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Abstract

An increasingnumberof applicationsuse XML
data publishedfrom relational databases. For
speedand convenience,such applicationsrou-
tinely cachethis XML data locally and access
it through standardnavigational interfacessuch
asDOM, sacri�cing the consistency andintegrity
guaranteesprovided by a DBMS for speed. The
ROLEX systemis beingbuilt to extendthecapabil-
ities of relationaldatabasesystemsto deliver fast,
consistentandnavigableXML views of relational
datato anapplicationvia avirtual DOM interface.
This interfacetranslatesnavigationoperationson
aDOM treeinto execution-planactions,allowinga
spectrumof possibilitiesfor lazy materialization.
The ROLEX queryoptimizerusesa characteriza-
tion of thenavigationbehavior of anapplication,
and optimizesview queriesto minimize the ex-
pectedcostof thatnavigation.Thispaperpresents
the architectureof ROLEX, including its model
of queryexecutionand the queryoptimizer. We
demonstratewith a performancestudytheadvan-
tagesof the ROLEX approachandthe importance
of optimizingqueryexecutionfor navigation.

1 Intr oduction

XML hasgainedwidespreadpopularityasastandardfor in-
formationrepresentationandexchange.Infrastructuresoft-
warefor businesshubs,supply-chainintegration,andcata-
log managementall useXML encodings.Standardsbod-
ies for businessdataexchange,suchas RosettaNet[21]
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andOasis-Open[18], areextremelyactive. The result is
a tremendousfocuson incorporatingsupportfor XML in
application-developmentanddata-managementtools.

In somecases,an XML-basedapplicationmay be de-
velopedfrom scratch,andperhapsrequirea storagefacil-
ity for XML documents[3, 25]. However, in most cases
the XML-basedapplicationmust interoperate with exist-
ing SQL-centric applications. In the typical “shred-and-
publish”approachto interoperation,incomingXML datais
parsed(shredded)into relationaltablesandoutgoingdata
is extractedby SQL enginesandthenformatted(published)
asXML. For example,a databasesupportinganSQL-based
hotel-reservationapplicationmayalsobecalledon to sup-
port a web-site,or to exchangeXML with a third party
“hub” for thetravel industry.

Maintaining the mappingbetweenthe relational data
sourceandtheassociatedXML documentsis complex and
error-prone. Fortunately, recently-developedmiddleware
systemsfor XML publishing [5, 8] greatly easethis task
by providing a declarative languagein which a view query
speci�es the desiredmapping. The view query is trans-
latedby themiddlewareinto oneor moreSQL queriesfor
executionon the underlyingDBMS, anda tagger process
constructsanXML documentfrom theresult.Furthermore,
commercialrelationaland object-relationaldatabasesare
becoming“ XML-enabled”[20] by integratingcertainmid-
dlewarefunctionality into the DBMS. This may entail, for
example,supportinga modi�ed SQL syntax that outputs
XML or allowing XPathqueriesagainstanXML view of the
database.

1.1 Cachingand the “Back-Room” DBMS

Application-cachingof databasedatais widespread,partic-
ularly in theweb-facingapplicationsthatXML middleware
systemsaredesignedto support.Datais cachedprimarily
for performance,andan experimentalstudyby Labrinidis
andRoussopoulos[16] of cachingwebdatabothin andout
of the DBMS illustratesthe problem. In almostevery ex-
periment,cachingoutsidethe DBMS offeredtwo orders of
magnitudebetterperformancethancachingwithin.
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Figure1: Publishingarchitectures(a) currentapproaches(b) ROLEX approach

While cachingmaysolve theperformanceproblem,the
applicationcacheis undesirablefor a numberof reasons.
First, multiple applicationsmusteachre-implementa por-
tion of the functionality provided by the DBMS. Second,
concurrency anddataintegrity amongthe cachesandthe
relational DBMS must be managedby the application(s).
This may leadto consistency problemswhentheunderly-
ing relationaldatais beingaccessedandupdatedby pre-
viously existing applications,while cachedcopiesof this
dataarebeingusedby e-businessapplications.Neverthe-
less,anecdotalevidenceagainindicatesthatthis tradeoff is
madefrequently, leaving the DBMS in the “back room”—
increasinglyisolatedfrom thebulk of webinteractions.

1.2 ROLEX SystemAr chitecture

ROLEX1 is a researchsystemfor XML-relationalinteroper-
ation[4]. In short,ROLEX seeksto provide thefunctional-
ity of XML-relationalmiddleware at the speedof cached
XML data. To achieve this, ROLEX is integratedtightly
with both the DBMS andtheapplication,asshown in Fig-
ure 1(b). However, the integration with the application
is through a standardinterface supportedby most XML
parsers,the DocumentObject Model (DOM) [14]. Thus,
in general,anapplicationneednot bemodi�ed to beused
with ROLEX. To supportour integration model and per-
formancegoals,ROLEX is built on theDataBlitz�

�

Main-
MemoryDatabaseSystem,allowing usto capitalizeonex-
tremelylow-latency accessto datawhile still providing ad-
vancedconcurrency controlandrecovery features[2]. We
expectROLEX, whenfully implemented,to beacompelling
platformwith thebestof two worlds: thespeedof cached
XML �les and the declarative datamanagementtools and
consistency guaranteesof theDBMS.

In particular, contrasttheROLEX architecture,shown in
Figure1(b) with that of standardXML-relationalmiddle-
ware shown in Figure 1(a). As shown, the resultsof a
ROLEX view queryareprovided to the applicationin the
form of a virtual DOM treeratherthanasa text document.
Simplyavoiding thecostof text generationandsubsequent
parsingis animportantbene�t of thisapproach.In fact,for

1ROLEX standsfor RelationalOn-L ine Exchangewith XML.

simplequeries,experimentalresultsin this paperdemon-
stratethat ROLEX canproducea fully traversedqueryan-
swer in lesstime than it would take merely to parsethat
answerfrom text form. While our systemis basedon a
particularmain-memorydatabasesystem,we expect the
modelcanbe usedwith any closely-coupledarchitecture,
includingdatabase-awarecaches[27].

In this paper, we focuson the ROLEX queryexecution
and optimization framework and on one critical way in
which we can capitalizeon the virtual result tree: opti-
mizing ourexecutionplanfor userandapplicationnaviga-
tion patterns. Thenavigationopportunitiesfor auseronan
SQL queryaretypically limited to theuseof bi-directional
cursors. However, XML views of relationaldatacan be
largeandcomplex, andevenconsideringa subsetof DOM
functionality, usernavigationontheresultis potentiallyfar
morecomplex andmorefrequentthanfor relationalresults.

1.3 Optimizing for Navigation

Whenqueryresultsarenavigable,patternsof accessto the
documenttreemaybeuser- or application-speci�c.Using
knowledgeof thesepatterns,the ROLEX query optimizer
selectsexecutionplans that are expectedto outperform,
during navigation, plansoptimizedto generatethe entire
document.

