
A Distributed Case-Based Query Rewriting

Maurizio Panti Luca Spalazzi Loris Penserini
Istitutodi Informatica,Universityof Ancona,via BrecceBianche,60131Ancona,Italy�

panti,spalazzi,pense � @inform.unian.it

Abstract

In literature, the mediatorarchitecturehas been
proposedfor taking information from distributed,
heterogeneous,and often dynamic sourcesand
makingthemwork togetherasa whole. In this pa-
per we proposea distributedcase-basedapproach
for the main problem of a mediator, i.e. rewrit-
ing queriesaccordingto mediator’s schema. Ac-
cordingto this approachwe usea casememoryas
mediator’s schema. Therefore,sucha schemais
not static(asin othersystems)but is dynamically
updatedthroughthe cooperationwith information
sourcesandothermediators,stronglyinfluencedby
the queriessubmittedby a consumer. From the
analysisof different cooperationstrategies arises
that it is moreefficient andeffective for a media-
tor to directly cooperatewith informationsources,
whenthesourcesarefew. Otherwise,it is moreef-
ficient to cooperatewith othermediators.

1 Introduction

Nowadays,informationsystemscanbethoughtascollections
of information sourcesand information consumersthat are
often distributed in world-wide networks. This meansthat
sourcesandconsumerscanbe autonomousandthusareof-
tenheterogenousanddynamic. Informationsourcesarehet-
erogenousdueto discrepanciesat thephysicallevel (different
DBMSs,softwareandhardwareplatforms),logical level (dif-
ferentdatamodels),andconceptuallevel (differentschemas,
conceptandrelationnames).

Example 1.1 Figure1 shows an exampleof threeinforma-
tion sourcesabout articles on computerscienceand their
authors. Let us supposethat the threesourcesreceive the
query ��� �� �	��

� ����� . ��� can answer to ��� (it finds
a view that matcheswith � � ), whereas ��� and ��� can
not. Indeed, the schemaof � � is different (heterogene-
ity of schemas). Notice that, if we rewrite the query as���� �������

� � ��� �"! ��#%$%& �('
)+*�, ���.- , ��� is ableto answersince���

�� � ���/�0! �1#%$%& �2'�)+*�, ���3- is part of its schemas.For what
concerns��� , it is not a matterof heterogeneity, ��� simply
doesnot have therequiredinformation.

Informationconsumersareheterogeneousaswell, sinceeach
consumermayhave differentcustomizationneedsdueto dis-
tinct businessobjectives.Moreover autonomousinformation
sourcesaredynamic,sincethey maybeaddedto thesystem,
may become(temporarily or definitively) unavailable, or,
sometimes,may alsovary their conceptualschemas.Infor-
mationconsumersarealsodynamic. Indeednew consumers
canbe insertedor removed. Furthermore,their information
needscanchangevery often. Our work dealswith informa-
tion integration in distributed,heterogeneous,and dynamic
informationsystems,i.e.,constructinganswersto queryfrom
consumers.Our primary goal consistson rewriting a con-
sumer’s query into queriesto specific information sources.
In [M. Panti, L. Spalazzi,A. Giretti, 2000] we proposeda
distributedcase-basedapproachto the problemof rewriting
queries.Accordingto this approachwe have a dynamicme-
diatedschema(thecasememory)insteadof astaticone(asin
othersystems).Indeed,ourmediator’sschemais dynamically
updatedthrough the cooperationwith information sources
andothermediators,stronglyinfluencedby thequeriessub-
mittedby a consumer. In thispaperwefocuson thecoopera-
tion strategiesof thedistributedcase-basedreasoner. Indeed,
we comparedifferent strategies from a theoreticalpoint of
view anddiscussthe results. The paperis organizedasfol-
lows. Section2 reportsthe relatedwork. An overview of
our work is providedin Section3. Section4 summarizesre-
sultsaboutlocal queryrewriting (i.e. whena querycanbe
reformulatedby a singlemediator). Section5 describesthe
distributedqueryrewriting (i.e., whena querycanbe refor-
mulatedonly throughcooperationamongmediators)anddis-
cusssometheoreticalresults. Finally, someconclusionsare
givenin Section6.

2 Related Work
Intelligent Information Integration (I � ). The mostsigni-
ficative approachto information integrationrelies on the so
calledmediatorarchitecture [Wiederhold,1992]: anarchitec-
turewith three-layers.A layeris devotedto informationcon-
sumers,anotherlayer is devotedto informationsources,the
middle layer(i.e. themediator)dealswith the reformulation
of agivenqueryin asetof queries,eachtargetedataselected
source.Intuitively, sucha reformulationwouldbeequivalent
to the original query(i.e., denotethe samesetof instances).
Nevertheless,often this is not possible. Therefore,a query
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Figure1: An exampleof informationsources.

reformulationcontainedin (insteadof equivalentto) theorig-
inal queryis consideredadequate(seefor example[Ullman,
1997;Beeri et al., 1997]). Furthermore,whena description
logic (e.g. [Borgida andPatel-Schneider, 1994]) is usedas
datamodelingandquerylanguage(e.g. [Beeri et al., 1997;
Kirk et al., 1995;Ullman,1997]), theproblemof querycon-
tainmentcorrespondsto thesubsumptionproblem.

