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Abstract. A wide-areasensorsystemis a complex, dynamic,resource-richcol-
lection of Internet-connectedsensingdevices.In this paper, we proposeX-Tree
Programming, a novel database-centricprogrammingmodelfor wide-areasen-
sor systemsdesignedto achieve the seeminglycon�icting goalsof expressive-
ness,easeof programming,andef�cient distributedexecution.To demonstrate
the effectivenessof X-TreeProgrammingin achieving thesegoals,we have in-
corporatedthemodelinto IrisNet, a sharedinfrastructurefor wide-areasensing,
anddevelopedseveral widely differentapplications,including a distributed in-
frastructuremonitorrunningon473machinesworldwide.

1 Intr oduction

A wide-areasensorsystem[2,12,15,16] is a complex, dynamic,resource-richcollec-
tion of Internet-connectedsensingdevices. Thesedevicesarecapableof collectinghigh
bit-ratedatafrom powerful sensorssuchascameras,microphones,infrareddetectors,
RFID readers,andvibrationsensors,andperformingcollaborativecomputationon the
data.A sensorsystemcanbeprogrammedto provideusefulsensingservicesthatcom-
bine traditionaldatasourceswith tensto millions of live sensorfeeds.An exampleof
sucha serviceis a PersonFinder, which usescamerasor smartbadgesto trackpeople
andsupportsqueriesfor a person'scurrentlocation.A desirableapproachfor develop-
ing suchaserviceis to programthecollectionof sensorsasawhole,ratherthanwriting
software to drive individual devices.This providesa high level abstractionover the
underlyingcomplex system,thusfacilitatingthedevelopmentof new sensingservices.

Recentstudies[6,11,14,18,19,32] have shown thatdeclarative programmingvia
a querylanguageprovidesaneffectiveabstractionfor accessing,�ltering, andprocess-
ing sensordata.While their query interfaceis valuable,thesemodelsare tailored to
resource-constrained,local-areawirelesssensornetworks[6,14,18,19,32] or provide
only limited support,if any, for installing user-de�ned functionson the �y [6,11,18,
19,32]. As a result,theprogrammingmodelsareoverly restrictive, inef�cient, or cum-
bersomefor developingservicesonresource-rich,wide-areasensorsystems.For exam-
ple, considera wide-areaPersonFinderservicethat for updatescalability, storeseach
person's locationin a databasenearbythat location,for retrieval only on demand.To
enableef�cient searchqueries,thedatacanbeorganizedinto a locationhierarchywith
�lter s associatedwith eachnodeof the hierarchy. These�lters summarizethe list of
peoplecurrentlywithin thenode'ssubtreeandareusedto limit thescopeof asearchby
checkingthe�lters. Programmingsuch�lters, associatingthemwith (all or partsof) a



logical/semantichierarchy, installingthemon the�y , andusingthemef�ciently within
queriesarenot all supportedby thesepreviousmodels.Similarly, declarativeprogram-
mingmodelsdesignedfor wide-area,resource-richdistributedmonitoringsystems[12,
28,31] donot supportall thesefeatures.

In this paper, we presenta novel database-centricapproachto easily program-
ming a large collectionof sensingdevices.The generalidea is to augmentthe valu-
able declarative interfaceof traditional database-centricsolutionswith the ability to
perform more generalpurposecomputationson logical hierarchies.Speci�cally, ap-
plicationdeveloperscanwrite application-speci�ccode,de�ne on-demand(snapshot)
andcontinuous(long-running)statesderivedfrom sensordata,associatethecodeand
stateswith nodesin a logical hierarchy, andseamlesslycombinethe codeandstates
with a standarddatabaseinterface.Unlike all theabove models(exceptfor our earlier
work [11]) thatusea �at relationaldatabasemodelandSQL-like querylanguages,we
useinsteadthe XML hierarchicaldatabasemodel.Our experiencein building wide-
areasensingservicesshows that it is naturalto organizethedatahierarchicallybased
on geographic/politicalboundaries(at leastat higherlevelsof thehierarchy),because
eachsensingdevice takesreadingsfrom a particularphysicallocationandqueriestend
to bescopedby suchboundaries[13]. A hierarchyalsoprovidesa naturalway to name
the sensorsand to ef�ciently aggregatesensorreadings[11]. Moreover, we envision
thatsensingserviceswill needa heterogeneousandevolving setof datatypesthatare
bestcapturedusingamore�e xible datamodel,suchasXML. Thispapershowshow to
providetheabovefeatureswithin theXML datamodel.

We call our programmingmodelX-TreeProgramming(or X-Treein short)because
of its visualanalogyto anXmastree:Thetreerepresentsthe logical datahierarchyof
asensingservice,andits ornamentsandlights representderivedstatesandapplication-
speci�c codesthat are executedin differentpartsof the hierarchy. Sensordataof a
sensingserviceis storedin asingleXML documentwhichis fragmentedanddistributed
over a potentially large numberof machines.Xpath (a standardquery languagefor
XML) is usedto accessthe documentasa singlequeriableunit. With X-Tree,user-
providedcodeandderivedstatescanbeseamlesslyincorporatedinto Xpathqueries.

Therearethreemaincontributionsof thispaper. First,weproposeX-TreeProgram-
ming,a novel database-centricprogrammingmodelfor wide-areasensorsystems.Our
X-Treesolutionaddressesthechallengeof �nding asweetspotamongthreeimportant,
yet oftencon�icting, designgoals:expressiveness,easeof programming,andef�cient
distributedexecution.As we will show in Section2, achieving thesethreegoalsin the
samedesignis dif�cult. X-Tree's novelty comesfrom achieving a practicalbalance
betweenthesedesigngoals,tailoredto wide-areasensorsystems.Second,we present
importantoptimizationswithin thecontext of supportingX-Treethat reducethecom-
putationandcommunicationoverheadsof sensingservices.Ourcachingtechnique,for
example,provablyachievesa total network costno worsethantwice thecostincurred
by an optimal algorithmwith perfectknowledgeof the future.Third, we have imple-
mentedX-Treewithin IrisNet [2, 11,13], a sharedinfrastructurefor wide-areasensing
thatwepreviouslydeveloped.Wedemonstratetheeffectivenessof oursolutionthrough
both controlledexperimentsandreal-world applicationson IrisNet, including a pub-
licly availabledistributedinfrastructuremonitorapplicationthatrunson 473machines
worldwide.A rich collectionof applicationtaskswereimplementedquickly andexe-



Tree Representation:
<Country  id="USA">
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Fig.1. An XML documentrepresentingIrisLog's logicalhierarchy

cuteef�ciently , highlightingtheexpressibility, easeof programming,andef�cient dis-
tributedexecutionthatX-Treeprovides.

