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Abstract

In the coming eraof segment-of-onemarketing, decisionsaboutbusinessransac-
tionswill be quite intricate, so that customerntreatmentsan be highly individual-
ized, reflectingcustomerpreferencestargetedbusinessobjectives, etc. This paper
describesa paradigmcalled“decisionflows” for specifyinga form of incremental
decision-makinghat can combinea myriad of diversebusinessfactorsandbe ex-
ecutedin nearrealtime. Startingwith initial input, a decisionflow will iteratively
gatherand derive additionalinformation until a conclusionis reached. Decision
flows canbe specifiedin a rules-basednannerthatgeneralizeso-called‘business
rules” but provides more structurethan traditional expert systems.In mary cases
businesgmanagersvill beableto understan@ndevenmodify decisionflows.

We alsointroducean executionmodelthatsupportseagerandparallelexecution
(a.k.a.speculatie execution)of decisionflow tasks.This paperdevelopsalgorithms
thatcanhelpminimizerespons¢ime and/orworkload. Thealgorithmsdetectatrun-
time threekey propertiesof tasks: eligible for eagerevaluation,evenif the output
may not be usedin the final output; unneededi.e., the taskis not neededor com-
pleting the decisionflow instance;and necessaryi.e., the taskis definitely needed
for completingthe decisionflow instance.

1 Intr oduction

A variety of technologieswill be neededo supportthe explosive growth of elec-
troniccommerceResearclthallengesncludethe developmeniof new framewnorks,
infrastructuresand protocolsthat (a) supportcommunicatiorbetweene-commerce
players,and(b) permitindividual playersto maximizetheir effectivenessvhenus-
ing e-commerce.The currentpaperfocuseson the secondarea. Specifically the
paperdescribesa paradigmcalled“decisionflows” for specifyingbusinesgolicies
andexecutingthemin nearrealtime. Decisionflows supporta form of incremental
decision-makingthatcaneasilyincorporatea myriadof businesgactorsandspecify
therelative weightsthey shouldbe given. Decisionflows supporta rule-basedtyle
of specifyingdecisionpolicies;they aremoreexpressive thandecisiontreesandtra-
ditional businessule systemsbut canneverthelesdeunderstoodndevenmodified
by businessand marketing managersAs such,decisionflows areideal for making
mary differentkinds of decisionsduring e-commercdransactions.This paperde-
scribesandillustratesdecisionflows, andintroducesalgorithmsfor minimizing the
responsdime andwork load of decisionflow execution.

A decisionflow consistsof afamily of attributeswhich maybe evaluatedduring
execution. Someof the attributeswill be“target” andembodythe outputof a deci-
sionflow, e.g.,what priority of serviceto give this customey or what promotional
imageto displayon the next web page. Otherattributescorrespondo intermediate
resultsof the decisionflow. For example,a “promo hit list” attribute might hold
a listing of potentialpromo messageto display alongwith scorescombiningthe
likelihoodthata customemwill buy the promoandthe potentialprofit thatmight be
derived. Someintermediateattributesmight gatherdatafrom externalsourcessuch
asdatabasesSinceattribute evaluationcanhave a real cost,enablingconditionsare
usedto decidewhich attributesshouldbe evaluated.The setof dataflow andcontrol
flow dependencies a decisionflow mustform an agyclic graph. The “attribute-
centric” perspectre of decisionflows permitsa systematiapproactfor specifying
whatfactorsshouldbeincorporatedasa decisionis beingmade.

In the decisionflow modela variety of mechanismsre provided for specify-
ing how attributesshouldbe evaluated. This includesuserdefinedfunctionsand
databasealips. Importantly attribute evaluationcan be specifiedusing simple-to-
understananechanismsgor synthesizingandaggreyatinginformation. For example,
asimpletablelook-upcanbeused,e.g. to decidebetweergiving a customer nor-
mal marketing treatment,or a specialcollectionstreatment. A setof rulescanbe
specified.eachof which potentially contritutesa valuefor the attribute, alongwith
a “combining policy”, which describeow the contributedvaluesshouldbe com-
bined. As a simpleexample,eachrule might contribute a possibleintegervaluefor
the businesgriority of a customercontact,andthe valuescontributedby ruleswith
true conditionmight be combinedusing aggreyatefunctions,suchas maximumor
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average.

Decision flows are especiallyuseful in customercare applications(e.g., e-
commercecall centersjnsuranceclaims processing).Increasingly theseapplica-
tions call for “segment-of-onamarketing”, i.e., providing very individualizedtreat-
mentto differentcustomer$9]. Suchtreatmentgancaterto theindividualtastesand
preferencesf customersandcansupporttargetedmarketinginitiativesandpromo-
tionsby thehostenterpriseThis individualizedtreatmenis importantin connection
with establishingand maintaininga loyal customerbase,a cornerstondo success
in businessn generalande-commerceén particular[11]. A myriad of factorsmay
beinvolvedin differentiatingbetweencustomersincludingtheir statuswith the en-
terprise(e.g., greencard, gold card), current“cases”they areinvolved with (e.g.,
home-mortgageapplication,applicationfor insurance)the history of recentinterac-
tions with the enterpriseandtheir potentialvalueto the enterprise.In mary cases,
thedatais widely distributedacrossanenterpriseandmultiple databaseueriesare
neededo processachcustomercontact. Sincecurrente-commercend customer
careapplicationanustsupportthousand®r evenmillions of contactgperday, there
is a tremendouseedfor optimizationof this kind of decisionmaking,in termsof
boththroughputandresponsgime.

Decisionflows werefirst introducedin [4] aspartof aworkflow modelthatper
mits the specificationof workflow schemassupportinghighly differentiatedtreat-
ments. The currentpaperfocusesdirectly on decisionflows andtheir applicability
in e-commerceapplications. The paperalsointroducesalgorithmsfor optimizing
the executionof decisionflows. Experimentaperformancenalysishasverifiedthe
benefitsof someof thesealgorithms.

The executionalgorithmspresentedn this paperfocuson minimizing response
time andwork load, by using paralleland eager(a.k.a.speculatie) processingof
decisionflow tasks. Similar techniquesave beenappliedin variousareassuchas
pipelinedexecutionof machinelevel instructionsin thefield of computerarchitec-
ture[8]. We develop herealgorithmsfor detectingat runtimethreekey properties
of tasks:eligible for eagerevaluation,evenif the outputmay not be usedin the fi-
nal output; unneededi.e., the taskis not neededor completingthe decisionflow
instance;and necessatryi.e., the taskis definitely neededor completingthe deci-
sionflow instance.Unlike the notion of eligible typical of mary parallelprocessing
paradigmsthenotionheretakesinto accounthe semantic®f thedecisionflow, and
in particular the enablingconditionson tasks. The notionsof unneede@&ndneces-
sary permittwo importantoptimizations by permittingthe taskscheduletto delete
unneededasksfrom considerationandto promotenecessaryasksto the front of
thequeue. Theframewnork establishedn this paperprovidesthe basisfor a future
studyof a broadvariety of heuristicoptimizations.

A prototypedecisionflow enginehasbeenimplementedthat incorporateshe
algorithmsfor detectingeligible andunneededasks. Experimentsverify thatiden-

tifying the unneededaskscan dramaticallyreduceboth responsdime and work
performed. We plan future experimentsconcerningthe usefulnesof determining
necessaryasks.

Organization. §2 presentsexamplesof decisionflows, and definesthe decision
flow model. §3 describesan architecturefor a decisionflow engine. §4 presents
algorithmsfor identifying eligible andunneededasks,and§5 presentshealgorithm
for identifying necessaryasks.§6 discusseshe advantage®f thesealgorithmsand
describegperformanceresultsconcerningthe unneededalgorithm. §7 offers brief
conclusionsDueto spacdimitationsthe presentatiorereis ratherterse.For more
detailthereademayreferto [5].

Related Work. Decisionflows canbe usedto supportnearrealtimedecisionmak-
ing, andarericherthandecisiontreesandtraditionalbusinessulesframeawvorks. A
problemwith someexpertsystemsresultingfrom the possibility of arbitrarylength
chaining,is a “ripple” effect whenindividual rulesare modified. Becauseadecision
flows provide more structurethan expert systemsthis ripple effect is substantially
reduced.

Decisionflows arecomplimentaryto decisionsupportanddatamining systems.
Thosesystemgrovidetoolsto analyzdargevolumesof datathatchronicleprevious
businessransactionsto help develop appropriatepolicies for future transactions.
Decisionflows canbeusedo implementhosepoliciesduringexecutionof thefuture
transactions.