Therearetwo basicapproachesto intelligent information
integration: the proceduralapproachandthe declarative ap-
proach.In theprocedural approach(e.g.,TSIMMIS [Garcia-
Molina et al., 1997]), mediatorsintegrateinformation from
sourcesthroughad-hocproceduresdefinedwith respectto
a setof predefinedinformationneeds.Whensuchneedsor
sourceschange(i.e.,wehaveadynamicinformationsystem),
a new mediatormust be generated. In the declarative ap-
proach(e.g.,SIMS [Arenset al., 1993], InformationMani-
fold [Kirk et al., 1995], andInfomaster[DuschkaandGene-
sereth,1997]), mediatorsusesuitablemechanismsto rewrite
queriesaccordingto sourcedescriptions. Usually, the pro-
posedsystemsdo notallow automaticadaptationof suchde-
scriptionswhensomethingchanges.
Distributed Case-Based Reasoning (DCBR). A distributed
case-basedreasoner[Prasadet al., 1996;Plazaet al., 1997]
learnsby experienceandcooperationhow problemscanbe
solved. Therefore,it is appropriatefor distributedanddy-
namic applicationdomains,when it is impossibleto have
predefinedsolutions.Nevertheless,asfar aswe know, its ap-
plication to information integration is a novelty. In DCBR,
thereareseveralagents;eachagenthasits own casememory
sinceit could have acquiredits own independentproblem-
solvingexperiences.A new problemis solvedthroughagent
cooperation.Indeedeachagentreusesthelocalpastcasethat
bestcontributesto the overall case.Descriptionlogic is ap-
plied to case-basedreasoning(andthusDCBR) aswell (e.g.
[Koehler, 1994]). Indeed,in case-basedreasoning,subsump-
tion becomesa powerful tool to automaticallyderive casehi-
erarchiesthatcanbeusedin caseretrieval andcaseretention.

3 Work Overview
Our goal is to build an informationsystemcapableof inter-
connectinginformationconsumersandsources.Previousap-
proachessolve several problemsconcernedwith distributed,
heterogeneousinformationsystems.Their mainlimitation is
relatedto the capability of evolving accordingto dynamic
information systems. We propose(seealso [M. Panti, L.
Spalazzi,A. Giretti, 2000]) a multi-agentsystemwhich is
basedona mediatorarchitecture,i.e. mediators,sources,and

consumersareagents.All theagentsadoptadescriptionlogic
called C–CLASSIC [Borgida and Patel-Schneider, 1994] as
datamodellingandquerylanguage.Indeed,subsumptionin
C–CLASSIC canbecomputedin polynomialtime.

In ourwork, thecapabilityof amediator agentto facehet-
erogeneousanddynamicsystemsrelieson a thesaurusanda
distributedcase-basedreasoner. Eachmediatorhasits own
thesaurusin orderto solve nameheterogeneity. A thesaurus
is composedby a setof classesof synonyms. Eachelement
of a classhasthereferenceto informationsourcesthatuseit
asterm. Every time a new queryarrives,its termsaretrans-
lated in standardtermsby meansof the thesaurus.The re-
verseprocessoccurswhenthe rewritten querymustbe sent
to informationsources.The thesaurusmustbe dynamically
updatedwhena changein thesystemoccurs.Theclassesof
the thesaurusaremodifiedby meansof clustering. The ex-
planationof this techniqueis out of the scopeof the paper,
for moredetailswe remindto [DiamantiniandPanti, 1999].
Therefore,in the restof the paperwe assumethat no name
heterogeneityoccurs(i.e., thethesaurushasa maximumpre-
cision). Eachmediatorhasalsoits own case-basedreasoner
in order to solve heterogeneityof schemasandconsumer’s
needs.Eachcasecontainsa queryandthecorrespondingre-
formulation,andit is storedin the mediator’s casememory.
Whena new queryfrom the consumerarrives,themediator
looks for pastqueriessubsumedby the new oneandadapts
the correspondingsolutionsin order to obtain a reformula-
tion of thenew query. This meansthat themediatedschema
is stronglyinfluencedby thequeriessubmittedby consumers
(mediator’sexperience).Whenthisexperiencedoesnothelp,
themediatorcooperateswith othermediatorsand/orinforma-
tion sources.This approachallows themediatorto updateits
schemasandthereforeto takeinto accountchangesin infor-
mationsourcesandconsumer’sneeds.Thiscanbeconsidered
akind of distributedcase-basedreasoning.

