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Abstract. Todays configuratorsare centralizedsystemsand do

not allow manugcturersto cooperateon-line for offer-generation
or sales-configuratior-However, supplychainintegrationof config-

urableproductsequireghecooperatiorof theconfiguratiorsystems
from the differentmanugcturersthatjointly offer solutionsto cus-

tomers.As a consequencehereis a high potentialfor methodshat

enablethe computationof suchconfigurationsy independenspe-
cializedagentsSeveralapproachet centializedconfiguratiortasks
arebasedon constraintsatistctionproblem(CSP)solving. Most of

themextendthe traditional CSPapproactin orderto complyto the

specificexpressiity and dynamismrequirementgor configuration
andsimilar synthesigasks.

The distributed generatie CSP (DisGCSP)framevork proposed
here builds on a CSP formalism that encompassethe geneative

aspecbof variablecreationand extensibledomainsof problemvari-

ables.It alsobuilds onthedistributed CSP(DisCSP)framework, al-

lowing for approacheto configuratiortaskswheretheknowledgeis

distributedover a setof agentsNotably, the notionsof constraintand

nogoodaregeneralizedo anadditionallevel of abstractionextend-

ing inferencego typesof variables Theusageof thenew framevork

is exemplified by describingmodificationsto somecompletealgo-

rithmsfor DisCSPwhentargetingDisGCSPs.

1 Intr oduction/Background

Theparadignof mass-customizatioallows customerso tailor (con-
figure)a productor serviceaccordingto their specificneedsj.e. the
customercanselectbetweerseveralfeaturesandoptionsthatshould
beincludedin the configuredproductandcandeterminghephysical
componenstructureof the personalizegroductvariant. Typically,
thereareseveraltechnicalandmarketingrestrictionson thelegal pa-
rameterconstellationandthe physicallayout. This led manugctur
ersto develop supportfor checkingthe feasibility of userrequire-
mentsandfor computinga consistensolution. This functionality is
provided by productconfigurationsystemgconfigurators)whereby
they have shavn to be a successfublpplicationareafor differentAl
techniqueg15] suchasdescriptionlogics[8], or rule-based1] and
constraint-basedolving algorithms.[4] describegheindustrialuse
of constrainttechniquedor the configurationof large and comple
systemssuchastelecommunicatiorswitchesand[7] is an example
of a pawerful tool basedon ConstraintSatishctionavailableon the
marlet.

However, companiesfind themseles in dynamically determined
coalitions with other highly specializedsolution providers that
jointly offer customizedsolutions.This high integration aspectof
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todaysdigital marlketsimplies that software systemssupportingthe

selling and configurationtask mustno longerbe conceved asstan-
dalonesystemsA productconfiguratorcanbe thereforeseenasan

agentwith privateknowledgethatactson behalfof its compary and
cooperatewith otheragentdo solve aconfiguratiortask.This paper
abstractghe centalized definition of a configurationtaskin [16] to

amoregeneraldefinition of a geneative CSPthatis alsoapplicable
to the wider rangeof synthesigproblems.Furthermorewe propose
aframework thatallows to addresdglistributedconfiguratiortasksby

extending DisCSPswith the innovative aspectsof local generatre

CSPs:

1. The constraints(and nogoods)are generalizedo a form where
they can dependon typesratherthan on identitiesof variables.
This alsoenablesaneleganttreatmenbf the next aspects.

2. Thenumberof variablesof certaintypesthatareactivein thelocal
CSPof an agent,may vary dependingon the stateof the search
processln the DisCSPframework, the external variablesexist-
ing in the systemarepredeterminedhut herethe setof variables
definingthe problemis determinediynamically

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

We also describethe interestingimpact of the previously men-
tionedchange®nasynchronoualgorithmsIn thefollowing we mo-
tivate our approachwith an example,Section3 definesa generatie
CSPandin Section4 distributedgeneratie CSPis formalizedand
extensiongo currentDisCSPframevorksarepresented.

