionVI-E.

A. Raistration SuccesfRate
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80 f
60 *,
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Registration success rate (%)

20 - Skewed P=32 —+—
Skewed P=200 ---->¢---
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Fig. 9. Raistrationsuccessate comparison.

We rst examinehow the systembehaesastheregistration
rate increases.For each experiment, we inject either the
skewed datasetor the uniform datasetnto the systemwith a
certainarrival rate . Eachexperimentis carriedoutwith
a differentcon gurationof  value,the maximumnumberof
partitionsa matrix may use.

Figure 9 comparesthe successate in theseexperiments
after all the matricesstop expanding.We obsene that for a
given value,whenthe registrationrateis low, the registra-
tions succeedn the existing setof partitions,andthe success
rate is 100%. As load increasesthe successrate starts to
drop,becauseavithout furtherexpanding,nodesin the matrices
becomesaturatedndstartto rejectregistrations By increasing

, for the sameregistrationload, the successateis improved
signi cantly. As loadis furtherincreasedall curveseventually
drop.

For the uniform dataset,since AV-pairs are distributed
evenly in contentnamesregistrationload is distributedfairly
evenly amongnodesin the system.Comparedvith the skewed
load, to maintainthe samesuccesgsate, fewer partitionsare
neededor the sameregistrationload. The basicsystem(

) performswell until reaches , andafter
that the successate drops quickly to near 0%. The reason
is that the hash function may map multiple AV-pairs onto
the samenode,and when increasesregistrationrate
on suchnodeswill reach earlierthan others,and cause
registrationfailures.

We study the data points correspondingto the highest
registrationload, where . In theseex-
perimentssincethereareno queries,andthusno replications
in the system,eachnameis registeredat nodes,the
averageregistrationrate obsered on a nodeis:

The successate underthis registrationload is 76% for the
uniform load with , and68% for the skewedload with
. What it meansis that on averageeachnodein the
systemoperatesat 40% of its link capacitywhile maintaining
a fairly high successate. Theseexperimentsshown that the
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systemcan be scaledto nearits capacity even for skewed
load: the load balancingmechanismeffectively spreadsthe
excessie load to underutilizednodesin the system.

B. Effectivenes®f Partitions

To betterunderstandhe effectivenessof adding partitions
on improving the registration successrate, we conducted
anotherseriesof experiments.We inject the skewed content
name datasetinto the systemwith a x ed arrival rate of

. We vary the con gured  valuein
eachexperiment,andfor each we runthe experimenttwice:
(1) duringtheinitial run, asnamesarrive, partitionsarecreated
when neededand (2) the samedatasetis sentto the system
againin the stable state when all the partitions have been
createdandno new partitionsare added.

The numberof partitionsneeded, , for a pair can
be analytically computedas follows:

2)

where is the arrival rate of , and s the pair's

probability of occurringin namesIn the skewed namedataset,
for the top 5 most popular pairs, . With
and , from Equation2, we

know to accommodat@amesthat containthesepairs, eachof
the correspondingnatricesneedsat least partitions.

Figure 10 shaws the successrate of registrations,under
different  value. To interpretthe gure, we rst classify
registrationfailuresinto four types:

1) capacity failure. Failures due to not having enough
partitionsallocatedto a matrix to accommodata pair's
registrationload.

compulsoryfailure. In the simulation,it takesone RTT
to add new partitions to a matrix, and registrations
arriving during thattime period are rejected.

con ict failure. Sincemultiple AV-pairsmay be mapped
ontoonenode,a registrationmay fail at a nodebecause
someother pair introduceshigh registrationload there.
statistical failure. Failuresdue to statistical variations,
e.g.,failurescausedby bursty arrival of registrationsof
the samepair on one node.

In Figure 10, when , the succesgate is very low
primarily due to the large numberof capacity and con ict
failures causedby the popular pairs. In particular
correspondgo our basic system,and the poor performance
shavs thatusingone RP nodefor eachAV-pair cannot handle
highly skewed load.

