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Abstract

Sampling is a widely used technique to increaseef-
�ciency in databaseand data mining applications op-
erating on large dataset. In this paper we present a
scalablesamplingimplementationthat supportsef�cient,
multi-dimensionalspatio-temporal samplegeneration on
dynamic, large scale datasetsstored on a storage clus-
ter. TheproposedalgorithmleveragesHilbert space-�lling
curvesin order to provide an approximatelinear order of
multidimensionaldata while maintainingspatial locality.
Thisnew implementationis thenbootstrappedontopof our
previous implementation,which ef�ciently sampleslarge
datasetsalong a singledimension(e.g., time), therebyre-
alizing a servicefor spatio-temporal sampling. We evalu-
ate the performanceof our approach comparingit to the
popular R-treebasedtechnique. Theexperimentalresults
showthat our approach achievesup to an order of magni-
tudehigheref�ciency andscalability.

1 Intr oduction

Large-scale, multidimensional, dynamically growing
datasetshave becomea major consumerof resourcesin
many scienti�c applications,thanksto the developmentof
new technologiessuchasadvancedsensorsthatcanrapidly
capturedataat high-resolutionsandGrid technologiesthat
enablesimulationof complex numericalmodels.Low-cost,
largescale,disk-basedstorageclusterscanbeusedto host
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vastvolumesof dynamicdatasets.However, givendisk ac-
cessandnetwork overheads,managingandretrieving this
dataef�ciently is a challengingtask.

This work is particularly motivatedby emerging data-
drivenscienti�c analysisapplicationsin which large,multi-
dimensional,dynamic datasetsthat are generatedby ad-
vancedequipmentsandsensors,needto be minedandan-
alyzed. Dataanalysis,or mining, processestendto be it-
erative, exploratory, and interactive in nature. They may
requiremultiple passesover the data,which may be pro-
hibitively expensive for largedatasets.Theseproblemsare
exacerbatedwhen datais streamingin at a high rate and
needsto beprocessedandminedin closeto realtime. Con-
sequently, thereis animmediateneedfor a scalableframe-
work for ef�cient storage andprocessingof dynamic,mul-
tidimensionaldata.

Consider the LEAD [18] application as an example.
LEAD is a large-scaleinfrastructurefor atmosphericsci-
enceresearch. It allows researchersto dynamically and
adaptively respondto weatherchangesin order to gener-
atereal time predictionsof tornadoesandotherpotentially
devastatingweatherevents.Whenthesystemis fully func-
tional, thedatasetswill becollectedby smallscaleregional
Dopplerradarsthat canbe mountedon cell phonetowers.
Thesesmall scaleradarshave a 30 km radiusandcancol-
lect dataat high resolutionand frequency. The raw data
capturedby thesensorson theseradarswill beperiodically
sentto dataprocessingandarchivingcentersfor storageand
analysis.

A samplequeryagainstthesedatasetscouldbestatedas:
Retrievea multidimensional samplefromtheCAPSradar,
ACARS,and NEXRADDoppler level II data and limit the
resultsto data obtainedor relevant to an 80 mile radius
aroundNew Orleans(spatial)andlimit resultsto thoseob-
tained over the past two hours (temporal). Suchad-hoc
samplingqueriesthat project the datasetalonga multidi-
mensionalboundingbox (MBR) canbeusedto effectively
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summarizedatafor taskssuchasscienti�c visualizationand
weatherprediction. Given the sheersizeof the datagath-
ered continuouslyand real-timeanalysisrequirements,it
may be too time consumingto retrieve the entire dataset
andprocessit, even on a parallelmachine,especiallyif a
disastrousweatherpatternis being observed and must be
actedupon.

