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Abstract

A Grid Information Service(GIS) stores information
abouttheresourcesof a distributedcomputingenvironment
andanswersquestionsaboutit. We are developingRGIS,a
GISsystembasedon therelationaldatamodel.RGISusers
canwrite SQLqueriesthatsearch for complexcompositions
of resourcesthat meetcollectiverequirements.Executing
thesequeriescanbeveryexpensive, however. In response,
weintroducethenondeterministicquery, anextensionto the
SELECTstatement,which allows the user (and RGIS)to
tradeoff betweenthequery's runningtimeandthenumber
of results.Theresultsarea randomsampleof thedetermin-
istic results,which we argueis suf�cient and appropriate.
Herein we describeRGIS,the nondeterministicquery ex-
tension,andits implementation.Our evaluationshowsthat
a meaningfultradeoff betweenquery time and resultsre-
turnedis achievable, and that the tradeoff can be usedto
keepquerytimelargely independentof querycomplexity.

1 Intr oduction

As thescaleanddiversityof theresources,applications,
andusersinvolvedin Grid computing[12, 15] continuesto
explode,theamountof informationneededto keeptrackof
themgrows commensurately. Simultaneously, applications
needto poseandanswerincreasinglypowerful queriesover
this informationin orderto exploit Grid resourceswell and
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satisfyusers.Grid InformationService(GIS) systemspro-
vide this functionality. Thepossiblemodelsandthedesign
spacefor GISsystemsis large.

Our view of a GIS is that it is a database(in thegeneric
senseof theword) of informationabouttheentitieswithin
a wide areadistributedhigh performancecomputingenvi-
ronment.Examplesof Grid entitiesincludeorganizations,
people,computationalresources(hosts,clusters),commu-
nicationsresources(switches,routers,topologies),services,
benchmarks,software, event channels,sensors,scienti�c
instruments,andothers.A GIS consistsof a setof objects
that representtheseentities,relationshipsbetweenobjects,
andsystemsneededto queryandupdatetheobjectsandre-
lationships. Eachobject hasa uniqueidenti�er, a times-
tamp,anda setof attributes. Updatesto thedatabasetake
theform of additionsor deletionsof objectsandof changes
to theattributesof existingobjects.TheGISmakesupdates
availableto queriesassoonaspossible.It alsomanagesac-
cessto the objects,makingsurethat they areupdatedand
readonly by valid users.It maypresentdifferentviews of
the objectsto differentusers.A moredetaileddescription
of thisview of a GIS is availableelsewhere[25].

We are developing a GIS system,RGIS, that is based
on the relationaldatamodel. Speci�cally, RGIS servers
are implementedon top of the Oracle RDBMS and use
SQL as their query language. Oracle is not a require-
mentof ourapproach—otherRDBMSescouldalsobeused.
RGIS focuseson modelingthe hardwareandsoftwarere-
sourcesof a distributedcomputingenvironment. Informa-
tion streamsfrom dynamicresourcemonitoringandpredic-
tion toolssuchasRPS[7] arecurrentlyoutsideof thescope
of RGIS,althoughRGISdoesmodeltheexistenceandloca-
tion of suchtools.Weplanto extendRGISto provideauni-
�ed querymodeloverresourceandmonitoringinformation.
While mostcomputationalgridstodayarerelatively small,
we intendRGIS to scaleto very large grids, andpossibly
evento thescaleof theInternet.An in-depthdescriptionof
themeritsof auni�ed relationalapproachto GISsystemsis
availableelsewhere[6].

A powerful feature of RGIS is that userscan write
queriesin SQL thatsearchfor complex compositionsof re-
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sources,suchasgroupsof hostsandnetwork resources,that
meetcollective requirements.Thesequeriescan be very
expensive to execute,however. In response,we have intro-
ducedanextensionto theSQLselectstatementthatwecall
thenondeterministicquery. In essence,thenondeterminis-
tic queryextensionallows theuser(andRGIS) to tradeoff
betweentherunningtime of a query(andtheloadit places
onanRGISserver)andthenumberof resultsreturned.The
resultsetis a randomsampleof the resultsetof thedeter-
ministic versionof the query, which we argueis suf�cient
andappropriatefor a GIS. We implementnondeterminis-
tic queriesusinga combinationof queryrewriting, schema
extensions,indices,and randomness.No changesto the
RDBMSareneeded.Combinedwith two otherqueryexten-
sions,scopedqueriesandapproximatequeries,which are
describedelsewhere[22], nondeterministicqueriesmake it
possibleto askcomplex questionsof RGIS andget useful
responsesquickly.

In this paper, we describeRGIS, the nondeterministic
queryextension,andits implementation.We alsopresent
a performanceevaluationof our implementation,populat-
ing our databasewith networks as large as � ve million
hostsusingour GridG [21] grid generatortool. The eval-
uationshowsthatameaningfultradeoff betweenquerypro-
cessingtime andresultsetsizeis possibleusingnondeter-
ministic queries,andthat we canusethat tradeoff to keep
queryrunningtime largely independentof querycomplex-
ity. Theseresultssuggestthatwecandeliverpowerful rela-
tionalqueriesto users.

2 Relatedwork

Thedatamodel,querylanguage,andimplementationof
GISesandsimilar servicesthatstorethe informationabout
networkedresourceshasbeenevolving for sometime.

Today, many sites that provide externally accessible
computingresourcesmake a descriptionof thosemachines
availableaswebpages.Websearchenginesareoftenused
to �nd appropriateresources.This hasbeenaidedsigni�-
cantly by the adventof highly discriminatingsearchalgo-
rithms for arbitrarydocuments,suchasPageRank[3]. By
providing highly structureddata,mostGIS systemsaim to
providemoresophisticatedqueries.

