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Abstract—We intr oduce join scheduling algorithms that em-
ploy a balanced network utilization metric to optimize the
use of all network paths in a global-scale database federation.
This metric allows algorithms to exploit excesscapacity in the
network, while avoiding narr ow, long-haul paths. We give a two-
approximate, polynomial-time algorithm for serial (left-deep)join
schedules.We also presentextensionsto this algorithm that ex-
plore parallel schedulesyeduceresource usage,and de ne trade-
offs between computation and network utilization. We evaluate
these techniqueswithin the SkyQuery federation of Astronomy
databasesusing spatial-join queries submitted by SkyQuery's
users.Experiments show that our algorithms realizenear-optimal
network utilization with minor computational overhead.

I. INTRODUCTION

The evolution of databasdederationsrendersmary of the
goals of distributed query processingobsolete.Many previ-
ous distributed query processingworks focus on minimizing
guery completiontime. This includesparallel computationat
multiple sites and reducing the volume of network trafc.
Algorithmsthatfocuson reducingthe volumeof traf ¢ under
utilize the network becausepathswith excesscapacitymay
be overlooked. Algorithms that minimize completion time
over-utilize the network by consumingall available resources
to achieve a locally optimal plan [1]. The goals of query
scheduling should include minimizing computation at the
member sites and, most importantly the efcient use of
network resources.

Federationsirebeingbuilt ata globalscaleandincreasingly
run data intensive applications,which examine tremendous
amountsof data for each query Data size and geograpk
dictatethat transmittingdatatakes large amountsof time and
hasa profoundimpacton systemperformanceThe SkyQuery
federationof Astronomydatabasef2] typi es a dataintensve,
global-scalefederation.It is not uncommonfor join queries
to yield intermediateresultsthat are hundredsof megabytes
in size[3]. Also, the physical distribution and connectvity of
sitesin SkyQueryvary tremendouslywith roughly thirty sites
distributed acrossthree continents.This federationwill grow
to over a hundredsitesin the nearfuture [4].

Our join schedulingalgorithmsoptimize for the balanced
utilization of all network paths. The cost model we use
rewards scheduleghat utilize pathswith excesscapacityand
producesmall intermediateresults. Join schedulingexploits
network locality andavoids narrawv, long-haulpathsby making

these paths more costly during optimization. For example,
transferringdata betweensites that crosscontinentalbound-
aries is highly undesirable,becausepaths that cross long
physical distancesexhibit higherpropagtion delay andlower
throughput.

Contrib utions: We presenta systematicstudy of the network
issuedgnvolvedin join processingn databaséederationsThis
includesidentifying network structure suchasthe throughput
of pathsandclustersof sites,andusingthis structurein query
optimization. We also provide distributed join scheduling
algorithmsthat nd nearoptimal schedulesn heterogeneous
networks under the assumptionof perfect join selectvity.
When comparedwith previous approacheswe simplify one
aspecbf queryoptimization(dealingwith selectvities), which
allows us to considernon-uniform and non-metric network
costs and balance network utilization over all paths. Our
algorithmshave low, polynomial-time complity and, thus,
they scaleto large federationswith hundredsof sites.

We perform query optimization basedon local informa-
tion and aggreate statisticscollectedaboutthe systemprior
to optimization. This allows for decentralizedoptimization
decisions,achievzing scale and incurring no communication
overheadduring optimization. Providing more timely knowl-
edge during optimization about concurrentqueriesinitiated
from all sitesin the network and the stateof every network
path would incur signi cant overheadand is not desirable.
Deshpandeet al. aguedthat federateddatabaseptimization
techniquesshould minimize communicationoverheadwhen
gatheringcostinformation from the underlying data sources
[5]. Bertsekasand Gallager showved that, in the context of
shortestpathrouting algorithms,adaptingto traf c conditions
leadsto rapid oscillatory behaior, which candegradeperfor
mancein dynamicenvironmentg6]. Onesolutionis to average
trafc conditionsover longerperiodsof time for eachnetwork
path.We follow this approachin using aggreate statistics.

We presenta two-approximatealgorithm for serial (left-
deep) join schedulesthat tracks closely with the network
performanceof an optimal algorithm. (A serial scheduleis
de ned as a left-deepjoin order that visits each site seri-
ally). It increasesomputatiorminimally whencomparedvith
SkyQuery's current computation-optimizingscheduler We
alsoextendthe two-approximatealgorithmheuristically Even



thoughnetwork throughputs non-metric we improve network

performanceoy exploiting pathsin which the triangleinequal-
ity holds. We cluster sites into regions of high-throughput,
intra-clusterpathsconnectecby low-throughput,inter-cluster
paths and employ computation-optimizingscheduleswithin

the clusterand network-optimizing scheduleamongclusters.
We also usea combinationof semi-joinsand bushy plansto

reducethe negative effects of attribute aggregation eachsite

contritutesnew attributesto the intermediateesultsothatthe

resultsize grows throughoutthe schedule.

