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Abstract

A Grid Information Service (GIS) stores information
abouttheresoucesof a distributedcomputingervironment
andanswes questionsaboutit. We are developingRGIS,a
GlSsystenbasedontherelationaldatamodel.RGISusess
canwrite SQLquerieshatseach for complexcompositions
of resoucesthat meetcollectiverequirrments. Executing
thesequeriescan be very expensivehowever. In response
weintroducethenondeterministicuery anextensiorto the
SELECTstatementwhich allows the user (and RGIS)to
tradeoff betweerthe query's runningtime and the number
of results.Theresultsare arandomsampleof thedetermin-
istic results,which we argueis sufcient and appropriate
Herein we describeRGIS, the nondeterministiaqquery ex-
tensionandits implementationOur evaluationshowsthat
a meaningfultradeof betweenquery time and resultsre-
turnedis achievable and that the tradeof can be usedto
keepquerytimelargely independenof querycomplexity.

1 Intr oduction

As the scaleanddiversity of theresourcesapplications,
andusersinvolvedin Grid computing[12, 15 continuego
explode,theamountof informationneededo keeptrack of
themgrows commensuratelySimultaneouslyapplications
needto poseandansweiincreasinglypowerful queriesover
thisinformationin orderto exploit Grid resourcesvell and
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satisfyusers.Grid InformationService(GIS) systemspro-
vide this functionality The possiblemodelsandthe design
spacdor GIS systemss large.

Ourview of a GISis thatit is a databas€in the generic
senseof the word) of informationaboutthe entitieswithin
a wide areadistributed high performancecomputingenvi-
ronment. Examplesof Grid entitiesinclude organizations,
people,computationatresourceghosts,clusters),commu-
nicationsresourcegswitchesrouterstopologies)services,
benchmarkssoftware, event channels,sensors scienti ¢
instrumentsandothers.A GIS consistof a setof objects
thatrepresentheseentities,relationshipshetweenobjects,
andsystemsieededo queryandupdatethe objectsandre-
lationships. Eachobjecthasa uniqueidenti er, a times-
tamp,anda setof attributes. Updatesto the databaseake
theform of additionsor deletionsof objectsandof changes
to theattributesof existing objects. The GIS makesupdates
availableto queriesassoonaspossible.lt alsomanagesc-
cessto the objects,making surethat they areupdatedand
readonly by valid users.It may presendifferentviews of
the objectsto differentusers. A more detaileddescription
of thisview of a GISis availableelsavhere[25].

We are developing a GIS system,RGIS, that is based
on the relational datamodel. Speci cally, RGIS seners
are implementedon top of the Oracle RDBMS and use
SQL as their query language. Oracleis not a require-
mentof ourapproach—otheRDBMSescouldalsobeused.
RGIS focuseson modelingthe hardware and software re-
sourcesof a distributed computingenvironment. Informa-
tion streamgrom dynamicresourcanonitoringandpredic-
tion toolssuchasRPS[7] arecurrentlyoutsideof the scope
of RGIS,althoughRGISdoesmodeltheexistenceandloca-
tion of suchtools. We planto extendRGISto provideauni-

ed querymodeloverresourceandmonitoringinformation.
While mostcomputationafridstodayarerelatively small,
we intend RGIS to scaleto very large grids, and possibly
evento the scaleof the Internet.An in-depthdescriptionof
themeritsof auni ed relationalapproactio GIS systemss
availableelsavhere[6].

A powerful feature of RGIS is that userscan write
gueriesn SQL thatsearchfor complex compositionf re-



sourcessuchasgroupsof hostsandnetwork resourceshat
meetcollective requirements. Thesequeriescan be very
expensve to execute however. In responsewe have intro-
ducedanextensionto the SQL selectstatementhatwe call
the nondeterministiquery In essencethe nondeterminis-
tic queryextensionallows the user(andRGIS) to tradeoff
betweerthe runningtime of aquery(andtheloadit places
onanRGISsener) andthenumberof resultsreturned.The
resultsetis arandomsampleof the resultsetof the deter
ministic versionof the query which we argueis sufcient
and appropriatefor a GIS. We implementnondeterminis-
tic queriesusinga combinationof queryrewriting, schema
extensions,indices, and randomness.No changeso the
RDBMS areneededCombinedwith two otherqueryexten-
sions,scopedqueriesand approximatequeries,which are
describectlsavhere[22], nondeterministigueriesmake it
possibleto askcomplex questionsof RGIS andget useful
responsesguickly.

In this paper we describeRGIS, the nondeterministic
guery extension,andits implementation.We also present
a performancesvaluationof our implementationpopulat-
ing our databasewith networks as large as ve million
hostsusingour GridG [21] grid generatottool. The eval-
uationshownsthata meaningfutradeof betweerquerypro-
cessingtime andresultsetsizeis possibleusingnondeter
ministic queries,andthat we canusethattradeof to keep
qgueryrunningtime largely independenbf querycomplec-
ity. Theseresultssuggesthatwe candeliver powerful rela-
tional queriesto users.

2 Relatedwork

The datamodel,querylanguageandimplementatiorof
GlSesandsimilar serviceghat storethe informationabout
networkedresourcesiasbeenevolving for sometime.

Today mary sites that provide externally accessible
computingresourcesnake a descriptionof thosemachines
availableasweb pages.Web searchenginesareoftenused
to nd appropriateresources.This hasbeenaidedsigni -
cantly by the adwent of highly discriminatingsearchalgo-
rithms for arbitrarydocumentssuchasPageRanK3]. By
providing highly structureddata,mostGIS systemsaim to
provide moresophisticatedjueries.

