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Abstract. In this work, we consideraugmenting SQL with constructsallowing
dynamic restructuring. Dynamic restructuringoccursnaturally in a framework
includingsecond-order capabilitiesfor integratingmetadataanddatawithin sin-
glequeries.Thecontext andmotivatingexamplefor thisextensionis afederation
of relationaldatabases, containingsemanticallysimilar informationin schemat-
ically disparateformats.In ordinarySQL, the outputschemafor a given query
is alwaysknown. In order to support interoperabilitywithin sucha federation,
it is desirableto add to SQL the ability to dynamicallyrestructureinformation
amongdatabases,basedon thedataandmetadataof theinput relations.Basedon
a motivatingexample,we definea hierarchyfor characterizingdynamicrestruc-
turing capabilities.We then describea language kernel, the Meta-QueryLan-
guage (MQL), for dynamicallyrestructuringrelationaldata.MQL includesonly
simpleextensionsof SQLbut capturesalmostall of thehierarchyof dynamic re-
structuringcapabiliti es.We theninvestigatetwo extensionsof this kernel for ob-
taining completedata/metadataintegration.Oneextension(MQL+ON) remains
LOGSPACE while the other(MQL+JOINALL) capturesthe PSPACE queries.We
conclude by comparing thesetwo extensionsand statingthe openproblemof
developing adeclarativeextensionof MQL thatcapturesPTIME andretainscom-
pletenesswith respectto our dynamicrestructuringhierarchy.

1 Intr oduction

Interoperabilityamongheterogeneousinformationsourceshasbecomeamajorresearch
issuewithin the last decade.Many informationsourcesconsistof relational database
managementsystems(RDBMS). Interoperability issuesaffect relational databasesas
well; thus,a sub-problemof the interoperability problem for heterogeneousinforma-
tion sourcesis thatof interoperatingamongRDBMSs.Even within a singleorganiza-
tion, datafrom disparaterelational sourcesmustbe integrated. Solutions to thewider
problem of integrating heterogeneousdatasources(relational andnon-relational)are
oftenunsuitable or unwieldy for restructuring relationaldata,andmayrequiredatabase
administrators (DBAs) and usershaving to learn entirely new query languages and
paradigms.In contrast,wedesirea languagefor interoperability thatis downward com-
patiblewith SQL,supportingtheportability of legacy code.Ideally, thelanguageshould
sharesomeof thekey featuresof SQL,suchaseaseof queryformulation,sufficientex-
pressiveness,amodestcomplexity (LOGSPACE) andsupport for aggregation[11]. Such



an interoperablequery language for federatedRDBMSs would be an important first
steptoward general interoperability. Furthermore, sucha language could provide so-
phisticatedsupport to federation DBAs, allowing thecreationof efficientmetadatabase
front ends,andassistingin thedefinition andimplementationof wrappers,mediators,
andintegratingviews.

1.1 A Moti vating Example

Ourwork investigatesissuesthatarisewhenadding interoperabilityextensions to ordi-
narySQL.Thecontext of theseextensionsisafederationof RDBMSswhereconstituent
databasesstoresemanticallysimilar informationin schematically disparateformats.As
amotivatingexample, considertheconsul tants federation(figure1), illustratingvary-
ing methodsof storingpayroll informationaboutconsultants.JohnandSallyhaveeach
consultedfor 4differentfirms,andsimilarinformationis storedwithin thesefirms.Firm
A storessalaryinformationin asinglerelation,firm -A::pa yInfo . Firm B usesasingle
relationas well (firm-B ::payI nfo ), however consultant namesappearas attributes
in this relation.Firm C usesseveral relations,eachnamedaftera consultant (therela-
tions firm- C::joh n and firm -C::sa lly ). Firm D usesa separatedatabasefor each
consultant; informationwithin thesedatabasesis storedin therelationfirmD projs .

Ourgoalis toaddtoSQLtheability todynamically restructureinformationbetween
any two relations in sucha federation, in real time. This ability wouldgreatly facilitate
schemaintegrationandprovideageneralpurposeframework for federationadministra-
torsor sophisticatedusersseekingsupport for interoperabilitywithin thefederation.

payInfo

empName projNo salClass

john
sally
sally
john
john
frank

p24
p18
p20
p18
p5
p5

a6
a5
b2
a7
c3
a7

firm−A

firm−C

john

projNo salClass

n8
n7

k5
k5

sally

projNo salClass

n8
n22

k3
k7

firm−B

payInfo

projNo john sally edward

p12
p5
p3

a5
a33
b2

b3
a23 a16

a1

projNo salClass

p5
p11

b52
a7

firmDprojs

john sally

firmDprojs

projNo salClass

p12
p13

a33
b4

(Firm−D databases)
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Fig.2. Transformationsbetweendataandmetadata.

