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AbstractA fundamental problem in logical knowledge-bases lies in inconsis-tency handling. Indeed, any (even local) logical contradiction makes theknowledge-base wholly inconsistent: any piece of information (and itscontrary) can be deduced from it under complete rules of deduction. Un-fortunately, there is no universal practical way to detect and/or handlesuch inconsistencies even in the general propositional case since SAT,i.e. checking the satis�ability of a boolean formula, is NP-complete.Very recently, we have discovered a powerful heuristic allowing one tolocate and prove inconsistent kernels in propositional knowledge bases.Based on the use of local search methods, this heuristic appears to besurprisingly e�cient and opens new perspectives with respect to manyarti�cial intelligence domains. In this paper, its e�ciency is illustratedin the context of large propositional knowledge-bases and speci�cationsof complex VLSI system. Keywordsinconsistency handling, logical inconsistency, SAT, localsearch methods� This work has been supported by the Ganym�ede II project of the Contrat de PlanEtat/Nord-Pas-de-Calais, by the PRC-GDR Intelligence Arti�elle, and by the IUT de Lens.1



1 IntroductionInconsistency handling is a ubiquitous problem in arti�cial intelligence. In par-ticular, it is a serious issue in logical- oriented knowledge-bases (KBs). Indeed,any piece of contradictory information in a logical KB makes it wholly incon-sistency under complete rules of deduction. Unfortunately, checking logicalconsistency is a time-consuming operation that is often out of reach for real-life applications. Even in the basic propositional case, this is an NP-completeproblem, making the existence of a universal polynomial-time solution ex-tremely improbable (unless P = NP). Accordingly, standard techniques forchecking logical satis�ability are based on exponential search techniques thatcannot address real KBs.Recently, there has been a renewal of interest in the study of the propo-sitional satis�ability issue. Several authors have shown how very basic searchmechanisms prove to be surprisingly e�cient in dealing with large and hard setsof propositional formulas (see mainly [17, 18]). These search mechanisms arehowever incomplete in the sense that they do not address the complete spaceof interpretations. Accordingly, they are logically incomplete in the sense thatthey can prove that a KB is consistent (by exhibiting a model of it), but theyare unable to prove in a de�nitive manner that a KB is inconsistent.In [13, 14], it is shown that, however, such logically incomplete techniquescan underly a very powerful heuristic allowing inconsistent kernels to be locatedin KBs. Moreover, this heuristic can be used in guiding the search of standardcomplete techniques for checking consistency, making them e�cient for manyclasses of large and very hard problems. In this paper, we illustrate theseresults described in [13, 14] by showing their very positive performance withrespect to the problem of localizing inconsistent kernels in large KBs and logicalspeci�cations of complex VLSI systems.The paper is organized as follows. First, some technical background isgiven about SAT, i.e. the problem of checking the satis�ability of a propo-sitional formula. Local search techniques for SAT are then described brie
y.Useful dual concepts of local and global inconsistencies are introduced. Aheuristic allowing one to locate inconsistent kernels in KBs is then explainedand illustrated in the context of several classes of application domains. In theconclusion, we emphasize the relevance and perspective of these results withrespect to various arti�cial intelligence domains.2