Successfuldeployment of ef�cient support for data
queryingandretrieval in suchanapplicationwould require
ef�cient strategiesto samplelarge,multi-dimensional,dy-
namicdatasets.The key intuition is whenyou operateon
less data, dataanalysiscan be carriedout more quickly,
allowing one to reactchangingweatherpatternsrapidly .
Thefocusof ourwork is to developsupportthatwill enable
ef�cient executionof samplingqueriesand that will take
advantageof parallelprocessingandhigh-performancenet-
working platforms. The multidimensionalnatureof many
scienti�c datasetscomplicatesthe dataretrieval and sam-
ple generationprocesson both singlenodemachinesand
distributedplatforms. Therehasbeenextensive literature
on index structuresfor multidimensionaldataaccess.How-
ever, not muchwork hasbeendoneon how to ef�ciently
generatemultidimensionalsamplesfrom dynamicandout-
of-coredatasetson a parallelmachine. I/O cost is oneof
theprimarybottlenecksin thesamplegenerationprocess.A
possibleapproachto reduceI/O costsis to useparallelma-
chinesanddistribute the work associatedwith datamain-
tenanceand sampleretrieval acrossmultiple nodes. This
paperproposesa parallelmultidimensionalsamplingalgo-
rithm andevaluateits ef�ciency andscalability.

In an earlierwork [22], we developedsupportfor cre-
ating samplesfrom an array of dataelements. We have
shown that the algorithmis very ef�cient andscaleswell.
However, ourpreviouswork assumedeitherthedatasetwas
single dimensionalor the samplingrequestis limited to
a pre-determineddimensionof the dataset(e.g., time di-
mension). Our approachin this paperis to producea lin-
ear ordering and a mappingto a one dimensionalspace
from themulti-dimensionalspaceof thedatausingHilbert
space�lling curves.Wedistributetheordereddataelements
acrossmultiple storagenodesto achieve parallelI/O when
retrieving samples.Mapping to single dimensionalspace
alsomakesit possibleto leveragethe infrastructuredevel-
opedin the previous work [22]. One advantageof using
a Hilbert curve basedmappingis that it maintainsmulti-
dimensionallocality. That is, pointscloseto eachotherin
themulti-dimensionalspacearemappedto closeindiceson
the Hilbert curve. Our algorithmthenbuilds a multi-level
index structurearoundthis ordering. This index structure
facilitatesfast retrieval of multi-dimensionalsamplesthat
encompassconstraintsover time andspace.We developa
queryexecutionschemethatbuilds on therecursive nature
of theHilbert space�lling curve in orderto ef�ciently exe-

cuterangesamplingqueries.We demonstratethatsuchan
approachsigni�cantly outperformsthepopularR-treebased
approachup to anorderof magnitudeandhasgoodscaling
propertiesondatastorageclusters.

2 RelatedWork

Until recently therehasbeenlittle work doneon how
to improve the performanceof generatinga samplefrom
out-of-coredatasets.Researchershave lookedatgenerating
samplesover in-memorydatabases[15]. The assumption
is that the dataset is staticandsamplesareassumedto �t
in mainmemory. Reservoir sampling[21] wasproposedto
maintainatrue�x edsizerandomsampleof adatastreamat
any giveninstant.Fromtheperspectiveof dataanalysisap-
plications,thedrawbackhereis that thealgorithmassumes
thatthesample�ts in mainmemory, andthesamplerequest
hasa �x edsize.Thesampletimerangeis alsoalways�x ed
– from the beginning of the streamto the currentpoint in
time. A samplingschemeto maintainlargesamplesondisk
hasbeenproposedby ChrisJermaineet al. [9]. However,
using this approachone cannotgeneratea variablesized
sampleoveravariabletimerange.Also, thisstrategycannot
betrivially extendedto parallelmachines.Previousworkon
samplingfrom spatialdatabase[16] assumesthedatasetis
staticandalreadyindexed,moreover, thepaperfocuseson
sampleselectioncriteria insteadof samplegenerationef�-
ciency.

