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Abstract

This paper introducesthe hash-mege join algorithm
(HMJ, for short); a new non-bloking join algorithm that
deals with data items from remote sources via unpre-
dictable slow or bursty networktrafc. The HMJ algo-
rithm is designedvith two goalsin mind: (1) Minimizethe
time to producethe r st few results,and (2) Producejoin
resultsevenif thetwo souicesof thejoin opemtor occasion-
ally get blocked. TheHMJ algorithm hastwo phases:The
hashingphaseand the meging phase Thehashingphase
employsan in-memoryhash-basegbin algorithmthat pro-
ducesgjoin resultsas quickly as dataarrives. Themeging
phaseis responsiblefor producingjoin resultsif the two
souicesare blocked. Both phasesof the HMJ algorithm
are connectedsia a ushing policy that ushesin-memory
partsinto disk storage oncethe memoryis exhausted.Ex-
perimentalresultsshowthat HMJ combinegheadvantayes
of two state-of-the-arhon-blodking join algorithms(XJoin
and ProgressiveMerge Join) while avoiding their short-
comings.

1. Intr oduction

Traditional join algorithms[9, 16, 19] assumethat all
input datais available beforehand.This assumptions not
valid for web-basedhpplications. A web query retrieves
data items from remote sourcesvia a network connec-
tion. Network traf c maybe unpredictableslow, or bursty;
whichmayresultin blockinginputdata[1, 20]. Theblock-
ing behavior of network trafc malkesthe traditional join
algorithmsunsuitableor pipelinedqueryplans[18]. In ad-
dition, traditionaljoin algorithmsoptimizethequeryexecu-
tion for the productionof the entirejoin result. However a
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typical internetusermay be interestecnly in the rst few
results[3, 4].

With the goalsof avoiding the blocking behavior of re-
motedatasourcesand producingjoin resultsasquickly as
possible,a family of non-blockingjoin algorithmsare de-
veloped(e.g., see[7, 14, 10, 13, 15, 21, 23, 24]). Non-
blocking join algorithmshave the ability to producejoin
resultseven if one or both sourcesare blocked. Thus, a
fully pipelinedqueryplan canstill function properly even
with blocking sources. In addition, non-blockingjoin al-
gorithmsare optimizedto producethe rst few resultsas
quickly aspossible. Thus, it is suitablefor the casewhen
the usersare interestedonly in getting the rst few an-
swers.In additionto web-base@pplicationspon-blocking
join algorithmsare useful in dataintegration[13], paral-
lel database$6], online aggreyation[10, 12], providing
approximateanswerdq17, 22], spatialdatabase§l5], and
adaptve queryprocessing2, 11].

In this paperwe proposehe Hash-mege join algorithm
(HMJ, for short); a novel non-blockingjoin algorithmthat
dealswith unpredictableand slow network trafc. The
Hash-mege join algorithmis designedwith two goalsin
mind: (1) Minimizing thetime to producethe rst few re-
sults. (2) Providing the ability to producejoin resultseven
if thetwo sourceof thejoin operatorareblocked.

The Hash-mege join algorithm hastwo phases: The
hashingand memging phases.The hashingphaseemploys
anin-memoryhash-basegbin algorithmthatproducegoin
resultsas quickly as dataarrives. Oncethe memorygets
lled, certainpartsof thememoryare ushedinto disk stor
ageto free memoryspacefor the newly incoming tuples.
If one of the sourcess blocked for ary reason,e.g., due
to slow or bursty network trafc, the hashingphasecan
still producejoin resultsfrom the unblocked source.If the
two input sourcesareblocked,the HMJ algorithmstartsits
melging phase. In the meming phase,previously ushed
partsin disk arejoinedtogethemsingasort-mege-likejoin
algorithm. Thus,the HMJ algorithm can producejoin re-
sultsevenif the two sourcesareblocked. Oncethe block-



ing of any of the two sourcess resohed, the HMJ algo-
rithm switchesbackto the hashingphase.The HMJ algo-
rithm switchesbackandforth betweerthetwo phasesintil
all dataitemsarereceied from remotesources.Then,the
wholememoryis ushed into disk storageandthe memging
phaseakesplaceto producethe nal partof thejoin result.

The HMJ algorithm combinesthe adwvantagesof two
state-of-the-arnon-blockingjoin algorithms, XJoin [20,
21] andProgressie MergeJoin(PMJ)[7, 8] while avoiding
their shortcomings XJoin storesincomingtuplesin mem-
ory while employing an in-memoryhash-basegbin algo-
rithm to producefastjoin results.Whenmemorygets lled,
thelargesthashbucketis ushed into disk. AlthoughXJoin
producegastresults,its /0 compleity is high andhence
a large total time to producethe entirejoin result. On the
otherside, PMJ partitionsthe memoryinto only two par
titions, onefor eachsource. Oncethe memorygets lled,
eachpartitionis sortedandis joinedwith theotherpartition,
andthenis ushed to disk. Thus,in PMJ, no join results
areproduceduntil thememorygets lled. Thisresultsin a
higherinitial delaythanthatof XJoinfor producingthe rst
results. However, PMJ employs a sort-mege-like join al-
gorithmto join disk-residentlata. Thus,PMJperformsless
I/0's andhencelessoverall time than XJoin for producing
theentireresultsof a join.

