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Abstract. Thispaperpresentsareactiveprogrammingandtriggeringframework
for thecoordinationof a largenumberof distributedagentswith sharedknowl-
edge.At the heartof this framework is a highly structuredsharedstorein the
form of aconstraintlogic program(CLP),whichis usedasaknowledgebaseand
beingreactedto by agentsthroughthe useof “reactors”.Thebiggestchallenge
arisingfrom sucha reactive programmingframework usingCLP is to developa
trigger mechanismthat allows ef�cient “wakeup” of blocked reactors.This pa-
per addressesthe architectureof this openframework, anddiscussesa general
methodologyfor doing triggeringof logic conditionsusingviews andabstrac-
tions.

1 Intr oduction

In online applicationssuchas an automatedmarketplace,many agentswith shared
knowledgeneedto interactandsynchronizewith eachotherby reactingto somecondi-
tions. The agentsblock when the condition they are waiting for is not satis�ed and
unblock when the condition becomestrue sometime later. Becausethe numberof
agentsparticipatingin theseactivities is very large,andthe blocking conditionsmay
beverycomplex, existingtechnologiessuchasblackboardarchitectures[10] andactive
databases[15] areinadequate.

This paperintroducesa shared-storeprogrammingframework for interactingdis-
tributedagentswhich combinesthepower of ConstraintLogic Program(CLP) [8] and
thetriggeringof complex conditions.

The framework allows agentsto react to their environmentstaking into account
complex conditions,andallows for coordinationwith eachotherthrougha structured
sharedstore,the knowledge base, representedby a CLP. The distributedagentsinter-
act with the sharedCLP storevia embeddedprogramfragmentscalledreactors pro-
grammedin a simplestylizedconcurrentlanguage.The key featuresof this language
includetheuseof CLP goalsasguardsandtheuseof committedchoice. CLP goalsas
guardsgiveauniquewayof handlingreactivity in distributedprogramswhichleverages
CLP'spowerof declarativesemantics,databasesandcomplex views.

Sincereactorsmayblockoncomplex logicalconditionsandtherearemany of them,
thekey technicalchallengeis how to identify ef�ciently asetof reactors,amongall the
blocked reactors,that needto be checked for “wakeup” given a statechangeto the
CLPstore,e.g.updateof abasepredicate.Wecall thisprocesstriggering. This is more



dif�cult thandeterminingwhenaguardbecomesentailedin ConcurrentConstraintPro-
gramming(CCP)[12] astheCLP programitself canchangeandthetestis not simply
entailment.

The ideabehindef�cient triggeringis to exploit a notion of locality. To explain a
simpleform of locality, considerthepopularonlinechatclient,MSN messenger. While
theremay be millions of usersloggedon at the sametime, every usertypically only
hasa smallcontactlist. Whena userlogson (which canbeviewedasa statechange),
it is easyto exhaustively searchthevicinity of this user(in this case,her contactlist)
to �nd out which contactsareonlineandnotify (trigger) thosepeople.However, there
aremorecomplex formsof locality for which no suchef�cient algorithmsarereadily
at hand.For example,a marketplacehasfrequentanddiverseupdates;an individual
trader, however, is typically interestedin a small fractionof these.Givenanupdate,it
is dif�cult to identify thefew interestedtraders.

In this paper, we dealwith morecomplex forms of locality. We employ a general
assumptionthatanysinglestatechange in theCLP is unlikely to affecta large portion
of the blocked reactor, thereforeit paysto designan index structurefor the reactor
conditionssothattriggeringcanbedoneef�ciently asasearchin theindex. To facilitate
the indexing of complex conditions,the trigger framework exploits the semanticsof
CLP views in abstractingcomplex views to simpleones.It is alsopossibleto develop
analysistoolswith CLP technologyto verify thecorrectnessof suchabstraction.

Sincethis framework is completelyopen, in thesensethatany agentscaninteract
with the systemat any time, andCLP goalsareusedin reactive conditions,we call
this framework OpenConstraint Programmingor OCP. It is alsoanopensystemin the
sensethat the agentsare languageneutral.We arguethat open,reactive, andconcur-
rentsystemswith powerful modelingcapabilitiesareusefulfor distributedcoordinated
applicationssuchasthosein E-commerce.

This paperaddressesthe designof the architectureandthe reactorlanguage,and
focusesin particularon a triggeringframework andmethodologywhich areessential
for managinglargenumberof reactors.Themaincontributionof thispaperis two-fold:

– the useof CLP asa knowledgebaseandfor reactivity in an openprogramming
framework; and

– a generaltriggering framework for re-enablinga small set of reactors,amonga
largenumberof blockedones.

