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ABSTRACT
Implicit invocationor publish-subscribehasbecomean im-
portantarchitecturalstylefor large-scalesystemdesignand
evolution. The publish-subscribestyle facilitatesdevelop-
ing large-scalesystemsby composingseparatelydeveloped
componentsbecausethe style permits loose coupling be-
tweenvariouscomponents.One of the major bottlenecks
in usingpublish-subscribesystemsfor very largescalesys-
temsis the ef�ciency of �ltering incoming messages,i.e.,
matchingof publishedeventswith eventsubscriptions.This
is a very challengingproblembecausein a realisticpublish-
subscribesystemthe numberof subscriptionscanbe large.
In thispaperwepresentanapproachfor matchingpublished
events with subscriptionswhich scalesto a large number
of subscriptions. Our approachusesBinary DecisionDi-
agrams,a compactdatastructurefor representingboolean
functionswhich hasbeensuccessfullyusedin veri�cation
techniquessuchas model checking. Experimentalresults
clearlydemonstratetheef�ciency of ourapproach.
Keywords
Publish/SubscribeSystems,BinaryDecisionDiagrams
1 INTRODUCTION
Oneof themajorgoalsin softwareengineeringis to develop
architecturalstylesthat facilitate composingseparatelyde-
signedanddevelopedcomponentsinto a large-scalesystem.
Several architecturalstyleshave beendevelopedto achieve
thisgoal.Somefamiliarstylesincludethosebasedonremote
procedurecalls,sharedvariables,andasynchronousmessage
passing.Oneimportantarchitecturalstyle for systemcom-
positionis implicit invocation[15, 27] or publish-subscribe
(hereafterreferredto aspub-sub).In thepub-substylecom-
ponentsinteractvia publishingmessagesandsubscribingto
classesof messages.
In a pub-subsystemtherearetwo typesof componentsor
clientspublishersandsubscribers,that exchangemessages
througha server that we call a broker. Componentsand
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clients, as well as eventsand messageswill be usedsyn-
onymouslythroughoutthepaper. In themostcommonsce-
nario,publishersandsubscribershave no reciprocalknowl-
edgeabout eachother. Therefore,one of the major ad-
vantagesof the pub-substyle is that the variousclientsare
looselycoupled. Publishersconnectto the broker to pub-
lish eventsthey want to maketheworld awareof, andsub-
scribersconnectto the brokerto establishsubscriptions,in
which they specify the set of messagesthey are interested
in receiving. The job of the broker is to matchpublished
messageswith subscriptionsand deliver to the subscribers
themessagesof interest.The subscriber's selectioncriteria
areevaluatedagainstthe incomingmessagesby the broker
onbehalfof thesubscribers.Thealgorithmfor matchingin-
comingmessageswith selectioncriteria of the subscribers
is calledthe�ltering algorithm. Thecomponentthat imple-
mentsthe �ltering algorithm is called the �ltering engine.
Pub-subbrokerscanbeseenasthecombinationof ef�cient
andreliablemulticastdeliverywith advanced�ltering capa-
bilities.
Applicationsof pub-subsystemsarenumerous.Systemsfor
�nancial dataandnews dissemination,processmonitoring,
anddistributedeventnoti�cation, to namea few. Also, they
area coretechnologyto enableevent-drivendistributedweb
applications.The pub-substyle hasbeenusedin program-
mingenvironments[24] andoperatingsystems,aswell. The
call back mechanismfor signal handlingin operatingsys-
temsis a classicexampleof thepub-substyle. Mechanisms
to supportthepub-substylearefoundin commercialtoolk-
its (e.g,Softbench[16], ToolTalk [28], DecFuse),communi-
cationsstandards(e.g.,Corba[12]), integrationframeworks
(e.g.,JavaBeans[19]), andprogrammingenvironments.Sun
hasrecentlyannounceda speci�cationfor a messagingser-
vicecalledtheJAVA MessageServiceor JMS[22]. JMSalso
supportsprimitivesto supportthepub-substyle.Abstracting
fromtheparticularapplication,onecanseethatpub-subsys-
temshave avery broadscope.
Oneof themajoradvantagesof thepub-subparadigmis that
it allows �ltering capabilities,i.e., a subscriberwill only re-
ceivemessagesthatsatisfyacertaincriteria.An eventbroad-
castsystem,whereall theinformationis broadcastto all con-
sumers,makespooruseof networkresources.In suchasys-
tem �ltering hasto be doneby the subscriberitself. This



approachis feasibleon a high-speeddedicatednetwork,but
becomeslessattractive whenthe networkresourcesarethe
primarybottlenecks.In this case,it is bene�cial to perform
�ltering ascloseaspossibleto theinformationsource.Hav-
ing thesourceknow moreaboutthespeci�c interestsof the
subscribersallowsbuildingsystemstoascalethatwouldoth-
erwisebeimpossible.
Themainfocusof thispaperis onthe�ltering algorithm.Re-
call thata �ltering algorithmmatchesanincomingmessage
againsttheselectioncriteriaof thesubscribersin orderto de-
terminethesetof subscribersinterestedin themessage.Our
goal is to provide �ltering algorithmsthat canbe deployed
in large scalepub-subsystems,for example,pub-subsys-
temsusedfor contentdistributionon theweb. First,wepro-
vide someexamplesof typical usesof pub-substyle. Based
onthesetypicalexampleswederive functionalrequirements
anddesigngoalsfor a �ltering engine.

Example1 [Financial data]
The mostadvancedpub-subsystemsof todayareprobably
the onesusedin electronictrading�oors for delivery of �-
nancialdatasuchasstockquotes,company news,andorder
con�rmation events. Thesesystemshave historically been
deployedin high-speedprivatenetworks,but arenow begin-
ning to appearmassively on the Internet.Theseapplication
have veryhighvolumesof publishedmessages.Thenumber
of subscriptionsis moderatein intranetscenarios,but canbe
veryhighin Internetscenarios.For example,with many pub-
subapplications,extensive �ltering capabilitiesbring addi-
tionalvalue.Many servicesarenow offeringfeaturesthatlet
customersnot only subscribeto a particularstocksymbol,
but alsospecifymoreadvancedcriteria,suchasnoti�cation
whenthepricehitsa certainthreshold.