2 Motivating example

For the purposeof illustration of our approachwe choseas exam-
ple domainthe well knovn N-queensproblem.The characteristics
of adistributedconfigurationproblemor similar distributed synthe-
sis tasksare integratedinto our N-queensscenario(a) partsof the
problem(i.e., variables)are sharedamongagentsand (b) the prob-
lemis dynamicallyextended(i.e., N is increased)if no solutioncan
be found. Adding additionalproblemvariablesleadsto domainex-
tensionsandthusto a larger search-andsolutionspace The goalis
to place N queenson distinct squaresn an N x N chesshoard,
where no two queensthreateneachother [17]. We formalize the
problemby making eachrow of the boarda problemvariablez;,
wherethe subscript ensuresiniquevariablenamesin adistributed
settingwe emplo threeagentseachowning a fraction of the con-
straintsnecessaryo solve the N-queensproblem.Furthermorewe
wantto shav the geneative aspecof problemsolvingin the exam-
ple, whereagentsstartwith a representatiof a 0-queengproblem
andspecificrequirement®n thefinal solutioncomingfrom outside.



Oncethe agentdeterminethat a solutioncannotbe found, they ex-
tendthe problemspaceby addingan additionalrow whichin conse-
guenceenlagesthe domainof row variablesby one. Sincethe ex-
act numberof problemvariablesis not knowvn from the beginning,
constraintscannotbe directly formulatedon concretevariables.In-
stead,comparableto programminglanguagesyariable types exist
thatallow to associatea newly createdvariablewith a domainand
we can specify relationshipsin termsof generic constaints [16]
definea genericconstrainty as a constraintschemawhere meta-
variablesVt actasplaceholdersor concretevariablesof a specific
typet. In our examplethreetypesof problemvariablesexist, repre-
sentingthe even (t.) andthe unevenrows (t,,) aswell asatype (t.)
of countervariables(z+,,.) for the numberof instantiationsof each
type, which allows usto distribute the N-queensconstraintsamong
the agents.Therefore,eachagenta; posessea setof private con-
straintsl**¢,i.e., It = {71a V2,773,778, 79}1 res = {745 V5,778, 79}
andI®? = {~s, 7,78, Y9}, thataredefinedasfollows:

7 :val(zy, ) = val(ze, ) Vval(ze, ) = val(z:,)+1, whereval(z)
is a predicatethatgivesthe assigned/alueof variablez.

Informally, the numberof uneven rows may exceedthe numberof
evenrowsby one

72 : val(Vi) # val(Vie)

Notwo queennan evenandanunevenrow are allowedto take the
samecolumnvalue

73 : abs(2 x (index(V**) —index(Vie)) —1) # abs(val (Vi) —
val(V'e)), whereindex(z) returnsa numberi indicatingthatz is
the*" variableof its type andabs(n) is a predicatethatreturnsthe
absolutevalueof n.

No two queensn an evenand an unevenrow are allowedto be on
the samediagonal.

ya: VI £V o val(Vi) # val (V).

No two queenson unevenrowsare allowedto take the samecolumn
value

vs Vv # Vi — abs(2 x (index(Vi*) — index(Vi*))) #
abs(val(V7™) — val(Vy™)).

Notwo queenn unevenrowsare allowedto be on the samediago-
nal.

Yo : V1© # Vo = val(Vi®) # val(Vy©).

No two queenson evenrows are allowedto take the samecolumn
value

yr o Vit £ Ve o abs(2 x (index(Vie) — index(Vi®)) #
abs(val(V}e) — wal(V}®)).

Notwo queennevenrowsare allowedto be onthesamediagonal.
78t val(V) < ze, + T4y y0 : val(Vie) < x4, + 4,

Thelatter two constaintsdelimit the domainof row variablesto the
total numberof rows.

Figurel depictstheinitial situation,with a 0-queengproblem.The
customerequestagenta; to satisfytherequiremenof findingaso-
lution containingat leasttwo unevenrows:

Yeust @ Tty > 2.

