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Abstract
This paperexplorestheconceptof early discard for in-
teractive searchof unindexed data. Processingdatain-
side storagedevices using downloadedsearchlet code
enables Diamond to perform ef�cient, application-
speci�c �ltering of large data collections. Early dis-
card helps userswho are looking for “needles in a
haystack”by eliminatingthebulk of theirrelevantitems
as early as possible. A searchletconsistsof a set of
application-generated�lters thatDiamondusesto deter-
mine whetheran objectmay be of interestto the user.
Thesystemoptimizestheevaluationorderof the �lters
basedon run-timemeasurementsof each�lter' s selec-
tivity and computationalcost. Diamondcan also dy-
namicallypartitioncomputationbetweenthestoragede-
vices and the host computerto adjust for changesin
hardware and network conditions. Performancenum-
bersshow thatDiamonddynamicallyadaptsto a query
and to run-time systemstate. An informal userstudy
of animageretrieval applicationsupportsourbelief that
earlydiscardsigni�cantly improvesthequality of inter-
active searches.

1 Intr oduction

How doesone�nd afew desireditemsin many terabytes
orpetabytesof complex andloosely-structureddatasuch
asdigital photographs,videostreams,CAT scans,archi-
tecturaldrawings, or USGSmaps? If the datahasal-
readybeenindexedfor thequerybeingposed,theprob-
lem is easy. Unfortunately, a suitableindex is oftennot
availableanda userhasno choicebut to performanex-
haustivesearchovertheentirevolumeof data.Although
attributessuchas the author, date,or other context of
dataitemscanrestrictthesearchspace,theuseris still
left with anenormousnumberof itemsto examine.To-
day, scanningsucha largevolumeof datais soslow that
it is only performedin thecontext of well-planneddata
mining. This is typically a batchjob thatrunsovernight
andis only rarelyattemptedinteractively [15].

Our goal is to enable interactive searchof non-
indexed data,wherethe userwishesto retrieve a small
setof importantitemsburied in a large collection. For
instance,considera surveillancescenariowherean an-
alyst is monitoringsatelliteimageryfor interestingac-
tivity aroundoil tankers. Currentimageprocessingal-

gorithmsmay be able to automaticallydiscardimages
that do not containoil tankers, but they cannotdetect
“interestingactivity”. Filtering the dataallows the an-
alyst to focusattentionon the promisingcandidatesby
signi�cantly reducingthenumberof irrelevantitems.To
make suchsystemspractical,new techniquesfor scan-
ning largevolumesof dataareneeded.We believe that
the solution lies in early discard, the ability to discard
irrelevant dataitems as quickly and ef�ciently as pos-
sible (e.g., at thestoragedevice ratherthancloseto the
user).Wehavedevelopedastoragearchitectureandpro-
grammingmodel called Diamond that embodiesearly
discard. Diamondhasbeendesignedto run on an ac-
tive disk [1, 20,25] platform, but doesnot dependon
theavailability of active storagedevices. It canbereal-
izedusingdiversestoragebackendsrangingfrom emu-
latedactivedisksonageneral-purposeclusterto storage
nodesonawide-areanetwork.

This paper focuseson pure brute-force interactive
search(i.e., whereall of the datais processedfor each
query). Studyingthis extremecaseenablesus to deter-
minethefeasibility of earlydiscardin a worst-caseset-
ting. FutureDiamondimplementationscould incorpo-
rateperformanceoptimizationssuchascachingresults
from previous queriesandexploiting indicesto reduce
thesearchtime.

This paperis organizedasfollows. Section2 intro-
ducesearlydiscard.Section3 presentstheDiamondar-
chitecture.Section4 describesaproof-of-conceptappli-
cationandan informal userstudy. Section5 discusses
implementationdetails. Section6 presentsexperimen-
tal results.Section7 summarizesrelatedwork. Finally,
Section8 concludesthepaper.

2 Background and Moti vation
2.1 Limitations of Indexing
The standardapproachto ef�cient interactive searchis
to createanof�ine index of thedata.Indexing assumes
that the mappingbetweenthe user's queryandthe rel-
evantdatacanbepre-computed,enablingthesystemto
ef�ciently organizedataso thatonly a small fraction is
accessedduring a particularsearch.Unfortunately, in-
dexing complex dataremainsa challengingproblemfor
several reasons.First, manualindexing is often infeasi-
blefor largedatasetsandautomatedmethodsfor 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 thesemanticcontentfrom many datatypesarestill
ratherprimitive (the semanticgap [23]). Second,the
richnessof the dataoften requiresa high-dimensional
representationthat is not amenableto ef�cient indexing
(aconsequenceof thecurseof dimensionality[6,9,33]).
Third, realistic userqueriescan be very sophisticated,
requiringa greatdealof domainknowledgethat is of-
tennot availableto thesystemfor optimization.Fourth,
expressingtheuser's needsin a usableform canbeex-
tremely dif�cult (e.g., “I needa photo of an energetic
puppy playingwith ahappy toddler”). All of theseprob-
lemslimit theusabilityof interactivedataanalysis[15]
today.

2.2 Importance of Early Discard
Figure1(a)showsthetraditionalarchitecturefor exhaus-
tive search. Eachdataitem passesthrougha pipeline
from thedisksurface,throughthedisk logic, overanin-
terconnectto the hostcomputer's memory. The search
applicationcanrejectsomeof the databeforepresent-
ing the restto the user. Two problemswith this design
are:(1) thesystemis unableto takefull advantageof the
parallelismat thestoragedevices;(2) althoughtheuser
is only interestedin a small fraction of the data,all of
it mustbe shippedfrom the storagedevicesto the host
machine,andthebulk of thedatais thendiscardedin the
�nal stagesof thepipeline. This is undesirablebecause
the irrelevant datawill often overloadthe interconnect
or hostprocessor.

Early discard is theideaof rejectingirrelevantdataas
earlyin thepipelineaspossible.For instance,byexploit-
ing active storagedevices,onecould eliminatea large
fractionof thedatabeforeit wassentover theintercon-
nect,asshown in Figure1(b). Unfortunately, thestorage

device cannotdeterminethe setof irrelevant objectsa
priori — theknowledgeneededto recognizetheuseful
datais only availableto thesearchapplication(andthe
user). However, if onecould imbuesomeof theearlier
stagesof the pipelinewith a portion of the intelligence
of theapplication(or theuser),exhaustive searchwould
becomemuchmoreef�cient. This is supportedby our
experiments,asdescribedin Section6.3.

