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Abstract

A growingnumberof industrial applicationsuserule-basedprogramming. Frequently, theimplementation
of theinferenceengineembeddedin theseapplicationsis basedontheRETEalgorithm.Someapplications
supervisea flowof eventsin which time, throughtheoccurrencedatesof theevents,playsanimportantrole.
Theseapplicationsneedto be able to recognizepatternsinvolving events.However theRETEalgorithm
doesnotprovidesupportfor theexpressionof time-sensitivepatterns.Thispaperproposesan extensionof
RETEthroughtheconceptsof time-stampedeventsandtemporal constraints betweenevents.Thisallows
applicationsto write rulesthatprocessbothfactsandevents.

Category, Track, and Topics

Regular paper. Track1: Temporal Representationand Reasoningin AI. Topics: temporallanguagesand
architectures,reasoningaboutactionsandchange,timeandnonmonotonism.

1 Intr oduction

Incrementalpatternmatchingalgorithms,andin particularthe RETE algorithm,areextensively usedin
industrialapplicationsimplementingpatternmatchingproblems. However, time is not specificallycon-
sideredin thesealgorithms.As a consequence,applicationswhich monitora flow of time-stampedevents
cannotusethepatternmatchingalgorithmfor therecognitionof time-sensitive patterns.

This paperpresentsan extensionof the RETE algorithmthat supportstemporalconstraintsbetween
time-stampedevents,and incrementallymatchesthe occurrencesof patternsincluding eventsaswell as
regularfacts.

In thenext sectionwe review somerelatedworks,bothaboutincrementalpatternmatchingalgorithms
andaboutrecognitionof temporalpatterns.In Section3 we introduceanexampleof a rule involving facts
andevents. Section4 presentsour extensionof theRETE algorithm,andillustratesit usingtheexample
rule. Finally, Section5 discussesthe benefitsof integrating event managementin the rule engine,and
Section6 concludesandproposesfuturework directions.

2 RelatedWorks

Incrementalpatternmatchingalgorithmshavebeenstudiedfor sometimenow. Thetwomostwidely known
areRETE[7] andTREAT [18]; theGatoralgorithm[12] is derivedfrom them.As mentionedbefore,these
algorithmsdo not specificallyconsidertime andthusoffer no time-relatedconstructs.Several industrial



productsimplementvariationsof theRETEalgorithm:ILOG JRules[13], Rete++[11], OPSJ[20], or JESS
[21] to mentiona few of them.

On-line recognitionof temporalpatternshasbeenformalizedunderthe termof chronicle recognition
by Dousson[4, 9, 3]. Severalchroniclerecognitionalgorithmshave beenpublished[16, 4, 6]. Likewise,
severalchroniclerecognitionsystemshave beendeveloped,suchasIxTeT [10], two systemsnamedCRS
[8, 19], or FONSYNT[14].

Unlike thework describedin this paper, thesealgorithmsandtheir implementationsdo not aimat pro-
viding advancedpatternmatchingfeatures.They concentrateon partialorderhandling,andaim primarily
at identifyingthesetsof eventswhichsatisfythetemporalconstraints.Only thendothey addressthepattern
matchingcriteria,asfar assuchcriteriacanbeformulatedin thesesystems.

All theseworkseitherfocuson thepatternmatchingproblemwithoutencompassingtime,or they only
reasonon the event occurrencedateswithout providing more thanvery basicpatternmatchingfeatures.
Applicationswhichwantto bothapplyelaboratepatternmatchingoperations,anddetecttheoccurrenceof
temporalpatterns,oncomplex objectsandevents,woulddemandtheintegrationof eventmanagementinto
acommonlyimplementedpatternmatchingalgorithmsuchasRETE.

A coupleof start-upcompanies(Apama[1], SpiritSoft[22]) haverecentlyannouncedinferenceengines
with advancedfeaturesin temporalpatternsrecognition.Unfortunatelytheaccessto thealgorithmsused
by theproductsof thesecompaniesis restrictedby their commercialnature.