Having addedh..s: to the setof private constraintof agenta;, the
searchprocesstartsandthe solutionspacds continuouslyextended
by theinstantiationof additionalproblemvariables,until a solution
is found for a 4-queengroblemthat satisfiesall local constraints
of theagentsThelinks betweenwo agentsndicatethatthey share
variables,which is describedn moredetail later on. Thus, a solu-
tion to ageneratre constraintsatishctionproblemrequiresnotonly
finding valid assignmentso variables,but alsodeterminingthe ex-
actsizeof the problemitself. In the sequelof the paperwe definea

2 The exactsemantic®f genericconstraintgs givenin Definition 2 in Sec-
tion 3.

modelfor thelocal configuratorandwe detailextensiongo DisCSP
algorithms.

Figurel. Motivatingexample

3 Generative Constraint Satisfaction

In mary applicationssolvingis ageneative processywherethenum-
ber of involved componentgi.e., variables)is not known from the
beginning. To representheseproblemswe employ an extendedfor-
malismthatcompliesto the specificsof configurationandothersyn-
thesistaskswhereproblemvariablesepresentingomponentsf the
final systemare geneiated dynamicallyas part of the solution pro-
cessbecausdheir total numbercannotbe determinedbeforehand.
The frameawork is calledgenesrtive CSP(GCSP)[5, 16]. This kind
of dynamicity extendsthe approachof dynamic CSP (DCSP)for-
malizedby Mittal andFalkenhainef9], whereall possiblyinvolved
variablesareknown from the beginning. This is neededecauséehe
activationconstraintgeasoronthevariables actiity state[10] pro-
posea conditional CSPto modela configurationtask, wherestruc-
tural dependencie the configurationmodelare exploited to trig-
gerthe activation of subproblemsAnotherclassof DCSPwasfirst
introducedby [3] whereconstraintscanbe addedor removed inde-
pendentlyof theinitial problemstatementThe dynamicityoccuring
in a GCSPdifferentiatedrom the onedescribedn [3] in the sense
thata GCSPis extendedn orderto find a consistensolutionandthe
latterhasalreadya solutionandis extendeddueto influencefrom the
outsideworld (e.g.,additionalconstraintsjhatnecessitateinding a
new solution.Herewe give adefinitionof a GCSPthatabstractfrom
the configurationtaskspecificformulationin [16] andappliesto the
wider rangeof synthesigproblems.

Definition 1 (Generative constraint satisfactionproblem (GCSP))
A geneative constaint satisfactionproblemis a tuple GCSP(X, T',
T, A), whee:

e X isthesetof problemvariablesof theGCSPand X, C X isthe
setof initially givenvariables.

o I'isthesetof genericconstaints.

o T = {ti1,...,tn} is thesetof variable typest;, whee dom(t;)
associateshe samedomainto ead variable of typet;, whee the
domainis a setof atomicvalues.



e For everytypet; € T existsa countervariablez;, € Xy that
holdsthe numberof variable instantiationsfor typet;. Thus,ex-
plicit constaints involving the total numberof variablesof spe-
cific typesandreasoningnthesizeof the CSPbecomegossible

e AlisatotalrelationonX x (T, N), whee N is thesetof positive
integer numbes. Eadh tuple (z, (t,4)) associates variablez €
X with a uniquetypet € T andan index 7, that indicatesz is
the ;** variable of typet. Thefunctiontype(z) accesses\ and
returnsthetypet € T for z andthe functionindex(z) returns
theindex of z.

By generatingadditionalvariablesa previously unsohable CSPcan

becomesolvable, which is explainedby the existenceof variables
thathold the numberof variables.

When modeling a configuration problem, variables representing
namedconnectiorpointsbetweencomponentsi.e., ports, will have

referencedo other ports as their domain. Consequentlywe need
variableswhosedomainvariesdependingn the sizeof a setof spe-
cific variableq16].

