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Abstract

Preferenceprogrammingprovidesa new paradigm
for expressing(default) decisions preferencede-
tweendecisions andsearchstratgiesin a declar
ative and unified way andfor embeddinghemin
a constraintand rule language. Businessexperts
canthusdirectly specifypreferenceandsearchdi-
rectivesin form of rules without needingto pro-
gram searchstratgies as required by constraint
programmingbasedconfigurationtools. Prefer
enceprogrammingallows to describepreferences
betweenindividual decisionsaswell asgroupsof
decisionsand decisionrules. There can be dy-
namic (or context-dependentpreferencesincon-
sistentpreferencesand meta-preferences-ollow-
ing [Brewka, 1989;Junler, 1997, preferenceson-
straintheorderin which decisionsaremadeduring
search. It is possibleto enumerateall configura-
tionsor to focussearcho preferredconfigurations,
which respecthe default choicesand preferences
of theuser

Keywords: preferences,configuration, constraint pro-
gramming,nonmonotonigeasoningsearch.

1 Intr oduction

Configurationproblemsare typically specifiedin form of
rulesandconstraintghatareformulatedin an adequatéan-
guage(cf. [Felfernigetal., 1999;Soininenet al., 2004) or
tool (cf. [Mailharro,1999). Constraint-basedpproacheso
configurationalso allow to specify a global objective func-
tion. Constraintsatistction appeargo be one of the major
approachesor solving configurationproblems. Typically, a
solutionis determinedby a tree searchprocedurehat intro-
ducesnew constraintsduring searchand that activatescon-
straintpropagationin eachnodeof thesearcttree.As conse-
guencethedomainsof theconstrainedrariablesarereduced
andafail occursif onedomainbecome&mpty

The order of the searchdecisionsis of high importance.
Making a gooddecisionfirst canleadto a betterdomainre-
ductionandpruningof thesearcttree.If thereducedlomains
guidethechoiceof variablesto beinstantiatedthe choiceof
adecisioncanalsoinfluencethe orderof the subsequende-

cisions. Last, but not least,the orderof the decisionsdeter

minesthe orderin which solutionsare enumerated.If only

oneor k solutionsarerequestedhenthe orderof decisions
influenceswhich solutionsarereturned.

In constraintsatishction, the order of searchdecisionsis
usually specifiedby variable and value ordering heuristics.
Thoseheuristicsspecify which value assignmenshouldbe
selectechext. For example,the first-fail heuristicsselectsa
variablez with a domainof smallestsize. Thena valuein
the currentdomaindom(z) of z is determinedby a value-
ordering heuristicsthat, for example, retainsthe smallest
valuev := min(dom(z)). Thus,theassignment = v has
beenselectedasnext decision.

Constrainfprogrammingallows to programarbitraryAnd-
Or searchtreesby using PROLOG clausessearchgoalsasin
ILOG SOLVER, or non-deterministiqgoroceduresasin OPL.
Arbitrary constraintcanbe addedin thesesearchprograms.
Many successfubpplicationsof constraintprogrammingn-
volve sophisticatedearchprogramshatexploit the structure
of the given problem. In particular large-scaleoptimization
problemsdoesnotallow a completesxplorationof the search
treein the given time frame. Hence,they require sophisti-
catedheuristicsthatguidethe userto goodsolutionsquickly.
Unfortunately the elaborationof thoseheuristicsis quite te-
dious. Sincethey areimplementedn a procedurafashionit
is difficult to maintainandadaptthem.

For configurationproblemsthe orderof decisionsappears
to beimportantaswell:

1. Certain configuration problems may be (nearly)
backtrack-freéf decisionsaremadein theright order

2. Difficult configuratiornproblemamayrequiresymmetry-
breakingechniqueshatcanonly beappliedif morespe-
cific (i.e. moresubstitutableflecisionsaretried first.