To illustrate,considera travel hubthatsupportstwo ap-
plications,roombrowsingandconventionplanning. The
browsing applicationlets usersexaminehotels in a spe-
ci�c metropolitanareafor anaccommodationmeetingtheir
requirements.In the convention-planningapplication,the
usertries to �nd a collectionof hotelswithin an areathat
satisfymultipleaggregatecriteria(suchastotal roomavail-
ability or conferenceroomcapacity).

Consider�rst thescenariowhereboththeseapplications
have beendevelopedusingan XML view thatconformsto
anindustry-standardschema.In thiscase,theroombrows-
ing applicationseldom,if ever, requeststhe information
in the treeabouta hotel's total conference-roomcapacity,
while in theconvention-planningapplication,this informa-
tion may be accessedfrequently. Clearly therefore,in the
room-browsing application,it would be desirablefor the



optimizer to usea lazy evaluationstrategy for retrieving
thesedata. ROLEX usesa navigationalpro�le to represent
theprobabilityof theapplicationnavigatingalongedgesin
theDOM tree.In theexampleapplication,wewouldexpect
the probability of navigating to a conferenceroom to be
almostzero. An optimizercognizantof navigationalpro-
�les is thusableto choosethe lazy evaluationstrategy, as
desired.

Alternatively, the XML view maybede�ned by theap-
plication itself. For example,anapplicationquerymaybe
“composed”with the view query to producea new view
query[9]. Suchviews conformcloselyto theactualneeds
of theapplication.Therefore,in thebrowsingapplication,
computationof the total conference-roomcapacitywould
be eliminatedby a well-written applicationview. One
might expect this to obviate the needfor a navigational
pro�le; however, this expectationturnsout to beincorrect.
For instance,in theroom-browsingscenario,a typical user
is likely to navigateto a few hotelsfrom the queryresult
that satisfycertainusercriteria. Therefore,useof a nav-
igationalpro�le canreduceresourceutilization, sincenot
all the queryresultsthat might be of interestareactually
accessed.If a view query usestwo relationsmetr oarea
andhotel , for example,a simplenavigationalpro�le may
be constructedby trackingthe fraction of hotelsaccessed
amongthosein thegivenmetropolitanareaacrossmultiple
previous invocationsof the application. If this fraction is
small, theoptimizermight chooseto implementthequery
usinga nested-loopjoin betweentheserelations. On the
otherhand,if this fraction is large,theoptimizermayma-
terializethe join betweentheserelationsinto a hashindex
that is usedto supportnavigation. We arguethatcomplex
view queriescontainmany suchtradeoffs; balancingthem
is partof theoptimizationspaceexploredby ROLEX.

In summary, navigationpro�les offer signi�cant oppor-
tunitiesfor optimizationof queryexecution,regardlessof
whetherthe XML view is de�ned by a standardor by the
application. In the absenceof supportfor navigation, an
applicationmusteitherrequestall datathat it mightneed,
or it mustsubmitmultiple, distinct queriesto the system.
Both casesresult in high processingoverhead.By taking
thenavigationalpro�le of theapplicationinto account,the
ROLEX approachoffers the promiseof reducedresource
utilizationandlower responsetime.

1.4 Contrib utions

The contributions of this paperare three-fold. First, we
describethe novel systemmodelof ROLEX andits query
modelingandexecutionframework. Second,we describe
themodi�cations madeto thedesignspaceandrule setof
a VOLCANO-style [13] rule-basedoptimizerto implement
optimizationof ROLEX view queries.Thesemodi�cations
include a new operatorrepresentingnavigation, a model
of decorrelationfor complex treequeries,anda new cost
modelthat takesinto accountthe application's navigation
pro�le. A critical result is that the integrationis straight-
forward and the impact on the optimizer is limited. Our

hotelc hain (chainid, companyname, hqstate)
metr oarea (metroid, metroname)
hotel (hotelid, hotelname, starrating, chain id

metro id, state id, city, pool, gym)
guestr oom (r id, rhotel id, roomnumber, type, rackrate)
confr oom (c id, chotel id, croomnumber, capacity, rackrate)
availability (a id, a r id, startdate, enddate, price)

Figure2: Hotel reservationschema

third contributionpertainsto optimizationfor theexpected
cost of navigating the result XML tree. In fact, we show
that optimizing for expectednavigation,even with a very
simplenavigationalpro�le, canimproveperformancesub-
stantiallywhentheapplicationor user's navigation�ts the
pro�le, andin mostcasesthis plan is robust if thenaviga-
tion is somewhatdifferentthanexpected.

1.5 Outline of the Paper

Theoutlineof theremainderof thepaperis asfollows. In
Section2, we introduceour runningexampleanddescribe
queriesandnavigationpro�les. In Section3 we introduce
thevirtual DOM treeandnavigablequeryplans.Section4
describesthespaceof decorrelationoptionsweconsider. In
Section5 we describehow a VOLCANO-styleoptimizeris
extendedto optimizeROLEX view-queries.Thecostmodel
usedby the ROLEX optimizer to accountfor navigational
pro�les is presentedin Section6. Experimentalresultsare
presentedin Section7. Relatedwork is discussedin Sec-
tion 8, followedby our conclusionanda discussionof fu-
turework in Section9.

2 Model for Queriesand Navigation

This section introduces the view queries acceptedby
ROLEX andpresentsour modelof navigationpro�les.

2.1 Schema-TreeQueries

In this section,we introduceview-query speci�cation in
ROLEX usingthe exampleshown in Figure3. This query
format,referredto asaschema-treequery, is meantto cap-
ture a rich setof XML view queries,andis adaptedfrom
theintermediatequeryrepresentationof [9]. Thisparticular
examplede�nesanXML view onthetablesof Figure2 that
supportsconferenceplanningby showing candidatehotels
alongwith informationaboutavailability of roomsin the
samemetroarea.

Eachnodein the schema-treequery includesa tag, a
tag query, anda bindingvariable. Eachtuple returnedby
the tag query becomesan elementin the resulting XML
document. Relationalattributescan be mappedto XML
attributesor subelements;however, thesedetailsare not
shown. Thebindingvariableassociatedwith anodeis used
in descendantnodesasatuplevariablerangingoverthere-
sultsof the tag query. For example,the top-level nodein
Figure3 hasthe tag <metro> and the tag query “

���

=
SELECT metroid, metroname FROM metr oarea .” (We sub-
script the tagquerywith thebindingvariable,in this case

���

.) Thisqueryde�nesa list of metropolitanareas,which



FROM    confroom
SELECT SUM(capacity)

AND   startdate =       .startdate

WHERE  chotel_id =      .hotelid

AND   enddate >= 2/1/01

<confstat>

<metro_available>

<hotel_available>

<hotel>

FROM    confroom
SELECT  *

AND    startdate <= 1/1/01

WHERE  chotel_id =     .hotelid

FROM     metroarea
SELECT metroid, metroname

WHERE  rhotel_id =      .hotelid
FROM     availability, guestroom

AND    a_r_id = r_id

<metro>

SELECT   *  FROM hotel

<confroom>

WHERE   metro_id =       .metroid
      AND  starrating > 4

SELECT  COUNT(a_id)

AND    enddate  >= 2/1/01

GROUP BY  startdate

SELECT  COUNT(a_id)

AND    a_r_id = r_id

FROM     availability, hotel, guestroom
WHERE   rhotel_id = hotelid

AND   metro_id =      .metroid

$h

m
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Figure3: An XML view queryand its associatedschema
tree

becomesiblingnodesin theresultingXML document,each
taggedwith the <metro> tag (a uniquedocumentroot is
implied). For simplicity of presentation,tagsandbinding
variablesareuniqueandmutually exclusive in this paper
(in general,tagscouldberepeated).

