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Abstract

Samplingis a widely used technique to increase ef-
ciency in databaseand data mining applications op-
erating on large dataset. In this paper we presenta
scalable samplingimplementatiorthat supportsefcient,
multi-dimensionalspatio-tempoal samplegeneation on
dynamic, large scale datasetsstored on a storage clus-
ter. TheproposedalgorithmleveragesHilbert space- lling
curvesin order to provide an approximatelinear order of
multidimensionaldata while maintaining spatial locality.
Thisnew implementatiors thenbootstappedon top of our
previous implementationwhich efciently sampleslarge
datasetsalong a single dimension(e.g., time), therebyre-
alizing a servicefor spatio-tempaal sampling We evalu-
ate the performanceof our approach comparingit to the
popular R-tree basedtechnique The experimentalresults
showthat our approadc achievesup to an order of magni-
tudehigherefciency andscalability.

1 Intr oduction

Large-scale, multidimensional, dynamically growing
datasetshave becomea major consumerof resourcesn
mary scienti ¢ applicationsthanksto the developmentof
new technologiesuchasadvancedsensorshatcanrapidly
capturedataat high-resolutionsand Grid technologieghat
enablesimulationof complex numericaimodels.Low-cost,
large scale, disk-basedstorageclusterscanbe usedto host

This work is primarily supported by NSF grant NGS-CNS-
0406386. The authors would also like to acknavledge support
from NSF grants CAREER-11S-0347662,#RI-CNS-0403342,#CCF-
0342615,#ACI-9619020(UC Subcontract#10152408) #EIA-0121177,
#ACI-0203846,#ACI-0130437,#ANI-0330612,#ACI-9982087 #CCF-
0342615#CNS-0406386#CNS-0426241l_awrenceLivermoreNational
Laboratoryunder Grant #B517095(UC Subcontract#10184497),NIH
NIBIB BISTI #P20EB0005910hio Boardof RegentsBRTTC #BRTT02-
0003.

vastvolumesof dynamicdatasetsHowever, givendisk ac-
cessand network overheadsmanagingand retrieving this
dataef ciently is achallengingask.

This work is particularly motivatedby emeping data-
drivenscienti ¢ analysisapplicationsn which large, multi-
dimensional,dynamic datasetghat are generatecby ad-
vancedequipmentsand sensorsneedto be minedandan-
alyzed. Dataanalysis,or mining, processesendto be it-
eratve, exploratory and interactve in nature. They may
requiremultiple passesver the data, which may be pro-
hibitively expensve for large datasetsTheseproblemsare
exacerbatedvhen datais streamingin at a high rate and
needdo beprocessedndminedin closeto realtime. Con-
sequentlythereis animmediateneedfor a scalableframe-
work for efcient storage and processingof dynamic,mul-
tidimensionadata

Considerthe LEAD [18] applicationas an example.
LEAD is a large-scaleinfrastructurefor atmosphericsci-
enceresearch. It allows researcherso dynamically and
adaptvely respondto weatherchangesn orderto gener
aterealtime predictionsof tornadoesandotherpotentially
devastatingweatherevents. Whenthe systemis fully func-
tional, the datasetsvill becollectedby smallscaleregional
Dopplerradarsthat canbe mountedon cell phonetowers.
Thesesmall scaleradarshave a 30 km radiusandcancol-
lect dataat high resolutionand frequeng. The raw data
capturecby thesensoron theseradarswill be periodically
sentto dataprocessingndarchiving centerdor storageand
analysis.

A samplequeryagainsthesedatasetsouldbestatedas:
Retrievea multidimensional samplefromthe CAPSradar,
ACARS,and NEXRADDopplerlevel Il dataand limit the
resultsto data obtainedor relevantto an 80 mile radius
aroundNew Orleans(spatial) andlimit resultsto thoseob-
tained over the pasttwo hours (tempoal). Suchad-hoc
samplingqueriesthat projectthe datasetalong a multidi-
mensionaboundingbox (MBR) canbe usedto effectively



summarizelatafor taskssuchasscienti ¢ visualizationand
weatherprediction. Given the sheersize of the datagath-
ered continuouslyand real-time analysisrequirementsijt
may be too time consumingto retrieve the entire dataset
and processt, evenon a parallelmachine,especiallyif a
disastrouswveatherpatternis being obsened and mustbe
actedupon.

