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Abstract

This paperexploresthe conceptof early discad for in-

teractve searchof unindexed data. Processinglatain-

side storagedevices using downloadedseachlet code
enables Diamond to perform efcient, application-
specic ltering of large datacollections. Early dis-
card helps userswho are looking for “needlesin a
haystackby eliminatingthe bulk of theirrelevantitems
as early as possible. A searchletconsistsof a set of
application-generatetters thatDiamondusego deter

mine whetheran objectmay be of interestto the user
The systemoptimizesthe evaluationorderof the lters

basedon run-time measurementsf each lter' s selec-
tivity and computationalcost. Diamond can also dy-
namicallypartitioncomputatiorbetweerthestoragede-
vices and the host computerto adjustfor changesin

hardware and network conditions. Performancenum-
bersshowv that Diamonddynamicallyadaptsto a query
andto run-time systemstate. An informal userstudy
of animageretrieval applicationsupportsour belief that
earlydiscardsigni cantly improvesthe quality of inter-

active searches.

1 Intr oduction

How doesone nd afew desiredtemsin mary terabytes
or petabyte®f comple andloosely-structuredatasuch
asdigital photographsyideostreamsCAT scansarchi-
tecturaldrawings, or USGSmaps? If the datahasal-
readybeenindexedfor the querybeingposedthe prob-
lemis easy Unfortunately a suitableindex is often not
availableanda userhasno choicebut to performan ex-
haustve searctovertheentirevolumeof data.Although
attributessuch asthe author date, or other contet of
dataitemscanrestrictthe searchspace the useris still
left with anenormousumberof itemsto examine. To-
day, scanningsuchalargevolumeof datais soslow that
it is only performedin the contet of well-planneddata
mining. Thisis typically a batchjob thatrunsovernight
andis only rarelyattemptednteractiely [15].

Our goal is to enableinteractve searchof non-
indexed data,wherethe userwishesto retrieve a small
setof importantitemsburiedin a large collection. For
instance considera surneillancescenariovherean an-
alystis monitoring satelliteimageryfor interestingac-
tivity aroundoil tankers. Currentimageprocessingal-

gorithmsmay be able to automaticallydiscardimages
that do not containoil tankers, but they cannotdetect
“interestingactivity”. Filtering the dataallows the an-

alystto focusattentionon the promisingcandidate by

signi cantly reducingthenumberof irrelevantitems. To

malke suchsystemspractical,new techniquedor scan-
ning large volumesof dataareneeded.We believe that
the solutionlies in early discad, the ability to discard
irrelevant dataitems as quickly and ef ciently aspos-
sible (e.g., at the storagedevice ratherthancloseto the

user).We have developeda storagearchitectureandpro-

grammingmodel called Diamond that embodiesearly
discard. Diamondhasbeendesignedo run on an ac-

tive disk [1, 20, 25] platform, but doesnot dependon

the availability of active storagedevices. It canbereal-

izedusingdiversestoragebackendsrangingfrom emu-
latedactive diskson ageneral-purposelusterto storage
nodeson awide-areanetwork.

This paperfocuseson pure brute-force interactive
search(i.e., whereall of the datais processedor each
query). Studyingthis extremecaseenableausto deter
minethe feasibility of early discardin a worst-caseset-
ting. FutureDiamondimplementationgould incorpo-
rate performanceoptimizationssuchas cachingresults
from previous queriesand exploiting indicesto reduce
thesearchime.

This paperis organizedasfollows. Section2 intro-
ducesearlydiscard.Section3 presentshe Diamondar-
chitecture Sectior4 describes proof-of-concepappli-
cationandan informal userstudy Section5 discusses
implementationdetails. Section6 presentsxperimen-
tal results.Section7 summarizeselatedwork. Finally,
Section8 concludeghe paper

2 Background and Motivation

2.1 Limitations of Indexing

The standardapproachto ef cient interactve searchis
to createanof ine index of the data. Indexing assumes
that the mappingbetweenthe users queryandthe rel-
evantdatacanbe pre-computedenablingthe systemto
efciently organizedatasothatonly a smallfractionis
accessedluring a particularsearch. Unfortunately in-
dexing complex dataremainsa challengingproblemfor
severalreasonsFirst, manualindexing is ofteninfeasi-
ble for largedatasetsindautomatedanethodgor extract-
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Figure 1: Early Discar d - Unlike traditional architectures
for exhaustive search, where all of the data must be
shipped from to the host computer, the Diamond archi-
tecture employs early discard to ef ciently reject the bulk
of the irrelevant data at the active storage device.

ing the semanticcontentfrom mary datatypesarestill
rather primitive (the semanticgap [23]). Second,the
richnessof the dataoften requiresa high-dimensional
representatiothatis notamenabldo ef cient indexing
(aconsequencef the curseof dimensionality6, 9, 33]).
Third, realistic userqueriescan be very sophisticated,
requiring a greatdeal of domainknowledgethatis of-
tennotavailableto the systemfor optimization.Fourth,
expressingthe users needsin a usableform canbe ex-
tremely dif cult (e.g., “I needa photo of an enegetic
puppy playingwith ahapyy toddler”). All of theseprob-
lemslimit the usability of interactivedataanalysis[15]
today

2.2 Importance of Early Discard

Figurel(a)shavsthetraditionalarchitecturdor exhaus-
tive search. Eachdataitem passeghrougha pipeline
from thedisk surface throughthedisklogic, over anin-
terconnecto the hostcomputers memory The search
applicationcanrejectsomeof the databefore present-
ing therestto the user Two problemswith this design
are: (1) thesystemis unableto take full advantageof the
parallelismat the storagedevices; (2) althoughthe user
is only interestedn a small fraction of the data,all of
it mustbe shippedfrom the storagedevicesto the host
machineandthebulk of thedatais thendiscardedn the
nal stagesf the pipeline. Thisis undesirabldbecause
the irrelevant datawill often overloadthe interconnect
or hostprocessor

Early discad is theideaof rejectingirrelevantdataas
earlyin thepipelineaspossible. Forinstanceby exploit-
ing active storagedevices, one could eliminatea large
fraction of the databeforeit wassentover theintercon-
nect,asshovnin Figurel(b). Unfortunatelythestorage

device cannotdeterminethe setof irrelevant objectsa
priori — the knowledgeneededo recognizethe useful
datais only availableto the searchapplication(andthe
user). However, if onecouldimbue someof the earlier
stagesf the pipelinewith a portion of the intelligence
of theapplication(or the user),exhaustve searchwould
becomemuchmoreefcient. Thisis supportedoy our
experimentsasdescribedn Section6.3.

For mostreal-world applications,the sophistication
of userqueriesoutpaceghe developmentof algorithms
that can understanccomples, domain-dependendata.
For instance,in a homelandsecurity contet, state-of-
the-artalgorithmscanreliably discardmageghatdonot
containhumanfaces. However, facerecognitionsoft-
warehasnot advancedto the pointwhereit canreliably
recognizephotosof particularindividuals. Thus,we be-
lieve thata largefraction of exhaustve searchtaskswill
be interactve in nature. Unlike a typical web search,
aninteractve brute-forcesearchthrougha large dataset
coulddemandhours(ratherthansecondspf focusedat-
tentionfrom the user For example,a biochemistmight
be willing to spendan afternoonin interactve explo-
rationseekingaproteinmatchinga new hypothesislt is
importantfor suchapplicationgo consideithehumanas
themostimportantstagein the pipeline. Effective man-
agemenibf the users limited bandwidthbecomescru-
cial asthe sizeandcompl«ity of the datagrows. Early
discardenableghe systemto eliminateclearly useless
dataitemsearly in the pipeline. The scarcestesource,
humanattention canbe directedat the mostpromising
dataitems.