We evaluateour algorithmsby running distributed queries
over thirty siteson threecontinents,usingboth PlanetLal7]
andthe SkyQueryfederation.The workload comprisesspatial
joins acrosstwo to twelve sites and is derived from user
gueriesextracted from SkyQuerys Web logs. Experimental
resultsshav thatfor large joins our techniqueseducenetwork
utilization by an order of magnitudewhen comparedwith
SkyQuery's scheduler

Our join schedulingtechniqueshave applicability beyond
Astronomyto mary other scienti ¢ databasdederationsand
potentiallyto OLAP anddecisionsupportsystemgDSS)in the
future. SkyQuerypioneereddataexplorationthroughdatabase
federation.Sincethen, mary other disciplineshave followed
suit, including Biology [8] andGeology[9]. Federatiorallows
for queriesagainst vast amountsof datathat are storedand
managedndependently—datio largeto bewidely replicated
or storedat a single site. As analysisand decision support
move to larger data sets held acrosslarge geographieswe
expectthe sameissuesto emege.

Il. RELATED WORK

Distributed query processingsystemshave changedsig-
ni cantly since early prototypessuch as SDD-1 [10] and
Distributed Ingres [11]. Kossmann[12] presentsa detailed
suney of both pastand current query processingand opti-
mization techniqueghat minimize computationand commu-
nication costsby exploiting, for instance,intra-query paral-
lelism, caching, and data replication. Most commercialop-
timizers still rely on SystemR-style dynamic programming
algorithms,which enumerateand then prune a set of query
plans[13]. Thesealgorithmsguaranteeptimal solutions,but
have exponential-timecompleity [5][14], which makesthem
unsuitablefor query optimizationin a large-scaledatabase
federation.

Distributedqueryoptimizationremainsa hardproblem[12],
but polynomial-timealgorithmsexist thatprovide goodempiri-
cal resultsandscaleto largejoins. Iterative DynamicProgram-
ming [13] divides comple queriesinto smallersubproblems
so that applying dynamic programmingis computationally
tractable However, adaptingexisting algorithmsto accountfor
network heterogeneitys a non-trivial problemthatwe planto
investicatein future work.

Many works that addresshe communicationcostsof dis-
tributed queriesassumenetwork uniformity [15][16]. They
minimize the size of intermediateresults, which in turn
reducescomputationand network costson uniform networks.

While suitable for local area networks, query optimization
over wide-areanetworks invalidatesthe network uniformity
assumption.

The joint optimization of computationand network costs
can be usedto minimize query responsdime. Mermaid [17]
modelsboth transmissiorcostand executioncost. Evrendilek
etal. [18] studythe problemin the presencef datareplication
andaccountor the executiontime of queriesatruntime.How-
ever, minimizing the responseime of joins through parallel
execution sacri ces job throughputand leadsto unbalanced
resourceallocation[1].

Evaluatingdistributed queriesusing semi-joinscan provide
substantiahetwork savings[15][19][20]. Semi-joinsshiponly
attributesthatarenecessarfor evaluatingajoin to anothersite
in orderto eliminatetuplesthat fail to satisfy the join pred-
icate. In mary settings,semi-joinsare not attractve because
computationaloverheadoutweighsnetwork saszings on local
areanetworks [21]. For network-boundquerieson wide-area
networks, semi-joinsbecomemore attractve because&eommu-
nicationcostsdominateperformanceOur applicationof semi-
joins differsin thatwe usethemto limit attribute aggreation,
ratherthan reducingthe cardinality of intermediateresults.

Data-centricrouting in wireless sensor networks shares
sometechniqueswith our work. Several works perform in-
network aggreation of datafrom multiple sensorgo a single
basestation[22][23][24]. They organize sensorsnto a span-
ning tree rooted at the basestationand aggregate dataalong
the tree in orderto consere power by minimizing network
usage We explore more complex network structure variable-
size intermediateresults,and emplgy dynamic programming
on top of spanningtree solutions.

Also relatedis the work of Meliou et al. [25], which studies
the NP-hardproblemof nding an optimaltour for gathering
datafrom a subsebf sensorsThey employ a similar metricto
capturenetwork utilization, but solve a differentproblemwith
different techniques:optimizing powver consumptionusing
dynamicprogrammingalone.

I11. QUERY SCHEDULING IN SKYQUERY

The SkyQuery[2] federationof Astronomydatabasemakes
data available to the public through Web servicesand Web
forms. Userssubmit read-onlyqueriesto a mediatoy which
communicatesvith memberdatabasewia a shared-wrapper
interface. The federationexhibits a large amountof network
heterogeneity;geographicallycollocated sites form highly-
connectedtlusters whereasnter-clusterconnectvity is weak.

Cross-math [2], the principal query in SkyQuery joins
obserations of the same astronomicalobject from several
databasedy correlatingtheir location in space.The from
clauseincludesan unorderedist of database$o visit. Cross-
matchalsoextendsSQL by addingtwo clausesTheregion
clausespeci es an areafor conductingthe search,and the
xmatch clausede nes an error bound, in standarddevia-
tions, for a probabilistic spatial join (Figure 1). Becausethe
measuregbositionsof the sameobjectdiffer amongdatabases,



SELECT ...
FROM SDSS 0, TWOMASS t, USNOB p
WHERE XMATCH(o, t, p) < 3.5 and REGION(circle 181.3 -0.76 6.5)
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Fig. 1. Spatialjoin in SkyQuery

xmatch speci es a thresholdat which differentobsenrations
arejoined asa commonobject.