Within the networking community SLP [36] hasbeen
proposedasa standardor discosering services.The DNS
nameserviceg2] is universallyused.DNS mapsahierarchi-
cal name(a path)to a blob of informationandis typically
usedto resohe hostnamedo IP addresses.Protocolsfor
constructingandqueryinghierarchicablistributeddatabases
suchasX.500[17] andLDAP [16] canbeviewedasexten-
sionsto this idea, althoughhierarchicaldatabasepredate
DNS. Eachnodeon an LDAP treecanhave multiple typed
attributesassociatedvith it. An LDAP queryis atraversal

of a subtreethat returnsnodeswhoseattributessatisfy the
guery constraints. Eachsubtreecan be servicedby a dif-
ferentLDAP sener, makingit straightforwardto partition
responsibilityand securityover multiple sites. In contrast
to theseapproacheRGIShuilds on arelationaldatamodel
insteadof a hierarchicaldatamodel.

Within the distributed systemscommunity servicelo-
cation and naming servicesare basic needs. DCE [32],
CORBA [23], andJava's Jini Framevork [37] includethese
services.In DCE and CORBA, the serviceandthe query
consistsof a type speci cation for a procedureor object
(theinterface)andtheresultis matchingnstancesJini uses
a moregeneraltuple of attribute-\valuepairsasthe service
descriptorandatuple of attribute constraintasthe query
Onestrandof recentresearchl, 35, 18, 33] hasfocusedon
timelinesof updatesandon how servicescanpushupdates
to users. Another strandhasfocusedon distributing data
throughoutthe network andthenrouting queriesto likely
nodeswhere matchingdata may reside using distributed
hashtables[30, 28]. In contrastto thesesystemsRGIS at-
temptsto provide compositionaljueries(joins) wherecol-
lectionsof objectsareneededo satisfythequery

The Grid computingcommunityhasseenan explosion
of work on GIS systems. The most relevant systemsare
Globus MDS2 [5], the CondorMatchmaler [26], and R-
GMA [11]. MDS2is basecbn LDAP andde nesaschema
(theattributetypes)thatcanbeassociateavith nodesn the
tree.In contrastRGIS usesarelationaldatamodel.

In the CondorMatchmaler, both resourcesind queries
are collectionsof attributesand constraints. This enables
bilateralmatchmakingwhereboththe resourceownerand
the querier can constrainwhich resultsare returnedon a
query Bilateral matchingis a very fastprocess. Condor
Matchmaler waslater extendedto supportgang-matching,
meaninghata querycanbewritten thatrequiresmorethan
oneresourceo besatis ed [27]. Gang-matchings imple-
mentedusing prioritized searchwith backtracking,which
is more expensve thanthe searchfor bilateralmatchmak-
ing. Recently Liu andFosterhave proposeda matchmak-
ing schemeanddevelopeda system,Redline,in which the
languagdor constraintenableghe de nition of constraint
satishctionproblems(CSPs)[19]. CSPsareNP-Hardand
aresolvedusingthe heuristictechniquesmplementedn an
underlyingCSPsolwer.

R-GMA [11] is closeto our work in that it also pro-
posesarelationaldatamodelfor GIS systemsRGISdiffers
from R-GMA in two waysthat are relevantto this paper
First, R-GMA focusescurrently on dynamicpropertiesof
resourcege.g.,load),while RGISfocusescurrentlyonrel-
atively static properties(e.g., memory). Both systemsare
evolving to unify staticanddynamicinformation,however.
Thesuccessf R-GMA suggestshateffectively incorporat-
ing dynamicinformationinto RGISis feasible.Our second



‘ Users ‘ ‘ Applications
i !

‘ Web Interface ‘SOAP Interface }-7
/

‘ Authenticated Direct Interface ‘

e Content Delivery
Query Man_ager Update Network Interface
and Rewriter Manager -
\/ For loose consistency

Oracle 9i Front End
transactional inserts and updates
using stored procedures,
queries using select statements
(uses database’s access control) network. Only those
with appropriate keys
) have access

Oracle 9i Back End
Windows, Linux, Parallel Server, etc

Updates encrypted
using asymmetric
RDBMS cryptography on
Use of Oracle
isnota
requirement

of approach

site-to-site (tentative)

|

Schema, type hierarchy, indices,
PL/SQL stored procedures
for each object

Figure 1. RGIS Structure .

differenceis RGIS's supportfor nondeterministiqqueries,
asdescribechere.

Interestingly by enablingwhat we call compositional
gueriesthe CondorMatchmalerwith gang-matchingRed-
line, R-GMA, and RGIS run into the sameproblem: the
exploding costof queryexecution. Eachsystemdealswith
this problemin a different, heuristicmanner This paper
describesand evaluatesRGIS's approachto this problem,
which is randomsampling. While therehashasbeencon-
siderablework in how to build randomsamplingdirectly
into databasesystemgqOlken's dissertation24] is a good
introductionto this), reducingcardinalityof results[4], and
incrementalqueries[31], currentdatabasesystemsdo not
supporthesefeaturesRGISbuildsits randomsamplingon
top of unmodi ed ordinary databasesystemsusing query
rewriting, schemaxtensionsjndices,andrandomness.

Effortsto de ne thebroadstructureof thecomputational
grids[14] andstandardizéhespeci csof interactioramong
componentd13] suggesthat thereare roles for multiple
kinds of GIS systemsandthat differentsystemscanand
will interoperate.

