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Abstract

Iinvestigate the structure of an argument that culture cannot be maintained
in a population if each individual acquires a given cultural variant from a sin-
gle person. I note two puzzling consequences of the argument: It appears to
conflict with (a) many models of cultural transmission and (b) real-world cases
of cultural transmission. I resolve the first puzzle by showing that one of the
models central to the argument is conceptually analogous and mathematically
equivalent to one used to investigate the evolution of sexual reproduction. This
analogy clarifies what assumptions are crucial to the argument concerning cul-
tural transmission. I resolve the second puzzle by arguing that probabilistic
models of epistemological coherence can be reinterpreted as models of mutual
support between cultural variants. I develop a model of cultural transmission
illustrating this proposal. I suggest that real-world cases that seem to conflict
with the original argument may in fact be instances in which mutually sup-

porting cultural variants are learned from different individuals.
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1 Introduction

I investigate the structure of an argument that culture cannot be maintained in a
population if each individual acquires a given cultural variant from a single per-
son. I note two puzzling consequences of the argument: It appears to conflict with
(a) many models of cultural transmission and (b) real-world cases of cultural trans-
mission. I resolve the first puzzle by showing that one of the models central to the
argument is conceptually analogous and mathematically equivalent to one used to
investigate the evolution of sexual reproduction. This analogy clarifies what as-
sumptions are crucial to the argument concerning cultural transmission. I resolve
the second puzzle by arguing that probabilistic models of epistemological coher-
ence can be reinterpreted as models of mutual support between cultural variants.
I develop a model of cultural transmission illustrating this proposal. I suggest that
real-world cases that seem to conflict with the original argument may in fact be in-
stances in which mutually supporting cultural variants are learned from different
individuals.

Section 2 describes arguments based on models of cultural transmission in (En-
quist et al., 2010), and section 3 describes two implications of Enquist et al.’s results
that may seem puzzling. Section 4 explains why the evolution of sexual repro-
duction is an interesting problem in evolutionary biology, and describes Muller’s
ratchet, a kind of model that motivates one of the proposed evolutionary advan-
tages of sexual reproduction. This is the model that bears mathematical and con-
ceptual parallels to one of Enquist et al.’s models. Section 5 then reinterprets ideas
from probabilistic models of coherence in epistemology as ideas about cognitive
transitions from one cultural variant to another.

I'll assume that there are at least minor differences in beliefs, knowledge, behav-

ior, attitudes, inclinations, etc. between people within a society, and that such char-
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acteristics —“cultural variants” —in one person sometimes promote similar vari-
ants in another.! Such processes are called “cultural transmission” or “social learn-
ing”. “Individual learning”, by contrast, occurs when a person learns something

on their own, whether through observation of the environment, trial and error, rea-

soning, or some combination.

2 One Cultural Parent Makes No Culture

In this section I summarize arguments made by Enquist, Strimling, Eriksson, La-
land, Sjostrand (2010) (henceforth “ESELS”). These authors argue that if a particu-
lar cultural variant is always acquired from a single individual —a single “cultural
parent” —then it’s very difficult for the cultural variant to be maintained in a pop-
ulation. Culture would usually disappear. Thus the maintenance of culture in hu-
man populations seems to depend on the fact that we routinely learn from multiple
individuals.

Suppose that a cultural variant C is either present or not, and assume that cul-
tural transmission is imperfect: When individual a learns from individual b, there
is a chance that a will fail to learn. Suppose then that each individual learns with
probability p, from a randomly chosen member of a population in which those with
C have relative frequency x, at time . We’ll assume that learning occurs in discrete
timesteps, or cultural “generations”.

ESELS note that the frequency of those with C will be p'x,,, which decreases to

zero unless transmission is perfect.? Figure 1 illustrates this process. In each gen-

IThis concept of a cultural variant does not carry the same connotations as the term “meme”,
which tends to suggest discreteness, near-perfect replicability, or goal-directedness (cf. Richerson

and Boyd 2005; Godfrey-Smith 2009).
21 ignore possible effects of random drift in cultural transmission processes throughout this

paper.
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Black: has cultural variant Gray: no cultural variant
Solid: successful transmission Dashed: unsuccessful

Figure 1: Cultural transmission from randomly chosen “parents” in discrete gen-
erations, with time moving from top to bottom. A cultural variant can only be ac-
quired from those who have it (black circles), but transmission (arrows) sometimes

fails (dashed arrows).

eration, a fraction p of those with the cultural variant C succeed in transmitting it,
so the frequency of C decreases over time. ESELS consider several variations on
this model, including (1) models in which multiple learning trials from the same
cultural parent are allowed, (2) models in which cultural parents can be chosen
because they appear to be successful (“biased transmission”), (3) models in which
social learning is combined with individual learning, and (4) models in which pos-
session of a cultural variant confers a fitness advantage that makes the bearer more
likely to be available to be chosen as a cultural parent. I won’t review all of these
models in detail. I note that ESELS showed that that option (1) merely slows down
the eventual loss of culture. Option (2) can maintain culture, but only under some
parameter values. With option (3), it turns out that under plausible parameter val-
ues, culture can only be maintained if individual learning alone could have main-
tained it. I turn now to option (4).

Suppose that having the cultural variant C provides a fitness benefit. For exam-
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ple, perhaps it makes survival more likely, thus allowing an individual more time
to influence others. Let &« > 1 be the ratio between the fitness of those with the cul-
tural variant and the fitness of those without it. Under these assumptions, ESELS
argue that if the frequency in the current generation is x, the average frequency x’'

in the next generation is:
ax
P —
pax + (1 — px)

@
Here pax is the frequency of successful cultural transmission: ax represents fre-
quency of C among chosen cultural parents, and p is the probability of successful
transmission of C. (1 —px) is the frequency of transmissions that don’t occur, either
because the (randomly) chosen parent lacks C, or because the cultural transmission
nevertheless failed.

The frequency of C in the population will keep changing until an equilibrium
is reached in which x" = x. ESELS show that this equilibrium X is:

ap —1

pa—1)

X =

(2)

ESELS argue that the equilibrium is nonzero only for parameter values that are
rare in nature. For example, if the probability p of successful transmission 0.9—a
very high value —the ratio between fitnesses of those with and without C must be
greater than about 1.112 in order for culture to be maintained. This is an unusually
large fitness advantage.

On the other hand, ESELS show that allowing individuals to learn from two or
more cultural parents can easily maintain culture, even without a fitness advantage.
The reason is that even if a chosen cultural parent lacks the cultural variant C, or
fails to transmit it, there is the the possibility that another randomly chosen cultural
parent will successfully transmit C (figure 2). Having a “backup” teacher allows

learners to recover, often, from a failure of cultural transmission. In this model, for
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Multiple cultural parents

Red: has cultural variant Gray: no cultural variant
Solid: successful transmission  Dashed: unsuccessful

Figure 2: Each diagonal arrow represents cultural transmission from a second cul-

tural parent. See caption for figure 1 for the meaning of other components.

n randomly chosen cultural parents, the frequency x’ in the next generation is:?

X=1-(1-px)" 3)

ESELS show that there is a nonzero equilibrium if and only if pr > 1. On this model,
culture will be maintained as long as the probability of transmission is not too low,
and the number of cultural parents is high enough. For example, if each learner
has two cultural parents, the probability of successful transmission need only be
slightly greater than 1/2. Note that this model implies, in effect, that maintenance
of culture requires robustness resulting from multiple processes with at least poorly

correlated errors (Wimsatt, 2007).

3The frequency of successful transmissions is equal to the probability P(T; V - V T,,) of suc-
cessful transmission T; from any of the n cultural parents. Since successful transmission from more
than one parent is not ruled out, the probability of at least one successful transmission is equal to
27:1 P(T;) minus a complex function of probabilities of conjunctions of the T,’s. A routine tech-
nique is to simplify such a calculation using De Morgan’s law, transforming the above disjunction

into P(=(—T1& - &—T,,)). The frequency is then equal to (3), since the events T; are independent.
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3 Two puzzles

There are two implications of ESELS” argument that may initially seem puzzling.
First, many mathematical models of cultural change seem to allow single-parent
culture to be maintained. What is the crucial difference in ESELS” model that pre-
vents this? Consider, for example Rogers’ (1988) model, which concerns two be-
haviors, each of which is better adapted to a different environment. Some individ-
ual chose a behavior based on individual learning. Others simply copy the behav-
ior of a randomly chosen individual. Rogers shows that at equilibrium, the fitness
of social learners is equal to that of individual learners. If we think of the lack of
cultural variant C in ESELS’ models as a a kind of null cultural variant (which ES-
ELS call N), the loss of C from a population corresponds to fixation of its absence,
i.e. fixation of N. However, in Rogers’ models, neither of the two cultural vari-
ants represented goes to fixation, under a wide range of parameter values. Rogers’
model and ESELS’ models clearly depend on different assumptions. What are the
assumptions in ESELS” model that allow culture to disappear? A closely related
question is this: Why not simply switch these labels in ESELS” model? Then it
would be inevitable that culture would spread with single-parent transmission! I
address these questions in in section 4.

The second implication of ESELS” argument is that it seems to conflict with real-
world cases of single-parent transmission. Is it really true, empirically, that culture
is rarely maintained through single-parent transmission? To take an example from
the cultures of modern industrialized societies, from how many people did you
learn long division? How many people taught your teacher? Granted, this isn’t
much of an argument: Rather than collecting real data, I'm appealing to anecdotal
evidence. Nevertheless, there is some reason to wonder whether, or how, the real

world might conflict with ESELS’ conclusions. I address these questions in section
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asexual reproduction sexual reproduction

Figure 3: Biological descendant relations in a species limited to two offspring per

egg-producing organism.

4 Muller’s ratchet

In this section I describe a widely-investigated question concerning the evolution
of sexual reproduction. I then describe Muller’s ratchet, a class of models that are
central to one of several proposed answers to the question. I draw inferences con-
cerning ESELS argument concerning single-parent culture from the close concep-
tual and mathematical parallels between a recent formulation of Muller’s ratchet
and one of ESELS’ models described above.

Sexually reproducing species evolved from asexual species, and in some species,
both kinds of reproduction occur. Even in the case of organisms that simply leave
their eggs behind, producing eggs requires significant energy and material resources,
which limits the number of offspring that females or asexual organisms can pro-
duce. An argument due to Maynard Smith (1978) showed that asexual organisms
can have twice as many grand-offspring as sexually reproducing females, with no
additional energy expenditure. This is illustrated in figure 3. Suppose, for exam-
ple, that each egg-producing organism can produce two offspring in a population
of asexual reproducers. Each organism will then produce four grand-offspring.

If one organism has a new mutation that causes offspring to reproduce sexually,

7
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and produces one male and one female, they must mate to produce offspring, pro-
ducing only two offspring between them. This argument can be generalized (May-
nard Smith, 1978). The upshot is that since sexual reproduction reduces the number
of descendants of an organism by half, it must generate an enormous fitness benefit
in order for it to have been selected for. There are a number of proposed explana-
tions of the benefit of sexual reproduction that are under active investigation (Otto
and Lenormand, 2002). I focus only on Muller’s ratchet, a class of models that show
that in the absence of sexual reproduction and recombination, deleterious (disad-
vantageous) mutations will accumulate in a population and eventually cause its
extinction.

Muller’s ratchet is based on the biologically plausible assumptions that ben-
eficial mutations are rare, that strongly deleterious mutations will quickly be se-
lected out of a population, and that backmutations that undo a mildly deleteri-
ous mutation are improbable. Over time, lineages accumulate different numbers
of mildly deleterious mutations. Since the evolutionary costs of these mutations
are small, lineages with the fewest deleterious mutations will occasionally be lost
due to random genetic drift. At that point, all members of the population have
more deleterious mutations than those fitter members that were lost, so there is
almost no possibility of creating descendants with fewer deleterious mutations.
We say that Muller’s ratchet has clicked. This process gradually leads to the accu-
mulation of deleterious mutations, and ultimately, to the extinction of the popula-
tion. Sexual reproduction with recombination provides an escape from the ratchet,
though. Recombination combines different segments of two individuals’ chromo-
somes in order to produce an offspring’s chromosomes. This allows some offspring
to have fewer deleterious mutations than either of their parents, thus preventing
the inevitable decline of fitness in the population as a whole that would result from

Muller’s ratchet.
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Most Muller’s ratchet models (e.g. Haigh 1978) divide the population into classes
of organisms, each with a different number of deleterious mutations. Waxman and
Loewe’s (2010) “truncated Ratchet” model instead has only two classes: The class of
individuals with the fewest deleterious mutations, and a class containing all other
individuals. A click of the ratchet is the loss of the fittest class, and a subset of
the other class then becomes the new fittest class. Let y be the per-organism prob-
ability of a deleterious mutation; 1 — y is then the probability that an individual
will remain in the fittest class. Let o be the average fitness cost from deleterious
mutations due to being in the less fit class of organisms, and 1 — ¢ the fitness of
the members of the fitter class. The probability that a deleterious mutation will be
undone by a backmutation is so small that it's reasonable to treat it as zero, and we
ignore beneficial mutations as well.

Waxman and Loewe then derive the following frequency x' of the fittest class

in the next generation, starting from the frequency x in the current generation:

Y= (I —-px
T (A=-0)+o(1—u)x

(4)

(It's not completely straightforward to interpret the components of this formula.)
By equating x and x’, Waxman and Loewe derive the equilibrium frequency x of

the fittest class:

A
x_—a(l—y) )

I'want to compare ESELS’ model with selection and Waxman and Loewe’s model.

Both sets of models have a parameter representing the probability of error-free
transmission. In ESELS” model, this is p, the probability of transmitting the cul-
tural variant C without error. In Waxman and Loewe, 1 — y is the probability of
reproduction without a deleterious mutation. Both sets of models also have a pa-
rameter representing the fitness difference between two states. ESELS’ « is the ra-

tio between the fitnesses of a cultural variant C and its absence, N. Waxman and
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Loewe instead represent the relationship between fitnesses of the fittest and less fit
classes with a difference parameter o. We can equate the two sets of parameters,

with ESELS’ parameters on the left, and Waxman and Loewe’s on the right:

ESELS Waxman and Loewe

p=1-u
a x (fitnessof N) = 1
(fitnessof N) = 1 -0

When we equate the parameters, it turns out that Waxman and Loewe’s truncated
ratchet is mathematically equivalent to ESELS’ single-parent model with fitness:
Equation (1) is equivalent to equation (4), and equation (2) is equivalent to equation
(5). This close relationship between ESELS’ model and Waxman and Loewe’s trun-
cated ratchet shows that failing to learn from a single cultural parent is so closely
analogous to acquiring a deleterious mutation in an asexual species, that both re-
lationships can be modeled in the same way. Similarly, in either model, the loss of
beneficial characteristics can be avoided by allowing information to be transmitted
from (at least) two parents.

Importantly, the emphasis in Muller’s ratchet models on relations between cer-
tain probabilities highlights similar relations in the ESELS models. As in other
Muller’s ratchet models, Waxman and Loewe’s model makes the probability of a
deleterious mutation (small, but positive) and no mutation (large) significantly dif-
ferent. Importantly, Muller’s ratchet models set the probability of undoing a dele-
terious mutation equal to zero. Analogously, in ESELS’ single-parent model with
with fitness, transmission of a beneficial trait C has a significant probability of fail-
ure, and there is no chance of undoing the loss of C from a lineage. This is what
creates an inevitable loss of culture, just as Muller’s ratchet creates an inevitable

loss of fitter variants. By comparison, Rogers” (1988) model gives equal probability

10
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to learning either of two cultural variants. Models of that kind are appropriate for
cultural variants that can easily replace each other in a given cultural context. ES-
ELS” models, on the other hand, seem most appropriate for cultural variants that
are difficult to learn in the first place, and that are readily lost without any replace-

ment.

5 Coherence

I noted above that it seems somewhat plausible that there are cases of single-parent
transmission. In this section I suggest that probabilistic coherence measures in-
spired by C.I. Lewis’s (1946) concept of congruence can, with a slight reinterpreta-
tion, be used to understand how a kind of single-parent cultural transmission — or
at least the illusion of single-parent cultural transmission—can maintain culture
indefinitely.
C.I. Lewis defined his coherence measure, known as congruence, as follows:

A set of statements, or a set of supposed facts asserted, will be said to be

congruent if and only if they are so related that the antecedent probability

of any one of them will be increased if the remainder of the set can be

assumed as given premises. (Lewis, 1946, p. 338)

Two propositions C; and C, are thus congruent iff:

P(C,1C,) > P(Cy)

P(C,ICy) > P(Cy) .

For two propositions, this relationship can also be captured by requiring that Shogenji’s

(1999) coherence measure
P(C1&C,)
P(CP(Cy)

be greater than 1.

11
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Lewis’s congruence does not fit all intuitions about the role of coherence in jus-
tification (Olsson, 2005). Olsson (2005) has shown, for coherence measures such
as Shogenji’s, that greater coherence does not consistently imply a higher probabil-
ity of truth of the propositions considered. However, my concern below will not
be with truth-conduciveness. I'll treat the probabilities above as probabilities of
believing one proposition given believing the other, or more generally, as proba-
bilities of acquiring one cultural variant given the other. This is in effect translates
a justificatory relation into a cognitive or behavioral relation.

In real human cultural transmission, we don’t only learn isolated bits of infor-
mation. Research suggests that we remember and can use what we learn more
effectively if it is systematically related to other things we learn (Bransford and
National Research Council, 2000). Roughly, it helps if different things we learn are
related and mutually supporting.* I'll suggest that we can capture some aspects of
this property of human learning with Lewis’s congruence notion, and with vari-
ous extensions of it. In what follows, I'll focus on the simple case of two cultural
variants C; and C, that influence each others” adoption.

First note that ESELS’s arguments can be applied simultaneously to two cultural
variants C; and C,: If either cultural variant is transmitted only by single cultural
parents, it will eventually be lost from the population. This is true whether the two
variants are both learned from the same parent, or from distinct randomly chosen
parents. Research on learning mentioned above, however, raises the possibility
that some cultural transmission of coherent beliefs might help prevent the loss of
culture. If C; and C, are congruent, so that each raises the probability of believing

the other, could this prevent the loss of culture? It appears that it can only slow

4Proviso: The research summarized in (Bransford and National Research Council, 2000) seems
to focus only on formal schooling in industrialized societies. Henrich et al. (2010) argue that many

experimental results from industrialized populations do not generalize to all humans.

12
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down the loss of culture, if both beliefs must be acquired from the same cultural
parent. I'll explain why.

Suppose that a learner can acquire all or some of the cultural variants possessed
by a randomly chosen cultural parent, where the probability of acquiring any one of
the cultural variants is the same, p. Suppose also that it’s possible for an individual
to infer (etc. —see below) a missing cultural variant C, if one has the other cultural

variant. We can capture the probability of such an inference by:

This is like congruence, or Shogenji's coherence being greater than 1, since we're
assuming that the probability of spontaneously acquiring C;, i.e. P(C;|=C,), is zero
(note P(C4|C,) > P(Cy) iff P(C4IC,) > P(C4|=C,)).°> . These conditional probabil-
ities in effect link C; and C,, so that if a person fails to acquire one of them, but
acquires the other, she’ll be able to acquire the first anyway, with probability r. We
can call 7 a "generalized inference probability”, since if C; and C, are beliefs that
would cause each other to be held due to rational inference, r is the probability of
inferring one from the other, even though there may be other reasons that adopting
one cultural variant would cause the other to be adopted.

Let’s focus on the best case for using such internal inference processes to main-
tain culture: Let 7 be near 1. Then most individuals with either cultural variant will
have the other. Those who have only one of C; and C, will nevertheless be able to
produce cultural offspring who have both cultural variants. However, with large
r, C; and C, are functioning almost as a unit. The process is roughly the same as
what would happen in ESELS’ single-parent model if we increased the transmis-
sion probability p: It would take longer for culture to disappear, but it would still

do so, eventually.

SElsewhere I spell out this point in more detail. Feel to contact the author for a longer exposition.
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Suppose, however, that equation (6) holds, but that the cultural parent for each
of the two cultural variants is chosen independently for each cultural “child”. Dif-
ferent cultural variants are acquired from different cultural parents. Thus the prob-
ability of acquiring one cultural variant (e.g. C;) given the other (C,) is r. And as-
sume that the parent-to-child transmission probability for each variant is p. Then
the probability of acquiring C, is similar to probability of acquiring C from either
of two cultural parents in equation (3). Let x be the relative frequency of C, in the
population, and y the relative frequency of C,. Then the frequencies x’ of C; and i’

of C, in the next generation are:

px + rpy — rp*xy )

X =1-0-px)(1—rpy)

Y =1—1-py)(l—rpx) py + rpx — rp*xy 8)

The first equation, for example, is based on the following reasoning (cf. note 3).
One can acquire C; directly from the cultural parent chosen to transmit C,;, with
probability px, or fail to do so with probability 1 — px. Similarly, one can acquire
C, with probability r from C, if C, was acquired —which happens with probability
py. So failing to succeed by this path is 1 — rpx. The probability of successful trans-
mission of C; is then is the probability of failing to fail to acquire C; by one of the
two probabilistically independent paths.

The dynamics of this model are not identical to those of the simple two-parent
transmission model characterized by equation (3). However, we can simplify the
new model, because iterating equations (7) and (8) quickly causes C; and C, to have

the same frequency. To see this note that

X' —y'| =Ipx+rpy—py—rpx|=pd—r)Ix—yl.

But p(1 — r) must lie between 0 and 1, so the difference between the frequency x

of C; and the frequency y of C, shrinks in every generation.® Thus for the long

®In simulations with a variety of values of p and r, x and y come together within 10 or 20 gener-

14
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term effects of cultural transmission of C; and C, when the inference probability
r is the same in both directions, we can ignore the difference between their initial

frequencies, and model the change in either frequency as:
¥ =1-1-px)(1—rpx) 9)

When r is high, this equation shares with (3) the property that when one fails to
learn a cultural variant from a single chosen cultural parent, another parent is rel-
atively likely to transmit that variant. In this case, however, the transmission from
the second parent is indirect, via the other cultural variant C, (cf. figure 2).

The frequency of C; (or C,) is at equilibrium when x’ — x = 0, i.e. when
0= (px+rpx —rp*x?) —x = x([rp+p—1] —rpx) (10)

The right hand side is equal to zero either when x = 0,7 or when (rp+p—1) —rp*x =

0, i.e. when x has the value:
mp+p-—1
rp? '

For example, this equilibrium frequency is approximately 0.9 when p = r = 0.83.