Ideally, early discardwould rejectall of the irrele-
vant dataat the storagedevice without eliminatingary
of the desireddata. This is impossiblein practicefor
two reasons. First, the amountof computationavail-
ableatthestoragadevice maybeinsufcient to perform
all of the necessarypotentiallyexpensve) application-
speci ¢ computations.Second thereis a fundamental
trade-of [9] betweerfalse-positres(irrelevantdatathat
is notrejectedlandfalse-ngatives(gooddatathatis in-
correctly discarded). Early discardalgorithmscan be
tunedto favor oneatthe expenseof theother anddiffer-
entdomainapplicationswill make differenttrade-ofs.
For instance,an adwertising ageng searchinga large
collection of imagesmay wish to quickly nd a photo
thatmatchesa particularthemeandmay chooseaggres-
sive ltering; corversely a homelandsecurity analyst
mightwishto reducethe chanceof accidentalljlosinga
relevant objectandwould usemore conserative lters
(andacceptthe price of increasednanualscanning).It
is importantto notethatearlydiscarddoesnot, by itself,
impactthe accurag of the searchapplication:it simply
makesapplicationghat Iter datamoreefcient.



2.3 Self-Tuning for Hardware Evolution

Theideaof performingspecializedcomputatiorcloseto
thedatais notanew concept.Databasenachineg7,17]
adwcatedthe useof specializecprocessorsor ef cient
dataprocessing. Although theseideashad signi cant
technicalmerit, they failed, at thetime, becausalesign-
ing specializegrocessorshatcould keeppacewith the
sustainedncreasein general-purpos@rocessorspeed
wascommerciallyimpractical.

More recently the ideaof anactivedisk [1, 20,25],
whereastoragealeviceis coupledwith ageneral-purpose
processqrhasbecomepopular The e xibility provided
by active disksis well-suitedto early discard;an active
disk platformcouldrun ltering algorithmsfor avariety
of searchdomains,and could supportapplicationsthat
dynamicallyadaptthe balanceof computatiorbetween
storageand host as the location of the searchbottle-
neckchange$2]. Overtime, dueto hardwareupgrades,
the balanceof processingpower betweenthe hostcom-
puterandstoragesystemmayshift. In generala system
shouldexpecta heterogeneousompositionof computa-
tional capabilitiesamongthe storagedevices as newver
devices may have more powerful processorsor more
memory The morecapabledevicescould executemore
demandingearlydiscardalgorithmsandthepartitioning
of computationbetweenthe devices andthe hostcom-
puter should be managedautomatically Analogously
when the interconnectinfrastructureor host computer
is upgradedpne may expectcomputatiorto shift avay
from the storagedevices. To be successfulover the
long term, the designneedsto be self-tuning manual
re-tuningfor eachhardwarechangds impractical.

In practice,the bestpartitioningwill dependon the
characteristicsf the processorgheirload,thetypeand
distribution of the data,andthe query For example,if
the userwereto searcha collectionof holiday pictures
for snawboardingphotos,thesemight be clusteredto-
getheron a small fraction of devices, creatinghotspots
in the system.

Diamondprovidestwo mechanismso supportthese
diversestoragesystemcon gurations. The rst allows
anapplicationto generatespecializecearlydiscardcode
thatmatchesachstoragedevice's capabilities.Thesec-
ond enableghe Diamondsystemto dynamicallyadapt
the evaluation of early discardcode, andis the focus
of this paper In particular we explore two aspects
of early discard: (1) adaptve partitioning of computa-
tion betweerthe storagedevicesandthe hostcomputer
basedon run-timemeasurementg?) dynamicordering
of searchtermsto minimizethetotal computatiortime.

2.4 Exploiting the Structur e of Search

Diamondexploits several simpli cations inherentto the
searchdomain. First, searchtasksonly requirereadac-
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cessto data,allowing Diamondto avoid locking com-
plexities and to ignore somesecurityissues. Second,
searchtaskstypically permit storedobjectsto be ex-

aminedin ary order This orderindependenceffers
several bene ts: easyparallelizationof early discard
within and acrossstoragedevices, signi cant e xibil-

ity in schedulingdatareadsandsimpli ed migrationof

computatiorbetweertheactive storagedevicesandhost
computer Third, mostsearchtasksdo notrequiremain-
taining state betweenobjects. This “stateless”prop-
erty supportsef cient parallelizationof early discard,
andsimpli es therun-timemigrationof computatiorbe-
tweenactive storagedevice andhostcomputer

3 Diamond Ar chitecture

Figure 2 illustratesthe Diamond storagearchitecture.
Diamondprovidesa clear separatiorbetweenthe front

end which encapsulatesiomain-speci ¢ application
codeonthehostcomputerandthebad end which con-

sistsof adomain-independeimfrastructurethatis com-

monacrossawide rangeof searchapplications.

Diamondapplicationsaim to reducethe load on the
userby eliminatingirrelevantdatausingdomain-speci ¢
knowledge.Queryformulationis domain-speci candis
handledby the searchapplicationatthefront end.Once
a searchhasbeenformulated,the applicationtranslates
the queryinto a setof machineexecutableasks(termed
aseachlet) for eliminatingdata,andpassesheseto the
back end. The searchletcontainsall of the domain-
speci ¢ knowledge neededfor early discard,and is a
proxy of the application(and of the user)that can ex-
ecutewithin thebackend.

Searchletaretransmittedo thebackendthroughthe
seachlet API, anddistributedto the storagedevices. At
eachstoragedevice, theruntimesystemiterateshrough
the objectson the disk (in a system-determinedrder)
andevaluatesthe searchlet.The searchletonsistsof a
setof lters (seeSection5), eachof which caninde-
pendentlydiscardobjects. Objectsthat passthroughall

Iters in a searchletare deemednteresting,and made
availableto the domainapplicationthroughthe search-
let API.

Thedomainapplicationrmayperformfurtherprocess-
ing on the interestingobjectsto seeif they satisfythe



users request. This additionalprocessingcanbe more
generalthan the processingoerformedat the searchlet
level (which wasconstrainedo theindependengvalua-
tion of a singleobject). For instancethe additionalpro-
cessingmayincludecross-objectorrelationsandauxil-
iary databaseOncethe domainapplicationdetermines
that a particularobject matchesthe users criteria, the
objectis shavn to the user When processinga large
dataset,it isimportantto presentheuserwith resultsas
soonasthey appear Basedon thesepartial results,the
usercanre ne the queryandrestartthe search.Query
re nement leadsto the generationof a nev searchlet,
whichis onceagain executedby the backend.

3.1 Searhlets

3.1.1 Searhlet Structure

The searchleis an application-speci cproxy that Dia-
mondusego implementearlydiscard.It consistof aset
of Iter sandsomecon gurationstate(e.g., Iter param-
etersand dependenciebetween Iters). For example,
a searchleto retrieve portraitsof peoplein dark busi-
nesssuits might containtwo Iters: a color histogram
Iter that nds darkregionsandanimageprocessingl-
terthatlocateshumanfaces.

For eachobject, the runtimeinvokeseachof the |-
tersin anef cient order consideringooth Iter costand
selectvity (seeSection5.2). Thereturnvaluefrom each
Iter indicateswhetherthe objectshouldbe discarded,
in which casethe searchleevaluationis terminated.If
anobjectpassesll of the Iters in thesearchletit is sent
to thedomainapplication.

Beforeinvoking the rst Iter, the runtime malesa
temporarycopy of the object. This copy existsonly un-
til the objectis discardedor the searchterminates.al-
lowing the Iters to sharestateandcomputatiorwithout
compromisinghe storedobject.

One Iter canpassstateto another Iter by adding
attributes(implementedasname-aluepairs)to thetem-
poraryobjectbeingsearchedThesecondlter recovers
this stateby readingtheseattributes. If the secondlter
requiresattributeswritten by the rst Iter, thenthecon-
guration mustspecifythatthesecondlter depend®n
the rst Iter. Theruntimeensureghat lters areevalu-
atedin anorderthatsatis estheirdependencies.

The Iter functionsare sentas object codeto Di-
amond. This choice of object code insteadof alter
natives, suchasdomain-speci clanguageswasdriven
by several factors. First, mary real-world applications
(e.g., drug discovery) may contain proprietary algo-
rithms where requiring sourcecode is not an option.
Second,we want to encouragedevelopersto leverage
existing librariesandapplicationgo simplify the devel-
opmentprocess. For instance,our imageretrieval ap-
plication (describedn Section4) relies heaiily on the

OpenCV[8] imageprocessindibrary.
Executingapplication-preidedobjectcoderaisesse-
rioussecurityandsafetyimplicationsthatarenot specif-
ically addressedby the currentimplementation. Exist-
ing techniquessuchas processesyirtual machinesor
softwarefaultisolation[31], could beincorporatednto
future implementations. Additionally, Diamond never
allows searchletso modify the persistenfon-disk)data.

