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Abstract
This paper examines how computationcan be mapped
acrossthenodesof adistributedsearchsystemto effectively
utilize availableresources.We speci�cally addresscompu-
tationallyintensivesearchof complex data,suchascontent-
basedretrieval of digital imagesor sounds,wheresophisti-
catedalgorithmsmustbeevaluatedon theobjectsof inter-
est. Sincetheseproblemsrequiresigni�cant computation,
wedistributethesearchoveracollectionof computenodes,
suchasactive storagedevices,intermediateprocessorsand
hostcomputers.A key challengewith mappingthedesired
computationto theavailableresourcesis thatthemostef�-
cientdistributiondependsonseveralfactors:relativepower
andnumberof computenodes;network bandwidthbetween
thecomputenodes;thecostof evaluatingquerypredicates;
and the selectivity of the given query. This wide range
of variablesrendersmanualpartitioning of the computa-
tion infeasible,particularly sincesomeof the parameters
(e.g., availablenetwork bandwidth)canchangeduring the
courseof a search.This paperproposesseveral techniques
for dynamicpartitioningof computation,anddemonstrates
thatthey cansigni�cantly improveef�ciency for distributed
searchapplications.

1. Intr oduction

Rapidadvancesin storagetechnologyanddigital mediaac-
quisition hasled to an explosive growth in the volumeof
large, rich datasets.Acquiring the datais only onepart of
the problemand many obstaclesimpedethe ef�cient use
of this data. This paperfocuseson oneof theseproblems:
search— theability to ef�ciently extractasetof dataitems
thatmeetsomeuser-speci�edconstraints.

For text andnumericaldata,the standardapproachhas
beento build indexes and employ thesefor ef�cient re-
trieval. Unfortunately, this approachrequiresthat the data
itemsbereducedto a smallnumberof numericvalues.For
many rich dataitems(e.g., brainMRIs), it is impossibleto
distill the interestingfeaturesinto a small setof numbers.
Instead,a searchmay requireperformingexpensive com-
putationover theentiredatasetto �nd theitemsthatmatch
thedesiredcharacteristics.

Performingcomputationonthis largebodyof dataintro-
ducesseveral challenges.First, suchsearchesarecompu-
tationallyexpensive, typically demandinga distributedap-
proach.Second,unlike many distributedcomputingtasks,
thedataobjectscanbevery large. Naively transferringob-
jects over the network to a centralizedcomputeserver or
idle machinescan be prohibitively expensive in termsof
thesystemI/O cost,andmayerasethebene�tsof distribut-
ing the computation.A practicalapproachto the problem
requiresbalancingthebene�ts of additionalcomputational
resourcesagainstthecostof shippingdata.

We have developeda system,Diamond [9], that ad-
dressesthis problemby distributing the searchover a col-
lection of machines. A key elementof the Diamondar-
chitectureis the useof active storage[1, 10,13], storage
deviceswith local processing,to eliminateirrelevant data
from the datasetbeforeshippingit over the network (see
Figure 1). Application-speci�c �ltering code, termeda
searchlet, isdistributedacrosstheactivestoragedevicesand
theuser's hostmachine(andoptionally, over several inter-
mediatecomputenodes).

We summarizeseveralsalientaspectsof our systemde-
sign. First, while discardingall of the irrelevant dataat
the storagedevice would be ideal in termsof network re-
sourceutilization,performingthenecessarycomputationat
thestoragenodesis typically infeasiblegiven their limited
processingpower. Diamondmust resolve the tensionbe-
tweenfully utilizing theavailablecomputationalresources
whileensuringthatirrelevantdataisnotunnecessarilyprop-
agatedthroughthesystem.Second,theoptimaldistribution
of computationacrossthesystemmaychangeover time: as
hardwareupgradesaffect the balanceof processingpower
betweenthenodes,aschangesin thenetwork affect thecost
of transferringlarge quantitiesof data,and as concurrent
searchesaddloadto differentpartsof thesystem.Further-
more,thecorrectdistributiondependsontheselectivity and
computationalrequirementsof thequeries,andon thedis-
tribution of dataon the storagedevices. Our approachis
to dynamicallydistributetheloadacrossthecomponentsof
the system. Performingthe load balancingat the system
level allows the developersof searchapplicationsto focus
onbuilding effective domain-speci�c�lters.
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Figure 1: Distributed search