3 Designof the RGIS system

Figurel illustratesthe structureof the RGIS systemfo-
cusingon a single RGIS sener. We expectthat eachsite
within a computationalgrid will run one suchsener, al-
thoughmultiple senerspersite canalsobe supportedThe
goalof theRGISsenerfor asiteis to provide aview of the
computationagyrid appropriatdo thatsite's users.A site's
RGISseneris responsibldor all queriesssuedby userson

thesite.

An RGIS seneris built aroundan RDBMS system. At
the presenttime, we useOracle9i EnterpriseEdition, but
our systemcould alsobe basedon otherRDBMS systems
suchasDB2, MS SQL Sener, Postgresand MySQL. A
earlyimplementatiorof our work usedMySQL. Like most
seriougdatabasseystemsQracleprovidesasinglefront-end
interfaceto multiple back-endmplementations.In partic-
ular, this provides platform independencéOraclerunson
mary operatingsystemsandplatforms)andintra-sitescala-
bility (Oraclehasa variety of implementationsincludinga
Parallel Sener productthat scalesover clusters).All com-
ponentof RGISabovethedatabaséront endarewrittenin
Perlfor portability.

RGISincludesatype systemto identify a wide rangeof
componentsncluding hosts,routers,switchesand hubsat
layers2 and1, links at layers3 throughl, pathsat layer 3,
benchmarkspperatingsystems pperatingsystemvendors
andversions switches switch vendors,softwaremodules,
runningsoftware,andcommunicatiorendpoints.Theidea
of modelingnetworks at layer 2 and below, which canbe
quite usefulin mappingapplicationsijs inspiredby the Re-
mos systems bridge discovery collector [20]. Typed ob-
jectsareinsertednto thedatabaséy updatingoneor more
tables. An objectis alsoidenti ed in a specialtable (in-
sertids)by a uniqueinsertionidenti er, a timestamp(NTP
is assumed)andancillary informationto supportour spe-
cializedneedssuchasnondeterministigiueriesandto link
virtual resourcesvith physicalresource$10]. Every other
tablethatis updatedncludesthis insertionid, hencemak-
ing it easyto nd all elementf anobject,no matterwhat
tablesit spans.

The RGIS schemaincludesthe sequencedables,con-
straints triggers,andindicesthatrepresenbur grid model-
ing efforts. Figure2 shavs a high-level view of the RGIS
schemafocusingon therepresentationf a hostcomputer
Figure 3 givesdetailsof the currentimplementatiorof the
host-speci ctables.

Giventransactionalipdatesthe constraintsandtriggers
aredesignedo keepthe databasén a consistenstate.We
useOracles accessontrol mechanismgo assurethat in-
sertionsupdatesanddeletionsoccuronly via storedproce-
duresthatforcetransactionskor every typeof object,there
is an associatedPL/SQL packaggessentiallya class)that
providesthisfunctionality Eachpackagelsoincludesnon-
transactionalersionsof the operationswhich very privi-
legeduserscanuseto batchmultiple updatedogetherinto
a singletransaction.The codeto implementeachpackage
is generatecutomaticallyusingtemplateswrittenin Perl.

Layeredontop of theRDBMS front-endis aqueryman-
ager/revriter, and an updatemanager Together thesetwo
provide the core applicationinterfaceto an RGIS sener.
This interfaceis exportedthrougha layerthat providesau-
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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 virtuals table if it is a virtual machine, and
the futures table, if it is not yet instantiated.

thenticationof the userand check of his capabilitiesfor
eachrequestmappingfrom an external notion of userto
a database-locahotion of user This interfacein turn is
madevisible to the outsideworld via a web interface(Fig-
ure 4), and a SQAP interface, both running over the en-
cryptedHTTPSprotocol.

The updatemanageraggreyatesupdates(insertionsof
new objects, deletionsof existing objects, and changes
to the propertiesof existing objects) coming from local
sourcesandremotesourcesandbatchegheminto transac-
tionsfor the RDBMS. In this role, it canprioritize updates
andalsocontroltherateof updatesandthe updateatencies
goinginto the database.

RGIS senersdo not talk directly with eachother, but
indirectly via a contentdelivery network (CDN), which is
usedsolely to propagataupdatedo friendly RGIS seners.
Thereis no implicit notion of trustamongRGIS seners.
If a siteis interestedin receving updatesfrom a remote
RGIS sener, it mustarrangewith the remoteadministrator

CREATE tabl e hosts (

distip var char 2( 15) not null prinmary key,
nane var char 2(256) def aul t (' UNKNOWN ),
nunpr oc nunber defaul t (1),

mhz nunber defaul t (0),

constraint good_nhz_hosts check (nhz>=0),

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

constraint good_arch_hosts foreign key (arch)
references archtypes(nane),

hwendor VARCHAR2( 32) DEFAULT(" UNKNOWN ) ,

constraint good_hw_hosts foreign key (hwendor)
references hardwar evendor s(nane),

os var char 2(32) defaul t (' UNKNOWN ),

constraint good_os_hosts foreign key (o0s)
references ostypes(nane),

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

constrai nt good_osv_hosts foreign key (osvendor)

references osvendors(nane),

osver var char 2(256) def aul t (' UNKNOWN ),
kernel ver varchar2(256) defaul t (" UNKNOWN ),
mem_nb nunber defaul t (0),
constraint good_nem hosts check (mem nb>=0),
virem nb nunber defaul t (0),
constraint good_vnem hosts check (vnmem nb>=0),