When , the succesgateis still belov 50% though
seemingly there should be enough partitions. The failures
come mainly from con icts: since we have 10,000 distinct
AV-pairs and 10,000 nodes, it is possiblethat two AV-pairs
are mappedonto the samenode. As the systemallows more
partitions to be used by a matrix, the conict failures are
overcome and the successrate increasessigni cantly. The
reasonis that when a node obsenes high registration load
causedy two differentpairs,it will promptthe expansionof

2)

3)

4)
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Fig. 10. Effect of numberof partitions. Skewed datasetwith

reducingthe load obsened by partitions within eachof the
two matrices.The gapbetweertheinitial curve andthe stable
curve representshe percentagef compulsoryfailures.When
enoughpartitionsare allowed, the succesgatesin the stable
run are substantiallyhigherthanthosein the initial run since
thereare no compulsoryfailures.We obsene that the success
rate staysabove 95% for underthis load.

In summary by allowing the matrix to expandalongthe
dimension,the systemcan successfullyrecruit lightly loaded
nodesto shareconcentratedegistrationload, thus increasing
the systemsuccessate.

C. Query SuccesRate

In this section,we study how the systemscalesas query
load increaseslin the following experiments,we rst inject
into the systemthe skewed name datasetwith

, and then issuethe Zipf querieswith different
arrival rate . We run the simulationundertwo schemes:
(1) random,wherea queryis sentto a matrix thatcorresponds
to arandompairin thequery and(2) usingqueryoptimization.
In theseexperiments,a matrix may replicateas mary times
asnecessary

100

90

80

70

60

Query success rate (%)

50

40 +

Random —+—
Query Optimization ——<—

30
1 10

Query rate (1000 g/sec)

100

Fig. 11. Querysuccesgate comparison.

Figure 11 shavs the query succesgates.In the random

both of their correspondingnatrices(at differenttimes),thus schemehy selectinga randompair for eachquery, the system
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triesto spreadoad to differentmatrices,andthe successate
staysabove 90% for ratesas high as . However,
when is further increasedthe successate startsto
drop sharply Thereasonis thatsincepopularAV-pairsappear
in mary queries,and eachquery containsonly a few pairs, it
is possiblethat mary queriesselectthe sameAV-pair andare
sentto the samematrix, which will causecompulsoryfailures
andthe replicationof thesematrices.

In addition, in the workload, the pairs that are popularin
gueriesare also commonin registrations,which meanstheir
correspondingnatriceshave mary partitions.Thetime it takes
to replicatealargematrixis high, sincethenew replicascanbe
usedonly afterall the partitionsreplicatesuccessfullyQueries
arriving during the replication time period are likely to be
rejected sincethey mustbe sentto the existing replicas,which
have alreadybeing saturated.This phenomenoris displayed
mostclearlywhenthe arrival rateis extremelyhigh (

; in this scenarioall the queriesarrive beforea
matrix can completetwo roundsof replications.

On the other hand, the query optimization mechanism
successfullyspreadgjueryloadto matriceswith few partitions.
This is speciallyimportantfor high query load, where using
theloadbalancingmechanisnaloneis not effective. Figure11
shaws that even underthe highestload, ,
with query optimization,by avoiding large matricesand thus
long replicationtime, the systems querysuccessateremains
above 95%. Most matricesdo not needto replicateat all, and
the largestmatrix replicatedtwice ( ).

D. Load Distribution

In this section,we evaluate the systems load balancing
propertyby examiningthe namedistribution andobsenedload
on nodes We reportresultscorrespondingo registrationload;
the resultsfor queryload are similar.

Percentage of nodes

2077 7 i Skewed (P = 200 Rate = 2000reg/sec)
Skewed (P = 200 Rate = 5000reg/sec) --------
105/ 4 Skewed (P = 200 Rate = 10000 reg/sec) - -

) Uniform P= 32 Rate = ‘10000 rgg/sec) :
600 800 1000
Number of names
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Fig. 12. Comparisorof the Cumulatve Distribution Functionof the number
of registerednameson nodes.

1) ContentName Distribution: Figure 12 shavs the Cu-
mulative Distribution Function (CDF) of the nal numberof
nameson nodesunderfour scenarioscorrespondingo four
experimentsin Figure 9. The rst three curves correspond
to the experimentswhere the skewed datasetis used with

, and variousregistrationrates. The fourth curve is

10

from the uniform datasetwvith . Sincethe successates
aredifferentin theseexperimentsfor comparisorpurposewe
normalizethe numberof successfullyegisterednamesn each
experimentto . Thuson averageeachnodeshouldreceve
200 names.
In our experiments,since is always reachedbefore
, matrix expansionsare thereforecausedoy the
high registration rates obsened on nodes,and not the high
numberof namesAt the endof eachexperiment,the average
registration rate on each node can be simply computedby
dividing the nal numberof namesit hasby the simulation
time. Thus we use the number of namesto representthe
registrationload on a node.

