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Abstract

The key ideabehindInspectorJoins is that dur-
ing theI/O partitioningphaseof ahash-basedjoin,
we have theopportunityto look at theactualdata
itself and then usethis knowledgein two ways:
(1) to createspecializedindexes, speci�c to the
givenqueryon thegivendata,for optimizing the
CPU cacheperformanceof the subsequentjoin
phaseof the algorithm,and (2) to decidewhich
join phasealgorithmbestsuitsthisspeci�c query.
We show how inspectorjoins, employing novel
statisticsandspecializedindexes,matchor exceed
theperformanceof state-of-the-artcache-friendly
hashjoin algorithms. For example,whenrun on
eight or more processors,our experimentsshow
that inspectorjoins offer 1.1–1.4Xspeedupsover
theseprevious algorithms,with the speedupin-
creasingasthenumberof processorsincreases.

1 Intr oduction
Our ability to minimize the executiontime of queriesof-
ten dependsupon the quality of the informationwe have
abouttheunderlyingdataandtheexistenceof suitablein-
dexeson that data. Thus, databasemanagementsystems
(DBMS) maintainvariousstatisticsandindexesoneachre-
lation,which fuel all of theoptimizer'sdecisions.Because
it is not feasibleto maintainstatisticsandindexesspeci�c
to every query, the DBMS mustrely on general statistics
andindexeson the relationsin orderto optimizeandpro-
cessspeci�c queries,oftenresultingin incorrectdecisions
and ineffective accessmethods. This problemis particu-
larly acutefor join queries,where(1) characteristicsof the
join resultoftenmustbe inferredfrom statisticson the in-
dividual input relationsand(2) it is impracticalto maintain
indexessuitablefor all join queryandpredicatecombina-
tions. In this paper, we addressthis problemin thecontext
of hashjoins,oneof themostfrequentjoin algorithms.
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Thekey observationin this paperis thatbecausehash-
basedjoin algorithmsvisit all the data in the I/O parti-
tioning phasebeforethey producetheir �rst output tuple,
we have the opportunity to inspect the data during this
earlier passand then usethis knowledgeto optimize the
subsequentjoin phaseof the algorithm. In particular, we
show how statisticsand specializedindexes, speci�c to
the givenqueryon the givendata, canbe usedto signi�-
cantly reducetheprimary performancebottleneckin hash
joins,namely, thepoorCPUcacheperformancecausedby
the randommemoryaccesseswhenbuilding andprobing
hashtables[3, 4, 12, 17]. Although improving hashjoin
cacheperformancehasbeenthefocusof many recentstud-
ies [3, 4, 12, 17], we show that our approach,which we
call InspectorJoins, matchesorexceedstheperformanceof
state-of-the-arthashjoin algorithms,achieving up to 1.4X
speedups.Moreover, thespecializedindexescreatedby in-
spectorjoins are particularlywell-suitedto two common
join scenarios:foreign key joins and joins betweentwo
nearly-sortedrelations.1

1.1 PreviousCache-FriendlyApproaches

Previousstudiesproposetwo approachesto improving the
CPU cacheperformanceof hashjoins: cachepartitioning
and cacheprefetching. Given a pair of build and probe
partitionsin the join phase,cachepartitioning[3, 12, 17]
recursively divides the two memory-sizedpartitions into
cache-sizedsub-partitionssothata build sub-partitionand
its hashtable�t into theCPUcache,thusreducingthenum-
berof cachemissescausedby hashtablevisits. However,
the re-partitioncost is so signi�cant that cachepartition-
ing is at least50% worsethancacheprefetchingfor for-
eign key joins [4]. Moreover, cachepartitioningis sensi-
tive to cacheinterferenceby otherconcurrentactivities in
thesystembecauseit assumesexclusive useof thecache.
Cacheprefetching[4] exploitsmemorysystemparallelism
in today's processorsand usessoftware prefetchinstruc-
tionsto overlapcachemisseswith computation.Thecache
prefetchingtechniquesareeffectiveonly whenthereis suf-
�cient memory bandwidth. However, moderndatabase
servers typically run on multiprocessorsystems. In an
SMP(symmetricmultiprocessing)system,theentiremem-

1Joinsbetweennearly-sortedrelationsarise,for example,in theTPC-
H benchmark,wherethe lineitem table and the orderstable are nearly
sortedon the(joining) orderkeys. Wealsoobserve joins betweennearly-
sortedrelationsin acommercialworkload.
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(a)Executiontimevarying (b) Aggregatetimeof all
thenumberof CPUs CPUsusedin join phase

Figure 1: Impact of memorybandwidthsharingon join
phaseperformancein anSMPsystem

ory bandwidthis sharedacrossall theprocessors.Because
cacheprefetchingessentiallytradesoff bandwidthfor re-
ducedexecutiontime, its bene�t graduallydisappearsas
moreandmoreprocessorseagerlycompetefor thelimited
memorybandwidth.

Figure1 shows thejoin phaseperformanceof joining a
500MB build relationwith a 2GB proberelation,varying
the numberof CPUsusedin the join phase. In eachex-
periment,thenumberof I/O partitionsgeneratedis a mul-
tiple of the numberof CPUs. Then the samejoin phase
algorithmis run on every CPU to processdifferentparti-
tions in parallel. (PleaseseeSection6.1 for setupdetails.)
As shown in Figure 1(a), both cachepartitioning (cache
part) and cacheprefetching(cache pref) perform signi�-
cantly betterthan the original GRACE hashjoin. Cache
partitioningis worsethancacheprefetchingbecauseof the
re-partitioncost.Theeffect of memorybandwidthsharing
ismoreclearlyshownin Figure1(b),whichreportsthetotal
aggregatetime of all CPUsfor thejoin phasefor this same
experiment.We canseethatthebene�t of cacheprefetch-
ing graduallydisappearsasmoreandmoreprocessorsare
competingfor thememorybandwidth.Cacheprefetching
becomesevenworsethantheGRACEhashjoin whenthere
are16 processorsor more. Interestingly, theGRACE hash
join also suffers from memory bandwidthsharingwhen
thereare32processors.

1.2 The Inspector Join Approach

To achieve good performanceeven when memoryband-
width is limited, we needto reducethe numberof cache
missesof the join phasealgorithm, in addition to apply-
ing prefetchingtechniquesto hide cachemiss latencies.
Our approachexploits themulti-passstructureof thehash
join algorithm. During the I/O partitioningphase,inspec-
tor joins createa specialmulti-�lter -basedindex with lit-
tle overhead;this index will enableus to have “in-place”
cache-sizedsub-partitionsof thebuild table. Unlike cache
partitioning our approachreducesthe number of cache
misseswithout moving tuples around. The join phase,
whichwereferto asacache-stationaryjoin phasebecause
of its in-placenature,is performedusingtheindex.

Our cache-stationaryjoin phaseis specially designed
for joins with nearly unique build join keys, which in-
clude primary-foreignkey joins, the majority of all the

real-world joins. On the other hand, if probetuplesfre-
quentlymatchmultiple build tuplesin a given join query,
the cache-stationaryjoin phaseis not thebestchoice. An
inspectorjoin candetectthis conditionduring its inspec-
tion andswitchto usea differentjoin phasealgorithm(see
Section6.5for details).Moreover, asmentionedabove,in-
spectorjoins can detectnearly-sortedrelations(after any
predicatesbeing appliedbeforethe join). Our initial in-
tuition was that a sort-merge basedjoin phasealgorithm
shouldbe appliedin this case.However, surprisingly, the
cache-stationaryjoin phaseperformsequallywell, dueto
theeffectivenessof its multi-�lter -basedindex.