For most real-world applications,the sophistication
of userqueriesoutpacesthedevelopmentof algorithms
that can understandcomplex, domain-dependentdata.
For instance,in a homelandsecuritycontext, state-of-
the-artalgorithmscanreliablydiscardimagesthatdonot
containhumanfaces. However, facerecognitionsoft-
warehasnot advancedto thepoint whereit canreliably
recognizephotosof particularindividuals.Thus,webe-
lieve thata largefractionof exhaustive searchtaskswill
be interactive in nature. Unlike a typical web search,
an interactive brute-forcesearchthrougha largedataset
coulddemandhours(ratherthanseconds)of focusedat-
tentionfrom theuser. For example,a biochemistmight
be willing to spendan afternoonin interactive explo-
rationseekingaproteinmatchinganew hypothesis.It is
importantfor suchapplicationsto considerthehumanas
themostimportantstagein thepipeline.Effective man-
agementof the user's limited bandwidthbecomescru-
cial asthesizeandcomplexity of thedatagrows. Early
discardenablesthe systemto eliminateclearly useless
dataitemsearly in the pipeline. The scarcestresource,
humanattention, canbedirectedat themostpromising
dataitems.

Ideally, early discardwould reject all of the irrele-
vant dataat the storagedevice without eliminatingany
of the desireddata. This is impossiblein practicefor
two reasons. First, the amountof computationavail-
ableat thestoragedevicemaybeinsuf�cient to perform
all of thenecessary(potentiallyexpensive) application-
speci�c computations.Second,thereis a fundamental
trade-off [9] betweenfalse-positives(irrelevantdatathat
is not rejected)andfalse-negatives(gooddatathatis in-
correctly discarded). Early discardalgorithmscan be
tunedto favor oneat theexpenseof theother, anddiffer-
ent domainapplicationswill make different trade-offs.
For instance,an advertising agency searchinga large
collectionof imagesmay wish to quickly �nd a photo
thatmatchesa particularthemeandmaychooseaggres-
sive �ltering; conversely, a homelandsecurityanalyst
mightwish to reducethechanceof accidentallylosinga
relevant objectandwould usemoreconservative �lters
(andacceptthepriceof increasedmanualscanning).It
is importantto notethatearlydiscarddoesnot,by itself,
impacttheaccuracy of thesearchapplication:it simply
makesapplicationsthat�lter datamoreef�cient.



2.3 Self-Tuning for HardwareEvolution
Theideaof performingspecializedcomputationcloseto
thedatais notanew concept.Databasemachines[7,17]
advocatedtheuseof specializedprocessorsfor ef�cient
dataprocessing. Although theseideashad signi�cant
technicalmerit, they failed,at thetime,becausedesign-
ing specializedprocessorsthatcouldkeeppacewith the
sustainedincreasein general-purposeprocessorspeed
wascommerciallyimpractical.

More recently, the ideaof an activedisk [1, 20,25],
whereastoragedeviceiscoupledwith ageneral-purpose
processor, hasbecomepopular. The�e xibility provided
by active disksis well-suitedto earlydiscard;anactive
diskplatformcouldrun �ltering algorithmsfor avariety
of searchdomains,andcould supportapplicationsthat
dynamicallyadaptthe balanceof computationbetween
storageand host as the location of the searchbottle-
neckchanges[2]. Over time,dueto hardwareupgrades,
thebalanceof processingpower betweenthehostcom-
puterandstoragesystemmayshift. In general,asystem
shouldexpectaheterogeneouscompositionof computa-
tional capabilitiesamongthe storagedevicesasnewer
devices may have more powerful processorsor more
memory. Themorecapabledevicescouldexecutemore
demandingearlydiscardalgorithms,andthepartitioning
of computationbetweenthe devicesandthe hostcom-
puter shouldbe managedautomatically. Analogously,
when the interconnectinfrastructureor host computer
is upgraded,onemayexpectcomputationto shift away
from the storagedevices. To be successfulover the
long term, the designneedsto be self-tuning; manual
re-tuningfor eachhardwarechangeis impractical.

In practice,the bestpartitioningwill dependon the
characteristicsof theprocessors,their load,thetypeand
distribution of the data,andthe query. For example,if
the userwereto searcha collectionof holiday pictures
for snowboardingphotos,thesemight be clusteredto-
getheron a small fraction of devices,creatinghotspots
in thesystem.

Diamondprovidestwo mechanismsto supportthese
diversestoragesystemcon�gurations. The �rst allows
anapplicationto generatespecializedearlydiscardcode
thatmatcheseachstoragedevice'scapabilities.Thesec-
ond enablesthe Diamondsystemto dynamicallyadapt
the evaluationof early discardcode,and is the focus
of this paper. In particular, we explore two aspects
of early discard: (1) adaptive partitioningof computa-
tion betweenthestoragedevicesandthehostcomputer
basedon run-timemeasurements;(2) dynamicordering
of searchtermsto minimizethetotal computationtime.

2.4 Exploiting the Structur eof Search
Diamondexploits severalsimpli�cations inherentto the
searchdomain.First, searchtasksonly requirereadac-
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Figure 2: Diamond Architecture

cessto data,allowing Diamondto avoid locking com-
plexities and to ignore somesecurity issues. Second,
searchtaskstypically permit storedobjectsto be ex-
aminedin any order. This order-independenceoffers
several bene�ts: easyparallelizationof early discard
within and acrossstoragedevices, signi�cant �e xibil-
ity in schedulingdatareads,andsimpli�ed migrationof
computationbetweentheactivestoragedevicesandhost
computer. Third, mostsearchtasksdonot requiremain-
taining statebetweenobjects. This “stateless”prop-
erty supportsef�cient parallelizationof early discard,
andsimpli�es therun-timemigrationof computationbe-
tweenactive storagedeviceandhostcomputer.

3 Diamond Ar chitecture
Figure 2 illustratesthe Diamond storagearchitecture.
Diamondprovidesa clearseparationbetweenthe front
end, which encapsulatesdomain-speci�c application
codeonthehostcomputer, andtheback end, whichcon-
sistsof adomain-independentinfrastructurethatis com-
monacrossawide rangeof searchapplications.

Diamondapplicationsaim to reducethe load on the
userbyeliminatingirrelevantdatausingdomain-speci�c
knowledge.Queryformulationis domain-speci�candis
handledby thesearchapplicationat thefront end.Once
a searchhasbeenformulated,theapplicationtranslates
thequeryinto asetof machineexecutabletasks(termed
a searchlet) for eliminatingdata,andpassestheseto the
back end. The searchletcontainsall of the domain-
speci�c knowledgeneededfor early discard,and is a
proxy of the application(andof the user)that canex-
ecutewithin thebackend.

Searchletsaretransmittedto thebackendthroughthe
searchlet API, anddistributedto thestoragedevices.At
eachstoragedevice, theruntimesystemiteratesthrough
the objectson the disk (in a system-determinedorder)
andevaluatesthe searchlet.The searchletconsistsof a
set of �lters (seeSection5), eachof which can inde-
pendentlydiscardobjects.Objectsthatpassthroughall
�lters in a searchletaredeemedinteresting,andmade
availableto the domainapplicationthroughthe search-
let API.

Thedomainapplicationmayperformfurtherprocess-
ing on the interestingobjectsto seeif they satisfy the



user's request.This additionalprocessingcanbe more
generalthan the processingperformedat the searchlet
level (which wasconstrainedto theindependentevalua-
tion of a singleobject).For instance,theadditionalpro-
cessingmayincludecross-objectcorrelationsandauxil-
iary databases.Oncethedomainapplicationdetermines
that a particularobject matchesthe user's criteria, the
object is shown to the user. When processinga large
dataset,it is importantto presenttheuserwith resultsas
soonasthey appear. Basedon thesepartial results,the
usercanre�ne the queryandrestartthe search.Query
re�nement leadsto the generationof a new searchlet,
which is onceagainexecutedby thebackend.

