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Abstract

In this paper, we propose a new approach for iterated
revision in possibilistic logic by applying a one-step
revision operator. We first argue that the set of KM
postulates for revision is too strong to define a practi-
cal one-step revision operator and some of them should
be weakened. We then present a semantic approach for
iterated revision in possibilistic logic using a one-step
revision operator. The computation of the semantic ap-
proach is given. We show that our revision approach
satisfies almost all the DP postulates for iterated revi-
sion and some other important logical properties.

Introduction

An intelligent agent often confronts the problem of revis-
ing her beliefs upon learning new information. This prob-
lem is called belief revision and has attracted much atten-
tion in the last decades. In their pioneer work, Alchourrén,
Girdenfors, and Makinson (AGM for short) proposed a set
of postulates for characterizing a rational belief revision op-
erator (see (Girdenfors 1988)). In AGM’s work, an agent’s
epistemic state is represented by a belief set and the revision
process is controlled by a ranking on the belief set, called
epistemic entrenchment. Later on, Katsuno and Mendelzon
in (Katsuno & Mendelzon 1992) reformulated AGM postu-
lates for revision in propositional logic and then showed that
very few existing revision operators satisfy all the reformu-
lated AGM postulates.

It has been argued that AGM postulates are too weak to
characterize incremental adaption of beliefs and are applied
to one-step revision operators only. Therefore, additional
postulates for iterated belief revision have been proposed
by Darwiche and Pearl (DP for short) in (Darwiche & Pearl
1997) and many others (such as (Nayak, Pagnucco & Pep-
pas 2003) and (Jin & Thielscher 2007)). A concrete revi-
sion operator that satisfies all the AGM postulates and DP
postulates was given in (Darwiche & Pearl 1997), where
Spohn’s ordinal conditional functions (OCF for short) are
used to represent agent’s epistemic states. This operator was
revised in (Jin & Thielscher 2007) to satisfy an additional
postulate. There are some other revision operators in OCF,
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such as Adjustment and Maxi-Adjustment (Williams 1994;
Williams 1996).

It has been shown in (Benferhat et. al. 2002) that there
is a correspondence relationship between OCF framework
and possibilistic logic. Possibilistic logic is a weighted logic
which is flexible for dealing with both inconsistency and un-
certainty. In possibilistic logic, semantically, an epistemic
state is represented by a possibility distribution, which is a
mapping from the set of all interpretations to interval [0,1],
and syntactically, it is represented by a possibilistic knowl-
edge base, which is a finite set of weighted formulas. In
(Benferhat et. al. 2002), the authors presented some syn-
tactical methods for revising prioritized knowledge bases in
the framework of possibilistic logic and OCF framework,
that are semantically meaningful. The input for revision can
be either a totally reliable input or an uncertain input of the
form (p, a), where a < 1. We consider only a totally reliable
input in this paper. In this case, the methods in (Benferhat
et. al. 2002) do not satisfy DP postulates.

In this paper, we propose a new approach for iterated re-
vision in possibilistic logic. We first argue that the set of
postulates for characterizing a rational revision operator in
propositional logic is too strong and some of them need to
be weakened to characterize existing one-step revision op-
erators. We then present a semantic approach for revising
a possibilistic knowledge base by iteratively applying a one-
step revision operator that results in a normal possibility dis-
tribution, and we provide its syntactical computation. The
logical properties of our approach are considered. We finally
present related work and conclusion.

Preliminaries

We consider a propositional language £ ps defined from a fi-
nite set of propositional variables PS and the usual connec-
tives. The classical consequence relation is denoted as . An
interpretation is a total function from PS to {0, 1}, denoted
by a bit vector whenever a strict total order on P.S is spec-
ified. € denotes the set of all interpretations. Mod(¢) de-
notes the set of models of a formula ¢. Let M be a set of in-
terpretations, form(M ) denotes the logical formula (unique
up to logical equivalence) whose models are M. A knowl-
edge base K is a finite set of propositional formulas which
is sometimes identified with the conjunction of its elements.
K is consistent if and only if Mod(K) # @. Two knowl-



edge bases Ky and K5 are equivalent, denoted K=K, if
and only if Mod(K;) = Mod(K>).