This paper proposesseveral techniquesthat exploit
searchcharacteristicsto performdynamicload balancing.
Thesealgorithmsaccommodatefor variationsin process-
ing capacity, network bandwidth,storagecapacityandhet-
erogeneityof active storagecomponents.Our experiments
demonstratethat these techniquessigni�cantly improve
searchef�ciency acrossa varietyof systemandquerycon-
�gurations.

Thispaperis organizedasfollows. Section2 presentsan
overview of our systemanddiscussessomerelatedwork.
Section3 describesour algorithmsfor dynamicload bal-
ancing. Section4 presentsexperimentalresults.Section5
concludesthepaper.

2. Distrib uted Search

This sectionsummarizesour systemarchitecturefor dis-
tributedsearch(seeFigure1). Theuserformulatesa query
using a domain-speci�c applicationon the host system.
The applicationtranslatesthis query into a searchletthat
the storagedevices and computenodesuse to determine
whethera particulardataelementmatchesthe query. The
searchletis thus a proxy of the applicationthat encapsu-
latesthe domain-speci�cknowledgenecessaryto perform
thesearchtask.

A searchletconsistsof asetof machine-executabletasks

(�lter s) andassociatedcon�gurationstate,suchas�lter pa-
rametersand dependenciesbetween�lters. For example,
a searchletto retrieve portraitsof peoplein dark business
suitsmight containtwo �lters: a color histogram�lter that
�nds dark regionsanda detectorthat locateshumanfaces.
Each�lter' s return value indicateswhetherthe given ob-
ject shouldbediscarded,in which casethesearchletevalu-
ationis terminatedfor thecurrentobject.Objectsthatpass
throughall of the �lters aresentto thedomainapplication
for furtherprocessing.

A �lter can passstate to another�lter by adding at-
tributes to a temporarycopy of the data elementbeing
searched;theseattributescanbereadby any subsequent�l-
ter. For example,in acontent-basedimageretrieval applica-
tion, anearlier�lter couldpreprocesstheimageto generate
intermediaterepresentations,suchascolor histograms,for
useby later �lters. Theseattributescanbe very large, of-
ten larger thanthe original imageandcanimpact the cost
of sendingthepartially-processedobjectover thenetwork.
The Diamondruntimeoptimizesthe orderof �lter execu-
tion basedon measuredrejectionratesandexecutiontimes
while ensuringthatany partialorderingconstraintsimposed
by theapplicationaresatis�ed[9].

Diamondexploits several characteristicsof the search
task to minimize the problemsassociatedwith distributed
computation. First, it assumesthat datacan be indepen-
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dentlyprocessedin smallerunits,termedobjects(e.g., indi-
vidual imagesin a imageretrieval systemor segmentsof a
movie). Second,searchtaskstypically permitstoredobjects
to be examinedin any order. This order-independenceof-
fersseveralbene�ts: easyparallelizationwithin andacross
storagedevices, signi�cant �e xibility in schedulingdata
reads,andsimpli�ed migrationof computation.Third,most
searchtasksdo not requiremaintainingstatebetweenob-
jects.Finally, searchtasksonly requirereadaccessto data,
allowing the systemto avoid locking complexities and to
simplify securityissues.

