1st International Symposium on Imprecise Probabilities and Their Applications, Ghent, Belgium, 29 June - 2 July 1999

Coherent Models for Discrete Possibilistic Systems

Hugo J. Janssen Gert de Cooman Etienne E. Kerre
Universiteit Gent Universiteit Gent Universiteit Gent
Krijgslaan 281-S9 Technologiepark — Zwijnaarde 9 Krijgslaan 281-S9
9000 Gent, Belgium 9052 Zwijnaarde, Belgium 9000 Gent, Belgium
hugo.janssen@rug.ac.be gert.decooman@rug.ac.be etienne.kerre@rug.ac.be
Abstract Possibility measures can be given the behavioural inter-

We consider discrete possibilistic systems for which thepretation of upper probabilities [8]. On this view, the value

. ) T " II(A), A € p(Q) is interpreted as a subject’s infimum ac-
available information is given by one-step transition pos- . : .
A o A ceptable rate for betting against the event This means
sibilities and initial possibilities. These systems can be

represented by a collection of variables satisfying a possi—that the subject is willing to bet against the everat any

bilistic counterpart of the Markov condition. This means rate > Ii(4), giving h'm)‘ units of utility whenA does
. . : not occur, anch — 1 units whenA occurs. The net reward
that, given the values assumed by a selection of variables . : )
- : resulting from the bet at rafd(A) can also be written as:
the possibility that a subsequent variable assumes some
value is or_wly dependent on _the value taken by the m_ost G(A) = TI(A) — I4,
recent variable of the selection. The one-step transition

possibilities are recovered by computing the conditional\here] 4 is the indicator function ofA. The behavioural
possibility of any two consecutive variables. Under the jnterpretation of the possibility meastifeimplies that all
behavioural interpretation as marginal betting rates againsgamblesG(A), A € () aremarginally acceptabléo
events these ‘conditional’ possibilities and the initial pos- the subject, meaning that he is disposed to acG&t) + &
sibilities should SatiSfy the rationality criteria of ‘aVOiding forall § > 0. Moreover, a rational subject should consider

sure loss’ and ‘coherence’. We show that this is indeed thq_)ositive linear combinations of acceptab|e gamb|es as ac-
case when the conditional possibilities are defined usingceptable [8].

Dempster’s conditioning rule. )
To ensure that the valu@s(A), A € p(Q2) are assessed in

Keywords. Possibilistic Markov system, Markov condi- @ consistentwayI should be coherent, i.e., for any natural

tion, coherence, Dempster’s conditioning rule. numbern, for any non-negative real numbexs, ..., A,
and for any eventsl,, ..., 4, € (), it must hold that

1 Introduction n

e . sup Z )‘JG(AJ)(W) - )‘OG(AO)(W) > 0. (1)
Possibility measures are supremum preserving set map-  weQ
pings. They were proposed by Zadeh [10] for modelling
linguistic information in natural language. Formally, a If (1) fails and\, = 0, then there is somé& > 0 such that
possibility measurdl on the power sep(£2) of a non- Z;’:l NG(A)) + 6] < —6. This is a ‘sure loss’ since
empty sef() is a (set) mapping taking elements @f¢2) there is a positive linear combination of acceptable gam-
to values in the real unit interva, 1], such that for any  bles that is uniformly negative, meaning that the subject

Jj=1

collection(4; | j € J) of elements ofo(£2): cannot avoid losing some positive amount of utility. The
coherence condition (1) guarantees the subject avoids the
H(U A;) =supII(4;). incurrence of sure losses.
jeJ JeJ

If (1) fails and )\, > 0, then there is som& > 0 such that
The Q — [0, 1]-mappingr defined byr(w) = T({w}),  [M(Ae) =0l =La, = ATT 370 | Aj[G(A;) +6]. Since all
w € Qis called thedistributionof IT. Obviously,ITiscom- ~ 9amblesG(A;) + 4,7 € {1,...,n} are acceptable to the

pletely determined by, since for anyZ € (2): II(E) =  Subject, the linear combinatiok;* 3°7_; \;[G(4;) + d]
sup,,. 7(w). The possibility measurl and its distribu- IS acceptable too, and so is the gamibleA,) — 8] - L,
tion m are callednormalif II(€2) = sup,ecqm(w) = 1. Al gains and losses from betting are assumed to be mea-