Theconsu ltants federation suggestsastandard for measuringthesuccessof rela-
tional interoperability in alanguage.Figure2 illustratesthetwelvepossibletransforma-
tionsbetweendataandmetadatathatarisewhenrestructuring databetweenformatsin
theconsu ltants federation. We identify six of thesetransformations(numbered1-6)
asacomplete,minimalgenerating set(i.e. usingthesix transformationsin composition,
all twelve canbeachieved). We have stratifiedthesix generating transformationsinto
threelevelsof interoperability, correspondingroughly to the increasingcomplexity of
a languagethatachievesthetransformations.

Level I – metadata integration. At this level, the language supports theability to
demotemetadata(databasenames, relationnames,attributenames)to data(trans-
formations1-3).
Level II – pathnamecreation. At this level, the languagesupports level I plusthe
additional ability to promote datato relationpathnames(transformations4 and5),
whichconsistof a databasenameprependedto a relationname.1

Level III – horizontal restructuring. At this level, the language supports level I
andII restructuring,andadditionally theability to promotedatato attributenames
(transformation6).Thistransformationis themostdifficult andunnaturaltoachieve
in SQL,sincetheoutput of anSQLquerymustbeof afixedtypewhichis known in
advance.Horizontal restructuring demandsthatthetypeof theoutput becalculated
dynamically, at run-time.

Wetermquerylanguagesthatsupport level I andabovecapabilities metaquery lan-
guages. The ability to declare metavariablesranging over database,relation and at-
tributenamesgivesthelanguageasecond-ordersyntax(thusproducing“meta”queries).

1 We usethe notationdbName::relName for relation pathnames, following the SchemaSQL
convention [11].



RDBMSs comeequipped with built-in datadictionaries,which meansthat we have
easyaccessto thefederation’s metadata:databasenames,relationnames,andattribute
names.We assumethatmetadataanddataaretakenfrom thesamedomain of atomic
elements(calleddom).2 To simplify presentation, we assumeall elements of dom are
alphanumericstringsbeginningwith a lowercaseletter.

Theideaof adding secondordercapabilitiesto relational languagesis notnew. The
next sectiongivesa brief historyof querylanguageswhich fall within our metaquery
hierarchy.

1.2 RelatedWork

Oneof thefirst higher-orderquery languagesis HiLog [1]. HiLog is a complex object
basedlogic programminglanguage with function terms.Thereis a singlenamespace
over which termsaredefined;thesetermscanappear in predicateandattribute posi-
tions,supportingmetadataquerying.Oneof themajorlimitationsof HiLog is thatterms
have fixed arity, hencedynamic output schemascannot be generatedusinga HiLog
query.

Soonafter the introductionof HiLog, theRossAlgebra[16] andSchemaLog [10,
12] wereintroduced.The RossAlgebraallows relationnamesto be demoted to ordi-
narydomainvalues.However, theRossAlgebra supportsonly limited metadataquery-
ing anddoes not allow the schemasof output relationsto vary dynamically with the
contents of the input relations.In contrast,SchemaLogis a logic programminglan-
guage allowing dynamically typedoutputschemasandfull data/metadataintegration.
Thesyntaxof SchemaLog is similar to theInteroperable DatabaseLanguagedeveloped
in [9]. SchemaLog hastwo drawbacks: (1) it is not declarative andis thusforeign to
many users,and (2) SchemaLog usestuple identifiers andsupports full recursion, a
significantdrawback for efficient query processingover large databases.SchemaSQL
evolved from SchemaLog to meetthe needfor declarative SQL-like metadataquery
languages.However, SchemaSQLdid not retainthecompletenessof SchemaLog: only
onecolumn of valuescanbecomemetadatain a restructuringview statement[5,11].

Solutionframeworksfor interoperabilitywithin federatedinformationsystemscon-
tainpotentialfor metaquerying.However, in mostsuchframeworks,componentschemas
haveto beknown in advanceof specifying restructuring mappings(for example, this is
thecasein theproceduralmapping languageBRIITY [7]).

