Dynamic Load Balancingfor Distrib uted Search

L. Hustot A. Nizhne? P Pillai! R.Sukthanka¥? P Steenkisté J.Zhang
1 Intel ResearcHrittshurgh; 2 Carngjie Mellon University; 3 University of Michigan

Abstract
This paper examineshon computationcan be mapped
acrosghenodesf adistributedsearchsystento effectively
utilize availableresourcesWe speci cally addressompu-
tationallyintensve searctof complex data,suchascontent-
basedretrieval of digital imagesor soundswheresophisti-
catedalgorithmsmustbe evaluatedon the objectsof inter
est. Sincetheseproblemsrequiresigni cant computation,
we distributethesearchover a collectionof computenodes,
suchasactive storagedevices,intermediaterocessorand
hostcomputers A key challengewith mappingthedesired
computatiorto the availableresourcess thatthe mostef -
cientdistribution depend®n severalfactors:relative power
andnumberof computenodesnetwork bandwidthbetween
thecomputenodesithe costof evaluatingquerypredicates;
and the selectvity of the given query This wide range
of variablesrendersmanualpartitioning of the computa-
tion infeasible, particularly since someof the parameters
(e.g., available network bandwidth)canchangeduring the
courseof a search.This paperproposeseveraltechniques
for dynamicpartitioningof computationanddemonstrates
thatthey cansigni cantly improve ef ciency for distributed
searchapplications.

1. Intr oduction

Rapidadwancesn storageechnologyanddigital mediaac-
quisition hasled to an explosive growth in the volume of
large, rich datasets Acquiring the datais only one part of
the problemand mary obstaclesmpedethe efcient use
of this data. This paperfocuseson one of theseproblems:
search— theability to ef ciently extracta setof dataitems
thatmeetsomeusetrspeci ed constraints.

For text and numericaldata,the standardapproachhas
beento build indexes and employ thesefor efcient re-
trieval. Unfortunately this approactrequiresthatthe data
itemsbereducedo a smallnumberof numericvalues.For
mary rich dataitems(e.g., brain MRIs), it is impossibleto
distill the interestingfeaturesinto a small setof numbers.
Instead,a searchmay require performingexpensve com-
putationover the entiredataseto nd theitemsthatmatch
thedesiredcharacteristics.

Performingcomputatioronthislargebodyof dataintro-
ducesseveral challenges.First, suchsearchesre compu-
tationally expensve, typically demandinga distributed ap-
proach. Secondunlike mary distributed computingtasks,
the dataobjectscanbe very large. Naively transferringob-
jects over the network to a centralizedcomputesener or
idle machinescan be prohibitively expensve in terms of
thesysteml/O cost,andmayerasehebene ts of distribut-
ing the computation.A practicalapproacho the problem
requiresbalancingthe bene ts of additionalcomputational
resourcespinstthe costof shippingdata.

We have developeda system, Diamond [9], that ad-
dresseghis problemby distributing the searchover a col-
lection of machines. A key elementof the Diamondar
chitectureis the use of active storage[1, 10,13], storage
deviceswith local processingto eliminateirrelevant data
from the datasetbefore shippingit over the network (see
Figure 1). Application-specic Itering code, termeda
seachlet, is distributedacrosgheactive storagedevicesand
the users hostmachine(andoptionally, over severalinter-
mediatecomputenodes).

We summarizeseveral salientaspectf our systemde-
sign. First, while discardingall of the irrelevant data at
the storagedevice would be ideal in termsof network re-
sourceutilization, performingthe necessargomputatiorat
the storagenodesis typically infeasiblegiven their limited
processingpowver. Diamondmustresole the tensionbe-
tweenfully utilizing the available computationalesources
while ensuringhatirrelevantdatais notunnecessarilprop-
agatedthroughthe system.Secondthe optimaldistribution
of computatioracrosghe systemmaychangeovertime: as
hardware upgradesaffect the balanceof processingpower
betweerthenodesaschangesn thenetwork affectthecost
of transferringlarge quantitiesof data,and as concurrent
searchesddloadto differentpartsof the system.Further
more,thecorrectdistributiondepend®ntheselectvity and
computationatequirement®f the queries,andon the dis-
tribution of dataon the storagedevices. Our approachis
to dynamicallydistributetheloadacrosghe componentsf
the system. Performingthe load balancingat the system
level allows the developersof searchapplicationsto focus
on building effective domain-speci c lters.
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Figure 1: Distributed search