The triple(92, p(2), I1) is called apossibility space sured on a linear utility scale.



as it yields a uniformly higher gain. As a result, the sub-
ject can be induced to bet againkt at the ratd1(A,) — 4,
which is strictly smaller than hi;fimumacceptable bet-
ting rateII(A4,). Coherence rules out this type of incon-
sistency.

assumes some valug € X, constitute a coherent model
if and only if the conditional possibilities, ¢, (z1 | =),
(zo,71) € X, x X; satisfy

DT fy | £, (T1 | To) < 7py 5, (21 | To) < nemrpy g, (21 | 20)

2
For the special type of upper probabilities, namely possi- @
bility measures, we are dealing with here, coherence andvheneverr; (z,) > 0. According to (2) the foregoing
avoiding sure loss both reduce to the requirement of nornodel is coherent if and only if the conditional possibil-
mality. Thus a possibility measuié is a coherent upper ities are intermediate between those calculated by Demp-
probability provided that it is normal [3]. We shall fur- Ster's rule and natural extension. Recall that for any couple
thermore call a distributiom coherent when the possibil- Of elementgz,, z1) € X, x X;, Dempster’s conditioning
ity measure associated withis coherent, or equivalently, rule yields the following value for the conditional possi-
whenr is a normal distribution. bility oemy, |z, (21 | zo):

A model constituted by the assessments of a subject fac-

ing uncertainty may be more complex. In Section 2, for oeT 11, (1 | To)
instance, we consider a discrete possibilistic system that =

is specified by one-step transition possibilities and initial

possibilities. We explain that this system can be mod-

elled by a collection of possibilistic variables. Similarly where the least committal, or most conservative, value
to a stochastic variable, a possibilistic variable [1, 2] hasis taken forpemy, ¢ (21 | 2,) Whenry, (z,) = 0. We
abasic spacé? and asample spac&’. The available in-  shall denote bypelly, s (- | z,) the possibility mea-
formation is represented by a possibility measllkg on sure ongp(X;) that is associated with the distribution
(2, p(2)). Any Q@ — X-mappingf is then called a possi- pemy, |y, (- | 7,). As the natural extension rule for condi-
bilistic variable inX. The X — [0, 1]-mappingr;, given  tioning has no further role in this paper, we refer to [9] for
foranyz € X by 7¢(z) = Ho(f~'({z})), is called the its explicit definition.

possibility distribution functiorof the possibilistic vari-
able f. We denote byll; the unique possibility measure
on p(X) with distributionr ;. Thejoint possibility distri-
bution functionof a finite sequencé,, ..., f,, n € N of
possibilistic variables, having basic spaée o(2), 1)
and sample spacek,, ..., X,, is given in any element

if m¢ (2o) >0
= Tf, (o) fn( )
if Wfo(xo) = 0,

In Section 3 we investigate the coherence of models with
the following more general structure: the joint possibil-
ity distribution function of a finite collection of linearly
ordered possibilistic variables,, ..., fx, N € N\ {0}
together with the conditional possibility distribution func-
tions of any variablef,, 1, n € {0,...,N — 1}, given

(Toy -+, wn) € XL, X DY that the preceding variabldy,, ..., f,) jointly assume
n some valuéz,,...,x,) € X, x --- x X,,. Here as well,
T(forfr) (Toy s ) = Hﬂ(ﬂ 7 ). all variables are assumed to have a finite sample space.