Example2 [Newsdissemination(e-commerce)]
Another very generalapplicationof pub-subis news dis-
semination.E-magazinesbroadcastinformationupdatesre-
gardingparticulartopics,andallow the usersto selectthe
topicsthey areinterestedin. Onesigni�cant casethat falls
into this category is e-commerceorientednews dissemina-
tion. Moste-commercesiteslet theiruserssubscribeto news
aboutproductsthey areinterestedin. This scenariois usu-
ally comprisedof a small numberof publishers(mainly the
magazineor e-commercesite), anda very high numberof
subscribers.

Functional requirementsfor a �ltering engine

� Matchingpublishedeventswith subscriptions
The �ltering enginemustbe able to evaluatea set of
subscriptionsagainstan incomingstreamof messages
subjectto thefollowing requirements:

� Expressivity. The languagefor expressingthe sub-
scriptioncriteriamustberich. For example,a language

for expressingsubscriptioncriteria1 is describedin de-
tail in JMS[22].

� Ef�ciency. Thematchingmustbedoneextremelyef-
�ciently in realtime.

� Scalability. The matchingmust handlevery large
numbersof subscriptions.

� Addandremovesubscriptions
The �ltering enginemust be able to add and remove
subscriptionsfrom thesetof existingsubscriptions.

Designgoals
Ourmaingoalin thispaperis to designa�ltering enginethat
is ef�cient andscalable. In a realisticsystemthenumberof
subscriptionswill beverylarge,e.g.afew hundredthousand.
Whena messageis publishedby a client, theinterestedsub-
scribershave to be quickly noti�ed. Typically, the arriving
messagessatisfyveryfew subscriptioncriteria.Considerthe
�nancial dataexampleprovidedearlier. Supposea message
aboutIBM arrives.Althoughthetotalnumberof subscribers
might be very large, typically, a small fraction of the sub-
scriberswill be interestedin a speci�c stocksuchasIBM.
We call this the irrelevanceproperty. We want to leverage
theirrelevancepropertyof pub-subsystemsin thedesignof
the �ltering algorithm. Our goal is to matchmessageswith
subscriptionsin real-time.We alsowantourmatchingalgo-
rithmsto bescalable,e.g.,to beableto handlefew hundred
thousandsubscriptions.
Thecostof adding,removing, andupdatingsubscriptionsis
alsoaddressed.However, the performanceof theseopera-
tions is not critical becausethey arenot as frequentas the
arrival of messages.
Thestrategiesfor distributingthe�ltering loadof a pub-sub
server acrossmultiple hostsarenot addressedin this paper.
Even with strategies for load distribution in place,thereis
still a needfor anef�cient �ltering enginethat matchesin-
comingmessagesagainstthesubscriptioncriteriaof thesub-
scribers.
2 OVERVIEW AND MAJOR CONTRIBUTIONS
Binary Decision Diagrams(or BDDs) are compactdata
structuresfor representingbooleanfunctions[5]. BDDshave
beensuccessfullyusedin veri�cation methodssuchasmodel
checking[10]. We useBDDs to designa fast �ltering algo-
rithm. Thissectionprovidesanoverview of ourapproach.
First, eachatomicformula in a client's subscriptioncriteria
or subscription(e.g. �������	��
	�
��� IBM, Dell � ) is assigned
a booleanvariable. Notice that now eachsubscriptionis a
booleanfunctionof the booleanvariablescorrespondingto
theatomicformulae. Next eachsubscriptionis represented
asa BDD. Intuitively, if thereareseveral subscriptionsin a
pub-subsystem,they sharemany commonsub-expressions.
For example,the following patternmight appearin several

1subscriptioncriteriaarecalledmessageselectorsin theJMSparlance
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subscriptions:

� � � �	��
 � � �

�������	��

���

�������

���
� �


����������

By representingsubscriptionsasBDDs we canexploit the
commonality(i.e.,sharedsub-subscriptions)betweendiffer-
entsubscriptions.A publishedmessageis now simplyapar-
tial assignmentto thebooleanvariablescorrespondingto the
atomic formulas. Whena messagearrives, the setof sub-
scriptionsthat“match” themessageis foundby a backward
traversalalgorithmon the correspondingBDDs. The ef�-
ciency of ourmethodstemsfrom thefact thatcommonsub-
expressions,correspondingto theBDD nodes,areevaluated
only once.
We believe that this papermakestwo major contributions.
First, we provide a precisesemanticsof when a message
“matches”a subscription.This is not a trivial taskbecause
our languagefor describingsubscriptionsis rich andallows
partialmessages,i.e.,messagesthatonly referto a subsetof
attributevariables.Second,we presentanef�cient andscal-
able �ltering algorithmbasedon BDDs. Experimentalre-
sultsclearlydemonstratethatour �ltering algorithmis scal-
able.
3 RELATED WORK
Severalapplicationsof pub-subsystemsweredescribedear-
lier. Content-basedpub-subsystemsare intendedfor con-
tent distribution over a distributed network. In content-
basedpub-subsystemsthe subscriptioncriteria �lter mes-
sagesbasedon their content.On theotherhand,in channel-
basedpub-subsystemsthe subscriptioncriteria �lters mes-
sagesbasedon the channelsor ports they originatefrom.
Sincethebene�tsof our �ltering algorithmonly becomeap-
parentwhenthenumberof subscribersis very large(a typi-
calcasefor content-basedpub-subsystems),techniquespre-
sentedin this paperaremostsuitablefor content-basedpub-
subsystems.Noticethatexamplespresentedearlierfall into
thiscategory. To ourknowledgethemostimportantcontent-
basedpub-subsystemsareGRYPHON [3, 1, 2, 18], SIENA

[7, 9, 8], ELVIN [25, 14, 17] andKERYX [21, 20]. Thesub-
scriptionlanguagesof thementionedcontent-basedpub-sub
systemsarefairly similar to eachotherandthesubscription
languagepresentedin this paper. Our work focuseson the
�ltering algorithm suitablefor content-basedpub-subsys-
tems. Techniquespresentedin this papercanbe appliedto
improvetheexistingpub-subsystems.In therestof thissec-
tion, we compareour approachto the �ltering enginesof
GRYPHON, SIENA, ELVIN and KERYX, and indicatehow
BDD-based�ltering techniquescanbeincorporatedinto ex-
istingsystems.
Among the four �ltering engines,the �ltering engineof
GRYPHON is mostsimilar to ours. It is basedon parallel
searchtrees,essentiallydecisiontreeslabelledby atomicfor-
mulas. Optimizationproceduresare usedto decreasethe
redundancy of the searchtrees. Although no details are
provided, the authorsmentionthat their optimizationsmay

