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Abstract

In this paper, a new approach to compute
nonmonotonic inferences in a simple but use-
ful propositional model-preference formalism
is presented. It is original from at least two
points of view. First, it makes use of lo-
cal search techniques while preserving logical
completeness. Second, it proves experimen-
tally efficient for an important class of very
large nonmonotonic knowledge bases. More
precisely, it extends recent, SAT-related prac-
tical computational results to a nonmono-
tonic framework. The proof-strategy is based
on the use of local search techniques for
SAT together with an efficient heuristic when
these techniques fail to deliver a model. It
is applied to a formalism allowing prioritized
rules of default reasoning to be expressed,
using McCarthy’s Abnormality propositions.
A typical application domain concerns the
forms of defeasible reasoning that can be held
from a deep model of a complex device or
system, where Abnormality propositions are
used to represent possible (but unexpected)
faulty components and where a limited num-
ber of failures are expected to occur simulta-
neously.

1 INTRODUCTION

Nonmonotonic logic has long been a central issue
in knowledge representation and reasoning research.
Many efforts have been devoted to the definition of
formalisms with adequate expressive power and desir-
able logical properties. Even in the basic propositional
setting, the computational counterpart of these logics
has often been left apart by most researchers, probably
because of the apparently bad inherent computational
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properties. For instance, the common pattern of de-
fault reasoning “If it is consistent to assume that X,
then nonmonotonically infer Y” requires a consistency
check, which is exponential in the worst case in the full
standard propositional logic (unless P = NP). Not
surprisingly, recent high quality theoretical research
has shown the intractability of many nonmonotonic
logic formalisms (see e.g. (Cadoli and Schaerf, 1993)
for a comprehensive survey).

At the same time, some very impressive computational
progress has been obtained with respect to the SAT
problem. SAT is related to the above consistency
check; it consists in checking whether a CNF proposi-
tional formula does exhibit a model: it is a canonical
NP-complete problem, meaning that any algorithm to
solve it should be exponential in the worst cases (un-
less P = NP). Using surprisingly efficient local search
algorithms as first proposed by Selman and co-authors
(Selman et al., 1992), we are now able to address large
and difficult consistent SAT instances. However, local
and stochastic search techniques are logically incom-
plete by nature. They can be used to show us that a
CNF formula does have a model. However, when they
fail to deliver a model after a preset amount of comput-
ing time, we cannot formally conclude that the formula
is inconsistent. On the other hand, logically-complete
algorithms exhibit a quite smaller actual scope (Sel-
man et al., 1997). Recently, we have shown that, quite
surprisingly, local search techniques can also prove ex-
tremely efficient in showing that CNF formulas are
inconsistent (Mazure et al., 1996). To this end, the
work performed by the local search algorithm is ob-
served when it fails to deliver a model. Most often, a
powerful heuristic allows one to detect an inconsistent
kernel directly. More generally, this heuristic delivers
a branching strategy that can boost logically-complete
techniques a la Davis and Putnam (Davis and Putnam,
1960). Such a symbiotic combination of local search
and complete technique is now widely recognized as



one of the hottest topics for further progress in propo-
sitional reasoning (Selman et al., 1997). Additionally,
it can also be a key issue for further significant progress
in computing propositional nonmonotonic inferences,
as the present work will illustrate it.

In this paper, a new approach to compute nonmono-
tonic inferences in a simple but useful propositional
model-preference formalism is presented. It is origi-
nal from at least two points of view. First, it makes
use of local search while preserving logical complete-
ness. Second, it proves efficient for an important class
of very large nonmonotonic knowledge bases. More
precisely, it extends the above SAT-related practical
computational results to a nonmonotonic framework.
The proof-strategy is based on the use of local search
techniques for SAT together with an extension of the
above efficient heuristic when these techniques fail to
deliver a model. It is applied to a simple but use-
ful nonmonotonic formalism allowing prioritized rules
of default reasoning to be expressed, using McCarthys
Abnormality propositions (McCarthy, 1986). The sim-
plicity of the representation language together with
the way it should be used by the knowledge engineer
appears as a good trade-off between representational
expressivity and experimental complexity with respect
to a specific class of applications. Indeed, although no
new result is obtained with respect to worst cases anal-
ysis, the approach proves experimentally efficient for
an important kind of very large nonmonotonic knowl-
edge bases.