This paper proposesseveral techniquesthat exploit
searchcharacteristicgo perform dynamicload balancing.
Thesealgorithmsaccommodatdor variationsin process-
ing capacity network bandwidth storagecapacityandhet-
erogeneityof active storagecomponentsOur experiments
demonstratethat these techniquessigni cantly improve
searchef ciency acrossa variety of systemandquerycon-
gurations.

This paperis organizedasfollows. Section2 presentsn
overview of our systemand discussesomerelatedwork.
Section3 describesour algorithmsfor dynamicload bal-
ancing. Section4 presentsxperimentalresults. Section5
concludeghe paper

2. Distrib uted Search

This sectionsummarizeour systemarchitecturefor dis-
tributedsearch(seeFigurel). The userformulatesa query
using a domain-speci c applicationon the host system.
The applicationtranslateshis query into a searchlethat
the storagedevices and computenodesuseto determine
whethera particulardataelementmatcheshe query The
searchletis thus a proxy of the applicationthat encapsu-
latesthe domain-speci cknowvledgenecessaryo perform
thesearchask.

A searchletonsistof asetof machine-gecutableasks

( Iter s) andassociatedon gurationstate suchas Iter pa-

rametersand dependenciebetween lters. For example,
a searchleto retrieve portraitsof peoplein dark business
suitsmight containtwo lters: a color histogramlter that

nds darkregionsanda detectorthatlocateshumanfaces.
Each lter' s return value indicateswhetherthe given ob-

jectshouldbe discardedin which casethe searchleevalu-

ationis terminatedor the currentobject. Objectsthat pass
throughall of the Iters aresentto the domainapplication
for furtherprocessing.

A lter can passstateto another Iter by adding at-
tributes to a temporarycopy of the data elementbeing
searchedtheseattributescanbereadby any subsequent-
ter. For example,in acontent-baseninageretrieval applica-
tion, anearlier Iter couldpreprocestheimageto generate
intermediaterepresentationsuchascolor histogramsfor
useby later lters. Theseattributescanbe very large, of-
ten larger thanthe original imageand canimpactthe cost
of sendingthe partially-processedbjectover the network.
The Diamondruntime optimizesthe orderof lter execu-
tion basedon measuredejectionratesandexecutiontimes
while ensuringhatary partialorderingconstraintsmposed
by theapplicationaresatis ed[9].

Diamond exploits several characteristicof the search
taskto minimize the problemsassociatedvith distributed
computation. First, it assumeghat datacan be indepen-



dentlyprocesseih smallerunits,termedobjects(e.g., indi-

vidualimagesin aimageretrieval systemor sggmentsof a
movie). Secondsearchaskstypically permitstoredobjects
to be examinedin ary order This orderindependencef-

fersseveralbene ts: easyparallelizationwithin andacross
storagedevices, signi cant e xibility in schedulingdata
readsandsimpli ed migrationof computation.Third, most
searchtasksdo not requiremaintainingstatebetweenob-

jects. Finally, searchtasksonly requirereadaccesgo data,
allowing the systemto avoid locking compleities andto

simplify securityissues.

Databasesddress similar issuewith query planning.
Before a query is performed,the query plannermapsa
gueryto theavailableresourceso getthebestperformance.
This approacthassereral limitations for our problem,pri-
marily in that it assumegerfect knowledge of resource
availability at the planningstage.Our queriesmay run for
long periodsandasaresult,thesystemmusthandlethecase
where available resourcege.g., network bandwidth)may
changeduring the executionof the search. Anotherlimi-
tation of the planningapproachjs that the plannerneeds
gooda priori estimatedor the costof evaluatingeach I-
teraswell asits selectvity. Unlike a typical databasequr
queriesaredif cult to predictin advancebecausehe sys-
temcanrunarbitraryapplicationcodeandthe selectvity of
apredicatecanvary widely basedn the parametesettings
aswell asthe databeingsearched.

