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Abstract. In this work, we consideraugmenting SQL with constructsallowing
dynamic restructuring Dynamic restructuringoccursnaturally in a framewvork
including second-ordr capabilitiesfor integratingmetadataanddatawithin sin-
gle queries Thecontext andmotivatingexamplefor this extensionis afederation
of relationaldatabasg, containingsemanticallysimilar informationin schemat-
ically disparateformats.In ordinary SQL, the outputschemafor a given query
is always known. In orderto suppat interoperabilitywithin sucha federation,
it is desirableto addto SQL the ability to dynamicallyrestructurenformation
amongdatabasedjasednthedataandmetadataf theinputrelations Basedon
amotivating example,we definea hierarchyfor characterizinglynamicrestruc-
turing capabilities.We then describea languag kernel, the Meta-QueryLan-
guage (MQL), for dynamicallyrestructuringrelationaldata.MQL includesonly
simpleextensionsof SQL but capturesalmostall of the hierarchyof dynanic re-
structuringcapaliliti es.We theninvestigatewo extensionsof this kernd for ob-
taining completedata/metadatategration. One extension(MQL+ON) remains
LOGSPACE while the other(MQL+JOINALL) captureshe PSPACE queries.We
concluce by comparirg thesetwo extensionsand stating the open problem of
developing adeclaratve extensionof MQL thatcapturesTIME andretainscom-
pletenessvith respecto our dynamicrestructuringhierarchy

1 Intr oduction

Intergperabilityamongheterogneows informationsour@shasbecone amajorresearch
issuewithin the last decadeMany information sour@s consistof relationd database
managmentsystemgRDBMS). Interogerability issuesaffed relatioral databasess
well; thus,a sub-ppblemof the interoperability prodem for heterogneousnforma-
tion sourcess that of interopeatingamongRDBMSs. Even within a singleorganiza-
tion, datafrom disparaterelatioral sourcesmustbe integrated Solutiors to the wider
prodem of integrating heterogneousdatasourceqrelatioral and nonrelational)are
oftenunsuitalbe or unwiddy for restructuing relationaldata,andmayrequiredatabase
administrates (DBAs) and usershaving to learn entirely new quey languags and
paradgms.In contrast, we desirealanguagefor interopeability thatis downwad com-
patiblewith SQL,supprtingtheportability of legagy code Ideally, thelanguageshoud
sharesomeof thekey featuresof SQL, suchaseaseof queryformuation, sufiicient ex-
pressveress,amodestcompleity (LOGSPACE) andsuppaot for aggregation[11]. Such



an interqperablequel languag for federatedRDBMSs would be an impaortant first
steptoward geneal intergperability Furthernore, sucha languae could provide so-
phisticatedsuppat to federation DBAs, allowing thecreationof efficient metadéabase
front ends,andassistingn the definition andimplementationof wrappers, mediatas,
andintegratingviews.

1.1 A Motivating Example

Ourwork investigatesssueghatarisewhenaddng interoperability extensiors to ordi-
narySQL.Thecontet of thesextersionsis afederatim of RDBMSswherecorstituent
databasestoresemanticallysimilarinformationin schematiclly disparatdormas. As
amotivating example considetheconsul tants federatior(figure 1), illustratingvary-
ing methalsof storingpayroll informationaboutconsultats. JohnandSally have each
consultedor 4 differentfirms,andsimilarinformationis storedwithin thesdirms. Firm
A storessalaryinformationin asinglerelation firm -A:pa yinfo .FirmBusesasingle
relationaswell (firm-B ::payl nfo ), however consultabh namesappearas attributes
in this relation.Firm C usesseveral relations,eachnamedaftera consultanh (the rela-
tionsfim- C:joh n andfirm -C:sa lly ). Firm D usesa separatelatabasdor each
consultaty informationwithin thesedatabases storedin therelationfirmD projs
Ourgoalisto addto SQL theability to dynamically restructue informationbetween
ary two relatiors in suchafederatia, in realtime This ability would gredly facilitate
schemantegrationandprovide agenerapurposeframework for fedeationadmiristra-
torsor sophisticatedisersseekingsuppot for intergoerabilitywithin thefederation
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empName projNo | salClass payInfo
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(Firm-D databases)

Fig.1. Theconsultants ~ Federation.
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Fig. 2. Transformatios betweendataandmetadata.