The experimental good performance that we obtain is
due mainly to the following correlated features:

1. the intrinsic properties of the concerned applica-
tions,

2. the correct use of the representation language,
whose expressivity is carefully restricted to match
our minimal needs,

3. the carefully defined structure of the decision pro-
cedure,

4. the low probability that worst cases do actually
oceur,

5. additional new powerful heuristic findings,

6. the focus that is laid successively on the different
possible situations, according to their decreasing
probability

7. the most efficient techniques used for each differ-
ent type of situations.

This paper is organized as follows. First, the nonmono-
tonic propositional formalism under consideration is
described. Then, local search techniques for SAT
are briefly reviewed, including the powerful heuris-
tic allowing inconsistency to be proved and that will
be extended in this paper. Then, an original proof-
procedure for this nonmonotonic formalism is pre-
sented, extending these new SAT-related findings. The
focus is laid on the reasons explaining its experimen-
tally good computational efficiency. The proof pro-
cedure itself, which is highly technical, is given in an
Appendix. A sample of experimental results for very
large K Bs are then described. Finally, the limits of
the approach are discussed, together with possible ex-
tensions.

2 A PROPOSITIONAL
NONMONOTONIC
FRAMEWORK AND ITS
TARGETED APPLICATION
DOMAIN

Unless some new highly improbable complexity re-
sults, we cannot hope for tractable computational ap-
proaches for most nonmonotonic propositional logics
without some forms of approximations and restrictions
on the expressive power of the knowledge represen-
tation formalism or reasoning mechanism, or without
constraints on the concerned applications. In this pa-
per, we keep the full language of propositional logic to-
gether with a simple model-preference reasoning mech-
anism. Accordingly, as we do not restrict the ex-
pressive power of the logic, we have to restrict its
use to a certain class of applications, which however
matches real-world problems and proves computation-
ally tractable (very often).

The application domain that we address is the follow-
ing one. We want to model defeasible forms of in-
ference that can be drawn on wvery large propositional
knowledge bases that represent complex devices or sys-
tems. We want to be allowed to assert rules of default
reasoning that allow the knowledge engineer to repre-
sent the normal functioning conditions of the device,
together with the possibility of failures (which would
lead to inconsistency if the representation were sim-
ply using standard logic). The knowledge engineer is
expected to be able to order the probability and im-
portance of these possible failures, at least to some ex-
tent. We also assume that we shall not be faced with
Murphy’s law, few failures do occur at the same time.
When several faulty components do occur, we are most
interested with the most probable and important ones,



as specified by the knowledge engineer. Indeed, in real
systems, when several failures do occur, many symp-
toms of bad behavior are often only consequences of
a single source problem. In a first analysis, it is bet-
ter to concentrate on the most probable failure and
avoid being confused by these other symptoms. We
believe that this represents a really important class of
applications for nonmonotonic reasoning. In this re-
spect, our approach extends the diagnosis task, since
we want to be able to detect the failures and to infer
in a defeasible way in their presence.

The representation language under consideration is
full propositional logic, where knowledge is expected
to be encoded under conjunctive normal form. The
language is enriched with a finite set of McCarthy’s
prioritized Abnormality propositions, noted Ab; (Mc-
Carthy, 1986), allowing rules of default reasoning to
be expressed together with exceptions. Abnormality
propositions are used to describe possible (but unex-
pected) faulty components. According to the targeted
application domain, only a limited number of Abnor-
mality propositions are expected to be required to be
true when the KB is queried. For instance, the rule
asserting that, under normal circumstances, when the
switch is on then the lights should be on is represented
by the formula switch_-on A—~Ab; = lights_on, and in
clausal form by —switch_on V Aby V lights_on. Let us
stress again that in this very standard framework Ab;
propositions are expected to be false under normal
operating circumstances of the device since they are
intended to represent unexpected faulty conditions of
the device. This is thus a very specific use of Ab; vari-
ables; we do not consider knowledge bases including
many default rules where possible exceptions are ex-
pected to exist under normal circumstances, like “Typ-
ical humans are right-handed”.

