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Introduction
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The legend

An oldlegendhas it that an ancientreasureis hidden in an
Asian-Paci cisland

You are in charge of the treasure hunt. How wowtdi plan
the operation?
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The legend

Main issue:location location location!

Terminology

Severe
Uncertainty

Certainty
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Voodooism

The Fundamental heoremof VVoodooDecision Making

substantially
wrong
estimate

Severe Uncertainty

12 3 Recipe

© Ignorethe severe uncertainty.
@ Focus on thesubstantially wron@stimate you have.

© Conduct the analysis in thenmediate neighborhooaf
this estimate.
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Voodooism

Voodoo Decision-Making

Region of Severe Uncertainty

poor estimate
r
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Voodooism

Voodoo Decision-Making

Just in case, ..., the diculty is that

uncertainty

The estimate we use is
@ ...a poorindication of the true value ...
o ...likely to be substantially wrong. .
Ben-Haim [2006, pp. 280-1]

Hence,

Beware!

Resultsobtained in the neighborhood of tlestimateare likel
to be substantially wrongn the neighborhood of theue
value.
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Voodooism

The Curseof Preference Reversal
Region of Severe Uncertainty

poor erstimate PlanA is alemon!!
: PlanB is great!!
Plan A is great!!
PlanB is alemoni! true value




Voodooism

GI! [Model]! GO
Wrong! |Model|! Wrong
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Info-Gap

Self-Portrait

(O
Info-gap decision theory isdically di erentfrom all current
theories of decision under uncertainty. The di erence
originates in the modelling of uncertainty as an infornmatio
gap rather than as arobability The need for info-gap
modeling and management of uncertainty arises in dealithg
severe lack of information and highly unstructured unagxta

Ben-Haim [2006, p. xi

In this book we concentrate on the fairlgwconcept of

information-gap uncertainty, whose di erences from more

classical approaches to uncertainty exeland deep
Ben-Haim [2006, p. 1

wi
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Info-Gap

Obvious Questions
@ Does Info-Gapubstantiatethese very strong claims?
© Are these claimsalid?

Not So Obvious Answers

@ No, it does not.
@ Certainlynot.

It is therefore important to subject Info-Gap to a formal
analysis that actually should have been done seven years ag

Info-Gap
Formal VS Analysis
Classical Decision Theory

Good newsshould take no more than 5-10 minutes!
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Info-Gap

Summary of Results

There are seriougapsin Info-Gap. The following is partial
list:
@ Info-Gap hagrave misconceptiorabout the state of the
art in decision-making under severe uncertainty.

@ Its generic decision model is a naivetanceof the
famous classicallaximin mode(Wald, 1945).

@ Its uncertainty model iSlundamentally awed It doesnot
dealwith severe uncertainty, it simplgnoresit.

@ It is unsuitablefor decision-making undeevere
uncertainty

@ There are otheproblematic issuewith Info-Gap.




Info-Gap
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Generic Info-Gap Model

Complete Generic Model

Are) i = r(?z%x max O:re¢ 2rJ1(|n R(q; u) (1)

Region of Severe Uncertainty, U

true \gﬁllue

o Severe uncertainty is abotltis gap!
Reminder!
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Generic Info-Gap Model

Generic Model

AQ;re) - = max O:re¢ min R(q;u) (2)
u2U (; o)

Fundamental Conceptual Flaw

Decisions are ranked according to their robustness in the
neighborhood of aubstantially wron@stimate.

4

Region of Severe Uncertainty, U

Substantially wrong estimate

q 4 true \{ﬁlue
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Info-Gap

Complete Generic Model

Nre) i = ryz%x max O:r¢ uzr&inﬂ) R(q; u) (3)

Fundamental FAQs

Q Is thisnew? De nitely not!

Q Is this radicallydi erent? De nitely not!

© Does it makesensaundersevere uncertainty?
De nitely not!

So what is all thisussabout Info-Gap ?!
Good question!
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Myths and Facts

Myth # 1

Info-Gap's uncertainty model isherently non-probabilistin
nature.

Fact# 1
@ This is anillusion

@ Info-Gap's uncertainty model is a typicalbjective
probabilitymodel.

@ The boundarie®of the regions of uncertainty represent
contoursof a subjective probabilitfunction ofu
(Sniedovich [2006] fdechnical details
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Myths and Facts

Di erent representations of the same thing.
Sniedovich [2006]



Myths & Facts
00®000000000000000000

Myths and Facts

Myth # 2

Classicatecision theory doesot 0 er probability-free
approaches to decision-making under severe uncertainty.

Fact # 2
@ This isastonishing!
@ Demonstrates a sevelack of familiaritywith decision
theory.

o Practically allintroductory textbooks on decision theory
discuss such approaches.

