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Abstract

XML hasbecomeanimportantmediumfor datarepresentatiorparticularlywhenthat datais ex-
changedover or browsedon the Internet. As the volumeof XML dataincreasesthereis a growing
interestin storingXML in relationaldatabasesothatthewell-developedfeatureof thesesystemge.g.,
concurreng control,crashrecovery, queryprocessorsganbere-used However, giventhewide variety
of XML applicationsandthe mismatchbetweenXML's nested-trestructureandthe flat tuplesof the
relationalmodel,storingXML documentsn relationaldatabasepresentinterestingchallenges.

LegoDBis a cost-baseXML-to-relationalmappingenginethataddressethis problem.It explores
a spaceof possiblemappingsandselectghe bestmappingfor a givenapplication(definedby an XML
Schema XML datastatistics,and an XML queryworkload). LegoDB leveragesxisting XML and
relationaltechnologiesit representthetamgetapplicationusingXML standardandconstructshespace
of configurationaising XML-specific operationsandit usesa traditionalrelationaloptimizerto obtain
accuratecostestimateof the derived configurations.In this paper we describethe LegoDB mapping
engineandprovide experimentakesultsthatdemonstratéhe effectivenes®f this approach.

1 Intr oduction

As XML is now animportantmediumfor representingexchangingandaccessinglataover the Internet,
applicationaareprocessin@nincreasincamountof XML data.Not surprisingly thereis agrowing interest
in storingXML in relationaldatabasesothattheseapplicationganuseacompletesetof datamanagement
serviceg(including concurreng control, crashrecovery, scalability etc) andbenefitfrom the highly opti-
mizedrelationalqueryprocessors A numberof strat@ieshave beenproposed7, 11, 14, 18, 19) to address
theXML-to-relationalmappingproblem.An importantimitation of mostof theseproposalss thatthey rely
on afixed XML-to-relationalmapping.Onesinglemappingis unlikely to work well for morethana few of
thewide varietyof accespatternanapplicationmaypresentFor example awebsitemayperformalarge
volume of simplelookup queries,whereasa catalogprinting applicationmay requirelarge and comple
querieswith deeplynestedesults.Moderncommerciallatabasegseee.g, [24]), ontheotherhand provide
a moreflexible approachto storing XML data,by allowing the developerto specifythe storagemapping.



However, this approacthasdrawbacks mostnotably: it requireshe developerto mastertwo quitedistinct
technologiegXML andRDBMS); andit might be hard,evenfor anexpert,to determinea goodmapping
for acomple application.

In this paper we introducea novel cost-basedramework for XML-to-relational storagemapping,and
describahedesignof LegoDB, atool basednthis framework thatautomaticallyfindsanefficient XML-to-
relationalmappingfor atargetapplication. ThethreemaindesignprinciplesbehindLegoDB arecost-based
search Jogical/physicalindependenceandre-useof existing technology Sincethe effectivenessof one-
size-fits-allmappingis improbablegiventhewide varietyof XML applicationgwith datarangingfrom flat
to nestedschemasangingfrom structuredto semistructuredaccesgpatternsangingfrom traditional SPJ
queriesto full-text or recursve queries),our first principle is to take applicationparameterénto account.
More precisely given a schemadescribingthe XML datato be processeda query workload, and data
statistics the LegoDB engineexploresvariousrelationalconfigurationdn orderto find the mostefficient
for theapplication.

Our secondprinciple is to supportlogical/physicalindependence Developersof XML applications
shoulddeal with XML structuresand operationsand they shouldnot be concernedwith the underlying
physicalstoragein a relationaldatabaseHence the LegoDB interfaceis purely XML-based—ittakesas
input XML queriesschemaandstatistics.

Ourthird principleis to leverageexisting XML andrelationaltechnologywhenaer possible.LegoDB
relieson: 1) existing XML standardso representhetamgetapplication,2) XML-specificoperationver a
schemao generate spaceof possiblemappingsand3) atraditionalrelationaloptimizerto obtainaccurate
costestimategor thederved mappings Onthefirst point,querieswhich malke up theapplicatiorworkload
aregivenin XQuery[5], andtheuserdatais describedwvith XML Schemd?21].

Ourmaincontribationsaresummarizedelow.

e We introducethenotionof physicalXML Schemagp-sdhiemay whichareXML Schemasxtendedwith
statisticsaboutthe underlyingXML data. We definea fixed mappingfrom a particularp-sdiemato a
relationalschemanda correspondingnappingfrom XML documentso databases.

e We defineXML Schemaransformationshatwhenappliedto a p-scaemaandfollowedby thefixed map-
ping, leadto a spaceof alternatve storageconfigurations.The ideais thatonemay definemary alternate
XML Schemaswhich are equivalentin termsof the documentswhich arevalid undereachschemaput

yield differentconfigurations For instancetypescanbeintroducedor elided,andregular expressiongan

be rewritten without affecting the semanticof the schema.Becausehe proposedewritings are specific
to XML Schemathis searchspacecontainamary configurationsiot exploitedby relationalstoragedesign
tools(seefor example,[1, 23)).

¢ Throughthe fixed mapping XML-specific statisticsaaretranslatednto the correspondingelationalstatis-
tics, and XQuery workloadsare corvertedinto the correspondingsQL workloads. As a result,we can
exploit a traditionalrelationaloptimizerto obtaincostestimatedor the variousconfigurationsandselect
thebestamongthem.Onepotentialproblemwith thisapproachs searchspacesxplosion.Dueto thenature



of XML Schemathe schemaransformationsnay leadto a large (possiblyinfinite) searchspace.In this
papemwe usea greedyevaluationstratgy to exploreaninterestingsubsebf this space.

e We give experimentaresultswhich shaw thatLegoDBiis ableto find efficient storagedesigndor a variety
of workloadsin a reasonabldime. Our resultsindicatethat our cost-basedxploration selectsstorage
designswhich would not be arrived at by previously-proposé heuristics,and that in mostcasesthese
designdhave significantlylower costs.

Organization of the Paper Therestof the paperis organizedasfollows. In Section2, we present moti-
vatingexamplealongwith somebackgroundnformation.In Section3, we presenthe LegoDB framework
for mappingXML Schemasgqueriesanddocumentsnto relationalconfigurationsqueries anddatabases.
In Sectiond, we presentherewriting rulesdefiningthe searclspaceandour searchalgorithm.In Sectionb,
we presenfpreliminaryexperimentalresults. We review relatedwork in Section6, anddiscussdirections
for futurework in Section7.

2 Background and Motivating Example

In this section,we motivate our approachnotablythe useof XML Schemaandthe cost-basedvaluation
of storagemappingswith an example XML storagemappingscenarioinspiredfrom the InternetMovie
Databas¢13).

XML documentsand DTDs Figure 1 givesan example XML fragmentin which the show elementis
usedto representnoviesand TV shaws. This elementcontainsinformationthatis sharecbetweermovies
andTV shaws, suchastitle  andyear aswell asinformationspecificto movies (e.g., box _office
andvideo sales ) andto TV shaws (eg, seasons ). Figure2(a) shaws a DocumentType Definition
(DTD) [2] for the exampledocumentof Figurel. The DTD containsdeclarationdor all elementsand
attributesin thedocumentThecontentof eachelemenimaybetext (e.g., #PCDATACDATA, or aregular
expressiorover otherelementge.g., (show*,director* ,actor®* ).

Using XML Schemafor storage Figure2(b) shaws an alternatve schemadescribedisingthe notation
for typesfrom the XML QueryAlgebra[9]. This notationcaptureghe coresemanticof XML Schema,
abstractingaway someof the complex featuresof XML Schemawhich are not relevant for our purposes
(e.g., the distinction betweengroupsand complexTypes,local vs. global declarationsetc). The XML
Schemandthe XML QueryAlgebranotationfor our sampleschemacanbefoundin AppendixB.

Like DTDs, XML Schemalescribeelementge.g., show) andattributes(e.g., @type) andusesreg-
ular expressiongo describeallowed subelementg¢e.g., imdb containsShow*, Director*, Actor*). But
Figure2(b) alsoillustratesa numberof distinguishingfeaturesthat are usefulfor storage.First, onecan
specifyprecisedatatypes(e.g.,, String , Integer ) insteadof text, anessentiafeaturefor generatingn
efficient storageconfiguration.Also, regularexpression@areextendedwith moreprecisecardinalityanno-
tationsfor collections(e.g., {1,10} indicatesthattherecanbe betweenl to 10 aka elementdor show),
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<imdb>
<show type="Movie">
<title>Fugitive,
<year>1993</year>

The</title>

<aka>Auf der Flucht</aka>

<aka>Fuggitivo,
<review>
<suntimes>

<reviewer>Roger

<rating>Two

<comments>

This is

Harrison

</comment>

</suntimes>

</review>
<review>
<nyt>

The standard

lI</aka>

Ebert</reviewer>
thumbs up!</rating>

a fun action movie,
Ford at his best.

Hollywood  summer

movie strikes back.

