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PREFACE

We have been motivated to write this monograph by a wish to provide an
introduction to an emerging area of Uncertain Reasoning, Pure Inductive
Logic. Starting with John Maynard Keynes’s “Treatise on Probability’ in
1921 there have been many books on, or touching on, Inductive Logic
as we now understand it, but to our knowledge this one is the first to
treat and develop that area as a discipline within Mathematical Logic, as
opposed to within Philosophy. It is timely to do so now because of the
subject’s recent rapid development and because, by collecting together in
one volume what we perceive to be the main results to date in the area,
we would hope to encourage the subject’s continued growth and good
health.

This is primarily a text aimed at mathematical logicians, or philosoph-
ical logicians with a good grasp of Mathematics. However the subject
itself gains its direction and motivation from considerations of rational
reasoning which very much lie within the province of Philosophy, and it
should also be relevant to Artificial Intelligence. For this reason we would
hope that even at a somewhat more superficial and circumspect reading it
will have something worthwhile to say to that wider community, and cer-
tainly the link must be maintained if the subject is not to degenerate into
simply doing more mathematics just for the sake of it. Having said that
however we will not be lingering particularly on the more philosophical
aspects and considerations nor will we speculate about possible applica-
tion within AI. Rather we will mostly be proving theorems and leaving the
reader to interpret them in her or his lights.

This monograph is divided into three parts. In the first we have tried to
give a rather gentle introduction and this should be reasonably accessible
to quite a wide audience. In the second part, which deals with ‘classical’
Unary Pure Inductive Logic, the mathematics required is a little more
demanding. with more being left for the reader to fill in, and this trend
continues in the final, ‘post classical’, part on Polyadic Pure Inductive
Logic. In presenting the results we have tried to keep the material rea-
sonably self contained though on a few occasions it has proved necessary
to import a ‘big theorem’ from outside; this happens in particular in the

X



X PREFACE

third part where Nonstandard Analysis is used. In all such cases however
we provide source references.

The chapters have been arranged. hardly surprisingly, so that they can
be read straight through from start to finish. However an alternative
approach would be to familiarize oneself with Part 1, though even there
Chapter 5 on the Dutch Book could be omitted, and then simply dip
in to selected later chapters, only referring back to earlier material as
subsequently proved necessary. To aid this approach we have included at
the end a rather extensive list of symbols and abbreviations used in the
text and have generally tried to outline the contents of a chapter in its first
paragraph or so.

Much of the material we will present has previously appeared in jour-
nals or books. What we have endeavoured is to collect and present it in a
unified notation and fashion, in so doing making it, we hope, more easily
accessible to a wider audience. Whilst most of the later chapters derive
from research of ourselves and our collaborators, and here we should
make a special mention of Jiirgen Landes and Chris Nix, this monograph
naturally owes a debt in its first two parts to the seminal contributions
of the founding fathers of the area. in particular W.E. Johnson, Rudolf
Carnap, and more recently Haim Gaifman and Jakko Hintikka. Doubt-
less there are many other results and attributions we should also have
included and for this we can only apologize and, to quote Dr Samuel
Johnson, blame ‘pure ignorance’.

We would also like to thank Jon Williamson, Teddy Groves, our col-
league George Wilmers and our recent research students, Martin Adamcik,
Alex Hill, Hykel Hosni, Elizabeth Howarth, Malte KlieB3, Jiirgen Landes,
Soroush Rafiee Rad and Tahel Ronel for diligently reading earlier drafts
and spotting errors. Any that remain are, of course, entirely our fault.
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Chapter 1

INTRODUCTION TO PURE INDUCTIVE LOGIC

Before a cricket match can begin the tradition is that the umpire tosses a
coin and one of the captains calls, heads or tails, whilst the coin is in the
air. If the captain gets it right s/he chooses which side opens the batting.
There never seems to be an issue as to which captain actually makes this
call (otherwise we would have to toss a coin and make a call to decide
who makes the call, and in turn toss a coin and make a call to decide
who makes that call and so on) since it seems clear that this procedure
is fair. In other words both captains are giving equal probability to the
coin landing heads as to it landing tails no matter which of them calls it.
The obvious explanation for this is that both captains are, subconsciously
perhaps, appealing to the symmetry of the situation.

At the same time they are, it seems, also tacitly making the assumption
that all the other information they possess about the situation, for example
the weather, the gender of the referee. even past successes at coin calling,
is irrelevant, at least if it doesn’t involve some specific knowledge about
this particular coin or the umpires’s ability to influence the outcome. Of
course if we knew that on the last 8 occasions on which this particular
umpire had tossed up this same coin the result had been heads we might
well consider that that was relevant.

Forming beliefs, or subjective probabilities, in this way by considering
symmetry, irrelevance, relevance, can be thought of as logical or rational
inference. This is something different from statistical inference. The
perceived fairness of the coin toss is clearly not based on the captains’
knowledge of a long run of past tosses by the umpire which have favoured
heads close to half the time. Indeed it is conceivable that this long run
frequency might not give an average of close to half heads, maybe this
coin is, contrary to appearances, biased. Nevertheless even if the captains
knew that the coin was biased, provided that they also knew that the caller
was not privy to which side of the coin was favoured, they would surely
still consider the process as fair.

This illustrates another feature of probabilities that are inferred on
logical grounds: they certainly need not agree with the long term frequency
probability, if this even exists, and of course in many situations in which we



4 1. INTRODUCTION TO PURE INDUCTIVE LOGIC

form subjective probabilities no such probability does exist; for example
when assigning odds in a horse race.

The aim of this monograph is to investigate this process of assigning
logical, as opposed to statistical, probabilities by attempting to formulate
the underlying notions, such as symmetry, irrelevance, relevance on which
they appear to depend. Much has already been written by philosophers on
these matters and doubtless much still remains to be said. Our approach
here however will be that of mathematical, rather than philosophical, lo-
gicians. So instead of spending a significant time discussing these notions
at length in the context of specific examples we shall largely consider
ways in which they might be given a purely mathematical formulation and
then devote our main effort to considering the mathematical and logical
consequences which ensue.

In this way then we are proposing, or at least reviving since Rudolf Car-
nap had already introduced the notion in [14], an area of Mathematical
Logic. Pure Inductive Logic, PIL for short.! It is not Philosophy as such
but there are close connections. Firstly most of the logical, aka rational,
principles we consider are motivated by philosophical considerations, fre-
quently having an already established presence in the literature within that
subject. Secondly we would hope that the mathematical results included
here may feed back and contribute to the continuing debates within Phi-
losophy itself, if only by clarifying that if you subscribe to 4, B, C then
you must, by dint of mathematical proof, accept D.

There is a parallel here with Set Theory. In that case we propose
axioms based on our intuitions concerning the nature of sets and then
investigate their consequences. These axioms have philosophical con-
tent and considering this is part of the picture but so also is drawing
out their mathematical relationships and consequences. And as we go
deeper into the subject we are led to propose or investigate axioms which
initially might not have entered our minds, not least because we may
well not have possessed the language or notions to even express them.
And at the end of the day most of us would like to think that dis-
coveries in Set Theory were telling us something about the universe of
sets, or at least about possible universes of sets, and thus feeding back
into the philosophical debate (and not simply generating yet more math-
ematics ‘because it is there’!). Hopefully Pure Inductive Logic. PIL,
will similarly tell us something about the universe of uncertain reason-
ing.

As far as the origins of PIL are concerned, whilst one may hark back to
Keynes, Mill and even as far as Aristotle, in the more recent history of log-
ical probability as we see it, W.E. Johnson’s posthumous 1932 paper [58] in
Mind was the first important contribution in the general spirit of what we

For a gentle introduction to PIL see also [100].
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are proposing here. It contains an initial assertion of mathematical condi-
tions capturing intuitively attractive principles of uncertain reasoning and
a derivation from these of what subsequently became known as Carnap’s
Continuum of Inductive Methods. Independently Carnap was to follow
a similar line of enquiry in his [9], [12]. which he developed further with
[13]. [15]. [16]. [17] into the subject he dubbed ‘Inductive Logic’. Already
in 1946 however N. Goodman’s so called ‘grue’ paradox, see [35]. [36] (to
which Carnap responded with [10], [11]) threatened to capsize the whole
venture by calling into question the very possibility of a purely logical
basis for inductive inference’. Notwithstanding Carnap maintained his
commitment to the idea of an Inductive Logic till his death in 1970 and
to the present day his vision encourages a small but dedicated band of
largely philosopher logicians to continue the original venture in a similar
spirit, albeit in the ubiquitous shadow of ‘grue’.

From the point of view of this text however ‘grue’ is no paradox at
all, it is just the result of failing to make explicit all the assumptions that
were being used. There is no isomorphism between premises involving
grue and green (a point we will touch on again later in the footnote on
page 177) because we have different background knowledge concerning
grue and green etc. and it is precisely this knowledge which the paradox
subsequently uses to announce a contradiction.’ Indeed in his initial
response to ‘grue’ Carnap had also stressed the importance of having all
the assumptions up front from the start, what he called the ‘Principle of
Total Evidence’, see [10, p138]. [12, p211]. known earlier as ‘Bernoulli’s
Maxim’, see [6, footnote 1, p215], [65. p76, p313].

Even so, ‘grue’ is relevant to this monograph in that it highlights a di-
vergence within Carnap’s Inductive Logic as to its focus or subject matter
between Pure Inductive Logic, which is our interest in this monograph, and
Applied Inductive Logic, which is the practical concern of many philoso-
phers. The former was already outlined by Carnap in [14]; it aims to

2For the reader unfamiliar with this ‘paradox’ here is a pared down mathematician’s
version: Let grue stand for ‘green before the 1st of next month. blue after’. Now consider
the following statements:

All the emeralds I have ever seen have been green, so I should give high probability that any
emerald I see next month will be green.

All the emeralds I have ever seen have been grue. so I should give high probability that any
emerald I see next month will be grue.

The conclusion that advocates of this ‘paradox’ would have us conclude is that Carnap’s
hope of determining such probabilities by purely logical or rational considerations cannot
succeed. For here are ‘isomorphic’ premises with different (contradictory even) conclusions
so the conclusion cannot simply be a logical function of the available information.

3For example we learnt in school that emeralds are green and never heard anything about
this possibly changing at some future date. In contrast if we had been talking here about
UK Road Fund Licence discs changing to a new colour next January 1st there would have
been a ‘paradox’ for the contrary reason!
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study formal systems in the mathematical sense, devoid of explicit inter-
pretation. Assumptions must be stated within the formal language and
conclusions drawn only on the basis of explicitly given rules. On the other
hand Applied Inductive Logic is intended as a tool, in particular, to sanc-
tion degrees of confirmation, within particular contexts. The language
therein is interpreted and so carries with it knowledge and assumptions.
What Goodman’s Paradox points out is that applied in this fashion the
conclusions of any such logic may be language dependent (see [136] for a
straightforward amplification of this point), a stumbling block which has
spawned a considerable literature, for example [131], [137], and which,
within PIL, we thankfully avoid. In short then we might draw a parallel
here with the aims and methods of Pure Mathematics as opposed to those
of Applied Mathematics.

In the latter we begin with an immensely complicated real world situa-
tion, cut it down to manageable size by choosing what we consider to be
the relevant variables and the relevant constraints, so ignoring a wealth
of other information which we judge irrelevant, and then, drawing on ex-
isting mathematical theories and apparatus, we hopefully come up with
some predictive or explicative formula. Similarly with Inductive Logic the
applied arm has been largely concerned with proposing formulae in such
contexts - prior probability functions, to provide answers. The value of
these answers and the whole enterprize has been subject to near century
long debate, some philosophers feeling that the project is fundamentally
flawed. On the other hand it clearly finds new challenges with the advent
of designing artificial reasoning agents. Be it as it may, PIL is not out
to prescribe priors. Rather it is an investigation into the various notions
of ‘rationality’ in the context of forming beliefs as probabilities. It is in
this foundational sense that we hope this monograph may be of interest
to philosophers and to the Artificial Intelligence community. Similarly to
other mathematical theories, we would hope that it would serve to aid any
researcher contemplating actual problems related to rational reasoning.

A rough plan of this monograph is as follows. In the early chapters we
shall introduce the basic notation and general results about probability
functions for predicate languages, as well as explaining what we see as
the most attractive justification (de Finetti’s Dutch Book argument) for
identifying degrees of belief with probability. We will then investigate
principles based on considerations of symmetry, relevance, irrelevance
and analogy, amongst others, for Unary Pure Inductive Logic. that is
for predicate languages with only unary relation symbols. This was the
context for Inductive Logic in which Carnap et al worked and with only a
very few exceptions it remained so until the end of the 20th century. In the
second half of this monograph we will enlarge the framework to Polyadic
Pure Inductive Logic and return to reconsider symmetry, relevance and
irrelevance within this wider context.
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The style of this monograph is mathematical. When introducing various
purportedly rational principles we will generally give some fairly brief
explanation of why they might be considered ‘rational’, in the sense that
a rational agent should, or could, adhere to them, but there will not be
an extended philosophical discussion.* It will not be our aim to convince
the reader that each of them really is ‘rational’; indeed that would be
difficult since in combination they are often inconsistent. We merely seek
to show that they might be candidates for an expression of ‘rationality’,
a term which we will therefore feel free to leave at an intuitive level. As
these principles are introduced we will prove theorems relating them to
each other and attempt to characterize the probability functions which
satisfy them. Most proofs will be given in full although we sometimes
import well known results from outside of Mathematical Logic itself. On
a few occasions giving the proof of a theorem in detail would just be
too extravagant and in that case we will refer the reader to the relevant
paper and content ourselves instead by explaining the key ideas behind
the proof. In any case it is our intention that this monograph will still be
accessible even to someone who wishes to treat the proofs simply as the
‘small print’.

4There are a number of books which do provide extended philosophical discussions of
some of the general principles we shall investigate. for example [12], [13]. [15]. [16]. [17].
[18]. [22], [27]. [29]. [33]. [37]. [38]. [40]. [57]. [72]. [127]. [135]. [140], [148].






Chapter 2

CONTEXT

For the mathematical setting we need to make the formalism completely
clear. Whilst there are various possible choices here the language which
seems best for our study, and corresponds to most of the literature, in-
cluding Carnap’s, is where we work with a first order language L with
variables x1. X2, x3. ..., relation symbols Ry, Ro. ..., R,. say of finite ari-
ties ry. 2. ..., rq respectively, and constants a, forn € N* = {1,2,3,...}.
and no function symbols nor (in general) the equality symbol.> The in-
tention here is that the ¢; name all the individuals in some population
though there is no prior assumption that they necessarily name different
individuals. We identify L with the set {R|, Ry, ..., R,}.

Let SL denote the set of first order sentences of this language L
and QFSL the quantifier free sentences of this language. Similarly let
FL, QFFL denote respectively the set of formulae, quantifier free formu-
lae, of L. We use 0, ¢, v etc. for elements of FL and adopt throughout
the convention that, unless otherwise stated, when introducing® a formula
0 € FLas0(a;.aj,.....d;,.X}.Xj,.....X;, ), or 0(d,x). all the constant
symbols (respectively free variables) in 0 are amongst these a; (x;) and
that they are distinct. In particular if we write a formula as 0(¥) then it
will be implicit that no constant symbols appear in 6. To avoid double
subscripts we shall sometimes use by, bs. ... etc. in place of @;,, aj,. . ...

Let 7L denote the set of structures for L with universe {a;. as. as. ... }.
with the obvious interpretation of the a; as a; itself. Notice thatif ' C SL
is consistent” and infinitely many of the constants a; are not mentioned
in any sentence in I' then there is M € T L such that M F I'. This
follows since the countability of the language L means that I must have a
countable model, and hence, by re-interpreting the constant symbols not
mentioned in any sentence in I', a model in which every element of its
universe is the interpretation of at least one of the constant symbols.

SWe shall add equality in Chapter 37 but will omit function symbols throughout. that
being a topic which, in our opinion, is still deserving of more investigation and thought.

630 this will not apply if we introduce a sentence as 3x y(x) and then pass to w(a,). In
this case there may be other constants mentioned in y (ay).

"Because of the Completeness Theorem for the Predicate Calculus we shall use consistent
and satisfiable interchangeably according to which seems most appropriate in the context.

9
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To capture the underlying problem that PIL aims to address we can
imagine an agent who inhabits some structure M € 7 L but knows nothing
about what is true in M. Then the problem is,

Q: In this situation of zero knowledge, logically, or rationally, what belief
should our agent give to a sentence 0 € SL being true in M?

There are several terms in this question which need explaining. Firstly
‘zero knowledge’ means that the agent has no intended interpretation of
the a; nor the R;. To mathematicians this seems a perfectly easy idea to
accept; we already do it effortlessly when proving results about, say, an
arbitrary group. In these cases all you can assume is the axioms and you
are not permitted to bring in new facts because they happen to hold in some
particular group you have in mind. Unfortunately outside of Mathematics
this sometimes seems to be a particularly difficult idea to embrace and
much confusion has found its way into the folklore as a result.®

In a way this is at the heart of the difference between the ‘Pure Inductive
Logic’ proposed here as Mathematics and the ‘Applied Inductive Logic’
of Philosophy. For many philosophers would argue that in this latter the
language is intended to carry with it an interpretation and that without it
one is doing Pure Mathematics not Philosophy. It is the reason why Grue is
a paradox in Philosophy and simply an invalid argument in Mathematics.
Nevertheless, mathematicians or not, we all need to be on our guard
against allowing interpretations to slip in subconsciously. Carnap himself
was very well aware of this distinction, and the dangers presented by
ignoring it, and spent some effort explaining it in [14]. Indeed in that
paper he describes Inductive Logic as the study of the rational beliefs of
just such a zero knowledge agent. a ‘robot’ as he terms it.

A second unexplained term s ‘logical’ and its synonym (as far as this text
is concerned) ‘rational’. In this case, as already mentioned. we shall offer
no definition; they are to be taken as intuitive, something we recognize
when we see it without actually being able to give it a definition. This will
not be a great problem, for our purpose is to propose and mathematically
investigate principles for which it is enough that we may simply entertain
the idea that they are logical or rational. The situation parallels that
of the intuitive notion of an ‘effective process’ in recursion theory, and
similarly we may hope that our investigations will ultimately lead to a
clearer understanding.

The third unexplained term above is ‘belief’. For the present we shall
identify belief, or more precisely degree of belief, with (subjective) proba-
bility and only later provide a justification, the Dutch Book Argument, for
this identification. The main reason for proceeding in this way is that in or-
der to give this argument in full we actually need to have already developed
some of the apparatus of probability functions, a task we now move on to.

8See for example [106] and the issue of the representation dependence of maxent.



Chapter 3

PROBABILITY FUNCTIONS

A function w : SL — [0, 1] is a probability function on SL if for all
0.¢.3x w(x) € SL,

(P1) EO = w(0) =1.

(P2) OF =¢ = w0V ¢) =w(l) +w(e).

(P3) w(@Ex y(x)) = lim, 0o w(y(ar) Vyla) V-V ylay)).

Condition (P3) is often referred to as Gaifman’s Condition, see [30], and
is a special addition to the conventional conditions (P1), (P2) appropriate
to this context. Itintends to capture the idea that the aq, a3, as. ... exhaust
the universe.’

Having now made precise what we mean by a probability function we
can reformulate our question Q asking what probability w(6) a rational
agent with zero knowledge should assign to a sentence 6 of L. Itis implicit
in this statement that the same probability function!® w is being referred

to throughout, so stated more precisely Q amounts to the driving problem
of PIL:

Q: In the situation of zero knowledge, logically, or rationally, what proba-
bility function w : SL — [0, 1] should an agent adopt when w(0) is to
represent the agent’s probability that a sentence 0 € SL is true in the
ambient structure M?

Our long term aim in the chapters which follow will be to posit rational
principles which, arguably. such a probability function should obey and
then investigate the consequences of imposing these principles and the re-
lationships between them. Before that however we need to get acquainted
with probability functions and their properties. We start with some actual
examples.

Tt can be shown, see [103]. that if z : SL — [0, 1] satisfies (P1-2) and L* is the
language formed by adding additional constants a{. a}. aj. ... to L then there s a probability
function w on SL™ satisfying (P1-2) and the corresponding version of (P3) for this extended
language such that z = w | SL (= w restricted to SL). In this sense then Gaifman’s
Condition (P3) does not essentially alter the notion of probability that we are dealing
with.

10Carnap calls this the agent’s initial credence function, see for example [14, p310].

11
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A particularly simple example of a probability function is the function
Vi o SL — {0,1}, where M € T L, defined by

1 ifME®,
Vir(0) = { 0 otherwise. (1)

In turn, since convex sums of functions satisfying (P1-3) also satisfy
these conditions, convex sums of probability functions are also probability
functions. So for M; € TLande; > Osuchthat) . e; =1.%,¢; Vi, isa
probability function.
More generally for 0 € SL let
01={MecTL|MEGO},

let 5 be the g-algebra of subsets of 7 L generated by these subsets [#] and
let u be a countably additive measure'! on B. Then it is straightforward
to check that

defines a probability function on SL.

Indeed as we shall see later (Corollary 7.2) every probability function
has a representation of this form. Putting it another way. for every prob-
ability function w on SL there is a countably additive measure z,, on the
algebra 5 such that for any 6 € SL,

w(0) = /T Y (0) s (1), 2)

We shall shortly consider other, generally more useful ways of specifying
particular families of probability functions. For the present however our
next step will be to derive some of their simple algebraic properties.

PROPOSITION 3.1. Let w be a probability function on SL. Then for 0. ¢ €

PrOOF. (a) We have that = 0 vV =0 and 6 = ——0 so by (P1) and (P2).
1 =w(@V-0)=w)+w(-0).
(b) If E =0 then w(—0) = 1 by (P1) so from (a), w(0) = 0.
(c) If @ E ¢ then —¢ = —0 so from (P2), (a) and the fact that w takes
values in [0, 1],
12 w(=¢ Vo) =w=¢)+w®)=1-w(g)+w0)
from which the required inequality follows.

1T All measures will be assumed to be normalized and countably additive unless otherwise
indicated.
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(d) If 0 = ¢ then O F ¢ and ¢ = 0. By (c). w(f) < w(¢) and
w(¢p) <w(0)sow(d) =w(a).
(e) Since Vo =0V (=0A¢)and 0 F =(=0 A ¢) (P2) and (d) give

w(OV ) =w(0V(=0A))=w(0)+w=0A¢). (3)

Also = (0 A @)V (-0 Ad)and 0 A ¢ —(=0 A ¢) so by (P2) and (d),

w(¢) =w((OAG)V(-0NP) =w(Ag)+w(=0ng). (4)
Eliminating w (=0 A ¢) from (3). (4) now gives

w(0V @) =w(0)+w(p) —w(@Ae). n

In fact (c) and (d) above turn out to be the best we can do in general:

PROPOSITION 3.2. For 0,¢ € SL, w(0) < w(¢) for all probability func-
tionsw on SL ifand only if 0 & ¢. Similarly w(0) = w(¢) for all probability
functions w on SL if and only if 0 = ¢.

Proor. In view of Proposition 3.1(c).(d) we only need to show that if
0 ¥ ¢ then there is a probability function w such that w(¢) < w(0).
But in this case {0, —¢} is consistent, so has a countable model, and
hence a model M € TL. Then Vy(0) = Vy(=¢) = 1 but Vy (o) =
1 — Vi (=¢) = 0, as required. -

It is worthwhile observing here that nowhere in the proof of Proposition
3.1 did we use the property (P3), each of (a) - (e) holds even if we only
assume (P1) and (P2). Indeed if we restrict 6. ¢ here to quantifier free
sentences then we only need assume (P1) and (P2) in Proposition 3.1 for
quantifier free sentences. A second consequence of this observation is that
just having (P1) and (P2) holding for 0. ¢ € SL already assures, by (c).
‘half” of (P3), namely:

Jim w(y(an) vy(ar) V- Vyla) <wBGxy(x)). (5)

We now derive some equivalents of (P3) in the presence of (P1) and
(P2) (for 0.¢ € SL).

PRrOPOSITION 3.3. Letw : SL — [0, 1]satisfy (P1), (P2). Then condition
(P3) is equivalent to:

n—

(P3) w(@Ex y(x) = > w(pla) A=\ wia))

n=1 i=1
Sor Ix w(x) € SL.
PrOOF. Since

wla) Vyla) v vyta) =\ (wla) A=\ pia)

~.

I
=

Il
-
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by Proposition 3.1(e) and the above remark.,
j—1

wipla) Vyla) Vv pla) =w( \/ (wa) A=\ pla))

.
I

by repeated use of (P2) since the disjuncts here are all disjoint. The
required equivalence of (P3), (P3’) follows. =

Condition (P3) is expressed in terms of the probability of existential
sentences. However it could equally well have been expressed in terms of
universal sentences as the next proposition shows.

PROPOSITION 3.4. Letw : SL — [0, 1] satisfy (P1), (P2). Then condition
(P3) is equivalent to:

Wl () = lim w( Awia)) G

n—o00 /
i=1

JorVx w(x) e SL.
PrOOF. Assume (P3). Then

wWVx w(x)) =1—w(3x-w(x)) by Proposition 3.1(a)(d).
1 tim w(\ wla)) by (),
i=1
)
i=1
= nhﬁn;) w (/"\ y/(ai)> by Proposition 3.1(a)(d).
The converse follows simil:rlly. -

We conclude this chapter by developing some inequalities (and an ap-
plication of them, Lemma 3.8) which will be useful later though for the
present the reader could blithely skip them. The first of these, given by
Adams in [1, Theorem 15] and derived earlier'? in [2] extends Proposi-
tion 3.1(c) to multiple premises. To formulate and prove the result we
will need some notation. For w € SL let ! v, alternatively +w. —y.
denote w, -y respectively. Now suppose that 01.0,.....0,,¢ € SL and

C={0.0.....00\ E ¢,
Call a subset A of I essential if ' — AF ¢ butforany Q C A, T —QF ¢
(C always denotes strict subset). Define the essentialness, e(0;), of 0; to

12Using methods from Linear Analysis.
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be 0if 0; is not an element of any essential subset of " and otherwise n;”!

where m; is the smallest number of elements in an essential subset of I
containing ;.

THEOREM 3.5. For a probability function w and for T, 01,60,,....0,.¢
and e as above,

w(-9) < Y e)u(-6).
equivalently, h
w(gp) >1+ ie(ﬁi)w(ﬁi) - ie,(@,-).
i=1 i=1
ProOF. Let §; for j = 1.2....,r enumerate the consistent sentences of
the form

O NOZN -+ ANOir A ™,
where €1, &, ....¢,41 € {0,1}, and for y € SL set

1w
x(Bjy) = { 0 otherwise.

Notice that for w € {£0,,+0,,....+0,, ¢}
v=\ 8
BiFy
SO

r

wly) =Y 1B w)w(p)). (7)

=1
Suppose that f; = —¢. Then
Aj={0:|B; F ~0:} = {0: | x(B;. ~0:) = 1}

is such that ' — A; ¥ ¢ (since f3; F 0 for every 6, € I' — A; but f; ¥ ¢.
otherwise §; would not be consistent). Clearly then there is an essential
Q; CAjand

wip) = 3 B -0

IA

Z % - x(B;.—0;). since m; < |Q;| because 0; € Q;,
()fEQj !

< Ze(ei)w(ﬁj)}{(ﬁjﬁei)~ (8)
i=1
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Summing both sides of (8) over the f3; such that f§; £ —¢ gives

Z Z ﬂ,,—ﬁ)

/}jhﬁgbz 1

<ZZ 2(Bj.=0:)

jlll

:Z Z ) (ﬁ,,—ﬂ)
:; .

The ¢; in this theorem are bounded above by 1 and using this bound with
¢ = \i_, 0; gives as a corollary the following practically useful Suppes’
Lemma, see [138], for which however we now give a much simpler direct
proof.

LEmmA 3.6. Let 01,0, ...,0, € SL and w a probability function on SL.

Then
(Ae) }: 0) — (n—1).

i=1
In particular if w(0;) = 1 fori =2.3.....n, (n > 1) then

n
w(/\ H,v) =w(0).
i=
ProoF. First notice that by Proposition 3.1(e)

w(@V @) =wd)+w(p)—w@A¢) <w(@)+w(d)

so by repeated use of this,

w ( /”\ H,-) =1-w (ﬂ /”\ Hi) by Proposition 3.1(a)
=1-w ( \"/ ﬂﬁi) by Proposition 3.1(d)

> I—Zw(_‘ei) by (9)
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=1-> (1-w()) by Proposition 3.1(a)
i-1

= " w(0) — (n—1). (10)

For the last part, (10) gives

w(/\@i) > w(0).
i=1
Since ;
/\ 0 F 6,
i=1

by Proposition 3.1(c) we also have

w(/n\g,) < w(gl)

i=1
so the result follows. -
Whilst Theorem 3.5 can give a significant improvement on Suppes’
Lemma 3.6, for example when the 0; are all logically equivalent, in appli-
cations it is usually the case that each of the 6; are essential to the proof
of \i_, 0; from {0;.....0,} so that the ¢; are all 1 and the two estimates
are equal.
Lemwma 3.7. If w is a probability function on SL. 0;,¢; € SL, q¢; € R
(the set of real numbers) and w(0; < ¢;) > q; fori =1,2,...,n then

(Vo) -u(Vo)l [w(A0) -w(As)| < 00

Proor. Since

VoA N\ < 6) F\/ 6
=1 il i=1

by Proposition 3.1(c) and Suppes’ Lemma 3.6,

w(V o)z u(Von NG ) zu(\Vo)+ > a—n
i=1 i=1 i=1 i=1 i=1

Consequently,

w(\n/ﬁi)—w<\n/¢i> < zn:(l—%)-
i=1 i=1 i=1

The required conclusion now follows since clearly we can interchange the
9,‘ and ¢,’.
The case for conjunction is proved similarly. -
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We now give an application of this last inequality which will be needed
later.

LEmMMA 3.8. For 3xy.....x; 0(x1.....x5. @) € SL and w a probability
function on SL,

w(Ele.,...,xk 9(x1,...,xk,d')) =

nanolo w( '\/< H(ail,aiz,...,aik,d’)), (11)
1.02.....p SN

w(Vxl,...,xk 9(x1,...,xk,d’)) =

nll)rgo w( /\ H(ail,a,-z,...,a,-k,d')). (12)
ity <n

Proor. Notice that by Proposition 3.1(c) the terms on the right hand
side of (11) are increasing in 7. and at most the left hand side. It is enough
to show that these terms can be make arbitrarily close to the left hand side
for large n.

The proof is by induction on k. If &k = 1 the result is immediate from
(P3). Assume the result for k — 1. By (P3) for any ¢ > 0 there is a jj such
that for any j > jj,

w( \/ Elxz,...,xkH(a,-l,xz,...,xk,d'))

n<j
is within ¢ of
w(3Ixy, x2, .. x, O(x1. X0, .. Xk ).
Hence
(3x; X 0(xy. ..., Xp. @) A
- \/ Axa, . xk O(as, x2, .o xp, @) <& (13)
i<j
since

\/sz xkOa; xo, o xk, @) F A X O, xgL @)L (14)

0n<j

Again from (14),

—|< \/ X0, o Xk 0@y, X, oo X @) < 3,0 X H(xl,...,xk,c?)>
n<j

is logically equivalent to

Ixp, .. xe 0(xg Xk, d /\—|\/Elx2 0(a;,. xz.....xx. @),
1<j
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giving by Proposition 3.1(a)(d) and (13) that

w(Ele,...,ka(xl,...,xk, \/ 3)62,.. xk0 ai ., X2, . Xk,d))

n<j
>1—¢. (135)

Similarly foreach 1 < i; < j thereis, by inductive hypothesis, a number
r;, such that

w (sz,...,xkﬁ(a,-l,xz, Xk, d )<—> \/ H(a,-l,a,-z,...,ai,c,d'))

el <y
>1—j"" (16)

whenever n;, > ry,.
Taking r to be the maximum of these r;, for 1 < i; < j we have by
Lemma 3.7 that forn > r,

‘w(\/ \/ 0(ai,.....a;.a ))—

01<j i...ixr<n

w( \/ sz,...,xkﬁ(ail,xz,...,xk,c?)> ’

n<j

J
<3 (1)),
i=1
Hence with (15),

‘w(\/ \/ 0(a,. . a,,,"))—w(ﬂxl,...,xkﬁ(xl,...,xk,c?))

0<j i....ixr<n

and the result follows by our remarks which initiated this proof.
(12) now follows directly by taking negations. -






Chapter 4

CONDITIONAL PROBABILITY

Given a probability function w on SL and ¢ € SL with w(¢) > 0 we
define the conditional probability function w(.|$) : SL — [0.1] (said ‘w
conditioned on ¢’) by

~w(@AP)
wio| )= 000

ProposITION 4.1. Let w be a probability function on SL, ¢ € SL and
w(@) > 0. Thenw(.| @) is a probability function andw(0 | ¢) = 1 whenever
bEO.

Proor. To show (P1) suppose that= 0. Then¢p = 0 Apsow(O A @) =
w(¢) by Proposition 3.1(d) and in turn w(6 | ¢) = 1. Notice that all we
really need for this argument is the logical equivalence ¢ = 6 A ¢ so since
it is enough to have ¢ E 6 for this hold we immediately get the final part
of the proposition too.

For (P2) suppose that 0 = —. Then 0 A ¢ F —(n A ¢) so since

Ovm)ng=(ONG)V(AP).
w((@vy)Ae)=w({(@Ad)V(pA@)). byProposition 3.1(d),
=w@ANp)+wnAg). by (P2)forw.

and dividing by w(¢) gives the result.
For (P3), note that

I p(x)Ang=3x(w(x)Ag).

via)) no=\int

so using Proposition 3.1 (d) and (P3) for w,
w(@Ex y(x) A @) =wE3Ex (y(x) A ¢))

- i o (Viota11) = i o (V via) o)

i=1 i=1
and the result follows after dividing both sides by w(¢). —

(17)

H<:

21



22 4. CONDITIONAL PROBABILITY

So far we have quoted the properties of w coming from (P1-3) and
Proposition 3.1 that we were using at each step. From now on however
we shall assume that the reader has these properties at his/her finger-
tips.

Conditional probabilities appear frequently in this subject in large part
because it is generally assumed that they model ‘updating’. To explain this
suppose that on the basis of some knowledge (possibly empty) about the
structure s/he is inhabiting our agent has settled on w as his/her subjective
assignment of probabilities. Now suppose that the agent learns that ¢ €
SL is also true in this world. How should the agent “update’ w? The
‘received wisdom’!3 is that the agent should replace w by w(. | #) (tacitly
assuming that the agent had anticipated this eventuality by arranging that
w(p) > 0).

Accepting this interpretation of conditional probability as probability
moderated by given knowledge has a major consequence for the motivat-
ing problem in PIL, to wit:

Q: In the situation of zero knowledge, logically. or rationally, what proba-
bility function w : SL — [0, 1] should an agent adopt when w(0) is to
represent the agent’s probability that a sentence 0 € SL is true in the
ambient structure M?

For if we consider an agent who does have some knowledge K of the
form

{d1.¢2.....0n.}

we can imagine that this agent first chose his/her subjective probability
function w on the basis of zero knowledge and then learnt K and updated
w to w(. | A/_, ¢;). assuming of course that the agent gave non-zero
probability to A7, ¢; in the first place. Accepting this scenario means
that Q is really the key issue, at least for knowledge K of this form, and
in part justifies our focusing on this question.'*

With this interpretation of conditional probability in mind we mention
an interesting result due to Huzurbazar, [55], subsequently dubbed the
‘First Induction Theorem’ by Good [34, p62] (see also [149. p288]):

PROPOSITION 4.2. Forw a probability function on SL and¥x 0(x) € SL.
ifw(Vx 0(x)) > 0 then

n

Tim w(0(an) | A 0Ga)) =1. (18)

i=1

13Not surprisingly this issue is a minefield within Philosophy. especially in more expressive
languages.

14The corresponding issue has been the subject of rather detailed investigation in the
case of Propositional Uncertain Reasoning, even for the case of knowledge K which itself
expresses uncertainties. We refer the reader to [97] (especially chapter 8) and to the references
therein.
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ProOF. Since

by Proposition 3.1(c).

0<w(vx0(x)) < w( /’1\9(01‘))»
i=1

and again by this proposition the sequence w(/\}_, 0(a;)) is decreasing.

It must therefore reach a strictly positive limit (w(Vx #(x)) in fact) and
the result follows by elementary analysis. -

In the other direction this proposition need not hold, we can have
(18) holding with w(A’_, 6(a;)) > 0 but w(Vx 0(x)) = 0. For example
this happens for an consistent but non-tautologous 8 € QFSL for the
probability functions ¢ (1 > 0) to be defined in (103).

Whilst we have given above the standard interpretation of conditional
probability as the result of updating on some information, an alternative
which in our view fits more comfortably with question Q and our picture of
a rational agent is to treat w( . | ¢) as what the agent imagines s/he would
update his/her probability function to if's/he learnt ¢. Thus conditional
probabilities, which will frequently figure in later rational principles we
propose, are to be treated as referring to thought experiments of the agent.

One difficulty that arises when presenting principles centred around
conditional probabilities is that the conditioning sentence, ¢ in the account
above, may have zero probability, leading to the need to be constantly
introducing provisos. A useful convention to avoid this, which we shall
adopt throughout, is to agree that an expression such as

w(|¢)=c. or w(@|¢)=uw|l).

is shorthand for
w(ONP) = cw(g), or w(OA)w(l)=wnAl)w(¢) respectively.

Clearly if the denominator(s) are non-zero these amount to the same thing
whilst if some of the denominators is zero the expression still has meaning
(and, interestingly, usually the meaning we would wish it to have).

In the chapters which follow we shall have occasion to look at several
principles asserting that under certain conditions the probability one gives
to 0 should increase, or at least not decrease, on receipt of information ¢,
which we will formally capture by the inequality

w(@]¢) > w(0).
Notice that by (P2) this will hold if ¢ F 0. since in this case
w(g A0) =w(g) = w(e) w(d).
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Interestingly this inequality also holds, by the same argument, if 0 F ¢.
In other words learning a consequence ¢ of 6 does not decrease your
probability that 6 holds.



Chapter 5

THE DUTCH BOOK ARGUMENT

Having derived some of the basic properties of probability functions we
will now take a short diversion to give what we consider to be the most
compelling argument in this context, namely the Dutch Book argument
originating with Ramsey [122] and de Finetti [25]. in favour of an agent’s
‘degrees of belief” satisfying (P1-3), and hence being identified with a
probability function, albeit subjective probability since it is ostensibly the
property of the agent in question. Of course this could really be said to be
an aside to the purely mathematical study of PIL and hence dispensable.
The advantage of considering this argument however is that by linking
belief and subjective probability it better enables us to appreciate and
translate into mathematical formalism the many rational principles we
shall later encounter.'’

The idea of the Dutch Book argument is that it identifies ‘belief” with
willingness to bet. So suppose, as in the context of PIL explained above,
we have an agent!® inhabiting some unknown structure M € 7 L (which
one imagines will eventually be revealed to decide the wager) and that
0 € SL,0 < p <1 and for a stake s > 0 the agent is offered a choice of
one of two wagers:

(Betl,) Wins(1— p)if M E 0. lose spif M ¥ 0.
(Bet2,) Win sp if M ¥ 0. lose s(1 — p)if M F 0.

If the agent would not be happy to accept Betl, we assume that it is
because the agent thinks that the bet is to his/her disadvantage and hence
to the advantage of the bookmaker. But in that case Bet2, allows the
agent to swap roles with the bookmaker so s/he should now see that bet
as being to his/her advantage, and hence acceptable. In summary then,
we may suppose that for any 0 < p < 1 at least one of Betl, and Bet2,

13There are several other rational justifications for belief being identified with probability,
notably L. Savage’s based on Expected Utility, [128]. and J. Joyce’s based on Accuracy
Domination, [59]. See also R. Pettigrew and H. Leitgeb’s [82]. [83]., [119].

10For this purpose we may suppose that we have selected an agent who does not suffer
from any aversion to gambling, is fully committed to winning, and his/her decisions are not
affected by the size of the stakes.

25
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is acceptable to the agent. In particular we may assume that Betl, and
Bet2; are acceptable since in both cases the agent has nothing to lose and
everything to gain.

Now suppose that Betl, was acceptable to the agent and 0 < ¢ < p.
Then Betl, should also be acceptable to the agent!” since it would result
in a greater return, s(1 — ¢), than Betl , if @ turns out to be true in M and
a smaller loss. sq. than Betl, if 0 turns out to be false. Similarly if Bet2,
is acceptable to the agent and p < ¢ < 1 then Bet2, should be acceptable
to the agent.

From this it follows that those p € [0, 1] for which Betl , is acceptable
to the agent form an initial segment of the interval [0, 1], those for which
Bet2), is acceptable form a final segment and every p is in one or other of
these segments, possibly even both.

Define Bel(0) to be the supremum of those p € [0, 1] for which Betl,
is acceptable to the agent. We can argue that Be/(0) is a measure of the
agent’s willingness to bet on ¢ and in turn take this to quantify the agent’s
belief that # is true in M. For if the agent strongly believes that 0 is
true then s/he would be willing to risk a small potential gain of s(1 — p)
against a large potential loss of sp, simply because s/he strongly expects
that gain, albeit small. In other words the agent would favour Betl, even
for p quite close to 1. From this viewpoint then Bel/(0) represents the top
limit of the agent’s belief in 6.8

We now impose a further rationality requirement on the agent: That
s/he does not allow a (possibly infinite) set of simultaneous bets each
of which is acceptable to him/her but whose combined effect is to cause
the agent certain loss no matter what the ambient structure M € TL
turns out to be. In gambling parlance that the agent cannot be ‘Dutch
Booked’.

To formalize this idea first observe that if the agent accepts Betl, s/he
will in the event of the ambient structure being M gain

s(L=p)Vu(0) —sp(1 =V (0)) = s(Viu (6) — p)

where V), was defined on page 12 and loss is identified with negative gain.
Clearly in Bet2,, the gain is minus this, i.e. —s(V/(0) — p).

So the agent could be certainly be Dutch Booked if there were countable
sets A, B and sentences 0;. stakes 5; > 0. p; € [0. Bel(0;))"° fori € A.
and sentences ¢;. stakes 7; > 0. ¢; € (Bel(¢;).1]for j € B. and K > 0

17 Assuming that s/he is ‘rational’.

18 A common assumption in accounts of this material is that the agent is also willing to
accept Betl, on 6 when p = Bel(). This seems to us unjustified and in any case is not
necessary for the subsequent derivations in this chapter.

191f Bel (0;) = 0 then we take this interval to be {0} since we have already assumed that
Betlj on 6; is always acceptable to the agent. We adopt a similar convention for the other
possible extreme belief values.
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such that the series below converge®,

Zsi(VM(ei)_pi)+Z(_tj)(VM(¢j)_(Ij) <0 (19)

icA jEB
and

‘Zsi(VM(Hi)_pi))s ‘le(VM(¢j>_(Jj) <K (20)
ied jeB

for all M € T L. For in this case the agent would accept Betl,, for 0; at
stake s; for each i € 4 and similarly would accept Bet2,, for ¢; at stake
t; for each j € B, and condition (20) ensures that it would be feasible?!
to so do. but the result of simultaneously placing all these bets would, by
(19). be negative no matter what M € T L was.

We now show that imposing the condition that there exists no Dutch
Book??, that is that no such p;. s;. 0; etc. exist, forces Bel to satisfy (P1-3)
and hence to be a probability function according to our definition. The
original proof of this is due to de Finetti, [25], for (P1-2). Williamson,
see [145, Theorem 5.1], gives a Dutch Book argument for (P3) though the
one we present here is somewhat different.

THEOREM 5.1. Suppose that for Bel : SL — [0, 1] there are no countable
sets A, B. sentences 0; € SL, p; € [0, Bel(0;)). stakes s; for i € A etc. such
that (19), (20) hold for all M € T L. Then Bel satisfies (P1-3).

PrOOF. For (P1) suppose that @ € SL and 0 but Be/(0) < 1. Then

for Bel(0) < g < 1 the agent accepts Bet2,. But since V,(0) = 1 for all
M € T L we have that with stake 1,

(-D)(Vyu(@)—q)=qg—-1<0

which gives an instance of (19), contradiction.
Now suppose that (P2) fails, say 0. ¢ € SL are such that 0 F —¢ but

Bel(0) + Bel(¢) < Bel(0 V ¢).

Then 6 E —¢ forces that at most one of 6, ¢ can be true in any M € TL
SO

Vi 0V @) = Vi (0) + V().

Pick p > Bel(0). ¢ > Bel(¢). r < Bel(0 V ¢) such that p + ¢ < r. Then
with stakes 1,1.1,

(=D (0)=p)+(=1)(Var () —q) + (Vi (0V ) —1) = (p+¢) —r <0

20A simple condition sufficient for the convergence and (20) is that the sum of all the
stakes involved be finite.

2ln the sense of the agent or the bookmaker only being exposed to a finite loss even in
the worst possible case.

22Synonymously that the system of bets is ‘coherent’.
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giving an instance of (19) and contradicting our assumption. A similar
argument when

Bel(0) + Bel(¢) > Bel(0V ¢)

shows that this cannot hold either so we must have equality here.

Finally suppose that 3x yw(x) € SL. By Proposition 3.3 and the fact
that we have already proved that (P1), (P2) hold for Bel. it is enough to
derive a contradiction from the assumption that

oo n—1
>~ el (lan) A=\ wla)) # BelGx p(x)).
n=1 i=1

Notice that since the sentences on the left hand side here are disjoint both
sides are bounded by 1.

We cannot have > here since then that would hold for the sum of a finite
number of terms on the left hand side, contradicting Proposition 3.1(c)
etc.. So we may suppose that we have < here. In this case we can pick

Pn > Bel(t//(a,,) A - \/ z,y(ai)) forn=1,2,...

and r < Bel (3x y(x)) with Y| p, < r. Since for M € TL,

Vi (3x wi(x ZVM< ﬁn\_/ll//(ai))
i=1

we get, as with the argument above for (P2), that for all stakes 1,

(VB y(x —r+z (7 ((an>Aﬁ’X/lw<ai>)—pn)

(oo}
:—r—|—2pn<0,

giving an instance of (19) (and (20)) in contradiction to our assumption.
_|

The Dutch Book argument can also be extended to conditional bets to
justify the standard definition of the derived conditional probability given
by (17). The idea is that not only is the agent offered unconditional bets
as above but also bets on 8 € SL being true in M given that ¢ € SL has
turned out to be true in M. Similarly to the above unconditional case
then for 0, ¢ € SL, 0 < p < 1 and for a stake s > 0 the agent is offered a
choice of one of two wagers:

(CBetl,) If M E ¢ win s(1 — p)if M 0. lose sp if M ¥ 0:
(CBet2,) If M E ¢ win sp if M 0. lose s(1 — p) if M F 0:
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with all bets null and void if M ¥ ¢. Now define Bel(0|¢) to be the
supremum of those p € [0.1] for which CBetl, is acceptable to the
agent?. Notice that in this case accepting CBetl , for a stake s > 0 means
gaining (negative gain equals loss)

sV (@) (Va(0) — p)

whilst accepting CBet2, means gaining minus this.

With this extension the agent’s belief function Bel/ could be Dutch
Booked if there were countable sets 4, B, C, D, sentences 0;, stakes s; > 0,
pi €[0.Bel(0;)) for i € A, sentences ¢;. stakes t; > 0, ¢; € (Bel(¢;).1]
for i € B, sentences #;. y;, stakes u; > 0, r; € [0, Bel(n; | y;)) fori € C,
sentences (;, &;, stakes v; > 0, m; € (Bel({; | ;). 1]fori € D, and K > 0
such that the series below converge?* and for all M € TL we have

> siW(0) = pi) + > (=) (Var(¢i) — qi) +

icA ieB
ZulVM wi) (Vae(ni) = ri +Z DV (&) V(&) —mi) <0

ieC ieD
(21)
and
> s(vu(0) - po) \ZWM(@) @)
A cB
‘ZuiVM(l//z)(VM i) V(&) (V&) —my)| < K.
eC

(22)

THEOREM 5.2. Suppose that Bel : SL — [0,1], Bel(.|.) : SL x SL —
[0, 1] cannot be Dutch Booked in the above sense (21), (22). Then Bel (0 | ¢)-
Bel(¢) = Bel(0 A ).

ProoF. By Theorem 5.1 we can already assume that Be/ is a probability
function. Suppose first that

Bel (0| ¢) - Bel(¢) < Bel (0 A ¢). (23)
If Bel (0| ¢) < Bel (6 N ¢) then picking Bel (0 |¢) <r < p < Bel(0 A ¢)
gives
V@)V (0) —r) + V(O NG) —p)=1Vyu(d) —p<r—p<0
for any M, since V() Var(0) = Var(0 A ¢). contradicting the given

no Dutch Book condition. Hence with (23), Bel(¢) < 1. We also have
Bel (0| ¢) < 1 since otherwise Bel(¢) < Bel(0 A ¢), contradicting Bel

23When  —¢. this appears to require an impossible stretch of imagination on the part of
the agent. In this case we can define Bel (6 | ¢) arbitrarily.

24 Again, note that this convergence and (22) are guaranteed e.g. by the sum of all the
stakes involved being finite.
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being a probability function (Proposition 3.1(c)). Hence we can pick
Bel(0|¢) < r. Bel(¢p) < q. p < Bel(0 A ¢) with gr < p. But then
considering the corresponding wagers with stakes 1, r, 1 gives

V(@) Va(0) —r) —r(Var () — q) + (Ve (0 A ¢) — p)

and furnishes a Dutch Book since it is straightforward to check that its
value is rg — p < 0 regardless of M.

We have shown that (23) cannot hold. So if the required equality fails
it must be because

Bel(0|¢) - Bel(¢) > Bel(0 A ¢). (24)

But in this case pick Bel(6|¢) > r, Bel(¢p) > q. p > Bel(0 A ¢) with
qr > p and obtain a Dutch Book via

Vi (@) (Vi (0) —r) +r(Va () —q) — (Ve (0 A @) — p). B

Theorems 5.1 and 5.2 tell us then that the beliefs of a rational agent,
rational in the sense of not allowing him/herself to be Dutch Booked.
may be quantified as a probability function with conditional probability
satisfying (17). That however raises the question whether there might be
additional properties (P4), (P5) etc. of Bel which follow from there being
no Dutch Book. The answer to this is ‘No’. as the next theorem (due to
Kemeny, [63]. and Lehman, [81], for (P1-2)) shows.

THEOREM 5.3. Suppose that Bel : SL — [0, 1] is a probability function.
Then Bel cannot be (conditionally) Dutch Booked.

PrROOF. Suppose on the contrary that there were countable sets A, B,
C. D etc. such that (21). (22) held. Let up, be the measure> as in (2)
such that for § € SL,

Bel(0) = /TL Vi (0) duper (M).

‘We have
> si(Bel(0;) — pi) + > _(—1:)(Bel(¢7) — q:) +
icAd ieB
Z u;(Bel(n; N w;) —riBel(w;)) +
icC
> (—vi)(Bel (& A &) — miBel (&) =
ieD

23This identity will be derived as Corollary 7.2 and will not depend on the theorem we
are currently proving!
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Zs,»/ (Ve (0:) — pi) dupa (M) +

S ) [ (Va0 — a0 duena(00) +

icB TL
S / Ve A i) = 1 Var () dg (M) +
ieC

Z(_Ui)/ V(&G N &) —mi V(&) dupa (M) .

i€D TL

By (22) and Lebesgue’s Dominated Convergence Theorem, using the
facts that V(i A wi) = V(i) Vi (wi). Vi (& A G) = Vi (&) Var (G)
this further equals

/TL(ZSI(VM —p)+ D (1) (Var (i) —ai) +

icA ieB
S, VMwi)(VM(m)—nHZ(—v»VM<¢,-><VM<cl->—ml->) ditsa
ieC i€D
By (21) this is strictly negative. Hence also the expression we have
started with is strictly negative. but that is impossible since Bel (0;) — p; >
0. Bel(¢;) — qi < 0.
Bel (n; A yi) — riBel (y;) = Bel (y;)(Bel (n; | yi) —r;) > 0,
Bel({; N&;) — mBel (&) = Bel (&;)(Bel (i | &) — i) <0. -






Chapter 6

SOME BASIC PRINCIPLES

In the foregoing discussion we have frequently mentioned rational prin-
ciples, that is principles we might entertain our agent adhering to be-
cause of their purported rationality, but so far we have not actually spec-
ified any such principles. In this chapter we shall put that to rights
by mentioning three principles which are so basic, and in a sense rea-
sonable, that we shall frequently take them as assumptions in what fol-
lows.

As we shall see in the chapters which follow most of the principles which
have been proposed to date are justified by considerations of symmetry,
relevance and irrelevance. Of these it is the principles based on symme-
try?® (such as our original coin tossing example) which seem the most
compelling, the argument being that if we can demonstrate a symmetry
in the situation then it would be irrational of the agent to break that
symmetry when assigning probabilities.

One obvious such symmetry relates to the constants ay, >, a3, . ... The
agent has no reason to treat these any differently?’, a consideration which
leads to:?®

THE CONSTANT EXCHANGEABILITY PRINCIPLE, EX.
For 0(by.b,.....by) € SL® and (distinct) constants b, b5. . ... b},

w(0by.ba. ... by)) = w(Ob]. b ... b)), (25)

Equivalently, for any permutation ¢ € Sy+ (= the set of permutations
of NT),

w(@(ar.az.....an)) = w(0(a,0). Ay). - - Agim)))- (26)

261n Inductive Logic the word ‘symmetry’ is sometimes used where ‘loose analogy’ might
in our opinion be a more appropriate expression, see for example page 123.

2TThe subscripts on the a’s are simply to allow us to list them easily. The agent is not
supposed to ‘know’ that a; comes before a, which comes before ... in our list.

28Which in our context corresponds to Johnson’s Permutation Postulate, Carnap’s Axiom
of Symmetry (see A7 of his Axiom System for Inductive Logic. [130, page 974]). Kuiper’s
Strong Principle of Order Indifference, (see [73])

29Recall the convention of occasionally using by, bs. ... in place of aj,. ajy. ... etc. in
order to avoid double subscripts.

33
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Given the reasonableness of Ex we shall henceforth assume that it holds of
all the probability functions we consider, only re-iterating this on occasion
for emphasis.

It is worth noting here that in the statement of Ex it is enough that it
holds just for quantifier free formulae since we can then show it holds
generally by induction on the quantifier complexity of the Prenex Normal
Form equivalent of arbitrary ¢(ay. ay.....a,) € SL.** The key step in
this argument is when

Olar.as.....am) =3x1. X2, ... X WX, X020 XpL A1, Qo Gy).
In this case notice that for any n € N there are n < h < s € N such that
{%(1): Ag(2)s -+ > a(,(,,)} CH{ay.az,....a5} C {ag(l), Ag(2)s v -s aam}

SO,

w( \/ w(ail,aiz,...,aik,al,az,...,am)) (27)

i1.0p.nipg <n

= w( \/ V/(aa(h)’aa(iz)v" U (i)s Aa(1)s Ao (2)s - - - >aa(m)))

irdy... g <n

by inductive hypothesis,

Sw< \/ W(Cln,a,‘p.--,aik,ag(n,an(z),~~.,ag(m>))

i1,y <h

< w( \/ W(dg(i) Aa(i)s -+ Aoliy): Ao(1)> Aa(2)s - - - » an’(m)))
il,ig,....ikSS

=w( V W(ail,aiz,...,aik,al,az,...,am)),
il.iz ..... ikﬁs

by inductive hypothesis, and taking limits gives by Lemma 3.8 that

w@xy,..oxpw(Xar.az. ... an))
<w3x1.....xp w(X, Ag(1): Ag(2)s - - - ,a(,(m)))
<Sw@xp.....oxqp(Xana, ... ap)).

In what follows we shall observe that many of our principles have this
property: that it is enough to state them simply for quantifier free sentences
because they then extend to all sentences.

30Tn more detail, let Ql X Q}x‘i S Q,,x‘,’, w (X1, X5,.... X, d) be a sentence in Prenex
Normal Form logically equivalent to ¢. so w € QFSL and the Q; are blocks of like
quantifiers with the blocks being alternately 3’s and V’s. In this case the quantifier complexity
of this Prenex Normal Form sentence is n, the number of alternating blocks. The reason
for applying induction over this n rather than, say, the length of ¢, is that the disjunction in
(27) has lower quantifier complexity than ¢ despite being longer.
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As in the justification of the rationality of Ex we may argue that it
would, in the zero knowledge situation we are limiting ourselves to, be
irrational of an agent to treat any two relation symbols of the same arity
any differently. This leads to the following principle which in our context
corresponds to Carnap’s axioms A8 and A9 from his Axiom System for
Inductive Logic see [130, page 974].

THE PRINCIPLE OF PREDICATE EXCHANGEABILITY, PX.
If R, R’ are relation symbols of L with the same arity then for 0 € SL,

w(0) =w(0)

where 0" is the result of simultaneously replacing R by R’ and R’ by R
throughout 6.

Although in the statement of this principle we only transposed two re-
lation symbols repetition of this action (and the fact that any permutation
of a finite set can be represented as compositions of transpositions) gives
that if Ry, Ry. ..., Ry are relation symbols of L of the same arity, ¢ € S,
(the set of permutations of {1,2,....k}) and § € SL then w(f) = w(6’)
where 0 is the result of simultaneously replacing R; by R, ;) throughout
Ofori=1,2,....k.

Our final symmetry motivated principle in this chapter is perhaps
slightly more questionable. In this case the contention is that there is
a symmetry between any relation symbol R of L and its negation —R and
so our agent has no reason to treat R any differently than - R. Since -—R

is logically equivalent to R this finds expression in3':

THE STRONG NEGATION PRINCIPLE, SN.
For 0 € SL,

w(0) =w(0)
where 0 is the result of replacing each occurrence of R in 0 by —R.

Just as with Ex in the definitions of Px and SN we could equally well
have restricted 6 to being quantifier free since the given versions then
follow.

Obviously requiring w to satisfy these three principles severely restricts
the possible choices for w, an issue which we shall return to later. Notice
that for each of Ex, Px, SN if the probability function w on SL satisfies
the principle then so does its restriction w [ SL’ to a sublanguage L’.%?

3 There is also a weaker version of this principle. the Weak Negation Principle, motivated
by considering the symmetry as existing only when a/l relation symbols of L are being
replaced by their negations. Precisely.

The Weak Negation Principle, WN: For 0 € SL, w(0) = w(0"). where 0’ is the result of
simultaneously replacing each occurrence of a relation symbol in 0 by its negation.

In this monograph we do not study WN further.

2By L’ being a sublanguage of L we mean that the set of relation symbolsin L’ is a subset
of the set of relation symbols in L but L’ still has all the constant symbols a;, a5, a3. . ...
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At this point we shall prove a useful technical lemma concerning prob-
ability functions satisfying Ex and illustrate an application of it with a
corollary. Both the lemma and corollary are due to Gaifman, [30].

LEMMA 6.1. Let3xy,....xx w(x1.....xx. @) € SLand letby.by.bs. ...
be an infinite sequence of distinct constants including each of the a; in d.
Then for w a probability function on SL satisfying Ex,

w( @y oxep(xn..xg.d)) =

lim w( \/ z//(bi],biz,...,bik,c?)), (28)

n— 00

lim w( A w(b,-l,bl-z,...,bik,a")) (29)

In other words, in Lemma 3.8 we need not take the limit over all
a;,. dj,, . ... a;. just some infinite set of constants will suffice provided it
contains all those appearing in 4.

PrOOE. Let @ = (a,,. am,.-...ay,) and let j > n > max{m;,...,m,}
be such that

{amlsamzw--sam,} g {bl,bz,...,bn} g {a13a23""aj}-

Then there is a permutation of {a;.a»,....a;} which is fixed on @ and
maps {b1,bs.....b,} to {a1.a.....a,}. Hence by Ex,

w( \/ y/(bil,bl-z,...,b,-k,d')) :w( \/ t//(ail,aiz,...,aik,c?)>

i1 i, <n i, ipg <n

and the result follows from Lemma 3.8 for 3X w (X, &@). The case for
V¥ 0(x, @) follows by taking negations. B

COROLLARY 6.2. Suppose that the probability function w on SL satisfies
Ex and w0 A ¢) = w(0) - w(¢p) whenever 0,¢ € QFSL mention no
constants in common. Then w(0 N ¢) = w(0) - w(¢) for any 0.¢ € SL
which do not mention any constants in common.

Proor. The proofis by induction on the quantifier complexity of 0 A ¢
when written in Prenex Normal Form (recall the footnote on page 34).
By assumption the result is true if 6 A ¢ is quantifier free. To show the
induction step it is enough to consider

Ixpcoxp (X oo x @) A 3xg.oxp (X, .o xp d))

where @, @’ have no elements in common, the remaining cases being simi-
lar.
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Let by, by.bs.... be distinct constants containing those in @ and
bi.b5. by, ... a disjoint set of distinct constants containing those in a”.
By Lemma 6.1 for n large,

w(( \/ z//(bil,biz,...,bik,d')> & Axg. X l//(xl,...,xk,d’)>

i] Al'z ..... l‘/c Sn
and

w(( o n b b)) Elxl,...,xhiy(xl,...,xh,d")>

l’].l’z,..“ihgn

are close to 1 so by Lemma 3.7,

w@xp.oxpw(x X @) A Ixg L xp (XL xp d))
is close to
w( ) wlby b @n N\ b)),
i, <n iy <n

w@xp . oxpw(xr Xk @) - w@x. o xpp(xg . xg. d)).
The result follows. -






Chapter 7

SPECIFYING PROBABILITY FUNCTIONS

On the face of it it might appear that because of the great diversity of
sentences in SL probability functions would be very complicated objects
and not easily described. In fact thisisnot the case as we shall now explain.
The first step in this direction is the following theorem of Gaifman, [30]:

THEOREM 7.1. Suppose that w= : QFSL — [0, 1] satisfies (P1) and (P2)
Jor0,¢ € QFSL. Thenw™ has a unique extension to a probability function
w on SL satisfying (P1-3) for any 0, ¢, 3x w(x) € SL. Furthermore if w~
satisfies Ex, Px, SN (respectively) on QFSL then so will its extension w to
SL.

PrOOF. Let w™ be as in the statement of the theorem. For § € QFSL
the subsets

0l={MecTLIMEO}
of 7L form an algebra, A say, of sets and u,,— defined by
Uty ([0]) =w=(0) for0 e QFSL

is easily seen to be a finitely additive measure on this algebra.
Indeed u,,- is (trivially) a pre-measure. For suppose 0. ¢; € OFSL for
i € N with the [¢;] disjoint and

Uil =101. (30)
ieN
Then it must be the case that for some finite n
Ul =101,
i<n
otherwise
{—¢ili e N}U{0}
would be finitely satisfiable and hence, by the Compactness Theorem
for the Predicate Calculus, would be satisfiable in some structure for L.

Although this particular structure need not be in 7 L its substructure with
universe the {a;, @z, as, ...} will be, and will satisfy the same quantifier

39
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free sentences. thus contradicting (30). So from the disjointness of the
[¢:] we must have that [¢;] = 0 for i > n (so u,,- ([¢:]) = 0). giving

to- (10D = > wu-([6:) =Y - ([1)).

i<n ieN

and confirming the requirement to be a pre-measure.

Hence by Carathéodory’s Extension Theorem (see for example [4]) there
is a unique extension u,, of u,— defined on the g-algebra 5 generated by
A. Notice that for 3x w(x) € SL (where there may be some constants

appearing in w(x))
Bxy(x)]={MeTL|ME3Ixwy(x)}
={M eTL|ME y(a;), somei € N*}
= J{MeTLIMFy(a)}

ieN+
= Yyl (31)
iENY
so since B is closed under complements and countable unions 5 contains
all the sets [0] for 0 € SL.
Now define a function w on SL by setting

’u)(@) = /uw([g])

Notice that w extends w™ as u,, extends u,,-. Since y, is a measure w
satisfies (P1-2) and also (P3) from (31) and the fact that ., is countably
additive.

This probability function must be the unique extension of w~ to SL
satisfying (P1-3). For suppose that there was another such probability
function, u say. By Proposition 3.1(d) it is enough to show that « and w
agree on sentences 6 in Prenex Normal Form. But using Lemma 3.8 this
is straightforward to prove by induction on the quantifier complexity of 0
(recall the footnote on page 34).

The last part for Ex is clear by the earlier remarks on page 34 but
alternatively it can be shown as follows: Suppose on the contrary that
o € Sy and O(ay. as. . ... a,) € SL was such that

w(@(al, az, ..., am)) 7£ w(g(aa(l)» dg(2)> -+ > aa(m))) (32)
though w did satisfy Ex on QFSL. Define v : SL — [0, 1] by

v(q&(ail,aiz. e aik)) = w(qﬁ(aa_l(,-]), aa—|<i2), e aa.—l(l-k>)).

Clearly v is also a probability function on SL and agrees with w on QFSL
since w satisfies Ex on here. Hence by the previously proved uniqueness
we must have v = w on SL. But that contradicts (32). The cases of Px
and SN are similar. B
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We are now in a position to justify the assertion (2) which we made
earlier.

COROLLARY 7.2. Suppose that w is a probability function on SL. Then
Jfor some countably additive measure ., on the algebra B of subsets of T L,

w:/ Var du, (M).
TL

Proor. If we start with u~ = w | QFSL then the proof of Theorem 7.1
shows that there is a countably additive measure w, on B such that for
0 e SL,

u(0) = 1, ([07) = / Vo (0) dpu(M).

TL
But by uniqueness # must equal w and we can take u,, = u,. B

It is easy to see. by considering w (0 A #) when 0 < w(0) < 1, that the
Vs are precisely the probability functions on SL which satisfy w (0 A¢) =
w(0)-w(¢) forall 0. ¢ € SL. So this corollary is saying that a// probabil-
ity functions on SL are mixtures of such highly independent probability
functions. We shall see this feature repeated in a number of future repre-
sentation theorems for more limited classes of probability functions: The
probability functions in these classes are all mixtures of certain highly
‘independent’ members of that class, for example Theorems 9.1, 25.1,
32.1.

An immediate consequence of Corollary 7.2 is that in our question
Q the agent’s problem of how to rationally assign probabilities w(0) to
sentences 6 is equivalent to the problem of determining how to rationally
assign measure u,,(A) to Borel subsets 4 of 7 L. In other words how to
choose u,,. The considerations however which we might choose to invoke
in attempting to answer this latter question would seem to be statistical
rather than logical so that in practice this aspect is generally neglected (but
see page 122 for an example where it does seem to have been influential).

From this it follows that to specify a probability function on SL it is
enough to say how it acts on the quantifier free sentences. We now explain
how even that task can be simplified.

Asusual let L be our default language with relation symbols Ry, R, . ..,

R, of arities ry, 12, . ... 1, respectively. For distinct constants by, b,. . ... by,
coming from ay, ay. ..., a State Description for by, by, . ... b, 1s a sentence
of L of the form
q
/\ /\ +R;(c1.¢0. .0 Cpp)
i=1 C1.02.00p;
where the ¢, ¢, ..., ¢, range over all (not necessarily distinct) choices

from by, by, ....b,, and £ R; stands for either R; or —R;.
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A state description for by, b,....b, then tells us which of the
Ri(c1,ca,....¢;) hold and which do not hold for R; a relation symbol
from our language and any arguments from by, b5. . ... b,,. Hence any two
distinct® (inequivalent) state descriptions for b are exclusive in the sense
that their conjunction is inconsistent. We allow here the possibility that
m = 0 in which case the sole state description for these constants is a
tautology, for which we use the symbol T.

