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Abstract

The key ideabehindInspectorJoins is that dur-
ing thel/O partitioningphaseof ahash-basepbin,
we have the opportunityto look at the actualdata
itself and then usethis knowledgein two ways:
(1) to createspecializedindexes, speci c to the
givenqueryon the givendata,for optimizing the
CPU cacheperformanceof the subsequenjoin
phaseof the algorithm, and (2) to decidewhich
join phasealgorithmbestsuitsthis speci ¢ query
We shov how inspectorjoins, emplgying novel
statisticsaandspecializedndexes,matchor exceed
the performancef state-of-the-artache-friendly
hashjoin algorithms. For example,whenrun on
eight or more processorspur experimentsshov
thatinspectorjoins offer 1.1-1.4Xspeedupsver
theseprevious algorithms,with the speedupin-
creasingasthenumberof processor@ncreases.

1 Intr oduction

Our ability to minimize the executiontime of queriesof-
ten dependauponthe quality of the informationwe have
aboutthe underlyingdataandthe existenceof suitablein-
dexeson that data. Thus, databasenanagemensystems
(DBMS) maintainvariousstatisticsandindexeson eachre-
lation, which fuel all of the optimizer's decisionsBecause
it is not feasibleto maintainstatisticsandindexesspeci ¢
to every query the DBMS mustrely on genesl statistics
andindexeson the relationsin orderto optimizeandpro-
cessspeci ¢ queriesoftenresultingin incorrectdecisions
and ineffective accessnethods. This problemis particu-
larly acutefor join querieswhere(1) characteristicsef the
join resultoften mustbe inferredfrom statisticson thein-
dividualinputrelationsand(2) it is impracticalto maintain
indexessuitablefor all join queryand predicatecombina-
tions. In this paperwe addresghis problemin the context
of hashjoins, oneof the mostfrequentjoin algorithms.
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The key obsenationin this paperis thatbecauséash-
basedjoin algorithmsvisit all the datain the I/O parti-
tioning phasebeforethey producetheir rst outputtuple,
we have the opportunity to inspectthe data during this
earlier passand then use this knowledgeto optimize the
subsequenjpin phaseof the algorithm. In particular we
shav how statisticsand specializedindexes, speci ¢ to
the givenqueryon the givendata, canbe usedto signi -
cantly reducethe primary performancebottleneckin hash
joins, namely the poor CPU cacheperformanceausedy
the randommemoryaccessesvhen building and probing
hashtables[3, 4, 12, 17]. Althoughimproving hashjoin
cacheperformancédiasbeenthefocusof mary recentstud-
ies[3, 4, 12, 17], we shaw that our approachwhich we
call InspectorJoins matche®r exceedgheperformancef
state-of-the-arhashjoin algorithms,achiezing up to 1.4X
speedupsMoreover, the specializedndexescreatedy in-
spectorjoins are particularly well-suitedto two common
join scenarios:foreign key joins and joins betweentwo
nearly-sortedelations!

1.1 Previous Cache-Friendly Approaches

Previous studiesproposetwo approacheso improving the
CPU cacheperformanceof hashjoins: cachepartitioning
and cacheprefetching. Given a pair of build and probe
partitionsin the join phasecachepartitioning[3, 12, 17]
recursvely divides the two memory-sizedpartitions into
cache-sizedub-partitionsothata build sub-partitionand
itshashtable t intotheCPUcachethusreducinghenum-
ber of cachemissescausediy hashtablevisits. However,
the re-partitioncostis so signi cant that cachepartition-
ing is at least50% worsethan cacheprefetchingfor for-
eign key joins [4]. Moreover, cachepartitioningis sensi-
tive to cacheinterferenceby otherconcurrentactvities in
the systembecauseét assumegxclusive useof the cache.
Cacheprefetching4] exploits memorysystemparallelism
in today's processorsand usessoftware prefetchinstruc-
tionsto overlapcachemisseswith computationThecache
prefetchingechniquesreeffective only whenthereis suf-
cient memory bandwidth. However, moderndatabase
seners typically run on multiprocessorsystems. In an
SMP (symmetricmultiprocessingyystemtheentiremem-

1Joinsbetweemearly-sortedelationsarise,for example,in the TPC-
H benchmarkwherethe lineitem table and the orderstable are nearly
sortedon the (joining) orderkeys. We alsoobsere joins betweemearly-
sortedrelationsin acommercialworkload.
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Figure 1: Impact of memory bandwidthsharingon join
phaseperformancén an SMP system

ory bandwidthis sharedacrossll the processorsBecause
cacheprefetchingessentiallytradesoff bandwidthfor re-

ducedexecutiontime, its bene t gradually disappearsas

moreandmore processorgagerlycompetefor thelimited

memorybandwidth.

Figurel shows thejoin phaseperformanceof joining a
500MB build relationwith a 2GB proberelation, varying
the numberof CPUsusedin the join phase. In eachex-
perimentthe numberof I/O partitionsgenerateds a mul-
tiple of the numberof CPUs. Thenthe samejoin phase
algorithmis run on every CPU to procesdifferentparti-
tionsin parallel. (PleaseseeSection6.1 for setupdetails.)
As shown in Figure 1(a), both cachepartitioning (cache
part) and cacheprefetching(cace pref) perform signi -
cantly betterthanthe original GRACE hashjoin. Cache
partitioningis worsethancacheprefetchingoecausef the
re-partitioncost. The effect of memorybandwidthsharing
ismoreclearlyshonvnin Figurel(b),whichreportshetotal
aggreyatetime of all CPUsfor thejoin phasefor this same
experiment.We canseethatthe bene t of cacheprefetch-
ing graduallydisappearss moreandmoreprocessorsre
competingfor the memorybandwidth. Cacheprefetching
becomesvenworsethanthe GRACE hashjoin whenthere
are16 processorsr more. Interestingly the GRACE hash
join also suffers from memory bandwidthsharingwhen
thereare32 processors.

1.2 The Inspector Join Approach

To achieve good performancesven when memory band-
width is limited, we needto reducethe numberof cache
missesof the join phasealgorithm, in additionto apply-
ing prefetchingtechniquesto hide cachemiss latencies.
Our approachexploits the multi-passstructureof the hash
join algorithm. During the I/O partitioning phasejnspec-
tor joins createa specialmulti- Iter -basedindex with lit-
tle overhead;this index will enableus to have “in-place”
cache-sizedub-partitionsof the build table. Unlike cache
partitioning our approachreducesthe number of cache
misseswithout moving tuples around. The join phase,
whichwe referto asa cache-stationanjoin phasebecause
of its in-placenature s performedusingtheindex.

Our cache-stationaryoin 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 otherhand,if probetuplesfre-

guentlymatchmultiple build tuplesin a givenjoin query

the cache-stationarjoin phaseis not the bestchoice. An

inspectorjoin candetectthis conditionduring its inspec-
tion andswitchto useadifferentjoin phasealgorithm(see
Section6.5for details).Moreover, asmentionecabove, in-

spectorjoins can detectnearly-sortedrelations(after any

predicatesbeing appliedbeforethe join). Our initial in-

tuition was that a sort-mege basedjoin phasealgorithm
shouldbe appliedin this case.However, surprisingly the
cache-stationarjoin phaseperformsequallywell, dueto

the effectivenesof its multi- Iter -basedndex.

