Optimizing View Queriesin ROLEX
to Support Navigable Result Trees

P. Bohannon S. Ganguly

H. F. Korth

PPS.Narayan P. Shengy

LucentTechnologies- Bell Laboratories
600MountainAvenue
Murray Hill, NJ07974USA
bohannon,sgandyihfk,ppsrarayan @lucen.com
psheng@cs.vashington.edu

Abstract

An increasingnumberof applicationsuse XML
data publishedfrom relational databases. For
speedand cornvenience,such applicationsrou-
tinely cachethis xmL datalocally and access
it through standardnavigational interfacessuch
asDOM, sacri cing the consisteng andintegrity
guaranteegrovided by a bBms for speed. The
ROLEX systerris beingbuilt to extendthecapabil-
ities of relationaldatabasesystemdo deliverfast,
consistenandnavigablexmL views of relational
datato anapplicationvia avirtual Dom interface.
This interfacetranslatesavigation operationson
aDOM treeinto execution-plaractions allowing a
spectrumof possibilitiesfor lazy materialization.
The ROLEX queryoptimizerusesa characteriza-
tion of the navigation behaior of anapplication,
and optimizesview queriesto minimize the ex-
pectedcostof thatnavigation. This paperpresents
the architectureof ROLEX, including its model
of query executionandthe query optimizer We
demonstratavith a performancestudythe advan-
tagesof the ROLEX approactandtheimportance
of optimizingqueryexecutionfor navigation.

1 Intr oduction

XML hasgainedwidespreagbopularityasastandardor in-
formationrepresentatioandexchangeInfrastructuresoft-
warefor businesshubs,supply-chairintegration,andcata-
log managemenall usexMmL encodings. Standardod-
ies for businessdata exchange,such as RosettaNef21]
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and Oasis-Oper18], are extremelyactive. The resultis
a tremendoudocus on incorporatingsupportfor XML in
application-dgelopmentinddata-managemetdols.

In somecases,an XML-basedapplicationmay be de-
velopedfrom scratch,and perhapsequirea storagefacil-
ity for XML documentq3, 25]. However, in mostcases
the xMmL-basedapplicationmust interoperate with exist-
ing sQL-centric applications. In the typical “shred-and-
publish” approacho interoperationincomingxmL datais
parsed(shredded)nto relationaltablesand outgoingdata
is extractedby sQL enginesandthenformatted(published)
asxML. For example,a databassupportingan sQL-based
hotel-reserationapplicationmay alsobe calledon to sup-
port a web-site,or to exchangexmL with a third party
“hub” for thetravel industry

Maintaining the mapping betweenthe relational data
sourceandthe associatekML documentss complex and
errorprone. Fortunately recently-deelopedmiddlevare
systemsfor XML publishing[5, 8] greatly easethis task
by providing a declaratve languagén which a view query
speci es the desiredmapping. The view queryis trans-
lated by the middlewareinto one or more sQL queriesfor
executionon the underlyingbBms, and a tagger process
constructanxmL documenfrom theresult. Furthermore,
commercialrelationaland object-relationaldatabasesre
becoming‘xML-enabled”[20] by integratingcertainmid-
dlewarefunctionality into the bBMS. This may entail, for
example, supportinga modi ed sQL syntaxthat outputs
XML or allowing X PathqueriesagainsanxmL view of the
database.

1.1 Cachingand the “Back-Room” DBMS

Application-cachingf databaseéatais widespreadpartic-
ularly in theweb-facingapplicationghatxmL middlevare
systemsaredesignedo support. Datais cachedprimarily
for performanceandan experimentalstudy by Labrinidis
andRoussopoulofl 6] of cachingwebdatabothin andout
of the bBMS illustratesthe problem. In almostevery ex-
periment,cachingoutsidethe bBms offeredtwo orders of
magnitudebetterperformancehancachingwithin.
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While cachingmay solve the performanceroblem,the
applicationcacheis undesirable€for a numberof reasons.
First, multiple applicationanusteachre-implementa por-
tion of the functionality provided by the bBmMS. Second,
concurrenyg and dataintegrity amongthe cachesandthe
relational DBMS must be managedby the application(s).
This may leadto consisteng problemswhenthe underly-
ing relationaldatais being accesse@nd updatedby pre-
viously existing applicationswhile cachedcopiesof this
dataarebeingusedby e-businessapplications.Neverthe-
less,anecdotatvidenceagainindicateghatthis tradeof is
madefrequently leaving the bBMS in the “back room™—
increasinglyisolatedfrom the bulk of webinteractions.

1.2 ROLEX SystemAr chitecture

ROLEX! is aresearclsystemfor xML-relationalinteroper
ation[4]. In short,ROLEX seekso provide thefunctional-
ity of xmL-relationalmiddlewvare at the speedof cached
XML data To achiese this, ROLEX is integratedtightly
with boththe bBMS andthe application,asshovn in Fig-
ure 1(b). However, the integration with the application
is through a standardinterface supportedby most xmML
parsersthe DocumentObject Model (DoMm) [14]. Thus,
in generalanapplicationneednot be modi ed to be used
with ROLEX. To supportour integration model and per
formancegoals,ROLEX is built ontheDataBlitz  Main-
MemoryDatabasé&ystemallowing usto capitalizeon ex-
tremelylow-lateng/ accesdo datawhile still providing ad-
vancedconcurreng controlandrecovery featureq2]. We
expectrROL EX, whenfully implementedto beacompelling
platformwith the bestof two worlds: the speedof cached
XML les andthe declaratve datamanagementools and
consisteng guaranteesf theDBMS.

In particular contrastthe ROLEX architectureshavn in
Figure 1(b) with that of standardxmL-relationalmiddle-
ware shovn in Figure 1(a). As shawn, the resultsof a
ROLEX view queryare provided to the applicationin the
form of avirtual bom treeratherthanasatext document.
Simply avoiding the costof text generatiorandsubsequent
parsingis animportantbene t of this approachin fact,for

1roLEx standsfor relationalon-Line Exchangewith XML.

simple queries,experimentalresultsin this paperdemon-
stratethat ROLEX canproducea fully traversedqueryan-
swerin lesstime thanit would take merelyto parsethat
answerfrom text form. While our systemis basedon a
particular main-memorydatabasesystem,we expect the
modelcanbe usedwith ary closely-coupledarchitecture,
includingdatabasessarecacheg27].