Successfuldeployment of efcient support for data
queryingandretrieval in suchanapplicationwould require
efcient stratgiesto samplelarge, multi-dimensional dy-
namic datasets.The key intuition is whenyou operateon
less data, data analysiscan be carried out more quickly,
allowing one to reactchangingweatherpatternsrapidly .
Thefocusof ourwork is to developsupporthatwill enable
efcient executionof samplingqueriesand that will take
adwantageof parallelprocessingindhigh-performancaet-
working platforms. The multidimensionahatureof mary
scienti ¢ datasetsomplicateshe dataretrieval and sam-
ple generationprocesson both single node machinesand
distributed platforms. Therehasbeenextensve literature
onindex structuredor multidimensionatlataaccessHow-
ever, not muchwork hasbeendoneon how to ef ciently
generatanultidimensionasamplefrom dynamicandout-
of-core dataseton a parallelmachine. I/O costis one of
theprimarybottlenecksn thesamplegeneratiorprocessA
possibleapproactto reducel/O costsis to useparallelma-
chinesand distribute the work associatedvith datamain-
tenanceand sampleretrieval acrossmultiple nodes. This
paperproposesa parallel multidimensionakamplingalgo-
rithm andevaluateits ef ciency andscalability

In an earlierwork [22], we developedsupportfor cre-
ating samplesfrom an array of dataelements. We have
shavn thatthe algorithmis very ef cient andscaleswell.
However, our previouswork assumeeitherthedatasetvas
single dimensionalor the samplingrequestis limited to
a pre-determinedlimensionof the datasef(e.g., time di-
mension). Our approachn this paperis to producea lin-
ear ordering and a mappingto a one dimensionalspace
from the multi-dimensionakpaceof the datausingHilbert
spacelling curves.Wedistributetheordereddataelements
acrossmultiple storagenodesto achieve parallell/O when
retrieving samples. Mappingto single dimensionalspace
alsomalesit possibleto leveragethe infrastructuredevel-
opedin the previous work [22]. One adwantageof using
a Hilbert curve basedmappingis that it maintainsmulti-
dimensionalocality. Thatis, pointscloseto eachotherin
themulti-dimensionabpacearemappedo closeindiceson
the Hilbert curve. Our algorithmthenbuilds a multi-level
index structurearoundthis ordering. This index structure
facilitatesfastretrieval of multi-dimensionalsamplesthat
encompassonstraintover time andspace.We developa
queryexecutionschemehatbuilds on the recursve nature
of the Hilbert spacelling curvein orderto efciently exe-

cuterangesamplingqueries.We demonstraté¢hat suchan
approactsigni cantly outperformgshepopularR-treebased
approachupto anorderof magnitudeandhasgoodscaling
propertieon datastorageclusters.

2 RelatedWork

Until recentlythere hasbeenlittle work doneon how
to improve the performanceof generatinga samplefrom
out-of-coredatasetsResearchersave lookedat generating
samplesover in-memorydatabase§l5]. The assumption
is thatthe datasetis staticand samplesareassumedo t
in mainmemory Reseroeir sampling[21] wasproposedo
maintainatrue x edsizerandomsampleof adatastreamat
ary giveninstant.Fromthe perspectie of dataanalysisap-
plications,the dravbackhereis thatthe algorithmassumes
thatthesamplets in mainmemory andthesamplerequest
hasa x edsize.Thesampletime rangeis alsoalways x ed
— from the beginning of the streamto the currentpointin
time. A samplingschemdo maintainlargesamplen disk
hasbeenproposeddy Chris Jermaineet al. [9]. However,
using this approachone cannotgeneratea variable sized
sampleoveravariabletimerange.Also, thisstratgy cannot
betrivially extendedo parallelmachinesPreviouswork on
samplingfrom spatialdatabas¢l16] assumeshe dataseis
staticandalreadyindexed, moreover, the paperfocuseson
sampleselectioncriteriainsteadof samplegeneratioref -
ciengy.

Therehasbeena lot of work on the useof samplingfor
dataanalysisapplications.Samplinghasbeensuccessfully
usedfor associatiomule mining[20], clustering 3] andser-
eral othermachinelearningalgorithms. Thesealgorithms
do not know the desiredsamplesize a priori. Progressie
sampling[17, 19] hasbeenproposedor thesealgorithms
sothey canef ciently cornvergeto the desiredsamplesize.
Theideais to evaluatemodelaccurag over progressiely
larger samplesuntil gainin accurag betweenconsecutie
sampledalls below a certainthreshold.

