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Abstract

Preferenceprogrammingprovidesa new paradigm
for expressing(default) decisions,preferencesbe-
tweendecisions,andsearchstrategiesin a declar-
ative andunified way and for embeddingthemin
a constraintand rule language. Businessexperts
canthusdirectlyspecifypreferencesandsearchdi-
rectives in form of rules without needingto pro-
gram searchstrategies as required by constraint
programmingbasedconfigurationtools. Prefer-
enceprogrammingallows to describepreferences
betweenindividual decisions,aswell asgroupsof
decisionsand decision rules. There can be dy-
namic (or context-dependent)preferences,incon-
sistentpreferences,andmeta-preferences.Follow-
ing [Brewka,1989;Junker, 1997], preferencescon-
straintheorderin whichdecisionsaremadeduring
search. It is possibleto enumerateall configura-
tionsor to focussearchto preferredconfigurations,
which respectthe default choicesandpreferences
of theuser.

Keywords: preferences,configuration, constraint pro-
gramming,nonmonotonicreasoning,search.

1 Intr oduction
Configurationproblemsare typically specifiedin form of
rulesandconstraintsthatareformulatedin an adequatelan-
guage(cf. [Felferniget al., 1999;Soininenet al., 2000]) or
tool (cf. [Mailharro,1998]). Constraint-basedapproachesto
configurationalso allow to specify a global objective func-
tion. Constraintsatisfactionappearsto be oneof the major
approachesfor solving configurationproblems.Typically, a
solutionis determinedby a treesearchprocedurethat intro-
ducesnew constraintsduring searchand that activatescon-
straintpropagationin eachnodeof thesearchtree.As conse-
quence,thedomainsof theconstrainedvariablesarereduced
anda fail occursif onedomainbecomesempty.

The order of the searchdecisionsis of high importance.
Making a gooddecisionfirst canleadto a betterdomainre-
ductionandpruningof thesearchtree.If thereduceddomains
guidethechoiceof variablesto beinstantiated,thechoiceof
a decisioncanalsoinfluencetheorderof thesubsequentde-

cisions. Last,but not least,the orderof the decisionsdeter-
minesthe order in which solutionsareenumerated.If only
oneor

�
solutionsarerequestedthenthe orderof decisions

influenceswhich solutionsarereturned.
In constraintsatisfaction, the orderof searchdecisionsis

usually specifiedby variableand value orderingheuristics.
Thoseheuristicsspecify which valueassignmentshouldbe
selectednext. For example,the first-fail heuristicsselectsa
variable � with a domainof smallestsize. Thena valuein
the currentdomaindom����� of � is determinedby a value-
ordering heuristicsthat, for example, retains the smallest
value ���
	 min� dom������� . Thus,the assignment�
	�� has
beenselectedasnext decision.

Constraintprogrammingallows to programarbitraryAnd-
Or searchtreesby usingPROLOG clauses,searchgoalsasin
ILOG SOLVER, or non-deterministicproceduresas in OPL.
Arbitrary constraintscanbeaddedin thesesearchprograms.
Many successfulapplicationsof constraintprogrammingin-
volvesophisticatedsearchprogramsthatexploit thestructure
of thegivenproblem. In particular, large-scaleoptimization
problemsdoesnotallow acompleteexplorationof thesearch
tree in the given time frame. Hence,they requiresophisti-
catedheuristicsthatguidetheuserto goodsolutionsquickly.
Unfortunately, theelaborationof thoseheuristicsis quite te-
dious.Sincethey areimplementedin a proceduralfashionit
is difficult to maintainandadaptthem.

For configurationproblems,theorderof decisionsappears
to beimportantaswell:

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

2. Difficult configurationproblemsmayrequiresymmetry-
breakingtechniquesthatcanonly beappliedif morespe-
cific (i.e. moresubstitutable)decisionsaretriedfirst.

