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ABSTRACT

Keywordsearchesbasedonthekeywords-to-SPARQLtranslationisattractingmoreattentionbecause
ofagrowingnumberofexcellentSPARQLsearchengines.Currentapproachesforkeywordsearch
basedonthekeywords-to-SPARQLtranslationsufferfromreturningincompleteanswersorwrong
answersduetoalackofunderlyingschemainformation.Toovercomethesedifficulties,inthisarticle,
weproposeanewkeywordsearchparadigmbytranslatingkeywordqueriesintoSPARQLqueries
forexploringRDFdata.Aninter-entityrelationshipsummarywithcompleteschemainformationis
distilledfromtheRDFdatagraphforcomposingSPARQLqueries.Toavoidpotentiallywasteful
summarygraphexpansion,wedevelopanewsearchprioritizationschemebycombiningthedegree
ofavertexwiththedistancefromtheoriginalkeywordelement.Startingfromtheorderedpriority
listthatisbuiltinadvance,weapplytheforwardpathindextofasterfindthetop-ksubgraphs,which
arerelevanttotheconjunctionoftheenteringkeywords.Theexperimentalresultsshowthatour
approachisefficientandscalable.
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INTRoDUCTIoN

RDF(ResourceDescriptionFramework)isastandardmodelfordatainterchangeontheWeb.By
thismodel,moreandmorestructuredandsemi-structureddatahavebeenmixed,exposed,andshared
acrossdifferentapplications(Klyne,Carroll,andMcBride,2004).Asaresult,availableRDFdata
rapidlyincreases.RDFdataisacollectionoftriples,theform(subject,predicate,object).Sucha
collectionoftriplescanberepresentedasadirectedgraph,inwhichverticesrepresentsubjectsor
objects,andedgesrepresentpredicatesthatconnectsubjectsandobjects.Severalimportantissues
ofRDFdatamanagementarerecentlyreviewedin(Ma,Capretz,Miriam,andYan,2016;Wylot,
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Hauswirth,Philippe,andSakr,2018),includingRDFdatastoragetechniques,indexingstrategies,
andqueryexecutionmechanisms.

SinceSPARQL(Prud’hommeauxandSeaborne,2013)hasbeenrecommendedtobethestandard
querylanguageforRDFdatabytheWorldWideWebConsortium(W3C),therehasbeenarapid
increase in thenumberofuserswhowant toaccessRDFdata (Yan,Ma,Li,andCheng,2017).
SPARQLallowsthespecificationoftripleandgraphpatternstobematchedoverRDFdatagraphs
(Ma,Jia,Cheng,andAngryK,2016).AndthenwecanaccessRDFdatacorrectlyandefficientlyby
SPARQL.Butitisstillinfeasiblefornon-expertuserstomastertheRDFschemaandSPARQLquery
language.LetuslookatanexampleofSPARQLqueryfortheDBLPdatasetshowninExample1
bythedatainFigure2.

Example 1:Findthepublishedarticlesandproceedingsbyauthor“Coles:Drue”fortheDBLPdataset.

SELECT ?x ?y 
WHERE {?x isIncludedIn ?y. 
       ?x type Article_in_Proceedings. 
       ?y type Proceedings. 
       ?x author “Coles:Drue”.}

Itisshownthat,toconstructaSPARQLquerylikeExample1,non-expertusersarerequirednot
onlytomasterSPARQLbutalsotoknowtheschemainformationofRDFdatasuchas“isIncludedIn”,
“Article in Proceedings”and“Proceedings”.So, it isnot easy fornon-expertusers to construct
SPARQLqueries.Atthispoint,keywordsearchhasbeenapopulartoolforexploringRDFdatafor
non-expertusers(Izquierdoetal.,2018;García,Izquierdo,Menendez,Dartayre,andMarco,2017).
Usersonlyneedtoenterkeywordsandthentop-kqueryresultsansweredcanbedirectlyreturnedto
theuser.Currently,thenumberofexcellentSPARQLsearchenginesisgrowingrapidly(Broekstra,
Kampman,andHarmelen,2002;Garrison,Stevens,andJocuns,2004;NeumannandWeikum,2008;
NeumannandWeikum,2010).Tomakeiteasyfornon-expertuserstocomposeSPARQLqueries,in
thispaper,weconcentrateontheapproachfortranslatingkeywordqueriesintoSPARQLqueries.As
mentionedin(Gkirtzou,Papastefanatos,andDalamagas,2015;LadwigandTran,2010;Tran,Wang,
Rudolph,andCimiano,2009;Lin,Ma,andYan,2018;Wen,Jin,andYuan,2018),keywordsearch
basedontranslationhasitsadvantages.Itcanprovideuserswithafriendlyinterfaceforquerying
RDFdataontheonehandand,ontheotherhand,wecanobtainabetterqueryperformancebyusing
theexistingSPARQLsearchenginesontheconditionofguaranteeingthecorrectness.

Generallyspeaking,twocategoriesofkeywordsearchescanbeidentifiedaccordingtodifferent
queryprocessingways.Thefirstoneaimstofindsmallersubstructuresthatcontainallkeywords
overtheoriginalRDFdatasets.Thesubstructures,whichcanbegraphs(Li,Ooi,Feng,Wang,and
Zhou,2008;Sinha,Lu,andTheodoratos,2010;Han,Zou,Yu,andZhao,2017),cliques(Kargarand
An,2011),trees(Chen,Wang,Liu,andLin,2009;Fakas,2011;He,Wang,Yang,andYu,2007;
Kacholia,Pandit,Chakrabarti,Sudarshan,andKarambelkar,2005;HulgeriandNakhe,2002;Kasneci,
Ramanath,Sozio,Suchanek,andWeikum,2009;Le,Li,Kementsietsidis,andDuan,2014;Liu,Yu,
Meng,andChowdhury,2006;Sun,Chan,andGoenka,2007;Wang,Zou,Pan,andZhao,2012)and
otherpatternsdefinedoverRDFgraphs(Dass,Aksoy,Dimitriou,Theodoratos,andWu,2016;Li,
Yan,andMa,2019;Peng,Zou,andQin,2017),arecomputedbyascoringmechanism.Asemantic
searchengineisdevelopedin(TahaandElmasri,2009)toanswerXMLkeyword-basedqueriesas
wellaslooselystructuredqueriesusingobject-orientedtechniques.In(Lian,Hoyos,Chebotko,Fu,
andReilly,2013),k-nearestkeywordsearchinRDFgraphsisinvestigatedbyutilizinganindexfor
kclosestpairsofverticestoprunesearchspace.Thesecondoneinterpretskeywordqueriesinto
SPARQLqueries(Fu,Gao,andAnyanwu,2011;Gkirtzouetal.,2015;Ladwigetal.,2010;Tranet
al.,2009;Zenz,Zhou,Minack,Siberski,andNejdl,2009;Zhou,Wang,Xiong,Wang,andYu,2007).
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In(Fuetal.,2011;Gkirtzouetal,2015;Zenzetal.,2009;Zhouetal.,2009),forexample,keyword
queriesareautomaticallytranslatedintoSPARQLqueriesandthenthetranslatedSPARQLqueries
areperformedbyexistingSPARQLsearchengines.Followingthisdirection,naturallanguagequeries
aretransformedtoSPARQLqueriesin(Cabrio,etal.,2012;Zheng,etal.,2015;Zou,etal.,2014).
Also,therearesomeeffortsthattrytocombinekeywordsandSPARQLqueriestogether(Elbassuoni,
Ramanath,Schenkel,andWeikum,2010;Peng,Lei,andZheng,2017;Wang,Tran,Liu,andFu,2011).