= (11)

This equation also shows that the equilibrium is greater than zero iff rp+p > 1, i.e.
iff

1—]7
r>—-. 12

Thus there is a nonzero equilibrium whenever the internal inference probability
is greater than the ratio between the probabilities of direct transmission failure
and success, which holds whenever p and r are not too small. When p and r are

equal, they must be greater than about 0.62 for the cultural variants to stabilize at

ations, even with initial values x = 0.01 and y = 0.99.
"When x = 0, equation (9) is misleading. If (7) and (8) are allowed to iterate, it's possible for one

cultural variant, say C,, to begin with frequency y = 0 and still reach a non-zero equilibrium.
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a nonzero value.®

Isuggest, then, the fact that some cultural variants — perhaps long division —seem
to be maintained by transmission from single cultural parents, may be due to the
fact that these variants are supported by transmission of other variants from other
cultural parents. Long division, for example, is not learned in a vacuum. A variety
of closely related mathematical concepts are usually learned first, and subsequent
use in other contexts provides additional support for it. Thus it may be that stu-
dents are able to infer, or at least be reminded of, missing steps in long division
when forgotten because of what they learned from multiple cultural parents.

The preceding model considered only two related cultural variants, but real
learning and real culture surely involve more complex relations of support be-
tween variants learned. Lewis’s (1946) concept of congruence, perhaps formalized
as Angere’s (2008) Cg, allows for probabilistic support involving more proposi-
tions. Shogenji’s (1999) measure of coherence does as well, but in a different way.
Schupbach (2011) extends Shogenji's measure to make it sensitive to additional re-
lations of probabilistic support. Fitelson’s (2003; 2004) coherence measure reflects
more relations of probabilistic support between conjunctions of propositions in a
given set. It may be that one of these coherence measures, or a related one, though
not designed to capture the degree to which a set of cultural variants allow restora-
tion of one from others, will be useful for characterizing such a property.

Although classic treatments of the role of coherence in epistemology discuss it
in probabilistic terms (Lewis, 1946; BonJour, 1985), the paradigmatic relations un-
derlying the probabilities were usually thought to be, or to be similar to, logical or

explanatory relations (cf. also Lehrer 2000). This makes sense given that coherence

81t can be shown that when C; and C, have different inference and direct transmission probabil-
ities, a nonzero equilibrium exists iff rs > (1 —p) (1 —q)/pg, where r and s are inference probabilities

and p and g are corresponding transmission probabilities (proof available upon request).
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was intended to provide justification for beliefs. In giving ideas from epistemo-
logical models of coherence in a role in cultural transmission, we have to allow a
broader basis for the relevant probabilities, though. When a person comes to adopt
cultural variant C; because they have previously adopted variant C,, this could be
because both cultural variants are beliefs, and they have noticed that C, helps to
justify C;. This justificatory relationship might be mediated by a great deal of cul-
tural background belief, however. However, other sorts of relationships between
beliefs may provide the basis for the probabilistic relationship between acquisition
of cultural variants. It may be that given the cultural background that the person

has already adopted, there is some nonlogical resonance felt between C; and C,.

6 Conclusion

Enquist et al. (2010) argued that culture will usually disappear unless individuals
learn from multiple “cultural parents”. The conceptual and mathematical analogy
of one of ESELS’ models to Waxman and Loewe’s truncated Muller’s ratchet model
clarified that ESELS’ models make the assumptions, unusual among cultural trans-
mission models, that transmission probabilities very assymetric, and that once a
person loses a cultural variant, it can never come back among cultural “descen-
dants”. This crucial assumption makes ESELS” models relevant to cultural vari-
ants that are difficult to learn socially —so that they may not be learned at all—and
difficult to learn individually. Modeling relations between cultural variants using
ideas from probabilistic measures of coherence in epistemology provides a way of
modeling the influence of one cultural variant on another. This allows the learning
of C, from single parents to help maintain C; in the population, even if C; is it-
self only learned from single parents. Coherence in this sense captures what might

be called “inferential robustness”: the ability to infer or otherwise learn cultural
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variants through multiple, redundant paths (Wimsatt, 2007). This way of thinking

about coherence may also be relevant to epistemology.
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Going against the Grain: Functionalism and Generalization in
Cognitive Science

MIKIO AKAGI

Abstract: Functionalism is widely regarded as the central doctrine in the philosophy
of cognitive science, and is invoked by philosophers of cognitive science to settle
disputes over methodology and other puzzles. I describe a recent dispute over
extended cognition in which many commentators appeal to functionalism. I then
raise an objection to functionalism as it figures in this dispute, targeting the
assumption that generality and abstraction are tightly correlated. Finally, I argue that
the new mechanist framework offers more realistic resources for understanding
cognitive science, and hence is a better source of appeal for resolving disagreement
in philosophy of science.

Word count: 4,985 words including abstract, headings, footnotes, and references.

1 Introduction. Functionalism is the doctrine that mental or cognitive states are functional states,
whose identity conditions are articulable in terms of their characteristic inputs, outputs, and relations
to other intermediate states. Functionalism was established as a central doctrine in the philosophy of
cognitive science in the 1960s (Putnam 1967a, b, Fodor 1968), and though it has become less central
to much contemporary discussion (Chemero & Silberstein 2008) it retains the notoriety of an
orthodoxy in philosophy of mind (Buechner 2011) and in contemporary philosophy of cognitive
science (Eliasmith 2002, Clark 2008, Sprevak 2009, Chalmers 2011). This remains true even though
functionalism has been an embattled doctrine for decades (Block & Fodor 1972, Block 1980, Shagrir
2005, Godfrey-Smith 2008), has proliferated versions and variations (Levin 2013, Maley & Piccinini
MS), and even though the canonical argument for functionalism—the argument from multiple
realizability—has been subjected to a variety of criticisms (Batitsky 1998, Bechtel & Mundale 1999).
This is all, importantly, to say nothing of other views that happen, unhappily, to be called
“functionalism” in biology or in pre-behaviorist psychology (Cummins 1975, Sober 1985, Chemero
2009) but which have different intellectual lineages. My discussion concerns only Putnam’s machine
functionalism and derivative views. The persistence of functionalism is hardly a special case. It is the
fate of many “received views,” such as the belief-desire model of intentional action or the deductive-
nomological model of explanation, to remain central to a literature despite decades of convincing
criticism so long as there is no sufficiently dominant successor. The new mechanist view of
explanation (Machamer, Darden, & Craver 2000, Bechtel & Abrahamsen 2005, Craver 2007) has
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recently achieved this status in the philosophies of the biological sciences, supplanting the deductive-
nomological model and other law-subsumption models as a received view of explanation in those
sciences. This is not to say that new mechanism is correct or uncontroversial, only that it has
replaced other models of explanation as the primary target of interpretation and criticism.

Bearing in mind the tenacity of received views, my aim in this paper is not to simply poke
more holes in the sinking ship of functionalism. Rather, I aim to promote an alternative vessel for
philosophers of mind and cognitive science to pilot through choppy waters. To this end I will raise a
“grain” objection to functionalism, based on the relationship between generalization and “fineness-
of-grain.”” This objection is not a knock-down argument against all varieties or uses of functionalism.
However, it needn’t be, since functionalism is a sinking ship, and since my objection does apply to
versions of functionalism that figure in notorious, recent disputes in the philosophy of cognitive
science. I shall take as my example the controversy over extended cognition, especially its recent
high-profile epicycle concerning the relation between extended cognition and functionalism (Rupert
2004, Clark 2008, Sprevak 2009). In the last section I will argue that new mechanism provides better
resources for understanding variation between models in cognitive science, and for understanding
the practice of generalization. In particular, mechanism is not vulnerable to the grain objection. I do
not claim, of course, that mechanism is free from criticism or worries or that I have made clear what
was once obscure. My aim, rather, is to motivate a change of focus in discussions of cognitive
science from functionalism to mechanism.

2 Functionalism and Extended Cognition. Andy Clark and David Chalmers (1998) notoriously
claim that cognition (like meaning) ain’t all in the head. They argue that in certain cases the use of
external props in some activities—a computer processor while playing some video games, one’s
notebook in carrying out one’s plans for the day, perhaps one’s partner in remembering past
events—is such that those props should be considered parts of one’s own cognitive economy,
similarly to parts of one’s brain. This claim has become known as the hypothesis of extended
cognition (HEC). The most famous example concerns Otto, an older gentleman with a bad memory
who uses a notebook to help him remember facts and plans.' In their argument, Clark and Chalmers
appeal to what has become known as the “parity principle,” which states that

If, as we confront some task, a part of the world functions as a process which, were it
done in the head, we would have no hesitation in recognizing as part of a cognitive
process, then that part of the world 7 (so we claim) part of the cognitive process.
(Clark & Chalmers 1998, 8)

!'The Otto example is originally an illustration not of extended cognition but of the extended mind, which is a distinct
claim. Although this distinction is essential for charitably evaluating Clark and Chalmers’ arguments, it is almost always
ignoted in the critical literature (even by Clark). Since I am not evaluating HEC here, I will ignore the distinction for ease
of exposition.
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One way to interpret this principle is as a corollary of functionalism: cognitive states are individuated
by their functional relations (to inputs, outputs, and each other), and it is immaterial whether their
realizers are located inside the brain or outside the body.? Thus, activities should count as cognitive
processes if those body-external processes exhibit the same functional relationships (to inputs,
outputs, and cognitive states) as other processes that we already happily consider cognitive
processes. Of course, understood this way the parity principle only justifies a commitment to
extended cognition if the functional relations are specified so that body-external activities and props
do satisfy those specifications, and many cognitive and psychological processes can be specified in a
variety of ways. Robert Rupert argues that Otto’s notebook in the famous example cannot serve as a
memory in part because it fails to satisfy the most fruitful functional description of human memory.

Cognitive psychologists have documented many features of human memory—for example
susceptibility to interference effects, generation effects, and conformity to the Rescorla-Wagner law
(see Rupert 2004, 413-419). Since Otto’s external “memory” does not exhibit these effects the parity
principle does not license the attribution to Otto of extended cognitive processes (Rupert 2004).
Fred Adams and Ken Aizawa (2001) argue for the same conclusion because Otto’s use of his
notebook must be described via znter alia relations to perceptual and motor intermediaries (he flips
through the notebook, reads it, &c.), whereas canonical examples of internal memory are not related

to perceptual and motor activities in the same way.

Mark Sprevak calls these objections the RAA (for Rupert, Adams, and Aizawa) objections.
Sprevak suggests that “All varieties of functionalism contain a parameter that controls how finely or
coarsely functional roles should be specified (how much should be abstracted and ignored)”
(Sprevak 2009, 510). He observes that RAA trade on fine-grained differences between Otto’s use of
his notebook and canonical examples of memory. A coarse-grained functional description of
memory might simply describe the relations between past perceptions and actions and future
behaviour, but not describe memory as e.g. exhibiting interference or generation effects, or as
obeying the Rescorla-Wagner law. Fine-grained functional descriptions may specify these relations,
but are objectionable because they conflict with the common intuition that there could be Martians
who have cognitive processes but whose cognitive architecture is distinctly different from ours. Such
Martians, unlike us, may not exhibit interference or generation effects, and may even store
information by manipulating ink-marks on paper inside of their brains, and retrieve it by reading the
marks back with photosensitive organs. The “Martian intuition” is that while this is an alien form of
memory, it is memory nonetheless. Since such Martians have memoty, and their memory may have
the same fine-grained functional description as Otto’s use of his notebook, the parity principle
demands that we consider Otto’s a case of extended cognition. Thus Sprevak argues that
functionalism implies HEC.

Unfortunately for the defenders of HEC, however, Sprevak argues that coarse-grained
functional descriptions are no more acceptable, for the parity principle is less restrictive than Clark
and Chalmers anticipate. Since we can imagine far-fetched Martian minds, the parity principle

2'This is accepted by most of Clark and Chalmers’ critics (Adams & Aizawa 2001, Rupert 2004, Sprevak 2009), and is
almost certainly not the best interpretation of the parity principle.
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licenses a radical form of HEC. For example, we might imagine Martian minds that are embedded
with factual information that must be retrieved with effort, so that this process has functional parity
with the activity of looking up information in a library. Such possibilities seem to license radical
cases of extended cognition: that contents of volumes in a library are beliefs of any person in the
library, or that being in possession of a graphing calculator gives one a knowledge of integral
calculus (517-518). These consequences, Sprevak argues, are absurd, and justify a reductio of radical
HEC and, since it entails radical HEC, of functionalism.

3 Going against the Grain. The dispute over HEC is not seen by its partisans as an idle
philosophical discussion, but as a battle for the soul of cognitive science. If HEC is true, it is
claimed, it has dramatic consequences for the way cognitive scientists conduct their research. Hence,
both defenses and criticisms of HEC draw on empirical results and claims about theory-choice in
science (e.g. Clark & Chalmers 1998, Rupert 2004, Adams & Aizawa 2008, Clark 2008, Rowlands
2010). The fact that so many of the arguments concerning HEC trade on interpretations of
functionalism reveals the belief of many that functionalism provides a suitable framework for
understanding cognitive scientific models. Disagreements about HEC force a discussion of what
precisely the laws of cognitive science are—both what their proprieties are with respect to
generalization, and what phenomena should be investigated and accommodated in order to
construct those laws. In Putnam-style functionalism, functional descriptions (i.e. via Ramsey
sentences, cf. Lewis 1972) operate as laws characterizing mental states. Putnam’s proposal aspires
explicitly to generalization over diverse kinds of system—e.g. about pain in primates and also in
cephalopods. The arguments that arise in connection with the RAA objections to HEC concern
whether descriptions of e.g. memory generalize over head-internal vehicles and extended vehicles
(like Otto’s notebook-use).

Like Clark and Sprevak, Hilary Putnam is wary of psychological chauvinism (human-
specificity). A type-physicalist account of pain (Place 1956, Smart 1959), like the simplistic
conjecture that pain is the activation of C-fibers, denies without motivation that animals that lack C-
fibers have pain-states. In Putnam’s canonical argument for functionalism, functionalism achieves
generality by proposing abstracted descriptions that omit physiological and other details. Sprevak’s grain
parameter makes this maneuver more explicit by proposing a continuum of descriptions that are
increasingly abstract, in the sense of omitting detail, and therefore increasingly general. (Some may
object to the use of the word “abstract” as the complement of “detailed,” rather than of “concrete.”
However, Sprevak uses the word this way and there is ample precedent for his doing so (Levy &
Bechtel 2013).) Consider a toy functional description of pain: pain is caused by tissue damage, and
causes stress, increased metabolic activity, and evasion of the damaging stimulus. This description
denotes processes in a variety of complex organisms, including cephalopods (which lack C-fibers).
Elements can be added to this description to make it more fine-grained, and to denote processes in
progressively more restricted classes of organisms. For example, if pain also tends to cause excited
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vocalization, then creatures like cephalopods which do not vocalize will not satisfy this more fine-
grained description of pain.

However, Sprevak’s grain parameter is not an effective way of capturing variation between
cognitive models. In the space of models that cognitive scientists actually produce, generality-
specificity and abstraction-detail are independent dimensions of variation. By way of example, I shall
mention two cognitive models in which generality and abstraction are dissociated. The first, the
motor theory of speech perception (Liberman et al. 1967, Liberman & Mattingly 1985), is quite
abstract but highly specific to humans. The motor theory claims that “perceiving speech is
perceiving gestures,” and more specifically that the recognition of phonemes and words in natural
language is mediated by processing in the motor system, namely motor processing that also governs
the articulation of speech in the vocal tract. There are animals other than humans that can identify
phonemes and words—dogs commonly learn to recognize some words, and chinchillas have been
trained to distinguish natural language phonemes (Kuhl & Miller 1978)—but since they do not have
the relevant vocal capacities they most likely exhibit this capacity exclusively by recognizing auditory
patterns, whereas humans do not. Nevertheless, the motor theory is quite abstract—it specifies that
speech perception depends on structures that govern vocalization. While there are more detailed
claims about how this dependency manifests in humans (e.g. McGurk & MacDonald 1976), all of
them are consistent with the motor theory.

On the other hand, feature-detector models of vision (e.g. Barlow 1953, Hubel & Wiesel
1962) are detailed, but general. Even normalization-based models of feature-detection in particular
(Heeger 1992, Carandini & Heeger 1994), which are described by Mazviita Chirimuuta (2014), are
quite general. These models describe sensitivity to contrasts, edges, &c. in eatly stages of visual
processing, and unify evidence about the receptive fields of individual neurons as well as
computational models of their response dynamics. On Heeger’s normalization model, neurons in
visual cortex respond linearly to excitatory input from the lateral geniculate nucleus, but inhibit each
other “laterally” according to an equation. The terms of the equation stand for properties and
activities of individual neurons and populations of neurons. This model can be integrated into
conjectures about the gross architecture of visual cognition (Marr 1982), and features in the
“standard model” of primary visual cortex (Rust & Movshon 2005). However, even without
supplementation with other models of visual processing the normalization model makes quantitative
predictions about neuronal activity and has a well-specified physiological interpretation.
Nevertheless, despite the level of detail in contemporary feature-detector models, they do not apply
only to humans. Early evidence for normalization was gathered largely from cats and frogs, and the
models may generalize to all vertebrate vision.

I am sympathetic to Sprevak’s conclusion that functionalism is false, however functionalism
is in worse shape than he acknowledges. His argument presupposes that we can manipulate
abstraction from detail like the mesh of a sieve to sift the chauvinistic cognitive models from the
liberal models. However, the motor theory of speech perception and feature-detector models of
visual processing illustrate the double dissociation between abstraction from detail and generality
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over diverse kinds of cognitive systems. If the grain parameter is supposed to track degrees of
abstraction from detail, then it fails to simultaneously track generalizability in cognitive models. If it
is meant to track both, it fails to accurately capture the variation in cognitive models. Either way it
incorporates false presuppositions about the character of the variety in cognitive models.

4 Generality without Laws. The problems with functionalism that are made explicit in the “grain”
objection are inherited from the covering-law view of explanation and generalization that was
popular throughout the twentieth century. On that conception, generalization is achieved by
subsuming many phenomena under a common description (expressing a “covering law”). However,
the covering-law view has in recent years been supplanted by the new mechanist view of
explanation, at least in the biological sciences. The mechanists hold that many scientific
explanations, including a preponderance of explanations in the biological sciences, are achieved by
specifying models of mechanisms. The extension of the mechanist view to cognitive science requires
the suppression of certain controversial assumptions developed for biological contexts (especially
certain assumptions of Craver 2007, see Weiskopf 2011, Chirimuuta 2014), but not all mechanists
make these assumptions (cf. Machamer, Darden, & Craver 2000, Bechtel 2008).

Let us suppose that the primary explananda of cognitive science are intelligent behaviors or
cognitive capacities. Intelligent behavior is behavior that is sensitive to the circumstances of an
organism and that can be rationalized by its relation to a goal of the organism; cognitive capacities
are those that are exhibited in intelligent behavior. A cognitive mechanism, then, is a structure of
component entities and component operations that are organized such that they produce intelligent
behavior (adapted from Machamer, Darden, & Craver 2000, Bechtel & Abrahamsen 2005, Craver
2007). The entities that figure in cognitive mechanisms are things like representations, modules,
brain areas, populations of neurons, or idealized “neurons” in artificial neural networks.
Characteristic operations in cognitive mechanisms are processing operations on or between those
entities: transformations of representations, computational interactions between modules and brain
areas, activation and inhibition of neuron populations, and interactions between artificial neurons as
specified by connection weights. The organization of these entities and operations into mechanisms
is usually represented by graphs, but can be specified more or less completely by groups of equations
or descriptions of relations between components. Cognitive models are models of how mechanisms
produce cognitive capacities (possibly or actually), and functional roles can be assigned to
components of the models according to how those components contribute to the mechanism’s
production of that capacity (roughly as described in Cummins 1975). Cummins-style functional
roles, however, are not functional descriptions; they describe a component’s contribution to a
capacity rather than conferring identity conditions in virtue of relations to input, outputs and
intermediate states, and are thus independent from Putnam-style functionalism (see Craver 2001 for

a discussion of Cummins-functions and neo-mechanism).

If the mechanist framework is to overcome functionalism’s difficulties with generalization, it
must provide an alternative to the covering-law framework, or even a covering-model framework
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(Bechtel & Abrahamsen 2005, Craver 2007, 66—70). After all, it is now widely believed that the
biological and social sciences have no true laws. William Bechtel and Adele Abrahamsen (2005)
suggest that mechanistic explanations are generalizable not because the target systems are zdentical in
the relevant respects, but because they are siwilar:

The need to invoke similarity relations to generalize mechanistic explanations seems
to be a limitation of the mechanistic account. But in fact it may be the mechanistic
account that provides a better characterization of how explanations are generalized
in many sciences. Laws are generalized by being universally quantified and their
domain of applicability is specified by the conditions in their antecedents. On this
account, no instance better exemplifies the law than any other. But in actual
investigations of mechanisms, scientists often focus on a specific exemplar when first
developing their accounts. (Bechtel & Abrahamsen 2005, 438)

The claim that generalization is based on similarity to exemplars is less satisfying than the picture of
subsumption under a covering law. Bechtel and Abrahamsen’s claims do little to constrain the
practice of licit generalization, and their observation that scientists “seem to have an intuitive sense”
of how to generalize is distinctly unsatisfying (ibid). However, given the lack of universal or
exceptionless laws in the biological sciences, a more complicated conception of generality is needed.
The need to be more specific about “similarity”’-based generalization is not a drawback of the
mechanist framework, but a demand for further research by philosophers of science.

The mechanist framework offers richer resources than functionalism for constrained
similarity-comparisons. First, mechanism models are more structured than functional descriptions.
Functional descriptions might be structured according to independent predicates or conjuncts inside
the scope of the quantifier in a Ramsey sentence. In comparing two mechanisms, one can appeal to
similarities and differences between the sets of entities, of operations, their properties, or in their
organization. Importantly, the result of such comparisons is not a judgment that mechanisms
described by different models are simply the same or different, but that they are similar in certain
respects and dissimilar in others. Frequently, a model may apply but with modifications, with the
consequence that insights are gained both for the new and for the original target systems. For
example, the two visual streams hypothesis (Milner & Goodale 2006) was developed for primate
visual systems, primarily with data from humans and macaques, but comparisons of primates and
other organisms such as frogs enrich the model (see e.g. Goodale & Humphrey 1998, 183-185) and
provide a framework around which similar models can be developed for most vertebrates
(Jeannerod & Jacob 2005, 301). Generalization here is achieved through comparisons to exemplars
with acknowledgement of differences, not subsumption under a common description. This is
mechanistic generalization by, if you like, functional similarity, but not functional identity in
Putnam’s sense. Since similarity-based generalization like this does not presuppose that generality
and abstraction from detail are correlated. Thus the motor theory of speech perception and the
normalization model of visual feature-detection are not anomalies in the mechanist framework.
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It might be possible to provide similarity-based generalizations of functionally-individuated
kinds, but such a strategy is not pursued by those who appeal to functionalism in order to settle
other questions in philosophy of cognitive science. For example, the strategy is not pursued by
Adams and Aizawa, Rupert, or Sprevak in their criticism of HEC, who instead seek categorical
descriptions of mental or cognitive processes. Clark and Chalmers appeal to a relatively abstract
specification of memory to argue that Otto’s notebook functions as a part of his memory. RAA
appeal to relatively detailed specifications of memory to argue that he does not. An ecumenically-
minded theorist might suggest that alternative specifications—some detailed and some abstract—
delineate various dimensions of similarity and difference between paradigmatic memory and Otto’s
notebook-augmented memory. However, such a proposal must specify how membership is decided
for the set of admissible descriptions for a term. The main products of cognitive scientific research
(apart from philosophical research) are models, not functional descriptions. The mechanist
framework provides a more natural resource for appeal in philosophy of cognitive science than an
unarticulated successor to functionalism. In general the place for functionalism as a resource for
appeal in philosophy must be reevaluated.

