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Abstract. A wide-areasensorsystemis acomple, dynamic,resource-rictcol-
lection of Internet-connectedensingdevices.In this paper we proposeX-Tree
Programming a novel database-centriprogrammingmodelfor wide-areasen-
sor systemsdesignedo achieve the seeminglycon icting goalsof expressie-
ness,easeof programming,and ef cient distributed execution.To demonstrate
the effectivenessof X-Tree Programmingn achieving thesegoals,we have in-
corporatedhe modelinto IrisNet, a sharednfrastructurefor wide-areasensing,
and developedseveral widely differentapplications,ncluding a distributedin-
frastructuremonitorrunningon 473 machinesvorldwide.

1 Intr oduction

A wide-areasensorsystem[2,12,15,16] is a comple, dynamic,resource-rictcollec-
tion of Internet-connectesensinglevices Thesedevicesarecapableof collectinghigh
bit-rate datafrom powerful sensorsuchascamerasmicrophonesinfrareddetectors,
RFID readersandvibration sensorsandperformingcollaboratve computatioron the
data.A sensosystemcanbe programmedo provide usefulsensingserviceshatcom-
bine traditionaldatasourceswith tensto millions of live sensorffeeds.An exampleof
suchaserviceis a PersorFinder which usescameraor smartbadgeso track people
andsupportgjueriesfor a persons currentlocation.A desirableapproactor develop-
ing suchaserviceis to programthe collectionof sensorasawhole,ratherthanwriting
software to drive individual devices. This provides a high level abstractionover the
underlyingcomplex systemthusfacilitatingthe developmenbf new sensingservices.
Recentstudies[6,11,14,18,19,32] have shavn that declaratve programmingvia
aquerylanguageprovidesaneffective abstractiorfor accessingtering, andprocess-
ing sensordata.While their query interfaceis valuable ,thesemodelsare tailored to
resource-constrainethcal-areawirelesssensometworks[6, 14,18,19,32] or provide
only limited support,if any, for installing userde ned functionsonthe y [6,11,18,
19,32]. As aresult,the programmingmodelsareoverly restrictive, inef cient, or cum-
bersomdor developingservicesonresource-richwide-areasensoisystemskor exam-
ple, considera wide-areaPersorFinderservicethat for updatescalability storeseach
persons locationin a databaseearbythatlocation, for retrieval only on demand.To
enableef cient searchgueriesthe datacanbe organizednto alocationhierarchywith
Iter s associatedvith eachnodeof the hierarchy These lters summarizethe list of
peoplecurrentlywithin thenodes subtreeandareusedto limit the scopeof asearctby
checkingthe Iters. Programmingsuch Iters, associatinghemwith (all or partsof) a



logical/semantidierarchyinstallingthemonthe y , andusingthemef ciently within

queriesarenot all supportedy thesepreviousmodels.Similarly, declaratve program-
ming modelsdesignedor wide-arearesource-rictdistributedmonitoringsystemg12,

28,31] donot supportall thesefeatures.

In this paper we presenta novel database-centriapproachto easily program-
ming a large collection of sensingdevices. The generalideais to augmentthe valu-
able declaratve interface of traditional database-centrisolutionswith the ability to
perform more generalpurposecomputationon logical hierarchies Speci cally, ap-
plication developerscanwrite application-speci ccode,de ne on-demandsnapshot)
andcontinuouglong-running)statesderived from sensordata,associatehe codeand
stateswith nodesin a logical hierarchy and seamlesslycombinethe codeand states
with a standarddatabasénterface.Unlike all the abore models(exceptfor our earlier
work [11]) thatusea at relationaldatabasenodelandSQL-like querylanguageswe
useinsteadthe XML hierarchicaldatabasenodel. Our experiencein building wide-
areasensingservicesshavs thatit is naturalto organizethe datahierarchicallybased
on geographic/politicaboundariegat leastat higherlevels of the hierarchy),because
eachsensinglevice takesreadingdrom a particularphysicallocationandqueriestend
to bescopediy suchboundarie$13]. A hierarchyalsoprovidesa naturalway to name
the sensorsandto ef ciently aggregatesensorreadings[11]. Moreover, we ervision
thatsensingserviceswill needa heterogeneouandevolving setof datatypesthatare
bestcapturedusingamore e xible datamodel,suchasXML. This papershavs how to
provide theabove featureswithin the XML datamodel.

We call our programmingnodelX-TreeProgramming(or X-Treein short)because
of its visualanalogyto an Xmastree: The treerepresentshe logical datahierarchyof
asensingservice andits ornamentandlights representlerivedstatesandapplication-
speci c codesthat are executedin different partsof the hierarchy Sensordataof a
sensingserviceis storedn asingleXML documentvhichis fragmentednddistributed
over a potentially large numberof machinesXpath (a standardquery languagefor
XML) is usedto accesghe documentas a single queriableunit. With X-Tree,user
providedcodeandderivedstatescanbe seamlesslyncorporatednto Xpathqueries.

Therearethreemaincontributionsof this paperFirst,we proposexX-TreeProgram-
ming, a novel database-centrigrogrammingmodelfor wide-areasensoisystemsOur
X-Treesolutionaddressethechallengeof nding asweetspotamongthreeimportant,
yet oftencon icting, designgoals:expressienesseaseof programmingandef cient
distributedexecution.As we will shav in Section2, achiering thesethreegoalsin the
samedesignis dif cult. X-Tree's novelty comesfrom achieving a practicalbalance
betweenthesedesigngoals,tailoredto wide-areasensorsystemsSecondwe present
importantoptimizationswithin the context of supportingX-Treethatreducethe com-
putationandcommunicatioroverhead®f sensingservicesOur cachingtechniquefor
example,provably achiesesa total network costno worsethantwice the costincurred
by an optimal algorithmwith perfectknowledgeof the future. Third, we have imple-
mentedX-Treewithin IrisNet[2, 11,13], a sharednfrastructurefor wide-areasensing
thatwe previously developed We demonstratéheeffectivenesof our solutionthrough
both controlledexperimentsand real-world applicationson IrisNet, including a pub-
licly availabledistributedinfrastructuremonitorapplicationthatrunson 473 machines
worldwide. A rich collectionof applicationtaskswereimplementedquickly and exe-
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Fig.1. An XML documentepresentindrisLog's logical hierarchy

cuteef ciently, highlighting the expressibility easeof programmingandef cient dis-
tributedexecutionthatX-Treeprovides.

