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Abstract

Although processingspeed storage capacity and net
work bandwidthare steadilyincreasing,networklatency
remainsa bottleneckfor scientistsaccessindarge remote
data sets.This problemis mostacutewith n-dimensional
data. Grid reseachers have only recentlybegunto de
velop tools for efpcientremoteaccessto n-dimensional
datasets.

Within the contextof the Granite ScientibcDatabase
system,we show that latency penaltiescan be dramati
cally reducedusing explicit knowledgeof a usei® access
pattern representedas an Iterator The iterator not only
performsan n-dimensionalteration for the user but also
communicateshe accesatternto Granite sothat a pre-
fetching cache can be constructedthat is tunedto the
usei®accespattern.

We experimentallyevaluatea scenariofor incorporat
ing Granite®prefetchingmechanisminto the Grid, dem
onstrating extraodinary performancegains. In light of
theseresults, we describeplanned additions to existing
Grid servicesto allow selectionof datasetsaccouding to
theuseraccesgattern.

1 Intr oduction

Thesizeof scientiPadatasetshasgrownexplosivelyin
recentyears, presentingnew challengesfor researchers
and educatorswithout local accessto high performance
computingresourcesThe Visible Womandatasefrom the
National Institutes of Health totals 39GB of anatomical
sections.The SloanDigital Sky Surveycontainsabout15
terabytesof information [SDSS]. The NCAR Mass Stor
age System exceededone petabyteof climate data in
2003,andhasrecentlyaddeda seconchetabytdNCAR].

The vast majority of researchersannot store such
dataset®n local machinesput remoteaccesdo arbitrary
subset®f the completeble canmakelarge datasetsracta
ble for most scientists. However researchergRadke,
SchYtt04]have only recently begunto develop efbcient
methodsfor accessingubsetof n-dimensionaldatasets,
wheredataexistsin a spacedescribedy n axesA typical
subsetrequestmight ask for the datacontainedin an n-

rectangulasubregionalignedwith the datasetxes.With-
out specialsupport,sucha requestmustbe satisbedy a
large numberof distinct one dimensionalrequestsEach
distinctrequesimustpay networklatencycosts which can
drasticallyreduceperformance.

Even with an n-dimensionalaccessmethod,penalties
associatedvith networklatencycan be further reducedif
knowledgeof the patternof accesss known in advance.
For example,if a scientistwantsto traversea 3000x3000
datasetn row-by-rowfashionusing3x3 blocks, 1 million
3x3 block accessesare required. Performing so many
accessesver a high latency network connectionwill be
unacceptablyslow An alternativeis to downloadthe en
tire ble and work on it locally, but this is an unrealistic
option for blesthat are tensor hundredsof gigabytesin
size,especiallyif the scientistis only interestedn a subset
of thedata. A third optionis to split the Pleinto chunksor
slabs, but such splitting may require assumptionsabout
how the datasetwill be accessedVisualizationapplica
tions like ray-castingandsplatting may requireaccessing
thedatasetn arbitrarydirections[Levoy88,Westover90]

Howevey if the scientist® local workstation has
enoughmemoryto store a block of size 500x3000ele-
ments,latency costsare only paid for the 6 separatenet
work transactionsecessaryo refreshthat large block 6
times. If the serverandclient are sufbcientlydistant,this
canresultin dramaticperformanceyains.

In previouswork we describedlteration Aware Pre-
fetching (IAP), a methodthat increasesperformanceby
minimizing the effects of disk latency [Rhodes05h]IAP
useslarge n-dimensionalcacheblocks to reomganizethe
use@ accespatterninto a comparativelysmallnumberof
large accessedAP is animportantfeatureof the Granite
ScientibcDatabase[Rhodes01 Rhodes02]An iteratoris
usedboth to perform the desirediteration and to inform
the Granite systemof the intendedaccessatternso that
the shapeof the cacheblockscanbetunedto theiteration.
Such blocks provide very signibcantperformancegains
comparedo blockswhich arenottunedto theiteration.