Possibilistic logic

We briefly introduce possibilistic logic (see (Dubois, Lang,
& Prade 1994) for more details). The semantics of possi-
bilistic logic is based on the notion of a possibility distribu-
tion w : @ — [0, 1]. The possibility degree 7(w) represents
the degree of compatibility (resp. satisfaction) of the inter-
pretation w with the available beliefs about the real world. A
possibility distribution is said to be normal if Jwy€e(2, such
that w(wg) = 1. From a possibility distribution 7, two mea-
sures can be determined: the possibility degree of formula
¢, I (¢) = maz{r(w) : w € Q,w |= ¢} and the necessity
degree of formula ¢, N (¢) =1 — I (—¢).

At the syntactic level, a possibilistic formula, is repre-
sented by a pair (¢, a), where ¢ is a propositional formula
and a is an element of the semi-open real interval (0, 1],
which means that the necessity degree of ¢ is at least equal
to a, i.e. N(¢) > a. Then uncertain or prioritized pieces of
information can be represented by a possibilistic knowledge
base which is a finite set of possibilistic formulas of the form
B = {(¢, a;) : i =1,...,n}. The classical base associated
with B, denoted B*, is defined as B* = {¢;|(¢;, a;) € B}.
A possibilistic knowledge base B is consistent if and only
if its classical base B* is consistent. Given a possibilistic
knowledge base B, a unique possibility distribution, denoted
T, can be obtained by the principle of minimum specificity
(Dubois, Lang, & Prade 1994). For all w € (),

_ )1 if V(¢i, ai) € B,w = ¢4,
mp(w) = { 1 — maz{a;|w & @i, (¢s, as) eaB} otl(;:rwise.
(D

The a-cut (resp. strict a-cut) of a possibilistic knowl-

edge base B is B>, = {¢;€B*|(¢;,b;)€B and b;>a}
(resp. Bs, = {#:i€B*|(¢:,b;)eB and b;>a}). The
inconsistency degree of B is: Inc(B) = mazx{a;
B>, is inconsistent}. That is, the inconsistency degree
of B is the largest weight a; such that the a;-cut of B is
inconsistent. Two possibilistic knowledge bases B and B’
are said to be equivalent, denoted B =, B, iff V a €
(Oa 1]7 BZaEB;a'
Definition I Let B be a possibilistic knowledge base. A
formula ¢ is said to be a consequence of B to a degree a,
denoted B F, (¢, a), iff (i)B>, is consistent; (ii) B>, F ¢;
(ii))Vb>a, B>y I/ ¢. ¢ is said to be a plausible consequence
of B, denoted B Fp ¢, iff there exists an a > Inc(B),
Bt (¢,a).

KM postulates for belief revision

Alchourrén, Girdenfors and Markinson proposed a set of
postulates for characterizing a rational one-step revision op-
erator (see (Girdenfors 1988)). In (Katsuno & Mendel-
zon 1992), AGM postulates for revision are rephrased in
propositional logic as follows, where o is a revision oper-
ator which is a function from a knowledge base' K and a
formula 4 to a new knowledge base denoted by Kop.

"In (Katsuno & Mendelzon 1992), a knowledge base is identi-
fied with the conjunction of its elements.
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R Koubp

(R2) If K A p is satisfiable then K o u=K A p

(R3) If p is satisfiable then K o p is also satisfiable

RA) If K1 = Ko and g = po then Ky o g = Koo g
(R5) (K o p) A ¢ implies K o (1 A ¢)

(R6) If (K o u) A ¢ is satisfiable then K o (u A ¢) implies
(Kop)A¢

We call the rephrased AGM postulates as KM postulates
for revision (or KM postulates). Explanations of these pos-
tulates can be found in (Katsuno & Mendelzon 1992).

A representation theorem has been given to establish the
correspondence between the KM postulates and a faithful
assignment. Let K be a knowledge base. A function that
assigns to K a pre-order2 over (), denoted <[, is said to be
faithful if the following three conditions hold:

(1) fw,w'eMod(K), then w< gw’ does not hold.
(2) fweMod(K) and w'&Mod(K), then w < w’ holds.
(3) If K = K', then < g ==/

Theorem I (Representation Theorem in (Katsuno &
Mendelzon 1992)) A revision operator o satisfies the pos-
tulates (R1)-(R6) if and only if there exists a faithful assign-
ment that maps each knowledge base K to a total pre-order’
=k such that Mod(K o u) = min(Mod(u), <k ).

