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tIn this paper we show that a parti
ular 
on-stru
tion of belief revision operator is equiv-alent to the standard method for 
omputing
onsisten
y-based diagnosis. We show howa diagnosis problem 
an be translated into aproblem of belief revision and show how ker-nel 
onstru
tions for revision operators 
anbe used for 
omputing diagnosis. We alsoshow how Reiter's algorithm for 
omputingdiagnosis 
an be adapted for being used inbelief revision.1 Introdu
tionBelief revision (for an overview, see [G�ardenfors, 1988;G�ardenfors and Rott, 1995℄) deals with the problem ofhow to a

ommodate new assertions into an existentbody of knowledge. Traditionally, the body of knowl-edge is represented by a belief set, a set of formulas
losed under logi
al impli
ation.Instead of belief sets we are going to use belief bases torepresent belief states. A belief base is a set not 
losedunder logi
al 
onsequen
e [Fuhrmann, 1991; Hansson,1989; Nebel, 1992℄. For every belief base B, its 
losureCn(B) is a belief set that represents the beliefs heldby the agent. The elements of B are assumed to be ina sense more basi
 beliefs, from whi
h the elements ofCn(B) n B are derived. Belief bases have substantialadvantages in terms of 
omputability [Nebel, 1998℄,and their in
reased expressive power as 
ompared tobelief sets 
an be used to represent important featuresof a
tual belief systems [Hansson, 1992℄.In AGM theory [Al
hourr�on et al., 1985℄, three formsof belief 
hange are identi�ed: 
ontra
tion, expansion,and revision. Contra
tion 
onsists of retra
ting a spe
-i�ed senten
e from the belief set. Expansion 
onsists

of adding a spe
i�ed senten
e to the belief set. If theold and the new information are not logi
ally 
ompat-ible, then the new belief state after expansion will bein
onsistent. Revision is 
onsisten
y-preserving in
or-poration of new information, i.e. if the input senten
eis 
onsistent, then the new belief set will be 
onsis-tent. If ne
essary, 
onsisten
y is obtained by deletingparts of the original belief set. These operations havealso been de�ned for belief bases [Fuhrmann, 1991;Hansson, 1991; Hansson, 1999b℄.Two additional operations of 
hange on belief baseswere introdu
ed in [Hansson, 1991℄ and [Hansson,1997℄: 
onsolidation and semi-revision. Consolidation
onsists in making an in
onsistent belief base 
onsis-tent. Semi-revision is an operation that may eithera

ept or reje
t the input senten
e. (For 
orrespond-ing operations on belief sets, see [Makinson, 1997℄ and[Hansson, 1999a℄).Expansion is the only of the �ve operations whi
h doesnot involve any extra-logi
al information. Expand-ing a belief set K by � 
onsists in taking the logi-
al 
onsequen
es of K together with �, i.e., K + � =Cn(K [ f�g). The result of the expansion of a be-lief base B by � is simply the union of B and �, i.e.,B + � = B [ f�g.The other four operations are not uniquely de�ned andhave been 
hara
terized in the literature by means ofrationality postulates and 
onstru
tions. The mainpurpose of this paper is to show that one sort of 
on-stru
tion found in the literature is dire
tly related tothe 
onstru
tive approa
h given by Reiter for �ndingdiagnoses in faulty systems [Reiter, 1987℄.We will show how a diagnosis problem 
an be trans-lated into an operation of kernel semi-revision. Kernelsemi-revision 
onsists in adding new information to adatabase and restoring 
onsisten
y if ne
essary. To re-store 
onsisten
y, the expanded database is 
ontra
tedby ?.