1.1 Relatedwork

The OCPframework is relatedto shared-memoryconcurrentlanguagessuchasCCP
[12] andblackboardarchitectures[10]. In the CCPframework (including GHC [14]
andOz [13]), processescommunicateby interactingwith a setof sharedvariablesin
a store on which they caneitherpost(“tell”) or test(“ask”) for the presenceof some
constraint.Theselanguagesalsousecommittedchoicefor non-determinism.However,
theconstraintstoreis monotonicin CCP, whereasin OCP, thestoreis aknowledgebase
andcanbenon-monotonic.Justasin a databaseor blackboards,thestoreneedsto be
non-monotonicasit is meantto bestateful.



BlackboardlanguagessuchasLinda [7] andActorSpace[1] usea setof tuplesor
actorsasmediumof communicationandsynchronization.OCPcanbe thoughtof as
generalizingLinda's tuple space,to usemore powerful constructsandgoing from a
structuredsharedmemorystoreto richerstorewhichusesCLP. By doingso,theprim-
itive operationson the storecanutilize complex reasoningto expresshow the agents
interactandsynchronize.OCPis alsorelatedto activedatabases[15] becausetheECA
rulescanbe treatedasthespecialcaseof a basickind of OCPreactors.Triggeringis
requiredin bothactivedatabasesandOCP, thoughtheactivedatabasehasa muchsim-
pler triggerparadigm,which is on simpleeventssuchasinsertion/deletionto thebase
tables.In particular, activedatabasesdonotaddressourproblemof minimizingthecost
of triggering.

Anotherclassof reactive languagesarethesynchronouslanguagessuchasEsterel
[2], Lustre [3] and SIGNAL [6]. Theselanguagesare designedfor reactive systems
in which reactionis instantaneous. Thesesynchronoussystemsarealsodeterministic,
while CCPandOCParenon-deterministic.

In whatfollows,wewill discussthearchitectureof OCP, whichincludesthereactor
programminglanguageandmotivating examples,the triggeringmechanismwhich is
critical for theef�cient implementationof a runtimesystem,and�nally a description
of aninitial prototypesystemwith someexperimentalresults.

2 Ar chitecture

In thebasicOCPframework (Fig.1),everysoftwareagentconsistsof aprogramwritten
in a suitablyconvenientlanguage.Small programfragments,which we call reactors,
written in anOCPreactorlanguage,areembeddedin theagentprogram.This is similar
to how onecan embedSQL in a host program.When the agentwantsto executea
reactor, this reactoris submittedto the OCPruntimesystem,in a similar fashionto a
remoteprocedurecall.

The purposeof the reactoris to performsomeactionsto the sharedCLP storeor
knowledgebase.In therestof thispaper,wewill usethenotation� to referto theshared
CLP store(this suggestsit is stateful).Theactionmaybeguardedby someconditions
de�ned in thereactoraswell asotherlogic de�ned in � . We expectthatsomepartof
the requirementsfor the conditionmay be expressedin the submittedreactorandthe
restof it could be reasoningexpressedin the knowledgebaseitself. We usea rather
generalform of theconditionwhich is any CLP goalexpressedin the languageof the
knowledgebase.A typicalactionmaybeto updateor deletesomedatain thestoreand
theconditioncouldbesomeconsistency condition,e.g.ensureminimumbalancein a
bankaccount.Theactioncanonly beperformedif theknowledgebase� is consistent
with the guard.Whenthat is not the case,the reactorblocksuntil somechangein �
makestheconditiontrue,we saythereactoris re-enabledandcanbeexecutedaslong
astheconditionis true.Onecanexpressconcurrentalternativesin areactor, committed
choiceis usedto controlthenon-determinismarisingfrom thealternatives.As areactor
behaveslike a remoteprocedurecall from theagentprogram,it only returnswhenthe
submittedreactorhascompletely�nished executingits reactorprogram.



Sincetheknowledgebase� is non-monotonic,we canthink of it asconsistingof
somestaticpredicateswhichdonotchangeandsomedynamicpredicateswhichcanbe
changedby a reactor. In this paper, we considerdynamicpredicatesto begroundfacts,
whichwecall basepredicates.
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Fig.1. Thebasicmodelof OCP

2.1 Syntaxand semantics

We now give theinductive de�nition of a simplereactorlanguageasfollows.Let r be
a reactor, then

r ::=
� atomicupdateto �

j r1; r2 sequence
j r1 jj r2 choice
j commit committheenclosingchoice
j c ) � guardedactions

The reactorsare intendedto be embeddedin agentprograms.The sequencecon-
structisself-explanatory,andwejustfocusonatomicupdate,choice/commitandguarded
action.We de�ne theoperationalsemanticsof theseconstructsusingthereactortransi-

tion relationsr; � �� ! � 0; r 0, where� is anatomicactionthatchangesthestorefrom
� to � 0, andr progressesto r 0.

