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Abstract. Today’s configuratorsare centralizedsystemsand do
not allow manufacturersto cooperateon-line for offer-generation
or sales-configuration.However, supplychainintegrationof config-
urableproductsrequiresthecooperationof theconfigurationsystems
from the differentmanufacturersthat jointly offer solutionsto cus-
tomers.As a consequence,thereis a high potentialfor methodsthat
enablethe computationof suchconfigurationsby independentspe-
cializedagents.Severalapproachesto centralizedconfigurationtasks
arebasedon constraintsatisfactionproblem(CSP)solving.Most of
themextendthe traditionalCSPapproachin orderto comply to the
specificexpressivity anddynamismrequirementsfor configuration
andsimilar synthesistasks.
The distributed generative CSP (DisGCSP)framework proposed
herebuilds on a CSPformalism that encompassesthe generative
aspectof variablecreationandextensibledomainsof problemvari-
ables.It alsobuilds on thedistributedCSP(DisCSP)framework, al-
lowing for approachesto configurationtaskswheretheknowledgeis
distributedoverasetof agents.Notably, thenotionsof constraintand
nogoodaregeneralizedto anadditionallevel of abstraction,extend-
ing inferencesto typesof variables.Theusageof thenew framework
is exemplifiedby describingmodificationsto somecompletealgo-
rithmsfor DisCSPwhentargetingDisGCSPs.

1 Intr oduction/Background

Theparadigmof mass-customizationallowscustomersto tailor (con-
figure)a productor serviceaccordingto their specificneeds,i.e. the
customercanselectbetweenseveralfeaturesandoptionsthatshould
beincludedin theconfiguredproductandcandeterminethephysical
componentstructureof the personalizedproductvariant.Typically,
thereareseveraltechnicalandmarketingrestrictionson thelegalpa-
rameterconstellationsandthephysicallayout.This led manufactur-
ers to develop supportfor checkingthe feasibility of userrequire-
mentsandfor computinga consistentsolution.This functionality is
providedby productconfigurationsystems(configurators),whereby
they have shown to bea successfulapplicationareafor differentAI
techniques[15] suchasdescriptionlogics [8], or rule-based[1] and
constraint-basedsolvingalgorithms.[4] describesthe industrialuse
of constrainttechniquesfor the configurationof large andcomplex
systemssuchastelecommunicationswitchesand[7] is an example
of a powerful tool basedon ConstraintSatisfactionavailableon the
market.
However, companiesfind themselves in dynamically determined
coalitions with other highly specializedsolution providers that
jointly offer customizedsolutions.This high integration aspectof
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todaysdigital marketsimplies that softwaresystemssupportingthe
sellingandconfigurationtaskmustno longerbeconceived asstan-
dalonesystems.A productconfiguratorcanbe thereforeseenasan
agentwith privateknowledgethatactson behalfof its company and
cooperateswith otheragentsto solveaconfigurationtask.Thispaper
abstractsthecentralizeddefinitionof a configurationtaskin [16] to
a moregeneraldefinitionof a generativeCSPthat is alsoapplicable
to thewider rangeof synthesisproblems.Furthermore,we propose
aframework thatallows to addressdistributedconfigurationtasksby
extendingDisCSPswith the innovative aspectsof local generative
CSPs:

1. The constraints(and nogoods)are generalizedto a form where
they can dependon typesratherthan on identitiesof variables.
Thisalsoenablesaneleganttreatmentof thenext aspects.

2. Thenumberof variablesof certaintypesthatareactivein thelocal
CSPof an agent,may vary dependingon the stateof the search
process.In the DisCSPframework, the external variablesexist-
ing in thesystemarepredetermined,but herethesetof variables
definingtheproblemis determineddynamically.

3. The domainof the variablesmay vary dynamically. Somevari-
ablesmodel possibleconnectionsand they dependon the exis-
tenceof componentsthatcouldbecomeconnected.

We also describethe interestingimpact of the previously men-
tionedchangesonasynchronousalgorithms.In thefollowing wemo-
tivateour approachwith anexample,Section3 definesa generative
CSPandin Section4 distributedgenerative CSPis formalizedand
extensionsto currentDisCSPframeworksarepresented.