Databasesaddressa similar issuewith queryplanning.
Before a query is performed,the query plannermapsa
queryto theavailableresourcesto getthebestperformance.
This approachhasseveral limitations for our problem,pri-
marily in that it assumesperfect knowledge of resource
availability at theplanningstage.Our queriesmayrun for
longperiodsandasaresult,thesystemmusthandlethecase
whereavailable resources(e.g., network bandwidth)may
changeduring the executionof the search. Another limi-
tation of the planningapproach,is that the plannerneeds
gooda priori estimatesfor the costof evaluatingeach�l-
ter aswell asits selectivity. Unlike a typical database,our
queriesaredif�cult to predict in advancebecausethe sys-
temcanrunarbitraryapplicationcodeandtheselectivity of
apredicatecanvarywidely basedon theparametersettings
aswell asthedatabeingsearched.

Several systemsexplore the problem of dynamically
adaptingthe distribution of computationover a setof pro-
cessors.Coign[7] pro�les runningprogramsandallocates
componentsto machinessoasto minimizecommunications
cost. River [3] handlesadaptive data�ow control generi-
cally in the presenceof failuresand heterogeneoushard-
ware resources. Eddies[4] adaptively reshapesdata�ow
graphsto maximizeperformanceby monitoring the rates
at which datais producedandconsumedat nodes. River
andEddiesdiffer from our approachin thatthey work with
small dataelementsandareprimarily concernedwith ef�-
cientusageof computationalresourcesnotwith minimizing
the costof moving dataacrossmachineboundaries.Aba-
cus[2] automaticallymovescomputationbetweenhostsor
storagedevicesin a clusterbasedon performanceandsys-
temload. Abacustries to tacklea moregeneraldistributed
computingproblemwhile we focusspeci�cally on search
andexploit thecharacteristicsof thesearchdomain.

3. Dynamic Load Balancing

As describedabove, the searchtask (encapsulatedby a
searchlet)consistsof a seriesof �lters that is evaluatedon
eachstoredobject. To achieve the bestperformancewe
want to ef�ciently distribute the processingof the �lters
acrossthe set of available processors.One can view the

pathfrom a datasource(storagenode)to thedatasink (the
host)asapipelineof processingstagesseparatedby queues.
Ourgoalis to dynamicallyadjusttheprocessingperformed
at eachstagesoasto maximizesystemutilization anddata
throughput.In this sectionwe introduceour dynamicload
balancingalgorithmin threesteps.We �rst focuson a sin-
gle processorand show how it can minimize the amount
of datait forwards.Next we presentthe loadbalancingal-
gorithm for a completestorage-to-hostprocessorpipeline,
and�nally we presentalgorithmsto handleheterogeneous
con�gurations.

3.1.Mapping Search Filters to Processors

We�rst considertheproblemof mapping�lters to available
computenodes. In our model,an objectpassesthrougha
chainof processorson its way to thehost. Eachprocessor
teststheobjectagainstoneor more�lters, discardingit on
failure.An importantgoalis to �nd anassignmentof �lters
to processorsthat minimizesinter-processornetwork traf-
�c. This is worthwhile for two reasons:(1) in many WAN
con�gurations,thenetwork maybethebottleneck;(2) even
for searchesthat areCPU-bound,reducingnetwork traf�c
cansigni�cantly reduceCPUload[5,6,12].

3.1.1 Bypass-basedevaluation

Weabstracttheproblemasfollows. At eachnode,wede�ne
b to bethefractionof thearriving work thatshouldbeper-
formedlocally. This work consistsof a setof �lters f Fig,
that still needto be appliedto a given object. We assume
the executionorderof the �lters is �x ed andgiven by the
sequenceF0;F1; : : : ;Fn� 1. Clearly, therearemultiple ways
to achieve a desiredb. Two simpleexamplesaredividing
the datainto disjoint subsets,eachof which is handledby
particularcomputenodes(datapartitioning), or assigning
speci�c �lters to nodes(�lter partitioning).

To morepreciselyspecifythe�lters thata nodewill ex-
ecute,we de�ne the bypassfraction bi of �lter Fi as the
averagefractionof objectsthatarelocally evaluatedby Fi ,
as shown in Figure 2. Using this terminology, datapar-
titioning is expressedvia bypassassignmentsof the form
b0 = b; b1 = � � � = bn� 1 = 1, while �lter partitioningwill
correspondto b0 = 1; � � � ;b j = 1;b j+ 1 = 0; � � � ;bn� 1 = 0.
Therun-timesimply interpretsbi asa probability— when
any objectreaches�lter Fi , it hasa randomchance,1� bi ,
of beingimmediatelysentto thenext computenodein the
chainwithout furtherlocalevaluation.

