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Abstract

With therapid growth of XML-documenttraf c onthe
Internet,scalablecontent-basedisseminatiorof XML
documentdo alarge,dynamicgroupof consumerfias
becomean importantresearctchallenge. To indicate
the type of contentthat they are interestedin, data
consumergypically specify their subscriptionsusing
someXML patternspeci cationlanguagde.g.,XPath).
Giventhelarge volumeof subscriberssystemscalabil-
ity andef ciency mandatethe ability to aggregate the
setof consumersubscriptiongo a smallersetof con-
tent speci cations,so asto both reducetheir storage-
spacerequirementaswell asspeedup the document-
subscriptionmatchingprocess.In this paper we pro-
vide the rst systematicstudy of subscriptionaggre-
gationwheresubscriptionsare speci ed with tree pat-
terns(animportantsubclas®f XPathexpressions)The
mainchallengeis to aggr@ateaninput setof treepat-
ternsinto asmallersetof generalizedreepatternsuch
that: (1) agivenspaceconstaint onthetotal sizeof the
subscriptionss met, and(2) thelossin precision(due
to aggreation)duringdocumentltering is minimized.
We proposean ef cient tree-patterraggreationalgo-
rithm thatmaleseffective useof document-distribtion
statisticsin orderto computea precisesetof aggr@ate
tree patternswithin the allotted spacebudget. As part
of our solution, we also develop several novel algo-
rithms for tree-patterrcontainmentand minimization,
aswell as“least-uppetbound” computatiorfor a setof
treepatterns.Theseresultsare of interestin their own
right, and can prove usefulin otherdomains,suchas
XML queryoptimization.Extensve resultsfrom a pro-
totypeimplementatiorvalidateour approach.

1 Intr oduction

XML (eXtensible Markup Language)[16] has become
the dominantstandardfor data encodingand exchange
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on the Internet,including e-Businesdransactionsn both
Business-to-Busines§B2B) and Business-to-Consumer
(B2C) applications.Giventhe rapid growth of XML traf-
®c on the Internet, the effective and ef®cient delivery of
XML documentshas becomean importantissue. Con-
sequently thereis growing interestin the areaof XML
content-basedltering and routing (e.g., [4]), which ad-
dresseghe problemof effectively directing high volumes
of XML-documenttraf®c to interestedconsumershased
on documentontents Unlike corventionalrouting,where
pacletsareroutedbasedn alimited, ®xedsetof attributes
(e.g., source/destinatiotP addresseand port numbers),
content-basedouting is basedon generalpatternsof the
documentontentswhichis signi®cantlymore e xible and
demanding. Consumerdypically specify their subscrip-
tions, indicating the type of XML contentthat they are
interestedin, usingsomeXML patternspeci®cationlan-
guage(e.g.,XPath [15]). For eachincoming XML docu-
ment, a content-basedouter matchesthe documentcon-
tentsagainsthe setof subscriptiongo identify the (sub)set
of interestecconsumersand then routesthe documento
them. Thus,in content-basedouting, the “destination”of
an XML documents generallyunknawn to the datapro-
ducer andis computeddynamicallypasednthedocument
contentsandthe active setof subscriptions.

Effective supporffor scalablecontent-basedML rout-
ing is crucial to enablingef®cient andtimely delivery of
relevantXML documentso alarge,dynamicgroupof con-
sumers. Given the large volume of potentialconsumers,
systemscalability and ef®ciency madatethe ability to ju-
diciously aggregatethe setof consumeisubscriptiongo a
smallersetof contentspeci®cations.The goal, of course,
is to both reducethe subscriptions'storagespacerequire-
ments(e.g.,sothattheroutingtable®ts in main memory),
aswell as speedup the ®ltering of incoming XML traf-
®c. Forinstancea corerouterin a B2B applicationmay
chooseto aggregate subscriptiondhasedon geographical
location, af®liation, or domain-speci®dnformation (e.g.,
telecommunications)Subscriptioraggreyationessentially
involvesaggraeatinganinitial setof subscriptions into a
smallerset suchthatary documenthat matchessome
subscriptionin  also matchessome subscriptionin
However, sincethereis typically a “loss of precision” as-
sociatedwvith suchaggreyation,the documentsnatchecby
the aggrgyatedset is, in general,a supersetof those
matchedby the original set . As a result,a document
may be routedto consumersvho have not subscribedo
it, thusresultingin anincreasdn the amountof unwanted
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Figurel: ExampleTreePatternandXML Documentlree.

documentraf®c. In orderto avoid suchspuriousforward-
ing of documentsit is desirablg¢o minimizethenumberof

such“falsematches’(i.e., minimize thelossin precision)
with respecto thegivenspaceconstrainfor theaggreyated
subscriptions.

So far, therehasonly beenlimited work on subscrip-
tion aggreyation,mainly for very simplesubscriptiormod-
els. For example,in [12], eachsubscriptionis a set of
attribute-predicatepairs (e.g., “GE”

), andan aggreyatedsubscriptions
allowedto containwildcardvaluesjndicatingtheentireset
of domainvaluesfor certainattributes.® In this paperwe
providethe®rst systematistudyof thesubscriptioraggre-
gationproblemwheresubscriptionarespeci®edusingthe
much more expressie model of tree patterns Tree pat-
ternsrepresenainimportantsubclas®f XPathexpressions
that offers a naturalmeansfor specifyingtree-structured
constraintsn XML andLDAP applicationg3]. Compared
to earlierwork basedn attribute/predicate-baseslibscrip-
tions, effectively aggreyating tree-patterngposesa much
morechallengingproblemsincesubscriptiongnvolve both
contentinformation (nodelabels)aswell as structurein-
formation (parent-childand ancestoidescendantelation-
ships). Brie y, our tree pattern aggregation problemcan
be statedasfollows: Givenaninput setof treepatterns
and a spaceconstraint,aggrejate into a smallerset of
generalizedree patternsthat meetsthe spaceconstraint,
andfor which the lossin precisiondueto aggreationis
minimized.

Example 1.1 Considerthetwo similar tree-pattern-based
subscriptions and  shownin Figure 1, whee
matdesany documeniwvith a root elementabeled“CD”
that has both a sub-elementabeled“SONY” as well as
a sub-elementwith an arbitrary label) that in turn has
a sub-elementabeled“Bach”; and matcesany doc-
umentthat has someelementlabeled“CD” with a sub-
elementabeled“Bach”. Herethenodelabeled™ ' (wild-
card) matdesany label, while the nodelabeled™ ' (de-
scendantmathessome(possiblyempty)path. The XML
document shownin Figure 1(e) matdes (or satis es)
but not becausehe sub-elementabeled“Bach” in

1Due to spaceconstraintsa more detailedoverviev of relatedwork
canbefoundin theappendix.

doesnot havea parent elementiabeled“CD”. For ef-
ciency reasons,one might want to aggregate the set of
tree patterns into a singletree pattern. Two ex-
amplesof aggregatetree patternsfor are and

(in Figure 1) sinceany documenthat satises  or

alsosatis esboth and . Althoughboth and
havethesamenumberofnodes, isintuitively“morepre-
cise”than withrespecto since preserveshe
ancestordescendantelationshipbetweenthe “CD” and
“Bach” elementsasrequirrdby and . Indeed,any
XML documenthat satises alsosatises (andthus
wesaythat “contains” ).