Revisit KM Postulates for Revision

In this section, we give a short discussion on the KM postu-
lates. The purpose of this section is not to propose some new
postulates for replacing KM postulates but to select some
KM postulates or their weakened versions for characterizing
some frequently used one-step revision operators. A typi-
cal revision operator satisfying all the KM postulates is the
Dalal’s revision operator o which is defined as follows:

The distance between a knowledge base K (here,
K is identified with the conjunction of its elements)
and an interpretation w is defined as dist(K, w) =
MiNy, e Mod(k)di5t(w,w;), where dist(w,w;) is the Ham-
ming distance between w and w;. A total pre-order <
is defined as w1 <gwy if and only if dist(Mod(K),w;)<
dist(Mod(K),ws). Finally, Dalal’s revision operator op
can be defined as: Mod(Kop pu) = min(Mod(u), =k ).

Another revision operator satisfying all the KM postu-
lates, called amnesic revision operator (Rott 2000), denoted
04, is defined as follows: Ko,u = K U {u} if K U {u}
is consistent and p otherwise. We will show later that even
this revision operator will result in an interesting revision
operator in possibilistic logic.

However, as shown in (Katsuno & Mendelzon 1992),
many other revision operators do not satisfy all the KM pos-
tulates. It has been argued in many papers, such as (Nebel
1991; Nebel 1998; Hansson 1999; Jin & Thielscher 2007),
that postulate (R4) which states the principle of irrelevance
of syntax is not desirable from a pragmatic view. In this case,

2Recall that a pre-order < over (2 is a transitive and reflexive
relation. As usual, w < W’ iff w < W’ but W’ Aw.

3A pre-order < over € is total if for every w,w’ € €, either
w=w orw <w



a knowledge base should have different meaning from the
conjunction of its elements and both should be treated dif-
ferently. A weakening of (R4) is given in (Jin & Thielscher
2007): (R4) If 17 = po then K o gy = K o .

We give two typical examples of syntax-based revision
operators (or formula-based revision operators). The first
approach is called full meet revision operator and has been
defined in several papers (Fagin, Ullman, & Vardi 1983;
Ginsberg 1986; Nebel 1998) but in different forms. Let
(K 1) be the maximal subsets of K that are consistent with
u,i.e.,

K1lpu={ACK|AY/-u,VBCK, if A C B, then BF—pu}.

Then, the full meet revision operator, denoted o, is defined
as follows: K op u = /(K Lp)U{u}.

Next, we introduce cardinality-maximizing revision op-
erator, which has been defined in (Ginsberg 1986; Nebel
1998). Let () Lcp) be the cardinality-maximizing subsets
of K that are consistent with g, i.e.,

Klcop={ACK|AY—u,VBCK, |A| < |B|, then Br—u},

where |A| denotes the cardinality of the set A. The
cardinality-maximizing revision operator, denoted ocay, iS
defined as follows: Kocpp = V(K Lop)U{u}.

In terms of postulates (R1)-(R6), the following holds*.

Proposition 1 The full meet revision operator op satisfies

(R1), (R2), (R3), (R4’) and (R5). However, it does not sat-
isfy (R4) and (R6) in general. The cardinality-maximizing
revision operator ocyy satisfies (R1), (R2), (R3), (R4), (R5)
and (R6). It does not satisfy (R4) in general.

According to Proposition 1, both operator o and opera-
tor oy satisfy (R1), (R2), (R3), (R4’) and (R5). Further-
more, operator oy, satisfies (R6). However, both opera-
tors do not satisfy (R4). It has been shown in (Katsuno &
Mendelzon 1992) that (R6) is a condition which guarantees
the pre-order < in Theorem 1 is a total pre-order and that
this condition is too strong in some case and can be weak-
ened to the following two conditions:

RN Ifpopu b pgandh o us - pg thenp o g = 1 o po.
(R8) (o p1) A (Yopz)po(urVps).

It was shown that the revision operators based on partial
pre-orders are completely characterized by Conditions (R1)-
(RS), (R7) and (R8). We have the following proposition.

Proposition 2 op satisfies (R7) and (R8).

According to Propositions 1 and 2, both full meet revision
operator and cardinality-maximizing revision operator can
be equivalently defined by a pre-order over interpretations.
Next, we define such pre-orders. Let K be a knowledge base
and 11 be a formula. Let ¥ = {¢ € K : w |= ¢}, then we
can define two pre-orders < and =< as follows:

o Wi <F wy iffwfgwff.
o Wi 2o wy iff Wi | <|wWE].