1.3 Contributions

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-
prove the performancef alaterpass.Secondwe propose
a specializedndex that addressethe memorybandwidth
sharingproblem,and cantake advantageof nearly-sorted
relations. Moreover, we utilize cacheprefetchingto im-
prove therobustnes®f inspectoljoins in thefaceof cache
interference.Third, we presentan illustrative exampleof
how inspectofjoins canuseits collectedstatisticsto select
betweertwo join phasealgorithmsfor the givenqueryand
data. Finally, our experimentsdemonstratehataswe run
on 8 or more processorsgnspectorjoins achieve 1.1-1.4X
speedupgver previous state-of-the-artacheprefetching
and cachepartitioning algorithms, with the speedupin-
creasingasthenumberof processoricreases.

The paperis organizedasfollows. Section2 discusses
relatedwork. Section3 illustratesthe high level ideasin
our solution. Section4 and5 describeour algorithmsin
detail. Section6 present®ur experimentakesults.Finally,
Section7 concludeghe paper

2 RelatedWork

Hashjoin cacheperformance. Hashjoin hasbeenstud-
ied extensiely over the pasttwo decadeg5, 10, 11, 16].
Becauseof its /O partitioning approacha hashjoin se-
quentiallyvisits the disk pagesin sourcerelationsandin-
termediatepartitions. By usingadwanced!/O techniques,
suchasl/O prefetching hashjoin is CPUboundif thereis
sufcient 1/0O bandwidth[4]. Thereforethis paperfocuses
onthe CPUcacheperformancef thealgorithm.

Previous studiesshov how cachepartitioning and/or
cacheprefetchingcanbe usedto improve the CPU cache
performanceof hashjoins. Shatdalet al. shav that
cachepartitioningachieves6-10%improvementor joining
memory-residentelationswith 100B tuples[17]. Boncz,
Manegold and Kerstenproposeusing multiple passesn
cachepartitioningto avoid cacheandTLB thrashingwhen
joining vertically-partitionedrelations(essentiallyjoining
two 8B columns)[3, 12]. However, Chenet al. shov
thatwhenthetuple sizeis 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 overlapthe cachemissesof a tuple with the processing



of multiple tuples[4]. They proposewo prefetchingalgo-
rithms, groupprefetchingandsoftware-pipelinecprefetch-
ing, andevaluatetheir performancehroughdetailedcycle-
by-cycle simulations?

As shown in Figure 1, the performanceof cache
prefetchingdegradessigni cantly when more and more
CPUsareeagerlycompetingfor the memorybandwidthin
amultiprocessosystem.Our inspectoljoins exploit infor-
mationcollectedn thel/O partitioningphasdo t address-
range-basesub-partitionsn cachethusreducinghenum-
ber of cachemisseswithout incurring additionalcopying
cost. Ourapproachs effective for tuplesthatare20B or
more. For smallertuples,we revertto cachepartitioning.

Inspection concept. Several studiesexploit informa-
tion collectedwhile processingjueriespreviously submit-
ted to the DBMS: reusingpartial query resultsin multi-
guery optimization[15], maintainingand using material-
ized views [1], creatingand usingjoin indices[19], and
collecting up-to-datestatisticsfor future query optimiza-
tions[18]. Unlike thesestudiesthe inspectionand useof
the information in our approachare speci ¢ to a single
query Therefore,we avoid the compleities of deciding
whatinformationto keepandhow to reusedataacrosanul-
tiple relatedqueries. Moreover, our approachis effective
for ary join queryandpredicatecombinations.

Dynamic re-optimization techniqguesaugment query
planswith specialoperatorghatcollectstatisticsaboutthe
actualdataduringthe executionof a query[9, 13]. If the
operatordetectsthat the actualstatisticsdeviate consider
ably from the optimizer's estimatesthe currentexecution
planis stoppedanda new planis usedfor theremaindeiof
thequery Comparedo theglobalre-optimizatiorof query
plans,our inspectionapproactcanbe regardedasa com-
plementary local optimizationtechniqueinside the hash
join operator When hashjoins are usedin the execution
plan,ourinspectiorapproactcreatespecializedndexesto
enablethe novel cache-stationargptimizationandallows
informedchoiceof join phasealgorithms.Becausehein-
dexes and informed choiceaccountfor which tupleswill
actuallyjoin aswell astheir physicallayoutwithin thein-
termediatepartitions,this functionality cannotbe achiered
by operatorutsidethejoin operator

3 Inspector Joins: Overview

In this section,we describe(i) how we createthe multi-

Iters asaresultof datainspection (i) how we minimize
the numberof cachemisseswithout moving ary tuples
around,(iii) how we exploit cacheprefetchingto hide the
remainingcachemissesandto improve robustnessagainst
cacheinterferenceand(iv) how we choosgoin phaseal-

gorithmsbasedn obtainednformationaboutthe data.

3.1 Inspectingthe Data: Multi-Filters

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

2The cacheprefetchingalgorithmsrequire faulting prefetchinstruc-
tions, meaningthat a prefetchshould succeedeven if it incursa TLB
miss. 1A64 processorsupportfaulting prefetcheq7]. We believe that
sincefaulting prefetchesrevery importantto databasapplicationsthey
will besupportedn moreandmoreprocessors.
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Figure2: Usingmultiple Iters to inspectthedata

plesthatdo not have ary matcheq11]. Such lters may
improve join performancesigni cantly whenalarge num-
ber of probetuplesdo not matchary tuplesin the build

relation(e.g.,thereis a predicateon the build relationin a
foreign-key join). As shaowvnin Figure2(a),asingle lter is

computedrom all the build tuplesto approximatelyrepre-
sentall the join attribute valuesin the build relation. Test-
ing a valueagainstthe lter is conserative: while a neg-

ative answemeansthat the valueis notin the Iter, false
positivesmayoccurwith alow probability. (Bloom lters,

detailedin Section4, area typical example.) Whenparti-
tioning the proberelation, the algorithmtestsevery probe
tuple againstthe lter. If thetestresultis negative for a
tuple,thealgorithmsimply dropsthetuple,thussaving the
costof writing it to disk andprocessingt in thejoin phase.

Insteadof usinga singlelarge lter thatrepresentshe
entire build relation, the inspectorjoin createsmultiple
shorter lters (illustratedin Figure 2(b)), eachrepresent-
ing a disjoint subsebf build tuples. Testinga probetuple
againsthe Iters will (consenratively) shov which subsets
the probetuple hasmatchesin. The build relation sub-
setsareaddress-range-bassdb-partitionsthatis, asubset
representall build tuplesin K consecutie pagesn abuild
partition. K is chosento make the sub-partitiont in the
cachein thejoin phaseaswill bedescribedn Section3.2.