5 Conclusion. My intention in this paper was to show that the assumptions of functionalism are
inappropriate for thinking clearly about cognitive science. To this end I described some discussion
of the RAA objections to HEC, and claimed that Sprevak’s “grain parameter” makes explicit an
assumption that features in the motivating arguments for functionalism: that abstraction from detail
and generality are correlated features of cognitive models. This assumption is false, so functionalism
is an inappropriate framework for characterizing cognitive models and for settling disputes about
cognitive science, like the dispute over HEC, that turn on generality. I suggested, following a
suggestion by Bechtel and Abrahamsen, that where the functionalist framework hides the
complexity in cognitive scientists’ practice of generalization, the mechanist literature provides a more
fruitful framework for exploring that complexity. I have not argued that mechanism settles whether
HEC is true or false. However, if disagreements about HEC are to be a battle for the soul of
cognitive science, the proper battleground is over what kinds of mechanisms are cognitive ones, not
over functionalist descriptions of mental states (cf. Walter 2010). The mechanist framework does
not provide us with resources for determining the identity conditions of cognitive phenomena like
belief and memory, as the functionalist framework does. However, cognitive scientists do not take
conformity to their models as a criterion of exhibiting a phenomenon. For example, psychologists
do not claim that exhibiting interference effects is a necessary condition on memory. That a system
does not exhibit interference effects implies that memory models that do exhibit such effects must
be modified in order to be generalized to that target system, not that the target system lacks genuine
memory. It is therefore peculiarly contentious for philosophers to appeal to these models in order to
settle the identity conditions for cognitive phenomena under the guise of being scientific. The
contentious nature of this form of argument is no doubt obscured by the common belief that
functionalism is an orthodoxy of cognitive science.
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Abstract

The Doomsday argument and anthropic arguments are illustrations of a paradox.
In both cases, a lack of knowledge apparently yields surprising conclusions. Since
they are formulated within a Bayesian framework, the paradox constitutes a challenge
to Bayesianism. Several attempts, some successful, have been made to avoid these
conclusions, but some versions of the paradox cannot be dissolved within the framework
of orthodox Bayesianism. I show that adopting an imprecise framework of probabilistic
reasoning allows for a more adequate representation of ignorance in Bayesian reasoning,

and explains away these puzzles.

*ybenetreQuwo.ca



Chicago, 1L -33-

Y. Benétreau-Dupin Blurring Out Cosmic Puzzles 2 of 20

1 Introduction

The Doomsday paradox and the appeal to anthropic bounds to solve the cosmological con-
stant problem are two examples of puzzles of probabilistic confirmation. These arguments
both make ‘cosmic’ predictions: the former gives us a probable end date for humanity, and
the second a probable value of the vacuum energy density of the universe. They both seem
to allow one to draw unwarranted conclusions from a lack of knowledge, and yet one way
of formulating them makes them a straightforward application of Bayesianism. They call
for a framework of inductive logic that allows one to represent ignorance better than what

can be achieved by orthodox Bayesianism, so as to block these conclusions.

1.1 The Doomsday paradox

The Doomsday argument is a family of arguments about humanity’s likely survival.! There
are mainly two versions of the argument discussed in the literature, both of which appeal
to a form of Copernican principle (or principle of typicality or mediocrity). A first version
of the argument endorsed by, e.g., John Leslie (1990) dictates a probability shift in favor
of theories that predict earlier end dates for our species, assuming that we are a typical—
rather than atypical—member of that group.

The other main version of the argument, often referred to as the ‘delta-t argument’,
was given by Richard Gott (1993) and has provoked both outrage and genuine scientific
interest.? It claims to allow one to make a prediction about the total duration of any process
of indefinite duration based only on the assumption that the moment of observation is

randomly selected. A variant of this argument, which gives equivalent predictions, reasons

!See, e.g., (Bostrom, 2002, §6-7), (Richmond, 2006) for reviews.
2See, e.g., (Goodman, 1994) for opprobrium and (Wells, 2009; Griffiths and Tenenbaum, 2006) for
praise.
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in terms of random sampling of one’s rank in a sequential process (Gott, 1994).> The
argument goes as follows:
Let r be my birth rank (i.e., I am the r* human to be born), and N the total number

of humans that will ever be born.

1. Assume that there is nothing special about my rank r. Following the principle of

1
indifference, for all r, the probability of r conditional on N is p(r|N) = N
2. Assume the following improper prior probability distribution® for N: p(N) = N k

is a normalizing constant, whose value doesn’t matter.

3. This choice of distributions p(r|N) and p(NN) gives us the prior distribution p(r):

N=oo N=o0 k k
= N)p(N)dN = — dN = —.
p) = [ prpvaN = [ an =2

4. Then, Bayes’s theorem gives us

_p(rIN)-p(N) _ 1
p(N|7’) - p(r) - N27

which favors small V.

To find an estimate with a confidence «, we solve p(N < z|r) = « for z, with p(IV <

z|r) = [Tp(N|r)dN. Upon learning r, we are able to make a prediction about N with a

3The latter version doesn’t violate the reflection principle—entailed by conditionalization—according
to which an agent ought to have now a certain credence in a given proposition if she is certain she will have
it at a later time (Monton and Roush, 2001).

“As Gott (1994) recalls, this choice of prior is fairly standard (albeit contentious) in statistical analysis.

N
It’s the Jeffreys prior for the unbounded parameter N, such that p(N)dN o dIn N o d— This means

that the probability for N to be in any logarithmic interval is the same. This prior is called improper
because it is not normalizable, and it is usually argued that it is justified when it yields a normalizable
posterior.
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95%-level confidence. Here, we have p(N < 20r|r) = 0.95. That is, we have:

p(N > 20r|r) < 5%.

This result should strike us as surprising: we shouldn’t be able to learn something from
nothing! Indeed, according to that argument, we can make a prediction for N based only
on knowing our rank r and on not knowing anything about the probability of r conditional
on N, i.e., on being indifferent—or equally uncommitted—about any value it may take.
If N is unbounded (possibly infinite), an appeal to our typical position (reflected in the
choice of likelihood in the argument above) shouldn’t allow us to make any prediction at

all about IV, and yet it does.

1.2 Anthropic reasoning in cosmology

Another probabilistic argument that claims to allow one to make a prediction from a lack of
knowledge is commonly used in cosmology, in particular to solve the cosmological constant
problem (i.e., explain the value of the vacuum energy density py ). This parameter presents

physicists with two main problems:®

1. The time coincidence problem: we happen to live at the brief epoch—by cosmological
standards—of the universe’s history when it is possible to witness the transition from

the domination of matter and radiation to vacuum energy (pas ~ py ).

2. There is a large discrepancy—of 120 order of magnitudes—between the (very small)
observed values of py and the (very large) values suggested by particle-physics mod-

els.

5See (Carroll, 2000; Sola, 2013) for an overview of the cosmological constant problem.
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Anthropic selection effects (i.e., our sampling bias as observers existing at a certain time
and place and in a universe that must allow the existence of life) have been used to explain
both problems. In the absence of satisfying explanations, anthropic selection effects make
the coincidence less unexpected, and account for the discrepancy between observations and
possible expectations from available theoretical background. But there is no known reason
why having pps ~ py should matter to the advent of life.

Weinberg and his collaborators (Weinberg, 1987, 2000; Martel et al., 1998), among
others, proposed anthropic bounds on the possible values of py . Furthermore, they argued
that anthropic considerations may have a stronger, predictive role. The idea is that we
should conditionalize the probability of different values of py on the number of observers
they allow: the most likely value of py is the one that allows for the largest number of
galaxies (taken as a proxy for the number of observers).® The probability measure for py

is then as follows:

dp(pv) = v(pv) - p+(pv) dpv,

where p,(p) dpy is the prior probability distribution, and v(py) the average number of
galaxies which form for py .

By assuming that there is no known reason why the likelihood of py should be special at
the observed value, and because the allowed range of py is very far from what we would ex-
pect from available theories, Weinberg and his collaborators argued that it is reasonable to
assume that the prior probability distribution is constant within the anthropically allowed
range, so that dp(py) can be calculated as proportional to v(py) dpy (Weinberg, 2000, 2).
Weinberg then predicted that the value of py would be close to the mean value in that
range (assumed to yield the largest number of observers). This “principle of mediocrity”,

as Vilenkin (1995) called it, assumes that we are typical observers.

5This assumption is contentious (see, e.g., (Aguirre, 2001) for an alternative proposal).
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Thus, anthropic considerations not only help establish the prior probability distribution
for py by providing bounds, but they also allow one to make a prediction regarding its ob-
served value. The initial uniform distribution is turned into a prediction—a sharply peaked
distribution around a preferred value—for py. This method has yielded predictions for py
only a few orders of magnitudes apart from the observed value.” This improvement—from
120 orders of magnitude to only a few—has been seen by their proponents as vindicating

anthropically-based approaches.

1.3 The problem: Ex nihilo nihil fit

The two examples of this section—the Doomsday argument and anthropic reasoning—
share a similar structure: 1) a uniform prior probability distribution reflects an initial
state of ignorance or indifference, and 2) an appeal to typicality or mediocrity is used to
make a prediction. This is puzzling: these two assumptions (of indifference and typicality)
are meant to express neutrality, and yet from them alone we seem to be getting a lot of
information. But assuming neutrality alone should not allow us to learn anything!

If anthropic considerations were only able to provide us with one bound (either lower
or upper bound), then the argument used to make a prediction about the vacuum energy
density py would be formally identical to Gott’s 1993 ‘delta-t argument’: without knowing
anything about, say, a parameter’s upper bounded, a uniform prior probability distribution
over all possible ranges and the appeal to typicality of the observed value favors lower values
for that parameter.

I will briefly review several approaches taken to dispute the validity of the results
obtained from these arguments. We will see that, because dropping the assumption of

typicality isn’t enough to avoid these paradoxical conclusions, it is a more adequate rep-

"The median value of the distribution obtained by such anthropic prediction is about 20 times the
observed value p{* (Pogosian et al., 2004).
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resentation of ignorance or indifference that we should pursue. I wish to show that, when
dealing with events we are completely ignorant about, one can use an imprecise, Bayesian-
friendly framework that better handles ignorance, and avoids the paradoxical, uncomfort-
able consequences of the Doomsday argument, and better models the limited role anthropic

considerations can play for the cosmological constant problem.

2 Typicality, indifference, neutrality

2.1 How crucial to those arguments is the assumption of typicality?

The appeal to typicality is central to Gott’s ‘delta-t argument’, Leslie’s version of the
Doomsday argument, and Weinberg’s prediction. This assumption has generated much
of the philosophical discussion about the Doomsday paradox in particular. Nick Bostrom
(2002) offered a challenge to what he calls the Self-Sampling Assumption (SSA), according
to which “one should reason as if one were a random sample from the set of all observers
in one’s reference class.” In order to avoid the consequence of the Doomsday argument,
Bostrom suggested to adopt what he calls the Self-Indicating Assumption (SIA): “Given
the fact that you exist, you should (other things equal) favor hypotheses according to which
many observers exist over hypotheses on which few observers exist.” (op. cit.) But as he
noted himself (Bostrom, 2002, 122-126), this STA is not acceptable as a general principle.

Indeed, as Dieks (1992) summarized:

Such a principle would entail, e.g., the unpalatable conclusion that armchair
philosophizing would suffice for deciding between cosmological models that pre-
dict vastly different chances for the development of human civilization.The in-

finity of the universe would become certain a priori.
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The biggest problem with Doomsday-type arguments resting on the SSA is that their
conclusion depends on the choice of reference class. What constitutes “one’s reference class”
seems entirely arbitrary or ill-defined: is my reference class that of all humans, mammals,
philosophers, etc.? Anthropic predictions can be the object of a similar criticism: the value
of the cosmological constant most favorable to the existence of life (as we know it) may not
be the same as that most favorable to the existence of intelligent observers, which might
be definable indifferent ways.

Relatedly, Dieks (1992) and Radford Neal (2006) showed that a careful examination of
the role of indexical information in the formulation of the Doomsday argument allows one to
avoid its unpleasant conclusion. In particular, Neal (2006) argued that conditionalizing on
non-indexical information (i.e., all the information at the disposal of the agent formulating
the Doomsday argument, including all their memories) reproduces the effects of assuming
both SSA and SIA. Indeed, conditionalizing on the probability that an observer with all
their non-indexical information exists (which is higher for a later Doomsday, and highest if
there is no Doomsday at all) blocks the consequence of the Doomsday argument, without
invoking such ad hoc principles, and avoids the reference-class problem.

Although full non-indexical conditioning cancels out the effects of Leslie’s Doomsday
argument (and, similarly, anthropic predictions), it is not clear that it also allows one to
avoid the conclusion of Gott’s version of the Doomsday argument. Neal (2006, 20) dismisses
Gott’s argument because it rests only on an “unsupported” assumption of typicality. There
are indeed no good reasons to endorse typicality a priori (see, e.g., Hartle and Srednicki,
2007). One might then hope that not assuming typicality would suffice to dissolve these
cosmic puzzles. Irit Maor et al. (2008) showed for instance that without it, anthropic
considerations don’t allow one to really make predictions about the cosmological constant,

beyond just providing unsurprising boundaries, namely, that the value of the cosmological
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constant must be such that life is possible.

My approach in this paper, however, will not be to question the assumption of typicality
in either of these cosmic puzzles. Indeed, in Gott’s version of the Doomsday paradox, we
would obtain a prediction even if we didn’t assume typicality. Consider the formulation
of Gott’s argument using an improper prior (§1.1 infra). Now, instead of assuming, a
flat probability distribution for our rank r conditional on the total number of humans
N (p(r\N ) = %), let’s assume a non-uniform distribution. For instance, let’s assume a
distribution that favors our being born in humanity’s timeline’s first decile (i.e., one that
peaks around r = 0.1 x N). We would then obtain a different prediction for N than if
we had assumed one that peaks around r = 0.9 x N. This reasoning, however, yields an
unsatisfying result if taken to the limit: if we assume a likelihood probability distribution
for r conditional on N sharply peaked at r = 0, we would still obtain a prediction for N
upon learning r, (see Fig. 1).8

Therefore, in Gott’s Doomsday argument, we would obtain a prediction at any confidence-
level, whatever assumption we make as to our typicality or atypicality, and we would even
obtain one if we assume N — oo. Thus, assuming typicality or not will not allow us to avoid
the conclusion of Gott’s Doomsday argument. Consequently, it is toward the question of

a probabilistic representation of ignorance that I will now turn my attention.

2.2 A neutral principle of indifference?

One could hope that a more adequate prior probability distribution—one that better re-
flects our ignorance and is normalizable—may prevent the conclusion of these cosmic puz-
zles (especially Gott’s Doomsday argument). The idea that a uniform probability distri-

bution is not a satisfying representation of ignorance is nothing new; this discussion is

8Tegmark and Bostrom (2005) used a similar reasoning to derive an upper bound on the likelihood of
a Doomsday catastrophe.
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Figure 1: Posterior probability distributions for N conditional on r, obtained for » = 100
and assuming different likelihood distributions for r conditional on N (i.e., with different
assumptions as to our relative place in humanity’s timeline), which each peaks at different
values 7 = &. The lowermost curve corresponds to a likelihood distribution that peaks at
T — 0, i.e., if we assume N — oo.

as old as the principle of indifference itself.” Indeed, a uniform probability distribution
is unable to fulfill invariance requirements that one should expect of a representation of
ignorance or indifference. As argued by John Norton (2010), a representation of ignorance

or indifference

- cannot be additive (and therefore does not obey the laws of probability),

- cannot be represented by the degrees of a one-dimensional continuum, such as the

reals in [0, 1],

- must be invariant under redescription,

9See, e.g., (Syversveen, 1998) for a short review on the problem of representing non-informative priors.
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- must be invariant under negation: if we are ignorant or indifferent as to whether or

not «, we must be equally ignorant as to whether or not —a.'?

For instance, in the case of the cosmological constant problem, if we adopt a uniform
probability distribution for the value of the vacuum energy density py over an anthropically
allowed range of length u, then we are committed to assert, e.g., that py is 3 times more
likely to be found in a any range of length £ than in any other range of length &. But such
an assertion is not compatible with complete ignorance as to what value py is more likely
to have, hence the requirement of non-additivity for a representation of ignorance.

These criteria for a representation of ignorance or indifference cast doubt on the pos-
sibility for a probabilistic logic of induction to overcome these limitations.'! I will argue
that an imprecise model of Bayesianism, in which our credences can be fuzzy, will be able

to explain away these problems, without abandoning Bayesianism altogether.

3 Dissolving the puzzles with imprecise credence

3.1 Imprecise credence

It has been argued (see, e.g., Levi, 1974; Walley, 1991; Joyce, 2010) that Bayesian credences
need not have sharp values, and that there can be imprecise credences (or ‘imprecise
probabilities’ by misuse of language). An imprecise credence model recognizes “that our
beliefs should not be any more definitive or unambiguous than the evidence we have for
them.” (Joyce, 2010, 320)

Joyce defended an imprecise model of Bayesianism in which credences are not rep-

resented merely by a range of values, but rather by a family of (probabilistic) credence

OFor an extended discussion about criteria for a representation of ignorance—with imprecise probabili-
ties in particular—see (de Cooman and Miranda, 2007, §4-5).
" The same goes for improper priors, as was argued, e.g., by Dawid et al. (1973).
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functions. In this imprecise probability model,

1. a believer’s overall credal state can be represented by a family C of cre-
dence functions [¢;] (...). Facts about the person’s opinions correspond

to properties common to all the credence functions in her credal state.
2. If the believer is rational, then every credence function in C' is a probability.

3. If a person in credal state C' learns that some event D obtains (... ), then
¢(D|X)
(D)

4. A rational decision-maker with credal state C is obliged to prefer one

her post-learning state will be Cp = {c(.|D) = ¢(X) ,ceC}.

action A to another A* when A’s expected utility exceeds that of A*

relative to every credence function in C'. (Joyce, 2010, 288, my emphasis)

An analogy is sometimes given to illustrate this model: the overall credal state C' acts as
a committee whose members (each being analogous to a credence function ¢;) are rational
agents who do not all agree with each other and who all update their credence in the same
way, by conditionalizing on evidence they all agree upon. In this analogy, the properties
of the jury’s opinion (the overall credal state C') are those common to all the committee
members’ opinions.

This model allows one to simultaneously represent sharp and imprecise credences, but
also comparative probabilities. It can accommodate sharp credences, and then the usual
condition of additivity. But it can also accommodate less sharply defined relationships
when credences are fuzzy. It does so by means of a family of credence functions, each of
which is treated as in orthodox Bayesianism.

This model is interesting when it comes to representing ignorance or indifference: it
allows us to represent the credal state of ignorance by a set of functions that disagree with

each other. In order to reframe our cosmic puzzles, two cases must be distinguished:
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- in an unbounded case (i.e., here, Gott’s Doomsday argument),'? an imprecise prior
credal set with an infinite number of probability distributions, each normalizable,

will not allow one to obtain any prediction,

- in a bounded case (i.e., here, anthropic predictions for py ), it is possible to construct
an imprecise prior credal set with probability distributions that each favors a different

value for py such that the invariance criteria given above in §2.2 are fulfilled.

3.2 Blurring out Gott’s Doomsday argument: Apocalypse Not Now

Let us see how we can reframe Gott’s Doomsday argument with an imprecise prior credence
for the total number of humans N, or more generally for the length of any process of
indefinite duration X. Let our prior credence in X, C(X), be represented by a family of
credal functions {c,}, each normalizable and defined on R>Y. Thus, we avoid improper
prior distributions. If all we assume is that X is finite but can be indefinitely large, then all
we can say is that C'(X) is monotonically decreasing and that limx_,(C(X)) = 0. Let us
then represent our prior credence C'(X) consist in the following set of functions {c,}, all of
which decrease but not at the same rate (i.e., similar to a family of Pareto distributions):

k
C'Y(X) = Xi’fyu
1
0 dX -
0 X7
sponds to X — oo, but v = 1 must be excluded to avoid a non-normalizable distribution.

with v > 1 and k, a normalizing constant: k, = The limiting case v — 1 corre-

If we don’t want to assume anything about dgg) (other than it being negative), this

prior set must be such that it contains functions of decreasing rates that are arbitrarily

dey (X
small. That is, VX € R”? Ve € R<?, 3¢, € C s.t. % > e. This requirement applies

2The results from (Neal, 2006) to counter Leslie’s Doomsday argument still apply in the imprecise
framework.
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not to any of the functions in C' but to the set as a whole. It is what will block the
conclusion of the Doomsday argument.!?

Let us see how such a prior credal set avoids the conclusion of Gott’s Doomsday paradox.
As in the Bayesian version of the argument given in §1.1, the principle of indifference gives
us an expression for the likelihood of our rank r conditional on the total number of humans
N, and with our choice of prior for IV, we obtain expressions for the prior for r and the
posterior for N conditional on 7.

The credal functions cy(r) in the set of distributions for the prior credence in r, C(r)

can be expressed as follows:

N=c0 N=oc0 k'y
cy(r) = r|N)-cy(N)dN = dN
S = [T pN) AN = [T

Bayes’ theorem then yields an expression for posterior credal functions:

p(r|N) - ¢y (N) ky
Cry(N|’l") = ( ) = 1 Neoo k'y .
C»y T N “IN=yr N dN

To find a prediction for N with a 95%-level confidence, we solve C(N < z|r) = 0.95
for z, with C(N < z|r) = [TC(N|r)dN. Now, as v — 1, the prediction for  such
that C'(N < z|r) = 95% diverges. In other words, this imprecise representation of prior
credence in N, reflecting our ignorance about IV, does not yield any prediction about N
(see figure 2).

Any of the credal functions c, in the credal set as defined here would yield a prediction
if taken individually. However, it is clear that this prediction would rest solely on an
arbitrary choice of prior that doesn’t reflect our initial state of ignorance. Without the

possibility for my prior credence to be represented not by a single probability distribution

31n order to avoid too sharply peaked distributions (at X — 0), further constraints can be placed on the
variance of the distributions (namely, an lower bound on the variance), without it affecting my argument.
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Figure 2: Posterior probability distributions for N conditional on r, obtained for r =
1.2 - 10! and assuming different prior distributions for NV (i.e., with different assumptions
as to the total number of humans there will ever be).

but by an infinite set of probability distributions, I cannot avoid obtaining an arbitrarily
precise prediction.