Therearefewworksonkeywordsearchbasedonkeywords-to-SPARQLtranslation.In(Zenz
etal.,2009),usersarerequiredtoprovideaseriesofincrementalrefinementstepsforconstructing
SPARQLqueries.Zhouetal.(2007)presentsastatisticalapproach,whichselectsthemostlikely
SPARQLqueryfromarankedlistofSPARQLbyaprobabilisticqueryrankingmodel.Beingsimilar
tothemoststatisticalmethods,thereturnedresultsareaffectedbytheprobabilisticmodelgreatly.
Togeneratethemostlikelyintendedinterpretation,queryhistoryisexploitedin(Fuetal.,2011)to
interpretanewquery.Thecontextofeachinputkeywordistakenintoaccountin(Wen,JinandYuan,
2018)anduserintentionindifferentialgraphqueriesisconsideredin(Vasilyeva,Thiele,Bornhövd,
andLehner,2015).In(Fuetal.,2011;Gkirtzouetal.,2015;Zenzetal.,2009),keywordsearchbased
ontranslationisperformedwellontheDBLPdataset.Buttheseapproachescannotguaranteethatthe
queryresultsarecorrectwithrespecttocertainRDFdatasets.Moreimportantly,thereisacommon
limitationonthesummarydefinedin(Fuetal.,2011;Gkirtzouetal.,2015;Zenzetal.,2009).That
is,theremayexistmorethanonerelationshipbetweenonetypeofentitiesandothertypesofentities.

FortheLUBMdataset,forinstance,“FullProfessor0”ismappedtoatypevertex“FullProfessor”
inthesummary,and“University389”,“University942”and“University643”areallmappedtothesame
typevertex“University”.However,theproperties“mastersDegreeFrom”,“undergraduateDegreeFrom”
and“doctoralDegreeFrom”cannotbeallkeptbythesummarydefinedintheliteratures(Fuetal.,
2011;Gkirtzouetal.,2015;Zenzetal.,2009).Forexample, for thekeywordsearch to find the
universitiesthat“FullProfessor0”professorgraduatedfrom,theSPARQLqueriesproducedmaybe
Figure1(a),Figure1(b)orFigure1(c).Hence,whateverwhichqueryisproducedinFigure1,we
cannotobtainthecompleteanswers.

Inthispaper,wedevotetoRDFkeywordsearchbasedonkeywords-to-SPARQLtranslation.Our
workisdifferentfromtheworksin(Fuetal.,2011;Gkirtzouetal.,2015;Zenzetal.,2009)mainly
intwoaspects.First,wedistillacompleteinter-entitysummaryfromtheoriginalRDFdatagraph
insteadofusingthesummarydefinedin(Fuetal.,2011;Gkirtzouetal.,2015;Zenzetal.,2009)to
tackletheproblemthatthequeryanswersmaybeincomplete.Second,toreducethesearchspace,we
deviseaprioritizationschemetodirectlysearchthetop-ksubgraphswithinter-entityrelationships
overtheinter-entitysummary.UnliketheBackwardsearchin(Bhalotia,etal.,2002)thatexplores
thebackwardpathsfromthematchedkeywordelementstowardtheanswerroots,weexplorethepath
orderedbyaprioritizationmechanism,whichcombinesadegreeofavertexwiththedistancefrom
thestartingkeywordelements.Ourprioritizationschemeallowsapreferentialexpansiontothepaths
withlessbranchingandcloserdistancefromthestartingkeywordelement.Fortheverticesthathave
largefan-in,theBackwardsearchhastoexplorealargenumberofverticesbackward.

Letuslookatanexample.InFigure2,manyauthors“Cui:Yang”,“Kobara:Kazukuni”and
“lmai:Hideki” refer to a particular conference “CuiKl06” and many conferences “Coles06”,

Figure 1. Possible SPARQL queries produced by the work in (Tran, et al., 2009)
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“CuiKl06”,“GeilT06”and“FarrG06”refertotheconferencevertex“Conf_aaecc_2006”.Inthis
case,aBackwardsearchmayleadtoapoorperformance.Weconsiderthedistancefromthestarting
keywordelement.Ingeneral,thecontentkeywordelementsareveryclosetoeachother.Andthe
verticesthatarefarawayfromthestartingkeywordelementarenottheusefulandinformative
answer roots. Here we use the concept of r-cliques, which can improve system performance
significantlyandismoreefficienttoexploreonlythecontentkeywordelementsratherthanthe
wholegraph(KargarandAn,2011).

Insummary,weproposeanewparadigmforRDFkeywordsearchbytranslatingkeyword
queriesintoSPARQLqueries.Beingalittlesimilartotheworkin(Rivero,Hernández,Ruiz,and
Corchuelo,2015),wedistillaninter-entityrelationshipsummary,butourapproachisschema
agnostic.Thisiscrucialbecauseevenwhenthereisaschema,itisacommoncaseinRDFdata
thatnotallrelationsandattributesofentitiescanbecaptured.Thesummarygraphisderived
fromthedatatocapturethe“schema”informationthatisnecessaryforquerycomputation.Our
explorationdoesnotoperatedirectlyonthedata,butonthesummary.Moreover,aprioritization
scheme is used to search top-k subgraphs that can collect all keyword elements over the
summaryasquicklyaspossible.Then,thetop-ksubgraphsaretransformedintotop-kSPARQL
queries.WeexploitthepropertypathsofSPARQL1.1,whicharedenotedby“|”,“/”or“∧”,to
composeSPARQLqueriesfromthetop-ksubgraphs.Finally, theproducedSPARQLqueries
areexecutedbyaSPARQLsearchengine.Beingdifferentfromthatintheliterature(Virgilio,
Cappellari,Maccioni,andTorlone,2012),allpathsareindexedoff-line,startingfromasource
andendingintoasinkthatrepresentsthemainflowofinformationinthegraph.Tothebestof
ourknowledge, this is thefirsteffort thatcomposesSPARQLquerieswiththepropertypath
operatorsofSPARQL1.1forthetranslationofkeywords-to-SPARQL.Themaincontributions
ofthispaperaresummarizedasfollows:

Figure 2. An RDF data graph for DBLP
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• Wedeviseanewprioritizationmechanism.Weutilizethedegreeofthevertextosearchless
branchingontheonehandandontheotherhand,weexploitthedistancefromthekeyword
elementtofindtheanswer,whereverticesarecloseoneanother.Withtheprioritylist,wesearch
pathsforwardtokeywordelementsthroughtheforwardsearchindex;

• Wepre-computetheshortestdistanceindexoverthesummarybyusingthebreadth-firstalgorithm.
Consideringthattheoverheadisenormousifalltheentitypairsofthesummaryareindexed,
weonlypre-computetheshortestdistanceindexandthepredicatepathindexinthegivensteps;

• WeutilizethepropertypathsofSPARQL1.1totransformtop-ksubgraphstoSPARQLqueries
andthismakesthetransformationprocesseasy.

