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Abstract. We proposea new frameawork for multi-criteria optimizationin con-
straint-basetemporakeasoningMotivatedby areal-world domain,we augment
oneof themostexpressve currentformalisms the Disjunctive TemporalProblem
with Preference@TPP),in two crucialways.First,we modeloptimality criteria

asbeingattributedto subsetf soft constraintsjn contrastto the direct map-
ping to individual constraintscommonin previous formulations.Second using

Multi-Attrib ute Utility Theory(MAUT) we constructan objective function that

consideraot only the individual valuesof theseseparateriteria, but alsotheir

mutualinteractionsTheincreaseaxpressve power of the Multi-Criteria DTPP

(MC-DTPP)allows usto modela broadrangeof complex preferentialoptimiza-
tion problemsthat existing TemporalConstraintSatisfiction Problemscannot
(for instancecapturingthewholeParetofrontier). We proposewo algorithmsfor

nding optimalsolutionsto anMC-DTPR anddemonstratéhecomputationaéf-

ciency of reasoningvith MC-DTPPson a suiteof randomizecbenchmarksnd
anew collectionof real-world schedulingnstances.

1 Intr oduction

Recenstudiedn constraint-basequantitative temporakreasonindhave addressegref-
erential optimization[11,18,17]. In this line of researchtraditional simple temporal
(STP)constraintd3] areaugmentedvith local preferencdunctionsthat expresshow
well anassignmensatis esthe correspondingonstraint For instancethesefunctions
might corvey thata certainactivity shouldbe aslong aspossible or thatit is desirable
for two actvities to be scheduledn closeproximity. Early researcfocusedon Weak-
estLink Optimality[12, 19], wherethe minimum preferencezalueis maximized while
laterwork hasbegunto addresshe morechallengingutilitarian optimization[18,17],
wherethe sumof theindividual preferencevaluesis maximized.

The work presentedhereis motivatedby temporalreasoningproblemsarisingin
calendamanagementyhereconstraint-basedreferentialoptimizationhasgainedre-
centattention[16, 1]. Managemenbf one's time is intenselypersonaby nature;the
decisionover which schedulingoptionis “best” is strongly dependenbn eachindi-
vidual's personapreference§l]. Moreover, mary criteriafactorinto this decisionand
interactin complex ways.Combinedthesemodellingrequirementsurpasshe expres-
sive power of existing temporalconstraintsatishctionproblem(CSP)formalisms.

In this paperwe explore multi-criteria optimizationin constraint-basetemporal
reasoningOur goalis to obtaina formalismexpressive enoughto captureproblemsin
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domainssuchastheabove,andto developalgorithmscapableof solvingsuchproblems.
We begin with oneof themostexpressie currentformalisms the DisjunctiveTempoal
Problemwith Prefeenceg DTPP),which featuresdisjunctive constraintswith prefer
encesover them[19]. We augmenthe DTPPto overcometwo limitationsthatmalke it
currentlyunableto captureour motivating problems First, we modelcriteriaasbeing
attributedto subsetf soft constraintsjn contrastto the direct mappingto individual
constraintsSecondusingMulti-Attrib ute Utility Theory(MAUT) we constructanob-
jective functionthat consideraot only the individual valuesof theseseparateriteria,
but alsotheir mutualinteractions.

With the focus of this paperon the representationaind modelling aspectswe
nonethelesproposetwo preliminary algorithmsfor achieving optimizationover this
new Multi-Criteria DTPP structure Oneis avariationon a state-of-the-abranch-and-
boundDTPP solver, while the otheradoptsa recently-proposeulti-Criteria Search
(MCS) frameavork. We demonstratéhe ef ciency of our approachon a suite of ran-
domizedbenchmarksaswell asa new collectionof real-world schedulingproblems.

2 RelatedWork

Thereis a sizeablebody of literatureon the theory and practiceof multi-criteria de-
cision making (MCDM) [10,4]. The threeaspectf nding optimal solutionsto a
multi-criteria constraintoptimizationproblemare: (1) modellingthe problem(includ-
ing elicitation of the users preferences)(2) decidingon the combinationor trade-of
of thedecisioncriteria(andthusthe natureof the solutionsthe userwantsto seek),and
(3) providing analgorithmto derive the optimal solutionsof the chosertype.

Thetwo broadapproachearemulti-attribute utility theory(MAUT), whichfocuses
on constructinga globalutility function (theaggregationfunctior), andmulti-objective
combinatoriabptimization(MOCOQO), whichis concernedvith optimizingmultiple ob-
jectives. In the MAUT approachwhich we will adoptfor the MC-DTPR the three
above partsare divided betweenwhat are known asthe disaggregation and aggrega-
tion/optimizationphaseg10].