To the bestof our knowledge,our work is the ®rst to
addresshis timely subscriptionaggreyation problemfor
XML datadissemination.Our main contributionscanbe
summarizedsfollows.

We studythe propertiesof tree patternsand develop
ef®cient algorithmsfor decidingtree patterncontain-
ment, minimizing a tree pattern,and computingthe
mostpreciseaggraate(i.e., the “leastupperbound”)
for a setof patterns.Our resultsarenot only interest-
ing in their own right, but also provide solutionsfor
specialcase®f our treepatternaggreyationproblem.

We proposea novel, ef®cient methodthat exploits
coarse statistics on the underlying distribution of
XML documentgo computea “precise”setof aggre-
gatepatternawithin theallottedspacebudget.Specif-
ically, our scheme=mploys the documentstatisticsto
estimatethe selectivityof atreepattern,whichis also
usedasa measureof the patterns precisenessThus,
our aggreyation problemreducedo that of ®nding a
compactset of aggreatepatternswith minimal loss
in selectvity, for which we present greedyheuristic.

We demonstratexperimentallythe effectivenessof
our approachn computinga space-édcientandpre-
cisesetof aggrejatetreepatterns.

The usefulnes®f our resultson treepatternsandtheir ag-

gregationis not limited to content-basedouting, but also
extendsto otherapplicationdomainssuchasthe optimiza-
tion of XML queriesinvolving tree patternsand the pro-

cessing/disseminatiasf subscriptiomqueriesn amulticast
ervironment[9] (whereaggreyationcanbe usedto reduce
sener load and network traf®c). Further our work and
resultsare complementaryto recentwork on ef®cient in-
dexing structuresfor XPath expressiong2, 6]. Thefocus
of this earlierresearchis to speedup document®ltering
with a given setof XPath subscriptionsaising appropriate
indexing schemesln contrast,our work focuseson effec-

tively reducingthe volumeof subscriptionghatneedto be

matchedn orderto ensurescalabilitygiven boundedstor

ageresourcedor routing. Clearly our techniquescanbe

usedasa pre-processingtepfor theindexesof [2, 6] when
hardconstrainton the sizeof theindex mustbe met. Due

to spacdimitations,theproofsof all theoreticakesultscan
befoundin thefull versionof this paper5].



2 Problem Formulation

2.1 De nitions

A treepatternis anunorderechode-labeledreethatspeci-

®escontentandstructureconditionsonan XML document.
More speci®cally a treepattern hasa setof nodes,de-
notedby , Whereeachnode in hasa

label,denotedby , which caneitherbeatagname,
a“ " (wildcard that matchesary tag),ora“ " (thede-

scendanbperator).In particular the root nodehasa spe-

ciallabel” . We use to denotethe subtree
of rootedat , referredto asa sub-patternof . Some
examplesof treepatternsaredepictedn Figure?2.

To de®nethe semanticof atreepattern , we ®rst give
the semanticof a sub-pattern , Where is
not the root nodeof . Recallthat XML documentsare
typically representea@s node-labeledrees,referredto as
XML trees Let beanXML treeand beanodein

We saythat satis es atnode , denotecby
, if the following conditionshold:
Q) if is atag,then hasa child node labeled

suchthat for eachchild node of |,
; (2)if ,then hasachild node
labeledwith anarbitrarytagsuchthatfor eachchild node
of , ; and(3) if
then hasadescendamode (possibly
for eachchild of .

We next de®nethe semanticof treepatterns.Let  be
an XML treewith root , and beatreepatternwith

) suchtha’t

root . We saythat satis es , denotedby ,
iff for eachchild node of , () if is atag
, then is labeledwith  andfor eachchild node
of , (here speci®es
thetag of ); (2) if , then may have

ary label and for eachchild node of
; (3)if , then hasa de-
scendanhode (possibly ) suchthat ,
where is the subtreerootedat , and s identicalto
exceptthat“/.” is thelabelfor therootnode
(insteadof ). Obsenethat is treateddiffer-

entlyfromtherestof thenodesof . Themotivationbehind
thisis illustratedby in Figure2, which speci®eghefol-
lowing: for any XML tree satisfying , its root must
belabeledwith andmoreorer, it mustcontaintwo con-
secutve elementsomevhere. This cannotbe expressed
without our specialroot label“/.” (astreepatternsdo not
allow aunionoperator).

Example 2.1 Considerthetreepattern in Figure2. An
XML document satis es if its rootelemensatis esall
thefollowing conditions:(1) its labelis a; (2) it musthave
a child elementwith an arbitrary tag, which in turn hasa
child elementwith a label b; and (3) it musthavea de-
scendantlementvhich hasbotha c-child elementandan
a-child elementThus, essentiallyspeci es(existential)
conjunctiveconditionson XML documents.It shouldbe
notedthat documentsatisfying mayhavetags/subtees
not mentionedn . For instance the root elementof
mayhavea d-child elementandtheb-element®f may

havec-descendantlements.

A treepattern is saidto be consistentf andonly if
thereexists an XML documentthat satis®es . We only
considerconsistentree patternsin our work. Further the
tree patternsde®nedabove can be naturally generalized
to accommodatesimple conditions and predicates(e.g.,

“GE” and ). To simplify the dis-
cussionwe do not considersuchextensionsn this paper

It is worth mentioningthat a tree patterncanbe easily
convertedto anequivalentXPathexpressior{15] in which
eachsub-patterris expressedas a condition/quali®er5].
Thus,our tree patternsaregraphrepresentationsf a class
of XPathexpressionswhich aresimilarto thetreepatterns
that have beenstudiedfor XML queries(e.g.,[3, 17]). It
is temptingto considerusing a larger fragmentof XPath
to expresssubscriptiorpatterns However, it turnsout that
evena mild generalizatiorof our tree patterns(e.g., with
theadditionof union/disjunctioroperatorsjeadsto amuch
highercomplexity (coNP-hardor beyond)for basicopera-
tionssuchascontainmentomputatione.g.,see[10]).

A treepattern is saidto be containedin anothertree
pattern , denotedy , if andonly if for any XML tree

,if  satis®es then alsosatis®es . If , werefer
to asthecontainerpatternand asthecontainedpattern
We saythat and areequivalenf denotedby , if

and . This de®nition can be generalizedo
setsof tree patterns:a setof tree patterns is contained
in anothersetof tree patterns , denotedby ,f
for each , thereexists suchthat
Containmenfor sub-patterngs de®nedsimilarly.