Within the networking community, SLP [36] hasbeen
proposedasa standardfor discoveringservices.TheDNS
nameservice[2] is universallyused.DNSmapsahierarchi-
cal name(a path)to a blob of informationandis typically
usedto resolve hostnamesto IP addresses.Protocolsfor
constructingandqueryinghierarchicaldistributeddatabases
suchasX.500[17] andLDAP [16] canbeviewedasexten-
sionsto this idea,althoughhierarchicaldatabasespredate
DNS.Eachnodeon anLDAP treecanhave multiple typed
attributesassociatedwith it. An LDAP queryis a traversal

of a subtreethat returnsnodeswhoseattributessatisfythe
queryconstraints.Eachsubtreecanbe servicedby a dif-
ferentLDAP server, makingit straightforward to partition
responsibilityandsecurityover multiple sites. In contrast
to theseapproaches,RGISbuildsonarelationaldatamodel
insteadof ahierarchicaldatamodel.

Within the distributed systemscommunity, servicelo-
cation and naming servicesare basic needs. DCE [32],
CORBA [23], andJava'sJini Framework [37] includethese
services.In DCE andCORBA, the serviceandthe query
consistsof a type speci�cation for a procedureor object
(theinterface)andtheresultis matchinginstances.Jini uses
a moregeneraltuple of attribute-valuepairsastheservice
descriptor, anda tupleof attributeconstraintsasthequery.
Onestrandof recentresearch[1, 35, 18, 33] hasfocusedon
timelinesof updatesandon how servicescanpushupdates
to users. Another strandhasfocusedon distributing data
throughoutthe network and thenrouting queriesto likely
nodeswhere matchingdata may resideusing distributed
hashtables[30, 28]. In contrastto thesesystems,RGISat-
temptsto provide compositionalqueries(joins) wherecol-
lectionsof objectsareneededto satisfythequery.

The Grid computingcommunityhasseenan explosion
of work on GIS systems. The most relevant systemsare
Globus MDS2 [5], the CondorMatchmaker [26], and R-
GMA [11]. MDS2 is basedonLDAP andde�nesa schema
(theattributetypes)thatcanbeassociatedwith nodesin the
tree.In contrast,RGISusesarelationaldatamodel.

In the CondorMatchmaker, both resourcesandqueries
arecollectionsof attributesandconstraints.This enables
bilateralmatchmaking,whereboththeresourceownerand
the queriercan constrainwhich resultsare returnedon a
query. Bilateral matchingis a very fast process.Condor
Matchmaker waslaterextendedto supportgang-matching,
meaningthataquerycanbewritten thatrequiresmorethan
oneresourceto besatis�ed [27]. Gang-matchingis imple-
mentedusingprioritized searchwith backtracking,which
is moreexpensive thanthe searchfor bilateralmatchmak-
ing. Recently, Liu andFosterhave proposeda matchmak-
ing schemeanddevelopeda system,Redline,in which the
languagefor constraintsenablesthede�nition of constraint
satisfactionproblems(CSPs)[19]. CSPsareNP-Hardand
aresolvedusingtheheuristictechniquesimplementedin an
underlyingCSPsolver.

R-GMA [11] is close to our work in that it also pro-
posesarelationaldatamodelfor GISsystems.RGISdiffers
from R-GMA in two ways that are relevant to this paper.
First, R-GMA focusescurrentlyon dynamicpropertiesof
resources(e.g.,load),while RGISfocusescurrentlyon rel-
atively staticproperties(e.g.,memory). Both systemsare
evolving to unify staticanddynamicinformation,however.
Thesuccessof R-GMA suggeststhateffectively incorporat-
ing dynamicinformationinto RGISis feasible.Oursecond
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Figure 1. RGIS Structure .

differenceis RGIS's supportfor nondeterministicqueries,
asdescribedhere.

Interestingly, by enablingwhat we call compositional
queries,theCondorMatchmakerwith gang-matching,Red-
line, R-GMA, and RGIS run into the sameproblem: the
explodingcostof queryexecution.Eachsystemdealswith
this problemin a different, heuristicmanner. This paper
describesandevaluatesRGIS's approachto this problem,
which is randomsampling.While therehashasbeencon-
siderablework in how to build randomsamplingdirectly
into databasesystems(Olken's dissertation[24] is a good
introductionto this), reducingcardinalityof results[4], and
incrementalqueries[31], currentdatabasesystemsdo not
supportthesefeatures.RGISbuilds its randomsamplingon
top of unmodi�ed ordinary databasesystemsusingquery
rewriting, schemaextensions,indices,andrandomness.

Effortsto de�ne thebroadstructureof thecomputational
grids[14] andstandardizethespeci�csof interactionamong
components[13] suggestthat thereare roles for multiple
kinds of GIS systems,and that differentsystemscanand
will interoperate.

3 Designof the RGIS system

Figure1 illustratesthestructureof theRGISsystem,fo-
cusingon a singleRGIS server. We expect that eachsite
within a computationalgrid will run one suchserver, al-
thoughmultiple serverspersitecanalsobesupported.The
goalof theRGISserver for asiteis to provideaview of the
computationalgrid appropriateto thatsite's users.A site's
RGISserveris responsiblefor all queriesissuedby userson

thesite.
An RGISserver is built aroundan RDBMS system.At

the presenttime, we useOracle9i EnterpriseEdition, but
our systemcould alsobe basedon otherRDBMS systems
suchas DB2, MS SQL Server, Postgres,and MySQL. A
earlyimplementationof our work usedMySQL. Like most
seriousdatabasesystems,Oracleprovidesasinglefront-end
interfaceto multiple back-endimplementations.In partic-
ular, this providesplatform independence(Oraclerunson
many operatingsystemsandplatforms)andintra-sitescala-
bility (Oraclehasa varietyof implementations,includinga
ParallelServer productthatscalesover clusters).All com-
ponentsof RGISabovethedatabasefront endarewritten in
Perlfor portability.