</nyt>
<[review>

<box_office>183,752,

965</box_office>

<video_sales>72,450,220</video_sales>

</show>

<show type="TV series">

<title>X Files,

<IDOCTYPE imdb [

<IELEMENT imdb (show?*,

<IELEMENT show
(title, year,
((box_office,
video_sales)
|(seasons,
description,
episode*)))>

<IATTLIST show type CDATA#REQUIRED>

<IELEMENT title

The</title>

<year>1994</year>
<aka>Akte X - Die unheimlichen
Falle des FBl</aka>

<aka>Aux frontieres du Reel</aka>
<seasons>

<number>10</number>

<years>1993 1994 1995 1996 1997

1998 1999 2000 2001</years>

</seasons>
<description>

A paranoiac FBI agent teams up with

a frustrated female scientist to chase
DNA modified aliens financed by the NSA.
<episode>

<name>Ghost in the Machine</name>
<guest_director>
Jerrold Freedman

</guest_director>

</episode>

<episode>
<name>Fallen  Angel</name>
<guest_director>

Larry Shaw
</guest_director>
</episode>
</show>
</imdb>

Figurel: XML datasamplefor a subsebf theIMDB

director*,

aka+, reviews*,

(#PCDATA)>

<IELEMENT year (#PCDATA)>
<IELEMENT aka (#PCDATA)>

<IELEMENT review

<IELEMENT box_office
<IELEMENT video_sales

<IELEMENT seasons

<IELEMENT description

<IELEMENT episode

(#PCDATA)>

(#PCDATA))>
(#PCDATA))>

(#PCDATA))>
(#PCDATA))>
(name,guest_director)>

<IELEMENT name (#PCDATA)>

<IELEMENT guest_director

(#PCDATA)>

@

actor*)>

type IMDB =
imdb [ Show*, Director, Actor* ]

type Shov =
show [ @type[ String ],
title[ String ],
Year,
Aka{1,10 },
Review*,
( Movie | TV) ]

type Year = year[ Integer ]

type Aka = aka[ String ]

type Review = review[ “[String] ]
type Movie =
box_office[ Integer ],
video_sales[ Integer ]
type TV =
seasons[ Integer ],
description[ String ],

episode[ name[ String ],

guest_director[ String 1 I*

type Director = ...
(b)

Figure2: Schemaampledor theIMDB documents



type Show = TABLE Show

show [ @type[ String ], ( Show_id INT
tltle[[ String ]], type STRING
year nteger |, title STRINé
Aka{1,10 }, year INT ) ,
Review*,
( Movie | TV) ] TABLE Aka
B ( Aka_id INT,

type Aka =

e T sting ] aka STRING,

parent_Show INT )

Original XML Schema Mappedrelationalschema

Figure3: MappingXML Schemdo relations

which enableghe specificationof more constrainectollections. Finally, XML Schemacandescribeso-
calledwildcams for instancethe "[AnyType] notationspecifieghatthereview elementcancontain
anelementwith anarbitrarynameandcontent. This allows XML Schemao describepartsof theschema
for which no precisestructuralinformationis available.

StoragemappingsIn additionto the featuresdescribecabove, a very importantdifferencebetweenXML
SchemandDTDsis thattheformerdistinguishedbetweerelementge.g., a show elementiandtheirtype
(e.g., the Show type). Thetype namenever appearsn the documentandoneelementmay have different
allowed contentwhenit appearsn differenttypes. A key featureof the LegoDB approackis thatit uses
the classificationof elementgo type namesasthe basisfor creatingstoragemappings. As an example,
Figure3 shaws a samplemappingfor a fragmentof the scheman Figure2(b). Eachtype (e.g.,Show) can
be usedto group a setof elementdogether The LegoDB mappingenginecreatesa table for eachsuch
type (e.g.,Show) andmapsthecontentof theelementge.g., type , title , etc.)to columnsof thattable.
Finally, the mappingalsogeneratea key columnthatcontainstheid of the correspondinglementeg.,
Aka_id column),andaforeignkey thatkeepstrackof theparent-childrelationshiple.g., parent_Show
column).

Clearly it is not aways possibleto maptypesinto relations. For instance sincetherecanbe mary
episode elementdn thetype TV, theseelementcannotbe mappednto columnsof thattable. In Sec-
tion 3, we introducea restrictediorm of XML Schemaswhichwe referto asphysicalschemaswhichhave
thepropertythatthey areeasilymappedo relationsby creatingonerelationfor eachtypename.

Schematransformations An importantobseration is that thereare mary different XML schemaghat
validatethe exact samesetof documents.For instance differentbut equivalentregular expressionge.g.,
(a(b|c*) ((a,b)|(a,c*) ) candescribethe contentf a givenelement.In addition,the allowed
subelementef anelementanbereferrecto directly (e.g., theelementitle  in Show), or canbereferred
to by a type name(e.g., seethe type Year). Althoughthe presencef a type namedoesnot changethe
semanticof the XML Schemaiit affects the derved relationalschema,as our mappinggenerate®ne
relationfor eachtype. Hence by performinga sequencef transformationgalsocalledrewritings) which
preserethesemantic®f theschemandthengeneratingheimpliedthestoragenapping aspaceof storage



TABLE Show

( Show_id INT,
type STRING,
title STRING,
year INT,
box_office INT,
video_sales INT,
seasons INT,
description STRING )

TABLE Review
( Reviews_id INT,
tide  STRING,
reviews STRING,
parent_Show INT )

TABLE Episode
( Episode_id INT,
name STRING,
parent_Show INT )

@)

TABLE Show

( Show_id INT,
type STRING,
title STRING,
year INT,
box_office INT,
video_sales INT,
seasons INT,
description STRING )

TABLE NYT Reviews
( Reviews_id INT,
review STRING,
parent_Show INT )

TABLE Reviews
( Reviews_id INT,
tide  STRING,
review STRING,
parent_Show INT )

TABLE Episode
( Episode_id INT,
name STRING,
parent_Show INT )

(b)

TABLE Show Partl
( Show_Partl_id INT,

type STRING,
title STRING,
year INT,

box_office INT,
video_sales INT )

TABLE Show Part2
( Show_Part2_id INT,

type STRING,
title STRING,
year INT,

seasons INT,
description STRING )

TABLE Reviews
( Reviews_id INT,
tide  STRING,
review STRING,
parent_Show INT )

TABLE Episode
( Episode_id INT,
name STRING,
parent_Show INT )

(©

Figure4: Threestoragemappingdor the Show element

mappingsanbeexplored.

Cost-basedevaluation of XML storage Figure 4 shaws threepossiblerelationalstoragemappingsthat
aregeneratedy someof ourtransformationsFor instancegonfiguration(a) resultsfrom inlining asmary
elementaspossiblen agiventable roughlycorrespondingp thestratg@y adwcatedy [19]). Configuration
(b) is obtainedrom configuratiorn(a) by partitioningthereviews tableinto two tables(onethatcontaindNew
York Timesreviews, andanotheifor reviews from othersources)Finally, configuration(c) is obtainedrom
configuration(a) by splitting the Shaw tableinto Moviesor TV shaws.

Even thougheachof theseconfigurationscanbe the bestfor a given application,theremay be cases
wherethey performpoorly An importantquestionis thenhow to selecta particularconfiguration. In
LegoDB, this decisionis basedqueryworkloadsanddatastatistics. Considerthe queriesof Figure5 de-
scribedin XQuery[4]. Thefirst queryreturnsthetitle, yearandthe New York Timesreviews for all shaws
from 1999. Query2 publishesall theinformationavailablefor all shaws in the databaseQuery3 retrieves
thedescriptiorof a shaw basedn thetitle, andQuery4 retrievesepisode®f shaws directedby a particular
guestdirector Whereagjueriesl and2 aretypical of a publishingscenarid(i.e., to senda movie catalogto
aninterestegartner) gueries3 and4 containspecificselectiorcriteriaandaretypical of interactve lookup
queries We thendefinetwo workloads W1 andW 2, whereW'1 = {Q1: 0.4,Q2 : 0.4,Q3 : 0.1,Q4 : 0.1}
andW2 = {Q1:0.1,Q2:0.1,Q3 : 0.4,Q4 : 0.4}, whereeachworkloadcontainsa setof queriesandan
associateaveightthatcouldreflectthe relatve importanceof eachqueryfor the application.Froman ap-
plicationperspectie, workloadW 1 mightberepresentate of theworkloadgeneratedhy a cablecompary
which routinely publishedarge partsof the databaséor downloadto intelligentset-topboxes,while while
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Q1:

FOR $v in imdb/show Query 4:
WHERES$v/year = 1999 FOR $v in imdb/show
RETURN@Sv/title, $viyear, $v/nyt_reviews RETURN

<result>
Q2: Pvititle
FOR $v in imdb/show $vlyear
RETURNS$v FOR $v/episode  $e

WHERESe/guest_director =c4

Q3: RETURNS$e
FOR $v in imdb/show </result>
WHERESv/title = c2

RETURNSv/description

Figure5: Queriedor the Show element

StorageMap 1 | StorageMap2 | StorageMap 3
(Fig 4(a)) (Fig 4(b)) (Fig 4(c))
Q1 1.00 0.83 1.27
Q2 1.00 0.50 0.48
Q3 1.00 1.00 0.17
Q4 1.00 1.19 0.40
w1l 1.00 0.75 0.75
w2 1.00 1.01 0.40

Figure6: EstimatedCostsfor QueriesandWorkloads

W2 mightrepresenthelookupqueriesissuedto a movie-informationwebsite, like theIMDB itself.

Figure 6 shaws the estimatedcostsfor the queriesand workloadsreturnedby the LegoDB storage
mappingtool for eachconfigurationin Figure4. Thesecostsarenormalizedy thecostsof StorageMap 1.

