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ABSTRACT

Recentwork in dataintegrationhasshavn the importanceof sta-
tistical information aboutthe coverageand overlap of sourcesfor
ef cient queryprocessingDespitethis recognitionthereareno ef-
fective approachefor learningthe neededstatistics. The key chal-
lengein learningsuchstatisticsis keepingthe numberof needed
statisticslow enoughto have the storageand learningcostsman-
ageable.Naive approachesanbecomenfeasiblevery quickly. In
this papemwe present setof connectedechnigueshatestimatehe
coverageand overlap statisticswhile keepingthe neededstatistics
tightly undercontrol. Our approachusesa hierarchicalclassi ca-
tion of the queries,and thresholdbasedvariantsof familiar data
mining techniquego dynamicallydecidethe level of resolutionat
which to learnthe statistics.We describethe detailsof our method,
andpresenpreliminaryexperimentatesultsshaving thefeasibility
of theapproach.

1. INTRODUCTION

With the vastnumberof autonomousnformationsourcesavail-
able on the Internettoday usershave accesdo a large variety of
datasourcesDataintegrationsystemgCGHI94,LR096,ACPS96,
LKG99, PL0O0] arebeingdevelopedto provide a uniform interface
to amultitudeof informationsourcesguerytherelevantsourcesu-
tomatically andrestructureghe informationfrom differentsources.
In a dataintegrationscenarioa userinteractswith a mediatorsys-
temvia a mediatedschema.A mediatedschemds a setof virtual
relations,which are effectively storedacrossmultiple and poten-
tially overlappingdatasourceseachof which only containa partial
extensionof the relation. Query optimizationin dataintegration
[FKL97, NKO01] thusrequiresthe ability to gure outwhatsources
aremostrelevantto thegivenquery andin whatorderthosesources
shouldbe called. For this purposethe queryoptimizerneedgo ac-
cessstatisticsaboutthe caverageof theindividual sourceswith re-
spectto thegivenquery aswell asthedegreeto whichtheanswers
they exportoverlap.

Example: Considera simple mediatorthat integratesinformation
sourcesexporting information about papersin computerscience.

Supposehereis onerelationin the global schemaof this system:
paper(title, author conferenceyear). Theremay be hundredsof
Internetsourcesgachof which containonly a subsebf the papers
of thewholeglobalrelation. Somesourcesnayonly have informa-
tion aboutarti cial intelligence,somemayfocuson databasestc.
In orderto answerthe users queryef ciently, we needto nd and
queryonly therelevantsubsebf the sources.

Supposefor example the userasksa selectiomquery:

Q(title,author):— paper(title, author conferenceyear),
conference="AAAI".

To answetthis queryef ciently , we needto know the coverageof
eachsourceS with respecto thequery@. Suchacoveragecanbe
representetdy P(S|Q), theprobabilitythatananswetuplefor the
querybelonggo thesourceS. If we have this information,thenwe
canrankall thesourcesn descendingrderof P(S|Q), andaccess
the rst source(sayS’) in theranking.

Although it would seemthat the ranking providesthe complete
orderin which to accesghe sourcesthis is unfortunatelynot true
in general.For example,it is possiblethatthe two sourceswith the
highestcoveragewith respectto () happento mirror eachothers'
contentsClearly, calling bothsourcess notgoingto give ary more
informationthancalling just onesource.

In general afterwe accesshe sourceS’ with the maximumcov-
erageP(S'|Q) w.r.t. Q, we needto accessasthe secondsource,
the sourcethat hasthe highestresidual coverage(i.e., providesthe
maximum numberof thoseanswersthat are not provided by the

rst source). Speci cally, we needto accessthe sourceS" that
hasthe maximumvaluefor P(S"” A -S’|@Q). In orderto compute
P(S" A =5'|Q), we needto know the overlap betweensources
S’ andS” w.rt. to Q. This canbe representedby the probability
P(S" A S'|Q). Oncewe have the probability it is a simplematter
to compute

P(S" A=S'|Q) = P(S"|Q) — P(S" A S'IQ)*.

This examplethusdemonstratethe needfor caverageandover-
lap statisticsn queryoptimization.O

Given that sourcestendto be autonomousn a dataintegration
scenariogatheringhe coverageandoverlapstatisticgposesseveral
challengeslt is impracticalto assumehatthe sourceswill export
suchstatistics. Consequentlydataintegration systemsshould be
ableto learnthe coveragef sourcesAlthoughpreviouswork has
addressetheissueof how to modelthesestatistics(c.f. [FKL97]),
andhow to use themaspart of queryoptimization(c.f. [NKO1]),
therehasnot beenary work on effectively learningthe statisticsin

' This formula canbe generalizedo computeP(S; A =51 A ... A
-Sk|@), wherek is thenumberof selectedsourcesand@ refersto
aquery



the rst place.

In this paper we considerthe issueof learningthe coverageand
overlapstatisticsfor sources.The key challengein this problemis
to keepthenumberof neededstatisticdow enoughto have the stor
ageandlearningcostsmanageableNaive approachesanbecome
infeasiblevery quickly. In the exampleabove, we were assuming
the availability of coveragestatisticswith respecto every source-
qguery combination,andoverlap informationaboutevery subsetof
sourceswith respecto aquery!

