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Abstract

| proposeheuseof recursivequeries[24] asaninterface
for queryingdistributednetwork graphstructuresRecur

sive queriesallow a queryresultto be de ned in terms
of itself. Thisis particularlyusefulfor queryingnetwork

graphsthat exhibit recursve structures. To querythese
distributed graphsover the Internet,| proposeusingdis-

tributedqueryprocessingechniquedo procesgecursve

queries. | further demonstratehe relationshipbetween
in-network executionof recursve queriesandtraditional
routing protocols. Basedon this relationship,l propose
investigating the useof recursve queriesfor end-hostgo

customizeoutingprotocols.l planto implementmy pro-

posalsin the context of the PIER [9] system,and study
differenttechniquegdo achiese good performancen the
system.

Executive Summary

This report covers my thesis-elatedwork to date and

presentstentativeplans for the dissertation. My quals
presentationwill follow this documentfairly closely

The report is structured as follows. After intro and

badkground(Sectiondl and?2), | providea brief summary
of my 3 papes on p2p keyword search (Section3),

which inform my later work. Sections4 and 5 begin

the discussionof the core of the thesis, presentinga

fairly detailedbut preliminaryreportonusingdistributed
recuisive queriesfor routing which is taken from my
recentHotNetssubmissionSection6 presents tentative
plan of action, which very likely includesmore material
than! will wantto pursuein mydissertation.

1 Intr oduction

Thecurrentinternetarchitecturedoptshost-centrié pro-
tocolsde ned in termsof IP addressesThe simplicity of
its communicatiorparadigmhascontritutedgreatlyto its
scalabilityandef ciency. However, the Internetdoesnot

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

provide adequatsupportfor anincreasinghumberof ap-
plications. This includesapplicationghatinvolve nding
dataobjectswhoselocationscannotbe easilydetermined
within the currentinternetarchitecture.In addition, be-
causedheroutingfunctionalityis embeddedh thelnternet
infrastructureitself, applicationshave little control over
the pathfollowed by their paclets. The lack of control
over routing haslimited the ability of the infrastructure
to evolve and meetthe demandf new applicationsor
provide new services.

To addresghe rst limitation on objectlocation,there
have beenrecentproposaldor data-centricoverlay net-
works. Theseoverlay networks are layeredon top of
the existing Internetarchitecture. They have the impor
tant property that they achiere data independencg8],
by allowing usersto nhame and query data regardless
of their locations. Thesenetworks also utilize decen-
tralized peerto-peer(p2p) protocolsthat allows themto
run efciently at Internetscale. DistributedHashTables
(DHTS) [2, 27, 29, 26, 33, 25] are an example of p2p
overlay networksthatprovide dataindependencat Inter-
netscale.While DHTs solve the scalableobjectlocation
problem,they do notaddresshe secondimitation onthe
lack of routing e xibility.

In this work, | proposeexploring the synegy between
query processingand routing in data-centricp2p net-
works. In particular | proposethe use of declaratie
queriesnotonly for queryingnetworks, but alsofor rout-
ing in thesenetworks. To demonstrat¢his synegy, | pro-
posethefollowing contrikutions:

p2p Search: A Comparison Study. First, | ground
this researchby conductinga comparisonstudy of
two alternatve p2parchitectureshnamelyamoretra-
ditional ood-basedapproachandthe useof DHTSs.
| basedhis comparisoronademandingyuerywork-
load for p2pweb searchand le-sharing. Section3
providesanoverview of this comparisorstudy

Querying Networks with Recursive Queries. Sec-
ond, in Section4, | proposethe use of recursive



querieq24] asa powerful interfacefor queryingdis-

tributednetwork graphstructuresRecursve queries
allow a query resultto be de ned in terms of it-

self. Thisis particularlyusefulfor queryingnetwork

graphsthat exhibit recursve structures. To query
thesedistributedgraphsover the Internet,l propose
theuseof distributedqueryprocessingechniqueso

processthesequeries. The foundationof my pro-

posalis the theoryof recursve queryprocessingn

deductve databasef], whichfocusednsingle-site
systems.The Internets uniqueexecutionandappli-

cationervironmentraisesmary new researckchal-

lenges.Theseincludeef cient in-network execution
via queryoptimizationandwork-sharingechniques,
andhandlingdynamicityin the network. | propose
describethesechallengesn moredetailandoutline

somebasicsolutionsin Sectior4.

Customizable Routing with Recursive Queries.
Third, in Section5, | proposethe useof recursve
gueriedor end-host$o customizeoutingprotocols.
| demonstratehe relationshipbetweenin-network
executionof recursve queries,andtraditional rout-
ing protocolssuchasDistanceVectorand Dynamic
SourceRouting[10]. | illustratethe e xibility of us-
ing declaratve querieghroughseveralexamplerout-
ing protocols,andshav thatthe queryoptimization
andwork-sharingtechniquegiescribedn Section4
areapplicablehere.

| intendto provide theabore mentionedeaturesn the
contt of the PIER[9] system PIERIs arelationalquery
processothatis designedo run on DHTs. In Section6,
| outline the currentimplementationstatusin PIER, the
researctplan,andproposedimeline.

2 Background on p2p Networks

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

To addresghe scalabilityissueswith unstructuredet-
works, therehave beenproposalgo build structurednet-
works,otherwiseknown asDHTSs. As its nameimplies,a
DHT providesa hashtableabstractiorover multiple dis-
tributed computenodes. Eachnodein a DHT canstore
dataitems,andeachitemis indexedvia alookupkey. At
the heartof the DHT is an overlay routing schemethat
deliversrequestdor a givenkey to the nodecurrentlyre-
sponsiblefor thekey. Thisis donewithout globalknowl-
edgeor permanenassignmenof themappingof keysto

machinesRoutingproceedsn a multi-hopfashion;each
nodekeepstrack of a small setof neighborsandroutes
messageto the neighborthatis in somesensé'nearest”
tothecorrectdestinationMost DHTsguarante¢hatrout-
ing completesn O(log N ) messagéopsfor anetwork of
N nodes.The DHT automaticallyadjuststhe mappingof
keys andneighbortableswhenthe setof nodeschanges.

3 p2p Search: A Comparative Study

To betterunderstandhe performancecharacteristicof
thesetwo competingp2p architectureslescribedn Sec-
tion 2, we rst comparetheir abilities to perform p2p
searchef ciently. While centralizedsearchenginessuch
asGooglework well, p2psearchs worth studyingfor the
following reasonsFirst, searchis a canonicalpplication
familiarto end-usersSecondsearchoffersa goodstress
testfor p2p architecturesasthey involve a large dataset
and mary concurrentqueries. Third, p2p searchmight
be moreresistanthencentralizedsearchengineso cen-
soring or manipulatedrankings. Last, p2p searchmight
be morerobust than centralizedsearchas the demiseof
a single sener or site is unlikely to paralyzethe entire
searclsystem.