We now presentour partitioningalgorithmfor selecting
the appropriate�lters to run locally, while minimizing the
datatransferred.Detailsarein our technicalreport[11].
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Figure 2: Bypass-based evaluation

3.1.2 Assigningbypassfractions

Let ci be the averagerunningtime of �lter Fi , and let the
conditional passrate pi representthe fraction of objects
evaluatedby Fi that pass�lter Fi . The averageCPU time
neededto evaluateall �lters oneachobjectis givenby

C =
n� 1

å
i= 0

p0 � � � pi� 1ci :

TheCPUtimespentlocally on theaverageobjectunderthe
bypassassignmentb = (b0; : : : ;bn� 1) is givenby

C(b) =
n� 1

å
i= 0

p0 � � � pi� 1b0 � � � bici :

Thusa bypassassignmentsatisfyinga computationparti-
tioningof b is onesuchthatC(b) = bC.

We de�ne theef�ciency of a �lter asthedecreasein the
averagebytestransmittedper unit computation;ef�ciency
is affectedby the �lter' s selectivity aswell asthe average
amountof meta-dataaddedby the �lter . Ef�ciency canbe
usedto computebypassassignments.Intuitively, onecan
seethat for a desiredb, we want to setthe bypassassign-
mentsto includethe�lters with thehighestef�ciency.

Let us�rst focusonasimplecasewhere�lters canbeex-
ecutedin any order. If the �lters areorderedin decreasing
ef�ciency, themosteffectivebypassassignment,for agiven
b, will executeasmany of theearly�lters aspossible[11].
To achievethisassignment,wede�ne apartitioningscheme
(termedAggressive) that for eachobject always executes
the�rst k �lters locally, thenext �lter (Fk+ 1) locally a frac-
tion of the time, and never executesthe remaining�lters
locally. This correspondsto a bypassassignmentof bi = 1
for i � k, bi = 0 for i > k+ 1, andbk+ 1 suchthatC(b) = bC.
Figure3 showstherelationshipbetweenb andtheoutgoing
network traf�c. Theslopesof theline segmentscorrespond
to �lter ef�ciencies. Notethat increasingb reducestheav-
eragenumberof bytesperobjectsentdownstream.

3.1.3 Filter clustering

In practiceit is not possibleto executethe�lters in any or-
der, sincesome�lters may dependon other�lters. More-
over, some�lters canaddmeta-datato the objectpossibly
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Figure 3: b vs. average bytes transferred for the ideal Ag-
gressive scheme
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Figure 4: b vs. average bytes transferred for a typical Ag-
gressive scheme

resultingin a negative ef�ciency. As a resultwe cannotal-
waysexecutethe mostef�cient �lters �rst. The solid line
in Figure4 shows anexampleof whattheAggressive algo-
rithm canachievein thiscase;�lter dependenciespreventus
from moving F2 beforeF1. Notethatin thiscase,increasing
b doesnotnecessarilydecreasethenetwork traf�c.

Even if we cannotarbitrarily order �lters, we can still
applytheAggressiveschemeto minimizetheoutgoingnet-
work databy groupingadjacent�lters to createa cluster.
TheAggressive algorithmtreatsclustersasatomicunits(if
the�rst �lter in theclusteris locally evaluated,theremain-
ing �lters in thatclustermustalsobeexecutedlocally). This
clusteringemploys a simpleagglomerative schemewhere
any adjacent�lters that arenot in orderof decreasingef-
�ciency arecombined. The effect of combiningtwo such
�lters is illustratedby thedashedline in Figure4.
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We implementand comparethe following partitioning
schemes:

� Simple: the data partitioning schemeintroducedin
Section3.1.1.This schemeis equivalentto collapsing
all of the�lters into asingleatomicunit.