1.3 Contrib utions

This papermakes the following contributions. First, we
proposeandstudythe inspectorjoin, which to our knowl-
edge,is the �rst hashjoin algorithmthat exploits the free
informationobtainedfrom onepassof thealgorithmto im-
provetheperformanceof a laterpass.Second,we propose
a specializedindex that addressesthe memorybandwidth
sharingproblem,andcantake advantageof nearly-sorted
relations. Moreover, we utilize cacheprefetchingto im-
provetherobustnessof inspectorjoins in thefaceof cache
interference.Third, we presentan illustrative exampleof
how inspectorjoins canuseits collectedstatisticsto select
betweentwo join phasealgorithmsfor thegivenqueryand
data. Finally, our experimentsdemonstratethataswe run
on 8 or moreprocessors,inspectorjoins achieve 1.1–1.4X
speedupsover previous state-of-the-artcacheprefetching
and cachepartitioning algorithms,with the speedupin-
creasingasthenumberof processorsincreases.

Thepaperis organizedasfollows. Section2 discusses
relatedwork. Section3 illustratesthe high level ideasin
our solution. Section4 and5 describeour algorithmsin
detail.Section6 presentsourexperimentalresults.Finally,
Section7 concludesthepaper.

2 RelatedWork

Hash join cacheperformance. Hashjoin hasbeenstud-
ied extensively over the pasttwo decades[5, 10, 11, 16].
Becauseof its I/O partitioning approach,a hashjoin se-
quentiallyvisits thedisk pagesin sourcerelationsandin-
termediatepartitions. By usingadvancedI/O techniques,
suchasI/O prefetching,hashjoin is CPUboundif thereis
suf�cient I/O bandwidth[4]. Therefore,this paperfocuses
on theCPUcacheperformanceof thealgorithm.

Previous studiesshow how cachepartitioning and/or
cacheprefetchingcanbe usedto improve the CPU cache
performanceof hash joins. Shatdalet al. show that
cachepartitioningachieves6-10%improvementfor joining
memory-residentrelationswith 100B tuples[17]. Boncz,
Manegold and Kerstenproposeusing multiple passesin
cachepartitioningto avoid cacheandTLB thrashingwhen
joining vertically-partitionedrelations(essentiallyjoining
two 8B columns) [3, 12]. However, Chen et al. show
thatwhenthe tuplesizeis morethan20B, the re-partition
costof cachepartitioningis so signi�cant that cachepar-
titioning is at least50% worsethancacheprefetching[4].
Chenet al. proposeexploiting the inter-tuple parallelism
to overlapthecachemissesof a tuplewith theprocessing



of multiple tuples[4]. They proposetwo prefetchingalgo-
rithms,groupprefetchingandsoftware-pipelinedprefetch-
ing, andevaluatetheirperformancethroughdetailedcycle-
by-cyclesimulations.2

As shown in Figure 1, the performanceof cache
prefetchingdegradessigni�cantly when more and more
CPUsareeagerlycompetingfor thememorybandwidthin
a multiprocessorsystem.Our inspectorjoins exploit infor-
mationcollectedin theI/O partitioningphaseto �t address-
range-basedsub-partitionsin cache,thusreducingthenum-
ber of cachemisseswithout incurring additionalcopying
cost. Our approachis effective for tuplesthatare20B or
more.For smallertuples,werevert to cachepartitioning.

Inspection concept. Several studiesexploit informa-
tion collectedwhile processingqueriespreviously submit-
ted to the DBMS: reusingpartial query resultsin multi-
query optimization[15], maintainingand usingmaterial-
ized views [1], creatingand using join indices[19], and
collecting up-to-datestatisticsfor future query optimiza-
tions [18]. Unlike thesestudiesthe inspectionanduseof
the information in our approachare speci�c to a single
query. Therefore,we avoid the complexities of deciding
whatinformationto keepandhow to reusedataacrossmul-
tiple relatedqueries. Moreover, our approachis effective
for any join queryandpredicatecombinations.

Dynamic re-optimization techniquesaugment query
planswith specialoperatorsthatcollectstatisticsaboutthe
actualdataduring the executionof a query[9, 13]. If the
operatordetectsthat the actualstatisticsdeviate consider-
ably from theoptimizer's estimates,thecurrentexecution
planis stoppedanda new planis usedfor theremainderof
thequery. Comparedto theglobalre-optimizationof query
plans,our inspectionapproachcanbe regardedasa com-
plementary, local optimizationtechniqueinside the hash
join operator. Whenhashjoins areusedin the execution
plan,ourinspectionapproachcreatesspecializedindexesto
enablethenovel cache-stationaryoptimizationandallows
informedchoiceof join phasealgorithms.Becausethe in-
dexesand informedchoiceaccountfor which tupleswill
actuallyjoin aswell astheir physicallayoutwithin the in-
termediatepartitions,this functionalitycannotbeachieved
by operatorsoutsidethejoin operator.

3 Inspector Joins: Overview
In this section,we describe(i) how we createthe multi-
�lters asa resultof datainspection,(ii) how we minimize
the numberof cachemisseswithout moving any tuples
around,(iii) how we exploit cacheprefetchingto hide the
remainingcachemissesandto improve robustnessagainst
cacheinterference,and(iv) how we choosejoin phaseal-
gorithmsbasedonobtainedinformationaboutthedata.

3.1 Inspecting the Data: Multi-Filters

While partitioning tables for a hash join, commercial
DBMS oftenconstructa �lter to quickly discardprobetu-

2The cacheprefetchingalgorithmsrequirefaulting prefetchinstruc-
tions, meaningthat a prefetchshouldsucceedeven if it incurs a TLB
miss. IA64 processorssupportfaulting prefetches[7]. We believe that
sincefaultingprefetchesarevery importantto databaseapplications,they
will besupportedin moreandmoreprocessors.
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Figure2: Usingmultiple �lters to inspectthedata

ples that do not have any matches[11]. Such�lters may
improve join performancesigni�cantly whena largenum-
ber of probetuplesdo not matchany tuplesin the build
relation(e.g.,thereis a predicateon thebuild relationin a
foreign-key join). As shown in Figure2(a),asingle�lter is
computedfrom all thebuild tuplesto approximatelyrepre-
sentall the join attributevaluesin thebuild relation. Test-
ing a valueagainstthe �lter is conservative: while a neg-
ative answermeansthat thevalueis not in the �lter , false
positivesmayoccurwith a low probability. (Bloom �lters,
detailedin Section4, area typical example.) Whenparti-
tioning theproberelation,thealgorithmtestsevery probe
tuple againstthe �lter . If the test result is negative for a
tuple,thealgorithmsimplydropsthetuple,thussaving the
costof writing it to diskandprocessingit in thejoin phase.

Insteadof usinga singlelarge �lter that representsthe
entire build relation, the inspectorjoin createsmultiple
shorter�lters (illustratedin Figure 2(b)), eachrepresent-
ing a disjoint subsetof build tuples.Testinga probetuple
againstthe�lters will (conservatively) show whichsubsets
the probetuple hasmatchesin. The build relation sub-
setsareaddress-range-basedsub-partitions;thatis,asubset
representsall build tuplesin K consecutivepagesin abuild
partition. K is chosento make the sub-partition�t in the
cachein thejoin phase,aswill bedescribedin Section3.2.