3. Many configurationsproblems(e.g. productconfigu-
ration) areweakly constrainedandhave numerousso-
lutions, but only someof them respectgiven default
choicesandpreferencesof the user. In order to deter-
minethesepreferredsolutions,decisionshave to beex-
ploredin anadequateorder.

In this paper, we developanapproachcalledpreferencepro-
grammingfor expressingsearchstrategies,default decisions,
andpreferencesbetweendecisionsin a declarative anduni-
fied way. We enricha givenconstraintandrule languageby



new primitivesfor statingdecisionsandpreferences.Thus,an
expert� of aparticularconfigurationdomaincandirectlyspec-
ify preferencesandsearchdirectivesin form of ruleswithout
needingto programsearchstrategiesin aproceduralway. The
strategiescaneasilybemodifiedby changingthepreferences
rulesor by addingnew ones. Hence,it is possibleto inter-
actively edit searchbehaviour. Furthermore,we can focus
searchto preferredsolutions,which respectdefault choices
andpreferencesof theuser.

Preferenceprogrammingis basedon earlierwork donein
nonmonotonicreasoning.In [Brewka, 1989;Junker, 1997],
preferencesconstraintheorderin which default rulesareap-
plied. Thisideacandirectlybeappliedto thedecisionmaking
processthat is performedby searchprocedures.A decision
makingprocessenumeratespossibledecisionsin some(total)
order ����������������� . As discussedabove,choosinga goodorder
of the decisionsis an importantissuefor solving a configu-
rationproblem. We thereforeusepreferencesbetweendeci-
sionsasconstraintsontheorderin whichdecisionsaremade.
An order ����������������� satisfiesapreferenceprefer������������� if and
only if decision��� precedes��� in thedecisionmakingprocess
(i.e. if  "!$# ). Thechosendecisionorderonly determinesin
which sequencethe decisionsareexploredduringsearch.It
doesnot yet fix which decisionsare indeedmade. Given a
decisionorder, asolutioncanbedefinedin two ways:

1. Thedecisionsareeitherselectedor rejected.Whenex-
ploring a decision,we setup a choicepoint. In the left
branchwemakethedecisionwhereasin theright branch
we addthe negationof the decision. Here, the prefer-
encesonly influencetheorderof thechoicepoints.

2. The decisionsareselectedin a greedyfashion. When
exploring a decision,we checkwhetherit is consistent
w.r.t. thealreadymadedecisions.We makethedecision
if it is consistent. Dif ferent solutionscan be obtained
by differentorders.Here,the preferencesinfluencethe
order in which decisionsaremade. If the preferences
describea totalorderthenonly onesolutionis obtained.

Thefirst approachallows to enumerateall solutionsin a sys-
tematicway, whereasthesecondapproachproducesonly the
preferredsolutions,i.e. thosesolutionsthatrespectthegiven
preferences.Bothapproachescanbeusedin our framework.

Preferenceprogrammingallows to describepreferences
betweenindividual decisions,aswell asgroupsof decisions,
anddecisionrules.Decisionrulesarelike thedefault rulesin
[Poole,1988] andexpressdefaultdecisions.For example,we
maywrite two decisionrulescalledlook% andcomfort% :& look%'���(� : If � is a customerand � is a womanthenthe

colorof theproposedcarshouldbered.& comfort% ���(� : If � is acustomerand � is amanagerthen
theseatmaterialof theproposedcarshouldbeleather.

In certaincases,thoserules are in conflict andpreferences
canbeusedto specifywhich rule is preferredasproposedin
[Brewka,1989]. Thesepreferencescandependonthecontext
andmaybe introduceddynamicallyduringdecisionmaking
[Junker, 1997]. An exampleis& if � is a customerand � is youngthenprefer look%'�����

to comfort% ���(� .

In our approach,preferencesaretreatedasconstraints.For
this reason,they canoccur in implications. Furthermore,if
preferencesrisk to beinconsistentthey canthemselvesbein-
troducedasdecisions.Meta-preferencescould thenbe used
to specifywhichof theinconsistentpreferencesshouldbere-
tracted. This shows that preferenceprogrammingis ableto
modelquitecomplex reasoningsituations.