� Greedy:anapplicationof Aggressivewithoutcluster-
ing.

� Hybrid: anapplicationof Aggressive with clustering
asdescribedabove.

3.2.Load balancingacrossa computepipeline

To perform load balancing,each of the computenodes
shoulddeterminethe fraction of computationthat should
beperformedlocally. For CPU-boundscenarios,aneffec-
tive partitioningshouldkeepall of thecomputenodescon-
tinuouslybusy for thedurationof thesearch,suchthat the
nodes�nish their taskssimultaneously. Givencompleteand
accurateknowledgeof processingratesatall nodes,objects
storedoneachactivestoragedevice,andthenetwork band-
widths, one could determinethe allocationof processing
thatminimizessearchtime. Unfortunately, suchananalyti-
cal approachis likely to fail in practicedueto variability in
systembehavior andtheunpredictableimpactof concurrent
searches.Therefore,we advocateschemesthatadapteach
computenode's behavior. Thechallengeis for thecompute
nodesto �nd aneffectivepartitioningbasedsolelyuponlo-
calobservations.

We describetwo methodsfor loadbalancing.The �rst,
termed“queueadaptation”,makessimpleper-objectdeci-
sionson when to queuean object. The idea is that each
computenodeshouldcheckits outputqueueafterevaluat-
inga�lter (or clusterof �lters). If thenumberof itemsin the
queuedropsbelow a speci�ed threshold,the current(par-
tially processed)objectis enqueued.Thus,without explic-
itly calculatinga b value,thegivencomputenodeautomat-
ically matchesits processingto the observed drain rateon
theoutputqueueby delegatingwork to downstreamnodes
asnecessary. A potentialdrawbackis thatthenetwork traf-
�c generatedby this methodmaybehigherthanthatusing
an explicit bypassassignment.Nevertheless,asshown in
Section4.2, this simpleadaptive schemeis quite competi-
tive for real-world tasks.

The betaestimationmethodmonitorsthe enqueuerate
ontheinputqueue(e1) andthedrainrateof theoutputqueue
(d2). Herewe focuson thecasewherethereis a singlein-
put andoutputqueue;the moregeneralcaseis discussed
in the next section. Basedon the observed rates(seeFig-
ure 5) this methodadjustsb to matchlocal processingto
thedrainrateof theoutputqueue.However, whentheinput
queueis the bottleneck(e.g., a disk-boundcase),we con-
serve network bandwidthby increasinglocal computation.

d2e2d1e1
x2

input queue

k2x1 k1 b2b1

output queueCompute Node

processing rate = P

Figure 5: Beta Estimation

To achieve this goal, we independentlycomputean input
andanoutputvaluefor b basedon thestateof theupstream
and downstreamqueues.The maximumb is used. As a
secondaryobjective, we try to avoid overfull andunderfull
queuesby driving thenumberof itemsin thequeue,x1 and
x2, towardspeci�edtargetvalues,k1 andk2. Thealgorithm
is summarizedby:

d1 = e1 +
x1 � k1

Dt

e2 = d2 �
x2 � k2

Dt

b1 =
P
d1

b2 =
1

e2
P + 1

b = max(b1;b2):

3.3.HeterogeneousDevices

As statedearlier, our goal is to �nish processingall of the
objectsat thesametime. To achieve this goal,downstream
computenodesshouldprovide a disproportionateshareof
their computeresourceto assistslower upstreamcompute
nodes.Althoughtheabove discussionassumesa singleag-
gregateinputqueue,eachnodeactuallymaintainsaseparate
queuefor eachupstreampathandcomputesb valuesusing
theaggregatestatistics.

To determinehow we servicethemultiple input queues,
we employ a credit-basedmechanism.Eachinput queue,i,
correspondsto a differentupstreambranch,andis alloteda
certainnumberof credits,di , representingits shareof pro-
cessing.Objectsaredequeuedfrom the input streamwith
thehighestcreditcount,which is decrementedproportional
to the processingtime consumedby the object. The sys-
tem is work conserving: if the particularqueueselected
is empty, the systemsimply continueswith the next best
one.Eachcreditcountis replenishedby thecorresponding
di valuewhenno non-emptyqueueshave a positive credit
balance.

