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ABSTRACT

Webcams,microphones pressuregaugesand other sensorgpro-
vide exciting newv opportunitiesfor queryingand monitoring the
physicalworld. In this paperwe focuson queryingwide areasen-
sor databasescontaining(XML) dataderivedfrom sensorspread
overtensto thousandsf miles. We presenthefirst scalablesystem
for executingXPATH querieson suchdatabasesThe systenmmain-
tainsthelogical view of thedataasasingleXML documentwhile
physicallythedatais fragmentedacrossary numberof hostnodes.
For scalability sensordatais storedcloseto the sensorsput can
be cachedelsavhereasdictatedby the queries(auto-tuning).Our
designenablesself-startingdistributed queriesthat jump directly
to thelowestcommonancestoof thequeryresult,dramaticallyre-
ducingqueryresponsedimes. We presenta novel query-&aluate-
gathertechnique(using XSLT) for detecting(1) which datain a
local databasdragmentis partof the queryresult,and(2) how to
gatherthe missingparts. We definepartitioningand cacheinvari-
antsthat ensurethat even partial matctheson cacheddataare ex-
ploited andthat correctanswersarereturned despiteour dynamic
query-driven caching. Experimentalresultsdemonstratéhat our
techniqguedramaticallyincreasequery throughputsand decrease
queryresponséimesin wide areasensodatabases.

1. INTRODUCTION

From webcamgto smartdust, penasive sensorsare becoming
a reality, providing opportunitiesfor new sensoibasedservices.
Considerfor examplea Parking SpaceFinderservicefor locating
available parking spaceseara users destination. The driver en-
tersinto a PDA (or a car navigation system)her destinationand
hercriteriafor desirableparkingspaces— e.g.,within two blocks
of her destinationat leasta four hour meter minimum price, etc.
Shegetsbackdirectionsto an available parking spacesatisfying
her criteria. If the spaceis taken beforeshearrives,the directions
areautomaticallyupdatedo headto anew parkingspace.

Whatis requiredto createsucha Parking SpaceFinderservice
for a large metropolitanarea? First, sensorsare neededhat can
determinewhetheror not a parking spaceis available. We en-
vision a large collectionof webcamsoverlooking parking spaces,
pressuresensorn the spotsthemseles,or somecombinationof

Permissionto malke digital or hard copiesof all or part of this work for
personalor classroomuseis grantedwithout fee provided that copiesare
not madeor distributedfor profit or commercialadvantageandthatcopies
bearthis noticeandthefull citationonthefirst page.To copy otherwiseto
republishto poston senersor to redistritute to lists, requiresprior specific
permissiorand/orafee.

Submittecandacceptedo SIGMOD’03 SanDiego, CaliforniaUSA
Copyright 2003ACM ...$5.00.

Phillip B. Gibbons*
tU.C. Berkeley

Srinivasan Seshan#*
iCarnegie Mellon University

both. Seconda sensodatabasés neededwhich storeshecurrent
availability informationalongwith staticattributesof the parking

spacesuchasthe price andhoursof their meters.Finally, a web-

accessibleueryprocessingsystemis neededto provide answers
to high-level userqueries.

Giventhelarge numberof sensorspreacdover awide area,and
the desireto supporthigh query volumes,whatis a good sensor
databasesystemarchitecture? Our group has developeda wide
areasensoidatabaseystemaspartof the Internet-scaldkesource-
Intensize SensoMetwork services(IrisNet) project, with the fol-
lowing architecturabdesign.

e For high updateandquerythroughputsthe sensomatabase
is partitionedacrosamultiple sitesoperatingin parallel,and
the queriesaredirectedto the sitescontainingthe answers.
We assumehat sitesare Internet-connecte(powvered)PCs.
A sitemanaer runson eachsite.

e Communicatiorwith the sensorss via sensorproxies[26],
which collect nearbysensordata, process/filteiit to extract
thedesireddata(e.g.,parkingspaceavailability information),
and sendupdatequeriesto the site that owns the data(and
possiblyothersites).As in [26], we assuméhatsensoiprox-
ies run on Internet-connecte¢povered)PCs? A large col-
lectionof sensomproxiesoperatingn parallelensurethatthe
systemscalesto a larger numberof sensors. Moreover, a
potentially high volume of data(webcamfeeds)is reduced
at the sensomproxy to a muchsmallervolume of data(e.qg.,
availability information)sentto sitemanagers.

e To make posingquerieseasyfor users,IrisNet supportsa
standarddatarepresentatiorfXML), a standardhigh-level
querylanguag€XPATH), andalogicalview of its distributed
databasasasinglecentralizedlatabasédatatranspaency?.
XML is usedto accommodate heterogeneouand evolv-
ing setof datatypes,aggrgatefields, etc.,bestcapturedby
self-describingags. Moreover, eachsensortakes readings
from ageographidocation,soit is naturalto organizesensor
datainto a geographic/political-boundaryierarchy(as de-
pictedin Figurel) — again,agoodmatchfor XML. We use
anoff-the-shelf XML databasaystemandinteractwith the
databaseising standardAPIs (XPATH or XSLT for query-
ing, andSixDML or XUpdatefor updates)jn orderto take
adwantageof futureimprovementsn XML databaséechnol-

ogy.

'For example,webcamaretypically attachedo PCsthatcanhost
asensomproxy. For battery-paveredmotes the sensomproxy is the
poweredbasestationcommunicatingvith themotes[26].
2Thereis oneexceptionto our datatranspareng userqueriescan
specifya degreeof tolerancefor answershasedon stale(cached)
data,asdiscussedn Section4.
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Figure 1: Logical Site Hierar chy

Althoughwe have usedParkingSpaced-inderasa motivatingap-
plication, we ervision IrisNet asa generalplatform for wide area
sensoservices For example wearecurrentlyworkingwith ateam
of oceanographer®o deplo/ IrisNet along the Oregon coastline.
Moreover, we believe that future wide areasensordatabasegnot
just IrisNet) will build upona similar design,in orderto meetthe
desiredperformanceequirements. Thusproviding techniquegor
correctly and efficiently processingquerieson suchdatabasess
crucial to the widespreadiseof wide areasensorsystems.How-
ever, asoutlinedbelow, therearea numberof challengeso provid-
ing fastexecutionof XPATH querieson sucha system;this paper
is thefirst to addresshesechallenges.

In this paper we presenttechniquedor query processingand
cachingin wide areasensordatabasesThe contrikbutions of this
paperare:

e We presentthe first scalablesystemfor executing XPATH
guerieson wide areasensordatabases.The systemusesa
logical hierarchyof sitesdictatedby the XML document;
thesdogicalsitesaremappedo asmallercollectionof phys-
ical sites,asdictatedby thesystemadministratoor thequeries
themseles.

e Wegiveatechniqueor self-startingdistributedqueries which
jump directly to the lowestcommonancestofLCA) of the
queryresult, by using DNS-stylesite namesextractedfrom
the queryitself. A key featureis thatalthougha querycan
be posedarywherein the Internet,no globalinformationis
neededo producethe LCA site namefor thequery

e We shav how generalXPATH queriescanbe evaluatedon
a single XML documentwhenthe documentitself is frag-
mentedacrosanachinesandthefragmentatioris constantly
changing.We proposeanovel query-ealuate-gathe{QEG)
techniquefor detecting(1) which datain the databasdrag-
mentatasiteis partof thequeryresult,and(2) how to gather
themissingparts.To ourknowledge,no effective solutionto
this problemwasknown prior to our work.

e Our QEGtechniqueusesXSLT programsandwe shov how
theseprogramscan be generatedlirectly from the XPATH

3For example anobiject-relationalide areasensodatabaseould
facemary of the sameissuesandwould greatly benefitfrom the
techniguepresentedh this paper(seeSectiont).