Several distinctionsarecommonly madewith referenceto federated information
systems(FIS) architectures, suchas monolithic versushierarchical [13], centralized
versusdistributed[13], andcoupled(looselyor tightly) versusautonomous[17]. Fur-
thermore, a distinctionbetweenmultidatabases(decentralized,autonomous relational
sources)andfederated(schema integrated) databasesis oftenmade[14,18,19]. We do
notview theMQL/MA framework asrestrictedto asinglearchitecture; ratherourplat-
form couldbeusefulfor administrators andsophisticatedusersof any FIS architecture
wheresomedegreeof globaldatainteroperationis soughtamongrelational databases.
Many existing toolsfor FIS architecturesarebasedon objectmodels.We feel thesuc-

2 Theexceptionis thenull element� , which canappearasdatabut not metadata.



cessof the relational platform calls for an approachbasedmore closely on Codd’s
relationalframework; earlyprecedentsfor suchanapproachinclude [2].

Most RDBMSssupport dynamic restructuring, if they support the Dynamic SQL
standard[3]. Dynamic SQLembedsSQLwithin aprocedurallanguageandallowsSQL
queriesto beconstructedandexecutedatrun-time.However, thesefacilitiesdonothave
a solid theoreticalbasewithin therelational model itself.

2 MQL: A Core Languagefor Dynamic Restructuring

In this section,we introducetheMQL core.MQL allows thedeclarationof metavari-
ablesin the FROMclause,which dynamically rangeover input database,relation,and
attribute names.3 Note that the declarationof metavariables placesthe MQL coreat
leastat level I of our restructuring hierarchy.

2.1 MQL Syntax

Figure5 shows the EBNF syntaxof the MQL kernel.Variable namesbegin with up-
percaselettersandatoms(elementsof dom) begin with lowercase.Stringsaredomain
elementsenclosedin singlequotes.Notethatsubqueriesmayappearin theFROMclause.

SELECT T.empName AS ‘empName’ INTO ‘p5_consultants ’ WITHIN ‘resDB’
FROM firm-A::payInf o AS T
WHERE T.projNo = ‘p5’

Fig.3. Q1:consultantson p5

SELECT B AS ‘empName’, T.projNo AS ‘projNo’, T.B AS ‘salClass’
INTO ‘payInfo’ WITHIN ‘b2a’

FROM firm-B::payInf o -> B, firm-B::pay Info AS T
WHERE B <> ‘projNo’

Fig.4. Q2: firm-B::payIn fo �� b2a::payInfo

Examplesof MQL queriesappearin figures3 and4. QueryQ1 selectsthenames
of thoseconsultants from the firm -A::p ayInfo relation that worked on project p5
and placesthe result in a federation containing a single relation (p5 consul tants )
within a single database (resDB ). Query Q2 restructuresthe information in relation
firm- B::pay Info into theformat of firm- A::pay Info , placingtheresultin relation
payIn fo of databaseb2a .

MQL queries specifynamed relationsanddatabasesinto which output tuplesare
placed.This is donein theSELECTclauseusingthe INTO andWITHIN keywords.Note
3 Although the syntaxof MQL is similar to that of SchemaSQL[11], the semanticsdiffers in

that rangedeclarationsappearingin thesameMQL queryare independent from oneanother,
asin SQL(§2.2).
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Fig.5. EBNFfor coreMQL.

thatvariablesmayappearin thenametermsspecifyingtheoutput relationanddatabase
names;thusMQL providestheability to promotedatato relationanddatabasenames
dynamically (level II of our restructuring hierarchy). As anexample, figure6 givesan
MQL querythatrestructuresthe firm-A databaseinto the firm -D databases.

SELECT T.projNo AS projNo, T.salClass AS salClass
INTO ‘firmDprojs’ WITHIN T.empName

FROM firm-A::payInf o AS T

Fig.6. firm-A �� firm-D .

Thequeryin figure7 givesamoreobviousexampleof thepowerof coreMQL. This
queryreturns the pathnamesof relations having an attribute in common, in relations
namedafterthecommon attribute.