RGISincludesa typesystemto identify a wide rangeof
componentsincluding hosts,routers,switchesandhubsat
layers2 and1, links at layers3 through1, pathsat layer3,
benchmarks,operatingsystems,operatingsystemvendors
andversions,switches,switch vendors,softwaremodules,
runningsoftware,andcommunicationendpoints.The idea
of modelingnetworks at layer 2 andbelow, which canbe
quiteusefulin mappingapplications,is inspiredby theRe-
mos system's bridge discovery collector [20]. Typed ob-
jectsareinsertedinto thedatabaseby updatingoneor more
tables. An object is also identi�ed in a specialtable (in-
sertids)by a uniqueinsertionidenti�er, a timestamp(NTP
is assumed),andancillary informationto supportour spe-
cializedneeds,suchasnondeterministicqueries,andto link
virtual resourceswith physicalresources[10]. Every other
tablethat is updatedincludesthis insertionid, hencemak-
ing it easyto �nd all elementsof anobject,no matterwhat
tablesit spans.

The RGIS schemaincludesthe sequences,tables,con-
straints,triggers,andindicesthatrepresentour grid model-
ing efforts. Figure2 shows a high-level view of theRGIS
schema,focusingon therepresentationof a hostcomputer.
Figure3 givesdetailsof thecurrentimplementationof the
host-speci�ctables.

Giventransactionalupdates,theconstraintsandtriggers
aredesignedto keepthedatabasein a consistentstate.We
useOracle's accesscontrol mechanismsto assurethat in-
sertions,updates,anddeletionsoccuronly via storedproce-
duresthatforcetransactions.For every typeof object,there
is an associatedPL/SQLpackage(essentially, a class)that
providesthisfunctionality. Eachpackagealsoincludesnon-
transactionalversionsof the operationswhich very privi-
legeduserscanuseto batchmultiple updatestogetherinto
a singletransaction.The codeto implementeachpackage
is generatedautomaticallyusingtemplateswritten in Perl.

Layeredontopof theRDBMSfront-endis aqueryman-
ager/rewriter, andan updatemanager. Together, thesetwo
provide the core applicationinterfaceto an RGIS server.
This interfaceis exportedthrougha layer thatprovidesau-
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adx => macaddr
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id,typeinfo,distadx
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id,typeinfo,src,dest
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physical layer

distadx => { adx}
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Figure 2. Overview of the RGIS Schema. High­
lighted are the minim um tables used to repre­
sent a host. A host may also be represented
in the leases table if it may leave the system,
the vir tuals table if it is a vir tual machine , and
the futures table, if it is not yet instantiated.

thenticationof the userand check of his capabilitiesfor
eachrequest,mappingfrom an externalnotion of userto
a database-localnotion of user. This interfacein turn is
madevisible to theoutsideworld via a webinterface(Fig-
ure 4), and a SOAP interface,both running over the en-
cryptedHTTPSprotocol.

The updatemanageraggregatesupdates(insertionsof
new objects, deletionsof existing objects, and changes
to the propertiesof existing objects)coming from local
sourcesandremotesourcesandbatchestheminto transac-
tionsfor theRDBMS. In this role, it canprioritize updates
andalsocontroltherateof updatesandtheupdatelatencies
goinginto thedatabase.

RGIS servers do not talk directly with eachother, but
indirectly via a contentdelivery network (CDN), which is
usedsolely to propagateupdatesto friendly RGIS servers.
Thereis no implicit notion of trust amongRGIS servers.
If a site is interestedin receiving updatesfrom a remote
RGISserver, it mustarrangewith theremoteadministrator

CREATE t abl e hos t s (

di st i p var char 2( 15)      not  nul l  pr i mar y key,

name        var char 2( 256)     def aul t ( ' UNKNOWN' ) ,

numpr oc number            def aul t ( 1) ,

mhz number            def aul t ( 0) ,

const r ai nt  good_mhz_host s check  ( mhz>=0) ,

ar ch        var char 2( 32)      def aul t ( ' UNKNOWN' ) ,

const r ai nt  good_ar ch_host s f or ei gn key  ( ar ch)  

r ef er ences ar cht ypes( name) ,

hwvendor VARCHAR2( 32)      DEFAULT( ' UNKNOWN' ) ,

const r ai nt  good_hw_host s f or ei gn key ( hwvendor )  

r ef er ences har dwar evendor s( name) ,

os var char 2( 32)      def aul t ( ' UNKNOWN' ) ,

const r ai nt  good_os_host s f or ei gn key ( os)  

r ef er ences ost ypes( name) ,

osvendor var char 2( 32)      def aul t ( ' UNKNOWN' ) ,

const r ai nt  good_osv_host s f or ei gn key ( osvendor )  

r ef er ences osvendor s( name) ,

osver var char 2( 256)     def aul t ( ' UNKNOWN' ) ,

ker nel ver var char 2( 256)       def aul t ( ' UNKNOWN' ) ,

mem_mb number            def aul t ( 0) ,

const r ai nt  good_mem_host s check  ( mem_mb>=0) ,

vmem_mb number            def aul t ( 0) ,

const r ai nt  good_vmem_host s check ( vmem_mb>=0) ,

di sk_gb number            def aul t ( 0) ,

const r ai nt  good_di sk_host s check ( di sk_gb>=0) ,

l ocat i on    var char 2( 256)     def aul t ( ' UNKNOWN' ) ,

owner        var char 2( 256)     def aul t ( ' UNKNOWN' ) ,

descr i pt i on var char 2( 256) ,

i nser t i d number            not  nul l  uni que,

const r ai nt  good_i nser t _host s f or ei gn key

( i nser t i d)  r ef er ences  i nser t i ds( i nser t i d)

ON DELETE cascade

) ;

CREATE t abl e i nser t i ds (

not e      var char 2( 256) ,

t i me      t i mest amp  not  nul l ,

i nser t i d number              not  nul l  pr i mar y key,

r and      number              not  nul l

) ;

CREATE t abl e i passocs (

di st i p var char 2( 15)      not  nul l ,

i p var char 2( 15)      not  nul l  pr i mar y key,

i nser t i d number            not  nul l ,

const r ai nt  good_i nser t _i passocs f or ei gn key 

( i nser t i d)  r ef er ences i nser t i ds( i nser t i d)

ON DELETE cascade

) ;

Figure 3. Speci�c SQL representation of a
host. De�nitions of indices elided.
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Figure 4. RGIS web interface .

to createa key pair. Eachupdateto the local RGIS serer
is thenencryptedin a mannersimilar to PGPmultiple des-
tination messages,makingit readableonly to thoseRGIS
serversthathold oneof theperhapsmany keys usedin the
encryptionprocess.The CDN is usedto sendthe update
to thegroupof all thoseholdingkeys, using,for example,
application-layermulticastfor ef�ciency. If a higherlevel
of trustbetweenthetwo RGISserversexists,�ner grainin-
formationcontrol is alsopossible: the updatecancontain
a list of userkeys, oneof which mustbe matchedbefore
anRGIS server will usetheupdateto answera query. An
RGISservercombineslocal updatesandremoteupdatesto
createa view of thecomputationalgrid thatcorrespondsto
thatwhich its usershaveaccess.