We show that coherence is guaranteed if we additionally
require that all conditional possibilities should be deter-
mined using Dempster’s conditioning rule.

i=0

The possibility measure op(x?_, X;) with distribution
T(fo,..fn) IS denoted byl ; . ). Using Dempster's . . .
conditioning rule we explain in Section 2 how the one-step':rom this result we may conclude that a behavioural in

transition possibilities can be recovered as, or interprete(%ﬁr?retat'on of th(;a_moddel Irt] terms of p;)tshsmlhstl_c va?a.bltes
as, the conditional possibilities of any two consecutive atwe proposed in order to represent the previously intro-

variables. In fact, we indicate that the variables also sat-duced discrete possibilistic system makes sense, provided

isfy a possibilistic counterpart of the well-known Markov that all initial possibilities are normal and that the one-

condition in the theory of stochastic Markov processes [4].Stee tran5|_t|_o n_p055|bll|t|es are computed using Demp-
ster’s conditioning rule.

If we want to give a behavioural interpretation to the initial
possibilities and the one-step transition possibilities, it i32
mandatory that we verify whether or not the models these
possibilities are used to construct are coherent. It has bee
proven by Walley and De Cooman [9] that the uncondi-
tional joint possibility distribution functiom 4, () of any

two possibilistic variableg, and f; having finite sample
spacesX, and X; together with the conditional possibil-
ity distribution functionsry, 7, (- | z,), 2o € X, — cal-
culated by some conditioning rule — ¢f, given thatf,

.....

Discrete Possibilistic Systems

guppose that we are dealing with a discrete possibilistic
system having the set of all natural numbgfrss its time
set. N is taken to be ordered by the usual linear ordering
< of natural numbers.

Assume that we have the following information about the
system:



e X,, n € Nis the set of all possible states for the corresponding sample spaces are givenXjy n € N,
system at timen; such that

e initial possibilitiesg, i.e., aX, — [0, 1]-mappingg T(foresfn) = T{0,cm}r V1 EN. )]
such thag(x) is the possibility that the system is in  To establish this, the following choices can be made:
statex € X, at time0;

o — (Ra) = (55 Xi, p(x 55 Xi));

e aX, x X,y1 — [0,1]-mapping, P, n € N such that, o
for any couple(z, y) € X, x Xp41, nP(, y) denotes — for+ I, take the pos_S|b|I|_ty .me_asureHN on

(X2 X, p(x 222 X;)) with distribution 7y whose

theone-step transition possibilifyom stater at time i
n to statey at timen + 1, and that is normalized as Vallif in a sequence = (zo,...,Tn,...) €
follows: x ;20 X; is given by
= mn(z) = inf 7o (Toy ey Tn)
sup nP(f,y) = 1, Vx € Xn neN { n}ibo n

X”L . . . .
yESna Note thatmy is the pointwise greatest (least commit-

B tal or most conservative) distribution c»nj:jXZ- whose
Consequently, the partial mappingP(x, ) is the dis-  marginal onx?_, X; is o, foralln € N,
tribution of a unique, normal possibility measure on ] S
(Xns1, 0(Xni1)) for every element € X, wheren € We now give a justification for t_hg_fo_rmula_e (3)-(5). Any
N. The mappingj can be viewed as the distribution of a collection (f,, | n € N) of possibilistic variables repre-

unique possibility measui@ on (X, p(X,)). senting the ir)fc)_rmationr{oju:n”}., n € N as expressed
by (3)—(5) satisfies a possibilistic analogon of the Markov

USing this information we want to determine a ConSiStentcondition [4, 5] To establish this resu]t, we use Demp_
collection of distributions giving the possibility that the ster's conditioning rule.

system visits a finite number of states, ..., z,,n € N
at the corresponding timéks ... , n. We are furthermore

yeeey

The following, obvious relation then holds between the

interested in determining tHestep transition possibilities transition possibilities and the conditional possibilities,
of the system, wherg > 2. We shall first give a number formed with the possibilistic variables in the collection
of formulae for these possibilities, and then show how the(/» | 7 € N). Consider two natural numbersandk 7 0
that
. iy G (k)