Several systemsexplore the problem of dynamically
adaptingthe distribution of computationover a setof pro-
cessorsCoign[7] pro les runningprogramsandallocates
componentso machinesoasto minimizecommunications
cost. River [3] handlesadaptve data ow control generi-
cally in the presenceof failuresand heterogeneoubard-
ware resources. Eddies[4] adaptvely reshapeglata ow
graphsto maximize performanceby monitoring the rates
at which datais producedand consumedat nodes. River
andEddiesdiffer from our approachn thatthey work with
smalldataelementsaandare primarily concernedwith ef -
cientusageof computationatesourcesotwith minimizing
the costof moving dataacrossmachineboundaries.Aba-
cus[2] automaticallymovescomputationbetweerhostsor
storagedevicesin a clusterbasedon performanceandsys-
temload. Abacustriesto tacklea moregeneraldistributed
computingproblemwhile we focus speci cally on search
andexploit the characteristicef the searchdomain.

3. Dynamic Load Balancing

As describedabore, the searchtask (encapsulatedy a
searchletronsistof a seriesof lters thatis evaluatedon
eachstoredobject. To achieve the bestperformancewe
want to efciently distribute the processingof the lters
acrossthe set of available processors.One canview the

pathfrom a datasource(storagenode)to the datasink (the
host)asapipelineof processingtageseparatethy queues.
Ourgoalis to dynamicallyadjustthe processingerformed
at eachstageso asto maximizesystemutilization anddata
throughput.In this sectionwe introduceour dynamicload
balancingalgorithmin threesteps.We rst focusonasin-
gle processoand shav how it can minimize the amount
of datait forwards. Next we presenthe load balancingal-
gorithm for a completestorage-to-hosprocessopipeline,
and nally we presentalgorithmsto handleheterogeneous
con gurations.

3.1.Mapping Search Filters to Processors

We rst considettheproblemof mappinglters to available
computenodes. In our model, an objectpasseshrougha
chainof processorsn its way to the host. Eachprocessor
teststhe objectagainstoneor more lters, discardingit on
failure. An importantgoalis to nd anassignmenof lters
to processorshat minimizesinter-processomnetwork traf-
c. Thisis worthwhilefor two reasonsi1) in mary WAN
con gurations,thenetwork maybethebottlenecky2) even
for searcheshat are CPU-bound reducingnetwork trafc
cansigni cantly reduceCPUload[5,6,12].

3.1.1 Bypass-basedvaluation

Weabstractheproblemasfollows. At eachnode wede ne
b to bethefractionof thearriving work thatshouldbe per
formedlocally. This work consistsof a setof lters fFqg,
that still needto be appliedto a given object. We assume
the executionorderof the lters is x ed andgiven by the

to achieve a desiredb. Two simple examplesaredividing

the datainto disjoint subsetseachof which is handledby

particularcomputenodes(datapartitioning), or assigning
speci c lters to nodeq lter partitioning).

To morepreciselyspecifythe Iters thata nodewill ex-
ecute,we de ne the bypassfraction b; of Iter F asthe
averagefraction of objectsthatarelocally evaluatedby F;,
as showvn in Figure 2. Using this terminology datapar
titioning is expressedvia bypassassignmentsf the form
bo=b; by = = b, 1= 1, while lter partitioningwill
correspondo bp= 1,  ;bj= Lbj+1=0; by 1= 0.
The run-timesimply interpretsh; asa probability— when
ary objectreacheslter F, it hasarandomchancel b;,
of beingimmediatelysentto the next computenodein the
chainwithoutfurtherlocal evaluation.

We now presenbur partitioningalgorithmfor selecting
the appropriatelters to run locally, while minimizing the
datatransferredDetailsarein ourtechnicalreport[11].
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Figure 2: Bypass-based evaluation

3.1.2 Assigningbypassfractions

Let ¢; be the averagerunningtime of Iter F, andlet the
conditional passrate p; representhe fraction of objects
evaluatedby F thatpasslter F. The averageCPU time
neededo evaluateall Iters oneachobjectis givenby

n 1
Cb)= & po P 1bo bic:
i=0

Thus a bypassassignmensatisfyinga computationparti-
tioning of b is onesuchthatC(b) = bC.