Let us interpret this knowledge representation formal-
ism under a very general model-preference framework.
First, let us recall that an interpretation assigns values
from {true, false} to the propositional variables of the
(enriched) language. A model of a formula f is an in-
terpretation under which the formula f gets the truth
value true. A model will be represented by the set of
propositional variables that it satisfies. The Abnor-
mality propositions Ab; are prioritized in the follow-
ing sense. We say that Ab; is lower than Ab; (noted
Ab; < Abj) when i < j. As explained above, the
knowledge engineer is expected to encode the default
rules in such a way that more probable and important
device failures relate to lower Ab;. Accordingly, we
shall prefer models that are such that the lowest Ab;
that they contain is as low as possible. Let us stress
that this framework is easily extended to a pre-order

on Ab; propositions. More formally, let M, My, Ms;
be models of K B. We say that

Definition 2.1
M is a preferred model of KB iff:

e M does not contain any Ab;

e or M, contains at least one Ab; and :

1. there does not exist a model My of KB that
does not contain any Ab; ;

2. there does not exist a model M3 of KB con-
taining an Ab; that is such that Ab; < Ab;
for all Ab; in M.

Accordingly, nonmonotonic inference from K B is de-
fined as follows. Let f be a literal, i.e. a proposi-
tional variable or its negation (the following is easily
extended to clauses or formulas).

Let us assume that K B is consistent.

Definition 2.2
KB |~ f iff f is true in all preferred models of K B.

Let us introduce the following convenient definition.

Definition 2.3
My is at least as preferable than M, iff:

e M does not contain any Ab;,

e or M, contains no Ab; ; in this case, My does not
contain any Ab;,

e or both M; and M, contain at least one Ab-
normality proposition; in this case, VAb; €
M>,3Ab; € M, such that Ab; < Ab;.

Let us stress that this differs with most semantical
accounts of prioritized circumscription! in the sense
that the set of models is here partitioned into n + 1
equivalence classes, where n is the total number of Ab-
normality propositions (roughly, only the lowest Ab;
proposition that is true in a model does influence the
ordering relation; no refinement is made depending on
the truth value of the not so low Ab; propositions).
This requirement is motivated by the nature of the
targeted applications: most important and probable
failures should be exhibited in order for a first analy-
sis to be conducted, other ones are often simple conse-
quence ones or are considered secondary and treated

!Other approaches to compute circumscritption and
minimal models can be found in e.g. (Niemeld, 1996a;
Niemeld, 1996b) and (Castell et al., 1996).



afterwards (they should not hide the real problem).
Coincidently, this will also allow better experimental
efficiency results to be obtained.

Accordingly, we can rewrite the definition of nonmono-
tonic inference in the following way, which will prove
more convenient, for our purpose.

Let us assume that KB is consistent.

Definition 2.4

KB |~ f iff there exists a model M, of K B satisfying
f and there does not exist a model M, of KB that
is at least as preferable than M, and that does not
satisty f.

3 LOCAL SEARCH FOR SAT

Let us now briefly review the local search techniques
that allowed for significant progress in showing the
consistency of very large and hard SAT instances.
Let us simply recall here the most representative one,
namely Selman et al.’s GSAT algorithm (Selman et al.,
1992; Selman et al., 1993). Let us mention that even
more efficient variants are now available. This algo-
rithm performs a greedy local search for a satisfying
assignment of a set, of propositional clauses. The algo-
rithm starts with a randomly generated truth assign-
ment. It then changes (“flips”) the assignment of the
variable that leads to the largest increase in the total
number of satisfied clauses. Such flips are repeated
until either a model is found or a preset maximum
number of flips (MAX-FLIPS) is reached. This process
is repeated as needed up to a maximum of MAX-TRIES
times (cf. Figure 1).