We define thek-step transition possibility, P (z, y) (k) :

. ; =,P , if . (6
from stater € X,, at timen to statey € X, at time 0T il 0 (U | ) (w,y) it g, (2) > 0. (6)

n+k as: The possibilistic variablegf,, | n € N) are furthermore
conditionally independent in the following way. Consider
—) nikol afinite subsefn; | i € {1,...,k}} of the time selN such
P (2, y) = sup - [T PG 200 thatk € N\ {0} andn; < --- < ny. Letn € N such that
(Z""é;jzz7rf§3$:é@’L Xi j=n ng <n. fx = (2n,,...,70,) € xF_ X,,, andy € X,,,
(3) then

For k = 1 the above formula naturally simplifies to DET (g o) U | ) = 06T p 0 (U | @), (M)

P @,y) = JP(z,y). In a similar way we define provided thatr; . (z) > 0. Condition (/) can be
the possibilityr(o__ .y (2o, .. ., 2,,) that some ‘joint state’ regarded as a possibiTistic analogon of the Markov con-

2 = (%o, ...,2,),n € Nis assumed by the system at the dition [4]. In [5] we used condition(}/) as a starting
corresponding time8, ... , n as: point for the development of a formal, measure-theoretic
account of possibilistic Markov families (processes), i.e.,
() Hn—ol Pzj,2i40) ifn>1 families of possibilistic variables satisfying prope(ty/).
™ n = N 7= ’ . - - I . . . .
(0, (2) q(x) if n=0. Families of possibilistic variables satisfying condi-

(4) tion (M) also satisfy an analogon of the Chapman-
Kolmogorov equation [4].
Obviously, ¢, ... »1 can be considered as the distribution
of a possibility measure o<, X;, (%7, Xi)). 3 Consistency Criteria for Unconditional
By invoking our possibilistic Daniell-Kolmogorov the- and Conditional Possibilities
orem [6, 7], it is possible to construct a possibility

space(2, Rq, 1) and a family of possibilistic variables In the behavioural theory of imprecise probabilities two ra-
(fn | n € N) with basic spac€?, R, Il,), for which the  tionality criteria have a central part: avoiding sure loss and



coherence. If we want to give a behavioural interpretationi.e., for all B € p(X,):

to the previously introduced initial possibilities, transition

possibilities, etc., it is mandatory that we verify whether yn(B | y) = max{myn(z | y) |z € B},  (7)
or not these criteria are satisfied for the models in terms of .

possibilistic variables constructed from these possibilities.ConSIder a subseB of X, and an elemeny =

This is the problem discussed in the present section. (Yms; - - Ym,) OF L. TWO mterpretat!ons_, may be given
to Iy, (B | y) [8]. Under theupdating interpretation

Consider a finite collection of possibilistic variablgs,  I1,,(B | y) is the marginally acceptable upper rate for
... fn, N € N\ {0}. LetX,, ..., Xy be their corre-  betting againsi3 that a subject would adopt after learn-
sponding sets of possible values. Assume that all the setihg that . = y. Under thecontingentinterpretation
Xo, ..., Xy are finite. For notational ease we denote theIl,, (B | y) is the marginally acceptable upper rate for
Cartesian produck Y. X; by X' betting againstB contingent onh = y, i.e., the betting
is called off unlesg. = y. Under both interpretations the

Let be the joint possibility distribution function .
"o Ix) jontp y net reward is the gamble

of the variablesf,, ..., fy, and letlly, . ;) be the
ipsossmmty measure op(X') generated by ;. r.), that Gyn(B | y) = I, [Myn(B | y) — Ic,]

on X, where
H(foymny)(A) = rfeajfﬂ-(fowwa)(x)’ VA € p(X).
Cy={(xo,...,2N) €EX: (Tynys---, Tm,) =Y}
Cg={(20,...,zN) € X: (Tpy,...,Tn,) € B},
It will be assumed thall, . f,) is normal. Conse- o _
quently,IT ;. .y and all marginals that can be derived and /¢, andlc, are the indicator functions af’, and
fromII(;, ;) are coherent upper probabilities. For any Cs. By the Updating Principle(8], IT, (B | y) should

subsetd of X the valuell ;, ;. )(A) may be interpreted have the same value under both interpretations.

