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Abstract

All existing proposals for querying XML (e.g.,
XQuery) rely on a pattern-speci cationanguagethat
allows (1) path navigationand branching throughthe
label structue of the XML datagraph,and (2) pred-
icateson the valuesof speci ¢ path/branchnodes,in
orderto reachthe desireddataelements. Optimizing
suchqueriedepend<rucially onthe existenceof con-
cise synopsisstructuresthat enableaccuratecompile-
time selectvity estimategor complex pathexpressions
over graph-structuredML data. In this paper we
extent our earlier work on structural XSKETCH syn-
opsesandwe proposean (augmentedX SKETCH syn-
opsismodelthat exploits localizedstability andvalue-
distribution summariege.g., histograms}o accurately
capturethe complex correlationpatternsthat can exist
betweerandacrosgathstructureandelementaluesin
thedatagraph.We developa systematicK SKETCH es-
timation framework for complex pathexpressionsvith
value predicatesand we proposean ef cient heuristic
algorithmbasedon greedyforward selectionfor build-
ing aneffective X SKETCH for a givenamountof space
(whichis, in general,an N P -hard optimizationprob-
lem). Implementatiorresultswith both syntheticand
real-life data setsverify the effectivenessof our ap-
proach.

1 Intr oduction

TheExtensibleMarkupLanguag&XML) is rapidlyemeg-
ing as the new standardfor datarepresentatiorand ex-
changeon the Internet. The simple, self-describingna-
ture of the XML standardromisego enablea broadsuite
of next-generationinternetapplications rangingfrom in-
telligent web searchingand queryingto electroniccom-
merce. In mary respectsXML representsn instanceof
semistructued data [13, 15]: the underlyingdatamodel
comprisesa labeledgraphof elementnodes,whereeach
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elementcanbe eitheranatomicdataitem (i.e., raw values
storedwith elements)r a compositedatacollectioncon-
sistingof referencegrepresentedsgraphedges)o other
elementsn thegraph.Further labels(or, tags) storedwith

XML dataelementsdescribethe actualsemanticsof the
data.

Sophisticatedjuery-processingngineghatallow users
and applicationsto effectively tap into the large amounts
of datastoredin XML databasearoundthe globearego-
ing to be crucial to ful®lling the full potential of XML
and enablingInternet-scaleapplications. Realizingsuch
Internet-scaleXML query processorglike, e.g., Xyleme
(www.xyleme.com ) or Niagara[17]), in turn, hingeson
providing effective supporffor high-level, declaratve XML
qguery 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®catiotanguage
(like, e.g., XPath [7]) built around path and subtee
(“twig”) expressions Theseexpressiongeplacethe tra-
ditional SQL FROMlauseandenableselectionsdbasedon
value predicatesas well as path navigationand branch-
ing throughthe XML datagraphin orderto reachthe
relevant dataelements. While simple path querieswere
popularizedin the contet of object-orienteddatabases,
the pattern-speci®catiodanguagesproposedfor graph-
structuredXML dataare substantiallymore complex. 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
gueriesto navigate along pathsin the data graph using
label names,wild cards, value predicatesand branch-
ing predicateson the existenceof speci®csibling paths.
As a concreteexample, in a bibliography databasethe
XPath expression/author[book]/paper/vidb[year
> 1997]hitle selectsthe setof all VLDB paperti-
tle s publishedafter 1997 by author s that have pub-
lishedat leastonebook (speci®edvy theauthor[book]
branch).

Optimizing XML querieswith complex path expres-
sions dependscrucially on the ability to obtain effective
compile-timeestimatedor the selectvity of theseexpres-



sions over the underlying (large) graph-structuredKML
database Similar to relationalquery optimization,select-
ing anef®cientquery-eecutionplanrelieson theaccurate
estimationof the numberof XML elementsthat are ac-
cessedrom (i.e.,“satisfy”) apath-epressiorspeci®cation.
Clearly, to befeasibleat query-optimizatiortime, this esti-
mationprocessasto dependnaconciseandaccuratesta-
tistical synopsi®f thestructureandvaluesof the XML data
graphthatcanprovide suchselectvity estimatesvithin the
memoryandtime constraintf the optimizer Of course,
suchasynopsisanalsobeaninvaluabletool for providing
userswith fastapproximateanswersandquick feedbacko
their queriesgitherbeforeor duringqueryexecution.

Prior Work.! Summarizinga large XML datagraphfor
the purposeof estimatingthe selectvity of arbitrary path
expressionswvith valuepredicatess a substantiallydiffer-
ent and more dif®cult problemthan that of constructing
synopsedor at, relationaldata(e.g.,[22, 23]). Recent
researctstudies[1, 5, 12, 24] have consideredpecialized
variantsof our XML summarizatiorproblem,focusingon
the simpli®ed caseof tree-structued (ratherthan graph-
structured)dataandrestrictedpathexpressionge.g.,sim-
ple pathswith no branchingpredicates). It is unclearif
theseearliertechniqguesanbe extendedo generalgraph-
structuredXML databasegvherenon-treeedgescanarise
naturallyasexplicit elementreferenceshroughid /idref
attributesor XLink constructg§2, 8]) with elementvalues.

Recentproposaldor exactandapproximatepath-index
structues for XML (e.g., [13, 14, 1€]) also attemptto
capturethe path structurein the underlying XML data
graph. Unfortunately the usefulnessof such structures
asoptimization-timesynopsegor selectvity estimationis
limited, since(a) exactindexes(e.g.,the 1- and T-index)
can grow to a fairly large proportion of the data-graph
size[14, 16]; and,(b) approximatendexes(e.g.,the A(k)-
index [14]) do notexplicitly try to capturetheessentiasta-
tistical characteristic®f the data-graphdistribution. Fur
ther, no path-index structurehasaddressedhe issuesthat
arisein the presenc®f elementvalues.

Our Contributions. In ourearlierwork [20], we have pro-
posedhe X SKETCH synopsignodelfor effectively captur
ing thekey structuml (i.e., labelpathandbranching)har
acteristicsof large XML datagraphs. In this paper we
tackle the dif®cult problemof augmentingour structural
X SKETCH synopsesvith concise yetaccuratelistribution
informationon the elementvaluesin the XML data. Our
proposedaugmentedX SKETCH synopsegrovide an ef-
fectivetool for selectvity estimatiorof fully-general,com-
plex pathexpressionshatcanincorporatevaluepredicates
on any of the nodesin the label path or branchesof the
query structure. To the bestof our knowledge, ours is

1Dueto spaceconstraintsa detailedovervien of relatedwork canbe
foundin thefull versionof this paper21].

the ®rst work to addresghis timely problemin the most
generakettingof graph-structureXML datawith element
values.More concretelythe key contributionsof ourwork
aresummarizedsfollows.

De nition and SystematicEstimation Framework for
(Structur e and Value) XSKETCH Synopses. We give a
formal de®nitionof our X SKETCH synopsianodelthatex-
ploits localizedstability and value-distritution summaries
(e.g.,histograms}o accuratelycapturethe comple corre-
lation patternghatcanexist betweerandacrosgathstruc-
ture and elementvaluesin the XML datagraph. We de-
velopa systematiestimationframework for parsingcom-
plex pathexpressionawith valuepredicatever a concise
XSKETCH synopsisand producingan approximateselec-
tivity estimate. Like ary estimationtechniquebasedon
concisedatasynopsespur proposedramenork relieson
appropriatestatistical (uniformity and independencegs-
sumptionsto compensatéor the lack of detailedinforma-
tion.

