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eAbstra
tIn this paper, a new eÆ
ient te
hnique is introdu
ed to 
he
k the logi
al 
onsis-ten
y of �rst-order fun
tion-free strati�ed knowledge-based de
ision-support sys-tems (KBs). It is based on a progressive instantiation s
hema that enables us tobene�t from the power of lo
al sear
h te
hniques for propositional satis�ability andsear
h. It 
ombines a knowledge preferen
e pre-ordering with a 
on
ept of depth-limited reasoning. An algorithm that proves eÆ
ient very often is proposed. It de-livers a good approximation of Benferhat et al.'s preferred maximal in
lusion-based
onsistent sub-bases. The approa
h is extended to 
over forms of nonmonotoni
KBs, as well.Key words: knowledge bases, validation, veri�
ation, logi
al 
onsisten
y
1 Introdu
tionChe
king the logi
al 
onsisten
y of knowledge-based systems (KBs) is a taskthat is both vital and 
omputationally heavy. Indeed, from any 
ontradi
toryset of information, a logi
al agent will be able to dedu
e any 
on
lusion (and its
ontrary). Even in the propositional setting, 
onsisten
y 
he
king 
an be time-
onsuming sin
e 
he
king the satis�ability of a set of propositional 
lauses isNP-
omplete. However, re
ent impressive pra
ti
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thanks to the use of lo
al sear
h te
hniques, making it possible to 
he
k the(in)satis�ability of very large propositional a
tual knowledge bases [1{5℄.This progress is so impressive that it be
omes viable to 
he
k also the (in)sa-tis�ability of large �rst-order (�nite) KBs by 
onsidering their instantiated
ounterparts [5,6℄. Obviously enough, to avoid an exponential size blow-up,
arefully restri
ted instantiation s
hemata are required. In this 
ontext, spe-
i�
 instantiation s
hemata have been proposed in [6℄ and shown 
omputation-ally viable, in parti
ular for 
he
king the 
onsisten
y of �nite 
lausal (fun
tion-free) �rst-order multi-sorted KBs when they are built in an in
remental way,i.e. 
he
king the 
onsisten
y of KB0 = KB [ ffg, where KB and ffg are
onsistent �nite sets of fun
tion-free (multi-sorted) 
lauses.In this paper, su
h a te
hnique is revisited when KB0 is strati�ed a

ordingto a knowledge preferen
e pre-ordering. When KB0 is in
onsistent, the goalis now to give the user a minimal set of 
lauses that should be retra
ted fromKB so that KB0 be
omes 
onsistent, while the preferen
e ordering betweenthe information is respe
ted.Our approa
h is based on the following heuristi
 �nding: lo
al sear
h is oftena good ora
le to dete
t whi
h information is 
on
i
ting in a KB, when thislatter one is a
tually in
onsistent. More pre
isely, the 
lauses that are mostoften falsi�ed during a failed lo
al sear
h for 
onsisten
y most likely belong toan in
onsistent subpart of KB. The algorithm delivers a good approximationof Benferhat et al. maximal 
onsistent preferred sub-bases [7℄.The paper is organized as follows. First, the diÆ
ult intera
tion between thefollowing two tasks is dis
ussed in an intuitive way: on the one hand, we shouldinstantiateKB0 step by step and as little as possible, while, on the other hand,in 
ase of in
onsisten
y, we need to dete
t the preferred minimal set of 
lausesto be retra
ted from KB0 to restore 
onsisten
y. A depth-limited instantiations
hema for (in)
onsisten
y 
he
king is presented. It is then explained how theduality between 
onsisten
y and in
onsisten
y 
an play a useful role, before itis shown how the approa
h 
an handle forms of nonmonotoni
 KBs, as well.After some experimental illustrations are given, the main bene�ts and limitsof the approa
h are then summarized.2 In
remental instantiation and preferen
eAssume that KB is a 
onsistent set of �rst-order 
lauses and that ffg is a
lause. Assume that both KB and f 
ontain at least one 
onstant and thatthey do not 
ontain any non-
onstant fun
tion symbol. Our goal is to provethat KB0 = KB [ ffg is 
onsistent or �nd one smallest set of formulas to be2