In this paper we focus on the ROLEX query execution
and optimization framavork and on one critical way in
which we can capitalizeon the virtual result tree: opti-
mizing our executionplanfor userandapplicationnaviga-
tion patterns The navigationopportunitiefor auseronan
SQL queryaretypically limited to the useof bi-directional
cursors. However, xmL views of relational datacan be
large andcomple, andeven consideringa subsebf bom
functionality, usernavigationontheresultis potentiallyfar
morecomplex andmorefrequentthanfor relationalresults.

1.3 Optimizing for Navigation

Whenqueryresultsarenavigable,patternsof accesgo the
documentreemay be user or application-speci c.Using
knowledgeof thesepatterns,the ROLEX query optimizer
selectsexecution plans that are expectedto outperform,
during navigation, plansoptimizedto generatethe entire
document.

To illustrate,considera travel hubthatsupportswo ap-
plications,room browsingand corventionplanning The
browsing applicationlets usersexamine hotelsin a spe-
ci ¢ metropolitarareafor anaccommodatiomeetingtheir
requirements.In the corvention-planningapplication,the
usertriesto nd a collectionof hotelswithin an areathat
satisfymultiple aggreyatecriteria(suchastotalroomavail-
ability or conferenceéoom capacity).

Considerrst thescenariavhereboththeseapplications
have beendevelopedusingan xML view that conformsto
anindustry-standardchemaln this case theroombrows-
ing applicationseldom,if ever, requestshe information
in the treeabouta hotel's total conference-rooncapacity
while in thecorvention-planningpplication this informa-
tion may be accessedrequently Clearlytherefore,n the
room-bravsing application,it would be desirablefor the



optimizerto usea lazy evaluationstratey for retrieving
thesedata. ROLEX usesa navigationalpro le to represent
the probability of theapplicationnavigatingalongedgesn
thepoM tree.In theexampleapplication we would expect
the probability of navigating to a conferenceroom to be
almostzero. An optimizercognizantof navigational pro-
les is thusableto choosethe lazy evaluationstratayy, as
desired.

Alternatively, the XML view may be de ned by the ap-
plicationitself. For example,an applicationquerymay be
“composed”with the view queryto producea new view
qguery[9]. Suchviews conformcloselyto theactualneeds
of the application. Therefore,in the browsingapplication,
computationof the total conference-rooncapacitywould
be eliminated by a well-written applicationview. One
might expect this to obviate the needfor a navigational
pro le; however, this expectationturnsout to beincorrect.
For instancejn theroom-bravsingscenarioatypical user
is likely to navigateto a few hotelsfrom the queryresult
that satisfy certainusercriteria. Therefore,useof a nav-
igationalpro le canreduceresourceutilization, sincenot
all the queryresultsthat might be of interestare actually
accessed.If a view query usestwo relationsmetr oarea
andhotel , for example,a simple navigationalpro le may
be constructeddy trackingthe fraction of hotelsaccessed
amongthosein the givenmetropolitanareaacrossmultiple
previous invocationsof the application. If this fractionis
small, the optimizermight chooseto implementthe query
using a nested-loogoin betweentheserelations. On the
otherhand.,if this fractionis large, the optimizermay ma-
terializethejoin betweertheserelationsinto a hashindex
thatis usedto supportnavigation. We arguethatcomplex
view queriescontainmary suchtradeofs; balancingthem
is partof the optimizationspacesxploredby ROLEX.

In summarynavigationpro les offer signi cant oppor
tunitiesfor optimizationof queryexecution,regardlessof
whetherthe xmML view is de ned by a standardor by the
application. In the absenceof supportfor navigation, an
applicationmusteitherrequestall datathatit might need,
or it mustsubmitmultiple, distinct queriesto the system.
Both casegesultin high processingverhead.By taking
thenavigationalpro le of theapplicationinto accountthe
ROLEX approachoffers the promiseof reducedresource
utilization andlower responséime.

1.4 Contributions

The contrikutions of this paperare three-fold. First, we

describethe novel systemmodel of ROLEX andits query
modelingand executionframework. Secondwe describe
the modi cations madeto the designspaceandrule setof

a VOLCANO-style [13] rule-basedptimizerto implement
optimizationof ROLEX view queries.Thesemodi cations
include a new operatorrepresentingnavigation, a model
of decorrelatiorfor complex tree queries,anda new cost
modelthat takesinto accountthe applications navigation
pro le. A critical resultis thatthe integrationis straight-
forward and the impact on the optimizeris limited. Our

hotelc hain (chainid, companyname, hgstate)
metr oarea (metroid, metroname)
hotel (hotelid, hotelname, starrating, chain_id

metro_id, state_id, city, pool, gym)
guestr oom (r_d, rhotel_id, roomnumber, type, rackrate)
confr oom (c_id, chotel_id, croomnumber, capacity, rackrate)
availability (add, a_r_id, startdate, enddate, price)

Figure2: Hotelreservatiorschema

third contribution pertaingto optimizationfor the expected
costof navigating the result xmL tree. In fact, we shov
that optimizing for expectednavigation, evenwith a very
simplenavigationalpro le, canimprove performancesub-
stantiallywhenthe applicationor users navigation ts the
pro le, andin mostcasesghis planis robustif the naviga-
tion is somavhatdifferentthanexpected.

1.5 Outline of the Paper

Theoutline of the remainderf the paperis asfollows. In
Section2, we introduceour runningexampleanddescribe
gueriesandnavigation pro les. In Section3 we introduce
thevirtual bom treeandnavigablequeryplans. Section4
describeshespaceof decorrelatioroptionswe considerIn
Section5 we describehow a VoL CANO-style optimizeris
extendedo optimizeROLEX view-queries.Thecostmodel
usedby the ROLEX optimizerto accountfor navigational
pro les is presentedn Section6. Experimentakesultsare
presentedn Section7. Relatedwork is discussedn Sec-
tion 8, followed by our conclusionanda discussiorof fu-
turework in Section9.

2 Model for Queriesand Navigation

This section introducesthe view queries acceptedby
ROLEX andpresent®ur modelof navigationpro les.

2.1 Schema-TeeQueries

In this section,we introduceview-query speci cation in
ROLEX usingthe exampleshavn in Figure3. This query
format,referredto asaschema-teequery, is meantto cap-
ture arich setof xmL view queries,andis adaptedrom
theintermediatejueryrepresentationf [9]. Thisparticular
examplede nesanxmL view onthetablesof Figure2 that
supportonferenceplanningby shaving candidatehotels
alongwith information aboutavailability of roomsin the
samemetroarea.