SkyQueryemploys a count  [2] approachto producejoin
scheduledor cross-matchyueries.The mediatorissuesprobe
gueriesto all sitesparticipatingin the join to determinesite
cardinality de ned as the number of rows that satisfy the
region clause.This is accomplishedby executinga SQL
select count( *) versionof the userquery Basedon the
probe queries,the mediator producesa serial schedulethat
joins sitesby ascendingcardinality®

The count approachis effective at the early elimination
of tuples that do not participatein the join at subsequent
sites. This approachminimizes computationtime and 1/O
for databasesn uniform networks underthe assumption®f
perfectjoin selectvity andlinear /O and processingcostsin
the numberof tuples.Perfectjoin selectvity meanshatevery
tupleatalower cardinalitysite producesa matchwith tuplesat
a higher cardinality site. InstrumentingSkyQuery shaws that
theseassumption$old. However, the insensitvity of count
to geograpl resultsin poor schedulesBy schedulingusing
cardinality alone,count  may sendlarge amountsof data
back andforth acrossnarrav, intercontinentahetwork paths.

IV. MINIMIZING NETWORK UTILIZATION

Our goalin query schedulingis to reducequery delay and
minimize the utilization of network resourcesby large-scale
federationssuchas SkyQuery which processesip to a million
guerieseachmonth.We do soby biasingjoin schedulesoward
high capacitynetwork paths We de ne a path's capacityasthe
throughputachieved by a single TCP connectionalsoknown
asthepath's availablebandwidth A TCP-speci cperformance
metric is appropriatebecauseSkyQuery usesTCP, and TCP
carriesnearly 90% of the Internettrafc [27].

Given a join scheduleover n sites,we de ne the balanced
networkutilization metric as:

X+ X voL; + VoL O
TP

i=1 j=i+1

1Recenttechniqueg26] male it possibleto accuratelyestimatethe number
of rows contrituted by eachsite in SkyQuery which will obviate the need
for probequeries.
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Fig. 2. Distancevs. TCP throughput.

VOL; denotesthe volume of datatransmittedfrom sitei to
site j. TPy is the averagepath throughputbetweensitesii
andj . We assumesymmetricpathsto simplify our analysis;
we obsered only minor asymmetryon the pathsthat were
measuredinverseTCP throughputmeasureshe time cost of
transmittingdata(per byte) on that path.For example,sending
100 KB over a 1 millisecondper KB (ms/KB) path coststhe
sameassendingl0 KB over a 10 ms/KB path.Notice thatthe
proposednetricis expressedn units of time. In otherwords,
this metric capturesthe total cost,in termsof time, of using
the selectednetwork pathsto senddatafor the join query

By minimizing this metric, we minimize responsetime
for serial schedulesby exploiting network heterogeneityia
the selection of high throughput paths. Moreover, for all
schedulesminimizing this metric reducesthe total time in
which network's paths are used to carry data associated
with join queries,therebyreducingcontentionwith existing
network trafc. Similar metricswere usedby Chu et al. [28]
for application-l@el multicast protocols and more recently
by Pietzuchet al. [29] in the contet of operatorplacement
in distributed stream-processingn both works, the cost of
utilizing a network path is de ned as the product of path
lateny anddatasize.Our metricreplacedatengy with inverse
of TCP throughputfor two reasonsthroughputis inversely
proportionalto latengy [30] and our workload performsbulk
datatransferfor which throughputis the naturalmeasureA
similar formulation is usedin the context of optimal routing
for computernetworks by Bertsekasand Gallager[6].

To calculate the metric in Equation 1, we estimatethe
pairwise throughputfor all SkyQuery sites.We approximate
throughputby measuringTCP throughputat PlanetLab[7]
sites that are close (in the network) to the corresponding
SkyQuery sites. PlanetLabproxies are used becausewe do
not have accessto all SkyQuery sites. Figure 2 plots ge-
ographical distance against TCP throughputfor 400 node
pairs.Measurementareobtainedover a one-houmperiodusing
the netperf benchmark[31] in which we take the average
of three measurementgor each pair of nodes. The result
shavs a dominanttrendin which TCP throughputs inversely
proportionalto distance.This is consistentwith the model of
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Padtye et al. [30] for bulk transferTCP o ws, which shawvs
thatthroughputs inverselyproportionalto the round-triptime
(RTT) of a given path.

Despite signi cant network heterogeneity geographically
collocatednodesoften form clustersof well-connectedhigh
throughpusites.For instancepathsthatachieve TCPthrough-
put of 10 Mbps or higher are only found in siteslessthan
600 miles apart.However, somephysically closesitesexhibit
low pairwise throughput.The root causeof this anomalyis
that RTT in the Internetis non-metricand doesnot always
correlatewith physical distance[32]. This prevents us from
relying on the metric property for scheduling.However, we
do identify pathsover which the triangleinequality holdsand
take advantageof metric optimizationswhen available.

To obtain available throughputbetweeneachpair of sites,
we measureaveragethroughputfor large le transfers.Be-
causemeasurementare intrusive due to the amountof traf-
c they generatewe samplepaths infrequently Paths can
also be measureddy taking frequent,short-durationsamples.
However, the latter method exhibits high variability due to
cross-tratt [27] and is an unreliable performancepredictor
for the transfer of large query results. Figure 3 indicates
that averageavailable throughputon the pathswe measured
remainsfairly stableover time. Even thoughthesepathsare
amongthe most volatile over a 24-hour period, throughput
measurementeever deviate more than 30% from their mean
value. Oncethroughputvaluesbetweenall pairs of sitesare
collected,they are storedat the mediatorfor join scheduling.
The relatively low variability in throughputmeansthat new
measurementare collectedonly a few timesperday. We also
exploit information from actual TCP transfersat eachsite to
updatethe available throughputestimates.