Giventhe size of the literature,we focus on quantitatve approache# constraint
programming(CP), exceptto notethe graphicalmodelof CP-netq2]. Researcheri
CPhave, by andlarge, focusedeitheron the disaggreation phase(i.e., the modelling
aspect)pr onthe aggraeation/optimizatiorphase(i.e., the algorithmicaspectsuppos-
ing that an aggreyation function is available or the type of solutionis decided.The
modelling aspects a recognizablyimportantand dif cult part of tackling real-world
problemsgspeciallywherethe problemde nition or objective featuresuncertainty7]
and[14] presentasestudies.

FromMAUT, acommonaggreationfunctionis to combinethecriteriainto asingle
objective functionasaweightedsum.Theutilitarian objective foraDTPPcanbeseern
theselines. The solvingaspectanthenbe addressethy variantsof branch-and-bound
searchwith dominanceesting[5]. Two drawbacksto a weightedsumareits limited
expressvenessfor instanceregardingdependengbetweercriteria, andthe pragmatic
dif culty of settingthe weights(and handlingthe sensitvity of the problemto their
values).One main alternatve to a weightedsumaggreation of the criteriais to seek



thefrontier of non-dominatedolutions An ef cient CPmethodto computethis Pareto
frontieris givenby [6].
Preference-Baseflearch(PBS)[9] is a dedicatedalgorithmfor a formalismin the
MOCO line that can expresspreferencedbetweenas well as over criteria. PBS can
nd balancedandextremesolutions,in additionto Pareto-optimakolutions.Like PBS
but in the MAUT line, Multi-Criteria Search(MCS) [8] is basedon a successiorof
mono-criteriasearchesMCS is dedicatedo an expressve formalismof MAUT that
encompassesophisticatecdggreation functionsbeyond a weightedsum, suchasthe
Choquetntegral [13].

3 Background

A DisjunctiveTemporl Problem(DTP) [21] is de ned by a pair hX ; Ci, whereeach
elementX; 2 X designates time point,andeachelementC; 2 C is a constraintof
theformcy _ G2 _ i _ Gn,.Inturn,eachc; isof theforma; - Xj i Vi - b
with xi ;¥ 2 X anda; ;b; 2 <. DTPsthusgeneralizeSimple TemporalProblems
(STPs)[3], in which eachconstrainis limited to a singledisjunct.

Onetype of solutionto a DTP is the object-level solution de ned asa numericas-
signmento eachof thetime pointsin X , suchthatall the constraintsn C aresatis ed.
A secondype of solutionis ameta-CSPsolution Here,insteadof directly considering
assignmentso thetime pointsin X , ameta-ariableis createdor eachconstrainin the

to satisfy C;. A completeassignmenin the meta-CSRhusinvolves a selectionof a
singledisjunctfor eachconstraintcommonlyreferredto asa componenSTR, which
represents setof object-level solutions.

A DTPwith PrefeencegDTPP)[19] extendsa DTP by replacingthe hardintenal
of eachdisjunctc; with a preferencdunctionhf; : < ! Ai thatmapsevery tem-
poraldifferenceto a prefeencevaluefrom a setA, expressingts relative utility [11].
Following DTPPcornvention,wetake A = <.3

Givenanassignmens to the DTPPD, the preferencevalue of a disjunctive con-
straintC; 2 C is de nedto bethemaximumvalueachieved by ary of its disjuncts:
valp (S;Ci) = N rzng(xci)fij (S(xij )i S(yi ) 1)

With theinclusionof preferencesye areno longerconcernedvith simply nding
afeasibleassignmentye alsowanta solutionof high quality. This requiresusto spec-
ify an objectivefunctionwith respectto eachof the individual preferenceunctions.
Previouswork hasfocusedon objectivescorrespondingo threenotionsof optimality.

One of the earliestobjectivesto be considereds maximinor WealestLink Opti-
mality (WLO) [11,12], in which the global value of an assignmens is equalto the
minimal preferencevaluesatis ed by theassignment:

valp (S) = min (valp (S; Ci)) ()

3 Ourde nition re nes theoriginal DTPPspeci edin [19], which de ned preferencdunctions
only over feasibleregionsof disjuncts.By corvention,whenA = <, 0 is the minimum pref-
erencevaluethatcanbe obtainedby anassignmenthatsatis estheconstraint.
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Fig. 1. Tuesdayafternoonschedule

WLO correspondso optimality with the fuzzy semiring[11]. WhenusingWLO,
solutionsarecomparednyopically usingonly the “weakestlink” in eachsolution;no
creditis givenfor satisfyingotherconstraintatvery highlevels.Despitethisdravback,
WLO is appropriaten mary situations,and optimally solving DTPPsusingWLO is
only slightly moreexpensve thansolvingDTPs[19].

The secondtype of objective that hasbeenexploredis utilitarian optimality, in
whichthe globalvalueof anassignmens is equalto the sumof the preferencevalues
of theindividual constraintg18]:

X
valp (S) = valp(S;Ci) 3)

Only recentlyhave approachebeendevelopedfor performingutilitarian optimiza-
tion of aDTPP;all, includingtheleadingsolver [17], canhandleproblemscontaining
comple piecavise-constanpreferencdunctions.

