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Abstract
With therapidgrowth of XML-documenttraf�c on the
Internet,scalablecontent-baseddisseminationof XML
documentsto a large,dynamicgroupof consumershas
becomean importantresearchchallenge. To indicate
the type of content that they are interestedin, data
consumerstypically specify their subscriptionsusing
someXML patternspeci�cationlanguage(e.g.,XPath).
Giventhelargevolumeof subscribers,systemscalabil-
ity andef�ciency mandatethe ability to aggregate the
setof consumersubscriptionsto a smallersetof con-
tent speci�cations,so as to both reducetheir storage-
spacerequirementsaswell asspeedup thedocument-
subscriptionmatchingprocess.In this paper, we pro-
vide the �rst systematicstudy of subscriptionaggre-
gationwheresubscriptionsarespeci�ed with treepat-
terns(animportantsubclassof XPathexpressions).The
mainchallengeis to aggregatean input setof treepat-
ternsinto asmallersetof generalizedtreepatternssuch
that: (1) agivenspaceconstraint onthetotalsizeof the
subscriptionsis met,and(2) the lossin precision(due
to aggregation)duringdocument�ltering is minimized.
We proposean ef�cient tree-patternaggregationalgo-
rithm thatmakeseffectiveuseof document-distribution
statisticsin orderto computea precisesetof aggregate
treepatternswithin the allottedspacebudget. As part
of our solution, we also develop several novel algo-
rithms for tree-patterncontainmentandminimization,
aswell as“least-upper-bound”computationfor a setof
treepatterns.Theseresultsareof interestin their own
right, andcan prove useful in otherdomains,suchas
XML queryoptimization.Extensive resultsfrom apro-
totypeimplementationvalidateourapproach.

1 Intr oduction
XML (eXtensibleMarkup Language)[16] has become
the dominant standardfor data encodingand exchange
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on the Internet,including e-Businesstransactionsin both
Business-to-Business(B2B) and Business-to-Consumer
(B2C) applications.Given the rapid growth of XML traf-
®c on the Internet, the effective and ef®cient delivery of
XML documentshas becomean important issue. Con-
sequently, there is growing interestin the areaof XML
content-based�ltering and routing (e.g., [4]), which ad-
dressesthe problemof effectively directinghigh volumes
of XML-document traf®c to interestedconsumersbased
ondocumentcontents. Unlikeconventionalrouting,where
packetsareroutedbasedona limited, ®xedsetof attributes
(e.g., source/destinationIP addressesand port numbers),
content-basedrouting is basedon generalpatternsof the
documentcontents,whichis signi®cantlymore�e xibleand
demanding. Consumerstypically specify their subscrip-
tions, indicating the type of XML contentthat they are
interestedin, using someXML patternspeci®cationlan-
guage(e.g.,XPath [15]). For eachincomingXML docu-
ment,a content-basedrouter matchesthe documentcon-
tentsagainstthesetof subscriptionsto identify the(sub)set
of interestedconsumers,andthenroutesthe documentto
them. Thus,in content-basedrouting,the “destination”of
an XML documentis generallyunknown to the datapro-
ducer, andis computeddynamicallybasedonthedocument
contentsandtheactivesetof subscriptions.

Effectivesupportfor scalable,content-basedXML rout-
ing is crucial to enablingef®cient and timely delivery of
relevantXML documentsto alarge,dynamicgroupof con-
sumers. Given the large volume of potentialconsumers,
systemscalabilityandef®ciency madatethe ability to ju-
diciouslyaggregatethesetof consumersubscriptionsto a
smallersetof contentspeci®cations.The goal,of course,
is to both reducethe subscriptions'storagespacerequire-
ments(e.g.,sothat theroutingtable®ts in mainmemory),
as well as speedup the ®ltering of incoming XML traf-
®c. For instance,a corerouter in a B2B applicationmay
chooseto aggregatesubscriptionsbasedon geographical
location, af®liation, or domain-speci®cinformation (e.g.,
telecommunications).Subscriptionaggregationessentially
involvesaggregatinganinitial setof subscriptions� into a
smallerset � suchthat any documentthat matchessome
subscriptionin � also matchessomesubscriptionin � .
However, sincethereis typically a “loss of precision” as-
sociatedwith suchaggregation,thedocumentsmatchedby
the aggregatedset � is, in general,a supersetof those
matchedby the original set � . As a result, a document
may be routedto consumerswho have not subscribedto
it, thusresultingin an increasein theamountof unwanted
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Figure1: ExampleTreePatternsandXML DocumentTree.

documenttraf®c. In orderto avoid suchspuriousforward-
ing of documents,it is desirableto minimizethenumberof
such“f alsematches”(i.e., minimize the lossin precision)
with respectto thegivenspaceconstraintfor theaggregated
subscriptions.

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

�����

����� �!�#"$�&%

�����'�)(

), andanaggregatedsubscriptionis
allowedto containwildcardvalues,indicatingtheentireset
of domainvaluesfor certainattributes.1 In this paper, we
providethe®rst systematicstudyof thesubscriptionaggre-
gationproblemwheresubscriptionsarespeci®edusingthe
much more expressive model of tree patterns. Tree pat-
ternsrepresentanimportantsubclassof XPathexpressions
that offers a naturalmeansfor specifyingtree-structured
constraintsin XML andLDAP applications[3]. Compared
to earlierwork basedonattribute/predicate-basedsubscrip-
tions, effectively aggregating tree-patternsposesa much
morechallengingproblemsincesubscriptionsinvolveboth
contentinformation (nodelabels)aswell asstructurein-
formation (parent-childandancestor-descendantrelation-
ships). Brie�y , our treepatternaggregation problemcan
bestatedasfollows: Givenan input setof treepatterns�

and a spaceconstraint,aggregate � into a smallerset of
generalizedtree patternsthat meetsthe spaceconstraint,
and for which the loss in precisiondue to aggregation is
minimized.

Example1.1 Considerthetwo similar tree-pattern-based
subscriptions
	* and 
	+ shown in Figure 1, where 
,*

matchesanydocumentwith a root elementlabeled“CD”
that has both a sub-elementlabeled“SONY” as well as
a sub-element(with an arbitrary label) that in turn has
a sub-elementlabeled“Bach”; and 


+ matchesany doc-
umentthat has someelementlabeled“CD” with a sub-
elementlabeled“Bach”. Here thenodelabeled` - ' (wild-
card) matchesany label, while the nodelabeled` .�. ' (de-
scendant)matchessome(possiblyempty)path. TheXML
document/ shownin Figure 1(e) matches (or satis�es)


0* but not 
	+ becausethe sub-elementlabeled“Bach” in

1Due to spaceconstraints,a moredetailedoverview of relatedwork
canbefoundin theappendix.

/ doesnot havea parent elementlabeled“CD”. For ef-
�ciency reasons,one might want to aggregate the set of
treepatterns ��
	*��!
	+

(

into a single treepattern. Two ex-
amplesof aggregatetreepatternsfor �1
,*'�!
0+

(

are 
	2 and

03 (in Figure 1) sinceany documentthat satis�es 
 * or

 + also satis�esboth 
 2 and 
	3 . Althoughboth 
 2 and 
03

havethesamenumberof nodes,
 2 is intuitively“morepre-
cise” than
03 with respectto �1
 * �!
 +

(

since
 2 preservesthe
ancestor-descendantrelationshipbetweenthe “CD” and
“Bach” elementsas required by 
	* and 
	+ . Indeed,any
XML documentthat satis�es 
	2 alsosatis�es 
 3 (and thus
wesaythat 
 3 “contains” 
02 ). 4

To the bestof our knowledge,our work is the ®rst to
addressthis timely subscriptionaggregation problemfor
XML datadissemination.Our main contributionscanbe
summarizedasfollows.

5 We studythe propertiesof treepatternsanddevelop
ef®cient algorithmsfor decidingtreepatterncontain-
ment, minimizing a tree pattern,and computingthe
mostpreciseaggregate(i.e., the“leastupperbound”)
for a setof patterns.Our resultsarenot only interest-
ing in their own right, but alsoprovide solutionsfor
specialcasesof our treepatternaggregationproblem.

5 We proposea novel, ef®cient methodthat exploits
coarse statistics on the underlying distribution of
XML documentsto computea “precise”setof aggre-
gatepatternswithin theallottedspacebudget.Specif-
ically, our schemeemploys thedocumentstatisticsto
estimatetheselectivityof a treepattern,which is also
usedasa measureof thepattern's preciseness.Thus,
our aggregationproblemreducesto that of ®nding a
compactsetof aggregatepatternswith minimal loss
in selectivity, for whichwepresentagreedyheuristic.

5 We demonstrateexperimentallythe effectivenessof
our approachin computinga space-ef®cientandpre-
cisesetof aggregatetreepatterns.

Theusefulnessof our resultson treepatternsandtheir ag-
gregationis not limited to content-basedrouting, but also
extendsto otherapplicationdomainssuchastheoptimiza-
tion of XML queriesinvolving treepatternsand the pro-
cessing/disseminationof subscriptionqueriesin amulticast
environment[9] (whereaggregationcanbeusedto reduce
server load and network traf®c). Further, our work and
resultsarecomplementaryto recentwork on ef®cient in-
dexing structuresfor XPathexpressions[2, 6]. The focus
of this earlier researchis to speedup document®ltering
with a given setof XPath subscriptionsusingappropriate
indexing schemes.In contrast,our work focuseson effec-
tively reducingthevolumeof subscriptionsthatneedto be
matchedin orderto ensurescalabilitygivenboundedstor-
ageresourcesfor routing. Clearly, our techniquescanbe
usedasapre-processingstepfor theindexesof [2, 6] when
hardconstraintson thesizeof theindex mustbemet. Due
to spacelimitations,theproofsof all theoreticalresultscan
befoundin thefull versionof this paper[5].