To aid in assigningcredits,eachupstreamnodeperiodi-
cally providesstatisticsaboutthenumberof remainingob-
jectsthatit mustprocessandits currentprocessingrate.The
givennodeusesthis informationto estimateeachupstream
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node's time-to-completionand allocatescreditsaccording
to oneof thetwo schemesdescribedbelow.

The�rst scheme(termed“proportionalallocation”)�nds
the earliest completion time among all upstreamnodes.
Eachupstreamnodeis assignedcreditsproportionalto the
differencebetweenits expectedcompletiontime and this
minimum.Thesecondscheme(termed“greedyallocation”)
�nds the latestcompletiontime amongall upstreamnodes
andassignsit C credits.All of theotherupstreamnodesare
assignedasinglecredit.

4. Experimental Evaluation

Diamondis implementedon Linux asuser-level codewith
multiple threads.Thehostruntimeis implementedasa li-
brary that links against the domainapplication. The stor-
age runtime is implementedas a multi-threadeddaemon
runningon thestoragedevicesandthe intermediatenodes.
Backgroundthreadsareusedto readdataobjectsto reduce
I/O stalls. Network communicationis implementedusing
socketsoverTCP.

The storagedevicesand intermediatenodesare imple-
mentedusing rack-mountedcomputers(1.2 GHz Intel R


PentiumR
 III processors,512 MB RAM and 73 GB
SCSI disks), connectedvia a 1 Gbps Ethernet switch.
The host systemcontainsa 3.06 GHz Intel R
 PentiumR


XeonTMprocessor, 2 GB RAM, and a 120 GB IDE disk.
Thehostis connectedvia Ethernetto thestorageplatforms.
We vary the link speedbetween1 Gbpsand10 Mbps de-
pendingontheexperiment.Someexperimentsrequireusto
emulateslower active storagedevices;this is doneby run-
ning a real-timetask that consumesa �x ed percentageof
theCPU.

Our searchtask was content-basedimage retrieval on
a large, non-indexed collectionof digital photos. Table1
summarizestwo queriesgeneratedusing using a content-
basedimageretrieval application(SnapFind[8]) thatwere
usedto evaluateour algorithms. Eachof the storagede-
vices was allocated5,000 images(1.6 GB). As the num-
ber of storagedevices increased,so did the total number
of imagesinvolved in a search. For eachexperimentwe
performed3 runsof eachtest,andreportedthemeanvalue.
Wechosethesizeof ourdatasetto belargeenoughto avoid
startuptransientsbut manageableenoughto enabletheva-
riety of experimentsdescribedbelow.

4.1.Impact of Partitioning Schemes

The�rst experimentsexaminehow thethreealgorithmsde-
scribedin Section3.1affect theamountof datatransmitted
on thenetwork. This experimentemploys a singlestorage
device directly connectedto the host. We run several ex-
perimentswith different�x edvaluesfor b andmeasurethe

Query Description
FlowerPot Looks for imagesthat contain �o wer

potsby searchingfor multiplecolordis-
tributions; terra-cottafor the pots,and
redandgreenpatchesfor theplants.

Lawn Find imagesof lawnsthroughcolorand
texture�lters.

Table 1: Test queries
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Figure 6: Bytes transferred for �o wer query.

network usage. Figures6 and 7 show the resultsfor the
“FlowerPot” andthe“Lawn” queries.

The resultsshow that the Hybrid algorithm minimizes
thebytestransferredfor bothqueries.In the “Flower Pot”
query, theHybrid andSimplealgorithmsareequivalentand
minimize the bytestransferredfor all settingsof b. In the
“Lawn” query, Hybrid is betterthan the other algorithms
over largerangesof b. Thisvalidatesourbelief thattheHy-
brid schememinimizesnetwork usagefor a targetb; thus,
weemploy Hybrid for all of theremainingexperiments.