3. Many configurationsproblems(e.g. productconfigu-
ration) are weakly constrainedand have numerousso-
lutions, but only someof them respectgiven default
choicesand preference®f the user In orderto deter
minethesepreferredsolutions,decisionshave to be ex-
ploredin anadequaterder

In this paper we develop anapproactcalledprefeencepro-
grammingfor expressingsearctstratgies,default decisions,
and preferencedetweendecisionsin a declaratve and uni-
fied way. We enricha given constraintandrule languageby



new primitivesfor statingdecisionsandpreferencesThus,an
expertof a particularconfiguratiordomaincandirectly spec-
ify preferencesndsearchdirectivesin form of ruleswithout
needingo programsearctstratgjiesin aproceduralvay. The
stratgiescaneasilybe modifiedby changinghepreferences
rulesor by addingnew ones. Hence,it is possibleto inter-
actively edit searchbehaiour. Furthermorewe canfocus
searchto preferredsolutions,which respectdefault choices
andpreferencesf theuser

Preferenceorogrammings basedon earlierwork donein
nonmonotoniaeasoning.In [Brewka, 1989; Junler, 1997,
preferencesonstrainthe orderin which defaultrulesareap-
plied. Thisideacandirectlybeappliedto thedecisionmaking
procesghatis performedby searchprocedures.A decision
makingprocesenumeratepossibledecisionsn some(total)
orderéy,...,d,. As discusse@bore, choosinga goodorder
of the decisionsis animportantissuefor solving a configu-
ration problem. We thereforeusepreferencebetweendeci-
sionsasconstraintontheorderin which decisionsaremade.
An orderds, ..., d, satisfiesapreferencerefer(d;, §,) if and
only if decisiond; precedes; in thedecisionmakingprocess
(i.e. if i < j). Thechoserdecisionorderonly determinesn
which sequencehe decisionsare exploredduring search.It
doesnot yet fix which decisionsareindeedmade. Givena
decisionorder, asolutioncanbedefinedin two ways:

1. Thedecisionsareeitherselectedr rejected. Whenex-
ploring a decision,we setup a choicepoint. In theleft
branchwe make thedecisiorwhereasn theright branch
we addthe negation of the decision. Here, the prefer
encenly influencethe orderof the choicepoints.

2. The decisionsare selectedn a greedyfashion. When
exploring a decision,we checkwhetherit is consistent
w.r.t. thealreadymadedecisions We make the decision
if it is consistent. Different solutionscan be obtained
by differentorders. Here, the preferenceinfluencethe
orderin which decisionsare made. If the preferences
describeatotal orderthenonly onesolutionis obtained.

Thefirst approactallows to enumeratell solutionsin a sys-
tematicway, whereaghe secondapproactproduceonly the
preferredsolutions,i.e. thosesolutionsthatrespecthe given
preferencesBoth approachesanbe usedin our framework.
Preferenceprogrammingallows to describepreferences
betweerindividual decisionsaswell asgroupsof decisions,
anddecisionrules. Decisionrulesarelik e thedefaultrulesin
[Poole, 1989 andexpressdefaultdecisions For example we
maywrite two decisionrulescalledlookp andcomfort,:

e lookp(z): If x is acustomerandz is awomanthenthe
color of the proposedtarshouldbered.

e comfort, (z): If z is acustomemndz is amanagethen
the seatmaterialof the proposedtarshouldbeleather

In certaincasesthoserulesarein conflict and preferences
canbeusedto specifywhichrule is preferredasproposedn
[Brewka, 1989. Thesepreferencesandepencnthecontext
andmay be introduceddynamicallyduring decisionmaking
[Junler, 1997. An exampleis

e if z is acustomerandz is youngthenpreferlookp ()
to comfort, (z).

In our approachpreferencesretreatedas constraints. For
this reasonthey canoccurin implications. Furthermorejf
preferencesisk to beinconsistenthey canthemselesbein-
troducedasdecisions.Meta-preferencesould thenbe used
to specifywhich of theinconsistenpreferenceshouldbere-
tracted. This shavs that preferenceprogrammingis ableto
modelquite comple reasoningsituations.
Preferencegprogrammingalso allows to model the tradi-
tional variableand value ordering heuristics. For example,
avalueorderingheuristicshatselectg¢hesmallervaluesfirst
canbedescribedy following preferences:

e if u < v preferdecisionz = u to decisionz = v.

Variableorderingheuristicssuchasfirst-fail canbemodelled
with dynamicpreferencesTheessentiapartof asearchstrat-
egy is theinformationwhich decisionsaremadein which or-
der. Theconceptof decisionandpreferenceallow to express
this information explicitly andin a declaratve and modular
way.

