Mixing Constraints and Objects: a Case Study in Automatic HarmonizationFran�ois Pachet & Pierre RoyLAFORIA-IBP, Universit� Paris 6, 4, Place Jussieu, 75252 Paris Cedex 05, Francee-mail: pachet/roy@laforia.ibp.frwww:http://www-laforia.ibp.fr/~fdpAbstractWe propose an extension of Smalltalk withfinite-domain constraint satisfactionmechanisms. Our system, called BackTalk,allows the definition of constraints overarbitrary Smalltalk objects, and implementsefficient algorithms for constraints satisfaction.We exemplify the use of BackTalk on aproblem known to be complex, automaticharmonization. We outline several previousattempts to solve the problem with similarmechanisms, and stress on their inefficiencies,mainly the lack of structure of domain objects.We propose to solve the problem by acombination of constraints and objects thatfully benefits from object structures. This isachieved in practice by separating theconstraint satisfaction process in two steps. Bycomparison, our system yields excellent results,both in term of efficiency and readability. Wediscuss the generality of our approach toproblems involving numerous andheterogeneous object structures.Key-words: constraints, finite-domainconstraint satisfaction, embedded constraintsystems, automatic harmonization.1.Yet an other object + constraintsystem ?We are interested in building largeknowledge-based systems by combiningtraditional and sound artificial intelligencetechniques with object-oriented technology.Our previous work on N�Opus [Pachet 95], anextension of Smalltalk to first-order productionrules, provided us with valuable experience onthe building of such large hybrid systemsintegrating different, if not orthogonalmechanisms. The key goal of our work is to beable to reuse as much as possible existingsoftware rather than rewriting everything fromscratch. This paper is a report on a successfulexperiment in building a constraint satisfactionmechanism embedded in Smalltalk, with anapplication on a complex problem.Since the seminal works of Borning onintegrating constraints with objects, (embodiedin the ThingLab system [Borning 81]), manyideas have been proposed to enforce asmoother integration of constraints mechanismswithin object-oriented programming languages.This evolution of ideas has materialized forinstance in the kaleidoscope system [Freeman-Benson & all 90] and its various extensions[Lopez & al 94]. Kaleidoscope integratesseveral mechanisms for constraint satisfactionincluding local propagation and simplex forreal numbers, and finite-domain solver forbooleans. As [Freeman-Benson & Borning 92]recall, most of the early constraint-basedsystems were based on a perturbation model ofconstraints. In this model, constraints are usedto restore the state of a system after an externalperturbation (such as a user interaction). Mostof the mechanisms used to enforce this modelare based on local propagation techniques.Interest has now shifted to the so-calledrefinement model in which the set of possiblevalues of variables is progressively refinedthrough the execution of the program, butnever altered by outside events. This motivatedour interest in embedding f i n i t e - d o m a i n constraints satisfaction mechanisms withobjects.An interesting approach is the LAUREsystem [Cazeau 94], which proposes a veryefficient implementation of constraint-satisfaction mechanisms embedded withobjects. However, LAURE includes a particularobject model (called an o b j e c t - o r i e n t e d knowledge representation language), which,although interesting in many points, is notusable in our context, since we want to reuseexisting object-oriented programs. Among theconstraint-solvers built as extensions of existingobject-oriented languages, our approach is tobe compared to systems such as COOL[Avesani & al 90], which integrates a finite-domain solver to the KEE programmingenvironment. KEE objects, however, are closerto frames than to objects in the sense of object-oriented programming. Similarly, the Prosesystem [Berlandier & Moisan 88], integratesfinite-domain constraint satisfactionmechanisms on top of Smeci, an object-oriented extension to the Le_Lisp language.The system presented here bears a lot ofresemblance in principle to the Prose system,and owes much to the work of Berlandier onalgorithms for finite-domain constraintsatisfaction [Berlandier 94]. On the commercial scene, the system IlogSolver also proposesfinite-domain mechanisms embedded in C++[Puget 92]. IlogSolver uses proprietaryalgorithms clearly aimed at efficiency, whileproviding many hooks for inserting user-specific procedures. IlogSolver as a library hasmuch of the desired features for smoothembeddability, except its lack of a powerfulinterface and programming environment. Asfar as Smalltalk is concerned, no finite-domainsolver has, to our knowledge, yet beendeveloped.Our contribution in the field is two-fold:First we propose a finite-domain solversmoothly integrated