2 SAT and Local Search TechniquesSAT consists in checking the satis�ability (i.e. consistency) of a propositionalformula in conjunctive normal form (CNF). Let us recall here that any propo-sitional formula can be translated thanks to a linear time algorithm in CNF,equivalent with respect to SAT. A CNF formula is a set (interpreted as a con-junction) of clauses, where a clause is a disjunction of literals. A literal is apositive or negated propositional variable.An interpretation of a boolean formula is an assignment of truth values toits variables. A model is an interpretation that satis�es the formula. Accord-ingly, SAT consists in �nding a model of a CNF formula when such a modeldoes exist or in proving that such model does not exist.Recently, there has been a renewal of interest in designing e�cient methodsfor hard SAT problems.On the one hand, several authors have improved logically complete tech-niques like Davis and Putnam procedure DP [4] (e.g. CSAT [6]). However,these techniques remain of a limited practical scope since they do not allowone to manage large and hard SAT problems.On the other hand, logically incomplete techniques based on local searchhave been shown particularly e�cient in proving large and hard consistentproblems. Let us now brie
y recall one of these methods, namely Selman etal.'s GSAT algorithm [17, 18]. This algorithm performs a greedy local searchfor a satisfying assignment of a set of propositional clauses. The algorithmstarts with a randomly generated truth assignment. It then changes (\
ips")the assignment of the variable that leads to the largest increase in the totalnumber of satis�ed clauses. Such 
ips are repeated until either a model isfound or a preset maximum number of 
ips (MAX-FLIPS) is reached. Thisprocess is repeated as needed up to a maximum of MAX-TRIES times.In the sequel, TWSAT, i.e. a more recent and e�cient variant of GSAT,will be considered. TWSAT (as Taboo Walk Strategy for SAT) [12], departsfrom basic GSAT by making a systematic use of a taboo list of variables inorder to avoid recurrent 
ips and thus escape local minima. More precisely,TWSAT keeps a �xed length -chronologically-ordered FIFO- list of 
ippedvariables and prevents any of the variables in the list from being 
ipped againduring a given amount of time.These very simple logically incomplete algorithms, which belong to the3



Procedure GSATInput : a set of clauses S, MAX-FLIPS, and MAX-TRIESOutput : a satisfying truth assignment of S, if foundBeginfor i := 1 to MAX-TRIESI := a randomly generated truth assignmentfor j := 1 to MAX-FLIPSif I satis�es S then return Ix := a propositional variable such that a changein its truth assignment gives the largestincrease in the number of clauses1of S that are satis�ed by II := I with the truth assignment of x reversedend forend forreturn \no satisfying assignment found"EndFigure 1: GSAT Algorithm: basic versionlocal search procedures family, are surprisingly e�cient in demonstrating thatCNF formulas are consistent.3 Local vs. Global InconsistenciesFirst, let us de�ne some dual concepts of local and global inconsistency forpropositional KBs [14].De�nition 1 A SAT instance S is globally inconsistenti�S is inconsistent and 8S 0 � S : S 0 is consistent.1this number can be negative 4



When an inconsistent SAT instance S is not globally inconsistent, it is saidto be locally inconsistent.De�nition 2 A SAT instance S is locally inconsistenti�S is inconsistent and 9S 0 � S : S 0 is inconsistentClearly, several measures of locality for inconsistency can be de�ned, mak-ing use of e.g. the (size of the inconsistent kernel)/(size of theKB) ratio. In thispaper, we focus on locally inconsistent KBs. Indeed, such a form of inconsis-tency is of prime importance in actual applications. Very often, inconsistencyis due to the accidental presence of a few pieces of contradictory informationabout a given subject. Obviously, globally inconsistent problems are the mostdi�cult to handle; they are often generated in an arti�cial manner since theyare scarce in real life applications.4 An e�cient Heuristic to Locate Inconsisten-ciesIn this section, a somewhat surprising �nding is presented: GSAT-like tech-niques can be used to localize inconsistent kernels of propositional KBs, al-though the scope of such logically incomplete algorithms was normally ex-pected to concern consistent problems, only.The following test2 has been repeated very extensively, giving rise extremelyoften to the same result. TWSAT (or other GSAT- like algorithms) is run on aSAT problem. The following phenomenon is encountered when the algorithmfails to prove that the problem is consistent. TWSAT is traced and, for eachclause, taking each 
ip as a step of time, the number of times during whichthis clause is falsi�ed is updated. A similar trace is also done for each literaloccurring in the SAT problem, counting the number of times it has appearedin the falsi�ed clauses. Intuitively, it seemed to us that the most often falsi�edclauses should normally belong to an inconsistent kernel of the SAT problem if2all our experimentations have been conducted on i486 DX2 PCs.5