V. SCHEDULING ALGORITHMS

We describewo basealgorithmsthat optimizefor balanced
network utilization. The spanningtree approximation(STA)
adaptsthe two-approximatesolutionto the traveling salesman
problem(TSP)to queryschedulingBy exploiting nearperfect
join selectvity in SkyQuery STA achiezesa two timesbound
on the optimal serial schedulgSerOpt), which is determined

by an exhaustve searchof all feasibleserial scheduleghat
visit eachjoin site exactly onceand end at the mediator We
alsopresenta clusteringalgorithm (C-STA) that extendsSTA
by clusteringsitesbasedon pairwise path capacityandthen
usesthecount approactwithin the clustersand STA among
the clusters. This optimizes computationand I/O in well-
connectednetwork regions and achieres balancednetwork
utilization over narrav paths.

In addition, we provide two extensionsto the basealgo-
rithms that further reduceutilization in exchangefor compu-
tationaloverhead By introducingsemi-joins(STA-SJ and C-
STA-SJ), we ensurethat the basealgorithmsavoid penalties
from attribute aggreation. This is accomplishedby only
sendingoin attributesaway from theroot of the spanningree.
Finally, we presentpolynomial-time dynamic programming
algorithms (STA-BP and C-STA-BP) that reduceutilization
further by exploring busty plans.By restricting bushy plans
to the edgesof the MST, we avoid a combinatorialexplosion
in the problemspace.

We exploit assumptionsiboutjoin selectvities andattribute
aggreation to derive polynomial-time approximationalgo-
rithmsfor join schedulingRatherthanestimatethe selectvity
of arbitrary n-way joins, we take a conserative approach
and assumeperfectjoin selectvity in which the join of three
relationswith ry,, rn, andr, tuples producesa result with
min (rm; ;o) tuples.Astronomyqueriessatisfyperfectjoin
selectvity well. In queriesinvolving four sites,the cardinality
of the join resultdeviateslessthan 20% on averagefrom that
of the minimum cardinality site. We assumeno attribute ag-
gregation for our basealgorithms,allowing usto mapthejoin
schedulingproblemto TSR However, attribute aggreyation is
factoredback into query optimization in the semi-join and
busty plan extensions.

A. SpanningTree Apptoximation(STA)

We achieve a two-approximationof SerOpt by adaptinga
solutionto metric TSP[33], which usesa minimum spanning
tree (MST). Even though TCP throughputis hon-metric,the
solutionappliesbecausdunlike TSP)a join schedulecanvisit
eachsite morethanonce.

Our algorithmtakes the minimum cardinality site and con-
volves its dataamongall sites,following pathsin the MST.
More formally, provided a mediatorsite S; andjoin sitesS;
throughS,, let r;j be the numberof rows that fall inside the
query region for a site S;. (The mediator site initiates the
guery and receves the results).Let rmin  be min (ry; 5 ry)
andSn, correspondo the minimumcardinalitysite. Givena
fully connectedyraphconsistingof the join sitesin which the
edgeweightsarethe productof theinverseof TCPthroughput

S1, asroot of the spanningtree and recursvely enumeratea
breadth- rstorderthatvisits all nodesin eachof the sub-trees
rootedat its children. Thesesene asjoin schedulesor each
sub-tree Finally, combinethe join schedulesso thatthe nal
schedulestartsat Sy, , hishes at S;, andvisits eachsite at
leastonce.



Fig. 4. Samplejoin schedule.

US1| US2| US3| US4 | US5| US6| US7| EU1 | EU2 | EU3
US1| 100 | 47.2
US2 | 47.2| 100
US3 100 | 18.0| 16.7| 14.5| 14.6
us4 18.0| 100 | 77.4| 21.5| 20.8
uUSs5 16.7| 77.4| 100 | 24.2| 23.5
Us6 14.5| 21.5| 24.2| 100 | 81.6
us7 14.6| 20.8| 23.5| 81.6| 100
EU1 100 | 8.62 | 8.97
EU2 8.62| 100 | 27.3
EU3 8.97 | 27.3| 100
TABLE |

CLUSTERING TCP THROUGHPUT (MBPS).

The network cost of the optimal serial schedule,
cost(SerOpt), is at leastaslarge asthe sum of edgecost of
the minimum spanningtree, cost{MST), becausesachsite is
visited once.STA producesscheduleghat traverseeachedge
on the MST at mosttwice: onceto visit all descendanhodes
and onceto returnto the parent.The edgesconnectingSmin
to S; aretraversedonly once.Under the assumptionof no
attribute aggregation andperfectjoin selectvity, it follows that

Theoem1: cost(STA) 2 cost(SerOpt).

Although throughputis non-metric,the triangle inequality
holds frequently Thus, STA avoids backtrackingwhen the
direct pathto the next nodein the schedulecostslessthanthe
path on the MST. By exploiting metric pathsand bypassing
previously visitednodesin thejoin scheduleye furtherreduce
network costby up to 30%. However, this doesnot improve
the algorithmic bound.