2 Moti vating example

For the purposeof illustration of our approachwe choseasexam-
ple domainthe well known N-queensproblem.The characteristics
of a distributedconfigurationproblemor similar distributedsynthe-
sis tasksareintegratedinto our N-queensscenario:(a) partsof the
problem(i.e., variables)aresharedamongagentsand(b) the prob-
lem is dynamicallyextended(i.e.,N is increased),if no solutioncan
be found.Adding additionalproblemvariablesleadsto domainex-
tensionsandthusto a largersearch-andsolutionspace.Thegoal is
to place � queenson distinct squaresin an ����� chessboard,
where no two queensthreateneachother [17]. We formalize the
problemby making eachrow of the boarda problemvariable �
	 ,
wherethesubscript� ensuresuniquevariablenames.In a distributed
settingwe employ threeagents,eachowning a fraction of the con-
straintsnecessaryto solve the N-queensproblem.Furthermore,we
want to show thegenerativeaspectof problemsolving in theexam-
ple, whereagentsstartwith a representationof a 0-queensproblem
andspecificrequirementson thefinal solutioncomingfrom outside.



Oncetheagentsdeterminethata solutioncannotbefound,they ex-
tendtheproblemspaceby addinganadditionalrow which in conse-
quenceenlargesthe domainof row variablesby one.Sincethe ex-
act numberof problemvariablesis not known from the beginning,
constraintscannotbe directly formulatedon concretevariables.In-
stead,comparableto programminglanguages,variable typesexist
that allow to associatea newly createdvariablewith a domainand
we can specify relationshipsin termsof generic constraints. [16]
definea genericconstraint � as a constraintschema,wheremeta-
variables
�� actasplaceholdersfor concretevariablesof a specific
type � 2. In ourexamplethreetypesof problemvariablesexist, repre-
sentingtheeven( ��� ) andtheunevenrows ( ��� ) aswell asa type( ��� )
of countervariables( � ����� � ) for thenumberof instantiationsof each
type,which allows us to distribute theN-queensconstraintsamong
the agents.Therefore,eachagent ��	 posessesa setof privatecon-
straints���! , i.e., �"�$#&%('!� �!) �+* ) ��, ) ��- ) ��.0/ , �"�!12%('!��3 ) �+4 ) ��- ) ��.0/
and ���!52%6'7��8 ) �+9 ) � - ) � . / , thataredefinedasfollows:� �;:=< ��>�?@� �BA C % < �+>D?@� �@E C0F < ��>�?@� ��A C % < ��>�?@� �@E C0GIH , where< ��>�?@� C
is a predicatethatgivestheassignedvalueof variable� .
Informally, the numberof uneven rows may exceedthe numberof
evenrowsbyone.� * :=< ��>�?J
 � A CLK% < ��>�?J
 � E C
Notwoqueensonanevenandanunevenrowareallowedto take the
samecolumnvalue.� , : �NM!OP?JQR�S?@�JTVUNW!�X?J
 ��A C+Y �JTVUNW!�X?J
 �@E C�C+YZH0C[K%\�NM!OP? < ��>�?J
 ��A C+Y< ��>�?J
]� E C�C , where �^TVUNW0�_?@� C returnsa number � indicatingthat � is
the � �@` variableof its typeand �NM!OP?@T C is a predicatethat returnsthe
absolutevalueof T .
No two queenson an evenandan unevenrow are allowedto beon
thesamediagonal.��3 : 
 ��A� K%a
 ��A*cb < ��>�?J
 ��A� CLK% < ��>�?J
 ��A* C .
No two queenson unevenrowsare allowedto take thesamecolumn
value.� 4 : 
 ��A� K%d
 ��A*eb �NM7Of?JQI�g?@�^T�UNW!�X?J
 ��A� C;Y �JTVUNW!�X?J
 ��A* C�C�ChK%�NM!OP? < ��>�?J
 � A� CXY < ��>�?J
 � A* C�C .
Notwoqueensonunevenrowsare allowedto beon thesamediago-
nal.� 8 : 
 �@E� K%a
 �@E* b < ��>�?J
 �@E� C[K% < ��>�?J
 �@E* C .
No two queenson evenrowsare allowedto take the samecolumn
value.�+9 : 
 �@E� K%i
 �@E* b �NM!OP?JQj�a?@�^TVUNW!�X?J
 �@E� CLY �JTVUNW!�X?J
 �@E* C�CaK%�NM!OP? < ��>�?J
 �@E� CkY < ��>�?J
 �@E* C�C .
Notwoqueensonevenrowsareallowedto beonthesamediagonal.� - :=< ��>�?J
l��A Cnm � �@E G � ��AVo � . :=< �+>D?J
l��E Cpm � �@E G � ��A�o
Thelatter two constraintsdelimit thedomainof row variablesto the
total numberof rows.
Figure1 depictsthe initial situation,with a 0-queensproblem.The
customerrequestsagent� � to satisfytherequirementof findingaso-
lution containingat leasttwo unevenrows:�N���$q � : � � Asr Q o
Having added� ���$q � to thesetof privateconstraintsof agent� � , the
searchprocessstartsandthesolutionspaceis continuouslyextended
by the instantiationof additionalproblemvariables,until a solution
is found for a 4-queensproblemthat satisfiesall local constraints
of theagents.Thelinks betweentwo agentsindicatethat they share
variables,which is describedin moredetail later on. Thus,a solu-
tion to a generative constraintsatisfactionproblemrequiresnotonly
finding valid assignmentsto variables,but alsodeterminingthe ex-
actsizeof theproblemitself. In thesequelof thepaperwe definea
* Theexactsemanticsof genericconstraintsis given in Definition 2 in Sec-