retra
ted from KB in order for KB0 to be 
onsistent.Assume also that we have devised an instantiation s
hema that provides uswith in
reasing partial instantiated knowledge bases fromKB0, namely a seriesof KBi su
h that KB0 � : : :KBi � KBi+1 : : : � KBend, where KBend isthe totally instantiated Herbrand 
ounterpart of KB0 (i.e. using all 
onstantso

urring in KB0).A �rst straightforward result is that, for any i, when KBi is in
onsistent thenKB0 itself is in
onsistent. This means that any further instantiation step isuseless with respe
t to in
onsisten
y proving. Moreover, some 
lauses fromKBi must be dropped (or weakened [8℄) if we want 
onsisten
y to be restored.These results make the progressive instantiation s
hema attra
tive. Under the
ondition that they are guided by the additional formula f , we 
an hopethat some depth-limited instantiation steps will prove the in
onsisten
y (orguarantee that in
onsisten
y 
annot o

ur within this limited depth of possiblereasoning).Now, assume that a preferen
e pre-ordering applies to all 
lauses from KB0,meaning for instan
e that, if (i < j), then we prefer to drop 
lause 
j insteadof 
i from KB0 in order to re
over 
onsisten
y. A

ordingly, 
lauses from KB0are partitioned into a series of strata. Assume that we have shown that KBk isin
onsistent and that we have found that dropping one the two 
lauses 
124 and
235 allows us to restore 
onsisten
y. A

ordingly, we shall drop 
235. Imaginenow that there are several minimal 
on
i
ting sets of 
lauses in KBi and thatwe dis
over a se
ond set of 
on
i
ting 
lauses, namely f
43; 
124g. In this 
ase,we shall also drop 
124. Thus, dropping 
235 was useless sin
e our preferen
erelation requires us to drop 
124, whi
h allows the �rst set of 
on
i
ting infor-mation to be solved, too. In other words, we need to handle the whole KBi, orat least all its minimal in
onsistent sets of 
lauses in order to be sure that thepreferen
e is respe
ted. In [9℄, an algorithm is provided that solves this prob-lem in the propositional framework. In the partial instantiation framework, itshould be noted that ea
h time a subsequent KBi+1 is 
onsidered, then theset of 
lauses that were previously proposed as 
lauses to be dropped mustbe re
onsidered. This, in order to make sure that the preferen
e ordering isobeyed.3 Strati�ed knowledge basesAssume that the m 
lauses in KB0 = KB[ffg are partitioned inside n strataS1 [ : : : [ Sn. For simpli
ity of presentation, we assume that the m 
lausesare numbered in a way that follows the strata, i.e. when 
i 2 Sk, 
j 2 Sr and(k > r), then (i > j). When (i > j) then 
j is preferred over 
i, i.e. if we must3




hoose to drop one of the two 
lauses then we drop 
i. A

ordingly, the stratatranslate a preferen
e 
omplete pre-ordering on the 
lauses of KB0.Several approa
hes have been proposed to 
hara
terize the preferred maximal
onsistent sub-bases of an in
onsistent strati�ed KB0. Here we take Benferhatet al. in
lusion-based ordering as a 
ase study [7℄, whi
h is linked to previousworks by [10℄. Namely, let A = A1 [ : : : [ An and B = B1 [ : : : [ Bn be two
onsistent subsets of KB0, where Ai = A \ Si and Bi = B \ Si.De�nition 1 [7℄A �fS1[:::[Sng B i� 9i s.t. Ai � Bi and 8j < i; Aj = Bj (� denotes stri
tin
lusion). A 
onsistent sub-base of KB0 that is maximal w.r.t. �fS1[:::[Sng is
alled a maximal 
onsistent sub-base of KB0 (w.r.t. S1 [ : : : [ Sn).An equivalent 
onstru
tive de�nition 
an be established easily.Proposition 1 [7℄A = A1[ : : :[An is a maximal 
onsistent sub-base of KB0 (w.r.t. S1[ : : :[Sn)i� A1[: : :[Ai is a maximal 
onsistent sub-base of S = S1[: : :[Si; 8i 2 [1::n℄in in
reasing order, su