Thethird type of objective is strati ed egalitarian (SE) optimality. SE-optimalso-
lutionsarethe setof WLO-optimalsolutionsthatarenot Pareto-dominated— a subset
of the Paretofrontier. In the caseof Simple TemporalProblemswith Preferenceghis
setcanbe obtainedbe repeateduseof a WLO solver. SE optimality, however, hasnot
beenexploredfor DTPPs.

4 Multi-Criteria Disjunctive Temporal Problemswith Preferences

In asensethe extensionsof preferenceso temporalCSPsdescribedabore canmodel
situationsthat containmultiple criteria, in which eachconstraintis a single criterion
to optimize,andwherethe objective function de nes a simple, x ed way to combine
thesecriteria. Regardlessof which objective function onethuschoosedor the DTPR
thereis anunderlyingassumptiorthatcriteriaandthe constraintgjo hand-in-handThe
following examplemotivatesusto seeka moreexpressve formalism.

4.1 A Motivating Example

On Tuesdaymorning,Alice realizessheneedsto schedulea 90-minuteprojectmeet-
ing with her colleagueBob and Chris. The meetingneedsto happensoon,but Alice
needgime to prepareso shetasksherautomateagchedulingool to arrangea meeting
sometimeon Tuesdayafternoon.
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Fig. 2. Exampleof a soft overlapconstrainfor anew meeting(M ) andanexisting meeting(E)

Bob's schedulés formulatedaroundhis youngchildren.He getsto the of ce early
but leavesat 16:00to collectthemfrom childcare He makesup thetime by nottaking
lunch.Chris, like Alice, hasa moretypical workdaythatincludeslunchfrom 12:00to
13:00.Alice hasanexistingcommitmenfrom 14:00to 15:00,butit is of lower priority.

The schedule®f the threepeoplefor the afternoonareshavn in Fig. 1. The heav-
ily shadedimesare outsideworking hours,the lightly shadedimesrepresentunch
preferencesandtheruledtimesrepresenexisting commitments.

If we representhe start- and end- points of meetingsand activities astemporal
variables,the schedulingproblemarising from this meetingrequestcan be castasa
DTP. However, it canbe seenby inspectionthat Alice's requestcannotbe ful lled:
the problemis over-constrainedA solutioncanbefoundby relaxingthe constraintsn
variousways,suchas:(a) shortendesiredduration;(b) relaxnon-work hours(e.g.,Bob
leaveslaterin theday); (c) overlapwith theexisting event; (d) move the existing event;
(e) shortenor cancelthe existing event; or (f) changerequestedneetingday.

To encodethesevariousrelaxationspnecanwidenthe feasibleregion of the orig-
inal temporalconstraintsandde ne preference®ver the larger intervals (resultingin
DTPPconstraints)For example we canexpresshatthenen meeting(M ) cannotover-
lap Alice's existing meeting(E ) by thefollowing hardDTP constraint:

Msi EE, O_Esi Mg, G (4)

which canberelaxedto the constraintandpreferencdunctionsshavn in Fig. 2; these
functionsexpressthatno overlapis preferred,andthat small overlapsare preferredto
largeones.

Althoughtheproblemcanbecastasa DTPPin this way, the choiceof which (pos-
sibly relaxed) candidatesolutionis bestvarieswith the individual. In evaluatingthe
candidatesemphasisnay vary betweerthe importanceandthe satisfictionof criteria
suchas:(1) personameetingtime preferences(2) duration;(3) participants{4) meet-
ing location; (5) degreeof overlapwith existing calendarevents;and(6) the meeting
time preferencesf others.Besidesshaving thatthe choiceof anoptimalsolutionis a
personabne,the exampledemonstratethatmultiple criteriain uence this decision.

A commonattemptto capturethe desiredtrade-ofs betweencriteria is with a
weightedsum objective function (i.e., utilitarianism). However, it is well-known that
a weightedsum can expressonly limited forms of dependenciebetweencriteria [9,
13]. For instancea weightedsumcanexpressthatcriteriaareequallyimportant,but it



cannotexpresshatcriteriashouldbe balanced In our example,considetthreecriteria,

G, G, andG (onefor the time preference®f eachperson),andtwo candidatdime

slots12:30-14:0and15:00-16:30The rst time slot violatesthe lunch-timeplansof

bothAlice andChris;thesecondslotis a strongewiolation of Bob's needto pick up his

children.The choiceis thereforebetweena time very undesirabldor onepersonand
atime slightly undesirabldor two. The latterwill likely be preferredif Alice desires
balancebetweerthecriteria?

