
DOI: 10.4018/IJDWM.2017070103

International Journal of Data Warehousing and Mining
Volume 13 • Issue 3 • July-September 2017


Copyright©2017,IGIGlobal.CopyingordistributinginprintorelectronicformswithoutwrittenpermissionofIGIGlobalisprohibited.



Extended Adaptive Join Operator with Bind-
Bloom Join for Federated SPARQL Queries
Damla Oguz, Institute of Research in Computer Science of Toulouse (IRIT), Paul Sabatier University, Toulouse, France 
& Department of Computer Engineering, Izmir Institute of Technology, Izmir, Turkey & Department of Computer 
Engineering, Ege University, Izmir, Turkey

Shaoyi Yin, Institute of Research in Computer Science of Toulouse (IRIT), Paul Sabatier University, Toulouse, France

Belgin Ergenç, Department of Computer Engineering, Izmir Institute of Technology, Izmir, Turkey

Abdelkader Hameurlain, Institute of Research in Computer Science of Toulouse (IRIT), Paul Sabatier University, Toulouse, France

Oguz Dikenelli, Department of Computer Engineering, Ege University, Izmir, Turkey

ABSTRACT

Thegoalofqueryoptimizationinqueryfederationoverlinkeddataistominimizetheresponsetime
andthecompletiontime.Communicationtimehasthehighestimpactonthemboth.Staticquery
optimizationcanendupwithinefficientexecutionplansduetounpredictabledataarrivalratesand
missingstatistics.Thisstudyisanextensionofadaptive joinoperatorwhichalwaysbeginswith
symmetrichashjointominimizetheresponsetime,andcanchangethejoinmethodtobindjointo
minimizethecompletiontime.Theauthorsextendadaptivejoinoperatorwithbind-bloomjointo
furtherreducethecommunicationtimeand,consequently,tominimizethecompletiontime.They
comparethenewoperatorwithsymmetrichashjoin,bindjoin,bind-bloomjoin,andadaptivejoin
operatorwithrespecttotheresponsetimeandthecompletiontime.Performanceevaluationshows
thattheextendedoperatorprovidesoptimalresponsetimeandfurtherreducesthecompletiontime.
Moreover,ithastheadaptationabilitytodifferentdataarrivalrates.

KEyWORDS
Adaptive Query Optimization, Bloom Filter, Distributed Query Processing, Join Methods, Linked Data, Query 
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1. INTRODUCTION

Astheincreaseinthenumberofdatasourcesonlinkeddata,adistributeddataspaceonthewebis
generated.Thishugeglobaldataspacecanbeautomaticallyqueriedbyusingtwoapproachescalled
linktraversal(Hartig,Bizer,&Freytag,2009)andqueryfederation(Görlitz&Staab,2011a).The
firstapproachisbasedondiscoveringpotentiallyrelevantdatabyfollowingthelinksbetweenthem.
Inotherwords,itfindstherelateddatasourcesduringthequeryexecution.Thesecondapproach,
queryfederation,dividesthequeryintosubqueriesanddistributesthemtotheSPARQLendpointsof
therelevantdatasources.Theintermediateresultsfromthedatasourcesareaggregatedandthefinal
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resultsaregenerated.Althoughbothapproacheshavetheadvantageofprovidingup-to-dateresults,
linktraversalcannotguaranteefindingallresultsbecausetherelevantdatasourceschangeaccording
tothestartingpoint.Forthisreason,wefocusonthequeryfederationapproach.

Theobjectiveof engines inquery federation is tominimizeboth the response timeand the
completiontime.Responsetimeisthetimetogeneratethefirstresulttuple,whereascompletiontime
isthetimetoprovideallresulttuples.Responsetimeandcompletiontimeincludecommunication
time,I/OtimeandCPUtime.Sincethecommunicationtimedominatesothercosts,themainobjective
ofthefederatedqueryenginescanbestatedastominimizethecommunicationcost.Staticquery
optimization(Selinger,Astrahan,Chamberlin,Lorie,&Price,1979)isnotadequateforfederated
queries, because they are executed over the SPARQL endpoints of the selected distributed data
sourcesontheweb,andthedataarrivalratesareunexpected.Moreover,mostofthestatisticsabout
thedatasourcesaremissingorunreliable.Theseconstraintsshowthatadaptivequeryoptimization
(Deshpande,Ives,&Raman,2007)isanecessityforqueryfederationoverlinkeddata.

Adaptivequeryoptimizationhasbeenstudiedindetailinrelationaldatabases(Babu&Bizarro,
2005;Deshpandeetal.,2007;Morvan&Hameurlain,2009;Gounaris,Tsamoura,&Manolopoulos,
2013).However,itisanewresearchareaforlinkeddata.Thereareonlytwoengineswhichconsider
adaptivequeryoptimizationforfederatedqueriesoverSPARQLendpoints:ANAPSID(Acosta,Vidal,
Lampo,Castillo,&Ruckhaus,2011)andADERIS(Lynden,Kojima,Matono,&Tanimura,2010,
2011).Thefirstoneproposesanon-blockingjoinmethodbasedonsymmetrichashjoin(Wilschut
&Apers,1991)andXjoin(Urhan&Franklin,2000),whilethesecondoneusesacostmodelfor
dynamicallychangingthejoinorder.Otherthanthese,AVALANCHE(Basca&Bernstein,2010,
2014)collectsstatisticalinformationaboutrelevantdatasourcesandthengeneratesitsexecutionplan
toprovidethefirstktuples.Inaddition,thereareseveralstudieswhichconcentrateonjoinordering
forSPARQLqueriesbyusingdifferenttechniquessuchasevolutionaryalgorithms(Oren,Guéret,
&Schlobach,2008;Hogenboom,Milea,Frasincar,&Kaymak,2009)andantcolony(Hogenboom,
Frasincar,&Kaymak,2013;Kalayci,Kalayci,&Birant,2015).Tothebestofourknowledge,adaptive
joinoperator(Oguz,Yin,Hameurlain,Ergenc,&Dikenelli,2016)isthefirststudywhichaimsto
reduceboththeresponsetimeandthecompletiontimeforqueryfederationoverSPARQLendpoints.

Asmentionedabove,thecommunicationcostisthedominantcostindistributedenvironments.
Bloomfilter(Bloom,1970),whichisaspaceefficientdatastructure,iswidelyusedinrelational
databases(Mackert&Lohman,1986;Mullin,1990;Michael,Nejdl,Papapetrou,&Siberski,2007;
Ives&Taylor,2008).Itisutilizedindifferentlinkeddatataskssuchasidentityreasoning(Williams,
2008)anddatasourceselection(Hose&Schenkel,2012).Bloomfilterisalsoemployedtoreduce
thecommunicationcostintwostudiesoflinkeddata(Basca&Bernstein,2014;Groppe,Heinrich,
&Werner,2015).

Inthispaper,wepresentanextendedversionofourpreviouswork(Oguzetal.,2016)in
whichadaptivejoinoperatorisproposed.Thenewcontributionsofthispaperareasfollows:
i)Weimproveourpreviousproposalwithbind-bloomjoin(Basca&Bernstein,2014;Groppe
etal.,2015)forbothsinglejoinqueriesandmulti-joinqueriesbyincludingbind-bloomjoin
to thecandidate joinmethods. ii)Wepresentadetailedperformanceevaluationstudywhich
shows theadvantageofournewproposal. iii)Weextendour relatedworkwithnewstudies
andcomparisonofadaptivequeryoptimizationmethodsinqueryfederation.Ouroperatoruses
symmetrichashjoininthebeginningtominimizetheresponsetime,andcanchangethejoin
methodtobindjoinorbind-bloomjoin.Bind-bloomjoin,shortlycanbedefinedasakindofbind
joinenhancedwithbloomfilterinordertominimizethecommunicationtime.Itisexplained
indetailinthefollowingsection.Performanceevaluationshowsthattheextendedoperatorhas
boththeadvantageofoptimalresponsetimeandtheadaptationabilitytodifferentdataarrival
rates inorder tominimizethecompletiontime.Moreover, itprovidesfastercompletiontime
thanourpreviousoperatorinalltestcases.
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Therestofthepaperisorganizedasfollows:Section2introducesourapproachforbothsingle
joinqueriesandmulti-joinqueries.Section3presentstheresultsanddiscussionsonperformance
evaluation.Section4coverstherelatedworkandSection5concludesthepaper.