Data declusteringis the processof distributing data
blocks amongmultiple disks (or les). On a parallelma-
chine,datadeclusteringanhave amajorimpacton /O per
formancefor queryevaluation[2]. Numerousdeclustering
methodshave beenproposedn the literature. Grid-based
methodd1, 4, 5] have beendevelopedto declusterCarte-
sian product les, while graph-basednethods[6, 12, 13]
are aimedat declusteringmore generalmulti-dimensional
datasets.Thesemethodsassumen static datasetand are
designedo improve I/O performanceor dataaccesgat-
terns generatedby multi-dimensionalrange queries. A
rangequery speci esthe requestedubsetof a datasetia
a boundingbox in the multi-dimensionahttribute spaceof
the dataset.All the dataelementswhoseattribute coordi-
natedfall into theboundingoox areretrievedfrom disk. The



approactproposedn this paperis targetedat dynamicdata
setsand queriesthat specify the desireddatasubsetby a
rangequeryanda userde ned samplingamount.

3 Problem Denition and Architecture

Overview

Ourobjectieis to supportsamplingrangequeriesof the
following form:

SELECT SAMPLE x%

FROM Dataset

WHERE Tuple in[ |
AT TIME (or BETWEEN TIME] D

Here,thedataset is amulti-dimensionadatasetThe
list of tuplesthat canbe usedto answerthe queryis spec-
ied by a boundingbox in the multi-dimensionalspace
underlying the dataset([ ] in the
WHERE statemenin the query). Eachelementin is
associatedvith a tuple as the coordinate
vector whereeachattribute correspondgo a differentdi-
mensionof the datasetThis n-dimensionahttribute vector
is alsointerpretedasthe coordinatef the elementin the
multi-dimensionakpace We considetthe coordinatespace
to be a discretespace. This limitation of our datamodel,
however, canbe mitigatedby corverting continuousspace
into discretespaceawith normalizatioranddiscretizationln
this work, we will primarily use uniform samplingwhich
basicallyassigneachpoint equal probability of selection.
Othertype of samplingsuchasstrati ed samplingand bi-
asedsamplingcan be obtainedaswell by post-processing
uniform samplesOur framework alsosupportprogressie
samplingthatrequestsa seriesof increasingpercentagef
samples.

We target dynamicallyupdateddatasets New dataele-
mentsare addedto the datasetbvertime. Thus, eachdata
elementis alsoassociatedvith atime stamp . To facili-
tatetemporalrangequeries(AT TIME or BETWEENTIME
in the queryform), we regardthetime stampfor eachtuple
asoneof thecoordinateelements.

Ourpreviouswork [22] developedanarchitecturewhich
consistsof three main layers, to supportpre-processing,
managemengndqueryingof largescaledynamicdatasets.
We implementthe proposedramevork within that archi-
tecture. Here,we brie y describethe componentf that
architecture.

The data preprocessingayer implementsmethodsand
runtimesupportfor pre-processingncomingdataelements
sothatthey canbeef ciently storedandqueried.The pre-
processingf dataupdateds donein groupsof tuples,re-
ferredto asastreamwindow A window  containguples
that have arrived in a time interval of . The

tuplesin astreamwindow arepartitionednto auserde ned
numberof bins andreorganizedwithin eachbin. Bins are
theunit of storageon disk anddataretrieval from disk.

The storage manaementlayer is responsiblefor ef -
cientmanagemenof storagespaceand placemenof bins
ondisksin thesystem.If therearemultiple nodesandmul-
tiple disks,the storagamanagemertyeremploys datadis-
tribution strategyiesfor assigningoinsto nodesanddisks. It
alsomanagedndexing structuresothatthedataof interest,
de ned by arangequery canbesearchedor quickly.

The queryprocessindayer implementsthe supportfor
receving queriesfrom clients,schedulingmultiple queries
for execution, and executing eachquery on the underly-
ing hardwareinfrastructure andreturningtheresultsto the
client.

