Determinism and Chance from a Humean Perspective

Roman Frigg and Carl Hoefef
1. Introduction

On the face of it ‘deterministic chance’ is an oxyon: either an event is chancy or
deterministic, but not both. Nevertheless, the di@lrife with events that seem to be exactly
that: chancy and deterministic at once. Simple degluevices like coins and dice are cases
in point. On the one hand they are governed byrohtéstic laws — the laws of classical
mechanics — and hence given the initial conditihrsay, a coin toss it is determined whether
it will land heads or taild.On the other hand, we commonly assign probatsiliti the
different outcomes a coin toss, and doing so hagegor successful in guiding our actions. The
same dilemma also emerges in less mundane con@assical statistical mechanics (which
is still an important part of physics) assigns @tabties to the occurrence of certain events —
for instance to the spreading of a gas that israally confined to the left half of a container —
but at the same time assumes that the relevanérnsgsare deterministic. How can this

apparent conflict be resolved?

One response to this problem would be to adopipatemic interpretation of probability and
regard the probability we attach to events sucbedisng heads when flipping the coin or the
spreading of the gas when opening the shutter raflection of our ignorance of about the
particulars of the situation rather than the phglsproperties of the system itself. Outcomes
really are determined, but we don’t know which ome there will be and so we use
probabilities to quantify our uncertainly about whell happen. There is no contradiction

between determinism and probabilities thus undedsto

However, at least when put forward in this unqugdifform (we turn to qualifications below),
this is unsatisfactory. There are fixed probaleiitifor certain events to occur, which are

! Forthcoming in Dennis Dieks, Wenceslao Gonzalégplan Hartmann, Marcel Weber, Friedrich Stadlet an
Thomas Uebel (eds.)hE Present Situation in the Philosophy of ScieBeglin and New York: Springer.
2 The authors are listed alphabetically; the papefuily collaborative. To contact the authors write

r.p.frigg@Ise.ac.ulandcarl.hoefer@uab.es

% For a discussion of determinism see Earman (18862).
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subjected to experimental test and which, in maases, are governed by probabilistic laws
(such as the laws of statistical mechanics). Seetlpeobabilities seem to have nothing to do
with the knowledge, or even the existence, of cansccreatures studying these systems: the
chance of a coin to land heads is 0.5 and a gageisvhelmingly likely to spread when the
box is opened, no matter what anybody believes tatimse events. The values of these
probabilities are determined by how things aretmotvhat we believe about thehin other

words, these probabilities are chances, not cresenc

This is an unwelcome conclusion because chancealetedminism seem to be incompatible.
In this paper we argue that at least for a Humbanproblem can be resolved since Humean
objective chances are compatible with there beindetying deterministic laws — Lewis’

own proclamation to the contrary notwithstanding.

In our discussion we focus on a simple examplaia ss, then develop a Humean account
of chance, and then show that on this account tiseaenon-trivial sense in which the coin
flips are chance events while at the same timegobgaverned by deterministic laws. This is
not lost labour. In fact, as we briefly indicatee tlast section, chances are introduced into
statistical mechanics essentially in the same vgaindhe case of the coin and so the basic
idea of deterministic chance developed here carcdrged over to statistical mechanics

without (much) further ado.

2. Flipping a Coin

Coin tossing is the most widely used example ofaadom process, and we are firmly
convinced that the chance for getting either headails is 0.5. At the same time we are also
firmly convinced that coins obey the laws of mecbsrand that therefore their flight as well
as their landing heads or tails are determinedhby initial conditions and the forces acting

upon them. Can we consistently uphold both coromst?

* This point is often made in the context of statitmechanics; see for instance Albert (2000, Gépwer
(2001, 611) and Goldstein (2001, 48); see also &td@007, 557, 563-4) and Maudlin (2007, 281-2).
® Loewer (2001; 2004) has presented a reconciliatfodeterminism and chance from a Humean perspeectiv

However, we believe this reconciliation to be pesbatic for the reasons discussed in Frigg (2008b).
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This question has been discussed from a physicd pbiview by Keller (1986a), and later,
building on Keller's work, by Diaconis (1998) andiabonis, Holmes and Montgomery
(2007). We believe that this approach providesthadl ingredients need to explain why the
chance for heads equals 0.5, and why there is nfficidetween this and the fact that coins
are governed by the laws of classical mechanicsveider, the explanation we offer differs
from Keller’s and Diaconis’. We now review in sometail their arguments since they serve

as the springboard for our own discussion of chamcein flips in Section 4.

Keller introduces the following mechanical modelttoé coin flip. Consider a circular coin of
radiusr, negligible thickness, and with homogeneous masslalition. The only force acting
on the coin after being tossed is linear gravityd &he surface on which it lands is mushy so
that the coin does not bounce. Furthermore the isoflipped upwards in vertical direction
with velocity v at initial heighth (above the surface on which it eventually lands)rat it
rotates with angular velocity around a horizontal axis along the diameter ofdbi@ (i.e.
we rule out precession). Solving Newton’s equatimnghis situation (and assuming that the

coin is flipped in horizontal position) yields

X(t) = vt- g7t2+h Q)

£(t) = wt, (2)

where X(t )s the coin’s height at time anf{t the coin’s angle relative to the plane. Using
the coin’s radius one can then determine whichtpafithe coin touches the surface first, and
together with the assumption that the coin doesboonce this determines whether the coin
lands head or tails. These calculations then allswto determine which initial conditions

result in the coin landing head and tails respettivthat is, they allow us to determine for

every quadrupl€x,,v,f,,w Whether the coin having this initial condition ¢Enhead or tails.

We have assumed that all coin tosses start at theiglind that all coins leave the hand in

horizontal position:x, =h and 7, = 0); hence different tosses vary in their verticalocéy

v and their angular velocityy. Assuming that the coin starts heads up, init@iditions
lying in the black areas of the graph shown in Fegli come up heads, while those lying in
white areas come up tails. For this reason Kebdls ¢he hyperbolic black and white stripes
in Figure 1 the ‘pre-images’ of head and tails.