3 Example

We startwith an exampleof a rule matchingboth factsandevents. The examplemodelsthe following
situation. A supervisorreceives events from equipmentsthat may be off-line, on-line, or active. The
eventsareof threetypes: alarms,relatedto an equipment;confirmationsof alarms,which meanthat the
reasonthat triggeredthealarmstill holds;andcancellationsof alarms.Thesupervisormaintainsinternal
representationsof themonitoredequipmentsandof theevents,asobjects(e.g. instancesof Java classes).
Theseareprocessedaccordingto rules. Oneof themis given below (anotherwill be given later). It is
expressedin the ILOG JRuleslanguage,a Java-like variantof the OPS5language.The rule monitorsa
sequenceof alarmsoccurringon an active equipment,madeof an initial alarmfollowed within 5 clock
tickswith aconfirmationsignal.

rule AlarmConfirmation {
when {
?e: Equipment(state == ACTIVE);
?a: event Alarm(eqpt == ?e);
?c: event Confirmation(alarm == ?a; ?this after[1,5] ?a);

} then {
assert new ConfirmedAlarm(?a,?c);

}
};

This rule readsasfollows:
� For all factsof theEquipment classwith astate field having theACTIVE value;
� For all eventsof theAlarm classwith aneqpt field matchinganEquipment satisfyingthepre-

viouscondition;
� For all eventsof theConfirmation class,relatedto anAlarm matchedby thesecondcondition,

andoccurringbetween1 and5 clock ticksafter thisalarm;
� Createaninstanceof theConfirmedAlarm classandassertit asanew fact.

2



This exampleintroducessomenew concepts,comparedto constructsof non-temporalrule systems:
event as opposedto fact, event condition versusfact condition, temporalconstraint. It also presentsa
rule matchingtogethertime-stampedevents,andfactswhich have no temporalreference.All this will be
detailedin thenext section.

Comparedto chroniclerecognitionsystems,the rule languageillustratedabove is lessconcisethan
Carle’s CRS,whichusesexpressionscloseto regularexpressionsto describesequencesof events.Also, in
contrastwith Dousson’sCRS,theeventtime-stampsareimplicit1: temporalconstraintsareformulatedasif
theeventsthemselveswerecompared.Thesechoicesaimatkeepingin line with thestyleof therestof the
patternmatchinglanguage.Temporalconstraintsbetweentheeventsarewritten asstandardtestsapplied
to theobjectsmatchedby therule.

Yet this languagegivesthe rule developeranappreciablepower of expression.Partial orderbetween
two events,for instance,canbe expressedsimply by extendingthe rangeof a temporalcondition,as in
?this after[-10,10] ?a. Expressingpartialorderin regularrule systemsis usuallypainful.

4 Incr ementalAlgorithm for Temporal Pattern Matching

4.1 Summary of RETE

A ruleengineimplementingtheRETEalgorithmappliesasetof rulesto asetof facts.A rule is madeof a
collectionof conditions(theexampleruleabovehasthreeconditions)associatedwith asequenceof actions
to beappliedto eachcollectionof factsmatchingtheruleconditions.

Therulesarecompiledinto agraph,commonlyknown astheRETEnetwork. Thenodesof thisnetwork
representthetestsexpressedin therule conditions.Therearethreetypesof nodes,correspondingto three
typesof tests.Classnodesfilter factsaccordingto theirclasses;discriminationnodesretainfactsaccording
to thevaluesof their attributes;join nodescombinefactssatisfyinga givenrelationinto tuples.In figure1
onpage5 classnodesarenot represented;thediscriminationnodesrepresentingthethreeconditionsof the
rule arerespectively left1, right2, andright3; the join2 and join3 nodesarethe join nodesof the last two
conditions.

The rule engineonly considersthe objectsstoredin the working memorywhen looking for factsto
matchtherule conditions.Threeoperationsaredefinedon theworking memory:assertaddsa fact to the
working memory; retract removesa fact from the working memory;andupdateinstructsthe engineto
reconsiderthematchingstateof a fact.

When a fact is assertedinto the engineworking memory, it is submittedto the classnodesof the
network. If thefactsatisfiesthetestsheldby thesenodes,it is storedthereandpassedto thenext level of
nodes.This is repeateduntil eitherthefactfails on a test,or it waitsfor anotherobjectto match,or it exits
thenetwork in a tupleanda rule is fired.

At any time, theRETEnetwork storesthe factsandcombinationsof factsthatmatchasmuchof the
conditionrulesaspossible. Eachoperationon the working memoryincrementallyupdatesthe network
state.

Using the examplerule above, let us assumethat one active Equipment and two Alarm on this
equipmenthave beenasserted.At this point, theRETEnetwork is in thestatedescribedby figure1, with
theexceptionthatnoderight3 is still empty. An instanceof theConfirmation classis createdfor the
secondalarmwithin 5 time unitsandassertedinto theengineworkingmemory:

� It is storedin theclassnodefor theConfirmation class.
� Thenit is passedto theright3 discriminationnode,whichstoresit.