While unstructurechetworks are effective for locating
highly replicateditems, they are lessso for rare items.
The otheralternatve is to useinvertedindexeson DHTSs.
However, DHTsmayincursigni cant bandwidthfor pub-
lishing the content,andfor executingmore complicated
searchgueriessuchasmultiple-attritute queries.Despite
signi cant researchefforts to addresghe limitations of
both unstructuredand DHT searchtechniquesthereis
still no consensu®n the bestp2p designfor searching.
We performa comparisorbasedon two well-known p2p
searchworkloads namelywebsearch and le-sharing.

3.1 WebSearch

Full-text keyword searchof the Web is arguably one of
the most important Internet applications. It is also a
hard problem, given the stringentuser lateny require-
ments(on the orderof secondshandthe size of the doc-
umentsinvolved (4 billion documentdbasedon Google).
In [14], we analyzedhefeasibility of usingbothunstruc-
turednetworksandDHTSs to performingp2pwebsearch.
Thefeasibility studiedwascarriedout usingback-of-the-
ervelope calculationsbasedon the reportedquery load
anddocumentsizesof Google,andthe estimatedisec-
tion bandwidthof the Internet. The calculationscon-
cludedthat both ooding and DHTs would consumeoo
muchbandwidthfor the averageweb query In fact, be-
causeof the sheersizesof theinvertedlists, it is cheaper
to ood the entire network with queries,ratherthanuse
DHTs. While the DHT approachis lessdesirable,it is
moreamenabléo improvementdy applyingwell-known
optimizationtechniquegor fastinvertedlist intersections.



A combinationof optimizationsandcompromise®n the
quality of resultsbringthe DHT approactwithin feasibil-
ity rangefor p2pWebsearch.

3.2 File-Sharing

Unlike websearch,le-sharingis alessdemandingvork-
load, dueto the fewer numberof documentsandthe less
stringentuserrequirements. The inverted les are also
smaller sinceonly lenamesandmetadataf les needto
beindexed. Hence,given the lessdemandingvorkload,
thereis opendebatewhetherDHTs are even requiredin
this ervironment. We attemptto addressthe question
on a numberof frontsin the following papers[18, 20].
First, we highlight the strengthsand weaknessesf un-
structuredp2p networks via an extensve empiricalanal-
ysis of the Gnutellanetwork. we performedlive, dis-
tributed monitoringof the Gnutellanetwork via multiple
machinesspreadacrossthe two continentsin the Plan-
etLabtestbed[22]. We gatheredextensvie tracesof the
network's graphstructurejts queryworkload,andits le
contents Oneof thekey obsenrationsis thatreplicationof
les in thenetwork follows along-taileddistribution with
a moderatenumberof “popular” les containingmary
replicasin the network, and a long tail of mary “rare”
les containingfew replicas. Giventhat obsenation, we
obsene thatthe ooding-basedapproachn unstructured
networksis anef cient, simplesolutionfor nding copies
of popular les, buthaspoorlateny andresultquality for
guerieghatfocusonrareitems.

Secondwe describePIERSeath, ourimplementation
of DHT-basedkeyword querying. PIERSearchs an ap-
plicationbuilt ontop of PIER[9], a DHT-basednternet-
scalerelationalquery enginewe have built. The DHT-
basedapproachdoesprovide betteranswersn termsof
queryrecall, but canrequiremore network overheadto
“publish” les by keyword into the DHT, andto perform
distributedjoins of keywordlistsatqueryprocessingime.

Basedon the analysisof the workload and solutions,
we proposea simplehybrid approacHor high-qualityp2p
searchjn which PIERSearcls usedto build a partialin-
dex [28] overonly therareitemsin the Gnutellanetwork.
Queriesare handledin a hybrid manner: popularitems
arefoundvia the native Gnutellaprotocol,andrareitems
arefoundvia PIERSearch.

We provide an analyticalmodelto studythe potential
bene ts of a universaldeployment of PIERSearchun-
dled with Gnutella. Using this modeltogetherwith the
Gnutellatraceswe studythe trade-of betweergueryre-
call andsystemoverheadof the hybrid system.In addi-
tion, we proposeandcomparea variety of techniquedor
oneof thekey challengesn thehybrid solution: correctly
identifying the “rare” les thatshouldbe indexedin the
DHT.

Finally, we implementedthis solution by modifying
the open-sourcd&.imeWire [15] Gnutellasoftware,com-
bining it with PIERSearch.we ran the implementation
on fty PlanetLalf22] nodesacrosgwo continentspar
ticipating live in the Gnutellanetwork; the addition of
PIERSearclalongsideGnutella— evenonalimited subset
of Gnutellanodes- demonstratesotablebene tsin both
lateng andrecallfor querieshatfocuson rareitems.

4 Querying Network Graphs with Recursive
Queries

Much of thestateof thelnternet,andtheapplicationgun-
ning on top of it, is capturedn graphstructuresranging
from physicallinks, routingtables multicasttrees hyper
link structuresand peerto-peerlink graphs. Processing
of informationstructuredasgraphss a signi cant partof
the problemof monitoringandmanagingsuchsystems.

A recursve query[24] allows a queryresultto be de-

ned in termsof itself. Suchqueriesareparticularlyuse-

ful for queryingrelationshipsin graphsthat themseles
exhibit recursie structuresDeclaratve queriesongraphs
canbeachiezedonly with recursve querieswhichwerea
topic of intenseresearchn databas¢heorycirclesin the
80'sandearly'90's.

As an example application,recursve queriescan be
usedto monitor the structuralpropertiesof Gnutella,a
systemthatwe measuredaxtensiely asdescribedn the
previous section. The type of monitoringqueriesinclude
thosethat computethe diametey robustnesgnumberof
pathsbetweerntwo nodes)andsearcthorizon(nodeghat
arereachablevithin aboundedhumberof hops)statistics.
Someusefulsearchhorizonstatisticsincludethe number
of les sharedy all nodeswithin thehorizon,thenumber
of free-loadersvithin the horizon,the averagenumberof

les storedper node,the mostpopular les in the hori-
zon,andsoon. Theknowledgeof thegraphtopologycan
alsobeusedto improve searchingn Gnutella,by routing
the searchquerytowardshigherdegreenodesinsteadof
ooding.

