Set Differentiation: A Method for the Automatic Generation of FilteringAlgorithmsFawzia Derrough Darche * and Jean-Luc Dormoy �* Laboratoire MASI, Institut Blaise PascalUniversit� P. et M. Curie, URA CNRS 8184, place Jussieu 75252 Paris Cedex 05 FranceE-mail : Fawzia.Derrough@masi.ibp.fr� EDF R&D CenterIMA-TIEM1, avenue du G�n�ral De Gaulle92141 Clamart Cedex, FranceE-mail : Jean-Luc.Dormoy@der.edfgdf.frAbstractWe present a method and its implementation, thesystem GAP, we developed for the automatic generationof filtering algorithms. The evaluation of left-hand sidesof rules relies on the matching of condition elements withWorking Memory elements. The filtering is the inferenceengine phase that performs this matching. Our automaticgeneration method is based on set differentiation whichwe have defined taking into account both qualitative andquantitative aspects. We present GAP’s architecture andshow how generic filtering algorithm skeletons are builtusing set differentials.1.IntroductionThe main component of a production system is itsmatching or filtering algorithm that computes ruleinstantiations. The main research in production systemsfocused on the performance of such algorithms and led tosystems such as SNARK [12], TANGO [16] and OPS5[3] with a compromise between execution time and spacerequired.The evaluation of left-hand sides of rules relies on thematching of condition elements with Working Memory(WM) elements. It has been identified by McDermott,Newel and Moore as the memory support [13]: an

This work has been partially supported by Electricit� de Franceindexing scheme indicates precisely which subset of WMpartially matches each condition element. In RETE [9]and TREAT [14], the two well known matchingalgorithms of OPS, this information is maintained in thealpha-memories. SNARK and BOOJUM [7] manage aset of indexes.The problem of filtering algorithms has been studied inspecific cases, particularly when condition elements inleft-hand sides of rules are simple. Indeed, filteringalgorithms are applicable when condition elementsrepresent patterns of WM elements, satisfied when thereexists at least one WM element that matches them. Forinstance, in OPS a WM element consists of a class namefollowed by a list of attribute-value pairs. In SNARK, aWM element is an object-attribute-value triplet. After theaddition or the deletion of facts in the WM, updatingmemory supports in the previous systems is immediateand easy. That is why we qualify such conditionelements as simple conditions. The fundamental featureof these conditions lies in the fact that their updatedepends only on the added or removed WM element anddoes not depend on all the WM elements.As current production system languages allow one touse only pattern elements in left-hand sides of rules, thismay lead to large production system programs. Anotherdrawback of such programs is their illegibility. If weallow the use of complex conditions in left-hand sides ofrules, we facilitate the encoding of knowledge in theexpert system as the expressive power of rule language is high. By complex conditions we mean conditions that arenot pattern elements whose evaluation lies on their matchwith WM elements. Complex conditions are first orderpredicate calculus formulas with universal and existentialquantifiers. Examples of complex conditions are takenfrom LCA rule language based on constraints and actions[2] where a complex condition is called constraintscheme. The notion of numerical constraint defined in[19] and [20] has been extended to the specification ofconstraints on different data types such as relations.Classical filtering techniques referred above are notapplicable to filter complex conditions. A generalalgorithm filtering all complex constraint schemes is notefficient. Indeed, as each constraint scheme is particular,it requires a specialized filtering algorithm. Instead ofthinking about and writing a filtering algorithm each timewe define a new constraint