Therehasbeena lot of work on theuseof samplingfor
dataanalysisapplications.Samplinghasbeensuccessfully
usedfor associationrulemining[20], clustering[3] andsev-
eral othermachinelearningalgorithms. Thesealgorithms
do not know the desiredsamplesizea priori. Progressive
sampling[17, 19] hasbeenproposedfor thesealgorithms
sothey canef�ciently convergeto thedesiredsamplesize.
The ideais to evaluatemodelaccuracy over progressively
larger samplesuntil gain in accuracy betweenconsecutive
samplesfallsbelow a certainthreshold.

Data declusteringis the processof distributing data
blocksamongmultiple disks (or �les). On a parallelma-
chine,datadeclusteringcanhaveamajorimpactonI/O per-
formancefor queryevaluation[2]. Numerousdeclustering
methodshave beenproposedin the literature. Grid-based
methods[1, 4, 5] have beendevelopedto declusterCarte-
sian product�les, while graph-basedmethods[6, 12, 13]
areaimedat declusteringmoregeneralmulti-dimensional
datasets.Thesemethodsassumea static dataset andare
designedto improve I/O performancefor dataaccesspat-
terns generatedby multi-dimensionalrange queries. A
rangequeryspeci�es the requestedsubsetof a datasetvia
a boundingbox in themulti-dimensionalattributespaceof
the dataset.All the dataelementswhoseattribute coordi-
natesfall into theboundingboxareretrievedfrom disk. The



approachproposedin thispaperis targetedatdynamicdata
setsand queriesthat specify the desireddatasubsetby a
rangequeryanda user-de�ned samplingamount.

3 Problem De�nition and Ar chitecture
Overview

Ourobjectiveis to supportsamplingrangequeriesof the
following form:

SELECT SAMPLE x%
FROM Dataset �

WHERE Tuple � in [ 
������ ������
������ ��������������
������ ��� ]
AT TIME  "! (or BETWEEN TIME[  #���$ $� ])

Here,thedataset� is a multi-dimensionaldataset.The
list of tuplesthat canbe usedto answerthequeryis spec-
i�ed by a boundingbox in the multi-dimensionalspace
underlying the dataset([ 
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� ] in the
WHEREstatementin the query). Eachelementin � is
associatedwith a tuple &'�������(�)�����*�����+�-, as the coordinate
vector, whereeachattribute correspondsto a differentdi-
mensionof thedataset.This n-dimensionalattributevector
is alsointerpretedasthe coordinatesof the elementin the
multi-dimensionalspace.We considerthecoordinatespace
to be a discretespace.This limitation of our datamodel,
however, canbe mitigatedby convertingcontinuousspace
into discretespacewith normalizationanddiscretization.In
this work, we will primarily useuniform samplingwhich
basicallyassigneachpoint equalprobability of selection.
Othertype of samplingsuchasstrati�ed samplingandbi-
asedsamplingcanbe obtainedaswell by post-processing
uniformsamples.Our framework alsosupportsprogressive
samplingthat requestsa seriesof increasingpercentageof
samples.

We targetdynamicallyupdateddatasets.New dataele-
mentsareaddedto the datasetovertime. Thus,eachdata
elementis alsoassociatedwith a time stamp  $. . To facili-
tatetemporalrangequeries(AT TIME or BETWEENTIME
in thequeryform), we regardthetime stampfor eachtuple
asoneof thecoordinateelements.

Ourpreviouswork [22] developedanarchitecture,which
consistsof three main layers, to supportpre-processing,
management,andqueryingof largescaledynamicdatasets.
We implementthe proposedframework within that archi-
tecture. Here,we brie�y describethe componentsof that
architecture.

The data preprocessinglayer implementsmethodsand
runtimesupportfor pre-processingincomingdataelements
so that they canbeef�ciently storedandqueried.Thepre-
processingof dataupdatesis donein groupsof tuples,re-
ferredto asastreamwindow. A window �

. containstuples
that have arrived in a time interval of &0/

.
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tuplesin astreamwindow arepartitionedinto auser-de�ned
numberof bins andreorganizedwithin eachbin. Bins are
theunit of storageondiskanddataretrieval from disk.

