1 INTRODUCTIONImperative modeling, or classical geometricmodeling, is practiced by giving all the characteristicsof the scene in order to construct it. The main drawbackof this approach is to oblige the user of the geometricmodeler to spend an expensive amount of time toprovide these informations to the modeler. The usermust have a complete knowledge about the sceneand its different parts, from the coordinates of eachpoint to the complete spatial structure of each object.No room and no support are provided in this modelerto maintain some useful information like nongeometric information and very useful informationlike logical structure of the scene˚: relationshipsbetween the different parts of the scene.A response to this failure is to define a declarativeway to handle geometrical informations and to usethe logical informations in order to construct thescene.So, the user provides a description of the scene, madefrom properties applied on the different elements ofthe scene he wants to obtain and this description isused by the modeler to construct the scene satisfyingthe description.This is the purpose of the so-called �DeclarativeModeler� : freeing the user from giving all the detailsof the scene and letting him reach a more abstractOBJECT ORIENTED CONSTRAINT SATISFACTION FORHIERARCHICAL DECLARATIVE SCENE MODELINGPierre-Fran�ois Bonnefoi, Dimitri PlemenosMSI Laboratory, 83 rue d�Isle, 87000 Limoges FRANCEE-mail : bonnefoi, plemenos@unilim.frABSTRACT Declarative modeling transforms deeply the task of scene designing by adding to it flexibility, and morecreativity and by being more user-friendly. However it�s difficult to generalize its use, because it requirestoo much processing time and memory. The way to improve this is to use the most suited and efficientmethod from constraint logic programming, to deeply study the declarative modeler in order to exploit alluseful informations that it can provide.The defined framework must be implemented with extensibility, scalability and robustness in order to useit as base for fast implementation of new techniques, to study the influences of these techniques on themodeler process and their combination in order to achieve the best reduction of needed work for obtaininga scene.KEYWORDS: Declarative Modeling, Constraint Logic Programming, Object Oriented Programming.of the scene and letting him reach a more abstractlevel of description, combining logical informationto ensure that a produced scene fulfil them, generatingcreative scenes from the description that could beimprecise.This new type of modeler is studied through a specialand very efficient form of declarative modeler : thedeclarative modeler by hierachical decomposition andits implementation, MultiFormes.In this paper a framework to study declarativemodeling is described and some encouraging resultsare provided. This framework is based on the use ofConstraint Logic Programing and Object Orientedmethod in order to implement a powerful ameliorationof the process of generating solution scene.2DECLARATIVE SCENE MODELING BYHIERARCHICAL DECOMPOSITION2.1Declarative modeling and modeled objectsDeclarative modeling allows the user to define scenesby giving some high level properties of them andletting the solver of the modeler the task to generateall the scenes verifying the given properties.In our approach, scenes are constituted of �objects�given basically by their bounding boxes (some otherfeatures could be associated like texture, color,˚�).Each one of these boxes is defined by three variables for spatial location (X, Y and Z) and three othersrepresenting the width, the height and the depth (W,H and D) of the box.In order to allow computation of all possibilities, thedifferent variables characterizing the scene must takea finite number of values (a bounded set of integersfor example). So, we can expect that all of thecombinations of all the variables will be computedin an acceptable amount of time.2.2The hierarchical decompositionIn MultiFormes an improved technique of declarativemodeling was initiated, so-called declarativemodeling by hierarchical decomposition ([Pleme95]).This technique employs top-down description andcriteria of complexity to partition the scene in varioussub-scenes. When a scene is too difficult to describewith the language recognized by the modeler, it ispartitioned into two or more sub-scenes easier todescribe, in accordance with the logical and spatialstructure of the whole scene. The same descriptionprocess is applied to each of produced sub-scenes.A scene is easy to describe if it is formulated by asmall amount of properties which can actually besize properties (higher than deep, as wide as high,�) or form properties (elongated, very rounded, �).When a scene is decomposed into sub-scenes, it ispossible to enounce relationships between its differentsub-scenes: placement properties (centered in, puton, pasted on the left, �) or size properties(comparison of the dimensions of two sub-scenes:higher than, deeper than, �).

