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Take-home message

d It is possible to introduce many alternative scenario-
based schemes q several “solutions” =7, x5, x3, . ..
each attaining a different performance

(d Scenario theory as a tool that allows one to evaluate
the risk of each solution

d Quantitative comparison in terms of performance
(known) and risk (estimated) mms) select the “best”
solution for the problem at hand



Mathematical tool: scenario decision-making (1/2)

uncertainty domain (A, F,P)
‘ scenarios  (d1,09,...,0N)

decision space Z

scenario-based decision My : (61,09,...,0n) — 2°

support set: (&;,,0:,,...,0;, ) such that
. ]\/[k((‘i“ : 51'2:, ce ey 5“:) — N[N(él : 52? Ceey 5N) Ii. smallest
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s” = size of the support set = complexity



Mathematical tool: scenario decision-making (2/2)
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Scenario optimization with constraints relaxation
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For all problems in the world,

risk V(x7) can be assessed through 17(3;)



Main theorem (cont’d)
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Main theorem (cont’d)
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Risk vs. performance tradeoff

min  c(x) + p Z &
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risk 17(32;) increasing (trend)
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Risk vs. performance tradeoff

pj pf pf quantitative comparison

r* g* * X r* * via C(il?;) and 17(5:;)
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The other side of the coin

optimization
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Scenario optimization with regularization

optimization

L A
min ¢(x) X! direction
T :
s.t. x € Ay,
i=1,....N

o7 < o

as a— 0

o
solution: z

cost c¢(xz}) increasing
complexity: s,

risk V' (s*) decreasin
(support set) (5a) 5



Scenario optimization with regularization

performance c(z})




Conclusions

(J Scenario optimization extended to scenario decision-making: a
very general setup

d Alternative (tunable) schemes to obtain many alternative
“solutions” (many other schemes exists, many others have to be
discovered)

d Scenario theory: for each solution the risk (invisible) can be
estimated from the complexity (visible)

d The risk estimate along with the performance allows the user to
perform a quantitative comparison among the obtained
solutions and to choose the one that is best suited for the
problem at hand



Thank you !