asa subject’'s marginally accep_table upper rate fqr b_ettinQSimiIarly to what we did before fdfl ;, ), we now re-

againstA. The net reward resulting from such bet is given gyire that all conditional possibility distribution functions

by 7gin(- | ¥), y € &) should be normal. On the updating
G(A) =TI (A)—1 mtgrpret_atlc.)n th|s reqwrement ensures that_the new pos-

(foresfn) A sibility distribution functionr, (- | y) the subject would

adopt if he learned only thdt assumes the valugavoids

sure loss. Actually, as we already explained in the In-

troduction, normality of a distribution is a sufficient and

a necessary requirement for the corresponding possibility

measure to avoid sure loss, and to be coherent. Let us now

wherel 4 is the indicator function ofd.

Consider now two non-empty, disjoint subsets of
{0,..., N} specified as follows:

(nilie{l,....k}} interpr_etHg|h(B |_y_),_ _(B,y) € p(Xy) x Xy, as contingent
conditional possibilities. Suppose tha, (- | y) is not
wherek € N\ {0} such tha) < n; < --- < ng < N, normal for some valug € A},. Then any befc, [ — Ix]
and against the sure evestf; contingent orh = y, at a rateu
such thafll , (X, | y) < p < 1, is acceptable. Wheh
{mj |je{l,....0}} assumes the valug such bet produces a sure losd ef,
and otherwise it is called off. To avoid the acceptance of
where £ € N\ {0} such that0 < m; < --- <  such bets, we have to require again that all distributions
my < N. The possibility distribution function of = Toin(- | ¥), y € A, should be normal.

(fais---, [ni) is given by the marginak;, ) of
T(f.....fx)- Similarly, the possibility distribution func-
tion of h = (fm,,--., fm,) IS given by the marginal
T(fomyorfmng) OF (s, p5)- FOr NOtational ease we de-
note the Cartesian productd?:le and xleij by
X, and X}, since they are the domains of the possibility
distribution functions of; andh.

Assume thatgy, h1), ..., (gs, hs) wheres € N\ {0} are
couples of possibilistic variables that are determined in a
similar way as the possibilistic variablég, i) above. We
have already argued why we want the possibility measures
H(fr77~~--,fN) anngT|hr(~ ‘ y), Yy € th, r e {1, ceey S} —

or the distributionsr(s, . sy andmy 5, (- | %), ¥ € &a,,

r € {1,...,s} — to be normal: this guarantees that
For ally € A}, write (- | y) for the conditional pos-  considered separately, these models avoid sure loss and
sibility distribution function ofg given thath assumes are coherent. We now introduce additional rationality re-
the valuey — calculated by some conditioning rule from quirements to be imposed any, . .,y andmr, 1, (- | y),
information contained ity ;.. LetIl (- |y) be ye Ay ,re{l,...,s}, which guarantee theutualcon-

the possibility measure on(X;) generated byt . (- | v), sistency of these distributions [8].



First of all, ws, . oy andmy i (ly),y € Xy, r €
{1,...,s} av0|d sure lossf for all non-negative func-
tions A on p(X) and for all non-negative functiong,,

r € {1,...,s} on p(X,.) x A4, there is an element
x € X such that

D ANy, (A) —

Aep(X)

La()]

+Z > e (By)Gg . (Bl y)(x) >0. (8)
r=1 Bep(Xy,.)
ZJEX}“
Secondly, s, .. sy @nd g n (- [y), vy € Xy, 7 €

{1,..., s} arecoherentif for all non-negative functions
A on p(X) and for all non-negative functiong,, r €
{1,...,s}ongp(X,, ) x X, :
(¢7) forall C € p(X), there is an element € X such
that
D ADM s, gy (A) = Ta(2)]
A€p(X)

+30Y w(By)Gyn, (B y)(x)

r=1 Bep(Xy,)
yEXh,.