scheme, we propose a methodto automatically generate filtering algorithms forconstraints.The method we use for the automatic generation offiltering algorithms is based on set differentiation whichwe defined taking into account both quantitative andqualitative aspects. Constraint schemes can be consideredas queries addressed to the WM. We transform thesequeries from the predicative form into a set-based one.This representation has the advantage to be intuitive andallows us to have a "geometric" vision of constraintschemes. The qualitative and quantitative set differentialscomputed are then used to built the filtering algorithms.We have developed a prototype of a filtering algorithmgenerator, called the system GAP.The paper is organized as follows: in section 2 wepresent the set-based representation. Sections 3 and 4respectively present quantitative and qualitative setdifferentiation. In Section 5, we show how we use setdifferentiation to generate filtering algorithms anddescribe such algorithm skeletons. Section 6 presentsGAP’s architecture.2.Constraint set-based representationConstraint schemes can be viewed as queriesaddressed to the WM. We define a query language basedon sets. This set-based query language has the advantageto be intuitive and allows us to have a �geometrical�vision of queries. Indeed, the expression of variations ofconstraint schemes solutions seems to be simpler in a set-based representation. So, we transform constraintschemes from a predicative form to a set-basedrepresentation. These variations are computed using setdifferentials.2.1.Definition of set-based representationLet F be a formula. Two cases may occur.1- Assume F has free variables. Let v1, �, vn thesevariables. The set-based representation of F is a setdefined as follows: a = { (v1, �, vn) such that F(v1, �,vn) }. Intuitively, the set-based representation associatedwith a formula defines its free variables. We use thesevariables as a superscript of the set-based representation.2- Assume F has no free variable, the set-basedrepresentation a is a boolean proposition between sets.So when the constraint scheme is a formula with freevariables, the transformation leads to the set representingthe values of the free variables for which the constraint istrue. When the constraint scheme is a closed formula, thetransformation results in a boolean expression involvingsets. When modifications occur in the WM, we have todetermine the variations produced on condition elements.We are able to characterize these variations on the set-based representations of constraint schemes. That is whywe have developed set differentiation presented in nextsections.The construction of the set-based representation of apredicative formula is a recursive operation. It starts fromthe transformation of the atomic formulas that compose it.Given basic rules which provide set-based representationsof atomic formulas, and rules for the transformation ofconjunction, disjunction, negation and quantifiedformulas, we are able to obtain the set-basedrepresentation of any predicative formula. Intuitively, wecan see the correspondence between conjunction andintersection, and between disjunction and union. The set-based representation of the negation of a given formula fis the complementary set of the set-based formula of f, ifthe latter is a set. More Formally, and as an example, letus give the complete transformation rule of conjunction.We can find all transformation rules in [6].2.2.Conjunction transformation ruleLet F1 and F2 be two formulas, a1 and a2 the set-basedrepresentations respectively associated with F1 and F2.1- If F1 and F2 have no free variable, the set-basedrepresentation associated with F1˚�˚F2 is: "a1˚�˚a2".2- If F1 has no free variable and F2 is not a closedformula, the set-based representation of F1˚�˚F2 is: "if a1then a2 else ˘.3- If F1 has free variables and F2 is a closed formula,the set-based representation associated with F1˚�˚F2 is: "ifa2 then a1 else ˘".