2. PROPOSED EXTENDED ADAPTIVE JOIN OPERATOR

Inourpreviouswork(Oguzetal.,2016),wehaveproposedanadaptivejoinoperatorforfederated
queriesoverlinkeddataendpoints,calledAJO.Italwaysbeginswithsymmetrichashjoininorder
tominimizetheresponsetime,andwhenallthetuplesofarelationarrive,itestimatestheremaining
timesforsymmetrichashjoinandbindjoininordertominimizethecompletiontime.Itchanges
thejoinmethodtobindjoinifitestimatesthatitismoreefficientthansymmetrichashjoin.Inthis
paper,weproposeanextendedversionofAJOwithbind-bloomjoininordertofurtherreducethe
communicationtime.Inthissection,wefirstexplaintheprinciplesofsymmetrichashjoin,bind
join,bloomfilter,andbind-bloomjoin.Second,wepresentourproposalforsinglejoinqueriesand
multi-joinqueries.

2.1. Background
Symmetrichashjoin(Wilschut&Apers,1991)maintainsahashtableforeachrelation.Thus,itis
anon-blockingjoinmethodwhichproducesthefirstresulttupleasearlyaspossible.Inotherwords,
itisgoodatresponsetime.Bindjoin(Haas,Kossmann,Wimmers,&Yang,1997),whichisthemost
popularjoinmethodamongthefederatedqueryengines(Oguz,Ergenc,Yin,Dikenelli,&Hameurlain,
2015),passesthebindingsoftheintermediateresultsoftheouterrelationtotheinnerrelationto
filtertheresultset.Itprovidesgoodcompletiontimewhenthecardinalitiesofthefirstrelationand
theintermediateresultsarelow.Equation1andEquation2showthecostfunctionsofthesejoin
methodsthatarethevariationsoftheformulasin(Quilitz&Leser,2008).R1andR2arerelations,
card(R)isthenumberoftuplesinR,c

tR
isthetransfercostofRforoneresulttuple,andR2ꞌisthe

relationwiththebindingsofR1:

cost R1( ⋈
SHJ t t
R card R c card R c

R R
2 1 2

1 2
) = ( ) ⋅ + ( ) ⋅  (1)

cost R1( ⋈
BJ t t t
R card R c card R c card R c

R R R
2 1 1 2

1 2 2
) = ( ) ⋅ + ( ) ⋅ + ( ) ⋅'  (2)

Bloomfilter(Bloom,1970)isadatastructurewhichrepresentsasetofelementsinabitvector
withalowrateoffalsepositives.TheideaistorepresentasetS ={e1,e2,e3,...,en}ofnelementsin
avectorvofmbits.Initiallyallthebitsaresetto0.Then,kindependenthashfunctions,h1,h2,...,hk,
withrange{1,...,m}areused.Foreachelementei∈S,thebitsatpositionsh1(e1),h2(e1),...,hk(e1)
invaresetto1.Givenaqueryforej,thebitsatpositionsh1(ej),h2(ej),...,hk(ej)arechecked.Ifany
ofthemis0,certainlyejisnotinthesetS.Otherwise,ejisacceptedasamemberofsetS,although
thereisaprobabilitythatitisnotamember(Fan,Cao,Almeida,&Broder,2000).Independentof
thesizeoftheelements,lessthan10bitsperelementarerequiredfora1%falsepositiveprobability
(Bonomi,Mitzenmacher,Panigrahy,Singh,&Varghese,2006).

Weproposetousebbitspereachelementandkhashfunctionstominimizethefalsepositiverate
(Fanetal.,2000).WeproposeacustomSPARQLfunctionCheckBloom(?commonAttribute,?bitVector)
whichreturnstrueifthepositionscorrespondingtoh1(?commonAttribute),h2(?commonAttribute),..
.,hk(?commonAttribute)aresetto1inbloomfilter?bitVector.Weexplaintheadvantageofusinga
bloomfilterinbindjoinbyusingthefederatedqueryexampleinListing1.Initially,thefirstsubquery
isexecutedon:service1andthenthesecondsubqueryisexecutedon:service2withthebindingsof
thefirstsubqueryasshowninListing2.Theintermediateresultsfrom:service1canbeseenfrom
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Table1.Querysizeisproportionaltothenumberofintermediateresults,andthecommunication
costincreasesasthenumberofintermediateresultsincreases.Inordertodecreasethiscost,bind
joincanbeemployedbyusingabloomfilterasshowninListing3.BloomFilterisabitarraywhose
lengthinbitsisequaltomultiplicationofthenumberofdistinctcommonattributevaluesandbbits.
Sinceourproposalusesbbitspereachintermediateresult,thesizeofthebloomfilterinbitsisequal
tomultiplicationofthenumberofdistinctcommonattributevaluesandbbits.Ontheotherhand,
bindjoincanbemoreefficientthanbind-bloomjoininsomecasesaccordingtothenumberoffalse
positivesandthesizeoftheresultset.Forthisreason,ourproposalestimatestheremainingtimesof
bindjoinandbind-bloomjoinwhenthetuplesofarelationallarrive.

Listing1:Federatedqueryexample

SELECT * WHERE 
 { 
   SERVICE <:service1> {?student :name :studentName.} 
   SERVICE <:service2> {?student :enroll ?course.} 
 }

Listing2:Bindquery

SELECT * WHERE   
{ 
  ?student :enroll ?course. 
  FILTER (?student=:student_1 || 
                   ...        || 
          ?student=:student_n) 
}

Listing3:Bindquerywithbloomfilter

PREFIX ex:<http://irit.fr/bloom/>
SELECT * WHERE  
{ 
   ?student:enroll ?course . 
   FILTER (ex:CheckBloom(?student, 
               ″BloomFilter″) ) 
}

Table 1. Intermediate results

Line Student

1 student_1

2 student_2

... ...

n student_n
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2.2. Extended Adaptive Join Operator for Single Join Queries
ExtendedadaptivejoinoperatorforsinglejoinqueriesisdepictedinAlgorithm1.Firstly,wesend
countqueriestotheendpointsofdatasetsR1andR2inordertolearntheircardinalities.Wealways
beginwithsymmetrichashjoininordertominimizetheresponsetime.Duringtheexecution,when
allthetuplesfromonedatasetarriveandthetuplesfromtheotherdatasetcontinuetoarrive,we
estimatetheremainingtimesofcontinuingwithsymmetrichashjoin,switchingtobindjoin,and
switchingtobind-bloomjoin.Wedecidethejoinmethodaccordingtothesecostestimations.Ifwe
switchtobindjoinorbind-bloomjoin,weemittheduplicateresultsofsymmetrichashjoinwith
bindjoinorbind-bloomjoin.Thecardinalityestimationformulaandtheremainingtimeestimation
formulasarepresentedinthefollowingsubsections.

2.2.1. Cardinality and Remaining Time Estimations
Equation3showsthecostfunctionofbindjoinwhereRiandRjarerelations,|R|isthenumberof
tuplesinR,c

tR
isthetransfercostofRforeachresulttuple,andRjꞌistherelationwiththebindings

ofRi.Inordertoestimatetheremainingtimesofbindjoinandbind-bloomjoin,weneedtheestimated
cardinalityofthesecondrelationwhichisreducedbythebindingsofthefirstrelation,namelyRjꞌ:

cost R
i( ⋈

BJ j i t i t j t
R R c R c R c

Ri Rj Rj
) = ⋅ + ⋅ + ⋅'  (3)

Algorithm1.Extendedadaptivejoinoperatorforsinglejoinqueries

1  |R1| ← cardinality of R1 received from the COUNT query
2  |R2| ← cardinality of R2 received from the COUNT query
3  |R1arrived

| ← cardinality of arrived R1 tuples
4  |R2

arrived
| ← cardinality of arrived R2 tuples

5  Set JOIN method as Symmetric Hash Join (SHJ)
6  while (|R1

arrived
| < |R1| or |R2

arrived
| < |R2|) do

7       if (|R1
arrived

| == |R1| and |R2
arrived

| < |R2| or
        |R2

arrived
| == |R2| and |R1

arrived
| < |R1|) then

8          ERT
SHJ
 ← estimated remaining time (ERT) if continued with SHJ

9          ERT
BJ
 ← ERT if switched to Bind Join (BJ)

10         ERT
BBJ
 ← ERT if switched to Bind-Bloom Join (BBJ)

11         Set MIN_ERT to the minimum among ERT
SHJ
, ERT

BJ
 and ERT

BBJ

12         if (MIN_ERT == ERT
BJ
) then

13             Set JOIN method as BJ
14             Emit the duplicate results of SHJ and BJ
15         end
16         if (MIN_ERT == ERT

BBJ
) then

17             Set JOIN method as BBJ
18             Emit the duplicate results of SHJ and BBJ
19         end
20      end
21 end

Equation4depictsthecardinalityestimationformulawhere|Ri⋈Rj_arrived|isthecardinalityof
Ri⋈Rj_arrived,|Rj|isthecardinalityofRj,|Rj_arrived|isthecardinalityofarrivedtuplesofRj,andADF
(Ri,Rj) is theaverageduplication factorofRioneachcommonattributevalueofRiandRj.The
formulaforADF(Ri,Rj)isdepictedinEquation5where|Ri|isthecardinalityofRiand|Ri_uca|isthe
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isthecardinalityofuniquecommonattributevaluesinRi.WeuseEquation4inordertocalculate
theestimatedcardinalityofRjꞌwhenallthetuplesofRiarrive.Weexpectthatthereisadirectional
proportionbetweenthejoincardinalityandthenumberoftuplesofRj:

R

R R R

R

ADF R Rj estimation

i j arrived j

j arrived

i j
_

_

_'

.