3.1.2 Creating Searchlets

Searchletganbe generatedy a domainapplicationin
responsdo a users queryin a numberof ways. The
most straightforvard methodis for domain expertsto
implementa library of Iter functionsthat are made
availableto the application. The userspeci esa query
by selectingthe desired Iters andsettingtheir parame-
ters(typically usinga GUI). Theapplicationdetermines
Iter dependencieandassembletheselectedunctions
andparameterinto a searchletThis workswell for do-
mainswherethespaceof usefulearlydiscardalgorithms
is well spannedyy a small setof functions(potentially
augmentedby a rich parametespace).Thesefunctions
couldalsobeprovided (in binaryform) by third-parties.

Alternately the domain applicationcould generate
code on-the-y in responseo the users query One
could ervision an applicationthat allows the userto
manuallygeneratesearchletcode. We believe that the
best methodfor searchletcreationis highly domain-
dependentandthe bestway for a humanto specifya
searchis anopenresearchyuestion.

3.2 Keylnterfaces

The Diamondarchitecturede nesthreeAPIs to isolate
componentsthe searchlefAPI, the Iter APl andasso-
ciative DMA. Thesearebrie y summarizedelow.

The seachlet API provides the interfacethat ap-
plicationsuseto interactwith Diamond. This API
providescallsto querydevice capabilities scopea
searchto a speci c collectionof data,load search-
lets,andretrieve objectsthatmatchthe search.

The lter APIde nestheinterfaceusedby the lter
functionsto interactwith the storageaun-timeervi-
ronment. This API providesfunctionsto readand
write objectcontentsaswell asfunctionsto read
andwrite objectattributesto sharestateamong I-
ters.Any change®nly affectthetemporaryersion
of theobject.

AssociativeDMA isolatesthe hostandthe storage
implementations.This API abstractghe transport
mechanisnand o w controlbetweerhostandstor
agerun-timesystems.Associatve DMA alsopro-
videsa commoninterfacethatenabledDiamondto
emplo diverseback-endmplementationsvithout
modi cationsto the hostruntime.



3.3 Hostand StorageSystems

The host systemis wherethe domainapplicationexe-
cutes.The userinteractswith this applicationto formu-
late searchesindto view results. Diamondattemptsto
balancecomputatiorbetweerthe hostand storagesys-
tems.To facilitatethis, storagedevicesmay passunpro-
cessedbjectsto the hostruntime,dueto resourcdim-
itationsor otherconstraints.The hostruntimeevaluates
thesearchletif necessanyif the objectis notdiscarded,
it is madeavailableto the domainapplication.The stor
agesystemprovidesa genericinfrastructurefor search-
let execution; all of the domain-speci cknowledgeis
completelyencapsulateih the searchlet. This enables
the sameDiamondback-endto sene differentdomain
applicationgsimultaneouslyif necessary).

Diamondis well-suitedfor deploymentonactive stor
age,but suchdevicesarenot commerciallyavailableto-
day, nor arethey likely to becomepopularwithoutcom-
pelling applications.Diamondprovidesa programming
modelthatabstractshe storagesystemgnablingthede-
velopmentof applicationghatwill seamlesslyntegrate
with active storagedevicesasthey becomeavailable.

Diamonds currentdesignassumeghat the storage
systencanbetreatedasobjectstoragq30]. Thisallows
thehostto beindependentf the datalayouton the stor
agedevice andshouldallow usto leveragetheemeping
objectstorageindustrystandards.

4 Diamond Applications

Diamondprovidesa generalfframework for building in-
teractize searchapplications All of the domain-speci c
knowledgeis containedn the front-endapplicationand
in the searchletsTo illustratethe processconsiderthe
problemof drugcandidatedesign.
Givenatargetprotein,achemistmustsearctthrough
alarge databasef 3D ligandstructurego identify can-
didateghatmayassociatstronglywith thetarget. Since
accuratecalculationof the binding free enepgy of a par
ticular ligandis prohibitively expensve, suchprograms
couldbene t from userinput to guidethe searchn two
ways. First, the chemistcould adjustthe granularity
of the search(tradingaccuray for speed).Secondthe
chemistcouldtesthypothesesbouta particularligand-
proteininteractionusing interactve moleculardynam-
ics [14]. In Diamond, the former part of the search
couldbedownloadedo thestoragedevice while thelat-
ter couldbe performedon the chemists graphicalwork-
station.Earlydiscardwouldrejecthopelessigandsfrom
consideratiorallowing the chemistto focusattentionon
the more promising candidates. If noneof the initial
candidategproved successfulthe chemistwould re ne
the searchto be lessselectve. This exampleillustrates
someof thecharacteristicthatmake anapplicationsuit-

ablefor earlydiscard.First, thattheuseris searchindor
speci c instanceof datathatmatcha queryratherthan
aggregatestatisticsaboutthe setof matchingdataitems.
Secondthatthe users criteriafor a successfuimatchis
oftensubjectve, potentiallyill-de ned, andtypically in-
uenced by the partial resultsof the query Third, that
the mappingbetweerthe users needsandthe matching
objectss toocomple for it to becapturedy abatchop-
eration.An everydayexampleof suchadomainisimage
searchtheremainderof this sectionpresentsSnapFind,
a prototypeapplicationfor this domainbuilt usingthe
Diamondprogrammingmnodel.

4.1 SnapFind Description

SnapFindwas motivated by the obseration that digi-
tal camerasllow usersto generatehousandsf photos,
yetfew usershave the patienceo manuallyindex them.
Userstypically wish to locatephotosby semanticcon-
tent(e.g., “show mephotosfrom ourwhalewatchingtrip
in Hawaii”); unfortunately computervision algorithms
arecurrentlyincapableof understandingmagecontent
to this degree of sophistication. SnapFinds goal is to
enableusersto interactvely searchthroughlarge col-
lectionsof unlabeledohotographdy quickly specifying
searchletshatroughly correspondo semanticontent.
Researcln imageretrieval hasattractecconsiderable
attentionin recentyearg11,29]. However, prior work in
this areahaslargely focusedon whole-imagesearches.
In thesesystemsimagesaretypically processedff-line
andcompactlyrepresentedsa multi-dimensionalvec-
tor. In other systems,jmagesare indexed of ine into
several semanticcateyories. Theseenableusersto per
form interactve queriesin a computationally-etient
manner;however, they do not permit queriesaboutlo-
cal regionswithin animagesinceindexing every subre-
gion within animagewould be prohibitively expensve.
Thus, whole-imagesearchesre well-suitedto queries
correspondingo generalimagecontent(e.g., “nd me
animageof a sunset”)but poor at recognizingobjects
thatonly occupy a portion of theimage(e.g.,, “nd me
imagesf peoplewearingjeans”). SnapFindxploits Di-
amonds ability to exhaustiely processa datasetusing
customizedlters, enablingusersto searchfor images
that containthe desiredcontentonly in a small patch.
The remainderof this sectiondescribesSnapFindand
presentaninformal validationof earlydiscard.
SnapFind allows usersto create comple image
gueriesby combiningsimple Iters thatscanimagesfor
patchesontainingparticularcolor distributions,shapes,
or visual textures (detailedin a technicalreport[19]).
The user can either selecta pre-de ned Iter from a
palette(e.g., “frontal humanfaces”or “oceanwaves”)
or createnew lters by clicking on samplepatchesin
otherimages(e.g., creatinga “blue jeans” color Iter



Figure 3: SnapFind - a proof-of-concept image search
application designed using the Diamond programming
model. Users can search a large image collection using
customized lters. Here, the user has Itered for regions
containing water texture (marked with white boxes). The
Iter correctly identi es most of the water in the images,
but occasionally makes errors; for example, the sky in the
bottom right image is incorrectly labeled as water.

by giving half a dozenexamples). Indexing is infeasi-
ble for two reasonsy1) theusermayde ne new search
Iters at querytime; (2) the contentof the patchesis
typically high-dimensional. Whenthe usersubmitsthe
qguery SnapFindgenerates searchleaindinitiatesa Di-
amondsearch.Diamondtypically executesa portion of
thequeryatthestoragedevice, enablingearly discardto
rejectmary imagesn theinitial stagesf the pipeline.