4- Assume both F1 and F2 have free variables. Let u1,�, up, v1, �, vq the free variables of formula F1, and u1,�, up, w1, �, wr those appearing in F2 such that theintersection of sets {v1,˚�,˚vq}and {w1, �, wr }isempty. The set-based representation of F1˚�˚F2 is:

a1u1, �, up,v1, �, vq ·

Urw1, �, wr ˙ a2u1, �, up,w1, �, wr ·

Uqv1, �, vqwhere U is the Universal set, and Un is the Cartesianproduct of set U n times. To make the intersectionpossible between two set-based representations, each ofthem is "completed" with the Cartesian product with theUniversal set.

ExampleLet us take the example of RXN; a constraint schemedefined in LCA. Let r be a binary relation, (x, y) a coupleof r. We say y is the successor of x in r. x is said to be thepredecessor of y in r. RXN(r x) is true if and only if x hassuccessors in relation r, and all successors of x have aunique predecessor, namely x. We will use this constraintscheme to illustrate all the filtering algorithm generatorsteps. The first order formula representing constraintRXN is:$ y r(x , y) � � $ t, z ( r(t, z) � r(x, z) � � (t = x) )where x is a constant and y, z, and t are quantifiedvariables. The transformation of the whole formula startswith the atomic formula r(x, y). Its associated set-basedrepresentation is Succ(x, r)y = { y ˛ U such that (x y) is acouple of r}, which defines variable y. That is why wehave used variable y as a superscript of set Succ(x, r).The transformation of $ y r(x , y) results in Succ(x, r)y „˘. The set-based representation associated with r(t, z) isSet(r)t z where Set(r) is the set of couples of relation r.The transformation of r(t, z) � r(x , z) is Set(r)t z ˙(Succ(x, r)z · Ut). RXN set-based representation is:Succ(x, r)y „ ˘ and not (((Set(r)t z ˙(Succ(x, r)z · Ut)) ˙ (Compt({x}t) · Uz)) „ ˘)Compt(A) is the complementary set of set A.3.Quantitative set differentiationHigh-level optimization techniques, called "formaldifferentiation" by Paige and Schwartz [15], generalizethe classical method of "reduction in strength" [4] wellknown in optimization techniques of code generation [1].The basic idea of formal differentiation is to replacerepeated costly computations of set theoretic expressionswhose arguments change only slightly betweensuccessive computations by computations of"incremental" or "differential" expressions that are lessexpensive to evaluate. An algebraic approach to formaldifferentiation of a class of set theoretic expressions waspresented in [17] as a set of relations.We also establish set differential relations used as rulesof differentiation. The difference between ourquantitative set differentiation and the work referredabove lies in the fact that we distinguish two differentialsassociated with a set, a positive one and a negative one.In the previous work, it is possible to see what is added toa set and what is removed from it only once a setdifferential is computed. To avoid such a drawback wedefine qualitative set differentiation that allows us todetermine if a given set expression increases and/ordecreases. Our aim is to build a system capable ofsolving problems in the absence of detailed quantitativeinformation. The idea is to do some qualitative reasoningbased on the qualitative description of the studied systemwhich permits the prediction of its future states. In thefield of artificial intelligence, several qualitative modelshave been developed such as the confluence modeldefined by De Kleer and Brown [5], the qualitativeprocess theory proposed by Forbus [8] as well as thequalitative simulation introduced by Kuipers [11]. In thecase of set differentiation, we will see how qualitativereasoning may avoid the computation of quantitative setdifferentials by directly showing that it will be empty.3.1.Set operationsLet U be the universal set. P(U) is the set of all thesubsets of U. All the manipulated sets are structured sets,i.e. their elements are n-tuples. n is called the dimensionof the set. Let us consider the following set operations :union, intersection, Cartesian product, complementationand projection. The first two operations apply when setshave the same dimension d and the resulting set is ofdimension d. Cartesian product applies even if sets donot have the same dimension. Let d2 and d3 be thedimensions of sets S2 and S3 respectively. Thedimension of the Cartesian product S1 = S2 · S3 is equalto the sum of d2 and d3. Each n-tuple of S1 is the resultof the concatenation of a d2-tuple of S2 and a d3-tuple ofS3.Set projection, denoted by �p, is an unary operationdefined as follows:�p : P(U ) · NpfiU(S, n1, n2, �, np)fiS1 = �n1, n2, �, np(S)The idea behind this operation is that we take a set Sand remove some of the components of its elements. If Sis a set of dimension d, we let �n1, n2, �, np(S), wherenj are distinct integers in the range 1 to d, denote theprojection of S onto components n1, n2, �, np, that is, the set of p-tuples a1a2� ap such that there is some d-tupleb1b2� bd in S for which aj = bnj for j = 1, 2, �p.3.2.Positive and negative set differentialsLet S be a set. Assume that S is known at a givenmoment and that it changes. The modifications of Sconsist of additions of new elements and deletions of oldones. Thus, we distinguish set increase from setdiminution. The positive set differential of a