As an example here, if L has just the binary relation symbol R and the
unary relation (or predicate) symbol P then

P(ay) A=P(ay) N =R(ai.a1) A R(ay,az) A R(az. a1) A R(az. a»)

is a state description for ., a;.

Henceforth upper case ®, ®©, ¥ etc. will always be used for state descrip-
tions. In particular in an expression such as ) g a) --- it will be taken
that the sum is over all state descriptions for .

By the Disjunctive Normal Form Theorem (see for example [23, p49])
any 0(b1.b,.....b,) € OFSL is logically equivalent to a disjunction of
state descriptions for by, b, . ... b, say

Hence. since state descriptions are exclusive. using (P2) repeatedly.

w(O(F) = 3" w(©,(F). (33)
ies

From this it follows that the probability function w is determined on
QFSL, and hence on all of SL by Theorem 7.1, by its values on state
descriptions. Indeed since in (33) not all the by, bs. . . .. b,, need to actually
appear in 9(5) to determine w it is enough to know w just on the state
descriptions for ay. 3. ..., a,. m € N. Again from (33) if w satisfies Ex
on state descriptions then it will on all # € QFSL. and hence all 8 € SL
by the remarks on page 34, and similarly for the principles Px and SN.

In the other direction, if the function w is defined on the state descrip-
tions O(ay. ay. ....a,). m € N, to satisfy:
(1) w(®(al s Ady, ..., am)) > 0.
(i) w(T) = L.
(iii) w(®(ay, a.....ay)) =

Z 'U)((D(al,CQ,,,,’aerl)), (34)

BFollowing standard practice we shall, unless otherwise indicated. identify two state
descriptions if they are the same up o the ordering of their conjuncts. Since throughout we
will only really be concerned with sentences up to logical equivalence this abuse should not
cause any distress.
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(and notice that these are all properties that do hold for a probability
function on SL) then w extends to a probability function on QFSL, and
hence on SL. by setting (unambiguously by (iii))

’w(e(bl,bz,...,bm)) = Z w(@(al,az,...,ak)) (35)
G)(al ..... ak)|=0(b1 ~~~~~ bm)

where k is sufficiently large that all of the b; are amongst a;. as, . .., ai.
In the coming chapters we will rather often use this scheme to define
probability functions, and the following lemma will prove useful.

LEmMMA 7.3. Let w be a probability distribution and assume that whenever
m N, ®(ay....,a,) is a state description and T € S, then

w(@(ay.....am) = w(@(a,).....d;m))- (36)
Then w satisfies Ex.
Proor. If O(aj....,a,) is a state description and ¢ € Sy~ then there is
a permutation 7 € S,,,, where
m=max{a(1)....,a(n)}(>n),
such that7(i) = ¢(i) fori =1,2,....n. So

w(@)(al,...,an)): Z 'w((l)(al-,-naam))

@(d]....,ﬂ,y,)b@(d] ----- an)

=Y w@ay ). by (36),
O(ay.....an)F BO(ay.....a,)

= Z w(q)(ar(l)ﬁ""ar(m)))

(D(uf(l),..,iuf(m))f: G)(a,(]) ..... ar<,1))
= E w(WP(ay,....an))

= w(@(a(,m, e ag(,,))) .

It follows that w satisfies (26) on state descriptions and hence by virtue of
(33) on QFSL and consequently by Theorem 7.1 on all sentences. o

For this monograph we shall be almost exclusively concerned with prob-
ability functions w on SL. However as the proof of Theorem 7.1 shows
w has a unique extension w™ to the L, , sentences A of L given by
w*(A) = pw([A]). where

[Al={MeTL|ME, ,A} B

so we could instead have made this infinitary logic our setting, as indeed
is the case for the formative Scott-Krauss paper [132]. Our reason for
not wishing to do this is that in the context of question Q it seems to
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overburden our agent, at least at this early stage in the development of
his/her rationality.

We end this chapter by briefly sketching®* a property of the u,, which
is actually a special case of Gaifman-Snir’s [32, Theorem 2.1]. Let w be a
probability function on SL. From the standard proof of Carathéodory’s
Extension Theorem (see [4]). as used in the proof of Theorem 7.1, for
every ¢ > 0 and 0 € SL there is an open covering | J; c[¢:] of [0] with the
¢; € QFSL such that

([0 <> wu([6i]) < p ([0]) + &/2.
ieN
Hence. by taking y =/, ¢; for some suitably large n we have that
([0 = y]) =w(0 < y) > 1 e (37)

In other words every sentence of L can, in the sense of w, be approximated
arbitrarily closely by a quantifier free sentence of L.

Building on this one can show (see [32] for more details) the following,
where the ¢;, i € N, enumerate QFSL and for M € TL,

S — o if M FE ¢;.
T g ifME gy

THEOREM 7.4. Forw aprobability function on SL and 0 € SL, for almost
all M € TL (with respect to the measure i, ).

, 1 ifME0,
Jim w (0] L\n‘ﬁf(m) :{ 0 i'thﬁe,

where the limit is taken as undefined if the conditioning sentences have
probability zero eventually.

In other words, for almost all M € T L (with respect to the measure
) it is the case that

: (M) _
{eeSL|n15§Ow(0\ A ¢ )_1}
i<n
is the complete theory of M, and hence in our context determines M
uniquely.
Proor. Firstnotice that for almost all M we must havew(/\is” ¢§M)) >
0 so for almost all M, w(0 | A\, ¢,.<M>) is defined.

Thusif w(@) = 0 then for almost all M we willhavew (0 | A, ,, M)y =
0 and the result follows directly in this case. So henceforth assume that
w(0) > 0.

34This result will not be needed again in the following chapters. we include it simply out
of interest.
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By (37). given ¢ > 0 pick ¢, € QFSL such that w(0 < ¢) > 1 — &2
Let A be the set of sentences & of the form??

N\

i<n
for some n > k, with ¢ = 1 and such that
w(&)(1—2¢) > w(@AQ). (38)

w(/\qﬁf")(l ~ %) < w(eA /\qs;f)
i<s i<s
for all k < s < n. Then these & are disjoint and we must have

Zw(f) <e, (39)

EeA

but

otherwise
w(=(0 < ¢)) =D (w(&) — w0 A&)) > 26
ZeA
from (38). From this it follows that for each n > k.,
,uw({M For|Vk<s <n w( /\ (;SEM))(l —2) <w(@A /\ ¢§M))})
i<s i<s

is at least w (¢ ) — &. Hence replacing ¢, by 0 and taking the intersection
over all n,

wo({M F 0|k <n, w(L\n@M)) > 0and (1-2¢) <w(d] L\nw)})

is at least w(0) — 2¢. Starting with other ¢ > 0 we obtain a similar lower
bound for the measure of the set of M F 6 for which for all n eventually

w( A ¢§M>) > 0and (1 —2¢) < w(0| A ¢§M>)
i<n i<n
and intersecting these over a suitable decreasing sequence of ¢ gives that
wo({M E 0| Tim w(0] A ¢*) = 1}) = w(0).
i<n
It now follows that for only a measure zero set of M € T L do we have

M E 0 butnot lim, o w(0| A, -, ¢EM>) = 1 for some 0, from which the
required result follows. - -

35Recall the notation introduced on page 14.
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Chapter 8

INTRODUCTION TO UNARY PURE INDUCTIVE
LOGIC

In the initial investigations of Johnson and Carnap the language was
taken to be unary. That is, in the notation we are adopting here the re-
lation symbols Ri. R,..... R, of the language L all had arity 1. and so
would more commonly be referred to as ‘predicate’ symbols. Carnap,
[12, p123-4], and later Kemeny [64, p733-4]., did comment that gener-
alizing to polyadic relations was a future goal but with a few isolated
exceptions there was almost no movement in that direction for the next
60-70 years.

There seem to be at least three reasons for this. Firstly the subject, and
particularly the notation, becomes much more involved when we introduce
non-unary relation symbols, a point which Kemeny acknowledged in [64]
(appearing in 1963 though actually written in 1954). Secondly one’s
intuitions about what comprises rationality appear less well developed
with regard to binary, ternary, etc. relations, possibly because in the real
world they are not so often encountered, so the need to capture those
fainter whispers which do exist seems less immediately pressing. Thirdly,
for those working in the area there were more than enough issues to be
resolved within the purely unary Pure Inductive Logic.

For all of these reasons it seems quite natural to concentrate first on the
unary case. In addition many of the notions that this will lead us to study
will reappear later in the polyadic case where this prior familiarity, in a
relatively simple context, will provide an easy introduction and stepping
stone to what will follow.

Our method in this, and the next chapter, will be to introduce various
principles that one might argue our agent should observe on the grounds
of their perceived rationality, though we will not set very high demands
on what this amounts to. It will be enough that one is willing to entertain
the idea that these principles are somehow rational. As already indi-
cated these principles will largely arise from considerations of symmetry,
relevance and irrelevance. At the same time as introducing these princi-
ples we shall derive relationships between them, and ideally characterize
via a representation theorem the probability functions satisfying them, at

49



50 8. INTRODUCTION TO UNARY PURE INDUCTIVE LOGIC

least in the presence of some standing, basic principles, such as Constant
Exchangeability, Ex.

Before setting out on this path we will briefly review the notation of
the previous chapter as it applies in our new context of L having just
unary relation symbols Ry, R,...., R,. In this case a state description
O(by. b, ....b,) has the form

AN

H >&

equivalently?®, the form
/\ ap, (bl> (40>

where a(x), ax(x).....a(x) are the 29 atoms of L. that is formulae of
the form
iRl(x) A iRz(X) VARERWAN qu(X>.

We will adopt the convention that the atoms are listed in the ‘lexicographic’
order with negated occurrences of predicate symbols coming later, that is
e.g. for L = {Ry, Ry} we take a1 (x) = Ri(x) A Ry(x), aa(x) = Ri(x) A
—“Ry(x), a3(x) = 7R (x) A Ra(x). aa(x) = =R (x) A = Ra(x).

Notice that these atoms are pairwise disjoint or exclusive. i.e. = = (o (x)A
ay(x)) for i # k and also exhaustive in the sense that

24

FVx \/ a;(x)
j=1

In the light of Lemma 7.3 the simplification afforded by state descrip-
tions being now just conjunctions of atoms allows the Constant Exchange-
ability Principle. Ex, to be expressed in a particularly elegant form:

THE CONSTANT EXCHANGEABILITY PRINCIPLE (UNARY VERSION).

< /\ ap, (b ) depends only the signature (my,ma, ..., myq) of this state

descrlptlon, where m; = |{i | h; = j}|. (41)

To see the equivalence note that if w satisfies (41) then the condition
from Lemma 7.3 holds since for a permutation t € S,,, the state descrip-
tions A7, ay, (a;) and A", ap, (a,(;)) have the same signature. Hence w

satisfies Ex. Conversely, if w satlsﬁes Ex and ay,.....ay,. aj,.....a;,
are distinct constants and A", oy, (ax,). \i_; ag,(a;,) are state descrip-
tions with the same signature then there is a bijection o : {k1, ..., kp} —

{ji.-..jm} (extendable to ¢ € Sy+) such that AL a,(a;) is

36Up to logical equivalence, which is all that will matter.
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Aisi e, (ag,)) (up to a permutation of the conjuncts). and hence (41) is
satisfied.

An important point to note in this unary case is that once we know
which atom a constant b satisfies then we know everything there is to
know about b. This is different from the situation where we have, say, a
binary relation symbol R. For in that case knowing the state description
O(by, bs.....b,) satisfied by by. bs. . ... b, tells us nothing about whether
or not R(b1,bpt1).

This simple situation also makes it comparatively easy to specify various
probability functions. To give an example for a probability function which
we shall employ frequently in what follows let

_ 21 L
s X5 s = U, i
Dy = { (x1, x2 X)) € R™ | x X2 >0 E x;=1}

and let
C = <Cl,62,.. .,Czq> € Dy
Now define w; on state descriptions (40) as above by

m 24
’LUC-'( /\ ah,( ) H ’U)C Oéh H Cp = H C;nl (42)
i=1 j=1

where m; = |{i|h; = j}| for j = 1.2.....27 and the atoms are enu-
merated in the lexicographic ordering as explained on page 50. It seems
clear at this point that wz extends uniquely to a probability function on
QOFSL satisfying (P1-2) and then, again uniquely by Theorem 7.1. to a
probability function on SL.

Nevertheless, we should at least be aware of an imagined problem here:
We would certainly be alright if we had defined wz successively on the
state descriptions @1 (a;). ®(a;. a2). O3(ay. asr. az)., ... as in scheme (34).
However by defining w; on state descriptions for general strings of (dis-
tinct) constants by, bs. . .., by, are we not risking over-specifying wz? For-
tunately we do not. To see this suppose that we did define wz according
to the scheme (34) and let n be sufficiently large that b;. ..., b,, are all
amongst aj, ..., a,. Then

we(Aon®) = ¥ wd®lan...a)
i=1

(IJ(al .,....u,,)F:/\;.”:l Qpy (bl)

where the @ are state descriptions as usual. But since in these @ there is
a free choice of which atoms are satisfied by the a; which do not appear

amongst by, . ... . b,, (and just one choice for those that do) this sum is just
what we get if we multiply out 4,4, ... A, where
Ch, if Clj = bl',
A] = lzq .
k=1 Ck lfa./' ¢ {b],...,bm},
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and since Z,zc/:l ¢y is 1 this gives [ [/, ¢, and there is no over specification.

We have spent some time here explaining this vacuous, as it turns out,
concern. The reason for doing so is because we will meet similar situations
in future where, without further explanation, the reader will be expected
to see that they are similarly vacuous.

Notice that w satisfies Ex but not Px nor SN except for rather special
choices of ¢.

The w; are characterized by satisfying Ex and the following principle
from [44]:%

THE CONSTANT IRRELEVANCE PRINCIPLE, IP.

If 0, ¢ € QFSL have no constant symbols in common then

w(@ A ) =w(0) w(p)
ProPoOSITION 8.1. Let w be a probability function on SL satisfying Ex.
Then w satisfies IP just if w = wg for some ¢ € Dy.
Proor. Firstnotice that for & € Dy, and state descriptions A}_, a, (a;,).
A g, (ax,) with no constant symbols in common,

wt_"( /n\ ay,; (aj[) A )n\agi(aki)) = ﬁchi ’ ﬁcgi
i=1 i=l1 i=1 i=1

wg( /n\ Qp, (ajl.)) . ’LU;( 7\ ag,(aki)).
i=1 i=1

Hence if 0,¢ € QFSL have no constant symbols in common and 6§ =
\/;.:1 0;.¢ =\/,_, D, with the O, @, state descriptions (for the g; in 0. ¢
respectively) then

j=1 t=1 j=11=1
r N ¥ S
=YY we@; A D) =D we(®)) - weD,)
j=1 t=1 j=1 t=1
r N

Conversely if w satisfies Ex and IP then by repeated application

w( Aen(a;)) =TT wlen (@) = [T wla, (@) =] e
i=1 i=1 i=1 i=1

where ¢; = w(a;(a;)) fori = 1,2,....2¢. Since w is determined by its
values on state descriptions this forces w = wg, as required. .

37Such probability functions are also referred to as ‘product probability functions’. for
example in [69].
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Recall that by Corollary 6.2 if the probability function w on SL satisfies
w(@ A @) = w(0) - w(ep) for all 0,¢ € QFSL mentioning no constants
in common then this also holds even for 6, ¢ € SL. Consequently by the
above proposition for any 6, ¢ € SL mentioning no constants in common,
we(O N @) = wz(0) - wz(¢). In particular then for € SL not mentioning
any constants at all

we(0) = ws(0 A O) = w(0)*

so wg(0) is either 0 or 1.

We end this chapter by introducing a convenient abbreviation which
on some future occasions will spare us having to write out excessively
long sentences. Namely, we may express a state description with signature
(my,my. ..., my) in the form

24
my . my myq m;
Qp Oy~ ... Oy or /\ai
i=1

where the unmentioned instantiating constants are implicitly assumed to
avoid any unintended duplication with other constants appearing in the
context. Notice that by our standing assumption of Ex as far as proba-
bility values are concerned it does not otherwise matter which (distinct)
constants these are.






Chapter 9

DE FINETTI’S REPRESENTATION THEOREM

As observed in the previous chapter for w a probability function satisfying
Ex (as usual) the value of w on a state description,

w( Aan b))
i=1

does not depend on the order of the ay, (b;) (by Proposition 3.1(d))
nor on particular instantiating constants by, b, ..., b,. All it depends
on is the signature of this state description, in other words the vector
(my.mj. ... .my) where m; = |{i|h; = j }| is the number of times that
a;(x) appears amongst the ay, (x). ap, (x). ...y, (X).

This dependence on the signature is seen clearly in the following theo-
rem, a version of de Finetti’s Representation Theorem for Exchangeable
Probability Functions. see [26]. appropriate to our present context.

DE FINETTI’S REPRESENTATION THEOREM 9.1. Let L be a unary language
with® g relation symbols and let w be a probability function on SL satisfying
Ex. Then there is a measure®® u on the Borel subsets of D such that

m 21
w( N ®) = [ T dut)
i=1 Do j—1

_ / we( i/\]ah,.<b,~>) du(). (43)

where mj = |{i |h; = j}| for j =1.2,....,2.

Conversely, given a measure u on the Borel subsets of Dy the function w
defined by (43) extends (uniquely) to a probability function on SL satisfying
Ex.

3The forthcoming proof of Theorem 25.1 will, as a special case, provide an alternative
proof of de Finetti’s Theorem to the one given here.

¥The default assumption throughout is that we are working in a language L with ¢
relation symbols.

40Recall that all measures considered in this monograph will be assumed to be normalized
and countably additive unless otherwise stated.
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Proor. To simplify the notation assume that ¢ = 1. the full case being
an immediate generalization. So there are just two atoms, o (x) = R;(x)
and a>(x) = =R (x). Let w be a probability function satisfying Ex and
define

n+k

win k) =w( /\ an (b)) (44)
i=1

where n = |[{i|h; = 1} and k = |{i|h = 2}|. Notice that since
w satisfies Ex the order of the 4; and the choice of distinct constants

.. ) k
by, by, ..., b, hereisimmaterial. Hence for fixed n, k there are (n : >

distinct possibilities for the ordering of the /1, /5, . .., hyi. Letr >n+k.
Then from (33)

1:umm:r§;(:)meg (45)

and

wt = (7" Yt (46)

ry—n
l‘l+r2:r
n<ry.k<ry

From (45) let u, be the discrete measure on D, which puts measure

(e

on the point (r; /r, r2/r) € D,. Note that from (46) we obtain that w(n, k)

equals
—1
r—n—=k r r
= () (e o
rytry=r r—n r r
n<ry.k<ry
‘We shall show that

r—n—=k ) <r1)” (72>k
ry—n r r r
tends to 0 as r — oo uniformly in ry, 5.
Notice that the left hand term in (48) can be written as

(1 (22 ) DY s
r/ \r 1=rY-(I=(+k-1r1 '

(49)

We now consider cases. If n = k = 0 then (48) is zero. If k > 0 and
ry < /7 then both terms in (48) are less than %/ < y~1/2_ and similarly
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ifn>0andr <+/r. Ifk>0andr, > +/r and eithern = 0 or r; > /1
then using (49) and the fact that r;/r, r/r < 1 we see that (48) is at most

(L= VF ) (= = DY = 7 (L (k= D)VF )
1=r0-(I=(m+k-1Dr1" .

Similarly if n > 0 and r; > +/r and either k = 0 or r, > /7, and together
we have covered all cases.
Hence from (45) and (47) w(n. k) equals the limit as » — oo of

1—

Z <r71) (%)kM{W r.ra/r)}). (50)

In turn this equals the limit of the same expressions but summed simply
over 0 < r1.1, 11 + 12 = r since from (45) (or trivially if n = 0),

Z (ﬂy (Q>kﬂr({<rl/r,1’2/r>}), etc.

rytrp=r ¥ ¥
rp<n k<ry

tends to zero as r — oo.
In other words,

wn. k)= lim [ x7x¥du,((x;.x2)). (51)
r—=o0 Jp,

By Prohorov’s Theorem, see for example [7, Theorem 5.1]. since D is
compact the u, have a subsequence y;, weakly convergent to a countably
additive measure u, meaning that for any continuous function f (xj, x»)

lim [ f (e x2) dug, (1. 32)) = [ f (31, x2) du((x1, x2)).
r—oo D, D,
Using this the required result follows from (51).
Finally the converse result, that functions w defined by (43) extend to
probability functions on SL satisfying Ex is entirely straightforward. -

From (43) it follows that the integrals

S (x1.x2) dul{x1. x2))
D,
are uniquely determined by w for any polynomial f (xi, x,). and hence
(see for example [7]) that u must be the unique measure satisfying (43).
We shall call this measure the de Finetti prior of w.
De Finetti’s Theorem generalizes directly to SL and indeed in what
follows we shall use that name in this extended sense. Precisely:

COROLLARY 9.2. Let w be a probability function on SL satisfying Ex.
Then there is a measure u on Dy, (the de Finetti prior of w in fact) such that
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for0 e SL,
wwzjlmm@m. (52)

Conversely given a measure u on Da, w defined by (52) is a probability
function on SL satisfying Ex.

In other words every probability function w on SL is a convex mixture
w= [ wedu(o) (53)
Dy

of the w; for ¢ € Dy,.

ProOF. Theorem 9.1 gives this for ¢ a state description, hence imme-
diately for & € QFSL. and then in turn for any 0 € SL by induction
on quantifier complexity, Lemma 3.8 and Lebesgue’s Dominated Conver-
gence Theorem. The converse follows by checking (P1-3) noting that the
functions X — wg(0) are measurable. -

In what follows we shall see a number of analogous representation
theorems and will customarily make this step from state descriptions to
arbitrary sentences, eventually without explicit mention of the (common)
underlying justification.

As we shall subsequently see de Finetti’s Representation Theorem, and
theorems like it, can be particularly powerful since on occasions it is
enough to establish that a property holds for a probability function w
by showing that it holds for the (relatively simple) probability functions
wg and then observing that the property is preserved by convex combi-
nations, and so holds too for w. Indeed this is a general feature of such
representation theorems which we shall exploit in the chapters to come.

As a simple example of such a result notice that for real numbers b, c,

b*x? 4 ¢*x3 > 2bex xs
since (bx; — cx2)? > 0. Hence
bwe(on (1) Aar(a2)) +Pwelon(ar) Aaa(az)) > 2bcws(ai(ar) Aan(az))
and from (53), for w satisfying Ex,

brw(ay(ar) A au(ar)) + *wlaa(ar) A aa(ar)) > 2bcw(an(ar) A ax(as)).
(54)

Thus at least one of

b*w(a(a)) A aj(ay)) > bew(a(ar) A aa(ay)).

Fw(en(a)) A as(ar)) > bew(en(ar) A as(a)).
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must hold. Putting » = ¢ = 1 and using Ex to permute constants this
gives that at least one of
w(ai(a)|ai(ar) > w )
w(as(az) [on(ar)) > wlai(ar) | aalar)).
must hold. Similarly putting » = w(aa(a;)). ¢ = w(oy(ay)) it gives that
at least one of
w(a(az) [ai(ar)) > wlai(az) | axlar)).
w(aa(az) [on(ar)) > wlaa(az) | ailar)).

must hold. In other words we cannot have o, (a;) being stronger evidence
for a1 (a») than aq(ay) is and at the same time have a4 (@) being stronger
evidence for an(a») than a;(ap) is (though it is easy to see that we can
have both separately).

At this point it will be useful to mention a fact about de Finetti priors
which will be used on occasion in the forthcoming chapters. Suppose
that L' = {Ry. Rs..... Ry. R 41} is the result of adding one new (unary)
relation symbol to L. so we may take the atoms of L’ to be, in order,

ai(x) ARy 11(x), a1 (x) ARy 1(x). aa(x) ARgi1(x), an(x) A= Ry41(x).
oo (X)) A Rq+1(x),a2q(x) A —\Rq“(x).

Let w’ be a probability function on SL’ satisfying Ex and with de Finetti
prior &' on
041

quﬂ :{<X1,xz,...,)€2¢/+l> S quﬂ ‘X],....,thﬁl 2 O,in = 1}
i=1

and let w = w’ | SL, the restriction of w’ to SL. Then clearly w also
satisfies Ex and with the notation of the above theorem,

w(i/rj\lahi (bi)) Z/D ﬁ(yzjq + y2;)"™ du' (7)

20+l =1

24

= [ L dut (59)

=1
where u is the measure defined on the Borel subsets 4 of Dy, by
u(A4) =
q+1
,u’{(yl, Y2, ..ns y24+1> S Rzl | <y1—‘ry2, V3tV4, ..., y2q+|,1+y24+1> S A}

(see for example [126]). By uniqueness x must be the de Finetti prior
of w.
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Recall that we are assuming of all the probability functions we consider
that they satisfy Ex. only mentioning it explicitly for emphasis or as a
reminder. Thus we will always have de Finetti’s Representation Theorem
at our disposal when working, as in this part, with unary probability
functions.

This theorem has to date proved to be by far the most important tool
we have for studying PIL. Moreover it often provides insights which we
cannot (currently) imagine gaining by any other route. In the following
chapters we shall give further examples of this but for the moment we
shall look at two notions, regularity and universal certainty.



Chapter 10

REGULARITY AND UNIVERSAL CERTAINTY

A rational principle assumed by Carnap (see for example [12, §55A])
was:

THE PRINCIPLE OF REGULARITY, REG.
For satisfiable § € QFSL. w(0) > 0.

Notice that since any satisfiable § € QFSL is logically equivalent to
a non-empty disjunction of state descriptions (each of which is obviously
satisfiable) we could equally require 0 to be a state description in the
statement of the Regularity Principle.

The obvious justification for this principle is that if it is possible for 6
to hold then the agent should give 6 at least some non-zero probability.
After all the agent seemingly has no grounds on which to dismiss 6 as
impossible.*!"#> Apart from this assuming Reg has the practical advantage
that all probabilities conditioned on satisfiable quantifier free sentences,
such as state descriptions, are well defined without the need to invoke ‘the
convention’.

Clearly Reg is not dependent on the language being purely unary and
indeed we shall later blithely carry it over to polyadic languages.

The plan now is to give a characterization, in terms of their de Finetti
priors, of those probability functions for a unary language which sat-
isfy Reg. At the same time this will illuminate why Reg is restricted to
quantifier free sentences. First however we need some notation and an
observation. We begin with the notation.

Let w be a probability function on SL and y its de Finetti prior. For
04T C{1.2,...,29} let

NT:{€€D24‘C[>0 1 iET}.

410ne might feel that the agent would similarly not have any grounds for dismissing as
impossible a satisfiable non-quantifier free sentence either, but as we shall shortly see on
further reflection that is not quite so evident.

42In [133] Shimony gives a ‘strict’ Dutch Book argument for Be/ to satisfy Reg (strength-
ened to an equivalence in [63], [81]). However this also requires the additional assumption
mentioned in a footnote on page 26 that even for p = Bel(0) the agent is willing to accept
Bet; (p) on 0.
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If u(N7) > 0 let ur be the measure on Dy such that for a Borel set
A C Dy,

u(ANNr)

A) =221

wrld) = T

whilstif u(N7) = 0let ur be any measure on Dy (this is just for notational
convenience, it will not actually figure in what follows). Let w7 be the
probability function whose de Finetti prior is x7. Then

#:ZM(NT)#T (56)

(where the summation is over ) # 7 C {1,2,...,29}) and

w=[ wedu()
/qu (Z,u Nr)pr(X )
:Z”(NT)/ wy dur(X)
T

Dy

:Zﬂ(NT)wT- (57)
T

Turning to the ‘observation’ let w € SL, say the constants mentioned
in y are amongst by, b2, . .., b,. By the Prenex Normal Form Theorem w
is logically equlvalent to some quantifier free formula ¢(x;. x3. . ... X,. 5)
preceded by a block Qx of quantifiers. Since L is unary, by the D1s1unct1ve
Normal Form Theorem,

0% ¢ = 0% \/ (A @, () A N, (8)) (8)
Jj=1 i=l

for some gy ;. hi;. By repeated use of standard logical equivalences, for
example
Vxidx, (a1 (X1) A az(Xz)) =Vx o (Xl) A dx, az(Xz),
24
Vi (en(x1) V aa(x1)) = \ =3x1 (1),

i=3
on the right hand side formula in (58) and changing variables if necessary
we can replace this by a boolean combination of the +3x «;(x), for all
j =1.2.....2% and the o, (b;) which appear in y to produce an equivalent
of y of the form

27 m

!
V (A 35 a0 8 Nay, () (59)
i=1

k=1 j=I
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where all these disjuncts are disjoint and satisfiable. (Note that if  is
not satisfiable then this will be the empty disjunction, which as usual we
identify with a contradiction.)®
In this case the value of w on w will be the sum of its values on these
disjuncts, each of which will be the weighted sum of the w7 on this disjunct
for u(N7) # 0. Consider such a disjunct, say
m
wr (A Fxas () A A\ ~3xay(x) A A ey, (). (60)
jes j¢s i=1
where we have collected together the negative —3x a;(x), and similarly
the positive 3x e (x). conjuncts.
ProposiTION 10.1. Under the assumption that u(Nt) # 0 the value of
(60) is non-zero if and only if S = T .
ProoF. First suppose that S = 7. Then because this term is satisfiable
all of the f; must be in S, equivalently 7', so

wr(f\lafk,-(bi)) :/D f[xfk,- dur(X)

is greater than zero since []7", x,, is greater than zero on N7.
Now let j ¢ S = T. Then by Proposition 3.1(d),

wr(=3x a;(x)) = wr (Vx —a(x))

r

= Jim wr (\ ey (@)
= Jim wr( AV ei(a)
i=11#)
=,,lgrgo/NT (;x,) dpr ()
—lim [ U dur(s) (61)
r—oo Jn,

which of course equals 1.

43 A possibly slightly surprising consequence of this representation is that up to logical

equivalence there are only finitely many different sentences w (a;,. . . .. a;, ) for a fixed choice
of i1.....i, and hence the set of values
{wy(a..... ai,)) | wlai. ... a;,) € SL}

is finite. Indeed under our standing assumption of Ex it is the same set for all choices of
(distinct) @, . . ... a;,. This does not hold in general for polyadic languages, see [53].
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Now suppose that j € S = T. Then as above we obtain that

. r —
wr(~3x () = tim [ (D %) dur().
TN N
However now ), X < 1 on N7 so the countable additivity of ur
ensures that this limit is

/NT Jim (;xt)rd,ur(f) = /Nr 0 dur(¥) =0. (62)

Putting these three parts together and using Lemma 3.6 we obtain that

wr (A 3o (n N\ =3x as(In N ag, (0)) = wr ( N ay, (5:)) >0,
jer jer i=1 i=1
as required.

Now suppose that S # T. If j € S — T then by the argument in (61)
wr(=3x a;(x)) = 1 so wr(3x aj(x)) = 0 and since this is a conjunct in
(60) that too must get zero probability according to wr.

Finally suppose that j € T — S. Then by the argument in (62)
wr(—3x a;(x)) = 0 so0 again (60) must get probability 0. =

From this proposition we can draw several conclusions.

COROLLARY 10.2. For() £ T C {1.2,...,29} let

nr = /\ Ix a;(x) A /\ =-3x a;(x). (63)
JET j¢T
Then w(nr) = u(Nt) and when u(N7) > 0, wr(0) = w(0 | nr) and
w = Zw(ﬂr)wr. (64)
T

PrOOF. From the proof of Proposition 10.1 it follows that when w (N7) >
0, wr(ns) = 1if S = T and 0 otherwise. From (57) we now obtain (64)

and wr(0) = w(0 | n7) then follows directly. -
COROLLARY 10.3. The probability function w satisfies Reg if and only if
,Lt({C_"E]D)zq|Cl,C2,...,CZq>0})>0 (65)

where u is the de Finetti prior of w.
Proor. If (65) holds then for 7 = {1,2,...,27}, u(N7) > 0 and

m 24 m
wr(/\afk[(b[)) > wr( /\ x a;(x) A /\afk[(bi)) >0,
i=1 j=1 i=1
by the above proposition. So from (57)

w()n\afki (bi)) >0
i-1
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and w satisfies Reg since it gives each state description non-zero probabil-

1ty.
In the other direction suppose that (65) fails. Then since

2(1 2[/ 2‘/
/\a,-(a,-) = /\ Ix o (x) A /\oz,-(a,-),
i=1 j=1 i=1

by Proposition 10.1 the only wz which could possibly give a non-zero

contribution to
29
w ( N\ eila; ))
i=1

according to (57) is when 7 = {1,2,....29}. But by assumption, for this
T, /,t(NT) =0so

24
w(/\ai(a,-)) =0
i=1
and w does not satisfy Reg. —

By a directly similar argument we also obtain that:
COROLLARY 10.4.

w <Vx (\/ ay, (x))) >0
i=1
if and only if
u{ceDy|c;=0forj ¢ {h.hy....h}})>0.
where u is the de Finetti prior of w.

Together with the representation (59) we now have

THEOREM 10.5. For w a probability function with de Finetti prior u,
w(y) > 0 for all consistent w € SL just if u(N7) > 0 forall ) # T C
{1.2....,29}.

In other words, for w to satisfy regularity for all consistent sentences,
which we shall refer to as Super Regularity, SReg,* (sometimes called
Universal Certainty in the literature) its de Finetti prior u must give every
subset N7 of Dy, for ) £ T C {1,2,...,27} non-zero measure, a situation
which possibly seems perverse given that except for T = {1,2,...,27}
each of these sets is of lower dimension than that of the set Dy, .

Perhaps not surprisingly then few of the popular proposals for w within
Inductive Logic satisfy SReg. This is viewed as a serious problem by those
who feel that regularity should hold beyond just the quantifier free level,
that if  is consistent it should be blessed with non-zero probability, even
if it is not a tautology. In particular it is argued that a rational choice

44 As with Regularity we shall blithely carry over this notion to polyadic languages when
the time comes.
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of w should give some non-zero probability to all the a; satisfying the
same atom or proper subset of the atoms. A number of suggestions have
been made for w with this property by specifically arranging that its de
Finetti prior u satisfies the requirement of the above theorem, see for
example Hintikka [48], [47], [50], Hintikka & Niiniluoto [51], Niiniluoto
[92] (and for surveys [22. p87]. [72] and [93]). though from the standpoint
of PIL these would still seem to be somewhat ad hoc (on this point see the
remarks on page 121 after Theorem 17.7). Certainly deriving such a w
from other, more obviously logical, sources would seem to us preferable.

As already remarked most of the probability functions we naturally
meet in PIL actually have de Finetti priors which give all the sets Ny
for T # {1,2.....29} measure zero. For such probability functions
sentences of L act as if they are quantifier free, as captured in the following
proposition.

ProOPOSITION 10.6. Suppose that w has de Finetti prior u and u(N7) = 0
Jorall T C {1,...,29}. Then for y € SL thereis a ¢ € QFSL such that
forall0 € SL, w(y AO) =w(¢p A0).

ProOF. Given the representation of w in the form (59) let ¢ be the
disjunction of those

/\ ayz,, (b;)
i=1

where all the earlier conjuncts +3x a;(x) were actually Ix ;(x). Us-
ing Lemma 3.7 it is straightforward to see that this ¢ has the required
properties. o
We conclude this chapter with a lemma which will be required in Chap-
ter 17.
Let 7 be such that w(y7) > 0 and let Y% be the disjunction of all state

descriptions
m

/\ oy, (a;)
i=1

for which {h. hy,....hy,} = T.
Lemma 10.7.
(1) limpy—eo w(Y% < nr) = L.
(ii) For@ € SL,

lim w(Y7 A0) =wlyr A0) =wnr)wr(6).

m— o0

Proor. (i) By considering structures for the language L (not necessar-
ily in 7'L) we see that

24

/\ (onzj(x) “ \m/aj(a,-))
i=1

J=1
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logically implies Y% < #7 and hence —(Y% < 57) logically implies

m

\zq/—\(ﬂxa‘/(x) &\ ayla)).
Jj=1

i=1
Consequently

But since for any j the corresponding summand in this expression
equals

w(ﬂxaj(x) Aﬁ\ryl/aj(ai)) = w(ﬂxaj(x)) —w(\?aj(ai)) .

which by (P3) tends to zero as m — oo, it must be that
mli_r)lgow(T”T’ r)=1.
(ii) By Lemma 3.7,
[w(T7A0) —winr AO)| < 1—w(YTF < nr).

so the result follows from part (i). -






Chapter 11

RELEVANCE

In our initial example in the introduction, of forming beliefs about the
outcome of a coin toss, we noted three important considerations: symme-
try, irrelevance and relevance. We have already considered to some extent
the first two of these (though we shall have more to say later) and we now
come to consider the third, relevance. In that example we observed that
knowing that the previous eight coin tosses by this umpire had all been
heads would surely have seemed relevant as far as the imminent toss was
concerned.

Such an example seems to be a rather typical source of ‘relevance’:
Namely that the more frequently we (or our rational agent) have seen
some event in the past the more frequently we expect to see it in the future.
For example if I am looking out of my window and of the 6 birds I see
fly past all but the third are headed left to right I might reasonably expect
that more than likely the next bird observed will also be heading that way,
though precisely quantifying what I mean by ‘more than likely’ might still
be far from obvious.

Such examples have been very much philosophers’ main focus of study
in Carnap’s Inductive Logic, embodying as they do the very essence of ‘in-
duction’, with less attention being paid to our problem of the assignment
of beliefs, or probabilities, in general. In these examples Carnap et al
assumed the position that such past evidence should be incorporated via
conditioning (as explained already on page 22). Hence formalizing the
above bird example for illustration, in its simplest form ‘relevance’ tells us
that we should have

w(Ry(a7) | Ri(ar) AR (a2) A\=R(a3) ARy (as) ARy (as) ARy (as)) > 1/2.
(66)

A problem here of course is saying by how much the left hand side should
exceed one half.

As something of an aside at this point it might have appeared, from
the time that question Q was first posed, that it had an obvious an-
swer: Namely, if nothing is known then there is no reason to sup-
pose that any R;(a;) is any more probable than —R;(a;) (so both get

69
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probability 1/2), nor any reason to suppose that these R;(;) are in any
way (stochastically) dependent. It is easy to see that there is just one
probability function® whose assignment of values satisfies this property.
Unfortunately it gives, for example, equality in (66) rather the desired
inequality. So despite its naive appeal this (apparent) flaw means that
the subject of Carnap’s Inductive Logic has not immediately accepted the
supremacy of this probability function (and packed up and gone home
as a result!) but instead has blossomed into more esoteric considera-
tions.

Of course the examples above in support of ‘relevance’ are based on
particular interpretations, which as we have stressed would not be available
to the zero knowledge agent. On the other hand the agent could certainly
introspect along the lines that ‘if I learnt Ry(a;) A Ri(az) A =Ry (a3) A
Ri(as) AR1(as) AR (as) then would it not be reasonable for me to entertain
(66)7.46

It turns out that there are several ways of formally capturing this idea
that ‘the more times we have seen something in the past the more times
we should expect to see it in the future’ as a principle within PIL. We
shall introduce some of these in later chapters (in particular the Unary
Principle of Induction on page 161) but for the present we consider a
proposal by Carnap (see [16, chapter 13], [130, page 975]) which, with
some simplifications, can be formulated as:

THE PRINCIPLE OF INSTANTIAL RELEVANCE, PIR.
For0(ay, as. ....a,) € SL and atom o(x) of L.

w(a(ansa) |alan) N0 ar.as. ... ay)) > wlala,)|0(ar.as.. ... ay)).

(67)

This principle then captures the informal idea that in the presence of
‘evidence’ 0(ay, as. . . ., a,) the observation that a, satisfies a(x) should
enhance one’s belief that a,, will also satisfy a/(x).*

It is one of the pleasing successes of this subject that in fact PIR is a
consequence simply of Ex, a result first proved by Gaifman [31] (later
simplified by Humburg [54]).

THEOREM 11.1. Ex implies PIR

Proor. We will write & for ay. a. ..., a,. Let the probability function
w on SL satisfy Ex. Employing the notation of (67), let a(x) = o (x)
and denote 4 = w(0(&)). Then for u the de Finetti prior for w (using

4SWhich we shall soon meet as c% .

46To counter this however the agent could argue that according to the naively favoured
cL such biased conditioning evidence is rather unlikely in the first place so such a thought
experiment should not cause one to particularly alter one’s views!

470f course since we are assuming Ex the particular constants @; used here are irrelevant.
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the fact that by Proposition 8.1 the wy satisfy IP)

A= w0 )):/ we(0(@)) du(x) .

Dag

Sy

w(ai(anir) A O(@)) = / xwg(0(@)) du(F),

wle(nsa) A i (ans) A O(@)) = / wg(0(@)) du(F)

and (67) amounts to

([ wwso@)dut)" (o)

If A = 0 then this clearly holds (because the other two integrals are less
or equal to 4 and greater equal zero) so assume that 4 # 0. In that case
(68) is equivalent to

/ (i - / < ug(0(@) du(9)) wel0(@) du(®) > 0 (69)

as can be seen by multiplying out the square and dividing by 4. But
obviously, being an integral of a non-negative function, (69) holds, as
required. -

Clearly we can obtain more from this proof. For we can only have
equality in (69) if up to a measure zero set x; is constant on

{X € Dy |wx(0(a)) > 0}.

It is also interesting to note that we do not need to take an atom a(x)
in the statement of PIR, a minor revision of the above proof using the
observation following the proof of Proposition 8.1 gives that

THE EXTENDED PRINCIPLE OF INSTANTIAL RELEVANCE, EPIR.
For0(ay.as.....a,) € SL,¢(x,) € FL,

w(¢(an+2) |¢(an+1) NO(ay.a. . ... an)) > w(¢(an+2) ‘ 0(ar.a..... an))-
(70)

Theorem 11.1 is of interest for the following reason. A straight-off
argument one might think of for accepting support by induction (i.e.
that the more we’ve observed something in the past the more we should
expect to observe it in the future) is that it often seems to work in the
real world. However it can be argued that this reasoning is circular, that
one is basing one’s support on inductions often working in the future
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because ... they often worked in the past!*® What Theorem 11.1 shows
is that the past would be a reasonable guide to the future if one assumed
exchangeability, that globally the world was more or less uniform. Of
course one could in turn respond that this amounts to saying that the
future will be more or less similar to the past (cf for example Zabell [148]),
and put like that this ‘justification for induction’ again seems to be no more
than blatantly assuming what one wants to prove. Nevertheless when
induction is formalized by PIR and the uniformity of the world by Ex we
see that this implication becomes Theorem 11.1 and there is something to
prove. Indeed, in view of its reliance on de Finetti’s Theorem (or the like)
the proof is surprisingly complicated given the professed transparency of

its ‘blatantly assuming what one wants to prove’.*

#For an introduction to the ‘Problem(s) of Induction’, first highlighted in 1793 in David
Hume’s ‘A Treatise on Human Nature’, see [80], [142].

4The result does not go the other way however. see [117. footnote 6] for an example of a
probability function satisfying EPIR but not Ex.



Chapter 12

ASYMPTOTIC CONDITIONAL PROBABILITIES

The purpose of this chapter is to use de Finetti’s Representation Theorem
to prove a technical result (see also, for example, [42], [44]. [129, Theorem
7.78]) about the behaviour of certain conditional probabilities

w( Newlan)| Aan(a)
i=1 i=l

as m — oo which will provide a powerful tool in later applications.’

The intuition behind this result is as follows. Suppose w was our chosen
well behaved rational probability function and we then make (or imagine
making) a long sequence of observations

0

a/’l[ (a1)7 ahz(az)’ ah3 (a3)7 e a/’lm (a”’l)'

In that case we might feel that our initial subjective input into w should
be largely subordinate to this statistical evidence and in consequence that
the probability that a,,, | will satisfy a; (x) should be close to m; /m where
m; is the number of times that «; has occurred amongst the oy, ..., oy
More generally for fixed r the probability of

p
/\ Q; (an1+i>
i=1

m*

should be close to
I7(%%)
i M
To within some minor conditions on w this intuition is correct as the
forthcoming Corollary 12.2 will show. To set the scene for this result let

w satisfy (as usual) Ex and have de Finetti prior u. Notice then that with
the above notation

w( Newlann) | Aa(a)) -
i=1 i=1

2 i _

szq [Ty X" du(R)
2 _m =

fmzq Hiil x" du(X)

30Since this result, and its development in the next chapter, are indeed rather technical
the trusting reader could simply note the main theorems and jump to the gentler Chapter 14.
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where r; is the number of times that «; appears amongst the ay,. a4, .. ..
oy, . We shall assume that all the right hand side denominators here are
non-zero, as will indeed invariably be the case in the results which follow.

Leth = (b1.Da, ..., by) € Dy, be in the support of u, meaning that for
alle > 0, u(N,(b)) > 0. where

N,(b) = { X € Dy

As usual let [mb;] be the integer part of mb;, that is the largest integer less
or equal mb;. The following lemmas and corollaries in this chapter are
taken from [42].

Lemma 12.1. With the above notation and assumptions,

. szu l2"1 [mb,]+hd ( 9) 24
lim e [mb] du(% = H

e f]D)q i=1%

PrOOF. We begin by showing that for any natural numbers pi. pa. .. ..
Paq, possibly equal to 0, and for any v > 0

|X—b|<e}.

24

szq X mb +n; d/.t( )
21 b
szq i= 1 ’n ' dlu

for all m eventually, where n; = [(m + s)b;] — (m + s)b; + sb; + p; for
some fixed s > 2/b; whenever b; # 0 and n; = p; whenever b; = 0, for
i =1.2,...,29. Leth > 1 be an upper bound on the n; (for all m) and let
4 — [b:.h] ifb; #0,
r {biapi} lfbl =0.
Notice that the 4; do not depend on m and n; € A; for all m, i =
1,2,...,24.
Since the function

—Hb”' <. (71)

24
S (X1 X2 X ) fo”’*”
i=1
. . . 24 .
is uniformly continuous on Dy x [];_, 4; we can pick 0 < & < v such
o - 24
that for Z, 7 € Dy x [[;_, 4;.
2 2

I I Z~2‘1+1 | I tt2‘/+1

i=1 i=1

< v/2 whenever |7 — 7] < e. (72)

Also the function X’ — H?il x?

" is concave on Dy, taking its maximum
value at X = b. so there is a 0 > 0 such that

2 2

Hbf" > Hyf" + 20 whenever |j — 5| >¢&, 7 € Dy

i=1 i=1



12. AsympTOTIC CONDITIONAL PROBABILITIES 75
Again by the uniform continuity of the function f we canchoose 0 < 7 < ¢
- q
such that for Z, 7 € Dy X H%:l A;,

24 24

44 124 1
[I=" =114
i=1

i=1

< & whenever |7 — 7] < t. (73)

Hence for any ¥, j € Dy, with \)?—5| <, |)7'—l;\ >e,

24
i bi
i H Xi
i=1

126 — 0| =

21 2

T 11| -
i=1 i=1

2

21

bi bi

[ =117
i=1 i=1

For any such X, j then,

21 21

Hyl <Hx —6<Hx

SO
21

2
Lo < L1 -oym.
i=1 i=1
Let I,, denote the integral

2" mb n; =
szq i X d,u(x)
2‘/ mb,-
sz,, X du (X )

Then

fNE 2/ mb +”’d,u )? +f_,N 2/ x;;1bi+nidﬂ(f)

Im 24

?) s = (74)
stb X" dp(X) +LNS(5) ?:1 X" du (%)

s

where =N, (b) is short for Dy — N, (b).
We have that,

/ H xmb +n; d,u / H xmb d,u f)
=N, (b) >
< ‘/ﬁM(E Allflf {meb } )? 5)m
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Also,

/ mez)[dﬂ /N<b> % {meb }dﬂ(f)

N ()

xmb g (R xmb'd 7 ﬂ(_‘NF(_%))) 11—
/ﬁN; U wF) < /,F),Hl it )#(Nf(b)) o
20 ~
xmb,d e /u(_‘Ns(_’b)) 1—s5)™
S/mir_ll P vy

(75)

Let d,, and d,, respectively be the minimum and maximum values of
[12_, x for X from the closure of the set N, (b). Then

2/ mb +n,d ()?)
dy < fNé 2q o U
INS@ io1 X du(X)
so there is some constant, d,,, say, such that
2' bi+n; = £
fNa 'm i d,u(x) 2 i
dm - 2c/ mbi R = ei
fN X" du(X) i=1

for some & € N,(b). By (72). |dm — le/ZI bl < v/2.
Using this, (74) and (75) we see that for sufficiently large m,

S d}‘ﬂ

(=N, (5))
Ly =[] b1 < dn+ 74(1 —o)" =[] br <.
i=1 ( (b)) i=1
Also for large m,
2 21
d
e = 7 ~IJ o
/t NGB (1 _sym !
i=1 1+ (b)) (1 5) i=1
Hz lbtn!_v/2 - n;
1+v/2 Hbi
> —y.

>

This completes the proof of (71). By taking the limit of the ratio of
expressions as in (71) when the p; = r; and when the p; = 0 we now
obtain as required that
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; fDW 2 X m+3)b T+ri du( _,) 24
1m

| I !rl
2‘/ —+ /,
m— 00 fzq xl[(m s)b (

i=1

_|

COROLLARY 12.2. Let w be a probability function on SL with de Finetti
prior u and let b be a support point of u. Then there exist state descriptions
O, (ar.....ay,) such that for any ry, ..., 1y € N

24

. T
lim w(/\a O (ai. .. “s,,,)) = | Ibi"
i

Proor. Just take

b;
Oplai.....a,) = /\al[m 1

s0 s, = »_;[mb;]. Then by de Finetti’s Theorem 9.1

21 bil+ri =

(/\a (ay a )) fDm 1" du (%)
m seees g, > b

Jo, 11 ,qlx['" Vdp(x)

and the result follows from Lemma 12.1. =

This corollary is a useful tool because it shows that for b in the support
of the de Finetti prior of w we can, after suitable conditioning, make w
act like wj;. Put another way it enables us to use conditioning on state
descriptions to pick out and investigate individual points in the support of
a de Finetti prior. Indeed if we relax the requirement that the conditioning
sentence be a state description we can in a sense pick out two points in the
support of u at the same time as the corollary to the next lemma shows.
First however it will be useful to introduce a little notation. We say that
b € Dy is an extreme point (of Dy ) if each coordinate of b except one is
0, the remaining coordinate must of course be 1. In what follows we will
frequently use the fact that for an extreme point b. IL bf’f = | whereas for
a non-extreme point of Dy, [T, bf’ T< 1.

LEmmA 12.3. Let the probability function w on SL have de Finetti prior
u and suppose that b, ¢ are non-extreme points in the support of y. Then
there are increasing sequences k. j, and 0 < 4 < oo such that

24 knb; —
i T 6 ()

_— ;L.
2 n -
n—oo fzq tqlx[] C]d,u(x)

SIRecall the notation introduced on page 53.
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Proor. Pick small ¢ > 0. From the proof of the previous lemma there
is a v > 0 such that sufficiently large m

21

l+v / meb du(x / Hxl[mbf]dy(f)z
N, (B) Dy 37
2

[mb;]
/N ] Hx Ydu(z). (76)

The sequence (in m)

| Hx[’"“dﬂ(f)

is decreasing to 0 (strictly for infinitely many m) since le; bf” < 1.
Indeed

/ H x! [mb;] d,u / H x| [(m+1)b d,u )?)
bX

> y/ HX[Mb]du (77)

where y > 0is at most the minimum of the function [ [, , x; on the closure

of N, (l;) Similarly for ¢, so we may assume that this same y works there
too.

Using (77) we can now produce strictly increasing sequences j,. k, € N
such that

24

/ Hx[j"h’]d,u / Hx[k “Ddu(x) > y/ Hx[j" Tdu(x).
) i1
From this inequality we obtain that for all n > 0.

2’/ inbi -
fN P du(x)

2/ kneil
fN( )Hz 1 [ dﬂ

and with (76)

_ o T 2P du(3)
2" [kn C,]d (—o)

f]D)zq i= lx lu X

The sequence in (78) has a convergent subsequence. to 4 say, and the
lemma follows. -

(1+v)~

<y H(1+v). (78)
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COROLLARY 12.4. Let w be a probability function with de Finetti prior u
and let b, ¢ be distinct non-extreme support points of u. Then there exists

A > 0 and state descriptions ¢, w, such that for any ry, ..., ry € N,
lim w(/\a"|¢n cesag)Vygla, ... a,ﬂ)):
n—o0

A1+ 2) IHb’f +(1+2) 1Hc"

Proor. Let j,.k,. A be as in Lemma 12. 3 dnd onlar. . ... asn) be the

conjunction of [j,b;] coples of a;(x) for i = 1,...,29 instantiated by
ai,....as,. SO s, = Zl \[jnbi].  Similarly let w,(a;.....a,;) be the
con]unctlon of [knci] coples of a;(x) for i = 1,...,29 instantiated by
ai. .. .80, = Zl \[knci]. Let d, be such that

24
/ Hxl['f”b’] du(x) = (1 +5n)/1/ sz[k”a] du(X).
qu Dz‘l

i=1 i=1
00, — 0asn — oco.
Then

2f]
w(/\ai”' | pnlay.....a;)V t,//n(al....,at”))
i=1

21 [nb]+1 21 [k 1]+r v-4
o i X dp () + [, T ™ dul()
- [

1

2 [Jnbi 2! knci

szq lqlxj ]d,u +fDq lllx ]d,u(x)

2’ nbil+ri
B f]mz,, i= 1X“ " dﬂ( )
Uinb =
T 00 o, T P ()
2q [kneil+ri =
n fm)zq i=1"Yi du(X) .
(L4401 +60)) [, TIZ ) du()

Taking the limit as n — oo now gives, by Lemma 12.1,

24 24
N | A ]
i=1 i=1

as required. -

In the next chapter we will derive a significant improvement of this
corollary where, rather than two points, we allow finitely many such
points and furthermore we prescribe the convex combination.






Chapter 13

THE CONDITIONALIZATION THEOREM

If we think of conditioning as the procedure which our agent would adopt
when receiving, or at least imagining receiving, information about the
ambient structure s/he is inhabiting then a natural question the agent
might consider is where such a process could lead them to. After all,
being aware of where one might end up if one adopted a particular zero
knowledge probability function might well make one reconsider that initial
choice. In this chapter we shall derive a result which sheds some light on
the possible destinations conditioning can access, at least in the limit.

On the way to proving this result we shall derive two other results, on
conditioning and on approximation, which seem to be of some indepen-
dent interest, as well as promising to have further applications. The first
of these, the so called ‘Pick ‘n” Mix’ Theorem, which we now turn to,
is an improvement on Corollary 12.4 and in proving it we will assume a
familiarity with the notation of Chapter 12.

THEOREM 13.1. Let w be a probability function with de Finetti prior
w and let bi.by..... by be distinct non-extreme support points of u. Let
VI V2e ooy Yk > 0,21;21 y; = 1.Then there exist sentences 0, (ay. . . ., amn) S
QFSL such that for any ry. ..., 1y € N,

pX

koo
nliﬁlr()l()w(/\af" |9n(a1,...,amn)) = ZV,iHb;fi'
S

i=1

ProoOF. Since it is quite easy to see that Lemma 12.3 and Corollary 12.4
can both be generalized from 2 to k points we shall, to avoid a nightmare
of notation, give the present proof for the case of k = 2 in such a way
that it should be clear that it generalizes. In particular we shall take the
two support points to be b.& and adopt the notation from the proof of
Corollary 12.4.

Let 0y(ay.....a.,).0:(ai. ..., a,) € QFSL. Then for ¢ the sentence

((¢}’l(a1’ e aS,,) A 91 (aS,rFlv s aS,x+8])) \
(l//n(ala ceey af,,) A Hz(atyf‘rl‘/ s atn+€z))’
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24
w(Aei'1) =
fon w0 T2 S0 )+ f, w0 T 1% )
fﬂ)zq we(01) leq | x[]” Tdu(x) + szq wg(0;) ]_[12' | xFel g (x)
and by dividing all these terms by

/ Hx[j" Tdu(x / Hx[k”L du(x)

7511‘1

we see that as n — oo this gives in the limit

wyO0) T2, b + wel0:) T ¢

w017+ 7l 79
Since the b;, ¢; < 1 it is easy to see that we can choose 0. 0, so that
w;(6;) Jwe(02) (30)
wi(01) + Jwe(02)"  wz(01) + Awe(02)
are close to y;, 7, respectively. The required result follows. o

Notice that another, informal, way of expressing this theorem is to say
that by conditioning we can make w look like ZI; 1 7jwy; on QFSL,

provided the b are non-extreme points in the support of . In fact we
shall now show that we can do rather better than that. We first need
an approximation theorem which, apart from its applicability, is of some
interest in its own right.

THEOREM 13.2. Let w be a probability function on SL with de Finetti
prior u and let ¢ > 0. Then there are points d . j=1,2,....k, in the
support of wandy; > 0 with Y~ y; = 1 such thalfor v = E, ijd?_,
lw(@(ar,....a,) —v(0(ai,....a,))| < n2" forall 6(ay.....a,) € SL.

ProOF. Recalling the representation

w = Z wnr)wr
Teu
given in (64), where
nr = /\ Ix a;(x) A /\ -Ixaj(x), U=A{T|w(yr) >0}
jer JéT
it is enough to prove the result for wr under the assumption that w(yr) >
0. Obviously we have this immediately if |7'| = 1 since in that case wr is
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already of the form w ;. so assume that |7 > 1. As in Chapter 10 set

NTZ{FEDy

;>0 <<= ieT},

and set u7 to be the de Finetti prior of wy for T € U, so u(Ny) =

w(nr) > 0and ur(Nr) = wr(yr) = 1.
For T € U let St C Nr be the set of support points of ur, let e > 0

and pick finitely many points cf, € St and pairwise disjoint Borel subsets
B; of Ng(d;) N Nt such that these B; cover St. Set

NT)71 Z,u(B})wd

It is enough to show that for 0(ay. ..., a,) € SL
lwr(0(ay.....a,) —vr@(ar,....a,))| < n2"e. (81)

Notice that wr(7r) = vr(yr) = 1. wr(0) = wr(0 Anr). vr(0) =
vr(0 Anr). for any 0 € SL and as a result it suffices, given the represen-
tation (59). simply to show that for a state description A}_, ay, (a;) with
eachh; € T,

or( s (@) o )] <

i=

For B a Borel subset of Dy, u7(B) = u(BAN7)u(N7)~!. Inparticular
ur(B;) = u(B;)u(Nr)~". Hence

vy = ZﬂT(B Jw ;-

and

ym(/"\ ,»)fw(/\ah[ )|
_‘/ Hxh d'uT_Z,UT dehl
Ti 1
:‘Z/B (Hx’“_degh,») dﬂT’
j 7B = i
SZ/ ‘ﬁth_ﬁdj,hf’dﬂr
j 7B = i

§Z/ ne dur = ne
j 7B
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since for X € B;,

n n n
’Hxh,- - Hd./,h,-‘ = ‘ > e, = din) [T [T dine
i=1 i=1 i=1

k<i k>i

n
< lxn —djn| < ne
i=1

The approximation (81) now follows. =

The following corollary to Theorems 13.1 and 13.2. the ‘Condition-
alization Theorem’, gives conditions under which updating by standard
conditioning can take us from a probability function as close as we want
to any other probability function on quantifier free sentences involving only
a preassigned number of constants.

COROLLARY 13.3. Let wy,wy be probability functions on SL with de
Finetti priors w1, wa respectively such that the support set of u is Dy and
o ({5}) = 0 for any extreme point b 0of Dyq. Then given n and v > 0 there
isal(ai.....a,) € QFSL such that for each ¢(ay.....a,) € QFSL.,

‘w1(¢(am+laam+27 ce -,aern) |9((11, cee aam)) - wz(({b(al» cees an))l <
(82)
PROOF. Let d;.y; be as in Theorem 13.2 for w = w, and & =

3-lyn=1277. Now pick non-extreme points b; € Dy so close to d;
for j = 1,2....,k that for any ¢(ay.....a,) € QFSL,

k k
]Zijb7(¢(al,...,an>)—Zy,w@(qs(al,...,an»\<v/3. (83)
j=1 Jj=1

By Theorem 13.1 applied to wy, there is a sentence &(aj. . . ., a,,) such that
for all state descriptions ®(aj.....a,).

k
01 (@1 ) [ 0@ an) =Dy (@, a,))] <

371y,
from which (82) with bound v and any ¢(ay.....a,) € OFSL follows. -

Corollary 13.3 fails if x,({b}) > 0 for some extreme point 5. For
example for the probability functions £, shortly to be defined in (103). if

w; =4 'Bct + k). wy=47"(ct +3cL)

then for any 0(ay.....am,). wi(a?|0) is at most 2724 if cE(af A 0) = 0
and at least (2729 +3.279)(1 4 3-279)~! otherwise. On the other hand

waad) = 471327 4 279)

falls strictly between these two values.
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The corollary also cannot be extended to ¢(ay.....a,) € SL. as can
be seen by taking w; = ¢¥, wy = ¢{ and ¢ = Ix R(x). where L is the
language with a single unary relation symbol R.






Chapter 14

ATOM EXCHANGEABILITY

In a similar fashion to the justification for Ex, Px etc., i.e. that it would
be irrational (in a situation of zero knowledge) to attribute properties to
any one particular constant that one was not equally willing to ascribe to
any other constant etc., we might argue that as far as our zero knowledge
agent is concerned the atoms simply determine a partition of the a; and
that there is no reason to treat any one atom differently from any other.>?
This leads to:

THE ATOM EXCHANGEABILITY PRINCIPLE, AX.
For any permutation t of {1,2,...,29} and constants by, by, . .., by,

w( Aan0) = w( A aw ®). (84)
i=1 i=1

Equivalently. in the presence of Ex>?, Ax asserts that the left hand side
of (84) depends only on the spectrum of the state description A7 ay, (5;).
that is on the multiset {mi.mo.....myu}, where, as in Ex, m; =
[{i |h; = j}|. Note that the spectrum is a multiset, not a vector so it
does not carry the information about which atom corresponds to which
entry. We usually leave out the zero entries so spectra are multisets
{n1.ma. ..., n;} of strictly positive natural numbers with Zf;l n; = m.

Just as with the principles Ex, Px and SN, it is straightforward to
check that if the probability function w on SL satisfies Ax then so will its
restriction w [ SL’ to any sublanguage L’ of L.

It is worth observing that the principle SN alone forces w(a;(ay)) =
w(aj(ax)) for any i, j. since we can simply change the signs of the

32In spirit this is close to Carnap’s attribute symmetry. see [17. p77]. when there is only a
single family, the role occupied in our account by atoms being taken there by disjoint proper-
ties within that family. For example ‘colours’ within the family ‘colour’ where the idea that in
the zero knowledge situation the names of colours should be entirely interchangeable seems
to be one which most of us would probably find easy to accommodate. Strictly speaking
however Carnap’s attribute symmetry when there are multiple families is a generalization of
Strong Negation, SN.

3 We remark that the statement ‘the left hand side of (84) depends only on the spectrum of
the state description \]_| o, (b;)’ implies Ex, but Ax as formulated above does not.

&7
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individual £R, in o;(x) to convert it to «;(x). and hence all must be
274 since

2 29

L=w(T) =w( A eil@)) =3 wlaiar).

i=l1 i=
However that trick only works when we consider single atoms. Once
we take a conjunction of even two atoms we may not be able to convert
a;i(x1) A a;(x2) into ap(x1) A aji(xy) for i # j, i' # j', even with
the additional help of Px. For example®* when ¢ = 2 and using the
lexicographic enumeration of atoms (see page 50) it is easy to check that
it cannot be done for

(Ri(x1) A Ra(x1)) A (=R (x2) A =Ry (x2))).
(Ri(x1) A Ra(x1)) A (Ri(x2) A =Rx(x2))).

Indeed if we take 0 < ¢ < % and define w to be

471(w<cz.c(l70).c(17¢').(17¢')2) + w(c(170),(7?(170)2,5(17(‘)) +
We(l—c).(1—c)2c2ec(1—c)) + w((l—c)z.c(l—c).c(l—c).cz)) (85)
then w satisfies SN and Px but not Ax since

w((Ri(ar) A Ro(ar)) A (=Ri(a2) A =Ry(a))) = ¢*(1 — ¢)* #
27 (1=e)+e(1—-¢)*) = w(Ri (a1) AR (a1))A(Ry (a2) A= Ra(a2))).

With the exception of the chapter on ‘Analogy’ most of the probability
functions we will encounter in this part will satisfy Ax.

Our immediate task now will be to give a simple variant of de Finetti’s
Representation Theorem which will enable us to characterize the proba-

bility functions satisfying Ax. First a little notation. For (¢}, ¢, ..., cu) €
Dy, define the probability function vz by
—1
U(j‘ = |qu| Z w<L’ (I)’CU(Z) ..... C”(Zq)>‘ (86)
gESy
In other words vz is the uniform mixture of the We, 0y} S the o
varies over the set Sy, of permutations of {1,2,...,27
This averaging of the W(e, 1)oymiony) is a simple trick to ensure that vz

satisfies Ax since,

m

m
,U‘_"( /\ aT(/7i)(bf)) = |SZ‘/ |71 Z Wty (1)-Cp2)Caan)) (/\ af(hi)(bi))
i=1

gESy i=1

m
= 152017 > T eotetn

0'65251 i=1

34This example clearly generalizes to any value of ¢.
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m
=150 > T eotctn

0TESyq i=1
since ¢ — o7 just permutes Sy,

= |qu|_1 Z HCg(h[),

0€5y i=1
= ”Ua( /m\oéh,- (bi)>-
i—1

Furthermore any probability function satisfying Ax is a mixture of these
vz as we can now show.

THEOREM 14.1. Let L be a unary language with q relation symbols and
let w be a probability function on SL satisfying Ax (and Ex). Then there is
a measure yu on the Borel subsets of Dy such that

w = /D vedu(s). (87)

Conversely, given a measure u on the Borel subsets of Dy the probability
function w on SL defined by (87) satisfies Ax (and Ex).

Proor. First suppose that w satisfies Ax. From de Finetti’s Represen-
tation Theorem we can see that there is a measure # such that for a state
description AL, ay, (b;) and ¢ € Sy,

w( Aawi b)) = / e Ariio ) du(z)
i=1 4 i=l

- / v (A0 dn(®) (59

i=1

But since w satisfies Ax the left hand side of (88) is the same forany ¢ € Sa.
so averaging both sides of (88) over all ¢ € Sy, gives (87) when we restrict
w and vy to state descriptions, and the general version follows as in the
Corollary 9.2 to de Finetti’s Theorem. (Note that the identity (87) which
we have actually proved only for arguments which are state descriptions
automatically holds for all sentences from SL using the observation on
page 58.)

The converse result is straightforward. -

In this Representation Theorem we have chosen to capture the symme-
try of Ax at the level of the vz. This seems a natural thing to do since it
means we are representing every probability function satisfying Ax as a
mixture of very simple probability functions satisfying Ax. However we
could alternatively (or additionally) have captured the symmetry within
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the measure u. Namely we arrive as above at
w ( N\ e (bi)) =w ( A %(h,)(bi))
i=1 i=1
= / w(x(,(l) ...... U(-;q (/\ ah, ) dlu <x1 x2= e x2q>)
DZ‘I
= / Wy ) ( /\ oy, (bi)> du((Xp=1(1): Xg=1(2)+ - - - Xg=1(210)))
Dag i=1

= /D W () Xt ) ( /”’\ oy, (bi)> d(ow)({x1, X2, ..., X)) (89)
2 i=1

where for a Borel subset 4 of Dy,

o,u(A) = ,u{<x0.71(1),x571<2), L. ,x071(211)> | <X1,XQ, C .,X2¢1> S A}.