3.1 Searchlets

3.1.1 Searchlet Structur e

The searchletis an application-speci�cproxy that Dia-
mondusesto implementearlydiscard.It consistsof aset
of �lter sandsomecon�gurationstate(e.g., �lter param-
etersand dependenciesbetween�lters). For example,
a searchletto retrieve portraitsof peoplein dark busi-
nesssuitsmight containtwo �lters: a color histogram
�lter that�nds darkregionsandanimageprocessing�l-
ter thatlocateshumanfaces.

For eachobject,the runtimeinvokeseachof the �l-
tersin anef�cient order, consideringboth�lter costand
selectivity (seeSection5.2).Thereturnvaluefrom each
�lter indicateswhetherthe objectshouldbe discarded,
in which casethe searchletevaluationis terminated.If
anobjectpassesall of the�lters in thesearchlet,it is sent
to thedomainapplication.

Before invoking the �rst �lter , the runtimemakesa
temporarycopy of theobject.This copy existsonly un-
til the object is discardedor the searchterminates,al-
lowing the�lters to sharestateandcomputationwithout
compromisingthestoredobject.

One �lter can passstateto another�lter by adding
attributes(implementedasname-valuepairs)to thetem-
poraryobjectbeingsearched.Thesecond�lter recovers
this stateby readingtheseattributes.If thesecond�lter
requiresattributeswrittenby the�rst �lter , thenthecon-
�guration mustspecifythatthesecond�lter dependson
the�rst �lter . Theruntimeensuresthat�lters areevalu-
atedin anorderthatsatis�estheirdependencies.

The �lter functions are sent as object code to Di-
amond. This choice of object code insteadof alter-
natives,suchasdomain-speci�clanguages,wasdriven
by several factors. First, many 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 librariesandapplicationsto simplify thedevel-
opmentprocess.For instance,our imageretrieval ap-
plication (describedin Section4) reliesheavily on the

OpenCV[8] imageprocessinglibrary.
Executingapplication-providedobjectcoderaisesse-

rioussecurityandsafetyimplicationsthatarenotspecif-
ically addressedby the currentimplementation.Exist-
ing techniques,suchasprocesses,virtual machines,or
softwarefault isolation[31], couldbe incorporatedinto
future implementations.Additionally, Diamondnever
allowssearchletsto modify thepersistent(on-disk)data.

3.1.2 CreatingSearchlets

Searchletscanbegeneratedby a domainapplicationin
responseto a user's query in a numberof ways. The
most straightforward methodis for domainexperts to
implementa library of �lter functions that are made
availableto the application. The userspeci�esa query
by selectingthedesired�lters andsettingtheir parame-
ters(typically usinga GUI). Theapplicationdetermines
�lter dependenciesandassemblestheselectedfunctions
andparametersinto a searchlet.This workswell for do-
mainswherethespaceof usefulearlydiscardalgorithms
is well spannedby a small setof functions(potentially
augmentedby a rich parameterspace).Thesefunctions
couldalsobeprovided(in binaryform) by third-parties.

Alternately, the domain applicationcould generate
code on-the-�y in responseto the user's query. One
could envision an application that allows the user to
manuallygeneratesearchletcode. We believe that the
best method for searchletcreation is highly domain-
dependent,and the bestway for a humanto specifya
searchis anopenresearchquestion.

3.2 Key Interfaces

The Diamondarchitecturede�nes threeAPIs to isolate
components:thesearchletAPI, the �lter API andasso-
ciative DMA. Thesearebrie�y summarizedbelow.

� The searchlet API provides the interfacethat ap-
plicationsuseto interactwith Diamond. This API
providescalls to querydevice capabilities,scopea
searchto a speci�c collectionof data,loadsearch-
lets,andretrieveobjectsthatmatchthesearch.

� The�lter API de�nestheinterfaceusedby the�lter
functionsto interactwith thestoragerun-timeenvi-
ronment.This API providesfunctionsto readand
write objectcontents,aswell as functionsto read
andwrite objectattributesto sharestateamong�l-
ters.Any changesonly affectthetemporaryversion
of theobject.

� AssociativeDMA isolatesthe hostandthe storage
implementations.This API abstractsthe transport
mechanismand�o w controlbetweenhostandstor-
agerun-timesystems.Associative DMA alsopro-
videsa commoninterfacethatenablesDiamondto
employ diverseback-endimplementationswithout
modi�cationsto thehostruntime.



3.3 Host and StorageSystems

The host systemis wherethe domainapplicationexe-
cutes.Theuserinteractswith this applicationto formu-
late searchesandto view results.Diamondattemptsto
balancecomputationbetweenthe hostandstoragesys-
tems.To facilitatethis,storagedevicesmaypassunpro-
cessedobjectsto thehostruntime,dueto resourcelim-
itationsor otherconstraints.Thehostruntimeevaluates
thesearchlet,if necessary;if theobjectis not discarded,
it is madeavailableto thedomainapplication.Thestor-
agesystemprovidesa genericinfrastructurefor search-
let execution; all of the domain-speci�cknowledgeis
completelyencapsulatedin the searchlet.This enables
the sameDiamondback-endto serve differentdomain
applications(simultaneously, if necessary).

Diamondiswell-suitedfor deploymentonactivestor-
age,but suchdevicesarenot commerciallyavailableto-
day, norarethey likely to becomepopularwithoutcom-
pelling applications.Diamondprovidesa programming
modelthatabstractsthestoragesystem,enablingthede-
velopmentof applicationsthatwill seamlesslyintegrate
with active storagedevicesasthey becomeavailable.

Diamond's currentdesignassumesthat the storage
systemcanbetreatedasobjectstorage[30]. Thisallows
thehostto beindependentof thedatalayouton thestor-
agedeviceandshouldallow usto leveragetheemerging
objectstorageindustrystandards.

4 Diamond Applications
Diamondprovidesa generalframework for building in-
teractive searchapplications.All of thedomain-speci�c
knowledgeis containedin thefront-endapplicationand
in thesearchlets.To illustratetheprocess,considerthe
problemof drugcandidatedesign.