set S,denoted d+(S), is the set of elements added to S. Thenegative set differential of S, denoted d-(S), is the set ofelements removed from S. A set differential d(S) isdefined by the couple (d+(S), d-(S)). d(S) could also bedefined as the union of d+ (S) and d-(S), i.e.,d(S)˚=˚d+(S)˚¨˚d-(S).Positive and negative set differentials of a given set Sverify the following properties:¥ d+(S) = d(S) - S(1)¥ d-(S) = d(S) ˙ S (2)¥ d-(S) � S(3)¥ d+(S) ˙ S = fl(4)¥ d+(S) ˙ d-(S) = fl(5)(5) is a consequence of (3) and (4)Suppose that we periodically observe sets at time t1, t2,�, tn, and that modifications of sets happen betweenthese moments. We can write:Si + 1 = (Si + d+(Si)) - d-(Si)(6)orSi + 1 = Si D d(Si)(7)where Si and Si + 1 represent S at moments i and i+1respectively, and D is the symmetric set difference. In thecontext of production systems, the periods correspond toinference engine cycles.In differential calculus, given a numerical function f:Rn fi Rp, and the value of f at a given point x, the valueof the derivative of f, denoted f’, computed at this pointallows one to approach the value of f at a point close to xusing the following formula: f(x + h) = f(x) + f’(x) · h +o(h). (6) is the analog of the previous formula.Two differentials are associated with a given set S, apositive one and a negative one, while a function f isassociated with a unique derivative at each point, if f iscontinuous at this point. The main difference between setdifferentials and function derivatives lies in the fact thatthe first ones provide exact values whereas the secondones provide approximate values.Given two numerical functions f and g, and theirrespective derivatives f’ and g’, we have a set of relationswhich allow us to compute the derivative of the sum of fand g, the composition of f and g, etc. �. For instance,we have (f + g)’ = f’ + g’. By analogy, we can establishrelations for the computation of set differentials for theset operations described above. We can then speak aboutdifferentials of set union, set intersection, Cartesianproduct, complementation, and projection.Let S1 and S2 be two sets and suppose both of themare modified. A positive set differential and a negative setdifferential are associated with S1 and S2, and are denotedrespectively d+(S1), d-(S1), d+(S2) and d-(S2). We havedeveloped a set of relations for the computation ofdifferentials of set operations, and combinations of theserelations can then be used to compute set differentials fora large class of set expressions. For instance, the positivedifferential of set union is obtained by the followingrelation:d+(S1 ¨ S2) = (d+(S1) - S2) ¨ (d+(S2) - S1)(8)This relation means that the elements added to theunion of two sets are those added to S1 and that are not inS2, as well as those added to S2 but that are not in S1.The negative set differential of the union is given bythe following relation:d-(S1 ¨ S2) = (d-(S1) ˙ d-(S2)) ¨(d-(S1)˚-˚(S2˚¨˚d+(S2))) ¨(d-(S2) -˚(S1˚¨˚d+(S1))) (9)This relation means that the elements removed fromthe union S1 ¨ S2 are:-those removed from S1 and S2,-those removed from S1 but that are neither in S2 norin its increase d+(S2),-those removed from S2 but that are neither in S1 norin its increase d+(S1),We have established similar relations for the other setoperations in [6]. In practice, as we have both additionand deletion of WM elements, we compute positive andnegative set-differentials for each operation.4.Qualitative set differentiationIn the previous section, we established set differentialrules to compute positive and negative set differentials.These rules are quantitative rules as they allow us tocompute what exactly is added to or removed from a set.In this section, we introduce qualitative set differentiationand qualitative set differential denoted dqual. Withqualitative set differentiation we are interested inknowing the way a set is modified. In many situations,this kind of knowledge is sufficient. Moreover, itprevents us from useless computations of set differentials.Indeed, when we determine that a set increases and does not decrease, it is useless to compute its negativedifferential and then to discover that it is empty.4.1.Qualitative valuesTo carry out qualitative reasoning on sets, fourqualitative values can be associated with the qualitativeset differential dqual(S) of a given set S as follows:1-0 when d+(S) and d-(S) are both empty,S remains the same,2-+ when d+(S) may not be empty and d-(S) is empty, in this case, we know thatS does not decrease,3-- when d+(S) is empty and d-(S) maynot be empty, so S does not increase,4-? both d+(S) and d-(S) may not beempty, S may increase and decrease.As for quantitative set differentials, we distinguish thequalitative set differential dqual(S) of a given set S in thecase of addition or deletion of WM elements.4.2.Qualitative set operationsIn arithmetic, addition and multiplication are usuallyviewed as qualitative operations. For instance, we knowthat when we add two positive numbers, the result is apositive number. The multiplication of a positive numberand a negative one results in a negative number. We cando the same thing for set operations. For instance, resultsof qualitative set intersection, union and cartesian productare presented in the following Table.dqual(S1)0+-?