“In (Nebel 1998), Nebel has checked logical properties of op-
erators or and oc s against AGM’s original postulates defined on

belief set. However, there is no work on checking which KM pos-
tulates they satisfy.
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The following proposition shows that the operators op
and oy can be defined by < and </ respectively.

Proposition 3 Let K be a knowledge base and p be a for-

mula. Then we have K op y = min(Mod(u), <r) and
Kooy p=min(Mod(n), Zcm).

As we have shown, three commonly used revision opera-
tors all satisfy Postulates (R1), (R2), (R3), (R4’), (R5), (R7)
and (R8). This amounts to weaken (R4) and (R6). We argue
that these postulates are more appropriate for characterizing
a practical revision operator and call an operator satisfying
them as a weak-AGM revision operator.

We give the following representation theorem.

Theorem 2 Revision operator o is a weak-AGM revision op-
erator iff there exists an assignment that maps each knowl-
edge base K to a partial pre-order <p, which satisfies
Conditions (1) and (2) for a faithful assignment, such that
Mod(K o u) = min(Mod(u), <k).

A Semantic Approach for Iterated Revision in
Possibilistic Logic
An algorithm for semantic revision

Iterated revision in possibilistic logic has been discussed in
(Benferhat et. al. 2002) and some revision operators were
given. When the input formula p is totally reliable and we
want to revise B, the result of revision by the approaches
in (Benferhat et. al. 2002) does not include the formu-
las whose weights are less than the inconsistency degree of
B U {(,1)}. So too much information may be lost after
revision if the inconsistency degree is high. This problem is
called “drowning effect”. To resolve the drowning effect, we
use a weak-AGM revision operator to resolve inconsistency
iteratively. Let B = {(¢1,a1), .., (¢, an)} be a possibilis-
tic knowledge base. Let us rearrange the weights of formulas
in B such that by >by>...>b; > 0, where b; ( = 1, ..., 1) are
all the distinct weights appearing in B. Let € € (0,1) be a
very small number such that € < by (for example 0.0001).

In Algorithm 1, we first assign degree O to all the inter-
pretations which do not satisfy the new information ; and
then we go to the “while” loop. For a “while” loop such that
i < [, we first collect all the formulas whose certainty de-
grees are equal to b; and revise these formulas (i.e., .S;) by
the formula whose models are M; (i.e. form(M;)) using
operator o. The result of revision M, is used for another
“while” loop. For weM;\M;; (i.e., w does not satisfy the
revised base), if b; = 1, then m(w) = 1 — b; + ebit1tl;
otherwise, m(w) = 1 — b;. Note that when b; = 1, the
possibility degree of w is increased by ’+1T!. By doing
this we can ensure that new evidence is absolutely more re-
liable than any information in the original knowledge base
(see postulate (Rec) in Section Logical Properties).

According to Theorem 2, in each “while” loop, the result
of revision is M; 11 = min(M;, <g,), where <g, is the pre-
order induced by S; and the revision operator. Therefore,
in each “while” loop, we change the information in each
stratum S; minimally to accommodate form(M;).

Let us define a lexicographic relation <eq, B, (1<k < n)
as: w=yey, p,xw’ if and only if w=<g,w’ for all i<k or i<k



Algorithm 1: Algorithm for semantic revision

Data: a possibilistic knowledge base
B ={(¢1,a1), ..., (¢n,a,)}; aformula u; a
weak-AGM revision operator o

Result: revised possibility distribution 7g ,, o

begin

My:=Mod(u)

1:=1

for w |~ pdo

| 7Buo(w) =0
while i</ do

S; =={¢; : (¢;,a;)€B,a; =b;}
Mi1:=Mod(S; o form(M;))
for weM;\M; 1 do
if bz = 1 then
L ﬂ-B,;A,o(W) .= ebit1+1
else
L ﬂ—B“u,,o(W) =1 bl
Li=i+]1

for weM;y; do
| mBue(w) =1
return 7 , o

end

such that w <5, w’' and w =g, W' forall j < i, where w =g,
W' iff w <5, W’ and W’ <g; w. We give a representation
theorem for the semantic revision approach:

Theorem 3 Given a possibilistic knowledge base B and
a formula pu. Let b; (¢ = 1,...,01) be all the distinct
weights appearing in B such that b;>b; ;1 for every 7. Sup-
pose TR, is returned by Algorithm 1. We then have
(D) 7B po(w) = 1 — b iff wemin(Mod(p), Ziex,B,i—1)
and w¢gmin(Mod(u), Ries,B,:) for 1 < i < [; and (2)
TB,uo(w) = liffwemin(Mod(p), =iex,B,1)-

Theorem 3 shows that our revision approach can be char-
acterized by the lexicographic relation <y B k-

Example ] Let B = {p v n09),p Vv
—q,0.8), (-r,0.8),(¢,0.8)} and 4 = p A r. So there
two distinct weights by = 0.9 and b, = 0.8. There are
eight interpretations: w; = 000, wy = 001, ws = 010,
Wy = 011, Wy = 100, wWeg = 101, Wy = 110, wg = 111.
For example, wy assigns 0 to both p and ¢ and 1 to ». We
now apply Algorithm 1 to revise B by p. Suppose the full
meet revision operator or is used in the algorithm. It is
clear that w;~u, fori = 1,2,3,4,5,7, so M7 = {ws,ws}
and m(w;) = 0 for ¢ = 1,2,3,4,5,7. Let i = 1.
S1 = {p Vv r}. Since (S1) U {u} is consistent, we have
My = Mod(Syop ) = {ws,ws}. So form(Ms) = p. Let
i=2. 5 ={pV g, -rq}and Sy U {u} is inconsistent.
Since wg% = {pV —q} and w;f? = {p V —q,q}, we have
wg <p wg. SO Mod(Ss op p) = {wg} and 7(wg) = 0.2.
The “while” loop finishes. Finally, we have 7(wg) = 1.
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Syntactical counterpart of semantic revision

In this section, we propose an algorithm to compute a pos-
sibilistic knowledge base corresponding to possibility distri-
bution resulted from Algorithm 1.

Algorithm 2: Algorithm for syntactical revision

Data: a possibilistic knowledge base
B ={(¢1,a1), ..., (dn,an)}; a formula u; a
weak-AGM revision operator o
Result: a possibilistic knowledge base B, .
begin
Ky = {u}
1:=1
Buo :={(¢,1): ¢p€K }
while i</ do
Si = A{9; : (¢, a;)€B,a; = bi}
Kip1 = S;0Npek, @
if b; = 1 then
L Buo:=B,.U{(¢,1 —ett1tl): g€
Kit1\ Ki}
else
| Buo:=BuoU{(¢b):¢ec Kip1\ K}
L i:=1+1
B = BuoU{(g,br) : ¢ € Ki11\ Ki}
return B, .

end

In the 7th “while” loop of Algorithm 2, the set of for-
mulas in B whose weights are b; is revised by the con-
junction of knowledge base obtained by the ¢-1th “while”
loop using a weak-AGM revision operator. If b;#1, we
assign weight b; to formulas in the resulting knowledge
base K;,; and not in K;. Otherwise, the weight of for-
mulas in K;,; and not in K; is decreased to 1 — ebi+1+1,
In Example 1, the resulting knowledge base of revision is
B, o= {(pAr,1),(pVvr,0.9),(pV—g,0.8),(q,0.8)} Note
that if we apply the approach in (Benferhat et. al. 2002),
then the formulas (p V —¢, 0.8) and (g, 0.8) are lost.

We give the correspondence between two algorithms.

Proposition 4 Given a possibilistic knowledge base B and
a formula p, suppose 7, . is the possibility distribu-
tion obtained by Algorithm 1 and B, , is the possibilistic
knowledge base obtained by Algorithm 2, then 7p, ,(w) =
TB,u0(w) forallw € Q.

It is clear that Algorithm 2 needs to apply the revision op-
erator o at most [ times, so the complexity of our algorithm
is not much harder than that of the revision operator. For
example, suppose o = op, then it needs at most [O(log n)]
calls to a N P oracle to generate a revised base.

Next, we show that some prioritized base revision opera-
tors can be computed by our algorithm. We follow the nota-
tions in (Delgrande, Dubois, & Lang 2006): Suppose > is a
strict order (i.e. a transitive and asymmetric binary relation)
on a set X, then for any subset Y of X, we define the set of
undominated elements of Y w.r.t. >, denoted Max(>,Y),
as: Max(>-,Y) = {yeY|there is no z€Y such that z>y}.