Givenatargetprotein,achemistmustsearchthrough
a largedatabaseof 3D ligandstructuresto identify can-
didatesthatmayassociatestronglywith thetarget.Since
accuratecalculationof thebindingfreeenergy of a par-
ticular ligandis prohibitively expensive, suchprograms
couldbene�t from userinput to guidethesearchin two
ways. First, the chemistcould adjust the granularity
of thesearch(tradingaccuracy for speed).Second,the
chemistcouldtesthypothesesabouta particularligand-
protein interactionusing interactive moleculardynam-
ics [14]. In Diamond, the former part of the search
couldbedownloadedto thestoragedevicewhile thelat-
tercouldbeperformedon thechemist'sgraphicalwork-
station.Earlydiscardwouldrejecthopelessligandsfrom
considerationallowing thechemistto focusattentionon
the more promisingcandidates. If noneof the initial
candidatesproved successful,the chemistwould re�ne
the searchto be lessselective. This exampleillustrates
someof thecharacteristicsthatmakeanapplicationsuit-

ablefor earlydiscard.First,thattheuseris searchingfor
speci�c instancesof datathatmatcha queryratherthan
aggregatestatisticsaboutthesetof matchingdataitems.
Second,that theuser's criteriafor a successfulmatchis
oftensubjective,potentiallyill-de�ned, andtypically in-
�uenced by the partial resultsof the query. Third, that
themappingbetweentheuser's needsandthematching
objectsis toocomplex for it to becapturedby abatchop-
eration.An everydayexampleof suchadomainis image
search;theremainderof this sectionpresentsSnapFind,
a prototypeapplicationfor this domainbuilt using the
Diamondprogrammingmodel.

4.1 SnapFindDescription

SnapFindwas motivatedby the observation that digi-
tal camerasallow usersto generatethousandsof photos,
yet few usershave thepatienceto manuallyindex them.
Userstypically wish to locatephotosby semanticcon-
tent(e.g., “show mephotosfromourwhalewatchingtrip
in Hawaii”); unfortunately, computervision algorithms
arecurrentlyincapableof understandingimagecontent
to this degreeof sophistication.SnapFind's goal is to
enableusersto interactively searchthrough large col-
lectionsof unlabeledphotographsby quickly specifying
searchletsthatroughlycorrespondto semanticcontent.

Researchin imageretrieval hasattractedconsiderable
attentionin recentyears[11,29]. However, prior work in
this areahaslargely focusedon whole-imagesearches.
In thesesystems,imagesaretypically processedoff-line
andcompactlyrepresentedasa multi-dimensionalvec-
tor. In other systems,imagesare indexed of�ine into
several semanticcategories. Theseenableusersto per-
form interactive queriesin a computationally-ef�cient
manner;however, they do not permit queriesaboutlo-
cal regionswithin animagesinceindexing every subre-
gion within animagewould beprohibitively expensive.
Thus, whole-imagesearchesarewell-suitedto queries
correspondingto generalimagecontent(e.g., “�nd me
an imageof a sunset”)but poor at recognizingobjects
that only occupy a portion of the image(e.g., “�nd me
imagesof peoplewearingjeans”).SnapFindexploitsDi-
amond's ability to exhaustively processa datasetusing
customized�lters, enablingusersto searchfor images
that containthe desiredcontentonly in a small patch.
The remainderof this sectiondescribesSnapFindand
presentsaninformalvalidationof earlydiscard.

SnapFind allows users to create complex image
queriesby combiningsimple�lters thatscanimagesfor
patchescontainingparticularcolordistributions,shapes,
or visual textures(detailedin a technicalreport [19]).
The user can either selecta pre-de�ned �lter from a
palette(e.g., “frontal humanfaces”or “oceanwaves”)
or createnew �lters by clicking on samplepatchesin
other images(e.g., creatinga “blue jeans” color �lter



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 �ltered for regions
containing water texture (marked with white boxes). The
�lter 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 reasons:(1) theusermayde�ne new search
�lters at query time; (2) the contentof the patchesis
typically high-dimensional.Whenthe usersubmitsthe
query, SnapFindgeneratesasearchletandinitiatesaDi-
amondsearch.Diamondtypically executesa portionof
thequeryat thestoragedevice,enablingearlydiscardto
rejectmany imagesin theinitial stagesof thepipeline.

4.2 SnapFindUsageExperience
We designedsomesimple experimentsto investigate
whetherearly discardcanhelp exhaustive search.Our
chosentask was to retrieve photosfrom an unlabeled
collectionbasedon semanticcontent. This is a realis-
tic problemfor ownersof digital camerasandis alsoone
thatuntraineduserscanperformmanually(givensuf�-
cientpatience).Weexploredtwo cases:(1) purelyman-
ual search,whereall of thediscardhappensat the user
stage;(2) usingSnapFind.Bothscenariosusedthesame
graphicalinterface(seeFigure3), wheretheusercould
examinesix thumbnailsper page,magnify a particular
image(if desired)andmarkselectedimages.

Our datasetcontained18,286photographs(approx-
imately 10,000 personalpictures, 1,000 photos from
a corporatewebsite, 5,000 imagescollected from an
ethnographicsurvey and 2,000 from the Corel image
CD-ROMs). These were randomly distributed over
twelve emulatedactive storagedevices. Users were
given threeminutesto tackleeachof the following two
queries:(S1)�nd imagescontainingwindsurfersor sail-
boats;(S2)�nd picturesof peoplewearingdarkbusiness
suitsor tuxedos.

For themanualscenario,we recordedthenumberof
imagesselectedby the user(correcthits matchingthe
query) along with the numberof imagesthat the user
viewedin theallotedtime. Userscouldpagethroughthe

MANUAL DIAMOND
user user system early

hits seen hits seen seen discard
S1

a 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
a 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 stud y - 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,andTable1 shows thatusers
scannedthe imagesrapidly, viewing 600–1,000images
in threeminutes. Even at this rate of 2–5 imagesper
second,they wereonly ableto processabout5% of the
total data.

For theSnapFindscenario,theuserconstructedearly
discardsearchletssimply by selectingoneor moreim-
ageprocessing�lters from a paletteof pre-de�ned�l-
ters, con�gured �lter parametersusing the GUI, and
combinedthem using booleanoperators. Imagesthat
satis�ed the�ltering criteria(i.e., thosematchinga par-
ticular color, visual texture or shapedistribution in a
subregion) were shown to the user. Basedon partial
results,the usercould generatea new searchletby se-
lecting different �lters or adjustingparameters.As in
themanualscenario,theuserthenmarkedthoseimages
thatmatchedthequery. For S1,theearlydiscardsearch-
let was a single “water texture” �lter trainedon eight
32� 32 patchescontainingwater. For S2, the searchlet
wasa conjunctionof a color histogram�lter combined
with a facedetector. Table1 shows theseresults,and
searchletsaredetailedin Table2.

For S1,SnapFindsigni�cantly increasesthenumber
of relevantimagesfoundby theuser. Diamondis ableto
exhaustively searchthroughall of thedata,andearlydis-
cardeliminatesalmost98%of theobjectsat thestorage
devices. This shows how early discardcanhelp users
�nd agreaternumberof relevantobjects.

For S2,theimprovement,asmeasuredby hits alone,
is lessdramatic,but earlydiscardshowsadifferentben-
e�t. Although Diamondfails to completethe exhaus-
tive searchin threeminutes(it processesabout85% of
thedata),theuserachievesapproximatelyasmany hits
asin themanualscenariowhile viewing 88%fewer im-
ages.For applicationswheretheuseronly needsa few
images,earlydiscardis idealbecauseit signi�cantly de-
creasestheuser's effort. By displayingfewer irrelevant



items,theusercandevotemoreattentionto thepromis-
ing images.