In our system,information source agents1 areableto co-
operatewith mediatorsthrougha queryreformulationbased
on local schemas.Indeedeachsourceis ableto find a view
over its schemathatis subsumedby aninput query.

Example 3.1 Let usconsiderthedistributedinformationsys-
tem of Figure 1 (Example1.1). According to the above
assumption,we consider that all the (concept and role)
nameshave been already translatedby a thesaurusand
thus no name heterogeneityoccurs. Nevertheless,con-
ceptualschemasare different (as showed in Example1.1).

1Notice that whena sourceis a non-agentsoftware,we needa
wrapperasinterfacebetweenthesourceandtherestof thesystem.
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Figure2: An exampleof casememory.

Let us supposethat source ��� receives a query �t� ��� u vo!L�
� �2'0w $ �	xdy - . ��� findsthat �t� subsumesacmtransand
ieeetransandthusreturnsthe correspondinginstances(de-
notedby , Q S0z �	{L| v $ �	xdy0}T~�, Q S0z � �"�"� v $ �	xdy0} ).
4 Local Query Rewriting
Generallyspeaking,a caseis an arbitrary set of features
(attribute-valuepairs). Somefeaturesare devoted to repre-
senta problem(in our applicationthe query to be reformu-
lated) in order to makeeasierthe retrieval of a pastprob-
lem similar to the currentsituation. The restof featuresare
devotedto representthe problemsolution(the reformulated
queryandinformationsourceswherethereformulatedquery
hasbeensent) to reuseit in the currentproblem. Further-
more, the problem of rewriting querieshas a fundamental
conditionthatmustbesatisfied:the rewritten querymustbe
containedin the original query [Beeri et al., 1997;Ullman,
1997]. We useC–CLASSIC asa languagefor representing
queriesandthuscases.The subsumptionrelationis usedas
querycontainmentandthusfor caseretrieval. Accordingto
above considerations,a case is a structureasthe following:� ���o��#"� z � } � � z � � �<� � } � �"�0� z � A �o� A }+�B� where � � � �0�"� �o� Aare information sourcesand �t�0� �0�"� �o� A are queries to� � � �0�"� �o� A respectively. � is a given query and ��#"� z � }is its reformulation,i.e., a set of arbitrarycombinationsof�t�0� �"�0� �<� A suchthat eachelementof ��#"� z � } is subsumed
by � . A collectionof casesis calledcase memory. A termi-
nology (i.e.,asetof conceptdefinitionsandtheirrelations)is
alwaysassociatedto a casememory. �t�L� representthe top
andbottomconcepts,respectively. The initial casememory
canbe built asstaticmediatedschemasof traditionalmedi-
ators(e.g. SIMS [Arenset al., 1993]). In our system,the
addedvalueis thattheDCBRworksto maintainupdatedsuch
a schema.
Example 4.1 Figure2 andFigure3 show the casememory
andtheterminologyof a mediatorof Example3.1.
Query Retrieval. Every time a new queryarrives, it is in-
sertedin the terminology and classifiedby meansof sub-
sumption. If thereexists a pastproblemequal to the new
query, then its solutioncanbe usedassolution for the new
query. Otherwise,thesolutionsof pastproblemsthataresub-
sumedby thenew querycanbeusedassolutionfor thenew
problem. The closestto the new query the retrieved cases
are,thebestthesolutionsare.This drivesusto thenotionof
problemsmaximallycontainedin thenew query. Thisnotion
allows thedefinitionof theretrieval function � KPAm��z ���N� } as
a setof conjunctionsof concepts( � KJ� �+� K ) of thegiven ter-
minology ( � ). For eachconjunctionof conceptstheredoes
not exist anotherconjunctionof conceptsof thesametermi-
nology( � =%� �+� = ) suchthat z � KJ� � � K }�� z � =M� �+� = }�� � .

Example 4.2 Let ussupposeto have ��� ������

�� � z ��� ��& � } as
input queryin Example4.1. Applying the retrieval function
weobtain: � KRA_�dz � � �N� } � '%� �<������-
Query Reuse. Thebasicreusealgorithm( � KPA_��z ���?� } ) sim-
ply copiespastsolutionsof pastproblemsreturnedby there-
trieval function.

Example 4.3 Applying thebasicreusealgorithmtoExample
4.2,weobtain: � KPAm��z � � �N� } � ��#"� z ��}+~ z ��#"� z � } �F��#"� z � }B} 2
Now we have all the building blocks to define the local
reusealgorithm( � z ���N� } ). Suchan algorithmdecomposes
eachconsumer’s queryin basiccomponents,appliesthe ba-
sic reusealgorithmto eachcomponent,andfinally assembles
thecorrespondingresults(a moredetaileddescriptioncanbe
foundin [M. Panti,L. Spalazzi,A. Giretti, 2000]).

