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A Response to Prof. Sniedovich

Prof. Moshe Sniedovich has written a short essay [7] entitled “The Fundamental Flaw in Info-
Gap’s Uncertainty Model”. The mathematics of info-gap theory is very simple, and Prof. Sniedovich
has the math right, but he is mistaken in the interpretation. I will explain his misunderstanding.

Prof. Sniedovich asks the following central question after presenting the formal definition of the
info-gap robustness function (p.3):

In any case, the question is this: how should we interpret these measures of robustness?
Are they of a global or local nature with regard to the region of uncertainty U [the entire
space of possibilities].

Indeed, interpretation is central here. The info-gap robustness function is “the degree of resistence
to uncertainty and immunity to failure” ([1], p.38). When considering a specific decision or action,
the robustness function is the answer to the question: by how much can our data and models err,
and the contemplated action will still lead to an acceptable outcome? The robustness can be either
small or large. If the robustness is large, then the decision is reliable. If the robustness is small,
then the decision is unreliable. If the robustness is small for all available actions, then there is no
responsible decision and one must re-think the problem, consider alternative concepts, acquire new
data, etc.

Info-gap theory does not assert that, by evaluating the robustness to error in one’s information,
one necessarily achieves large robustness. The robustness function evaluates the degree of resis-
tance to uncertainty. Info-gap theory does not claim that “the solutions it generates are robust” as
Prof. Sniedovich interprets (p.1).

Prof. Sniedovich also considers the issue of local versus global optimization. Prof. Sniedovich
asserts (p.3) that info-gap “analysis is local par ezcellence” because the info-gap model of uncertainty,
U(a, 1), is centered on the estimated data and models @. The continuation of the earlier quote from
Prof. Sniedovich’s essay (p.3) is:

Do they [the robustness] incorporate features of possible values of u in specific neighbor-
hoods of U [the entire space of possibilities|? Or are they based on representative values

of u appropriately selected from U to ensure that they adequately represent the whole of
u?

This, of course, is a rhetorical question. The Info-Gap analysis is based on regions of U
in the immediate neighborhood of the estimate .

I will make four points.

First, Prof. Sniedovich refers to u as a “single point estimate” (p.1), which is correct in some
simple examples. However, an info-gap model of uncertainty can consider far more general and
comprehensive error or uncertainty in underlying models and data. I will refer to u with this broader
meaning. For instance, in evaluating the info-gap robustness of a neural network for fault diagnosis,
one can consider the errors and idiosyncracies in the entire training set of data [6]. Another example
is that one can evaluate the robustness to uncertainty in the shape of a probability density function,
not only uncertainty in its parameters ([1], pp.88-91; [5]). Consequently, the robustness evaluates
immunity to information which is far more comprehensive than a single point estimate.



Second, even when u is a single point estimate, the robustness evaluates the vulnerability of the
decision to error in this estimate. If all we know is the single estimate, it is valuable to know whether
or not we are vulnerable to error in that estimate.

Third, if the info-gap robustness is small, then only small errors in the underlying models and
data, u, can be tolerated. That is, if the robustness is small then the contemplated decision is reliable
only in “the immediate neighborhood of the estimate u” as Prof. Sniedovich asserts. On the other
hand, if the robustness is large, then the contemplated decision will result in acceptable outcome
even if u errs greatly and the true values are far away from “the immediate neighborhood of the
estimate u”. Once again, the robustness can be either small or large; evaluating the robustness of
a decision does not mean that the decision is robust. (What constitutes large robustness, and how
robust is robust enough, are difficult questions dealt with in various parts of [1] and elsewhere, but
this issue does not arise in Prof. Sniedovich’s essay.)

Fourth, info-gap theory is pluralistic and eclectic. It hybridizes easily with other theories of de-
cision under uncertainty, both probabilistic and non-probabilistic. For instance, a Bayesian decision
algorithm can be embedded in an info-gap analysis to evaluate the robustness to uncertainty in the
prior probabilities. As another example, the outstanding work in robust optimization by my Tech-
nion colleagues Professors Ben-Tal and Nemirovski, mentioned approvingly by Prof. Sniedovich, can
provide useful complementary insight into the immunity to uncertainty of a contemplated decision.
Furthermore, the methods developed by Professors Ben-Tal and Nemirovski can be combined with
an info-gap analysis in various ways.

I will summarize briefly why info-gap robustness is useful as a tool for decision-making under
severe uncertainty. In many domains of activity, including engineering design, economic policy for-
mulation, biological conservation, medical decisions, homeland security, project management, and so
on, our information and understanding includes quantitative data and models. However, these data
and models are often incomplete and erroneous, and even when they truthfully and comprehensively
represent the past, the future may be fundamentally different. In such situations the decision maker
can ask: for a given contemplated action, how wrong can my data and models be, and that action will
still yield adequate results? The info-gap robustness function answers this question, and provides
a quantitative tool (along with other tools where appropriate) for supporting a robust-satisficing
decision strategy.

An additional, more fundamental motivation for info-gap robust-satisficing has begun to emerge,
first suggested by an ethological application. It was found that the foraging behavior of a vast
array of animal taxa is not readily described by energy-maximizing strategies, and seems to be
described by info-gap robust-satisficing [4]. Why would such a strategy be preferred in competitive
evolution? A possible answer, which is indicated by more recent theoretical analysis [2], seems to be
that the info-gap robustness is a proxy for the probability of adequate outcome. That is, any change
in action which augments the robustness, also augments the probability of achieving acceptable
performance. In competitive environments the agents don’t need to optimize; they only need to beat
the competition. For instance, some foraging animals only need enough food to last until the next
foraging session. The proxy theorem indicates that robust-satisficing foraging strategies maximize the
probability of gaining enough food; optimizing strategies can have lower probabilities for attaining
sufficient food and thus will be removed during competition. If this speculative interpretation of the
proxy theorem is correct, then we are a step closer to understanding why robust-satisficing provides
concise explanations of economic conundrums such as the home bias paradox [3] and the equity
premium puzzle [1, section 11.5], as well as behavioral observations such as the Ellsberg and Allais
paradoxes [1, sections 11.1, 11.2].

I will conclude by very briefly mentioning the info-gap opportuneness function [1]. Uncertainty
can be pernicious and threaten failure, which motivates the info-gap robustness function. However,
uncertainty can also be propitious and offer the possibility of sweeping, windfall success far in ex-
cess of the decision maker’s anticipations. This favorable potential of uncertainty motivates the
info-gap opportuneness function which assesses the potential for windfall inherent in decision under
uncertainty.
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