Ef cient XSKETCH Construction Algorithm. Building
effective X SKETCH synopsess a hardoptimizationprob-
lem that we have demonstratedo be N P-hard even for
themuchsimpler“structure-only”’casef20]. Giventhein-
tractability of the problem,we proposean ef®cientheuris-
tic algorithmfor X SKETCH constructionbasedon greedy
forwardselection.Brie y, our algorithmworks by succes-
sive structuralandvalue-distrilution re®nementghat pro-
gressiely evolve a very coarseinitial summaryto a more
accuratesynopsis.

Implementation ResultsValidating the X SKETCH Ap-
proach. We presentesultsfrom anexperimentalstudy of
X SKETCHeswith syntheticandreal-life datasetsthatver
ify the effectivenessof our approach.Our resultsdemon-
stratethe effectivenessof X SKETCHes in capturingim-
portantdatapathandvaluecorrelationsusingonly limited
space.

2 Background

XML Data Model. Following previous work on XML
and semistructuredlata[13, 14, 16], we modelan XML
databaseas a directed, node-labeleddata graph G =
(Ve;Eg). Eachnodein Vg correspondgo an XML el-
ementin the databas@ndis characterizedby (a) a unique
objectidenti er (oid), (b) a label (assignedrom someal-
phabetof string literals) that capturesthe elements 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 E¢ are
usedto captureboth the element-subelememntlationships
(i.e.,elemennestingor explicit elementeferenceshrough
id /idref attributesor XLink constructg2, 8, 14, 15]) and
the element-alue 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
gueriedin comple pathexpressiong4]. As anexample,
Figure 1(a) depictsan exampleXML datagraphmodeled
after the InternetMovie DatabasgIMDB) XML dataset
(www.imdb.com ), showving two moviesandthreeactors.
The graphnodecorrespondingo a dataelementis named
with anabbreviation of the elements labelanda uniqueid
number Also, asshavn, eachmovie (M) elemenis associ-
atedwith two values(i.e., year of productionandbox-
Office sales),and eachactor (A) elementis associated
with onevalue(i.e.,name of theactor);the speci®cvalues
for eachelementarenot shavn to avoid clutteringthe ®g-
ure. Dashedines are usedfor graphedgescorresponding
toid-idref relationships.
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Figure 1. ExampleXML Data Graph (a) and Structural X S-
KETCH Synopsigb).
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XML Query Model. Abstractly anXML pathexpression
I (e.g.,in XQuery[4]) de®nesa navigationalpathoverthe
XML datagraph,specifyingconditionson the labelsand
(possibly) the value(s)of dataelements. A simple path
expressionis of the generalform | ;f ;0= = ,.f g,
whereeach ; denotesinelementabelandeach ; denotes
a (possiblyempty) selectionpredicateon the value(s)of
correspondinglementsTheresultsetof this pathexpres-
sionincludesall elements, for which thereexistsa path
e;= =g, inthedatawith label () = | ; andvalue (&)
satisfyingpredicate ;. ?

More comple, branching path expressionshave the
generaform| = | 4f 1g[l }f 1gl= =l.f o[l "f "g],
where |; and ; denote labels and value predicates,
andlf ig are (possibly empty) branchingpath expres-
sions. A branchingpath expressionis formed from a
simple path expressionl ;f ;0= = ,f ,g by attach-
ing the branch predicatesl 'f g at speci®clabels. Each
[I'f ig] clauserepresentsin existentialcondition, requir
ing that there exists at leastone | 'f ig twig at point
i of the expression. For example, considera 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-

20urnotationis slightly differentfrom thatof XQuery, aswe areusing
fg to distinguishvaluepredicatesrom element-branchingredicategde-
notedby []). Also, to simplify the presentationye do not shav explicit
dereferenceperatordor id-idref edgesdn our pathexpressions.

of®ce sales;we canexpressthis query as the branching-
path expressionActor[WebLink]/MovieRef/IDREF/-

Movie f boxOffice>100M g. Notethat,assuminghatboth
M4 andM5 grossedover $100M, our exampleexpression
would returnonly elementM4. To simplify the notation,
we oftenusel and asashorthandor thelabelstructure
andthe setof value predicatesn a path expression,and

| f gasashorthandor thefull, “value-restrictedpathex-
pression.

3 Structure and Value X SKETCH Synopses
3.1 Overview of Structural X SKETCHes

Abstractly our structumal XSKETCH synopsis mecha-
nism[20] relieson a genericgraph-summarynodelfor an
XML datagraphG = (Vs;Eg), which is essentiallya
node-labeleddirectedgraphstructureS(G) = (Vs;Es),
where: (1) eachnodein v 2 Vs corresponds$o 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;Vv) 2 Eg is represented
in Es asanedgebetweerthe nodeswhoseextentscontain
thetwo endpointau andv. To enableselectvity estimates
for complex pathexpressionsgachnodev of S(G) only
capturessummaryinformation aboutG in the form of a
count®eld (count (v)) thatrecordghenumberof elements
in G thatmaptov, i.e., thesizeof v's extent . (We usev
andextent (v) interchangeablyn whatfollows.)

Our structural X SKETCH synopsesre speci®cinstan-
tiations of this genericgraph-synopsisnodel that record
someadditionaledge-labeinformationto capturdocalized
badkward- and forward-stability conditionsacrosssynop-
sisnodes[18, 20]. We saythata nodeu is B(akwar)-
stable (F(orward)-stablg with respectto a parent(resp.,
child) node v in the synopsis,iff all data elementsin
extent (u) have at leastone parent(resp.,child) element
in extent (v). Intuitively, B-stability guaranteethatall el-
ementdn u descendrom v and,thereforecount (u) is an
exactestimatefor the expressiorv=u; similarly, F-stability
ensureghatall elementsn u reachatleastoneelementn
v and,thereforecount (u) is anexactestimatefor u[v].

Denition 3.1 A structuml XSKETCH XS(G) =

(Vxs;Exs) for a data graph G is an edge-labeled
graph synopsisfor G, where the label for each edge
(u;v) 2 Exs isde®nedas:(1)label (u;v) = fBg,if vis
B-stablewrt u; (2)label (u;v) = fFg,if uis F-stablewrt
v; (3)label (u;v) = fB;Fg, if both(1) and(2) hold; and,
(Mlabel (u;v) = (empty),otherwise. |

Figure 1(b) depictsan example structural X SKETCH
synopsisfor the small IMDB datagraphin Figure 1(a).
Ourearlierwork [20] hasproposedh systemati@stimation
framawork that approximateghe selectvity of branching
label paths(with no value predicatespver concisestruc-
tural X SKETCHes,andhasdescribedeffective construction
algorithmsfor building suchsynopses.



