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Abstract

I proposetheuseof recursivequeries[24] asaninterface
for queryingdistributednetwork graphstructures.Recur-
sive queriesallow a query result to be de�ned in terms
of itself. This is particularlyusefulfor queryingnetwork
graphsthat exhibit recursive structures.To query these
distributedgraphsover the Internet,I proposeusingdis-
tributedqueryprocessingtechniquesto processrecursive
queries. I further demonstratethe relationshipbetween
in-network executionof recursive queriesandtraditional
routing protocols. Basedon this relationship,I propose
investigatingtheuseof recursive queriesfor end-hoststo
customizeroutingprotocols.I planto implementmy pro-
posalsin the context of the PIER [9] system,andstudy
different techniquesto achieve goodperformancein the
system.

ExecutiveSummary
This report covers my thesis-relatedwork to date, and
presentstentativeplans for the dissertation. My quals
presentationwill follow this documentfairly closely.
The report is structured as follows. After intro and
background(Sections1 and2), I providea brief summary
of my 3 papers on p2p keyword search (Section 3),
which inform my later work. Sections4 and 5 begin
the discussionof the core of the thesis, presentinga
fairly detailedbut preliminaryreportonusingdistributed
recursive queries for routing, which is taken from my
recentHotNetssubmission.Section6 presentsa tentative
plan of action, which very likely includesmore material
thanI will wantto pursuein mydissertation.

1 Intr oduction

ThecurrentInternetarchitectureadoptshost-centric1 pro-
tocolsde�ned in termsof IP addresses.Thesimplicity of
its communicationparadigmhascontributedgreatlyto its
scalabilityandef�ciency. However, theInternetdoesnot

1The terms“host-centric” and “data-centric”are derived from a
VLDB 2003keynotetalk givenby ScottShenker.

provideadequatesupportfor anincreasingnumberof ap-
plications.This includesapplicationsthatinvolve �nding
dataobjectswhoselocationscannotbeeasilydetermined
within the currentInternetarchitecture.In addition,be-
causetheroutingfunctionalityis embeddedin theInternet
infrastructureitself, applicationshave little control over
the path followed by their packets. The lack of control
over routing haslimited the ability of the infrastructure
to evolve andmeetthe demandsof new applicationsor
providenew services.

To addressthe �rst limitation on objectlocation,there
have beenrecentproposalsfor data-centricoverlay net-
works. Theseoverlay networks are layeredon top of
the existing Internetarchitecture.They have the impor-
tant property that they achieve data independence[8],
by allowing users to name and query data regardless
of their locations. Thesenetworks also utilize decen-
tralizedpeer-to-peer(p2p) protocolsthat allows themto
run ef�ciently at Internetscale.DistributedHashTables
(DHTs) [2, 27, 29, 26, 33, 25] are an exampleof p2p
overlaynetworksthatprovidedataindependenceat Inter-
netscale.While DHTs solve thescalableobjectlocation
problem,they donotaddressthesecondlimitation on the
lackof routing�e xibility .

In this work, I proposeexploring thesynergy between
query processingand routing in data-centricp2p net-
works. In particular, I proposethe use of declarative
queries,notonly for queryingnetworks,but alsofor rout-
ing in thesenetworks.To demonstratethissynergy, I pro-
posethefollowing contributions:

� p2p Search: A Comparison Study. First, I ground
this researchby conductinga comparisonstudy of
two alternativep2parchitectures,namelyamoretra-
ditional �ood-basedapproachandtheuseof DHTs.
I basedthiscomparisononademandingquerywork-
load for p2pwebsearchand�le-sharing. Section3
providesanoverview of this comparisonstudy.

� Querying Networks with Recursive Queries.Sec-
ond, in Section4, I proposethe use of recursive
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queries[24] asapowerful interfacefor queryingdis-
tributednetwork graphstructures.Recursivequeries
allow a query result to be de�ned in terms of it-
self. This is particularlyusefulfor queryingnetwork
graphsthat exhibit recursive structures. To query
thesedistributedgraphsover the Internet,I propose
theuseof distributedqueryprocessingtechniquesto
processthesequeries. The foundationof my pro-
posalis the theoryof recursive queryprocessingin
deductivedatabases[1], whichfocusedonsingle-site
systems.TheInternet's uniqueexecutionandappli-
cationenvironmentraisesmany new researchchal-
lenges.Theseincludeef�cient in-network execution
via queryoptimizationandwork-sharingtechniques,
andhandlingdynamicityin the network. I propose
describethesechallengesin moredetailandoutline
somebasicsolutionsin Section4.

� Customizable Routing with Recursive Queries.
Third, in Section5, I proposethe useof recursive
queriesfor end-hoststo customizeroutingprotocols.
I demonstratethe relationshipbetweenin-network
executionof recursive queries,andtraditionalrout-
ing protocolssuchasDistanceVectorandDynamic
SourceRouting[10]. I illustratethe�e xibility of us-
ing declarativequeriesthroughseveralexamplerout-
ing protocols,andshow that thequeryoptimization
andwork-sharingtechniquesdescribedin Section4
areapplicablehere.

I intendto provide theabove mentionedfeaturesin the
context of thePIER[9] system.PIERis arelationalquery
processorthat is designedto run on DHTs. In Section6,
I outline the currentimplementationstatusin PIER, the
researchplan,andproposedtimeline.

2 Background on p2p Networks

There are two basic architecturesfor p2p networks,
namelyunstructured andstructured networks. Unstruc-
turednetworkssuchasGnutella[7] andKazaa[11] have
beenwidely usedin �le-sharing applications.Thesenet-
worksareorganizedin anad-hocfashionandqueriesare
�ooded in the network for a boundednumberof hops
(TTL).

To addressthescalabilityissueswith unstructurednet-
works, therehave beenproposalsto build structurednet-
works,otherwiseknown asDHTs. As its nameimplies,a
DHT providesa hashtableabstractionover multiple dis-
tributedcomputenodes. Eachnodein a DHT canstore
dataitems,andeachitem is indexedvia a lookupkey. At
the heartof the DHT is an overlay routing schemethat
deliversrequestsfor a givenkey to thenodecurrentlyre-
sponsiblefor thekey. This is donewithout globalknowl-
edgeor permanentassignmentof themappingsof keys to

machines.Routingproceedsin a multi-hopfashion;each
nodekeepstrack of a small setof neighbors,androutes
messagesto theneighborthat is in somesense“nearest”
to thecorrectdestination.MostDHTsguaranteethatrout-
ing completesin O(log N ) messagehopsfor anetwork of
N nodes.TheDHT automaticallyadjuststhemappingof
keysandneighbortableswhenthesetof nodeschanges.