The sizeof a tree pattern , denotedby , is simply
the cardinality of its nodeset. For example,referringto
Figure?2, and

2.2 Problem Statement

The tree pattern aggregation problemthat we investigate
in this papercannow be statedasfollows. Givena setof
tree patternsubscriptions anda spacebound on the
total size of the aggrejatedsubscriptionscomputea set
of tree patterns that satis®esall of the following three

conditions:

(C1) (i.e., isatleastasgenerakhs ),

(C2) (i.e., is“concise”),and

(C3) is as“precise”aspossible,in the sensehatthere

doesnot exist anothersetof treepatterns  thatsat-
is®esthe®rst two conditionsand
Clearly, thetreepatternaggreyationproblemmay not nec-
essarilyhave a uniquesolutionsinceit is possibleto have
twosets and thatsatisfythe®rsttwo conditionsbut
and . Thereforewe needto devise some
measurdo quantifythe goodnes®f candidatesolutionsin
termsof boththeir concisenesaswell aspreciseness.
With respectto concisenessye are interestedn min-
imal tree patternsthat do not contain ary “redundant”
nodes.More precisely we saythatatreepattern is min-
imizedif for ary treepattern suchthat , it is the
casethat . With respecto precisenessdt canbe
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Figure2: Examplesof TreePatterns.

shavn thatthe containmentelationship ontheuniverse
of treepatternsactuallyde®nesa lattice. In particular the
notionsof upperboundandleastupperboundareof rele-

vanceto theaggreyationproblemand,thereforewe de®ne
themformally here.

An upperboundof two treepatterns and is atree

pattern suchthat and ,i.e.,forany XML tree
 if or then . Theleastupperbound
(LUB) of and , denotedby , is anupperbound

of and suchthat,for ary upperbound of and ,
. Onceagain,we generalizéhenotionof LUBs to a

set of treepatterns An upperboundof is atreepattern
, denotedby , suchthat for every
TheLUB of , denotecby ,isanupperbound of

suchthatforaryupperbound of

Clearly,if is anaggregatetreepatternfor asetof tree
patterns (i.e., ), then is an upperbound of
Obsenrethat,if istheLUB of ,then isthemostprecise

aggrejatetree patternfor . In fact, it canbe shavn that
existsandis uniqueup to equivalencefor ary set  of

treepatterng5]; thus,it is meaningfulto talk about  as

themostpreciseaggreyatetreepattern.

Example 2.2 Consideragainthetreepatternsin Figure 2.
Observethat ; andsince , isnota
minimizedpattern. In fact, exceptfor , all the tree pat-
ternsin Figure 2 are minimizedpatterns.Notethat

becausethe root nodeof  doesnot havea tag-a child
node;and becausédhere existsno nodein  that
is a parentnodeof bothatag-a-nodeanda tag-c-node Ob-

servethat and ;i.e,, isanupperbound
of and . Howerer, sincewehaveanother
treepattern, ,whichisanupperboundof and sud
that Indeed with

Note howe/er that the sizeof an LUB is not necessarlly
alwayssmallerthanthesizeof its constituenpatterns.For
example but . Notethat
is an upperboundof

We concludethis sectionby presentmg;omeaddltlonal
notationusedin this paper Foranode in atreepattern ,
we denotethe setof child nodesof in by

We also de®nea partial ordering  on nodelabelssuch

thatif and aretag names,then (1)

and (2) iff . Giventwo nodes and
is de®nedto be the “leastupperbound”

of theirlabels and asfollows:

if

if

or

* otherwise.
Forexample, and
. For notationalcorveniencewerefertoanode ina

treepatternasan - if , andreferto as
atag-nodeif

3 Computing the Most PreciseAggregate

In this section,we considera specialcaseof our tree pat-
ternaggr@ationproblem,namely whenthe aggregyateset
consistof asingletreepatternandthereis nospacecon-
straint. For this casewe provide an algorithmto compute
themostpreciseaggreatetreepattern(i.e., LUB) for aset
of treepatterns.Someof the algorithmsgivenin this sec-
tion arealsokey componentsf our solutionfor thegeneral
problemwhichis presentedn the next section.

Giventwo inputtreepatterns and , Algorithm LUBIn
Figure 3 computeghe mostpreciseaggreyatetreepattern
for (i.e.,theLUB of and ). It traverses and
top-dovn andcomputeghetightestcontainersub-patterns
for eachpair of sub-patterns and

encounteredwhere and arenodesin
and , respectiely. Thetightestcontainersub-patternsf
and areaset of sub-patternsuchthat:

(1) consistof containersub-patternsof  and |, i.e.,
for any XML document andary element in , if
or then for each

; and,

2Notethata sub-patterrof treepatterns and is anupperboundof
and , andwe usethesetwo termsinterchangeably



Algorithm LUB
Input: and aretreepatterns.
Output: A treepatternrepresentingheLUB of and .

1)if ( ) thenreturn ;

2)if ( ) thenreturn ;

3)Initialize ,

4)Let and denotetherootnodesof and |, resp.;
5)for each do

6) for each do

7)

8) Createatreepattern with rootnodelabel and
thesetof child sub-patterns

9)return ;

Algorithm LUB.SUB
Input: , arenodesn treepatterns , (respectiely),
is a2-dimensionaarraysuchthat
is the setof tightestcontainer
sub-patternsf and
Output: .
1)if then
2) return ;
3) elseif
4) return ;
5) elseif
6) return ;
7)else
8) Initialize ;
9) for each do
10) for each do
11) -
12) for each do
13) -
14) for each do
15) -
16) Let bethepatternwith rootnodelabel
andsetof child subtreepatterns ;
17) Let bethepatternwith rootnodelabel
andsetof child subtreepatterns
18) Let bethepatternwith rootnodelabel
andsetof child subtreepatterns
19) return ;

then

then

Figure3: Least-UppeiBoundComputationAlgorithm.

(2) istightestin the sensehatfor arny othersetof con-
tainersub-patterns of and thatsatis®escondi-
tion (1), any XML document andary element in

 if for each then for
all

Intuitively, is acollectionof conditionsimposedby both

and suchthatif satis®es or at ,then alsosat-
is®estheconjunctionof theseconditionsat . We now show
how theLUB for and canbecomputedrom thetightest
containersub-patternsLet and betherootsof
patterns and , respectiely. Notethatadocument that

satis®es alsosatis®esfor each , the
restrictionof to the root nodeand only .
Consequentlya document that satisRes or must

also satisfy the pattern consistingof a root node (with
label /) whose children are the tightest containersub-
patternsfor eachpair and
where and

pattern isthusanLUB of and .

The main subroutinein our LUB computation (Al-
gorithm LUB_.SUB computesthe tightest containersub-
patterns of and as follows. |If (resp.