The inspectorjoin builds the setof small �lters by in-
spectingthebuild relationduringthepartitioningphase.To
keeptrack of the sub-partitionboundaries,we usea page
counterfor everypartition. Then,everybuild tupleis used
to computethe�lter correspondingto thesub-partitionthe
tuple belongsto. Note that the multi-�lter schemetests
�lters differently thanthe single-�lter scheme.For every
probetuple, after computingits destinationpartition, the
algorithmchecksthejoin attributevaluein thetupleagainst
all the�lters in thepartition.Thealgorithmdropstheprobe
tuple only if all �lter testsfor all sub-partitionsarenega-
tive. The positive testsshow which sub-partition(s)may
containmatchingbuild tuplesof the probetuple, andthis
informationis usedin thejoin phaseof theinspectoralgo-
rithm. Section4 demonstratesthatour multi-�lter scheme
incursthesamenumberof cachemissesasthesingle-�lter
schemeduringtheinspectionand�lter -constructionphase,
and it can achieve the sameaggregatefalsepositive rate
with moderatememoryspacerequirements.
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Table1: Terminologyusedthroughoutthis paper
Name De�nition

P pagesize(in bytes)
N # of build tuplesin build relation
n # of build tuplesperpartitionpage
H # of bytesin hashtablefor every key
C effective cachesize(in bytes)3

L cacheline size(in bytes)
K # of build pagespersub-partition
S # of sub-partitionsperbuild partition

bpk # of bits perkey for asingleBloom �lter
f pr Bloom �lter falsepositive rate

3.2 Impr oving Locality for Stationary Tuples

During the join phase,the inspectorjoin algorithmknows
which probetuplesmatchevery address-range-basedsub-
partition of the build relation,andthereforeprocessestu-
plesonesub-partitionatatime. For everysub-partition,the
algorithmbuildsacache-residenthashtableonthebuild tu-
ples,andprobesit with all theprobetuplesassociatedwith
this sub-partition.We ensurethatthebuild tuplesof a sub-
partition andits hashtable �t into the cacheby choosing
thenumberof pagesperbuild sub-partition,K , asfollows:

K � P + K � n � H � C
The variablesusedabove and throughoutthe paperare
summarizedin Table1.

Figure3 comparesthe cachebehaviors of all the join-
phasealgorithmsthatweareconsidering.As shown in Fig-
ure3(a), theGRACE algorithmjoins memory-sizedparti-
tions. It builds an in-memoryhashtableon all the build
tuples,thenprobesthis hashtableusingevery tuple in the
probepartition to �nd matches. Becauseof the inherent
randomnessof hashing,accessesto thehashtablehave lit-
tle temporalor spatiallocality. Sincethebuild partitionand
its hashtablearetypically muchlargerthantheCPUcache
size,theseaccessesoftenincurexpensivecachemisses,re-
sultingin poorCPUcacheperformance.

Figure 3(a) shows that the cache prefetching algo-
rithms[4] performthejoin in thesamewayastheGRACE
algorithm[10]. The prefetchingalgorithmsdo not reduce
the numberof cachemisses;rather, they useprefetchin-
structionsto hide the time neededto servicecachemisses

3NotethatweusuallysetC to beafraction(e.g.0.5)of thetotalcache
sizesothat call stacksandotherfrequentlyuseddatastructurescanstay
in thecacheaswell.

whenrepeatedlyvisiting the hashtable. To achieve that,
they rely on suf�cient memorybandwidthto quickly ser-
vice cachemissesand prefetchrequests.When multiple
processorscompetefor limited bandwidth,however, the
performanceof the prefetchingalgorithmsis likely to de-
gradesigni�cantly, asshown previously in Figure1.

Figure3(b) illustrateshow cachepartitioningjoinspairs
of cache-sizedpartitionsto avoid excessive cachemisses
becauseof hashtable visits. The algorithm recursively
partitions memory-sizedpartitions into cache-sizedsub-
partitions,and then joins the sub-partitionsusing cache-
residenthashtables. Essentially, cachepartitioning vis-
its every tuple at least once more than the GRACE al-
gorithm, therebyincurring signi�cant re-partitioncost,as
shown previously in Figure1.

Figure 3(c) shows the cachebehavior of the cache-
stationaryjoin phaseof inspectorjoin. It readsmemory-
sizedpartitionsinto memoryandprocessesonecache-sized
partition at a time, avoiding the cachemissescausedby
hashtablevisits. It simply visits theconsecutive pagesof
a build sub-partitionto build a hashtable. Randommem-
ory accessesareavoidedwhile building thehashtablebe-
causethebuild sub-partitionandthehashtable�t into the
cache. Sincethe algorithmalreadyknows which probe
tuplesmay have matchesin the given build sub-partition,
it can directly visit theseprobe tuples in place without
moving them. Comparedto cachepartitioning, inspector
joins eliminateunnecessarycachemisseswithout moving
any tuples,therebyavoid theexcessivere-partitioningover-
head. The algorithm almost never revisits probe tuples
whenjoin attribute valuesin the build relationareunique
(or almostunique).Valuesin thebuild relationareunique,
for instance,in foreign-key joins, which constitutemost
of the real-world joins. (As detailedbelow, the inspector
join veri�es the assumptionand selectsone of the other
join phasealgorithmswhentheassumptiondoesnothold.)
Moreover, thealgorithmutilizesprefetchingtechniquesto
furtherhidethelatency for theprobetuples,aswedescribe
in thenext subsection.

3.3 Exploiting CachePrefetching

We exploit cacheprefetchingtechniquesin additionto us-
ing cache-sizedsub-partitionsfor two reasons.First,cache
prefetchingcan hide the latency of the remainingcache



misses,suchas the cold cachemissesthat bring a build
sub-partitionand its hashtable into the CPU cache,and
the cachemissesfor accessingthe probetuples. Second,
cacheprefetchingcanimprove therobustnessof our algo-
rithm whenthereis interferencewith otherprocessesrun-
ning concurrentlyin the system. As shown in [4], cache
partitioning performancedegradessigni�cantly when the
CPUcacheis �ushed every 2-10ms,which is comparable
to typical threadschedulingtime. To copewith this prob-
lem, we issueprefetchinstructionsasa safetynet for im-
portantdataitemsthatshouldbekeptin thecache,suchas
thebuild tuplesin a build sub-partition.If thedataitem is
in cache,thereis nonoticeablepenalty. On theotherhand,
if thedataitem hasbeenevicted from cache,the prefetch
instructionbringsit back into the cachesigni�cantly ear-
lier, makingthis approachworthwhile. In a sense,we use
doublemeasuresto maximizecacheperformancewhenac-
cessingimportantdataitems.

3.4 Choosingthe BestJoin PhaseAlgorithm

Basedon thestatisticscollectedfrom theactualdatain the
partition andinspectionphase,inspectorjoins canchoose
thejoin phasealgorithmbestsuitedto thegivenquery. For
example,we detectduplicatebuild keys by countingthe
numberof sub-partitionseachprobetuplematches.Since
aprobetuplemustbetestedagainstall thepossiblematch-
ing sub-partitionsfor correctness,the time for the cache-
stationaryjoin phaseof theinspectorjoin increaseswith the
numberof duplicatebuild keys. Whenthisnumberis above
a threshold,inspectorjoins selecta differentjoin phaseal-
gorithm,aswill beshown in Section6.5.