/usRegion[@d="NE ]/state[@d="NY']/city[ @d="New York’]
/ nei ghbor hood[ @ d=" Soho’ OR @d=' Tri beca’]
/bl ock[ @d="1"]/ par ki ngSpace[ avai | abl e=" yes’ ]

Figure 2: An XPATH query requestingall available parking
spacesn Soho block 1 or Tribeca block 1.

<usRegi on @d=" NE >
<state @d="NY' >
<city @d="New York’ >
<nei ghbor hood @ d=" Soho’ >
<block @d="1">
<par ki ngSpace @d="1">
<avai | abl e>yes</ avai | abl e>
</ par ki ngSpace>
<par ki ngSpace @d="2">
<avai | abl e>no</ avai | abl e>
</ par ki ngSpace>
</ bl ock>
</ nei ghbor hood>
</city>
</ st at e>
</ usRegi on>

Figure3: An XML fragment at the New York site.

query without accessinghe database Moreover, we shav
how to avoid the overheadsof query-timecompilation of
XSLT programsby generatinghem (almost)alreadycom-
piled.

o We presentischemdor cachinggueryresultsat sitesasdic-
tatedby the queries(auto-tuning). Owneddataand cached
dataarestoredin the samesite databasewith differenttags,
unifying the query processingat a site. Moreover, we sup-
portquery-basedonsistencyin which eachuserquerymay
specifyits tolerancefor usingstale(cached)datato quickly
answeltthequery

o We definepartitioningand cacheinvariantssupportingpar-
tial match caching, which ensureghat even partial matches
on cacheddatacanbe exploitedandthatcorrectanswersare
returneddespiteour dynamicquery-driencaching.Our ap-
proachis basedon leveragingthe dataresidingin the site
databasewhich differs from previous approache®asedon
leveraginga collectionof views.

o We presenexperimentakresultsdemonstratinghe effective-
nessof our techniguesn dramaticallyincreasingupdateand
query throughputsand decreasingjuery responseimesin
wide areasensodatabases.

The remainderof this paperis organizedasfollows. Section2
describeghe queryprocessinghallenges.Section3 presentour
basicqueryprocessing@ndcachingtechniquesThenin Section4,
we describeextensiongo moregeneraXPATH queriescachecon-
sisteng, andownershipmigration. Experimentatesultsarein Sec-
tion 5. Section6 describegelatedwork, and conclusionsarein
Section?.

2. QUERY PROCESSING CHALLENGES

In this section,we considera coreproblemin queryprocessing
in wide areasensordatabasesand demonstratehe challengesn
solvingthis problem.

We would like to evaluatean XPATH queryon a single XML
documenthathasbeenfragmentedacrosamultiple sites.Consider



the examplequeryin Figure2 andthe documentragment(at the
New York site)in Figure3. Thequeryasksfor all availableparking
spacesn two adjacenblocksof SohoandTribeca.lf this queryis
posedo theNew York site,parkingspacel in Sohoblock 1 will be
returned.Thechallengds in determiningwhetherthisis the entire
answer In particular arethereotherparkingspacesn block 1 of
Soho? Moreover, no parking spacesverereturnedfrom Tribeca:
wasthatbecausehey areall takenor the site databas&asmissing
Tribeca? This information cannotbe determinedsolely from the
queryanswer

How might we try to solve this problem? First, we might try
splitting the XPATH queryinto two queries,onefor Sohoandone
for Tribeca, but we would not learn arything more. Second,we
might try augmentingthe databasewith place holders(e.g., for
Tribeca)that tag missingdata. However, unlessthe site database
containgplaceholdersor all datain New York, whichis notascal-
able solution, the XPATH querywould not returnall the needed
placeholdersE.g.,adding

<nei ghbor hood @d="Tri beca’ @ ag="pl acehol der’ >

to the New York site would not changethe answey becausehe
querycalls for specificdatawithin the Tribecaneighborhood.Fi-
nally, we might try maintainingmetainformationaboutwhatfrag-
mentof the XML documents in thesitedatabaseThereis atrade-
off betweerhow muchmetadatawe would needandhow flexible
the partitioningis — this approachmayrequiresignificantrestric-
tionsonthefragmentationptherwisethe metadatamaybeaslarge
asthe databasétself! Moreover, givenan XPATH query it is not
clearhow to combinethis metadataoutsidethe databasevith what
is insidethe database.For example,supposehat neighborhoods
hadanumber O Fr eeSpot s attributeandparkingspace$hadapri ce
attribute, andthe queryasksfor available no costspotsin block 1
of SohoandTribeca:

/usRegion[@d="NE ]/state[@d="NY']/city[ @d="New York’]
/ nei ghbor hood[ @ d=" Soho’ OR @d="Tri beca’]
[ @unber O FreeSpots > 0]
/ bl ock[ @d="1"]/ par ki ngSpace[ avai | abl e="yes’ ][ @rice=0"]

If thesite databaseontainedhis attributefor bothneighborhoods,
and the metadatareflectedthis, thenwhetheror not we needto
visit thesite(s)containingTribecablock datadepend®n thevalue
of this attribute. In orderto male this decision,we would need
to determinethat a specificsubqueryrequestingust this attribute
shouldbe posedto the site databaseandthencombineits answer
with the metadata— clearlythis would not be easy Giventhegen-
erality of XPATH queriesthistypeof scenarianayarisefrequently
andin morecomplicateccontexts.

A betterapproachis to includeinsidethe databaseary metain-
formation on what fragmentof the XML documentis presentat
the site, astag attributesassociatedvith the relevant portions of
the database.Theseattributes mustindicate not only what data
is presentor missing, but which sitesto visit to find the missing
data As illustratedabore, XPATH is insufficiently powerful to ef-
fectively usethesetags. In the next section,we presentour novel
solutionto thesechallengeshbasednthemorepowerful XSLT lan-
guage. Our techniquesolvesthesefragmentationchallengesand
moreawer, it enablessery flexible queryresultcachingatthesites.

3. OUR SOLUTION

In this section,we describeour solutionto the challengesout-
lined in the previous section. We begin with an overview of the
systembeforedescribingthe variouscomponentén detail.

3.1 Overview

Ourqueryprocessingystemstartswith the XML documente-
fined by the service. For simplicity, assumeahat the documents
fixed: only the valuesof attributesandfields arechanging® The
documentefinesalogical hierarchyon the data(seeFigurel). At
ary pointin time, we have partitionedowneship for fragmentsof
thedocumento a collectionof sites(discussedn Section3.2). A
sitemayalsocachedataownedby othersites(Section3.3).

UsersposeXPATH querieson the view of the dataasa single
XML document.The queryselectdatafrom a setof nodesin the
hierarchy The queryis sentdirectly to the lowestcommonances-
tor of thesenodes usingour techniquefor self-startingdistributed
queries(Section3.4). Thereit begins a potentially recursve pro-
cess,which we denotequery-&alute-gather(Section3.5). Upon
receving a query the site managemqueriesits local databasend
cacheandevaluategheresult. If necessaryit gathersmissingdata
by sendingsubquerieso othersites whomayrecursvely queryad-
ditional sites,andsoon. Finally the subqueryanswergeturnfrom
the othersites,andthe combinedresultsaresentbackto theuser

XPATH queries supported. Throughoutthis paper we take the
commonapproactof viewing an XML documentasunodered, in
thatwe ignoreary orderingbasedsolelyonthelinearizationof the
hierarchyinto a sequentiadocument.For example,althoughsib-
lings may appeaiin thedocumenin aparticularorder we assume
that siblingsareunorderedasthis matchesour datamodel. Thus
we focuson the unomdered fragmentof XPATH, ignoring the few
operatorssuchas position() or axes like following-siblingsthat
areinappropriatdor unordereddata.We support(andhave imple-
mented)the entireunorderedragmentof XPATH 1.0.

3.2 Data partitioning

Therearetwo distinctaspectdo datapartitioning: data owner
ship, which dictateswho ownswhatdata,anddatastorage, which
describeshe actual data storedat eachsite.  Our partitioning
schemas basedon a seriesof partitioningrules,tags(i.e., special
attributes),andinvariantsthatmustbe maintainedo ensurecorrect
answersOur schemeausesthefollowing definitions.