in the Smalltalk language.This allows to apply constraint mechanisms toarbitrary Smalltalk programs. Second, wereport on an application of our system on aproblem known to be complex: four-voiceautomatic harmonization. We show that theintegration of objects with finite-domainconstraints is not so natural as it first seems, andthat, in a way, constraints may be"incompatible" with the object structures of theoriginal program. We propose a practicalsolution to effectively achieve integration whilepreserving the object structures of the originalprogram.The paper is organized as follows. Inthe first part, we briefly describe the kernel ofour integrated finite-domain solver (BackTalk,for Backtracking in Smalltalk). In the secondpart we introduce the (hard) problem ofautomatic harmonization, and show the resultsof preceding attempts to solve it withconstraint-based systems. Note that this articledoes not require any knowledge of harmony ormusic whatsoever to be understood. In the thirdpart, we introduce the object-oriented systemwe reused (the MusES system), and propose asolution to solve the harmonization problemwith MusES and BackTalk. We discuss ourresult, and particularly the generalization of ourtechnique to complex objects + constraintproblems involving many different objectstructures.2.Overview of BackTalkBackTalk stands for "Backtracking inSmalltalk". The aim of this system is to providea set of classes to state and solve constraints onarbitrary Smalltalk objects. This work followsthe same spirit as previous backtrackingextensions to Smalltalk such as [Lalonde &Van Gulik 89], [Lalonde 87], in that it does notrequire any kernel support, and constraints maybe expressed on arbitrary Smalltalk objects.The system is entirely written in Smalltalk.Considerations on efficiency may be found in2.3.2.1.Definition of a CSPA CSP (Constraint Satisfaction Problem) is aproblem defined by 1) a set of variables takingtheir value in a finite set of values (the domain),and 2) a set of constraints on these variables. Asolution of a CSP is an instanciation of thevariables that satisfies all the constraints.Solving a CSP consists in finding a solution, orall its solutions. i.e. assignments of values tovariables that satisfy all the constraints. Thestandard algorithm to solve a CSP isbacktracking. Backtracking instanciatesprogressively the variables, and after eachinstanciation, checks the partial solution againstall the instanciated constraints. This algorithmis, of course, very inefficient on average.The inherent inefficiencies ofbacktracking have led to the development oftechniques to reduce its complexity. The mostwidely used technique to reduce thiscomplexity is arc-consistency. It consists inreducing the domains of the variables before orduring the actual enumeration, by consideringeach constraint individually. The first arcconsistency algorithm was Waltz’s filteringalgorithm [Waltz 72]. Mackworth improved itwith AC-3 [Mackworth 77]. Mohr &Henderson found AC-4 [Mohr & Henderson86], an optimal algorithm. Unfortunately AC-4is slower than AC-3 on a lot of CSPs, because isrequires too complex data structures. The mostrecent algorithm is AC-5 [Deville &Hentenryck 91], which is better than AC-4 onspecific CSPs, but not on average cases. Arcconsistency may be applied before the actualbacktracking, as well as d u r i n g theenumeration. In this latter case, eachinstanciation is followed by a more or lesscomplete arc-consistency process. The first onein this family of algorithms (called tree searchalgorithms) is Forward-Checking [Nadel 88].In forward-checking the consistency process islimited to the constraints involving thecurrently instanciated variable. In so-calledlook ahead strategies, the consistency processchecks all the constraints [Nadel 88].In BackTalk, we use a generalization of AC-3 to n-ary and functional constraints[Berlandier 92] for arc-consistency.Enumeration of solutions is implemented byforward-checking. Extensions to AC-4 and AC-5, as well as look-ahead strategies will beeventually considered. However, after severalexperiments of BackTalk on classical problems,we were not convinced of the urgency ofimplementing much more sophisticatedalgorithms.2.2.Implementation of BackTalkBackTalk is a simple system, withstraightforward representations of variables andconstraints. BackTalk introduces one class for defining variables, and several classes to defineconstraints. Each constraint class represents aparticular type of constraint, with redefinedmethods for improving efficiency, as well as fordeducing variables when it is possible. Forexample, class Constraint defines generaln-ary methods for filtering variable domains.In the case of BinaryConstraint, thisprocedure is redefined to implement the moreefficient procedure "revise" of [Mackworth 77].BackTalk includes a library of constraintclasses including constraints for most commonarithmetic computations (Cf. Fig. 1).Object ()