We will show how the traditional algorithm for
onsisten
y-based diagnosis given by Reiter 
an beused for implementing semi-revision.Winslett suggests the use of belief revision te
hniquesfor modeling diagnosis, but without analyzing the sim-ilarities between the 
onstru
tions proposed in both�elds [Winslett, 1995℄. She only shows how a parti
u-lar problem of diagnosis 
an be formalized as a beliefrevision problem. Nebel also points that syntax-basedapproa
hes to belief revision are appropriated for prob-lems of diagnosis, but without exploring the similarityof the 
onstru
tions [Nebel, 1998℄.Beyond just redu
ing the diagnosis problem to a prob-lem of belief revision, the present paper aims at open-ing a 
ross-fertilization pro
ess between two 
ommu-nities. Resear
hers working on belief revision rely onvery elegant and pre
ise logi
al formalisms, but arevery far from implementing a realisti
 belief revisioner.On the other hand, resear
hers working in the �eld ofdiagnosis have very powerful tools to prune the 
om-putational 
omplexity of the problem, allowing themto deal with real-world situations. But several appli-
ations la
k a 
lear formalization. By showing that, atleast at a high level, the problems are equivalent, we
laim that te
hniques developed by the model-baseddiagnosis 
ommunity 
ould be used for implementingbelief revision.In the rest of this paper we 
onsider L to be a proposi-tional language 
losed under the usual truth-fun
tional
onne
tives and 
ontaining a 
onstant ? denoting fal-sum.2 Constru
tions for Belief RevisionPartial meet 
ontra
tion, introdu
ed in [Al
hourr�on etal., 1985℄, uses a sele
tion fun
tion to sele
t some of themaximal subsets of a belief set (or belief base) whi
hdo not imply the formula to be 
ontra
ted. The resultof the 
ontra
tion is the interse
tion of the sele
tedsubsets. There are two limiting 
ases: only one subsetis sele
ted or all subsets are sele
ted. In the �rst 
ase,the operation is 
alled a maxi
hoi
e 
ontra
tion andin the se
ond, a full meet 
ontra
tion.Hansson introdu
ed another 
onstru
tion for 
ontra
-tion operators, 
alled kernel 
ontra
tion [Hansson,1994℄, whi
h is a generalization of the operation ofsafe 
ontra
tion de�ned in [Al
hourr�on and Makinson,1985℄. The idea behind kernel 
ontra
tion is that, ifwe remove from the belief base B at least one elementof ea
h �-kernel (minimal subset of B that implies�), then we obtain a belief base that does not imply� [Hansson, 1994℄. To perform these removals of ele-

ments, we use an in
ision fun
tion, i.e., a fun
tion thatsele
ts at least one senten
e from ea
h kernel.De�nition 2.1 [Hansson, 1994℄ The kernel opera-tion ?? is the operation su
h that for every set B offormulas and every formula �, X 2 B ??� if and onlyif:1. X � B2. � 2 Cn(X)3. for all Y , if Y � X then � 62 Cn(Y )The elements of B ??� are 
alled �-kernels.De�nition 2.2 [Hansson, 1994℄ An in
ision fun
-tion for B is any fun
tion � su
h that for any formula�:1. �(B ??�) � S(B ??�), and2. If ; 6= X 2 B ??�, then X \ �(B ??�) 6= ;.Semi-revision 
onsists of two steps: �rst the belief �is added to the base, and then the resulting base is
onsolidated, i.e., 
ontra
ted by ?.De�nition 2.3 [Hansson, 1997℄ The kernel semi-revision of B based on an in
ision fun
tion � is theoperator ?� su
h that for all senten
es �:B?�� = (B [ f�g) n �((B [ f�g) ???)Theorem 2.4 [Hansson, 1997℄ An operator ? is anoperator of kernel semi-revision if and only if for allsets B of senten
es:� ? 62 Cn(B?�) (
onsisten
y)� B?� � B [ f�g (in
lusion)� If � 2 B nB?�, then there is some B0 � B [ f�gsu
h that ? 62 Cn(B0) and ? 2 Cn(B0 [ f�g)(
ore-retainment)� (B + �)?� = B?� (pre-expansion)� If �; � 2 B, then B?� = B?� (internal ex
hange)Kernel operations are more general than partial meet,i.e., all partial meet operations 
an be obtained by ker-nel operations but the 
onverse does not hold [Hans-son, 1999b℄.