transformthesearchtreeinto anacyclic graph.Thus,it ap-
pearsthat a subsetof BDD operationshasbeenreinvented
for parallelsearchtrees.A disadvantageof GRYPHON is the
restrictedsubscriptionlanguagewhich consistsonly of con-
junctions.The impressive complexity resultsof [1] (match-
ing canbedonein timesublinearin thenumberof subscrip-
tions)arealsonaturalpropertiesof theBDD datastructure.
However, GRYPHON's restrictionto conjunctionsforcesthe
userto expresscertainnatural�lters by submittinganexpo-
nentialnumberof subscriptions.For example,thesubscrip-
tion
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B GRYPHON-like subscriptions.In contrast,such
disjunctivesubscriptionsare naturally handledby BDDs.
Our experimentsin section8 demonstratethat our �ltering
engineis competitive in comparisonto GRYPHON. We ex-
pectthattheroutingtechniquesdevelopedfor GRYPHON can
bereadilyextendedto BDDs.
In SIENA, the subscriptionsare partially orderedwith re-
spectto subsumption2. This informationis usedto pre-�lter
eventsand forward them to other �ltering enginesaccord-
ingly. Althoughanelaborateautomata-basedmatchingalgo-
rithm akin to GRYPHON's hasbeendescribedin [17], there
is noimplementationweareawareof. Similar to GRYPHON,
SIENA hasa conjunctive subscriptionlanguage.However, in
contrastto the other systemsSIENA hasa patternconcept
which allows relatingdifferentmessagesto eachother. The
techniquesdevelopedin GRYPHON are complementaryto
the techniquesof SIENA [7]. Our �ltering engine,too, can
beadaptedto SIENA.
Very recently, a �ltering algorithmfor the systemLe Sub-
scribe hasbeenpresented[23] which usesindexing tech-
niquesfor fast matchingof atomic formulas,and clusters
subscriptionsto minimizecachefailures.Theclusteringand
matchingmethodsof Le Subscribehowever arerestrictedto
conjunctivesubscriptionssimilarasin GryphonandSiena.
Thesubscriptionlanguageof ELVIN is moreexpressive than
thepreviousones,andextendsoursubscriptionlanguageby
the ability to useregular expressionsfor string attributes.
However, ELVIN doesnot have a �ltering enginesimilar to
oursor GRYPHON's. TheBDD-basedapproachcanbeeas-
ily extendedto handlemorecomplicatedatomicproperties
suchas ELVIN's regular expressions.Therefore,the BDD
�ltering enginecanbeusedin thecontext of ELVIN, aswell.
KERYX is a Java noti�cation servicewhosedistributedar-
chitectureis similar to that of USENET. The subscription
languageDFL of KERYX is a LISP-like formalism which
makesit hardto deviseef�cient �ltering techniques.In fu-
tureresearchwe will investigateif BDD-basedmethodscan
beusedfor DFL or a fragmentthereof.

2SubscriptionK subsumessubscriptionL if the set of messagesde-
scribedby K is asupersetof thesetof messagesdescribedby L .
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Asageneralobservation,atrade-off betweenexpressivesub-
scription languagesandhighly ef�cient �ltering enginesis
characteristicof existing systems.Our work on BDD-based
�ltering engineshelpsto alleviatethisproblem.
4 THE SUBSCRIPTION QUERY LANGUAGE
Languagesusedto describesubscriptioncriteriaor subscrip-
tions arecalled the subscriptionquery languagesor query
languagesfor short3. In this section,we describequerylan-
guagesSiSL,StSL,andDeSLwhichareusedto submitsub-
scriptions.In our framework querylanguagescanbe made
moreexpressive. For example,we could usethe language
usedin JMSfor expressingsubscriptionsor messageselec-
tors in the JMSparlance[22]. To someextent, expressive-
nessof query languagesis independentof our BDD-based
implementationof thesystem.
Messagesand Attributes. Each event is describedby
a set of attributes. We distinguish three types of at-
tributes (integer, double, and string.) We �x a �nite se-
quence
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 is calledtheeventschema.
In ourcurrentimplementation,� ��� attributesareinterpreted
over 32 bit integers, �

5

0 attributesareinterpretedover 64
bit doubleprecision�oating point numbers,and

�

��� at-
tributesareASCII stringsof arbitrarylength. It is easyto
extendour methodologyto a larger numberof differentat-
tributetypes.
A messagesimply assignsvaluesto some(not necessar-
ily all) of the attributes. Formally, a messageis a partial
assignmentto the attributes, i.e., a mapping , ,

*.-

/

%1032

�4�5��!�"6#&%�(87 �69 � suchthat for eachattribute � , either
,

<
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<
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E

9 . If ,

<

�
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E

9 , we saythat
, doesnot de�ne � . A message, is total if it de�nes all
attributesin

*

.

Example3 [SalesAnnouncements]
Supposethat
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 . In practice,messagesare likely
to be givenas simpleXML-styledocuments.Considerthe
followingmessage:

<company> IBM </company>

<product> PC AT, 20 Mhz, 256 KB RAM

</product>

<price> 5000 </price>

This document describes a total message ,E� where
,F�

<

 $>%,G? !

+2=

I

E ”IBM”, ,F�

<

? "1>1@�A  CB

I

E ”PC AT, 20 Mhz,
256KB RAM”, and ,H�

<

? "1D> 
.

I

EJI

�����

.
Thefollowing documenthowever describesa differentmes-
sage,LK which is nottotal, becausetheattribute? "1D  . is not
de�ned.Therefore, ,MK

<

? "1D> 
.

I

E

9 .

3Languagesfor expressingsubscriptionsresembledatabasequerylan-
guages,hencethename.

<company> Future Inc. </company>

<product> 100 GHz Super PC </product>

Synopsisof QueryLanguages.Wewill now describediffer-
entsubscriptionquerylanguagesof increasingcomplexity.

1. TheSimpleSubscriptionLanguageSiSL is usedin set-
tings, whereall messagesare total. SiSL provides a
simpleandpowerful tool to selectmessagesof aknown
format,typically in anon-distributedsetting,or for spe-
cializedapplications.

2. TheStrict SubscriptionLanguageStSL requiresthatin
orderto matchan StSL query, a messagemustde�ne
all attributeswhich occur in the query. We shall see
later that the �ltering enginepresentedin this paperis
particularlyef�cient for theStSLcase.