We havea growingtoolkit of iterators,including recti
linear block, plane, and element iterators, as well an
oblique plane iterator that allows arbitrary orientation
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within the datavolume. In [Rhodes05]we demonstrated
the effectivenes®of IAP for visualizationof large volumet
ric scientibcdatasets.In this paper we concentrateon
rectilineariteration, in which the direction of iterationis
aligned with the major axes.The fast fourier transform,
waveletdecompositionfeaturedetection,andotherappli
cationsinvolve rectilineariteration throughthe datavol-
umein variousdirections.IAP is particularly effective in
mitigating the cost of latencywhenthe directionof itera
tion would otherwiseresultin very slow performance.

Although improvementslike Internet2, ESNet, and
UltraScienceNe{USN] ensurethat network bandwidth
will increasesteadilyoverthe next severalyears,network
latencywill continueto hinderremotedataaccessSince
network latencyfor long distancetransfersis often much
higherthandisk latency Granite®prefetchingmechanism
should prove especially useful when researchersvork
with large datasetstoredat distantsites.

Therearetwo main pointsto this paper First, we dem
onstratethe advantagesf Granite® AP methodwhen
appliedto the problemof remoteaccesgo n-dimensional
scientibcdatasetsSecond we outline our plansto aug
mentexisting Grid metadataand tools to supportlAP in
Grid ComputingenvironmentsThe next sectiondiscusses
backgroundandrelatedwork, followed by a brief descrip
tion of our implementatiorof IAP for arraybaseddatain
section3. Section4 describesa scenariofor I1AP on the
Grid which we evaluateexperimentallyin section5. See
tion 6 outlinesour plan for bringing IAP to Grid comput
ing. We endwith futurework andconclusions.

2 Background

Grid computinghasevolvedin recentyearsin response
to the needfor coordinatedsharingof resourcesgata,and
knowledge among geographically separatedgroups of
scientistsand institutions [Buyya01, Cannataro0O3Cher
venak01, Foster01]. Grid computing environmentsare
built on a layer of basicserviceshat supportthe resource
managementdata transfer authentication,and instru-
mentationfunctions necessaryto supporta collaborative
computing environment [Chervenak0l1, Foster97,
LaszewskiOO].Theseinclude storagesystemsan abstrae
tion for the varioustools which provide efbcientaccesgo
the large datasetausedby Grid scientists,and metadata
repositories which store descriptive information about
bles and network resources [Chervenak01]. Typical
choicesfor storagesystemsnclude HPSS(High Perform
ance StorageSystem),and HDF5, a format and API for
scientibcdata access[Allen00, Watson95]. Metadatais
made available through servicessuch as LDAP (Light-
weightDirectoryAccessProtocol)[Howes97 Wahl97].

On top of thesebasicservicesare systemshat support
accesgo distributeddataresourceshroughthe additionof
replica management and selection [Chervenak01,
Csajkowski98, Raman98, Vazhkudai01]. Allowing grid
applicationgo choosewhich of severalcopiesof the same
datacanbe accessednostefpcientlyis animportantpart
of replica selection[Vazhkudai02].The accesstself can
be accomplishedwith the help of tools such as GASS
(Global Accessto SecondaryStorage) RIO (RemotelO),
SRB (StorageResourceBroker), and GridFTP [Baru98,
Bester99,Foster97,Allcock05]. Nallipogu, et al. extend
SRBthroughpipelining,improving performanceartly by
minimizing latency[Nallipogu02].

2.1 Communications

Developmentof low level protocolsfor transferring
very large datasetshas beenan active beld of research.
Both TCPandUDP basednethodshavebeendeveloped.

GridFTPis a commonly used methodof transferring
large blesin a Grid environment[Allcock05]. It uses
striped and parallel datatransferto maximizethe use of
available bandwidth. GridFTP® architectureis modular
allowing the developmenbf extensiondor new protocols
andfunctionality An examplecanbe foundin [SchYtt04].
Currently GridFTPtransfersdatausing TCR, but its open
architectureallowsfor other options.