The restof the paperis organizedasfollows. Section2 examinestwo application
examples,describesthe challengesandoverviews our solution.After Section3 pro-
vides backgroundinformation,Section4 illustratesthe programminginterface,Sec-
tion 5 describesour systemsupportfor distributedexecution,andSection6 discusses
optimizations.Our experimentalevaluationis in Section7. Section8 discussesrelated
work. Finally, Section9 concludesthepaper.

2 Example Applications, Challenges,and Our Solution

This sectiondescribestwo representative wide-areasensingservices(we useservice
andapplicationinterchangeably)that we aim to enable.(Additional examplescanbe
foundin [8]). Wehighlight thedesirablepropertiesof anenablingprogrammingmodel,
challengesin achieving them,andour solution.

2.1 Applications
PersonFinder. A person�nder applicationkeepstrackof thepeoplein a campus-like
environment(e.g.,a university campus)andsupportsqueriesfor the currentlocation
of a personor thecurrentoccupantsof a room.Theapplicationusessensorslike cam-
eras,microphones,smart-badges,etc.alongwith sophisticatedsoftware(e.g.,for face
or voicerecognition)to detectthecurrentlocationof a person.For scalability, it is im-
portantthat thesensordatais storedneartheir sources(i.e., storedby location)andis
retrievedonly on-demand.Onewayto implementthisapplicationwouldbeto maintain
a distributeddatabaseof all the peoplecurrentlyat eachlocation.A query for some
personwould thenperforma brute force searchof the entiredatabase;sucha query
would suffer from both a slow responsetime andhigh network overhead.A far more
ef�cient implementationwouldorganizethedistributeddatabaseasalocationhierarchy
(e.g.,the root of thehierarchyis theuniversity, andthesubsequentlevelsarecampus,
building, �oor , androom)andthenprunesearchesby usingapproximateknowledgeof
people's currentlocations.Suchpruningcanbeimplementedby maintaininga Bloom
�lter (a compressedbit vectorrepresentationof a set—similarto [23]) at every inter-
mediatenodeof thehierarchy, representingthepeoplecurrentlywithin thatpartof the
locationhierarchy.

Infrastructur eMonitor . A distributedinfrastructuremonitor[1] usessoftwaresen-
sors [24] to collectusefulstatistics(e.g.,CPU load,availablenetwork bandwidth)on



theinfrastructure'shostmachinesandcommunicationnetwork,andsupportsquerieson
thatdata.Oneway to scalesuchanapplicationto a largenumberof hostsis to hierar-
chicallyorganizethedata.Figure1 (right) showspartof thehierarchyusedby IrisLog,
aninfrastructuremonitoringservicedeployedon473hostsin PlanetLab[3]. Infrastruc-
tureadministratorswould like to usesuchanapplicationto supportadvanceddatabase
operationslike continuousqueriesanddistributedtriggers.Moreover, they would like
to dynamicallyextendthe applicationby incorporatingnew sensors,new sensorfeed
processing,andnew aggregationfunctions,asneedsarise.

2.2 DesignGoalsand Challenges

A programmingmodelsuitablefor the above applicationsshouldhave the following
properties.First, it shouldhavesuf�cient expressivepowersothatapplicationcodecan
usearbitrarysensordataandperforma rich setof combinationsandcomputationson
thatdata.For example,applicationsmayperformcomplex tasks(e.g.,facerecognition)
on complex datatypes(e.g.,images),and/orcombineapplication-speci�cstates(e.g.,
Bloom �lters) with standarddatabasequeries.Second,the modelshouldsupportef�-
cientdistributedexecutionof applicationcode,executinga pieceof computationclose
to thesourceof therelevantdataitems.Thisexploitsconcurrency in thedistributeden-
vironment,andsavesnetworkbandwidthbecauseintermediateresults(e.g.,thelocation
of a person)tendto be muchsmallerthanraw inputs(e.g.,imagesof theperson).Fi-
nally, themodelshouldbeeasyto use, minimizing theeffort of applicationdevelopers.
Ideally, a developerneedsto write codeonly for thecorefunctionsof theapplication.
For example,supposeshewantsto periodicallycollecta histogramof theresourceus-
ageof differentsystemcomponents,but the infrastructuremonitor currentlydoesnot
supportcomputinghistograms.Then it is desirablethat sheneedsto write only the
histogramcomputingfunction,andhave it easilyincorporatedwithin themonitor.

While achieving any oneof theabove goalsis easy, it is challengingto achieve all
threein a singledesign.For example,oneway to provide suf�cient expressive power
is to enablecollectingall relevantdataitemsin orderto performcentralizedprocess-
ing, andusingapplicationcodeto maintainstates(e.g.,Bloom �lters) outsideof the
database.However, this approachnot only rules out distributed execution,but it re-
quiresdevelopersto integrateoutsidestatesinto queryprocessing—adif�cult task.To
understandthedif�culty , considertheBloom�lters in theperson�nder application.To
employ pruningof unnecessarysearches,anapplicationdeveloperwould have to write
codeto breaka searchqueryinto threesteps:selectingtherootsof subtreeswithin the
hierarchyfor which Bloom �lters arestoredusing the database,checkingthe search
key againstthe Bloom �lters outsideof the database,and thenrecursively searching
any quali�ed subtreesagainusingthedatabase.This is anoneroustask.

Similarly, considerthegoalof ef�cient distributedexecution.Distributedexecution
of aggregationfunctions(mainly with anSQL-styleinterface)hasbeenstudiedin the
literature[4,14,18]. The approachis to implementan aggregation function as a set
of accessorfunctions(possiblyalongwith user-de�ned globalstates)andto distribute
them.However, it is not clear how to distribute applicationcodefor a large variety
of possibleapplicationtasksthat may accessand combinearbitrary dataitems and
application-speci�cstates.For example,undertheexistingapproaches,it is dif�cult to
associateuser-de�ned states(e.g. �lters) with subsetsof sensorreadings.Onecould



arguethatapplicationdevelopersshouldimplementall aspectsof thedistributedexe-
cutionof their code.However, this approachrequiresdevelopersto track thephysical
locationsof storedsensordataandmanagenetwork communications,thusviolatingthe
goalof easeof programming.