2 Problem Formulation
2.1 De�nitions
A treepatternis anunorderednode-labeledtreethatspeci-
®escontentandstructureconditionsonanXML document.
More speci®cally, a treepattern
 hasa setof nodes,de-
notedby � ����� ��� 
�� , whereeachnode� in � ����� ��� 
�� hasa
label,denotedby �	��
 ����� ��� , whichcaneitherbeatagname,
a “ - ” (wildcard that matchesany tag), or a “ .�. ” (the de-
scendantoperator).In particular, the root nodehasa spe-
cial label“ .�
 ”. We use � ��
���������� �0�!
�� to denotethesubtree
of 
 rootedat � , referredto asa sub-patternof 
 . Some
examplesof treepatternsaredepictedin Figure2.

To de®nethesemanticsof a treepattern
 , we ®rst give
the semanticsof a sub-pattern� ��
���� �����!�#��
�� , where � is
not the root nodeof 
 . Recall that XML documentsare
typically representedasnode-labeledtrees,referredto as
XML trees. Let / be an XML treeand � be a nodein / .
Wesaythat / satis�es � ��
���� �����!�#��
�� atnode� , denotedby

� / ������� 
 � ��
���� �����!�#��
�� , if the following conditionshold:
(1) if ����
 �����!��� is a tag, then � hasa child node ��� labeled

����
 ����� ��� suchthat for eachchild node �
�

of � , �!/ ���
�

��� 


� ��
���� �����!�
�

�!
�� ; (2) if �	��
 ����� ��� 
 - , then � hasachild node
�

� labeledwith anarbitrarytagsuchthatfor eachchild node
�

� of � , � / ���
�

��� 
 � ��
���� �����!�
�

�!
�� ; and(3) if ����
 ����� ��� 
 .�. ,
then � hasa descendantnode �

� (possibly �
�


�� ) suchthat
for eachchild �

� of � , � / ���
�

��� 
 � ��
���� �����!�
�

�!
�� .
We next de®nethesemanticsof treepatterns.Let / be

an XML treewith root ������� � , and 
 be a treepatternwith
root �!������� . We saythat / satis�es 
 , denotedby /"� 
 
 ,
if f for eachchild node � of �#����� � , (1) if ����
 ����� ��� is a tag

� , then � ������� is labeledwith � andfor eachchild node �
�

of � , �!/ ��� ����� �$�%� 
 � ��
���� ����� �
�

�!
�� (here ����
 �����!��� speci®es
the tagof ������� � ); (2) if �	��
������ ��� 
 - , then ��������� mayhave
any label and for eachchild node �

� of � , � / ���
�������

�&� 


� ��
���� �����!�
�

�!
�� ; (3) if �	��
 ����� ��� 
 .�. , then �
������� hasa de-

scendantnode �
� (possibly �

�

'�

������� ) suchthat /
�

� 
�

� ,

where /
� is the subtreerootedat �

� , and 

� is identical to

� ��
���� �����!�#��
�� exceptthat“/.” is thelabelfor theroot node
� (insteadof ����
 �����!��� ). Observethat �

������� is treateddiffer-
entlyfrom therestof thenodesof 
 . Themotivationbehind
this is illustratedby 
�( in Figure2, which speci®esthefol-
lowing: for any XML tree / satisfying 
�( , its root must
be labeledwith � andmoreover, it mustcontaintwo con-
secutive � elementssomewhere.This cannotbeexpressed
without our specialroot label “/.” (astreepatternsdo not
allow a unionoperator).

Example2.1 Considerthetreepattern
,* in Figure 2. An
XML document/ satis�es
,* if its rootelementsatis�esall
thefollowingconditions:(1) its label is a; (2) it musthave
a child elementwith an arbitrary tag, which in turn hasa
child elementwith a label b; and (3) it musthavea de-
scendantelementwhich hasbotha c-child elementandan
a-child element.Thus,


* essentiallyspeci�es(existential)
conjunctiveconditionson XML documents.It shouldbe
notedthat documentssatisfying


* mayhavetags/subtrees
not mentionedin 


* . For instance, the root elementof /

mayhavea d-child element,andtheb-elementsof / may

havec-descendantelements. 4

A tree pattern
 is said to be consistentif andonly if
thereexists an XML documentthat satis®es
 . We only
considerconsistenttreepatternsin our work. Further, the
tree patternsde®nedabove can be naturally generalized
to accommodatesimple conditionsand predicates(e.g.,

�������	� 
 “GE” and 
�������� �

���'���

). To simplify the dis-
cussion,wedonot considersuchextensionsin this paper.

It is worth mentioningthat a treepatterncanbe easily
convertedto anequivalentXPathexpression[15] in which
eachsub-patternis expressedasa condition/quali®er[5].
Thus,our treepatternsaregraphrepresentationsof a class
of XPathexpressions,whicharesimilar to thetreepatterns
that have beenstudiedfor XML queries(e.g.,[3, 17]). It
is temptingto considerusinga larger fragmentof XPath
to expresssubscriptionpatterns.However, it turnsout that
even a mild generalizationof our treepatterns(e.g.,with
theadditionof union/disjunctionoperators)leadsto amuch
highercomplexity (coNP-hardor beyond)for basicopera-
tionssuchascontainmentcomputation(e.g.,see[10]).

A treepattern ) is saidto be containedin anothertree
pattern
 , denotedby )+* 
 , if andonly if for any XML tree

/ , if / satis®es) then / alsosatis®es
 . If )+* 
 , we refer
to 
 asthecontainerpatternand ) asthecontainedpattern.
We saythat 
 and ) areequivalent, denotedby 
-,.) , if


/*0) and )-* 
 . This de®nition canbe generalizedto
setsof treepatterns:a setof treepatterns� is contained
in anothersetof treepatterns�

� , denotedby �1* �
� , if

for each
32 � , thereexists 

�

2 �
� suchthat 
3* 


� .
Containmentfor sub-patternsis de®nedsimilarly.

The sizeof a tree pattern
 , denotedby � 
4� , is simply
the cardinality of its nodeset. For example,referring to
Figure2, � 


*
��
65 and � 


+
�'
87 .

2.2 ProblemStatement
The tree patternaggregation problemthat we investigate
in this papercannow bestatedasfollows. Givena setof
tree patternsubscriptions� and a spacebound 9 on the
total size of the aggregatedsubscriptions,computea set
of treepatterns�

�
that satis®esall of the following three

conditions:
(C1) �:* �;� (i.e., �;� is at leastasgeneralas � ),
(C2) <&=?>A@�B�>C� 


�
��D-9 (i.e., �

� is “concise”),and
(C3) �

�
is as“precise” aspossible,in the sensethat there

doesnot exist anothersetof treepatterns�
� �

thatsat-
is®esthe®rst two conditionsand �

� �
* �

�
.

Clearly, thetreepatternaggregationproblemmaynot nec-
essarilyhave a uniquesolutionsinceit is possibleto have
two sets�

� and �
� � thatsatisfythe®rst two conditionsbut

�
�;E

* �
� � and �

� �FE
* �

� . Therefore,we needto devisesome
measureto quantifythegoodnessof candidatesolutionsin
termsof boththeirconcisenessaswell aspreciseness.

With respectto conciseness,we are interestedin min-
imal tree patternsthat do not contain any “redundant”
nodes.More precisely, we saythata treepattern
 is min-
imizedif for any treepattern


� suchthat 

�

,�
 , it is the
casethat � 
G�HDI� 
��J� . With respectto preciseness,it canbe
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Figure2: Examplesof TreePatterns.

shown thatthecontainmentrelationship* on theuniverse
of treepatternsactuallyde®nesa lattice. In particular, the
notionsof upperboundandleastupperboundareof rele-
vanceto theaggregationproblemand,therefore,wede®ne
themformally here.

An upperboundof two treepatterns
 and ) is a tree
pattern� suchthat 
 * � and ) * � , i.e., for any XML tree

/ , if /�� 
 
 or / � 
6) then //� 
 � . Theleastupperbound
(LUB) of 
 and ) , denotedby 


�

) , is an upperbound �

of 
 and ) suchthat, for any upperbound �
� of 
 and ) ,

��* �
� . Onceagain,wegeneralizethenotionof LUBs to a

set � of treepatterns.An upperboundof � is atreepattern
�

, denotedby �/*

�

, suchthat 
:*

�

for every 
:2 � .
TheLUB of � , denotedby

�

� , is anupperbound
�

of �

suchthatfor any upperbound
�

� of � ,
�

*

�

� .
Clearly, if 
 is anaggregatetreepatternfor asetof tree

patterns� (i.e., �.* 
 ), then 
 is an upperboundof � .
Observethat,if 
 is theLUB of � , then
 is themostprecise
aggregatetreepatternfor � . In fact, it canbe shown that

�

� existsandis uniqueup to equivalencefor any set � of
treepatterns[5]; thus,it is meaningfulto talk about

�

� as
themostpreciseaggregatetreepattern.