> 1Lz, .1 (C) — Io(z);

(1) forall (D, z) € p(X,,)x Xy, wheret € {1,...,
there is an element € X such that

Y MAM i) (A) = La(@)]
A€p(X)

+3 Y e (BYGy (B y)(@)

r=1 Bep(X,,.)
YEXn,.

9)
s},

For the case of two variables, i.€V, = 1, Walley and De
Cooman have proven the following result [9].

Theorem 3.1. Suppose that the conditioning rule satisfies
for all (z,,z1) € X, x X; the following condition:

Tt 1) (TosT1) = 1= g 5, (01 [ 2,) = 1. (11)

Thenm s, ¢y andmy, s, (- | 2,), z, € X, avoid sure loss.
Provided the rule satisfied 1) and the analogous condi-
tion with z, and x; interchangedy s, ¢y, 74,7, (- | Zo),
r, € Xo,andmy 4, (- | 21), 71 € X; avoid sure loss.

Moreover, (s, 7,y and mz ¢ (- | 20), ©, € X, are
coherent if and only if the conditional possibilities
Tr 15, (%1 | 20), (20, 21) € X, x X Satisfy

oETf1f, (T1 | To) < g5, (21 | o) < neTrpy g, (21 | @0)
(12)

whenevetry, (z,) > 0.

As already explained in the Introduction, in (12)
NET 1) £, (T1 | 7o) denotes the value that is produced by the
technique of natural extension for the conditional possibil-
ity that f; assumes the value, given thatf, is equal to
To.

Walley and De Cooman'’s result can be generalised for a
finite number of possibilistic variableg,, ..., fxv, N €

N\ {0}, provided that Dempster’s conditioning rule is used
to compute the conditional possibilities.

Theorem 3.2. The  distributions 7y, . and
OET fy it |(Fonrnfo) (| )y € X7 X4,m € {0,..., N~1}
are coherent. Moreover, |f the pOSSIbI|IStIC variables
fo,..., fn satisfy the Markov condition, i.e., for all
x (To,--y2n) € x!M1X; andy € X,,1 where
nef{0,...,N—1}:

DEﬂfnr+1‘(fo7"'7fTI,)(y | 1’) = DE7Tfn+1‘fn (y ‘ In)

wheneverrs,  ;y(x) > 0, then m, . ;) and
DET il £ (¢ |:r) z € X, (n,k) € Nx N\ {0} such
that0 < n < n+ k < N are coherent.

JIN)

(M)

Sketch of the proofFor the coherence of the model
formed bym(s,, . rx) @NAoeT s, y1(fymrpu) (| 2) @ €
x" X;,n € {0,...,N — 1} it is necessary and suffi-
cient that there is a non-empty class$ of finitely additive

probability measures op(X') such that

(a) Iy,
A€ p(x

(s, fx)(A) = sup{P(A) | P € M};

i) is the upper envelope of1, i.e., for all

.....

(b) foralln € {0,...,N
forall A € p(X,41):

— 1}, forallz € x}_X;, and

DEanH\(f,,,...,f,, (Alz)

P(Cz A)
> P S LY
sup{ PC. |PeM,} (13)
where
Cz = {(y07"'7yN) e X: (y07"'ayn) = :[;}7
Ca={(Wos-- - yn) € Xt yny1 € Al

M, ={P | P € M such thatP(C,) > 0},

and the equality in holds whenever

H(foy--<7fN)(X \ Cz) < 1

For the model formed by s, .. ¢,y andoemy, ., 7. (- | ©),

x € Xp, (n,k) e Nx N\ {0} suchthad <n <n+k <

N, a sufficient and necessary condition for coherence now
lies in the existence of a non-empty clas$ of finitely
additive probability measures gi(X') such that:

(13)



s,....1x)(A) = sup{P(A) | P € M};

(t') forall (n,k) € NxN\{0} suchthad <n < n+k <
N,forallz € X,,,forall A € p(X,,+):

P(Cy.4)
DEan+k‘fn(A ‘ l‘) Z Sup{ P(Ox) | Pe Ma:}
(14)
where
Ol’ = {(yoa--'ayN) eX: Yn :$}7
Ca={Yor---,yn) € X: ynyr € A}
Cx,A =C,NCy;
M, ={P | P € M suchthatP(C,) > 0},
and the equality in (14) holds whenever

Mg,y (XN Cr) < 1.