Workflow systemssuchas Flowmark [7], Meteor [6], and others[12] specify
work actiities (for humanagentsr computersusinggraphswvhosenodesaretasks
andedgescorrespondingo enablingconditions.Althoughdecisionflows cansene
asthebasisfor aworkflow model(se€[4]), thecurrentpaperfocusesprimarily onthe
applicationof decisiorflows for nearrealtimeautomatedecision-makingwhereno
humanagentsareinvolved. Many currentworkflow andrelatedsystemge.g,[7, 6, 2,
12] cansupportsuchdecisionflows aspartof alargerworkflow. Alternatively, such
workflow systemsmight usea decisionflow engineas an adjunctthat is invoked
whene&era complex decisionmustbe made.

The useof enablingconditionsin decisionflows is reminiscentof their usein
the ThinkSheetmodel[10]. Two differenceshetweenthe modelsis that decision
flows canbe executedin a fully automatednode,anddecisionflows give different
handlingfor side-efectandnon-side-efecttasks.

To the bestof our knowledgetherehasbeenno work on optimizing workflow
executionsby varying the schedulingof tasksor by using speculatie evaluation.
Suchoptimizationis possiblewith decisionflows, becausef their agyclic form and
the use of speculatie evaluationof non-side-efect tasks. Coordinatingaccesses
to multiple databasewasstudiedin Carnot[1, 13], but the focusis on scheduling
policiesin the executionmodelthatensuresonsisteng ratherthanoptimization.



2 An Abstract Model of Data-intensive Decision
Flows

Thissectionpresentseveralexampleghatillustratedecisionflows andtheirpossible
applications. The sectionalso presentsa formal definition of decisionflows, that
is usedto describethe executionmodel and optimizationalgorithmsdevelopedin
subsequensections. This modelis a subpartof the Vortex model [4], which was
developedas a completelanguagefor specifyingworkflows involving substantial
decision-makingctiities.

We begin with anillustration of decisionflows in moderatedetail, and briefly
describeadditionaldecisionflows.

Decisionflow for selectingpromoswhengeneratingweb pages. Figurel(a) shovs
partof a (simplified) decisionflow thatcouldbe usedto respondo customersnter-
actingwith the web-basedtorefront of a hypotheticalclothing catalogsalescom-
pary. Thedecisionflow focuseson selectingtemsthatcanbe promoted andmight
be executedeachtime a pageis generatedor a customerAnotherdecisionflow that
might be usedfor eachpagewith a custometis decidingthe level of serviceto pro-
vide (e.qg.,give fasterserviceby moving theinteractionto alessloadedweb sener).
Otherdecisionflows might be usedwhena customeffirst visits the store-front(e.g.,
to determinewhetherto give normaltreatmenbr a collectionstreatment).

In Figure 1(a), eachdatabasend (solid boundary)rectanglecorrespondgo a
taskwhich might be performedfor a givendecisionflow instance Eachtaskhasthe
effect of producinga valuefor oneor moreattributeswhosevaluesmay be usedby
othertasksof theinstance(“intermediate”attributes)or returnedasan outputvalue
of the instance(“target” attributes). The dashedrectanglegexceptfor the far left
one)indicategroupingsof tasksinto modules this helpssupportscalabilityin the
specificatiorof decisionflows.

The input attributesfor this decisionflow include the profile of the customer
the currentvalue of the shoppingcart, informationaboutpromosthat the business
is especiallyinterestedn moving, andinformationaboutthe web sessiornwith the
customersofar. Basedon differentenablingconditions(shovn asdiamondnodes)
differentcategoriesof promotionswill be consideredy the decisionflow. For ex-
ample,if thereis alreadyoneboy’s item in the shoppingcart, or if thereis a child’s
item in the shoppingcart andthe customethasboughtsomethingfor a boy in the
pasttwo years,thena promofor a boy’s coatis considered.This involvesdoing a
databaselip to getinformationaboutthe climateat the customehome,deriving a
“hit list” of coatsthat might be appropriateto the customer checkingwith inven-
tory for coatsin the appropriatesize,andthencreatinga listing of possiblecoatsto
promo,alongwith info on the price, potentialprofit and degreeof confidencethat
thepromomatchesustomeltinterest.
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The decisionmodulewill estimatethe customerexpendablencome (basedon
customerprofile, shoppingcart, and perhapsother factors),and createa listing of
promosobtainedsofar. Basedonthebusinesyalueof thepromosandthelik elihood
of their successa decisionis thenmadeaboutwhetherto give promosor not.

Finally, if apromowill be given,the presentatiomoduleidentifiesimagesand
text that canbe usedto displaythe promo(s),andassembleshesefor inclusionin
thegeneratedvebpage.

Attributesandtasks. A decisionflow modelis attribute-centric the mainobjective
of theexecutionis to determinghevaluesof certainattributes,basecn othergiven
or derivedattributevalues.Decisionanadeby a decisionflow arerepresentedh the
attribute values.

Attributesare computedn decisionflows by two kinds of tasks. Foreign tasks
areexternalto the decisionflow executionengine(e.g.,databasguerieswebsener
routines,questiongo a human).Thesecanproduceoneor moreattribute value;for
brevity herewe assumehat eachproducesa single attribute. Synthesigaskspro-
ducesa single attribute value, using a framework for aggreyatingand synthesized
informationbasedon combiningpolicies. Although not a primary focusof the cur-
rentpaperwe illustratebriefly illustratethis framework now.

Theframawork for specifyingsynthesigasksis motivatedlargely by two factors:
(a) thereare mary differentwaysto combinebusinessfactors,and (b) “business
rules” provide a familiar and corvenientmechanisnfor specifyingpolicies. One
way to specifya synthesigaskis to specifya setof rulesalongwith a combining
policy. As avery simpleexample,anattribute businesspriority might be computed
by specifyingrules,eachof which contritutesa valuebetweenl and10. Example
rulesare: “if the customeris greencard,thenbusinesspriority < 4”, and*if the
customerbought> $100in the lastmonth,thenbusinesspriority « 9”. A simple
combiningpolicy would beto take the maximumvaluecontributedby any rule with
true condition. Another combining policy would be to take the averageof such
contrikutions. As a secondexample,supposéehata decisionmustbe madebetween
asmallsetof alternatves,e.g.,to chooseheagentskill neededo answemrparticular
phonecall (e.g.,salesservice,collections,high-tier). A setof rulescanbe written,
eachcontributing a (value,weight)pair, e.g.,(high-tier, 20). The combiningpolicy
couldgroupthe contributedpairsaccordingo value,addup the contritutedweights,
andchooseheskill with greatestveight.

Non-rules-basegaradigmsarealsosupported For example whendevelopinga
hit-list of promos,one could usea “weighted dot product” approach.Specifically
in the customerprofile one might have dataon the customey storedin the form of
a vectorof (attribute, confidencdevel) pairs. For example,Joemight be described
using[ < “haschildren”,70%>, < "not fashionconscious”80% >, ...]. Eachitem
to beconsiderednighthave avectorindicatingtheimportanceof differentattributes,

e.g.,for aheavy-dutyraincoathevectormightbe[ < “not fashionconscious”90 >,

< “lik esyellow”, 40 >, ...]. A scorefor eachpromorelative to Joecanbe obtained
by doing a dot product(or join) operationon Joes vector with the vector of the
promo.

Data flow and enabling flow: The decisionflow modelpresentedo usersis mod-
ular, to supportscalabilityandlevels of abstraction Basically a moduleconsistsof
a setof tasksand submodulesall of which computevaluesof attributes,the mod-
ule then specifiesenablingconditionsfor thesetasksand submodules.In turn the
modulecanbe usedin specifyinga higherlevel model.

Definition 2.1 A (decisionflow modulg is a 4-tuple (Att, Cond, Source, Target)
where

1. Attisasetof attributes For eachnon-sourcettribute A thereis ataskor module
which computeghevalueof A.

2. Source and Target aredisjoint subsetf Att, correspondingo the source and
targetattributes respectiely. Thetargetattributesareusedoutsideof the current
decisionflow. In anexecutionof the decisionflow, a valueshouldbe produced
for eachtargetattributethatis enabledseebelow).

3. Cond = {Cy, | m is ataskor modulecomputinga non-sourcettribute } is the
setof enablingconditions,onefor taskor moduleused.