Example 4.4 Let us supposeto have � � �� �	��

� ����� ����

�� � �	{L| asinputqueryin Example4.1.Applying thereuse
algorithmwe obtain:

� z ���	�N� } � � KPAm��z ����

� ���	� �N� } ��� KPAm�
z ���

�� � �	{L| �?� }� z ��#"� z ��} ����#"� z ,_}+}�~ z ��#"� z � } ����#"� z � } � ��#"� z ,_}+}
Notice that this is just onepossibleanswer, anothermedia-
tor with a differentcasememorymay rewrite the queryin a
differentwayandthusreturna differentanswer.

It is easy to prove that each elementof � KPAm� z ���N� } and� z ���N� } is subsumedby � . Therefore,a reformulationis
containedin theoriginalqueryasrequiredin thedefinitionof
case.Finally, noticethatin general� KPAm� z ���N� }¢¡� � z ���N� } .
Query Evaluation. Whenthemediatorhasa reformulation
of the received query, it must sendsucha reformulationto
relatedinformationsourcesandwait for theiranswers.

Example 4.5 The evaluationof ��#"� z � } consistson query-
ingsources��� , ��� , and � � with ���

�� � u # 
 $ xd� � , ����

� � & � , and���

�� � �	� respectively, andintegratingtherelatedanswers.The
semanticsof conceptshelpsus on integrating the answers.
Let , Q S0z ����

� � u # 
 $ xd� � } , , Q V%z ����

� � & � } , and , Q Wmz ����

� ���	�h} be
answersfrom ��� , ��� , and � � respectively, then the an-
swer to ����

� � z u # 
 $ xd� �1�£& � } is: z , QTS¤z ����

� � u # 
 $ xd� � }�¥, QdV%z ����

� � & � }+}
~ z , QdWmz ����

� ���	�h}d¥¦, QdVmz ����

� � & � }+} .
Failures. Wehavea local failurein queryreusewhenamedi-
atoris notableto rewrite agivenquery � , i.e., ��#"� z � } � � 3.
Thismeansthatthemediator’scasememorycontainsnopast
casesthatcanbe usedto reformulate� . Usually this is due
to thefact thatit is thefirst time thattheconsumerformulates
sucha query, i.e., theconsumerhasa new informationneed.

2 §
¨"©hªh«�¬
­f§
¨"©Jª?®�¬ meansthateachelementof §
¨"©Jªh«�¬ is con-
junctedwith eachelementof §
¨"©Jª?®�¬ .

3Noticethat ¯ ª?°±¬
²´³ .
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]i;?;+;h=">?9%@+A	C<D0µ¶b·�I�GB:�µ¶b·�I�COKmµ¶d·�I�C<qL\?A_rhY µ¶�C<K_I�C<¸?¹ ;º 60809%:?D�K.YB[0\N@+; ]_^P`badc�sLg/I�C<¸?¹ r.@<C<A�Y ;º C<¸?¹�EF60= r.n+8%\O; ]?»d@oCOA�Y+g�I4 ;º 608"9%:<;�5 =0>N9%@+A�COD+E�G+:+H_I_X ;º 608"9%:<; C<¸?¹�I�k ;º 608"9%:<; C<K"Imp ;º 608"9%:<;�5RC<qL\?A_rhY%E�GB:+H�;+;?; g
Figure3: An exampleof terminology.

Example 4.6 Let us consider the case memory
of Example 4.1 and the query �¢¼ �� �	��

� ����� �� �	½
½�� � �J� v � # x��2'�) � v �	xd½ #%$%&_¾ - . The mediatoris not able to
rewrite thequery. Indeed,we have

� z ��¼��N� } � z ��#"� z ��} �t� }m~ z ��#"� z � } ����#"� z � } �t� } � ' ��-
Furthermore,we have a local failure in query evaluation
whena mediatorsendsa rewritten query to relatedsources
andreceivesat leastan emptyanswer. This meansthat the
casememoryof the mediatoris not updated. Typically, an
information sourcehas beenremoved from the systemor
changedits schema.
Example 4.7 Let us suppose that source � � has
been (perhaps temporarily) removed, then the eval-
uation of the reformulated query in Example 4.4
fails. Indeed , QTS%z ���

�� � ���/�0! �1#%$%& �2'�)+*À¿ � x v y ¾/- } �
, QTS¤z ����

� � u # 
 $ xd� � } � , QbS0z ����

� � ���

�� � �hy"Á � $ �2'�)B*�Â �£���P- }� , Q S0z ����

� � ��� �"! ��#%$%& �2'
)+*�, ¾ - } �ÄÃ
5 Distributed Query Rewriting
Even if a local failure (in queryreuseor evaluation)occurs,
thedistributedcase-basedreasoninghasstill a possibility of
solvingtheproblemby meansof cooperationwith otherme-
diatorsandsources.Notice that this providesthesystemthe
most importantway of learning. Indeed,if the query is re-
formulated,the new rewritten queryand/orthe new sources
canbestoredasa new case.In sucha way themediatorcan
supportdynamicinformationsystems.Furthermore,it does
not needto maintainconsistentits casememoryevery time
somethingchanges,but only whenaconsumersendsa query
that fails. Therefore,the distributed information systemis
notoverloadedwith consistency maintenanceoperations,that
usuallyaretime consuming.On thecontrary, traditionalme-
diation systemscan only updatemediatedschemawith ex-
pensive hand-madeprocedures.

Cooperationstrategiescanbeclassifiedaccordingto three
parameters:partners,queries,andanswers. In the follow-
ing we describesuchstrategies,we alsoanalysethem(from
a theoreticalpoint of view), sincethechoiceof the right co-
operationstrategy is crucial for effectivenessandefficiency,
anddiscusstheresults.
Partners. Whena mediator(say � ) fails, it cancooperate
with othermediatorsaskingthemto rewrite a queryaccord-
ing to theirown casememories.If they succeed,� canstore

theresultasanew casein its casememory. Themediatorsin-
volvedin thisstrategy canbeall themediatorsof thesystem,
just mediatorsthathave never beenin touchwith M, or me-
diatorsthatsuccessfullycooperatedwith � in thepast.The
mediator� candirectly cooperatewith informationsources
aswell. This strategy caninvolve all the sources(it is very
expensive),sourcesresponsibleof thelocal failure(thisstrat-
egy takesinto accountchangesof schemas),recentlyadded
sources(this strategy takes into accountnew sources),or
the sourcesthat successfullycooperatedwith � in the past
(whena userhasa new informationneed,the applicationof
this strategy supposesthat the new needinvolves the same
sourcesof thepast).Eachsourceclassifiesthequeryandre-
turnsthe subsumedconcepts.Let us analysesuchstrategies
focusingonrecallandprecisionratiosin orderto evaluatethe
effectivenessof thestrategy. Wealsoevaluatetheinformation
redundancy thatsuchstrategiesproduce.

First, let us considera mediator � that cooperateswith
othermediators,sendsthemtheoriginal query, andasksfor
receiving a rewritten query. This strategy hasa possibledis-
advantagethatanothermediatorcansenda wrongrewriting.
Thisfacthasharmfulconsequencesontheprecision,asstated
by thefollowing theorem.

Theorem 5.1 Let � � � �"�0� �<� A be x informationsources. LetÅ
bea view of � � � �"�0� �<� A .

Å
is representedasa casememory

that doesnot change. Let � , Æ betwo mediatorssuch that� interactswith Æ when � fails. Let Ç Abz � } be the case
memoryof � after x interactionswith Æ . Then

Recall: ÈRÉPÊA�Ë�Ì ¸+CO@oGi5�ÍmÎ_5(cfH.Ï_Ð�H¸+C<@oGi5(Ð
H ÑÓÒ
Precision: ÈRÉPÊA�Ë�Ì ¸+CO@oGi5�Í Î 5(cfH.Ï_Ð�H¸+C<@oGi5�ÍmÎ_5(cfH.H is indeterminate

In the above theorem, Ç A z � } denotesthe casememoryof
themediator� (e.g. seeFigure2).

Å
denotesthe informa-

tion needof a givenconsumer, i.e., it is theschemato whichÇ Adz � } mustconverge. Sucha theoremstatesthatwhenthe
mediatorÆ sendsa rewriting that is partof

Å
the recalland

theprecisiongrow, otherwisethe recalldoesnot changeand
theprecisiondecreases.Thismeansthatis crucialthechoice
of whatandhow many mediatorsto cooperatewith. Another
possibledisadvantageof suchastrategy is thatasymptotically
all the mediatorsmay have the samecasememory, i.e. this
strategy producesa certainredundancy. This resultis a con-
sequenceof thefollowing theorem.
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Theorem 5.2 Let � , Æ betwomediatorssuch that � inter-
actswith Æ when� fails. Let Ç Adz � } bethecasememoryof� after x interactionswith Æ . Let Ç z Æ } bethecasememory
of Æ such that it doesnot changewhile Æ interactswith � .
Then ÈPÉRÊA�Ë�Ì ¸+CO@oGi5�Í Î 5(cfH3Ï%Í	5(Ô�H.H¸+CO@oGi5�Í	5(Ô±H3H � Ò
The above theoremstatesthat the casememoryof � con-
vergesto the casememoryof Æ when � cooperateswithÆ . This seemsto suggestthatwhenthemediatorcooperates
with othermediatorsit woulddirectlyaskdatainsteadof the
rewritten query. This would allow any mediatorto maintain
its expertiseandavoid redundancy.