As mentionedabove, the binding variable for a node
maybeusedasaparameterwhenspecifyingtagqueriesof
descendantnodesin theschematree.Forexample,thevari-
able � associatedwith <metro> is usedasa parameterin
tagqueriesfor <hotel> and<metro available> to refer
to theattribute � .metroid. Tagqueriesmaybeparameter-
izedby zeroor moreparameters,associatedwith thesame
or differentbindingvariables.We referto thequerywhich
de�nes binding variable � as

�

�

�����	�
���
�������������
�

, where
�

�
���

�
�����������

�

are the binding variablesmentionedin the
bodyof

�

� .
The remainderof the view in Figure3 de�nes the fol-

lowing. Thetagquery,
���

�

�

�

for <hotel> is parameter-
izedby thetuplevariable� runningovermetropolitanar-
easandgivesa list of hotelsin thatmetropolitanarea.The
tag query,

���

�����

, for <hotel available> countsavail-
ableroomsat thegivenhotelin acertain�x edtimeperiod,
whereasthetagquery,

���

�

�

�
���

for <metro available>
countsthe total availableroomsin theentiremetropolitan
areafor thatsametime period. In separatebranchesof the
schema-tree,summaryanddetailinformationaboutconfer-
enceroomsis given by the nodeswith tags<confstat>
and<confroom> respectively.

<hotel_available>

<metro>

<hotel>

<metro_available>

<confroom>

<confstat>

0.1

1.0 0.2
0.1

0.2

Pr{hotel|metro}

Figure4: A samplenavigationalpro�le

2.2 Navigational Pro�le

As mentionedin the introduction,ROLEX usesa naviga-
tional pro�le for a user or applicationwhen optimizing
view-queryplans.While navigationalpro�les can,in prin-
ciple, be quitecomplex, we currentlyadopta very simple
model. If � is a nodein the schematree with parent� ,
the navigation pro�le stores ���

�

�! � � , or the probability
thatsomenodein theDOM treegeneratedby � will bevis-
ited giventhat its parent,generatedby � , hasbeenvisited.
Onesimplewayto estimatethisprobabilityis by collecting
the correspondingstatisticat eachschema-treenodedur-
ing applicationnavigation. Explorationof moresophisti-
catednavigationpro�les thatmight, for example,consider
datavaluesor navigationorder, areleft asfuturework. An
examplenavigationalpro�le for the query of Figure 3 is
shown in Figure4.

3 Virtual DOM

An application using ROLEX accessesdata through a
standardinterface called the Document Object Model
(DOM) [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 DOM interfaceto
an XML view querysupportsall the DOM operationsand
behavesasif theuserwerenavigating the XML document
resultingfrom the query. For example,this might be ac-
complishedby navigatingthequeryresultsandbuilding a
DOM tree.A virtual DOM treegoesastepfurtherby provid-
ing the sameinterfacewithout creatingthe physicalDOM
tree. A navigablequeryplan, which we describenext, is
the mechanismusedby ROLEX to supporta virtual DOM
tree.

A navigablequeryplanprovides,for eachnode� in the
schematreeof aview query, two entities:(1) asubplanfor
evaluatingthetagqueryfor � , and(2) a navigationindex,

"$#&%

. Thenavigationindex servesto materializetheoutput
of thetagqueryandsupportsef�cient lookupbasedonpa-
rametervalues.The subplanmay populatethe navigation
index lazily or eagerlyasdecidedby theoptimizer, andit
mayalsomaterializeresultsto beusedby othersubplans.

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



procedurenav-to-child(� )
begin
Assumetagqueryfor � is

�

��� �	�����
�����������	���

1. Extractparametervaluesfor
� �	�����
�����������	�

from
currenttuplesof � 's ancestornodes

2. Search
" #��

for
� � �
� � ����������� �

parametervalues
3. if not foundthen
4. Use

� � ��� � ������� ��� �

to initialize thesubplanfor �

5. Add resultsof planto
"$#��

6. endif
7. Use

" #��

to supportsiblingnavigation
end

Figure5: Navigationfromparentto child node �

pointerto anentryin theindex, thesuccessorandpredeces-
sormatchingthesamekey valuecanbereachedef�ciently ,
and (2) the index can recordthe fact that certainparam-
etersproducedemptyresults. Thesecapabilitiesallow us
to supportDOM tree operationson the schema-treeview
withoutexplicitly generatingthedocument;effectively im-
plementinga virtual DOM interface. For example,the ac-
tionstakenon navigationfrom a parentto a child nodeare
givenaspseudo-codein Figure5. Althoughnot shown in
the pseudo-code,if the subplanis pipelined,resultsfrom
thesubplancanbematerializedinto

" #
�

lazily duringuser
navigation. Thoughit might be bene�cial to continueex-
ecutingthe queryplan “ahead”of the userwhile waiting
for the next DOM-traversalstep,we do not considersuch
“speculative” executionin this paper.

4 The Decorrelation Plan Space

Decorrelationhasbeenstudiedin the context of generat-
ing equivalent executionsfor correlatedSQL queriesin
[6, 11, 15, 24]. In all previous work of which we are
aware,plansaredecorrelatedwhenpossibleon theheuris-
tic assumptionthat the decorrelatedexecutioncanbe op-
timizedbetter. On thecontraryin ROLEX, whenthenavi-
gationpro�le indicatesthata nodewill seldombevisited,
correlatedexecutionmaybepreferred.Varioussubsetsof
tag queriesmay be decorrelated,and the navigation pro-
�les for which eachis optimal obviously dependson the
queries,databasestructures,andstatistics.In this section,
we discusshow we usestandarddecorrelationtransforma-
tions to generatea spaceof equivalentplansfor schema-
treequeries.While thesetransformationsareimplemented
at theplanlevel, they aremoreeasilydescribedat theSQL
level, theapproachtakenin thissection.Theembeddingof
this plan-spacein a VOLCANO-styleoptimizeris discussed
in thenext section.