essively.For 
larity of presentation, we also re
all the dual 
on
ept of minimal in
on-sistent kernel.De�nition 2A minimal in
onsistent kernel (in short, kernel) of KB0 is a subset of 
lausesof KB0 that is both in
onsistent and minimal with respe
t to set-theoreti
 in-
lusion.Clearly, KB0 might 
ontain several di�erent kernels and their set-theoreti
interse
tion 
ontains f sin
e KB is 
onsistent. Also, dropping one 
lause be-longing to a kernel of KB0 is enough to break the kernel, i.e. to suppress itfrom the set of kernels of KB0.De�nition 3The in
onsistent part of KB0, noted IP (KB0), is the set-theoreti
 union of allkernels of KB0.In the following, we adopt the natural assumption that any instantiated 
lauseand its parent �rst-order 
lause belong to the same stratum. A

ordingly, allde�nitions in this se
tion also apply to any partially instantiatedKBi. We alsoassume that we do not want to dis
ard f to restore 
onsisten
y; a

ordinglyf is pla
ed in the lowest stratum. 4



4 An in
remental instantiation s
hemaCurrent lo
al sear
h te
hniques apply to propositional KBs. One straightfor-ward way to ta
kle �nite fun
tion-free �rst-order 
lausal KBs would requirea full instantiation of the KB into its Herbrand 
ounterpart, namely all pos-sible instantiations using the 
onstants o

urring in KB. Obviously enough,this 
annot be done in the general 
ase without a 
ombinatorial spa
e blow-up. To avoid this drawba
k as mu
h as possible, some 
ompromises have tobe made. Here, we adopt two restri
tions. On the one hand, we just 
on-sider the restri
ted problem of in
rementally building a 
onsistent KB. Morepre
isely, KB is assumed 
onsistent and a 
lause f is to be introdu
ed intoKB. We want to show that KB0 = KB [ ffg is itself 
onsistent or �nd theinvolved 
on
i
ting information. On the other hand, we make do with a pro-gressive instantiation of KB0 inside a propositional setting that ensures that(in)
onsisten
y 
annot o

ur using less than a given number i of reasoningsteps. From a pra
ti
al point of view, this poli
y 
an be justi�ed by the fol-lowing assumptions about pra
ti
al situations; on the one hand, in
onsisten
yis often due to a limited number of rules and fa
ts, limiting the reasoningsteps that are ne
essary to prove it. On the other hand, if the available time-resour
es are limited, we 
an make do with a guarantee that in
onsisten
y willnot o

ur within a preset limited depth in the reasoning steps. Let us revisitthe instantiation s
hema that was initially proposed in [6℄.Assume KB is a 
onsistent �nite set of fun
tion-free 
lauses and that KB
ontains at least one 
onstant. Assume f is a 
lause. Let KB0 = KB[ffg. AsKB is 
onsistent, any in
onsisten
y is due in part from information (
onstantsand/or predi
ates) from f . A

ordingly, we shall expand the information fromf inside KB and 
he
k for in
onsisten
y step by step.More formally, let � be the (non-empty) set of 
onstants o

urring in KB0.A
tually, a form of multi-sorted logi
 is required here to avoid a dire
t 
om-binatorial blow up; namely any 
onstant must be given its exhaustive list ofpredi
ate arguments that it 
an instantiate. For 
larity of presentation, thisis left impli
it in the following. However, let us stress that this is a reallyimportant requirement sin
e it will avoid exhaustive instantiations using thewhole set � . Let C0 be the singleton ffg. Let KB0 
ontain all ground 
lausesthat 
an be obtained by instantiating 
lauses from C0 using � . From thesestarting points, we shall augment KB0 to mimi
 the possible information linksbetween f and the 
ontents of KB, translating reasoning steps starting fromf and using information from KB.Let us stress that this approa
h di�ers from [6℄ in the sense that we do notput in KB0 all the ground 
lauses from KB0, sin
e they might not dire
tlytake part in the in
onsisten
y when this latter one exists w.r.t. KB0. Let us5