00+-?

dqual(S2)+++??

--?-?

?????

Table 1. Qualitative set intersection, union andcartesian productFrom Table 1, we can deduce that symbol ? is theabsorbing element of set intersection. When S1 or S2may have simultaneous increase and decrease, theirintersection may simultaneously increase and decrease.When neither S1 nor S2 decreases, S1˚˙˚S2 does notdecrease. So, we do not need to compute negativedifferential d-(S1 ˙ S2), it is empty. Conversely, it isuseless to compute d+(S1 ˙ S2) when neither S1 nor S2increases as the intersection S1˚˙˚S2 may not increase.

ExampleLet us now compute quantitative and qualitativedifferentials of sets appearing in RXN set-basedrepresentation. Though we have presented quantitativeset differentiation before the qualitative one, in practicequalitative set differentials are calculated beforequantitative ones for the reasons given before. It isobvious that when we add a couple in relation r, Succ(x,r) may increase and cannot decrease, sodqualadd(Set(r)t˚z) = +, dqualadd(Succ(x, r)y) = + anddqualadd(Succ(x, r)z) = +, but dqualadd(Ut) = 0. From theprevious table we can deduce thatdqualadd(Succ(x,˚r)z˚·˚Ut)˚=˚+, and dqualadd(Set(r)t z ˙(Succ(x, r)z · Ut)) = +, We finally have :dqualadd((Set(r)t z ˙ (Succ(x, r)z · Ut)) ˙ (Compt({x}t)· Uz)) = +. We have then to compute d+add (Succ(x, r)y)and d+add ((Set(r)t z ˙ (Succ(x, r)z · Ut)) ˙ (Compt({x}t)· Uz)). Let suppose couple (a, b) is added in relation r.So, we have, for instance, d+add (Set(r)t z) = {a} · {b} andd+add (Succ(x, r)y) = (if a = x then {b}y else ˘y). Usingquantitative set differentials of set intersection andcartesian product, we are able to determine the positiveset differential of (Set(r)t z ˙ (Succ(x, r)z · Ut)) ˙(Compt({x}t) · Uz).5.The generation of filtering algorithmsIn this section, we show how we use qualitative andquantitative set differentials in the automatic generationof filtering algorithm process. The generated algorithmsare expressed in a high level language, namely Descartes[10], a functional and set-based language. It allows oneto use quantifiers and sets.5.1Knowledge for filtering algorithmgenerationThe generation of filtering algorithms is obtained fromdeclarative specifications of the constraint schemes.Indeed, constraint schemes are specified by first orderpredicate calculus formulas. This initial specificationdoes not contain any imperative information.Nevertheless, as we are interested in particularalgorithms, we have implicit knowledge concerning thealgorithms that have to be generated. This knowledgeallows us to build skeleton of filtering algorithms as wesee below.