Therestofthepaperisorganizedasfollows.Thenextsectionoutlinestheapproachproposedin
thepaper.Thethirdsectiondescribestheindexinggraphdata.Thefourthsectionpresentsthetop-k
subgraphsearch.Thefifthsectionproposesthetranslationoftop-ksubgraphswiththeforwardpath
search.Experimentsaregiveninthesixthsection.Thelastsection7concludesthispaper.

oVeRVIew oF THe PRoPoSeD APPRoACH

ThissectionoutlinesourapproachforqueryingRDFdatabyusingkeywords.Ourapproachconsists
ofthefollowingfourphases:

• Keywords Mapping:Inthisphase,thekeywordsissuedbytheuseraremappedtotheelements
over thesummarygraph.Hereakeywordcanbeadatavalueoraproperty.Weconstructa
keywordindexwhichcanindexallstringliteralstogetherwiththetypesofRDFdata.Wecall
thematchedelementsofthesummarygraphkeywordelementsinourapproach.Atthisphase,
wecalculatethetop-kpossiblecombinationsofkeywordmappings;

• Summary Graph Exploration:Thesecondphaseistoexplorethesummarygraphforfinding
top-k subgraphs that connect the keyword elements. Here the keyword elements are sorted
accordingtothecombineddistancefromtheconnectingvertexroottoeachkeywordelement
vi.Anovelprioritizationschemeisutilizedandthentop-ksubgraphscanbefoundfasterbythe
forwardpathindex;

• Translating Keyword Queries to SPARQL Queries: At this phase, the top-k subgraphs
producedbythelastphasearetranslatedintotop-kSPARQLqueries.Totransformasubgraph
toaSPARQLquery,thepropertypathsofSPARQL1.1isutilizedtoconstructSPARQLqueries;

• Performing SPARQL Queries:Atthefinalphase,theproducedtop-kSPARQLqueriesare
executedbyaSPARQLsearchengineandthequeryresultsarereturnedtotheuser.

Indexing Graph Data
Thissectiondescribestheoff-lineindexingprocess,inwhichRDFdataispreprocessedandstored
inthedatastructuresofaninter-entityrelationshipsummaryandakeywordindexopst.

Inter-Entity Relationship Summary
We aim at translating keyword queries to SPARQL queries. But it costs too much for the
explorationofthewholeRDFdatagraph.Weneedtoknowtherelationshipsamongentities
that correspond toquerypatterns.For thispurpose,wedistill a summaryonlywith entity
relationshipsfromtheoriginalRDFdatagraphandthenwecanperformexplorationoverthe
summarygraph.Thiscanreducethesearchspacegreatly.WepartitiontheentireRDFdata
graphintotwoparts,whicharethe summary graphandthe keyword index,respectively.The
summaryisdefinedinDefinition2.
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Definition 1:AnRDFdatagraphGisatuple(V, L, E).HereVisafinitesetofverticesandthe
unionofdisjointsetsVE,VCandVV,inwhichVErepresentsthesetofentityvertices(i.e.,IRIs),
VCrepresentsthesetoftypevertices,andVVrepresentsasetofvaluevertices.Lisafinitesetof
edgelabelsandtheunionofdisjointsetsofLR,LAand{type,subclass},inwhichLRrepresents
thesetoftheedgesconnectingentityvertices,andLArepresentsthesetoftheedgesconnecting
entityverticesandvaluevertices.Eisafinitesetofedgeswiththeformofe(v1,v2),inwhichv1,
v2∈VEande∈L.Thenwehavee∈LRifv1,v2∈VE,e∈LAifandonlyifv1∈VEandv2∈VV,e=type
ifandonlyifv1∈VEandv2∈Vc,ande=subclassifandonlyifv1,v2∈VC.

Definition 2:Aninter-entityrelationshipsummaryG’ofanRDFdatagraphG =(V, L, E)isatuple
(V’,L’,E’)withverticesV’= VE,inter-entityedgelabelsL’=LR,andE’⊂E.Here:
(1) E’connectstwoentityvertices;
(2) VErepresentsthesetofentityvertices(i.e.,IRIs);
(3) Edge e (v1,v2)existsinthesummaryifandonlyifthereisanedgee (v1,v2)∈Eandv1,v2∈VE.

ItisshowninDefinition2thattherearenotanyedgeswithe∈LAande=typeinthesummary.
Suchedgesarestoredinthekeywordindex.

Thoughthesizeofoursummaryislargerthantheonein(Thanetal.,2009),someinter-entity
relationships are lost.Our summary can summarize the completedata structuresof theoriginal
RDFdatagraph.Inaddition,givenasubjectandanobjectinthesummary(Thanetal.,2009),there
mayexistmorethanonerelationshipbetweenthem,thatis,multiple-edgesmanyexistbetweentwo
vertices.Thiscasecannotbedealtwith.Inoursummary,forexample,therearetworelationships
“headOf”and“worksFor”betweenthevertices“Fullprofessor”and“Department”.Butbythework
in(Thanetal.,2009),onlyonerelationshipcanbekeptandotherrelationshipsarelost.Wedistillan
updatableinter-entityrelationshipsummaryfromtheoriginalRDFdatasothatthepropertypaths
andthepathlengthsofanytwoentityverticescanbeeffectivelyestimatedbythesummary.

AsummarygraphexamplefortheDBLPdatasetisillustratedinFigure3,whichisrefinedfrom
Figure2.Wenotefromthesummarythatonlyentityverticesandinter-entityrelationshipsremain.

Keyword Index
Opstindexisusedtolocatethekeywordforthedesignatedentity,whereo,p,s,andtarerespectively
theobject,thepredicate,thesubjectofthetripleandthetypethatthesubjectbelongsto.Unlikethe
poscindexin(HarthandDecker,2005),whichcontainsthesubject,theobject,thepredicateandthe
contextoftriple(s,p,o),ourapproachneedsthecorrespondingtypefortheSPARQLquerytranslation
(wedetailthisinSectionTranslationoftop-ksubgraphs).Theopsofouropstindexarethesameto
theonein(Weiss,Karras,andBernstein,2008),inwhicheachobjectkeyoiisassociatedwitha
sortedlist{ , , , }p p pi i

ni
i

1 2
… ofnipredicatekeys,andeachpredicatekey p

j
i islinkedtoanassociated

sortedvectorofki,jsubjectkeysinitsturn.ThequadinTable1isextractedfromtheRDFdatagraph
forthekeywordindex.