"general constraint (abstract class)"

Constraint (’attributes’ ’arity’)

"X1+...+Xn=Y"

AdditiveConstraint (’orderedAttributes’)

BinaryConstraint (’left’ ’right’)

"X <> Y"

BinaryDifferentConstraint ()

"X = Y"

BinaryEgalityConstraint ()

"X > Y"

BinarySuperiorConstraint ()

BinarySuperiorOrEqualConstraint ()

...BlockConstraint

(’relationBlock’ ’orderedAttributes’)

TernaryConstraint (’first’ ’second’ ’third’)

TernaryAdditiveConstraint ()

TernaryEgalityConstraint ()

...UnaryConstraint ()

Figure 1. A part of the hierarchy of constraintclasses in BackTalk.Class B l o c k C o n s t r a i n t is used tospecify arbitrary constraints, whose test isrepresented by a Smalltalk block. The onlyrequirement is that the block yields a Booleanresult. Testing the constraint is done byevaluating the block on his arguments.The user may either use a predefined class ofconstraint among the classes of the library, ordefine a new one. This new constraint must be asubclass of C o n s t r a i n t , and only onemethod has to be redefined to make it aconcrete class. This method represents theactual test of the constraint, when all thevariables are instanciated. In the case the newconstraint class represents a functionalconstraint, a second method must be defined,that computes the deduced variable from thevalue of the other variables. This method isused to compute infinite domains when needed.2.3.ExampleHere is a simple example of a CSP, that givesan idea of the look and feel of BackTalk, withthe n-queens problem (Cf. Fig. 2). We define nvariables whose domain is the list of all possiblen2 squares on the chessboard. The squares arerepresented by instances of class Square, whounderstand message attacks:. We definen(n+1)/2 constraints between each pair ofvariables, to represent all the constraintsbetween the queens. No arc-consistency here isneeded since the problem is by definitionalready arc-consistent. The result of theenumeration is a dictionary which associates avalue to each variable. Methods allows moresophisticated exploitations of the results, suchas allSolutionsDo:, which successivelyapplies a block to each solution. Of course, then-queen problem may be solved a lot faster ,e.g. by imposing the row of queens, but whatwe want to show here is that the domain ofvariables may be a list of arbitrary Smalltalkobjects, here instances of class Square.| p queens d| p := CSP new."The CSP" queens := (1 to: n) collect: [:i |

"The n variables" d := OrderedCollection new.

1 to: n do: [:i | 1 to: n do:

[:j | d add: (Square newAt: (i @ j))]].

"The domain"

Variable new domain: d].

1 to: n - 1 do: [:i | i + 1 to: n do: [:j | p addConstraint:

(BlockConstraint new

"The constraints" variables: (Array with: (queens at: i) with: (queens at: j)) relationBlock: [:a :b | (a attacks: b) not])]].

"the first solution" p firstSolution -> aDictionary

"all solutions" p solutionsDo: [:d| p printSolution: d]

Figure 2. The n-queens problem in BackTalk.2.4.EfficiencyEfficiency was not our primary concern inbuilding BackTalk, but we ended up withdecent results for a language not known to bethe most efficient (Cf. Fig. 3). Of course,compared to extremely efficient object +constraint solvers such as LAURE [Cazeau 94]for instance, our results are poor. However, aswe will see on the problem example, we thinkthat the main gain in efficiency is not to befound in the implementation of general-purpose algorithms. To quote Freeman-Bensonand Borning [Freeman-Benson & Borning 92], we think that "Providing a general solver forarbitrary constraints over arbitrary domains is acompletely unreasonable goal". This remarkled us to search for better ways of organizingconstraints and objects that are constrained,rather than in algorithm optimizations. As wewill see, the results obtained by our system onthe harmonization problem are an order ofmagnitude better than similar approaches usingmore sophisticated solver engines, which makesthe BackTalk system, although not optimized, afast enough engine for our experiments.ProblemNb. ofvariablesNb. ofconstraintsTime(Sparc 10) send+more =money11355 s.

n-queens n = 8 n = 100n8100n.(n+1)/2365050300 ms.40 s.