The flow of dataandenablingin a decisionflow is largely implicit. Figure1(b)
shavsthedataflow (usingdashedarrows) andtheenablingflow (usingsolid arrows)
for the exampledecisionflow. A dataflow edgeis includedfrom task/moduleA to
task/moduleB if anattribute specifiedby A is usedasinputfor B. For example the
outputof promahit_list is usedasinput for identifying imagesthatshow the promo
items.A enablingflow edgeis includedfrom task A to task B if anattributespecified
by A is usedin the enablingconditionfor B. For example,customerexpendable
incomeis usedin determininggive_promo(s).

A modulecanberepresentedy its correspondinglependencgraphthathigh-
lights theenablinganddatadependencielsetweerattributes.Nodesof thegraphare
Att. The dependeng graphcontainstwo kind of edges:Data flow edgesof form
(A, B) wherethevalueof attribute A is usedin the modulefor B andEnablingflow
edgedform (A, B) whereattribute A is referredto in the enablingconditionCp for
B. Figurel(b) shawvs a variantof a Dependeng Graph,whereenablingconditions
arealsoshovn asnodesandwhereflow modulesarepresent.

A decisionflow moduleS is well-formedif thedependenggraphof S is agyclic.
The agyclicity conditionimplies that attribute assignments monotonic if an at-
tribute valueis assignedthenit will never be overwritten. This is becauseluring
executionof adecisionflow eachmodulewill be executedat mostonce.



Target and side-efectattributes. Intuitively, a targetattribute is onethatmustbe
stablein orderfor executionof adecisionflow instanceto successfullycomplete.ln
the examplethe only targetmoduleis the onefor imageandtext assemblyshavn
in gray). If this moduleis enabledthenexecutionwill not completeuntil avalueis
obtained If themodulebecomeglisabledthenexecutioncanhaltimmediately

A side-efectattributeis onewhoseevaluationhasa significantside-efect, such
asperforminga fundstransferissuinga confirmation,or incurringa substantiatost
(e.g.,if a queryagainstan external databasdnasan associated¢hage.) In the ex-
ample thedatabasgueryconcerningcoatinventoryis a side-efectattribute (shovn
with bold outline). This might be becausehe inventorydatabasés heavily loaded,
or becauséghe databasavill be updatedo indicatethatoneor morecoatshasbeen
“resened” for this customerin casethey decideto purchasea coatthat was pro-
moted. The determinatiorof side-efect vs. non-side-eflect queriesdependon the
application.

During executionnon-side-€iectattributesmight be evaluatedspeculatiely, be-
fore their enablingconditionis known to be true. This is prohibitedfor side-efect
attributes.

Execution of decisionflows. Beforepresentinghe declaratve semanticgor deci-
sionflows we describeintuitively how they canbeimplemented During execution,
anattribute becomestableif its enablingconditionbecomedrue andthetaskspec-
ifying the attribute hasexecutedandreturneda value, or if its enablingcondition
becomedalse,in which the attribute is assignedhe value L, i.e., null value. (In
a generalizatiorof this model[4] we could distinguishexceptionvaluesfrom other
valuesto explicitly modelsituationswherea moduleis launchedout unsuccessful.)
A modulecanbe executedafterall of its input attributeshave becomestable.
Importantly tasksin a decisionflow mustbe capableof executingoncetheir
input attributesare stable,evenif someof themhave value L. This requiremenis
appropriatein mary e-commerceapplicationswherea decisionmustbe madeon
the basisof incompleteinformation. For example,evenif the inventorydatabasés
unavailable,a decisionmustbe madeaboutwhetherto includea promoor not.

Declarative semanticsof decisionflows. In the abstract,during executionan
attribute will have one of four states: UNINITIALIZED, ENABLED, VALUE or
DISABLED. (Additional statesare possibleanddescribedvhenspecificexecution
detailsare involved; see§3 belon.) Sourceattributesstartwith stateVALUE. An
attribute will becomeENABLED if its enablingconditionbecomegrue, andit will
becomeDISABLED if its enablingconditionbecomedalse.lf ENABLED, anattribute
will takeavalueandwill thenreachtheVVALUE state.If DISABLED, theattributewill
take thenull value L.

The semanticof decisionflows is declaratve, and definedusingthe notion of
“completesnapshot”.

Definition 2.2 A completesnapshots a pairs = (o, i), where

(a) thestatefunctiono mapseachnon-sourcettributeinto {VALUE, DISABLED},

(b) the value function . mapseachnon-sourceattribute A with stateVALUE into
the valuereturnedby the moduleproducingA (usingthe valuesgivenby u for
attributesoccurringin themodule)andmapseachnon-sourcettribute with state
DISABLED into thenull value L, and

(c) non-sourcattributesA is in stateVALUE if theenablingconditionC 4 evaluates
to true (using the valuesgiven for attributesoccurringin C4), andis in state
DISABLED otherwise.

The agyclicity assumptiorguaranteeshat thereis a uniquecompletesnapshot
for givensourceattribute values.An executionof a decisionflow instances correct
if it producesstatesandvaluesfor the setof targetattributes,andis compatiblewith
the uniquecompletesnapshot(The statesandvaluesproducedor not producedor
otherattributesareviewedasirrelevant.)

In this papewe we assumehatfor eachgiveninstanceof the decisionflow, the
dataneededby the databaseueriesto computethe attribute valuesremainsfixed
during the processingf this decisionflow instance. We view this assumptioras
reasonabldor the kinds of decisionflows thatarisingin e-commercethat execute
automaticallyin nearrealtime. This assumptiorpermitsflexibility in thetiming of
launchingqueriesandthe useof speculatie execution.

Snapshotsand reporting. A crucial aspecbf arny productionsystemusedin busi-
nessis the ability to understandhow well it is achievzing the objectivesof the enter
prise. The snapshotonstructof decisionflows providesa naturalmechanismnfor
reportingon how decisionsaremade.To illustrate, supposdéhatoneis interestedo
seehow well the exampledecisionflow is functioning. A (possiblynestedyelation
canbe created whereeachrow correspondgo a single executionof the decision
flow. Eachrow will be constructedrom the snapshobf the execution,for example,
holding selectednput attributes(e.g., customermprofile, shoppingcart,...),selected
internalattributes(e.g.,promohit list, give_promos?,...)andthe targetattributes(in
this case perhapghelist of promoitemspresentedo the user). Therow mightalso
include “outcome” attributes, suchas whetherthe customerpurchasedary of the
promoteditems. (In somecaseghe outcomeattributesmight be availableimmedi-
ately; in othercaseghesemight becomeavailable after somedaysor monthshave
passed.We shallcall this relationa snapshotistory.

A snapshohistorycanbeusedin avariety of ways. Manualandautomatediata
mining techniqguexanbe usedto find patternsandrelationships Thesecanbe used
in turn to determinethatthe specificationof somesynthesigaskscanbe improved,
andthat other synthesigaskshave little impact (and canbe eliminated). In some
casesthe snapshohistory couldbeusedto supporta feedbackoop, thatrefinesthe
decisionflow on adaily basis.



Additional applicationsof decisionflow technology Decisionflows canbe used
to supportnearrealtimedecision-makingn a variety of e-commercepplications;
we mentionsomeadditionalexampleshere. The first exampleconcernsdynamic
pricing. For example,in the airlinesindustrypricing is now dependenbn a variety
of factors,including time until the flight and seatavailability. Over time, customer
relationshipandotherfactorswill comeinto thedecision.Decisionflows canprovide
ausefulmechanisnior specifyinghow thedecisionsshouldbe made,

Increasinglye-commercewill be conductedoy machinesywith little humanin-
tervention. For example,to renta caror buy a book,a consumewill own software
that canautomaticallyinteractwith vendors softwareto checkon availability and
pricing, negotiateaboutdifferent options,and potentially commit to a transaction.
Decisionflows areusefulto bothvendorandconsumein this context; we focuson
the consumetere. How will the consumergive her preferenceso the software?
Using currenttechnologyit will be easyfor the consumeto indicateboundingpa-
rametergor deals(e.g.,maximumprice sheis willing to pay). If decisionflows are
usedinsidethe software,thenthe consumercanspecifymoredetailedaspect®f her
preferences.g.,theweightsshegivesto differentaspect®f a possibleoptions,and
intermediateattributesthatcanbe usedtowardsa final decision.Overtime, thecon-
sumercould easilyincorporatemodify the weightingfunctions,andintroducenewn
datasourcesndintermediateattributes.