4 Multidimensional Sampling Sewice

Sincedataselectionsn our target queriesare speci ed
on rangesor points on someattributes, it is desirablethat
datapointsthat are closetogetherin the multidimensional
attribute spacebe clusteredclose in the destinationone-
dimensionabpace Sucha mappingwould reducethenum-
ber of disk blocksaccessedndthe numberof seekopera-
tions. We proposea multidimensionakamplingalgorithm
basedon linear clusteringof multidimensionaldatasetby
Hilbertspacelling curve. Severalpublicationd14, 8] have
shavn that Hilbert spacelling curve basedinear cluster
ing achiezesgood locality. Hilbert spacelling curve is
a one-dimensionaturve which visits every point within
a n-dimensionalspacein a speci ¢ order[11]. Figure 1l
shavs two examplesof Hilbert space lling curve for 2-
dimensionakpace(coordinatesn eachdimensionarerep-
resentedisingl bit in Figurel(a)and2 bitsin Figurel(b)).
In generalfor an-dimensiorattribute spacevhereeachdi-
mensionis representetdy  bits, therewill be points
in thecurve. Theusefulpropertyof theHilbert spacelling
cunve is that pointsthat areclosein the multi-dimensional
spacearemappedao indiceswhich areclosein the onedi-
mensionakpace.

We shouldnotethatmappingfrom multidimensionahkt-
tribute spaceinto a linear attribute spaceis differentfrom
the commondimensionalityreductionapproachesuchas
principal componentanalysis(PCA) [10]. PCA usually
identi es dominantsub-dimensionandtransformthe data
points into thesedimensions. Linear mappingapproach
doesnot discriminateagainstarny dimension,andin prac-
tice, it couldbe appliedto datapointspostprocessehly di-
mensionalityreductionmethods.

In our implementation,when a streamwindow is re-
ceived, the datapreprocessingayer mapsthe elementsn
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Figure 1. Two Examples of Hilbert Space Fill-
ing Curve

Figure 2. Partitioning Linearizing Dataset into
Bins

this streamwindow into a linear array The basicconcept
is to organizethis lineararrayinto a setof contiguousins.
Figure2 shavsoneexamplewherethebin capacityis 4 data
elements.

To enableef cient samplegenerationwe apply a geo-
metric binning schemedevelopedin [22] insteadof equal-
sizebins. This schemegenerates bins, whosesizesfol-
low a geometricprogression( /2, /4, /8, ), where

is the numberof elementdn thelineararrayand isa
userde ned value. The elementsn thelineararrayareas-
signedto binsusinga randomfunction. Eachdataelement
is assignedo one of the  bins randomlywith a proba-
bility thatis proportionalto the size of the bin. Elements
within abin areorderedaccordingo thelinearorderingob-
tainedby the Hilbert spacelling curve sothatthe spatial
locality is presered. Therandomizatiorensureghateach
bin canbe viewed as containingmutually exclusive sam-
ples. An exampleof the geometricbin partitionis shavn
in Figure3. The key adwantageof usinggeometrichinning
schemas thatit will minimizethe datawe have to retrieve
from disk [22]. For example,if we have four bins, andif
the samplesize requestedvithin a queryis between
and , thenthe querywill be answeredusing

Original Page

N Tuples

Partitioning into Geometric

Bins
N/2 N/4 N/8 N/8
Bin0 Binl Bin2 Bin3

Figure 3. Geometric Bin

the bins containing and elementsrespectiely.
Onthe otherhand,if the samplesizerequesteds between

and , thenthe sampleis generatedising
thebin containing elements.

Eachbin hasa one-dimensionaboundingbox, corre-
spondingto the minimum and maximum values of the
Hilbert curveindexesof thedataelementstoredn thatbin.
The indexing schemeis basedon a binary searchmecha-
nismontop of adynamicarraystructure.Theentriesof the
array contain .
The rst elementof the tuple is the time interval for the
bin. The secondelementis the bin numberidenti er. The
third andfourth elementsie ne thelinearcoordinaterange
(obtainedby the Hilbert spacelling curve mapping)of the
bin. Findingthe setof binsthatcontainshe datapointsin-
tersectingwith arangequeryis essentiallya binary search
ontherangeinformationstoredin thedynamicarray

When we have multiple disks we adoptthe following
roundrobin placemenstratgyy. Assumewe have  par
allel disksandthe streamingwindow instance  contains

bins. Bin distribution is anmapping from the bin set

to theparalleldisk set as
follows.

