
Jaynes’ Interpretation of the Gibbs approach
PH431 Lecture 10, Monday 17 March 2014, Adam Caulton (a.caulton@lse.ac.uk)

1 The basic idea

Jaynes’ starting point is that statistical mechanics is not straightforwardly about the world,
but rather our knowledge about it. (Jaynes says that statistical mechanics is part of statistical
inference, implying that it is a tool for us to manage our predictions about a complex system.)

The fundamental conceptual move here is to interpret the probability density over micro-
states as epistemic probabilities. Some call Jaynes’ interpretation ‘subjectivist’, but this is a
mistake! Epistemic probabilities are unphysical in the sense that they are agential (i.e. they
are directly connected to agents, like us), but it does not follow that they are subjective,
i.e. dependent on the subject: the rules that Jaynes lays down apply to all, and there is no
room for a personalist account of the probabilities, in terms of actual credences.

2 The Maximum Entropy Principle

2.1 Shannon entropy

To get into the details of the Jaynes approach, we need to define yet another concept of
entropy(!). Consider any discrete random variable x. x takes some value in the set X =
{x1, . . . , xm}, and the probability that it takes value xi is given by a probability p(xi). So we
can define a function p : X → R from the set of possible values to the reals. We now define
the Shannon entropy of p:

SS(p) := −
m∑
i=1

p(xi) log p(xi) (1)

(Note the “−
∑
p log p” form, once again!) The Shannon entropy is often taken as codifying

the amount of information given in a probability distribution. The idea is that the most
informative distribution gives probability 1 to some value (and 0 to all the others); and the
least informative gives equal probability to all values (in this case 1

m
for all m values).

In the simplest non-trivial case, m = 2; but then p(x2) = 1−p(x1). So (setting p1 := p(x1)),

SS(p) := −p1 log p1 − (1− p1) log(1− p1) (2)

This function of p1 is symmetric about p1 = 1
2
, where SS(p) takes its maximal value log 2 = 1.

For continuous probability distributions ρ : Ω→ R, we change the sum into an integral,

SS(ρ) := −
∫

Ω

ρ(x) log ρ(x) dµ(x) (3)

For some measure µ on Ω. If now ρ is a Gibbs ensemble (so Ω = Γγ and µ = µL), then
SG(ρ) = kBSS(ρ)!

2.2 The Maximum Entropy Principle

Jaynes proposal is that the Gibbs ensemble that we ought to associate with any macro-state
is the one that is least informative, according to the Shannon entropy measure; i.e. it ought
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to have maximal Shannon entropy. But of course this is subject to the constraint that the
macroscopic quantities take the certain values that they do. Thus we have Jaynes’

• Maximum Entropy Principle (MEP): The correct Gibbs ensemble to associate with
any macro-state is the one: (i) with maximal Shannon entropy; and (ii) whose phase
averages for all macroscopic quantities agree with the values of the thermodynamic
quantities for that macro-state.

As we saw last week, this leads to the selection of the microcanonical ensemble as the correct
ensemble to associate with the macro-state.

2.3 MEP in action

Suppose the ensemble is ρ0, so that at time t0 the phase average of any quantity f is

f(t0) =

∫
Γ

f(x(t0))ρ(x(t0)) dµL(x) (4)

Then at some later time t1 > t0, we have a different set of values of phase averages f(t1).
These phase averages define a macro-state for the system. According to the MEP, the correct
ensemble to associate with this macro-state is one whose entropy is maximal; let us call
this ensemble ρ1(t1). (We can treat it as a function of the time, since the Hamiltonian flow
determined by the details of the system’s dynamics fixes a determinate past and future of this
ensemble.) Typically ρ1 6= ρ0.

From Liouville’s Theorem we may infer that SG(ρ) is invariant under the Hamiltonian flow
for all ensembles ρ; so in particular SG(ρ0(t1)) = SG(ρ0(t0)).

From MEP, we know that SG(ρ1(t1)) is maximal among ensembles that give rise to the
same phase averages; so in particular SG(ρ1(t1)) > SG(ρ0(t0)); i.e. the entropy of the ensemble
does not decrease.

2.4 Complications

This reassuring result is threatened when we consider later times. Consider some later time
t2 > t1 > t0. Then we are faced with two options:

• Compare with ρ0(t0). We could treat the ensemble at t2 exactly as we treated it at t1:
that is, find the phase averages according to ρ0(t2); and find the ensemble ρ2(t2) that
maximises the entropy for these phase averages. Then SG(ρ2(t2)) > SG(ρ0(t0)), but we
have no guarantee that SG(ρ2(t2)) > SG(ρ1(t1)).

• Proceed in stages. Alternatively, we could treat the ensemble ρ1(t1) at t2 like we treated
ρ0(t0) at t1: that is, find the phase averages according to ρ1(t2); and find the ensemble
ρ′2(t2) that maximises the entropy for these phase averages. Then we are guaranteed
that SG(ρ′2(t2)) > SG(ρ1(t1)) > SG(ρ0(t0)). But now the entropy history of the system
depends on our choice of when to do place the time steps.
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3 Can Jaynes remain innocent of the dynamics?

Many of the problems facing Jaynes’ account face the Gibbs approach generally, so I won’t
rehearse those here (see last week’s lecture). But one particular problem for Jaynes relates to
his claim that an advantage of his approach is that we may obtain the desired result (namely,
that the system’s entropy never decreases) while remaining entirely ignorant of the system’s
dynamics.

The problem with this claim connects to the procedure of phase averaging. The MEP
picks the microcanonical ensemble, which leads to averaging over the largest possible region
of phase space. But if the system is not ergodic, then its trajectory is confined to some sub-
region of this, and there is no reason to assume that the phase average of this sub-region will
be identical to those determined by the micro-canonical ensemble. Therefore, for the non-
ergodic systems, we face the possibility that MEP will lead to incorrect predictions. We need
an argument that this won’t happen for the systems under consideration, but in that case it
seems that we can no longer remain completely ignorant as to the system’s dynamics.

4 Reading for discussion

Required reading:

• Frigg, R. (2012), ‘What is Statistical Mechanics?’, pp. 22-25.

• Frigg, R. (2008), ‘A Field Guide to Recent Work on the Foundations of Thermodynamics
and Statistical Mechanics’, pp. 89-96 (§3.6).

Further reading:

• Friedman, K. and Shimony, A. (1971), ‘Jaynes’ Maximum Entropy Prescription and
Probability Theory’, Journal of Statistical Physics 3, pp. 381-4.

• Jaynes, Edwin T. (1965), ‘Gibbs vs. Boltzmann Entropies’, American Journal of Physics
33, pp. 391-398.

• Jaynes, Edwin T. (1978), ‘Where Do We Stand on Maximum Entropy?’ in Jaynes,
Edwin T. (1983), Probability, statistics and statistical physics, edited by R. Rosenkrantz
(Dordrecht: Reidel), pp. 210-314. Also available online at:
URL = 〈http://bayes.wustl.edu/etj/articles/stand.on.entropy.pdf〉.

• Sklar, L. (1993), Physics and Chance (Cambridge: CUP), §§5.III.5, 7.III.3.

• Uffink, J. (1997), ‘The Constraint Rule of the Maximum Entropy Principle’, Studies in
the History and Philosophy of Modern Physics 27, pp. 47-79.
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