The storage managementlayer is responsiblefor ef�-
cient managementof storagespaceandplacementof bins
ondisksin thesystem.If therearemultiplenodesandmul-
tiple disks,thestoragemanagementlayeremploysdatadis-
tribution strategiesfor assigningbinsto nodesanddisks.It
alsomanagesindexingstructuressothatthedataof interest,
de�ned by arangequery, canbesearchedfor quickly.

The queryprocessinglayer implementsthe supportfor
receiving queriesfrom clients,schedulingmultiple queries
for execution,and executingeachquery on the underly-
ing hardwareinfrastructure,andreturningtheresultsto the
client.

4 Multidimensional SamplingService
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Sincedataselectionsin our target queriesarespeci�ed
on rangesor pointson someattributes,it is desirablethat
datapointsthat areclosetogetherin the multidimensional
attribute spacebe clusteredclose in the destinationone-
dimensionalspace.Suchamappingwouldreducethenum-
berof disk blocksaccessedandthenumberof seekopera-
tions. We proposea multidimensionalsamplingalgorithm
basedon linear clusteringof multidimensionaldatasetby
Hilbert space�lling curve.Severalpublications[14, 8] have
shown thatHilbert space�lling curve basedlinearcluster-
ing achieves good locality. Hilbert space�lling curve is
a one-dimensionalcurve which visits every point within
a n-dimensionalspacein a speci�c order [11]. Figure 1
shows two examplesof Hilbert space�lling curve for 2-
dimensionalspace(coordinatesin eachdimensionarerep-
resentedusing1 bit in Figure1(a)and2 bits in Figure1(b)).
In general,for an-dimensionattributespacewhereeachdi-
mensionis representedby ^ bits, therewill be _

�8` points
in thecurve. Theusefulpropertyof theHilbert space�lling
curve is thatpointsthatareclosein the multi-dimensional
spacearemappedto indiceswhich areclosein theonedi-
mensionalspace.

We shouldnotethatmappingfrom multidimensionalat-
tribute spaceinto a linear attribute spaceis different from
the commondimensionalityreductionapproachessuchas
principal componentanalysis(PCA) [10]. PCA usually
identi�es dominantsub-dimensionsandtransformthedata
points into thesedimensions. Linear mappingapproach
doesnot discriminateagainstany dimension,andin prac-
tice, it couldbeappliedto datapointspostprocessedby di-
mensionalityreductionmethods.

In our implementation,when a streamwindow is re-
ceived, the datapreprocessinglayer mapsthe elementsin



(a) (b)

Figure 1. Two Examples of Hilber t 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 contiguousbins.
Figure2 showsoneexamplewherethebin capacityis 4 data
elements.

To enableef�cient samplegeneration,we apply a geo-
metric binningschemedevelopedin [22] insteadof equal-
sizebins. This schemegenerateŝ bins,whosesizesfol-
low a geometricprogression( a /2, a /4, a /8, ����� ), where

a is thenumberof elementsin the linear arrayand ^ is a
user-de�ned value.Theelementsin thelineararrayareas-
signedto binsusinga randomfunction. Eachdataelement
is assignedto one of the ^ bins randomlywith a proba-
bility that is proportionalto the sizeof the bin. Elements
within abin areorderedaccordingto thelinearorderingob-
tainedby the Hilbert space�lling curve so that thespatial
locality is preserved. Therandomizationensuresthateach
bin can be viewed as containingmutually exclusive sam-
ples. An exampleof the geometricbin partition is shown
in Figure3. Thekey advantageof usinggeometricbinning
schemeis thatit will minimizethedatawe have to retrieve
from disk [22]. For example,if we have four bins, andif
the samplesize requestedwithin a query is between acb8d