4.2 SnapFind UsageExperience

We designedsome simple experimentsto investicate
whetherearly discardcan help exhaustie search. Our
chosentask was to retrieve photosfrom an unlabeled
collectionbasedon semanticcontent. This is a realis-
tic problemfor ownersof digital camerasndis alsoone
thatuntraineduserscanperformmanually(given suf-
cientpatience) We exploredtwo cases(1) purelyman-
ual searchwhereall of the discardhappensat the user
stagey2) usingSnapFind Both scenariosisedthesame
graphicalinterface(seeFigure 3), wherethe usercould
examinesix thumbnailsper page,magnify a particular
image(if desiredlandmarkselectedmages.

Our datasetcontainedl8,286photographgapprox-
imately 10,000 personalpictures, 1,000 photos from
a corporatewebsite, 5,000 imagescollected from an
ethnographicsurney and 2,000 from the Corel image
CD-ROMs). Thesewere randomly distributed over
twelve emulatedactive storagedevices. Userswere
giventhreeminutesto tackle eachof the following two
gueriesy(S1) nd imagescontainingwindsurfersor sail-
boats}(S2) nd picturesof peoplewearingdarkbusiness
suitsor tuxedos.

For the manualscenariowe recordedhe numberof
imagesselectedby the user(correcthits matchingthe
query) along with the numberof imagesthat the user
viewedin theallotedtime. Userscould pagethroughthe

MANUAL DIAMOND
user user system early
hits seen| hits seen seen discard
S1
al| 7 684 | 46 396 18,286 97.8%
b| 8 774| 39 396 18,286 97.8%
c| 13 966 | 46 396 18,286 97.8%
S2
al| 29 600| 29 78 15,286 99.5%
b| 18 612 | 29 74 15,362 99.5%
c| 24 630 29 74 15,198 99.5%

Table 1: SnapFind user study - Results of an informal
interactive search experiment using SnapFind. Users
(a,b,c) were given three minutes to locate photographs
matching each query (S1 and S2) in a collection of
18,286 images.

imagesat their own pace,and Table 1 showvs thatusers
scannedhe imagesrapidly, viewing 600-1,000mages
in threeminutes. Even at this rate of 2-5 imagesper
secondthey wereonly ableto processabout5% of the
total data.

For the SnapFindscenariothe userconstructeaarly
discardsearchletsimply by selectingone or moreim-
ageprocessinglters from a paletteof pre-de ned I-
ters, con gured lter parameterausing the GUI, and
combinedthem using booleanoperators. Imagesthat
satis edthe ltering criteria(i.e., thosematchinga par
ticular color, visual texture or shapedistribution in a
subrgyion) were shavn to the user Basedon partial
results,the usercould generatea new searchlety se-
lecting different Iters or adjustingparameters.As in
themanualscenariothe userthenmarkedthoseimages
thatmatchedhequery For S1,theearlydiscardsearch-
let was a single “watertexture” lter trainedon eight
32 32 patchescontainingwater For S2,the searchlet
wasa conjunctionof a color histogram Iter combined
with a facedetector Table 1 shavs theseresults,and
searchletaredetailedin Table?2.

For S1, SnapFindsigni cantly increaseshe number
of relevantimagesoundby the user Diamondis ableto
exhaustvely searctthroughall of thedata,andearlydis-
cardeliminatesalmost98% of the objectsat the storage
devices. This shawvs how early discardcan help users

nd agreatemumberof relevantobjects.

For S2,theimprovement,asmeasuredby hits alone,
is lessdramatic but earlydiscardshaws a differentben-
e t. Although Diamondfails to completethe exhaus-
tive searchin threeminutes(it processesbout85% of
the data),the userachiezesapproximatelyasmary hits
asin the manualscenariovhile viewing 88% fewer im-
ages.For applicationswherethe useronly needsa few
imagesgarlydiscardis idealbecausé signi cantly de-
creaseshe users effort. By displayingfewer irrelevant



items,the usercandevote moreattentionto the promis-
ing images.

5 Prototype Implementation

Our Diamond prototypeis currently implementedas
user processesunning on Red Hat Linux 9.0. The
searchlefAPI andthehostruntimeareimplementedisa
library thatis linkedagainstthedomainapplication.The
host runtime and network communicationare threads
within this library. We emulateactive storagedevices
usingoff-the-shelfsenerhardwarewith locally-attached
disks. The active storagesystemis implementedas a
daemon.Whena new searchis started new threadsare
createdfor the storageruntime andto handlenetwork
anddisk I/0. Diamonds objectstoreis implementedas
alibrary thatstoresobjectsas les in thenative le sys-
tem. Associatve DMA is currentlyunderde nition; Di-
amondusesawrappetibrary built on TCP/IPwith cus-
tomizedmarshallingfunctionsto minimize datacopies.
Theremainderof this sectiondetailsDiamonds two
primarymechanismfor ef cient earlydiscard:run-time
partitioning of computationbetweenthe hostand stor
agedevices,anddynamicorderingof Iter evaluationto
rejectundesirablelataitemsasef ciently aspossible.

5.1 Dynamic Partitioning of Computation

As discussedn Section2, bottlenecksin exhaustve
searchpipelinesare not static. Diamondachie/es sig-
ni cant performanceene ts by dynamicallybalancing
the computationaktask betweenthe active storagede-
vicesandthe hostprocessor

The Diamond storageruntime decideswhetherto
evaluatea searchletocally or atthehostcomputer This
decisioncan be differentfor eachobject, allowing the
systento have ne-grainedcontroloverthepartitioning.
Thus,evenfor searchletshat consistof a singlemono-
lithic Iter, Diamondcan partition the computationon
a perobjectbasisto achieve the ratio of processingde-
tweenthe storagedevicesandthe hostthat providesthe
bestperformanceTheability to make thesene-grained
decisionss enabledby Diamonds assumptiorthat ob-
jectscanbe processedn ary order andthat lters are
stateless.

If the searchletonsistsof multiple Iters, Diamond
could partitionthe work sothatsome lters executeon
the storagedevices and the remainderexecuteon the
host;the currentimplementatiordoesnot considersuch
partitionings.Diamondcouldalsodetectwhenthereare
mary objectswaiting for userattentionand chooseto
evaluateadditional Iters to discardmoreobjects.

The currentimplementationsupportstwo methods
for partitioning computationbetweenthe hostand the
storagedevices. The effectivenessof thesemethodsin
practiceis evaluatedn Section6.3.

5.1.1 CPU Splitting

In this method,the hostperiodicallyestimatests avail-
able computeresourcegprocessoicycles), determines
how to allocatethem amongthe storagedevices, and
sendsa messagéo eachdevice. The storagedevice re-
ceivesthis messagegstimatests own computationate-
sourcesanddetermineshepercentagef objectsto pro-
cesslocally. For example,if a storagedevice estimates
that it has100 MIPS andreceves a slice of 50 MIPS
from the host, thenit shouldchooseto process2/3 of
theobjectdocally andsendtheremaining(unprocessed)
objectsto the host. CPU splitting hasa straightforvard
implementationwheneer the storageruntimereadsan
object,it probabilisticallydecidesvhetherto procesghe
objectlocally.

5.1.2 QueueBack-Pressue

QueueBack-PressurdQBP) exploits the obsenation
that the length of queuesbetweencomponentsn the
searctpipeline(seeFigurel) provide valuableinforma-
tion aboutoverloadedresources.The algorithmis im-
plementedhsfollows.

When objectsare sentto the host, they are placed
into a work queuethatis servicedby the hostruntime.
If the queuelength exceedsa particularthreshold,the
hostrefusesto acceptnen objects. Wheneer the stor
ageruntime hasan objectto process,it examinesthe
lengthof its transmitqueue. If the queuelengthis less
than a threshold,the objectis sentto the hostwithout
processing.If the queuelengthis above the threshold,
the storageruntime evaluatesthe searchleton the ob-
ject. This algorithm dynamicallyadaptsthe computa-
tion performedat the storagedevicesbasedon the cur-
rent availability of downstreamresources. When the
hostprocessoor network is abottleneckthestoragede-
vice performsadditionalprocessingn the data,easing
thepressur@ndownstreanresourcesintil dataresumes
its ow. Cornversely if the downstreanqueuesegin to
empty the storageruntimewill aggressiely pushdata
into the pipelineto preventthe hostfrom becomingdle.