In the limit, eachRGISserver couldcontaindataabout
all resourceson a wide areanetwork, althoughwe expect
this will rarelyhappen.Although this is clearlyasymptot-
ically unscalable,it is not unreasonablefor computational
grids of likely size. Considera computationalgrid of one
billion hostsandrouters(about� ve timesthe currentsize
of theInternet).With two kilobytesof informationperhost,
about2 TB of datastoragewould benecessaryin theRGIS
server. Thisrequireslessthan$10,000of diskstorageusing

Figure 5. Inser t, update , and delete rates.

a moderndirect-attachRAID box,makingit clearlywithin
therealmof possibility. Furthermore,the$/MB of disk ca-
pacityis shrinkingmuchfasterthantheInternetis growing.
Updateratescan be an issue,but threethings ameliorate
this. First, we canachieve quite high updaterateson off-
the-shelfRDBMS systemssuchasOracle.Figure5 shows
theratesfor insertions,updates,anddeletionsin RGISwith
differentsizedatabasesrunningon our hardware(SeeSec-
tion 5 for detailsaboutthehardwareandsoftwarecon�gu-
ration).Hereaninsertmeansaddinga hostto thedatabase,
which involvesa transactionalmodi�cation of a sequence
andthreetables,an updatemeansmodifying the memory
attributeof a hostalreadyin thedatabase,which is a trans-
actionalmodi�cation of two tables,anddeletemeansto re-
move a host from the database,transactionallymodifying
threetables.Second,bandwidthinto a sitegrows with the
updaterate,sincetheupdaterategrowswith thenumberof
hostsandrouters.Third, RDBMS systemssuchasOracle
andDB2 can scaleover clusteredservers to supportvery
high updaterates. In effect, we can leveragethe existing
TPC-Conline transactionprocessingbenchmarkcompeti-
tion [34] to addresstheupdates.

A site sendsqueriesonly to its RGIS server. This ties
theresourcesa site is willing to commit to its RGISserver
to the numberandkind of queriesit wantsto make. This
is vital becausethe natureof many RGIS queriesis simi-
lar to decisionsupportqueries(TPC-H [34]) in relational
databasesystems.Suchqueriescan be very expensive to
executeandsoareunlikely to bewelcomeonforeignRGIS
servers.

The goal of the querymanager/rewriter is to shapethe
queryworkloadsothatit canbeeffectively executedby the
RDBMS, by which we meanthat the loadon theRDBMS
is kept below one and individual queries�nish quickly.
Queriestake the form of select statementswritten in a
slightly extendedform of SQL.Thequerymanager/rewriter
translatesqueriesinto theunderlyingSQL dialect,modify-
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“Find 2 hosts with Linux that 
together have 3 GB of RAM”

select 
h1.insertid, h2.insertid 

from 
hosts h1, hosts h2 

where 
h1.os=‘LINUX’ and h2.os=‘LINUX’ 

and
h1.mem_mb+h2.mem_mb>=3072 

Figure 6. An RGIS Query.

ing thequerysemanticsto balancebetweentheneedsof the
queryand the needsof the system. In essence,the query
manager/rewriter can tradeoff betweenthe result set size
for a queryandtheresourcesthequeryrequiresto execute.
Theadaptationmechanismit usesis theselectionprobabil-
ity for inputsof thequery. The next sectiondescribesthis
ideain detail.

4 Nondeterministic queries

Parallelanddistributedapplicationsarenot interestedin
individual resourcesper se, but ratherin compositionsof
them. For example,supposea dataparallel programhas
beencompiledto run on four processors.At startup,it will
wantto askquestionssuchas“�nd mea setof four unique
hostswhich in total havebetween0.5and1 GB of memory
andwhichareconnectedby network pathsthatcanprovide
at least2 MB/s of bandwidthwith no morethan100 mil-
lisecondsof latency.” Suchquestionscanbereadilyposed
to RGIS using the SQL language. Indeed,SQL lets the
applicationor usercombinemultiple resourcesin arbitrary
ways. Figure6 shows a simpleRGISquerythat is search-
ing for all pairsof hoststhat both run theLinux operating
systemandtogetherhaveat least3 GB of RAM. For clarity
in this examplequery, we omit the constraintthat the two
machinesbe distinct. In our evaluation,wherein part we
usesimilarqueries,we introducethisconstraint.

Becausethe query is declarative, there is signi�cant
room for the queryoptimizer in the RDBMS to make the
query ef�cient. It also meansthat the query is indepen-
dentof theunderlyingRDBMS implementationthat is be-
ing used. The samequerymay run todayon a basicWin-
dows implementationof Oracle,while tomorrow it maybe
run by a parallel implementationof Oracleon a clusteror
SMP. The queryis alsoindependentof the indicescreated
by thedatabaseor by thedatabaseadministrator. Hence,if
this form of querybecomescommon,theadministratorcan
createindicesto speedit up. Finally, if queriesare writ-
tenin ANSI standardSQL, theunderlyingRDBMS canbe
changedwithout changingthequery. Commonqueriescan
alsobe providedasmaterialized(i.e., precomputed)views

on thedatabase.
Unfortunately, queriessuchastheonein Figure6 canbe

veryexpensiveto execute,especiallyasthenumberof joins
(numberof hostsin thequeryin thisexample)grows. In the
worstcase,thequerycostcangrow exponentiallywith the
numberof joins. Not only mustindividual queriesnot take
long periodsof time to execute,an RGIS server mustalso
beableto handlethequeryworkloadof a wholesite. If we
supportedsuchqueriesdirectly, we would very soonbegin
disappointingusersandoverloadingtheRGISserver.