,
= ( )

��

 (4)

ADF R R
R

R
i j

i

i uca

,
_

( ) =  (5)

Asstatedearlier,whenallthetuplesofRiarrive,thealgorithmestimatestheremainingtimeif
extendedadaptivejoinoperatorcontinueswithsymmetrichashjoin,theremainingtimeifitchanges
thejoinmethodtobindjoin,andtheremainingtimeifitchangesthejoinmethodtobind-bloomjoin.
WehaveanideaaboutthedataarrivalrateofRjduringtheexecution,sotheestimationispossible.
Equation6showstheestimatedremainingtime,ERTSHJ,ifextendedadaptivejoinoperatorcontinues
withsymmetrichashjoinwhere|Rj|isthecardinalityofRj,|Rj_arrived|isthecardinalityofarrivedtuples
ofRj,andtRj_arrivedisthetimeforRj_arrivedtuplestoarrive:

ERT
R R t

R
SHJ

j j arrived R

j arrived

j arrived=
−( )⋅_

_

_  (6)

Equation7showstheestimatedremainingtime,ERTBJ,ifthealgorithmswitchestobindjoin.
|Ri_uca|istheisthecardinalityofuniquecommonattributevaluesinRi,tSTisthetimeforsending
oneresulttupletotheSPARQLendpointofRj(≈tRj_arrived/|Rj_arrived|),and|Rj_estimationꞌ|istheestimated
cardinalityofRjwhichisreducedbythebindingsofRi.|Rj_arrived|isthecardinalityofarrivedtuples
ofRj,andtRj_arrivedisthetimeforRj_arrivedtuplestoarrive.Theestimatedremainingtimeforbind
joinincludessendingalltuplesofRi_ucatotheendpointofRj,andtheretrievingtimeofRjꞌfrom
theendpointofRj:

ERT R t
R t

R
BJ i uca ST

j estimation R

j arrived

j arrived= ⋅( )+
⋅

_

_

_

'
_  (7)

Equation8showstheestimatedremainingtime,ERTBBJ,ifthealgorithmswitchestobind-
bloomjoinwherebisthenumberofbitspereachelement,|Ri_uca|isthecardinalityofunique
commonattributevaluesinRi,drjisthedataarrivalrate(inbits/seconds)oftheSPARQLendpoint
(≈s(|Rj_arrived|)/|Rj_arrived|,wheres(|Rj_arrived|isthesizeofRj_arrivedtuplesinbits),|Rj_estimationꞌ|isthe
estimatedcardinalityofRjreducedbythebindingsofRi,|fp|istheestimatedcardinalityoffalse
positives,|Rj_arrived|isthecardinalityofarrivedtuplesofRj,andtRj_arrivedisthetimeforRj_arrived
tuples to arrive. The estimated remaining time for bind-bloom join includes sending unique
commontuplesofRiinabloomfiltertotheendpointofRj,andtheretrievingtimeofRjꞌfrom
theendpointofRj:
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ERT
b R

dr

R fp t

R
BBJ

i uca

j

j estimation R

j arriv

j arrived=
⋅

+
+( ) ⋅_ _

_

'
_

eed

 (8)

2.3. Extended Adaptive Join Operator for Multi-Join Queries
Inmulti-joinqueries,webeginwithmulti-waysymmetrichashjoin(Viglas,Naughton,&Burger,
2003)inordertominimizetheresponsetimeasinsinglejoinqueries.Thealgorithmformulti-
joinqueriesisdepictedinAlgorithm2.Whenthetuplesfromarelationallarrive,calledRi,the
algorithmestimates the remaining times if theextended joinoperator switches tobind joinor
bind-bloomjoinforeachrelationwhichhasacommonattributewithRi.Thealgorithmchooses
therelationwiththeminimumestimatedbindjoincostandtheminimumestimatedbind-bloom
cost,calledRj.Itcomparestheestimatedremainingtimesifitchangesthejoinmethodtobind
joinorbind-bloomjoinforRi⋈Rjwiththeestimatedremainingtimeiftheoperatorcontinues
withmulti-waysymmetrichashjoinforallrelations.Theaboveprocedureisrepeatedeverytime
arelationiscompletelyreceived.

2.3.1. Cardinality and Remaining Time Estimations
Weusethesameformula,Equation4,forsinglejoinqueriesandmulti-joinqueriestoestimatethe
cardinalityofthesecondrelationreducedbythebindingsofthefirstrelation.Weneedthisestimation
inordertocalculatetheestimatedremainingtimeifextendedadaptivejoinoperatorswitchestobind
joinorbind-bloomjoin.

Equation 9 shows the estimated remaining time if the operator continues with multi-way
symmetrichashjoin.Completiontimeisequaltothemaximumcompletiontimeoftherelations
whichcomposethequery:

ERT
R R t

RMSHJ

k k arrived R

k arrived

k arrived=
−( )⋅




max

| |

_

_

_








∈ ( )where k n 1 2, ,..,  (9)

Equation10showstheestimatedremainingtimeifextendedadaptivejoinoperatorusesbindjoin
forRiandRj,andusesmulti-waysymmetrichashjoinfortheotherrelationswhichareinvolvedin
thequery.TheestimatedtimeiftheoperatorusesbindjoinforRiandRjisdepictedinEquation11.
|Ri_uca|isthecardinalityofuniquecommonattributevaluesinRi,tSTisthetimeforsendingoneresult
tupletotheSPARQLendpointofRj(≈_tRj_arrived/|Rj_arrived|),|Rj_estimationꞌ|istheestimatedcardinalityof
RjwhichisreducedbythebindingsofRi,|Rj_arrived|isthecardinalityofarrivedtuplesofRj,tRj_arrived
isthetimeforRj_arrivedtuplestoarrive.ERTrestistheestimatedremainingtimefortherestofother
relationstoarriveanditiscalculatedbyusingEquation12:

ERT ET ERT
BJ R BJ R restij ij_ _

max ;= ( )  (10)

ET R t
R t

R
BJ R i uca ST

j estimation R

j arrived
ij

j arrived

_ _

_

_

'
_= ⋅( )+

⋅
 (11)
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ERT
R R t

Rrest

k k arrived R

k arrived

k arrived=
−( )⋅




max

| |

_

_

_








∈ ( ) ≠ ≠where k n and k i k j  1 2, ,.., ,  (12)

Algorithm2.Extendedadaptivejoinoperatorformulti-joinqueries

1  S ← {R1
, R

2
, …, R

n
}

2  Send COUNT queries to the endpoints of R
1
, R

2
, …, R

n

3  MIN_ERT
BJ
 = MIN_ERT

BBJ
 ← ∞

4  MIN_ET
BJ
 = MIN_ET

BBJ
 ← ∞

5  BJ_Candidate = BBJ_Candidate ← φ
6  Start MSHJ(S)
7  while (S is not empty) do
8       if (all the tuples of R

i
 arrive) then

9          ERT
MSHJ

 ← estimated remaining time (ERT) if continued with MSHJ
10         foreach R

j
 having a common attribute with R

i
 do

11            ERT
BJ_Rij

 ← ERT if switched to BJ for R
i
 and R

j

              ERT
BBJ_Rij

 ← ERT if switched to BBJ for R
i
 and R

j

              ET
BJ_Rij

 ← estimated time for BJ between R
i
 and R

j

              ET
BBJ_Rij

 ← estimated time for BBJ between R
i
 and R

j

12            if (ERT
BJ_Rij

 < MIN_ERT
BJ
) then

13               MIN_ERT
BJ
 ← ERT

BJ_Rij

14               MIN_ET
BJ
 ← ET

BJ_Rij

15               BJ_Candidate ← {R
i
, R

j
}

16            end
17            if (ERT

BBJ_Rij
 < MIN_ERT

BBJ
) then

18               MIN_ERT
BBJ
 ← ERT

BBJ_Rij

19               MIN_ET
BBJ
 ← ET

BBJ_Rij

20               BBJ_Candidate ← {R
i
, R

j
}

21            end
22         end
23         if (MIN_ERT

BJ
 <= ERT

MSHJ
) then

24            if (ET
BBJ_Rij

 < ET
BJ_Rij

) then
25               R

i
+ ← BBJ (R

i
, R

j
)