Example2.2 Consideragainthetreepatternsin Figure2.
Observethat 
	+ , 
02 ; and since � 
	+ � % � 
02 � , 
0+ is not a
minimizedpattern. In fact, exceptfor 
,+ , all the treepat-
ternsin Figure2 areminimizedpatterns.Notethat 
 *

E
* 
02

becausethe root nodeof 
	* doesnot havea tag-a child
node;and 


2 E
* 


* becausethere existsno nodein 

2 that

is a parentnodeof botha tag-a-nodeanda tag-c-node. Ob-
servethat 


*
* 
03 and 


2
* 
03 ; i.e., 
	3 is anupperbound

of 

* and 


2 . However, 
	3
E


 

*

�



2 sincewehaveanother

treepattern,
�� , which is anupperboundof 

* and 


2 such
that 
�� * 
	3 . Indeed,
�� 
 


*

�



2 with � 
��!� � � 


*
���8� 


2
� .

Note, however, that the sizeof an LUB is not necessarily
alwayssmallerthanthesizeof its constituentpatterns.For
example, 
�� 
 
	2

�


�	 but � 
�� � % � 
02 ��� � 
�	�� . Notethat 

3

is anupperboundof �1
	*'��
0+��!
02���

�

�!
�	 ��
�
��!
��

(

. 4

We concludethis sectionby presentingsomeadditional
notationusedin thispaper. For anode� in a treepattern
 ,
we denotethesetof child nodesof � in 
 by ��
�������� �0�!
�� .

We also de®nea partial ordering � on nodelabelssuch
that if � and � � are tag names,then (1) ��� -�� .'.

and (2) �����
�

if f � 
��
�
. Given two nodes� and � ,

�

����� ��
������ �0��� � is de®nedto be the“leastupperbound”
of their labels����
 �����!��� and ����
 ������� � asfollows:

���! #"$�!%'&�(*),+.-0/2143

56

7

68

(9�!%'&�(*),+:1

if
(9�!%'&�(*),+:1;3�(9�!%'&�(*),/21<-

=>=

if
)?(9�!%'&�(*),+:1;3

=>=

1

or
)?(9�!%'&�(*),/2143

=@=

1<-

* otherwise.

For example,
�

����� ��
 �����	�#��
 � 
 - and
�

����� ��
 ����� - � .'.!�


�.�. . For notationalconvenience,wereferto anode� in a
treepatternasan A - B ���'� if �	��
 ����� ��� 
CA , andrefer to � as
a tag-nodeif �	��
������ ���

E
2 � .�
 � - � .�.

(

.

3 Computing the Most PreciseAggregate
In this section,we considera specialcaseof our treepat-
ternaggregationproblem,namely, whentheaggregateset

�
�
consistsof asingletreepatternandthereisnospacecon-

straint. For this case,we provide analgorithmto compute
themostpreciseaggregatetreepattern(i.e.,LUB) for a set
of treepatterns.Someof thealgorithmsgiven in this sec-
tion arealsokey componentsof oursolutionfor thegeneral
problem,which is presentedin thenext section.

Giventwo input treepatterns
 and ) , Algorithm LUBin
Figure3 computesthemostpreciseaggregatetreepattern
for ��
 ��)

(

(i.e., the LUB of 
 and ) ). It traverses
 and )

top-down andcomputesthetightestcontainersub-patterns
for eachpair of sub-patterns
 �


 � ��
���� �����!�#��
�� and )
�




� ��
���� ������� ��)!� encountered,where � and � arenodesin 


and ) , respectively. The tightestcontainersub-patternsof



� and )
� areaset D of sub-patternssuchthat:

(1) D consistsof containersub-patterns2 of 

�
and )

�
, i.e.,

for any XML document/ andany element� in / , if
�!/ ����� � 
 


�
or � / ������� 
.)

�
then � / ������� 
 � for each

� 2ED ; and,

2Notethata sub-patternof treepatternsF and G is anupper-boundof
F and G , andweusethesetwo termsinterchangeably.



Algorithm LUB
)���-��>1

Input :
�

and
�

aretreepatterns.
Output : A treepatternrepresentingtheLUB of

�

and
�

.
1) if (

�����

) then return
�

;
2) if (

�����

) then return
�

;
3) Initialize 	�

���

%�� ����� +.-0/�� 3��

,
�

+������ �!& ! )�� 1<-

�

/"����� �!&#! )$�>1

;
4)Let

+#%'&(&()

and
/�%'&(&()

denotetherootnodesof
�

and
�

, resp.;
5) for each

+*�


,+.-

(/�#),+0%'&1&() -2�#1

do
6) for each

/"�


,+.-

(/�#),/ %'&1&() -�� 1

do
7) 	�

���

%3� �4�3� +.-*/5�#376#849 :;849 ),+.- / -

	�

���

%3� �4� 1

;
8)Createa treepattern

 

with rootnodelabel
=4<

and
thesetof child sub-patterns

=

> ?A@CBEDGF HEIJ>1K'L�LNMPO QERSO TU?4@CB;DVF HEIJTWK'LNLNM�O X(R

	�

�Y�

%3� �4�3� +.- /��

;

9) return Z\[E]\[EZ^[#_#`

), 1

;

Algorithm LUB SUB
),+.- / -

	�

�Y�

%3� �4� 1

Input :
+

,
/

arenodesin treepatterns
�

,
�

(respectively),
	,

���

%�� �4�

is a2-dimensionalarraysuchthat
	,

���

%�� �4�3� +.- /��

is thesetof tightestcontainer
sub-patternsof ���

%P�Na>&�& ),+.-b�#1

and �Y�

%P��a@&�& ),/ -N� 1

.
Output : 	�

�Y�

%3� �4�3� +.-0/��

.
1) if

)

	�

�Y�

%3� �4�3� +.-0/��dc 3��>1

then
2) return 	�

���

%3� �4��� +.-0/5�

;
3)elseif

)

���

%P�Na>&�& ),/ -N� 1d�

���

%P�Na>&�& ),+.-b�#1 1

then
4) return

�

�Y�

%P��a@&�& ),+.-$� 1

� ;
5)elseif

)

���

%P�Na>&�& ),+.-b� 1d�

���

%P�Na>&�& ),/ -��>1 1

then
6) return

�

�Y�

%P��a@&�& ),/ -'�>1

� ;
7)else
8) Initialize e

3��

; e,f

3g�

; e�f f

3��

;
9) for each

+

f

�


,+.-

(/�#),+.-2� 1

do
10) for each

/

f

�


,+\-

(V�#),/ -1�>1

do
11) e

3

e�h

60849 :E849�),+

f

- /

f

-

	�

���

%�� ��� 1

;
12) for each

+

f

�


,+.-

(/�#),+.-2� 1

do
13) e

f

3

e
f

h

60849 :E849�),+

f

- / -

	�

���

%3� �4� 1

;
14) for each

/

f

�


,+\-

(V�#),/ -1�>1

do
15) e

f f

3

e
f f

h

6#849 :;849 ),+.- /

f

-

	,

���

%�� �4� 1

;
16) Let

 

bethepatternwith rootnodelabel
���! #"$�!%'&�(*),+.-0/21

andsetof child subtreepatternse ;
17) Let

 

f bethepatternwith rootnodelabel
=>=

andsetof child subtreepatternse
f
;

18) Let
 

f f bethepatternwith rootnodelabel
=@=

andsetof child subtreepatternse
f f ;

19) return 	�

���

%3� �4��� +.-0/5�.3

�

 �-  

f

-  

f f � ;

Figure3: Least-Upper-BoundComputationAlgorithm.

(2) D is tightestin thesensethatfor any othersetof con-
tainersub-patternsD

�
of 


�
and )

�
thatsatis®escondi-

tion (1), any XML document/ andany element� in
/ , if �!/ �����+� 
 � for each� 2 D then � / ����� � 
 �

�
for

all �
�

2 D
�
.

Intuitively, D is acollectionof conditionsimposedby both



�
and )

�
suchthatif / satis®es


�
or )

�
at � , then / alsosat-

is®estheconjunctionof theseconditionsat � . Wenow show
how theLUB for 
 and ) canbecomputedfrom thetightest
containersub-patterns.Let �

������� and �
������� betherootsof

patterns
 and ) , respectively. Notethata document/ that
satis®es
 alsosatis®es,for each� 2 ��
 ���	� �!�

�������
��
�� , the

restrictionof 
 to the root nodeand only � ��
���������� �0�!
�� .
Consequently, a document / that satis®es
 or ) must

also satisfy the pattern � consistingof a root node(with
label /.) whosechildren are the tightest containersub-
patternsfor eachpair � ��
���� �����!�#��
�� and � ��
���� ������� ��)!� ,
where��2 ��
�������� �#����� �1�!
�� and �/2 ��
�� �	� ��������������)!� . This
pattern� is thusanLUB of 
 and ) .

The main subroutinein our LUB computation(Al-
gorithm LUB SUB) computesthe tightest containersub-
patternsof 
 � and ) � as follows. If ) � * 
 � (resp.