De�cienciesof limited deterministic queries

Oneapproachto reducingthework involvedin answer-
ingaqueryis to limit thesizeof theresultsetthatis returned
(using“rownum� N” aspartof thewhereclausein Oracle,
or MySQL's “limit” clause,for example).Thequerywould
then only run until the speci�ed numberor rows was re-
turned.We'll refer to this asa limited deterministicquery.
It is intuitive why a limited deterministicquerywould be
reasonablefrom anapplication's perspective. Theapplica-
tion making the query of Figure 6 is not interestedin all
pairsof hoststhatmeetits requirements.It is merelytrying
to �nd somepairsthatdo.

Limiting resultsetsizehastwo seriousproblems,how-
ever. First, thecomputationaltime for thequeryis not di-
rectly proportionalto theresultsetsize—itdependson the
datadistribution in the input tables.Continuingtheexam-
ple, the rarerthatpairsof hoststhatmeettherequirements
are,the longera limited querywill run. In theworst case,
theRDBMSmayhaveto scanthecrossproductof thehosts
table to the very end to �nd a single match,making this
queryasexpensiveasonewithoutlimits. Theotherproblem
with thelimited deterministicqueryis thatthequeryreturns
exactly thesameresultseachtime it is run. Supposethere
are10 pairsof hoststhat areappropriate,but the query is
limited to onepair. Differentapplicationsmakingthesame
querywouldendupchoosingthesamepair, leadingto con-
tention.In general,limited deterministicqueriescanleadto
certainresourcessuffering contentionhotspotsmerelydue
to wherethey happento beplacedin thedatabase.

Implementing nondeterministic queries

RGIS limits query running time (and load) andavoids
contentionthroughtheuseof nondeterministicqueries.The
left-handsideof Figure7 shows a nondeterministic,time-
boundedversionof the earlierquery. The additionsto the
queryareshown in italics. A nondeterministicqueryreturns
arandomsubsetof thefull setof queryresults.Thecompu-
tationalcostof thequeryis controlledby theselectionprob-
ability, which is derivedfrom thetime limit of the“within”
clauseandthecurrentloadon theRGISserver. Theselec-
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select nondeterministically
h1.insertid, h2.insertid 

from 
hosts h1, hosts h2 

where 
h1.os=‘LINUX’ and h2.os=‘LINUX’ and
h1.mem_mb+h2.mem_mb>=3072 

within
2 seconds

SELECT 
H1.INSERTID, H2.INSERTID 

FROM 
HOSTS H1, HOSTS H2 , 
INSERTIDS TEMP_H1 , INSERTIDS TEMP_H2 WHERE 
(H1.OS=©LINUX© AND H2.OS=©LINUX© AND
H1.MEM_MB+H2.MEM_MB>=3072) AND

(H1.INSERTID=TEMP_H1.INSERTID AND
TEMP_H1.rand > 982663452.975047 AND
TEMP_H1.rand <= 1025613125.93505)  AND

(H2.INSERTID=TEMP_H2.INSERTID AND
TEMP_H2.rand > 1877769069.94039 AND
TEMP_H2.rand <= 1920718742.90039)

Query Manager
and Rewriter

Random sample of
input tables

Probability of inclusion
determined by time constraint

and server load

Figure 7. An RGIS nondeterministic quer y and
its implementation.

tion probabilityis theprobabilitythatarow of aninputtable
will beincludedin thejoin. Intuitively, astheloadincreases
or the time limit shrinks,the selectionprobability shrinks.
As theselectionprobabilityshrinks,sodoestheamountof
work neededto performthe queryandthe expectednum-
berof rows returnedby it. Eachtime thequeryis run, the
rows returnedaredifferentwhile thecomputationalcostof
gettingthemstaysroughlythesame.

We implementnondeterministicqueriesusing a com-
bination of query rewriting, schemaextensions,indices,
andrandomness.No changesto the RDBMS areneeded.
Whena nondeterministicqueryis posedto thequeryman-
ager/rewriter, it determinesa selectionprobability, � , for
the query. Associatedwith eachobject insertedinto the
database(in the insertidstable), at insert time, is a ran-
dom number, ranging from ������� to ���
	�� , for a range,

��
����
	������������ . We translatethe � into a subrange,
�


���� . Next, for eachinput table ��� in the query, we
add a where clausethat constrainsrows in that table to
have associatedrandomnumbersin the range � �

���
�

���

��� ,
where�

� is chosenfrom auniformrandomdistributionover
� �

��� �!�
�

�
	���" atquerytranslationtime.

It is importantto notethat this approachhasa grouping
effect thatshouldideallynotoccurin animplementationof
randomsampling. Two objectsinsertedinto the database
maybeassignednearbyrandomnumbers.Hence,if oneis
chosen,thereis a greaterlikelihoodthat theotherwill also
be chosen.With small selectionprobabilities,theeffect is
negligible. However, to ameliorateit, we regularly “reshuf-
�e” the insertidstable,assigningnew randomnumbersto
objects.

In additionto therandomnumbersassociatedwith each
object in the database,the databasealso includesindices
on theserandomnumbersand on their associationswith
other attributes. Theseindiceshelp to make the random
samplingfast. In thenext section,we will evaluatetheef-
fectivenessof nondeterministicqueriesfor limiting query
timeandload.