More concretely considemappingthesequalitative preferencesntoa[0; 1] scale
for eachcriterion, where 1 indicatesfull satistction. Supposethat meetingduring
lunchtimereducessatishctionto 0:6, andthatmeetingduringnon-work hoursreduces
satishctionto 0:3. The12:30slotviolatesthelunchpreferencdor bothAlice andChris
(G = 0:6,G = 1:.0,andG = 0:6) andachieresaweightedsumof 2:2 (assumingll
weightsarel). The 15:00slot violatesBob's non-work hours(G, = 1:0; G = 0:3, and
G = 1.0) andachievesthegreateisumof 2:3. Thus,thetime signi cantly incorvenient
for Bob (theunbalancedolution)is chosenFor thistrivial example,it is easyto choose
satishctionlevelsin a way that coerceghe weightedsuminto choosingthe balanced
solution.This methodfails, however, whencompleity increasesfor example,asecond
inter-criterion preferencenayrequirelevelsinconsistentvith the rst.

In contrastto utilitarian optimality, maximin optimality cansomevhat capturethe
notion of balancedsolutions,but its myopic naturecausest to ignoreall constraints
exceptthe wealestone.Although lessmyopic thanmaximin, SE optimality is limited
to a subsebf the Paretofrontier, andin ary casehasnotbeenappliedto DTPPs.

Situationssimilar to our examplerequirea mixture of objectives,demandingboth
the sensitvity of utilitarianismandthe worst-casesafgguardsof maximin. This drives
us to seeka more expressie extensionof the DTPP formulationto capturemultiple
criteriaandtheir interactions.

4.2 The Multi-Criteria DTPP

We de ne a new temporalconstraintoptimizationformalism,in which the aforemen-
tionedlimitations of the DTPPareresolhed by incorporatinghigherlevel criteria. This

is achieved by a representatiorthat explicitly modelscriteria as subsetof soft con-

straints,andemploys anaggreationfunctionin the MAUT (multi-utility decisionthe-

ory) fashionto combineandtradeoff thecriteria.

De nition 1. A Multi-Criteria DTPP(MC-DTPP)is de nedbyhX; C; S; Ai, where X
andC areasin aDTPR S is a setof m criteria fC1, G, ..., G, g whee eat element
G isasubsebf C, andA is a triangular matrix of coefcients in therange[j 1;1].

The intuition behindthis augmentedormalismis that eachcriterion G capturesa
particularfeature of theproblem.ForinstanceG mightcorrespondo all theconstraints
involvedin asingleuseri's schedulepr to the setof all constraintover the durations

4 Thespreadtonstrainis anothemway of expressinghalancebetweerfeaturef asolution[20].
Thebalancesoughtis not betweercriteriaaswe have de ned them,but numericallybetween
themeanandskew of a setof assignedralues.



of actiities. In effect, ary featureof the constrainproblemthatinvolvesa coalition of
constraintxanbe regardedasa separateriterion®

For an object-level assignment to anMC-DTPPD, we de ne the utility u; of a
criterionG astheproportionof the combinedpreferencechiezed by the constraintsn
its scope: p
5C; 2C; valp (S; Cj)

uj =
¢, 2c, Maxp (Cp)

(5)

Hence u; is afuzzymeasue [15] takingtherange[0; 1]. If all constraintsaresatis-
ed attheirlowestpreferencdevels,thisresultsin a utility of 0; corversely a utility of
lindicatesthatall constraintaremaximally satis ed.

The globalvalueof anMC-DTPPD for a givenassignmens is (asexpected)an
aggreation of the valuesof the individual criteria. More speci cally, we de ne it asa
functionparameterizetly the coefcients a; in A:

X XX
valp (S) = aj u; + aj min (ui; u;) (6)
i i=1 j=i+l

Sincethecriteriavaluesarenormalizedo [0; 1], this aggreation (6) of valuesfrom
the object-level solution S to global valuevalp (S) correspondgo a form known in
MAUT asthetwo-additiveChoquetntegral [13].6

Thecoefcients in A form atriangularmatrix. A diagonalcoefcient a; expresses
therelative importanceof thevalueof criterionG in relationto the valuesof the other
criteria. The non-diagonatoefcients a; expresstheinteraction(positive or negative
correlation)of thevaluesof criteriai and; .

The importancecoefcients a; take valuesin [0; 1]. A value of 0 indicatesthat
criterion G contritutesnothingtoward the global value (i.e., featurei taken by itself
hasno signi cancein the overall preferenceaggreation), while a valueof 1 indicates
thatG contrikuteswith relatively maximalimportance.

Thecorrelationcoefcients a; takevaluesin[j 1;1]. Theimportof theirmagnitude
jajj j is similar to thatof theimportancecoefcients: ja; j = 0 indicatesno correlation
betweenG andG (features andj areindependenin the overall preferenceaggrea-
tion), while ja; j = 1 indicatesrelatively maximal correlation(features andj have
maximal in uence on one another).The sign of the correlationcoefcient indicates
complementaryif a; > 0) or substitutve (if a; < 0) behaiour. Thatis, if a; > 0,
a solutionS mustbe “good” on both criteriato be consideredyood(i.e., morehighly
preferred)overall. In contrast,if a; < O, it sufces for only oneof the criteriato be
highly preferredfor S to be consideredgood” — in this case the negative correlation
termsenesto cancelthecontribution of thecriterionwhosepreferencdevel is wealest.