Figure 1. The pre-images of heads and tails (Diact®98, 803).

What follows from these considerations about thenck of getting heads? Keller presents an
argument in two steps. The first is to regard thigal condition as a random variable with a

continuous probability distributiom (v,n vith support in the region shown in Figure 1 (i.e.

w3 0 andv?3 0. Then the probability for headg(H , is given by

p(H) = e (v,w)dvdw, (3)

where B denotes the black regions im3 d@nhdv3 Q Mutatis mutandis Equation (3) also

gives the probability for tails, p(T .) The second step consists in showing that
p(H) = p(T)=05. To this end Keller proves a limiting theorem, ibay showing that if

the boundaries of the region over which the integra&quation (3) is calculated is shifted

towards infinity (i.e. if we integrate oveB'={(v,n):v3 k,n3 k &nd letktend towards
infinity), then p(H)= 05 no matter whatdistribution r(v,»w) we choose. This result

becomes intuitively plausible when we realise that stripes get thinner as the values/of



and V increase (see Figure 1), and so the integral besdess sensitive to fluctuations in

r (v,w) . Hence, in this limit there is a unique probaifior head<.

We now turn to a discussion of Humean chance aed tbturn to the question of how to

justify p(H) =05 in Section 4. The main difference between our Ketler's approach is

that we make essential use of facts about the Hnmmeesaic (i.e., the totality of all actual or

occurrent events — see section 3.3) and therehy appeal to a limiting result.

3. Humean Objective Chance

In this section we introduce the concept of Hum@&égjective Chance (HOC), on which our
reconciliation of determinism and chance is ba3ée. views discussed here are an extension
of those introduced in Hoefer (2007), but here @mésd in a way that pays particular
attention to those features of the theory that bmarthe issue of the compatibility of

determinism and chance.

3.1 Defining Humean Objective Chance

The definition of chance that we present in thistise differs from Lewis’ canonical
definition (1994, 480). In part this is a matterpsésentation; but in part it also results from
correcting certain omissions and modifying a fewntca features. Three changes are
particularly crucial. First, we correct the omigsiof any reference to the Principal Principle
(PP) in Lewis’ definition. In our view PP is essahfor an understanding of objective chance
and therefore has to appear in one way or anathies definition. Second, our definition is of
chances or chance laws alone, and is not a defndf laws of nature more generally. And
finally, of course, our definition will allow forhtere to be genuine chances in a world that is

deterministic at bottom. We return to these poimidue course.

® Diaconiset al. (2007) generalise this result by relaxing soméhefabove modelling assumption and thereby
taking into account the precession of the coinsTddds interesting features to the model, but dineemain

features remain the same we keep using the simpdielndiscussed in this section.



Let e be an event, for instance a coin coming up headsdie landing so that it shows three

spots’ We define chance as follows.

Definition 1 (HOC): The chance of eveatch(e), is a real number in the interval [0, 1] such
that:

(1) the functionch satisfies the axioms of probability,

(2) ch(e) is the correct plug-in faX in the Principal Principle, and

(3) the functionch supervenes on the Humean Mosaic in the right way.

Chances thus defined are Humean Objective Chatt®€); for brevity we refer to them
simply as ‘chances’. We use ‘THOC'’ to refer to #rdire theory of chance presented in this
section. The elements of this definition are incheé explication, and providing the needed

explications is the task for this section. Let ugfty indicate what this task involves.

The first clause is straightforward, but nevertesl@ot entirely trivial. Lewis thought it a
major problem to prove that objective chances fyatise axioms of probability, and he
argued at length that chances indeed have thispgdbin our view there is nothing to prove
here. THOCdefineschance, and we are free to build into a definitiwhatever seems
necessary. A function that does not satisfy therasi of probability cannot be a chance

function and so we simply require thet satisfy the axioms of probability.

The second clause needs unpacking in two respeetaeed to introduce PP, and we need to
explicate what makes a plug-in f&ra correct plug-in. Much hangs on this, and a careful

exposition is imperative. For this reason we dedicubsections to each point (Subsections
3.2 and 3.4).

The third clause is also problematic. We first haventroduce the Humean Mosaic, then say
what we mean by a function supervening on the Hundasaic, and we then need to

explicate the notion of supervening on the Humeawsdit in theright way. The second

" Two disclaimers are in order. First, nothing inawtiollows depends on a more precise charactesisaf
events. Second, we attribute chances to eventauugedhis looks most natural in the cases we disdBiss
nothing hangs on that; we could take propositiorsseiad. In fact, as will become clear from the erfttin
certain formulae below letters sucheaand X will stand for propositions describing events eatthan directly
for events. This is inconsequential for our viewschance.

8 For a discussion of Lewis’ arguments see Hoef@®12560-62).
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clause of the definition enters here too, becaus@&mgortant part of what ‘the right way’
means here is: in such a way as to permit a sojdment justifying PP to be made. We turn
to these issues in Subsection 3.3.

3.2 Introducing the Principal Principle

Chances, first and foremost, are guides to actémlook to chances when making decisions:
if the chance for rain today is 0.95 | take my uetlarwith me, but if it is 0.05 | do not. As
Lewis insisted, the most central and important regouent on a theory of chance is that it
make it possible to see how chances can play thisnaguiding role. This aspect of chances
is enshrined in PP, which establishes a connedietween chances and the credences a
rational agent should assign to certain events,revliny ‘credence’ we mean an agent’s
subjective probability or degree of belief. Theuitive idea in PP is that a rational agent’s
credence for an eveatto occur should be set equal to the chance® a$ long as the actor has

no ‘inadmissible’ knowledge relating &s occurrence.

Definition 2 (Principal Principle): Letcr’ stand for a rational agent’'s credence. The Ppaici
Principle (PP) is the rule that

cr(elX&K) =x, 4)

whereX is the proposition that the chanceedf x (i.e. X = ‘ch(e) =x), andK is ‘admissible’

knowledge.