Similar to XJoin, the proposedHash-mege join algo-
rithm employs anin-memoryhash-basegbin algorithmto
producefastand early results. To avoid the drawvbacksof
XJoin, HMJ employs a newv ushing policy, termedthe
AdaptiveFlushingpolicy thataimsto synchronouslyush
two hashbuckets, one from eachsource,into disk stor
age. By usingthe AdaptiveFlushing policy, HMJ canuse
are ned versionof the sort-mege-likejoin algorithmasin
PMJ. Thus,HMJ resultsin lessl/Os andoverall time than
XJoin for producingthe total result. In summarythe con-
tributionsof this paperareasfollows:

1. We proposethe Hash-mege join algorithm; a new
non-blockingjoin algorithmthatis applicablein ervi-
ronmentswheredataarrivesfrom remotesourcesvia
unpredictablaetwork connectiongSection3).

2. We proposeasynchronizedushing policy, termecdthe
AdaptiveFlushingpolicy thatcanbe usedin conjunc-
tion with any hash-basedon-blockingjoin algorithm.
The AdaptiveFlushingpolicy is adaptabldo the uc-
tuationsof dataarrival rates. The main goal of the
AdaptiveFlushingpolicy is to alwayskeepthe mem-
ory balancecetweerthe two remotesourcesgvenif
one of the sourceshasa higher arrival rate than the
other As we will seein Section4, andin the perfor
mancesection, keepingthe memorybalancedmakes
the join algorithm more responsie to producingfast
resultsonceanew dataitemis receved.

3. We prove the correctnes®f HMJ by proving the fol-
lowing: (a) Completenessg,e., all join resultswill be
producedy HMJ. (b) Uniqueness,e.,HMJ produces
duplicate-fregesults(Section5).

4. We provide experimentakvidencethatHMJ (with the
AdaptiveFlushingpolicy) outperforms<JoinandPMJ
(Sectionb).

The restof the paperis organizedasfollows: Section2
highlights relatedwork for non-blockingjoin algorithms.
Sections3 introducesthe HMJ algorithm. The Adaptive
Flushing policy is introducedin Section4. The proof of
correctnes®f the HMJ algorithmis givenin Section5. A
study of the performanceof HMJ and a discussiorof the
resultsare presentedn Section6. Finally, Section7 con-
cludesthe paper

2. Related Work

Hash-basedoin algorithms. Thenon-blockingsymmet-
ric hashjoin [23, 24] extendsthe traditional hashjoin al-
gorithmto supportpipelining. Two in-memoryhashtables
with m bucketsaremaintainedor source®A andB. Oncea
new tuplet, with ahashvalueh(t), is recevedfrom source
A, t is usedto probebucket h(t of sourceB. Then,t is
storedin bucket h(t) of the hashtable of sourceA. The
symmetrichashjoin algorithm requiresthat the two rela-
tions t in memory The XJoin algorithm[20, 21] extends
thesymmetrichashjoin to beappliedfor disk-residentlata.
XJoin startsby joining tuplesin memory similar to the
symmetrichashjoin. Whenmemorygets lled, thelargest
hashbucketamongall A andB bucketsis ushed into disk.
When both sourcesare blocked, XJoin performsjoin us-
ing the buckets previously ushed into disk. The double
PipelinedHashJoin(DPHJ)[13] is anotherextensionof the
symmetrichashjoin algorithm. DPHJhastwo stages.The
rst stageis similarto thein-memoryjoin in the symmetric
hashjoin andXJoin. In the secondstage pairsthatarenot
joinedtogetherin the rst phasearemarkedandarejoined
in disk. DPHJis suitablefor moderatesize data,but does
notscalewell for largedatasizes.

Sort-basedjoin algorithms. The progressie-megejoin
(PMJ) algorithm[7, 8] is the non-blockingversionof the
traditionalsort-megejoin. Themainideaof PMJis to read
asmuchdataascant in memory Then,in-memorydatais
sortedandis joined togetherandthenis ushed into disk.
Whenall datais receved, PMJjoins the disk-residentiata
usingare nementversionof thesort-megejoin thatallows
producingjoin resultswhile memging.
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Figure 1. The Hash-mer ge join algorithm.

Nested-loop-basedoin algorithms. The family of rip-
plejoins[14, 10] generalizélock nested-loofoin andhash
join. Ripplejoinsautomaticallyadjusttheirbehaior to pro-
vide precisecon denceinterval for onlineaggreation.The
scalability of ripple joins is discussedn [14]. However,
ripple joins aregearedowardsonline aggreyation,thusthe
quality of the results(obtainedfrom statisticalmeasures)
controlsthejoin processing.

3. Hash-Merge Join Algorithm

TheHash-megejoin algorithm(HMJ, for short)hastwo
phasesThehashingandthe meiging phasesFigurel pro-
videsa statediagramof HMJ. HMJ startswith the hashing
phasewhereinput tuplesfrom two remotesourcesA and
B arereceved. Incomingtuplesare storedin in-memory
hashbucketsbasedon their hashvalues.In-memorytuples
arejoinedtogetherduringthe hashingphaseandareadded
to the outputresult. Oncethe memorygets lled, certain
partsof memoryare ushed into disk. If both sourcesare
blocked for ary reason.e.g.,dueto a slow network, then
HMJ transferscontrolto the memging phase In themeiging
phasetuplesthatare previously ushed to disk arejoined
together Thus,HMJ hasthe ability to producejoin results
evenif both sourcesare blocked. If the blocking of ary
sourceis resohed,HMJ returnsto the hashingphase HMJ
alternatedetweerthe hashingand memging phasedill the
whole datais processed.Then, the memging phasetakes
controlto outputthe nal partof theresult.

3.1 Phasel: Hashing

Figure 2 sketchesthe hashingphaseof HMJ. Two in-
memoryhashtables,eachwith N buckets,are maintained

Source A Source B

Hash table for B

/

Join results

Figure 2. Sketch of the hashing phase.