Figure 3. Some results of BackTalk on classicalproblems.3.The musical problemMusic analysis and generation has long beena favorite domain for researchers in ArtificialIntelligence. Within AI, Object-OrientedProgramming has traditionally been a favoriteparadigm to build complex musical systems,especially systems oriented towards synthesis(from the Formes system [Cointe & Rodet1991] to the MODE system [Pope 1991], theKyma system [Scaletti & Johnson 88]), andImprovisationBuilder [Walker and al., 1992]) toname but a few. The "AutomaticHarmonization Problem" (hereafter referred toas AHP) is particularly representative of thefield. It consists in finding harmonizations of agiven melody (such as the melody in Figure 4),or, more generally, an incomplete musicalmaterial, that satisfies the rules of harmony(and counterpoint, if rhythm is taken intoaccount). The standard AHP is to harmonizefour voices (see Fig. 5 for a possible solution).The constraints needed to solve the AHP areconsensual, and can be found in any decenttreatise on harmony, such as [Bitsch 57]. Theproblem is interesting as a benchmark becauseit involves a lots of complex object structures(notes, intervals between notes, chords, intervalsbetween chords, scales, etc.). Moreover, thereare various types of constraints which interactintimately: 1) horizontal constraints onsuccessive notes of a melody (such as: "twosuccessive notes should make an interval of aseventh" or leading note rises to the tonic")), 2)vertical constraints on the notes making up achord (such as "no interval of augmentedfourth, except on the fifth degree", or "voicesdo not cross"), and 3) constraints on sequencesof chords (such as, "two successive chordsshould not have the same degree").

finite-domain constraints. The results ofBallesta are listed in Figure 7. The maindrawback of this work (in our context) is thatBallesta’s system is too radical: everything isstated in terms of constraints, and objects aredefined only as structures, designed merely tosupport the constraints. More precisely, objectsare defined by a set of attributes, but all therelations between the attributes are stated interms of constraints. For instance, to representone interval instance, 12 attributes are defined,such as the n a m e of the interval (e.g.diminished fourth), its type (e.g. fourth), its twoextremities, represented as instances of classNote, etc. Nine constraints are then introducedto state the relations that hold between thevarious attributes of class Interval. Forinstance, a constraint links the name of theinterval to the various attributes of itsextremities (the octave and name of the note).As a result, his representation is indeed veryrich, since any request can be made on anypartially instanciated interval. For instance, theuser can ask for the set of notes yielding aninterval of a fourth with a given note, etc. Thesame scheme is applied to all the entities of thedomain: notes, intervals, scales and chords. Onenote instance is represented by 6 constrainedvariables, one interval by 9 constrainedvariables, and so forth. To solve the AHP on an-note melody, Ballesta uses (126*n - 28)constrained variables. The total amount ofconstraints is therefore very high, while the totalnumber of methods is very low.3.2. Critics of preceding approachesAs Figure 7 shows, the approaches whichhave been proposed using constraints yieldpoor results in terms of performance. Thereare, from our point of view, two lessons to learnfrom these experiments:1- There are too many constraints. Theapproaches proposed so far do not structure therepresentation of the domain objects (notes,intervals, chords). When such a structuration isproposed (as in Ballesta’s system) objects aretreated as passive structures.2- The constraints are treated uniformly, at thesame level. This does not reflects the reality : amusician reasons at various levels ofabstraction, working first at the note level, andthen on the chords. The most importantharmonic decisions are actually made at thechord level. This separation could be taken intoaccount to reduce the complexity.These remarks led us to reconsider the AHPproblem, with a reverse viewpoint from ourpredecessors. Rather than "starting from theconstraints", and devising object structures thatfit well with the constraints, we "start from theobjects", and fit the constraints and theconstraint satisfaction mechanism to them.Indeed, a lot of properties of the domainobjects may be more naturally described asmethods instead of constraints. To do so, wepropose to reuse a fully-fledged object-oriented program, the MusES system, whichcontains a set of classes that represent the basicelements of harmony, such as notes, intervals,scales and chords. We start from MusES andadd constraints on top of it to represent therules of harmony. Not only the resultingsystem will be faster (because methods arefaster than constraints), but we claim that it alsowill be more intelligible.4.The MusES systemThe MusES system is a project to representconsensual knowledge about basic harmony inSmalltalk [Pachet 94]. From the musical pointof view, the aim of MusES is to study theadequacy of various representation techniquesto capture the essence of musical structures,starting from the most simples ones (notes,enharmonic spelling, intervals, scales, and soforth) to the most sophisticated ones (analysis,tonalities, support for improvisation, etc.). Fromthe technical point of view - the one we followhere - MusES can be seen a big repository ofconsensual knowledge about harmony. One ofthe goal of MusES is to study how complexobject-oriented programs may be extendedwith AI techniques, for effective reuse. Tounderstand this point, we must say a little bitmore about MusES.MusES is entirely written in Smalltalk, usingonly the basic mechanisms of Object-OrientedProgramming (instanciation, encapsulation,message passing and polymorphism,metaclasses). The example of the notion ofinterval is typical. The MusES approach isbased on the remark that only three types ofoperations are important with intervals: (1)computing an interval given 2 notes, (2)computing the top note given the bottom one,and 3) computing the bottom one given the topone. Several other less important operations arealso considered (like adding two intervals).MusES contains specific methods to computeintervals given two notes, or notes given aninterval, such as the following:(1)