We proposeasetof connectedechniqueshatestimatehecover-
ageandoverlapstatisticawhile keepingtheneededstatisticgtightly
undercontrol. The basicideaof our approachs to learncoverage
statisticsnot with respecto individual queriesbut with respectto
queryclassesSpeci cally, we develop a hierarchicalclassi cation
of queriesstartingwith a hierarchicalclassi cation of the values
of certainkey attributesof the global relations. The classhierar
chy allows usto approximatehe coverageof a sourcewith respect
to aclassC in termsof its coveragewith respectto a more gen-
eralclassC’. By selectvely decidingthe level of generalityof the
classesvith respecto which the coveragestatisticsarelearnedwe
cantightly control the numberof neededstatistics(at the expense
of lossof accurag). Thelossof accurag may not be a critical is-
suefor usasit is the relative ratherthanthe absolute valuesof the
coveragestatisticsthataremoreimportantin rankingthe sources.

The statisticslearningitself is doneusingthreshold-basedgari-
antsof the well knonn associatiorrule mining techniques. The
thresholdsare usedto decidewhetherto learn statisticswith re-
spectto a given classC, or oneof its generalizationsSpeci cally,
using thresholdson the supportcounts,we dynamically identify
“large” classesand learn coveragestatisticsonly with respectto
theseclasses.The resolutionof the learnedstatisticsis thus con-
trolled in an adaptve manner An interestingby-productof this
adaptve approactis that by identifying classeswith high support,
it alsoprovidesa macrocharacterizatiorof the focus areasof the
mediator

In the restof the paper we describeour approachand provide
anempiricalevaluationof its feasibility. The paperis organizedas
follows. In the next section,we give anovervien of our approach
andde ne theneedederminology Next wediscusshow thesources
are probedto generatdraining datafor mining statistics. We then
describehealgorithmsfor learningcoverageandoverlapstatistics.
This is followed by an empirical evaluationof our approach.We
endwith a discussionof the relatedwork and a summaryof our
contributions.

2. FRAMEW ORK

In this sectionwe give an overviev of our approachandde ne
theterminologywe usein the paper In orderto betterillustratethe
novel aspect®f ourassociatiomule miningapproachwe purposely
limit thequeriesto just projectionandselectionqueries.

2.1 Constructing Query Classes

Our approactconsistsof groupingqueriesinto abstractclasses.
Sincewe areconsideringelectiorquerieswe canclassifythequeries
in termsof the selectedattributesandtheir values. To abstracthe
classedurther we assumehat the mediatorhasaccesso the so-
called“attribute value hierarchiesfor a subsetof the attributesof
eachmediatedelation.

Note thathierarchiesdo not have to exist for every attribute, but
ratheronly for thoseattributesover which queriesare classi ed.

We call theseattributesthe classificatory attributes. If we know

thedomaingor representagie values)of multiple attributes,we can
chooseastheclassi catoryattributethe bestk attributeswhoseval-

uesdifferentiatethe sourcesghe most, wherethe numberk is de-
cided basedon a tradeof betweenpredictionperformanceversus
computationatompleity of learningthe statisticsby usingthesek

attributes. For example,supposea mediatorsystemjust hasthree
sources:sourceS: only haspapersin conferenceAAAl, S» only

haspapersin conferencdJCAI, and Ss only haspapersin con-
ferenceSIGMOD. In orderto rankaccesgo thesesourcesye need
only choosehe“conference’attributeastheclassi catoryattribute,
evenif we know thedomainof the“year” attribute.

2.1.1 AttributeValueHierarchy

An AV hierarchy (or attributevaluehierarchy)over anattribute A
is a hierarchicaklassi cation of the valuesof the attribute A. The
leafnodesof thehierarchycorrespondo speci ¢ concretevaluesof
A, while the non-leafnodesare abstractvaluesthat correspondo
theunionof valuesbelon them.We usethetermfeature to describe
the nodesof anAV hierarchy Classificatory Attributes referto the
attributesfor which we have AV hierarchiesn the mediator Con-
tinuing theexamplein Sectionl, we shallassumehatthe mediator
hastwo AV hierarchiegseeFigure 1), oneis for the “conference”
attribute,andthe otherfor the“year” attribute.

2.1.2 QueryClasses

A class is adescriptiorof asubsebf queries.Thesetof primitive
classes is thusjustthesetof all queries.Thesetof leaf classes is just
the setof all primitive querieswith all classi catory attributesand
only theseclassi catory attributesbound. Our interestis to de ne
abstract classes that cover multiple queries.Let H; denotethe set
of leaf node and non-leafnodefeaturesin the i-th AV hierarchy
in the mediator We shall assumehat the specialfeature ROOT
correspondso theroot of the hierarchy The setof abstractlasses
T IS justthe cartesiarproduct

Hi x Hy X ... x Hn.
We call =, theclassSet of the mediator

The AV hierarchiesnducesubsumptiomelationsamongthe ab-
stractclassesA classC; is subsumedby classC; if every feature
in C; is equalto or a specializatiorof the samedimensionfeature
in C;. Finally, aquery@ belongsto a classC if the valuesof the
classi catory attributesin Q are equalto or specialization®f the
featuregde ning C.