1Althoughthey areaccessibleusingthetimeof primitive.
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� Thenit is passedto the join3 join node,which evaluatesits testson theConfirmation instance
andon thepairsstoredin the left2 node.Thetestssucceedwith thesecondpair, sothenodecreates
a triple from thematchingpairandinstance.

� Theactionsof therulearethenexecutedon this triple.

4.2 Intr oducing Time and Events

In orderfor theengineto supporttemporalreasoning,we equipit with aclock. Theoperationsrequiredon
theengineclockare:a functionreturningthecurrenttime,anda functionincrementingthecurrenttimeby
onetick.2 Whentheclocktimeis actuallyincremented,is left to theapplicationembeddingtheruleengine.
Observe thattheclock needsnotbeconnectedto a real-timeclock.

In theregularRETEalgorithmthefacts,that is, theobjectsstoredin theengineworkingmemory, bear
no temporalinformation. In particular, our extension,in the absenceof events,is strictly equivalent to
classicalRETE.Herewe introducetheconceptof event. An event canbestoredin theworking memory
just like a fact,andtheenginemaintainsa time-stampfor eachevent. In thesimplestcase,thetime-stamp
of aneventis thevalueof theengineclock whentheeventis asserted.

Sincethereis nodifferencein structurebetweena factandanevent,whatmakestheenginedistinguish
betweenthemis theway they areasserted.Thefactsaretheobjectsassertedwith theassert primitive,
whereastheeventsarethe objectsassertedwith theassert-event primitive. Theconditionsin rules
explicitly indicatewhetherthey matchfactsor events.

In orderto specifytemporal constraintsbetweenevents,we usebefore andafter predicates.The��� after[ � , � ] ��� predicateis trueiff � �
	 � ���� ��� ��� , where ��� is thetime-stampof the � � event.
Theboundsmaybeinfinite. Temporalconstraintscanbecombinedtogetherandwith non-temporaltests,
usingdisjunction,conjunction,andnegationoperators.

Of course,temporalconstraintscan only be specifiedbetweenevents. Note that thereis always a
temporalconstraintbetweentwo eventsin a rule. If noneis explicitely specified,it meansthat theevents
canoccurin any order, whichcorrespondsto aconstraintwith two infinite bounds.

4.3 Focuson the Join Node

Thejoin nodesaretheplaceswhereobjectswhich individually satisfytheconditionsof a rulearematched
againsteachother. Whenthey match,they areassembledinto tupleson which theactionsof therulesare
eventuallyexecuted.

In the RETE algorithmthis assemblyis incremental:objectsmatchingthe first two conditionsof a
rule areassembledinto pairs,which in turn areassembledinto tripleswith theobjectsmatchingthethird
condition,andso on. Eachjoin nodehastwo inputsandoneoutput. The inputsarean � -tuple coming
from the join node’s parentleft node, andan objectcomingfrom its parentright node; the output is an� ������� -tupleandis sentto achild node,which in turn is theparentleft nodeof anotherjoin node.

Figure1 representstheleft, right, andjoin nodescorrespondingto theconditionsof therule introduced
in theprevioussection.Let’s illustrateonthisfigurethebehaviour of RETEwhenthesecondalarmandits
confirmationareasserted.

� Whenthesecondalarm(notedAlarm2 in thefigure) is asserted,it is storedin the right2 nodeand
submittedto the join2 node. The join nodematchesthe alarmagainstthe soleelementin its left
node’s storage,thatis,[Equipment1].

� Thematchis successful,soapair[Equipment1,Alarm2] is formedandtransmittedto the left2
node,whichstoresit andsubmitsit to the join3 node.

2We considertimeasa discretesuccessionof ticks.
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[Equipment1,Alarm2,Confirmation2]

Figure1: Focuson thejoin nodesof theRETEnetwork implementingtheexamplerule

� The join3 nodereceivesthenew pairandmatchesit againstall theobjectsin its right node’s storage,
thatis, nonefor thetime being.Thisstopsthepropagationof Alarm2.

� When the confirmationfor the secondalarm (notedConfirmation2 in the figure) is asserted,
it is storedin the right3 nodeandsubmittedto the join3 node. The join nodematchesit against
all thepairsin its left node’s storage.Only thematchwith the[Equipment1,Alarm2] pair is
successful,soa triple is formedandsentdown.