Before spelling out what we mean by admissible Kedge, let us add some clarifications
about the purpose ¢f. At first sight it seems unclear wi{/should appear in Equation (4) at
all, and more needs to be said the function kh& meant to be perform. The presenc&of
should not be interpreted as a request to gatpartecular kind of knowledge before we can
use PP. On the contrary, we always have knowlellgatasituations, an simply stands for
the sum of what wele factohappen to know. Depending on what kind of propmss K
contains, we should or should not use Equatiortd4et our credences. The prescription is

simple: if K contains no inadmissible knowledge then use Egua#); if K does contain



inadmissible knowledge then don’t. In the lattesedP is silent about how to set our

credences.

The question now is what counts as ‘admissibleVidedge. Lewis original definition is:

‘Admissible propositions are the sort of informatiwhose impact on credence about outcomes comes

entirely by way of credence about the chancesagdloutcomes.’ (Lewis 1980, 92)

This definition has given rise to controversy, amavis himself regarded it as too imprecise,
and replaced it with a time-indexed version, intparorder to be able to say that all past
events have chance 0 or 1. For a discussion ofd'ewwised definition and the issue of time
see Hoefer (2007, 553-5 and 558-60). We here lmulthis discussion and assume that these
corrections are not only unnecessary, but also gir@hances attach to circumstances (the
‘chance set-up’) and not to worlds-at-specific-ttm&he original definition of admissibility
Lewis gave was essentially right. Chance is a gtodactionwhen better information is not
available So the essence of the requirement of admidyikbgi to exclude the agent's
possession of other knowledge relevant to the oenue ofe, the kind of knowledge the
possession of which might make it no longer seasdsl desirable to set credence equal to
objective chance. To use the usual (and silly) gotamf you have a crystal ball that (you
believe) reliably shows you future events, you nhaye inadmissible knowledge about a
chance event such as the coin flip a week from nbwour crystal ball shows you the coin
toss landing tails and you trust the ball’'s revelad, you wouldhot be reasonable to set your
credence in tails to 0.5 for that flip; you havadmissible knowledge. This example helps
make the notion of admissibility intuitively cleamd also points toward a very important fact
in our world: inadmissible evidence is not someghime typically have — if we did, then
chances would be rather useless to have. Stib, ftossible to give a slightly more precise
definition of admissibility (Hoefer 2008, Ch. 2)

Definition 3 (Admissibility): A propositionP is admissible with respect to an outcome-
specifying propositiorkE for chance set-uf (E says that everg occurs)iff P contains only
the sort of information whose impact on reasonabdéglence abolE, if any, comes entirely

by way of impact on credence about the chancedsoskt outcomes.

This definition makes clear that admissibility edative to a chance set-up and its attendant
possible outcome-events. It is also relative toatent whose reasonable credence function is
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invoked in PP. The agent-relativity of admissiilthay be more or less extreme, depending
on how highly constrained a credence function niestn order to count as ‘reasonable’ or
‘rational’. For our purposes agent-relativity istngermane, and we will assume that all
reasonable agents agree about whether a propoBisbould or should not have an impact on

credence irkE, whenP is added to a further stock of background knowdd€lg

3.3 Humean Supervenience

The Humean MosaidHM) is the collection of everything that actualappens; that is, all

occurrent facts at all times. There is a questlwouawhat credentials something must have to
be part of the mosaic. Nothing in what follows degie on how the details of this issue are
resolved. What does matter is that irreducible rites, powers, propensities, necessary

connections and so forth are not part of HM. Thahe ‘Humean’ in Humean supervenience.

The supervenience part requires that chances taigeenby the overall pattern of events and
processes in HM; in other words, chances are edtdiyy whatactually happens. Again we
can make a comparison with actual frequentism, lvkatisfies Humean supervenience in a
particularly simple way: the overall pattern of eige uniquely determines the relative
frequency of an event, and hence its probabilitgtual frequentism has no frequency
tolerance, and hence frequentist probabilities sugpee on actual events. This contrasts with
propensity theories, which have maximal frequengigrance. THOC strikes a balances
between these extremes by requiring that HOC’srsepe on HM, but nosimply THOC
postulates that chances are the numbers assigmegnts by probability rules that are part of
a Best Systerof such rules, where ‘best’ means that the systfers as good a combination

as the actual events will allow simplicity, strengtrandfit.

The idea of a Humean Best System of chances cdiusiated with a thought experiment.
To this end, we introduce a fictitious creaturewise Demon. In contrast to human beings
who can only know a small part of the Humean mqgshaéwis’ Demon knows the entire
mosaic. The demon now formulates all possible syst®f probability rules concerning
events in HM, i.e. rules assigning probabilitiesetent-types such as getting heads when
tossing a coin. In the mere formulation of suchesulno interpretation of probability is

assumed. The rules in these systems assign nutobevents. These numbers have to satisfy



the axioms of probability — this is why they areodpability rules’ — but nothing over and
above this is required at this stage. Then the deimasked to choose the best among these
systems, where the best system is the one th&estthe best balance between simplicity,
strength and fit. The probability rules of the gystthat comes out of this competition as the
best system then, by definition, become ‘chancestulnd the chance of an eversimply is

the number that this chance rule assigns to itt lydhe chances for certain types of events
to occur (given the instantiation of the setup ¢oods) simply are what probabilistic laws of

the best system say they are.

Definition 4 (HumeanBSsupervenience): A probability rule is Hume&&-supervenient on
HM (‘HBS-supervenes on HM’, for short) iff it is gaof a Best System, i.e. the system that

strikes the best balance between simplicity, stteagd fit given HM.

Clause (3) in Definition 1 can now be made predise:functionch HBS-supervenes on HM.