Our inspectionapproachcan also detectrelationsthat
are nearly-sortedon the join key. Our initial intuition is
thatasort-mergebasedjoin phaseshouldbeappliedin this
case.To verify ourintuition,weimplementedaninspection
mechanismto detectnearly-sortedtuples.Thebasicideais
to keeptuplesthatareoutof orderin amemorybufferwhen
partitioningan input relation. The input is nearlysortedif
thememorybufferdoesnotover�ow whenall thetuplesare
read. At this point, all the intermediatepartitionscontain
in-order tuples. We then partition the (small numberof)
out-of-ordertuplesandstorethemseparatelyfrom the in-
ordertuples.In thejoin phase,givenfour inputsperparti-
tion (out-of-orderandin-orderbuild andprobeinputs),the
sort-mergealgorithm�rst sortstheout-of-orderinputsand
thenmergesall four inputsto �nd matchingtuples.Surpris-
ingly, we �nd in our experimentsthat thecache-stationary
join phaseperformsaswell asthesort-mergeimplementa-
tion. We will discusstheresultsin Section6.5.

4 I/O Partition and InspectionPhase

In this section,we begin by introducinga typical �lter im-
plementation:Bloom�lters. Then,wediscussthememory
spacerequirementof ourmulti-�lter scheme,andwe illus-
tratehow our schemeachievesthe samenumberof cache
missesasthesingle-�lter scheme.Finally, we describethe
I/O partitionandinspectionalgorithmthatusesthemulti-
�lter schemeto determinethesub-partitioninformationfor
probetuples.

1 1 1

h (key)=b0 0 h (key)=b1 1 h (key)=b2 2

Figure4: A Bloom�lter with threehashfunctions

Table2: Numberof bitsperkey (bpk) underdifferentfalse
positiverates(f pr) with d = 3

f pr 0.1 0.05 0.01 0.005 0.001 0.0005
bpk 4.808 6.529 12.364 15.997 28.474 36.277

4.1 Bloom Filters: Background

A Bloom �lter representsa setof keys andsupportsmem-
bershiptests[2]. As shown in Figure 4, a Bloom �lter
consistsof a bit vectorandd independenthashfunctions,
h0; h1; : : : ; hd� 1 (d = 3 in the �gure). To representa set
of keys,we �rst initialize all thebits in thebit vectorto be
0. Then,for every key, we computed bit positionsusing
thehashfunctionsandsetthebits to 1 in thebit vector. (A
bit maybesetmultiple timesby multiple keys.)

To checkwhethera testkey exists in the setof known
keys,we computed bit positionsfor thetestkey usingthe
hashfunctionsandcheckthebits in thebit vector. If some
of thed bitsare0, thesetof known keyscannotcontainthe
testkey. If all of thed bits are1, the testkey mayor may
not exist in thesetof known keys. Therefore,Bloom �lter
testsmay generatefalsepositivesbut may never generate
falsenegativeresults.

Intuitively, the larger the Bloom �lter vector size, the
smallertheprobabilitythata testgeneratesafalsepositive,
which is called the falsepositive rate. In fact, the false
positive ratef pr andthenumberof bits perkey bpkof the
bit vectorarecloselyrelatedto eachother[2]:

f pr � (1 � e� d=bpk )d; whenbit vectorsize� 1

Table2 showsthebpkvaluesfor variousf pr. In thispaper,
we only considerBloom �lters with d = 3. We point out,
however, thatouralgorithmworksfor any choiceof d.

4.2 Memory SpaceRequirement

In a single�lter scheme,thetotal sizeof the�lter in bytes
canbecomputedasfollows, whereN is the total number
of build tuples(assumingthatkeysareunique):

total f il ter sizesing le = bpk� N=8

Our multi-�lter schemeconstructsa �lter persub-partition
in every build partition. However, the�lters representdis-
joint subsetsof build tuples;every build tuple belongsto
oneandonly onesub-partition.Therefore,every build tu-
ple is still representedby a single �lter . Let bpk0 be the
numberof bits per key for an individual �lter . Then the
total �lter sizeof themulti-�lter schemeis:

total f il ter sizemulti = bpk0 � N=8

We can quantify the increasein memoryspaceby using
theratio betweenthe �lter sizesof themulti-�lter andthe
single-�lter schemes:

spaceincr easeratio =
total f il ter sizemulti

total f il ter sizesing le
=

bpk0

bpk



Table3: Total �lter sizevaryingbuild tuplesize(1GBbuild
relation,f pr = 0:05, S = 50sub-partitions)

tuplesize 20B 60B 100B 140B
# of tuples 50M 16.7M 10M 7.1M
single-�lter 40.8MB 13.6MB 8.2MB 5.8MB
multi-�lter 178.0MB 59.4MB 35.6MB 25.3MB

To obtainbpk0, we needto computethefalsepositive rate
f pr0 for anindividual �lter in themulti-�lter scheme.

SupposethereareS sub-partitionsper build partition.
Then,aprobetuplewill becheckedagainstall theS �lters
in thepartition to which theprobetuple is hashed.If any
�lter test is positive, the join phasealgorithmhasto join
theprobetuplewith thecorrespondingbuild sub-partition
for matches. In order to keepthe numberof additional
probescausedby falsepositives the sameas the single-
�lter scheme,thesingle-�lter schemef pr andtheindivid-
ual f pr0 of themulti-�lter schemeshouldsatisfy:

f pr0 = f pr=S

For example,if the single-�lter scheme's f pr is 0.05,
we cancomputethespaceincreaseratio asfollows. Since
f pr0 = f pr=S, f pr0 = 0:001 if S = 50. Then,bpk =
6:529andbpk0 = 28:474, accordingto Table2. Therefore,
spaceincr easeratio is 4.4. Similarly, if S = 100, we
cancomputethatspaceincr easeratio is 5.6.

Table 3 comparesthe �lter size of the multi-�lter
schemewith the single-�lter schemewhen the aggregate
falsepositiverateis 0.05andthereare50sub-partitionsper
partition.4 Thebuild relationis 1GBlarge,andwevary the
tuplesizefrom 20 to 140bytes.We canseethatthespace
requirementis moderatewhenthetuplesizeis greaterthan
or equalto 100B,which is typical in mostreal-world ap-
plications. Even if the tuple size is assmall as20B, the
memoryrequirementof 178MBcanstill besatis�edeasily
in today'sdatabaseservers.5

4.3 Minimizing the Number of CacheMisses

Thesingle-�lter schemewritesthreebitsin theBloom�lter
for every build tuple. For every probetuple, it readsthree
bits in the Bloom �lter . Sincethe bit positionsare ran-
dombecauseof theindependenthashfunctions,thesingle-
�lter schemepotentiallyincursthreecachemissesfor every
build tupleandfor everyprobetuple,assumingthetotal �l-
ter sizeis largerthantheCPUcachesize. (We do not use
our algorithmif the relationis sosmall that thecomputed
single�lter sizeis smallerthancache,but thetotal sizeof
themultiple �lters maybelargerthancache.)

In the multi-�lter scheme,a build tuple is still repre-
sentedby a single�lter correspondingto its sub-partition.
Therefore, the multi-�lter schemestill writes three bits
for every build tuple, incurring thesamenumberof cache
missesasthemulti-�lter scheme.

4S = 50 is a reasonablechoice.Even if thecachesizeis assmallas
1MB, andtheI/O partitionphasecanproduceupto 500partitions(limited
by thecapabilityof thestoragemanager),it allows thebuild relationsize
to beaslargeas25GB.

5Hashjoin may chooseto hold intermediatepartition pagesin mem-
ory. Therefore,theabove additionalmemoryspacerequirementmayre-
sult in extra I/Os. However, hashjoin is CPUboundwith reasonableI/O
bandwidth[4], andthis is aminoreffect.
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However, themulti-�lter schemechecksS �lters for ev-
ery probetuple, whereS is the numberof sub-partitions
per partition. We ensurethat the �lters areof the same
size.Givenaprobetuple,themulti-�lter schemestill com-
putesthe samenumberof bit positionsasthe single-�lter
scheme,thenit simplychecksthesamebit positionsfor all
S �lters. However, the �lter testsmay incur 3S cache
misses,which is muchmorethanthesingle-�lter scheme.