The recursve natureof the Hilbert curve construction
procesg11] can be utilized to develop an ef cient query
executionalgorithm.



Supposeave have a 2-dimensionahttribute spacewith 3
bits in eachdimension.For apoint  with attribute [110,
011], thelinear coordinatewill be a 6-bit number Thelin-
ear coordinateis initially unknavn andis representedby

Hilbert curveassureshatthe rst two bitsof thelinearcoor
dinatewill only bedeterminedy the rst bit of two coordi-
nates.In this casethey are“11”, thereforeghelinearcoordi-
natewould be“11????".This propertycanbeextendednto
n-dimensionahttribute space Basedon this property for a
rangequery (e.g.,[101..111,001..011]),after parsingthe
queryrange,we know the rst bit of the rst dimensionis
“1" andthatof the seconddimensionis “0”. Thereforethe
point which intersectawith the queryrangemusthave the
rst two bit as*11”, andwe corvertthe2-drangeinto alin-
earrangeas[110000..11111]L However, this linearrange
would containa setof thesesequentiapointsandwe need
to Iter thoseextra datapoints. In practice,this process
will continuerecursiely from themostsigni cant bit to the
leastsigni cant bit and generatea setof non-overlapping
linearrangesWhenererwe nd thereis abit shiftin oneof
thedimensionsye effectively splittherangein thatdimen-
sioninto two rangeswith the samebit. This split processs
essentiallya partition alongthe middle of eachdimension.
If we have arangewith theremaining bitsin theform
of [ . ] in everydimensionwere-
gardthisis asafull subregionandtheresultinglinearrange
will beexactlythequeryresultsetandnofurther ltering is
required.Thealgorithmis detailedin Figure4.

After receving the rangequeue (Figure4), the al-
gorithm loadsthe indexing schemepresentedn previous
sectionand performsan index lookup to locatethe corre-
spondingbins. Sinceeachbin hasalreadybeensortedon
thelinearcoordinateywe canef ciently performanothemi-
nary searchon eachin-memorybin andretrieve all of the
datapointsintersectinghe query The algorithmis shavn
in Figure5. Both algorithmsare easily parallelizableby
placingbinsinto differentdisksandbuilding localizedin-
dexes. As thelinear coordinatein eachnodewill be non-
intersecting,eachquery can be executedon eachnodein
parallel.

R-tree [7] is a spatial data structureanalogousto a
treeusedfor storingmulti-dimensionabatapointsand
polygons.The datapointsandpolygonsarerepresenteéh
the tree by their minimal boundingrectangles. The root
of the R-treeis the minimal boundingrectanglewhich en-
closesall objectsin the database.Eachnodein the tree
correspondgo the minimal boundingrectanglefor all of
the objectsin its subtree.R-treeis a populardatastructure
thathasbeenusedin awide varietyof areasncludingcom-

Input: QueryregionR.
Output: Rangequeue
ranges.
Setdimension= , bits perdimension=
: Queryqueu€for currentlevel, eachelementorre-
spondingo queryregion.
: Queryqueuefor next level.
InsertR into
Setlevel =
while (
Ranger;
while (r= .pop) NULL) do
Intersectr with the centerof eachattribute at the
level bit andgenerate setof subrayions
for (eachrange in S)do
if ( isfull subegion) then
corvert intoalinearrange anddesignate
it asfull range
Add to
else
Add to

, whoseelementsare linear

, maxsize= userdeterminedralue.
Size 0&& .Size maxsizeyo

level ;

if ( .size 0)then

Corvert eachremainingregion in
range andinsert into ;
Return ;

into linear

Figure 4. Range Query Algorithm.

mercialdatabaseandscienti ¢ applications.Herewe will
usethe R-treeasthe alternatve datastructureto compare
againsbour proposedpproachThesamplingprocedureon
anR-tree le is basednthequery- rst algorithmproposed
in[16]. Theinputis amulti-dimensionabueryregionanda
samplingratio. The R-treeindex returnsa queuethatcon-
sistsof pointsthat fall inside the queryregion. For each
point in the queue,we dynamicallydeterminewhetherto
selectit or notaccordingo thesamplingrate.

5 Experimental Evaluation

In this section we examinethe performancef our pro-
posedalgorithm. Theissueswe evaluatehereinclude: pre-
processingost,queryretrieval performancethebene tsof
binning, and scalability We detail the experimentalsetup
next.