Eachnodein the schema-treguery includesa tag, a
tag query, anda binding variable. Eachtuple returnedby
the tag query becomesan elementin the resulting XML
document. Relationalattributes can be mappedto XML
attributes or subelementshowever, thesedetails are not
shavn. Thebindingvariableassociateavith anodeis used
in descendantodesasatuplevariablerangingoverthere-
sultsof thetag query For example,the top-level nodein
Figure 3 hasthe tag <metro> andthe tag query* =
SELECT metroid, metroname FROM metroarea.” (\We sub-
scriptthe tag querywith the binding variable,in this case

.) Thisqueryde nesalist of metropolitarareaswhich



Tag Binding Var. | Parameters
<metro> $m
Qnr SELECT metroid, metroname
nF

FROM  metroarea

<hotel> ‘ $h

‘$m

_ SELECT * FROM hotel
Qh= WHERE metro_id = $mmetroid
AND starrating > 4

| <hotel_available> ‘ $a ‘ $h |

SELECT COUNT(a_id)
FROM  availability, guestroom
_ WHERE rhotel_id= $hhotelid
Q= "AND startdate <= /1/01
AND enddate >=2/1/01
AND a_rid=r_id
GROUP BY startdate

| <confstat> ’ $s ‘ $h

Qg=FROM  confroom

SELECT SUM(capacity)
WHERE chotel_id = $hhotelid

‘ <confroom>

sc | sh |

SELECT *
Q= FROM  confroom
WHERE chotel_id =$h.hotelid

$a, $m

| <metro_available> ‘ $v ‘

SELECT COUNT(a_id)
FROM  availability, hotel, guestroom
_ WHERE rhotel_id = hotelid
Qy AND metro_id =$mmetroid
AND startdate = $astartdate
AND enddate >= 2/1/01
AND a_rid=r_id

Figure 3: An XML view queryand its associatedschema
tree

becomesibling nodesn theresultingxMmL documentgach
taggedwith the <metro> tag (a uniquedocumentroot is
implied). For simplicity of presentationtagsandbinding
variablesare uniqgue and mutually exclusive in this paper
(in generaltagscouldberepeated).

As mentionedabove, the binding variablefor a node
maybeusedasaparametemwhenspecifyingtagqueriesof
descendamodesdn theschemdree.For example thevari-
able associatedvith <metro> is usedasa parametein
tagqueriedor <hotel> and<metro _available> torefer
to theattribute .metroid. Tag queriesmay be parameter
ized by zeroor moreparametersassociatedavith the same
or differentbinding variables.We referto the querywhich
de nes binding variable as , Where

are the binding variablesmentionedin the
body of

The remainderof the view in Figure 3 de nes the fol-
lowing. Thetagquery for <hotel> is parameter
izedby thetuplevariable runningover metropolitanar-
easandgivesallist of hotelsin thatmetropolitanarea.The
tag query , for <hotel _available>  countsavail-
ableroomsatthegivenhotelin a certain x edtime period,
whereaghetagquery for <metro _available>
countsthe total availableroomsin the entire metropolitan
areafor thatsametime period. In separatdrancheof the
schema-treesummaryanddetailinformationaboutconfer
enceroomsis given by the nodeswith tags<confstat>
and<confroom> respectiely.

<metro> Pr{hotel|metro}

‘ 02 =----~
<hotel>

1.0 0.2
i\

<confstat> <hotel_available>

<confroom> 01

<metro_available>

Figure4: A samplenavigationalpro le

2.2 Navigational Pro le

As mentionedin the introduction, ROLEX usesa haviga-

tional pro le for a useror applicationwhen optimizing
view-queryplans.While navigationalpro les can,in prin-

ciple, be quite comple, we currentlyadopta very simple
model. If is a nodein the schematree with parent ,

the navigation pro le stores , or the probability
thatsomenodein thebowm treegenerateddy  will bevis-

ited giventhatits parent,generatedy , hasbeenvisited.
Onesimplewayto estimatehis probabilityis by collecting
the correspondingstatisticat eachschema-tre@mode dur-

ing applicationnavigation. Explorationof more sophisti-
catednavigationpro les thatmight, for example,consider
datavaluesor navigationorder, areleft asfuturework. An

example navigational pro le for the query of Figure 3 is

shavnin Figure4.

3 Virtual DOM

An application using ROLEX accesseddata through a
standardinterface called the Document Object Model
(oom) [14]. The navigation functions implementedby
DOM are as one would expect: parent-to-child,child-to-
parent,andsibling-to-sibling. We alsosupportnavigating
to the rst child with a particulartag. A bom interfaceto
an XML view query supportsall the bom operationsand
behaesasif the userwerenavigatingthe xmL document
resultingfrom the query For example,this might be ac-
complishedby navigating the queryresultsandbuilding a
DOM tree.A virtual DoM treegoesastepfurtherby provid-
ing the sameinterfacewithout creatingthe physicalbom
tree. A navigablequeryplan, which we describenext, is
the mechanisrmusedby ROLEX to supporta virtual DoM
tree.

A navigablequeryplan provides,for eachnode in the
schemdreeof aview query two entities:(1) a subplanfor
evaluatingthetag queryfor , and(2) a navigationindex,

. The navigationindex senesto materializethe output
of thetagqueryandsupportsef cient lookupbasedn pa-
rametervalues. The subplanmay populatethe navigation
index lazily or eagerlyasdecidedby the optimizer andit
may alsomaterializeresultsto be usedby othersubplans.

The navigation index is distinguishedfrom a normal
(hashor tree)index by two additionalfeatures:(1) givena



procedure nav-to-child( )

begin

Assumetagqueryfor is

1. Extractparameteraluesfor
currenttuplesof 'sancestonodes

from

2. Search  for parameteralues
3. if not foundthen

4, Use to initialize the subplanfor
5. Add resultsof planto

6. endif

7. Use to supportsibling navigation

end

Figure5: Navigationfrom parentto child node

pointerto anentryin theindex, thesuccessoandpredeces-
sormatchingthe samekey valuecanbereachecef ciently,
and (2) the index canrecordthe fact that certainparam-
etersproducedempty results. Thesecapabilitiesallow us
to supportbom tree operationson the schema-treeiew
withoutexplicitly generatinghe documentgffectively im-
plementinga virtual bowm interface. For example,the ac-
tionstaken on navigationfrom a parentto a child nodeare
givenaspseudo-codén Figure5. Although not showvn in
the pseudo-codeif the subplanis pipelined,resultsfrom
thesubplancanbematerializednto lazily duringuser
navigation. Thoughit might be bene cial to continueex-
ecutingthe query plan “ahead” of the userwhile waiting
for the next bom-traversalstep,we do not considersuch
“speculatve” executionin this paper