As a secondstrategy, let us considera mediator � that
directly cooperateswith informationsources,sendsthemthe
original query, and receives the rewritten query (and even-
tually the data). This strategy guaranteesa given consumer
thatthemediator� convergesto theconsumer’s information
need.Indeedit is possibleto provethefollowing theorem.

Theorem 5.3 Let �T�¤� �0�"� �o� A be x informationsources. LetÅ
bea view of �T�m� �"�0� �o� A .

Å
is representedasa casememory

that doesnot change. Let � be a mediatorsuch that �
interacts with �T�%� �"�"� �<� A whenit fails. Let Ç A z � } be the
casememoryof � after x interactionswith �T�%� �"�"� �<� A . Then

Recall: ÈRÉPÊA�Ë�Ì ¸+CO@oGi5�Í Î 5(cfH.Ï_Ð�H¸+C<@oGi5(Ð
H � Ò
Precision: ÈRÉPÊA�Ë�Ì ¸+CO@oGi5�ÍmÎ_5(cfH.Ï_Ð�H¸+C<@oGi5�Í Î 5(cfH.H � Ò

The above theoremstatesthat the mediatorwill asymptoti-
cally satisfy the informationneedof a given consumer(de-
notedby

Å
). Indeed,underthehypothesisthatno namehet-

erogeneityoccurs(seeSection3), it is impossiblethat the
sourcehaswrongschemas.Therefore,theinformationsource
haseitherthe right answeror no answerat all. This means
that the choiceof sourcesto cooperatewith is crucial only
for efficiency of thesystem,i.e. how fastthemediator’scase
memoryconvergesto user’sneeds.

Example 5.1 In thesituationof Example4.7, let ussuppose
that themediatorchoosesto look for new sourcesandcoop-
eratewith them.Let ussupposethat ��¼ is a new information
sourcewhichcontainsACM publicationsandhasthefollow-
ing conceptsin its schema:Õ%ÖL× Ø.¨"ÙmÚ�Û²¦Ü_Ý Þ	Õm×�ß Û à/áhâ�ã�ä §då å.æ�­�Ü"çéè_êB©Zë3Ú<ì	ß0í Û�à áJî±ï�ðòñ æÕ%ÖO× Ø3¨0Ö<©�Û²¦Ü_Ý Þ	Õm×�ß Û à/áhâ�ã�ï�ó å åPæ�­¢Ü0ç èmêB©.ë.Ú<ì	ß0í Û�à áJî�ï�ð´ñ æÕ%ÖL× Ø3¨%ë.Ú Û²¦Ü_Ý Þ	Õm×�ß Û à/áhâ�ã ¯ § å å æ�­�Ü"çéè_ê+©.ë.ÚOì�ß"í Û à/áJî±ï�ðòñ æ

The mediator decomposes the query ��� and
sends each component to � ¼ . For example, when� ¼ receives ����

� � ����

� � �Jy"Á � $ �2'�)B*�Â �£¾/- , it looks
for maximally contained concepts and obtains� KPAm� z ���

�� � ���

�� � �hy"Á � $ �2'
)+*�Â �£¾ -��N� } �
' �	��

� ����{i| v #%& y � ����

� ���	{L| v # { �+� ����

� ���	{L| v # �Jy - . When
themediatorreceivestheanswer, retainsasnew case:ô Ü"çéè_ê Û Õ%ÖL×Óõô Ü"çéè_ê Û Õ%ÖL× Ø3¨0ÙmÚFõ Ü"çéè_ê Û Õ%ÖL× Ø3¨0Ö<© õ/Ü0ç è_ê Û Õ%ÖL× Ø3¨%ë.ÚLöjõô ªPÜ0ç è_ê Û Õ%ÖO× Ø.¨"ÙmÚ"õ+÷�øo¬TõTªPÜ0ç è_ê Û Õ%ÖL× Ø3¨"Öo©Jõ?÷�øL¬dõªPÜ0ç è_ê Û Õ%ÖO× Ø.¨%ë.Ú"õ?÷�øL¬�ö ö

Queries. Cooperationstrategiescanalsobeclassifiedaccord-
ing to queries.Indeed� cansendthe queryasreceived by
the consumer(this is a strategy that takesinto accountthe
new user’s need). It can sendthe retrieved query (if any),
i.e. the problemreturnedby the retrieval function (this is a
strategy that takesinto accounttheneedof maintainingcon-
sistentthe mediator’s casememory). Finally, the mediator
cansendthe reformulatedquery (if any). In the latter case
the “approximationof the solutiongrows”, asstatedby the
following theorem.