Other distributions that decrease at different rates (i.e., not as inverse powers of V)
could have been included in the prior credal set {c}, as long as they fulfill the criteria listed
at the beginning of this section. However, no other distribution we could include would
change this conclusion. In order to represent our credence about the length of a process
of indefinite duration, it is necessary that our prior credal set includes the functions c,

defined earlier, and that is sufficient to avoid the conclusions of the Doomsday argument.
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3.3 Blurring out anthropic predictions

We are ignorant about what value of the vacuum energy density py we should expect
from our current theories. We now want to express the fact that, in the absence of a
prior credence that tells us something about what we should expect, we shouldn’t be in a
position to confirm or not the assumption of typicality on which anthropic predictions for
the cosmological constant rest.

If we substitute imprecise prior and posterior credences in the formula from (Weinberg,

2000, see §1.2 infra), we have:

dC(pv) =v(pv) - Ci(pv) dpv,

with Cy(py) a prior credal set that will exclude all values of py outside the anthropic
bounds, and v(py) the average number of galaxies which form for py, which as in §1.2
peaks around the mean value of the anthropic range. In order for the prior credence Cy to
express our ignorance, it should be such that it doesn’t favor any value of py .

With the imprecise model, such a state of ignorance can be expressed by a set of
probability distributions {c4;(py )}, all of which normalizable over the anthropic range and
such that Vpy, ey, cxj € Cy such that py is favored by c,; and not by c.;.!* Such a
prior credal set will not favor any value of py. Moreover, in order to fulfill the criterion
of invariance under negation (according to which Cy(py) = Cix(—py), see §2.2), one could
define a credal set representing ignorance to be such that Vpy, Ve, € Cy,3ey; € Cy such
that ¢,; =1 — c*j.15

With a prior credal set Cx thus defined, even with a distribution v(py ) peaked around

MThis can be obtained, for instance, by a family of Gamma distributions, each of which giving an
expected value at a different point in the anthropically allowed range. As in §3.1, In order to avoid
dogmatic functions, a lower bound can be placed on the variance of all the functions in C,.

5But such a symmetry requirement need not be required in all cases; unwarranted conclusions can be
avoided without necessarily assuming this condition.
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the mean value of that anthropic range, the prediction C(py) becomes very imprecise all
over the anthropic range. But more importantly, we won’t have C (p“’,bs) > C’*(p?/bs), Le.,
there will be no agreement among all the distributions cy; € Cy that learning the actual
value p?/bs will provide a confirmatory boost for our assumption of typicality.

The imprecise model can then provide us with a way to express our ignorance such
that our assumption of typicality is neither confirmed nor disconfirmed. And yet, that
same approach doesn’t prevent Bayesian induction altogether. Indeed, all the functions
in C being probability distributions that can be treated as in orthodox Bayesianism, any

of them can be updated and, in principle, converge toward a sharper credence, provided

sufficient updating.

4 Conclusion

These cosmic puzzles show that, in the absence of an adequate representation of igno-
rance, a logic of induction will inevitably yield unwarranted results. Our usual methods of
Bayesian induction are ill-equiped to allow us to address both puzzles. I have shown that
the imprecise credence framework allows us to treat both arguments in a way that avoids
their undesirable conclusions. The imprecise model rests on Bayesian methods, but it is
expressively richer than the usual Bayesian approach that only deals with single probability
distributions (i.e., sharp credence functions).

Philosophical discussions about the value of the imprecise model usually center around
the difficulty to define updating rules that don’t contradict general principles of condition-
alization (especially the problem of dilation). But the ability to solve such paradoxes of
confirmation and avoid unwarranted conclusions should be considered as a crucial feature

of the imprecise model and play in its favor.



Chicago, 1L -49-

Y. Benétreau-Dupin Blurring Out Cosmic Puzzles 18 of 20

References

Aguirre, A. (2001, September). Cold Big-Bang Cosmology as a Counterexample to Several

Anthropic Arguments. Physical Review D 64(8), 1-12.

Bostrom, N. (2002). Anthropic Bias: Observation Selection Effects in Science and Philos-

ophy. Routledge.
Carroll, S. (2000). The Cosmological Constant. arXiv: astro-ph/0004075v2, 1-50.

Dawid, A. P., M. Stone, and J. V. Zidek (1973). Marginalization Paradoxes in Bayesian
and Structural Inference. Journal of the Royal Statistical Society. Series B (Methodolog-
ical) 35(2), 189-233.

de Cooman, G. and E. Miranda (2007). Symmetry of models versus models of symmetry.
In W. L. Harper and G. Wheeler (Eds.), Probability and Inference. Essays in Honour of
Henry E. Kyburg Jr, Number April, pp. 67-149. London: College Publications.

Dieks, D. (1992). Doomsday—Or: The Dangers of Statistics. The Philosophical Quar-
terly 42(166), 78-84.

Goodman, S. N. (1994). Future Prospects Discussed. Nature 368(March), 108-109.

Gott, J. R. (1993). Implications of the Copernican Principle for our Future Prospects.
Nature 363(6427), 315-319.

Gott, J. R. (1994). Future Prospects Discussed. Nature 368 (March), 108.

Griffiths, T. L. and J. B. Tenenbaum (2006). Optimal Predictions in Everyday Cognition.

Psychological Science 17(9), 7T67-773.

Hartle, J. and M. Srednicki (2007, June). Are We Typical? Physical Review D 75(12),
123523.



Philosophy of Science Assoc. 24th Biennial Mtg -50-

Y. Benétreau-Dupin Blurring Out Cosmic Puzzles 19 of 20

Joyce, J. M. (2010). A Defense of Imprecise Credences in Inference and Decision Making.
Philosophical Perspectives 24 (1), 281-323.

Leslie, J. A. (1990). Is the End of the World Nigh? The Philosophical Quarterly 40(158),
65—-72.

Levi, I. (1974). On Indeterminate Probabilities. The Journal of Philosophy 71(13).

Maor, I., L. Krauss, and G. Starkman (2008, January). Anthropic Arguments and the
Cosmological Constant, with and without the Assumption of Typicality. Physical Review
Letters 100(4), 041301.

Martel, H., P. R. Shapiro, and S. Weinberg (1998). Likely Values of the Cosmological
Constant. The Astrophysical Journal 492(1), 29-40.

Monton, B. and S. Roush (2001). Gott’s Doomsday Argument.  http://philsci-
archive.pitt.edu/id/eprint/1205, 1-23.

Neal, R. M. (2006). Puzzles of Anthropic Reasoning Resolved Using Full Non-indexical
Conditioning. Arziv preprint math/0608592 (0607), 1-56.

Norton, J. D. (2010). Cosmic Confusions: Not Supporting versus Supporting Not. Philos-
ophy of Science 77(4), 501-523.

Pogosian, L., A. Vilenkin, and M. Tegmark (2004, July). Anthropic Predictions for Vacuum
Energy and Neutrino Masses. Journal of Cosmology and Astroparticle Physics 7(005),
1-17.

Richmond, A. (2006). The Doomsday Argument. Philosophical Books 47(2), 129-142.

Sola, J. (2013, August). Cosmological Constant and Vacuum Energy: Old and New Ideas.
Journal of Physics: Conference Series 453(1), 012015.



Chicago, 1L -51-

Y. Benétreau-Dupin Blurring Out Cosmic Puzzles 20 of 20

Syversveen, A. R. (1998). Noninformative Bayesian Priors. Interpretation and Problems

with Construction and Applications.

Tegmark, M. and N. Bostrom (2005, December). Is a Doomsday Catastrophe Likely?
Nature 438(7069), 754.

Vilenkin, A. (1995). Predictions from Quantum Cosmology. Physical Review Letters 74 (6),

4-7.

Walley, P. (1991). Statistical Reasoning with Imprecise Probabilities. London: Chapman
and Hall.

Weinberg, S. (1987). Anthropic Bound on the Cosmological Constant. Physical Review
Letters 59(22), 2607-2610.

Weinberg, S. (2000). A Priori Probability Distribution of the Cosmological Constant. arXiv

preprint astro-ph/0002387, 0-15.

Wells, W. (2009). Apocalypse When? Calculating How Long the Human Race Will Survive.

Springer Praxis Books. Praxis.



Philosophy of Science Assoc. 24th Biennial Mtg -52-

COARSE-GRAINING AS A ROUTE TO MICROSCOPIC PHYSICS: THE
RENORMALIZATION GROUP IN QUANTUM FIELD THEORY

BIHUI LI

ABSTRACT. The renormalization group (RG) has been characterized as merely a
coarse-graining procedure that does not illuminate the microscopic content of quantum field
theory (QFT), but merely gets us from that content, as given by axiomatic QFT, to
macroscopic predictions. I argue that in the constructive field theory tradition, RG techniques
do illuminate the microscopic dynamics of a QFT, which are not automatically given by
axiomatic QFT. RG techniques in constructive field theory are also rigorous, so one cannot

object to their foundational import on grounds of lack of rigor.
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1. INTRODUCTION

The renormalization group (RG) in quantum field theory (QFT) has received some
attention from philosophers for how it relates physics at different scales and how it makes
sense of perturbative renormalization (Huggett and Weingard 1995; Bain 2013). However, it
has been relatively neglected by philosophers working in the axiomatic QFT tradition, who
take axiomatic QFT to be the best vehicle for interpreting QFT. Doreen Fraser (2011) has
argued that the RG is merely a way of getting from the microscopic principles of QFT, as
provided by axiomatic QFT, to macroscopic experimental predictions. Thus, she argues, RG
techniques do not illuminate the theoretical content of QFT, and we should stick to
interpreting axiomatic QFT. David Wallace (2011), in contrast, has argued that the RG
supports an effective field theory (EFT) interpretation of QFT, in which QFT does not apply
to arbitrarily small length scales. Like Wallace, physicists generally regard the RG to be
foundationally significant, as recent QFT textbooks indicate (Zee 2010; Duncan 2012).

My main objective is to question Fraser’s claims that the RG is only a way to get from
the microscopic principles of QFT to macroscopic predictions, and that it has no significance
for the theoretical content of QFT. Unlike Wallace, I do this without endorsing an EFT
interpretation of QFT. Instead, I elucidate the foundational significance of the RG by
describing its role in determining whether various Lagrangians could possibly describe QFTs
living on continuous spacetime—that is, whether these Lagrangians are well-defined in the
ultraviolet (UV) limit. This problem is an important one in the foundations of QFT and it is
the central aim of constructive field theory, which attempts to construct interacting models of
QFT satisfying certain axioms. The existence of the UV limit is relevant to whether we should
interpret a particular Lagrangian as describing an EFT or as potentially applicable to all length
scales, so if the RG helps determine the existence of this limit, then the RG is significant for

the interpretation of QFT.
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To forestall the objection that RG methods are not rigorous enough for philosophical
attention, I look at the RG as used in constructive field theory, a tradition that philosophers
take to be rigorous. Many in this tradition use RG methods to determine whether various
Lagrangians have a well-defined UV limit. The rigor of these RG methods as compared to the
RG methods that physicists typically use lies in the employment of well-controlled
approximations rather than ill-controlled approximations.

My plan is as follows. In the next section, I provide more specifics on the various
theoretical approaches to QFT and flesh out the claims that I have attributed to Fraser. In
Section 3, I sketch the formalism of perturbative QFT, describing the problems that
constructive QFT aims to solve. In Section 4, I sketch the “physicists’ version” of the RG as a
pedagogical attempt to show how the RG can answer the question of whether a UV limit for a
given Lagrangian exists. In Section 5, I explain how constructive field theory tries to resolve
the problems with perturbative QFT and how it attempts to fill in the mathematical gaps in the
physicists’ version of the RG. In doing so, I sketch how constructive field theory uses RG
methods to try to construct models of QFT that exist in continuous spacetime. I conclude by
musing on what the argument of this paper implies about the relationship between the various

theoretical strands of QFT.

2. THE DEBATE SO FAR

In the early days of QFT, physicists ran into a host of mathematical pathologies such
as divergences in their perturbation expansions. To get around these, they deployed
calculational methods such as perturbative renormalization without fully understanding why
these methods worked.

Axiomatic QFT grew out of attempts to make the mathematical character of QFT

clearer. One variant of axiomatic QFT is algebraic QFT, which I will not discuss here.
3



Chicago, 1L -55-

Instead, I focus on the Wightman axioms or the Osterwalder-Schrader (OS) axioms, which
specify the properties that a theory’s Wightman functions or Schwinger functions,
respectively, must satisfy to define a QFT.' However, these properties are insufficient to define
a QFT’s dynamics. For more dynamical details, we turn to constructive QFT (CQFT),” which
attempts to construct specific interacting models of QFT that satisfy the OS axioms. Such
models, if they exist, automatically satisfy the Wightman axioms, according to the
Osterwalder-Schrader reconstruction theorem (Rivasseau 1991). CQFT takes its models of
interest to be those characterized by Lagrangians that physicists use. One of the aims of
CQFT is to find out if these Lagrangians correspond to non-trivial QFTs in the UV limit.

A QFT that satisfies either set of axioms must have a UV limit: effective field theories
violate the axiom of postivity in the OS axioms. A typical approach in CQFT is to start with a
lattice QFT or an effective field theory with a momentum cutoff, and then to figure out what
happens to the Lagrangian at a fixed momentum scale when the lattice spacing is taken to
zero, or when the cutoff is taken to infinity. If the model that results when this limit is taken is
trivial (all the coupling constants in the Lagrangian go to zero) or ill-defined (some coupling
constant becomes infinite in the limit), then one concludes that there does not exist a
non-trivial model of that QFT in continuum spacetime.

The RG was first developed in an unrigorous manner within perturbative QFT. It
provides an account of how the dynamics of QFTs change with length or energy scale. These
changes are manifested as changes in the value of the coupling parameters in a theory’s
Lagrangian. Part of the importance of the RG lies in how it explains the empirical success of
perturbative renormalization. The RG provides a physical picture of why one has to change
the values of coupling parameters in order to avoid divergences. As mentioned earlier,
physicists have generally regarded the RG to be foundationally and interpretively significant.
!The Schwinger and Wightman functions are important because any observable can be computed from them.

2Also known as constructive field theory.
4
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In contrast, there is a refrain among philosophers along the lines sketched by Fraser

(2011, 131):

RG methods make a significant contribution to the articulation of the empirical
content of QFT and to clarifying the nature of the relationship between the
empirical and the theoretical content. However, RG methods do not shed light
on the theoretical content of QFT. For this reason, appeal to RG methods does
not decide the question of which set of theoretical principles are appropriate
for QFT. .. The reason that constructive field theorists are able to exploit RG
methods—even though they reject elements of the theoretical content of
LQFT—is that RG methods concern the empirical structure of the theory

rather than the theoretical content.

In a similar vein, Kuhlmann, Lyre, and Wayne (2002) characterize the RG as providing ‘“‘a
deductive link between fundamental QFT and experimental predictions”. This echoes the
thought, latent in Fraser’s writings, that there is some “fundamental QFT” given prior to using
the RG, presumably by some axiomatic form of QFT, and that all the RG does is link this
fundamental theory to experimental predictions. Fraser takes this thought to undercut
Wallace’s argument that RG methods support a particular interpretation of QFT.

This pattern of reasoning is common in the philosophy of physics: for foundational or
interpretive purposes, we should focus on only the “fundamental principles” of a theory, given
by its axioms, because these constitute the entire theoretical content of the theory. Methods to
extract predictions from these principles add no new theoretical content, only pragmatic
filigree.

However, as I shall argue, RG methods do have foundational significance because they
are one of the main ways in which CQFT proves the existence or non-existence of models of

QFT satisfying the OS axioms. Thus, they bear on the interpretively relevant question of
5
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whether certain models of QFT can exist in continuous spacetime. Furthermore, there exist

rigorous ways to implement the RG, and these are used in CQFT.

3. PERTURBATIVE QUANTUM FIELD THEORY

CQFT arose out of a need to mathematically justify perturbative QFT. In much of
QFT, perturbative renormalization is a key technique for deriving finite results for empirically
measurable quantities like scattering cross-sections. A first pass at calculating these quantities
leads to divergent terms in the relevant perturbation expansions. Perturbative renormalization
adjusts the coupling parameters so as to remove these divergent terms. However, this
procedure, as presented in introductory QFT textbooks, is carried out on a purely formal
basis. While the procedure is justified in one sense by its empirical success, they are not
justified by a mathematical understanding of the nature of the perturbative expansion. One of
the aims of CQFT is to justify these rules mathematically. In the rest of this section, I offer a
brief sketch of perturbative renormalization in a simple case so as to illustrate the room for
justification that CQFT tries to provide.

One quantity of central importance in QFT is the partition function, which is defined

in terms of the Lagrangian £(¢) as follows:
(1) Z:/@(])efL(q))dAX

Here I have assumed four dimensions for the purpose of the example. The “2” indicates that
this integral is a functional integral, sometimes called a Feynman path integral. Intuitively, the
integration ranges over the space of “possible functions” ¢, for some value of “possible”.>
Path integrals also feature in expressions for the Green’s functions, which are closely related
to experimental measurements.

3As we will see later, one of the first tasks of constructive field theory is to give a precise meaning to the measure

Do
6
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These path integrals can be given a straightforward finite, analytic expression when
the action involved is that of a free scalar field with no interactions. In this case,
L= % ((84)2) o m2¢2) . For interacting fields, physicists typically use perturbation theory to
evaluate the path integrals. Since the path integral for the free field has a known analytic
expression, the perturbations are applied using the free field case as a reference—we consider
the interaction as a small perturbation to the free field Lagrangian. The following example
illustrates how this is done in a simple case.

Suppose a small interaction —%(])4 is added to the free field Lagrangian, so that
£L=1 ((8¢2)2 — m2¢2) — X¢*. This is the Lagrangian of the so-called ¢* theory, which

describes a self-interacting scalar field. The partition function is
2 A
2= [ oo (007 0) 1)

. gt . L
Assuming A to be small, we then convert the e~ #¢" factor into a Taylor series in A

(2
2 4 2\2_ 242
2= [ 2o (“ﬁ/ ¢2<x1>dx1+§(ﬁ) ¢4<x1>¢4<xz>dxldxz+...)efd ((007)"-e?)

where [ have included only the first two terms of the Taylor series to illustrate the general rule.
Unlike in the free field case, when evaluating path integrals such as the above, some of
the individual terms in the Taylor series are infinite. These divergences make it difficult to
directly compute experimentally measurable quantities such as scattering cross-sections from
the path integral. In many cases, the divergences can be removed by the process of
perturbative renormalization. This process starts with regularization, a way of eliminating the
influence of high-momenta processes which cause the divergences, and, for some methods of
regularization, the addition of counterterms to compensate for regularization. Regularization

is typically followed by renormalization, which consists of rewriting the Lagrangian and

7
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expressions for quantities like cross-sections in terms of “renormalized” coupling parameters
rather than the “bare” parameters that we started with. These methods have proven to be
empirically successful for theories like quantum electrodynamics.

Even though perturbative renormalization removes the term-by-term divergences that
occur in (2), they leave unresolved other issues. It is suspected that expansions like (2) do not
converge and are at best asymptotic. An asymptotic series can be useful if we know which
function the series is asymptotic to, but perturbative QFT on its own does not provide this
information. Part of the CQFT program involves showing that some properties of the
non-perturbative solutions to the equations of motion guarantee that certain methods of
summing asymptotic perturbative expansions will lead to a unique solution. I will not discuss
this part of the CQFT program. The part I will discuss in Section 5.2 involves using the RG to
evaluate (1). Here the problem of divergent perturbation series manifests itself as the so-called
large field problem, which will also be addressed in Section 5.2.

The other problem with perturbative QFT that CQFT tries to resolve is a proper
definition of the measure of (1). Again, we will see in Section 5.2 how this is done in CQFT.
For now, I move on to discussing how the RG is important not just as a way to calculate

empirical quantities, but also to determine whether a given Lagrangian exists in the UV limit.

4. THE RENORMALIZATION GROUP

The RG explains perturbative renormalization non-perturbatively. It gives an account
of changing coupling parameters that is not based wholly on formal perturbative series and
perturbative renormalization. The RG is widely used in the non-rigorous variants of QFT used
by physicists and in constructive field theory. For convenience, I follow Wallace (2011) in
calling the former “conventional QFT”. While the constructive field theory treatment of the

RG plugs many mathematical gaps in conventional QFT, the important conceptual insights are
8
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already present in the conventional treatment. The conventional understanding of fixed points
and RG flows suffices to help us understand how RG techniques give us not just macroscopic
information, but also information about the existence of a UV limit. Here, I sketch the RG as
typically presented conventionally, explain its significance for foundational questions, and
point to the places where a constructive treatment might fill in some gaps. I leave the
constructive treatment to Section 5.2.

The RG is a particularly effective way of computing the partition function (1).
Intuitively, the operation of an RG transformation is often described as integrating out
high-momentum degrees of freedom to obtain an effective action over the remaining low

momenta. Formally, this transformation is often written as follows:

3) / Do, / DiygeS001] — / Doy 51100,

where ¢ indicate field configurations whose Fourier transforms have support over momenta
less than A, and 0y indicate field configuations whose Fourier transforms have support over
momenta more than A. Sz[0;] is known as the effective action because it “acts like the full
action” S[dg,¢r] but involves fewer degrees of freedom. It behaves like the full action when
we describe our system with a reduced set of variables, that is, with only ¢ instead of

07 + ¢y. This strategy of using effective actions at lower momentum scales to help evaluate
the full integral is important in constructive field theory and in less rigorous work within QFT.
Roughly speaking, RG methods proceed by doing many such integrations over infinitesimal
momentum shells. This is a more effective way of computing the partition function compared
to methods that try to integrate over all momenta at once, because many of the expansions that
we have found to be helpful in evaluating the partition function are effective only at fixed

momentum scales.
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Denote the transformation (3), taking a more fine-grained action to a more
coarse-grained action, by XK. The more times we iterate &_on the action S, the larger the range
of momenta we can integrate over. Each application of X changes the coupling parameters of
terms in the action.* That is, each ® moves S along a trajectory in the space of actions.
Sometimes this flow can end up in a fixed point: a point where the transformation maps the
action defined by that point in the space of actions to itself. That is, a fixed point is a point S
where RS =S.

The existence of a fixed point is important for determining if a given Lagrangian has a
UV limit. A continuum theory exists if at an arbitrary fixed momentum scale Ay, the effective
action Sy, that we calculate using RG transformations converges as the momentum cutoff
goes to infinity. That is, suppose we have calculated Sy, by iterating K many times on an
initial action Sy, where Ayy is a momentum scale higher than A;. We then see what
happens to the S5, that we calculate with iterated K's as we increase Ayy. The theory
associated with S, has a UV limit if there is some § for which limp,;, .. Sa, = S. That is, it
has a UV limit if, as we raise Ayy and have to repeat & more and more times in order to
compute S, from increasingly fine-grained actions, we get a stable result for S, , showing
the existence of a fixed point. In this way, the existence of fixed points of a certain sort can
help us answer the question about whether various models of QFT can exist in contiuous
spacetime.