and acb8dfegacb(h�i , then the query will be answeredusing

N Tuples

Original Page

Partitioning into Geometric 
Bins

N/2 N/4 N/8  N/8

Bin 0                     Bin 1             Bin2       Bin3

Figure 3. Geometric Bin

the bins containing acb)d and acb+h�i elements,respectively.
On theotherhand,if thesamplesizerequestedis between

acb)djekacb(h�i and acb�l , thenthe sampleis generatedusing
thebin containing acb�l elements.
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Eachbin hasa one-dimensionalboundingbox, corre-
spondingto the minimum and maximum values of the
Hilbert curveindexesof thedataelementsstoredin thatbin.
The indexing schemeis basedon a binary searchmecha-
nismontopof adynamicarraystructure.Theentriesof the
array contain &ts�/

.
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The �rst elementof the tuple is the time interval for the
bin. The secondelementis thebin numberidenti�er. The
third andfourthelementsde�ne thelinearcoordinaterange
(obtainedby theHilbert space�lling curvemapping)of the
bin. Findingthesetof binsthatcontainsthedatapointsin-
tersectingwith a rangequeryis essentiallya binarysearch
on therangeinformationstoredin thedynamicarray.
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When we have multiple disks we adopt the following
roundrobin placementstrategy. Assumewe have ƒ par-
allel disksandthestreamingwindow instance�

. contains
^ bins. Bin distribution is an mapping „ from thebin set

s�…-��h8���*������^‡†}h

u

to theparalleldiskset s�…r��h8�������*��ƒˆ†}h

u

as
follows.

„V&�‰$,‹ŠŒ‰$•Žƒ•��…‘•’‰F•“^
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The recursive natureof the Hilbert curve construction
process[11] can be utilized to develop an ef�cient query
executionalgorithm.



Supposewe have a 2-dimensionalattributespacewith 3
bits in eachdimension.For a point Ÿ with attribute [110,
011], thelinearcoordinatewill bea 6-bit number. Thelin-
ear coordinateis initially unknown and is representedby
“??????” in this example. The recursive propertyof the
Hilbert curveassuresthatthe�rst two bitsof thelinearcoor-
dinatewill only bedeterminedby the�rst bit of two coordi-
nates.In thiscasethey are“11”, thereforethelinearcoordi-
natewouldbe“11????”.Thispropertycanbeextendedinto
n-dimensionalattributespace.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 theseconddimensionis “0”. Therefore,the
point which intersectswith the queryrangemusthave the
�rst two bit as“11”, andweconvertthe2-drangeinto a lin-
earrangeas[110000..111111]. However, this linear range
would containa setof thesesequentialpointsandwe need
to �lter thoseextra datapoints. In practice,this process
will continuerecursively from themostsigni�cant bit to the
leastsigni�cant bit andgeneratea setof non-overlapping
linearranges.Wheneverwe�nd thereis abit shift in oneof
thedimensions,weeffectively split therangein thatdimen-
sioninto two rangeswith thesamebit. This split processis
essentiallya partitionalongthemiddleof eachdimension.
If wehavearangewith theremaining ‰+e}h bits in theform
of [ …

.
…

.� c�
������…

! .. h
.

h
.� c�

�����%h
! ] in everydimension,were-

gardthis is asafull subregionandtheresultinglinearrange
will beexactly thequeryresultsetandnofurther�ltering is
required.Thealgorithmis detailedin Figure4.