Thisproblemcanbesolvedby layingout the�lters ver-
tically for everypartition.As shown in Figure5(a),thebits
at the samebit positionin all the �lters of a partition are
consecutive in memory. That is, the �rst bits of all the �l-
tersarestoredtogether, which arefollowedby thesecond
bits of all the �lters, so on so forth. Note that the cache
line sizeis typically 32B to 128B,or 256-1024bits,which
is much larger than the numberof �lters per partition S.
Therefore,undertheverticallayout,wecanreadthebitsof
a givenpositionfrom all the �lters while incurringonly a
singlecachemiss. In this way, themulti-�lter schemecan
keepthe numberof cachemissesthe sameas the single-
�lter schemefor testinga probetuple.

Figure5(a) shows that we can test all the �lters for a
given probetuple usinga bit operationunderthe vertical
layout. We simply computea bit-wise AND operationof
the b0 bits, the b1 bits, and the b2 bits. A 1 in the re-
sult meansall threebits for thecorresponding�lter are1.
Therefore,a1/0 resultingbit meansapositive/negativetest
resultfor thecorresponding�lter .

A new problemoccurswhenwe lay out the�lters verti-
cally: new �lters cannotbeeasilyallocatedandthenumber
of �lters in apartitionmustbedeterminedbeforeallocating
thememoryspacefor thevertical �lters. Sincethe actual
partition sizemay vary dueto dataskew, usingthe maxi-
mal possiblenumberof sub-partitionsmay wastea lot of
memoryspace.

Wesolvethisdynamicallocationproblemby usinghori-
zontallayoutwhenpartitioningthebuild relationsandgen-
eratingthe�lters, asshown in Figure5(b). Then,we con-
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vert thehorizontallayoutinto anequivalentverticallayout
beforepartitioningtheproberelation.

Figure 6 illustratesthe conversionalgorithm. Hori-
zontal �lters areallocatedat cacheline boundaries. We
transposethe�lters oneblock at a time. Every block con-
sistsof a cacheline (8L bits) for all the�lters. Thesource
cachelines of different �lters in the horizontallayout are
not contiguousin memory, while the destinationblock is
a continuouschunkof memory. Every outer-loop iteration
of thealgorithmprefetchesthenext sourceanddestination
blocksin additionto converting the currentblock. In this
way, we hide mostof thecachemisslatency of accessing
thesourceanddestination�lters.

4.4 Partition and InspectionPhaseAlgorithm

Thealgorithmconsistsof thefollowing threesteps:
1. Partitionbuild relationandcomputehorizontal�lters;

2. Converthorizontal�lters to verticallayout;

3. Partition proberelationandtestvertical�lters.

We have alreadydescribedthe algorithmfor step2. This
subsectiondescribestheothertwo stepsin thealgorithm.

As shown in Figure7(a),step1 allocatesaninputbuffer
for the build relationandan outputbuffer for every inter-
mediatepartition. It useshorizontal �lters. Eachparti-
tion keepsa pagecounterfor the outgoingpages. When
the counterequalsto K , the numberof pagesper sub-
partition,a new �lter is allocatedfrom a memorypool and
thecounteris resetto0. Foreverybuild tuple,thealgorithm
extractsthejoin attributeto computea 32-bit hashcode.It
determinesthepartitionnumberby usingthehashcodeand
copiesthe tuple (with projectionif needed)to the output
buffer. Thealgorithmalsocomputesandsetsthe threebit
positionsof the currenthorizontal�lter . For bettercache
performance,we employ group prefetchingas described
in [4]. Theonly differenceis theadditionof prefetchingfor
theBloom�lter positions.Moreover, a tuple'shashcodeis
storedin thepageslotareaasrecommendedin [4].6

As shown in Figure7(b),Step3 is similar to Step1 with
the following differences.First, the algorithmtestsevery
probetuple againstthe setof vertical �lters in the tuple's
partition. A tuple is droppedwhen all the resultingbits
are0. Second,positive resultsshow which sub-partitions
maycontainmatchingtuplesfor thegivenprobetuple.The

6A build partitionpageslot consistsof a 4B hashcodeanda 2B tuple
offset. Every two slotsarecombinedtogetherto align the hashcodesat
4B boundaries.
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Figure8: Extractingprobetupleinformationfor everysub-
partitionusingcountingsort

sub-partitionID(s) is recordedin theslot areaof thesame
outputpagecontainingthe tuple.7 In mostcases,a single
sub-partitionID is found. Note that slotsmay be of vari-
ablesizenow. This is not a problemsincetheprobeslots
will only bevisitedsequentially(in thecountingsortstep)
in the join phasealgorithm, as will be describedin Sec-
tion 5. Third, the numberof probetuplesassociatedwith
eachsub-partitionis counted,which is used(in thecount-
ing sortstep)in thejoin phasealgorithm.

5 Cache-StationaryJoin Phase
Thejoin phasealgorithmconsistsof thefollowing steps:

1. Readbuild andprobepartitionsinto mainmemory;

2. Extractper-sub-partitionprobetuplepointers;

3. Joineachpair of build andprobesub-partitions.

By usingthesub-partitioninformationcollectedin thepar-
tition and inspectionphase,the algorithm achieves good
cacheperformancewithout copying any tuples. The sub-
partition informationis storedin theorderof probetuples
in theprobeintermediatepartitions.However, Step3 visits
all theprobetuplesof asinglesub-partitionandthenmoves
on to the next sub-partition. It requiresthe sub-partition
information in the order of sub-partitionIDs. Therefore,
probetuple sub-partitioninformationhasto be sortedbe-
fore use. In the following, we �rst describehow Step2
performscountingsort,thendiscusstheuseof prefetching
to improveperformanceandrobustnessin Step3.

5.1 Counting Sort

Thealgorithmknows thenumberof sub-partitionsandthe
numberof probetuplesassociatedwith eachsub-partition;
the latter is collectedin the I/O partition phase. There-
fore, we can usecountingsort, which is a fast O(N) al-
gorithm,for extractingprobetuple information(theprobe
tuplepointersandhashcodes)for everysub-partition.

As shown in Figure8, for every sub-partition,we allo-
catean array, whosesizeis equalto the numberof probe
tuplesassociatedwith thesub-partition.Thealgorithmvis-
its theslotareaof all theprobepartitionpagessequentially.
For everyslot, it computesthetupleaddressusingthetuple
offset.Thenthealgorithmcopiesthetupleaddressandthe
hashcodeto the destinationarray(s)that arespeci�ed by
thesub-partitionID(s) recordedin thepageslot. Assuming

7From high addressto low address,a probepartition pageslot con-
sistsof a4B hashcode,a2B tupleoffset,a1B numberof sub-partitions,a
sequenceof sub-partitionIDs eachtaking1B.Wealignslotson4B bound-
ariesandaslot takes8B whenthereis a singlesub-partitionID.
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thebuild join attributevaluesaremostlyunique,thereis of-
tenasinglesub-partitionID for aprobetuple,andthetuple
addressandhashcodeareonly copiedonce.After process-
ing all theprobepageslots,thealgorithmobtainsanarray
of (tuple pointer, hashcode)pairsfor every sub-partition.
Note that the tuplesthemselvesarenot visited nor copied
in thecountingsort.