5 Prototype Implementation
Our Diamond prototype is currently implementedas
user processesrunning on Red Hat Linux 9.0. The
searchletAPI andthehostruntimeareimplementedasa
library thatis linkedagainstthedomainapplication.The
host runtime and network communicationare threads
within this library. We emulateactive storagedevices
usingoff-the-shelfserverhardwarewith locally-attached
disks. The active storagesystemis implementedas a
daemon.Whena new searchis started,new threadsare
createdfor the storageruntime and to handlenetwork
anddisk I/O. Diamond's objectstoreis implementedas
a library thatstoresobjectsas�les in thenative �le sys-
tem.AssociativeDMA is currentlyunderde�nition; Di-
amondusesa wrapperlibrary built on TCP/IPwith cus-
tomizedmarshallingfunctionsto minimizedatacopies.

Theremainderof this sectiondetailsDiamond's two
primarymechanismsfor ef�cient earlydiscard:run-time
partitioningof computationbetweenthe hostandstor-
agedevices,anddynamicorderingof �lter evaluationto
rejectundesirabledataitemsasef�ciently aspossible.

5.1 Dynamic Partitioning of Computation
As discussedin Section2, bottlenecksin exhaustive
searchpipelinesarenot static. Diamondachievessig-
ni�cant performancebene�tsby dynamicallybalancing
the computationaltask betweenthe active storagede-
vicesandthehostprocessor.

The Diamond storageruntime decideswhether to
evaluateasearchletlocally or at thehostcomputer. This
decisioncanbe different for eachobject, allowing the
systemto have�ne-grainedcontroloverthepartitioning.
Thus,even for searchletsthatconsistof a singlemono-
lithic �lter , Diamondcanpartition the computationon
a per-objectbasisto achieve the ratio of processingbe-
tweenthestoragedevicesandthehostthatprovidesthe
bestperformance.Theability to makethese�ne-grained
decisionsis enabledby Diamond's assumptionthatob-
jectscanbe processedin any order, andthat �lters are
stateless.

If thesearchletconsistsof multiple �lters, Diamond
couldpartition thework so thatsome�lters executeon
the storagedevices and the remainderexecuteon the
host;thecurrentimplementationdoesnot considersuch
partitionings.Diamondcouldalsodetectwhenthereare
many objectswaiting for userattentionand chooseto
evaluateadditional�lters to discardmoreobjects.

The current implementationsupportstwo methods
for partitioning computationbetweenthe host and the
storagedevices. The effectivenessof thesemethodsin
practiceis evaluatedin Section6.3.

5.1.1 CPU Splitting
In this method,thehostperiodicallyestimatesits avail-
able computeresources(processorcycles), determines
how to allocatethem amongthe storagedevices, and
sendsa messageto eachdevice. Thestoragedevice re-
ceivesthismessage,estimatesits own computationalre-
sources,anddeterminesthepercentageof objectsto pro-
cesslocally. For example,if a storagedevice estimates
that it has100 MIPS and receives a slice of 50 MIPS
from the host, then it shouldchooseto process2/3 of
theobjectslocally andsendtheremaining(unprocessed)
objectsto thehost. CPUsplitting hasa straightforward
implementation:whenever thestorageruntimereadsan
object,it probabilisticallydecideswhetherto processthe
objectlocally.
5.1.2 QueueBack-Pressure
QueueBack-Pressure(QBP) exploits the observation
that the length of queuesbetweencomponentsin the
searchpipeline(seeFigure1) providevaluableinforma-
tion aboutoverloadedresources.The algorithmis im-
plementedasfollows.

When objectsare sent to the host, they are placed
into a work queuethat is servicedby the hostruntime.
If the queuelength exceedsa particularthreshold,the
hostrefusesto acceptnew objects. Whenever the stor-
ageruntime hasan object to process,it examinesthe
lengthof its transmitqueue.If the queuelengthis less
thana threshold,the object is 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
hostprocessoror network is abottleneck,thestoragede-
vice performsadditionalprocessingon thedata,easing
thepressureondownstreamresourcesuntil dataresumes
its �o w. Conversely, if thedownstreamqueuesbegin to
empty, the storageruntimewill aggressively pushdata
into thepipelineto preventthehostfrom becomingidle.

5.2 Filter ordering
A Diamondsearchletconsistsof a set of �lters, each
of which canchooseto discarda given object. We as-
sumethatthesetof objectsthatpassthroughaparticular
searchletis completelydeterminedby thesetof �lters in
the searchlet(and their parameters).However, the �l-
ter orderdramaticallyimpactstheef�ciency with which
Diamondprocessesa largeamountof data.

Diamond attemptsto reorder the �lters within a
searchletto run the most promisingonesearly. Note
that thebest�lter orderingdependson thesetof �lters,
theuser'squery, andtheparticulardataset.For example,
considerauserwhois searchingalargeimagecollection
for photosof peoplein darksuits. Theapplicationmay



determinethatasuitablesearchletfor this tasksincludes
two �lters (seeTable3): afacedetectorthatmatchesim-
agescontaininghumanfaces(�lter F1);andacolor�lter
thatmatchesdarkregionsin theimage(�lter F3). From
the table, it is clear that F1 is more selective than F3,
but also much more computationallyexpensive. Run-
ning F1 �rst would work well if the datasetcontained
a largenumberof night-timephotos(which would suc-
cessfullypassF3). On the otherhand,if the collection
containeda large numberof babypictures,runningF1
earlywouldbeextremelyinef�cient.

The effectivenessof a �lter dependsupon its selec-
tivity (passrate)andits resourcerequirements.Thetotal
costof evaluating�lters overanobjectcanbeexpressed
analyticallyasfollows. Given a �lter , Fi, let us denote
thecostof evaluatingthe�lter asc(Fi), andits passrate
asP(Fi). In general,thepassratesfor thedifferent�lters
maybecorrelated(e.g., if animagecontainsapatchwith
watertexture,thenit is alsomorelikely to passthrough
a bluecolor �lter). We denotetheconditionalpassrate
for a �lter Fi thatis processingobjectsthatsuccessfully
passed�lters Fa, Fb, Fc by P(FijFa;Fb;Fc). The av-
eragetimeto processanobjectthroughaseriesof �lters
F0: : :Fn is givenby thefollowing formula:

C = c(F0) + P(F0)c(F1) + P(F1jF0)P(F0)c(F2) +

P(F2jF1;F0)P(F1jF0)P(F0)c(F3) + � � �

The primary goal of choosinga �lter order is to mini-
mize this cost function. To perform this optimization,
thesystemneedsthecostsof thedifferent�lters andthe
conditionalpassrates.Diamondestimatesthesevalues
duringasearchletexecutionby varyingtheorderthe�l-
tersareevaluatedandmeasuringthepassratesandcosts
over anumberof objects.
5.2.1 Partial Orderings
Allowing �lters to use resultsgeneratedby other �l-
tersenablessearchletsto: (1) usegenericcomponents
to computewell-known properties;(2) reusetheresults
of other �lters. For instance,all of the color �lters in
SnapFind(seeSection4) rely on a commondatastruc-
turethat is generatedby anauxiliary �lter . Filter devel-
operscanexplicitly specifytheattributesthateach�lter
requires,andthesedependenciesareexpressedaspar-
tial ordering constraints. Figure 4 shows an example
of a partial order. The forward arrows indicatean `al-
lows' relationship.For example,“Reader” is a prereq-
uisite for “Histogram” and“WaterTexture”, and“Red”
and“Black” areprerequisitesfor “ColorTest”. The�lter
orderingproblemis to �nd a linear extensionof thepar-
tial order. Figure5 shows onepossibleorder. Notethat
�nding a paththroughthis directedacyclic graphis not
suf�cient; all of the�lters in thesearchletstill needto be
evaluated.
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Figure 4: Example par tial 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
�lters shown in Figure 4.