We de ne theefciency of a Iter asthedecreasén the
averagebytestransmittedper unit computation;ef ciency
is affectedby the Iter' s selectvity aswell asthe average
amountof meta-dataaddedby the Iter. Ef ciency canbe
usedto computebypassassignmentsIntuitively, one can
seethatfor a desiredb, we wantto setthe bypassassign-
mentsto includethe Iters with the highestef ciency.

Letus rst focusonasimplecasewhere lters canbeex-
ecutedin ary order If the lters areorderedin decreasing
ef ciency, themosteffective bypassassignmentfor agiven
b, will executeasmary of theearly Iters aspossible[11].
To achieve thisassignmentye de ne apartitioningscheme
(termedAggressie) that for eachobject always executes
the rst k Iters locally, thenext Iter (K. 1) locally afrac-
tion of the time, and never executesthe remaining lters
locally. This corresponds$o a bypassassignmenof b; = 1
fori k,bj= 0fori> k+ 1,andby; suchthatC(b) = bC.
Figure3 shawvstherelationshipbetweerb andthe outgoing
network traf c. Theslopesof theline segmentscorrespond
to lter efciencies. Notethatincreasingd reduceghe av-
eragenumberof bytesperobjectsentdownstream.

3.1.3 Filter clustering

In practiceit is not possibleto executethe Iters in ary or-
der, sincesome lters may dependon other lters. More-
over, some lters canadd meta-datao the objectpossibly
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b

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 aresultwe cannotal-

ways executethe mostefcient lters rst. The solid line

in Figure4 shavs anexampleof whatthe Aggressie algo-

rithm canachievein thiscase;lter dependencigsreventus

from moving F, beforeF;. Notethatin this casejncreasing
b doesnot necessarilylecreasé¢he network traf c.

Even if we cannotarbitrarily order lters, we can still
applythe Aggressie schemdo minimizethe outgoingnet-
work databy groupingadjacentlters to createa cluster
The Aggressve algorithmtreatsclustersasatomicunits (if
the rst Iter in theclusteris locally evaluatedthe remain-
ing Iters in thatclustermustalsobeexecutedocally). This
clusteringemploys a simple agglomeratie schemewhere
ary adjacentlters thatarenotin orderof decreasingef-
ciency arecombined. The effect of combiningtwo such
Iters isillustratedby the dashedine in Figure4.



We implementand comparethe following partitioning
schemes:

Simple: the data partitioning schemeintroducedin
Section3.1.1. This schemds equivalentto collapsing
all of the Iters into asingleatomicunit.

Greedy: anapplicationof Aggressve without cluster
ing.

Hybrid: anapplicationof Aggressie with clustering
asdescribedabove.

3.2.Load balancing acrossa computepipeline

To perform load balancing, each of the compute nodes
should determinethe fraction of computationthat should
be performedlocally. For CPU-boundscenariosan effec-
tive partitioningshouldkeepall of the computenodescon-
tinuouslybusy for the durationof the search suchthatthe
nodesnish theirtaskssimultaneouslyGivencompleteand
accuratknowledgeof processingatesat all nodespbjects
storedon eachactive storagedevice, andthe network band-
widths, one could determinethe allocation of processing
thatminimizessearchime. Unfortunately suchananalyti-
cal approactis likely to fail in practicedueto variability in
systenmbehaior andthe unpredictablémpactof concurrent
searchesTherefore we adwocateschemeghat adapteach
computenodes behaior. Thechallengds for the compute
nodeso nd aneffective partitioningbasedsolelyuponlo-
cal obsenations.

We describetwo methodsfor load balancing.The rst,
termed“queueadaptation”, makes simple perobjectdeci-
sionson whento queuean object. The ideais that each
computenodeshouldcheckits outputqueueafter evaluat-
inga Iter (orclusterof lters). If thenumberof itemsin the
gueuedropsbelon a speci ed threshold,the current(par
tially processedpbjectis enqueuedThus,without explic-
itly calculatingab value,the givencomputenodeautomat-
ically matchests processingo the obsened drainrateon
the outputqueueby delegating work to downstreamnodes
asnecessaryA potentialdravbackis thatthe network traf-
¢ generatedy this methodmay be higherthanthatusing
an explicit bypassassignment.Neverthelessas shovn in
Section4.2, this simple adaptve schemes quite competi-
tive for real-world tasks.