3.2 Incorporating Value-Distribution Information
A naive solutionto addinginformationon elementvalues

would beto directly apply our structuralX SKETCH ideas,
simply treating different datavaluesas different “labels”
in the graph. Of course,the problemwith suchan ap-
proachis that the numberof distinct valuesin an XML
databaseés typically far greaterthan the numberof dis-
tinct elementlabels; thus, sucha naive solutionis likely
to causean explosionin the size of ary structuralgraph
synopsis.Eventhe coarsesgraphsynopsiq(i.e., thelabel-
splitgraphthatsimply groupsdatanodesby label[20]) can
becomdoolargeto beusefulasanoptimization-timestruc-
ture,whereagheperfectgraphsynopsiqgi.e., thefully B/F-
bisimilar graph[20]) caneasilybeaslargeasthedatabase
itself. Instead the key ideaof our proposedapproachis to
incorporatecompressedalue-distrilutioninformation(us-
ing, e.g.,histograms)n the nodesof an X SKETCH synop-
sisin orderto effectively capturethedistribution of element
valuesin nodes'extents. Despiteits deceptve simplicity,
this turnsout to be a ratherdif®cult problemsince,to be
effective, the resulting X SKETCH synopsesieedto accu-
rately capturecomplex correlationpatternsthat may exist
in the underlyinggraph-structuredata. More speci®cally
therearetwo key forms of correlationsthat our synopses
needto model.

(1) Path/\alue Correlations: Given a nodev in the XS-
KETCH, the characteristicof the value distribution for
dataelementsin extent (v) canvary drasticallydepend-
ing on the speci®clabel path(s)thatreachtheseelements
(or, leave from theseelements)in the data. For exam-
ple, considera bookstoredatabaseand a book -labeled
nodev 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-
taining a histogramfor the completesetof pricesunderv
is verylikely to produceinaccurateestimatedor selections
onbook pricesthatspecifyeitherof thetwo labelpaths.

(2) Value Correlations: Given a node v in the XS-

KETCH, the distribution characteristicsfor elementsin

extent (v) that are reachedthrough (or, lead to) a
speci c label path, can dependto a large extent on

the values of other elementson that path. Con-
tinuing with our bookstore example, assumethat we

have separatedout in a node v° of our synopsisall

book elementsthat are reachedthrough the label path
publisher =cs=tex tb ooks=book, andthatwe have both

an “expensve” anda “cheap” publisherin our database;
then,clearly, the pricesundernodev® arecorrelatecdo the
namesat the publisher  nodethat leadto them. Thus,
theselectvity of the pathexpressiompublisher fname =

Xglcs/textbooks/book f price>$100 g estimatedat v°

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

3.2.1 Our Solution: Structur e and Value X SKETCHes

Correlationdn ( at) relational-datasynopsesretypically
modeledusing concise multi-dimensionatepresentations
(e.g., histograms,wavelets) for the joint distribution of
correlatedattributes[9, 22, 23]. As the above discussion
demonstratesthe graph-structurechature of XML data
posesadditionalchallengegor theeffective summarization
of element-aluedistributionsin an X SKETCH, aswe need
to capturecorrelationsacrossboth datavaluesand data
structue. More speci®cally considethesetof all elements
in the extent of a speci®c XSKETCH nodev. Different
subsetof elementsn extent (v) (with, possibly differ-
entvaluecharacteristicsinay bereachabléy differentla-
bel pathsin the data(pathialuecorrelations)anddifferent
valuepredicatesndifferentlabelsonthepath(valuecorre-
lations). Clearly, keepingseparatgoint-distribution infor-
mation(e.g.,multi-dimensionahistogram®or waveletsyn-
opsesfor subset®f elementsn extent (v) for all possible
combinationsof incominglabel pathsandvalue-predicate
assignments impractical-thenumberof combinationss
simplytoolargeand,for accurateestimatesye would also
needto captureoverlapinformationbetweernsuchsubsets
of extent (v), thusexplodingthe compleity andspacee-
quirementsof the synopsis.Instead,our X SKETCH nodes
capturegoint-distribution informationonly alongpathsand
branchesof the synopsisthat are commonto all elements
in a nodes extent. Thus, given an XSKETCH nodev,
the joint-distribution informationrecordedfor elementsn
extent (v) consideronly thevaluecorrelationsn v's sta-
ble twig neighborhoodn the X SKETCH.

De nition 3.2 Letv bean XSKETCH node,andlet B (v)
denotethe setof all nodesin the XSKETCH that reachv
througha B-stablepath(includingv itself). Also, let F (v)
denotethe setof all nodesin the XSKETCH that canbe
reachedstartingfrom any nodein B (v) throughanF-stable
path. The stabletwig neighborhood STN of v is de®ned
asSTNv) = B(v) [ F(v). |

The key obsenation hereis that, by virtue of stability, the
stabletwig neighborhooaf an X SKETCH nodev captures
pathandbranchingstructurethatis commonto all datael-
ementsin extent (v). The joint-distribution information
recordedfor v in the XSKETCH tries to capturethe fre-
guencief elementsn extent (v) andtheir possiblecor-
relation(s)with the valuesof (a subsetof) othernodesin
STNv) along speci®cpaths(or, in general,twigs) within
STNv). In otherwords, our XSKETCH synopsesely on
(a) structural B- and F-stability to modelthe dependence
of elementvalueson path and branchingstructure(i.e.,
pathhalue correlations),and (b) multi-dimensionadistri-
bution synopsege.g., histograms)to modelvaluecorrela-
tionswithin stable“neighborhoods’df the X SKETCH.
Consideran X SKETCH nodev andlet T beatwig con-
tainedwithin STNv). Letdep(v) ( STNv)) denotethe
“correlation scope”of v; thatis, the setof nodesin the



XSKETCH for which correlationswith the elementdistri-

bution in extent (v) arecapturedn the joint-distribution

informationmaintainedn 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 Tf —g, where the value predicates can be

on ary subsetof dep(v; T). As a more concreteexam-

ple, considerthe twig T = vy[v2]=vs[v4]=Vs (Shown in

Figure 2) that is containedwithin STNvs), and assume
dep(vs) = fvi;vag; then,thejoint-distribution keptat vs

canbeusedto directly estimatehe numberof vs elements
discoreredby vaf 1g[va]=va[vaf 4Q]=Vs, Where 1; 4are
valuepredicate®on nodesv; andv,, respectrely. We can
now give aformal de®nitionfor our modelof structureand
value X SKETCH synopsegor XML data.

De nition 3.3 An XSKETCH synopsis X S(G) for an
XML datagraphG with elementaluesis a structuralX S-
KETCH (Vxs;Exs) for G, whereeachnodev 2 Vxg
can also containa (possibly) multi-dimensionalsynopsis
for thejoint distribution of elementsn extent (v) andthe

valuesof ary subsebf X SKETCH nodesdep(v) STNv)
alongspeci®cpaths/twigswithin STNv). |
Note that, by the above de®nition, dep(v) STNv)

since, in general, only a subsetof the value distribu-

tions in a nodes STNwill actually be correlated,and it

is only thesecorrelations(along a given stabletwig) that
we needto capturein the XSKETCH node. For non-

correlatedvaluedistributions,anindependencassumption
is valid andwill give accurateestimate$9]. Consideronce
againour examplestabletwig T = v;[vo]=v3[Vv4]=V5 with

dep(vs) = fvi;v40, and assumehat the distribution of

vs elementss independenbf the valuesin vs 62dep(vs)

(i.e., v3 ? vs). Eventhoughthe distribution informa-
tion in vs cannotdirectly give an estimatefor the count
of vif 1g[vo]=vaf 30[vaf 4g]=Vvs (Whichcontainsavalue
predicateon v3), a productestimatebasedon theindepen-
denceof the distributionsin vs andvs is goingto give a

goodapproximationFigure2).