Example Givent,,,q asthetype of variablesrepresentingorts

of modulesand t,,,+ as the type of port variablesthat are al-
lowed to connectto modulesthenthe domainof the port variables
dom(tport) Mustcontainreferenceso modulesThis s specifiedby
definingdom(tport) = {1, ..., ub}, whereub is anupperboundn
the numberof variablesof typet.,..q, andformulatinganadditional
genericconstraintthat restrictsall variablesof type t,o-+ Usingthe
countervariablefor the total numberof variableshaving type t..od,
i.e., val(Vtrert) < x4 . With the help of the index() function
concretevariablescanthenbereferenced.
Referring to our introductory example we can formalize the lo-
cal GCSPof agenta; (initially consistingonly of countervari-
ablesz,,, their type t., andthe typesof row variables)as X! =
{mtca Ttey; Tty }v re = {717 Y2, 73,78, 79}1 T = {t07 te, tu} and
A%t= {(-’I?tc,(tc, 1)),($te,(tc, 2)): (xtu a(tca 3))} The domainfor
evenandunevenrow variabless consequentlgefinedasdom(te) =
dom(t,) = dom(t.) = {1, ..., ub}, wherethedomainsfor therow
variablesarelimited by thedomainconstraintgi.e.,vs, vo).

Definition 2 (Generic constraint) A genericconstainty € T for-
mulatesa restriction on the meta-variablesM,, . .., M. A meta-
variable M; is associatedh variable typetype(M;) € T and must
beinterpretedas a placeholderfor all concetevariablesz;, whee
type(z;) = type(M;).

Note,thatgenericconstraintcanalsoformulaterestrictionson spe-
cific initial variablesfrom X by emplg/ing theindex() function.
Considerthe GCSPX, T', T, A) andlety € T restrictthe meta-
variablesM,, ..., My, wheretype(M;) € T is thedefinedvariable
type of the metavariable M;.

Definition 3 (Consistencyof genericconstraints) Given an as-
signmentuple # for the variables X, then+ is said to be satisfied
underd, iff

VZa,...,zx € X : type(zs) = type(Ma) A ... A type(zr) =
type(My) — [Malza,---, Mk|z,] is satisfiedunter 6, whee
M;|.; indicatesthatthe meta-variable); is substitutedy the con-
cretevariablez;.

Thusagenericconstrainimustbe seenasa constrainischemehatis
expandednto a setof constraintsafter a preprocessingtep,where
meta-ariablesare replacedby all possiblecombinationsof con-
cretevariableshaving the sametype, e.g.,given a GCSPof agent
a1 (excluding countervariables)with X' = {z, z2,z3}, T =

{tu,te} and A%t = {(z1, (tu, 1)), (z2, (te, 1)), (zs3, (t, 2))}, the
satisfiability of the genericconstrainty, is checled by testingthe
following conditions:wal(x1) # val(x2). val(zs) # val(x2).

Definition 4 (Solution for a generative CSP) Given a geneative
constaint satisfactionproblemGCSPX,, T', T, Ao), thenits solu-
tion encompassebefinding of a setof variables X, typeandindex
assignmenta\ andan assignmentuplef for thevariablesin X, s.t.

1. for everyvariablez € X anassignment = v is containedn 6,
s.t.v € dom(type(z)) and

2. everyconstainty € I is satisfiedunderé and

3. XoCXAAg CA.

Note, that we do notimposea minimality criterium on the number
of variablesin our solution,becauseén practicalapplicationgdiffer-
entoptimizationcriteria exist, suchastotal costor flexibility of the
solution,thusnon-minimalsolutionscanbe preferredover minimal
ones.