The betaestimationmethodmonitorsthe enqueuerate
ontheinputqueuge;) andthedrainrateof theoutputqueue
(d2). Herewe focuson the casewherethereis a singlein-
put and output queue;the more generalcaseis discussed
in the next section. Basedon the obsered rates(seeFig-
ure 5) this methodadjustsb to matchlocal processingo
thedrainrateof the outputqueue However, whentheinput
gueueis the bottleneck(e.g., a disk-boundcase) ,we con-
sene network bandwidthby increasingocal computation.
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Figure 5: Beta Estimation

To achieve this goal, we independentlycomputean input

andanoutputvaluefor b basedn the stateof theupstream
and downstreamqueues. The maximumb is used. As a

secondanybjective, we try to avoid overfull andunderfull

gueuesy driving the numberof itemsin thequeue x; and

X2, toward speci edtamgetvalues ki andky,. Thealgorithm

is summarizedy:

h = 91"'XlTl:
o = d; Xth 2
b = &

by = %

b = maxbi;by):

3.3.HeterogeneoudDevices

As statedearlier our goalis to nish processingll of the
objectsat the sametime. To achieve this goal,dowvnstream
computenodesshouldprovide a disproportionateshareof
their computeresourceto assistslower upstreamcompute
nodes.Althoughthe abore discussiorassumes singleag-
gregateinputqueuegachnodeactuallymaintainsaseparate
gueuefor eachupstreanpathandcomputes valuesusing
theaggrejatestatistics.

To determinenow we servicethe multiple input queues,
we employ a credit-baseanechanismEachinput queuej,
correspondso a differentupstreanbranch,andis alloteda
certainnumberof credits,d;, representingts shareof pro-
cessing.Objectsare dequeuedrom the input streamwith
the highestcreditcount,whichis decrementegroportional
to the processingime consumeddy the object. The sys-
tem is work conserving: if the particular queueselected
is empty the systemsimply continueswith the next best
one. Eachcreditcountis replenishedy the corresponding
d; valuewhenno non-emptyqueueshave a positive credit
balance.

To aid in assigningcredits,eachupstreanmodeperiodi-
cally providesstatisticsaboutthe numberof remainingob-
jectsthatit mustprocessandits currentprocessingate. The
givennodeusesthis informationto estimateeachupstream



nodes time-to-completionand allocatescreditsaccording
to oneof thetwo schemeslescribedelow.

The rst schemdtermed‘proportionalallocation”) nds
the earliestcompletiontime amongall upstreamnodes.
Eachupstreanmodeis assignectreditsproportionalto the
differencebetweenits expectedcompletiontime and this
minimum. Thesecondchemédtermed‘greedyallocation”)
nds the latestcompletiontime amongall upstreanrmodes
andassignst C credits.All of theotherupstreamrmodesare
assignedsinglecredit.

4. Experimental Evaluation

Diamondis implementecbn Linux asuserlevel codewith
multiple threads.The hostruntimeis implementedasa li-
brary that links againstthe domainapplication. The stor
age runtime is implementedas a multi-threadeddaemon
runningon the storagedevicesandthe intermediatenodes.
Backgroundhreadsareusedto readdataobjectsto reduce
I/O stalls. Network communicationis implementedusing
socletsover TCP

The storagedevices and intermediatenodesare imple-
mentedusing rack-mountedcomputers(1.2 GHz Intel R
Pentium® Il processors,512 MB RAM and 73 GB
SCSiI disks), connectedvia a 1 Gbps Ethernet switch.
The host systemcontainsa 3.06 GHz Intel R PentiumR
Xeon™processqr2 GB RAM, anda 120 GB IDE disk.
Thehostis connectediia Etherneto the storageplatforms.
We vary the link speedbetweenl Gbpsand 10 Mbps de-
pendingonthe experiment.Someexperimentgequireusto
emulateslower active storagedevices;this is doneby run-
ning a real-timetaskthat consumesa x ed percentagef
theCPU.