It is shown in Table 1 that the object “MIT” includes a predicate vector with two entries
“bachelorFrom”and“worksFor”.Eachofthesepredicateentriesisappendedwithalistofassociated
subjectsandthesubjects’types.Inthisparticularexample,eachlistcontainsoneitemonly,thatis,
“ID1”forthe“bachelorFrom”predicateand“ID2”forthe“worksFor”predicate.Foragivenkeyword
(datavalueoraproperty),alistofthesummarygraphelements(entityIDs)isreturned.Atthesame
time,wecangetthepredicate,thesubjectandthetypematchingthekeyword(object)bytheopstindex.

SeARCH FoR ToP-K SUBGRAPHS

Nowwedescribethetop-ksubgraphsexplorationfortheinter-entitysummaryinordertofindthe
inter-entityrelationships.Aprioritizedschemeispresentedbycombingthedegreeofavertexwith
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Figure 3. An inter-entity relationship summary for DBLP

Table 1. RDF triples for opst index

Object Predicate Subject Type

‘AI’ teacherOf ID1 FullProfessor

‘MIT’ BachelorsFrom ID1 FullProfessor
‘Cambridge’ mastersFrom ID1 FullProfessor
‘Yale’ phdFrom ID1 FullProfessor

‘MIT’ worksFor ID2 AssocProfessor
‘DataBases’ teacherOf ID2 AssocProfessor
‘Yale’ bachelorsFrom ID2 AssocProfessor
‘Standford’ phdFrom ID2 AssocProfessor

‘AI’ teachingAssist ID3 GraduateStudent
‘Princeton’ mastersFrom ID3 GraduateStudent
‘DataBases’ tackesCourse ID4 GraduateStudent
‘Columbia’ bachelorsFrom ID4 GraduateStudent
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thevertexdistancefromthekeywordelement.Meanwhile,theforwardpathindexisappliedtoexplore
thesummaryforwardandthustop-ksubgraphscanbefoundfaster.

Prioritization for Backward Search
In this subsection, we motivate and describe our approach for prioritizing on the summary
graph.Weaimtofindthepotentialanswersbyexaminingasasmallpartofthesummarygraph
asmuchaspossible.

Motivation for Prioritizing Backward Search
AlargenumberofgraphverticeshavetobeexploredbytheBackwardsearchinsomescenarios.For
example,tohita“hub”vertexwithaverylargeoffan-inorfan-out(calledthedegreeinshort)ishit,
weneedtoexplorealargenumberofvertices.Forexample,adepartmentvertexinauniversityhas
manyteachers,studentsandotherverticesconnectedtothedepartmentvertex.Ourtop-kansweris
asortedlistofsubgraphsthatconnectallkeywordelements.Thislistisorderedbythecombined
distancefromtheconnectedvertextoallkeywordelements.

Inthecaseoftheabovescenario,aBackwardsearchmayvisitalargenumberofverticesbefore
findingtherelevantanswers.AsshowninFigure4,theBackwardsearchmusthurtperformanceasa
largenumberofverticesmatch“keyword1”.Unlikethesearchalgorithmin(Heetal.,2007),thevertices
tobebackwardexpandedareorderedbythedistancefromthekeywordelement.Alistofpriorities
definestheorderofourbackwardsearch.ThepriorityscoresarecalculatedbythefollowingFormula
1,inwhichDeg(u)isthedegreeofvertexuanddist(u,keyword)denotestheshortestpathlengthfrom
utothekeywordelement.Afactorµcontrolstheirrelativeweight.Hereµ=0.7issetbyexperiments.
BoththedegreeofeachvertexandthedistancefromthekeywordelementareembodiedinFormula1:

P
Deg u Dis u keyword

if u keyword

Deg u
if u

u
= ( )

+
−( )

( )
≠

( )

µ µ
� �

,
, � �

, �

1

1
�� � �is thekeyword











 (1)

Figure 4. The backward search with forward path index
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Theprioritizationmechanismcanreducethesearchspaceandtimecostoffindingapotential
answerroot.Thepriorityscoreofavertexisbiggeranditsschedulingpriorityishigher.InFormula
1,thepriorityofvertexisinverselyproportionaltothedistancefromthekeywordelementaswell
asthedegreeofthevertex.In(HulgeriandNakhe,2002),however,theverticeswithhigherdegrees
willgethigherprestige.WithFormula1,theverticesthatareclosertothepotentialrootorthathave
lowerdegreescangethigherpriority.Thedegreeofvertexreflects thesizeof thefrontier tobe
expanded.Therefore,whenthereareverticeswithhighdegrees,aBackwardsearchmayexplorea
largeportionofthegraphandthismayleadtoalongersearchtime.

Ourprioritizationmechanismisalittlesimilartotheheuristicactivationfactorsthatareusedto
estimatethepotentialanswerroots(Kacholiaetal.,2005).Theverticestobeexpandedareordered
by a prioritization mechanism. Note that their approach does not include the distance from the
originalkeywordelement.Anyworst-caseperformanceguaranteecannotbeprovidedbecausethe
activationfactorsarederivedfromthegeneraltopologyandtheexploredelements.Unlikethatthe
forwardsearchin(Kacholiaetal.,2005)isaimless,theforwardpathsinourapproacharefollowed
bytheforwardsearchindex,whichisbuiltbasedonthedistancestokeywordelements(wedetail
thisinSectionForwardpathindex).Adepthvaluecutoffdmaxisappliedtopreventthegeneration
ofanswersthatarenotintuitiveduetoexcessivepathlengths.Toensuresthetermination,weadopt
agenerousdefaultofdmax=8byexperiments.TheexamplesofprioritylistsareshowninFigure5,
inwhichtwoelementsareincluded:thevertexidandthepriorityscorecalculatedbyFormula1.

Forward Path Index
In this subsection, we describe the forward path index that guides the forward expansion when
retrievingtop-ksubgraphs.Hereweapplythebreadth-firstsearchalgorithmtogeneratetheforward
searchindexoverthesummary.Theweightofeachedgeofthesummarygraphissettobe1.As
thereexistsalargescaleofentitiesoverthesummary,toomuchoverheadoftimeandspacewillbe
requiredifweindexalltheentitypairsoverthesummary.Inourapproach,onlyentitypairswithdmax
stepsfromthestartingvertexareindexed.

ThealgorithmofgeneratingforwardsearchindexisshowninAlgorithm1.
Forthesummary,theshortestgraphdistanceofanytwoverticesisprecomputedandorganized

inahashtableMapdist.Giventwoverticesuandv,Mapdist(u→v)returnstheshortestdistancefromu
tov,or∞ifucannotreachvwithinastepofdmax.Weassumethattheanswersoutofdmaxstepsaren’t
goodoneseveniftheyarefoundbecausetheanswersinwhichkeywordelementsaretoofaraway
arenotusefulandinformative(Kargaretal.,2011).TheMapdisthastheformasshowninTable2.

TheadjacencylistAdjListstorestheentitysummarygraphillustratedinTable3.ThearrayV 
isitedisusedtoindicatewhethertheithentryoftheAdjListisvisited.ThequeueQisatemporary
queueforthebreadth-firstsearch.ThemapMapdistreturnspairswiththeformof(v1→v2,distance),
whichisactuallytheforwardsearchindex.AseparateentitytableistostorelongURIsshownin
Table4.Thus,therearenotlongURIsbuttherearetheentityIDsinthesummarygraphandthe
keywordindex.