The paperfocuseson a presentatiorof the primitives of
preferenceprogrammingusingexamples.First of all, we de-
scribetheconfigurationanguagéehatis usedby our systenin
section2. In section3, we introducethebasicconceptof our
approach nhamely decisionsand preferences.Furthermore,
we shav how preferencesonstrainthedecisionmakingpro-
cessandhow preferredsolutionscanbe obtainedn this way.
In sectiord, we thenshov how complex decisionsandprefer
encescanbe expressedn a compactanduserfriendly form.
In section5, we shov how classicalsearchstratgiescanbe
embeddedn the preferencdramenork.

2 The Configuration Language

We baseour discussioron a configurationlanguagethatcan
be seenasa first-orderlanguagewvherecertainfunction and
predicatesymbolshave a specialrole anda predefinednter-
pretation(or semantics). The configurationlanguageitself
is implementedby the API of our configurationtool [ILOG,
200d. Certaindetailsof the API areomittedin thelanguage
in orderto keepthe presentatiorf this papersimple.

Ourlanguagss specifiedby different(finite) setsof sym-
bolsthatareall mutuallydifferent.Logical variablesarerep-
resentecby symbolsin asetX. Let O,C, A be threeset
of symbolsthat denoteobjects,classesand attributes. Ob-
jectandclasssymbolsare constants Attributessymbolsare
unaryfunction symbolsand canbe usedto referto attribute
valuesof objects.For examplenaxSpeed( car 1) denotes
the maximal speedof objectcar 1, whereasengi ne( x)
denoteghe engineof x wherex is a logical variablein X.
Attributeshave to be interpretedby functions mappingthe
objectsto values namelyintegers,objects,or setsof objects.
Eachattribute hasanassociatedomain.

Furthermorewe usethe functionsymboli nst ances to
denotethe setof objectsof the classes.For example,i n-
stances(Car) denotesthe setof instancesof the class
Car . Thesymboli nst ances is interpretedby a function
mappingclassedo setsof objects.

Integersarerepresentedsin programmindanguagegand
areinterpretedby integers). Furthermoretherearefunction
symbolsfor representingrithmeticoperatorsuchas+, - , *,



/, abs, m n, max andsetoperatorssuchasi nt er sect
uni on, car d. Hence we canformulatetermssuchas

price(carl) + optionPrice(carl)

card(options(x))
Therearealsoset-expressionsuchassum-o/er-setor union-
over-set,but we omit themfor the sale of brevity. All these
functionsymbolshave anevidentinterpretation.

All predicatesymbolsof our configurationlanguagehave

a fixed interpretation. There are symbolsfor representing
comparisonoperatorssuchas=, ! =, <=, <, constraintson
setssuchassubset , subset eq, i n, and otherkinds of
constraints.Applying a predicatesymbolto termsyields an
atomicformula,whichwe alsocall aprimitive constaint. For
example,we canwrite constraintsuchas

X in instances(customner)

sex(x) = female

color(carl) = red

Constraintscanbe combinedto new constraintsy using
logical connectorsor the all-quantifier Existential quanti-
fier are not used. We write logical connectorsasand, or ,
not, andi f then ... andthe all-quantifieras
foral | . For example,we canwrite following constraint

forall x: if x in instances(Car) and
power (engi ne(x)) >= 100 and
wei ght (x) <= 1000
then ABS in options(x);

forall x: if x in instances(Car) then

engi ne(x) in instances(Engine)

A configurationproblemis thenspecifiedby a setof con-
straintsC' that have no free variables. As indicatedabove,
constantfunction,andpredicatesymbolshave a fixed inter-
pretationexceptfor attributesandthe symboli nst ances.
In orderto specifyalogical interpretatiorof C, we justhave
to determineavaluefor eachtermof theform a(t) wherea is
anattributesymbolin AU {instances}. We thereforemap
thetermsa(t) to constrainedrariablesanddeterminea value
assignmento thosevariables.Valueassignmentthatsatisfy
all constraintgn C' arecalledsolutionsof C. ThesetC' is
calledconsistentff it hasa solution.

Ourconfiguratiorengingl ILOG, 2000 providesconstraint
propagatiorfor reducingdomainsof attributes for specializ-
ing componentsandfor generatingcomponentsf required
by cardinalityandresourceconstraints.The mechanismsre
describedn [Mailharro,199§.

3 Decisionsand Preferences

In this section,we introducedecisionsand preferencesand
shav how the preferencegontrol the decisionmaking pro-
cesshatis performedby searchprocedures.