26               S ← S - BBJ_Candidate + {R
i
+}

27               Run MSHJ(S) and eliminate duplicate results
28            end
29            R

i
+ ← BJ (R

i
, R

j
)

30            S ← S - BJ_Candidate + {R
i
+}

31            Run MSHJ(S) and eliminate duplicate results
32         end
33      end
34 end

Equation13showstheestimatedremainingtimeiftheextendedadaptivejoinoperatorswitches
tobind-bloomjoinforRiandRj,andusesmulti-waysymmetrichashjoinfortheotherrelationswhich
areinvolvedinthequery.Theestimatedtimeiftheoperatorusesbind-bloomjoinforRiandRjis
depictedinEquation14.bisthenumberofbitspereachelement,|Ri_uca|isthecardinalityofRi,and
drjisthedataarrivalrate(inbits/seconds)oftheSPARQLendpoint(≈s(|Rj_arrived|)/|Rj_arrived|,where
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s(|Rj_arrived|isthesizeofRj_arrivedtuplesinbits).|Rj_estimationꞌ|istheestimatedcardinalityofRjreduced
bythebindingsofRi, |fp|istheestimatedcardinalityoffalsepositives,|Rj_arrived|isthecardinality
ofarrivedtuplesofRj,andtRj_arrivedisthetimeforRj_arrivedtuplestoarrive.WeuseEquation4and
Equation12inordertocalculate|Rj_estimationꞌ|andERTrest,respectively:

ERT ET ERT
BBJ R BBJ R restij ij_ _

max ;= ( )  (13)

ET
b R

dr

R fp t

R
BBJ R

i uca

j

j estimation R

j ar
ij

j arrived

_

_ _

_

'
_=

⋅
+

+( ) ⋅
rrived

 (14)

3. PERFORMANCE EVALUATION

Inthissection,firstweexplaintheexperimentalenvironment,andthenpresentevaluationonthe
performancesofsymmetrichashjoin/multi-waysymmetrichashjoin,bindjoin,bind-bloomjoin,
adaptive joinoperatorandextendedadaptive joinoperator for single joinqueriesandmulti-join
queries.Thefocusoftheevaluationisontheirperformanceswithrespecttotheresponsetimeand
thecompletiontime.Speedup1comparisonbetweenourpreviousproposal,adaptivejoinoperator
(Oguzetal.,2016),andextendedadaptivejoinoperatorisalsopresentedtobeself-containedandto
showthecontributionofournewproposal.

Querycostindistributedenvironmentsismainlydominatedbythecommunicationcost(Ozsu
&Valduriez,2011).Weconductedourexperimentsinthenetworksimulatorns-32tosimulatethe
realnetworkconditionsandconsidermainlythecommunicationcost.Weassumethatthesizeof
allqueriesisthesameandeachresulttupleisconsideredtohavethesamesizeaswell.Eachquery
sizeisacceptedas500bytes,whereaseachresulttuplesizeisemployedas250bytes.Eachcount
querysizeisassumedas750bytesandthemessagesizeissetto100tuples.Eachselectivityfactor
is0.5/max(cardinalityofR1,cardinalityofR2)(Shekita,Young,&Tan,1993).Wesetthelow,
mediumandhighcardinalityas1000tuples,5000tuplesand10000tuples,respectively.Average
duplicationfactorsonthecommonattributesofrelationsareassignedrandomlybetween1and5,
bothinclusive.Averageduplicationfactor=1meansthattherearenotanyduplicates,whileaverage
duplicationfactor=5meansthatthereare5duplicatespervalueinaverageonthecommonattributes
oftherelations.Forthisreason,weraneachtest100timeswhenweassignedtheduplicationfactors
randomly.Insomecases,wefixedtheaverageduplicationfactorsinordertounderstandtheimpact
oftheduplicationfactorsaswell.Weused8bitspereachelementand6hashfunctionsforbloom
joinwithbloomfilter.Weconductedthesimulationswithdifferentdataarrivalratesasexplainedin
thefollowingsections,howeverwealwaysfixedtheirdelaysto10ms.

3.1. Performance Evaluation for Single Join Queries
Inthissubsection,wecompareextendedadaptivejoinoperator(EAJO)withsymmetrichashjoin
(SHJ),bindjoin(BJ),bind-bloomjoin(BBJ)andadaptivejoinoperator(AJO)intwocases.Weaim
toshowtheimpactofdatasizesinthefirstcase,whereaswefocusontheeffectofdifferentdata
arrivalratesinthesecondcase.Inaddition,wecompareAJOandEAJOwithdifferentm / nvalues
andkindependenthashfunctionswheremreferstothenumberofbitsinthebitvector,andnrefers
tothenumberofelementsintheset.

3.1.1. Impact of Data Sizes
ThebehavioursoftheSHJ,BJ,BBJ,AJOandEAJOwereanalyzedwhenthedataarrivalratesof
bothendpointswerefixedto0.5MbpswhilethedatasizesofR1andR2werechanged.Inorderto
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analyzeallconditions,weevaluatedtheresponsetimeandthecompletiontimewhenthedatasizes
ofR1andR2werelow-low(LL);low-medium(LM);low-high(LH);medium-low(ML);medium-
medium (MM); medium-high (MH); high-low (HL); high-medium (HM) and high-high (HH),
respectively.Averageduplicationfactorsonthecommonattributesofrelationsweregivenrandomly
between1and5,bothinclusive.

AsFigure1.ashows,BBJandBJhavetheworstresponsetimeinallconditions,whereasSHJ,
AJOandEAJObehavesimilarly.AsthedatasizeofR1increases,theresponsetimesofBJandBBJ
increaseaswell,duetowaitingforthearrivalofallresultsofR1andsendingtheuniquecommon
attributes to theendpointofR2.BBJprovidesaslightlybetterresponse timethanBJdueto the
usageofbloomfilterforsendingthecommonattributes.Ontheotherhand,SHJ,AJOandEAJO
cangeneratethefirstresulttupleassoonasthereisamatchbetweenR1andR2,withoutwaitingfor
alltuplesofR1toarrive.

AsshowninFigure1.b,thecompletiontimeofBBJisalwaysshorterthanBJ’sduetothebloom
filterusage.Forthisreason,weconsiderthecompletiontimesofBBJinsteadofBJ’sforcomparing
withothers.Whenthecardinalitiesarelow-medium,low-highandmedium-high,(i.e.,|R1|<|R2|),
BBJ’scompletiontimeistheshortest.However,EAJO’scompletiontimeisquitesimilartoBBJ’s
becauseitchangesthejoinmethodtoBBJwhenitdecidesthatitismoreefficientthanSHJorBJ.
EAJOperforms thebestwhen thecardinalitiesof relationsaremedium-low,high-lowandhigh-
medium(i.e.,|R1|>|R2|),respectively.WhenthecardinalitiesofR1andR2arethesame,SHJ,AJO
andEAJOprovidethebestperformanceincompletiontimeatthesametime.Thedataarrivalrates
andthecardinalitiesoftherelationsarethesameinthesecases.Asaresult,allthetuplesofboth
relationsarriveatthesametime.SHJisthemostefficientjoinmethodforthesecases.Therefore,both
AJOandEAJOdecidetocontinuewithSHJinsuchcases.Toconcludethecomparisonofcompletion
times,wecansaythatEAJOhasthecapabilitytochoosethemostefficientjoinmethodduringthe
execution.Forthisreason,itprovidesorsharesthebestcompletiontimeinsixofnineconditions.
Also,itprovidessimilarcompletiontimetothebestjoinmethodintheremainingthreeconditions.

Figure1.cshowsthespeedupincompletiontimebyEAJOcomparedtoAJO.Asshowninthe
figure,whenthecardinalitiesofrelationsaredifferent,EAJOprovidesspeedupbetween17.8%and
19.4%.Thereasonofthedifferencebetweenthespeeduppercentagesisbasedonthedifferentaverage
duplicationfactors.WecansaythespeedupofEAJOcomparedtoAJOis18.2%inaverage.EAJO
doesnotprovidespeedupwhenthecardinalitiesofrelationsarethesame,becausebothAJOand
EAJOdecidetocontinuewithSHJforthereasonsexplainedpreviously.