Having formally de®nedour X SKETCH synopsisnodel,
theremaindeiof this paperfocuseson thetwo key, interre-
lated challengesof our XML-graph summarizatiorprob-
lem, namely: (1) De ning an estimationframewvork for
comple pathexpressionsver X SKETCH synopsethatre-
lies on well-foundedstatisticalassumptionge.g.,indepen-
denceor uniformity) to compensatéor thelack of detailed
informationandthe approximatenatureof the X SKETCH;
and, (2) Designingpractical algorithmsfor effective X S-
KETCH constructionthat, given a limited spacebudget,
try to minimize the approximationerror in the selectvity
estimates(basedon our estimationframework). Before
that,however, we discusghejoint-distributioninformation

H(s1s4 ) =count( v1§1 }[v2]/v3[v4{s4}]/V5)

% STNWS) Vg
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Va4 ]
o \3)" dep(v5) = {v1, v4}
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v3| vs=ycount(v1gl }[v2]v3E3 }va{sAIvE) = H(sls4)* —count(v3)

Figure2: ExampleX SKETCH Value-Distritution Information.

maintainedatindividual X SKETCH nodesn moredetail.

3.2.2 Distribution Summariesfor XSKETCH Nodes

Thusfar, we have beendeliberatelyagueaboutthe exact
form of distribution summariesnaintainedn the nodesof
our XSKETCH synopsis. A main reasonfor this is that,
as mentionedearlier several forms of multi-dimensional
datasynopsegqe.g., histogramsor wavelets)can be used
to producea concisedescriptionof the distribution of el-
ementsin a nodes extent acrossthe valuesin its corre-
lation scope. More speci®cally let v be an X SKETCH
nodeandlet D, denotethe cross-producof the valuedo-
mainsfor elementsin v's correlationscope,i.e., Dy =
u2 dep(v)domain(u). Then, the distribution of v's ele-
mentswithin its correlationscopecanbe describedy the

joint-frequeng tablef[ci;::: ; c] thatgivesthe number
of elementsn extent (v) thatarereachedrom (or, lead
to) the tuple of values(cs;:::;c) 2 Dy in the corre-

spondingnodesof dep(v). This frequeng tablef[] can
besummarizedn our X SKETCH usingcorventionalmulti-
dimensionahistogramq22], Haarwavelets[23], or even
morecomplex summarizatiortechniquedasedn statisti-
cal modeling[9]. For concretenessye usetheterm “his-
togram”to referto thedistribution informationmaintained
in XSKETCH nodesin theremainderof this paper

Unlike therelationalcase however, thejoint-frequengy
table f[] is not suf®cient to provide accurateestimates
for arbitrary value-selectiorpredicatesover the nodesof
dep(v). The graph-structurechatureof XML dataonce
againintroducesovel challengesn capturingthe element
distribution in a node with respectto other nodesin its
STN As a simple example, considera v-labeled node
with 10 u-labeledchildren(uy;::: ; uio) in thedatagraph,
and 9 other v-labeled nodesall with a single u-labeled
child (uy1). Further assumehatv nodescarry no values
whereasachu; nodecarriesavalueofi (i = 1;:::;10).
Clearly, in our X SKETCH synopsighis simpledatacon®g-
urationwill resultin a single B/F-stable(v; u) edgewith
count(v) = count(u) = 10. Assumethat dep(v) =
fug. Then,thejoint-frequeng tablef , [] will have entries
fy[i]= 1fori = 1;:::;10andf,[11]= 9. Now consider



the branchqueryviuf g] where = (1  value (u)
10). Clearly, thecorrectcount (v[uf g]) is 1; however, us-
ing thef, [] tablein thecorventionalimanneto estimatehe
selectvity of (assumingno summarizatiorwhatsoeer)
we getanerroneougount of 10. Thereasonpf coursejs
“double counting”: eventhoughthe frequeng tabletells
us that eachu-value from 1 to 10 is reachedby one v-
element,it hasno way of telling us that they arein fact
reachedby the samev-element! It is easyto seethatthis
double-countingproblemcanbecomemuchmore compli-
catedwhentheelemendistributioninvolvesmorecomplex
pathstructuresandoverlappatterndetweerelementsUn-
fortunately this problemis inherentin all approximation
techniqueghat estimatethe selectvity of rangesby sum-
ming point frequencieandthereis no easysolutionbased
ontraditionalfrequeng tablesandhistogramstructures.

We have proposedan initial solution for avoiding
double-countingin XSKETCH nhodes, using specialized
Range Histogramsthat explicitly capturethe overlap be-
tweendifferentvalueranges.Intuitively, rangehistograms
approximaterange frequenciesinsteadof point frequen-
ciesandessentiallymapselectvities of rangego pointsin
a higherdimensionakpace. The completedetailscan be
foundin thefull versionof this paperf21].

4 Estimation over XSKETCH Synopses

We now de®neour estimationframework for approximat-
ing path-epressiorselectvities overacompactX SKETCH
synopsis.Our framevork generalizeshatdescribedn our
earlierwork for the“structure-only”case[20] to dealwith
predicatemn nodevalues.

4.1 Parsing Path Expressionsover an X SKETCH

Let Tf7g = 14f 19= =lof qollnaaf na1g= =
Inekf nek0F nekerf nekr1 0= Fnskemf neksmg
denotea branchinglabel pathoveran XML datagraphG,
with onebranchingpredicateonlabell , andasequencef
valuepredicates  de®nedover all labelsin the path. (Our
discussiorcanbesimpli®edif predicatesreonly speci®ed
for some of the nodesin the label.) Even thoughwe
considerthe caseof a single-branctpath expression,our
methodologycan be easily generalizedfor multi-branch
twigs. We use count (I'f Tg) to denotethe (estimated)
numberof dataelementsthat are discoreredby the path
expressionl f —g in G, i.e., the selectivityof Tf —g. Con-
sideran X SKETCH synopsisX S(G) of the data,andlet
V=Vi= Vp[Vh+e1=  Va+k]™Vh+k+1= Vot k+m
beapathin X S(G) suchthat,for eachi, label (vi) = I;;
we term suchan XSKETCH path v an embeddingof the

3A naive approachwould be to incorporateelement-idinformationin
the dimensionsof our frequeng table. Suchan approachhowever, is
very in exible with respecto updatesn the databasend (perhapsmost
importantly)it is not at all clearhow element-idaxes shouldbe handled
duringthe summarizatiorthistograming)f thetable.

label pathT. Similar to T, the nodesof the embedding
V can also be augmentedwith the appropriatevalue
predicates ; to obtainthe “value-restricted"embedding
vf—g. An elemente, in extent (v,) is discoveredby
this embeddingvf —g if there exists a documentpath
1= =& [er+1=  Z@+k]TE+k+1=  =Grsk+m
suchthat: (1) ¢ 2 extent (v;), and (2) the value of
elemente; satis®esthe correspondingpredicate j, for
eachi = 1;:::;n+ k+ m. It is obviousthatif an
elemente is discoreredby embeddingvf —g, thenit also
belongsin the target set of our original path expression
Tf—g. Thus, if we use"(I') to denotethe set of all
distinct embeddingsv of T in our XSKETCH synopsis
(i.e., embeddingghat differ in at leastone nodein the
XSKETCH path),thenthe selectvity of Tf —g is estimated
by summingthe selecti/itieﬁoverall embeddingsn " (I);
that is, count(T'f—g) = w2 () count (vf —g), where
count (vf Tg) denotesthe estimatednumberof elements
discoveredby a (value-restrictedepmbeddingvf —g. (Of
course,we ensurethat a synopsisnode cannotcontribute
morethanits total count to this estimate.)