Importantly, even though it is true that & only takes us from a more fine-grained,
microscopic action to a more coarse-grained, macroscopic action, it is nevertheless the case
that we can use X to determine whether a UV limit exists, by way of the fixed point analysis

just described. This reveals the mistake in Fraser’s claim that &, as a coarse-graining

“This includes the possibility that terms that didn’t exist before gain a non-zero coefficient under the transforma-
tion.
10
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procedure, can only be a tool to get from the microscopic principles to macroscopic
predictions and not a way to illuminate the microscopic content of the theory.

Indeed, in general, the methods used in constructive field theory to determine whether
a given Lagrangian exists in the continuum limit all rely on some kind of multiscale analysis
for problems with spacetime dimension D > 3 (Douglas 2011). The phase space analysis of
Glimm and Jaffe (1987) is another example of such a multiscale analysis. The importance of
the RG and phase space analysis in finding continuum solutions of QFT shows that the fact
that a mathematical method implements some kind of scaling does not imply that it is merely
a way to get from an already given microscopic physics to a merely “phenomenological”

macroscopic physics.

5. CONSTRUCTIVE FIELD THEORY AND THE RENORMALIZATION GROUP

While we saw in the previous section how the RG as expressed in conventional QFT
sheds light on the existence of UV limits, constructive field theory distinguishes itself from

other means of finding a UV limit by its greater rigor. This rigor consists in:

(1) Making sure that the relevant functional integrals are well-defined;
(2) In computing the functional integrals, making sure that the approximations and

expansions used are well-controlled.

I illustrate point 1 in Section 5.1 and point 2 in Section 5.2.

5.1. Functional Integrals in Constructive Field Theory. I now sketch the constructive field
theory approach to defining functional integrals. For simplicity, I consider the ¢* theory (with
dimension unspecified for now). Constructive field theorists like to operate with Euclidean

functional integrals because this allows them to use the theory of Gaussian integrals. Much of
the work in defining (1) draws from this probability theory basis. In Euclidean field theory, we

can regard the real-valued fields ¢(x) as random variables on the d-dimensional Euclidean
11
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space R?. These random variables are associated with a Gaussian measure that is perturbed
by an interaction term. The Gaussian measure is associated with the properties of free
particles, and the interaction term with interactions between particles.

The Gaussian random field ¢(x) has a mean given by [ ¢(x)duc(¢) =0 and a
covariance given by [ ¢(x)0(y)duc(¢) = (—A+m?)~!(x,y) = C(x,y). We can formally write

C(x,y) = [pa ;’;’m dp, which will help us understand ultraviolet regularization later. The

Schwinger functions (F(0)) can be formally written as

@ (F@) = 5 [ Fo)e " Oduc(),

where Z = [ ¢~V @ duc(¢). In the case of ¢* theory, V() = A [a 0(x)*dx, where A is a
coupling parameter.

The first task of constructive field theory is to modify the above expression for (F(¢))
so that it is well-defined. The measure duc(¢) is generally not well-defined before the
following steps: ultraviolet regularization, infrared regularization, and, in four dimensions, the
addition of counterterms.’ Ultraviolet regularization is required to ensure that the product of
distributions ¢(x)* is well-defined. This is usually done through a momentum cutoff or lattice
regularization. For brevity’s sake, I outline only the momentum cutoff method. The

eP—y)

2
Tt erldp, e > 0.

momentum cutoff is imposed by altering C(x,y) to Ce(x,y) = [ga
Infrared regularization imposes a finite volume A over which the integral for V (¢) is to be
carried out. So V(¢) becomes Vj(0) = A [, ¢(x)*dx. Finally, if d = 4, we have to add a

counterterm 0V ¢ to Vi, so we have Vi ¢ = V5 + 8V, ¢ in the exponent instead.®

3Tn two or three dimensions, the ¢* model is superrenormalizable and no counterterms are needed.

5] leave out the details of the form of OV ¢ for brevity. See Watanabe (2000) for details.
12
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The upshot of all this is that the formal expression (4) is turned into a well-defined

expression:

1
ZA,e

) (F@)ne =5 [ F@)e e, (9).

The task of constructive field theory is to show that this expression has a well-defined limit as
€ — 0 and A — oo, If this limit exists, then the Lagrangian in question has a UV limit.
Multiscale methods allow one to evaluate the integral by decomposing it into momentum
scale-indexed parts. This decomposition allows for each scale-indexed part to be evaluated
using certain kinds of expansions, without running into problems with the expansions failing
when they try to cover too large a momentum range. The RG is one such multiscale method,

and we will now see how it works in constructive field theory.

5.2. Applying the Renormalization Group Rigorously. In Section 4 we saw a sketch of the
physical ideas behind the RG. Constructive field theorists implement the same ideas using
more rigorous mathematics. As with more cavalier implementations of the RG, the existence
of a UV limit in constructive field theory is linked to the existence of fixed points of RG
transformations. However, many RG methods used in conventional QFT fail to account for
the large field problem. Many non-perturbative approaches to the RG make use of
non-perturbative approximations that we do not know how to place error bounds on.’
Constructive field theory tries to find the UV limit using approximations that are better

controlled than those of conventional QFT. One way to do this is via the exact renormalization

group (ERG).® The term “exact” in this context indicates that the RG is implemented

TFor example, this a defect of the “functional renormalization group” tradition, as Gurau, Rivasseau, and Sfondrini

(2014) point out.

8Note of caution: some who work in the tradition of the functional renormalization group take themselves to

be using the “exact” renormalization group, which they take to a term referring to Wilson’s non-perturbative

understanding of RG flows (Rosten 2012; Bagnuls and Bervillier 2001). However, as explained previously, the

lack of precise error bounds on their approximations sets them apart from the constructive field theory tradition.
13
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non-perturbatively and that the approximations involved are well-controlled. Benfatto,
Cassandro, Gallavotti, Nicol6, Olivieri, Presutti, and Scacciatelli (1980), Gawedzki and
Kupiainen (1983), Gawedzki and Kupiainen (1985), Brydges, Dimock, and Hurd (1995), and
Abdesselam (2007) are examples of how the ERG is used in constructive field theory. I now
sketch an RG analysis based on integrating out fluctuations over slices of momentum space,
showing how one may determine whether a given Lagrangian has a UV limit in this way.”

As mentioned in Section 4, the basic idea of the RG is to integrate the functional
integral over momentum slices. This avoids the failures of various kinds of expansions when
one integrates over a large range of momenta in one step. In the constructive field theory
framework this integration can take place by dividing the covariance C; into parts that

correspond to momentum slices. Notating C¢ as D for convenience, we have

N
D= Z Dy,
k=0

with independent Gaussian variables ¢y (x) that each have mean 0 and covariance Dy. Each ¢y

corresponds to a fluctuation field of momentum scale L¥. The slices of measure Dy, are defined

as follows:
Dy )—/ ) ) @ E D p)dp. k=1.2,....N
k\X,Y) = de2+m2X X p D, — Ly4yeeeydl¥y
eip(x_y)
DO(xvy):/Rd m%(!’)dp,

2 .
where % (p) = e 7" serves as a cutoff function. The Dy, serve the purpose of scale
decomposition because each Dy, effectively isolates the range of momenta between L*~! and

Lk

9Besides momentum slice integration, another way of implementing the RG in constructive field theory is the
block spin transformation, where one treats the quantum field in a lattice setting.
14
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Defining H(9) = Hy(0) = e "4®), 0 o = ¥_0;, and Dy o = ¥5_y Dj,

k=0,1,...,N, we can define the operation of scaling out higher momenta as follows:

(6) Hi—1(9x-10) :/dﬂDk(¢k)Hk(¢k+¢k—l,O)7 k=N,N—1,...,1.

Hj_ is simply the coarse-grained version of Hj, with the higher momenta integrated out. In
an RG analysis, we would want to iterate this operation of integrating out higher momenta.
Before iterating it, however, we rescale the field ¢x_1 o so that it has a wavelength comparable
to ¢y’s. The rescaled field is defined as ¢y (x) = L~*4=2)/2¢, (L% x). We also rescale the

covariance Dy, the details of which I omit for brevity.10 Then we define the rescaled Hy by

H(0r0) = He(Ok.0)-

This gives us the RG transformation

kal(a)k—l,o) = /d’lﬁk@)k)ﬁk@’k(')+L_(d_2)/2d3k170([,—1.))'

While we have been using the notation H(¢) = ¢~Vre(®) for convenience, we can think
of the RG transformation as acting on the action V. Each transformation consists of the

following steps:

(1) Rescaling of the fields;
(2) Integrating over a momentum slice;

(3) Taking the logarithm of Hj_; to get the V needed for the next transformation.

The problem of finding a well-defined Lagrangian in the ultraviolet limit then reduces to

seeing if V converges in the limit of infinitely many RG transformations: in the limit of

105ee Watanabe (2000) for details.
15
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k — oo. The convergence of V in this way corresponds to the existence of the fixed point we
are looking for, as explained in Section 4.

Constructive field theory differs from other ways of implementing the RG in how well
it controls the approximations that are involved. For bosonic interactions, the step of taking
the logarithm of H;_ is not well-defined for certain values of ¢. This is the large field
problem. Constructive field theory deals with this by carrying out the transformation only for
small fields. The steps of integrating out fluctuations in a momentum slice and taking the
logarithm are carried out only for small fields. This means that we can use a cluster expansion
for the former step and a Mayer expansion for the latter step. Both these expansions would
not be well-controlled in the large field region. There are various methods for controlling the
large field region. Because of their complexity, I can only list them here without going into
the details: the domination procedure (Feldman, Magnen, Rivasseau, and Sénéor 1987),
polymer systems (Pordt 1994), and using the fact that “large fields” occur with a relatively

small probability (Balaban, Imbrie, and Jaffe 1984).

6. CONCLUSION

I have argued against a view that the RG in QFT is merely a way to get from the
fundamental physics given by axiomatic QFT to macroscopic experimental predictions.
Rather, the RG is also an important method in constructive field theory to figure out whether
certain Lagrangians have well-defined UV limits that satisfy the axioms that we think a QFT
ought to satisfy. Furthermore, the RG as employed in constructive field theory is not of
questionable rigor.

The view that I criticise is one in which axiomatic QFT provides the theoretical
content of QFT while the RG provides a way to get from this theoretical content to

macroscopic empirical predictions. On this view, for interpretive purposes we need only focus
16
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on axiomatic QFT. However, constructive field theory provides an important means of access
to more of the theoretical content of QFT, with the RG providing a means of access even to
the microscopic physics of QFT. This suggests that axiomatic QFT is at best a kind of partial
characterization of the theoretical content of QFT. Indeed, mathematical physicists have long
acknowledged that constructive QFT provides additional dynamical information that a pure
axiomatic approach does not (Wightman 1976; Horuzhy 1990). If so, we should not too
hastily dismiss the interpretive significance of computational methods that do not explicitly
appear in the axioms of QFT, for these methods may be able to tell us if certain dynamics can

occur in continuous spacetime.

17
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Abstract

Mechanisms are usually viewed as inherently hierarchical, with lower levels
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anism, the model needs to capture this hierarchical aspect. The recursive
Bayesian network (RBN) formalism was put forward as a means to model
mechanistic hierarchies (Casini et al., 2011) by decomposing variables. The
proposal was recently criticized by Gebharter (2014) and Gebharter and
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Introduction

Mechanisms are usually viewed as inherently hierarchical, with lower levels of a
mechanism influencing, and decomposing, its higher-level behaviour. In order to
adequately draw quantitative predictions from a model of a mechanism, the model
needs to capture this hierarchical aspect. The recursive Bayesian network (RBN)
formalism was put forward as a means to model mechanistic hierarchies (Casini
et al., 2011). The formalism is an extension of the Bayesian network (BN) for-
malism, already used to model same-level causal relations probabilistically (Pearl,
2000). In RBNs, higher-level variables decompose into lower-level causal BNs.

This proposal was recently criticized by Gebharter (2014) and Gebharter and
Kaiser (2014), on two main grounds: descriptive adequacy—it is unclear when the
formalism is applicable to real mechanisms—and conceptual adequacy—RBNs
do not allow one to draw interlevel inferences for explanation and intervention. To
overcome these alleged limitations, Gebharter (2014) and Gebharter and Kaiser
(2014) have made the alternative proposal that decomposition involves arrows
rather than variables. In particular, Gebharter (2014) proposes an alternative for-
malism, also extending the BN formalism, namely multilevel causal models (ML-
CMs). Instead, Gebharter and Kaiser (2014) make an informal proposal, which as
we shall see, does not coincide with MLCMs.

Decomposing variables and decomposing arrows are two very natural options
for representing mechanistic hierarchies, if one’s starting point is already a prob-
abilistic interpretation of causality. In this paper, I argue that the former option is
superior to the latter. I proceed as follows. In §1 I present and illustrate RBNs
and MLCMs. In §2 I argue against decomposing arrows. MLCMs lead to coun-
terintuitive notions of mechanistic decomposition and mechanistic explanation;
and Gebharter and Kaiser (2014)’s informal proposal goes only halfway towards
a solution. Finally, in §3 I defend RBNs from the criticism. RBNs do allow in-
terlevel causal explanation, via the uncoupling of interlevel causal relations into
a constitutional step and a causal step. RBNs also allow reasoning about inter-
level interventions; believing otherwise depends on either wrongly assuming that
changes cannot transmit along the constitutional downward-directed arrows, or
on demanding that the RBN formalism represent intervention variables, which
the formalism is not meant to represent.
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1 The two formalisms

Both RBNs and MLCMs are extensions of the BN formalism. A BN consists
of a finite set V = {V,...,V,} of variables, each of which takes finitely many
possible values, together with a directed acyclic graph (DAG) whose nodes are
the variables in V, and the probability distribution P(V;|Par;) of each variable V;
conditional on its parents Par; in the DAG. Here is an example:

H—® -
\@/@

—_

DAG and probability function are linked by the Markov Condition (MC):
MC. Forany V; € V ={V,,...,V,}, V; IL ND; | Par;.

In words, each variable is probabilistically independent of its non-descendants,
conditional on its parents. The above figure implies for instance that Vj, is in-
dependent of V; and Vs conditional on V, and Vi. In the BN jargon, V, and V3
‘screen off” V4 from V; and V5. A BN determines a joint probability distribution
over its nodes via P(v; - --v,) = [], P(vilpar;) where v; is an assignment V; = x
of a value to V; and par; is the assignment of values to its parents induced by the
assignment v = vy -+ - v,.

In a causally-interpreted BN, the arrows in the DAG are interpreted as direct
causal relations and the network can be used to infer the effects of interventions as
well as to make probabilistic predictions (Pearl, 2000). In this case, MC is called
the Causal Markov Condition (CMC).

1.1 Recursive Bayesian networks

RBNSs represent hierarchies by decomposing variables (Casini et al., 2011). One
of the motivations behind this choice is that scientists often talk of properties at
different levels that stand in a constitutive relation with one another.! Another

! Famously, Craver (2007) has proposed a criterion for identifying constitutive relations,
namely the ‘mutual manipulability’ of higher- and lower-level properties that stand in the relation.
Casini et al. (2011) refer to Craver’s intuition to further motivate RBNs. Arguments against the
compatibility between Craver (2007)’s account of constitution and interventionism (Woodward,
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motivation—which was only implicit in (Casini et al., 2011)—is that decompos-
ing variables has the additional advantage of making ‘interlevel causation’ intelli-
gible, by uncoupling (problematic) cases of interlevel downward or upward cau-
sation into two (less-problematic) steps, a constitutional, across-level step and a
causal, same-level step (Craver and Bechtel, 2007). RBNs make this idea formally
precise, thereby adding an additional justification to it.

Mechanistic hierarchy is interpreted via the notion of ‘recursive decomposi-
tion’ of variables. An RBN is a BN defined over a finite set V of variables whose
values may themselves be RBNs. A variable is called a network variable if one or
more of its possible values is an RBN and a simple variable otherwise. A standard
BN is an RBN whose variables are all simple. An RBN x that occurs as the value
of a network variable in RBN y is said to be at a lower level than y; variables in y
are the direct superiors of variables in x while variables in the same network are
peers.” If an RBN contains no infinite descending chains—i.e., if each descend-
ing chain of networks terminates in a standard BN—then it is well-founded. Only
well-founded RBNs are considered here.

Consider atoy RBN on V = {C, S}, where C represents whether some tissue in
an organism is cancerous, taking the possible values 1 and 0, while S is survival
after 5 years, taking the possible values yes and no. The corresponding BN is:

O—®
P(C), P(S|C)

Figure 1.1.1

2003), on which Craver’s account is based, have been offered by Leuridan (2012) and Baumgart-
ner and Gebharter (2014). Two remarks are in order. First: in the light of Gebharter and Kaiser
(2014, 3.5.3)’s own endorsement of Craver (2007)’s interpretation of constitution, these arguments
may be negatively relevant to both RBNs and Gebharter and Kaiser (2014)’s proposal. Although
this issue is certainly worth considering, I do not discuss it further here. I should however point
out that RBNs do not define constitution. They only characterize it, probabilistically—and not
even in interventionist terms (cf. fn. 4). Interventions are only used to reason about interlevel
causation. Second: Gebharter (2014)’s MLCM formalism does not interpret hierarchy in terms
of constitution—Ilet alone constitution in one specific sense. It is thus immune to this critique.
However, instead of being an advantage, this threatens to undermine MLCMs’ ability to represent
mechanistic hierarchies (see §2).

2A variable can have several superiors. If a variable appears more than once in an RBN,
the network should not imply incompatible things about it. Consistency is discussed in detail in
(Williamson, 2005, §§10.4-10.5).
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Suppose S is a simple variable but C is a network variable, with each of its two
values denoting a lower-level (standard) BN that represents a state of the mecha-
nism for cancer. I will ignore many of the factors, such as DNA damage response
mechanisms, also responsible for cancer, and only focus on the unregulated cell
growth that results from mutations in factors that control cell division, usually la-
belled ‘growth factor’, in short GE. When C is assigned value 1 we have a network
¢ representing a functioning control mechanism, with a probabilistic dependence
(and a causal connection) between growth factor G and cell division D.

©O—@
P (G), P, (DIG)
Figure 1.1.2

On the other hand, when C is assigned value 0 we have a network ¢, represent-
ing a malfunction of the growth mechanism, with no dependence (and no causal
connection) between G and D.

© ©

P (G), Pe(D)
Figure 1.1.3

Since these two lower-level networks are standard BNs, the RBN is well-founded
and fully described by the three networks.?

If an RBN is to be used to model a mechanism, it is natural to interpret the
arrows at the various levels of the RBN as signifying causal connections. Just
as standard causally-interpreted BNs are subject to the CMC, a similar condition
applies to causally-interpreted RBNs, called the Recursive Causal Markov Condi-
tion (RMC). Let us indicate with NID; the set of non-inferiors-or-descendants of
V; and with DSup; the set of direct superiors of V;. Then, RCMC says that

3Note that, as this example shows, an RBN may be used to represent several states of one and
the same mechanism—in this case, the RBN represents a functioning state as well as a malfunc-
tioning state. However, it need not be so used—it is also possible to build an RBN that represents
just one mechanism state by having the network variable take a unique possible value.
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RCMC. For any V; € V ={Vy,...,V,}, Vi L NID; | DSup, U Par;.

In words, each variable in the RBN is independent of those variables that are nei-
ther its effects (i.e., descendants) nor its inferiors, conditional on its direct causes
(i.e., parents) and its direct superiors. RCMC adds to CMC the condition that vari-
ables at different levels also stand in relations that fulfil a MC, namely variables
at any level are probabilistically independent of non-inferiors or peers given their
direct superiors. Intuitively, if one knows the value of C, knowledge of the value
of constituent variables G or D doesn’t add anything to one’s ability to infer to,
say, the causes of C (here, none) or to the effects of C (here, S). Since the screen-
ing off that holds in virtue of RMC depends on constitutional rather than causal
facts, not all dependencies identified by the RCMC can be causally interpreted.

Notice that, while some authors treat CMC as a necessary truth, others argue
against its universal validity (see, e.g., Williamson, 2005). Here a similar stance
is adopted with respect to RCMC. RCMC is a modelling assumptions in need of
testing or justification, rather than as a necessary truth. From this, it follows that
whether or not the formalism allows one to adequately represent a mechanism
is an empirical matter, rather than a matter of stipulation. For instance, whether
or not C adequately screens off S from G and D depends, among other things,
on the assumption that G and D affect S only via C. If this is not true, because
S or G participate in other mechanisms for §, RCMC is violated. Recovering
RCMC would then require including other network variables that cause S, and
that decompose into, among other variables, G and/or D.

Inference in RBNs proceeds via a formal device called a flattening. Let V =
{Vi,...,V,} (m>n) be the set of variables of an RBN closed under the inferior-
ity relation: i.e., V contains the variables in V, their direct inferiors, their direct
inferiors, and so on. Let N = {V;,,...,V,} € V be the network variables in V.
For each assignment n = v;,...,v; of values to the network variables we can
construct a standard BN, the flattening of the RBN with respect to n, denoted by
n!, by taking as nodes the simple variables in V plus the assignments v;,, ..., Vj,
to the network variables, and including an arrow from one variable to another if
the former is a parent or direct superior of the latter in the original RBN. The con-
ditional probability distributions are constrained by those in the original RBN—in
the RBN where V, is the direct superior of V;, P(V;|Par; U DSup;) = Pv_,.i(V,-lPari).
Notice that MC holds in the flattening because the RCMC holds in the RBN.
Only, since the arrows in the flattening that link variables to their direct inferiors
are constitutional, CMC is not satisfied.*

4 1t should now be clear that the role of RCMC—and of RBNs more generally (see fn. 1)—is

6
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The flattenings suffice to determine a joint distribution over the variables in V
via P(vy ---v,) = [1i, P(vilpardsup;) where the probabilities on the right-hand
side are determined by a flattening induced by v, - --v,,.> In the cancer example,
for assignment c; of network variable C we have the flattening ci:

Figure 1.1.4

with probability distributions P(c;) = 1 and P(S|c;) determined by the top level
of the RBN, and with P(d,|gic,) = P.,(d:|g1) determined by the lower level (sim-
ilarly for go and d)). The flattening with respect to assignment ¢y is cé:

OO
5 6

Again, P(d,|cy) = P.,(d,) etc. In each case the required conditional distributions
are determined by the distributions given in the original RBN.

Having determined a joint distribution, the causally-interpreted RBN may, in
just the same way as can a standard causal BN, be used to draw quantitative in-
ferences for explanation and intervention, inferences that may involve variables
at the same level as well as—so we claimed in (Casini et al., 2011, §2)—across
levels.

not to define constitutional relations. With respect to the flattening, the choice of calling some
arrows ‘causal’ and other arrows ‘constitutional’ is not dictated by MC. Any use of RCMC to
find out what does (not) constitute what presupposes a prior distinction between the variables
at the different levels. Yet, given the distinction between the levels, RCMC does characterize
constitutional relations in terms of certain probabilistic dependencies and independencies.