For the construction of a suitable collection of finitely ad-
ditive probability measures we need the following map-

pings.

For any element: € {0,...,N — 1}, let g,, ,+1 be
the x7_X; —
ementz = (x,,...,z,) Of X?_ X, an elementy =
(Yo, - - - Ynt1) OF xH 1 X; such that

i1€{0,...,n}
= T (fgrorfo) (T)-

7T(fm~~~vfn+1) (y)

Let us furthermore denote hy, ,, the identical permuta-
tion of x_,X;, n € {0,..., N}. Using the equation
9k;n = Gn—1,n © Gk,n—1,

where(k,n) € N% such that) < k < n < N, aclass of
mappingsg. ., (k,n) € N2 suchthat) < k <n < N
can recursively be generated such that

— for any couple(k,n) € N*> suchthat <k <n < N
and for any element = (z,, ..., zx) € x¥_ X;:

ie€{0,...,k}
= T(forrfr) (@)

= Ty,

G (2)i
T(fororfn) (Ghn (7))

— for any triple(k,1,n) € N® such that < k <[ < n:
Gk,n = Gi,n © Gk,l-

Finally, consider an elemen} of X, such thatry, (¢,) =
1. Such an element can always be choosen sinces

x4 X;-mapping that assigns to an el-

assumed to be a normal possibility distribution function
on a finite set.

To each element = (z,,...,zx) € X we may assign
a finitely additive probability measut®, on o(X) that is
uniquely determined by the following conditions:

— for all natural numbers € {0,..., N — 1} such that

’/T(fm...,fk)(l'o, R ,l‘k) > 7T(fo7m,fk+l)(xo, R 7xk+1):
Py({gk,n (o, ..., 2k)})
= T (fgreeesfi) (Tos -5 L)
- 7T(f07~--=fk+1)(z0? e ,l’k+1);

- Px({QO,N(CO)}) =1-—my, (o) if Tfo (zo) < 1

— P,({y}) = 0in any other elemenj of X.

It can be shown that the classt = {P, | = € X}
has propertiega) and(b). Consequentlyr s, .. ¢y) and
DET froi1|(Fosens fn)(-|a?),x € x Xi,n € {0,...,N —

1} constitute a coherent model. When the variables
fos---, fn have the Markov propertyM’), then M also
satisfies(d’). To see this, take into consideration that, for
any elementt = (z,,...,2,) € XX, then + 2-

th component ofy,, ,+1(x) only depends on the + 1-

th component,, of the given element. This follows
from the normality of all conditional possibility distribu-
tion functions and the following formula that can now be
written down for the joint possibility distribution function
of the variables,, ..., fn,n € {0,...,N}:

n—1

Tty (@) =75, (@0) [ 7,017, (i | 25)

j=o

wherex € x7_; X;. O

4 Conclusion

The results in this paper point towards two interesting con-
clusions. First of all, they show by means of a concrete
example that it is possible to work with imprecise prob-
abilities in modelling Markov processes. Secondly, they
indicate that the Dempster conditioning rule is of special
importance in a specifically possibilistic context, for two
reasons: (i) as Theorems 3.1 and 3.2 indicate, it is the most
specific (or least conservative, or most committal) condi-
tioning rule that is coherent in the context of possibilistic
Markov processes; and (ii) it is very easy to work with,
which makes a possibilistic theory of Markov processes
computationally tractable.
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