Figure4 shaws a serialschedulghatemplgys the edgesof a
MST. The inverseof TCP throughputfor the path connecting
S andS; is given by tEjl. For a site S;, let w; denotethe
total byte-width of all non-join attributesthat S; contrikutes
to thejoin result.k is the byte-widthof join attributes.Thejoin
schedulédeginsat Ss andproceedso S, thenS;. It backtracks
to S, beforecontinuingto S4 andS; . The scheduleaggreates
attributeswith byte-widthw; from eachsite S; on its path.

B. Clusteed STA (C-ST)

PlanetLabmeasurementshov that sites locatedin close
geographigroximity form well-connectedcomponentsThus,
we can cluster sites basedon TCP throughputso that intra-
cluster pathshave high, relatively uniform throughputwhen
comparedwith inter-clusterpaths.

We emplg/ the bond enegy algorithm (BEA) [34] for
clusteringSkyQuerysites.BEA operate®n object-objectata
arraysandreordergherows andcolumnsin orderto maximize
the similarity betweenthe values of neighboring entries.
BEA runsin O(n?) for n sitesand usesO(n?) space.We
populatethe dataarraywith pairwiseTCPthroughputandthen
reorderthearrayusingBEA to maximizethe similarity among
neighboringentries.Finally, we extractgroupsof relatednodes
from thearrayusingathresholdTablel illustratesthe resultof
applyingBEA onthe TCPthroughputdataarrayfor asubsebf
nodes:ten sitesdistributedacrossNorth Americaand Europe.
This example forms three clustersin bold, using a threshold
of 3:0 Mbps. The minimum value inside clustersexceedsthe
maximumvalue outsideof clusters RunningBEA on all sites
with a thresholdof 3:0 Mbps resultsin six clustersfor the
thirty PlanetLabproxy nodes.

The clusteredspanningtree approximation(C-STA) hier
archically combinescount  with STA. First, the algorithm
selectsajoin orderwithin eachclusterusingcount . Then,it
runsSTA on the intermediateresultsoutputfrom eachcluster

C-STA inherits an important bene t of the count ap-
proach. Inside each cluster the join order minimizes the
size of intermediateresults, which lowers computationcost
relatve to STA. Amongclusterspnthelow-capacitypaths the
algorithmminimizesbalancecdhetwork utilization. Therelative
importanceof computatiorandnetwork utilization depend®n
the selectionof the thresholdparameterFor example,with an
extremely low threshold,all sites are groupedinto a single
clusterand the algorithm devolvesinto count . With a high
threshold,eachsite forms its own clusterand the algorithm
is equivalentto STA. Tuning the thresholdoffers a family of
algorithmsthat explore trade-ofs betweencomputationand
network utilization. Currently we have no automatedway
to perform parameterselection.Selectionrequiresa relative
valuationof computationand I/O versusnetwork utilization,
which are not directly comparable.We revisit the issue of
tuning this thresholdin SectionVII.

C. Semi-din Extension(STA-SJ/C-SA-SJ)

Semi-joins can reduce the negative effects of attribute
aggreation. By sendingonly join attributes down the tree,
tuples that fail to satisfy the join predicateare eliminated
without incurring the cost of sendinga large numberof non-
join attributesaway from the root. Semi-joinshave beenused
in this fashionin other distributed query processingsystems
[15][19][20].

Sending join attributes down the tree ensuresthat the
number of tuples that traverse edgeson the tree remains
unchangedfrom STA, but the correspondingedgein STA
may be more costly. On the path betweensitesS, and S; in



Figure4, theamountof traf ¢ sentdown the treeandbackare
rs(k+ w,+ ws) andrs(k+ w,+ wz+ wsg) respectiely in STA.
The correspondindrafc is reducedto rsk andrs(k + ws) in
STA-SJ, becausenon-join attributesfrom S, and Ss do not
traversethe path.In fact, the network coston eachpathis no
worsethanthat usedin our analysisof STA. Thus, STA-SJ
is also a two-approximatealgorithm.

Unlike STA, STA-SJ cannotexploit metric regions with
respectto TCP throughputin orderto avoid backtrackingon
the MST. Thus,cost(STA-SJ) andcost(STA) arenot directly
comparableEither may nd the bettersolution.

Although the semi-join extension reducesthe impact of
attribute aggrejation, it incurs processingoverhead.ln STA,
a select-project queryis rst executedat the minimum
cardinality site on the areaspeci ed by the region clause.
The resultis then sent,via pathsalongthe MST, to the next
site, which executesa join on the indexed, spatial attributes
[2]. This join is repeatedhat the remainingsites,which incurs
n 1 join operationsfor n sites.However, in STA-SJ, each
site employs semi-joinsto collectjoin resultsfrom its children
andthenmemge the intermediateresults.Thus, a non-leafsite
with ¢ childrenincursc 1 additionaljoins comparedwith
STA. In orderto join S, with its childrenin Figure4, S, rst
joins tuplesfrom Ss. Sz thenperformsa semi-joinusingjoin
attributesfrom Sg beforethe two intermediateresultsmeige
atSs,.