5 The MC-DTPP can be de ned in a more generalform, wherethe level participationof a
constraintin a criterion is speci ed asa numericweight. For the purposeof simplicity, we
focuson the caseof binarymembership.

5 We referto [15] for detailson the derivation. Note that, sincewe de ne u; in termsof the
satishctionof the constraintsn the scopeof criterion G, we automaticallyhave an ordering
onu; thatis, highervaluescorrespondo morepreferredsolutions.



The aggr@ation of the multiple criteriade ned by (6) employs a subsebf thefull
Choqueintegral formalism[13]. Thetwo-additve Choquetintegral we adopthasbeen
foundto provide a practicalcompromisebetweernversatilityandrepresentationalom-
pactnes$l4]. In fact, thereexistsatheoryandpracticalmethoddor eliciting the coef-

cients A, from thepreferencesf auser andfor explainingthe signi canceof optimal
decisionsaccordingto (6). For detailsof thesemethodswhich lie outsidethe scopeof
this paperwereferto [14,15].

The MC-DTPP canexpressary of the DTPP objective functionsthat have been
consideredn prior work. For example,utilitarian optimality (3) is modelledby a; =
1 8i anda; = 0 8i;j. A local approximationof maximin optimality (2) is modeled
by the two-additve Choquetintegral whena; = 0 8i anda; = 1 8i;j. Strati ed
egalitarian optimality is then capturedby the subsetof thesemaximin solutionsthat
intersectthe Paretofrontier [14]. Finally, exact maximin optimality is achiezed using
thefull Choqueintegral’

Extendingthe MC-DTPPto the full Choquetintegral representatioposesno con-
ceptualproblem:we replacethe global evaluationfunction (6) with the m-additive in-
tegral,andextendthecoefcients A of anMC-DTPPto includeonecoefcient for each
subsebf thesetof m criteria.

The theoryof Choquetintegralsallows usto asseria partial orderover solutions.
Namely St T if andonly if valp (S) - valp (T) [13,8], providing a well-founded
evaluationfunction of the preferenceaggreation of solutionsto an MC-DTPR In the
sequelwe developalgorithmsto obtainfeasibleandglobally-preferredsolutions.

Looking backto our schedulingexample,we canview the constraintsneededo
representhe problemas belongingto one or more of the criteria. For example, all
temporalconstraintgelatedto Bob's meetingtime preferencesremappedo G,. The
preferencevaluesfor theseconstraintareaggreatedandnormalizedontoa[0; 1] scale
by (5), producingthe u, valuein the Choquetfunction. In this simple example,we
have only oneconstraintfor eachof our criteria.In areal-world schedulingapplication,
however, we have mary constraintsnappingto somecriteria[1].

The quantitatve exampleof Section4.1 assumedhata;; = ax, = azz = 1, pro-
ducingweightedsumsof 2:2 and2:3 for the 12:30and 15:00time slots,respectiely.
Within the Choquetobjective function (6), the preferencdor balanceis modelledby
thea; coefcients. Whenall aresetto 1, it indicatesthateachpair of criteriaarecom-
plementaryandcontritutesto thea; min (u;; u; ) terms.For the 15:00slot, the terms
in the Choquetfunctionarea;;u; = 1:0; axuy = 0:3; agzuz = 1:0, a;omin (ug; up) =
0:3;a;3min (u;uz) = 1:0; and aggmin (uz;uz) = 0:3, which sumto 3:9. For the
12:30slot, all threeinteractiontermsevaluateto 0:6, producinga Choquetvalueof 4.0.
Thus,theinteractiontermsarecritical in identifying the optimal solution.

5 Algorithms for SolvingMC-DTPPs

The expressve power of the MC-DTPPis of no valueunlesswe cancomputerelevant
solutions.We presenttwo preliminary algorithmsfor performingoptimizationof the

7 In fact,dueto theform of themaximinsolutionde nition, only theorderm termsareneeded.



MC-DTPR whichrely onthenotionof prefelenceprojectiong11]. A DTPPpreference
projectionessentially'slices” a DTPP constraintinto a setof intervals that producea
preferencevaluegreatetthanor equalto somespeci edlevel |.

De nition 2. Givena DTPPconst%th. = G1_ Ga_ CC_ ¢y, thepreferencero-

jectionatlevel | for C; is Pi[l] = i=1 Pi [I], whee Py [I] = fcj1;Gj2;:::5GCjng

g”th Cjk = I’B-uk O Xjjoi yU : bjkl hjk < &jj (k+1) for0 - k < nand
k=1 [& Kk by k] = Fif (1),

We usethe preferenceprojectionto convert an MC-DTPP into a ProjectedMC-
DTPP. Theconcepis to createmultiple (weighted)DTP constraint$or eachindividual
DTPPconstraintonefor eachdistinctpreferencdevel 2 Let D°beanMC-DTPPwith
constraintC?; :::; C2. CreateProjectedIC-DTPPD by, for eachconstraintC®

w
— CreateaconstraintC.. o> = P;[0]in D, andassignt aweightw;.o = 1 . Setl

to zero.