tion 3.

modelfor thelocalconfiguratorsandwedetailextensionsto DisCSP
algorithms.
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Figure 1. Motivatingexample

3 Generative Constraint Satisfaction

In many applications,solvingis agenerativeprocess,wherethenum-
ber of involved components(i.e., variables)is not known from the
beginning.To representtheseproblemswe employ anextendedfor-
malismthatcompliesto thespecificsof configurationandothersyn-
thesistaskswhereproblemvariablesrepresentingcomponentsof the
final systemaregenerateddynamicallyaspart of the solutionpro-
cessbecausetheir total numbercannotbe determinedbeforehand.
The framework is calledgenerative CSP(GCSP)[5, 16]. This kind
of dynamicity extendsthe approachof dynamicCSP(DCSP)for-
malizedby Mittal andFalkenhainer[9], whereall possiblyinvolved
variablesareknown from thebeginning.This is neededbecausethe
activationconstraintsreasononthevariable’sactivity state.[10] pro-
posea conditionalCSPto modela configurationtask,wherestruc-
tural dependenciesin the configurationmodelareexploited to trig-
ger the activation of subproblems.Anotherclassof DCSPwasfirst
introducedby [3] whereconstraintscanbe addedor removed inde-
pendentlyof theinitial problemstatement.Thedynamicityoccuring
in a GCSPdifferentiatesfrom the onedescribedin [3] in the sense
thataGCSPis extendedin orderto find aconsistentsolutionandthe
latterhasalreadyasolutionandis extendeddueto influencefrom the
outsideworld (e.g.,additionalconstraints)thatnecessitatesfindinga
new solution.Herewegiveadefinitionof aGCSPthatabstractsfrom
theconfigurationtaskspecificformulationin [16] andappliesto the
wider rangeof synthesisproblems.