3. In the Default SubscriptionLanguageDeSL all at-
tributesareinitialized to defaultvalues,andupdatedby
themessage.Usingthedefaultvalue,it is alsopossible
to testif individualattributesarede�ned by a message.
Thus,DeSLextendsthefunctionalityof SiSLto hetero-
geneousmessageformatsasit is often the casein dis-
tributedsettings.A semantics,calledtheNULL seman-
tics for queriesis alsoprovidedby JMS [22]. Default
subscriptionlanguagecanmodel the NULL semantics
usedin JMS.

SiSL: SimpleSubscriptionLanguagefor Total Messages.
SiSL queries(subscriptions)aregivenby atomicproperties
of eventattributesandBooleancombinationsthereof.
Formally, SiSL is de�nedasfollows:Let � beanattributein
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0 , atomicformulas
arede�ned analogously. If �����*��<

�

I

E

�

��� , and S �T�VUWP�X

is astring,then
�'E

SZY\[�]

�_^

S

areatomicformulas,where �`^

S denotesthat � is a sub-
stringof S .
Thesetof atomicformulasis denotedby �Z�

73aLb

. A query
c

is a Booleancombinationof atomicformulas. d3Y1e?<

c

I

is
thesetof attributesoccurringin

c

. �Z�

73aLb

<

c

I

is thesetof
atomicformulasoccurringin

c

.
Weusethefollowing abbreviationsin thequerylanguage:

�Rf

�

= is anabbreviation for f E

= OR f @

= .

�Rf

�hg

!

��iCj

is anabbreviation for fMk ! AND f

�li

.

�Rf

� �

!m�

������� �

!+	

� is an abbreviation for f E

!m� OR
�����

f E !+	 .
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Example4 [SalesAnnouncements,ctd.]
TheSiSLquery

 $>%,G? !

+2= � ���

��(
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�

���

.����
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D>.�,/.

+QS	�	� AND

��

���

^ ? "1>1@�A  CB AND �

�?�����

&������

^h? "1>1@�A  CB AND
? "1D  .

� �?�����

matchesall announcementsfor 1000MhzPCsmanufactured
by IBM, Dell or Siemenswhich costat most$1000.

The instantiationof a query
c

by a message, is denoted
c��

. Formally, wede�ne
c��

asthequeryobtainedfrom
c

by replacingall variables�

� d3Y1e?<

c

I

for which ,

<

�

I��

E

9

by ,

<

�

I

.
Let

c

bea SiSL query, and , bea total message.We say
that

c

matches, if
c

�

evaluatesto true. Formally, we
write ,�� E

c

.
We will now describeextensionsof SiSL which canhandle
non-totalmessages.
StSL:Strict SubscriptionLanguage. This languageis the
simplestextensionof SiSL. A message, is adequatefor a
query

c

, if , de�nes all variablesoccurringin
c

, (i.e., if
for all �

�Td3Y\e
<

c

I

, it holdsthat ,

<

�

I��

E

9 . ) Notethat total
messagesareadequatefor arbitraryqueries.
We de�ne that , matches

c

understrict semantics,if f , is
adequatefor

c

, and ,�� E

c

. We write ,�� E��

c

to denote
matchingunderStSLsemantics.
Remark: Note that the notionof adequatenessis basedon
syntacticpropertiesof the query. An alternative semantics
mayconsidera queryadequateif all attributeson which the
querydependsarede�ned. Let us call this notionsemantic
adequacy. With respectto semanticadequacy, querieslike

= AND <

f OR �

f

I

would be treatedlike = .We prefer the
givensyntacticnotionbecauseit is simplerfor theuserand
detectingirrelevantvariablesis a hardproblemandit avoids
theparadoxoutlinedin thefollowing example.

Example5 [SemanticAdequacy]
Supposethat Alice subscribesto messageswhere ? "1D  
. @

�������

and Bobsubscribesto messageswhere ? "1D> 
. G I

���

.
Later, they decideto join efforts,andsubscribeusingthedis-
junction ? "1D  
. @

�������

OR ? "1D  . G I

���

which is equiva-
lent to true. According to semanticadequacy, AliceandBob
will nowreceivemessageswhere noprice is speci�edat all.
Frustrated,AliceandBob�gur e out that there is nowayfor
themto receiveall messageswhere ? "1D  
. is de�ned.

Thesamekind of paradoxwill reappearon a technicallevel
in connectionwith BDD restrictions(to bede�ned later.)
DeSL:DefaultSubscriptionLanguage. For eachattribute �3� ,
we �x a defaultvalue  "!$#&%('*),+

%
'

� �G� ��!�"6#&%�'5( . If a message
, doesnot specifyanattribute � , then  -!.#&%/'0),+

% is usedas
defaultvalue. Formally, thedefaultextension,21 of , is a
totalmessagede�ned asfollows:

,31

<

�

I

E54

,

<

�

I

176

,

<

�

I��

E

9

 "!.#&%/'0),+

%

7

�98��6e&:�1

b

�

c

matches, underdefaultsemantics(in symbols, ,;� E
1

c

) if
c��=<

evaluatesto true,i.e., if , 1 � E

c

.

Example6 If � is a string attribute, it is often natural to
de�ne  "!$#&%('*),+

% to betheemptystring. For integeranddou-
blevalues,>

�

maybeusedto denotetheabsenceof a valid
attribute.

As mentionedabove,DeSLcanbeusedto testif anattribute
is de�nedatall in thefollowingway: weextendeachdomain

� �5��!�"�#&%�( by anew element? , andset  -!.#&%/'0),+

%

E

? , i.e. ?

becomesthedefaultvaluefor all attributes.It is easyto see
thattheformula �

�

E

? expressesthatattribute � is de�ned.
Thefollowing propositionis easyto prove.

Proposition7 Over total messages,SiSL,StSL,and DeSL
are equallyexpressive.

5 BINARY DECISION DIAGRAMS
In this section,we formally describeOrderedBinary De-
cisionsDiagrams(BDDs), and the standardalgorithmson
BDDs.
BDDs. Let @ be a set of propositionalvariables,and A

a linear order(also referredto as variableordering)on @ .
An ordered binary decisiondiagram (BDD) B over @ is
anacyclic graph<

* �DC'I

whosenon-terminalvertices(nodes)
arelabeledby variablesfrom @ , andwhoseedgesandtermi-
nalnodesarelabeledby

�

,
�

. Eachnon-terminalnode� has
out-degree J , suchthat oneof its outgoingedgesis labeled

�

(thelow edgeor else-edge), andtheotheris labeled
�

(the
highedgeor then-edge). If � haslabel !�� andthesuccessors
of � arelabeled!FE , !.G , then !+�

A

!HE and !+�

A

!$G . In other
words,for eachpath,thesequenceof labelsalongthepathis
strictly increasingwith respectto A .
EachBDD noderepresentsaBooleanfunction.Theterminal
nodesof B representtheconstantfunctionsgivenby their la-
bels.A non-terminalnode � with label !�� whosesuccessors
at the high andlow edgesare A and I respectively, de�nes
the function B

%

, E

<J�

!3� AND B�K

I

OR <

!+� AND B�L

I

. We
denotetheBooleanfunction <J�

!�� AND f

I

OR <

!+� AND =

I

by ���NM�<

!+�

�

f

�

=

I

.