UDP basednethodsftenhavethe advantag®f higher
overall performancecomparedto TCP methodsbecause
they do not pay the overheadassociateavith TCP®built-
in mechanismto guaranteecompletenessf the received
data.However in mostscientibcapplicationst is impera
tive thatall dataarrive safely soUDP basednethodsnust
provide their own mechanisnfor ensuringcompleteness
[Grossman04Rao04].

The work describedn this paperrelies uponour own
implementationof a simple UDP methodthat avoidsthe
latency penaltiesassociatedvith TCP, yet guaranteeshe
completenessf the receiveddata.Although this method
is robustenoughto demonstratehe effectivenessof IAP
for Grid applicationsour eventualgoal is to take advan
tageof GridFTPandotherestablishegbrotocols.

2.2 Remote n-dimensional access

Grid supportfor multidimensionaldatasetsis largely
provided using underlying scientibc data APIs such as
HDFS5 [Allen00]. Only recentlyhaswork begunon ways
of queryingremotesourcesof datawithin a multidimen
sional paradigm.For example,Radke et al. describean
extensionto GridFTP that adds support for remote n-
dimensionabueriesto blesstoredin HDF5 [Radke].

SchYttet al. describenestedFALLS,a methodof speci
fying a seriesof one dimensionalaccessesn a single



compact representationBy mapping an n-dimensional
block to the underlying one dimensional ble, nested
FALLS canbe usedto senda single query over the net
work, ratherthana large numberof onedimensionalque
ries. In addition, some elementsin a volume can be
skipped, allowing basic multiresolution functionality
throughsubsampling.

In order to demonstratehe effectivenessof IAP for
remote accesswe designedand implementeda Granite
serverthatallows a remoteclient to requestnarbitraryn-
dimensionatectangulasubsebf a dataset.

2.3 Prefetching and Caching

Efbcientaccesdo datastoredon local disk hasbeena
topic of intenseinterestfor decadesFor spatialscientibc
datasets,perhapsthe best known method is chunking
[Sarawagi94]. Chunking reolganizes a datasetinto n-
dimensionalchunksaccordingto the expectedaccesgat
tern. However for extremelylarge datasetst is impractk
cal to makea copy of the datasefor eachexpectedhccess
pattern.In this context,accesgatternsare debnecdby the
shapeof rectangularblock queries, so the number of
variationsis very large. An alternativeis to use chunks
that have the samelengthin eachdirection, providing a
reasonablespeedupregardlesf the accesgatternused.
HDF5 canproduceandusechunkedbles,andcanalsouse
chunksasits basicunit of I/O andcaching.

Much of the prefetchingwork relating to a network
environmenis gearedowardweb applications[Wang99]
providesa survey of cachingschemedor this area.For
Grid applicationsPerezet al. [Perez02Perez03describe
MapFS a systemthatuseshintsto help decidewhich data
to prefetchandretainin acache.

2.4Access Patterns and the Grid

The designersf the Data Grid [ChervenakOlfecog
nizethe needfor applicationgo conveyhintsaboutaccess
patternto the underlyingstoragesystem Researchersave
alsouseda history of the bPlesaccessedby an application

to decide replication policy [Bell03, Ranganathan02].

However to the bestof our knowledge,no attempthas
beenmadeto conveythe expectedmultidimensionalpat
ternof accesswithin a bleto theremoteserver Awareness
of the accesyatternallows fewer, larger datarequestdo

be madeacrossa network, therebyreducingtotal latency
costs.

3 The Granite Model

The Granite model accommodatesmultiresolution
representationgjataseteombinedfrom multiple sources,
and formats ranging from simple arraysto unstructured

meshesUnstructuredmeshesare addressedby the lattice
component.The work presentechereis done within the
contextof the datasouce componentof the Granite sys
tem,which handlesarray-basediata.