Theconsu ltants  federdion suggests standad for measuringhe successf rela-
tionalinteroperabilityin alanguae.Figure?2 illustratesthetwelve possibleransfoma-
tionsbetweerdataandmetadatdhatarisewhenrestructurilg databetweerformatsin
theconsu ltants  federatim. We identify six of thesetransfamations(hnumtered1-6)
asacompete,minimalgeneratig set(i.e. usingthesix transfomationsin composition,
all twelve canbe achieved). We have stratifiedthe six generatig transfomationsinto
threelevelsof interopembility, correspading roughly to the increasingcomgexity of
alanguwagethatachiezesthetransfamations.

Level | — metadda integration. At this level, the languag suppots the ability to
demotemetadta(databae names, relationnamesattribute names}o data(trans-
formaions1-3).

Level Il — patthamecreation At this level, thelanguagesuppots level | plusthe
additioral ability to promde datato relationpathnanes(transfomations4 and>5),
which consistof a databaenameprependedo arelationname?

Level lll — horizontd restructuring At this level, the languag suppots level |
andll restrut¢uring, andaddtionally the ability to promotedatato attribute names
(transfamation6). Thistransfornationis themostdifficult andunnauralto achiere
in SQL, sincetheoutput of anSQL querymustbeof afixedtypewhichis knowvnin
adwarce.Horizontal restructuing demarlsthatthetype of the output becalculated
dynamially, atrun-time.

We termquerylangwageshatsuppot level | andabove capaliities metagery lan-
guages The ability to declae metavaiiablesrangng over datalase,relation and at-
tributenamegivesthelanguagea seconeordersyntax(thus prodicing “meta” queres).

1 We usethe notationdbName::relName ~ for relation pathnanes, following the SchemaSQL
corvertion [11].



RDBMSs comeequipped with built-in datadictionaries, which meansthat we have
easyaccesdo thefederatio’'s metadatadatabas@mamesrelationnamesandattribute
namesWe assumehat metadatanddataaretaken from the samedoman of atomic
elementgcalleddom).? To simplify presentatiopwe assumeall elemetts of dom are
alphamumericstringsbeginningwith alowercasdetter.

Theideaof addirg secondrdercapabilitiego relatioral languagsis notnew. The
next sectiongivesa brief history of querylanguageswhich fall within our metaquey
hierarcly.

1.2 RelatedWork

Oneof thefirst higherorderquely langlagesis HiLog [1]. HiLog is a comple< object
basedogic progamminglanguae with functionterms.Thereis a singlenamespce
over which termsare defined;thesetermscanapper in predcate andattribute posi-
tions,suppoting metadatajuening. Oneof themajorlimitationsof HiLog is thatterms
have fixed arity, hencedynamic output schemasannad be geneatedusinga HiLog

guery

Soonafterthe introduction of HiLog, the RossAlgebra[16] and Scheméog [10,
12] wereintrodwed. The RossAlgebraallows relationnamesto be demded to ord-
narydomainvalues However, the RossAlgebra supmrtsonly limited metadatajuery
ing anddoes not allow the schema®f output relationsto vary dynamically with the
conterts of the input relations.In contrast,Schemalogs a logic progamminglan-
guage allowing dynamcally typedoutputschemasndfull data/metadtaintegration.
Thesyntaxof Schemalg is similarto theInteroperale Databaséanguagedeveloped
in [9]. Schemabg hastwo dravbacks: (1) it is not declaratve andis thusforeignto
mary users,and (2) Schemhog usestuple identifiels and suppots full recusion, a
significantdrawback for efficient quely processingover large databasesSchemaSQL
evolved from Schemabg to meetthe needfor declaratve SQL-like metadataguer
languages.However, SchemaSQldid notretainthe completerssof Schemalg: only
onecolum of valuescanbecomemetadatan arestruturing view statemenfs, 11].

Solutionframeworksfor intergperabilitywithin federatednformationsystemson-
tainpotentiaffor metaqueying. However, in mostsuchframenorks,compamentschemas
have to beknawn in advarce of specifying restructuing mappirgs (for examge, thisis
thecasein the procediral mappirg languageBRIITY [7]).