3 Consisten
y-Based DiagnosisDiagnosis is a very a
tive area within the arti�
ial in-telligen
e 
ommunity. The problem of diagnosis 
on-sists in, given an observation of an abnormal behavior,�nding the 
omponents of the system that may have
aused the abnormality [Reiter, 1987℄.In the area known as model-based diagnosis [Hams
heret al., 1992℄, a model of the devi
e to be diagnosed isgiven in some formal language. In this paper, we will
on
entrate on model-based diagnosis methods thatwork by trying to restore the 
onsisten
y of the systemdes
ription and the observations.In this se
tion we introdu
e the standard method for
al
ulating 
onsisten
y-based diagnosis, presented in[Reiter, 1987℄. Although Reiter's framework is basedon �rst-order logi
, most of the problems studied in theliterature do not make use of full �rst-order logi
 and
an be easily represented in a propositional language.For the sake of simpli
ity, we will adapt the de�nitionsgiven in [Reiter, 1987℄ to only mention formulas in thepropositional language L.3.1 Basi
 De�nitionsThe systems to be diagnosed will be des
ribed by a setof propositional formulas. For ea
h 
omponent X ofthe system, we use a propositional variable of the formokX to indi
ate whether the 
omponent is working asit should. If there is no eviden
e that the system isnot working, we 
an assume that variables of the formokX are true.De�nition 3.1 A system is a pair (SD,ASS), where:1. SD, the system des
ription, is a �nite set of for-mulas of L and2. ASS, the set of assumables, is a �nite set of propo-sitional variables of the form okX.An observation is a formula of L. We will sometimesrepresent a system by (SD,ASS,OBS), where OBS isan observation for the system (SD,ASS).The need for a diagnosis arises when an abnormal be-havior is observed, i.e., when SD[ASS[fOBSg is in-
onsistent. A diagnosis is a minimal set of assumablesthat must be negated in order to restore 
onsisten
y.De�nition 3.2 A diagnosis for (SD,ASS,OBS) is aminimal set � �ASS su
h that:SD [ fOBSg [ ASSn� [ f:okX jokX 2 �g is 
on-sistent.

A diagnosis for a system does not always exist:Proposition 3.3 [Reiter, 1987℄ A diagnosis exists for(SD,ASS,OBS) if and only if SD[fOBSg is 
onsistent.De�nition 3.2 
an be simpli�ed as follows:Proposition 3.4 [Reiter, 1987℄ The set � �ASS isa diagnosis for (SD,ASS,OBS) if and only if � is aminimal set su
h that SD [ fOBSg [ (ASSn�) is 
on-sistent.3.2 Computing DiagnosesIn this se
tion we will present Reiter's 
onstru
tionfor �nding diagnoses. Reiter's method for 
omputingdiagnosis makes use of the 
on
epts of 
on
i
t sets andhitting sets. A 
on
i
t set is a set of assumables that
annot be all true given the observation:De�nition 3.5 [Reiter, 1987℄ A 
on
i
t set for(SD,ASS,OBS) is a set Conf = fokX1, okX2, ...,okXng �ASS su
h that SD [ fOBSg [ Conf is in-
onsistent.From Proposition 3.4 and De�nition 3.5 it follows that� �ASS is a diagnosis for (SD,ASS,OBS) if and onlyif � is a minimal set su
h that ASSn� is not a 
on
i
tset for (SD,ASS,OBS).A hitting set for a 
olle
tion of sets is a set that inter-se
ts all sets of the 
olle
tion:De�nition 3.6 [Reiter, 1987℄ Let C be a 
olle
tion ofsets. A hitting set for C is a set H � SS2C S su
hthat for every S 2 C, H \ S is nonempty. A hittingset for C is minimal if and only if no proper subset ofit is a hitting set for C.The following theorem presents a 
onstru
tive ap-proa
h for �nding diagnoses:Theorem 3.7 [Reiter, 1987℄ � �ASS is a diagnosisfor (SD,ASS,OBS) if and only if � is a minimal hit-ting set for the 
olle
tion of minimal 
on
i
t sets for(SD,ASS,OBS).Example 1: Consider the 
ir
uit in Figure1. The system des
ription of this 
ir
uit isgiven by (SD,ASS), where:ASS = fokX; okY; okZgSD = f(A ^ B) ^ okX ! D;:(A ^ B) ^ okX ! :D;C ^ okY ! :E;:C ^ okY ! E;(D _E) ^ okZ ! F;:(D _ E) ^ okZ ! :Fg