 � *0) � ), then 
 � (resp. ) � ) is the tightestcontainersub-
pattern;otherwise,the tightestcontainersub-patternsare
a set �>� �<� � ��� � �

(

of sub-patterns,which arede®nedin the
following manner. The root node of � is labeledwith

�

����� ��
������ �0��� � andthechild subtreesof � arethetight-
estcontainersub-patternsof eachchild subtreeof 
 �

and
eachchild subtreeof )!� . Intuitively, the root of � corre-
spondsto the rootsof 
 �

and ) �
(with a label equalto the

leastupperboundof that of 
 �
and ) �

). In other words,
� preservesthepositionsof thecorrespondingnodesin 
 �

and ) � . However, this “position-preserving”generalization
is not suf®cient since 
 � and ) � may have commonsub-
patternsat different positionsrelative to their roots. For
example,


2 and

	 in Figure2 haveacommonsub-pattern

rootedatan � -nodethathasbotha 
 -childanda � -child,but
this patternis locatedat differentpositionsrelative to the
rootsof 
	2 and
�	 . To capturethese“off-position”common
sub-patterns,weneedto compute�

�
and�

� �
. Thechild sub-

treesof �
�
arethetightestcontainersub-patternsof )

�
itself

andeachchild subtreeof 

�
; andthelabelof theroot node

of �
�
is .'. to accommodatecommonsub-patternsatdiffer-

entpositionsrelativeto therootsof 

�
and )

�
. Similarly, the

root nodeof �
� �

haslabel .�. , andthechild subtreesof �
� �

arethe tightestcontainersub-patternsof 

� itself andeach

child subtreeof )
� .

By computingthetightestcontainersub-patternsrecur-
sively, the algorithmcomputesthe LUB of the input tree
patterns
 and ) . By inductionon thestructuresof 
 and ) ,
we canshow thefollowing result[5].

Proposition 3.1: Given two tree patterns
 and ) , Algo-
rithm LUB � 
 ��)!� computes


�

) . 4

Example3.1 Given 

2 and 


	 in Figure 2, Algorithm
LUB returns 


� , which is indeed 

2

�



	 . To help ex-

plain the computationof 

� , we use the notation ��i

to refer the B

��� node (in sometree pattern) that is la-
beled “ � ”, where each collection of nodessharing the
same label are ordered based on their pre-order se-
quence; for example, in 
�� , we use .�.^j and .'.Ak 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 � ��
���� �����	�

j

�!
02�� and � ��
���� �������0�!
�	#� ,
which yieldsthesub-pattern� ��
���� �������

j

��
���� (in Steps9–
11). Note that the root node of � ��
������������

j

�!

�

� is la-
beleda becauseboth the root nodesof � ��
���� �������

j

�!

2

�

and � ��
���� �������0�!

	

� are labeled a. The sub-patterns
� ��
���� �����	�Wl �!


2
� and � ��
���� �����	
���


	
� , however, havequite

different structures and thus a “position-preserving” at-
tempt to extract their commonsub-patternsonly yields



� ��
���� ����� -

j

��
���� . In particular, the commonsub-pattern
consisting of an � -node with both a 
 -child-node and

� -child-node is not captured by the above processbe-
causethey occur at different positionsrelativeto the root
nodesof � ��
���� �����	�Wl �!
 2 � and � ��
���� �����	
���
 	 � . To ex-
tract such “of f-position” commonsub-patterns,Algorithm
LUB SUBcompares � ��
������������

j

��
 2 � with � ��
���� �����	
���
 	 �

and � ��
���� �����!� ��
 	 � , as well as compares � ��
���� �����	�#��
 	 �

with � ��
���� �������Wl ��
 2 � (in Steps12–15). Indeed,this yields
� ��
���� ����� .�.0k��!
���� which has a .'. -root since this com-
mon sub-patternoccurs at different positionsrelative to
the root nodesof � ��
���� �������

j

�!
	2�� and � ��
���� �������0�!
�	#� .
It should be mentionedthat both � ��
���������� .'.�j �!
���� and

� ��
���� ����� .�.

l

�!
���� are also producedby the“of f-position”
processing, as Algorithm LUB SUBrecursivelyprocesses
the sub-pattern� ��
���� �����	� l ��
02�� with � ��
���� �����	
���
�	�� and

� ��
���� ������� �!
�	#� , respectively. Finally, the algorithm re-
moves the redundantnodesin the result tree pattern by
using a minimizationalgorithm (which will be explained
shortly)to generatetheLUB 
 � . 4

It is straightforwardto show thatourLUB operator“
�

”,
consideredasa binaryoperator, is commutativeandasso-
ciative, i.e., 


j

�


Ul 
 
Ul

�




j and 


j

�

� 
 l

�




k

� 


� 


j

�


 l �

�




k . As aresult,Algorithm LUBcanbenaturally
extendedto computethe LUB of any setof treepatterns.
We next explain thedetailsof thetwo auxiliary algorithms
usedin Algorithm LUB.

Algorithm LUB needsto checkthecontainmentof tree
patterns,which is implementedby Algorithm CONTAINS
in Figure4. Giventwo input treepatterns
 and ) , thealgo-
rithm determinesif )%* 
 . It maintainsa two-dimensional
array �4� �����,� , which is initialized with �4� �����	�

�

�#�<��� 


B,�	�!� to indicatethat � 2/� ����� ��� 
�� and � 2/� ����� ���	)!�

have not been compared; otherwise, �4� �����	�

�

�#�<��� 2

� �����	������� �����

(

suchthat �4� �����	�

�

�#�<��� 
'�����0� if andonly
if � ��
���� �����?� ��)!�+* � ��
���� �����!�#��
�� . Clearly, ) * 
 if and
only if �F� �����,�

�

�#����� ���������������	
 �����	� , where�!������� and������� �

denotetheroot nodesof 
 and ) , respectively.
The main subroutinein our containmentalgorithm is

Algorithm CONTAINSSUB. Abstractly, CONTAINSSUB
traverses
 and ) top-down andupdates�4� �����,�

�

�0����� for
eachpair of nodes � 2.� ��������� 
�� and � 2.� ���'� ����)!�

visited as follows. Let 
�� and )!� denote � ��
���� ����� �0�!
��

and � ��
���� �����?� ��)!� , respectively. If �4� �����	�

�

�#�<��� hasal-
readybeencomputed(i.e., �4� �����,�

�

�0�����
E


 B,�	�!� ), thenits
value is returned. Otherwise,our algorithm determines
whether )

�
* 


�
, as follows. If ����
 �����!���

E

 .�. , then

�4� �����,�

�

�0����� 
 �����	� if f ����
 ������� � � ����
 ����� ��� and each
child subtreeof � containssomechild subtreeof � . Oth-
erwise,if �	��
 ����� ��� 
 .'. , two additionalconditionsneed
to be taken into account.This is becauseunlike a - -node
or a tag-name-node,a .�. -nodein a containertreepattern
canalsobe“mapped”to a (possiblyempty)chainof nodes
in a containedtreepattern.For example,considerthe tree
patterns
	3 and 


	 in Figure2. Note that 

	

* 
	3 , and
the .'. -nodein 
	3 is not mappedto any nodein 


	 in the
sensethat 


	 would still becontainedin 
	3 if the .'. -node

Algorithm CONTAINS
)���-��>1

Input :
�

and
�

aretwo treepatterns.
Output : Returns

��a

�

&

if
� � �

; �

�:($! &

otherwise.
1) Initialize �

�0�4�

�

!A� +.-0/5�.3	�

�

( (

,
�

+ ����� �!& ! )��#1<-

�

/"�����#�!& ! )$�>1

;
2)Let

+#%1&1&()

and
/�%1&1&()

denotetherootnodesof
�

and
�

, resp.;
3) if

)


,+.-

(/�#),+ %1&1&() -$� 1$3�� 1

then
4) return

�Na

�

&

;
5)else
6) return CONTAINSSUB

),+ %'&(&() - / %'&1&() -

�

�*���

�

!�1

;

Algorithm CONTAINSSUB
),+.- / -

�

�0�4�

�

! 1

Input :
+

,
/

arenodesin treepatterns
�

,
�

(respectively),
�

�*���

�

!

is a 2-dimensionalarraysuchthateach
�

�*���

�

!A� +.- /5�C�

�

�

�

( ( -

�

�:($! & -���a

�

&

� .
Output : �

�*�4�

�

!A� +.-0/��

.
1) if

)

�

�*�4�

�

!A� +.-0/��dc 3	�

�

( (,1

then
2) return �

�0�4�

�

!4� +.- /��

;
3) if (

+

is a leafnodein
�

) then
4) �

�*���

�

!A� +.- /5�#3 )?(9�!%'&�(*),/21�
 ( �:% &�(*),+:1 1

;
5)elseif

)?(9�!%'&�(*),/21 c
 ( �:% &�(*),+:1 1

then
6) �

�*���

�

!A� +.- /5�#3

�

� (b!�&

;
7)else
8) �

�*���

�

!A� +.- /5�#3

�

>�>S?A@ B;DGF H I�> O Q;R


� �

T�>S?A@CBEDGF HEIJTUO X(R

���

]����^[E]

: :E849 ),+

f

-0/

f

-

�

�0�4�

�

!�1�� �

;

9) if
)

�

�*�4�

�

!A� +.-0/�� 3

�

�:($! & 1

and
)?(9�!% & ( ),+:143

=@=

1

then
10) �

�*���

�

!A� +.- /5�.3

�

>�>S?A@CBEDGF HEIJ> O Q;R

���

]����^[E]

: :E849�),+

f

- / -

�

�0�4�

�

! 1

;
11) if

)

�

�*�4�

�

!A� +.-0/�� 3

�

�:($! & 1

and
)?(9�!% & ( ),+:143

=@=

1

then
12) �

�*���

�

!A� +.- /5�.3

�

T
>

?A@ B;DGF H IJTUO X(R

���

]����^[E]

: :E849 ),+.-0/

f

-

�

�0�4�

�

! 1

;

13)return �

�*���

�

!A� +.-0/��

;

Figure4: Tree-PatternContainmentAlgorithm.

in 
03 is deleted. On the otherhand,for the treepatterns



3 and 
�
 in Figure2, 
�
 * 

3 andthe .'. -nodein 


3 is
mappedto both the - - and 
 -nodesin 
�
 in the sensethat

� ��
���� ����� - ��
�
 � * � ��
���������� .'. ��

3

� and � ��
���� �����	
���
�
�� *

� ��
���� ����� .�.)�!