Our selectvity estimationproblem, therefore, essen-
tially reducesto estimatingthe count of the data ele-
mentsdiscovered by eachdistinct embeddingof the la-
bel path in XS(G). This count can be expressedas
count(vf—g) = count(Vp+k+m) T (VfTQ), where
f (vf g) denotesthe estimatedfraction (i.e., empirical
probability) of elementdn extent (v,+x+m) thataredis-
coveredby the (value-restrictedembeddingvf —g. Esti-
matingthe fractionf (vf —g) overthe X SKETCH is thekey
problemthatneed¢o beaddresseth ourestimatiorframe-
work; we now explain our solutionin detail.

Consider a single-branch path embeddingv =
Vi=  =Wh[ui=  =W]FVh+1 = =Va+m (note that we
areusingu; for branchnodego simplify thenotation).The
®rst stepin our estimationprocesss to parsethe embed-
dingV into a sequencef maximal,non-overlappingstable
twigs thatis, we breakthe embeddingv into a collection
of sub-twigsTy; T,; : i, suchthatevery X SKETCH nodein
theembeddings “covered’by exactly oneof theT;'s,and
eachT; is amaximalstabletwig in v, i.e.,all path(branch)
edgedn T; areB-stable(resp.,F-stable).This parsingcan
be doneasfollows. Startingfrom thelastnodein the em-
bedding(vh+m ), build the®rsttreeT in thedecomposition
by takingtheintersectiorof the embeddingr with the sta-
ble twig neighborhoof vj+ m;i.e., T = STNVp+m) \ V.
Then,take the nodesof T out of v andrepeatthe process
from thosenodesof v T thatweredirectly connectedo
T nodeg(i.e.,attheoutsideborder” of T).

It is easyto seethat, for the caseof our single-branch
embeddings, all the stabletwigs resultingfrom the above
decompositionwill be simple paths except perhapsfor
the single twig, say T; that containsthe only branching
nodev,. More concretely let the stable-twigdecom-
position of v be as follows: T1 = vi= =W, i1,



T = Vi +1=  =W[ui= =um, = =V, il Tg =
Vkg 141 = Vg, Tgrl = Umg+1 = =Um,, i, Tgel =
Um,+1= =Um,,, ,WhereO< k; < kj < <n+m=

kg and0 < m; < my < < k = mj+1. Notethat,
sentially cover the main path of the expression(with the
only “true” twig T; possiblycovering partof the branch),
whereaswigs Tq+1 ;11 ; Tg+1 cover theremainderof the
u;=  =uk branch. Giventhis decompositiorof the em-
beddingv, we now emplgy the well-known Chain Rule
from probability theory [10] to rewrite the requiredfrac-
tion asfollows (for simplicity, we use™ for the setof all
predicatesn twig T; and ; for the predicateon branch
nodeu; ):
q 1
f(vfg) =f(Tqf q0)  F(Tif70=Vk;+1 | Tivs f 771 0=
=]
|
f(Um; [To+if qridli Tjf j0Um+2 f my+1 0=
i=1

SUmf m;dl=Tj+ f 1 9= =Tqf q0)
i1
F(Tif7g=w,+1 jTisa T 771 0= =Tjf75g
i=1
[usf 1= =uf ¢gl= =Tqf 7q0):

Note that the secondproductterm above captureshe se-
lectivity of the complex expressionalong the “existen-
tial” branchui;=  =ux, whereaghe ®rst andthird prod-
uct termscapturethe selectvity alongthe main path. Of
course,by the Chain Rule, the f () frequeny termsal-
ways condition on the remainderof the comple pathas
it is parsedn a“bottom-up”fashion;intuitively, thereason
for this conditioningis to capturethe correlationsbetween
thevarioustwigs thatcomprisethe overall pathembedding
vf—g. Also, notethat the value predicatesor the vy, +1
andum,, nodesarenotincludedin thefractionexpressions
for theT; andTy.; termsabove, sincethey arealreadyac-
countedfor in theexpressiorfor Ti+; andTq+; 1 (respec-
tively) andincludedin the correspondingonditionalsfor
Ti andTq+i. To simplify the above expression,our esti-
mationprocessnakesthe following “Twig-Independence”
assumption.

Al. [Twig Independence]Givenanodev in X S(G), the
distribution of incoming twigs Tf—g to v is inde-
pendentof the distribution of outgoingtwigs T¥ %
from v for ary value predicates—, % more for-
mally, f (Tf—g=vj v=T% %) f(Tf—g=v) and
f(V[TH % Tf—g=v) f(V[TH %)).

Twig IndependencessentiallygeneralizesurearlierPath-
and Branch-Independencassumptiong20] to our more
generaltwig-decompositiorschemefor path expressions
with value predicates. Using Assumption(Al), we can
eliminate most of the conditioningsand simplify our ex-

pressiorfor f (vf —g) to:
q 1

f(Tqf ~q0) F(Tif 7=V, +1 J Vikj+1 & +1 0)
i=1

f (vf—g)

|
fUm; [Tqg+if gvrigljUm;f m;0) 1)
i=1
That s, the only conditioningthat remainsover the f ()
fractionsis on the value predicateimposedon the refer
encednodein our X SKETCH synopsis.Now, let B4 de-
note the branch expressioncorrespondingo the F-stable
pathTg+; in ourdecompositiorof theu;=  =u, branch;
that is, Bq+i = Um;+1[Um;+2= =Um,,, ], fori =
1;::: ;1. Applying the ChainRule onceagainfor thein-
dividual termsin theabove productswe have:

TTaf7G0) (T fg=vh 41 Vi o T ke @) = F (Vi Vi1 J Vi1 | k41 @)

FTFT v =Vig+1 f k41 0)
f(Vki=Vki+1 jvki+1f ki +1 g) f(Tlf_lg)r (2)

wherethelastderivationfollows from Twig Independence
(A2). Similarly,

fUm[Tg+ifTgrigljum;f m; @) f(Um;[Um;+1]jum;T m,;0)

f(Bg+if gvi0l): ®

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

A2. [Edge-Value Independence Across Non-Stable
Edges] Considera nodev in X S(G) andlet u (w)
be a non-B-stableparent(resp., non-F-stablechild)
of v in XS(G). Then,the distribution of incoming
(outgoing)edgesfrom u (resp.,to w) acrossthe ele-
mentsin extent (v) is independendbf the elements'
values thatis, for ary predicate on the valuesof
v elementswe have f (u=vj vf g) f(u=v) and
f(viwljvE @) f(v[w]).