di sk_gb nunber defaul t (0),
constraint good_di sk_hosts check (di sk_gb>=0),

| ocation var char 2(256) defaul t (' UNKNOW ),
owner var char 2(256) def aul t (' UNKNOW ),

description varchar2(256),
insertid nunber not null unique,
constraint good_insert_hosts foreign key
(insertid) references insertids(insertid)
ON DELETE cascade
)
CREATE tabl e insertids (

not e var char 2( 256) ,

tine tinmestanmp not null,

insertid nunber not null primary key,
rand nunber not null

)
CREATE tabl e i passocs (

distip var char 2( 15) not null,
ip var char 2( 15) not null primary key,
insertid nunber not null,

constraint good_insert_i passocs foreign key
(insertid) references insertids(insertid)

ON DELETE cascade

Figure 3. Specic SQL representation of a
host. De nitions of indices elided.
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to createa key pair. Eachupdateto the local RGIS serer
is thenencryptedn a mannersimilarto PGPmultiple des-
tination messagesnakingit readableonly to thoseRGIS
senersthat hold one of the perhapamary keys usedin the
encryptionprocess. The CDN is usedto sendthe update
to the groupof all thoseholding keys, using,for example,
application-layemulticastfor ef ciency. If a higherlevel

of trustbetweerthetwo RGIS senersexists, ner grainin-

formationcontrol is also possible: the updatecan contain
a list of userkeys, one of which mustbe matchedbefore
anRGIS sener will usethe updateto answera query An

RGIS senercombinedocal updatesandremoteupdatedo

createa view of the computationabrid thatcorrespondso

thatwhich its usershave access.

In the limit, eachRGIS sener could containdataabout
all resourcen a wide areanetwork, althoughwe expect
this will rarely happen.Althoughthis is clearly asymptot-
ically unscalableijt is not unreasonabléor computational
grids of likely size. Considera computationabrid of one
billion hostsandrouters(about ve timesthe currentsize
of theInternet).With two kilobytesof informationperhost,
about2 TB of datastoragevould be necessarin theRGIS
sener. Thisrequiredessthan$10,0000f disk storageusing
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Figure 5. Insert, update , and delete rates.

amoderndirect-attactRAID box, makingit clearlywithin
therealmof possibility Furthermorethe $/MB of disk ca-
pacityis shrinkingmuchfasterthanthe Internetis growing.
Updateratescan be an issue,but threethings ameliorate
this. First, we canachieve quite high updaterateson off-
the-shelfRDBMS systemssuchasOracle. Figure5 shavs
theratesfor insertionsupdatesanddeletionsn RGISwith
differentsizedatabasesunningon our hardware(SeeSec-
tion 5 for detailsaboutthe hardwareandsoftwarecon gu-
ration). Hereaninsertmeansaddinga hostto the database,
which involvesa transactionamodi cation of a sequence
andthreetables,an updatemeansmodifying the memory
attribute of a hostalreadyin the databasewhichis atrans-
actionalmodi cation of two tables,anddeletemeando re-
move a hostfrom the databasetransactionallymodifying
threetables. Second bandwidthinto a site grows with the
updaterate,sincethe updaterategrows with the numberof
hostsandrouters. Third, RDBMS systemssuchasOracle
and DB2 can scaleover clusteredsenersto supportvery
high updaterates. In effect, we canleveragethe existing
TPC-Conline transactiorprocessingpenchmarkcompeti-
tion [34] to addresshe updates.

A site sendsqueriesonly to its RGIS sener. This ties
theresources siteis willing to committo its RGIS sener
to the numberandkind of queriesit wantsto make. This
is vital becausehe natureof mary RGIS queriesis simi-
lar to decisionsupportqueries(TPC-H [34]) in relational
databasesystems. Suchqueriescan be very expensve to
executeandsoareunlikely to bewelcomeon foreignRGIS
seners.

The goal of the query manager/reriter is to shapethe
gueryworkloadsothatit canbeeffectively executedby the
RDBMS, by which we meanthattheload on the RDBMS
is kept belov one and individual queries nish quickly.
Queriestake the form of select statementswritten in a
slightly extendediorm of SQL. Thequerymanager/rariter
translategjueriesinto the underlyingSQL dialect, modify-



select

“Find 2 hosts with Linux that hl.insertid, h2.insertid

together have 3 GB of RAM” from
hosts h1, hosts h2
where

hl.0s="LINUX’ and h2.0s='LINUX’
and
hl.mem_mb+h2.mem_mb>=3072

Figure 6. An RGIS Query.

ing thequerysemantics$o balancebetweertheneedof the
gueryand the needsof the system In essencethe query
manager/rariter cantradeoff betweenthe resultsetsize
for aqueryandtheresourceshe queryrequiresto execute.
Theadaptatiormechanisnit usess the selectionprobabil-
ity for inputsof the query The next sectiondescribeghis
ideain detail.

4 Nondeterministic queries

Parallelanddistributedapplicationsarenotinterestedn
individual resourceger se, but ratherin compositionsof
them. For example, supposea dataparallel programhas
beencompiledto run on four processorsAt startup,it will
wantto askquestionsuchas” nd mea setof four unique
hostswhichin totalhave betweer0.5and1 GB of memory
andwhich areconnectedy network pathsthatcanprovide
at least2 MB/s of bandwidthwith no morethan 100 mil-
lisecondsof lateng.” Suchquestionsanbe readily posed
to RGIS using the SQL language. Indeed,SQL lets the
applicationor usercombinemultiple resourcesn arbitrary
ways. Figure 6 shavs a simpleRGIS querythatis search-
ing for all pairsof hoststhat both run the Linux operating
systemandtogethelhave atleast3 GB of RAM. For clarity
in this examplequery we omit the constraintthatthe two
machinesbe distinct. In our evaluation,wherein partwe
usesimilar querieswe introducethis constraint.