We use cacheprefetchingto hide the cachemiss la-
tency of readingpageslotsandwriting to the destination
arrays.We keepa pointerto thenext probepageandissue
prefetchesfor thenext pageslot areawhile processingthe
slot areaof thecurrentpage.Similarly, for every destina-
tion array, we keepa pointerto thenext cacheline starting
address.We issuea prefetchinstructionfor thenext cache
line beforewestartusingthecurrentcacheline in thearray.

5.2 Exploiting Prefetchingin the Join Step

For every pair of build andprobesub-partitions,thealgo-
rithm �rst constructsa hashtable. (We assumethe same
hashtable structureas in [4].) Sincethe hashcodesare
storedin the build pageslot area,the algorithmdoesnot
needto accesstheactualbuild tuplesfor creatingthehash
table. However, we expectthebuild tuplesto beusedfre-
quentlyduring probing. Therefore,we issueprefetchin-
structionsfor all build tuplesof the sub-partitionto bring
theminto cache,asshown in Figure9.

After building thehashtable,thealgorithmvisits thear-
ray containingthe probetuple pointersandhashcodesof
thesub-partition,asshown in Figure9. It probesthehash
tablewith hashcodesin thearray. If a probeis successful,
the algorithmvisits the probetuple andthe build tuple to
verify that their join attributesareactuallyequal. It pro-
ducesanoutputtuplefor a truematch.

We issueprefetchesfor theprobetuplesandfor thear-
raycontainingprobetupleinformation.Here,weuseaspe-
cial kind of prefetchinstruction,non-temporalprefetches,
which aresupportedby Intel Itanium2 andPentium4 ar-
chitectures[6, 8]. Non-temporalprefetchesare usedto
read cachelines that do not have temporal locality; the
cachelines are supposedto be usedonly once. There-
fore, cachelines readby non-temporalprefetchesignore
theLRU statesin thecache,andthey goto aparticularloca-
tion in thecorrespondingcacheset,thusminimizingcache
pollution by theprefetchedline. Sincewe aim to keepthe
build sub-partitionand the hashtable in cache,minimiz-
ing thecachepollution causedby visiting otherstructures
is exactlywhatwewant.

Toprefetchthearraycontainingprobetuplepointersand
probehashcodes,we keepa pointerp to thecacheline in

thearraythataredist linesaheadof thecurrentcacheline
(dist = 20 in our implementation). Supposetherearem
pairsof pointersandhashcodesin every cacheline. The
algorithm�rst issuesprefetchesfor the �rst dist linesand
thensetsp to the beginning of dist + 1 line. Whenever
thealgorithm�nishes processingm probetuples,it issues
aprefetchfor thecacheline pointedby p andincreasesp by
a cacheline. Thealgorithmchecksp againsttheendof the
arrayto stopprefetching. To prefetchfor theprobetuples,
we usea buffer to temporarilystorethe pairsof pointers
pointing to the build andprobetuplesthat correspondto
successfulhashtableprobes.Whenthis buffer is full, we
visit thesetuplepairsusingsoftware-pipelinedprefetching.

Finally, we improve therobustnessof our algorithmby
issuingprefetchesfor thebuild tupleswhile prefetchingfor
the probetuples. In most cases,the build tuplesare al-
readyin cache,and theseprefetchesdo not have effects.
However, if the build tuples are replacedsomehow, the
prefetchescan bring the build tuplesback into the cache
quickly. We do not prefetchthe hashtable for the same
purposebecauseit requireslargerchangesto thealgorithm
andthereforemayincursigni�cant run-timecost.

6 Experimental Results
In this section,we evaluatethe CPU cacheperformance
of our inspectorjoins againstthe cacheprefetchingand
cachepartitioning algorithmsthrough detailedcycle-by-
cycle simulations. Moreover, in Section6.5, we exploit
theinspectionapproachto detectsituationswherethereare
duplicatebuild keys or whererelationsarenearlysorted,
andchoosethebestjoin phasealgorithm.

6.1 Experimental Setup

Implementation Details. We implemented� ve hash
join algorithms:groupprefetching,software-pipelinedpre-
fetching, cachepartitioning, enhancedcachepartitioning
with advancedprefetchingsupport,andour inspectorjoin
algorithm. We storerelationsand intermediatepartitions
asdisk �les, and the join algorithmsare implementedas
stand-aloneprogramsthat readandwrite relationsin disk
�les. We keepschemasandstatisticsin separatedescrip-
tion �les for simplicity. Statisticsabout the numberof
pagesandthe numberof tuplesareusedto computehash
tablesizes,numbersof partitions,andBloom�lter sizes.

Our cacheprefetchingimplementationsmainly follow
the descriptionsin [4]. Prefetchinstructionsare inserted
into C++ sourcecodesusinggccinline ASM macros.The
only differenceis thatthealgorithmsutilize asingleBloom
�lter for removingprobetupleshavingnomatches.Weadd
prefetchesfor the Bloom �lter to thegroupandsoftware-
pipelinedprefetchingalgorithmin the I/O partitionphase.
In ourexperiments,we �nd thattheperformanceresultsof
thetwo prefetchingalgorithmsareverysimilar. Tosimplify
presentation,we only show the groupprefetchingcurves,
whicharelabeledas“cachepref”.

The two cachepartitioning algorithms both use the
group prefetching implementationfor the I/O partition
phase;they performre-partitionandjoin cache-sizedsub-
partitions in the join phase. The enhancedcacheparti-
tioning performsadvancedprefetchingsimilar to that of



the inspectorjoin for joining a pair of cache-sizedsub-
partitions.It alsoperformsadvancedprefetchingto reduce
the re-partitioncost. This algorithmservesas a stronger
competitorto ouralgorithm.

In every experiment,the numberof I/O partitionsgen-
eratedis amultipleof thenumberof CPUs.Thenthesame
join phasealgorithmis run on every CPU to processdif-
ferentpartitionsin parallel.Thepartitionphasealgorithms
take advantageof multiple CPUsby conceptuallycutting
inputrelationsinto equal-sizedchunksandpartitioningone
chunkon every CPU. Every processorgeneratesthesame
numberof partition outputs. The i-th build partition will
conceptuallyconsistof the i-th build outputgeneratedby
every processor. The probepartitionsaregeneratedsimi-
larly. Every CPUwill build its own �lter(s) basedon the
build tuplesit sees.After partitioningthebuild relation,the
generated�lters aremerged. For the single-�lter scheme,
all �lters areOR-edtogetherto geta single�lter . For the
multi-�lter scheme,differentCPUsactuallygeneratehor-
izontal �lters for different sub-partitions. Therefore,the
algorithmcandirectly performhorizontalto vertical �lter
conversion.Then,thesame�lter(s) is sharedacrossall the
CPUsfor testingprobetuples.

Experimental Design. We usea simpleschemafor all
the relations:a tupleconsistsof a 4-byterandomlygener-
atedjoin key anda �x ed-lengthpayload.An outputtuple
containsall the �elds of thematchingbuild andprobetu-
ples. In all theexperimentsexceptthosein Section6.5, a
probetuplecanmatchzeroor onebuild tuple,anda build
tuple may matchone or more probetuples. We test the
performanceof our solutionin varioussituationsby vary-
ing the tuple size,the numberof probetuplesmatchinga
build tuple(which is theratio betweenprobeandbuild re-
lation sizes),andthe percentageof probetuplesthathave
matches.We vary thelatterfrom 5%to 100%to modelthe
effectsof a selectionon a build attributedifferentfrom the
join attribute.