5.2 Filter ordering

A Diamond searchletconsistsof a setof Iters, each
of which canchooseto discarda given object. We as-
sumethatthe setof objectsthatpasghroughaparticular
searchlets completelydeterminedy thesetof lters in
the searchlet(and their parameters).However, the |-
ter orderdramaticallyimpactsthe ef ciency with which
Diamondprocessea largeamountof data.

Diamond attemptsto reorder the lters within a
searchletto run the most promisingonesearly. Note
thatthe best Iter orderingdependsnthesetof lters,
theusersquery andtheparticulardataset. For example,
considerauserwhois searchinglargeimagecollection
for photosof peoplein dark suits. The applicationmay



determinghata suitablesearchlefor this tasksincludes
two Iters (seeTable3): afacedetectothatmatchesm-
agescontaininghumanfaceq lter F1);andacolor Iter
thatmatchegdarkregionsin theimage( Iter F3). From
the table, it is clearthat F1 is more selectve than F3,
but also much more computationallyexpensve. Run-
ning F1 rst would work well if the datasetcontained
a large numberof night-time photos(which would suc-
cessfullypassF3). Onthe otherhand,if the collection
containeda large numberof baby pictures,running F1
earlywould be extremelyinef cient.

The effectivenessof a Iter dependauponits selec-
tivity (passate)andits resourceequirementsThetotal
costof evaluating Iters overanobjectcanbeexpressed
analyticallyasfollows. Givena lter, Fi, let usdenote
thecostof evaluatingthe Iter asc(Fi), andits passate
asP(Fi). In generalthepasgatesfor thedifferent Iters
maybecorrelatede.g., if animagecontainsa patchwith
watertexture, thenit is alsomorelikely to passthrough
abluecolor Iter). We denotethe conditionalpassrate
for a Iter Fi thatis processingbjectsthatsuccessfully
passedlters Fa, Fb, Fc by P(FijFa;Fb;Fc). Theav-
eragetimeto processanobjectthrougha seriesof Iters
FO:::Fnis givenby thefollowing formula:

C = ¢(FO)+ P(FO)c(F1)+ P(F1jFO)P(FO)c(F2) +
P(F2jF1;FO)P(F1jFO)P(FO)c(F3) +

The primary goal of choosinga Iter orderis to mini-
mize this costfunction. To perform this optimization,
the systerneedgshe costsof thedifferent lters andthe
conditionalpassrates. Diamondestimateghesevalues
duringasearchleexecutionby varyingtheorderthe |-
tersareevaluatedandmeasuringhe passatesandcosts
over anumberof objects.

5.2.1 Partial Orderings

Allowing lters to useresultsgeneratedby other I-
ters enablessearchletgo: (1) usegenericcomponents
to computewell-known propertiesy2) reusethe results
of other Iters. For instance,all of the color lters in
SnapFindseeSection4) rely on a commondatastruc-
turethatis generatedby anauxiliary lter. Filter devel-
operscanexplicitly specifytheattributesthateach lter
requires,andthesedependencieare expresseds par-
tial ordering constraints. Figure 4 shavs an example
of a partial order The forward arrows indicatean "al-
lows' relationship. For example,“Reader”is a prereq-
uisite for “Histogram” and “Waterexture”, and“Red”
and“Black” areprerequisitegor “ColorTest”. The Iter
orderingproblemis to nd alinear extensionof the par
tial order Figure5 shavs onepossibleorder Notethat
nding a paththroughthis directedagyclic graphis not
sufcient; all of the Iters in thesearchlestill needto be
evaluated.
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Figure 4: Example partial ordering - “Reader” must be
executed before “Histogram” and “WaterTexture”. “His-
togram” must be evaluated before “Red” and “Black”.
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Figure 5: Linear Extension - a possible ordering for the
Iters shown in Figure 4.

5.2.2 Ordering Policies

The Iter ordering policy is the methodthat Diamond
usedfor choosinghesequencéor evaluatingthe Iters.
We describethreepoliciesbelow.

Independent: assumeghat thereis no correla-
tion betweerP(Fi) andP(F j), or c(Fi) andc(F j).
Using this assumptiorwe can nd an optimal se-
guenceby sortingon c(Fi)=P(Fi) [24]. In practice
the correlationshetweenlters may causehis pol-
icy to performpoorly.

Hill climbing (HC): picksarandomsequencé&om
the spaceof all legal linear extensions. The pol-
icy attemptsto iteratively improve the order by
swappingadjacentlters until a local minimumis
reached.Multiple randomrestartsare usedto re-
ducesensitvity to the startingpoint.

Best lter rst (BFF): iteratively expandsa list
of valid sub-sequencet® nd the optimal Iter
sequence. BFF initializes a list with the set of
single-elemensub-sequencesnsistingof the |-
tersthathave no dependencieBFF thenremores
the cheapessub-sequencom thelist, computes
all valid sub-sequencethat are one lter longes
and reinsertsthem into the list. BFF terminates
whenthe cheapessub-sequencis complete;this
is anoptimalsequenceThealgorithmis motivated
by the obsenation that later Iters typically have
lessimpacton the averagecostthanearlier lters,
becausehe overall passprobability dropsas one
goesdeepetn the Iter chain.



6 Experimental Evaluation

This sectionpresentempiricalresultsfrom a variety of

experimentsusing SnapFindrunning on the Diamond
implementatiordescribedn Section5. The active stor

agedeviceswereemulatedusingrack-mountedomput-
ers(1.2GHzIntel R Pentium®R 11l processors512MB

RAM and 73 GB SCSIldisks),connectedvia a 1 Gbps
Ethernetswitch. The hostsystemcontaineda 3.06 GHz

IntelR Pentium® Xeon™processqr2 GB RAM, and
a 120 GB IDE disk. The hostwas connectedvia Eth-

ernetto the storageplatforms. We variedthe link speed
betweenl Gbpsand100Mbpsdependingon the exper

iment. Someexperimentgequiredusto emulateslower
active storagedevices;this wasdoneby runninga real-
time taskthatconsumed x ed percentagef the CPU.
Theseexperimentsemplgy homogeneoubaclends.

6.1 Description of Searchlets

We evaluateDiamondusingthe setof queriesenumer
atedin Table 2. Theseconsistof real queriesfrom
SnapFindsearchesupplementedy several synthetic
gueries. The searchletsare describedin Table 2, and
the lters usedby thesesearchletsirelistedin Table3.

The Water (S1) and BusinessSuits (S2) queries
match the tasks we used in Section4. The Hal-
loween(S3) queryis similar to BusinessSuitswith an
additional Iter. The three syntheticqueries(S4—S6)
are usedto test Iter orderingandthe two Dark Patch
guerieqS7,S8)areusedto illustratebottleneckdor dy-
namicpartitioning.

Table3 providesa setof measurementsummarizing
the discardrate and the computationakostof running
the various Iters. We determinedthese Iter charac-
teristicsby evaluatingeach lter over the objectsin our
imagecollection (describedn Section4). The overall
discardrateis thefractionof objectsdroppeddivided by
the total numberof images,andthe costis the average
numberof CPU millisecondsconsumed.Filters FO—F5
aretakenfrom SnapFind Theother Iters weresynthet-
ically generatedvith speci c characteristics.

The searchletss5 and S6 were designedo examine
the effect of Iter correlation. F14, F15 and F16 are
correlated:P(F14;F15;,F16) 6 P(F14)P(F15P(F16).
F17,F18andF19areuncorrelatedP(F17;F18;F19) =
P(F17)P(F18)P(F19).

6.2 Disk and Host Processing”ower

Our rst measurementexaminehow variationsin sys-
temcharacteristicehumberof storagedevices,intercon-
nectbandwidth,processoperformancequeries)affect
theaveragdeime neededo proces®achobject.For each
con guration,we measureéhecompletiontime for a dif-

ferent static partitioning betweenthe host and storage
devices. A particularpartitionis identi ed by percent-
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Figure 6: Compute Limited - This graph shows how the
average time spent processing an object varies with the
percentage of the objects evaluated at the storage sys-
tem when the CPU is the bottleneck. The average time is
computed as the total search time divided by the number
of objects searched.

ageof objectsthat are evaluatedat the storagedevices.
Remainingobjectsarepassedo thehhostfor processing.