Suppose we have OBS=:C ^ :F . Thisobservation is in
onsistent with SD [ ASS.There is only one minimal 
on
i
t set for(SD,ASS,OBS): fokY; okZg. There are twominimal hitting sets: fokY g and fokZg.
x y

z

A B C

D E

FFigure 1: Cir
uit4 Diagnosis via Kernel Semi-RevisionThe de�nitions of the last se
tion bear a striking re-semblan
e to those of the operation of kernel semi-revision presented in Se
tion 2.Re
all that kernel operations are based on two 
on-
epts: kernels and in
ision fun
tions. The kernels arethe minimal subsets of a belief base implying somesenten
e, while the in
ision fun
tions are used to de-
ide whi
h elements of the kernels should be givenup. Let (SD,ASS,OBS) be a system. The beliefbase that we are going to semi-revise 
orresponds toSD[ASS and the input senten
e is OBS. The 
on
i
tsets are the assumables in the in
onsistent kernels ofSD[ASS[fOBSg. So, if B=SD[ASS, the 
on
i
t setsare given by fX\ASSjX 2 (B+OBS) ???g. In
isionfun
tions 
orrespond loosely to hitting sets, the mini-mal hitting sets being the values of minimal in
isionsthat return only assumables. Note that there is a dif-feren
e in the status of formulas in SD and those inASS: formulas in ASS represent expe
tations and aremore easily retra
ted than those in SD (
f. De�nition4.1).We 
an model the diagnosis problem as a kernel semi-revision by the observation. Semi-revision 
an be di-vided in two steps. First the observation is added tothe system des
ription together with the assumables.In 
ase the observation is 
onsistent with the systemdes
ription together with the assumables, no formulahas to be given up. Otherwise, we take the in
on-

sistent kernels and use an in
ision fun
tion to 
hoosewhi
h elements of the kernels should be given up.In the 
ase of diagnosis, we do not wish to give upsenten
es belonging to the system des
ription or theobservation. We prefer to give up the formulas of theform okX , where X is a 
omponent of the system.Moreover, we are interested in minimal diagnosis, sothe in
ision should be minimal. For this, we use aslightly di�erent form of in
ision fun
tion. We modifyDe�nition 2.2 so that in
isions are minimal and ele-ments of a given set A are prefered over the others:De�nition 4.1 Given a set A, an A-minimal in
i-sion fun
tion is any fun
tion �A from sets of sets offormulas into sets of formulas su
h that for any set Sof sets of formulas:1. �A(S) � SS,2. If ; 6= X 2 S, then X \ �A(S) 6= ;,3. If for all X 2 S, X\A 6= ;, then �A(S) � A, and4. �A(S) is a minimal set satisfying 1,2, and 3.If we take A to be the set of assumables, we obtain anin
ision fun
tion that prefers to sele
t formulas of theform okX over the others.We 
an show that for (SD,ASS,OBS), whenever a di-agnosis exists, an ASS-minimal in
ision fun
tion willsele
t only elements of ASS:Proposition 4.2 Let (SD,ASS,OBS) be a systemwith an observation and �ASS an ASS-minimal in
i-sion fun
tion. If a diagnosis exists, then�ASS((SD[ASS[fOBSg) ???) �ASS.Proof: A diagnosis exists if and only if SD is 
on-sistent with OBS (Proposition 3.3). Hen
e, every in-
onsistent kernel of SD[ASS[fOBSg must 
ontain anelement of ASS. From De�nition 4.1, it follows that�ASS((SD [ ASS [ fOBSg) ???) �ASS. 2Lemma 4.3 The assumables that o

ur in an in
on-sistent kernel of the set SD[ASS[fOBSg form a 
on-
i
t set for (SD,ASS,OBS) and all minimal 
on
i
tsets 
an be obtained in this way, i.e.:(i) For every X 2 (SD[ASS[fOBSg) ???, X\ASS isa 
on
i
t set, and(ii) For every minimal 
on
i
t set Y , there is someset X su
h that X 2 (SD[ASS[fOBSg) ??? andX\ASS= Y .