Needless to say, much depends on how we understamlicity, strength and fit. Before
discussing these concepts in more detail, let usstihte the leading idea of HBS-
supervenience with an example. The question we ttaask is how certain aspects of event-
patterns in HM may be captured by adding a chantse about coin flips. Coins are fairly
ubiquitous and we have the custom of flipping thtenmelp make choices. So the event-type
we call ‘a good flip of a fair coin’ is widespreaud HM around here. Furthermore, it is a fact,
first, that in HM the relative frequency of eaclsairnible side-type landing upward is very
close to 0.5 and, second, that there are no edisiterned patterns to the flip outcomes (it is
not the case, for instance, that a long sequenoaitcbmes consist of alternating heads and
tails). THOC now asks us to consider all possilstebpbility rules for a given class of events
and then choose the one that strikes the bestdeletween simplicity, strength and fit.
There are of course infinitely many rules. One,if@tance has it thg(H)=0.1 andp(T)=0.9;
another rule postulates thp{H)=p(T)=0.5; and yet another says tha) is the actual
frequency of heads anT) is the actual frequency of tails. Given that fitegjuency of heads
and tails is roughly 0.5, the first rule has baddt any rate its fit is worse than the fit of the
other two. But how do we adjudicate between thesg@nd the third rule?

At this point considerations of strength come iptay. In fact there may be an even better

chance rule that could be part of the Best Systeinich would embrace coins and dice and
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tetrahedra and dodecahedra and other such symmiipizable/rollable solids. The rule
would say that where such-and-such symmetry isetdolond in a solid object of middling
size withn possible faces that can land upward (or downwidnidking of tetrahedral), and
when such objects are thrown/rolled, the chanagaoh distinct face being the one that lands
up (or down) is exactly b/ Given what we know about dice and tetrahedralsantbrth, it is
quite plausible that this rule belongs in the B&gstem; and it entails the coin-flip chances.
So it enhances both simplicity and strength withrauth loss in fit, and hence on balance it is
better than the system which sets chances equalative frequencies. Hence, the chance of
heads on a fair flip of a coin would seem certatolyexist, and be 0.5, in a Best System for

our world.

How are we to understand simplicity, strength atllfet us begin with simplicity. This is a
notoriously difficult notion to define preciselyetywe think that there is enough one can say
about it to make THOC tick. As we understand imicity has two aspectsimplicity in
formulationandsimplicity in derivation The former is what is usually meant when simplici
arguments are put forward: a linear relation betwé®o variables is simpler than a
polynomial of order 325, a homogenous first ordéfecential equation is simpler than a non-
linear integro-differential equation, etc. It istreasy to pin down what general rule drives
these judgments, but this does not represent auseabstacle to us because nothing in what
follows depends on simplicity judgments of this &kirAnother component of simplicity in
formulation is how many distinct probability rulessystem containgeteris paribus the
fewer rules a system has in it, the simpler iffise second aspect of simplicigimplicity in
derivation focuses on the computational costs incurred invihg a desired result. The
guestion is: how many deductive steps do we haveake in order to derive the desired
conclusions? Some systems allow for shorter deoratthan others. It is important not to
confuse simplicity in this sense with a subjectiv@ion of a derivation being ‘easy’ or
‘difficult’. The issue at stake here is the numlmdrdeductive steps needed to derive a
conclusion, and this is a completely objective dignwhich could be quantified, for
instance, by using a measure such as Kolmogorarigpatational complexity (roughly, the

length of the shortest programme capable of degittie result).

Simplicity could always be improved by cutting peatly good chance rules out of the
system. However, in general improving simplicitythis way is not a good strategy because

it comes at too high a cost in terms of strengtie $trength of the system is measured by its
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scope. The wider the scope of the system, thegdranis. In other words, the larger the part
of HM that the system is able to account for, th#dy it fares in terms of strength. The above
example illustrates the point: a system that cowalg coins is weaker than a system that also

covers other chance setups such as roulette wiukess etc.

The Best System should not only ascribe chanckggd®f event types, and do so in as simple
a way as possible; it should ascribe tiglt chances! But which are the right chances? Every
system assigns probabilities to possible coursekistbry, among them the actual course.
With Lewis, we now postulate that the fit of thessgm is measured by the probability that it
assigns to thactual course of history, i.e. by how likely it regard®se things to happen that
actually do happen. As an illustration, considddamean mosaic that consists of just ten
outcomes of a coin flipHHTHTTHHTT. It follows immediately that the first system aleov
(p(H)=0.1 andp(T)=0.9) has worse fit than the secopéH)=p(T)=0.5) since 0.1.9° < 0.5°.
This example also shows that a system has bettehén it stays close to actual frequencies,

as we would intuitively expeét.

So the ways in which we evaluate systems is olWjecind no appeal to ‘pragmatic’ or
specifically ‘human’ values or limitations has bemade. Nevertheless, we accept two (not
very controversial) assumptions that assure tl@Best System, whatever its concrete form,
shares at least some essential characteristicssai¢imce as we, humans, know it. The first
assumption iontological pluralism which denies that only basic/micro entities ex&bme
hard-headed reductinists deny that anything extepbasic micro entities exist. Thus, chairs,
rivers, cats, trees, etc. are said not to existdéfey this. That coins consist of atoms does not
make coins unreal. Coins exist, no matter what enhysics tells us about their ultimate
constitution, and so do rivers, chairs, and caendd, even in a classical world, HM consists

of much more than elementary particles and thajettories.

The second assumptionligguistic pluralism the posit that the language in which the Demon
formulates the systems that subsequently enter thosimplicity-strength-fit competition
contains terms for macroscopic kinds. That is, l#mguage has not only the vocabulary of

microphysics, but also contains terms like ‘coimdariver. So we not only believe that

° Elga (2004) agues that this definition of fit ruingo problems if there are infinitely many chareyents, and
suggests a solution to based on the notion of i@dlypequence. This concern is orthogonal to tloblpms we

discuss in this paper and hence we will not putBaematter further.
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macro objects exist, we also equip the demon witanguage in which he can talk about

these asui generisentities'®

3.4 Justifying the Principal Principle

There is controversy not only over the correct folation of PP, but also over its status.
Strevens (1999) argues that it is no more possibtéfer a sound argument justifying PP than
it is to justify induction, and that we thereforavie to accept it as something like a first
principle. But not everybody shares this pessimigmfact, we believe that the unique
features of HOC permit a demonstration that it rimtional not to apply PP when its
conditions are fulfilled. Space precludes a fubadission here, so we will simply present a

brief version of the argument; for an in-depth d&sion see (Hoefer 2008, Ch. 4).