Definition 1 (Generative constraint satisfactionproblem(GCSP))
A generativeconstraint satisfactionproblemis a tupleGCSP(� , � ,�

, � ), where:

� � is thesetof problemvariablesof theGCSPand ���[��� is the
setof initially givenvariables.� � is thesetof genericconstraints.� � %�'!� � ) o7o7o ) ����/ is thesetof variable types��	 , where Uf����?���	 C
associatesthesamedomainto each variableof type ��	 , where the
domainis a setof atomicvalues.
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� For every type � 	�� � existsa countervariable � �� � � � that
holdsthenumberof variable instantiationsfor type ��	 . Thus,ex-
plicit constraints involving the total numberof variablesof spe-
cific typesandreasoningon thesizeof theCSPbecomespossible.� � is a total relationon ���S? � ) � C , where � is thesetof positive
integer numbers. Each tuple ?@� ) ?�� ) � C�C associatesa variable � �� with a uniquetype � � � and an index � , that indicates � is
the � �@` variable of type � . Thefunction ���0�
Wf?@� C accesses� and
returnsthe type � � � for � and the function �^T�UNW!�X?@� C returns
theindex of � .

By generatingadditionalvariables,a previously unsolvableCSPcan
becomesolvable,which is explainedby the existenceof variables
thathold thenumberof variables.
When modeling a configuration problem, variables representing
namedconnectionpointsbetweencomponents,i.e., ports, will have
referencesto other ports as their domain.Consequently, we need
variableswhosedomainvariesdependingon thesizeof a setof spe-
cific variables[16].

Example Given ���n��� asthe type of variablesrepresentingports
of modulesand � � ��  � as the type of port variables that are al-
lowed to connectto modules, thenthedomainof the port variablesUf����?�� � ��  � C mustcontainreferencesto modules. This is specifiedby
defining Uf����?�� � ��  � C %¡' H ) o7o¢o )�£ M!/ , where £ M is anupperboundon
thenumberof variablesof type � �n��� , andformulatinganadditional
genericconstraintthat restrictsall variablesof type � � ��  � usingthe
countervariablefor the total numberof variableshaving type � �n��� ,
i.e., < �+>D?J
 �¥¤7¦D§�¨ Csm � ��© ¦�ª . With the help of the �JTVUNW!�X? C function
concretevariablescanthenbereferenced.
Referring to our introductory example we can formalize the lo-
cal GCSPof agent � � (initially consistingonly of countervari-
ables � �  , their type ��� , andthe typesof row variables)as �«�$#Z%'0� ��¬ ) � �@E ) � �BA / , �"�$#[%­'!� � ) � * ) � , ) � - ) � . / , � �$#L%­'!� � ) � � ) � � / and�®�$#!%¯'f?@� �@¬ ) ?�� � ) H!C�C ) ?@� �@E ) ?�� � ) Q C�C ) ?@� ��A ) ?�� � )�° C�C / . The domainfor
evenandunevenrow variablesisconsequentlydefinedasUf����?�� � C %Uf����?���� C %\Uf����?���� C %6' H ) o7o¢o )�£ M!/ , wherethedomainsfor therow
variablesarelimited by thedomainconstraints(i.e., � - ) � . ).
Definition 2 (Generic constraint) A genericconstraint � � � for-
mulatesa restriction on the meta-variables± � ) o7o7o ) ±³² . A meta-
variable ± 	 is associateda variable type ���0�
Wf?J± 	 C � � andmust
beinterpretedasa placeholderfor all concretevariables �f´ , where���0�
Wf?@�N´ C %µ���0�
Wf?J±h	 C .
Note,thatgenericconstraintscanalsoformulaterestrictionson spe-
cific initial variablesfrom � � by employing the �^TVUNW0�_? C function.
Considerthe GCSP(� , � ,

�
, � ) and let � � � restrict the meta-

variables± � ) o¢o7o ) ± ² , where���$�¶WN?J±�	 C � � is thedefinedvariable
typeof themetavariable ± 	 .
Definition 3 (Consistencyof genericconstraints) Given an as-
signmenttuple · for the variables � , then � is said to be satisfied
under · , iff¸ � � ) o7o¢o ) �V² � � : ���0�
Wf?@� � C %¹���0�
Wf?J± � C»º o7o7o º ���0�
Wf?@�V² C %���0�
Wf?J± ² C b �k¼ ± � ½ ¾0¿ ) o¢o7o ) ± ² ½ ¾0À=Á is satisfiedunter · , where±h	 ½ ¾  indicatesthat themeta-variable±h	 is substitutedby thecon-
cretevariable �
	 .
Thusa genericconstraintmustbeseenasaconstraintschemethatis
expandedinto a setof constraintsafter a preprocessingstep,where
meta-variablesare replacedby all possiblecombinationsof con-
cretevariableshaving the sametype, e.g.,given a GCSPof agent� � (excludingcountervariables)with � �$# %Â'0� �7) �V* ) �¶,0/ , � �$# %