3 p2p Search: A ComparativeStudy

To betterunderstandthe performancecharacteristicsof
thesetwo competingp2p architecturesdescribedin Sec-
tion 2, we �rst comparetheir abilities to perform p2p
searchef�ciently . While centralizedsearchenginessuch
asGooglework well, p2psearchis worthstudyingfor the
following reasons.First,searchis acanonicalapplication
familiar to end-users.Second,searchoffersa goodstress
test for p2p architecturesas they involve a large dataset
and many concurrentqueries. Third, p2p searchmight
bemoreresistantthencentralizedsearchenginesto cen-
soringor manipulatedrankings. Last, p2p searchmight
be morerobust thancentralizedsearchasthe demiseof
a single server or site is unlikely to paralyzethe entire
searchsystem.

While unstructurednetworksareeffective for locating
highly replicateditems, they are lessso for rare items.
Theotheralternative is to useinvertedindexeson DHTs.
However, DHTsmayincursigni�cant bandwidthfor pub-
lishing the content,andfor executingmorecomplicated
searchqueriessuchasmultiple-attributequeries.Despite
signi�cant researchefforts to addressthe limitations of
both unstructuredand DHT searchtechniques,there is
still no consensuson the bestp2p designfor searching.
We performa comparisonbasedon two well-known p2p
searchworkloads,namelywebsearch and�le-sharing.

3.1 WebSearch

Full-text keyword searchof the Web is arguablyoneof
the most important Internet applications. It is also a
hard problem, given the stringentuser latency require-
ments(on the orderof seconds)andthe sizeof the doc-
umentsinvolved(4 billion documentsbasedon Google).
In [14], weanalyzedthefeasibilityof usingbothunstruc-
turednetworksandDHTs to performingp2pwebsearch.
Thefeasibility studiedwascarriedout usingback-of-the-
envelopecalculationsbasedon the reportedquery load
anddocumentsizesof Google,andthe estimatedbisec-
tion bandwidthof the Internet. The calculationscon-
cludedthatboth �ooding andDHTs would consumetoo
muchbandwidthfor the averageweb query. In fact, be-
causeof thesheersizesof the invertedlists, it is cheaper
to �ood the entirenetwork with queries,ratherthanuse
DHTs. While the DHT approachis lessdesirable,it is
moreamenableto improvementsby applyingwell-known
optimizationtechniquesfor fastinvertedlist intersections.
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A combinationof optimizationsandcompromiseson the
qualityof resultsbringtheDHT approachwithin feasibil-
ity rangefor p2pWebsearch.

3.2 File-Sharing

Unlikewebsearch,�le-sharing is a lessdemandingwork-
load,dueto thefewer numberof documentsandthe less
stringentuserrequirements.The inverted�les are also
smaller, sinceonly �lenamesandmetadataof �les needto
be indexed. Hence,given the lessdemandingworkload,
thereis opendebatewhetherDHTs areeven requiredin
this environment. We attemptto addressthe question
on a numberof fronts in the following papers[18, 20].
First, we highlight the strengthsand weaknessesof un-
structuredp2pnetworksvia anextensive empiricalanal-
ysis of the Gnutellanetwork. we performedlive, dis-
tributedmonitoringof theGnutellanetwork via multiple
machinesspreadacrossthe two continentsin the Plan-
etLabtestbed[22]. We gatheredextensive tracesof the
network's graphstructure,its queryworkload,andits �le
contents.Oneof thekey observationsis thatreplicationof
�les in thenetwork followsa long-taileddistributionwith
a moderatenumberof “popular” �les containingmany
replicasin the network, and a long tail of many “rare”
�les containingfew replicas.Given thatobservation,we
observe that the �ooding-basedapproachin unstructured
networksis anef�cient, simplesolutionfor �nding copies
of popular�les, but haspoorlatency andresultquality for
queriesthatfocuson rareitems.

Second,we describePIERSearch, our implementation
of DHT-basedkeyword querying. PIERSearchis an ap-
plicationbuilt on top of PIER[9], a DHT-basedInternet-
scalerelationalquery enginewe have built. The DHT-
basedapproachdoesprovide betteranswersin termsof
query recall, but can requiremore network overheadto
“publish” �les by keyword into theDHT, andto perform
distributedjoinsof keywordlistsatqueryprocessingtime.

Basedon the analysisof the workloadand solutions,
weproposeasimplehybrid approachfor high-qualityp2p
search,in which PIERSearchis usedto build a partial in-
dex [28] overonly therareitemsin theGnutellanetwork.
Queriesare handledin a hybrid manner: popularitems
arefoundvia thenative Gnutellaprotocol,andrareitems
arefoundvia PIERSearch.

We provide an analyticalmodelto studythe potential
bene�ts of a universaldeployment of PIERSearchbun-
dled with Gnutella. Using this model togetherwith the
Gnutellatraces,we studythetrade-off betweenqueryre-
call andsystemoverheadof the hybrid system.In addi-
tion, we proposeandcomparea varietyof techniquesfor
oneof thekey challengesin thehybrid solution:correctly
identifying the “rare” �les that shouldbe indexed in the
DHT.

Finally, we implementedthis solution by modifying
the open-sourceLimeWire [15] Gnutellasoftware,com-
bining it with PIERSearch.we ran the implementation
on �fty PlanetLab[22] nodesacrosstwo continents,par-
ticipating live in the Gnutellanetwork; the addition of
PIERSearchalongsideGnutella– evenonalimited subset
of Gnutellanodes– demonstratesnotablebene�ts in both
latency andrecallfor queriesthatfocuson rareitems.

4 Querying Network Graphs with Recursive
Queries

Muchof thestateof theInternet,andtheapplicationsrun-
ning on top of it, is capturedin graphstructures,ranging
from physicallinks, routingtables,multicasttrees,hyper-
link structuresandpeer-to-peerlink graphs. Processing
of informationstructuredasgraphsis asigni�cant partof
theproblemof monitoringandmanagingsuchsystems.

A recursive query[24] allows a queryresultto be de-
�ned in termsof itself. Suchqueriesareparticularlyuse-
ful for queryingrelationshipsin graphsthat themselves
exhibit recursivestructures.Declarativequeriesongraphs
canbeachievedonly with recursivequeries,whichwerea
topic of intenseresearchin databasetheorycirclesin the
80'sandearly'90's.

As an exampleapplication,recursive queriescan be
usedto monitor the structuralpropertiesof Gnutella,a
systemthat we measuredextensively asdescribedin the
previoussection.Thetypeof monitoringqueriesinclude
thosethat computethe diameter, robustness(numberof
pathsbetweentwo nodes),andsearchhorizon(nodesthat
arereachablewithin aboundednumberof hops)statistics.
Someusefulsearchhorizonstatisticsincludethenumber
of �les sharedby all nodeswithin thehorizon,thenumber
of free-loaderswithin thehorizon,theaveragenumberof
�les storedper node,the mostpopular�les in the hori-
zon,andsoon. Theknowledgeof thegraphtopologycan
alsobeusedto improve searchingin Gnutella,by routing
the searchquerytowardshigherdegreenodesinsteadof
�ooding.