Becausethe query is declaratve, thereis signi cant
room for the query optimizerin the RDBMS to malke the
query efcient. It also meansthat the queryis indepen-
dentof the underlyingRDBMS implementatiorthatis be-
ing used. The samequery may run today on a basicWin-
dows implementatiorof Oracle,while tomorrav it maybe
run by a parallelimplementatiorof Oracleon a clusteror
SMR The queryis alsoindependenbf the indicescreated
by the databas®r by the databasedministrator Hence,if
this form of querybecomesommon the administratorcan
createindicesto speedit up. Finally, if queriesare writ-
tenin ANSI standardsQL, theunderlyingRDBMS canbe
changedvithout changingthe query Commonqueriescan
alsobe provided asmaterialized(i.e., precomputedyiews

onthedatabase.

Unfortunately queriessuchastheonein Figure6 canbe
very expensveto execute especiallyasthenumberof joins
(numberof hostsin thequeryin thisexample)grows. In the
worstcase the querycostcangrow exponentiallywith the
numberof joins. Not only mustindividual queriesnot take
long periodsof time to execute,an RGIS sener mustalso
be ableto handlethe queryworkloadof awholesite. If we
supportedsuchqueriesdirectly, we would very soonbegin
disappointingusersandoverloadingthe RGIS sener.

De cienciesof limited deterministic queries

Oneapproacho reducingthe work involvedin answer
ing aqueryistolimit 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 referto this asa limited deterministicquery
It is intuitive why a limited deterministicquery would be
reasonablérom anapplications perspectie. The applica-
tion makingthe query of Figure 6 is not interestedn all
pairsof hoststhatmeetits requirementslt is merelytrying
to nd somepairsthatdo.

Limiting resultsetsize hastwo seriousproblems,how-
ever. First, the computationatime for the queryis not di-
rectly proportionalto the resultsetsize—itdependsn the
datadistribution in the input tables. Continuingthe exam-
ple, therarerthat pairsof hoststhat meetthe requirements
are,the longera limited querywill run. In theworstcase,
theRDBMS mayhaveto scanthe crossproductof thehosts
tableto the very endto nd a single match, making this
gueryasexpensveasonewithoutlimits. Theotherproblem
with thelimited deterministiqqueryis thatthequeryreturns
exactly the sameresultseachtime it is run. Supposehere
are 10 pairsof hoststhatare appropriate put the queryis
limited to onepair. Differentapplicationamakingthe same
guerywould endup choosingthe samepair, leadingto con-
tention.In generallimited deterministicqueriescanleadto
certainresourcesuffering contentionhotspotsmerelydue
to wherethey happerto be placedin thedatabase.

Implementing nondeterministic queries

RGIS limits queryrunningtime (and load) and avoids
contentiorthroughthe useof nondeterministigueries.The
left-handside of Figure 7 showns a nondeterministictime-
boundedversionof the earlierquery The additionsto the
gueryareshavnin italics. A nondeterministicueryreturns
arandomsubsebf thefull setof queryresults.Thecompu-
tationalcostof thequeryis controlledby theselectiornprob-
ability, whichis derivedfrom thetime limit of the “within”
clauseandthe currentload on the RGIS sener. Theselec-



select nondeterministically
hl.insertid, h2.insertid
from
hosts h1, hosts h2
where
hl.0s='LINUX’ and h2.0s="LINUX’ and
h1l.mem_mb+h2.mem_mb>=3072
within
2 seconds

Query Man&
and Rewriter SELECT

H1.INSERTID, H2.INSERTID

FROM
HOSTS H1, HOSTS H2 ,
INSERTIDS TEMP_H1 , INSERTIDS TEMP_H2 WHERE
(H1.0S=@INUXCAND H2.0S=@INUXCAND
H1.MEM_MB+H2.MEM_MB>=3072) AND
(H1.INSERTID=TEMP_H1.INSERTID AND

Random sample of TEMP_HL.rand > 982663452.975047 AND

input tables

Probability of inclusion
determined by time constraint
and server load

TEMP_H1.rand <= 1025613125.93505) AND
(H2.INSERTID=TEMP_H2.INSERTID AND
TEMP_H2.rand > 1877769069.94039 AND
TEMP_H2.rand <= 1920718742.90039)

Figure 7. An RGIS nondeterministic query and
its implementation.

tion probabilityis theprobabilitythatarow of aninputtable
will beincludedin thejoin. Intuitively, astheloadincreases
or thetime limit shrinks,the selectionprobability shrinks.
As the selectionprobability shrinks,so doesthe amountof
work neededo performthe queryandthe expectednum-
ber of rows returnedby it. Eachtime the queryis run, the
rows returnedaredifferentwhile the computationatostof
gettingthemstaysroughlythesame.

We implementnondeterministicqueriesusing a com-
bination of query rewriting, schemaextensions,indices,
andrandomnessNo changedo the RDBMS are needed.
Whena nondeterministiqqueryis posedto the queryman-
ager/ravriter, it determinesa selectionprobability, , for
the query Associatedwith eachobjectinsertedinto the
databasdin the insertidstable), at inserttime, 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 associatedandomnumbersin the range ,
where is choserfrom auniformrandomdistribution over
atquerytranslationtime.