Procedure GSAT
Input: a set of clauses S, MAX-FLIPS, MAX-TRIES
Output: a satisfying truth assignment of S, if found
Begin
for i := 1 to MAX-TRIES do
I := q randomly generated truth assignment
for j := 1 to MAX-FLIPS do

if I satisfies S then return I
X := a propositional variable such that o
change in its truth assignment gives
the largest increase (possibly negative)
in the number of clauses of S that
are satisfied by I
I := I with the assignment of x reversed
end-for
end-for
return ‘‘no satisfying assignment found”

End

Figure 1: GSAT algorithm: basic version

Let us stress that additional moves (e.g. random ones)

are provided in order to escape from local extrema.
In the following, a variant procedure called TSAT is
used (Mazure et al., 1997b). It makes use of a tabu
list forbidding recurrent flips and appears extremely
competitive. Moreover, it drops stochastic features of
GSAT and can exhibit a purely deterministic behavior
as far as the initial interpretations are not selected
randomly. Let us stress that all results presented in
the following Sections keep holding for most GSAT-
like algorithms.

4 A HEURISTIC TO LOCATE
INCONSISTENT KERNELS

In this Section, a somewhat surprising finding is pre-
sented: GSAT-like algorithms can be used to localize
inconsistent kernels of propositional K Bs, although
the scope of such logically incomplete algorithms was
normally expected to concern the proof of consistency
only.

The following test has been repeated very extensively,
giving rise to the same result extremely often (Mazure
et al., 1996). TSAT (or any other GSAT-like algo-
rithm) is run on a SAT instance. The following phe-
nomenon is encountered when the algorithm fails to
prove that the instance is consistent. TSAT is traced
and, for each clause, taking each flip as a step of time,
the number of times during which this clause is falsi-
fied is updated. A similar trace is also recorded for
each literal occurring in the SAT problem, counting
the number of times it has appeared in the falsified
clauses. Intuitively, it seemed to us that the most of-
ten falsified clauses should normally belong to an in-
consistent kernel of the SAT problem if this problem
is actually inconsistent. Likewise, it seemed to us that
the literals that exhibit the highest scores should also
take part in this kernel.

Actually, this hypothesis proved most of the time ex-
perimentally correct. This phenomenon can be sum-
marized as follows. Informally, a locally inconsis-
tent SAT problem contains a small inconsistent ker-
nel which would render the problem satisfiable if it
were extracted from it. When GSAT-like algorithms
are run on a locally inconsistent SAT problem, then
the above counters allow us to split the SAT problem
into two parts: a consistent one and an unsatisfiable
one. A significant gap between the scores of two parts
of the clausal representation is obtained, differentiat-
ing a probable inconsistent kernel from the remain-
ing part of the problem. Strangely enough, it appears
thus that the trace of GSAT-like algorithms delivers
the probable inconsistent kernel of locally inconsistent



propositional K Bs.

Let us stress that the validity of this experimental re-
sult depends on the size of the discovered probable
kernel with respect to the size of the SAT instance.
When the SAT instance tends to be globally incon-
sistent, i.e. when the size of the smallest inconsistent
kernels converges towards the size of the SAT instance,
no significant result is obtained. Fortunately, many
real-life inconsistent K Bs exhibit some small kernels
of conflicting information. In particular, the K Bs that
we consider here and that translate the deep model of
a complex device obey this property most of the time.

We have proposed and experimented several ways to
use the above heuristic information to prove incon-
sistency in a formal way (Mazure et al., 1996). The
most straightforward one consists in using GSAT-like
algorithms to detect the probable inconsistent kernel.
Then, complete techniques a la Davis and Putnam pro-
cedure (DP) (Davis and Putnam, 1960) can be run on
this kernel to prove its unsatisfiability and thus, conse-
quently, the inconsistency of the global problem. Also,
we can sort the clauses according to their decreas-
ing scores and use incremental complete techniques on
them until unsatisfiability is proved. In this respect,
clauses outside the discovered probable kernel could
also be taken into account. More generally, the scores
delivered by the GSAT-like algorithm can be used to
guide the search performed by the complete technique.
In (Mazure et al., 1996), a basic procedure that com-
bines Davis and Putnam’s algorithm with this heuris-
tic and that proves extremely competitive is proposed.