2.3 Our Solution
We observe thatalthoughtherearea largevarietyof possibleapplicationtasks,many
tasksperform similar kinds of computations.For example,a commoncomputation
paradigmis to combinea list of sensorinputsof thesametype (e.g.,numericvalues)
to generatea singleresult(e.g.,a histogram).Othercommoncomputationparadigms
include(1) computingmultiple aggregatesfrom thesamesetof datasources,and(2)
performinga group-byquery, i.e., groupingdatainto classesandcomputingthesame
aggregatefor eachclass(e.g.,computingthe total CPU usageon all the machinesin
a sharedinfrastructurefor every user).Therefore,our strategy is to provide a higher
level of automationfor commoncomputationparadigms. In this regard,we aresimilar
to previousapproaches[4,14,18].

As mentionedin Section1, X-Treeemploys XML to organizedatainto a logical
hierarchy, andtheXpathquerylanguagefor queryingthe(distributed)XML database,
andhencerequirestechniquessuitablefor a hierarchicaldatamodel,unlike previous
approaches.To enableuser-de�ned computationswith XML and Xpath, it provides
two components.First, for commoncomputationparadigms,X-Treeprovidesa stored
functioncomponentwith a simpleJava programminginterfaceandextendstheXpath
functioncall syntaxfor implementingandinvokingapplicationcode.Our implementa-
tion of X-Tree(denotedtheX-Treesystem)automaticallydistributestheexecutionof
this applicationcode.Second,X-Treeprovidesa stored querycomponentthat allows
applicationdevelopersto de�ne derivedstatesandto associateXpathqueriesandappli-
cationcodeswith XML elements.In this way, developerscanguidethedistribution of
theircodein thelogicalhierarchyof anXML documentfor arbitrary applicationtasks,
withoutworryingaboutthephysicallocationsof sensordataandor any needednetwork
communication.Notethatthephysicallocationsof thesensordatacanchangeovertime
(e.g.,for theunderlyingsystem's loadbalancing,caching,etc.).Our implementationof
X-Treeworksregardlessof thesedynamicsandhidesthemfrom developers.

3 Background: XML Model and Distrib uted Query Processing
An XML documentde�nes a tree:EachXML element(tag-pair, e.g.,<PlanetLab> ,
</PlanetLab> ) is a treenode,andits nestedstructurespeci�esparent-childrelation-
shipsin thetree.EveryXML elementhaszeroor moreattributes,whicharename-value
pairs.Figure1 illustratestheXML documentrepresentingthelogical hierarchyin Iris-
Log.Therootnodeis PlanetLab. It hasmultiplecountryelementsaschild nodes,which
in turnareparentsof multipleregionelements,andsoon.Theleafnodesrepresentuser
instancesoneverymachine.

We canuseXpathpathexpressionsto selectXML elements(nodes)andattributes.
In Xpath, “ / ” denotesa parent-childrelationship,“ // ” an ancestor-descendantrela-
tionship,and “@” denotesan attribute nameinsteadof an XML elementname.For
example,/PlanetLab/Country[@id="USA"] selectstheUSA subtree.An individ-
ual sensorreading,which is usually storedas a leaf attribute, can be selectedwith



thewhole pathfrom root. //User[@id="Bob"]/@memUsage returnsBob's memory
usageon every machinethat he is using,asa list of string values.In order to com-
pute the total memoryusageof Bob, we canusethe Xpath built-in function “sum”:
sum(//User[@id="Bob"]/@memUsage) . However, thehandfulof built-in functions
hardly satisfyall applicationneeds,andthe original centralizedexecutionmodesug-
gestedin theXpathstandardis notef�cient for wide-areasensorsystems.

IrisNet [2, 11,13] supportsdistributedexecutionof Xpathqueries,excludingfunc-
tions.We highlight someof the featuresof IrisNet thatarerelevant to this paper;our
descriptionis simpli�ed, omittingvariousIrisNetoptimizations–see[11,13] for further
details.Sensordataof a serviceis conceptuallyorganizedinto a single XML docu-
ment,which is distributedacrossa numberof hostmachines,with eachhostholding
somefragmentof theoverall document.Sensingdevices,which mayalsobe hostsof
XML fragments,process/�ltersensorinputsto extractthedesireddata,andsendupdate
queriesto hoststhatown thedata.Eachfragmentcontainsspeciallymarkeddummyel-
ements,calledboundaryelements, which indicatethat the true element(andtypically
its descendantelements)resideonadifferenthost.IrisNet requiresanXML elementto
have an id attributeuniqueamongits siblings.Therefore,anelementcanbeuniquely
identi�ed by thesequenceof id attributesalongthepathfrom itself to thedocument
root.This sequenceis registeredasaDNS domainentry, for routingqueries.

To processanXML query, IrisNetextractsthelongestquerypre�x with id attribute
valuesspeci�ed andconstructsan id sequence.Then,it performsa DNS lookupand
sendsthe query to the host containingthe elementspeci�ed by the pre�x; this host
is called the �r st-stophost. The query is evaluatedagainstthe host's local fragment,
taking into accountboundaryelements.In particular, if evaluatingthe queryrequires
visiting anelementx correspondingto a boundaryelement,thena subqueryis formed
andsentto a hoststoringx. Eachhostreceiving a subqueryperformsthe samelocal
queryevaluationprocess(including recursively issuingfurther subqueries),and then
returnstheresultsbackto the �rst-stop host.Whenall thesubqueryresultshave been
incorporatedinto thehost'sanswer, this answeris returned.

In the following, we describeX-TreeProgrammingwithin the context of IrisNet.
However, we point out that our solution is applicablein any XML-baseddatabase-
centricapproachthatsupportsin-network queryprocessing.

4 X-TreeProgramming

Thissectiondescribesthetwo componentsof X-Tree,storedfunctionsandstoredqueries,
for ef�ciently programmingwide-areasensingservices.