The inspectorjoin builds the setof small lters by in-
spectinghebuild relationduringthepartitioningphaseTo
keeptrack of the sub-partitionboundarieswe usea page
counterfor every partition. Then,every build tupleis used
to computethe Iter correspondingo the sub-partitionthe
tuple belongsto. Note that the multi- Iter schemetests
Iters differently thanthe single- lter scheme.For every
probetuple, after computingits destinationpartition, the
algorithmcheckshejoin attributevaluein thetupleagainst
all the lters in thepartition. Thealgorithmdropstheprobe
tupleonly if all lter testsfor all sub-partitionsare nega-
tive. The positive testsshov which sub-partition(s)may
containmatchingbuild tuplesof the probetuple, andthis
informationis usedin thejjoin phaseof theinspectoralgo-
rithm. Section4 demonstratethatour multi- Iter scheme
incursthe samenumberof cachemissesasthesingle- Iter
schemeduringtheinspectionand Iter -constructiorphase,
andit canachieve the sameaggreyatefalse positive rate
with moderatanemoryspaceequirements.
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Tablel: Terminologyusedthroughouthis paper

[ Name [ De nition |
pagesize(in bytes)

# of build tuplesin build relation

# of build tuplesper partitionpage

# of bytesin hashtablefor every key
effective cachesize(in bytes¥
cachdine size(in bytes)

# of build pagespersub-partition

# of sub-partitiongerbuild partition
bpk # of bits perkey for asingleBloom lter
f pr Bloom lter falsepositie rate

AN OIs|Z o

3.2 Improving Locality for Stationary Tuples

During the join phasethe inspectorjoin algorithmknows
which probetuplesmatchevery address-range-basedb-
partition of the build relation, andthereforeprocessesu-
plesonesub-partitioratatime. For every sub-partitionthe
algorithmbuildsacache-residerttashtableonthebuild tu-
ples,andprobest with all the probetuplesassociateavith
this sub-partition.We ensurehatthe build tuplesof a sub-
partition andits hashtable t into the cacheby choosing
thenumberof pageerbuild sub-partitionK , asfollows:

K P+K nH C

The variablesusedabove and throughoutthe paperare
summarizedn Tablel.

Figure 3 compareghe cachebehaiors of all the join-
phasealgorithmsthatwe areconsidering As shovnin Fig-
ure 3(a), the GRACE algorithmjoins memory-sizedarti-
tions. It builds an in-memoryhashtable on all the build
tuples,thenprobesthis hashtableusingevery tuplein the
probepartitionto nd matches. Becauseof the inherent
randomnessf hashingaccesset the hashtablehave lit-
tle temporalor spatiallocality. Sincethebuild partitionand
its hashtablearetypically muchlargerthanthe CPUcache
sizetheseaccessesftenincur expensye cachemissesre-
sultingin poor CPU cacheperformance.

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

3Notethatwe usuallysetC to beafraction(e.g.0.5)of thetotal cache
sizesothat call stacksandotherfrequentlyuseddatastructurescanstay
in thecacheaswell.

whenrepeatedlyisiting the hashtable. To achieve that,
they rely on sufcient memorybandwidthto quickly ser
vice cachemissesand prefetchrequests. When multiple
processorsompetefor limited bandwidth, however, the
performanceof the prefetchingalgorithmsis likely to de-
gradesigni cantly, asshown previouslyin Figurel.

Figure3(b)illustrateshow cachepartitioningjoins pairs
of cache-sizegartitionsto avoid excessve cachemisses
becauseof hashtable visits. The algorithm recursvely
partitions memory-sizedpartitions into cache-sizedsub-
partitions, and then joins the sub-partitionsusing cache-
residenthashtables. Essentially cachepartitioning vis-
its every tuple at leastonce more than the GRACE al-
gorithm, therebyincurring signi cant re-partitioncost, as
shawvn previouslyin Figurel.

Figure 3(c) shaws the cachebehaior of the cache-
stationaryjoin phaseof inspectorjoin. It readsmemory-
sizedpartitionsinto memoryandprocessesnecache-sized
partition at a time, avoiding the cachemissescausedby
hashtablevisits. It simply visits the consecutie pagesof
abuild sub-partitionto build a hashtable. Randommem-
ory accesseareavoidedwhile building the hashtablebe-
causethe build sub-partitionandthe hashtable t into the
cache. Sincethe algorithm alreadyknows which probe
tuplesmay have matchesn the given build sub-partition,
it can directly visit theseprobe tuplesin place without
moving them. Comparedo cachepartitioning, inspector
joins eliminateunnecessargachemisseswithout moving
ary tuplestherebyavoid theexcessvere-partitioningover
head. The algorithm almost never revisits probe tuples
whenjoin attribute valuesin the build relationare unique
(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 assumptiorand selectsone of the other
join phasealgorithmswhenthe assumptiordoesnothold.)
Moreover, the algorithmutilizes prefetchingtechniquego
furtherhidethelateng for theprobetuples,aswe describe
in the next subsection.

3.3 Exploiting CachePrefetching

We exploit cacheprefetchingtechniquesn additionto us-
ing cache-sizegdub-partitiongor two reasonskFirst, cache
prefetchingcan hide the lateny of the remainingcache

(c) Cache-stationaryjoin address-range-based



misses,suchas the cold cachemissesthat bring a build
sub-partitionand its hashtable into the CPU cache,and
the cachemissesfor accessinghe probetuples. Second,
cacheprefetchingcanimprove the robustnesof our algo-
rithm whenthereis interferencewith otherprocessesun-
ning concurrentlyin the system. As shawvn in [4], cache
partitioning performancedegradessigni cantly whenthe
CPUcacheis ushed every 2-10ms,which is comparable
to typical threadschedulingime. To copewith this prob-
lem, we issueprefetchinstructionsasa safetynet for im-
portantdataitemsthatshouldbe keptin thecache suchas
the build tuplesin a build sub-partition.If the dataitem s
in cachethereis no noticeablepenalty Ontheotherhand,
if the dataitem hasbeenevicted from cache the prefetch
instructionbringsit backinto the cachesigni cantly ear
lier, makingthis approachworthwhile. In a sensewe use
doublemeasure$o maximizecacheperformancevhenac-
cessingmportantdataitems.

3.4 Choosingthe BestJoin PhaseAlgorithm

Basedon the statisticscollectedfrom the actualdatain the
partition andinspectionphase jnspectorjoins canchoose
thejoin phasealgorithmbestsuitedto the givenquery For
example, we detectduplicatebuild keys by countingthe
numberof sub-partitionseachprobetuple matches.Since
aprobetuple mustbetestedagainstall the possiblematch-
ing sub-partitionsfor correctnessthe time for the cache-
stationanjoin phaseof theinspectojjoin increasesvith the
numberof duplicatebuild keys. Whenthisnumberis above
athresholdjnspectofjoins selecta differentjoin phaseal-
gorithm,aswill beshavn in Section6.5.