It is importantto remarkthatonly the first oneof the threestoragemappingsshawn in Figure4 canbe
generatedby previous heuristicapproachesf which we areaware. However, this mappinghassignificant
disadantagedor eitherworkloadwe consider First, dueto its treatmenof union, it inlines severalfields
which arenot presentin all the data,makingthe Show relationlarger thannecessarySecondwhenthe
entire Show relationis exportedasa singledocumentthe recordscorrespondingo movies neednot be
joined with the Episode tables,but this join is requiredby mapping4(a) and (b). Finally, the large
Description elemenineednotbeinlinedunlesst is frequentlyqueried.

3 From XML Schemato Relations

The architectureof the LegoDB mappingengineis depictedin Figure7. Givenan XML Schemaand
statisticsextractedfrom anexampleXML datasetwe first generataninitial physicalschemgPSO0). The
physicalschemandthe XQueryworkloadaretheninputinto theQuery/Schemaranslatiormodule which
in turn generatethecorrespondingelationalcatalog(schemaandstatisticsandSQL querieghatareinput
into arelationaloptimizerfor costestimation.Schemaransformatioroperationarethenrepeatedhapplied



cost(SQi)

XML Schema XML data statistics

Generate Physical Schema Physical Schema Query/Schema Translati Query Optimizer
PSO Transformation PSi RSi

RSi: Relational Schema/Queries/Stats
PSi: Physical Schema

Optimal configuration XQuery workload

Figure7: Architectureof the MappingEngine

to PS0,andtheproces®f Schema/Queryranslatiorandcostestimations repeatedor eachtransformed®S
until agoodconfigurationis found. In this sectionwe focuson physicalschemaandonthe Query/Schema
Translatiormodule.

3.1 Physical XML Schemas

As pointedout in [19], mappingDTDs to relationalconfigurationds a hardproblem. Thereare several

reasondor that: (1) the presencef regular expressionsnestedelementsaandrecursve typesresultsin a

mismatchwith flat relations;(2) DTDs do not differentiatebetweenelementshat correspondo entities
(e.g, a person)andelementghat correspondo someattribute of that entity (e.g., the nameof a person)
— hencait is not clearwhetheroneshouldmapanelemento a relationor to an attribute of arelation;(3)

DTDsdefineno explicit datatypesfor elementge.q., integer, date), andasaresultall valuesmustbe stored
asstringswhich canleadto inefficiencies.

As we have seenin Section2, XML Schemadiffers from DTDs in a humberof ways. Notably be-
causeXML Schemadistinguishebetweertype namesandelementdescriptiona straightforvard mapping
strat@y is to createa relationfor eachtypein XML Schema.n addition,XML Schemaprovidesexplicit
datatypeswhich leadto morenatural(andefficient) storagemappings.However, a numberof difficulties
remain:

e themismatchbetweerthestructureof XML Schemaypesandrelationsdueto thepresencef nestedree
regularexpressionsand

e thelack of informationaboutthe datato be stored,e.g., cardinalityof collectionsand numberof distinct
valuesfor anattribute, whichis necessarjor designinganefficient storagamapping.

In orderto addresgheseproblems,we introducethe notion of physicalXML schemagp-sdaemas.
P-sthemashave the following properties: (i) they are asexpressie as XML Schemas(ii) they contain
usefulstatisticsaboutthe datato be stored,and (iii) thereexistsa fixed, simple mappingfrom p-sdiemas
into relationalschemasBeforewe give a precisedefinitionof p-sthhemaswe illustratethe constructiorof a
p-sdiemafrom an XML Schemahroughanexample.

Transforming an XML Schemainto a P-schema By insertingappropriatéypenamedor certainelements,
onecansatisfy(iii) above while preservinghe semantic®f the original schema.For instancejn orderto
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type Showv = TABLE Show

— show [ @type[ String ], ( Show_id INT,
typsehowerON@— e[ Strin ] title [ String 1, type STRING,
Qtyp 9 ' year[ Integer ], title STRING,
title [ Sting ] Reviews* year INT )
¥:\ig[ws[lntegas?:in 1, , ] TABLE Review
9 ’ ( Review_id,
type Reviews = review  String,
(a)Initial XML Schema reviews[  String ] parent_Show INT )
(b) P-shematransformation (c) Relationalconfiguration

Figure8: P-schemareation

guaranteehatthereexists a simpleanduniquemappinginto a relationalconfigurationthe XML Schema
is rewritten so thatall multi-valuedelementshave an associatedype name. For example,the Show type
of Figure8(a)cannotbe storeddirectly into a relationalschemaecaus¢heremightbe multiple reviews
elementdn thedata. However, the equivalentscheman Figure8(b), in which this elementis describedy
a separatéypename canbeeasilymappednto therelationalschemahownin 8(c).

Theforeignkey fromtheReview table,parent _ShowispresensincethetypenameReviewsappears
within thedefinitionof the Shaw type. No indicationof therelationshipappearsn the Showtable.

Data StatisticsThe p-stiemaalsoneedgo storedatastatistics. Thesestatisticsareextractedfrom the data
andinsertedn the original physicalschemaS0duringits creation.A samplep-sdaiemawith statisticsfor

thetype Showis givenbelow:

type Showv =
show [ @type[ String<#8,#2> 1,
year[ Integer<#4,#1800,#2100,#300> 1
title[ String<#50,#34798> 1,
Review*<#10> |

type Review =
review[  String<#800> ]

whereScalar<#size,#mi n, #max # dis ti ncts >indicatedor eachscaladatatypdahecorrespond-
ing size(e.g, 4 bytesfor aninteger),minimumandmaximumvalues andthenumberof distinctvalues;and
String<#size,#d is i ncts> which specifieghe lengthof a stringaswell asthe numberof distinct
values.Thenotation*<#count> indicategherelativenumberof Reviews elementwithin eachelement
of type Show (e.g., in thisexample thereare 10 reviews pershaw).

Stratified physicaltypesWe arenow readyto definep-sdaemas As we have discussedit is essentiathat
eachtype namecontainsa structurethat canbe directly mappedo a relation. Accordingly we adaptthe
original syntaxfor typesof [9] to enforcethe appropriatestructuré. The resultinggrammaris shown in
Figure9.

Becausehis new grammairis stratified (i.e., insteadof the typesdefinedin the original XML Schema,
therearethreedifferentlayersof types),it ensureghattype namesare awaysusedwithin collectionsor
unionsin the schema.The first layer, physicaltypes containsonly singletonelementsnestedsingleton
elementsandoptionaltypes.The secondayer, optionaltypes is usedto represenelementstructureghat

"Notethatfor spaceeasonswe donotencloseheretheoriginal grammaybut encouragéhereadetto consulttheoriginal XML
QueryAlgebradocument.



scalartype s == Integer |String | Boolean
physicalscalar ps = ps<#tsize,#min, #maz,F#distincts >
namedype nt u= X typename
nt| nt choice
0 emptychoice
nt{n, m# <}#count > repetition
optionaltype ot = mnt namedype
s optionalscalar
I[ ot] optionalelement
ot, ot optionalsequence
0 emptysequence
physicaltype pt == nt namedype
ot{0, 1} optionaltype
s scalar
I[ pt] element
pt, pt sequence
0 emptysequence
schematem st == type X = pt typedeclaration
schema := schema Sn = si, si, .. end schema

Figure9: StratifiedPhysicalTypes

aretaggedwith a questiormark. Finally namedtypescanonly containtype namesandareusedto enforce
thatcomple regularexpressiongsuchasunionandrepetition)do notcontainnestecelements.

An importantpropertyof physicalschemass thatany XML Schemaasanequvalentphysicalschema.
As a proofsketchof thatstatementonejust needgso realizethateachschemacanberewritten by having a
typenamefor eachelementandthattheresultingschemas a p-staemaequvalentto the original schema.

3.2 Mapping p-schemasdnto relations

Thereasorfor the above stratificationof physicaltypesis to make surethereis a straightforvard mapping
from thesetypesinto relations.The mappingis asfollows:

¢ Createonerelation Ry for eachtypenameT'.

e For eachrelation Rr, createa key thatwill storethenodeid of thecorrespondinglement.

e For eachrelation R, createa foreignkey To_PT Key to all relationsR p suchthat PT is a parentype
of T

¢ A columnis createdor eachelemenin thetableassociateavith thetype mostdirectly thatelement.
e If the datatype is containedwithin an optionaltype thenthe correspondingolumncancontaina null

value.

Essentiallythatmappingprocedureollows the stratificationof types: elementdn the physicaltypeslayer
aremappedo standardzolumns elementswithin the optionaltypeslayeraremappedo columnswith null
values,andnamedtypesareusedonly to keeptrack of the child-parentelationshipandfor the generation
of foreignkeys.
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For aninstanceps of thep-sdiematherelationalschemalefinedby theabove mappingis referredto as
rel(ps). Tablel describehesemappingsn detail (exceptcomputatiorof foreignkeys). For instance fixed
sizestringsin XML aremappedo fixedsizedstringsin relational;nestedelement@aremappedo columns;
top level typesthatcontaindatatypesare mappedo a specialcolumnthatcontainsa __data column,etc.
The 4 functionis usedto mapnestedelementsthe i, functionis usedto mapoptionalnestedelementand
the parent functioncomputeghe appropriatdoreignkey for eachtable. In fact,a similar functionis used
to propagatestatisticsfrom the p-shemato the relationalschemabut this processs straightforvard and
omittedfor clarity.