Preferenceprogrammingalso allows to model the tradi-
tional variableand valueorderingheuristics. For example,
avalueorderingheuristicsthatselectsthesmallervaluesfirst
canbedescribedby following preferences:& if )*!$� preferdecision�+	
) to decision�+	
� .
Variableorderingheuristicssuchasfirst-fail canbemodelled
with dynamicpreferences.Theessentialpartof asearchstrat-
egy is theinformationwhichdecisionsaremadein whichor-
der. Theconceptsof decisionandpreferenceallow to express
this informationexplicitly andin a declarative andmodular
way.

The paperfocuseson a presentationof the primitivesof
preferenceprogrammingusingexamples.First of all, we de-
scribetheconfigurationlanguagethatisusedbyoursystemin
section2. In section3, weintroducethebasicconceptsof our
approach,namelydecisionsand preferences.Furthermore,
weshow how preferencesconstrainthedecisionmakingpro-
cessandhow preferredsolutionscanbeobtainedin thisway.
In section4,wethenshow how complex decisionsandprefer-
encescanbeexpressedin a compactanduser-friendly form.
In section5, we show how classicalsearchstrategiescanbe
embeddedin thepreferenceframework.

2 The Configuration Language
We baseour discussionon a configurationlanguagethatcan
be seenasa first-orderlanguagewherecertainfunction and
predicatesymbolshave a specialrole anda predefinedinter-
pretation(or semantics).The configurationlanguageitself
is implementedby theAPI of our configurationtool [ILOG,
2000]. Certaindetailsof theAPI areomittedin thelanguage
in orderto keepthepresentationof this papersimple.

Our languageis specifiedby different(finite) setsof sym-
bolsthatareall mutuallydifferent.Logical variablesarerep-
resentedby symbolsin a set , . Let -.�0/1��2 be threeset
of symbolsthat denoteobjects,classes,andattributes. Ob-
ject andclasssymbolsareconstants.Attributessymbolsare
unaryfunctionsymbolsandcanbe usedto refer to attribute
valuesof objects.For examplemaxSpeed(car1) denotes
the maximal speedof objectcar1, whereasengine(x)
denotesthe engineof x wherex is a logical variablein , .
Attributeshave to be interpretedby functionsmappingthe
objectsto values,namelyintegers,objects,or setsof objects.
Eachattributehasanassociateddomain.

Furthermore,we usethefunctionsymbolinstances to
denotethe setof objectsof the classes.For example,in-
stances(Car) denotesthe set of instancesof the class
Car. The symbolinstances is interpretedby a function
mappingclassesto setsof objects.

Integersarerepresentedasin programminglanguages(and
areinterpretedby integers). Furthermore,therearefunction
symbolsfor representingarithmeticoperatorssuchas+, -, *,



/, abs, min, max andsetoperatorssuchasintersect,
union, card. Hence,wecanformulatetermssuchas

price(car1) + optionPrice(car1)
card(options(x))

Therearealsoset-expressionssuchassum-over-setor union-
over-set,but we omit themfor thesake of brevity. All these
functionsymbolshaveanevidentinterpretation.

All predicatesymbolsof our configurationlanguagehave
a fixed interpretation. Thereare symbolsfor representing
comparisonoperatorssuchas=, !=, <=, <, constraintson
setssuchassubset, subseteq, in, and other kinds of
constraints.Applying a predicatesymbolto termsyields an
atomicformula,whichwealsocall aprimitiveconstraint. For
example,wecanwrite constraintssuchas

x in instances(customer)
sex(x) = female
color(car1) = red

Constraintscanbe combinedto new constraintsby using
logical connectorsor the all-quantifier. Existentialquanti-
fier arenot used. We write logical connectorsasand, or,
not, andif ... then ... and the all-quantifieras
forall. For example,wecanwrite following constraint

forall x: if x in instances(Car) and
power(engine(x)) >= 100 and
weight(x) <= 1000

then ABS in options(x);

forall x: if x in instances(Car) then
engine(x) in instances(Engine)