The restof the paperis organizedasfollows. Section2 examinestwo application
examples,describeghe challengesand overviews our solution. After Section3 pro-
vides backgroundnformation, Section4 illustratesthe programminginterface, Sec-
tion 5 describesur systemsupportfor distributed execution,and Section6 discusses
optimizations.Our experimentalevaluationis in Section7. Section8 discusseselated
work. Finally, Section9 concludeghe paper

2 Example Applications, Challenges,and Our Solution

This sectiondescribedwo representatie wide-areasensingservices(we useservice
andapplicationinterchangeably})hat we aim to enable.(Additional examplescanbe
foundin [8]). We highlightthedesirablepropertief anenablingprogrammingmodel,
challenges$n achiezing them,andour solution.

2.1 Applications

PersonFinder. A personnder applicationkeepstrack of the peoplein a campus-like
ervironment(e.g.,a university campus)and supportsqueriesfor the currentlocation
of apersonor the currentoccupantof aroom. The applicationusessensordik e cam-
eras,microphonessmart-badgestc. alongwith sophisticategoftware (e.g.,for face
or voicerecognition)to detectthe currentlocationof a personFor scalability it is im-
portantthat the sensordatais storedneartheir sourceqi.e., storedby location)andis
retrievedonly on-demandOneway to implementhis applicatiorwould beto maintain
a distributed databasef all the peoplecurrently at eachlocation. A queryfor some
personwould then perform a brute force searchof the entire databasesucha query
would suffer from both a slow responsdime andhigh network overhead A far more
ef cient implementatiorwould organizethedistributeddatabasasalocationhierarchy
(e.g.,theroot of the hierarchyis the university, andthe subsequerievels are campus,
building, oor, androom)andthenprunesearcheby usingapproximateknowledgeof
peoples currentlocations.Suchpruningcanbeimplementedy maintaininga Bloom
Iter (a compressedtbit vectorrepresentationf a set—similarto [23]) at every inter-
mediatenodeof the hierarchy representinghe peoplecurrentlywithin thatpartof the
locationhierarchy
Infrastructur eMonitor. A distributedinfrastructuremonitor[1] usessoftwae sen-
sors [24] to collectuseful statistics(e.g.,CPU load, available network bandwidth)on



theinfrastructureshostmachinesandcommunicatiometwork, andsupportgjuerieson
thatdata.Oneway to scalesuchan applicationto a large numberof hostsis to hierar
chically organizethedata.Figurel (right) shows partof the hierarchyusedby IrisLog,
aninfrastructuremonitoringservicedeployedon473hostsin PlanetLalj3]. Infrastruc-
tureadministratorsvould lik e to usesuchanapplicationto supportadvanceddatabase
operationdik e continuousqueriesanddistributedtriggers.Moreover, they would like
to dynamicallyextendthe applicationby incorporatingnen sensorsnewn sensoifeed
processingandnew aggreyationfunctions,asneedsarise.

2.2 DesignGoalsand Challenges

A programmingmodel suitablefor the above applicationsshouldhave the following
propertiesFirst, it shouldhave sufcient expressivepowersothatapplicationcodecan
usearbitrarysensomdataand performa rich setof combinationsand computation®n
thatdata.For example,applicationsmayperformcomple tasks(e.g.,facerecognition)
on complex datatypes(e.g.,images),and/orcombineapplication-speci cstatege.g.,
Bloom lters) with standarddatabasejueries.Secondthe modelshouldsupportef-
cientdistributedexecutionof applicationcode,executinga pieceof computatiorclose
to thesourceof therelevantdataitems.This exploits concurreng in thedistributeden-
vironment.andsasesnetwork bandwidthbecausintermediateesults(e.g.,thelocation
of a personjtendto be muchsmallerthanraw inputs(e.g.,imagesof the person).Fi-
nally, themodelshouldbe easyto use minimizing the effort of applicationdevelopers.
Ideally, a developerneedso write codeonly for the corefunctionsof the application.
For example,supposeshewantsto periodicallycollecta histogramof the resourceus-
ageof differentsystemcomponentsbut the infrastructuremonitor currently doesnot
supportcomputinghistograms.Thenit is desirablethat she needsto write only the
histogramcomputingfunction,andhaveit easilyincorporatedvithin the monitor.

While achiering ary oneof the above goalsis easy it is challengingto achiese all
threein a singledesign.For example,oneway to provide sufcient expressve power
is to enablecollectingall relevantdataitemsin orderto performcentralizedprocess-
ing, and using applicationcodeto maintainstates(e.g.,Bloom lters) outsideof the
databaseHowever, this approachnot only rules out distributed execution,but it re-
quiresdevelopergo integrateoutsidestatesnto queryprocessing—aif cult task.To
understandhedif culty , considetthe Bloom lIters in the personnder application.To
employ pruningof unnecessargearchesanapplicationdeveloperwould have to write
codeto breaka searchqueryinto threesteps:selectingthe rootsof subtreeswvithin the
hierarchyfor which Bloom lters are storedusingthe databasecheckingthe search
key againstthe Bloom lters outsideof the databaseandthenrecursvely searching
ary quali ed subtreesgainusingthe databaseThisis anonerougask.

Similarly, considerthegoalof ef cient distributedexecution.Distributedexecution
of aggreyationfunctions(mainly with an SQL-styleinterface)hasbeenstudiedin the
literature[4, 14,18]. The approachis to implementan aggreyationfunction as a set
of accessofunctions(possiblyalongwith userde ned global states)andto distribute
them. However, it is not clear how to distribute applicationcodefor a large variety
of possibleapplicationtasksthat may accessand combinearbitrary dataitems and
application-speci cstatesFor example,underthe existing approachest is dif cult to
associatauserde ned states(e.g. Iters) with subsetof sensomreadings.One could



arguethat applicationdevelopersshouldimplementall aspectf the distributed exe-
cution of their code.However, this approacthrequiresdevelopersto track the physical
locationsof storedsensodataandmanagenetwork communicationghusviolatingthe
goalof easeof programming.