First, we must state precisely what we expect from afiltering algorithm. A filtering algorithm associated witha constraint scheme must deduce the consequences of themodifications produced on the constraint by elementaryoperations of addition and deletion of WM elements.This implies that the filtering algorithm must distinguishthe case where a new WM element is added from the casewhere a WM element is deleted. The filtering algorithmconsists in a test instruction concerning the nature of theaction processed. It must also have a boolean parameterindicating whether the action processed is an addition or adeletion of fact.As the studied constraint schemes deal with binaryrelations, WM elements added or deleted are couples ofrelations. The filtering algorithms must have inputparameters representing the couple of the modifiedrelation. As said before, constraint schemes split up intotwo classes. The first one is the class of constraintschemes whose parameters are all constants. The secondone contains constraint schemes which have at least onevariable parameter. In the first case, the predicative formof the constraint scheme is a closed formula. Thetransformation of this kind of formula into a set-basedrepresentation leads to an expression composed of setconstraints connected by "or" and "and". A constraint ofthis type is true or false depending on the current WM.Thus, it has a state, and this state has to be maintainedwhen the WM is modified. In the second case, thepredicative formula associated with a constraint scheme isa logical formula containing free variables. Such aconstraint is true if there exist objects in the WM forwhich the constraint is true when the variables areinstantiated by these objects. In this case, our aim is toincrementally maintain the set of the values that satisfythe constraint by computing the elements added to this setand those removed from it at each inference engine cycle.This leads us to distinguish two kinds of filteringalgorithm skeletons. Due to space limitation, we presenthere filtering algorithm skeletons corresponding to thefirst category of constraint schemes. The second kind offiltering algorithm skeletons are presented in [6].5.2Filtering algorithm skeletonWhen the constraint scheme has no variable parameter,the first order predicate formula associated with it is aclosed formula, i.e., all the variables appearing in it arequantified. Moreover, the formula is composed ofsubformulas that are all closed, connected by the logicalconnectors "and" and "or". We have then a global statecorresponding to the global formula and partial statescorresponding to the different closed subformulascomposing the global formula. The number of partialstates is equal to the number of subformulas that composethe predicative representation of the constraint scheme. Ifwe assume that the predicative form of a constraintscheme is expressed using the conjunction, the negation,and the existential quantifier, its set-based representationis of the form: e˚„˚˘, where e is a set expression. Indeed,the transformation of an atomic formula into a set-basedrepresentation results in a set, the transformation of aconjunction results in set intersection, the transformationof the negation results in the complementary set, and thetransformation of the existential quantifier leads to "„ ˘".Instead of evaluating the partial states after eachmodification, we maintain them. The global state, for itspart, is maintained through its partial states. A filteringsubfunction is then associated with each closedsubformula. The goal of these filtering subfunctions is tomaintain the associated partial states. Thus, the filteringalgorithm associated with a constraint scheme having novariable parameter is composed of a main function andnumerous subfunctions. We will first present the mainfunction and then we describe the subfunctions and theirheadings.5.2.1. Main filtering functionThe main filtering function must have the followingparameters in its heading:¥a boolean variable, namely state, representing theglobal state of the constraint,¥a variable, denoted ra, representing the modifiedrelation,¥two variables, denoted a and b, representing thecomponents of the added or removed couple. Wesuppose that all the manipulated relations are binaryrelations,¥variables, denoted pc1, �, pcm, representing theconstant parameters of the constraint scheme. Thetypes of the parameters (constant or variable) aregiven in the description of the constraint scheme,¥a boolean variable denoted add. When add is true, itmeans that the main filtering function is called afterthe addition of couple (a, b) in relation ra, and whenit is false, the call is done after the deletion of couple(a, b),¥boolean variables, denoted state1 , �, s t a t e r,representing the partial states of the constraintscheme.The function returns the new values of variablesstate1, �, stater and state. The heading of the mainfiltering function is: Filter(state, ra, a, b, pc1, �, pcm,add, state1, �, stater).The state of the constraint may change only when thename of the modified relation is one of those mentioned in the constraint scheme. It is, in this case, necessary todetermine the consequences of this modification on thepartial states because they may change. On the otherhand, if the modified relation ra is different from all therelations mentioned in the constraint scheme, then noneof the partial states nor the global state are modified. Theold values of the partial states as well as the global stateare returned.In the first case, i.e., when one of the mentionedrelations is modified, the new values of the partial statesmust be calculated by executing their associatedfunctions. The calls for the different functions evaluatingthe partial states are done. In these calls, the name of themodified relation, the added or removed couple, theconstant parameters of the constraint scheme, as well asthe state associated with the called function are thearguments. The new partial states and the global one arereturned. The main filtering function skeleton ispresented in Figure 1.Filter(state, ra, a, b, pc1, �, pcm, add, state1, �, stater) if (ra = r1) or (ra =r2) or � (ra = rn) then nstate1 = Fil1(ra, a, b, pc1, �, pcm, add, state1),

........

nstater = Filr(ra, a, b, pc1, �, pcm, add, stater),

(nstate1, �, nstater, state_tree) else (state1, �, stater, state)

Figure 1 : main filtering function skeletonassociated with a constraint scheme withoutvariable parameterState_tree is the expression of the global state bymeans of the partial ones (for instance, state_tree = (state1and state2) or state3). Fili, i = 1, r, represent filteringsubfunctions. The main function acts as a first filterwhich permits to eliminate, in a straight off manner, allthe operations known to have no consequence on theconstraint, as they do not affect any of the relationsmentioned in the constraint scheme. However, when themodification may change the state of the constraint, wemust determine how it acts on the partial states.Steps composing the generation process, namely theconstruction of the set-based representation, thecomputation of the qualitative and quantitativedifferentials, as well as the construction of the filteringfunctions, have been implemented as a module of GAP,called the generation module. GAP’s architecture ispresented in the next section.

ExampleThe main function, produced by GAP, correspondingto constraint scheme RXN is presented in Figure 2.Filter_RXN(state, ra, a, b, add, r, x, state1, state2) if (ra = r) then nstate1 = Fil1(ra, a, b, add, r, x, state1) nstate2 = Fil2(ra, a, b, add, r, x, state2)

(nstate1, nstate2, nstate1 and not nstate2) else (state1, state2, state)