BuildingHouseHigherThanDeepHigherThanWideRoofRoundedTop-at-80%PutOnWallsHigherThanWidePasteToLeftWOGarageDeeperThanHigh

Fig.1˚�˚An example of hierarchical descriptiongiving a tree: The hierarchical decomposition tree.The final user description (see Fig.1) is translated bythe modeler into an internal model made up of a setof Prolog-like rules and facts.The major advantage of declarative modeling byhierarchical decomposition is the ability to specify ascene at different levels of detail. This fact:— enables the designer to express scenes in a gradualmanner,— enforces the locality of the description (thedesigner�s scope is focused on explaining a part ofthe whole scene without thinking about other parts)— allows factorizing of the properties,— induces relationships between a scene and its sub-scenes (inheritance of constraints for a node from itsparent: the bounding box of each sub-scene is includedin the bounding box of the scene from which itarises).2.3Some concerns about MultiFormes¥All possibilities must be explored to design a scenefrom its description When the designer enters adescription in the modeler, he expects to obtainall occurrences of scenes filling his description.¥All of the properties in MultiFormes are translatedinto numeric constraints upon discrete workspacesolved by exploration of all possible values. Thisassumption is due to the use of a set of numericvariables to characterize a scene and to a necessarydecreasing of range to explore for each of thesevariables. Each property is translated into a set ofconstraints. Each constraint has to be satisfied withthe values chosen for the variables appearing inthe constraint.¥ Only linear constraints are applied at one time(non-linear are delayed until a complete solutionhas been reached). After a solution has been found,then the non-linear expressions (form propertiesused to deform set bounding boxes) arecomputed.3CONSTRAINT SATISFACTIONTECHNIQUESEach of the properties used to express relationshipsbetween the different elements of the problem handledby MultiFormes (each sub-scene and associatedvariables) can be expressed by arithmetic constraints,more specifically by linear arithmetic constraintsexcept for the shape constraints that are non-linear(this sub-scene has its top rounded at 80% forexample).The whole problem, that MultiFormes tries to resolvefor obtaining solution scenes, can be thought in theconstraint logic programing paradigm.3.1Introducing Arc-consistencyIn MultiFormes, all properties are translated into setsof constraints over a discrete domain and the modeleris based on a Prolog-like process. This is the scopeof the CLP (Constraint Language Programming),hence methods used in this domain could be integratedin MultiFormes.A first proposition is to use arc-consistency,[Mackw77] [Kumar92], to enhance solvingconstraints, because constraints used are applied tofinite ranges of values.