SELECT D1 AS ‘dbName’, R1 AS ‘relName’ INTO A1 WITHIN ‘resDB’
FROM D1::R1 -> A1, D2::R2 -> A2
WHERE A1 = A2

Fig.7. Relationswith a commonattribute.



2.2 MQL Semantics

MQL query evaluation utilizesastandardnestedloopsalgorithm. Theloop instantiates
all metavariablesassuitableelementsof dom , dependingontheform of thedeclaration
thesevariables appear in. For example, a declaration of the form firm -A::R 1 -> A1
wouldspecifythatR1 is interpretedasthenameof arelationin thefirm-A databaseand
A1 is interpretedasthenameof anattributein theschemaof thisrelation. Tuplevariable
declarationsmaydependcrucially on metavariables; for example, a declarationof the
form D2::s alInfo AS T2 saysthatT2 rangesover tuplesof relationsnamed salInf o
in any federationdatabase.Figure8 summarizesthesemanticsof coreMQL.

FORdatabasemeta-atoms(*) , ("+ , ..., (�, rangingover domainelements- )) , ...,
-/.10) ;

- )+ , ...,
-/.�2+ ; ...;

- ), , ...,
-/.�3, ; respectively;

FORrelationmeta-atoms4 ) , 4 + , ..., 4/5 rangingover domainelements6 )) , ..., 6*7 0) ; 6 )+ , ..., 6*7 2+ ; ...; 6 )5 , ..., 6"7�85 ; respectively;
FORattributemetavariables9 ) , 9 + , ..., 9!: rangingover domain

elements; )) , ..., ;	< 0) ; ; )+ , ..., ;	< 2+ ; ...; ; ): , ..., ;	<�=: ; respectively;
FORtuplevariables> ) , > + , ..., >@? rangingover relations4 )) , ..., 4@A 0) ;4 )+ , ..., 4!A 2+ ; ...; 4 )? , ..., 4!A1B? ; respectively;

IF theWHEREclauseis satisfiedwhenthedomainvaluesare
substitutedfor database,relationandattributemetavariables
andvaluesfrom appropriatetuplesaresubstitutedfor all tuple
attributereferences

THEN
evaluatethenametermsin theSELECTclauseaccording to
thesubstituteddomainandtuplevaluesandproducethetuple
of valuesthatresultsinto theresultingrelationnamedwithin
theresultingdatabasenamed.

Fig.8. Nestedloopsalgorithmfor evaluating flat MQL queries.

In addition, wehavedevelopedacompletealgebratizationof MQL [20]. Theequiv-
alent algebra (the Meta-Algebra, or MA) is a principled extensionof the Relational
Algebra(RA) including operatorsfor dereferencingmetanamesandextracting meta-
datafrom thefederation dictionary. Thetranslationto this algebra fundamentallypar-
allels the translationof SQL to the RA; thusmany known techniquesfor queryeval-
uationandoptimization carry over to the MQL/MA framework. Like SQL, MQL is
LOGSPACE; therefore we anticipateanefficient implementationallowing real-timere-
structuring within a relationalfederation.

2.3 Limitations of MQL

Although theextensionsto SQLthatMQL involvesarequitestraightforward,theMQL
corealready achieveslevel II of ourmetaquery hierarchy (figure2).However, theMQL
corecontainsno facility for promotingdatato attributenames(level III restructuring).
Thenext two sectionsaugment theMQL coreto achieve level III metaqueries.



3 MQL+ON: “T ransposing” A Relation

Ourfirst languageproviding level III metaqueriesis obtainedby adding anONconstruct
to theSELECT clauseof MQL. Thesyntaxof theONconstruct is identicalto thatof the
existing AS construct exceptthatthetermto theright of thekeywordmaynow contain
variables.TheONkeyword signifiesthatvaluesarisingon its right areto beexpanded
horizontally into columnsasadynamic output schemaandcoupledtuple-by-tuplewith
valuesarising to the left of the keyword. Thus,we must enforce (semantically) that
left andright resultshave thesame“shape”(for example, two columns from thesame
relation).

This type of horizontal restructuring is conceptually similar to matrix transposi-
tion, in thata columnof valuesbecomesa row of attributenames.Thecontentsof the
columns named to theleft of theONkeyword line up underthesenew attributenames,
so that valuesthat were“beneath” oneanother arenow “beside” oneanother. As an
example, a query restructuring firm -A::pa yInfo into firm- B::pay Info is given in
figure9. Thetuple-by-tuplesemanticsof thisqueryis depictedin figure 10.