4 The Decorrelation Plan Space

Decorrelationhasbeenstudiedin the contect of generat-
ing equivalent executionsfor correlatedSQL queriesin
[6, 11, 15, 24]. In all previous work of which we are
aware,plansaredecorrelatedvhenpossibleon the heuris-
tic assumptiorthat the decorrelatedexecutioncan be op-
timized better On the contraryin ROLEX, whenthe navi-
gationpro le indicatesthata nodewill seldombe visited,
correlatedexecutionmay be preferred.Varioussubsetof
tag queriesmay be decorrelatedand the navigation pro-
les for which eachis optimal obviously dependon the
gueries databasetructuresandstatistics.In this section,
we discusshow we usestandardecorrelatiortransforma-
tions to generatea spaceof equivalentplansfor schema-
treequeries.While thesetransformationsreimplemented
attheplanlevel, they aremoreeasilydescribedat the sQL
level, theapproachakenin this section.Theembeddingf
this plan-spacén a voL CANO-style optimizeris discussed
in the next section.

4.1 Single-Parameter Decorrelation

In thissectionwe describahebasictransformatiorusedto

decorrelatasingleparametefrom anodequery Consider
atagquery , which de nesthevariable andhasa
singleparameter andtakesthefollowing form:

procedure nav-to-child-dec()

begin

Assumetagqueryfor is

Assumedecorrelateghlanfor is
where

1. Extractparameteraluesfor
currenttuplesof 'sancestonodes

maybeemp{y
from

2. Search  for parameteralues
3. if not foundthen

4, Use to initialize the subplanfor
5. Add resultsof planto

6. endif

7. Use to supportsibling navigation

end

Figure6: Navigationto child , with decorelatedplan

SELECT select-list FROM from-list
WHERE preds-list GROUPBY group-by-list
HAVING having-list ORDER BY sort-list

where is de ned by anancestotagquery . We de-
noteby  thequerycorrespondingo thathasbeen
decorrelatedvith respecto is de ned by the fol-
lowing sQL query:

SELECT select-list FROM from-list
WHERE new-preds-list GROUPBY group-by-list
HAVING new-having-list ORDER BY sort-list

astemp

where the list of relationsin the FROM clauseincludes
the de nition of thequery  renamedasa new relation
temp . We obtainnew-preds-listand nen-having-listfrom
their previous counterpartdy replacingeachoccurrence
of the parameter by temp. Note thatif the query
hadaparameter, i.e., , thentheabove decorrelated
guerywould alsobe parametrizedby , thatis . The
decorrelatedjuery canthenbe decorrelatedurther
to eliminatetheparameter andtherebyobtain . Each
of thesedecorrelatedjueriesmaybeacandidatdor further
guerytransformationgik e thosedescribedn [15]. Since
thesdaransformationgarestandardn theliteratureonquery
processingwe do not presentetailshere.

4.2 Multi-P arameter Decorrelation

The extensionof the techniqueabove to tag querieswith
multiple parameterss straightforvard. Considera tag
query , parameterizetly bindingvari-
ables, . Theideais to treat asa query
with a singleparametercorrespondingo the bindingvari-
ablefor the schema-tre@modethatis lowest or closestto
, in thetree. We decorrelatahis queryto remove one
variable,say , andpossiblyaddseveral more; however,
thesevariablesarede ned higherin thetreethan . We
continuethis procesaintil afully decorrelatedjueryis ob-
tained. The decorelation spacefor is
the setof queriesobtainedduring this process.In the ex-
ample shavn in Figure 3, the <metro _availability>
tag query , hastwo parameters, .startdate and
.metroid. Basedon this discussion,the decorrelation



spacefor is , , ,

Whenthe nal plan chosento implementa node, say

, is notcompletelydecorrelatedthenthe parametersised
to initialize the plandiffer from thoseusedasakey for 's
navigationindex, . A modi ed versionof thealgorithm
givenin Figure5 thathandleghiscasdas shovnin Figure6.

4.3 The Upsand Downs of Decorrelation

Typically the resultof a decorrelatiorstepis the elimina-
tion of thesubqueryAs notedabove, ROLEX deviatesfrom
this by retainingthe correlatedsubplan,sinceit may be
betterto usethe correlatedsubplanfor nodeswith lower
navigation probabilities.However, thereis a morestriking
differencein the ROLEX approach:asseenabove, the re-
sultof adecorrelatiorstepin ROLEX is to replacethechild
plan,while leaving the parentplanintact. Whenviewedin
the context of a schema-treguery this transformatioris a
“down” decorrelationsincepartsof queriesalways move
down thetree,asopposedo the “up” decorrelatiorwhich
is standard.

An obvious drawback of this approachis duplication;
for example,a complicatedexpressiomearthe root of the
tree may be duplicatedin a numberof leaf nodes,dueto
“down” decorrelation However, this problemis alleviated
by threefactors. First, a signi cant simplicity arisesfrom
thefactthatwe do not needtransformationgor outerjoin
operations. Secondtheresultingsizeof thedecorrelation
spacedor “down” decorrelations nolargerthanthenumber
of nodesin the treetimesthe heightof the tree,while the
numberof possiblé‘'up” plansis exponentiain thenumber
of nodesin the tree (sinceary subsetof the childrenof a
nodecanbe decorrelatedvith it). The third advantageof
performing“down” decorrelatioris an artifact of the opti-
mizer[22] we areextending. Sincethatoptimizerwasde-
signedfor multi-queryoptimization,it is particularlygood
atfactoringthe commonexpressiongeneratedby “down”
decorrelation.

5 Optimizing Navigable Query Plans

The ROLEX queryoptimizeris built on top of arule-based
gueryoptimizerdesignedor multi-queryoptimization[22]
that implementsmary of the featuresof voLcANoO [13].
ROLEX could alternatively employ a bottom-upapproach
asin [23] but we do not considerthat possibility here. In
this section,we review the vVOLCANO datastructuresde-
scribehow the ROLEX plan spaceis implementedn this
frameavork anddiscussour materializatiorstrateyy for sub-
plans.

