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Abstract
All existing proposals for querying XML (e.g.,
XQuery) rely on a pattern-speci�cationlanguagethat
allows (1) path navigationand branching throughthe
label structure of the XML datagraph,and (2) pred-
icateson the valuesof speci�c path/branchnodes,in
order to reachthe desireddataelements. Optimizing
suchqueriesdependscrucially on theexistenceof con-
cise synopsisstructuresthat enableaccuratecompile-
time selectivity estimatesfor complex pathexpressions
over graph-structuredXML data. In this paper, we
extent our earlier work on structuralXSKETCH syn-
opsesandwe proposean(augmented)XSKETCH syn-
opsismodelthatexploits localizedstability andvalue-
distribution summaries(e.g.,histograms)to accurately
capturethe complex correlationpatternsthat canexist
betweenandacrosspathstructureandelementvaluesin
thedatagraph.We developa systematicXSKETCH es-
timationframework for complex pathexpressionswith
valuepredicatesandwe proposean ef�cient heuristic
algorithmbasedon greedyforwardselectionfor build-
ing aneffective XSKETCH for a givenamountof space
(which is, in general,an N P-hardoptimizationprob-
lem). Implementationresultswith both syntheticand
real-life data setsverify the effectivenessof our ap-
proach.

1 Intr oduction
TheExtensibleMarkupLanguage(XML) is rapidlyemerg-
ing as the new standardfor data representationand ex-
changeon the Internet. The simple, self-describingna-
tureof theXML standardpromisesto enablea broadsuite
of next-generationInternetapplications,rangingfrom in-
telligent web searchingand querying to electroniccom-
merce. In many respects,XML representsan instanceof
semistructured data [13, 15]: the underlyingdatamodel
comprisesa labeledgraphof elementnodes,whereeach
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elementcanbeeitheranatomicdataitem (i.e., raw values
storedwith elements)or a compositedatacollectioncon-
sistingof references(representedasgraphedges)to other
elementsin thegraph.Further, labels(or, tags) storedwith
XML dataelementsdescribethe actualsemanticsof the
data.

Sophisticatedquery-processingenginesthatallow users
andapplicationsto effectively tap into the large amounts
of datastoredin XML databasesaroundtheglobearego-
ing to be crucial to ful®lling the full potential of XML
and enablingInternet-scaleapplications. Realizingsuch
Internet-scaleXML query processors(like, e.g., Xyleme
(www.xyleme.com ) or Niagara[17]), in turn, hingeson
providingeffectivesupportfor high-level,declarativeXML
query languages.A variety of languageshave beenpro-
posedfor querying semistructuredand XML databases,
including XQuery [4], Lorel [15], and UnQL [3]. A
common characteristicof all existing languagepropos-
als, is the existenceof a pattern-speci®cationlanguage
(like, e.g., XPath [7]) built around path and subtree
(“twig”) expressions. Theseexpressionsreplacethe tra-
ditional SQL FROMclauseandenableselectionsbasedon
value predicatesas well as path navigationand branch-
ing through the XML data graph in order to reach the
relevant dataelements. While simple path querieswere
popularizedin the context of object-orienteddatabases,
the pattern-speci®cationlanguagesproposedfor graph-
structuredXML dataaresubstantiallymorecomplex. In
particular, the XPath language[7] (that lies at the core
of XQuery [4] and XSLT [6], the dominantW3C lan-
guageproposalsfor XML querying and transformation)
allows branching regular path expressionsthat enable
queriesto navigate along paths in the data graph using
label names,wild cards, value predicatesand branch-
ing predicateson the existenceof speci®csibling paths.
As a concreteexample, in a bibliography database,the
XPathexpression//author[book]/paper/vldb[year
> 1997]/title selectsthe setof all VLDB paperti-
tle s publishedafter 1997 by author s that have pub-
lishedat leastonebook (speci®edby theauthor[book]
branch).

Optimizing XML querieswith complex path expres-
sionsdependscrucially on the ability to obtain effective
compile-timeestimatesfor theselectivity of theseexpres-



sions over the underlying (large) graph-structuredXML
database.Similar to relationalqueryoptimization,select-
ing anef®cientquery-executionplanrelieson theaccurate
estimationof the numberof XML elementsthat are ac-
cessedfrom (i.e.,“satisfy”) apath-expressionspeci®cation.
Clearly, to befeasibleatquery-optimizationtime, thisesti-
mationprocesshasto dependonaconciseandaccuratesta-
tistical synopsisof thestructureandvaluesof theXML data
graphthatcanprovidesuchselectivity estimateswithin the
memoryandtime constraintsof theoptimizer. Of course,
suchasynopsiscanalsobeaninvaluabletool for providing
userswith fastapproximateanswersandquick feedbackto
their queries,eitherbeforeor duringqueryexecution.

Prior Work.1 Summarizinga large XML datagraphfor
the purposeof estimatingthe selectivity of arbitrarypath
expressionswith valuepredicatesis a substantiallydiffer-
ent and more dif®cult problemthan that of constructing
synopsesfor �at, relationaldata(e.g., [22, 23]). Recent
researchstudies[1, 5, 12, 24] have consideredspecialized
variantsof our XML summarizationproblem,focusingon
the simpli®ed caseof tree-structured (rather than graph-
structured)dataandrestrictedpathexpressions(e.g.,sim-
ple pathswith no branchingpredicates). It is unclearif
theseearliertechniquescanbeextendedto general,graph-
structuredXML databases(wherenon-treeedgescanarise
naturallyasexplicit elementreferencesthroughid /idref
attributesor XLink constructs[2, 8]) with elementvalues.

Recentproposalsfor exactandapproximatepath-index
structures for XML (e.g., [13, 14, 16]) also attempt to
capturethe path structurein the underlying XML data
graph. Unfortunately, the usefulnessof such structures
asoptimization-timesynopsesfor selectivity estimationis
limited, since(a) exact indexes(e.g., the 1- andT-index)
can grow to a fairly large proportion of the data-graph
size[14, 16]; and,(b) approximateindexes(e.g.,theA(k)-
index [14]) donotexplicitly try to capturetheessentialsta-
tistical characteristicsof the data-graphdistribution. Fur-
ther, no path-index structurehasaddressedthe issuesthat
arisein thepresenceof elementvalues.

Our Contrib utions. In ourearlierwork [20], wehavepro-
posedtheXSKETCH synopsismodelfor effectively captur-
ing thekey structural (i.e., labelpathandbranching)char-
acteristicsof large XML datagraphs. In this paper, we
tackle the dif®cult problemof augmentingour structural
XSKETCH synopseswith concise,yetaccuratedistribution
informationon the elementvaluesin the XML data. Our
proposed(augmented)XSKETCH synopsesprovide anef-
fectivetool for selectivity estimationof fully-general,com-
plex pathexpressionsthatcanincorporatevaluepredicates
on any of the nodesin the label path or branchesof the
query structure. To the best of our knowledge, ours is

1Dueto spaceconstraints,a detailedoverview of relatedwork canbe
foundin thefull versionof thispaper[21].

the ®rst work to addressthis timely problemin the most
generalsettingof graph-structuredXML datawith element
values.More concretely, thekey contributionsof ourwork
aresummarizedasfollows.