Figure 5. Sample priority lists for the keyword element to the vertex



Journal of Database Management
Volume 29 • Issue 4 • October-December 2018

10

Algorithm 1. Building a forward search index with dmax steps

Table 2. The shortest path distance of any two vertices

From V → to V Distance

v1→a 0

v1→b 1

v1→c 1

v1→d 2

Table 3. The adjacency list for the entity summary graph

EntityId AdjList(predicate, EntityId)

0 (∧ub:memberOf,707),(∧ub:worksFor,766),(∧ub:suborgnizationOf,784),...

1 (∧ub:memberOf,1162),(∧ub:memberOf,707),(∧ub:subOrganizationOf,784),...

2 (ub:publicationAuthor,1),(ub:publicationAuthor,627),(ub:publicationAuthor,695),...

3 (ub:publicationAuthor,1)

4 (ub:publicationAuthor,1),(ub:publicationAuthor,641),...

5 (ub:publicationAuthor,1),(ub:publicationAuthor,647),(ub:publicationAuthor,712)

6 (ub:publicationAuthor,1),(ub:publicationAuthor,610)

7 (ub:publicationAuthor,1)
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InthefirstiterationofAlgorithm1(line2-17),foreachiwithi <AdjList.size(),weinsert
theithentryoftheAdjListintothequeueQ(line4),inwhichAdjListisanadjacencylistthat
storestheinter-entityrelationshipsummarygraph.Then,weusethebreathfirstsearchalgorithm
totraverseallverticesofwhichstepsarenotgreaterthandmaxstepsfromtheithheadvertexof
AdjList.Thepairswiththeformof(headvId→v, distance)arestoredinamapMapdist(line5-17).
Thentheiterationdoesn’tstopuntilireachesthesizeofAdjList.EachtimewhenthequeueQ
isnotempty,wegetthefrontestentryufromthequeueQ(line6).Ifu.stepisgreaterthandmax,
thewhileloopisterminated(line7-9)andthepair(headvId→u.vId, u.step)isinsertedintothe
mapMapdist(line11).Then,thearrayV isited[vId]issettobe1.ItmeansthatthevId-thentry
oftheAdjListhasbeenvisited(line12).Finally,alltheverticesthatareadjacenttotheu.vId
areinsertedintothequeueQ(line14-17).

TheworsttimecomplexityofthealgorithmisO(n*(n+e)),wherenisthenumberofvertices
fortheinter-entityrelationshipsummaryandeisthenumberoftheedgesinthesummarygraph.

Search for Top-k Subgraphs With the Forward Path Index
Inthissubsection,wedealwithtop-ksubgraphsearchwiththeforwardpathindex.Letc={w1,w2,
...,wm}beahintofkeywordelementcombinationthatmatchesqueryq={k1,k2,...,km}.AsetM
ofelementsisusedtokeepthestateoftheconnectingvertex.Inotherwords,whatkeywordsare
reachabletothevertexandtheirbest-knownpropertypathsindmaxsteps.M[u]isusedtoindicate
thebookkeepingfortheconnectingvertexu.Especially,eachelementofMisalistofmpairswith
form(vertexId,propertypath).A(vertexId,propertyPath)pairinthejthentryofM[u]denotesthe
propertypathfromutokeywordwjwiththeshortestdistance.

In Figure 1, we have an element M[Department0] = {(University0,subOrganizationOf),
(AssistantProfessor0,∧worksFor),(GraduateCourse39,∧worksFor/teacherOf), ...}inM.Theentry
denotes that “Department0” is reachable by keywords “University0”, “AssistantProfessor0”,
“GraduateCourse39”andetc.,andthecorrespondingpropertypathsaresubOrganizationOf,∧worksFor,
∧worksFor/teacherOfandetc.,where“∧”isthereversepathoperatorofSPARQLpropertypath.These
propertypathsareusedforcomposingSPARQLquerieslater.

Inthefollowing,weproposethetop-ksubgraphsearchalgorithmillustratedinAlgorithm2.We
precomputethepropertypathsindmaxstepsandorganizetheminahashMapMappathformof(u→v,
propertypath).Thecomputationissimilartotheforwardpathindex.

Algorithm2consistsoftwomainsteps.Step1exploresthesummarygraphtofindtheanswer
rootsoftop-ksubgraphsbycollectingallkeywordelements(line1-19).Step2returnstop-ksubgraphs

Table 4. Entity table

Id Entity URI

0 http://www.Department0.University0.edu

1 http://www.Department0.University0.edu/AssistantProfessor0

2 http://www.Department0.University0.edu/AssistantProfessor0/Publication0

3 http://www.Department0.University0.edu/AssistantProfessor0/Publication1

4 http://www.Department0.University0.edu/AssistantProfessor0/Publication2

5 http://www.Department0.University0.edu/AssistantProfessor0/Publication3

6 http://www.Department0.University0.edu/AssistantProfessor0/Publication4

7 http://www.Department0.University0.edu/AssistantProfessor0/Publication5

8 http://www.Department0.University0.edu/AssistantProfessor1

9 http://www.Department0.University0.edu/AssistantProfessor1/Publication0
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withpropertypaths(line20-22).Nowweelaborateonthesetwosteps.Givenaquery(k1,k2,...,km),
acursorisusedforthedesignatedprioritylistforeachpossiblematchingcombinationc=(w1,w2,
...,wm)(line3).CursorcursoriadvancesonlistPriorityList(wi)bycallingnext,whichreturnsthe
nextvertexinthelist(line5).Theforwardpathindexisusedtoexpandthesearchforward.Whena
vertexisvisited,itsdistancetotheotherkeywordelementsischeckedbythemapMapdist(line7-12).
UsingtheinformationinMapdist,therootofananswerisimmediatelydeterminedifthedistancesfrom
utootherkeywordsarealllessthan∞.Ifoneofthedistancesfromtheroottokeywordelements
is∞,therootcannotbetherootofananswerandtheloopisterminated(line10-12).Astructured
formofapair(root,sumDist)isstored(line14-15),wheretherootisthevisitedvertexandsumDist
isthecombineddistancesfromtherootvertextothekeywordelements.Thepairisusedtofindthe
verticeswiththetop-kcombineddistancefromthekeywordelements.Atlast,westoreMwiththe
answerrootsinV,andthepropertypathsfromtheanswerroottothekeywordelementsarecalculated
byMappath(line20-22).Athresholdforpruningisτprune,whichisthecurrentkthshortestcombined
distanceamongallknownanswerroots(line17).Foranewanswertobeinthetopk,itsrootmust
haveacombineddistancethatisnotgreaterthanτprune(line13).

ThetimecomplexityofAlgorithm2isO(|C|×m×|PriorityList’|),where|C|isthenumberof
possiblekeywordelementcombinations,m is thenumberof thematchedkeywordelementsand
|PriorityList’|istheaveragesizeoflistPriorityList.