The calculatedsolution (excluding counter variables)for the lo-
cal GCSP of agenta; consistsof X = {z1,z2,%3, 24},
A" = {(mla (tu: 1)),($2, (tea 1)):($3: (tu’ 2))’('7"4’ (te: 2))} and
theassignmentuplez; = 2, z2 = 4, 3 = 1 andx4 = 3. Thus,
x1,. .., z4 arethenamesof geneatedvariables.
Note,thatnamedor generatediariablesare uniqueandcanbe ran-
domlychoserby the GCSPsolverimplementatiorandthereforecon-
straintsmustnot formulaterestrictionson thevariablenameof gen-
eratedvariablesConsequentlysubstitutiorof any generatedariable
(i.e.,xz € X \ Xo) by anewly generatedariablewith equaltype,in-
dex andvalueassignmenhasno effect on the consisteng of generic
constraintsOur GCSPdefinition extendsthe definitionfrom [16] in
the sensethat a finite set of variabletypesT is given and during
problemsolving variableshaving ary of thesetypescanbe gener
ated,whereasn [16] only variablesof a singletype,i.e.,component
variablescanbe created CurrentCSPimplementation®f configu-
rationsystemge.g.,[7] [4]) useatypesystentor problemvariables,
wherenew variableinstanceshaving oneof thepredefinedypes,are
dynamicallycreatedThisis only indirectly reflectedn thedefinition
of [16] by the domaindefinition of componentwariables which we
explicity representasa setof types.Furthermorethe definition of
genericconstaints doesnot enforcethe useof a specificconstraint
languagédor theformulationof restrictions Examplesarethe LCON
languageusedin the COCOSproject[16], or the configurationlan-
guageof the ILOG Configurator{7].

Note, thatthe setof variablesX canbe theoreticallyinfinite, lead-
ing to aninfinite solutionspaceFor practicalreasonssolverimple-
mentationgor a GCSPput a limit on the total numberof problem
variablesto ensuredecidability and finitenessof the searchspace.
Thisway a GCSPis reducedo adynamicCSPandin furtherconse-
guenceto a CSR A DCSPmodelseachsearchstateasa staticCSR
wherecomplex activationconstraintarerequiredio ensurehealter
nateactivationof variablesdependingnthesearchstate Thesecon-
straintsneedto be formulatedfor every possiblestateof the GCSR
which leadsto combinatorialexplosionof concreteconstraintsFur-
thermoretheformulationof large configuratiorproblemsasa DCSP
is merelyimpracticalfrom the perspectie of knowledgerepresenta-
tion, whichis crucialfor knowledge-baseadpplicationssuchascon-
figurationsystems.

4 DisCSPFramework

In ourframework, we areinterestednly in algorithmsthatguarantee
agood/optimalsolution. Thefirst asynchronousompletesearchal-
gorithmis AsynchronousBacktracking(ABT) [18]. [2] shavs how



ABT canbe adaptedo networks wherenot all agentscandirectly
communicateto one another [6] makes the obsenration that ver-
sionsof ABT with polynomial spacecompleity canbe designed.
Theextensionof ABT with asynchronoumaintenancef consisten-
cies,andasynchronouslynamicreorderingis describedn [12, 14].
[11] achieesanincreasedevel of abstractiorin DisCSPshy letting
nogoods(i.e. certainconstraints)consistof aggregates(i.e. setsof
variableassignmentsjnsteadof simpleassignments.

We shav how the basic DisCSPframevork for ABT with exten-
sionsfor private constraints[11] can be appliedto a scenarioof
distributed productconfiguration.Therefore ,improving the perfor
manceof ABT with extensionsas referencedabove is straightfor
ward. We summarizean the following the propertiesof the ABT al-
gorithmthat guaranteets correctness&ndcompletenes§l8]. Then
we applythis DisCSPframevork to a scenariovhereeachagentio-
cally solves a generatie constraintsatishction task. Eachtime an
agentextendsthe solution spaceof his local GCSPby creatingan
additional variable, the DisCSPsettingis transformedinto a new
DisCSPsetting, which againhas all propertiesrequiredby asyn-
chronoussearcho correctlyfunction.

4.1 AsynchronousSearch

We summarizehecharacteristicef asynchronousearchalgorithms
like ABT [18] andits extensiond11] for privateconstraints:

1. A = {a1,...as} is asetof n totally orderedagentswherea;
haspriority overa; if ¢ < j.

2. Eachagenta ownsasetof local constraintd™ anda is interested
in thosevariablesthatarecontainedn its local constraintscalled
local variables A link exists betweentwo agentsif they sharea
variable,that is directedfrom the agentwith higher priority to
the agentwith lower priority. A link from agenta; to agenta is
referedto asanoutgoinglink of a; andanincominglink of a».

3. An aggrgateis a triplet (z;, set;, h;), Wherez; is a variable,
set; asetof valuesfor z; andh; is ahistoryof thepair (z;, set;),
wherethe history marksthe aggreyate with the information re-
quiredfor a correctmessagerdering(a counterin ABT).

