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> directed acyclic graph with nodes X; € Xy, ..., Xk € X, such that
to each node X; are associated a set P; of stochastic kernels P; from
PA; (the set of all possible values of the parents of X;) to A}, and a
likelihood function lik; : P; — (0, 00)

» resulting hierarchical model:

probabilistic level: P ={Pp, . p, : P1 € P1,...,Pc € Pc} with
K
Pp,...p(xa,.ox) = [ Pi (x| pai(xa - ., xk))
i=1
possibilistic level: lik : P — (0, 00) with
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updating

» event A € A observed:

probabilistic level: P ~ P’ ={P(-|A): P € P, P(A) > 0}
possibilistic level: lik ~ ik’ : P" — (0, 00) with
K(P)oc  sup  lik(P)P(A)
PEP: P(-| A)=P"

» ik constant = ik’ constant

» d-separation implies conditional irrelevance in hierarchical
networks

» probabilistic level: d-separation implies conditional irrelevance in
credal networks (with strong independence)
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description as set of measures (not unique):
set M of measures p on (,.4) with p(Q2) € (0, 00)
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v

M ={iik(P)P: P € P}

set of measures ~~ two levels:

v

o 7]
robabilistic level: P =< ——:ueM
P {M(Q) ! }

possibilistic level: ik : P — (0, 00) with

lik(P) sup  u(Q)
PEM : ﬁ:P

v

interval probability model: special case with normalized measures only
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» updating of set of measures (event A € A observed):
M o M ={p(-NA) € M, p(A) >0}

» when M =ch({u;:i€{1,...,m}}) is a convex polytope, it
suffices to update the extreme points:

M =ch({pi(-NA):ie{l,...,m}, ui(A) >0})

» when M =ch({lik(P;) P; :i € {1,...,m}}) is a convex polytope,
the profile likelihood function for the expected value Ep(X) of a
random variable X is piecewise hyperbolic and determined by the
pairs (Ep,(X), lik(P;)) with i € {1,..., m}
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@ X,Sl,...75k€{0,1}

l\@\@ RS
P(Si=x|X=x)>0.9

@ forall x € {0,1}, i € {1,..., k}

» interval probability updating:
P(X=1|S1=s1,...,5=sk)isalmost 1ifsg=... =5, =1,
almost 0 if s; = ... = s, = 0, and vacuous otherwise

» hierarchical updating: eg. P(X=1|5=5=5=1,5,=0):
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