Example For amediatorwith two very simplefeaturehierarchies:
H, = {SIGMOD, DB,ROOT} and
H> = {1994,90 — 99, ROOT'},
theclassSet of themediatorwill be
T = {(SIGMOD,19%94), (SIGMOD, 90 — 99),
(DB,1994), (DB,90 — 99), (SIGMOD),
(DB), (1994), (90 — 99), ROOT'}

HeretheclassC: = (SIGMOD,1994) refersto all the SIG-
MOD'94 papersandthe classC> = (DB, 90 — 99) refersto all
the databas@aperspublishedfrom year1990to 1999. As we can
seeC: is subsumedy C2. C1 andC» are classeswith multiple
features,eachof which comesfrom a distinct AV hierarchy The
class(SIGMOD)=(SIGMOD, ROOT) is aclasswith asingle
feature.d

2The selectionof the attributesmay either be doneby the media-
tor designeror using automatedechniquegsuchasdecisiontree
learningtechniquego learntheir informationgainsof classifying
thesources).
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Figure 1: The Attribute Value hierarchies

2.2 An Overview of Our Approach

In this section,we shav how to learnthe coverageand overlap
statisticsby usingour associatiomule mining approachandhow to
mapausers queryto anabstractlasswith statistics.

2.2.1 CoverageandOverlap

The coverage of a datasourcefor a classrefersto the degreeto
which the sourcecoversthe class. We usethe notation P(S|C)
to denotethe coverageof sourceS for classC. We assumehat
the union of the contentsof the availablesourceswithin the system
covers 100% of the class. In otherwords, coverageis measured
relative to the availablesources.

The overlap amongk sourcedor a classrefersto the degreeto
which thesesourcesover the samepartof thedatain theclass.We
usetheformulaP(S1AS2 A...ASk|C) to denotetheoverlapamong
sourceS1, Ss,..., Sy for classC.

2.2.2 Mining associatiorrules

In orderto de ne the term associatiorrule, we rst de ne the
term source set. Let s, = {S1,S2,...,Sm} be a setof all the
sourcesavailableto a mediator A subsebf 7, is referredto asa
sourceset. A sourcesetthatcontainsk sourcesds a k-sourceSet.
For example {S1, S2} is a2-sourceSet.

An association rule representstrongassociationbetweeraclass
anda source§et.|t's an implication of the form C — S, where
C € . andS C 7. Notice that a classmay be de ned by a
single leaf nodefeature,a single non-leafnodefeatureor a com-
bination of features. For example, AAAI — Si, AT — Si,
AT&(1990 — 1999) — S1 and (1980 — 1989) — S1 A S» are
all possibleassociationules.

Rule supportandcon dencearetwo measuresf arule's signif-
icance.The supportof the classC (denotedby P(C)) refersto the
percentagef tuplesin the global relationthat belongto the class
C. Thesupporiof therule C — § (denotedby P(CnN §)) refersto
the percentagef the tuplesin the globalrelationthatarecommon
to all thesourcesn setS andbelongto classC. The con denceof

the rule (denotecby P(5|C) = P;,C(g)s)) refersto the percentage
of the tuplesin the classC' thatarecommonto all the sourcesin
sourceSet S.

Aswediscussedh Sectionl, it maybeprohibitively expensve to
learnandstorethe coverageandoverlapstatisticsor every possible
class.In orderto keepthenumberof associatiomuleslow, we prune

classeandsourcesetsin thefollowing way:

e Discovering largeclassesWe useathresholdonthe support
of theclasseso discover largeclassegary classwith support
higherthana giventhresholdandprunesmallclassesin this
papemwe presentnalgorithmto ef ciently discoserthelarge
classedy usingtheanti-monotone property®([HK00]).

3|f asetcannotpassatest,all of its supersetsvill fail thesametest

e Discovering strongly correlatedsourcesets:In orderto re-
membeismallnumberof overlapstatisticswe just storeover-
lap statisticsfor strongly correlatedsourcesets. For the un-
correlatedsourcesets,we assumehatthe sourcedollow the
independencassumption(FKL971) In thepaperwediscuss
how to usetheApriori algorithm([AS94])to discover strongly
correlatedsourcesetsfor all thelargeclasses.

After discorering the large classesand strongly correlatedsource
sets,we cancomputethe coverageandoverlapstatisticsin the fol-
lowing way:

e ForeachlargeclassC andeachl-sourceSet §A we generate
aruleC — S. Thecon denceof therule, P(S|C), denotes
the coverageof thesinglesourcein S for classC;

¢ ForeachargeclassC andeachstronglycorrelateds-sourceSet
S (wherek > 1), wegenerataruleC — S. Thecon dence
of therule, P(5]|C), denoteshe overlapamongthe sources
in S for classC. For example,AI — S1 A S2 with con -
dence= 40%meanghatsourcesS: andS; have 40%overlap
Al papers.

2.2.3 Mappinguses' queriesto abstactclasses

In orderto usethe learnedcoverageandoverlap statisticsof the
large classeswe needto mapa users queryto a discoveredlarge
class.Thenthecoverageandoverlapstatisticdor thecorresponding
classcanbeusedto predictthe coverageof the sourcesandoverlap
amongthe sourcedor thequery

Themappingcanbedoneaccordingo thefollowing algorithm.