SELECT ((A.projNo AS ‘projNo’, A.salClass ON A.empName)
INTO ‘payInfo’) INTO ‘a2b’

FROM firm-A::payI nfo AS T

Fig.9. firm-A::pay Info �� a2b::payInfo .

For thequery in figure9, theoutputschemais:C
v : v D proj No EGF C v : v H firm-A ::pay Info.e mpNameE/I

Tuplesin theoutput relation, s, arisefrom tuplest H firm-A ::payI nfo , according to
therule:

sJX K�D
L

t J salCl ass K whenX D t J empName KM
otherwiseI

As anfurther explication of thesemanticsof our “transpose” operation,we canin-
terpretthe query in figure 9 according to our nestedloopssemantics(figure8). Each
interpretationof the tuple variable T correspondsto one tuple in the input relation,
firm- A::pay Info (thustherearesix distinctoutput tuples,s0 through s5. Theoutput
federation is determined in two stages.First, theoutput schemais determined (which
is
C
projNo ,john ,sal ly ,frank E ); then, the output data is determined. Note that, in

general, eachdistinct interpretationof the meta-andtuple variablesin an MQL (and
MQL+ON) query yieldsexactly onetuplein theoutput federation.

3.1 The Complexity of MQL+ON

In this section,we statea resultconcerningtheexpressivenessof MQL+ON.

Proposition 1. MQL+ON N LOGSPACE.
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Fig.10.VariableInterpretationsto OutputTuples.

Corollary 1. MQL N LOGSPACE.

Theheartof theproof of proposition1 relieson thetuple-by-tupleevaluation of MQL
(andMQL+ON) expressions.Theonly workspacethatis necessaryareindicesinto the
input federation: theoutput is generateda tupleat a time,from theinput.

All of thetransformationsamongdatabasesin theconsu ltants federation arepos-
siblein MQL+ON. An openquestionis whetherthis level of expressibilityis generally
sufficient for interoperability among relational databases.Onedirection for answering
this questionmight involve investigating theparallelsbetweenMQL+ON andthe tab-
ular algebra [6], sincethetabular algebra hasbeenshown to becompletefor transfor-
mationsinvolving tabulardata.

4 MQL+JOIN ALL: Joining Arbitrary Setsof Relations

In thissection,weconsideranalternativeconstruct for creatingdynamicoutput schemas
in MQL; this secondlanguageis basedon the MQL core(figure 5) plus a new FROM
clauseconstruct usingthe JOINALL keyword. MQL+JOINALL is obtainedby adding
the ability to declaretuplevariables over outerjoins of relationsreturned by a query.
Thus,we canfold up an entirefederationof relationsinto a singlerelation(theouter
join of the constituentrelations) anddeclare a tuple variable over the result.In some
ways,the ideaof generalizing the outer join to accepta varying number of relations
as argument is more natural than an operation like matrix transposition, sincerela-
tionsdo not naturallyadmitany coupling betweendistinctcolumns(unlike thedatain
a matrix). The language resultingfrom adding the generalizedjoin is more powerful
thanMQL+ON andcanimitateall thetransformationspossiblein MQL+ON, andany
PSPACE transformationsin general(§4.2).

4.1 MQL+JOIN ALL Syntaxand Semantics

As noted,MQL+JOINALL allows theJOINALL keyword to appear in theFROMclause,
modifying a subquery. The effect of the JOIN ALL is to join all relationsin the feder-
ation returned by the subquery and return the result as onerelation.As an example
of this generalized join, considertranslatingthe firm-C databaseinto the format of
firm- B::pay Info . TheJOIN ALL constructresultsin a natural outerjoin, however we



do not wantthesalCl ass columns in the firm- C relationsto bejoined. Thusthefirst
stepin thefirm -C to firm- B translationis to renamethesal Class columnswith their
(distinct) relationnames.Let Q1 bethefollowing query, wheretheAS constructin the
SELECT clause(from MQL) drops therelationnameinto thesalCl ass attributeposi-
tion. Theresultof query Q1 is depictedin figure11(a).

SELECT T.projNo AS ‘projNo’, T.salClass AS R INTO R WITHIN ‘tmpDB’
FROM firm-C -> R, firm-C::R AS T

The translationfrom firm -C to firm-B is thengiven by the following query(result
depictedin figure11(b).