Averaging both sides of (89) over the ¢ € Sy, gives by the same reasoning

as applied before
w = / wyg dv(X)
Dy

where now v is a measure on Dy, invariant under permutations of the 2¢
coordinates.”> From now on we will always assume without further mention
that the de Finetti prior of a probability function satisfying Ax which we use
is invariant under permutations of the coordinates.

Apart from the above representation theorem for probability functions
satisfying Ax we shall later meet, in Theorem 34.1, another representation
result for such functions of a rather different form.

As a final passing comment in this chapter, related to the supposed
‘isomorphism’ in Goodman’s ‘grue’ paradox (see footnote on page 5), if’
R (a;) were to be interpreted as ‘emerald «; is green’ (as opposed to blue)
and R, (a;) as ‘emerald a; is seen before the end of the month (as opposed
to after that time) then the two probabilities in this paradox would have
the forms

w<Rl(an+1) A =Ry (ans1) ‘ /”\ Ri(a;) A Rz(ai))»
i=1

w(ﬁRl (ans1) A —Ro(any1) ‘ /”\ Ri(a;) A Rz(ai)),
i1

and under the assumption of Ax (just transpose the atoms R (x) A—R,(x)
and —R;(x) A =R>(x)) these would be equal.®® On the other hand an

33 Actually we could have proved that  must have had that property from the start but it
is enough for our purpose to notice as above that we can always choose it with that property.
56But compare this situation with the Analogy Principle on page 166 where we drop Ax.
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obvious conclusion to be drawn from the evidence A/, Ri(a;) A Ra(a;)
is R>(a,1). in other words that seeing any sort of emerald, green or not,
after this month’s end looks rather unlikely!!






Chapter 15

REICHENBACH’S AXIOM

The following principle has been attributed to Hans Reichenbach after a
suggestion by Hilary Putnam, see [17, p120]:

REICHENBACH’S AXIOM, RA.

Let oy, (x) for i = 1,2,3, ... be an infinite sequence of atoms of L. Then
Jor a;j(x) an atom of L,

n

g (o) | A Wy o )
i—

where uj(n) = |{i |1 <i <nandh; = j}|.

Informally then this principle asserts that as information of the atoms
satisfied by the ay, as. . ... a,. ... grows so w should treat this information
like a statistical sample giving a value to the probability that the next,
n + 1’st, case revealed will be a;(a,,+1) which gets arbitrarily close to the
frequency of past instances of a; (a; ).

If our rational agent is something of a statistician this would surely seem
like common sense advice. However this principle says nothing about the
ultimate convergence of the u;(n)/n. an assumption which seems to be
somehow implicit in any statistical viewpoint our agent might take.

The following theorem which was stated by Gaifman in [16] though its
proof, which it was said would be given in [17], never appeared (due to the
inordinate time lag between these two volumes and Gaifman developing
new interests in the meantime).

THEOREM 15.1. Let w satisfy Reg. Then w satisfies RA if and only if
every point in Dy is a support point of the de Finetti prior u of w.

Proor. First assume that every point in Dy, is a support point of
u. By de Finetti’s Theorem it is enough to show that if » is large and
my, my. ..., mMy € N with sum n then

29 :
szt, (xj —m;/n) [[;=y x[" du
2 .
Jop, iz 6" d

is close to zero. We first need to introduce some notation and derive a
number of estimates.

(1)

93
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For small 6 > 0 set
Es={xeDyl|x; >0,i=12,...,29},
Es(¢) ={X € Nsp(€) |37 € Es 32 €[0,1]. X = A¢+ (1 — A)7}.
Notice that for every point dc Es(¢)andi =1,2,....2¢,if¢; < 6
then ¢; < d;. Also thereis a fixed £ > 0 such that for each ¢ € Dy, there is

ad € Es(7) such that Es() contains the neighbourhood N (d).5” Hence
there is some { > 0 such that

V& € Dy u(E;(0) = ¢, (92)

since if not we could find a sequence of points &* € D, with limit point ¢
such that u(N¢(¢*)) — 0 whilst, by the assumption on the support points
of u. u(Nepp(€)) > 0 with Ne»(2)) C Ne(&*)) for k large enough.
For d € Es(¢) we have that
24

Z(Ci log(Ci) — G log(di)) =

i=1
— Z cilog(1+ (di —¢;)e; ") + Zci log(c;) — ¢; log(d;) <2476
i >0 i <0

(93)
since if ¢; < & then ¢; < d; and ¢; log(c;) — ¢; log(d;) < 0 whilst ford < ¢;.
in view of |d; — ¢;| < J/2.

—C; 10g<1 + (dl — Ci)Ci_]) S Ci lOg(Z),

which is less or equal to v/0 log(2) < 2/ in the case of ¢; < V/J. and
when ¢; > V0o

—cilog(1 + (d; — ¢i)e; ') < —c;log(1 — V6 /2) < lc'_\[\%iz < 2V6.

From (93) we now have that for d € E;(¢).

24 24

) gt )
[ > e Ve (94)
i=1 i=l1

V_\{e now claim that for small ¢ > 0 there exists ¢ > 0 such that whenever
¢.d € Dy and |d — ¢ > ¢ then
21

Z(Ci IOg(Ci) — C IOg(d,)) 2 T.

i=1

571t can be checked that a suitable choice, for d small, is ¢ = 2935 when d is given
by d; = ¢; — (27 — 1)279725 for some i for which ¢; = max{c;|j = 1.2,...,27} and
dj =cj+ 274-25 for the remaining 2¢ — 1 coordinates.
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For if not. then since ), ¢; log(x;) takes its strict maximum on D, at
¥ = ¢ there would be &, d. &% . d'* € Dy such that |d* — &%| > & for each
k.é* = & d* — d but

2

Z(Cz{c log(cik) - Cik log(dik)) 0.

i=1
In this case |d — &] > ¢ but

24 24

> cilogle) =) eilog(d;)
i=1 i=1

contradiction. It follows that the required 7 exists and we can conclude
that

2¢ 24
Hdic’,' <eT Hclf'i (95)
i=1 i=1

whenever ¢, de Dy, d— ¢l >e.
We now return to the proof that (91) is close to zero. Given small & > 0
let 7 > 0 be as in (95). Now pick small § > 0 such that

20716 < 1e. (96)

Then putting ¢; =m;/nfor j =1,2,...,29,

S ) = ) Ty " dp
fnzq 1211 x;" d/‘
Tyl e T 7 o
fN, quxm‘ d:“JrfﬁN quxz‘mi du
fﬁN C.')H,{lx‘mi du (98)
fN @) Hz 1xlnl d:“"‘fﬁN zllxm' du
Concerning (97) we have that
LNS i X d LNS c) Hz X7 du
Jvo 1l zzq X dﬂ e 11 X dﬂ
—nt e
< Joa® W’ LA o). 09)
fE,;(F)e nAEVOTTL ¢ du
e

< — .
— Ce_nzqwl\/g
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which by (96) is small for large n. Hence (97) is close to
o (6 = ) TTy X" du
fN, zq x;" du

which is between —¢ and ¢ since |x_,- — ¢j| < & over N,(C).

Clearly the inequalities already given in (99) also show that (98) is small
for large n and the required result follows.

Turning to the other direction of the theorem suppose that w satisfies
Reg and not every point of Dy, is a support point of the de Finetti prior
u of w. We shall sketch a proof that in this case RA fails in general, even
when the sequence u;(n)/n converges.

Since the set of non-support points of x form an open set and w satisfies
Reg we can find points b.d € Dy with no zero coordinates with b a
support point of Iz and d a non- support | point. By cons1der1ng points on
the line joining b.d we may assume that b is close to d and. by considering
a nearest support point to d and then moving a distance in its direction
if necessary. that no support point is as close (or closer) to d than b. Let
r=1|b—d| < s/2where s = min{b;.d; |i = 1.2.....2¢} and let & be
small. In the diagram below let ¢’ be on the line joining b.d distance 2¢
from b, let the plane P be normal to this line distance ¢ from b and let P*
be the region on the same side of P as ¢, P~ its complement. Note that
2r < s < ¢; foreachi.

» d
e
P+
S.E
P

&

- P-

b

Then
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(bi — Ci)z

3
3 +0(e)

—(bi — ;) +

I

1

(b — C[)z
2C,’

1

2

+0(e) < 35712 (100)

i=1

since 212;1 bi = 212;1 ¢i =1
On the other hand let ¥ € P* with | — d| > r and suppose for the
moment that |x; — ¢;| < ¢; for each i. The distance from ¥ to ¢ must be
at least v/2re so
24
Z(Ci log(¢;) — ¢ilog(x;))
i=1
2
= Z—c,- log (1 + (x,—c,))
X Ci
i=1
2

ZZ—(Xi—Ci)—F (x; —ci)? _ (x; — i)’ ..

. 2
P 2¢; 3¢;

21 2
> M > 2725 e, (101)
8C,’

Furthermore the inequality (101) also holds for any ¥ € Pt with
|X — d| > r since the function Zf;(ci log(c;) — c;log(x;)) is increasing
along straight lines emanating from ¢. As in the first half of this proof,
using (100), (101) it now follows that if

wi(n) wx(n)  ux(n) =
(e )

— C

.

n n n
as n — oo then
21 u;(n) a u;(n
Jop, X iy X" du e ITE, " du
24 u;(n 24 u;(n
sz,, [Ti=i x; )dﬂ Jp- Tlisr x; )dﬂ
tends to 0 as n — oo. But even assuming the limit e; of the left hand side
of (102) exists for j = 1,2....,2¢ then, because of the equality with the

right hand side of (102), would have to have & € P~ so & # ¢. Either way
RA fails, as required. =

(102)

In fact the forward direction of the above proof has shown an ostensibly
stronger result, that under the given assumptions RA holds uniformly.
Precisely:
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COROLLARY 15.2. Let w satisfy Reg and suppose that every point in Doq
is a support point of the de Finetti Prior u of w. Then for ¢ > 0 there is
k € N such that for any sequence oy, (x) of atoms of L and n > k

‘w<04j(an+l)| i/n\la,,l_(ai)> _ #

where uj(n) = [{i |1 <i <nandh; = j}|.

We have assumed in Theorem 15.1 that w satisfies Reg. Clearly this is
necessary for RA to make sense in general since without Reg we can have
the conditional in (90) undefined and (according to our convention) the
assertion in RA would be rather meaningless. Notwithstanding, in [16]
Gaifman states a generalization of Theorem 15.1 appropriate to this case.

If the probability function w satisfies RA and Reg then it satisfies an
analogous version of RA for consistent non-tautological 0 (a;) € QFSL.

Namely )
tim (w(00ar) | A0 (a) = “20) —o
i=1

where u(n) = >"7_, &. To see this notice that the map

s

X € Dy = we(0(ay))

is continuous and onto [0, 1] so for u the de Finetti prior of w the measure
v on D, defined by

v(4) = p{¥ | (we(0(a1)). 1 —we(0(ar))) € A}

has every point in D, as a support point and by the IP property of the w
we have

/}D2 W(x).x) <Z\1 Rii(ai)) dv((x1.x2)) :/]D) xy s dv((x1. x2))

= [ ws( A0 (@) dutz)
D2 i=1
where n; = er'l:l &, ny = n — ny. The required conclusion now follows
by applying Theorem 15.1 to this v.
Notice in particular’® then that in this case (and trivially if 0 is a
tautology)

n

Tim w(0(an)| A\ 0@)) =1.
i=1

38Compare this with Proposition 4.2.



Chapter 16

CARNAP’S CONTINUUM OF INDUCTIVE METHODS

In this chapter we introduce a family of probability functions for unary
languages which to date have played a central role in the development of
Inductive Logic.

For 0 < 4 < oo the probability function ¢¥ for the unary language L
(={Ri1.R,.....R,} as usual) is defined by

L ‘ A N My 4+ A274
et (os(ane) | A (a)) = 25— (103)
where m; = |[{i |h; = j}|. the number of times the atom «;(x) occurs

amongst the oy, (x) and we identify (279 - 00) /oo = (279 -0)/0 = 274.

Notice that (103) does indeed determine the value of cf on all state
descriptions, and in turn by (34) determines a unique probability function,
since for 4 > 0 it gives that

cf(/n\ahi(a, ) Hc; (ah aj) /\a;ll )
i=1
IL]
- H (r] tii? >

i’_1 [ G+ 427

= — (104)
H_,':o (j+4)

where r; is the number of times that /1; occurs amongst sy, hy, ... . hj_

and my 1s the number of times k occurs amongst 4y, s, . ... h,, whilst for
A= 01it gives for n > 0 that

n .
L ) N 274 lfhl :h2:-~-:hn,
€ ([\lah’(a’)) - { 0 otherwise. (105)

From (104) and (105) we can see that the values of the ¢/ are invariant
under permutations of the constants and the atoms and hence that the ¢©
satisfy Ex and Ax. Consequently then (103) holds for arbitrary (distinct)
constants by, by, .... b, inplaceof aj, ay, ..., , dy+ 1, a fact which we shall

99
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use without further mention in what follows. Clearly also the ¢ satisfy
Reg for 4 > 0.

The cf for0 < 4 < ccarereferred to as Carnap’s Continuum of Inductive
Methods and, for reasons that will become clear in the next chapter, have
played a central role in ‘Applied’ Inductive Logic. Amongst their attractive
properties (as rational choices) is Unary Language Invariance, a principle
already proposed by Carnap as Axiom All of his Axiom System for
Inductive Logic, see [130, page 974]:

UNARY LANGUAGE INVARIANCE, ULi.

A probability function w for a unary language L satisfies Unary Language
Invariance if there is a family of probability functions w*. one for each
(finite) unary language L. satisfying Px (and Ex) such that w" = w and
whenever £ C L', w: = wE | SL (i.e. wE restricted to SL).

We say that w satisfies Unary Language Invariance with P, where P
is some property. if the members w* of this family also all satisfy the
property P.

Notice, of course, that for such a family we must have wl =w [ SL for
£cL>

Given that w is our rational choice of probability function on SL it
seems reasonable to suppose that were we to enlarge the language w could
be extended to this larger language, after all it would appear unreasonable
to assume from the start that L was all the language there could ever be (a
point made by Kemeny already in [64]). Similarly if we are assuming the
position that P is a property our rational choice of probability function
w on SL should possess then we should equally demand this property
of our chosen extension to larger languages and smaller languages (and
hence to all (finite) languages since they obviously can all be reached by
an extension and a subsequent contraction). This then provides a rational
justification for Language Invariance.

The reason for requiring here that the members of this family satisfy
Px is to ensure that w* depends only on the number of relation (aka
predicate) symbols in £ and not, perversely. on which actual symbols they
are.

Notice that if w on L = {Ry, R, ..., R,} is a member of a language
invariant family then there is a probability function w™ for the infinite
language L™ = {R}, Ry, R3, ...} satisfying Px and extending w. simply
take the union over ¢ of the family members on the {Ri. R>..... R,}.
Conversely, given such a w™ on L™ we can define a language invariant
family containing w by setting w*(0) = w™*(g0) for any unary language
L = {Piy.P>.....P,;} where ¢ is an injection from £ to L* and 0 is the

3 A much more detailed investigation of ULi than we have time for here is given in [68].
In particular that account gives a representation theorem for probability functions satisfying
ULi.
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result of replacing each (unary) relation symbol P in 0 by o (P). Because
of this the study of Inductive Logic in the presence of Language Invariance
could equally well be carried out in L™ rather than in our default finite L,
an approach which was taken, for example, in [95]. Language Invariance
for the ¢ will follow as a simple corollary of the next result which is itself
of some independent interest.

PROPOSITION 16.1. Let 01(x). 0>(x). .. .. 0, (x) be disjoint quantifier free
formulae of L. Then for 0 < A < oo

n

124
cF(0;(an) | /\9h (a;)) = Rirhrs
( - ) n+ A
and for n > 0,
A g (g 27 hi=h= =
“ (/\10;1i(a])) - { 0 otherwise,

where mj = |{i | h; = j}| and t; = |{r |, (x) E 0;(x)}].
Proor. The result for 4 = 0 is straightforward so assume that 1 > 0.
Fors =1,2....,k let

[y ={a(x)|a,(x) EOs(x)},
sot; = |[y|. Let w(ay, ay, ..., a,) run over all state descriptions
agl (al) A agz (az) ARERNAN agn(an)

where ag, (x) € '), fori =1.2.....n.
Then

f(gj(anﬂ) | /\ O, (ai))

CH

(106)

But for any particular such y

S+ A274
Z e (e (ans1) [ w) Z Y

a(x)er; a(xer;
_om; + 42741
o n-+ A ’
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where s, is the number of times that o, (x) is instantiated in w. Substituting
this into (106) gives

n . —q|T . L
Cf‘ <9j(an+1) | {\9/1i (ai)> _ Z m; +n}~—’2— : |FJ| . C;E\;’/’?/j)
i= 74 4
_omy A+ 2279
B n+2 |

as required. -

COROLLARY 16.2. For afixed i the ¢* form a ULi family.

ProOF. Let (as usual) L = {R|.R>,....R,} and L' = {R1 Rz....,
R, 11 }. By iterating the argument it is enough to prove that ¢* [ SL = cF.
This follows from the previous proposition by applying it to cf/, taking
01(x).....0(x) € QFFL’ to be the atoms of L, say 0,(x) = ay(x). -

A further, arguably desirable, property that the ¢ for 0 < 2 < oo

satisfy is Reichenbach’s Axiom, RA, since in this case, in the notation of
(90).

uj(n) +279%  u;(n)
n+A n
:2”— () —0 as n — oo.
n+si nln+4i)
The next chapter sheds some light on why Carnap’s Continuum and
its variants occupy such a prominent place in this subject, in addition to
satisfying the several attractive properties described above.




Chapter 17

IRRELEVANCE

In the very first example in this monograph, tossing a coin to decide ends
at the start of a cricket match, we already met the idea of disregarding
‘irrelevant knowledge’ in forming beliefs. Several principles have been
proposed within Inductive Logic aimed at capturing this idea, or at least
aspects of it. The most historically important of these, as we shall see
shortly, was what became known (following a suggestion by 1.J.Good)
as Johnson’s Sufficientness Postulate, or Principle. This principle was a
key assumption of Johnson’s in his 1932 paper [58] and later in Carnap’s
development of Inductive Logic.

JOHNSON’S SUFFICIENTNESS POSTULATE, JSP, ¢

n
w(a(a)| /\an(a)) (107)
i=1
depends only on n and r = |{i|h; = j }| i.e. the number of times that o;
occurs amongst the oy, fori =1,2,... . n.
In other words, knowing (just) which atoms are satisfied by ay. as. . . . . a,

the probability of a, satisfying a particular atom o; depends only on
the sample size #» and the number of these which have already satisfied «;
(and similarly for any distinct constants by. b,. . ...b,.1 by our standing
assumption of Ex). Within the framework used by Carnap, where we may
have families of properties, such as colours, in place of these atoms, this
might be motivated by imagining we have an urn containing balls coloured
blue, green, red and yellow, say, and we are picking from this urn with
replacement. Suppose we have made n previous picks and out of them r
have been red. In that case it does indeed seem intuitively clear that the
probability assigned to the n + 1’st pick being red will only depend on n
and r and not on the distribution of the colours blue, green and yellow
amongst the remaining n — r balls.

Of course this particular motivation for JSP would require our agent
to first assume that the ambient world had been, or was being, decided

60 As usual we apply the convention agreed on page 23 in the case when this conditional
probability is not defined because the denominator is zero.
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by picking copies of atoms from some urn. In the situation of ‘zero
knowledge’ that seems quite an assumption, though of course one could
certainly entertain JSP as a reasonable, rational, principle without making
any such assumption about the world.

Our next theorem, proved originally by Johnson in [58] and later Ke-
meny [64] and Carnap & Stegmiiller [18] (see [130, pages 74-75. 979-980]
for the history). shows why JSP has held such an esteemed position in
Inductive Logic. Before that however we prove a useful lemma.

Lemma 17.1. JSP implies Ax.
PrOOF. Since

w(i/n\lahi(a,) Hw(ah aj) /\ah )

(with both sides zero if not all the conditional probabilities are defined)
JSP gives that this right hand side is invariant under permutations of
atoms. Hence so is the left hand side and this yields the result.®! -

THEOREM 17.2. Suppose that the unary language L has at least two rela-
tion symbols. i.e. ¢ > 2.9 Then the probability function w on SL satisfies
JSP if and only if w = c¥ for some 0 < /. < 00.63

PrOOE. It is clear from their defining equations that the ¢/ satisfy JSP.

For the other direction assume that w satisfies JSP. Then by the previous
lemma w satisfies Ax, a property we will use henceforth without further
mention. So, since

24

w(V ) = S wlafa)
i=1 i=1

w(ai(a)) =279, fori =1,2,...,29. (108)
Now suppose that

w( Aan(a)) =0
i=1

for some such state description. We may assume that # here is minimal.
By (108), n > 1. If, say. h; = h, then by PIR

0= w(ahl(al) \ /yl\ahi(ai)) > w<ah1(al) \ /n\ahi(az‘))

i=2 i=3

6IRecall from page 42 that in the case n = 0, JAVCTS (a;) is taken to be T, a tautology.

©2Carnap. [17. p101]. has proposed an additional ‘linearity assumption’ to JSP which
constrains the solutions to be of the form ¢ f even when ¢ = 1 (see also [146]). However the
condition seems to us rather too ad hoc, and marginal given our enthusiasm for Language
Invariance, to be included here.

9 For ¢ = 1 Carnap gives and alternative derivation (see [9]) based on symmetry consid-

erations for the probability function ¢£. commonly referred to as the ‘Rule of Succession’.
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(with all terms well defined) so

w( Aana)) =0
i=2

contradicting the minimality of 7.
Hence all the #; must be different. So by JSP

0= w(ahl(al) | /n\ah,(ai)) = w(al(al) | /n\az(ai))
i=2

= i=2
and we must have

w(an (@) A /n\az(ai)) 0.
i=2

Given the previous conclusion there cannot be any repeated atoms in
N/_, a>(a;) so we must have n = 2.
This means that for all n

w( A ta) =0

whenever the /; are not all equal. So in view of (108) we must have that
n
w(/\aj(a,-)> =29 forn>1j=12,....29
i=1

in other words w = ¢{.

So now assume that w is non-zero on all state descriptions, i.e. satisfies
Reg, and the conditional probabilities in JSP are well defined and non-
zero. Since (107) depends only on 7 and r denote it by g(r.n). Then

24 21

1= w(\/ai(az) Ia‘,‘(al)) = Zw<ai(a2) laj(a)) =

i=1 i=1
g(L.1) + (27 - 1)g(0.1).
o)
g1, 1)+ (27 —1)g(0.1) = 1. (109)
By PIR. g(1.1) > g(0.0). so by Ax,
1>g(l.1) =277
Hence for some 0 < 4 < oo,

1+2794 2711
g(Ll)—ﬁ g(ovl)—m,

the second of these following from the first and (109). Indeed we must
have 4 > 0 since g(0,1) > 0.
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We now show by induction on # € N that for this same A

r+4 1271

=0.1,... 11
T =0t (10)

g(rn) =
which forces w to satisfy the equations defining ¢F.

We have already proved (110) for n = 0.1 so assume that n > 1 and
(110) holds for n. The idea is to use JSP to derive a suitable set of equations
which force (110) to also hold for n + 1.

Firstly for r + s = n + 1, and distinct 1 < m, k < 27 we have that

24 r n+1
t=w(\ ar@n)] Aanla)n \ oxla))
h=1 i=1 i=r+1
n+l
Z (a’h an+l | /\am l /\ ak(ai)>
i=r+l1
:g(r,n+1)—|—g(s,n+1) (27 —2)g(0.n +1). (111)

Secondly, adopting the convenient notation of writing oy, vy, . . . vy, €tc.

for
n
N\«
i=1
we have that for r + s + ¢ = n and distinct 1 < m. j.k < 29 (these exist
since 29 > 4),
wlan | a; a0 ‘ay) - w(ey | oy, o) = wlama; | ey, o)
=w(a; |apay,aieg) - wlo | ay,ajap).
Hence
glr.n+1Dg(s.n) =g(s.n+1)g(r.n). (112)

In particular taking s = 0 here and using the inductive hypothesis (110)
for n gives,

glrn+1) =212+ 1)g(0.n +1). (113)

Taking r = 1,5 = n. in (111) and substituting for g(1.n +1). g(n.n + 1)
from (113) gives

(294 1)g(0.n+ 1)+ mA~ 29+ 1)g(0.n+1)+ (29 =2)g(0.n+1) = 1
and hence

2274
n+142

Substituting in (113) now gives (110) too forn +1andr = 1,2,....n
and finally also for » = n + 1 using (111) withr = 0.5 = n + 1. -

g(0.n+1) =
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Studying the above proof it is easy to see that we only really needed
3 atoms here instead of the 4 given us by the assumption ¢ > 1, an
observation that we will need later. Notice that in the case ¢ = 1 any
probability function satisfying SN (equivalent to Ax when ¢ = 1) will
satisfy JSP so there will be many probability functions with this property.

There is a weakened version of JSP, see [149] for a nice account, in
which the value of the conditional in (107),

n
w(aj(an) | N en(a)).
i=1
is assumed to depend not only n and r = |{i|h; = j}| but also on
the particular atom «;. We shall refer to this as the “Weak Johnson’s
Sufficientness Postulate’, WJSP.

From the standpoint of this monograph to introduce this extra depen-
dency appears rather perverse. For in the situation of zero knowledge
there is arguably complete symmetry between any two individual atoms
yet this weakening denies it, for no apparent reason since there would
seem to be no knowledge on which it could based. More precisely if we
assume that w satisfies SN then for any two atoms o, o; there is a permu-
tation which transposes o; and «; and under which w is invariant, so the
dependence on the particular atom is illusory and w actually must satisfy
the full JSP (and conversely). For the record it seems worth stating this
as a proposition.

ProposITION 17.3. In the presence of SN, WJSP and JSP are equivalent.

Despite the apparent perversity of WSJP (without full JSP) in the con-
text of PIL, from the more philosophical viewpoint which sees Carnap’s
Inductive Logic as providing prescriptions or models, the greater flexibility
this weakening provides can be, indeed is, very welcome.

Because of the stated dependence in the WJSP on the particular atom we
no longer have Ax as a consequence. Nevertheless we are still able to prove
acharacterization analogous to Theorem 17.2 for the probability functions
satisfying WISP though for simplicity we shall first restrict ourselves to
probability functions also satisfying Reg. The following result is due to
Carnap [17, p90]. see also [72].

THEOREM 17.4. Suppose the unary language L has at least two relation
symbols, i.e. ¢ > 2. Then the probability function w on SL satisfies WJSP
and Reg just if there is 0 < A < oo and yy, 73, . ...y > 0 with sum 1 such
that for 1 < j <24

\ m; 4+ vy
w(aj(an+1)| /\a’h,- (m)) = ﬁ
i=1 ’

wherem; = |{i|h; = j }|.
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PrOOF. Since we are assuming regularity we only need to rerun that
part of the proof of Theorem 17.2 when we had /4 # 0. We shall just
sketch the required changes.

By WISP let

w(as @) | Aan @) = gj(my.n).

i=1

As with (109) we obtain for each j = 1,2,...,29,

gL+ g(0.1) =1 (114)
i
and summing these gives
24 24
D g+ (21 -1)> gi(0.1) =2, (115)
i=1 i=1
By PIR and Reg. 1 > g;(1.1) > g;(0.1) > 0. so as in the previous proof
24 24
1+2792 271)
SN g1 1) = —=L 279y g,(0.1) =
2 ;gl( D=7 2 i;gmo, ) =15 (19
for some 0 < 42 < co. Let y; > 0 be such that
2
yi Y gi(0.1) = g;(0.1). (117)
i=1
Then 21211 yi = l and
yj)u 1+y]/1
(0,1) = , (1, 1) = , 11
g/(O, ) Tk g(/( 1) 1+ ( 8)
this second identity coming from the fact that from (114),
24
gi(1.1) = g;(0.1) + > g (0.1) = 1.
i=1
We now show for all n > 0 that
r—&-yji
) - = 11
g_,(r,n) Py (119)

We first need two identities. Asin (111) we have that forr +s = n + 1

gu(rn+ ) +ge(sn+ 1)+ > gOn+1)=1  (120)
i#m.k

and as in (112), for m # j
gm(r.n+ 1)g;(s.n) = g;(s.n + 1)gu(r.n). (121)
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Putting s = r = n = 0in (121) and substituting (118) gives
Ik 0.0) = it

so since the y,, and g,,(0,0) both sum to 1 this gives that g;(0.0) = y; and
(119) holds for n = 0. We already have that (119) holds for n = 1 and we
now prove it for larger n by induction.

Assume it holds for n. Then taking s = 0 in (121) and using the
inductive hypothesis (119) for n gives,

(r + ymA)
Vik
even for m = j (by using (122) with m, j transposed. and r = 0). Taking
¥ = 1,5 = nin (120) and substituting for g,,(1.n + 1). gx(n.n + 1),

gi(0.n + 1) from (122) gives

gm(r.n+1) = g;(0.n+1). (122)

s Vil K} Vjd
and hence J
Vj
(0, 1) = —~—.
g;(0.n+1) n+1+27

Substituting in (122) now gives (119) too forn + 1 and r = 1,2.....n,
and finally also for » = n + 1 by using (120) withr =n 4+ 1.5 = 0. -

If we drop the requirement of Reg in this last theorem then, by using a
similar argument, we can show that the situation depends on the number,
k say, of atoms «; such that w(a;(a;)) # 0. If k # 2 then we have the
same theorem but allowing also the possibility that A = 0 or some y; = 0
(where (y; - 0)/0 = (y; - 00)/o0 = y;). If k = 2 then there will be many
additional solutions corresponding to the solutions to JSP when ¢ = 1.%

Several other principles have been proposed in the literature® which
turn out to be equivalent, or at least closely related, to JSP. We mention
two such (and later Theorem 38.1) which again can be said to be based
on the idea of irrelevance. The first of these, due to de Cooman, Miranda
and Quaeghebeur (in the more general context of previsions), [19]. runs
as follows in our formulation:

THE DCMQ PRINCIPLE.

w (0_;(an+1) \ /n\ 0, (a,»)) =w (0_,-(a,1+1) | /n\ o, (a,»)) (123)
i=1 i=1

whenever o, (x) E 0y, (x) fori =1,2,....n.

%The convention introduced on page 23 regarding identities involving conditional prob-
abilities is highly relevant here.
95 See for example [73].
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ProposITION 17.5. The dCMQ Principle is equivalent to WJSP.

PrOOF. To show that the dCMQ Principle implies WISP take 0;(x) =
o1(x), O(x) = \/lzi2 a;(x). Then for hy, hy,....h, € {1,2} and any
ri,F2, ... rpsuchthatr, = 1ifh; = 1,1, € {2,3,....29} if h; = 2 we have
by this principle that

w(Oar)| Ao @) = w(arlar) | Aag@). (124
i=1

=

Hence this right hand side must be the same for any choices of the r; # 1.
Its value therefore depends only on 7, the particular atom «;, and the
number of times it occurs in the conditional, giving WJSP.

In the other direction let w satisfy WJSP and without loss of generality
let a. . ... oy list those atoms o; such that w(a;(a;)) # 0. Then

w(0)(ane) | A0 (@) = (00| A\ (a)
i=1 i=1
where

a; (x)=0;(x)
1<i<k

In the case k& = 2 the required conclusion that
w (¢./(an+1) N\ o (ai)) =w (¢j(an+1) A Otr,-(ai))
i=1 i=1

holds trivially, by convention, if some »; > 2, and otherwise is easily
checked for the remaining cases when ¢ (x) is one of o (x ). e (x), g (x)V
a(x), L. Similarly for the case ¢ = 1.

So assume that £ > 2 and by Theorem 17.4 and the note following it let
w be the solution to WISP with parameters 4, y1, 2. . ...y, where y; =0
for k < j < 24. Clearly the identity (123) holds trivially if some r; > k so
assume from now on that that is not the case. Then the right hand side of
(123) is

A D e (x (o =+ ym4)
a,(x)E0;(x m m
) w(am(anHH /\ar,(a,.)) _ 2a, () ;1(1)
a(x)F0;(x) i=1 :

(lj + Aj i)
n—+ A
where 7, is the number of times that r; = m, t; is the number of times

that h; = j and
A= > m
a, (x)E0;(x)
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This last does not depend on the particular choices of a, (x) F ), (x)
(for r; < k) so the value is the same for all of them. The left hand side of

(123) is
w(0;(a)] \/T)

where I is the set of all possible

/\ as,-(ai)
i=1

with a;, (x) F ), (x) fori = 1.2....,n. Since for any one of those, y say,

(O3 ar)| A an@)) = w0;lara) | p)
i=1

we have that

w(ﬁ_/(an+1)| \/F) — u/erg( r(grz;l)) Ay)
= Yyerw(Oiana) | y) wly)
a Zwerw('//)
Zwerw( (an+1)| /\1 1 Qo ( l)) w(l//)

a Zwerw(l//)

= w (0 (@) | \a @),

i=1
as required. -

A second principle closely related to JSP is the ‘State Description Con-
ditional Irrelevance Principle’, one of several similar such principles in
[44].

THE STATE DESCRIPTION CONDITIONAL IRRELEVANCE PRINCIPLE, SDCIP.

Let Li.L, C L with Ly. L, disjoint languages, let ®(ay.ay.....a,).
O(dpi1.anya. .. ..an.,) bestate descriptionsin SLy and let¥Y(ay.as. . . . .ay)
be a state description in SL,. Then

w(O(ans1. nyas .. anyy) | Olar, az. ... a,) N¥Y(ay.aa, . ... a,))
- w(@(a,,+1,a,,+2,.. Lper) | D(ar. as. ... a,,)). (125)

In other words the conditioning evidence ¥(ay, as. . ...a,). which has
no constant nor predicate symbols in common with ®(a,. 1. dn ... ..
a,,). should be irrelevant, or at least its relevance should all be accounted
forin ®(ay, as,....a,).
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ProroOSITION 17.6. (i) JSP implies SDCIP.
(ii) Ifw satisfies Ax and SDCIP on a language L U{ R} with |L| > 2 then
w | SL satisfies JSP.

(iii) JSP is equivalent to ULi with Ax and SDCIP.

PrROOE. (i) Assume JSP, so w = ¢} for some 4. If A = 0 the required
identity is straightforward to check® so assume that 4 > 0.

The proofis by induction on | L, | forany ) # Ly C L—L;. Let R € L,,
say

W(@) = 7(@) A ]\ R (@)

where y(a) is a state description for L, — {R} (or simply a tautology if
Ly={R})andd = ay.as...., a,. Then from Proposition 16.1 and using
the notation of (125).

cEO(an 1. ania. ... any,) | ©@) NP(Q))

= C%(@(an+1,an+2,.. a}’l+}“) |® /\ /\R(S

= Z Cf <®(al’l+]a Ap42, oo an+)‘) A
v
n+r n ‘
A\ R'(@) | @@ A N R (@) A 1(@))
i=n+1 i=1
where V= v, 1. Vy12..... v, € {0,1}. Since y(a) is a state description

for the smaller language L, — {R} (or missing altogether), by applying
the inductive hypothesis this equals

n+r

ZC),L (®(an+1,an+2’ e ) A /\ R (a;) | (@) A /\ R (a )

vV i=n+1

= CAL (®(an+lz Anide. e pr) | (@) A /\ R (al)) (126)
i=1

It remains to remove the terms in R from (126). We prove this by
inductionon r. Let L; = {Ry, R,.... Rs} and

s

®(an+1a Ap42, .., an+r) = T(an+2, Ap43, o es an+; /\ an+1

%Recalling yet again the agreed convention given on page 23 when the conditioning
sentence has zero probability.
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Then the right hand side of (126) can be written as the product of

s

(/\ an+1 |T Ap42. Ap43, - an+r) A (D(5) A /n\ R (ai)) (127)

and
CiL (T(aﬂ+2! Apy3. ... Anyir) | (D(‘?) A /\ R (al)) (128)
i=1

But (127) is the sum of

N

( an+1 /\ an+1

Jj=1

Y(@pi2. Any3e oo pir) A Q(J) A /\ R (ai))~

s

7 (ﬁR an+1 /\ an+1

n
T2 i - dner) A O@) A\ R (ar)

which in turn, by Corollary 16.2, is
14 A276F) g gD
n+r—1+2 n+r—1+2

where ¢, t, are respectively the number of times that the atoms

(129)

R(x) A /\ R} (x). —R(x)A /\ R7(x)
j=1
are instantiated in
n o
T(an—Q—Za e an+r) A Q(ﬁ) A /\ R()i (ai))-
i=1

But clearly ¢; + f, is the number of times that the atom /\j.:1 ij (x) is
instantiated in

T(arH-Z,an+3 ----- an+)) /\(D(alsaL--',an)

o (127) and (129) equal

(N R (@) | Tlen.coae) AO@). (130)

j=1
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If r = 1 then (128) will just be 1 whilst if » > 1 we have by the (implicit)
induction hypothesis that

Cf (T(an+2 ..... L Apyy ‘(D /\ /\R5 a; ) =

cf(T(anH,....anHH(D( ). (131)

Hence (126) is the product of (130) and the right hand side of (131).
ie.

s
(/\ an+1 |T an+2>---=an+r> AQ(J)) :
j=1

C}LL (T(an-&-Za cees al’l+l‘) | Q(J)) =
c/lL (®(arl+1= pi2, ... an+r> | (D(a1= az,.... an))

as required.

(ii) Assume that the probability function w for LU{ R} satisfies SDCIP
and Ax, where R is a unary relation symbol not in L and |L| > 2. As
usual let o (x). az(x). . ... 0z (x) enumerate the atoms of L.

Consider

w(onarn)| Aa(a) (132

i=1

where o (x) is instantiated s times in A[_; a, (a;). By SDCIP this is equal
to

w(ar@n)| Aa (@) n ARG@)). (133)
i=1 i=1

so s copies of a1 (x) A R(x) are instantiated in this conditioning sentence
(and no copies of o (x) A =R(x) are). Suppose that ay, (x). o, (x) and
a1 (x) are distinct atoms. Then we can find a permutation of the atoms
of L U{R} so that a;(x) A R(x), a1(x) A =R(x) and ay, (x) A R(x) are
fixed and a;, (x) A R(x) becomes ay;, (x) A =R(x). say this permutation
has sent

/\ ap, al /\ (Cl,’)

to
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Then by Ax (133) equals
w (al (ansn) | N\ e (ai) A\ R‘S"(ai))
i=l1 i=1

which by SDCIP equals

n

w(en(an)] A og(@)).

i=1
But now in A, ag,(a;) fewer distinct atoms are instantiated than in
A, e, (a;). whilst the number of instantiations of a;(x) has remained
at s.

Continuing in this fashion then we see that (132) must, after applying

Ex. equal

N n
w(er(an) | Narla) n /\ axa)
i=1 i=s+1

(and with any other distinct subscripts in place of 1,2). In conclusion then
(132) only depends on s and n, giving JSP for w | SL.

(iii) is now immediate.®’ 5

For our final result in this chapter we consider the following variation
on JSP, the ¢-Principle, which was proposed by Hintikka & Niiniluoto in
1974, see too [50], [51], Niiniluoto [92], and also Kuipers, [71], [72], where
a number of related principles are also considered.

THE ¢-PRINCIPLE.
w (a/(“nﬂ) | /\ ap, (%‘)) (134)
i=1

depends only n and r = |{i|h; = j}H ands = |{h; |1 <i < n}, the
number of different atoms so far instantiated.

This principle does address a criticism that might be leveled against
JSP. Namely, taking the above mentioned urn interpretation, if we knew
that the only possible colours of balls in the urn were black, pink, blue,
brown, green and yellow then the probability we should give to the sixth
draw being a yellow would arguably be less if all the previous five draws
had uniformly produced blues than if those draws had been more of a
mixture, say black, green, pink, blue, brown. In both cases no previous
draw had produced yellow but in the second case it would seem that there
was a good mix of colours in the urn and the non-appearance of a yellow
was ‘Just bad luck’ whereas in the first case one might start to suspect
that perhaps there was no mix at all, that all the balls were blue. The
c-Principle seems to offer a haven for this sentiment whereas JSP says that

67We do not know if JSP and SDCIP are actually equivalent in the presence of Ax for a
fixed language.
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the probability given to the next ball selected being yellow should be the
same in both cases. (See [93] for a detailed discussion of this issue.)

Before we give a characterization of the probability functions satisfying
the ¢-Principle (for ¢ > 1, clearly when ¢ = 1 any probability function
satisfying SN satisfies the principle) it will be useful to recall, and intro-
duce, some notation. Throughout let 7" stand for a non-empty subset of
{1,2,...,2%} and let 57 € SL be as in (63). By Corollary 10.2 we have
that any probability function w can be expressed in the form

w= Z w(pr)wr

T

where wr(0) = w(0 | n7) when w(n7) # 0, so in this case wr(nr) = 1.
For 0 < p < oo define the probability function ¢, by®®

—— if T.
eI (ol Nap) =4 Ty /T
ieT 0 if j ¢ T.
where n =3, n;.
We are now set up to show the following theorem which is adapted from
results proved by Kuipers in [71].%%-70
THEOREM 17.7. Let L be a language with g > 1 and let w be a probability

function on L satisfying Reg’" and the c-Principle. Then w satisfies Ax and
there is a p € (0.00] such that wr = ¢] for @ # T C {1.2,....29}. s0

w = Zw(nf)cpT. (135)

T

Furthermore if m; > 0 fori € T withm =, m; then

w(aj\ éa?’)zm (\/041 a |/\ ) (136)

ieT

Conversely if w has the form (135) for such cﬁ with p > 0 then w satisfies
the c-Principle.

ProOOF. In the forward direction let w satisfy Reg and the ¢-Principle,
say h is the function such that, with the notation of (134),

(aj pst) /\ahl a; ) =h(r.n,s) (137)

%8Recall the convention introduced on page 53 of dropping instantiating constants.

%1n this paper Kuipers does not dismiss the possibility of negative p.

70For much more on the ¢-Principle and its kin see for example [50], [51], [71], [73]. [92].

7"'Without this assumption essentially the same proof works provided that the maximal
r such that w(Aj_; e;(a;)) # 0 s at least 3 and we limit ourselves to 7" with cardinality at
most this maximal r.
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depends only on n and r = [{i|h; = j}and s = [{h;|1 <i < n}
Notice that just as for JSP w must satisfy Ax.
Given ) # T C {1.2,....27} consider the function w/. defined by

» w (Aol | Aver )
/ ni\ _
W(ﬁ%) [T (1 — @7 — [T)A(0.|T] + .|T]))

if n; = 0fori ¢ T, and zero otherwise, where n = ), n;. Using the fact
from (134) that

(Vo) (Aer) (o) -

ieT ieT ieT

(1= (27 — |T|)h(0.|T| +n, \T\))w(( A a?”’) A ( /\ "‘f))

ieT ieT

it can be seen that w/. is a probability function satisfying Ex and invariant
under permutation of atoms «; fori € T.

Noticing that for n =}, _; n;. by the ¢-Principle,
w(aj | /\ af’“) =h(n; +1.n+|T|.
ieT

T|)

for j € T we see that the value of wi.(a; | A,y ;") when j € T depends
only on n,n; and |T|. Just as in the proof of Theorem 17.2 we can now
show that provided |7'| > 2 there must be some 0 < /7 < oo such that

. 4 A | T
wh (o | N o) = 22T

n+ 7
ieT TAT

and in fact we must have A7 > 0 by Reg. Rewriting this with Ay =
|T|(1+ pr),n+|T| =mand n; + 1 = m; we now obtain that for j € T

. m\ _ M TPT (9
wlag | \od) = R (= @ = TR T]). (138)
ieT P

provided each m; > 0, where pr is in the range (—1. co].

We now show that for 7, S C {1,2,...,27} with 2 < |T|.|S| we must
have pr = ps. To see this it is enough to check it in the case 7' =
{1.2,....r}. S = {1,2,....r + 1}, since by Ax pr only depends on |T|.
By Ex, fori € T

nj — nj
w( ooy | o ) =wlaa; | o).

jeT JET
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so by the ¢-Principle and (138), wheneachn; > 0and 3, ., n; = n,

ni + ps

. (1= (27 — =
h(0.n.r) 110 s (1= Q9= (r+1)h0.n+1.r+1))
(1= (27— P)h(0.nr)) - 1 + p1 ch(0.n+1,r). (139)
n—+rpr
Rearranging we see that this gives
n + pr
ni + ps

to be independent of n; > 0 (provided n > r), which is only possible if
pr = ps. Let p denote this common value.

In the case T = {1,2}, i = 1 say, the equation corresponding to (139)
has i (n;.n.2) in place of

ny+ pr

(1—(27—-2)h(0.n.2)) - n+2pr

which rearranges to give that

ny + ps
2) = _—
h(nlvnv ) Kn (n+1+3ps)

for some constant k, only depending on n. Since we have a similar
expression for /1(n,. n,2) and, in this case.
h(ni.n.2) +h(ny.n.2)
1—(4-2)h(0.n,2)

we can eliminate x, to give

n+p
n+2p

wla |af"ey?) = h(n.n.2) = (1 —(29=2)h(0.n.2)).
Since the corresponding identity holds trivially for | 7| = 1 we can now
generalize (138) to all non-empty 7 as:

w(agl Aap) = TP (1 @0~ TDRO.m |T]).  (140)
ey m+p|T|
for j € T, provided each m; > 0.

Currently we have that p € (—1,00]. We now show that —1 < p <0
cannot happen.

Assume on the contrary that —1 < p < 0. By considering the
sum of all probabilities of state descriptions for aj.as.....a, (n > 29)
which mention all of the atoms o, as. . . .. o, we see that with (140) and
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h(0,n,27) =0,

n .
1> ( )w(/\a?’) (141)
ny,...,N
Ny eeniting >0 ’ ’ i=1
ny+etnyg =n
2‘/ 24 24
o n n—1
- wl N\ | \ai Jw Q;
ny,....n
N eenting >0 1 - 21 i=1 i=1 i=1
ny A nyg =n

4 9 n— .
o(Ae) S () T
i) n—1,.
i=1 nyeing >0 IOERRRRRLZ H/:Zlf](] +2qp)

nyte s tnyg =n
- 2 o) Y TS IG5 (L4 p/J) n(2e = 1)t
| ' "*1(1+24p/j) niny ... Ny

nyeeing >0 j=24
nyteetnyg =n X

(142)

i=

We now make three observations. Firstly, since

n

[T+2/5) =00,

7>17l
and for p < 0. n, n; asin (141),
24 pX

[T -1 > (Z(”i - 1)>2"P > (n— 1),

i=1 i=1
we see that there is a fixed & > 0 such that
24 1 .
Hizl Hj’:l (1 + P/]) > .
TT: 25, (1 +2¢p/ )

Secondly one can show that there is a constant v > 0 such that for large n

Z (mins...m)~' > leg(n)'

n

] eeeing >0
ny+enyg =n
Finally, by Reg, w( /\1211 ;) > 0. Putting these three observations to-
gether we can now see that the right hand side of (142) tends to co as
n — oo, which provides the required contradiction since from (141) it
must be bounded by 1.
So from now on we can take it that p > 0.
Notice that with this in place summing over the j € T in (140) and
eliminating (1 — (29 — |T'|)h(0, m, |T|)) now gives (136).
Let v be the probability function

v = Zw(nr)cpT. (143)
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What we want to show then is that w = v.7> Notice that since w satisfies
Ax the w(n7) depend only on | T'| and hence v also satisfies Ax. Also since

w satisfies Reg, w( A\, a;) > 0, 50

and v also satisfies Reg.
Furthermore, as the notation would suggest, v(y7) = w(yr) and
v(0|nr) = ¢, T(6). To show this let Y%, as on page 66, be the disjunction

of all state descrlptlons

for which {f.hy.....hy} = T. Then for S C {1,2,....2¢},if T ¢ S,
¢5(Y7) = 0 for m > 0. whilst if 7 C S then |T'| < S| and

m—1
B n+IT|p>
v = ( AV etao) =11 (51

so in both cases
. S o
A ey (Y1) =0
Hence we must have by Lemma 10.7(i) that cpT (n7) = lim,, e cpT(T”T’) =
1. That v(y7) = w(nr) and ¢ [ (6) = v(0 | n7) now follow from (143).
For v defined in this way a straightforward calculation shows that if
n; >0fori € Tand ), ,n; = nthen

v(as | A off) = (n; + p) ln.

where B(n.|T|, j) only depends on n, | T| and whether or nor j € T. Thus
v also satisfies the ¢-Principle.

Now let T be such that w(n7) > 0. For a state description ® which is
a disjunct of Y% (140) and (144) give that

(/\a"’|®>—5nm (/\a"’ )

ieT ieT

J) (144)

for some &(n, m, |T'|) depending only on n, m, |T)|.

72This stratagem is adopted from the corresponding proof of Kuiper’s on page 270 of
[71].
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Since we can write such a ® as A\, af-" A Njer i it follows that

@):w(/\af"\ /\ai)W(‘/\O‘f)
T o( Al Aa)o( A er) =l

ieT

) v(®)

for some t(m,|T|) depending only on m and |T|. Hence, for ® ranging
over the disjuncts of Y%, and assuming that w(y7) > 0,

n; my __ E w (/\ie aini |®) ’LU(@)
w(ié\rai TT) ==@ ZG)Tw((B)
_ ) 2o (Aier o' |©) v(0)
=clm T >0 (0)
(n.m. |T|) (/\ al |T'”) (145)

ieT
Taking the limit as m — oo of (145) now gives by Lemma 10.7 that

wT( /\af") :w( /\ al |77T) ZKU(/\a?i WT) ZKC/)T( /\ O‘z'n[)
ieT i€T i€T

i€T
(146)

where
K = lim &(nom,
m—r 00

).

Indeed we must have that K = 1 since summing over all choices of #; in
(146) with sum n will give 1 = K - 1.
Finally then we obtain, as required, that

w = Zw(ﬂT)wT = Zw(ﬂT)CpT =v.

T T

Conversely if w satisfies Ax and has the form (143) then. as we have
already seen for v, it satisfies the ¢-Principle. -

Notice then that the ¢-Principle, somewhat exceptionally in this sub-
ject, allows solutions which give non-zero probability to non-tautologous
universal sentences such as

/\ —=3x a;(x)

J¢T
for ) £ T C {1.,2,....29}, though of course it says nothing about their
probability except that it only depends on | T'| rather than T itself. Indeed
if we want to justify these being non-zero then we have to justify the w(y7)
being non-zero, which only leads us back to where we started.

Returning again to the derivation of Carnap’s Continuum from JSP,

this must be seen as something of a triumph for Carnap’s programme.
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For on the basis of this ostensibly rational postulate the whole problem of
assigning probabilities in the absence of any knowledge has been reduced
to the problem of selecting a single parameter, 4. Carnap himself spent
some effort on this last step without coming to any final firm conclusion.
Referring back to (103) what we can say is that for an agent selecting
¢k, 7 is a measure of the agent’s reluctance to be swayed away from
ambivalence by new information. If 1 is large then even if the agent only

sees ay. as. . .., a, which satisfy a;. n will have to be correspondingly large
before
n q
n+ A271
c).L (aj(anH) | /\aj(ai)) = T (147)

i=1

becomes significantly different from 27¢. Indeed when 4 = oo no amount
of such evidence can make any difference. Conversely if 4 > 0 is small
then even n = 1 will effect a dramatic change from 277 in the left hand side
of (147). and a corresponding diminution in the probabilities of o (a5)
when r # j. Notice that the probability function ¢f aptly represents the
natural limit of this process. in that case a;(a2) is given probability 1 on
receipt of learning a; (@) whilst all the other «, (a,) get probability 0. In
this case then the agent irrevocably jumps to the conclusion that all the a,,
must share the same properties as the first one seen.

One place that we might hope to find guidance on this choice of 4 is the
de Finetti prior of ¢F. It is easy to show. simply by comparing their values
on state descriptions, that

2‘/
k= nq/ we [[x72 " duy (). (148)
DZ‘/ i=1
where u, is the standard Lebesgue measure on D>, and &, is a normalizing
constant.”® This possibly suggests that we should take 4 = 29, giving equal
likelihood to each of the wy for X' € Dy,.

Attractive as this might at first appear if we consider the restriction
of ¢} to the language L~ with just the ¢ — 1 unary relation symbols
Ri.R;..... R, then we obtain (as already observed when discussing

ULi) ¢/ and now

201

k= Kg—1 / wy H x; dptg—1(X)
D

2q—1 i=1

since 292-@=1 — 1 = 1. In other words we are no longer giving the
X € Dy-1 equal likelihood”, and of course the distortion becomes more

Bn fact ky = ([(4279))2' ()=, The measures r, H,zil xl.u_q*l duy are commonly
referred to as Dirichlet priors.

74A point remarked upon by Kemeny already in [62].
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pronounced the further we move away from the ‘preferred’ language L.
But why should any one language be favoured in this way?

A second approach that has been employed to determine / is to argue
that by ‘symmetry’ we should have that for any possible signature ni =
(my,my,....may) with )" m; =n,

w( \/ ®(a1,...,a,,)>

sig(O(ay.....a,))=ni

is the same independent of 77, where sig(®(ay. ..., a,)) is the signature of
the state description ®(ay. . ...a,).
The number of possible 7i here is

n+279—1
2¢ — 1

and for a particular such #i = (mj,my,...,my) the number of state
descriptions with that signature is

Hence according to this recipe a state description ® with such a signature
ni should get probability

n—+27—-1 71>< n -1
24 — 1 miy,..., My ’

which turns out to equal ¢£ (@), thus providing (another) argument for
taking A = 27 in the case where the language has ¢ unary relation symbols.

Clearly though the version of ‘symmetry’ being applied here seems to
be of a different nature from that being used in other contexts (e.g. Ex, Px,
Ax) throughout this monograph. a point which will become very apparent
in the forthcoming Chapter 23 when we give a precise account of what we
mean by a symmetry.

We conclude this chapter by mentioning a property of the ¢/ for 2 > 0
which is sometimes seen as a failing according to the aspirations of
‘Applied Inductive Logic’. Namely, because their de Finetti priors give
zero measure to all the Ny for ) £ T C {1.2,...,2%} by Corollary 10.4
all non-tautologous universal sentences Vx 0(x), with 0(x) € QFFL, will
get probability zero. In particular then not only does SReg fail but no
amount of ‘evidence’ \?_, 0(a;) can cause

n
et (vx00)| )\ 0(a))
i=1
to move away from zero, despite the intuition that a sufficient number of
positive instances of a law, and no negative instances, should somehow
justify one suspecting that the general law does actually hold.
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On the other hand, by Proposition 16.1, for 0 < 1 < oo and consistent
0(x) € QFFL.

lim Cf(ﬂ(an+1)\ [\10(‘11‘)) =1

so that the more ‘evidence’ \_, 0(g;) one has the more probable, accord-
ing to ¢l. it is that the next individual a,. will satisfy 0. It has been
argued, by Carnap amongst others, that this instance confirmation is all
we really need in practice, rather than any confirmation of the universal
law that every a; satisfies 0(x).



Chapter 18

ANOTHER CONTINUUM OF INDUCTIVE METHODS

We have seen in the previous chapters that if w satisfies JSP (and Ex) and
q > 2 then w is a member of Carnap’s Continuum of Inductive Methods,
i.e.w = ¢F for some 0 < 4 < co. Since Ex and JSP appear fairly natural
and attractive principles it would seem unlikely that there could be other
appealing principles around which would lead to an essentially different
family of probability functions. However as we shall now see that is in
fact the case.

Informally the Extended Principle of Instantial Relevance tells us that
in the presence of information. or knowledge, w(a;. as.....a,), learning
that 6(a, 1) holds should enhance our belief that 0(a,,) will hold. But
what if instead of learning 0(a, ) we had learnt only some consequence
¢(an1) of O(a,,1). should this not also act as positive support for 0 (a,.»)
holding and so also enhance, or at least not diminish, belief in 0 (a,>)?

For example, waking up at 6.00 am in a new country and observing
rain outside might, in the spirit of PIR, cause me to increase my belief
that it will also be raining at 6.00 am tomorrow morning. But suppose
instead I overslept until 7.00 am and only saw that the streets were wet
though the sky was clear. Then that might still cause me to think that it
was probably raining an hour ago and that quite likely I would see rain at
6.00 tomorrow if I managed to get up that early.

This intuition is summed up in the following principle:”

THE GENERALIZED PRINCIPLE OF INSTANTIAL RELEVANCE, GPIR.
For 0(ay). ¢(ar). w(ai.,as.....a,) € OFSL. if 0(x1) & ¢(x1) then

w(0(an2) | planc) Nylar. a.....ay) >w(0(an) ylar. a. ... ay)).
(149)

At this point one might wonder if there should not also be such a
principle for when ¢(x;) F 0(x;). In fact it would be equivalent to GPIR.

75 Although this principle is stated for w (&) € QFSL that actually forces it to hold too for
w(a@) € SL not necessarily quantifier free. This can be proved by induction on the quantifier
complexity of w. for fixed 0(x1). #(x1). using the evident extension of Lemma 6.1 to blocks
of like quantifiers as in Lemma 3.8.
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To see this notice that

w(0(ans2) | w(@)) = w(0(ans2) | ¢lani1) A yw(a@)) - wig(an1) | w(a))
+w(0(ani2) | ~¢(ani1) Ay(a)) - w(=¢(ay1) | w(a))
and
w(@(danr1) [w(@)) + w(=g(ay)|w (@) = 1.
o)
w(0(an2) [ $(an1) A (@) > w(0(an) | w(d))
= w(0(an2) | ~¢(an) Ay (@) < w(0(an) | w(a))
= w(=0(an2) | ~¢(ani1) A y(a@) = w(=0(an2) [ w(d)).

from which the result follows since ¢ (x1) F 0(x1) justif =0(x;) F =¢(x1).
Notice then that in this case

w(=0(ani2) | $lani1) A (@) < w(=0(ay2) | y(d)) (150)

so the inequality goes the other way round when ¢(a,1) provides nega-
tive support for =60(a, 1) (in the sense of providing positive support for

e(an+1))-

Our next proposition shows that GPIR is simply a consequence of Ax
when we drop the additional ‘evidence’ w(ay. a3, . . .. ay,). From this point
of view then GPIR might be interpreted as asserting that as far as the
basic inequality is concerned this additional evidence can be ignored.

PRrOPOSITION 18.1. If w satisfies Ax then for 0(x).¢(x) € QFFL with
0(x) F ¢(x).
w(0(az)| p(ar)) > w(0(aa)). (151)

ProOF. Without loss of generality let

29 n
\/ah, @) = \/ \/ (ar) A ay,(a2), \/ah, ar).
i o (152)

where n < m. Clearly the result holds if # = 0 (i.e. #(x) is contradictory)
so we may suppose that m > 0. By Ax w(e;(az)) = 279 and

(b ifi=
wlatan) nate) ={ 0157
for some ¢, b such that
24
t=w( \/ ajla) Aag(a)) =216 + (2% - 21)e. (153)

k=1
From (152), (153).
w(0(az)) =n277, w(g(ar)) =m277, w(0(ax)Ad(a1)) = nb+n(m—1)c,



18. ANOTHER CONTINUUM OF INDUCTIVE METHODS 127

so we are required to show that
w(0(a2) | ¢(ar)) = m="27(nb + n(m — 1)c) > n277 = w(6(a2)).
Substituting for 5 using (153) reduces this inequality to
21272 —¢) > m(27% — ¢). (154)

Since by PIR,
b>wlo(a)) wla(a)) =27,
so from (153), ¢ < 2727 and together with m < 2 this gives (154). .
Given the above, and earlier, considerations we might now venture to

propose that our rational choice of w on SL should satisfy GPIR, Reg

and Ax. As we shall show over the course of this chapter, that restricts w

to be a member of another ‘continuum of inductive methods’.”°

First some notation. For —(2¢ — 1)_1 <0 <1 set
o 2q
wy =271 wa) (155)
i=1

where
G0) =7 ...y +0.7.....7) € Dy

with the y + 6 in the ith place and (necessarily) y = 279(1 —¢).
In particular then

m 2¢
wt (N anlan) =205+ oy
i=1 j=1

where as usual m; = |{i |h; = j}|. Inthe case d # 1 (so y # 0) this can
be rewritten as

2

wi ( Newla)) =271m > am (156)
i=1 Jj=1

where d = (1 +J/y). Notice that w9 = ¢l whend = 1 and wf = ¢k
when = 0. As will become apparent as we go along these are the only
points at which the w¢ and ¢! agree.

The next theorem, and the later Theorem 18.5, are essentially rephras-
ings of results in [94], [95].

76However the special case of GPIR

w(Vx ¢(x) [ plai) Ay) > w(Vx ¢(x) | y).

is easily seen to hold for all probability functions w, and to give a strict inequality when
w(Vx ¢(x) Ay) > 0and w(g(a;) | w) < 1 (an observation referred to by G.H. von Wright
in [143] as the Principal Theorem of Confirmation).
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TreOREM 18.2. Let —(29—1)! < 6 < 1. Thenw satisfies GPIR, Reg.
Ax, Ex.”’

Proor. That wi satisfies Reg. Ex and Ax for —(2¢ —1)7! <6 < 1 is
clear from (156) so all the work is in showing that w¢ satisfies GPIR.

Suppose that ¢(x) F 0(x). Then. (using the equivalent version of
GPIR) after multiplying out the denominators, it will be enough to show
that

wg (0@ 12) A ¢lam1) A (@) - wi (y(@)) -
w (0(ans2) A y(@)) - wi(@lamsr) A (@) = 0.

equivalently

S (whl@ilan2) A dlamsn) A w (@) - wh (w(@) -

a;=0

w e 2) A (@) i (la) A p(@) 2 0. (157)

In this expression. given what we are expecting to prove, the ¢(a,,.) will
support those a; (a,,42) when o; (x) F ¢(x) and seemingly not do so when
o;(x) E =¢(x). This suggests first considering the terms in (157) in these
two cases.

Let

E\//\ﬁhr ar
=1r=1

(where the B, € {a,....an}), and for 1 < 7 < p, 1 < k < 29 let
mye = |{r| B = ar}|. Thenford = (1 +5/y). @ ( ) E —o(x ) and k
ranging between 1 and 29,

14
wi (p(@) =279" Y Y d™, (158)

s=1 k
w (B(an1) A (@)

P
_ 2—qym+l Z Z dmvj+1 4 dexk)

ajF¢ s=1 k#j
P
— ququLl Z Z dm‘\-,'H —gmsi + de.xk)’ (159)
ajFg s=1 k

77 Actually it follows from Proposition 10.6 that these w satisfy GPIR even when we
drop the requirement that 0, ¢,  are quantifier free.



18. ANOTHER CONTINUUM OF INDUCTIVE METHODS 129

w) (ai(ans2) Ay (@)

m+l Z dm,,ﬂrl + dehk

k#i

_ quym+l Z(dm/,,-JrI — g™ 4 dehk)! (160)
h=1 k

wjé;(ai(anJrZ) A ¢(an+1) A l//(d))
P

_ 2—qym+2 Z (dmm 4 gmatt | Z d")
ajFe h k#i.j

P
=2 11 m+2 Z Z dmh/+1 — M + d"11u+1 — i +Z dmlrk)
ajEe k

(161)

noticing that since o; £ ¢ and o; £ —¢ in (161) we cannot have i = .
Taking the difference of the products (161)x(158) — (160)x(159) now
gives

P P
2q 2m+2 Z Z 1 2dm/,,+m\,. (162)

ajE¢ h=1 s=1

In the case o; F ¢ the expressions corresponding to (158), (159). (160)
are the same as before whilst (161) becomes

p
_qym+2 Z Z(dmhj-'—l _ dm/,_,' _|_dm/,,-+l _ dmhl- + dehk)
k

ajFé =1
J#i

4274 m+22 dm;,,+2 M +deh/<

h=
which equals
m+2 Z Z dm;,,+l 4" + dmh,Jrl 4™ + dehk
abé h=1

I 2_qym+2 Z(dm;m% —odmutl d™). (163)
h=1
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Taking the difference of products (163)x(158) — (160)x(159) and
changing the variable k to j yields

14 14
2—2qy2m+2 Z ZZ(d o I)dehj+m.yi +

a;E¢ h=1 s=1

14 P
2724y 2m+2 Z Z(dmm (d — Z dm). (164)

h=1 s=1

Taking the sum of the (162), (164) for all o; F 0 now gives that the sum
n (157) is

- 2q 2m+2 Zii( Z Zd'ﬂ\-/+}nh,‘ _ Z Z dmh,'wLm.\-,v).

h=1 s=1  a;FONG a; a0 ajEg
(165)

Transposing the variables i, j in the second term in (165) gives

2—2qy2m+2(d ZZ ( Z de\j+m1u _ Z Z dmhi+mxj>.

h=1 s=1  «aFONG «; a;F0 aiFg
(166)

But clearly since any a; F ¢ is also such that a; F 0 A ¢ (since ¢ F 0)
the first term in the sum in (166) is at least as large as the second so the
positivity of (157) is established. -

Notice that 0 < d # 1 for —(2¢ — 1)~! < § < 1 so in fact for  in this
range (166) will always be strictly positive provided there is an atom «;
such that a; F =0, i.e. provided 0 is not a tautology, and there is an atom
«; such that a; F ¢, i.e. ¢ is not a contradiction. Clearly if one of these
conditions fails (166), and hence (157). will be zero.

We now turn to proving a converse to Theorem 18.2. First we need a
lemma.

LemMma 18.3. Let the probability function w on SL satisfy GPIR, Ex, Ax
and Reg. Let u be the de Finetti prior of w and let

E: <b1,b2,...,b2t/> € Dy

be in the support of w. Then for any permutation 6 € Sy and 1 <i < j <
24,
(bi — ba(i))(bj — ba(j)) <0.
Proor. To simplify the notation here, and hereafter, we adopt the con-
vention already introduced on page 106 of letting

24

ky
Aot
r=1
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denote
2k

/\ /\ ar(ap,eri)»

r=1li=1
where p, = Z;:kj, and write a;. a; for a;(axi1). ai(ary2). respec-
tively where k = > k,. (Since w satisfies Ex the particular choice of

instantiating constants will not matter here.)
Forl <i,j <24 i +# j, GPIR gives that for ¢ € Sy

2 2 2 2
w(ai | /\a,’.‘" V /\aﬁ"_l(r)) > w(ai |a_/ A ( /\a,’.‘" V /\aﬁ"_l(r)»
r=1 r=1 r=1 r=1
(167)
by (150) since e (x) F =y (x).
Consider the left hand side of (167). Assuming that ¢ is not the identity
(if it is the required conclusion is immediate) the sentences /\fl:l akr and
/\fq | ak’ 1() are disjoint. so

2 . ) 20k,

oo At Pl ) = ML L s
v w(/\, I ‘»)+w(/\":1aoll(r>).