4. Theview of anagenta is asetof theaggregjatesfor thosevariables
agenta is interestedn.

5. The agentscommunicatausingthe following typesof messages,
wherechannelsvithout communicatiorfossareassumed:

e 0k? messageAgentswith higher priorities communicatevia
ok? messagea proposafor asetof variablesto lower priority
agents Eachproposalis associatedvith a history thatallows
therecipientto identify the mostrecentmessage.

e nogoodmessageln casean agentcannotfind a proposalthat
doesnot violate its own constraintsandits storednogoodst
generatesin explanationunderthe form of an explicit nogood
- N. A nogoodcanbe interpretedas a constraintthat forbids
a combinationof value assignment$o a setof variables.It is
announcediia a nogood messagéo the lowestpriority agent
thathasproposedanassignmeritin N.

e addlink messagelt transportsa setof variablesvars, where
the recever agentis informed that the senderis interestedn
the variablesvars andfor every variablein vars alink is es-
tablishedfrom the higherpriority agentto theagentwith lower
priority.

3 aggreatein the AsynchronousAggregationSearch(AAS) algorithm[11]

6. A systemagentis a specialagentthat recevesthe subscriptions
of the agentsfor the searchlts taskis to decidethe orderof the
agents,initialize the links and announcethe terminationof the
search.

4.2 Framework for DisGCSP

A distributedconfigurationproblemis a multi-agentscenariowhere
eachagentwantsto satisfy a local GCSP and agentskeep their
constraintsprivate for security and privagy reasonsput shareall
variableswhich they areinterestedn. As constraintsemploy meta-
variablestheinterestof anagentin variablesneedgo beredefined:

Definition 5 (Inter estin variables) An agent a; owning a local
GCSP% (X% "% T% ,A%) is said to be interestedin a variable
x € X ofanagentay, if there existsa genericconstainty € I'%J
formulatinga restrictionon the meta-variables\/,, . . . , My, whee
type(M;) € T is the definedvariable type of the metavariable
M;,and3aM; € M,, ..., My : type(x) = type(M;).

Definition 6 (Distrib uted generative CSP) A distributed genea-
tive constaint satisfactionproblemhas the following characteris-
tics:

e A = {ai1,...,a,} is a setof n agents,wheebyead agent a;
ownsalocal GCSP% (X% % T% A%),

e Allvariablesin | J;_, X andall typedenominatasin | J;"_, 7%
shae a commormamespaceensuringthat a symboldenoteghe
samevariable resp.the sametype with everyagent.

o For everypair of agentsa;,a; € A andfor everyvariablez €
X%, whee agenta; is interestedn x, mustholdxz € X%:.

e For everypair of agentsa;, a; € A andfor everyshaedvariable
z € X% N X% thesametypeandindex mustbeassociatedo z
in thelocal GCSPwf the agents,i.e., type® (z) = type®i (z) A
index® (z) = index® ().

Forevery pairof agentsi;, a; € A andfor every shared/ariablex €

X% N X% alink mustexist thatindicateshatthey sharevariablezx.

The link mustbe directedfrom the agentwith higherpriority to the

agentwith lower priority.

Definition 7 Givena distributed geneative constaint satisfaction
problemamonga setof n agentsthenits solutionencompassethe
findingof a setof variablesX = U?=1 X% typeandindex assign-
mentsA = [J;_, A% andan assignmentupled = J;_, 6 for

everyvariablein X, s.t.for all agentsa; : X%, A% and#*: area

solutionfor thelocal GC'SP*: of agenta;.

Remark A solution to a distributed generatie CSP is also a
solution to a centralizedGCSP(J;" | X%, (J;_, T'*, U;_, T*,
A%,
i=1

Definition 8 (Generic aggregate) A generic aggregate is a unary
genericconstaint. It takestheform: (M, 4, s, h), where M isameta-
variable 7 is a setof index valuesfor which the constaint applies,s

is a setof valuesandh is a history of the aggregate

Definition 9 (Genericnogood) A generic nogood takes the form
- N, whee N is a set of generic aggregates for distinct meta-
variables.