– An atomicupdateis an actionthat consistsof oneor moreof the following sub-
actionsin anatomicsequence:aninsertion,a deletionor anupdateto a basepred-
icate.Oftenthesequenceis codedin a CLP goal to beexecutedatomicallyby the
runtimesystem.While, in principle,theseoperationscanbeusedonany predicate
in � , in this architecture,we restrict the atomicupdatesto only basepredicates.
Therule for atomicupdateis

� ; � �� ! � (� )



– The choiceconstructprovidesa form of early-committednon-determinism.The
semanticsof choiceis that both branchesexecuteconcurrentlyuntil oneof them
makesanupdateto � or issuesacommit . At thattime,theotherchoicebranchis
abortedwith noeffecton � . Thecommit operationcanbethoughtof asaspecial
atomicupdateto � which hasno effect, like a noop . Let � denoteanactionthat
doesnot changethestore,sucha read;andlet u denoteanupdatethatchangesthe
storeor a commit , therulesfor thechoiceconstructare

r2; � �� ! �; r 0
2

r1 jj r2; � �� ! �; r1 jj r 0
2

r2; � u� ! � 0; r 0
2

r1 jj r2; � u� ! � 0; r 0
2

r2; � u� ! � 0

r1 jj r2; � u� ! � 0

– Guardedactionsareusedfor synchronizationor for ensuringconsistency condi-
tions. c is called a blocking condition or simply a condition. A guardedatomic
update,c ) � , blocksuntil conditionc is true, i.e. � j= c, andthenatomically
performsthe update� . In particular, c is any CLP goal de�ned over � which is
evaluatedby theCLP system.Variablesin conditionc arein thesamescopeasthe
actionandcanbeusedto bindvariablesin theaction. Therule for guardedactions
is

� ; � �� ! � 0

c ) � ; � �� ! � 0
if � j= c

2.2 A motivating example

We usethe following exampleof shippingmarketplaceasa motivating examplefor
OCPthroughoutthispaper. Theagentsinteractingwith themarketplaceareclientswho
want to ship cargo and transportationcompanieswhich offer cargo shipsof various
loadcapacityandsailingschedules.Theknowledgebaseis aCLPprogramwhichcon-
tainsstatic factsof a distancetable(map)amongcities, anddynamicfactsaboutthe
availability of thevessels,suchasthefollowing.

map(seoul, shanghai, 4668).
vessel('star', hongkong, shanghai, 20000, 0.012, 15, 18).

Themappredicaterecordsthedistancebetweentwocities,e.g.thedistancebetween
SeoulandShanghaiis 4668km.Thevessel predicatespeci�esavesselnamed“star”,
which is scheduledto go from HongKongto Shanghai,with a loadcapacityof 20000
tons,andashippingpriceof 1.2centpertonperkm. It will departat time15andarrive
at time 18. The departureandarrival time alongwith thedistancetableimplies travel
speedof thevessel.We assumethattheunit pricefor shippingis roughlyproportional
to thespeedof travel.

A client wantsto ship cargo from placeA to B , eitherdirectly or via someother
transitpoints,by a certaindeadlineandwithin budget.Constraintsareon the loadca-
pacityof thevesselandthe feasibility of arrival/departuretimes.Thereactivity arises
becauseit may not be possibleto ship the cargo given the existing stateof the store,



however, changesto the storemay make the requestfeasible.Clientswill updatethe
capacityasthey arecommittedto a particularvessel.

The relation(anda knowledgebase)deliverable is usedto specifyblocking
conditionsc of theclients' reactors.It returnsDep andArr asthedepartureandarrival
timesfor tracking,anda list of vesselidenti�ers.

%base case for one segment
deliverable(A, B, Weight, Budget, Deadline, Dep, Arr, [ID]):-

Budget>0, Weight>0,
LoadCap>=Weight, Weight*Dist*Price<=Budget, Arr<=Deadline,
map(A, B, Dist),
vessel(ID, A, B, LoadCap, Price, Dep, Arr).

%base case for two segments: A-C and C-B
deliverable(A, B, Weight, Budget, Deadline, Dep, Arr, [ID1, ID2]):-

Budget>0, Weight>0,
LoadCap1>=Weight, LoadCap2>=Weight,
Weight*(Dist1*Price1+Dist2*Price)<=Bu dget,
Arr1<=Dep2, Arr2<=Deadline,
map(A, C, Dist1), map(C, B, Dist2),
vessel(ID1, A, C, LoadCap1, Price1, Dep1, Arr1),
vessel(ID2, C, B, LoadCap2, Price2, Dep2, Arr2).

%recursive case: A...C-D...B
deliverable(A, B, Weight, Budget, Deadline, Dep, Arr, L):-

LoadCap>=Weight, Weight*Dist*Price<Budget, Dep2>=Arr1,
map(C, D, Dist),
deliverable(A, C, Weight, Budget1, Dep1, Dep, _, L1),
vessel(ID, C, D, LoadCap, Price, Dep1, Arr1),
deliverable(D, B, Weight, Budget-Budget1-Weight*Dist*Price,

Deadline, Dep2, Arr, L2),
L=concat(L1, ID, L2).