(168)

By Ax,
(/\aJ ” ): (/\a,’.") (169)
w(a,» A /\ 045';1(,)) =w (aa(i) A 7\ af") (170)
r=1 r=1

so by (168). (169) and (170) we have that

24 24
w(ai| /\af" Y /\af’;l(r>)
wlos AN of) | wlogn AN af)

2w( A i ) 2w( A, of)
q
szé/ 'H' ]xk d/u f]D)zq xrr(i f lxk d/u (171)
X du 2 2(, Xk du
szl 1 ]D),, =1

Putting k, = [mb,] and lettlng m — oo Lemma 12.1 gives us that the
limiting value of the left hand side of (167) as m — oo is
bi + b, ;)
2
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An analogous argument gives a limiting value to the right hand side of
(167) of
bibj + bs(i)bg ()
bj+bq(j)
The inequality in (167) must be preserved in the limit so
b; + ba(i) - bibj + bg(,-)bg(j)

2 7 bitbyy
from which we obtain that
(bi = by(i))(bj — by(j)) < 0. =
COROLLARY 18.4. Forw. pasin Lemma 18.3, if (b1, by, ... . by) isin the

support of u then all the b; are equal except for possibly one of them.

Proor. If there were 3 different values amongst the b;, say by > by > b3
then for ¢ € Sy with (1) = 2, ¢(2) = 3 we have

(b1 = by(1)) (b2 — by(z) >0

contradicting Lemma 18.3. If amongst the b; two different values were
repeated, say by = by > by = ba, then we can similarly obtain a contra-
diction with ¢ (1) = 3, ¢(2) = 4. The result now follows. =

We are now ready to prove the converse of Theorem 18.2, at least for
q=>2.

THEOREM 18.5. Let the probability function w on SL satisfy GPIR, Ex,
Ax and Reg and q > 2. Then w = w$ for some —(2¢ — 1)~ < < 1.

Proor. Let u be the de Finetti prior of w. By Lemma 18.4 we already
know that points in the support of « can have at most one coordinate differ-
ent from all the others. Suppose that (y +9.7.7,....7). ({(+6.(.C.....0)
are distinct points in the support of u — since w satisfies Ax u is invariant
under permutations of the coordinates (recall the convention on page 90)
and we may assume that the ‘odd coordinate’ is the first one. We shall
derive a contradiction from the assumption that f # 9.

First suppose that —(2¢ — 1)~! < B < 6 < 1. Then by Corollary 12.4
there exists 0 < # < | and state descriptions ¢,. , such that for any
ri.r.r3 €N,

lin(}ow(a'l"afag“ |pular,....as)Vyular, ... a,))

=n(y +0)"y"2y" + (1 =)+ Bl (172)

Notice that such aj. as. a3 exist since ¢ > 2.7 Since an F —a3. by
GPIR we have (with the obvious shorthand notation) that

w(os lan A (¢n \ '//n)) < wlos | pn V l//n)

78 A situation similar to that in the proof of Theorem 17.2,
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Using (172) and taking the limit as n — co now gives that

m? + (A =m _my+ (1 —n)
m+0=mC = n+0-n)"
But multiplying this out gives y> 4 (> < 2y¢, which is false since y # ¢ (as
B #9).
Considering the possible remaining points of support of 4 we now see
that forsome 0 < ¢ < land —(2/—1)"' <s < 1, w = cw) + (1 — c)w; .
We cannot have that ¢ = 0, since by assumption w satisfies Reg. The aim

now is to show that ¢ = 1.
From GPIR we have that

w(on |azaf) < w(ax|af).

so, canceling out the common factors of 279,

c((y +0)"y> +2(y +0)y"+ + (21 = 3)y"*2)
c((y +0)my + (y +0)ym + (24 = 2)ym+1)
c((y +0)"y +9"(y +9) + (27 = 2)y"*1)
c((y+0)"+ (29 = 1)y") + (1 = ¢)

But if ¢ < 1 the right hand side here tends to 0 as # — oo whereas the left
hand side tends to y if § > 0 and to (26 + (2¢ — 1)y)(d + (24 — 1)y)~if
0<0.

Finally the value —(2¢ —1)~! for 6 is disallowed because of the assump-
tion that our probability function satisfies Reg. -

In Theorem 18.5 we require that ¢ > 2. in other words that the language
L has at least two relation symbols. In the case that L has just one relation
symbol, R;. GPIR holds for any probability function on SZ. The reason
is that in that case there are, up to logical equivalence, only 4 choices
of 0(x) (and ¢(x)). namely T. L, Ri(x).~R;(x). Thusif 0(x) F ¢(x)
either 0(x) = ¢(x) or 0(x) = L or ¢(x) = T and it is easy to check in
each of these cases that (149) must hold.

We finally remark that, as in the derivation in [95]. we can weaken the
assumption of Ax in Theorem 18.5 to Px and SN. However since the w¢
satisfy Ax there now seems little point in doing so.

In the next chapter we will investigate some of the other properties of
the w9.






Chapter 19

THE NP-CONTINUUM

The first notable property of the w‘z, at least for 0 < ¢ < 1, that we shall
show is:

PROPOSITION 19.1. For afixed0 < & < 1 thew$ form a Unary Language
Invariant family with GPIR.

PrROOF. As usual let L = {Rl, ....R;}. Itis enough to show that the
restriction of w9, to SL is w) where L' = {Ry,.... Ry ....R}. In this
case notice that whilst the support points of the de Finetti prior of w9 are
of the form

Dopsee sy +0,70,057)

those of w9, are of the form
(297, 297y, 207y, 29Ty 45, 297y, L 207y, 297 )

and that, in general, we require here that & > 0 since ford < 0, 277"y +6
will be negative for r large enough.

By repeated application it is enough to suppose here thatr = ¢+1and to
show that w9, agrees with w¢ on state descriptions of L. Letting the a; (x)
be the atoms of L and with the obvious shorthand of writing for example
a; A (Rys1 V —R,41) for instantiations of a; (x) A (Ry11(x) V =Ry41(x))
etc. we have that

24 21

(/\am‘> = wy(/\( A (Ryy1 V ﬁRﬁl))mi)

i=1

29 m;

- % wb(AA@ARL)

vl i=1j=1

where the v € {0, 1} and as usual R} | = R, 1 and R2+1 = —Ry41.

q+1 —

135
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Appealing to Ex this sum equals

myq 24 24
: s my
553wl (Ao Ry o kg 0) T () =
Sk
51=0 $2¢ =0 i=1 k=1
my Mg 21 m
—q—1 { m— s, S)S m—(m;—s;) J)mi—Ssi } k
ZO Szo;c (+6)"+¢ (¢+0) )kH, 5
= 24 =

where m = Z/‘:l mjand { = 2-1y. Moving the summation over 7 in this
expression to the front the resulting ith summand is

m Myg 24
27(]71 Z . Z {Cmfs,' (C +5)si + Cmf(mifs,ﬂ)(é’ +5)mi—y,} H (mk>

S
51=0 529 =0 k=1 k

m;

=2 Z <’:> {C’ (C+0)" +
o= T (3 (7))

S
kti =0 Nk

=2t (e o) o ([T ) =26 oy,
k#i

. . . . . 2
Reintroducing the summation over i now gives w} ( A;_; /). as re-
quired. -

We remark here that for —(2¢ — 1)~ <6 < 0 the probability function
w9 does not satisfy ULi with GPIR. This is already suggested by the
initial remarks in the above proof and will become transparent from the
forthcoming proof of Theorem 19.3.

In view of the desirability of Language Invariance it seems natural to
focus on the w9 for 0 < § < 1 where they are referred to as the Nix-Paris
or NP-contmuum The members of this continuum then satisfy ULi with
GPIR, Ax and Reg for 0 < ¢ < 1. It differs from Carnap’s Continuum
(as can be seen immediately by comparing de Finetti priors) except at the
end points where w) = ¢ and w} = ¢£. It also differs from Carnap’s
Continuum, for 0 < é < l, in failing to satisfy Reichenbach’s Axiom.

To see this consider the sequence of atoms ay,(x) where #; = 1 if
i = 0mod 3 and /&; = 2 otherwise. Then with j = 1 and the notation of
the statement of RA on page 93. u(n)/n — 1/3 as n — oo. However

3n—1

w (al(a3n)| /\ a/,,.(a,-)> —

i=1
" +0) + 92 (y +0)" + (27 — 2)p¥
yn—l(y +5)2n + y2n(y +5)n—1 + (2(1 _ 2))/3”_1
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which tends to y as n — oo, so RA fails. (Of course if y = 1/3 we can just
change the frequency of the «o;.)

We now give a second characterization of the w¢ which is surely inter-
esting though possibly rather perverse.

RECOVERY.

A probability function w on SL satisfies Recovery, or is Recoverable,
if whenever Y(ay. as. . ...a,) is a state description then there is another
state description ®(a, 1. ay . . . .. ay) such that w(® AY) # 0 and for any
quantifier free sentence 0(ay 1. apya. .. .. Apig).

w(O(apsr. apia. ... apag) | PNANY) = w(O(@ps1. apea. . ... Apig)).
(173)

In other words w is Recoverable if given any ‘past history’ as such a
state description W there is a possible ‘future’ state description ® which
will take us right back to where we started, at least as far as the quantifier
free properties of the currently unobserved constants aj . aj42,... are
concerned.

Somewhat surprisingly it turns out that the notion of Recoverable re-
mains the same if instead of requiring  to be quantifier free we allow it to
be any sentence of L. The reason for this is that if 6 is not quantifier free
then we may assume that it is in Prenex Normal Form and prove the result
by induction on quantifier complexity using Lemma 6.1 to ensure there is
no clash of constants with those in ® A . (On this point see [102].)

As we shall now show, following [117], the w¢ satisfy Recovery provided
0 <6 < 1. Indeed these w9 are characterized by satisfying Reg and ULi
with Ax and a single non-trivial instance of Recovery. Clearly then the ¢
can never satisfy Recovery for 0 < 4 < oo, not even a single instance of it.

PROPOSITION 19.2. For 0 < J < 1 the w9 satisfy Recovery.

Proor. With the usual abbreviation let

Y(aiar....a,) = a"ay” ... a5
Then we have n > my, ..., my and for h = n24,
<I)(a,,+1, [/ T a) = a;’imlagimz . a;q_mzq
we have
Y(ar.ay...,ay) NO(ayy1, ania. ... ap) = afa ..ol

It is now easy to check that

firstly for 6 a state description and in turn for arbitrary 8 € QFSL. -
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THEOREM 19.3. A probability function w on SL satisfying Reg and ULi
with Ax has the property that for some state description ®(ay, ay, ..., a,)
withn > 0, and for all 0(a,+1. ania. . ... anyg) € OFSL,

w(0(anyt1, anin. .. .. anig) | @(ar, az, ....ay)) =
’LU(H(Q,H_], Ap42s o v e an+g))
Just if w = w9 for some 0 <5 < 1.

Proor. The result from right to left follows by the previous proposition
(by taking ® A ¥ with ¥ = o (a;). say).
In the other direction let w satisfy Language Invariance with Ax and

let ®(ay. as. . ...a,) be as in the statement of the theorem, say atom «; (x)
is instantiated m; times in @. Let u be the symmetric’ de Finetti prior of
w, $0, by assumption, for any sy, s, ..., 59 € N,
/ Hx“’ me’ du = / Hx* d,u / me’ d,u (174)
Dy j—y = Dy ;2
Since u is symmetric ifo € Sy then (174) also holds forany s1. 55, . ... 5% €

N with [T~ x,(;) in place of [T2., x™. In particular then we can obtain
that

2‘/ 2‘/ 211
Si mj mi —
[ TT T TLoxst e =
Dy

h h N 2 24 24
5 mi mj
(/qu il:[lxl- d/t) . (/qu il:[lxl. EXJ(i) d,u)_ (175)

Continuing in this way by taking the product over all permutations ¢
yields some single 1 € N such that (174) holds with each m; replaced by
this same 7, and of course similarly for any multiple of ¢.

Hence we have that for H(al ..... ay) a state description,

vaq 1x wg(0(ay. ..., ag)du
szu w;(@(al, conag)du = szq leq:l x!du.

(176)

Replacing 0(ay. ....ay) by O0,,(a;. . ... as, ) asin Corollary 12.2 and taking
the limit of the rlght hand side of (176) as m — oo we obtain that

2

Hbt / Hx du

Zfll'l

As in (89).
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for any support point b of . We conclude then that for

([ Mwan)"

2 =1

24
u{(x1.....x2) € Dy | Hxi:c}:l, (177)
i=1
and indeed ¢ > 0 since w is regular.
Now using Language Invariance let w’ satisfy Ax and extend w on
L' = LU{R,:(x)}. so again we can take the atoms of L’ to be

a1(X) A Ryy1(x). ar(x) A =Ry1(x). aa(x) A Ry (x).
a(x) A —|Rq+1(x), S Qg (x) A Rq+1(x),a2q (x) A —|Rq+1(x).

Let ' be the de Finetti prior of w’. Then by (55).
2‘1
WX € Dyer | (g 4 x2) (3 + x4) H(XZi—l +x)=c}t=1 (178)
i=3
and by Ax also
2‘/
WAX € Doger | (1 + x3) (X2 + x4) H(Xzi—l +x3)=c}=1
i=3
21
WAX € Dot | (1 + x4) (x2 + x3) H(XZi—l +x)=c}=1
i=3
Hence

ﬂl{f S quﬂ |
(x1+x2)(x3+x4) = (x1+x3)(x2+x4) = (X1 +x4)(x2+x3) } =1

and in consequence

,u/{)? S quﬂ |
(x1=x4) (x2—x3) = (x1—x3)(x2—x4) = (x1—x2)(x3—x4) =0} = 1.
From this it follows that the set of (xi, x2. ..., Xyu1) for which all except

possibly one of the x; are equal has x’-measure 1.
Any such vector must then be of the form

(xox...oox. 1= (277 — Dx.x..... x. x).

where 0 < x < (29%! — 1)~! since the coordinates cannot be negative.
Also from (177)

(2x)* 11 = 27 —2)x) = c. (179)
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By considering the function F(x) = (2x)¥ (1 — (27! — 2)x) on
[0. (2471 — 1)~!] we can show that there can be at most two possible
solutions to (179). If there is only one solution then we already have our
result. So suppose that there are two, {, & say. with & > {. Then again by
considering F (x) we must have { <2797 & > 27971 Since u’ satisfies
Ax then it must spread some measure v uniformly over the coordinate
permutations of the point

<l - (2‘1"!’1 - I)Cs Cf i:’ DR 5Z:>:

and similarly measure 1 — v uniformly over coordinate permutations of
the point

<1 - (2q+1 - 1)5 gsé: ’é>

We shall show that we must have v = 1. For suppose otherwise. Then
by a similar argument to the one given above we could show that the
corresponding #" on L U {Ry41. Ry42} in the language invariant family
must concentrate all measure on points of this same form, in particular
spread measure 1 — v uniformly over the coordinate permutations of the
point

(1 =271+ —1)e. 27 e 27te a7t

Similarly adding s additional relation symbols to L" would lead us to a
measure spreading measure 1 — v uniformly over the coordinate permu-
tations of the point

(1 =278 (2uHsHL _1)E 275 275¢ . 275¢).
But
1— 275(2q+s+1 o 1)5 _ _Zq+1 (f o 27(]71) + Zisf,
which, since ¢ > 279~!, will make this first coordinate negative for large
enough s, contradiction.

Having dismissed this possibility then it follows that x” spreads measure
1 uniformly over the coordinate permutations of the point

<1 - (251“!’1 - l)gs é/-,i:ﬂ- . C>

Hence by marginalizing the same is true of x, that is all #’s measure is
distributed (uniformly) over the coordinate permutations of the point

(1= 1) +8.20.2,...,20).

which makes w = w$ with = 1 — 2971 > 0, as required. 4
It is easy to see that this proof also shows that:

COROLLARY 19.4. For ¢ € Dy, vg has an extension to a probability

Sfunction for the unary language LU{ R 1 } which satisfies Ax just if vy = wi

for some d € [—(2971 — 1)~ 1].
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At this point the reader might be as intrigued as the authors by the
persistence with which the two continua, the ¢ f and the wi seem to divide
between them most of the rational principles one comes up with. Are they
perhaps manifestations of different interpretations of ‘rationality’? A
suggestion made in [115] is that the principles underlying the ¢* require
the agent to picture his/her ambient structure M as the result of some
regular statistical process, for example the picking of balls from an urn in
the case of JSP. So the notion of rationality being taken here is of regularity,
predictability, pattern. On the other hand the version of rationality being
exploited. and subsequently manifest, in the case of the w$ might be seen
as simplicity or economy. For example the consideration that information
should beignored, or have the potential to be ignored, where possible leads
to GPIR and Recoverability, and, as we shall see in the next chapter, the
Weak Irrelevance Principle.

Of course since these continua intersect when 4 = 0.0 = 1 and again
when 4 = 00,0 = 0 we could have the best of both worlds by having the
agent take one of these as his/her rational choice. However ¢Z is unaltered
by any amount of evidence whilst ¢} goes completely the other way and
on the basis of observing a(a;) immediately jumps to the unalterable
conclusion that all the other a; will also satisfy this «, so neither of these
options seems to tally with our intuitions about induction, though they
certainly have been mooted. For example in his early works Carnap
showed some sympathy for ¢Z whilst an argument for ¢/ in terms of
uniquely satisfying a very general (unary) symmetry principle is given in
[112] and referred to later on page 174.






Chapter 20

THE WEAK IRRELEVANCE PRINCIPLE

In this chapter we shall consider a second, possibly more acceptable, prop-
erty that the wg satisfy. In this case it does not provide a characterization
of the NP-continuum, there are other probability functions satisfying this
principle. However, as we shall subsequently see the probability functions
in the NP-continuum do in a strong sense form the building blocks for all
such probability functions.

WEAK IRRELEVANCE PRINCIPLE, WIP.

Suppose that 0,¢ € QFSL are such that they have no constant nor
relation symbols in common. Then

w0 A¢) =w(0) w(g).

Notice that according to our convention (page 23) this condition is

equivalent to
w(0|¢) =w(0).

i.e. the stochastic independence of 0 and ¢. The argument for WIP is that
if @ and ¢ come from entirely disjoint languages then being given ¢ tells us
nothing about # and so belief in # should not change when conditioning
on ¢. Indeed this seems the most patent example one can imagine of
‘independence’ between sentences.®

Notice that by Corollary 6.2 WIP implies this same principle even for
0.¢ € SL. On the other hand, if ,¢ € QFSL are as in the statement
of WIP then we may assume that 6 = \/;®; and ¢ =/, ®; for state
descriptions @;, ®; in the same (sub)languages as 0 and ¢ respectively,
and in that case

’U)(H A¢) = ’U)(\/@l /\\/q)j) = ZU}(GI /\(Dj)
i J Lj
w(0) w(p) = w(\/@,-) . w(\/CDj) = Zw(@i) ~w(®d;)
i J ij
80Several other, stronger. formulations of independence are given in [44] amongst them the
principle SDCIP already considered on page 111 in connection with Johnson’s Sufficientness

Postulate. Interestingly, as we shall shortly see, the apparent similarity between WIP and
SDCIP is illusory. they have very different families of solutions.

143
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so WIP follows from WIP with 0. ¢ state descriptions in disjoint (sub)lan-
guages L. L, of L (and for different constants).
In view of Proposition 8.1, see page 52, we obviously have

PROPOSITION 20.1. For b € Dae, wy satisfies WIP.

The wj; of course do not satisfy Ax unless each b; = 279. A key
example of probability functions which satisfy both WIP and Ax is the
NP-continuum of w9 3! as the following result from [95] shows.

THEOREM 20.2. The w§ ) for 0 <6 < 1 satisfy WIP,

Proor. Let L, L, be disjoint sublanguages of L and let the atoms of
Ly be B:(x) and those of Ly, 5;(x). Since the w9 satisfy ULi we may take
it that L = L; U L, and that we need show that

m

i (Ao P tas) =i Abu@)) -, ( A ane).
i=1 Jj=1

equivalently that
> (A
>t (A

>:

() el A\ By e ) A (@) (180)

1 =

(ai) A e (a)) ) - wi /\ By, () Mg, (ans))).

(181)

i

>:

i=1

are equal, where the ¢; range over {1,2.....2/"2!} and the f j range over
{1.2..... 2100},

For 1 < k <21l 1 < r < 2/l Jet vy, be that wy in the definition
(155) of w9 which would give B (a1) A 5, (a;) value y + 5. Then we can
rewrite (180), (181) as

2lL1l olLa]

> >t ‘vkr(/\whxao At (@) A

e/kl)l j

>

(ﬁf, (an+/) A1y, (an+/)))

1

(182)

81'We remark that all the theorems in the rest of this chapter follow more easily when we

start from the definition of u?-L as given for general languages on page 206 and note that:

o the wL are identical with the (! —90.0.0.0...).L,

o theul L defined below are special cases of the u?L cf. (194):

o the definition (193) of the u?~ is equivalent to the definition of u?"L from page 206

applied to unary languages (the equivalence is demonstrated on pages 208fT).

For these results see Theorem 29.5. The unary proofs are included here to keep this part of
the exposition self contained. and for their own independent interest.
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2lL11 olLs] n
2 120 202 o A ) A fa)
ef k=1 u=1 i=1

2lLal plLyl

DI 1<ﬁf,<an+,->Ang,<an+j>>) . (183)

r=1 s=1

where again the ¢; range over {1.2,....2/%2I} and the f; range over
{1,2,..., 211},
Now for the moment fix &, /” and the summands for particular k. r as
given in (182), (183). Let
J((@r)) = {(@r/ul.ru) |1 <u < 2P}

where e[r/u] is the same as €' except that when e; = r, u then e[r/ul; = u. r
respectively. Notice that as the € and r vary the J((&.r)) partition the

Cartesian product of the set of ”. where the ¢/ range over {1.2. ..., 1L 1.
and the set {1.2,....2/%2[}2,
Similarly let

KU{(fkY) = {(fTk/s). k. s)|1 < s <211y

where f[k/s] is the same as f except that when fj =k sthen f[k/s]; =
5. k respectively. Again as the /” and k vary the K ((/f"k)) partition the
Cartesian product of the set off’, where the f} rangeover {1,2,..., 2141l }.
and the set {1.2..... 21111},

Hence we can now pair off

(@n. (T k))& T((@r) x K((F k). (184)
For the contribution to (182) from &, /~ and vy, we get
2 llypmp=a(y 4 5)pHe (185)

where p = [{i |hj =k ande; =r}|and g = |{j|g; =rand f; = k}|.
Similarly, for {(e[r/u].r,u) € J({&,r)) and vy, we get a contribution
2-ILlyn=P(y 4 5)P to the first factor in (183). where again p = |{i | h; =
k and ¢; = r}|. Analogously for (fTk/s].k.s) € K({f.k)) and v, we
get a contribution to the second factor in (183) of 2~ 1%y =4(y + §)4 for
thissame g = |[{j |g; =rand f; = k}|.
Summing over the s, u (183) now gives
2lLal plLy]
YOS @Y (G +6)P) x (27 Hyma(y +6)7)
u=1 s=1

= 2lL2pILilp 2Ly ntm=p=q(; 4 5)P+4
— 2—|L\yn+m—p—q(y + )Pt
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which agrees with (185). Summing over the &, /. k. r. now gives the equal-
ity of (182) and (183) as required. 4

Provided ¢ > 1 (obviously WIP is vacuous if ¢ = 1) the ¢/ do not
satisfy WIP for 0 < A < oo, a suitable counter-example taken from [44]
being

cF(Ry(a3) A Ry(aq) | Ri(ar) A Ri(a2)) > cF(Ry(as3) A Ry(as)), (186)

as can be verified by evaluating both sides. In a way however the failure
of WIP in (186) can be seen as a plus for the cf. For it implies that
the ¢ f reflect a kind of higher order relevance or induction: That a;, a,
both satisfying the relation R;(x) ‘argues’ that the constants tend to be
similar to each other and hence that a3, a4 should both satisfy (or both
not satisfy) R»(x). Of course this interpretation is somewhat speculative.
However it gains objective support when we look closely at the above
evaluation. For having already R (a;) AR (ay) allows a possible extension
to /\;‘:1 Ri(a;) A Ry(a;) which, with its four repetitions of a single atom.,
will gain a higher probability than any state description for a;. ay, a3, a4
with a mixture of atoms.

We shall return to this notion of similarity later when we consider
principles based on analogy.

The plan now is to give a characterization of all the probability functions
satisfying Ex, Ax and WIP. We first introduce a construction for building
probability functions satisfying WIP.

Given (discrete) probability functions

k
w :Zeiwgi., v :Zf/wdf,, (187)
i-1

where the ¢;. /; >0and } . e; =3, f; =l and0 <2 < lletw @, v
be the probability function

kK m
Z Z f»’ifjwu;w(p).)d“f)'

i=1 j=I

Clearly here we may assume that the ¢’ are distinct, and similarly the d’,
though it will not necessarily be the case that the (i¢’ + (1 — A)d/) are
distinct.

The following result appears in [117].

LemMMA 20.3. For w. v as in (187), if w, v satisfy Ex, Ax and WIP then
so does w B, v.

Proor. Clearly this probability function satisfies Ex since the wg do.

If ¢ = (cl.cy.....ch). dl ={d].dj..... ds,). then

AW+ (1=2)d" = el + (1 =2)d]  acs+(1=A)d]. ... ek +(1—2)d]).
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Since w, v satisfy Ax, for ¢ € Sy,

k m
w = E eiWyzi, V= E f_,-wady,
i=1 j=1

—.

where g8 = (c[ ). L) Chpy) 0d? (d;(l),d;m, ...,dj(zq)). Hence

w D v f] (hoci+(1—=A)ad))

=~ 1 M»
M§ I Ms

fjwa(ii’#(lf/l)dﬂ

i 1

L

from which it follows that w &, v also satisfies Ax.
To show WIP we need to demonstrate the equality of

2lL1l 2lL2l

w @, v( /\ BN /\ ;7;'”’) (188)
x=1 y=1
and
Sl SlLal
w e, v (/\ prr) wes o A\ ) (189)

y=1

where L1, L, are disjoint sublanguages of L. the f..#, are, respectively,
the atoms of Ly and L, and as usual we are leaving the instantiating
constants implicit. Using the definition of w @; v and expanding (188).
(189) we obtain, respectively,

kK m 2lLyl 2111
ZZeif,fmedv)( ANRZSEAWAN ’7;"}’)’ (190)
i=1 j=1 x=1 y=1

k m 214l olLal

S et i rwienanin (N BE) woeranan ( /\ m).

ii'=1j.j'=1 x=1

(191)

By Proposition 20.1 the sum in (190) is

2lLyl 21121

Zzelf] Hwh’+l 2)d ﬂn Hw(uw—l 2)d )(77)’ )

i=1 j=1
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Using Proposition 8.1 and the fact that for 0 = \/, oy (a,) (with a fixed s).
Wi (1 pan(0) = Awzi (0) + (1 — 2wz (0). this expands to

kK m 2lL1l
ZZe,f] H Z ( )jk we (B ) (1= A)" v g, (B | x
i=1 j=I x=1 ky<ny
2lL21
II > ( ) 3w () (1 — A= 1, ()
y=1g,<m,

Using Proposition 20.1 again this equals

m 2lLil plLa]

SYer I Y (1) (2)

i=1 j=1 x=1 y=I ky<ny, g,<m,
ky+gy ny+m,—ky—g, ( pkx 8y ny—k my—gy
[}V x g)(l —)u) x 'y x g;wt_’,’ (ﬁx\ /\’7}]) )wd_‘/(ﬁx\ x /\nyl \)]‘
Moving the summations over i and j inside now gives

2lLil plLal

nns s () (0)

x=1 y=1 ky<n, g, <m,
R (1= aymem ke (Bl p Yo (B A g =),
Since w and v satisfy WIP
w(pe Ay ) = w(py) - w(ny)

V(BT AR TE) = w(BE R (g )

so making this substitution and replacing w and v by their summations
in terms of the wg:, w 7, yields

2lL11 plLs]

S S eernn TS S (1) ()

ii'=1jj'=1 x=1 y=1k,<n, g,<m,

[ (1= 20 (B Y () g (B Y (500
Since

Sl
Waeir(1-ad (/\ ﬂn\):

olL1l

IT 3 () 20w (8 ()

x=1 ky<n,

etc. the required equality with (191) now follows. -
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We now introduce a new family of probability functions which as we
shall see can be built from the w9, and which we will later find to be the
unary versions of functions important in Polyadic Inductive Logic.

Let B be the set of infinite sequences

p={(po.p1-p2.p3....)

of non-negative reals such that p; > p, > p3 > --- and Z?zo pi = 1. For
future reference we endow B with the evident topology which has as open
sets the
{(po.p1.p2.p3....) EBI(p1.p2. p3....) €S}
where S C [0, 1]°° is open in the standard (weak) topology on [0, 1]>°
ForpeBand f : {1.2.....n} = {1.2.....29} letR;, = 1 — Z] 1p,
and

f(p) =
<2_qu,n+ Z Pj-27Rp5, + Z Pj-ev s 271R5, + Z Pj>,
S(j)=1 f)=2 S(j)=21
so f(p) € Day.
Now let
Wt =275 " w (192)

where the f range over all functions f : {1,2,....n} — {1,2,...,2%}.
So, for example, in the case when L has just 2 relation symbols (i.e.
q=2.n=2p=(1 $5.0.0.0....) and f(1) = 3. f(2) =2 we

ZZ@
have that R;, = 1 + &5 = 1.
L 11 S TR T T TS TS B
FB=((GxP+0.(Gx )+ (Gx3)+5 (X3 +0)

(i)

and by considering each of the 2* functions from {1,2} to {1,2.3.4},

equals
274 W L Ll + 27 IULLL¢>+2 'UJLLLL>+2 wep Lol +
4°12°12 Z) |2 4°12°12 12°12°4°12 12° 12"12’4>
24 w + 27 wLéLL)‘Fz WL 11y +274 wer 1oy T+
4°12° 12 Z) 12°4°12° 12 12°12°4 2 12°12°12 4>
2” w@;i;)-&-z w¢11¢>—|—2 'LULLQL>+274’LU(LLLL>+
4°12°12°12 |2 4°12°12 12°12°4° 12 2°12°12°4
2” w(liil)“v‘z W11y +27* Wi 1 L+2 Wil 1y
4°12°12° 12 124 212 12°12°4 2 12°12°12°4

2
Notice that the w¢ for 0 < ¢ < I are of this form, indeed w} = u/"*
where p = (1 —6,0,0,0,...).
The next two theorems appear in [111].
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THEOREM 20.4. The probability functions ul” sansfy Ex, Ax and WIP.

PROOE. We prove this by induction on n. When n = 1 the uZ* coincide
with the wi for 0 < ¢ < 1 so the result holds by Theorem 20.2. Assume
the result for n. Then since

u;f+Ll - wi @pn+] uZ)L’
where
q:<1_zl’=1p", LR 00>
1 - Pn+1 1 - Pn+l1 1 - Pn+1
the inductive step follows from Lemma 20.3. !

Asn — oo the weak limit probability function, u?-*, of the probability
functions u?" L exists. That i is, for 0 € QFSL:

uPL(0) = lim ult(0) (193)

and u”"L then extends to SL by Theorem 7.1.8% It is enough to show this
in the case when 0 is a state description, say 0 = a" 3" ... a5 where
> mj=m.

Soletf {1.L2,....n} —» {1.2,....29} and let g; fori = 1,2,...,2¢
enumerate those g : {1,2.....n,n+ 1} — {1.2,...,27} which extend £
say giln+1)=ifori = 1,2,...,2‘1. Then

24
‘wf(ﬁ)(g) 27y wg[(‘ﬁ)(g)‘
i=1

24 20 24
= ‘H(ZiqRﬁn + Z pr)mj - quZH(zqup_’nH + Z pr)m/
J=1 Sr)=j i=1j=1 gi(r)=j
24 24
— 23 (T[e"Re+ Y mmf'—H(z Ripii+ Y p)™)
i=1  j=l1 f(r)=j j=1 gi(r)=j

24

<2- ‘IZ(‘H qun+ZprmJ_H 1R[m+1+ Zpr)m,

=1 j=1 J=1 gi(r)=j

<271 Z(m(z_qRﬁ,n - Z_qRﬁA,nJrl) + mipn+l) = mpn+12]_q-,

82We shall later. at (244), meet an alternative definition of this u?-L.
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sinceif 0 < x;, y; < 1fori =1,2,...,mthen

m m
IR
i=1 i=1

m
= ‘ lexz XX = i)y 'ym’
Jj=1

m
<>y =yl
Jj=1
Hence, since there are 2" choices here for f,

ul " (0) — ul 5 (0)] < 272" mpy 12" 1) = mp, 1279

so for k > n we have

uZH(0) = ul " (0)] <m2' =1 > pr.

i=n+1

Since 32, | pi — 0asn — oo so the u}*(0) form a Cauchy sequence
and the identity (193) follows.
Notice that

ul’t =u?t where §=(Rpn.p1.p2- . Pno1.Pn.0.0....)  (194)

so the u?"* form a subset of the u?t.
Being the limit of the u?" the u?L inherit Ex, Ax and WIP. Indeed a
stronger result holds,

THEOREM 20.5. The u?* satisfy ULi with Ex, Ax and WIP.

PrROOF. As in the case of the cf and the w9 only the language L will
vary, the parameter, p, will stay fixed.
Let L’ have one more relation symbol, R, . than L, so

G =20 Y
g

where the g : {1.2,....n} — {1,2,....29"!} and

g(p) =
<27q71R,3‘n+ Z p_/,Z"f’lR,;_n+ Z Djseves 27471R,3_n—|— Z p,>
2(j)=1 g(j)=2 g(j)=20+!
As usual we assume that the atoms f, f. ..., 1 of L’ are enumerated
as

a1(x) A Ryy1(x). a1 (x) A =Ryp1(x). aa(x) A Ry (x).
Oéz(x) A —|Rq+1(x), s Qg (x) A Rq+1(x)»0424 (x) A —|Rq+1(x)

where the atoms of L are aj(x), ax(x). ..., a(x).
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In that case for a state description, say A" a,. and g as above ranging
over functions from {1,2,...,29"} to {1,2.....n},

m

ubt’ ( A ahi) (195)

i=1

m
= uft (/\ Bon -1V ﬂZh;)
i=l

m

SALl ( A Bon—1 v /32,11_) (196)

g i=1

m

N (2—4—‘R,;.n Y P27 Ry Y p;)

g i=1 g(j)=2h;i—1 g(j)=2h;
—n(g+1) Z ﬁ (Z_qRﬁ,n + Z Pj)- (197)

g =l g(j)=2h;—1.2h;

Given f : {1,2,....2¢} — {1,2,...,n} the products in (197) will take

the same value,
(Z_qRﬁ,n + Z pj>=
S G)=h

I

for all g such thatfor j =1,2...., n,
f(j)=h < g(j)=2h—1org(j)=2h

Since there are 2" such g for each f we can re-write (197) as

q+12nZH(2 “Rjyn+ th,)

f l 1 v

which, after replacing 2-"(¢*12" by 2774 _is just ul" (A", a,) . as re-
quired.
ULi now follows for the u”-" by taking limits. -

We now give a converse to Theorem 20.5, this property of satisfying
ULi with Ex, Ax and WIP actually characterizes the family of u”-L. This
proof will require us to use a result (Theorem 32.3) from the later chapter
on Polyadic Inductive Logic. Needless to say the proof of that theorem
does not depend on this converse to Theorem 20.5!

THEOREM 20.6. The u?* are the only probability functions on SL which
satisfy ULi with Ex, Ax and WIP.

PrOOF. Suppose that w is a probability function for the language
L = {R|.Rs... .. R,} which satisfies ULi with Ex, Ax and WIP. Let
L’ be the language with (unary) relation symbols Ry, Ra..... Ry,. Let
O(ai.as.....a,) € QFSL and let 0'(a,+1. ayss. ....ar,) € QFSL' be the
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result of replacing each R; in 6 by R,.; and each a; in 0 by a,;. Since
w satisfies ULi with Ex, Ax and WIP let w’ be an extension of w to L’ in
such a language invariant family satisfying these principles.

By Theorem 32.3 there is a countably additive measure x’ on the Borel
subsets of B (in the topology given on page 149) such that

w' = / ul du (p).
B
Then since w’ satisfies WIP and the u?-L" satisfy Ex, Ax and WIP,
0=2(w (OAN0)—w'(0) w'(0))

- / WP (0 A 0) du'(5) + / W (07 0') d (§)
B B

=2 [ @@ (7)) - ([ 0) @)

= / uPH(0) - uP (0" dp' () + / u'(0) - ut (0') dp' ()
B

B

2 [t 0w @) - ([0 aw @)
= [ [ 0) =i 0)7 du'(p)a' @),

Using the countable additivity of x4, we can see that there must be a
subset 4 of B with x4’ measure 1 such that for each @ € QFSL, uPL'(9).
as a function of jp, is constant on 4. Hence w must equal u”-" for any
pEA. o






Chapter 21

EQUALITIES AND INEQUALITIES

In Propositions 3.1, 3.2 and Lemmas 3.6, 3.7 we have already seen some
equalities and inequalities which hold for all probability functions w on
SL. Given our interest in principles Ex, Ax etc. it is natural to ask if
requiring w to satisfy these entails more such equalities and inequalities
holding. We start by looking at equalities of the form w(0) = cw(¢) for
some constant ¢, where 0, ¢ € QFSL.%3

For O(ay.....a,) € OFSL, say

O(al,...,am)z\/®j(a1,a2,...,am) (198)

as a disjunction of (disjoint) state descriptions, let gy(77) be the num-
ber of state descriptions amongst the ®; with signature (see page 50)

ni = (my,my,....my). Then, as explained on that page, for w satisfying
Ex

w(0) = go(ri)w (i) (199)
where, for signature 17i = (my, my, ..., my ), w(ii) (orevenw({my, my, ...,

my }) for w satisfying Ax) is short for w(a/" a3 ... a5>)

PROPOSITION 21.1. For O(ay.....ay,).¢(a;.....a,) € QFSL and 0 <
c. w(0) = cw(g) holds for all probability functions w on SL satisfying Ex
Just if for all signatures ni, gg(ni) = cgy(nit).

In particular w(0) = c for all probability functions w on SL satisfying
Ex just if ¢ = 1 and 0 is a tautology or ¢ = 0 and 0 is a contradiction.

ProOF. The result from right to left is immediate from (199). In the
other direction suppose that w(6) = cw(¢) holds for all probability func-
tions w on SL satisfying Ex. Let 0 < s1.5.....59¢ € R be algebraically
independent and let #; = s;(s; + 55 + - - - + s2)~!. Then taking w = wp,

831In view of the earlier remarks on page 63 concerning Super Regularity, aka ‘Universal
Certainty’, this question seems to be of little interest for quantified sentences.
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w(0) = cw(¢) gives by (199) that

Z sish sy (go (i) — cgy(ni)) =0
(my iy cnng )
S5 mi=m

which is only possible if gy (ri7) = cg, (i) for all such signatures #i.
Finally suppose that w(f) = ¢ for all probability functions w on SL

satisfying Ex. Then since ¢ = cw(T), from the first part g, (##?) = cg (i)

for all signatures 7i. Since the left hand side here must be an integer and

gt((m.0.0.....0)) =1

it follows that ¢ = 0,1. Hence, since there are certainly probability
functions satisfying Reg and Ex, this can only happen if either 4 is a
contradiction or 6 is a tautology. B

The corresponding result for probability functions satisfying Ax (plus
as usual Ex) is completely similar. In this case for 0 etc. as in (198) let
fo(ri1) be the number of state descriptions amongst the @ ; with spectrum
m = {my,my, ..., my}.So, for w satisfying Ax

w(0) = Zfe(ﬁ?)w(ﬁ?). (200)

The following proposition (from [101]) is proved as for Proposition 21.1
except that we take instead the probability function

— (241)~! §
w = (2 !) w(l‘n(l),l‘u(2>,....10(zq)>'
gESy

PROPOSITION 21.2. For O(ay.....ay). ¢(ai.....a,) € OFSL and 0 <
c. w(0) = cw(¢) holds for all probability functions w on SL satisfying Ax
Just if for all spectra m, (i) = cfy(m).

In particular w(0) = c for all probability functions w on SL satisfying
Ax just if fo(m) = cf+(m) for all spectra in.

Notice that by this proposition the only values of ¢ for which this latter
can hold are the 279k for k € N, k < 29 since the value of ¢/ (0) must be of
this form (and a little arithmetic shows that all of these can be achieved).

We now show that this ‘constancy property’ for 6 is independent of the
overlying language.

PROPOSITION 21.3. Let € SL and L C L'. Then w(0) = ¢ for all
probability functions w on SL satisfying Ax just if w'(0) = c for all
probability functions w’ on SL' satisfying Ax.

Proor. The direction from left to right is immediate since the restriction
to SL of a probability function on S L’ satisfying Ax on this larger language
also satisfies it on the restricted language.

In the other direction it is simplest to use Theorem 34.1 (whose proof
does not depend on this proposition!). That theorem says that for w a
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probability function on SL satisfying Ax there are probability functions
wi, wp on SL satisfying ULi with Ax and a constant 4 > 0 such that

w = (1 —|—/1)w1 7/17,02.

With this result available let w1, w} be extensions of w;, w; to SL' satistying
Ax. Then if w’(0) = ¢ for all probability functions w’ on SL’ satisfying
Ax we must have that

w(0) = (1+A) w1 (0)—Awy(0) = (1+A4)w](0)—Aw5(0) = (1+4)c—ic = ¢,
as required. -

Clearly the additional requirement that w satisfies not just Ex but also
Ax has given us many new identities. That raises the question of whether
we might obtain further identities by, say, requiring also JSP. In other
words restricting ourselves to Carnap’s Continuum. It turns out that the
answer is yes, for example (see [101]).

4
cf ((Rz(al) < 2Ry (a2)) A Ralaz) A —Ry(as) A /\ Rl(ai))
i=1
3
=ck (Rz(al) A Ra(az) A =Ri(as) A =Ra(as) A /\ Rl(ai)>
i=1
holds for all the ¢/ (with R;. R, predicate symbols of L) though this is
not simply a consequence of Ax. However at the present time there is
no illuminating explanation as to why JSP begets such equalities — except
that the algebra simply works out that way!
Although the analysis above has concentrated on quantifier free sen-
tences the representation (64) enables us to extend these results to

O(ay.....a,) € SL. Briefly, we have that for some state descriptions
®iT(a1., ceon@p). i =1,... kr, involving only atoms a;; with j € T,
24 kT
o@=\ \ (1rr\ol@). (201)
1=1|T|=t i=1

where #7 is as in (63) and the 7 range over non-empty subsets of
{1,2,....29}. For w satisfying Ax and wr as in (64) we will have that
w(nr) depends only on |T| so from (201)

2 kr
w(0(@) =32 Y wr(\/0F'(@)
=1 |T|=t i=1

where 4, = w(nr) for any T with |T'| = ¢. For each ¢ this right hand sum
will depend only on the numbers 4%(6). for spectra 71 of length at most
t, of these ®iT(d') for 1 <i < ky, |T| = t with spectrum 7. From this
observation and the tricks introduced earlier in the quantifier free case it
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can now be seen that w(60(&)) will have constant value ¢ for all probability
functions satisfying Ax just if 4% (0) = c¢h(T) for all 7 and 71, and similarly
for w(0(a)) = cw(¢p(a)).

Whilst we are on the subject of these ‘constant sentences’ we shall show
that they have a perhaps rather surprising property. The following result
for 0, ¢ € QFSL (as we give here) appears in [42]. [43] and can be directly
generalized to 0, ¢ € SL using the observations above.

THEOREM 21.4. Let Ly, L; be disjoint languages with L = Ly U L,. Let
0 € QFSL; be such that wi(0) = ¢ for all probability functions wi on SL;
satisfying Ax. Then for any ¢ € QFSLy which has no constant symbols in
common with 0 and probability function w on SL satisfying Ax,

w0 A @) =w(0) wg).

PrROOF. We may assume that § = 6O(aj.....a,) with none of the
ap,....ay, occurring in ¢. We may also assume that ¢ > 0, otherwise
0 is a contradiction and the result is immediate.

As remarked earlier ¢ must be rational, say ¢ = r/s with r, s relatively

prime. By Proposition 21.2 for each spectrum 77 of L; with >, n; = m.
~ r - s
folit) = (g) S (),

so in L; we can list the state descriptions of spectrum 7 appearing in
the Disjunctive Normal Form equivalent of ¢ as ‘P7..... ¥}, and those

appearing in the Disjunctive Normal Form equivalent of T as ¥7..... V¥,
where j = s~ f1 (7).

Since L, L, are disjoint for each 1 < ¢,k < s it is possible to find a
permutation of the atoms of L which sends ¥/ to W} and leaves ¢ (more
precisely the Disjunctive Normal Form of ¢ in L) fixed. Hence for w a
probability function on SL satisfying Ax,

w(¥ A ) = w(¥] A @).
and

w (¢ A (}‘Pﬁ) = sjuwle A¥]) = () rjuwle A =

=1
rj
s -
—Jw(en\/ W) (202)
()ufon i)
Summing both sides of (202) over the spectra 7 of L; now gives

wigAT) =w(g) = (3) w(®r0).

as required, since, because w | SL; continues to satisfy Ax, w(60)

r/s.

I
o
Ll
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Turning now to inequalities it would be nice if we could in some mean-
ingful way say exactly when it was that for 0(ay. ..., an). ¢(ai.....an) €
OFSL., w(0) < w(¢) for all probability functions w satisfying, say
Ex. Obviously this does hold (for Ex) if for some state descriptions
W¥;(ai.....ay,)and y € QFSL,

olay,....an) =y V \/ Wilar.....am).
j=1

0((11, e am) = \/ ‘I’j(ag/,(l), e aa/,(m))
j=1

forsome o; €S,,. j = 1.2,....n. However it is known that even for just
Ex there are other such inequalities, for example from (54) withb = ¢ = 1,

w((au(a)) AN ai(a)) V(aa(ar) A an(as))) >
w((ay(ar) A ax(az)) V (ea(ar) A ai(as))).

which do not fall under this template and currently a meaningful®* com-
plete classification (if such even exists) remains to be found.

A more promising pursuit is to consider which inequalities between
probabilities of state descriptions, i.e.

n m
w(/\ahi(ai)) < w(/\agl(aj)), (203)
i=1 j=1
always hold for probability functions satisfying, for example, Ex, Ax etc..
Starting with the case of Ex we can apply our now customary abbreviation

to rewrite (203) as
wla'ay® .. op) <wl(af"ay? ... ay) (204)

where 7; is the number of times that a; appears amongst the a,. vy, . . . .
oy, and m; is the number of times that o; appearsamongst the oy, . 0, . . . ..
agm *

Hardly surprisingly:

PROPOSITION 21.5. (204). equivalently (203), holds for all probability
Sunctions w on SL satisfying Ex if and only ifm; < n; foreach1 < j < 29,

PrOOF. From right to left is clear by Ex and Proposition 3.1(c) since in
this case there will be a permutation ¢ € S, such that

n m
/\ oy, (a;) E /\ ag, (a,(j))-
i=1 J=1

84We can use de Finetti’s Representation Theorem together with, for example, Krivine’s
Positivstellensatz, see [70], [90]. to provide a classification but by no stretch of the imagination
could it be said to be meaningful.
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In the other direction suppose on the contrary that, say, n; < mj. Then
for small enough ¢ > 0 and

F=(e.(2 =111 —e) 2 =1 1—e)....2 = 1)1 —¢))

welafialh o) = (27 — 171 (1 — )y
> (27 =171 —g))mmem
=wz(a"ad? .. ay). -

For w satisfying Ax however the answer is somewhat more interesting.
Since we can permute atoms we may assume thatny > ny > n3 > -+ > ny
and m; > my > m3 > --- > my. In this case we have the following
theorem from [117]:

THEOREM 21.6. For ny > ny > n3 > -+ > nye and my > my > mz >
-+« > myq, a necessary and sufficient condition for
wla'ay? .. ay) <wl(a"ad” ... o) (205)

to hold for all w satisfying Ax is that
>onp=Y my fori=1.2....2. (206)

ProoF. If (206) fails because Y-, n; < 3,5, m; then cZ,. which
satisfies Ax, provides a counter-example to (205). On the other hand if it
first fails for some i > 1 then let ¢ € Dy have the first i — 1 coordinates
(1 —(27—1i+1))/(i —1), where ¢ > 0 is small, and the remaining
coordinates ¢. Then, recalling the definition of v from (86).

ve(aM ey L a) = 0(82/2’ ")

vala'ayr . ..ay) = O (eZ=1")

from which the required falsification of (205) follows.
Now suppose that (206) holds. We may assume that 3>, m; = 3, n;.

otherwise we can iteratively remove 1 from #,, where r is maximal such
. : ! ! !
that ZjZi nj > ZjZi m; for all i <r,to eventually obtain nj,nj. ... n5

satisfying (206) and 3=, m; = 3=, n); (and of course w(aj'ay* ... a") >
wlay'ay?...ad) for any w).

By Muirhead’s Inequality, see [39, p44]. for such 77, ni and real numbers
X1,X2, ..., X2 Z 0,

D X X > Y (207)
0ESy 0ESyq
with equality just if
il = 1t or the x; # 0 are all equal. (208)
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Let u be the symmetric de Finetti prior for w. Then from (207),

Dag Dag

a a

Since u is symmetric for each of these summations the integrals of each
of the summands are equal so this simplifies to

2‘1!/ xS xy dp > 2‘1!/ x{'xy? o xsdu,
Dyg Dy

and hence from (43).

wlaay” .. ab) > wla ey ... a5')

as required. -

Theorem 21.6 is often referred to (by us at least) as the ‘Only Rule’ since,
being an equivalence, it is the only such rule which necessarily applies for
all probability functions satisfying Ax. Assuming JSP, which of course
extends Ax, gives some further such inequalities which do not follow from
the Only Rule alone, see for example [101], but currently even giving an
intuitive explanation for why these hold is a challenge, let alone formally
demarcating the full extent of them.

As mentioned earlier on page 70 there are several ways of formally
capturing the idea that ‘the more times I have seen something in the past
the more times I should expect to see it in the future’ as a principle within
the PIL. At that point we considered one such, the Principle of Instantial
Relevance, PIR. An alternative suggested by the above Only Rule is:

THE UNARY PRINCIPLE OF INDUCTION, UPI.

wley|a"ay? . ar) > wla; |af"ad™ ... ay).

whenever m; > m;.

Informally, if in the past one has seen at least as many instances of o; (x)
as of a;(x) then one should give at least as high a probability to the next
am+ satisfying o; (x) as to it satisfying «;(x). Theorem 21.6 now gives
us:

COROLLARY 21.7. Ax implies UPI.

Apart from this formalization UPI of the intuitive idea of induction
PIR itself also suggests several more alternatives which we will now briefly
consider. The following principles, and some of the subsequent results we
mention about them, appear in [117] and [144]:
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THE NEGATIVE PRINCIPLE OF INSTANTIAL RELEVANCE, NPIR.
For j #+ k,

n n

w(aj(an) | A an(@)) > w(aj(@m) lan@n) A A a(@)).

i=1 i=1
(209)

THE STRONG PRINCIPLE OF INSTANTIAL RELEVANCE, SPIR.
For j # k,

w (o) o) A Ao (@) >

i=1

w(a (@) lawlan) A \ e (@)). (210

i=1

Both of these then express the idea that seeing an extra instantiation
ay (ays1) of an atom different from a;(x) should decrease one’s belief in
a;j(ay+2). either from what it would have been had not oy (a,1) been
observed in the case of NPIR or from what it would have been had
oz_,-(a,,H) been observed in the case of SPIR. Both of these then comple-
ment PIR which says that observing a;(a,,11) should increase one’s belief
in a;(ay42). Clearly NPIR is a special case of GPIR.

Using PIR on the left hand side of (209) it is easy to see that NPIR
implies SPIR. The ¢/ and w9 are also easily seen to satisfy NPIR.

However the situation when we only assume that w satisfies Ax is
(apparently) complicated and generally rather non-intuitive, see [117].
[144]. If ¢ = 1 then NPIR and SPIR do both hold. If ¢ > 2 then
SPIR holds if m; = my or m; + 1 = my where m; = |{i|h; = j}|.
my. = |{i | h; = k}| but otherwise can fail when ¢ > 3 (and apart for the
two currently unresolved cases 0 < my =m; — 1,0 < m; = my — 2, also
when ¢ = 2). For example if ¢ = 3,

w = (1+ K) " (v7/28.3/28.3/2...3/28) + Kva-12-100._0y)

where K is large then

w(ay(as) | ai(as) Ao (az) Aaj(az) Aaslar))
< wlailas)|az(as) A ai(as) Aoi(az) Aao(ar)).

Clearly it is something of a puzzle to explain this strange behaviour,
why should having m;, my close like this make a difference?

The situation with NPIR at least largely avoids these complications.
When mj;.m; > 0 and ¢ > 2 there are always probability functions
satisfying Ax which provide counter-examples to NPIR, indeed such a
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probability function satisfying Ax is

=(1+K) (vp-12-100..0) + Kc&)
where K is large compared with 29. In particular, for ¢ > 2, we have
w(a(ag) |a(az) Aai(ar) A axlaz)) > wlei(as) | e (ar) A aa(ar)),
in the presence of aj (@) A az(a2) the observation of o, (a3) having strictly
enhanced the conditional probability of o (a4). despite it being a distinct,
and hence disjoint, atom.

Of course such w can hardly be said to be ‘rational’ and one’s reaction
to this might be that stopping at just Ax is too early and we should make
further assumptions. such as JSP (or even SPIR itself). which would
guarantee us SPIR and NPIR. Adopting this stratagem however does
not entirely banish the underlying problem. For on the face of it the
intuition behind NPIR and SPIR would seem to be no different if we
were to replace the conditioning A_, e, (@;) in their formulations by
O(ay.....a,) € QFSL. However with that change we can, by the Condi-
tionalization Theorem (Corollary 13.3), find counter-examples as above
for any probability function w; satisfying the requirements of that theo-
rem. In particular we must have counter-examples to such an intuition
even for the ¢- when 0 < 1 < .






Chapter 22

PRINCIPLES OF ANALOGY

The Principle of Instantial Relevance, PIR, could be interpreted as an
example of ‘support by analogy’. that. in the notation of (67). a(a,+1)
is ‘analogous’ to a/(a,+>) and hence that learning a(a,,1) should add
support to one’s believing a(a,,,). Traditionally however it has been
usual to extend the term ‘analogous’ to apply also between occurrences
of relation symbols. Thus when ¢ = 4 the atoms

a(x) = Ri(x) A=Ra(x) A R3(x) A R4(x).

o/(x) = Ry(x) A ~Ra(x) A ~R3(x) A Ra(x). 1)

might be thought of as being somewhat ‘analogous’ since they agree on
the signs (i.e. negated or unnegated) of R, R,. R4 and only disagree in
sign on the single relation symbol R3. In turn then we might argue that
because of this analogy. or nearness, learning a/(a,,;) should add some
support to one’s believing o' (a, ).

Thisidea of such support by analogy was considered quite extensively by
Carnap, for example in [17], Carnap & Stegmiiller [18] and later by Festa
[24]. Hesse [41], Maher [87]. [88], Maio [89], Romeijn [123], Skyrms [136],
to name but a few. Generally the aim in these accounts was to propose
probability functions which manifest some such analogical support. In
particular in [136] Skyrms highlighted the key test case when ¢ = 2, so
the atoms are

a1(x) = Ri(x) A Ry(x). a(x) = Ri(x) A —=Ry(x).

() = R A R(x) () = R A Roy), 2P

and the idea is that in the presence of some background knowledge
w(ay.....a,)learning a1 (a, 1) should provide more support for oy (a,,42)
than learning instead a»(a,11) (or as(a,+1)). and more still than learning
a4(an+1 )

Skyrms [136] likens the situation to a Wheel of Fortune, a rotating wheel
divided into 4 quadrants, North, East, West, South, where a roll of the
wheel landing North up should provide more support for a bias in favour
of the North quadrant that an East or West would do and yet more still

165
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than a South uppermost. Clearly here we could identify North with o,
East with a,. West with a3 and South with ay.

The formal principle in our context expressing this analogical influence
appears to be the following:

THE STRICT ANALOGY PRINCIPLE, SAP.
For a;(x).aj(x). oy (x) atoms of L. j # k and consistent y(a. a. . ...
a,) € QFSL, if

[lai(x) — o (%) < [lai(x) — e (x)]|
then

w(ev(ans2) | aj(anit) Aw(d@)) > wlai(an) o (ani) Aw(d)). (213)

Here ||a;(x) — a;(x)| is the Hamming distance between «;(x) and
a;j(x). ie. the number of R, which differ in sign between ¢;(x) and
a; (X).SS

The first point to note here is that SAP implies Reg. otherwise we could
arrange for (213) to fail by taking w such that w(y) = 0.3 Similarly for
g > 1 no probability function satisfying Ax can hope to satisfy SAP since
if, for example, » = 0 and we take y to be a tautology then the two sides
of (213) will be equal. Hamming distance is however preserved under
permuting predicate symbols and transposing R,,. =R, (and conversely
any permutation of atoms which preserves Hamming distance can be
fabricated by permuting predicate symbols and transposing R,,, = R,,. see
[42]) so it seems only natural to assume Px and SN (together with the
standing assumption of Ex) when investigating SAP.

The primary interest here then is in classifying the probability functions
which satisfy SAP, Px and SN. In the case ¢ = 1 this is entirely straightfor-
ward, all we actually need to be concerned with is making the inequality
in (213) strict. The following result, and the two after it, appear in [42]:

PrOPOSITION 22.1. Suppose that ¢ = 1 and the probability function w on
SL satisfies SN. Then either w = Ack + (1 — A)cf for some 0 < 2 < 1 or
w satisfies SAP.

PrOOF. Note that for ¢ = 1, SN implies Ax, and a»(x) = —aq(x). The
inequality (213) with < in place of < is just PIR, which holds. Looking
back at the proof of PIR (Theorem 11.1), it is apparent that we will
always have the strict inequality in (213) if some point (¢, 1 — ¢) with
c €(0.1), ¢ # 1/2, is in the support of the de Finetti prior of w (recall
that this prior can be assumed symmetric) and y (&) is consistent. Hence if
SAP fails the only points in the support can be (0. 1). (1. 0). (3. 1) and thus
w = Ack +(1-2)ct. Conversely considering y (a1, a2) = ay(ar) Ao (az)
shows that the strict inequality in (213) can then indeed fail for these w.

8580 for example the Hamming distance between the atoms in (211) is 1.
86Recall the convention on page 23.
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For ¢ = 2 however it turns out that SAP, Px and SN amount to very
restrictive conditions indeed. In the statement of this theorem the atoms of
L are assumed to be ordered asin (212) and Viabedy-With (a.b.c.d) € Dy,
is the probability function

871 (w(a,b,c,d> + W(a.c.h.d) + Wb.a.d.c) + W(c.a.d.b)
+ Wi dac) T Wedab)y + Widbea) + Widcha))-

THEOREM 22.2. Let ¢ = 2. Then the probability function w on SL
satisfies SAP. Px and SN just if one of the following hold:

(1) w = yppe) for some (a.b.b.c) € Dywitha>b>c>0, ac = b2
(2) w = Ayaansy + (1 = Ak for some (a.a.b.b) € Dy witha > b > 0
and 0 < A <1.
A full proof of this theorem (and the next) appears in [42] and we will
not replicate it here since it seems something of a dead end in view of:3"%8

THEOREM 22.3. For q > 2 there are no probability functions on SL satis-
fying SAP, Px and SN.

On a somewhat more optimistic note the proofs of these last two the-
orems use the fact that we can take the ambient knowledge v (a;. ..., a,)
to be any quantifier free sentence of L. If instead we restrict y (&) to be a
state description, as is done in most of the papers on the Wheel of Fortune
(i.e. we have complete knowledge of the previous n turns) then there are
actually many other solutions.

In more detail let w be a probability function for the (unary) language
{R} satisfying SN, w # céR}, & and for an atom a, of our default
language L with ¢ predicate symbolslet p;(h) = 1if R; appears positively
in o, and 0 otherwise. Now set

n q
w'@ ( /\ ah’_) _ H w (RE: 2100 (- R)=5; sk
j=1

i=1
So in particular in the case ¢ = 2 and the o; (x) are as in (212)

w<2)(af"a§’2a§3aé’f“) _ w(RnlJrnz (_|R)n3+n4) . w(Rn1+n3 (_‘R)n2+n4).

87In [42] a version of SAP with > in place of > is also considered but even then the
outcome is hardly more appealing. Notice that in this case the analogy principle becomes
an extension of SPIR. Notice too that by Lemma 6.1 with this version we can equivalently
drop the restriction on y that it be quantifier free.

81n a footnote on page 46 of Carnap’s [17] the editor (R.C.Jeffrey). essentially
following Carnap, presents an ‘Analogy Principle’ which in our notation says that if
w(e(az) | ejlar)) > wlei(az) | ek (ar)) then we should have that

w(ai(ani2) [ ajlan) AO(ay. ... an)) > wlei(anya) | arans) AO(ar. ... an))

for any state description @(ay.,. ... a,). To our knowledge a characterization of the proba-
bility functions satisfying this principle is lacking at this time. However, in view of Theorem
22.2 one might suspect that even for ¢ = 2 it is unlikely to prove to be particularly attractive.
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Then for ¢ = 2. w'? is a probability function on SL satisfying Px.
SN and SAP when we restrict the w(&) to be a state description (but
not for ¢ > 2). However not all probability functions satisfying these
principles are of this form, for example the probability function given
in (2) of Theorem 22.2 is not for 0 < A < 1, and currently a complete
characterization is lacking, see [42].%

Despite the apparently limited scope of this interpretation of ‘analogy’
there is another way of looking at the notion which we have already met
in (186) on page 146 where it was noted that for 0 < 4 < oo,

cF(Ra(az) A Ry(as) | Ri(ar) A Ri(az)) > cF(Ra(as) A Ro(as)).

In this case we could say that Ri(a;) A Ri(as) provided ‘analogical ev-
idence’ for R>(a3) A R»(as4) in the sense that they both have the same
form.

This form of support by analogy seems to be fairly common in everyday
life, for example the feeling that life on Mars gains credibility by compari-
son with its counterpart our own planet. Indeed such support by analogy
frequently serves as a heuristic in science for generating conjectures, see
for example [120], [121]. Arguably it might be formalized by:

THE COUNTERPART PRINCIPLE, CP.

Let 0.0" € SL be such that 0" is the result of replacing some con-
stant/relation symbols in 0 by new constant/relation symbols not occurring
in 0. Then

w(f160") > w(0). (214)
Essentially the following theorem appears in [43].

THEOREM 22.4. If w satisfies ULi then w satisfies the CP.

PROOF. Assume that w satisfies ULi and let w* be a probability func-
tion for the infinite (unary) language L™ = {Ry, Ry, R3, ...} extending
w and satisfying Px and Ex. Let 6.6’ be as in the statement of the
theorem, without loss of generality assume that the constant symbols

appearing in 0 are amongst aj, ds.....d;, dsi1. ..., d;4k, all the relation
symbols appearing in 0 are amongst Ry, R»..... Ry. Ryy1..... Ry j and
to form 0’ they are replaced by ay.az.....a:, Ay ifi1. Qrikias ... ik

and Ri. Ry..... Ry, Ryyj1. Reyjyo. ... Rypoj respectively. So with the
obvious notation we can write

9 = (al,...,at,at+1,...,a[+k,Rl,...,RS,RS+1,...,RS+J'),

With this notation let ;. be

Oay,....a;. rpifs- - - ik R Ry Ryijine o Ry i41y)-

81t is worth noting that the version of this principle with > in place of > together with
Ax characterizes the cf forg > 2.
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so 0y = 0. 0, = 0'. Let L be the unary language with a single unary
relation symbol R and define 7 : QFSL — QFSL™ by

t(R(a;)) = 6;. 7(=¢) = —1(p). tlpAy)=1(d)Ar(y). etc.

for .y € QFSL.
Now define v : QFSL — [0, 1] by

v(¢) =w' (z(¢)).

Then since w satisfies (P1-2) (on SL) so does v (on QFSL). Also
since w™ satisfies Ex and Px, for ¢ € QFS L. permuting the 0; in w(z(¢))
will leave this value unchanged so permuting the a; in ¢ will leave v(¢)
unchanged. Hence v satisfies Ex.

By Gaifman’s Theorem 7.1 v has an extension to a probability function
on SL satisfying Ex and hence satisfying PIR by Theorem 11.1. In
particular then

v(R(ar) | R(a2)) = v(R(a1)). (215)

But since 7(R(a;)) = 0. 1(R(ay)) = 0’ this amounts to just the Counter-
part Principle

w(f0") > w(0). -

Of course the Counterpart Principle would be much more pleasing if we
could make the inequality strict for @ non-contradictory, non-tautologous.
Unfortunately we cannot hope to get this if, for example, w also satisfies
SN, since in that case we can easily show that

w(Ry(az)) | Ri(ar)) = 1/2 = w(R(ar)).

Indeed by Theorem 21.4 and Proposition 21.3 if 6 is a ‘constant sentence’,
i.e. w(0) = ¢ for all w satisfying Ax, then we will always have w (0| 0’) =
w(0) for all w satisfying Ax. Accounts of some conditions on w and @ for
which such a strict Counterpart Principle does hold for all non-constant
sentences are given in [43]. In particular the ¢} for 0 < 4 < oo satisfy the
strict Counterpart Principle for all non-constant sentences.

Reviewing CP one might expect, in the notation of Theorem 22.4,
that the additional support that conditioning on 6 provides for ¢ would
depends on the number of constants/predicates which have been replaced.
For example if

0=0(a. Ri.R..R), 0/ =0(a.R\.Rs.R). 0" =0(a.Rs.Rs.R).
where R = Rs. R, . ... Ry, then
w(@160") >w(00").

In Chapter 25, page 186, we shall have the means to show that such
inequalities do indeed hold, that as we enlarge the set of difference between
6 and 6’ so we lessen, or at least do not increase, the support 8’ gives to 6.
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We finally mention that these same results on CP can be shown, with
identical proofs in fact. in the polyadic if we replace ULi with Li, see page
210.



Chapter 23

UNARY SYMMETRY

The idea that it is rational to respect symmetry when assigning beliefs led
us in the previous chapters to formulate the Principles of Constant and
Predicate Exchangeability, Strong Negation and Atom Exchangeability.
Since these have proved rather fruitful it is natural to ask if there are other
symmetries we might similarly exploit, and in turn this begs the question as
to what we actually mean by a ‘symmetry’. In this chapter we will suggest
an answer to this question, and then consider some of its consequences.

First recall the context in which we are proposing our ‘rational principles
of belief assignment’: Namely we imagine an agent inhabiting some world
or structure M in 7 L who is required to assign probabilities w(6) to the
0 € SL in an arguably rational way despite knowing nothing about which
particular structure M from 7 L s/he is inhabiting. Given this framework
it seems (to us at least) clear that the agent should act the same in this
framework as s/he would in any isomorphic copy of it, on the grounds
that with zero knowledge the agent should have no way of differentiating
between his/her framework and this isomorphic copy.

To make sense of this idea we need an appropriate formulation of an
‘automorphism’ of the framework. Arguing that all the agent knows is L,
T L and for each § € SL the conditions under which 6 holds, equivalently
the set of structures in 7 L in which 0 is true, suggests that what we mean
by an ‘automorphism’ is an automorphism o of the two sorted structure
BL with universe 7 L together with all the subsets of 7 L of the form

0]={MecTLIMEO}

for # € SL, and the binary relation € between elements of 7 L and the
sets [0].