5ij.I(V,- | Par;) may be obtained from observed frequencies in a dataset. Instead, P(V; |
Par;DSup;) can be obtained in either of two main ways. Either one determines the corresponding
observed frequencies from the original dataset, or one selects from all functions that satisfy the
probabilistic constraints imposed by the RBN the function Q with maximum entropy (Williamson,
2010), and sets P(V; | Par;DSup;) = Q(V; | Par;DSup;).

7
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1.2 Multilevel causal models

According to Gebharter (2014), RBNs fail to allow interlevel causal inferences,
due to the lack of an explicit representation of interlevel causal arrows, over
which causal influence propagates. These objections, I maintain, are based on
the (mis)interpretation of RBNs. I postpone this discussion to §3.

Gebharter’s proposed formalism purports to remedy these alleged deficiencies
by decomposing causal arrows rather than variables. More precisely, mechanistic
hierarchy has for him to do with ‘marginalizing out’ variables when moving from
a lower-level graph to a higher-level graph.

Let us indicate a causal model as (V, E, P), where (V, E) is a DAG, defined over
a variable set V and a set of edges £ among them, and P an associated probability
distribution. Let X < Y indicate that two variables X and Y are effects of a latent
common cause, i.e., a cause of X and Y not represented within the graph of some
variable set V. Also, let us indicate with P* T V the ‘restriction’ of the probability
distribution P* to variable set V. The restriction of a lower-level causal model
(V*, E*, P*) to a higher-level causal model (V, E, P) is so defined (2014, 147):

Restriction. (V, E, P) is a restriction of (V*, E*, P*) if and only if

a VcV* and
b PPTV =P, and
c forall X, Y e V:

c.1 if there is a directed path from X to Y in (V*, E*) and no vertex on
this path different from X and Y is in V, then X — Y isin (V, E),
and

c¢.2 if X and Y are connected by a common cause path 7 in (V*, E*)
or by a path r free of colliders containing a bidirected edge in
(V*, E™), and no vertex on this path x different from X and Y is in
V,then X & Yisin(V, E), and

d no path not implied by ¢ is in (V, E).

That is, the lower-level structure (V*, E*, P*) represents the mechanism for the
higher-level structure (V, E, P) iff (V, E, P) is the restriction of (V*, E*, P*) uniquely
determined when V* is restricted to V. The restriction is such that all and only the
directed paths and common cause paths in (V*, E*) are preserved by (V, E), and
the probabilistic information of P* is consistent with P upon marginalizing out
variables in {V* \ V}.
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A “multi-level causal model” (MLCM) is then so defined (2014, 148):

MLCM.{M; ={(V,E{,Py),...,. M, ={V,, E,, P,))is amulti-level causal model
if and only if

a M,,..., M, are causal models, and
b every M; with 1 < i < nis arestriction of M, and
¢ M, satisfies CMC.

That is, a MLCM is an ordered set of causal models (M, =V, E{, Py),..., M, =
(V,, E,, P,)), where the bottom-level, unrestricted causal model M, satisfies CMC.
(Instead, higher-level models may or may not satisfy CMC.) Each causal model
in the MLCM, for Gebharter, represents a mechanism.

The information on the hierarchical relations among the nested mechanisms
in the MLCM is contained in a “level graph”, which is so defined (2014, 149):

Level graph. A graph G = (V, E) is called an MLCM (M| = (V\, E{, Py),..., M,
(Vyu, E,, Py))’s level graph if and only if
aV={M,...,M,},and
b for all Mi = <Vi9Ei’Pi> and M] = <V],EJ,PJ> in V. Mi 4 M} iS in G
if and only if V; C V; and there is no My = (Vy, Ei, Py) in V such that
V,c Vi C Vj holds.

A level graph G = (V, E) is constructed from a MLCM by adding dashed (non-
causal) arrows between any two models M; and M;, M; — M;, if and only if V;
is the largest proper subset of V; in MLCM, so that M; is, so to say, the smallest
restriction of M. Here is an example of level graph from (Gebharter, 2014, 150):

(@—®)m,
8\

(©-—o0—@
® @—0—® M,
M, ) ‘_ * o

" @—0—o0—0—®)

Figure 1.2.1

M,
® -
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Notice that the ordering among graphs is not strict, so there may be pairs of
graphs (e.g.: M, and M3; M, and M3) that do not stand in a restriction relation.

Below is a more concrete illustration from (Gebharter, 2014, 151), the repre-
sentation of a water dispenser mechanism, on two levels,

Figure 1.2.2

such that M, contains the following direct causal relations: the room temperature
T activates (and is measured by) a sensor S; S, together with the status of a
tempering button, B, cause the heater to be on or off, H; H in turn causes the
temperature of the water dispensed, W.6

2 Criticism of MLCMs

It is debatable whether hierarchies, as represented by the level graphs in figures
1.2.1 and 1.2.2, are mechanistic—whether they represent mechanistic decompo-
sitions, and grant mechanistic explanations.

5Gebharter contrasts the virtues of this MLCM with an RBN of the ‘same’ mechanism (2014,
142-3). However, this is somewhat misleading. Gebharter’s RBN is defined over a larger variable
set, which includes a network binary variable D, superior to S and H, caused by 7 and B, and
causing W. It is obvious that his RBN cannot represent the same mechanism as his MLCM.
On the assumption that the RBN is faithful, it should be possible to order the RBN’s flattening
(Gebharter, 2014, 144), call it My, as prior with respect to M;—since M;’s variable set V; is
{Vo \ D}. However, M, is incompatible with the restriction of M, obtained by marginalizing out
D, call this My.. (M- would contain S & H,S & W, H & W and B — S. Instead, M; contains
S — H, H— W and B — H.) Thus, rather than one model being a correct representation and
the other being a wrong representation of one and the same mechanism, the two models represent
different mechanisms, and are thus are not directly comparable. In the following, I shall defend
RBNs with reference to the toy model introduced in §1.1.

10
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First, it is not clear if MLCMs adequately represent mechanistic decomposi-
tions. High-level causal models in a MLCM, for instance models M, in figure
1.2.1, are just more coarse-grain representations of one and the same mechanism,
viz. My, such that some of the information in M, is missing at the higher level,
as the term ‘restriction’ suggests. Is, for instance, T — S — H — W a mech-
anistic decomposition of 7 — W, although entities and properties involved are
the same at both levels, and only some activities (or relations) are different? Per-
haps this counts as a different, equally legitimate, notion of decomposition, call it
decomposition®. The question is: How intuitive is decomposition™?

Second, it is not clear if MLCMs adequately represent mechanistic explana-
tions. One may concede that there is a legitimate sense in which one explains the
relation between, say, the room temperature 7" and the water temperature W by
blowing up the process from the former to the latter and uncovering the mediating
role of the sensor S and the heater H. However, this sort of explanation is differ-
ent from the equally legitimate explanation whereby one redescribes the cancer
mechanism C in figure 1.1.1 into more fine-grain terms, and uncovers the role of
damage G and response D. G and D have an obvious mechanistic role. Instead,
S and H seem to have an etiological role. Perhaps S and H still explain mech-
anistically, according to some different notion of mechanistic explanation, call it
explanation®. But just how intuitive is explanation™?

The counterintuitive nature of decomposition™ and explanation™ is made more
explicit by a careful scrutiny of the level graph in figure 1.2.1. To begin with, con-
sider the ‘decompositions’ that correspond to restricting (i) V; to V>, (i) V; to V3,
and (iii) V3 to Vs. In all such cases, instead of opening a black box (as is common
in mechanistic explanation), one ‘creates’ a box, and does not, strictly speaking,
decompose anything. Let us consider (i). Here the decomposition is ‘filling a
blank’: the absence of probabilistic and causal dependencies among variables is
explained by direct causation, a hidden common cause structure, or combinations
thereof that involve new variables, too. The absence of probabilistic and causal
dependencies between X and Z in M, is explained by the structure X & YV « Z
in M; (more on this alleged case of ‘explanation’ below). Since there is no arrow
between X and Z in M,, and since mechanisms require causal dependencies, what
mechanism is X < Y « Z in M, a decomposition of? Next, consider cases (ii)
and (iii). Here the decomposition is in fact ‘adding stuff’. For instance, Z < W
in M5 is ‘decomposed’ into ¥ « Z < W in M;. But in what sense is a lower-
level mechanism that includes an isolated effect not included in the higher level a
decomposition of the higher level mechanism?

Relatedly, to some of the represented restrictions do not seem to correspond

11
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‘explanations’ either. Consider the restriction of M, to Ms. Here, the common
cause structure Z < W is ‘explained’ by the absence of probabilistic or causal
dependence between Z and a new variable X, which is apparently disconnected
from whatever mechanism is responsible for Z < W. An even more striking case
of lack of explanation is the ‘decomposition’ of X and Zin M, into X & Y « Z
in M. A first and more obvious issue, which is clearly non-intentional, is that the
presence of a bidirected arrow in M, violates condition ¢ of a MLCM, namely that
M, satisfies CMC.” Still, even if condition ¢ is satisfied, the more general problem
remains that, if decompositions are to explain, this sort of decomposition should
not be allowed at any level. Intuitively, hidden common cause structures such
as X < Y are just that, hidden, and thus non-explanatory. They add a mystery
rather than remove it. A—drastic—solution that immediately comes to mind is to
forbid bidirected arrows at any level. This would entail, however, that restrictions
that marginalize out common causes are disallowed, too, which is undesirable
because—if one buys into the MLCM framework—the corresponding decompo-
sitions would seem (more) explanatory. One may of course impose further condi-
tions that distinguish good from bad restrictions. However, it is not obvious how
one should proceed in a non ad hoc way, in the absence of clear intuitions on the
explanatory value of bidirected causal arrows.

The above reasons lead to scepticism about the formalism’s capacity to rep-
resent mechanistic decompositions and explanations. Such worries are in part,
but not fully, mitigated by the (orthogonal) suggestion in (Gebharter and Kaiser,
2014) that levels be ontologically distinct and the requirement that hierarchical
relations are (partly) defined by constitutional part-whole relations.

In our approach one can generate a hierarchic causal model by replac-
ing such a causal arrow [between two variables X and Y] by another
causal structure. This causal structure should be on a lower ontolog-
ical level than X and Y, it should contain at least one constitutively
relevant part of X and at least one of Y, and there should be at least
one causal path going from the former to the latter at the micro- level.
(Gebharter and Kaiser, 2014, §3.6)

In the paper, Gebharter and Kaiser focus on modelling this sort of hierarchical
relation with reference to the inhibitory feedback mechanism for the regulation of

"Gebharter himself emphasizes that “the graph of a causal model that contains bidirected ar-
rows no longer determines the Markov factorization [...].” (2014, 146, fn. 8).

12
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the biosynthesis of fatty acids in Brassica napus. The mechanism may be repre-
sented as follows (see figure 1.2).

S +
7 I \P;’El’-m"nd
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Figure 2

The product of a reaction pathway, in this case the 18:1-acyl carrier protein (P)
acts as a feedback signal, which inhibits an enzyme earlier in the pathway, in this
case the plastidic acetyl-CoA carboxylase (ACCase), whose operation promotes
the production of P itself via the transformation of the substrate acetyl-CoA (S).
ACCase has two relevant properties: it is a (positive) cause of the concentration
of P (E,uive); and it is (in its P-bound state) an effect of the concentration of P
(Ep—pound)- Ep—pouna 18 1n turn a (negative) cause of E,.;,. (because P-bound AC-
Case becomes inactive) and so on and so forth, in a cycle. In addition, E, . 1s also
a negative cause on Ep_p,,q, Which is represented by a negative influence on S'.
Between the binding of P to E and the inactivation of E a lower-level mechanism
takes place, namely the conformational change of the substrate binding site. The
binding B between functional groups of 18:1-acyl and the effector interaction site
of the enzyme causes an allosteric switch X, which in turn brings about changes
at sites S 2 and S 4 of the enzyme ACCase. This, then, prevents the substrate from
being able to bind to the enzyme.®

It is now demanded that the levels be ontologically distinct, partly by way
of decomposing properties, rather than just the relation Ep_pound — Eactives @S
follows: B is a property of a part contained in the whole that has the property
Ep_pouna; and S4 and S2 are properties of parts contained in the whole that has
the property E,.,.. Between parts and wholes there are relations of constitutive

8To get a causal model, Gebharter and Kaiser propose that the causal graph in figure 1.2 be
associated with a probability distribution over a variable set that unrolls the cycle, so as to get
a dynamic causal graph. This way of treating cycles is similar to the one adopted in the RBN
approach (Clarke et al., 2014), with the notable difference that MC is not satisfied here (see below).
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rather than causal relevance, in the sense of Craver (2007): a change in a part
results in a change in the whole, and vice versa. More precisely, constitutive
relations are represented by dashed two-headed arrows that stand at either side of
the decomposition relation. As a result, decomposing arrows should apparently
explain both causally and constitutionally.

Gebharter and Kaiser require that a causal arrow X — Y is decomposed by a
lower-level causal structure only if it contains at least one constitutively relevant
part of X and at least one of Y, and there is at least one causal path going from the
former to the latter at the microlevel (2014). This eliminates two counterintuitive
features of MLCMs, namely that mechanistic decompositions may ‘fill blanks’
(there must be a higher-level relation to begin with) and ‘add stuff’ (there must
be at least one lower-level causal path). Still, two questions arise, related to the
interpretation of the dashed bidirected arrows.

First, is this interpretation of mechanistic hierarchy compatible with MLCMs?
As Gebharter and Kaiser notice, “since the two-headed dashed arrows in our hi-
erarchic dynamic CM transport the influences of interventions in both directions,
CMC does not hold in such models”. Since M; would contain bidirected arrows,
too, it would not satisfy CMC. This entails that the Brassica napus mechanism
cannot be represented by the MLCM formalism.

Second, does the causal model in (Gebharter and Kaiser, 2014, §3.5) of-
fer an adequate formal representation of a mechanistic hierarchy, alternative to
MCLMs? I think that a positive answer would require that constitutional relations
be ascribed distinctive formal properties. Although constitutional relations are
characterized informally by part-whole relations, they don’t come with distinc-
tive probabilistic features, as one would expect from a probabilistic representation
of mechanistic hierarchies. In contrast, RBNs do offer a probabilistic character-
ization of constitution: properties at different levels that stand in a constitutional
relation relate to other properties as described by RCMC.’

3 Defense of RBNs

Still, the shortcomings of MLCMs would be a small consolation for the RBN ad-
vocate, if RBNs did not survive the objections raised by Gebharter (2014) and
Gebharter and Kaiser (2014). In this section I will consider, and try to rebut, such
objections one by one. RBNs interpret mechanistic hierarchy via the operation of

To reiterate a point already made in fn. 4, RCMC does not itself distinguish the levels, and
thus it cannot be used to define constitution. Still, it does characterize it.

14



Philosophy of Science Assoc. 24th Biennial Mtg

-86-

‘recursive decomposition’, which in turn depends on RCMC. Two kinds of ob-
jections are raised against RCMC. First, about empirical adequacy: it is unclear
when RCMC holds, so it is unclear if the formalism is applicable to real mech-
anisms. Second, about conceptual adequacy: RCMC prevents RBNs from being
useful for interlevel reasoning for explanation and intervention. Let us begin with
the first objection:

it is neither obvious that RCMC holds in general, nor is it clear how
one could distinguish cases in which it holds from cases in which it
does not. (Gebharter and Kaiser, 2014, §3.5.3)

Agreed, RCMC may not hold in general. But Casini et al. (2011) don’t claim that
it does. When does it hold, then? What RCMC adds to CMC, which is not called
into question here, is RMC. RMC has to do with the (in)dependencies among
variables at different levels. In the cancer example, RMC depends on C screening
off G and D from S.

Gebharter and Kaiser then argue that the RBN approach would be unable to
adequately model the Ep_pounq — Eueiive mechanistic decomposition:

it is not clear how the submechanism represented by Ep_ppuna —
E,.ive could be analyzed in Casini et al.’s (2011) approach. They
would need to add a network variable N between Ep_pound — Eactive
(Ep_pouna — N — E qive). But then and because there is no interme-
diate (macro-level) cause N between Ep_pyung and E e, it 1s unclear
what this network variable N should represent at the mechanism’s
macro-level. (Gebharter and Kaiser, 2014, §3.5.3)

I do not dispute that there may be cases where it is hard or implausible to find
network variables that stand for lower-level causal structures. However, this is an
empirical problem, and not necessarily a problem with the formalism. RBNs are
meant to represent a natural decomposition strategy of functional properties into
structural properties. The structural properties may be then regarded as functional
with respect to other structural properties, and so on and so forth. When does
a network variable N exist? This depends on identifying properties at different
levels, which in turn depends on a meaningful distinction between the levels.

I propose a few conditions for distinguishing between variables in a consti-
tutional relation.'? First, between the whole and its parts are mereological rela-
tions, such that properties of the whole can be explained by their probabilistic

19T don’t claim that the list is exhaustive or that each of the listed conditions is necessary.
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dependence on the structure of (causal relations among) its parts’ properties. Sec-
ond, properties at the different levels have different explanatory roles, such that
they typically enter into causal explanations involving different sets of properties.
Third, there is a difference in epistemic conditions, such that the way one ob-
serves, or intervenes on, a variable at some higher level does not coincide with
the the way one observes, and intervenes on, one of its constituting variables at
the lower level.!! When a distinction between variables informed by the above
conditions is possible, the distinction between the levels seems legitimate.!?

A network variable N exists insofar as the lower-level BN is the decomposi-
tion of one functional property, which, according to the aforementioned criteria,
corresponds to a whole’s property that has its own explanatory role and epistemic
autonomy. These conditions seem satisfied by many descriptions of mechanisms
in science. For instance, tissues are made of cells. Scientists talk of the cancerous
state of a tissue as having an explanatory role with respect to survival. One may
observe the state of a tissue or change it, for instance by replacing the whole tis-
sue. One may use this knowledge to then infer to the probability of survival. This
does not require knowing, or (surgically) intervening on, the state of GF. '3

Finally, let us come to the objection that RBNs do not support interlevel rea-
soning for explanation and for prediction of the results of interventions:

[Casini et al.’s] approach does (i) not allow for a graphical represen-
tation of how a mechanism’s macro variables are causally connected
to the mechanism’s causal micro structure, which is essential when it
comes to causal explanation, and it (ii) leads to the fatal consequence
that a mechanism’s macro variables’ values cannot be changed by
any intervention on the mechanism’s micro structure whatsoever [. .. ]
(Gebharter, 2014, 139)

Explanation first. Since there are no arrows between variable at different levels
screened off by network variables, Gebharter claims that it is unclear over which
causal paths probabilistic influence propagates between such higher- and lower-
level variables (cf. 2014, 143-4). 1 reply that it is true, there are no such arrows.

""Baumgartner and Gebharter (2014) develop this intuition into a ‘fat-handedness’ criterion for
constitution. (Ironically, there an argument is proposed to defend an interpretation of mechanistic
hierarchy based on decomposing variables rather than arrows.)

12The conditions only provide a useful heuristics. They do not belong to the RBN formalism.
Still, RBNs give a probabilistic characterization of constitution, thanks to RCMC (cf. fn. 4).

3For more realistic examples, see (Casini et al., 2011), (Clarke et al., 2014) and (Casini, 2014).
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But this is because, by assumption, screened off variables influence each other, if
at all, only via the network variables. So, when RCMC is satisfied, the probabilis-
tic influence propagates constitutionally (rather than causally) across the dashed
arrows in the flattenings, and causally across the same-level solid arrows.

Let us now consider the second objection. With reference to the example in
figures 1.1.4 and 1.1.5, I claimed that one may, for instance, reason about the result
of a lower-level intervention on D on the probability of the higher-level variable
S'. Given the observed value of P(s;), calculated as

P(s1) = P(co)P(silco) + P(c1)P(sylcy),

one may ask: What is the effect of setting D = d; on the probability of observing
S = 5,7 To answer, one calculates as follows. First, one removes the arrow
G — D from cy, so that both flattenings have the same structure below.

D—®
é) ®
Figure 3.1
Then, one calculates P(s,||d;) = P(s;d,)/P(d,), where:
P(s1dy) = P(cosidy) + P(c1s1dy) = P(co)P(s1|co)Pe,(dy) + P(c1)P(s1|c1) P, (dy);

P(d,) = P(co)Pey(dy) + P(c)P,(dy).

Gebharter objects that “according to the RBN approach, intervening on a
mechanism’s microvariables does not have any probabilistic influence on any
one of the macrovariables whatsoever” (2014, 145) because if one were to use
an intervention variable / to intervene on a lower-level variable, the intervention
“would—and this can directly be read off the BN’s associated graph’s topology
[...]—not have any probabilistic influence on any macrovariable at all” (ibid.). In
the cancer example: an intervention /x on R would not have any effect on S. There
is either one of the following problems with this objection.

First, it is true that ¢; screens off D from S, and thus there is no D — S causal
arrow. However, concluding that interventions on R can make no difference to §
would be wrong. The lack of causal connections in the flattening does not block
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changes along constitutional arrows. It is important to stress that, although the
dashed arrows point downwards in the flattening, this is due to technical reasons
only, having to do with the condition for MC to hold across levels. Still, one
may use the downward-pointing arrows to reason—constitutionally—in both di-
rections. Here, changing D makes a constitutional difference to C, which makes a
causal difference to S. The overall difference is calculated with the RBN.

Second, there may be a more basic interpretive problem regarding how inter-
ventions are represented in RBNs. True, RCMC says that S is independent of any
variable that is not an effect or an inferior (here, none), conditional on its direct
causes (here, C) and direct superiors (here, none). But notice that RCMC is as-
sumed to hold true of variables in V = {M, S, G, D}, and not of such an expanded
vVt = {M,S,G,D,Ip}. The reason for this is not ad hoc. RBNs are meant to
represent decompositions of (properties of) wholes into (properties of) their parts.
They are not meant to represent parts that do not belong to any whole—which
is what I is. The graph topology cannot represent such parts. As a result, one
cannot read off the graph topology that such interventions variables have no effect.
More generally, in an RBN, everything one gets at lower levels must be the result
of (recursively) decomposing the top level.

This should not be seen as a limitation, but as a means to achieve some
end. In the RBN formalism one cannot represent interventions as variables—
unless the variables describe properties of either the top level mechanism or of
submechanisms at some lower level, obtained by way of (recursive) decomposi-
tions. But this would mean that the intervention is not external to the mechanism,
contrary to the original intention. One can, instead, straightforwardly represent
interventions as (new) values of either top-level variables or lower-level variables
into which network variables (recursively) decompose. The two ways correspond
to two well-known ways for representing interventions. Woodward (2003)’inter-
ventionist semantics, which represents interventions as variables, is an example
of the former. Pearl (2000)’s do-calculus, which represents interventions as val-
ues of variables, is an an example of the latter. Although both representations are
legitimate, only the latter is suitable to the task for which RBNs were developed,
namely to represent mechanistic decompositions.