IDable nodes.We associatevith certain(elementyhodesn adoc-
umentan “id” attribute (seeFigure 3). This id attribute is in the
spirit of a DTD’s ID type® However, we requireonly thatthe id
be uniqueamongits siblingswith the sameelementname(e.g.,the
par ki ngSpace Siblingswithin a block), whereadD typeattributes
musthave globally uniquevalues.This distinctionis quite helpful
for us,becaus®ur documents fragmentedaicrosanary sites,soit
would bedifficult to ensureglobally uniquenames.Moreover, the
valuesfor ourid attributesare shorthamesthat make senseto the
userquery(e.g.,New York).

DEFINITION 3.1. A nodein a documentis called an |Dable
nodeonlyif (1) it hasa uniqueid amongits siblingswith thesame
elemenname and(2) its parentis an IDable node Therootnode
of adocuments alsoan IDable node ThelD of an|Dable nodeis
definedto beits (elementname, id) pair.

“Themoregenerakcenariosreaddresseth Sectiond.

5A DTD definesheschemdor XML documentsincludingrestric-
tionson attributevalues.
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Figure4 shavs anexampledocumentandits IDable nodes(de-
notedin bold). NotethateachlDable nodecanbe uniquelyidenti-
fied by the sequenc®f IDs on the pathfrom the root to the node.
We will frequentlyexploit this featurein our system.For instance,
IDable nodescanbe placedon differentsitesthantheir parentsor
siblings,withoutary ambiguity

DEFINITION 3.2. Thelocal information of an IDable noden
is definedto be the documenfragmentcontaining: (1) all the at-
tributesof n, (2) all its non-IDablechildrenandtheir descendants,
and (3) the IDs of its IDable children. Thelocal ID information
of an IDable noden is definedto be the documentragmentthat
contains(1) the ID of the node and (2) the IDs of all its IDable
children.

Thusthelocal ID informationof anIDable nodeis a subsebf the
local informationof thatnode. For example,the local information
of the Sohonodein Figure4 is:
<nei ghbor hood @ d=" Soho’ @i pcode="10012" >

<bl ock @d="1' ></ bl ock>

<bl ock @d='2’' ></ bl ock>

<avai | abl e- spaces>8</ avai | abl e- spaces>
</ nei ghbor hood>

Its local ID informationis:
<nei ghbor hood @ d=' Soho’ >
<bl ock @d="1"></bl ock>
<bl ock @d='2'></bl ock>
</ nei ghbor hood>

Notethatthe documenfragmentscorrespondingo the localin-
formationsof the IDable nodesform a nearly-disjointpartitioning
of the original documentwith the only overlap beingthe IDs of
the IDable nodes. Also, the notion of an IDable node could be
extendedto includeary nodewith a uniquelynamedroot-to-node
path(suchasavai | abl e- spaces in Figure4); however, this would
complicateour techniquebelaw for self-startinggueries.

Data ownership. We permit eachsite to own an arbitrary set of
nodesfrom the documentunderthefollowing constraints:

e Eachnodein the documentmustbe owned by exactly one
site.

e A nodemay have a differentownerthanits parentonly if it
is anIDablenode.

This enablesonsiderabldlexibility for partitioning. For example,
asitemayown a node,afew of its grandchildrerand cousins but
not the intervening nodesin the hierarchy Our query processing
algorithmsmustensurecorrectanswersn thepresencef ary such
partitionings.

Theownerof anodeis ultimatelyresponsibldor ary querieson
thatnode.By requiringthatonly anIDable nodemaybe on a dif-
ferentsitethanits parentwe ensurethatary suchnodeis globally
addressable(We describein Section3.4 how the systemlocates
thesite correspondingo thenode.)

Data stored at eachnode. The datathatis storedat eachsite is
essentiallythe union of the local informationsandthelocal ID in-
formationsof a setof nodes.Therearetwo invariantswe maintain
on the storeddata: (11) eachsite muststorethe local information
for thenodest owns,and(12) if (atleast)thelD of anodeis stored,
thenthelocal ID informationof its parentmustalsobestored.Note
that this implies that the local ID information of all ancestorf
suchanodeis alsostored.
A speciahttributecalledstatugmeaningfubnly for IDablenodes)

is usedto summarizethe storeddatafor a node,in orderto ensure
correctandefficient queryprocessinglt hasfour possiblevalues:

e owned: Thesite ownsthis node.By invariants(I1) and(12),
it hasthelocal informationof the nodeandat leastthelocal
ID informationof all its ancestors.

e completeThesitehasthesamenformationstoredasowned
exceptthatit doesnot own thenode.

e ID-complete: The site hasthe local ID informationfor this
nodeandthelocal ID informationof all its ancestorsbut it
doesnot have all thelocal informationfor the node.

e incomplete:For this node thesitehasonly its ID.

Our systemmaintainsthe invariantthat eachnodeat a site falls
into one of thesefour cateyories(a non-IDablenodeis implicitly
assumedo have the samestatusasits lowestiDable ancestor).

Intuition behind this structur e. Whathave we accomplishedy
thesepartitioningrules,specialattributes,andinvariants?If a site
hasinformationabouta node(beyondjustits ID), it knowsat least
theDs of all its IDable children,and alsothe IDs of all its ances-
tors and their siblings Thuswhena queryis routedto this site,
it can either answerit using the documentfragmentit has,or it
knows which partsare missing(the missingpartswill alwaysbe
IDable nodesandthe informationin the subtreeselov them). It
canthen contactthe appropriatesitesthat own the missingparts
(becausat hastheir uniguenames)andget the informationfrom
them.

As such,ary given site hasin its documentragmentthe infor-
mationneededo gatheran answerto a query evenif it doesnot
have all thedataitself.

3.3 Caching

Our goalsare(1) to have considerabldlexibility for replicating
dataat multiple siteson thefly, and(2) to enableefficientandcor
rectqueryprocessinglespitethis dynamiccaching.Thekey obser
vation is thatthe schemeoutlinedin Section3.2 is well-suitedto
accomplishinghesegoals.

Storing additional data. A site canaddto its currentdocument
ary documenfragmentthatsatisfies(C1) the documenfragment
is aunionof local informationsor local ID informationsfor a cer
tain setof nodesand(C2)if thedocumenfragmentcontaindocal
informationor local ID informationfor anode,it alsocontainsthe



local ID informationfor its parent(henceall its ancestors).Then
by meming this new documentfragmentwith the existing docu-
ment,we areguaranteedo maintaininvariants(l1) and(12) above.
Moreover, updatingthe statusattributesis straightforvard.

Caching query results. An importantspecialcaseof the above
is the cachingof queryresults. Recall that we route a query to

its LCA andthenrecursvely progressdown the hierarchyto pull

togetherthe answer In our currentprototype wheneer a (partial)
answeris returnedto a site, we cachethe answerat the site. Thus
a site managemggressiely cachesary datathatit sees.This has
two benefits. First, subsequentjuerieson the samedatacan be
answeredy thesite, therebyavoiding the expenseof gatheringup
the answeragain® Second,jt automaticallytunesthe creationof

additionalcopiesto the queryworkload;suchcopiescandistribute
the workload over multiple sites. To make this cachingpossible,
we generalizethe subqueriesentto sites,makingthemfetch the
smallestsupersebf the answerthat satisfiegC1) and(C2) aborve.
(This doesnot alterthe answerreturnedto the user Detailsarein

Section3.5.)

Onecouldchooseo useour generalizedubqueriesndcaching
techniqueonly whenthe workload seemdo dictateit. However,
we foundthatthe costof initially transferringadditionaldatawas
minimal comparedo thesignificantgainsachievedby caching(see
Sectionb).

