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For the love of god,
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A set of possible “states” X

The set &(X) of gambles on X: bounded real-valued functions on &

Given a set of gambles A C ('), which one(s) do we “choose” 7
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The set &(X) of gambles on X: bounded real-valued functions on &
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<p Is not just any preference order

Irreflexive: a € a

Transitive: a<b & b<c=>a<c

Transitive incomparability: a~b & b~c=>a~rc
Translation invariance:a <b=>a+c<b+c
Scaling invariance: a < b = Aa < Abfor 4 > 0
Positivity: infa > 0=> 0 < a

Archimedeanity:a < b = (de > 0)a < b —c¢
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The set &(X) of gambles on X: bounded real-valued functions on &

Given a finite set of gambles A C &(X), which one(s) do we “choose”™ ?
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MAXIMIZING EXPECTED UTILITY

Consider a probabillity distribution P on the power set of X

Define <, as follows: f<p g < Ep(f) < Ep(g)
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A set I consisting of “things”
Given a finite subset of things A € &, which one(s) do we “choose” ?

CHOICE FUNCTION C the things in C(A) C A are chosen

) )

REJECTION FUNCTION R : the things in R(A) = A\C(A) are rejected
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A set I consisting of “things”
Given a finite subset of things A € &, which one(s) do we “choose” ?

Decision making with a set of preference orders

Consider a set 0 of preference orders on I

Choose those things a in A that are chosen by at leastone <€ 0

CoAd) = | JC.A)={a€A: (I<€0)(VbEA)a+b)

<e0
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Where do these
sets come from?

— [ —— e —= S ———— R S ——— —— —— = — 4\

.m«w-«» % ix-'

'ﬁ‘:;:,.
T R

> h0« - <
3-/" AR




g —————— —————— = — I — .
> — — - -
e

Where do these
sets come from?

¥ - -y
oo et ot 1 S 08 S
“‘,.\ﬁ_"’ o % N AT of T, o

HOW Imprecise
should we be?

- '-',f‘_‘*"f"- . - - l‘.ﬁ. .(. ™
Q7 Dl i 4 #’:'J',a':"" B vars, by oV Sy T e AR
J ~ ¥y wr 3 S, e = Lo "‘ﬂ_: o ‘Qf

G O ey VO M
*'u\-“rl“. .



@5

P P,



e ———— —— — ——— - - — _

( Why bother? In the end,
\. You still need a decision!

S—————— E——— — _ ; _ e -~
| - 7 -~ 7 — - -
| [
/ /,//,/
) /




robustness

Q
s N
S

&
).
@5

P



robustness

identical for maximality
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predicted
features x class y = h(x)
m try to predict m
photo label
medical data PROBABILISTIC hest treatment
CLASSIFIER h
predict the class y that

maximizes P, .. (V| x)
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EXPECTED UTILITY
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features x class y = h(x)
try to predict
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Perhaps imprecise
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ROBUSTNESS QUANTIFICATION
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Accuracy (%)

accuracy-rejection curve
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Stddev of accuracy-rejection curve
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