5 HOW INFERENCE CAN BE
PERFORMED EFFICIENTLY
(VERY OFTEN)

Let us now come back to our initial problem. How can
we use the above techniques to compute the inferences
that can be drawn in our nonmonotonic framework in
an effective way?

In order to infer f from KB, we shall try to find a
model M; of K B satisfying f in such a way that there
is no model of K B as preferrable as M; and that does
not satisfy f.

Clearly, from a worst-case analysis, the model-
preference schema has been carefully restricted as to
require at most O(n) calls to a satisfiability check, i.e.
is PNPIO(M)] where n is the total number of Abnormal-
ity propositions and not the size of the knowledge base.
This form of nonmonotonic inference remains thus at
the first level of the polynomial hierarchy, which is

not usual for nonmonotonic logics. Roughly, this is
due to the fact that only the lowest Ab; proposition
that is frue in a model does matter with respect to
the ordering relation between models; no refinement
is made depending on the truth value of the not so
low Ab; propositions. This is one of the keys to good
computational properties. But, in most real situations,
although n can be very large, we shall see that a few
calls (i.e. about 5) to a satisfiability testing procedure
(that will themselves prove efficient extremely often)
is actually enough to decide whether f can be inferred
or not (most often).

Let us stress again that this restriction on the order-
ing between models is not an artificial feature but that
this coincides with the nature of the specific but im-
portant targeted applications. In complex devices and
systems, only most important and probable sources
of bad behavior do actually matter for a first analy-
sis. Knowledge is expressed in such a way that fail-
ures are translated using lower abnormality proposi-
tions that are required to be true, unless inconsistency
occurs. Other symptoms of bad behavior using other
abnormality propositions are often derivative ones and
should not be taken into account directly, this in order
to prevent them from hiding the real problem that is
occurring.

Second, in real-world knowledge bases applications,
when inconsistency does occur, it can be related ex-
tremely often to a small subpart of the K B. Really
hard problems with respect to propositional unsatisfi-
ability checking seem often related to globally incon-
sistent ones. In turn, this entails good (experimental)
computational properties for (in)consistency checking,
at least with respect to our specific range of consid-
ered applications. Namely, when the KB is consis-
tent, local search proves efficient very often. Second,
when the K B is inconsistent, complete techniques a la
Davis and Putnam (DP), when focused on the trace of
local search, proves efficient very often. Accordingly,
these computational techniques often prove most of
the times (experimentally) polynomial with respect to
the size of the K B. Actually, they are exponential but
with respect to the size of the smallest inconsistent ker-
nel, which is most of the times very small with respect
to the actual size of the K'B. Obviously enough, un-
less P = NP, worst cases can be imagined leading to
really out of reach required computing times. But we
claim that the possibility that such situations do occur
in our application domain is extremely low.

A third key to good actual computational efficiency is
the way the proof procedure is devised. First, when-
ever a proof of consistency or inconsistency is required,



we use a local search technique and, if necessary, a
complete technique d la Davis and Putnam that fo-
cuses first on the probable inconsistent kernel put in
light by the search. Accordingly, local search tech-
niques always precede a call to a complete technique,
which then benefits from the work performed before.
We treat the most probable situations first, i.e. sit-
uations where normal-circumstances models (Mazure
et al., 1997a) (i.e. models not containing any Ab;) do
exist. This corresponds with normal functioning con-
ditions of the device. Two calls to a combination of a
local search procedure with a complete technique for
satisfiability testing can achieve the test of existence
of such models for f and —f, assuming thus that any
Ab; is false. Cases of device failures are addressed in
a second step (normally, the device is functioning in a
correct way). In these cases, at least one Ab; must be
true for the K B to be consistent. Also, as far as a lim-
ited number of Abnormality propositions are required
to be true at the same time to restore consistency,
the trace of local search that was obtained at the first
step delivers us very often the right set of Abnormal-
ity propositions that “restore” consistency when they
are true (these are the abnormality propositions that
belong to the most often falsified clauses, assuming all
Ab; being false). This also corresponds with the na-
ture of the targeted applications: unless Murphy’s law,
few unexpected faulty components appear at the same
time. This inconsistent kernel provides us with a list
of Abnormality propositions Ab; that will be the first
ones to be checked to play the role of the lowest Ab;
in the tentative preferred models. It appears experi-
mentally that they are often required to be true in any
model of the K B. The role of Step 2 is thus to focus
on this list to find out a model of f containing at least
one of the members of this list, that is such that no
preferrable model that does not satisfy f does exist.