P-sthema RelationalSchema
Datatypes

t =String  #<size> u(t) = CHAR(size)
t = String 1(t) = STRING

t = Integer u(t) = INTEGER
#<size>

P String  #<size> 1o(t) = CHAR(size) null

t = String 1o (t) = STRING null

t = Integer 1o(t) = INTEGER null

#<size>

Elements

t=a[t] w(t) = (aal: ps,... a:an: ps,), whereu(t') = (al: psi,... an: psy)

t=T¢] u(t) = (tilde  STRINGa:al: ps,... a:an: ps,), whereu(t') = {(al: psi, ...
an: psp)

t=tl1, t2 p(t) =(al: ps,... an: ps,,al: ps,... am’: ps,),
whereu(tl) = (al: psi,... an: psp)andu(t2) = (al: psi,... am: psy)

t = ot{0, 1} u(ot) = po(ot)

nt p(nt) = ()

Schema

type T = TABLET (T.d INT, _data CHAR(Size)} o {parent(T))

String<#count>

type T = Integer TABLET (T.d INT, _data INT ) o {parent(T))

type T =pt TABLET (T.id INT) o u(pt) o (parent(T))

Tablel: Mappingfrom PhysicalXML Schemago Relations

It is noteworthy to mentionthat,althoughsimple,this mappingdealsappropriatelywith recursve types.
In addition, it alsomapsXML Schemawildcards(the ~ elementskappropriately Take for examplethe

definitionof the AnyElementin the XML QueryAlgebra:

type AnyElement = [ (AnyElement|AnyScalar)* ]
type AnyScalar = Integer | String

Thistypeis valid for all possibleelementswith ary content.In otherwords,thisis a typefor untypedXML
documents Note alsothat this definition usesboth recursve types(AnyElement is usedin the content
of ary elementsanda wildcard (7). Again, applyingthe above rules,onewould constructthe following
relationalschema:

TABLE String TABLE Int TABLE AnyElement =
( __data STRING, ( __data INT, ( Element_id ID,
parent INT ) parent INT ) tide  STRING,

parent_Element INT )

11



This also shaws that using XML Schemaand the proposedmapping,LegoDB candeal with structured
andsemistructuredlocumentsn an homogeneouway. Indeedthe AnyElement tableis similar to the
overflowrelationthatwasusedto dealwith semistructuredocumenin the STORED systen(7].

3.3 Mapping XQuery queries

Althoughquerymappingis animportantpartof the optimizationprocessrewriting XML queriesinto their
equialentSQL counterpartss notthe focusof this paperandwe omit ary furtherdiscussioron thisissue.
We refer the interestedreaderto recently proposedmappingalgorithmsfrom XML querylanguagego
SQLJ10, 3].

4 SchemaTransformations and Search

In this section we describepossibletransformationgor p-scaemas By repeatedhapplyingthesetransfor
mations,LegoDB generatea spaceof alternatve p-sdaemasandcorrespondingelationalconfigurations.
As this spacecanbe ratherlarge (possiblyinfinite), we usea greedysearchalgorithmthatour experiments
shaw to be effective in practice(seeSection5). The greedysearchalgorithmandits interactionwith a
relationaloptimizerarepresentedelow in Sectiord.2.

4.1 XML transformations

Beforewe definethe p-sdaematransformationsit is worth pointingoutthatthereareimportantbenefitso
performingthesetransformationatthe XML Schemdevel asopposedo transformingrelationalschemas.
Much of the semanticavailablein the XML schemads not presentin a given relationalschemaandper
formingtheequvalentrewriting attherelationallevel wouldimply comple integrity constraintshatarenot
within the scopeof relationalkeys andforeignkeys. As anexample,considetthe rewriting on Figure4(c):
suchpartitioningof the Shaw tablewouldbevery hardto comeup with justconsideringheoriginalschema
(a). Ontheotherhand,we will seethatthis is a naturalrewriting to performat the XML level. In addi-
tion, workingatthe XML Schemdevel malkestheframework moreeasilyextensibleto othernon-relational
storessuchasnatve XML storesandflat files, wherea searchspacebasedn relationalschemasvould be
anobstacle.

Thereareindeeda very large numberof possiblerewritings applicableto XML Schemas.Insteadof
trying to give anexhaustve setof rewriting, we focuson a limited setof suchrewritings thatcorrespondo
interestingstoragaalternatwves,andthatour experimentshaw to bebeneficialin practice.

Inlining/Outlining As we pointedout severaltimes,onecaneitherassociata typenameto a givennested
element(outlining) or nestits definition directly within its parentelement(inlining). Rewriting a XML
scheman thatway impactstherelationalschemay inlining or outlining the correspondinglemenwithin
it's parenttable.Inlining is illustratedbelow usingthe TV typeof Figure2(b).

12



type TV =
seasons[ Integer ],

g TV =
Description, type
) seasons[ Integer ],
Episode* = description[ String ],
Episodé

type Description =
description[ String ]

At therelationallevel, this rewriting would correspond#$o the following transformation:

TABLE TV
( TV_id INT,
seasons STRING, TABLE TV
parent_Show ) ( TV_id INT,
EES seasons STRING,
TABLE Description description STRING,
( Description_id INT, parent_Show )
description STRING,
parent. TV )

Two conditionsmustbesatisfiedor thistransformatiorio bepermissiblethetypenamemustoccurin apo-
sitionwhereit is notwithin the productionof anamedype(i.e., only within sequencesr nestedslements);
andsincethisrewriting impliesthatonetableis removedfrom therelationalschemahecorrespondingype
cannotbeshared.

Notethatinlining wasadwcatedasoneof themainheuristicdn [19]. Inlining hassomesimilaritieswith
verticalpartitioning.It reducesheneedfor joinswhenaccessinghecontentof anelementbut it increases
the size of the correspondingable. Dependingon the significanceof accesseso the description
elementin the queryworkload,our searchalgorithmwill actuallydecidewhetherto outline or inline that
element.

Union Factorization/Distribution Union is providing muchflexibility to XML Schemadescriptions.As
gqueriescanhave differentaccespatternon unions,e.g.,acces®itherpartstogetheror independentlyit is
essentiato be ableto find appropriatestoragestructuredor unions. In orderto do so, we will usesimple
distribution laws. The first law ((a,(b|c)) == (a,bla,c) ) allows distribution of a unionwith a
regularexpressiorandis illustratedbelow usingthe Show type of Figure2(b).

type Showv = type Show =
show [ @type[ String ], show [ (@type[ String ],
title[ String ], title[ String ],
year [ Integer ], year [ Integer ],
Aka{1,10 }, Aka{1,10 },
Review*, Review*,
( Movie | TV) ] box_office[ Integer ],
— video_sales[ Integer 1)
type Movie = | (@type[ String ],
box_office[ Integer 1, title[ String ],
video_sales[ Integer ] year [ Integer ],
Aka{1,10 },
type TV = Review*,
seasons[ Integer ], seasons[ Integer ],
description[ String ], description[ String ],
Episode Episode) ]

Note thatthe commonpart of the schemdtitle , etc.) is now duplicated while eachpart of the union
is distributed. The secondaw (a[t1|t2] == a[tl]|a[t2] ) allows to distribute a union acrossan
elementndis illustratedon theresultof the previousrewriting:

13



type Show =
( Show'Partl | Show' Part2)

type Shov = . Shaw Partl =
show [ (@type[ String ], typ;zhow [QN@t?/rpe[ String
title[ String 1, title[ String ']
year [ Integer ], year [ Integer ' ]
Aka{l.10 }, Aka{1,10 } '
evie 11, ,
- Review*
box_office] Integer ], boillgﬁiée[ Integer ],
video_sales[ _Integer ) = video_sales[ Integer | ]
| (@}yFe[ String %
title String . _
' type Show Part2 =
)flfa:{l[lénieger ! show [ @type[ String ],
Review* title[ String 1,
seasons[  Integer ], 3;:?; {1[ 1(;n§eger 1
description[ String 1, Reviev\'/* !
Episode) ] seasons[ Integer ],
description[ String ],
Episode ]

Herethe distribution is done acrosselementboundaries. This sequencef rewriting correspondgo the
following relationalconfigurations:

TABLE Show
( Show_id INT, TABLE Show_Partl
type STRING, ( Show_Partl_id INT,
title STRING, type STRING,
year INT ) title STRING,
year INT,
TABLE Movie box_office INT,
( Movie_id INT, video_sales INT )
box_office INT, EEN
video_sales INT, TABLE Show_Part2
parent_Show INT ) ( Show_Part2_id  INT,
type STRING,
TABLE TV title STRING,
( TV_id INT, year INT,
seasons INT, seasons INT,
description STRING, description STRING )

parent_Show INT )

Thisresultsin theschemayivenon Figure4(c) in Section2. Therearea few importantremarkso bemade
here.First, thisrewriting is similarto someform of horizontalpartitioning,asShawvs with differentcontent
will be split in differenttables. Still, that partitioning follows the structureof the XML Schemawhich
might correspondo quite comple criteria on the original relationalschema.Note that the intermediate
stepin this rewriting is notavalid p-scaemaandwill notbeevaluatedfor costbeforethe seconchalf of the
transformatioris applied.To thebestof ourknowledge,no previous XML storageapproacthasconsidered
a similar rewriting.