A configurationproblemis thenspecifiedby a setof con-
straints 3 that have no free variables. As indicatedabove,
constant,function,andpredicatesymbolshave a fixed inter-
pretationexceptfor attributesandthesymbolinstances.
In orderto specifya logical interpretationof 3 , we just have
to determineavaluefor eachtermof theform 4(��5�� where4 is
anattributesymbolin 27698;:�<�=�>@?A<(BDCE=�F . We thereforemap
theterms 4���5�� to constrainedvariablesanddeterminea value
assignmentto thosevariables.Valueassignmentsthatsatisfy
all constraintsin 3 arecalledsolutionsof 3 . The set 3 is
calledconsistentif f it hasa solution.

Ourconfigurationengine[ILOG, 2000] providesconstraint
propagationfor reducingdomainsof attributes,for specializ-
ing components,andfor generatingcomponentsif required
by cardinalityandresourceconstraints.Themechanismsare
describedin [Mailharro,1998].

3 Decisionsand Preferences
In this section,we introducedecisionsandpreferencesand
show how the preferencescontrol the decisionmakingpro-
cessthatis performedby searchprocedures.

3.1 Decisions
A (tree)searchprocedurefor aconstraintsatisfactionproblem
is addingadditionalconstraintsto the original problem. We
call suchaconstraintadecision.A searchprocedureexplores
differentdecisionsin differentbranchesof thesearchtree.In
orderto modelthisbehaviour in anexplicit way, weintroduce
theconceptof a decision.

In our approach,a decisionis specifiedby an identifying
term 5 , for examplea name,anda constraintG . It is written
in theform HICEBI:;=J:DKA<'5�� G . We canalsoconsiderdecisionsas
namedor labelledconstraints.Thenamebelongsto anew set
of symbolsusedfor namingdecisions.In later sections,we
alsointroduceothertermsfor identifyingdecisions.Different
decisionsmusthave different identifying terms. Hence,we
cannothavetwo decisionsof samename.Someexamplesfor
decisionsare:

decision red-d: color(car1) = red;
decision blue-d: color(car1) = blue;
decision black-d: color(car1) = black;
decision leather-d:

seatMaterial(car1) = leather;
decision cloth-d:

seatMaterial(car1) = cloth;

A configurationproblemis now specifiedby a (finite) set
3 of constraintsanda (finite) set L of possibledecisions.

During the decisionmaking process,decisionsare made
(or executed). Executinga decision HJCEBI:;=I:�KA<75M�'G will
addthe constraintG to the currentsetof constraints3 . We
canalsodescribethis behavior by statingthat HICEBI:;=J:DKA<N5O�
G expressesa constraintthat is satisfiedif and only if G is
satisfied.WhenaddingHICEBJ:;=I:DKA<P5Q�RG to theset 3 weobtain
G aslogical consequenceof theresultingsetof constraints.

3.2 Decision-MakingProcess
A decisionmakingprocessexploresthegivendecisionsin a
total order. As discussedin the introduction,this order in-
fluencesthe problemsolving behaviour andis the important
partof a searchstrategy. Theordermaybestatic,i.e. speci-
fied initially, or dynamic,i.e. dependon thedecisionsmade.
In this section,we make this orderexplicit, which allows to
formulateconstraintson it.

Supposeour configurationproblemhasa set L of S de-
cisions. Sincethe order of the decisionsis not necessarily
known initially, we describeit by S (constrained)variables
����������������� . Thevalueof a variable ��� is a decisionin L . In
ourexample,thedomainof thedecisionvariables��� is theset
8 black-d, red-d, blue-d, cloth-d, leather-d F .