The expected gain is to achieve efficient intervaldecreasing, by filtering values of the various intervalswith the information given by the constraint appliedto these intervals.The variables are viewed as nodes and a constraintapplied on two variables as an arc between the twoconnected nodes. A graph is obtained illustrating therelationships between variables, the link establishedrepresenting a way to check satisfiability of theserelationships, by carefully examining all values thatcould be taken by the two nodes; this introduces the�arc-consistency� concept. The �node consistency�is achieved by checking correctness of unaryconstraints (a special case rarely encountered inMultiFormes) and extracting inconsistent values fromthe interval of the constrained variable.Arc Consistency: Arc (Vi, Vj) is arc consistent if forevery value x in the current domain of Vi, there issome value y in the domain of Vj such that Vi =xand Vj =y is permitted by the binary constraintbetween Vi and Vj. The concept of arc-consistency isdirectional; i.e., if an arc (Vi,Vj) is consistent, thenit does not automatically mean that (Vj,Vi) is alsoconsistent.The method for achieving arc-consistency is to selecteach arc of the graph, and then filter any inconsistentvalues from each interval involved by the constraint(with one node and the other to accomplishbidirectional checking) and, in case of intervalmodification, propagate this modification to all otherarcs affected (i.e. all the arcs sharing the alterednode).3.2CLP(FD)A specific and powerful method to enforce arc-consistency has been introduced by CLP(FD) for theCSP (Constraint Satisfaction Problem). This wasoriginally proposed by Pascal Van Hentenryck([Hente89], [CD96]). CLP(FD) is based on use ofthe AC-5 algorithm and of a single primitive constraintover finite domains �X in r�, where �X� is a variablethat takes its values in a finite domain and �r� arange, that are expressed in a special form usingindexical terms (referring infomation about a rangefrom another variable), and/or arithmetic terms. Theseterms are constructed by using indexicals: min(X),max(X), dom(X), val(X), arithmetic operators (+, -,*), integer values and their combinations to generatearithmetic expressions.The set of all primitive constraints applied is calledthe Store. In the store each variable appears onlyonce: X in r1 & r2 & � & rn, where r1, r2, �, andrn are ranges and �&� denote the intersection functionbetween ranges.More precisely, each variable has a syntactic range(unions of ranges expressed with indexicals) and aconstant range (1..10 for example). For each additionof a new constraint to a variable, the range given bythe constraint is calculated: each one of the syntacticranges is determined and their union performed toget a constant range, which is combined with thecurrent constant range of the variable into a newcurrent constant range. The syntactic range is alsoadded to the variable in an unmodified form for futureevaluation (when an indexical appearing in the rangeis changed and new constant range is obtained).If the interval of the variable has been changed, theindexicals that could have been modified (min, max,dom or val) are searched. The primitive constraintsthat use the changed indexicals are checked too(�Forward Checking�scheme).New possible modifications could be propagated(�Look Ahead� scheme), until a fix point has beenreached with no more range modification, or until anempty range is produced by failing to satisfy aconstraint.3.3 Implementing a solver for the �X˚in˚r�constraintThe constraint solving is performed by adding a newprimitive constraint to the store and by calculatingthe new range of the affected variable. The addedconstraint is expressed with a syntactic or constantrange. In the case of a syntactic range, the constantrange produced by the application of the constraintto the variable, has to be calculated. This must occurin an empty store (i.e. with no syntactic constraint inorder to avoid loops through indexicals browsing).Next, the constant range is combined with the currentconstant range of the variable in order to produce thenew constant range for the variable.Arc-consistency alone is not sufficient to calculate asolution, so an exploration of constant range is needed.This is done by adding constraint like �X in {x}�where {x} is a singleton, to force the variable to takea single value in its domain. If the selected valuefails, another value has to be tried instead. The methodis divided in two phases: the first phase is propagatingthe modifications produced by an added constraint.The goal of the the second phase is to investigate theconstant range of all variables.A solution is obtained when all variable ranges arereduced to a single value. An error is obtained if arange becomes empty (it is detected in the firstphase).In the modeler, a trail stack must be used to memorizeprevious states of the range for each variable duringdomain exploration (for backtracking).3.4Translating user constraints into primitiveconstraintsThe purpose of this translation is to reduce the neededeffort for the �designer programmer� to describe new properties to be used in the modeler and to extendits capabilities. The goal is to find a way of expressingnew properties in a declarative manner.A property is given like a set of numeric