4.1 Single-Parameter Decorrelation

In thissection,wedescribethebasictransformationusedto
decorrelateasingleparameterfrom anodequery. Consider
a tagquery,

�

�

��� �

, which de�nes thevariable� andhasa
singleparameter

�

andtakesthefollowing form:

procedurenav-to-child-dec(� )
begin
Assumetagqueryfor � is

�

��� �	�����
�����������	���

Assumedecorrelatedplanfor � is
���	�
����
�
�
 ���

��� �

,
where

��� �����
� � ���������
� ��� �

maybeempty
1. Extractparametervaluesfor

� � ��� � ����������� ���

from
currenttuplesof � 's ancestornodes

2. Search
" #��

for
� � �
� � ����������� �

parametervalues
3. if not foundthen
4. Use

���
� � ������� ��� � �

to initialize thesubplanfor �

5. Add resultsof planto
"$#��

6. endif
7. Use

" #��

to supportsiblingnavigation
end

Figure6: Navigationto child � , with decorrelatedplan

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

where
�

is de�ned by an ancestortag query,
���

. We de-
noteby

�

�

� thequerycorrespondingto
�

�

��� �

thathasbeen
decorrelatedwith respectto

�
�

.
�

�

� is de�ned by thefol-
lowing SQL query:

SELECT select-list FROM from-list, ��� astemp
WHERE new-preds-list GROUP BY group-by-list
HAVING new-having-list ORDER BY sort-list

where the list of relations in the FROM clauseincludes
the de�nition of the query

�
�

renamedasa new relation
temp . We obtainnew-preds-listandnew-having-listfrom
their previous counterpartsby replacingeachoccurrence
of the parameter

�

by temp . Note that if the query
�

�

hada parameter , i.e.,
�

�

�

 

�

, thentheabovedecorrelated
querywould alsobeparametrizedby  , thatis

�

�

�

�

 

�

. The
decorrelatedquery

�

�

�

�

 

�

canthenbedecorrelatedfurther
to eliminatetheparameter andtherebyobtain

�

��!

� . Each
of thesedecorrelatedqueriesmaybeacandidatefor further
querytransformationslike thosedescribedin [15]. Since
thesetransformationsarestandardin theliteratureonquery
processing,wedonotpresentdetailshere.

4.2 Multi-P arameter Decorrelation

The extensionof the techniqueabove to tag querieswith
multiple parametersis straightforward. Considera tag
query

�

�

���
�

�
�
�

������� �
�
�

�

, parameterizedby " bindingvari-
ables,

�
�

���
�

������� ���
�

. The idea is to treat
�

� as a query
with a singleparameter, correspondingto thebindingvari-
ablefor the schema-treenodethat is lowest, or closestto

�

� , in the tree. We decorrelatethis queryto remove one
variable,say

�$#

, andpossiblyaddseveral more; however,
thesevariablesarede�ned higher in the treethan

�%#

. We
continuethis processuntil a fully decorrelatedqueryis ob-
tained. The decorrelation spacefor

�

�

�������
��� ���������
�	���

is
the setof queriesobtainedduring this process.In the ex-
ampleshown in Figure 3, the <metro availability>
tag query,

�

�

��& �

�

�

, hastwo parameters,
&

.startdate and
� .metroid. Basedon this discussion,the decorrelation



spacefor
�

�

��& �

�

�

is
�

�

�

��& �

�

�

,
�

�

�

��� �

�

�

,
�

�

�

�

�

�

�

,
�

�

�

�

�

���

� .
When the �nal plan chosento implementa node,say

� , is not completelydecorrelated,thentheparametersused
to initialize theplandiffer from thoseusedasa key for � 's
navigationindex,

" # �

. A modi�ed versionof thealgorithm
givenin Figure5 thathandlesthiscaseisshownin Figure6.

4.3 The Upsand Downsof Decorrelation

Typically the resultof a decorrelationstepis the elimina-
tion of thesubquery. As notedabove,ROLEX deviatesfrom
this by retaining the correlatedsubplan,since it may be
betterto usethe correlatedsubplanfor nodeswith lower
navigationprobabilities.However, thereis a morestriking
differencein the ROLEX approach:asseenabove, the re-
sultof adecorrelationstepin ROLEX is to replacethechild
plan,while leaving theparentplanintact.Whenviewedin
thecontext of a schema-treequery, this transformationis a
“down” decorrelation,sincepartsof queriesalwaysmove
down thetree,asopposedto the“up” decorrelationwhich
is standard.

An obvious drawbackof this approachis duplication;
for example,a complicatedexpressionneartheroot of the
treemay be duplicatedin a numberof leaf nodes,dueto
“down” decorrelation.However, this problemis alleviated
by threefactors.First, a signi�cant simplicity arisesfrom
thefact thatwe do not needtransformationsfor outer-join
operations. Second,theresultingsizeof thedecorrelation
spacefor “down” decorrelationis nolargerthanthenumber
of nodesin the treetimestheheightof the tree,while the
numberof possible“up” plansis exponentialin thenumber
of nodesin the tree(sinceany subsetof the childrenof a
nodecanbe decorrelatedwith it). The third advantageof
performing“down” decorrelationis anartifactof theopti-
mizer [22] we areextending.Sincethatoptimizerwasde-
signedfor multi-queryoptimization,it is particularlygood
at factoringthecommonexpressionsgeneratedby “down”
decorrelation.

5 Optimizing NavigableQuery Plans

The ROLEX queryoptimizeris built on top of a rule-based
queryoptimizerdesignedfor multi-queryoptimization[22]
that implementsmany of the featuresof VOLCANO [13].
ROLEX could alternatively employ a bottom-upapproach
asin [23] but we do not considerthatpossibility here. In
this section,we review the VOLCANO datastructures,de-
scribehow the ROLEX plan spaceis implementedin this
frameworkanddiscussourmaterializationstrategy for sub-
plans.

5.1 The VOLCANO AND-OR DAG

In the VOLCANO AND-OR DAG, eachOR node(alsocalled
an equivalenceclass)representsalternative ways to eval-
uatea subexpression,say

�

, of the original SQL query.
EachOR nodehasoneor moreAND nodechildren,where
eachchild representsthetop relational-algebraoperatorof
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Figure7: Virtual DOM AND-OR nodes

a subplanimplementing
�

. For example,if an OR node
represents�������	� , it may have two join-operator
children,one,say 


�

representingthe join between� and
�

�����

�

and the other, say 


�

representingthe join be-
tween

�

�
���

�

and � . The childrenof AND nodesare,
in turn, the OR nodescorrespondingto the subqueriesof
its operands.For example,the 


�

operatorin theaboveex-
amplehasanOR-nodechild representingdifferentwaysof
computing

�

�����

�

.
Commonsubexpressionsappearoncein the DAG struc-

ture; for example,all operatorswith aninput equivalentto
��������� point to a singleequivalenceclassfor this
expression.At anabstractlevel, theoptimizationproceeds
asfollows: onceall thelogical transformationrulesareap-
plied to expandthe DAG (e.g. join reordering),a branch-
prunepassis madeto �nd, in abottom-upmanner, thebest
(cheapest)physicalexecutionstrategy for eachAND node,
andby extension,the OR nodewith which it is associated.
For moredetails,see[22].