� De�nition and SystematicEstimation Framework for
(Structur e and Value) XSKETCH Synopses.We give a
formalde®nitionof ourXSKETCH synopsismodelthatex-
ploits localizedstability andvalue-distribution summaries
(e.g.,histograms)to accuratelycapturethecomplex corre-
lationpatternsthatcanexist betweenandacrosspathstruc-
ture andelementvaluesin the XML datagraph. We de-
velopa systematicestimationframework for parsingcom-
plex pathexpressionswith valuepredicatesover a concise
XSKETCH synopsisandproducingan approximateselec-
tivity estimate. Like any estimationtechniquebasedon
concisedatasynopses,our proposedframework relieson
appropriatestatistical(uniformity and independence)as-
sumptionsto compensatefor the lack of detailedinforma-
tion.

� Ef�cient XSKETCH Construction Algorithm. Building
effective XSKETCH synopsesis a hardoptimizationprob-
lem that we have demonstratedto be N P-hard even for
themuchsimpler“structure-only”case[20]. Giventhein-
tractabilityof theproblem,we proposeanef®cientheuris-
tic algorithmfor XSKETCH constructionbasedon greedy
forwardselection.Brie�y , our algorithmworksby succes-
sive structuralandvalue-distribution re®nementsthatpro-
gressively evolve a very coarseinitial summaryto a more
accuratesynopsis.

� Implementation ResultsValidating the XSKETCH Ap-
proach. We presentresultsfrom anexperimentalstudyof
XSKETCHeswith syntheticandreal-life datasetsthatver-
ify the effectivenessof our approach.Our resultsdemon-
stratethe effectivenessof XSKETCHes in capturingim-
portantdatapathandvaluecorrelationsusingonly limited
space.

2 Background
XML Data Model. Following previous work on XML
andsemistructureddata[13, 14, 16], we modelan XML
databaseas a directed, node-labeleddata graph G =
(VG ; EG ). Eachnodein VG correspondsto an XML el-
ementin thedatabaseandis characterizedby (a) a unique
objectidenti�er (oid), (b) a label (assignedfrom someal-
phabetof string literals) that capturesthe element's se-
mantics,and (c) (possibly)a set of raw data valuesfor
the element. (We use label (v), value (v) to denote
the label and value(s)of v 2 VG .) Edgesin EG are
usedto captureboth theelement-subelementrelationships
(i.e.,elementnestingor explicit elementreferencesthrough
id /idref attributesor XLink constructs[2, 8, 14, 15]) and
the element-value relationshipsin the XML data. Note
that non-treeedges,such as thoseimplementedthrough
id /idref constructs,are an essentialcomponentand a



“®rst-class citizen” of XML data that can be directly
queriedin complex pathexpressions[4]. As an example,
Figure1(a)depictsan exampleXML datagraphmodeled
after the InternetMovie Database(IMDB) XML dataset
(www.imdb.com ), showing two moviesandthreeactors.
Thegraphnodecorrespondingto a dataelementis named
with anabbreviationof theelement's labelanda uniqueid
number. Also, asshown, eachmovie (M) elementis associ-
atedwith two values(i.e., year of productionandbox-
Office sales),andeachactor (A) elementis associated
with onevalue(i.e.,name of theactor);thespeci®cvalues
for eachelementarenot shown to avoid clutteringthe®g-
ure. Dashedlinesareusedfor graphedgescorresponding
to id-idref relationships.
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Figure 1: ExampleXML Data Graph(a) and StructuralXS-
KETCH Synopsis(b).

XML Query Model. Abstractly, anXML pathexpression
�l (e.g.,in XQuery[4]) de®nesa navigationalpathover the
XML datagraph,specifyingconditionson the labelsand
(possibly) the value(s)of dataelements. A simplepath
expressionis of the generalform l 1f � 1g=� � � =l n f � n g,
whereeachl i denotesanelementlabelandeach� i denotes
a (possiblyempty) selectionpredicateon the value(s)of
correspondingelements.Theresultsetof this pathexpres-
sion includesall elementsen for which thereexistsa path
e1=� � � =en in thedatawith label (ei ) = l i andvalue (ei )
satisfyingpredicate� i . 2

More complex, branching path expressionshave the
generalform �l = l 1f � 1g[�l 1f �� 1g]=� � � =l n f � n g[�l n f �� n g],
where l i and � i denote labels and value predicates,
and �l i f �� i g are (possiblyempty) branchingpath expres-
sions. A branchingpath expressionis formed from a
simple path expressionl 1f � 1g=� � � =l n f � n g by attach-
ing the branch predicates�l i f �� i g at speci®clabels. Each
[�l i f �� i g] clauserepresentsan existentialcondition,requir-
ing that there exists at least one �l i f �� i g twig at point
i of the expression. For example, consider a query
over the data graph of Figure 1(a) that looks for all
movies starring an actor that has at least one WebLink
(W) child and that have grossedover $100M in box-

2Ournotationis slightly differentfrom thatof XQuery, asweareusing
fg to distinguishvaluepredicatesfrom element-branchingpredicates(de-
notedby []). Also, to simplify thepresentation,we do not show explicit
dereferenceoperatorsfor id-idref edgesin ourpathexpressions.

of®ce sales;we canexpressthis query as the branching-
path expressionActor[WebLink]/MovieRef/IDREF/-
Movie f boxOffice>100M g. Notethat,assumingthatboth
M4 andM5 grossedover $100M, our exampleexpression
would returnonly elementM4. To simplify the notation,
we oftenuse�l and�� asa shorthandfor thelabelstructure
and the set of value predicatesin a path expression,and
�l f �� g asashorthandfor thefull, “value-restricted”pathex-
pression.

3 Structure and Value XSKETCH Synopses
3.1 Overview of Structural XSKETCHes
Abstractly, our structural XSKETCH synopsis mecha-
nism[20] relieson a genericgraph-summarymodelfor an
XML datagraphG = (VG ; EG ), which is essentiallya
node-labeled,directedgraphstructureS(G) = (VS ; ES ),
where: (1) eachnodein v 2 VS correspondsto a subset
of datanodesin a partitioning of VG (termedthe extent
of v – extent (v)) that have the samelabel (denotedby
label (v)); and,(2) anedgein (u; v) 2 EG is represented
in ES asanedgebetweenthenodeswhoseextentscontain
thetwo endpointsu andv. To enableselectivity estimates
for complex pathexpressions,eachnodev of S(G) only
capturessummaryinformation aboutG in the form of a
count®eld (count (v)) thatrecordsthenumberof elements
in G thatmapto v, i.e., thesizeof v's extent . (We usev
andextent (v) interchangeablyin whatfollows.)

Our structuralXSKETCH synopsesarespeci®cinstan-
tiations of this genericgraph-synopsismodel that record
someadditionaledge-labelinformationto capturelocalized
backward- and forward-stability conditionsacrosssynop-
sis nodes[18, 20]. We say that a nodeu is B(ackward)-
stable(F(orward)-stable) with respectto a parent(resp.,
child) node v in the synopsis,if f all data elementsin
extent (u) have at leastoneparent(resp.,child) element
in extent (v). Intuitively, B-stabilityguaranteesthatall el-
ementsin u descendfrom v and,therefore,count (u) is an
exactestimatefor theexpressionv=u; similarly, F-stability
ensuresthatall elementsin u reachat leastoneelementin
v and,therefore,count (u) is anexactestimatefor u[v].

De�nition 3.1 A structural XSKETCH X S(G) =
(VX S ; EX S ) for a data graph G is an edge-labeled
graph synopsisfor G, where the label for each edge
(u; v) 2 EX S is de®nedas:(1)label (u; v) = f B g, if v is
B-stablewrt u; (2)label (u; v) = f Fg, if u is F-stablewrt
v; (3)label (u; v) = f B ; Fg, if both(1) and(2) hold; and,
(4)label (u; v) = � (empty),otherwise.