3.1 Decisions

A (tree)searctprocedurdor aconstrainsatisfictionproblem
is addingadditionalconstraintgo the original problem. We
call suchaconstraintadecision.A searctprocedurexplores
differentdecisionsn differentbranche®f thesearchree.In

orderto modelthisbehaiour in anexplicit way, weintroduce
theconcepibf adecision.

In our approacha decisionis specifiedby an identifying
termt, for examplea name,anda constraintg. It is written
in theformdecision t:¢. We canalsoconsiderdecisionsas
namedor labelledconstraintsThenamebelongso anew set
of symbolsusedfor namingdecisions.In later sectionswe
alsointroduceothertermsfor identifying decisions Different
decisionsmusthave differentidentifying terms. Hence,we
cannothave two decisionf samename.Someexamplesfor
decisionsare:

deci sion red-d: color(carl) = red;
deci si on bl ue-d: color(carl) = blue;
deci si on bl ack-d: col or(carl) = bl ack;
deci si on | eather-d:

seat Material (carl) = | eather;
deci si on cl ot h-d:

seat Material (carl) = cloth;

A configurationproblemis now specifiedby a (finite) set
C of constraintsanda (finite) setD of possibledecisions.

During the decisionmaking process decisionsare made
(or executed). Executinga decisiondecision t : ¢ will
addthe constraintg to the currentsetof constraintsC. We
canalsodescribethis behaior by statingthatdecision ¢ :
¢ expresses constraintthat is satisfiedif andonly if ¢ is
satisfied Whenaddingdecision t : ¢ tothesetC weobtain
¢ aslogical consequencef theresultingsetof constraints.

3.2 Decision-Making Process

A decisionmakingprocessxploresthe givendecisionsn a
total order As discussedn the introduction,this orderin-
fluencegthe problemsolving behaiour andis the important
partof a searchstratgy. The ordermay be static,i.e. speci-
fiedinitially, or dynamic,i.e. dependon the decisionsmnade.
In this section,we make this orderexplicit, which allows to
formulateconstraintonit.

Supposeour configurationproblemhasa setD of n de-
cisions. Sincethe order of the decisionsis not necessarily
known initially, we describeit by n (constrainedyariables
01,...,0,. Thevalueof avariabled; is adecisionin D. In
ourexample thedomainof the decisionvariables); is theset
{bl ack-d,red-d,bl ue-d,cl oth-d,| eat her-d}.

Oncethe valuesof the decisionvariablesare determined,
the decisionmaking processxploresthemin increasingor-
derstartingwith ;. Eachdecisionin D shouldhave aunique
positionin this ordetr Hence the §;’s aremutually different,
whichis imposedby animplicit constraint:

5i #8;fori # j (1)
We usetheseconstrainedvariablesd; only to describeour
approactconceptually We do neithermaintaina currentdo-
main for the §;’s, nor apply domainreductiontechniqueso
them.Constraintonthed;’s areonly checledduringsearch,
but do not propagate.

Thedecisionmakingprocesshooseshevaluesof thed;'s
in increasingorder Once,thei-th decisionhasbeenselected
it is explored. This explorationcanbedonein differentways:

S1 whenexploring a decisiond;, a (binary) choicepointis
setup. In theleft branch,the decisioné; is addedto
the currentsetC of constraints.n theright branch,the
negationof §; is addedo C.



S2 when exploring a decisiond;, we checkwhetherit is
consisteniv.r.t. C. If yesthedecisiond; is addecdto C.
Otherwiseit is dropped.Hence decisionsaretriedin in-
creasingorderandonly succeedinglecisionsareadded
to C. In this approachdecisionsare madewheneser
possible.In thisrespectthey behare exactly asdefaults.

The first procedurechooseghe valuesof §; in a greedy
fashionand usesthemto definea completesearchtree that
allowsto enumeratell solutions.Sincethevaluesof thed;’s
arechoserincrementallythey candiffer in differentbranches
of thesearchree.

The secondprocedureconsidersalternatve valuesfor the
d;'s, but executesthe decisionsin a greedyfashiononcethe
d;'s are determined. We can enumeratell solutionin this
way if all ordersareallowed. In the next section,we impose
constraintontheorder In this casewe eliminatecertainso-
lutionsandenumeratenly so-calledpreferredsolutions.On
afirst glimpse,it seemghatthe basiccompleity of this ap-
proachis muchworsethanthatof the first approach(O(n!)
insteadof O(2")), althoughlesssolutionsmay be obtained
if the orderis constrainedIndeed,mary ordersproducethe
samesolutions.In [Junler, 2000, we have shavn how irrel-
evantordersareavoidedandreducetheeffort to abinarytree
of depthn. Furthermorewe canprunepartsof the search
treethatdo not containpreferredsolutions.