5.1 The VOLCANO AND-OR DAG

In the VOLCANO AND-OR DAG, eachor node(alsocalled
an equivalenceclass)representsalternatve waysto eval-
uate a subexpression,say , of the original sQL query
Eachor nodehasoneor more AND nodechildren,where
eachchild representshe top relational-algebraperatorof

Hm Virtual DOM
Equivalence Class

N> Virtual DOM

Operator

1/ i | Subplan for

" Qn ; tag query Q

subplan
sharing

Figure7: Virtual DOM AND-OR nodes

. For example,if an or node
, it may have two join-operator
children,one,say representinghe join between and
andthe other say representinghe join be-
tween and . Thechildrenof AND nodesare,
in turn, the or nodescorrespondingo the subquerief
its operandsFor example,the operatorin the abore ex-
amplehasan or-nodechild representinglifferentwaysof
computing
Commonsubepressionappearoncein the DAG struc-
ture; for example,all operatorswith aninput equivalentto
point to a single equivalenceclassfor this
expression At anabstractevel, the optimizationproceeds
asfollows: onceall thelogical transformatiorrulesareap-
plied to expandthe DAG (e.g.join reordering),a branch-
prunepasss madeto nd, in abottom-upmanneythebest
(cheapestphysicalexecutionstrateyy for eachAND node,
andby extension,the orR nodewith whichit is associated.
For moredetails,seg[22].

a subplanimplementing
represents

5.2 Logical Operators for Navigation

To represenbur executionspace we addtwo new types
of nodes,an or nodecalledthe virtual-Dom equivalence
class andan AND nodecalledthe virtual-bom operator.
We explain the function of thesenewx nodeswith the ex-
ampleDAG shown in Figure7. This gure shows a por-
tion of the AND-OR DAG representinghe decorrelation
spaceof the schema-tregquery from Figure 3. We as-
sociatea virtual-pom equialenceclass,say , with
eachschema-tre@mode , to representlecorrelatioralter



natives. For example,the nodelabeled is the equiv-
alenceclassfor the decorrelatiorspaceof , the tag
queryfor the <hotel _available> node. Eachchild,
(labeled’ " in Figure7) of is avirtual-Dom operator
implementingone decorrelationstratey for that schema-
treenode. During plan execution,theseoperatorgperform
the nav-to-child-dec procedurefrom Figure6. The rst
(leftmost) input of a virtual-pom operator , is the OR-
nodeof the relationalsubplanfor node . Theremaining
inputsarevirtual-bom equialenceclasseshatcorrespond
to the children of the schema-tremode in the schema-
treequery Theseedgesepresenthe navigationoptionsof
theapplicationquery

Thefactthatthe vOLCANO DAG structureconsolidates
commonsubepressionensuresef cient optimization of
the ROLEX decorrelatiorplanspace.In particular whena
query is decorrelatedvith to produce ,
the entire subplanfor is includedin the plan for

. Thisis shavnin Figure7 by theedgelabeled* sub-

plansharing” Of courseasthelogical DAG is expandedy
othertransformatiorrules,the planfor explores for
example,join ordersnot usablein the plan. How-
ever, thosesubplansn commonaresharedand optimized
once.

5.3 Opportunistic Materialization

Eachequivalencenodeandoperator(not just virtual-oom

nodes)s labeledby the setof parameterthatappeain the
DAG rootedat thatnode. We usethis informationto mate-
rialize subplanopportunistically sothata given physical
operatoris executedonly asmary timesasrequiredby its
bindings. In particular we mark as materializedary op-
eratorwhoseparentparameteisetis a propersupersebf
its parametesset. This subplanis re-initialized whenever
a binding variablein its parametetist changes.Note that
thisfollowstheapproachakenin [19] in which subepres-
sionswith exactly zerobindingsare executedonly once.
We generalizehisto materializeattheappropriatdevel for

the bindingspresent.For example,selectionon hotel for

aparticular .metroid appearingn thesubplanfor

in Figure 7 is executedexactly oncefor eachmetroarea,
ratherthanoncefor each<hotel _available> node.

6 CostEstimation

SinceROLEX explicitly considersa spaceof both correla-
tion and decorrelationoptions, as opposedto attempting
to maximizethe amountof decorrelationiit is important
to costcomplex correlatedblanswith reasonablaccuray,
including the “opportunisticmaterialization"discussedn
Section5.3.

Thissectionrshavshow we estimateahekey components
of ourcostmodel: (1) thenumberof visitsto anodeand(2)
thenumberof tuplesproduceddy suchavisit. Thenumber
of visitsto anodeis somavhatcomplex to computesinceit
dependn the numberof uniquevaluesgeneratedor the
nodesparametergduringtheexecution.ln ROLEX, thecost
for eachnoderepresentshe estimateccontribution of that

nodeto thetotal costof the usernavigation. A nodethat

containsa parametemay be executedmultiple times,and

the costof thatnodeincludesthe expectednumberof exe-

cutions,the costto materializetheseexecutionsif needed,
andthecostto usethematerializedsersiongheappropriate
numberof times.

Thecostmodelpresentedhn this sectionis implemented
by extending the cost model of a traditional sQL opti-
mizer and additionally usesinformation aboutfunctional
dependeng andforeign-key constraintsover the database
to make estimationsmore accurate[12]. Extendingthe
modelto handlenavigation pro les is accomplishedela-
tively easily supportingthe claim that traditional query-
optimizationtechniquesanbemodi ed easilyto optimize
for navigationalpro les.

6.1 Estimating Schema-TeeStatistics

Two basic componentsof our cost model for schema-
tree nodesand their associatedag queriesare visits and
unit-size The expectedunit size of a hode , denoted
is the expectednumber of tuples produced
by a single “unit” call to 's tag query with represen-
tative parametervalues. This numberis estimatedus-
ing traditional size estimationtechniquedor sQL queries.
For example,considerthetagquery  , associatedvith
in Figure 3. Using the cardinalitiesof Table 1,
. And similarly,
if we assume) uniform distribution of hotelsin the metro
areas,and b) the starratings for hotels (hotel .starrating)
range uniformly from to (henceour query has 0.5
selectvity),

. (While the discussionand ex-
amplesassumeiniformdistribution for simplicity, the cost
modelin this sectiongeneralizesn a straightforvardman-
nerto usehistograminformationif available.) We de ne

where is the implied root of the

schema-treguery We overload to the elds that
appeaiin the outputof a queryasfollows: if d isa eld
in theoutputof thequeryatnode , then is
theexpectedhumberof distinctvaluesof d resultingfrom

asinglecall to

denotesthe expectednumber of “visits” to

node during a traversalthat obeys the navigational pro-
le. If all probabilitiesin the navigational pro le are 1,
correspondso the numberof DoM nodesgener

atedby in afull resultdocumentlf is the parentof
, we calculate recursvely as:
That s, is the expectednumberof tuples

(computedas the productof the expectednumberof vis-
its to and the expectednumberof tuplesgenerated

per visit) times the probability that a visit leadsto
avisitto . In our example, (once
for each ) if navigation probabilitiesare all 1, but



Table Tuple Size(Bytes) | Cardinality
hotel 54 1000
metroarea 128 50
phone 24 3000
guestr oom 20 40000
confr oom 20 10000
availability 20 800000

Tablel: Table Cardinalitiesfor ExperimentaQueries

given the navigation pro le shown in Figure4, in which

, would be only

. Note that estimateghe numberof lookups
madeto the navigationindex for

6.2 Binding Variablesand Parameters

Sincethe navigation index ensureghat a subplanis not
called with duplicate parametersthe numberof unique
parameterbindings seenat a node is the expected
unique calls of the subplanfor , which we denoteas
. Considerthe _ nodein

Figure 3. The queryfor this node, , IS parame-
terizedby .metroid and .startdate. We needto estimate
thenumberof unique( .metroid, .startdate) pairsthatwe
expectwill beseematthe _ nodein order
to estimate - .