3.1.2. Impact of Data Arrival Rates
Inthiscase,wefixedthedataarrivalrateofR1andchangedthedataarrivalrateofR2.Weconducted
thesimulationsfortwodifferentcardinalityoptions:i)lowcardinalityofR1andhighcardinalityof
R2;ii)highcardinalityofR1andlowcardinalityofR2.Averageduplicationfactorsonthecommon
attributesofrelationsweregivenrandomlybetween1and5,bothinclusive.However,wefixedthe
averageduplicationfactorswhenwecalculatedthespeedupofEAJOcomparedtoAJOinorderto
understandtheimpactoftheduplicationfactorsaswell.
3.1.2.1. Low Cardinality of R1 and High Cardinality of R2
Weconductedthesimulationsfortwodifferentconditions:i)whenthedataarrivalrateofR1was
fixedto2Mbps,andii)whenthedataarrivalrateofR1wasfixedto0.5Mbps.AsFigures2.aand
2.bshow,theresponsetimesofBJandBBJarealwayslongerthanSHJ,AJOandEAJO.Thegap
betweentheresponsetimesofBJandBBJ;andtheothersincreaseswhenthedataarrivalrateof
R2getsslower.SHJprovidestheshortestresponsetimeinbothconditions.AJOandEAJOprovide
almostthesameresponsetimeduetobeginningwithSHJ.Thatistosay,SHJ,AJOandEAJOare
thebestintermsofresponsetimeatthesametime.
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Figure 1. Data arrival rates of R1 and R2 are fixed

Figure 2. Data sizes of R1 and R2 are fixed with card(R1) << card(R2)
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AsshowninFigure2.c,thecompletiontimeofBBJisalwaysshorterthanBJduetothebloom
filterusage.Forthisreason,weusethecompletiontimeofBBJinsteadofthecompletiontimeof
BJwhenwecomparethecompletiontimesofoperators.BBJprovidestheshortestcompletiontime
forallconditionsbecausethefirstrelation’scardinalityislowanditsdataarrivalrateisrelatively
fast.Asthedataarrivalrateofthesecondrelationgetsfaster,EAJOprovidessimilarcompletion
timewithBBJ.ThecompletiontimeofEAJOisalwaysfasterthanSHJandAJO.Figure2.dshows
thecompletiontimecomparisonwhenthefirstrelation’sdataarrivalrateisfixedto0.5Mbps.BBJ
providestheshortestcompletiontimeuntilthesecondrelation’sdataarrivalrateis4.5Mbps.However,
EAJOhasalmostthesamecompletiontimewithBBJduetoitsabilitytochangethejoinmethodto
BBJduringtheexecution.Whenthesecondrelation’sdataarrivalrateisfasterorequalto5.5Mbps,
SHJprovidestheshortestcompletiontime.Inthesecases,AJOandEAJOhavethesamecompletion
timeduetocontinuingwithSHJ.Thatistosay,thewinnerofcompletiontimeischangedaccording
tothedataarrivalrates.However,EAJOcanchoosethebestjoinmethodduringtheexecution.

Table2showsthespeedupincompletiontimeofEAJOcomparedtoAJOwhenthedataarrival
rateofR1isfixedto2MbpsandthedataarrivalrateofR2ischanged.Theusedaverageduplication
factorsare1,2and5,respectivelywhere1meanstherearenotanyduplicates.Foreachdataarrival
rateofR2,AJOandEAJOchangethejoinmethodtoBJandBBJ,respectively.AlthoughEAJO
providesspeedupinallcasesduetodecreasingthedatasizeofuniquecommonattributesbyusinga
bloomfilter,thespeedupdecreasesasthesecondrelation’sdataarrivalrateincreases.Thereasonof
thisdecreaseinthespeedupisbecauseoftheeffectofthedecreaseinthesizeofthesentdataasthe
networkspeedincreases.Anotherkeypointtorememberisthatthespeedupremainsquitesimilar
afteracertainpointduetothesamereason.Table3showsthespeedupgainedbyEAJOwhenthe

Table 2. Speedup for card(R1) << card(R2) when data arrival rate of R1 is 2 Mbps

Data Arrival Rate of R2 
in Mbps

Average Duplication Factors

1 2 3

0.5 35.28% 22.53% 11.57%

1.5 25.65% 13.99% 7.07%

2.5 20.39% 10.71% 5.70%

3.5 15.99% 8.47% 4.80%

4.5 12.51% 7.44% 4.47%

5.5 10.55% 6.81% 4.32%

6.5 9.64% 6.37% 4.24%

Table 3. Speedup for card(R1) << card(R2) when data arrival rate of R1 is 0.5 Mbps

Data Arrival Rate of R2 
in Mbps

Average Duplication Factors

1 2 3

0.5 30.61% 18.62% 9.16%

1.5 17.29% 8.72% 4.20%

2.5 12.41% 6.08% 3.12%

3.5 9.75% 4.91% 2.71%

4.5 - 4.27% 2.51%
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firstrelation’sdataarrivalrateisfixedto0.5Mbps.Inthiscase,EAJOprovidesspeedupuntilthe
secondrelation’sdataarrivalrateisequalorfasterthan4.5Mbps,becausebothAJOandEAJO
decidetocontinuewithSHJafterthisdataarrivalrate.AsshowninbothTable2andTable3,the
speedupdecreasesastheduplicationfactorincreases.
3.1.2.2. High Cardinality of R1 and Low Cardinality of R2
Weagainconductedthesimulationsfortwodifferentconditions: i)whenthedataarrivalrateof
R1wasfixedto2Mbps,andii)whenthedataarrivalrateofR1wasfixedto0.5Mbps.Theresults
observedfromFigure3.aandFigure3.baresimilartotheresultsinFigure2.aandFigure2.b.Since
thecardinalityofthefirstrelationishighinthiscase,responsetimesofBJandBBJaredramatically
longerthanSHJandalsolongerthanAJOandEAJOasexpected.TheresponsetimesofSHJ,AJO
andEAJOarenearlythesame.

AsshowninFigure3.c,thecompletiontimeofEAJOisthebestinallconditions.SHJ,BJand
BBJwaitthearrivalofalltuplesrelatedtothefirstrelationwhosecardinalityishigh.However,AJO
andEAJOcanchangethejoinmethodandthejoinorderwhenthesecondrelation’stuplesallarrive.
ComparedtoAJO,EAJOhastheadvantageofchangingthejoinmethodtoBBJ.Figure3.dshows
thecompletiontimecomparisonwhenthefirstrelation’sdataarrivalrateisfixedto0.5Mbps.The
resultsaresimilartothepreviousone.EAJO’scompletiontimeistheshortestonceagain.Thegap
betweentheothersisevenhigher.

Table4andTable5showthegainedspeedupincompletiontimebyEAJOcomparedtoAJO.Inall
conditions,bothAJOandEAJOchangethejoinorderasR2⋈R1.ThegainedtimeofEAJOcompared
toAJOremainsthesame,becausetheuniquecommonattributesaresenttotheendpointofR1andits
dataarrivalrateisfixed.However,overalltimedecreasesuptoacertainvalueasthedataarrivalrate
ofR2increases.Forthisreason,thespeedupincreasesuptothatcertainvalueforbothconditionsas
thedataarrivalrateofR2increases.Thespeedupalsoincreasesastheduplicationfactordecreases.

Figure 3. Data sizes of R1 and R2 are fixed with card(R1) >> card(R2)
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3.1.3. Impact of Bit Vector Size
Asexplainedintheprevioussections,abloomfilterrepresentsasetS ={e1,e2,e3,...,en}ofnelements
inavectorvofmbits.Initiallyallthebitsaresetto0.Then,kindependenthashfunctions,h1,h2,
...,hk,withrange{1,2,...,m}areused.Inthispart,weanalyzetheimpactofm/nbychanging
itbetween2and22.Ineachm/nvalue,weusedthenumberofhashfunctions,k,whichminimizes
thefalsepositiverate(Fanetal.,2000).Them/nandkcombinationsusedinourexperimentscanbe
seenfromTable6.Wefixedthedataarrivalratesofbothendpointsto2Mbpsandthecardinalities
ofrelationstolowandhigh,respectively.First,averageduplicationfactorsonthecommonattribute
ofrelationsweregivenrandomlybetween1and5,bothinclusive.Second,theaverageduplication
factorsweresetto2.