After receiving the rangequeue ¡Ž¢ (Figure4), the al-
gorithm loadsthe indexing schemepresentedin previous
sectionandperformsan index lookup to locatethe corre-
spondingbins. Sinceeachbin hasalreadybeensortedon
thelinearcoordinate,wecanef�ciently performanotherbi-
nary searchon eachin-memorybin andretrieve all of the
datapointsintersectingthequery. Thealgorithmis shown
in Figure 5. Both algorithmsare easily parallelizableby
placingbins into differentdisksandbuilding localizedin-
dexes. As the linear coordinatein eachnodewill be non-
intersecting,eachquerycanbe executedon eachnodein
parallel.
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R-tree [7] is a spatial data structureanalogousto a
v›¦ treeusedfor storingmulti-dimensionaldatapointsand
polygons.Thedatapointsandpolygonsarerepresentedin
the tree by their minimal boundingrectangles. The root
of theR-treeis theminimal boundingrectanglewhich en-
closesall objectsin the database.Eachnodein the tree
correspondsto the minimal boundingrectanglefor all of
theobjectsin its subtree.R-treeis a populardatastructure
thathasbeenusedin awidevarietyof areasincludingcom-

Input: QueryregionR.
Output: Rangequeue ¡f¢ , whoseelementsare linear
ranges.
Setdimension= a , bits perdimension= ^ .

¡§! : Queryqueuefor currentlevel, eachelementcorre-
spondingto queryregion.

¡›� : Queryqueuefor next level.
InsertR into ¡¨! .
Setlevel = ^ , maxsize= userdeterminedvalue.
while ( ¡§! .size ©Š 0 && ¡¨! .size • maxsize)do

Ranger;
while ((r = ¡ ! .pop) ©Š NULL) do

Intersectr with thecenterof eachattribute at the
level bit andgenerateasetof subregions ª .
for (eachrange ^ in S) do

if ( ^ is full subregion) then
convert ^ into alinearrange « anddesignate
it asfull range
Add « to ¡

¢

else
Add ^ to ¡‘�

¡§! = ¡›�

level †§† ;
if ( ¡

! .size ©Š 0) then
Convert eachremainingregion ^ in ¡

! into linear
range « andinsert « into ¡Ž¢ ;

Return ¡¨¢ ;

Figure 4. Range Query Algorithm.

mercialdatabasesandscienti�c applications.Herewe will
usethe R-treeas the alternative datastructureto compare
againstourproposedapproach.Thesamplingprocedureon
anR-tree�le is basedon thequery-�rst algorithmproposed
in[16]. Theinput is amulti-dimensionalqueryregionanda
samplingratio. TheR-treeindex returnsa queuethatcon-
sistsof points that fall inside the query region. For each
point in the queue,we dynamicallydeterminewhetherto
selectit or notaccordingto thesamplingrate.

5 Experimental Evaluation

In this section,we examinetheperformanceof our pro-
posedalgorithm.Theissueswe evaluatehereinclude:pre-
processingcost,queryretrievalperformance,thebene�tsof
binning, andscalability. We detail the experimentalsetup
next.
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The experimentswereconductedon following clusters
to measureperformanceacrossdifferentinterconnects.



Input: Rangequeue,¡Ž¢ , andIndex, Id.
Output:Dataelementsqueue,¡Ž®

LoadId into memory
Ranger;
while ((r = ¡Ž¢ .pop) ©Š NULL) do

Performa rangelookup on the Id andobtaincorre-
spondingbinsset v

for (everybin ¯%. in v ) do
Load ¯#. in memory, performbinarysearch
If therangeis nota full range, �lter outeverynon-
intersectingdatapoint
Add thedatapoint z to ¡Ž®

Return ¡Ž®

Figure 5. Index Lookup Algorithm

° C1-FastEthernet:Thisclusterconsistsof 16 Intel Pen-
tium III 900MHz single-CPUnodes. Each node in
thisclusterhas512MB memoryandone100GBdisk.
We measuretheapplicationlevel I/O bandwidthto be
around25MBytes/sfrom eachdisk. Thenodesin this
clusterareconnectedusinga100Mbpsswitch.

° C2-In�niband: This cluster consistsof 16 compute
nodeswith two 2.4GHzIntel 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 measurethe application
level I/O bandwidthto be23MBytes/sfrom eachdisk.
Thenodesin thisclusterareconnectedusingan8Gbps
In�niband interface.