Notethatparentnodesof a join nodestoretuplesandobjects,andthattheseareusedby thejoin node
eachtime a new elementis submitted.In otherwords,theparentnodesstoreall thecandidatesfor future
matchesby thejoin node.

4.4 Extending RETE

Whentime is not involved,eachparentnodestoresall thetuplesor objectsit receives,sothatthejoin node
may matchthemwith new objectsor tuplescomingfrom the otherparentnode. Furthermore,the node
muststorethemuntil they areexplicitly retractedfrom theworking memory, sincea new objectmatching
themmaybeassertedatany time.

On the other hand,when a condition includestemporalconstraints,this gives a limit in time to its
satisfiability. This limit is usedto boundthetimeduringwhichobjectsandtuplesarestoredin parentnodes
of a join node.

For instance,the third conditionof the examplerule includesthe constraint?c after[1,5] ?a,
that is, “the confirmationmustoccurbetween1 and5 ticks after thealarm”. Assumethat thefirst alarm
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occurredat date10: after date15, the conditionwill never matchthis alarmwith any confirmation,be-
causethe temporalconstraintwill never be satisfied.This meansthat the left2 nodeneedsonly storethe
[Equipment1,Alarm1] pairuntil date15,andcanthenreleaseit.

In contrast,the temporalconstraintin join3 indicatesthat confirmationsonly matchwith alarmsthat
occurredbeforehand.This meansthat the right3 nodenever needsto storeConfirmation instances.
Similarly, instancesof theAlarm classneednotbestoredby right2.

In our extensionof theRETEalgorithm,we implementthis by addinga dialogbetweenthejoin node
andits parentnodes:

� Whenanelement(tupleor object)is submittedto a join nodeby aparent(left or right) node,thejoin
nodecomputestheelement’s expiry datewith respectto thetemporalconstraintsit stores.This date
is computedfrom the time-stampsof the eventsborneby the element,andfrom the boundsin the
temporalconstraintsheldby thejoin node.

� If theexpiry dateof theelementhasnot yet beenreached,theparentnodekeepstheelementat least
until this date,sothat thejoin nodemaymatchit againstnew objectsor tuplesbeingthat it maybe
submitted.On thecontrary, if theelementhasexpired,thereis no needfor theparentnodeto store
it. In bothcases,thejoin nodeinformsits parentnodeof whethertheelementshouldbekeptor not.

� In thecasewheretheexpiry dateof theelementis in thefuture, the join nodepostsa requestto be
notifiedat thatdate.Whenit is notified,theparentnodewill no longerneedstoringtheelement.The
join nodetheninformsits parentnode,whichcanthusremove theelementfrom its storage.

Thedialogtakesplaceattwomoments.Firstwhentheparentnodesubmitstheelementto thejoin node,
asananswerfrom thejoin nodeto its parent,telling whethertheparentnodeshouldstoretheelementfor
futurematches.Secondwhentheexpiry dateof theelementfor thejoin nodeis reached,asamessagefrom
thejoin nodeto its parent,telling thattheparentnodecannow stopstoringtheelement.Thejoin nodemust
thusbenotifiedof time changes,or at leastof therelevantones.This canbeimplementedthrougha timer
mechanismmanagedby theengineandbasedon its clock.

Notethat thecomputationof theelementexpiry date,aswell asthedialogbetweenthejoin nodeand
its parentnodes,alwaysoccur. They do not dependon whethertheelementcouldbematchedby thejoin
nodeor not. In ourexample,alarmsandconfirmationsareneverstoredin theright nodes,yet they takepart
to tupleswhenthey matchotherfactsandevents.This is becausethematchingtrialsareperformedondata
previously asserted,whereastheexpiry datecomputationaddressesfutureassertions.

Observe alsothat, in theRETE network resultingfrom thecompilationof the rule set,a left or right
nodecanbetheparentof severaljoin nodes.Thishappenswhensimilarconditionsappearin severalrules.
As a resulttheparentnodeshouldstoreanelementaslongasat leastoneof thejoin nodesrequestsit.