Another example applicationis the use of recursve
gueriego monitorthestructurapropertief DHTsunder
churn. Theimportantmetricsincludedynamicresilience
andavemage pathlength DynamicResiliencas the num-
ber of routablelive pathsbetweenary two DHT nodes.
Average Path Lengthis the averagenumberof hopsbe-
tweenary two DHT nodes.

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

4.1 Execution Model

Recursie queriescanbe processeeitherin acentralized
or distributedfashion. Centralizedapproachesvould re-
quire senersto periodically gathernetwork information



from the infrastructure. Eachquerywould then be sent
to oneor moreof theseseners,which would processhe
guerieausingtheirinternaldatabaseandreturntheresult
to thequerier

An alternatve that we explore in this proposalis to
executethe queriesin the infrastructurein a distributed
fashion.This alternatve ensureshatour approachscales
organically with the numberof nodesandadherego the
spirit of decentralizatioin theInternetitself. In thiscase,
eachnoderunsa general-purposguery processing.An
exampleof sucha systemis PIER[9].

4.2 Factsfor Query Processing

To executequeriesgachnodemaintaindocalinformation
directly accessibldy thelocal queryprocessarlnitially,
thislocalinformationconsistof thepropertiesassociated
with thenodeitself, andof thelinks to its neighbors.This
local informationis typically storedat the nodeitself, or
availableto the nodevia awrapper To keepwith theter
minology in deductve databaseswe will referto local
informationasbasefacts Speci cally, the formatof the
basefactsis asfollows:

node(nodelD ...). A node factsstoresinformation
on a nodein the network. The nodelD eld is typ-
ically the routing addres=f the node. nodelD can
bealogical addresgsuchasDistributedHashTable
(DHT) [2] identi er), aweb URL or a physical ad-
dress(IP Address). Other elds representingiode
metrics(e.g.load) mayalsobeincluded.

link(source, destination, ...). The routing tableis
representedsa setof link facts,wherealink fact
representanedgefrom souiceto destination Other
elds representindink metrics(e.g.delay lossrate,
bandwidth)mayalsobeincluded.

Each fact is stored at the addressindicated by the
underlinedaddresseld. During query execution, the
guery processorgieneratentermediatedata, called de-
rived facts Derivedfactsarespeci ed by the query and
eitherstoredlocally or sentto a neighborof the comput-
ing nodefor further processing.In additionto the base
andderivedfacts,a queryprocessogeneratesesultfacts
thatarepartof thequeryanswer

4.3 The Basics:From Datalogto Query Plans

We begin the discussionwith the textbook exampleof a
recursve query: the graphtransitve closure,which can
be usedto computenetwork reachability Using this ex-
ample,we will introducethe syntaxof Datalog,shav the
generatiorof aqueryplanfrom Datalog,andstepthrough
the communicationpatternsof running the query plan
within anetwork. Last,we shaw thatthe executionof the

gueryresembleghe well-known pathvectoror distance
vectorrouting protocols.

4.3.1 Datalog Program Syntax

Datalogis similar to Prolog,but hews closerto the spirit
of declaratve queries,exposing no imperatve control.
Each Datalog program consistsof a set of declaratve
rulesandqueries Following the Prolog-like corventions
usedin [24], namesfor facts, predicatesfunction sym-
bols and constantsggin with a lower-caseletter, while
variablesnamesbggin with anuppercaseletter. A Data-
logrule hastheform < head> :- <body>, wherethebody
is alist of predicate®ver constantandvariablesandthe
headde nesasetof factsderivedby variableassignments
satisfyingthebody's predicatesA queryis justaspeci ¢
rule of interestasoutput. A Datalogprogramconsistof a
setof rulesandaquery;typically therulesreferenceeach
otherin a cyclic fashionto expressrecursion. Presented
with aprogramaDatalogsystenwill nd all possibleas-
signmentof factsto unboundvariablesin the querythat
satisfytherulesin the program.

The rst example,the Network-Realgability program,
takes as input link facts, and computesthe set of all
paths(representedby pathfacts). In all the examples,S,
D, C and P abbreviate the source, destination costand
path\éctor elds respectrely for both the link and path
facts.As before theaddresselds indicatingthelocation
of the factsare underlined We beagin the discussiorby
looking only atthe partof thequerywrittenin blacktext,

ignoringthe text for amoment.

NR1: path(SD,PC) :- link(SD,C),

NR2: path(SD,F.C) :- link(§2,&),
path(ZD, )

Query: path(SD,PC).

The above programworks asfollows. Rule NR1 pro-
ducesnewn one-hoppathsfrom existing link facts,storing
themat the sourcenode. Rule NR2 recursvely produces
pathfactsof increasingiength by matchingthe destina-
tion elds of existing links to the source elds of previ-
ously computedpaths;the new path factsare storedat
at the sourcenode. The matchingis expressedisingthe
two“Z” elds in link(§Z,C;) andpath(ZD,P,,C,) inrule
NR2. Intuitively, rule NR2 expresseshatif thereis alink
from nodeSto nodeZ, andthereis a pathfrom the same
nodeZ to nodeD, thentheremustbe a pathnode S to
nodeD.

Thequerydoesnotimposearestrictiononeithersource
or destinationas both S and D are unboundvariables.
Hence,the programcomputeghe full transitiveclosue
containingpathfactsbetweerall possiblepairsof reach-
ablenodes.If the programis only interestedn the paths



for nodeb, thenthe querywould be path(hD,P,C), with
thesourceeld boundedo constanb.

We now focuson the remaining portionsof rules
NR1andNR2. TheexpressiorP = concatRth(L,P1) isa
predicatethatis satis edif P is the pathvectorproduced
by prependindink L to the existing pathvectorP;. With
the additions,rulesNR1 andNR2 alsocomputethe
total pathcosts,andthe pathvectorsthemseles.

4.3.2 Query Plan Generation

Dup(path)
*

ﬂ-' (link.S,path.D,concatPath((link.S,link.D),
path.P),Iink.C+palh.Cl as path(S,D,P,C) /_/

&@h.s

link.D=path.S

,,

link(S,D,C) ——® path(S,D,P,C)

Dup(path)

Figure 1. QueryExecutionPlan for the Network-Realtability
Program.

Figurel shavsaquery“plan” for theDatalogprogram.
A queryplanis adata ow diagramconsistingof relational
operatorsand arrovs indicatingthe ow of facts. The
transformatiorto this queryplanis asfollows. RuleNR1
is a simplerenamingof existing link factsto pathfacts,
andthisis shavn by therightwardarrow fromlink(SD,C)
to path(SD,R,C).