Now, a very important and new heuristic finding is
the following one. Assume we do not find a model of
KBAf (resp. of KBA—f) with some of the members
of the list being true. In this case, extremely often,
we shall not find such a model with other Ab; being
required to be true. This is linked to the accuracy
of the first heuristic delivering the list; if the trace of
Step 1 delivers us the right minimal inconsistent sub-
sets of the K B, then we must necessary select as true
at least one of the abnormality propositions in the list.
Thus, when a model of KB A f (resp. —f) A Ab; is
found, instead of 7 successive calls to TSAT and DP to
prove the inconsistency of KB A f (resp. —f) A Ab;
(j < i), we make just one call to TSAT and DP on
KBA f (resp. =f) A (Aby V Aby V...V Ab;). Most
generally, no such model is found and the procedure is

over. Moreover, selecting the lowest Ab; in this list is
often enough, as it represents the most probable fail-
ure. Accordingly, in most actual cases, the procedure
will require a very small constant number of calls to a
(in)satisfiability checking procedure. However, the de-
cision procedure is logically complete and investigates
the other possibilies when necessary. In this respect,
one should note that whenever a model of —f is found
with its lower true Abnormality proposition being Ab;,
we know that we must try to find models of f that are
such that their lowest true Ab; is such that i < j.

Let us stress that this procedure can be optimized
in several ways. For instance, successive calls to DP
could avoid computing subtrees that have been con-
sidered in previous calls. More importantly, an obvi-
ous improvement consists in delimiting the connected
component in the graph of the propositions occurring
in KB U {f}. Accordingly, only the correspond-
ing subpart of KB should be considered in the proof
procedure. In the full paper, several variants of this
proof-procedure are discussed and compared.

Finally, let us stress that this way of computing in-
ferences is not sensitive to the fact that it is defined
for literals. It is a straightforward task to extend it to
clauses.

The complete proof-procedure, which is highly techni-
cal, is given in Annex.

Theorem 5.1
The Non-Monotonic Inference procedure is sound and
complete with respect to the inference relationship of
Definition 2.4.

6 EXPERIMENTAL RESULTS

Let us now briefly illustrate the experimental efficiency
of the procedure. First, let us stress that experiment-
ing nonmonotonic logic proof-procedures for very large
K Bs is quite unusual. Although there exist real-world
benchmarks for the SAT problem, there are not many
large real-world benchmarks for nonmonotonic logics
that are available (we are talking about really larger
benchmarks than most existing ones, which were cre-
ated to check whether the logics under construction
did exhibit adequate expressive power).

Accordingly, we collected and generated benchmarks
by ourselves. They are described in the full paper. In
particular, we have generated a class of benchmarks in
such a way that they stick as much as possible to the
targeted real-world problems. For instance, we trans-
formed real-world SAT benchmarks to include Abnor-
mality propositions, allowing previously encoded rules



to suffer from exceptions.

In this paper, let us just relate a test (obtained on a 166
Pentium) that is a good representative of the size of the
tested benchmarks and of the obtained computational
results.

For instance, we merged 5 large consistent K Bs
that are related to VLSI circuits (namely, ssa-
7522-{156,157,158,159,160}) with a small inconsistent
Dubois SAT instance, all from (DIMACS, 1993). The
resulting inconsistent K B contains 15929 clauses that
are not necessarily Horn, using 7041 variables and is
intractable for standard improved DP techniques. We
restored the consistency of the KB by introducing
1593 different Ab; propositions in a random way in-
side the KB (however, making sure that K B becomes
consistent and using at most one Abnormality propo-
sition by clause). This K B remains intractable using
standard DP procedures; using TSAT we show within
4.6 seconds CPU time that it is consistent.