1. If theclassi catoryattributesareboundin thequery then nd
the lowest ancestorabstractionclasswith statistics for the
featuresof thequery;

2. If no classi catory attribute is boundin the query thenwe
shoulddo oneof thefollowing,

o Checkwhetherwe have learnedsomeassociatiorrules
betweerthenon-classi catoryfeaturesn thequerywith
classi catoryfeature@. If we did, usethesefeaturesas
featuresof the queryto getstatisticsgo to stepl;

aswell.

*If sourceS; and S, areindependentthenthe probability that a
tupleis presentn sourceS; is independenof the probability that
thesameupleis presentn S2. ThusP(S1AS2) = P(S1)x P(S2).
5If we have multiple ancestorlassesthelowestancestoclasswith
statisticaneangheancestoclasswith lowestsupporicountsamong
all thediscoveredlargeclasses.

5In orderto simplify the problem,we did not discussthis kind of
associatiorrule mining in this paperbut it is justatypical associa-
tion rule mining problem. A simpleexamplewould beto learnthe
ruleslike:J.Ullman — Databases with high enoughcon dence
andsupport.



e Presenthediscoreredclassedo the user andtake the
usersfeedbacko selectaclass;

e Usetheroot of the hierarchyasthe classof thequery

2.2.4 Rankingsourcesfor a class

In thissectionwe discusow werankthesourcedor themapped
classC usingthe statisticswve learned.At rst we selectthe source
with the highestcoveragé asthe rst sourcethenwe usethe over-
lap statisticsto computethe residualcoveragesof the restof the
sourcedo nd thesecondbest,andsoon, until we geta planwith
the utility we want. However aswe discussectarlier we only keep
overlapstatisticsfor highly correlatedsourcesets. For sourcesets
without overlap statisticswe usethe independencassumptiorto
estimatetheir overlapinformation.

Example: Supposes:,S» andSs aresourcesxportingtuplesfor
classC. Let P(S51|C), P(S2|C) andP(Ss|C) bethelearnedcov-
eragestatisticsandP(S1 A Sz2|C) andP(S2 ASs|C) bethelearned
overlap statistics. With the independencassumptionit's easyto
estimatethe overlapof thesourcesn the2-sourceSet (S1, Ss)

P(S1 A S3|C) = P(5:1|C) x P(S3|C)
But computingP(S1 A Sa A S3|C) becomeson-triial, sinceit
containshoth independentind highly correlatedsubsets. In this
casewe begin by choosingthe 2-sourceSetvith maximal overlap
among(Si, S2), (S2, S3) and(S1, S3). Let (Sz2, S3) bethe maxi-
mally overlapping2-sourceSet. ThenassumingS; is independent
of S2 A Ss, we compute

P(S1 A Sz ASs|C) = P(51|C) x P(S2 A S3|C).
Similarly, theoverlapfor k& sourcesanbe estimatedasthe product
of theoverlapof themaximallyoverlapping(k — 1) sourcesandthe
coverageof theremainingsource.

3. GENERATING DATASET BY PROBING

In orderto useassociatiomule mining approacho learnthe cov-
erageandoverlapstatisticswe have to collecttheinput datasefor
mining. However in a dataintegrationscenariowe cannot getall
the datafrom the sourcedirectly becaus®f their autonomousa-
ture. Sotheonly way we canextractfeaturesrom theautonomous
sourcess to probethe sources.In this sectionwe discusshow to
generat@robingqueriesandstorethe probingresults.

3.1 Probing queries

Oncethe designof global schemaand AV hierarchiesof a data
integrationsystemis done,a setof probingquerieshave to be gen-
erated. The probingqueriescanbe generatedy just including all
the featuresof the leaf nodesof a single AV hierarchy Note that
even if multiple classi catory attributes' featurescanbe sened as
probingquerieswe still just needoneclassi catoryattribute's leaf
nodefeaturesasthe probingqueries. This is becauseueryingall
the sourcedby binding all the leaf nodefeaturesof a classi catory
attribute will give you thewholerelationor a representadie subset
of the relation. For example,in our motivating example,if all the
sourcexanbequeriedby giving a conferencename thenthe prob-
ing queriesarejust selectiomuerieson theconferencenamesn the
leaf nodesof the AV hierarchy

3.2 Datasets

"We can also rank the sourcesbasedon the combined utility

with other quality parametersuchas responsdime, freshnesof

the data, etc. For a detaileddiscussionon ranking sourcessee
[FKL97],[NLF99] and[NKO01].

| CID | Conference| Year | Count |

1 ICDE 2001 | 79
2 ICDE 2000| 67
3 ICDE 1999 | 70

Table 1: Tuplesin the tableclassinfo

| CID | Source | Count]
1 (S2, 57) 79
2 (S1,S2,53) 38
2 (51, 52) 20
2 S3 9
3 | (52,9, 51) 63
3 [ (51,52,9:,51) | 7

Table 2: Tuplesin the tablesourcelnfo

After we get the list of probing queries,we can query all the
sourceausingqueriesfrom the querylist. Oncewe getall the an-
swershackfrom the sourceswe uniontheresultsby deletingover
lap tuples,andkeepthe resultsin the resultdataset. This dataset
will be usedas input for our associatiorrule mining algorithm.
Speci cally theresultdatasetonsistf two tables classInfo(CID,
Ac, .. Ac,, Count)andsourcelnfo(CID, Source, Count), where
A, refersto the jt* classi catoryattribute. The leaf classeswith
at leastonetuple in the sourcesare given a classidenti er, CID.
The total numberof distinct tuplesfor eachleaf classare entered
into classinfo, anda separat¢ablesourcelnfo keepgrackof which
tuplescomefrom which sources!f multiple sourceshave thesame
tuplesin aleaf classthenwe just needto remembethe total num-
ber of commontuplesfor that overlappedsourceset. In the worst
casewe haveto keepthecountsfor all thepossiblesubsetfor each
classg™ of them,wheren is thenumberof sources.