In theseexperiments eachstoragedevice has5,000
objects(1.6 GB). As the numberof storagedevicesin-
creasessodoesthetotalnumberof objectsinvolvedin a
searchFor eachcon guration, we reportthe meantime
neededfor Diamondto processeachobject (averaged
over threeruns). Our datasetwas chosento be large
enoughto avoid startuptransientsout small enoughto
enablemary differentexperiments.Using a larger data
setwould give the sameaveragetime perobject,but will
increaseaheoverall completiontime for a search.

The rst setof experimentgseeFigure6) shavs how
variationsin the relative processingpower of the host
and storagedevices affect searchtime for CPU-bound
tasks. TheseexperimentsusesearchletS3to nd pic-
turesof a child in aHalloweencostume.

We obsenre that,asthenumberof storagedevicesin-
creasesmore computationis moved to the storagede-
vices. This matchesour intuition that asthe aggreate
processingower of the storagedevicesincreasesmore
of the overall processinghouldbe doneat the storage
devices.

Whenthereis no processingat the storagedevices,
thisis equivalentto readingall of the datafrom network
storage Ontheleft-handsideof thelines,we seelinear
decreaseasprocessings movedto the storagedevices,
reducingthe load on the bottleneck. Whenmostof the
processingmnovesto the storagedevice, the bottleneck
becomeghe storagedevice andwe seeincreasesn av-
erageprocessingime. The bestcaseis the local min-
imum; this correspondso the casewherethe load be-



Query SearchleDescription CPU
Cost

Water- regionscontainingwaterwaves S1 | Usestexture®lter trainedonwatersamples. Low

BusinessSuits- imagesof peoplein dark S2 | Usesfacedetectorandcolor histogramtrainedon dark High

businessuits patchef color.

Halloween- imagesof achild in Halloween | S3 | Usesfacedetectorandcolor histogramgrainedonred High

costume patchesaanddark patchef color.

Synthetic S4 | Synthetic®lterswith inversely(non-linearly)relatedpass | Med
rateandcost.

Synthetic S5 | Three®lterswith correlatecpassrateandconstantost. Low

Synthetic S6 | Three®lterswith independenpassrate(sameasS5 Low
overall) andconstantost.

Dark PatchA - searchletvith highselectvity | S7 | Usescolor histogramtrainedon blacksamplepatch;hasa | Low
high thresholdsofew imagesmatch.

Dark PatchB - searchletvith low selectvity | S8 | Usescolor histogramtrainedon blacksamplepatch;hasa | Low
low thresholdsomary imagesmatch.

Table 2: Test Queries - The queries and associated searchlets used to evaluate the Diamond prototype.

Filter Searchlet| Discard | CPU

rate (ms)
FO - Readef(required) | S1,2,3,7,8 0 5
F1 - FaceDetect S2,3 99% 530
F2 - Histogram S2,3,7,8 0 20
F3 - Black(req.F2) S2 83% 2
F3a- Black(req.F2) S7 99% 2
F3b- Black (req.F2) S8 78% 2
F4 - Red(req.F2) S2 99% 2
F5 - Wave Texture S1 95% 14
F6 - Synthetic 20% 2
F7 - Synthetic 22% 4
F8 - Synthetic 26% 8
F9 - Synthetic sS4 29% 16
F10- Synthetic 31% 32
F11- Synthetic 33% 64
F12- Synthetic 36% 128
F13- Synthetic 36% 256
F14 50% 1
F15- Synthetic S5 40% 8
F16 30% 8
F17 50% 1
F18- Synthetic S6 40% 8
F19 30% 8

Table 3: Filter s - The discard rate is over a collection of
18,286 images. FO and F2 are helper Iters that do not
discard data. The lters in S5 are correlated; those in S6
are uncorrelated.

tweenthehostandthe storagedevicesis balancedNote
that Diamondbene ts from active storageeven with a
smallnumberof storagedevices.

Our next measurementéseeFigure 7) examinethe
network-boundcaseusing searchletsS7 and S8. Both
searchlet$ook for asmalldarkregion andarerelatively
cheapto compute.S7rejectsmostof the objects(highly
selectve) while S8passesilargerfractionof theobjects
(non-selectie).
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Figure 7: Network Limited - This graph shows how the
average time per object varies with the percentage of
objects evaluated at the storage system when the net-
work is the bottleneck. The average time is computed
as the total search time divided by the number of objects
searched.

Theseexperimentsdemonstrateéhat as the network
becomeghe limiting factor more computationshould
be performedat the storagedevice. We also seethat
thesdines atten outatthepointwherereadingthedata
fromthediskbecomes bottleneck. Theuppertwo lines
shav S7andS8runningonal100Mbpsnetwork. We see
thatS8is alwaysslower, evenwhenall of the computa-
tion is performedat the storagedevice. This is because
S8 passes large percentagef the objects,creatinga
datatransferbottleneckin all cases.

6.3 Impact of Dynamic Partitioning

This sectionevaluatesthe effectivenessof the dynamic
partitioning algorithmspresentedn Section5. As a
baselinemeasurementye manually nd the ideal par
titioning basedon the resultsfrom the previous sec-
tion. We then comparethe time neededto complete
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Figure 8: Dynamic Partitioning - This graph compares
the performance of two automated partitioning algo-
rithms against a hand-tuned manual partitioning.

thesearchusingthis manualpartitioningto thosefor the
two dynamically-adjustingchemesCPU Splittingand
QueueBadk-Pressue (QBP).

For thesetests, we use both a CPU-boundtask
(searchles3) anda network-boundtask(searchleS7).
We run eachtaskin avarietyof con gurationsandcom-
paretheresultsasshavn in Figure8.

In all of thesecasesthe QBPtechniquegivessimilar
performancdo the BestManualtechnique.CPU Split-
ting doesnot performaswell in mostof the casesfor
two reasonskFirst, in the network-boundtask(searchlet
S7), the bestresultsare obtainedby processingll ob-
jectsatthestoragedevices. CPUSplitting alwaystriesto
processa fraction of the objectson the host,evenwhen
sendingdatato the hostis the bottleneck. QBP detects
thenetwork bottleneckandprocessetheobjectdocally.
Secondrelative CPU speedsarea poor estimateof the
time neededo evaluatethe Iters. Mostof thesesearch-
lets involve striding over large datastructuregimages)
so the computationtendsto be boundby memoryac-
cess,not CPU. As a result, increasingthe CPU clock
ratedoesnot give a proportionaldecreasén time. It is
possiblethat more sophisticatednodelingwould make
CPU Splitting more effective. However, given thatthe
simple QBP techniqueworks sowell, thereis probably
little bene t to pursuingthatidea.

6.4 Impact of Filter Ordering

This sectioncompareshedifferentpoliciesdescribedn
Section5.2.2,andillustratesthe signi canceof Iter or-
dering. We usesearchlet$s1-S6,which are composed
of the Iters detailedin Table3. This experimentelim-
inatesnetwork andhosteffectsby executingentirely on
asinglestoragedevice andcomparedlifferentlocal op-
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Figure 9: Filter Ordering - Execution time for evaluating
searchlets using different ordering policies, normalized to
the Of ine Best policy.

timizations. Total time is normalizedto the Of ine Best
policy; thisis thebestpossiblestaticordering(computed
usinganoracle),andprovidesa boundon the minimum
time neededo processa particularsearchlet. Random
picks a randomlegal linear order at regular intervals.
Thisis thesimplestsolutionthatavoidsadwersarialworst
caseswithout extra state,andwould be a goodsolution
if Iter orderingdid not matter

Figure 9 shawvs that completiontime variessigni -
cantly with different Iter orderingpolicies. The poor
performanceof Randomdemonstratethat lter order
ing is signi cant. Thereis a uniquelegal orderfor S1,
andall methodspick it correctly Independentnds the
optimal orderingwhen Iters areindependentasin S6,
but cangeneratexpensve orderingsvhenthey arenot,
asin S5. Hill Climbingsometimegperformspoorly be-
causdt cangettrappedn localminima. BestFilter Fir st
is a dynamictechniqueghatworks aswell asindepen-
dent(it hasaslightly longercorvergencetime) with in-
dependentters, andhasgoodperformancevith depen-
dent Iters. Thedynamictechniquespendime explor-
ing the searchspace sothey alwayspay a penaltyover
the Ofine Bestpolicy. This is more pronouncedwith
more lters, asin S4.