2.3 Our Solution

We obsenre that althoughtherearea large variety of possibleapplicationtasks,mary
tasksperform similar kinds of computationsFor example,a commoncomputation
paradigmis to combinea list of sensorinputsof the sametype (e.g.,numericvalues)
to generatea singleresult(e.g.,a histogram).Other commoncomputationparadigms
include (1) computingmultiple aggreatesfrom the samesetof datasourcesand(2)
performinga group-byquery; i.e., groupingdatainto classesandcomputingthe same
aggreyatefor eachclass(e.g.,computingthe total CPU usageon all the machinesn
a sharedinfrastructurefor every user).Therefore,our stratay is to provide a higher
level of automationfor commoncomputatiorparadigms In this regard,we aresimilar
to previousapproacheft, 14,18].

As mentionedin Sectionl, X-Treeemploys XML to organizedatainto a logical
hierarchy andthe Xpath querylanguagdor queryingthe (distributed)XML database,
and hencerequirestechniguessuitablefor a hierarchicaldatamodel, unlike previous
approachesTo enableuserde ned computationswvith XML and Xpath, it provides
two componentsFirst, for commoncomputatiorparadigmsX-Treeprovidesa stored
functioncomponentwith a simple Java programmingnterfaceand extendsthe Xpath
functioncall syntaxfor implementingandinvoking applicationcode.Ourimplementa-
tion of X-Tree (denotedhe X-Treesystem)automaticallydistributesthe executionof
this applicationcode.Second X-Tree providesa stored query componenthat allows
applicationdevelopergo de ne derivedstatesandto associat&Xpathqueriesandappli-
cationcodeswith XML elementsin this way, developerscanguidethe distribution of
their codein thelogical hierarchyof anXML documenfor arbitrary applicationtasks,
withoutworrying aboutthe physicallocationsof sensodataandor ary neededetwork
communicationNotethatthephysicallocationsof thesensodatacanchangeovertime
(e.g.,for theunderlyingsystemsloadbalancingcaching.etc.).Ourimplementatiorof
X-Treeworksregardles®f thesedynamicsandhidesthemfrom developers.

3 Background: XML Model and Distrib uted Query Processing

An XML documentde nes atree:EachXML element(tag-pair e.g.,<PlanetLab> ,
</PlanetLab> ) is atreenode,andits nestedstructurespeci esparent-childrelation-
shipsin thetree.Every XML elementaszeroor moreattributes whicharename-alue
pairs.Figurel illustratesthe XML documentepresentinghelogical hierarchyin Iris-
Log. Therootnodeis PlanetLablt hasmultiple countryelementsaschild nodeswhich
in turn areparentsof multiple region elementsandsoon. Theleaf nodesrepresentiser
instance®n every machine.

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



the whole pathfrom root. //User[@id="Bob")/@memUsage returnsBob's memory
usageon every machinethat he is using,asa list of string values.Iln orderto com-
pute the total memoryusageof Bob, we canusethe Xpath built-in function “sum”;

sum(//User[@id="Bob")//@memUsage) . However, the handfulof built-in functions
hardly satisfyall applicationneedsandthe original centralizedexecutionmodesug-
gestedn the Xpath standards not ef cient for wide-areasensosystems.

IrisNet[2,11,13] supportdistributedexecutionof Xpath queriesexcluding func-
tions. We highlight someof the featuresof IrisNet thatarerelevantto this paper;our
descriptionis simpli ed, omitting variouslrisNetoptimizations—sefl 1, 13] for further
details.Sensordataof a serviceis conceptuallyorganizedinto a single XML docu-
ment,which is distributed acrossa numberof hostmachineswith eachhostholding
somefragmentof the overall documentSensingdevices,which may alsobe hostsof
XML fragmentsprocess/ Itersensoinputsto extractthedesireddata,andsendupdate
queriedo hoststhatown the data.Eachfragmentcontainsspeciallymarkeddummyel-
ementsgcalledboundaryelementswhich indicatethat the true element(andtypically
its descendarglementsyesideon a differenthost.IrisNetrequiresan XML elemento
have anid attribute unigueamongits siblings. Therefore,anelementcanbe uniquely
identi ed by the sequencef id attributesalongthe pathfrom itself to the document
root. This sequencés registeredasa DNS domainentry; for routingqueries.

To procesan XML query IrisNetextractsthelongestquerypre x withid attribute
valuesspeci ed andconstructsanid sequenceThen,it performsa DNS lookup and
sendsthe queryto the host containingthe elementspeci ed by the pre x; this host
is calledthe r st-stophost The queryis evaluatedagainstthe host's local fragment,
taking into accountboundaryelementsin particular if evaluatingthe queryrequires
visiting anelementx correspondindo a boundaryelementthena subqueryis formed
andsentto a hoststoringx. Eachhostreceving a subqueryperformsthe samelocal
query evaluationprocesg(including recursvely issuingfurther subqueries)and then
returnsthe resultsbackto the rst-stop host.Whenall the subqueryresultshave been
incorporatednto the host's answeythis answelis returned.

In the following, we describeX-Tree Programmingwithin the context of IrisNet.
However, we point out that our solutionis applicablein any XML-based database-
centricapproactthatsupportan-network queryprocessing.

4 X-TreeProgramming

Thissectiondescribeshetwo componentsf X-Tree storedfunctionsandstoredqueries,
for ef ciently programmingvide-areasensingservices.

4.1 StoredFunctions

Thestoredfunctioncomponenincorporatespplication-speci acode Its programming
interfaceis shavnin Figure2. A storedfunctioncanbeinvokedthesameway asabuilt-

in functionin auserquery asshawvn in Figure2(a). The colonseparatefunctionname
speci esthe Jasa classandthemethodmajornameof theapplicationcode. Theseman-
ticsis thatthelnput XPATH expressiorselectsalist of valuesfrom the XML document,
thevalues(of type Stringor Node,but not both) arepassedo the storedfunctionasin-

puts,andthe function outputis the resultof the invocation.Optionalargumentsto a



(a) User query interface to invoke a stored function:
myClass:mySF ( Input_XPATH, arg0, argl, . ..)

(b) Developers implement three methods for the stored function: (c) Full picture:

class  myClass{ ‘myCIass:mySF ( Input_XPATH, argo, ani;l)
String  mySF_init (TYPEval, String[] args) :
Il convert an XPATH output value into intermediate format. g’}g‘d‘—aﬁgfgﬁ'g;’ﬁ& ? ?i:zl)m from
String  mySF_computd String[] ~ midvals, String[]  argy APP developer .
/I perform computation on a set of intermediate values implement final
/I merging them into a single intermediate value. ggtm - compute
String  mySF_final (String  midval, String[] args) finalp N compute compute
/I generate the query result from an intermediate value. AN
} init init init  init init
/I if Input_XPATH selects attributes, the@YPE  Sising The X-Tree system automatically distributes th
I1'if Input_XPATH selects nodes, thefYPE  Néde execution of the three methods to relevant hosts

Fig. 2. Storedfunctionprogrammingnterface

myClass:histogram ( Input_XPATH, "bucket boundary 0", "bucket boundary 1", ...))

