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Decision making with lower previsions

Let Ω denote the set of states of nature, and let L denote the set of all gambles (i.e. bounded
real-valued functions) on Ω. A lower prevision P is a real-valued function on domP ⊂ L,
where domP is the domain of P . The conjugate upper prevision P on domP := {−f : f ∈
domP} is defined by P (f ) := −P (−f ). We can extend P to the set of all gambles L via its
natural extension E which is finite, and therefore, is a lower prevision, if an only if P avoids
sure loss [3]. In the case that both Ω and domP are finite, for any f , E(f ) can be calculated
by solving a linear program [4].
Strict partial orderings: for any two gambles f and g, we say that
• f � g whenever E(f − g) > 0.
• f A g whenever E(f ) > E(g).
Set of maximal gambles: let>>> be a strict partial order on L, and let K be a finite subset
of L. The set of maximal gambles in K with respect to >>> is then defined by:

opt>>>(K) := {f ∈ K : (∀g ∈ K)(g 6>>> f )}. (1)
• opt�(K) the set of maximal gambles in K.
• optA(K) the set of interval dominant gambles in K.
Applying interval dominance: as every maximal gamble in K is interval dominant, we
can eliminate non-maximal gambles in K by applying interval dominance first [2].
E-admissibility: f is E-admissible in K if there is a p in the credal set of P such that

∀g ∈ K : Ep(f ) ≥ Ep(g). (2)
Note that any E-admissible gamble f in K is also maximal [5, §3.9.4].
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•Checking maximality: to check maximality of f , one has to evaluate the sign of the
lower prevision of several gambles. Specifically, if there exists g such that E(g − f ) > 0,
then f is not maximal. Note that E(g − f ) can be calculated through solving a linear
program.
•Fast evaluation of natural extensions inside algorithms:
–Common feasible starting points.
–Early stopping criteria to determine the sign of lower previsions.
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Benchmarking

•Benchmarking these four algorithms
•Generating sets of gambles: that have precisely given number of maximal and interval
dominant gambles.
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|K| = 24 | opt�(K)| 1 1 1 1 5 5 5 11 11 16
| optA(K)| 1 5 11 16 5 11 16 11 16 16

|K| = 28 | opt�(K)| 1 1 1 1 85 85 85 170 170 256
| optA(K)| 1 85 170 256 85 170 256 170 256 256

Remarks

1. Our benchmarking approach does have severe computational limitations, due to the need
to evaluate large numbers of natural extensions. However, this work could inspire the
development of further benchmarking frameworks for testing algorithms for decision making.

2. Applying interval dominance to eliminate non-maximal gambles can make the problem
smaller, and this benefits Jansen et al. [1], but not the other two algorithms.

3.We find that our algorithm, without using interval dominance, outperforms all other algo-
rithms in all scenarios in our benchmarking.
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