Termination.Thesearchterminateswhenoneofthefollowingconditionsissatisfied:a)theroot
ofananswermusthavecombineddistancegreaterthanτpruneand|V|>k;b)thepathswithagiven
lengthdmaxhavebeenexploredforalldesignatedpriorityliststhatcontainthekeywordelements.

Algorithm 2. Subgraph searching with the forward path index
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TRANSLATIoN oF ToP-K SUBGRAPHS

Inthissection,thederivedsubgraphsbythelastsectionaremappedtoSPARQLqueries.Theproperty
pathofSPARQL1.1isusedtoconstructthequery.

Property Path of SPARQL 1.1
Inthissubsection,wedescribethepropertypathsofSPARQL1.1(Prud’hommeauxetal.,2013).
PropertypathsareanewfeatureintroducedinSPARQL1.1asawayofaddingnavigationalpower
forqueryingoverRDFgraphs.Apropertypathisapossibleroutethroughagraphbetweentwo
graphvertices.Atrivialcaseisapropertypathwithexactlength1,whichisactuallyatriple
pattern.TheendsofthepathsmaybeRDFtermsorvariables.Notethatvariablescannotbe
usedaspartofapathitself,whichcanonlybetheends.Propertypathsenablemoreconcise
expressionsforsomeSPARQLbasicgraphpatterns.Also,theyenabletomatchconnectivityof
tworesourcesbyanarbitrarylengthpath.Ifthereisapair(a, b)ofverticesinthegraphsuch
thatthereisapathfromatob,thesequenceofedgelabelsbelongs(asastring)totheregular
languagedefinedbytheexpression.

Letuslookatanexample.Givenaquerytofindtheuniversitythat“AssistantProfessor0”works
for,wehavethefollowingcomparativeSPARQLqueries(Thanetal.,2009):

select ?x ?y ?z { 
       ?x ub:worksFor ?y.  
       ?y ub:subOrganizationOf ?z.  
       ?x ub:name “AssistantProfessor0”. 
       ?x rdf:type ub:AssistantProfessor.  
       ?y rdf:type ub:Department.  
       ?z rdf:type ub:University.}

Thoughtherearenodirectpathfrom“AssistantProfessor0”totheuniversity,wecanutilizethe
sequencepathofSPARQLpropertypaths.Thus,wehavethefollowingquery:

select ?x ?z { 
       ?x ub:worksFor/ub:subOrganizationOf ?z.  
       ?x ub:name “AssistantProfessor0”. 
       ?z rdf:type ub:Univeristy.  
       ?x rdf:type ub:AssistantProfessor.} 

Here“ub:worksFor/ub:subOrganizationOf”isthepropertypathofSPARQL.Asfarasweare
concerned,thepropertypathsofSPARQL1.1makethetranslationofkeywordqueriestoSPARQL
querieseasierandmoreefficient.WiththeSPARQL1.1specification(Prud’hommeauxetal.,2013),
wehavethefollowingdefinitionofpropertypathexpressions:

Definition 3:Lete:= (iri)|(∧e)|(e1/e2)|(e1|e2)|(e
+)|(e∗)|(e?)| (!{iri1|...|irik})|(!{∧iri1|...|

∧irik}).Here iri, 
iri1,..., irikareIRIs(InternationalizedResourceIdentifiers);theexpressionsstartingwith“!”
arecallednegatedpropertysets;“∧”eisthereversepathconstruction;e1/e2isasequencepath
ofe1followedbye2;e1|e2isanalternativepathofe1ore2.

Notethatwedonotconsidere+,e∗,e?,!{iri1|...|irik}and!{∧iri1|...|
∧irik}becausethesecasesare

seldomencounteredinthekeywordsearchwithourapproach.
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Top-K Subgraph Mapping
AmatchofSPARQLqueryonasubgraphisamappingfromedgesandverticesofthesubgraphto
propertypathsandvariablesoftheSPARQLquery.SuchamappingisillustratedinAlgorithm3.
Algorithm3consistsofthreemainsteps:

• Step1,foreachelementofM,definesavariableqinitializedwith“selectdistinct*where{“;
• Step2translatestheverticesandedgesfromtheconnectingvertexinMtomkey-words;and
• Step3combinesqwith}andinsertsqintoanswersA.

HereMisasetof(subject,type)pairs.ThetimecomplexityofthisalgorithmisO(k*m),where
k is thenumberofgeneratedsubgraphsandm is thenumberofkeywords.WithAlgorithm3,a
completemappingofsuchasubgraphtoaSPARQLquerycanbeobtained:

• Processing Vertices: All the vertices in top-k subgraphs obtained are taken as distinguished
variables.Thentheselectclauseis“selectdistinct*”toavoidgeneratingduplicatedresultsby
adding“distinct”(line2).Var(v)returnstheSPARQLqueryvariabledenotedby“?v”andalso
denotedby“$v”.Weuse“?”formarkingthequeryvariable;

•Mapping Subgraph Paths:M[u]storesalistofpairs(vId,path)fromtheconnectingvertexto
keywordelements,wherevIdindicatestheidofvertexandthepathindicatesthepropertypath.
EachsubgraphpathstoredinM[u]isequivalenttothepropertypathoftheSPARQLquery.
Whentranslatingtop-ksubgraphsintoSPARQLqueries,wetransformthesubgraphpathtothe
correspondingtriplepatternexpressionofSPARQLbyaddingqueryvariables(line4);

•Mapping Edges withEARelations:EdgeEAisusedtoconnectthekeywordtotheentity.
Each edge like this relationship is translated into two triple pattern expressions of
SPARQL:(var(x)propertykeyword)and(var(x)rdf:typenametype)(line5-6).Theproperty
canbederivedfromahashMapMappropertybytheopstindex,andnametypecanbederived
fromMaptype.TheitemsinMappropertyareintheformof(keyword→subject,property).
Therefore,wecanget theproperty if thekeyword(object)and thesubjectaregiven.
Supposethatthereexistsakeyword“Stanford”anditssubject“ID2”asshowninTable
1.Then,byMappropertyandMaptype,weobtaintheproperty“dhdFrom”.Thus,thetriple
patternexpressionsfortheSPARQLqueryare‘var(x) phdFrom“Stanford”.‘and‘var(x) 
rdf:type AssistantProfessor.’.Var(x)generatesSPARQLqueryvariables(line10-11).

Algorithm 3. Translating the subgraph to the SPARQL query
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Query Pattern Graph
Inthissubsection,wepresentthequerypatterngraphsofSPARQLwiththepropertypathsbyour
approach.Twoexamplequerypatterngraphsfor“Q:Research5FullProfessor9Publication17”are
showninFigure6(a)and(b),respectively.Thepropertypathconnectingqueryvariable?523and
queryvariable?533inFigure6(a)is“∧ub:publicationAuthor”,whichisareversepathwithexact
length1.Here?523istheconnectingvertexofFigure6(a)and(b).Propertypath“∧ub:advisor/∧u
b:publicationAuthor”fromavariable?523to?438isasequencepathofSPARQLquery,inwhich
“∧”isareversepropertypathoperatorofSPARQL.