Notice here that if 0 = ¢ then [0] = [¢] and that N, U, C. =, T L. and
complement in 7 L are all definable in BL. Furthermore since

[OA@]=1[01N[g). [-0]=TL—[0]. etc.

our agent is aware of how the [0] relate to each other.”®

90ne could argue too that the agent should know that [0] is the set of structures in 7L
in which 6 is true. We shall return to this point later.
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With this definition let ¢ be an automorphism of BL. Then o gives a
bijection of 7 L and since for € SL,
M c[0] <= o(M) c a[0].

o on BL is actually determined by its action on 7 L alone. Of course
not every bijection ¢ of 7 L yields an automorphism of BL, we require in
addition that for each 0 € SL,

ol0]={c(M) e TLIM E O} ={M € TL| M E v} (216)

for some w € SL and conversely for every w € SL thereisa 6 € SL satis-
fying (216). In this case we may write o (0). or just g0, for such a . This
is not strictly correct since 6,  are only determined up to logical equiv-
alence but since we have throughout been identifying logically equivalent
sentences it should cause no additional confusion. Notice that since

o[-0]=TL —ol0]. o0 A¢]=0cl0]lNa[¢]. o[0V¢]=a[0]Ua[d].
by this convention, up to logical equivalence,

a(=0) =-0(0). c(0Np)=0(0)Na(). c(0Ve)=0(0)Val(e)
Indeed, more generally we have:

ProPOSITION 23.1. Let g be an automorphism of BL and w a probability
function on SL. Then w, : SL — [0, 1] defined by

w,(0) = w(e(0))
is a probability function on SL.

ProOOF. From the above discussion it is clear that (P1-2) hold for w,.
For (P3) let 3x w(x) € SL and let u,, be the countable additive measure

on 7L asin (7.2), so
w = / Vi duy (M).
TL

Then since [3x w(x)] = U;2, [w(a;)].
wo (I y(x)) = w(eEx y(x))) = pw(aBx w(x)])

= Uy (O‘(G[l[/(ai)])) = ﬂw(Da[l/j(ai)])

i=1 i=1
- ,,w( [m//(ai)]> = lim ﬂw(LnJ[o-w(a,-)])
i=1

n n

= Jim oo (o (U] ) = fim g (o] V(e

i=1

(@

i=1

a
Jfim w(o(Vw(@)) = Jim wr (V wia).

as required. o

1
n
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Given that our agent only knows BL the earlier discussion leads us to
the following grand symmetry principle:’!

THE UNARY INVARIANCE PRINCIPLE, UINV.

If ¢ is an automorphism of BL then w(0) = w(a(0)) for 0 € SL.

In other words rationally assigned probabilities should respect auto-
morphisms of the overlying framework (qua BL). We use the adjective
‘grand’ here because as we shall now show UINV implies all the symmetry
principles we have considered up to this point.

PrOPOSITION 23.2. UINV implies Ex.

ProoOF. Let g be any permutation of 1,2, 3.... and extend ¢ to 7L by
setting (M ), for M € T L, to be the structure with (as always) universe
{a;|i e N* } and

O'(M) F Rj(a,-) — MEF Rj(ag(,-)).

Then for any 6(ay....,a,) € SL mentioning at most the constants
ay,....dy,

J(M)hﬁ(al,...,an) <~ MIZH(aG(U,...,a(,(,,))

and clearly o extends to an automorphism of BL.
Ex is now just an application of UINV with this automorphism .

ProposiTION 23.3. UINV implies Px.

PrOOF. Leto € S, and extend o to 7L by setting o (M), for M € TL.
to be the structure with (as always) universe {a; |i € N* } and

O'(M) = R_,»(a,») — ME R(,(_/»)(ai).
Then displaying the relation symbolsin 0 € SL by O(R;. R,..... R,).
O’(M)’:H(R],Rz,...,Rq) < M':H(Rg(l),Rg(z),...,R(,(q>)

and clearly o extends to an automorphism of BL.
Px is now just an application of UINV with this automorphism g.

ProposiTiON 23.4. UINV implies SN.
Proor. Defineg : TL — TL by

ME Ri(a,) ifi#1,

O'(M)':Ri(an) — { M):—\Ri(an) ifi =1.

91n the literature the ‘principle of symmetry’ is frequently confused with ‘the principle
of insufficient reason (or indifference)’, the idea, for example, that if all that is known about
a random variable is that it lies in the interval [0, 1], then the probability that it lies in
a subinterval [a, b] should only depend on its length » — a. The principle of insufficient
reason gives rise to a number of well known paradoxes, for example von Kries” wine-water
puzzle, see [140. chapter 12]. In these cases however there is either an underlying symmetry
which resolves the ‘paradox’. as in Jaynes’ treatment of Bertrand’s Paradox in [56]. or there
simply is no such symmetry as we will understand it in this chapter upon which to justify the
‘indifference’ in the first place (see for example [112]). Either way no blame can be attached
to the ‘principle of symmetry’.
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Then in the notation of the previous proposition,
o(M)EO(R,.Ry.Rs.....R;) <> MFEO(—Ri.Ry.Rs.....R,).
Clearly o determines an automorphism of BL and in this case UINV
yields SN. -

PROPOSITION 23.5. UINV implies Ax.
PRrROOF. Let ¢ € Sy, and for M € T L let ¢(M) be such that

a(M)F aylar) <= MF a,q(ar) (217)

for each atom oy, (x) of L. Notice that since there is a unique (%) for
which this right hand side holds / will similarly be unique on the left hand
side.

Now by the discussion around (59) for this simple unary language any
sentence ¢ mentioning only constants included amongst ay, . a,. . . .. aj
is logically equivalent to a unique (up to order) disjunction of the form

m

n m

V (A (@ /\ 3x ()" ) (218)
r=1 i=1
where the ¢, ; € {0, 1}, and ¢* stands, as usual, for ¢ if ¢ = 1 and —¢ if
¢ = 0, and the disjuncts are distinct and consistent.
From this we see that ¢ extends to an automorphism of BL since if 6
as above is logically equivalent to (218) then
n m 24
c(M)EO < o(M)F \/ (/\ah,_.i(aki) A /\(Hx aj(x))g"-f)
i=1 j=1
n m 21
— MF \/ (/\ag(,,”)(ak,,) A /\(Hx a(,(_,)(x))s"-f)

r=1 i=1 j=1

by (217). so
alf] = {\/ (/\a () ak /\(Elxa )(x))s,t_j)]
r=1 i=1 -
Appealing to UINV now yields Ax. ;

Pleasingly then UINV has given us all the early symmetry principles
that we have considered. The obvious question to ask now is whether or
not it gives us anything more.

Unfortunately the answer is yes! The reason this is unfortunate, rather
than a cause for some celebration, is that as shown in [112] (where the
earlier results in this chapter also appear). and [113], the wholesale appli-
cation of UINYV in these cases reduces the possible choices down to one
solitary probability function, Carnap’s ¢£. So, surprisingly, UINV even
dispatches the intolerably ambivalent ¢ . On the positive side it is shown
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in [112] that things cannot get any worse, ¢l does satisfy UINV so this
grand principle is at least consistent.

Full details, with further discussion, of how it is that observing UINV

leaves ¢l as our only option are given in [112] but for completeness we

shall now sketch the main points.
We firstly derive another, and already questionable, symmetry principle
from UINV, namely:

RANGE EXCHANGEABILITY, RX.

w(/s\ag,.(ai)) = w(/s\ah[(ai))
i=1 i=1

whenever [{g; |1 <i <s}| =[{h|1<i<s}| ie wheneverthe number
of distinct atoms amongst the oy, (x) is the same as the number amongst the

ap, (x).
To this end let s € N* and let 1 first permute the state descriptions for
ai,a,...,a in such a way that if

S

z(/s\ag,(ai)) = /\ahi(ai)
i1

i=1
then
{gill<i<s}={h|1<i<s}

(i.e. the distinct atoms amongst the a, (x) are the same as those amongst
the o, (x)). For M € TL define 1(M) € TL by

s s
(/\ ,) — Mh/\ag[(a,-),
i=1 i=1
(M)ER;(a,) <= MER;(ay). form>s, j=12....4q
Then 1 gives an automorphism of BL. indeed for m > s,

24

l|:\/ (7\ag/~,l» (ai) N /\(ﬂx aj(x»g,__j)}

r=1 j=1

[\/ ( </\ oy, (ai ) /m\ g, (ai) A\ ;{Gx a_/(x))*"'i/)]_

r=1 i=s+1

This now gives Rx in the case where {g; || <i <s}={h|1 <i<s}
and the full version follows from Ax, which as we have already seen also
follows from UINYV, and the fact that we are free to choose s as large as
we wish.
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Range Exchangeability is itself a rather unpalatable principle, for ex-
ample it implies that

n n
w(a1(an+1) lar(ar) A /\ Otz(af)) = w(az(a;m) | (ar) A /\Oéz(ai))
i=2 i=2
whereas one might have felt that for large n. a;(a;) A A7, a2 (a;) should
provide much more support for o, (a,,1) than for o (a,1).

At this point, to simplify matters, assume that ¢ = 1. in other words
that the language has just one unary relation symbol R;. [The essential
details of the proof for arbitrary ¢ are given in [113].]

For /' : N* — {0, 1}, which we think of as an infinite sequence of zeros
and ones,

f=r1).1£2).103).....
define A(f) : N* — {0, 1} as follows:

LLfQ2).fQ3).f@).... iff(1)=1
Af)=4 0.73).f(4).f(5).... if f(1)=f(2)=0.
1.0.£(3).f(4)./(5).... iff(1)=0.7(2)=1

Notice that if X C {f | /' : N* — {0, 1}} is a finite union of sets of the
form

{1, f2).....f(n) =5}

then the image of X under 4 is also such a finite union, and conversely.
For future reference call this property *.
Now given M € TL let £, : N* — {0, 1} be the function defined by

Sun) =1 <= MF R (ay).

Clearly f); determines M. Define y : TL — T L to be such that for
M eTL,

forr = 2(far).
In particular then
M E Ri(a1) N—=Ri(ay) <= yM E Ri(a1) A Ri(az) A=Ri(a3). (219)
M E =Ri(a) A=Ri(az) A R\(a3) <= yM E =R(a1) A Ri(az).
M E =Ri(a1) A Ri(az) <= yM F Ri(ar) A—Ri(az).

Using the property « and the fact that A is the identity on the two
constant maps f : Nt — {0, 1}, equivalently 7 is the identity on the
two structures M € T L satisfying Vx R;(x)VVx =R (x). it can be shown
that y extends to an automorphism of BL. In particular, from (219),

P[Ri(a1) A =Ri(a2)] = [Ri(a1) A Ri(az) A =Ry(as)].
so for w satisfying UINV we must have

w(Ri(ar1) A =Ry(az2)) = w(Ri(ar) A Ry(az) A —R;(a3)). (220)
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But since w satisfying UINV must satisfy Rx we also have
w(Ry(a1) A =Ry (a2))
= w(Ri(a1) A =Ri(a2) A Ri(a3)) +w(Ri(ar) A =Ri(a2) A =R (a3))
=2w(Ry(ar) A Ri(a2) A —R;(a3))
and together with (220) this forces
w(Ri(a1) A =Ry (az)) = 0.

Given that w must also satisfy Ex the only option left open here is that
w=ct.

As a choice for a ‘rational probability function™? however ¢f is not
particularly popular on account of its jumping to the conclusion that
every a; will be like the first one observed, more precisely that

chanlan) A+ Ao an)ag(a) = { g HRTL ==

Clearly if we were to simply accept this conclusion then we would be
drawing a curtain over (the coffin of) PIL. So. where did we go wrong?
One’s first thought may be that UINV is just too permissive, it allows in
too many automorphisms. In that case perhaps we should include some
extra information into BL, maybe we should introduce SL and the 0 € SL
as another type in the universe of BL together with a relation linking 6 and
[0] to allow that the agent has specific knowledge of the representatives of
the equivalence classes. That alone however would not help, we could just
arrange that the o paired off the elements of {¢ € SL|¢ = 0} with the
elements of {¢ € SL|¢p = o(0)}. What we might further attempt would
be to require that ¢(0) somehow preserved the structure of §. However
this could appear rather artificial if we still want SN and Ax to fall under
UINV.

Fortunately there is another way round this problem which does seem
entirely natural. It is to consider Unary PIL as merely a restriction of
Polyadic PIL and it is in this direction that we now move.

92This probability function is often confused with the so called ‘straight rule’. SR. which
advocates setting

n
SR (@) | N\, @)) = my/n.
i=1
where as usual m; = |{i | h; = j}|. Naively appealing as this might seem (see for example
[5]) it is easy to see that SR has no extension to a probability function.
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Chapter 24

INTRODUCTION TO POLYADIC PURE INDUCTIVE
LOGIC

In Part 1 we placed no conditions on the arity of the relation symbols in
L, the restriction to unary only happened in Part 2. In this third part we
shall again allow into our language binary, ternary etc. relation symbols.
As we have seen, despite the logical simplicity of unary languages, for
example every formula becomes equivalent to a boolean combination of
IT; and X, formulae, Unary PIL has still a rather rich theory. For this
reason it is hardly surprising that with very few exceptions (for example
Gaifman [30]. Gaifman & Snir [32], Scott & Krauss [132], Krauss [69],
Hilpinen [46] and Hoover [52]) ‘Inductive Logic’ meant ‘Unary Inductive
Logic’ up to the end of the 20th century.

Of course there was an awareness of this further challenge, Carnap
[12, p123-4] and Kemeny [61], [64] both made this point. There were
at least two other reasons why the move to the polyadic was so delayed.
The first is that simple, everyday examples of induction with non-unary
relations are rather scarce. However they do exist and we do seem to have
some intuitions about them. For example suppose that you are planting
an orchard and you read that apples of variety A are good pollinators
and apples of variety 55 are readily pollinated. Then you might expect
that if you plant an A apple next to a B apple you will be rewarded with
an abundant harvest, at least from the latter tree. In this case one might
conclude that you had applied some sort of polyadic induction to reach
this conclusion, and that maybe it has a logical structure worthy of further
investigation.

Having said that it is still far from clear what probability functions
should be proposed here (and possibly this is a third reason for the delay).
Extending the unary notation we continue to have the ‘completely inde-
pendent probability function’ on SL. for which we will continue to use the
name cL . which just treats the +R(a;,. a;,. . .., a; ), where r is the arity of
the relation symbol R of L and the a;, need not be distinct, as stochas-
tically independent and each with probability 1/2. We also continue to
have the polyadic version of ¢{, (again we will adopt the same notation)
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which for L as usual with relations symbols R; of arity r;, i = 1,2,....¢,
satisfies

cé‘(/\Vxh...,xri :I:R,-(xl,...,x,.l_)) =24

for any of the 2¢ assignments of & here. However neither of these seem to
appropriately capture our intuitions about induction.

A second reason for a certain reluctance to venture into the polyadic is
that the notation and mathematical complication increases significantly,
at least when compared with the unary case. The key reason for this is that
a state description. for @, as, . . ., a, say, no longer tells us everything there
is to know about these constants in the way it did in the unary situation.
For example for a binary relation symbol R of L it leaves unanswered the
question of whether or not R(a;.a,,1) holds. Thus we can never really
‘nail down’ the constants as we could before.

As far as putatively rational principles for the polyadic are concerned
these seem, at this stage, also to be far less prominent than before, as
the slightly contrived orchard example above suggests. We do still have
the principles Ex, which we will continue to assume of all our probability
functions, SN and Px (transposing relation symbols of the same arity)
though Ax does not immediately generalize mutatis mutandis.

Just having Ex in fact allows us to cash in on results from the unary
using the same idea as in the demonstration of the Counterpart Principle
(see page 168) to prove some other simple principles that might first come
to mind. As an example suppose that L has a ternary relation symbol R
and w is a probability function on SL (satisfying Ex). Then our earlier
unary results allow us to show, for example, the ‘instance of relevance’

w(R(ai.as. as) | R(ar. as. az) N —R(ay. as. as) A R(ay. ag. a7))
> w(R(ay. as. a9) | R(ay. az. a3) A —R(ay.as, as)). (221)

To see this let £ be the language with a single unary relation symbol P
and define a probability function v on SL by

v ( /\ P (aki)) = w < /\ R% (a1 s Aoy s agkarl))
i=l

i=1
where the ¢; € {0.1}. Then the fact that w satisfies Ex means that v also
satisfies Ex and (221) now becomes

v(P(as) | P(a1) A —P(az) A Paz)) > v(P(as)| P(ar) A —P(ay)).

which follows from PIR in L.

Nevertheless some genuine new principles for Polyadic PIL have already
emerged and in the forthcoming chapters we shall introduce some of them
and consider their consequences. First however we look closer at Ex.



Chapter 25

POLYADIC CONSTANT EXCHANGEABILITY

In the unary case de Finetti’s Theorem 9.1 provides an illuminating, and
very useful, representation of the unary probability functions satisfying
Ex. This raises the question of whether there is a generalization to the
polyadic. In this chapter we shall give a relatively simple (provided one
has some familiarity with Nonstandard Analysis) proof of a particularly
elementary result along these lines due originally to Krauss, [69] (proved
there for a language with a single binary relation symbol and identity).
There are many other rather sophisticated results, see for example, [3],
[52]. [60]. on ‘exchangeable arrays’ within Probability Theory, which take
matters much further than we have time, or expertise, to take them in this
monograph. This reluctance is furthermore undiminished by the current
lack of applications of such results in our context, in contrast to the unary
case.

Rather than state a result as a theorem we shall talk our way through
it, introducing the notation as we go along. The proof uses methods from
Nonstandard Analysis. in particular from Loeb Measure Theory. [85].%

Let w be a probability function on SL satisfying Ex and take a non-
standard w,-saturated elementary extension, U* say, of a sufficiently large
portion U of the set theoretic universe containing w and anything else that
we might need as we go along. As usual we shall use ¢* to denote the
image in U* of ¢ € U where this differs from ¢. Letn € N, let v € N*

be nonstandard and let ®(a;. a,.....a,) be a state description. Then
®(ay. as. ..., a,)isstill a state description in U* and just as in U, it is true
in U* that
w*(O(ay,....a,)) = Z w*(D(ai.....a,)). (222)
®(ay.....a,)E0O(ay.....an)
Since w* satisfies Ex in U*, for ¢ € U* a permutation of {1,2,....v} and
®(ay.ay,....a,) astate description in U*,

w*(d)(al, ay,..., av)) = w*(d)(aa(l), ag<2), PN aa(‘,))).

931n fact just pages 1-7 and 17-20 of [20] suffice for this application.
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Working in U* pick a representative W(aj, . .., a,) from each of the classes
{®(a,1). a,02). - ... ay(,)) | 0 a permutation of {1.2,....v}}

and denote the corresponding class Hy. w* is constant on Hy so from
(222),

w*(O(ay.....a,)) = Z wT(®(a1,...,an))w*(VHw) (223)

where @ (®(ay. as.....a,)) is the proportion of ®(ay.....a,) € Hy
which logically imply ®(a;. .. ..a,) (i.e. are ©(a.....a,) when restricted
just to aj.as.....a,). Note that for any O(aj.a;.....a,). ©¥(0(a;.
a.....a,)). as a function of WV, is internal (i.e. is in U*), and that
to{¥} = w* (\/ Hy) determines a finitely additive measure on the al-
gebra of (internal) subsets of the set A of the chosen representatives P.
So we can rewrite (223) as

w (O(ar,....ay)) = AwW(G)(al,...,an))dﬂo(‘P). (224)

ine randomly picking, in U*, without replacement and according to the
uniform distribution, ay, . ay,. .. .. ay, from {ai.....a,}. Then 0¥ (O(ai,
a.....a,)) is the probability that ¥(a;. ..., a,) restricted to ay,. . ... ay
is ®(ay,. ap,. - . .. ap,). equivalently that

Y(ai,....a,) EOay.ap,.....a;).

There is another way to picture w¥(®(ay. as. . ...a,)). Namely imag-

n

Viewed in this way we see that as a function of standard state descrip-
tions O(ay.....a,) (son € N), w¥ satisfies (34) and extends to satisfy
(P1), (P2) and Ex on QFSL., except that it takes values in [0, 1]* rather
than just [0, 1].

By well known results from Loeb Integration Theory (see [85] or [20.
p17-20]) we can take standard parts of (224), denoted by o, to obtain

w<®(a1,...,an)):AOwW(@(al,...,aH))dﬂw) (225)

where u is a countably additive measure on a g-algebra of subsets of the
set A of ¥(ay.....a,). The functions °w"¥ now satisfy (P1), (P2) and Ex
with standard values so extend uniquely by Theorem 7.1 to probability
functions satisfying Ex on SL. Observe that °w¥(0(ay.....a,)) would
be the same if the picking of the ay,, ay,. ..., a;, in the definition of w*
had been with replacement since the difference in the probability of picking
ap, . Ap,. . . .. ap, wWith and without replacement is
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if there are no repeats in the ay,.ay,.....a; (and hence the difference
is of order v="*1)) or y=" if there are repeats. There are v" n-tuples
ap. ap,. . ... ay, altogether and less than (%) v"~! of them are with repeats
so this could only produce an infinitesimal changein 0¥ (@(a;. as. . . .. a,)).
and hence no change at all once we take standard parts.

Apart from Ex the °w¥ satisfy the polyadic version of the Constant
Irrelevance Principle, IP given on page 52, namely that if 0, ¢ € QFSL
have no constants in common then

0t (0N ¢) =@’ (0) - 0" (¢).

To see this it is enough to show, as in the proof of Proposition 8.1, that for

n,m € N and state descriptions O(ay, ay. ....a,). ©(ay 1. ... .. ay)
ow‘{"(@(ab az, ..., an) A (I)(aan Ap42, .-, am)) =
Oa)\l’(@(ala az, ..., an)) : qul(q)(arwrl: A2, v e am))~

But this clearly holds by the above observation since if the picking of
the ay,. ay,. . .., a;, in the definition of ¥ had been with replacement all
these choices would have been independent of each other and hence the
sum of 0¥ (A(ay.....a,)) for the (finitely many) A(ay. . ... a,) extending
O(ay.....a,) N¥Y(apy1 . ...a,) would be equal to the product

w‘P(®(a1: az, ..., an)) : w\l’(Q(an+la an+27 cees al‘ﬂ))'

In summary then we have arrived at a result due to Krauss, [69] (by an
entirely different proof):

THEOREM 25.1. If the probability function w on SL satisfies Ex then w
can be represented in the form

w = / *w? du(P) (226)
A

for some countably additive measure u on an algebra of subsets of A and
probability functions °w¥ on SL satisfying IP (and Ex).

Conversely if w is of this form then it satisfies Ex.

To further illuminate this theorem we note (in line with Krauss’ results)
that these °w? are precisely the probability functions satisfying IP (and
Ex).

PROPOSITION 25.2. If the probability function w on SL satisfies IP (and
Ex) thenw = °w? for some ¥ (within U*), and conversely.

ProoF. The method of proof is analogous to that used for Theorem
20.6. Suppose that w is a probability function on the sentences of the
language L = {R;. R...... R,} which satisfies IP (and Ex). By Theorem
25.1 w can be represented in the form (226). Let 0 = 0(ay.....a,) €
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QFSL and let 0' = 0(a, 1, ....az,). Then by IP,
0=2(w'(ON0)—w(O ) w(0))

:/A V(0N 6) du(P +/w0/\0 du(A)

A

3 / "0 (0)du(¥)) - ( / “wN0) du(A))

- / °w¥(0) -° 0¥ (0) du(¥) + / 2w (0) ° w(0') du(A)
A A

~f /A 0" (0) du(®)) - ( /A 00" du(A))
- / / Cw¥(0) —° 0 (0))? du(¥)du(A)

since by Ex. °w¥(0) =° 0¥ (0’) etc..

Using the countable additivity of x# we can see that there must be a
subset C of A with u measure 1 such that °w™¥(0) is constant on C for
each 0 € QFSL. Picking a particular A € C then we have that

w(0) = / °w"(0) du() = *w(0)

for @ € QFSL.sow = °o™. .

Note that using Proposition 8.1 in the case of unary L gives de Finetti’s
Representation Theorem, at least after taking a suitable coarsening of the
measure x under the map

Y= /\ah C/v).2(nmfv),....0 /)

where (in U*) v; = [{i | h; = j}|.

Recall by Corollary 6.2 that in the presence of Ex having IP for quantifier
free sentences also gives it for all sentences. Thus the °w? actually have
this ostensibly stronger property.

The use of Loeb Measure Theory to derive representation theorems,
such as the one above, seems to us particularly straightforward and illu-
minating and it will be employed again shortly to good effect.

We end this chapter with an application which was promised on page
169 in the early Unary Part 2. With the notation from that page let

0=0(a,R.R>..R). 0 =0(a@.R\.Rs.R). 0" =0(d. Rs.RsR).

where R = Rs. Ry, . ... Rs.;. We shall show that assuming w satisfies
ULi,

w(010") > w(0]0"). (227)
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To this end let £ be the language with a single binary relation symbol
R and define a probability function v on S L by

( /\ R (ar. a; ) - w( /\ 0% (@. R Rj. Rys1. Rusa. . .,RM)),
i.j=1 i.j=1
where, as in the proof of Theorem 22.4, we are taking w to be extended to
these larger unary languages on the right hand side. With this definition
v satisfies Ex and (227) becomes

v(R(ay.a2) | R(ay.a4)) > v(R(ay. az) | R(a3. as)). (228)

In the notation above (with v in place of w) v¥(R(a1. a2) A R(ay. as))
is the probability that

\P(al) MR ] av) ': R(ah| > ahz) /\ R(ah]) ah4)

for a random choice of distinct ay, . ay,. ap, from {1.2,....v}. In other
words, if

= {6 |¥(ar.....a,) E R(a;.as)}|
then in U*,

v

v¥(R(ar.ax) A R(ay.as)) = Z /v +om),
=1
since allowing also the choice of possibly non-distinct ay, . ay,. a;, only
adds a factor of order v,
Similarly

vY(R(ar.a2) A R(as. as)) ZZereb/v + o).

=1 =1
By the Cauchy-Schwarz Inequality

Zez/v = (Sle?) (zu/v) )=

=1 =1
v

(Z(ef/v (1/v) ) ZZ(;TQ/V“

=1 =1 5=1
which in turn gives in the above notation that

/A *0" (R(ar. a2) A R(ay. as)) du(¥) >

/A OyT(R(al,az) A R(as. as)) du(\P)

and the required conclusion (228) follows.
Clearly this result can be generalized to more relation symbols and
include also changes in constants, we leave the reader to fill in the details.






Chapter 26

POLYADIC REGULARITY

In the unary case we have seen that whilst we can find probability functions
w which are Super Regular in the sense that they simultaneously satisfy
w(0) > 0 for all consistent @ € SL such functions (currently) seem rather
ad hoc. One would not therefore expect anything better in the more
general polyadic case. Indeed even the method of construction of such
functions given earlier depended on the special representation (59) we
have for sentences of a unary language so no longer works in the polyadic.
Nevertheless it is easy to construct such functions by an even more ad hoc
method: Enumerate as 6,,. n € N, the consistent sentences of L and for
each pick M, € TL such that M, & 0,. Now define the required super
regular w by

where V), is given by (1).

Defined in this way w may not satisfy any of the basic symmetry prin-
ciples, Px, SN, Ex. The first of these can be readily arranged. For ¢ a
permutation of the relation symbols of L which preserves arity and 0 € SL
let o0 be the sentence formed by replacing each predicate symbol R in
by o(R). Then it is straightforward to see that if @ € SL is a tautology
then so is g0 and hence that

v(0) =K Zw(a@),

where K is the cardinality of the set of such o, is a probability function
on SL which satisfies Px.

We can similarly arrange that SN also holds. This ‘averaging’ method
however will not immediately work to ensure Ex because there are now in-
finitely many (indeed uncountably many) permutations of the ;. Instead
we need a slightly more sophisticated, and seemingly potentially useful,
averaging process, employed already for example by Gaifman in a similar
context in [30].

189
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Let H be the set of maps f from N to N* and for (distinct) 7y. 5. . ...
ipn e Ntand o : {ij.i2,....0n} — NT let

cl={feH|f{ii....in} =0}

Let uo be the (normalized) measure on N* given by uo{j} = 27/ and
let u be the standard product measure extension of uo to H. So for ¢ as

above
n
plo] =[J27"
j=1

and u is a countably additive (normalized) measure on the g-algebra, i.e.
Borel sets, generated from these [o].

Given a probability function w on SL and 0 = 0(a;,. a;,. . ... a;) € SL
let

v@ = 3 wlolwOay)dgy. - ag). (229)

(Ti{l']«l'z,“.‘l‘,,}*>NJr

Notice that this is unambiguous since even if we write 6 here as 0(a;,.
ai,.....a;.a;, ) we will still obtain the same value for v(6) because the
additional factors 2~7»+1) will sum out to 1.

From this observation and the fact that if 0(a;,. a;,,....a;) € SL is
a tautology then so is 0(d, ;). Gy (i) - - - - Ay ;,)) it follows that v satisfies
(P1) and (P2). Concerning (P3), let Ix y(x. a;,, ..., a;) € SLand¢ > 0.
From (229) pick m such that

Z ulo] > 1 —e, (230)

o:{irizeein }—{1.2,...m}

$O
S W wE i a dy ) (231)
o {1y = {1.2,...om}
is within ¢ of v(Ix w(x,a;.....a;)). Now pick ¢ such that for each of
the m”" maps ¢ from {i}.i»,...,i,} to {1.2,...,m},

q
w(\/ wlaj. aqg). . - .,ao(,-n))> +em™" > w@3x w(x.dp). .- o))
j=1

(232)
and in turn pick » > ¢.ij,...,i, such that for each of the maps o :
{il,iz,...,in} — {1,2,...,1’}’1},

> ultl = plo] —em ™" (233)
T€A,

where 4, isthesetof 7 : {1,2,....r} = Nt such thatt [ {i,....i,} =¢
and {1,2,...,¢} C {z(1),7(2),....7(r)}.
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Then

r

v( \/ l//(a_;,ail,...,ain))
j=1
> b \’_/ V(s et aci)

o{l....r}—N+

> > ule (\_/ --~=ar<fn>))

o {il.cin f—{l....m} €A,

> > ulel(w@x plx. ). .. ag,)) —em ™),

{1y }—{l....om} T€EA,

IV

Y

by (232),
Z (ﬂ[a] — 8m*”) (w(Elx y/(x_/ As(iy)- - - - - aU(i”))) _ 8m7"),

Y

by (233).
> Z ulolwGx w(x. dgg). - - o)) — 28
o{il..in t—{1....m}
> Z ulolw@x w(x. a, (). . - .. a,(,))) — 3e. by (230).
o:{iy,iy }—NT
>v(@xy(x.a.....a;,)) — 3e, by (231).

and (P3) follows by using (5) for the reverse inequality.
To show that v satisfies Ex let v : {1....,n} — NT be injective. Then

v(l(ay,....a,))
= > wlolw(0(ayn). ao). - i)

o{l..n}—>N+

= Z :u[o-vilv]w(e(aﬂvflv(l)’aﬂvflv(Z)s""an'vflv(n)))
ov—v:{l...n}—N*

= Z /I[O'V_l]’11)(9(610-},—1(},(1»,a(l.v—l(v(z)),. . 7a<7v*1(v(n))))=
av—1{v(1),..v(n)} >N+

since u[ov='v] = ufov"].
= v(0(a,q). ay). ... ay(y)))

since the ov~! here are just the 7 : {v(1),v(2),....v(n)} — N*.

Finally, v inherits Px, SN and SReg if these hold for w, this last from
(229) when ¢ is the identity.

Again however, as in the unary case, we know of no ‘justified’ proba-
bility function which satisfies SReg, just such ad hoc examples as above.
Indeed, just as with JSP in the unary, we know that the forthcoming
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polyadic principles of Spectrum Exchangeability, Sx, and Invariance, INV,
are actually inconsistent with SReg, see respectively [53] and page 314, or
[125].

Henceforth we will continue to assume, unless otherwise stated, that all
our probability functions satisfy Ex. Our next step is to introduce what to
date has proved to be one of the key notions in PIL.



Chapter 27

SPECTRUM EXCHANGEABILITY

By way of motivation consider the alternative formulation of (unary)
Atom Exchangeability, Ax, as given on page 87:

w ( /\ ay, (b,-)) depends only on the multiset {my,my, ..., my} where

i=1
mj = [{ihi =j}|.

For brevity let ® denote this state description. Then since the atom
that a b; satisfies exactly determines its properties. b;. b; will be indistin-
guishable with respect to @, denoted b; ~g b, just if they satisfy the same
atom. Equivalently

bi ~g bj < O(by.b,.....by) Ab; = bj is consistent, (234)

that is consistent when we add equality to the language L (and the axioms
of equality to F).

Clearly from (234) ~g is an equivalence relation on the set {b. by, ...,
b, } and the m; are just the sizes of its equivalence classes. If we now define
the Spectrum of @(by.bs. ....b,). S(®), to be the multiset® of sizes of
the (non-empty) equivalence classes with respect to ~e we can reformulate
AX as:

For state descriptions O(by.bs.....b,). ®(b1,bs.....b,). if S(O) =
S(D) then w(0) = w(D).

The value of expressing Ax in this form is that it immediately gen-
eralizes to polyadic L. For a state description ®(by.b,.....b,,) of L

the equivalence relation b; ~g b; on {by.b,.....b,} is again defined by
(234), equivalently by the requirement that for any r-ary relation sym-
bol from L and not necessarily distinct by,.....bx,.bx,,,..... by, from
{bl, b2-, e bm}s

O(b1.ba. ... .by) E R(by,. ... .be bibp ... b
< R(bkl, . ,bku,b_/,bsz, . ,bk,,).

%In some earlier accounts the spectrum was the corresponding vector
(mp . my,, ..., my, ) where the my, are the m; in non-increasing order.

193
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Let £(®) denote the set of equivalence classes of ©.”° Again we can
define the Spectrum of ®, S(0®), as the multiset of sizes of the equivalence
classes in £(0) and the corresponding generalization of Ax to polyadic L
now becomes:

THE SPECTRUM EXCHANGEABILITY PRINCIPLE, SX.

For state descriptions ©(by.by.....b,). ®(by.by.....b,) € SL. if
S(0) = S(D) then w(®) = w (D).

To illustrate these notions suppose that L hasjust a single binary relation
symbol R. Then the conjunction, ®(a;., as. as. as) say. of

R(ay.ar) —R(ay.a) R(ay.a3) R(ay.as)
R(ar. ay) “R(ay. az) R(as. a3) ~R(ay. a4)
R(as. ay) ﬁR(as az) R(as.a3) R(as. ay)
R(ay. ay) R(ay. ay) R(a4.a3) R(a4.a4)

is a state description, the equivalence classes of ~g are {a;.as}, {as}.
{as}. so
£(0) = {{a1.as}. {az}. {aa}}.
and the spectrum S(@) is {2, 1, 1}.
Similarly if the state description ®(a;. a». a3. a4) is the conjunction of

—R(ai.a) —R(ay.a») R(ay.a3) R(a.as)

R(az. ay) - R(ay. a») =R(a. a3) =R(ay. as)
R(az.ay) R(as. ay) R(a3. a3) R(asz. as)
R(as. ay) R(as. a>) R(ay. a3) R(ay. as)

then the equivalence classes of ~¢ are {a;}. {ax2}. {3, as}, the spectrum
is again {2, 1,1} and Sx prescribes that w(®) = w(®). (Notice that by
our standing assumption Ex the particular instantiating constants here
are not important.)

The spectrum {1,1,1,....1} of state descriptions with ¢ constants
where all the constants are distinguishable will be of special importance
and it will be denoted 1,.

The polyadic probab111ty functions ¢£, cL introduced earlier both sat-
isfy Sx. In the case of c% this is clear since it gives the same value to
all state descriptions with the same number of constants. As for cOL, a
moment’s thought shows that it only gives non-zero probability to state
descriptions O(aj, .. ., a,) for which £(®) = {{ay.....a,}}. and these all
get the same probability. In fact as we shall see later these two are (again)
extreme members of a natural family of probability functions satisfying
Sx.

9 More precisely ‘of ~@’, though we shall frequently adopt the less pedantic usage.
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To date Sx has figured large in the study of PIL, not least because it
sheds light on many of the obvious questions one might ask, as we shall
see in future chapters. For the present however it will be useful to derive
some simple properties of spectra.

First suppose that L is the disjoint union of two languages L;, L,. Let
O(ay.as.....a,) be a state description in L. Then

Oay.as.....an) =0O1(ar,asr.....am) NOs(ay. as. ..., ay)
for some state descriptions ®1, ®, of L;, L, respectively. Furthermore
ai ~e ad; <= d; ~e, d; and a; ~@, d;.

Thuswe can see thatif S1, S5.....S,and T, T», ..., T} are theequivalence
classes of ~g,, ~@, respectively then the equivalences classes of ~¢ are the
non-empty sets amongst the S; N 7;, 71 =1.2,....r. j =1.2,... k. In
this way then we can sometimes reduce problems about spectra for large
languages down to the more easily visualized case of a language with a
single relation symbol.

As a simple consequence of the above we have the following obviously
desirable property of probability functions satisfying Sx:

ProOPOSITION 27.1. Let w be a probability function on SL satisfying Sx
and let L' be a sublanguage of L. Then w restricted to L', w | L', also
satisfies Sx.

ProOOF. Recalling the convention on page 9 let L” be the language
L — L' (clearly we may assume that L has some relation symbols). Let
O(ay.....ay). Olai,....a,) be state descriptions in L’ with the same
spectrum. Assume for the present that ~¢ and ~¢ have exactly the same
equivalence classes, i.e. £(0) = £(®D).

Any state description for ay, ..., a, in L which extends ® can be ex-
pressed as

Oar.....am) NYPlar.....an) (235)

where W is a state description in L” and can be paired with the state
description

D(ay,....am) N¥Y(ar.....an). (236)

Furthermore, from the earlier discussion, since ~g and ~¢ have exactly
the same equivalence classes (235) and (236) will also have the same
equivalence classes and spectrum. Hence, since w satisfies Sx,

w(@(ay,....am) NPlay.....an)) =w(@(ay,....an) NPlay.....an)).

Summing this over all choices of W¥(ay.....a,) gives as required that
w(0) = w(d).

Finally, if ® and ® have the same spectrum but £(®) # £(®) then
we can find a permutation ¢ € S,, such that ®(ay,as,....a,) and
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@ (a,(1). Ay (2)- - - - - dg(y)) do have the same equivalence classes and so. as
above,

w(®(ar. as, ... an)) = w( @G 1). As(2) - -+ do(m)))
= w(d)(al, ay,..., am))

by Ex. (In what follows we shall use this ‘trick” without further explana-
tion.) 4

A second observation about spectra concerns their possible extensions
to more constants. Suppose that ®(ay. as. ....a,,). Olay. az.....amn. apiy)
are state descriptions and ® extends ® i.e. ® F ®. Let the equivalence
classes of ~g, ~¢ be, respectively,

£(0) = {h.L,....I}.
E((D) = {Jl,Jz,...,Jk}.

Clearly if i, j < m and a; ~¢ a; then, because ® F ©, a; ~¢ a;. So
ignoring the new element a,, 1 the equivalence classes for ® are the result
of splitting the classes for ®@. Whether or not there is such a proper
splitting depends on the properties of a,,, 1.

Without loss of generality suppose that a,,; € J;. There are now 2
possible cases.

If a,, 11 is not the sole element in Ji, say a,,+1 # a, € Ji, then a,,.;
is indistinguishable from a, in ®(a;.....a,.au+1). Thus for any r-ary
relation symbol R of L, a; ~g a; and not necessarily distinct

Ay Uiy Aleyye oo A, € {1, G2 ... Ay Ay )
OF R(ag,,....a,. ;. ak, .- --.di,)
<= OF R(ap,.....dp,.ai.dp, ,.....4,).

where a,, = a, if k; #m +1and ap, = a, ifk; =m + 1,

since a, ~o dm+1

< OF R(a,, lp,. i dp,.,.....dp), since®F O,
< OF R(ap,.....ap,.a;.ap,,.....a,), sincea; ~¢ a;.
< OF R(ap,.....ap,.a;.a,,,.....a,). since®F O,
< OFR(ak,.....ak,.4}. 0k, 5. ... A ), SINCC dy ~ dpi1.

From this we see that the equivalence classes for ~¢ are exactly the same
as those for ~g except that a,,.; has joined that class /, which already
contains a,. So in this case ~q, ~g agree on {aj, da, ..., dy }.
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The other possibility is that a,,.; is the sole element of its equivalence
class J; according to ~¢. In that case the equivalence classes of ~@ may
or may not split in the passage to ~¢.°

Armed with the above observations we can now prove a lemma which
will have important consequences in later chapters. This lemma, by a
somewhat different proof, was first proved for binary languages in [94],
[96]. and then extended to general polyadic languages in Landes [74].

LeEMMA 27.2.  Suppose that the state descriptions O(ai,....a,).
®(ay.....ay) of L have the same spectrum and let {ni,my,....ns} be a
multiset with ny.....ny € Nt andn = Y;_, n; > m. Then the number of
state descriptions for ay, ay, . . ., a, with spectrum {ny, na, . .., ns } extending
O is the same as the number with this spectrum extending ®©.

PrOOF. The result is straightforward for L purely unary so assume
otherwise. Clearly it is enough to show this result for » = m + 1. By
permuting the constants in ® we may clearly assume that

S(@) ZS(CD) = {I].,Iz,...,]k} say.

For each r-ary relation symbol R of L with r > 1 (by assumption there
are some) and non-empty strict subset S = {i.i».....i,} of {1.2,....7},
with ij < i) < -+ < i,.let Rg be the formula R(z;. z5.....z,) of L where
zj = xy, if j = i; and for the remaining j ¢ S. z; = a,,+1. So for example
if Ris4-aryand S = {1,3} C {1,2.3,4}, Rs = R(x1, api1, X2, Aps1)-

For each such R and S introduce a new relation symbol R with arity
|S| and let L be the language with these new relation symbols. Then any
state description for ay, a.....a, 1 extending ® can be written in the
form

/\iR(am+15am+la"-eam+1) (237)
R

where in Rg we have suppressed mention of the a,, .

Dropping the last conjunct, Az £R(@m41. dm1. - ... dms1). (Which, no-
tice. is only instrumental in determining the equivalence class of a,,, ) we
see that there is a one to one correspondence with the state description

@(al,az,...,am)/\/\ /\ +£Rs(ai,. ... a). (238)

91n the case that all the relation symbols of L are unary or binary there is a fixed bound
on the number of classes a single class of ~g can split into. Once L has a relation symbol of
arity greater than 2 there is no such bound.
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Since L and L are disjoint languages the spectrum of this state descrip-

tion is determined by the equivalence classes for ®(«ay. a. .. .. a,,) and the
equivalence classes for
/\ /\ ZEFS (ail RPN d,’m ), (239)
Rs i) =1

and so will be the same for

(D(al,az,...,am)/\/\ /\ iﬁg(ail,...,aim). (240)
R i1niis) =1

Now consider the case where the equivalence classes for (238) are a
splitting of those for ®. In that case a,,; must be in a class by itself in
the spectrum for (237) so we can simply pair off (238) with the corre-
sponding state description (240) with @ in place of @ to give the required
equipollence.

Finally consider the case when the spectrum of (238) equals that of ®

(and similarly for (240) and ®). In that case if e, e;.. ... e, are chosen
representatives from each of the classes I, 5. ..., I; then the only free
choices in (237) to achieve this will be of
k

/\ +Rs(e;,. . ... eim) A /\ FR(Apmst. At - oo Art).

Rs iliis =1 R
independently of ® and ®. For both ® and ® exactly k of these choices
(making a,,. | indistinguishable from one of ey, . .., ¢;) will result in a,, |
joining one of the /. I. ..., I;, so the number for which «,,,, forms a
class of its own will have to be the same for both ® and ®. -

Looking back over the above proof it becomes evident that it actu-
ally shows that there is a stronger connection between the extensions of
O(ay.....a,)and ®(ay.....a,) than simply having the same number for
the same spectrum. Namely, when £(®) = £(®) then they have the same
number of extensions to state descriptions ¥(aj. . ... a,) with a particular
set of equivalence classes. Precisely:

PROPOSITION 27.3. If O(ay.....a,), ®la;..... a,) are state descrip-
tions with £(®) = E(®) then for any partition E of {ay. ..., a,} the number
of state descriptions ¥(ay, . .., a,) extending®(ay, . ...a,) withE(¥) = E
is the same as the number extending ®(ay. . ... a,,) with E(¥Y) = E.



Chapter 28

CONFORMITY

As already remarked one’s lack of familiarity with polyadic relations, as
opposed to purely unary ones, seems to make the explication of puta-
tively rational principles involving them all the more difficult. However
there is one rather evident such principle which arises simply because we
have more variables: Namely that if we permute the order of the vari-
ables in a relation then this should not alter our assigned probabilities.
Precisely:

THE VARIABLE EXCHANGEABILITY PRINCIPLE, VX.

Let R be an r-ary relation symbol of L, ¢ € S, and for 0 € SL
let 0" be the result of replacing each R(t1.ts.....t,) appearing in 0 by
R(Z‘J(l), I5(2)s - s Z”(r)). Then ’LU(H) = w(@’)

So, as an example of this principle, it gives that for binary R we should
have

w(R(ay, a1) AN —R(az, az) A R(ay. ay)) =
w(R(ar.a1) N =R(az. a2) A R(az. ay)).

Vx does not follow from Ex. To see this let L be the language with
a single binary relation symbol R and let L; the language with a single
unary relation symbol P. For ¢ € SL let ¢* be the result of replacing
each occurrence of R(#1. 1) in ¢, where 1. t; are terms of L, by P(¢1) and
define w : SL — [0,1] by w(¢) = cL1(¢*). Then it is a straightforward
exercise to check that w is a probability function on SL satisfying Ex.
However w does not satisfy Vx since, for example,

w(R(ar, @) A =R(ar,a3)) = e (P(ar) A =P(ar)) = 0.
w(R(az,a1) A —=R(as.a1)) = c& (P(ax) A —P(a3)) = 1/4.
Clearly in the above definition of VX we could restrict the 8 to be simply

a state description and hence, since 6’ will then have the same spectrum
as 0, we have:

ProPOSITION 28.1. Sx implies Variable Exchangeability, Vx.

The obvious argument in favour of Vx as a rational principle is that there
is no reason why R(ai, as. ... .a,) should be treated in any way differently

199
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from R(a,(1). a4, (). - - .. dy(). But this argument seems to equally justify
a much more general principle where we allow constant symbols and
repeated variables in the arguments of R. To motivate this principle
suppose that L has just a single 4-ary predicate symbol R and let Lp be
the language with a single 3-ary predicate symbol P. For 6 € SLp let
0; be the result of replacing each occurrence of P(t1. 15, t3) (where the #;
are terms of L) in 0 by R(¢1.1.t3.a;). Similarly let 0, be the result of
replacing each occurrence of P(f1.15.13) in 0 by R(¢1,15. 13, 13). So now
0,. 0, are sentences of L.

Then for an arguably rational probability function w can we justify
saying that w(0;) should be greater than w(6,). or vice-versa? We would
claim that we cannot, that there is no rational reason for supposing that
w (0 ) should exceed w(6,) nor any reason for supposing that w(6,) should
exceed w(6;). In turn then the adoption of any probability w which did
give them different values would seem to be making an unjustified, even
unjustifiable, assumption. The only way then that a choice of probability
function w would be immune to this criticism is if it gave them both the
same value.

We now show in this special case that w satisfying Sx is enough to
ensure such equality. We shall then go on to explain the general Principle
of Conformity, which again follows from Sx and of which this is but a
particular example.

ProposITION 28.2. For 6, 01, 0, as above and w satisfying Sx,
w(01) = w(6).

Proor. First notice that it is enough to take 6 to be a state description,

m
/\ P (a;, a;, ay)
ijk=1

where as usual the & € {0,1}, P! = P and P® = —P etc.. In this case
then
m
0, = /\ R (a;. a;. ax. ar),
ijik=1
m
0, = /\ R (a;, a;. ax. ax).
ijik=1

The 60, 6, are not themselves state descriptions but since w satisfies Sx it
is enough to show that for any spectrum § the number of state descriptions
for ay, ay, ..., a, extending 6, with spectrum § is the same as the number
extending 0, with spectrum §.

In fact we claim something slightly stronger than this, namely that
for any partition E of {aj,....a,} the number of state descriptions
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Y(ay,....a,)extending (equivalently consistent with) ; with £(¥) = E
is the same as the number extending 6, with £(¥) = E. (Notice that if
a; =g a; then for any W(aj.....a,) extending 0, (or 62) a; »y a; so
E(W) must be a refinement of £(0), denoted £(¥) > £(0) and meaning
that every class in £(¥) is a subset of a class in £(0).)

The proof of the claim proceeds by induction on |E|. Assume that the
result is true for partitions of {a;, as. ..., a,} containing fewer than |E|
classes. Clearly we can assume that E > £(0), so |E| > |£(0)|. otherwise
the number of ¥ will be zero for both 0, and 0,.

If |[E| = |£(0)| then perforce E = £(0), since E > £(0). Let
er.e.....eg be representatives of the |E| classes in E. with e; = a;.
Then to form ¥(a;.as.....a,) extending 0; with £(¥) = E we have a
free choice of +R(ey,. . eq,. €g,) When eq, # aj. so 2/EFIEI=D choices
altogether. After that all other choices are determined by 0; and the
fact that £(¥) = E. Similarly for ¥(a.as.....a,) extending 6, with
E(Y) = E we have a free choice of =R(eg, . eq,. €g,. €5,) When ey, # eq,.
so again 2/E/'(IE1=D)
case.

For the induction step let £ > £(0). i.e. E is a proper refinement of
£(0). We shall show the equality of

choices altogether and the result is proven in this base

> K¥a.....an) |¥F 0 and E(P) =7}, (241)
E(0)<t<E

> K¥a.....an) |¥F 0, and £(¥) =7}, (242)
£(0)<t<E

from which the required result follows via the inductive hypothesis.

Again let e e;. ... e|g| be representatives of the |E| classes in E with
e; = a;. Let ¥(ai.....a,) be a state description extending ¢; with
E(Y) < E. Then since the ey. .. .. e g contain representatives (not neces-
sarily unique) for each of the equivalence classes in (W), W is determined
by the state description Q(ey. e;.....eyg|) for ej.es.. ... ep which it ex-
tends. Clearly also Q A 6, is consistent.

Conversely given a state description Q(ey. es. . . .. e Yforej,es. ..., e|g|
which is consistent with #; we can define a unique state description
Y(ay. as.,....a,) determined by Q as above such that £(¥) < E (since
then the ey, ..., e|g| must contain representatives, not necessarily unique,
for each of the equivalence classes in £(¥)). Furthermore ¥ will have to
extend 6. To see this notice that if R (a;,a j.ax.ar) is a conjunct in ¥
then Réix (ey,, ey, €y, ayp) also appears in W, where a;, e;, are in the same
part of the partition E etc.. So this also appears in Q and hence in 6.
But then P (ey,. ey,. 5, ) appears in 0 so since £(0) < E. Péi(a;. a;. ai)
appears in 0 and R%* (a;, aj.ay., ay) appears in 0.
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It follows that (241) is equal to
H{Q(er.e.....e1g) | QA0 is consistent }| = 2IEFEI-D)

by observing that we need to fix |E|* entries in the array for these Q to
accommodate the consistency of Q A 6.
An exactly similar argument applies in the case of 6, and hence the
required equality of (241), (242) is proven. =
Notice that having obtained this equality in the case of R(x}. X2, x3. a1)
and R(x,x3. x3. x3) we can by analogous transpositions derive equality
for the cases of

R(x1.x2.a3.x3), R(x1,x2, X1, x3), R(az, X2, X1, X3). ..., R(t1. t2. 13. 1),

provided the variables amongst the terms 71, #5. 3, t4 are exactly xj. x7, x3.
Similarly Sx will imply for all fixed n,/ € N

w( /\ Rsif(a,-,aj,an,a;)) :w( /\ R‘E’f(ai,af,a_,,a;)) =

ij=1 ij=1

m m
w( /\ R“’»"(a,-,ai,ai,aj)> :w( /\ R”’»"(aivaj,a,-,aj)> etc., (243)

ij=1 ij=1
where, by summing over a suitable disjunction of state descriptions for
ai.az, ...,ay with h > m.n, [, we can even take n,[ > m.

For notational simplicity Proposition 28.2 was stated for the case of
a language L with a single 4-ary relation symbol R. It should be clear
that the proof generalizes to n-ary relation symbols and, by applying the
observation made just prior to Proposition 27.1, to languages with more
than one relation symbol.

In order to state our ‘Principle of Conformity’ to this level of gener-
ality’” we need some notation. Suppose as usual that our language L
has relation symbols R, R,..... R, of arities ry,ra.....r, respectively.
Let L~ be a language with relation symbols Py, P», ..., P, with arities
ki.ky,....kgsuchthatk; <r;forj=12...,q. Foreachi =12 ...q
let uj.uj,....ul and sj.si.....s. be terms of L such that the variables
appearing in each of these lists are exactly x;. x». .. .. xt, and let

R (x1.x3..... xi,) = Ri(uj. u, ..., uﬁl)
Rf(xl, X2, ., in) = R,’(S]i, Sé, e S,{I,).

Finally for § € SL™ let §; € SL be the result of replacing each P;(1;.
ta,....t,) in 0 by R¥ (¢, t2,....1,) and let 6, € SL be the result of
replacing each P; (1,12, ....1,) in 0 by RS (1,12, ..., 11,).

THE PrINCIPLE OF CONFORMITY, PC.

Whenever the R;, P;. u}. s}, 0, etc. are as above, w(0;) = w(6,).

971t would seem that even this is not the most general version attainable!
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The intuition here is that in this context of assigning probabilities there
is no reason for w to treat the R¥(¢1.ta,....1;,) and R(t1,t2,.... 1) in
any way differently, and so in turn no reason for w to treat 6; and 6,
differently.

Notice that Vx is actually a special case of PC. In view of that and
Proposition 28.1 the following theorem might have been anticipated.

THEOREM 28.3. Sx implies the Principle of Conformity, PC.

All the key ideas for the proof of this theorem appear already in the
proof of Proposition 28.2. For the full details see [74]. In particular (243)
is a special case of this theorem when ¢ = 1,r; = 4. k; = 2, the variables
are (for instance) x1.x,. the terms for the first and last expressions are

1 _ 1 _ 1 _ 1 _ 1 1 1 _
uj = X1, Uy = X2, U3 = ay, Uy = a; and s; = X1, 5, = X2, §3 = X1,

Si = X3.

We finally point out that (to our knowledge) neither PC nor Sx can
be justified as ‘symmetry principles’, at least in as far as we later suggest
a formalization of that notion in Chapter 39. Variable Exchangeability
on the other hand patently is a symmetry principle according to this

formulation (see page 296).






Chapter 29

THE PROBABILITY FUNCTIONS u /7L

Up to now we have only exhibited two probability functions for a polyadic
language L, namely ¢/, cL . and both satisfied Sx (and Ex). We shall
now introduce a family of probability functions®®, of which these two
are ‘extreme’ members, satisfying Sx (and Ex). As we shall see later
the probability functions in this family form the building blocks for all
probability functions satisfying Sx and in this sense parallel the role of the
unary probability functions w within the probability functions satisfying
Ex. By the end of this chapter we will show that the members of this family
actually extend the unary probability functions #?-* introduced on page
149 and because of that we will adopt the same notation for polyadic L.
Let B be, as previously on page 149, the set of infinite sequences

p={(po.p1.p2.p3....)

of non-negative reals such that p; > p» > p3 > --- and ) .~  p; = 1. To
help with visualization we shall think of the subscripts 0, 1, 2, ... as colours
and p; as the probability of picking colour i. Amongst these colours 0
will stand for ‘black’ and will have a special status.

Letcy, ca. ..., cm beasequence of colours, so ¢ = (¢, ¢, ..., Cm) € N,
We say that a state description O(a;,, aj,, ..., a;, ) is consistent with ¢ if
whenever ¢, = ¢; # 0 then a;, ~¢ a;,. Note that ¢, = ¢, = 0 imposes no
requirement on «;, being equivalent or inequivalent to ;.

Notice that ©(a;,, aj,, . ... a;,) is consistent with ¢ just if @(ay, ay, ...,
am) is consistent with €. Also if n < m and ®(ay,. ax,. . ... a,) is the state
description such that ®(ay, ay, . ...ay,) F ®(ay,.a,.....ax,). denoted
henceforth by ©(ay, as. . ... am)[ak,. ak,. . - . . a, ). then © being consistent
with ¢ forces @ to be consistent with (cg,. ¢, ..., Ck,)-

Let C(¢, @) be the set of all state descriptions for @ = (a;,. aj,. . ... a;,)

consistent with ¢, in particular C(0,0) is just {T}. When considering
O(a) € C(¢,a) we say that a; has colour ¢;. By the above remarks
there is an obvious one-to-one correspondence between the elements of
Cc(¢.{ai,....a;,)) and those of C(C, (ay, ..., am)).

9%Most early papers on Sx follow [96] in giving an alternative construction to the one
given here.
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We shall need the following observation concerning the size of these
sets. In this lemma let (distinct) ij,iz....im < k. @ = (aj,.....a;,).
at ={an.....ap). €= {ci.Cip....c; ). @ = (c1.ca.. .. cp).

LemMMA 29.1. Let®(&@) € C(C. @). Then the number of ®(at) e C(¢*+. a")
extending © equals | C(¢*,a")| - |C(C.a)|~" (and as such it is independent
of the choice of ®).

PRrOOE. Suppose for the moment that k = m + 1, a;,. .. .. a;, contains
all the constant symbols in a;, as, ..., aj except a,,.1, for notational sim-
plicity say @ = {(aj,.....a;,) = (a1, ....am).

If ¢yy1 = ¢g # 0 for some s < m then the result is clear since
|C(¢t.a")| = |C(C,a@)| and there is exactly one extension of (&) in
C(¢*.d"). namely the one in which a,,, joins the same equivalence class
as ay;. Otherwise suppose that ¢, is black or a new colour and let
dg,.dg,. . ... d, comprise of one representative for each of the previous
non-black colours together with all the previous black a;. In that case
in forming an extension of ® in C(¢"", @"). we will be permitted, for each
r-ary relation symbol of L. a free choice of any +R(a;,. a;,.....a;,) where
am1 doesappearina; ., aj,.. ... a; and otherwise only the ag, . ag,. .. .. aq,
are allowed to appear. After that everything is fixed by the requirement to
maintain indistinguishability for ay. ¢, with the same non-black colour.

From this it follows that in the case of this @, @", ¢, ¢" the number of

such extensions is | C(¢", @*)| - | C(¢, @)|~". The general version stated in
the lemma now follows by repeated application. -
Now define for a state description @(ay. az. ..., dp).
m
uPt@) = Y |c@a) " ] pe.- (244)
Fenm s=1
ecc(ea)

LeMMA 29.2. uPL as defined by (244) extends uniquely to a probability
function on SL.

PrOOF. It is enough to show that with the definition (244) conditions
(1).(i1).(iii) from (34) hold. Ofthese (i) and (ii) are obvious. For (iii) notice

that for & = (¢1,¢a.....0m). €7 = {c1.Cav vy Cmy1), @ = (a1, ..., ap).
J+:<a1s--~>an1+l>a

Yo le@a) ™ pe,. [ pe
s=1

(a+)FO(a)
oec(@t.at)

is equal to 0if ®(@) ¢ C(. @) and

m
‘ C(C_: _')|_1p6'm+1 H Pe;

s=1
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otherwise, by Lemma 29.1. Hence

Z Z IilpCmHHpC‘

FreNm+l oat)Ee(@

dvec(et u*)
m
S oy —1
§ § |C(E.a) ™ Pey H Pe,
OFGGC]\(I;V.’J) cm+1EN s=1
which by summing out the ¢, gives the required result. B

Notice that, just as in the unary case in fact, u”L equals ¢ when
= (0,1,0,0,...) and equals ¢Z when p = (1,0,0,...) since in both
cases they give the same answers on state descriptions O(ay, .. .. a,,).
We now show that the u”* satisfy the key properties we are currently
interested in, Ex and Sx.

LEMMA 29.3. u?* satisfies Ex and Sx.

Proor. That u?* satisfies Ex follows directly by Lemma 7.3. However,
for future applications it will be worthwhile giving an alternative proof
by deriving a useful identity from which this follows: Namely that (244)
generalizes to

ubt(@(a) = > |c(@a)™ H Pe- (245)
occiea
where now @ = (a;,. a;,,....4a;,), ¢ = (¢, ¢, ..., ¢;,). That is, the in-
stantiating constants no longer need to be simply «.a3.....4a,,. Let
k > ilizs..oiim. @t = (a,az,....a1), T = {(¢;j.CipsovnCiy)s CF =
(c1. ¢2, ¢ ). Then
wt(@@) = > ult(®(a"))
O(a+)EO(a)

= > > \"Hpc\

O(aH)EO(a) etenk
dec(et.at)

k
=2 2 le@a) e
s=1

FteNK q:(ﬁ)n:@ (&)

occ(ctat)
k
= ce a)™! by Lemma 29.1,
De, y
&+ enk s=
ecc(éa)
m
= > le@a) " ] pe,-
FeNm s=1
occ(ea)

as required.
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It remains to show that u”-L satisfies Sx. Since we have established Ex
it is enough to show for state descriptions @(aj,....ay,). ®(ay.....an)
with

EO(ay.....an)) =E@(ar.....an))
that
u?L(@(ay.....am)) = uP L (®(ar.....ap)).
But clearly in this case for any ¢ € N” we have ® € C(¢.a) just if
® € C(¢. a). so Sx follows. 4

Notice that by a similar proof to that for Proposition 21.1 but using the
probability functions u?-* where p is

0,51(s14++5,) " salsi 4+ +s) " o sls1 - 45,)710,0,...)

and the s; > 0 are algebraically independent we can show that for state
descriptions O(aj, ..., a,). ®(ay.....a,). w(®) = w(®) for all probabil-
ity functions w satisfying Sx just if S(®) = S(®). This is an observation
which one might have taken for granted. However it could have been that
the requirement of satisfying Sx actually forced more equalities to hold
than simply those it prescribed directly. Fortunately this does not happen
in this case (nor in the cases of a number of similar principles which we
shall meet later).

As remarked at the start of this chapter in the case of a purely unary
language these same probability functions u?-* have already been intro-
duced on page 149 via an alternative definition. We shall soon justify
this remark by showing the equivalence of the two definitions when the
language L is purely unary. First however it will be useful to have the
following approximation lemma for the u?-’ as defined by (244), where
(as earlier) for p € B. R;,, =1— 3.7, p; and

pln=(Rpn.pr.p2.....ps.0.0....).
LEMMA 29.4. For each 0 € QFSL
lim «?"E(0) = uPL(9).

n— 00
Proor. It is enough to prove this for a state description @(aj. ..., d,).
In this case, from (244),
m
wlmt@) = > (e a) " ] ¢ (246)
cenm s=1
ecc(ca)
where
Rﬁn if s = 0,
s =19 Ds ifl1 <s<mn,
0 if s > n.
For ¢ with 0 < ¢, < n for each s = 1,...,m the summands in (244)

and (246) are the same. In the case where some ¢, > n the contribution to
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(246) is 0 whilst the total contribution to (244) for all ¢ with some ¢; > n
must tend to zero as n — oo (because the limit (244) is finite).

Finally for those ¢ such that all the ¢, < n and some k > 1 of the ¢;
are 0,

0<|e@a |1th ic@a) " ] pe,
s=1
= (gf po\c(:awH%

cg>0
k(qo = po) I 4e..

cg>0

so the sum of the left hand side over all such ¢ for a particular choice of k
zeros is bounded by

k(qo — po)(Zqi)Wk < k(g0 — po) < m(qo — po).
i—1

Putting all these 2" — 1 parts together then, since go = Rp, — po as
n — oo, the total difference between (244) and (246) tends to zero as
n — oo. -

Now let L be purely unary, say with ¢ relation symbols as usual. In
view of the above lemma and the definition of u?* given on page 150
for a unary language, it is enough to show that for a state description
Oay.....an) = /\,21l a!" (with the «; instantiated in that order) and
P = {(po.p1.p2..... pn.0.0,...), uPL(®) as defined on page 149 equals
uP (@) as defined by (244).

In other words that

S je@a) ‘Hp(, (247)

e{0.1,n }"l
occ(@a)

is equal to

"qZH<p02 ‘4 Z p,) , (248)

foi=1

where the f range over all functions f : {1,2, coony—=A{1,2,...,29},
Considering first (247), let ¢ € {0,1,...,n}™. Then the requirement
that ® € C(¢. a) is simply that if o, (ay). a(a,) are conjuncts in ® and
¢s = ¢; # 0 then g = h. Similarly |C(¢, @)| is the number of state
descriptions AL, a, (a;) such that whenever ¢, = ¢, # 0 then iy = h,.
and the number of these state descriptions will be the number of ways of
picking the 4; to satisfy that condition. So if there are » many of the c;
equal to zero then we have 2%7 ‘free’ choices for these A, and as for the,
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e many say, distinct non-zero values of ¢; appearing in ¢ we must make
hy constant on all s with the same value of ¢,. This contributes then a
further 2% choices, so altogether the coefficient of [}, p., in (247) is

|C(E: 5)‘_1 _ 2—q(b+e)'

Turning now to (248). consider a term in [['_, p., formed from multi-
plying out Hil (po279 + D i ()= p;)'. For this term to appear it must
be the case that if ¢; = ¢, # 0 then ay, a, satisfy the same atom «;(x) in
®, as was the case in the preceding paragraph. Furthermore in that case

each occurrence of this term will carry with it a coefficient 2~92~%7 where
b is the number of times that ¢, = 0. It will also appear 27 times where

k={L2,....n} —{c; |1 <s <m}|

since there are that many possible f here which could give this same
¢. Summing over all such f then gives the term [[_, p., a coefficient
24(k=n=b) But since n — k = e this agrees with the coefficient in (247) and
the required identity follows.

We conclude this chapter by showing that the u?* satisfy, in the
polyadic® case. two important properties which we have already con-
sidered for unary languages:

LANGUAGE INVARIANCE, Li.

A probability function w for a language L satisfies Language Invariance,
Li, if there is a family of probability functions w*. one on each (finite.
possibly polyadic) language L. satisfying Px (and Ex) such that w* = w
and whenever £ C L', w® = w% | SL (i.e. w” restricted to SL).

Again we say that w satisfies Language Invariance with P, where P is some
property, if the members w* of this family also all satisfy the property P.

WEAK IRRELEVANCE PRINCIPLE, WIP.
Suppose that 0, ¢ € QFSL, where L is polyadic, are such that they have
no constant nor relation symbols in common. Then

w0 A @) =w(0) w(d).
THEOREM 29.5. The u?* satisfy Li with WIP and Sx.

PrOOF. That the u?* satisfy Sx was proved in Lemma 29.3.