constraints,and each of these constraints has to be analyzed toproduce the related primitive constraints. Each ofthese constraints must be in �normal form�.A primitive constraint expression must be applied toeach variable appearing in the initial expression.Thus �X=Y+Z� gives:Xinmin(Y)+min(Z)..max(Y)+max(Z)Yinmin(X)-max(Z)..max(X)-min(Z)Zinmin(X)-max(Y)..max(X)-min(Y)4 CONSTRAINT SATISFACTION FORHIERARCHICAL DECLARATIVEMODELING4.1Decomposition of the resolution processThe resolution process is decomposed in twophases˚:the first phase is responsible to handle constraints˚:¥adding a constraint to a variable¥evaluating the new range of the variable¥propagating the induced modifications to othervariables¥checking for the entailment of the added constraint(no modified range becomes empty)The second phase is responsible to enumerate all thepossible values that could be taken by the variables.This enumeration is performed by :¥applying a constraint to the chosen variable inorder to reduce its range to a single value,¥using the first phase to check for compatibility ofthis value with previously instanciated variablesand reducing the ranges of other non instanciatedvariables.4.2Processing orderThe resolution process requires an order to be definedto handle the elements involved.So, to construct a solution scene, each variable isexplored one after another until all variables areinstanciated or ground.The order of this exploration has to be carefullychosen; it greatly affects the amount of time requiredto determine a solution.This order can be defined in different manners and ischaracterized by the elements on which it is applied.These elements could be single elements of theresolution process (a variable, a constraint, a sub-scene, a level of the hierarchical decomposition tree,�), or a set of elements (all the sub-scenes of thesame level, all the variables associated to the samesub-scene, �).Each of these manners is defined :¥by detecting similarities between elementsinvolved in the resolution process in order to groupthem and define an order between these sets (thevariables describing the same bounding-box, thevariables from the same level of the hierarchicaldecomposition tree, the constraints applied on thesame variable, the constraints deriving from thesame property of MultiFormes, variables appearingin the same constraint, �),¥by analyzing constraints (number of constraintsapplied on the same variable, constraints appliedon variables of the same sub-scene, on variablesfrom different sub-scenes, �),¥by noticing meta-knowledge about theorganization of the constraints induced byhierarchical decomposition of a scene˚: hierachical(or precedence relationships) between constraints,total independence between variables (noconstraints applied between elements of two sub-trees in other place than the common ancestornode), constraints about the bounding boxassociated to a node of the hierachicaldecomposition tree and all of its children (allchildren bounding boxes are included in the parentbounding box).4.3Methods for improving resolution process4.3.1The rule of the �fail first�A common rule for improving constraint resolutionis to try to reach a possible failure faster ([Tsang93]).This is obtained by exploring first the minimal set ofvalues that can be taken by an element. In fact, if forany group of elements a failure is possible, so, theminimal set of values permits to reach this failurefaster.Another way is to choose the most constrainedelement, in order to reach failure faster, by awakingand propagating the modifications of the biggestnumber of constraints.These different heuristics could be used to defineorder between variables and are determineddynamically during the resolution process. Themagnitude of improvement of the resolution processis limited because the elements involved are reducedto variables. They could possibly be scaled to sets ofvariables too, but they don�t provide any usefulinformation to group variables in sets.4.3.2The hierachical decomposition tree as guidefor resolution processThe hierarchical decomposition tree is the first usefulinformation in order to construct the order to explorevariables. At each node of the tree (a sub-scene) areassociated sets of variables, a set of local constraints(applied to the variables of the same sub-scene) andglobal constraints (applied on variables from differentsub-scenes and expressed on the common ancestor node). The strongest law of ordering resolution is toensure that local constraints are satisfied beforechecking globals constraints, and due to thedecomposition nature (each bounding box, and theirassociated range of values, is included in the parentbouding box) the constraints associated to a nodehave to be satisfied before checking for the satisfactionof the constraints associated to the children nodes.So, the decomposition tree could be seen as the graphof precedence between sets of constraints.A depth-first search is the natural way of exploringthe values space. This search is made according tothe hierarchical decomposition tree.A more efficient way to explore values is to use anexploration by levels (see Fig.2˚) in order to obtain asub-solution for all the nodes (in fact all variablesassociated to these nodes) of a level of thedecomposition tree, before exploring the next level.