SELECT (( T2.* ) INTO ‘payInfo’) INTO ‘c2B’
FROM JOINALL ( Q1 ) AS T2

EnclosingthesubqueryQ1 in theJOINALL keyword returnsarelationthatis thenatural
join of all therelationsin the tmpDB database.Theschemaof this relationis theunion
of theschemasof therelationsin tmpDB. Thecontentsof thejoin relationareobtained
from thecomponentrelations(adding

M
valueswherenecessary).Notethatenclosing

asubquery in theFROMclauseby a JOINALL hastheeffect of returninga relation(nota
federation), sowe candeclarea tuplevariable over thegeneralizedjoin.
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Fig.11.Resultof queryQ1 andtranslationfrom firm-C to firm-B format.
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Themainresultof thissectionis thatMQL+ALL
exactly capturesPSPACE. To illustratethepower
of MQL+JOINALL , we first show how an NP-
complete problem, threecoloring, canbestated.
The input database, triCol or , is exhibited in
figure 12. This is a representationof the graph
G DPO V Q E R where V D C

v1 QSITIUIUQ vn E and E is
given by the edges relation. The goal is an
MQL+JOINALL query that returns ‘yes ’ if a



valid three-coloring of the graph G DVO V Q E R exists and‘no ’ otherwise.First, we will
createall possiblecolorings of G. In query Q2 (below), we copy therelationvert icesW colo rs n times,naming eachcopy afteradifferent vertex.

SELECT U.vertex AS ‘vertex’, V.color AS ‘color’ INTO W.vertex
WITHIN ‘colorings1 ’

FROM triColor::v ertices AS U, triColor::colo rs AS V,
triColor::v ertices AS W

Now, query Q3 (following) dropsthenamesof therelationscreatedin Q2 into thecolo r
columnandprojects outeachvertex column. This resultsin n relations,eachcontain-
ing a singlecolumnnamed aftera distinctvertex, representing a singlecoloring of all
n vertices.Then, thedatabaseresultingfrom thesubquery is joined,returning a single
relationencoding all possiblecoloringsof then vertices.Note that joining then rela-
tionscreatesthe3n possiblecoloringssincewe have manipulatedall columnnamesto
bedistinct– thisensuresthejoin is in facta completeCartesianproduct.

SELECT T.* INTO ‘all_possibl e’ WITHIN ‘colorings3’
FROM JOINALL ( SELECT R.color AS R INTO R WITHIN ‘colorings2’

FROM ( Q2 ) -> R ) AS T

Now we mustremove from therelationin Q3 thosecoloringsthatviolatethethree-
coloring property, namelythat no two verticessharingan edgehave the samecolor.
This is achievedusingastraightforwardNOT EXIS TS clausein thefollowing query:

SELECT T1.* INTO ‘violators’ WITHIN ‘colorings4 ’
FROM ( Q3 ) AS T1, ( Q3 ) -> A, ( Q3 ) -> B
WHERE NOT EXISTS ( SELECT T2.*

FROM triColor:: edges AS T2
WHERE T2.source = A AND T2.sink = B

AND T1.A = T1.B )

The attribute meta-variablesA and B behave as iteratorsrangingover the n vertices.
Thesolutionto thethree-coloring problemcanthenbeobtainedby usinganotherquery
whichchecks thecolor ings4: :viola tors relationfor existenceandoutputs ‘yes ’ or
‘no ’ accordingly.

It is thegeneralizedjoin which givesMQL+JOINALL its power. Without it, MQL
is restrictedto LOGSPACE queries (corollary 1). Proposition2 summarizestheprevious
example.

Proposition2. NP X MQL+JOINALL. In fact,PH X MQL+JOINALL.

The proof of proposition 2 is basedon a characterization of NP asexistentialsecond
ordersentencesgivenby Fagin[4]. For thefull proof, see[15].

Additionally, we have thefollowing result:

Proposition3. PSPACE= MQL+JOINALL

Theproof of this resultusesthefactthat PSPACE canbecharacterizedasSO(FO+TC)
[8]. See[15] for details.

Theupshot of propositions2 and3 is thatqueries involving a generalizedjoin are
inherently expensive.