To show that the u?*" satisfy Li let £ be a language properly extending
L. Just as in the unary case we shall show that u?* agrees with u?X on
SL. 1t is enough to show this for a state description ®(a;, ....a,,) of L.
In this case from (244),

m
wt@)= Y |ct@al " ] pe.
cenm s=1

occla)

9 Unless otherwise stated we take it that ‘polyadic’ also includes the ‘unary’ as a special
case.



29. THE ProBABILITY FUNCTIONS 27L 211

and

Z > |cﬁaa'|1Hp(, (249)

ceNm
vecl(ca)

where the ®(ay.....a,) are the state descriptions of £ which logically
imply ®(a;.....a,) and we have added the appropriate superscripts to
the C(c. ).
Notice that for such a ® we can express it as
Olar,....am) NV (ay,....ap)
where ®'(ay.....a,) is a state description of the language £ — L. Fur-
thermore
® e CF(C.d) < [0 el a)and d' € C-~L(E a)).

Hence, by thinking for a moment of the ®, ®’ as simply any two state
descriptions for L and £ — L respectively,

cé(@ @)l = |c (@ )| - |co (@ @)
and from (249) we obtain

m

Wi =3 > [ctea et a) e

O/ cenm occlca) =1
o' ecL—L(ea)
m
= Y letear( Y erteal) I
@e{TgLN;]:‘J) O’ eCE-L(ea) s=1
. m
= > lct@a [ p. ="t (@).
Fenm =1
oecl(ca)

as required.

It only remains to show that u”-" satisfies WIP. Suppose that L, L, are
disjoint sublanguages of L, L = LU L. and ®(aj. ..., ay). ®(apn 1. .. ..
am+n) are state descriptions of L, L, respectively. Then, setting & =

ai,....amand b = ay. . ..., ayny,, by Li,
u? (@) - u?t (D)
= uPt1(@) - ul L (d) (250)
= > @l M [[re x D lch(db)- 1de
cenm s=1 denn
occlica vecka () N
= > > leh@artiet @) [T e, (51
FeNm denn s=1

occli@ea oeclr i)

—

where & =¢"d =cy....,cp.dy,....d,. etc..
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-

Now suppose that ©(@) € CL1 (¢, @) and ®(b) € CL2(d.b) and con-
sider forming a state description ¥ (ay. .. .. dpin) € CE(E. _”l;) extending
O(ay.....am) ND(@py1.....amn). The only constraints on P are that
it must be consistent with the colouring &' and with the ‘choices’ already
determined by ® and @, for example if a;. a3, a,,, 11 all get the same colour,
R is a binary relation symbol of L; and ® = R(ay. a») then we must have
that ¥ & R(ay. a,,1). But clearly the free choices in forming ¥ do not
depend on these particular ©(7) € L1 (¢, @) and ®(b) € CL2(d. b) only
on & In other words the number, N say, of ¥(ay. . ... amin) € CE(Z.@"h)
extending O(ay. ..., L) A (D(am+1 am+n) will be the same no matter
which ©(7) € L1 (¢, @) and ®(b) € CLZ(d b) we started from. That is,

CH(&.ab)| = N - [ch (€.a)| - [c™(d. b)), (252)

Consequently, with the ¥(aj. . . .. a,,4,) ranging over state descriptions
of L extending ® A @, if ® € CL1 (¢, @) and @ € C*2(d. b).

S |ekeath)!

vect(eah)
= > (N-[ch@a)-[ct(d b)) by (252)
Yeck(e.a'h)
= |ch(e.@)|tet(d.b)| . (253)
whilst if not both ® € CL1(¢, @) and @ € CL2(d. b) then the right hand side
of (253) is zero. Hence, with the W(qy. .. .. a,,) again state descriptions
of L extending ® A @,
m-+n
uPL(O A D) = Z Z \ct(e a"b) |71Hpes
Fenmtn s=1
vecl(ea'b)
. _‘ m+n
= Y Y eh(@a)etd b)) IHpe\
(EN’” deNﬂ
occli@a) vecla(di)
by (253)
=u”t(®) - ulL(D) by (251), as required.

As in the unary case, with Theorem 20.6, by using Theorem 32.1 we will
see that the converse to Theorem 29.5 also holds: Even when extended
to polyadic languages the u”" are still the only probability functions
satisfying Li with WIP and Sx.



Chapter 30

THE HOMOGENEOUS/HETEROGENEOUS DIVIDE

It turns out that there are two basic types of probability functions satis-
fying Sx. In this chapter we shall explain what they are and the sense in
which every probability function satisfying Sx is a mixture of these types.
A probability function w on SL satisfying Sx is said to be homogeneous
if for all ¢
lim Z w(®(ar.asr,....ay)) =0 (254)
m— o0
|S(®(ay.az....am))|=t
where the (ay, as. . ...a,) range over the possible state descriptions of
ai,a.....a, in L. In other words the probability that all the a; will
fall in some fixed finite number of equivalence classes with respect to
indistinguishability is zero.
As opposed to homogeneous w is ¢-heterogeneous if
lim > w(®(ar. ay. ... ay)) = 1. (255)

m—r o0
|S(O(ay.az....am))|=t

In other words the probability that all the a; will fall in some ¢ (non-
empty) equivalence classes with respect to indistinguishability is 1. Hence-
forth if we say that a probability function is homogeneous or heteroge-
neous then it will be implicit that it satisfies Sx. Notice that if L is purely
unary then no probability function on SL satisfying Sx (i.e. Ax in this case)
can be homogeneous. Indeed. as we shall shortly see, if in this case L has
q predicate symbols then such a w will be a mixture of ¢-heterogeneous
probability functions on SL for ¢ < 29.

The next proposition provides us with a large family of homogeneous
probability functions. Let

Boo = {(po.P1.P2.p3....) €B|po >00r p; >0forall j > 0}.
ProposiTION 30.1. If L is not purely unary and

P =(po.p1.p2....) € Bus.

then u?t is homogeneous.

213
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PrOOF. We start by deriving an alternative definition of u”-* which is
particularly appropriate for proving this proposition.

Consider the following random process for constructing state descrip-
tions @(ay, ay, ..., a,) and sequences {(ci,ca,....cn) € N™. At stage
m = 0 we pick @y with probability 1 to be T and ¢ to be the empty
sequence. Suppose that by stage m we have produced with probabil-
ity j7£(0,,().¢) a state description ©,,(a;.a;.....a,) and sequence
(c1,¢2....,¢m) € N 50 that ©,,(a) € C(C. a).

. ayi) randomly (ie. according to the uniform distribution) from
amongst all those state descriptions in C({(c1, ..., Cm: Cmr1), (@1s- -, G,
1)) which extend @,,(@). Set j7L(®,,,1(a").é*). with the obvious
notation, to be the probability that the process produces @,,,1(a@*) and
¢'". That is, by Lemma 29.1,

[c(c.a)|

ip.L R N 5L JER
JPHO, (@), ¢") = Pcmﬂmﬂ (©,(a). ). (256)
From (256) it follows that for @(&) € C(c, a).
TN p——
oLl

(whilst for @(a) ¢ C(¢.a), j7£(O(a),¢) = 0) and

utO@) =y jHe).q). (257)

ceNm

The importance of (257) is that it tells us that u?L(®(a)) is the probability
that in m steps this process yields ().

Returning to the proof of the proposition we show (254) by induction
on f. Assume the result holds below ¢ (note that it holds trivially for

t = 0) and let ¢ > 0. Pick m large so that

> ulh(e) <e. (258)

|S(e(a))|<t

where @ = (ay, ....ay).

We will first consider the harder case when py = 0so p; > Oforall j €
N*. Let T be a finite set of pairs (@(a), ¢). where & = (cy. ..., ¢,) € N™,
with |S(©(a))| = t, ©(a@) € C(¢. @) such that

Yo jrHe(a).e) <. (259)

|S(e(a))|=1
(®(a).e)¢ T
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Pick 7, z, v, in that order, such that r is greater than any ¢; from a ¢
appearing in a pair (®(a), @) from T and
r+z

27V <e and Y (1-p))" <e (260)
j=r+l1
Let A be the set of ¢* = (¢1,....Cm.-- -\ Cmiv) € NV such that each
of r +1,...,r + z appears among the ¢, 1. ..., Cniyp. Note that
m-+uv r+z
Z Hpu < > (-p)<e
(Nm+o—4) j=r+l
and hence
oo jrH@@r).e) <. (261)
F* e (NmHU — g)
veC(c*.a*)

By (257) we have
Y. @@ = Y jMH@@E).e).

|S(@(7*))| <t [S(@(@*)| <t
- &* e Nt

The last sum is over the set
S={(@@*).¢*)| |[S(@(@*))| < tand&* € N }.

We now specify four subsets of S, with union S, and show that summing
the j?L(®(a*),c*) over any of them gives at most ¢, which suffices to
demonstrate the induction step. Recalling the notation introduced on
page 205 let the sets be Si, S, S53,S4 C S with the additional defining
conditions as follows:
Sy |S( ( )[Cll ..... am])| <,
Sy |S(@(a@*)[ay, . ... am))| = t.(®(@*)[ar.....aml.{c1.....cm)) ¢ T.
S3‘ C* ¢ A
Sy |S(@(@*)[ayr,....an])| = t.(®(@*)[ay.....aml.{c1,....cn)) € T,
cr e A.
The sums over S|, S». S3 are each less than ¢ by virtue of (258). (259)
and (261) respectively.
Turning now to Sy, this set can be partitioned into subsets of pairs with
identical fixed ¢’* € A and identical ®(7*)[ay.....a,] = Olay,....am).
which satisfies

IS@(ay.....am))| =1.(O(ar,....am). (c1.....cm)) €T
Consider some fixed ¢* and ©. Let z’ be the number of new colours
amongst the ¢, 41, .. .. Cio. ceesCmiw}—AC1. ... Cm}]. Since
c* € A,allof r+1.....r+zappear amongst the ¢;,, 11, ... ¢y 802" > z.

Consider the process generating state descriptions used to define u?* as
it produces ¢* and corresponding state descriptions extending ®. Every
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time one of the new colours is encountered, there are at least 2% *! choices
(corresponding to the minimal case of L having one binary relation sym-
bol, and ignoring the previously encountered new colours) for extending
the current state description, because there must be at least ¢ different
colours already amongst ¢y, . ... ¢,. Only ¢ of these choices however can
possibly keep the length of the spectrum to be ¢, namely choices which
make the individual join one of the ¢ existing classes, if there still are only
t classes. Hence there are at least 27" 2+1) extensions of O(ay. . ... dy)
in C(¢*.a@*) but only 7 extensions of ®(a.....a,) in C(¢* "*) with
spectrum of length 7. Since j7L(®(a*). &*) has the same Value for every
®(7*) € C(c*.a*). we obtain that

Y. @@
D@ *)[ay....am] = Olay .....am)

(@@ *).e* ) Sy

is less or equal to

(127 D) > jrt(@@@®).e)

and summing over the ¢* and ® we obtain that the sum over Sy is less or
equal to
(tz—(2t+l))z Z jﬁ'L((D(d'*),E'*) <e.

&% enim+v)
o(a*)

as required.

The case when py > 0 is similar. We do not need to introduce 7" and r;
we define z as before and we set v = zvg so that z(1 — py)™ < &. Then we
take A4 as the set of those ¢* for which py occurs at least z times amongst
Cmils---»Cmey and use an analogous argument. -

When p € B is of the form

0, p1.p2s....p:,0,0,...)

with p, > 0 then u?%(®) = 0 whenever the state description ® has
spectrum of length greater than . However unless ¢t = 1, u?* will not be
‘purely’ z-heterogeneous but, as we shall shortly see. a proper mixture of
s-heterogeneous probability functions for s < z. We can however produce
t-heterogeneous probability functions by a variation of the construction
of the u?*.

The idea is to use an alternative to the weighting | C(¢, @)|~!. Let

PEB ={0.p1.p2.p3.....) EB[p>0=pr1}.

Given a state description @(a;,, aj,.....a;,) and ¢ € {1,2...,¢t}" let
G(¢. ®) be zero if O is not consistent with ¢, that is if it is not the case that
aj, ~e a;, whenever ¢, = ¢j.
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Otherwise, list the first representative of each distinct colour amongst

the ci.co.....cmaScq . Cqp.....Cq. 50 certainly r <. Let
@’ = ®(ai1’ Aiysovvs aim)[aigl , a,‘gz, PN aig,.]-
Notice then that if the equivalence classes of ® are I}, 5. . ... I then the

equivalence classes of ®' are the
Ij N {a,-gl,aigz, . ..,aig’_}

and these are all non-empty since amongst the aj,, there must be at least
one representative from each equivalence class (and possibly more than
one because two or more colours may be contributing to the same equiv-
alence class).

Now let 5 be any vector of ¢ (distinct) constant symbols starting with

a; .a; .....a; andset G(¢. O) to be the fraction
£] £ &r

{®(b) | D(h) F © and S(®) = 1,}|
{o(b)|S(@) =1,}|

where, following the convention, the (I)(g ) are state descriptions for b. In
other words G(¢, ®) is the proportion of all state descriptions for b with
spectrum 1, which extend @’.

We are now ready to specify our ¢-heterogeneous probability functions
by:

(262)

m

VPO a . an)) = Y G@O) ] pe. (263)
s=1

Fef{l2...}m

Reviewing the construction of the u”** from the previous chapter it can
be checked that similarly (263_) consistently and unambiguously deter-
mines a probability function v?-% satisfying Ex and Sx: For (34)(iii) no-

tice that for ¢ = <c17 Coyunny Cm>, ot = <C1, Coyenny C‘m+1>, a= <a1; PN Clm>,
at = {(ai.....ans+1) and a state description © (&) we have
m
SRRCCEED SIS SRS | 13
0 (a")F0(a) O+(a* )k O(@) ¢ e{1,...}n+! s=1

D D DGR T | IS
s=1

cref{l... 1 O+ (a+)F 0(a)

and considera given & € {1.....¢}". Ifc, 1 = ¢, forsome s < m then
for (the unique) ®F F @ consistent with &* we have G(¢7, ©1) = G(¢, O)
whilst for ®* F @ inconsistent with &+ we have G(¢+.0%) = 0. If ¢,,,11 is
new then

G0 =Y 6.0,

OtFO
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Hence

(@) = Z v H(OT).

Ot (a+)F 0(a)

Ex again follows directly from Lemma 7.3 and for Sx it is enough to show
that for state descriptions @, ®, with £(0;) = £(®,) we have v7L(0,) =
v7L(®,). This follows from the definition of v”** upon noticing that for
such ®;. ®; and a given ¢ they are either both inconsistent with ¢ or both
consistent with it and in that case the state descriptions ®] and @) as in
(262) have the same spectrum so G(¢,®;) = G(¢.©,) by Lemma 27.2.
Furthermore we can prove an analogous lemma to Lemma 29.1 and in
turn show for v?~, just as we did for u?*, that (263). generalizes to

vﬁ'L(®(ail,ai2,...,aim)) = Z g(E’,@)Hpa
s=1

ce{l.2,...t}m

Again we have a definition of the v”* in terms of a probabilistic process
similar to that which gave the j7* for u?* (cf the proof of Proposition
30.1); the only difference is that the factor |C(¢.@)| - |C(¢*.a@")|™! in
(256) is replaced by | G(ct. ©,41)| - | G(2.©,,)| 7L, with G(0, T) = 1. It is
an easy exercise to use this to show that indeed v”* is ¢-heterogeneous.

Unlike the u?* the v”* do not satisfy Li. indeed as we shall see on
page 280 they fail it in the most spectacular way possible for L not purely
unary.

Notice that in the case of a purely unary language L (with ¢ predicate
symbols), the probability function vz introduced in (86) is actually the
same as v~ where

c = <O,C,‘1,C,‘2,...,C,‘Zq,O,O,...>

andc;.cj,,....cp, lister, ca. ..., ¢ iInnon-increasing order of magnitude.

We now turn our attention to the so called Ladder Theorem (see [77].
[94]. [96]) which shows that every probability function satisfying Sx is a
mixture of a homogeneous and ¢-heterogeneous (¢ = 1,2, 3,...) proba-
bility functions.

THEOREM 30.2. Every probability function w satisfying Sx can be written
as a sum of probability functions

(o)
w = now!® + Zn,w[’] (264)

t=1

where the n; > 0, > ,n; = 1. the w!') are t-heterogeneous and w'® is
homogeneous. Furthermore this representation is unique up to a free choice
of the w!'V when n, = 0.

Conversely any probability function given by such a sum will satisfy Sx.
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PrOOF. For ¢ > 1 and a state description ®(aj. .. .. a,,) define

N O(ay. ... .ay)) = lim w( \/ (D(al.,...,an)). (265)
nreo D(ay....an)EO(ay ....am)
|S(@(a.ain)) | =t

To see that this limit is well defined notice that the sequence

w( \/CI)(al,...,an))

D(ay....an)EO(ay ....am)
[|S(®(ay....an)) | <t

is, for n > m, non-increasing since if m < k < n and ®(ay.....a,) F
O(ai,....ay) and [S(®(ay, ..., a,))| <t then

®O(ay.....a,)[ar.....ar ] FO(ay.....a,)and
IS(@(ai.....a0)ar.....aq])| <t

)
\/(I)(al,...,an)h \/‘If(al,....,ak).
Day ) EOay i) W(ay o )EO(a) i)
| S(@(ay.an)) | <1 1S (¥ ay )| <1

Hence the limits corresponding to (265) with < ¢ in place of = ¢ exists
and consequently (by taking differences) so do the limits in (265).

Let#, = zI(T). Assuming for the present that 7, # 0set wl’! = 5,121,
Clearly z!") satisfies (i), (iii) of (34) so under our assumption that 7, > 0
wl satisfies (i)—(iii) of (34). and hence extends to a probability function
on SL. Also wl'l satisfies Ex by Lemma 7.3 since clearly for g € S,,,.

< (I)(a,,(l), cos () Amtls - v s Cln) E ®(a(7(1>3 cees aa(m))’

w(@(ar.....a,) = w(@(ay (). ... Ag(n): Ams1. - - - an)).
and

IS(®(ay.....an)| = [S(@(as). - don)- Amst- - - an))].

w( \/(D(al,...,an))

D(a)....an)FO(ay ...apy)
| S(@(ay cccan)) | =t

:w( \/ (D(aa(l),...,aa(m),amﬂ,...,an))

O (1) sty () 1) Oy ) i )
|S(<D((1”(]) ..... “a(m)‘”m%»l""-“ﬂm:’

\/ ®(ay. .. .,an))

D) estn)EO(g (1) ety (1))
| S(@(ay...an))|=t

and (265) gives that
z[’](®(a1, e am)) = z[’](®(aa(1), e ag(m))).

SO

I
g
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By Lemma 27.2 w! satisfies Sx since if state descriptions @(aj. . . .. a,,).
®(ay.....a,) have the same spectra then they will have the same range
and multiplicity of spectra in their extensions to aj. as. . ... a,. so (265)
will only depend on the spectrum of ©.

Let ¢ > 0. To show that wl’l is 7-heterogeneous we need to show that
for large m

A\ o an)) (266)

wl VO (267)
|S(@(ay....an))|=t
| S(@(ay oty o) | =t
is within ¢ of
w(\ olar....a)), (268)

since (268) tends to #; as n — oo.
Consider a state description ®(«y. . . .. a,) which appears in the disjunc-
tion in (268) but not (267). so

IS(®(a,....a,)| =t [S(@(ay.....an)a1.....an])| <t

This means that w(®(«;.....a,)) has been lost in passing from
w( \/‘P(al,...,am)) to w( \/‘P(al,...,an)).
|S(¥(ay,....am))|<t |S(¥(ay,...an))|<t

These terms are decreasing (to limit ) _,#,) so taking m large enough
the sum of all such losses must be less that ¢. It follows that (267), (268)
are also within ¢ of each other, as required.

Finally consider

20— = 3 gl = =3 2

>0 >0

where w! is an arbitrary probability function on SL if #, = 0. For a state

description @(aj. ....a,) and n > m,
w@ar...an) =Y w( \ oa.....a)
>0 D(ay....an)EOay ....am)

| S (@(a cectn)) | =t
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sofork e N
w®(a.....an) = lim Sw(  \/dar....a)
n— o0
>0 D(ay....an)EO(ay ....am)
|S(@(ay.am))|=t
k
> lim Sw( \o.....a)
n— o0
=1 D(ay....an)EO(ay....am)
|S(@(ay....am))|=t
k
:E :limw( \/d)(al,--.,an))
n—00
-1 O .....an)EO(ay .....ap)
|S(@(ay....am))|=t

= ZZ[I](®(a1, e am))
k
= Z;y,w[t](ﬁ)(al, e am)). (269)

Hence z[% takes non-negative values on state descriptions, in particular
then taking the state description T,

m=1- 7 >0.
i-1

If 79 = 0 then it follows from (269) that w = ", #,w!! from which the
required representation follows.

If o > 0 then because of the linear form of (P1-3) it is easy to see that
wl = 5721 is a probability function and from (269)

w = now!® + > pwl, (270)

>0

this identity also ensuring that w!% satisfies Ex and Sx.
Finally in this case of 779 > 0, w[% is homogeneous. To see this notice
that for 7 > 0

lim Z w(@(al,...,am)) =M

m—» 00
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since w!l is t-heterogeneous when 7, > 0. Hence from (270).

0 <o Z w[01(®(a1,...,am))

ooy, W@

am))

and taking the limit of both sides as m — oo shows as required that

lim Z wO(ai.....ay)) =0.

m—y 00

The uniqueness of the #;. and thence w! when #, > 0. follows directly
since these can be captured from a representation of the form (264) by

applying the above procedure.

The Ladder Theorem 30.2 allows us to represent a probability func-
tion satisfying Sx as a convex sum of a homogeneous and heterogeneous
probability functions. What we shall do in the next chapters is go further
down this path by giving representation theorems for homogeneous and
heterogeneous probability functions, and for this it will turn out that the

u?L yPL will provide the key building blocks.



Chapter 31

REPRESENTATION THEOREMS FOR Sx

The aim of this chapter is to prove Representation Theorems for homoge-
neous probability functions (Theorem 31.10), heterogeneous probability
functions (Theorem 31.11) and general probability functions satisfying
Sx (Theorem 31.12) on a not purely unary language L. These results were
originally given in [77], [110] by direct proofs not involving the elegant
methods of nonstandard analysis which, as in Chapter 25, we shall again
adopt here.!®

We first need to introduce some notation. For n € N we define Spec(n)
to be the set of spectra on n, that is Spec(n) contains multisets {n,....ns}
with the n; € N"and }_'_, n; = n. We shall use 71, 7f1. . .. for spectra. Let
n.m € N,m < n, m € Spec(m) and 7i € Spec(n). By virtue of Lemma
27.2 we can unambiguously define'”" N(s1.7i) to be the number of state
descriptions for a;. as. . . .. a, with spectrum 7 that extend some/any fixed
state description ®(ajy. .. .. a,,) with spectrum 7.

Let w be a probability function on SL satisfying Sx, and let O(ay, ... .
a,,) be a state description. For n > m we have

w(®(ay.....ay)) = Z w(W(ai.....a,)).

We can group the ¥ and make the above

w(®(ay,....am)) = Z Zw(‘l’(al,...,an)).

i€Spec(n) S\:J\;)(iﬁ

Writing w(7i) for w(¥(ay.....a,)) where ¥(ay.....a,) is some/any

a
state description with S(¥) = 7, and assuming that S(®) = 71 we get
w(@(ar.....an) =wlm) = Y N i)w(i)

A€ Spec(n)

1001 Chapter 33 we give a direct, elementary, proof of a restricted version of the repre-
sentation result for z-heterogeneous probability functions.

101More precisely. we should indicate that these are state descriptions in SL but since in
this chapter the language L is fixed, we omit it here.

223
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i€ Spec(n)

(where NV (0, 71) is the number of all state descriptions with spectrum 7).
Working again in a nonstandard extension U* (see page 183). take
v € N* nonstandard. We have

W (Oar.....an) = w () = 3 WN*(@, Pw* (7).
(271)

Let ¥ € Spec*(v) and for m < v and a state description O(ay. ....a,)
with spectrum 71 € Spec* (m) define

N*(m. 7)
U;(©(ai.....ay) = N0.7)
These values are non-negative, U;(T) = 1, and for any state description
O(ay,....a,) with m < v we have
U\F(®(als--'aam)) = Z Uﬁ(lP(aleu-sam-&-l))

since

_ win iy Nk D)
= > N B )
keSpec(m+1)
. Z/}ESpec(m+l)N*(n~’l=];)N*(ic: 17) . N*(ﬁ’l \7)
B N*(0.7) SN0

It follows that (34) holds for ° U; and hence it extends to a probability
function on SL. It is easily checked that ° U; satisfies Ex and Sx.

Loeb measure theory allows us to conclude from (271) that for some
o-additive measure t on Spec*(v) we have

w(@(al,...,am)):w(iﬂ):/s | U a)de(). (272)
pec™

It will be convenient at this point to adopt a convention by which we
also treat spectra as vectors, with the entries listed in decreasing order.
Hence writing v = (v;, ..., v,) means that v is the multiset {v;, ..., v, } and
vy > vy > - > v,. We continue writing 1, for the spectrum consisting of
t1s.
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PropoOSITION 31.1. Let v € N* be nonstandard and let vV = (vy,....v,) €
Spec*(v). Let p = {(po.p1,pa....) with p; = °(vi/v) for i € NN
{1.2.....¢}. pp =0 fori € N.i >t andlet po = 1 =3, . pi in
the case that t is nonstandard, py = 0 otherwise. Then

(i) If t is nonstandard then for all standard state descriptions ®(ay, . . ..
a,) we have

°Us(O(ay..... am)) = up.L(@(ah )

(ii) If't € Nand p, # 0 then for all standard state descriptions O(ay., . . .,
ay) we have

Ui (O(ay.....an)) =v"H(0O(ay.....ap)).

(iii) If't € Nand p, = 0 then for any m € N and O(ay, . ... a,,) such that
|S(®(Clla"'vam>>| Z ta

OU;,(@(al, . ,am)) =0.

Before proving this proposition, we need some lemmas. For the moment
we return to working in the standard universe, though of course we also
have the U* versions of the results we derive. First of all we derive con-
venient expressions for u?%(®(ay. . ... a,)) and v?4(O(ay, ....a,)) (and
prove a useful approximation lemma). Then we turn to N (2, i) /N (0, 77)
and express it in a similar fashion in order to see, upon returning to U*,
that the proposition holds.

Let p = (po. p1.p2....) € Band let O(ay,...,a,) be a state descrip-
tion. Recall that £(®) denotes the set of equivalence classes of ® and
E > £(0®) means that E is a partition of {ay, ..., a,, } which refines £(®).

For E > £(0). E = {E\|..... E|g} fix representatives e).....e g of
the |E| classes in E., let Z(E) be the set of mappings p from {1,....|E|}
to {0, 1,2, ...} that satisfy

if p(i) = p(j) theni = j or p(i) = p(j) =0, (273)
if p(i) = 0 then |E;| = 1, (274)

and let Z'(E) be the set of injective mappings from {I,...,

{1,2.....,t}.
Let SD* (k) stand for the number of state descriptions of L on k con-
stants (up to logical equivalence).

LeEmMA 31.2. With the above notation we have

|E]|

= > Z |E| Hp . (275)
i=1

E>E(@) peZ(E



226 31. REPRESENTATION THEOREMS FOR SX

We remark that if po = 0 and p,\ = 0 then Z (E) in the above formula can
be replaced by Z'(E). For such p., vP" is also defined and we have

-3 N’E’ > Hp‘“ 76)

E>£(© peZ(E) i=

where Fg is the multiset {ry, ..., . Ts( @)‘} with the r; being the numbers of
classes into which E partitions the classes of £(®).

PrOOF. Recall from (244) that u?*(®) is defined by

W)= 3" [c@a)| " ] pe.-
s=1

cenm
ecc(ca)

For ¢ € N such that ® € C(¢. &) define the equivalence relation ~ on
{1.2,....,m} by

ir~gj < ¢i=c;#00r¢;=0andi=j.

Each such equivalence ~ corresponds to a partition of {aj,...,an}
that is a refinement of £(®). Collecting all the ¢ that correspond to
the same E > £(®) produces (275) since for each of them |C(¢, a)| =

DE(|E]), and [T/, pe, is H!Ell plE | for the mapping p that sends i to
the ¢,, where e; = a,.
The last part follows similarly from

m
v O(arar .. an) = Y GEO) ] pe
Fe{12....a}m s=1
(see (263)) upon noticing that G(¢, ®) equals N (#g, 1,)/N(0,1,) for the
corresponding E. B
Continuing with the same notation,

LeMMA 31.3. Let E > £(®). Let g > 0 and z € N be such that
p;j < g for j > z. Let Z.(E) stand for the set of those p from Z(E) that
moreover satisfy

if p(i) > z then |E;| = 1. (277)
Then
|E| |E|
> HP'E‘ > HP
pEZ(E pEZ-(E

Similarly when we replace me‘ by some f(p,.. |Ei|) with f satisfying
f(p.d) < p’
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PROOF. Assume that iy is such that |E; | > 1. Then the sum, over all
distinct choices of the p with p(ip) > z. of

|E|

H |E;|
P i)

i=1

is less than g since it is bounded by

|E; | s |Ei]
(2™ 11 (X n)
j>z ie{12...|E|}—{io} j=0
and

Zp/ =1land (Zpl ‘“') < (;pf) <g(j§>;p_;) <g.

The lemma follows since there are at most | E| choices of .

We now derive two, rather technical, expressions for N (0. 72), N (i, i)
where n,m € N and i1 € Spec(m). ii € Spec(n).

LEmMMA 31.4. Let m < n and let m = (my,...,ms) € Spec(m) and
i = (ny,....n;) € Spec(n). Let q; be the number entries in i equal to i.
Assume that the state description @(ay. . ... a,,) has spectrum . Then

N (0. 77) = H_llq' (%) w1, (278)

N (i, i) = H,lqz DS ( En,ﬂ{)/\/(ﬂg,l,), (279)

E>E(0) peZ!(E)
and hence

N (i, i) N(Fg.1,) _ _
NO.7) _Z Wllt) 2 (nann;,)(Z) s

where
n!

° (Z) stands for ————

1
,1 n;.
o 7, as earlier, is the multiset {ry, ..., r|5(@>|} where the r; are numbers
of classes into which E partitions the classes of £(®).

> stands for

e the expression ( -
p E. Ty

(n —m)!
HlEl ( - |El‘)' Hk¢1m (p) s

with the convention that thzs is 0 if some n ;) < |E;| .1

102Here Im(p) is the image of p.
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PRrROOF. Any state description ®(ay.. ... a,) with spectrum 7 is uniquely
characterized by £(®) = {By.....B,} together with the state descrip-
tion ®[by, bs.....b,] (with spectrum 1,) where b; = min B;. There are
(TT-, q,-!)_1 (%) different {B..... B;}. Hence formula (278).

For the formula (279) assume first that all the n; are different and
consider a state description ®(«;. ... .a,) with spectrum 7, extending ©.
Let £(®) = {By.....B;}. The set of non-empty B; N {ay.,....a,} must
be a refinement E of £(®). Note that state descriptions corresponding
to different E’s must be different. We continue with the aim of count-
ing those state descriptions corresponding to a fixed £. Each of them is
uniquely characterized by a state description with spectrum 1, such that its
restriction to the | E | representatives of the classes B; that have nonempty
intersection with {ay, ..., a,} is ® restricted to these representatives, to-
gether with an injective mapping

p L2 L|Ely > {21}

and a partition of {m + 1,....n} into 7 classes (some possibly empty) of
sizesn, .....n, where

[ B ik = pl),
k 1y otherwise.

The number of such mappings and partitions is

n—m
Z (ﬁ/) - E, ﬁrest) '

pEZI(E)

This gives the required result in the case that all the n; are different.
Otherwise let ¢; be the number of #; equal to i. Then any permutation ¢
of the j such that n; = i (and the identity on the remaining ;) will give
op and instances of 7., which result in the same state descriptions with
spectrum 7 extending © as the original p. In other words the expression
(279) without the factor ([T}, ¢;!) ' would be counting a particular state
description with spectrum 7 extending @ to multiplicity []7_, ¢;! times.
Hence this divisor in (279). -

LemMma 31.5. Continuing to use the notation of Lemma 31.4, let E >
£(0©) and assume that 2m* < n. Then

|E]

S (e )G s T

peZ!(E) peZ!(E) i=1

|Ei]| 5 1
) ’ 8mn~2.
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ProoF. Let E be fixed. We have

> () ()"

peZ(E)
|E|

Z Hn —1)...(ny) — |Ei| + 1)

peZ!(E) i=1
Moty |Ei| =1
o TE )

IE|
(281)

\
S| =

- znﬂ(f

peEZI(E) i=

Let z be such that

1 1
nj>n2forl <j<zandn; <n?forj>:z

N\'—

If pe ZI(E )thenforl<z<|E|wehave|E\—lorn o) =1

< (”/)(w ) £l
o n

and hence (using the facts that |E;| < m and Zli‘l |Ei| =m)
|E|

T (%)\m

i=1

‘ S I Moy (M) 1 Mooy B 1Y
tlon n n) "\ n n
|E|

> II(™

pezl(E) i=1

)‘ "‘ (282)



230 31. REPRESENTATION THEOREMS FOR SX

is less than

ZZ ﬁ< )|E|

and since

T 3 e (S5 -

(283)

it is less than m?n~2. By Lemma 31.3 both sums in (282) change by at
most |E|n~2 when Z!(E) is replaced by Z'(E) so since |[E| < m

() () -
(%)

is less than (2m + mz)n*%. Finally, multiplying the above difference by

|E]

\ZH

pEZI(E) i=

peEZI(E)

n(n —m)! n"

Py Taln=1) . n—m+1)

which is within 2m?/n of 1 (and so less than 2), and noting that

et s H( 0 (e
peZ!(E) i=1 peZ!(E) i=1

is consequently less than 2m?/n, we obtain the lemma. —|

COROLLARY 31.6. With the above notation and 2m? < n,

N(Gn. i) N (7g. 1 |Ei| I

—1/2
’ N7 Z J\/ Z H( ) < 8hem~n
E>E(O pEZ!(E

where hg = [{E | E > £(©)}|.

We remark that with 5(7i) = (0. 2. ..., %.0.0....). by virtue of Lemma
31.2, the above amounts to

G

‘N(’””) — ”(@)‘ < 8hem*n—'/2. (284)
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Lemma 31.7. Assume that the language L is not purely unary. Let k.t €
N, 7.k < t and ¥ € Spec(k). Then

N7 1)) 1 < 122kt
N(@.1,)  SD(k)
PrOOF. Let W(ay,....a;) be a state description with spectrum 7. For
given i < j < ¢ the proportion of extensions ®(ay.,...,a,;) of ¥ such

that a; ~¢ a; is at most 2k=1 (since the language is not purely unary)
and hence the proportion of extensions having spectrum other than 1, is
less than 22—, Denoting the number of state descriptions for ... .. a,
extending ¥ by Ext, (V). we have

N(7. 1) 25k
> T > ] — 72k
~ Ext,(¥) ~
Similarly, the probability that a state description ®(a;. . ... a,) has spec-
trum other than 1, is less or equal to t>27" so
N (Q) 1)

10
1
2

> 1 — 227!

)

- SD(t)
1427278 > Ni(ﬁ),l,) > 1

Also notice that for any other state description ¥/ (aj. ..., a;) we must
have Ext,(¥') = Ext,(\P). since there will be the same number of free
choices in each case, so, independently of the choice of ¥, we must have
SD(t)

SD(k) "

and hence (since ¢t > 7, t?2"

Ext;(¥) =

The result follows from the above and

N (7. 1,) N(7.1,) Ext,(¥) SD(¢)

N@®.1,)  Ext,(¥) SD(t) N(@®.1,)° n

Using the second inequality in (283), Corollary 31.6 and Lemma 31.7
we now obtain:

COROLLARY 31.8. With the above notation and assumption on L and
2m?* < n.

~~ |E| E,
Mim - L Y gl

E>E(©) peZ!(E

< he (8m*n~'/% 4 22m=1)
where hg = |{E | E > £(©)}|.
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Again, using Lemma 31.2, we see that with p(7i) = (0.%..... %0,
0....) the above gives
N (m, i) 5(i _ _
L —uP M E(@)| < ho(8mPn T 4 122 ). 285
N ()] < ol )8y
For the next lemma we return again to the nonstandard universe U*.
LEMMA 31.9. Let v € N* be nonstandard, v = (vi,....v,) € Spec*(v)

and p(v) = § = (0.%.....%.0,0....). Define p = (po.p1....) € B
by pi = °(%) fori e Nn{l.2.....t}, p; = 0 fori € N, i > t. and
po=1—=">"cn: i inthe case that t is nonstandard, py = 0 otherwise.

(1) Ift is nonstandard then for standard state descriptions we have
() (O(ay.....an)) = ulH(O(ay. ... .an)).
(ii) Ift € Nand p, # 0 then

*((0)*O(ar,....an) =" (O(ar.....an)).

Proor. (i) Let ¢ be nonstandard and let z € N, so z < . By Lemma
31.3. the expression (275) for (u*)*%(0(ay.....a,)) changes only by a
standard multiple (which is dependent on ® but not on z) of v, /v if the
Z(E) are replaced by Z.(E). Let

Fo((X ) o).

1=z
Consider a fixed E and write (so.s1.52....) for § and (s5.s{.s5.....)
for 5. Then ° , ) [ls,q differs only by a standard multiple of
n:/nfromy: ) [1 85 ;) since termsin 3° o p) 11 55 () where pi)=0
for some i are matched w1th terms in }° ., ) ][ s,() where the same
p(i) > z. except that terms in which p(i) = p(j) > z for some i # j are
missing. But as in the proof of Lemma 31.3 it is easily seen that the overall
contribution thus outstandingin 3, ) [ s,(;) is less than a standard
multiple of n. /n independent of z.

Finally, °((u*)¥£(®(ay.....a,)) is equal to ul"%-"5i-)L(@(ay. ...,
a,,)) and this in turn converges to u”?%(®(ay.....a,)) by Lemma 29.4.
The result follows.

(ii) In this case from Lemma 31.2 we get that

()1 (@) = Z (r 3 Hs'E‘ (286)

E>E(© pEZI(E) i=

e = Y Al 5 pr,

E>E(0) pez!(E) i=

These clearly have the same standard part. -
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PrOOF OF ProPOSITION 31.1. (i) Notice that in this case since ¢ is non-
standard L cannot be purely unary. Hence we have (285) (which holds in
U* too of course with n = v) and using this we see that the standard parts
of (u*)%4(®(ay.....a,)) and Us(®(ay,....a,)) are equal. The result
follows by Lemma 31.9(i).

(ii) This follows analogously using (284) (in U*) and Lemma 31.9(ii).

(iii) Using (284) (in U*) and then taking standard parts we get (for a

state description ®(ajy. ..., a,,) with spectrum 7)
i 7) |E|
R o N*(m. ¥ N(Fg, 1 \E;
ve) = “(Sria) = 5 Wty 2
E>E© peZi(E) i=

If 172 has ¢ or more classes then so does any E with E > £ ( ) and there is
eithernop € Z'(E)atall (if |[E| > t) or p(i) = ¢ forsomei € {1,...,
SOOU;(®(611.,...,am)):0. =

We are now ready to give Representation Theorems for homogeneous,
and for heterogeneous, probability functions. Note again that by the re-
mark on page 58 we only need prove them for state description arguments.

THEOREM 31.10. Let w be a homogeneous'®? probability function on SL.
Then there is a measure u on the Borel subsets of

Boo = {(po.P1.P2.p3....) €B|po>00r p; >0forall j >0}
such that

w:/ u?t du(p). (287)
Beo

Conversely given such a measure ., w defined by (287) is a homogeneous
probability function on SL.

PrOOF. Let w be homogeneous and k& € N* nonstandard. Then, by
homogeneity in U*, for sufficiently large v € N*,

w0\ ea....a) (288)
|S(O(ay....ay))|<k

is infinitesimal. Hence in the derivation of (272) taking standard parts
cuts out the contribution from spectra v with || < k and we can restrict
the range of integration to give instead

w(®(ar. ... an)) = / L CUOlar. . a)de(7).  (289)
veSpec* (v
[7|>k
For v € Spec(v). || > k we have from Proposition 31.1(i) that
° U{;’(@(Cll. cees a'ﬂ)) = up_L(G(als cee am))

with p € B. Defining 4 on the Borel subsets 4 of B by

103Recall that in this case L cannot be purely unary.
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pld) = {F[ (1= ey °(3) °(5) (%) ) € 4},

(289) now clearly becomes, '

w :/uﬁ’Ld,u([)). (290)
B
For0 <t € Nlet

B, = {{po. p1.p2.p3....) €B[po=0and p, > 0= p}.
For p € B, and for each n € N we have

uﬁ’L< \/ @(al,...,a,,)> =1

SO

for each n € N and hence by homogeneity of w we must have u(B;) = 0.
By countable additivity also u(B — B.,) = 0 and (287) follows.

The result in the other direction is immediate since for j € B, u?L is,
by Proposition 30.1, homogeneous. -

THEOREM 31.11. Let w be a t-heterogeneous probability function on SL.
Then there is a measure u on the Borel subsets of

B, = {(po. p1.p2. p3....) €EB|po=0and p, >0 = p, 41}
such that

w:/ oL du(p). (291)
B,

Conversely given such a measure u, w defined by (291) is a t-heterogeneous
probability function on SL.

Proor. First assume that L is not purely unary. By ¢-heterogeneity in
U*. for nonstandard v € N*,

w*( \/ ®(a1,...,av)) (292)
S(0(ar.....a,))| £
is infinitesimal. Hence as before

w@r . oan) = [ U@ ) del). (293)

|[7]=t

Now consider (293) for a state description ¥(ay.....a;) in place of
O(a.....ay). By Proposition 31.1 (iii). ° U (W(ay. . ... ax)) = 0 when %
is infinitesimal and |S(¥(aj.....ax))| = t. Hence for such state descrip-

tions the integration can be restricted to the set of these ¥ € Spec*(v) for

104For example by Proposition 1, Chapter 15 of [126].
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which |7| = ¢ and % is not infinitesimal. By Proposition 31.1(ii) all such
v which upon taking standard parts give the same p satisfy

OUﬁ(‘P(G], N ak)) = Up_’L(lP(al, e ,ak)) .

Hence, as in the corresponding point in the proof of the previous theorem,
for W(ay....,a;) with |S(W(ay.....ar))| = ¢,

w(‘I’(al,...,ak)):/B vPE(V(ay,....ar)) du(p).

By virtue of the 7-heterogeneity of w it follows that for any state de-
scription @(ay. .. .. a,,) we have

wO(ar...an)) = lm w(\/ W)

— 00
Y(ay....a )EO(ay ....am)

|S(¥(ay....ap)|=t

= lim 3 v”_*L< \/ ‘P(al,...,ak)> du(p).

k—o00
P(ay o )EO(a) cootiyy)
1S (¥(ay )| =t

Using Lebesgue’s Dominated Convergence Theorem we can swap the
limit and integral signs here and the ¢-heterogeneity of v”-Z then yields the
required result.

The converse result is straightforward. =

Notice that in the case that L is purely unary this result is a special case
of Theorem 14.1 using the observation from page 218 that the probability
function vz introduced in (86) is actually the same as v®*, where

c = (0,ci1,ci2,...,cizq,O,O,...>

and¢; . ¢j,. . ... Cp, lister. ca. ..., ¢ iInnoOn-increasing order of magnitude.
Putting these last two results together with the Ladder Theorem 30.2
we have:

THEOREM 31.12. Let w be a probability function on SL satisfying Sx.
Then there is a measure u on B such that

w= [ wtaup)+ [ oMtdu(p). (294)
Boo B—Boo

Conversely given such a measure u. w defined by (294) is a probability

Sfunction on SL satisfying Sx.

In the next three chapters we shall derive some further representation
theorems for probability functions satisfying Sx. For the present however
we shall give a corollary to Theorem 31.12 which amounts to saying that
if our agent’s chosen probability function satisfies Sx then for 1 < m € N
s/he should give zero probability to a;. as. . . .. a,, all being indistinguish-
able from each other but distinguishable from a,,, 1. @12, .. ..

105This result is related to classical results by Kingman, [66]. [67]. on partition structures
and genetic diversity which lead to the conclusion that for 1 < m € N there are never exactly



236 31. REPRESENTATION THEOREMS FOR SX

COROLLARY 31.13. Let w satisfy Sx and let m > 1. Then

lim w( \/ ®(a1,...,an)) —0 (295)
n—o0
OcAd,
where A, is the set of state descriptions ©(ay. . ...a,) for which a; ~g a;

Jor1 <i.j<manda; g a;forl <i<m<j<n.

Proor. Theidea of the proofis a typical application of a Representation
Theorem such as Theorem 31.12: We first show the result for the building
blocks u”** and v”** and then apply the theorem to obtain it for a general
w satisfying Sx.

We start then by deriving the result for u?-*. Assume for the moment
that L is not purely unary. Fix ¢ > 0 and let j > 0 be such that

SN pi< (296)
L~ 4dm

i=j
Let k be such that

Z(l -p)f <

0<i<j
Pi>0

and 27 < % (297)

B »

and if py > 0 then
k(1 — po)k < /4. (298)

Consider (cj,¢3....,¢,) € N" with n > k% + m. If some © is to be in
A, NC(C.a), where @ = (ay.ay,....a,) etc., then it must be that either
all the ¢; = 0 fori = 1,2,...,m or for some i in this range ¢; # 0 and
¢; does not also appear amongst 1. Cm42. .- .. Cmek. From (296) and
(297) the probability of picking ¢y, ¢z, . ... ¢, such that this latter holds is
at most ¢/2.

So suppose that ¢; = 0 for i = 1,2.....m (note that this can only

happen when pgy # 0). Then the probability that some block

Cmtik+15 Cmtik+25 + + +» Ct(i+1)k »

where 0 < i < k, does not contain a 0 is at most ¢/4 by (298). On the other
hand if every such block does contain at least one 0 then the proportion
of (@) € C(¢, @) for which a; ~¢ a; for 1 < i, j < mis at most 27, (It
is at this point that we require m > 1.) Hence splitting up the sum

Yo > le@ar [Tre=>" > le@al ' I]r.
i=1 i=l1

Ocd, cew FENn  Ocdy
Qec(é.a) occ(éa)

m examples of a plant species in an idealized infinite jungle, either there is only one or there
are infinitely many.
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into these cases shows that

w () Olar...a)) <e/2+ef4+ Y 2 Hp <e (299)

0c4, cenr i=1

The cases for u”L when L is purely unary and the case for v7* clearly
follow by similar, somewhat easier in fact, arguments.

Now let x4 be asin Theorem 31.12. By appealing to countable additivity,
for any ¢ > 0 thereis a n € N such that the measure of the set P of p € B
for which (299) holds for u?* (if p € B.,) or v~ (if p € B — B,,) is at
least 1 — ¢. For this n then

w( \/ ®(J)) g/

oc, BooP

eV e@)dup+ [ tau(s)

0c4,

wrt(1\/ 0(@)) du(p) +
0c4,

<e+tete=3e

as required. o

Notice that it certainly is possible for a probability function w to satisfy
Sx and have, with probability 1, @, distinguishable from all the other
constants, indeed the completely independent probability function ¢
(= ufl00.).L) achieves this. In fact it also follows by a similar argument
to that for the above corollary that according to céo, with probability 1,
any two constants will be distinguishable and moreover ¢Z is the only
probability function satisfying Sx with this property.

We actually have a somewhat stronger result:

THEOREM 31.14. Let w # cL satisfy Sx. Then there are p.y > 0 such
that for all m eventually

w( \/ @(al,...,am)) > .

O(ay....am)
[{aj [ aj~@ar }|>pm

PrOOF. Given the representation of w as in (294) there must be ad > 0
such that u(Kj) > 0 where

K;={peB|p >3},

otherwise w = ¢L .
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Suppose for the present that u(K; NB.,) > 0. Then for p € K5 N Bo.
p=0/2,

uﬁ,L( \/ O(ay. .. .,am))

O(ay....am)

|{a; | aj~gay }|>pm m
— - =\ —1
= > Y le@al ]
O(ay....am) ceNm s=1
[{a; | aj~gay }|>pm OEC(Ea)
m
2 E , | IPC.\
Fenm s=1
i lej=ep=1}1=pm

since when |{j |¢; = ¢; = 1}| > pm we must have that for any O(a;. ...,
am) € C(E, d)> {ai | a; ~e (11}| > pm.

This last is just the sum of all ]|, p., where ¢; = 1 and at least
a proportion p of the ¢;, s = 1,2,...,m are equal to 1. But this is
p1(1 — X). where X is the probability of picking a sequence ¢, 3. .. .. ¢,
with at most p(m — 1) s in it. By Chebyshev’s Inequality (see for example
[7. Theorem 22.4])

il —p1) 4
X < <
~ (m=1D(p1—p)* = (m—1)52
so there is a v > 0 such that for p € K; N B, and suitably large m,

pi(l—X)>v.
Hence
w( \/ G)(alv-"saITl)) >
O(ay....am)
[{a; | aj~gay}|>pm
Z/ u‘”‘( \/ ®(a1a-~~aam))d,u(l_7)
K;NBoo O(ay....am)

[{aj | aj~gay }|>pm

> / vdu(p) = vu(Ks NBo) = p
KsNBoo

as required.

Finally in the case that there is no such u(Ks N By,) > 0 then we can
repeat the above argument with B — B, in place of B, and v”-* in place
of uPL. 4

Notice that in fact we have a slightly stronger result than the one stated
by the theorem since the a; ~¢ a; that we count actually have the same
colour as a; and so will be in a sense be ‘forever after’ indistinguishable
from aj.



Chapter 32

LANGUAGE INVARIANCE WITH Sx

The methods developed in the previous chapter can be used to yield
another representation theorem, namely for probability functions satisfy-
ing Sx and Li. The appeal of Language Invariance as a most desirable
principle, and the relative simplicity of the theorem make it a pleasing
result.

THEOREM 32.1. Let w* be a probability function on SL satisfying Liwith
Sx. Then there is a measure u on B such that

wh — /B WL du(p). (300)

Conversely given such a measure u. wt defined by (300) is a probability
function on SL satisfying Li with Sx.

Proor. For the proof in the converse direction it suffices to recall that
by Theorem 29.5 for any fixed p the u?-* form a language invariant family.
SO jB u?* du(p) is a language invariant family containing w.

The proof in the forward direction closely resembles that of Theorem
31.10. We do not however need the assumption that L is not a purely
unary language. Let w’ be a probability function on SL satisfying Li
with Sx, and denote other members of a fixed language invariant family
satisfying Sx and containing w’ accordingly by w* (so w* is on SL).

Using the observation that spectral equivalences of a state description
in a language £ O L is the intersection of the two spectral equivalences
pertaining to the restrictions of the state description to L and £ — L
respectively, and Lemma 27.2, we see that we can unambiguously define
NEL(Gn,7i) to be the number of state descriptions in the language L for
ay.as, . ...a, with spectrum 7 that extend some/any fixed state description
®(ai.....a,) in the language L with spectrum .

For a state description ®(aj,....a,) in the language L. n > m and
L C L we have

wh(@(ar.....ay)) = > wh(¥(ar.....an))
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where the W are state descriptions in the language £. Just as before we
can group them and make the above

wh(O(a.....ay)) = Z Zwﬁ(‘}‘(al,...,an)).

ie€Spec(n) Y@

S(W)=ii
Consequently, with 71 the spectrum of ®(a;. . . . . a,,) and writing w* (7i)
for w®(W(ay.....a,)) where W(aj.....a,) is some/any state description

in the language £ with S(¥) = 7i, we have
wh(O(ar.....an) =w"(m) = > NEE(w. w)w* (i)

iA€Spec(n)

LL(5 5
=y MEURA) e it )
~ £(0.7)
i€Spec(n)

(where N4((, 71) is the number of all state descriptions in the language £
with spectrum 7).

Checking through the steps in the previous chapter and using the same
notation we find analogously to Corollary 31.6 that

./\/LL(I’IN/l,fl) NLL ,7 |Ei|
’Nﬁ(w,ﬁ) -2 Nc@h > H( ?) ’
E>E(O) peZ!(E) i=1

< 8hem*n~'/?,

and if there are s unary predicate symbols in £ — L, analogously as in
Lemma 31.7. but without any need to assume that there is a non-unary
predicate symbol in £, that

NEEGL) 1
NE@D.1,) SDL(k)
where 7 € Spec(k). which yields

NEE (i, i) ELny JE
‘ £(0.7) ZZDL|E|H(;1)‘

E>E(O) peZi (E

<127,

(301)

< he (8m*n='2 4 £227%) . (302)

For our further arguments, we move again to a nonstandard extension
U*. Take v.¢ € N* nonstandard, v < &. In U* the Language Invariant
family includes members w* with £ — L containing ¢ unary predicate
symbols. Fix one such w*. Omitting stars from w’ and NV we have

wh(O(ai.....ay)) =wt(m) = Z /\j\/.j((én ;)NL(V) Dwe (7).

veSpec*(v)

(303)
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Let ¥ € Spec*(v) and define, for m < v and a state description
O(ay.....a,) with spectrum 71 € Spec*(m).

NL E(m, v
TONE@.)
As before we find that °U; extends to a probability function on SL

satisfying Ex and Sx and we conclude from (303) that for some o-additive
measure T on Spec*(v) we have

wh(O(ay.....apn)) = wt(n) = / °U;(O(ay.....ay))dc(¥).
Spec*(v)
(304)

Furthermore, with p = (pg, p1. p2....) defined by p; = °(v;/v) for i €
NN{1.2,....t}. pi=0fori € N.i>tand po =1 — ), . pi. we have,
by virtue of (301), and regardless of the values of 7 and p,. that

Ui (@(ay.....an)) =u?(O(ay.....an)).
For standard ¢ this is immediate from Lemma 31.2 and from (302). and

for nonstandard ¢ it follows from Lemma 31.2, (302) and Lemma 31.9(i).
The result now follows easily by the methods of the previous chapter. -

)

As a simple corollary to this theorem we have:

COROLLARY 32.2. Every probability function w satisfying Ax on the lan-
guage L with just a single unary predicate symbol satisfies Li with Sx.

ProoF. By (87) w has a representation

w = /zvfd,u()?).

Since on this language, for 0 < x < 1/2,

Vix1—x) = V(l—xx) = “h(X).L

where
h(x)=(2x,1-2x,0,0,...),
this representation can be written as

w =wvg1u({(1/2.1/2)}) + /< 1/2v<x_1_x> du((x,1—x))
— (1.0.00.... Eu({(1/2.1/2)}) + / yh).L du((x,1 = x))
0<x<l1/2

= [urtanp)

where v({(1,0,0,0,...)}) = u({(1/2.1/2)}) and for A a Borel subset of
B {(1,0,0,0,...)},

v(A) =2u{(x,1—x)]0<x<1/2 and (2x.1—2x.0.0....) € 4}

The result now follows from the Theorem 32.1. =
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A remarkable feature of the proof of Theorem 32.1 is that it works even
when L is unary and we only have ULi with Sx, equivalently ULi with Ax,
because in the key Lemma 31.7 we can add in nonstandardly many new
unary relation symbols to provide the required inequality. In consequence
we have the following result.

THEOREM 32.3. Let w be a probability function on a unary language L
satisfying ULi with Ax. Then there is a measure u on B such that

w= [ du(p) (305)
B

and hence w satisfies Li with Sx.

Rather surprisingly, as is apparent from the next lemma and the dis-
cussion following it, the language invariant family in the above theorem
which contains a given w on a unary language need not be unique, al-
though if different, any two such families have to differ already on some
unary language. On the other hand, if w is a probability function on SL
that contains a non-unary relation symbol and w satisfies Li with Sx then
the language invariant family containing w is unique.

LemMa 32.4. Let {U.} and {V,} be two language invariant families
satisfying Sx which agree on unary languages. Then they agree on all
languages.

ProOOF. Let L be alanguage, let n € Nand fix L’ to be a unary language
disjoint from L with more than »n atoms «;.

We will first show, by downward induction on £(®) with respect to the
ordering <, that Uy (®(@)) = Vyur (®(a)) for all state descriptions
®(&) in the language L U L’ on n individuals.'%

Let ®(a) be such that £(®) consist of singletons (so £(®) is the top
element w.r.t.<) and let W(&) be any state description in the language
L U L' extending

ai(ar) Naz(az) A=+ N ay(ay).

Then £(W¥(&)) must again be this top element and Uy ;- must take the
same value on all such extensions as on ®(&) by Sx. Hence, since

Up ( /”\ ai(ai)) =Urur ( /"\ ai(ai))
i=1 i=1
=3 U (¥(@)),
Y (a)

where the summation is over state descriptions ¥(&) in L U L' extending
A, eila;). we see that if M is the number of such (&) then for any one

106Recall that for state descriptions ¥(ay. . . . . a,) and O(ay. . . . . an). £(®) < E(Y) means
that £(¥) is a refinement of £(@).
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of them
Urow (#(@) = M~ UL ( A aila) (306)
i=1

and this is also the value of Uz 7/ (®(&)). Noting that this reasoning also
applies to the language invariant family { ¥}, that Uy, = V. and that
M depends only on L’ and L. we conclude that

Uror (®(a@)) = Vior (@(a))

holds in this base case.

Now suppose that Uy (¥(@)) = Vi (P(@)) holds for all W(&) with
E(D) < (). where ¥(a). ®(&) are state descriptions in the language
LUL'. Let \I_, ay,(a;) have the same spectrum as ®(a@). Then again.

v ( Nawl@)) =3 Urow (¥(@) (307)
i=1 Y(a)

where the W(a&) range over state descriptions in L U L’ extending
A e (a;). Now for all of these W(a). £(¥) is greater or equal £(P)
in the ordering <, and some ¥(&) with £(¥) = £(®) do appear on the
right hand side of this expression. Furthermore the identity (307) also
holds with ¥ in place of U, and by the inductive hypothesis the terms on
the right hand side are the same except possibly for those involving the
¥Y(a@) with £(¥) = £(®). But since the left hand sides are the same (as
Up = V). the right hand sides must also be the same. Hence by Sx,
Urup (®) = Viup (@) as required.
Since for (&) a state description in the language L we have

UL(0(a)) =Y Urow (W(a))
Y(a)

where the W(&) range over state descriptions in L U L’ extending O(a).
and similarly for V', the lemma now follows. -

THEOREM 32.5. Let w be a probability function for a language L with a
non-unary relation symbol and let w satisfy Li with Sx. Then the language
invariant family containing w is unique.

Proor. The proofis analogous to the proof of the above lemma. A non-
unary relation symbol in L guarantees the existence of state descriptions
with spectrum 1, for every n € N* so other members of the family are not
needed. -

We have previously considered two parameterized families of purely
unary probability functions satisfying ULi with Ax. namely the ¢/ of
Carnap’s continuum (Chapter 16) and the NP-continuum w¢ (Chapters
18.19). Each of these families must be part of a language invariant family
extending over all (finite) languages, which raises the question as to what
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these families are once we move outside the purely unary. equivalently
what are the de Finetti priors on B?
Recalling that the w9 are defined by

m

2‘/
w) ( N\ o, (ai)) =279 (54 y)mym
i=1 Jj=1

where 27y +0 =1,0 <0 < landm; = |{i
the corresponding de Finetti prior on B is given by the discrete measure
which puts all the measure on the single point

(1-6.6.0.0.0....) € B.

Turning to the case of Carnap’s ¢I, this agrees with w} when 4 = 0 and
with w? when } = o0. For 0 < 1 < oo the de Finetti prior on B giving
the family of ¢f ;- has been elucidated by Kingman. the corresponding
distribution being the Poisson-Dirichlet distribution for parameter A, see
[67]. and for a complementary discussion [148, chapter 10].

An interesting question arises here, since as we have seen in the unary
case the ¢F for 0 < 4 < oo are characterized as the only probabil-
ity functions additionally satisfying Johnson’s Sufficientness Postulate.
However, as shown in [141], beyond the purely unary the natural gen-
eralization of Johnson’s Sufficientness Postulate has only two solutions,
corresponding to 4 = oo, the ‘completely independent’ probability func-
tion, and 4 = 0. the sole 1-heterogeneous probability function. This
leads to the question of whether there is some version of Johnson’s Suf-
ficientness Postulate which does characterize these extensions of the ¢f
also above the purely unary. Unfortunately the Poisson-Dirichlet d1s—
tributions appear somewhat inaccessible (see [67, section 3.3.6]) and
we are currently not aware of any satisfactory answer to this problem
in terms of the observance of a particular principle within Inductive
Logic.

Concerning the case of 1 = 2 we remark that the probability function
¢y for the language L; with a single unary relation symbol'®’ has, on
B, beside the Poisson-Dirichlet prior with parameter 2 (which yields the
whole language invariant family given by ¢+ on the finite unary languages)
also another prior that yields chl on L but gives other probability func-
tions for other unary languages. It is the point measure on B that assigns
measure | to the single point

7= (0.4 5k

Hence chl is also a member of the language invariant family u<-*

107Notice from (148) that c ! has the uniform measure as its de Finetti prior on D).
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To see this'® note that (writing d; for 4-) we have by (192) and (193)

mi mi—+ n

ulLl(/\al(a/)/\ /\ 052(@,‘)) _
J=1 Jj=mi+1
LTS (61'1*2%) <d"+zdi) L G08)
e i of ’ €4 2 =

{l..n}
Since there is a one to one correspondence between the subsets of

{%%%} and numbers in {2i i =01.23....2" — 1} and since
{4 L}sumstol — .
= m my+mo
ud,L1< O!](aj) N /\ 052(51_/‘)) _
J=1 Jj=m+l1

lim L i 1 ””1 i 1 \™
,1520272 27+2n+1 T oon T gn+l :

It is easily seen that this limit is the same as

1= i \™ i\
i3 (5) (3)
1 my miy+my
= / (L= y)mdy = ¢ ( Naila)n N\ az(aj))'
0 =1 j=my+1
However it can be checked that for L, having 2 unary predicate symbols
(so 4 atoms),

ey (ei(ar) A aa(a) A aslas)) = 1/192

whereas _

u (e (1) A aa(az) A es(as)) = 1/224
so we have here two different language invariant families but having a
common member on L.

Together with Corollary 32.2 this shows that there are many examples
of probability functions on SL; belonging to two, or more, Li with Sx
families. At present however we do not know if there are similar examples
of probability functions for the language with two unary relation symbols.

108We thank Elizabeth Howarth for pointing out a simplification to our original proof.






Chapter 33

Sx WITHOUT LANGUAGE INVARIANCE

In this chapter we give a representation theorem for z-heterogencous prob-
ability functions which appeared in [96]. This is actually a corollary of
the Representation Theorem 31.11 for z-heterogeneous probability func-
tions given in Chapter 31 but based on unary t-heterogeneous probability
functions rather than measures on B,. Our reason for including it here is
that it possibly provides some new insights.

To explain the idea behind this representation theorem suppose that w
is a t-heterogeneous probability function on SL and let ®(a;. . ...a,,) bea
state description of L with spectrum of length ¢. Then a state description
®(ay.....a,) extending O(a.....a,) will only get non-zero probabil-
ity according to w if a,, 1. a2, ..., a, all join the existing equivalence
classes of @(ay, ....a,). otherwise more than ¢ equivalence classes will
be formed and being ¢-heterogeneous w will have to give ® probabil-
ity 0.

From ©(ay, ....a,) onwards w(®(ay.....a,)|O(ay.....a,)) will no
longer depend on the particular language L we started from, provided
it is large enough to furnish at least ¢ equivalence classes. Furthermore
since w is ¢-heterogeneous, in the limit w will be concentrating all prob-
ability on state descriptions with spectra of length ¢, so knowing what
w does on these should enable us to work backwards and recover all
of w.

To this end then let L, L; be languages having at least ¢ atoms if they
are purely unary. Recalling the notation from Chapter 31 we shall use
7i. i ete. for spectra and N2 (72, 7i) for the number of state descriptions
of L; with spectrum 7 which extend a particular state description of L
with spectrum 77. (By Lemma 27.2 this does not depend on the particular
state description chosen.) For 7i a spectrum of length 7 set

df (1) =

Notice that d LLI (t) depends only on ¢, L, L; and not on the particular 7
chosen.

247
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Letw be a t-heterogeneous probability function on SL and for O(a. . . ..
a,,) a state description of L with spectrum 2 define

L Ly (.~ ~ ~
w™(O(ay.....ay)) = ngngo Z dL1 (ON= (m, i)w (7). (309)
S

THEOREM 33.1. The limit defined in (309) exists and w!™' extends to a
t-heterogeneous probability function on SLi. Furthermore w!F1|F = w.

PrOOF. To show that the limit exists notice that forn < k.7 € Spec(n).
lii| = t.
w(it) = Y N k)w(k).
Fespectk)
|k|=t
Hence for m < n < k and 1 € Spec(m),
> df (N (i, w(7)

i€ Spec(n)
|| =t

SN dh NP G N (L w (k)
nelSp‘u (n) kespec(k)
A=t |k|=t

S S dhONT G N G Rw (k)
IX€S[‘)(L n) keSpec(k)
|ii|=t k| =t

since N2 (71, k) = N'F1 (i, k) when || = |k|.
< 3 ahONE G R
keé‘pu(k
|k|=t
since clearly
> NE G AN (k) < NP (i k).
A€ Spec(n)
|| =t
From this it follows that the sequence defining w!“ (®(ay.....a,)) in

(309) is increasing. It is also bounded by 1 since

S df (NP G iyw(i) < Y df (ON 0. #)w (/)
fxe‘,?[‘)(f(n) HE|571( (n)

> N0 A)w(i)
A€ Spec(n)

|| =t
1.

IN
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To show that w!% extends to a probability function it is enough to check
(i)—(iii) from (34). Of these (i) is immediate, as is (ii) since

w!h(T) = lim > db (NP0, Ayw(i)
i€ Spec(n)
|i|=t

_ i L > A
—nlgrolO Z N0, 7)w(i) =1
ﬁel.;p‘:r(n)

since w is 7-heterogeneous. Also (iii) follows directly since for O(ay. .. ..
a,,) a state description of L and the @ ranging over state descriptions of
Ll for ai,....dymyl,

Zw\Ll((D(al,...,amH) —n]er;OZ Z dLl (ONL(S(D), #)w(#)

[OIS0) DOEO ne‘éﬁij”
T L L ~ ~
— nlll;rolo \6;( | dp (ONT(S(0). )w(n)

|| =t

—wh(O(ar,....am)),
since for m < n,

SO NE(S(@).71) = NH(S(O). 7).

OEO

In addition w!™ satisfies Ex and Sx since the right hand side of (309)
is invariant under permutations of the ay,...,a, and depends only on
the spectrum of ®(ay.....a,). Indeed w!’ is r-heterogeneous. To see
this notice that because the terms on the right hand side of (309) are
increasing, for ® ranging over state descriptions of L for ay, ..., a,,.

lim Y wh(@)> lim Y df ())N"(5(0).5(0)w(5(0))

m— o0 m—oQ

O(ay....am) O(ay....am)
|S(0)|=t |S(0)|=t
—tim ST dE(OND (0. ()
m—00 e
e Spec(m)
= lim > N0 m)w(m)
m—00 e
e Spec(m)
= 1’

since w 1is t-heterogeneous.
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It now only remains to show that w!X11X = w. Directly from (309) we

have that for a state description ®(ay. .. .. a,) of L with spectrum 7,
w M (O(ay. ... ap))
= lim > df (ON" (i i)w!™ (7)

n—r00
A€ Spec(n)
=t

T Li( R o
= nll{&klin;o Z Z dy dL] (ON=(m, i) N (71, k)w (k)
n€|§]‘](:[ n) k 6‘27;(/(/()

= lim lim Y > NN k)w(k).
n—o0 k—o0
nelsy‘mtn) ke‘f,‘m(/\)

since N'L (71, k) = NP1 (71, k) when |ii| = |k|,
= lim > N (. i)w(i) (310)

i€ Spec(n)
|| =t

since for |7i| = ¢, the ¢-heterogeneity of w gives

Fespectk)
|F|=
But (310) is just w(®(ay.....a,)). so, as required,
wBE(@(ay, ... an)) =w(O(ay. ... an)). 4

This result is interesting in that it shows that each ¢-heterogeneous
probability function w actually belongs to a family of z-heterogeneous
probability functions w!# for each language £. provided in the unary case
that £ has at least 7 atoms. However, by considering the case of v/ where
p has exactly ¢t non-zero entries, it is clear that this does not constitute a
language invariant family in general.