Example8 The BDD in Figure 1 representsthe Boolean
function f AND < = OR �

I

. Thevariable ordering is f

A

=�AO� .

The size of a BDD is the numberof nodesof the BDD.
It is well-known [5, 6] that for every variable ordering

@ and sequence�&P��

�������	�

P�	�
 of Boolean functions over
@ there exists a unique minimal BDD B over @ with
distinguishedoutput nodes >

�

������� �

>
	 which representthe

Boolean functions P
�

������� �

P
	 . B is called the shared

BDD for P
�

������� �

P
	 . The BDD B togetherwith its out-

put nodes >
�

������� �

>
	 is denotedby

5

���RQ8<

P
�

������� �

P
	

I

E

<JB

�

>
�

�������	�

>
	

I

.
5

���SQ8<

P
�

������� �

P
	

I

is computablefrom
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Figure1: A BDD for function f AND < = OR �
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Figure2: A sharedBDD.

any other sharedBDD over @ for � P��

������� �

P�	�
 in polyno-
mial time. The BDD

5

���
Q

<

P+�

������� �

P�	

I

containsat most
two non-terminalnodes,andnotwo nodesdescribethesame
Booleanfunction.

Example9 Considerthe shared BDD <,B

�?���

J

����I

of Fig-
ure 2. In the�gur e, theBDD nodesare identi�ed by natural
numbersfrom

�

to � , and outputnodesare encircled by a
thick line. The two root nodes

�

and J representthe func-
tions f AND <>= OR �

I

and �

f AND < = OR �

I

respectively.
Moreover, node

�

representsthe function <>= OR �

I

. Thus,
5

���
Q

<

f AND < = OR �

I
�

�

f AND <>= OR �

I �

<>= OR �

I I

E

<JB

�?���

J

����I

.

The size of
5

���
Q in generaldependson the variableor-

dering A , and may be exponentialin �

@

� . Effective algo-
rithmsfor computing

5

���RQ andhandlingBDDshave been
describedin the literature[5]. In particular, operationson
booleanfunctions(suchas AND , OR , and � ) canbeef�-
cientlyperformedusingBDDs.
The main advantageof representingseveral Booleanfunc-
tions by sharedBDDs is given by the possibility of repre-
sentingsharedsubfunctionsonly once.Weshallseethatthis
is importantfor the BDD �ltering enginedescribedin this
paper. In thecaseof +

E

�

, ��� is alwaystheuniqueroot of
the BDD. Example9 shows that an outputnodemay have
incomingedges.In the following, we shall alwaysassume
thatBDDsaresharedunlessstatedotherwise.
BDD datastructure andevaluation.
WerepresentaBDD with + nodesby agraphwhosevertices
arethe naturalnumbers

��������� �

+ . Theadjacency relationis
describedby an array of size + suchthat the D -th element
of the array is a record <

� >

I4g

D

j �

�

D��

� g

D

j �

�>!

i

.��

g

D

j �

��!$� A .

g

D

j I

,
where� >

IGg

D

j

denotesthelow successorof D , �

D��

� g

D

j

denotes

Algorithm EvalBDD <JB

��� I

1 for � , E

+ downto
�

2 if � is terminal
3 then ��!.� A .

g

�

j

, E � !

i

.	�

g

D

j

4 else ��!$� A .

g

�

j

, E

���NM�<

�

<

� !

i

.��

g

�

j I
�

��!.� A .

g

� >

I4g

�

j j �

��!.� A .

g �

D��

� g

�

j j I

5 output ��!.� A .

Figure3: BDD EvaluationAlgorithm

thehighsuccessorof D , and � !

i

.��

g

D

j

denotesthelabelof node
D . We will use ��!.� A .

g

D

j

later to storeresultsof the BDD
evaluation.
We assumethat the naturalorderof the nodesis consistent
with theorderof thevariables,i.e.,if D and	 arenon-terminal
nodessuchthat D @

	 then � !

i

.	�

g

D

j�


�>!

i

.��

g 	

j

. Thus, the
nodesare topologicallysortedwith respectto the variable
order.
Let

�

bea truth assignmentto @ , i.e., a mapping
�

,

@

-

�

� ���

� . Givena Booleanfunction � , ��<

� I

denotesthe out-
put of � underassignment

�

. The algorithmEvalBDD in
Figure3 computesthevalueof eachnodein B underassign-
ment

�

in ��!.� A . . We write 
���%()������ <,B

��� I

g

D

j

to denote
thecomponent��!.� A . of the D

> th elementof thearray.

Proposition10 Let P
�

������� �

P
	 be a sequenceof Boolean

functions over <�@

�

A

I

, and
5

���
Q�<

P
�

������� �

P
	

I

E

<JB

�

>
�

�������	�

>
	

I

its binary decision diagram. Then for
all

���

D

�

+ andassignments
�

P
�

<

� I

E


���%/)������ <JB

��� I

g

>
�

j �

BDD restrictions. BDDs areintendedto representBoolean
functions. However, it is possiblethat in certainsituations,
theBDD hasto becorrectonly for certaininputs,becausean
externalconstraintenforcesthat no other inputscanoccur.
Let � bea Booleanfunction,and B beits BDD, and P bea
Booleanfunctionwhich evaluatesto

�

on aninput if the in-
put is “relevant” to � . ThentheBDD B canbereplacedby a
possiblysmallerBDD � which is equivalentto B for all in-
putssatisfying P . Sucha BDD � is calledan P

> restriction
of B . State-of-the-artBDD packagessuchas[26] employ
heuristicsto computesmallrestrictionof BDDs. Notehow-
everthat � in generalrepresentsaBooleanfunctiondifferent
from P .
Formally, let <,B