Our implementationis written in C, andMPI is usedfor
messagepassing.The experimentswereperformedusing
syntheticdatasets.We conducttheexperimentsfor sequen-
tial andparallelenvironments. In the experiments,we set
the size of eachtuple to be 1024bytes. Eachcoordinate
of a dataelementis representedby an integer, andthusis
4 bytes. The size of eachstreamwindow is a±Š²h�…A_�l

elementsandthe numberof bins is ^IŠ³d . With this set-
ting, thesmallestbin has d datapoints(i.e., thesizeof the
smallestbin is d8´Zv ). Although the experimentalresults
areobtainedusingsyntheticdatasets,the resultswill hold
for realdatasets,asour samplingstrategiesdo not depend
on thevaluesof a dataelement.
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Thissetof experimentscomparesthepreprocessingcost
of our proposedlinear clusteringbasedindex creationand
R-treebasedcreationboth on sequentialand parallel set-
ting. For bothtests,weuseastreamwindow with 1 Million
(1M) dataelements.Figure6 shows that in both sequen-
tial andparallelsetting,thepreprocessingcostof theR-tree

basedschemeis 8-10timeshigherthanthatof theproposed
Hilbert curve basedscheme.For our targetedapplication
scenario,wherethereis constantin�ux of data,preprocess-
ing ef�ciency shouldbe consideredasan importantfactor
whenchoosingtheappropriatemiddlewaresystemto man-
agethesedatasets.The R-treedatastructureis optimized
for ad-hocinsertionsandupdates,whereasour schemeis
designedfor batchinsertions.Thehigh preprocessingcost
with theR-treeimplementationalsois aresultof largenum-
berof pagesplits. TheHilbert curvebasedschemeusesin-
memorysorting to preorderthe datapointsandavoid the
costly I/O operations.Consequently, onedrawbackof our
currentimplementationis its highermemoryspacerequire-
ment.
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Theseexperimentscomparethe query retrieval perfor-
manceof ourproposedschemeandtheR-treebasedscheme
in both sequentialand parallel setting. We usea stream
window with 1 Million (1M) dataelements.Eachcoordi-
nateof a dataelementis randomlydrawn from a rangeof
[ …r�����*h�…N_8¹ ] units and is representedin 10 bits. The multi-
dimensionalquery in this experimentis createdrandomly
andhasa rangeof º(h�_ units in eachdimension.In theex-
periments,we vary thenumberof dimensionsof thequery
andof the dataset.Figure7(a) shows the query response
time and Figure 7(b) shows the effective disk bandwidth
for a single node. The resultsshow that our proposed
schemeachieves3-5 timesbetterperformancethanR-tree
basedindex andscaleswell with increasingdimensionality.
Figure8 shows the responsetime andeffective bandwidth
whenwe �x the numberof dimensionsto be l andvary
the size of multidimensionalrangequery (i.e., the range
in numberof units). The resultsshow that both indexing
schemessuffer from verylow effectivebandwidthwhenthe
queryregion is small. Themainreasonfor theinef�ciency
is thesoftwaresystemoverhead.However, for theproposed
scheme,thesampleretrieval performanceincreasessigni�-
cantly, asthequerysizeincreases,andreachescloseto »)…A•

of the raw disk bandwidthwhen the querysize is around
º(h�_ unitsperdimension.