Given a possibilistic knowledge base B =
{(¢1,01), .., (Ppn,an)}, suppose b; (i = 1,..,1) are
all the distinct weights of formulas appearing in B such
that by >bs>...>b; > 0. Then B can be represented as
a stratified knowledge base ¥p = (S51,...,5;), where
S; = {¢ : ($,a)€B,a = b;}. A subset ¥’ of a stratified
knowledge base ¥ 5 is also a stratified knowledge base. We
denote Cons(X g, u) the set of all subsets of . which are
consistent with p, that is, the set of all stratified knowledge
bases ¥/ = (57, ...,.5]) such that ¥’ C ¥ and A(X') A p
is consistent, where A(X') = Agesv¢p. We then have the
following prioritized base revision operators:
discrimin (Brewka 1989; Nebel 1991) For Y =
(81,87, ¥ (57, ...,8/)eCons(Xp, 1), define
Y = diserimin % iff 3¢ such that

(a) S;NSY > S;NS}, and

(b) for all j < 1, Sj N S;/ = Sj N S;

Then X g o4iscrimin n=

\/{/\(E)a EEMa$(>'discrimin7 COTLS(ZB7 H’))} A H-
leximin (Benferhat et. al. 1993) For ¥/ = (57,...,5)),
= (9Y,...,5/)eCons(Ep, u), define X" = jepimin X’
iff 3¢ such that

(a) |SmSZ"| > |SZOS;|, and

(b) for all j < i, [S; N SY| = |S; NS

Then X5 0jczimin n=

V{/\(E), EeMaI(>‘lea:1ﬁmin7 COTLS(EB, :U'))} A fh.
linear base revision (Nebel 1998) Let X5 = (51,...,5)
and p be a formula. The linear base revision, denoted
Olinear, 1 defined inductively as follows: X B ojinear 4 =
{u} U ST U...U S, where S is defined by S| = {u}.
Si=8;if S; U {u} U U;;ll S% is consistent, & otherwise,
fori > 1.

Proposition 5 Let B be a possibilistic knowledge base and
Y. p its associated stratified knowledge base. Let op, ooy
and o, be the full meet revision operator, the cardinality-
maximizing revision operator and the amnestic revision op-
erator respectively. We then have the following equations:

hd (B/MOF)* = YB Odiscrimin M
b (BMaOCM)* = ZB Oleximin M and
° (Bll«,oa)* = ZB Olinear M-

Logical Properties

In this section, we discuss the logical properties satisfied by
our revision approach. We first consider generalized KM
postulates for revision. Given possibilistic knowledge base
B and weak-AGM revision operator o, we define B o 1 =
B, o, that is, B o p is the revised result of B by p using
Algorithm 2 and o.

Proposition 6 Let o be a weak-AGM revision operator and
B a possibilistic knowledge base. Then we have the follow-
ing results:

RY) B ojibr (1),

(R%) If B* A s consistent, then (B o p)* = B* A p.

(R%) If 11 is consistent, then (B o p)* is consistent.

R} (Bop)* Ao+ (Bo(uha))".

R If (Bopuy)* b pgand (B o pg)* F p, then (Bo
p1)* = (Bopg)".
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(RE) (Bop)* AN(Bopz)* = (Bo(urVps))*.

Furthermore, if o satisfies all the KM postulates, then it
satisfies (R])-(R§) when it is applied to revise a possibilistic
knowledge base and the following two postulates:

(R¥)If By =5 By and p11 = g, then By oy =5 By o .

(R§) If (B o u)* A ¢ is consistent, then (B o (1 A ¢))* F
(Bou)*Ao.

R7 says that the newly received information is firmly be-
lieved. R} is adapted from R2. We may not have B o 4 =
B U {(p, 1)} because for formulas in B whose weights are
1, their weights become less than 1 after revision. Other
postulates are simply adapted from KM postulates.

We consider the following postulates for iterated revision:

(COHIf B+ p,then (Bop)o B)* = (Bop)*;

(C2)If B+ —p, then ((Bou)oB)* = (Bo )

(CHIf(BofB)*F puthen (Bop)oBtp u;

(C4)If (Bo B)* A pis consistent, then ((Bopu)ofB)* A
is consistent;

(Rec) If B A p is consistent then (B o u) o S Fp p;

(Ind) If (B o 8)* A p is consistent then (B o p) o 5 Fp p.