Assumption(A2) essentiallysimpli®espath-waluecorrela-
tions along non-stableedges;obviously, sinceit directly

dealswith node valuesand value predicatesjt doesnot

have ananalogin our estimationframework for structural

XSKETCHes[20]. CombiningEquationg1), (2), (3), and

Assumption(A2), we obtainthefollowing ®nal expression
for the selectvity estimateof our branching-pattembed-
ding:

q |
(179 1(Ber 170D
i=1 i=1
q |
f(Vi; =W +1 )
i=1 i=1

f(vi—0)

f (Um; [um;+1]) (4)

Intuitively, theabove formulagivestheselectvity estimate
for the embeddingvf —g asa productof two key compo-
nents:(1) thefractionsof elementgliscoreredby thestable



pathsandbranchegin generalstabletwigs) in theembed-
ding, i.e., the®rsttwo producttermsin Equation(4) (note
thatthesetermscaptureall valuepredicatesn 7); and,(2)
theselectvities of pathor branchedgesalongthe“stability
breaks”in thev embeddingi.e.,thelasttwo productterms
in Equation(4). It is easyto extend the estimationfor-
mulaabove to the mostgeneralcaseof multi-branch com-
plex pathexpressionsEquation(4) generalizesur earlier
selectvity-estimationformula for complex pathswithout
value predicateg20] that, essentiallycomprisedonly the
lasttwo producttermsin (4); of course,if no valuepredi-
catesareinvolved(i.e.,all 77'sareempty),thenbothof the
leadingproducttermsin (4) would evaluateto 1 sinceall
thereferencegathsandbranchesrestable[20].

The selectvity termsacross‘stability-break” edgesin
the X SKETCH (f (Vk, =W +1 ) andf (Um, [Um, +1 ])) areesti-
matedusingthe Backward-andForward-EdgeJniformity
assumptiongA3-A4) exactly asin our structuralestima-
tion framawork [20]. Thus,the new challengethat arises
in thepresencef pathexpressionsvith bothstructuraland
valuepredicatess to utilize the X SKETCH-summaryinfor-
mationto provide soundestimatedfor the selectvities of
stabletwigs with selectionpredicaten nodevalues. We
addresghis problemnext.

4.2 Stable-Twig Estimation Algorithm

Considera stabletwig embeddindg in an X SKETCH syn-
opsisX S(G), andlet — denotea collectionof valuepred-
icatesover the nodesof T. Our goalis to utilize the sta-
tistical informationin X S(G) to obtain an estimatefor
f (Tf—qg), thefractionof dataelementghatarediscovered
by the“value-restrictedtwig embeddingr f —g.

Onceagain,to simplify the exposition, we considera
single-branclstabletwig T; our discussioncan easily be
extendedo thegeneralmulti-branchcase (We alsouseT
asthe setof X SKETCH nodesin the twig whenno confu-
sionarises.)Letv beanodein T. GivenasetS of ancestor
and/ordescendanhodesof v in T, let twig (v; S) denote
thesub-twigof T thatconnects to all thenodesn S, and
let —(S) denotethe setof valuepredicate®nnodesof S in
ourtwig query(i.e.,therestrictionof ~to S).

Our algorithmfor estimatingthe selectvity of a stable
twig embeddingT f —g (termed TWIGEST) is depictedin
Figure3. Brie y, our TWIGEST algorithmexamineseach
nodev in the mainpathof thetwig embeddindin reverse
order) and considersthe set of value predicateshat can
be directly “covered” by the nodes joint-distribution his-
togram basedon its correlationscopedep(v). Whena
branchingnode (e.g., v,) is encounteredTwIGEST tra-
verseghebranchtop-dovn onceagainusingnodes'corre-
lation scopego cover valuepredicatesn the branch.This
covering of value predicatess basedon successie appli-
cationsof the Chain Rule as we parsethe twig embed-
ding; of course sinceeachnodecarriesonly limited value-
correlationinformation,our estimaterelieson one®nal in-

dependencassumptiorfor element-aluedistributions.

A5. [Value-IndependenceOutside Corr elation Scope]
Thedistribution of elementsn theextent of anXS-
KETCH nodev is independenbf the valuesin other
XSKETCH nodesu thatarenot in v's direct correla-
tion scopej.e.,u 62Xdep(v).

Assumption(A5) allows usto simplify theChain-Rulecon-
ditionalsto obtaintheconditionalprobabilityf in Stepl11
of TwIGEST, whichcanbedirectly estimatedisingthehis-
tograminformationin v. Onceall valuepredicatesn the
embedding f —g havebeencovered, TWIGEST returnsthe
accumulatedelectvity estimatefor f (Tf Q).

procedure TWIGEST(X S(G),Tfq)

Input: XSKETCH X S(G); stabletwig T = v;=
Vn[Vh 1= =Vh k]=Vh+1 =  =Vh+m with value
predicates .

Output: Estimateof theselectvity fractionf (Tf ).

begin

1. Covered:=

=Vh k 1=

; Uncovered = f nodeswith valuepredicaten —g

2. result:=1;index:=n+ M;V = Vindex

3. while Uncovered6 do

4 /I checkfor predicatesoveredby nodev's statistics

5 if (Uncovered\ dep(v;T) 6 )then

6. /I nd coveredanduncoveredancestors/descendaints

7 /I v thatarein its direct®correlationscope®

8 C :=Covered\ dep(v;T)

9. U :=Uncovered\ dep(v;T)

10. Usingthe elementdistribution information(histogram)
atv, computethe conditionalfraction:

11. f =f (twig (v; U)f~(U)gj twig (v; C)f ~(C)Q)

- f (twig (v;U[ C)f ~(U[ C)g) .

f(twig (v;C)f (C)g) -~

12. [/l updateresultestimateandcovered/unceerednodes
13. result:=result f ;Covered:=Covered[ U
14. Uncovered:= Uncovered U
15. endif
16. inde<:=index 1,V :=Vingex [/ moveto nexttwig node
17. endwhile
end

Figure 3: The TwiGEsT Algorithm for Selectvity Estimation
over StableX SKETCH Twigs.

5 XSKETCcH Construction

In this sectionwe turn our attentionto theimportantprob-
lem of effective XSKETCH constructionfor a given syn-
opsisspacebudget. Brie y, our approachs basedon us-
ing successie, localizedre nementopemtionsto gradu-
ally evolveaninitial, coarseX SKETCH into amoredetailed
synopsisthat capturegheimportantpathandvaluecorre-
lationsin the data. We ®rst discusghe speci®csetof X S-
KETCH re®nemenbperationghatwe use,andthenpresent
our constructioralgorithmin moredetail.