We give a simpleexamplefor the secondprocedure Sup-
posethesetC initially containstwo constraints.

if color(carl) =red

then seatMaterial (carl) != |eather;
if color(carl) = black
then seatMaterial (carl) != cloth;

Sincethereis no constrainton the orderof decisionsye can
introducethemin ary order Oncethe orderis determined,
we selectdecisionsin a greedyfashion. The first decision
bl ack- d succeedsSincethe color is determinedhe next

decisionsnamelyr ed- d andbl ue- d fail. Thefourthdeci-

sioncl ot h- d is incompatiblew.r.t. bl ack- d andfails as
well. Thefinal decisionl eat her - d succeeds:

01 | black-d succeeds
42 | red-d fails
63 | blue-d fails
04 | cloth-d fails
05 | leather-d | succeeds

3.3 PreferencesasConstraints on the Decision
Order

Preferencebetweerdecisionsarea corvenientway to spec-
ify which decisionsshouldberetainedf severaldecisionsare
in conflict. Following [Brewka, 1989;Junler, 1997, we use
preferencesf theform prefer(t,u) asconstraintontheor-

derof decisions|f thetermst andu referto two decisionsi!

andd" thenapreferencémposedollowing constrainton the
orderdy,...,0n:

if prefer(t,u), 6; = dt, §; = d* theni < j 2
In our example,we usefollowing preferences:

prefer(red-d, blue-d);
prefer(blue-d, black-d);
prefer(leather-d, cloth-d);

Decisionorderingghatviolatethosepreference&onstraints
canno longerbe usedto generatesolutionsof our configura-
tion problem. For eachsolution X, we requirethatthereis
anorderof decisionghatsatisfieshe preferencesindthatis
ableto producethe solutionby a selectionrmechanismlf S1
is usedary orderis ableto produceary solution.If S2isused
the preferenceshat areimplied by a solutioneliminatecer
tain orders. If we canfind an admissibleordersuchthat S2
producesX thenX is calleda preferredsolution In [Junier,
1997, we shovedhow preferredsolutionscanbeconstructed
incrementally

Below, we give thetwo preferredsolutionsof ourexample.
Thefirst decisionis eitherr ed- d orl eat her - d anddeter
mineswhich of the two preferredsolutionsis obtained. For
eachof them,we give oneof the (justifying) orders:

41 | red-d succeeds 41 | leather-d | succeedd
d2 | blue-d fails d2 | cloth-d fails
43 | black-d | fails 43 | red-d fails
44 | leatherd | fails 44 | blue-d succeeds
45 | cloth-d succeeds 45 | black-d fails

If a new constraintis addedpreferredsolutionscanbecome
inconsistentand non-preferredsolutions can becomepre-
ferredones.For example,if therearenobluecarswith leather
seatsthen our secondsolution becomesinconsistentand a
new preferredsolutionis obtained:

41 | red-d succeeds 41 | leather-d | succeeds
42 | blue-d fails 42 | cloth-d fails
43 | black-d | fails 43 | red-d fails
d4 | leatherd | fails 44 | blue-d fails
d5 | cloth-d succeeds d5 | black-d succeeds

4 PreferenceProgramming

Specifyingpreferencedetweenindividual decisionsis a te-
dioustask. In this section,we introduceprimitivesfor ex-
pressingsetsof preferencetn amorecompactorm.