Scopedand approximatequeries

RGIS alsosupportstwo othermethodsfor speedingup
queriesby modifying theirsemantics,scopingandapproxi-
mation[22]. It isacommonmisconceptionthat,unlikehier-
archicaldatamodels,it is impossibleto scopequeriesin the
relationaldatamodel. In actuality, it is schema-dependent.
Becausethe RGIS schemamodelsthe network, it is pos-
sible to scopequerieswith respectto the network, either
by pre�x-matching againstIP addressesor by rooting the
queryat a routeror switch. Like nondeterministicqueries,
scopedqueriesreturna subsetof all possibleresults. We
also exploit the network structureby approximatinglarge
joins with complex constraintswith smallerjoins andsim-
plerconstraints.Approximatequeriesreturnasetof results
thatoverlapswith thesetof all possibleresults.Theremain-
derof thispaperfocusesonnondeterministicqueries.

Commonqueries

One issue with relational queriesis that their power
comeswith signi�cant complexity. Indeed,in industry, the
developmentof relationalqueriesandtheir optimizationis
often allotted to a specialist. To addressthis, we are de-
velopinga setof “commonqueries”,which areessentially
Perl scriptsthat generatequeriesfor what we believe will
becommonformsof questions.However, it is possiblethat
theroleof a “grid querydeveloper”mayalsoneedto exist.

5 Evaluating nondeterministic queries

Our evaluation of nondeterministicqueriesexamines
how the queryrun time andthe resultsetsizedependson
the databasesize, the selectionprobability, and the com-
plexity of thequery. We usetwo differentqueries.The�rst
looksfor groupsof hoststhattogetherhavea givenamount
of memory. The secondlooks for two hostsof the same
operatingsystemthataredirectlyconnected.

Unlessotherwisenoted,our experimentalinfrastructure
is basedon Oracle9i EnterpriseEdition running on Red
Hat Linux 7.1on a dedicatedDell PowerEdge4400server.
Theserver hastwo 1 GHz Xeonprocessors,2 GB of main
memory, andaPERC3DIRAID controllerproducingabout
240GB of RAID 5 storageovereight36GBU3 SCSIdisks.
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Other
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Figure 8. GridG Architecture .

GridG: realisticsyntheticgrids

To evaluatequeries,wemust�rst populateourdatabase.
We did this usingGridG [21], our tool kit for generating
realisticcomputinggrids.GridG generatesa Grid asanan-
notatedtopologynetwork graphin whichhosts,routersand
othernetwork devicesarerepresentedasnodes.Thetopol-
ogy hasa hierarchicalstructureand also conformsto the
power laws of Internettopology[9]. Annotationsinclude
memory, clock speed,CPUtype,numberof CPUs,operat-
ing systemtype, link bandwidths,routerbandwidths,etc.
Figure 8 illustratesthearchitectureof GridG.

In the following, we will separatelydescribetheGridG
parametersusedin evaluatingeachform of query. In gen-
eral, we populatedour databaseusingpower law distribu-
tions found for routersin the Internet[9] andthe memory
distribution found in Smith, et al's study of MDS server
contents[29].

“Find n hostswith at least3 GB of memory”

This query is a generalizationof our running example
from Section4, but parameterizedto �nd � differenthosts.
A four hostexampleis shown in Figure9. Whatis returned
are the distinguishedIP addressesof the hosts. Note that
while suchqueriescanbecomequitecomplex asthenum-
berof hostsgrows,they cangenerallybeautomaticallygen-
eratedveryeasily.

To evaluate the performanceof querieslike this, we
neededto populatethedatabasewith largenumbersof hosts
whosememorysizesweredistributedin meaningfulways.
To do this, we studied(anonymized)datadumpsfrom the
MDS serversrunningon several largegrids,anddatapro-
videdby theBOINC projectatBerkeley. Thelargestdataset
wasonecollectedby Smith,etal [29]. Smith'sdatasetcon-
tains fewer thana thousandhosts. We extractedmemory
sizesfrom Smithdatasetandthencon�guredGridGto gen-
eratehostswith the samememorysize distribution. Fig-
ure10showsthememorysizedistribution.

Using thememorysizedistribution, we generatedgrids
of 50,000,500,000,and5,000,000hostswith GridG. For
eachgrid, we evaluated2, 4, 8, and16hostversions(using

select nondeterministically
h1.distip, h2.distip, h3.distip, h4.distip 

from 
hosts h1, hosts h2, hosts h3, hosts h4 

where 
h1.mem_mb+h2.mem_mb

+h3.mem_mb+h4.mem_mb>3072 and
h1.insertid<>h2.insertid and 
h1.insertid<>h3.insertid and 
h1.insertid<>h4.insertid and 
h2.insertid<>h3.insertid and 
h2.insertid<>h4.insertid and 
h3.insertid<>h4.insertid

within 
1 seconds; 

Figure 9. Sample quer y to �nd 4 hosts with
minim um memor y over 3GB.
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Figure 10. MDS memor y size distrib ution.

2, 4, 8, and16-way joins) of the query, varying selection
probabilities.We raneachquery� ve times,measuringthe
queryrunningtime andthenumberof rows returnedby the
query. Wereportthemean,minimum,andmaximumof the
� ve runs.Figure11showsall theperformancedata.

In additionto thenondeterministicqueries,wealsoeval-
uatedthe performanceof deterministicand limited deter-
ministic versionsof thesimplestquery(2 way join) on the
smallestnumberof hosts(50K) , datathatoccupiesthe�rst
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Numberof rows selected QueryTime (seconds)
Numberof Hosts Numberof joins SelectionProbability Average Min Max Average Min Max

50K 2 way deterministic - - - ��� hour ��� hour ��� hour
50K 2 way limited deterministic 1,10 1,10 1,10 0.13 - -

1 or 10 rows
50K 2 way 0.001 562 261 933 0.42 0.376 0.463

0.01 55729 50093 66803 17.8 17.3 18.7
4 way 0.0001 527 111 1343 0.35 0.3 0.45

0.0005 131791 69357 181139 26.3 12.1 34.2
8 way 0.00005 1156 0 3103 0.72 0.53 0.99

0.0001 178853 1920 597911 29.3 0.83 102
16way 0.00001 0 0 0 6.67 6.64 6.7

0.00005 298598 0 1492992 81.3 6.64 380
500K 2 way 0.0001 566 299 802 0.81 0.53 0.94