Partial match caching A key featureof our cachingschemas its
ability to supportpartial matd cacing, which ensureghateven
partial matcheson cacheddatacan be exploited and that correct
answersarereturned. Becauseour invariantsensurethat we can
alwaysusewhatever datawe have in a site databaseandfetchary
missing partsof the answer we can provide very flexible partial
matchcaching. For example,the queryin Figure2 may usedata
for Sohocachedatthe New York site,eventhoughthis datais only
a partial matchfor the new query Similarly, if distinct Sohoand
Tribeca queriesresultin the databeing cachedat New York, the
query may usethe meiged cacheddatato immediatelyreturnan
answer Evenif the earlierquerieshave different predicatespur
generalizatiorof subqueriesnayenablethelaterqueriesto usethe
cacheddata. Note alsothata site candeterminewvhena collection
of querieshasresultedin all the IDable siblingsbeingcachedand
hencerespondo queriesover all suchsiblings(subsumption For
example,supposeahereare threeneighborhoodslowntown mid-
town anduptownin a city Brooktown all on differentsitesthan
thecity node.Thenindependengueriesghatcausehethreeneigh-
borhoodsto be cachedat the Brooktavn node,would leadto the
query
. /city[ @d="Brookt own’ ]/ nei ghbor hood/ bl ock
/ par ki ngSpace[ @vail able = 'yes’]

beingcorrectlyansweredrom justthe Brooktavn site. (This query
requestsall available parking spacedn Brooktavn.) This is be-
causeinvariant (11) abore ensureghat Brooktovn always main-
tainsthe IDs of all its neighborhoodssoit candetectwhenit has
all of its neighborhoodsached.

Evicting data. Any datacanberemoved aslong asit is always
removed in units of local informationsor local ID informationsof
IDable nodesandthe conditionsoutlinedabove arestill valid after
theremoval.

In summaryourschemenalesit easyto provideflexible caching.

Themainchallenges to do the above operationfficiently, with-
out having to fetch the entire documentinto memoryandwithout
touchingary moreof thedocumenthannecessaryAs it turnsout,

5|ssuesf stalenessf cacheddataarediscussedn Sectiord.

thistaskis accomplishedisingthemechanisnfior queryprocessing
in generalwhich we discussn Section3.5.

3.4 Finding sites

In this subsectionye discusshow the systemcandeterminethe
IP addresdor ary siteneededluringqueryprocessingRecallthat
the mappingof IDable nodesto sitesis arbitraryanddynamically
changing.However, thereareonly two situationsin which IP ad-
dressesare neededduring query processing:(1) whenthe query
initially is posedby ausersomevherein theInternet,and(2) when
asitemanagedetermineghatit needso posea subquenyto aspe-
cific IDable node.We considereachsituationin turn.

Self-starting distrib uted queries. Usersarywhereon the Internet
canposequeries.For scalability we clearlydo notwantto sendall
queriego thesite(s)hostingtheroot nodeof thehierarchy Instead,
ourgoalis to sendthequerydirectlyto thelowestcommonancestor
(LCA) of thequeryresult.Buthow dowefind thesitethatownsthe
LCA node giventhelarge numberof nodesandthedynamicmap-
ping of nodego sites?0ur solutionis (1) to have DNS-stylenames
for nodesthatcanbe constructedrom the queriesthemseles, (2)
to createa DNS sener hierarchyidenticalto the IDable nodehier-
archy and(3) to useDNS lookupsto determinghelP addressesf
the desiredsites. RecallthateachlDable nodeis uniquelyidenti-
fied by the sequencef IDs on the pathfrom the root to the node.
Thusour DNS-stylenamesare simply the concatenatiorf these
IDs. For example,for the queryin Figure?2, its LCA nodeis New
York. We constructhe DNS-stylename

city-newyork. state-ny. usregion-ne. par ki ng. our donai n. net

performa DNS lookupto getthe IP addres®of the New York site,
androutethequerythere.

A key featureis thatno globalinformationis neededo produce
this DNS-stylename:it is extracteddirectly from the query! We
have a simpleparserthatprocessethe querystringfrom its begin-
ning, andaslong asthe parserfinds arepeatecsequenc®f / el e-
ment name[ @ d=x] , it prependgo the DNS name.The DNS lookup
may needsereral hopsto find the appropriateDNS entry, but then
this entry is cachedin a DNS sener nearto the query so subse-
guentlookupswill find the IP addressn the nearbyDNS sener.
Notethatno informationaboutthe XML documen{or its schema)
is needecy theparser

Sendinga subquery. Whenasitemanagedetermineshataquery
requiresdatanot in its site databasethenby our invariants,it has
the root-to-nodelD pathfor the IDable nodeit needsto contact.
To seethis, obsere thateachpieceof missingdatais in thelocal
informationof somelDable node.ConsideronesuchiDable node
n. By invariant(I1), this nodeis owned by a different site. By

invariant(12), regardlesof n's statusvalue,we haveits ID, andthe
IDs of all its ancestorsThuswe canproducethe DNS-stylename
for ary neededDable nodesolely from theinformationin the site
databaseand then performthe lookup to get the IP address. A

key featureof this designis that the mappingof IDable nodesto

IP addressess encapsulate@ntirely in the DNS entries,and not
in ary site databasesThis malesit relatively easyto changethe
mappingasdesiredfor loadbalancingandotherpurposes.

3.5 Query-Evaluate-Gather

We now describeour query-&aluate-gathertechniquefor de-
tecting (1) which datain a local databasdragmentis part of the
queryresult,and (2) how to gatherthe missingparts. As noted
above, ourinvariantsguaranteehatthe site hasall theinformation
requiredto answera query(includingwhetherit is requiredto con-
tactothersites).Handlingarbitrary XPATH queriesturnsoutto be



quite challengingthough,becausef therichnessof thelanguage.
As an example,considerthe following (only moderatelycom-
plex) query:
/usRegion[@d="NE ]/state[ @d="NY']/city[ @d=" New
York’]
/ nei ghbor hood[ @ d=" Soho’ ]/ bl ock[ @d="1"]
/ par ki ngSpace[ not (price > ../ parki ngSpace/price)]

This query requeststhe leastpricey parking spotin a particular
blockin Soho(XPATH 1.0doesnothave amin operator).Consider
ascenariovheretheindividual parkingSpaceareownedby differ-

entsitesandmorewer, eachsite only storesthe local information
for the parkingSpacet owns (this is a permissibleconfiguration).
Sucha configurationis problematidfor this query becaus@oneof

the siteshave sufficientinformationto evaluatethe predicate This

motivatesthefollowing definition.

DEFINITION 3.3. Thenestingdepthof an XPATH queryis de-
finedto be the maximumdepthat which a location path that tra-
versesover IDable nodesoccuss in thequery

We will illustratethis definitionthrougha few examples:

/ a[ @ d=x] / b[ @ d=y]/ ¢ — nestingdepth=0

/a[ @d=x]//c — nestingdepth=0

/a[./blc]/b— nestingdepth= 1 (if b is IDable)or 0
(otherwise)

/a[count (./b/c) = 5]/b— nestingdepth=1 (if b is
IDable)or 0 (otherwise)

/a[count (./b[./c[@d=1]])] — nestingdepth= 2 (if
cis|Dable)or 1 (if ¢ is notIDable,but b is) or O (oth-
erwise)

The complity of evaluatinga queryincreasesvith the nesting
depthof the query Querieswith nestingdepthO arethe easiest
to solve, becausehe predicatesanalwaysbe evaluatedusingthe
local information (which is always presentat the site that owns
the node). However, asthe examplesin Section2 shaved, even
this caseis challengingandtherewereno goodpreviously known
solutions.