Oncethe valuesof the decisionvariablesaredetermined,
the decisionmakingprocessexploresthemin increasingor-
derstartingwith ��� . Eachdecisionin L shouldhaveaunique
positionin this order. Hence,the � � ’s aremutuallydifferent,
which is imposedby animplicit constraint:

���QT	7��� for  UT	V# (1)

We usetheseconstrainedvariables ��� only to describeour
approachconceptually. We do neithermaintaina currentdo-
main for the � � ’s, nor apply domainreductiontechniquesto
them.Constraintson the � � ’sareonly checkedduringsearch,
but do not propagate.

Thedecisionmakingprocesschoosesthevaluesof the ��� ’s
in increasingorder. Once,the  -th decisionhasbeenselected
it is explored.Thisexplorationcanbedonein differentways:

S1 whenexploring a decision� � , a (binary)choicepoint is
set up. In the left branch,the decision � � is addedto
thecurrentset 3 of constraints.In theright branch,the
negationof ��� is addedto 3 .



S2 when exploring a decision ��� , we checkwhetherit is
consistentw.r.t. 3 . If yesthedecision��� is addedto 3 .
Otherwiseit is dropped.Hence,decisionsaretriedin in-
creasingorderandonly succeedingdecisionsareadded
to 3 . In this approach,decisionsare madewhenever
possible.In this respect,they behaveexactlyasdefaults.

The first procedurechoosesthe valuesof � � in a greedy
fashionandusesthemto definea completesearchtreethat
allows to enumerateall solutions.Sincethevaluesof the ��� ’s
arechosenincrementallythey candiffer in differentbranches
of thesearchtree.

The secondprocedureconsidersalternative valuesfor the
��� ’s, but executesthe decisionsin a greedyfashiononcethe
� � ’s are determined. We can enumerateall solution in this
way if all ordersareallowed. In thenext section,we impose
constraintson theorder. In thiscase,weeliminatecertainso-
lutionsandenumerateonly so-calledpreferredsolutions.On
a first glimpse,it seemsthat thebasiccomplexity of this ap-
proachis muchworsethanthatof the first approach( WX��S1Y �
insteadof WX�[Z � � ), althoughlesssolutionsmay be obtained
if theorderis constrained.Indeed,many ordersproducethe
samesolutions.In [Junker, 2000], we have shown how irrel-
evantordersareavoidedandreducetheeffort to abinarytree
of depth S . Furthermore,we canprunepartsof the search
treethatdo not containpreferredsolutions.

We give a simpleexamplefor thesecondprocedure.Sup-
posetheset 3 initially containstwo constraints.

if color(car1) = red
then seatMaterial(car1) != leather;
if color(car1) = black
then seatMaterial(car1) != cloth;

Sincethereis no constrainton theorderof decisions,we can
introducethemin any order. Oncethe order is determined,
we selectdecisionsin a greedyfashion. The first decision
black-d succeeds.Sincethe color is determinedthe next
decisions,namelyred-d andblue-d fail. Thefourthdeci-
sioncloth-d is incompatiblew.r.t. black-d andfails as
well. Thefinal decisionleather-d succeeds:\�]

black-d succeeds\_^
red-d fails\�`
blue-d fails\�a
cloth-d fails\_b
leather-d succeeds

3.3 PreferencesasConstraints on the Decision
Order

Preferencesbetweendecisionsarea convenientway to spec-
ify whichdecisionsshouldberetainedif severaldecisionsare
in conflict. Following [Brewka, 1989;Junker, 1997], we use
preferencesof theform cId@C;eICAdf�g5�� )(� asconstraintson theor-
derof decisions.If theterms5 and ) referto two decisionshAi
and h;j thenapreferenceimposesfollowing constrainton the
order ����������������� :

if cId@CReICRdf�g5�� )f���k���l	7h i �k���m	7h j then  n!o# (2)

In ourexample,weusefollowing preferences:
prefer(red-d, blue-d);
prefer(blue-d, black-d);
prefer(leather-d, cloth-d);

Decisionorderingsthatviolatethosepreferenceconstraints
canno longerbeusedto generatesolutionsof our configura-
tion problem. For eachsolution p , we requirethat thereis
anorderof decisionsthatsatisfiesthepreferencesandthat is
ableto producethesolutionby a selectionmechanism.If S1
is usedany orderis ableto produceany solution.If S2is used
the preferencesthat areimplied by a solutioneliminatecer-
tain orders. If we canfind an admissibleordersuchthatS2
producesp then p is calleda preferredsolution. In [Junker,
1997], weshowedhow preferredsolutionscanbeconstructed
incrementally.