4.1 Structured Preferences

In certaincasesseveralpreferencesanbereplaceddy asin-
gle oneif decisionsare groupedtogether In our example,
we want to expressthat all color-decisionsare preferredto
all seatMaterial-decisiondn orderto do this, we introduce
two groupsof decisions A groupof decisionds specifiedby
providing anuniqueidentifying term (e.g.aname):

deci si on- nodel

deci si on- nodel

| ook-m
confort-m

A decisionmodelis just a setof decisions(or of otherde-
cision models). Elementsof decisionmodelsare statedvia
containmentonstraintof theform contains(m,d). If m is
atermreferringto a decisionmodelm’ andd is atermre-
ferring to a decisiond’ thencontains(m,d) impliesthatd’
is a memberof m/'. In our example,we introducefollowing
containmenstatements:

cont ai ns(| ook-m red-d);

cont ai ns(l ook-m bl ue-d);

cont ai ns(| ook-m bl ack-d);
contains(confort-m |eather-d);
contai ns(confort-m cloth-d);



We can now introduce preferencesbetweentwo decision
modelsm; andms meaningthatall elementf m, arepre-
ferredto all elementf ms:

prefer(look-m confort-m;

4.2 PreferenceshetweenDecisionRules

It is alsopossibleto describeseveral decisionsof the same
form in acompactway. Insteadof introducingindividual de-
cisions,we introduceso-calleddecisionrules. The (ground)
instancesof sucha decisionrule thenyield the individual

decisions. Decisionrules are similar to the default rulesin

[Poole,1989. We give two exampledfor decisionrules:

decision-rul e | eather-rul e(x):
if x in instances(Custoner) and
prof essi on(x) = manager
then seatMaterial (car(x)) = |eather;
decision-rul e red-car-rul e(x):
if x in instances(Custoner) and
sex(x) = female
then color(car(x)) =

If therearethreecustomedim, Jane andJennifer whereJim
andJanearemanagerthenthesetwo rulesrepresenfour de-
cisions:

deci si on di:

red;

seatMaterial (car(jim) = |eather;
deci si on d2:

seat Material (car(jane)) = |eather;
deci sion d3: color(car(jane)) = red;

deci sion d4: color(car(jennifer)) = red;

Similar to decisionmodels,we can expresspreferencede-
tweentwo decisionrulesr; andr, meaningthatall instances
of r; arepreferredo all instance®f rs.

prefer(l eather-rule,

Alternatively, we canspecify preferencedetweeninstances
of decisionrules.In orderto referto aninstanceof adecision
rule with variableszy, ..., zy, we useatermr(ty, ..., ).
Following examplestateshatan instanceof the leathefrule
is preferredto an instanceof the red-carrule for the same
persomnz.

forall x:

red-car-rule);

if x in instances(Custoner)
then prefer(leather-rule(x),
red-car-rul e(x));

Decision rules can also be addedto decision models via
containment-constraints.

4.3 Dynamic Preferences

Preferencesanbecontext-dependenandthusbeintroduced
dynamicallyduringthe decisionmakingprocess Sincepref-
erencesare constraintave canusethemin logical implica-
tionsandthusexpresscontext-dependenpreferences.

For example,we statethat for youngcustomersthe look
of the caris moreimportantthanits comfort:

forall x: if x in instances(Custoner) and
age(x) = young

then prefer(look, confort);
For old personsthe comfortis moreimportantthanthelook:

forall x: if x in instances(Custoner) and
age(x) = old

then prefer(confort, |o00k);
Thoseexamplesdemonstratéhat quite complex preferences
canbeexpressedy afew statementprovidedthata suitable
categyorizationof decisionsin form of decisionmodelsand
decisionrulesis given.

4.4 Inconsistentand Meta Preferences

The preferenceghat are obtainedfrom the different state-
mentsgiven above risk to be inconsistent. A setof prefer
encesds inconsistentf thereis no total orderof thedecisions
thatrespectsll of them. For example,the following prefer
encesarecyclic andthereforeinconsistentln this casethere
is no preferredsolution:

prefer(l ook, confort);
pr ef er (budget, | o00k);
prefer(confort, budget);

In orderto make preferencestatementgobust, preferences
should be introducedthemseles as decisionsas following
exampleshows:
deci sion rule pl(x):
if x in instances(Custoner) and
pl ayBoy in characteristics(x)
then prefer(look, confort);

decision rule p2:
if x in instances(Custoner)
age(x) = old
then prefer(confort, |o00k);
It is important that preferencesbetweendecisionshave a
higherpriority thanthe decisionsto which they areapplied.
A simpleway to achieve this is to createtwo decisionmod-
elsm? andm? wherethe first one containsthe preferences
andthe secondone containsthe decisions.Furthermorewe
specifythatm? is preferrecto m¢ by a hardpreference.
In orderto resohe conflicts betweenpreferenceswe can
introducemeta-preferences.e. preferencesn preferences,
suchaspr ef er (pl, p2).