We selected f in a random way, from the literals occur-
ring in KB and used our algorithm in order to show
whether KB |~ f or not.

The first step consists in checking whether there exists
a normal circumstances model for K B that satisfies f
or falsifies it. TSAT (with its weight option, a tabu
length set to 10, 10 tries and 10000 flips) is run on
the KB, with all Ab; set to false and f set to true,
during 1min01s30. It fails to deliver a model (indeed,
no such model does exist). The trace given by this
step is given in Figure 2. Running DP on this trace
allows us to prove that no such normal circumstances
model does exist for f, using 0s94 CPU time.

A similar work is performed with f set to false, spend-
ing 59526 for TSAT and 0s93 on its trace by DP to
show the absence of normal circumstances model for

—|f_

The trace of Figure 2 allows us to state that, most
probably, Abs is to be true in order for the KB to
become consistent. Indeed, Ab, appears in the most
often falsified clauses (less us stress that the fact that
this is a very low Ab; is purely accidental, and as dis-
cussed above, will not influence the efficiency results,
most often. It simply corresponds to a failure that ex-
hibits one of the highest probability to occur in the
modeled device).

Within 39s35, TSAT allows us to find out a model of
KBA f A Aby. Then, we have to check that no model
does exist for KBA—f A (Aby V Aby V Abs V Aby). This

is done in one step, introducing the additional clause
Aby V Aby V Abs V Aby, using first TSAT and then DP
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Figure 2: Trace of TSAT for
KBAfA (—lAb1 AN=Aby A ...\ —|Ab1593)

to prove that no such model does exist. TSAT was run
during 48s and the unique call to DP on the delivered
trace was performed in less than 1.8 seconds.

7 CONCLUSIONS

Worst-case analysis is an important tool to exhibit the
computational limits of a formalism. However, the ex-
tent to which actual situations do match worst cases
should always be investigated. Accordingly, bad worst-
case computational results about nonmonotonic for-
malisms should not be misinterpreted and should not
always make us too much pessimistic about the actual
possibility of implementing these formalisms, even for
some large-scale applications.

In this context, the contribution of this paper is
twofold. First, it describes a proof-procedure that
proves efficient for very large nonmonotonic knowledge
bases using the language of full propositional logic. To
our best knowledge, this is very unusual. Second, the
ingredients of this proof-procedure are themselves un-
usual, since they consist of local search mechanisms
used in a way to preserve logical completeness.

But no miracle, as we do not restrict the expres-
sive power of the logic, we restrict its use to a spe-
cific class of applications, which however matches real-
world problems and proves computationally tractable
(very often). The proof-procedure is carefully designed
to fit those applications and to solve usual situations
first. The considered applications require a specific
use of the Abnormality propositions. However, we
claim that if nonmonotonic logics are to be introduced



in large-scale applications, it is acceptable to require
the knowledge engineer a disciplined use of expres-
sively restricted nonmonotonic ingredients when build-
ing the knowledge base. Also, as the paper illustrates
it, we think that defining application-oriented proof-
procedures for nonmonotonic logics can be a viable
alternative to general proof-procedures.

In the full paper, we describe from a technical point
of view the main other two requirements for our tech-
nique to remain tractable. Mainly, whenever incon-
sistency does occur in a knowledge base, it should be
due to a small subset of it. We claim that this fea-
ture is a common one in the actual knowledge bases
that we consider, which describe the deep model of
physical devices. This is also the case for our last
main requirement: unless Murphy’s law, few unex-
pected faulty components appear at the same time.
In the full paper, we describe how this may require
some additional encoding policy to be respected by the
knowledge engineer, without serious loss of expressive
power.

Finally, this paper relates a particular way to import
the recent impressive computational progress in solv-
ing SAT into the nonmonotonic research area. Many
patterns of non-monotonic reasoning rely on some
forms of consistency check, either in an explicit or in an
implicit way. Accordingly, we are convinced that many
other nonmonotonic formalisms could benefit from the
recent, progress about, SAT. This paper is just a first
step in this new promising direction for using non-
monotonic logics in large applications.