Several distinctionsare commonly madewith refelenceto federaed information
systems(FIS) architectues, suchas monolithc versus hierartical [13], centralizel
versusdistributed[13], andcoupled(looselyor tightly) versusautonanous[17]. Fur
thermae, a distinctionbetweenmultidatatases(decetralized, autoromots relational
sourcespndfederted(schenaintegratal) databaesis oftenmade[14,18,19]. We do
notview theMQL/MA framawork asrestrictedo a singlearchitectue; ratherour plat-
form couldbe usefulfor administratos andsophisticatedisersof ary FIS architectue
wheresomedegreeof globaldatainteropeationis soughtamongrelationd databases.
Many existing toolsfor FIS architectuesarebasecdn objectmodels.We feel the suc-

2 Theexceptionis thenull elementL, which canappearmsdatabut not metadata.



cessof the relationa platform calls for an appoachbasedmore closely on Codds
relationalframework; earlyprece@ntsfor suchanappoachinclude [2].

Most RDBMSs suppat dynanic restructuing, if they suppot the Dynanic SQL
standard3]. Dynanic SQL embed SQL within aproceduralanguageandallows SQL
queriedo beconstrutedandexecuedatruntime. However, thesefacilitiesdonothave
asolidtheoeticalbasewithin therelatioral mocel itself.

2 MQL: A CoreLanguagefor Dynamic Restructuring

In this section,we introducethe MQL core.MQL allows the declaation of metavari-
ablesin the FROMclause ,which dynanically rangeover input databaserelation,and
attribute names® Note that the declarationof metavariables placesthe MQL core at
leastatlevel | of ourrestructuing hierarcly.

2.1 MQL Syntax

Figure5 shavs the EBNF syntaxof the MQL kernel.Variade namesbegin with up-
percaselettersandatoms(elementof dom) begin with lowercaseStringsaredomain
element®nclesedin singlequotesNotethatsubqueesmayappeain theFROMlause.

SELECT T.empName AS ‘empName’ INTO ‘p5_consultants " WITHIN ‘resDB’
FROM  firm-A::paylinf 0AST
WHERE T.projNo = ‘p%'

Fig. 3. Q1: consutantson p5

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

FROM  firm-B::payInf 0 -> B, fiimB:pay Info AST

WHERE B <> ‘projNo’

Fig. 4. Q2:firm-B::payIn fo — b2a::paylnfo

Exanplesof MQL queriesappeaiin figures3 and4. QueryQL1 selectsthe names
of thoseconsutants from the firm -A:p aylnfo relationthat worked on prgect p5
and placesthe resultin a fedeation contaning a single relation (p5 consul tants )
within a single databae (resDB). Query Q2 restruturesthe informationin relation
firm- B:pay Info intotheforma of firm- A:pay Info , placingtheresultin relation
payln fo of databasé2a.

MQL queres specify naned relationsand datatasesinto which output tuplesare
placed.Thisis donein the SELECT clauseusingthe INTO andWITHIN keywords.Note

3 Although the syntaxof MQL is similar to that of SchemaSQI[11], the semanticsiffersin
thatrangedeclarationappearingn the sameMQL queryareindepen@ntfrom oneanothey
asin SQL (82.2).



(query) := SELECT (col_decls)
INTO (nameterm)
WITHIN (nametermy)
FROM (variable_decl) {, (variable_decl) }*
[WHERE (condtion) { AND {condtion)}*]
| ((quety)) UNION ((quety))
| ({quety)) MINUS ({quety))
(col_decls) ::= (col_decl) {, (col_decl)}*
(col_decl) = (nameterm) AS (gtring)
(variable_decl) = —> (varnamédb))
({query) ) —> (varnamedb))
(mea_atom(db)) —> (varnamerel))
{mea_atom(db)) :: (mea.atom(rel)) —> (varnaméatt))
( )

mea_atom(db)) :: (maa_atom(rel)) AS (varnamdtup))

(condtion) ::= ((condtion) )
(nameterm) (cond.operator) (nameterm)
[NOT] EXISTS ( (query) )
(cond.operator) =|l=|<=|<|>]|>=
(nameterm) = (gring) | (varnamdtup)). (mea_atom(att)) | (varname_))
(mea_atom(X)) = (meanamé | (varnamgX))
(mdaname = az {(az|A-Z|0-9|—| )}
(varnaméX)) i= A-Z{(az|A-Z|09|-|)}*

Fig.5. EBNFfor coreMQL.

thatvarablesmayappeain thenametermsspecifyingthe output relationanddatabase
namesthusMQL providesthe ability to pronote datato relationanddatabas@ames
dynanmically (level Il of ourrestructuing hierachy). As anexanple, figure 6 givesan
MQL querythatrestructuesthefirm-A databasénto thefirm -D databases.