It is importantto notethatthis approacthasa grouping
effectthatshouldideally not occurin animplementatiorof
randomsampling. Two objectsinsertedinto the database
may be assignedearbyrandomnumbers.Hence,if oneis
chosenthereis a greatetlik elihoodthatthe otherwill also
be chosen.With small selectionprobabilities,the effect is
negligible. However, to amelioratdt, we regularly “reshuf-
e” theinsertidstable,assigningnew randomnumbersto
objects.

In additionto therandomnumbersassociatedvith each
objectin the databasethe databasealso includesindices
on theserandomnumbersand on their associationavith
other attributes. Theseindiceshelp to make the random
samplingfast. In the next section,we will evaluatethe ef-
fectivenessof nondeterministiqqueriesfor limiting query
time andload.

Scopedand approximate queries

RGIS also supportstwo othermethodsfor speedingup
gueriesby modifying their semanticsscopingandapproxi-
mation[22]. It isacommonmisconceptiotthat,unlike hier
archicaldatamodelsit is impossibleto scopequeriesn the
relationaldatamodel. In actuality it is schema-dependent.
Becausahe RGIS schemamodelsthe network, it is pos-
sible to scopequerieswith respectto the network, either
by pre x-matching againstlP addressesr by rooting the
gueryat arouteror switch. Like nondeterministiqueries,
scopedqueriesreturna subsetof all possibleresults. We
also exploit the network structureby approximatinglarge
joins with complex constraintsvith smallerjoins andsim-
pler constraints Approximatequeriesreturna setof results
thatoverlapswith thesetof all possibleresults. Theremain-
derof this paperfocuseson nondeterministigueries.

Common queries

One issuewith relational queriesis that their power
comeswith signi cant compleity. Indeed,in industry the
developmentof relationalqueriesandtheir optimizationis
often allotted to a specialist. To addresghis, we are de-
velopinga setof “commonqueries”,which areessentially
Perl scriptsthat generatequeriesfor whatwe believe will
be commonformsof questionsHowever, it is possiblethat
therole of a“grid querydeveloper’mayalsoneedto exist.

5 Evaluating nondeterministic queries

Our evaluation of nondeterministicqueries examines
how the queryrun time andthe resultsetsize dependon
the databasesize, the selectionprobability, and the com-
plexity of thequery We usetwo differentqueries.The rst
looksfor groupsof hoststhattogethethave a givenamount
of memory The secondooks for two hostsof the same
operatingsystemthataredirectly connected.

Unlessotherwisenoted,our experimentalinfrastructure
is basedon Oracle 9i EnterpriseEdition running on Red
HatLinux 7.1 on adedicatedDell PoverEdge4400sener.
The sener hastwo 1 GHz Xeonprocessors? GB of main
memory anda PERC3DIRAID controllerproducingabout
240GB of RAID 5 storagenvereight36 GB U3 SCSidisks.
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GridG: realisticsyntheticgrids

To evaluatequerieswe must rst populateour database.

We did this using GridG [21], our tool kit for generating
realisticcomputinggrids. GridG generates Grid asanan-
notatedopologynetwork graphin which hosts routersand
othernetwork devicesarerepresentedsnodes.Thetopol-
ogy hasa hierarchicalstructureand also conformsto the
power laws of Internettopology[9]. Annotationsinclude
memory clock speed CPUtype, numberof CPUs,operat-
ing systemtype, link bandwidths router bandwidths,etc.
Figure 8illustratesthearchitectureof GridG.

In the following, we will separatelydescribethe GridG
parametersisedin evaluatingeachform of query In gen-
eral, we populatedour databaseising power law distribu-
tions foundfor routersin the Internet[9] andthe memory
distribution found in Smith, et al's study of MDS sener
contentq29].

“Find n hostswith at least3 GB of memory”

This queryis a generalizatiorof our running example
from Section4, but parameterizetb nd  differenthosts.
A four hostexampleis shavn in Figure9. Whatis returned
arethe distinguishedP addressesf the hosts. Note that
while suchqueriescanbecomequite complex asthe num-
berof hostsgrows,they cangenerallybeautomaticallygen-
eratedvery easily

To evaluatethe performanceof querieslike this, we
neededo populatethedatabasavith largenumbersof hosts
whosememorysizesweredistributedin meaningfulways.
To do this, we studied(anorymized)datadumpsfrom the
MDS senersrunningon several large grids, and datapro-
videdby theBOINC projectatBerkeley. Thelargestdataset
wasonecollectedby Smith,etal [29]. Smith's dataseton-
tains fewer than a thousandhosts. We extractedmemory
sizesfrom Smithdataseaindthencon gured GridG to gen-
eratehostswith the samememorysize distribution. Fig-
ure 10 shavs the memorysizedistribution.

Using the memorysizedistribution, we generatedyrids
of 50,000,500,000,and 5,000,000hostswith GridG. For
eachgrid, we evaluated2, 4, 8, and16 hostversiong(using

select nondeterministically

h1.distip, h2.distip, h3.distip, h4.distip
from

hosts hl, hosts h2, hosts h3, hosts h4
where

hl.mem_mb+h2.mem_mb

+h3.mem_mb+h4.mem_mb>3072 and

hl.insertid<>h2.insertid and
hl.insertid<>h3.insertid and
hl.insertid<>h4.insertid and
h2.insertid<>h3.insertid and
h2.insertid<>h4.insertid and
h3.insertid<>h4.insertid
within

1 seconds;

Figure 9. Sample query to nd 4 hosts with
minim um memory over 3GB.
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Figure 10. MDS memory size distrib ution.