In all ourexperiments,weassumetheavailablememory
sizefor thejoin phaseis 50MB andthecachesizeis 1MB,
which follow the settingsin [4]. Note that whenmultiple
join instancesarerunningon multiple processors,the ac-
tual memoryallocatedis 50MB multiplied by thenumber
of instances.For example,in thecaseof 32 CPUs,theto-
tal memoryusedfor thejoin phaseis 1600MB.TheBloom
�lter falsepositiveratefor thecacheprefetchingalgorithm,
andthetwo cachepartitioningalgorithmsis setto be0.05.
The individual Bloom �lter falsepositive rate for our in-
spectorjoin algorithmis setto be0.001.

Simulation Parameters. We evaluatetheCPU cache
performance(of user mode executions)of all the algo-
rithms through detailedcycle-by-cycle simulations. We
generatefully-functional executableswith gccandrun the
programson a simulatorthat modelsa shared-bus SMP
systemwith 1.5GHzprocessors.We vary the numberof
processorsin our experiments. Thememoryhierarchyis
basedon the Itanium 2 processor[7]. However, the sim-
ulator only supportstwo levels of cacheswhile Itanium2
processorhasthreelevelsof caches.Therefore,we choose
the sizeof L2 cacheto be in betweenthe sizesof the L2
andL3 cachesonanItanium2machine.Thelatency is also

Table4: Simulationparameters
Processorpipelineparameters

ClockRate 1.5GHz
IssueWidth 4 insts/cycle
FunctionalUnits 2 Integer, 1 integerdivide,

2 Memory, 1 Branch,2 FP
ReorderBuffer Size 128insts
IntegerMultiply/Divide 4/50cycles
All OtherInteger 1 cycle
BranchPredictionScheme gshare[14]

Memoryparameters
Line Size 64bytes
PrimaryInstructionCache 16KB, 4-wayset-assoc.
PrimaryDataCache 16KB, 4-wayset-assoc.
Miss Handlers 32 for data,2 for inst.
DTLB 128entries,fully-assoc.
DTLB Miss Handlers 1
PageSize 8 KB
Uni�ed SecondaryCache 1 MB, 8-wayset-assoc.
Primary-to-Secondary 10cycles(plusany delays
Miss Latency causedby contention)
DTLB Miss Latency 30cycles(plusany delays

causedby contention)
Primary-to-Memory 250cycles(plusany delays
Miss Latency causedby contention)
Main MemoryBandwidth 1 accessper15cycles

chosento bein betweentheactualL2 andL3 latencies.The
Itanium2 processorsupportsonly software-simulatedinte-
gerdivide. We measuredon a realmachinethataninteger
dividetakesabout50cycles.Thesimulatordoesnotdropa
prefetchwhenmisshandlersareall busyand/orif it incurs
a DTLB miss. This modelsthe behavior of l f etch:f aul t
instructionof Itanium2 processor. Importantsimulatorpa-
rametersareshown in Table4.

6.2 Varying the Number of CPUs

Figure 10 comparesthe performanceof the algorithms
while varying the numberof CPUs. The legend labels
and the correspondingalgorithmsare as follows: cache
pref (group prefetching),cache part (cachepartitioning),
enhancedcp (cachepartitioningenhancedwith advanced
prefetchingsupport),inspector(inspectorjoin). Theexper-
imentsjoin a 500MB build relationanda 2GB proberela-
tion. Thetuplesizeis 100B.50%of theprobetupleshave
nomatchesandeverybuild tuplematches2 probetuples.

Figure10(a)showsthepartitionphaseperformance,and
Figure10(b)showstheaggregateperformanceonall CPUs
usedin thepartitionphase.We seethatthepartitionphase
curvesarevery similar. Comparedto the otherschemes,
the inspectorjoin incursa slight overhead. (Theratio be-
tweenthepartitionphaseexecutiontimesof thebestalgo-
rithm andthe inspectorjoin is 0.88-0.94.) This is mainly
becauseof thecomputationalcostof convertinghorizontal
�lters into vertical �lters andtestinga setof �lters. The
mostcostly operationis extractingthe bit positionsof 1's
from abit vectorin bothconversionand�lter testing. This
overheadwill becomelesssigni�cant asprocessorsareget-
ting faster. As shown in Figure10(a),all thecurvesbecome
�at after the4-CPUcase.Therefore,all the following ex-
perimentsuseup to 4 CPUsin thepartitionphase.

Figure10(c)showsthetotalaggregatetimesof all CPUs
for the join phase.The cache pref andcache part curves
are the sameas in Figure1(b). Our inspectorjoin is the
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Figure11: JoinphaseCPUtimebreakdownsfor CPU0

best.Becauseof thememorybandwidthsharing,thecache
prefetchingcurve degradessigni�cantly whenthereare8
or moreCPUs.Sinceouralgorithmcombineslocality opti-
mizationsandcacheprefetching,it is lesssensitiveto band-
width contention. Comparedto the cacheprefetchingal-
gorithms,our inspectorjoin algorithm achieves1.7-2.1X
speedupswhen8 or moreCPUsareused.

As shown in Figure 10(c), the two cachepartition al-
gorithmsare worsethan the cacheprefetchingalgorithm
and our inspectorjoin when thereare lessthan 4 CPUs.
This is mainly becauseof the large re-partitionoverhead,
which consistsof more than36% of their join phaseex-
ecution times. The enhancedalgorithm is always better
than the original algorithm, which veri�es the effective-
nessof theappliedprefetchingtechniques.As thenumber
of CPUsincrease,theenhancedalgorithmbecomessigni�-
cantlybetterthanthecacheprefetchingalgorithmsbecause
it utilizescache-sizedsub-partitionsto reducethenumber
of cachemisses.However, it still degradesquickly beyond
4CPUs.Thisismainlybecausethere-partitionstepisquite
sensitive to memorybandwidthsharing.Comparedto the
enhancedcachepartitioningalgorithm,our inspectorjoin
achieves1.6-2.0Xspeedupswith 1-32CPUs.

Figure10(d) shows the aggregateperformanceof both
phasesusingup to 4 CPUsin the partition phase.When
thereare8 or moreCPUs,inspectorjoin achieves1.3-1.7X
speedupsover thecacheprefetchingalgorithmandtheen-
hancedcachepartitioningalgorithm.8

8Theabove �gures omit theGRACEhashjoin curvesfor clarity. Com-

Figure11 shows theCPUtime breakdownsfor the join
phaseof thealgorithms.Thebreakdownsarefor thetasks
runningonCPU0 in thesystem.TheY axisshowstheexe-
cutiontime. Everybaris brokendown into four categories:
CPU busy time, stalls due to datacachemisses(includ-
ing the effect of L2 misses),stalls due to DTLB misses,
andotherresourcestalls.ComparingFigure11(a)and(b),
we can seethat the fractionsof datacachestalls for the
threeleft barsincreasedramatically. Thisclearlyshowsthe
impactof memorybandwidthsharingon theperformance.
In contrast,our cache-stationaryalgorithmachievesquite
goodcacheperformance.At 32 CPUs,cachestallsdomi-
nateall bars,asshown in Figure11(c). Even in this case,
ouralgorithmis betterthantheotheralgorithms.

6.3 Varying Other Parameters

Figure12showsthebene�tsof ourinspectorjoin algorithm
varying the numberof probetuplesmatchinga build tu-
ple (which is the ratio betweenprobeand build relation
sizes),the percentageof probetuplesthat have matches,
andthe tuplesize. All theexperimentsuse8 CPUsin the
join phase.Thethree�gures shareacommonsetof experi-
ments,whichcorrespondto the8-CPUpointsin Figure10.