this problem is actually inconsistent. Likewise, it seemed to us that the literalsthat exhibit the highest scores should also take part in this kernel.Actually, this hypothesis proved to be most of the time experimentallycorrect (except for globally inconsistent problems). This phenomenon can besummarized as follows. When GSAT-like algorithms are run on a locally in-consistent SAT problem, then the above counters allow us to split the SATproblem into two parts: a consistent one and an unsatis�able one. A signi�-cant gap between the scores of two parts of the clausal representation is ob-tained, di�erentiating a probable inconsistent kernel from the remaining partof the problem. Strangely enough, it appears thus that the trace of GSAT-like algorithms delivers the probable inconsistent kernel of locally inconsistentpropositional KBs. We are currently analyzing how the form and propertiesof this trace can be experimentally related to graded notions of locality forinconsistency.In Figure 2, we show the scores of the literals and of the clauses whenapplying TWSAT to a large complex VLSI problem taken from a standardbenchmark (i.e. the so-called bf1355-638 problem consisting of 6768 clausesand 2177 propositional variables) [5]. TWSAT failed to prove that this KBis consistent; this problem is also clearly out of reach of usual techniques(applying improved DPs techniques, no answer was obtained within a preset30 hours CPU time). However, the trace of TWSAT shows us the probableexistence of an inconsistent kernel. Actually, using this information, we havebeen able to prove the inconsistency of this KB in 584 seconds and point outthe inconsistent kernel.Let us now illustrate the performance of this heuristic in the problem ofdetecting inconsistencies when merging individually consistent propositionalKBs. In Figure 3 , the scores of the above counters are given when TWSAT isapplied to a KB resulting from the union of two large initial ones (each initialKB containing 6500 clauses (with a number of literals per clause ranging from 2to 4) referring to 5000 di�erent variables occurring in both KBs). Each initialKB was shown consistent using TWSAT (in less than 2 seconds). TWSATfailed to prove that the merged KB is consistent. However, the trace of TWSATshowed us that a few (5) clauses exhibit a very high score. Some of thembelonging to the �rst initial KB while the others belonging to the second one.We then applied to the subKB formed with these clauses a standard completemethod based on Davis and Putnam procedure to show that it was actually6
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ClausesFigure 2: An example in the VLSI domainsinconsistent (this took 0.01 second). This subKB is thus an inconsistent kernelcausing the inconsistency of the whole merged KB. Retracting this kernel fromthe merged KB, we managed to prove (in less than 11 seconds) using TWSATthat the �ltered KB is consistent. On the other hand, we have run several ofthe best optimized versions of standard complete techniques (e.g. CSAT [6])on the inconsistent merged KB but obtained no result within a 24 H presetCPU time.This experimentation has been repeated very extensively and has givenrise to this phenomenon extremely often. By itself the discovery of a practicalway to locate probable inconsistent kernels is a very positive result. Indeed,we can now implement techniques addressing these kernels in several ways. A�rst-one could simply consist in rejecting the probable inconsistent kernel fromthe KBs. It could also consist in requesting a human agent to check it and,when needed, correct the pieces of interacting knowledge that seemed to causeinconsistency.More ambitiously, we might want the system to prove formally that thisprobable inconsistent kernel is actually inconsistent. As for the above example,we might apply standard techniques to the discovered kernel in order to proveits inconsistency. This simple schema can only be used when the discoveredprobable inconsistent kernel is of manageable size and when the gap betweenthe score of the clauses of the kernel and the score of the remaining clauses islarge enough.However, exploiting further the above heuristic, we have managed to de-7
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ClausesFigure 3: Scores of large inconsistent KBs.velop a new complete method to prove inconsistency that outperforms the beststandard ones very often [13, 14]. This method can be described as follows.We apply TWSAT to select the next literal to be assigned the truth- value trueby DP. This literal is selected as the one with the highest score as explainedabove. Such a technique can be interpreted as using the trace of TWSAT as anheuristic for selecting the next literal to be assigned true by DP, and a way toextend the partial assignment made by DP towards a model of the KB whenthis KB is satis�able.5 Conclusions and PerspectivesClearly, the heuristic presented in this paper could open new perspectives withrespect to several arti�cial intelligence domains.� As we have illustrated it in this paper, it provides us with a practicalway to detect inconsistent kernels in large propositional KBs.� As described in [13, 14], this can lead to new performant theorem provingtechniques. Indeed, showing that a conclusion can be deduced from somepremises is equivalent to showing that the negated conclusion togetherwith the premises is inconsistent. Moreover, we have shown that theheuristic described in this paper can boost standard semantic- basedtheorem proving techniques by guiding their search.8
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