2, 4, 8, and 16-way joins) of the query varying selection

probabilities.We ran eachquery ve times,measuringhe

gueryrunningtime andthe numberof rows returnedby the

qguery We reportthemean minimum,andmaximumof the
ve runs.Figurell shovsall the performancealata.

In additionto thenondeterministiquerieswe alsoeval-
uatedthe performanceof deterministicand limited deter
ministic versionsof the simplestquery (2 way join) on the
smallesthumberof hosts(50K) , datathatoccupieghe rst



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 - -

1lor10rows
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
16 way 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 224 20.9 23.9
4 way 0.000001 235 20 624 0.55 0.46 0.65
0.000005 189920 109533 322668 23.2 175 354
8 way 0.0000005 551 138 1296 0.77 0.71 0.87
0.000001 272704 110614 674554 28.9 13.9 68.2
16 way 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

hosts, and diff erent selection probabilities.

two rows of Figure11. Notice thatthe 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 (0.13s), but always returns
the sameresults. The nondeterministioversionof the same
gueryexecutesnoreslowly, takingabouttwice aslongeven
with a very low selectionprobability. However, following

the discussionof Section4, we now get a different set of

resultseachtime we run the query andthe querywill doa
x ed amountof work eachtime it is run. It is slower be-
causetherearetwo additionalequijoinswith the insertids
table,ascanbe seenin Figure7. This overheads the cost
for implementingrandomsamplingabove the databaseA

databasenginethatsupportedandomsamplingwould not
paythis penalty

To better illustrate our results for nondeterministic
guerieswe shav two slicesthroughthe table. We usethe

diff erent sizes of grid, diff erent number s of

500,000hostgrid. Figure12 shavs the averagenumberof

resultsandthe averagequerytime for thetwo hostversion
of the queryasa function of the selectionprobability. The
left handscalecorrespondto thequerytime, while theright

handscaleshavsthe numberof results.Notethatall scales
are logarithmic. Theseresultsshawv thatit is possibleto

meaningfullytradeoff betweenqueryprocessingime and
resultsetsize. We canvary the querytime andthe result
setsizeover severalordersof magnitudeby modulatingthe

selectionprobability.

Figure 13 shawvs a secondslice throughour data. Once
again,we have usedthe 500,000host grid and show the
averagequerytime andresultsetsize,but herewe vary the
compleity of query (the numberof hostsasled for) and
chooseselectionprobabilitiesto try to keepthe querytime
asconstantaspossible.The point hereis thatit is possible
to usethe selectionprobability to control the query time
largely independendf querycomplexity.
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Figure 12. Query time and number of selected
rows versus selection probability .
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Figure 13. Query time and number of selected
rows versus number of hosts.

Grid topology-relatedquery

BecausdrGlSalsostoresnformationaboutthenetwork

topologyof agrid, we canincludetopologyin our queries.

For example,we can nd theshortespathsbetweera pair
of hosts,or all pairsshortespaths,or a groupof hoststhat
aretightly connected.For example,” nd n hostswith the
sameoperatingsystemandwith a total memoryof b bytes,
all attachedo the samerouter” would nd tightly coupled
groupsof machineghatcouldbeusedasclusters.

10

select nondeterministically
h1.distip, h2.distip
from
hosts h1, hosts h2, iplinks links
where
hl.mem_mb+h2.mem_mb>1024 and
hl.0s=h2.0s and hl.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 query to nd pairs of di-
rectly connected hosts.

Hosts NW NM NL SW SM SL
10K 8915 -249 1 20 10 10 10 50
50K 8.915 -2.49 1 100 10 10 10 50
100K 8.915 -249 1 100 20 10 10 50
Figure 15. Parameters passed to GridG in

Topology related query datasets.

Figurel4illustratesaverysimplesuchquerywhichtries
to nd all pairsof hoststhataredirectly attachedat layer
3). Themachinesnusthave the sameoperatingsystemand
musthave atotal memoryof atleastl GB.

To evaluatesucha query we must rst have a network
topology GridG network topologiesare con gured using
eightparametersSix determineghehierarchicaktructureof
thegeneratedsrid (thesearepassedo theunderlyingTiers
generatof8]) andthe remainingtwo determinethe param-
etersof outdegreepower law of Internettopology (our ex-
tension).Theeightparametersre:

: constanin outdegreelaw
: outdegreeexponent
NW : maximumnumberof WANSs (currentlyonly 1
supported)
NM : maximumnumberof MANs per WAN
NL : maximumnumberof LANs perMAN
SW : maximumnumberof nodesper WAN
SM : maximumnumberof nodesper MAN
SL : maximumnumberof nodesperLAN

Figure 15 shavs the parametershatwereusedto generate
the topologiesusedfor this section. The hierarchyparam-
etersare basedon requirementdor total numberof hosts.
The valuesof and in the table are from a measured
routerlevel Internettopology discussedby Faloutsos,et

al[9].
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Figure 16 shavstheaveragequerytime versusselection
probability for different size grids, namely with 10,000,
50,000and 100,000hosts. Figure 17 shows the average
resultsetsize for the sameparameters.For this rangeof
selectionprobabilities,querytime increasespproximately
linearly with selectionprobability, while the resultsetsize
increaseslightly faster

Thesegures provide moreevidencethatit is possibleto
useselectionprobabilityto tradeoff betweerresultsetsize
andquerytime for queriesaboutgridswith typicaltopolog-
ical andmemorysizedistributions.
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6 Time-boundedqueries

Theevaluationof the previoussectionshovedthatselec-
tion probabilitycanbeusedto tradeoff betweertherunning
time of a queryandthe numberof resultsreturned andthat
the resultsetwould vary from queryto query However,
asdescribedn Sectiond, nondeterministiqueriesn RGIS
are alsotime-bounded.RGIS implementsthesedeadlines
usingthreetechniquesalthoughthis partof thesystenmcon-
tinuesto evolve.