Figure10(a)variesthenumberof matchesperbuild tu-
ple from 1 to 8 (while keepingthebuild relationsize�x ed).

paredto theGRACEhashjoin algorithm,our inspectorjoin achieves1.5-
4.1X speedupsfor the join phaseand 1.7-2.9X speedupsfor the entire
hashjoin with 1-32CPUs.Thespeedupsat 32 CPUsare1.5X and1.7X,
respectively.
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Figure12: Aggregatetotal performancevaryingthreeparameterswhen8 CPUsareusedin thejoin phase
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Figure 13: Robustnessagainstcacheinterference(self-
normalizedjoin phaseperformance,numCPUsused=1)

Figure10(b) variesthe percentageof probetupleshaving
matches(while keepingtheproberelationsize�x ed). Fig-
ure 10(c) variesthe tuple size from 20B to 140B (while
keepingthebuild relationsize�x ed).Notethatthenumber
of tuplesdecreasesasthesizeof thetupleincreases.There-
fore,all thecurveshavethedownwardshape.Notethatin
the20Bexperiments,acacheline of 64Bcontainsmultiple
probetuples. Sincethe cache-stationaryjoin visits probe
tuplesnon-sequentially, it mayincurmultiplecachemisses
for every cacheline in the probepartition. However, our
inspectorjoin with cache-stationaryjoin phaseis still the
bestevenfor the20B experiments.

In all the experiments,we can seethat our inspector
join algorithmis the best. For all the experimentsexcept
the5% pointsin Figure10(b)9, our inspectorjoin achieves
1.1-1.4Xspeedupscomparedto the cacheprefetchingal-
gorithmandtheenhancedcachepartitioningalgorithm.

6.4 Robustnessof the Algorithms

Figure13shows theperformancedegradationof all theal-
gorithmswhenthe cacheis periodically �ushed, which is
theworstcaseinterference.We vary theperiodto �ush the
cachefrom 2 ms to 10 ms,andreporttheexecutiontimes
self normalizedto theno �ush case.That is, “100” corre-
spondsto the join phaseexecutiontime whenthereis no
cache�ush.

9Whenthereareonly 5% probetupleshaving matches,theaggregate
join phaseexecutiontime only consistsof 10-24%of thetotal aggregate
executiontime. Therefore,the differenceis small betweenall the algo-
rithmsoptimizingthejoin phaseperformance.
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Figure14: Exploiting theinspectionmechanism

The cacheprefetchingalgorithmseesat most3% per-
formancedegradationbecauseof cache�ushes. It is very
robustbecauseit doesnotassumethatany largedatastruc-
turesstayin thecache.In contrast,theoriginal cachepar-
titioning algorithmassumestheexclusiveuseof thecache,
andsuffersfrom a 6-35%performancedegradationfor the
cache�ushes. Like theoriginal cachepartitioning,our in-
spectorjoin algorithmandtheenhancedcachepartitioning
algorithmbothtry to keepabuild sub-partitionandits hash
tablein the cache.To improve robustness,both of theal-
gorithmsperformprefetchingfor build tuples.10 As shown
in Figure13, this techniqueeffectively reducestheperfor-
mancedegradationto 2-15%,which is a 2X improvement
comparedto theoriginal cachepartitioning.

6.5 Choosingthe BestJoin PhaseAlgorithm

By default, our inspectorjoin algorithm usesthe cache-
stationaryjoin phase. However, our inspectionapproach
candetectsituationswherecache-stationaryjoin phaseis
not the bestalgorithm and choosea different one. Fig-
ure 14(a)variesthe numberof duplicatebuild tuplesper
build join attributevalue. Theduplicate-freepointscorre-
spondto the8-CPUpointsin Figure10(c).We seethatthe
default cache-stationaryjoin phaseof the inspectoralgo-
rithm is still thebestuntil 3 duplicatesper key. However,
whenthereare4 duplicatesperkey, enhancedcacheparti-
tioninggetsbetter. Theprefetchingalgorithmneedsto visit

10As wedonotprefetchfor thehashtable,weexpectto payhighercost
thanpureprefetchingschemeswhenthecacheis �ushed. Prefetchingfor
thehashtableis muchmorecomplicatedthanprefetchingonly for build
tuples,andmayincurmorerun-timeoverheadfor normalexecution.



multiple build tuplesfor every probetuple in theduplicate
key cases.Sincethevisits areall cachemisses,theperfor-
manceof theprefetchingalgorithmsufferssigni�cantly. As
discussedin Section3.4, our inspectionapproachdetects
duplicatekeys by counting the numberof sub-partitions
matchingevery probetuple. Whena probetupleon aver-
agematches4 or moresub-partitions,it choosesenhanced
cachepartitioningas the join phasealgorithm. Thus the
actualinspectorjoin performancetracksthebestof thein-
spectorandenhancedcpcurvesin the�gure.

Figure 14(b) shows the performancewhen the source
relationsarenearlysorted. We vary the percentageof tu-
ples out of order from 0% (fully sorted)to 5%. For the
fully sortedcase,we sorttheinput relationsfor the8-CPU
pointsin Figure10(c). Thenwe randomlychoose1%–5%
of tuplesandrandomlychangetheir locationsto generate
theothercases.

As shown in Figure14(b),thesort-mergealgorithmper-
formsthebestasexpectedfor thefully sortedcase.How-
ever, to our surprise,the inspectorjoin performsequally
well. Thereasonis that for thefully sortedcase,thebuild
tuples in a build sub-partitionare sorted,and the corre-
spondingprobe tuples locatedsequentiallyin the probe
partition. Therefore,the cache-stationaryjoin phasees-
sentiallyvisits both the build andthe probepartitionsse-
quentially. Sincethehashtableis kept in cache,its cache
behavior is the sameas the sort merge join, which only
mergestwo in-order inputs. Whenmoreandmoretuples
areout of order, the sort merge join becomesworsethan
the inspectoralgorithmbecauseof the increasingcost of
sortingout-of-ordertuples,while the inspectoralgorithm
paysonly aslightoverheadto visit someprobetuplesnon-
sequentially.

7 Conclusions
In this paper, we have proposedand evaluatedinspector
joins, whichexploit thefactthatduringtheI/O partitioning
phaseof a hash-basedjoin, we have analmostfreeoppor-
tunity to inspectthe actualpropertiesof the datathat will
be revisited later during the join phase.We usethis “in-
spection”informationin two ways. First, we usethis in-
formationto accelerateanew typeof cache-optimizedjoin
phasealgorithm.Thecache-stationaryjoin phasealgorithm
is especiallyuseful when the join is run in parallel on a
multiprocessor, sinceit consumeslessof thepreciousmain
memorybandwidththanexisting state-of-the-artschemes.
Second,information obtainedthrough inspectioncan be
usedto choosea join phasealgorithm that is bestsuited
to the data. For example,inspectorjoins canchooseen-
hancedcachepartitioningasthejoin phasealgorithmwhen
a probetupleonaveragematches4 or moresub-partitions.

Our experimental results demonstratethat inspector
joins offer speedupsof 1.1–1.4X over the best existing
cache-friendlyhashjoin algorithmwhenrunon8, 16,or 32
processors,with theadvantagegrowing with thenumberof
processors.We alsoobserve thatinspectorjoins arerobust
with respectto variouspropertiesof the data(e.g., tuple
size,fractionof tupleswith matches,etc.).Thus,inspector
joins arewell-suitedfor modernmulti-processordatabase
servers.
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