Our inspectionapproachcan also detectrelationsthat
are nearly-sortecon the join key. Our initial intuition is
thatasort-megebasedoin phaseshouldbe appliedin this
case.To verify ourintuition, weimplementedninspection
mechanisnto detectnearly-sorteduples.The basicideais
to keeptuplesthatareoutof orderin amemorybufferwhen
partitioninganinputrelation. The inputis nearlysortedif
thememorybuffer doesnotover ow whenall thetuplesare
read. At this point, all the intermediatepartitionscontain
in-ordertuples. We then partition the (small numberof)
out-of-ordertuplesand storethemseparatelyfrom the in-
ordertuples.In thejoin phasegivenfour inputsperparti-
tion (out-of-orderandin-orderbuild andprobeinputs),the
sort-megealgorithm rst sortsthe out-of-orderinputsand
thenmemesall fourinputsto nd matchinguples.Surpris-
ingly, we nd in our experimentghatthe cache-stationary
join phaseperformsaswell asthe sort-megeimplementa-
tion. We will discusgheresultsin Section6.5.

4 1/0O Partition and Inspection Phase

In this section,we begin by introducinga typical Ilter im-

plementationBloom lters. Then,we discusgthememory
spacerequirementf our multi- lter schemeandweillus-

trate how our schemeachiezesthe samenumberof cache
missesasthesingle- Iter schemeFinally, we describethe
I/O partition andinspectionalgorithmthat usesthe multi-

Iter schemeo determinghe sub-partitioninformationfor

probetuples.

hotkey)=l_ hy(key)=h hy(key)=y

[TTaf T Ial [ Jal ]

Figure4: A Bloom Iter with threehashfunctions

Table2: Numberof bits perkey (bpk) underdifferentfalse
positiverates(f pr) withd = 3

[fpr [ 0.1 005 001 0.005 0.001 0.0005]
[bpk | 4808 6.529 12.364 15997 28.474 36.277]

4.1 Bloom Filters: Background

A Bloom lter represents setof keys andsupportsmem-
bershiptests[2]. As shown in Figure 4, a Bloom lter
consistsof a bit vectorandd independenhashfunctions,

of keys,we rst initialize all the bitsin the bit vectorto be
0. Then,for every key, we computed bit positionsusing
thehashfunctionsandsetthebitsto 1 in thebit vector (A
bit maybe setmultiple timesby multiple keys.)

To checkwhethera testkey existsin the setof known
keys, we computed bit positionsfor the testkey usingthe
hashfunctionsandcheckthebits in the bit vector If some
of thed bitsare0, thesetof known keys cannotcontainthe
testkey. If all of thed bits are 1, thetestkey may or may
not exist in the setof known keys. Therefore Bloom Iter
testsmay generatdalse positives but may never generate
falsenegative results.

Intuitively, the larger the Bloom lter vector size, the
smallerthe probabilitythatatestgenerateafalsepositive,
which is called the false positive rate. In fact, the false
positive ratef pr andthe numberof bits perkey bpk of the
bit vectorarecloselyrelatedto eachother[2]:

fpr (1 e 9PK)d-whenbitvectorsize 1

Table2 shavsthebpkvaluesfor variousf pr. In this paper
we only considerBloom lters with d = 3. We point out,
however, thatour algorithmworksfor arny choiceof d.

4.2 Memory SpaceRequirement

In asingle Iter schemethetotal sizeof the Iter in bytes
canbe computedasfollows, whereN is the total number
of build tuples(assuminghatkeys areunique):

total f il ter _siz&sing e = bpk N=8

Our multi- Iter schemeconstructsa lter persub-partition
in every build partition. However, the lters representis-
joint subsetsof build tuples;every build tuple belongsto
oneandonly onesub-partition. Therefore every build tu-
ple is still representedy a single Iter. Let bpk® be the
numberof bits per key for anindividual Iter. Thenthe
total Iter sizeof themulti- lter schemas:

total f il ter _sizemuy = bpk® N=8

We can quantify the increasein memoryspaceby using
the ratio betweerthe lter sizesof the multi- Iter andthe
single- Iter schemes:

total _f il ter _sizemyi
total _f il ter _siz esing Ie

_ bpk

spaceincr easeratio =
P bpk




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

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

To obtainbpk’, we needto computethe falsepositive rate
f profor anindividual lter in themulti- lter scheme.

Supposehereare S sub-partitionsper build partition.
Then,aprobetuplewill bechecledagainsill theS lters
in the partition to which the probetupleis hashed.If ary
Iter testis positive, the join phasealgorithmhasto join
the probetuple with the correspondindpuild sub-partition
for matches. In orderto keepthe numberof additional
probescausedby false positives the sameas the single-
Iter schemethesingle- Iter schemd pr andtheindivid-
ualf prOof themulti- lter schemeshouldsatisfy:

fpr®= fpr=S

For example,if the single- Iter schemes f pr is 0.05,
we cancomputethe spacencreaseratio asfollows. Since
fpr®= fpr=s, fpr®= 0:001if S = 50. Then,bpk =
6:529andbpk’= 28:474, accordingo Table2. Therefore,
spaceincr easeratio is 4.4. Similarly, if S = 100 we
cancomputethatspaceincr easeratio is 5.6.

Table 3 comparesthe Iter size of the multi- Iter
schemewith the single- Iter schemewhenthe aggrejate
falsepositiverateis 0.05andthereare50 sub-partitiongper
partition? Thebuild relationis 1GB large,andwe vary the
tuplesizefrom 20to 140 bytes.We canseethatthe space
requirements moderatevhenthetuplesizeis greateithan
or equalto 100B, which is typical in mostreal-world ap-
plications. Evenif the tuple sizeis assmall as20B, the
memoryrequirementf 178MB canstill be satis ed easily
in today's databaseeners?®

4.3 Minimizing the Number of CacheMisses

Thesingle- Iter schemavritesthreebitsin theBloom lter
for every build tuple. For every probetuple, it readsthree
bits in the Bloom lter. Sincethe bit positionsare ran-
dombecausef theindependenhashfunctions thesingle-
Iter schemeotentiallyincursthreecachemissedor every
build tupleandfor every probetuple,assuminghetotal |-
ter sizeis largerthanthe CPU cachesize. (We donotuse
our algorithmif therelationis so smallthatthe computed
single lter sizeis smallerthancache but thetotal size of
themultiple lters maybelargerthancache.)

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

4S = 50is areasonablehoice. Evenif the cachesizeis assmallas
1MB, andthel/O partitionphasecanproduceupto 500partitions(limited
by the capabilityof the storagemanager)it allows the build relationsize
to beaslargeas25GB.

5Hashjoin may chooseto hold intermediatepartition pagesin mem-
ory. Thereforethe above additionalmemoryspacerequiremenimay re-
sultin extra l/Os. However, hashjoin is CPUboundwith reasonablé/O
bandwidth[4], andthisis aminor effect.
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However, themulti- lter schemeschecksS lIters for ev-
ery probetuple, whereS is the numberof sub-partitions
per partition. We ensurethatthe Iters areof the same
size.Givenaprobetuple,the multi- Iter schemestill com-
putesthe samenumberof bit positionsasthe single- Iter
schemethenit simply checkshe samebit positionsfor all
S lters. However, the lter testsmay incur 3S cache
misseswhichis muchmorethanthesingle- Iter scheme.