— Findthesmallest®> Isuchtk\lﬁtP 196 Pi[l.

— CreateaconstraintC.y o» = P;[I9in D, andassignt aweightw;, o = (1% 1).
Setl to1°

— lterateuntil alevel I%is reachedsuchthatP;[19 = ®.

The transitionto a ProjectedMC-DTPP allows us to exploit the meta-CSPsearch
spacecommonlyusedin disjunctive temporalreasoningSpeci cally, we cancreatea
meta-ariablefor eachprojectedconstrainiC.;; » , whosedomainis theassociatedet
of disjunctsor intervals.Any assignmento this variablecanbeviewedassatisfyingthe
original constraintC? at preferencdevel | (whereaghe absencef anassignmentan
beregardedasits explicit violation).

5.1 A Branch-and-Bound Method

Using this ProjectedMC-DTPP reformulation,we rst describea branch-and-bound
algorithmfor computingoptimal solutions;pseudocodés given in Fig. 3. The input
variableA isthecurrentsetof assignment® meta-ariablesandis initially ®; variable
U is the setof unassignedneta-\ariables(initially, the entiresetC); a global variable
s* storesthe bestsolutionthathasbeenfound,andis initially nil.

Thealgorithm,which takesanapproactsimilar to thatin [17], resembleshe back-
tracking searchcommonly usedfor solving traditional DTPs, but with two notable
differenceskFirst, backtrackingoccursonly whenthe value of the partial assignment
val(A) is worsethanthat of the bestknown solution;in a standardDTP solwer, all
constraintamustbe satis ed, andthusbacktrackingoccurswheneer ary constraintis
violatedin the partialassignmentSecondjn additionto the valuesin the original do-
mainsof the meta-ariables thereis the possibility of an emptyassignmeng2'), and
sothebranchingfactorincrease$y exactly one.

Due to its strongresemblancéo a standardDTP search this branch-and-bound
algorithmfor solving MC-DTPPsallows the directincorporationof several powerful

8 As in prior DTPPliterature[19,17], we assumehatthe preferenceunctionshave beendis-
cretizedinto piecevise-constantorm.



Solve-MC-DTPP(A, U)
If (s*6 nil & val(A) - val(s*)) thenreturn
If (U= ®)thens*A A ;return
Ci A select-variabléU), U°A U fCig
For eachdisjunctc; of D(C;)
AOA A[ fCi A Gj g
If (consistent(A%) thenSolve-MC-DTPP(A®, U9
EndFor
ACA A fCi A 2g
Solve-MC-DTPP(A%, U9

Fig. 3. A branch-and-boundlgorithmfor solvingMC-DTPPs

MCS

s*A nil, sA nil,cA 0,localA false
While (notcheckTermination(local, s*, s, u))
If (c=0)thenc A getFirstCriterion(u)
Elsec A getNextCriterion(s*, u)
local A setLocalConstraint(s*, u, )
sA maximize(uc, getStrategy(c))
removalLocalConstraint(local)
If (56 nil) thens*A s
EndWhile
returns*

Fig. 4. The MCS algorithmfor solvingmulti-criteriaoptimizationproblems

techniquegpreviously developedin the DTP literature.As mentionedearlier a recent
variationon this algorithmfor solvingDTPPS[17] hasprovenextremelyeffective.

5.2 An Multi-Criteria Search Method

The succes®f the branch-and-boundlgorithmfor DTPPsmalkesit anattractve can-
didatefor MC-DTPP optimization;however, the presencef multiple criteria presents
unigue challengesand opportunitiesthat do not arisewhen solving the DTPP. While
it may berelatively straightforvardto de ne a searchstrat@y (i.e., variableandvalue
orderingheuristics)for anaggreation of preferencesvithin a single criterion, sucha
strat@y may not necessarilyoe appropriatavhenthereexist several criteriacompeting
to contrituteto the global objective function.

In responsewe turn to the Multi-Criteria Search(MCS) framework [8] introduced
in Section2. Ratherthan employing a single branch-and-boundearchto maximize
the global objectie function, MCS executesa seriesof mono-criterionsearchesgach

ne-tuned to maximizethe utility of a singlefeatureof the problem.For eachmono-
criterion searcha setof local constaints is imposedtemporarilyto guidethe search



toward promisingsolutions.Theseconstraintoften requirestrictimprovementon the
selectectriterion,ascomparedo its valuein the bestknown solution.

A full descriptionof the MCS algorithmlies outsidethe scopeof this paper;how-
ever, we provide a high-level overview, showvn aspseudocodén Fig. 4, andreferthe
readerto [8] for acompletedescription.

Until theterminationconditionhasbeenreachedthe procedurgepeatedlychooses
andoptimizesanindividual criterion. Theprocesselieson severalfunctions whichwe
brie y describe:

— checkTermination(): returnstrueif thebestknown solutions* is provably optimal,
and returnsfalse otherwise.lt alsosenesto imposeupperboundson the global
solutionvalue,basedn theresultof the previoussearch.