Below, wegivethetwo preferredsolutionsof ourexample.
Thefirst decisionis eitherred-d orleather-d anddeter-
mineswhich of the two preferredsolutionsis obtained.For
eachof them,we giveoneof the(justifying) orders:\�]

red-d succeeds\ ^
blue-d fails\�`
black-d fails\�a
leather-d fails\_b
cloth-d succeeds

\�]
leather-d succeeds\ ^
cloth-d fails\�`
red-d fails\�a
blue-d succeeds\_b
black-d fails

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

red-d succeeds\ ^
blue-d fails\ `
black-d fails\ a
leather-d fails\_b
cloth-d succeeds

\�]
leather-d succeeds\ ^
cloth-d fails\ `
red-d fails\ a
blue-d fails\_b
black-d succeeds

4 PreferenceProgramming
Specifyingpreferencesbetweenindividual decisionsis a te-
dious task. In this section,we introduceprimitives for ex-
pressingsetsof preferencesin a morecompactform.

4.1 Structur ed Preferences
In certaincases,severalpreferencescanbereplacedby asin-
gle one if decisionsare groupedtogether. In our example,
we want to expressthat all color-decisionsare preferredto
all seatMaterial-decisions.In orderto do this, we introduce
two groupsof decisions.A groupof decisionsis specifiedby
providing anuniqueidentifying term(e.g.aname):

decision-model look-m;
decision-model comfort-m;

A decisionmodel is just a setof decisions(or of otherde-
cision models). Elementsof decisionmodelsarestatedvia
containmentconstraintsof theform BDKA<I>@?q:�<(=A��rs�
hJ� . If r is
a term referringto a decisionmodel rut and h is a term re-
ferring to a decisionhRt then BDKA<I>@?q:�<(=A��rs� h;� implies that hRt
is a memberof r+t . In our example,we introducefollowing
containmentstatements:

contains(look-m, red-d);
contains(look-m, blue-d);
contains(look-m, black-d);
contains(comfort-m, leather-d);
contains(comfort-m, cloth-d);



We can now introduce preferencesbetweentwo decision
models�vr9� and ruw meaningthatall elementsof r9� arepre-
ferredto all elementsof r w :

prefer(look-m, comfort-m);

4.2 PreferencesbetweenDecisionRules
It is alsopossibleto describeseveral decisionsof the same
form in a compactway. Insteadof introducingindividualde-
cisions,we introduceso-calleddecisionrules. The (ground)
instancesof such a decisionrule then yield the individual
decisions. Decisionrulesaresimilar to the default rules in
[Poole,1988]. We give two examplesfor decisionrules:

decision-rule leather-rule(x):
if x in instances(Customer) and

profession(x) = manager
then seatMaterial(car(x)) = leather;

decision-rule red-car-rule(x):
if x in instances(Customer) and

sex(x) = female
then color(car(x)) = red;

If therearethreecustomerJim,Jane,andJennifer, whereJim
andJanearemanager, thenthesetwo rulesrepresentfour de-
cisions:

decision d1:
seatMaterial(car(jim)) = leather;

decision d2:
seatMaterial(car(jane)) = leather;

decision d3: color(car(jane)) = red;
decision d4: color(car(jennifer)) = red;

Similar to decisionmodels,we canexpresspreferencesbe-
tweentwo decisionrules x � and x w meaningthatall instances
of x � arepreferredto all instancesof x w .

prefer(leather-rule, red-car-rule);