Figure 1(b) depictsan example structural XSKETCH

synopsisfor the small IMDB datagraph in Figure 1(a).
Ourearlierwork [20] hasproposedasystematicestimation
framework that approximatesthe selectivity of branching
label paths(with no valuepredicates)over concisestruc-
turalXSKETCHes,andhasdescribedeffectiveconstruction
algorithmsfor building suchsynopses.



3.2 Incorporating Value-Distribution Inf ormation
A naive solutionto addinginformationon elementvalues
would beto directly applyour structuralXSKETCH ideas,
simply treatingdifferentdatavaluesas different “labels”
in the graph. Of course,the problem with such an ap-
proachis that the numberof distinct valuesin an XML
databaseis typically far greaterthan the numberof dis-
tinct elementlabels; thus, sucha naive solution is likely
to causean explosion in the size of any structuralgraph
synopsis.Eventhecoarsestgraphsynopsis(i.e., thelabel-
split graphthatsimplygroupsdatanodesby label[20]) can
becometoolargetobeusefulasanoptimization-timestruc-
ture,whereastheperfectgraphsynopsis(i.e.,thefully B/F-
bisimilar graph[20]) caneasilybeaslargeasthedatabase
itself. Instead,thekey ideaof our proposedapproachis to
incorporatecompressedvalue-distributioninformation(us-
ing, e.g.,histograms)in thenodesof anXSKETCH synop-
sisin orderto effectivelycapturethedistributionof element
valuesin nodes'extents. Despiteits deceptive simplicity,
this turnsout to be a ratherdif®cult problemsince,to be
effective, the resultingXSKETCH synopsesneedto accu-
rately capturecomplex correlationpatternsthat may exist
in theunderlyinggraph-structureddata.More speci®cally,
therearetwo key forms of correlationsthat our synopses
needto model.
(1) Path/Value Correlations: Given a nodev in the XS-
KETCH, the characteristicsof the value distribution for
dataelementsin extent (v) canvary drasticallydepend-
ing on the speci®clabel path(s)that reachtheseelements
(or, leave from theseelements)in the data. For exam-
ple, considera bookstoredatabaseand a book -labeled
node v in the synopsisthat recordsbook-pricing infor-
mation; obviously, the pricesof elementsin extent (v)
reached through the label path cs=textbooks =book
will be very different from those reached through
poetry =rare � collections =book. Thus, just main-
taininga histogramfor thecompletesetof pricesunderv
is very likely to produceinaccurateestimatesfor selections
on book pricesthatspecifyeitherof thetwo labelpaths.
(2) Value Correlations: Given a node v in the XS-
KETCH, the distribution characteristicsfor elementsin
extent (v) that are reached through (or, lead to) a
speci�c label path, can depend to a large extent on
the values of other elements on that path. Con-
tinuing with our bookstore example, assumethat we
have separatedout in a node v0 of our synopsis all
book elementsthat are reachedthrough the label path
publisher =cs=tex tb ooks=book, andthatwe have both
an “expensive” and a “cheap” publisherin our database;
then,clearly, thepricesundernodev0 arecorrelatedto the
namesat the publisher nodethat lead to them. Thus,
theselectivity of thepathexpressionpublisher f name =
Xg/cs/textbooks/book f price>$100 g estimatedat v0

can be very differentdependingon whetherX = “expen-
sive” or X = “cheap”.

3.2.1 Our Solution: Structur eand Value XSKETCHes
Correlationsin (�at) relational-datasynopsesaretypically
modeledusingconcise,multi-dimensionalrepresentations
(e.g., histograms,wavelets) for the joint distribution of
correlatedattributes[9, 22, 23]. As the above discussion
demonstrates,the graph-structurednatureof XML data
posesadditionalchallengesfor theeffectivesummarization
of element-valuedistributionsin anXSKETCH, asweneed
to capturecorrelationsacrossboth data valuesand data
structure. Morespeci®cally, considerthesetof all elements
in the extent of a speci®cXSKETCH nodev. Different
subsetsof elementsin extent (v) (with, possibly, differ-
entvaluecharacteristics)maybereachableby differentla-
bel pathsin thedata(path/valuecorrelations)anddifferent
valuepredicatesondifferentlabelsonthepath(valuecorre-
lations). Clearly, keepingseparatejoint-distribution infor-
mation(e.g.,multi-dimensionalhistogramsor waveletsyn-
opses)for subsetsof elementsin extent (v) for all possible
combinationsof incominglabelpathsandvalue-predicate
assignmentsis impractical– thenumberof combinationsis
simply too largeand,for accurateestimates,wewouldalso
needto captureoverlapinformationbetweensuchsubsets
of extent (v), thusexplodingthecomplexity andspacere-
quirementsof thesynopsis.Instead,our XSKETCH nodes
capturejoint-distribution informationonly alongpathsand
branchesof the synopsisthat arecommonto all elements
in a node's extent. Thus, given an XSKETCH node v,
the joint-distribution informationrecordedfor elementsin
extent (v) considersonly thevaluecorrelationsin v'ssta-
ble twig neighborhoodin theXSKETCH.

De�nition 3.2 Let v be an XSKETCH node,andlet B (v)
denotethe setof all nodesin the XSKETCH that reachv
througha B-stablepath(includingv itself). Also, let F (v)
denotethe set of all nodesin the XSKETCH that can be
reachedstartingfrom any nodein B (v) throughanF-stable
path. The stabletwig neighborhood(STN) of v is de®ned
asSTN(v) = B (v) [ F (v).

Thekey observationhereis that,by virtue of stability, the
stabletwig neighborhoodof anXSKETCH nodev captures
pathandbranchingstructurethatis commonto all datael-
ementsin extent (v). The joint-distribution information
recordedfor v in the XSKETCH tries to capturethe fre-
quenciesof elementsin extent (v) andtheir possiblecor-
relation(s)with the valuesof (a subsetof) othernodesin
STN(v) alongspeci®cpaths(or, in general,twigs) within
STN(v). In otherwords,our XSKETCH synopsesrely on
(a) structural B- and F-stability to model the dependence
of elementvalueson path and branchingstructure(i.e.,
path/valuecorrelations),and(b) multi-dimensionaldistri-
bution synopses(e.g., histograms)to modelvaluecorrela-
tionswithin stable“neighborhoods”of theXSKETCH.

ConsideranXSKETCH nodev andlet T bea twig con-
tainedwithin STN(v). Let dep(v) (� STN(v)) denotethe
“correlation scope”of v; that is, the set of nodesin the



XSKETCH for which correlationswith the elementdistri-
bution in extent (v) arecapturedin the joint-distribution
informationmaintainedin v. (If v itself containselements
with valuesthendep(v) mustcontainat leastv.) We also
let dep(v; T) denotethe restrictionof dep(v) in T (i.e.,
dep(v; T) = dep(v) \ T ). Then, the joint-distribution
information recordedin v can give direct estimatesfor
the numberof v elementsthat are reachedthrough the
twig query T f � g, where the value predicates� can be
on any subsetof dep(v; T). As a more concreteexam-
ple, considerthe twig T = v1[v2]=v3[v4]=v5 (shown in
Figure 2) that is containedwithin STN(v5), and assume
dep(v5) = f v1; v4g; then,the joint-distribution keptat v5

canbeusedto directly estimatethenumberof v5 elements
discoveredbyv1f � 1g[v2]=v3[v4f � 4g]=v5, where� 1; � 4 are
valuepredicateson nodesv1 andv4, respectively. We can
now givea formalde®nitionfor ourmodelof structureand
valueXSKETCH synopsesfor XML data.