Rule NR2 requiresa relationaljoin operatorto match
the destination elds of link facts (link :D) with the
source elds of existing pathfacts(path:S). The elds
usedfor matchingare a resultof variableuni cation of
the common“Z” elds in rule NR2. The join operatoy
representetly the./ symbol,matchedink andpathfacts
from the inputs on the appropriateattributes. The pro-
jection operatoy representedby the symbol, takes as
input the output of the join anda list of elds, extracts
andrename®nly thelisted elds to form its outputfacts.
The Dup operatorremovesduplicatefactsfrom its input
stream.Note that unlike mary textbook queryplans,the
data ow hereformsa cycle, which capturegherecursve
useof thepathrule de nition in thequery

The cloudsin the gure arerequiredonly when the
gueryplanis executedn adistributedfashion.They rep-
resentthe forwarding of factsfrom onenodeto another
andarelabeledwith the destinatiomode.The rst cloud
(link :D) shipslink factsto the nodesindicatedby their
destinationaddresselds, in orderto join with matching
path factsstoredby their sourceaddresselds. The sec-
ond cloud (path:S) shipsnew path factscomputedfrom

thejoin backto their sourcenodesfor furtherprocessing.

p(ab,[ab].1),
p(acfacll)

p(a,d,[ab,d].2),
p(a.efac.e]2),
pa.efab.el.2)

I'(ab.1)

p(b.d,[b.dL.2), m (o) pleeleely

p(b.e,[b.e],1)
I'c.e,1)

I'(a,c,1)

p(b.f,[b.d/f.2),
p(b.d.[be.d].2)
I'(a,b,1)

p(c.d,[c.e,d]2)
I'(a,c,1)

p(d.g.[d/f.g].2)
I(e,d,1)
I(b,d.1)

p(efledfl2)
I'(c.el),
I'(b,e,1)

p(d.h[d:A,1) @ ledl) @ p(e.dfe.dl.1)

0 r@.LD)
@ rean

1%t Iteration 2 [teration

Figure 2: Nodesin the networkare runningthe queryplanin

Figure 1. p(SD,RC) abbrviatespath(SD,RC) and I(S,D,C)

abbreviateslink(S,D,C). Link costsin the exampleare setto 1,

and hencepath costis equalto the numberof hops.I'(S,D,C)

refeis to link factsthat are shippedand cachedat the destina-
tion nodes.Only new pathfactsgenertedat ead iteration are
shown.

4.3.3 Query Plan Execution

Whenthe queryplanis executedthe o w of factsin the
network enablesnodesto exchangethe routing informa-
tion necessaryto computethe query results. Figure 2
shaws the resultingcommunicatiorpatternfor executing
the queryplanin Figure 1 on all nodesin the network.
The exampleis basedon a directedgraph,althoughthis
discussiorappliesto bothdirectedandundirectedyraphs.

Thecommunicatioroccursin stageswhereeachstage
or iteration represents “round of communication”,in
which all nodesexchangefactsfrom the previous itera-
tion. Eachiterationrepresentthetraversalof a“cloud” in
Figurel. The rst iterationderivessingle-hoppathfacts
from the rst rule of the program.It doesthis by travers-
ingthelink :D cloud,whichshipslink factsto theaddress
in theirdestinationeld, wherethey arecachedor thedu-
ration of the query?. Becausehe queryhasno recursion
on thelink table, all subsequeniterationsinvolvesthe
othercloud (path:S). In the 2" iteration, the shipped
link factsarejoined with existing one-hoppathfactsto
producewo-hoppathfacts. Theseactsarethensentback
tothesourcenodegthepath:S cloud)andthree-hopath
factsarecomputed.The queryis completedafterk itera-
tions,wherek is thediameternf thenetwork. Toillustrate
further, we stepthroughthe communicatiomecessaryor
the computingthe pathfactp(b,f[b,ef],2) for nodeb:

1. Nodeb shipsl(b,d,1)to d. It is storedasl'(b,d,1) at
noded for the durationof the query

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

2For undirectedgraphsthis iterationof shippinglink factscanbe
avoidedby addinganextrarulelink (S;D; C) = link (D; S;C).



and p(df[d:f]l,1) to producethe new path fact
p(b.f[b,d.f],2).

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

At nodeb, I'(a,b,1) is joinedwith p(b.f,[b,d,f],2) to pro-
ducep(af,[a,b,d,f],3)whichis shippedo nodea.

4.3.4 Path Vector or DistanceVector Protocol

The computationof the above queryresembleshe com-
putationof the routing tablein a pathvectoror distance
vectorprotocol. The computationstartswith the source
computingits initial reachableset(which consistsof all
neighborsof the source)and shippingit to all its neigh-
bors.In turn,eachneighbomupdateshereachableetwith
its own neighborhoodet,andthenforwardstheresulting
reachablesetto its own neighbors. The distancevector
computationcan be expressedwith minor modi cations
to the previous program(modi cationsin bold):

DV1: path(SD,D,C):- link(SD,C),
P = concatRith(link(SD,C), nil).
DV2: path(SD,Z,C):- link(§Z,%),
path(ZDW,C,),
C=C; +Co.
DV3: shortestLength(SD,min< C>) :- path(S,D,Z,C)
DV4: nextHop(SD,Z,C) :- path(S,D,Z,C),
shortestLength(SD,C)
Query: nextHop(SD,Z,C).

Aggregateconstructarerepresentedsfunctionswith
amgumentswvithin anglebraclets(<> ). DV1 andDV2 are
modi ed from the original rulesNR1 andNR2 to ensure
thatthe pathfactmaintainsonly the next hoponthepath,
ratherthantheentirepathvectoritself®. DV3 andDV4 are
addedo setup therouting statenextHop(SD,Z,C) stored
at nodeS, whereZ is the next hop on the shortestpath
to nodeD. The main differencebetweenthis query and
the actualdistancevectorcomputationis thatratherthan
sendingindividual pathfactsbetweemeighborsthetra-
ditional distancevectormethodbatchegogethera vector
of costsfor all neighbors.

4.4 Challenges

Unlike traditional deductve databasesnetwork graphs
are large, distributed, dynamic,and often basedon soft

state. Thesepropertiepresennew, practicallygrounded
researckchallenges.The metricsthat traditional deduc-
tive databasessedincludethenumberof I/Os, CPUcon-

sumptionandthe numberof factsgeneratedln contrast,
the metricsthat areimportantin the distributed environ-

mentincludesbandwidthcommunicatiorandlateng.

*TheW eld in DV2 representthenext-hopto nodeD from inter-
mediatenodeZ, andcanbeignoredby nodeSin computingits next
hopto nodeD.