5.2.2 Ordering Policies

The �lter ordering policy is the methodthat Diamond
usesfor choosingthesequencefor evaluatingthe�lters.
Wedescribethreepoliciesbelow.

� Independent: assumesthat there is no correla-
tion betweenP(Fi) andP(F j), or c(Fi) andc(F j).
Using this assumptionwe can�nd an optimal se-
quenceby sortingon c(Fi)=P(Fi) [24]. In practice
thecorrelationsbetween�lters maycausethis pol-
icy to performpoorly.

� Hill climbing (HC): picksarandomsequencefrom
the spaceof all legal linear extensions. The pol-
icy attemptsto iteratively improve the order by
swappingadjacent�lters until a local minimum is
reached.Multiple randomrestartsareusedto re-
ducesensitivity to thestartingpoint.

� Best �lter �rst (BFF): iteratively expandsa list
of valid sub-sequencesto �nd the optimal �lter
sequence. BFF initializes a list with the set of
single-elementsub-sequencesconsistingof the �l-
tersthathave no dependencies.BFF thenremoves
the cheapestsub-sequencefrom the list, computes
all valid sub-sequencesthat are one �lter longer,
and reinsertsthem into the list. BFF terminates
whenthe cheapestsub-sequenceis complete;this
is anoptimalsequence.Thealgorithmis motivated
by the observation that later �lters typically have
lessimpacton the averagecostthanearlier�lters,
becausethe overall passprobability dropsas one
goesdeeperin the�lter chain.



6 Experimental Evaluation
This sectionpresentsempiricalresultsfrom a varietyof
experimentsusing SnapFindrunning on the Diamond
implementationdescribedin Section5. Theactive stor-
agedeviceswereemulatedusingrack-mountedcomput-
ers(1.2GHz Intel R
 PentiumR
 III processors,512MB
RAM and73 GB SCSIdisks),connectedvia a 1 Gbps
Ethernetswitch. Thehostsystemcontaineda 3.06GHz
Intel R
 PentiumR
 XeonTMprocessor, 2 GB RAM, and
a 120 GB IDE disk. The hostwasconnectedvia Eth-
ernetto thestorageplatforms.We variedthelink speed
between1 Gbpsand100Mbpsdependingon theexper-
iment. Someexperimentsrequiredusto emulateslower
active storagedevices;this wasdoneby runninga real-
time taskthatconsumeda �x edpercentageof theCPU.
Theseexperimentsemploy homogeneousbackends.

6.1 Description of Searchlets
We evaluateDiamondusingthe setof queriesenumer-
ated in Table 2. Theseconsistof real queriesfrom
SnapFindsearchessupplementedby several synthetic
queries. The searchletsare describedin Table 2, and
the�lters usedby thesesearchletsarelistedin Table3.

The Water (S1) and BusinessSuits (S2) queries
match the tasks we used in Section 4. The Hal-
loween(S3) query is similar to BusinessSuitswith an
additional �lter . The three syntheticqueries(S4–S6)
areusedto test �lter orderingand the two Dark Patch
queries(S7,S8)areusedto illustratebottlenecksfor dy-
namicpartitioning.

Table3 providesasetof measurementssummarizing
the discardrateand the computationalcostof running
the various�lters. We determinedthese�lter charac-
teristicsby evaluatingeach�lter over theobjectsin our
imagecollection(describedin Section4). The overall
discardrateis thefractionof objectsdroppeddividedby
the total numberof images,andthe cost is the average
numberof CPU millisecondsconsumed.Filters F0–F5
aretakenfrom SnapFind.Theother�lters weresynthet-
ically generatedwith speci�c characteristics.

The searchletsS5 andS6 weredesignedto examine
the effect of �lter correlation. F14, F15 and F16 are
correlated:P(F14;F15;F16) 6= P(F14)P(F15)P(F16).
F17,F18andF19areuncorrelated:P(F17;F18;F19) =
P(F17)P(F18)P(F19).

6.2 Disk and Host ProcessingPower
Our �rst measurementsexaminehow variationsin sys-
temcharacteristics(numberof storagedevices,intercon-
nectbandwidth,processorperformance,queries)affect
theaveragetimeneededto processeachobject.For each
con�guration,wemeasurethecompletiontimefor adif-
ferent static partitioning betweenthe host and storage
devices. A particularpartition is 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 areevaluatedat the storagedevices.
Remainingobjectsarepassedto thehostfor processing.

In theseexperiments,eachstoragedevice has5,000
objects(1.6 GB). As the numberof storagedevicesin-
creases,sodoesthetotalnumberof objectsinvolvedin a
search.For eachcon�guration,we reportthemeantime
neededfor Diamondto processeachobject (averaged
over threeruns). Our dataset was chosento be large
enoughto avoid startuptransientsbut small enoughto
enablemany differentexperiments.Usinga largerdata
setwouldgivethesameaveragetimeperobject,but will
increasetheoverall completiontime for asearch.

The�rst setof experiments(seeFigure6) showshow
variationsin the relative processingpower of the host
and storagedevices affect searchtime for CPU-bound
tasks. TheseexperimentsusesearchletS3 to �nd pic-
turesof achild in aHalloweencostume.

Weobserve that,asthenumberof storagedevicesin-
creases,morecomputationis moved to the storagede-
vices. This matchesour intuition that asthe aggregate
processingpowerof thestoragedevicesincreases,more
of the overall processingshouldbe doneat the storage
devices.

Whenthereis no processingat the storagedevices,
this is equivalentto readingall of thedatafrom network
storage.On theleft-handsideof thelines,we seelinear
decreasesasprocessingis movedto thestoragedevices,
reducingthe loadon thebottleneck.Whenmostof the
processingmoves to the storagedevice, the bottleneck
becomesthestoragedevice andwe seeincreasesin av-
erageprocessingtime. The bestcaseis the local min-
imum; this correspondsto the casewherethe load be-



Query SearchletDescription CPU
Cost

Water- regionscontainingwaterwaves S1 Usestexture®lter trainedonwatersamples. Low
BusinessSuits- imagesof peoplein dark
businesssuits

S2 Usesfacedetectorandcolorhistogramtrainedondark
patchesof color.