A datasourcds conceptuallyan n-dimensionalarray
containinga setof samplepoints. Thearrayindicesdebne
the index space,also called a data volume Eachindex
spacelocationhasa collectionof associatediatavalues,
calledadatum

Datasourcesusthandletwo basickinds of queries A
datumqueryspecibes singleindex spacdocation,andis
satisbedy the returnof a singledatum.A subblockquery
specibesn n-dimensionatectangularegionof the index
spaceandis satispedy the returnof a datablock, which
is conceptuallyann-dimensionaarrayof datums.

3.1 Storage Orderings

While a datasourcehas an index spacethat is n-
dimensionalthe bleis a onedimensionakntity. The data
sourceis responsibldor satisfyingqueriesexpressedh its
indexspaceby readingdatafrom the ble. It musttherefore
map its index spaceto ble offsets. It doesthis with the
help of akind of axisordering An axisorderingis simply
a ranking of axesfrom outermostto innermost.Olnner
mostCand Ooutermost€uggestpositionin a setof nested
for loops.Theinnermostaxis changesnostfrequentlyand
is calledthe rod axis whenreferringto storageorderings.
Axes are labeledwith numbers,so an axis ordering is
really just a list of integers.For example,the storageor-
deringfor Figure1 would be {0,1} if axisO is verticaland
axis 1 is horizontal. When an axis ordering denotesthe
orderin which datais storedon disk, it is calleda storage
ordering. The innermostaxis of a storageordering is
known asthe rod axis whererods are seriesof elements
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Figure 1. The numbers indicate the ordering
of elements in the one dimensional Ple. The
storage ordering here is {0,1}, and the
shaded regions indicate the rods for the ble.




that are contiguousin both the datavolume and the one
dimensionable.

3.2 lterators

Sinceour systemaimsto improvel/O performancdor
particularaccesgatternswe useiteratorsto representhe
accesspattern,as well asto performthe actualiteration
throughthe datasourcéndex space lteratorshavea value
that changeswith eachinvocationof the iteratoi® next()
method.This value might denotea single locationin the
indexspacepr perhapsanentireregion.In eithercasethe
iteratorvalue canbe useddirectly in both datumandsub
block queries.

An axis orderingis usedto help representhe behavior
of iteratorsthat proceedthroughthe index spacein recti
linear fashion.Generally the performanceof an iteration
over data stored on disk dependsupon the relationship
betweenthe storageordering and the iteration ordering.
Performances highestwhenthe two arethe same.n this
ideal casethe pathof theiteratorthroughthe datavolume
mapsto a straightforwardOleftto rightOpath throughthe
ble on disk. In this situation,the Plesystentachingpro-
vided by the operatingsystemdoesvery well in caching
and prefetchingthe correct data. Performancds consid
erably worsewhen the storageorderingand iteration or-
dering don®match. Here, the path throughthe datavol-
ume mapsto a patternthat skips aroundin the ble. This
makesthe blesystemcachemuch less effective, sinceit
tendsto cacheand prefetchthe wrong data. This problem
is worst when the storageand iteration orderingsare the
reverseof eachother For example,a {2,1,0} iteration
yields the worseperformanceon a{0,1,2} ble. A {1,2,0}
iterationis better while a{0,1,2} iterationis best,sinceit
matcheghe storageordering.

The iteration spaceis the spacetraversedy the itera-
tor. It may be the entire index spaceof a datasourcepr
somesubsetof that space We also representhe starting
point and the stride through the iteration spacein cases
wherethe iterator skips over somelocations.Along with
the axis ordering,all this informationis usefuland avail
ablewhenthe systemcreatesa prefetchingcachetunedto
theiteration.

3.3 Spatial Pefetching

Most cachingmethodsfor local dataview blesasone
dimensionalentities, but this view of the datais not ade
quate for scientibc applicationsinvolving multidimen
sional datasetdecauset missesthe neighborhoodrela
tionshipsthat the userneeds.The problembecomesven

more acuteasthe dimensionalityof the datasetincreases.

To addresshis issuewe havedesigneda multidimensional

cachethat correspondgo the usef3 dimensionalview of
thedata.