5 A Comparisonof MQL+ON and MQL+JOI NALL

Eachof thenew operators,transposeandgeneralized join, naturallytacklesonly oneof
the restructurings possiblein the consu ltants federation.For the transpose,restruc-
turing from firm- A::pay Info to firm-B ::payi nfo becomeseasy(seethequeryin
figure 9 – this corresponds to transformation 6 in our metaquery hierarchy in figure
2). For thegeneralizedjoin, themostnatural translationis ratherfrom the firm-C rela-
tionsto thefirm-B ::payI nfo relation(relationnamesbecomeattributenames).When
performingotherrestructuringsin eachlanguage,recourseto thepureMQL coreis nec-
essary. For example, to restructure from the firm- C relationsto firm- B::pay Info in
MQL+ON, wefirst translatethefirm- C relations into theformatof firm- A::pay Info
(figure13)sothatwemayapplythefirm-A ::payI nfo to firm- B::pay Info transfor-
mation.

SELECT R1 AS ‘empName’, T2.projNo AS ‘projNo’, T2.salClass AS ‘salClass’
INTO ‘c2aReln’ WITHIN ‘c2aDB’

FROM firm-C -> R1, firm-C::R2 AS T2
WHERE R1 = R2

Fig.13. firm-C to firm-A::payInf o in MQL+ON.

Conversely, whenrestructuring from firm -A::pa yInfo to firm-B ::payI nfo us-
ing MQL+JOINALL, we first write a query restructuring firm-A ::payI nfo into the
format of the firm-C database(figure14). The transformationfrom the firm- C rela-
tionsto firm-B ::payI nfo canthenbeappliedto completethecircle.

SELECT T.projNo AS ‘projNo’, T.salClass AS ‘salClass’
INTO T.empName WITHIN ‘a2cDB’

FROM firm-A::payInfo AS T

Fig.14. firm-A::payInfo to firm-C in MQL+JOINALL.

Thus, eachnew operator canbe said to be more “natural” for sometransforma-
tionsthanothers.As noted,it is anopenproblemwhetherthetransformationsindicated
by the consul tants example prove sufficient in generalpractice.SinceMQL+ON
is restrictedto LOGSPACE, for example, the transitive closurecannot be formulated
in MQL+ON. This discounts many naturalqueriesaskingfor relationships between
federation elements.On the other hand,although we can formulatesuchqueries in
MQL+JOINALL, theaddedcomplexity of thelanguageis a problemfor databasepro-
cessing.Even thoughan ordinary userwould not be expectedto (for example) solve
three-coloring usingMQL+JOINALL, it would beeasyto unintentionallywrite infea-
siblequeries,resultingin unexplainedbehavior of thesystem.

We summarize ourwork in thenext section.



6 Conclusions

The relational modelremainsa key paradigm in informationstorage. Any interoper-
ability framework shouldcontaintheability to naturally restructure relationaldata.Re-
structuring relational datadynamically involves the ability to createdynamic output
schemasandvary ranges basedon input metadata,capabilitieswhich are lacking in
standardSQL.We havedevelopeda corelanguage,MQL, which allows metavariables
in theFROMclauseandprovidesa general framework for logical mappingsfrom feder-
ationsto federations.We presentedtwo extensions of coreMQL for creatingcoupled
horizontal output schemas:MQL+ON andMQL+JOINALL. ThelanguageMQL+ON
remainsLOGSPACE, likeSQL,andallows transformationsamongthedatabasesin fed-
erationssimilar to cons ultan ts (figure 1). However, the“transposition” effect of the
ONconstruct is somewhatopaqueandit seemslikely thattherearedesirabletransforma-
tionsthatcannotbeeffectedin LOGSPACE. In contrast,thelanguage MQL+JOINALL
relieson theconcept of a generalizedjoin for creatinghorizontal output schemas.The
generalizedjoin is morenatural thanthetransposewithin a relational framework, since
relationsdo not involve coupling betweendistinctcolumns (asa matrix-type transpose
operation requires).However, MQL+JOINALL is equivalent to the PSPACE queries,
which is a problemfor efficient queryprocessing.MQL+JOINALL effectively allows
metavariablesto becomelimited iterators, resultingin complex behavior. It seemsthat
thereshould bea declarative languagebetweenMQL+ON andMQL+JOINALL, that
allows thecreationof coupled horizontal output schemasyet remains feasible,for ex-
amplecapturing thePTIME queries.As of now, this languageremainsundiscovered.
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