High

Halloween- imagesof achild in Halloween
costume

S3 Usesfacedetectorandcolorhistogramstrainedon red
patchesanddarkpatchesof color.

High

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

Med

Synthetic S5 Three®lterswith correlatedpassrateandconstantcost. Low
Synthetic S6 Three®lterswith independentpassrate(sameasS5

overall) andconstantcost.
Low

DarkPatchA - searchletwith highselectivity S7 Usescolorhistogramtrainedonblacksamplepatch;hasa
high thresholdsofew imagesmatch.

Low

DarkPatchB - searchletwith low selectivity S8 Usescolorhistogramtrainedonblacksamplepatch;hasa
low thresholdsomany imagesmatch.

Low

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

Filter Searchlet Discard CPU
rate (ms)

F0 - Reader(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 - WaveTexture S1 95% 14
F6 - Synthetic 20% 2
F7 - Synthetic 22% 4
F8 - Synthetic 26% 8
F9 - Synthetic S4 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. F0 and F2 are helper �lters that do not
discard data. The �lters in S5 are correlated; those in S6
are uncorrelated.

tweenthehostandthestoragedevicesis balanced.Note
that Diamondbene�ts from active storageeven with a
smallnumberof storagedevices.

Our next measurements(seeFigure 7) examinethe
network-boundcaseusingsearchletsS7 andS8. Both
searchletslook for asmalldarkregionandarerelatively
cheapto compute.S7rejectsmostof theobjects(highly
selective)while S8passesalargerfractionof theobjects
(non-selective).
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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.

Theseexperimentsdemonstratethat as the network
becomesthe limiting factor, more computationshould
be performedat the storagedevice. We also seethat
theselines�atten outat thepointwherereadingthedata
from thediskbecomesabottleneck.Theuppertwo lines
show S7andS8runningona100Mbpsnetwork. Wesee
thatS8is alwaysslower, evenwhenall of thecomputa-
tion is performedat thestoragedevice. This is because
S8 passesa large percentageof the objects,creatinga
datatransferbottleneckin all cases.

6.3 Impact of Dynamic Partitioning
This sectionevaluatesthe effectivenessof the dynamic
partitioning algorithmspresentedin Section5. As a
baselinemeasurement,we manually�nd the ideal par-
titioning basedon the results from 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.

thesearchusingthismanualpartitioningto thosefor the
two dynamically-adjustingschemes:CPU Splittingand
QueueBack-Pressure (QBP).

For these tests, we use both a CPU-boundtask
(searchletS3)anda network-boundtask(searchletS7).
Weruneachtaskin avarietyof con�gurationsandcom-
paretheresultsasshown in Figure8.

In all of thesecases,theQBPtechniquegivessimilar
performanceto theBestManualtechnique.CPUSplit-
ting doesnot performaswell in mostof the casesfor
two reasons.First, in thenetwork-boundtask(searchlet
S7), the bestresultsareobtainedby processingall ob-
jectsatthestoragedevices.CPUSplittingalwaystriesto
processa fractionof theobjectson thehost,evenwhen
sendingdatato thehostis thebottleneck.QBPdetects
thenetwork bottleneckandprocessestheobjectslocally.
Second,relative CPUspeedsarea poorestimateof the
timeneededto evaluatethe�lters. Mostof thesesearch-
lets involve striding over large datastructures(images)
so the computationtendsto be boundby memoryac-
cess,not CPU. As a result, increasingthe CPU clock
ratedoesnot give a proportionaldecreasein time. It is
possiblethat moresophisticatedmodelingwould make
CPU Splitting moreeffective. However, given that the
simpleQBPtechniqueworkssowell, thereis probably
little bene�t to pursuingthatidea.

6.4 Impact of Filter Ordering
Thissectioncomparesthedifferentpoliciesdescribedin
Section5.2.2,andillustratesthesigni�canceof �lter or-
dering. We usesearchletsS1–S6,which arecomposed
of the �lters detailedin Table3. This experimentelim-
inatesnetwork andhosteffectsby executingentirelyon
a singlestoragedevice andcomparesdifferentlocal 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 theOf�ine Best
policy; thisis thebestpossiblestaticordering(computed
usinganoracle),andprovidesa boundon theminimum
time neededto processa particularsearchlet.Random
picks a randomlegal linear order at regular intervals.
Thisis thesimplestsolutionthatavoidsadversarialworst
caseswithout extra state,andwould bea goodsolution
if �lter orderingdid notmatter.

Figure 9 shows that completiontime variessigni�-
cantly with different �lter orderingpolicies. The poor
performanceof Randomdemonstratesthat �lter order-
ing is signi�cant. Thereis a uniquelegal orderfor S1,
andall methodspick it correctly. Independent�nds the
optimalorderingwhen�lters areindependent,asin S6,
but cangenerateexpensive orderingswhenthey arenot,
asin S5. Hill Climbingsometimesperformspoorly be-
causeit cangettrappedin localminima.BestFilter First
is a dynamictechniquesthatworksaswell asIndepen-
dent(it hasa slightly longerconvergencetime) with in-
dependent�lters, andhasgoodperformancewith depen-
dent�lters. Thedynamictechniquesspendtime explor-
ing thesearchspace,so they alwayspaya penaltyover
the Of�ine Bestpolicy. This is morepronouncedwith
more�lters, asin S4.

The next experiment examines Diamond perfor-
mancewhendynamicpartitioningand�lter orderingare
run concurrently. For our baselinemeasurement,we
manually�nd thebestpartitioningandthebest�lter or-
deringfor eachcon�guration.Wethencomparethetime
neededto executesearchletS3againsttwo testcasesthat
usedynamicadaptation.The �rst usesdynamicparti-
tioning (QBP)andthe �lter ordering(BFF); thesecond
usesdynamicpartitioning(QBP) andrandomized�lter
orders.Figure10showstheresultsof theseexperiments.
As expected,the combinationof dynamicpartitioning
anddynamic�lter orderinggivesusresultsthatareclose
to thebestmanualpartitioning. Random�lter ordering
performslesswell becauseof thelongertime neededto
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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 UsingDiamond on Lar geDatasets
To betterunderstandthe impact of Diamondon real-
world problems,we considera typical scenario: how
much datacould a usersearchin an afternoon? The
results from Figure 10 show that Diamond can pro-
cess40,000objects(8 storagedevices with 5,000ob-
jectseach)in 247seconds.Thus,given four hours,the
usershouldbeableto searchthrough2.3million objects
(approximately0.75TB) usingthe samesearchlets.In
the caseof searchletS3, this would imply that the user
shouldseeabout115objects.However, sincethenum-
berof objectsseenby theuseris sensitive to searchpa-
rametersandthe distribution of dataon the storagede-
vice, it couldvarygreatlyfrom thisestimate.