Hash table for A

Memory

for sourcesA andB . Bucketsareallowedto have different
sizes.As a consequencehe memoryis not necessarilydi-
vided evenly betweensourcesA andB. In the following,
we usethe symbolsAg andBy to denotethe kth bucketin
thehashtablefor sourcesA andB, respectiely.

The pseudocodeof the hashingphaseis givenin Fig-
ure 3. Oncea new tuplet with hashvalueh(t) is receved
from sourceA (respectiely, sourceB ), we checkif thereis
enoughmemoryto accommodaté (Stepl in Figure3). If
thereis enoughmemoryspacetf is usedto probethe hash
tableof sourceB (respectiely, sourceA). Thus,t is joined
with all tuplesin bucket By, (respectiely Ay (y)) (Step3
in Figure3). Then,thetuplet is storedin bucketAp, ) (re-
spectvely, By (1)) (Step4in Figure3). However, if memory
is exhaustede needto free somepart of memoryto ac-
commodate andotherincomingtuples.A certain ushing
policy (seeSection4) is usedto free part of the memory
Themainideais to choosawo bucketsAy andBy with the
samehashvaluek. Then,Ay andBy aresortedinternally
in memory andaresynchronouslyushed into disk.

If oneof the sourcessaysourceA, is blocked for ary
reasor(e.g.,aslow or burstynetwork connection)thehash-
ing phasecanstill producegoin results.Tuplesfrom theun-
blockedsourceB canstill berecevedandareusedto probe
thein-memoryhashtableof A to producejoin results.HMJ
transferghe controlfrom the hashingphaseto the memging
phaseonly if: (1) Thetwo sourcesare blocked, or (2) All
datais processedln the former case the Hash-mege join
algorithmreturnsto the hashingphasewhenthe blocking
behaior of any of thesourcess resohed.

The idea of the hashing phaseis similar to that of
the symmetrichashjoin [23, 24] and to the rst stage
of both XJoin [21] and the Double PipelinedHash Join
(DPHJ)[13]. However, thereare two major differences:



Procedure HashingPhase(tupte sourceA (B))
Begin

1. If thereis noenoughmemoryto accommodaté
(a) The ushing policy choosegwo budketsAy and
By asvictims.
(b) SortbudketsAyx andBy in memory
(c) FlushbudketsAy andBy into disk.

2. Computehehashvalueh(t) of tuplet.
3. Jointuplet with all tuplesin budketB 1) (An(t))-
4. Stoetuplet in budketAp ) (Bnt))-

End.

Figure 3. Pseudo code of the hashing phase

(1) In HMJ, selectingthe victim partitionsto be ushed
into disk is handledin a differentway thanin the casesof
XJoin and DPHJ.Basically HMJ selectstwo victim parti-
tions (with the samehashvalue),onefrom eachsource.On
the otherhand,both XJoin andDPHJchooseonly onepar
tition from onesourceto be ushed. Noticethatin thesym-
metric hashjoin, thereis no suchvictim partitions,where
it is assumedhatall dataitemscan t in memory (2) In
HMJ, ushed partitionsneedto be sortedin memorybefore
ushing.

3.2 Phasell: Merging

The meming phaseof the Hash-mege join algorithm
dealswith in-disk hashbucketsthat are previously ushed
into disk during the hashingphase.Figure4 givesa snap-

shotof thedisk storageuponthe startof the memging phase.

For eachhashbucketwith hashvalueh, therearemy, blocks
for sourcesA and B. The my blocks indicate that this
buckethasbeenchoserasavictim my, timesin thehashing
phase.For example,in Figure4, bucket 1 hasfour blocks
while bucket 2 hasonly two blocks.

The pseudocodeof the memging phaseis givenin Fig-
ure5. Themainideaof the meming phaseis to applyare-
nementversionof thetraditionalsort-megejoin algorithm
for eachindividual bucket. Thus,the sort-megealgorithm
is appliedN times(Step1l in Figure5). We introducea
parametef to tunethe performanceof the memging phase.
f indicatesthe fanin of the sort-megealgorithm,i.e., the
numberof partitionsto be memgedin eachstepof themery-
ing phase. Thus, to memge all blocksin eachbucket, we
needLogs Ay passedor eachbucket, whereAp, is the
numberof blocksin bucket A; (Step2 in Figure5). For
eachpasswe usethesort-megejoin with two re nements:

Join results

Figure 4. The layout of the disk at the start of
the merging phase.

() Join resultsare producedduring the merging. Thus,
the blocking behavior of separatinghe sortingand merg-
ing stepsis avoided (Step3ain Figure5). (2) To avoid
producingduplicateresults,we do not producethe tuples
thatresultfrom blocksthatareof the samenumbern(Step3b
in Figure5). Thesetuplesare alreadyproducedeitherin
thehashingphaseor in anearliermerging pass.Noticethat
suchtwo blocks have been ushed into disk concurrently
after being completelyjoined with eachotherin memory
The duplicate-freeesultsare continuouslysentto the out-
put streamfor further processinge.g., a pipelinedquery
plan) (Step3cin Figure5).

Figure 6 givesan exampleof the memging phasein the
non-blockingHMJ algorithm. One bucket from sourceA
(respectiely, B) hastwo blocksAp andAp, (respectiely,
Bp1 andByy). The pairsof (Ap1,Bpi) and (Ap2,Bp2) are
alreadyjoined togethereither in the hashingphaseor in
an early memging passwherethe tuples(4,4) and (6,6) are
produced. In the memging phase,only the pair of blocks
(Ap1,Br2) and (Apz,Bp1) needto be joined. Duplicate
avoidanceis employed by checkingwhetherthe produced
tuplescomefrom bucketswith the samenumberor not.