Conclusion

Decomposing variables and decomposing arrows are two very natural options for
representing mechanistic hierarchies by means of BNs. These two options have

18
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been made precise by two formalisms, RBNs and MLCMs. I argued that RBNs
are better than MLCMs at analysing mechanistic hierarchies and interpreting the
interlevel reasoning that depends on them. Still, one might think that the two for-
malisms are not in competition against one another. Perhaps RBNs and MLCMs
represent two different ways in which mechanistic decompositions cab obtain?
Since ‘marginalizing out’ and ‘recursively decomposing’ are very different no-
tions, I want to caution against interpreting the two formalisms as two species of
the same genus. Having said this, I do not exclude that there is a sound way to
formalize the intuition in (Gebharter and Kaiser, 2014), and thus develop an al-
ternative analysis of mechanistic hierarchy with respect to RBNs. In that case, it
would be interesting to see how this alternative relates to RBNs.
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Abstract

A primary goal of quantum computer science is to find an explanation for the fact that
quantum computers are more powerful than classical computers. In this paper I argue that
to answer this question is to compare algorithmic processes of various kinds, and in so
doing to describe the possibility spaces associated with these processes. By doing this we
explain how it is possible for one process to outperform its rival. Further, in this and
similar examples little is gained in subsequently asking a how-actually question. Once

one has explained how-possibly there is little left to do.
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1 Introduction

There is a distinction that is sometimes made in the scholarship on scientific explanation
between explaining why and explaining how-possibly. In the ontic context, where the
explanations one gives aim at describing salient features of actual physical systems, the
former is sometimes also called how-actually explanation.! That how-actually explanation
actually explains is uncontroversial; however it is less clear just what if any explanatory merit
there is in explaining how some event possibly came about. Partly for this reason, the
literature on how-possibly explanation is comparatively sparse, and the few who have
commented on the topic are of varying opinion with regard to its virtues. While some view
how-possibly explanation as genuinely explanatory, others have argued that how-possibly
‘explanation’ is better thought of as a mere heuristic device and not as constituting genuine
explanation at all. Still others have thought of how-possibly explanation as a kind of
incomplete how-actually explanation—a stepping stone on the way to the how-actually
explanation that one ultimately seeks.

Below I will consider a question which I will argue sheds light on this issue. It is drawn
from the science of quantum computation. Quantum computation is a fruitful merger of the
fields of physics and computer science, and one of the goals of this science is to determine the
source of the power of quantum computers; i.e., to search for the explanation of the fact that
quantum computers can in general (and sometimes dramatically) outperform classical
computers. What I will argue is the following: to answer this question is to compare

algorithmic processes of various kinds, and in so doing to describe the possibility spaces

'For more on the distinction between ontic, epistemic, and modal forms of explanation,

see Salmon (1984).
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associated with these processes. By doing this we explain how it is possible for one process to
outperform its rival. Further, and importantly, in examples like these little if anything is
gained in subsequently asking a how-actually question. Once one has answered the
how-possibly question there is little left to do.

I will close by suggesting that the search for the explanation of the power of quantum
computation is just one example of a species of how-possibly question that is likely to be

found in many other sciences as well.

2 How-possibly Explanation

The first mention of how-possibly explanation is likely that of Dray (1957). Dray’s primary
goal in that book is to assess the adequacy of the ‘covering law model’ of explanation for
characterising historical explanation. The model is so-called because it involves the
subsumption of a particular set of initial conditions under a law or a set of laws (Hempel and
Oppenheim, 1948). Dray’s verdict is that the covering law model fails to capture many
interesting senses of historical explanation. One of the ways in which it is inadequate,
according to Dray, is that the covering law model insists that any explanation of a given fact
must show why, necessarily, that fact had to occur, since the statement of the fact to be
explained must be deductively entailed by the statements of the relevant laws and initial
conditions.? Dray insists, however, that not all historical explanations are why-necessarily

explanations.

An announcer broadcasting a baseball game from Victoria B.C., said: “It’s a long

2This is the case for Hempel and Oppenheim’s Deductive-Nomological (D-N) model of
explanation. Statistical explanations require only inductive support (Hempel, 1965). For our

purposes we need only detain ourselves with the former.
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fly ball to centre field, and it’s going to hit high up on the fence. The centre
fielder’s back, he’s under it, he’s caught it, and the batter is out.” Listeners who
knew the fence was twenty feet high couldn’t figure out how the fielder caught the
ball. Spectators could have given the unlikely explanation. At the rear of centre
field was a high platform for the scorekeeper. The centre fielder ran up the ladder
and caught the ball twenty feet above the ground (from Maclean’s Magazine, as

cited in Dray 1957, 158).

What is explained here, for Dray, is not exactly why the ball landed in the centre fielder’s
glove. Rather, what is dispelled is the initial puzzlement on the part of the listener upon
hearing about the catch. This puzzlement is removed once she is told of the scorekeeper’s
ladder, for the ladder explains how the catch was possible: it opens up a range of possibilities
that would not have been present without it. Of course one can still ask: “why, exactly, did the
ball land in his glove?” However to do so, for Dray, is to ask a logically different question.
The how-possibly question is answered once we have been told about the ladder.

Hempel and Oppenheim’s covering law model, with its exclusive emphasis on
why-necessarily questions, was, for many years, the ‘received view’ on scientific explanation.
But although similar conceptions continue to be defended, there is no longer a near consensus,
and indeed many have taken a pluralistic attitude (or at any rate remained agnostic), on the
question of whether an all-encompassing model of scientific explanation exists.> Despite this,
how-possibly explanation has received comparatively little attention (as compared with, say,
causal explanation). But it has received some. There are those, for instance, who reject

outright the very idea of how-possibly explanation—Reiner (1993, 68) goes so far as to call

3See, for instance, Woodward (2003), who productively focuses his energies on

explicating one particular type of explanation.
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its promotion and proliferation a “sociological risk”—however the majority of the debate
surrounding how-possibly explanation centres around the sense and extent to which it (in
Dray’s or perhaps some other formulation*) is explanatory.

Thus even Hempel grants to Dray that there is some sense in which a how-possibly account
explains. Nevertheless, he argues, upon hearing it the questioner will invariably desire to be
told why the event necessarily occurred if he is to be fully satisfied (Hempel, 1965, 429). For
Hempel, the role of how-possibly explanation is primarily pragmatic: it motivates the
questioner to ask a further why-necessarily question. For Resnik (1991, 143), on the other
hand, how-possibly explanation and how-actually explanation are of the same kind, and differ
only in the degree to which they are empirically supported. That is, a how-possibly
explanation is a how-actually explanation that enjoys no more than speculative supporting
evidence, yet nevertheless displays other explanatory virtues like fruitfulness. Salmon’s
(1989, 137) conception is similar.

Forber (2010), in contrast, views how-possibly and how-actually explanation as different in

kind. What Resnik refers to as how-possibly explanation is, for Forber, no more than an

“Dray’s account is sometimes thought to rely overmuch on psychology: for Dray, recall,
one explains how-possibly to dispel a questioner’s puzzlement at having witnessed or been
told of some event. One can do away with this psychological element, however, by
explicating surprise in epistemic terms; i.e., as a prima facie tension between the fact to be
explained and the questioner’s body of knowledge absent some additional piece of
information. This latter is what is provided by a how-possibly explanation. Other approaches
to modifying Dray’s view so that it is more conformant to ontic conceptions of explanation

have also been considered (see Persson, 2012).
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incomplete how-actually explanation.’ Explaining how-possibly, for Forber, is not this but a
kind of formal inquiry: given a set of relevant background assumptions, one deduces (e.g., via
computer simulation) a particular set of outcomes reachable from them. For instance, let the
assumptions consist of known biological laws relevant to a particular population, plus a
specification of a set of variable parameters, and let the different outcomes represent various
genotypes associated with that population. Then, when one runs such a simulation, the
different paths by which it arrives at a particular outcome carve up the possibility space for
that outcome—they represent a set of how-possibly explanations corresponding to it.®
Explaining how-actually, in contrast, is a form of empirical inquiry: its aim is to determine
which of these possible explanations is the actual one.

A further mode of how-possibly explanation, described by Persson, “aims to establish the
existence of a mechanism by which X could be, and was, generated without filling in all the
details” (Persson, 2012, 275). Key to Persson’s conception is the empirical determination of
some actually existing mechanism responsible for X. It is thus distinct from Resnik’s
conception of how-possibly explanation as inadequately supported how-actually explanation.
It is also distinct from Forber’s conception of how-possibly explanation, which recall is not a
form of empirical inquiry at all. Nevertheless it is how-possibly and not how-actually

explanation because, although one describes an actual mechanism responsible for X,

3One could be forgiven for thinking this merely a dispute over labels. In Forber’s defence,
his view is more in the spirit of Dray’s original account, who recall, viewed how-possibly and

how-actually questions as logically different.
®Forber distinguishes between global and local how-possibly explanations. The former

utilise highly idealised background assumptions. The latter are directed at real populations

and utilise richer, empirically grounded, assumptions.
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information is missing from our description of the mechanism which would allow us to
determine the precise (typically causal) pathway by which X was brought about. Thus one has
not given an account of how the event actually occurred.

In the modes of explaining how-possibly identified so far, the questioner is required, or at
any rate it is perfectly sensible for her, to continue on to ask the how-actually question. Thus
for Hempel she (at least in interesting cases; see Hempel 1965, 429) will not be fully satisfied
until she answers the how-actually question. On Resnik’s conception, how-possibly questions
are just how-actually explanations that have not been adequately confirmed, and it goes
without saying that we should try and confirm them. For Persson it is not confirming but
“filling in” of the mechanism which remains to be done. On Forber’s conception, explaining
how-possibly is in no way inferior to explaining how-actually, yet both play an essential role
in our inquiries into phenomena. For Dray, pace Hempel, sometimes one is thoroughly
satisfied with a how-possibly explanation. Nevertheless it is perfectly sensible to go on and
ask exactly how the centre fielder caught the ball once he was at the top of the ladder.

The kind of how-possibly explanation I describe in the next section bears certain
resemblances to both Persson’s and Forber’s conceptions. As in Persson’s conception it
involves the description of some mechanism actually responsible for producing an outcome.
Unlike in Persson’s conception, in this case there are no relevant details of the mechanism left
to fill in. On the other hand, the way the mechanism explains, as in Forber’s conception, is
that it carves out a particular possibility space for an outcome. But unlike all of the
conceptions reviewed above, once one has answered the how-possibly question in this case, it

is doubtful that a how-actually explanation can give us anything more of substance.’

"Which of these conceptions is right? With Persson I would maintain these are all

legitimate senses of explaining how-possibly. Which one is ‘correct’ will be relative to the
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3 Explaining Quantum Speedup

A basic distinction, in Computational Complexity Theory, is between those computational
problems amenable to an efficient solution in terms of time and/or space resources, and those
that are not. Easy (or ‘tractable’, ‘feasible’, ‘efficiently solvable’, etc.) problems have
solutions which involve resources bounded by a polynomial in the input size, n (n is typically
the number of bits used to represent the input). Hard problems are those which are not easy;
i.e., they require resources that are ‘exponential’ in n, i.e., that grow faster than any
polynomial in n (Nielsen and Chuang, 2000, p. 139).® For example, a problem which requires
~ n‘ time steps to solve in the worst case (for some constant ¢) is polynomial in n and thus
tractable according to this definition. A problem that requires = ¢” steps, on the other hand, is
exponential in n therefore intractable according to this definition.

‘Quantum speedup’ refers to the fact that some computational problems can be solved
exponentially faster with a quantum computer than with any known classical computer.” For
example, the fastest known classical algorithm for factoring the product of two unknown
primes is exponential in #n. Shor’s quantum algorithm, astoundingly, solves the problem in
polynomial time (Nielsen and Chuang, 2000, 216). But while the fact of quantum speedup is

almost beyond doubt,!? its source is still a matter of debate within the scientific community.

specific question asked.
$The term ‘exponential’ is being used rather loosely here. Functions such as n'°¢" are

called ‘exponential’ since they grow faster than any polynomial function, but they do not grow

as fast as a true exponential such as 2".
9Research into quantum computing is still largely in the theoretical stage. However there

is good reason to be optimistic that practical implementations will be realised eventually (see

Aaronson, 2013, Ch. 15).
0There is currently no proof that the class of problems efficiently solvable by quantum
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void SelectionSort(int intsToSort[], int lengthOfList) {
/| Declare list indices:
int i, j, indexOfLowestNum;
/| For each position in the list,
for (i = 0;1 < lengthOfList — 1; i++) {
/| provisionally assert that it points to the lowest number,
indexOfLowestNum = i;
/| and then for each of the other list positions,
for (j = lengthOfList — 1; j > i; j——) {
/| if the number pointed to by it is less than the number
// pointed to by indexOfLowestNum,
if (intsToSort[j] < intsToSort[indexOfLowestNum]) {
/| then make this the new provisional minimum index.
indexOfLowestNum = j;
}
}
/] At the end of the ith iteration, put the number that is in the
/ indexOfLowestNum position into the ith position (and vice versa).
Swap(&intsToSort[i], &intsToSort[indexOfLowestNumy]);
}
}

Figure 1: A set of instructions (in C) implementing the ‘SelectionSort” solution to the problem

of sorting a list of given integers.

According to Fortnow (2003), for instance, the explanation of quantum speedup lies in the
ability of quantum systems to exhibit ‘interference’. For Ekert and Jozsa (1998), on the other
hand, it is their ability to exhibit ‘entanglement’.

We will consider these explanations in a little more detail later. For now let us ask: what
kind of question is one asking when one asks to have quantum speedup explained? It is
clearly an ontic question, for it aims to identify particular characteristics of physical systems.
It is also a how question, if anything is, for it asks, specifically, for the distinctive mechanism
by which quantum computers operate. It remains to consider whether it is a how-possibly or a
how-actually question.

Consider figure 1. Depicted there is an instance of the ‘SelectionSort’ algorithm for sorting

computer is larger than the class efficiently solvable by classical computer, however other

results make the truth of this statement very likely (see Aaronson, 2013, Ch. 10).
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a given list of integers. If given, say, the numbers (25, 12, 13, 19, 8), then after a certain time a
computer running this code will produce: (8, 12, 13, 19, 25). Now if we examine the
algorithm, we notice that in the worst case (indeed, in any case) there will be n — 1
comparisons in the first iteration, n — 2 comparisons in the second, n — 3 in the third, and so on
(where n is the number of list items). This gives a total of n(n — 1)/2 comparisons; thus our
total worst-case running time is proportional to n%. SelectionSort is not the only algorithm for
sorting integers. Both faster and slower algorithms exist. For instance, the ‘MergeSort’
algorithm has a worst-case running time oc nlog(n) (Mehlhorn and Sanders, 2008).

Suppose we are comparing the running times of various algorithms. I feed some random
permutation of a list of n integers to my algorithm (which implements SelectionSort) and you
feed one to yours (which implements MergeSort). After a time we both obtain the list in sorted
order. Yours finishes after k < nlog(n) steps. Mine finishes after nlog(n) < [ < n® steps. What
is the explanation for this difference in performance? Well, one way to explain it is just to
point to the differences in the code for the two algorithms. But what does this code represent?
Certainly it does not represent some one particular linear causal sequence of transitions, for
the if as well as the for loops encode conditional statements. Rather, it represents a space of
possibilities: a set of pathways by which the computer can arrive at a particular result. It turns
out that the pathways available to a computer implementing MergeSort allow a solution to be
reached in fewer time steps than the pathways available to one implementing SelectionSort.

Something similar can be said when comparing different classes of machine. Consider, for
instance, figure 2. ‘State transition diagrams’ such as these are essentially just another way of
representing algorithms, although the representation they afford is somewhat ‘closer to the
hardware’, so to speak. The machine depicted is an example of a deterministic finite

automaton (DFA). It is not the only kind of computing machine. There are also, for instance,
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Figure 2: A state diagram representation of a deterministic finite automaton (DFA). Binary
strings of variable length are input to the automaton. They are ‘accepted’ if the machine is
found to be in the state a after the last character has been read. This particular machine will

accept any string ending in ‘10’.

nondeterministic finite automata, deterministic and nondeterministic ‘pushdown’ automata,
and deterministic and nondeterministic Turing machines, to name a few. To define these
various classes of machine, we describe the possible states and state transitions which they are
capable of. For example, DFAs are characterised by a finite set of states, deterministic
transitions between states, and the lack of any form of external storage (see Martin, 1997).
Given our characterisations of different types of machine, we can inquire about the set of
problems computable by the machines of a particular class. It turns out, for example, that
DFAs are severely limited with respect to the class of problems they are capable of solving,
while Turing machines, in contrast, are capable of solving any effectively calculable function.
We can similarly ask about the resources required to solve particular classes of computational
problems by machines of a particular sort. We can ask, for instance, about the class of
problems solvable by a deterministic Turing machine in polynomial time, about those
solvable by a nondeterministic Turing machine in exponential time, and so on. Answering

these and other similar questions will involve appealing to the states and to the state



Chicago, 1L -103-

transitions which are possible for a particular class of machine. This state space, we will say,
allows us to construct such a machine to realise an algorithm that will solve the problem in a
given amount of time.

The question, “what is the source of quantum speedup?”, is a question of just this sort.
Quantum computers are just another type of computational machine, and just as for Turing
machines and DFAs, quantum computers have associated with them a particular space of
states and a particular way of transitioning between states. In order to answer the question
“what is the source of quantum speedup?”, therefore, we will appeal precisely to the quantum
mechanical state space and to the allowable transitions within it, and we will consider these in
comparison to the space of states and state transitions possible for a classical computer. And
when we do so we will be explaining how-possibly.

We see this, in fact, when we examine the approaches that those in the scientific community
have taken to answering this question. Consider Fortnow (2003), for example, who develops
an abstract mathematical framework for representing both the computational complexity
classes associated with classical and with quantum computing. In Fortnow’s framework, both
kinds of computation are represented by transition matrices which determine the allowable
transitions between possible configurations of a particular kind of machine. To represent the
quantum case, Fortnow allows matrix entries to be negative as well as positive, while for the
classical case they may only be positive. As a result, in the quantum case matrix entries will
sometimes cancel each other out when summed; not so in the classical case. Fortnow shows
that this suffices to capture the computational complexity classes associated with classical and
quantum computing. According to Fortnow, this means that the fundamental difference
between quantum and classical computation is that in quantum computation there can

sometimes be interference between computational paths: “The strength of quantum
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computing lies in the ability to have bad computation paths eliminate each other thus causing
some good paths to occur with larger probability” (Fortnow, 2003, p. 606).!! Ekert and Jozsa
(1998), on the other hand, argue that the fact that quantum systems can sometimes be in
entangled states yields a state space for combined quantum systems that is exponentially
larger than the state space associated with combined classical systems.'? And while it is
possible to, in a roundabout way, simulate this larger state space with a classical computer, the

resource cost of doing so scales exponentially (ibid., 1771).13

Tn the ‘many worlds’ interpretation (Hewitt-Horsman, 2009), of course, all of these paths
would be actual and not merely possible. Perhaps. But I do not think it prudent to hinge one’s
views on scientific explanation on a particular interpretation of quantum mechanics (further,
see Cuffaro 2012 for some strong reasons to be skeptical of the many worlds view in the
context of quantum computing). This is moot in any case. When a quantum computer finds
itself in a state like [) = [000);|£(000)), +|001),[f(001)), + - - -+ [111);|f(111)), we do not, in
order to make sense of Fortnow’s analysis, need to take the terms in this superposition to
represent either actual or possible computational paths. Rather, what is important is only that
the possible states of a quantum computer, unlike those of a classical computer, include

superpositions like |iy) which have interfering terms.
12A system of two or more particles is said to be entangled when one cannot describe one

of the particles in the system without referring to all of the others.
BThere is disagreement here between Fortnow and Ekert and Jozsa. Does this undermine

my view? I would say not. We have here two potential how-possibly explanations of quantum
speedup. Further empirical research, presumably, will help to decide which of these

how-possibly explanations is correct. One might investigate, for instance, whether cases exist
in which a quantum algorithm is efficiently classically simulable despite the fact that it utilises

entangled states.
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But is this really explaining how-possibly? Isn’t it the case, one might object, that an
algorithm like SelectionSort just is a description of how a system actually goes about solving
a problem, and likewise that a description of the state space and state transitions associated
with a particular class of system just is a description of the actual resources used by those
systems? These mechanisms are actually being employed, are they not? Of course this is true.
In the same way, Dray’s centre fielder actually used the ladder to make the catch that he did.
But that is not a how-actually explanation, and neither are these. For Dray the role played by a
description of the ladder in the explanation of the fielder’s catch is to dispel the questioner’s
puzzlement regarding how the catch was possible, without explaining exactly how it happened
(or why it was necessary). But why does the ladder dispel her puzzlement? It does so because
pointing out that a ladder was present opens up a whole new range of possibilities for the
questioner that simply weren’t there before. Likewise in the cases we are considering: the
algorithms, or the state spaces, as the case may be, explain by explicitly specifying the set of
possibilities open to them.

But is the how-possibly explanation fully satisfactory? Shouldn’t we feel the urge to
continue our investigation until we have found the actual path taken by the computer through
its state space? Let us consider what this would mean in the case of the performance
comparison between SelectionSort and MergeSort. In this case we would presumably
(assuming the precise input value was known) produce a how-actually explanation by giving a
detailed description of the state of the computer after each time step, and in this way we
would see exactly how it was that mine took [ steps and yours took k. And yet, without
referencing the possibility spaces carved out by each algorithm—the alternatives encoded in
the conditional statements—it is hard to see how such an answer can be very informative with

respect to the actual question that was asked. At best it is to answer a very different question
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than the one originally asked. But in the context of a discussion of the performance
characteristics of different types of computer it is not clear what an answer to such a question
will add to our understanding of these processes. Such an answer, in that context, seems to do
little more than restate the original question. The information about the performance
characteristics of my and your computer is most crucially contained in the description of their
possibility spaces. Such questions are therefore most appropriately answered by appealing to
those possibility spaces; i.e., they are most appropriately answered with how-possibly

explanations.

4 Conclusion

The kind of how-possibly explanation I have described in this paper bears certain
resemblances to both Forber’s and to Persson’s conceptions of explaining how-possibly. As in
Persson’s conception, an explanation of the comparative performance characteristics of
quantum and classical computers involves, I have argued, a description of the actual
mechanisms associated with these machines. The description of a mechanism serves to carve
out a particular possibility space for a machine, and as on Forber’s view, this possibility space
plays a crucial role in a how-possibly explanation of the computationally relevant
characteristics of particular observed outcomes. I have further argued that, unlike other
interesting examples previously given in the literature on this form of explanation, once one
has answered this how-possibly question it is doubtful that continuing on to ask a
how-actually question can yield anything more of substance.