The basic QEG scheme.In the remaindef this section,we de-
scribeourapproachassumingestingdepthO (Extensiongo larger
nestingdepthsarediscussedn Section4.) BecauseXPATH is in-
sufficiently powerful, we useXSLT to querythedatabasegvaluate
whatis there,and sendsubqueriego gatherthe missingpartsof
theanswerWe shav how the XSLT programsusedby our scheme
canbegeneratediirectly from the XPATH query

Givenan XPATH query (@, let LOCAL-INFO-REQUIRED bethe
setof elementnames(tags)suchthat the final answershouldin-
cludethe entirelocal informationfor ary IDable nodewith oneof
thesetags,if thenodesatisfies)). As anexample for thefollowing
queryon thedatabasshavn in Figure4,

/ nei ghbor hood[ @ d=" Soho’ ]/ bl ock

LOCAL-INFO-REQUIRED = {bl ock, par ki ngSpace } Thequery
/ nei ghbor hood[ @ d=" Soho’ ]/ bl ock/ par ki ngSpace

on the other hand, only requireslocal information about par k-
i ngSpace. Notethat,thisis consistentvith thesemanticef XPATH,
becauseXPATH returnsentire subtreesn the documentrootedat
thenodesselectedy thequery

Whena site managereceivesa query@, it generatesin XSLT
programfrom thatquerythatexecuteshefollowing algorithm:

1. Let cur bethenodein thedocumentunderconsideratiorat
ary time, tag...» betheelemenname(tag)of cur, andlet P
bethesetof predicate®ntagc. in thequery

2. Setcur to betheroot of thedocumenttthesite.

3. Dependingon the statusof cur in the documentthereare
four possibilities:

(a) status= incomplete:In this case,seeif P canbe di-
videdinto two predicates;4 and P,¢s¢, suchthat P;4
containsonly predicateson the id attribute,and P =
P, && P,.s:. If thisis possible,evaluate P;; against
the currentnode. If it evaluatesto true, thenform a
subqueryfor evaluatingthe restof the queryandnote
this by addingan asksubqueryagto the answerbeing
formed. A post-processingtepwill thensendthis sub-
querytoits LCA, in orderto gathemissingpartsof the
answer If P;; evaluategso false,it is alsonotedin the
answeltbeingformed,sothatthe post-processdtnows
thata subquerydoesnot needto beasled.

If the division of P into two such predicatesis not
straightforvard, we assumehatthe nodemay be part
of the answerand form a subqueryfor evaluatingthe
restof thequeryasabove (i.e.,we wereunableto avoid
this subquery).

(b) status= id-complete: The actionsperformedin this
casearesimilar to the abore case gxceptthatif tageur
is notin LOCAL-INFO-REQUIRED and P = P4, then
we canrecurseon the children nodeswithout having
to form ary subquery On the otherhand,if tagcy, is
in LOCAL-INFO-REQUIRED, thenthelocalinformation
for this nodeis requiredin the answeyandassuch,we
mustaska subquenyto gatherthatinformation.

(c) status= owned: In this case,we have completein-
formation to evaluatethe predicateP. If P is satis-
fied, thenrecurseon the IDable children of cur, and
alsocopy thelocal informationinto the answerbeing
formeddependingnwhethertagc,, iSin LOCAL-INFO-
REQUIRED. Onlylocal D informationneedgo becopied
if tageyr IS NOtIN LOCAL-INFO-REQUIRED.

(d) status= complete:The actionsperformedin this case
are similar to that for the abore case,exceptfor ary
predicateshat specify consisteng requirements.We
will discusghis casein thenext section.

This XSLT programis compiledandthen executedon the site
documentwith the resultbeingan annotatecdocumenthat con-
tainsasubsebf theansweiplusplaceholdergor wheresubqueries
needto beasled(if any). Whenthesubquerieseturn,thereturned
answersare splicedin, replacingthe placeholders.Whenall the
subquerieshave returned,the resultingansweris returnedto the
sitethatsentQ.

4. EXTENSIONS

In this section,we discussextensionsto our schemejncluding
cacheconsistengissueshandlinglargernestingdepthspwnership
changesschemachangesandspeedingip XSLT processing.

Query-basedconsistency Dueto delaysin the network andthe
useof cacheddata,answerseturnedto userswill not reflectthe
absolutelymostrecentdata. Instead,we provide a very flexible
mechanisnin which eac querymay specifyits toleranceor stale
data. We storetimestampsalongwith the data,indicating when
the datawascreated. An XPATH query specifyinga toleranceis
automaticallyroutedto the dataof appropriatdreshnesslin partic-
ular, eachquerywill take advantageof cacheddataonly if thedata



is sufficiently fresh. For example,a consisteng predicatesuchas
[timestanp > now - 30] in aquery@ meansthat Q canbe an-
sweredusing ary datawhosetimestampis within 30 second<f
thetime Q wasposed.

Althoughallowing usergto specifyadegreeof stalenessiolates
strictdatatranspareng we believeit providesaneasilyunderstand-
able meansfor queriesthat tradeoff freshnesdor possiblylarge
performancémprovements. For example,whena useris several
miles from her destinationthe Parking SpaceFinderservicemay
fire off queriesthat tolerateminutes-oldavailability information.
As theuserapproacheberdestinationthe servicefiresoff queries
thatinsistuponthe mostrecentdata.

Thefollowing changedo the XSLT programareneededo han-
dle consisteng predicatesn queries. If status= owned thenwe
ignore consisteng predicatespbecausehe owner of the datahas
the freshestcopy. Thusthe semanticsof the abore consisteng
predicateallows for returningthe freshestdataeven if that data
is more than 30 secondsnld. This ensureghat usersget an an-
swer Alternatively, the systemcould returnan error messagef
status= complete andwe canseparateut the consisteng predi-
cateSPeonsistency from P, thenwe first checkP,.s; — therestof
the predicatesn P. If thatevaluatesto false,thenthereis no need
to checkfor the consisteng predicateslf thatevaluateso trueand
Peonsistency evaluatesto false,thenwe adda asksubqueryag at
this pointto signalthe post-processoAs before,if Peonsistency IS
not readily divided out, we fall backto addinga asksubqueryag,
in orderto querythe owner.

Lar ger nestingdepths. The mainchallengewith XPATH queries
with nestingdepthsgreaterthat O is that the query may specify
predicatesthat can not be evaluatedlocally (recall the example
queryin Section3.5). Many suchqueriesare quite naturalin the
kinds of applicationswve areinterestedn.

Therearetwo approacheto solving suchqueries.Thefirst ap-
proachis to collectall the dataneededo evaluatethe predicateat
onesite. Themainquestiorhereis: whatdataneedgo fetchedand
at which site shouldthe databe collected?Referringto our exam-
ple queryfrom Section3.5,

...Iblock[@d="1"]

/ par ki ngSpace[ not (price >

even thoughthe predicatewith nestingdepthl is associatedvith
the parkingSpacé¢ag,becaus®f theupwad referencen thepred-
icate(“..”), thedataneededo checkthis predicatés theentiresub-
treeundertheblock tag.

Currently we solve sucha queryby analyzingthe queryto find
out the earliesttag that is referredto in sucha nestedpredicate
in the query In this examplequery this tag would be the blodk
tag. During queryexecution,whenthe XSLT programencounters
a nodewith this tag, it stopsthe executionat that point, issuesa
subqguenyto fetch all the dataunderthatblock (in this case,using
thequery. .. /bl ock[ @d="1"1/), andproceedwith the execution
whentheanswetto thesubqueryeturns.Thisapproactguarantees
thatwheneer the predicatds evaluated all thedatathatit requires
is alwayspresentocally.

This approachmaynotbeoptimalfor certainqueries.For exam-
ple, considera (frivolous)queryrequestingall available spacesn
all citiesthathave Sohoasa neighborhood:

/city[./nei ghborhood][ @d="Soho']]/ ...

Fetchingall thedatabelow thecity nodesatthecorrespondingites
(aswill bedoneby theabore approachjnaybeanoverkill for this
query It wouldbepreferabldo justevaluatethepredicatesglirectly,
which canbedoneby firing off subquerie®f theform

/ ci ty/ nei ghbor hood[ @ d=" Soho’ ])

../ par ki ngSpace/ price)]

bool ean(. ..

We are planningto implementand experimentwith this approach
in thefuture.