5.2 Logical Operators for Navigation

To representour executionspace,we add two new types
of nodes,an OR nodecalledthe virtual-DOM equivalence
class, andan AND nodecalledthe virtual-DOM operator.
We explain the function of thesenew nodeswith the ex-
ampleDAG shown in Figure7. This �gure shows a por-
tion of the AND-OR DAG representingthe decorrelation
spaceof the schema-treequery from Figure 3. We as-
sociatea virtual-DOM equivalenceclass,say

���
%

, with
eachschema-treenode � , to representdecorrelationalter-



natives. For example,thenodelabeled
���

�

is theequiv-
alenceclassfor the decorrelationspaceof

� �

�����

, the tag
queryfor the <hotel available> node. Eachchild, �

�

(labeled“
&

” in Figure7) of
���

�

is avirtual-DOM operator
implementingonedecorrelationstrategy for that schema-
treenode.During planexecution,theseoperatorsperform
the nav-to-child-dec procedurefrom Figure6. The �rst
(leftmost) input of a virtual-DOM operator�

%

, is the OR-
nodeof the relationalsubplanfor node � . The remaining
inputsarevirtual-DOM equivalenceclassesthatcorrespond
to the childrenof the schema-treenode � in the schema-
treequery. Theseedgesrepresentthenavigationoptionsof
theapplicationquery.

Thefact that the VOLCANO DAG structureconsolidates
commonsubexpressionsensuresef�cient optimizationof
the ROLEX decorrelationplanspace.In particular, whena
query

�

�

��� �

is decorrelatedwith
�

�

�

 

�

to produce
�

�

�

�

 

�

,
the entire subplanfor

�

�

�

 

�

is included in the plan for
�

�

�

�

 

�

. This is shown in Figure7 by theedgelabeled“sub-
plansharing.” Of course,asthelogicalDAG isexpandedby
othertransformationrules,theplanfor

�

�

�

�

 

�

explores,for
example,join ordersnot usablein the

�

�

�

 

�

plan. How-
ever, thosesubplansin commonaresharedandoptimized
once.

5.3 Opportunistic Materialization

Eachequivalencenodeandoperator(not just virtual-DOM
nodes)is labeledby thesetof parametersthatappearin the
DAG rootedat thatnode.We usethis informationto mate-
rialize subplansopportunistically, so thata givenphysical
operatoris executedonly asmany timesasrequiredby its
bindings. In particular, we mark asmaterializedany op-
eratorwhoseparentparameterset is a propersupersetof
its parameterset. This subplanis re-initializedwhenever
a bindingvariablein its parameterlist changes.Note that
this followstheapproachtakenin [19] in whichsubexpres-
sionswith exactly zerobindingsare executedonly once.
Wegeneralizethisto materializeattheappropriatelevel for
the bindingspresent.For example,selectionon hotel for
aparticular� .metroid appearingin thesubplanfor

�

�

�

�

�

�

in Figure7 is executedexactly oncefor eachmetroarea,
ratherthanoncefor each<hotel available> node.

6 Cost Estimation
SinceROLEX explicitly considersa spaceof bothcorrela-
tion and decorrelationoptions,as opposedto attempting
to maximizethe amountof decorrelation,it is important
to costcomplex correlatedplanswith reasonableaccuracy,
including the “opportunisticmaterialization”discussedin
Section5.3.

Thissectionshowshow weestimatethekey components
of ourcostmodel:(1) thenumberof visitsto anodeand(2)
thenumberof tuplesproducedby suchavisit. Thenumber
of visits to anodeis somewhatcomplex to computesinceit
dependson thenumberof uniquevaluesgeneratedfor the
node'sparametersduringtheexecution.In ROLEX, thecost
for eachnoderepresentstheestimatedcontribution of that

nodeto the total costof the usernavigation. A nodethat
containsa parametermaybeexecutedmultiple times,and
thecostof thatnodeincludestheexpectednumberof exe-
cutions,thecostto materializetheseexecutionsif needed,
andthecostto usethematerializedversionstheappropriate
numberof times.

Thecostmodelpresentedin thissectionis implemented
by extending the cost model of a traditional SQL opti-
mizer and additionally usesinformation aboutfunctional
dependency andforeign-key constraintsover the database
to make estimationsmore accurate[12]. Extendingthe
model to handlenavigation pro�les is accomplishedrela-
tively easily, supportingthe claim that traditional query-
optimizationtechniquescanbemodi�ed easilyto optimize
for navigationalpro�les.

6.1 Estimating Schema-TreeStatistics

Two basic componentsof our cost model for schema-
tree nodesand their associatedtag queriesare visits and
unit-size. The expectedunit size of a node � , denoted

�������
	��

�

�

�

is the expectednumber of tuples produced
by a single “unit” call to � 's tag query with represen-
tative parametervalues. This number is estimatedus-
ing traditionalsizeestimationtechniquesfor SQL queries.
For example,considerthe tag query

�
�

, associatedwith

�������� in Figure 3. Using the cardinalitiesof Table 1,

�������
	��

�


��������

� �

�������
	��

�

�
�

� �����

. And similarly,
if we assumea) uniform distribution of hotelsin themetro
areas,and b) the star ratingsfor hotels(hotel .starrating)
rangeuniformly from � to � (henceour query has 0.5
selectivity),

����� �
	��

�"!

������#

� �

�������
	��

�

�
�

�

�

�
� �

�

�

�$����%��$� �'&(� � � �

�

�

. (While the discussionand ex-
amplesassumeuniformdistribution for simplicity, thecost
modelin thissectiongeneralizesin a straightforwardman-
ner to usehistograminformationif available.) We de�ne

�������
	��

�*),+�+.-
� �

� where
)/+0+�-

is the implied root of the
schema-treequery. We overload

�������
	��

to the �elds that
appearin theoutputof a queryasfollows: if �d is a �eld
in theoutputof thequeryatnode� , then

����� �
	0�

�2143 �

�

�

is
theexpectednumberof distinctvaluesof �d resultingfrom
a singlecall to � .

��5��76

�

�

�

denotesthe expectednumberof “visits” to
node � during a traversalthatobeys the navigationalpro-
�le. If all probabilitiesin the navigational pro�le are 1,

��5��76

�

�

�

correspondsto thenumberof DOM nodesgener-
atedby � in a full resultdocument.If �

�

�

�

is theparentof
� , we calculate

�85��76

�

�

�

recursively as:
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That is,
��5��76

�

�

�

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
a visit to � . In our example,

�85��76

�2!

������#

� �a�$�

(once
for each 
�������� ) if navigation probabilitiesare all 1, but



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

Table1: TableCardinalitiesfor ExperimentalQueries

given the navigation pro�le shown in Figure4, in which
�

) �_!

������#

 


��������

�

� � ���

,
��5��76

�2!

�$����#

�

would beonly
�

�

. Note that
�85��76

�

�

�

estimatesthe numberof lookups
madeto thenavigationindex for � .