Another example application is the use of recursive
queriestomonitorthestructuralpropertiesof DHTsunder
churn.Theimportantmetricsincludedynamicresilience,
andaveragepathlength. DynamicResilienceis thenum-
ber of routablelive pathsbetweenany two DHT nodes.
Average Path Lengthis the averagenumberof hopsbe-
tweenany two DHT nodes.

Recursive queriescan also be usedto perform web
crawls. Interestedreadersarereferredto [21] on our pro-
totypeimplementation.

4.1 ExecutionModel

Recursivequeriescanbeprocessedeitherin acentralized
or distributedfashion.Centralizedapproacheswould re-
quire servers to periodicallygathernetwork information
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from the infrastructure.Eachquerywould thenbe sent
to oneor moreof theseservers,which would processthe
queriesusingtheir internaldatabasesandreturntheresult
to thequerier.

An alternative that we explore in this proposalis to
executethe queriesin the infrastructurein a distributed
fashion.This alternative ensuresthatour approachscales
organicallywith thenumberof nodes,andadheresto the
spirit of decentralizationin theInternetitself. In thiscase,
eachnoderunsa general-purposequeryprocessing.An
exampleof suchasystemis PIER[9].

4.2 Factsfor Query Processing

To executequeries,eachnodemaintainslocalinformation
directly accessibleby thelocal queryprocessor. Initially,
this local informationconsistsof thepropertiesassociated
with thenodeitself, andof thelinks to its neighbors.This
local informationis typically storedat thenodeitself, or
availableto thenodevia a wrapper. To keepwith theter-
minology in deductive databases,we will refer to local
informationasbasefacts. Speci�cally, the formatof the
basefactsis asfollows:

� node(nodeID, ...). A node factsstoresinformation
on a nodein the network. The nodeID�eld is typ-
ically the routing addressof the node. nodeIDcan
bea logical address(suchasDistributedHashTable
(DHT) [2] identi�er), a web URL or a physical ad-
dress(IP Address). Other �elds representingnode
metrics(e.g.load)mayalsobeincluded.

� link(source, destination, ...). The routing table is
representedasa setof link facts,wherea l ink fact
representsanedgefrom sourceto destination. Other
�elds representinglink metrics(e.g.delay, lossrate,
bandwidth)mayalsobeincluded.

Each fact is stored at the addressindicated by the
underlinedaddress�eld. During query execution, the
query processorsgenerateintermediatedata, called de-
rived facts. Derived factsarespeci�ed by thequery, and
eitherstoredlocally or sentto a neighborof thecomput-
ing nodefor further processing.In addition to the base
andderivedfacts,aqueryprocessorgeneratesresultfacts
thatarepartof thequeryanswer.

4.3 The Basics:From Datalog to Query Plans

We begin the discussionwith the textbook exampleof a
recursive query: the graphtransitive closure,which can
be usedto computenetwork reachability. Using this ex-
ample,we will introducethesyntaxof Datalog,show the
generationof aqueryplanfrom Datalog,andstepthrough
the communicationpatternsof running the query plan
within anetwork. Last,weshow thattheexecutionof the

queryresemblesthe well-known pathvectoror distance
vectorroutingprotocols.

4.3.1 DatalogProgram Syntax

Datalogis similar to Prolog,but hews closerto thespirit
of declarative queries,exposing no imperative control.
Each Datalog program consistsof a set of declarative
rulesandqueries. Following theProlog-like conventions
usedin [24], namesfor facts,predicates,function sym-
bols andconstantsbegin with a lower-caseletter, while
variablesnamesbegin with anupper-caseletter. A Data-
log rulehastheform< head> :- < body> , wherethebody
is a list of predicatesoverconstantsandvariables,andthe
headde�nesasetof factsderivedby variableassignments
satisfyingthebody'spredicates.A queryis justaspeci�c
ruleof interestasoutput.A Datalogprogramconsistsof a
setof rulesandaquery;typically therulesreferenceeach
otherin a cyclic fashionto expressrecursion.Presented
with aprogram,aDatalogsystemwill �nd all possibleas-
signmentsof factsto unboundvariablesin thequerythat
satisfytherulesin theprogram.

The �rst example,the Network-Reachability program,
takes as input link facts, and computesthe set of all
paths(representedby pathfacts). In all theexamples,S,
D, C andP abbreviate the source, destination, costand
pathVector �elds respectively for both the link andpath
facts.As before,theaddress�elds indicatingthelocation
of the factsareunderlined. We begin the discussionby
lookingonly at thepartof thequerywritten in blacktext,
ignoringthegraytext for amoment.
NR1: path(S,D,P,C) :- link(S,D,C),

P = concatPath(link(S,D,C),nil).
NR2: path(S,D,P,C) :- link(S,Z,C1),

path(Z,D,P2,C2),
P = concatPath(link(S,Z,C1),P2),
C = C1 + C2.

Query: path(S,D,P,C).

The above programworks asfollows. Rule NR1 pro-
ducesnew one-hoppathsfrom existing link facts,storing
themat thesourcenode.RuleNR2 recursively produces
path factsof increasinglengthby matchingthe destina-
tion �elds of existing links to the source�elds of previ-
ously computedpaths; the new path factsare storedat
at thesourcenode. Thematchingis expressedusingthe
two “Z” �elds in link(S,Z,C1) andpath(Z,D,P2,C2) in rule
NR2. Intuitively, ruleNR2expressesthatif thereis a link
from nodeSto nodeZ, andthereis a pathfrom thesame
nodeZ to nodeD, then theremust be a pathnodeS to
nodeD.

Thequerydoesnotimposearestrictiononeithersource
or destinationas both S and D are unboundvariables.
Hence,the programcomputesthe full transitiveclosure
containingpathfactsbetweenall possiblepairsof reach-
ablenodes.If theprogramis only interestedin thepaths

4



for nodeb, thenthe querywould be path(b,D,P,C), with
thesource�eld boundedto constantb.

We now focuson theremaininggrayportionsof rules
NR1andNR2. TheexpressionP = concatPath(L,P1) is a
predicatethat is satis�ed if P is thepathvectorproduced
by prependinglink L to theexisting pathvectorP1. With
thegrayadditions,rulesNR1 andNR2 alsocomputethe
total pathcosts,andthepathvectorsthemselves.

4.3.2 Query Plan Generation

Dup(path)


path(
S
,D,P,C)


link.D=path.S


path.S


link(
S
,D,C)


link.D
 Dup(path)


(link.S,path.D,concatPath((link.S,link.D),

path.P),link.C+path.C) as path(S,D,P,C)


Figure 1: QueryExecutionPlan for theNetwork-Reachability
Program.

Figure1 showsaquery“plan” for theDatalogprogram.
A queryplanisadata�ow diagramconsistingof relational
operatorsand arrows indicating the �o w of facts. The
transformationto thisqueryplanis asfollows. RuleNR1
is a simplerenamingof existing link factsto pathfacts,
andthis is shown by therightwardarrow from link(S,D,C)
to path(S,D,P,C).