This problemcanbesolvedby laying outthe lters ver
tically for every partition. As shovn in Figure5(a),thebits
at the samebit positionin all the Iters of a partition are
consecutre in memory Thatis, the rst bits of all the I-
tersarestoredtogether which arefollowed by the second
bits of all the lters, soon soforth. Note thatthe cache
line sizeis typically 32B to 128B,or 256-1024bits, which
is muchlarger thanthe numberof lters per partition S.
Thereforeundertheverticallayout,we canreadthebits of
a given positionfrom all the Iters while incurringonly a
singlecachemiss. In this way, the multi- lter schemecan
keepthe numberof cachemissesthe sameasthe single-
Iter schemdor testinga probetuple.

Figure 5(a) shavs that we cantestall the lters for a
given probetuple using a bit operationunderthe vertical
layout. We simply computea bit-wise AND operationof
the by bits, the b; bits, andthe b, bits. A 1 in the re-
sult meansall threebits for the correspondinglter arel.
Thereforea 1/0 resultingbit meansa positive/neyative test
resultfor the correspondingiter .

A new problemoccurswhenwe lay outthe Iters verti-
cally: new Iters cannotbeeasilyallocatedandthenumber
of Iters in apartitionmustbedeterminedeforeallocating
the memoryspacefor the vertical lters. Sincethe actual
partition size may vary dueto dataskew, usingthe maxi-
mal possiblenumberof sub-partitiongmay wastea lot of
memoryspace.

We solvethisdynamicallocationproblemby usinghori-
zontallayoutwhenpartitioningthebuild relationsandgen-
eratingthe lIters, asshavn in Figure5(b). Then,we con-
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vertthe horizontallayoutinto anequivalentverticallayout
beforepartitioningthe proberelation.

Figure 6 illustratesthe corversionalgorithm.  Hori-
zontal Iters areallocatedat cacheline boundaries. We
transposehe Iters oneblock atatime. Every block con-
sistsof a cacheline (8L bits) for all the Iters. Thesource
cachelines of different Iters in the horizontallayout are
not contiguousin memory while the destinationblock is
a continuouschunkof memory Every outerloop iteration
of thealgorithmprefetcheshe next sourceanddestination
blocksin additionto corvertingthe currentblock. In this
way, we hide mostof the cachemisslateng of accessing
thesourceanddestinationlters.

4.4 Partition and Inspection PhaseAlgorithm

Thealgorithmconsistof thefollowing threesteps:
1. Partition build relationandcomputehorizontal lters;

2. Corverthorizontal Iters to verticallayout;
3. Partition proberelationandtestvertical lters.

We have alreadydescribedhe algorithmfor step2. This
subsectiordescribeshe othertwo stepsin thealgorithm.

As shovnin Figure7(a),stepl allocatesaninput buffer
for the build relationand an outputbuffer for every inter
mediatepartition. It useshorizontal Iters. Each parti-
tion keepsa pagecounterfor the outgoingpages. When
the counterequalsto K, the numberof pagesper sub-
partition,anew lter is allocatedfrom a memorypooland
thecounteiis reseto 0. For everybuild tuple,thealgorithm
extractsthejoin attributeto computea 32-bit hashcode. It
determineshepartitionnumberby usingthehashcodeand
copiesthe tuple (with projectionif needed}o the output
buffer. The algorithmalsocomputesandsetsthe threebit
positionsof the currenthorizontal Iter. For bettercache
performancewe employ group prefetchingas described
in [4]. Theonly differencds theadditionof prefetchingfor
theBloom Iter positions.Moreover, atuple'shashcodeis
storedin the pageslot areaasrecommendeh [4].°

As shovnin Figure7(b), Step3 is similarto Stepl with
the following differences.First, the algorithmtestsevery
probetuple againstthe setof vertical lters in the tuple's
partition. A tuple is droppedwhenall the resulting bits
are0. Secondpositive resultsshov which sub-partitions
may containmatchingtuplesfor thegivenprobetuple. The

A build partitionpageslot consistsof a 4B hashcodeanda 2B tuple
offset. Every two slotsare combinedtogetherto align the hashcodesat
4B boundaries.

[T T T T [1]subo
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Pages ——num_subt——

tuple pt
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Figure8: Extractingprobetupleinformationfor every sub-
partitionusingcountingsort

sub-partitionID(s) is recordedn the slot areaof the same
outputpagecontainingthe tuple” In mostcasesa single
sub-partitionID is found. Note that slots may be of vari-

ablesizenow. Thisis not a problemsincethe probeslots
will only bevisited sequentially(in the countingsortstep)
in the join phasealgorithm, aswill be describedin Sec-
tion 5. Third, the numberof probetuplesassociatedvith

eachsub-partitionis countedwhich is used(in the count-
ing sortstep)in thejoin phasealgorithm.

5 Cache-StationaryJoin Phase

Thejoin phasealgorithmconsistof thefollowing steps:
1. Readbuild andprobepartitionsinto mainmemory;

2. Extractpersub-partitionprobetuple pointers;
3. Joineachpair of build andprobesub-partitions.

By usingthe sub-partitioninformationcollectedin the par

tition and inspectionphase,the algorithm achiezes good
cacheperformancewithout copying ary tuples. The sub-
partitioninformationis storedin the orderof probetuples
in the probeintermediatgartitions.However, Step3 visits

all theprobetuplesof asinglesub-partitiorandthenmoves
on to the next sub-partition. It requiresthe sub-partition
informationin the order of sub-partitionIDs. Therefore,
probetuple sub-partitioninformation hasto be sortedbe-
fore use. In the following, we rst describehow Step?2

performscountingsort,thendiscusshe useof prefetching
to improve performancendrobustnessn Step3.

5.1 Counting Sort

The algorithmknows the numberof sub-partitionsaandthe
numberof probetuplesassociatedvith eachsub-partition;
the latter is collectedin the I/O partition phase. There-
fore, we can use countingsort, which is a fast O(N) al-
gorithm, for extractingprobetuple information (the probe
tuple pointersandhashcodes)¥or every sub-partition.

As shown in Figure8, for every sub-partition,we allo-
catean array whosesizeis equalto the numberof probe
tuplesassociateavith the sub-partition.Thealgorithmvis-
its theslotareaof all theprobepartitionpagesequentially
For everysilot,it computeshetupleaddressisingthetuple
offset. Thenthealgorithmcopiesthetupleaddresgndthe
hashcodeto the destinationarray(s)that are speci ed by
thesub-partitionD(s) recordedn the pageslot. Assuming

“From high addresso low addressa probepartition pageslot con-
sistsof a4B hashcode,a 2B tupleoffset,a 1B numberof sub-partitionsa
sequencef sub-partitioriDs eachtaking1B. Wealign slotson 4B bound-
ariesanda slottakes8B whenthereis a singlesub-partitionD.
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thebuild join attributevaluesaremostlyunique thereis of-
tenasinglesub-partitionD for a probetuple,andthetuple
addresandhashcodeareonly copiedonce.After process-
ing all the probepageslots,the algorithmobtainsanarray
of (tuple pointer hashcode)pairsfor every sub-partition.
Note thatthe tuplesthemselesare not visited nor copied
in the countingsort.