Theorem 5.4 Let � be the original query. Let ���úù� KPAm�
z ���N� } be oneof thepastqueriesretrievedby � . Let��#"� c z �¢� } be oneof the reformulationsof ��� usedby � as
rewriting of � . Let Æ bethemediatoror sourcethat cooper-
ateswith � . Let ��#"� ÔfzJû } bethequeryrewritten by Æ if Æ
receivesû asinputquery. Then

��#"� Ôfz � }F� � � ��#"� Ôfz ��� }�� ��� � �
��#"� Ô z ��#"� c z ��� }+}�� ��#"� c z ��� }�� ��� � �

As aconsequence,thesolutionreturnedby Æ is moredistant
from � than ��� when � doesnot sendtheoriginal query.

Cooperationstrategiescanalsobeclassifieddependingon
thefactthatthequerycanbesentasit is or bedecomposedin
basiccomponents.Thissecondstrategy is applicablesinceit
is straightforwardto prove that the following theoremholds
whenwe useC-CLASSIC:

Theorem 5.5 Let � � � �"�0� �<� A be queries. Let � �
½ z � � � �0�"� �o� A } be the user’s query. Let Æ be the mediator
or sourcethat cooperateswith � . Let ��#"� Ô zJû } bethequery
rewritten by Æ if Æ receivesû asinputquery. Then

��#"� Ô z ½ z �t�%� �"�0� �<� A }+} � ½ z ��#"� Ô z �t� } � �"�0� �<��#"� Ô z � A }+}
The theoremabove statesthat � doesnot needto decom-
posea querybeforeits sending,sincethe query is directly
decomposedby partners.Thissuggeststhatdecompositionis
convenient(efficient) only if � failed to reformulate/ evalu-
atejust somecomponentsof thequery.
Answers. Finally, cooperationstrategiescanbeclassifiedac-
cordingto answers. � canaskfor rewriting the query. Its
goal is to updateits casememorywith a rewritten queryob-
tainedfrom its collaborators.� canalsoaskfor datathatan-
swerthequery. In sucha situation,it storesin thecasemem-
ory theaddressesof themediators/sourcesthatanswered.We
cananalysesuchstrategies dependingon partners.Table1
reportsthe resultsof cooperationwith only oneagent. We
assumethatsuchanagent(saya source� or a mediator Æ )
doesnot changewhile the strategy is in progress.We also
supposethat Æ has

� ���<��#"�Zü z � } �<� � in its casememory. For
eachstrategy, Table1 reportsthe new casethat � storesin
its casememory, thesetof instancesrelatedto thereformula-
tion, thenumberof messagesto obtaininstancesof � (when� receives � the first time andthe next time), and the re-
sultsaboutredundancy (seeTheorem5.2). Whenwe con-
sidercooperationwith mediators,it seemsmoreefficient to
askfor a rewriting, since � interactswith Æ only the first
time, thenext time � directly interactswith � . On theother
hand,thestrategy of requiringdatadoesnot produceredun-
dancy, even if it is lessefficient. Notice that, for what con-
cernssuchevaluationparameters,thestrategy of cooperating
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Partner Answer New Case Data No. of messages. Redundancy
1st. time Next time

Source( § ) Rewriting
ôhý õ+§
¨"©.þ ª ý ¬Bõ+§dö ¯ þ	ªh§
¨0©3þ ª ý ¬?¬ 4 2 No

“ Data
ôhý õ ý õN§dö ¯ þ ªh§
¨0© þ ª ý ¬?¬ 2 2 No

Mediator( ÿ ) Rewriting
ôhý õ+§
¨"©.þ ª ý ¬Bõ+§dö ¯ þ	ªh§
¨0©3þ ª ý ¬?¬ 4 2 Yes

“ Data
ôhý õ ý õ ÿ ö ¯ þ	ªh§
¨0©3þ ª ý ¬?¬ 4 4 No

Table1: A comparisonof differentcooperationstrategies.

with sourcesrequiringdataseemsto bethemostappropriate
whenthenumberof sourcesis comparableto thenumberof
mediators.

6 Conclusions
We consideredtheproblemof rewriting queriesby meansof
distributedcase-basedreasoning. As far as we know, this
is a novel approach. This allows us to have dynamicme-
diated schemasinsteadof static ones. We showed that a
real dynamicmediatoris obtainedby meansof distributed
query reformulation,i.e., cooperationwith other mediators
andsources.Thanksto this approach,themediatoris ableto
beupdatedwhensourcesandconsumersareadded/removed
or changetheir schemas/needs.This operationis performed
only whena consumersendsa querythat fails andnot every
timesomethingchanges.Thisallowsusto avoid of overload-
ing the distributedinformation systemwith expensive con-
sistency maintenanceoperations. In distributedcase-based
reasoning,thechoiceof theright cooperationstrategy is cru-
cial. Wehintedseveralpossiblestrategiesanddiscussedtheir
advantages.Fromsuchananalysisarisesthatwe canobtain
goodresultsfor effectivenessandefficiency whena mediator
directly cooperateswith informationsourceswhenthenum-
berof informationsourcesis small.Otherwise,themosteffi-
cientstrategy is thecooperationwith othermediators.Finally,
noticethatthechoiceof C–CLASSIC is appropriatesincethe
algorithmcomplexity for queryretrieval andreuseis polyno-
mial.