With low registrationrate,the systemcanaccommodatéhe
registrationssuccessfullyusing a small numberof partitions
for eachmatrix, which meansmary nodesin the systemmay
receive noneor a small numberof namesFor example,when

, 21% of nodesreceve no registra-
tions. In the meantime, somenodesin the systemaccumulate
large numberof names,as exhibited by the long tail in the
distribution. Note the maximumnumberof nameson a node
is still lessthan . As registration rate increasespames
are spreadto more nodes,due to the expansionof matrices.
In Figure 12, when , we obsene that
the CDF grows very quickly and no nodesreceive morethan
twice of the averagenumberof names.A distribution that is
“more vertical” represents more load balancedsystem.

More quantitatvely, we usethe metric Coefcient of Vari-
ance(CV) [14] to evaluatethe load balancingproperty In our

context, is de ned as:

where , is the numberof namesnode holds,
and and arethe standarddeviation and meanof . A
smaller indicatesa more load balancedsystem.As load

increasesthe load balancingmechanisnsuccessfullypalances
load acrossall nodesacrossthe system.The decreases
from 1.242to 0.369as increasedrom

to . As a referencewhen ,
the in the skewed load casematchesthe

in the uniform load case.

2) ObservedLoad on RP Nodes: We now take a closer
look at the load distribution within different partitions of a
matrix. Figure 13 shavs the obsered registration rate as
time progressest three different partitions of a matrix that
correspondsto one of the most popular AV-pairs. In this
experimentthe skewed namesetwith
is used. Initially thereis only one partition in the system,
and it receves the entire registration load correspondingo
this pair. The maximumobsened registrationrate approaches

. As partitionsareaddedto the matrix to sharethe
registrationload, the rateobsenedby the rst partition begins
to drop quickly, as shawvn in the gure. The 16th and 32nd
partitions are introducedaroundtime 2000 ms and 3700 ms
respectiely. Onceall the partitionsarein place,as expected,
the load on each partition staysunder the set threshold of

. In fact, since the load is sharedby 32



JOURNAL ON SELECTEDAREAS IN COMMUNICATIONS, VOL. X, NO. XX, NOVEMBER 2003

partitions,eachnodeobsenesabout

500 L T

Partition 1 ——
Partition 16
Partition 32

n
o
S

o
o

a
o

20

Registration rate (reg/sec)

5 N S D
0 1000 2000 3000 4000 5000 6000 7000 8000
Time (ms)

Fig. 13. Load within a matrix. Skewed datasetwith

E. Raistration and Query Cost

In this section, we evaluate the system from content
providers and query issuers'point of view: we examinethe
responsetimes, and the number of messagesneededfor
registrationsand queries.

In this setof experimentsregistrationsandqueriesarrive si-
multaneouslywith the arrival ratesof
and . The workload consistsof about
17,000 skewed namesand 83,000 Zipf queries. Instead of
devoting its full bandwidthto sene either registrations or
gueries,eachnodeallocates50% of the bandwidthto queries
and 50% to registrations.Correspondinglythe thresholdsare
set as follows: and . We
againrun the simulationundertwo schemesrandomandwith
guery optimization.

Optimization  se—
Random

Number of Matrices

16732

1
Number of Partitions (P) Number of Replicas (R)

Fig. 14. Matrix sizedistribution. All the axesarein logarithmicscale.

1) Matrix Size Distribution: As discussedn SectionlV-
D, the sizesof the load balancingmatricesaffect the cost of
registrationsand queries.After eachsimulationrun, we tally
the sizesof all the matrices.Figure 14 is a 3-D presentation
of the distribution. Each bar correspondgo the number of
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matricesthat have that particular size . Since there
are 10,000distinct AV-pairs in the system,there are 10,000
LBMs in total. All the resultsfall on the vertical planesthat
correspondto powers of two, becausethe dimensionsare
increasednultiplicatively andthereis no matrix shrinkingin
the experiments.