note Ground(C) the set of ground 
lauses obtained by instantiating 
lausesin C using � as instantiation domain. Depth-i 
onsisten
y/in
onsisten
y isde�ned in the following way.De�nition 4 [6℄Let Ci be the set of 
lauses from KB0 
ontaining at least one predi
ate fromCi�1. Let KBi =def KBi�1 [ fGround(Ci)g. We say that: KB is depth-i
onsistent (resp. in
onsistent) i� KBi is 
onsistent (resp. in
onsistent).This 
on
ept 
onverges on the standard de�nitions of 
onsisten
y and in
on-sisten
y.Proposition 2 [6℄9n s.t. KBn is stable, i.e. KBn = KBn+1. (Su
h a �xed-point KBn is notedKBend).Proposition 3 [6℄KB0 is 
onsistent (resp. in
onsistent) i� KBend is 
onsistent (resp. in
onsis-tent).Sin
e KBi � KBend for any i, we know that whenever KBi is in
onsistentthen KBend is in
onsistent. A

ordingly, at ea
h instantiation step, when anin
onsisten
y is en
ountered, it 
an be reported to the knowledge engineer asno further instantiation step will allow 
onsisten
y to be re
overed. On the
ontrary, no de�nitive proof of 
onsisten
y is obtained until KBend is shown
onsistent.5 Handling a partially instantiated KBiIn this se
tion, we brie
y present our previous results [9℄ in the propositionalsetting that 
an be applied to partially instantiated KBi. In the in
rementalapproa
h to build a 
onsistent KB, we 
an hope that the new 
lause f will not
on
i
t in several minimal ways with the 
lauses already in KB. A

ordingly,we distinguish between two possible situations when KBi is in
onsistent.In the �rst one, whi
h we 
all the single kernel assumption, there is exa
tlyone kernel in KBi whereas, in the general 
ase, there 
an be several di�erentkernels in KBi. To some extent the single kernel assumption 
an be relatedto the single diagnosis situation in 
onsisten
y-based diagnosis [11℄. Clearly,the single kernel situation will be en
ountered more often in our in
rementalbuilding of a 
onsistent strati�ed KB than in the pro
ess of building the KBglobally before restoring 
onsisten
y only on
e. The main idea is as follows[9℄. In 
ase of in
onsisten
y, dropping one 
lause 
an restore 
onsisten
y. Su
h6



a 
lause is looked for among the 
lauses that were more often falsi�ed duringthe previous failed lo
al sear
h for a model. Candidate 
lauses are sele
teda

ording to the preferen
e relation, ensuring that there is no 
lause that isless preferred and that belongs to IP (KBi).In the general 
ase, we 
annot assume the existen
e of a unique kernel whenKBi is in
onsistent. In [9℄, a pro
edure is des
ribed that 
omputes a set of
lauses to be dis
arded to restore 
onsisten
y and that uses the above heuris-ti
 about lo
al sear
h, whi
h proves often a

urate. A

ordingly, a 
orre
tset of 
lauses to be dropped is found very often. Remarkably enough, ourexperiments show that this pro
edure often requires a number of 
alls to asatis�ability 
he
k that is 
lose to the number of kernels of IP (KBi), whi
his often a very small number in most realisti
 situations of in
remental 
on-stru
tion of KBs. When the heuristi
 about lo
al sear
h works ni
ely, thispro
edure delivers 
lauses of an in
reasing preferen
e, ea
h of them allowingat least one kernel to be broken when the 
lause is dropped.6 Using the duality between 
onsisten
y and in
onsisten
yThe above instantiation s
hema mimi
s reasoning steps starting from f andlinking information from KB. However, it should be noted that it divergesfrom implementing the standard logi
al resolution prin
iple in an importantway. Ea
h time we in
lude a 
lause in KBi be
ause it 
ontains a predi
atethat also belongs to KBi�1, we do not require that these two o

urren
es ofthe same predi
ate are of opposite signs, as it would be a basi
 requirement forthe resolution prin
iple to apply. This last feature 
an be exploited in orderto exploit the duality between 
onsisten
y and in
onsisten
y in a better way.Let us explain this in more details.In the previous se
tion, we have seen that whenever a ground KBi is shownin
onsistent then KB0 is itself in
onsistent. On the other hand, we 
an onlybe sure that KB0 is 
onsistent when KBend is rea
hed, whi
h 
an often be outof rea
h. But 
onsider the following dual problems. Let KB be a 
onsistentset of 
lauses, : stand for the logi
al negation 
onne
tive and f be a 
lause.� Is KB0 = KB [ ffg 
onsistent?� Is KB00 = KB [ f:fg 
onsistent?A
tually, the above expansion s
hema yields propositional subsets KBi andKB00i for both problems that di�er only on either instantiations of f or instan-tiations of :f are in
luded. A