Figure4.ashowstheachievedspeedupincompletiontimebyEAJOcomparedtoAJOindifferent
m/nvalueswhentheaverageduplicationfactorsarerandom.Theresultsobservedfromtheexperiment
appearstosuggestthatthegainedspeedupisnotaffectedbythem/nvaluewhenitisbetween6and
20,inclusively.Thebestperformanceisprovidedwhenthem/nisequalto8.

Figure4.bshowsthegainedspeedupincompletiontimebyEAJOwhentheaverageduplication
factorsaresetto2.TheresultsaresimilartotheresultsinFigure4.a.Sincethem/nisbetween8and
16,thespeedupvaluesarealmostthesame.

3.1.4. Discussion on the Performance Evaluation for Single Join Queries
ThesimulationresultsdemonstratedthatSHJprovidesthebestresponsetimeperformanceinall
conditionsduetobeinganon-blockingjoinoperatorwhichproducesthefirstresulttupleasearlyas

Table 4. Speedup for card(R1) >> card(R2) when data arrival rate of R1 is 2 Mbps

Data Arrival Rate of R2 
in Mbps

Average Duplication Factors

1 2 3

0.5 14.47% 7.12% 3.53%

1.5 20.92% 10.89% 5.58%

2.5 22.80% 12.08% 6.26%

3.5 23.24% 12.37% 6.42%

4.5 23.24% 12.37% 6.42%

5.5 23.24% 12.37% 6.42%

Table 5. Speedup for card(R1) >> card(R2) when data arrival rate of R1 is 0.5 Mbps

Data Arrival Rate of R2 
in Mbps

Average Duplication Factors

1 2 3

0.5 30.61% 18.62% 9.16%

1.5 33.51% 21.00% 10.60%

2.5 35.28% 22.53% 11.57%

3.5 37.37% 24.40% 12.81%

4.5 37.37% 24.40% 12.81%

5.5 39.80% 26.69% 14.39%

6.5 39.80% 26.69% 14.39%
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possible.Ourpreviousandcurrentproposals,AJOandEAJOrespectively,providealmostthesame
responsetimewithSHJduetosettingthejoinmethodasSHJinthebeginning.Theresponsetimes
ofBJandBBJaredramaticallylongerbecauseofwaitingforalltuplesofthefirstrelationtoarrive.

Ontheotherhand,BJorBBJcanprovidebettercompletiontimeswhenthefirstrelation’scardinality
islowandthesecondrelation’scardinalityishigh.However,ourpreviousproposalAJOcanchangethe
joinmethodtoBJ,andournewproposalEAJOcanchangethejoinmethodtoBJorBBJinthiscondition.

EAJOprovidesthebestcompletiontimewhenthefirstrelation’scardinalityishighandthe
secondrelation’scardinalityislow.Thisconclusionisvalidinalldataarrivalcombinationsthatwe
havetested.

Toconclude,SHJisthemostsuccessfuljoinmethodinresponsetime.However,thebestjoin
methodincompletiontimecandifferaccordingtotherelations’cardinalitiesandtheirdataarrivalrates.
Inaddition,theresultsshowedthatBBJprovidesbettercompletiontimesthanBJinallconditions.
Theseresultsseemtosuggestthatusingbloomfiltersinbindjoinisanecessity.Ourproposal,EAJO,
providesanoptimalresponsetimebybeginningwithSHJ.Italsoprovidesanoptimalcompletion
timebychangingthejoinmethodorjoinorderduringtheexecution.Inbrief,EAJOgivesthebest
tradeoffbetweentheresponsetimeandthecompletiontime.Anotherkeyfacttorememberisthat
EAJOalwaysprovidesbettercompletiontimethanAJO.

Table 6. The m/n and k combinations used for bloom filter

m/n k

2 1

4 3

6 4

8 6

10 7

12 8

14 10

16 11

18 12

20 14

22 15

Figure 4. Speedup of EAJO compared to AJO when m/n and k combinations used
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3.2. Performance Evaluation for Multi-Join Queries
Inthissubsection,wecompareEAJOwithmulti-waysymmetrichashjoin(MSHJ),BJ,BBJ,andAJO
whentherearethreerelationsinthequery.Aqueryexamplethatweuseinourexperimentsisshown
below.R1(service1)andR2(service2)haveacommonattribute,?student,R2andR3(service3)
haveacommonattribute,?course.

SELECT? student? level? course? instructorName WHERE { 
       SERVICE <:service1> { ?student:name:studentName . 
                               ?student:level ?level . } 
       SERVICE <:service2> { ?student:enroll ?course . } 
       SERVICE <:service3> { ?course:instructor ?instructorName . }  
}

3.2.1. Impact of Data Sizes
Sinceouraiminthiscaseistoshowtheimpactofdatasizes,wefixedthedataarrivalratesofall
relationsto0.5Mbpsandthedelaysto10milliseconds.Weconductedourexperimentswhenthe
datasizesofR1,R2,R3werelow-low-low(LLL);low-medium-high(LMH);low-high-high(LHH);
high-medium-low(HML);high-high-low(HHL);andhigh-high-high(HHH).

AsshowninFigures5.a,5.band5.c,inallcases,MSHJ,AJOandEAJOprovidethebestresponse
timewhereasBJperformstheworstresponsetimeandBBJfollowsit.WhenthecardinalityofR1
ishigh,theresponsetimesofBJandBBJbecomedramaticallylongerduetowaitingforthearrival
ofallresultsofR1.Astheduplicationfactorincreases,theresponsetimesofBJandBBJshorten
duetothedecreaseinthenumberofuniquecommonattributevalues.Inotherwords,thenumberof
attributevaluestosendtotheotherendpointsisdecreasedastheaverageduplicationfactorincreases.
AlthoughtheresponsetimesofBJandBBJdecreaseastheaverageduplicationfactorincreases,their
responsetimesaredramaticallylongerthanMSHJ,AJOandEAJO.

Figures5.d,5.eand5.fshowthecompletiontimesofMSHJ,BJ,BBJ,AJOandEAJOwhenthe
dataarrivalratesofallrelationsarefixed.WhenthecardinalitiesareHMLorHHL,EAJOperforms
thebestcompletiontimeandAJOhastheclosestcompletiontimetoit.ThedifferencebetweenEAJO
andothers,exceptAJO,isdramaticallyhigh.Whenthecardinalitiesofallrelationsarethesame,
namelyLLLorHHH,MSHJ,AJOandEAJOsharethebestcompletiontimewhereasBJperformsthe
worst.WhenthecardinalitiesareLMHorLHH,BBJperformstheshortestcompletiontime.EAJO’s
completiontimeisthesecondbestwhentheaverageduplicationfactorsare1.BJperformsslightly
betterthanEAJOwhentheaverageduplicationfactorsare2or5.Toconclude,EAJOperformsor
sharesthebestcompletiontimeinfourofsixcasesduetohavingtheadaptationability.

Table7showsthespeedupincompletiontimeofEAJOcomparedtoAJOwhenthedata
arrivalratesofR1,R2andR3arefixed.EAJOprovidesspeedupfrom6.40%to31.33whenthe
cardinalitiesofrelationsaredifferent.Althoughthespeedupisnotaffectedbythecardinalities
of relations, it increasesas theaverageduplication factorsdecrease.EAJOdoesnotprovide
speedupwhenthecardinalitiesofrelationsarethesame,becausebothAJOandEAJOdecide
tocontinuewithMSHJ.

3.2.2. Impact of Data Arrival Rates
InordertoshowtheimpactofdataarrivalratesonMSHJ,BJ,BBJ,AJOandEAJO,wefixedthe
dataarrivalratesofR1andR3to2MbpsandchangedthedataarrivalrateofR2.Weconductedthe
simulationsfortwodifferentcardinalityoptions:i)lowcardinalityofR1,highcardinalityofR2,and
highcardinalityofR3(LHH);ii)highcardinalityofR1,highcardinalityofR2,andlowcardinality
ofR3(HHL).LHHandHHLarechosenbecauseEAJOperformstheworstandthebestcompletion
timesamongtheirresultswithothercombinationsintheprevioussection.Sinceweshowedtheeffect
ofaverageduplicationfactorspreviously,wefixedtheaverageduplicationfactorsto2inthesecases.
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3.2.2.1. Low Cardinality of R1, High Cardinality of R2, High Cardinality of R3
Figure6.ashowstheresponsetimesofMSHJ,BJ,BBJ,AJOandEAJOwhenthecardinalitiesof
relationsarelow,highandhighrespectively.Asshowninthefigure,responsetimesofMSHJ,AJO
andEAJOarealmostthesamewhereasBJ’sandBBJ’sresponsetimesarehighlyslower.