Example: Continuingthe examplein Sectionl, we shall assume
thefollowing queryis the rst probingquery:
Q(title, author conferenceyear): —
paper(title, author conferenceyear),
conference="ICDE".
Thenwe canupdatethesetuplesinto the datasetclassinfo(seeTa-
ble 1) andsourcelnfo (seeTable2). In thetableclassinf, we use
attribute CID to keeptheid of the class,attributesConferenceand
Yearto keepthe classi catory attribute values,andattribute Count
to keepthe total numberof distincttuplesof the class.In thetable
sourcelnfo, we useattribute CID to keeptheid of the class,at-
tribute Sourceto keepthe overlapsourcesn the class,andattribute
Countto keepthe numberof overlappeduplesof the sources.For
example,in the leaf classwith classCID=2, we have threesubsets
of overlappedsourcesvhichdisjointly exportthetotal 67 tuples.As
we cansee all thesourcesn theset(S1, Sz, S3) export38tuplesin
commonall thesourcesn theset(S1, S2) exportanother20tuples
in common,andthessinglesourceSs itself exportanothem tuples.

8 Althoughin practicethe worst caseis notlikely to happenijf the
resultsaretoo mary to rememberwe cando oneof the following:

usea singlescanmining algorithm(seeSection4.1.2),thenwe can
countqueryby queryduring probing, in this way we just needto

remembetheresultsfor thecurrentquery;justremembethecounts
for thehigherlevel abstractlassesor justremembepverlapcounts
for uptok-sourceSets,wherek is aprede nedvalueg < n).



Algorithm 1 LCSalgorithm

input: the AV hierarchies;dataset: classInfo,sourcelnfo;
min_sup: minimumsupportthreshold;
output: ruleSet: the learnedrules, classSet:discorered large
classes;
begin
classSet = {}, ruleSet = {};
for(k =1k <=n;k+ +)do
classSety, = {};
for (eachleafclasslc € dataset) do
Ci. = genClassSet(k,lc, ...);
for (eachclassc € Ci.) do
IF(c ¢ classSety)
THEN classSet, = classSet, U {c};
c.count = c.count + lc.Count;
for (eachsourceS € t.sources ) do
IF(rulere—s ¢ ruleSet)
THEN ruleSet = ruleSet U {r.-:};
le.Counts « total numberof tuplesin SourceS and
Classlc;
Teos.cOUNt = re—ys.count + le.Counts;
endfor
endfor
end for
classSet, = {c € classSety|c.count >= min_sup},
remove rules of correspondinglow support classesfrom
ruleSet;
classSet = classSet U classSety;
endfor
for (eachruler._.,; € ruleSet) do
Te—ss.confidence = ”C—’Csoim
end for
return ruleSet;
end

Procedure genClassSet(k: number of features; Ic: the leaf class; the
AV hierarchies; classSet; classSety,)
for (eachfeaturef; € Ic) do
ftSeti = {fi};
ftSet; = ftSet; U {ancestor(f;)}; {/Irootof the hierarchy
is notincludedin ancestoof f;}
endfor
candidateSet = | J; ftSet;j1x ftSetjax...x ftSet;r;{//Using
cartesiarproductto generateall k featureclasses:
{/IThis pruningprocedurecanbe implementednside the carte-
sianproductprocedurg
for (eachclassc € candidateSet butc ¢ classSety, ) do
if (ary classc' (with & — 1 subsetfeaturesof classc) ¢
classSety_1) then
deletec from candidateSet;
endif
endfor
return candidateSet;

4. ALGORITHMS FORLEARNING COVER-
AGE AND OVERLAP

As wediscussee@arlier we useassociatiomulesto learnthecov-
erageandoverlap statistics. In this section,we introducean algo-
rithm, LCS, to efciently discover large classesgenerateassocia-
tion rulesbetweertheseclassesndsourcesandcomputethe con-

dence of therulesusingthe input dataset.We alsoshav how the
Apriori algorithmcanbeappliedto learnthe overlapstatistics.

4.1 The LCS Algorithm

TheLCS algorithm(seeAlgorithm 1) requireshe dataset:
classInfo andsourcelnfo, the AV hierarchiesandtheminimum
supportasinputs, and dynamicallydiscosers the large classesn-

sideamediatorsystem.As mentionedearlier in orderto avoid too
mary smallclasseswe cansetsupportcountthresholdgo prunethe
classeswith supportcountbelow the threshold.We usea uniform
minimum supportfor all the classes. We use the anti-monotone
property(which meanghatif a setcannotpassatest,all of its su-
persetswill fail the sametestaswell) to improve the ef ciency of
thealgorithm.