@ The most famous one Walds Maximin Mode[194].
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Example

CHOICES
An Introduction to Decision Theory
Michael D. Resnik
1987

Chapter 1

Introduction
1-1 What is Decision Theory?
1-2 The Basic Framework
1-3 Certainty Ilgnoranceand Risk
1-4 Decision Trees
1-5 References
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Example

Chapter 2
Decisions Undeignorance
2-1 Preference Ordering
2-2 The MaximinRule
2-3 The Minimax RegreRule
2-4 The Optimism-PessimisrRule
2-5 The Principle of Insu cient Reason
2-6 Too many Rules?
2-7 An application in Social Philosophy
2-8 References
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Example

Chapter 3

Decisions UndeRisk Probability
3-1 Maximizing Expected Values
3-2 Probability Theory
2-3 Interpretations of Probability
2-8 References

Chapter 4
Decisions underisk Utility
4-1 Interval Utility Scales
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Myths and Facts

Info-Gap is anewtheory that isradically di erentfrom all
current theories for decision-making under severe uniarta
(Ben-Haim [2001, 2006])

o Info-Gap's generic model mgither new nor radically
di erent.

o It is asimple instancef Wald's Maximin mode1945]
(Sniedovich [2006])

Maximin[1945] | Info-Gap

maxmlnf(d S) | maxmax O:r¢ min R(q;u)
d2D s2 92Q u2U(; o)
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Myths and facts

Theorem (Sniedovich [2006])
Info-Gap's generic model is a simple Maximin Model.

(ro) : = ryz%xmax O:r¢ uzrun(l;nu) R(q; u) (4)
) . . f( ;ll;;) . { i
L L (re  R(o;u)) )

1 ;a b
a b:= ’ 6
0 ; a>b ©
[l
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Myths and Facts

Info-Gapdealswith severe uncertainty.

Fact # 4

Info-Gap doesiot deal with severe uncertainty. itinoresit.
This involves:

@ Replacing severe uncertainty wittvary poor estimatef
the parameter under consideration.

@ Conducting a standard maximin analysis in the
neighborhood of thisery poor estimate

worst q__ql —————————— true value
value

ofu ignored!

inuU(; )
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Myths and Facts

Myth # 5

Info-Gap models address basic questions such as:

@ How wrongcan the models and data be, without
jeopardizinghe quality of the outcome?

@ How wrongcan a model and its parameters be before
jeopardizinghe quality of decisions made on the basis of
this model?

@ How wrongcould this model be, before | shouldange
my decision?"

'

Fact # 5

@ Info-Gap de nitelydoes notaddress these questions.
@ Indeed, it ismisleadingo contend that this is so.
@ We knownothingabout thequality of the decision.

A\
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Myth and Facts

@ The ne-print is dangerouslynissinghere!
@ Consult youdawyerto avoid acatastrophe!

Fine Print

Info-Gap asks the following intriguing question

How wrong can a parameterof a model be before
jeopardizing the quality of decisions made on the basisi®f th
parameter given that

© u is agood accurateestimate.
Q u is apoorestimate, that can beubstantially wrong

© To make sensescienti cally, and stay out ofail.
© To adequatelyrepresentevere uncertainty
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Myths and Facts

This myth is remarkable!

It is an exercise iwishful thinking

@ You acknowledge that is ...a poorindication of the
true value ofu ... and that ...it is likely to be
substantially wrong .

@ Yet, you knowingly deceive yourselfetendingthat the
model based og is ne, and your only concern is how
far you can deviate from it without running into trouble.
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Myths and Fact

Bad news ...

You werealreadyin deep troubléeforeyou started deviating
mate!

Indeed, you may well be better o deviating from the poor
estimate!
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Correction:

(g;re) :== max O:re¢ uer](II;]u) R(q; u)

Info-Gap Interpretation

~(q; re) := robustness of decisiog given the required reward
re.

| A\

Correct interpretation

" (q;re;je) = robustness of decision given the required
rewardr, in the neighborhood of thpoor estimatet that is
likely to besubstantially wrong

4

Note the analogy with the distinction betweerarginaland
conditionalprobabilities!
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Myth and Facts

Observation

The Info-Gap analysis isvariant with theactual sizeof the
total region of uncertaintyl).
Surely, this makeso sense

U(; o) U(; o)
worst q_q worst q_q
value value
i?\f b( Do) i?{ tlj( )]
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Info-Gap

Complete Generic Model

= r(?z%x max O:re¢ uzrgl(lpu) R(q; u) (7)

Fundamental Flaw
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Myths and Facts

In short,
True gap= :=jju u jj; u = unknown true value
Info-Gap gap= := jju djj ; & = given poor estimate

Yq

true value

How wrong you actually are!

Substantially wrong estimate

g

u

How wrong
you are

a la Info-Gap!

Who would be interested in th#eviationfrom a substantially
wrong estimate?
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Myths and Facts

Info-Gap generatembustsolutions for decision-making
problems under severe uncertainty.

There isno reasorto believe that this is so (see explanatio
and counter examples in Sniedovich [2006]).