Thereis morethanoneway to de�ne deliverable . Here,we chooseto de�ne
basecasesof onesegmentand two segments,and thena recursive rule that consists
of a pathfrom A to C, a segmentC to D andanotherpathfrom D to B. The reason
for this set-upis to have moreef�cient triggeringwhich will becomeclearin thenext
section.Whenthedeliverable conditionis satis�ed,thecargocanbeshippedand
thedo ship actionwill updatethecorrespondingcapacitiesalongtheroute.

A client who wantsto shipa cargo weighing100tonsfrom Singaporeto Seoulby
time25andwith maximum$5000,cansubmitthefollowing reactorto theOCPsystem:

deliverable (singapore; seoul; 100; 5000; 25; D ; A; I Ds) )
do ship (singapore; seoul; 100; I Ds)

Fromtheaboveexample,wearguethatthereexistsalargeclassof applicationslike
theshippingmarketplacewheretheuseof aCLPprogramasaknowledgebaseandfor
reactivity is notonly elegantbut,webelieve,alsoessential.Therecursionandconstraint
solvingcapabilityof a CLP offersanextremelyconcisebut expressive way to specify



generallogical rules,suchasdeliverable , to be usedby many differentreactors
from differentagentswith their own instantiationsor possibleadditionalconstraints.

2.3 The runtime system

This sectiondescribesthe designof the runtime systemarchitecture.Central to the
systemdesignis the notion of triggering. A trigger modeldetermineswhich blocked
reactorsto �r e givenanupdate� to theknowledgebase� . Whena reactoris �red, it
is re-enabledandstartsexecutionby re-evaluatingtheblockingconditionwhich failed
earlier, andif it succeeds,proceedsto executingtheaction.

To managetheexecution,blockingandwakeupof thereactors,theruntimesystem
employs a registry that wrapsaroundthe CLP systemandthe blocked reactors.The
registry is composedof thefollowing elements(seeFigure2):

1. a CLPprogramloadedin a CLPsystem;
2. a receptionistthathandlestheI/O of reactors;and
3. a triggerunit for triggeringblockedreactors.
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Fig.2. Theregistry

Thedarkarrowsin the�gure representthe�o w of reactorsin thesystem.A reactor
is executedagainstthe CLP storeonceit entersthe registry. The blocking conditions
andthe actionsin the reactorsare implementedasCLP goalswhich areexecutedby
a CLP system.If the blocking conditionis satis�ed, the action is executed,probably
updatestheCLP andexits thesystem;otherwise,thereactoris blockedin theblocked
list, until theconditionbecomestruein thefuture.

We suggestthat this architectureis extremelyversatilebecauseCLP canintegrate
databaseswith logicprograms,constraintsandconcurrency.At oneendof thespectrum,
a CLP programcanbe reducedto just groundfactswhich is similar to Linda. At the
otherend,it canbe a full-�edged knowledgebasecompletewith a reasoningsystem
andconstraintsolvers.



3 Triggering

Theproblemof triggeringis presentin many applicationsandscenarios.Considerthe
popularonlineapplicationMSN messenger. Oneof its featuresis whenauserJanelogs
in, all hercontactswhoarecurrentlyonlinemustbenoti�ed, or triggered. As weknow,
MSN messengerhasmillions of usersonline at any time, certainlywe don't want to
testevery online userto seeif he or sheis a friend of Jane.In this particularcase,a
simplehash-basedtriggeringcanbeusedasany user'scontactlist is typically small,in
fact,bounded.But in general,theproblemof determiningjust which agentsareto be
triggeredby anoften-occurringeventis intractable.

In thissection,wediscussthetriggeringproblemfor OCP, andpresentamethodol-
ogy for dealingwith it.

3.1 Viewsand blocking conditions

Thebasicproblemcanbede�ned asfollows: givenanupdate� to a basepredicateof
theCLP knowledgebase,andgivena setof blockedconditionsC which arecurrently
false,ef�ciently returnasubsetof Cwhichbecometrueasa resultof theupdate.

To facilitatediscussionbelow, let us�rst de�ne:

De�nition 1 (View). A view is simplya rule de�ning a distinguishedsetof non-base
predicates.It hasthegeneral form:

p( ~X 0):- q1( ~X 1); q2( ~X 2); : : : ; qn ( ~X n ); 	 ( ~X 0; � � � ; ~X n ): (1)

where p is not a basepredicate. We saythat this view is basicif theqi ; 1 � i � n, are
all basepredicates.Otherwise, wesaythat theview is composite.