SELECT T.projNo  AS projNo, T.salClass  AS salClass
INTO ‘firmDprojs’ WITHIN T.empName
FROM  firm-A::payInf 0AST

Fig.6.firm-A  — firm-D .

Thequeryin figure7 givesamore obviousexanple of thepowerof coreMQL. This
queryreturrs the pathramesof relatiors having an attribute in comman, in relations
namedafterthecomman attribute.

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

Fig. 7. Relationswith acommonattribute.



2.2 MQL Semantics

MQL quewy evaluatian utilizesa standarchestedoopsalgorithm Theloopinstantiates
all metavariaesassuitableelement®f dom , dependingontheform of thedeclaratio
thesevariables appear in. For exanple, a declaratio of the form firm -A:R 1 -> Al
wouldspecifythatR1is interpetedasthenameof arelationin thefirm-A  databasand
Al isinterpretedasthenameof anattributein theschemaf thisrelation Tuplevarigble
declaratims may dependcrudally on metavarialles; for exanple, a declaratiorof the
formD2::s allnfo  AS T2 saysthatT2 rangesovertuplesof relationsnamel salinf o
in ary fedeationdatabasedrigure8 summarizeshe semanticef coreMQL.

FORdatabaseneta- atom@l Dy, ...,D1 rangingover domainelements
al,..alal, .dkedl, L dd; respectiely;
FORrelationmeta-atom®4, Ry, ...,Ry rangingover domainelements
rl, ., Tt 2,...,1r§2'...;1r},...,rJ respectiely;
FORattrletemeta/arlabIesAl Ao, ..., Ax ranglngoverdomaln
eIement&l, .. a1 ,az, .. ag - aI}, .. aK *: respectiely;
FORtuplevariablesTy, Ts, ..., Ty rangingoverrelatlonsR1 ...RTY;
R, ...,RD?; ..;RE, ...,Ry"; respectiely;

IF the WHERE clauseis satisfiedvhenthe domainvaluesare
substitutedor databaseelationandattribute metavariables
andvaluesfrom appropriateuplesaresubstitutedor all tuple
attributereferences

THEN
evaluatethe nametermsin the SELECTclauseaccordng to
the substitutecddomainandtuple valuesandproducethetuple
of valuesthatresultsinto theresultingrelationnamedwithin
theresultingdatabas@amed.

Fig. 8. Nestedoopsalgorithmfor evaluaing flat MQL queries.

In addition we have developeda completealgebatizationof MQL [20]. Theequiv-
alentalgelya (the Meta-Algebra, or MA) is a principled extensionof the Relational
Algebra(RA) includng opertorsfor derefeencingmetanares and extrading meta-
datafrom thefederatia dictionary. Thetranslationto this algelya fundamentallypar
allels the translationof SQL to the RA; thusmary known technquesfor queryeval-
uationand optimization carry over to the MQL/MA framework. Like SQL, MQL is
LOGSPACE; therefae we anticipatean efficient implemenation allowing real-timere-
structurirg within arelationalfederatia.

2.3 Limitations of MQL

Although theextensimsto SQL thatMQL involvesarequitestraightfoward,the MQL
corealread achieveslevel Il of ourmetaquey hierarcly (figure 2). However, theMQL
corecontainsno facility for promotingdatato attribute nameglevd Il restructuing).
Thenext two sectionsaugmat the MQL coreto achieve level [l metageries.



3 MQL+ON: “Transposing” A Relation

Ourfirstlanguageproviding level lll metaaieriesis obtainedby addng anONcorstruct
to the SELECT clauseof MQL. The syntaxof the ONconstret is identicalto thatof the
existing AS construt exceptthatthe termto theright of the keyword maynow cortain
variabes. The ONkeyword signifiesthat valuesarisingon its right areto be exparded
horizontdly into colunmsasadynanic output schemandcouged tuple-by-tuplewith

valuesarisingto the left of the keyword. Thus,we mustenface (semantically that
left andright resultshave the same“shape”(for example two columrs from the same
relation)

This type of holizontal restructuing is concepually similar to matrix transposi-
tion, in thata columnof valuesbeconesa row of attribute namesThe contentsof the
columrs namael to the left of the ONkeyword line up underthesenew attribute names,
so that valuesthat were “beneathi one anotler are now “beside” oneandher As an
examge, a quey restruturing firm -A:pa yinfo into firm- B:pay Info is givenin
figure9. Thetuple-bytuplesemantic®f this queryis depictedn figure 10.