Figure 5. Data arrival rates of R1, R2 and R3 are fixed

Table 7. Speedup of EAJO compared AJO when data arrival rates are fixed

Data Sizes ofR1, R2 and 
R3

Average Duplication Factors

1 2 3

LMH 31.33% 16.55% 6.40%

LHH 31.33% 16.55% 6.40%

HML 31.33% 16.55% 6.40%

HHL 31.33% 16.55% 6.40%
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Figure6.bindicatesthatthecompletiontimesinascendingorderareofBBJ,BJ,EAJO,AJO
andMSHJ.Whenthefirstrelation’scardinalityislowanditsdataarrivalisrelativelyfast,BBJand
BJprovidebettercompletiontimes.ThecompletiontimeofMSHJistheworstoneinallcasesdue
tohavingthedisadvantageofwaitingallthetuplesofR2andR3.However,AJOandEAJOchange
theirjoinmethodstoBJandBBJ,respectively,whenthetuplesofthefirstrelationallarrive.Thus,
EAJOperformsalmost thesamecompletion time toBJ,andprovidesslightlyworsecompletion
timethanBBJ.BBJ’sandBJ’sbothresponsetimesandcompletiontimeswouldincrease,ifthefirst
relation’scardinalityweremediumorhigh.

Figure6.cshowsthespeedupincompletiontimeofEAJOcomparedtoAJOwhenthedataarrival
rateofR1isfixedto2MbpsandthedataarrivalrateofR2ischangedwithcard(R1)<<card(R2)
=card(R3).Asshowninthefigure,thespeedupdecreasesasthesecondrelation’sdataarrivalrate
increases.Thereasonofthisdecreaseinthespeedupisbecauseoftheeffectofthedecreaseinthe
sizeofthesentdataasthenetworkspeedincreases.
3.2.2.2. High Cardinality of R1, High Cardinality of R2, Low Cardinality of R3
TheresultsobservedfromFigure7.aaresimilartotheresultsinFigure6.a.BJandBBJhavethe
worstresponsetimeagain,whereasMSHJ,AJOandEAJOhavealmostthesameresponsetime.Since
thecardinalityofthefirstrelationishighinthiscase,responsetimesofBJandBBJaredramatically
longerthanothers.

AsshowninFigure7.b,EAJOprovidesthebestcompletiontimeinallcases.Thecompletion
timesinascendingorderareofEAJO,AJO,MSHJ,BBJ,andBJwhenthesecondrelation’sdata
arrivalrateisequalorfasterthan1.5Mbps.EAJOandAJOhavetheadvantageofusingBJorBBJ
whenthetuplesofR3allarrivewhosecardinalityislow.EAJOoutperformsAJOinallcasesdueto
theusageofbloomfilterforsendingthecommonattributes.

Figure 6. Data sizes of R1, R2 and R3 are fixed with card(R1) << card(R2) = card(R3)
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Figure7.cshowsthespeedupincompletiontimeofEAJOcomparedtoAJOwhenthedata
arrivalrateofR1 isfixedto2MbpsandthedataarrivalrateofR2 ischangedwithcard(R1)=
card(R2)>>card(R3).Thespeedupisgainedduetotheusageofbloomfilterandhencesending
lessdatasizethroughthenetwork.Thespeedupdecreasesasthesecondrelation’sdataarrivalrate
increases,becausetheeffectofthedecreaseinthesizeofthesentdatadecreasesasthenetwork
speedincreases.TheresultsarethesamewiththeresultsinFigure6.c.ThecardinalitiesofR1,R2
andR3arelow-high-highandhigh-high-lowinthesecases,respectively.Thecommonattributes
existbetweenR1-R2;andR2-R3.Inthefirstcase,whenthecardinalitiesarelow-high-high,first
thetuplesofR1allarrive,andAJOandEAJOchangethejoinmethodforR1andR2toBJorBBJ,
respectively.Inthesecondcase,whenthecardinalitiesarehigh-high-low,firstthetuplesofR3all
arrive,andAJOandEAJOchangethejoinmethodforR3andR2toBJorBBJ,respectively.Forthis
reason,theachievedspeedupsarethesameinbothcases.

3.2.3. Discussion on the Performance Evaluation for Multi-Join Queries
ThesimulationresultsshowedthatMSHJ,whichisanon-blockingjoinmethod,providesthebest
responsetimeinallconditions.AJOandEAJOprovidealmostthesameresponsetimewithMSHJ
duetosettingthejoinmethodasMSHJatthebeginning.TheresponsetimesofBJandBBJare
dramaticallylongerbecauseofwaitingthearrivalofalltuplesbelongingtothefirstrelation.

TheresultsalsodemonstratedthatBBJprovidesthebestcompletiontimewhenthefirstrelation’s
cardinality is lowandtheotherrelations’cardinalitiesaremediumorhigh.However,EAJOcan
change the joinmethod toBBJ in these conditions.On theotherhand,EAJOprovides thebest
completiontimewhenthefirstrelation’scardinalityishigh.Thisconclusionisvalidinalldataarrival
combinationsthatwehavetested.

Inconclusion,MSHJisthebestjoinmethodinresponsetime.However,thebestjoinmethodin
completiontimediffersaccordingtotherelations’cardinalitiesanddataarrivalrates.EAJOprovides

Figure 7. Data sizes of R1, R2 and R3 are fixed with card(R1) = card(R2) >> card(R3)
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anoptimalresponsetimebybeginningwithMSHJandanoptimalcompletiontimebychangingthe
joinmethodorjoinorderduringtheexecution.WecanconcludethatEAJOgivesthebesttradeoff
betweentheresponsetimeandthecompletiontime.WealsoemphasizethatEAJOalwaysprovides
bettercompletiontimethanAJO.

4. RELATED WORK

Linkeddatacontainstwoaspects:i)awayofpublishingandconnectingstructureddataontheweb,
andii)thecollectionofinterrelateddatasourcesontheweb.Therearetwomainapproachestoquery
thesedatasourceswhicharelinktraversal(Hartigetal.,2009)andqueryfederation(Görlitz&Staab,
2011a).Bothapproacheshavetheadvantageofprovidingup-to-dateresultsduetodistributedquery
processing.However,linktraversalhastheweaknessofnotguaranteeingfindingallresultsandhas
someperformanceproblems.Becauseofthesereasons,weturnourattentiontothesecondapproach.

Queryfederationisperformedviaanenginethatdistributesthequeryexecutionoverafederation
ofSPARQLendpointsandhasthefollowingmainsteps:i)datasourceselection,ii)queryoptimization,
andiii)queryexecution.Datasourceselectionisresponsibleforselectingtherelevantdatasourcesfor
eachtriplepatternwhichcomposesthequery.Queryoptimizationgroupsthetriplepatterns,decides
thejoinstrategyandthejoinorder.Thelaststepisresponsiblefortheexecutionofthequeryplan
whichisdecidedbythequeryoptimizer.

Theobjectiveofthefederatedqueryenginescanbestatedastominimizetheresponsetimeand
thecompletiontimewhichincludecommunicationtime,I/OtimeandCPUtime.Thecommunication
timedominatestheothersindistributedenvironments.Sincethesubqueriesandintermediateresults
aretransmittedoverthewebofdata,thecommunicationcostisaffectedbytheamountofintermediate
results.Itissubstantiallyaffectedbythejoinorderandthejoinmethodwhicharedecidedinthe
queryoptimizationphase.

Staticqueryoptimizationandheuristicsarewidelyusedinqueryfederation(Quilitz&Leser,
2008;Görlitz&Staab,2011b;Schwarte,Haase,Hose,Schenkel,&Schmidt,2011;Wang,Tiropanis,
&Davis,2013).However,federatedqueryprocessingisdoneonthedistributeddatasourcesonthe
webwhichcausesunpredictabledataarrivalrates.Inaddition,mostofthestatisticsaremissingor
unreliable.Forthesereasons,wethinkthatadaptivequeryoptimization(Deshpandeetal.,2007)isa
needinthisunpredictableenvironment.ANAPSID(Acostaetal.,2011)andADERIS(Lyndenetal.,
2010,2011)arethetwoqueryfederationengineswhichuseadaptivequeryoptimization.ANAPSID
usesanon-blockingjoinmethodbasedonsymmetrichashjoin(Wilschut&Apers,1991)andXjoin
(Urhan&Franklin,2000).ADERIS(Lyndenetal.,2010)joinstwopredicatetablesastheybecome
complete,whereasADERIS(Lyndenetal.,2011)employsacostmodelfordynamicallychanging
thejoinorder.Also,AVALANCHE(Basca&Bernstein,2010,2014)considersadaptivity.Itcollects
statisticalinformationaboutrelevantdatasourcesandthengeneratesitsexecutionplantoprovide
thefirstktuples.Ourpreviousproposal(Oguzetal.,2016),tothebestofourknowledge,isthefirst
studythatconsidersanadaptivejoinoperatorthataimstoreduceboththeresponsetimeandthe
completiontimewhenqueryexecutionisdoneoverSPARQLendpoints.Inthispaper,wepresent
theimprovedversionofitwhichachievestofurtherminimizethecompletiontime.