As we have seen in the last subsection, it is altre§ a careful analysis of what it means for
the functionch to supervene on the Humean Mosaic in the right thay whenever there is a
large number of instances of a chance setup, thecehof a certain outcome is close to the
relative frequency of that outcome. For this reasiHOC can be understood as a (major)
sophistication of finite frequentism, and underdiag why PP is justified for HOC begins by
recalling this affinity™*

There are two ways of justifying PP based on thiBnity, an ‘a priori’ and a
‘consequentialist’ one. The former is similar te tjustification of PP Howson and Urbach
(1993) give for von Mises frequentism. A subjectidegree of belief corresponds (by
definition) to the odds at which an agent feelgetdn either side of a questida Yersus not-
E) would be fair. An agent who has no inadmissibleimation pertinent to the outcomes of
along seriesof instances of chance set8should have the same degree of belief inBhe
outcome ineachtrial — having aeasonto assign a higher or lower degree of belieEton a
specific trial automatically and by definition anmis to possessing inadmissible information.

Hence, if an agent assigns degree of bglief outcomeE in a single trial of chance set®p

1% For further discussion of the issue of the languased in formulating laws see Lewis (1983).

M Since clause 2 of our definition of HOC above tted thatch(e) is the correct plug-in for the Principal
Principle, one might expect a quick and easy detratien that HOCs satisfy PP: it is true by ddfon!
Clearly, this is a bitoo easy. The two justifications of PP for HOC offenedthis section are substantial,

departing from connections between HOC and fregesraf events, and are entirely non-circular.
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he should assign the same credence t&-antcome in each instance of a(n indefinitébrg
seriesof trials of S; not to do so is to take oneself to have infornratielevant to ark-
outcome that does not come frd&is chance (which by stipulation is the same in etaieth of
S), and hence to haveaadmissibleinformation. Having inadmissible information makieP
inapplicable, so we may assume for the rest ofatigement that the agent does not vary his

credence irE-outcomes from trial to trial.

So the agent takes betting Brin each trial of an indefinitely long series atleg:(1-p) to be
fair. Assume that he bets on the same side irrialstin the sequence, i.e. either Bnn all
trials or notkE in all trials. Because the agent thinks the béhils he must think that there is
no advantage to betting drather than noE (or vice versa); that is, he must be indifferent
towards which side of the bet he takes. By assumnptiere is a chance for gettiBgon a
trial, ch(E)=g. From the account of THOC above we know that tHative frequency oE’s

in an indefinitely long sequence is of trials mhstequal (or at least very close to) the chance
of E. It is a simple result of probability calculus thhagents don’t bet in accordance with
relative frequencies, then one side of the betomgl better. This cannot be if the agent
believes the bet to be fair. It is then a simpléharetic fact that iiq differs non-trivially from

p, and the agent bets dh at p:(1-p) odds throughout the long series, then the agert wil
certainly lose (or win) in the long run. The agamtderstanding THOC and thelt(E) = q
must know all this too; but he cannot believe #msl yet believe the long series of bets to be
fair. So ifp* g, the agent holds contradictory beliefs, whichriational. So the only rational

assignment of probabilities ;5= g, as PP prescribes.

The consequentialist argument is more straightfaiwih asks us, in the spirit of Humeanism,
to look at HM, which not only contains outcomestridls but also agents placing bets. If we
look at all agents placing bets across the entweaic and check on how they are doing, we
will see that those agents who set their credeaqaal to the chances obtain — at most places
and times, at least — better results than thoseaalopt credences significantly different from
the chances. In other words, in the wider domash s in Las Vegas, if one has to gamble on
chancy events, one does best if one knows the tolgeprobabilities. For this reason it is

rational to adjust one’s credences to objectivenchs, as PP requirés.

12 caveats and details of the consequentialist arguare discussed in Hoefer (2007, sec. 5) and (2€i@ter
4).
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3.5 The Epistemology of HOC'’s

Let us close this section with a brief remark abibet epistemology of HOC's. At first sight,
an approach to probability whose central concepgsdefined in terms of everything that
actually happens at any point in time and at ayiaplocation — the HM — and an omniscient
creature — Lewis’ Demon — may strike some as ratheconnected from actual human
endeavours. This impression is mistaken. Needlessay, the appeal to HM and Lewis’
demon are idealisations, and ones that take ugrrdéin away from our actual epistemic
situation. But we deny that this turns THOC into epistemic pipe-dream. First, the
limitations of actual human experience are a fatttat every epistemology has to cope with.
In particular, also those positions who believenietaphysically ‘thick’ laws and probabilities
(universals, causal powers, etc.) have to base ¥i@vs on the nature and character of these
on actual experience and there is the possibiigt future events may prove them wrong.
Any view about probabilistic laws — Humean or nadbas to base claims about these on our
limited actual experience, and this involves anucttve leap. How handle this leap is of
course a time-honoured philosophical puzzle on Wwhicich ink has been spilled, and there is
no royal road to success. The point to stress isetfeat the Humean is not alone with this
problem. Second, the requirement that only occupenperties be part of HM is in harmony
with scientific practice as we know it, since ocemt properties are what science can
observe. In this respect THOC is even closer taaacience than approaches that postulate
modal entities that science can never observedThkie rules that are given to the Demon
have an obvious ‘human flavour’: the omniscient Beanhimself would probably not care
about simplicity and strength since he knows evemg anyway. These requirements are
metatheoretical virtues humans value in scienceremte what the Demon is asked to do is
in the end ‘*human style’ science as best as itbsadone. Hence the Demon’s activity is not
different in kind from the endeavours of human stists; the difference is that he can
perform with perfection what we can do only inackely.