In this sectionwe presenta brief conceptuabverview
of a form of IAP called spatial prefetching(SP). For a
more thoroughand formal discussionof spatial prefetch
ing andlAP in generalsee[Rhodes05b].

3.3.1Choosing Cache Block Shape

Becauseur multidimensionakachemodelis aimedat
supportingmultidimensionalarray data, we organizethe
cacheitself as a collection of datablocks, called cache
blocks with the samedimensionalityas the data.A sig-
nibcantcomponenof the cachingstrategyis to determine
how to shapethe cacheblocksto mosteffectivelyimprove
1/0 performance.

If the pattern of future accesseds already known,
however we canchoosea cacheblock shapethatguaran
teesthatall the needeccontentswill be usedbeforebeing
discardedWe call sucha cacheblock shapewell formed
with respectto the iteration. Cacheswith blocks well
formed for an iteration do not reload discardedblocks
whenthe iterationis performed.This is particularly valu-
able in a remote context becauseof the expenseof re-
transmittingdataacrossa network.

Given some amountof memory with which to con
structa cacheblock, a well formedblock canbe built by
examiningthe iteratororderingfrom right to left. For each
axis,we extendthe cacheblock asfar aswe canalongthat
axis until we eitherrun of out memory or hit the end of
the iteration space.lf thereis still memoryavailable,we
repeatthis processwith the next axis, terminatingwhen
eithermemoryor thelist of axesis exhausted.

For example,considera {1,2,0} iteration over a 5128
datasourceFirst, we initialize the cacheblock shapeto
{1,1,1}. We startwith axis 0, at the right side of the or-
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Figure 2. The numbers indicate the order in
which elements are visited by the iterator , while
the shaded regions represent an effective cache
block shape. a) Both the storage and iterator
ordering are {0,1}. b) The storage ordering is
{0,1}, but the iterator ordering is {1,0}.



dering,andextendthe block shapeto the endof theitera
tion spacealongthis axis, yielding a shapeof {512,1,1}.
Next, we extendthe shapealongaxis 2, but perhapsavail
ablememoryconstrainsisto ashapeof {512,1,128}.

This cacheblock shapds well formedwith respecto a
{1,2,0} iteration, so oncethe iterator leavesthis block it
neednot be reloadedFor datumiterationsand mostblock
iterations,this meansthat only one cacheblock needbe
kept in memory at a time, since the iterator never hops
back and forth betweenblocks. The shadedregionsin
bPgure2 are examplesof well formed cacheblock shapes
for {0,1} and{1,0} iterationsrespectively

If the cacheis beingusedto directly accessa disk, we
must allocateenoughmemoryfor the cacheblock so its
constituentrod segmentsare long enoughto provide a
speedupThe memoryrequiredis partially determinedby
therelationshipbetweerthe storageanditeratororderings.
For example,the cacheblock shapeshownin bgure2b
requiresmore memory than the one shownin bgure2a
becaus¢he storageanditeratororderingsareorthogonal.

4 RemoteAccess and IAP

We seetwo importantwaysin which Granitecancon
tribute to Grid computing.First, IAP can be usedduring
remotedataaccesgo reducethe penaltiesassociatedvith
networkanddisk latency Second|f grid tools andappli
cationsareawareof the storageorderingof datasetshetter
decisionscanbe madewhenchoosingdatasetandaccess
patterns.In this sectionwe describea scenariofor using
IAP in a remoteenvironment.Section5 presentsan ex-
perimental evaluation of this scenario,while section 6

discussesur plansfor bringing IAP to grid environments
in light of theseresults.