Repetition Merge/Split Anotherusefulrewriting exploits the relationshippetweensequencingndrepeti-
tion in regular expressiondy turningoneinto the other The correspondindaw over regular expressions

(a+ == a,a* )isillustratedbelow ontheaka elemenin the Show typeof Figure2(b).
type Show = type Show = o I @t i
show [ @type[ String ], show [ @type[ String ], show | tCiqtblteype[ [Stsrl?i%g ]’]
title [ String 1], - title [ String ], = year[ Integer ] ’
year[ Integer ], year[ Integer ], aka [ String ] ’
Aka{l* } | Aka, Aka{0* } ] Aka{0* } ]

Followedby theappropriaténlining, this transformatioreaptureghefollowing relationalconfigurations:
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TABLE Show
TABLE Show ( Show_id INT,

( Show_id INT,

type STRING, type ~STRING,
i title STRING,
tile  STRING, e
vear INT ) = aka STRING )
K Ak'a TABLE Aka
( Aka_id INT, :
aka STRING ( Aka_id INT,
’ aka STRING,

parent_Show INT) parent_Show  INT)

Notethatthis transformatiorcorrespond$o someof therewritings proposedn [7].

Wildcard rewritings Wildcardsareusedto indicatea setof elemennameghatcanor cannotbe usedfor
a given element.Following [8], we will use’™’ to indicatethatary elementhamecanbeused,and ™a ’

to indicatethatary namebut a canbe used. In somecasesquerieswill accessspecificelementswithin
a wildcard. In thatcontet, it might be interestingto materializean elementnameaspartof a wildcardas
illustratedin thefollowing example:

1~

type Reviews =

type Review = review[ ( NYTReview | OtherReview)* ]

review[ [ String * ] =

type NYTReview = nyt[  String ]
type OtherReview = ("Inyt) [ String ]

Thistransformatiorcanbethoughtof asdistribtuting of the (implicit) unionin thewildcardovertheelement
constructofi.e.,”=nyt_reviews|("'nyt_reviews) ). Hereagainthisresultsn someform of non-triial
horizontalpartitioningoverrelations.Aswe shaw in Sectiorb, thisrewriting is usefulif somequeriesaccess
NYTimesreviews independentlyf reviews from othersources.

From union to options All of the previously proposedrewritings presere exactly the semanticof the
original XML schema.This lastrewriting thatwasproposedn [19] doesnot have this nice property but
allowsto inline element®f aunionusingnull values.Thisrelieson thefactthata unionis awayscontained
in a sequencef optionaltypes(i.e., (t1|t2) C (t1?,t2?) ). Thisis illustratedbelow usingthe Show
typeof Figure2(b).

type Showv =

show [ @type[ String ],
title[ String |,

type Show =
Nago) show [ @upel String ]
Reviev&" ’ title[ String ],
( Movie | TV) ] yAef;{l[’lén?’%ger 1,
L = Review*,
typgox 'g'f%\é'ee[ B Integer | (box_office[ Integer 1],
Pt ger |, video_sales[ Integer 1)?,
video_sales[ Integer ] (seasons] Integer 1,
_ description[ String ],
type TV = .
seasons[ Integer ], Episode)?
description[ String ],
Episode*

Thisoftenresultsin tableswith alarge numberof null values but allows the systento inline partof aunion,
which mightimprove performance$or certainqueries.
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4.2 Search Algorithm

Theexplorationof the spaceof storagemappingds describedn Algorithm 4.1. Notethatthe setof config-
urationsthatresultfrom applyingthe variousschemaransformationsgs very large (possiblyinfinite), and
sincefor eachconfigurationqueriesandstatisticsmustbe translatecandsentto the optimizer this process
is likely to take an excessie amountof time to completeandmay be infeasiblein somecases.Insteadof
exhaustvely searchinghe spaceof all possibleconfigurationswe usea greedyheuristicto find anefficient
configuration.

The algorithm begins by derving an initial configurationpSchema from the given XML Schema
xSchema (line 3); detailsof how this initial configurationis derved appearin Section3.1. Next, the
costof this configurationwith respecto thegivenqueryworkloadzW kld andthe datastatisticsz Stats is
computedisingthefunction Get P SchemaCost whichwill bedescribedn amoment(line 3). Thegreedy
search(lines 5-16) iteratvely updatespSchema to the cheapestonfigurationthat canbe derived from
pSchema usinga singletransformation.Specifically in eachiteration,a list of candidateconfigurations
pSchemalList is createdy applyingall applicabletransformationso the currentconfigurationpSchema
(line 7). Eachof thesecandidateonfigurationss evaluatedisingGet P.SchemaCost andtheconfiguration
with thesmallestostis selectedlines8-14). This processs repeatedintil the currentconfigurationrcanno
longerbeimproved.

We now give detailsof how GetPSchemaCost computeghe costof a givenconfigurationpSchema
giventhe XML QueryworkloadzW kid andthe XML datastatisticszStats. First, pSchema is usedto
derive the correspondingelationschemgseeSection3.2). This correspondencis alsousedto translate
xStats into the correspondingtatisticsfor therelationaldata,aswell asto translatendividual queriesin
W kld into the correspondingelationalqueriesin SQL. Theresultingrelationalschemaandthe statistics
areusedby arelationaloptimizerto computethe expectedcostof computinga queryin the SQL workload
derved asabove; this costis returnedasthe costof the given pSchema. Notethatthe algorithmdoesnot
putary restrictionon thekind of optimizerused(transformationabr rule-basedlinearor bushy etc.[12));
thoughfor the exerciseto make sensadit is expectedthatit shouldbe sameas (or similar to) the optimizer
usedin therelationalsystemwhichis goingto be configuredasedn the recommendationsf our mapper

As we shall seein Section5, configurationswith significantlylower costscanbe found throughthis
greedysearch.

5 Performance

The variouscomponentof LegoDB (i.e., physicalschemacreation,schematransformation.and query
translation)have beenimplementedn a prototypesystem. Our initial prototypeis limited to exploring
inlining/outliningrulesin the greedysearch—thetherXML transformationareexploredseparately

To evaluatethe alternatve configurationdn our mappingengine(seeSection3), we useda variationof
the Volcanorelationalqueryoptimizer[12], asdescribedn [16]. Thecostof aqueryestimatedy thequery
optimizeronthebasisof acostmodelthattakesinto accounnhumberof seeksamountof dataread,amount
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Algorithm 4.1 GreedyHeuristicfor FindinganEfficient Configuration

Procedure GreedySearch
Input:  xSchema : XML schema,
XWkKId : XML query workload,
xStats : XML data statistics
Output: pSchema : an efficient physical schema
1 begin
minCost = oo;
pSchema = GetlnitialPhysicalSchema(xSchema)
cost = GetPSchemaCost(pSchema, xWKkld, xStats)
5 while (cost < minCost) do
minCost = cost
pSchemalList = ApplyTransformations(pSchema)
for each pSchema’ € pSchemalList do
cost’ = GetPSchemaCost(pSchema’, xXWkld, xStats)
10 if cost’ < cost then
cost = cost’
pSchema = pSchema’
endif
endfor
15 endwhile
return pSchema
end.

of datawritten,andCPUtimefor in-memoryprocessingOur costmodelis fairly sophisticate@ndwe have
verified its accurag by comparingits estimateswith numbersobtainedby running querieson Microsoft
SQL-Senrer 6.5 (seg[16]). We found closeagreemengwithin around10 percent)on mostquerieswhich
indicateghatthe numbersobtainedn our performancestudyarefairly accurate.

5.1 Experimental Settings

We usean XML Schemaasedn the datafrom the InternetMovie Databas€IMDB)[13] which contains
information aboutmovies, actorsand directors. We composeworkloadsby drawing on two classesf

queries:lookupqueriesand publishingqueries.Lookupis representate of interactve SPJqueries,such
asFind thealternatetitles for a givenshow Publishingqueriesaremoredocument-orientedndreturnall

availableinformationabouta particularelement(or setof elements)for exampleList all showsandtheir

reviews Detailedstatisticshatincludeinformationaboutall elementgcardinalities sizes,etc),aswell as
the XML schemandqueriesaregivenin the Appendix.

5.2 Efficiency of GreedySearch

In thisexperimentwe demonstratéheefficiengy of thegreedysearcteuristicdescribedn Sectiord.2. We
experimentedwith two variationsof the greedysearch:greedy-sandgreedy-si In the greedy-scsearch,
all elementdn theinitial physicalschemaareoutlined(exceptbasetypes)andduring the searchinlining
transformationareapplied.For greedy-siall elementareinitially inlined (exceptelementwith multiple
occurrencesandduringthe searchputliningtransformationareapplied.

For the purposeof this experiment,we consideredwo workloads:lookup which containsfive lookup
queries(Q8, Q9, Q11, Q12 and Q13 in AppendixC), and publish which consistsof threequeriesthat
publishinformationaboutshaws, directorsandactors(Q15,Q16andQ17in AppendixC). Figure10shaws
thecostof the configuration®btainedy greedy-sandgreedy-son successie iterationsfor eachof these
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Figure10: Costateachgreedyiteration

workloads.Eachiterationtook approximately3 seconds.

An interestingpbserationis thatgreedy-saorvergesto thefinal configuratiora lot fasterthangreedy-
si for lookup querieswhile the oppositehappendor publishqueriesj.e., greedy-sicorvemesfaster This
canbe explainedasfollows. The traversalsmadeby lookup queriesare localized. Therefore,the final
configuratiorhasonly a few inlined elementsNaturally greedy-saanreachthis configuratiorearlierthan
greedy-siOntheotherhand,sincethepublishqueriegypically traverselargernumberof elementsthefinal
configurationhasseveral inlined elements.In this case therefore greedy-sicanreachthis configuration
earlierthangreedy-so

Anotherpointworthy of noteis thatthe curesoftenhave a pointafterwhich theimprovementetween
iterationsdecreasesonsiderably This suggestshat, asan optimization,we could stopthe searchassoon
astheimprovementfalls below a certainthreshold.