We also believe that after almost two decades of the-
oretical research about nonmonotonicity, algorithms
that prove efficient with respect to very large appli-
cations can help in showing the practical interest of
this important research domain.
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Appendix: Proof Procedure

The TSAT procedure is not described in this appendix,
however a detailed description can be found in (Mazure
et al., 1997b).

Procedure Unit_Propagation;

Input: A knowledge base KB in CNF ;

Output: A knowledge base without unit clause or
a knowledge base with an empty clause ;

Begin
while ((3 unit clause € KB)
and (# empty clause € KB))

do
[ := aliteral s.t. (I € c and cis a unit clause) ;
KB := KB A1 ;
done
return KB ;
End ;

Procedure DP_focused_on_trace;
Input: A knowledge base KB in CNF, a list T

of pairss < literal, score® >, built
from the trace of TSAT computation ;
Output: true if KB est consistent, false otherwise ;
Begin
KB := Unit_Propagation(KB) ;
if (3 empty clause € KB return false ;

elif (KB = () return true ;
else
I := the literal with the greatest score in T,
st.l€e KB ;

return ( DP_focused_on_trace(BC A [,T) V
DP_focused_on_trace(BC A— [,T) ) ;
endif
End ;

Procedure Satisfiability_Test ;
Input: A knowledge base KB in CNF ;
Output: true if KB is consistent, false otherwise ;
Begin
if (TSAT(KB)) return true ;
else
trace := the trace of TSAT ;
return (DP_focused_on_trace(K B, trace)) ;
end if ;
End ;

2The score of a litteral is the number of times that this
litteral has been falsified during the TSAT computation.

3If we reach this step, then there does not exist any
normal-circumstances model of K B.

‘We know that this call will not succeed since it has
already failed in step 1! But we need the trace of this
call. Le us stress that it is not actually computed again,
because the scores of Abnormality propositions are saved
during the first call to TSAT.

Procedure NonMonotonic_Inference ;
Input: A KB (assumed consistent) and f a littral ;

Output: true if KB |~ f, false otherwise ;
Begin

{ Step 1 : Search for normal-circumstances models }

KB := KB A {- Abi}(\-/ Ab; € KB) N f s
if (Satisfiability_Test(KB'))
{4 normal-circumstances model exists,
this model is necessary a preferred model}
KB := KB A {—| Abi}(v Ab; € KB) N — f
if (Satisfiability_Test(KB')) return false ;
{Both Normal-circumstances models exist for
KB A f and for KB A — f,thus KB |4 f}
else return true ;
end if ;
else
KB := KB A {- Abi}(v Ab; € KB) N ™ f
if (Satisfiability_Test(KB')) return false ;
{Normal-circumstances model exists for
KB A = f but not for KB A f,thus KB |#£ f}

else

{ Step 2 : Search of preferred models
that are not normal-circumstances ones}®

KB := KB A {= Abi}(v Ab; € KB) N I

TSAT(KB)* ;

L := {Abs,...,Abs} ; { L is the set of
Abnormality propositions sorted in decreasing order
w.r.t. their score obtained using the trace of TSAT};

proof := false ; {true, when KB |~ f}

while (not proof) and (L # ©)
do
lowest_Ab; := the first element of L ;
L := L - {lowest_Ab;}
KB' := KB A {= Abi}v ab;<lowest_Abj)
KB' := KB' A lowest_Ab; A f ;
if (Satisfiability_Test(KB'))
¢ 1= Ab1V Aba V...V lowest_Ab;
KB :=KB A ¢c AN = f ;
if (Satisfiability_Test(KB'))
then
{there are preferred models for f
and for = f, including lowest_Ab;
Ab, := the lowest Ab; in the
discovered model of = f ;
L := {Ab]‘ s.t. Abj < Abr} H
else
{the ezists a model of KB A f
taht has no preferable model that
satisfy = f, thus KB |~ f}
proof := true ;
endif
endif
done
return proof ;
end if
end if

End ;



