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Imprecise probabilities (Walley, 1991)

Models of uncertainty about the state
of a categorical variable X

¢ A probability mass function P(X)

e More generally, a closed convex set
of probability mass functions K (X)
This is a credal set (Levi, 1980)

e Complete ignorance?
A vacuous credal set Ky(X)

e Lower (and upper) expectation
Er[f(X)] =infpx)er(x) 2x P(@)f(X)
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Models of uncertainty about the state
of a categorical variable X

A probability mass function P(X)

e More generally, a closed convex set
of probability mass functions K (X)
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From Bayesian to credal nets

Bayesian nets (Pearl, 1988)

(stochastic) independence by a DAG

conditional mass functions
P(X;lpa(X;))

joint probability mass function
P(x1,...,zn) =[], P(zi|pa(Xy))
updating = compute P(X|z )
NP-hard (Cooper, 1989)

BP efficiently updates polytrees
(Pearl, 1988)

Loopy BP for multi-connected
(Murphy, 1999)
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Let P(X) be the joint probability mass function of a BN,
and the corresponding p.m.f. on the binarized BN.
Then, P(X) =

Let K(X) be the strong extension of a CN,
and the strong extension of its binarization.
Then, K(X) C

We can do better!
But another transformation should be applied
before the binarization.
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Decision nodes {7;}7 , indexing the
possible specifications of each mass
function given the values of the parents

Decision nodes can be regarded as chance
nodes with a “vacuous” specification of the
relative credal set

An equivalent credal net is obtained!
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After DT specification, the nodes are either
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For precise specifications binarization is
exact (result for BNs)

Also for vacuous specifications binarization
can be proved to be exact

Binarization of DT-specified CNs is exact!
But any CN can be DT-specified

Any CN admits an exact binarization
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Loc Search GL2U Bin+L2U

e Multi-connected (non-blnary) CNs? Multi-10 1.89 1.40 1.81
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e State-of-the-art updating algorithm Alarm 290 190 3.02

Alarm 3.31 2.39 4.23
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Conclusions and outlooks

Exact binarization of BNs and CNs

A state-of-the-art algorithm for CNs updating

The algorithm of choice for very large nets?

A Python/C++ implementation available (ask Sun Yi)

Challenges
In numerical tests (G)L2U always converges.
A formal proof of that?
For non-binary targets, accuracy can be improved
with an alternative binarization of the target.
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