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1 Confirmation with probabilities

Using ep to represent the probability relevant for inductive learning, we have from Bayes’
Theorem that

ep(H|E) =
ep(E|H)ep(H)

ep(E)
(1)

Now define the degree of confirmation that E affords H as follows:

C :=
ep(H|E)

ep(H)
=

ep(E|H)

ep(E)
. (2)

Then we may say that:

• C > 1 iff E confirms H, i.e. conditionalizing on E raises H’s probability;

• C = 1 iff E is irrelevant to H, i.e. conditionalizing on E does not change H’s probability;

• C < 1 iff E disconfirms H, i.e. conditionalizing on E lowers H’s probability.

The role of probability for inductive learning is plausibly realised by either the logical or
personalistic interpretations.

2 The logical interpretation

Central to the logical interpretation of probability is the idea that the familiar relations of
logical entailment between propositions can be extended to shades of grey. The logical prob-
ability of A conditional on B measures the degree of partial entailment that B affords A. For
any two propositions, this degree of partial entailment is determined

• analytically, i.e. in virtue of meaning alone; and (therefore)

• a priori, i.e. independent of experience.

The possibility of such an interpretation is encouraged by the theorem (following from Kol-
mogorov’s axioms) that p(A|B) = 1 if B � A.

Logical probabilities would also determine plausible expert functions (see lecture 2’s hand-
out), just as deductive logic determines what propositions it would be rational to believe were
others believed. In Carnap’s scheme, if some agent A’s total evidence so far is K, then his/her
credence in any proposition E is rational iff

crA(E) = ep(E|K), (3)

where ep is the logical probability.
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One plausible specification of the values for some logical probabilities is given in the case
of chance propositions. Here we might impose an analogue of the Principal Principle, which
Mellor (2005, p. 86) calls the chances-as-evidence principle:

ep(E | ch(E) = x, F ) = x, (4)

where F is admissible with respect to E. The chances-as-evidence principle clearly follows
from the conjunction of: (i) the Principle Principal; and (ii) the claim that logical probabilities
determine expert functions. But this leaves unsettled the values of very many other logical
probabilities.

2.1 Learning from experience

If a logical interpretation of probability were viable, its objectivity and apriority would be
very well suited to a quantitative theory of inductive learning. A toy example of how this
might work is as follows (following Carnap 1950; see Hájek 2012). We suppose that there are
only 3 objects a, b and c, and one monadic predicate F . There is a total of 23 = 8 maximally
specific propositions—a.k.a. state descriptions—involving these, as follows:

Structure description State description m∗ m†

3 F s S1 = Fa ∧ Fb ∧ Fc 1
4

1
8

S2 = Fa ∧ Fb ∧ ¬Fc 1
12

1
8

2 F s S3 = Fa ∧ ¬Fb ∧ Fc 1
12

1
8

S4 = ¬Fa ∧ Fb ∧ Fc 1
12

1
8

S5 = Fa ∧ ¬Fb ∧ ¬Fc 1
12

1
8

1 F S6 = ¬Fa ∧ Fb ∧ ¬Fc 1
12

1
8

S7 = ¬Fa ∧ ¬Fb ∧ Fc 1
12

1
8

0 F s S8 = ¬Fa ∧ ¬Fb ∧ ¬Fc 1
4

1
8

The structure descriptions are the maximally specific propositions one can articulate without
using names. The values under m∗ and m† determine two rival probability measures for the
state descriptions:

• m† assigns equal probability to all state descriptions;

• m∗ assigns equal probability to all structure descriptions, and equal probability to all
state descriptions corresponding to the same structure description.

The measure m∗ entails inductive learning, since while the probability of Fb is

ep(Fb) = m∗(S1) + m∗(S2) + m∗(S4) + m∗(S6) =
1

2
, (5)

the probability of Fb conditional on Fa is

ep(Fb|Fa) =
ep(Fa ∧ Fb)

ep(Fa)
=

m∗(S1) + m∗(S2)
m∗(S1) + m∗(S2) + m∗(S3) + m∗(S5)

=
2

3
. (6)
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But the measure m† entails no inductive learning, since

ep(Fb) = m†(S1) + m†(S2) + m†(S4) + m†(S6) =
1

2
(7)

and

ep(Fb|Fa) =
ep(Fa ∧ Fb)

ep(Fa)
=

m†(S1) + m†(S2)
m†(S1) + m†(S2) + m†(S3) + m†(S5)

=
1

2
. (8)

So keep in mind that holding to a logical interpretation of probability does not commit
one to the claim that we do learn from experience: the prior probabilities might be such that
inductive learning is impossible (as with m†). Indeed, this was Wittgenstein’s (1921) version
of the logical theory of probability in the Tractatus (see remarks 4.464, 5.1, 5.15–5.156).

2.2 Problems for the logical interpretation

• Language-relativity. Carnap’s own account of logical probability relies on picking a
formal language. But “natural”-seeming priors in one language do not seem “natural”
in other languages; and, besides, we expect our scientific language to evolve over its
history.

• What picks out the uniquely correct probabilities? Carnap’s measures m∗ and m† are
special in that they respect certain symmetries (i.e. they are invariant under permuta-
tions of names). But: (i) this still does not pick out a unique measure; and (ii) how do
we justify these symmetries, or any other constraints, as logical?

3 Bayesianism: personalistic probabilities for inductive learning

In lieu of logical probabilities, we may wonder how far a personalistic interpretation will get
us towards an objective recipe for inductive reasoning. The first step towards objectivity is to
impose the Principal Principle (see last week’s handout). But this leaves room for complete
disagreement over the prior credences. However, the personalist can appeal to results which
show that disagreement over priors becomes less and less important as more and more evidence
comes in.

• “Washing out” of priors. Take any two prior credence functions cr1 and cr2. Then, as
the amount of evidence E increases, cr1( · |E) and cr2( · |E) become increasingly close.
(For more details, see Earman 1992)

• Dogmatism remains. Suppose that the evidence so far is E. Then you may always select
two prior credence functions cr1 and cr2 such that cr1( · |E) and cr2( · |E) differ by as
much as you like (so long as they still satisfy the Kolmogorov axioms).

4 Further reading

• Carnap, R. (1950), Logical Foundations of Probability (Chicago: University of Chicago
Press), §§41–54.

• Earman, J. (1992), Bayes or Bust? (Cambridge, MA: MIT Press), Ch. 6.
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• ∗ Hájek, A. (2012). ‘Interpretations of Probability’, The Stanford Encyclopedia of Phi-
losophy (Winter 2012 Edition), E. N. Zalta (ed.), §3.2.
URL = 〈http://plato.stanford.edu/archives/win2012/entries/probability-interpret/〉.

• Keynes, J. M. (1921), A Treatise on Probability. London: Macmillan and Co.

• ∗ Mellor, D. H. (2005), Probability: A Philosophical Introduction (London: Routledge),
Ch. 6.

• Wittgenstein, L. (1921 [1961]), Tractatus Logico-Philosophicus, D. F. Pears and B. F.
McGuinness (trans.) (New York: Humanities Press), remarks 4.464, 5.1, 5.15–5.156.
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