/I A set of numeric values is selected to compute the histogram.

class myClass{ // args[] specifies the histogram bucket boundaries.
String  histogram_init (String  val, String[] args)
/I determine bucket B for val, create an intermediate histogram with B's count set to 1 and all other counts set
String  histogram_compute( String[] midVals, String[] args)
/I merge multiple intermediate histograms given by midVals[ ] by summing up the counts of corresponding buc
String  histogram_final String  midVal, String[] args)
/I generate the query result from the final intermediate histogram.

Fig. 3. Implementatiorof a histogramaggreyate

storedfunction are typically constantparametersbut canbe any Xpath expressions
returninga singlestringvalue.

As shavn in Figure2(b), applicationdevelopersasmplementthreeJaza methodsfor
astoredfunction:init, computeand nal , which enablehedecompositiorof thestored
functioncomputatiorinto aseriesof callsto thethreemethodsFor eachoutputvalueof
thelnput XPATH expressiontheinit methods calledto generat@nintermediatevalue.
Intermediatevaluesarememedby thecomputemethoduntil asingleintermediatevalue
is left, which is thencorvertedto the queryresultby the nal method.Theargsarray
containsthe valuesof thealgumentsn the query As shawvn in Figure2(c), our X-Tree
systemautomaticallyperformsthis decompositioranddistributesthe executionof the
methodso relevanthostswherethe dataarelocated?

Storedfunctionssupportthe ability to performcomputatioron a singlelist of val-
uesselectedoy an Xpath query Examplesare numericaggreyationfunctions,suchas
sum, histogram,andvariance,and more comple functions,suchasstitchinga setof
cameramagesinto a panoramidmage[8]. Figure 3 illustratesthe implementatiorof
ahistogramaggreate Here,the Input XPATH queryselectsattributesandthustheinit
methodusesString asthe type of its rst parameterHowever, becausarbitrary data
structurescan be encodedas Strings, the interfaceis able to handlecomple< inputs,
suchasimages.

% For storedfunctions(e.g.median)thataredif cult to decomposeapplicationdeveloperscan
insteadmplementa local methodwhich performscentralizeccomputation.



foo add a stored query foo Jlfoolstored_query[@name="bar"]

1o node foo (b) Invoke an on-demand stored query.
<foo> stored_query f00 /I Application d_evelopers _
<stored_query name="bar" ——O @bar // can use continuous queri
query ="any xpath within foo's subtree" // to maintain application-
type ="on-demand/continuous” @) /I specific states
mode ="polling/triggered if continuous" stored_query
period="xxx ms if continuous" />
<[foo> (c) The X-Tree system maintains the result of

(a) Application developers insert a stored query to node foo @ continuous query as a computed attribute

Fig. 4. De ning andusingstoredqueries

Comparedo previous approachesor decomposingggreyationfunctions[4, 18],
our approactsupportsmore complex inputs. For example,it allows computingfunc-
tions not just on valueshut alsoon XML nodes(Nodeasinputtype),which may con-
tain multiple typesof sensoreadingscollectedat the samelocation (e.g.all kinds of
resourceusagestatisticsfor a userinstanceon a machine).This improvesthe expres-
sivenesf the querylanguagefor example,several commoncomputatiorparadigms
(e.g.,computingmultiple aggreyatedrom the samesetof datasourcesandperforming
group-byoperationsasdescribedn Section6) canbe speci ed within a given Node
context of thelogical hierarchy

4.2 StoredQueries

Storedqueriesallow applicationdevelopersto associatalerived stateswith XML ele-
mentsin alogical hierarchy Naturally, statesderived from a subsebf sensoreadings
canbeassociateavith theroot of the smallestsubtreecontainingall thereadings.

Thesederivedstatescanbe eithermaintainedautomaticallyby our systemor com-
putedondemandvhenusedn queriesAs shovnin Figure4(a),applicationdevelopers
de ne a storedqueryby insertinga storedquerysub-nodénto an XML element.The
storedqueryhasa nameuniquewithin the XML element.The querystringcanbeary
Xpath query In particular it canbe a storedfunctioninvocation,andthereforedevel-
operscanassociat@applicationcodeswith logical XML elements.

Figure4(b) shavs how to invoke anon-demandtoredquery For eachfoo element,
our systenretrievesthe storedquerystring. Thenit executeghespeci ed querywithin
thecontet of the subtreeootedatthe parentXML element(e.g.,thefoo element).

For a continuousstoredquery, several additionalattributesneedto be speci ed, as
shavn in Figure4(a). The querycanbe eitherin the polling modeor in the triggered
mode.Whenthe queryis in the polling mode,the X-Treesystemrunsthe queryperi-
odically regardlessof whetheror notthereis a dataupdaterelevantto the query When
the queryis in thetriggeredmode,the systemrecomputeshe queryresultonly when
arelevant XML attribute is updated As shavn in Figure4(c), the resultof a continu-
ousqueryis storedasa computedattributein the databasewhosenameis the sameas
the storedqueryname.A computedattribute canbe usedin exactly the sameway as
a standardXML attribute. Whenaddinga storedquery developerscanalsospecifya
durationargument.The X-Treesystemautomaticallyremovesexpired storedqueries.

To supportcontinuousstoredqueries we implementeda continuousjueryscheme
similarto thosein Tapestry[27], NiagaraC{7], andTelegraphCACQ [20]. However,



what is importantfor developersis that they can seamlesslyuse application-speci c
statedn ary queriesjncluding storedfunctioninvocationsandotherstoredquerydec-
larations thussimplifying applicationprogramming.

4.3 Bottom-up Composition of Application Tasks

Combiningstoredfunctionsandstoredqueries,our solutionsupportsbottom-upcom-
position of applicationtasksthat may combinearbitrary dataitems and application-
speci c statesThisis because:

— Application-speci cstatescanbeimplementedascomputedattributesandusedin
exactly the sameway asstandardXML attributes.