5.1 Renements

In orderto approximatepath-epressionselectvities, our
XSKETCH estimationframevork (Section4) relieson a
numberof statistical (uniformity and independencegs-
sumptionghatcompensatéor thelack of detailedpathand
value informationin the synopsis. Clearly, the accurag
of an XSKETCH (and the resultingselectvity estimates)
dependcrucially on the validity of theseassumptionsnd
the degreeto which they re ect the statisticalcharacteris-
tics of the underlyingpath/ialuedistribution in the actual
data. To build an effective X SKETCH, we needto be able
to appropriatelyre ne the synopsisstructurefor regions
of the datagraphwhere our estimationassumptiongail,
sincetheseregionsarelikely to resultin high estimation
errors. (The relational-world analogwould be allocating
more bucketsto “dif ®cult” dataregions during histogram
construction[22].) In this section,we introducesuchlo-
calizedre®nemenbperationgor X SKETCH synopsesWe
catgyorize our re®nementoperationsinto two types: (1)
structuial re nementsthat re®nethe path structurein the
XSKETCH, and(2) valuere nementghatre®nethe value-
distribution informationmaintainedn X SKETCH nodes.

Structural Re nements. Our structural-re®nemerdpera-
tionstry to improve estimationaccurag by locally re®ning
the pathandbranchingstructureof the X SKETCH in order
to capturamportantstructuralcorrelationsn thedata.Ab-
stractly eachre®nemenbperationusesa partitioningcri-
terionto split an X SKETCH nodeu into a setof new nodes

f uj g, sothateithersomeuniformity/independenegassump-
tion(s) areeliminatedfor the new synopsisnodesf u;g, or
at leastsuchassumptionsre much morerealistic for the
new noded u; g thanu (similar to histogram-bicketsplits).
Thus,successiere®nementsvolvethesynopsigo alarger
andmoreprecisestructure Our threestructural-re®nement
operations namelyb-stabilize , f-stabilize andb-
split , arede®nedexactly asfor our structuralX SKETCH
synopseq20], with the addition of two post-processing
stepgcommonto all structurare®nements)hathandlethe
valuedistribution information(possibly)maintainedn the
X SKETCH nodeu beingsplit. The de®nitionof our struc-
tural re®@nementsaswell asdetailson the post-processing
stepscanbefoundin thefull versionof this paper21].

Value Re nements. Our value-re®nemenbperationdry
to improve estimationaccuray for valuepredicatesdy in-
creasingthe granularityof the value-distritution informa-
tion maintainedatindividual X SKETCH nodes.Abstractly
there are two ways to improve the accurag of the dis-
tribution information at an XSKETCH nodeu: (1) give
more space(i.e., additional buckets) to the histogram(s)
alreadyin u, and (2) expandthe correlationscopeof u,
sothatadditionalvaluecorrelationswithin u's stabletwig
neighborhoodare captured. Thus, we introducetwo nen
value-re®nemenbperationsfor XSKETCH nodesu with
histograminformation: (1) add-bucket ~ which allocates

morespacedo histogramsand(2) expand , which expands
the correlationscopeof a node. A detaileddiscussiornof
our two value-re®nemenbperationscan be found in the
full paper21].

5.2 Construction Algorithm

Building an X SKETCH thataccuratelysummarizes large
XML datagraphwithin a given spacebudgetis, in mary
respectssimilar to other statistical-modelnferenceprob-
lems, where the goal is to infer an “optimal” statistical
model(e.g.,Bayesiaror Markov) from anunderlyingdata
set. Unfortunately we have demonstratedhat (like most
suchproblems[19]) our effective X SKETCH construction
problemis N P-hard, even for the much simpler caseof
purely structural X SKETCHes (i.e., when no valuesare
present]20].

Based on this intractability result, we propose a
computationally-e®cient heuristic algorithm for building
X SKETCH synopsesAbstractly our algorithmviews X S-
KETCH constructionas a searchproblem over the space
of all possibleXSKETCH synopsesand 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 very coarsesynopsismodel
andincrementallyaddsmore complexity usingour local-
ized XSKETCH re®nements. The initial (coarse)synop-
sis is basicallythe label-split graph [20] (that partitions
data elementnodesinto synopsisnode basedsolely on
their label) augmentedvith minimal distribution informa-
tion: for eachsynopsisnodev thatcontainsvalues,a triv-
ial (i.e., single-tucket) one-dimensionahistogramis cre-
atedto capturethe distribution of valuesin extent (v).
Our X SKETCH-re®nementtrateyy is basedon theideaof
marginal gains[11]: at eachstep,the re®nementopera-
tion thatresultsin the largestincreasan accurag perunit
of extra spacerequired(and, of course,doesnot violate
our overall spacebudgetfor the synopsis)is selectedfor
inclusionin the X SKETCH. To avoid gettingtrappedin lo-
cal minima, BUILDXSKETCH takesa numberof random
steps(i.e., randomnode re®nementsvhen no accurag-
improving neighborcanbefound. Werely ontwo key tech-
niguesin orderto keepthe constructionprocesdractable:
(1) usingareasonabhaccuratéandlarge)refeencesynop-
sis of the datagraphinsteadof theraw datafor evaluating
XSKETCH con®gurationsand (2) biasedpath and node
samplingto select‘interesting” regionsof the datafor our
re®nementand X SKETCH evaluations.The completede-
tails of our X SKETCH-constructioralgorithmcanbefound
in thefull versionof this paper21].

6 Experimental Study

In this section,we presentresultsfrom anempirical study
that we have conductedusing our novel XSKETCH syn-
opsesover real-life andsyntheticXML datasets. Our re-



| [ IMDB [ XMark |

No. of Elements 102,755| 87,480

. No. Nodes 164 80
é‘?gg'hs'o“t Total Size 9.1KB | 4.1KB
Sizeof Hists 1.7KB 688B

Reference No. No.des 49,181 | 83,466
Synopsis Tgtal Slzg 1.9MB | 3.3MB
Sizeof Hists 388KB | 667KB

Tablel: Characteristicef the Two DataSets.

sultsdemonstratéhe ability of X SKETCHesto capturem-
portantpath andvalue correlationsin the underlyingdata
usingonly limited spaceandto provide accurateselectv-
ity estimatedor complex pathexpressions.

6.1 Testbedand Methodology

Techniques.Our prototypeX SKETCH implementationm-
plementghefull estimationframevork of Section4, using
one-dimensionahistogramsto summarizevalue distribu-
tionsundersynopsisnodeswith values.As aresult,oures-
timationalgorithmrelieson valueindependencto approx-
imate path expressionswith value predicates. We found
that, even thoughsuchindependencassumptionsre not
valid in generalthey aresuf®ciently accurateor the data
setsusedin our evaluation.We arecurrentlyextendingour
prototypewith (conventionalandrange)multi-dimensional
histograms.

Our constructionalgorithm considerge®nementon a
biased10% sampleof all summarynodesanddetermines
thescoreof eachoperatiorbasednabiasedsampleof 100
label paths.Notethat,in our currentimplementation X S-
KETCH constructiondoesnot considerexpand re®nement
operationssinceall nodehistogramsareone-dimensional.

Data Sets.We useonereal-life andonesyntheticdataset
in our evaluation.

IMDB: This is a real-life, graph-structurediataset from
the InternetMovie Databasgwww.imdb.com ). It con-
tainsa large numberof IDREF edgesesultingin a highly
irregularandcyclic pathstructure.