For not purely unary languages Theorem 33.1 can be extended to proba-
bility functions satisfying Sx whose Ladder Theorem representation (page
218) has 5o = 0. To see this first notice that if we had replaced ¢ in the
definition (309) by s # ¢ then the resulting limit would have come out
to be zero (for t-heterogeneous w). Indeed we could have replaced this
definition of w!™ by

w(O(ay,....an)) _hm Z dL1 AN (. i)w().  (311)
nESpec()

Now suppose that instead of being ¢-heterogeneous as above w just has a
Ladder Theorem representation

w = anw[j].

jz1
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Then applying definition (311) to w we obtain

wlt = 37y wllih,
i1

In this way then we can successfully extend the operation w — w!% to
such probability functions for not purely unary languages. In particular
the operation extends to <t-heterogeneous probability functions, that is
probability functions which are convex sums of s-heterogeneous proba-
bility functions for s < ¢.

As mentioned at the start of this chapter Theorem 33.1 is actually a
corollary of Theorem 31.11, a study of the proof of that latter showing
that if w is a t-heterogeneous probability function on SL (with at least ¢
atoms if unary) and

o= [ oty
then
wlb :/ Pl du(p).

We shall conclude this chapter by giving a further result (from [95])
demonstrating how ¢-heterogeneous probability functions are closely re-
lated to their unary counterparts. As motivation for why we consider
this result of some interest we recall an early philosophical issue which
concerned us in this subject: In polyadic relations what is the nature of
the connection between the individual arguments? In particular to what
extent might binary and higher arity relations between individuals be un-
derstood merely in terms of the separate unary properties satisfied by these
individuals? More dramatically, could it be that any polyadic relation can
be understood, or explained. in this way?

To take a simple example consider the binary relation of ‘is a good polli-
nator of” between apple trees. An eighteenth century gardener might well
have seen this as a relationship which could only be tested by experiment in
the field. by planting two trees in close proximity. Nowadays however we
are led to believe that this is all a matter of the chromosome structures of
the two individuals. Whether or not one will prove to be a good pollinator
of the other can be predicted from their individual properties alone.

For a more controversial example consider the relationship of ‘would
like” between people. In practice we rather often feel that we can predict
whether or not people as yet unknown to each other!®” will get on. It
seems reasonable (to us at least) to suppose that our prediction would
converge to certainty in the limiting case of knowing everything about the
two parties as individuals.

190f course if they are already known to each other it certainly is determined by them
individually, we just have to ask A if she likes B!
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Whether or not one gives this suggestion any credence it still seems in-
teresting to consider, within the context of PIL, the extent to which binary
and higher arity relations might be represented as merely combinations of
unary properties.'!°

In order to provide a possible route to explore this idea let L be, as
usual, our default polyadic language with relation symbols R;,..., R,
of arities ry,....r, respectively, and let Ly be a unary language. Let
P (x1. x2. ....xp,), for s = 1,...,¢. be formulae of Ly, possibly men-
tioning some constant symbols. Given (R, ..., R,. d) € SL, where we
have explicitly indicated the relation symbols. let w(p', ..., p?. @) be the
sentence of Ly formed by replacing each occurrence of R(7y,....,) in
w(Ry.....R,. @) by p*(t1.....1,), for s = 1,....q, where the 7; range
over the constant symbols and variables. Notice that by elementary pred-
icate logic

Fw(Ry,....R,.@) = FEw(p'.....p".4). (312)

Now let v be a probability function on SLq and define v” : SL — [0. 1]

by
v (y(Ry.....R.. @) =v(y(p'.....p%.4)).

Using (312) it is a straightforward exercise to show that v/ satisfies (P1-3)
and so is a probability function on SL. In a clear sense v” is reducible
to, or represented by, the unary probability function v and so provides
a possible formalization of the above idea. We will use a slightly more
general concept!!! and say that a probability function w on SL has a
reduction to SLg if there are probability functions vy, vs. ..., v, on SL,
Pi.Pre....pr € FLo'"? and y..... 4 > 0 with }_, 4; = 1 such that

k
w = E Aol
i—1

At this time of writing we know rather little about which probability
functions on SL have a reduction to a unary language. However, gener-
alizing and simplifying slightly Theorem 8 of [96] we do have:

THEOREM 33.2. Ifw is a <t-heterogeneous probability function w on SL
and Ly is a unary language with m relation symbols, where 2" > t. then w
has a reduction to SLy.

ProOF. We shall prove this result for w z-heterogeneous, the theorem
then following directly by the Ladder Theorem 30.2.

110 An earlier research theme based around this idea led to the so called ‘natural’ proba-
bility functions J,, of [21]. [99]. [116], [118].

I There are clearly several other variations possible here. The one we have chosen is
appropriate for what we are able to prove in the theorem that follows!

12Using (59) and (64) it can be shown that we can without loss replace FL here by
OFFL,.
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Let a(x). as(x)....,00n(x) denote the atoms of Ly. The formulae
p*(x1,x2,..., x,,) will be of the form

\/ (v, (x1) Ay (x2) A= A, ()
<I'1.....,i,S>€X:

where X; C {1,2.....2"}*.Sop',.... p?areto be thought of as functions
of the X, X>..... X, respectively, and w will be represented as a linear
combination of these v”.

Let ©(R.ay. as. . ...a,) be a state description of L with spectrum of
length ¢ and, for some choice of X, suppose that
a;(a)) Nag(a) A ANy, (ay) EO(f.ar.as. ... ay). (313)

This means that
O(R.ay.....a,) F Ry(de,. de,. ... . a,, )
= 0. ar.....ay) F pslae. ae,.....a. ). by (312).
= aj(a1) Nay (@) N N, (an) F pylac,. ae,. ... ac, )
= a;, (a0) Nai, (an) N Ny, (ae,) F ps(ae. ae,. ... a,)
= (loydeysr o de,, ) € X,
and similarly with =R, =X} in place of Ry, X| respectively. So

OR.ar.....a,)E R(ae,. ey. ... a0 ) > (ie).ley.... 1o, ) € Xy
(314)

Suppose that a; ~¢ a;. Then Ry(ae,. ey, ..., aem) is a conjunct of ®
just if Ry (af] Afy. ... af”) is a conjunct of ® whenever (f1. f2,..., f},)
is the result of replacing any number of occurrences of j in (ej.es. . ... e, )
by &, or visa-versa. Hence (314) gives that

<i€1vi€za'--vier.\.> e Xy, — <l'fl,l'f2.,...,l'fy5> € X;

whenever <if1 N N ) is the result of replacing any number of occur-
rences of i; in (i, ic,. .. .. I, ) by ij. or visa-versa. So also
am, (a1) AN am,(az) A+ A ag, (ay) E O, ar.ay, . ... ay,) (315)
whenever (mj,my,....m,) results from (i}, i.....i,) by replacing any
number of occurrences of i; by i;, or visa-versa.
Conversely if, for (i1, iz, ....0,), (my, ma,...,my,) € {1,2,....2"}" itis

the case that (315) holds whenever (mj,ms.....m,) results from
(i1.12.....1,) by replacing any number of occurrences of i; by i,, or
visa-versa, then by reversing the above argument we see that we must have
a; ~e ay. In particular

ij:ih:>aj ~@ dj. (316)
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Now let v = w! let X. oy, (a1) A ey (az) A Aoy, (a,) be as in (313)
and suppose that

viay (a1) AN ag(a) N+ AN ey, (ay)) > 0. (317)

Then, since v is t-heterogeneous. there can be at most ¢ different i;,
otherwise this value would have been zero. On the other hand for ® as
above in (313) there must be at least 7 different i; since otherwise by (316)
~g would have less than ¢ equivalence classes.

Indeed for the iy. i, .. .. i, as in (313), (317) it follows that the equiv-
alence classes of ~@ must be the non-empty {a;|i; = k} for k =
1,2.....2" and

v(ag (a1) Nag(a) A - Na,(a,)) = v(7)

where 7i = S(0®).

Conversely suppose that a;, (a1) A a,(@2) A -+ A ey, (ay) is a state de-
scription of Ly such that the non-empty {a; |i; =k} fork =1,2,....2"
are precisely the equivalence classes of ~g. Then there will be a choice of
Xi..... X, such that

(ley iey. oo, ) € Xy <= OF Ry(aq,. ac,.....a, )

and for any such choice we will have (313) — the reason for multiple choices
here being that tuples with some i’s not occurring amongst the 7y, ..., i,
can be allocated arbitrarily.

In summary then for any of the 2! /(2" — r)! state descriptions «;, (a1 ) A
a,(az) A+ A a,(a,) such that the non-empty {a; |i; = k} for k =
1,2,...,2" are precisely the equivalence classes of ~g there will be the
same number, K say, of X for which (313) holds. These will be the only
state descriptions and X for which (313) and (317) hold and furthermore
since v satisfies Ax they will all get the same value v (i) under v.

Setting 2 = K2"!((2™ — t)!)~'d, (1) we now obtain that

> w(O(p.@) = K2"((2" — 1))~ o (i)
X = dw(i), by (309)
= lw(O(R,a)). (318)

w(g(R.ay.....a)) = lim g w(O(R,ay,....a,)).
n— oo
@(R_.al..,..(m)l=¢(§.ul...,.ur)

\S(@(E‘al etlp)) | =t
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Hence, with (312), for k > r,
S wé(Far....a)

X

ZZ’U< \/ ®(p",a1,...,ak))
X O(R.ay....ap)E¢(R.ai.....ar)

Y Y w@Gan....a)
X O(Ra...a)E¢(Ray....a)

:nlg‘gcz Z v(O(P.ay.....a,))

X O(R.ay....a)E¢(Rai....ar)

>11msupz Z v(O(F.ay.....a,))

n—00 X O(Ray..ap)E¢(Ray...ar)
|SO(R.ay....an))|=t

= lim sup Z Jw@ORR. ar,....a,))

n—00 O(R.ay....an)Eo(Ray....ar)
|S(© Eul wapn))|=t
=iw(¢(R.a.....a)).
Repeating this with —¢ (R, a a,) in place of ¢(R. ay.....a,) shows

that we must have

Zv(qﬁ(ﬁ, ai.....a,)) = w(¢p(R.ay.....a))

b
and this now straightforwardly extends to ¢ € SL, as required. -

Notice that in this theorem v satisfies Ax. In fact if we take any ¢-
heterogeneous probability function v on Ly satisfying Ax, where again
2™ > ¢, then it can be shown that the probability function w on SL

defined by
w((R.@ =z‘2 ¢(p.a))

is t-heterogencous. This again then demonstrates a close connection
between z-heterogeneous probability functions on polyadic languages and
their counterparts on unary languages.

From the footnote on page 63 we now have the following corollary.

COROLLARY 33.3. For w a t-heterogeneous probability function and fixed
n the set of values

{wly(a.....an)) | w(ar.....a,) € SL}
is finite.
This result also holds for homogeneous probability functions but does
not hold in general for probability functions satisfying Sx (see [53]).

We cannot hope for a similar result to Theorem 33.2 for a homogeneous
probability function w on SL since the v” will always have the property of
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giving zero probability to state descriptions with spectrum length greater
than 2.

By approximating u”-X, where p = (po. p1. pa....). by the <2t-hetero-
geneous w, = u?’, where

G=A(0.p1. P2 P55t Gsi2e -+ G510, 0.0, )

and s is maximal such that p; > ¢! and ¢,; = ¢t~ (1 — >y pj) for
s = 1,2,....t we can show that any probability function on SL satisfying
Sx is the (pointwise) limit on QFSL as t — oo of <t-heterogeneous
probability functions and in turn then is the limit on QFSL of probability
functions having a reduction to a unary language (which depends on ).
However the family of probability functions which are such limits is clearly
much broader than this and currently still awaits classification.



Chapter 34

A GENERAL REPRESENTATION THEOREM FOR Sx

In this chapter we shall utilize representation theorems from previous
chapters to prove a general representation theorem for all probability
functions satisfying Sx which sheds more light on just why some probabil-
ity functions satisfying Sx do not also satisfy Li with Sx. To this end we
will prove two results, one for when the language L is purely unary and a
second for when it is not. We start with the purely unary L, in which case
of course Sx reduces to Ax and by Theorem 32.3 Li with Sx is equivalent
to ULi with Ax.

THEOREM 34.1. Let the probability function w for the unary language L
satisfy Ax. Then there are probability functions v\, v, on SL satisfying ULi
with Ax and a constant A > 0 such that w = (1 4+ A)v; — lva.

Proor. First suppose that. in the notation of Theorem 14.1,

—1
E Wee

GESy

w = vz = |Sy

where ¢ = <C1, Coyunns C2q> € Dy and ol = <CJ<1), Co(2)s e+ CU(Z(,)>. We
prove the result by induction on k = |{i | ¢; # 0}| with a uniform value
/lk of .

If k = 1 then we have w = w} so we can take 2; = 0, v; = w. Now
suppose that the result is proved below k, 1 < k < 29, without loss of
generality say

12> 2 >0=Crp === .

Then for ¢ = (0, ¢y, ¢, ..., ¢, 0,0,...) € B, in the notation of (192),

w =S5 127 — k)!(quuE*L - va) (319)
f

where the f range over non-injective functions from {1.2,....k} to
{1,2....,2%} (note that there are 2%¢ — (2¢) x --- x (24 — k + 1) of
them). Each of these f(¢) € Dy have some m; < k — 1 non-zero entries
so by the inductive assumption

Vi) = (1 + j-mf)Ulf - )Wn/U{

257
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for some vlf v{ probability functions on SL satisfying ULi with Ax.
Hence from (319),

w = |qu‘—l(2q - k)' (quug’L + Z;banU{ - Z(l + ;“nu)v{)
A A
and taking

= 1S T Q=Y (1) = 182017 1= (294D, ) — 1,
s A
v = (2kq +Zlm/)71 <2kquE.L + Z}vmf v{)
A A
vy = (Z(l + zm_f))f1 > (1 + do, o]
S A

gives the required result. Notice that the vl vz here are uniformly (in
¢) linear functions of probability functions of the form v, for some
continuous functions g : Dy — Dyg.
Now let w be any probability function on SL satisfying Ax. By Theorem
14.1, for some measure u,

w:/ ve du(C).
Dy

Splitting Dy, into those (Borel) sets
Dy = {5 € Dy

Hile: # 0} =k}
we have that
24

w:Z/ ve du(é)

fe=1 " Dx
24

= Z/D (1 + Ap)vie — Akvae) du(Q)

k=1

fZ /D e du(@ =3 [ e du(@ - (20)

where, for ¢ € Dy,
ve = (1 + A )vie — Agvae
in the required form. Putting

24
h= Jiu(Dy)
k=1

in (320) now gives the required representation for w. -
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A (unary) result similar in form to the above theorem can also be proved
even if we drop Ax. when the ULi families of probability functions just
satisfy the standing requirements of Px and Ex. Namely the following is
shown in [68]:

THEOREM 34.2. Let w be a unary probability function on SL satisfying
Px. Then there exist 2 > 0 and probability functions wy, wy satisfying ULi
such that

w = (14 2w, — iw,.

We now embark on the somewhat more torturous proof in the case that
L is not purely unary. The following theorem appears in [108].

THEOREM 34.3. Suppose that L is not purely unary and let w be a proba-
bility function on SL satisfying Sx. Then

w = (14 vy — Avs

for some 0 < A < 1 and probability functions vy, v, satisfying Li with Sx.

The proof goes via a discussion and several lemmas.
Let

P E€B:={{po.p1.p2.p3....) €EB|po=0and p; > 0= pri1}.

Let E’ be the set of all partitions of the set of colours {1,2....,7} and
let F = {F,F,.....F;} € E'.so k = |F|. Recall that for F,G € E’ we
write F < G if G is a refinement of F'. We take I to be the maximal
partition in E’ consisting of all singletons.

Let F(p) be the element of B | formed by ordering the numbers

ij, s=1,2,....|F|

JEF;

and setting the remaining entries to be 0. Note that I (p) = p.

To reduce the notation we will drop the superscript L in what follows.
The following lemma was originally proved by Landes in [74, Theorem
12].

LEmma 34.4.

Fo_ 5 NOLi6) 6

v
& SPUF)

Proor. It is clearly enough to prove this in the case F = I, i.e.

N®.1j6)) 0GP

uf = SD(1)

(321)
G<I

First note that

N(©.1)6))
Z SD(t)

Gl
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so the right hand side of (321) defines a probability function and the
lemma will follow once we show that
NO1ia) o

ul (®(ar.....ar)) < SD(1)

G<I

((I>(a1, cees ak))

for all state descriptions ®(aj,....a;). k € N.

Let ®(ay,....a;) be a state description, let n be large compared with
k.d = {a....,a,), and let C be the set of & = (cy,...,c,) such that all
the colours 1,. ... ¢ appear amongst {c.....c,}. Using the j? as defined
on page 214 we clearly have

nlgrolo Z J?(O(ay.....a,).0) = u? (®(a.....a;))

cec
O@)ED

since the probability of some colour not being picked amongst ¢y, ..., ¢,
tends to 0 as n — oc.
Hence it suffices to show that

NOia) o

SD{) (O(ar.....az)).

cec G<I
O(a)Fd -
Consider a state description ©(a).® F ®. Letd = (dy.da,....d,) e C
be such that j?(®.d) # 0. Then we must have

n n
jP©.d)=1c@d) " [[ pa =D [[ s (322)
i=1 i=1

Let ¢ € C and let ~ be the equivalence relation on {1,2,...,7} such

that
Ci~gCj < da;~edj.

Note that thisis a correct definition of an equivalence relation since ¢; = ¢;
implies a; ~g¢ a; (the colourshereare1,. .., ¢ so0doesnot occur) and ~g
is an equivalence relation. Let [¢;] be the equivalence class with respect to
~¢ containing ¢;. Note that ~z has the same number of classes as £(9).
Ford € Cletd =ifd; ~zc¢; fori =1,2,...,n. In this case notice that

d C
Using (322) we have

S i@ ...ay).d)

dec i=1  dele]
d=c
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where the O means that only the terms in the formal expansion of this
product which contain each of the p; at least once are to be counted.

Writing G for ~; it is now easy to see that G(p) has |£(®)| non-zero
entries ) .,y Pa and

N, 1,6) 7" ﬁ ( > Pd)

=1 defa]
is the contribution as in (263) given to v%?)(@(ay. . ... a,)) by the vector
of probabilities
D Pas D Paes ) Pa
d€ler] d€fer] d€le,]
Consequently,
. (0.1
Z P (O(ay.. dﬂ)_ilm)v Glp )(G(al,...,an))

dec (t>

d

and summing over state descriptions (&), ® F ® and over G < [ yields
the required result. -

Thinking of the rows and columns to be indexed by elements of E’
let 4 be the |E’| x |E’| matrix with entry on the Fth row, Gth column
N(0.1)6))/SD(|F|) for G < F and 0 otherwise. Since any partial ordering
can be embedded in a linear (total) ordering we can assume that the Fth
row/column is below /right of the Gth row/column if G <1 F. In this case
A is a lower triangular matrix and it is then easy to see from Lemma 34.4
that @7 = A7 . where the Fth element of i is uf () etc..

Since the diagonal elements of A are non-zero 4 has a non-zero deter-
minant and hence an inverse. For F € E’ let the entry in the /th row F'th
column of A~ ! be ap. Thenfor G < I,

SD(t)
= 2 324
ay N(@, 1;) ( )
ag ar

_4 N~ __dr (325)

SDUGT ~ ~ 2= SD(F]
=" apu. (326)

FEE
From (324). (325) we see that
ag - NGa1 NG

SD(|G|)  SD(t1)  N(0.1,)

Ng = Z (D!

2:G~~1

where
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and z : G ~ [ means that z is a path
G=F<xFh<khag--<F =1

(with |z| = k in this case).
From this it follows from (326) that

5 1 Np SD(|F|) u®'?) (=Ng)SD(|F|)uf®
D (PR D V(R )

Np>0 Nr<0

(327)

Each of the two sums in (327) is a linear combination of language
invariant probability functions satisfying Sx, hence a constant multiple of
a language invariant probability function satisfying Sx. Considering their
values for a tautology shows the multiplicative factors to be respectively

Z NrSD(|F|) Z —Np)SD(|F|)
CNO.1,) N(.1,)

with 4 = A7 + 1.
Hence (327) shows that for any p € B, there are two language invariant
probability functions w,, w_ such that

v =2 wy — AL w_

and it also specifies these functions.

Using the representation (30.2) and taking integrals and finite sums
proves the theorem for any < -heterogeneous probability function (sat-
isfying Sx of course).

Now consider an arbitrary probability function w satisfying Sx. By the
representation (30.2) we have

(oo}
w = Z;/][w[t]
t=0

with w!% homogeneous, the w!! 7-heterogeneous for ¢ > 0 and Y7, =
1. For each ¢ > 0 we have

w = L wlh — 70 !
SO
oo
(=1

To separate these positive and negative factors each into a constant times
a language invariant probability function we require that

> il < oo (328)
=1
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To show this we need to prove that

SD(|F
ZZ 1t)| |) < 0.

>0 FeE!
Np<0

Clearly for this it would be enough if the

T (=Nr)SD(|F])

N@.1) (329)

FeR!
Np<0

were bounded. Note that if this is the case then the corresponding sum
with Ny > 0 can be at most 1 more (because w!/(T) = w!(T) = 1).

LeEmMA 34.5. For F € = k we have [Np| < 2 (i—k)?
PrOOF. ForO0 < r <t —klet

Mp={z:F~1T||z|=r}].

We illustrate a method of coding the elements of this set, in the first case
with a simple example. Suppose r = 3,

F={{1.2.3.4}.{5.6.7.8}}.

Let & be the map with domain {1,2. 3,5, 6,7} which sends 1 and 3 to 1,
6 to 2 and 2,5.7 to 3. Then A codes the z, : F ~~ [ given by successively
dividing the sets in F at the numbers mapped to 1 by /4, then those mapped
to 2, then those mapped to 3. i.e. z; is the path

F={{1,2,3,4}, {5.6,7.8} }.

{{1}. {2.3}. {4}. {5.6.7.8} }.

{{1}.{2.3}. {4}. {5.6}. {7.8} }.

{{1}. {2} {3} {4} {5} {6}. {7}. {8} } = L.
Of course we assumed here that the original partition of F' and all sub-
sequent partitionings kept the elements in the order 1,2,3,4,5,6,7.8. In
general this would not be the case. However any other such path can be
obtained from this one by taking a permutation of the elements in the sets
in F.

Some paths are thus obtained through more than one combination of

a mapping and a permutation but we do have that

ML <J(t—k.r) H|F|'

where J (¢ — k. r) is the number of maps from a set with ¢ — k elements
onto one with r elements and F = {F|. F>, ..., F}.
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Consequently,
t—k
INp| < STIME < (1= k)t — k) (1 — k)1 < 2075,
r=1
as required. -
Let { ,’( } denote a Stirling Number of the second kind, that is the number
of partitions of {1,2, ..., ¢} into k non-empty sets.
LEmMMA 34.6.

t—1

3 {]i fak=o <1p.

k=1
Proor. The proof is by induction on ¢. If # = 2 then the result holds,
so suppose it holds below ¢ > 2. Then using the identity

(=4 {3

and the inductive hypothesis, and dropping zero terms, we obtain that

> {4}
11{;c T +§{z;1} K(—k)

r—1 A PR
4= (k+1)(t—1—k) 4—k(t—1—k)—k
{ } )+ >k f

T
NSNS

gl

bl

k= k=1
—

I\J»—

{f T g—k—1-0)  g=t-1-0)
k=1

k
t—2
t—1 k
+ { }4k(tlk) .
; k 4+ (- {im) ety

< (1/2)4_1 + (1/2)4_1 + (¢t — 1)4—(t—1)
<184+ 1/84+1/4 = 1/2. ]

We can now conclude the proof of the main theorem. By considering
the ‘worst case” where L has a single binary relation symbol (recall that
L is not entirely unary) we have that the probability that a random state
description ®@(aj. .. .. a,) does not have spectrum 1, is at most the sum of
the probabilities that for some 1 <i < j <t a; ~¢ a;. 1.6

Z 272 —y(r —1)272 < 1/8.

1<i<j<t
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Hence 0
t
————— < 8/7 forallt.
N1, <7 for
Again by considering this ‘worst case’ language. if / € E’ has k classes
then ,
SD(|F|) _ 2"

SD(t) — 2"
Noticing that if ¥ = I then Nr > 0 we consequently have that

S~ ENEISD(F) _ 5~ (NpISD(F]) _SDU)

FEE! N(@,l[) FeR! SD(I) N(@l[) B
Np<0 Np<0
t—1 2 t—1
t 2 2K t
(1—k)* = _ —k(1—k) ~
;{k}z = (8/7) <8/7>k§_jl{k}4 <1
by Lemma 34.6, which concludes the proof of the Representation Theo-
rem. —

The following corollary is an immediate consequence of the Represen-
tation Theorem 32.1 for probability functions satisfying Li with Sx.

COROLLARY 34.7. For any probability function on SL satisfying Sx there
are measures (. and y_ on B and 0 < A < 1 such that

w = (1+ 1)/u’_"Ld,u+ - l/uﬁ‘Ld,u,. (330)
B B

Note that a converse to Corollary 34.7 also holds: For any choice of
Aty u_, if the right hand side of (330) defines a probability function
then it will satisfy Spectrum Exchangeability. This then gives an inter-
esting insight into why some probability functions w satisfying Spectrum
Exchangeability fail to satisfy Language Invariance. If we had A = 0 in
(330) then w would satisfy Li by Theorem 32.1 . However in the case A > 0
this artifice can fail because the resulting function on the right hand side
of (330) gives negative values when these language invariant extensions of
the u”L are substituted.

As a further simple consequence of Corollary 34.7 we have:

COROLLARY 34.8. If 0 € SL and u?*(0) = ¢ for all u?* then for any
probability function w on SL satisfying Sx, w(0) = c.






Chapter 35

THE CARNAP-STEGMULLER PRINCIPLE

The Representation Theorem 32.1 also throws light on an idea of Carnap
and Stegmdiller dating back to their [18, p226]. The authors call it Analo-
gieschluss which roughly translates to English as inference by analogy. The
intuition here is that for state descriptions ¥(by.....b,,). ©(b1,....b,,)
for languages L. L,. respectively, with no relation symbols in common,
the probability of the state description W(by,....b,) A ®(by.....b,) of
L U L, should be greater the more @ ‘agrees with’ W in the sense of not
violating the equivalences (i.e. indistinguishabilities) already determined
by ~y.

The following theorem, stated in [79] and proved in [74, pl104]. shows
that for a language invariant family for Sx and a suitable formalization of
‘agrees with’ this does indeed hold.!'?

THEOREM 35.1. Let W(by.....b,,). ®(by.....b,) be state descriptions
of Ly, Ly, respectively, where L, Ly have no relation symbols in common,
such that ~y > ~q. Let L = Li U Ly and let w be a probability function
on SL satisfying Li with Sx. Then for all state descriptions @(by, . ...b,,)
Osz

w(PAD) > w(¥PAO).

This inequality is sharp just if ~y ¥ ~g and for u as in Theorem 32.1,
/ uP (%) du(p) > 0.
B—{(1.00...)}

equivalently w is not of the form iu00-)0-L 1 (1 — 2w’ where 0 < A < 1
and w' is a probability function on SL such that w'(¥) = 0.

PRrOOF. If ~y > ~g then S(¥ A D) = S(¥ A O) = S(¥) (in L) and

by Sx. w(¥ A @) = w(¥ A ©). So suppose from now on that ~y I ~g,
hence S(W A ©) is a strict refinement of S(¥ A @).

310 a similar vein recall the Counterpart Principle, (214), and Theorem 22.4.

267
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We first consider the special case of the probability functions u?X. By
(245),

WEEE A0E) = Y [e@B) [ pe.
s=1

ceNm
YADEC(ED)

W (R(B) A OGB) = Y 1e@h) T ] pe.-
s=1

cenm
YAOEC(ED)

But a moment’s thought shows that whenever ¢’is such that ¥ A® € C(C, b )
then also ¥ A @ € C(¢, l;) Hence
u?L(P A D) > uPL (P AO).

Furthermore this inequality will be strict if there is a ¢’ such that ¥ A @ €
C(Z.h) butnot WA® € C(. b) andthe factor [T", p., is non-zero. In fact
this will always be the case if there is some ¢ for which W A ® € C(¢, 5)
[T, pe, # O0and notall the ¢, are 0 (i.e blacks), since then we can produce
such a ¢ with a non-zero contribution to u?-* (¥ A ®) which gives the same
non-black colour to all the b, in some equivalence class which is split in
¥ A @, so this & does not contribute to u?~ (¥ A ®). In other words it
will always be the case if u?L (W A @) > 0. equivalently u?~ (W) > 0, and

p#(1.0,0,...).
Using the Representation Theorem 32.1 for probability functions satis-
fying Li with Sx,

w = / uPt du(p).
B
the above discussion now gives that
w(PAD) > w(¥PAO)

with strict inequality if

/ uP L (W) du(p) > 0.
B—{(1,00...)} B



Chapter 36

INSTANTIAL RELEVANCE AND Sx

Throughout this chapter L is a general language which can also be purely
unary.

Previously we have considered how the idea that the more I have seen
something in the past the more likely I should expect to see it in the future
can be captured within Unary Inductive Logic. In Chapter 11 we dis-
cussed Carnap’s Principle of Instantial Relevance, PIR, and in Chapter
21 we introduced the Unary Principle of Induction, UPI, as two possible
formalizations of this intuition and we saw that PIR follows from Ex and
the UPI from Ax.

It appears that PIR does not easily generalize to Polyadic Inductive
Logic because it supposes that a state description involving an a; fixes
all there is to know about «;, which is no longer true once we allow
non-unary relation symbols. Extending a state description for n + 1
constants to involve a new constant can be done in considerably more
ways than extending a state description for n constants because there are
more constants that relate to the new one. Consequently probabilities of
extending a state description with n constants in a certain way are not
easily compared with probabilities of extending state descriptions with
n + 1 constants.

However, UPI does generalize straightforwardly to the polyadic case:

THE PRINCIPLE OF INDUCTION, PI.
Let O(by.....b,,) be astate description and let ®(by. . ... by, byy1) and
O5(by,....by. byy1) be extensions of ©. Then

w(0;]0) > w(0,]0) (331)
whenever
0#|{i|l <i<mand by ~e, bi}| >
|{l | 1 < i <m and bm+1 ~O, bl}| .

(If both the above are 0 then we may have any of <. > or = in (331).)

It is an open question if PI is satisfied by every probability function
satisfying Sx (we would conjecture it is) but we can prove it for probability
functions satisfying Li with Sx:

269
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THEOREM 36.1. Let w be a probability function satisfying Language In-
variance with Sx. Then w satisfies PI.

As in the unary case (see Chapter 21, page 161), this theorem is a
consequence of a more general property reminiscent of the Only Rule
(Theorem 21.6). which we will now investigate.

For spectra!' i = (n,ny.....n,) and it = (my, my,....m;) let

A= = Y n; =Y miforall j =12 .. max{r}
i i>j
where we take n; = 0 for r < i < max{r,t} and m; = 0 fort < i <
max{r,¢}.
LeEMMA 36.2. Let®(by.....b,). Y (by.....b,,) bestatedescriptions. Then

S(0) < S(¥) < Forall p B, u?t(0®) < ulL(P).

PrOOF. Let S(®) = (ny.....n,) = i and S(¥) = (my,....m,) = n.
We may assume that n = Y, n; = >~ m; = m (otherwise n > m so
we could consider ® F © with spectrum 7i’ = (n].....n}) < 71 obtained
by restricting ® to some constants only, making certain classes smaller as
we did in the unary case. see page 160).

=: Assume that ®, ¥ as above are such that S(®) < S(¥). Thismeans
that r > ¢ but we will assume r = ¢ appending zeros to 7 if necessary. Let
pEB.

Firstassume pp = 0. Let£(®) = {E..... E,}. Inthiscaseu? (®(by., ...,
b)) equals

m

DD S E>|-11_Ipc,. (332)

k>0 XCNF SjUsUSi=X
[X|=k  $;NS;=0. 1<i<j<r feC(x.S)

where C (X, S) is the set of (¢1.....¢,) € N” such that {c|.ca.....cn} =
X (that is, the colours used are exactly those from X) and
c; € Sj = bi S Ej

i.e. the colours used for constants from the jth equivalence class of ~g
are from S;. Hence

e =3 Y ZN(Z)lk IH(Z ) . (333)

k>0 xcnt S USr= j=1 i€sS;
[X|=k  $;NS;=0. |<1</<r
. On; . . . . .
where the O in ( E pi)  etc. indicates that in the expansion of this
iesS;
power we only count those terms which have a non-zero power of p;

114Recall the convention from page 224 concerning writing spectra as vectors in non-
increasing order.
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for each i € S;, etc.!'> Thus employing (333) for both ® and ¥ and
considering particular X and k. u”(®) < u?(¥) is a consequence of the
following generalization of Muirhead’s Inequality shown in [109].

THEOREM 36.3. If 7 = (ny,na, ... .0y, i = (my,ma,....m,) € N’ sat-
isfymp >np > ....>n >0.m >m > >m >0,50_ m =
i ni and @ < ii then for 0 < py. ..., pr € R,

SRS 1 (D7) MRS DI | (O SV

S{U-USr={popp ) j=1 i€S; $10-USe={ppi} =1 I€S;
5;NS;=0. 1<i<j<r 5;NS;=0. 1<i<j<r

(334)

The general case when py # 0 follows upon noting that u”** can be
approximated arbitrarily closely by a u?% with ¢y = 0. To see this let N
be large and let ¢ be the sequence in B resulting from p by replacing the
colour black by N shades of grey, each assigned probability po/N. In
other words ¢yp = 0 and the ¢; for i > 0 are just the same probabilities
P1. P2. P3. ... of the old non-black colours together with N probabili-
ties po/N, po/N. ..., po/N for these new greys inserted at an appropriate
position. So

0 ifi =0,
_ ) pi ifi <M.
%=\ po/N ifM+1<i<M+N.
pin ifi>M + N,
where M is the last i for which p; > po/N. For & = (¢, ..., c,) € N" let

K (&) be the set of all k= (ky, ..., ky) such that
oneof M, M +1,..., M+ N ife; =0,
kj: Cj 1f1§c,§M
C‘,‘+N if M < Cj,
SO G, = pe; unless ¢; = 0 in which case gx, = po/N. Noting that
e forevery k € (N*)™ there is a unique & € N such that k € K(¢)
e for every ¢ € N we have

m m

IIre= > H%
i=1 kek(e) i=
e C(¢.b) = C(k.b) unlessk is such that k; = kie{M+1.....M+N}
for some i # j (in which case C(Z.5) D C(k,b)),

15Note that for S and / such that / < |S| we have Xies p,-)Dl = 0. As usual we take
sums over the empty set to be 0, so

(Sr)"={0 W50

i€
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we can see that

m

uPH(O(by.....by)) = Z c(¢.5)|! Hpc,
i=1

EEN"’
and
ulH @y, b)) =Y > [ek.B) " ][ aw
TEN" Fek(e) i=1
differ by

m
2 2 (eIt~ @b [Ta
ceNm g
where the second summation is restricted to those & € k(&) which feature
somek € {M +1,.... M + N} more than once. Hence this difference is
bounded from above by the sum over such k of [T, gk, which in turn is
at most

(%)) x N x (po/N)? < m/N.

Similarly for W (by.....b,,) and since N can be arbitrarily large. the result
follows from the case already proved.

«: To show the other direction suppose that ®(b;,b,.....b,,) and
W(by. by, ....b,) are such that

(nmi.ma.....n, 0) £S(¥) = (my.my.....my).

with n, > 0. Let j < r be such that

such a j must exist since >;_,n, = >.i_; m; and S(®) £ S(¥). Let
p be such that pg = 0 = p; fori > r, p; = (1 —¢)/j fori < j, and
pi =¢/(s —j) for j < i <s, where ¢ > 0 is small and s = max{z,r}.
Then it is straightforward to see that

u‘_’(®(b1 by. ..., bm)) > D]&miN

uﬁ(‘P(bl, by, ..., bm)) < ngme
for some constants Dy, D, > 0, which gives as required that

uﬁ(®(b1, bz, e bm)) f uﬁ(‘P(bl, bz, e bm)).
This completes the proof of Lemma 36.2. -

COROLLARY 36.4. Let w be a probability function satisfying Li with Sx
and let ©(by.....b,), ¥(by.....by) be state descriptions such that S(®) <
S(W). Then w(®) < w(¥).

Proor. This follows from Theorem 32.1 and the previous lemma. -
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PROOF OF THEOREM 36.1. Let ©(by, ..., b,,) have spectrum (my, ..., m,).
Adding b, to the jth equivalence class of ® produces a state descrip-
tion with the same spectrum as that of @ except that m; is increased by 1.
Hence if O is obtained by adding b,,,,1 to a larger class and @, is obtained
by adding it to a smaller class (or having it form a class of its own, possibly
also splitting classes of ®) then S(®;) =< S(®;) and so by the previous
corollary w(®;) < w(@®;). Consequently also w(©,]|0) < w(©,|@®), as
required. B

We would conjecture that Theorem 36.1 also holds for heterogeneous
probability functions, and hence, by the Ladder Theorem 30.2, that Sx
alone implies PI. However at present there are only some partial results
in this direction concerning heterogeneous probability functions and PI,
most notably:

THEOREM 36.5. Ifw is t-heterogeneous and @ (by, . ...b,). Y (b1.....by)
have spectra of length t and satisfy S(®) < S(W¥) then w(®) < w(P).
Similarly when both ©® and ¥ have spectra of length t — 1.

This follows from the Representation Theorem 31.11 and from the
following lemma originally proved by Landes in [74].

LEMMA 36.6. Let p € B, andlet ®(by.....b,,).¥Y(b1.....b,,) have spec-
tra of length t and assume that S(®) < S(W¥). Then v71(®) < vPL(\P).
Similarly when both ©® and ¥ have spectra of length t — 1.

ProoF. If ® and W have spectra of length 7, say S(®) = (ny,....n,)
and S(¥) = (my,...,m,), thenthe @€ {1,...,¢}" consistent with © are
those that feature all the ¢ colours, exactly one for each equivalence class,
and for such a @ we have G(¢,0) = 1/N (0. 1,), so

1 _—
v (@) = /\/'(Tlt) Z Hpo’(i)

geS; i=1

and similarly for ¥. So the result follows from the (original) Muirhead
Inequality, see [39, p44], which gives us that

! t
b | AP | DA
g€eS, i=1 og€eS; i=1

Now suppose that ® and ¥ both have spectra of length ¢+ — 1, say
S(@) = <n1, A ,I’l,,1>, S(\I’) = <Wl1, e ,mt,1>. Then in

m
)= Y G o],

Fe{lt}m i=1
only those ¢ feature with non-zero G(¢, ®) which use exactly # — 1 colours.

To see this notice that ¢ must use at least £ — 1 colours because there are
t — 1 classes, and if it used all ¢ colours then there would be no extension
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to a state description with spectrum 1, and G(&, ®) would be zero. For
each such ¢ consistent with ® we have
N (1,,1 lt)
Fe)=—1
919 ="N.1)
and these ¢’ must have one colour for each equivalence class of ® so
; N1, 1. 1) —
el - Nk x oy I
N(©.1,) 1<ki<--<ki_1<t 0ES,_; i=l .

and similarly for . Hence the result follows again from the Muirhead
Inequality which gives us that for every such ky,....k, 1,

t—1 t—1
n; mi
> Ik, = > 100,

ogeS,_ i=1 g€S; 1 i=1 =



Chapter 37

EQUALITY

In our language L we have omitted equality, which might seem strange
since this is an essential feature of many applications using predicate logic
and indeed appears in the seminal papers of Gaifman, Snir, Scott, Krauss
on Probability Logic, see for example [30], [32], [132]. However the fact
is that, at least in its present state of development, equality seems to us
rather secondary in the context of PIL.!16

To see why this is consider the experiment of picking cards from a set
of playing cards with replacement. using a language that describes the
suit but not individual cards. Suppose we have picked, and replaced, a
heart and then again pick a heart. Does it matter whether it is the same
card that we chose before or another card of the same suit? Clearly if
we are only interested in assigning a probability to picking a card from a
particular suit in the future this information is irrelevant, a set containing
merely the four queens is the same as far as we are concerned as the full
pack.

Similarly with our agent in question Q. How could our agent ever
reasonably assign any rational degree of belief to a; and a; being equal,
unless i = j? It would seem that to rationally make any such commitment
would require knowledge which the agent is explicitly assumed not to
possess.

Of course adding equality to L does increase its expressive power, for
example we now have a sentence expressing that there is exactly one «;
satisfying the predicate P(x). But in view of the above discussion what
does that mean as far as our agent is concerned?

Formally adding equality to L poses few problems. In (P1) and (P2)
we restrict logical consequence, F, to structures which satisfy the axioms
of equality (see for example [91, p94]). so in particular (P1) now gives
that the axioms of equality must receive probability 1. In the statements
of Px and SN the relation symbol R is not allowed to be = and in the
definition of a state description ®(a) we now need to add the requirement
that it is consistent, meaning that if @; = a; is a conjunct of ®(&) then

116 An exception here is Hilpinen’s [45] which specifically investigated equality in the
context of Unary Inductive Logic.
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a; ~g a;. T L is defined as before but for structures satisfying the axioms
of equality. Gaifman’s Theorem 7.1 and its Corollary 7.2 now follow and
beyond that Part 1, The Basics, develops as before.

It turns out however that whilst equality may arguably be of little con-
cern to our agent in the context of question Q it is implicitly present in
the principle Sx (at least in the presence of Li) and making this explicit
provides us with some mathematical insight. This presence comes about
through the basic building block probability functions u”-*. For, infor-
mally, suppose that within the calculation of u”£(@(a)). a; and a; receive
the same colour. Then thereafter they will forever remain indistinguish-
able and hence, in accord with Leibniz Principle [86] (or [28]). should be
considered to be identical. Thus it appears that we might extend u”"* on
alanguage L without equality to L plus equality, which we denote by L_,
by identifying constants with the same colour.

First we need to extend some of the notation. We shall say that
W(by.....b,) € QFSL_ is a state description for by,....b,,. where as

usual by, ..., b, are distinct constants from the ai. a2, as. . . ., if ¥(b) is
consistent with the axioms of equality and has the form
Obr.....bw) A\ +bi=b, (335)
1<i.j<m

We shall refer to the conjunct

/\ Ebi=b,

1<i.j<m

where O(b. ..., b,,) is a state description for L.

as an equality table, or, as in this case, the equality table of ¥, usually
denoting it by Y. Notice that the requirement of consistency with the
axioms of equality entails that:

If by = b; occurs (positively) in the equality table for ¥ then b; ~¢ b;.
In other words, ~v is a refinement of ~e.

Conversely if this condition holds between an equality table Y (b, . ...
b,,) and a state description ®(b;.....b,) € OFSL then ®(by.....b,) A
Y(by.....b,) will be consistent, and hence will be a state description
inL_.

Indistinguishability with respect to state descriptions ¥ of L_ is a con-
siderable simplification from what it was for L alone since now b; ~y b;
justwhen W E b; = b;. The spectrum of ¥ as in (335) is just the spectrum
of Y and b; ~y b; implies b; ~y b; for any state description ¥’ extending
. In other words, once b; and b; are equivalent then they remain equiv-
alent forever, in all extending state descriptions. Thus by adding equality
we have regained a property which we had in the unary case and which
relates Sx to Kingman’s ‘classical’ investigation of Partition Structures,
see [66], [67].
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We are now in a position to elaborate on the above remarks concerning
the implicit presence of equality in the u”-~. Namely, revise the defini-
tion of C(¢. 5) given on page 205 to state descriptions of L_ by setting
C_(¢.b) to be the set of all state descriptions W(b) as in (335) such that
O(by.....by) €C(Z.b) and

Y(B)Eb =b; < ¢;=c; > 0.
Notice that
|C_(¢.b)| = |C(@.b)|. (336)

where the latter is for L, since ¢’ determines the table uniquely. Now define
by analogy with u”* the function u”*= on state descriptions ¥ as above
by

m

wt ()= N 1e@8) ] pe. (337)
s=1

cenm
Yec=(ch)

As for u?* we can now show that 17/~ extends to a probability function
on SL_. the only novel feature being to check that u?-*~ gives the axioms
of equality probability 1. To take an example here, we require that for R
an r-ary relation symbol of L u?-'= gives probability 1 to

.
Vxi, .. .,xz,( /\ X;=X; = (R(x1..oo.x0) = R(xp41. . .,xz,))),
j=1
equivalently probability 0 to each of the

R(byi.....by) A=R(byi1..... by) N N\ bj = br;

where, contrary to the standing convention, the b; need not be distinct.
But that is clear from (337) since a state description extending this sentence
could not be in any C_(¢,5). The other equality axioms are confirmed
similarly.

Again as for u?L the probability functions u?'= satisfy Ex and Sx.

It now follows that if the probability function w on SL has a represen-
tation in the form

o [t
B

equivalently by Theorem 32.1 if w satisfies Li with Sx, then w has an
extension to L_, namely

w:/Bui”L: du(p).

In fact as shown in [77] the result goes the other way too:
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THEOREM 37.1. Letw be a probability function on SL. Then the following
are equivalent:

(i) w has an extension w'= on L_ satisfying Sx.
(i) w has a representation of the form

w:/Buﬁ’Ld,u([?).

(iii) w satisfies Li with Sx.
Furthermore when L is not purely unary the extension in (i) is unique.

ProOF. The equivalence of (ii) and (iii) follows from Theorem 32.1.
The above discussion shows that (ii) implies (i) so for the first part it only
remains to show that (i) implies (iii).

Assume that w satisfies (i) and to cut down on the notation denote
this extension also by w. First notice then that w [ SL satisfies Sx.
Since suppose that S(©;(5)) = S(©,(5)). without loss of generality that
~@,=~p, since by our standing assumption w satisfies Ex. Then for any
equality table T(5), ®;(h) A T(b) will be consistent just if @»(5) A Y(b)
is consistent and by Sx for L_,

w(@1(6) AY(b)) = w(®:(5) A Y(B)).

Taking the sum over all Y(5) gives w(®,(5)) = w(®,(h)) and Sx for L
follows.

Now let L’ be a language (without equality) extending L. In view of
the previous paragraph it is enough to show that w has a unique extension
to L’ satisfying Sx. By way of motivation here suppose for the moment
that we did have such an extension w’. Then it would have to satisfy that
if Y(b) was an equality table and ©(b), ®(b) state descriptions of L’ each
separately consistent with T then

w(OAY)=w'(PATY)

since these two state descriptions for L” would have the same spectra
(namely that of Y'). Hence, since w and w’ agree on Y, it would be forced
that

w' (OAY) = Ky'w'(T) = Ky'w(Y) (338)

where K is the number of state descriptions CI)(I;) of L’ such that T A @
is consistent. It only remains to show that w’ defined by (338) indeed is
(more precisely extends to) a probability function since Sx then follows
from the fact that for consistent @ A T, w’(® A YT) only depends on T,
and w’(Y) = w(Y) depends only on the spectrum of T.

Conditions (i) and (ii) of (34) clearly hold for w’ defined in this way.
Concerning condition (iii) let ®(ay.....a,,) be a state description of L’
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and Y(aj.....a,) an equality table consistent with ®(ay.....a,,). Then
from (338) we have that for Y+ = Y (a1, ..., apms1).
’ o 1 - U)(T+) ) K’r\
w(@OAY) =Ky'w(T)= > el o (339)

THEY

The first fraction in this summation is w’(®* A YT) for any state descrip-
tion @ (ay, ..., amns1) of L' such that ®F A Y™ is consistent. The second
fraction equals the number of extensions ®" of ® such that @* A T is
consistent. Hence

w (OATY) = Z w (O (ar,....ame1) NY (a1, ... ame1)).  (340)

0tEO
THET

Thus w’ defined using (338) on the ®(a;. .. .. am)NY(a.....a,)extends
to a probability function on SL” and, by Lemma 7.3, satisfies Ex. In
turn then it also satisfies (338) for @(by.....b,,) A X(by....,b,) and so,
as already observed, Sx.

It remains to show the uniqueness of w’= when L has at least one non-
unary relation symbol. Suppose on the contrary that w, w;, both satisfied
Sx on L_ and extended w. Recall from page 201 the partial ordering on
the equivalence relations on {1, 2, ..., m} defined by

~| <~y < ~, isa proper refinement of ~ .

We shall show by reverse induction on the ordering <1 of the ~v that for
O(by.....b,) astate description of L and Y (by.....b,,) an equality table
consistent with @, w1 (@ A Y) = w»(® A T). Since w;. w» both extend w.,
for ® as above, fori =1, 2,

w(0) = Z wi(OAT)

~p <~y
= Y wOAT)+ > wi(OATY) (341)
~O=~T ~e<d~r

where the Y range over equality tables for by, . ... b,,. Thus the right hand
sides of (341) are equal for w; and w,. Take ~g, to be the top element of
the ordering <, i.e. where the equivalence classes are all singletons. Notice
that there is such a state description because of our assumption that L is
not purely unary. Then we obtain from (341) that

:g:: wi (O AY) = :g:: wr(@g A Y).
~ey=~T ~ey =T

In other words w;(®y A o) = w2(@g A Yy) for the unique equality table
T, consistent with ®y. By Sx for both w; and w, then they must also
agree on any ® A Y for which ~- is this top element.
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Having established this base case and using (341) it immediately follows
by reverse induction on the ordering < that w; and w, agree on all spectra
and hence agree everywhere. o

One might have expected to have also had uniqueness of the extension of
w to L_ even in the case when L was purely unary. Somewhat surprisingly
however this is not the case in general: As shown earlier on page 245 for
L having just a single unary predicate symbol Carnap’s ¢f is actually a
member of two distinct Li families satisfying Sx. By the above theorem
then ¢ must have extensions to L_ giving both of these families, and
hence two distinct such extensions.

In the above we have tacitly assumed that the language L we were
expanding with equality is non-empty. However the demonstration of
(iii) from (i) in the proof of Theorem 37.1 works perfectly well even if
the language L_ has only = as a relation symbol. That is, if w is a
probability function on the sentences of the language Lg, whose only
relation symbol is equality and w satisfies Ex and Sx then w has a unique
extension to any language L_ which satisfies Ex and Sx. Indeed it is easy
to see that for Lg, simply the requirement of Ex (plus giving the axioms
of equality probability 1) ensures that Sx holds. This is worth capturing
as a corollary:

COROLLARY 37.2. Let w be a probability function on SL with a represen-
tation of the form

w:/Bu’_"Ld,u(ﬁ).

Then w is uniquely determined by the restriction to L, of its extension w
toL_.

Conversely, a probability function wg, on SLg, satisfying Ex uniquely
determines a probability function w™= on L_ satisfying Sx and in turn a
probability function w = w'= | SL on SL satisfying Sx.

L-

At this point one might expect that we could replicate the above proce-
dure with v”-~ in place of u?~. However, Theorem 37.1 makes it clear that
that cannot in general be the case, otherwise by that theorem v7-L, where
p € B,. would have a representation in the form given in (ii). which it
does not for # > 1.'7 In fact the situation is more dramatic than that: As
detailed by Landes in [74], for # > 1 and w a ¢-heterogeneous probability
function for a not purely unary language L we cannot add equality nor
any new relation symbol at all to L and extend w to that language in such
a way as to retain Sx.

To see why this is let w, . L satisfy these requirements, let L’ be the
result of adding, say, a new unary relation symbol R to L and suppose

7TWhen ¢ = 1 the single 7-heterogeneous probability function is ¢f and it does have such
a representation.
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that w” was a probability function on SL’ extending w and satisfying Sx
(and Ex as usual).

First note that w’ must also be z-heterogeneous. For suppose that
@'(by,....b,41) was a state description of L’ with spectrum 1,.; and
w'(®'(by,....b,11)) > 0. Since w’ satisfies Sx this would also have to
hold for any other state description of L’ with this same spectrum, so
since L is not purely unary we may also suppose that ®(by.....b,,1) has
this same spectrum where @ is the state description of L which @’ logically
implies. But this cannot be since

w'(@'(5)) < w'(®(5)) = w(®(b)) = 0.

Turning to the second requirement for z-heterogeneity, with the analogous
notation, we have that

n}i_r)noo w’( \/ @ (ay, ..., a,,,))

|S(@ (ay....am))| <t

<dimw'( O\ ®ar....a)

m— 00

= lim w( \/ (D(al,...,am)):O.

m—»00

Having established that w’ must also be -heterogeneous let O(ay, .. ..,
a,) be a state description of L with equivalence classes {a1}, {a2}, ... .
{atfz}, {atfl, at} al‘ld let

t—1

Y(ai,....a;) = -R(a;) A /\ R(a;).
i=1

So ® A W is a state description of L’ with equivalence classes
{aryA{ar}. ... {ara} {ai}A{ar}.

and in consequence of ¢-heterogeneity w’(® A ¥) > 0.

Now, with the analogous notation againand m > £.1let®* (ay.....a,)A
Y*(ay.....a,) be a state description of L’ extending ® A ¥ with
w (@ (ay,....an) NY (ar.....a,)) > 0. (342)

Then ®F must still have |[S(@")| = ¢ — 1. Since if some a; with ¢ <
J < m split the class {@,_1. a,} of ~g then ~g+ would have at least 7 + 1
equivalence classes, contradicting (342) whilst if some a; with t < j <m
started a new class beyond those of ~g then together with the fact that
a,;_1. a, are distinguished by ¥, ®" A W' would again have at least 7 + 1
equivalence classes and (342) would again be contradicted.
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But now this gives that

Z w(®+(ala---»am))

|S(©+)|=t—1
otEe

= Z w/(®+(al,---aam))

|S(OF)|=t—1
OTE®
- Z Zw’(@*(al, coan) NP ar. .. aw))
|S@1)|=t—1 Y+t
0t Ee

>w'(O(ay.....a) NY(ar.....a;)) >0,

and taking the limit as m — oo this contradicts the 7-heterogeneity of w.

The corresponding result for adding equality follows exactly similar
lines, we refer the reader to Landes [74] for the details.

We conclude this chapter with a corollary to the proof of Theorem 37.1,
also due to Landes [74, Theorem 16]. which gives some further insight into
why probability functions satisfying Li with Sx and probability functions
on SL_ are so closely related.

COROLLARY 37.3. Let w’ be a probability function for a not purely unary
language L which satisfies Li with Sx and let w4 be the restriction to SLg,
of the unique extension w™= of w* to SL_. Then for an equality table
Y(bi,....bwm).

wf(T) = lim w*(©),
(1) A @(};m (©)
~rYEYe
where the ©(by. ....b,,) are state descriptions of L. w* is that probability
function for the language L in the language invariant family containing w*

and |L| is the number of relation symbols in L.
Proor. We first show that

lim " w(@AT)=0 (343)
|£F%M)mm ..... i)
~OFNT
where ©(by. . ...b,,) ranges over the state descriptions for by, ....b,, in L.

Since the summands in (343) for which ~~ is not a refinement of ~¢ are

zero it is enough to show that for ~y a strict refinement of an equivalence
relation E on {by. by, ..., by},

w5 (OAY) =0. (344)

| L]0

O(by b))
~o=E

Since,

CIC Otb1tm)
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to show (344) it is enough to show, with the obvious shorthand. that

> g WS (OATY)
lim G

1£]=00 D5 ory WE(O A T) (345)

From (338) all the w*-(® A T) appearing here are equal (with value K1 ')
so the fraction in (345) is just

{®]~eo = E}|
{O|~e =~}

But it is easy to see that as |£| — oo this ratio tends to zero because if
bi, . bi.. ... b; , are representatives from each of the | E| equivalence classes
of E and b;,.b;,.....bi, . ....b;, from each of the |[~y| > [E]| classes of
~ then, at each increment of | L], for every choice of ®[b;,. b;,. . ... bi ]
(which determines ® when ~¢ = E)
least double that number of choices of ®[b;,. b, ....b;

iz -+ - bi,] (Which
determines @ when ~g = ~v). This establishes (345) and hence (344)

and (343).
Finally then
lim Y wfO)= lim Y Y w(0AA) (346)
|£]—o00 Oby i) |£] =00 A Oy .bm)
~TEYO ~Y=YO
where A ranges over the equality tables for by, b, . . ., b,

= lim > w5 (@A)
|£] =00 Oby .y

~TEYO

since by (343). with A in place of Y. the summands in (346) for which

A # Y go to zero in the limit,

= lim Z wc (O AY),

|L]|—00

by using (343) again. Since this sequence is constantly w(Y) the result is
proved. -

We remark that this corollary also holds, by the same proof, even if
L is purely unary; it is just that in that case the Li family etc. (which
now may not be unique) has to be chosen to correspond to a particular
representation as in Theorem 37.1(ii). Precisely, we should take the Li
family for Sx to be of the form

g
B
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and
wh= :/uﬁ’L: du(p)
B
for some fixed representation
wh =/u’_"L du(p)
B

of w*.



Chapter 38

THE POLYADIC JOHNSON’S SUFFICIENTNESS
POSTULATE

Historically a central principle in Unary Inductive Logic has been John-
son’s Sufficientness Postulate, JSP, limiting as it does the ‘rational’ prob-
ability functions to those in Carnap’s Continuum of Inductive Methods.
In view of this it is natural to ask if the postulate might be generalized to
the polyadic.

In fact there seems an obvious way of doing this since JSP for a purely
unary language can be equivalently formulated as saying:

Whenever ®(by. ....b,). ®(br.....b,.b,11) are state descriptions for L
with ® extending © then w(®(by,....b,.byi1)|O(by,....b,)) depends

only onn and |{i | b; ~¢ byi1.1 <i <n}|. (347)

Unfortunately however this possible generalization of JSP is really just
too strong. As shown in [141] for purely binary languages and subse-
quently extended in [74] to non purely unary languages (see also [79])
it is satisfied by just two probability functions, ¢}, ¢k, (aka u(*1:0-).L,
u(100-).L) ‘neither of which seem particularly attractive on other grounds.
(On a more positive note however since both of these satisfy Sx we do at
least have that (347) implies Sx. just as JSP implies Ax in the unary
case.)

At this time it is not clear what, if anything, is the ‘right” generalization
of JSP to the polyadic. However this problem nicely disappears if we
replace L in (347) by L_. a principle we shall denote by JSP_. This
might of course have been anticipated in view of our observation on page
276 of the previous chapter that restricting to L_ takes us back to the
same situation as in the unary where the equivalence classes of a state
description do not split with further extensions.

The following theorem, which we shall later generalize to L_, is a
special case of a result proved by Zabell, in [148, p249] (see also [72, chap-
ter 6], [149. p295]). which gives a complete characterization for the
weaker version of JSPg, (i.e. JSP— when L_ = Lg,) where addition-
ally in the case |{i|b; ~o bpi1,1 < i < n}| = 0 the probability

285
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w(®(by,....by. buy1) | Oy, ....b,)) depends also on |S(®)| (and Reg-
ularity is assumed). The proof given below is extracted from a more
detailed version in [74, chapter 13.3].

THEOREM 38.1. A probability function w on SLg, satisfies JSPg, if and
only if there is a /. € [0.00] such that for all equality tables Y (by.....b,).
YH(by,....bus1) of Lgg with YT (by, ... bysy) extending Y (by.....b,).

As if s >0,
. A+n
w(XT(by,....byy1) | X(by,....0y)) = P (348)
- ifs =0,
A+n

where s = |{i|byy1 ~y+ biandi < n}| = |{i|i < nand X+ E b; =
bn+l }|'118

We name such a probability function cf" after its obvious parallel
with C/L

Proor. That cf‘l defined by (348) determines a probability function
on SLp, satisfying Ex follows as in the analogous demonstration for the
unary c> on page 99. and clearly also satisfies JSPp,.

In the other direction suppose that w satisfies JSPg, and let the function
g be such that

w(XH(by,....by.bys1)) | Y (b1, ....by)) = g(s.n)
where again s = |[{i|b,.| ~y+ by and i < n }|.
First notice that!"”

0.0) =w(a; = ap) =1,
(349)

L1) =w(a # a2) + wla) = ay) = 1

Suppose that g(1,1) = 0. Then for any table Y(b;.....b,) which
logically implies some b; = b; with i # j,

w(Y(6) < w(bi =b;) =g(1.1) =0,
so it must be that for each n,
w( /\ a; # aj) =1
i<j<n

and (348) holds with 4 = oc.

Similarly if g(0, 1) = 0 then for any table Y (by.....b,) which logically
implies some b; # b; with i # j.

w(T(b)) < w(b; # b;) = g(0.1) = 0.

118yith the usual conventions in the case 2 = oo that njoo =0, 00 +n = oo, % =1.

198ince a; #ay = (a; #ayNay = a; Nay = a; A\ ay # ay) ete. there is no need for
us to write out the complete equality table here, a shortening we shall use frequently in what
follows.
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so it must be that for each n,
w( /\ a;=a j> =1
i<j<n
and (348) holds with A = 0.
So we may assume that there is some 0 < 4 < oo such that

1 A

1L1)=——, )= —.

gLl =137 0 D=1

The idea, as in the corresponding proof for JSP, is to generate enough
equations in the g (s, n) to uniquely determine these values. We shall show

by induction on n > 1 that for A as in (350),

(350)

- ifs >0,
n—+ 4

gls.n) = (351)
if s = 0.

n+ A

The result for n = 1 follows from (350). Assume then that the result has
been established up to n — 1 > 1, so in particular w(Y(by.....b,)) > 0
for any equality table Y (by.....b,). By Ex.

wlay=ay A )\ a#aj) =wla =ap A )\ a #a))

i<j<n+l i<j<n+l
(i.j)#(1.n) (i.j)#{(1n+1)
SO
g(l.n —1)g(0.n) = g(0.n — 1)g(1.n). (352)

Alsofor0 < s<mnand Y = (/\1Si<]§s+1a,~ #aj N N\yeijan @i = a;).

s+1 s+1

w((Aaw #a) v (\ ar =a) | 7(@) =1
i=1 i=1

which gives

g(0.n)+sg(l.n)+gln—sn)=1. (353)
Using the inductive hypothesis we can now solve the equations (352) and
(353) to verify (351) for n. o

The plan now is to generalize this theorem to JSP_. First however it
will be useful to have the following lemma which parallels Lemma 17.1
from the unary case.

Lemma 38.2. JSP_ implies Sx.
PrOOF. Let ®;(by.....b,) fori = 1,2 be state descriptions of L_ with
the same spectrum, say
@,’(b],. .. ,bn) = (D,-(bl, bn) N T,'(bl, - ,bn)

where @; (5) is a state description of L and Y;(b) an equality table.
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Since we have Ex we may suppose that Y(5) = Y»(b). Then
H{i|bi ~e, bu. 1 <i<n}| ={i|b;~y, by, 1 <i<n}
= |{l |bl ~Y, bn,l <i< I’l}l
= |{i|b; ~o, by, 1 < i< n}|.
Hence for w satisfying JSP_. w(0O1(by.....b,))is determined by
n. w(@(b)[by.....by_1]and |{i | b; ~x, by, 1 < i< n}|.

Since the equality table of ©(5)[b.....by_1]is Y1(B)[br.....by_1]
this gives that w(®;(b.....b,)) is determined by n, and the sequence
for j = 1.2,....n of {i|bi ~x,p,..5) bj-1 < i < j}|. But since
T1(5) = T(b), ©(b) is likewise determined by this same sequence. so

w(®1(5)) = w(O,(h)). as required. 4
COROLLARY 38.3. A probability function w on SL_ satisfies JSP_ if and
only if there is a A € [0, o] such that for all state descriptions @(by, . ...b,).

Ot (by.....bys1) of L with®T(by.....b,.1) extending O(by.....b,).

N

A+n ifs>0.

w(®+(b1,...,b,,+1)|®(b1,...,bn)): }uSDL(I’l) ) B
Gsnsbinrn 75=0
(354)

where s = |{i|byy1 ~eo+ bj andi < n}|.

PrOOF. If w satisfies JSP_ then the restriction of w to SLg, satis-
fies JSPg,. To see this notice that for equality tables Y(by.....b,).
YH(by.....b,11). with YT extending Y,

N Y w(@T (b by ) ATT(DyL b))
w(|T) = q}z@w((b(bl,...,bn)/\T(bl,...,bn))

where the @ range over state descriptions of L consistent with T etc..
But since, by Lemma 38.2, w satisfies Sx all the terms in the numerator
are equal, and similarly in the denominator, so

J(T+)w(®+(b1, e 7brl+1) A T+(b17 e 7brl+1))
J(T)’w(q)(bl, b)) A T(bl, .. ,bn))
for any particular ®* consistent with Y+ and extending ®, where J(Y)
is the number of state descriptions ®(b.....b,) of L consistent with
Y(by.....by,)etc..
If s > 0 then J(Y) = J(Y*) in which case (355) reduces to
w((D+(b17 e ‘/bl’l‘f’l) A T+(b17 e ‘/bl’l‘f’l))
w(®(by.....b,) NY(by.....b,))

and by JSP_ this depends only on s and #.

w(YT[T) = (355)

(356)
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If s = 0 then
J(XYT)  SDE(n+1)
J(Y)  SDL(n)
since there are no restrictions on b, 1, so again (355) depends only on s

and n. This completes the proof that w restricted to SLg, satisfies JSPg,.
From this, Theorem 38.1 and (356), we obtain that for s > 0,

(357)

w(@*(bl, . ,an)/\T*(bl., e :bn+l)) |’LU((D(b1, o b)AY(by, ..., by))

N
= w(T+(b1,...,bn+1)‘T(bl,...,bn) = " +/1

and similarly using instead (357) in the case s = 0 we obtain as required

w(® (by..... b)) AYT(br. ... byy1)) |
w(®(by.....by) NY(by.....b,))
_ SD%(n)
- SDL(n+1)
B .SDE(n)
 (n4+2)SDLE(n+1) 4

cw(YT(br.... byg1) | X(br. ... by))

Clearly the probability function defined by (354) is the extension of cf"
to SL_ as given by the construction in the previous chapter. In turn we
could now produce the restriction of this probability function to SL with
the intention of realizing some illuminating polyadic version of Johnson’s
Sufficientness Postulate which characterizes it. Unfortunately the formula
that arises directly in this way (see [74. p126]) verges on meaninglessness
and any such epiphany is still awaited.

We conclude this chapter with a result'?® (see [74] or [79]) showing that
cf" on Lg, is in a sense the limit of Carnap’s ¢* as the size of the unary
language L tends to infinity. Precisely:

COROLLARY 38.4. For an equality table Y(by. ....b,) of Lg,.
(0(B) = lim > cH(O(by.....b,))

|L]—o00
~o=rr

where the limit is taken over unary languages L and the sum is over the state
descriptions ©(by. . ...by,) of L for which ~g=n~r~.