4.1 StoredFunctions

Thestoredfunctioncomponentincorporatesapplication-speci�ccode.Itsprogramming
interfaceis shown in Figure2.A storedfunctioncanbeinvokedthesamewayasabuilt-
in functionin auserquery, asshown in Figure2(a).Thecolonseparatedfunctionname
speci�estheJavaclassandthemethodmajornameof theapplicationcode.Theseman-
tics is thattheInput XPATHexpressionselectsalist of valuesfrom theXML document,
thevalues(of typeStringor Node,but notboth)arepassedto thestoredfunctionasin-
puts,andthe function output is the resultof the invocation.Optionalargumentsto a
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class

// if Input_XPATH selects attributes, then              is 

// convert an XPATH output value into intermediate format.

// merging them into a single intermediate value.
// perform computation on a set of intermediate values

String

String mySF_compute( String[] midVals, String[] args

String mySF_final ( String midVal, String[] args

TYPE

// generate the query result from an intermediate value.

String
NodeTYPE// if Input_XPATH selects nodes, then              is

Fig.2. Storedfunctionprogramminginterface

String (histogram_init String val, String[] args)

String histogram_compute( String[] midVals, String[] args)

String ( Stringhistogram_final midVal, String[] args)

// merge multiple intermediate histograms given by midVals[ ] by summing up the counts of corresponding buckets.

// determine bucket B for val, create an intermediate histogram with B's count set to 1 and all other counts set to 0.

// generate the query result from the final intermediate histogram. 

myClass:histogram ( Input_XPATH, "bucket boundary 0", "bucket boundary 1", ... ) 
// A set of numeric values is selected to compute the histogram.

class myClass{ // args[ ] specifies the histogram bucket boundaries.

}

Fig.3. Implementationof a histogramaggregate

storedfunction are typically constantparameters,but can be any Xpath expressions
returninga singlestringvalue.

As shown in Figure2(b),applicationdevelopersimplementthreeJava methodsfor
astoredfunction:init, compute, and�nal , whichenablethedecompositionof thestored
functioncomputationinto aseriesof callsto thethreemethods.For eachoutputvalueof
theInput XPATHexpression,theinit methodis calledto generateanintermediatevalue.
Intermediatevaluesaremergedby thecomputemethoduntil asingleintermediatevalue
is left, which is thenconvertedto thequeryresultby the �nal method.Theargsarray
containsthevaluesof theargumentsin thequery. As shown in Figure2(c),our X-Tree
systemautomaticallyperformsthis decompositionanddistributestheexecutionof the
methodsto relevanthostswherethedataarelocated.3

Storedfunctionssupporttheability to performcomputationon a singlelist of val-
uesselectedby anXpathquery. Examplesarenumericaggregationfunctions,suchas
sum,histogram,andvariance,andmorecomplex functions,suchasstitchinga setof
cameraimagesinto a panoramicimage[8]. Figure3 illustratesthe implementationof
ahistogramaggregate.Here,theInput XPATH queryselectsattributesandthustheinit
methodusesString asthe type of its �rst parameter. However, becausearbitrarydata
structurescanbe encodedasStrings,the interfaceis able to handlecomplex inputs,
suchasimages.

3 For storedfunctions(e.g.median)thataredif�cult to decompose,applicationdeveloperscan
insteadimplementa local methodwhichperformscentralizedcomputation.
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Comparedto previous approachesfor decomposingaggregationfunctions[4,18],
our approachsupportsmorecomplex inputs.For example,it allows computingfunc-
tionsnot just on valuesbut alsoon XML nodes(Nodeasinput type),which maycon-
tain multiple typesof sensorreadingscollectedat thesamelocation(e.g.all kinds of
resourceusagestatisticsfor a userinstanceon a machine).This improvestheexpres-
sivenessof thequerylanguage;for example,severalcommoncomputationparadigms
(e.g.,computingmultipleaggregatesfrom thesamesetof datasources,andperforming
group-byoperations,asdescribedin Section6) canbe speci�ed within a givenNode
context of thelogical hierarchy.

4.2 StoredQueries
Storedqueriesallow applicationdevelopersto associatederivedstateswith XML ele-
mentsin a logical hierarchy. Naturally, statesderivedfrom a subsetof sensorreadings
canbeassociatedwith therootof thesmallestsubtreecontainingall thereadings.

Thesederivedstatescanbeeithermaintainedautomaticallyby our systemor com-
putedondemandwhenusedin queries.As shown in Figure4(a),applicationdevelopers
de�ne a storedqueryby insertinga storedquerysub-nodeinto anXML element.The
storedqueryhasa nameuniquewithin theXML element.Thequerystringcanbeany
Xpathquery. In particular, it canbea storedfunction invocation,andthereforedevel-
operscanassociateapplicationcodeswith logicalXML elements.

Figure4(b)showshow to invokeanon-demandstoredquery. For eachfoo element,
oursystemretrievesthestoredquerystring.Thenit executesthespeci�edquerywithin
thecontext of thesubtreerootedat theparentXML element(e.g.,thefoo element).

For a continuousstoredquery, severaladditionalattributesneedto bespeci�ed,as
shown in Figure4(a).The querycanbe eitherin thepolling modeor in the triggered
mode.Whenthequeryis in thepolling mode,theX-Treesystemrunsthequeryperi-
odically regardlessof whetheror not thereis a dataupdaterelevantto thequery. When
thequeryis in the triggeredmode,thesystemrecomputesthequeryresultonly when
a relevantXML attribute is updated.As shown in Figure4(c), the resultof a continu-
ousqueryis storedasa computedattributein thedatabase,whosenameis thesameas
the storedqueryname.A computedattributecanbe usedin exactly the sameway as
a standardXML attribute.Whenaddinga storedquery, developerscanalsospecifya
durationargument.TheX-Treesystemautomaticallyremovesexpiredstoredqueries.

To supportcontinuousstoredqueries,we implementeda continuousqueryscheme
similar to thosein Tapestry[27], NiagaraCQ[7], andTelegraphCACQ [20]. However,



what is importantfor developersis that they canseamlesslyuseapplication-speci�c
statesin any queries,includingstoredfunctioninvocationsandotherstoredquerydec-
larations,thussimplifying applicationprogramming.

4.3 Bottom-up Compositionof Application Tasks

Combiningstoredfunctionsandstoredqueries,our solutionsupportsbottom-upcom-
position of applicationtasksthat may combinearbitrary dataitems andapplication-
speci�c states.This is because:

– Application-speci�cstatescanbeimplementedascomputedattributesandusedin
exactly thesamewayasstandardXML attributes.