D. BushyPlans (STA-BP/C-SA-BP)

We describea polynomial-time algorithm that generates
busty plans,which further reducenetwork utilization. Busty
plans evaluate sub-treesof the MST in parallel without re-
quiring inputs from the minimum cardinality site. We use
dynamic programmingto choosebetweenparallel and semi-
join evaluationsat eachlevel of the MST, which produceghe
minimum cost join scheduleusing only edgeson the MST.
Restrictingthe solution to the MST conformsto our goal of
exploiting network pathswith high TCP throughputproduces
good solutions,and keepsthe problemspacemanageable.

Comparedto serial plans, busty plansavoid backtracking
on the MST. A busty plan chooseghe minimum cardinality
sitewithin the sub-treeandcorvolvesthat site aroundthe sub-
tree. The join result of that sub-treeare meiged with results
from outsidethe sub-treeat the sub-trees parentin the same
way that semi-join results are meiged. While the minimum
cardinality site in the sub-treecontainsmore rows than the
global minimum, it may producea lower cost schedulethan
a serialplan.

We usethe following notationin our formulation. Let the
spanningtree be rootedat S;. The children of node S; are
Si1; Si2; etc.(Bold i indicatesa vectorquantity e.g. i = 121).
The cost or inverseof TCP throughputof an edgebetween
sitesS; andSj; is ti';lil. For eachsub-treerootedat S;, de ne
ri asnumberof rows at the minimum cardinality site local to
the sub-tree,w; asthe total byte-width of non-join attributes
thatsitesin the sub-treecontritute to the join result,andk as
the byte-width of join attributes.

C(Eq11;ru)

B

C

Fig. 5. Join stratgiesfor sub-treeSy11 .

Figure 5 illustratesthree stratgjies for joining the sub-tree
rootedat S;1;1 to its parent.Stratgy A joins the sub-treein
parallelin which all sitesin a sub-treearejoinedindependently
usingdatalocal to the sub-tree Theroot S;;; of the sub-tree
returnsto S;; the join result, which is boundedin size by
ri1; rows timesthe byte-width of all attributesfrom the sub-
treeor k + wy;. In stratgiesB and C, a semi-joinis used
to join the sub-treerooted at S;11; involving the minimum
cardinality site from sub-treesS;; and S; respectiely. The
amountof datathattraversethe pathbetweenS;; andS;11 in
B is ri1(2k + wii1). (2k becausgoin attributestraversethe
edgetwice).

The dynamic programcomputesfor eachsub-tree(1) the
costof processinghe sub-treein paralleland (2) the cost of
waiting for the parentto initiate a semi-join containingfewer
rows thanthe local minimum cardinalitysite.Let c(l;) denote
the minimum costschedulefor joining a sub-treerootedat S;
in parallel,andc(E;; X ) denotethe costof joining thesub-tree
provided that the parentof S; initiates a semi-join containing
X rows. Multiple semi-join stratgies are evaluated,because
a semi-join may be initiated from differentlevels in the tree:
the parent,grandparentetc.

Our dynamicprogrammingalgorithmfor balancechetwork
utilization computesthe minimum cost of joining eachsub-
treefor eachjoin strateyy. Let S; beajoin sitewith ¢ children

to S; suchthat Sy is an ancestorof S; only if Sy 2 P;.
Thefollowing recurrencale nesthe costof the semi-joinand
paralleljoin stratgjiesfor a sub-treerootedat S;:

P . -
c(li) = {2y min(c(lij) + rij (k+ wij )t
C(Eij;ri) + ri(2k + wij)t];

P, . i
C(Ei;rx) = j=1 min (C(Iij)+ Fij (k+ Wij)ti;ij;

C(Eij;rx) + rx(2k + w; )ti-;lij
8S, 2 P

This formulation has optimal substructure,namely the
minimum cost solution for a sub-treerooted at S; always



choosesheminimumcostjoin stratey for eachof its children.
We omit the proof dueto spacelimitations.

The solution to ¢(l1) gives the total cost of the optimal
scheduleover all join sitesandcanbe computedn polynomial
time. The perfectjoin selectvity assumptiorhelpsboundthe
number of subproblemspecauseonly the number of rows
from the minimum cardinality site of eachsub-treeis usedto
computethe semi-joincost(in Figure5, only r1; is considered
by strategy B). For a sub-treerootedat S;, the algorithmmust
solve for c(I) andc(Ej;ryx) 85S¢ 2 Pj, in which P; is the set
of siteson the pathfrom S; to S;. In joins involving n sites,
the algorithm runsin O(n?) time, becausehe size of P; is
boundedby S;'s depthin the spanningtree. O(n?) spaceis
requiredto storethe minimum cost solution for the various
join stratgies of eachsub-tree.

VI. EXPERIMENTS

We implementall algorithmsin the SkyQuery federation
and instrumenttheir performanceusing a workload of cross-
match (SkyQuery spatial join) queries derived from user
gueriessubmittedto the systemWe alsocomparehebalanced
network utilization of our algorithmagainstthe optimal serial
schedule(SerOpt). We do not compareagainst the optimal
busty plan,becausending the planis computationallyinfea-
sible for even a handfulof sites[35]. In addition,we compare
with SkyQuery's count , which provides a lower bound
on the computationalperformanceof a scheduleunder our
performanceassumptionsperfectjoin selectvity and linear
computationcostswith the numberof tuplesto be joined.