The meming phaseof HMJ is similar to the meiging
phaseof the progressre memgejoin algorithm(PMJ)[7, 8]
in the sensehatboth algorithmsemploy a re nementver
sionof thetraditionalsort-megejoin algorithm. However,
two differencescanbe distinguished:(1) HMJ appliesthe
sort-mege join algorithm N times for the N hashbuck-
ets,while in PMJ, the sort-mege join algorithmis applied
only once,wherethereis only onebucket per datasource.
(2) HMJ transferscontrolbackandforth betweerthe hash-
ing and meming phaseswhile in PMJ, the memging phase
startsafterthedatais nished andis processeih memory



Procedure MergingPhase()

Input:
A andB: Two disk partitions,eachwith N hashbuckets,
correspondo sourcesA andB (e.g.,seeFigure4). A; (Bi)
is theith bucket of sourceA (B) with m; blocks.Aix (Bi )
denoteghekth block of theith bucket for sourceA(B).

f : Thefanin; thenumberof blocksto be melgedeachtime.
Begin
1. Fori=1toN
2. DolLogs Ami times
3. For k=1 to A /f stepf

(a) Sort and meige the bloks
Aik ;Ai(k+1) ) ;Ai(k+f 1) with the blodcks
Bik;Bik+1) s ;Bik+r 1) usinga modi®ed ver
sion of the traditional sort-mege join algorithm that

canproducejoin results(x,y) while sorting

(b) If a join result(x,y) comesfrom two similar blocks,
i.e, X 2 Aj;y 2 Bj, thenignore the tuple (x,y).
Otherwiseaddthetuple (x,y)to theresultsetS.

(c) SendSto theoutputstream.

End.

Figure 5. Pseudo code of the merging phase.

3.3 Number of Hash Buckets

The choiceof the numberof hashbucketsin HMJ re-
sultsin atrade-of betweertheef ciency of thehashingand
melging phases.The hashingphasefavors a large number
of hashbuckets(i.e., mary small-sizecduckets)for two rea-
sons: (1) A newly arriving tuple will be testedfor the join
conditionwith alimited numberof tuples.(2) Flushedpar
titionswill have smallsizes thusmemoryis almostalways
full, which resultsin morejoin resultsduring the hashing
phase Ontheotherhand,the meming phaseavorsa small
numberof hashingbuckets (i.e., few large-sizedbuckets)
for two reasons:(1) Having large sizedbucketsresultsin
lessnumberof in-disk buckets,henceessnumberof times
to applythe memging amongin-disk buckets(Step3 in Fig-
ure5). (2) Flushinglarge sizebucketsresultsin almostfull
disk pages.Thus,the utilization of disk pageds increased.

To resole this issue,we usea large numberof hashing
buckets during the hashingphase. However, when ush-
ing, we combineeachp consecutie bucketstogether Thus,
if the numberof hashingbucketsin the hashingphaseis
h, thenthe numberof hashbucketsin disk would be h=p.
The ushing policy choosesone correspondingpair (i.e.,
oneswith thesamehashvaluefrom eachsource)f theh=p
bucketsasthevictim buckets.

A B A B
4 1 1 1
A Bpi— Ml Ml
7] 4] 42
9 6 4
| q —_ |
L AR
1 2 9 7
Apy = il 7] L]
6] By 6
— 1 Memory result (4,4), (6,6)
7

Disk result (1,1), (7,7)

Figure 6. Example of the merging phase.

4. Flushing Memory Partitions

Flushingin-memorybucketsinto disk playsanimportant
role in the efciency of HMJ. In this section,we discuss
some ushing policiesthat can t in HMJ. Basedon the
naive policies,we distinguishthreerequirementshat need
to be satis ed by anefcient ushing policy. Then,we de-
velop the AdaptiveFlushing policy that produceshe best
resultsfor HMJ. To illustrateour ideas we usethe example
givenin Figure7. A memoryof size100is dividedinto ten
hashbuckets; ve for eachsource.A ushing policy needs
to choosetwo victim buckets; onefrom eachsource with
the samehashvalue. To speedup the processof selecting
victim buckets,we maintainanin-memorysummarytable
thatkeepstrack of the numberof tuplesin eachbucket pair
for bothsourcesalongwith thetotal numberof tuples.
Flush All Policy. In this policy, we combineall the in-
memory buckets into only one bucket. Then, the whole
memoryis ushed into disk. FlushAll policy is usedin the
progressie merge join algorithm|[7], wherethereis only
onebucket for eachsource. The main motivation for the
Flush All policy is: (1) Flushingthe whole memoryresults
in lessl/O wherepagesarecompletelyfull. (2) Hashbuck-
etsareorganizedn diskin largeblocks.Largeblocksresult
in a moreef cient memging phase.However, the Flush All
policy resultsin major drawbacks: (1) After ushing, the
whole memoryis freed. Freememoryresultsin a signif-
icantdelayin producingjoin resultsin the hashingphase.
Considerthe casethat a new tuple arriveswhile the mem-
ory is only 10%full. The new tuple haslittle chanceto be
joinedwith any otherin-memorytuple. (2) Combiningall
tuplesin only onebucket resultsin joining unnecessartu-
plesin disk. For example,a tuple with hashvalueh; will
bejoinedwith tupleswith hashvalueh,.