4. Coin Flipping for Humeans

Let us now return to flipping coins. A striking feee of the discussion so far is the almost
complete mismatch between how probabilities fordbia flip were treated in Sections 2 and
3 respectively. The treatment in Section 2 staweh a deterministic mechanical model and
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sought to retrieve the 50/50 chance rule from meichélaws plus a probability distribution

over initial conditions. The approach taken in 88t8 did not mention mechanics at all and
instead focussed the pattern of outcomes in HMleAst on the face of it these approaches
have little in common and so the question arisesthdr they are compatible at all, and if so

how.

In this section we argue that they are compatidgtel, what is more, that they are actually
complementary. In order to reach this conclusionnged to analyse the two accounts and
their statusvis-a-vis each other in greater detail. To facilitate thecdssion, we set up a
temporary debate between two viewpoints: ‘mechamtiversus ‘macro-statistics’, their

proponents being ‘mechanicists’ and ‘macro-sta&iistis’.

Mechanicists are likely to argue that their poihtvigw is privileged since their account is
based on fundamental laws: by assumption we liveegtassical universe and so HM consists
of trajectories of objects, among them the trajeesoof coins, and classical mechanics is the
fundamental theory of this univer§eChance rules, if there are any at all, have to be
formulated in terms of the fundamental entitie$iM and in the language of the fundamental
theory describing them. Equation (3) fits the bill:is a rule that assigns probabilities to
getting heads when tossing a coin, and it doesledysn terms of basic mechanic properties.
The rule is simple, has good fit, and since Ke{lE986, 194-6) shows that it can easily be
generalised to other chance setups such as rowhtels it also has strength. So we have
good reasons to believe that within the class bpmbability rules Equation (3) is the one
that strikes the best balance between simplicitgngth and fit, and hence the probabilities it

defines are chances in the sense of THOC.

The macro-statistician disagrees with this pointiefv for two reasons. The first objection is
conceptual, the second technical. The conceptyattbn takes issue with the mechanicist’s
reductionist outlook. Even if the world is class$iea bottom and classical mechanics is the
fundamental theory of the universe, it does ndbWlthat everything that can be said about

HM has to be said in the language of the fundanhéhémry. More specifically, the macro-

13 Those who also uphold micro-reductionism — thewtlat matter consist of atoms and the behaviour of
macroscopic objects like coins eventually has t@Xmained in terms of the behaviour of its micamstituents
— can replace the trajectory of a coin by the beradltrajectories pertaining to the atoms makingthe coin.

Mutatis mutandis the arguments remain the same.
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statistician adopts methodological pluralisniMP), the position that probability rules can be
formulated in a macro language pertaining to aagerievel of discourse, and that
probabilities thus introduced asei generisHOC's if the probability rules in question strike
the best balance between of simplicity, strengith fitrrelative to all other Best Systems. To
do this, they need not prove logical independemom fmicro-level chance rules; they need
only win out in competition with alternate rulesmulated in the same languggeat of the
macro-level. On this view, then, thenXkule for gambling devices issali generischance rule
because it strikes a better balance between tlee thasic metatheoretical virtues than any
other probability rule formulated in the languagecoins, wheels, throws, etc. (We come

back to this principle at length below.)

The macro-statistician’s technical objection to hsetcism turns on the status and
mathematical form of the distribution(v,w i) Equation (3). At a general level the worry is
that the mechanicist is ‘cheating’. No probabibtiEan ever come out of a purely deterministic
approach (‘no probabilities in, no probabilitie’puand the mechanicist just puts them in by
hand when he introduces(v,n), which is not warranted by (or even related to) pasit of
mechanics. Therefore the introduction ofv,n) is anad hocmanoeuvre, unmotivated from
the point of view of mechanics. And, as is oftea tase with such manoeuvres, it may well
raise more question than it answers. The first lprabwith 7 (v, ) is that it is not clear what
it is a distributionfor. The most basic question we have to ask aboutygwebability
distribution is: what are these probabilities pitabaes for? And it is not clear what the
answer in the case of the coin is. We might take kie giving the probability of a coin flip’s
having initial conditions within a given ranget+ dn, w+ dw. But nothing in mechanics can

ground such a distribution.

The problem with the mathematical form of(v,nw i3 the following. Keller's limiting
argument shows that the mathematical fornr ¢, is immaterial, and hence the question
of what r(v,w) to chose becomes obsolete. However, this limi@mgument is of no

relevance t@ctual coin tosses. Diaconis has shown in experimentdaohaypical coin tosses
the initial upwards velocity is about 5 mph and the frequenay lies between 35 and 40
revolutions per second (1998, 802). This is veryalaay from infinity! The problem is that

once as we revoke the infinite limit, it is no lemgrrelevant whatr (v, )one chooses. So

which r(v,w) is the right one to plug into Equation (3)? Intwety one would choose a
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uniform distribution. For one it is simple; for aher, it would give (roughly) a 0.5
probability for heads since, as becomes obvious frigure 1, the black and the white stripes
occupy approximately the same area. But nothinthénmechanical approach justifies this

assumption.

Let us now step back, evaluate the arguments bereside, and explain how the two views

eventually come together. Take the mechanicistssiance on fundamental laws first. He

will object to MP on the grounds that the chanceheads is not independent of the micro

physics of the world. Surely, so the argument gtesre must be some dependence there! If
the physics of our world was vastly different frevhat it is, then the chance for heads should
be different too!

There is a grain of truth in this, but we must betmisled. The physics of our world might be
vastly different, and yet (fovhatevereason) the pattern of heads- and tails-outcoméekv
might be exactly the same; in which case, the amanweould be the same. But in most
reasonably imaginable counterfactual scenarios pthesics will matter much less than the
actual pattern of outcomes in HM. Macro level eset¢pencbntologically on micro-level
facts — in the obvious compositional sense — bubuin world do not depend on them
constitutively (i.e., the macro chance facts are not entaile@cty or indirectly by
fundamental physics; they depend on the pattemmaxfro events no matter what the micro

physics is.).