Ownership changes. For the purposesof load balancingor ac-

commodatingarriving or departingsites, it is usefulto be ableto

dynamicallychangethe ownershipof a setof IDable nodes. The

transitionmustappearsimultaneouso the restof the system.The

stepsto be doneto transferan IDable nodeare (1) the site taking

ownershipof an IDable nodefetchesa copy of thelocal informa-

tion from the owner, (2) ary sensoiproxy reportingto the previous

owneris asledto reportto the new owner, and(3) the new owner

setsthe statusfor thathodeto ownedwhile the old owner setsthe

statusto complete In addition,the DNS entry needso be updated
to the IP addresf the new owner. Variousrelaxationsin simul-

taneity are possible,due to the fact that fresh dataobsoleteghe

old data. The DNS updatecanbe donelazily becausehe old site

canreject(or possiblyforward) messagetargettingthetransferred
IDablenode.

Schemachanges. Schemachangeghat do not affect the hierar
chy of IDable nodescanbe donelocally by the site managethat
owns the relevant fragmentof the data. Suchschemachangesn-
cludeaddingattributesto, or deletingattributesfrom the data,and
addingor remaving non-1Dablenodes.This mightleadto transient
inconsistenciess the site managetasno way of knowing who
elsemight have cachedhat part of the data. But in a continously
changingervironmentsuchasours, we expectthis inconsisteng
to be correctedquickly.

Someof the schemachangeghataffect the hierarchyof the ID-
ablenodescanbehandledsimilarly. For example,additionor dele-
tion of IDablenodess performecby thesitemanagethatownsthe
parentof the affectedIDable node. More drasticschemachanges,
suchasarestructuringof the hierarchy may have to be performed
by collectingthe entiredocumentat onesite, makingthe changes,
and redistrituting the documentback amongstthe nodes. Once
again,sucha changemight leadto transientinconsistenciet the
datathat, althoughundesirable are permissiblefor the kinds of
applicationswve arelooking at. More stringentconsisteng guaran-
teescanalsobeimplementedy maintainingauxiliary information
aboutthe copiesof thedataaswe will discussn Section6.

Speedingup XSLT processing Recall that the QEG process-
ing at a siteinvolvescreatingan XSLT programfrom the XPATH
query compilingthe XSLT program,andthenexecutingthe com-
piled programagainsthedocumentAs demonstrateth Sections,
thereis significantoverheadn the compilationstep. We now de-
scribeour techniquefor eliminating mostof this overheadby di-
rectly generatingnostly compiledXSLT programs.

Whena site managerstartsup, one of thefirst thingsit doesis
to createandcompilean XSLT programusinga dummy XPATH
query Oncethis is done,it identifiesthe partsof this compiled
XSLT querythatdepencdbnthe XPATH query Subsequentlywhen
the site managemeedsto createthe XSLT programfor an actual
XPATH query it simply modifiesthis XSLT programdirectly to
setthe query-dependenhformation. Somecompilationis still re-
quired,becausehe query-dependergtructuresarein XPATH and
needto berecompiled.But the costis muchlower thanthe costof
compilingthe entire XSLT program.

5. PERFORMANCE STUDY

In thissectionwe present preliminaryperformancetudydemon-
stratingthefeaturesof our systemandtheflexibility andeffective-
nessof our architecture. The salientpoints of our experimental
studycanbe summarizeasfollows :

e Ourflexible architecturallowing arbitrarylogical-to-physical
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mappingscan hanest the processingoower in the system
moreeffectively thanary traditionalsolution.

e Cachingcanbe very effective in both reducinglatenciesof
queries,andin offloadingwork to increaseoverall through-
put.

e Compiling XSLT queriesdirectly leadsto hugesavings in
gueryprocessindime.

5.1 Experimental setup

For mostof our experimentswe usea homogenouslusterof 9
2GHz PentiumlV machinegunningRedhatLinux 7.3 connected
by alocalareanetwork. In ourcurrentprototypewe have 10sensor
proxiesthateachhave anassociatedensofwebcam}thatmonitors
atoy parkinglot (Figure5). For theselargerscaleexperiments,
we simulateas mary sensormproxiesas requiredby running fake
sensomproxiesthatproducerandomdataupdates As our baclend,
we usethe ApacheXindice 1.0[1] natve XML databaseXindice
currentlydoesnotsupportXSLT processindthoughit is aplanned
feature).Hence,in our currentprototype,we usethe Xalan XSLT
processoif2] for that purpose(Xalanis also usedby Xindice for
processingPath).

We usean artificially generatedlatabasédor our parking space

finder applicationconsistingof a total of 2400parkingspacesis-
ing ahierarchysimilarto theoneshavn in Figurel. This database
modelsa smallpartof a nationwidedatabas@ndcontains2 cities,
3 neighborhoodgpercity, 20 blocksperneighborhoodand20 park-
ing spaceperblock. We ervisionthatthequeriesn suchadatabase
will typically askfor availableparkingspacegeographicallyclose
to a particularlocation. As describedn Section3.4, the queries
areinitially routedto the site managetthat owns the lowestcom-
mon ancestoof the data,andassuch,we distinguishbetweerthe
queriesn ourworkloadbasednthelevelin thishierarchyto which
they arefirst routed.

e Type 1: Thesequeriesaskfor datafrom oneblock, specify-
ing the exactpathto the block from theroot.

e Type 2: Thesequeriesaskfor datafrom two blocksfrom a
singleneighborhood.

e Type 3: Thesequeriesaskfor datafrom two blocks from
two differentneighborhoods.(Sucha query may be asled
by a userif herdestinationis nearthe boundaryof the two
neighborhoods.)

e Type 4: Thesequeriesaskfor datafrom two blocks from
two differentcities. (The destinationis nearthe boundary
betweertwo cities.)

We expectthattype 3 andtype 4 querieswill berelatively uncom-
mon,andmostof the querieswill beof typel or 2. Hence we will
alsoshaw resultsfor mixedworkloadsthatincludemorequeriesof
thefirst two types.

5.2 Handling sensorupdates

An updatefrom a sensingagentis typically routeddirectly to
the site managethat owns the relevant nodein the hierarchy On
thesitemanageside,processin@ sensoupdatenvolvesupdating
the documentat the site with the new availability information, as
well astimestampinghe data. A single site manageiis typically
ableto handle200 updatesa secondn our currentprototype.The
total numberof updateghat canbe handledby the systemscales
linearly with the numberof site manageramongwhichthedatais
distributed.

5.3 Architectural comparison

With our first setof experimentswe demonstratehe flexibility
of our arhcitecturdn hanestingthe processingower availablein
the system.We considerfour differentarchitecturegachof which
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is aviable alternatve for our application.We shaw resultsfor five
queryworkloads,QW-1, QW-2, QW-3, QW-4, consistingof ran-
domly generatedjueriesof typesl to 4 respectiely, andQW-Mix,
amixedqueryworkloadthatasks40%queriesof typel and2 each,
15% queriesof type 3 and5% queriesof type 4.

e Centralized — Figure6(i): In thisarchitectureall thedatais
locatedatacentralsener, anddataupdatesaswell asqueries
aresentto a centralsener. Suchan architecturecannot be
expectedto scalevery well asit canhandlevery few sensor
updateg200updategpersecond).

e Centralized querying, distrib uted update — Figure6(ii): In
thisscenariowe offloadthesensoupdatedo othermachines
by distributing the blocks amongthe rest of the machines.
The queriesarestill sentto the centralizedsener, because
theseneris the solerepositoryfor the mappingfrom blocks
to physical machines. This scenariois intendedto simu-
latea simpledistributedobject-relationatiatabaseyherethe
blocksform an object-relationatablethatis distributedand
the hierarchyis maintainedas anothersetof tablesthat are
all storedatthecentralsener. Of coursethisis nottheonly
possibledesignusingan object-relationatiatabaseyut most
suchdesignswill suffer from similar flaws as this design.
(Object-relationakensordatabasesare discussedurther in
Section6.)

e Distrib uted querying, distrib uted update, fixed two-level
organization — Figure6(iii): This scenariais similar to the
above scenarioexceptthat we usethe DNS sener to store
themappingfrom blocksto physicalmachinesThishelpsin
solvingthe queriesof type 1 significantly but doesnot help
muchwith otherkindsof queries.

e Distrib uted querying, distrib uted update, hierar chical or-
ganization—Figure6(iv): A morelogical organizatiorof the
data,consideringthe natureof the queryworkloads,would
be to arrangeit hierarchicallyin a geographidashion. We
do this by assigningthe 6 neighborhoodso 6 differentsite,
assigninghe 2 citiesto two differentsites,andassigninghe
restof the hierarchyto onesite. This correspondso thesce-
narioof choicein IrisNet.