Proof:(i) Let X 2 (SD[ASS[fOBSg) ???. Then, X �(X\ASS)[SD[fOBSg. Sin
e X is in
onsistent, so is(X\ASS)[SD[fOBSg, hen
e X\ASS is a 
on
i
t set.(ii) Let Y be a minimal 
on
i
t set. ThenY [SD[fOBSg is in
onsistent and sin
e Y � ASS,there is some X 2 (SD[ASS[fOBSg) ??? su
h thatX\ASS� Y . Suppose by 
ontradi
tion that there issome formula � su
h that � 2 Y but � 62 X\ASS.Sin
e X\ASS is a 
on
i
t set for (SD,ASS,OBS), this
ontradi
ts the minimality of Y . Hen
e, X\ASS= Y .2Note that not every in
onsistent kernel determines aminimal 
on
i
t set, sin
e for 
on
i
t sets only the el-ements of ASS matter, i.e., there may be two in
onsis-tent kernels X1 and X2 su
h that X1\ASS is a propersubset of X2\ASS.Re
all that given an in
ision fun
tion �, the semi-revision of a set B by a formula � was given byB?�� = (B + �) n �((B + �) ???). A diagnosis isgiven by the elements of ASS that are given up in akernel semi-revision by the observation.Proposition 4.4 Let S=(SD,ASS,OBS) be a systemand �ASS an ASS-minimal in
ision fun
tion.(SD [ASS [fOBSg)n((SD [ASS)?�ASSOBS) =�ASS((SD [ASS [fOBSg) ???) is a diagnosis.Proof: We have to prove that given a system for whi
hthere is a diagnosis and an observation, it holds that:1. If d is a diagnosis, then there is an ASS-minimalin
ision fun
tion �ASS su
h that d= �ASS((SD[ASS [fOBSg) ???).2. If �ASS is an ASS-minimal in
ision fun
tion, then�ASS((SD [ASS [fOBSg) ???)is a diagnosis.1. Let �ASS((SD[ASS[fOBSg) ???)= d. We have toshow that �ASS is an ASS-minimal in
ision fun
tionfor the relevant domain, i.e., we must show that itsatis�es the four 
onditions of De�nition 4.1.(i) d � S((SD[ASS[fOBSg) ???): If d is a diag-nosis a

ording to De�nition 3.2, then d is a min-imal hitting set for the set of all minimal 
on
i
tsof (SD,ASS,OBS). From part (ii) of Lemma 4.3 weknow that for every minimal 
on
i
t set Y , there isX 2 (SD[ASS[fOBSg) ??? su
h that X\ASS= Y .(ii) If ; 6= X 2 (SD[ASS[fOBSg) ???, then X \ d 6=;: From part (i) of Lemma 4.3, we know that X\ASS

is a 
on
i
t set. Sin
e d is a hitting set, X \ d 6= ;.(iii) If d 6�ASS, then X\ASS= ; for some X 2(SD[ASS[fOBSg) ???: Sin
e d is a diagnosis,d �ASS and the 
ondition is trivialy satis�ed.(iv) d is a minimal subset satisfying (i),(ii),(iii): Sin
ed is a diagnosis a

ording to De�nition 3.2, d is a min-imal hitting set.2. From part (ii) of Lemma 4.3, we have that all mini-mal 
on
i
t sets are elements of the set fX\ASSjX 2(SD[ASS[fOBSg) ???g. We have to show that anASS-minimal in
ision fun
tion for the in
onsistent ker-nels determines a minimal hitting set for all min-imal 
on
i
ts. From De�nition 4.1 and Proposi-tion 4.2 it follows that �ASS((SD[ASS[fOBSg) ???)is a hitting set for the set of minimal 
on
i
ts of(SD,ASS,OBS). That it is also a minimal hittingset follows dire
tly from De�nition 4.1. (Sin
e thenon-minimal 
on
i
t sets 
ontained in fX\ASSjX 2(SD[ASS[fOBSg) ???g are supersets of some mini-mal 
on
i
t set and all minimal 
on
i
t sets are 
on-sidered, an ASS-minimal in
ision fun
tion will give thesame result as if only minimal 
on
i
t sets were 
on-sidered). 2Going ba
k to the 
ir
uit in Figure 1, we see that SD[ASS[ fOBSg is in
onsistent. This means that SD [ASS[ fOBSg has to be 
onsolidated. There is onlyone in
onsistent kernel:(SD [ ASS[fOBSg) ??? = ff:C ^ okY ! E; (D _E) ^ okZ ! F; okY; okZ;:C ^ :FggWe have two possibilities for ASS-minimal in
isionfun
tions: �1 = fokY g and �2 = fokZg. This meansthat either Y or Z are not working well.5 Reiter's algorithmThe algorithm given in [Reiter, 1987℄ 
omputes allminimal hitting sets for an arbitrary 
olle
tion of sets.We will use it later for �nding the in
ision fun
tionsused in kernel 
onstru
tions. We present here the ver-sion 
orre
ted by [Greiner et al., 1989℄.The algorithm generates a dire
ted a
y
li
 graph(DAG) with nodes labeled by sets and ar
s labeledby elements of the set. The idea is that for ea
h nodelabeled by a set S, the ar
s leaving from it are labeledby the elements of S. Let H(n) denote the set formedby the labels of the path going from the root to noden. Node n has to be labeled by a set S su
h thatS \H(n) = ;. If no su
h set 
an be found, the node is