4.2.Impact of CPU Load Balancing

Thenext setof experimentsevaluatetheadaptiveCPUload
balancingalgorithmsonsystemcon�gurationswith varying
numbersof storagedevices,network bandwidthandproces-
sorspeeds,asshown in Table2. For eachcon�guration,we
�rst generatea baselinemeasurement(for eachquery)by
exhaustively searchingfor a �x ed b that minimizessearch
time. This baselineis thebestCPUloadbalancingusinga
staticb for thegivenqueryandsystemcon�guration.

Figures8 and 9 show the performanceof the queue-
basedandthe b-estimationload balancingalgorithmsrel-
ative to their respectivebaselines.As acomparisonwealso
givetwo additionalresults:(1) whereall of thecomputation
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Figure 7: Bytes transferred for lawn query.

Name Network Numberof Processor
Speed Devices Speed

4-slow 10Mbps 4 25%
4-fast 1 Gbps 4 100%
8-slow 10Mbps 8 25%
8-fast 1 Gbps 8 25%

Table 2: System con�gur ations

occursat thehost;(2) whereall of thecomputationoccurs
at theactive storagedevice.

Theseresultsshow thatbothof the adaptive techniques
perform well, particularly since they are fully automated
and requireno a priori knowledge. The b estimationis
within 6% of thebaselinewhile thequeue-basedapproach
hasslightly longerruntimes(primarily dueto transferring
moredataon the network). Our experimentscon�rm that
adaptive approacheswork well without making assump-
tionsaboutthehardwarecon�gurationor tuningfor speci�c
queries.

4.3.HeterogeneousCon�gurations

This experimentevaluatesthe two algorithmsfor coping
with heterogeneityin computenodeprocessingpower (de-
scribedin Section3.3). We evaluatethe algorithmsusing
two differentcon�gurations.In bothcasesweusefour stor-
agedevicesconnectedto thehostcomputervia 1 GbpsEth-
ernet.The�rst con�gurationusesthe“Lawn” queryandthe
four storagedevicesarecon�gured with the following rel-
ative speeds:CPU1runsat 75%; CPU2andCPU3run at
50%; and CPU4 runs at 25%. The secondcon�guration
usesthe“FlowerPot” queryandthefour storagedevicesare
con�guredwith thefollowing relativespeeds:CPU1runsat
75%;CPU2runsat50%;andCPU3andCPU4runat25%.
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Figure 8: Dynamic CPU Partitioning for lawn query.
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Figure 9: Dynamic CPU Partitioning for �o wer query.
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Weevaluatethefollowing threecases:(1) uniform,non-
adaptive, creditallocationamongthedifferentdevices;(2)
greedycredit algorithm; (3) proportionalcredit allocation.
Figure 10 and Figure 11 show the time for eachnodeto
�nish processingits data,aswell as the total searchtime
(determinedby theprogressof theslowestnode).

For theuniform credit allocation,we observe that there
is a large differencebetweenthe completiontimes of the
fastestandslowestnodes,leadingto a longer total search
time. Usingeitherof theadaptivecreditallocationschemes
reducesthetotal searchtime by disproportionatelyallocat-
ing the host's computeresourcesto aid the slowestnodes.
We observe no signi�cant differencebetweenGreedyand
Proportionalon theseexperiments.For thesecondcon�gu-
ration,thedecreasein total run time is not assigni�cant as
the �rst con�gurationbecausethesinglehostcannot offer
enoughadditionalcomputeresourcesto offsettheimpactof
the two slow disks. We expectto seelarger improvements
astheperformancedisparitybetweenthehostandthestor-
agedevicesis increased.