Notethatall architecturesisethe samenumberof sensomproxies,
andthelatterthreearchitecturesisethe samenumberof sites.

Figure 7 shaws the query throughputsfor thesefour architec-
turesfor the five queryworkloads. As we cansee,the centralized
solutiondoesnot scalevery well for queryingeither andcanhan-
dle very few queriesefficiently. Althoughdistributing only the up-
dates(Architecture?) increaseshe numberof sensordataupdates
the systemis ableto handle,it only improvesquerythroughputoy
a factorof 2 over the centralizedsolution, becausell queriesgo
throughthe centralizedsener. Using DNS for self-startingdis-
tributed queries(Architecture 3) shavs the effectivenessof this
technigueasthethroughputor type 1 queriesincrease®y nearly
anorderof magnitude.However, all otherqueriesstill go through
the centralsener, which is the bottleneckfor the other typesof
queries,andalsofor the mixed workload. The hierarchicaldistri-
bution of data(Architecture4) turnsoutto performthe bestoverall
asit canhandleall kinds of queriesquite well. It doesperform
25% worsethan Architecture3 for type 1 queries,becauset is
using 25% fewer machinesn processinghesequeries.However,
it performsat least66% betterthanthe otherarchitectureson the
mixedworkload.

Becausethe mappingof logical nodesin the hierarchyto the
physicalsitesis not fixed in our architecture our systemis able
to handlethe skewed query workloadsarisingin our application
muchmoreeffectively thanotherarchitecturesFor example,dur
ing businessours,alarge percentagef thequeriesmaybeasking
for informationfor blocksin the DowntownneighborhoodSucha
skewed queryworkloadcanbe muchbetterhandledby redistrikut-
ing thoseblocksacrossall availablemachinesasopposedo them
beingonasinglenodeasin theabove mapping.Figure8 shavsthe
resultsof a simple experimentwherewe skewed the querywork-
loadto consistof 90% queriestargettinga singleneighborhoodor
type 1 andtype 2 queries.As we cansee the original distribution
of thedata(Architecture4) doesnot performvery well, whereas
morebalancedarchitecturaghatdistributestheblocksin thatneigh-
borhoodacrossall siteshasa factorof 4 higherthroughputfor this
workload.

5.4 Dynamic load balancing

As discussedn the earlier section, our systemis capableof
changinghemappingof logicalnodesn the hierarchyto the phys-
ical sitesdynamicallywhile still beingableto answerueries.

We shawv theeffectivenesof dynamicloadbalancinghroughan
experimentthat tracedthe averagethroughputof the systemover
time. For this experiment,we startedmultiple querying clients
all askingqueriesof type 1 with 90% of the queriesdirectedto
afixedneighborhoodX, and10%of the queriesaskingfor a block
in arandomlychosenneighborhood.Figure 9 shows the average
throughputof the systemover time. As we cansee,initially when
all the blocksin neighborhoodX arelocatedon a singlesite, the
averagethroughputof the systemwasquite low. At 206 seconds
into the experiment(thefirst dashedine), we startedredistrituting
thedataon thatsiteto othersitesby explicitly askingthesiteman-
agerto delegateits blocksto othernodesoneby one.In ourcurrent
prototype,this hasto be doneby sendinga requestor delegating
ownershipof eachblock oneatatime. Theserequestsveresentat
evenintenals until 373 secondgthe seconddashedine). At that
time, the blocksunderneighborhoodX weredistributedacrossall
the machinesevenly. As we can see,the averagethroughputof
the systemincreasedy nearly a factorof 3 even with this crude
load-balancingschemewhile the systemwasstill ableto answer
queries.

5.5 Caching

Cachingof queryresultshastwo benefits:it canbe usedto re-
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duceresponsgimesby bringing the datacloseto the queries,and
it canbeusedto off-load work from the sitesthatown populardata
to lessloadedsites(auto-tuning). Figure 10 shavs how caching
canhelpin increasingoverall throughputf the systemby offload-
ing work. We usethefourth architectureandshav resultswithout
caching,with cachingbut no hits (this demonstratethe overheads
of caching),with cachingand 50% hits, andfinally, with caching
and100%hits. As we cansee,cachinginducesminimal overhead
in the system. Cachingdoesnot affect the throughputsfor type
1 andtype 2 in this scenariobecausehesequeriesare always di-
rectedto the machinethathasthe full data.Onthe otherhand,for
type 3 andtype4 querieswe seethatasthe probability of hits in-
creasesthe overall throughputof the systemreducessignificantly
This happendecausefter the initial few queries,all the queries
are completelyansweredby the top-level sites(sitesthat are as-
signedto the city andcountynodes),andthesenodesbecomethe
bottleneck As wewill seein Section5.6,thetimetakento forward
a queryto anothernodeis muchlessthanthe time taken to pro-
cessthe querywhenthe answeris presenfat a node. This suggests
the needfor bypassinghe cacheunderheary loadimbalance.On
the otherhand,cachingimprovesthroughputby up to 33%for the
morerealisticmixedworkload,becaus¢heotherwisedle top-level
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sitescanabsorbsomeof theload from thelower-level sites.

The effectsof cachingaremorepronouncedn termsof lateng.
Unfortunately becausewe are not using a wide areanetwork in
our experimentsijt is hardto seetheseeffectsin our experiments.
Figure11 shavs the averagdatenciedor thefive workloadsunder
differentcachingscenariosas discussedibore. Evenin the case
of nearzeronetwork latencieswe canseethatquerylatenciesare
reducedy 10-33%for type 3 andtype4 queriesandfor themixed
workload.

5.6 Micr o-benchmarks

To understanchow the time to answera query is distributed
amongstwarioustasks we ransomemicro-benchmarkagainsour
system.Figure 12 shaws the breakdavn of queryprocessingime
dependingon at which level in the hierarchythe querywasasled.
Thequeryusedin this experimentwasa queryof type 1 askingfor
oneparticularblock. Eventhoughthis querywill alwaysberouted
to the site that owns the neighborhoodyve artificially routedthis
queryto thesiteshigherupin the hierarchyto seethe effect of the
numberof hopstaken by the query Threesettingswere studied:
smalldatabasevith naive XSLT creation,smalldatabasevith fast
XSLT creationandlarge databasevith fastXSLT creation.

As we cansee for all of the scenariosthetotal processindgime
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consumeddy the queryis reducedsignificantly (by over 50%) if
the queryis routeddirectly to the site thathasthe data,onceagain
demonstratinghe effectivenesof self-startingdistributedqueries.
This experimentalsoshavs why we choseto optimizethe XSLT
query creationtime. As we cansee,if the XSLT queryis genef
atedandcompiledusingtraditionalinterfaces thenthetime taken
for this completelydominatesthe overall query processingime.
Usingdirectcompilationto XSLT from the original XPATH query
reducegheoverall queryprocessindime by over 50%!

To seehaw our queryprocessingnechanisnscaleswith respect
to thedatabassize,weincreasedhetotal sizeof thedatabaséy a
factorof 8 by doublingthe numberof neighborhoodsthe number
of blocksin a neighborhoodandthe numberof parkingspacesn
ablock. As we cansee the processindime increasedy lessthan
20%at eachof thenodes!