), then (resp. ) is thetightestcontainersub-
pattern;otherwise,the tightestcontainersub-patternsare
a set of sub-patternswhich arede®nedin the
following manner The root node of is labeledwith

andthechild subtreeof arethetight-

estcontainersub-pattern®f eachchild subtreeof and
eachchild subtreeof . Intuitively, the root of corre-
spondsto therootsof and (with a label equalto the
leastupperboundof thatof and ). In otherwords,

preseresthe positionsof the correspondingnodesin
and . However, this “position-preserving’generalization
is not suf®cient since and may have commonsub-
patternsat different positionsrelative to their roots. For
example, and in Figure2 haveacommonsub-pattern
rootedatan -nodethathasbotha -childanda -child, but
this patternis locatedat differentpositionsrelative to the
rootsof and . Tocapturegheséoff-position”common
sub-patternsyeneedto compute and . Thechild sub-
treesof arethetightestcontainersub-patternsf itself
andeachchild subtreeof ; andthelabelof therootnode
of is toaccommodateommonsub-patternstdiffer-
entpositionsrelativeto therootsof and . Similarly, the
rootnodeof  haslabel , andthe child subtreesf
arethe tightestcontainersub-patternef itself andeach
child subtreeof

By computingthetightestcontainersub-patternsecur
sively, the algorithm computeshe LUB of the input tree
patterns and . By inductiononthestructureof and ,
we canshaw thefollowing result[5].

Proposition 3.1: Giventwo tree patterns and , Algo-

. This

rithm LUB computes
Example3.1 Given  and in Figure 2, Algorithm
LUB returns , which is indeed To help ex-

plain the computationof , we use the notation
to refer the node (in sometree pattern) that is la-
beled“ ", where ead collection of nodessharing the
same label are ordered based on their pre-order se-
guence; for example in , we use and to
refer to the leftmost and rightmost -nodes, respec-
tively. Algorithm LUB_SUB (invoked by Algorithm LUB)
r st extracts the “position preserving” tightestcontainer
sub-patterns for and
which yieldsthe sub-pattern
11). Note that the root node of
beleda becauseboth the root nodesof
and are labeled a. The sub-patterns
and , however, havequite
different structues and thus a “position-preserving” at-
temptto extract their commonsub-patternsonly yields

(in Steps9—
is la-



In particular, the commonsub-pattern
consistingof an -node with both a -child-node and
-child-node is not captuied by the above processbe-
causethey occur at different positionsrelative to the root
nodes of and To ex-
tract suc “of f-position” commorsub-patternsAlgorithm
LUB_SUBcompaes with
and , aswell as compaes
with (in Stepsl2-15).Indeed thisyields
which hasa -root since this com-
mon sub-patternoccurs at different positionsrelative to
the root nodes of and .
It should be mentionedthat both and
are also producedby the “of f-position”
processing as Algorithm LUB_SUBrecursively processes
the sub-pattern with and
, respectively Finally, the algorithm re-
movesthe redundantnodesin the result tree pattern by
using a minimizationalgorithm (which will be explained
shortly)to geneatethe LUB

It is straightforwardto shav thatour LUB operator ",
consideredasa binary operatoyis commutativeandasso-
ciative, i.e., and

. As aresult,Algorithm LUB canbenaturally
extendedto computethe LUB of ary setof tree patterns.
We next explain the detailsof thetwo auxiliary algorithms
usedin Algorithm LUB.

Algorithm LUB needsto checkthe containmenbf tree
patternswhich is implementediy Algorithm CONTAINS
in Figure4. Giventwo inputtreepatterns and , thealgo-
rithm determinesf . It maintainsa two-dimensional
array , Which is initialized with

to indicatethat and
have not been compared; otherwise,
suchthat
if . Clearly,
only if ,Where
denotetherootnodesof and |, respectiely.

The main subroutinein our containmentalgorithm is
Algorithm CONTAINSSUB Abstractly CONTAINSSUB
traverses and top-dowvn andupdates for
eachpair of nodes and
visited as follows. Let and denote
and , respectrely. If hasal-
readybeencomputed.e., ), thenits
value is returned. Otherwise,our algorithm determines
whether , as follows. If , then

iff and each
containssomechild subtreeof . Oth-
erwise, if , two additionalconditionsneed
to be takeninto account. This is becausainlike a -node
or atag-name-nodea -nodein a containertree pattern
canalsobe“mapped”to a (possiblyempty)chainof nodes
in a containedree pattern.For example,considerthe tree

if andonly
if and
and

child subtreeof

patterns and in Figure2. Note that , and
the -nodein is not mappedto ary nodein  in the
sensghat  would still becontainedn  if the -node

Algorithm CONTAINS

Input: and aretwo treepatterns.

Output: Returns if otherwise.

1) Initialize ,

2)Let and denotetherootnodesof and , resp.;
3)if then

4) return

5)else

6) return CONTAINSSUB

Algorithm CONTAINSSUB
Input: , arenodesn treepatterns , (respectiely),
is a 2-dimensionahrraysuchthateach

Output:
1)if

2) return ;
3)if ( isaleafnodein )then

5)elseif then

6) ;

T)else

8)

then

9) if and then

10)

11) if and then

12) _

13)return

Figure4: Tree-RatternContainmenflgorithm.
in is deleted. On the otherhand,for the tree patterns

and in Figure2, andthe -nodein is
mappedo boththe - and -nodesin  in the sensethat
and

. Thesetwo additionalscenariosarehan-
dled by Steps10 and 12 in Algorithm CONTAINSSUB
Step 10 accountsfor the casewherea -node( itself)
is mappedto an empty chain of nodes,and Step 12 for
the casewherea -node( itself) is mappedto a non-
empty chain. Note that in Steps8 and 12, the expres-
sion _ re-
turns if .

By inductionon the structureof and , we canshowv
thefollowing result.

Proposition 3.2: Giventwo tree patterns and , Algo-
rithm determinesf in
time

The quadratictime compleity of our tree-patterrcon-
tainmentalgorithmis dueto, amongotherthings, the fact
thateachpair of sub-patternin  and is checledat most
once,becausef the useof the array To simplify
the discussion,we have omitted from Algorithm CON-
TAINS certainsubtledetailsthatinvolve treepatternswith




chainsof - and -nodes. Suchcasesrequiresomead-
ditional pre-processingo corvert the tree patternto some
canonicalform, but this doesnot increaseour algorithm's
time compleity.

To ensurethatour tree patternsare concise we needto
identify and eliminate“redundant’nodesin them. Given
a tree pattern , a minimized tree pattern  equialent
to canbe computedusing a recursve algorithm MIN-
IMIZE . Startingwith theroot of , our minimization al-
gorithm performsthe following two stepsto minimize the
sub-pattern rootedatnode in : (1)Forary

I :
then delete from ; and, (2)
For each (thatwasnot deletedn the ®rst
step),recursvely minimize . Thecomplete
detailscanbefoundin [5].