Our searchtask was content-basedmage retrieval on
a large, non-indexed collection of digital photos. Table 1
summarizeswo queriesgeneratedising using a content-
basedmageretrieval application(SnapFind8]) thatwere
usedto evaluateour algorithms. Eachof the storagede-
vices was allocated5,000images(1.6 GB). As the num-
ber of storagedevicesincreasedso did the total number
of imagesinvolved in a search. For eachexperimentwe
performed3 runsof eachtest,andreportedthe meanvalue.
We chosethesizeof our datasetto belargeenoughto avoid
startuptransientdut manageablenoughto enablethe va-
riety of experimentdescribedelow.

4.1.Impact of Partitioning Schemes

The rst experimentsxaminehow thethreealgorithmsde-
scribedin Section3.1 affectthe amountof datatransmitted
on the network. This experimentemploys a single storage
device directly connectedo the host. We run several ex-

perimentswith different x edvaluesfor b andmeasurghe

Query Description

Flower Pot Looks for imagesthat contain o wer
potsby searchindor multiple colordis-
tributions; terra-cottafor the pots, and
redandgreenpatchedor the plants.

Lawn Findimagesof lawnsthroughcolorand
texture lters.

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

network usage. Figures6 and 7 shav the resultsfor the
“Flower Pot” andthe“Lawn” queries.

The resultsshav that the Hybrid algorithm minimizes
the bytestransferredor both queries.In the “Flower Pot”
query the Hybrid andSimplealgorithmsareequivalentand
minimize the bytestransferredor all settingsof b. In the
“Lawn” query Hybrid is betterthan the otheralgorithms
overlargerangef b. Thisvalidatesour beliefthattheHy-
brid schemeaminimizesnetwork usagefor a targetb; thus,
we employ Hybrid for all of theremainingexperiments.

4.2.Impact of CPU Load Balancing

Thenext setof experimentsevaluatetheadaptve CPUload
balancingalgorithmson systenmcon gurationswith varying
numberof storagalevices,network bandwidthandproces-
sorspeedsasshowvnin Table2. For eachcon guration,we
rst generatea baselinemeasuremenffor eachquery) by
exhaustvely searchingor a x ed b thatminimizessearch
time. This baselinds the bestCPU load balancingusinga
staticb for the givenqueryandsystemcon guration.
Figures8 and 9 shav the performanceof the queue-
basedand the b-estimationload balancingalgorithmsrel-
ative to theirrespectie baselinesAs a comparisorwe also
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-slov | 10Mbps | 4 25%
4-fast | 1Gbps | 4 100%
8-slov | 10Mbps | 8 25%
8-fast | 1Gbps | 8 25%

Table 2: System con gur ations

occursat the host; (2) whereall of the computationoccurs
attheactie storagedevice.

Theseresultsshav that both of the adaptie techniques
performwell, particularly sincethey are fully automated
and requireno a priori knowledge. The b estimationis
within 6% of the baselinewhile the queue-basedpproach
hasslightly longerruntimes(primarily dueto transferring
more dataon the network). Our experimentscon rm that
adaptve approachesvork well without making assump-
tionsaboutthehardwarecon gurationor tuningfor speci ¢
queries.

4.3.HeterogeneousCon gurations

This experimentevaluatesthe two algorithmsfor coping
with heterogeneityn computenodeprocessingpower (de-
scribedin Section3.3). We evaluatethe algorithmsusing
two differentcon gurations.In bothcaseave usefour stor
agedevicesconnectedo thehostcomputewia 1 GbpsEth-
ernet.The rst con gurationuseshe“Lawn” queryandthe
four storagedevicesarecon gured with the following rel-
ative speeds:CPUlrunsat 75%; CPU2and CPU3run at
50%; and CPU4 runs at 25%. The secondcon guration
useghe“Flower Pot” queryandthefour storagedevicesare
con guredwith thefollowing relative speedsCPUlrunsat
75%; CPUZ2runsat 50%;andCPU3andCPU4run at 25%.
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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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We evaluatethefollowing threecases(1) uniform, non-
adaptve, creditallocationamongthe differentdevices; (2)
greedycredit algorithm; (3) proportionalcredit allocation.
Figure 10 and Figure 11 show the time for eachnodeto

nish processingts data,aswell asthe total searchtime
(determinedy the progresof the slowestnode).