SELECT ((A.projNo  AS ‘projNo’, AsalClass  ON A.empName)
INTO ‘paylnfo’) INTO ‘a2b’
FROM firm-A::payl nfo AST

Fig.9.firm-A:pay Info +— a2b::payinfo

Forthequey in figure9, theoutputschemas:
{v:v=proj No}uU{v:vefim-A :pay Info.e mpNamg.

Tuplesin the outpu relation s, arisefrom tuplest € firm-A ::payl nfo , accodingto
therule:
oX] = t[salCl ass] whenX = t[empNane]
| L otherwise

As anfurther explication of the semantic®f our “transpse” opeation, we canin-
terpretthe quewy in figure 9 accordng to our nestedoops semanticgfigure 8). Each
interpietation of the tuple vaiiable T correspondsto one tuple in the input relation
firm- A:pay Info (thustherearesix distinctoutpu tuples,sy through ss. The output
federdion is deterninedin two stagesFirst, the outpu schemas determired (which
is {projNo ,john ,sal ly ,frank }); then,the outpu datais determired. Note that, in
geneal, eachdistinctinterpretationof the meta-andtuple variablesin an MQL (and
MQL+ON) quey yields exactly onetuplein the output fedegtion.

3.1 The Complexity of MQL+ON
In this sectionwe statearesultcon@rningthe expressvenesof MQL+ON.

Proposition 1. MQL+ON C LOGSPACE.



firm-A::paylnfo a2b:payln  fo

empNamgprojNo [salClass projNo |john |sally |frank
to: T—| john p24 ab —S:| p24 | a6 | L L
t1:T— | saly pl8 ab —S | pl8 1 | a5 L
tr: T— | sally p20 b2 S| p20 L | b2 €L
t3: T— | john pl8 a7 —s3:| pl8 | a7 L L
ta:T—| john p5 c3 —:| p5 c3 L L
ts: T— | frank p5 a7 —~S:| pb L L ar

Fig. 10. VariableInterpretationgo OutputTuples.

Coradllary 1. MQL C LOGSPACE.

The heartof the proof of proposition1 relieson thetuple-ky-tuple evaluation of MQL
(andMQL+ON) expressionsThe only workspacehatis necessargreindicesinto the
inputfederationtheoutpu is genertéedatupleatatime, from theinput.

All of thetransfamatiors amongdatalasesn theconsu Itants  federatim arepos-
siblein MQL+ON. An openquestionis whetherthis level of expressibilityis geneally
sufficient for interoperability amorg relatioral database€Onedirection for answerig
this questionmight involve investigding the parallelsbetweerMQL+ON andthetab-
ular algebra [6], sincethetakular algeba hasbeenshavn to be comgete for transfa-
mationsinvolving takulardata.

4 MQL+JOIN ALL: Joining Arbitrary Setsof Relations

In thissectionwe consideanalternatve construtfor creatingdynamic output schemas
in MQL; this secondanguageis basedon the MQL core (figure 5) plusa nev FROM
clauseconstret usingthe JOINALL keyword. MQL+JOINALL is obtainedby addirg
the ability to declaretuple variables over outerjoins of relationsreturneal by a quey.
Thus,we canfold up an entirefedertion of relationsinto a singlerelation(the outer
join of the constituentrelatiors) anddeclae a tuple varialle over theresult.In some
ways, the ideaof genealizing the outerjoin to accepta varying numbe of relations
as argumentis more naturalthan an operatim like matrix transposition sincerela-
tionsdo not naturallyadmitary coupling betweendistinctcolunms (unlik e the datain
a matrix). The langua@ resultingfrom addirg the generalizedoin is more powerful
thanMQL+ON andcanimitate all thetransfornationspossiblein MQL+ON, andary
PSPACE transfomationsin general(§4.2).