In the randomscheme89.2%of the matriceshave 1 parti-
tion and 1 replica, . As we discusseckarlier,
matricesthat have large P may still get mary queries,which
meansthey must replicatethemseles frequently Figure 14
con rms our analysisin thatsomematriceswith large , e.g.,

, alsohave alarge . The largestmatrix hasa size of

In contrastwith queryoptimization,morematrices(94.3%)
have the minimal size, . In all the matrices,
the maximum number of replicasa matrix hasis 4. It is
worth noting that the matrix that has 4 replicasalso has 32
partitions. Theexplanationis thatthe AV-pair correspondingo
this matrix is alsopopularin queries.In particular it appears
frequentlyby itself in querieswhich makesqueryoptimization
not applicableand replicationnecessary
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Fig. 15. CDF of registrationand query messages.

2) Raistration Cost: Figure 15 shows the CDFs of the
number of registration and query messagesinder the two
schemes.

With queryoptimization,77% of the contentnameseedto
registerwith only 20 nodesbecausehe correspondingnatri-
ceshave only 1 replica. The maximumnumberof registration
messages$s 23, and the averageis 20.3,i.e., a lessthan 1
messagencreaseover the minimal registration requirement
of the system.However, in the random case, 93% of the
registrationsneedmore than 20 messagesyhich meansthey
involve at least one matrix that has multiple replicas, The
averagenumberof registrationmessagegoesup to 32.3,and
the maximumis 88.

The two curveson the right sidein Figure 16 comparethe
registrationresponsdime of the two schemesSendingmore
registrationmessagem therandomschemeesultsin alonger
responsdime: the averageis 901 ms, whereagthe averageis
859 msin the optimizationscheme.

Notethatthe averageresponseimeis greatetthantwo RTTs
(400 ms),whichis how long it would take to registerone AV-
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Fig. 16. CDF of registrationand query responsdime.

pair (matrix sizeprobingandthe actualregistration). The main
reasons thattheresponsdime is computedonly whenall the
20 AV-pairs' registrationsare con rmed. More formally, this
is equivalentto samplingan exponentialdistribution 20 times
andtake the maximumvalue insteadof the averagevalue.

3) Query Cost: From query issuers'point of view, using
guery optimization, the averagenumberof query messages
(excluding the probingmessagesis 2.7. This meanson aver-
agea queryis sentto matricesthat have lessthan3 partitions.
In particular from Figure 15, we obsene that 82% of the
gueriesare sentto matricesthat have 1 partition, and only
3.7% of queriesusethe maximumnumber(32) of partitions.
In comparisonjn the randomschemethe averagenumberof
guery messagess 13.8, only 36% of the queriesare sentto
matricesthat have 1 partition, and 36.8% of queriesare sent
to matricesthat have 32 partitions.

The costof queryoptimizationis the largernumberof prob-
ing messagesinsteadof probing one matrix to get the size,
the queryingnodehasto probeall the matricescorresponding
to the pairs in the query This resultsin a slightly longer
averageresponsdime for the queryoptimizationschemg597
ms vs. 594 ms). The two curves on the left in Figure 16
comparehe CDF of theresponsdimeswith andwithoutquery
optimization. The CDF of the optimization schemeinitially
lies ontheright sideof therandomschemebut it hasa steeper
slopeowing to amoreuniform distribution. In practice aquery
initiator can cachethe size of differentmatricesto reducethe
numberof probingmessagesor its future queries.

In summaryby usingqueryoptimization,while the system
is accommodatinghigh skewed load, both registration and
guery costsare kept near the minimum cost as de ned by
the basicRP-basedystemwith no partitionsandreplications.

VIl. RELATED WORK

There exist mary systemsthat can be consideredas CDS
systems, ranging from web search engines and directory
serviceso peerto-peer le sharingsystemsWe classifythese
systemdasedon how the contentresolhersare organizedand
comparethemwith our system.Centralizedsystemssuchas
Napster[15andGoogle[§, usea setof centralsenersto index
contentsand resole queries.Theseseners may becomethe
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bottleneckas load increasesand form the single point-of-

failure of the system,thus making it vulnerableto censors
andattackssuchas Denial-of-ServiceOur CDS is distributed

and usesa morerobust overlay resoher network.

Contentresohers may be organizedhierarchicallyinto a
treestructurege.g.,in DNS [5] andSDS[16]. In generalthese
systemsare designedfor hierarchicalcontentnames,suchas
domain namesand directories[17]. To prevent overloading
resolers high in the tree, DNS relies on cachingto scaleto
the Internetlevel and SDS usesbloom Iter to reduceload
propagatedup the tree. In contrast,our systemis designed
to handlemore generalcontenthamesthat do not necessarily
have a hierarchicalnature.