'7��� ) ���!/ and � �0# %Ã'N?@� �7) ?���� ) H!C�C ) ?@�V* ) ?���� ) H!C�C ) ?@�
, ) ?���� ) Q C�C / , the
satisfiability of the genericconstraint� * is checked by testingthe
following conditions:< ��>�?@� � CLK% < ��>�?@� * C o < ��>�?@� , C]K% < ��>�?@� * C o
Definition 4 (Solution for a generative CSP) Given a generative
constraint satisfactionproblemGCSP(��� , � ,

�
, ��� ), thenits solu-

tion encompassesthefindingof a setof variables � , typeandindex
assignments� andanassignmenttuple · for thevariablesin � , s.t.

1. for everyvariable � � � an assignment�I% < is containedin · ,
s.t. < � Uf�$�h?����0�
Wf?@� C�C and

2. everyconstraint � � � is satisfiedunder · and
3. � � ��� º � � �µ� .

Note, that we do not imposea minimality criterium on the number
of variablesin our solution,becausein practicalapplicationsdiffer-
entoptimizationcriteriaexist, suchastotal costor flexibility of the
solution,thusnon-minimalsolutionscanbepreferredover minimal
ones.
The calculatedsolution (excluding counter variables)for the lo-
cal GCSP of agent � � consists of � �$# % '0� � ) � * ) � , ) � 3 / ,� �$# %Ä'f?@� �!) ?���� ) H0C�C ) ?@�V* ) ?���� ) H!C�C ) ?@�
, ) ?���� ) Q C�C ) ?@�
3 ) ?���� ) Q C�C / and
theassignmenttuple � � %ÅQ , �
*Æ%�Ç , �
,Æ% H

and �¶3S% ° . Thus,� � ) o7o7o ) � 3 arethenamesof generatedvariables.
Note,thatnamesfor generatedvariablesareuniqueandcanberan-
domlychosenby theGCSPsolverimplementationandthereforecon-
straintsmustnot formulaterestrictionsonthevariablenamesof gen-
eratedvariables.Consequently, substitutionof any generatedvariable
(i.e., � � �­È_��� ) by anewly generatedvariablewith equaltype,in-
dex andvalueassignmenthasnoeffecton theconsistency of generic
constraints.Our GCSPdefinitionextendsthedefinitionfrom [16] in
the sensethat a finite set of variable types

�
is given and during

problemsolving variableshaving any of thesetypescanbe gener-
ated,whereasin [16] only variablesof a singletype,i.e.,component
variables,canbecreated.CurrentCSPimplementationsof configu-
rationsystems(e.g.,[7] [4]) useatypesystemfor problemvariables,
wherenew variableinstances,having oneof thepredefinedtypes,are
dynamicallycreated.This is only indirectlyreflectedin thedefinition
of [16] by thedomaindefinitionof componentvariables,which we
explicity representasa setof types.Furthermore,the definition of
genericconstraints doesnot enforcetheuseof a specificconstraint
languagefor theformulationof restrictions.ExamplesaretheLCON
languageusedin theCOCOSproject[16], or theconfigurationlan-
guageof theILOG Configurator[7].
Note, that the setof variables� canbe theoreticallyinfinite, lead-
ing to aninfinite solutionspace.For practicalreasons,solver imple-
mentationsfor a GCSPput a limit on the total numberof problem
variablesto ensuredecidabilityand finitenessof the searchspace.
ThiswayaGCSPis reducedto adynamicCSPandin furtherconse-
quenceto a CSP. A DCSPmodelseachsearchstateasa staticCSP,
wherecomplex activationconstraintsarerequiredto ensurethealter-
nateactivationof variablesdependingonthesearchstate.Thesecon-
straintsneedto be formulatedfor every possiblestateof theGCSP,
which leadsto combinatorialexplosionof concreteconstraints.Fur-
thermore,theformulationof largeconfigurationproblemsasaDCSP
is merelyimpracticalfrom theperspective of knowledgerepresenta-
tion, which is crucialfor knowledge-basedapplicationssuchascon-
figurationsystems.