�

>��

������� �

>�	

I

and <��

�

A �

�������	�

Am	

I

beBDDs
over @ , andlet P denotea Booleanfunctionover @ . Then

B������ if
P

-

<��

�� *�! �	

B#"

'

���
K

'

I

is tautologicallytrue. � is calledan P

> restrictionof B , and
viceversa.Intuitively, B and� arerequiredto beequivalent
for all assignments

�

for which P

<

� I

E

�

. � �

b

�Ce 1�$6�%<JB

�

P

I
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denotesthesetof restrictions���

,

B � � � � of BDDswhich
are ��� equivalentto � . 4

Remark: Note that B AND P is an P

> restrictionof B . In
thisparticularcase,B is replacedby aBDD whichevaluates
to

�

for all inputswhich do not satisfy P . B AND P doesin
generalnot yield a small P

> restriction.Actually, B AND P

mayevenbelargerthan B .
6 THE FILTERING ENGINE
In this section,we describetheprinciplesof theBDD �lter -
ing engineandthebasicalgorithms.
Query BDDs
The basicideaof queryBDDs is to representa large num-
berof queries(subscriptions)by asharedBDD whosenodes
correspondto atomicsubformulasof thequeries.Then,mes-
sagescanbematchedagainstqueriesby BDD evaluational-
gorithms.
Formally, let

c

E �

c

�

������� �

c

	�
 be a sequenceof queries
over the setof attributes

*

. Let @

E

/

�� ��! *	

�Z�

73aLb

<

c

�

I

bethesetof atomicsubformulasof thequeries.
�

@�� is a set
of propositionalvariables,suchthat with each !

� @ , we
associatea propositionalvariable

�

!

� �

�

@�� . Eachquery
c

� now correspondsto a propositionalformula
�

c

�

� over
�

@�� whichis obtainedby replacingall occurrencesof atomic
subformulas! by theircorrespondingpropositionalvariables

�

!

� .
Given a linear order A on

�

@�� ,
5

���
Q

<

c

I

denotes
the BDD for the Booleanformulas

�

c

�

�

������� �

�

c

	

� , i.e.,
5

���
Q

<

�

c

�

�

������� �

�

c

	

�

I

(we shall discusslater how to
choosethevariableorderingA ). For eachquery

c

� , >1A�B

<

c

�

I

denotestheoutputnodefor
�

c

�

� in
5

���
Q

<

c

I

.

Example11 Supposethat Alice andBobusethe following
twosubscriptions:

c

�
, E ? "1D  .�@

�

I

���

AND �

��(

&��

^  6>%,G? !

+2=

c

K
, E ? "1D  .�@

�

I

���

AND �-&

 

�

>

+

!$� @

S	�

^C $>%,G? !

+2=

Here, the set
�

@�� of BDD variablesis givenby �

�

? "1D  
. @

�

I

���

�

�

�

�

��(

&��

^  6>%,4? !

+2=��

�

�

�#&

 

�

>

+

!.� @

S��

^C $>%,G? !

+2=�� � .
We choose the variable ordering A as
follows:

�

�

��(

&��

^  $>%,G? !

+2=�� A

�

�#&

 

�

>

+

!.� @

S��

^  6>%,4? !

+2=�� A

�

? "1D  . @

�

I

���

� .
TheBDD
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���SQ�<

�

c

�

�

c

K6


I

is shownin Figure 4.

Eachmessage, de�nesapartialassignment
�

� to theBDD
variablesin thenaturalway, i.e.,

�

�

<

�

!

�

I

E

��

�

	

�

�


� e���� 1 6

,�� E !

9 1 6

,

< d3Y1e�<

!

I I

E

9

i.e., if 
 doesnotde®nethevariablein �

6 Y%;

b

�

7

�&8m�6e&:�1

b

�

If , is total,then
�

�

<

�

!

�

I

is trueif andonly if ,�� E ! .

4Note that there is no canonicalBDD in ������������������� ��!�" , since the
BDDsin �#�������������$��� ��!�" representdifferentfunctions.
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Figure4: A queryBDD.

Giventwo atoms A

�

�

� @ , we write AO� E � to denotethat
every messagewhich makesA true alsomakes� true. For
example �'E

�

� E � G

�

.
Notethat � E

�

and �/G

�

arerepresentedby two different
BDD variables,althoughthey aresemanticallyrelated.In the
following section,we dealwith thequestionhow to remove
this redundancy from theBDD.
Eliminating Redundanciesfrom Query BDDs
Note that differentatomsin @ maybe semanticallyrelated
becausethey containinformationaboutthe sameattribute,
but unrelatedin theBDD. For example,

�

+

E

���

� and
�

+

G

D

� aredifferentBDD variables.From the point of view of
the BDD they arenot relatedto eachother. On the other
hand,the de�nition of

�

� guaranteesthat for all messages
, ,

�

�

<

�

+

E

���

�

I - �

�

<

�

+

G D

�

I

.
The semanticrelation betweenBDD variablesis formally
expressedby the dependencyfunction @

< @

I

. The depen-
dency functionis givenby

�

V

KXW

%DY>Z\[

W KX] ^

%

�

A

�

-

�

�

� AND �

V

KXW

%DY>Z\[

W KX] ^`_

%

�

A

�

-

�

�

�

�

AND �

V

KXW

%)Y9Za[

W _.KX] ^

%

�

�

A

�

-

�

�

�

�

Wewill use @

<�@

I

laterasa restrictionfunctionfor BDDs.
BDD basedquery matching
In this section,we �rst treat the simplercaseof total mes-
sages,for which all proposedsemanticscoincide.First, we
show how the BDD evaluationalgorithmcanbe appliedto
evaluatequeries.Then,we describehow BDD restrictions
canbeusedto improve the algorithm. Finally, we describe
theevaluationstrategiesfor othersemantics.
SiSl. For thissemanticsonecanusetheprocedureEvalBDD
for query matching. Assumethat

c

E �

c

�

������� �

c

	�
 is
a sequenceof queriesor subscriptions.Given a total mes-
sage, , let

�

� betheassignmentcorrespondingto themes-
sage.Now we executethe procedureEvalBDD on the pa-
rameters

c

and
�

� . A query b

� is consideredmatched if
the BDD nodecorrespondingto b

� evaluatesto
�

. Since
theprocedureEvalBDD worksbackwardandbecauseof the
sharingbetweenBDDs,thealgorithmonly evaluatesaBDD
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Algorithm MVEvalBDD <JB

��� I

1 for � , E

+ downto
�

2 if � is terminal
3 then ��!$� A .

g

�

j

, E � !

i

.	�

g

�

j

4 elseif
�

<

� !

i

.	�

g

�

j I��

E

9

5 then ��!.� A .

g

�

j

, E

���NM�� <

�

<

� !

i

.	�

g

�

j I
�

��!.� A .

g

� >

I4g

�

j j �

��!$� A .

g �

D��

� g

�

j j I

6 else��!.� A .

g

�

j

, E

9

7 output ��!.� A .