labeled by �. The idea is that every path �nishing ata node labeled by � is a hitting set, sin
e it interse
tsall possible labels for the nodes.The algorithm tries to generate as few new node labelsas possible. This is due to the fa
t that for diagnosis(and for belief revision as well), the 
olle
tion of setsF whi
h 
an be used as node labels will be given onlyimpli
itly. Cal
ulating one element of F involves a 
allto a theorem prover to �nd a 
on
i
t set (in the 
aseof diagnosis; a kernel in the 
ase of belief revision) andis therefore a very expensive operation.The algorithm minimizes the number of 
alls to thetheorem prover by pruning the graph while it is be-ing built. When a new node has to be labeled, thealgorithm tries to re-use existing labels �rst. If a nodelabel S is a superset of another label S0, then it 
an be\
losed", it does not have to be 
onsidered any longer,sin
e any hitting set for F will be a hitting set forF n fSg.Let F be a family of sets.1. Choose one set to label the root node (level 0).2. For ea
h node n at level i do:2.a. If n is labeled by a set S, then for every s 2 S
reate an ar
 departing from n with label s.2.b. Set H(n) to be the set of ar
 labels on the pathfrom the root to node n.2.
. If there is some node n0 su
h that H(n0) = H(n)[fsg, then let the s-ar
 of n point to n0.2.d. Else, if there is a node n0 labeled by � su
h thatH(n0) � (H(n)[fsg) then 
lose the s-ar
 (i.e., do not
ompute a label or su

essors for this node).2.e. Else, if there is some node n0 labeled by S0 su
hthat S0\(H(n)[fsg) = ;, then let the s-ar
 of n pointto a new node labeled by S0.2.f. Otherwise, let the s-ar
 point to a new node mand let m be labeled by the �rst element S0 of F su
hthat S0 \ H(m) = ;. If no su
h set exists, then labelm by �.2.g. If there is some node n0 labeled by a set S1 su
hthat S0 � S1, then relabel node n0 by S0 and remove allar
s departing from n0 whi
h were labeled by elementsof S0 n S1.3. Repeat step 2 for level i+ 1.The algorithm expands the graph breadth �rst. Ea
hlevel is pro
essed by step 2. Steps 2.
 and 2.e re-usenodes or labels if possible. Reiter has proven the fol-

lowing theorem:Theorem 5.1 [Reiter, 1987℄ Let F be a 
olle
tion ofsets and let D be a graph returned by the algorithmabove. The set fH(n)jn is a node of D labeled by �gis the 
olle
tion of minimal hitting sets for F.The �nal algorithm for 
al
ulating all diagnoses 
on-stru
ts a DAG as above, ex
ept that when it is sup-posed to generate a new node label, it does so by 
all-ing the theorem prover with a smaller set. Let TP be afun
tion su
h that TP(SD,ASS,OBS) returns a 
on
i
tset for (SD,ASS,OBS), i.e, a subset S of ASS su
h thatSD[S[fOBSg is in
onsistent. If no 
on
i
t set exists,the fun
tion returns �. When one needs to 
ompute alabel for a node n, label n by TP(SD,ASSnH(n),OBS).
0:{a,b}

1:{b,c}

5:@3:@ 4:{b,d}

6:- 7:{b}

2:{a,c}

a b

b c a
c

b d

Figure 2: Reiter's algorithm { 1Consider the following example [Greiner et al., 1989℄:Example 2: Let F = ffa; bg, fb; 
g, fa; 
g,fb; dg, fbgg. Figure 2 shows part of the graphbuilt by the algorithm. The set fa; bg is 
ho-sen to label node 0 and two ar
s are 
reatedwith labels a and b. Node 1 is labeled byfb; 
g and node 2 by fa; 
g and ar
s are 
re-ated leaving from node 1 labeled by b and 
and leaving from node 2 labeled by a and 
.Node 3 re
eives the label �, sin
e there is noset S 2 F su
h that S\H(3) = S\fa; bg = ;.Node 4 is labeled by fb; dg. The ar
 leav-ing from node 2 and labeled by a pointsto node 3, sin
e H(3) = H(2) [ fag (step2.
 of the algorithm). Node 5 is labeled by�, sin
e there is no set S 2 F su
h thatS \H(5) = S \ fb; 
g = ;. Node 6 is 
losed(step 2.d of the algorithm), sin
e nodes 3 and