Region of SevereUncertainty U

U(; o
worst q_q ( ) true value

value
of u
inuU(; )
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Voodooism

The Curse of Preference Reversal
Region of Severe Uncertainty

Plan A is great!!
. true value
PlanB is alemori!

poor estimate PlanA is alemon!!
' PlanB is great!!

VS
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Myths and Facts

Note the analogy with the distinction betwekrtaland global
optimization.

And ... of course the analogy with the distinction between
marginaland conditionalprobabilities.
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Comment

To obtain arobust solutiorunder severe uncertainty you have
to incorporate in the analysisraumber ofpoint estimates
making sure that theydequatelyepresent thesntire region
of uncertainty,U.

u(; p%
u(; p9 g0
a-@° u(; p%
q_(pOO

See theWorst-Case Analysend Robust Optimization
literature for tips, guidelines and inspiration.
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Conclusions

Decision-making under severe uncertaintyi isult .

It is athriving area of research/practice.

The Robust Optimizatioditerature is extremely relevant.
The Decision Theoryiterature is extremely relevant.
The Operations Researditerature is very relevant.

Info-Gap's decision modelrigithernewnor radically

di erent. It is a simpleMaximin[1945] model.

Info-Gap's uncertainty model isndamentally awecdand
unsuitablefor decision-making under severe uncertainty.

There isno reason to believe that Info-Gap generates
robustdecisions.
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Conclusions

Breaking news from Voodooland ...

Info-Gap is
a Voodoo decision-making theory
par excellence!

‘= max max O:r min R(q;u
42Q ¢ u2u(; e (o)
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Bottom line

o Info-Gap is a/oodoodecision-making paradigm par
excellence.

@ It grossly misrepresentise state of the art in decision
theory and related elds.

@ It is time toreasses#s role and place in decision theony
and its use inAustralia
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More ...

www.ms.unimelb.edu.au/ moshe

Look for
o Info-Gap
@ Maximin
@ Voodoo decision-making

Join the Campaign!

The END
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Myths and Facts

Info-Gap Quote of the Week
Great Expectations
Furthermore, we would like to bmn dent that this outcome

will be achieve@ven ifthe models upon which our decision
based aresubstantially awed

is

p. 116

Planning for robust reserve networks using uncertainty lgses
Ecological Modelling, 2006, 115-124

Moilanen, Runge, Elith, Tyre, Carmel, Fegraus, Wintle, Burgman, Ben-Haim
V.

This is in contradiction to the famousundamental Axiom

Wrong ... in! Model I Wrong ... out




Conclusions
000008000C

Myths and Facts

Wrong ... in! Model I Wrong ... out

True gap= = jju ujj 8)
Info-Gap gap= = jju j (9)

How wrong you actually are!

true value

Substantially wrong estimate

u

How wrong
you are

a la Info-Gap!
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Myths and Facts

Info-Gap's region of uncertainty isiboundegdtherefore there
is no worst case, and info-gap m®t Maximin (Ben-Haim
[2005])).

Info-Gap's claim is soutrageousthat .. .a quote might be
needed for the unbelievers!
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Ben-Haim (2005, p. 392)

It is important to emphasize that the robustnd¥®R ;c) is
not a minimaxalgorithm. In minimax robustness analysis, ¢

minimizes the maximum adversity. This is not what info-ga

robustness doed here is no maximal adversity in an info-g
model of uncertaintythe worst case at any horizon of
uncertaintyh is less damaging than some realization at a
greater horizon of uncertaintyince the horizon of uncertain
is unboundegdthere isno worst casand the info-gap analysi
cannot anddoes not purport to ameliorate a worst case

ne
p
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Myths and Facts

@ There is a worst case in all problems where Info-Gap
yields a solution (Sniedovich [2006]).

@ There can be a worst case even if the region of
uncertainty is unbounded (egn(x); 1 < x<1).




Conclusions
000000000C

Myths and Facts

620-161: Introductory Mathematics

The most classicaladdle poinon Planet Earth is associated
with the unbounded regioR? and the function

f(y) = x2 y°
Its saddle poin{x;y) = ( 0;0) is the solution to theMlaximin

problem
n 0O
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2

Z = maxmin x2 vy

y2R Xx2R
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Myths and Facts

Ben-Haim [2001-2006] confuses various issues that atedela
to the structure of Info-Gap's uncertainty model:

o) := maxmax O:r min R(qg;u
(re) := may ¢ min R(g;u)

@ is unbounded.
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Myths and Facts

Example (Ben-Haim [2006, pp. 256-7])

o U(; &) := u2[0;1]:uuu ; 0

@ isunbounded
o U(; &) [0;1] isbounded forall 0.
@ There is de nitely aworst cask

bt U(; &) UG &)
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Myths and Facts

In the case of Info-Gap, the objective functiotdsinded

(g;rc) : = max m(in (re  R(qg;u))

(O;re) = = uzrJl(ln (re R(g;u))
(a; )
Masre)

0 Masre)
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