Asthegraphsshw, greedy-sdashigherinitial costsfor bothworkloadssinceit leadsto alargenumber
of tableswhichmustbejoinedto computeghequeries However, notethatbothstrat@iescorvergeto similar
costs(thefinal configuration@arealsosimilar). Thistrendwasobseredfor all variationsof schemasstatis-
tics andworkloadswe experimentedwith. For simplicity of presentationgreedy-siis the searchstratgy
usedin the experimentselow.

5.3 Sensitvity of configurationsto varied workloads

An importantfeatureof the LegoDB framework is thatthe storages designedakinganapplicationandits
queryworkloadinto account. Oneinterestingquestionis how the resultingconfigurationperformsif the
workloadchangesFor example the searchinterfaceof IMDB offersusersa fixed setof queries. However,
thefrequenyg of thesequeriesmayvary overtime. For example,in theweekbeforethe AcademyAwards,
the frequenyg of queriesaboutmovies may increaseconsiderably Becausén mary instancest may not
be feasibleto re-generat@a new configurationandre-loadthe data, it is importantthat a chosenstorage
configuratiorleadsto acceptabl@erformancevenwhenthefrequeny of queriesvaries.

In orderto assesshe sensitvity of our resultingconfigurationgo changesn workloads,we createca
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spectrumof workloadsthat combinedthe lookup queriesand publishqueriesin AppendixC in the ratio
k: (1 — k), wherek € [0, 1] is thefractionof lookupqueriesn theparticularworkload.

Using the samestatisticsand XML schemawe ran LegoDB for three workloadscorrespondingo
k = 0.25,0.50 and0.75, resultingin the threeconfigurationgC[0.25], C[0.50] and C[0.75] attunedto the
respectie workloads. Next, we gatheredhesethreeresultingconfigurationandevaluatedtheir costsacross
theentireworkloadspectrumthecostof aconfiguratioris definedastheaveragecostof processing query
on that configuration. We did a similar evaluationwith the all-inlined configuration,C[ALL-INLINED].
For the sale of comparisonwe alsoplotteda curve OPT giving, for eachworkloadin thespectrumthecost
of the configurationobtainedby LegoDB for that specificworkload— this is a tight upperboundon best
possiblecostof a configurationat every pointin the spectrum.(Notethat, in contrastto the othercunes,
OPTdoesnot correspondo afixedschema.Theresultsareshawn in Figurell.

Beforediscussingheresults,it is importantto understandiow inlining could affect the costof a con-
figurationwith respecto a queryworkload. For queriesthattraversethe schemacontiguouslyandaccess
all relatedattributes, inlining helpsby precomputinghe numerougoins that may be requiredduring the
traversal. On the otherhand,inlining could be a badideafor several otherkinds of queriesfor example:
(a)thequerydoedimited, localizedtraversalsand/ordoesnotaccesall theattributesinvolved,andsodoes
not benefitfrom the inlining but neverthelespaysthe overheadf scanningwider relations;(b) the query
hashighly selectve selectionpredicates— this could rendera selectionscanon the inlined wider relation
moreexpensve thanevaluationof the queryby joining thefilterednon-inlinedlieanemrelations gspeciallyin
the presencef appropriatdndexes;(c) the queryinvolvesjoin of attritutesnot structurallyadjacenin the
XML Schemdeg., actor anddirector ) — sinceinlining causesespecie relationsto widendueto
theinclusionof severaladditionalattributesnot requiredin thejoin, thejoin is significantlymoreexpensve
thanin the caseof otherconfigurations Thesetwo opposingfactorsleadto the possibility of differentsets
of inlining decisiondor differentworkloadseachoptimalin a certainregionin the spectrum.

Overlapbetweerthe cunesfor C[0.25]andC[0.75]with the curnve for OPTin the graphsuggestshat
we canpartitionour spectruminto two regions: theregion definedby &k € [0,0.55) andthe region defined
by k € [0.55,1] suchthatC[0.25]is the optimal configurationfor all workloadsin the formerregion and
CJ[0.75]is the optimal configurationfor all workloadsin thelatter (or nearenough).Moreover, the curves
for C[0.25]and C[0.75] crossat a smallangle. This furtherimpliesthatevenif the two workloadslie in
differentregionsbut are not too distant,the optimal configurationdor the two are closeenoughin cost.
This shaws thatthe configurationdound by LegoDB are very robust with respecto the variationsin the
workloads.

At the extremesof the spectrum,however, we found a significantdifferencein performanceof the
C[0.25]andC[0.75]. Sincethesetwo configurationsarebasedon slightly differentinlining decisionswe
seethat both publish and lookup queriesare sensitve to thesedecisions,andthat inlining is indeedan
importanttransformationHowever, C[ALL-INLINED] thatincludesall theinlining decisiondn theabove
configurationdand somemore) performedtwo to five timesworsethanoptimal. This demonstratethat
beyonda point,theoverheadslueto inlining significantlyoutweighary benefits.
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Figurell: Sensitvity to variationsin theworkload

In summary the above analysisclearly demonstrateghat the cost-basedpproachof LegoDB leads
to configurationghat are not only 50% to 80% lesscostly thanthe rule-of-the-thumtapproachof ALL-
INLINED, but alsoarevery robustwith respecto the variationsin theworkloads.

5.4 Effectivenessof XML transformations

In Sectiord we describedsomeXML-specifictransformationshatgenerateelationalconfigurationsvhich
hadnot beenconsideredn previous XML-to-relationalmappings.In what follows, we studythe perfor
manceof someof thesetransformations.

Q4. Displaythedescription fitle, yearfor a showwith a giventitle (only TV showshavedescri pti on)
Q5. Displaytheboxoffice title, yearfor a showwith a giventitle (only movieshavebox _of fi ce)

Q6. Displaythedescriptionboxoffice title, yearfor a showwith a giventitle

Q7. Displaythefitle andyearfor showsthathavean episodedirectedby a givenguest _di r ect or
QI3.] | Find all peoplethatactedanddirectedin the samemovie aswell asalternatetitles for themovie
Q16.] | Publishall shows

Q19.] | Publishall theinformationabouta showgivenits title

Figurel2: SampleQueries

00 me mm BN BN B BE BB
80|
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I

Q4 @ Q6 @ QI3 Q6 Q19
Query

Figurel3: Costof union-transformedonfiguratiorasapercentagef thecostof anall-inlined configuration

Union Distribution In orderto measurédhe effectivenessof union distritution we comparedhe costsof
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Total reviews 10,000 100,000

NYT perc. Queryl | Query2 | Queryl | Query?2
50% 5.42 6.3 48 26.3
25% 5.42 5.1 48 15
12.5% 5.42 4.4 48 9.4

Table2: Costfor all-inlined vs wildcard-transformed

variousqueriedor theconfigurationsllustratedin Figure4(a) (all elementsnlined) andFigure4(c) (where
unionis distritutedover show). Thequeriesconsideredireshawn in Figure122

As Figure 13 shaws, the union-transformedonfiguratiorhaslower costsfor all queries.In this exam-
ple, the uniondistritution is equivalentto vertically partitioningthe Show tableinto a tablethatcontains
informationaboutmovies, anda tablethat containsinformationaboutTV shaws. Becauseahe new tables
are smaller queriesthat referto elementsn only one of thosetableswill be cheapere.g., Q4 accesses
descriptions , Q7 accessespisodes ,andQ5accessebox _office ).

Theseresultsareratherintuitive. A lessintuitive finding is thatevenquerieshatacces®lementfrom
both moviesand TV shaws (e.g, Q6 that retrieves description andbox office ) becomecheaper
undertheunionrewriting. Eventhoughtheoriginal selectiomguery:

Wtitte,description{ Ttitle=cShows}
mustberewritten asthe unionof two subqueriesor thetransformedschema
iitie,description{ Ttitle=ctv-shows} U Wyigie pox_of fice{Ttitie=cmovies}

notonly doeseachsubqueryoperateon tableswith fewer tuples,but thesetablesarealsonarrawer which
reducethecostof selection.Thisis alsotrueof Q13,Q16andQ19.

Repetition Split Anothertransformatiorwe considereds splitting repetitions. This transformatiorwas
illustratedin Sectiond. Theeffectivenes®f suchatransformatioris highly dependendnthecharacteristics
of thedataandonthequeryworkload.Consideffor exampletwo queries:alookupquerythatfindsall of the
alternatetitles (akas)for a given shaw title; andits publishingcounterparwhich retrievesall information
for all shaws. The costsfor thesetwo queriesunderthe All Inlined andthe Repetition-Splitransformed
configurationdor a variednumberof total akasaregivenin Figure14. For this example the maineffect of
the RepetitionSplit transformations thatit reduceshe sizeof the Aka table.As aresult,thecostreduction
is biggerfor the publishingquery—sincehelookupqueryinvolvesaselectiorontitle  andthis selection
canbe pushed the size of the Aka tablewill impactthe show-aka join to a lesserextentthanin the
publishingquerywhereno selectioris performed Also notethatasthe sizeof the Aka tableincreasegand
becomesnuchlargerthanthe Showtable),the costdifferencebetweerthetwo configurationslecrease.