— Thelnput XPATH of a storedfunction may be anon-demandtoredqueryinvoca-
tion; in otherwords,anon-demandtoredqueryhigherin the XML hierarchymay
procesgesultsof otheron-demandtoredqueriesde ned lower in the XML hier
archy This givesapplicationdevelopersthe power to expressarbitrarybottom-up
computationsisingary dataitemsin an XML document.

X-Tree Programmingsaves developersconsiderablesffort. Developersneednot
worry aboutunnecessargtetails,suchasthephysicallocationsof XML fragmentspet-
work communicationsandstandardiatabaseperationsThey cansimplywrite codeas
storedfunctionsandinvoke storedfunctionsin ary userquery They canalsoassociate
derivedstateswith arny logical XML elementswvithout worrying aboutthe computation
and/ormaintenancef thestates.

5 Automatically Distrib uted Execution of Application Code

Storedfunctionsandstoredqueriescanbedynamicallyaddednto applicationsDevel-
opersuploadtheir compiledJava codeto a well-known location,suchasa web direc-
tory. Whena storedfunctioninvocation(or subqueryjs receivedata hostmachinethe
X-Treesystemwill loadthecodefrom thewell-known locationto the host.

Givena storedfunctioninvocation,the X-Treesystemautomaticallydistributesthe
executionof theinit, computeand nal methodgto the relevanthostswherethe data
arelocated.Theideais to call the accessomethodsalongwith the evaluationof the
Input XPATH query which selectgheinputdata.

As shavn in Figure5(a),the storedfunctioninvocationis sentto the rst-stop host
of the InputXPATH query (hostingthe leftmostfragmentin the gure). The system
employs the standardquery processingacility (in our case,provided by IrisNet) to
evaluatethe Input XPATH query againstthe local XML fragment.As shown in Fig-
ure5(b), theresultsof queryingthe local fragmentmainly consistof two parts:i) local
input dataitems(squaresn the gure), andii) boundaryelementgtrianglesin the g-
ure)representingemotefragmentghatmay containadditionalinput data.

Next, the systemcomposesa remote subqueryfor every boundaryelement,as
shawn in the shadedrianglesin Figure5(b). Therearetwo differencesetweena re-
mote subqueryandthe original storedfunctioninvocation.First, the function nameis
appendedvith aspecialsufx to indicatethatanintermediatesalueshouldbereturned.
Second,a subXATH queryis usedfor the remotefragment.Note that the latter is



local XML fragment

c c c @
i/ i i/ \i Z AN Cinit + compute
i

remote query remote query
i init c:compute f:final myClass:mySF_midVainyClass:mySF_midV
(a) The X Tree system distributes the execution of

(SUbXPATH1, arg0, ...XsubXPATH2, argO, ..
the stored function to where data is located (b) Evaluating the stored function at the first stop host

/O\ Afrggﬁquemment /O\ Results of evaluating [] selected data iter
query [2°° result 2% ° Input_XPATH on the /A boundary elemen

Fig. 5. Automaticallydistributedexecutionfor myClass:mySF(InpuXPATH, arg0, ...)

obtainedusingthe standardistributed queryfacility. The systemthensendsthe sub-
querieso theremotefragmentswhich recursvely performthe sameoperationsin the
meantimethesystenusegheinit andcomputeanethodgo obtainasingleintermediate
valuefrom thelocal dataitems.

Finally, whenthe intermediateesultsof all theremotesubqueriesrereceved,the
systenrallsthecomputeanethodto memgethelocal resultandall theremoteresultsinto
a nal intermediatevalue,andcallsthe nal methodto obtainthe queryresult.

In summary the X-Tree systemautomaticallydistributesthe executionof stored
functionsto wherethe dataarelocatedfor good performanceThis schemeworks re-
gardlesof the (dynamic)fragmentatiorof an XML documentmonghostmachines.

In additionto theabore mechanismapplicationdeveloperscanusestoredquerieso
guidethedistributedexecutionof their code.They cande ne at arbitrarylogical XML
nodesstoredquerieghatinvoke storedfunctions.In thisway, developerscanspecifythe
associatiorof application-speci ccodeto logical nodesin the XML hierarchy Upona
referenceof a storedquery the X-Treesystemexecuteshe storedfunction at the host
wherethe associatedbgical XML nodeis located.Moreover, the storedfunction calls
may in turn requireresultsof otherstoredqueriesasinput. In this way, developerscan
distribute the executionof their codein thelogical XML hierarchyto supportcomplex
applicationtasks.

6 Optimizations

In this section,we rst exploit the storedfunction Nodeinterfaceto combinethe com-
putationof multiple aggreyatesef ciently andto supportgroup-by Thenwe describea
cachingschemehatalwaysachiesesa total costwithin twice the optimal cost.

6.1 Computing Multiple AggregatesTogetherand Supporting Group-By

In IrisLog, administratoreftenwantto computemultiple aggreyateof the samesetof
hostsatthesametime. A naiveapproactwouldbeto issuea separatstoredfunctionin-
vocationfor every aggreyate.However, this approachusesthe samesetof XML nodes
multiple times, performingmary duplicateoperationsand network communications.
Instead]ik e the usualmodeof operationin any SQL-like languagethe X-Treesystem
cancomputeall theaggrejatesogetherin asinglequerythrougha specialstoredfunc-
tion called multi. An examplequery for the total CPU usageand maximummemory
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Fig. 6. Optimizationfor caching

usageof all usersacrossall hosts,is asfollows:
myOpt:multi(//User, "sum”, ‘"cpuUsage", "max", "memUsage")

Theinit, computeand nal methodsfor multi arewrappersof thecorrespondingneth-
ods of the respectie aggreate functions.A multi's intermediatevalue containsthe
intermediatevaluesfor the respectie aggrgatefunctions.Note that multi canbe used
directlyin ary applicationto computeary setof aggreyates.

Using similar techniqueswe have alsoimplementecdan ef cient group-bymecha-
nism,which providesautomaticdecompositioranddistribution for groupingaswell as
aggreyatecomputationgor eachgroup.Pleasese€[8] for details.