4.1 Reducing Latency Costs

Figure3 showsan overviewof a remoteaccessmple-
mentationusing IAP. On the left, an iterator speciPes
user accesspatternthat accesseslementsin the order
indicated by the numbering.Using IAP, the client con
structsa cacheblock that can containa large numberof
the elementsrequired by the user Insteadof sendinga
queryfor eachelementn theiteration,the client may now
senda queryfor eachcacheblock. Sinceeachcacheblock
containsa large numberof elementsthe numberof times
network latency costs must be paid is greatly reduced.
Also, sincethe cacheblocksarewell formedwith respect
to theiteration,oncetheiterationleavesa cacheblock, the
block will not be neededagain.For the exampleshownin
the bgure,this meansthat sixteenseparateaccessesave
been transformedinto four. In practice, we use cache
blocksthat are hundredsof megabytesn size,yielding a
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Figure 3. IAP transforms the user access pat-
tern on the client (specibed using an iterator)
into a comparatively small number of network
transactions with the server, thereby reducing
network latency penalties. The server may then
elect to use IAP to further transform the access
pattern to reduce disk latency penalties.

much more dramaticreductionin the numberof network
transactions.

In section5 we investigatewhetherit is benebciafor
the serverto apply IAP once more to the accesspattern
thatit seescomingin over the network.On the right side
of bgure3, we showthatthe four block queriesaretrans
formedinto two larger block queriesusing an IAP cache
on theserveritself.

4.2 Choosing lteration Orderand Data Sets

Although client-sidelAP helpsto addresdisk latency
aswell asnetworklatency the resultsin the next section
show that it would be bestif the useriteration ordering
closelymatcheghestorageordering.

Therearetwo waysto achievethis. If the userapplica
tion doesnCstrictly requirea particulariterationordering,
thenit may electto useonethat closelymatcheghe data
set storageordering on the most convenientserver If a
particular iteration ordering is required, then a server
shouldbe chosenthat holds a copy of the datasetwith a
storageordering that most closely matchesthe required
iterationordering.

5 Results

To examinethe benebtf IAP andthe Granitemodel
for remotedataaccesswe ran a seriesof teststhattrans
ferred databetweena client at the University of Missis-
sippi and a serverat the University of New Hampshire.
The serveris a singleprocessoPentium4 machinewith a
2.4GhzCPUand2GB of RAM runningthe Linux operat
ing systemThedisk onthis machineis afast15,000RPM
SCSldisk with a 3.6msaveragaeadseektime. The client
is a 2.5Ghzdual processoPowerMacintoshG5 and2GB
of RAM running OS X. Both machinesare connectedo
the local network with 100Mb Ethernet.The institutions
are connectedvia Internet2with a roundtrip time of ap-



Remote Datum lteration Remote 63 Block Iteration Local Datum Iteration Local Block Iteration
Client Cache | 128MB LRU | 128MB SP | 128MB SP| 128MB LRU | 128MB SP| 128MB SP
Server Cache none none 256MB SP none none 256MB SP none 256MB SP| none 256MB SP
Ordering a b c d e f g h i i
{0, 1, 2} 5.9x10 (est) 543 495 1.9x10 317 275 3380 469 125 102
{1, 2, 0} 5.9x10 (est) 874 816 1.9x10 326 276 6013 665 128 114
2,1, 0} 5.9x10 (est) 1194 978 2.0x10 618 423 2.2x10F (est) 764 674 238

Table 1. Results for a traversal of a 1GB subset of an 8GB ble.

proximately48ms.All transferswere doneusingour own
UDP protocolusinga packetlengthof 61440bytesandan
inter-packetdelayof 10ms.This protocolallowsthe client
to requestithera singledatumor an n-dimensionablock
of datafrom the server In preliminarytests,we foundthat
traversingthe data volume using single datum requests
would take severalyears,so we concentratédnereon tests
that useblock request®nly.

Table 1 shows our resultsfor traversalsof a 1024x
1024x1024(1GB) subseibf an 8GB ble of bytesstoredin
{0,1,2} orderusingvariouscachesanditeratororderings.
For each test, the blesystemcacheon the server was
Rushedo removethe effectsof operatingsystemcaching.