Basedon the Network-Readgability example,we have
furtheridenti ed the following challengeghatwill need
to beaddressed:

Ef ciency: Can Datalogqueriesbe executedef-
ciently in a distributed system? It appearghat the
answetto this questiorhingesontwo sub-questions.
Canplangeneratiortechniquede adaptedr devel-
opedto enableDatalogqueriesto performwell in a
large network system?And, giventhattherewill be
mary queriesssuedconcurrentlyhow canthework
doneby previousor concurrenfqueriesbereusedn
orderto reduceredundantvork?

Handling Dynamicity in Networks: Giventhatthe
network is dynamicandthe queriescanbelongrun-
ning, how cantherobustnessaindaccurayg of query
resultsbeef ciently maintained?

Expressing Routing Protocols: The example
abore demonstratehe relationshipbetweenrecur
sive queryexecutionandthe distancevectorrouting
protocol. Canthis languagebe usedto expressother
usefulrouting protocols?If so, whatis the expres-
sivenessandlimitationsof thislanguage?

In theremainingof thissectionwewill addresshe rst
two challengesandrevisit theissueof expressingouting
protocolsin Section5.

4.5 Query Optimization Techniques

In this sectionwe addresshe challengeof generatingef-
cient queryplansfrom the declaratve queries. We uti-
lize four well-known queryoptimizationtechniquesised
in centralizeddeductve databasesystems,and discuss
how usefulthey will bein generatingf cient queryplans
in a distributed ervironment. They are aggregate selec-
tions magic setsrewriting, left-right recuision rewriting
andthe squaringalgorithm

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

ity.
4.5.1 Pruning UnnecessaryPaths

A naive executionof querieswith aggregjatesrequireshe
enumeratiorof all possiblepaths. This can be avoided
with aggregateselectiond30]. To illustrate,in Figure2,
therearetwo differentpathsfrom nodeb to nodef, but
only the shorterof the two is requiredwhen computing
shortestpaths. By maintaininga “min-so-far” aggrejate
valuefor the currentshortestpath costfrom nodeb, we
canavoid sendingpathfactsto neighborsf we know they
cannotresultin the shortespath. Suchpruningbasedon
running aggreatesonly works for monotonicfunctions



like min or max. Aggregate selectionsresultin signi -
cantsavingsfor densenetworks,wheretherecanbemary
pathsbetweerary two nodes.

4.5.2 Limited Sourcesand Destinations

The Network-Redgability example in Section 4.3 re-

quiresall nodesto participatein the queryplan. Thisis

overkill whenonly a subsetof nodeswantto know their

reachableset. A programrewrite techniquecalledmagic

setsrewriting [3] canbeusedto limit querycomputation
to only a portion of the graph,basedon the nodesissu-
ing the query For example,if nodesb ande aretheonly

nodesissuingthe pathquery the rewritten exampleis as
follows:

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

path(SD,RPC) :- magicSouices(S,
link(§D,C),
P = concatRth(link(SD,C), nil).

path(SD,RC) :- magicSources(S,
link(§Z,C,),
path(ZY,P2,Cy),
P = concatRth(link(SZ,C,),P»),
C=C; +Co.

magicSouices(h.

magicSouices(8.

path(NM,RC).

MRR2:

MRR3:

MRRA4:
MRR5:

Query:

As before,modi cationsindicatedin bold aremadeto
rulesNR1 andNR2. After the rewrite, only nodesreach-
ablefrom b ande needto participatein this query The
programcanbefurtheroptimizedby combiningcommon
sub-rulesn MRR1, MRR2 and MRR3. Magic setscan
alsobe usedto limit computationy destinationspr by
bothsourceanddestinatiomodesconcurrently

4.5.3 Left-Right RecursionRewrite

In Figure2, suppose&odeb is theonly sourcenode.Even
with the useof magicsets,the pathsfor nodesg, f andd
arecomputedeforesourcenodeb cancomputets paths.
we canavoid this extra computatiorby rewriting the pro-
gramusingleft recursion:
#include(MRR2, MRR4, MRR5)
MLR1: path(SD,RC):- magicSouces($S,
path(S,Z,P,,Cy),
link(Z_,D,C,),
P = concatRith(P, link(Z,D,%,)),
C=C; +Cs.
Query: path(NM,RC).

# incl ude is amacrousedto includeearlierrules. Ex-
ecutingthe programin aleft-linearfashionbearsclosere-
semblancéo dynamicsourcerouting. This approachre-
ducescommunicatioroverheady computingonly there-
quiredpathsfor thesourcenodes ande. Eachnodecom-
putesnew pathfactsby recursvely following the links

alongall reachablepaths,and doesnot dependon paths
generatedy neighboringnodes. Hence,the main draw-
back of this approachs that sourcenodesdo not share
the paths computedamongthemseles even when the
pathsoverlap. This leadsto redundanivork asthe num-
ber of sourcenodesincreases.The redundang may be
moreapparenfor densenetworkssincetherewill bemore
overlappingpathsamongdifferentsourcenodes.In gen-
eral,onewouldlike anoptimizerto automaticallychoose
whetherto useleft or right recursion(or, moregenerally
the orderof predicatesvaluationin therules).

4.5.4 ReducingResultLatency

All of the previous examplesgeneratepathsof increas-
ing hop countsat eachiteration. The numberof iterations
requiredto completethe queryis henceequialentto the

diameterof the network. Therearealternatve evaluation
techniquessuchasthe squaringalgorithm [31], that re-

ducesthe numberof iterationsto logarithmic the diame-
ter of the network, by generatingoathsof length1, 2, 4,

8, etc. Thereductionin iterationscomesat the expense
of increasednessagingverhead.Squaringalgorithmis

generallyusefulfor large-diametesparsegraphs.

45,5 Multi-Query Sharing

A key requiremenfor scalability is the ability to share
guery computationamong a potentially large humber
of queries. We rst considersharingamong queries
that utilize identical rules. If all nodesare runningthe
samequery usingright-recursiorensureshateachnode
directly utilizes path information sent by neighboring
nodeshenceachiezing 100%sharing.

Ontheotherhand,if asmallsubsebf nodesareissuing
the samequery usingleft-recursionachiezeslower mes-
sageoverhead. To facilitate sharingamongnodesissu-
ing the samequery previously computedactsarereused
wheneer possible. For example,revisiting the example
network in Figure2, if noded's computedpathfactsare
materialized computedandstored)andstoredin the net-
work, they canbereusedy bothnodes ande, andhence
avoid multiple traversalsof thepathd ! f ! g. Further
sharingis achievedif theresultingpathfactsaresentback
via thereversepathbackto the sourcenodeto bereused
by other queries. For example,whennodea computes
its shortestpathto nodeg, the nodeson the reversepath
(nodedsb, d, f andg) cancachenformationontheshortest
path(andsub-paths)o nodeg, to bereusedy subsequent
queries.