Withourapproach,thepatterngraphsofFigure6(a)and(b)arerespectivelymappedtothetwo
SPARQLqueriesQg1andQg2asfollows.Ofcourse,thequeryQcangeneratemanyquerygraphs.
Here,weonlyillustratetheexamplesQg1andQg2.

Qg
1
:

prefix ub:<http://swat.cse.lehigh.edu/onto/univ-bench.owl#>
prefix rdf:<http://www.w3.org/1999/02/22-rdf-syntax-ns#>
select distinct * where { 
?523 ub:researchInterest “Research5”. 
?523 rdf:type ub:FullProfessor.  
?523 ub:name “FullProfessor9”.  
?523 ^ub:publicationAuthor ?533.  
?533 ub:name “Publication17”.  
?533 rdf:type ub:Publication.} 

Qg
2
:

prefix ub:<http://swat.cse.lehigh.edu/onto/univ-bench.owl#>
prefix rdf:<http://www.w3.org/1999/02/22-rdf-syntax-ns#>
select distinct * where { 
?523 rdf:type ub:FullProfessor. 
?523 ub:researchInterest “Research5”. 
?523 rdf:type ub:FullProfessor. 
?523 ub:name “FullProfessor9”. 
?523 ^ub:advisor/^ub:publicationAuthor ?438. 
?438 ub:name “Publication17”. 
?438 rdf:type ub:Publication.}

In (Thanetal.,2009),aconjunctivequery issimplyaconjunctionofall thepredicatesand
thevariablesgeneratedfromagivensubgraph.However,weexploitpropertypathsofSPARQL,

Figure 6. Query pattern graph examples for Q2



Journal of Database Management
Volume 29 • Issue 4 • October-December 2018

16

combiningpropertypathpatternvectorsfromtheconnectingvertextokeywordelementswithout
theneedtotranslateeveryvertexandeveryedgeofthesubgraph.

eXPeRIMeNTS

Inthissection,weusetwodatasetsDBLPandLUBMtoassesstheefficiency,effectiveness,and
usability of our approach proposed in this paper. DBLP (http://lsdis.cs.uga.edu/projects/semdis/
swetodblp),whichcontains26Mtriplesaboutcomputersciencepublications,hasbeencommonly
used for keyword search evaluation. In addition, LUBM (Lehigh University benchmark) (Guo,
Pan,andHeflin,2005)isappliedtoensurethevalidityofourexperimentalresults.Usingthedata
generator,wecreateLUBM50.WeconductexperimentsonanSMPmachinewith2.93GHzIntel
DualCoreprocessorsand4GBmemory.AllexperimentsareimplementedinJava.Weutilizethe
SPARQLsearchengine(Broekstra,Kampman,andFrank,2002)topreprocessRDFdataandexecute
SPARQLqueriesproducedintheend.

Table5showsthesamplequeriesfromLUBMandDBLPdatasets.FortheLUBMdataset,all
keywordsarechosenfromthefirstuniversityexceptforkeywords“Publication17”and“Publication18”.
Forthesetwoindicatedkeywords,weselectonecopyofeachpublicationfromthefirstuniversity
andthenrandomlypicktherestofthemfromotheruniversitiestosimulatethecasesinarealdataset,
inwhichnotallthekeywordsinaqueryareclosetoeachother.

Index Performance
Wewouldinvestigatethesizeandthetimeoftheindex.Heretheindexincludestheforwardpath
indexandtheinter-entityrelationshipsummaryindex.ItisshowninFigure7thatDBLPdataset
containsmoreentities thanLUBMdataset. Inaddition, it is shown inFigure8,with thesizeof
twodatasetsLUBMandDBLPvarying,thesizeofinter-entityrelationshipsummaryforLUBMis
becomingbiggerthanthatforDBLPbecauseLUBMdatasethasmorestructuresthanDBLPdataset
(e.g.,morerelationsbetweeninter-entities).ForthedatasetDBLP,Figure9showsthatcomparing
tothesizeoftheforwardpathindex,theinter-entityrelationshipsummaryresultsinatleasttwo
orderswithlesssize.Figure9alsoshowsthemostoverheadsofourindexcomefromtheforward

Table 5. Query examples

Query Keywords

Q1 Lecturer6Publication19

Q2 Research5Fullprofessor9Publication17

Q3 FullProfessor9GraduateStudent0Publication18Lecturer6

Q4 Department0GraduateStudent1Publication18AssociateProfessor0

Q5 Department12FullProfessor0

Q6 GraduateStudent0Department0GraduateCourse16

Q7 1999springer

Q8 1995dynamicoptimal

Q9 ADMAGeneticmultiplesequences

Q10 2005-09-08,textclassification

Q11 semantictaggingaaai

Q12 GaussianWeightedHistogramIEEE
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pathindex.Figure10validatesthatbuildingtheforwardpathindextakesmoretimethanbuilding
theinter-entityrelationshipsummary.

Theoverheadswillbeenormousifweindexallentitypairs.So,weonlyindextheshortestpaths
whicharelessthandmaxsteps.Thenthesizeandtimeoftheindexcanbecontrolledbyadjustingdmax
value.Figure11showsthetimeofbuildingtheforwardpathindexwithdifferentdmax.Notethatthe
queryresponsetimeisaffectedbysomeotherfactors,suchastheloadingtimeoftheforwardpath

Figure 7. Number of entities: LUBM versus DBLP

Figure 8. Size for inter-entity relationship summary: LUBM versus DBLP
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indexandtheinter-entityrelationshipsummary,thetimeofconstructingSPARQLqueries,thetime
ofexecutingtheSPARQLqueriesproduced,andetc.

Prioritization Mechanism Performance
Toensurethevalidityofourprioritizationmechanismonsearchovertheinter-entityrelationship
summary,weusetwometricsshowninTable6forcomparison,whicharerespectivelythenumber

Figure 9. Size: Inter-entity relationship summary versus forward path index for DBLP

Figure 10. Time for index construction
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ofverticesexploredandthetimetakenwhentop-ksubgraphsaregeneratedbythebackwardsearch
algorithmandourapproach.

InTable6,Column2showsthenumberofoccurrencesforthekeywordsbeingqueriedinour
respectivedataset.WecomparetheBackwardsearchwithourapproachandpresenttwocolumnsof
numbersthatgiveperformancemeasureratios.AsshowninColumn5,ourapproachvisitssignificantly

Figure 11. Impact of dmax to the size of the forward path index

Table 6. Our approach vs. Backward search on the sample queries

Query #Keyword Vertices
Nodes Explored Gen Time

Backward Ours Bkwd/Ours 
Ratios Backward Ours Bkwd/Ours 

Ratios

Q1 (20,13) 1,138 764 1.49 0.07 0.06 1.17

Q2 (9,4,83) 7,203 1,510 4.77 0.62 0.13 4.77

Q3 (4,15,40,5) 992 670 1.48 0.43 0.37 1.16

Q4 (1,15,40,15) 3,652 920 3.97 1.21 0.41 2.95

Q5 (1,16) 7,207 364 19.80 0.16 0.05 3.2

Q6 (1,1,16) 3360 703 4.78 0.73 0.72 1.01

Q7 (1150,2584) 442,780 65,890 6.72 2.72 1.23 2.21

Q8 (976,61,18) 487,167 74,490 6.54 4.30 1.37 3.14

Q9 (220,183,220,15) 340,100 122,338 2.78 4.61 2.25 2.05

Q10 (97,5) 706 450 1.57 0.10 0.09 1.11

Q11 (40,1,4011) 2,367,424 98,030 24.15 2.48 2.03 1.22

Q12 (17,43,13,3156) 1,939,430 120,163 16.14 5.30 2.21 2.40
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fewerverticesexplored.Inaddition,asshowninColumn8,ourapproachtakeslesstimethanthe
Backwardsearchwhenthetop-ksubgraphsareobtained.ItisshowninTable6that,comparingthe
Backwardsearchwithourapproach,queryQ5hashigherratiosofverticesexploredandgenerating
time.Thehubvertex“department12”hasa largenumberof fan-invertices.Then thebackward
searchalgorithmexploresasubstantialnumberofverticesinordertofindanswers.QueriesQ11and
Q12havethesamecasesasQ5.