The next experiment examines Diamond perfor
mancewhendynamicpartitioningand Iter orderingare
run concurrently For our baselinemeasurementye
manually nd thebestpartitioningandthebest Iter or-
deringfor eachcon guration. Wethencomparghetime
neededo executesearchleS3agninsttwo testcaseghat
usedynamicadaptation. The rst usesdynamicparti-
tioning (QBP)andthe Iter ordering(BFF); the second
usesdynamicpartitioning (QBP) andrandomizedIter
orders.Figurel0shavstheresultsof thesesxperiments.
As expected,the combinationof dynamic partitioning
anddynamic Iter orderinggivesusresultsthatareclose
to the bestmanualpartitioning. Random Iter ordering
performslesswell becaus®f thelongertime neededo
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Figure 10: Dynamic Optimizations - Execution times
for evaluating searchlets using a combination of dynamic
partitioning and lter ordering, compared against a hand-
tuned algorithm.

processeachobject.

6.5 Using Diamond on Lar ge Datasets

To betterunderstandhe impact of Diamond on real-
world problems,we considera typical scenario: how
much data could a usersearchin an afternoon? The
results from Figure 10 shav that Diamond can pro-
cess40,0000bjects(8 storagedevices with 5,000 ob-
jectseach)in 247 seconds.Thus,given four hours,the
usershouldbeableto searctthrough2.3million objects
(approximately0.75 TB) usingthe samesearchlets.In
the caseof searchletS3, this would imply thatthe user
shouldseeabout115 objects. However, sincethe num-
ber of objectsseenby the useris sensitve to searchpa-
rametersandthe distribution of dataon the storagede-
vice, it couldvary greatlyfrom this estimate.

Althoughraw performanceshouldscaleasdisksare
added the limitations imposedby the userandthe do-
mainapplicationarelessclear For instancejn thedrug
discovery applicationdescribedn Section4, the users
think-time may be the limiting factor even when Dia-
mond discardsmost of the data. Corversely in other
domains,the averagecomputationatostof a searchlet
could be so high that Diamondwould be unableto pro-
cessall of thedatain the allotedtime. Thesequestions
are highly domain-dependergndlie beyond the scope
of this paper

As we discussedn the introduction,the currentim-
plementatioris focusedon pure brute-forcesearch put
other complimentarytechniquescan be usedto im-
prove performance. One techniquewould be to use
pre-computedndicesto reducethe numberof objects
searched For example, Iter F1from Table3 couldbe

usedto build anindex of picturescontainingfaces.Us-
ing thisindex would reducethe searcrspaceiy 99%for
ary searchletshatuse Ilter F2.

Another complimentarytechniqueis to take advan-
tageof cachedresults. In certaindomains,a usermay
frequentlyre ne asearchlebasedon partialresultsin a
mannerthat leaves most of its lters and their param-
etersunchanged. For instance,in SnapFind,the user
may modify a searchby addinga Iter to the existing
setof lters in the searchlet. Whenre-executinga |-
ter with the sameparametersDiamondcould gain sig-
ni cant computationabene ts by retrieving cachedre-
sults. However, cachingmay provide very little bene-
t for otherapplications.For instancea Diamondap-
plicationthatemploys relevancefeedbaclf16] typically
adjusts lter argumentsat eachiterationbasedon user
provided feedback. Sincethe Iter amgumentsare dif-
ferentwith eachsearchthe useof cachedinformation
becomegnoredif cult. We planto evaluatethe bene-
ts of cachingaswe gain more experiencewith other
Diamondapplications.

7 RelatedWork

To the bestof our knowledge,Diamondis the rst at-
temptto build a systemthatenablesf cient interactie
searchof large volumesof comple&, non-indexed data.
While uniguein this regard, Diamonddoesbuild upon
mary insightsandresultsfrom previouswork.

Recentwork on interactive data analysis[15] out-
linesanumberof new technologieshatwill berequired
to make databaseystemssinteractive asspreadsheets
— requiring advancesin databasesgdata mining and
human-computemteraction. Diamond and early dis-
cardarecomplementaryo theseapproachesproviding
abasicsystemgrimitive thatfurthersthe promiseof in-
teractive dataanalysis.

In more traditional databaseesearchadwancedin-
dexing techniquesexist for a wide variety of speci c
datatypesincluding multimediadata[10]. Work on
datacubes[13] takes advantageof the fact that mary
decisionsupportqueriesare well-knowvn to pre-process
a databaseand then perform queriesdirectly from the
more compactrepresentation.The developersof new
indexing technologymustconstantlykeepup with new
datatypes, and with newv useraccessand query pat-
terns. A thoroughsuney of indexing andthe outline of
this tensionappearin a recentdissertation27], which
alsodetailstheoreticaland practicalboundson the (of-
tenhigh) costof indexing.

Work on approximatequeryprocessingrecentlysur
veyed in [5], complementgsheseefforts by observing
that userscan often be satis ed with approximatean-
swerswhenthey aresimply usingqueryresultsto iter-



atethrougha searchproblem, exactly aswe motive in
ourinteractive searchtasks.

In addition,in high-dimensionalitydata(suchasfea-
turevectorsextractedfrom imageso supportindexing),
sequentiakcanningis often competitve with even the
mostadwancedindexing methodsbecauseof the curse
of dimensionality[6, 9,33]. Ef cient algorithmsfor ap-
proximatenearesneighborin certainhigh-dimensional
spacessuchaslocality-sensitve hashing12], areavail-
able. However, theserequirethe similarity metric be
known in adwance (so that the data can be appropri-
ately pre-indexed usingthe proximity-preservinghash-
ing functions)andthatthe similarity metric satisfycer
tain properties.Diamondaddressesearchesvherenei-
therof theseconstraintss satis ed.

In systemsresearchour work builds on the insight
of active disks[1, 20,25] wherethe movementof search
primitivesto extended-functiorstoragedeviceswasan-
alyzedin somedetail, including for image processing
applications.Additional researcthasexploredmethods
to improve applicationperformanceusing active stor
age[21,22,26,32]. Thework of Abacug2], Coign[18],
River [3] and Eddies[4] provide a more dynamicview
in heterogeneousystemswith multiple applicationsor
component®peratingat the sametime. Coignfocuses
on communicationlinks betweenapplication compo-
nents. Abacusautomaticallymoves computationbe-
tween hostsor storagedevices in a cluster basedon
performanceand systemload. River handlesadap-
tive data ow controlgenericallyin the presencef fail-
uresandheterogeneousardwareresourcesEddies[4]
adaptvely reshapesdata ow graphgo maximizeperfor
manceby monitoringtheratesatwhich datais produced
andconsumedt nodes.Theimportanceof Iter order
ing hasalsobeentheobjectof researclin databasguery
optimization[28]. The additionof earlydiscardand I-
terorderingbring anew setof semantioptimizationso
all of thesesystemswhile retainingthe basicmodel of
obsenationandadaptatiorwhile queriesarerunning.

Recenteffortsto standardizebject-basedtoragele-
vices(OSD)[30] provide the basicprimitiveson which
we build our semantic lter processing. In order to
most ef ciently processsearchletsactive storagede-
vicesmustcontainwhole objects,and mustunderstand
the low-level storagelayout. We canalsomake useof
theattributesthatcanbeassociatedvith objectsto store
intermediatelter stateandto save lter resultsfor pos-
sible re-usein future queries. Of oading spaceman-
agemento storagedevicesprovidesthe basisfor under
standingdatain the more sophisticatedvaysnecessary
for earlydiscard lters to operate.