Giventhe characteristicef a DisGCSP(seeDefinition 6) the links
canbeinitialized beforethestartof thealgorithm,dueto thecommon
namingspacefor type denominatorsandthe conditionof a unique
typeandindex assignmento variablesover all agents.



Value assignmentgo variablesare communicatedto agentsvia
ok? messageshat transportgeneric aggregatesin our DisGCSP
framework, which representdomain restrictionson variables by
unary constraintsEachof theseunary constraintsn our DisGCSP
hasattachea@nuniqueidentifiercalledconstrainreferencécr) [13].

Any inferencehasto attachthe crs associatedo argumentsinto the
obtainednogood.We treatthe extensionof the domainsof the vari-

ablesasa constraintrelaxation[13]. For this reasorwe introducethe
next featuredor algorithmextensions:

e announcemessagéroadcastatuple(z, t, ), wherez is anewly
createdvariableof typet andwith index ¢ to all otheragentsThe
receving agentsdeterminetheir interestin variablez andreact
dependingon their interestand priority in one of the following
ways (a) sendan addlink messagdransportingthe variable set
{z} (b) addthe sendingagentto its outgoinglinks or (c) discard
themessage.

e domain messagéroadcasta setC R of obsoleteconstraintref-
erencesAny receving agentremovesall the nogoodshaving at-
tachedto thema constraintreferencecr € CR. Therecever of
the messagecalls then the function chedc agentview() detailed
in [18], makingsurethatit hasa consistenproposabr thatit gen-
eratenogoods.

e nogoodmessagetransportgenericnogoods— N thatcontainas-
signmentsfor meta-ariableinstancesThesemessagesare mul-
ticastedto all agentsinterestedn —IN. An agentA; is interested
in agenericnogood- N if it hasinterestin ary meta-ariablein
-N.

e When an agentneedsto revoke the creationof a new variable
dueto backtrackingin his local solving algorithm, he assignsit
aspecificvaluefrom its domainindicatingthe deactvation of the
variableandcommunicate# via anok? messagéo all interested
agents.

In order to avoid too mary messages broker agentcan be in-
troducedthat maintainsa static list of agentsand their interestin
variablesof specifictypescomparabldo a yellow pagesservice.ln
this casetheagentthatcreateda new variablesonly needgo request
the broker agentfor a list of interestedagentsand doesnot needto
broadcastnannouncemessag¢o all agents.

Theorem 1 Wheneger anexistingextensiornof ABTis extendedwith
thepreviousmessgesandis appliedto DisGCSPstheobtainedpro-
tocolsare correct,completeandterminate

Proof: Let usconsiderthatwe extenda protocolcalled P.
CompletenessAll the generatednformation resultsby inference.
If failure is inferred (when no nev components available), then
indeedno solutionexists.

Termination: Without introducing new variables, the algorithm
terminates.Sincethe numberof variablesthat canbe generateds
finite, terminationis ensured.

Correctness:The resulting overall protocol is an instanceof P,
wherethe delaysof the systemagentinitializing the searchequals
thetime neededo insertall the variablesgeneratedeforetermina-
tion. Thereforethe resultsatisfiesall the agentsandthe solutionis
correctd

5 Conclusions

Building on the definition of a centralizedconfigurationtask from
[16], we formally definedanew classof CSRtermedgeneratie CSP
(GCSP)thatgeneralizesheapproachesf constraint-basedonfigu-
ratorapplicationsn use[4, 7]. Theinnovative aspectsncludeanad-
ditional level of abstractiorfor constraintandnogoodsConstraints
and nogoodscan refer to typesof variables.Furthermorewe ex-
tendedGCSPto adistributedscenariowherethis abstractioradapts
well DisCSPframenorksfor dynamicconfigurationproblems(but it
canbe usedin staticmodelsaswell). We have describedhow this
enhancemerdanbe naturallyintegratedin alargefamily of existing
asynchronoualgorithmsfor DisCSPs.
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