Figure5: Three-valuedBDD EvaluationAlgorithm

nodeonce,or in otherwords the sub-querycorresponding
to a BDD nodeis evaluatedonly once.Moreover, thequery
BDD

5

��� <

c

�

A

I

canbereplacedbyanarbitraryBDD from
the set � �

b

�Ce 1�$6�%<

5

���SQ8<

c

I �

@

< @

I I

. Since @

< @

I

is the de-
pendency function,sucha BDD is calleda dependencyre-
striction of

5

����<

c

�

A

I

. BDD packagesusuallyhave good
heuristicsto computesmallrestrictions.Indeed,weshallsee
in Section8 using restrictedBDDs signi�cantly improves
the performanceof the �ltering engine.Correctnessof this
algorithmeasilyfollowsfrom thesemantics.
DeSL. As wehave shown in section4, defaultsemanticses-
sentiallyamountsto handlingtotal messages.Whena mes-
sageis received, it is extendedinto a total message.This
operationcanbeimplementedveryeffectivelyby usingade-
fault templatewhoseattributesarechangedby anincoming
message.Therefore,defaultsemanticscanbehandledby the
algorithmEvalBDD.
StSL. For strict semantics,we presenta BDD-basedevalu-
ationalgorithmwhich performssigni�cantly fasterthanthe
ordinaryevaluationalgorithm. Recall that in the strict se-
mantics,a message, matchesa subscriptionor query b if f

, is adequatefor b (all attributesoccurringin b arede�ned
in , ) and , satis�es b .
Themain ideais thatanunde�nedatomrendersall subfor-
mulasin which it occursunde�ned. In the evaluationalgo-
rithm, we treat 9 asa third valuedenotingunde�ned. When-
ever thelabel 9 is encountered,thealgorithmMVEvalBDD
of Figure5 moveson to thenext node.Otherwise,thetruth
valueof thenodeis computedfrom its successorsusingthe
function ���NM�� whichcoincideswith ���NM for Booleaninputs,
andevaluatesto 9 otherwise.
Our experimentsin Section8 show that MVEvalBDD out-
performsthealgorithmsfor theothersemanticssigni�cantly.
Thiscanbeexplainedasfollows:

(i) EvalBDD loopsthroughall nodes. At eachstep,it
accessesthreedifferentnodes.Thus,

�

+ nodeaccess
operationsarenecessary.

(ii) MVEvalBDD on theotherhanddoesnot accessthe
successornodesof anunde�nednode.Thus,for mes-

sageswhichonly de�nes D attributes,only D ( +

�

D

�

�

+ ) nodeshaveto beaccessed,andthusin thecaseof
partialmessagesthe constantfactorof the algorithm
is improved.

(iii) Even more importantly, not all nodeaccessopera-
tionsareequallyexpensive. As long asthe BDD is
traversedfrom node + to node

�

, consecutive mem-
ory partsarecopiedintocachememory, andthus,few
cachefailuresoccur. Therefore,consecutivenodeac-
cessoperationsare fast. In contrast,the successor
nodes� >

I4g

�

j

and �

D��

� g

�

j

of a node � areoften not
in thecache,andtherefore,accessoperationsto suc-
cessornodesareon averagemuch more expensive.
Therefore,theexpectedcostof theoperationin line 5
of theprogramcodein Figure5 is muchhigherthan
theexpectedcostof theoperationin line 6 of thepro-
gram. Since the numberof de�ned attributesin a
messageis correlatedto the frequency of executing
lines5 and6 respectively, it followsthattheconstant
factor of MVEvalBDD is small for messageswith
few attributes.Theexperimentsof Section8 con�rm
theseintuitions. It is easyto prove thecorrectnessof
thealgorithmif 9 is interpretedasfalse.

7 OPTIMIZA TION
In thissection,weinvestigatenaturaloptimizationissuesfor
threecritical partsof theBDD �ltering engine,in particular
the BDD restriction,BDD variableordering,andthe BDD
evaluationalgorithm.
BDD Restriction. TheColoradoBDD package[26] usesthe
restrictionproceduredescribedin [13] to computerestricted
BDD.Notethatthisprocedureis heuristic,anddoesnot nec-
essarilycomputethesmallestrestrictionof theBDD. Never-
theless,theperformanceof therestrictionproceduredepends
stronglyon the sizeof the restrictingformula. Our experi-
mentshave shown that it is thereforenot feasibleto usethe
dependency function @

< @

I

. Instead,we considerthedepen-
dency functionsfor eachqueryseparately, andperformiter-
ative restrictionswith thesedependency functions. Our ex-
perimentsclearly demonstratethe effectivenessof this pro-
cedure.
BDD Variable Ordering. It is well-known that for general
BDDs, the variableorder has a tremendousin�uence on
BDD size.Sincetheproblemof �nding anoptimalvariable
orderingis NP-hard[4], BDD packageseitherusecompli-
catedheuristicsto determinea variableorder, or let theuser
choosethevariableordering.
Our experimentshave shown however that for the �ltering
engineapplication,the variableorderingdoesnot have a
strongin�uence on the BDD size, apparentlybecausethe
booleanfunctionswe considerareshallow, i.e., structurally
simple, but numerous. In particular, the natural variable
orderingwhereeitherBDD variablescorrespondingto the
sameattribute are kept closetogether, or variablesareor-
deredaccordingto frequency, bothgive goodresults;how-
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ever they do notshow signi�cant improvementover random
orders.
Thestabilityof thealgorithmwith respectto variableorder-
ing is an importantfeatureof the �ltering engine,sincethe
sharedBDD is extendedonlineevery time a new subscrip-
tion arrives. It would be extremely expensive to adaptthe
variableorderfor eachnew subscription.
BDD EvaluationAlgorithm. Recall that the major advan-
tageof MVEvalBDD over EvalBDD wastheavoidanceof
costly cachefailures. In principle, it is possibleto change
theenumerationorderof BDD nodesin sucha way that the
numberof cachemissesis minimized.Giventhelargenum-
berof BDD nodes,anoptimalsolutionfor thisproblemcan-
not beobtainedin practice.Therefore,wehave triedsimple
schedulingheuristicsfor changingtheenumerationorderof
the BDD. So far, no signi�cant performanceimprovements
could be achieved in this way. The apparentreasonis that
the cachesizeof standardPC architecturesis too small for
thispurpose.
8 EXPERIMENT AL RESULTS
All our experimentswere carried out on a 200Mhz Pen-
tiumPro machinewith 1GB RAM running RedHat linux
(kernel2.0.36). Our implementationof the �ltering engine
usedthe ColoradoUniversity BDD package(CUDD) ver-
sion2.3.0[26].
Query Generation. Querieswere producedby an auto-
maticquerygeneratorinternallydevelopedatMicrosoft.The
query generatoroutputsquerieson the basisof an input
grammar�le, wherethegrammaris speci�edin anextended
BNF form andallowstheuserto associateprobabilitieswith
theproductionrules. Thequeriesaregeneratedby applica-
tion of therules,non-deterministicchoicesbeingselectedin
accordancewith theassociatedprobabilities.
In our experiments,we usedten attribute variables. There
were threevariablesof type integer , threevariablesof
typedouble , andfour variablesof typestring . Thein-
teger(and,respectively double)variablescouldbecombined
with four integer(and,respectively double)constants10,30,
50 and70 (and,respectively 10.0,30.0,50.0and70.0),us-
ing any of six relationaloperatorsE ,