Next, we considersharingamongquerieswith differ-
ent rules. For example, considerrunning two variants
of transitve closureprogramswith aggreates,onethat
computesshortespaths,andanotherthatcomputesnax-
o w paths. We canmeige theseinto a single variant of
the Best-Rath programby simply tracking two running



cost attributes (e.g., path length and path capacity)and
checkingwo aggrejateselectionge.g.,min(path-length),
max(capacity)).

The mewged programwill shareall path exploration
acrossthe queries. Aggregate selectionscontinueto be
applicable but canonly prunepathsthat satisfyboth ag-
gregate selections;pruning is effective when the selec-
tionsarecorrelated.A challengefor the queryprocessor
is to predictor discover correlatednetricsacrosgifferent
gueriesandmeigerulesappropriatelyto facilitatesharing
andjoint pruning.

4.6 Handling Dynamicity in Networks

In practice gueryresultsareexpectedo be usedfor ape-
riod of time. Theseresultsmay beinvalidatedasthe un-
derlying network changes.Somebasicmechanismsre
availableto handlethisissueeffectively; we sketchanap-
proachhere.

Eachbasefact shouldbe maintainedas soft-statewith
anassociatedimeout. A smallertimeoutensuredresher
resultsat the expenseof more messagingverhead.The
basefactsare periodically renaved with new values,or
deletedwvhenexpired. Derivedfactscomputedisingbase
factsshouldbetimestampedbasedn the oldestbasefact
usedin the computationsothatthey expire whenary of
theircomponentgxpire.

To ensurethat new factstrigger only incrementalre-
computationstheintermediatestateof eachquerycanbe
retainedin the network until the queryis no longerre-
quired. Thisintermediatestateincludesary shippedfacts
usedin join computation,and ary intermediatederived
facts. This stateis deletedat the end of the query or
wheneerthebasefactsexpire, whicheveris earlier With
a bit of subtletyin the query processingalgorithms,the
insertionof a new basefact shouldonly trigger a mini-
mal incrementalcomputationto updatethe currentstate
of queryexecution.

5 Customizable Routing with
Queries

In thecurrentinternetarchitecturetheroutingfunctional-
ity is embeddedn theinfrastructurewith end-hostdav-
ing little control over the pathfollowed by their paclets.
This limits the ability of the infrastructureto evolve and
meetthedemand®f new applicationor provide new ser
vices. Several solutionshave beenproposedo address
this problem.Thesesolutionsrangefrom separatingout-
ing from theforwardinginfrastructurg13], enablingend-
hoststo choosetheir pathsat the AS level [32], or even
computingarbitraryroutes[4].

In this proposalwe exploreanapproachn whichend-
hostsusedeclaratve queriesto expressroutingprotocols.
Theseprotocolsare then executedby the nodesin the
routinginfrastructure.

Recursive

The useof a declaratve querylanguagehasa number
of attractve featuresfor routing. First, it is an attempt
to achiere a sweetspot betweenexpressienessand se-
curity. Datalogoffersmore e xibility thanmostexisting
solutionsin its ability to naturallyexpressalarge variety
of routing protocols,as we demonstratén Section5.2.
Ontheotherhand,it is lessgenerathanrunningarbitrary
codein Active Networks[4], but asaresultcanbe more
safelyanalyzedandexecuted.

We also shav that declaratve queriesneednot ham-
per the ef ciency of traditional protocols. For example,
in theearlierSectiord.3,we shaw thatin thesimplecase
whenall end-hostdssuethe sameDatalogqueryto nd
theshortespathsto othernodesthecommunicatiorcost
to executeall thesequerieds roughlyequalto thecommu-
nicationcostof a traditionaldistance-ectorrouting pro-
tocol. In addition,our simulationresultsin [19] demon-
stratethat when only a subsetof nodesissuethe same
guery thecommunicatiorcostcanbe furtherloweredus-
ing automatioqueryoptimizationtechniques.

Finally, we obsene thatmultiple alternatve algorithms
for route discovery have tradeofs dependingon con-
straintsin the speci cation of the routing query on the
presenceor absenceof otherqueriesin the network and
onthenetwork topology This variability providesstrong
motivation for the useof declaratve languagesandrun-
time queryoptimizationin routing protocols.

5.1 Comparisonwith Active Networks

At one extreme, our proposalcan be viewed as an in-
stantiationof Active Networks: userswrite programs,
andnodesin the network executetheseprograms.How-
ever, our proposalis morerestrictive thantraditional Ac-
tive Network proposals. Datalogis a side-efect-free
languagelimited to polynomialtime computationg12].
Thisrestrictsthepotentialfor erroneou®r maliciousstate
modi cation andresourceconsumption.Like ary query
languagepPatalogis logic-basechndamenabldo arange
of staticchecking.Finally, our proposais concerneanly
with processingnthecontrolandnotthedataplane.De-
spitetheserestrictionsywe demonstrate Sectionbs.2that
Datalogis sufciently expressve for a large variety of
routing protocols.

5.2 Example Queries

In its purestform, Datalog has the ability to express
most polynomial-timecomputationg12]. Most imple-
mentationsof Datalogenhancet 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



startingfrom the baserulesNR1 andNR2 from Network-
Reatability examplein Section4.3, andaddingsimple
modi cationsto createnew routing protocols.

5.3 Best-Rath Routing

By addingtwo rulesBPR1andBPR2,thefollowing Best-

Path programcomputeghe bestpathfor the pathmetric

C:

#include(NR1,NR2)

BPR1: bestRthCost($D,AGG< C>) :- path(SD,RPC).

BPR2: bestRth(SD,PC) - bestRthCost(D,C),
path(SD,RC).

Query: bestRth(SD,PC).

We have left the aggreyation function (AGG) unspec-
i ed. By changingAGG andthe way thatthe pathcost
C is computedthe Best-Rth programcangeneratebest
pathsbasednarny metric,suchasaveragdink cost,least
total aggreate nodeload, averagelink bandwidth,etc.
For example,if thequeryis usedfor computingtheshort-
estpaths,min is the appropriatereplacemenfor AGG
in rule BPR1. TheresultingbestRth factsare storedat
the sourcenodes,and are usedby end-hostdo perform
sourcerouting. Thetwo addedrulesBPR1andBPR2do
notresultin extra messagebeingsentbeyondthosegen-
eratedby rulesNR1 andNR2. Thisis becausgathfacts
computeddy rulesNR1 andNR2 arestoredat the source
nodesandbestRthCostandbestRith factsaregenerated
locally atthosenodes.