PitchClass C intervalWith: PitchClass F sharp

-> an augmented fourth

(2) Interval diminishedFifth topIfBottomIs:

PitchClass G -> C#

MusES also includes a representation ofscales as classes in the same spirit (ex. (3).These scales can generate so-called scale-tonechords, which are at the root of harmonic analysis (example (4)), and conversely, MusEScan compute the list of plausible tonalities for agiven chord (example (5)):(3)PitchClass C harmonicMinor notes ->

#(C D Eb F G Ab B)

(4)P i t c h C l a s s C h a r m o n i c M i n o r scaleToneChordsPoly: 4- >

([C min maj7] [D halfDim] [Eb aug5 maj7] [F min 7] [G 7] [Ab maj7] [B dim7]))

(5)C h o r d f r o m S t r i n g : ’ C m i n ’ allPossibleTonalities- >

AnalysisList ({II of Bb MajorScale}

{II of Ab MajorScale} {VI of Eb MajorScale}

{I of C HarmonicMinorScale}

{IV of G HarmonicMinorScale}

{I of C MelodicMinorScale}

{II of Bb MelodicMinorScale}))

MusES also contains a representation oftemporal objects (notes in a melody), and moreabstract structures, such as melodies. A set ofeditors are included in MusES to define andedit melodies graphically. MusES containsaround 50 classes. All these operations arer e p r e s e n t e d u s i n g o b j e c t - o r i e n t e d programming (usually methods in theassociated classes). Of course, this approach isless general than the one using purelyconstraints. Our approach is indeed muchdifferent: instead of proposing a generalframework in which relations are stated andarbitrary computations are at the user’s hand,we impose a fixed set of "essential"computations which are fast, while being easyto understand and modify.Several extensions are currently developed toMusES to test various ideas in musicalrepresentation. The first one is a system thatperforms automatic analysis of Jazz chordsequences [Pachet 91]. This systems studies theintegration of first-order rules in Smalltalk, andproposes a model that captures the humanreasoning process involved [Pachet 94b].Another one is a model for musical memory,aimed at producing an automatic improviser[Ramalho & Ganascia 94].5.BackTalk and MusES: statingconstraints on objects that do not existyetGiven MusES, the main problem we face inwriting the constraints that represent the rulesof harmony, is that there are constraints thatshould be stated on objects that do not existyet! Typically, chords - the most abstractobjects of all - do not exist yet at the beginningof the problem solving. Their existence isdependent on the existence of the notes ofintermediary voices, which are themselvescomputed by constraints. We cannot simplywrite all the constraints and launch BackTalkon them, since the domains of the chords areempty. The solution we propose consists inseparating the problem solving in two phases(Cf. Fig. 6):1) Management of the constraints at thenote level only.Input of the n-note melody.Creation of a CSP with only constraints onnotes.Arc-consistency is applied to reduce thedomains of the note variables.2) Management of the constraints at thechord level.Computation of the concrete instancesrepresenting all the possible chords undereach note. This corresponds to computingthe infinite domains of the chords variable.Creation of a second CSP includingconstraints on notes, and constraints onchords (which exist now), as well asconstraints on notes and chords. Arc-consistence is applied, followed by theenumeration of solutions with forward-checking.In this scheme, given a n-note melody, thetotal CSP contains (4*n) variables for the notesplus n variables for the chords, which arehandled in the second phase. The results aregiven in Figure 7. As we can see, we are anorder of magnitude faster than previousapproaches. The memory needed is notsignificant.12¥ Input n-note melody ¥ Build CSP with constraints on notes (4n variables) ¥ Arc-consistency

¥ Creation of second CSP with n constrained variables

( chords) and the preceding 4.n variables (notes) ¥ Arc-consistency ¥ Enumeration by forward-checkingFigure 6. Diagram of the architecture.