3 An Execution Model for Parallel Processingof De-
cision Flows

In this sectionwe presenthe Vortex executionmodel. The key featureof the Vortex
executionmodelis its flexible schedulingof parallelexecutionsof the tasksin the
decisionflow. With this model, we canincorporatemary optimization stratgies
to reduceresponsdime and/orwork performed. Thesestratgiesinclude parallel
schedulingspeculatie executionandpropagatiorof information. In this sectionwe
alsointroducethreespecificoptimizationstrategiesusefulin the model.

3.1 Decisionflow executionschemas

Although the decisionflow model presentedo usersis modular at the execution
level the flow modulesare “flattened”; this permitsmore freedomwith regardsto
the order of task execution,and especiallyspeculatie execution. To flattena flow
module M, we combine(with the “and” connectve) the enablingconditionfor M
with the enablingcondition of eachtaskand submodulewithin M. For example,
for implementationthe enablingcondition for the boy’s coat promo module will

be “anded” into eachof the enablingconditionsfor the four tasksinside. In the
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Figure2: Dataandcontrolflow in the executionschema

technicaldiscussionbelon we focus on decisionflows whoseflow moduleshave
beenflattened.

Theflow of dataandenablingin theflatteneddecisionflow is thenobtainedrom
the tasksand enablingconditionsin the sameway asin for the modularversion.
Figure 2 shows the dataand enablingflow for the flattenedversionof the decision
flow of Figurel(a).

To provide groundingfor thediscussiorof algorithms we giveaformaldefinition
of adecisionflow executionschema:

Definition 3.1 A  decision flow
(Att, Cond, Source, Target) where

(execution) schema is a 4-tuple

1. Att is asetof attributes For eachnon-sourceattribute A thereis a foreign or
synthesigaskwhich computeghevalueof A.

2. Source and Target aredisjoint subsetf Att, correspondingo the source and
target attributes,respectiely. The targetattributesare usedoutsideof the deci-
sionflow. In anexecutionof the decisionflow, a value shouldbe producedor
eachtargetattributethatis enabled'seebelow).

3. Cond = {C4 | A isanon-sourceattribute } is the setof enablingconditions,
onefor eachnon-sourceattribute.
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3.2 Parallel executionmodel

Beforedescribingthe executionmodel,we first give a brief descriptionof the archi-
tectureof the decisionflow executionengine(seeFigure 3). Thethreeroundboxes
representiatarepositories.One containsdecisionflow executionschemas andan-
othercontainsruntimeinstancesf thedecisionflows. Whenereranew caseg.g.a
new setof promosfor aweb pageneedso be generatedor a new insuranceclaim,

comesin, anew instanceof the decisionflow is created We explain the third round
box later Therectanglesepresensoftwaremodules.More specifically the execu-
tion engineworks on the decisionflow instancedo executethe tasksin thedecision
flow andpropagatehe effectsof the executionauntil thegoalis reached Theengine
worksin amulti-threadfashion sothatparallelprocessingf multiple decisionflow

instancesand multiple taskswithin oneinstanceis possible. To executethe tasks,
the engineconsultsthe task schedulerthat dynamicallychoosene or moretasks
from a pool of candidatetasks,i.e., the roundbox candidatetaskspool. The can-
didatepool is maintainecby the prequalifier. The mainfocusof this paperis about
novel optimizationstratgiesdevelopedfor the prequalifier

To simplify the exposition,we assumedor the remainderof the paperthateach
decisionflow taskinvolvesthe evaluationof a singleattribute. It is straightforvard
to generalizeéhealgorithmsdescribedereto applyto contexts wheretasksproduce
more than one attribute value. Our assumptiormeansthat we canidentify each
taskt by the attribute that A; thatit produces.Further we interchangeablyeferto
executionof ataskt or evaluationof the correspondingttribute A;.

We now give asketchof theexecutionalgorithm, which summarizeghethreeim-
portantphase®f executingdecisionflows. This algorithmis basedn ageneralized
notion of snapshotwhich is describedshortly The executionprogramis invoked
eachtime a new decisionflow instanceis initiated, and eachtime new valuesof
attributesare obtainedfor a runningdecisionflow instance.We describenow one

READY+
ENABLED

READY+
ENABLED

DISABLED DISABLED

ENABLED

READY

(a) Non-side-effect fsa (b) Side-effect fsa

Figure4: Finite stateautomatdor statesof attributes

stepof thealgorithm. Assumingthata decisionflow instancehasalreadybeeniniti-
ated thealgorithmperformsthefollowing stepswhenanew attributevaluebecomes
available.

(1) Eval uati on phase:

(a) Constructanew snapshothatincorporateshe new attribute value(s).
(b) If aterminalsnapshofi.e., all thetargetattributesarestable)is reachedthen
exit.

(2) Prequalifyingphase(prequalifien: Identify a setof candidateattributesin the
decisionflow thatarereadyto be evaluated.

(3) Schedulingphase(schedule): Selectoneor moreattributesout of the candidate
attribute setbasedn schedulingheuristicsandsendtheir correspondingasksto
theexternalDB sener(s).

The executionalgorithm constructsa seriesof snapshotseachone incorporating
newly acquiredinformationobtainedthroughthe evaluationof attributes. We now
describethe extendedform of snapshotsised.As in §2, the extendedsnapshotsvill
be orderedpairsof form (o, u). However, the setof possiblestatesfor attributesis
expandedasindicatedin Figure4. Part (a) of thatfigure shavs the non-side-efect
fsa, which is usedfor non-side-efect attributes. Before describingthesefsa’s, we
stresghatthesesene a differentpurposehanthe statediagramgoundin the Carnot
[1] andMeteor[6] workflow models.In thosemodels,the taskstatesarevisible to
(testableby) conditionsin the workflow schema Herethe statesare usedprimarily
for optimization purposesand only statesVALUE and DISABLED are testableby
conditionsin the decisionflow schema.

The intuitive meaningof an attribute A beingin a stateof the fsais now given.
StatesUNINITIALIZED, ENABLED, VALUE andDISABLED retainthe meaningfrom
§2. The statesvALUE andDISABLED are shovn with doublecirclesbecausdhey



are terminal statesfor attributes. An attribute A can move into state ENABLED
(DISABLED) if, basedon information accumulatedso far, the enablingcondition
for A is determinedo have valuetrue (false). The stateREADY indicatesthatall of
the input attributesfor an attribute have stabilized(i.e., their statesare DISABLED
or VALUE). If anattributeis in stateREADY, thenit canbe evaluatedspeculatiely.
StateREADY+ENABLED indicateshoththattheinputattributesarestableandtheen-
abling conditionfor an attribute hasbeendeterminedo betrue. StateCOMPUTED
(andnotenabled)indicateshatthevaluefor A hasbeencomputedspeculatiely but
thetruth valueof theenablingconditionis notyet determined.

The stateCOMPUTED is usedwhennon-side-éfiect attributesare computedbe-
fore the truth value of their enablingconditionsare known. The READY stateis
usefulto the prequalifier becausdahenit knows that the attribute canbe executed
andmay chooseto inform schedulethatthe attributeis eligible for execution. The
schedulercanthen decideto launchthe executionof the attribute eagerly(before
knowing theresultof the evaluationof its enablingcondition).

The side-efectfsais shaovn in Figure4(b). The only differenceis thatfor side-
effect attributes,the COMPUTED stateis omitted. This is becauseside-efect at-
tributesshouldnot be computeduntil their enablingconditionsareknown to betrue.

Thereis a naturalpartialorderingon the statesof the fsa. For example,we write
READY < COMPUTED andREADY < VALUE.

An executionpermittedby the executionalgorithm can be describedby a se-
quencesg, Vo=0,Co=0), - - -, (5:,V;,C3), - - * (8n,Vn,Crn) Wheresy is theinitial snap-
shot (whereall sourcesattributes are READY+ENABLED, ands;, ¢ € [1,n], are
shapshotsomputedby the executionalgorithm (step (1) of the algorithm). V;,
i € [1,n — 1] arenon-emptysetsof pairs of the form (4, v4) where A is an at-
tribute andv4 is the valuefor A returnedto the evaluationengineC;, i € [1,n],
containgheattributesselectedor computatiorsincethe beginningof the execution.
Intuitively, thereis atransitionfrom (s;, V;, C;) t0 (si+1, Vit1, Ci+1) Whennew at-
tribute valueshasbeenreturnedo the executionengine. Thesenew valuesarethose
in Vix1 — V;. Thesenew valuesarethenusedto computethe nev snapshots; 1
from s; by applyingthe evaluationphase(stepl of the executionalgorithm). The
obtainedsnapshovalues;; is usedto determinethe new attributesto belaunched
by the executionby the prequalifyingphaseandthe schedulingphasgstep2 and3).
Thesenewly launchedattributesareputin Cj4 1.