8 Conclusion

Diamondis a systemthatsupportsnteractive dataanal-
ysis of large comple datasets. This paperarguesthat
theseapplicationgequireapplyingbrute-forcesearcho
a portion of the objects. To efciently perform brute-
forcesearcttheDiamondarchitecturaisesarly discad
topush lter processingo theedgeof thesystem— ex-
ecutingsemantiadata Iters directly at storagedevices,
andgreatlyreducingthe o w of datainto thecentralbot-
tlenecksof asystem.The Diamondarchitecturealsoen-
ablesthe systemto adaptto differenthardwarecon gu-
rationsby dynamicallyadjustingwherecomputationis
performed.

To validate our architecture,we have implemented
a prototype version of Diamond and an application,
SnapFindthatinteractiely searchegollectionsof dig-
ital images. Using this system,we have demonstrated
thatsearchindargecollectionsof imagesds feasibleand
thatthe systemcandynamicallyadaptto usethe avail-
ableresourcesuchasnetwork andhostprocessoef -
ciently.

In the future, we planto work with domainexperts
to createnew interactve searchapplicationssuchaslig-
andscreeningr satelliteimageryanalysis.Usingthese
applicationswe planto validateour approactto inter
active searchof largereal-world datasets.

Acknowledgments

Thanksto: DerekHoiemandPadmanabhar(Baku) Pil-

lai for their valuablehelp with the Diamond system;
Geneieve Bell andDavid Westgll for contrituting data
for the SnapFinduser study; Ben Janesk and David

Yaron for useful discussionson applying Diamondto

computationathemistryproblemspurshepherdChris-
tos Karamanolidor all his help; andthe anorymousre-
viewersfor feedbaclon anearlierdraft of the paper

References

[1] AcHARYA, A., UysaL, M., AND SALTZ, J. Active
disks: Programmingmodel, algorithmsand evaluation.
In Proceeding®f ASPLOS1998).

[2] AmiRi, K., PETROU, D., GANGER, G., AND GIBSON,
G. Dynamicfunction placemenfor data-intensie clus-
ter computing.In Proceeding®f USENIX(2000).

[3] ARPACI-DUSSEAU, R., ANDERSON, E., TREUHAFT,
N., CULLER, D., HELLERSTEIN, J., PATTERSON, D.,
AND YELICK, K. Clusterl/O with River: Making the
fastcasecommon. In Proceeding=f Input/Outputfor
Parallel and DistributedSystem$1999).

[4] AVNUR, R., AND HELLERSTEIN, J. Eddies: Continu-
ouslyadaptve queryprocessingln Proceeding®f SIG-
MOD (2000).



(5]

(6]

(7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

BaBcock, B., CHAUDHURI, S., AND DAS, G. Dy-
namic sampleselectionfor approximatequery process-
ing. In Proceeding®f of SIGMOD(2003).

BERCHTOLD, S., BoeHm, C., KEIM, D., AND
KRIEGEL, H. A costmodelfor nearesheighborsearch
in high-dimensionatiataspaceln Proceeding®f PODS
(May 1997).

BORAL, H., AND DEWITT, D. Databasenachines:an
ideawhosetime haspassed?A critique of the future
of databasemachines. In Proceedingsof of the Inter-
nationalWorkshopon DatabaseMachines(1983).

BRADSKI, G. Programmes tool chest: The OpenCV
library. Dr. DobbsJournal (November2000).

DUDA, R., HART, P,, AND STORK, D. PatternClassi®-
cation Wiley, 2001.

FALouTsos, C. Seaching Multimedia Databasesby
Content Kluwer Academicinc., 1996.

FLICKNER, M., SAWHNEY, H., NIBLACK, W., ASH-
LEY, J., HuANG, Q., Dom, B., GORKANI, M.,
HAFNER, J., LEE, D., PETKOVIC, D., STEELE, D.,
AND YANKER, P. Queryby imageand video content:
the QBIC system.I[EEE Computer28 (1995).

GIONIS, A., INDYK, P, AND MOTWANI, R. Similarity
searchn highdimensionwia hashing.In Proceeding®f
VLDB (1999).

GRAY, J., CHAUDHURI, S., BOSWORTH, A., LAYMAN,
A., REICHART, D., AND VENKATRAO, M. DataCube:
A relationalaggreation operatorgeneralizinggroup-by
cross-taband sub-totals. Data Mining and Knowledg
Discovery1 (1997).

GRAYSON, P., TAJKHORSHID, E., AND SCHULTEN, K.

Mechanism®f selectvity in channelandenzymestud-
ied with interactive moleculardynamics. Biophysical
Journal 85 (2003).

HELLERSTEIN, J., AVNUR, R., CHOu, A., HIDBER,
C., RAMAN, V., RoTH, T., AND HAAS, P. Interactve
dataanalysis:The CONTROL project. IEEE Computer
(August1999).

HolEM, D., SUKTHANKAR, R., SCHNEIDERMAN, H.,
AND HUSTON, L. Object-basetmageretrieval usingthe
statisticsof images. Tech.Rep.Intel ResearchRP-TR-
03-13,November2003.

Hsiao, D. Databasenachinesarecoming,databasena-
chinesarecoming.|EEE Computerl2, 3 (1979).

HUNT, G., AND ScoTT, M. The Coign automaticdis-
tributed partitioning system. In Proceedingsof OSDI
(1999).

HusTON, L., SUKTHANKAR, R., R. Wick-
REMESINGHE, M. S., GANGER, G., RIEDEL, E.,
AND AILAMAKI, A. Diamond: A storage ar
chitecture for early discard in interactve search.
Tech. Rep. IRP-TR-2004-02,Intel Research,January
2004. http://www.intel- research.net/
pittsburgh/publications.asp

[20]

[21]

[22]

(23]

[24]

[25]

[26]

[27]

(28]

[29]

[30]

[31]

[32]

[33]

KEETON, K., PATTERSON, D., AND HELLERSTEIN, J.
A casefor intelligentdisks(IDISKs). SIGMODRecod
27,3(1998).

MA, X., AND REDDY, A. MVSS: An Active Storage
Architecture. IEEE TransactionsOn Parallel and Dis-
tributedSystem44, 10 (2003).

MEMIK, G., KANDEMIR, M., AND CHOUDHARY, A.
Designandevaluationof smartdisk architecturdor DSS
commercialworkloads. In International Confeenceon
Parallel Processing2000).

MINKA, T., AND PICARD, R. Interactve learningusing
asocietyof models.PatternRec@nition 30 (1997).

PRUESSE, G., AND RUSKEY, F. Generatindinear ex-
tensionsfast. SIAM Journal on Computing23, 2 (April
1994).

RIEDEL, E., GIBSON, G., AND FALOUTSOS, C. Active
storagefor large-scaledatamining and multimedia. In
Proceeding®f VLDB (August1998).

RuBlO, J., VALLURI, M., AND JOHN, L. Improving
transactionprocessingusing a hierarchicalcomputing
sener. Tech.Rep.TR-020719-01] aboratoryfor Com-
puter Architecture, The University of Texas at Austin,
July 2002.

SAMOLADAS, V. OnIndexing Large Databasedor Ad-
vancedData Models PhDthesis,University of Texasat
Austin, August2001.

SELINGER, P., ASTRAHAN, M., CHAMBERLIN, D.,

LoORIE, R., AND PRICE, T. Accesspathselectionin a

relationaldatabasenanagemergystem.In Proceedings
of SIGMOD(1979).

SMEULDERS, A., AND WORRING, M. Content-based
imageretrieval attheendof theearlyyears.|IEEE Trans-
actionson PatternAnalysisandMachineIntelligence22,
12(2000).

ANSI T10/1355-D:SCSI Object-Basedstoragedevice
commands(OSD), September2003. http://www.
t10.org/ftp/t10/drafts/osd/

WAHBE, R., Lucco, S., ANDERSON, T. E., AND GRA-
HAM, S. L. Ef®cientsoftware-basedault isolation. In
Proceedingof the 14th ACM Symposiunon Opeiating
SystenPrinciples(Decembed 993).

WICKREMISINGHE, R., VITTER, J., AND CHASE, J.
Distributedcomputingwith load-managedctive storage.
In In IEEE International Symposiurmon High Perfor-
manceDistributedComputing(HPDC-11)(2002).

YAao, A., AND YAO, F. A generalapproachto D-
Dimensionaljeometriaqueries.In Proceeding®f STOC
(May 1985).