— getFirstCriterion(): determineghe criterion to maximizefor the rst attemptat
mono-criterionoptimization.

— getNextCriterion(): determineghe next criterion to maximize.Typically, it will
selecta criterion that appeargo exhibit the greatestpotentialfor improving the
overall objective function.

— setLocalConstraint(): imposesa “cut” on the searchspacevisited by the mono-
criterionsearchThis cutensureghatthevaluestrictly improvesfrom the previous
solutionfound;thatis, if getValue(s?*, c) is thevalueof u. in s*, thentheconstraint
Uc , getValue(s*, c) will beimposed.

— maximize(): launcheghe mono-criterionsearch.The algorithmusedto perform
this searchshouldresemblehe Solve-MC-DTPP() proceduren Fig. 3, thusex-
ploiting all of its efcient pruningtechniquesThe only modi cation is that the
valueof the singlecriterion u, ratherthanthatof the global objective function,is
usedto guidethe search.

— getStrategy(): describeghevariableandvalueorderingheuristicsusedfor a par
ticular criterionc.

— removelocalConstraint(): retractgheconstrainimposedy setLocalConstraint().

One of the key adwantagesf the MCS approachis its ability to exploit certain
propertiesof multi-criteria decisionmakingto ensurethatthe nal solutions® is opti-
mal with respecto the global objective function. In fact, this guaranteecanbe made
evenif the individual searchesre not complete,and insteadexplore only a portion
of the searchspaceThis, in combinationwith the pruningpower of individual search
stratgies,makesMCS anextremely e xible frameawvork for multi-criteriaoptimization.

6 Preliminary Experimental Results

We conductedthree experimentsto evaluateour proposedalgorithmsfor MC-DTPP
optimization.Our goal is twofold: (1) to determineif reasoningwith MC-DTPPsis
practical;and, in particular whetherthe comple preferenceaggreation schemeof
the two-additve Choquetintegral incurs larger computationalpenaltiesthan utilitar-
ian optimization;and(2) to determinewhetherapplicationof the MCS frameawork is
competitive in performancavith our extensionof the branch-and-boundlgorithmthat
hasproven effective on DTPPs.However, it shouldbe madeclearthatthesetestsare



far from exhaustve, dueto the wide rangeof possibleheuristics testparametersand
algorithmvariations.

We employ four differentalgorithmsin our experimentsThreeof thesearevaria-
tionson a solver we nameMuttiLimis, specifyingwhich searclstrat@y to use:

1. MuLtiLmis-BB (thebranch-and-boundersion);
2. MuLtiums-MC (anMCS versionthatperformscompletemono-criteriorsearches);
3. MuLmiLms-MP (anMCS versionthat performspartialmono-criterionsearches)

All are descendantsf the state-of-the-arDTPP solver WeicHTWATCHER [17], which
is the fourth constraintenginewe include. To empirically compareour algorithmsto
WEIGHTWATCHER is not entirely fair, sinceit performsutilitarian optimization,ignor-
ing the multiple high-level criteria of the MC-DTPP andthusestablishingan entirely
differentranking of solutions.Even so, this comparisorwill provide insightinto the
additionalcomputationakxpensgif ary) of multi-criteriaoptimizationover utilitarian
optimization®® All experimentsvererunona2.26GHzPentium4 with 1GB of RAM.

Thereremainsanunfortunateabsencef real-world benchmarke temporalprefer
encditeraturewith whichto provide anempiricalcomparisorof solvers.Consequently
we beagin by emplgying a problemgeneratothat hasbeenusedin recentDTPP stud-
ies[17]. The DTPPsproducedby this generatorare characterizedy the parameters
hE; C;k; Li, whereE is the numberevents(or time points),C is the numberof con-
straints k is the numberof disjunctsperconstraintandL is the numberof preference
levels. We augmentthis generatorwith two additional parameterstm; pi: m is the
numberof criteria, and p is the probability that any constraintC; will appearin the
scopeof a particularcriterionG .

In our rst experimentwe testtheability of thesealgorithmsto scalewith problem
size.Theability to performwell onthis setof testsis especiallyimportant,sinceunlike
other problemparametergsuchas the numberof preferencdevels), the size of the
problemis oftendif cult for a knowledgeengineetto control directly. We hold x ed
the following parameterstL = 6,k = 2;m = 6;p = 0:25g, andvary the number
of constraintsC from 12 to 40, keepingthe numberof eventsE at %C to maintaina
constantconstraintdensity The problemsat the larger end of this spectrumare quite
dif cult, sincethenumberof purelydisjunctive constraintdeadsto adeepsearchree.