6.Results11 notes12 notes16 notes

Tsan&Aiken(CLP)5 m. (Sparc 1)70Mg ram??

Ballesta(Pecos)3 m.4 m.

BackTalk +MusES20 sec.20 sec.40 sec.

Figure 7. Comparative results ofBackTalk+MusES.7.Discussion, conclusionWe introduced BackTalk, a finite-domainconstraint solver in Smalltalk, having decent butnot extraordinary performances. Theperformance of the BackTalk kernel have beenshowed to be sufficient for our purposes on aproblem known to be complex. The relativeloss in efficiency, compared to more efficientimplementations, is in our view, largelycompensated by the possibility of building veryeasily editors for the constraints (not describedhere for reasons of space), and by allowing thedynamic modification of the CSP. Future workson the kernel include adding mechanisms tohandle constraints hierarchies, [Borning & al.87], [Berlandier 94].We solved the automatic harmonizationproblem by reusing an existing system, andadding a set of constraints of top of it. Byreusing the existing object structures, we wereable to reduce drastically the number ofconstrained variables, and thus to get resultsone order of magnitude better that previousapproaches on the same problem. The resultingsystem is not only faster than the otherproposed solutions, it is also much simpler (lessconstraints). Compared to other approachesusing constraints, we achieve better results byfinding a compromise between two extremes(Cf. Fig. 8): 1) rich objet structures, with noflexibility (the MusES system), and 2) lots offlexibility, but no structure (The Tsang &Aitken system).This experiment shows that the combinationof objects with finite-domain constraints mayincrease drastically the performance, if thearchitecture is able to take into account objectsstructures adequately. In particular, our goodresults are obtained because, in a way, someconstraints are "compiled" into methods ofcorresponding classes. This compilation forcesthe problem solving process to be cut into twophases. This separation in two phases is to beseen as a representation of a particular kind ofknowledge about the types of objects. Moregenerally, we replace "inter-object" constraints(for instance constraints defining chordstructures or intervals), by exploiting richobject structures (here, essentially the chords),represented as "ghost" objects from the point ofview of the constraint mechanism.

objectsconstraints

MusESBackTalk+MusESBallesta 94Tsang&Aiken 91

Figure 8. Position of BackTalk+MusES amongother approaches.This successful experiment is now followedby more formal research to find properties thatcould help automatically detect cases when theseparation of the problem solving in distinctphases could help reducing the complexity oflarge constraint+object systems. Our hypothesisis that this separation may be particularly usefulwhen several ontologically distinct categories ofobjects are being handled simultaneously.More precisely, we think that such situationsshould arise when the domain objects containindividuals (analogous to notes), groups ofindividuals (analogous to chords), groups ofgroups of individuals (analogous to musicalphrases), etc. Experimentation on largeconfiguration problem for instance, shouldprove interesting to test the validity of theseideas.ReferencesAvesani, P. Perini, A. Ricci, F. (1990) COOL:An Object System with Constraints.TOOLS’2, June 1990.Ballesta, P. (1994) Contraintes et objets : clefsde vo�te d’un outil d’aide � lacomposition ? Ph.D. Thesis, INRIA,Sophia Antipolis, November 1994.Berlandier, P. (1992) Etude de m�canismesd’interpr�tation de contraintes et de leurint�gration dans un syst�me � base deconnaissances. Ph.D. Thesis, INRIA,1992.Bitsch, M. (1957) Pr�cis d’Harmonie tonale.Ed. Alphonse Leduc.Borning, Alan, H. (1981) The programminglanguage aspects of ThingLab, aconstraint oriented simulation laboratory.ACM transaction on ProgrammingLanguages and Systems, 3 (4) pp. 353-387, October 1981.Borning, A. Duisberg, R. Freeman-Benson, B.Kramer, A. Woolf, M. (1987) Constrainthierarchies. OOPSLA ’87, pp. 48-60.(1987).