ABCDEA, B, C, D, EExploration orderFig.2˚�˚The exploration order by levels.The advantage is to use the properties of thehierarchical decomposition tree and its bounding boxcombination˚: it is useless to explore all children nodesof a bounding box if the definition of this boundingbox is not compatible with another from the samelevel.The exploration by levels lets a lot of room forimprovements because, for the same level, the orderto explore each node is not defined.4.3.3The �fail first� principle applied to thehierarchical decomposition tree

ABCDEABCDEFig.3˚�˚Reordering conforming to the size of thesub trees.The heuristic is defined by re-ordering the levels ofthis tree. The order of exploration for the differentsub-levels of the same level can be chosen accordingto the size of the sub tree associated to each nodeappearing in these sub levels.So, the node that has the best chance to finish (nomore decomposition) is explored first.4.3.4An heuristic versus the decomposition treeAn idea to improve exploration of levels is todecompose all the sets of variables associated to eachnode (variables from the same sub-scene) of the leveland to order them according to the number ofconstraints applied on them. With this heuristic,grouping is made between variables that share thebiggest number of constraints (constraints betweenthe variable and other variables from the samelevel).The purpose to achieve is, in case of failure, tobacktrack to the variable that seems the most suitableto obtain new possibly compatible value.Some kind of clustering is made in order to constructthe different sets of constrained variables, withprobably sets of free variables (with no constraintslinking the current variable with other variable fromthe same level). In these sets, the variables could beordered according to the size of their domain.4.3.5The intelligent backtrackingThe intelligent backtracking, [Kumar92], permits toavoid unnecessary work (thrashing or repeated failuredue to the same reason)˚:Example: the variables X, Y and Z being explored inthis order, and a constraint applied on X and Z, andno constraint applied on Y and Z. If X has taken avalue incompatible with any value that could be takenby Z, in a regular resolution process (chronologicalbacktracking) when all values are tried for Zunsuccessfully, a new value is taken by Y. And allthe values of Z will fail like previously. So all valuesof Z will be tried with each value of Y without possiblesuccess.ABCDE

GA, B, C, D, E, F, GExploration order

Possibility to jump from node G to node CSet of nodes associated to enable the intelligent backtrack

Possible Jump in case of complete failureFig.4˚�˚Intelligent backtracking is defined by thehierarchical decomposition tree.A better way, or more intelligent, to handle this kindof situation is to backtrack from Z to the variablethat could take a value linked to Z value, by usingknowledge about constraints.So in case of complete failure (all values that couldbe taken by the variable induce a failure) the resolutioncan jump directly to the variable involved by thiscomplete failure.This behaviour can be expended to scope with the

nodes of the hierarchical decomposition tree. Thisintelligent backtrack is based on the hierarchicalstructure of the decomposition tree and takesadvantage of the independence (no constraints areapplied between them) of the different sub-trees ofthe same node (that is the �previous node� to jumpin case of complete failure).By analyzing the hierarchical decomposition tree,some nodes are grouped in sets (see Fig.4)˚: all thenodes that are children of the same node. To each ofthese sets is associated the node where the resolutionprocess could jump to in case of a complete failure(no complete solutions for all the nodes of the sameset). In Fig.4, two sets are defined˚: the set of node Dand E and the set of nodes F and G.With the original kind of resolution process (by levels),a failure for the node G causes the resolution tobacktrack to node F. In case of no solutions for nodesF and G, the backtrack is made to node E that is notresponsible for this failure. With intelligentbacktracking, a failure for nodes F and G forces theresolution process to jump to node C without havingto finish to explore all remaining possibilities fornodes D and E.The node where sets could backtrack is the last nodeof the previous level.5OBJECT ORIENTED CONSTRAINTSATISFACTION5.1Object oriented approachThis approach allows programmer to scope with thecomplexity needed to implement a robust solver. Theconcepts of responsibility-driven design ([CN91])permits to reduce the complexity by increasingindependence between objects from different classes,and by generalizing common behaviours sharedbetween objects from different classes.It�s easier to check for correctness of a part of theresolution process by checking only the methods andtheir code of the relevant classes. The type propertiesprovided by objects associated to their definedbehaviour make easier the construction of large andcomplex networks of interconnected objects withsome shared protocols among them.This approach enables many ways to watch interactionbetween the different object classes and to obtainstatistics about the resolution (number of values triedfor a set of variables before reaching a solution, �).A class could be easily replaced by another in orderto expand solver capabilities or to implement newimproved techniques of resolution.Implementation of theses techniques is easier byidentifying only the involved object classes to modify,and creation of new techniques is also easier by thekind of information that could be provided by theobject classes.5.2Object modeling of the declarative modeler5.2.1Behaviours and classes are associated to thedifferent parts of the resolution processEach entity involved in the resolution process ofMultiFormes has an object class associated, and theset of the defined operations that can be used on it aspart of this class. These operations rule and checkaccess to the instance variables of objects (theindexicals for the class Variable), implement somebehaviours (resolution protocol, enumerationprotocol, passivation-activation protocol�).This approach allows to generalize some of thesebehaviours and to make some classes sharing thesame behaviour in order to use one instead of another,to verify that behaviour is correct and can be exportedto other class or scaled to set of objects (resolutionprocess).The enumeration is made through a protocol definedby three methods :¥set to the first occurrence¥test of next occurrence existence¥go to next occurrence.This protocol is implemented by the class Enumeratorwhose each object is linked to a variable. An objectfrom this class is responsible to enumerate all possiblevalues that could be taken by a variable. It�s alsoresponsible to restore all modified variables by thenew value of its associated variable (during thepropagation phase), in their previous state.An object Solver is connected to the Enumerator objectin order to translate its behaviour of enumerating allvalues to the behaviour of searching all the solutions˚:the possibility to get a next occurrence could givethe next solution but the non existence of a nextvalue is similar to a failure, the reset of the solver istranslated to take the first value of the range and thesearch for the next solution explores the differentnext occurrences in order to reach one that satisfiesthe constraints.A class SetSolver is also defined to manage a set ofobjects Solver, and to explore the solutions of thecombination of this set of solvers.Each of these solvers could be an object from theclass Solver or from the class SetSolver because theyshare the same behaviours (resolution protocol). Thisshare ensures the correctness of the resolution protocoland its scalability, but also offers an efficient andeasy way to define different groupings of these solvers,each of these groupings implementing a particularway of performing the resolution.The object oriented approach increases theindependence of the different elements ofMultiFormes and simplifies the study of the linksbetween these objects in order to construct a solutionscene (see Fig.5).