0.0005 13048 10620 16168 5.34 4.42 6.73
0.001 57524 13048 62340 18.3 16.3 19.43
0.002 216382 210290 220030 73.0 70.0 76.0

4 way 0.00001 541 0 1293 0.36 0.26 0.48
0.00005 143226 62853 219366 26 18.2 32.9

8 way 0.000005 1231 0 6848 0.69 0.53 1.3
0.00001 54127 9368 130971 9.1 2.2 19.9

16way 0.000001 0 0 0 6.65 6.63 6.7
0.000005 804533 0 3930540 115.6 6.63 523.6

5000K 2 way 0.00001 507 380 635 1.1 0.96 1.13
0.0001 60315 52707 70613 22.4 20.9 23.9

4 way 0.000001 235 20 624 0.55 0.46 0.65
0.000005 189920 109533 322668 23.2 17.5 35.4

8 way 0.0000005 551 138 1296 0.77 0.71 0.87
0.000001 272704 110614 674554 28.9 13.9 68.2

16way 0.0000001 0 0 0 6.7 6.69 6.71
0.0000005 121473 0 330884 31 6.7 78.1

Figure 11. Performance of nondeterministic queries with diff erent sizes of grid, diff erent number s of
hosts, and diff erent selection probabilities.

two rows of Figure11. Notice that the purely determinis-
tic query, which will eventuallyreturnall possibleresults,
requiresover an hour of runningtime. The limited deter-
ministic query, which returnsthe �rst result,or the �rst 10
results,�nished very quickly (0.13 s), but always returns
thesameresults.Thenondeterministicversionof thesame
queryexecutesmoreslowly, takingabouttwiceaslongeven
with a very low selectionprobability. However, following
the discussionof Section4, we now get a differentsetof
resultseachtime we run thequery, andthequerywill do a
�x ed amountof work eachtime it is run. It is slower be-
causetherearetwo additionalequijoinswith the insertids
table,ascanbeseenin Figure7. This overheadis thecost
for implementingrandomsamplingabove thedatabase.A
databaseenginethatsupportedrandomsamplingwouldnot
paythis penalty.

To better illustrate our results for nondeterministic
queries,we show two slicesthroughthe table. We usethe

500,000hostgrid. Figure12 shows theaveragenumberof
resultsandtheaveragequerytime for thetwo hostversion
of thequeryasa functionof theselectionprobability. The
left handscalecorrespondsto thequerytime,while theright
handscaleshowsthenumberof results.Notethatall scales
are logarithmic. Theseresultsshow that it is possibleto
meaningfullytradeoff betweenqueryprocessingtime and
resultsetsize. We canvary the querytime andthe result
setsizeoverseveralordersof magnitudeby modulatingthe
selectionprobability.

Figure13 shows a secondslice throughour data. Once
again,we have usedthe 500,000host grid and show the
averagequerytime andresultsetsize,but herewe vary the
complexity of query (the numberof hostsasked for) and
chooseselectionprobabilitiesto try to keepthequerytime
asconstantaspossible.Thepoint hereis that it is possible
to usethe selectionprobability to control the query time
largely independentof querycomplexity.
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Grid topology­relatedquery

BecauseRGISalsostoresinformationaboutthenetwork
topologyof a grid, we canincludetopologyin our queries.
For example,we can�nd theshortestpathsbetweena pair
of hosts,or all pairsshortestpaths,or a groupof hoststhat
aretightly connected.For example,”�nd n hostswith the
sameoperatingsystemandwith a total memoryof b bytes,
all attachedto thesamerouter” would �nd tightly coupled
groupsof machinesthatcouldbeusedasclusters.

select nondeterministically
h1.distip, h2.distip 

from 
hosts h1, hosts h2, iplinks links 

where 
h1.mem_mb+h2.mem_mb>1024 and
h1.os=h2.os and h1.insertid<>h2.insertid and
((h1.distip=links.src and
h2.distip=links.dest) or  
(h1.distip=links.dest and
h2.distip=links.src))

within 1 seconds;

Figure 14. Sample quer y to �nd pair s of di­
rectl y connected hosts.

Hosts �

�

NW NM NL SW SM SL
10K 8.915 -2.49 1 20 10 10 10 50
50K 8.915 -2.49 1 100 10 10 10 50
100K 8.915 -2.49 1 100 20 10 10 50

Figure 15. Parameter s passed to GridG in
Topology related quer y datasets.

Figure14illustratesaverysimplesuchquerywhichtries
to �nd all pairsof hoststhataredirectly attached(at layer
3). Themachinesmusthavethesameoperatingsystemand
musthavea total memoryof at least1 GB.

To evaluatesucha query, we must�rst have a network
topology. GridG network topologiesarecon�gured using
eightparameters.Six determinethehierarchicalstructureof
thegeneratedGrid (thesearepassedto theunderlyingTiers
generator[8]) andtheremainingtwo determinetheparam-
etersof outdegreepower law of Internettopology(our ex-
tension).Theeightparametersare:

�

� : constantin outdegreelaw
�

�

: outdegreeexponent
� NW : maximumnumberof WANs (currentlyonly 1

supported)
� NM : maximumnumberof MANs perWAN
� NL : maximumnumberof LANs perMAN
� SW : maximumnumberof nodesperWAN
� SM : maximumnumberof nodesperMAN
� SL : maximumnumberof nodesperLAN

Figure15 shows theparametersthatwereusedto generate
the topologiesusedfor this section.The hierarchyparam-
etersarebasedon requirementsfor total numberof hosts.
The valuesof � and � in the table are from a measured
router-level Internet topology discussedby Faloutsos,et
al [9].
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Figure 16showstheaveragequerytimeversusselection
probability for different size grids, namely, with 10,000,
50,000and 100,000hosts. Figure 17 shows the average
result set size for the sameparameters.For this rangeof
selectionprobabilities,querytime increasesapproximately
linearly with selectionprobability, while the resultsetsize
increasesslightly faster.