Alternatively, we canspecifypreferencesbetweeninstances
of decisionrules.In orderto referto aninstanceof adecision
rule with variables� � ������������y , we usea term xI��5 � �������_��5�yD� .
Following examplestatesthatan instanceof the leather-rule
is preferredto an instanceof the red-car-rule for the same
person� .

forall x: if x in instances(Customer)
then prefer(leather-rule(x),

red-car-rule(x));

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

4.3 Dynamic Preferences
Preferencescanbecontext-dependentandthusbeintroduced
dynamicallyduringthedecisionmakingprocess.Sincepref-
erencesareconstraintswe canusethemin logical implica-
tionsandthusexpresscontext-dependentpreferences.

For example,we statethat for youngcustomers,the look
of thecaris moreimportantthanits comfort:

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

then prefer(look, comfort);

For old persons,thecomfortis moreimportantthanthelook:

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

then prefer(comfort, look);

Thoseexamplesdemonstratethatquitecomplex preferences
canbeexpressedby a few statementsprovidedthatasuitable
categorizationof decisionsin form of decisionmodelsand
decisionrulesis given.

4.4 Inconsistentand Meta Preferences
The preferencesthat are obtainedfrom the different state-
mentsgiven above risk to be inconsistent.A setof prefer-
encesis inconsistentif thereis no totalorderof thedecisions
that respectsall of them. For example,the following prefer-
encesarecyclic andthereforeinconsistent.In thiscase,there
is no preferredsolution:

prefer(look, comfort);
prefer(budget, look);
prefer(comfort, budget);

In order to make preferencestatementsrobust, preferences
shouldbe introducedthemselves as decisionsas following
exampleshows:

decision rule p1(x):
if x in instances(Customer) and
playBoy in characteristics(x)

then prefer(look, comfort);

decision rule p2:
if x in instances(Customer) and
age(x) = old

then prefer(comfort, look);

It is important that preferencesbetweendecisionshave a
higherpriority thanthe decisionsto which they areapplied.
A simpleway to achieve this is to createtwo decisionmod-
els rNz and r*{ wherethe first onecontainsthe preferences
andthesecondonecontainsthedecisions.Furthermore,we
specifythat r z is preferredto r { by a hardpreference.

In orderto resolve conflictsbetweenpreferences,we can
introducemeta-preferences,i.e. preferenceson preferences,
suchasprefer(p1, p2).

5 Search StrategiesasPreferences
Webriefly describehow typicalsearchstrategiesof constraint
programmingsuchasvalueandvariableorderingheuristics
canbemodelledaspreferences.A searchstrategy essentially
indicateswhich decisionsaremadein which order.

For example, a value ordering heuristics that assigns
smallervaluesof avariablefirst canbemodelledby following
preferenceson value-assignments:
& preferdecision4(��5��n	
) to 4(��5��n	
� if )*!��

Modelling thesepreferencesdirectly requiresthe generation
of all decisionsof the form 4(��5��s	|� and is too costly in
practice.Instead,weassociateeachconstrainedvariable4(��5��
with a decisionset that representsthe assignmentdecisions
4(��5��P	}� in an implicit form. Only thebestinstances(w.r.t.
given preferences)of this decisionset are createdin each
state. The statement?E=J=J:�~;<��g4���5���� createssucha decision
setfor 4(��5�� . Examplesare:



assign(color(car1));
assign(seatMaterial(car1));

The correspondingdecisionsetsare identifiedby the terms
color(car1) and seatMaterial(car1). This en-
ablesusto describepreferencesbetweenthesedecisionssets
asfollows:

prefer(color(car1), seatMaterial(car1));

Similarto theassignmentdecisions,thepreferencesof avalue
orderingheuristicsare also representedin a compactfrom.
We definea preferencesetfor a decisionset 4(��5�� by specify-
ing anorderof thedomainof 4(��5�� . An exampleis:

preferValues(color(car1),
increasingOrder(color-dom));

Variableorderheuristicsaremodelledby (dynamic)prefer-
encesbetweenthe decisionsetsof the constrainedvariables
thatarecontainedin adecisionmodel.We representthemby
a preferencesetthatis suppliedwith avariableordering.

preferVariables(look-m, minSizeFirst);

For thesake of brevity, we omit a detailleddiscussionof the
descriptionof domainorderingsandvariableorderings.Pref-
erencesetsarethenusedto dynamicallygeneratethebestin-
stancesof their decisionsets.For example,we canintroduce
a preferencesetthatreproducesthebehaviour of thepopular
first-fail-heuristics.