and

5 Search StrategiesasPreferences

We briefly describeéhow typical searchstratgyiesof constraint
programmingsuchasvalue andvariableorderingheuristics
canbemodelledaspreferencesA searctstratey essentially
indicateswhich decisionsaremadein which ordet

For example, a value ordering heuristics that assigns
smallervaluesof avariablefirst canbemodelledby following
preferencesn value-assignments:

e preferdecisiona(t) = utoa(t) =vifu<wv

Modelling thesepreferenceslirectly requiresthe generation
of all decisionsof the form a(t) = v andis too costly in
practice.Insteadwe associateachconstrainedariablea(t)
with a decisionsetthat representshe assignmentiecisions
a(t) = v in animplicit form. Only the bestinstancegw.r.t.
given preferencespf this decisionset are createdin each
state. The statementssign(a(t)) createssucha decision
setfor a(t). Examplesare:



assign(color(carl));
assign(seat Material (carl));

The correspondinglecisionsetsare identified by the terms
color(carl) andseat Material (carl). This en-
ablesusto describepreferencedetweerthesedecisionssets
asfollows:

prefer(color(carl),

Similarto theassignmendlecisionsthepreferencesf avalue
orderingheuristicsare also representedn a compactfrom.
We definea preferencesetfor a decisionseta(t) by specify-
ing anorderof thedomainof a(t). An exampleis:

pref erVal ues(col or(carl),
i ncreasi ngOrder (col or-dom);

seat Material (carl));

Variableorder heuristicsare modelledby (dynamic)prefer
encesbetweerthe decisionsetsof the constrainedrariables
thatarecontainedn adecisionmodel.We representhemby
apreferencesetthatis suppliedwith avariableordering.

preferVariabl es(l ook-m m nSizeFirst);

For the sale of brevity, we omit a detailleddiscussiorof the
descriptionof domainorderingsandvariableorderings Pref-
erencesetsarethenusedto dynamicallygenerateéhe bestin-

stance®f their decisionsets.For example,we canintroduce
apreferencesetthatreproduceshe behaiour of the popular
first-fail-heuristics.

6 Conclusion

In this paper we developeda declaratve languagefor pref-
erenceprogrammingthat providesa rich expressvenesdor
statingdecisionsand preferences.lt capturesdefault rules,
dynamicpreferencesandsearchstratgiesandis ableto deall
with inconsistenfpreferences.During decisionmaking, the
preferenceimposeconstrainton the orderof decisionsand
thusinfluencethe searchtree. Hence,preferencgrogram-
ming allowsto programsearclstratgiesin adeclaratve way
andto edittheminteractiely. Furthermorepreference-based
searctJunler, 2004 canbeusedto determineonly preferred
solutions,which respecthe default choicesand preferences
of theuser Bothfeaturesareusefulfor web-basedonfigura-
tion with a high userinteraction.

Preferenceprogrammings basedon conceptslaborated
in nonmonotonicreasoning(cf. e.g. [Brewka, 1989). In
[Junler, 1994, we alreadyimplementeda preferencepro-
grammingapproachin form of the nonmonotonicule-based
systemEXCEPT |l V4. This work inspired[Brewka, 1994;
Delgrandeand Schaub,200d, but there have beencertain
problemswith inconsistenpreferencesin [Junler, 1997, we
shaved how to avoid paradoxicakituationscauseddy cyclic
interactionshetweendecisionsandpreferencesindprovided
a clear semantics. Another major stepis preference-based
search(PBS) [Junler, 2000 that allows to focus searchto
preferredsolutions. Basedon thesetechnicaladvanceswe
have now beenableto improve the original preferencepro-
grammingapproachandto embedt into constrainiprogram-
ming.

Preferenceprogrammingthus is basedon a logical ap-
proachfor treatingpreferences.Preferencesirethemseles

elementsof the logical languageand can be satisfiedor vi-
olated. It is not only possibleto reasonwith preferences,
but we can also reasonabout preferences.In this respect,
preferencegprogrammingdiffers to approachesuchas Val-
uedCSP5 or Semi-ring-base@SP5 [Bistarellietal., 1999.
Theseapproachesepresenpreferencanformation by truth
valuesthat are assignedo the tuplesof constraints. Since
thesetruth assignmentarenotthemselesexpressedy con-
straintsit is notevidenthow they coulddependnthecontext
or how they couldberelaxed.