6.2 Binding Variablesand Parameters

Since the navigation index ensuresthat a subplanis not
called with duplicateparameters,the numberof unique
parameterbindings seen at a node � is the expected
unique calls of the subplanfor � , which we denoteas

�����4�����
	��
�X6

�

�

�

. Considerthe 
�������� �������$#�����#�� nodein
Figure3. The queryfor this node,

���

��&��

�

�

, is parame-
terizedby � .metroid and

&

.startdate. We needto estimate
thenumberof unique( � .metroid,

&

.startdate) pairsthatwe
expectwill beseenat the 
��$����� �������$#�����#�� nodein order
to estimate

�����4������	��
�X6

�


�������� �������$#����4#��

�

.
In some cases, like the

!

������# node of Figure 3,
�����4�����
	��
�X6

�

�

� �

��5��76

�

�

�

. Since
�

) �_!

������#

 


��������

�

� � � �

in the navigational pro�le shown in
Figure 4, we can estimatethat

�����4������	��
�X6

�"!

������#

� �

�

�

, and we say that �

�

unique 
�������� .metroid val-
ues are “visible” at

!

������# . However, in general,
�����4�����
	��
�X6

�

�

�

and
��5��76

�

�

�

numberscandiffer; for ex-
ample,

������������	��
�]6

�


 ������� ��������#�����#��

�

hasfar morevis-
its thanuniquecallssinceit dependson themetroareaand
thestartdateandthusits contentsmaybethesamefor sev-
eralhotelsin thatmetroarea.

In orderto compute
�����4������	��
�X6

, weneedtwo auxiliary
statistics�

5

and
����������� �
���

. For a virtual DOM node
&

,
�

5

�"143 � & �

is an upperboundof the expectednumberof
distinctvaluesof

143

producedby thequeryat node
&

over
all visits to that node. Sincewe assumehotel .starrating
range uniformly from � to � in our running example,

�

5

�! #"%$�&'&($)"�*,+.- �R!

������#

�

is / (0.5 selectivity). And since
0.1

"#2�3 * 3

is thekey for hotel , we get �

5

�

0.1

"#2�3 * 3 �*!

������#

� �

�

���$��& � �X��� �����

.
�����4���4� �
�5�

�

�

� 143 �

�

�

is the estimatednumberof dis-
tinct bindings(or values)that the parameter�

� 143

takesat
a node � , giventhat � is de�ned at node

&

and � is either
&

or a descendantof
&

. Thecalculationfor
�����4���4� �
�5�

is
de�ned recursively asfollows:
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otherwise

where�

�

�

�

is theparentnodeof � . In the �

� &

clause,
we estimatethe valueof

����������� �
���

�

�

� 143 �
& �

, at node
&

where�

� 143

is generated,asthelowerof two upperbounds.

The�rst boundisobtainedbyassumingthatdistinctparam-
eterbindingsresultin disjointoutputsets;whereasthesec-
ondoneis theoutput-domainsize, �

5

�2143 � &&�

. The“other-
wise”clauseassertsthatfor O valuesof some�eld to appear
at a nodeor any of its descendants,theremustbeat leastO

visits to thatnode. This last point canbe seenby consid-
ering the evaluation of

����������� �
���

�

�

�QPR2S"T&

1

* 3 �R!

������#

�

,
which is limited to �

�

by thenumberof visits to
!

������# .
We now estimate

�����4������	��
�X6

�

�

�

recursively, by utiliz-
ing the statistic

����������� �
���

�

�

� 143 �

�

�

. Supposethe query
at node � is

�

�

��� � �	� � ���������
� � �

. We �rst classify the pa-
rameters

� � �	� � ������� �
� �

into two sets,independentparame-
ters anddependentparameters. A parameter

� �

is saidto
be dependentif it is functionallydependenton somesub-
setof theremainingparameters.For example,if aqueryin
Figure3 usedboth

�

.hotelid and � .metroid, weuseschema
informationto infer thattheparameter

�

.hotelid determines
� .metroid, andthusonly

�

.hotelid shouldbeconsideredfor
�����4�����
	��
�X6

. Assume,without lossof generality, that the
�rst "�U parameters,

�&���	�
�
���������
� � � �

"�UWV " , comprisetheset
of independentparameters.In this case,thecalculationof

�����4�����
	��
�X6

�

�

�

is
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Clearly, eachof theoperandsto the fhgJi operatoraboveare
upperboundsto

�����4������	��
�X6

�

�

�

.

6.3 Operator Costsand Optimization

In this section,we discusshow we assigncoststo theAND
nodesin theVOLCANO AND-OR DAG andcomputetheop-
timal plan (by assigningcoststo the OR nodes)during a
bottom-uppassof theDAG.

Our approachis to extendthenotionof
������������	��
�X6

to
eachOR node.We labeleachOR node,

���

, with thesetof
parameters

�
�

�	�
�

���������
�
�

thatareusedin thesubtreerooted
at

���

, andoverload
������������	��
�]6

�

���

�

to denotethe ex-
pectednumberof uniquecalls asa resultof the bindings
for parameters

�
�

�
�
�

���������	�
�

. Notethat
���

maybeshared
acrossquery plans for multiple schema-treenodes. Let

j

� �

�

�
�

�

�
���������

�lk � be the setof schema-treenodes
whosequery plansuse

���

. As before, we �rst obtain
the independentsubsequenceof parameters
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Then,
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where,for any setof schema-treenodes
j

,
j

U is theset
of nodesin

j

whoseparentnodesarenot includedin
j

.
The secondterm is the upperboundof all visits to

� �

from schema-treenodesthatuseit in theirqueryplans.The
aboveis a conservativeestimateof theuniquecallsto

���

,
which may leadto sub-optimalplanssometimes;a better
heuristicof estimatingthecallswill beaddressedin future
work.



CREATE VIEW view1 AS
<hotel>

(
�

=
SELECT hotelid, hotelname, starrating, state id
FROM hotel

)
<avail>
(

&

=
SELECT rhotel id, 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), � thatis achild of OR node

���

, weusestandardquery
processingtechniquesto estimateits cost

���������

+

6

-��

�

�

.
To computethe aggregatecost of node � acrossinvoca-
tionswith differentbindings,we multiply

���������

+

6

-��

�

�

by
�����4�����
	��
�X6

�

���

�

.
The bottom-upprocessof costingis alsoan optimiza-

tion algorithm, sincefor eachof the OR nodes,we keep
the costcorrespondingto the minimum-costchild among
all its children. The processjust outlinedgivesthe plan
for thequeryfor eachtag. Commonsubexpressionsin the
resultingplan arematerialized;incorporatinga greedyal-
gorithmto considerthebene�t of potentialmaterialization
asproposedin [22] is left for futurework.

7 Performance

In this section,we presentthe resultsof our performance
studyon the ROLEX prototype. After describingour im-
plementationandexperimentalsettings,we investigatethe
utility of optimizing plansfor navigation pro�les and the
impactof view-querycomplexity onthenumberof distinct
plansproducedby differingnavigationpro�les. Finally, we
returnto thehigher-level issueof theoverall performance
potentialof thevirtual DOM approach.