The rst techniqueis hard-limiting. The query man-
ager/ravriter startsthe queryasa child processor thread.
The child is then allowed to run until the deadlineis ex-
ceeded.If it completesbeforethattime, it returnsthe re-
sult setto the parentwhich returnsthemto the caller If it
runsout of time, it is killed and no resultsetis returned.
Hard-limiting can be usedin conjunctionwith the other
techniques.

Thesecondechniqués climbing Here,we initially run
the querywith a very small selectionprobability. If no re-
sultsarereturned the probability is doubledandthe query
is run again. This happensteratively until eitherthe dead-
line is exceededr a non-nullresultsetis available. Notice
thatbecauselimbing alwaysissuesanotherqueryif there
is time left, it mayovershoothe deadline.

The third techniqueis estimation Estimationis similar
to climbing exceptthatwe predictthe next querytime from
thepreviousquerytimesandthenonly issuethe next query
if thereis sufcient time remaining. Hence,it is far less
likely to overshootthe deadline. Predictingquerytime in
generalis a complicatedproblemthat could involve hard-
ware con guration modeling,schedulemodeling,model-
ing of thedatabasengine andqueryanalysis.Surprisingly
predictingquerytime from previous instance®f a nonde-
terministicqueryrun with lower selectionprobabilitiesap-
pearsto be easierto solve.

We studiedseveralfunctions(linear, power, polynomial,
exponential)for mappingfrom selectiorprobabilityto run-
ning time. Degreetwo polynomialsworked bestfor the
gueriesdescribedn the previoussection.In ourimplemen-
tation, we monitor eachquery's time and selectionproba-
bility. After the rst query we estimatethe secondquery
time to bethe sameasthe rst. After the rst two queries,
we do a degreeone Lagrangeinterpolationto estimatethe
third querytime. For the fourth andfurther querieswe es-
timate the next querytime by applying a degreetwo La-
grangenterpolationpolynomialto the previousthreequery
times.Hence afterthe rst query we have somemodelthat
mapsfrom selectionprobabilityto querytime. We thenuse
thatmodelto predictif we still have enoughtime to do next
query If we don't, we terminate.Figure18 shows this pro-
cesdor thetwo hostquerydescribedn the next paragraph,
comparingthe predictedand actualiterative querytimes.
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Figure 18. Prediction accuracy in estimation.

Becauseno time limit is supplied,the queryrunsuntil the
selectionprobabilityapproachesne. This predictionalgo-
rithm worksvery well for thetwo andfour hostqueriesand
othersimilarjoins, but hasdif culties with largerjoins.

Figure 19 illustratesthe performanceof thesedifferent
techniquedor a samplequery The querylooks for two
hostswith a combinedtotal of 600 GB 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 secondstespectiely. Eachqueryis run vetimes. The
Figureillustratestheaverageminimum,andmaximumrun-
ning time. Clearly, it is possibleto keepthe runningtime
closeto thedeadlineusingthethreetechniquesThisis also
the casefor queriesthatareallowedto run longer, andfor
gueriesinvolving a larger numberof hosts. Surprisingly
hard-limiting canleadto missingthe deadlineby about0.2
secondsn our system,andthis delayis constanin all our
experiments. This is largely becausderminatinga query
processcanbe expensve. Estimationproveseffective for
four host queries,but hasgreaterdif culty for eight host
gueries.Currently we combinehard-limiting with estima-
tion for eight-way andhigherjoins.

We are also consideringa more complex techniquein
whichwe derive ananalysisqueryfrom theuserquery The
analysisquery essentiallyteststhe distribution of signi -
cantattributes(e.g.,the hostmemoryfor our examples)in
theinput tables,andthenestimateghe likelihood of these
attributescoinciding,assuminghatthey arerandomlydis-
tributed. The selectionprobability would thenbe setsuf-
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
time-bounding nondeterministic queries.

7 Conclusions

We describedhe RGIS relationalgrid informationser
vice system, focusing on nondeterministicqueries, the
RGIS mechanisnfor limiting the runningtime of queries
andtheirloadontheRGISsener. Nondeterministiqueries



are implementedusing a combinationof query rewriting,

schemaxtensionsindices,andrandomnesdNo changeso

the RDBMS areneeded We evaluatedthe performanceof

ourimplementationpopulatingour databasevith networks
aslargeas ve million hosts. The evaluationshoved that
a meaningfultradeof betweenquery processingime and
result set size is possibleusing nondeterministioqueries,
and that we can use that tradeof to keep query running
time largely independentf querycomplexity. We thendis-
cussedhreetechniqueghat we useto time-boundnonde-
terministicqueriesandevaluatedheir performance.

The next major step for RGIS is the integration of
the content delivery network schemefor loose replica-
tion of RGIS seners describedn 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.edulirgis.
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