(C1)-(C4) can be found in (Darwiche & Pearl 1997).
(Rec) comes from (Nayak, Pagnucco & Peppas 2003) and
(Ind) from (Jin & Thielscher 2007).

Proposition 7 Let o be a weak-AGM revision operator.
When applied to revise possibilistic knowledge base, it sat-
isfies (C3), (C4), (Rec) and (Ind). If o satisfies all the KM
postulates, then it satisfies (C1). It does not satisfy (C2) in
general, even when it satisfies all the KM postulates.

Proposition 7 shows that our operator satisfies most of
postulates for iterated revision except (C2), which is contro-
versial according to discussion in (Jin & Thielscher 2007)

Our revision operator also satisfies two interesting postu-
lates for prioritized merging in (Delgrande, Dubois, & Lang
2006).

Proposition 8 Let o be a weak-AGM revision operator
and p be a formula. Suppose b; (i = 1,...,1) are all
the distinct weights of formulas appearing in B such that
by>by>...>b; > 0. Let BZi = {(¢j7aj)€B : aijl} We
then have (1) B>; o i F, (¢, a) for each (¢,a)€B>;11 ©
p; (2) B>jopu = B=; o (B»;_1 o u), where B—; =

{(¢j,a;)€B : aj=b;}.

Related Work

Iterated revision in possibilistic logic has been discussed in
(Benferhat et. al. 2002) where two revision operators are
given. However, they have shown that none of their revision
operators satisfies DP postulates. Our approach is differ-
ent from the iterated revision approaches in OCF framework
(Darwiche & Pearl 1997, Jin & Thielscher 2007) in that our
approach is defined by a one-step revision operator whilst
OCF-based revision operator is defined by increasing or de-
creasing the evidence value of an interpretation to a fixed
degree depending on whether it satisfies the new evidence
or not.

Our approach extends the revision-based approach in (Qi,
Liu & Bell 2005), which generalizes the DMA approach in



(Benferhat et. al. 2004), in two ways. First, the revision-
based approach applies a model-based revision operator or
a syntax-based revision operator to deal with inconsistency
whilst our approach applies a weak-AGM revision oper-
ator which is more general than both model-based revi-
sion operators and syntax-based revision operators. Second,
the revision-based approach returns a set of models when
a model-based revision operator is applied whilst our ap-
proach semantically returns a possibility distribution. This
work is also related to the prioritized merging approach in
(Delgrande, Dubois, & Lang 2006) and the model-based
merging approach in possibilistic logic in (Qi 2007). Both
approaches are based on a one-step (or a flat) merging op-
erator. The prioritized merging approach can be used to
deal with iterated revision problem. It satisfies all the KM
postulates and some adapted postulates for iterated revision.
However, it falsifies most of the original postulates for it-
erated revision because their approach does not result in a
prioritized knowledge base but a flat knowledge base. The
model-based merging approach returns a possibility distri-
bution and also gives its syntactical counterpart. However,
it cannot be applied to deal with iterated revision. To deal
with iterated revision, we apply a weak-AGM revision op-
erator and give a special treatment of the weights of the for-
mulas during revision. It has been shown in (Benferhat et.
al. 2004) that DMA approach results in a knowledge base
containing more information than those obtained by Adjust-
ment in (Williams 1994) and Maxi-Adjustment in (Williams
1996) when the input for revision is a totally reliable for-
mula. Therefore, our approach is also better than Adjust-
ment and Maxi-Adjustment.

Conclusion and Future Work

In this paper, we have proposed an iterated revision approach
in possibilistic logic. We first discussed KM postulates for a
one-step revision operator and provided some novel results.
We then gave an algorithm for semantic revision in possi-
bilistic logic based on a one-step revision operator. The
computation of the semantic approach was given. The al-
gorithm extends the revision-based algorithm in (Qi, Liu &
Bell 2005). We showed that our approach can be used to
compute some important prioritized base revision operators.
Finally, we showed that our revision operator satisfies al-
most all the DP postulates for iterated revision and other
interesting logical properties. We assume that the input for-
mula is fully reliable and has higher priority than the original
knowledge. As a future work, we will consider uncertain in-
put formula of the form (¢, a), where a < 1.
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