Once this is realised, the other problems haveaelkegplutions too. We can chop the Gordian

knot in four cuts.

First, with the macro-statistician we affirm MPoifin which it follows that chances for macro
events like coin flips depend on the outcome pafttaot on the details of the underlying

physics. (We justify MP below).

Second, with the mechanicist we take ontologicgledeence seriously. The question is how
to take this into account, and this is where a redament enters. We share with the
mechanicists the view that Equation (3) — and simélquations — matter, but interpret them
differently. This equation does ngive us the chance for heads. We don’t need to be given

anything — we have the chance, and the chanceorstjtutively) independent of the micro
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physics. Rather, we see Equation (3) both as asistancy check’ and an explanation. Let us
take these in turn. The different parts of a Bast&n have to be consistent with each other
(which is not to say that one has to be derivatdmfthe other). For this reason, whenever the
setup conditions of a macro-level chance rule andiao-level chance rule are the same
(extensionally equivalent), then the chances thegrilde must agree or be very nearly
in agreement. This, of course, does not rule oatpgbssibility of minor adjustment. For
example, assume we adopted the 50/50 rule for hexadigails. Now we know for sure that
we get reductive relations right and we have theecd micro theory, and based on these we
find 49/51. This is no real conflict because thisreome flexibility about the macro chances
and if there are very good overall reasons for mgkidjustments, then the Humean can make
these. But there is a breaking point: if the mittreory predicts 80/20, we have to go back to
the drawing board. The second element is explamaiide don’t want to place too much
emphasis on this, but there is the pervasive iotuthat if a macro result can be derived from
a more fundamental theory, there is explanatioms€&hwho share this intuition — among them
us — can see Equation (3) as providing an explamaffhose who don’t can renounce

explanatory goals and rest content with the comscst requirement.

The third cut is that the mechanicist has to adhmat the introduction ofr (v, )s a step
beyond mechanics and as sucfkv,nw h3gs to be justified elsewhere. But far from being
problem, this actually is an advantage. When thmiglkabout 7 (v, )in the ‘THOC way’, we
immediately have a natural interpretation ofv, : it)is the relative frequency of certain

initial conditions. Of course all actual initial mditions are a collection of points in thve- 1
plane, and not a continuous distribution. But abdyiaa continuous distribution is much
simpler (in the sense of simplicity in formulatiaiman a huge collection of points, and so the
Humean can argue convincingly that fitting a sugabontinuous distribution through the
points makes the system simpler and stronger. dlsgibution then is just an elegant

summary of the actual initial conditions of all diips in HM.

Fourth, the common intuition that there is someajhépistemic about the chance of getting
Heads on this flip — after all it has one and ooihe initial condition and given this initial
condition it is determined whether it comes up headails — is addressed by paying close
attention to THOC's prescription about when to wémnces to guide our credence.
Information about the precise initial condition afgiven coin flip is certainly inadmissible:

such information logically implies the coin toss@ame and hence provides knowledge about
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the outcome of a toss that does not come by wagfofmation about chances. The crucial
point is that in typical situations in which we $oa coin, we just don’'t have inadmissible
information, and that is why we use chances andoP$et our degrees of believe. So we use

chances when we lack better knowledge.

Let us illustrate the admissibility point in somem detail. Consider the scenario described
in Section 2, and an ageAtwho has only the usual sort of knowledge in hiskigegoundK
and who needs to decide how to bet on the coinAlishould apply PP, clearly, and set his
credences for heads and tail outcomes to 0.5. 8utaonsider agerit, a Laplace-demon-in-
training, who also must decide how to deknows all thatA knows, but — crucially + also
knows the exact micro-state of the world (or admgugh local region of it) just prior to the
flip, and knows the laws of Newtonian mechanicsouthL set her credences for heads and
tails outcomes equal to 0.5? Evidently not! Sée calculate, on the basis of her background
K, precisely what will happen. Let’'s assume she utates that the coin will in fact land
headsL has inadmissible knowleddéShe has information relevant to whether the cdlh w
land headsnfaximally relevant!), and the information ot relevant by way of telling her
about the objective chances. ISshould not apply PP; and this is intuitively tight verdict.
The conclusion is not that the objective chanckezids is 1. It is that (given the past state and
the laws), the coinvill land heads; and anyone who is aware of these $acsld set their
credence in heads to 1 (as the rules of subjeptibability require), and not to 0*8.The
truth of deterministic laws entails that, givenanplete-enough state of affairs at a moment
of time (and perhaps boundary conditions), futuvenés are fully determined. And this
entails thatif you can getsuch Laplace’s-demon style information, and if y@an actually
calculate anything with it, then you may have bettéormation with which to guide your
credences about future events than the informaiO&s give you. What is entailed, in other
words, is not that objective chances do not ekist,rather that certain godlike beings may
not have any use for them. We humans, alas, nexee had nor will have either such
information about initial conditions, or such denmupalculational abilities. For us, it is a

good thing that objective chances exist, and tleatan come to know (and use) them.

14 According to Lewis’ official definition of admidsility, information about laws of nature and abpast states
of the world are fully admissible, hence L does hate inadmissible information. This adjudicationk®s it

impossible for Lewis to retain non-trivial changgthe true laws of nature are deterministic. Faliscussion of
this point see Hoefer (2007, 553-555).

15 Formally, Cr(H|XK) = 1 is required by the probability axiominae K E H. We emphasize, it isot correct

by contrast to say that K [Ch(H) = 1.0].
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With these points in mind, now we can see how datégsm and non-trivial objective
chances are compatible, and we also see that thissitility clause in PP plays a crucial role
in that.