As we cansee,the LCS algorithm makes multiple passesver
thedata.Speci cally, we rst nd all thelargeclassesvith justone
featurethenwe nd all thelargeclassesvith two featuresusingthe
previousresultsandtheanti-monotongropertyto ef ciently prune
classedeforewe startcounting,andso on. We continueuntil we
getall the large classeswith all the n features. For eachtuplein
thek-th passwe nd thesetof k featureclassest fallsin, increase
the countsupport(C) for eachclassC in the set,andincreasehe
countsupport(C N S) for eachsourceS with thistuple. We prune
the classewith total supportcountlessthanthe minimumsupport
count. After identifying the large classeswe can easily compute
the caoverageof eachsourceS for every largeclassC asfollows:

confidence(C — S) = %

4.1.1 The"genClassSetfunction

In thealgorithm,we nd all the candidateclassewith k features
for aleafclasslc = {CID, A.,, ..., A, , Count} by a procedure
genClassSet The procedureprunessmall classesusing the large
classsetclassSetr—1 foundin the (k — 1)th pass.We explain the
procedureusingthefollowing example.

Example: Assumewe have a leaf classlc={1, ICDE, 2000, 67}

andk=2. We rst extractthefeaturevalues{A., = ICDE, A., =

2000} from the leaf class. Thenfor eachfeature,we generatea

featuresetwhich includesall theancestorsf thefeature. Thenwe

will gettwo featuresets: ftSet; = {ICDE, DB} and ftSet; =

{2000, (00—01)}. Supposeheclasswith thesinglefeature'ICDE”

isnotalargeclassin thepreviousresultsthenary classwith thefea-
ture“ICDE” cannotbealargeclassaccordingo theanti-monotone
property. We canprunethefeature‘lCDE” from ftSet, thenwe

getthecandidateclasssetfor theleaf classe,

candidateSet = ftSet1 x ftSets
= {DB&(00 — 01), DB&2000}.

4.1.2 SingleversusMultiple Scansf Data

In the LCS algorithm,we assumehatthe numberof classeswill
be high. In orderto avoid consideringa large numberof classes,
we pruneclasseguring counting. By doing so, we have to scan
the datasetmultiple times. However if the numberof classesare
smallandthe costof scanninghe whole datasets very expensve,
thenwe have to usea one passalgorithm. For eachleaf classic
of every probing querys results,the algorithmhasto generatean
candidateclasssetof l¢, increasehe countsof eachclassin theset.
By doing so, we have to remembethe countsfor all the possible
classegluringthe counting,but we don't needto remembenll the
probingqueryresults.

4.2 Learning Overlap amongSources

Oncewe discover large classesn the mediator we canlearnthe
overlapbetweersourcedor eachlarge class.Herewe alsousethe
dataset:classinfo andsourcelnfo. In this sectionwe discusshow
to learnthe overlapinformationbetweersourcedor a givenclass.

%In orderto improve the ef ciency of the algorithm,we canprune
thesmallclassesluringthe cartesiarproductprocedure.



From the table classinfo we can classify the leaf classesinto
the large classeawe learnedin the previous section. Here a leaf
classcanbe classi ed into multiple classes. For example, a leaf
classabouta paperin ConferenceAAAI", andYear:"1999",can
be classi ed into the following classes:AAAI, Al, 1999, 90-99,
AAAI&1999, AAAI&90-99, Al&1999, Al&90-99, if all of these
classesrelarge classesn the mediator

After weclassifytheleafclasseén classinfo, for eachdiscorered
large classC, we can get its descendenteaf classeswhich can
be usedto generatea new tablesourcelIn fo. by selectingrelative
tuplesfor its descenderieaf classedrom sourcelnfo.

Next we apply the Apriori algorithmto nd stronglycorrelated
sourcesets. The candidatesourcesetswill includeall the combi-
nationsof the sourceswith 1-sourceSets , 2-sourceSets,...n-
sourceSets, wheren is the total numberof sources.In orderto
useApriori, we have to decidea minimumsupporthresholdwhich
will beusedto pruneuncorrelatedourcesets.

Oncethe frequentsourcesetsfrom the table sourceIn fo. have
beenfound, it is straightforvardto calculateheoverlapstatisticsfor
thesecombinatiorof stronglycorrelatedsource¥. We cancompute
the overlapprobability of thesecorrelatedsourcesS:, Sa, ..., Sk in
classC by usingthefollowing formula:

P((Sl A 52 AA Sk)|0) — support_count(S1NSaN...NSg)

support_count(C)
Herethe support_count(C) is justthetotal numberof tuplesin the

tablesourcelnfoc.

5. EMPIRICAL EVALUATION

In this sectionwe presentresultsof experimentsconductedto
studythevariationin pruningpower andaccurag of ouralgorithms
for differentclasssizethresholdsin particular givenasetof sources
andprobingqueriespuraimis to shav thatwith increasen thresh-
old value of large classesthe time (to identify large classesynd
space (numberof large classesememberedysagedecreasebut
with areductionin accuracy of thelearntestimates.

We have implementeda prototypestatisticslearningsystemus-
ing the algorithmsdescribedin the paper Currently our system
only implementsLCS algorithmto learnthe coverageinformation
of sourcesWe alsodesignech dataintegrationsystemthatmimics
the simple mediatorexample provided earlier (seeSection1) and
usesthe sourcecoveragestatisticslearnt by our statisticslearner
Both the systemsare written in Java 2. All the experimentspre-
sentedherewere conductedon a Linux systemwith 256MB main
memoryrunningunderRed Hat Linux 6.1. Accordingly we gen-
eratea setof 15 datasourcesexporting the mediatorrelation pa-
per(title,authorconference,year)rhe sourcescontainpublications
of 15leadingresearclyroupsin Arti cial IntelligenceandDatabase
research. We assumeno binding restrictionsfor the sourcesand
henceimplementthemastablesin a Cloudscapelatabase([C36]).
We performour experimentsusingsourceswith sizesrangingfrom
500 to 1000 tuples. Conferenceand Yeararethe classi catory at-
tributesin our mediatorrelation.