Figure9 shows the speedupaswe vary the numberof
nodeson the two clusterswith differentnetwork con�gu-
rations.We usedbothlow-dimensional(numberof dimen-
sions= 4) andmoderatelyhigh-dimensional(numberof di-
mensions= 16)datasets.OntheC1-FastEthernetcluster, as
thesizeof thequerybox increases,thespeedup decreases.
Thereasonis thatperformanceis limited by thebandwidth
of the inter-processornetwork. In our experimentalset-
ting, the maximum network bandwidthwas measuredto
bearound11.6MB/sec,which is muchlower thanthedisk
bandwidthachievedby asinglenodewhenthequerysizeis
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Figure 6. Preprocessing Cost for the R-tree based and the Hilber t Curve based Schemes.
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Figure 7. Query Response Time and Effective Band width with Varying Dimensionality

large. On theotherhand,with a fasternetwork suchasIn-
�niband, wherethemaximumnetwork bandwidthis much
higher, the resultsshow that the proposedarchitectureis
scalable,especiallyfor high dimensionaldatasets.Our re-
sultsshow that theproposedalgorithmcantake advantage
of high-performancecommunicationnetworks.
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The next setof experimentscomparesthe performance
of samplegenerationof ourproposedbinningstrategy with
the non-binning strategy and the R-tree basedstrategy.
Whenusingthenon-binningstrategy, we still ordertheel-
ementswithin a streamwindow usinga Hilbert curvemap-
ping, but no bins aregenerated.That is, the entirestream
window is storedon oneof thenodesin thesystem.In our
implementationwe assignthestreamwindows to nodesin
roundrobin fashion. Whena samplingqueryis executed,
the algorithm testseachelementfor samplemembership.
Ratherthanreadingoneelementat a time duringtheinclu-
siontest,wereadablockof thedatainto adedicatedbuffer
and test for inclusion in this buffer using the rangequery

executionstrategy describedin Section4.4. As is seenin
Figure10, our binning strategy achievesmorethanan or-
derof magnitudespeedupover thenon-binningandR-tree
basedsamplingstrategiesfor smallsamplesizes.This is at-
tributedto thefactthatthenumberof disk blocksthatneed
to be touchedin the former is proportionalto the size of
thesample.For largersamplerequeststhebinningstrategy
marginally outperformsthe non-binningandR-treebased
strategies as our approachtouchesa fractionally smaller
numberof diskblockscomparedto theotherstrategies.
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The �nal setof experimentsstudythescalabilityof 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.Figure11 shows that theproposedalgorithmscales
well asthesizeof thedatasetis increased.
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Figure 8. Query Responsive Time and Effective Band width with Varying Query Size

Sampling Time
(1GB Data, Dimension = 4, 512 per  Dim, 16Nodes)

ê ë

ì í

î ï

ð ñ

òó

ë ï ë

ê ì

ï ï

ê

ñ3ïSampling Percentage

E
xe

cu
ti

on
 T

im
e 

(S
ec

)

Binning
Non-Binning
R-tree

Figure 10. Query Response Time with Diff er-
ent Sampling Strategies

6 Conclusionand Future Work

We have presentedthedesignandimplementationof an
algorithmto supportsamplingquerieson largescale,mul-
tidimensionalanddynamicdatasets.Thekey contribution
of our work is 1) a novel applicationof the Hilbert space
�lling curve to generatea locality-preservinglinear map-
ping andorderingof multi-dimensionaldataand2) theuse
of geometricsizebinsfor placementof dataon disk for ef-
�cient samplegeneration.This schemeallows for sample
generationin time proportionalto the size of the sample.
We furtherdemonstratethesystemis scalable.Experimen-
tal resultsshow thattheproposedapproachis applicablefor
ad-hoctemporaldatabasequeries.Our resultsdemonstrate
goodloadbalancingandspeedup.

Futurework includesseveral directions. First, we plan
to incorporatea samplequalityevaluationfunctioninto our
framework so thatwe couldsupportuser-de�ned sampling
criteria. Second,we will obtainreal queryworkloadsand
evaluateour algorithmwith respectto the end-application
performanceimprovement.Finally, we will investigatethe
effect of dynamicworkloadsanddesignadaptivestrategies

Scalability
(40GB Data, Dimension = 4, 512 per  Dim, 16Nodes)   
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Figure 11. Scalability of Diff erent Sampling
Strategies

to accommodatesuchcases.
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