3.3 Optimization strategies

We now sketchthe optimizationsfor the evaluationandprequalifyingphasef the
executionalgorithmthat we presentin this paper Many kinds of schedulethave
beendevelopedfor parallelprocessingFor instancethe speculativeexecutiontech-
niguerelieson heuristicsto chooseasksfrom a pool of candidateonesfor (parallel)

execution. Sincemostof the schedulingalgorithmsrely on heuristics,a goodpre-
qualifier canimprove the resultsof thesealgorithmsby maintaininga “good” pool
of candidatesusingthe information aboutthe executionaccumulatedso far. This
meansthe pool shouldhave the following threequalities: (1) identify eligible tasks
andaddthemto the pool assoonaspossible sothat certaineagerevaluations(pre-
computation)canbe performed;(2) minimize the numberof unneededasksin the
pool, sothatthe scheduleddoesnot wasteresourcegor performingthesetasks;(3)
identify necessaryasksin the pool, sothatthe schedulecanalwaysschedulghese
tasksif thereare doubtsaboutthe usefulnesf the othertasks. This will reduce
therandomnesassociateavith someof the existing schedulerssuchasthoseused
for speculatie execution. Although we develop our optimizationstratgiesin the
context of the Vortex executionmodel, we feel that someof the principlescanbe
generalizedo aotherareas.

We usethe exampledecisionflow schemashavn in Figurel in §2 to shov how
thethreequalitiesof acandidatesaskpool couldbeachieved. More detaileddiscus-
sionaboutthe algorithmsarein thefollowing sections.

(1) Eligible tasks. Considerthe enablingconditionfor the hit list of appropriate
coat(boy’s coatpromo). If the shoppingcartincludesa child’s item, thenthis
conditionis true, regardlessof the customerprevious purchases.As a result,
executionof thetaskis enabledandanaccesso thecustomepreviouspurchases
doesnot haveto be performed.

(2) Unneededtasks. Supposehatthecustomeexpendabléncomeis computedand
hasvalue0. Thenthe attribute give promos?is disabled.In this casethe tasks
in the presentatioomodule,andthe target attribute, will be disabled. Through
a chainof inferencebasedon backwardspropagationjt canbe determinedhat
tasksin theboy’s coatpromo(andall otherpromos)do not needto be executed
for successfutompletionof thedecisionflow.

(3) Necessarytasks. Assumenow thatthe expendabléncomeis biggerthanO, and
so give_promos?is enabled. The value of this attribute is neededo determine
whetheror not the target attribute will be enabled.Further give_promos?will
needthe valueof promahit_list, andthis is enabledso promahit_list is neces-
sary Supposenow thatthe enablingcondition for boy’s coatpromotrue, and
thatthe enablingconditionfor the databaselip in thatmoduleis true. It canbe
inferredthatthe databaselip is necessary

4 Eager Detectionof Eligible and UnneededTasks

In this section,we describethe Eagerand UnneededAlgorithm that supportsde-
tectionof eligible and unneededasks. For eligibility, the algorithm computesthe
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valuesof enablingconditionseagerly which sometimegpermitsthe prequalifierto
determindan advancethatattributeswill eventuallymove into the statesENABLED,
READY, DISABLED or READY+ENABLED. For unneededthealgorithmusesagen-
eralizationof Dependeng Graphof a decisionflow schemaanda combinationof
forwardandbackward propagation.

Importantly the cumulative runningtime of the Eagerand UnneededAlgorithm
for the entire executionof a decisionflow is linearin the size of the decisionflow.
Thus,for eachexecutionstepit is at mostlinear, andis typically sub-linear More-
over, the upperboundon the total cost of the algorithmis independenfrom the
numberof stepstaken by the executionenginto reachthe terminal snapshot.This
meansthat changingschedulingheuristics(in the schedulingohasewill not affect
theglobal performancef the prequalifiemphase.

To illustrateour algorithmswe areusingthefollowing “abstract”example.

Example 4.1 Considerthe Vortex workflow schemawhosedependeng graphis
givenin Figure5. The attribute A is the sourceattribute. At the beginning of the
executionall the attributeshave the stateUNINITIALIZED. Whena valuefor A en-
tersinto the systemthe executionalgorithmcanstartits first cycle to determinethe
tasksto execute.Dependingon the valueof A our optimizationalgorithmproduces
differentinformation. For exampleif A hasthevaluel0, the algorithmdetectshat
the statesof the attributesB, C, and D areREADY+ENABLED andthuseligible for
execution. However no informationaboutthe new statesof the otherattributesand
no unneededttributesarediscovered.On the otherhand,if A hasavaluelessthan
8, sayO0, our optimizationalgorithmdiscorersmuchmoreinformation. First C and
F areinferredto be DISABLED, andT' is inferredto be ENABLED. Moreover, B is
inferredto be READY+ENABLED (andthuseligible for execution)andD , E andG
areinferredto be unneeded(Example4.6 belov detailsthe reasoningpehindthese
inferences.)lhisinformationpermitsthescheduleto launchthe executionof B and
to save processindy avoiding the executionof D , £, G, F', andC. |

This sectionfocuseson the core component®f the EagerandUnneededilgo-
rithm, namelya generalizatiorof theDependeng Graphfor decisionflows andrules

thatpropagaténformationalongthatgraph.A detailedspecificatiorof thealgorithm
may befoundin [5].

In thefirst partof this sectionwe give a precisesyntaxandsemanticgor enabling
conditionsin decisionflows. Next, we describea datastructureand propagation
rulesfor eagerevaluationof enablingconditions. Thenwe presenthe generalized
Dependeng Graphandpropagatiorrulesfor eligibility. The sectionconcludeswith
rulesfor unneeded.

4.1 Syntaxand semanticsfor enabling conditions

We presenherea specificsyntaxandsemanticgor enablingconditionsin decision
flows. While the algorithmspresentedelov dependn parton the syntaxandse-
manticschosenhere, the algorithmscan easily be adaptedto work with different
choicedfor thesyntaxandsemantics.

Recallthatwe work with “flattened” decisionflows, whereeachtaskspecifiesa
singleattribute. The syntaxfor enablingconditionspermitsaccesgo the valuesof
attributes,andto their (stable)states(i.e., whetherthey areVALUE or DISABLED).

Conditionsare built from atoms. The atomsVALUE(A) and DISABLED(A)
can be usedto test the state of attribute A. (Conditions cannottest for state
UNINITIALIZED.) Predicateatomsarebooleanfunctionsof form pred(t,...,t,),
whereeacht; is aterm. Termsarebuilt up from constantsandattribute names(at-
tribute nameA in atermis interpretedasthe value u(A), if thatis defined)Terms
canalsousearithmeticoperatorsgetc.; the developmenthereis independenof the
particularoperatoraised,sowe leave thatunspecified.

The truth value of conditions,whenthe involved attributesare stable,is given
by the standardwo-valuedlogic with the following exception: pred(ty, ..., tx) is
trueif (a) eachattribute A referredto by pred(ty, ..., tx) is in stateVALUE, and(b)
pred(ty, ..., tx) is truein the standardsensethe predicates falseotherwise.(This
logic doesnot alwaysbehae in the standardway, e.g.,A > 3V A < 3isnota
tautology)

4.2 Rulesfor eagerevaluation of enabling conditions

To computeeagerlyeligible and unneededttributes, our algorithm combinesthe
techniqueof eagerevaluationof enablingconditionswith the propagatiorof infor-
mationaboutattribute statesalongthedependenggraph.

To represenpartial computation®f enablingconditionswe usea threevalued
logic (Fal se, Unknown, Tr ue). Furthermorejnsteadof consideringeachcondi-
tion asoneindivisible three-waluedlogic formula, we representt by its evaluation
tree, so that we can performshortcircuit evaluation. The motivation for this is to
have a morepreciseknowledgeof whatsub-formulas true andwhatsub-formulais
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false.Suchinformationwill bevery usefulto discoser unneededttributes.