Proposition 3.3: Algorithm MINIMIZE minimizesany
treepattern in time

Proposition 3.4: For anyminimizedreepatterns and
iff (i.e., they are syntacticallyequal).

Given the low computationalcomplexities of CON-
TAINS andMINIMIZE , onemight expectthat this would
alsobethe casefor Algorithm LUB. Unfortunately in the
worstcasethesizeof the(minimized)LUB of two treepat-
ternscanbeexponentiallylarge (se€[5] for adetailedanal-
ysis). Our implementatiorresults,however, demonstrate
that our LUB algorithm exhibits reasonablylow average-
casecompleity in practice.

4 Selectvity-based Aggregation Algorithm
While the LUB algorithm presentedn the previous sec-
tion canbe usedto computea single, mostpreciseaggre-
gatetree patternfor a givenset of patternsthe size of
the LUB may betoo large and, therefore,may violate the
speci®edspaceconstraint on the total size of the aggre-
gatedsubscriptiongSection2.2). Thus,in orderto ®t our
aggregateswithin the allotted spacebudget, we relax the
requirementf asinglepreciseaggreyateby permittingour
solutionto be a set (insteadof a
single pattern),suchthat eachpattern is contained
in somepattern . Of coursewe alsorequirethat
provide the “tightest” containmenfor patterngn  for the
givenspaceconstraint(Section2.2); thatis, the numberof

XML documentshatsatisfysometreepatternin  but not
,issmall.
A simplemeasuref theprecisenessf isits selectiv-

ity, which is essentiallythe fraction of ®Itered XML docu-
mentsthatsatisfysomepatternin . Thus,ourobjectiveis
tocomputeaset of aggreyatepatternsvhoseselectvity
is verycloseto thatof . Clearly, theselectvity of ourtree
patterndgs highly dependenon the distribution of the un-
derlyingcollectionof XML documentgdenotedcby ). It
is, hawever, infeasibleto maintainthe detaileddistribution
of streamingKML documentdor our aggreggation—the
spacerequirementsvould be enormous! Instead,our ap-
proachis basednbuilding aconcisesynopsi®of  on-line

(i.e.,asdocumentsrestreamindy), andusingthatsynop-
sisto estimatgapproximatejree-patterselectvities. At a
high level, our aggreyationalgorithmiteratively computes
aset thatis both selectve and satis®egthe spacecon-
straint,startingwith (i.e.,theoriginalset of pat-
terns),and performingthe following sequencef stepsin
eachiteration:

1. Generatea candidatesetof aggrayatetree patterns
consistingof patternsn  andLUBSs of similar pat-
ternpairsin

2. Pruneeachpattern in by deleting/meging nodes
in in orderto reduceits size.

3. Choosea candidate to replaceall patternsin
that are containedin Our candidate-selection
stratgyy is basedbnmaminal gains[14]: Theselected
candidate istheonethatresultsin theminimumloss
in selectvity perunit reductionin thesizeof  (due
to thereplacementf patterndn by ).

Note that our pruning step(Step2) abose makes can-
didateaggreyatepatterndessselectve (in additionto de-
creasingtheir size). Thus, by replacingpatternsn by
patternsn , we areeffectively trying to reducethesizeof

by giving up someof its selectvity.

In thefollowing subsectionsye describen moredetail
our algorithmfor computing . We begin by presenting
our approacHor estimatingthe selectvity of tree patterns
overtheunderlyingdocumendistribution,whichis critical
to choosinga goodreplacementandidatén Step3 above.

4.1 Selectvity Estimation for TreePatterns

The Document TreeSynopsis.As mentionedabove, it is
simply impossibleto maintainthe accuratedocumentis-
tribution  (i.e., the full setof streamingdocumentsjn
orderto obtain accurateselectvity estimatesfor our tree
patterns.Instead,our approachs to approximate by a
concisesynopsisstructure,which we refer to asthe doc-
umenttree Our documenttree synopsisfor , denoted
by , capturespath statisticsfor documentsn , and
is built on-line as XML documentsstreamby. The doc-
umenttree essentiallyhasthe samestructureas an XML
tree,exceptfor two differencesFirst, theroot nodeof
hasthe speciallabel“/.”. Secondgeachnon-rootnode in
hasa frequeny associatedvith it, which we denote

by . Intuitively, if is the sequencef
tag nameson nodesalongthe pathfrom therootto (ex-
cludingthe labelfor theroot), then representshe
numberof documents in  thatcontaina pathwith tag
sequence originating at theroot of . The
frequeng for theroot nodeof issetto ,thenumber
of documentsn

As XML documentsstreamby, is incrementally
maintainedasfollows. For eacharriving document , we
®rst constructthe skeletontree  for document . In the
skeletontree , eachnodehasat mostone child with a
giventag. ishuilt from by simply coalescingwo chil-
drenof anodein if they shareacommontag. Clearly, by
traversingnodesn in atop-dovnfashionandcoalescing
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child nodeswith commontags,we canconstruct from
in asinglepass(usinganevent-basedML parser).As

an example, Figure 5(d) depictsthe skeletontree for the

XML-documenttreein Figure5(a).

Next, we use to updatethe statisticsmaintainedin
ourdocumentreesynopsis  asfollows. For eachpath
in , with tagsequencesay , let bethelast
nodeon the correspondingunique) pathin . We in-
crement by Figure 5(e) showvs the document
tree(with nodefrequenciesjor the XML trees , ,and

in Figure5(a)to (c). Notethatit is possibleto further
compress by usingtechniquessimilar in spirit to the
methodsemployed by Aboulnagaet al. [1] for summariz-
ing path trees. The key ideais to meige nodeswith the
lowestfrequenciesandstore,with eachmeigednode,the
averageof the original frequenciedor nodesin that
weremerged. Thisis illustratedin Figure5(f) for thedoc-
umenttreein Figure 5(e), andwith the label “-" usedto
indicate memed nodes. Due to spaceconstraints,n the
remainderof this subsectionye only presentsolutionsto
theselectvity estimationproblemusingtheuncompressed
tree . However, our proposedmethodscan be easily
extendedo work evenwhen is compressefb].

We shouldnoteherethatour selectvity estimatiorprob-
lem for treepatterndiffersfrom thework of Aboulnagaet
al. [1] in two importantrespects.First, in [1], the authors
considetthe problemof estimatingselectvity for only sim-
ple pathsthatconsistof a//-nodefollowedby tagnodes.In
contrast,we estimateselectvities of generaltree patterns
with branchesand*- or //-nodesarbitrarily distributedin
thetree.Secondyweareinterestedn selectvity atthegran-
ularity of documentssoour goalis to estimatehe number
of XML documentghat matcha tree pattern;instead[1]
addressethe selectvity problematthe granularityof indi-
vidual documentlementghatarediscoreredby a path. It
is easyto seethatthesearetwo very differentestimation
problems.

