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Main Objective. The main aim of this work is to provide a new justification of the three norms
of objective Bayesian epistemology: that degrees of belief should be (i) probabilities, (ii) calibrated
to evidence of physical probabilities, and (iii) sufficiently equivocal or non-extreme. While these
norms are typically each justified in different ways, it is shown that they can be given a unified
justification in terms of minimising worst-case expected loss.
Introduction. Objective Bayesianism, as developed in [10, 11], is based on three norms that a
rational agent ought to adhere to when forming beliefs. These norms require that
1. beliefs should be probabilities (Probability),
2. beliefs should be calibrated to the agent’s evidence of physical probabilities (Calibration),
3. otherwise beliefs should equivocate between the sentences of L (Equivocation).
The probability norm is usually justified by a Dutch Book argument which assumes that a
rational agent avoids sure loss. The calibration norm, also known as the Principal Principle, is
normally justified in a slightly different betting scenario with repeated bets. Here, the agent’s
rationality is capture by long-run or expected loss avoidance. Finally, the equivocation norm,
which amounts to Shannon entropy maximization among the calibrated probability functions, can
also be justified by considering a betting scenario. In this third scenario an agent aims to avoid
worst case expected default loss.
In a forthcoming paper [4] we show how a single justification for all three norms can be given in
terms of worst case expected default loss avoidance. This loss is computed employing scoring rules,
which have become a popular method to assess probabilistic forecasters. [4] presents the argument
in the context of beliefs defined over propositions or sentences of a propositional language. In
contrast, in this paper we extend the argument to the greater expressive power of a first-order
predicate language.
Related Work. Classically, the probability norm has normally been justified by Dutch Book
Arguments or Cox’s Theorem. As the arguments against Dutch Books mounted [1] a new approach
has emerged. Based on Brier’s original suggestion and Savage’s seminal work [7] scoring rules have
become a popular mean to justify the probability norm in belief formation and the calibration
norm [2, 3, 5, 6, 9]. Scoring rules have found further applications, for instance in the assessment
of probabilistic forecasters [8].
Predicate Languages. The probability norm and the calibration norm for predicate languages
with countably many constants are well known and well understood. The equivocation norm for
predicate languages does not directly generalize to predicate languages. Stating that extreme
beliefs ought to be avoided where possible is straightforward; however a formal version of this
statement requires some thought. Simply attempting to maximize the entropy
X
−P (ω) log P (ω)
ω∈Ω

1

fails at the first hurdle. On a predicate language any atomic statement ω has to decide infinitely
many literals and is, because of its infinite length, not a well formed formula. Thus, P (ω) is not
defined.
Fortunately, defining the equivocator P= (the probability function which is least committal) is
uncontentious. P= is defined as the unique function which assigns every literal probability 21 and
which treats different literals as independent, and hence assigns a conjunction of n different literals
probability 21n .
We may thus formalize the equivocation norm on predicates languages as saying that one should
adopt a probability function as belief function which is as close as possible to P= while satisfying
the constraints imposed by the evidence—see [10, Chapter 5.1] for details.
Armed with our formal results for propositional languages we shall give a single justification
for the norms of Objective Bayesianism for predicate languages.
Consequences for Inductive Logic. An agent adopting the objective Bayesian approach to
belief formation can answer the question of how strongly a consistent set of uncertain premises
support a conclusion. Firstly, premisses are interpreted as constraints on physical probabilities
of the form P ∗ (ϕi ) ∈ Xi , where P ∗ denotes physical probability, the ϕi are sentences over an
appropriate language and the Xi are subsets of [0, 1] ⊂ R.
Next, the probability function P † consistent with the evidence which maximizes entropy is
computed, which is unique under mild assumptions. A conclusion ψ is then supported to a degree
P † (ψ) ∈ [0, 1] ⊂ R.
Thus, objective Bayesianism can provide semantics for inductive entailment relationships of the
form:
Y
Xn
1
.
ϕX
1 , . . . , ϕn |≈ ψ

Here Y = P † (ψ).
Future Work. In the near future we shall develop and implement a credal net algorithm that
allows an efficient computation of the probability function P † which maximizes entropy.
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