Althoughraw performanceshouldscaleasdisksare
added,the limitations imposedby the userandthe do-
mainapplicationarelessclear. For instance,in thedrug
discovery applicationdescribedin Section4, the user's
think-time may be the limiting factor even when Dia-
mond discardsmost of the data. Conversely, in other
domains,the averagecomputationalcostof a searchlet
couldbesohigh thatDiamondwould beunableto pro-
cessall of thedatain theallotedtime. Thesequestions
arehighly domain-dependentandlie beyond the scope
of thispaper.

As we discussedin the introduction,the currentim-
plementationis focusedon purebrute-forcesearch,but
other complimentarytechniquescan be used to im-
prove performance. One techniquewould be to use
pre-computedindicesto reducethe numberof objects
searched.For example,�lter F1 from Table3 couldbe

usedto build anindex of picturescontainingfaces.Us-
ing this index wouldreducethesearchspaceby 99%for
any searchletsthatuse�lter F2.

Anothercomplimentarytechniqueis to take advan-
tageof cachedresults. In certaindomains,a usermay
frequentlyre�ne a searchletbasedon partialresultsin a
mannerthat leaves most of its �lters and their param-
etersunchanged.For instance,in SnapFind,the user
may modify a searchby addinga �lter to the existing
setof �lters in the searchlet.Whenre-executinga �l-
ter with the sameparameters,Diamondcould gain sig-
ni�cant computationalbene�ts by retrieving cachedre-
sults. However, cachingmay provide very little bene-
�t for otherapplications.For instance,a Diamondap-
plicationthatemploys relevancefeedback[16] typically
adjusts�lter argumentsat eachiterationbasedon user-
provided feedback. Sincethe �lter argumentsare dif-
ferentwith eachsearch,the useof cachedinformation
becomesmoredif�cult. We plan to evaluatethe bene-
�ts of cachingas we gain more experiencewith other
Diamondapplications.

7 RelatedWork

To the bestof our knowledge,Diamondis the �rst at-
temptto build a systemthatenablesef�cient interactive
searchof large volumesof complex, non-indexed data.
While uniquein this regard, Diamonddoesbuild upon
many insightsandresultsfrom previouswork.

Recentwork on interactive data analysis[15] out-
linesanumberof new technologiesthatwill berequired
to make databasesystemsasinteractive asspreadsheets
— requiring advancesin databases,data mining and
human-computerinteraction. Diamondand early dis-
cardarecomplementaryto theseapproaches,providing
abasicsystemsprimitive thatfurthersthepromiseof in-
teractive dataanalysis.

In more traditional databaseresearch,advancedin-
dexing techniquesexist for a wide variety of speci�c
data types including multimedia data [10]. Work on
datacubes[13] takes advantageof the fact that many
decisionsupportqueriesarewell-known to pre-process
a databaseand then perform queriesdirectly from the
more compactrepresentation.The developersof new
indexing technologymustconstantlykeepup with new
data types, and with new user accessand query pat-
terns.A thoroughsurvey of indexing andtheoutlineof
this tensionappearin a recentdissertation[27], which
alsodetailstheoreticalandpracticalboundson the (of-
tenhigh)costof indexing.

Work onapproximatequeryprocessing, recentlysur-
veyed in [5], complementstheseefforts by observing
that userscan often be satis�ed with approximatean-
swerswhenthey aresimply usingqueryresultsto iter-



ate througha searchproblem,exactly aswe motive in
our interactive searchtasks.

In addition,in high-dimensionalitydata(suchasfea-
turevectorsextractedfrom imagesto supportindexing),
sequentialscanningis often competitive with even the
mostadvancedindexing methodsbecauseof the curse
of dimensionality[6,9,33]. Ef�cient algorithmsfor ap-
proximatenearestneighborin certainhigh-dimensional
spaces,suchaslocality-sensitivehashing[12], areavail-
able. However, theserequire the similarity metric be
known in advance(so that the data can be appropri-
ately pre-indexed usingthe proximity-preservinghash-
ing functions)andthat thesimilarity metricsatisfycer-
tain properties.Diamondaddressessearcheswherenei-
therof theseconstraintsis satis�ed.

In systemsresearch,our work builds on the insight
of activedisks[1,20,25] wherethemovementof search
primitivesto extended-functionstoragedeviceswasan-
alyzedin somedetail, including for imageprocessing
applications.Additional researchhasexploredmethods
to improve applicationperformanceusing active stor-
age[21,22,26,32]. Thework of Abacus[2], Coign[18],
River [3] andEddies[4] provide a moredynamicview
in heterogeneoussystemswith multiple applicationsor
componentsoperatingat thesametime. Coign focuses
on communicationlinks betweenapplication compo-
nents. Abacusautomaticallymoves computationbe-
tween hostsor storagedevices in a cluster basedon
performanceand systemload. River handlesadap-
tive data�ow controlgenericallyin thepresenceof fail-
uresandheterogeneoushardwareresources.Eddies[4]
adaptively reshapesdata�ow graphsto maximizeperfor-
manceby monitoringtheratesatwhichdatais produced
andconsumedat nodes.Theimportanceof �lter order-
inghasalsobeentheobjectof researchin databasequery
optimization[28]. Theadditionof earlydiscardand�l-
terorderingbringanew setof semanticoptimizationsto
all of thesesystems,while retainingthebasicmodelof
observationandadaptationwhile queriesarerunning.

Recenteffortsto standardizeobject-basedstoragede-
vices(OSD)[30] provide thebasicprimitiveson which
we build our semantic�lter processing. In order to
most ef�ciently processsearchlets,active storagede-
vicesmustcontainwholeobjects,andmustunderstand
the low-level storagelayout. We canalsomake useof
theattributesthatcanbeassociatedwith objectsto store
intermediate�lter stateandto save �lter resultsfor pos-
sible re-usein future queries. Of�oading spaceman-
agementto storagedevicesprovidesthebasisfor under-
standingdatain themoresophisticatedwaysnecessary
for earlydiscard�lters to operate.

8 Conclusion
Diamondis a systemthatsupportsinteractive dataanal-
ysis of large complex datasets. This paperarguesthat
theseapplicationsrequireapplyingbrute-forcesearchto
a portion of the objects. To ef�ciently perform brute-
forcesearchtheDiamondarchitectureusesearlydiscard
to push�lter processingto theedgesof thesystem— ex-
ecutingsemanticdata�lters directly at storagedevices,
andgreatlyreducingthe�o w of datainto thecentralbot-
tlenecksof asystem.TheDiamondarchitecturealsoen-
ablesthesystemto adaptto differenthardwarecon�gu-
rationsby dynamicallyadjustingwherecomputationis
performed.

To validateour architecture,we have implemented
a prototype version of Diamond and an application,
SnapFind,that interactively searchescollectionsof dig-
ital images. Using this system,we have demonstrated
thatsearchinglargecollectionsof imagesis feasibleand
that the systemcandynamicallyadaptto usethe avail-
ableresourcessuchasnetwork andhostprocessoref�-
ciently.

In the future, we plan to work with domainexperts
to createnew interactivesearchapplicationssuchaslig-
andscreeningor satelliteimageryanalysis.Usingthese
applications,we plan to validateour approachto inter-
active searchof largereal-world datasets.
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