– TheInput XPATH of a storedfunctionmaybeanon-demandstoredqueryinvoca-
tion; in otherwords,anon-demandstoredqueryhigherin theXML hierarchymay
processresultsof otheron-demandstoredqueriesde�ned lower in theXML hier-
archy. This givesapplicationdevelopersthepower to expressarbitrarybottom-up
computationsusingany dataitemsin anXML document.

X-Tree Programmingsaves developersconsiderableeffort. Developersneednot
worry aboutunnecessarydetails,suchasthephysicallocationsof XML fragments,net-
workcommunications,andstandarddatabaseoperations.They cansimplywrite codeas
storedfunctionsandinvokestoredfunctionsin any userquery. They canalsoassociate
derivedstateswith any logicalXML elementswithoutworryingaboutthecomputation
and/ormaintenanceof thestates.

5 Automatically Distrib uted Executionof Application Code

Storedfunctionsandstoredqueriescanbedynamicallyaddedinto applications.Devel-
opersuploadtheir compiledJava codeto a well-known location,suchasa webdirec-
tory. Whenastoredfunctioninvocation(or subquery)is receivedatahostmachine,the
X-Treesystemwill loadthecodefrom thewell-known locationto thehost.

Givena storedfunctioninvocation,theX-Treesystemautomaticallydistributesthe
executionof the init, compute, and�nal methodsto the relevanthostswherethe data
arelocated.The ideais to call the accessormethodsalongwith the evaluationof the
Input XPATH query, whichselectstheinputdata.

As shown in Figure5(a),thestoredfunctioninvocationis sentto the�rst-stop host
of the Input XPATH query(hostingthe leftmost fragmentin the �gure). The system
employs the standardquery processingfacility (in our case,provided by IrisNet) to
evaluatethe Input XPATH queryagainstthe local XML fragment.As shown in Fig-
ure5(b), theresultsof queryingthelocal fragmentmainly consistof two parts:i) local
input dataitems(squaresin the�gure), andii) boundaryelements(trianglesin the�g-
ure)representingremotefragmentsthatmaycontainadditionalinputdata.

Next, the systemcomposesa remotesubqueryfor every boundaryelement,as
shown in theshadedtrianglesin Figure5(b). Therearetwo differencesbetweena re-
motesubqueryandtheoriginal storedfunction invocation.First, the functionnameis
appendedwith aspecialsuf�x to indicatethatanintermediatevalueshouldbereturned.
Second,a subXPATH query is usedfor the remotefragment.Note that the latter is
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obtainedusingthe standarddistributedqueryfacility. The systemthensendsthesub-
queriesto theremotefragments,which recursively performthesameoperations.In the
meantime,thesystemusestheinit andcomputemethodsto obtainasingleintermediate
valuefrom thelocaldataitems.

Finally, whentheintermediateresultsof all theremotesubqueriesarereceived,the
systemcallsthecomputemethodto mergethelocalresultandall theremoteresultsinto
a �nal intermediatevalue,andcallsthe�nal methodto obtainthequeryresult.

In summary, the X-Treesystemautomaticallydistributesthe executionof stored
functionsto wherethedataarelocatedfor goodperformance.This schemeworks re-
gardlessof the(dynamic)fragmentationof anXML documentamonghostmachines.

In additionto theabovemechanism,applicationdeveloperscanusestoredqueriesto
guidethedistributedexecutionof their code.They cande�ne at arbitrarylogicalXML
nodesstoredqueriesthatinvokestoredfunctions.In thisway, developerscanspecifythe
associationof application-speci�ccodeto logical nodesin theXML hierarchy. Upona
referenceof a storedquery, theX-Treesystemexecutesthestoredfunctionat thehost
wheretheassociatedlogical XML nodeis located.Moreover, thestoredfunctioncalls
mayin turn requireresultsof otherstoredqueriesasinput. In this way, developerscan
distributetheexecutionof their codein thelogicalXML hierarchyto supportcomplex
applicationtasks.

6 Optimizations
In this section,we �rst exploit thestoredfunctionNodeinterfaceto combinethecom-
putationof multipleaggregatesef�ciently andto supportgroup-by. Thenwedescribea
cachingschemethatalwaysachievesa total costwithin twice theoptimalcost.

6.1 Computing Multiple AggregatesTogetherand Supporting Group-By
In IrisLog, administratorsoftenwantto computemultipleaggregatesof thesamesetof
hostsatthesametime.A naiveapproachwouldbeto issueaseparatestoredfunctionin-
vocationfor everyaggregate.However, this approachusesthesamesetof XML nodes
multiple times,performingmany duplicateoperationsandnetwork communications.
Instead,like theusualmodeof operationin any SQL-like language,theX-Treesystem
cancomputeall theaggregatestogetherin asinglequerythroughaspecialstoredfunc-
tion calledmulti. An examplequery, for the total CPU usageandmaximummemory
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usageof all usersacrossall hosts,is asfollows:
myOpt:multi(//User, "sum", "cpuUsage", "max", "memUsage")

Theinit, compute, and�nal methodsfor multi arewrappersof thecorrespondingmeth-
ods of the respective aggregatefunctions.A multi's intermediatevalue containsthe
intermediatevaluesfor therespective aggregatefunctions.Notethatmulti canbeused
directly in any applicationto computeany setof aggregates.

Usingsimilar techniques,we have alsoimplementedanef�cient group-bymecha-
nism,whichprovidesautomaticdecompositionanddistribution for groupingaswell as
aggregatecomputationsfor eachgroup.Pleasesee[8] for details.

6.2 Caching for StoredFunctions

In IrisNet,XML elementsselectedby anXpathqueryarecachedat the�rst-stop hostin
hopesthatsubsequentqueriescanbeanswereddirectly from thecacheddata.Because
storedqueriesmay invoke thesamestoredfunctionrepeatedlywithin a shortinterval,
thepotentialbene�tsof cachingarelarge.To exploit thesepotentialbene�ts,weslightly
modify our previous schemefor executingstoredfunctions.At the �rst-stop (or any
subsequent)host,thesystemnow hasthreestrategies.The�rst strategy is thedistributed
executionschemeasbefore.BecauseIrisNetcannotexploit cachedintermediatevalues,
this strategy doesnot cachedata.The secondstrategy is to executethe Input XPATH
query, cacheall the selectedXML elementslocally, andexecutethe storedfunction
in a centralizedmannerby invoking all the methodslocally. The third strategy is to
utilize existingcacheddataif it is not stale,andperformcentralizedexecutionwithout
sendingsubqueries,thussaving network andcomputationcosts.Cacheddatabecomes
stalebecauseof updates.In IrisNet,auserquerymayspecifyatolerancetimeT to limit
thestalenessof cacheddata.Associatedwith a pieceof cacheddatais its creationtime
andthepieceis usedto answerthequeryonly if this timeis within thelastT timeunits.