SymbolsVariablesConstraintsxyzw i d t hSub-scenesHouseRange

m i nmaxv a ldom

Syntactic form

Resulting Range

Object

Link

CombinationFig.5˚�˚The different object classes and theirconnection.A variable (class Variable) gets a name (the symbolthat links it to a logical role in the scene), a rangethat defines the values the variable could take, a setin wich it is included (the set of the variables describinga sub-scene).The range (class Range) is characterized by someindexicals (min, max, dom, val).The variable owns a set of constraints that are appliedto it. It owns a dictionary too, where �entries� areindexicals and �definitions� list of constraints toawake in case of modification of the associatedindexical.Each of these constraints (class Constraint) owns alink to the variable on wich it is applied, and a specialform that can be evaluated˚:¥a collection of objects encapsulating links to entryobjects of the evaluation and the operations(literally the method to call) to perform on theseobjects¥a range resulting of the evaluation¥a syntactic representation in order to verify theintegrity of the translation from user definedproperty to primitive constraint.5.2.2Different networks of inter connected objectsThe knowledge of the scene in MultiFormes isorganized according different interconnectionnetworks˚:¥A symbolic network to represent hierarchicalinformation (hierachical decomposition accordingto logical or spatial information) where nodes areelements defining a scene,¥A relational network of the set of constraintsestablishing relationships between the differentvariables,¥A resolvable network by associating Solver�sobjects to previously mentioned objects andgrouping them with different methods.5.2.3Implementation of some heuristicsThe �fail first� principle is implemented by allowingan object SetSolver to order the elements that it solvesaccording to the size of domain in case of Solverobjects or size of sub-tree in case of SetSolver objectsassociated to nodes of the hierarchical decompositiontree.The intelligent backtracking takes advantage of theability of an object to possess a state. It is implementedby associating a SetSolver to a set of nodes, anddetermining wether there is a complete failure (aboolean is used to memorize the state of the solverand change of value when the first solution isencountered or when the solver is initialized) or not.A link is also associated to the SetSolver in order toprovide the solver that could give a compatible sub-solution.A powerful heuristic that is not yet implemented inthe modeler is to go further with intelligentbacktracking and to keep the obtained sub-solutionthat the resolution process jump over (the other sub-trees issued from the same node from wich the sub-treewhere a complete failure is arisen is originated) andto combine them with new sub-solution for the sub-tree where the complete failure appeared, by acartesian product (like in a parallelized version ofthe resolution process [BP98]).6RESULTS OF THE DIFFERENTHEURISTICSIn this section, our purpose is compare the influenceof the implemented heuristics in generation of a testscene. It is not to compare declarative modeling totraditional modeling. Advantages of declarativemodeling are well known. For example, sompolyhedra generated by the declarative modelerPolyFormes [MM88] are very difficult or impossibleto design by a traditional geometric modeler.Fig.6˚�˚A view of the first solution scene.The purpose of all implemented techniques is to reducethe amount of time needed to construct the initialsolution, to provide a good order to explore the solution scenes and to verify that the obtained sceneis a solution.A valuable tool is added˚: a �Verificator� class thatuses the original constraints (linear equations), insteadof rewritten constraints, in order to check that valuestaken by variables satisfy scene description.The description used to evaluate the efficiency ofintroduced heuristics defines a building with twoschool rooms (see Fig.6). In each of these roomssome chairs are grouped into ranges˚: three chairsare regurlarly interleaved in a range and there arethree ranges in a room; a desk is centered on a platformin front of these chairs.The description for each chair is the same but leadsto the same amount of work and time cost (from asolution scene to another, each chair can changeindependently).