�

E , @ ,
�

, G and k . The
stringvariablescouldbecombinedwith four stringconstants
“aa”, “bb”, “a” and“b”, usingfour relationaloperatorsE ,

�

E ,
substringandsuperstring. Hencetherewerea total of 208
atomicformulas.

Note: We executedtheentireexperimentseven times.The
resultsthatfollow reporttheaveragesover thesevenruns.
QueryCharacteristicsandMemoryRequirements.Weused
a setof queries,with 7.6atomicformulas,and7.7relational
operatorsonanaverage.Thefollowingtableshowstheaver-
agenumberof BDD nodesobtainedfor thequeries,bothbe-
foreandafterapplyingtherestrictionoptimizationdescribed
in section7. The signi�cant reductionclearly indicatesthe
effectivenessof the restrictionoptimization. Note that the
numberBDD nodesdeterminesmemoryconsumption;in

highly optimizedBDD packagessuchasthe CUDD pack-
agewhich we useeachnoderequiresonly a few bytesof
memory. As canbe clearly seenfrom the table the num-
ber of BDD nodesscalesalmostlinearly with the number
of queries.The stateof the art BDD packagesarecapable
of managingbillions of nodesindicatesthat the numberof
queriesour techniquecan handleis scalable,and will not
becomethebottleneck.

# of Queries # of Nodes # of Nodes Factor
beforeRestriction afterRestriction of Improvement

25,000 180,226 108,889 1.66
50,000 351,616 206,848 1.70
75,000 543,677 299,942 1.81
100,000 708,969 376,992 1.88

MessageGeneration. Messageswere generatedby ran-
domly assigningvaluesto the messagesvariables.For nu-
meric attributevariables,the valueswerechosenrandomly
from therange[ 0 . . .80 ]. For thestringvariablethevalues
wereselectedrandomlyfrom a setof twentyalternativesof
varyinglength.
Evaluation. We carriedout experimentsusingtheSiSL and
the StSl semantics.Recall that SiSL requiresmessagesto
be total. On the otherhandStSL canhandlepartial mes-
sages(a typical casein realisticpub-subsystems).The fol-
lowing tableshows the averagetime in secondsrequiredto
match1000messagesfor differentnumbersof queriesand
messagedensities.Messagedensityis a measureof how to-
tal themessageis, i.e., thenumberof attributevariablesthe
messagede�nes.Thelastcolumnshowsthetime in seconds
requiredto match1000total messageswith usingthe SiSL
semantics.As canbeseenclearlyfrom thetablepartialmes-
sagescanbematchedvery quickly.

# of MessageDensity SiSL
Queries 7.7% 15.4% 23.1% 30.8% 100% 100%
25,000 1.56 3.81 5.86 8.23 27.64 20.12
50,000 3.56 7.63 10.92 14.74 55.66 41.58
75,000 6.65 12.49 18.11 22.56 89.93 61.75
100,000 9.01 15.57 21.4 30.83 121.32 81.64

Ascanbeseen,theperformanceof theStSLalgorithmscales
almostlinearlywith themessagedensity. As expectedfor to-
talmessagestheperformancefor theSiSLsemanticsisbetter
thanthat for the StSL semantics.The main reasonfor this
is that the MVEvalBDD algorithmhasto inspectboth the
childrenfor every BDD nodevisitedwhile theEvalBDD al-
gorithmhasto inspectonly onechild. However, we believe
thatpartialmessagesis a commoncasefor realisticpub-sub
systems.
Our experimentsclearly show that modernservers hosting
our �ltering enginewill be capableof matching 1000mes-
sagesagainst500,000queriesin 15.57seconds. We areas-
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sumingthat a modernserver hasa 1Ghz clock with 4GB
memoryandtypicalmessagedensitiesarearound15%.
9 CONCLUSION
Therearetwo major contributionsof this paper. First, we
providevarioussemanticsfor amessagematchingaqueryor
subscription.Thesesemanticsdiffer in their expressiveness
andtheef�ciency of the�ltering algorithm.OurBDD �lter -
ing enginesupportsall thesesemantics.We alsopresented
a �ltering algorithmbasedon BDDs which is suitablefor
large scalecontent-basedpub-subsystems.As wasclearly
demonstratedby theexperimentalresults,our �ltering algo-
rithm caneasilyhandleahalf million subscriptions.
Weplanto extendourwork in severaldirections.TheExten-
sibleMarkupLanguageor XML [11] is increasinglybecom-
ing thede-factostandardfor exchangingdatabetweeninter-
netapplications.We wantto extendour algorithmsothat it
canbeusedin pub-subsystemsbasedonXML relatedtech-
nologies.Speci�cally, messageswill beXML instancesand
subscriptionswill be expressedin an XML query language
suchasXQL. Currentrequirementsfor XQL canbefoundin
http://www.w3.org/TR/xmlquery-req. XQL is amoreexpres-
sive query languagethan the onespresentedin this paper.
We plan to also implementa signi�cant infrastructurethat
will enableusto performexperimentsfor realisticsettings.
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