5.1 IAPvs. LRU Caching

In orderto establishthe effectivenesof n-dimensional
cacheblockswith shapegunedto theiterationpatternwe
compareour methodwith a simpleLRU cachecontaining
cubic blocks. Cubic blocks are not well formed, as dis-
cussedn section3.3.1,sotheiteratorwill causethe cache
to reloadthe sameblock manytimesduring the courseof
the traversal. We tested LRU performanceusing both
datumandblock iterations. The datumiterationrequesta
seriesof singleelementsyhile ablockiterationrequesta
seriesof contiguous643 blocks from the server Perform
ancefor the datumiterationwasvery poor, sowe rantests
on a subsetof the 1024 volume usedin table 1. Using a
singlecacheblock of 128MB on the client, we projectthat
a complete traversal of the 1024 volume would take
approximately692 daysfor a datumiteration,asshownin
columna. Columnd showsthatthetime for a block itera
tion is much morereasonabléabout5.4 hours),sincethe
numberof networktransactionss smaller Columnsb and
e showthat a similar testfor a 128MB SP cacheaccom
plishesthe sametraversalsin times rangingfrom 317 to
1194 secondsdependingon the type of iteration and its
ordering.Evenfor block iterations,the 128MB SP cache
yields speedup®f 59.9,58.3,and 30.7 for eachordering.
The SP cache producesspeedupsof about 100,000 for
datumiterations.

All execution times are in seconds.

We alsoranatestusingan LRU cachewith 4096cache
blocks of dimensions32 totaling 128MB, and found
performanceavasfar worsethanin theotherLRU test.The
projectedtime for a complete{0,1,2} traversalusingthis
cachewas 1.2x10 seconds(138 days). Although using
smaller blocks meansthat eachblock is reloadedfewer
times, the datavolumeis divided into many more blocks,
S0 many more requestsare madeto the serverasthe it-
eratortraverseshe space.

It shouldbe clear from theseresultsthat shapingthe
cacheblock to suit the iteration is extremely effective.
Becausesuchcacheblocksarewell formedwe canmake
theblock aslarge aspossible greatlyreducingthe number
of network transactionsbut completely avoiding the
problemof repeatedlyeloadingdatafrom the server

5.2 Iterator Ordering and Performance

Columnsg andi show executiontimesfor datumand
block iteration conductedliocally on the servermachine
without any cachingexceptthe blesystentachingmecha
nism.Theresultsfor the datumiterationin columng show
extremesensitivityto the relationshipbetweerthe storage
and iterator orderings.This relationshipdeterminedocal
ity of accesandthe numberof readsmadeto disk during
the traversal.The timesfor block iteration shownin col-
umn i show much less sensitivity and are much faster
overall becauseblock requestsallow Granite to make
fewer readsand to perform thosereadsin an order that
maximizedocality in the Pleondisk.

For similar reasonsit is harderfor an SPcacheto im-
prove upon performancewith block iteration. The results
for a256MB cacheshownin columnj showvery mamginal
gains comparedto column i, with the exceptionof the
{2,1,0} case.Becausethis last case shows markedim-
provement,however the resultsin columnj show less
sensitivityto iterationordering.

Theresultsfor remoteaccessn columnsb ande show
thatevenwhenaccessinglataovera high latencynetwork
connection,performanceis still sensitive(by a factor of
roughly 2) to iterationordering.Columnsc andf showthe



resultsof our attemptto reducethis sensitivity and im-

prove overall performanceby addinga 256MB SP cache
on the server The resultsfor the block iteration show
someimprovement,but the datumiteration resultsshow
relatively little gainin performanceor reductionin sensi

tivity. This is largely becausehe SPcacheon the clientis

alreadyreomganizingthe useraccesspatternin a manner
thatincreaseslisk performanceThis explainswhy remote
performancexceeddocal performancen columnsb and
g. In orderto producefurther gains,the servermustuse
evenmorememorythantheclient.

6 Granite and the Grid

The resultsin the precedingsection show that al-
thoughlAP is enormouslyeffective for remoteaccessthe
performanceis still sensitiveto the datasets€torageor-
deringon disk. Switchingfrom our own transporiprotocol
to the more efbcientGridFTP will make this sensitivity
more apparentServerside IAP is not a costeffective so-
lution for our scenariosincea large separateachewould
needto be maintainedor everyclientconnection.