Definition 4.2 The evaluation tree of an enablingcondition P is obtainedfrom

the syntaxtree of P by replacingeachleaf nodep of the form pred(ti,-- -, tx)

with a tree T'(p) definedas: The root node of T'(p) is an AND operatornode;
pred(ti,- -, ) isaleafnodeof T'(p); VALUE(A) is aleafnodeof T'(p) if A occurs
in pred(ty,- -, tx); All theleafnodesaredirectly connectedo theroot node.

The reasonfor the replacements to take into accountthe specific semanticsor
pred(t1,- -, t;) explainedin §4.1. In the following, we call the leaf nodesof the
tree predicatenodes andthe other nodesoperator nodes Figure 6(a) shows the
evaluationtreefor nodeof theworkflow scheman Figure5. To representhe partial
evaluationof a conditionwe annotateeachnodeof thetreeby its valuein {Fal se,
Unknown, True}. Thevalueof a givennodeis computedby applyingthe three
valuedlogic on the valuesof its predecessoris the tree usingthe following propa-
gationrules(atthe beginningof theexecutionall thevaluesareunknown): Let s be
asnapshoandV asetof attribute valuesthatare computedsofar, andlet 7" be an
evaluationtreeof anenablingcondition. We have the following propagatiorrules.

(4.1) If pisapredicatenodeof theform pred(t1, - - - , t;) andall theattributesinvolved
in p arein V, thenthe valueof the predicatenodeis equalto its evaluationof p
(accordingo thetwo valuedlogic) on thevaluesof theattributesin V.

(4.2) If pis apredicateof theform VALUE(A) ando(A) > ENABLED in s, thenthe
valueof p is true. Thevalueof p becomedalseif o(A) = DISABLED.

(4.3) If p is apredicateof the form DISABLED(A) ando(A) > ENABLED in s, then
thevalueof p is false Thevalueof p becomedrueif o(A) = DISABLED.

(4.4) Thevalueof an AND nodeis the minimal valueof its direct predecessori the
tree.

(4.5) The valueof an OR nodeis the maximalvalue of its direct predecessoris the
tree.

(4.6) Thevalueof aNOT nodeis trueif thevalueof its predecessds false falseif the

valueof its directpredecessds true, andunknownotherwise.

Example 4.3 Figure6(b) shavs the annotatedvaluationtreefor the enablingcon-
dition of 7' (nodeb5) for a snapshowherethe stateof £' is DISABLED and G is
UNINITIALIZED. SinceF' is DISABLED, thevalueof VALUE(F') is false (rule 4.2),
the value of DISABLED(F) is true (rule 4.3), andthe valueof F' = 3 remainsun-
known (rule 4.1). Thevalue false is propagateaglongthe AND nodesusingpropa-
gationrule 4.4. Thenusingrule 4.6 we canconcludethatthe NOT nodehasthevalue
true. Finally usingrule 5 we candeterminahevalueof therootnodeto betrue. i

A nice propertyof the three-aluedevaluationof the evaluationtreeis the fact
thatoncea valueis discoveredto be eithertrue or falsefor a node,this valuewill
never change We saythatthis valueis stable

4.3 Rulesfor eligibility

We now developrulesfor inferring eligibility of attributes. To this end,we usethe
Figure7, whichincorporatesvaluationtreesinto Dependeng Graphs.
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Figure7: Extendeddependeng Graph
Definition 4.4 LetS = (A, S, T, F, M) beaworkflow schema.The extendedde-

pendencygraphof S, denotedDyg, is a directedagyclic graphthatis constructedis
follows:



e Eachenablingconditionin the decisionflow schemas representedby its evalu-
ationtreein Dg.

e Eachattributein A isanodein Dg.

¢ Thereis anedgefrom theroot nodeof eachenablingconditionevaluationtreeto
theattribute nodeattachedo this enablingconditionin S.

e Thereis anedgefrom anattribute A to a predicatenodep iff A occursin p.

e Thereis anedgefrom an attribute A to anattribute B iff A is aninput attribute
of B.

In S, anodeis aconditionnodeif it belongsto anevaluationtree,andis anattribute
nodeotherwise. An edgebetweenattributesis a data (flow) edge, and eachother
edgeis acontmol (flow) edce.

For anattribute A, Enabling_Root(A) is theroot of theenablingconditionof A
in the extendeddependenggraph.

Figure 7 shows the extendeddependeng for the decisionflow depictedin Fig-
ure5. Controledgesareshavn assolid arrons, anddataedgesareshovn asdashed
arrows.

We now illustrate how information can be propagatedrom andto evaluation
treesoccurringwithin extendeddependenggraphs.

Example 4.5 Recallthe decisionflow of Example4.1, and supposehatthe input
valueof A is 0. (a) To illustrate forward propagationconsideragainattribute F'.
Since A hasvalue 0, the enablingconditionof C' is false and C' is DISABLED.
Hencethe enablingconditionof F' is false, F' is DISABLED, finally by applying
partialevaluationon the preconditionof 7' we canconcludethat?' is ENABLED. N

We now presenthe propagatiorrulesfor statevalues.Takenindividually, these
rulesarenot deterministic.But in combinationthey will determinea specificstate
valuefor eachaffectedattribute.

Let s beasnapshoandV beasetof attributevaluesthatarecomputedsofar, and
let Dg bethe extendeddependenggraphof a decisionflow we have the following
propagatiormrules.

(4.7) If root of enablingconditionfor A (i.e.,the predecessoof A in Dg througha
controlflow edge)is false theno (A)= DISABLED

(4.8) If (A,V4)isinV,theno(A) >COMPUTED (For side-efect A, this meanghat
o(A) € {VALUE, DISABLED}).

(4.9) If root of enablingconditionfor A is trueand (A4,v4) isin V, theno(4) =
VALUE

(4.10) If eachdatainput for non-side-efiect attribute A (i.e., eachpredecessoof A in

Dg throughadata-edgejs in stateVALUE or DISABLED, theno(A) >READY.

(4.11) If eachdatainputfor side-efectattribute A is in stateVALUE or DISABLED, and

if enablingconditionfor A is true,theno(A) > READY+ENABLED

4.4 Rulesfor unneeded

We now describehow unneededttributesare detected. This may arisefrom for-
wardpropagatiorof information,becausattributesarediscoreredDISABLED, from
backward propagationpr from a combinationof thetwo.

Example 4.6 Recallthe decisionflow of Example4.1, and supposehatthe input
valueof A is 0. (i) To illustrate forward propagationconsideragainattribute F'.
As shaved in 4.5 F' is discoreredDISABLED andandso F' doesnot needto be
computed.(ii) Backward propagatioris morecomplex. This involvesinferring that
althoughanattributeis or maybecomeenabledits valueis notneededor successful
completionof the decisionflow instance For example,supposegainthattheinput
valueof A is 0. Sinceattributes E is only usedto computethe value of F' and
F' is DISABLED the valueof E is unneeded.Recursiely, sinceD is only usedto
computek, D is alsounneeded.(iii) To illustrate a combinationof forward and
backward propagationyecall that the enablingconditionof 7' is already(eagerly)
evaluated without usingthe value of G, Sincethe only useof G is to evaluatethis
condition,G is unneeded. |

Now we give the (backward) propagationrules for discovering unneededat-
tributes: Let s be a snapshotandlet Dg be the extendeddependeng graphof a
decisionflow.

(4.12) If o(A) = DISABLED, then A is unneeded.

(4.13) If n is aconditionor anattribute nodein Dg andall the successorsf n in Dg

areeitherunneededr stablethenn is unneededRecallthatanattributeis stable
if o(A) €{ VALUE, DISABLED} andaconditionnodeis stableif its valuesis in
{ true, false}.

We summarizeby statingthe following resultconcerninghe complexity of de-
tectingeligible andunneededasks(seg[5] for the proof).

Proposition4.7 Thereexists an algorithm that can computeeagersnapshotand
unneededttributes,whosecumulatve compleity for the entireexecutionis linear
with the sizeof theworkflow schemaMore preciselytherunningtime of this algo-
rithm is (atworst)O(P) + O(E) for theentireexecution,whereP is thenumberof
predicate®f theform pred(ty, - - - , tx) andE is thenumberof edgesn theextended
dependenggraph.