Rule NR2 requiresa relationaljoin operatorto match
the destination�elds of link facts (l ink :D ) with the
source�elds of existing path facts(path:S). The �elds
usedfor matchingarea resultof variableuni�cation of
the common“Z” �elds in rule NR2. The join operator,
representedby the./ symbol,matcheslink andpathfacts
from the inputs on the appropriateattributes. The pro-
jection operator, representedby the � symbol, takes as
input the outputof the join anda list of �elds, extracts
andrenamesonly thelisted�elds to form its outputfacts.
The Dup operatorremovesduplicatefactsfrom its input
stream.Note thatunlike many textbookqueryplans,the
data�ow hereformsa cycle,which capturestherecursive
useof thepathrulede�nition in thequery.

The clouds in the �gure are requiredonly when the
queryplanis executedin a distributedfashion.They rep-
resentthe forwardingof factsfrom onenodeto another,
andarelabeledwith thedestinationnode.The�rst cloud
(l ink :D ) shipslink factsto the nodesindicatedby their
destinationaddress�elds, in orderto join with matching
path factsstoredby their sourceaddress�elds. Thesec-
ondcloud(path:S) shipsnew path factscomputedfrom
thejoin backto their sourcenodesfor furtherprocessing.
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Figure 2: Nodesin thenetworkare running thequeryplan in
Figure 1. p(S,D,P,C) abbreviatespath(S,D,P,C) and l(S,D,C)
abbreviateslink(S,D,C). Link costsin theexampleare setto 1,
andhencepathcostis equalto thenumberof hops. l'(S,D,C)
refers to link factsthat are shippedandcachedat thedestina-
tion nodes.Onlynew pathfactsgeneratedat each iterationare
shown.

4.3.3 Query Plan Execution

Whenthequeryplan is executed,the �o w of factsin the
network enablesnodesto exchangethe routing informa-
tion necessaryto computethe query results. Figure 2
shows theresultingcommunicationpatternfor executing
the queryplan in Figure1 on all nodesin the network.
The exampleis basedon a directedgraph,althoughthis
discussionappliesto bothdirectedandundirectedgraphs.

Thecommunicationoccursin stages,whereeachstage
or iteration representsa “round of communication”,in
which all nodesexchangefactsfrom the previous itera-
tion. Eachiterationrepresentsthetraversalof a“cloud” in
Figure1. The �rst iterationderivessingle-hoppathfacts
from the�rst rule of theprogram.It doesthis by travers-
ing thel ink :D cloud,whichshipslink factsto theaddress
in theirdestination�eld, wherethey arecachedfor thedu-
rationof thequery2. Becausethequeryhasno recursion
on the l ink table, all subsequentiterationsinvolves the
other cloud (path:S). In the 2nd iteration, the shipped
link factsare joined with existing one-hoppath factsto
producetwo-hoppathfacts.Thesefactsarethensentback
to thesourcenodes(thepath:S cloud)andthree-hoppath
factsarecomputed.Thequeryis completedafterk itera-
tions,wherek is thediameterof thenetwork. To illustrate
further, westepthroughthecommunicationnecessaryfor
thecomputingthepathfactp(b,f,[b,e,f],2) for nodeb:

1. Nodeb shipsl(b,d,1) to d. It is storedasl'(b,d,1) at
noded for thedurationof thequery.

2. The query processorat node d joins l'(b,d,1)

2For undirectedgraphs,this iterationof shippinglink factscanbe
avoidedby addinganextra rule l ink (S; D ; C) = l ink (D ; S;C).
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and p(d,f,[d:f],1) to produce the new path fact
p(b,f,[b,d,f],2).

3. p(b,f,[b,d,f],2) is shippedbackto nodeb.

At nodeb, l'(a,b,1) is joinedwith p(b,f,[b,d,f],2) to pro-
ducep(a,f,[a,b,d,f],3)which is shippedto nodea.

4.3.4 Path Vector or DistanceVector Protocol

Thecomputationof theabove queryresemblesthecom-
putationof the routing tablein a pathvectoror distance
vectorprotocol. The computationstartswith the source
computingits initial reachableset(which consistsof all
neighborsof the source)andshippingit to all its neigh-
bors.In turn,eachneighborupdatesthereachablesetwith
its own neighborhoodset,andthenforwardstheresulting
reachableset to its own neighbors.The distancevector
computationcanbe expressedwith minor modi�cations
to thepreviousprogram(modi�cationsin bold):

DV1: path(S,D,D,C) :- link(S,D,C),
P = concatPath(link(S,D,C),nil).

DV2: path(S,D,Z,C) :- link(S,Z,C2),
path(Z,D,W,C1),
C = C1 + C2.

DV3: shortestLength(S,D,min< C> ) :- path(S,D,Z,C)
DV4: nextHop(S,D,Z,C) :- path(S,D,Z,C),

shortestLength(S,D,C)
Query: nextHop(S,D,Z,C).

Aggregateconstructsarerepresentedasfunctionswith
argumentswithin anglebrackets(<> ). DV1 andDV2 are
modi�ed from theoriginal rulesNR1 andNR2 to ensure
thatthepathfactmaintainsonly thenext hopon thepath,
ratherthantheentirepathvectoritself3. DV3 andDV4 are
addedto setup theroutingstatenextHop(S,D,Z,C)stored
at nodeS, whereZ is the next hop on the shortestpath
to nodeD. The main differencebetweenthis queryand
theactualdistancevectorcomputationis that ratherthan
sendingindividual pathfactsbetweenneighbors,the tra-
ditional distancevectormethodbatchestogethera vector
of costsfor all neighbors.

4.4 Challenges

Unlike traditional deductive databases,network graphs
are large, distributed,dynamic,andoften basedon soft
state.Thesepropertiespresentnew, practicallygrounded
researchchallenges.The metricsthat traditionaldeduc-
tivedatabasesusedincludethenumberof I/Os,CPUcon-
sumptionandthenumberof factsgenerated.In contrast,
the metricsthat areimportantin the distributedenviron-
mentincludesbandwidthcommunicationandlatency.

3TheW�eld in DV2 representsthenext-hopto nodeD from inter-
mediatenodeZ, andcanbe ignoredby nodeS in computingits next
hopto nodeD.

Basedon theNetwork-Reachability example,we have
further identi�ed the following challengesthat will need
to beaddressed:

� Ef�ciency: Can Datalogqueriesbe executedef�-
ciently in a distributedsystem?It appearsthat the
answerto thisquestionhingesontwo sub-questions.
Canplangenerationtechniquesbeadaptedor devel-
opedto enableDatalogqueriesto performwell in a
largenetwork system?And, giventhat therewill be
many queriesissuedconcurrently, how canthework
doneby previousor concurrentqueriesbereusedin
orderto reduceredundantwork?