3

� . Thesetwo additionalscenariosarehan-
dled by Steps10 and 12 in Algorithm CONTAINSSUB:
Step10 accountsfor the casewherea .'. -node( � itself)
is mappedto an empty chain of nodes,and Step12 for
the casewherea .�. -node( � itself) is mappedto a non-
empty chain. Note that in Steps8 and 12, the expres-
sion ���

>

(
i��

� ( �
3"!

�$# %'&)(+*�,)-).0/�,21 1�3241��� �<�
�

� �4� �����,� � re-
turns ��� ����� if ��
�� �	� ��� ��)!� 
65 .

By inductionon thestructuresof 
 and ) , we canshow
thefollowing result.

Proposition 3.2: Given two tree patterns
 and ) , Algo-
rithm (+*7,)-).8/�,+1�� 
 ��)!� determinesif ) * 
 in 9 ��� 
4�+:�� )C� �

time. 4

The quadratictime complexity of our tree-patterncon-
tainmentalgorithmis dueto, amongotherthings,the fact
thateachpair of sub-patternsin 
 and ) is checkedat most
once,becauseof theuseof the �4� �����,� array. To simplify
the discussion,we have omitted from Algorithm CON-
TAINS certainsubtledetailsthatinvolvetreepatternswith



chainsof .�. - and - -nodes. Suchcasesrequiresomead-
ditional pre-processingto convert the treepatternto some
canonicalform, but this doesnot increaseour algorithm's
timecomplexity.

To ensurethatour treepatternsareconcise,we needto
identify andeliminate“redundant”nodesin them. Given
a tree pattern 
 , a minimized tree pattern 
 � equivalent
to 
 can be computedusing a recursive algorithm MIN-
IMIZE . Startingwith the root of 
 , our minimizational-
gorithmperformsthefollowing two stepsto minimize the
sub-pattern� ��
���� ����� �0�!
�� rootedatnode� in 
 : (1)Forany

� � ��� � � 2 ��
 ������� �0�!
�� , if � ��
���� �����!� � �!
���* � ��
���� �����!� � � �!
�� ,
then delete � ��
���������� � � �!
�� from � ��
���� ����� �0�!
�� ; and, (2)
For each��� 2 ��
�� �	� �!�#��
�� (thatwasnotdeletedin the®rst
step),recursively minimize � ��
���� �����!� � ��
�� . Thecomplete
detailscanbefoundin [5].

Proposition 3.3: Algorithm MINIMIZE minimizesany
treepattern
 in 9 ��� 
4�

l

� time. 4

Proposition3.4: For anyminimizedtreepatterns
 and 
 � ,

 , 


� iff 
 
 

� (i.e., they aresyntacticallyequal). 4

Given the low computationalcomplexities of CON-
TAINS andMINIMIZE , onemight expectthat this would
alsobe thecasefor Algorithm LUB. Unfortunately, in the
worstcase,thesizeof the(minimized)LUB of two treepat-
ternscanbeexponentiallylarge(see[5] for adetailedanal-
ysis). Our implementationresults,however, demonstrate
that our LUB algorithm exhibits reasonablylow average-
casecomplexity in practice.

4 Selectivity-basedAggregationAlgorithm
While the LUB algorithm presentedin the previous sec-
tion canbe usedto computea single,mostpreciseaggre-
gatetreepatternfor a given set � of patterns,the sizeof
theLUB maybe too largeand,therefore,may violate the
speci®edspaceconstraint9 on the total sizeof theaggre-
gatedsubscriptions(Section2.2). Thus,in orderto ®t our
aggregateswithin the allottedspacebudget,we relax the
requirementof asinglepreciseaggregateby permittingour
solution to be a set �

�

 �1


j

��
 l��?
?
 
���
��

(

(insteadof a
singlepattern),suchthat eachpattern ) 2 � is contained
in somepattern
�(F2 �

�
. Of course,we alsorequirethat �

�

providethe“tightest” containmentfor patternsin � for the
givenspaceconstraint(Section2.2); that is, thenumberof
XML documentsthatsatisfysometreepatternin �

�
but not

� , is small.
A simplemeasureof theprecisenessof �

�
is its selectiv-

ity, which is essentiallythefractionof ®lteredXML docu-
mentsthatsatisfysomepatternin �

�
. Thus,ourobjectiveis

to computea set �
�
of aggregatepatternswhoseselectivity

is verycloseto thatof � . Clearly, theselectivity of our tree
patternsis highly dependenton thedistribution of theun-
derlyingcollectionof XML documents(denotedby

�

). It
is, however, infeasibleto maintainthedetaileddistribution

�

of streamingXML documentsfor our aggregation—the
spacerequirementswould be enormous! Instead,our ap-
proachis basedonbuilding aconcisesynopsisof

�

on-line

(i.e.,asdocumentsarestreamingby), andusingthatsynop-
sisto estimate(approximate)tree-patternselectivities. At a
high level, our aggregationalgorithmiteratively computes
a set � � that is both selective andsatis®esthe spacecon-
straint,startingwith � � 
 � (i.e., theoriginal set � of pat-
terns),andperformingthe following sequenceof stepsin
eachiteration:

1. Generatea candidatesetof aggregatetreepatterns�

consistingof patternsin � � andLUBs of similar pat-
ternpairsin � � .

2. Pruneeachpattern
 in � by deleting/merging nodes
in 
 in orderto reduceits size.

3. Choosea candidate
 2 � to replaceall patternsin
�F� that are containedin 
 . Our candidate-selection
strategy is basedonmarginal gains[14]: Theselected
candidate
 is theonethatresultsin theminimumloss
in selectivity perunit reductionin thesizeof � � (due
to thereplacementof patternsin � � by 
 ).

Note that our pruningstep(Step2) above makescan-
didateaggregatepatternslessselective (in additionto de-
creasingtheir size). Thus,by replacingpatternsin �

�
by

patternsin � , weareeffectively trying to reducethesizeof
�F� by giving upsomeof its selectivity.

In thefollowing subsections,wedescribein moredetail
our algorithmfor computing �

�
. We begin by presenting

our approachfor estimatingtheselectivity of treepatterns
overtheunderlyingdocumentdistribution,whichis critical
to choosinga goodreplacementcandidatein Step3 above.

4.1 Selectivity Estimation for TreePatterns
The DocumentTreeSynopsis.As mentionedabove, it is
simply impossibleto maintaintheaccuratedocumentdis-
tribution

�

(i.e., the full set of streamingdocuments)in
order to obtain accurateselectivity estimatesfor our tree
patterns.Instead,our approachis to approximate

�

by a
concisesynopsisstructure,which we refer to as the doc-
umenttree. Our documenttree synopsisfor

�

, denoted
by

�

/ , capturespathstatisticsfor documentsin
�

, and
is built on-line asXML documentsstreamby. The doc-
umenttreeessentiallyhasthe samestructureasan XML
tree,exceptfor two differences.First, therootnodeof

�

/

hasthespeciallabel “/.”. Second,eachnon-rootnode � in
�

/ hasa frequency associatedwith it, which we denote
by �0� � )�� ��� . Intuitively, if �

j

. �
l

. : : : . �
i is thesequenceof

tagnameson nodesalongthepathfrom the root to � (ex-
cludingthe label for theroot), then �0� � )������ representsthe
numberof documents/ in

�

thatcontaina pathwith tag
sequence�

j

. �
l

. :": :1. �
i originating at the root of / . The

frequency for theroot nodeof
�

/ is setto � , thenumber
of documentsin

�

.
As XML documentsstreamby,

�

/ is incrementally
maintainedasfollows. For eacharriving document/ , we
®rst constructtheskeletontree /�� for document/ . In the
skeletontree /�� , eachnodehasat mostonechild with a
giventag. /�� is built from / by simplycoalescingtwo chil-
drenof anodein / if they shareacommontag.Clearly, by
traversingnodesin / in atop-downfashion,andcoalescing
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Figure5: ExampleDocuments,SkeletonTree,Document
Tree,andPatterns.

child nodeswith commontags,we canconstruct/ � from
/ in a singlepass(usinganevent-basedXML parser).As
an example,Figure 5(d) depictsthe skeletontree for the
XML-documenttreein Figure5(a).