De�nition 3.3 An XSKETCH synopsis X S(G) for an
XML datagraphG with elementvaluesis astructuralXS-
KETCH (VX S ; EX S ) for G, whereeachnodev 2 VX S

can also containa (possibly)multi-dimensionalsynopsis
for thejoint distribution of elementsin extent (v) andthe
valuesof any subsetof XSKETCH nodesdep(v) � STN(v)
alongspeci®cpaths/twigswithin STN(v).

Note that, by the above de®nition, dep(v) � STN(v)
since, in general, only a subsetof the value distribu-
tions in a node's STNwill actually be correlated,and it
is only thesecorrelations(alonga given stabletwig) that
we need to capturein the XSKETCH node. For non-
correlatedvaluedistributions,anindependenceassumption
is valid andwill giveaccurateestimates[9]. Consideronce
againour examplestabletwig T = v1[v2]=v3[v4]=v5 with
dep(v5) = f v1; v4g, and assumethat the distribution of
v5 elementsis independentof thevaluesin v3 62dep(v5)
(i.e., v3 ? v5). Even though the distribution informa-
tion in v5 cannotdirectly give an estimatefor the count
of v1f � 1g[v2]=v3f � 3g[v4f � 4g]=v5 (whichcontainsavalue
predicateon v3), a productestimatebasedon the indepen-
denceof the distributions in v5 andv3 is going to give a
goodapproximation(Figure2).

Having formallyde®nedourXSKETCH synopsismodel,
theremainderof this paperfocuseson thetwo key, interre-
lated challengesof our XML-graph summarizationprob-
lem, namely: (1) De�ning an estimationframework for
complex pathexpressionsoverXSKETCH synopsesthatre-
liesonwell-foundedstatisticalassumptions(e.g.,indepen-
denceor uniformity) to compensatefor thelackof detailed
informationandtheapproximatenatureof theXSKETCH;
and,(2) Designingpractical algorithmsfor effectiveXS-
KETCH constructionthat, given a limited spacebudget,
try to minimize the approximationerror in the selectivity
estimates(basedon our estimationframework). Before
that,however, wediscussthejoint-distributioninformation
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Figure2: ExampleXSKETCH Value-Distribution Information.

maintainedat individual XSKETCH nodesin moredetail.

3.2.2 Distrib ution Summariesfor XSKETCH Nodes

Thusfar, we have beendeliberatelyvagueabouttheexact
form of distribution summariesmaintainedin thenodesof
our XSKETCH synopsis. A main reasonfor this is that,
as mentionedearlier, several forms of multi-dimensional
datasynopses(e.g., histogramsor wavelets)can be used
to producea concisedescriptionof the distribution of el-
ementsin a node's extent acrossthe valuesin its corre-
lation scope. More speci®cally, let v be an XSKETCH

nodeandlet Dv denotethecross-productof thevaluedo-
mains for elementsin v's correlationscope,i.e., Dv =
� u2 dep(v) domain(u). Then, the distribution of v's ele-
mentswithin its correlationscopecanbedescribedby the
joint-frequency tablef v [c1; : : : ; ck ] thatgivesthenumber
of elementsin extent (v) that arereachedfrom (or, lead
to) the tuple of values(c1; : : : ; ck ) 2 Dv in the corre-
spondingnodesof dep(v). This frequency table f v [] can
besummarizedin ourXSKETCH usingconventionalmulti-
dimensionalhistograms[22], Haarwavelets[23], or even
morecomplex summarizationtechniquesbasedon statisti-
cal modeling[9]. For concreteness,we usethe term “his-
togram”to referto thedistribution informationmaintained
in XSKETCH nodesin theremainderof thispaper.

Unlike therelationalcase,however, thejoint-frequency
table f v [] is not suf®cient to provide accurateestimates
for arbitrary value-selectionpredicatesover the nodesof
dep(v). The graph-structurednatureof XML dataonce
againintroducesnovel challengesin capturingtheelement
distribution in a node with respectto other nodesin its
STN. As a simple example, considera v-labelednode
with 10u-labeledchildren(u1; : : : ; u10) in thedatagraph,
and 9 other v-labelednodesall with a single u-labeled
child (u11). Further, assumethat v nodescarry no values
whereaseachui nodecarriesa valueof i (i = 1; : : : ; 10).
Clearly, in our XSKETCH synopsisthissimpledatacon®g-
urationwill result in a singleB/F-stable(v; u) edgewith
count (v) = count (u) = 10. Assumethat dep(v) =
f ug. Then,the joint-frequency tablef v [] will have entries
f v [i ] = 1 for i = 1; : : : ; 10 andf v [11] = 9. Now consider



the branchqueryv[uf � g] where� = (1 � value (u) �
10). Clearly, thecorrectcount (v[uf � g]) is 1; however, us-
ing thef v [] tablein theconventionalmannerto estimatethe
selectivity of � (assumingno summarizationwhatsoever)
wegetanerroneouscount of 10. Thereason,of course,is
“double counting”: even thoughthe frequency tabletells
us that eachu-value from 1 to 10 is reachedby one v-
element,it hasno way of telling us that they are in fact
reachedby the samev-element! It is easyto seethat this
double-countingproblemcanbecomemuchmorecompli-
catedwhentheelementdistributioninvolvesmorecomplex
pathstructuresandoverlappatternsbetweenelements.Un-
fortunately, this problemis inherentin all approximation
techniquesthat estimatethe selectivity of rangesby sum-
ming point frequenciesandthereis no easysolutionbased
on traditionalfrequency tablesandhistogramstructures3.

We have proposedan initial solution for avoiding
double-countingin XSKETCH nodes, using specialized
Range Histogramsthat explicitly capturethe overlapbe-
tweendifferentvalueranges.Intuitively, rangehistograms
approximaterangefrequenciesinsteadof point frequen-
ciesandessentiallymapselectivities of rangesto pointsin
a higher-dimensionalspace.The completedetailscanbe
foundin thefull versionof this paper[21].

4 Estimation over XSKETCH Synopses
We now de®neour estimationframework for approximat-
ing path-expressionselectivitiesoveracompactXSKETCH

synopsis.Our framework generalizesthatdescribedin our
earlierwork for the“structure-only”case[20] to dealwith
predicatesonnodevalues.

4.1 Parsing Path Expressionsover an XSKETCH

Let l f � g = l 1f � 1g=� � � =l n f � n g[l n +1 f � n +1 g=� � � =
l n + k f � n + k g]=l n + k+1 f � n + k+1 g=� � � =l n + k+ m f � n + k+ m g
denotea branchinglabelpathover anXML datagraphG,
with onebranchingpredicateonlabell n andasequenceof
valuepredicates� de®nedoverall labelsin thepath. (Our
discussioncanbesimpli®edif predicatesareonly speci®ed
for some of the nodesin the label.) Even though we
considerthe caseof a single-branchpathexpression,our
methodologycan be easily generalizedfor multi-branch
twigs. We use count (l f � g) to denotethe (estimated)
numberof dataelementsthat are discoveredby the path
expressionl f � g in G, i.e., the selectivityof l f � g. Con-
sider an XSKETCH synopsisX S(G) of the data,and let
v = v1=� � � =vn [vn +1 =� � � =vn + k ]=vn + k+1 =� � � =vn + k+ m

bea pathin X S(G) suchthat,for eachi , label (vi ) = l i ;
we term suchan XSKETCH path v an embeddingof the

3A naive approachwould beto incorporateelement-idinformationin
the dimensionsof our frequency table. Suchan approach,however, is
very in¯exible with respectto updatesin thedatabaseand(perhapsmost
importantly)it is not at all clearhow element-idaxesshouldbehandled
duringthesummarization(histograming)of thetable.