Oursystemhasto chooseoneof thestrategiesfor anincomingquery. Forsimplicity,
we shall focuson improving network cost.Assumefor a givenstoredfunctioninvoca-
tion, thecentralizedstrategy costsK timesasmuchasthedistributedstrategy, andthe
costof a cachehit is 0. Moreover, we assumeall querieshave thesametolerancetime
T. This de�nesanoptimizationproblem:�nd analgorithmfor choosingthestrategy to
evaluateeachincomingstoredfunctionsothatthetotal costis minimized.

To solve this optimizationproblem,we proposethealgorithmin Figure6(a).This
algorithmdoesnot requireany future knowledge.It only requiresthe X-Treesystem
to keepper-querystatisticsso that theY valuecanbe determined.An examplequery
patternand the algorithmchoicesareshown in Figure6(b). The algorithmperforms
distributedexecutionfor the�rst K queries,thencentralizedexecutionfor queryK +
1, followed by a periodof time T during which all queriesare cachehits. Then the



cacheddatais too stale,so the patternrepeats.An interesting,subtlevarianton this
patternis when> K consecutive queriesusedistributedexecution(asshown in the
rightmostpartof the�gure). This canarisebecauseY is calculatedovera sliding time
window. However, becausethealgorithmensuresthatany K + 1 consecutivedistributed
executionsoccursparselyin a longerperiodof time thanT, it is indeedbetternot to
cacheduringtheseperiods.We provethefollowing theoremin thefull paper[8].

Theorem1. Thealgorithmin Figure6(a)guaranteesthat thetotal costis within twice
theoptimalcost.

7 Evaluation

We have incorporatedX-TreeProgramminginto IrisNet,andimplementedthetwo ap-
plicationsdiscussedin Section2. AlthoughthePersonFinderapplicationis only a toy
prototype,the InfrastructureMonitor application(IrisLog) hasbeendeployedon 473
hostsin PlanetLabandhasbeenpublicly available(andin-use)sinceSeptember2003.
Therich anddiversesetof application-speci�cfunctionsandstatesusedby theseappli-
cations(andotherswe studied[8]) supportstheexpressive power of X-Tree.Theease
of programmingusingX-Treeis supportedby thesmallamountof codefor implement-
ing theseapplicationson our system:439linesof codefor supportingBloom �lters in
PersonFinderand84linesof codefor communicatingwith softwaresensorsin IrisLog.

7.1 Controlled Experimentswith PersonFinder
We performcontrolledexperimentsusingthePersonFinderapplication.For simplicity
in understandingour results,we disabledIrisNet's cachingfeaturesin all our exper-
iments.We set up an XML hierarchywith 4 campusesin a university, 20 buildings
per campus,5 �oors per building, 20 roomsper �oor , and on average2 peopleper
room. Every room elementcontainsa name list attribute listing the namesof the
peoplein theroom.We distribute thedatabaseacrossa homogeneousclusterof seven
2.66GHzPentium4 machinesrunningRedhatLinux 8.0 connectedby a 100Mbpslo-
cal areanetwork. Themachinesareorganizedinto a three-level completebinary tree.
Theroot machineownstheuniversityelement.Eachof thetwo middlemachinesowns
the campusandbuilding elementsfor two campuses.Eachof the four leaf machines
ownsthe �oor androomelementsfor a campus.In our experiments,we issuequeries
from a 550MHzPentiumIII machineon our LAN andmeasureresponsetimeson this
machine.Every resultpoint reportedis theaverageof 100measurements.

Stored Functions. In order to quantify the improvementsin responsetimesarising
from ourschemefor distributedexecutionof storedfunctions,wecomputeanaggregate
functionusingtwo differentapproaches.The�rst approachusestheinit/compute/�nal
programminginterface,so that the computationis automaticallyexecutedin a dis-
tributed fashion.The secondapproachextractsall the relevant input valuesfrom the
databaseandperformsacentralizedexecution4.

In orderto show performanceundervariousnetworkconditionsandapplicationsce-
narios,wevaryanumberof parameters,includingnetwork bandwidth,inputvaluesize

4 We actually implementedthis approachusing the alternative local methodin our Java pro-
gramminginterface,which is equivalent to an implementationoutsideof the XML database
systemthatrunson therootmachine.
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to thestoredfunction,andcomputationtime of thefunction.Theaggregationfunction
weusemodelsthecommonbehavior of numericaggregates(suchassumandavg), i.e.
combiningmultiple input valuesinto a singleoutputvalueof similar size.For these
experiments,every room elementin the databasecontainsa dummyattribute andthe
aggregationsusethis attribute. In orderto make thesizeof input valuesa meaningful
parameterto change,we chooseto computebit-by-bit binaryOR onall thedummyat-
tributesin thedatabaseandupdateevery dummyattributewith a stringof a givensize
beforeeachexperiment.

Figure7(a)reportstheresponsetimeof thetwo approacheswhile varyingthelength
of every input value from 1 byte to 10,000bytes.Centralizedexecutionrequiresall
input valuesto be transferred,while distributedexecutiononly transfersintermediate
results.As the input valuesize increases,the communicationcost of the centralized
approachincreasesdramatically, incurringlargeresponsetimeincreasesbeyond1000B.
In contrast,distributedexecutiononly suffersfrom minorperformancedegradations.

Figure7(b) variesnetwork bandwidthfor the 100B points in Figure7(a) in order
to capturea largerangeof possiblenetwork bandwidthconditionsin realuse.Thetrue
(nominal)network bandwidthis 100Mbps.To emulatea 10Mbpsnetwork, we change
theIrisNetnetwork communicationcodeto senda packet10 timessothattheeffective
bandwidthseenby theapplicationis 1/10of the truebandwidth.Similarly we senda
packet 100and1000timesto emulate1Mbpsand100Kbpsnetworks.Admittedly, this
emulationmay not be 100%accuratesincethe TCP andIP layersstill see100Mbps
bandwidthfor protocolpackets.Nevertheless,weexpecttheexperimentalresultsto re-
�ect similar trends.As shown in Figure7(b), whennetwork bandwidthdecreases,the
performancegapbetweendistributedandcentralizedexecutionincreasesdramatically.
Whennetwork bandwidthis 1Mbpsor lower, which is quite likely in a wide areanet-
work,distributedexecutionachievesover2.5Xspeedupsoverthecentralizedapproach.