Next, we use /
� to updatethe statisticsmaintainedin

our documenttreesynopsis
�

/ asfollows. For eachpath
in /

� , with tagsequencesay �

j

. �
l

. : : : . �
i , let � bethelast

nodeon the corresponding(unique)path in
�

/ . We in-
crement�0��� )������ by

�

. Figure5(e) shows the document
tree(with nodefrequencies)for theXML trees/

j , /
l , and

/

k in Figure5(a) to (c). Note that it is possibleto further
compress

�

/ by usingtechniquessimilar in spirit to the
methodsemployedby Aboulnagaet al. [1] for summariz-
ing path trees. The key idea is to merge nodeswith the
lowestfrequenciesandstore,with eachmergednode,the
averageof the original frequenciesfor nodesin

�

/ that
weremerged.This is illustratedin Figure5(f) for thedoc-
umenttree in Figure5(e), andwith the label “–” usedto
indicatemerged nodes. Due to spaceconstraints,in the
remainderof this subsection,we only presentsolutionsto
theselectivity estimationproblemusingtheuncompressed
tree

�

/ . However, our proposedmethodscan be easily
extendedto work evenwhen

�

/ is compressed[5].
Weshouldnoteherethatourselectivity estimationprob-

lemfor treepatternsdiffersfrom thework of Aboulnagaet
al. [1] in two importantrespects.First, in [1], theauthors
considertheproblemof estimatingselectivity for only sim-
plepathsthatconsistof a //-nodefollowedby tagnodes.In
contrast,we estimateselectivities of generaltreepatterns
with branches,and*- or //-nodesarbitrarily distributedin
thetree.Second,weareinterestedin selectivity atthegran-
ularity of documents, soour goalis to estimatethenumber
of XML documentsthat matcha treepattern;instead,[1]
addressestheselectivity problemat thegranularityof indi-
vidual documentelementsthatarediscoveredby a path. It
is easyto seethat thesearetwo very differentestimation
problems.
Selectivity Estimation Procedure. Recall that the selec-

tivity of a treepattern
 is the fractionof documents/ in
�

that satisfy 
 . By construction,our
�

/ synopsisgives
accurateselectivity estimatesfor treepatternscomprising
a single chain of tag-nodes(i.e., with no * or //). How-
ever, obtainingaccurateselectivity estimatesfor arbitrary
treepatternswith branches,*, and// is, in general,notpos-
siblewith

�

/ summaries.This is because,while
�

/ cap-
turesthenumberof documentscontaininga singlepath,it
doesnot storedocumentidentities. As a result,for a pair
of arbitrarypathsin a treepattern,it is impossibleto de-
terminethe exact numberof documentsthat containboth
pathsor documentsthatcontainonepath,but not theother.

Our estimationproceduresolvesthis problem,by mak-
ing thefollowing simplifying assumption:Thedistribution
of each pathin a treepatternis independentof otherpaths.
Thus,we estimatetheselectivity of a treepatterncontain-
ing no .�. or - labels,simply asthe productof the selec-
tivities of eachroot to leaf pathin thepattern.For patterns
containing .�. or - , we considerall possibleinstantiations
for .'. and - with elementtags,andthenchooseasourpat-
tern selectivity themaximumselectivity valueover all in-
stantiations.(This is similar to thede®nitionof a fuzzy *

�

operatorin fuzzy logic [13].) We illustrateour selectivity
estimationmethodologyin thefollowing example.

Example4.1 Considerthe problemof estimatingthe se-
lectivitiesof the treepatternsshownin Figures5(g) to (i)
using the documenttree shownin Figure 5(e). The total
numberof documents,� , is � . Clearly, thenumberof doc-
umentssatisfyingpattern


j whichconsistsof asinglepath,
can be estimatedaccurately by following the path in

�

/

and returningthe frequencyfor the � -node(at the endof
the path) in

�

/ . Thus,the selectivityof 


j is
�

.�� which
is accuratesinceonlydocuments/

l and /

k satisfy


j . Es-
timating the numberof documentscontainingpattern 


l ,
however, is somewhat more tricky. This is becausethere
are two pathswith tag sequences�	.!� .�� and �	.!
�.�� .�� in

�

/ that match 
Ul (correspondingto instantiating// with
� and �	.�� ). Summingthefrequenciesfor thetwo � -nodes
at the end of thesepathsgivesus an answerof 4 which
over-estimatesthenumberof documentssatisfying
Yl (only
documents/Yl and /

k satisfy
Ul ). To avoiddouble-counting
frequencies,weestimatethenumberof documentssatisfy-
ing 


l to bethemaximum(andnot thesum)of frequencies
overall pathsin

�

/ thatmatch 

l . Thus,theselectivityof



l is estimatedas

�

.�� .
Finally, the selectivityof 


k is computedby consider-
ing all possibleinstantiationsfor // and *, and choosing
theonewith themaximumselectivity. Thetwo possiblein-
stantiationsfor // that resultin non-zero selectivitiesare �

and �,.!
 , and - canbeinstantiatedwith either 
 ��� or � for
.�. 
 � , and � or � for .'. 
 �,.!
 . Choosing.'. 
 � and
-&
�� resultsin themaximumselectivitysincetheproduct
of theselectivitiesof paths �	.!�). � and �,.�� .�� is maximum,
andis equalto ����.����$:#�

�

.���� 


�

.�� . 4

Algorithm SEL (depictedin Figure6), invokedwith in-
put parameters�$
��

����� � (root of pattern
 ) and � 
��
����� �

(root of
�

/ ), computestheselectivity for anarbitrarytree



Algorithm SEL(
+

,
�

)
Input :

+

is a nodein treepattern
�

,
�

is a nodein � 	 .
Output : �

&�(

���

%3� �4��� +.-N�N�

.
1) if ( �

&�(

���

%3� �4��� +.-N�N�

is alreadycomputed)then
2) return �

&�(

���

%�� �4�3� +.-��N�

;
3)elseif (

( �:% &�(*)b� 1 c
 (9�!%'&�(*),+:1

) then
4) return �

&�(

���

%�� �4�3� +.-��N�.3��

;
5)elseif (

+

is a leaf) then
6) return �

a>&;�:)b� 1

=

�

;
7) for eachchild

+��5�


,+.-

(/�#),+.-$�#1

do
8) �

& (

>��

3��
	��

)

� ?4@CB;DVF HEI

)

O 
�� R

�

:

`

6 ),+ � -�� � 1

� ;
9) �

& ( 3��

> � ?A@ B;DGF H I�> O Q;R �

&�(

> � ;
10)if (

(9�!%'&�(*),+:1;3

=>=

) then
11) �

&�(

>

3��

>���?A@ B;DGF H I�> O Q;R

:

`

6 ),+ � -�� 1

;
12) �

&�(�3��
	��

�

�

&�( -

�

&�(

>

� ;
13) �

&�(

>

3��
	��

)

� ?4@CB;DVF HEI

)

O 
�� R

�

:

`

6 ),+.-N��� 1

� ;
14) �

&�(�3��
	��

�

�

&�( -

�

&�(

>

� ;
15)return �

&�(

���

%3� �4�3� +.-�� �#3

�

&�(

Figure6: TreePatternSelectivity EstimationAlgorithm.

pattern
 in 9 ���

�

/ ��:#� 
4� � time. In thealgorithm,for nodes
� 2 
 and � 2

�

/ , � ��� � ��
�� ���

�

�0��� � storestheselectivity
of thesub-pattern� ��
���� �����!�#��
�� with respectto thesubtree
of

�

/ rootedatnode� . Thisselectivity is estimatedsimilar
to theselectivity for pattern
 , exceptthatwenow consider
all instantiationsof � ��
���������� �0�!
�� (obtainedby instantiat-
ing .'. and - with elementtags),andtheselectivity of each
instantiationis computedwith respectto � asthe root in-
steadof therootof

�

/ . For instance,supposethat � is the
� -nodein 


k (in Figure5(i)), and � is the child � -nodeof
the � -nodein

�

/ (in Figure5(e)).Then,theselectivity of
� ��
���� �����!�#��


k

� with respectto � is essentiallytheproduct
of theselectivity of paths� .�- and � .�� with respectto node

� , which is
�

:��

�

.���� . Thus, � ��� � ��
�� ���

�

�0��� ��


�

.�� .
Our goal is to compute � ��� � ��
�� ���

�

�#����������� ������� � . For
a pair of nodes � and � , Algorithm SEL computes

� ��� � ��
�� ���

�

�#��� � from � ��� � ��
�� ���

�

� valuesfor the chil-
drenof � and � . Clearly, if �	��
 ����� ���

E
� ����
 ����� ��� (Steps3-4

of thealgorithm),thenevery pathin � ��
���� �����!�#��
�� begins
with a label different from �	��
 ����� ��� andthus the selectiv-
ity of eachof the pathsis

�

. If ����
 ��������� � �	��
������ ��� and
� is a leaf (Steps5-6), thenwe simply instantiate�	��
������ ���

(if �	��
 ����� ��� 
 .'. or *) with ����
 ����� ��� , giving aselectivity of
�0� � )�� ����. � . Ontheotherhand,if � is aninternalnodeof 
 ,
thenin additionto instantiating����
 �����!��� with ����
 ����� ��� , we
alsoneedto compute,for every child ��2 of � , the instanti-
ation for � ��
���� �����!��2��!
�� thathasthemaximumselectivity
with respectto somechild ��2 of � . Since� ��� � ��
�� ���

�

��2 ��� 2'�

is the selectivity of � ��
���� ����� �'2���
�� with respectto ��2 , the
product of �����

�

�

@

�
� ( �

3"!
�

# ��� &

� ��� � ��
�� ���

�

��2 ��� 2 � for the
children �'2 of � givestheselectivity of � ��
���������� �0�!
�� with
respectto � . Finally, if ����
 �����!��� 
 .�. , then .�. can be
simply B,�0��� , in whichcasetheselectivity of � ��
���� �����!�#��
��

with respectto � is computedasdescribedin Step11, or
.�. is instantiatedto a sequenceconsistingof ����
 ��������� fol-
lowedby ����
 �������

2
� , where �

2 is thechild of � suchthat the
selectivity of � ��
���� �����!�#��
�� with respectto �

2 is maximized
(Step13). Observe that,in Steps8 and13, if � hasno chil-

dren,then � �!�

�

�

@

� � ( � 3"! �

# �"�8&

��
?
 