� Handling Dynamicity in Networks: Giventhatthe
network is dynamicandthequeriescanbelong run-
ning, how cantherobustnessandaccuracy of query
resultsbeef�ciently maintained?

� Expressing Routing Protocols: The example
above demonstratethe relationshipbetweenrecur-
sive queryexecutionandthedistancevectorrouting
protocol.Canthis languagebeusedto expressother
usefulrouting protocols?If so, what is the expres-
sivenessandlimitationsof this language?

In theremainingof thissection,wewill addressthe�rst
two challenges,andrevisit theissueof expressingrouting
protocolsin Section5.

4.5 Query Optimization Techniques

In thissection,weaddressthechallengeof generatingef-
�cient queryplansfrom the declarative queries.We uti-
lize four well-known queryoptimizationtechniquesused
in centralizeddeductive databasesystems,and discuss
how usefulthey will bein generatingef�cient queryplans
in a distributedenvironment. They areaggregateselec-
tions, magic setsrewriting, left-right recursion rewriting
andthesquaringalgorithm.

In addition, we addresspreviously unexplored chal-
lengesintroducedby our environment, which requires
work-sharingamonga diversesetof queriesfor scalabil-
ity.

4.5.1 Pruning UnnecessaryPaths

A naive executionof querieswith aggregatesrequiresthe
enumerationof all possiblepaths. This can be avoided
with aggregateselections[30]. To illustrate,in Figure2,
thereare two differentpathsfrom nodeb to nodef, but
only the shorterof the two is requiredwhencomputing
shortestpaths. By maintaininga “min-so-far” aggregate
valuefor the currentshortestpathcost from nodeb, we
canavoid sendingpathfactsto neighborsif weknow they
cannotresultin theshortestpath.Suchpruningbasedon
runningaggregatesonly works for monotonicfunctions
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like min or max. Aggregateselectionsresult in signi�-
cantsavingsfor densenetworks,wheretherecanbemany
pathsbetweenany two nodes.

4.5.2 Limited Sourcesand Destinations

The Network-Reachability example in Section 4.3 re-
quiresall nodesto participatein the queryplan. This is
overkill whenonly a subsetof nodeswant to know their
reachableset. A programrewrite techniquecalledmagic
setsrewriting [3] canbeusedto limit querycomputation
to only a portion of the graph,basedon the nodesissu-
ing thequery. For example,if nodesb ande aretheonly
nodesissuingthepathquery, the rewritten exampleis as
follows:

MRR1: magicSources(D) :- magicSources(S),
link(S,D,C).

MRR2: path(S,D,P,C) :- magicSources(S),
link(S,D,C),
P = concatPath(link(S,D,C),nil).

MRR3: path(S,D,P,C) :- magicSources(S),
link(S,Z,C1),
path(Z,Y,P2,C2),
P = concatPath(link(S,Z,C1),P2),
C = C1 + C2.

MRR4: magicSources(b).
MRR5: magicSources(e).
Query: path(N,M,P,C).

As before,modi�cations indicatedin bold aremadeto
rulesNR1 andNR2. After therewrite, only nodesreach-
ablefrom b ande needto participatein this query. The
programcanbefurtheroptimizedby combiningcommon
sub-rulesin MRR1, MRR2 andMRR3. Magic setscan
alsobeusedto limit computationsby destinations,or by
bothsourceanddestinationnodesconcurrently.

4.5.3 Left-Right RecursionRewrite

In Figure2, supposenodeb is theonly sourcenode.Even
with theuseof magicsets,thepathsfor nodesg, f andd
arecomputedbeforesourcenodeb cancomputeits paths.
wecanavoid thisextracomputationby rewriting thepro-
gramusingleft recursion:
#include(MRR2, MRR4, MRR5)

MLR1: path(S,D,P,C) :- magicSources(S),
path(S,Z,P1,C1),
link(Z ,D,C2),
P = concatPath(P1, link(Z,D,C2)),
C = C1 + C2.

Query: path(N,M,P,C).

# incl ude is a macrousedto includeearlierrules.Ex-
ecutingtheprogramin aleft-linearfashionbearsclosere-
semblanceto dynamicsourcerouting. This approachre-
ducescommunicationoverheadby computingonly there-
quiredpathsfor thesourcenodesb ande. Eachnodecom-
putesnew path factsby recursively following the links

alongall reachablepaths,anddoesnot dependon paths
generatedby neighboringnodes.Hence,themaindraw-
backof this approachis that sourcenodesdo not share
the pathscomputedamong themselves even when the
pathsoverlap. This leadsto redundantwork asthenum-
ber of sourcenodesincreases.The redundancy may be
moreapparentfor densenetworkssincetherewill bemore
overlappingpathsamongdifferentsourcenodes.In gen-
eral,onewould likeanoptimizerto automaticallychoose
whetherto useleft or right recursion(or, moregenerally,
theorderof predicateevaluationin therules).

4.5.4 ReducingResult Latency

All of the previous examplesgeneratepathsof increas-
ing hopcountsateachiteration.Thenumberof iterations
requiredto completethequeryis henceequivalentto the
diameterof thenetwork. Therearealternative evaluation
techniquessuchasthe squaringalgorithm [31], that re-
ducesthenumberof iterationsto logarithmic thediame-
ter of thenetwork, by generatingpathsof length1, 2, 4,
8, etc. The reductionin iterationscomesat the expense
of increasedmessagingoverhead.Squaringalgorithmis
generallyusefulfor large-diametersparsegraphs.

4.5.5 Multi-Query Sharing

A key requirementfor scalability is the ability to share
query computationamong a potentially large number
of queries. We �rst considersharing among queries
that utilize identical rules. If all nodesare running the
samequery, usingright-recursionensuresthateachnode
directly utilizes path information sent by neighboring
nodes,henceachieving 100%sharing.

Ontheotherhand,if asmallsubsetof nodesareissuing
thesamequery, usingleft-recursionachieveslower mes-
sageoverhead. To facilitate sharingamongnodesissu-
ing thesamequery, previously computedfactsarereused
whenever possible.For example,revisiting the example
network in Figure2, if noded's computedpathfactsare
materialized(computedandstored)andstoredin thenet-
work, they canbereusedby bothnodesb ande, andhence
avoid multiple traversalsof thepathd ! f ! g. Further
sharingis achievedif theresultingpathfactsaresentback
via thereversepathbackto thesourcenodeto bereused
by other queries. For example,when nodea computes
its shortestpathto nodeg, thenodeson the reversepath
(nodesb, d, f andg) cancacheinformationontheshortest
path(andsub-paths)to nodeg, to bereusedby subsequent
queries.

Next, we considersharingamongquerieswith differ-
ent rules. For example, considerrunning two variants
of transitive closureprogramswith aggregates,one that
computesshortestpaths,andanotherthatcomputesmax-
�o w paths. We canmerge theseinto a singlevariantof
the Best-Path programby simply tracking two running
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cost attributes(e.g., path length and path capacity)and
checkingtwoaggregateselections(e.g.,min(path-length),
max(capacity)).