Running experimentson SkyQuery itself addssomecom-
plexity. We do not have full accessgo all sitesin the federation
and cannot extract detailed performanceinformation from
all sites. Thus, we measurecomputationcosts on replicas
of the memberdatabasestoredin the computingcluster at
the SloanDigital Sky Surwey [36] and network costson the
PlanetLalproxy sites.Memberdatabasesangefrom hundreds
of gigabytesto several terabytesn size.Queriesare executed
on Windows Sener 2003 workstationsequippedwith 2.5GB
of memory

A. Workload and BaselineResults

Figure 6 shavs the network utilization performanceof all
algorithmson a ten-thousandjuery tracefrom the SkyQuery
Web logs. Our algorithmsbestscount by up to 50%. While
thesegains are substantial ,this workload doesnot exercise
varied or large network topologies;98% of queriesjoin two
or three sites, and a vast majority of queriesjoin among
the three largest sites in the federation:twomass, sdss ,
and sdssdr2 . This workload exhibits homogeneousccess
patternsbecausef performancassueswith the currentquery
processingechniquesandthe recentgronth of the federation,
which have preventedusersfrom joining morethan ve sites
with ary frequeng. Thus, the ten thousandgueriesrepresent
a muchlessdiverseworkload thanwe would like.

To explore network heterogeneitywe require a workload
with queriesthat join a large numberof geographicallydi-
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Fig. 6. Network utilization for a 10k querytrace.

Utilization Normalized to SerOpt

Join Size (number of sites)

Fig. 7. Network utilization.

versesites.We accomplishthis by taking thirty representatie
gueriesfrom the traceandusingtheseastemplatedo produce
guerieswith varying join sizesand spanningtree topologies.
To introducediverse network topologies,we substitutesites
in the original query with randomly selectedsites. We also
increasehejoin sizeby addingrandomlyselectedsitesto the
original queries,which allows us to compareperformancen

a larger federationby scalingto higherjoin sizes.

Although augmentingthe workload is lessthanideal, our
intent is to conducta forward looking performanceand scal-
ability study that is faithful to the geograpl and science
of SkyQuery At present,a selectgroup of sites dominate
the SkyQuery federation.However, the utility of federated
scienti ¢ databasesies in the exploration of mary disparate
datasourcesin the contet of SkyQuery Jim Gray obsered
that the numberof scienti ¢ discoveriesincreasegpolynomi-
ally in the numberof different datasourceg[37]. New sites
emepe every year and recentstandardg438] shouldincrease
the federations usability.

B. Results

Figure 7 shavs the network utilization for the STA family
of algorithmsin queriesinvolving two to twelve sites. The
resultsat eachjoin size representan averageof 100 queries
and are normalizedto the performanceof SerOpt.
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STA tracks closely with the network performance of
SerOpt. Like SerOpt, STA generates serialschedule How-
ever, it does not include the cost of attribute aggreation
in searchingfor a plan. Despite this, STA never exceeds
SerOpt by morethan 1.8 times. This validatesour two main
assumptionsegarding SkyQuery: perfectjoin selectvity and
the numberof rows dominatedatatransfers.STA frequently
identi es the samescheduleas SerOpt becauset exploits the
triangle inequality whenever possibleto avoid backtracking.
In contrast,the network utilization of count scalespoorly
with join size. It is over six times worsethan STA in joins
involving twelve sites becauset doesnot considernetwork
heterogeneityWe notethatcount produceghe smallestvol-
umeof network traf ¢, butit tendsto over-utilize narrov paths
anddoesnot exploit network locality. Our resultsshav thatit
is not sufcient to simply minimize the size of intermediate
results.

Semi-joinsand busty plansimprove network usage,even
beyond SerOpt. They performroughly 15 (STA-SJ) and 20
(STA-BP) times betterthan count . Given the performance
of STA-SJ, most of the benet comesfrom sendingonly
join attributes away from the root of the MST. Busty plans
improve network utilization further, but only a little. This is
becauseparallel schedulesavoid semi-joinsonly if the cost
of propagting the join attributesdown the tree outweighsthe
bene ts. The costof sendingjoin attributesis only a fraction
of total utilization, which limits the opportunity for parallel
evaluationof sub-trees.

The bene ts of semi-joinsand bushy plans come at the
expenseof increasedcomputation (Figure 8). These plans
use 1.5 to 2 times as much computationas does count
In contrast,STA usesabout30% more computation.STA is
competitive even thoughit makes no attemptto optimize for
guerycomputatiortime (e.g. sitesarenot joinedin increasing
cardinality order). This is becausethe small intermediate
resultsthat lead to low network utilization also lead to low
computationcosts.

STA-SJ incurs higher computationaloverheaddue to the
additional joins describedin SectionV-C. Busly plans in-
cur even more computationaloverhead.Figure 9 revealsthe
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Fig. 9. Decompositionof computationcostfor STA-BP (left bar), STA-SJ
(centerbar),andcount (right bar).

distribution of this overheadby decomposingthe cost of

guery evaluationfor joins involving threesites.Unlike STA-

SJ in which a select-project query is executedonly

once at the minimal cardinality site, busty schedulesmay
processsites in parallel and incur overheadfor additional
select-project queries. Moreover, the join overhead
from STA-BP is comparableto STA-SJ despiterelying less
on semi-joins.This is becauséusty scheduleslo not always
convolve rows from the minimum cardinality site such that
eachbranchmay generateup to twice as mary tuplesasthe
minimum cardinalitysite. The resultingjoins operateon larger
datasetsand are less-efcient.