In some cases, like the node of Figure 3,
Since

in the navigational prole shawn in

Figure 4, we can estimatethat

, and we say that unigue .metroid val-
ues are “visible” at However, in general,

and numberscandiffer; for ex-

ample, - hasfar morevis-
its thanuniquecallssinceit depend®nthe metroareaand
the startdateandthusits contentanay bethe samefor sev-
eralhotelsin thatmetroarea.

In orderto compute , we needtwo auxiliary
statistics and . For avirtual bom node

is an upperboundof the expectednumberof
distinctvaluesof  producedby the queryatnode over
all visits to that node. Sincewe assumehotel .starrating
range uniformly from to in our running example,
is (0.5 selectvity). And since
is thekey for hotel , we get

is the estimatednumberof dis-

tinct bindings(or values)that the parameter takesat

anode , giventhat isde nedatnode and is either

or adescendandf . Thecalculationfor is
de nedrecursvely asfollows:

(n=a)

otherwise

where is the parentnodeof . In the clause,
we estimatethe value of , at node

where is generatedasthelower of two upperbounds.

The rst boundis obtainedoy assuminghatdistinctparam-
eterbindingsresultin disjoint outputsetswhereaghesec-
ondoneis theoutput-domairsize, . The“other
wise” clauseassertshatfor valuesof someeld to appear
atanodeor ary of its descendantsheremustbe atleast
visits to thatnode. This last point canbe seenby consid-
ering the evaluation of ,

whichislimitedto by thenumberof visitsto
We now estimate recursvely, by utiliz-
ing the statistic . Supposehe query

atnode is . We rst classifythe pa-
rameters into two sets,independenparame-
ters anddependenparametes. A parameter is saidto
be dependenif it is functionally dependenbn somesub-
setof theremainingparametersk-or example,if aqueryin
Figure3 usedboth .hotelid and .metroid, we useschema
informationto infer thattheparameter .hotelid determines
.metroid, andthusonly .hotelid shouldbeconsideredor
. Assume without lossof generality thatthe
rst parameters, , comprise¢heset
of independenparametersin this case the calculationof
is

Clearly, eachof theoperandsgo the operatomboveare

upperboundsto

6.3 Operator Costsand Optimization

In this sectionwe discusshow we assigncoststo the AND
nodesin the VOLCANO AND-OR DAG andcomputethe op-
timal plan (by assigningcoststo the orR nodes)during a
bottom-uppassof the DAG.

Our approachs to extendthe notion of to
eachor node.We labeleachor node, , with thesetof
parameters thatareusedn thesubtreeooted
at , andoverload to denotethe ex-
pectednumberof uniquecalls asa resultof the bindings
for parameters . Notethat maybeshared
acrossquery plansfor multiple schema-treenodes. Let

be the setof schema-tre@modes
whosequery plans use As before,we rst obtain
theindependensubsequencef parameters
Then,

where,for ary setof schema-tre@odes is the set
of nodesin  whoseparentnodesarenotincludedin
The secondterm is the upperbound of all visits to
from schema-treaodeshatuseit in theirqueryplans.The
aboveis a conserative estimateof theuniquecallsto ,
which may leadto sub-optimalplanssometimesa better
heuristicof estimatingthe callswill beaddresseth future
work.



CREATE VIEW viewl AS
<hotel>
( =
SELECT hotelid, hotelname, starrating, state_id
FROM hotel
)
<avail>
( =
SELECT rhotel_d, startdate, rhotel_id, roomnumber
FROM availability , guestr oom

WHERE type 5 AND rhotel_id = .hotelid
AND startdate  12/15/02AND r.id = a_r_id
)
</avail>
</hotel> ;

Figure8: XML view queryfor experiments

For every AND node(relationalor virtual DOM opera-
tor), thatisachildof orRnode ,we usestandardquery
processingtechniquesto est|mate|ts cost
To computethe aggreyate costof node acrossinvoca-
tionswith differentbindings,we multiply by

The bottom-upprocessof costingis alsoan optimiza-
tion algorithm, sincefor eachof the or nodes,we keep
the costcorrespondindo the minimum-costchild among
all its children. The procesgust outlined givesthe plan
for the queryfor eachtag. Commonsubepressionsn the
resultingplan are materialized;incorporatinga greedyal-
gorithmto considerthebene t of potentialmaterialization
asproposedn [22] is left for futurework.

7 Performance

In this section,we presentthe resultsof our performance
study on the ROLEX prototype. After describingour im-
plementatiorandexperimentakettingswe investigatethe
utility of optimizing plansfor navigation pro les andthe
impactof view-querycomplexity onthe numberof distinct
plansproducedy differing navigationpro les. Finally, we
returnto the higherlevel issueof the overall performance
potentialof the virtual Dom approach.

7.1 Implementation

TheROLEX prototypeconsistof threesubsystemsheop-
timizer, the executionengine,andthe virtual bom layer.
The executionengineand bom interface operateon the
tuple-layerinterface of the DataBlitz ~ Main-Memory
DatabaseSystem.Note that, althoughthe datais memory
resident,mary costsof a full-featureddBmMS remain, in-
cluding locking, latching, supportfor multiple datatypes,
null handling,etc.

The executionenginehasbeenbuilt to sene asa gen-
eralin-memoryrelationalquery-executionengine,aswell
asthe executionenginefor ROLEX. The enginehandles
avariety of join techniquesgroup-byandaggreyates,and
thematerializatioroptionsdiscussedn Section5.3.
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Figure9: Performanceof plans  through  asafunc-
tion of navigationprobability for theview queryin Figure 8

7.2 Experimental Setting

In ourexperimentsplansweregeneratedby theROLEX op-
timizer, andexecutedon a SunUltra 60 with two 295MHz
CPUSrunningSUNOS 5.7. Theschemads asshavn in Fig-
ure 2, with recordsizesandtuple cardinalitiesasgivenin
Table 1. Thoughthe databasés entirely residentin RAM
thebiggertablesaresigni cantly largerthancpu cache.