Flush SmallestPolicy. The Flush Smallestpolicy selects
victim bucket pairswith smallesttotal size. For example,
in Figure 7, the Flush Smallestpolicy chooseghe fourth
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Figure 7. Example of ushing policies.

bucket pair, whereit hasthe smallesttotal (10) amongall
in-memorybucket pairs. The Flush Smallestpolicy is bi-
asedowardsthe hashingphase Themainideais to always
keepthe memoryalmostfull. Then,anewly arriving tuple
hasa high chanceto be joined with otherin-memorytu-
ples.However, the performancealeterioratesn the meiging
phasesincemostdisk-basedlocks are of small sizes. In
addition,the hashingphaseresultsin excessie I/Os dueto
thecontinuousushing of smallpartitions.
Flush Lar gestPolicy. TheFlushLargestpolicy selectwic-
tim bucket pairs with largesttotal size. For example,in
Figure7, the Flush Largestpolicy chooseghe fth bucket
pair, whereit hasthelargesttotal (27) amongall in-memory
bucket pairs. The Flush Largestpolicy is biasedtowards
themerging phase Themainideais to alwayshave in-disk
large blocks. Large blocksresultin an ef cient meiging
phase At the sametime, the Flush Largestpolicy doesnot
freeall thememory Thus,join resultscanstill beproduced
fromthehashingphase However, theFlushingLargestpol-
icy hasthe following drawbacks: (1) Selectingthe largest
sumbucket pair may resultin ushing small buckets. For
example,in Figure7, abucketwith sizetwo from sourceB
is ushed. (2) If the memoryis not balancedbetweenthe
two sourcesj.e., sourceA has80% of the memory while
sourceB hasonly 20%, selectingthe largestbucket pair
mayresultin increasinghe memoryskewing.

Basedon the above discussionwe identify threemain
requirementshat needto be consideredvhendesigninga
ushing policy for the HMJ.

1. Supporting the hashing phase. The ushing pol-
icy shouldalwayskeepenoughin-memorytuplessuch
that newly incoming tuples can producein-memory
join results.

2. Supporting the merging phase. The ushing policy
shouldavoid ushing small partitionsthat deteriorate
the performancef themeging phase.

3. Keeping balanced memory. The ushing policy
should try to keep the memory balancedbetween

sourcesA andB. To illustratethe importanceof hav-
ing a balancedmemory assumehe casewhere90%
of the memoryis allocatedfor sourceA while only
10%is allocatedfor sourceB. A newly arrivedtuple
from A haslittle chanceto nd matchingtuplesfrom
B. Thus,the performanceof the hashingphases re-
duced. In addition, ushed bucketsfrom B tendto
have small sizes. Thus,the performanceof the merg-
ing phasedeteriorates.

In therestof thissectionwe proposdhe AdaptiveFlush-
ing policy; a ushing policy thatworksalongwith HMJ and
fullls theabovethreerequirements.

4.1 Adaptive Flushing Policy

Themainideaof theAdaptiveFlushingpolicy isto make
the ushing adaptabléo thechangeén theblockingbeha-
ior of both sources.For example,if sourceA blocks,then,
the memorymay have more tuplesfrom B thanA. The
AdaptiveFlushing policy aimsto balancethe memoryto
have similarnumberof tuplesfrom eachsource.To tunethe
adaptabilityof the AdaptiveFlushingpolicy towardsmem-
ory balancing,we usethe parameteb. If jAj andjBj are
theratiosof tuplesfrom A andB, respectiely, to all mem-
ory tuples,thenwe saythatthe memoryis balancedonly
if absoute(jAj jBj) < b. Toavoid ushing smallbuck-
ets, the AdaptiveFlushing policy usesthe parametema to
indicatethe smallestacceptablesizefor a certainbucketto
be ushed. Figure8 givesthe pseudocodeof the Adaptive
Flushingpolicy.

Initially, the AdaptiveFlushingpolicy hasasearctspace
S thatcontainsall thepossiblebucketpairs(Ag; Bk). If the
memoryis balancedStepl in Figure8), thesearchspaces
is limited to thebucket pairswhosesizesaregreatethanthe
acceptablducketsizea. If thereis nobucketpairthatsatis-
es the smallestbucket sizethreshold the searchsS is kept
to the whole setof bucket pairs. Furthermorethe search
spaces is limited (if possible)to thosebucket pairs that
will not affect memorybalancingupon ushing. Finally,
thevictim bucketpairis the pairwith largesttotal sizefrom
thelimited searchspacesS.

In the caseof unbalancednemory(Step2 in Figure8),
the searchspaces is limited to thosebucket pairsthatre-
ducethe memoryunbalancing.For example,if the mem-
ory hasmoretuplesfrom A thanfrom B, thenthe victim
bucket pair shouldhave moreA tuplesthanB tuples. Fur
thermore|f possiblethesearchspaceS is limited to those
bucket pairsof sizelargerthana. Finally, thevictim bucket
pairis theonewith largesttotal sizefrom thelimited search
spaces.

For example, considerapplying the AdaptiveFlushing
policy with b = 25anda = 10 to the memorylayoutin
Figure7. Thedifferencein memoryratiois 59% 41%=



Procedure AdaptiveFlush Policy()

Input: S: The setof all bucket pairs(A;Bk), a: Theac-
ceptablepartitionsize,b: Balancingthreshold.

Output: Two victim partiitonsAy, andBy,.

Begin

1. If absolute(jAj jBj) < b  //Memoryis balanced
S’= Setofpairs(Ax; Bk), wheejAxj a,jBkj a.
IfS°6 ,thenS=S"

S’ = Setof pairs (Ak;Bk) 2 S, sud that remwing
(Ax; By) will notaffectthememorybalancing

IfS'6 ,thenS=S"
Return(An;Br) 2 S,wheejAnj+ jBnjis maximum
2. IfjAj |Bj
S= Setof pairs (Ak; Bk), wheejAyj  jBk]j.
else
S= Setof pairs (Ak; Bk), wheejBkj  jAx].
3. S'= Setof pairs (Ax;Bk) 2 S, wheejA]j
4. 1fS°6 ,thenS=S’
5. Return(An;Bn) 2 S,wheejAyj + jBpjis maximum
End.

a,jBxj a.

