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» Indicator function 15 of an event B Q; 1, = 11, for o € Q.

find (A,u)eR*xR?,
subjectto Y, 4, g+ Ypeolo-lo=0 and A>0 and p>1.
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B:={([1-P(h[B)]-15,B): (h,B) e N'}.
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Conditional natural extension

» Set of (conditional almost desirable gamble, event)-pairs

BeLlxQ”,

» (Gamble, event)-pair of interest (f,C) e Lx Q*.
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Representation of general cones

Represent a finitary general cone as a convex closure of a finite number
of finitary open cones.

Ri={YprAp YeepVDe-g:A>0,v>0} for RecLl”.

Definition
An ajar cone C is finitary iff its closure clC is finitary and the intersection
of C with each of cIC’s facets is a finitary (open, closed, or ajar) cone.

Theorem
‘R is a finitary general cone for every R € L*.
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{gk:k=1..10}

NN
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R={{g3,85.810}.{81.82}.{82,87}.{gs.80}. {82}, {gs}. {86} }-
Cone-in-facet representation:

{{gr:k=1.10},{g1,82},{22,84}, {26}, {88,80}, {82}, {84} }-

Less redundant representation:

{{g5.87.810}.{81,82}.{gs.80}. {82}, {gs}. {86} }-
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wish to
find
or maximize an affine function of
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Topological interior

find
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A>0 and v>0 and possibly...

He XDERva
YDer LgepMpg-g=0 and p>1 and possibly...




The CONEstrip algorithm

We can solve the general feasibility problem with arbitrary R € £* and
h =0 with the following algorithm:

1. maximize Y per TD,

subjectto  Ypeg YeenMpg-g=0 and p>0 and possibly...
andto 0<t<l and VDeR:tp<up and Y prtp>1.

2. a. If there is no feasible solution, then the problem is infeasible.
b. Otherwise set S:={DeR:1p>0}; risequalto 1on S:

i. f YDeR~NS:up=0,thenthe general problem is feasible.
ii. Otherwise, return to step 1 with R replaced by S.
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1. maximize Y per TD,

subjectto  Ypeg YeenMpg-g=0 and p>0 and possibly...
andto 0<t<l and VDeR:tp<up and Y prtp>1.

2. a. If there is no feasible solution, then the problem is infeasible.
b. Otherwise set S:={DeR:1p>0}; tisequalto 1 on S:
i. f YDeR~NS:up=0,thenthe general problem is feasible.
ii. Otherwise, return to step 1 with R replaced by S.

Proposition
The claims made in the CONEstrip algorithm are veracious and it
terminates after at most |R|- 1 iterations.



The CONEstrip algorithm: illustration
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The CONEstrip algorithm: illustration

R = {{gmgs,glo}
{g1,82},
{82,87},
{88,809},
{g2}.{84}.{86}}

We show that g5 € R:
(It. 1) S=R, T(e,) = Tre,) = T{—gy} = 1, @nd possibly tigy, oo oy >0
(t.2) S={{g2}.{ga}.{-g3}rand 7=1.



The CONEstrip algorithm: illustration

R = {{gmgs,glo}
{g1,82},
{82,87},
{88,809},
{g2}.{84}.{86}}

We show that g; ¢ R:

(It' 1) S= R’ T{gz} = T{glfg2} = T{_gl} = 1’ and necessar"y u{g37857glo}>g10 > 0’
(It. 2) S={{g>}.{g1.22}.{-g1}}, infeasible.



Optimization problems

We can solve the general optimization problem with arbitrary = € L~
and h € £ with the following algorithm:

1. Apply the CONEstrip algorithm to R u {~/} with p;_,, _,> 1 as an
additional constraint; if feasible, continue to the next step with the
terminal set S.

maximize an affine function of pu,

subjectto  YpesXgepln g g=h
andto >0 and possibly...
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