Insteadof computingthe bestpath betweenary two
nodes,we canalsocomputeany pathor the Best-kpaths
betweenarny two nodes.We canfurther extendtherules
by including constraintghat enforcea QoSrequirement
speci ed by end-hosts.For example,we canrestrictthe
setof pathsto thosewith costsbelow a lossor latengy
thresholdk by addinganextra constrainiC< k to therules
NR1andNR2.

5.3.1 Policy-BasedRouting

Eachindividual node can customizeits own local rules
thatrepresenpolicy decisionswithin its own routing do-
main. For example, certainnodesmay refuseto carry
trafc for someothernodes. We can expressthis kind

of policy constrainty addinganadditionalrule:
#include(NR1,NR2)

PBR1: permitRath(SD,RC) :- path(SD,RC),
excludeNode(SWV),
. inPath(P,W).

Query: permitRath(SD,RC).

In this program,excludeNode(3V) is a fact that rep-
resentghe factthatnodeS doesnot carry ary trafc for
nodeW. The programincludesa functioninP ath(P; W)
thatreturnstrue if nodeW is alongthe pathvectorP. If
BPR1andBPR2areincludedasrules,we cangenerate

Best-Riththatmeetgheabove policy. Otherpolicy based
decisionsinclude not trusting the pathsreportedby se-
lected nodes,or insisting that some pathshave to pass
throughoneor multiple pre-determinedetof nodes.
Datalogmay be suitablefor expressingrouting logic
usedin BGP interrdomainrouting protocol,as proposed
recentlyin [6]. We planto explorethisin futurework.

5.3.2 Dynamic Source Routing

All of the previous examplesusewhatis calledright re-
cursion,sincetherecursve useof path in therule (NR2,
DV2) appearso theright of thematchingink . Thequery
semanticglo not changef we ip theorderof path and
link in the body of theserules, but the executionstrat-
egy doeschange.In fact, usingleft recursion asfollows,
we achiere the Dynamic SourceRouting (DSR) proto-

col [10]:

#include(NR1)

DSR1: path(SD,PC):- path(S,2Z,P1,C;),
link(Z,D,Cy),
P = concatRith(P,
link(Z,D,%,)),
C=C, +GC,.

Query: path(NM,PC).

Rule NR1 producesnew one-hoppathsfrom existing
link factsas before. Rule NR2 matcheshe destination
elds of newly computedpathfactswith the sourceelds
of link facts. This requiresnenly computedpathfactsbe
shippedby their destinationelds to nd matchinglinks,
henceensuringhateachsourcenodewill recursvely fol-
low the links along all reachablegpaths. The computed
pathsarealsoshippedbackto the sourcenodes.

5.3.3 Disjoint Paths Routing

Onelimitation of Datalogis the inability to expressthe
Best-k-Disjointpathsbetweentwo speci ed nodes. This
problemis knowvn to be NP-complete. A heuristicap-
proach greedily generatesone disjoint path at a time,
keepingtrack of previously discorered nodesN from
source S as avoidNodes(Bl) facts. To illustrate, the
following programcomputesk (hopefully good) node-

disjoint pathsfrom nodea to nodeb:
#include(BPR1,BPR2)

DPR3: path(SD,RC) :- link(S§D,C),
P=concatRth((link(SD,C), nil),
: avoidNodes(SD).

DPR4: path(SD,RC):- link(§2,G,),
path(ZD,P,, Cy),
P=concatRth(link(S2,C,), P»),
C=C1+Cy,
. avoidNodes(S2).

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

Query: bestRth(ab,RC)



Eachinvocation of the programproducesa bestRth
fact. The nodesalongthe path\ector eld for the newly
producedbestRith factareaddedasavoidNodeglerived
facts,andthe programis executedup to k timesto get
k disjoint paths. To expressedge-disjoinfpaths,instead
of addingavoidNodeswe canaddavoidEdgsfactsand
modify the programto avoid theseedges.

5.4 Simulation Results

We presenta preliminaryevaluationvia simulation. The
simulationcomputesiew factsbasedon the querywork-
load,andidenti es thosefactsthat needto be shippedat
eachiterationduringqueryexecution. Theinput network
is a connectedindirectedgraphof size 1000, with 3000
randomlinks. The input queryis the shortesipathquery
with aggreateselectionsandmagicsetsrewrite. Our ex-
perimentsvary the numberof nodesissuingthe queries,
andcountthenumberof messagefacts)incurredduring
the executionof the queries. In all our experimentsthe
baselineusesright recursionto executethe queryandis
labeledasRight-Full in all graphs. Right-Full computes
all-pairsshortespathsregardlessof the numberof nodes
issuingthe query andresembleshe computationof the
routingtablein a pathvectoror distancevectorprotocol.
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In Figure 3, the Right-Full baselineincursa pernode
messageoverheadof 1800 messages. Left-AllResults
andLeft-NoResultshav the pernodemessageverhead
of using left recursionin query execution, where each
sourcequery node computesits own shortest-pathdn-
dependenthof othernodes. Left-AllIResultdncludesthe
costof returningall computedshortest-pathesults while
Left-NoResultsioesnot includethe costof returningary
results; The pair is usedto provide an upperand lower
boundrespectiely whenthenumberof destinationspec-
i ed inthequeryvariesfrom 0to 1000.Ourexperimental
resultshows that whenthereare few sourcesand desti-
nation nodesinvolved in the queries,the messagever-
headcan be much lower comparedthan computingall-
pairs shortestpaths. However, asthe numberof source
nodesincreasesthe messageverheadncreasedinearly,
even exceedingRight-Full at 600 and 900 sourcenodes
respectiely dueto thelack of sharing.

In Figure4, we examinethe effectsof work-sharingto
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reduceredundantomputatiorwhenusingleft recursion.
Here,welimit eachqueryto asourceanddestinatiorpair.
Left-NoShae andLeft-Shae shov the messag@verhead
of left recursionwithout and with sharing. Sharingoc-
curswhenqueryresultsarecachedn thereversepathas
describedn Sectiond.5.5for useby subsequenjueries.
Whenthe percentagef destinatiomodesnvolvedin the
queriesis low (1% Dst), the cachehit rateis high. As
the percentagef destinatiomodesincrease$50% Dst),
the cachehit rateis lowered, and hencelesssharingis
achieved. The bottomline is asfollows: whenthereare
few sourceanddestinatiomodesissuingthe samequery
notonly is thecommunicatiorcostof usingleft recursion
lower comparedo computingall-pairs shortestpaths,it
canbefurtherreducedvith work-sharingtechniques.

The simulation results demonstratethat the optimal
gueryplanis affectedby the numberof nodesssuingthe
samequery Otherfactorssuchasthe presencef differ-
entquerieswith correlatedmetricsandthe network topol-
ogy may alsoaffectthechoiceof queryplan.