label path l . Similar to l , the nodesof the embedding
v can also be augmentedwith the appropriatevalue
predicates� i to obtain the “value-restricted”embedding
vf � g. An elementen in extent (vn ) is discovered by
this embeddingvf � g if there exists a documentpath
e1=� � � =en [en +1 =� � � =en + k ]=en + k+1 =� � � =en + k+ m

such that: (1) ei 2 extent (vi ), and (2) the value of
elementei satis®esthe correspondingpredicate� i , for
eachi = 1; : : : ; n + k + m. It is obvious that if an
elemente is discoveredby embeddingvf � g, then it also
belongsin the target set of our original path expression
l f � g. Thus, if we use "(l ) to denote the set of all
distinct embeddingsv of l in our XSKETCH synopsis
(i.e., embeddingsthat differ in at least one node in the
XSKETCH path),thentheselectivity of l f � g is estimated
by summingtheselectivities over all embeddingsin " (l );
that is, count (l f � g) =

P
v2 " ( l ) count (vf � g), where

count (vf � g) denotesthe estimatednumberof elements
discoveredby a (value-restricted)embeddingvf � g. (Of
course,we ensurethat a synopsisnodecannotcontribute
morethanits total count to thisestimate.)

Our selectivity estimationproblem, therefore,essen-
tially reducesto estimatingthe count of the data ele-
mentsdiscoveredby eachdistinct embeddingof the la-
bel path in X S(G). This count can be expressedas
count (vf � g) = count (vn + k+ m ) � f (vf � g), where
f (vf � g) denotesthe estimatedfraction (i.e., empirical
probability)of elementsin extent (vn + k+ m ) thataredis-
coveredby the (value-restricted)embeddingvf � g. Esti-
matingthefractionf (vf � g) over theXSKETCH is thekey
problemthatneedsto beaddressedin ourestimationframe-
work; wenow explainoursolutionin detail.

Consider a single-branch path embedding v =
v1=� � � =vn [u1=� � � =uk ]=vn +1 =� � � =vn + m (note that we
areusingui for branchnodesto simplify thenotation).The
®rst stepin our estimationprocessis to parsethe embed-
dingv into asequenceof maximal,non-overlappingstable
twigs; that is, we breaktheembeddingv into a collection
of sub-twigsT1; T2; : : : , suchthateveryXSKETCH nodein
theembeddingis “covered”by exactlyoneof theTi 's,and
eachTi is amaximalstabletwig in v, i.e.,all path(branch)
edgesin Ti areB-stable(resp.,F-stable).This parsingcan
bedoneasfollows. Startingfrom the lastnodein theem-
bedding(vn + m ), build the®rst treeT in thedecomposition
by takingtheintersectionof theembeddingv with thesta-
ble twig neighborhoodof vn + m ; i.e.,T = STN(vn + m ) \ v.
Then,take thenodesof T out of v andrepeattheprocess
from thosenodesof v � T thatweredirectly connectedto
T nodes(i.e.,at theoutside“border” of T).

It is easyto seethat, for the caseof our single-branch
embeddingv, all thestabletwigs resultingfrom theabove
decompositionwill be simple paths except perhapsfor
the single twig, say Tj that containsthe only branching
node vn . More concretely, let the stable-twig decom-
position of v be as follows: T1 = v1=� � � =vk1 , : : : ,



Tj = vk j � 1 +1 =� � � =vn [u1=� � � =um 1 ]=� � � =vk j , : : : Tq =
vkq� 1 +1 =� � � =vkq , Tq+1 = um 1 +1 =� � � =um 2 , : : : , Tq+ l =
um l +1 =� � � =um l +1 , where0 < k1 < k2 < � � � < n + m =
kq and0 < m1 < m2 < � � � < k = m l +1 . Note that,
in theabovedecomposition,thestabletwigsT1; : : : ; Tq es-
sentially cover the main path of the expression(with the
only “true” twig Tj possiblycoveringpart of thebranch),
whereastwigs Tq+1 ; : : : ; Tq+ l cover the remainderof the
u1=� � � =uk branch. Given this decompositionof the em-
beddingv, we now employ the well-known Chain Rule
from probability theory [10] to rewrite the requiredfrac-
tion asfollows (for simplicity, we use� i for thesetof all
predicatesin twig Ti and � j for the predicateon branch
nodeuj ):

f (vf � g) = f (Tq f � qg)�
q� 1

�

i = j

f (Ti f � i g=vk i +1 j Ti +1 f � i +1 g= � � � =Tq f � qg)

�
l

�

i =1

f (um i [Tq+ i f � q+ i g] j Tj f � j g[um 1 +1 f � m 1 +1 g=

� � � =um i f � m i g]=Tj +1 f � j +1 g= � � � =Tq f � qg)

�
j � 1

�

i =1

f (Ti f � i g=vk i +1 j Ti +1 f � i +1 g= � � � =Tj f � j g

[u1 f � 1g=� � � =uk f � k g]= � � � =Tq f � qg):

Note that the secondproductterm above capturesthe se-
lectivity of the complex expressionalong the “existen-
tial” branchu1=� � � =uk , whereasthe ®rst andthird prod-
uct termscapturethe selectivity alongthe main path. Of
course,by the Chain Rule, the f () frequency terms al-
ways conditionon the remainderof the complex path as
it is parsedin a“bottom-up” fashion;intuitively, thereason
for this conditioningis to capturethecorrelationsbetween
thevarioustwigs thatcomprisetheoverallpathembedding
vf � g. Also, note that the valuepredicatesfor the vk i +1

andum i nodesarenot includedin thefractionexpressions
for theTi andTq+ i termsabove,sincethey arealreadyac-
countedfor in theexpressionfor Ti +1 andTq+ i � 1 (respec-
tively) andincludedin the correspondingconditionalsfor
Ti andTq+ i . To simplify the above expression,our esti-
mationprocessmakesthefollowing “Twig-Independence”
assumption.

A1. [Twig Independence]Givena nodev in X S(G), the
distribution of incoming twigs Tf � g to v is inde-
pendentof the distribution of outgoingtwigs T 0f � 0g
from v for any value predicates� , � 0; more for-
mally, f (T f � g=v j v=T0f � 0g) � f (T f � g=v) and
f (v[T 0f � 0g] j T f � g=v) � f (v[T 0f � 0g]).

Twig IndependenceessentiallygeneralizesourearlierPath-
and Branch-Independenceassumptions[20] to our more
generaltwig-decompositionschemefor path expressions
with value predicates. Using Assumption(A1), we can
eliminatemost of the conditioningsand simplify our ex-

pressionfor f (vf � g) to:

f (vf � g) � f (Tq f � qg) �
q� 1

�

i =1

f (Ti f � i g=vk i +1 j vk i +1 f � k i +1 g)

�
l

�

i =1

f (um i [Tq+ i f � q+ i g] j um i f � m i g) (1)

That is, the only conditioningthat remainsover the f ()
fractionsis on the value predicateimposedon the refer-
encednodein our XSKETCH synopsis.Now, let Bq+ i de-
note the branch expressioncorrespondingto the F-stable
pathTq+ i in our decompositionof theu1=� � � =uk branch;
that is, Bq+ i = um i +1 [um i +2 =� � � =um i +1 ], for i =
1; : : : ; l . Applying the ChainRule onceagainfor the in-
dividual termsin theaboveproducts,wehave:

f (Ti f � i g=vk i +1 j vk i +1 f � k i +1 g) = f (vk i =vk i +1 j vk i +1 f � k i +1 g)

� f (Ti f � i g j vk i =vk i +1 f � k i +1 g)

� f (vk i =vk i +1 j vk i +1 f � k i +1 g) � f (Ti f � i g); (2)

wherethelastderivationfollowsfrom Twig Independence
(A1). Similarly,

f (um i [Tq+ i f � q+ i g] j um i f � m i g) � f (um i [um i +1 ] j um i f � m i g)

� f (B q+ i f � q+ i g]): (3)

To simplify the resultingfractionsfurther, we make one
more independenceassumptionthat aims to compensate
for the lack of statistical-correlationinformation across
non-stableedges.