Cazeau, Y. (1994) Constraint Satisfaction withan Object-Oriented KnowledgeRepresentation Language. Journal ofApplied Artificial Intelligence, 4, pp. 157-184.Cointe, P. Rodet, X. (1991) Formes:Composition and Scheduling of Process.In The Well-Tempered Object: MusicalApplications of Object-Oriented SoftwareTechnology , S. T. Pope, ed. MIT Press.Deville, Y. Van Hentenryck, P. (1991) Anefficient arc-consistency algorithm for aclass of CSP problems. Proceedings ofIJCAI ’91, pp. 325-330.Ebcioglu, K. (1992) An Expert System forHarmonizing Chorales in the Style of J.-S. Bach, In M. Balaban, K. Ebcioglu &O. Laske (Ed.), Understanding Musicwith AI: Perspectives on Music Cognition,The AAAI Press, California.Freeman-Benson, B. Kaleidoscope: mixingobjects, Constraints, and ImperativeP r o g r a m m i n g . P r o c e e d i n g s o f ECOOP/OOPSLA 90, pp. 77-88.Freeman-Benson, B. Borning, A. (1992)Integrating constraints with an object-oriented Language. Proceedings ofECOOP ’92, pp. 268-286.Fron, A. (1994) Programmation parcontraintes. Addison-Wesley, 1994.Jaffard, J. Lassez, J.-L. (1987). Constraint logicprogramming. 14th POPL, Munich,1987.Lalonde, W. Van Gulik, M. (1988). Building abacktracking facility for Smalltalkwithout kernel support. Proceedings ofOOPSLA ’88, pp. 105-123.Lalonde, W. (1987) A novel rule basedmechanism in Smalltalk. ECOOP ’87.Lopez, G. Freeman-Benson, B. Borning, A.(1994). Constraints and Object Identity.Proceedings of ECOOP ’94, pp. 260-279.Mackworth, A. (1977). Consistency onnetworks of relations. A r t i f i c i a l Intelligence, (8) pp. 99-118, 1877.Nadel, B. (1988) Tree search and arc-consistency in constraint satisfactionalgorithms. Search in ArtificialIntelligence, Springer-Verlag, pp. 287-340, 1988.Nudel, B. (1983) Consistent labeling problemsand their algorithms: expectedcomplexity and theory-based heuristics.Artificial Intelligence, vol. 21, n. 1 & 2,pp. 135-178, 1983.Mohr, R. Henderson, T. C. (1986). Arc andpath-consistency revisited. ArtificialIntelligence, vol. 28, n. 2, pp. 225-233,1986.Ovans, R. (1992) An Interactive Constraint-Based Expert Assistant for MusicComposition. Proc. of the NinthCanadian Conference on ArtificialIntelligence, University of BritishColumbia, Vancouver, 1992.Pachet, F. (1991) A meta-level architecture foranalyzing jazz chord sequences.International Conference on ComputerMusic, pp. 266-269, Montreal, Canada.Pachet, F. (1994) An object-orientedrepresentation of pitch-classes, intervals,scales and chords. J o u r n� e s d’informatique Musicale, Bordeaux,march 1994.Pachet, F. (1994b) A Refined Framework forRepresenting Knowledge Based onSimulation. Colloque Langages etmod�les � objets, Grenoble, October1994, to be published.Pachet, F. (1995) On the embeddability ofproduction systems in object-orientedlanguages. Journal of Object-OrientedProgramming , Jan. 1995. To appear.Puget, J.-F. (1992) Intensional and cardinalityconstraints. Internal report. Ilog, 1992.Pope, S. (1991) Introduction to MODE: TheM u s i c a l O b j e c t D e v e l o p m e n t Environment. In The Well-TemperedObject: Musical Applications of Object-Oriented Software Technology , S. T.Pope, ed. MIT Press.Ramalho, G., Ganascia, J.-G. (1994) SimulatingCreativity in Jazz Performance.Proceedings of 12th AAAI conf. Seattle,Aug. 1994.Scaletti, C. Johnson, R. E. (1988) An interactiveenvironment for object-oriented musiccomposition and sound synthesis.Proceedings of OOPSLA ’88, pp. 222-233, San Diego.Tsang, Chi Ping & Aitken, M. (1991)Harmonizing music as a discipline ofc o n s t r a i n t l o g i c p r o g r a m m i n g . Proceedings of ICMC ’91, Montr�al, pp.61-64.Tsang, E. Foundations of constraintsatisfaction. Computation in CognitiveScience. Academic Press, 1993.Waltz, D. (1972) Generating semanticdescriptions from drawings of scenes withshadows. MIT Technical report, AI271,1972.Winograd, T. (1993) Linguistics and theComputer Analysis of Tonal Harmony.In Machines Models of Music, Edited byS. M. Schwanauer and D.A. Levitt, MITPress.