Figure 8. The Adaptive Flushing Policy.

18% < 25% Thus,the memoryis considerecbalanced.

Then,the searchspacss limited to the second11,13)and
third (13,10)bucketpairswhereall bucketsareof size  10.

Sincebothbucket pairsdo not affectthememorybalancing
with respectto b, we choosethe bucket pair with largest
total size (11,13). If the balancedfactoris setto b = 10,

while keepinga = 10, thenthe memoryis consideredin-

balanced.The searchspaceis limited to thosebucket pairs
with jAxj  |Bkj, i.e., the third (13,10)and fth (25,2)
pairs. With the acceptablaghresholda = 10, the search
spacas limited to only thethird bucket pair (13,10).Notice
thattheideaof having the parameten is to avoid selecting
smallbuckets. Thus,if weseta = 1, while keepingb = 10,

thenthe AdaptiveFlushing policy would selectthe bucket
pair (25,2).

5. Correctnessof the Hash-merge Join Algo-
rithm

In this sectionwe give a proofof correctnessf thenon-
blocking Hash-mege join algorithm (HMJ). The correct-
nessproof is divided into two parts: First, we prove that
HMJ is completei.e., all resulttuplesare produced. Sec-
ond, we prove thatHMJ is a duplicate-fregoin algorithm,

i.e., outputtuplesareproducedexactly once.

Theorem1 For anytwo sourcesA andB, HMJ produces
all outputresultsof A o B.

Proof: Assumethat9(r;s) : r 2 A;s 2 B, and(r;s)
satis esthejoin condition. However, thetuple(r; s) is not
reportedby HMJ. Since(r;s) satis esthe join condition,
thenr 2 Ay ands 2 By. Assumethatr 2 Ank;S2 Bim,
which meanghatr ands arein the kth andmth blocksof
thehashbucketswith valueh, respectiely. Then,thereare
exactly two possiblecases:

Casel: k = m. In this casethe ushing policy guar
anteeghattheblocksAnk andB, werein memoryatthe
sametime. If the dataitem r arrivesbefores, thenr will
bestoredin bucketAk (Step4in Figure3) withoutjoining
with s. Laterwhens arrives,it will probethe block Apx
(Step3in Figure3), andjoin with r. Noticethatwe guar
anteethatr is still in memoryatthearrival of s. Otherwise
the conditionk = m is violated. The sameproof is appli-
cablewhens arrivesheforer. Thus,thetuple(r;s) cannot
bemissedn caseof k = m.

Case2: k 6 m. In this case,oneof the blocksA, or
Bnm is ushedto diskbeforetheotheroneis created.Thus,
Ank andBy, aredisk-basedlocks.In thememging phase,
all disk-basedlocksarejoinedtogetherusingare nement
versionof thetraditionalsort-megejoin algorithm(Step3a
in Figure5). Thus,thetuple(r; s) cannotbe missedin the
melging phase.

From Casesl and 2, we concludethat the assumption
that(r; s) is notreportedoy the Hash-mege join algorithm
is notpossible.Thus,HMJ producesll outputresults.

Theorem2 For anytwo sourcesA andB, HMJ produces
all outputtuplesof A o B exactlyonce

Proof: Assumethat9(r;s) : r 2 A;s 2 B, and(r;s)
satis esthe join condition. Assumethat HMJ reportsthe
tuple(r; s) twice. We denotesuchtwo instancesas(r;s):
and(r; s).. Thus,weidentify thefollowing threecases:

Casel: (r;s); and (r;s), are both producedin the
hashingphase.Assumethatthe dataitemr arrivesafters.
Oncethetupler arrives,r probesthe hashbucket of s and
outputstheresult(r; s);. Then,duringthe hashingphase,
only newly incomingtuplesareusedo probethehashbuck-
etsof r ands. Thus,thetuple(r; s) cannotproducedagain
in the hashingphase.

Case2: (r;s); and (r; s), are producedin the merg-
ing phase.Oncethetuple(r; s); is reportedn themerging
phase(Step3ain Figure5), thenr ands arememgedinto
biggerblockswith similar block numberd. Step3bin Fig-
ure5 avoidsthereportingof outputtuplesthatcomesfrom
similar block numbers. Thus, the tuple (r;s), cannotbe
producedn thememging phase.



Case3: One of the tuples, say(r;s)1, is producedin
the hashing phase,while the other one is producedin
the merging phase.Since(r; s); is reportedn thehashing
phasethenwe guarante¢hatthe blocksthat containr and
s are ushed into the disk at the sametime. Thus, these
blockshave the sameblock number Similar to the proof of
Case2, blockswith similar numbersdo not reportary join
results. Thus,the tuple (r; s), cannotbe producedby the
melging phase.

From the above three cases,we concludethat the as-
sumptionthatthetuple(r;s) is reportedtwiceis notvalid.

6. Experimental Results

In this section,we give experimentalevidencethatHMJ
is superiorto other non-blocking join algorithms (e.g.,
XJoin[21] andthe Progressie Merge Join (PMJ)[7]). The
experimentsn this sectionaredividedinto threecategories:

Flushing policy. The objective of this setof experi-
mentsis to studythe effect of different ushing poli-
cieson theperformancef HMJ.

Fast and reliable networks. This setof experiments
compareghe performanceof HMJ to both XJoin and

PMJin the caseof fastandreliablenetworks,i.e., the

sourcesareneverblocked.