We use cacheprefetchingto hide the cachemiss la-
teng of readingpageslotsandwriting to the destination
arrays.We keepa pointerto the next probepageandissue
prefetchedor the next pageslot areawhile processinghe
slot areaof the currentpage. Similarly, for every destina-
tion array we keepa pointerto the next cacheline starting
addressWe issuea prefetchinstructionfor the next cache
line beforewe startusingthecurrentcachdine in thearray

5.2 Exploiting Prefetchingin the Join Step

For every pair of build andprobesub-partitionsthe algo-
rithm rst constructsa hashtable. (We assumehe same
hashtable structureasin [4].) Sincethe hashcodesare
storedin the build pageslot area,the algorithm doesnot
needto accesshe actualbuild tuplesfor creatingthe hash
table. However, we expectthe build tuplesto be usedfre-

qguently during probing. Therefore,we issueprefetchin-

structionsfor all build tuplesof the sub-partitionto bring

theminto cacheasshawn in Figure9.

After building the hashtable,thealgorithmvisitsthear-
ray containingthe probetuple pointersand hashcodesof
the sub-partitionasshavn in Figure9. It probesthe hash
tablewith hashcodesin thearray If aprobeis successful,
the algorithmvisits the probetuple andthe build tuple to
verify that their join attributesare actually equal. It pro-
ducesanoutputtuplefor atrue match.

We issueprefetchedor the probetuplesandfor the ar-
ray containingprobetupleinformation.Here , we useaspe-
cial kind of prefetchinstruction,non-temporaprefetches,
which aresupportedy Intel Itanium 2 and Pentium4 ar-
chitectureg[6, 8]. Non-temporalprefetchesare usedto
read cachelines that do not have temporallocality; the
cachelines are supposedo be usedonly once. There-
fore, cachelines read by non-temporalprefetchesgnore
theLRU statesn thecacheandthey goto aparticuladoca-
tion in thecorrespondingacheset,thusminimizing cache
pollution by the prefetchedine. Sincewe aim to keepthe
build sub-partitionandthe hashtablein cache,minimiz-
ing the cachepollution causedoy visiting otherstructures
is exactly whatwe want.

To prefetchthearraycontainingprobetuplepointersand
probehashcodeswe keepa pointerp to the cacheline in

thearraythataredist linesaheadof the currentcachdine
(dist = 20in ourimplementation). Supposeaherearem
pairsof pointersand hashcodesin every cacheline. The
algorithm rst issuesprefetchedor the rst dist linesand
then setsp to the beginning of dist + 1 line. Wheneer
thealgorithm nishes processingn probetuples,it issues
aprefetchfor thecachdine pointedby p andincreaseg by
acachdine. Thealgorithmchecksp againstheendof the
arrayto stopprefetching. To prefetchfor the probetuples,
we usea buffer to temporarilystorethe pairs of pointers
pointing to the build and probetuplesthat correspondo
successfuhashtable probes. Whenthis buffer is full, we
visit thesetuplepairsusingsoftware-pipelinegrefetching.
Finally, we improve the robustnes®f our algorithmby
issuingprefetchesor thebuild tupleswhile prefetchingor
the probetuples. In mostcasesthe build tuplesare al-
readyin cache,andtheseprefetchesdo not have effects.
However, if the build tuples are replacedsomehwy, the
prefetchescan bring the build tuplesbackinto the cache
quickly. We do not prefetchthe hashtable for the same
purposebecausét requiredargerchangeso thealgorithm
andthereforemay incur signi cant run-timecost.

6 Experimental Results

In this section,we evaluatethe CPU cacheperformance
of our inspectorjoins againstthe cacheprefetchingand

cachepartitioning algorithms through detailed cycle-by-

cycle simulations. Moreover, in Section6.5, we exploit

theinspectiorapproacho detectsituationsvherethereare

duplicatebuild keys or whererelationsare nearly sorted,
andchoosehebestjoin phasealgorithm.

6.1 Experimental Setup

Implementation Details. We implemented ve hash
join algorithms:groupprefetchingsoftware-pipelinegre-
fetching, cachepartitioning, enhancedcachepartitioning
with advancedprefetchingsupport,andour inspectorjoin

algorithm. We storerelationsand intermediatepartitions
asdisk les, andthe join algorithmsare implementedas
stand-alongorogramsthat readandwrite relationsin disk
les. We keepschemasnd statisticsin separatelescrip-
tion les for simplicity. Statisticsaboutthe numberof

pagesandthe numberof tuplesareusedto computehash
tablesizes,numberf partitions,andBloom lter sizes.

Our cacheprefetchingimplementationgnainly follow
the descriptionsin [4]. Prefetchinstructionsare inserted
into C++ sourcecodesusinggccinline ASM macros.The
only differencds thatthealgorithmsutilize asingleBloom
Iter for removing probetupleshaving no matchesWe add
prefetchedor the Bloom lter to the groupandsoftware-
pipelinedprefetchingalgorithmin the I/O partition phase.
In our experimentswe nd thatthe performanceesultsof
thetwo prefetchingalgorithmsareverysimilar. To simplify
presentationye only shav the group prefetchingcurves,
which arelabeledas”cache pref".

The two cache partitioning algorithms both use the
group prefetching implementationfor the 1/O partition
phasethey performre-partitionandjoin cache-sizegub-
partitionsin the join phase. The enhancedcacheparti-
tioning performsadwancedprefetchingsimilar to that of



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

In every experiment,the numberof 1/O partitionsgen-
erateds amultiple of the numberof CPUs.Thenthesame
join phasealgorithmis run on every CPU to procesdif-
ferentpartitionsin parallel. The partition phasealgorithms
take advantageof multiple CPUsby conceptuallycutting
inputrelationsinto equal-sized¢hunksandpartitioningone
chunkon every CPU. Every processogenerateshe same
numberof partition outputs. The i-th build partition will
conceptuallyconsistof the i-th build outputgeneratedy
every processar The probepartitionsare generatedimi-
larly. Every CPUwill build its own Iter(s) basedonthe
build tuplesit sees After partitioningthebuild relation,the
generatediters arememged. For the single- Iter scheme,
all lters are OR-edtogetherto geta single lter. For the
multi- lter schemedifferentCPUsactuallygeneratéhor-
izontal lters for different sub-partitions. Therefore,the
algorithmcandirectly performhorizontalto vertical Iter
corversion.Then,thesamelter(s) is sharedacrossall the
CPUsfor testingprobetuples.

Experimental Design. We usea simpleschemdor all
therelations:atuple consistof a 4-byterandomlygener
atedjoin key anda x ed-lengthpayload. An outputtuple
containsall the elds of the matchingbuild and probetu-
ples. In all the experimentsexceptthosein Section6.5, a
probetuple canmatchzeroor onebuild tuple,anda build
tuple may matchone or more probetuples. We testthe
performanceof our solutionin varioussituationsby vary-
ing the tuple size,the numberof probetuplesmatchinga
build tuple (whichis theratio betweerprobeandbuild re-
lation sizes),andthe percentagef probetuplesthat have
matchesWe vary thelatterfrom 5%to 100%to modelthe
effectsof a selectionon a build attribute differentfrom the
join attribute.