Acknowledgements
We thankJ. Mylopoulos for suggestionsandusefuldiscus-
sionsaboutthetopicspresentedin this paper. We alsothank
P. Coupey andS. Gianfelici thathave participatedto thede-
velopmentof theC–CLASSIC reasoner.

References
[Arenset al., 1993] V. Arens, C. Y. Chee,C-N. Hsu, and

C.A. Knoblock.Retrievingandintegratingdatafrom mul-
tiple informationsources.InternationalJournalonIntelli-
gentandCooperativeInformationSystems, 2(2):127–158,
1993.

[Beerietal., 1997] C. Beeri, A. Y. Levy, andM.-C. Rous-
set. Rewriting QueriesUsing Views in DescriptionLog-
ics. In Proc.of the16thACM SymposiumonPrinciplesof
DatabaseSystems(PODS), pages99–108,New York, NY,
May 12–14,Tucson,Arizona1997.ACM Press.

[BorgidaandPatel-Schneider, 1994] A. Borgida and P. F.
Patel-Schneider. A SemanticsandCompleteAlgorithm for

Subsumptionin theCLASSICDescriptionLogic. Journal
of Artificial IntelligenceResearch, 1:277–308,1994.

[DiamantiniandPanti,1999] C.DiamantiniandM. Panti. A
ConceptualIndexing Methodfor Content-BasedRetrieval.
In A. M. Tjoa, A. Cammelli, and R. R. Wagner, edi-
tors, TenthInternationalWorkshopon Databaseand Ex-
pertSystemsApplications(DEXA’99), Florence,Italy, 1–3
September1999.IEEEComputerSociety.

[DuschkaandGenesereth,1997] O. M. DuschkaandM. R.
Genesereth.Infomaster- An InformationIntegrationTool.
In Proc.of theInternationalWorkshoponIntelligentInfor-
mationIntegration, Freiburg, Germany, September1997.

[Garcia-Molinaetal., 1997] H. Garcia-Molina,Y. Papakon-
stantinou,D. Quass,A. Rajaraman,Y. Sagiv, J. Ullman,
V. Vassalos,andJ. Widom. The TSIMMIS approachto
mediation:datamodelsandlanguages.Journal of Intelli-
gentInformationSystems, 8:117–132,1997.

[Kirk etal., 1995] T. A. Kirk, A. Y. Levy, Y. Sagiv, and
D. Srivastava. TheInformationManifold. In AAAISpring
Symposiumon InformationGathering. AAAI, 1995.

[Koehler, 1994] J. Koehler. An Application of Termino-
logical Logics to Case-basedReasoning. In P. Torasso,
J. Doyle, and E. Sandewall, editors,Proceedingsof the
4th InternationalConferenceon Principlesof Knowledge
Representationand Reasoning, pages351–362, Bonn,
Germany, May 1994.MorganKaufmann.

[M. Panti,L. Spalazzi,A. Giretti, 2000] M. Panti, L.
Spalazzi,A. Giretti. A case-basedapproachto informa-
tion integration. In Proceedingsof the26th International
Conference on Very Large Databases, Cairo, Egypt,
10–14September2000.

[Plazaetal., 1997] E. Plaza,J.L. Arcos,andF. Mart́ın. Co-
operative Case-BasedReasoning. In G. Weiss, editor,
DistributedArtificial IntelligencemeetsMachine Learn-
ing, LectureNotesin Artificial Intelligence,Berlin, 1997.
SpringerVerlag.

[Prasadet al., 1996] M. V. N. Prasad,V. R. Lesser, andS.E.
Lander. Retrieval andreasoningin distributedcasebases.
Journal of Visual Communicationand ImageRepresen-
tation, Special Issue on Digital Libraries, 7(1):74–87,
March1996.

[Ullman,1997] J.D. Ullman. InformationIntegrationUsing
Logical Views. In Proceedingsof the InternationalCon-
ferenceon DatabaseTheory, pages19–40,1997.

[Wiederhold,1992] G. Wiederhold.Mediatorsin theArchi-
tectureof FutureInformationSystems. IEEE Computer
Magazine, 25:38–49,March1992.

1010 CASE-BASED REASONING