Figure 7(c) studiesthe performancefor computation-intensive aggregation func-
tions.To modelsucha function,we inserta time-consumingloop into our aggregation
functionsothatthis loop is executedoncefor every input valuein boththedistributed
and the centralizedapproaches.Thenwe vary the total numberof loop iterationsso
that the whole loop takes0, 0.5ms,1ms,1.5msand2ms,respectively, which models
increasinglycomputationallyintensiveaggregationfunctions.As shown in Figure7(c),
distributed executionachieves over 1.7X speedupswhen the computationtime is at
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least0.5msper input. This is becausedistributedexecutionexploits the concurrency
in thedistributeddatabaseandusesall sevenmachines,while thecentralizedapproach
performsall thecomputationona singlemachine.

Stored Queries. To studythebene�t of storedqueries,we comparetheperformance
of thebruteforcesearchapproachanda pruningapproachenabledby storedqueries.
For thelatter, weusecontinuousstoredqueriesto maintainBloom�lters at thebuilding
elements,anduserquerieschecktheBloom�lters usingXpathpredicates.At abuilding
element,(sub)queriesthatdonotpasstheBloom�lter checkarepruned.

We usea 550MHzPentiumIII machinefor generatingbackgroundupdaterequests
thatmodelthemovementsof people.In themodel,apersonstaysin aroomfor aperiod
of time,whichis uniformly distributedbetween1 secondand30minutes,thenmovesto
anotherroom.Whenmakingamove,thepersonwill go to a roomonthesame�oor , in
thesamebuilding, in differentbuildingsof thesamecampus,andin differentcampuses,
with probabilities0.5,0.3,0.1,and0.1,respectively.

Figure8showstheperformancecomparison.Wemeasureresponsetimesfor queries
that look for a personin theentireuniversity, in a particularcampus,or in a particular
building. Themixedworkloadis composedof 20%universitylevel queries,30%cam-
puslevel queries,and50%building level queries.Becausethescope(university, cam-
pus,or building) of a queryis presumedto beanenduser's goodguessof theperson's
location,wesetupthequeriessothataquerywouldsucceedin �nding apersonwithin
thegivenscope80%of thetime.

As shown in Figure8, theBloom �lter approachachievesdramaticallybetterper-
formancethanthebruteforceapproachfor queriesinvolving campusor universitylevel
elements,demonstratingtheimportanceof storedqueries.Thebuilding level resultsare
quite closebecausepruningis lesseffective in a smallerscopeandadditionalstored
procedureoverheadalmostoffsetsthelimited bene�t of pruning.

7.2 RealWorld Experimentswith IrisLog

Ourworkloadconsistsof querieswith four differentscopes.Theglobalqueriesaskfor
informationaboutall the PlanetLabhosts(total 473 hosts).5 The countryqueriesask

5 Although IrisLog is deployed on 473PlanetLabhosts,only 373of themwereup duringour
experiments.Thequerylatency reportedhereincludesthetimeoutperiodIrisLog experiences
while contactingcurrentlydown hosts.



aboutthehosts(total290hosts)within theUSA.Theregionqueriesrandomlypick one
of thethreeUSA regions,andreferto all thehosts(around95 hostsperregion) in that
region.Finally, thesitequeriesaskinformationaboutthehosts(around4 hostspersite)
within a randomlychosenUSA site.

PlanetLabis a sharedinfrastructure;thereforeall the experimentswe reporthere
wereruntogetherwith otherexperimentssharingtheinfrastructure.Wedonothaveany
controlover thetypesof machines,network connections,andloadsof thehosts.Thus
our experimentsexperiencedall of the behaviors of the real Internetwherethe only
thing predictableis unpredictability(latency, bandwidth,pathstaken). To copewith
thisunpredictability, weraneachexperimentonceeveryhourof aday, andfor eachrun
we issuedthesamequery20 times.Theresponsetimesreportedherearetheaverages
over all thesemeasurements.We alsoreporttheaggregatenetwork traf�c which is the
total traf�c createdby thequeries,subqueriesandthecorrespondingresponsesbetween
all thehostsinvolved.

Calling Multiple AggregatesUsing Multi. Figure9 shows theperformanceof com-
putingasimpleaggregate(average),computingfour differentaggregates(average,sum,
max,andmin) usingfour parallelqueries,andcomputingthesamefour aggregatesus-
ing a singleMulti query. For parallelqueries,all the querieswereissuedat the same
time,andwereportthelongestqueryresponsetime.

From the �gure, we seethat the averagequery responsetime is small consider-
ing thenumberandthegeographicdistribution of thePlanetLabhosts.Thereexistsa
distributedtool basedon Sophia[29] that cancollect informationaboutall PlanetLab
hosts.Sophiatakesminutesto queryall the PlanetLabnodes[9]. In contrast,IrisLog
executesthesamequeryin lessthan10seconds.

Moreover, boththeresponsetime andthenetwork overheadof theMulti operation
are very closeto thoseof a simple aggregationand are dramaticallybetterthan the
parallelqueryapproach.TheMulti operationavoids theoverheadof sendingmultiple
(sub)queries,aswell asthepacket headerandothercommonmetadatain responses.It
alsoavoidsredundantselectionof thesamesetof elementsfrom thedatabase.

We alsostudiedthebene�tson IrisLog of usingouref�cient group-byscheme.For
a group-byqueryover all thenodes,our schemeachievesa 25%speedupin response
time and an 81% savings in network bandwidthcomparedto the naive approachof
extractingall therelevantdataandcomputinggroup-byresultsin acentralizedway[8].

8 RelatedWork

SensorNetwork Programming. A numberof programmingmodelshave beenpro-
posedfor resource-constrainedwirelesssensornetworks, including database-centric,
functional,andeconomicmodels.Thedatabase-centricprogrammingmodels(e.g.,Tiny-
DB [18,19], Cougar[6,32]) provide an SQL-styledeclarative interface.Like X-Tree,
they requiredecomposingthetarget functioninto init/compute/�naloperatorsfor ef�-
cientdistributedexecution.However, theresourceconstraintsof thetargetdomainhave
forcedthesemodelsto emphasizesimplicity andenergy-ef�ciency. In contrast,X-Tree
is a moreheavy-weightapproach,targetedat resource-richInternet-connectedsensing
devices,wherenodeshaveIPaddresses,reliablecommunication,plentyof memory,etc.