An attractivealternativeis to make availablereplicas
of important datasetswith different storage orderings.
Although this requiresduplicationof the data,replication
is alreadyan importantpart of Grid computing.Replicas
with different orderingsmay be purposefully seededon
the Grid or producedincidentally by a scientistiterating
throughanexistingreplicaandsavingtheresult.

This schemerequiresthe modibcationof severalex-
isting Grid componentsjncluding data transport, meta
data,andresourcananagement.

To take advantageof the efpcienciesof GridFTR we
must extendit to supportthe retrieval of n-dimensional
subsetsof remote Granite datasets similar to Radke®
work for HDF5 [Radke]. For serverside IAP, no further
modibcationof GridFTP is necessatysince the server
doesnot needto know theaccesgattern inadvance.

We must attach to replicas additional metadatade-
scribingthe n-dimensionaboundsandstorageorderingof
eachparticularcopy. This metadatas static,andshouldbe
conceptuallypaired with the data storedin the storage
system. Granite currently uses XML to describe both
boundsand orderingsaslists of integers,andsimilar rep-
resentationshouldbe possiblein othersystems

If replicaswith variousorderingsareavailable a client
may either choosean iteration which matchesthe most
convenientcopy, or the client or broke may choosea
copywhich bestsuitsthe usef8 intendedaccesgpattern.If
no replicahasa storageorderingthat exactly matcheshe
iteration ordering,we must choosethe bestalternative,a
processwhich requiresus to rank the availableorderings
from bestto worstmatch.

A simple ranking canbe constructedising the storage
orderingand datasetboundsto determinefor which rep-
lica the iteration would havethe bestlocality in the one
dimensionablespace.

We could also model expectedperformanceby taking
into accountthe physical characteristicsof the disk the
datasetis stored on, including averageseek time, 1/0
bandwidth disk buffer size,anddisk block size.However
it maybe moreeffectiveandaccuratdo collectactualdisk
performance statistics for various orderings whenever
possible.This approachhas the advantageof providing
numbersthat can be be directly comparedto the end-to-
end network statistics gatheredin some grid systems
[VazhkudaiO1]

In any case,replicaselectionmustbe performedwith
bothdisk andnetworkperformancen mind. If all replicas
arenearby storageorderingwill dominate, butif therep-
lica with the ideal storageorderingis very distant,it may
be betterto choosea nearbyreplicawith a storageorder
ing thatis atleastareasonablenatch.

While the specibcationand disseminationof storage
orderingandboundsinformationshouldbe fairly straight
forward, the implementationof the matching processis
more complex.However the ClassAdsystem[Raman98]
containsa rankingmechanisnthat could be augmentedo
supportreplica selectionthat takes n-dimensionalinfor-
mationsuchasstorageorderingandboundsinto account.

7 Conclusions and Futue Work

We haveshownthat spatialprefetching,an exampleof
iteration aware prefetching,is extremely effective in re-
ducingthe costsof networklatencywheniteratingthrough
sub-volumef large n-dimensionaldatasetsin addition,
we have shownthat remoteaccesgerformancds sensi
tive to the relationshipbetweeniterator and storageor-
dering,evenwhennetworklatencyis high.

Becauseof this sensitivity we suggesthat for impor-
tant datasetauseful to many researchersmultiple copies
with different storageorderingsshould be available for
remote access.The datasetboundsand storageordering
must then be made availableto Grid servicesto allow
clientsto selecta replicathatbestsuitsthe usef intended
accesgattern Alternatively, the useraccesgatternmight
be selectedbasedupon the storageordering of the most
convenienserver

We will begin the processof bringing IAP to Grid
computing by adapting Granite to take advantageof
GridFTR We mustthenaugmenthe metadataassociated
with a particular ble instanceto include the boundsand
storageordering.Lastly, we mustdesignandimplementa
mechanismfor selectingthe replica which will give the
best performancefor the accesspattern desiredby the



application.As a result of this work, scientistswill have
effective remote accessto the very large n-dimensional
datasetghat arean increasinglyimportantpart of modern
science.
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