Wildcards The wildcard transformatioreffectively partitionsthe setof elementgaggedby the wildcard

into differentsortsthatcorrespondo thewildcardlabelsthatarepresenin thedata.Considerfor example
thequeryFind thereviewsfor all showspreducedn 1999 The equvalentqueriesunderthe configurations
in Figure4(a)and(b) are:

2Thecorresponding(Queriesaregivenin AppendixC.
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Figurel4: Costcomparisorbetweeranall-inlined anda repetition-splittonfiguration

1 Ttitie,data{Tyear—=1999 shows < reviews}

2 yitie,data{Oyear=1999 Shows <1 nyt_reviews}

Table 2 shaws the costof thesetwo queriesfor varying percentagef NYTimesreviews, whenthe total
numberof reviews is 10,000and100,000.As expectedwhereaghe costfor Queryl remainsconstantthe
costfor Query?2 decreasewith thesizeof thenyt _reviews table.

6 RelatedWork

In this sectionwe first compareLegoDB to prior work on storingXML datawith relationalengines.Fol-
lowing thisdiscussionwe outlineotherrelatedwork, in particulartherelationshippetweerautomaticXmL
storagemappingandautomatigphysicaldesignfor relationaldatabases.

Recently mary approachedave beensuggestedor mappingXML documentgo relationsfor stor
age[7, 11, 14, 18,19, 20). In [7], DeutschFernandeandSuciuproposethe STORED systemfor map-
ping betweer(schemalessgemi-structuredataandtherelationaldatamodel. They focuson a datamining
techniguewhich simultaneoushgsolesschemaliscovrery andstoragemappingby identifying “highly sup-
ported”treepatterndor storagdn relations.Eventhoughthey considereda costoptimizationapproactto
the problem they foundit to beimpractical,asin theabsence®f a schemagpptimizationis shawn to be ex-
ponentialin thesizeofthedata In contrastwe explorea spaceof storagestructuresut rely onthesdhema
andstatisticsratherthandirectly mining the data. We useheuristic§e.g., the greedyapproach}o avoid an
exponentialsearchput still explorea variety of usefulmappings.In fact,the LegoDB stratgy mayleadto
substantialhdifferentconfigurationghanwhatis producedy thedata-miningapproachusedby STORED.
For example we maybreakanextremelycommonpatternof datainto multiple relationsif theresultis more
efficientfor thequeryworkload.

In [19], Shanmugasundaraet al proposethreestratgiesto mapDTDs into relationalschemas.The
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basicideabehindthesemappingds to createablesthatcorrespondo XML elementslefinedin aDTD, in-
lining asmary sub-elementaspossiblesoasto reducdragmentation—multi-@lued elementandelements
involvedin recursive associationmustbekeptin separatéables.Thethreeproposednappingdiffer from
oneanothelin the degreeof redundang. they vary from beinghighly redundanfwhereanelementcanbe
storedin multiple tables),to containingno redundang While we do not considemappingswhich dupli-
catedata,we sharewith [19] the useof the schemao derwve a heuristically*good” initial storagemapping
(e.g., for thegreedy-sksearctstratg@y), andtheuseof a modifiedschemdor the storagemappinglanguage.
Regardlesof the particularstrat@y, the mappingprocesf [19] beginsby simplifying aninput DTD into
a DTD that canbe easilymappedinto relations. Insteadof simplifyingaway hard-to-mapXML Schema
constructsLegoDB takes adwantageof them (throughthe useof our schemaransformationsjo generate
a spaceof mappings. And aswe have shawn in Section5, mappingsthat resultfrom the XML-specific
transformationsnayleadto significantlybetterconfigurationdor a givenapplicationthanmappingsased
onaninline-as-much-as-gsble approach.

Schmidtet al [18] proposea highly fragmentedrelationalstoragemodel. In their proposed‘Monet
transformation” the parent-childassociatiorterminatingead label-pathfrom the root of an XML docu-
mentis storedasa binary relationof oids Like STORED, they do not requirea schema—th@ocument
structureis exploredat parsingtime. However, unlike Stored,they usea purely relationalstorage.Their
experimentsshaw thatthis approactperformswell onthe main-memory-orienteMonetdatabasea result
in starkcontrastto the conclusiongresentedn [19] wherefragmentatiorand a large numberof joins is
identifiedasa key problem. Thesedisparateperformanceesultsonly emphasizehe needfor automated
tools,like LegoDB, to determinghe appropriatestoragemappingfor a given applicationand DBMSplat-
form. Finally, while the searchspacen ourwork doesnotincludehorizontalfragmentatiorof tablesbased
onincomingpaths,our rewriting rulescaneasilybe extendedo considetthis style of transformation.

Tian etal [22) comparehe performancef severalapproaches XML storagepneof whichis arela-
tional mappingsimilarto our “max-inlined” approachlt would beinterestingo seehow a moreoptimized
mappingwould affectthe performancef therelationalmappingrelative to their othernatve andtext-based
storagemethods.FlorescuandKossmar{11] investigatedseveral alternatves whendesigninga relational
schemdor storingan XML documenincludingstoringa nodetableandanedgetable,andstoringa “uni-
versalrelation” with an attribute for every elementor attribute namein the document.Shimuraet al [20]
proposeaninverted-list-stylestoragestructurein which nodesaremappedo regionsin thedocumentand
pathsarepresentasstringsin a “Path” table. Path queriesareaccomplishedy usingstring operatorgin
particularthe LIKE operatonf SQL)to querythistable.In all threeof thesecasespneor morefixedmap-
pingsareused wherewe explore a spaceof storagemappings. Mappingsfrom DTDs into nestedschema
structuresof OO or OR/DBMS have beenproposed6, 14]. While Klettke and Meyer considerstatistics
andqueriedin the proposecheuristicmapping,no attemptis madeto compareestimatedcostsfor multiple
mappings.

SeveralcommerciaDBMSsalreadyoffer somesupportfor storing,querying,andexporting XML doc-
umentgq24, 15]; however, theusermuststill designanappropriatestoragemapping.
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While LegoDBis (to ourknowledge)thefirst XML storagemappingool to take advantagenf cost-based
optimization,similar approachebave beenappliedto problemsin relationalstoragedesign,suchasindex
selection(e.q., [17]) andview materialization(e.g., [1, 23]) in physicaloptimizationfor relationalDBMSs.
Note that physicaldesigntools arecomplementaryo LegoDB, andcanbe appliedto furtheroptimizethe
relationalschemagroducedy our mapping eitherduringthesearckprocessr simplyonthefinal schema
produced.

7 Conclusions

We have introducedLegoDB, a systemfor generatingelationalstoragemappingsfor XML databasedn
the schemdor the dataandstatistics.In contrasto previouswork, we explore a spaceof alternatestorage
configurationsandevaluatethe quality of eachconfigurationby estimatingits performanceon anapplica-
tion workload. We alsomale original useof XML Schemao supportnew possiblestorageconfiguration,
andproposedXML Schemaewritings asa meango explorepossibleconfigurationsTheLegoDB systems
isolatethe applicationdeveloperfrom theunderlyingstoragesngineby takingonly XML Schemasqueries
anddocumentasinput. Further we have presenteaninitial performancestudyusinga prototypeimple-
mentationof our approachn the LegoDB systembeingbuilt at Bell Labs. This studyevaluatesa greedy
algorithmto inlining or outlining of elementandattributes. The resultsindicatethat storagemappingsof
significantlyimproved quality canbe found in a reasonabl@umberof stepsusinggreedyevaluation,and
thatthesedesignsarenotoverly sensitve to smallchangesn theworkload.In addition,we have shawn that
XML transformationstherthaninlining/outlining canleadto significantperformanceains.

We considetrthis work asa first steptowardsa generalpurposestorageconfigurationenginefor XML.
To achive thatgoal,we neecdto extendthe LegoDB systemin a numberof ways.Firstwe planto adaptour
approachto otherstorageplatforms,suchasnatwve storestext storesandhybrid storagesystemsWe plan
to extendthesubsebf XQuerysupportecturrentlyby LegoDB, possiblyusingtechniquesimilarto [3, 10J.
Ourwork canalsobe extendedn severalsimpleways,suchasincludingupdatesn our workload,allowing
redundang in datastorage consideringdynamicprogrammingsearchstratgies, etc. Finally, we planto
decreasehe costof evaluatinga particularpoint in the spaceby allowing our query optimizerto reuse
partial resultsfrom one evaluationto the next, and considerthe integration of complementaryelational
storagadesigntoolssuchas([17, 1].
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A Statistics