Figure 2 : RXN main filtering functionState1 represents the state of set constraint Succ(x,˚r)y„ ˘. State2 represents the state of set constraint ((Set(r)tz˚˙˚(Succ(x, r)z · Ut)) ˙ (Compt({x}t) · Uz)) „ ˘. GAPgenerates two subfunctions Fil1 and Fil2. The first one isassociated with state1, and the second with state2.5.2.2.Filtering subfunctionsThe heading of a filtering subfunction is of the form:Fili(ra, a, b, pc1, �, pcm, add, state).As said before, functions Fili are associated with setconstraints of the form s „ ˘ , where s is any setexpression. We are interested in the following changes ofthe set constraint:¥when it is true, we must determine if it remains trueor if it becomes false,¥when it is false, we must determine if it remainsfalse or if it becomes true,in both cases of addition and deletion of facts. Thus, if"state" represents the boolean value of the set constraint,the body of function Fili consists in the followingconditional instruction:if add then if statethen i1 {i1 determines whether the set constraintremains true or whether it becomes falseafter the addition of a new fact}else i2 {i2 determines whether the set constraintremains false or whether it becomes trueafter the addition of a new fact}else if statethen i�1 {i�1 determines whether the set constraintremains true or whether it becomes falseafter the deletion of a fact}else i�2 {i’2 determines whether the set constraintremains false or whether it becomes trueafter the deletion of a fact}What could be instructions i1, i2, i’1 and i’2? Let ustake, for instance, instruction i1. When set constraint "s „˘" is true and we add a new fact, the new state to bereturned in this case is the value of expression d-add (s) „ s. Indeed, if the diminution of set s is different from s, "s„ ˘" remains true, otherwise, it becomes false. Letsuppose now that the set constraint is not true before theaddition. It means that s is empty. What could changethe state of the set constraint is its positive differential. Ifit is not empty, the set constraint is false before theaddition and it becomes true after it. Thus, the new stateof the set constraint is given by the value of theexpression d+add „ ˘. Figure 3 presents filteringsubfunction skeleton differentiating set constraint "s „˘".Fili(ra, a, b, pc1, �, pcm, add, state)

If add then if state then (d-add (s) „ s) else (d+add (s) „ ˘) else if state then (d-del(s) „ s) else (d+del(s) „ ˘)

Figure 3 : skeleton of subfunction differentiatingset constraint "s „ ˘"If we use qualitative information in this subfunctionskeleton, we can immediately know the values returnedby this subfunction. For instance, if the qualitativedifferential of set s, in the case of addition, equals +, i.e.,s cannot decrease, we immediately know that its negativeset differential d-add (s) is empty. Thus, expression (d-;add)(s) „ s) is true. The same reasoning applies to d+del(s)and leads to the immediate evaluation of expressiond+del(s)˚„˚˘ . Indeed, in the case of deletion, if thequalitative differential of set s equals -, i.e. s cannotincrease, then its positive set differential is empty. Weknow that expression (d+del(s) „ ˘) is false. In the twoprevious cases, we immediately conclude on the new stateof the set constraint. We obtain an instance of theprevious filtering subfunction skeleton presented inFigure 4.Fili(ra, a, b, pc1, �, pcm, add, state)

If addthen if statethen true else if statethen (d-del(s) „ s) else false

Figure 4 : instance of skeleton of subfunctiondifferentiating set constraint "s „ ˘"Qualitative differentials not only avoid thecomputation of complex quantitative set differentials thatare finally empty, but they permit us, in certain cases, toimmediately determine the value to be returned byfiltering functions.

ExampleRXN subfunction corresponding to RXN first partialstate is an instantiation of subfunction skeleton of Figure4, where s is Succ(x, r)y. We have calculated Succ(x, r)ypositive set differential in the previous section. Thissubfunction is described in next figure.Fil1(ra, a, b, r, x, add, state)

If add then if statethen true else ( (if a = x then {b}y else ˘y) „ ˘ ) then ( (if a = x then {b}y else ˘y) „ Succ(x, r)y)

Figure 5 : subfunction corresponding to the firstpartial state of constraint RXN6.GAP’s architectureGAP is implemented as a rule-based system. GAP�sinput is a first order calculus formula corresponding to theconstraint scheme to be filtered. Its output is theassociated filtering functions.