The merged programwill shareall path exploration
acrossthe queries. Aggregateselectionscontinueto be
applicable,but canonly prunepathsthatsatisfybothag-
gregate selections;pruning is effective when the selec-
tionsarecorrelated.A challengefor thequeryprocessor
is to predictor discovercorrelatedmetricsacrossdifferent
queries,andmergerulesappropriatelyto facilitatesharing
andjoint pruning.

4.6 Handling Dynamicity in Networks

In practice,queryresultsareexpectedto beusedfor ape-
riod of time. Theseresultsmaybe invalidatedastheun-
derlying network changes.Somebasicmechanismsare
availableto handlethis issueeffectively; wesketchanap-
proachhere.

Eachbasefactshouldbemaintainedassoft-statewith
anassociatedtimeout. A smallertimeoutensuresfresher
resultsat theexpenseof moremessagingoverhead.The
basefactsareperiodically renewed with new values,or
deletedwhenexpired.Derivedfactscomputedusingbase
factsshouldbetimestampedbasedon theoldestbasefact
usedin thecomputation,sothat they expire whenany of
their componentsexpire.

To ensurethat new factstrigger only incrementalre-
computations,theintermediatestateof eachquerycanbe
retainedin the network until the query is no longer re-
quired.This intermediatestateincludesany shippedfacts
usedin join computation,and any intermediatederived
facts. This stateis deletedat the end of the query, or
whenever thebasefactsexpire,whichever is earlier. With
a bit of subtletyin the queryprocessingalgorithms,the
insertionof a new basefact shouldonly trigger a mini-
mal incrementalcomputationto updatethe currentstate
of queryexecution.

5 Customizable Routing with Recursive
Queries

In thecurrentInternetarchitecture,theroutingfunctional-
ity is embeddedin the infrastructurewith end-hostshav-
ing little controlover thepathfollowedby their packets.
This limits the ability of the infrastructureto evolve and
meetthedemandsof new applicationsor providenew ser-
vices. Several solutionshave beenproposedto address
thisproblem.Thesesolutionsrangefrom separatingrout-
ing from theforwardinginfrastructure[13], enablingend-
hoststo choosetheir pathsat the AS level [32], or even
computingarbitraryroutes[4].

In thisproposal,weexploreanapproachin whichend-
hostsusedeclarativequeriesto expressroutingprotocols.
Theseprotocolsare then executedby the nodesin the
routinginfrastructure.

Theuseof a declarative querylanguagehasa number
of attractive featuresfor routing. First, it is an attempt
to achieve a sweetspot betweenexpressivenessand se-
curity. Datalogoffersmore�e xibility thanmostexisting
solutionsin its ability to naturallyexpressa largevariety
of routing protocols,as we demonstratein Section5.2.
Ontheotherhand,it is lessgeneralthanrunningarbitrary
codein Active Networks [4], but asa resultcanbemore
safelyanalyzedandexecuted.

We also show that declarative queriesneednot ham-
per the ef�ciency of traditionalprotocols. For example,
in theearlierSection4.3,weshow thatin thesimplecase
whenall end-hostsissuethe sameDatalogqueryto �nd
theshortestpathsto othernodes,thecommunicationcost
toexecuteall thesequeriesis roughlyequalto thecommu-
nicationcostof a traditionaldistance-vectorroutingpro-
tocol. In addition,our simulationresultsin [19] demon-
stratethat when only a subsetof nodesissuethe same
query, thecommunicationcostcanbefurtherloweredus-
ing automaticqueryoptimizationtechniques.

Finally, weobservethatmultiplealternativealgorithms
for route discovery have tradeoffs dependingon con-
straintsin the speci�cation of the routing query, on the
presenceor absenceof otherqueriesin the network and
on thenetwork topology. This variability providesstrong
motivation for the useof declarative languagesandrun-
timequeryoptimizationin routingprotocols.

5.1 Comparisonwith ActiveNetworks

At one extreme, our proposalcan be viewed as an in-
stantiationof Active Networks: userswrite programs,
andnodesin thenetwork executetheseprograms.How-
ever, our proposalis morerestrictive thantraditionalAc-
tive Network proposals. Datalog is a side-effect-free
language,limited to polynomialtime computations[12].
Thisrestrictsthepotentialfor erroneousor maliciousstate
modi�cation andresourceconsumption.Like any query
language,Datalogis logic-basedandamenableto arange
of staticchecking.Finally, ourproposalis concernedonly
with processingonthecontrolandnot thedataplane.De-
spitetheserestrictions,wedemonstratein Section5.2that
Datalog is suf�ciently expressive for a large variety of
routingprotocols.

5.2 ExampleQueries

In its purest form, Datalog has the ability to express
most polynomial-timecomputations[12]. Most imple-
mentationsof Datalogenhanceit with a limited set of
function calls, including booleanpredicates,arithmetic
computationsand simple string manipulation(e.g. the
concatPath function).

To illustratethe�e xibility of Datalog,we provide sev-
eralexamplesof usefulroutingprotocols.To demonstrate
the easeof use,we presentthe examplesincrementally,
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startingfrom thebaserulesNR1andNR2from Network-
Reachability examplein Section4.3, andaddingsimple
modi�cationsto createnew routingprotocols.

5.3 Best-Path Routing

By addingtwo rulesBPR1andBPR2,thefollowing Best-
Path programcomputesthebestpathfor thepathmetric
C:
#include(NR1,NR2)

BPR1: bestPathCost(S,D,AGG< C> ) :- path(S,D,P,C).
BPR2: bestPath(S,D,P,C) :- bestPathCost(S,D,C),

path(S,D,P,C).
Query: bestPath(S,D,P,C).

We have left theaggregationfunction(AGG) unspec-
i�ed. By changingAGG andthe way that the pathcost
C is computed,the Best-Path programcangeneratebest
pathsbasedonany metric,suchasaveragelink cost,least
total aggregate nodeload, averagelink bandwidth,etc.
For example,if thequeryis usedfor computingtheshort-
estpaths,min is the appropriatereplacementfor AGG
in rule BPR1. The resultingbestPath factsarestoredat
the sourcenodes,andareusedby end-hoststo perform
sourcerouting. Thetwo addedrulesBPR1andBPR2do
not resultin extramessagesbeingsentbeyondthosegen-
eratedby rulesNR1 andNR2. This is becausepathfacts
computedby rulesNR1 andNR2 arestoredat thesource
nodes,andbestPathCostandbestPath factsaregenerated
locally at thosenodes.

Insteadof computingthe bestpath betweenany two
nodes,we canalsocomputeanypathor theBest-kpaths
betweenany two nodes.We canfurtherextendthe rules
by including constraintsthat enforcea QoSrequirement
speci�ed by end-hosts.For example,we canrestrictthe
set of pathsto thosewith costsbelow a loss or latency
thresholdk by addinganextraconstraintC< k to therules
NR1andNR2.