Selectivity Estimation Procedure. Recallthatthe selec-

tivity of atreepattern is thefraction of documents in
thatsatisfy . By constructionpour synopsisgives
accurateselectvity estimatedor tree patternscomprising
a single chain of tag-nodeq(i.e., with no * or //). How-
ever, obtainingaccurateselectvity estimatedor arbitrary
treepatternswith branches¥, and// is, in generalnotpos-
siblewith summariesThisis becausewhile cap-
turesthe numberof documentgontaininga singlepath, it
doesnot storedocumentidentities. As a result, for a pair
of arbitrary pathsin a tree pattern,it is impossibleto de-
terminethe exact numberof documentghat containboth
pathsor documentshatcontainonepath,but nottheothetr
Our estimationproceduresolvesthis problem,by mak-
ing thefollowing simplifying assumptionThedistribution
of eath pathin a treepatternis independenof otherpaths
Thus,we estimatethe selectvity of a treepatterncontain-
ingno or labels,simply asthe productof the selec-
tivities of eachroot to leaf pathin the pattern.For patterns
containing or , we considerall possibleinstantiations
for and with elementags,andthenchooseasour pat-
ternselectvity the maximumselectvity valueover all in-
stantiations(This is similar to the de®nitionof afuzzy
operatorin fuzzy logic [13].) We illustrate our selectvity
estimatiormethodologyin thefollowing example.

Example 4.1 Considerthe problemof estimatingthe se-
lectivities of the tree patternsshownin Figures5(g) to (i)
using the documentree shownin Figure 5(e). The total
numberof documents, ,is . Clearly, thenumberof doc-
umentssatisfyingpattern which consistofasinglepath,
can be estimatedaccurately by following the pathin
and returningthe frequencyfor the -node(at the end of
the path)in . Thus,the selectivityof s which
is accuratesinceonlydocuments and satisfy . Es-
timating the numberof documentsontainingpattern
however, is somavhat more tricky. This is becausehere
are two pathswith tag sequences and in
thatmatch  (correspondingo instantiating// with
and ). Summinghefrequenciedor thetwo -nodes
at the end of thesepathsgivesus an answerof 4 which
over-estimateshenumberof documentsatisfying  (only
documents and satisfy ). Toavoiddouble-counting
frequencieswe estimatethe numberof documentsatisfy-
ing to bethemaximum(andnotthesum)of frequencies
overall pathsin thatmatdh . Thus,theselectivityof
is estimatedas
Finally, the selectivityof  is computedby consider
ing all possibleinstantiationsfor // and *, and choosing
the onewith the maximumnselectivity Thetwo possiblein-
stantiationsfor // that resultin non-zeo selectivitiesare
and ,and canbeinstantiatedwith either or for
,and or for . Choosing and
resultsin the maximunselectivitysincethe product
of the selectivitieof paths and is maximum,
andis equalto

Algorithm SEL (depictedn Figure6), invokedwith in-
put parameters (root of pattern ) and
(rootof ), computegheselectvity for anarbitrarytree



Algorithm SEL( , )

Input: isanodein treepattern ,
Output:
1)if (

2) return ;
3)elseif ( ) then

4) return ;

5)elseif ( isaleaf)the

6) return ;

7)for eachchild do

8)

9) ;

10)if ( ) then

11)

12) ;

13) ;
14) ;

15)return

isanodein

is alreadycomputed}then

dren,then evaluatego .

4.2 TreePattern AggregationAlgorithm

We are now readyto presentour greedyheuristic algo-
rithm for the tree patternaggreyation problemde®nedin
Section2.2 (which is, in general,an -hard clustering
problem[5]). As describectarliet to aggregateaninputset
of treepatterns into aspace-e®cientandpreciseset,our
algorithm(Algorithm AGGREGATIB Figure7) iteratively
prunesthetreepatterndn by replacinga smallsubsebf
tree patternswith a more conciseupperboundaggregate
pattern until  satis®eghegivenspaceconstraintDuring
eachiteration, our algorithm®rst generates small set of
potentialcandidateaggreatepatterns , andselectsfrom
thesethe (locally) “best” candidatepattern,i.e., the candi-
datethatmaximizeghegainin spacevhile minimizingthe
expectedossin selectvity.

Figure6: TreePatternSelectvity EstimationAlgorithm.

pattern in time. In thealgorithm,for nodes
and , storesthe selectvity
of thesub-pattern with respecto thesubtree
of rootedatnode . Thisselectvity is estimatedimilar
to theselectvity for pattern , exceptthatwe now consider
all instantiationsof (obtainedby instantiat-
ing and with elementags),andtheselectvity of each
instantiationis computedwith respecto astherootin-
steadof theroot of . Forinstancesupposehat is the
-nodein  (in Figure5(i)), and is thechild -nodeof
the -nodein (in Figure5(e)). Then,the selectvity of
with respecto is essentiallythe product
of theselectvity of paths  and  with respecto node
, whichis . Thus,

Our goal is to compute . For
a pair of nodes and , Algorithm SEL computes

from valuesfor the chil-
drenof and . Clearly, if (Steps3-4
of the algorithm),thenevery pathin begins
with a label differentfrom andthusthe selectv-
ity of eachof the pathsis . If and

is a leaf (Stepsb-6), thenwe simply instantiate
(if or*) with , giving aselectvity of
. Ontheotherhand,if isaninternalnodeof ,

thenin additionto instantiating with , we
alsoneedto compute for every child  of , theinstanti-
ationfor thathasthe maximumselectvity
with respecto somechild of . Since

is the selectvity of with respecto , the
product of for the
children of givestheselectvity of with
respectto . Finally, if , then canbe
simply , in which casetheselectvity of

with respectto is computedas describedn Stepl11, or
is instantiatedo a sequenceonsistingof fol-
lowed by , where isthechild of suchthatthe
selectvity of withrespecto ismaximized
(Stepl3). Obsenrethat,in Steps8 and13,if hasno chil-

Algorithm AGGREGATE
Input: is asetof treepatterns, is aspaceconstraint.
Output: A setof treepatterns suchthat
and
1) Initialize ;
2) while do
3) ;

6) Select suchthat is maximum;

8) return ;

Figure7: TreePatternAggregationAlgorithm.