Notethatnotall CLPpredicatesprovideviews.Viewsareessentiallyinterfacepred-
icatesfor theagentsto interactwith theCLP program.Theblockingconditionsof re-
actorsarede�ned basedonviews.

De�nition 2 (Blocking Condition). A blockingconditionc is of theform:

p( ~X ); 	 ( ~X );

wherep is a viewonvariables ~X , and	 ( ~X ) isa constraint.Wesaya blockingcondition
is basic(composite)if theview it refers to is basic(composite).

Typically, 	 ( ~X ) speci�esavalueor a rangefor someof thevariablesin ~X , suchas
c ::= p(X ; Y); X = 5; 0 � Y � 5.

De�nition 3 (Induced View). Let p be a view of the form p( ~X ):- B ody. Let c be a
blockingconditionp( ~X ); 	 ( ~X ). Theview of p inducedbyc is therule

p( ~X ):- B ody; 	 ( ~X ):



To determineif a blockingconditionc on a view p is enabledby anupdate� is in
generalanundecidableproblem.Naively, onecanexecutec asagoalagainstthenewly
updatedCLPknowledgebase.This is tantamountto testingif theinducedview of c has
any solutions.

Runninginducedviewsis, unfortunately, unacceptableif c is acompositecondition
thatdependsoncomplex viewswhoseresolutionis veryexpensive,e.g.whenrecursive
joinsareinvolved.Preferably, we coulddiscoversomeconstraints,from thede�nitions
of bothc and� , which couldanswerthis questiondirectly. This is clearlymoredesir-
able,andthisoptimizationrepresentsour �rst objective.

However, if thetotalnumberof blockedreactorsis verylarge,eventhisoptimization
is insuf�cient, becausehaving to considereveryblockingconditionis prohibitively ex-
pensive (recall theMSN example).We thereforeseekto build anindex for theblocked
conditionssothat largenumberof conditionscanbeexcludedfrom anupdatewithout
testingany oneof them.Constructingthis index thusbecomesoursecondoptimization
objective.

In what follows, we will �rst show how to index basicblocking conditionsby a
spatialindex structurecalledtheRC-tree. Wethenshow how to reducecompositeviews
to basiconessothattheRC-treecanbeused.

3.2 The RC-tr ee

This sectionconsiderstheproblemof indexing multi-dimensionalgeometricalobjects.
Thereis a wealthof publicationsin the the areaof spatialdatabases[5] andcompu-
tationalgeometry[11]. However, thesespatialindexes,especiallythoseusedfor geo-
graphicinformationsystemsapplications,assumelittle or no overlappingamongthe
objects,andwhentheobjectsarelarge,staticsegmentationis usedto reducelargeob-
jectsto many smallrectangles,whichincreasesthespaceandinsertioncost.In addition,
they index theMinimum BoundingRectangles(MBRs) of theoriginal objects,rather
than the objectsthemselves.The original shapesof the objectsare thus lost andnot
madeuseof in suchapproximation.

We proposea new spatialindex structure,calledRC-tree,which is bettersuitedfor
indexingdynamic,overlappingregions.RC-treeis aclipping-basedspatialindex which
combinessomefeaturesof thekd-treeandtheR+ -tree.Every intermediatenodeof a
RC-treeis a hyper-planethat partitionsthe spaceassignedto this node.The spaceis
thusdivided into two sub-spaces.All objectsentirely containedin the left half-space
will bestoredin theleft sub-treeat thenode;andall objectscontainedin theright half-
spacego into theright sub-tree.If anobjectintersectsthehyperplane,it is clippedand
the two resultingclippedobjectsgo into respective subtreeswherethey belong.The
root nodeis assignedtheentirespace.

The novelty of the RC-treeis that insteadof indexing MBRs of theobjects,it in-
dexes the actualshapeof the objects,and dynamicallyclips the objectson demand
whenthereis needto discriminateanumberof them.ThisenablestheRC-treeto index
objectsof largeextensionandwith heavy overlapping.

RC-tree'sdynamicclippingcanbeseenasdoingthesegmentationdynamicallyand
ondemand.A very importanttechniqueusedin theRC-treeis domainreductionwhich
dynamicallyupdatestheMBRs of clippedobjectssuchthat insertionandsearchcosts
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aswell asspacerequirementsarereduced.In the left partof Fig. 3, domainreduction
strategy createsa treewith only two items(“L1” and“L2”) in the leaves.In the right
partof the�gure, theothertree,whichis similar to theR+ -tree,hasfour items(denoted
by “L”). In addition,during the insertion,the RC-treeclips object“L” andinsertsthe
two sub-objects“L1” and“L2” into thetreewhile theotherstrategy insertsfour times.