For the uniform creditallocation,we obsere thatthere
is a large differencebetweenthe completiontimes of the
fastestand slowestnodes,leadingto a longertotal search
time. Usingeitherof theadaptve creditallocationschemes
reduceghetotal searchtime by disproportionatehallocat-
ing the host's computeresourcego aid the slowestnodes.
We obsere no signi cant differencebetweenGreedyand
Proportionalon theseexperiments For the seconccon gu-
ration,the decreasén total run time is not assigni cant as
the rst con guration becausehe singlehhostcannot offer
enoughadditionalcomputeresourceso offsettheimpactof
the two slow disks. We expectto seelargerimprovements
asthe performancalisparitybetweerthe hostandthe stor
agedevicesis increased.

4.4.Multi-Le vel Hierar chies

Theseexperimentsexplorethe performancef the adaptve
schemesas intermediatecomputenodesare addedto the
system.Our initial setupconsistsof 8 storagenodes,each
runningat 25% speedconnectedo the hostvia a 10Mbps
network, executingthe “Flower Pot” query This corre-
spondgo runningqueriesfrom aremotehostover a WAN.
We thenexaminetheimprovementachieved by addingtwo
100% speedintermediatecomputenodes,eachconnected
via 1Gbpsnetwork to four storagedevicesand 10Mbpsto
the host. Thesecorrespondo additionallocal processing
availableatthe datacenter
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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) dynamic adaptation
using b estimationload balancingfor the intermediate
nodes;(2) applyinga staticb calculatedfrom relative pro-
cessorspeeds.Table3 shaws that, while both schemege-
ducethe total searchtime, the dynamicadaptatiorusingb
estimationoutperformshe staticscheme.We hypothesize
that the static schemeperformslesswell becauseelative
processospeedsio not accountfor the CPU overheadn-
volvedin networking anddisk I/O.

4.5. Adapting to Dynamic Conditions

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

OnCPUlandCPU2we obsenethatb decreasefr the
rst searchandincreasesor the second.Both of theseval-
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Figure 12: Dynamic adaptation

uesreacha stablepoint around37%. This indicatesthata
signi cant fraction of the processingnovesdownstreanto
the host processoiin responsdo the increasedoad. We
seethattheb valuesfor CPU3andCPU4increasevhenthe
secondsearctstarts,n responseo the greaterallocationof
hostresourceso CPUlandCPU2(which have beenslowed
by concurrensearches)This is the desiredbehaior asthe
hostprovidesgreatershareof resourceso theloadednodes
thathave now becomehebottleneckfor the rst query

Theseresultsdemonstratéhat our adaptve algorithms
for load balancing are effective at handling run-time
changesn resourceavailability.

The above evaluationresultsshav that, on average the
bestperformanceesultsareobtainedusingtheHybrid clus-
tering algorithmfor selectingthe Iter to executeon each
node, combinedwith the b estimationmethod for load
balancingamong processingnodes,and the proportional
algorithm for distributing processingover multiple input
gueues.

5. Conclusion

This papermotivatesthe needfor dynamicpartitioning of

computatiormmongthe component®f a distributedsearch
system. We presentalgorithmsthat ef ciently distribute
computationby consideringthe relative capabilitiesand

numberof computenodesthe availableinterconnecband-
width, the size and placementof the dataon the storage
nodes,andthe characteristicef the currentquery These
techniquedave beenimplementedor a content-basetn-
ageretrieval applicationin Diamond,a distributedarchitec-
ture that supportdarge-scaldnteractize brute-forcesearch
of complex data. Our experimentsdemonstratehat dy-
namic adaptationsigni cantly improves ef ciency by en-
suringthatcomputenodeswithin thedistributedsystemare
maximally utilized. We believe thatthe techniquedor load
balancingdescribedn this paperare broadlyapplicableto
otherforms of distributed computation(e.g., parallelvisu-
alization). Finally, within our presentapplicationdomain,
we would lik e to investicatehow our adaptatiortechniques
interactwith otherperformanceptimizationssuchascom-
putationcaching.
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