6 Conclusion
In this paper, we developeda declarative languagefor pref-
erenceprogrammingthat providesa rich expressivenessfor
statingdecisionsandpreferences.It capturesdefault rules,
dynamicpreferences,andsearchstrategiesandis ableto deal
with inconsistentpreferences.During decisionmaking, the
preferencesimposeconstraintson theorderof decisionsand
thus influencethe searchtree. Hence,preferenceprogram-
mingallowsto programsearchstrategiesin adeclarativeway
andto edit theminteractively. Furthermore,preference-based
search[Junker, 2000] canbeusedto determineonly preferred
solutions,which respectthe default choicesandpreferences
of theuser. Bothfeaturesareusefulfor web-basedconfigura-
tion with a highuserinteraction.

Preferencesprogrammingis basedon conceptselaborated
in nonmonotonicreasoning(cf. e.g. [Brewka, 1989]). In
[Junker, 1993], we alreadyimplementeda preferencepro-
grammingapproachin form of thenonmonotonicrule-based
systemEXCEPT I I V4. This work inspired[Brewka, 1994;
Delgrandeand Schaub,2000], but therehave beencertain
problemswith inconsistentpreferences.In [Junker, 1997], we
showedhow to avoid paradoxicalsituationscausedby cyclic
interactionsbetweendecisionsandpreferencesandprovided
a clear semantics. Another major stepis preference-based
search(PBS) [Junker, 2000] that allows to focus searchto
preferredsolutions. Basedon thesetechnicaladvances,we
have now beenableto improve the original preferencepro-
grammingapproachandto embedit into constraintprogram-
ming.

Preferenceprogrammingthus is basedon a logical ap-
proachfor treatingpreferences.Preferencesarethemselves

elementsof the logical languageandcanbe satisfiedor vi-
olated. It is not only possibleto reasonwith preferences,
but we can also reasonaboutpreferences.In this respect,
preferenceprogrammingdiffers to approachessuchas Val-
uedCSP’s or Semi-ring-basedCSP’s [Bistarelliet al., 1999].
Theseapproachesrepresentpreferenceinformationby truth
valuesthat are assignedto the tuplesof constraints. Since
thesetruthassignmentsarenot themselvesexpressedby con-
straintsit is notevidenthow they coulddependonthecontext
or how they couldberelaxed.

Furthermore,valuedCSP’s andsemi-ringCSP’s usealge-
braicoperationsto determinethetruth valueof a solution. It
is thuspossibleto comparetwo solutionsandto defineapref-
erencerelationandpreferredsolutions. However, the alge-
braicoperationsimposea certainstructureon thepreference
relation(eitherlatticesor semi-rings)thatlimits theflexibility
of theapproach.Futurework is neededfor a moredetailled
comparisonof thoseapproaches.

The features on preferenceprogramming are part of
the constraintprogrammingbasedconfigurationtool ILOG
JCONFIGURATOR. Practicalexamplesandbenchmarksare
in preparation.

Futurework will be dedicatedto two challengingtopics.
On the one hand,we want to usepreferenceprogramming
for encodingpreferencerelationsasusedin decisiontheoret-
ical approaches[Boutilier etal., 1997;Doyle andThomason,
1999]. The key problemis to identify relevant preferences
betweenconjunctionsof constraints.Furthermore,we want
to usePBSfor symmetry-removal basedon substitutability
[Freuder, 1991].
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