ordingly, we 
an de�ne a double 
he
k poli
y.At ea
h instantiation level, we test KBi and KB00i for 
onsisten
y. Wheneverone of these 
he
ks yields in
onsisten
y, we know that we have got a de�nitive7



answer about the 
onsisten
y ofKB0. In parti
ular, when KB00i is in
onsistent,that means that KB00 is in
onsistent and thus that KB0 is 
onsistent.A

ordingly, this is a signi�
ant way to soften the requirement asserting thatno de�nitive 
onsisten
y result 
an be established about KB0 until KBend isrea
hed. On the other hand, from a logi
al point of view, showing that KB00is in
onsistent amounts to proving that f is an a
tual logi
al 
onsequen
e ofKB. A

ordingly, when su
h a situation is en
ountered, it is worth telling theuser that the additional information f to be introdu
ed in KB is redundantw.r.t. KB, at least from a logi
al point of view.Let us also stress that swit
hing from KBi to KBi+1 
an take advantage ofprevious 
omputations. Mainly, the initial interpretation sele
ted by the lo
alsear
h algorithm to �nd a model ofKBi+1 is not obtained randomly but shouldbe the previously found model of KBi.7 Covering forms of nonmonotoni
 KBsIn many appli
ations, the representation formalism of the KB allows negationby failure or limited forms of default reasoning to be represented. Our lo
al-based sear
h te
hnique is very well-suited to handle forms of negation byfailure operators. Imagine that we want to represent the rule asserting thatany resident must pay taxes (ex
ept ambassadors). This 
an be representedby : (resident(x) ^ not(ambassador(x)) ) taxes(x)), or in 
lausal form by:resident(x)_:not(ambassador(x))_ taxes(x), where ^, _ and) representthe standard 
onjun
tive, disjun
tive and material impli
ation 
onne
tiveswhile \not" represents the negation as failure operator. In intuitive terms,if we 
an assume 
onsistently that an individual a is not ambassador thennot(ambassador(a)) is set to true.We 
an take advantage of our heuristi
s about the tra
e of lo
al sear
h when itfails to �nd a model, to handle this form of non-monotoni
 reasoning eÆ
iently,at least very often. The idea is as follows. First, assume that all ground literalsthat are pre�xed by the \not" operator in KBi are false. A

ordingly, theirtruth value is �xed and is not allowed to 
hange during the lo
al sear
h. Ifthis latter sear
h leads to a model, then we were obviously right in ensuringthis truth value. Assume now that it fails to give us a model and also thata further 
omplete logi
ally sear
h also fails to �nd one. Now, we may lookat the 
lauses with the highest s
ores that 
ontain one atom pre�xed by the\not" operator and for
e the truth value of this atom to true. In this way,we satisfy this 
lause. Very often, running a lo
al sear
h or a 
omplete sear
hon this new KB leads to a model. This approa
h is dis
ussed more formallyand in a variety of nonmonotoni
 frameworks in [12,13℄. The main idea is that8



we 
an start assuming false all that is normally false; if this fails to deliver amodel then the tra
e of the lo
al sear
h provides us with a good ora
le of theassumptions that are wrong, most probably.8 Experimental illustrations for the nonmonotoni
 
aseAs the adequa
y and the good performan
e of the instantiation s
hema hasbeen dis
ussed elsewhere [6℄, we shall not repeat it here. Simply, the 
urrentsize of the instantiated KBi should not 
urrently overpass 100000 
lauses on astandard Pentium PC, whi
h allows many appli
ations to be handled. On theother hand, the depth of reasoning leading to in
onsisten
y should not requirean instantiation that leads to a larger number of 
lauses. Let us thus simplyillustrate the extensive tests that we have 
ondu
ted and of the results that wehave obtained by means of a typi
al example in the nonmonotoni
 