(

evaluatesto
�

.

4.2 TreePattern AggregationAlgorithm
We are now ready to presentour greedyheuristic algo-
rithm for the tree patternaggregationproblemde®nedin
Section2.2 (which is, in general,an #%$ -hardclustering
problem[5]). As describedearlier, to aggregateaninputset
of treepatterns� into a space-ef®cientandpreciseset,our
algorithm(Algorithm AGGREGATEin Figure7) iteratively
prunesthetreepatternsin � by replacinga smallsubsetof
treepatternswith a more conciseupper-boundaggregate
pattern, until � satis®esthegivenspaceconstraint.During
eachiteration,our algorithm®rst generatesa small setof
potentialcandidateaggregatepatterns� , andselectsfrom
thesethe(locally) “best” candidatepattern,i.e., thecandi-
datethatmaximizesthegainin spacewhile minimizingthe
expectedlossin selectivity.

Algorithm AGGREGATE
)

�

-'& 1

Input : � is a setof treepatterns,
&

is a spaceconstraint.
Output : A setof treepatterns�Yf suchthat �

�

��f

and ( Q#?!)
>+*

�

*�,

&

.
1) Initialize �Yf

3

� ;
2) while

)

( Q#?-)
>.*

�

*0/

& 1

do
3) 
21

3

�

 

*

 343-5#8

]A`

)���-

*

�

*�687

1<-W���

��f � ;
4) 
:9

3

�

 

*

 343-5#8

]A`

)��<;*�!-

*

�

*>=�*

�

*�6?7

1<- ��-N� �

�
f

� ;
5) 


3


21Uh�

9 ;

6) Select
 ��


 suchthat @

& ��&

�.-

� ), 1

is maximum;
7) �

f

3

�
f

6

�

�

*

���  �-$���

�
f

� h

�

 

� ;
8) return �Yf ;

Figure7: TreePatternAggregationAlgorithm.

Candidate Generation. We now explain the processfor
generatingthe candidateset � in Steps3–5 of Algo-
rithm AGGREGATE. To reducethesizeof individualcandi-
datepatternsof theform 
 or 


�

) , eachcandidateis pruned
by invoking Algorithm PRUNE(detailsin [5]). Given an
input pattern
 andspaceconstraintB , Algorithm PRUNE
prunes
 to a smallertreepattern


�
suchthat 
&* 


�
and

� 

�

��D B . Thealgorithmtreatstag-nodesasmoreselective
than - - and .�. -nodes,andthereforetriesto pruneaway - -
and .�. -nodesbeforethe tag-nodes.Speci®cally, thealgo-
rithm ®rst prunesthe - - and .'. -nodesin 
 by (1) replac-
ing eachadjacentpair of non-tag-nodes�#�<� with a single

.�. -node,if � is the only child of � , and (2) eliminating
subtreesthatconsistof only non-tag-nodes.If thetreepat-
tern is still not smallenoughafter thepruningof thenon-
tag-nodes,we startpruningthe tag-nodes.Therearetwo
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 ����
 �����!���

E

 .�
 and ��
�������� �0�!
�� 
 �>�

(

. To help
selecta “good” leaf nodeto delete(or, pair of nodesto
collapse),we make useof theselectivity of thetagnames.
More speci®cally, we useour documenttreesynopsis

�

/

to estimatethetotalnumberof occurrencesof atagnamein
thedocumentcollection

�

, andthenchoosethe tagswith
highertotal frequencies(whicharelessselective)ascandi-
datesfor pruning.



Candidate Selection.Oncethesetof candidateaggregate
patternshasbeengenerated,we needsomecriterion for
selectingthe “best” candidateto insert into � � . For this
purpose,we associatea bene®tvaluewith eachcandidate
aggregatepattern � 2 � , denotedby � �>B ���0�J� �?��� , based
on its marginal gain [14]; that is, we de®ne � �>B ���0�J� �?���

astheratio of thesavingsin spaceto thelossin selectivity
of using � over ��
-� 
/* � �!
/2 � �

(

. More formally, if
���

K�L�LNM , � ������� , and �

=

K'L�LNM representtheroot nodesof � ,
�

/ ,
and
 2 � �

, then � �@B ���0�J� �?��� is equalto:
�

( Q����0O Q#?!)�>

*

�

* � 6�*

 

*

:

`

6 ),+

� K'LNLNM

-'� %'&(&() 1

6

�
	��

Q����0O Q#?!)�>

:

`

6 ),+

Q K'L�L M

-'� %1&1&() 1

Notethatwe computetheselectivity lossby comparing
theselectivity of thecandidateaggregatepattern� with that
of the leastselective patterncontainedin it. This givesa
goodapproximationof the selectivity loss in caseswhen
the patterns
 ��) 2 � �

usedto generate� aresimilar and
overlapin thedocumenttree

�

/ . Thecandidateaggregate
patternwith thehighestbene®tvalueis chosento replace
thepatternscontainedin it in �

� (Steps6–7).

5 Experimental Study
To verify the effectivenessof our treepatternaggregation
algorithms,we have conductedan extensive performance
studyusingreal-life DTDs andlargenumbersof treepat-
terns. Our resultsindicatethat our proposedaggregation
techniquesachieve signi®cantreductionsin thenumberas
well astotal sizeof treepatternswith minimal lossin se-
lectivity.

5.1 Experimental Testbedand Methodology
Our generalmethodologyfor evaluatingthe effectiveness
of a patternaggregationalgorithm � is asfollows. Given
a large input setof treepatterns� anda spaceconstraint

9 , we use � to computea setof aggregatepatterns�
� for

� , where �&* �
� and <&= @�B

>
� 
G� D 9 (our spaceconstraint

is expressedin termsof numberof nodes,sincepatterns
canbearbitrarily large).Wethenmeasurethelossin preci-
sionwhenusing �

�
insteadof � to ®lter XML documents.

Observe that when 9 


�

, �
�

containsa singlecontainer
pattern(“ .�. ”).

To measurethelossin precisionof theaggregateset �
�
,

we usea subset
�

�
of a representative setof XML docu-

ments,suchthatno documentin
�

� matchesany treepat-
tern in our initial patternset � . The reason,of course,
is that XML documentsthat match � arealsoguaranteed
to match �

� , so they areunlikely to affect our “precision-
loss” measurements.As �

� becomeslessprecise,some
documentsin

�

� will beerroneouslyreportedasmatches.
Let

�

�����@
�� ���

�

�
� �

�
� be the numberof documentsin

�

�

that match �
� ; the loss in precisionof �

� over � can be
estimatedas � ����� � ����� �

�
� �;� 


�

�����@
�� ���

�

�
� �

�
��. �

�

�
� .

An aggregation algorithm is obviously more effective if
� ����� � ����� �

�
� �;� remainssmallas <&=�@�B�>C� 
G� decreases.

XML Documents. We usedtwo real-life DTDs to gener-
ateourXML documentdataset.The®rst one,theExtensi-
ble Hypertext MarkupLanguage(XHTML) DTD [7], is a

reformulationof HTML asanXML applicationandis ar-
guablythedocumenttypemostwidely usedover theInter-
net.TheXHTML DTD (version1.0)contains5�5 elements
with

�

��5#5 attributes.ThesecondDTD, theNews Industry
Text Format(NITF) DTD[8], is supportedby mostof the
world'smajornewsagencies.TheNITF DTD (version2.5)
contains

���

� elementswith 	

�

� attributes.
We generatedour data set of XML documentsusing

IBM' s XML Generatortool [11]. Both the XHTML and
NITF DTDs contain recursive structures,which can be
nestedto produceXML documentswith arbitrarynumber
of levels. We addedthe option of generatingdocuments
skewed accordingto a Zipf distribution [18], wheresome
tagnamesappearmorefrequentlythanothers,asis gener-
ally thecasewith real-life data.

ForeacheachDTD andeachskew value


�


 �

�

�

�

�

� (

,
wegeneratedtwo disjointsetsof 	

���

XML documentswith
approximately

�����

nodesand
���

levels on average. The
®rst setcorrespondsto the collectionof XML documents
usedto constructthedocumenttree

�

/ for selectivity es-
timation; thesecondsetis usedto measurethelossin pre-
cision of theaggregationalgorithms.Both setsweregen-
eratedwith thesameparameters,andthuscanbeexpected
to have similar distributions. In eachexperiment,we used
the combinedXML documentsfor both the XHTML and
NITF DTDs, i.e., we useda total of

�������

documentsfor
the documenttree

�

/ , and(a different)
�����'�

documents
for measuringthelossin precision.