The experimentswere conductedon following clusters
to measurgerformancecrosdifferentinterconnects.



Input: Rangequeue, , andindex, Id.
Output: Dataelementgjueue,
Loadld into memory
Ranger;
while ((r = .pop) NULL) do
Performa rangelookup on the Id and obtaincorre-
spondingpbinsset
for (everybin in )do
Load in memory performbinarysearch
If therangeis notafull range, Iter outeverynon-
intersectingdatapoint
Add thedatapoint to
Return

Figure 5. Index Lookup Algorithm

C1-FastEthernetThis clusterconsistof 16 Intel Pen-
tium 11l 900MHz single-CPUnodes. Eachnodein
this clusterhas512 MB memoryandone100GBdisk.
We measurehe applicationlevel I/O bandwidthto be
around25MBytes/sfrom eachdisk. The nodesin this
clusterareconnectedisinga 100Mbpsswitch.

C2-In niband: This cluster consistsof 16 compute
nodeswith two 2.4GHzlIntel Pentium4 Xeonproces-
sors,4 GB of memory and 62 GB of local scratch
space.Unlessspeci ed otherwise this clusteris used
for all the experiments. We measurehe application
level I/O bandwidthto be 23MBytes/sfrom eachdisk.
Thenodesn thisclusterareconnectedisingan8Gbps
In niband interface.

Ourimplementatioris writtenin C, andMPI is usedfor
messageassing. The experimentswere performedusing
syntheticdatasetsWe conductthe experimentgfor sequen-
tial andparallelervironments. In the experiments we set
the size of eachtuple to be 1024 bytes. Eachcoordinate
of a dataelementis representedby aninteger, andthusis
4 bytes. The size of eachstreamwindow is
elementsaandthe numberof binsis . With this set-
ting, the smallestbin has datapoints(i.e., the sizeof the
smallestbin is ). Although the experimentalresults
are obtainedusing syntheticdatasetsthe resultswill hold
for real datasetsasour samplingstratgjiesdo not depend
onthevaluesof adataelement.

This setof experimentompareshe preprocessingost
of our proposedinear clusteringbasedindex creationand
R-tree basedcreationboth on sequentialand parallel set-
ting. For bothtests we usea streamwindow with 1 Million
(1M) dataelements.Figure 6 shavs thatin both sequen-
tial andparallelsettingthe preprocessingostof the R-tree

basedschemas 8-10timeshigherthanthatof the proposed
Hilbert curve basedscheme. For our targetedapplication
scenariowherethereis constanin ux of data,preprocess-
ing ef ciency shouldbe consideredasan importantfactor
whenchoosingthe appropriatemiddlenvaresystemto man-
agethesedatasets.The R-treedatastructureis optimized
for ad-hocinsertionsand updateswhereasour schemeis
designedor batchinsertions.The high preprocessingost
with theR-treeimplementatioralsois aresultof largenum-
berof pagesplits. The Hilbert curve basedschemeausesn-
memorysortingto preorderthe datapoints and avoid the
costly I/O operations.Consequentlyone drawbackof our
currentimplementatiornis its highermemoryspacerequire-
ment.

Theseexperimentscomparethe query retrieval perfor
manceof ourproposedchemeandthe R-treebasedscheme
in both sequentialand parallel setting. We usea stream
window with 1 Million (1M) dataelements.Eachcoordi-
nateof a dataelementis randomlydravn from a rangeof
[ ] units andis representedn 10 bits. The multi-
dimensionalqueryin this experimentis createdrandomly
andhasa rangeof unitsin eachdimension.In the ex-
perimentswe vary the numberof dimensionsf the query
and of the dataset. Figure 7(a) shawvs the query response
time and Figure 7(b) shows the effective disk bandwidth
for a single node. The resultsshowv that our proposed
schemeachieres 3-5 times betterperformancehan R-tree
basedndex andscalesvell with increasingdimensionality
Figure 8 shows the responsdime and effective bandwidth
whenwe x the numberof dimensionsto be andvary
the size of multidimensionalrangequery (i.e., the range
in numberof units). The resultsshav that both indexing
schemesuffer from verylow effective bandwidthwhenthe
qgueryregionis small. The mainreasorfor theinef ciency
is thesoftwaresystemoverhead However, for the proposed
schemethe sampleretrieval performanceéncreasesigni -
cantly, asthequerysizeincreasesandreachegloseto
of the raw disk bandwidthwhenthe querysizeis around

units perdimension.