5.3.1 Policy-BasedRouting

Eachindividual nodecan customizeits own local rules
thatrepresentpolicy decisionswithin its own routingdo-
main. For example,certainnodesmay refuseto carry
traf�c for someother nodes. We can expressthis kind
of policy constraintby addinganadditionalrule:
#include(NR1,NR2)

PBR1: permitPath(S,D,P,C) :- path(S,D,P,C),
excludeNode(S,W),
: inPath(P,W).

Query: permitPath(S,D,P,C).

In this program,excludeNode(S,W) is a fact that rep-
resentsthe fact thatnodeSdoesnot carryany traf�c for
nodeW. Theprogramincludesa functioninP ath(P; W)
that returnstrue if nodeW is alongthe pathvectorP. If
BPR1andBPR2are includedasrules,we cangenerate

Best-Path thatmeetstheabovepolicy. Otherpolicy based
decisionsinclude not trusting the pathsreportedby se-
lectednodes,or insisting that somepathshave to pass
throughoneor multiplepre-determinedsetof nodes.

Datalogmay be suitablefor expressingrouting logic
usedin BGP inter-domainrouting protocol,asproposed
recentlyin [6]. Weplanto explorethis in futurework.

5.3.2 Dynamic SourceRouting

All of thepreviousexamplesusewhat is calledright re-
cursion,sincetherecursive useof path in therule (NR2,
DV2) appearsto theright of thematchingl ink . Thequery
semanticsdo not changeif we �ip theorderof path and
l ink in the body of theserules,but the executionstrat-
egy doeschange.In fact,usingleft recursionasfollows,
we achieve the Dynamic SourceRouting (DSR) proto-
col [10]:
#include(NR1)

DSR1: path(S,D,P,C) :- path(S,Z,P1,C1),
link(Z ,D,C2),
P = concatPath(P1,
link(Z,D,C2)),
C = C1 + C2.

Query: path(N,M,P,C).

Rule NR1 producesnew one-hoppathsfrom existing
link factsas before. Rule NR2 matchesthe destination
�elds of newly computedpathfactswith thesource�elds
of link facts.This requiresnewly computedpathfactsbe
shippedby their destination�elds to �nd matchinglinks,
henceensuringthateachsourcenodewill recursively fol-
low the links along all reachablepaths. The computed
pathsarealsoshippedbackto thesourcenodes.

5.3.3 Disjoint PathsRouting

One limitation of Datalogis the inability to expressthe
Best-k-Disjointpathsbetweentwo speci�ed nodes.This
problemis known to be NP-complete. A heuristicap-
proachgreedily generatesone disjoint path at a time,
keeping track of previously discovered nodesN from
sourceS as avoidNodes(S,N) facts. To illustrate, the
following programcomputesk (hopefully good) node-
disjointpathsfrom nodea to nodeb:
#include(BPR1,BPR2)

DPR3: path(S,D,P,C) :- link(S,D,C),
P=concatPath((link(S,D,C),nil),
: avoidNodes(S,D).

DPR4: path(S,D,P,C) :- link(S,Z,C1),
path(Z,D,P2, C2),
P=concatPath(link(S,Z,C1), P2),
C=C1+C2,
: avoidNodes(S,Z).

DPR5: avoidNodes(S,N) :- node(N),
bestPath(S,D,P,C),
inPath(P,N), N6= S,N6= D.

Query: bestPath(a,b,P,C)
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Each invocationof the programproducesa bestPath
fact. ThenodesalongthepathVector�eld for thenewly
producedbestPath fact areaddedasavoidNodesderived
facts,and the programis executedup to k times to get
k disjoint paths. To expressedge-disjointpaths,instead
of addingavoidNodes, we canaddavoidEdgesfactsand
modify theprogramto avoid theseedges.

5.4 Simulation Results

We presenta preliminaryevaluationvia simulation. The
simulationcomputesnew factsbasedon thequerywork-
load,andidenti�es thosefactsthatneedto beshippedat
eachiterationduringqueryexecution.Theinput network
is a connectedundirectedgraphof size1000,with 3000
randomlinks. The input queryis theshortestpathquery
with aggregateselectionsandmagicsetsrewrite. Ourex-
perimentsvary the numberof nodesissuingthe queries,
andcountthenumberof messages(facts)incurredduring
the executionof the queries. In all our experiments,the
baselineusesright recursionto executethe queryandis
labeledasRight-Full in all graphs.Right-Full computes
all-pairsshortestpathsregardlessof thenumberof nodes
issuingthe query, andresemblesthe computationof the
routingtablein apathvectoror distancevectorprotocol.
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In Figure3, the Right-Full baselineincursa per-node
messageoverheadof 1800 messages. Left-AllResults
andLeft-NoResultsshow theper-nodemessageoverhead
of using left recursionin query execution, where each
sourcequery node computesits own shortest-pathsin-
dependentlyof othernodes.Left-AllResultsincludesthe
costof returningall computedshortest-pathresults,while
Left-NoResultsdoesnot includethecostof returningany
results;The pair is usedto provide an upperand lower
boundrespectively whenthenumberof destinationsspec-
i�ed in thequeryvariesfrom 0 to 1000.Ourexperimental
result shows that when thereare few sourcesanddesti-
nationnodesinvolved in the queries,the messageover-
headcan be much lower comparedthan computingall-
pairsshortestpaths. However, as the numberof source
nodesincreases,themessageoverheadincreaseslinearly,
even exceedingRight-Full at 600 and900 sourcenodes
respectively dueto thelackof sharing.

In Figure4, we examinetheeffectsof work-sharingto

reduceredundantcomputationwhenusingleft recursion.
Here,welimit eachqueryto asourceanddestinationpair.
Left-NoShare andLeft-Share show themessageoverhead
of left recursionwithout andwith sharing. Sharingoc-
curswhenqueryresultsarecachedon thereversepathas
describedin Section4.5.5for useby subsequentqueries.
Whenthepercentageof destinationnodesinvolvedin the
queriesis low (1% Dst), the cachehit rate is high. As
thepercentageof destinationnodesincreases(50%Dst),
the cachehit rate is lowered,and hencelesssharingis
achieved. The bottomline is asfollows: whenthereare
few sourceanddestinationnodesissuingthesamequery,
notonly is thecommunicationcostof usingleft recursion
lower comparedto computingall-pairsshortestpaths,it
canbefurtherreducedwith work-sharingtechniques.

The simulation results demonstratethat the optimal
queryplanis affectedby thenumberof nodesissuingthe
samequery. Otherfactorssuchasthepresenceof differ-
entquerieswith correlatedmetricsandthenetwork topol-
ogymayalsoaffect thechoiceof queryplan.