Slow and bursty networks. This setof experiments
compareghe performanceof HMJ to both XJoin and
PMJin the caseof slow andbursty networks(i.e., the
sourcesaresubjecto blocking).

All theexperimentsn this sectionareconductedn Intel
PentiumVV CPU1.4GHzwith 256MB RAM runningLinux
2.4.4. HMJ, XJoin, andPMJareimplementedising GNU
C++. Unlessmentionedotherwise,the datasetinvolved
in the join operationcontains1,000,00Ctuples. Join keys
are uniformity distributedin a rangeof 2,000,000values.
The memorysizeis setto accommodatd 0% of the input
data. For most of the experiments,we measurethe time
and|/O neededo producethe kth outputtuple. For large
outputresults,a typical userwould be interestedin only
the rst few results. Thus,the distribution of dataandthe
join selectvity doesnotaffecttheexperimentalesultssince
we are not interestedn the whole result. Instead,we are
interestednly in the rst few results.

6.1 Flushing Policy
In this setof experimentswe studytwo aspectselated

tothe ushing policy implementationnsideHMJ. First,we
studytheimpactof the numberof hashingbucketsusedin
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Figure 9. The impact of ushing size.

thehashingphase Secondyve studytheimpactof different
ushing policies. Theresultsareshonn for theexperiments
performedin the caseof fastandreliable networks. How-
ever, similar resultsare obtainedwhen applyingthe same
experimentgo slow andburstynetworks.

6.1.1 Number of Hash Buckets

In theseexperimentswe aim to specifythe bestvaluefor

the parameterp; the percentagef the numberof ushed

bucketsto the total numberof hashbuckets. (referto Sec-
tion 3.3). Experimentsare performedusing the Adaptive
Flushingpolicy. Similar performances achiezedwhenus-
ing other ushing policies. Figure 9a gives the effect of

varyingp from 1% to 100%on the numberof producede-

sultsfrom the hashingphase As discussedn Section4, as
morein-memorybucketsare ushed, thereis alesschance
of producingjoin resultsfrom the hashingphasepasically

becausaen incomingtupleshave lesschanceo bejoined

with existing in-memorytuples.However, asgivenby Fig-

ure9b, ushing morememoryresultsn muchlessl/O over

head. As a compromisesettingp to about5% achievesa

trade-of betweerproducingin-memoryresultsin the hash-
ing phaseandlessl/O in thememing phase For thefollow-

ing experimentswe setp to 5%.

6.1.2 Differ ent Flushing Policies

The experimentin Figure 10 is designedo testtheimpact
of different ushing policieson the performanceof HMJ.
Mainly, we comparethe Flush All, Flush Smallest and
AdaptiveFlushingpolicieswith respecto thetime andl/O
neededo producehekth result. For the AdaptiveFlushing
policy, we setthe acceptabléucket sizea to be the aver
agebucket size(i.e., M =h), whereM is the memorysize,
andh is the numberof hashbuckets. The balancingfactor
bis setto be M =5. Thesevaluesfor a andb give the best
performancdor the AdaptiveFlushingpolicy. Notice that
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we do notincludethe Flush Largestpolicy in our compar
ison, sincethe Flush Largestpolicy is a specialcaseof the
AdaptiveFlushingpolicy by settinga= 0,b= M.

In Figure 10, we noticethatall policiesresultin a plot-
ting with almosttwo segments. The sggmentwith higher
slopeindicateghejoin resultsthatareproducedn thehash-
ing phase.The secondsegmentwith lower slopeindicates
thejoin resultsproducedn the memging phase.For exam-
ple, the AdaptiveFlushingpolicy produceslO0K tuplesin
the hashingphase. Figure 10a givesthe time requiredto
producethekth resultof HMJ. The AdaptiveFlushingpol-
icy always outperformsthe other policies. The Flush All
policy producedessresultsduringthehashingphasedueto
the factthatnewly incomingtupleshave lesschanceto be
joinedwith in-memorytuples.Figure10bgivesthenumber
of I/O's requiredto producethe kth result. For early join
results(e.g.,upto 100K results) the AdaptiveFlushingpol-
icy hasthe bestperformanceHowever, duringthe meiging
phasethe Flush All policy slightly outperformsthe Adap-
tive Flushing policy dueto the fact that having large size
bucketson disk would reducethe numberof I/O's. For the
restof experimentswe useHMJ with the AdaptiveFlush-

ing policy.
6.2 Fastand Reliable Networks

In this section,we considerinput datafrom distributed
sourceswith similar arrival ratesvia a fastandreliablenet-
work. Thus,thereis no blocking behaior. In the exper
iments,we join two sourceswith 1M dataitemsfor each.
The outputresultis around550K tuples. However, we fo-
cusonly in the rst 200K results.Figurellagivesthetime
requiredto producethekth tuple. HMJ consistentlyoutper

forms XJoin and PMJ for up to 200K results. Both HMJ

andXJoin producel00K resultsduringthe hashingohases,
while PMJ producess0K resultsin the rst phase(sorting

phase). However, it takes around90 secondsrom XJoin

to nish thehashingphasewhile thehashingphasén HMJ

takesaround60 secondsThemainreasorfor theef ciency

of the hashingphasein HMJ is dueto the ushing policy,

wherethe ushed bucketsaresmartlychoserto keeproom

for having morein-memoryjoin results.