5 are labeled by � and H(3) � H(6) andH(5) � H(6). When node 7 is labeled byfbg � fa; bg, the graph is pruned and the rootnode 0 is relabeled by fbg (step 2.g). Theresulting graph is shown in Figure 3. Thehitting sets are fa; bg and fb; 
g.
0:{a,b}

5:@3:@

2:{a,c}

b

a
c

Figure 3: Reiter's algorithm { 26 An algorithm for kernelsemi-revisionAs we have seen, Reiter's algorithm 
omputes all min-imal hitting sets for an arbitrary 
olle
tion of sets. Wewill use it later for �nding the in
ision fun
tions usedin kernel 
onstru
tions.In order to apply the algorithm for kernel operations,one needs to adapt very few things. Usually, we willnot have a

ess to the whole 
olle
tion of in
onsistentkernels. Using a theorem prover in order to �nd anin
onsistent subset of a belief base does not guaranteethat the set returned is a minimal one. Nevertheless,even if the set is not minimal, the algorithm returns the
olle
tion of values for the minimal in
ision fun
tionsfor all in
onsistent subsets of the base. In parti
ular,the returned values are values for in
ision fun
tions forthe in
onsistent kernels.Let TP be a fun
tion su
h that TP(B) returns an in-
onsistent subset of B. We then build a dire
ted a
y
li
graph using Reiter's algorithm. Whenever a new labelfor a node n has to be generated, we 
all TP(BnH(n)).That the algorithm does what it is expe
ted to dofollows dire
tly from the 
orre
tness of Reiter's algo-rithm.Example 3: Consider the belief base B =f:a;:b;a _ b;q; q ! p;:pg. There areonly two in
onsistent kernels, f:a;:b; a _ bgand fq; q ! p;:pg. However, the theorem

prover may �nd some superset of these sets.Suppose it �nds the 
olle
tion ff:a;:b; a _b; qg; f:b; a _ b; q; q ! p;:pg; f:a;:b; a _b; q;:pg; f:a; q; q ! p;:pg; f:a;:b; a _bg; fq; q ! p;:pgg.The values for the minimal in
ision fun
tionsare: f:a; q ! pg, f:a; qg, f:a;:pg, f:b; q !pg, f:b; qg, f:b;:pg, fa _ b; q ! pg, fa _b;:pg, and fa _ b;:pg.7 Con
lusion and Future WorkWe have translated a diagnosis problem into a problemof kernel semi-revision where the values of the in
isionfun
tion used must be minimal. It is not diÆ
ult tosee that kernel operations where the in
isions are min-imal are equivalent to maxi
hoi
e operations. Maxi-
hoi
e 
ontra
tions have been shown to have undesir-able results when applied to belief sets [Al
hourr�on etal., 1985℄. However, as was argued by Makinson in[Makinson, 1987℄, they are perfe
tly a

eptable opera-tions when applied to belief bases. This 
laim 
an be
on�rmed by the fa
t that the diagnosis 
ommunity,whi
h is not interested in 
losed theories, has beenusing maxi
hoi
e 
ontra
tion for �nding minimal di-agnoses.We have also shown how Reiter's algorithm for diag-nosis 
an be adapted for implementing belief revisionoperators. The fa
t that Reiter's algorithm 
an beused for belief revision bridges the gap between be-lief revision theory and implemented systems. Reit-er's algorithm is used in several systems and we expe
tthat several 
omputational tools developed for diagno-sis systems 
an be adapted for revision operators.Reiter's algorithm expands the graph breadth �rst,generating at the end all possible values for minimalin
ision fun
tions. If the fun
tion TP is substitutedby one that �nds a minimal in
onsistent set, then one
an 
hoose to expand depth-�rst, stopping when onesolution was found. If some kind of ordering amongthe formulas is present (as entren
hment in belief re-vision or a priori failure probability in diagnosis), thisordering 
an be used to 
hoose whi
h bran
h to ex-pand. In this way, it may be possible to obtain partialmeet operations by en
oding the sele
tion fun
tion asthe 
hoi
e of bran
hes to expand.A
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