A2. [Edge-Value Independence Across Non-Stable
Edges] Considera nodev in X S(G) and let u (w)
be a non-B-stableparent(resp.,non-F-stablechild)
of v in X S(G). Then, the distribution of incoming
(outgoing)edgesfrom u (resp.,to w) acrossthe ele-
mentsin extent (v) is independentof the elements'
values; that is, for any predicate� on the valuesof
v elements,we have f (u=v j vf � g) � f (u=v) and
f (v[w] j vf � g) � f (v[w]).

Assumption(A2) essentiallysimpli®espath-valuecorrela-
tions along non-stableedges;obviously, sinceit directly
dealswith nodevaluesand value predicates,it doesnot
have an analogin our estimationframework for structural
XSKETCHes[20]. CombiningEquations(1), (2), (3), and
Assumption(A2), weobtainthefollowing ®nal expression
for the selectivity estimateof our branching-pathembed-
ding:

f (vf � g) �
q

�

i =1

f (Ti f � i g) �
l

�

i =1

f (Bq+ i f � q+ i g])

�
q

�

i =1

f (vk i =vk i +1 ) �
l

�

i =1

f (um i [um i +1 ]) (4)

Intuitively, theaboveformulagivestheselectivity estimate
for the embeddingvf � g asa productof two key compo-
nents:(1) thefractionsof elementsdiscoveredby thestable



pathsandbranches(in general,stabletwigs) in theembed-
ding, i.e., the®rst two producttermsin Equation(4) (note
that thesetermscaptureall valuepredicatesin � ); and,(2)
theselectivitiesof pathor branchedgesalongthe“stability
breaks” in thev embedding,i.e.,thelasttwo productterms
in Equation(4). It is easyto extend the estimationfor-
mulaabove to themostgeneralcaseof multi-branch com-
plex pathexpressions.Equation(4) generalizesour earlier
selectivity-estimationformula for complex pathswithout
valuepredicates[20] that, essentially, comprisedonly the
last two producttermsin (4); of course,if no valuepredi-
catesareinvolved(i.e.,all � i 'sareempty),thenbothof the
leadingproducttermsin (4) would evaluateto 1 sinceall
thereferencedpathsandbranchesarestable[20].

The selectivity termsacross“stability-break” edgesin
theXSKETCH (f (vk i =vk i +1 ) andf (um i [um i +1 ])) areesti-
matedusingtheBackward-andForward-EdgeUniformity
assumptions(A3-A4) exactly as in our structuralestima-
tion framework [20]. Thus,the new challengethat arises
in thepresenceof pathexpressionswith bothstructuraland
valuepredicatesis to utilize theXSKETCH-summaryinfor-
mation to provide soundestimatesfor the selectivities of
stabletwigs with selectionpredicateson nodevalues.We
addressthisproblemnext.

4.2 Stable-Twig Estimation Algorithm
Considera stabletwig embeddingT in anXSKETCH syn-
opsisX S(G), andlet � denotea collectionof valuepred-
icatesover the nodesof T . Our goal is to utilize the sta-
tistical information in X S(G) to obtain an estimatefor
f (T f � g), thefractionof dataelementsthatarediscovered
by the“value-restricted”twig embeddingTf � g.

Onceagain,to simplify the exposition,we considera
single-branchstabletwig T ; our discussioncaneasilybe
extendedto thegeneral,multi-branchcase.(WealsouseT
asthesetof XSKETCH nodesin the twig whenno confu-
sionarises.)Let v beanodein T . GivenasetS of ancestor
and/ordescendantnodesof v in T , let twig (v; S) denote
thesub-twigof T thatconnectsv to all thenodesin S, and
let � (S) denotethesetof valuepredicatesonnodesof S in
our twig query(i.e., therestrictionof � to S).

Our algorithmfor estimatingthe selectivity of a stable
twig embeddingTf � g (termedTWIGEST) is depictedin
Figure3. Brie�y , our TWIGEST algorithmexamineseach
nodev in themainpathof thetwig embedding(in reverse
order) and considersthe set of value predicatesthat can
be directly “covered” by thenode's joint-distribution his-
togram basedon its correlationscopedep(v). When a
branchingnode(e.g., vn ) is encountered,TWIGEST tra-
versesthebranchtop-down onceagainusingnodes'corre-
lation scopesto cover valuepredicatesin thebranch.This
coveringof valuepredicatesis basedon successive appli-
cationsof the Chain Rule as we parsethe twig embed-
ding;of course,sinceeachnodecarriesonly limited value-
correlationinformation,our estimatereliesonone®nal in-

dependenceassumptionfor element-valuedistributions.

A5. [Value-IndependenceOutside Corr elation Scope]
Thedistributionof elementsin theextent of anXS-
KETCH nodev is independentof the valuesin other
XSKETCH nodesu that arenot in v's direct correla-
tion scope,i.e.,u 62dep(v).

Assumption(A5) allowsusto simplify theChain-Rulecon-
ditionalsto obtaintheconditionalprobabilityf � in Step11
of TWIGEST, whichcanbedirectlyestimatedusingthehis-
tograminformationin v. Onceall valuepredicatesin the
embeddingTf � g havebeencovered,TWIGEST returnsthe
accumulatedselectivity estimatefor f (T f � g).

procedure TWIGEST(X S(G),T f � g)
Input: XSKETCH X S(G); stabletwig T = v1=� � � =vn � k � 1=�

vn [vn � 1=� � � =vn � k ]=vn +1 =� � � =vn + m with value
predicates� .

Output: Estimateof theselectivity fractionf (T f � g).
begin
1. Covered := � ; Uncovered := f nodeswith valuepredicatein � g
2. result:= 1; index := n + m; v := vindex

3. while Uncovered 6= � do
4. // checkfor predicatescoveredby nodev'sstatistics
5. if ( Uncovered\ dep(v; T ) 6= � ) then
6. // �nd coveredanduncoveredancestors/descendantsof
7. // v thatarein its directªcorrelationscopeº
8. C := Covered \ dep(v; T )
9. U := Uncovered\ dep(v; T )
10. Usingtheelementdistribution information(histogram)

atv, computetheconditionalfraction:
11. f � := f (twig (v; U)f � (U)g j twig (v; C)f � (C)g)

=
f (twig (v;U [ C)f � (U[ C)g)

f (twig (v;C)f � (C)g) :

12. // updateresultestimateandcovered/uncoverednodes
13. result:= result� f � ; Covered := Covered [ U
14. Uncovered := Uncovered� U
15. endif
16. index := index � 1; v := vindex // move to next twig node
17. endwhile
end

Figure3: The TWIGEST Algorithm for Selectivity Estimation
over StableXSKETCH Twigs.

5 XSKETCH Construction

In thissection,we turnourattentionto theimportantprob-
lem of effective XSKETCH constructionfor a given syn-
opsisspacebudget. Brie�y , our approachis basedon us-
ing successive, localizedre�nementoperations to gradu-
ally evolveaninitial, coarseXSKETCH into amoredetailed
synopsisthatcapturesthe importantpathandvaluecorre-
lationsin thedata.We ®rst discussthespeci®csetof XS-
KETCH re®nementoperationsthatweuse,andthenpresent
ourconstructionalgorithmin moredetail.