XPath Expressions.To generatethesetof treepatterns� ,
we implementedanXPathexpressiongeneratorthat takes
aDTD asinputandcreatesasetof valid XPathexpressions
basedonasetof parametersthatcontrol: (1) themaximum
height 
 of thetreepatterns;(2) theprobabilities
�� and
�
�


of having a wildcard“ - ” or a descendant“ .�. ” operatorat
a nodeof a treepattern;(3) the probability 
�� of having
morethanonechild atagivennode;and(4) theskew 


B of
theZipf distributionusedfor selectingelementtagnames.

For eachDTD andeachskew value 


B


 �

�

�

�

�

�)(

, we
generatedasetof 	

���'�

treepatternswith 
 


���

and
�� 



�
�
 
 
�� 


�




�

. Eachexperimentwasrun with treepat-
ternsfrom both theXHTML andNITF DTDs, i.e.,

�������'�

treepatternswhichamountedto morethan
�������'���

nodes.

Algorithms. We comparedtwo differentaggregationalgo-
rithms in our experiments. The ®rst (“naive”) algorithm,
PRUNE, is basedonsimplenodepruningandworksasfol-
lows. At eachiteration,it selectsa treepattern


�
*�� from

� with thelargestnumberof tag-nodes,collapsesmultiple
- - and .�. -nodes,anddeletesa prunablenode(i.e., a leaf
nodeor a nodelocatednext to .�. -nodes)with thehighest
frequency (i.e., leastselective) in thedocumenttree

�

/ . If
thereis alreadya treepatternidentical to the prunedpat-
tern,thentheduplicateis removedfrom � . Thealgorithm
iteratesuntil the spaceconstraintis satis®ed.The second
algorithm, AGGR, is our greedytree patternaggregation
algorithm(from Figure7) with both candidategeneration
andselection(basedon maximizingthe bene®t). Our ex-
perimentswereconductedon a 866MHz Intel PentiumIII
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Figure8: Evaluationof theAggregationAlgorithms.

machinewith 	

���

MB of main memory running Linux.
Both algorithmscompletedthe aggregationof

���'�����

tree
patternsin approximately

���

minutes.

5.2 Experimental Results
We ®rst comparethe performanceof the two aggregation
algorithmsby varying the skew for elementtags in the
XML documentsandin theXPathexpressions.We ranthe
experimentswith no skew, with skewedXML documents,
with skewedXPathexpressions,andwith skew in boththe
XML documentsandXPathexpressions.In the last case,
we skew the distribution for elementnamesin the oppo-
site “direction” (applyingthesameskew to boththeXML
documentsandXPathexpressionswould yield similar re-
sultsaswith noskew). Theexperimentalresultsareshown
in Figures8(b), 8(a),and8(c), wherethespaceconstraint,
expressedin termsof thenumberof nodes,is variedalong
the � -axis,andthe � -axisindicatestheobservedlossin se-
lectivity for agivenspaceconstraint,i.e., thepercentageof
XML documentsthatareerroneouslyreportedasmatches.

We alsomeasurethebene®tsof aggregationin termsof
®ltering performance,usingtheXTrie matchingalgorithm
describedin [6]. Sincethecostof ®ltering in XTrie grows
linearly with thenumberof XPathexpressions,we expect
to observe a signi®cantimprovementin ®ltering speedas
thecardinalityof � decreases.

Non-skewedworkload. Whenneitherthe XML datanor
the tree patternscontainskew (i.e., 


�


 


B




�

), the
AGGR algorithmcanaggregatetreepatternsup to

�

	�� of
their original sizewith only a

�

		� loss in precision(the
resultsfor non-skewed dataare reportedin all graphsof
Figure8). In contrast,the precisionof PRUNE algorithm
startsto degrademuch sooner, and the loss in precision
reachesalmost

�����

� at
�

		� of the initial space.Thebet-
ter performanceof AGGR canbe attributedto threemain
factors: (1) the upperboundcomputationgeneratesgood
candidateswith few nodesandlittle lossin precision,(2)
the selectivity-basedheuristicshelp to detectanddiscard
candidatesthatcorrespondto patternswith low selectivity
(i.e., frequentlyoccurringfor a given DTD), and (3) the
coveringcomputationenablesredundanttreepatternsto be

eliminatedearly.

SkewedXML documents. Real-world XML documents
are generallynot uniformly distributed amongthe valid
XML datafor a given DTD. When XML documentsare
skewed(Figure8(a)),we observe that theeffectivenessof
theAGGR algorithmincreases.Thereasonfor this is that,
asdatabecomesmoreskewed,theXML documentstendto
form clusterswith documentswithin a clusterbeingmore
similar than thosein different clusters;this, in turn, im-
provestheaccuracy of selectivity estimation.The PRUNE
algorithmalsobene®tsfrom theskew (althoughto a lesser
extent)becauseof its frequency-basedpruningheuristic.

Skewedtr eepatterns. We alsoobserve a signi®cantim-
provementin our aggregationalgorithmwhentheelement
namesof treepatternsareskewed (Figure8(b)). Indeed,
the skew inducesa clusteringof patternssuchthat simi-
lar treepatternsaregroupedinto the samecluster, which
consequentlyincreasesthe proportionof patternsthat de-
velopcontainmentrelationships.Thispermitstheaggrega-
tion algorithmto reducethesizeof � with minimal lossof
selectivity, by computingtighterupperboundpatternsand
discardingcoveredpatterns.

Skewedworkload. The two aggregationalgorithmsper-
form bestwhenboth the XML dataand the treepatterns
are skewed in different “directions” (Figure 8(c)). With
high skew values,thereis little overlapbetweenthe ele-
mentnamesof theXML documentsandthe treepatterns,
andAGGR remainshighly selective with only a few hun-
dredsnodes. The PRUNE algorithmalso exhibits signi®-
cantimprovementsandmaintains	

�

� selectivity evenaf-
ter theoriginal numberof nodesarereducedto lessthana
third.

Filtering speed. As mentionedpreviously, the cost of
matchingtreepatternsagainstincomingXML documents
is proportionalto thenumberof treepatterns.SinceAGGR
generatescandidatesby computingupperbounds,thecan-
didatescover morepatterns,andasresult, the numberof
patternsin � shrinksfasterwith AGGR. Figure9 showsthat
theaverage®ltering timeperdocumentdecreasesfaster(as
spaceis increased)for AGGR than for the PRUNE algo-
rithm. Our aggregationalgorithmis thereforemoreeffec-
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tivebothin termsof selectivity aswell as®ltering speed.

6 RelatedWork

To thebestof our knowledge,our treepatternaggregation
problemis anovelproblemthathasnotbeenstudiedin ear-
lier work. In contrastto the“�at patterns”previouslystud-
ied in the context of aggregatingattribute-predicate-based
subscriptions[12], our paperfocuseson hierarchicalpat-
terns,which aremorecomplex (astreepatternsconsistof
bothdatacontentsandstructure)andrequiremoresophis-
ticatedaggregationtechniques.

A relatedareais the work on querymerging to reduce
datadisseminationcostsof querysubscriptionsin a multi-
castenvironment[9]. Themotivationfor querymerging is
to mergemultiple similar queriesinto a single,moregen-
eral queryso asto reducethe workloadof the server and
possiblythe amountof traf®c betweenthe server and its
clients.However, theproblemdomainconsideredin [9] fo-
cuseson geographicalqueries(representedasrectangles);
furthermore,the issueof spaceconstraintis not relevant
there.

Someformsof treepatternshavebeenstudiedasqueries
for XML data[3, 17]. In particular, minimization algo-
rithms for thesepatternshave beendevelopedin order to
optimize patternqueries. The tree patternsin [3] differ
from ours in two aspects.On the onehand,the treepat-
ternsof [3] do not allow - -nodes(wildcards)which, as
mentionedin Section3, give riseto subtleproblemsin the
presenceof .�. -nodes(descendants)whencontainmentof
treepatternsis considered.On the otherhand,they sup-
port selectionof a setof documentnodesastheresultof a
patternquery, whichwedonotconsidersincewhatmatters
for our subscriptionaggregationcontext is whetheror not
a documentmatchesa subscription;the actualsetof doc-
umentnodesthat matchesa subscriptionis not relevant.
Becauseof thesedifferences,the minimizationalgorithm
of [3] hasan 9 ��B���� complexity in contrastto our 9 ��B

l

�

complexity. Similarly, thework in [17] studiesa different
classof tree patternsand their minimizationalgorithm is
only known to bein polynomialtime.

7 Conclusions
We have provided the ®rst systematicstudy of tree pat-
tern aggregation, an importantproblemin building next-
generation,scalableXML disseminationsystems. The
mainchallengeis to aggregateaninput setof treepatterns
into a smallerset suchthat: (1) a given spaceconstraint
on the total size of the patternsis met, and (2) the loss
in precision(due to aggregation)is minimized. We have
proposedanef®cientaggregationalgorithmthatmakesef-
fective useof document-distribution statisticsin order to
computea precisesetof aggregatetreepatternswithin the
allottedspacebudget.Further, someof our algorithmicre-
sultsareof interestin their own right, andcanproveuseful
in otherdomains,suchasXML queryoptimization.Exten-
sive resultsfrom a prototypeimplementationhave veri®ed
theeffectivenessof ourapproach.
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