(["imdb"], STent(1));
(["imdb";"director"], STcent(26251));
(["imdb";"director”;"name"], STsize(40));
(["imdb";"director";"directed"], STcnt(105004));
(["imdb";"director";"directed"; "title"], STsize(40));
(["imdb";"director";"directed";"year"], STbase(1800,2100,300));
(["imdb";"director"; "directed";"info"], STcnt(50000));
(["imdb";"director"; "directed";"info"], STsize(100));
(["imdb";"director";"directed";"TILDE"], STsize(255));
(["imdb";"show"], STcent(34798));
(["imdb";"show";"title"], STsize(50));
(["imdb";"show";"year"], STbase(1800,2100,300));
(["imdb";"show";"aka"], STcnt(13641));
(["imdb";"show";"aka"], STsize(40));
(["imdb";"show";"type"], STsize(8));
(["imdb";"show";"reviews" ], STent(11250));
(["imdb";"show";"reviews";"TILDE"], STsize(800));
(["imdb";"show";"box_office"], STcnt(7000));
(["imdb";"show";"box_office"], SThase(10000,100000000,7000));
(["imdb";"show";"video_sales"], STcnt(7000));
(["imdb";"show";"video_sales"], SThase(10000,100000000,7000));
(["imdb";"show";"seasons"], STcnt(3500));
(["imdb";"show";"description"], STsize(120));
(["imdb";"show";"episodes"], STcnt(31250));
(["imdb";"show";"episodes";"name"], STsize(40));
(["imdb";"show";"episodes";"guest_director ", STsize(40));
(["imdb";"actor"], STcnt(165786));
(["imdb";"actor";"name"], STsize(40));
(["imdb";"actor";"played"], STcnt(663144));
(["imdb";"actor";"played"; "title"], STsize(40));
(["imdb";"actor";"played";"year"], STbase(1800,2100,200));
(["imdb";"actor"; "played" ; “character"], STsize(40));
(["imdb";"actor";"played";"order_of_appear ance"], STbase(1,300,300));
(["imdb";"actor"; "played" ; "award";"result"], STsize(3));
(["imdb";"actor"; "played" ; "award";"award_name"], STsize(40));
(["imdb";"actor"; "biography" ;. "birthday"], STsize(10));
(["imdb";"actor"; "biography" ;o "text', STcnt(20000));
(["imdb";"actor"; "biography" ;o Mtext', STsize(30))

B Schema

XML Algebra notation

type IMDB =
imdb [ Show{0,* }Director {0* }Actor {0* } ]

type Show =
show [ title [ String ], year[ Integer ], type[ String ],
aka [ String ]1{0, }, reviews[ TILDE[ String ] ]{0* },

(box_office [ Integer ], Vvideo_sales [ Integer ]
| seasons[ Integer ], description [ String 1],
episodes [ name[String], guest_director| String 1] {0.* }

]

type Director =
director [ name [String],
directed [ title] String ], year[ Integer ],
infof String ], TILDE [ String ] 1{0* }
]

type Actor =
actor [ name [String],
played[ title[ String ], year[ Integer ],

character[String], order_of_appearance[Integer],
award[ result  [String], award_name[String] 1{0,5}
1{0.* },
biography[ birthday[ String ], text[String] ]
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XML Schemanotation

<xsd:schema xmlns="http://www.w3.org/...">

<element name="imdb" type="IMDB">
<complexType name="IMDB">
<element name="show" type="Show"
minOccurs="0"  maxOccurs="unbounded"/>
<element name="director" type="Director"
minOccurs="0"  maxOccurs="unbounded"/>
<element name="actor" type="Actor"

minOccurs="0" maxOccurs="unbounded"/>
</complexType>
</element>

<complexType name="Show">

<sequence>
<element name="title" type="xsd:string"/>
<element name="year" type="xsd:integer"/>
<element name="aka" type="Aka"
maxOccurs="unbounded"/>
<element name="reviews"  type="AnyElement"

minOccurs="0"  maxOccurs="unbounded"/>
<choice>
<group name="Movie"/>
<group name="TV"/>
</choice>

</sequence>

<attribute name="type"

</complexType>

type="xsd:string"/>

name="Aka">
name="xsd:string"/>

<complexType
<simpleType
</complexType>

<group name="Movie">

<sequence>

<element name="box_office" type="xs:integer"/>
<element name="video_sales" type="xs:integer"/>
</sequence>

</group>

<group name="TV">

<sequence>

<element name="seasons" type="xs:number" />
<element name="description" type="xs:string" />
<element name="episodes"

minOccurs="0" maxOccurs="unbounded">
<complexType name="Episodes">

<sequence>
<element name="name" type="xsd:string"/>
<element name="guest_director"

C Queries

C.1 Lookup

Q1Displaytitle, yearandtypefor a showwith a giventitle
FOR $v IN document("imdbdata")/imdb/show
WHERESv/title cl
RETURNSv/title, $vlyear,

Q2 Displaytitle, yearfor a showwith a giventitle

$vitype

RETURNSuv/title,

</sequence>

</complexType>
</element>
</sequence>
</group>
<complexType name="Director">
<sequence>
<element
<element

name="name" type="xsd:string"/>
name="directed"

minOccurs="0" maxOccurs="unbounded">
<complexType name="Directed">

<sequence>
<element name="title" type="xsd:string"/>
<element name="year" type="xsd:integer"/>
<element name="info" type="xsd:string"/>
<element name="AnyElement"/>
</sequence>
</complexType>

</element>

</sequence>

</complexType>
<complexType name="Actor">
<sequence>
<element
<element

name="name" type="xsd:string"/>
name="played"

minOccurs="0"  maxOccurs="unbounded">
<complexType name="Played">

<sequence>
<element name="title" type="xsd:string"/>
<element name="year" type="xsd:integer"/>
<element name="character" type="xsd:string"/>
<element name="order_of_appearance" type="xsd:string"/>
<element name="award"

minOccurs="0"  maxOccurs="5">
<complexType name="Played">
<sequence>
<element
<element
</sequence>
</complexType>
</element>
</sequence>
</complexType>
</element>
</sequence>
</complexType>

name="result" type="xsd:string"/>
name="award_name"  type="xsd:string"/>

type="xsd:string¥#xsd:schema>

$viyear

Q3Displaytitle, yearfor all showsn a givenyear

FOR $v IN document("imdbdata")/imdb/show
WHERESv/year
RETURNSv/title,

cl
$viyear

Q4 Displaythedescription itle, yearfor a showwith a giventitle (only

TV showshave“description”)

FOR $v IN document(“imdbdata")/imdb/show
WHERES$v/title cl
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WHERESv/title
RETURNSv/title,

Q5 DisElIaythe boxoffice title, yearfor a showwith a giventitle (only
movieshave“box_office”)

FOR $v IN document(“lmdbdata")/imdb/show
WHERESv/title =cl
RETURNSuv/title, $viyear,

Q|6Displaythedescript|0n boxoffice title, yearfor a showwith a given
title

=cl

$vlyear,  $v/description

$v/box_office

FOR $v IN document(“lmdbdata")llmdb/show
WHERESv/title =cl
RETURNSv/title, $viye

$v/b0x_0ﬁice $v/descr|pt|on

Q7 Displaythetitle andyearfor showsthat havean episodadirectedby
a givenguestdirector

FOR $v IN document("imdbdata")/imdb/show
RETURN
Pvititle,
$viyear
FOR $e IN $v/episode
WHERES$e/guest_director =cl
RETURNSe/guest_director

Q8Displaythebirthdayfor an actor givenhis name

FOR $v IN document(“imdbdata")/imdb/actor
WHERE$v/name = cl
RETURNSv/biography/birthday

Q9 Displaythename biographytext for all actors bornon a givendate

FOR $v IN document("imdbdata")/imdb/actor
RETURN
<result>
$v/name
FOR $v/biography $b
where $b/birthday =cl
RETURN $b/text
</result>

Q10Display the name biographytext and birthday for all actors born
onagivendate

FOR $v IN document("imdbdata")/imdb/actor
RETURN
<result>
$v/name
FOR $v/biography
where $b/birthday
RETURN $b
<[result>

$b
=cl

Q11 Displaynameand order of appearncefor all actors that playeda
givencharacter

C.2 Publish

Q15Publishall actors

FOR $a IN document("imdbdata")/imdb/actor
RETURNS$a

Q16Publishall shows

FOR $s IN document("imdbdata")/imdb/show
RETURNS$s

Q17 Publishall directos

FOR $d IN document("imdbdata")/imdb/director
RETURNS$d

Q18Displayall info abouta givenactor

FOR $v IN document("imdbdata")/imdb/actor
RETURN
<result>

$v/name

FOR $v/played  $p

where $p/character =cl

RETURN $p/order_of_appearance
</result>

Q12Find all peoplethatactedanddirectedin thesamemovie

FOR $i IN document("imdbdata")/imdb
$a in S$i/actor,
$ml in $a/played,
$d in Si/director,
$m2 in  $al/directed,
WHERE$a/name = $d/name AND $ml/title
RETURN
<result>
$a/name
$mittitle
$mllyear
</result>

= $m2ftitle

Q13Find all peoplethat actedanddirectedin the samemovie aswell
asalternatetitles for themovie

FORS$i IN document( 'imdbdata")/imdb
$s in  S$i/show,
$a in S$i/actor,
$m1 in $a/played,
$d in Si/director,
$m2 in  $a/directed,
WHERE$a/name = $d/name AND
$ml/title = $m2ftitle
$m1ttitle = $sltitle
RETURN
<result>
$a/name
$m1/title
$mllyear
FOR$v in $s/aka
RETURNSv/title
</result>

Q14Find all directos thatdirecteda givenactor

FOR$i IN document('imdbdata”)/imdb
$a in S$i/actor,
$ml in S$a/played,
$d in Si/director,
$m2 in  $a/directed,
WHERE$a/name = cl AND $ml/title
RETURN
<result>
$d/name
$mittitle
$mllyear
</result>

AND

= $m2ftitle

FOR $a IN document("imdbdata")/imdb/actor
WHERES$a/name = cl
RETURNS$a

Q19Displayall info abouta givenshow

FOR $s IN document(“imdbdata")/imdb/show
WHERESsttitle =cl
RETURNS$s

Q20Publishall info abouta givendirector

FOR $d IN document("imdbdata")/imdb/director
WHERE$d/name = cl
RETURNSd
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