4.4.Multi­Le vel Hierar chies

Theseexperimentsexploretheperformanceof theadaptive
schemesas intermediatecomputenodesare addedto the
system.Our initial setupconsistsof 8 storagenodes,each
runningat 25%speed,connectedto thehostvia a 10Mbps
network, executing the “Flower Pot” query. This corre-
spondsto runningqueriesfrom a remotehostover a WAN.
We thenexaminetheimprovementachievedby addingtwo
100%speedintermediatecomputenodes,eachconnected
via 1Gbpsnetwork to four storagedevicesand10Mbpsto
the host. Thesecorrespondto additionallocal processing
availableat thedatacenter.
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Figure 11: Heterogeneous adaptation for con�gur ation 2

Con�guration Time(s)

No Intermediate 1067
Intermediatewith 691
DynamicAdaptation
Intermediatewith 768
StaticPartitioning

Table 3: Multi-level con�gur ations

We conducttwo experiments: (1) dynamicadaptation
using b estimation load balancing for the intermediate
nodes;(2) applyinga staticb calculatedfrom relative pro-
cessorspeeds.Table3 shows that,while bothschemesre-
ducethe total searchtime, thedynamicadaptationusingb
estimationoutperformsthestaticscheme.We hypothesize
that the static schemeperformslesswell becauserelative
processorspeedsdo not accountfor theCPUoverheadin-
volvedin networkinganddisk I/O.

4.5.Adapting to Dynamic Conditions

This experimentexamineshow well the Diamondsystem
reactsto dynamic con�gurations. First, we execute the
“Flower Pot” queryon four storagenodes(CPU1–CPU4),
without intermediatenodes. After 30 seconds(while the
�rst queryis still running),we initiate a concurrentsearch
usingthe“Lawn” queryfrom a differenthostcomputeron
a subsetof thestoragenodes(CPU1,CPU2).In this exper-
iment, Diamondusesb estimationfor load balancingand
the proportionalcredit allocationto handleheterogeneous
environments.

OnCPU1andCPU2weobserve thatb decreasesfor the
�rst searchandincreasesfor thesecond.Both of theseval-
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Figure 12: Dynamic adaptation

uesreacha stablepoint around37%. This indicatesthata
signi�cant fractionof theprocessingmovesdownstreamto
the host processorin responseto the increasedload. We
seethattheb valuesfor CPU3andCPU4increasewhenthe
secondsearchstarts,in responseto thegreaterallocationof
hostresourcesto CPU1andCPU2(whichhavebeenslowed
by concurrentsearches).This is thedesiredbehavior asthe
hostprovidesgreatershareof resourcesto theloadednodes
thathave now becomethebottleneckfor the�rst query.

Theseresultsdemonstratethat our adaptive algorithms
for load balancing are effective at handling run-time
changesin resourceavailability.

Theabove evaluationresultsshow that,on average,the
bestperformanceresultsareobtainedusingtheHybrid clus-
tering algorithmfor selectingthe �lter to executeon each
node, combinedwith the b estimationmethod for load
balancingamongprocessingnodes,and the proportional
algorithm for distributing processingover multiple input
queues.

5. Conclusion

This papermotivatesthe needfor dynamicpartitioningof
computationamongthecomponentsof a distributedsearch
system. We presentalgorithmsthat ef�ciently distribute
computationby consideringthe relative capabilitiesand

numberof computenodes,theavailableinterconnectband-
width, the size and placementof the dataon the storage
nodes,andthe characteristicsof the currentquery. These
techniqueshave beenimplementedfor a content-basedim-
ageretrieval applicationin Diamond,adistributedarchitec-
ture thatsupportslarge-scaleinteractive brute-forcesearch
of complex data. Our experimentsdemonstratethat dy-
namic adaptationsigni�cantly improves ef�ciency by en-
suringthatcomputenodeswithin thedistributedsystemare
maximallyutilized. We believe thatthetechniquesfor load
balancingdescribedin this paperarebroadlyapplicableto
otherforms of distributedcomputation(e.g., parallelvisu-
alization). Finally, within our presentapplicationdomain,
we would like to investigatehow our adaptationtechniques
interactwith otherperformanceoptimizationssuchascom-
putationcaching.
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