In all ourexperimentsye assuméeheavailablememory
sizefor thejoin phasds 50MB andthecachesizeis 1MB,
which follow the settingsin [4]. Note thatwhenmultiple
join instancesare running on multiple processorsthe ac-
tual memoryallocatedis 50MB multiplied by the number
of instancesFor example,in the caseof 32 CPUs,theto-
tal memoryusedfor thejoin phasds 1600MB.TheBloom

Iter falsepositiveratefor thecacheprefetchingalgorithm,
andthetwo cachepartitioningalgorithmsis setto be 0.05.
The individual Bloom lter falsepositive rate for our in-
spectoijoin algorithmis setto be0.001.

Simulation Parameters. We evaluatethe CPU cache
performance(of user mode executions)of all the algo-
rithms through detailed cycle-by-g/cle simulations. We
generatdully-functional executablesvith gccandrun the
programson a simulatorthat modelsa shared-bis SMP
systemwith 1.5GHz processors.We vary the numberof
processorén our experiments. The memoryhierarchyis
basedon the Itanium 2 processof7]. However, the sim-
ulator only supportstwo levels of cacheswhile Itanium 2
processohasthreelevelsof cachesThereforewe choose
the sizeof L2 cacheto be in betweenthe sizesof the L2
andL3 cache®nanltanium2machine Thelateng is also

Table4: Simulationparameters

I Processopipelineparameters I

Clock Rate 1.5GHz
IssueWidth 4insts/gcle
FunctionalUnits 2 Integer, 1 integerdivide,

2 Memory; 1 Branch,2 FP

ReordeBuffer Size 128insts
Integer Multiply/Divide 4/50cycles
All Otherinteger Icycle
BranchPredictionScheme gsharg14]

I Memoryparameters I
Line Size 64 bytes
PrimaryInstructionCache 16 KB, 4-way set-assoc.
PrimaryDataCache 16 KB, 4-way set-assoc.
Miss Handlers 32for data,2 for inst.
DTLB 128entries fully-assoc.
DTLB MissHandlers 1
PageSize 8KB
Uni ed SecondaryCache 1 MB, 8-way set-assoc.
Primary-to-Secondary 10 cycles(plusary delays
Miss Lateny causedy contention)
DTLB Miss Lateny 30cycles(plusary delays

causedy contention)
Primary-to-Memory 250cycles(plusary delays
Miss Lateny causedy contention)
Main MemoryBandwidth 1 accesperl5cycles

choseno bein betweerntheactualL2 andL3 latenciesThe
Itanium 2 processosupportonly software-simulatednte-
gerdivide. We measurean arealmachinethataninteger
divide takesabout50 cycles. Thesimulatordoesnotdropa
prefetchwhenmisshandlersareall busyand/orif it incurs
a DTLB miss. This modelsthe behavior of If etch:f ault
instructionof Itanium?2 processarimportantsimulatorpa-
rameterareshavn 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: cace
pref (group prefetching),cache part (cachepartitioning),
enhanceccp (cachepartitioning enhancedvith advanced
prefetchingsupport)jnspector(inspectoijoin). Theexper
imentsjoin a 500MB build relationanda 2GB proberela-
tion. Thetuple sizeis 100B.50% of the probetupleshave
no matchesandevery build tuplematche< probetuples.
Figure10(a)shavsthepartitionphaseperformanceand
Figure10(b)shavstheaggregateperformancenall CPUs
usedin the partition phase We seethatthe partition phase
curvesarevery similar. Comparedo the otherschemes,
theinspectorjoin incursa slight overhead. (Theratio be-
tweenthe partition phasesxecutiontimesof the bestalgo-
rithm andthe inspectotjoin is 0.88-0.94.) Thisis mainly
becaus®f the computationatostof corvertinghorizontal
Iters into vertical Iters andtestinga setof Iters. The
mostcostly operationis extractingthe bit positionsof 1's
from abit vectorin bothcorversionand Iter testing. This
overheadvill becomdesssigni cant asprocessorareget-
ting faster As shovnin Figure10(a),all thecurvesbecome
at afterthe 4-CPUcase.Therefore all the following ex-
perimentauseupto 4 CPUsin the partitionphase.
Figure10(c)shavsthetotalaggreyatetimesof all CPUs
for the join phase.The cade pref and cache part curves
arethe sameasin Figure 1(b). Our inspectorjoin is the
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best.Becaus®f thememorybandwidthsharing the cache
prefetchingcurve degradessigni cantly whenthereare 8

or moreCPUs.Sinceour algorithmcombinedocality opti-

mizationsandcacheprefetchingijt is lesssensitve to band-
width contention. Comparedo the cacheprefetchingal-

gorithms, our inspectorjoin algorithmachieves 1.7-2.1X
speedupsvhen8 or moreCPUsareused.

As shawn in Figure 10(c), the two cachepartition al-
gorithmsare worsethan the cacheprefetchingalgorithm
and our inspectorjoin whenthereare lessthan4 CPUs.
This is mainly becausef the large re-partitionoverhead,
which consistsof more than 36% of their join phaseex-
ecutiontimes. The enhancedalgorithmis always better
than the original algorithm, which veri es the effective-
nessof the appliedprefetchingtechniquesAs the number
of CPUsincreasetheenhancealgorithmbecomesigni -
cantlybetterthanthe cacheprefetchingalgorithmsbecause
it utilizes cache-sizedub-partitiongo reducethe number
of cachemissesHowever, it still degradesquickly beyond
4 CPUs.Thisis mainlybecaus¢here-partitionstepis quite
sensitve to memorybandwidthsharing. Comparedo the
enhancectachepartitioning algorithm, our inspectorjoin
achieves1.6-2.0Xspeedupsvith 1-32CPUs.

Figure 10(d) shavs the aggreyateperformanceof both
phaseaising up to 4 CPUsin the partition phase. When
thereare8 or moreCPUs,inspectoljoin achieves1.3-1.7X
speedupsver the cacheprefetchingalgorithmandthe en-
hancecdcachepartitioningalgorithm?®

8Theabore gures omitthe GRACE hashjoin curvesfor clarity. Com-

Figure 11 shavs the CPUtime breakdevnsfor thejoin
phaseof the algorithms.The breakdevnsarefor the tasks
runningonCPUOQ in thesystem.TheY axisshovstheexe-
cutiontime. Everybaris brokendown into four cateyories:
CPU busy time, stalls due to datacachemisses(includ-
ing the effect of L2 misses),stallsdueto DTLB misses,
andotherresourcestalls. ComparingFigure11(a)and(b),
we can seethat the fractionsof datacachestalls for the
threeleft barsincreasalramatically This clearlyshovsthe
impactof memorybandwidthsharingon the performance.
In contrast,our cache-stationarglgorithm achieves quite
goodcacheperformance At 32 CPUs,cachestallsdomi-
nateall bars,asshavn in Figure11(c). Evenin this case,
our algorithmis betterthanthe otheralgorithms.