5 EagerDetectionof NecessaryTasks

In this sectionwe concentraten detectingnecessangattributesat runtime. We de-
scribethe coreof an algorithmthat dynamicallycomputesat eachstepof the exe-
cution a setof attributesinferredto be necessary The algorithmusesasinput the
informationcontainedn the extendeddependenggraph,alongwith therulesof the
previous sectionfor detectingeligible andunneededttributes. The algorithmcon-
siderseachnode A with statesREADY or READY+ENABLED and propagatesome
“necessary’propertiefrom A to thetop of thegraph.If atargetattributeis reached
thenthe algorithmconcludeghat A is necessaryThe cumulative costof the algo-
rithm for thecompleteaxecutionof aworkflow instanceds quadratiandindependent
from the numberof executionstepsneeded.

The sectionbeginswith a motivatingexample. Next, §5.1 introducedour kinds
of “necessanyproperty”. §5.2 presentsa family of rulesfor correctly propagating
thesepropertiesalonganextendeddependenggraph.
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Figure8: Propagationsf “necessanproperties”alongthe dependenggraph

Example5.1 Let us consideragainthe workflow depictedin Figure5 andassume
now thattheinput attribute A hasthevalue10. Figure8 shavs an extendeddepen-
deng graphwith variousannotations.The non-boldannotationgorrespondo the
resultof theexecutionof the Eagerplus Unneededalgorithmwhere A hasvalue10.
Eachconditionnodeis annotatedy its valuein theeagersnapshoandeachattribute
is annotatedy its statein theeagersnapshotThegraphshowvsthattheattributesB,
C, andD areREADY+ENABLED andthuseligible for execution.

The bold annotation®f Figure 8 indicatenecessarypropertiesof variousnodes
relative to attribute B. The completesequencef inferencesusedto obtainthese
annotationgs presentedh Example5.4,andwe presentbrief hint of thatreasoning
now. The attribute B is determinedo be “Valuenecessaryfor target attribute 7',
becauseB is enabledandit is usedasa datainputwhencomputingthe valuefor 7'.
Theattribute B is alsodeterminedo be“Falsenecessaryfor 7', becausavaluefor
B mustbeusedin any executionsequencavherethe enablingconditionfor 7" turns
out to be false. Thus, regardlessof whetherT is ultimately enabledor disabled,a
valuefor B will beused.We concludethat B is “Stablenecessaryfor T'. SinceT
is atargetattribute,we concludethat B is necessary

The fact that B is necessarycan be usedby the scheduler For example, the
schedulemight chooseto evaluate B assoonaspossible,sinceC and D may be-
comeunneededt a laterpointin time. |

5.1 Necessaryproperties

Our approachto detectnecessanattributesis to propagatepropertiesthat might
make an ENABLED or READY+ENABLED noden necessaryproceeding‘bottom-
up” from n to the targetattributesof the graph. (A “top-down” strateyy would lead
to agreedyalgorithmthatwill bemuchmoreexpensve.) Let usfirst explainwhy our
algorithmconsidersonly ENABLED or READY+ENABLED nodes.In fact,only such
nodescanbe detectedo benecessanat the currentstepof the execution.Indeed,if

anodeA isnotENABLED in aneagetshapshoit meanghattheresultof its enabling
conditionis uncertairandcanbecomedalse,makingthevalueof A unneededThus,
beingatleastENABLED is anecessargondition.

In this subsectiorwe first definethe necessarpropertiesve wantto propagate.
Thenwe proposeinferencerules that are sufficient conditionsto propagatethese
propertiesalongareduceddependenggraph.Theserulesform thecoreof ouralgo-
rithm to detectnecessaryasks. Therearefour propertieghatareusefulto discover
necessanattributes: “True necessary”,'Falsenecessary”;'Value necessary’and
“Stablenecessary”.

True_necessanand Falsenecessarpropertiesgive information aboutthe nec-
essary relationship between an attribute and a predicate. Intuitively, A
True_necessaryFalsenecessaryjor a conditionnodep if thevalueof A is needed
to make thevalueof p true (false).

Definition 5.2 (FalsenecessanandTrue_necessarylLet D beadependenggraph,
s be an eagersnapshot.An attribute A is True_necessaryFalsenecessaryfor an
evaluationnodep, if it is impossibleto obtainaneagersnapshot’ from s (by apply-
ing the executionalgorithm)wherethe valueof p is true (resp.false),andthe state
of Aisnotin {VALUE, COMPUTED}.



Value necessargpndStablenecessarpropertiegive informationaboutthe nec-
essaryrelationshipbetweentwo attributes. Intuitively, A is Value.necessaryor an
attribute node B if the value of A is neededto obtaina value for B. It is Sta-
ble_necessaryor B if thevalueof A is neededo obtaina stablestatefor B.

Definition 5.3 Let D be a dependeng graphand s be an eagersnapshot.An at-
tribute A is Value.necessaryor an attribute node B, it is impossibleto obtainan
eagersnapshos’ from s wherethe stateof B is in {VALUE, COMPUTED}, andthe
stateof A is notin {VALUE, COMPUTED}. A is Stablenecessaryor B if it is im-
possibleto obtainan eagersnapshot’ from s wherethe stateof B is in {VALUE,
DISABLED}, andthestateof A is notin {VALUE, COMPUTED}.

5.2 Rulesfor detectingnecessarytasks

We now presenta setof rulesfor propagatinghecessarynformationalongthe ex-
tendeddependenggraph.Therulesaregroupednto threesets.

Suficient propagation conditionsfor True_necessaryand Falsenecessarproper
ties

Let s be an eagersnapshotind Ds the extendeddependeng graphfor s. Let A
be a attribute node and p a predicatenodein Dg. A is Falsenecessaryand/or
True_necessaryor p, if 6(A) > ENABLED, p hasa value unknown in s andp
verifiesthefollowing recursve conditions.

(5.1) Suppos@ isanOR node.ThenA is True_necessarfor p, if A is True.necessary

for all the direct predecessorsf p in Dg whosevalueis unknown in s. It is

Falsenecessaryor p, if A is Falsenecessaryor atleastonedirectpredecessor

of pin Dg whosevalueis unknown in s.

(5.6) Suppose is a predicateof theform pred(ty, - - -, tx). ThenA is Truenecessary

andFalsenecessaryor p, if it is Valuenecessaryor at leastonedirect prede-
cessoiof p.

Suficientpropagationconditionsfor Stablenecessarproperty.

Let s beasnapshoand Dg the extendeddependenggraphfor s. Let A and B be
two attributenodesin Dgs. A is Stablenecessaryor B, if 0(A) > ENABLED , B is
notunneededn s andoneof thethreeconditionsholds:

(5.7) Bisenabledn s and A is Valuenecessarjor B.

(5.8) B is not enabledin s and one of these conditions is true: (a) A is

Valuenecessaryor B and Falsenecessaryor Enabling Node(B), or (b) A
is both True_.necessarandFalsenecessaryor the Enabling N ode(B).

The rationalefor thesesufficient conditionsis the following. For rule (5.7), if the

attributenodeB is alreadyenabledn s it meanghatits valuehasto be computedo

reacha stablestate. Thus A mustbe Value necessaryor B. Rule (5.8) dealswith

thecasewhereB is notenabledln thiscase B canreachtheDISABLED stablestate
or the VALUE stablestate. In rule (5.8a)the factthat A is Falsenecessaryor the

enablingnodeof B impliesthatthe valueof A is necessaryo make A DISABLED.

Thefactthat 4 is alsoValuenecessaryor B impliesthat A is neededo obtaina

stablevaluefor B. rule (5.8b)exploitsthefactthatto have the VALUE stateB needs
to have its enablingconditiontrue. Thus,the factthat A is True necessaryor the
enablingnodeof B guaranteethat A is necessarjo make B reachthe VALUE state.
Suficientconditionsfor Value_necessaryproperty.

Let s beaneagersnapshoand D g the extendeddependenggraphfor s. Let A and
B betwo attributenodesin Dgs. A is Valuenecessaryor B, if 0(A) > ENABLED,

(5.2) Suppos@isanAND node.ThenA is True_.necessarfor p, if A is True.necessary
for atleastonedirectpredecessasf p in Dg whosevalueis unknown in s. It is
Falsenecessaryor p, if A is Falsenecessaryor all directpredecessorsf p in
Dg whosevalueis unknown in s.

B is notunneede@dndoneof thefollowing two conditionsholds:
(5.9) A isaninputattribute of B, or,

(5.10) A is Stablenecessarjor atleastoneof theinput attributesof B.