6.2 Cachingfor Stored Functions

In IrisNet, XML elementselectedy anXpathqueryarecachedatthe rst-stop hostin
hopesthatsubsequemjueriescanbe answeredlirectly from the cacheddata.Because
storedqueriesmay invoke the samestoredfunction repeatedlywithin a shortinterval,
thepotentialbene tsof cachingarelarge.To exploit thesepotentialbene ts,we slightly
modify our previous schemefor executingstoredfunctions.At the rst-stop (or ary
subsequent)ost,thesystermow hasthreestratgies.The rst stratgyis thedistributed
executionschemeasbefore.BecausédrisNetcannotexploit cachedntermediatevalues,
this strate@gy doesnot cachedata.The secondstrat@y is to executethe Input XPATH
query cacheall the selectedXML elementdocally, and executethe storedfunction
in a centralizedmannerby invoking all the methodslocally. The third stratayy is to
utilize existing cacheddataif it is not stale,andperformcentralizedexecutionwithout
sendingsubqueriesthussasing network andcomputatiorcosts.Cacheddatabecomes
stalebecaus®f updatesin IrisNet,auserquerymayspecifyatoleranceime T to limit
the stalenessf cachedlata.Associatedvith a pieceof cacheddatais its creationtime
andthepieceis usedto answetthequeryonly if thistime is within thelastT time units.

Oursystemhasto chooseoneof thestratgiesfor anincomingquery For simplicity,
we shallfocusonimproving network cost.Assumefor a given storedfunctioninvoca-
tion, thecentralizedstratgyy costsK timesasmuchasthedistributedstrateyy, andthe
costof a cachehit is 0. Moreover, we assumall querieshave the sametolerancetiime
T. This de nesanoptimizationproblem: nd analgorithmfor choosingthe stratey to
evaluateeachincomingstoredfunction sothatthetotal costis minimized.

To solve this optimizationproblem,we proposethe algorithmin Figure6(a). This
algorithmdoesnot requireary future knowledge.It only requiresthe X-Tree system
to keepperquerystatisticssothatthe Y valuecanbe determinedAn examplequery
patternand the algorithm choicesare shavn in Figure 6(b). The algorithm performs
distributedexecutionfor the rst K queriesthencentralizedexecutionfor queryK +
1, followed by a period of time T during which all queriesare cachehits. Thenthe



cacheddatais too stale,so the patternrepeatsAn interesting,subtlevarianton this
patternis when> K consecutre queriesusedistributed execution(as shown in the
rightmostpartof the gure). This canarisebecause is calculatedover a sliding time
window. However, becauséhealgorithmensureshatary K + 1 consecutiedistributed
executionsoccursparselyin a longerperiodof time thanT, it is indeedbetternot to
cacheduringtheseperiods.We prove the following theoremin thefull paper{8].

Theorem 1. Thealgorithmin Figure 6(a) guaranteeghatthetotal costis within twice
theoptimalcost.

7 Evaluation

We haveincorporatedX-TreeProgrammingnto IrisNet, andimplementedhetwo ap-
plicationsdiscussedn Section2. Althoughthe PersorFinderapplicationis only a toy
prototype,the InfrastructureMonitor application(lrisLog) hasbeendeployedon 473
hostsin PlanetLabandhasbeenpublicly available (andin-use)sinceSeptembe003.
Therich anddiversesetof application-speci dunctionsandstatesusedby theseappli-
cations(andotherswe studied[8]) supportghe expressie power of X-Tree.Theease
of programmingusingX-Treeis supportedy the smallamountof codefor implement-
ing theseapplicationson our system:439 lines of codefor supportingBloom lters in
PersorfFinderand84linesof codefor communicatingvith softwaresensorsn IrisLog.

7.1 Controlled Experimentswith PersonFinder

We performcontrolledexperimentausingthe PersornFinderapplication For simplicity
in understandingur results,we disabledIrisNet's cachingfeaturesin all our exper
iments.We setup an XML hierarchywith 4 campusesn a university, 20 buildings
per campus,5 oors per building, 20 roomsper oor, andon average2 peopleper
room. Every room elementcontainsa name.list  attribute listing the namesof the
peoplein theroom. We distribute the databasecrossa homogeneouslusterof seven
2.66GHzPentium4 machinesunningRedhat_inux 8.0 connectedy a 100Mbpslo-
cal areanetwork. The machinesare organizedinto a three-level completebinary tree.
Theroot machineownsthe university element Eachof the two middle machinesowns
the campusand building elementgor two campusesEachof the four leaf machines
ownsthe oor androom elementdor a campusln our experimentswe issuequeries
from a550MHz Pentiumlll machineon our LAN andmeasureesponsdimeson this
machine Everyresultpointreporteds the averageof 100measurements.

Stored Functions. In orderto quantify the improvementsin responsdimes arising
from ourschemédor distributedexecutionof storedfunctions,we computeanaggrejate
functionusingtwo differentapproachesThe rst approactusestheinit/compute/ nal
programminginterface, so that the computationis automaticallyexecutedin a dis-
tributed fashion.The secondapproachextractsall the relevantinput valuesfrom the
databas@ndperformsa centralizedexecutiorf.

In orderto shav performanceindervariousnetwork conditionsandapplicationsce-
narios,we vary anumberof parameterdncluding network bandwidth,nputvaluesize

4 We actuallyimplementecthis approachusing the alternatie local methodin our Jaa pro-
gramminginterface,which is equivalentto animplementatioroutsideof the XML database
systenthatrunson therootmachine.
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to the storedfunction,andcomputatiortime of the function. The aggregationfunction

we usemodelsthe commonbehaior of numericaggreyateqsuchassumandavg), i.e.

combiningmultiple input valuesinto a single outputvalue of similar size. For these
experimentsgvery room elementin the databaseontainsa dummy attribute andthe
aggreyationsusethis attribute. In orderto make the size of input valuesa meaningful
parameteto changewe chooseio computebit-by-bit binary OR on all thedummyat-

tributesin the databasendupdateevery dummyattribute with a string of a givensize
beforeeachexperiment.

Figure7(a)reportstheresponsd¢ime of thetwo approachewhile varyingthelength
of every input value from 1 byte to 10,000bytes.Centralizedexecutionrequiresall
input valuesto be transferredwhile distributed executiononly transfersintermediate
results.As the input value size increasesthe communicationcost of the centralized
approachncreasesiramaticallyincurringlargeresponséimeincrease®eyond1000B.
In contrastdistributedexecutiononly suffersfrom minor performancealegradations.