6 Curr ent Statusand Research Plan

The proposedwork is divided into two categories. The
�rst category is Infrastructur e, andthis involvesadding
recursive query processingand optimizationfunctional-
ity to PIER. The secondcategory is Applications, and
this involvesdeploying applicationsthatutilize therecur-
sive queryfunctionality in PIER.I aim to submitat least
two papers,onefor eachcategory to conferencessuchas
NSDI, SIGCOMM,SIGMODandVLDB.

For the Infrastructurecategory, PIER currently pro-
videsthe supportof cycles in queryplansnecessaryfor
recursive data�ows. As a starting point, I have com-
posed“hand-optimized” PIER query plans (expressed
asdata�ows) for queriesto computereachability, short-
est pathsand network diameterqueries. These“hand-
optimized”data�ows have beentestedandbenchmarked
in simulations. Detailedsimulationresultsareavailable
in the techreport[16]. The simulationresultsshow that
selectingthe bestexecutionstrategy basedon the query
workloadandnetwork topologycanleadto signi�cant re-
ductionin communicationoverheadandlatency.

For the Applications category, I have experimented
with recursive crawl queries expressedusing PIER
data�ows. Thequeriesperformdistributedcrawls of both
the Gnutellanetwork andthe web. Detailsof the imple-
mentationsof thesecrawls are available at the tech re-
ports[17,21]. Oncethenetwork informationis extracted,
monitoring queriesdescribedin Section4 on the struc-
tural propertiesof the networks canbe issuedvia PIER.
Thesequeriescurrentlyrunfor ashortperiodof time,and
have not yet beenextendedto handleexpiration of old
data.
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In view of the currentstatus,I proposethe following
timelinein thenext two sections.

6.1 Infrastructur eTimeline

Infrastructur ePhaseI (Sept2004- Dec2004)will gear
towardsaddingthebasicfunctionalityin orderto startde-
velopingoneof the applicationsin its entirety. The im-
portantfeaturesin phaseI include:

� Hand-Optimized Data�o ws: This phasehasbeen
completed. We have implementedleft-recursive,
right-recursive, magic-setsand squaringalgorithm
data�ows for reachable,shortest-pathsandnetwork
diameterqueries.Detailsof theactualdata�ow dia-
gramsandsimulationresultsareavailablein [16].

� Tradeoffs in Query Plans: I have completeda pre-
liminary studyvia simulationof thetradeoffs in dif-
ferentqueryplans(representedasdata�ows) while
varying the number of nodesparticipating in the
query, and the network densityand size. Thereis
morework to bedonehere,speci�cally on perform-
ing theexperimentson anactualtestbedlike Planet-
Lab, andunderstandingthe tradeoffs in greaterde-
tail.

� BasicSharing: Currently, noneof thework-sharing
techniquesdiscussedin Section4.5.5have beenim-
plementedin PIER. As a �rst step,I intend to im-
plementandstudywork-sharingtechniquesamong
querieswith identicalrules.

� Basic Support for Long Running Queries: PIER
allows queriesto beexecutedover a periodof time.
However, there is remainingwork left in ensuring
that derived and result facts are timestampedcor-
rectly, asthenetwork changes.

Infrastructur e PhaseII (Jan 2005- Dec 2005)con-
sistof “advanced”featuresthatareoptional,but will en-
hancethe performanceandeaseof usability of applica-
tions. This phasewill involve moreopen-endedresearch
topicsthatmaynotbecompletelysolvedwithin thetime-
line. Thefeaturesinclude:

� Datalog parser: This is a straightforward imple-
mentationof a Datalog parser. I intend to take
a ready-madeparserused in traditional deductive
databasesystems[23, 5] andmakemodi�cationsac-
cordingly.

� Automatic Plan Generation: Givena Datalogpro-
gram,I intendto explore techniquesto generatean
ef�cient queryplan automatically. I expectthat my
investigation will raiseseveral interestingissuesas

thereareseveralvariablesaffectingtheperformance
of any given plan. My goal is to conducta reason-
ablygoodstudyof thetradeoffs of differentplansas
thequeryworkloadandnetwork conditionschange,
andprovide suf�cient mechanismstowardsgenerat-
ing “good” plans.I expectthattherewill beroomfor
futurework in thisareabeyondthedissertation.

� Enhanced Sharing: This involves sharingacross
differentquerieswith eithersomecommondatalog
rulesor rulesthat involve correlatedmetrics. I con-
siderthis anadvancedfeaturethat is only studiedin
greaterdetail if timepermits.

6.2 Applications Timeline

Applications PhaseI (Nov 2004- Aug 2005)consistof
thefollowing:

� CustomizableRouting Infrastructur e: This is the
main driving applicationthat exercisesmostof the
queryoptimizationandwork-sharingtechniquesde-
scribedin Section4. Besidesinfrastructuresupport,
thereremainsmuch work to be donehere, includ-
ing a DHT wrapperto extract routingtablesof each
node,tools to measurelink metrics,etc. I hopeto
leveragecurrenttools available in building a Rout-
ing Servicefor theInternetIndirectionInfrastructure
(i3) [13] project. I expectthis applicationto take up
thebulk of my time in theapplicationsphase.

� Gnutella Monitoring Tool: With muchof the dis-
tributedcrawler infrastructurein place,therearetwo
main featuresrequiredfor a long-runningversion
of the crawler. First, the crawler now performsa
naive distribution by IP addressto parallelizethe
crawl amongPIER nodes. I intend to explore the
use of a partitioning schemebasedon geographic
proximity. Second,the distributed crawler should
not �ood theGnutellanetwork with messages.One
of thechallengeswith PlanetLabis to useits power
carefully: early on, the experimentson performing
a distributedcrawl of Gnutellaraisedwarning�ags
amongsystemadministratorsbecausethey resem-
bledmaliciousnetwork behavior. Appropriaterate-
limiting featuresneedto be in placefor thecrawler
to work over a long periodof time. I hopethat this
monitoringtool cangenerateinterestamongthe In-
ternetmeasurementcommunity.

Applications PhaseII (Sept2005- Dec2005)consists
of optionalapplications.Theseincludethedecentralized
focusedwebcrawler, anda comprehensive studytheper-
formanceof DHTsunderchurnusinglong-runningrecur-
sive queries.Oncetheinfrastructureis stable,I intendto
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proposetheseapplicationsasadvancedundergraduateor
graduatelevel classprojectsto beworkedon in collabo-
rationwith otherstudents.

A key partof thesuccessof this thesisis to enablemy
ideasto in�uence thenetworking community. As a start,
I have submitteda HotNetspaperadvocatingthe useof
recursivequeriesfor routing.Wealsohopeto haveatleast
oneof theapplicationsrunningasaserviceonPlanetLab.

6.3 Wrap up

I have allocatedtheremainingsix to eightmonths,start-
ing from Jan2006to wrap up my thesiswork, write the
dissertationandattendjob interviews.
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