4.5 Matching FactsWith Events

Let usconsideranextensionof ourexamplewith thefollowing rule:

rule AlarmCancelled {
when {
?a: event Alarm();
?c: event Cancellation(alarm == ?a; ?this after[1,4] ?a);

} then {
retract ?a;

}
};

Thefirst conditionof this rule concernstheAlarm classandcontainsno discriminationtests,just like
thesecondconditionof theAlarmConfirmation rule. In theRETEnetwork, thesetwo ruleconditions
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will sharethe right2 node. Whenasserted,alarmswill bestoredin right2, andthenpassedboth to join2
andto a new join node(nameit join4) representingthe testsin thesecondconditionof theAlarmCan-
cellation rule.

Becausethis new join4 nodecontainsthe?c after[1,4] ?a temporalconstraint,thedialogbe-
tweenright2 andjoin4 will concludethat thealarmsshouldbekept for 4 ticks by right2. (Whereasjoin2
doenot requireright2 to keepthealarms.)

Assumenow thatanAlarm3 is occurs(at date30, say)on anequipmentwhich stateis ‘on-line’ and
not ‘active’. Theright2 nodewill keepthealarmuntil date34. Supposethattheequipmentbecomesactive
at date32, it will becomeeligible for a matchwith Alarm3 in the join2 node. Would theAlarmCan-
cellation rulenothave beenin therule set,thismatchwouldnothave occurred.This is notnormal.

What is not normal is that a conditionmay or not match,dependingon the presenceor absenceof
otherrules.The join2 nodeshouldbehave identicallyregardlessof theresultof thedialogbetweenright2
and join4. Namely, it shouldbehave asif Alarm3 hadnot beenkept by right2, andignoreit whenthe
equipmentit submittedfrom left1.

We integratethisbehaviour into ourextensionof RETEby formulatingthefollowing principle:

In a rule matchingfactsandevents,all fact conditionsmustbe satisfiedassoonasthe first
eventconditionhasbeensatisfied,anduntil thelastonehasbeensatisfied.

Thisprincipleis sufficient to solveourproblemasexplainedbelow. Considerarulewith factconditions
andeventconditions.

� Whenan event satisfiesthe first event condition,it is submittedby the discriminationnodeof this
conditionto thechild join node,to bematchedagainstthetuplesin theparentleft node.

� Sincethis is thefirst eventcondition,thetuplesin theleft nodeonly containfacts.Thesearethefacts
thatsatisfied(andstill satisfy)thefactconditionsprecedingtheeventconditionin therule.

� For successfulmatches,augmentedtuplesarepasseddown to the join noderepresentingthe next
condition.Eventconditionswill simplyaddmatchingeventsto thetuples.

� Whenthenext factconditionis reached,thetuplecontainingeventsismatchedagainstthefactsstored
in theparentright node.Thesefactssatisfied(andstill satisfy)thenewly reachedfactcondition.

� Becauseit is a fact condition, the dialog betweenthe join noderepresentingthe conditionandits
parentleft nodewill concludethatthetuplesneednotbekeptby theleft node.

� Thepropagationcontinuesuntil eitherall theconditionshave beensatisfiedandtherule is triggered,
or no matchsucceedsin a join node. Along the propagationpath,the tuplescontainingeventsare
only storedin nodeswhichareparentnodesof join nodesrepresentingeventconditions.Parentnodes
of join nodesrepresentingfactconditionsdo not storetuplescontainingevents.

� In the casewherea nodeis, like right2, the parentof several join nodes,someof which represent
eventconditionsandotherrepresentfactconditions,it is thejob of thosejoin nodesrepresentingfact
conditionsto ignoretheobjectsstoredin its parentnodewhenanew factsatisfiesthefactcondition.

Theprincipleexposedabove statesin which time spacefactsare“visible” to events.For eachevent it
dividestheworld of factsinto their statesbeforetheeventwasasserted,andtheir statesaftertheeventwas
asserted.(Thestateof a factcanbedefinedasthecollectionof thevaluesof its attributes.)Only thefacts
in their statesbeforeaneventwasassertedareconsideredfor matcheswith theevent.

Thesecondpartof theprinciple(“until thelastonehasbeensatisfied”)addressedsymmetricalissues,
for examplethecasewheretheequipmentstatewouldchangefrom ‘active’ to ‘on-line’ betweentheoccur-
rencesof analarmandof its confirmation.
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5 Benefits

5.1 Non-monotonism

It is usuallydifficult to write a rule that recognizesa changein thevalueof anattribute of a fact. Indeed
sucha rule would typically includetwo conditionsdescribingthe initial andfinal valuesof the attribute,
but theseconditionscan not be matchedsimultaneously. A commonsolution is to introducea control
objectwhich statesthat the initial valuehasbeenreached,andto write a rule on this objectandthefinal
value.Suchasolutionartificially addsintermediaryobjectsandincreasesthenumberof rules,leadingto a
programwhich is harderto write, understand,andmaintain.