Table8showsthecomparisonofadaptivequeryoptimizationinqueryfederationdependingon
thefollowingcriteria:

• Server (S):Indicatesthetypeoftheserverforpublicationandqueryingoflinkeddata.SPARQL
Endpoints(se)andtriplepatternfragmentservers(tpfs)arethepossiblevalues;

• Join Method (JM):Showstheusedjoinmethodsinthestudieswhicharecategorizedasnested
loopjoin(nlj),indexnestedloopjoin(inlj),symmetrichashjoin(shj),bindjoin(bj),andbind-
bloomjoin(bbj);
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• Type of Statistics (ToS):Statesofthecollectiontimeofstatisticswhichhasthefollowingvalues:
runtime(rt)andmetadata(md);

• Frequency of Feedback (FoF):Showsthelevelofmodificationandhastwopossiblevalues:
inter-operator(inter)andintra-operator(intra);

• Type of Event (ToE):Showsthecasetriggeringthedecisionandhastwovalueswhicharedata
arrivalrates(dar)andany;

• Logical Plan (LP):Displaysthequeryplanmodificationsatthelogicallevelandarecategorized
asreformulationoftheremainingplan(rf),operatorreordering(op_ro),andnoeffects(no)for
adaptivequeryoptimizationinrelationaldatabasesbyGounarisetal.(Gounaris,Paton,Fernandes,
&Sakellariou,2002).Reformulationoftheremainingplanincludestheoperatorreordering;

• Physical Plan (PP): Represents the query plan modifications at the physical level and are
categorizedasusageofadaptiveoperators(uao),operatorreplacement(op_rep),andnoeffects
(no)forrelationaldatabasesbyGounarisetal.(Gounarisetal.,2002);

• Type of Modification (ToM):Canbeemployedasrescheduling(rs),dynamicoperator(do),
andreschedulingandreplacement(rs & rp).

AsshowninTable8,ADERIS,ANAPSID,AVALANCHE,AJOandEAJOuseadaptivequery
optimization for the queries over SPARQL endpoints, whereas nLDE employs adaptive query
optimizationforqueriesovertriplepatternfragments.TheproposalsfortheSPARQLendpointsprefer
tocollectthestatisticsinruntimeduetounreliableormissingstatistics.Therefore,up-to-dateness
ofstatisticsisprovided.Ontheotherhand,nLDEusesmetadatacatalogsforthestatisticsbecause
triplepatternfragmentscontainbothdata,metadataandcontrols.

ThesecondparameterinTable8isthejoinmethod.Bindjoinisusedbyallthestudies,except
nLDE, and nested loop join is employed by ADERIS and nLDE. ANAPSID proposes two join
methodswhichareagjoinandadjoin.Thefirstoneisanon-blockingjoinmethodwhichisbasedon
symmetrichashjoinandXJoin.Thesecondoneistheextendedversionofdependentjoin(Florescu,
Levy,Manolescu,&Suciu,1999)whichsendstherequesttotheseconddatasourcewhentuples
fromthefirstsourcearereceived.Adjoincanbeacceptedasabindjoinbecauseitneedsthebindings.
AsillustratedinTable8,ANAPSID,AJO,nLDEandEAJOhavetheopportunitytoproduceresults
incrementallysincetheyusesymmetrichashjoin.AVALANCHEdefinesitsjoinmethodasdistributed
joinanditemploysbloomfilteroptimisedjoinstoreducecommunicationcost.Thedifferencebetween
distributedjoinandbindjoinisnotexplainedintheirpapers.Wecategorizeitsjoinmethodsasbind
joinandbind-bloomjoin.Inbrief,AVALANCHEandEAJOcanusebind-bloomjoinwhichhasthe
advantageofdecreasethecompletiontime.

Table 8. Comparison of adaptive query optimization in query federation

S JM ToS FoF ToE LP PP ToM

ADERIS
(Lyndenetal.,2011) se inlj/bj rt inter any op_ro uao rs

ANAPSID
(Acostaetal.,2011) se shj/bj rt intra dar no uao do

AVALANCHE
(Basca&Bernstein,2014) se bj/bbj rt inter dar op_ro no rs

nLDE
(Acosta&Vidal,2015) tpfs shj/nlj md intra any op_ro no rs

AJO
(Oguzetal.,2016) se shj/bj rt intra dar rf op_rep rs&rp

EAJO se shj/bj/bbj rt intra dar rf op_rep rs&rp
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Thethirdparameterforthecomparisonisthefrequencyoffeedback.Thestudiesininter-operator
levelcollectfeedbackfromdifferentphysicaloperatorsandreacttotheexecutionofthemaccordingto
thefeedback.Ontheotherhand,feedbackiscollectedduringtheprocessingofthephysicaloperator
intheintra-operatorlevel.Thelimitofcollectioncanvaryfromasingletupletoablockoftuples
(Gounarisetal.,2002).ADERISandAVALANCHEhavetheinter-operatorfeedbackfrequency,
whereasANAPSID,nLDE,AJOandEAJOhavetheintra-operatorone.ANAPSID’sfeedbackbelongs
tousinganadaptiveoperator.Thedifferencebetweentheintra-operatorofnLDEandAJO/EAJOis
basedontheamountofaccumulateddatabeforereacting.AlthoughnLDEchecksthefeedbackfor
eachtuple,AJOandEAJOdoitwhenalltuplesofarelationarrive.Thenextparameteristhetype
ofevent.ANAPSID,AVALANCHE,AJOandEAJOfocusondataarrivalrates,whereasADERIS
andnLDEchecktheirdecisionsateachstep.

AJOandEAJOdistinguish fromotherswhenweconsider thesixthandseventhparameters
inTable8,namelylogicalplanandphysicalplan.Differentfromothers,AJOandEAJOprovide
reformulationoftheremainingplanatthelogicallevel,andoperatorreplacementatthephysical
levelbytheabilityofchangingboththejoinorderandthejoinmethod.

Thelastcomparisonparameteristhetypeofmodification.ANAPSID’stypeofmodification
belongstoadynamicoperator,whereasthetypesofmodificationofADERIS,AVALANCHEand
nLDEarereschedulingduetochangingthejoinorderfortherestofthequery.AJOandEAJO,besides
rescheduling,coverreplacementwhichhasthemeaningofchangingthejoinmethod.

5. CONCLUSION

Inthispaper,wepresentedanadaptivejoinoperatorforsinglejoinqueriesandmulti-joinqueries
whichisanextendedversionofourpreviouswork(Oguzetal.,2016).Weimprovedourprevious
adaptivejoinoperatortofurtherreducethecommunicationcost.Forthisreason,weintegratedbind-
bloomjointoouroperator.Ournewproposalalwaysbeginswithsymmetrichashjoin(multi-way
symmetrichashjoinformulti-joinqueries)inordertoprovideoptimalresponsetime.Itcanchange
thejoinmethodtobindjoinorbind-bloomjoinwhenitdecidesthatthecandidatejoinmethodis
moreefficientthansymmetrichashjoinfortherestofthequery.

Theresultsoftheperformanceevaluationshowedtheefficiencyoftheproposedjoinoperator.
Comparedtosymmetrichashjoinandmulti-waysymmetrichashjoin,itprovidesfastercompletion
timesandalmostthesameresponsetimes.Comparedtobindjoinandbind-bloomjoin,theextended
operatorperformssubstantiallybetterwithrespecttotheresponsetimeanditcanalsoimprovethe
completiontime.Furthermore,theextendedoperatorprovidesfastercompletiontimethanourprevious
operatorinallconditions,becauseitusesabloomfilterforsendingthecommonattributestotheother
endpoint.Experimentalresultsalsoshowedthatbind-bloomjoinprovidesbettercompletiontimes
thanbindjoininallconditions.Theseresultsallowustosuggestusingbloomfiltersinbindjoin.
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