Figure1llbgivesthenumberof I/Osrequiredto produce
the kth outputtuple. For up to 100K, bothHMJ andXJoin
have less1/O than PMJ. This behaior is mainly because
both HMJ and XJoin ush small bucketsin their hashing
phaseratherthan ushing the whole memoryasin PMJ.
Oncethe sorting phaseof PMJ is done,large bucketsare
organizedon disk. Thus,thenumberof 1/0sin themerging
phaseof PMJis lessthanthenumberof I/Os in themeiging
phaseof HMJ. If we consideronly producingearly results
up to 100K, thenHMJ is clearly superiorin termsof both
time andl/O.

Figure12 considerghe casewhentheinput dataarrives
from two sourceswith differentarrival rates. The arrival
rateof inputdatafrom sourceA is vetimesthearrival rate
of datafrom sourceB. The resultsin the meming phase
almosthave the samebehaior asin Figure11. However,
in the hashingphase,both HMJ and XJoin are more sta-
ble to the variationsin arrival ratesthanPMJ. Also, unlike
Figure11, the hashingphaseof HMJ is nished beforethe
hashingphaseof XJoin. The mainreasons thatusingthe
AdaptiveFlushingpolicy in HMJ alwayskeepshe memory
balancedvenif thedataarrival is not.

Figure 13 givesthe time requiredto producethe rst
1000results. In this experiment,we vary the memorysize
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from 2% to 50% of the input data. We plot only HMJ
againstPMJ. XJoin hasperformancesimilar to thatof HMJ
asboth algorithmsrely on the original symmetrichashing
join for producingthe rst few results.For verysmallmem-
ory sizeg(lessthan5%),PMJneeddo ush thewholemem-
ory morethanonceto getthe rst 1000results. With the
increasen memorysize,the numberof ushes decreases,
thusbettertime is achieved. However, with theincreasan
memory PMJdoesnot produceary resultstill the memory
is exhaustedThus,thetimeto Il thememoryis increased
with theincreaseof memorysize. For HMJ, increasinghe
memorysize doesnot affect the performance.ln-memory
join resultsare producedwithout the needto Il the mem-
ory.

6.3 Slow and Bursty Networks

In this section,we considerthe caseof slow andbursty
networks. We assumehatdataarrivesfrom thetwo sources
A and B with Pareto distribution; a distribution that is
widely usedin caseof slowv and bursty networks [5]. A
datasourceis consideredo be blocked if no tuple arrives
within a certaintime thresholdT. Figure 14a givesthe
time for producingthe kth result. Both HMJ andPMJhave
a step-like performancedue to the switching betweenthe

rst phase(i.e., the hashingphasein HMJ andthe sorting
phasen PMJ)andthe merging phase XJoin doesnot have
suchbehaior because<Join operateon threestages.The
rst stageis the hashingwhile the secondstageis joining
betweernmemorypartitionswith disk partitions. The third
stageis a cleaningstage(startsafter 200K tuple) thatjoins
in-disk partitions. The third stageof XJoin takes control
whentheinputdatais nished.

Theoverall performancef HMJ outperformsXJoinand
PMJ.Themainreasoris theef ciency of thehashingphase
in HMJ. This canbenoticedfrom theslopeof eachsegment
in Figure1l4a.ComparingPMJwith HMJ, the slopeof sey-
mentsthat correspondo the rst phaseis lower for HMJ
indicatingthatmoreresultsareproduced Ontheotherside,
for theseggmentghatrepresenthemerging phasetheslope
of PMJsggmentss lower thanthoseof HMJ.

Although XJoin hasthe samehashingphaseas that of
HMJ, HMJ outperformsXJoin during the hashingphase.
The main reasonis that the AdaptiveFlushing policy em-
ployedby HMJ keepsthe memorybalancecandmalkesuse
of the propertieof thehashingphase Ontheotherside,the

ushing policy employedby XJoin (ush thelargestbucket

from only one source)resultsin an unbalancednemory
Thus, the hashingphaseof XJoin may not producemary
resultsasin HMJ.

Figure 14b givesthe numberof 1/0s neededo produce
the kth result. HMJ hassimilar I/0O performanceas that
of PMJfor the rst 200K results. The mainreasorfor the
I/O performanceof PMJis that PMJ ushes large buckets
into disk. XJoin clearly hasthe worst performanceof 1/0,
mainly becuas@f ushing smallmemoryblocksinto disk.
Generally when the interestis only in the earlierresults,
HMJ is betterthan XJoin and PMJ in both time and 1/O
performance.

7. Conclusion

This paper proposesthe Hash-mege join algorithm
(HMJ, for short);anon-blockingjoin algorithmfor produc-
ing fastandearlyjoin results.HMJ works on ervironments
wherethedataarecomingfrom differentsourcesia aslow
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andbursty network. HMJ canproducejoin resultsevenif
oneor bothsourcesareblocked. HMJ hastwo phasesThe
rst phase(the hashingphase)is responsiblefor produc-
ing fastand early join resultsby emplogying a hash-based
in-memoryjoin algorithm. The secondphase(the mery-
ing phase)is responsiblefor producingjoin resultswhen
the two input sourcesare blocked by employing a re ne-
mentversionof the traditionalin-disk sort-mege join al-
gorithm. An elegant ushing policy (termedthe Adaptive
Flushingpolicy) is employedin HMJ to link boththehash-
ing and meiging phases.The AdaptiveFlushing policy is
responsiblgor ushing memorypartitionsinto disk. The
correctnes®f HMJ with respectto completenessi.e., all
outputtuplesareproduced)anduniquenesgi.e., no dupli-
cateresultsare produced)is proved. Comprehensie ex-
perimentalresultsshav that the performanceof HMJ out-
performstwo state-of-the-anon-blockingjoin algorithms,
XJoin[20, 21] andthe progressie memgejoin (PMJ)[7, 8],
in termsof the I/O andtime neededo produceearly join
results.
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