Wehaveconductedarangeof traditionalandsyntheticbenchmarksontheRC-tree,
andhave observed an amortizedlog(n) insertiontime, amortizedlog(n) point query
time, wheren is thenumberof objectsto be indexed.Our experimentsalsoshow that
RC-treeperformsmuchbetterin queryperformancethanotherR-treevariantsandthe
quad-tree.

3.3 Basicviews

The RC-treecanbe usedto ef�ciently index multi-dimensionalshapesandto search
usingaqueryof thesamedimensionality.

Let 	 ( ~X ) beaconstraintandqabasepredicate.Thenthebasicconditionq( ~X ); 	 ( ~X )
canbetreatedasa geometricalshapein anRC-treefor ~X . Accordingly, theupdateon
q( ~X ) where ~X hasbeengroundedcanbetreatedasaqueryto thatRC-tree.Therefore,
reactorconditionson a singlebasepredicatecanbe indexed andtriggeredusing the
RC-treein a straightforwardmanner.

Consideranexampleof suchabasicblockingcondition:

vessel(_,A,B,C,P,_,_), A=beijing, B=taipei, C>=500, P<=0.02.

Onecanconstructa4-dimensionalshapeon (A; B ; C; P) suchthat

(A = 0 beij ing 0) ^ (B = 0 taipei 0) ^ (C � 500) ^ (P � 0:02)

andindex shapeslike this in a4-dRC-treeonvariables(A, B, C,P).Whenanew vessel
becomesavailableor an existing vesselchanges,variables(A; B ; C; P) get updated
simultaneously. The groundvalues(A; B ; C; P) canthenbe usedasa point queryto
theRC-treeindex. For example,anupdateof



vessel('dragon', beijing, taipei, 10000, 0.015, 23, 40)

is oneof suchupdatesthatwould enabletheaboveblockingcondition.
Another type of basiccondition is of the form p( ~X 0); 	 ( ~X 0), wherep is a basic

view, whichmeans

p( ~X 0):- q1( ~X 1); : : : ; qn ( ~X n ); 	 0( ~X 0; � � � ; ~X n );

whereq1 throughqn areall basepredicates.Of course,onecanimmediatelyreplace
p( ~X 0); 	 ( ~X 0) by

q1( ~X 1); : : : ; qn ( ~X n ); 	 0( ~X 0; � � � ; ~X n );

where
	 0( ~X 0; � � � ; ~X n ) = 	 0( ~X 0; � � � ; ~X n ) ^ 	 ( ~X 0):

For example,

c ::= q1(X ); q2(Y ); X + Y = 10; X � 0; X � 5:

Theconditionc canbeformulatedasa shapein the(X , Y ) space,andanRC-treecan
be built for shapesin the (X , Y ) space.The problemis, updatesareonly on q1/1
andq2/1 separately, which meanseitherX or Y is updatedat a time, but not both.
Therefore,we cannotconstructacompletequeryof (X , Y), but insteadwe haveeither
(x, *) or (*, y), where* denotesunknownvalues.Therearetwo possiblewaysto solve
this problem.The �rst andthe“default” methodis to constructa rangequeryusinga
wildcard for the variablethat is not instantiated.For example,if q1(5) is written to
theCLP, a query(5, *), which is essentiallyanin�nite rangequeryto theRC-tree,can
beproducedto querytheindex tree.Thismethodis applicablebut notalwayseffective.
Supposetheblockedconditionsareall binaryconstraintson X andY , andthereis no
boundon X , then(5, *) will not beableto discriminateany shapesin the index, and
henceall conditionswill betriggered.

Thesecondway is to instantiateor constrainsomeof theunknown variablesat the
time whenanupdateoccurs.This is possibleif thereexists in theCLP a constraintor
functionalrelationshipbetweenthe valueof the known variable(X) andthe valueof
unknown (Y). For example,if thefollowing ruleexistsin theCLP:

q2(Y):- q1(X), Y = 2*X+1.

Then given X = 5, the systemcan infer by the above rule that Y = 11, and thus
producea completequery(5; 11).

Alternatively, if thereexistsa constraintbetweenX andY suchas,

q2(Y):- q1(X), Y<=X.

thena �nite rangequerycanbeproduced:((5; Y ) : Y � 5), which is morespeci�c
andeffectivethanqueryingwith (5; � ).

Weconcludethissubsectionwith a few commentson theissuesof aggregationand
materialization. Aggregationis a conceptthatoriginatesfrom therelationaldatabases.
An aggregateis a functionof sometuplesin the samerelation.Commonaggregation



functionssuchasmin, max, averagecanbecomputedincrementallyandareincludedin
someversionsof CLPassystempredicatesor asmeta-level predicates.In theshipping
example,thepricesandspeedsof vesselsvaryovertime,but theirrangescanbede�ned
asaggregatesof thevessel predicateusingthemin/maxfunctions.