Presentlythe bom interfacelayer hasbeendeveloped
only asaproof-of-concepindependentf theexecutionen-
gine. Thus,for theseexperimentsa driver washbuilt onthe
executionengineto simulateanin-orderscanthatobeys a
setof navigation probabilities— thatis, a schemachild of
a nodeis visited only if the probability speci ed for that
child is metby arandomtest. As aresult,re-traversalcost
of already-computetkesultsis not measured.

7.3 Impact of Navigation Pro les

We obsenethat, within the parametersf our systemgen-
eratinganexecutionplanfor all probabilitiessetto 1.0most
closely approximatesa plan optimizedfor documentex-
port. Similarly, a plan optimizedfor low (but non-zero)
probabilitiesat nodeslower in the tree most closely ap-
proximategsheheuristicof attachingall child plansto their
parentshy outerjoins. The generalapproachof our exper
imentsis to comparehesewo “extreme”plansto the plan
choserby theROLEX optimizer, acrossarangeof probabil-
ities, with our contentiorbeingthatneither‘extreme”plan
performswell acrosgherange.

In our rst experiment,we considerthe view query
shawvn in Figure 8. For this view query the ROLEX op-
timizer nds three optimal plans( ,and ) as
the navigation probability is varied from to and
estimateghat they are optimal in the ranges

, and , respectiely. Due to lack of
spacewe do not show the plansm this paper The actual
performancef eachof theseplansasafunctionof naviga-
tion probabilityis shavnin Figure9. The gure shavsthat
thethreeplans , ,and actuallyareoptimalin the
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Figure10: Numberof plansfrom navigationpro les

ranges , ,and , respectiely. The
high-probability plan is the decorrelatedlan, wherethe
qgueryof the<avail> nodeis re-writtento do a join with
thequeryof the<hotel> node.Thisjoin is evaluatedonly
once;the rst time ary <avail> nodeis visited. Hence
the high costof plan at low probabilities. Execution
time of theplan , whichis optimalatlow probabilities,
grows linearly with increasingprobability, andexecutesn

seconddgor a probabilityof . Thisis not shavn in
Figure9. Theerrorin the probability cutoff, attributedto
cost-modelvariancesJeadsto a 5% to 15% sub-optimal
execution.

However, Figure9 emphasizeshat thereexist distinct
optimalplansfor differentregionsof the probabilityspace.
The experimentalresults con rm that executing a plan
optimizedfor very low probability valuessuchas is
highly sub-optimalat high probability valuesand vice-
versa. Sincethe plan for probability of corresponds,
in our model,to the scenarioof full documentexport, we
concludethat suchplansare sub-optimalat the lower end
of the navigationprobability spectrum.

7.4 Number of PlansGenerated

As seenin the above experiment,relatively few plansare
generateddy varying the navigational pro le on a small
guery So,in our next experiment,we shov how the num-
ber of plansfound changessthe compleity of the query
increaseskor this, we variedthe navigationalprobabilities
of asetof nodesn theview queryof Figure3, while keep-
ing the othernodesat probability ~ (or ). At eachin-

stanceof theseprobabilities,we optimizedthe view query
in ROLEX, andthereaftercountedthe numberof different
plansobtained. The resultsof this experiment,whenthe
probability of the othernodeswvaskeptat , areshovnin

Figure10. Similar resultswereseenwhenthe probabilities
of theothernodesweresetat 0.

In this gure, the binding variables shovn in Fig-
ure 3 are usedto indicate which navigational probabili-
ties are being varied. For example, we varied the prob-
abilities of exploring <hotel> , <confstat>  and <ho-
tel _available> , andthe resultis labeledas“h-s-a” in
Figurel10. Theprobabilitieswerevariedsuchthatthenum-
berof visits to anodefrom its parentrangedexponentially
from , Where is the maximumnumberof
visits (probability ). Sincewe variedthe probabilitiesof
5 nodesabout3200samplesveregenerated.

From this experiment,we seethat the numberof dis-
tinct executionplansgeneratedor a givenview querycan
be large. For Figure 3, we found 43 differentplanswhen
we variedthe navigationalpro les of all the5 nodes.The
experimentdemonstrateshat mary distinct planscan be
generatedvhenjust afew probabilitiesarevaried. For ex-
ample,whenthenavigationalpro le of only <hotel> was
varied, we got upto 6 differentexecutionplans. This ex-
perimentsupportsthe ideathat, as view queriesbecome
compl&, optimizing for speci ¢ navigationalpro les will
becomancreasinglyimportant.

7.5 The Virtual-DOM Approach

In our nal experimentwe deviatefrom ourfocusonquery
optimizationandusethe ROLEX prototypeto evaluatethe
potentialof thevirtual boMm approacho competewith ap-
plicationcachesf XML data.In particulay we compareghe
time takenfor executionandtraveisal of aROLEX queryto
thetime takento parsethe resultof the samequeryin the
mostmatureC++ XML parseravailablethatsupportsoom,
XercesV1.6 [26]. To performthis experiment,we usea
lessselectve versionof the view queryshown in Figure8
(thedatecutoff is changedo “10/05/02") sothatlargerre-
sults can be obtained. We vary the navigation probabil-
ity asin the rst experimentto vary the size of the result
(from about2000elementdo 125386elements)andpro-
ducea le containingtheseelementdor parsing.Further
more,for eachtuplereturnedwe includeonly the RowiID
of thetuplein the outputelementasthe parsewould take
longerfor additionalattributesor subelementin the out-
put. The parsemwascompiledin its “optimized” mode,the
nativetranscodewasusedandno bTD-validationwasper
formed.We usedboththetraditionalbom implementation
andnewer“IDOM” variantprovidedby Xerces.Theresults
of this experimentareshawvn in Figurel1.