4 DisCSPFramework

In ourframework, weareinterestedonly in algorithmsthatguarantee
a good/optimalsolution.Thefirst asynchronouscompletesearchal-
gorithm is AsynchronousBacktracking(ABT) [18]. [2] shows how
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ABT canbe adaptedto networks wherenot all agentscandirectly
communicateto one another. [6] makes the observation that ver-
sionsof ABT with polynomial spacecomplexity can be designed.
Theextensionof ABT with asynchronousmaintenanceof consisten-
cies,andasynchronousdynamicreorderingis describedin [12, 14].
[11] achievesanincreasedlevel of abstractionin DisCSPsby letting
nogoods(i.e. certainconstraints)consistof aggregates(i.e. setsof
variableassignments),insteadof simpleassignments.
We show how the basicDisCSPframework for ABT with exten-
sions for private constraints[11] can be applied to a scenarioof
distributedproductconfiguration.Therefore,improving the perfor-
manceof ABT with extensionsas referencedabove is straightfor-
ward.We summarizein the following thepropertiesof theABT al-
gorithm that guaranteeits correctnessandcompleteness[18]. Then
we applythis DisCSPframework to a scenariowhereeachagentlo-
cally solves a generative constraintsatisfaction task.Eachtime an
agentextendsthe solutionspaceof his local GCSPby creatingan
additionalvariable, the DisCSPsetting is transformedinto a new
DisCSPsetting,which againhas all propertiesrequiredby asyn-
chronoussearchto correctlyfunction.

4.1 AsynchronousSearch

Wesummarizethecharacteristicsof asynchronoussearchalgorithms
like ABT [18] andits extensions[11] for privateconstraints:

1. ÉÃ%Ê'!� � ) o7o7o ���¶/ is a setof T totally orderedagents,where ��	
haspriority over ��´ if �»ËhÌ .

2. Eachagent� ownsasetof localconstraints� � and � is interested
in thosevariablesthatarecontainedin its local constraints,called
local variables. A link exists betweentwo agentsif they sharea
variable,that is directedfrom the agentwith higher priority to
theagentwith lower priority. A link from agent� � to agent��* is
referedto asanoutgoinglink of � � andan incominglink of �+* .

3. An aggregate is a triplet ?@�N´ ) O!W7�^´ )�Í ´ C , where �N´ is a variable,O!W7�^´ asetof valuesfor �f´ and Í ´ is ahistoryof thepair ?@�f´ ) O!W7�^´ C ,
wherethe history marksthe aggregatewith the information re-
quiredfor a correctmessageordering(a counterin ABT).

4. Theview of anagent� is asetof theaggregatesfor thosevariables
agent� is interestedin.

5. Theagentscommunicateusingthe following typesof messages,
wherechannelswithout communicationlossareassumed:

� ok? message.Agentswith higherpriorities communicatevia
ok? messagesa proposalfor asetof variablesto lower priority
agents.Eachproposalis associatedwith a history, thatallows
therecipientto identify themostrecentmessage.� nogoodmessage.In casean agentcannotfind a proposalthat
doesnot violate its own constraintsandits storednogoods,it
generatesanexplanationundertheform of anexplicit nogoodÎ � . A nogoodcanbe interpretedasa constraintthat forbids
a combinationof valueassignmentsto a setof variables.It is
announcedvia a nogoodmessageto the lowestpriority agent
thathasproposedanassignment3 in � .� addlink message.It transportsa setof variables< �NÏPO , where
the receiver agentis informedthat the senderis interestedin
thevariables< ��Ï=O andfor every variablein < ��Ï=O a link is es-
tablishedfrom thehigherpriority agentto theagentwith lower
priority.