ase, underthe single kernel assumption. All tests were 
ondu
ted on a 450 Mhz PentiumIII, under Linux, using a straightforward (i.e. non optimized) implementationof a Davis, Logemann and Loveland pro
edure [14℄ and TSAT [1,15℄. In orderto simulate realisti
KBs that are diÆ
ult w.r.t. 
onsisten
y 
he
king, we havebuilt new ben
hmarks starting from DIMACS [16℄ standard Boolean 
onsis-ten
y ones. For instan
e, we have mixed 
onsistent ii16 problems with theso-
alled aim-50-1 6-yes and with an in
onsistent Dubois16, all from [16℄.These ben
hmarks have been rewritten using a shared set of Boolean variables.The generated instan
es are made of more than 19000 
lauses using more than1500 Boolean variables and are 
learly in
onsistent. Then, we have introdu
edadditional atomi
 propositions Abi (
alled markers or abnormality proposi-tions) representing unexpe
ted ex
eptions in the 
lauses in a random fashion,with at most one marker per 
lause and a (#markers=(#other Boolean vari-ables)) ratio being 1=3. These additional atoms are assumed to be interpretedfalse by default and are numbered. The introdu
tion of these propositions washowever operated in su
h a way that new instan
es were 
onsistent, whi
h waseasily established using TSAT [1,15℄. These markers simulate the preorderingbetween 
lauses. They are normally false, but when in
onsisten
y o

urs, weprefer dropping a 
lause with a marker of a low index (or assuming that themarker that it 
ontains is true). Setting these additional propositions to false,we let TSAT run during 30 se
. No model 
ould be found (indeed, su
h simpli-�ed instan
es are in
onsistent). We then assigned the truth value true to themarker o

urring in the 
lause with the highest s
ore. TSAT exhibited a modelin less than 8 se
. on average, showing that KB is in
onsistent in the absen
eof ex
eptions, whereas in
luding the ex
eption represented by this marker re-stores 
onsisten
y. Thus, under the single kernel assumption, dropping this
lause would yield a maximal preferred sub-base, where the underlying order-ing is given by the numbering of the markers.9
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e obtained for bf2670-130More 
omprehensive experimental results are provided in Figure 1 and Tables1 & 2. They have been performed on 450 Mhz Pentium III, under linux. Wetook a series of in
onsistent bf ben
hmarks from [16℄. Additional Booleanmarkers Abi have been introdu
ed in ea
h ben
hmark in a random manner,but making sure that they render ea
h ben
hmark 
onsistent. Assuming thatall markers are false, the resulting ben
hmarks are thus be
oming in
onsistentagain. Figure 1 illustrates the number of times ea
h 
lause has been falsi�edfor the most diÆ
ult ben
hmark (namely bf2670-130), during a failed lo
alsear
h for a model, assuming that all markers are false. In Tables 1 & 2, alltimes are expressed in se
onds. For two series of bf ben
hmarks, we provide theglobal time Tglobal that was required to dis
over the marker that has to be setto true to restore 
onsisten
y, while obeying the preordering preferen
e givenby the numbering of the markers. We also give the time Ttra
e spent to obtainthe tra
e allowing us to dis
over su
h preferred markers and the time Tlast�
he
kspent to show that, for the last tested marker, there was no preferable markerthat would restore 
onsisten
y by being set to true. Then, we indi
ate thenumber #Tries of markers that we had to 
onsider in a su

essive mannerbefore �nding the most preferred one that restores 
onsisten
y by being setto true. Assuming that all 
lauses that do not 
ontain a marker are given ahigh preferen
e (i.e. we do not want to drop them), then the above te
hniques
orresponds to delivering a preferred maximal 
onsistent sub-base of the bfben
hmarks, under the single kernel assumption. In that respe
t, the 
lauses
ontaining markers that are required to be true are the 
lause that should bedropped to obtain these sub-bases. 10