XMark: Thisis asyntheticgraph-structuredataset,mod-
eling the actwities of an on-line auctionsite (www.xml-
benchmark.org ). Thepathstructureis highly irregular
but the datasetdoesnot containary cycles.

Tablel summarizeshemaincharacteristicef our data
sets.In both casesye obsere thatour accurateeference
synopsig(i.e. the B/F-bisimilar graphaugmentedvith an
accuratehistogramfor eachextent with values)requiresa
considerablemountof storageandis, thereforejmpracti-
cal asa concisecompile-timesynopsis.This is obviously
expected giventhe highly irregularstructureof the IMDB
and XMark datasets. Note that the sizesreporteddo not
includethe spacerequiredto storethe actualtext of each

| [ IMDB | XMark |

Branching | w/o predicates 1901 1057
Paths with predicates 478 254
Simple w/o predicates 933 771
Paths with predicates 483 302

Table2: AverageQueryWorkloadResultSizes.

label;eachlabelis hashedo anintegerandstoredin asep-
aratestructurethatis not partof the summary

Workload. We evaluatethe accurag of eachsynopsis
againsta workload of positive path expressionsij.e., ex-
pressionghat have a non-zeroresultsize in the original
data. We form the workload by samplingdocumentwigs
or pathsfrom the referencegraphand corvertingthemto
the correspondindabel paths. The length of pathexpres-
sionsis uniformly distributed between2 and 5, and the
workloadcontains500 pathexpressionsvith no predicates
and500 expressionsvith onevaluerangepredicate.Each
value predicatecovers a random10% rangeof the value
domainof thetagit is attachedo. We form two typesof
workloads:(1) Branching Paths wherehalf of the pathex-
pressiongwith and without a value predicate)containa
branchingpredicateand(2) SimplePaths whereno path
expressiorcontainsbranchingpredicatesTable2 summa-
rizestheaverageresultsizeof eachtype of pathexpression
acrossourtwo datasets.

We have also experimentedwith negative workloads,
containingqueriesthat have a zero countin the original
data. Our XSKETCH summariesconsistentlyproduced
closeto zeroestimatesvith negligible error, and,therefore,
we omit theseresultsfrom our presentation.

Evaluation Metric. We quantify the accurag of an XS-

KETCH summarybasedon the avermge absoluterelative
error of resultestimate®ver pathexpressionsn our work-

load. Givena pathexpressiorp with trueresultsizec, the
absoluteelative errorof theestimatedcounte is computed
asje cj=max(c;s). Parametes representasanitybound
that essentiallyequatesall zeroor low countswith a de-
fault counts and thus avoids inordinately high contribu-

tions from low-countpathexpressionsWe setthis bound
to the 10-percentileof thetrue countsin theworkload(i.e.,

90% of the path expressiondn the workload have a true
resultsize s).

In our results,we reportthe estimationerror for path
expressionsawith value predicatestermedPred, the esti-
mationerrorfor pathexpressionsvithoutvaluepredicates,
termedNo Pred, andtheoverall errorfor bothtypesof path
expressionsn theworkload,termedOveiall.

6.2 Experimental Results

XSKETCH Performancefor Branching Paths. In this ex-
perimentwe evaluatethe performancef our X SKETCHes
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Figure4: X SKETCH EstimationErrorfor BranchingPaths.

for branchingpathexpressionsvith rangevaluepredicates.

Figure4 depictstheestimationerrorof X SKETCHesfor
theIMDB andXMark datasetsasafunctionof thesynop-
sissize.Notethat,in all thegraphsthatwe presentthees-
timation errorat the smallestsummarysizecorrespond$o
thelabel-splitgraphsynopsis OurresultsindicatethatX S-
KETCHes constitutean ef®cient and accuratesummariza-
tion methodfor graph-structurecKML documents:even
for a small spacebudgetof 10KB-20KB, estimationerror
dropssubstantiallyandis lower thantheerror of thecoars-
estsummary(label-splitgraph). Theimprovementis more
evidentfor theIMDB datasetwhereestimatiorerrordrops
closeto 10% usinga small fraction (1%) of the spacere-
quiredby the“nearperfect’referencesynopsigTablel).

In bothworkloads the estimatiorerrordropsfasterdur-
ing the ®rst few iterationsof our constructionalgorithm
andfollows a more gradualdecreasdhereafter This in-
dicateshatour X SKETCH constructioralgorithmcaptures
the mostimportantcorrelationsearly in the build process
and then gradually re®nesthe summarywith respectto
“lessdominant”dependencied/ie notethatthelocally op-
timal decisionsof the greedyconstructionalgorithm can
causeminor uctuations in the accurayg of the generated
summarieshut, in generalgstimationerroris decreaseds
morestoragds allocated.

Overall, our resultsindicate that our XSKETCH syn-
opsescan yield accurateselectvity estimateswith low
spaceoverheadandcanbe ef®ciently constructedvith our
forwardselectionalgorithm.

XSKETCH Performancefor Simple Paths. In this exper
iment, we focus on the simpler caseof simple(i.e., non-
branching)athquerieswith valuepredicates.

Figure5 depictsthe X SKETCH estimationerror for the
IMDB and XMark datasetsasa function of the synopsis

size. Our resultsclearly shov that X SKETCHescanaccu-
rately estimatethe selectvities of simplepathexpressions
with value predicateover graph-structure&ML data. In
both datasetsand for an alloted spacebudget of 15-20
KBytes, the estimationerror dropsbelonv 10% andis sig-
ni®cantly lowerthanthe errorof the coarsessummarythe
label-splitgraph.In addition,this low erroris achievedfor
afractionof thesizeof thereferencesynopsiqTablel). In
theIMDB dataset,for example,X SKETCHesdropthe es-
timationerrorfrom 50%to 5% for a spacebudgetequalto
only 0.07%of the size of the referencesynopsis.Regard-
ing the constructionprocesstself, we oncemore obsene
thatour XSKETCH constructionalgorithmis ableto cap-
ture the mostimportantpathandvalue correlationsin the
dataduring the ®rst few stepsof the build processthus
reducingthe estimationerror substantiallyfor small X S-
KETCH sizes.Overall, X SKETCHescanef®ciently capture,
in limited spacethe simplepathstructureandvaluedistri-
bution of theinput data,thusproviding accuratesstimates
for simplepathexpressionsvith valuepredicates.

7 Conclusions

In this paper we have proposeda novel X SKETCH graph-
synopsismodelfor XML datagraphswith raw dataval-
ues. Our proposedsynopsesexploit localized stability
andvalue-distrilution summarieso accuratelycapturethe
complex correlationpatternsthat can exist betweenand
acrosgpathstructureandelementvaluesin the datagraph.
We have alsodevelopeda systematicX SKETCH estimation
framawork for pathexpressionswith value predicateghat
relieson appropriatestatisticalassumptionso compensate
for thelack of detailedinformationin thesynopsisFinally,
we have proposedan ef®cient X SKETCH constructional-
gorithm basedon greedyforward selection. Resultsfrom
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Figure5: X SKETCH EstimationErrorfor SimplePaths.

our X SKETCH implementatiorhave veri®edthe effective-
nessof our approach.
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