Whena blockingconditioncontainsa view thatusesaggregation,how do we deal
with it? One way to handleaggregation is to materializethe value of aggregatesif
they are not changedoften, suchas price rangesof all vessels.Oncethe aggregate
valuesarematerialized,they canbe treatedasconstantsandusedin the basicviews.
However, whentheaggregatevaluedoeschangelater, theviews constructedbasedon
thematerializedvaluesmustbeupdated.Thismayinvolvedeletingof thecorresponding
shapefrom theindex, reconstructingit andthenre-insertingit into theindex.

3.4 Compositeviews

Having shown how to index andquerybasicconditionsin thelastsection,this section
considersa methodologyto reducecompositeconditionsto basicconditionsso that
they canbehandledlike in Section3.3.

Theessenceof our methodis to translatethede�nition of thecompositeview p at
handinto a basicview. Thereare two ways,which canbe repeatedlyinterleaved, to
progresstowardsthis.

The�rst andobviousway is to performanunfoldingof thede�nition of p. Clearly
unfoldingalonecannot,in general,obtainabasicview, becauseof recursion.

The alternative way, which representsthe main contribution of this section,is to
replacethe remainingnon-basepredicatesin the de�nition by an abstraction, that is,
a sequenceof otherpredicatesandconstraints,in sucha way the resultingde�nition
of p is at least as general as the original de�nition. Thoughthis stepis seemingly
dif�cult, it maybethecasein applicationsthattheabstractionis in factevidentfrom the
domain.We shall demonstratethis below; meanwhile,we shall call this methodology
anapplication-basedabstraction.

For example,for a view p( ~X ) whoserecursivede�nition refersto a basepredicate
q, it is possibleto unfold p( ~X ) a numberof timessuchthat q is exposedalongwith
somesubgoalsof p:

p( ~X ):- p( ~X 0); q1( ~X 1); p( ~X 0); 	 ( ~X 1):

Now if onecanreplacethe two p( ~X 0)'s with a constraintandcombineit with 	 ( ~X 1)
to obtain:

p0( ~X ):- q1( ~X 1); 	 0( ~X )

Thenp0( ~X ) is anabstractionof therecursiveview p( ~X ).
We now give a moreconcreteexampleof abstractingtheview deliverable in

theshippingexampleof Sec2.2.We shallhoweversimplify therelationvessel/7 to
threearguments:source,destinationandcost.We furtherassumethatthevalueof cost,
for each(source,destination)pair, is preciselythedistancebetweenthemaccordingto
map/3 . We alsosimplify deliverable/8 to threearguments:source,destination
andbudget.Fig. 4 showsthesimpli�ed de�nition of deliverable .



deliverable(A, B, Budget):-
vessel(A, B, Cost),
0<Cost<=Budget.

deliverable(A, B, Budget):-
vessel(A, C, Cost1),
vessel(C, B, Cost2),
0<Cost1+Cost2<=Budget.

deliverable(A, B, Budget):-
deliverable(A, C, Cost1),
vessel(C, D, Cost2),
deliverable(D, B, Cost3),
Cost1+Cost2+Cost3<=Budget.

Fig.4. Simpli�ed deliverable
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Fig.5. Abstractionof deliverable

By inspectingthe third rule of deliverable , onecanseethatdeliverable
is thetransitiveclosureof vessel andthusthecostof a directvesselfrom point A to
C andfrom D to B is nobiggerthancostof thetransitiveclosure.In otherwords,given
map(A, C, Co1) and map(D, B, Co3) , Co1 � Cost1 and Co3 � Cost3 ,
whereCost1 and Cost3 are de�ned in Fig. 4. We illustrate this scenarioin Fig.
5, wherethe dark arrow refersto an actualvessel,the light arrows refer to straight
distances(map),andthedashedarrowsarethetransitiveclosureof vessels(deliverable).
Thereforewe can abstractdeliverable to a basicview abs deliverable as
follows.

abs_deliverable(A, B, Budget):-
Co1+Cost2+Co3<=Budget,
map(A, C, Co1), vessel(C, D, Cost2), map(D, B, Co3).

Theaboveabstractioncapturestheintuition thatif anew vesselsegment(from C to
D) is too far away from both thesource(A) anddestination(B) of a reactor, thenthis
reactorshouldbeexcludedfrom triggering.In otherwords,weareexploiting “locality”
of thesourceanddestinationin thisexample.

We summarizeourmethodologyof abstractionasfollows.

– it reducescompositeviews to basicviews so that direct indexing canbe doneon
thebasicconditions;

– it providesaconservativeestimateof theoriginalview, ie. thesetof factssatisfying
theabstractionis a supersetof thatof theoriginal view. Thusanupdatethatdoes
not triggeranabstractedconditiondoesnot triggertheoriginalblockingcondition.
In otherwords,exclusionof reactorsby abstractionis safe.