Systemdyasedon an unstructuredyeneralresoher network
such as INS [8], Siena[9], Gnutella[q, and Freenet[18]
require ooding the network at eithercontentregistrationtime
or query resolutiontime. Hencethesesystemsdo not scale
with the numberof contentnamesand queries.More recent
systemssuchasKazZaA [19] scalebetterby leveraginga two-
tier infrastructureandrelying on “supernodes’to suppresshe
ooding. In our system,we eliminate network-wide ooding
atbothregistrationandquerytime by establishingqRendezous
Points.

A hash-basedpeerto-peer system such as Chord [1],
CAN [2], Pastry[3], andTapestry{4], usesa scalableprotocol
to form a self-omganizing structuredoverlay network. While
not directly supporting general content searchability these
systemsprovide an ef cient solutionto contentnamelookup
by binding a completecontentname,suchasa le name,to
a speci ¢ nodein the systemusing a hashfunction. These
systemsrelate to our work in two ways. First, the DHT
abstractiorf11] in thesemechanismgrovidesthe CDS system
a scalableand robust substratefor building the CDS overlay
network and for routing CDS messagesSecond,our CDS
systemextendsthe basic lookup functionality and supports
contentsearchabilityby using AV-pairs.

Several projectsbuilt systemson top of DHT to support
searchabilityIn [12], the focusis on ef cient keyword-based
searchingUnlike our systema queryis sentto eachnodethat
is responsiblefor one of the keywordsin the query and par
tially matchedresultsare rst collectedover the network and
then“join” operationsare performedto getthe nal matches.
Techniquessuch as bloom Iters and caching are used to
reducethe network bandwidth consumption.We avoid the
transmissiorof potentially large numberof partially matched
resultsby storing completecontentnames(all keywords of
a documentin [12]'s contet) on RP nodesto allow full
resolutionlocally.

Twine [20] is a resourcediscovery systembuilt on top
of Chord. Resourcedescriptionsare separatednto “strands”
andthen mappedonto nodesin the resoher overlay network,
similar to our basicsystem.A resoler that correspondgo a
randomstrandin the queryis usedto resohe the query Twine
simply rejectsregistrationsthat correspondo a popularstrand
oncea thresholdon the correspondingodeis crossedIn our
system,we shav query optimizationis importantto this type
of systems$ performanceand we useload balancingmatrices
to dealwith skewed load distribution.
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Load balancingusing partitions and replicascan trace its
roots to early work in parallel databasese.g., Gamma]|21].
DDS [22] explores these ideas further in the domain of
designingbaclend for Internet servicesin a sener cluster
setting.Uponreceving arequestthe front endsener selectsa
replicawithin a partitionto bestsene the requestOur system
works in a peerto-peersetting, and the selectionof which
node senes a request(query or registration) is done by the
end pointslocally.

In the context of ContentDistribution Networks (CDN),
[23] proposeschemesvherea requestredirectorcanselecta
sener replicafrom a dynamiclist of senersto sene a URL
request.The selectionis basedon the load of the seners,and
the redirectormay decideto grow the list of senersif the
numberof requestsncreasesThis schemeis similar to one
dimensionof our load balancingmechanismthe replication
expansion.However, in our system,the expansionis done
in a distributed fashion by using high local query load to
indicatethe needof expansion,and no centralizedentity like
the redirectoris needed.In addition, we also considerload
balancingfor registration.

VIII. CONCLUSIONS

In this paper we presenteda distributed and scalable
approachto the content discovery problem. The RP-based
contentregistrationanddiscovery mechanisnallows the CDS
systemto scalewith the numberof contentnamesandqueries
by avoiding network-wide ooding. AV-pair basedcontent
representatiorcoupled with subsetmatchingallows e xible
searched_oadbalancingmatricesaredeployedto improve the
systems throughputby eliminatinghot-spotsOur approachs
distributedin thatnodesin the systemcanmake loadbalancing
decisionsbasedon their local load information. The even
distribution of registrationandqueryloadin LBMs is achieved
via hashingandrequiresno centralizedcontrol. Our extensve
simulation resultsvalidatedthe systems scalability and load
balancingproperties.In particular our systemscalesto near
its operationalcapacityunderextremely skewed load. Finally,
the extra costintroducedto registrationsand queriesby load
balancingremainslow whenthe queryoptimizationalgorithm
is applied.
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