6 Curr ent Statusand Reseach Plan

The proposedwork is divided into two cateyories. The

rst cateyoryis Infrastructur e, andthis involvesadding
recursve query processingand optimizationfunctional-
ity to PIER. The secondcatayory is Applications, and
thisinvolvesdeploying applicationghatutilize therecur
sive queryfunctionalityin PIER.| aim to submitat least
two paperspnefor eachcateyory to conferencesuchas
NSDI, SIGCOMM, SIGMOD andVLDB.

For the Infrastructurecateyory, PIER currently pro-
videsthe supportof cyclesin query plansnecessaryor
recursve data ows. As a starting point, | 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 beentestedandbenchmarkd
in simulations. Detailedsimulationresultsare available
in thetechreport[16]. The simulationresultsshav that
selectingthe bestexecutionstratgly basedon the query
workloadandnetwork topologycanleadto signi cant re-
ductionin communicatioroverheadandlateng.

For the Applications category, | have experimented
with recursve crawl queries expressedusing PIER
data ows. Thequeriegperformdistributedcrawls of both
the Gnutellanetwork andthe weh Detailsof the imple-
mentationsof thesecrawls are available at the tech re-
ports[17, 21]. Oncethenetwork informationis extracted,
monitoring queriesdescribedn Section4 on the struc-
tural propertiesof the networks canbe issuedvia PIER.
Thesequeriescurrentlyrunfor ashortperiodof time,and
have not yet beenextendedto handleexpiration of old
data.



In view of the currentstatus,l proposethe following
timelinein the next two sections.

6.1 Infrastructur e Timeline

Infrastructur e Phasel (Sept2004- Dec2004)will gear
towardsaddingthe basicfunctionalityin orderto startde-
velopingone of the applicationsin its entirety Theim-
portantfeaturesn phasd include:

Hand-Optimized Data o ws: This phasehasbeen
completed. We have implementedleft-recursve,
right-recursie, magic-setsand squaringalgorithm
data ows for reachableshortest-pathand network
diameterqueries.Detailsof the actualdata ow dia-

thereareseveralvariablesaffectingthe performance
of ary given plan. My goalis to conducta reason-
ably goodstudyof thetradeofs of differentplansas
the queryworkloadandnetwork conditionschange,
andprovide sufcient mechanisms$owardsgenerat-
ing “good” plans.l expectthattherewill beroomfor
futurework in this areabeyondthe dissertation.

Enhanced Sharing: This involves sharingacross
differentquerieswith eithersomecommondatalog
rulesor rulesthatinvolve correlatedmetrics. | con-
siderthis anadwancedfeaturethatis only studiedin
greaterdetailif time permits.

gramsandsimulationresultsareavailablein [16].

Tradeoffsin Query Plans: | have completeda pre-

6.2 Applications Timeline

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

liminary studyvia simulationof thetradeofs in dif-

ferentquery plans(representeds data ows) while

varying the number of nodesparticipatingin the
query andthe network densityandsize. Thereis

morework to be donehere,speci cally on perform-
ing the experimentson anactualtestbedik e Planet-
Lab, and understandinghe tradeofs in greaterde-
tail.

Basic Sharing: Currently noneof thework-sharing
techniquegliscussedn Section4.5.5have beenim-

plementedn PIER. As a rst step,| intendto im-

plementand study work-sharingtechniqguesamong
guerieswith identicalrules.

Basic Support for Long Running Queries: PIER
allows queriesto be executedover a periodof time.
However, thereis remainingwork left in ensuring
that derived and result facts are timestampedcor

rectly, asthe network changes.

Infrastructur e Phasell (Jan 2005- Dec 2005)con-
sistof “advanced’featureghatareoptional,but will en-
hancethe performanceand easeof usability of applica-
tions. This phasewill involve moreopen-endedesearch
topicsthatmaynot be completelysolvedwithin thetime-
line. Thefeaturesnclude:

Datalog parser: This is a straightforvard imple-
mentationof a Datalog parser | intend to take
a ready-madeparserusedin traditional deductve
databassystemg23, 5] andmake modi cationsac-
cordingly

CustomizableRouting Infrastructur e: Thisis the
main driving applicationthat exercisesmostof the
queryoptimizationandwork-sharingtechniquesle-

scribedin Section4. Besidednfrastructuresupport,
thereremainsmuchwork to be donehere,includ-

ing a DHT wrapperto extractroutingtablesof each
node,tools to measurdink metrics,etc. | hopeto

leveragecurrenttools available in building a Rout-
ing Servicefor thelnternetindirectioninfrastructure
(i3) [13] project. | expectthis applicationto take up

thebulk of my time in theapplicationgphase.

Gnutella Monitoring Tool: With muchof the dis-

tributedcrawler infrastructurdan place therearetwo

main featuresrequiredfor a long-runningversion
of the crawler. First, the crawvler now performsa

nawve distribution by IP addressto parallelizethe
cravl amongPIER nodes. | intendto explore the
use of a partitioning schemebasedon geographic
proximity. Second,the distributed crawler should
not ood the Gnutellanetwork with messagesOne
of the challengesvith PlanetLalis to useits power

carefully: early on, the experimentson performing
adistributed crawl of Gnutellaraisedwarning ags

amongsystemadministratorsbecausethey resem-
bled maliciousnetwork behaior. Appropriaterate-
limiting featuresneedto bein placefor the crawler

to work over along periodof time. | hopethatthis

monitoringtool cangeneratanterestamongthe In-

ternetmeasuremerdcommunity

Automatic Plan Generation: Givena Datalogpro-
gram, | intendto explore techniquedo generatean
efcient queryplanautomatically | expectthatmy
investication will raise several interestingissuesas
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Applications Phasell (Sept2005- Dec2005)consists
of optionalapplications.Theseincludethe decentralized
focusedweb crawler, anda comprehense studythe per
formanceof DHTsunderchurnusinglong-runningrecur
sive queries.Oncetheinfrastructurds stable,l intendto



proposetheseapplicationsasadwancedundegraduateor
graduatdevel classprojectsto be worked onin collabo-
rationwith otherstudents.

A key partof the succes®f this thesisis to enablemy
ideasto in uence the networking community As a start,
I have submitteda HotNetspaperadwcatingthe useof
recursve queriedor routing. We alsohopeto have atleast
oneof theapplicationgunningasa serviceon PlanetLab

6.3

Wrap up

| have allocatedthe remainingsix to eight months,start-
ing from Jan2006to wrap up my thesiswork, write the
dissertatiorandattendjob interviews.
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