, aggregatein theAsynchronousAggregationSearch(AAS) algorithm[11]

6. A systemagent is a specialagentthat receivesthe subscriptions
of the agentsfor thesearch.Its taskis to decidetheorderof the
agents,initialize the links and announcethe terminationof the
search.

4.2 Framework for DisGCSP

A distributedconfigurationproblemis amulti-agentscenario,where
eachagentwants to satisfy a local GCSPand agentskeep their
constraintsprivate for security and privacy reasons,but shareall
variableswhich they areinterestedin. As constraintsemploy meta-
variables,the interestof anagentin variablesneedsto beredefined:

Definition 5 (Inter estin variables) An agent �=´ owning a localÐ]Ñ]ÒkÓ �7Ô ( �I�7Ô , �"�¢Ô ,� �7Ô , ���7Ô ) is said to be interestedin a variable� � �«�0Õ of anagent � ` , if thereexistsa genericconstraint � � ��� Ô
formulatinga restrictionon themeta-variables± � ) o¢o!o ) ± ² , where���0�
Wf?J±h	 C � � �7Ô is the definedvariable typeof the metavariable±�	 , and Ö�±h	 � ± � ) o7o7o ) ± ² : ���0�
Wf?@� C %µ���0�
Wf?J±h	 C .
Definition 6 (Distrib uted generative CSP) A distributed genera-
tive constraint satisfactionproblemhas the following characteris-
tics:

� É×%d'!� � ) o!o7o ) �+��/ is a setof T agents,wherebyeach agent ��	
ownsa local

Ð]Ñ]ÒØÓ �7 ( �«�! , �"�7 ,� �! , �®�7 ).� All variablesin Ù �	BÚ � �«�  andall typedenominators in Ù �	ÛÚ � � �  
share a commonnamespace, ensuringthat a symboldenotesthe
samevariable, resp.thesametype, with everyagent.� For every pair of agents � 	 ) � ´Z� É and for every variable � ��«�7Ô , where agent ��	 is interestedin � , musthold � � �«�  .� For everypair of agents ��	 ) ��´ � É andfor everysharedvariable� � � �  _Ü � �7Ô thesametypeandindex mustbeassociatedto �
in the local GCSPsof theagents,i.e., ���$�¶W �7 ?@� C %6���0�
W � Ô=?@� C_º�^T�UNW!� �  ¢?@� C %\�JTVUNW!� �7Ô ?@� C .

For everypairof agents� 	 ) � ´]� É andfor everysharedvariable� �� �  Ü � �7Ô a link mustexist thatindicatesthatthey sharevariable� .
The link mustbedirectedfrom theagentwith higherpriority to the
agentwith lower priority.

Definition 7 Givena distributedgenerative constraint satisfaction
problemamonga setof T agentsthenits solutionencompassesthe
findingof a setof variables �Ê%­Ù �	BÚ � �«�  , typeandindex assign-
ments�Ý%�Ù �	ÛÚ � � �  andan assignmenttuple ·«%�Ù �	BÚ � · �  for
everyvariablein � , s.t. for all agents � 	 : � �  ) � �  and · �  are a
solutionfor thelocal

Ð]Ñ]ÒkÓ �! of agent � 	 .
Remark A solution to a distributed generative CSP is also a
solution to a centralizedGCSP(Ù �	ÛÚ � �«�  , Ù �	BÚ � ���  , Ù �	BÚ � � �  ,Ù �	BÚ � ���  ).
Definition 8 (Generic aggregate) A generic aggregate is a unary
genericconstraint. It takestheform: ÞJ± ) � ) O )�Í
ß , where ± isa meta-
variable, � is a setof index valuesfor which theconstraint applies,O
is a setof valuesand Í is a historyof theaggregate.

Definition 9 (Generic nogood) A generic nogood takes the formÎ � , where � is a set of generic aggregates for distinct meta-
variables.