Candidate Generation. We now explain the processor
generatingthe candidateset in Steps3-5 of Algo-
rithm AGGREGAT.Eo reducehesizeof individual candi-
datepatternof theform or , eachcandidatés pruned
by invoking Algorithm PRUNEdetailsin [5]). Givenan
input pattern andspaceconstraint , Algorithm PRUNE
prunes to asmallertreepattern suchthat and
. Thealgorithmtreatstag-nodessmoreselectve

than -and -nodesandthereforetriesto pruneaway -
and -nodesbeforethe tag-nodes.Speci®cally the algo-
rithm ®rst prunesthe - and -nodesin by (1) replac-
ing eachadjacenfair of non-tag-nodes  with a single
-node,if  is the only child of , and(2) eliminating
subtreeghatconsistof only non-tag-nodedf thetreepat-
ternis still not small enoughafter the pruningof the non-
tag-nodeswe startpruning the tag-nodes.Thereare two
ways to reducethe size of a tree pattern by one node.

The ®rst is to deletesomeleaf nodein , andthe second
is to collapsetwo nodes and into a single -node,
where and . To help

selecta “good” leaf nodeto delete(or, pair of nodesto
collapse) we make useof the selectvity of thetagnames.
More speci®cally we useour documentree synopsis

to estimatehetotal numberof occurrencesf atagnamein
the documentcollection , andthenchoosethe tagswith
highertotal frequenciegwhich arelessselectve) ascandi-
datedfor pruning.



Candidate Selection.Oncethe setof candidateaggreyate
patternshas beengeneratedywe needsomecriterion for
selectingthe “best” candidateto insertinto For this
purposewe associatex bene®tvaluewith eachcandidate
aggreatepattern , denotedby , based
on its maminal gain [14]; thatis, we de®ne
astheratio of the savingsin spaceo thelossin selectvity
of using over . More formally, if

, , and representherootnodesof , ,

and ,then is equalto:

Notethatwe computethe selectvity lossby comparing
theselectvity of thecandidateaggreyatepattern with that
of the leastselectve patterncontainedin it. This givesa
good approximationof the selectvity lossin casesvhen
the patterns usedto generate aresimilar and
overlapin thedocumentree . Thecandidateaggreyate
patternwith the highestbene®tvalueis choserto replace
thepatternscontainedn it in  (Steps6-7).

5 Experimental Study

To verify the effectivenesf our tree patternaggreyation

algorithms,we have conductedan extensie performance
studyusingreal-life DTDs andlarge numbersof tree pat-

terns. Our resultsindicatethat our proposedaggreyation

techniqueschiere signi®cantreductionsn the numberas
well astotal size of tree patternswith minimal lossin se-

lectivity.

5.1 Experimental Testbedand Methodology
Our generalmethodologyfor evaluatingthe effectiveness
of a patternaggreyationalgorithm is asfollows. Given
alargeinput setof tree patterns anda spaceconstraint
, We use to computea setof aggreyatepatterns  for
, Where and (our spaceconstraint
is expressedn termsof numberof nodes,sincepatterns
canbearbitrarily large). We thenmeasurehelossin preci-
sionwhenusing insteadof to ®lter XML documents.
Obsene thatwhen ,  containsa single container
pattern(* 7).

To measurdhelossin precisionof theaggreyateset
we usea subset of arepresentatie setof XML docu-
ments,suchthatno documenin  matchesary treepat-
ternin our initial patternset The reason,of course,
is that XML documentghat match arealsoguaranteed
to match , sothey areunlikely to affect our “precision-
loss” measurementsAs  becomedess precise,some
documentsn  will be erroneouslyreportedasmatches.
Let be the numberof documentsn
that match ; thelossin precisionof over canbe
estimatedas .
An aggrejation algorithm is obviously more effective if

remainssmallas decreases.
XML Documents. We usedtwo real-life DTDs to gener
ateour XML documentataset. The®rst one,the Extensi-
ble Hypertext Markup Languagg(XHTML) DTD [7], isa

reformulationof HTML asan XML applicationandis ar-

guablythedocumentype mostwidely usedoverthe Inter-

net. The XHTML DTD (versionl.0)contains elements
with attributes. The secondDTD, the News Industry
Text Format(NITF) DTD[8], is supportedoy mostof the

world'smajornewsagenciesTheNITF DTD (version2.5)

contains  elementswith attributes.

We generatecour dataset of XML documentsusing
IBM's XML Generatottool [11]. Both the XHTML and
NITF DTDs contain recursve structures,which can be
nestedo produceXML documentswith arbitrarynumber
of levels. We addedthe option of generatingdocuments
skewed accordingto a Zipf distribution [18], wheresome
tag namesappeamorefrequentlythanothers,asis gener
ally the casewith real-life data.

ForeacheachDTD andeachskew value ,
wegeneratedwo disjointsetsof XML documentsvith
approximately  nodesand levels on average. The
®rst setcorrespondso the collectionof XML documents
usedto constructhe documentree for selectvity es-
timation;the secondsetis usedto measurghelossin pre-
cision of the aggreyationalgorithms. Both setsweregen-
eratedwith the sameparametersandthuscanbe expected
to have similar distributions. In eachexperiment,we used
the combinedXML documentdor boththe XHTML and
NITF DTDs, i.e., we useda total of documentdor
thedocumentree  , and(a different) documents
for measuringhelossin precision.

XPath Expressions.To generatehe setof treepatterns
we implementedan XPath expressiongeneratothattakes
aDTD asinputandcreates setof valid XPathexpressions
basedn asetof parametershatcontrol: (1) themaximum
height of thetreepatterns(2) theprobabilities and
of having awildcard“ ” or adescendarit " operatorat
a nodeof a tree pattern;(3) the probability  of having
morethanonechild atagivennode;and(4) theskew  of
the Zipf distribution usedfor selectingelementagnames.

For eachDTD andeachskew value , we
generated setof treepatternawith and

. Eachexperimentwasrun with treepat-

ternsfrom boththe XHTML andNITF DTDs, i.e.,
treepatternsvhich amountedo morethan nodes.

Algorithms. We comparedwo differentaggreyationalgo-
rithms in our experiments. The ®rst (“naive”) algorithm,
PRUNE, is basedn simplenodepruningandworksasfol-
lows. At eachiteration,it selectsatreepattern from
with thelargestnumberof tag-nodescollapsesnultiple
-and -nodes,anddeletesa prunablenode(i.e., a leaf
nodeor a nodelocatednext to  -nodes)with the highest
frequeng (i.e.,leastselectve)in thedocumentree . If
thereis alreadya tree patternidentical to the prunedpat-
tern,thenthe duplicateis removedfrom . Thealgorithm
iteratesuntil the spaceconstraintis satis®ed. The second
algorithm, AGGR, is our greedytree patternaggrejation
algorithm (from Figure 7) with both candidategeneration
andselection(basedon maximizingthe bene®t). Our ex-
perimentsvereconductecbn a 866 MHz Intel Pentiumlll
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machinewith MB of main memory running Linux.

Both algorithmscompletedthe aggreyation of tree

patternsn approximately minutes.