Figure 9 shavs the speedupas we vary the numberof
nodeson the two clusterswith differentnetwork con gu-
rations. We usedbothlow-dimensionalnumberof dimen-
sions= 4) andmoderatelyhigh-dimensiona{(numberof di-
mensions= 16) datasetsOnthe C1-FastEthernetluster as
thesizeof the queryboxincreasesthe speedup decreases.
Thereasoris thatperformancas limited by the bandwidth
of the inter-processometwork. In our experimentalset-
ting, the maximum network bandwidthwas measuredo
be around11.6MB/secwhich is muchlower thanthe disk
bandwidthachievedby a singlenodewhenthe querysizeis
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Figure 6. Preprocessing Cost for the R-tree based and the Hilbert Curve based Schemes.
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Figure 7. Query Response Time and Effective Bandwidth with Varying Dimensionality

large. On the otherhand,with afasternetwork suchasin-
niband, wherethe maximumnetwork bandwidthis much
higher, the resultsshav that the proposedarchitectureis
scalable especiallyfor high dimensionadatasets Our re-
sultsshaw thatthe proposedalgorithmcantake advantage
of high-performanceommunicatiometworks.

The next setof experimentscompareghe performance
of samplegeneratiorof our proposedinningstratey with
the non-binning stratgyy and the R-tree basedstratayy.
Whenusingthe non-binningstrateyy, we still orderthe el-
ementswithin a streamwindow usinga Hilbert curve map-
ping, but no bins aregenerated.Thatis, the entire stream
window is storedon oneof the nodesin the system.In our
implementationwe assignthe streamwindows to nodesin
roundrobin fashion. Whena samplingqueryis executed,
the algorithm testseachelementfor samplemembership.
Ratherthanreadingoneelementat a time duringtheinclu-
siontest,we readablock of the datainto a dedicateduffer
andtestfor inclusionin this buffer using the rangequery

executionstratgly describedn Section4.4. As is seenin

Figure 10, our binning stratgly achiezes morethanan or-

derof magnitudespeedupver the non-binningand R-tree
basedsamplingstratgiesfor smallsamplesizes.Thisis at-

tributedto thefactthatthe numberof disk blocksthatneed
to be touchedin the former is proportionalto the size of

the sample.For larger samplerequestghe binning stratey

mauginally outperformsthe non-binningand R-treebased
stratgies as our approachtouchesa fractionally smaller
numberof disk blockscomparedo the otherstratayies.

The nal setof experimentsstudythe scalabilityof our
proposedalgorithmwith a larger dataset. In theseexper
iments, we useda query that covers the whole temporal
rangeof the datasetand the overall size of the datasetis
40GB.Figure 11 shows thatthe proposedalgorithmscales
well asthesizeof thedatasets increased.
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6 Conclusionand Future Work

We have presentedhe designandimplementatiorof an
algorithmto supportsamplingquerieson large scale, mul-
tidimensionalanddynamicdatasets. The key contrikution
of our work is 1) a novel applicationof the Hilbert space

ling curve to generatea locality-preservindinear map-
ping andorderingof multi-dimensionadataand?) theuse
of geometricsizebinsfor placemenof dataon disk for ef-
cient samplegeneration.This schemeallows for sample
generationin time proportionalto the size of the sample.
We furtherdemonstraté¢he systemis scalable Experimen-
tal resultsshow thatthe proposedpproachs applicablefor
ad-hoctemporaldatabasegueries.Our resultsdemonstrate
goodloadbalancingandspeedup.

Futurework includesseveral directions. First, we plan
to incorporatea samplequality evaluationfunctioninto our
framawork so thatwe could supportuserde ned sampling
criteria. Secondwe will obtainreal queryworkloadsand
evaluateour algorithmwith respectto the end-application
performancemprovement.Finally, we will investigatethe
effect of dynamicworkloadsanddesignadaptve stratgies

Scalability
(40GB Data, Dimension = 4, 512 per Dim, 16Nodes)

@ Binning
H Non-Binning
OR-tree

Execution Time (Sec)

Sampling Per centage

Figure 11. Scalability of Different Sampling
Strategies

to accommodatsuchcases.
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