These�gures providemoreevidencethatit is possibleto
useselectionprobabilityto tradeoff betweenresultsetsize
andquerytimefor queriesaboutgridswith typical topolog-
ical andmemorysizedistributions.

6 Time-boundedqueries

Theevaluationof theprevioussectionshowedthatselec-
tion probabilitycanbeusedto tradeoff betweentherunning
timeof aqueryandthenumberof resultsreturned,andthat
the result set would vary from query to query. However,
asdescribedin Section4, nondeterministicqueriesin RGIS
arealsotime-bounded.RGIS implementsthesedeadlines
usingthreetechniques,althoughthispartof thesystemcon-
tinuesto evolve.

The �rst techniqueis hard-limiting. The query man-
ager/rewriter startsthe queryasa child processor thread.
The child is then allowed to run until the deadlineis ex-
ceeded.If it completesbeforethat time, it returnsthe re-
sult setto theparentwhich returnsthemto thecaller. If it
runsout of time, it is killed andno result set is returned.
Hard-limiting can be usedin conjunctionwith the other
techniques.

Thesecondtechniqueis climbing. Here,we initially run
thequerywith a very smallselectionprobability. If no re-
sultsarereturned,theprobability is doubledandthequery
is run again.This happensiteratively until eitherthedead-
line is exceededor a non-nullresultsetis available.Notice
thatbecauseclimbing alwaysissuesanotherqueryif there
is time left, it mayovershootthedeadline.

The third techniqueis estimation. Estimationis similar
to climbingexceptthatwepredictthenext querytimefrom
thepreviousquerytimesandthenonly issuethenext query
if thereis suf�cient time remaining. Hence,it is far less
likely to overshootthe deadline. Predictingquerytime in
generalis a complicatedproblemthat could involve hard-
warecon�guration modeling,schedulermodeling,model-
ing of thedatabaseengine,andqueryanalysis.Surprisingly,
predictingquerytime from previous instancesof a nonde-
terministicqueryrun with lower selectionprobabilitiesap-
pearsto beeasierto solve.

We studiedseveralfunctions(linear, power, polynomial,
exponential)for mappingfrom selectionprobabilityto run-
ning time. Degreetwo polynomialsworked best for the
queriesdescribedin theprevioussection.In our implemen-
tation, we monitor eachquery's time andselectionproba-
bility. After the �rst query, we estimatethe secondquery
time to be thesameasthe�rst. After the �rst two queries,
we do a degreeoneLagrangeinterpolationto estimatethe
third querytime. For thefourth andfurtherqueries,we es-
timate the next query time by applying a degreetwo La-
grangeinterpolationpolynomialto thepreviousthreequery
times.Hence,afterthe�rst query, wehavesomemodelthat
mapsfrom selectionprobabilityto querytime. We thenuse
thatmodelto predictif westill haveenoughtimeto donext
query. If we don't, we terminate.Figure18 showsthis pro-
cessfor thetwo hostquerydescribedin thenext paragraph,
comparingthe predictedand actual iterative query times.
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Figure 18. Prediction accurac y in estimation.

Becauseno time limit is supplied,thequeryrunsuntil the
selectionprobabilityapproachesone.This predictionalgo-
rithm worksverywell for thetwo andfour hostqueriesand
othersimilar joins,but hasdif�culties with largerjoins.

Figure19 illustratesthe performanceof thesedifferent
techniquesfor a samplequery. The query looks for two
hostswith a combinedtotal of 600GB of mainmemoryin
a 50,000hostdatabase.Sucha combinationis very rare,
but possible,hencethe running time would be quite high
for a deterministicversionof the query. The only differ-
encebetween(a), (b), and(c) is thedeadline,1.2,1.5,and
60 seconds,respectively. Eachqueryis run � ve times.The
Figureillustratestheaverage,minimum,andmaximumrun-
ning time. Clearly, it is possibleto keepthe runningtime
closeto thedeadlineusingthethreetechniques.This is also
thecasefor queriesthatareallowed to run longer, andfor
queriesinvolving a larger numberof hosts. Surprisingly,
hard-limitingcanleadto missingthedeadlineby about0.2
secondsin our system,andthis delayis constantin all our
experiments. This is largely becauseterminatinga query
processcanbe expensive. Estimationproveseffective for
four host queries,but hasgreaterdif�culty for eight host
queries.Currently, we combinehard-limitingwith estima-
tion for eight-wayandhigherjoins.

We are also consideringa more complex techniquein
whichwederiveananalysisqueryfrom theuserquery. The
analysisquery essentiallyteststhe distribution of signi�-
cantattributes(e.g.,thehostmemoryfor our examples)in
the input tables,andthenestimatesthe likelihoodof these
attributescoinciding,assumingthat they arerandomlydis-
tributed. Theselectionprobabilitywould thenbesetsuf�-
ciently higherthanthis numberto insurethata row will be
returnedwith high likelihood.Thequerywould thenberun
until whatis left of thetime limit is past.
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Figure 19. Initial evaluation of techniques for
time­bounding nondeterministic queries.

7 Conclusions

We describedthe RGIS relationalgrid informationser-
vice system, focusing on nondeterministicqueries, the
RGIS mechanismfor limiting the runningtime of queries
andtheir loadontheRGISserver. Nondeterministicqueries
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are implementedusing a combinationof query rewriting,
schemaextensions,indices,andrandomness.Nochangesto
theRDBMS areneeded.We evaluatedtheperformanceof
our implementation,populatingourdatabasewith networks
aslarge as� ve million hosts. The evaluationshowed that
a meaningfultradeoff betweenqueryprocessingtime and
result set size is possibleusing nondeterministicqueries,
and that we can use that tradeoff to keepquery running
time largely independentof querycomplexity. Wethendis-
cussedthreetechniquesthat we useto time-boundnonde-
terministicqueriesandevaluatedtheir performance.

The next major step for RGIS is the integration of
the content delivery network schemefor loose replica-
tion of RGIS servers describedin Section3 and an eval-
uation of its effectiveness. We hope to have a re-
lease of RGIS available soon at the following URL:
http://www.cs.northwestern.edu/� urgis.
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