5.1 Re�nements

In order to approximatepath-expressionselectivities, our
XSKETCH estimationframework (Section4) relies on a
numberof statistical (uniformity and independence)as-
sumptionsthatcompensatefor thelackof detailedpathand
value information in the synopsis. Clearly, the accuracy
of an XSKETCH (and the resultingselectivity estimates)
dependcrucially on the validity of theseassumptionsand
the degreeto which they re�ect the statisticalcharacteris-
tics of the underlyingpath/valuedistribution in the actual
data. To build aneffective XSKETCH, we needto beable
to appropriatelyre�ne the synopsisstructurefor regions
of the datagraphwhereour estimationassumptionsfail,
sincetheseregionsare likely to result in high estimation
errors. (The relational-world analogwould be allocating
morebuckets to “dif ®cult” dataregionsduring histogram
construction[22].) In this section,we introducesuchlo-
calizedre®nementoperationsfor XSKETCH synopses.We
categorize our re®nementoperationsinto two types: (1)
structural re�nementsthat re®nethe pathstructurein the
XSKETCH, and(2) valuere�nementsthatre®nethevalue-
distribution informationmaintainedin XSKETCH nodes.

Structural Re�nements. Ourstructural-re®nementopera-
tionstry to improveestimationaccuracy by locally re®ning
thepathandbranchingstructureof theXSKETCH in order
to captureimportantstructuralcorrelationsin thedata.Ab-
stractly, eachre®nementoperationusesa partitioningcri-
terionto split anXSKETCH nodeu into asetof new nodes
f ui g, sothateithersomeuniformity/independenceassump-
tion(s)areeliminatedfor thenew synopsisnodesf ui g, or
at leastsuchassumptionsaremuchmore realistic for the
new nodesf ui g thanu (similar to histogram-bucketsplits).
Thus,successivere®nementsevolvethesynopsisto alarger
andmoreprecisestructure.Our threestructural-re®nement
operations,namelyb-stabilize , f-stabilize andb-
split , arede®nedexactly asfor our structuralXSKETCH

synopses[20], with the addition of two post-processing
steps(commonto all structuralre®nements)thathandlethe
valuedistribution information(possibly)maintainedin the
XSKETCH nodeu beingsplit. Thede®nitionof our struc-
tural re®nementsaswell asdetailson thepost-processing
stepscanbefoundin thefull versionof this paper[21].

Value Re�nements. Our value-re®nementoperationstry
to improveestimationaccuracy for valuepredicatesby in-
creasingthe granularityof the value-distribution informa-
tion maintainedat individual XSKETCH nodes.Abstractly,
there are two ways to improve the accuracy of the dis-
tribution information at an XSKETCH node u: (1) give
more space(i.e., additionalbuckets) to the histogram(s)
alreadyin u, and (2) expandthe correlationscopeof u,
so thatadditionalvaluecorrelationswithin u's stabletwig
neighborhoodarecaptured.Thus,we introducetwo new
value-re®nementoperationsfor XSKETCH nodesu with
histograminformation: (1) add-bucket which allocates

morespaceto histograms,and(2) expand , whichexpands
the correlationscopeof a node. A detaileddiscussionof
our two value-re®nementoperationscan be found in the
full paper[21].

5.2 Construction Algorithm
Building anXSKETCH thataccuratelysummarizesa large
XML datagraphwithin a given spacebudgetis, in many
respects,similar to otherstatistical-modelinferenceprob-
lems, where the goal is to infer an “optimal” statistical
model(e.g.,Bayesianor Markov) from anunderlyingdata
set. Unfortunately, we have demonstratedthat (like most
suchproblems[19]) our effective XSKETCH construction
problemis N P-hard, even for the much simpler caseof
purely structural XSKETCHes (i.e., when no valuesare
present)[20].

Based on this intractability result, we propose a
computationally-ef®cient heuristicalgorithm for building
XSKETCH synopses.Abstractly, our algorithmviews XS-
KETCH constructionas a searchproblemover the space
of all possibleXSKETCH synopses,and usesour local-
ized XSKETCH re®nementoperationsto effectively ex-
plore this space.More speci®cally, our algorithm(termed
BUILDXSKETCH) is basedon a greedy, forward-selection
paradigmthatstartsout with a verycoarsesynopsismodel
andincrementallyaddsmorecomplexity usingour local-
ized XSKETCH re®nements. The initial (coarse)synop-
sis is basically the label-split graph [20] (that partitions
data elementnodesinto synopsisnode basedsolely on
their label)augmentedwith minimal distribution informa-
tion: for eachsynopsisnodev thatcontainsvalues,a triv-
ial (i.e., single-bucket) one-dimensionalhistogramis cre-
ated to capturethe distribution of valuesin extent (v).
Our XSKETCH-re®nementstrategy is basedon the ideaof
marginal gains [11]: at eachstep, the re®nementopera-
tion thatresultsin the largestincreasein accuracy perunit
of extra spacerequired(and, of course,doesnot violate
our overall spacebudgetfor the synopsis)is selectedfor
inclusionin theXSKETCH. To avoid gettingtrappedin lo-
cal minima, BUILDXSKETCH takesa numberof random
steps(i.e., randomnodere®nements)when no accuracy-
improvingneighborcanbefound.Werely ontwo key tech-
niquesin orderto keeptheconstructionprocesstractable:
(1)usingareasonablyaccurate(andlarge)referencesynop-
sisof thedatagraphinsteadof theraw datafor evaluating
XSKETCH con®gurations,and (2) biasedpath and node
samplingto select“interesting”regionsof thedatafor our
re®nementsandXSKETCH evaluations.Thecompletede-
tailsof ourXSKETCH-constructionalgorithmcanbefound
in thefull versionof this paper[21].

6 Experimental Study
In this section,we presentresultsfrom anempiricalstudy
that we have conductedusing our novel XSKETCH syn-
opsesover real-life andsyntheticXML datasets.Our re-



IMDB XMark

No. of Elements 102,755 87,480

LabelSplit
Graph

No. Nodes 164 80
Total Size 9.1KB 4.1KB
Sizeof Hists 1.7KB 688B

Reference
Synopsis

No. Nodes 49,181 83,466
Total Size 1.9MB 3.3MB
Sizeof Hists 388KB 667KB

Table1: Characteristicsof theTwo DataSets.

sultsdemonstratetheability of XSKETCHesto captureim-
portantpathandvaluecorrelationsin the underlyingdata
usingonly limited space,andto provide accurateselectiv-
ity estimatesfor complex pathexpressions.

6.1 Testbedand Methodology

Techniques.OurprototypeXSKETCH implementationim-
plementsthefull estimationframework of Section4, using
one-dimensionalhistogramsto summarizevaluedistribu-
tionsundersynopsisnodeswith values.As aresult,oures-
timationalgorithmreliesonvalueindependenceto approx-
imate path expressionswith value predicates.We found
that, even thoughsuchindependenceassumptionsarenot
valid in general,they aresuf®ciently accuratefor thedata
setsusedin ourevaluation.We arecurrentlyextendingour
prototypewith (conventionalandrange)multi-dimensional
histograms.

Our constructionalgorithmconsidersre®nementson a
biased10% sampleof all summarynodesanddetermines
thescoreof eachoperationbasedonabiasedsampleof 100
labelpaths.Notethat,in our currentimplementation,XS-
KETCH constructiondoesnot considerexpand re®nement
operations,sinceall nodehistogramsareone-dimensional.