4.1 MQL+JOIN ALL Syntaxand Semantics

As noted, MQL+JOINALL allows the JOINALL keyword to apperin the FROMclause,
modifying a subquey. The effect of the JOINALL is to join all relationsin the feder
ation returred by the subgery and retun the resultas onerelation. As an exanple
of this generlized join, considertranslatingthe firm-C  databasento the format of
firm- B:pay Info . TheJOINALL constructresultsin a natual outerjoin, however we



donotwantthesalCl ass columrsin thefirm- Crelationsto bejoined Thusthe first
stepin thefirm -C tofirm- B translatioris to renanethesal Class colummswith their
(distinct) relationnamesLet Q1 bethe following query wherethe AS corstructin the
SELECT clause(from MQL) drops the relationnameinto thesalCl ass attribute posi-
tion. Theresultof quey Qlis depictedn figure11 (a).

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

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

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

Enclosingthesubquery Q1in the JOINALL keyword retumsarelationthatis thenatural
join of all therelationsin thetmpDB datalase.The schemaof this relationis the union
of the schema®f therelationsin tmpDB. The cortentsof thejoin relationareobtainel
from the compnentrelations(addng | valueswherenecessary)Note thatenclosim
asubquey in theFROMclauseby a JOINALL hastheeffed of retumingarelation(nota
federaion), sowe candeclareatuplevarialie over the genealizedjoin.

firm-C
john c2B
projNo john paylnfo
n8 k5
n7 k5 - -
projNo john sally
sally ng K5 K3
projNo sally n7 k5 e
n8 k3 n22 L k7
n22 k7
(a) (b)

Fig. 11. Resultof queryQ1landtranslationfrom firm-C  tofirm-B  format.

4.2 The Complexity of MQL+ALL

Themainresultof this sectionis thatMQL+ALL

exactly captuespPspACE. To illustratethepower ~ vert ices: color s edges:

of MQL+JOINALL, we first shav how anNP- X [lor | [souce sk
complee problem threecolaring, canbe stated. _ é i
The input datalase,triCol or, is exhibited in V b
figure 12. This is a representationof the gragh .
G = (V,E) whereV = {vi,..,vs} and E is

given by the edges relation. The goal is an Fig.12.4iC olor database.
MQL+JOINALL query that returrs‘yes’ if a




valid three-cdoring of the gragh G = (V,E) existsand‘no’ otherwise First, we will
createall possiblecolorings of G. In quely Q2 (belaw), we copy therelationvert ices
x colo rs ntimes,namirg eachcopy afteradifferent vertex.

SELECT U.vertex AS ‘vertex’, V.color AS ‘color’ INTO W.vertex
WITHIN ‘coloringsl ’
FROM triColor:v ertices  AS U, triColor::colo rs ASV,
triColor::v ertices AS W

Now, quer Q3 (following) drops thenameof therelationscreatedn Q2into thecolo r

columnandprojeds outeachvertex column Thisresultsin nrelations,eachcontain
ing a singlecolumnnamae aftera distinctvertex, represeting a singlecoloring of all
n vertices.Then the databaseesultingfrom the subquery is joined, returring a single
relationencodng all possiblecolorings of the n vertices.Note thatjoining the n rela-
tions createghe 3" possiblecolorings sincewe have manipuatedall columnnameso
bedistinct— this ensureshejoin is in facta comgete Cartesiarproduct.

SELECT T.* INTO ‘all_possibl e WITHIN ‘colorings3’
FROM JOINALL ( SELECT R.color AS R INTO R WITHIN ‘colorings2’
FROM ( Q2) > R) AST

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

SELECT T1.* INTO ‘violators’ WITHIN ‘colorings4
FROM ( Q3) ASTL (Q3) > A (Q3) > B
WHERE NOT EXISTS ( SELECT T2.*
FROM triColor:: edges AS T2
WHERE T2.source = A ANDT2sink =B
ANDT1A = T1B )

The attribute meta-ariablesA and B behae asiteratorsrangingover the n vertices.
Thesolutionto thethree-cdoring prablemcanthenbeobtanedby usinganotter quely
whichcheclsthecolor ings4: :viola tors relationfor existenceandoutpus ‘yes’ or
‘no’ accordngly.

It is the generalizedoin which givesMQL+JOINALL its power. Withoutit, MQL
is restrictedo LOGSPACE queries (cordlary 1). Propaition 2 summaizesthe previous
exampe.

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

The prod of propasition 2 is basedon a charactdaration of NP asexistentialsecond
ordersentencegivenby Fagin[4]. For thefull proof, see[15].
Additionally, we have thefollowing result:

Proposition3. PSRACE = MQL+JOINALL

Theprod of this resultusesthe factthat PSPACE canbe charaterizedasSO(FO+TC)
[8]. Seg[15] for details.