Clustering algorithms exhibit even more sensitvity to at-
tribute aggreyation. Figure 10(a) shavs network utilization for
C-STA and its variants normalizedto SerOpt. We include
the performanceof STA for comparison.C-STA exhibits
substantiallyworse network utilization than does STA. We
notethat C-STA doesnot attemptto optimizetheintra-cluster
paths,which accountdor someof the difference Surprisingly
C-STA hassimilar overheadon the narrov paths(< 3 Mbps),
which it doesattemptto optimize. Figure 10(b) shaws the
utilization on intercluster narrav pathsonly. Attribute ag-
gregation contritutesto the reducedperformanceon narrov
paths becauseC-STA evaluatesall sites and aggreates all
attributesin a cluster prior to sendingresultsacrossnarrow,
inter-cluster paths.However, STA may senda small amount
of datato anotherclusterand nish processinghe restof the
clusteron its return (mary pathsare traversedtwice).

As with STA, the use of semi-joins addressesattribute
aggrgation in C-STA. It nggatesthe penalty of visiting all
siteswithin a clusterprior to usinga narrov path. The size of
the resultssentdown the MST is the sameregardlessof how
mary sitesarevisited andall attributesmustgo up to the root
from a clusterin all plans.Network utilization for C-STA-SJ
and C-STA-BP follows that of the non-clusteringalgorithms.

Using semi-joinsandbusty plans,clusteringachiezescom-
parable network performanceat lower computationalover-
head.Figure 11 comparesperformanceof all algorithmsfor
twelve sites.Clusteringaccomplishegts goal of reducingcom-
putationthroughcount schedulingwithin clusters However,
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the benet is modestand comesat a modestincreasein
network utilization.

Looking at all the algorithms together reveals structure
aboutthe relative bene ts of eachtechniqgue We normalizeall
resultsto STA becausef its balancedpberformanceOtheral-
gorithmspresentomputationversusnetwork utilization trade-
offs from this point. By itself, clusteringis not an attractve
technique,increasingnetwork utilization without improving
computationcommensuratelyAs discussedattribute aggreja-
tion is the culprit. Semi-joinsaddressttribute aggreation at
asmallincreasén computationSemi-joinsalonerealizemost
of thebene ts,while busty plansfurtherthesegains.However,
bushy plans do not dominatesemi-joins. Adding clustering
minimizes the computation costs. Combining busty plans
and/or clustering with semi-joins explores the computation
versusnetwork utilization parametesspace.

VIIl. DISCUSSION

Ourimplementatioried to obserationson the natureof join
schedulingWe alsoaddressheapplicationof thesetechniques
to otherworkloadsand systems.

The explicit clusteringof sites did not have as profound
an effect on performanceas we initially thought, which we
attribute to “natural” clustersof sitesthat exist in SkyQuery's
deployment. Thus, tuning the clustering thresholddoes not
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leadto a continuousfamily of algorithmsin practice.Cluster
ing doesreducecomputationabverhead put the performance
trade-ofs are small. Sites close togetherhave nearuniform
throughputandtendto get visited togetherby all algorithms:
explicitly by clusteringalgorithmsand by virtue of the high-
throughputpathsfor the otheralgorithms We expectclustering
to be of more import on larger federationswith queriesthat
join moresites.

Ourtreatmentestrictsjoin processindo edgesonthe MST.
However, our techniquesapply equally well to arny spanning
tree. We have not consideredcthe implications of optimizing
on arbitraryspanningreesor introducingedgesoutsideof the
MST. Theseare interestingareasthat we plan to explore in
thefuture. Speci cally, shallav treesmay offer betternetwork
performanceat the expenseof increaseccomputation.

Bushy plansandsemi-joinsleadto an unfair distribution of
computatiorcosts.Strictly serialschedulesissigncomputation
to a site in proportionto the datait contributes. Depending
on the topology of the federation, busty plans and semi-
joins assigna disproportionateamountof work to siteswith
a large numberof children.Network topologyandan unequal
distribution of incoming queriesmay leadto load skew in the
federation.

Joinschedulingpbasedon balancechetwork utilization holds
promisefor applicationsoutsideof scienti ¢ databaseswith
an increasingneed for real-time processingover data gen-
eratedall over the globe, OLAP and DSS applicationsare
startingto employ federationgatherthan summarydatabases
and datawarehouse$39][40]. The challengesfacedin such
federationswill be quite similar to SkyQuery with a needto
balancethe network utilization acrossheterogeneougpaths.
Furthermore the perfectjoin selectvity assumptionusedin
our join algorithms might either hold or be a reasonably
good approximationon mary OLAP and DSS queries,e.g.
joins on foreignkeys or attributeswith uniquenessonstraints.
A core premise of this researchis that capturing network
heterogeneitys moreimportantthantheinaccuracieshatarise
from selectvity assumptionsOur experimentearthis out for
SkyQuery

The balancednetwork utilization metric capturespath het-
erogeneityin large-scaldederationsand,thus,canbe usedfor



all widely-distrituted, dataintensive applications. At present,
the quality of join schedulesdependson the accurag of

selectvity estimatesand join probabilities. Applications in

different domains may require nev algorithms that better
capturetheir speci ¢ properties.However, schedulingbased
on balancednetwork utilization will ensurethat optimization
resultsin scheduleghat usenetwork resourcesf ciently .
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