Figure 7(b) variesnetwork bandwidthfor the 100B pointsin Figure7(a) in order
to capturea largerangeof possiblenetwork bandwidthconditionsin realuse.Thetrue
(nominal)network bandwidthis 100Mbps.To emulatea 10Mbpsnetwork, we change
thelrisNet network communicatiorcodeto senda packet 10 timessothatthe effective
bandwidthseenby the applicationis 1/10 of the true bandwidth.Similarly we senda
paclet 100and1000timesto emulatelMbpsand100Kbpsnetworks. Admittedly, this
emulationmay not be 100% accuratesincethe TCP and IP layersstill see100Mbps
bandwidthfor protocolpaclets.Neverthelesswe expectthe experimentaresultsto re-
ect similar trends.As shavn in Figure7(b), whennetwork bandwidthdecreaseghe
performancaeyapbetweerdistributedandcentralizedexecutionincreasesiramatically
Whennetwork bandwidthis 1Mbpsor lower, which is quitelikely in a wide areanet-
work, distributedexecutionachiezesover 2.5X speedupsverthecentralizedapproach.

Figure 7(c) studiesthe performancefor computation-intensie aggreyation func-
tions. To modelsucha function,we inserta time-consumindoop into our aggregation
functionsothatthis loop is executedoncefor every input valuein boththe distributed
andthe centralizedapproachesThenwe vary the total numberof loop iterationsso
that the whole loop takes 0, 0.5ms,1ms, 1.5msand 2ms, respectiely, which models
increasinglycomputationalljintensve aggreyationfunctions.As shovn in Figure7(c),
distributed executionachieves over 1.7X speedupsvhen the computationtime is at
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least0.5msperinput. This is becausalistributed executionexploits the concurreng
in thedistributeddatabasendusesall sevtenmachinesyhile the centralizedapproach
performsall the computatioron a singlemachine.

Stored Queries. To studythe bene t of storedquerieswe comparethe performance
of the bruteforce searchapproachanda pruningapproachenabledby storedqueries.
For thelatter, we usecontinuousstoredquerieso maintainBloom lters atthebuilding
elementsanduserqueriechecktheBloom lters usingXpathpredicatesAt abuilding
element(sub)querieshatdo notpasstheBloom lter checkarepruned.

We usea 550MHzPentiumlll machinefor generatindpackgroundupdaterequests
thatmodelthemovementof peopleIn themodel,apersorstaysin aroomfor aperiod
of time,whichis uniformly distributedbetweerl seconcand30 minutesthenmaovesto
anotherroom.Whenmakinga move, the persorwill goto aroomonthesameoor, in
thesamebuilding, in differentbuildingsof thesamecampusandin differentcampuses,
with probabilities0.5,0.3,0.1,and0.1, respectiely.

Figure8 shavstheperformanceomparisonWe measureesponsémesfor queries
thatlook for a personin the entireuniversity, in a particularcampuspr in a particular
building. The mixedworkloadis composedf 20% universitylevel queries 30% cam-
puslevel queries and50% building level queries Becauseahe scope(university, cam-
pus,or building) of aqueryis presumedo be anendusers goodguesof the persons
location,we setupthequeriessothata querywould succeedn nding apersornwithin
thegivenscope80% of thetime.

As showvn in Figure 8, the Bloom Iter approachachiezesdramaticallybetterper
formancethanthebruteforceapproachor queriesnvolving campusor universitylevel
elementsdemonstratingheimportanceof storedqueriesThebuilding level resultsare
quite closebecausepruningis lesseffective in a smallerscopeand additionalstored
procedureoverheadalmostoffsetsthelimited bene t of pruning.

7.2 RealWorld Experimentswith IrisLog

Ourworkloadconsistof querieswith four differentscopesThe global queriesaskfor
informationaboutall the PlanetLabhosts(total 473 hosts)® The country queriesask

5 Although IrisLog is deplgyed on 473 PlanetLabhosts,only 373 of themwereup during our
experimentsThe querylateng reportechereincludesthetimeoutperiodlrisLog experiences
while contactingcurrentlydown hosts.



aboutthehosts(total 290hosts)within the USA. Theregion queriesandomlypick one
of thethreeUSA regions,andreferto all the hosts(around95 hostsperregion) in that
region. Finally, thesite queriesaskinformationaboutthe hosts(around4 hostspersite)
within arandomlychosenJSA site.

PlanetLabis a sharedinfrastructurethereforeall the experimentswe reporthere
wereruntogethemith otherexperimentsharingtheinfrastructureWe do nothave ary
control over the typesof machinesnetwork connectionsandloadsof the hosts.Thus
our experimentsexperiencedall of the behaiors of the real Internetwherethe only
thing predictableis unpredictability(lateng, bandwidth,pathstaken). To copewith
this unpredictabilitywe raneachexperimentonceevery hourof aday, andfor eachrun
we issuedthe samequery20 times. Theresponsegimesreportedherearethe averages
over all thesemeasurementsVe alsoreportthe aggregatenetwork traf ¢ which is the
totaltrafc createdy thequeriessubqueriesindthe correspondingesponsebetween
all thehostsinvolved.

Calling Multiple AggregatesUsing Multi. Figure9 shows the performanceof com-
putingasimpleaggreyate(average)computingfour differentaggrejateqaveragesum,
max,andmin) usingfour parallelqueriesandcomputingthe samefour aggregyatesus-
ing a single Multi query For parallelqueries,all the querieswereissuedat the same
time, andwe reportthelongestqueryresponséime.

Fromthe gure, we seethat the averagequery responsdime is small consider
ing the numberandthe geographidistribution of the PlanetLabhosts.Thereexistsa
distributedtool basedon Sophia[29] that cancollectinformationaboutall PlanetLab
hosts.Sophiatakes minutesto queryall the PlanetLabnodes[9]. In contrast,IrisLog
executeghe samequeryin lessthan10 seconds.

Moreover, boththe responsdime andthe network overheadf the Multi operation
are very closeto thoseof a simple aggreyationand are dramaticallybetterthan the
parallelqueryapproachThe Multi operationavoidsthe overheadof sendingmultiple
(sub)queriesaswell asthe pacletheademandothercommonmetadatan responsedt
alsoavoidsredundanselectionof the samesetof elementdrom the database.

We alsostudiedthe bene tson IrisLog of usingour ef cient group-byschemeFor
a group-byqueryover all the nodes,our schemeachiezesa 25% speedupn response
time and an 81% savings in network bandwidthcomparedto the naive approachof
extractingall therelevantdataandcomputinggroup-byresultsin acentralizedvay [8].