Data Sets.We useonereal-life andonesyntheticdataset
in our evaluation.
IMDB: This is a real-life, graph-structureddataset from
the InternetMovie Database(www.imdb.com ). It con-
tainsa largenumberof IDREF edgesresultingin a highly
irregularandcyclic pathstructure.
XMark: This is asynthetic,graph-structureddataset,mod-
eling the activities of an on-line auctionsite (www.xml-
benchmark.org ). Thepathstructureis highly irregular
but thedatasetdoesnot containany cycles.

Table1 summarizesthemaincharacteristicsof our data
sets.In bothcases,we observe thatour accuratereference
synopsis(i.e. the B/F-bisimilar graphaugmentedwith an
accuratehistogramfor eachextentwith values)requiresa
considerableamountof storageandis, therefore,impracti-
cal asa concisecompile-timesynopsis.This is obviously
expected,giventhehighly irregularstructureof theIMDB
andXMark datasets. Note that the sizesreporteddo not
includethe spacerequiredto storethe actualtext of each

IMDB XMark

Branching
Paths

w/o predicates 1901 1057
with predicates 478 254

Simple
Paths

w/o predicates 933 771
with predicates 483 302

Table2: AverageQueryWorkloadResultSizes.

label;eachlabelis hashedto anintegerandstoredin asep-
aratestructurethatis notpartof thesummary.

Workload. We evaluatethe accuracy of eachsynopsis
againsta workload of positive path expressions,i.e., ex-
pressionsthat have a non-zeroresult size in the original
data. We form theworkloadby samplingdocumenttwigs
or pathsfrom the referencegraphandconverting themto
the correspondinglabelpaths.The lengthof pathexpres-
sions is uniformly distributed between2 and 5, and the
workloadcontains500pathexpressionswith nopredicates
and500expressionswith onevaluerangepredicate.Each
value predicatecoversa random10% rangeof the value
domainof the tag it is attachedto. We form two typesof
workloads:(1) BranchingPaths, wherehalf of thepathex-
pressions(with and without a value predicate)containa
branchingpredicate,and(2) SimplePaths, whereno path
expressioncontainsbranchingpredicates.Table2 summa-
rizestheaverageresultsizeof eachtypeof pathexpression
acrossour two datasets.

We have also experimentedwith negative workloads,
containingqueriesthat have a zero count in the original
data. Our XSKETCH summariesconsistentlyproduced
closeto zeroestimateswith negligible error, and,therefore,
we omit theseresultsfrom ourpresentation.

Evaluation Metric. We quantify the accuracy of an XS-
KETCH summarybasedon the average absoluterelative
error of resultestimatesoverpathexpressionsin ourwork-
load. Givena pathexpressionp with trueresultsizec, the
absoluterelativeerrorof theestimatedcounte is computed
asje� cj=max(c;s). Parameters representsasanitybound
that essentiallyequatesall zeroor low countswith a de-
fault count s and thus avoids inordinatelyhigh contribu-
tions from low-countpathexpressions.We setthis bound
to the10-percentileof thetruecountsin theworkload(i.e.,
90% of the pathexpressionsin the workloadhave a true
resultsize� s).

In our results,we report the estimationerror for path
expressionswith value predicates,termedPred, the esti-
mationerrorfor pathexpressionswithoutvaluepredicates,
termedNoPred, andtheoverallerrorfor bothtypesof path
expressionsin theworkload,termedOverall.

6.2 Experimental Results

XSKETCH Performancefor Branching Paths. In thisex-
periment,weevaluatetheperformanceof our XSKETCHes
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Figure4: XSKETCH EstimationError for BranchingPaths.

for branchingpathexpressionswith rangevaluepredicates.
Figure4 depictstheestimationerrorof XSKETCHesfor

theIMDB andXMark datasetsasa functionof thesynop-
sissize.Notethat,in all thegraphsthatwe present,thees-
timationerrorat thesmallestsummarysizecorrespondsto
thelabel-splitgraphsynopsis.OurresultsindicatethatXS-
KETCHesconstitutean ef®cient andaccuratesummariza-
tion methodfor graph-structuredXML documents:even
for a small spacebudgetof 10KB-20KB, estimationerror
dropssubstantiallyandis lower thantheerrorof thecoars-
estsummary(label-splitgraph).Theimprovementis more
evidentfor theIMDB datasetwhereestimationerrordrops
closeto 10% usinga small fraction (1%) of the spacere-
quiredby the“near-perfect”referencesynopsis(Table1).

In bothworkloads,theestimationerrordropsfasterdur-
ing the ®rst few iterationsof our constructionalgorithm
and follows a more gradualdecreasethereafter. This in-
dicatesthatour XSKETCH constructionalgorithmcaptures
the most importantcorrelationsearly in the build process
and then gradually re®nesthe summarywith respectto
“lessdominant”dependencies.Wenotethatthelocally op-
timal decisionsof the greedyconstructionalgorithm can
causeminor �uctuations in the accuracy of the generated
summaries,but, in general,estimationerroris decreasedas
morestorageis allocated.

Overall, our results indicate that our XSKETCH syn-
opsescan yield accurateselectivity estimateswith low
spaceoverheadandcanbeef®ciently constructedwith our
forwardselectionalgorithm.

XSKETCH Performancefor Simple Paths. In this exper-
iment, we focuson the simplercaseof simple(i.e., non-
branching)pathquerieswith valuepredicates.

Figure5 depictstheXSKETCH estimationerror for the
IMDB andXMark datasetsasa function of the synopsis

size. Our resultsclearlyshow that XSKETCHescanaccu-
ratelyestimatetheselectivities of simplepathexpressions
with valuepredicatesover graph-structuredXML data. In
both datasetsand for an alloted spacebudget of 15-20
KBytes, theestimationerror dropsbelow 10% andis sig-
ni®cantly lower thantheerrorof thecoarsestsummary, the
label-splitgraph.In addition,this low erroris achievedfor
a fractionof thesizeof thereferencesynopsis(Table1). In
theIMDB dataset,for example,XSKETCHesdropthees-
timationerrorfrom 50%to 5% for a spacebudgetequalto
only 0.07%of thesizeof the referencesynopsis.Regard-
ing the constructionprocessitself, we oncemoreobserve
that our XSKETCH constructionalgorithmis able to cap-
ture the mostimportantpathandvaluecorrelationsin the
dataduring the ®rst few stepsof the build process,thus
reducingthe estimationerror substantiallyfor small XS-
KETCH sizes.Overall,XSKETCHescanef®cientlycapture,
in limited space,thesimplepathstructureandvaluedistri-
bution of the input data,thusproviding accurateestimates
for simplepathexpressionswith valuepredicates.

7 Conclusions
In this paper, we have proposeda novel XSKETCH graph-
synopsismodel for XML datagraphswith raw dataval-
ues. Our proposedsynopsesexploit localized stability
andvalue-distributionsummariesto accuratelycapturethe
complex correlationpatternsthat can exist betweenand
acrosspathstructureandelementvaluesin thedatagraph.
WehavealsodevelopedasystematicXSKETCH estimation
framework for pathexpressionswith valuepredicatesthat
relieson appropriatestatisticalassumptionsto compensate
for thelackof detailedinformationin thesynopsis.Finally,
we have proposedan ef®cient XSKETCH constructional-
gorithm basedon greedyforward selection.Resultsfrom
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Figure5: XSKETCH EstimationError for SimplePaths.

our XSKETCH implementationhave veri®edtheeffective-
nessof ourapproach.
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