Instead,we canleveragetheeventconceptto expressthata facthasreacheda givenstate,or changed
its statefrom someinitial to somefinal value. This canbedoneeitherby introducingstatechangeevent
classesin theapplicationmodel,or by augmentingtherule languagewith dedicatedconstructswhich will
synthesizetheevents.Onceusingevents,theruleprogrammercanevenusetemporalconstraintsto express
additionalconditionson thestatechanges.

As anexample,considerthefollowing rule. It will betriggeredwhenanalarmoccursonanequipment
within two ticks aftertheequipmentbecameactive.

rule AlarmOnActivation {
when {
?act: event change ?e: Equipment(state == ONLINE) to (state == ACTIVE);
event Alarm(eqpt == ?e; ?this after[0,2] ?act);

} then {
modify ?e { state = OFFLINE; }

}
};

Thisruleusesthe“event change ... to” constructwhichrecognizesaninitial andafinal state
ona fact,andgeneratesaneventwhenthestatechangeoccurs.Temporalconstraintscanthenbeexpressed
betweenthisandotherevents.

This illustrateshow integrating event managementin the rule engineallows to directly addressthe
expressionof non-monotonismin therules.

5.2 GarbageCollection of Events

Anotherbenefitof integratingeventmanagementin therule engineis themanagementof eventretraction.
In anapplicationwhich monitorsa flow of events,thefactsin theworking memoryarecommonlyusedto
describethecurrentstateof themonitoringsystem,andeventsareassertedasthey occurto beprocessed
accordingto the rules. Factsremainin theworking memoryuntil theapplicationdecidesto retractthem,
basedon its modelof themonitoringsystem.Eventsneedto remainin theworkingmemoryaslongasthey
participateto theprocessinglogic, but shouldbe retractedassoonaspossibleoncethey no longerplay a
role, in ordernot to affect performance.

The handlingof event retractionby the applicationrequiresthe programmerto take into accountall
therulesandthetemporalconstraintsthey include. It canbeimplementedusingadditionalrulesor in the
applicationproceduralcode.In all casesthispartof theprogramis very fragile,anddifficult to test,debug
andmaintain.

Wheneventmanagementin integratedin theruleengine,thistaskcanbeperformedby theengineitself.
Theexpiry dateof eachevent is computedat the join nodelevel, asexplainedin section4.4, eachtime a
temporalconstraintinvolvestheevent. Theenginecanthusdetectwhenaneventhasexpired throughout
theRETEnetwork, andthenretractit from theworkingmemory.
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This automaticretractionmechanismmimics the work of garbagecollectorsin regular programming
languages.Here it appliesto eventsin the engineworking memory, to be comparedwith objectsin the
programheap.

6 Conclusion

In this paperwe presentedan extensionof the RETE algorithmto integrateevent managementin a rule
engine. This extensionusesthe conceptsof event, andof temporalconstraintbetweenevents. It allows
rule-basedprogramsto recognizepatternsinvolving time-independentfactsandtime-stampedevents.The
expressionpoweravailableto ruleprogrammersis augmented,thanksto amoreintegratedhandlingof non-
monotonismandto theautomaticretractionof obsoleteevents. More generally, the rule-basedprograms
becomeeasierto write, debug,understand,andmaintain.

The work describedin this paperhasbeenimplementedin the ILOG JRules product. This prod-
uct includesa rulesenginewhoseimplementationis basedon the RETE algorithm,aswell asadvanced
rule programmingtools,suchasbusinessrule languages,a debugger, andanextensiblerule management
environment.

Futurework directionscouldbetwofold. Thealgorithmpresentedhereis in essenceincremental.Other
work onchroniclerecognitionusetechniquessuchasdomainpropagationto leveragepropertiesat therule
or at therulesetlevel, andit couldbeinterestingto integratethesetechniquescrosswiseto theincremental
approach.Also, theacquisitionof expertiseis a commonproblemin A.I. systems,andimportantpiecesof
work [2, 15, 17, 5] exist on thesubjectof extractingandlearningtemporalpatternsfrom setsof datasuch
asalarmlogs,whichoftenexist in monitoringapplications.
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