MethodTime needed to obtain first solution sceneDepth first search>22 hoursby levels11 minutes 45 secsby levels and constraints(see 4.3.4)56 minutesby levels and constraints with clustering (see 4.3.4)39 minutes 16 secsby intelligent backtracking2 minutes 38 secsTable 1˚�˚Results for the different implementedmethodsThe processed scene contains 1726 variables, 12372constraints and the hierarchical decomposition tree285 nodes.All tests are made on DEC Personal WorkStationwith OSF v4.0 (see Table 1).The most powerful heuristics are those that are appliedon the nodes of the hierarchical decomposition tree(intelligent backtracking) but the ordering of variablesaccording to their domain size improves significantlythe process resolution (see 4.3.5).7CONCLUSIONThe choice of CLP(FD) and primitive constraints(with an unified processing from the resolution pointof view) provides a useful framework. This frameworkallows to add new properties in the modeler in adeclarative manner. It lets a lot of room ofimprovement˚: use of non linear constraints duringthe resolution process (with some restrictions),definition of properties that can be expressed by rangeswith holes, and so on.A powerful resolution process can be efficientlyimplemented in an object oriented approach. Thisapproach provides support for implementing powerfultechniques to better the resolution process.But the best improvement obtained is due to thehierarchical decomposition of the scene description.Not only this approach allows the designer to expressmore easily his scene description in the declarativemodeler but provides also helpful information(constraints independence and precedence) that isrequired in order to take advantage of the best possibleheuristics.These heuristics have more or less influence on theresolution process and must be carefully combinedand in some cases must be chosen or avoided.REFERENCES[BP98] Bonnefoi Pierre-Fran�ois, Plemenos Dimitri,Proposals for Declarative ModelingParallelization, in SCCG�98, April 98, Bratislava,Slovakia.[CD96] P. Codognet, D. Diaz, Compiling Constraintsin CLP(FD), The Journal of Logic Programming1996:27:1-199.[CN91] Cox Brad J., Novobilski Andrew J., ObjectOriented Programming an EvolutionaryApproach, second edition, Addison-WesleyPublishing Company, ISBN 0-201-54834-8.[Hente89] Van Hentenryck P., Constraint Satisfactionin Logic Programming. Logic ProgrammingSeries, MIT Press, 1989.[Kum92] Kumar Vipin, Algorithms for ConstraintSatisfaction Problems: A survey, Appeared in AIMagazine 13(1):32-44, 1992.[Mackw77] Mackworth A. K., Consistency innetworks of relations. Artificial Intelligence, vol.8, no 1, 1977.[MM88] Martin D., Martin P., An expert system forpolyhedra modelling. EUROGRAPHICS�88,Nice, 1988.[Pleme91] Plemenos Dimitri, Contribution � l�tudeet au d�veloppement des techniques demod�lisation, g�n�ration et visualisation desc�nes - Le projet MultiFormes. Professorialdissertation, Nantes, november 1991.[Pleme95] Plemenos Dimitri, Declarative modelingby hierarchical decomposition. The actual stateof the MultiFormes project. In GraphiCon�95, StPetersbourg (Russie), 3-7 july 1995.[Tsang93] Tsang Edward, Foundations of ConstraintSatisfaction, Computation in Cognitive Science,Academic Press, ISBN˚0-12-701610-4.