Theresource-richtargetenvironmentallowsX-Tree,unliketheabovesystems,to sand-
boxqueryprocessinginsidetheJavavirtual machineandto transparentlypropagateand
dynamicallyload new aggregationoperatorcodefor queryprocessing.Moreover, its
XML datamodelallowsposingqueriesin thecontext of alogicalaggregationhierarchy.
Thefunctionalprogrammingmodels(e.g.,programmingwith abstractregions[22,30])
supportusefulprimitivesthatarisein thecontext of wirelesssensornetwork communi-
cationanddeploymentmodels.For example,theabstract region primitivecapturesthe
detailsof low-level radiocommunicationandaddressing.However, therequirementsof
wide-areasensingaredifferent—generalityis moreimportantthanproviding ef�cient
wirelesscommunicationprimitives.Moreover, it is morenaturalto addresswide-area
sensorsthroughlogical hierarchyratherthanphysicalregions.X-Treeaimsto achieve
theserequirements.Proposalsfor programmingsensornetworkswith economicmod-
els (e.g.,market-basedmicro-programming's pricing [21]) areorthogonalto X-Tree.
We believe that X-Treecanbe usedwith sucheconomicmodels,especiallywithin a
sharedinfrastructure(e.g.,IrisNet [2, 13]) wheremultiple competingservicescanrun
concurrently.

Distrib uted Databases. Existing distributedXML queryprocessingtechniques[11,
26] supportonly standardXML queries.In contrast,X-Tree's queryprocessingcom-
ponentsupportsuser-de�ned operations.X-Tree leveragesthe accessorfunction ap-
proachfor decomposingnumericaggregationfunctions[4,18], andsupportsa novel
schemeto automaticallydistribute the executionof storedfunctions.X-Tree's stored
queryconstructhasa similar spirit astheproposalfor relationaldatabase�elds to con-
tain a collectionof querycommands[25]. Theoriginal proposalaimsto supportclean
de�nitions of objectswith unpredictablecompositionin acentralizedenvironment.Be-
causethelogicalXML hierarchyusuallycorrespondsto real-lifestructures(suchasge-
ographicalboundaries),X-Treeis ableto supportmeaningfulapplication-speci�cstates
computedfrom subsetsof sensorreadings.Moreover, storedqueriescanbeseamlessly
integratedinto queries,andat thesametime they caninvokeapplication-speci�ccode.
Thisenablesdevelopersto composearbitrarybottom-upcomputations,andto guidethe
distributionof applicationcodeswithout knowing thephysicallayoutof data.

Distrib uted Hierar chical Monitoring Systems.Astrolabe[28] allowsusersto usethe
SQL languageto querydynamicallychangingattributesof a hierarchically-organized
collectionof machines.Moreover, user-de�ned aggregatescanbe installedon the �y .
However, unlike X-Tree,it targetsapplicationswherethe total aggregateinformation
maintainedby a singlenodeis relatively small (� 1 KB), andtheaggregatesmustbe
writtenasSQL programs.Hi-Fi [12] translatesa largenumberof raw datastreamsinto
usefulaggregateinformationthrougha numberof processingstages,de�ned in terms
of SQL queriesrunningon differentlevelsof anexplicitly-de�ned machinehierarchy.
Theseprocessingstagescanbeinstalledon the�y . Both thesesystemstargetapplica-
tions whereaggregatedatais continuouslypushedtoward the endusers.Along with
suchpush-queries, X-Treetargetspull-querieswhererelevantdatais transferredover
thenetwork only whena queryis posed.SDIMS [31] achievesa similar goalasAstro-
labeby usinga customquerylanguageover aggregationtreesbuilt on top of a DHT.
Moreover, it providesvery �e xible pushvs. pull mechanisms.User-de�ned functions
aremorelimited thanwith X-Tree,e.g.,theredoesnot appearto beanef�cient means
to performbottom-upcompositionof distinct user-de�ned tasks.Finally, X-Treedif-



fers from all threesystemsby usingthe XML datamodelandsupportinga standard
XML querylanguage;thusit supportsusinga logical hierarchythatcanbeembedded
on an arbitrarytopologyanda querylanguagethat incorporatesthesemanticsof that
hierarchy.

Parallel Programming. A numberof programmingmodelshave beenproposedto
automaticallyparallelizecomputationwithin restrictedtarget domains.For example,
an associative function can be computedover all pre�xeson an n elementarray in
O(log(n)) time on n= log(n) processorsusingparallelpre�x computations[5,17]. In
thecontext of LANs, theMapReducemodel[10], like X-Tree,requiresprogrammers
to decomposethe high level task into smallerfunctions.The MapReduceimplemen-
tation then ef�ciently and robustly parallelizesthe executionof thosefunctionsinto
thousandsof machinesin a singlecluster. X-Treecanbeconsideredasa simpli�cation
anddistillation of someof thesemodelsbasedon our requirements.In particular, X-
Treeprovidesef�cient in-network aggregation(throughthe computefunction, which
MapReducelacks),supportsa standardqueryprocessinglanguage,provideslocation
transparency, andis targetedtowardwide-areanetworks.

9 Conclusion

In thispaper,wepresentX-TreeProgramming, anoveldatabase-centricapproachtoeas-
ily programminga largecollectionof Internet-connectedsensingdevices.Oursolution
augmentsthe valuabledeclarative interfaceof traditionaldatabase-centricapproaches
with the ability to seamlesslyincorporateuser-provided codefor accessing,�ltering,
and processingsensordata,all within the context of the hierachicalXML database
model.We demonstratethe effectivenessof our solution throughboth controlledex-
perimentsandreal-world applications,includingan infrastructuremonitorapplication
on a 473machineworldwide deployment.Using X-TreeProgramming,a rich collec-
tion of application-speci�ctaskswereimplementedquickly andexecuteef�ciently , si-
multaneouslyachieving thegoalsof expressibility, easeof programming,andef�cient
distributedexecution.WebelievethatX-TreeProgrammingwill enableandstimulatea
largenumberof wide-areasensingservices.
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