It is, of course,undecidablein generalto replacea compositeview with anequivalent
one,while trivial to replaceit with an abstraction.The challengeis to �nd a useful
abstraction.While it is not possibleto characterizethis conditionformally, we suggest
that if theapplicationintuitively satis�estheconditionthatanindividual reactoris not
likely to be triggeredby an averageupdate,thenit is likely thata desiredabstraction
canbediscoveredwithout greateffort. We have tried to indicatethis with theexample
above.



4 Implementation and evaluation

We have implementeda prototypeOCPsystem.Ratherthanusinga tailor-madeCLP
system,our prototypefor simplicity integratesthe CLP(R) system[9] with a server
registry explainedin Section2.3 that managesa collection of reactorsespeciallyto
handletriggeringandcommunicateswith externalagents.Themulti-threadedregistry
was implementedin C++. The OCP registry and the CLP(R) systemcommunicate
throughUnix messagequeues.

Agentsarewritten usingthe languagePythonwhich is a relatively rich andexten-
sible scripting language.A specialPythonreactorlibrary handlesthe submissionof
reactorsto theOCPsystem.

4.1 Trigger ef�ciency

To evaluatetheeffectivenessof triggeringusingRC-tree,weconductthefollowing ex-
perimentsonaPentium4 2.4GHzPCrunningLinux 2.4.20.Weimplementtheshipping
marketplaceexamplein Section2.2for transportingcargobetweenasetof 7 Asianand
6 NorthAmericancities.Thedistancematrixamongthesecitiesis approximatedby the
�ight distancesbetweenthem[4].

We identify two typesof reactorblocking conditionsandtwo typesof vesselup-
dates:intra-continental, inter-continental. For instance,areactorwaitingto shipacargo
from anAsiancity to anAmericancity is inter-continental,whereasa reactorwaiting
to shipwithin two Asiancitiesis anintra-continentalreactor. Similarde�nition applies
to the availablevessels.We thuscreatedthreesetsof reactors(1000reactorsin each
set): intra-continentalonly, inter-continentalonly, andmixed;andsimilarly threesets
of vesselupdates(1000updatesin eachset): intra-continentalonly, inter-continental
only, andmixed.We usetheabstractionin Section3.4 for triggeringthe reactors.We
did 9 experiments,correspondingto the9 possiblecombinationsof setsof reactorsand
updates.The experimentalresultsaregiven in Table1. The �rst numberin eachdata
cell is theaveragepercentageof reactorsbeingtriggeredout of 1000blockedreactors
in eachscenario.Thesecondnumberin parenthesesis thetimefor thetriggeringmech-
anismto determinewhich reactorsto be�red with a sequenceof 1000vesselupdates.
All timesaremeasuredin milliseconds.

reactors(intra)reactors(inter)reactors(mixed)

vessels(intra) 10.176% 37.743% 23.964%
(12.6ms) (13.2ms) (12.9ms)

vessels(inter) 0% 33.893% 16.937%
(8.7ms) (13.1ms) (12.7ms)

vessels(mixed) 4.364% 33.694% 19.025%
(12.4ms) (13.2ms) (12.8ms)

Table 1. Hit rateandaveragetriggertime

FromTable1, we seethatfor intra-continentalreactors,thebestcasefor triggering
excludesall reactorsfrom wakeup(intra-column,row 2).This is intuitivebecauselong-



haul voyagesaremoreexpensive and take longerand thusdo not affect short range
shippingneeds.For inter-continentalreactors,triggeringexcludesabouttwo thirds of
thereactors.This is simplybecausefor inter-continentalreactors,thebudgetsarelarger
anddeadlinesarelater, andthusshortrangevesselsaremorelikely to affect thesere-
actors.Theexperimentalresultsdemonstratethatindexing andabstractionareeffective
optimizations:(a) the triggeringmechanismis effective in avoiding the wakeupof a
substantialnumberof blockedreactors;and(b) thetriggeringmechanismis itself rela-
tively fast.

5 Concluding Remarks

This paperhaspresenteda new distributedprogrammingframework which allowsdis-
tributedprogramagentsto reactto aCLPprogramlikeasharedcommonstore.Agents
modify theCLPprogramthroughtheuseof reactorswhichareguardedonlogic condi-
tionswith respectto theCLP. Thekey challengeis thenhow to ef�ciently managethese
reactorsto allow blockingandwake-up.We detaileda triggeringframework which in-
corporatesanovel spatialindex structureto solve this problem.

Someof thefuturework includesthedevelopmentof anautomaticveri�cation tool
for application-basedabstractionusedin thetriggering,andtheclassi�cationof various
kindsof advancedviews aswell asabstractionrecommendationsfor theseclasses.We
arealsoenhancingOCPwith amoregeneralizedversionof committedchoicein which
commitcanhappenanywherein thechoicebranch.
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