PrROOF. Simply writing out the formulae involved when S(Y) = {s1,
$2,.... 58} we have

17Tk =1
_ 2T Hj‘:l J
/G +2)

120This result straightforwardly generalizes to the extension of ch to L—.
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k—1 Jk=1p—kq 1: f[:l LR
> HObr.....b)) = []27 - i) x Lo [y & + 2270
~o=rt i=0 [5G +4)

for |L| = ¢ (where we have in each case canceled out a factor of 4 in the
denominator to cover the case A = 0). From this it is easy to see that we
obtain equality in the limit as ¢ — oc. =



Chapter 39

POLYADIC SYMMETRY

In this chapter we shall revisit the ideas proposed in Chapter 23 on Unary
Symmetry but now in the context of a polyadic language L.

To recall the notation, just as in the unary case let 7L be the set of
structures for L with universe {ay. az. a3, . .. }, with the evident convention
that the constant a; of L is interpreted in M € T L by the element a; € M.
Let BL be the two sorted structure with universe 7 L together with the
sets

[0]={M eTL|MEOQ} for0cSL

and the membership relation between elements of 7 L and these sets.
An automorphism # of BL amounts to just a bijection of 7 L such that
foreach 0 € SL,

Ol ={nM)|McTL MFEO}=][y]

for some y € SL, and conversely for every v € SL thereisa 8 € SL
satisfying this. Again as in the unary case we may write 70, or #(0). for the
sentence ¢ € SL (up to logical equivalence) for which 7[0] = [¢]. Note
that with this convention we have #(=0) = -5 (0). (0 A @) = n(0) Ay(¢)
etc. up to logical equivalence. Indeed we again have as in the unary
Proposition 23.1 that for w a probability function w,, defined by w,(0) =
w(#n0) is also a probability function.

With the same rational justification as in the unary case we are led to
propose an ‘ultimate polyadic symmetry principle’:

THE INVARIANCE PRINCIPLE, INV.
If n is an automorphism of BL then w(0) = w(n0) for 6 € SL.

Three obvious questions now arise. Firstly, is INV even consistent?
Secondly, does INV enable us to justify Sx on the grounds of symmetry?
And thirdly, what new, comprehendible, polyadic symmetry principles
arise as corollaries of INV?

The answer to the first question is yes. If, as usual, the relation symbols
of L are R1. R, .... R, etc. then the atoms of the Boolean Algebra BL

291
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are just the singleton sets
q
/\ VX1 X0, ..., £ R;(x1.x2.... . Xr,)
j=1

and since any automorphism of BL must map atoms to atoms it is easy
to see for the polyadic case, just as for the unary case, that the probability
function giving each of the 2¢ sentences

q
/\Vxl,xz,...,x,.j :l:Rj(xl,xz,...,x,.j)
j=1

probability 274 will satisfy INV. So certainly INV is consistent. Of course
this is just the same argument as we had in the unary case, and in that case
it this turned out to be the only solution to UINV. Whether or not that
turns out to also be the case in the polyadic is currently an open question
though if failed attempts to prove it are anything to go by it would seem
not.

The answer to the second question is currently open. Given that Sx has
been proposed as the extension of Ax to the polyadic, and Ax is justified
by UINYV, one might hope for a positive answer here. However, as we shall
see, the present ‘best try’ falls short of giving us Sx and instead it yields a
principle that arguably has equal or even better claims to be the polyadic
version of Ax.

That brings us to the third question. Just as in the unary case, INV gives
the standard ‘old’ symmetry principles Ex, Px, SN and Vx but in order to
go much further than this we now need to give a rather technical charac-
terization of a more extensive family of automorphisms of BL which map
state descriptions to state descriptions. A version of the account which
follows appeared previously in [114].

For ©(by, b, . ...b,) astate description of L we shall call ©(x;,, x;,, . ...
x;,) € FL a state formula. In such expressions we take it as read that
the iy, 7,..., i, are distinct unless otherwise indicated. In practice, to
avoid multiple subscripts, we frequently use y;, z; etc. to stand for choices
from the x1, x5. x3..... For a state formula ©(z;,z5,....z,) we may on
occasion, to avoid possible confusion, write @(by/z1.b2/z5.....by/zp).
rather than the usual ®(b;.b,.....b,), for the result of simultaneously
replacing each occurrence of z; in ®(zy. z5.....z,) by b; fori = 1,2,....n
(and similarly for other substitutions).

We carry over notation given for state descriptions to state formulae,
for example talking about the spectrum of a state formula. In particular,
for distinct z;,. z;,, ..., z;, from zy, z2, ...,z

O(z1, 22, ... zo)[Ziys Zigs - - -5 23
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denotes the unique state formula (up to logical equivalence) in variables
Ziys Ziys - - - » Zi,, Which is implied by ©(z1, z2. . . .. z,).

We shall say that a function F permutes state formulae if for each
n and (distinct) variables zi.z»....,z,. / permutes the state formulae
O(z1,22....,2,) in these variables. Notice that since we are identifying
formulae which are merely logically equivalent it is implicit in this defini-
tion that F respects this identification. So for example if ¢ € S, and ®, ®
are state formulae such that

@(xl, X2, e, x”) = (I)(xa(l), x(r(Z)’ e xo(n))
then
FO(x1.x2.....x,)) = F((D(xa(l)vxa(Z)v cee =xa(n)))'

Analogously we say that an automorphism # of BL permutes state
formulae if there is a function 77 which permutes state formulae such that
for any (distinct) b1, b,, . ... b, and state formula ®(zy, 25, ... . z,)

7’][@(1)1,1)2, Cee bn)] = [ﬁ(@(zl, 22 Zn))(bl, by. ..., b”)]. (358)
Clearly in this case # determines 77. Furthermore 77!

state descriptions since from (358).

n OB by, ... b)) =070 T (O(z1. 20, ... 20))) (b1, b ... By)]
=079l 7' (O(z1.22, ... 20)) (1. Do, ... by)]
=[7 71 (O(z1. 22, ... 2)) (b1, ba. ... by)]

also permutes

In particular then

=" (359)

Requiring an automorphism # of BL to permute state formulae ap-
pears quite demanding. It says that as far as state descriptions for any
by, by, ..., b, are concerned # simply and uniformly permutes them. On
the other hand in this polyadic case it is currently very much an open
question what other possibilities there are for # (apart from permuting
constants) though we do know. see pages 300 and 315, that there are
automorphisms which differ from those permuting state formulae.

The plan now is to derive some properties of a function F which per-
mutes the state formulae which are equivalent to it being of the form 7 for
some automorphism # of BL. First though we need even more notation.

For ¢ a surjection from the set of variables {1, y2, . ...y, } onto the set
of variables {z,z,....z,}. denoted ¢ : {y1,y2,....vu} = {21, 22, ...,
Zm}. and ©(zy, 22, . . .. z,,) a state formula there is a unique (up to logical
equivalence) state formula ®(y;. ys. .. .. y,) such that

O((y1).0(y2).....00m) =0O(z1.22..... Zp).
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We denote this state formula @ by

(G)(Z]aZZﬂ"'12171))0'(.)}17.]/21'"5yl’l)3

or O, if the variables are clear from the context.

Soif 6(y;) = a(y;) then y;. y; are indistinguishable according to ©,
andif Z;. ..., Z, are the equivalence classes of ~g thenc ' Z;.....0 "1 Z,
are the equivalence classes of ~g,_.

To give an example, suppose that L has a single binary relation symbol
R. so a typical state formula for two variables, @(z;.z,). might be the
conjunction of

=R(z1.21) R(z1.22)
R(z3.21) R(z2.22)

which with the obvious shorthand notation we can write as just the 2 x 2
{0, 1}-matrix
0 1
11
where 1 or 0 at the ij-place means ® F R(z;.z;) or ® F —R(z;.z;)
respectively.

Then for o : {y1, y2. y3. ya} — {z1. z2} mapping y; and y;3 to z;, and y,
and y4 to z3, O, is the state formula for four variables yy, y,. y3, y4 that
can similarly be represented by the matrix

—_—O0 = O

0
1
0
1

—

THEOREM 39.1. Let F be a function permuting state formulae such that:

(A) For each state formula ©(zy,...,z,) and mapping o : {y1.y2,....
yn} - {Zl: Z2y . vzm}:

(r(®))ﬂ' = F(®a‘)
(B) For each state formula ©(z1, ..., z,) and iy, iy, ..., iy € {1,2,....m}
F(@)[Z,‘l, ey Z,‘k] = F(@[Zl‘l, e Z,‘k]).

Then F = 7 for some automorphism n of BL which permutes state formulae.

Proor. We start by making two observations. First notice that if F is
a function permuting state formulae and satisfying (A) and (B) then so is
I ~!. To see this for (A) notice that /! certainly permutes state formulae
and so by (A) for f

(FH®))s = F HF(F1®))s) = F ' ((F(F'(0))s) = F 1 (O,).
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As for (B), from the corresponding property for F,
F Oz ) = (F(F = O)zi. . 2])
S G G C) A )
=1 Oz .. 7]

The second observation is a consequence of (A) which we will use
frequently and without further mention in what follows. By takingn = m

and o(y;) = z; for i = 1,2.....m we find that for any state formula
O(z1....,z,) we have
FOW1Ly2 - .ym) = (F(O)(y1.y2. ... ym). (360)

Turning now to the main proof, given M € T L define M by
77M = (F(@))(bl,bz e ,bm) — ME @(bl.bz, . ,bm) (361)

where ©(z1, 25, . ... z,,) is a state formula and by. b,. .. .. b, are (as usual)
distinct choices from the a;. Notice that this does not over specify
nM since if n > m, by, by, ...,b, are distinct choices from the @; and
®(z1.23.....2,). O(z1. 23. . . .. z,,,) are state formulae such that

M):G)(bl,bz,...,bm) and M):(I)(bl,bz,...,bn)
then
OEO
so by (B)
(D) F(O)
and f(®)(by.bs. ..., b,) is consistent with [ (®)(by,bs,....b,).

We now show that with this definition of #M (361) holds even if the
b; are not all distinct. So suppose that by, b,.....b,, are possibly not all
distinctand let o : {yy,....ym} — {z1...., zx } be such that

o(y) = U(J/j) < b; =b;.
Let W(z1, 25, . ... z;) be the state formula such that

O 12, Vm) = (P21, 20, ... 21))s
From (A) we have
F (@) = (F(¥))s. (362)

Let y; for j = 1.2.....k be such that ¢(y;,) = z;. Assume that
M F O(by.by,....by). Then also M E W(b;.b;,....b; ) and since
the b;,. by,. . ..., b;, are distinct, from (361),

nM E F(\P(Zl,ZQ, - ,Zk))(bil/zl,bi2/22., e ,bik/Zk),

i

SO
nME (F¥)ei.y2. .. ym)) b1/ y1.02/ 2. oo b/ Yim).
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The required result now follows from (362) since the reverse direction in
(361) is given (for example) by the same argument with / ~! in place of f .

Armed with this strengthened version of (361) we are now ready to show
that 5 extends to an automorphism of BL. Suppose that y (b, b,.....b,)
is a sentence of L. say

w(bi.by.....b) = Vx4 13x40 ... VX, \/ O;(br.....by Xps1, ... Xy)
j=1

where the ®;(xi. . ... x,) are state formulae. From the strengthened ver-
sion of (361) it follows that for any b,.1.b,.>.....b,. with by, ....b, not
necessarily all distinct,

ME®;(by.....bi.biy1.....by)
< 77MI:F(®j(x1,...,xs))(b1,...,b,,b,H,...,bx)

m
ﬂM |:th+13xt+2...Vx3 \/F(@j(Xl,...,xs))(bl,...,bt,xt+1,...,x_§-)
j=1

as required. -

COROLLARY 39.2. INV implies the Permutation Invariance Principle
(PIP):

THE PERMUTATION INVARIANCE PRINCIPLE, PIP.

If I is a permutation of state formulae of L satisfying (A) & (B) of
Theorem 39.1 then for a state description ®(by, by, ....by).

w(@(bl,bg, e ,bm)) = w(F(@(xl,xz, e xm))(bl,bz, . bm))

It is easy to see that there are functions / which satisfy (A) and (B) and
hence provide automorphisms of BL. One is when for some fixed relation
symbol R, [ (®(z1.z3.....z,)) is the result of replacing &R everywhere
in ® by FR. With PIP this is just the Strong Negation Principle, SN.
Other examples are when [ permutes R with another relation symbol of
the same arity or when f simply permutes the order of place markers in
R. These give respectively Predicate Exchangeability, Px, and Variable
Exchangeability, Vx. Thus each of these principles is a consequence of
PIP (and hence of INV).

This obviously raises the question whether PIP gives anything beyond
these rather well known principles. The following example shows that the
answer is yes.

Suppose that L has a single binary relation symbol R. As pointed out
earlier, state formulae for n variables may be represented by n x n matrices
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with entries 0 or 1. Let / effect the following transposition

0 1 <:>()0
0 0 1 0

and leave all 1 x 1 and the remaining 2 x 2 matrices fixed. By this we
mean that, for example., / maps a state formula represented by the left
hand side of (363) to the state formula represented by the right hand side
of (363) with the same variables. So

—R(z1,21) A R(z1,22) A =R(z2.21) A= R(z2, 23)

(363)

is mapped to
—|R(Zl, 21) A\ ﬁR(Z],Zz) A\ R(Zz, Zl) AN —|R(Zz, 22)7

and so on. Now extend [ to any state formula (with n > 2) by setting
F(O(z1......2,)) = ®(z1.....z,) where for 1 < i, j < n (possibly i = j)
the matrix associated with z;, z; (in that order) in ®(z;, ..., z,) is F of the
matrix associated with z;, z; in ©(zy, .. .. z,). Notice that ®(z;, ..., z,) is
indeed a well defined state formula here.

So, for example, with the same notation, f effects the following map of
a state formula on zy, 22, z3

0
0
1

— O
_—— O
— O
— o O
— O

A few scribbles now show that / satisfies (A) and (B) of Theorem 39.1
and hence / determines an automorphism of BL. However the instance
of PIP that it engenders does not follow from Constant Exchangeability,
Predicate Exchangeability, Strong Negation or Variable Exchangeability.

We now turn to the more difficult task of showing the converse to
Theorem 39.1.

THEOREM 39.3. Let n be an automorphism of BL which permutes state
formulae. Then the function 7 satisfies (A), (B) of Theorem 39.1, i.e.

(A) For each state formula O(zy. .. .. z,) and mapping
(8 {yl,yz,...,yn} —» {Z],Zz,...,zm},

(7(©))s =77(Oy).
(B) For each state formula ©(z1, ..., z,) and iy, iy, ... 0 € {1.2.....m}
70)[zi. ...z, ] = 7(O[zi,, . ...z, ]).
Proor. To show (B), notice that
[-O®[z.....z; J(ai,, .. ..a;) ANO(ay,....a,)] =0
so applying 5 gives
7Oz, ...z D@, oo ay ) AT (O(z1. ... z)) a1, - oo an)] = 0,
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equivalently,

= ﬁ(@(Zl., e Zm))(a], e am) — ﬁ(@[Z,‘l, . z,»k])(a,»l, e a,‘k),
and the result follows.

To show (A) we first show by induction on n > 2 that if O(x1.....x,)
is a state formula then

X] ~e X2 < X] ~50 X2. (364)
For the base case n = 2 suppose that x; ~g x5. Let @ (x1) = O(x1. x1)
and!2!
17(Vx20(ay. x2)) = y(a).
Without loss of generality we may assume that @, does not appear in @
(otherwise replace a, everywhere by such a constant). The sentence

O (a1) ANVx20(ay. x2)
is consistent and hence so is

707 (x1))(ar) A y(a).
Let ®(x;,x>) be the unique state description such that ®(xj,x;) =
7(®~(x1)). Then
D(ar, az) A y(d)
is consistent (since a proof of a contradiction from ®(ai,as) A w (&)
would, upon replacing a, by «, yield a proof of contradiction from
®(ay, ar) A w(d)). Consequently

771 (®)(a1.a2) AVx, ©(ay. x2)
is consistent. But that is only possible if

77 (@) (a1.a2) = Olay. a)

so 77(®) = ® and x; ~y@ X2. The proof in the other direction is
immediate using 7! in place of # and recalling from (359) that ! also
permutes state formulae.

Now suppose that 2 < n and the result has been proved for less than
n variables. Suppose that for @(xy,....x,). x| ~e X3 but x| 50 X2.
Pick representatives . s, ..., y. from each of the equivalence classes of
~e with y; = x1. Fork = 1.2,....e let ®* (x|, x,.....x,) be the state
formula such that

O(X1. X2, X3, X4. ..., Xp) F O (1, yp. X3, Xa0 oL ).
So
O(x1, X2, X3, X4. oo X )[X1. X3, X4, Xy1]
= D (X1, X2, X3, Xgu .. .. X)) [X1. X3. X422 X

1210ne would be correct in supposing that /(@) = Vx, 7(0®)(a;. x»). However a proof
of that seems to be just as convoluted as the one given here.
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and the equivalences classes of ~g: are the same as those of ~g except
that x; has moved from the class containing x; to the class containing
Vk. In particular then x; ~gx yi and y; »=qr y; for i # j. Notice that
®' = O by the choice of ;.

Then

e
Vx5 \/ " (ay. x2.a3. a4. .. .. ay)
k=1
is consistent. Let (&) be its image under #, where we may assume that
a, does not appear in @. As before

e
Oar.ar.az. as. . ...a,) \NVx; \/ O (ay. xr.a3. a4. .. .. ay)

k=1
is consistent. Let
O (x1.X3. X4, ... X,) = O(X1. X1, X3, X4 ... Xp)
= O(X1. X2, X3. X40 . .., Xp)[X1. X3. X4 . ... X ]

Then

7O (x1. x3.x4. ... xn))(a1. a3, a4. . ... an) A\ y(a)
is consistent. Let A(x1.x2,x3.....x,) be the unique state formula such
that

Alxy, X1, X3, X4, ... %) = (O (X1, X3, X4. ..., Xp)).
In other words A(x1. X2, X3....,x,) is formed from 7(®~ (x1. x3. X4. ...,

X,)) by simply making x, a clone of x;. So the equivalence classes of
~, are the same as those for ~;o- but with the addition of x, to the
class containing x;. By the inductive hypothesis A(x;. x1, x3...., x,) and
O~ (x1.x3. X4.....Xx,) have the same equivalence classes, from which it
follows that x», y, are not equivalent with respect to A(x1, X2, X3,....X,)
forl <k <e.

We now have that

Alay.ay. a3, a4. ....a,) Ny (@)

is consistent (since A(ay. ai. a3. ay. . . ..a,) ANw(&) is consistent) and hence
SO is
7N AG X2, X3 ox))ar. v, as. . ay) A

VXZ \/ (Dk(al, X2,d3,d4, ..., an). (365)
k=1

Since x; ~4 x2 but x| <5 X2,

7 A X2, x5, .. X)) # O(X1. X2, X3, ... X).
so it must be the case that
7 UAG, X2, X3, .. X)) = DX (X1, X2, X350+ .., X)) (366)
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for some 2 < k < e. To simplify the notation assume that k = e (> 1).
Let

A (X2, x3. ... %) = A(X1. X2, X3 .o X)) [X2. X300, Xl

D (x2.x3,....%,) = D(x1. X2, X3. . .. X)) [X2. X3. ..., X

7D (x2.X3.....%,)) = A" (x2. X3...., Xp).

Also x; ~¢- Y., since already x; ~g¢e y., whilst x, =5— y, since the
equivalence classes of ~,- are the same as those of ~4 except that x; has
been removed from its class (which remains non-empty since it contains
X»). But this means that (364) fails at n — 1, contradicting the inductive
hypothesis.

To complete the proof of (A) let ®(z.....z,) be a state formula
and ¢ a mapping of {y1.y2.....y,} onto {z1.2z2,.... 2, }. By (B). since

O, (y1.....yu) extends O(y;,.....y;,) whenever a(y;) = z; for all j =
1,....m, we have that7(®,)(y1. . ... y,) extends 7(®)(y;,. . ... y;,) when-
ever a(y;,) = z; forall j = 1.....m. This, combined with the above

observation that indistinguishability is preserved. means that

as required. -

Theorem 39.3 tells us then that the Permutation Invariance Principle is
all we can hope for if we do not go beyond automorphisms of BL which
permute state formulae. Why this seems currently somewhat disheartening
is that it is not clear what other alternatives there are for ‘interesting’
automorphisms of BL. One might initially hope that slightly relaxing
what was meant by a ‘permutation of state formulae’ might yield further
automorphisms but, as the discussion in [114] explains, to date this has
not worked.

On the bright side however we are not (yet!) in the situation that pre-
vailed in the purely unary case where we had so many automorphisms,
and in consequence symmetry principles, that only one probability func-
tion (Carnap’s ¢f). and a generally undesirable one at that, satisfied them
all.

The existence of other automorphisms (possibly tempered with the fur-
ther, reasonable, demand of automorphisms of BL that they be extendable
to BL' whenever L’ extends L '*?) is a matter for further investigation.
Here we merely remark that some automorphisms of BL other than those
which permute state formulae do exist, for example for L having a single

1221¢ is easy to check that automorphisms which permute state formulae do have this
property.
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binary relation symbol R define for M € TL,
M~ fM=M",
t(M)={ M* ifM=M",
M otherwise,
where M, M~ € TL are characterized by M+ F Vx.y R(x.y)., and

M~ F Vx.y-R(x.y). Then t determines an automorphism of BL but
for example the state description

O(a.....a,) = /\ R(a;.a;)

is mapped to
O(ay,....a,) N=Vx.y R(x,y)) VVx,y ~R(x.y)

which is not (equivalent to) a state description. Invoking INV in this
special case would lead us to require that

w(O(ay.....a,)) = w((O(ay,....a,) A\=Vx,y R(x.y))VVx.y -R(x.y))

w(Vx.y R(x.p)) = w(Vx. y ~R(x.y)).
However, whether such automorphisms can provide a fruitful source of
novel and philosophically interesting symmetry principles remains to be
investigated.

Seemingly, a shortcoming of the Permutation Invariance Principle is
that to apply it we first need to demonstrate a state formulae permutation
[ and prove that it satisfies (A) and (B). It would be of much more
practical value if we could simply recognize just when there was such an
[ mapping O(xy. x3.....x,) to ®(x{. x>.....x,) without actually having
to make it explicit. That is just what we will do in the next chapter.






Chapter 40

SIMILARITY

It turns out that the key property that two state formulae need to have in
order to ensure that there is a state formula permutation satisfying (A)
and (B) and mapping one to the other is that of similarity:

State formulae O(zy.z5.....2,). ®(z1.22.....2,) are similar,'?® de-
noted O(Z) ~ ®(2). if for all (distinct) i1.1.....i, and ji. ja..... j, from
{I.2.....n}and o : {z;.z;,..... 2, } - {zj,.2j,.....z;, } we have

Olziy. zip - . 2,1 = (O[z),. 2. - 2 ])s
< CI)[Z,'I s Zinseens Z,',_] = ((I)[Zj1 s Zjasenes ij])r;'

Note that the above definition means that in particular, if
Olzi. Ziy. .- Ziy ] = Olz). 2jpe oo 2, D(zi /21 oo 20 [ Z)00)
then
Oz 2y oo 23 ] = (@Lzj. 20 oo 2, D0 /250 20 ) 20)-

We remark that in the above definition of similarity it would suffice to
limit r (and s) to be less or equal to the highest arity of a relation symbol
in L, a point we shall return to later in Chapter 41.

THEOREM 40.1. Let®(z1, z3.....2,). ®(z1. 22, . ... z,,) be state formulae.
Then there is a permutation | of state formulae satisfying (A) and (B) of
Theorem 39.1 such that

F(O(z1.20.....24) = D(z1. 20 ..., Z0)
if
O(z1.20.....2,) ® D(21,25..... 2,). (367)

In other words, ®(zy,z5.....z,) and ®(z;, z5. ..., z,) are similar just
when there is a permutation of state formulae satisfying (A) and (B) of
Theorem 39.1 mapping one to the other, and the Permutation Invariance

123With the obvious meaning we shall sometimes also refer to state descriptions as
‘similar’.

303
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Principle amounts to saying that similar state descriptions should be given
the same probability. Precisely'?*:

For state descriptions © (b1, bs. . ...b,) and ®(by.bs.....b,) if

then
w(@(bl,bz, . ,bn)) = w(@(bl,bz, e ,b,,)).

An advantage of this formulation is that in small examples, such as the
one given earlier, it is possible to ‘see’ that the similarity holds. We now
turn to the proof of this theorem.

ProoF. We first show the < direction of (367).

Assume that O(Z) ~ ®(Z). Wedefine f (W(wy. . ... wy)) for any distinct
variables wy, .. ., wy and state formula W(wy. . ... wy) by induction on k
to satisfy the following properties:

A If g <k, o :{w.....we} = {y1.....0,} and P(wy..... wg).
Alyr..... yq) are state formulae such that ¥ = A, then
F(¥) =rF(As;) = (F(A))s-

By @ IfW(wy, ..., wy)is a state formula and {uy,....u,} C {wy..... wi}

F(\P[ulz"'aul‘]) = (F(\P))[ulaul]
Cy: If{ul,...,uk} - {Zl,...,Zn} then

F(@[ul, N uk]) = @[ul ..... uk].

In addition it will be clear as we proceed that for each k., F respects
logical equivalence and (modulo logical equivalence) gives a bijection of
the state formulae in k variables w. . . ., wy (for any choice of wy. ..., wy).

We start with k& = 1. There are two cases:

Case 11: ¥(w;) = (O[z;]) (w1 /z;).

In this case set

F(¥(wi)) = (®[z:]) (w1 /z).

Notice that this definition is unambiguous since if
¥ (wr) = (O[z;])(wi/z;) = (O[z;]) (w1 /z)
then O[z;] = (0[z,])(z;/z;) so by similarity ®[z;] = (P[z,;])(z;/z;) and
consequently
(@[] (wi/z;) = ([z;]) (wi/z;).
Notice also that

F(¥(wi)) =F(¥PO))(wi/y1).

1241 this form, PIP has sometimes been referred to as Nathanial’s Invariance Principle,
NIP.
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equivalently thatif o : {w;} — {y} then

(F(¥1)))e = F((F(1))s)-

Hence A holds. Clearly also By and C; hold. Furthermore on the ¥(w)
covered by this case F is injective since if

F(¥(wr)) = (@[z:])(wi/z:) = (@[z;])(wi/z;) = F (¥ (w1))
then by similarity

¥(wi) = (Oz;])(wi/z:) = (Oz;])(w1/2;) ="' (wy).

Now assume that we have defined f (¥ (w,)) in all case 1;’s and go on
to:

Case 2;: Not case 1;.

In this case extend £ to all W(x;) (for a fixed x;) so as to make [ a
bijection on the state formulae in x; and extend / to the W(w; ) in case 2;
by

F((wr)) = F(¥0x)(w /x1).
Clearly A;. By and (vacuously) C; are again satisfied.

Now suppose that we have defined / on state formulae with less than k
variables to satisfy A,. B, and C, for ¢ < k. We define F (¥(w;. ..., wy))
by cases again:

Case 0y: There is some ¢ : {wy.....,wr} — {y1.....y.} with g < k
and some state formula A(y;.....y,) such that

Plwr . w) = (A1 ).
In this case set

F(Pwr.....we)) = (FADL. . vg))e- (368)
To see that this definition is unambiguous suppose as well that
‘I’(wl, . ,wk) = (Q(Z/ll, . ,ur))f

for some 7 : {w.....,wx} — {ur,....u,}, r < k and state formula
Q(uy.....u.). In that case we may assume that r is chosen as small as
possible here. Then u;.....u, must all be distinguishable (i.e. not indis-
tinguishable) in Q(u1.....u,). Define v : {y1.....y,} — {ur.....u, } as
follows: For y; pick wg such that o(wg) = y; and set v(y;) = t(wg). This
is a good definition since if 6 (w,) = o (w),) then w,, w;, must be indistin-
guishable in W(wy. ..., wg) so t(wy). 7(w,) must be indistinguishable in
Q(uy.....u,) and hence equal. So T = vo. Furthermore

Y(o(wi).....o(we)) = Ay1.....pr)

SO

and since
Y(r(wi).....t(wr)) = Quy,....u.).
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we have

that is,
(@t )y = A1 7).
Hence by the inductive hypothesis
FADL - vg)) = (F(QQur. .. ur)))y

and consequently (since vo = 1)
(F(AD1. . 19)))s

I
—
-~
—~

®
—~
=
<
=
~—
~
~
)

as required.

Clearly in the definitions made here in this case A; and, by similarity
Cy. are satisfied. Concerning By, if F (W(wy.....wy)) has been defined
via (368) then in the notation of By

Wlwr, o wu ] = (Aol ]
= (A(Mvr. ... va))-
where {v,...v;} = o{uy.....u,} and t = o [ {uy,...u,}. Since we may
assume r < k, otherwise there is nothing to prove, by inductive hypothesis,
F(P(wr, ... o )u. ... w]) = F (A(D)[vr, . ... va])<)
=(F(AD)w1.....u]). by A,
= (F(A())[vr.....v]):  byB,.

But clearly

(FAGDIvr. - conl)e = (F(AG))olur. . .. ur]
=1 (P(wr.....w)[ur.....u, ] by Ag.

as required.

Now assume that all definitions according to case 0; have been made
and proceed to case 1.

Case 1;: For some ¢ : {wy.....wr} — {ur.....uy} C {z1.....2,}
and ¥(@) = (O(2)[]),.

If ¢ < k then f (W(w;.....wy)) has already been defined according to
case 0y, indeed defined by

F(¥(@)) = (F(O()[a]))s (369)
= (D(D)[id])s by A, and C,.
Furthermore the argument above shows that in this case where we could
have chosen such a ¢ < k (369) still holds even when ¢ = k.

So suppose that we cannot choose such a ¢ < k. Then in this case 1;
we have ¢ = k, o is a bijection and

¥(wy,...,wp) = O)[d)(w /a(wy), ..., we/o(wy)).
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Set
F(P(wr.....w)) = @[] (wi /o (wi). ... wi/o(wy)).
Notice again that this definition is unambiguous since by the similarity of
® and ® any such choice of ¢ will give the same answer. Notice too that in
this case ®(2)[i](w; /o (wy), . ... wy/o(wy)) could not already have been
in the image of / as defined so far.
To show Ay in this case we only have to consider the case ¢ = k. This

amounts to showing that when we have some bijection 4 : {wy, ..., w;} —
{»1..... .y} and

Plwr,....we) = (A1, ve)s (370)
then

F(P(wr, .. owp)) = (F(A . 0n0))s
But (370) forces that / (A(j)) must also be defined by case 1, so for o
and i as in the statement of this case 1y,

FAGL o) = F(P(wr. . .owg)) 1)
= F ((O()[i])g;-1)
= (@(D)[if]) 51
=(F(P(wi.....w)));

as required.

Having confirmed Aj notice that Cy is clearly true directly from the
definition in this case so it remains only to check By. Let {v).....v,} C
{wy,....wr} with h < k. Then with the above notation, ¢ = k and

Y(wi.....we)[vi.....op] = (O(z1. ..o z)[ur, oo ugl)olvr, ... op]
=(O(z1.....z0)1 . vad)e
where 7 : {vi.....v5} = {y1..... s} € {ui.....u,} is the restriction of

o to {vy,...,v,}. But then
FP(wr.....wQ)wr.....op]) = F((O(z1.....z) 1. vad)e)

q)(zla~~'7Zn)[J’17-«~=J’h])r
byAh and Ch

= ((D<Zl ..... Zn)[ul, cees uq])ﬂ[vl ~~~~~ U]
=F(P(wy.....we))[v1..... 0]

I
—

as required.

Now suppose that we have made all possible definitions of f (¥(w))
falling under cases 0; and 1;. That now leaves us with:

Case 2;: Not cases 0, or 1;.

Assume that (<) falls under this case. Fix variables xi.....x; and
notice that W(xi,....x;) must also fall under case 2; since we have al-
ready shown that A, holds for the cases 0; and 1. Let A(xi....,x;)
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be the conjunction of all the state formulae W (xi.....x)[u1.. ... ux_1]
with {uy,...,ux_1} C {x1....,x;} and denote by Q(xy., ..., x;) the con-
junction of all the state formulae f (W(xy.....x))[u1, ..., ux_1] with
{ul, .. .5uk_1} C {xl, . ..,xk}.

Q(X) must be consistent since otherwise there would be some proper
subsets {1}] LU, e e ’kal}, {yl,yz, R ykfl} of {Xl, X2, ., xk}., some re-

lation symbol R of the language L and {z,z,...,z,} a subset of both
{Ul, Vs, Uk—l} and {yl, V2. J/k—l} such that

F(\P(Xl., e ,xk)[vl,vz, e »kal]) = R(Zl,Zz, . ,ZS)

whilst
FMPen .o x ) yae ..o vk—1]) E2R(z1. 220000 2g).
But then by By,

F(P(xr.....x))[z1.22. ...z ) ER(z1. 22 .. 2s) A= R(21, 200 ... Z4)

which is clearly impossible since it has already been successfully defined
to be a state formula.
Nowlet W, (x1.....x¢).t = 1,2...., hlist the state formulae in the fixed

variables xi....,x; logically implying A(x;.....x;). and let T';(xq.....
Xr). t = 1,2...., h list the state formulae in the fixed variables x1. ..., X
extending Q(x1. ..., x;). Inparticular then W(x;.. ... x; ) isamongst these
Y, (). Clearly there are the same number of such extensions in each case
since A(X), Q(X) each decide exactly the R(uy.....u,) for R a relation
symbol of L and {u,.....u,} a subset of {xy....,x}. possibly with re-

peats, with at most k — 1 elements so both A(¥) and Q(¥) allow the same
number of free choices.

Now suppose f (¥;(xi.....x;)) has already been defined according
to cases Oy and 1;. Then by By for this case / (¥, (x1.....x;)) will be
I, (x1.....x;) for some r. Let H be the set of remaining P, (x;.....x;)
where f (¥;(x1.....x;)) has not already been defined and similarly let 7
be the set of remaining I',(x;. . ... x;) where f ~'(I',(x1.....x;)) has not
already been defined, so |H| = |7|.

Suppose that o : {xy,....x¢} = {x1.....xx}and ¥, (xy,....x;) € H.
Then ¥, (c(x1).....o(xx)) must also be in . since if not then by A, for
the already proven cases Oy, 1

Yo(xr..oox) = (Pila(xr). ..o (xk))) o

would not be in H either.

Similarly if I, (x1,....xz) € J then I (a(x1).....0(x;)) € J. Hence
we can define f on the W,(xy....,x;) € H by simply pairing them off
with the ', (x1.....x;) € J in such a way that if ¥, (x;. ..., x;) is paired
with T (x1.. ... x;) then, for ¢ as above,

¥, (o(x1).....0(xx)) is paired with ', (g (x1), ....o(xz)). (371)
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Finally we extend f to the ¥, (w;....,wy) for ¥,(x,....x;) € H and
k-tuples wy, . ... wy of (distinct) variables by

FY (wr, o we)) = F(P (e oxi) (wi /X1 oo wie / Xk

We now need to check Ay. By and Cy, for this case.

In the notation of A, this holds vacuously for ¢ < k (since there
can be no such ¢ when F is defined by case 2;) whilst if ¢ = k the
property follows directly from the definition (371). By holds since with
the above notation f (W(wi.....wy)) extends Q(wy. ..., wy) and hence
extends £ (W(wi,...,we)ur,....u]) for {up.....u,} C {wy...., wi}.
Finally C; holds vacuously.

We have shown that Ay, B;. C; hold for all k. From this it follows that
F is a permutation of state formulae which satisfies conditions A and B.
Finally from C, we obtain as required that

F(O(z1.....2,) = D(z1..... 24).

This completes the proof of (367) in the <« direction. To prove the
converse suppose that / is a permutation of state formulae satisfying (A)
and (B) and

F(O(2)) = ®(2).

Suppose that uy, ..., u, and vy, ..., v, are distinct variables from amongst
{z1,....z,} and that o : {uy,....u,} = {vy,....vs} is such that

O()[u] = (O()[7]),. (372)
Then by (B)

FO)[]) = (F ((2)))[@] = ©(2)[]
and using (A). (B)
FU@)[)s) = (F(O(2)[7]))s = (F (O(2))[7])s = (P(Z)[7]),-

Consequently

follows from (372). =

As we remarked earlier, PIP contains as special cases the Principles of
Strong Negation, SN, Predicate Exchangeability, Px, and Variable Ex-
changeability, Vx. However, it can now be seen that it does not provide a
justification for Spectrum Exchangeability, Sx, since for example the state
formulae

R(x1.x1) A =R(x1.x2) A =R(x2.x1) A R(x2. x2).
R(xl, xl) AN R(xl,xg) A\ —|R(X2,X1) A\ R(Xz,)(?z)),

for the language with a single binary relation symbol have the same spectra
but are not similar in the sense defined above. On the other hand we do
have a result in the other direction:
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COROLLARY 40.2. Suppose that O(x;.....x,) ~ ®(xy.....x,). Then
f\/@ = N(D.

PROOF. Assume that @(x;,...,x,) ~ ®(xy,....x,) and let x;,,...,x;
be a set of representatives of the equivalence classes in ~g (one from
each class). Let o : {x1.....x,} — {x;.....x;} be the mapping that

assigns each x; the representative of its class (so x; ~g x; < a(x;) =
a(x;)). We have O(X) = (O[xj.....x;])s. so by similarity ®(¥) =
(®[x);,...,x;,])s. This means that ~¢ must be a refinement of ~¢ and
since the argument can be applied also the other way round the two
equivalence relations must be equal. -

COROLLARY 40.3. Sx implies PIP.

Proor. Immediate from Corollary 40.2 and the definitions of Sx and
Theorem 40.1. =



Chapter 41

PIP AND ATOM EXCHANGEABILITY

We have motivated the principle of Spectrum Exchangeability as the im-
mediate generalization of one of the possible formulations (in the presence
of Ex) of the unary principle Ax, see page 193. Unlike Ax, and somewhat
surprisingly, to our knowledge Sx appears to have no natural justification
as a symmetry principle when symmetry is understood in terms of respect-
ing automorphisms in the spirit of previous chapters. In a sense it is PIP,
that occupies the place that Sx should be in, and thus PIP is perhaps a
more natural generalization of Ax, as becomes apparent when we start
from other formulations of it. To explain we need to introduce the notion
of polyadic atoms.

Throughout the chapter L is as usual a language with relation symbols
Ri.....R,. of arities ry.....r,, and we let / = max{r.....r,}. A state
formula of L for / variables is called a polyadic (/-ary) atom. We list the
polyadic atoms as y1(xi.....x;).....yn(x1.....x;) in some fixed order.
When we write just y; we mean y;(x1, ....x;). with these variables.

Observe that this gives the same notion of atoms when the language
is unary. Furthermore, any state formula ®(zi,....z,) for our general
language can be expressed as a conjunction

/\ yhil ] ( [JERRR Zi,) (373)

and every such consistent conjunction yields a state formula. However,
unless the language is unary, not all conjunctions of the above form are

consistent; atoms y;, . foriy,....i; where some i; are permuted or re-

peated must be related or structured accordingly. Note that for ... ..,
Py Giveeeenzi) = Oz, oz,

where iy, . ... i, are the distinct numbers amongst the ij. . ... .

Most of the results in this chapter were originally proved in [125]. Recall
that a function permutes state formulae if for each n and distinct variables
Z1. 2. . ...z, the function permutes the state formulae ®(z1, z5. ..., z,) in
these variables, and an automorphism # of BL permutes state formulae
if there is a function 7 which permutes state formulae and determines the

311
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action of 77 on state descriptions as in (358). Moreover, by Theorems 39.1
and 39.3 a function F permuting state formulae determines an automor-
phism of BL in this way just when it satisfies (A) and (B) of Theorem
39.1.

LeMMA 41.1. Let [ be a permutation of state formulae that satisfies (A)
and (B) of Theorem 39.1. Then it is uniquely defined by its restriction to
state formulae for | variables, that is, to [-ary atoms.

In other words, to determine uniquely an automorphism permuting
state formulae we do not need to specify the action of the associated
function on all state formulae but only on atoms.

Proor. Using the property (B), this is apparent from the fact that any
state formula can be expressed in the form (373). -

Let I be the set of permutations 7 of {1, ..., N} such that the permu-
tation & of /-ary atoms specified by &(y;) = Vz(x) defines, as in the above
lemma, a permutation of state formulae which satisfies (A) and (B) of
Theorem 39.1'%.

COROLLARY 41.2. A probability function w on SL satisfies PIP just when
for any state description

(iy,ensipyE{1,n}!
= w( /\ 71(/1;1.....[,)( TERRRE bl/)>
(ieiy)€{1....n}!

The above shows PIP to be a generalization of Ax in its original for-
mulation, see page 87. The difference is that in the polyadic case we must
restrict the permutations of atoms to the ‘consistent’ ones, those coming
from .

As we recalled at the beginning of this chapter, when we reformulate
Ax as saying that the probability of a state description depends only on
its spectrum and use the same form in the polyadic case, we arrive at the
principle Sx. However, a more careful rephrasing of Ax along these lines
without the use of Ex still yields PIP as we will explain next.

If we do not incorporate Ex in the statement, Ax says that the prob-
ability of a state description depends only on its spectral equivalence, that

1251n [125] it is shown that 7 is in T just when for each m < /, distinct 1 < ... .. im <1,
o:{xi.....x;} » {xj.....x;, }and k.s € {l.....N}

Im
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is. if ©(by.....b,) and ®(by.....b,) are state descriptions for a unary
language,

O(br.....b, /\ D(by.....b, /\
; -

such that for 1 < i,
w(0) = w(D).
The straightforward polyadic version of this is:

n we have k; = k; just whe h; = h; then

THE PorLyaDIC ATOM EXCHANGEABILITY PRINCIPLE, PAX.
Let

O(by.....b,) = A Vs, (B - by (374)
<i1 ..... i1>€{1 ..... m}’
and
®(by.....h,) = N Vo (B - i) (375)
(i) €{1,.cn}!
be state descriptions such that for all (i\,....i;), {(j1,....ji1) € {1,.... n}l
kl’[....eil kjl ..... Ji — hll..m,l'] = hjl ..... j1 . (376)

Then w(®) = w(D).
THEOREM 41.3. The principle PAx is equivalent to PIP.

Proor. We need to show that (376) holds just when there exists a per-
mutation of state formulae f that satisfies (A) and (B) of Theorem 39.1.
which maps ©(zy.....z,) to ®(z1.....z,).

If such a permutation /- exists then y;, , = F (yk, ) and hence (376)
holds.

Conversely, assume (376). By Theorem 40.1 it suffices to prove that
O(z1,....z,) and ®(z;.....z,) are similar. Let (distinct) 71,6, ...,

and jj. j2,....Js be from {1,2,....n} and let ¢ : {z;,z;,..., z,,} —
{zj,.zj,.....z; } be such that
®[Zi1 s Ziys e e Zi:] = (®[Zj1’ Zjaseees st])a .

Note that this means that for each m;. ..., m, (possibly with repeats)

from {ij,.... i, } and each r-ary relation symbol R of our language
OF R(zpy»-..2Zm,) = OF R(a(zp,).....0(zm,))

Somewhat abusing notation, consider ¢ as the function from {ij,.... i}
onto {/i.....js} and write o (iy) = j. in place of 6(z;,) = z,,. Recalling
that / is the highest arity in the language the above amounts to saying that
for any my,....m; (possibly with repeats) from {i1,....i }. kpyo.m =
ka(ml) ..... a(my)- o

Now assume for contradiction that

q)[Zi],Ziz,...,Zl‘,] 7& (q)[Zjl,ij,...,Zjb])g.
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By the same arguments we find that for some m.....m; (possibly with
repeats) from {i1.....0;}. fwyoomy 7 Homy)....o(m)- But that contradicts
(376). Hence

lzi. 2oz ] = (@2 25 25 ])e

which establishes the similarity of ® and ® since their roles are inter-
changeable. o

One application of the fact that automorphisms permuting state formu-
lae are determined by their action on polyadic /-ary atoms arises by noting
that in consequence there are only finitely many such automorphisms 7
and hence any probability function can be turned into a probability func-
tion satisfying PIP by averaging over permuted versions of it. In more
detail, since the automorphisms permuting state formulae form a finite
group. if we start with a probability function w and define v(0) for € SL
by

v(0) = M~! an(ﬁ),
n

where M is the cardinality of the set of such #. and w,(0) = w(50). we
obtain a probability function'?® v that satisfies PIP. Hence. for example,
starting from a probability function w satisfying Super Regularity, SReg,
and Ex (see page 189) we obtain v that satisfies PIP, Ex and SReg.

We note that this is in contrast to INV since there are no probability
distributions satisfying INV and SReg. For unary languages this is appar-
ent from Chapter 23, where it is shown that the only probability function
satisfying INV for a unary language L is ¢f. For polyadic languages it
follows by modifying the unary argument in a way which we will now
illustrate in the case of L containing just one binary predicate R. Let L,
be the language with a single unary relation symbol P, and let ¢ € SL be
the sentence

Vx(VyR(x.y) VVy-R(x.y)).
For M € TL such that M F ¢ define (M) € TL by
M E R(a;.a1) <= B(M) = P(a;).

Note that f is a bijection between {M € TL|M F ¢} and TL,. For
w € SL define w* to be the result of replacing each occurrence of R(¢;, 1)
in w, where 11, 1, are terms of L, by P(¢;). Then it is easily shown that for
ME¢andy € SL

MEy < B(M)Ey*.
Similarly if we define & for & € SL; to be the result of replacing each

occurrence of P(t1) in &, where ¢ is a term of Ly, by R(¢1, a;) then for

126Since each wy, is a probability function, see Proposition 23.1 which - as remarked on
page 291 - also holds in the polyadic case.
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ME¢and & € S
MEE = BM)EE.

Now assume that ¢ is an automorphism of BL;. Define a bijection
7 :TL — TL as follows:

(o) = { B, OO AL -6

Tl M otherwise.
Then 7 is an automorphism of BL since for v € SL

tlyl =1ty A=¢) vV (y Ad)l =y A=¢] U[(6(w")" Adl.
Considering the same unary automorphisms for d’s as in Chapter 23, we
find that the undesirable phenomena reoccur when attention is restricted
to consequences of ¢. In particular, for a probability function w on SL
satisfying INV we must have

w(R(ay,a1) AN—=R(ax,ar) A (}5) =0,

and hence SReg fails.

Returning to similarity, when the language is not purely unary it is an
equivalence relation on the set of state descriptions/formulae which is
much finer than that of having the same spectrum. Beyond having the
same spectrum, similar state formulae must share the same structure. The
notion of structure can be made precise but for the present we shall leave
it, offering instead a theorem which, like its cousin Lemma 27.2, initially
looked unlikely and messy to prove, but is in fact in this case almost trivial.

PROPOSITION 41.4. Suppose that the state descriptions ®(ay,....ay).
®(ay.....ay) of L are similar and let ¥(ay. . ... a,) be a state description,
n > m. Then the number of state descriptions for ay, a, . .., a, similar to
W and extending ® equals the number of state descriptions for ay. ay, ..., a,
similar to Y and extending ®.

PRrROOE. Since ® and @ are similar, there is an automorphism permuting
state formulae which maps @(z;.. ... z,,) to ®(z;. ..., z,,). This automor-
phism gives a bijection between the sets of state formulae extending ® and
@ respectively, and it respects similarity. Hence the result. o






Chapter 42

THE FUNCTIONS 2"

In this chapter we define a family of basic probability functions ug'L
satisfying PIP which were originally introduced in [114]. These functions

are closely related to the u”-* but here we merely consider them for
peEB ={peB|p=0}.

They provide us with a source of examples to understand properties
of PIP and it is hoped that eventually in some sense they will yield a
representation theorem for PIP probability functions along the lines of
theorems obtained in Chapters 31 and 32 for Sx using the u”f. This
however is a subject for further research.

For each k > 1 let E; be the set of equivalence relations =, on (NT)¥.
Let E C E; x E; x E3 x --- contain those sequences of equivalence
relations

E=(=F==F5 )
such that the following condition holds:
If<Cl,...,Ck> EE <d1,...,dk> then for sy, ....s, € {1,...,](}
(not necessarily distinct) (cy,.....c,, ) =5 (d,,.....d;,) (377)

=m s Ug,. ) -

Note that if £ = (=F,=F,=F ...} isin E then the following must
hold:

o If(c1.....cx) =F (dy.....dy)and g isapermutationof {1.2.... .k}
then

<Ca(1)’ PN Ca—(k)> Ef <dﬂ(1>, P da(k)>-
o If(cr,....cp) Ef (dy,....dy), dy =d, and s # ¢, say s < t, then

(S P S A ) E,f (ClyvesCoynnesCsrenn s Cl)

(i.e. ¢'is equivalent to ¢ with ¢, replaced by cy).

Let E € Eand @ = (c1.cs.....¢p) € (NT)™, We say that a state
description ®(by.b,. ..., b,,) is consistent with ¢ under E if for any r-ary

317
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relation symbol R of L and any 7. ..., i, and ji,..., j, from {1.2,... . m}

(not necessarily distinct) such that

(Cipsenenti) =F (CGrnnnncy)

we have that

0F R(bl'l,. .. -,bi,.) — OF R(bjl,.. . ’bjy') .

Notice that for a state description @(by. b, ....b,,) consistent with &
under E. if ¢; = ¢, then by ~e b,. This is true since if ji..... j, obtains
from iy, ..., i, by replacing some occurrences of s by ¢ or vice versa, then
(¢ioooonci) =F (cj,.....c;) because they are equal.

Notice also that @(b.....b,,) is consistent with & under E just if
®(ay,....a,) is consistent with & under E. In that case also if n <
m then for (distinct) ky,....k, from {1,...,m} the state description
O(ar.ay, ..., apy)|ak,.. ... ax,]isconsistent with (cx,, ¢k, . . ., ¢k, ) under E.

Finally we remark that if / is the highest arity of the language and

O(by.....by) = A Vi Biye by,

where y; are the polyadic atoms defined in the previous chapter, then as is
easily checked ©(by, bs. .. .. b,,) is consistent with ¢ under E just if for all

<i1....,i[>, <j1,...,j1> S {1,2,...,”’!}1
<Ci1’ . ~>Ci1> Ef <C‘/‘1='--:Cj,> - hi],....i, = hjl.,....j, .

Let CE(E', I;) be the set of all state descriptions for b = (b1, ....by)
consistent with ¢ under E. We can specify the number of elements in

Cz(C. l;) as follows. Define a binary relation Ni’E on {by,.. .,bm}" for
each k by
<b,‘l, . ,bl‘k> N;Z'E <bj], . ’bjk> < <Ci1, . ,Cik> Ef <Cj], . >Cjk>'

is clearly an equivalence relation. For each r-ary relation symbol
¢.E

r

¢.E
~k
R of L and each equivalence class 4 of ~

, a state description from
C7(¢. b) must choose one of

For the given sequence (cy, .. ., ¢,,) there are 2% possible state descriptions
which do this, where g is the sum for all the g relation symbols of L
of the number of equivalence classes in {b;,...,b,}" with respect to the
equivalence NfE (these classes are counted as many times as there are
r-ary relation symbols in L). Since each state description in C;(¢.b) is
uniquely determined by these g choices, there are 2¢ elements in Cz(C, b).



42. THE FUNCTIONS ug’L 319

As we did in Lemma 29.1 with C we can now show that for (dis-
tinct) i, b ..., im < k., @ = {aj.....a;,). @t = {ay,....a;), ¢ =
(¢iys Ciysevnnci), €7 = (c1,Cas. .., c) the following holds.

Lemma 42.1. Let ©(a@) € Cz(¢.@). Then the number of ®(at) €
Cz(ct.at) extending © equals |Cz(c,a")| - |Cz(C.a)|~! (and as such
it is independent of the choice of ®).

ProOOF. This is clear from the preceding considerations: If g™ is the
number of classes for which choices must be made to determine a state
description in C;z (¢, @*) and g the analogous number for Cj(¢, @) then

the number of ®(a*) € C;(¢t.@") extending @ € C;(¢. @) is 28 ~¢.

For p € B* and a state description ®(ay. as, . ... a,,) define,
m
ult @) = Y 1cx@a) " ] pe.- (378)
ce(Ntm s=1
OECE.(F.J)

LEMMA 42.2. Let p € Bt and E € E. Then uZL as defined by (378)
extends uniquely to a probability function on SL satisfying Ex.

Proor. The proof that ué’L extends uniquely to a probability function
on SL is similar to the proof of Lemma 29.2. Using Lemma 42.1 it follows
that for this extension (378) holds also for any (distinct) by. . .. . b,, in place
of ay,....a, and hence ug’L satisfies Ex. -

To show that the functions ug’L also satisfy PIP, we need the following
lemma:

LemMa 42.3. Let ©(zy...., z,) and ®(zy. . ... z,) be similar state for-
mulae and let E € E, & € (N*)". Then

O(h) e Cx(.h) — ®(b) e Cx(C.h).

PrOOF. Let
G(bla"'abm) = /\ Vk,l _____ ,'[(bl'19~ bl/)s
(itoeisy€{1...m}!
®(by.....b,) = A Vi Biy. . by)
(i1 ) E{Lcom}!

In the proof of Theorem 41.3 we showed that similarity of ® and @ isequiv-

alent to the condition that for all (i\,.... ), (ji.....j;) € {l.....m}
s = hi i, =0y

Asobserved above, @(by, by. ..., by,) € Cz(C. E)justifforall (i1, ... 01),
<j1,...,j/> S {1,2,...,7’1/1}1,

.....
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_COROLLARY 42.4. Let p € B and E € E. Then the probability function
ul't satisfies PIP,

Ug

PRrROOF. Suppose that (b, . ... byn) =~ ®(by.....b,). By the above
lemma, for @ = {(¢1,....¢n) € (N_*)’" we have ©® € C;(C.h) <— @ €
C;(¢.b) and hence. using (378). ué"L((B) = ugL(q)). 4

THEOREM 42.5. Let p € Bt and E € E. Then the probability functions
u’:"L form a language invariant family with PIP.

Proor. Let ©(by.....b,) be a state description of L and let LT =
L U {R} where R is a new, r-ary relation symbol. Writing Cé(c", 5) and
Cg (¢ b ) for the sets of state descriptions consistent with & under E in L
and L™ respectively we have that

m

ult @)= Y [cr@ ) ] pe -
s=1

ce(Nt)m
@ecé(mm
m
tro oy —
=2 2 g ealr.
OtE® fe(nt s=1
®+€CL (( @)

Let &= {c1,....cpm) € (NT)". Then

L (¢.a)| = 2"|cL(e.a)|

where /i is the number of equivalence classes, with respect to ~¢: E in

{b1.....by,}". If ®F is a state description in L* that extends ® and is
consistent with ¢ under E then ® must be consistent with ¢ under E, and
for each such ¢ there are 2% extensions of ® consistent with & Hence

upt (@)= 3 2 *mlﬂpu

Fe(Ntym
Lz
@GCE-((.(I)
m
— 2: Lz -1 _ . hL
= |CE-(C,Cl)‘ Hpc‘.\ =Ug (®)
cemtym s=1
L(zz)
GGCE-(<.11)
as required. o

We can use the above function to show that PIP does not imply Sx nor
Conformity and that unlike ULi families with Sx, ULi families with PIP
can have multiple extensions to language invariant families with PIP.

Consider for example!?” p = (0, %, %, %, %, 0,0,0,...) and L containing
a single binary relation symbol.

127This example is from [124].
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Let £ = (=F.=F,....) be defined by: (ci.....c;) =£ (d)....dy) just
if one of the following conditions hold

° <Cl,...,ck>:<d1 dk>
e Forall j € {I,.. k}wehave( =landd; =3)or(¢; =2and

dj =4),
e Forall j € {l.....k} wehave (¢c; =3 and d; = 1) or (¢; =4 and
d; =2).

Then E satisfies (377) and in this case ugL as defined by (378) gives dif-
ferent values to state descriptions (b, ....by). ®(by.....bs) represented
by matrices

1 0 0 0 1 01 0
01 0 0 1 1 10
001 0 01 0 1
0 0 0 1 01 1 0

respectively. The reason is that for the above j. the condition ¢ € (N*)*
in (378) can clearly be replaced by ¢ € ({1,2,3.4})* and since neither
® nor @ can be in CE(E’ . 5) if ¢ contains repeats (that would require the
corresponding individuals to be indistinguishable in the state description),
the sum is over ¢ = (c1, ¢2.¢3,¢4) = (a(1),0(2),5(3).a(4)) where 7 is a
permutation of {1, 2,3,4}. For such ¢, (¢;,. ¢;,) =5 (c},.¢;,) implies that
either (i; = i and j; = j,) or (i; # i, and j; # j,). In that case the state
description @ (represented by the former matrix) satisfies

(C= R(bi17bi2) — OF R(bjl,bjz),

so O is in CL(E 5) for all such ¢. However, this is not the case for @,
for example the fact that ® = —R(b;.b,) and @ E R(b3 b4) disqualifies
(1.2.3.4) since (1.2) =£ (3.4).128 Hence from (378). u ( ) # pL( D).

However, both ® and GD have the same spectrum 14 and hence u
not satisfy Sx.

Furthermore, with j and E as above, for any unary language £ colours
1.3 (and similarly 2.4) act as if they are the same colour so we have
that ul’;c = u%* where ¢ = (0,1.1.0.0.0....). More precisely. this

17
i does

202
can be justified as follows. From (244) and (378), upon leaving out zero
summands, we get that for any @(b;. . ... b))
m
ut00) = Y (4@ h) " [ g -
ce{12}m s=1
eccL(eh)

“1
Sy

12811 fact. a closer inspection of ® shows that @ is in Cé( ) for no ¢.
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5 - _._,
ulc@b) = > [CE(d.b)| 1de
de{1234}m
<-)ec]§(d‘.5)

If & € {1.2}™ and D(@) is the set of all d € {1.2.3.4}™ obtained from &
by replacing each occurrence of 1 by 1 or 3 and each occurrence of 2 by
2 or 4 then the D(¢) partition {1,2, 3,4} and, since we only have unary
relation symbols to consider, C- (d.b) = CE(¢.b) ford € D(¢). Also

m

114 = Z de‘,
s=1

deD (@)

and consequently
m

= > Z |CE(d.b)|~ Ide = u£(0(b)).

ce{12m pe

C
eccL(z b)

It follows that the ULi family u%* provides an example of a unary
family that has two extensions to a general language invariant family W1th
PIP. one of them with Sx (the u%*) and the other one failing Sx (the u” Uup )

To see that PIP does not imply Conformity, let L contain one bmary
relation symbol R and let 5 = (0. 1.1.0.0....). Take E to be defined by
(c1.....cx) =F (dy....dy) iff either (c1.....ct) = (di....d}) or for all
ie{l.2,....k},¢; =1,d; =2orforalli € {1,2,....k}.di =1, ¢; =2.

Then the state descriptions for b= (b1, by) represented by matrices

I 1 0 0
I 1 0 0

are compatible under £ with any ¢ € {1,2}2, other state descriptions
represented by matrices with both entries on the diagonal equal to 1 or
both equal to 0 are compatible with ¢ = (1.2), (2. 1) but not with (1. 1),
(2.2), and the state descriptions with one entry on the diagonal equal to 1
and the other entry equal to 0 are compatible with no ¢. Hence |Cz (. 5)|
is2forc=(1,1)orc=(2,2)and 8 for &= (1.2) or &= (2. 1) .

Now consider the sentences R(aj.a;) A R(ay,a;) and R(aj,a;) A
R(ay.ay). Using (378), and the Disjunctive Normal Form Theorem
we can see that the former is accorded the probability 1/2 by u L but the
latter a strictly smaller probability 3/8, whilst Conformity would require
these probabilities to be the same.



Chapter 43

LESS WELL TRAVELLED ROADS

In the course of the previous 42 chapters we have introduced numerous
more or less rational principles which our agent, dwelling in an unknown
structure M for L, might choose to adopt in order to address the question

Q: In the situation of zero knowledge, logically, or rationally, what belief
should I give to a sentence 0 € SL being true in M?

We have argued from the start, via the Dutch Book argument, that it
is rational to identify belief with probability, in the sense that it should
satisfy conditions (P1-3). At this point the facet of ‘rational’, or at least
‘irrational’, being used is that it is irrational to agree to bets which guar-
antee one a certain loss. In general however we have offered no definition
of ‘logical’ or ‘rational’. Instead we have embraced certain overarching
meta-principles, or slogans, which we may feel are ‘rational’, just in the
way that we may feel that something is funny without being able to define
what we mean by ‘funny’.

We have particularly focused on four such slogans: That it is rational
to:

(i) Obey symmetries: If. in context, § and 0’ are linked by a symmetry
then they should be assigned equal probability.

(ii) Ignore irrelevant information: If 0’ is irrelevant to 0 then condition-
ing 0 on 0’ should not change the probability assigned to 6.

(iii) Enhance your probabilities on receipt of (positively) relevant infor-
mation: If 0’ is supportive of @ then conditioning 6 on 0’ should
increase, or at least not decrease, the probability assigned to 6.

(iv) Respect analogies: The more 0’ is like 0 the more conditioning on
0’ should enhance the probability assigned to 6.

Of course these are just templates for principles. They do not tell us
what we mean by symmetry, irrelevance, relevance, analogy, that is a
matter for us to experiment with, and largely that is what this monograph
has been doing. It is up to the reader to decide if we have done the right
experiments. Certainly there are many more interpretations of these four
key notions which remain to be investigated, not to mention the possibility
of proposing wholly new meta-principles or slogans.
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Looking back over the Unary Part of this monograph one noticeable
feature is that whilst there are potentially continuum many different prob-
ability functions which could have a speaking part in the event only rather
a limited fraction come to the fore, the wz, the c/L the w‘L’ and more
generally the u?*. Somehow the story all seems to revolve around these
characters, even when we cross borders between symmetry, irrelevance,
relevance, analogy, and in that way all four of these notions seem to be
interrelated. But they also seem to be fundamental in another way. Rather
than being separate entities they are frequently combined in theorems. In
particular, through the relationship we have seen in representation theo-
rems where the probability functions satisfying some symmetry principle
turn out to be convex mixtures of very simple building block probability
functions satisfying some irrelevance principle.

A somewhat similar situation obtains too when we move to the polyadic
with the u?L v?L and perhaps too the ug‘L, hogging the limelight. In
this case however it is somewhat less remarkable since, as we openly
acknowledge, the Polyadic Part is seriously skewed towards the study of
Sx and later PIP. One reason for this perceived imbalance is that in general
the theory of these principles works out particularly elegantly; possibly
future exploration of other areas of the polyadic will paint a somewhat
different picture.

Two features which have become rather central in this monograph, at
least compared with the early literature in the subject. are the representa-
tion theorems and the idea of language invariance. We have spent much
effort in proving representation theorems because of their perceived value
in this subject, which goes back to Gaifman and Humburg’s applications
of de Finetti’s Theorem, see [31], [54]. The obvious reason they are valu-
able is that they often allow us to study classes of probability functions
by studying a particular subclass of these functions which we can easily
get a handle on. But they have another value too in that they frequently
allow us to express the problems of PIL we are interested in as problems
within straightforward mathematical analysis, and so make available to us
a powerful range of well established tools. Whilst using such methods may
seem to the more philosophically minded reader ‘unfortunate’, tasteless
even, the evidence to date seems to show that they are simply unavoidable,
and no matter how strong our purist leanings we simply have to embrace
and live with some more technical mathematics.

Language Invariance too has proved to be a useful, clarifying, condition
to impose, see for example Theorem 32.1, as well as having a strong case
to be considered rational. Moreover there is emerging evidence in the
representation theorems such as 34.1, 34.3 (see also an analogous result
for Px in [68]) that the language invariant probability functions can act as
simple building blocks for more general probability functions.
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One area of the polyadic which has to date proved particularly impene-
trable is finding significant new relevance theorems such as we had with the
Principle of Instantial Relevance, PIR, in the unary. One such result we
do have is Theorem 36.1 telling us that the relevance principle PI holds for
probability functions satisfying Language Invariance with Sx. However,
given its reliance on the background paper [109], proving that theorem
seems to require much more work than PIR ever did, and it remains an
open question whether or not we can relax the requirement of language
invariance.

Another, largely dark, area of the polyadic concerns automorphisms
and the status of INV. With automorphisms of BL defined as we have the
unary version of INV, UINV, is just too strong for most palates and there
would seem to be scope for considering alternative definitions of what we
mean by an ‘automorphism’ in this case. In the genuinely polyadic there is
currently no evidence that INV produces a similar collapse but then again
we have very little understanding at present of automorphisms outside of
those which permute state formulae.

Going beyond the narrow confines of PIL imposed by limiting ourselves
to a simple relational language, there are many opportunities for further
research, though as we have already remarked earlier when introducing
equality such extensions may challenge our ideas of what our agent should
be capable of and in turn make the concept of ‘rational’ all the more
elusive. One such extension which is currently under some investigation
is the addition of function symbols, which indeed were present in some
of the early papers in Inductive Logic, for example [32]. And again PIL
for second order, infinitary, modal, fuzzy, etc. languages and logics all
seem possibilities, albeit perhaps stretching the motivational link with the
agent to near breaking point.

A second largely unexplored area concerns given knowledge. In our
account we have assumed our agent has the problem of forming beliefs
on the basis of no knowledge about the ambient structure M. Thereafter,
were s/he to be given some information § € SL then we supposed that
the agent would update their chosen rational probability function by the
conventional Bayesian conditioning on 0, though as explained on page
23 we feel it is preferable here to remain entirely within the framework of
question Q and treat this as what the agent imagines they would do were
they to receive any such information 6.

An alternative here is to suppose that the agent possesses some knowl-
edge at the start, say that M E 6. and that they consider what probabilities
it is rational to assign directly on the basis of this knowledge. that  holds
in the ambient structure, without ever pondering the question of what to
do if they knew nothing. Whether or not this leads to different conclu-
sions, remains, to our knowledge, an open issue.
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A third topic concerns the question Q itself. Why not, instead of asking
the agent what probabilities they would rationally assign, ask the agent
straight out what their best guess is for the structure M they are inhabiting?
An immediate objection here is that it is (surely) rational for the agent to
accept Constant Exchangeability, Ex, but outside of a few very special, and
arguably unnatural options, it would not be possible for this to be reflected
in the agent’s choice of M. Nevertheless, we could grant that after all the
rationality considerations had been applied the agent be then permitted a
random choice from equally acceptable alternatives (much as is done in
[107] for a related problem in Propositional Uncertain Reasoning) and in
this amended form the question reasserts itself.

Finally, after so many words and so many theorems, are there signs that,
at least for the moment, one probability function or family of probability
functions is coming out on top? Of course PIL is not really in the business
of making recommendations, that’s where Pure and Applied Inductive
Logic differ, and there is no sense in which we would wish to say that you
should adopt a particular probability function when going about your
everyday business. However what we could argue, on a purely personal
basis, is that certain families of probability functions satisfy more of
the rational principles that we ‘like’ than other families. On that score
Carnap’s Continuum of Inductive Methods, the ¢ f for 4 > 0, still seems
to have the best claims in the unary context and hence their unique language
invariant extension to the polyadic may offer good chances in the polyadic
context. But, by analogy with the cricket match we started with on page 3,
we are hardly past the first innings, it could all change yet.
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