Figure12showsthenumberofnodesexploredoftheBackwardsearchversusourapproach.
Figure13showsthegeneratingtimeoftheBackwardsearchversusourapproach.Toclearlyshowthe
contrasttothenodesexploredandgeneratingtimeratiosoftheBackwardsearchversusourapproach,
abrokenlinegraphasshowninFigure14comparesourapproachwiththeBackwardsearch.

Query Performance
First,weinvestigatethequeryresponsetimeforqueriesfromQ1toQ12onthedatasetsLUBMand
DBLP.Computingthequerytimeissimilartothatin(Le,Li,Kementsietsidis,andDuan,2014).The
querytimestartsfromenteringkeywordsuntilgettingtop-kqueryresults.Thequerytimecontains
thetimeofproducingtop-kSPARQLqueriesandthetimeofexecutingtop-kSPARQLqueriesona
SPARQLsearchengine.ThequerytimeforqueriesQ1-Q12isshowninFigure15.FromFigure15,
weobservethatthequeryresponsetimeforeachkeywordsearchconsistsofnotonlythetimeof
generatingtop-kSPARQLqueriesbutalsothetimeofexecutingtop-kSPARQLqueries.Andthe
timeofexecutingtop-kSPARQLqueriesisveryshorterthanthetimeofgeneratingtop-kSPARQL
queriesbytheexistingSPARQLsearchengine.ItisalsoshowninFigure15that,withourapproach,
thedifferenceinthetimeofexecutingtop-kSPARQLqueriesisrelativelymoderate.So,thequery
responseperformanceismainlydeterminedbythetimeofgeneratingtop-kSPARQLqueries.The
efficiencyofakeywordsearchisdeterminedbyacollectionoffactors(Heetal.,2007)andthereis

Figure 12. Number of nodes explored: Backward search versus our approach
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Figure 13. Generating time: Backward search versus our approach

Figure 14. Ratio: Backward search versus our approach
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nosinglefactorbeingthemostdeterministicone.WiththeapproachforRDFkeywordsearchbased
onthekeywords-to-SPARQLtranslation,wecanexploit theoptimizationcapabilitiesofexisting
searchenginestoimprovethequeryperformance.Ithasbeenprovedin(Thanetal.,2009;Linet
al.,2018)thatkeywordsearchbasedontranslationisfasterthandirectkeywordqueryanswering.
Furthermore,toreducethetimeofgeneratingtop-kSPARQLqueries,weexploittheprioritization
mechanismtoprunethesearchspace.

Nowweinvestigatetheimpactofkonqueryperformance.Figure16showstheaverageresponse
timeof30querieswithlength2-4ontheLUBMdataset,inwhichk=10,k=15andk=20areused.
Notethatthequerytimeincreaseslinearlywhenkbecomeslargerbecausemoretimeofgenerating
queryandmoretimeofexecutingqueryarerequired.Inaddition,theimpactofquerylengthonquery
performanceisminimalwhenkis10.Theimpactofquerylengthonqueryperformancegetslarger
whenabiggerkisused.Hence,wesetk=10inourapproach.

Finally,weinvestigatethesearchperformanceofourapproachbycomparingourapproachwith
theexistingapproachesproposedin(Leetal.,2014)(denotedasSUMM),inwhichweperformthe
samequeriesandthetimeisinlogscale.BothSUMMandourapproachhaveprovableguarantees
onthecorrectnessofqueryresults.ItisshowninFigure17thatthequerytimeofourapproachhas
atinyvariationwhenwevaryqueriesfromQ1toQ12.Thatis,ourqueryperformanceisverysteady
evenifthequerytimeofourapproachforQ1,Q4andQ5arelongerthanthatin(Leetal.,2014).For
Q2-Q3andQ6-Q12,weobservethatourapproachperformsbetterthanSUMMsinceSUMMuses
alowerboundtodecidewhentoterminate.Asaresult,SUMMmustaccessmoredatathanwhat
isnecessarytocorrectlyanswerqueries.Inaddition,ourapproachcanbedonealmostcompletely
inmemoryasthesummaryindexforexpansionarelightweightandcanbecachedinmemoryfor
queryevaluation.WealsonotefromFigure17thatthequerylengthhaslittleinfluenceonthesearch
performanceofourapproach.Inotherwords,thequerywithshorterlengthdoesnotalwaystake
shorterquerytimeforourapproach.

Figure 15. Query time
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Figure 16. Impact of k to query time

Figure 17. Query performance -- Our approach versus SUMM
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CoNCLUSIoN

KeywordsearchhasbeenacrucialmeansforexploringmassiveRDFdata.Inthispaper,wepropose
anewapproachforRDFkeywordsearchbasedonthekeywords-to-SPARQLtranslation.Aiming
toexploretheminimumnumberofverticesinfindingthetop-ksubgraphsthatconnectallkeyword
elements,weapplyaprioritizationmechanismtoreducethesearchspaceoverthesummary,which
considersthedegreeofthevertextobevisitedaswellasthedistancefromthekeywordelement.
Startingfromtheprioritylistthatcontainsthekeywordelementsandisbuiltinadvance,weuse
theforwardpathindextosearchforwardandderivethetop-ksubgraphs.Thetop-ksubgraphsare
thentranslatedtotop-kSPARQLquerieswiththepropertypathsofSPARQL1.1.Finally,thetop-k
SPARQLqueriesareexecutedbyaSPARQLsearchengineandthequeryresultsarereturnedtothe
user.Ourapproachisportable,efficientandscalablebyexperimentsonbothRDFbenchmarkandreal
RDFdatasets.ComparingourapproachtootherpriorapproachesforRDFkeywordsearchbasedon
keywords-to-SPARQLtranslation,ourapproachappliesacompleteinter-entitysummaryforgetting
completequeryanswersandaprioritizationschemeforreducingthesearchspace.Inaddition,our
approachutilizesSPARQL1.1inthetranslatedSPARQLqueriesforeasytranslation.Inthefuture,
weareinterestedinoptimizingthetranslatedSPARQLqueriesbypropertypathindexesinorderto
improveSPARQLqueryefficiency.
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