Instan
e #V ar #Cla #Abi Tglobal Ttra
e Tlast�
he
k #Triesbf0432-005 1040 3668 178 7:68 0:90 3:21 4bf0432-007 1040 3668 126 11:50 0:98 5:05 5bf0432-011 1053 3743 201 8:63 0:94 3:08 9bf0432-015 1044 3685 143 9:85 0:85 4:38 3bf0432-017 1044 3685 178 11:87 0:93 5:02 10bf0432-033 865 2784 106 7:13 0:64 3:09 6bf0432-035 865 2784 140 8:84 0:68 3:97 4bf0432-039 864 2790 153 7:55 0:67 3:29 4bf0432-041 865 2783 144 7:38 0:67 3:17 6bf0432-043 865 2783 112 8:62 0:63 3:93 2bf0432-053 1057 3766 186 8:55 1:13 3:60 2bf0432-070 1057 3761 200 8:21 1:11 3:14 5bf0432-077 1044 3685 129 11:17 0:92 4:58 12bf0432-079 1044 3685 113 10:89 0:88 4:52 11bf0432-091 1057 3761 175 8:08 0:95 3:18 9bf0432-103 1055 3746 124 7:51 0:92 3:15 3bf0432-122 1057 3763 197 8:08 0:93 3:12 7bf0432-135 424 1031 75 4:83 0:22 2:24 4bf0432-138 421 1000 67 5:02 0:21 2:25 8Table 1: bf0432 series
Instan
e #V ar #Cla #Abi Tglobal Ttra
e Tlast�
he
k #Triesbf2670-001 1393 3434 179 7:14 1:03 2:63 9bf2670-051 1389 3440 256 7:51 1:10 2:94 7bf2670-052 1389 3440 224 7:26 1:04 2:88 5bf2670-130 1784 4766 234 16:65 1:65 4:93 1
ontinued on next page11



Instan
e #V ar #Cla #Abi Tglobal Ttra
e Tlast�
he
k #Triesbf2670-189 1379 3417 189 147:60 0:91 73:10 5bf2670-202 1387 3439 175 240:34 1:04 119:70 7bf2670-240 1734 4941 247 365:86 2:15 188:41 5bf2670-241 1734 4941 249 1605:65 1:80 805:63 12bf2670-244 1670 4269 191 12443:18 1:30 6104:31 5bf2670-248 1674 4324 283 1614:16 1:49 815:64 7bf2670-269 1407 3496 257 6:62 1:03 2:80 1bf2670-400 1339 3249 156 7914:76 0:90 3991:10 4bf2670-404 985 2324 142 624:74 0:58 311:39 5bf2670-468 1488 3859 154 8:43 1:22 3:34 4bf2670-487 1423 3609 162 8:21 1:03 3:33 5bf2670-491 1363 3361 159 357:01 1:03 184:08 7bf2670-492 1363 3361 192 9:99 1:08 3:75 8bf2670-493 1371 3383 263 462:53 1:01 228:88 5bf2670-494 1371 3383 192 10:17 0:99 4:44 4bf2670-501 1734 4941 341 565:30 1:91 284:76 8bf2670-502 1734 4941 267 1163:69 1:73 566:15 4bf2670-510 1734 4941 315 1262:59 1:68 624:23 7bf2670-511 1734 4941 216 48:04 1:73 22:98 5bf2670-522 1378 3414 142 219:35 1:17 105:79 6bf2670-524 1386 3436 173 167:72 0:96 83:28 4bf2670-532 1476 3841 263 175:47 1:21 86:90 8bf2670-533 1476 3841 169 174:58 1:30 86:60 4bf2670-538 1668 4712 320 7:52 1:56 2:84 2bf2670-546 1464 3737 273 60:34 1:19 29:30 6bf2670-547 1464 3737 224 290:67 1:19 144:64 1Table 2: bf2670 series
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9 Con
lusionIn this paper, we have shown that our previous 
omputing te
hniques [9℄for validating strati�ed propositional KBs 
an be 
ombined with the partialinstantiation te
hnique proposed in [6℄, in su
h a way that the 
onsisten
y of�rst-order strati�ed KBs 
an be 
he
ked and maximal 
onsistent sub-bases bedelivered (most often). Let us summarise the salient feature of the te
hnique.� The partial instantiation s
hema translates reasoning steps. A

ordingly, we
an ensure the 
onsisten
y of KB0 progressively with respe
t to an in
reas-ing depth of reasoning� In
onsisten
y is dis
overed as soon as possible.� The most eÆ
ient 
he
king te
hniques for propositional satis�ability areused.� It 
an be extended to forms of nonmonotoni
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