5.2 Experimental Results

We ®rst comparethe performanceof the two aggreation
algorithmsby varying the skew for elementtagsin the
XML documentsandin the XPathexpressionsWe ranthe
experimentswith no skew, with skewed XML documents,
with skewed XPath expressionsandwith skew in boththe
XML documentsand XPath expressions.In the lastcase,
we skew the distribution for elementnamesin the oppo-
site “direction” (applyingthe sameskew to boththe XML
documentsand XPath expressionsvould yield similar re-
sultsaswith no skew). Theexperimentakesultsareshovn
in Figures8(b), 8(a),and8(c), wherethe spaceconstraint,
expressedn termsof the numberof nodesjs variedalong
the -axis,andthe -axisindicategheobsenedlossin se-
lectivity for agivenspaceconstraintj.e.,the percentagef
XML documentshatareerroneouslyeportedasmatches.

We alsomeasurdghe bene®tsof aggreyationin termsof
®ltering performanceusingthe XTrie matchingalgorithm
describedn [6]. Sincethe costof ®lteringin XTrie grows
linearly with the numberof XPath expressionsye expect
to obsene a signi®cantimprovementin ®ltering speedas
thecardinalityof —decreases.

Non-skewedworkload. Whenneitherthe XML datanor
the tree patternscontainskew (i.e., ), the
AGGR algorithmcanaggreyatetree patternsup to of
their original sizewith only a lossin precision(the
resultsfor non-slewed dataare reportedin all graphsof
Figure8). In contrast.the precisionof PRUNE algorithm
startsto degrademuch sooney and the lossin precision
reacheslmost at of theinitial space.The bet-
ter performanceof AGGR canbe attributedto threemain
factors: (1) the upperboundcomputationgenerategood
candidatesvith few nodesandlittle lossin precision,(2)
the selectvity-basedheuristicshelp to detectand discard
candidateshatcorrespondo patternswith low selectvity
(i.e., frequentlyoccurringfor a given DTD), and (3) the
coveringcomputatiorenablegedundantreepatterngo be

eliminatedearly.

Skewed XML documents. Real-world XML documents
are generally not uniformly distributed amongthe valid
XML datafor a given DTD. When XML documentsare
skewed (Figure 8(a)), we obsene that the effectivenessof
the AGGR algorithmincreasesThe reasorfor this s that,
asdatabecomesnoreskewed,the XML documentsendto
form clusterswith documentswithin a clusterbeingmore
similar than thosein different clusters;this, in turn, im-
provesthe accurag of selectvity estimation.The PRUNE
algorithmalsobene®tsrom the skew (althoughto a lesser
extent)becausef its frequeng-basedruningheuristic.

Skewedtr eepatterns. We alsoobsene a signi®cantim-
provementin our aggreationalgorithmwhenthe element
namesof tree patternsare skewed (Figure 8(b)). Indeed,
the skew inducesa clusteringof patternssuchthat simi-

lar tree patternsare groupedinto the samecluster which

consequentlyncreaseghe proportionof patternsthat de-

velopcontainmentelationshipsThis permitsthe aggreya-
tion algorithmto reducethe sizeof =~ with minimal lossof

selectvity, by computingtighter upperboundpatternsand
discardingcoveredpatterns.

Skewedworkload. Thetwo aggreationalgorithmsper

form bestwhenboth the XML dataandthe tree patterns
are skewed in different“directions” (Figure 8(c)). With

high skew values,thereis little overlap betweenthe ele-
mentnamesof the XML documentsandthe tree patterns,
and AGGR remainshighly selectve with only a few hun-
dredsnodes. The PRUNE algorithm also exhibits signi®-
cantimprovementsandmaintains selectvity evenaf-

ter the original numberof nodesarereducedo lessthana
third.

Filtering speed. As mentionedpreviously, the cost of
matchingtree patternsagainstincoming XML documents
is proportionalto the numberof treepatterns SinceAGGR
generatesandidate®y computingupperboundsthe can-
didatescover more patterns,and asresult, the numberof
patternsn  shrinksfastemwith AGGR. Figure9 shavsthat
theaverage®ltering time perdocumentlecreasefaster(as
spaceis increasedfor AGGR than for the PRUNE algo-
rithm. Our aggregationalgorithmis thereforemore effec-
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tive bothin termsof selectvity aswell as®ltering speed.

6 RelatedWork

To the bestof our knowledge,our tree patternaggreyation
problemis anovel problemthathasnotbeenstudiedin ear
lier work. In contrastio the* at patterns”previously stud-
ied in the context of aggreyatingattribute-predicate-based
subscriptiond12], our paperfocuseson hierarchicalpat-
terns,which aremorecomplex (astree patternsconsistof
both datacontentsandstructure)andrequiremoresophis-
ticatedaggreyationtechniques.

A relatedareais the work on query meming to reduce
datadisseminatiorcostsof querysubscriptionsn a multi-
castervironment[9]. The motivationfor querymemingis
to merge multiple similar queriesinto a single, moregen-
eral queryso asto reducethe workload of the sener and
possiblythe amountof traf®c betweenthe sener and its
clients.However, the problemdomainconsideredn [9] fo-
cuseson geographicatjueries(represente@srectangles);
furthermore,the issueof spaceconstraintis not relevant
there.

Someformsof treepatterndhave beenstudiedasqueries
for XML data[3, 17]. In particular minimization algo-
rithms for thesepatternshave beendevelopedin orderto
optimize patternqueries. The tree patternsin [3] differ
from oursin two aspects.On the one hand,the tree pat-
ternsof [3] do not allow -nodes(wildcards)which, as
mentionedn Section3, give riseto subtleproblemsin the
presenceof -nodes(descendantsyhencontainmenif
tree patternsis considered.On the other hand,they sup-
port selectionof a setof documenhodesastheresultof a
patternquery whichwe do notconsideisincewhatmatters
for our subscriptionaggreationcontext is whetheror not
a documentmatchesa subscriptionthe actualsetof doc-
umentnodesthat matchesa subscriptionis not relevant.
Becauseof thesedifferencesthe minimization algorithm
of [3] hasan compleity in contrastto our
compleity. Similarly, thework in [17] studiesa different
classof tree patternsand their minimization algorithmis
only known to bein polynomialtime.

7 Conclusions

We have provided the ®rst systematicstudy of tree pat-
tern aggregation, animportantproblemin building next-

generation,scalableXML disseminationsystems. The
mainchallengds to aggreyateaninput setof treepatterns
into a smallersetsuchthat: (1) a given spaceconstraint
on the total size of the patternsis met, and (2) the loss
in precision(dueto aggreyation)is minimized. We have

proposedan ef®cientaggreyationalgorithmthat makesef-
fective use of document-distribtion statisticsin orderto

computea precisesetof aggreatetree patternawithin the
allottedspacebudget.Further someof our algorithmicre-
sultsareof interestin their own right, andcanprove useful
in otherdomainssuchasXML queryoptimization.Exten-
sive resultsfrom a prototypeimplementatiorhave veri®ed
the effectivenesof ourapproach.
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