Since this experiment comparestwo very dissimilar
actiities, parsingand query execution, ne conclusions
shouldnot be drawn from the results.Our conclusionsare
simple: 1) ROLEX is a viable alternative to cachingxmL

les in theapplication-tieand?2) thevirtual boM approach
is likely to dominatethe performancef xML middlevare
supportingonly an xmML text interface. Of course the ap-
plicationcanconsideicachingtheirdocumentsismemory-
residentbom objectswhich canbetraversedvery quickly.
We planto comparethe in-memoryperformanceof bom
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Figure1l: ROLEX vs.parsingof view queryin Figure 8

to retraversalof anevaluatedqueryin future work, but an-
ticipatethatbom-lik e pointerstructuresnight berequired
to matchthis performance.Finally, we notethat complex

(e.g.,aggreyate)querieswith small output can always be
constructedsuchthat query executionwould be arbitrar

ily worsethanparsing(but ROLEX will not necessarilyoe
worsethan middlevare solutionswhich alsoneedto exe-
cutethequery).However, suchqueriesaretypically partof

oLAP workloadsnotthe oL TP workloadsat which ROLEX

is targeted.

8 RelatedWork

This work is closelyrelatedto previous work on publish-
ing relationaldataasxmL views[5, 9]. Thesemiddleware
systemsproposea view-de nition languageto specifythe
mappingbetwenxML and relational data, and compose
applicationquerieswith the view de nition, a modelthat
we have adaptedn ROLEX. In termsof the schema-tree
notation,thesemiddlewvare systemgransformapplication
gueriesinto sQL queriesusingouterunionsamongthetag
gueriescorrespondindo sibling nodesin the schema-tree
and outer joins betweenqueriescorrespondingo parent
andchild nodes.The optimizationof this queryis thenleft
to the underlyingdatabaseptimizer andthetuple stream
obtainedastheoutputof thequeryis taggedo producethe
XML resultdocument.

Our approachdiffers substantiallyfrom [5, 9]. First,
the resultsproducedby the abore middlevaresystemsal-
mostinvariably requireparsingby the applicationandare
cachedy theapplication.In theROLEX approachsupport
for virtual bom eliminatesthe needfor taggingand pars-
ing, andhasthe potentialof providing databaseonsistent
views of the datamoreeasily Secondthesesystemsas-
sumethattheresultof the queryis outputin full anddo not
considemBMS mechanism$o supportnavigationoverthe
outputdocument. In our approachthe optimizeris cog-
nizantof navigation pro les, and the optimizedplan has
lower expectedresourcautilization.

In [10], the authorspresentan optimizationmodelfor
declaratvely speci ed web-sites. This work conceptual-

izes a web-siteas a graph, and associatesa parametric
guerywith eacharc. It modelsthe probability distribution
of reachingeachnode,and the conditionalprobability of
traversalof anarcgiventhatthe parenthasbeentraversed.
While from a differentdomain,their work bearson trans-
forming and optimizing XxML-view queries,and like our
work modelsnavigation probabilities. However, the sys-
tem describedn [10] is built outsidethe bBMS andbased
on heuristicsthusit doesnotde ne anoptimizationspace.

Virtual mediators(or informationintegratorsover het-
erogenousbaclends) proposedin [17] translate client
navigation into navigations on lower-level mediatorsor
wrappedsources. This can be thoughtof as the client-
side counterparbf the virtual bom mechanisndiscussed
in the paper A major distinction of our work from [17]
is thatthey focuson lazy execution(ratherthanoptimiza-
tion) for heterogeneousourceswhile we optimize XML-
view queriesagainstlocal relational data taking naviga-
tional pro les into account.In [1, 7], XML documentsare
mappedo anobject-orientedlatamodel,andthe bowm in-
terfaceis directly supportedby the databasewhich pro-
vides persistencetransactionsjndexing, etc. However,
thesesystemslo not provide relationalinteroperabilityand
do not optimizequeriesfor navigationalpro les.

9 Conclusionand Futur e Work

Increasingly relational databasessupport simultaneous
“OLTP" acceswia sQL and XML interfaces. ROLEX pro-
videsanovel approacho resolvingthis duality by offering
the ability to accesdive, non-materializedkmL views of
relationaldata, directly and ef ciently, througha naviga-
ble virtual bom interface. As a result, the systemavoids
the overheadof taggingand parsingthatlimits the perfor
manceof existing middlewaresystems.

Throughits supportfor navigationalaccessROLEX is
ableto returnbom subtreedazily asthe applicationex-
ecutes. Further ROLEX acceptsa navigationalpro le as-
sociatedwith a view queryandusesthis pro le in a cost-
basedoptimizerto choosea best-costnavigationalquery
plan. The novel optimizationplan-spacéncludesa variety
of correlatecanddecorrelate@xecutionsof eachsubquery
using VOLCANO's common sub-epressiondetectionto
preventa blow-up in optimizationcomplexity. Further the
optimizeraggressiely materializesub-epressiongcross
repeatectalls, andthis is re ected in our cost modelfor
deeplynested navigable, correlatedqueries. The current
ROLEX systenprototypewasusedn anexperimentabktudy
to shaw thataccountingfor navigation canleadto far bet-
ter plansthanassumindull materializationandthatplans
optimizedfor a given probability work reasonablyvell at
“nearby” probabilities.We alsoevaluatechow navigational
pro les interactedwith query-treecomplexity by optimiz-
ing a morecomplec queryover alarge spaceof suchpro-
les. As probabilitieswere varied along more edges the
numberof “best” plansfound by the optimizergrew sub-
stantially suggestinghattheimportanceof optimizingfor
navigationwill grow alongwith thecompleity of XML ap-



plications.

Althoughthefocusof this paperis on optimizationand
performancethe ROLEX architecturéhasotherbene tsas
well — bene ts to be exploited fully aspart of future re-
search.Most notevorthy amongtheseis the ability to fa-
cilitate the maintenancef dataconsisteng despiteaccess
by bothrelationalandxML applicationgto the data. Since
ROLEX views referencehe relationaldataitself, the con-
curreng control of the relationaldatabasesystemcan be
employedto enforcewhateverisolationlevel is deemedap-
propriatefor the application.Any updateggeneratedby an
applicationusinganxmL view facethe semantidssuesof
view updatethatfaceary relationalsystem,but avoid the
data-curreng problemsthat arisein currentcache-based
XML-publishing systems. In additionto addressingup-
dateconsisteng, we planto address) morecomple nav-
igational pro les, 2) multi-query optimizationstratgy in
complex XML views, and3) the potentialbene ts of push-
ing functionality from an XsLT processomorking on the
ROLEX virtual DOM interfaceinto the queryengine.

Finally, initial experimentatesultscomparingexecution
of ROLEX queriesto parsingthe resultsof thosequeries
from xML showv that ROLEX hasthe ability to eliminate
cachesf xML datadravn from the DBMS by supporting
optimizedviews. In doing this, ROLEX hasthe potential
to bring databasg¢echnologyto thefront-line of electronic-
commercamplementations.
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