Thesemicro-benchmarkalsoshav wherethebottlenecksn our
currentprototypeare. As we cansee,mostof thetime is spentin
executingthe XSLT queryandduring CPU processindor commu-
nication. The communicationpart also includesthe costof con-
structingand deconstructinghe messagesWe believe that much
of this is becauseve are using Java 1.3; using JIT (just-in-time
compilation)andnewer XSLT processingpackageshouldsignifi-
cantlyreducethistime.

6. RELATED WORK

Previouswork in sensoidatabasebasfocusedprimarily on net-
works of closelyco-locatedsensorswith limited resourceg5, 26,
27]. Thesensomueryprocessingystemoperateglirectly on con-
tinuous, never-endingstreamsof sensordatathat are pushedinto
thequeryplansfor continuousjueries.Thestreanof datais viewed
asastreamingelation(e.g.,in Fjords[26]) or atime seriege.g.,in
Cougar[5]). Theseefforts have developedtechniquegor answer
ing continuousyueriesover streamingdataandfor performingcer
tain queryprocessingasksin the sensometwork itself in orderto
eliminatecommunicatiorandextendsensombatterylifetimes.

This papercomplementshis previous work by addressingun-
damentathallengesn distributedqueryprocessingver wide area
sensoratabasesBasedon the applicationswe were considering,
we soughtto provide amorefamiliar abstractiorof the databases
the collection of valuescorrespondingo the mostrecentupdates
(e.g.,thecurrentlyavailableparkingspaces)Evenin thismoretra-
ditional setting,therewere plenty of challengego overcome.The
distributed databasénfrastructurein IrisNet shareamuchin com-
monwith avariety of large-scalaistributeddatabases-or exam-
ple, DNS [28] relieson a distributeddatabas¢hatusesa hierarchy
basedon the structureof hostnames,in orderto supportname-
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to-addressnapping.LDAP [35] addressesomeof DNS's limita-
tions by enablingricher standardizethamingusinghierarchically-
organizedvaluesandattributes. However, a key differenceis that
theseefforts targeta very narrawv setof lookup queries(with very
limited predicates)nottherichnesof aquerylanguagéike XPATH.

Abiteboul et al. [19] presenttechniquesfor materializingand
maintainingviews over semistructuredlata. Answeringqueries
from views is a hard problemin general. Our cachinginfrastruc-
ture differs significantly from this work in thatwe do not storeor
usethe queriesthat resultedin the cachingof the data,only the
dataitself. Our approachis moredata-drvenin nature.\We gener
alizesubqueriestagthedata,andmaintaincertaininvariants all to
male our partial-matctcachingschemeractable Therehasbeena
lot of work oncachingin distributeddatabase@ndobject-oriented
databasesFranklin and Carey [22] presentechniquedor client-
sener cachingin object-orientedlatabasesvariouswork [13, 12,
30, 3, 25, 4, 6, 29] discussesssuesof datareplicationandrepli-
catemanagemenin distributeddatabasesMuch of this work has
focusedon maintainingreplicasconsistentwith the original data,
with variouslevelsof consisteng guaranteedn ourwork, we take
the approactof not providing ary strict guaranteesf consisteng.
We believe that for the kinds of applicationsfor which wide area
sensordatabasesvill be used,suchstrict guaranteesre not re-
quired. Dependinguponthe requirementf an application,it is
certainlypossibleto provide suchguarantee®y maintainingaux-
iliary informationaboutthereplicasof thedatain the system.Our
approachis more akin to DNS, in thatit is basedon specifying
consisteng requirementsvith the queriesandusingatime-to-live
(ttl) field associatedvith the cachedcopiesin orderto determine
staleness.

Recentlytherehasbeenalot of interestin streaminglatasources
andcontinuousqueryprocessing9, 20, 18]. This work is related
to oursin thatthe sensomproxiescanbe thoughtof as producing
datastreamsand continuousgueriesover suchstreamsare quite
naturalin sucha system.To our knowledge,mostof this work fo-
cusenacentralizedsystemwhereadlistributeddatastorageand
queryprocessings oneof our maindesigngoals. As aresult,the
queryprocessinghallengesve facein our systemarequite differ-
ent. Also, thesesystemsassumehatthe streaminglatasourcesre
relationalin nature whereasve useXML asour datamodel.

Although we proposea hierarchical,natve XML storageap-
proachto wide areasensordatabasesan alternatve would be to
usea distributedobject-relationatlatabas¢32] to storethe leaves
of the XML document(asdiscussedn Section5). In our park-
ing spacefinder application,thesewould correspondo eitherthe
blocks or the parking spaces. The hierarchyinformation can be
maintaineckitherat a centralsener or alongwith theleavesthem-
seles. This approacthasseveral critical disadwantages First, the
hierarchyinformation becomesa bottleneckresourceas demon-
stratedin our performancestudy Approachego avoid this bottle-
neckwould likely entail mimicking much of our hierarchicalap-
proach, and hencewould benefitfrom the techniquespresented
in this paper Second,the richnessof XML allows transparent
schemachangesandthe useof highly expressie languagesuch
asXPATH, XSLT or XQuery Mary queriesthatcanbe naturally
describedusingtheselanguagesrenot easilyexpressiblen SQL.
Third, useof sucha databaseseriouslyrestrictshow datacanbe
partitionedamongavailable sites, limiting opportunitiesfor load-
balancing.Our architecturealsoenablegpowerful cachingseman-
tics naturally; we arenot awareof ary work on cachingin object-
relationaldatabasethat is equally as powerful. Much work has
alsobeendoneon storing XML usingobject-relationablatabases,
andpublishingobject-relationatlataasXML [15, 24,33,31]. This



work is orthogonato the issueswe discusshere,asthe challenges
in our query processingcome mainly from the single document
view of thedata,andthedistributednatureof our system.

Recentwork on peerto-peerdatabase§l4, 7, 21, 16] is quite
closelyrelatedto our work. Althoughour datais organizechierar
chically, andfor performanceeasonsye expectthe participating
sitesto alsohave a hierarchicalorganization,this is not required
by our architecture As such,the participatingsitescanbe thought
of as peerscooperatingwith eachotherto storeand query data.
In [14], distributedhashtables(DHTSs) performthe analogousole
of the DNS sener in our architecturen thatboth of themareused
to find relevant datasatisfyinga query DNS is moreattracte in
our scenariobecauseof the hierarchicalnatureof our data. Our
work differs considerablyin the actualqueryprocessingartitself
becausef our useof XML andthe XPATH querylanguage. [21,
16] discussissuesof dataplacementand cachingin peerto-peer
networks. The OLAP cachingframework presentedn [16] relates
quitecloselyto our cachingframework, but handledifferentkinds
of dataandqueries.

Thereis alarge body of literatureon load balancingtechniques
for parallelanddistributedsystemge.g., [17, 8, 23, 11, 34, 10]).
Our currentsystemprovides a naturalmechanisnfor performing
load balancing but we have not yet determineckeffective load bal-
ancingpoliciesfor our setting.

7. CONCLUSIONS

In this paperwe motivatedtheview of awideareasensodatabase

asadistributedhierarchicadatabasevith timestampedipdatesr
riving at the leaves. We shaved the advantagesof usingXML as
a datarepresentationgonstructinga logical site hierarchymatch-
ing the XML documenthierarchy mappingthis logical hierarchy
onto a smallerhierarchyof physicalsites,and providing for flex-
ible partitioningand cachingthat adaptsto queryworkloads. We
describedthe mary challengesin providing efficient and correct
XPATH query processingn suchan ervironment,and proposed
novel solutionsto addresshesechallengesn an effective, flexi-
ble, unified,andscalablenanner New techniquesvere presented
for self-startingdistributed queries,query-aluate-gathempartial-
matchcaching,andquery-basedonsisteng. Experimentakesults
on our IrisNet prototypedemonstratethe significantperformance
adwantage®f our approactevenfor asmallcollectionof sites.We
anticipatethattheseadwantageswill only increasevhenlrisNetis
deployed over hundredsof sitesandthousand®f miles.
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