TransformationExpertiseGeneration ModuleRewriting Module

skeletons. Filtering functions corresponding to a givenconstraint scheme are generated once this constraintscheme is defined in the rule language. The generatedfunctions contain boolean expressions that can bestatically evaluated, i.e. expressions whose values can beknown before the execution because they are independentof the data. That is the reason why we have included arewriting module in our system. This module allows thesimplifications of the generated filtering functionsobtained after the generation phase. The inference engineinterpreting rules containing occurrences of constraintschemes is the fusion of all generated filtering functions.In database systems, the stored data must beconsistent, i.e. in accordance with the reality it represents.An integrity constraint is in general a predicate a sub-setof the database must verify for the data to be consideredcoherent. Any update in the database may introduceinconsistencies and lead to controls. For performancereasons, it is necessary to reduce the cost of these controlsbecause they involve the access to large data volume notexplicitly mentioned by updates. Object orienteddatabase management systems perform integrityconstraint verifications in two steps. In the first step, theset of integrity constraints to be verified during theexecution of a transaction is constructed. The filtering forthe construction of this set is based on syntactic analysisof constraints and transactions. It turns out that thisfiltering is not selective. Indeed, constraints that wouldnot be verified are kept in the set. In the second step,verification algorithms for each constraint of the setcomputed at the previous step, are automaticallygenerated in the transaction code. To improve thefiltering of integrity constraints, we are studying theapplication of set differentiation to this kind of problem.Indeed, it allows us to consider dynamic aspects whichare not taken into account in the previous technique.References[[1] Aho A.V. and Ullman J.D. , "Principles of compilerdesign", Addison-Wesley, 1977.[2]Beldiceanu N. "Langage de r�gles et moteurs d’inf�rencesbas�s sur des contraintes et des actions". Application auxr�seaux de Petri. PhD-Thesis, Paris 6 University . Jan1988.[3]Brownston L., Farrel R., Kant E., Martin N."Programming Expert Systems in OPS5". AddisonWesley, Reading, Mass. 1985.[4]Cocke J. and Kennedy K. , "An algorithm for reduction ofoperator strength", Communication of ACM, November1977, pp 850-856.[5]De Kleer J. and Brown J. S., "A Qualitative PhysicsBased on Confluence", Artificial Intelligence Volume 24,1984, pp. 7-83.[6]Derrough F. "G�n�ration Automatique d’Algorithmes deFiltrage � partir de Sp�cifications D�claratives : leSyst�me GAP" PhD-Thesis, Paris 6 University.September. 1994.[7]Dormoy J.L."R�solution qualitative : compl�tude,interpr�tation physique et contr�le. Mise en ˇuvre dansun langage � base de r�gles", PhD-Thesis, Paris 6University , 1987.[8]Forbus K. D., "The Qualitative Process Theory",Artificial Intelligence Volume 24, December 1984, pp.85-167.[9]Forgy C.L. "RETE : A Fast Algorithm for the ManyPattern/Many Object Pattern Matching Problem"Artificial Intelligence. Vol. 19, pp 17-37. 1982.[10]Ginoux B., "G�n�ration automatique d’algorithmes parsyst�me expert, � partir de sp�cifications d�claratives detr�s haut niveau : le syst�me COGITO", PhD-Thesis,Paris 9 University . Octobre 1991.[11]Kuipers B., "Qualitative Simulation", ArtificialIntelligence Volume 29,.1986, pp. 289-338.[12]Lauri�re J.L . "SNARK, un langage d�claratif" TSI, vol.5.n�3, pp 141-172. 1986.[13]Mc Dermott J. , Newel A. , Moore J. �The Efficiency ofCertain Production System implementations�. In Pattern-Directed Inference Systems. A. Waterman, F. HayesRoth. Academic Press. New York, 1978.[14]Miranker D.P. "TREAT : A Better Match Algorithm forAI Production Systems". In Proceedings of AAAI. 1987.[15]Paige B. and Schwartz J.T. "Expression continuity andthe formal differentiation of algorithms", in conferencerecord of the 4th ACM symposium of Principles ofprogramming languages, Los Angeles, California,January 1977, pp 58-71.[16]Rousset C. "TANGO : moteur d’inf�rences pour uneclasse de syst�mes experts avec variables" Th�se de 3�mecycle. Universit� de Paris Sud, Octobre 1983.[17]Sharir M., "Some observation concerning formaldifferentiation of set theoretic expressions", ACMTransaction on Programming Languages and systems, vol4, n�2, April 1982, pp 196-225.[18]Smith D., "KIDS: A Semiautomatic ProgramDevelopment System", IEEE Transactions on SoftwareEngineering, vol.16, n� 9, September 1990[19]Steele G.L. �The definition and Implementation of aComputer Programming Language Based on constraints�.PhD-Thesis, Cambridge, 1980.[20]Steels L. �Constraints as consultants� in Progress inArtificial Intelligence, pp.156-165, 1985.