Given the characteristicsof a DisGCSP(seeDefinition 6) the links
canbeinitializedbeforethestartof thealgorithm,dueto thecommon
namingspacefor type denominatorsandthe conditionof a unique
typeandindex assignmentto variablesover all agents.
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Value assignmentsto variablesare communicatedto agentsvia
ok? messagesthat transportgeneric aggregates in our DisGCSP
framework, which representdomain restrictionson variablesby
unaryconstraints.Eachof theseunaryconstraintsin our DisGCSP
hasattachedanuniqueidentifiercalledconstraintreference( à¢Ï ) [13].
Any inferencehasto attachthe àáÏ s associatedto argumentsinto the
obtainednogood.We treattheextensionof thedomainsof thevari-
ablesasaconstraintrelaxation[13]. For this reasonweintroducethe
next featuresfor algorithmextensions:

� announcemessagebroadcastsatuple ?@� ) � ) � C , where� is anewly
createdvariableof type � andwith index � to all otheragents.The
receiving agentsdeterminetheir interestin variable � and react
dependingon their interestand priority in one of the following
ways (a) sendan addlink messagetransportingthe variableset'!��/ (b) addthesendingagentto its outgoinglinks or (c) discard
themessage.� domain messagebroadcastsa set

Ñ[â
of obsoleteconstraintref-

erences.Any receiving agentremovesall thenogoodshaving at-
tachedto thema constraintreferenceà¢Ï � Ñ[â . The receiver of
the messagecalls then the function check agent view() detailed
in [18], makingsurethatit hasaconsistentproposalor thatit gen-
eratesnogoods.� nogoodmessagestransportgenericnogoodsÎ � thatcontainas-
signmentsfor meta-variableinstances.Thesemessagesaremul-
ticastedto all agentsinterestedin Î � . An agentÉL	 is interested
in a genericnogoodÎ � if it hasinterestin any meta-variableinÎ � .� When an agentneedsto revoke the creationof a new variable
due to backtrackingin his local solving algorithm,he assignsit
a specificvaluefrom its domainindicatingthedeactivationof the
variableandcommunicatesit via anok? messageto all interested
agents.

In order to avoid too many messagesa broker agentcan be in-
troducedthat maintainsa static list of agentsand their interestin
variablesof specifictypescomparableto a yellowpagesservice.In
this casetheagentthatcreatedanew variablesonly needsto request
thebroker agentfor a list of interestedagentsanddoesnot needto
broadcastanannouncemessageto all agents.

Theorem1 Wheneveranexistingextensionof ABTis extendedwith
thepreviousmessagesandis appliedto DisGCSPs,theobtainedpro-
tocolsare correct,completeandterminate.

Proof: Let usconsiderthatweextenda protocolcalled
Ó

.
Completeness:All the generatedinformation resultsby inference.
If failure is inferred (when no new componentis available), then
indeednosolutionexists.
Termination: Without introducing new variables, the algorithm
terminates.Sincethe numberof variablesthat canbe generatedis
finite, terminationis ensured.
Correctness:The resulting overall protocol is an instanceof

Ó
,

wherethe delaysof the systemagentinitializing the searchequals
the time neededto insertall thevariablesgeneratedbeforetermina-
tion. Thereforethe resultsatisfiesall the agentsandthe solutionis
correct ã

5 Conclusions

Building on the definition of a centralizedconfigurationtask from
[16], weformally definedanew classof CSP, termedgenerativeCSP
(GCSP),thatgeneralizestheapproachesof constraint-basedconfigu-
ratorapplicationsin use[4, 7]. Theinnovative aspectsincludeanad-
ditional level of abstractionfor constraintsandnogoods.Constraints
and nogoodscan refer to typesof variables.Furthermore,we ex-
tendedGCSPto a distributedscenario,wherethisabstractionadapts
well DisCSPframeworksfor dynamicconfigurationproblems(but it
canbe usedin staticmodelsaswell). We have describedhow this
enhancementcanbenaturallyintegratedin a largefamily of existing
asynchronousalgorithmsfor DisCSPs.
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