(5.3) Suppose isaNOT node.ThenA is True.necessarfor p, if A is Falsenecessary
for thedirectpredecessauf p. It is Falsenecessaryor p, if A is True.necessary
for thedirectpredecessauf p.

Items (5.9) and (5.10) rely on the fact that the computationof B needsthe stable
valuesof all its input attributes.

Example 5.4 The bold annotationf Figure8 shav how the necessaryproperties
arepropagateavhentherulesareappliedontheattributesB andC'. Letusshowv how
therulesdetectthat B is Stablenecessaryor 7T'. In the figure,the mark T_N( B)
(resp.F_N( B) ) representshe True_necessarpropertyof B (resp.Falsenecessary

(5.4) Supposep is a VAL(B) predicate. Then A is True.necessary(resp.
FalsenecessaryYor p, if A is Truenecessary(resp. Falsenecessary)or
Enabling_-Root(B).

(5.5) Supposep is a DISABLED(B) predicate. Then A is Truenecessary(resp.
Falsenecessaryjor p, if A is Falsenecessaryresp. True.necessaryjor the
Enabling-Root(B).

propertyof B), V_N( B) the Valuenecessaryropertyof B andS_N( B) the Sta-
ble_necessarpropertyof B. First B is bothFalsenecessargandTrue.necessarjor
nodel accordingto the propagatiorrule (5.6). Thesepropertiesare propagatedo



node?2 by applyingthe rule (5.2). Rule (5.8b) canbe usedto infer that B is Sta-
ble_necessaryor attribute G. Applying rule (5.4) in connectionwith node2 prop-
agateghe True. and Falsenecessarypropertiesto node3. Unfortunatelythereis
no rule to propagateshesepropertiesto node4. Fromnode3, rule (5.2) infersthe
True_necessarpropertyfor node5. The Falsenecessarypropertycannotbe propa-
gatedbyrule(5.2),sincethenode4 doesnothavetheFalsenecessarproperty Then
applyingrule (5.2) againandrule (5.3) we canconcludethat B is Falsenecessary
for node8. Moreoverapplyingrule (5.9) makes B Valuenecessaryor T'. Thusby
rule (5.8a)we canconcludethat B is Stablenecessaryor T'. |

We summarizeby statingthe following resultconcerninghe compleity of de-
tectingnecessaryasks(seg[5] for the proof).

Proposition5.5 There exists an algorithm that can computenecessanattributes,
whosecumulative compleity for the entire executionis quadraticwith the size of
theworkflow schemaMore preciselytherunningtime of thisalgorithmis (atworst)
O(P)+0(E)+O(N?) for theentireexecution whereP is thenumberof predicates
of theform pred(t1, - - -, tx), E is thenumberof edgesn the extendeddependeng
graph,and N is thenumberof edgesn the (non-extendeddependenggraph.

6 Impact of the Optimization Algorithms

In §4 and§5 we introducedalgorithmsto eagerlyidentify eligible, unneededand
necessangattributes. In this sectionwe analyzethe impactof thesealgorithmson
achieving the two optimization goals: minimizing responsdime and work load.
Work load is definedas the total numberof units of processingoeing performed
for eachdecisionflow instance.lt is clearthattheimpactof the algorithmsdepends
on the characteristicef the decisionflows. We shov how the characteristicef the
decisionflows may affect the effectivenesf the algorithms. We analyzethe algo-
rithmsin turn.

We first considereligible attributes. For a given attribute, we wantto make it
eligible for evaluationas early as possible. This canimprove the performancean
thefollowing ways: If taskscanbe executedn parallel,moreeligible attributesatan
earlypointof time meansnoretaskscanbeexecutecearlyin parallel. Thatresultsin
shorterresponsdime. If thereis no paralleltaskexecutionmoreeligible tasksearly
meanghatthe taskschedulethasmorefreedomin employing heuristicsto choose
tasksfor execution. This may leadto betterresponsdime andlesswork load. In
fact, this was confirmedin experimentswe reportedin reference3], wheresome
schedulingheuristicsresultedin up to 50% performancegain over simple first-in-
first-sene schedulingvhentaskscanbe executedn parallel.

When comparingour algorithmwith a naive algorithmin termsof identifying
eligible attributesearly, we considerattributeswith side-efect and non-side-efect
evaluationtasksseparately In both casesa naive algorithmidentifys an attribute
to be eligible whenits stateis READY+ENABLED. If an attribute is evaluatedby
a taskwith side-efect, our algorithm makesthe attribute eligible whenits stateis
READY+ENABLED, just like the naive algorithm. The differenceis that our algo-
rithm performseagerevaluationof the enablingconditions,i.e., we performshort
circuit style evaluationwhenerer possiblewithout waiting for all theinput attributes
to becomestable. This techniqguemale bigger gainsif the enablingconditionis
conjunctionor disjunctionof larger numberpredicates.A non-side-efect attribute
becomeeligibleif its stateis READY. Clearly, this stateis reachedo laterthanthe
stateof READY+ENABLED. Thegainis signifiedwhentheenablingconditionof the
attributecanonly be evaluatedat a very late stage.

With regardsto the unneededttributes, early detectionof unneededattributes
will reduceboth responsdime andwork load. Our algorithm performsbestcom-
paredto a naive algorithm,which doesnot identify unneededttributesat all, with
the following two kinds of decisionflows: (1) Decisionflows with mary of its en-
abling conditionsevaluatedto false. (2) Decisionflows with long shortestsource
to target paths. An attribute canbe marked asunneededf the following two cases
aretrue: (a) Theattributeis aninputto enablingcondition(s)of unneededttributes
and/orcomputatiorof unneededttributes;(b) If theattributeis aninputto enabling
condition(s)of attribute(s)thathave notbeenmarkedasunneededtheenablingcon-
dition(s) canbe short-circuitevaluatedwithout referring to the attribute. For long
decisionflows, if attributescloseto the tarmget attributesbecomeunneededthe un-
neededstatusmaybe propagatedbackwardsto mary otherattributes.

Early detectionof necessangattributesallows the taskscheduleto schedulehe
tasksfor the evaluationof theseattributesfirst to reducespeculatie executionsof
othertasksin parallel processingervironments. However, this is just a heuristic.
It is not always optimal. For example,we canimagine sometimeshe execution
of an attribute otherthana necessarpne may leadto early detectionof unneeded
attributes. In general,our algorithmfor detectingnecessarattributeshasthe most
significantimpacton the performancdor the decisionflows thatalsoproducelarge
numberof eligible attributesat early point of time.

We implementedan executionengineprototypewith EagerPlus UnneededAl-
gorithmbuilt in. Usingthis prototype,we conducteda setof benchmarkingxperi-
ments(se€3] for adetaileddescriptiorof theprototypeandexperiments) We found
outthatthe EagerPlus Unneededhlgorithm canreduceheresponsdime andwork
load betweern30%to 70%in the contet of the experiments.The experimentscon-
firmed that decisionflows with large numberof DISABLED attributes(determined
at run time) benefitthe mostfrom the algorithm. They take advantageof detecting
DISABLED attributesearly sothatit candetectmary unneededattributes. Hence,



themorepotentialdisabledhodeghereare,the moreattributescanbe eliminatedfor
evaluation.We alsofound out thatmoreenablingedgesn the decisionflow ampli-
fiesthe effect of the algorithm. This is becausehat moreenablingedgeswill allow
morerapid propagatiorof theresultsof the eagerevaluation.

7 Conclusions

We describech decisionflow modelthatis usefulin expressingousinesdogic in E-
commercapplicationsThemodelprovidesa highlevel specificatiodanguagewith
declaratve semantics.As a result, decisionflows canbe understoodoy managers
from differentpartsof an enterpriseandcansene asthe “contract” betweenthem.
In addition, the contractitself is executablesincean operationalsemanticsof the
decisionflow modelis easilyderivedfrom the declaratve semantics.

We developedalgorithmsfor eagedetectiorof eligible,unneededandnecessary
tasksto supportefficient executionof decisionflow. We shav analyticallythatthe
optimizationalgorithmshave very significantimpactof the performanceon the exe-
cutionof workflows, whichwasalsoconfirmedby experimentgeportedn reference
[31.

Many relatedissuesareremainto be studied. Oneissueconcernsnigrationof
this technologyinto practicalworkflow systems.How canwe specify that a sub-
workflow of a workflow hasthe propertiesof a decisionflow? Onceidentified,how
would a practicalworkflow systemapply the optimizationsof this paperto the sub-
workflow?
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