7.1 Implementation

TheROLEX prototypeconsistsof threesubsystems:theop-
timizer, the executionengine,and the virtual DOM layer.
The executionengineand DOM interfaceoperateon the
tuple-layer interface of the DataBlitz�

�

Main-Memory
DatabaseSystem.Note that,althoughthedatais memory
resident,many costsof a full-featuredDBMS remain,in-
cluding locking, latching,supportfor multiple datatypes,
null handling,etc.

The executionenginehasbeenbuilt to serve asa gen-
eral in-memoryrelationalquery-executionengine,aswell
as the executionenginefor ROLEX. The enginehandles
a varietyof join techniques,group-byandaggregates,and
thematerializationoptionsdiscussedin Section5.3.
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Figure9: Performanceof plans �8� through ��� asa func-
tion of navigationprobabilityfor theview queryin Figure8

7.2 Experimental Setting

In ourexperiments,plansweregeneratedby theROLEX op-
timizer, andexecutedon a SunUltra 60with two 295MHz
CPUs runningSUNOS 5.7.Theschemais asshown in Fig-
ure2, with recordsizesandtuplecardinalitiesasgiven in
Table1. Thoughthe databaseis entirely residentin RAM
thebiggertablesaresigni�cantly largerthanCPU cache.

Presently, the DOM interfacelayer hasbeendeveloped
onlyasaproof-of-conceptindependentof theexecutionen-
gine.Thus,for theseexperiments,adriverwasbuilt on the
executionengineto simulatean in-orderscanthatobeys a
setof navigation probabilities– that is, a schemachild of
a nodeis visited only if the probability speci�ed for that
child is metby a randomtest.As a result,re-traversalcost
of already-computedresultsis notmeasured.

7.3 Impact of Navigation Pro�les

We observethat,within theparametersof oursystem,gen-
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-
proximatestheheuristicof attachingall child plansto their
parentsby outerjoins. Thegeneralapproachof our exper-
imentsis to comparethesetwo “extreme”plansto theplan
chosenby theROLEX optimizer, acrossarangeof probabil-
ities,with ourcontentionbeingthatneither“extreme”plan
performswell acrosstherange.

In our �rst experiment, we considerthe view query
shown in Figure 8. For this view query, the ROLEX op-
timizer �nds three optimal plans ( �8� , �

�

, and ��� ) as
the navigation probability is varied from

� � �

� to �

� �

and
estimatesthat they are optimal in the ranges �

� � � �,� �

�

� �

,
�

� �

�

� �/� ���$� �

, and
� � ���$� �

�

� �	�

, respectively. Due to lack of
space,we do not show theplansin this paper. The actual
performanceof eachof theseplansasafunctionof naviga-
tion probabilityis shown in Figure9. The�gure showsthat
thethreeplans �8� , �

�

, and ��� actuallyareoptimal in the
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ranges�

� �,� �

�

� �

, �

� �

�

� �/� � � �

, and �

� � � �

�

�

, respectively. The
high-probabilityplan is the decorrelatedplan, wherethe
queryof the <avail> nodeis re-writtento do a join with
thequeryof the<hotel> node.This join is evaluatedonly
once; the �rst time any <avail> nodeis visited. Hence
the high cost of plan ��� at low probabilities. Execution
time of theplan �8� , which is optimalat low probabilities,
grows linearly with increasingprobability, andexecutesin

� �

� secondsfor a probabilityof �

� �

. This is not shown in
Figure9. The error in the probability cutoff, attributedto
cost-modelvariances,leadsto a 5% to 15% sub-optimal
execution.

However, Figure9 emphasizesthat thereexist distinct
optimalplansfor differentregionsof theprobabilityspace.
The experimentalresults con�rm that executing a plan
optimizedfor very low probability valuessuchas �8� is
highly sub-optimalat high probability valuesand vice-
versa. Sincethe plan for probability of �

� �

corresponds,
in our model,to thescenarioof full documentexport, we
concludethat suchplansaresub-optimalat the lower end
of thenavigationprobabilityspectrum.

7.4 Number of PlansGenerated

As seenin the above experiment,relatively few plansare
generatedby varying the navigational pro�le on a small
query. So,in our next experiment,we show how thenum-
berof plansfoundchangesasthecomplexity of thequery
increases.For this,wevariedthenavigationalprobabilities
of asetof nodesin theview queryof Figure3, while keep-
ing theothernodesat probability �

� �

(or
� � �

). At eachin-
stanceof theseprobabilities,we optimizedtheview query
in ROLEX, andthereaftercountedthe numberof different
plansobtained. The resultsof this experiment,when the
probabilityof theothernodeswaskeptat �

� �

, areshown in

Figure10. Similar resultswereseenwhentheprobabilities
of theothernodesweresetat 0.

In this �gure, the binding variables shown 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> , and the result is labeledas “h-s-a” in
Figure10. Theprobabilitieswerevariedsuchthatthenum-
berof visits to a nodefrom its parentrangedexponentially
from

� �

�

��� �

/

���������

� , where � is themaximumnumberof
visits (probability �

� �

). Sincewevariedtheprobabilitiesof
5 nodes,about3200samplesweregenerated.

From this experiment,we seethat the numberof dis-
tinct executionplansgeneratedfor a givenview querycan
be large. For Figure3, we found 43 differentplanswhen
we variedthenavigationalpro�les of all the5 nodes.The
experimentdemonstratesthat many distinct planscan be
generatedwhenjust a few probabilitiesarevaried.For ex-
ample,whenthenavigationalpro�le of only <hotel> was
varied,we got upto 6 differentexecutionplans. This ex-
perimentsupportsthe idea that, as view queriesbecome
complex, optimizing for speci�c navigationalpro�les will
becomeincreasinglyimportant.

7.5 The Virtual-DOM Approach

In our�nal experiment,wedeviatefrom ourfocusonquery
optimizationandusethe ROLEX prototypeto evaluatethe
potentialof thevirtual DOM approachto competewith ap-
plicationcachesof XML data.In particular, wecomparethe
timetakenfor executionandtraversalof a ROLEX queryto
the time takento parsetheresultof thesamequeryin the
mostmatureC++ XML parseravailablethatsupportsDOM,
XercesV1.6 [26]. To performthis experiment,we usea
lessselective versionof theview queryshown in Figure8
(thedatecutoff is changedto “10/05/02”)sothatlargerre-
sults can be obtained. We vary the navigation probabil-
ity as in the �rst experimentto vary the sizeof the result
(from about2000elementsto 125386elements),andpro-
ducea �le containingtheseelementsfor parsing.Further-
more,for eachtuplereturned,we includeonly the ROWID
of thetuple in theoutputelement,astheparsewould take
longer for additionalattributesor subelementsin the out-
put. Theparserwascompiledin its “optimized” mode,the
nativetranscoderwasused,andnoDTD-validationwasper-
formed.We usedboththetraditionalDOM implementation
andnewer“ IDOM” variantprovidedby Xerces.Theresults
of this experimentareshown in Figure11.