We now turn to a defence of MP, which we merelyestaabove. Why should we subscribe to
this principle? Why would a best system containtlaimg like chance-rules about coins and
other macro objects? Let us distinguish two casegorld in which physicalist reductionism
about chance is true, and one in which it is faigsicalist reductionism about chance is the
claim that all chance-facts arise out of the lawlaysics. Physicalist reductionism quite
generally (not merely about chance) is popular artipular with elementary particle

physicists; see for instance Weinberg (1994).

If reductionism of this kind is false, then it iBvaous that the best system would contain rules
about macro objects: these rules don't follow frioasic laws of physics and therefore putting
them into a system will greatly increase its sttandhe more difficult case is if chance
reductionism is true. If the rules about coins arigkels are but complicated applications of
the laws of physics, why would we have such rutestr best system?This seems to make
the system less simple without adding strength.réason to put them in nevertheless is what
we above called simplicity in derivation: it is halg costly to start from first principles every
time you want to make a prediction about the behavof a roulette wheel. So the system

becomes simpler in that sense if we write in ralesut macro objects.

There is also a more intuitive argument why thdejpendence of chances from micro physics
is correct. It is the basic posit of Humeanism ttied¢ chance of a certain event HBS-
supervene on the pattern of occurrence of eventeeobame kind in HM, and as such this
chance is independent of how these events relat¢hir features of HM. In our concrete
example this means that the chance of heads oplgndes on the pattern of heads in HM, or
perhaps the pattern of outcomes in rolls/flips oesided solids with the appropriate

symmetries and not on the relation that ‘obtainiegds’ bears to other parts of HM, in

'8 |t may be hard to see how probability-facts cdollbw from fundamental physical laws, or laws piniial

conditions even, if the laws are fully determiristiWWe do believe that ‘no probabilities in, no lpabilities out’
holds here. But one might posit a fundamental-isysrobability law as a supplement to the deteistimlaws,
precisely in order to allow derivation of probatids for a variety of physical event types, inchgliperhaps

macro events. Loewer's version of Best System Humisen does precisely this; see Loewer (2001).
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particular the basic mechanical properties of ma#s noted above, these sorts of patterns
may obtain even in worlds with radically differentcro-laws. Imagine a universe in which in
which matter is a continuum and obeys somethirgythie laws of Cartesian physics; imagine
that coins exist in this universe and are tosspdatedly. Despite the basic physics being very
different, suppose it turns out that the overattggza of outcomes of rolls/tosses of such n-
sided objects in the continuum universe’s HM isyveimilar to the pattern in our universe.
What would the chance of heads be in the continuniverse? Clearly it would be given by
the 1/n rule, since this is the best rule relativethe HM, irrespective of the micro-

constitution of matter.

5. Envoy

As we have indicated in the introduction, this papeabout more than coins. In fact exactly
the same considerations can be used to explaircehanstatistical mechanics (SM). A full
exposition of this theory is beyond the scope @ ffaper, but we would like to bring our
discussion to a close by very briefly indicatingsthe insights gained with the example of
the coin carry over to SM. Consider a typical SM system, for instance a gasontainer.
The gas consists of about?3@olecules. These molecules bounce around undénfthence

of the forces exerted onto them when they crash tim¢ walls of the vessel and when they
collide with each other. The motion of each molecuhder these forces is governed by the
laws of mechanics. Hence the gas is a large mecdiagystem: its state is fully specified by a
point in its (6 10°*-dimensional) phase space — in this context redewes its ‘micro state’ —

and its evolution over time is fully determinedtbg laws of mechanics.

At the same time the system is always in a certaagro-state, which is characterised by the
values of macroscopic variables, in the case dsapgessure, temperature, and volume. It is
one of the fundamental posits of (Boltzmannian) st a system’s macro-state supervenes
on its micro-state, meaning that a change in theroastate must be accompanied by a change
in the micro-state. For instance, it is not posstbl change the pressure of a system and at the
same time keep its micro-state constant. Henceyéoy given micro-state there corresponds
exactly one macro-state. This determination refatimwever, is not one-to-one. In fact many

different micro-states can correspond to the saraerorstate. We now group together all

" For a detailed discussion of statistical mechasésUffink (2006) and Frigg (2008a).
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micro-states corresponding to the same macro-siditieh yields a partitioning of the phase
space into non-overlapping regions. We can themeein entropy function (the so-called
Boltzmann entropy) that assigns a particular entrggue to every macro-state.

Systems characteristically start off in a low epyratate and then evolve into equilibrium, the
macro-state with maximum entropy. The Second Lawhefmodynamics tells us that this is
what invariably must happen. One of the centralsaiSM is to show that the Second Law —
which is a purely macroscopic law — actually isoasequence of the mechanical motion of
the molecules of the gas, and it does so by showhay the approach to equilibrium is
overwhelmingly likely. And this is where we makentact with the coin example. In order to
judge something as likely, trivially, we must indkece probabilities. SM does this by putting
a uniform probability measure over the region ofgd space which corresponds to the
system’s initial low entropy state, and then aimmsshow that micro conditions that lie on
trajectories which eventually move towards equilibr are overwhelmingly likely. The logic
of this is like in the case of the coin, the oniffetence being that we sort initial conditions
into ones that behave as the Second Laws requigk®mes that don’t, rather than into ones
that yield heads and one that yield tails. Lethentmark the ones that behave as we expect
white and the other ones black. We then put a measter these all initial conditions of the
same kind asr above. The difference just lies in the values:ne& don’t expect a 50/50
division between white and black, but rather somethike 99.9999/0.00001 (omitting many
9s and Os here for brevity). But the basic ide@hes same: put a distribution over initial
conditions and show that the outcome probabilgiesiled fit well with the patterns in actual
events. And indeed they do, not only the (essdytiakceptionless pattern of Second Law
behaviour for macroscopic fluids, but also noni#diyprobabilities for smaller collections of

particles.

So what we have learned from the coin also solveptoblem of interpreting probabilities in

SM! They can be elegantly accommodated in a Hurttesory of objective chance.
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