The upsha of propaitions2 and3 is thatqueresinvolving a genealizedjoin are
inherenly expersive.



5 A Comparisonof MQL+ON and MQL+JOI NALL

Eachof thenew operdors,transpseandgenerézed join, naturallytacklesonly oneof
therestructurigs possiblein the consu Itants  fedeaation. For the transposerestruc-
turing from firm- A:pay Info tofirm-B :payi nfo beconeseasy(seethe queryin
figure 9 — this correspadsto transfornation 6 in our metaqery hierarcly in figure
2). Forthegenealizedjoin, themostnatura translationis ratherfrom thefirm-C  rela-
tionstothefirm-B ::payl nfo relation(relationnamesecone attributenames)When
perfamingotherrestruturingsin eachlanguag, recouseto thepureMQL coreis hec-
essaryFor exanmple, to restructue from thefirm-  Crelationsto firm- B:pay Info in
MQL+ON, wefirst translatehefirm- Crelatiorsinto theformatof firm- A::pay Info

(figure13) sothatwe mayapplythefirm-A ::payl nfo tofirm- B:pay Info transfa-
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::paylnf 0 in MQL+ON.

Corversely whenrestructuing from firm -A:pa yinfo tofirm-B :payl nfo us-
ing MQL+JOINALL, we first write a quely restructuing firm-A :payl nfo into the
format of thefirm-C  databaséfigure 14). The transfamationfrom thefirm- C rela-
tionsto firm-B :payl nfo canthenbeappliedto comgetethecircle.

SELECT T.projNo  AS ‘projNo’, T.salClass  AS ‘salClass’
INTO T.empName WITHIN ‘a2cDB’
FROM  firm-A::payInfo AST

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

Thus, eachnew operato canbe saidto be more “natural” for sometransfama-
tionsthanothers As notedijt is anopenprablemwhetherthetransfomationsindicated
by the consul tants exampe prove sufficient in generalpractice.Since MQL+ON
is restrictedto LOGSPACE, for exanple, the transitve closurecanna be formulated
in MQL+ON. This discourts mary naturalqueriesaskingfor relationshig between
federdion elements.On the other hand,althoudh we can formulate suchqueies in
MQL+JOINALL, theaddedcomgexity of thelangwageis a problemfor databas@ro-
cessing Eventhoughan ordinay userwould not be expectedto (for exampe) solve
three-cdoring usingMQL+JOINALL, it would be easyto unintentionallywrite infea-
sible queres,resultingin unexplainedbehaior of the system.

We summaize ourwork in thenext section.



6 Conclusions

The relatioral modelremainsa key paradign in informationstora@. Any interoper
ability framewvork shouldcontainthe ability to natually restructue relationaldata.Re-
structurirg relatioral datadynamically involves the ability to createdynamic output
schemasand vary ranges basedon input metadatacapabilitieswhich are lacking in
standard&sQL. We have develgpeda corelanguag, MQL, which allows metavaiiables
in the FROMclauseandprovidesa geneal framework for logical mappngsfrom feder
ationsto federdions. We presentedwo extensiors of coreMQL for creatingcouged
horizantal outpu schemasMQL+ON andMQL+JOINALL. ThelanguageMQL+ON
remainsL OGSPACE, like SQL, andallows transfornationsamongthe datalasesn fed-
erationssimilar to cons ultan ts (figure 1). However, the “transpositiofi effect of the
ONconstrutis somevhatopaaieandit seemdik ely thattherearedesirablg¢ransfama-
tionsthatcannotbe effectedin LOGSPACE. In contrastthelanguag MQL+JOINALL
reliesonthe concep of agenealizedjoin for creatinghorizantal output schemasThe
genealizedjoin is morenatura thanthetranspsewithin arelatioral framework, since
relationsdo notinvolve cougding betweerdistinctcolumrs (asa matrix-type transpose
operdion requies). However, MQL+JOINALL is equiaent to the PSPACE queries,
whichis a prablemfor efficient queryproaessing MQL+JOINALL effectively allows
metavariablesto becane limited iteratos, resultingin comgex behaior. It seemghat
thereshoud be a declaratve languagebetweenMQL+0ON andMQL+JOINALL, that
allows the creationof couped horizantal outpu schemaget remairs feasible for ex-
amplecaptug the PTIME queies. As of now, this languageremainsundscoveral.
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