6.3 Varying Other Parameters

Figurel2shavsthebene tsof ourinspectojoin algorithm
varying the numberof probetuplesmatchinga build tu-
ple (which is the ratio betweenprobe and build relation
sizes),the percentagef probetuplesthat have matches,
andthetuple size. All the experimentsuse8 CPUsin the
join phase Thethree gures shareacommonsetof experi-
mentswhich correspondo the 8-CPUpointsin Figure10.
Figure10(a)variesthe numberof matchegerbuild tu-
plefrom 1to 8 (while keepingthebuild relationsize x ed).

paredto the GRACE hashjoin algorithm,ourinspectorjoin achieres1.5-
4.1X speedupdor the join phaseand 1.7-2.9X speedupgor the entire
hashjoin with 1-32 CPUs. The speedupsit 32 CPUsare1.5X and1.7X,
respectiely.
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Figure 10(b) variesthe percentagef probetupleshaving

matchegwhile keepingthe proberelationsize x ed). Fig-

ure 10(c) variesthe tuple size from 20B to 140B (while

keepingthebuild relationsize x ed). Notethatthenumber
of tuplesdecreaseasthesizeof thetupleincreasesThere-
fore, all thecurveshave thedownwardshape. Notethatin

the 20B experimentsa cachdine of 64B containamultiple

probetuples. Sincethe cache-stationarjoin visits probe
tuplesnon-sequentiallyit mayincur multiple cachemisses
for every cacheline in the probepartition. However, our
inspectorjoin with cache-stationarjoin phaseis still the
bestevenfor the 20B experiments.

In all the experiments,we can seethat our inspector
join algorithmis the best. For all the experimentsexcept
the 5% pointsin Figure10(b)’, ourinspectorjoin achieves
1.1-1.4X speedupsomparedo the cacheprefetchingal-
gorithmandthe enhancedachepartitioningalgorithm.

6.4 Robustnessof the Algorithms

Figure13 shawvs the performancealegradationof all theal-
gorithmswhenthe cacheis periodically ushed, which is
theworstcasenterferenceWe vary the periodto ush the
cachefrom 2 msto 10 ms, andreportthe executiontimes
self normalizedto theno ush case.Thatis, “100” corre-
spondsto the join phaseexecutiontime whenthereis no
cacheush.

SWhenthereareonly 5% probetupleshaving matchesthe aggrejate
join phaseexecutiontime only consistsof 10-24%of thetotal aggregjate
executiontime. Therefore the differenceis small betweenall the algo-
rithmsoptimizingthejoin phaseperformance.
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Figure14: Exploiting theinspectiormechanism

The cacheprefetchingalgorithm seesat most 3% per
formancedeggradationbecausef cache ushes. It is very
robustbecausé doesnotassumehatary largedatastruc-
turesstayin the cache.In contrastthe original cachepar
titioning algorithmassumeshe exclusive useof the cache,
andsuffersfrom a 6-35%performancelegradationfor the
cache ushes. Like the original cachepartitioning,our in-
spectoijoin algorithmandthe enhanceaachepartitioning
algorithmbothtry to keepabuild sub-partitiorandits hash
tablein the cache.To improve robustnesshoth of the al-
gorithmsperformprefetchingfor build tuples!® As shovn
in Figure 13, this techniqueeffectively reduceghe perfor
mancedegradationto 2-15%, which is a 2X improvement
comparedo theoriginal cachepartitioning.

6.5 Choosingthe BestJoin PhaseAlgorithm

By default, our inspectorjoin algorithm usesthe cache-
stationaryjoin phase. However, our inspectionapproach
candetectsituationswherecache-stationarjoin phaseis
not the bestalgorithm and choosea differentone. Fig-
ure 14(a) variesthe numberof duplicatebuild tuplesper
build join attribute value. The duplicate-freepointscorre-
spondto the8-CPUpointsin Figure10(c). We seethatthe
default cache-stationarjoin phaseof the inspectoralgo-
rithm is still the bestuntil 3 duplicatesper key. However,
whenthereare4 duplicategerkey, enhanceadacheparti-
tioning getshetter Theprefetchingalgorithmneedso visit

10As we do not prefetchfor thehashtable,we expectto payhighercost
thanpureprefetchingschemesvhenthecacheis ushed. Prefetchingor
the hashtableis muchmore complicatedhanprefetchingonly for build
tuples,andmayincur morerun-timeoverheador normalexecution.



multiple build tuplesfor every probetuplein the duplicate
key casesSincethevisits areall cachemissesthe perfor
manceof theprefetchingalgorithmsufferssigni cantly. As
discussedn Section3.4, our inspectionapproachdetects
duplicatekeys by countingthe numberof sub-partitions
matchingevery probetuple. Whena probetuple on aver-
agematched! or moresub-partitionsit choosegnhanced
cachepartitioning as the join phasealgorithm. Thusthe
actualinspectorjoin performancedracksthe bestof thein-
spectorandenhanceatp curvesin the gure.

Figure 14(b) shaws the performancewhen the source
relationsare nearly sorted. We vary the percentagef tu-
plesout of orderfrom 0% (fully sorted)to 5%. For the
fully sortedcasewe sorttheinputrelationsfor the 8-CPU
pointsin Figure10(c). Thenwe randomlychoosel%—5%
of tuplesandrandomlychangetheir locationsto generate
theothercases.

As shovnin Figurel14(b),thesort-megealgorithmper
formsthe bestasexpectedfor the fully sortedcase.How-
ever, to our surprise,the inspectorjoin performsequally
well. Thereasornis thatfor thefully sortedcase the build
tuplesin a build sub-partitionare sorted,and the corre-
spondingprobe tuples located sequentiallyin the probe
partition. Therefore,the cache-stationarjoin phasees-
sentially visits both the build andthe probepartitionsse-
guentially Sincethe hashtableis keptin cache,ts cache
behaior is the sameas the sort memge join, which only
mergestwo in-orderinputs. Whenmoreand moretuples
areout of order, the sort merge join becomesvorsethan
the inspectoralgorithm becauseof the increasingcost of
sorting out-of-ordertuples, while the inspectoralgorithm
paysonly aslight overheado visit someprobetuplesnon-
sequentially

7 Conclusions

In this paper we have proposedand evaluatedinspector
joins, which exploit thefactthatduringthel/O partitioning
phaseof a hash-basegbin, we have analmostfree oppor
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 accelerat@ new type of cache-optimizegbin
phasealgorithm.Thecache-stationarpin phasealgorithm
is especiallyusefulwhenthe join is run in parallelon a
multiprocessarsinceit consumegessof the preciousnain
memorybandwidththanexisting state-of-the-arschemes.
Second,information obtainedthroughinspectioncan be
usedto choosea join phasealgorithmthatis bestsuited
to the data. For example,inspectorjoins can chooseen-
hancedctachepartitioningasthejoin phasealgorithmwhen
aprobetuple on averagematcheg} or moresub-partitions.

Our experimental results demonstratethat inspector
joins offer speedupsf 1.1-1.4X over the best existing
cache-friendljhashoin algorithmwhenrunon8, 16, or 32
processorsyith theadvantagegrowing with thenumberof
processorsWe alsoobsene thatinspectorjoins arerobust
with respectto variouspropertiesof the data(e.g., tuple
size,fractionof tupleswith matchesetc.). Thus,inspector
joins arewell-suitedfor modernmulti-processodatabase
seners.
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