Since this experiment comparestwo very dissimilar
activities, parsingand query execution, �ne conclusions
shouldnot bedrawn from theresults.Our conclusionsare
simple: 1) ROLEX is a viable alternative to cachingXML
�les in theapplication-tierand2) thevirtual DOM approach
is likely to dominatetheperformanceof XML middleware
supportingonly an XML text interface. Of course,theap-
plicationcanconsidercachingtheirdocumentsasmemory-
residentDOM objects,whichcanbetraversedveryquickly.
We plan to comparethe in-memoryperformanceof DOM
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Figure11: ROLEX vs.parsingof view queryin Figure8

to retraversalof anevaluatedqueryin futurework, but an-
ticipatethatDOM-like pointerstructuresmight berequired
to matchthis performance.Finally, we notethat complex
(e.g.,aggregate)querieswith small outputcanalwaysbe
constructedsuchthat query executionwould be arbitrar-
ily worsethanparsing(but ROLEX will not necessarilybe
worsethanmiddlewaresolutionswhich alsoneedto exe-
cutethequery).However, suchqueriesaretypically partof
OLAP workloads,not theOLTP workloadsatwhich 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 model that
we have adaptedin ROLEX. In termsof the schema-tree
notation,thesemiddlewaresystemstransformapplication
queriesinto SQL queriesusingouterunionsamongthetag
queriescorrespondingto sibling nodesin the schema-tree
and outer joins betweenqueriescorrespondingto parent
andchild nodes.Theoptimizationof thisqueryis thenleft
to theunderlyingdatabaseoptimizer, andthetuplestream
obtainedastheoutputof thequeryis taggedto producethe
XML resultdocument.

Our approachdiffers substantiallyfrom [5, 9]. First,
the resultsproducedby theabove middlewaresystemsal-
mostinvariablyrequireparsingby theapplicationandare
cachedby theapplication.In theROLEX approach,support
for virtual DOM eliminatesthe needfor taggingandpars-
ing, andhasthepotentialof providing databaseconsistent
views of the datamoreeasily. Second,thesesystemsas-
sumethattheresultof thequeryis outputin full anddonot
considerDBMS mechanismsto supportnavigationover the
outputdocument. In our approach,the optimizer is cog-
nizant of navigation pro�les, and the optimizedplan has
lowerexpectedresourceutilization.

In [10], the authorspresentan optimizationmodel for
declaratively speci�ed web-sites. This work conceptual-

izes a web-siteas a graph, and associatesa parametric
querywith eacharc. It modelstheprobabilitydistribution
of reachingeachnode,and the conditionalprobability of
traversalof anarcgiventhattheparenthasbeentraversed.
While from a differentdomain,their work bearson trans-
forming and optimizing XML-view queries,and like our
work modelsnavigation probabilities. However, the sys-
temdescribedin [10] is built outsidethe DBMS andbased
onheuristics;thusit doesnotde�ne anoptimizationspace.

Virtual mediators(or information integratorsover het-
erogenousbackends) proposedin [17] translate client
navigation into navigations on lower-level mediatorsor
wrappedsources. This can be thoughtof as the client-
sidecounterpartof the virtual DOM mechanismdiscussed
in the paper. A major distinction of our work from [17]
is that they focuson lazy execution(ratherthanoptimiza-
tion) for heterogeneoussourceswhile we optimize XML-
view queriesagainstlocal relational data taking naviga-
tional pro�les into account.In [1, 7], XML documentsare
mappedto anobject-orienteddatamodel,andtheDOM in-
terfaceis directly supportedby the database,which pro-
vides persistence,transactions,indexing, etc. However,
thesesystemsdonotproviderelationalinteroperabilityand
donotoptimizequeriesfor navigationalpro�les.

9 Conclusionand Future Work

Increasingly, relational databasessupport simultaneous
“ OLTP” accessvia SQL and XML interfaces. ROLEX pro-
videsanovel approachto resolvingthisdualityby offering
the ability to accesslive, non-materializedXML views of
relationaldata,directly andef�ciently , througha naviga-
ble virtual DOM interface. As a result, the systemavoids
theoverheadof taggingandparsingthat limits theperfor-
manceof existingmiddlewaresystems.

Throughits supportfor navigationalaccess,ROLEX is
able to return DOM subtreeslazily as the applicationex-
ecutes.Further, ROLEX acceptsa navigationalpro�le as-
sociatedwith a view queryandusesthis pro�le in a cost-
basedoptimizer to choosea best-costnavigationalquery
plan. Thenovel optimizationplan-spaceincludesa variety
of correlatedanddecorrelatedexecutionsof eachsubquery,
using VOLCANO's common sub-expressiondetectionto
preventa blow-up in optimizationcomplexity. Further, the
optimizeraggressively materializessub-expressionsacross
repeatedcalls, and this is re�ected in our cost model for
deeplynested,navigable,correlatedqueries. The current
ROLEX systemprototypewasusedin anexperimentalstudy
to show thataccountingfor navigationcanleadto far bet-
ter plansthanassumingfull materialization,andthatplans
optimizedfor a givenprobabilitywork reasonablywell at
“nearby”probabilities.Wealsoevaluatedhow navigational
pro�les interactedwith query-treecomplexity by optimiz-
ing a morecomplex queryover a largespaceof suchpro-
�les. As probabilitieswerevariedalongmoreedges,the
numberof “best” plansfound by the optimizergrew sub-
stantially, suggestingthattheimportanceof optimizingfor
navigationwill grow alongwith thecomplexity of XML ap-



plications.
Althoughthefocusof this paperis on optimizationand

performance,the ROLEX architecturehasotherbene�ts as
well – bene�ts to be exploited fully as part of future re-
search.Most noteworthy amongtheseis the ability to fa-
cilitate themaintenanceof dataconsistency despiteaccess
by bothrelationalandXML applicationsto thedata.Since
ROLEX views referencethe relationaldataitself, the con-
currency control of the relationaldatabasesystemcanbe
employedto enforcewhateverisolationlevel is deemedap-
propriatefor theapplication.Any updatesgeneratedby an
applicationusingan XML view facethesemanticissuesof
view updatethat faceany relationalsystem,but avoid the
data-currency problemsthat arise in currentcache-based
XML-publishing systems. In addition to addressingup-
dateconsistency, we planto address1) morecomplex nav-
igationalpro�les, 2) multi-queryoptimizationstrategy in
complex XML views,and3) thepotentialbene�tsof push-
ing functionality from an XSLT processorworking on the
ROLEX virtual DOM interfaceinto thequeryengine.

Finally, initial experimentalresultscomparingexecution
of ROLEX queriesto parsingthe resultsof thosequeries
from XML show that ROLEX hasthe ability to eliminate
cachesof XML datadrawn from the DBMS by supporting
optimizedviews. In doing this, ROLEX hasthe potential
to bringdatabasetechnologyto thefront-lineof electronic-
commerceimplementations.
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