Sinceour learningapproachs highly dependenonthe AV hier-
archy we assumemostsystemdesignerswill wantto startwith a
simple hierarchythat re ects all the levels of abstractiorbut con-
tainssmallnumberof featuresateachlevel. Basedontheefciency
of the statisticslearnt,they mayaddadditionalnodesto the hierar
chy. To seehow goodour algorithmwould work in sucha scenario,
we designedwo setsof attribute value hierarchiedor our classi -

10Thereis only a smallvariation: we needto addthe actualnumber
of countsfor eachtuplein steadof justaddone.
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Figure2: LCSIlearning time for variousthresholds
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Figure 3: Pruning of classedyLCS

catoryattributes,calledLar geHierar chiesandSmall Hierar chies
basecdon Figurel. Both hierarchiexontainthreelevels of abstrac-
tion from leaf to the root but differ in the numberof nodesat each
level asshavn in Figure5 andFigure6.

5.1 Time and SpaceUsage

To learnthe coveragestatisticsfor the datasourcego be usedby
the mediator we usedthe leaf nodefeaturesfrom the AV hierar
chiesof the classi catoryattributesasprobingqueries.To evaluate
the performanceof our statisticslearner we varied the threshold
valuefor alargeclassandmeasuredhenumberof largeclassesand
the amountof time usedfor learningsourcecoveragestatisticsfor

Error in estimation

0 25 50 75 100 125 150 175 200 225 250 275 300
Threshold

Figure 4: Error inducedin CoverageEstimation
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thelarge classesWe assumehatthe resultsof the probingqueries
arematerializedbeforeLCS startslearningrules. We do acknavl-
edgethe fact that actuallearningtime shouldinvolve the time to
probeandgenerateesults,andgiventhe high lateng involvedwith
Internetsourcesthe probingtime will vary basedon the numberof
probing queries,numberof sourcegqueriedandtime of querying.
Sincevariationsin thresholdvaluesdo not necessitatee-probingof
thesourcesye choseto ignoretheprobingtime. Figure2 compares
thetime takenby LCS to learnrulesfor differentthresholdvalues.
For a given thresholdwe note the averagetime taken by LCS to
generatehe rulesfor differentsetsof probing queries. Figure 3
compareghe numberof prunedclasseswith increasen threshold
values. As canbe seenfrom Figure 2, for lower thresholdd.CS
takes moretime to learnthe rules. As expected,for lower values
of supportthreshold,LCS will prunelessnumberof classesand
hencewill endup learningmore numberof rulesfor the classSet
of themediator Thisin turn explainstheincreasen learningtime
for lower thresholdvalues. But a contradictionis seenfor support
thresholdvalueof 0. HereLCS takeslesstime but learnsmorerules
than sayfor thresholdvalue 75. This canbe explainedby noting
thatfor thresholdvalue of 0, no callsto a pruningroutinearenec-
essarywhile for higherthanzerowe do have to testandpruneeach
abstracttlassgeneratedy cartesiarproductof the featuresof the
AV hierarchies. For thresholdvaluesabore 75, someof the leaf
nodefeaturegyet pruned,which leadsto lessemumberof abstract
classedeinggeneratedyy way of cartesiarproductsandhencere-
ducesthetime for pruning. This leadsto a reductionin the overall
learningtime of LCS for thresholdsabore 75. Comparedo Fig-
ure 2, Figure 3 holdsno surprises.As is intuitive with increasean
thresholdvalue, the numberof small classegprunedincreasesand
hencewe seea reductionin the numberof large classes.For ary
thresholdvaluegreaterthanthe supportof the largestabstractlass
in the classSetl CS returnsonly theroot asthe classto remember
In Figure 3, we getonelargeclassfor thresholdvalue300 and500
for SmallandLarge hierarchyrespectiely. Figures 2 and 3 shav
LCS performinguniformly for bothSmallandLarge hierarchy For
both hierarchies].CS generatesarge numberof classedor small
thresholdvaluesandrequiresmorelearningtime. For the caseof
zerothresholdvalue, LCS shaws the contradictionexplainedear

lier.