Fig. 5 displaysthe resultsof this experiment.The numberof constraintsin the
problemis shavn on the x-axis, and on the y-axis is the medianrunning time over
30 instancegnotethe logarithmic scale).As expected the computatiortime required
by all algorithmsgrows with the numberof constraintsAs canbe seenby comparing
MuLtiLms-BB and WeicHTWATCHER, the branch-and-boundpproachusedfor multi-
criteria optimizationdoesnot appearto be noticeablymore expensve thanwhenit is
usedfor the simplercaseof utilitarian optimization.Further the applicationof MCS
usingcompletemono-criterionsearchess effective, asMuLTiLimis-MC outperformsall
otheralgorithms.However, the runtime of MuLTiLimis-MP indicatesthat much of this

® In ourimplementationgachpartial searctreturnsoncea singleimproved solutionis discov-
ered.However, asnotedearlier optimality andthussolutionquality is unafected.

19 The choiceto comparewith utilitarian optimization (as opposedto maximin) is dueto its
strongresemblancéo the manneiin which our criteriaareevaluatedndividually.
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improvementis lost when MCS is appliedwith only partial mono-criterionsearches.
Similar resultsareobsenredin our secondexperimentwherethe numberof preference
levelsis varied(seeFig. 6).

In our nal experimentwe soughtto explorethe characteristicef thesesolverson
morerealistictypesof problemssincerandomlygeneratedestcasegypically offer lit-
tle insightinto thepracticalperformancef analgorithm.As thereappear$o benosuch
setof realisticbenchmarkén theliterature we have developedanentirelynew suiteof
testcasesdravn from our motivating domainof meetingscheduling[16,1]. Eachof
these40 benchmarksorrespond$o a complex schedulingrequesinvolving mary of
theissuege ectedin our earlierexample(e.g.,non-overlapconstraints,e xible dura-
tions, several participantsand competingcriteria). The numberof constraintsn these
problemgincludingsimpletemporalconstraintsyariesbetwee80and790,with the
averagesitting closeto 600. Thus,our algorithms(and other DTPP algorithms)scale
to largerproblemsthansuggestedby Figs.5—7;the presencef mary simpletemporal
constraintfcommonin real-world problems)contritutesa negligible to performance,
comparedo thenumberof purelydisjunctive constraints.



Fig. 7 displaystheresultsonthesereal-world benchmarksSincewe arenotvarying
problemsacrossary particulartestparameterwe shav thecumulatize time requiredto
solve the40instancesvhensortedin orderof increasingdif culty (ratherthanreport-
ing the median).The branch-and-boundndcompleteMCS incarnationsof MuLTILITIS
bothappearathercompetitive onthe new setof problemsFurther the utilitarian opti-
mizationthat WeicHTWAaTtcHER performsmoreef ciently thanary of the multi-criteria
approachegthough,for mostproblems by only a narrav magin). This is something
thatwasnot obsenedin therandomlygenerategroblems.

In summaryour preliminaryexperimentsaddres®ur goalsby shaving that(1) the
time requiredto optimally solve MC-DTPPsis comparabldo thatof optimally solving
DTPPs;and(2) theMCS approacHor solvingMC-DTPPscancompetewith (andoften
outperform)the branch-and-boundpproach.

7 Conclusionand Futur e Work

We have developeda new formalismfor temporalreasoningvith preferenceandmul-
tiple optimizationcriteria, the Multi-Criteria DisjunctiveTempoal Problemwith Pref-
erencegMC-DTPP).To ourknowledge thisis the rst timethattheapproachof Multi-
Attribute Utility Theoryhasbeenspeci cally appliedto constraint-basetemporalop-
timization problems.

The expressve power of the MC-DTPP goesbeyond ary of the simple aggrea-
tion methodsmplicit in the DTPPobjectie functionsstudiedin theliterature,or their
combination.The MC-DTPPallows us broadfreedomto expresscomplex preferential
relationshipsand considera wide spectrumof balancing,combination,and trade-of
betweermultiple optimality criteria. Suchanexpressie power is necessaryn domains
suchas calendarmanagementindeed,MC-DTPPshave beenadoptedin a deployed
schedulingsystem1].

We usea restrictedform of the generalMAUT framework in thatthe MC-DTPP
expressedeaturesof a DTPP problemsolely in termsof subsetsof the constraints.
Theimplementatiorof our currentalgorithms— designedo validatethe feasibility of
reasoningvith MC-DTPPs,ratherthanbe the last word on their solving— depends
on a secondrestriction:that the aggreation function is the two-additve Choquetin-
tegral ratherthanthe generalinstance . Thesetwo factorsenablethe effective solving
of MC-DTPPs,despitethe NP-hardnessf DTP solving, the multiple criteria,andthe
expressie preferences.

Besidesdemonstratinghe computationakf ciency of reasoningvith MC-DTPR
ourempiricalresultssuggesthatdedicatednulti-criteriaoptimizationalgorithmsshow
promiseasa meango ef ciently handlecomple preferences constraint-basetem-
poralreasoningln thefuturewe planto studyat greaterdepththe strengthsandweak-
nessesftheMCS andbranch-and-bounadlgorithmsjn orderto pursueahybrid solver
thatcombineghe qualitiesof both.
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