FurthermoreyaluedCSP5 andsemi-ringCSP5 usealge-
braic operationgo determinethetruth valueof a solution. It
is thuspossibleto compardwo solutionsandto definea pref-
erencerelation and preferredsolutions. However, the alge-
braic operationdmposea certainstructureon the preference
relation(eitherlatticesor semi-ringsthatlimits theflexibility
of the approach.Futurework is neededor a moredetailled
comparisorof thoseapproaches.

The featureson preferenceprogramming are part of
the constraintprogrammingbasedconfigurationtool ILOG
JCONFIGURATOR. Practicalexamplesand benchmarksare
in preparation.

Futurework will be dedicatedto two challengingtopics.
On the one hand,we want to use preferenceprogramming
for encodingpreferenceelationsasusedin decisiontheoret-
ical approachefBoutilier etal., 1997;Doyle andThomason,
1999. The key problemis to identify relevant preferences
betweenconjunctionsof constraints.Furthermorewe want
to use PBSfor symmetry-remwal basedon substitutability
[Freuder1991].

Acknowledgements

This paperis basedon earlierwork donewith GerdBrewka.
The article profited from numerousdiscussionsvith Olivier
Lhomme. For helpful remarks,| alsowantto thank Xavier
CeugnietDanielMailharro,andJean-Frapais Puget.

References

[Bistarellietal., 1999 Stefano Bistarelli, Ugo Montanari,
Francesca&rossi, ThomasSchie, GérardVerfaillie, and
HeleneFarmier. Semiring-basedSPsandValuedCSPs:
Framevorks, properties,and comparison. Constaints,
4(3):199-2401999.

[Boutilier etal., 1997 C. Boutilier, R. Brafman, C. Geib,
andD. Poole. A constraint-basedpproacho preference
elicitation anddecisionmaking. In AAAI Spring Sympo-
siumon QualitativeDecisionTheory Stanford,1997.

[Brewka, 1989 G. Brewka. Preferredsubtheories:An ex-
tendedogical framework for defaultreasoningln 1JCAI-
89, pagesl043-1048Detroit, MI, 1989.

[Brewka, 1994 G.Brewka.Reasoningiboutprioritiesin de-
faultlogic. In AAAI-94 1994,

[DelgrandeandSchaub200d J. Delgrandeand T. Schaub
Expressingpreferencesn default logic. Artificial Intelli-
gence 123:41-872000.



[Doyle andThomason1999 Jon Doyle and RichmondH.
Thomason.Backgroundo qualitative decisiontheory Al
Magazing 20(2):55-681999.

[Felfernigetal., 1999 A. Felfernig, G. Friedrich, and
D. JannachUML asdomainspecificlanguagdor thecon-
structionof knowledge-basedaonfigurationsystems. In
Proc. SEKE’99 pages337—345Kaiserslautern]999.

[Freuder1991 Eugene C. Freuder Eliminating inter
changeablealuesin constraintsatishctionproblems. In
AAAI-9], pages227-233 Anaheim,CA, 1991.

[ILOG, 2004 ILOG. llog Configurator Referencemanual
andUsermanual V2.0, ILOG, 2000.

[Junler, 1993 U. Junler. Dynamic generationof assump-
tions and preferences. In N. Bidoit, editor, Actesdes
ViemesJournéesdu Laboratoire d’'Informatiquede Paris
Nord, Villetaneuse1993.

[Juniker, 1997 U. Junler. A cumulative-modelsemanticgor
dynamicpreference®n assumptionsin IJCAI-97, pages
162-167Nagoya, 1997.

[Junler,2000 U. Junker.  Preference-basedearch for
schedulingIn AAAI-200Q pages904—-909 Austin, Texas,
2000.

[Mailharro,199§ Daniel Mailharro. A classificationand
constraintbbasedrameanork for configuration. AI-EDAM:
Speciallssueon Configumtion, 12(4),1998.

[Poole, 1989 D. Poole.A logical framework for defaultrea-
soning.Artificial Intelligence 36:27—47,1988.

[Soininenetal., 2000 T. Soininen,l. NiemeR, J. Tiihonen,
and R. Sulonen. Unified configurationknowledgerep-
resentatiorusing weight constraintrules. In ECAI-2000
Workshopon Configumtion, pagesr’9—84,Berlin, 2000.