8 RelatedWork

SensorNetwork Programming. A numberof programmingmodelshave beenpro-
posedfor resource-constrainedgirelesssensometworks, including database-centric,
functional,andeconomianodels Thedatabase-centrirogrammingnodelse.g.,Tiny-
DB [18,19], Cougar[6, 32]) provide an SQL-styledeclaratve interface.Like X-Tree,
they requiredecomposinghe target functioninto init/compute/ nal operatordor ef -
cientdistributedexecution.However, theresourceconstraintof thetargetdomainhave
forcedthesemodelsto emphasizeimplicity andenegy-efciency. In contrastX-Tree
is amoreheary-weightapproachtargetedat resource-ricinternet-connectedensing
devices,wherenodeshave IP addressesgliablecommunicationplentyof memoryetc.



Theresource-richargeternvironmentallows X-Tree,unlike theabove systemsto sand-
box queryprocessingnsidethe Javavirtual machineandto transparentlypropagatand
dynamicallyload new aggreationoperatorcodefor query processingMoreover, its
XML datamodelallowsposingqueriesn thecontext of alogicalaggregyationhierarchy
Thefunctionalprogrammingmodels(e.g.,programmingwith abstractegions[22, 30])
supportusefulprimitivesthatarisein the context of wirelesssensometwork communi-
cationanddeploymentmodels.For example the abstract region primitive captureghe
detailsof low-level radiocommunicatiorandaddressing-However, therequirementsf
wide-areasensingare different—generalitys moreimportantthanproviding ef cient
wirelesscommunicatiorprimitives.Moreover, it is more naturalto addresswide-area
sensorghroughlogical hierarchyratherthanphysicalregions.X-Treeaimsto achieve
theserequirementsProposaldor programmingsensometworks with economicmod-
els (e.g., market-basednicro-programmings pricing [21]) are orthogonalto X-Tree.
We believe that X-Tree canbe usedwith sucheconomicmodels,especiallywithin a
sharednfrastructure(e.g.,IrisNet [2, 13]) wheremultiple competingservicescanrun
concurrently

Distrib uted Databases. Existing distributed XML query processingechniqued11,
26] supportonly standardXML queries.In contrast,X-Tree's query processingcom-
ponentsupportsuserde ned operations X-Tree leveragesthe accessofunction ap-
proachfor decomposingiumericaggreationfunctions[4, 18], and supportsa novel
schemeto automaticallydistribute the executionof storedfunctions.X-Tree's stored
queryconstructhasa similar spirit asthe proposafor relationaldatabaseelds to con-
tain a collectionof querycommandg25]. The original proposalaimsto supportclean
de nitions of objectswith unpredictable&eompositionin a centralizecervironmentBe-
causdhelogical XML hierarchyusuallycorrespond$o real-life structuregsuchasge-
ographicaboundaries)X-Treeis ableto supporimeaningfulapplication-speci cstates
computedrom subsetof sensoreadingsMoreover, storedqueriescanbe seamlessly
integratedinto queries andat the sametime they caninvoke application-speci ccode.
Thisenablesleveloperso composerbitrarybottom-upcomputationsandto guidethe
distribution of applicationcodeswithout knowing the physicallayoutof data.

Distrib uted Hierar chical Monitoring Systems.Astrolabe[28] allowsusergo usethe
SQL languageto querydynamicallychangingattributesof a hierarchically-oganized
collectionof machinesMoreover, userde ned aggreatescanbe installedon the y .
However, unlike X-Tree, it targetsapplicationswvherethe total aggreyateinformation
maintainedby a singlenodeis relatively small( 1 KB), andthe aggreyatesmustbe
written asSQL programsHi-Fi [12] translates large numberof raw datastreamsnto
usefulaggreyateinformationthrougha numberof processingtagesde ned in terms
of SQL queriesrunningon differentlevels of an explicitly-de ned machinehierarchy
Theseprocessingtagesanbeinstalledon the y . Both thesesystemdargetapplica-
tions whereaggreyatedatais continuouslypushedtoward the end users.Along with
suchpush-queriesX-Treetamgetspull-querieswhererelevant datais transferrecbver
thenetwork only whena queryis posed SDIMS [31] achievesa similar goalasAstro-
labe by usinga customquerylanguageover aggreyationtreesbuilt on top of a DHT.
Moreover, it providesvery e xible pushvs. pull mechanismsUserde ned functions
aremorelimited thanwith X-Tree,e.g.,theredoesnot appeato be anef cient means
to performbottom-upcompositionof distinct userde ned tasks.Finally, X-Treedif-



fersfrom all threesystemsby usingthe XML datamodeland supportinga standard
XML querylanguagethusit supportausinga logical hierarchythatcanbe embedded
on an arbitrarytopologyanda querylanguagethatincorporateghe semanticof that
hierarchy

Parallel Programming. A numberof programmingmodelshave beenproposedo
automaticallyparallelizecomputationwithin restrictedtarget domains.For example,
an associatie function can be computedover all pre xeson an n elementarrayin
O(log(n)) time on n=log(n) processorsisingparallelpre x computationg5, 17]. In
the context of LANs, the MapReducemodel[10], like X-Tree,requiresprogrammers
to decomposeéhe high level taskinto smallerfunctions.The MapReducdémplemen-
tation then ef ciently androbustly parallelizesthe executionof thosefunctionsinto
thousandsf machinesn asinglecluster X-Treecanbe consideredisa simpli cation
anddistillation of someof thesemodelsbasedon our requirementsin particular X-
Tree providesefcient in-network aggrejation (throughthe computefunction, which
MapReducdacks), supportsa standardjuery processinganguage provideslocation
transpareny, andis targetedtowardwide-areanetworks.

9 Conclusion

In thispaperwe presenX-TreeProgramming anovel database-centrapproacho eas-
ily programminga largecollectionof Internet-connecteslensinglevices.Our solution
augmentghe valuabledeclaratve interfaceof traditional database-centrigpproaches
with the ability to seamlesslyncorporateuserprovided codefor accessing,ltering,
and processingsensordata, all within the context of the hierachicalXML database
model. We demonstratehe effectivenessof our solutionthroughboth controlled ex-
perimentsandreal-world applicationsjncluding aninfrastructuremonitor application
on a 473 machineworldwide deployment.Using X-Tree Programminga rich collec-
tion of application-speci ctaskswereimplementedjuickly andexecuteef ciently, si-
multaneoushachieving the goalsof expressibility easeof programmingandef cient
distributedexecution.We believe thatX-TreeProgrammingvill enableandstimulatea
large numberof wide-areasensingservices.
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