5.2 Accuracy of Estimated Statistics

To calculatethe error in our coverageestimateswe male use
of the prototypedataintegrationsystemanda subsetof our prob-
ing queriesastestingqueries.Givena query theintegrationengine
mapsit to the lowest abstractclassfor which coveragestatistics
have beenlearnt. The enginethenissueghe queryto the sourcesn
descendingrderof their coveragedor the mappedclass.Suppose
thetestingqueryis Conference = SIGMOD, andthe statistics
areavailablefor classD B while classSIGMOD wasprunedby
LCS.FromFigures5 and 6 onecanseethat D B is thenext lowest
abstractlassfor thequeryandhencehecoveragestatisticfor DB
wouldbeusedo identify thesourcedo call to answethegiventest-
ing query Thetuplesreturnedby sourcesarethenmaterializedand
coveragestatisticsareagainlearntfor eachsourcefor the mapped
class.We call the newly learntstatisticsasthe real coverageof the
sourcesandusethe sameto calculatethe accurayg of the estimated
coveragesfor the class. Supposehe real coverageof sourcesS:
to S, for aqueryQ; is covi, , covi,, ..., covi, (nis the numberof
sources)or the query Consideringcov;, , covi,, ..., cov;,, asthe

learnedcoveragedor theclassto which Q; is mappedwe compute

71 (leov], —cov;|) .
the meanabsoluteerrorasEC; = —————31 "~ Givena

thresholdtheerrorin estimationof the Iearnerﬁ's theaveragevalue
of the meanabsoluteerrorfor the testqueries.Sincewe arereally
interestedn relative orderingof sourcegjivena query this method
of calculatingthe accuray of estimatesmposesa tighter controf*

thanis required.

FromFigure 4, we canseethatthe errorin estimationincreases
with increasédn supportthreshold.Thisis intuitive, giventhatwith
increasen thresholdvalues the numberof classegrunedincrease
andsoaquerywill be mappedo a high level abstractlassinstead
of the leaf nodeclassto which it actuallybelongs.The estimation
errorwill have a maximumvalue of one,andascanbe seenfrom

1n facteventhoughthe rankingof sourceswith realandestimated
coveragemay be same,the absoluteerror might be high. On the
contrary for low absoluteerror one may seea hugedifferencein
relative ranking.



thegraphin Figure 4, LCS degradeggracefully

Altogethertheexperimentshav thatour LCS algorithmuseghe
associatiomining basedapproacteffectively to controlthenumber
of statisticsrequiredfor dataintegration. For our samplemediator
anidealthresholdfor LCS would be around75, wherelLCS effec-
tively prunesa large numberof smallclasseandyet doesnot have
high estimatiorerrors.

6. RELATED WORK

Theutility of quantitatve coveragestatistican rankingthesources
is rst exploredby Florescuet. al. [FKL97]. The primary aim of
theirwork however wasonthe“use” of coveragestatisticsandthey
do not discusshow suchcoveragestatisticscould be learned. In
contrast,our main aim in this paperis to provide a framevork for
learningthe requiredstatistics. We do sharetheir goal of keeping
the setof statisticscompact.Florescuet. al. achieve the compact-
nesshy assuminghateachsources identi ed with asingleprimary
classof queriesthatit exports. They “factorize”the coverageof a
sourcewith respecto anarbitraryclassin termsof (a) thecoverage
of thatsourcewith respecto its primary classand(b) the statistics
aboutinter-classoverlap. In contrastwe considerandlearnstatis-
tics abouta sources coveragewith respectto ary arbitrary query
class. We achieze compactnessy dynamicallyidentifying “big”
query classesandkeepingcoveragestatisticsonly with respecto
theseclassesFromalearningpoint of view, we believe thatourap-
proachmalesbettersensesinceinter-classoverlapstatisticscannot
belearneddirectly'?.

The work by Gruseret. al. [GRZT00] considersmining re-
sponsetime statisticsfor sourcesn aninformationgatheringsce-
nario. Given that both coverageand responseime statisticsare
importantfor queryoptimization,our work canbe seenascomple-
mentaryto theirs.Indeed,in [NKO1], we describeaframevork that
usesboth coverageandresponsedime statisticsto jointly optimize
the costandcoverageof queryplansin dataintegration.

Therehasbeensomework on rankingtext databases the con-
text of key word queriessubmittecto meta-searclkengines.Recent
work ([WMYO00], [IGS01]) considersthe problemof classifying
text databasemto atopic hierarchy While their approactinvolves
estimatingthe relevanceof a databaséor a giventopic, the textual
natureof the databaseprecludesary sophisticatedestimationof
coverageandoverlap.

7. CONCLUSION

In this papemwe motivatedthe needfor automaticallylearningthe
coverageand overlap statisticsof sourcesfor ef cient query pro-
cessingin a dataintegration scenario. We then presented set of
connectedechniqueghatestimatethe caverageandoverlapstatis-
tics while keepingthe neededstatisticstightly undercontrol. Our
speci ¢ contritutionsinclude:

e A modelfor supportinga hierarchicaklassi cationof theset
of queries.

e An approacHor estimatinghecoverageandoverlapstatistics
usingassociatiorrule mining techniques.

2They would have to be estimatedn termsof statisticsaboutthe

coveragef thecorrespondingjueryclassedy varioussourcesas
well astheinter-sourceoverlapstatistics.In this sensethestatistics
in [FKL97] canbethoughtof asa post-processinéactorizationof
thestatisticdearnedn our framework.

e A threshold-basethodi cation of the mining techniquedor
dynamically controlling the resolutionof the learnedstatis-
tics.

We describedhe detailsof our approachandpresentegrelim-
inary experimentalresultsshaving the feasibility of the approach.
The mining algorithmspresentedn this paperarebeingintegrated
into a prototypesystencalledHAvA su Bthatwe aredevelopingfor
supportingguery processingn dataintegration. Havasusystemis
intendedto supportmulti-objective queryoptimization, e xible ex-
ecutionstratgiesfor parallelplans,aswell asmining stratgiesfor
learningsourcestatistics.
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