The kind of how-possibly question I have described here is characteristic, not only of the
inquiry into the source of quantum speedup, but of the science of computability and

computational complexity generally—and not just this. Algorithmic processes abound in
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nature: in biological systems, in cognitive systems, and also in physical systems, to name but
a few. Questions regarding their comparative performance characteristics likewise abound.
And I would argue, if I had the space, that all of these questions are most appropriately

answered by explaining how-possibly.
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Abstract
Models based on causal capacities, or independent causal influences/mechanisms,
are widespread in the sciences. This paper develops a natural mathematical
framework for representing such capacities by extending and generalizing
previous results in cognitive psychology and machine learning, based on
observations and arguments from prior philosophical debates. In addition to its
substantial generality, the resulting framework provides a theoretical unification
of the widely-used noisy-OR/AND and linear models, thereby showing how they
are complementary rather than competing. This unification helps to explain many

of the shared cognitive and mathematical properties of those models.
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1. Introduction

In many scientific domains, one finds models focused on causal influences that function (at
least somewhat) independently of one another. For example, cognitive models are typically
expressed in terms of distinct cognitive processes that have no direct influence on one another’s
functioning, and so can proceed independently, whether sequentially or in parallel. As just one
instance, many theories of categorization posit that people first perceive the relevant stimulus,
then judge its similarity to various known categories, and finally use those similarity judgments
to generate a behavioral response. These processes obviously matter for one another; the output
of the perceptual process, for example, is the input to the similarity judgment process. But in
essentially all similarity-based cognitive theories of categorization, the functioning of one
process is assumed to be largely independent of the functioning of the other processes. The
“inner workings” of the perceptual process are assumed to be irrelevant to the way that similarity
judgments are made; the only influence of the former on the latter is the particular information
that it outputs.

More generally, scientific models and theories frequently divide the world into distinct
processes (typically, causal ones) such that the operation of one process has minimal dependence
on—in the best case, true independence from—the operations or states of other processes.
Probably the clearest articulation of this picture is based on the notion of causal capacities
(Cartwright 1989, 1999, 2007; Martin 2008; see also Heil 2005), but similar ideas can be found
in many writings on mechanisms (in the spirit of Machamer, Darden, & Craver, 2000). In this
paper, I focus on such independent causal influences; for convenience, I will refer to them as
‘capacities’, but this term should be understood broadly. The basic idea is that capacities are just

those causal powers that a cause C has purely by virtue of being a C; causal capacities are
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“something they [the causes] can be expected to carry with them from situation to situation”
(Cartwright 1989, 145). That is, capacities inhere in C rather than arising from the particular
situation, and so their operation should be relatively unaffected by other processes in the system.
This (almost) independence is exactly what enables the construction of “nomological machines”
(Cartwright 1999, 2007) that generate the regularities—some contingent, some law-like—that we
observe and manipulate.

The philosophical literature on causal capacities and mechanisms has largely focused on
questions that are metaphysical (e.g., are they basic/fundamental features of the world?) or
epistemological (e.g., can we discover capacities from observational or experimental data?). I
here consider a representational question: is there a natural, privileged representational
framework for systems in which the causal influences' are independent” of one another (i.e., each
does not depend on the values, operations, or status of the others)? There is enormous variety in
the world, and so any representational framework inevitably simplifies or is sometimes not
applicable. My interest here is in a representational framework that applies to the “standard” or
“ordinary” cases, and so can function as a default framework; I use the terms ‘natural’ and

‘privileged’ to refer to such a framework. One might think that there obviously can be no such

! For simplicity, I assume that each independent influence corresponds to a single cause, as
multiple (interactive) causes can be merged into a single, multidimensional, factor.

? This independence should not be confused with (a) statistical independencies that can be used
to (sometimes) infer causal structures from data (Spirtes, Glymour, and Scheines 2000); or (b)
the idea of ‘modularity’ to refer to causal connections that can be separately intervened upon

(Hausman and Woodward 1999, 2004; Cartwright 2002).
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privileged representation, as the independence property seems too weak for this task, but that

response turns out to be mistaken.

2. The Mathematics of (a Special Case of) Causal Capacities
2.1. The Noisy-OR/AND Model

Assume that we have a set of (possible) causes Cj, ..., C, and a target effect £. The
functioning of C;’s capacity is supposed to inhere in C;, and so the causal strength or influence of
C; should be representable without reference to the states of the other variables. In particular, C;’s
impact on £ should not depend on the state or causal strength of C;, and it should be monotonic
in C;; in particular, even if the quantitative impact is not constant across values of £ (due to, e.g.,
saturation of £), the valence should not depend on E’s value. Finally, for mathematical
tractability, I assume that each variable’s possible values can be represented as numbers, though
each variable can have its own scale; this is a trivial assumption when the variables are binary
(i.e., two-valued), but is non-trivial in other cases (e.g., there is no privileged way to map red,
green, and blue to numbers).

Consider the special case situation in which all factors—causes and the effect—can be
represented as binary variables. For this case, a privileged mathematical framework (with origins
in 19" century mathematics) has been developed in machine learning and cognitive psychology
(Good 1961; Srinivas 1993; Heckerman and Breese 1994, 1996; Cheng 1997; Glymour 1998;
Cozman 2004). Suppose that we have a single generative (binary) cause C; of the (binary) effect
E, and so E occurs when (and only when) C; is present and the capacity of C is active, where w
is the strength of that capacity. Thus, we immediately derive P(E) = w; X o(C}), where o(X) = 1 if

X is present, 0 if X is absent. If we have a second generative cause C, of E, then E occurs when
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(and only when) either C; or C, generates it, where the ‘or’ is non-exclusive. Thus, we have P(F)
=w10(Cy) + wi10(C2) — w10(C1)wa20(C»); that is, the probability of E is just the sum of the
probabilities that it is caused by one cause, minus the probability that both caused it (in order to
account for that case being “double-counted” in the sum of the first two terms). More generally,
if we have n distinct, independent generative causes, then the resulting expression for P(E) is the
“noisy-OR” model (Good 1961; Kim and Pearl 1983; Pearl 1988; Srinivas 1993; Heckerman and

Breese 1994; Cheng 1997; Glymour 1998):

P(E|Cy,...,Cp) =1—[](1 — wid(Cy))
i=1 (1)

In a noisy-OR model, E is an OR-function of the different causes, but with cause-specific
“noise” (understood instrumentally) that probabilistically makes that cause’s capacity inactive.
Thus, the probability that £ occurs is just the probability that at least one present cause has an
active capacity. Moreover, equation (1) is uniquely privileged: it is the on/y equation for purely
generative binary causes with distinct causal capacities (i.e., independent causal influences) that
satisfies various natural properties (Cozman 2004).

Of course, not all causes are generative; we are often interested in causes that prevent the
effect from occurring. If a preventive cause P interferes with the functioning of only one specific
generative cause G,’ then P has the (mathematical) impact of reducing G’s causal strength and so
we can combine their causal capacities. We cannot do the same for preventers that apply to all
generators equally; such preventers operate as (noisy, probabilistic) “switches” that control

whether any generative cause can be active at all. That is, £ occurs when (and only when) at least

? An ambiguity lurks here between “prevention as blocking” and “prevention as reducing,” but I

postpone discussion of this ambiguity until later in this section.
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one generative cause’s capacity is active and none of the preventive causes’ capacities is active.
This relationship is captured by a “noisy-OR/AND” model, since the generative causes combine
in a noisy-OR function, whose result is then combined with a noisy-AND function for the

preventive causes (i.e., the effect occurs only if a generator is active AND P; is not active AND

... Py is not active):

n

P(E|Ch,...,Cn, Pi,..., Pn) = [[(1 — wid(P})) [1 ~ I - wis(Cy))
j=1 i=1 ©)

This equation provides (arguably) the most natural representation of causal capacities, both
generative and preventive, that exert independent causal influence (Srinivas 1993; Heckerman
and Breese 1994, 1996; Lucas 2005). Moreover, there is substantial empirical evidence that
humans preferentially represent causal systems as functioning according to equation (2) (Cheng

1997; Holyoak and Cheng 2011; Danks 2014).*

2.2. Resolving Ambiguities

Although there is great value in this mathematical framework, the restriction to binary
variables is significant, as there are many cases in which the influence of a causal capacity
depends in part on the factor’s magnitude or intensity, or the effect can exhibit fine degrees of
meaningful variation. Before generalizing the noisy-OR/AND model to many-valued variables,

however, we must clarify two key conceptual (though not mathematical) ambiguities.

% The connection between psychological theory and capacities is unsurprising, as Cheng’s (1997)
causal power theory in cognitive psychology was explicitly modeled on Cartwright’s (1989)

capacity account of causation.
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Mathematically speaking, binary variables are simply those with two possible values. When
talking about causal capacities, however, a more specific interpretation is typically intended:
factors can be “present” vs. “absent” or “on” vs. “off”; capacities can be “active” vs. “inactive”.
These interpretations provide a natural value ordering, as shown by the standard practice of
mapping “present” to the value of 1 and “absent” to the value of 0.> More generally, we typically
understand the “absent” or 0 value to be the lower bound of the possible values for that variable.
At the same time, the zero value in the context of causal capacities almost always serves as the
baseline value: it is the value that £ would have if nothing influenced it. This second role of the
zero value is clear in the mathematics of the noisy-OR/AND model, as P(£ = 0 | all generative
causes are absent) = 1. That is, the standard model of (binary) causal capacities assumes that
absence is the appropriate “uncaused” state for E.°

These two different roles for zero—lower bound and baseline value—are conceptually
distinct and empirically distinguishable. For example, in most terrestrial environments, the
baseline value for Oxygen in Room (i.e., the value it has when represented causes are all inactive)
is “present,” not “absent.” We can represent this different baseline value in the noisy-OR/AND
model, but only through a mathematical trick (namely, a very strong, always-present generative

cause). A better solution would be to allow the lower bound and baseline to diverge. This

> This particular mapping could obviously be reversed without any change in substantive content,
though ‘lower bound’ and ‘upper bound’ would need to be swapped in what follows.

® One might worry that “uncaused states” are impossible. However, if causes function
independently, then it is at least theoretically possible for none to be active at a moment in time.
More generally, any model with independent causal influences yields a baseline value, even if it

is only ever theoretically (rather than empirically) realized.
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generalization does not matter for cases with only binary variables, as any model with variables
whose baseline is 1 can be translated into a model in which all baselines are 0. Outside of this
special case, however, the baseline value plays a distinct mathematical role, and so any model of
causal capacities that allows for more-than-binary variables (such as the one developed in
Section 3) must distinguish conceptually between the lower bound value and the baseline value.

The multiple roles played by zero point towards the other important ambiguity in the
standard noisy-OR/AND model of causal capacities. Because the zero value is both the lower
bound and the baseline, there are two different ways to prevent, or make E less likely. First, the
preventer could stop generative causes from exerting their usual influence. These blockers serve
to keep the effect variable closer to its baseline value, as they (potentially) eliminate causal
influences that drive the effect away from baseline. Preventive causes in the noisy-OR/AND
model are usually understood in this way. A second way of “preventing” is to move £ towards its
lower bound. These reducers are the natural opposite of standard generative causes, as they shift
E downwards while generators shift £ upwards. The important distinction here is whether the
preventer influences the effect directly (i.e., is a reducer), or indirectly through the elimination of
other causal influences (i.c., is a blocker).

As a practical example, suppose Heart Rate is our effect variable. There are many generative
causes that increase heart rate, such as stress or exercise. Beta blockers and other anxiety-
reducing medications function as blockers, as they prevent (some of) those generative causes
from having any influence while not suppressing Heart Rate below its natural baseline (for that
individual). In contrast, most anesthetics are reducers of Heart Rate, as they actively slow the
heart, potentially even below its natural baseline, depending on exactly which causes are active.

Of course, if we model Heart Rate as simply “low” or “high” (where “low” is the baseline), then
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these two different types of drugs will appear indistinguishable. The importance of
distinguishing reducers from blockers becomes apparent only when we move to situations in
which the lower bound and baseline values need not coincide.

Before turning to the fully general mathematical framework for causal capacities, we must
address a potential ambiguity about a capacity’s “causal strength” w;. The standard interpretation
in the noisy-OR/AND model is that w; expresses the probability that the capacity is “active,”
where an active cause deterministically produces the effect (unless a suitable blocker is also
active). This interpretation is inappropriate when causes are more than binary, as “probability of
activation” neglects the (presumed) importance of the magnitude of the cause variable.” Instead,
we will understand w; (for generators and reducers) for a capacity C; to be the expected change in
E’s value when C; increases by one unit and every other factor is at its baseline value. That is, w;
is computed by starting in the state in which every causal factor is at baseline, and then
determining the expected change in E when C increases by one unit.® This interpretation implies
that w; depends on C;’s scale, but this should be expected given the predictive function of causal
strengths. Notice that, if all causes and the effect are binary, then the expected change and

probability of activation interpretations of w; are mathematically identical. The expected change

7 We can retain the “probability of activation” interpretation if the effect is the only many-valued
variable, in which case the natural representations are noisy-ADD or noisy-MAX functions
(Heckerman and Breese 1996).

¥ If causal strength depends on C’s value, then the choice to measure from C’s baseline is
potentially a substantive one. However, since we assume causes have independent monotonic

influences, we can always transform the scale for C so that £ is a linear function of C’s value.
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interpretation, however, also naturally applies to systems in which some factors can take on

more-than-two values, and so I use it in the next section.

3. A General, Privileged Mathematical Representation

Now that we have done the necessary conceptual clarification, we can develop a general,
privileged mathematical representation of causal capacities when the causes and effect need not
be binary. Throughout, I use lower-case letters to denote the value of a variable; for example, e is
the value of the effect £. Without loss of generality, we can assume E’s baseline value is zero

and e € [-L, U], where at least one of L, U is greater than zero (else E is always zero). Note that

the baseline can be the same as the lower bound (L = 0, U > 0); same as the upper bound (L > 0;
U = 0); or a strictly intermediate value (L, U > 0). As noted above, three different types of causal
capacities must be incorporated into the mathematical framework: generators G; and reducers R;
that (probabilistically) increase and decrease the value of E, respectively; and blockers By that
(probabilistically) prevent any other causal capacities from influencing E. For all three types of
causes, their values must also be able to range over more than just {0, 1}. For mathematical
convenience, we represent the “inactive” state of each cause by 0, so that the influence on £
(when only C is active) is the product of C’s magnitude (i.e., its distance from zero) and its
causal strength (i.e., the expected change in E given that the cause increased by one unit).’
Consider first the case with only generators G; with values g;. In this situation, £ can only be

pushed upwards from the baseline, and so e & [0, U]. The natural mathematical framework

? Recall from fn. 8 that the independent causal influences have all been transformed so that they
are linear (in C) influences of £, and so this product for a single generator or reducer is always

less than the relevant upper or lower bound, respectively.
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simply uses normalization to convert this case to (a continuous version of) the noisy-OR model:
(i) “normalize” E and the causal strengths to the [0, 1] interval; (ii) use the uniquely privileged
(Cozman 2004) noisy-OR model; and then (iii) transform the result back to the [0, U] interval.
The noisy-OR/AND model was defined in equations (1) and (2) in terms of the probability of £
given its causes, but we can (and should, in the present context) instead regard those equations as
providing the expectation of E. The natural, privileged mathematical representation for the
expectation of E in this situation is thus:'’
U — wZ gl
E(E) -]
i=1
Since reducers are naturally understood as “negative generators,” we can model the impact of a
set of reducers R; with values 7; in the same way, though their “normalization” is relative to L
rather than U. The resulting expectation of E is simply the difference between these (normalized
and combined) influences:
E(E) ﬁU u),LgZ L[l—ﬁL_wjrj]
i=1 j=1 N
Finally, blockers By with values by, fill the role of preventers in the noisy-OR/AND model of
equation (2): the (probabilistic) activation of their causal capacities prevents the expression of
any other causal capacities, and so they act as a probabilistic “switch” on the previous equation.
The causal strengths of the blocking capacities are thus best understood as “increase (per unit
change in the blocker) in probability of complete blocking.” The resulting full mathematical

equation is:

197 show below that this equation is well-behaved even when U = +co.
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r

LU — wig; L —wjr;
1= - i - IT =—24)
i1 U j=1 L } (3)

b
£(8) = [0 - we) 01 -
k=1

Equation (3) is the natural generalization of the noisy-OR/AND model to cases with many-
valued variables and distinct baseline and lower bound for E. It thus provides the privileged
mathematics of causal capacities for precisely the same reasons as the noisy-OR/AND model for
the special case of binary variables. To see that it provides such a generalization, consider the
special case that was the focus of the previous section: L =0, U =1, and all of the causal factors
are restricted to {0, 1}. Since L is equal to the baseline, there are no “reducing” causal capacities:
for any putative reducer R, the expected change in £ from a unit change in R (when all other
causes are absent) is always zero, and so wy, is always zero. And since the causal factors are
restricted to {0, 1}, the b and g; variable values can be replaced with delta functions. The
resulting equation (when we substitute in U and L) is simply equation (2), the noisy-OR/AND
model. That is, the equations and claims of the previous section are all special cases of the
generalization provided here.

Equation (3) provides a privileged mathematics for arbitrary variable ranges and causal
capacities, in the sense (previously articulated) that it captures the plausible, intuitive features of

“standard” cases, and therefore can serve as a natural default representational framework. It is

particularly interesting to consider another special case. Suppose £ & [—o0, +c0] and (for the

moment) that there are no blockers. It is not obvious how to use equation (3) in this situation,

since direct substitution of L and U yields infinities throughout the equation. If we instead
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consider the limit of equation (3) as L and U go to infinity, we find that the expectation of £ is
given by:'!
g T
E(E) = Zwigi - Z W;T;

i=1 j=1 4)
That is, the natural mathematical equation for (the expectation of) E in this special case is simply
a linear function of the causal capacities. Having seen equation (4), it is straightforward to
incorporate blockers, as that initial product term will simply act to globally attenuate the linear
impact (on the expectation of E) of the generators and reducers.

Equation (3) provides a measure of unification to equations (2) and (4): despite their
substantial mathematical differences, both noisy-OR/AND and linear models are special cases of
the more general, privileged mathematical characterization of causal capacities. That is, this
framework suggests that noisy-OR/AND and linear models have the same conceptual and
mathematical basis, and the different models arise simply based on whether the variables are
binary or continuous/real-valued. In particular, this unification helps to explain why so many
mathematical results that hold for linear models also hold for noisy-OR/AND models, and vice
versa. For example, the conditions for model parameter identifiability are essentially the same
for noisy-OR/AND models (Hyttinen, Eberhardt, and Hoyer 2011) and linear models (Hyttinen,

Eberhardt, and Hoyer 2012). Similarly, we find basically the same conditions and statistical tests

" Proof sketch: For the generators in equation (3), separate the fraction terms into differences
and expand the product to yield: U[1 — (1 — Z (w;g;/ U) + C)] = [ £ wyg; — UC], where C is the
rest of the product expansion. Every term in C has at least U in the denominator, and so as U —
+00, UC — 0. Thus, as U — +20, we are left with only the sum. The same reasoning yields the

sum for reducers.
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for discovering an unobserved common cause of multiple observed effects given either a noisy-
OR/AND model (Danks and Glymour 2001; Pearl 1988) or a linear model (Spirtes et al. 2000).
This overlap in the models’ mathematical properties is much less surprising given that they
(arguably) derive from a single, more general equation (though their properties are not identical,
since the different variable value ranges do sometimes matter).

This mathematical connection can also provide us with insights into human cognition. |
earlier noted that the noisy-OR/AND model emerged partly from work in cognitive psychology
on one “natural” way that people seem to represent causal strengths in the world, at least when
we have binary causes and effects (Cheng 1997; Danks 2014; Holyoak and Cheng 2011). At the
same time, there are competing theories of human causal learning—variants of the Rescorla-
Wagner model and its long-run counterpart, the conditional AP theory (Danks 2003)—in which
people represent causal capacities as combining linearly (Danks 2007). Relatedly, there is a long
history of psychological research on function approximation that has shown that people find
linear functions easier to learn (e.g., McDaniel and Busemeyer 2005; DeLosh, Busemeyer, and
McDaniel 1997; and references therein), and even have a significant bias in favor of
understanding the world in terms of linear functions (Kalish, Griffiths, and Lewandowsky 2007).
Equation (3) provides a measure of theoretical unification for these disparate psychological
results: noisy-OR/AND and linearity are not theoretical competitors, but rather different aspects
of the same general assumptions or preferences about causal capacities. That is, we need not ask
whether noisy-OR/AND or linearity is correct, since each is the natural representation for a

. . . 12
particular domain of variable values.

'2 This observation suggests that people in causal learning experiments might systematically shift

between noisy-OR/AND and linearity based solely on the variable value ranges. Unfortunately,
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4. Conclusions

The philosophical literature on causal capacities has principally asked metaphysical and
epistemological questions, rather than representational ones. At the same time, the psychological
and machine learning literature on causal capacities has largely focused on the special case of
binary causal factors and a binary effect. By generalizing beyond that special case, we thereby
obtain a natural, privileged framework for representing causal capacities that independently
influence some effect.'’> Moreover, this generalized framework provides further conceptual
clarification about causal capacities, as it reveals distinctions (e.g., between the lower bound and
the baseline value) that have previously been relatively little-explored in the psychological and
machine learning literatures. This mathematical framework also has significant practical and
theoretical impacts, as it provides a natural way to unify disparate equations—in particular, the
noisy-OR/AND and linear models—that have previously been viewed (in machine learning and
cognitive science) as competitors, or at least independent of one another. The widespread use and

value of such models is eminently explainable when we understand them as deriving from the

cover stories for those experiments almost never explicitly provide value ranges, and we do not
know what participants infer about the possible variable values. Anecdotally, though, this type of
switching would explain some otherwise puzzling empirical data.

"> One open question is whether there are also privileged equations for P(E). As a promising first
step, we can prove: if there is one generative cause and the initial P(F) is uniform over [-L, U],

Prew(E=¢|lG = g) = Pya(E =U =299

then the “update” equation U —wgg naturally satisfies
all of the desiderata provided throughout the paper (including the desired expectation). It is

unknown whether other results of this type can be obtained.
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same fundamental framework and equation. This privileged framework provides a precise,
formal representation that can significantly constrain and inform our attempts to better

understand causal capacities.
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Abstract

Recent advancements in the brain sciences have enabled researchers to determine, with
increasing accuracy, patterns and locations of neural activation associated with various
psychological functions. These techniques have revived a longstanding debate regard-
ing the relation between the mind and the brain: while many authors now claim that
neuroscientific data can be used to advance our theories of higher cognition, others
defend the so-called ‘autonomy’ of psychology. Settling this significant question re-
quires understanding the nature of the bridge laws used at the psycho-neural interface.
While these laws have been the topic of extensive discussion, such debates have mostly
focused on a particular type of link: reductive laws. Reductive laws are problematic:
they face notorious philosophical objections and they are too scarce to substantiate
current research at the interface of psychology and neuroscience. The aim of this ar-
ticle is to provide a systematic analysis of a different kind of bridge laws—associative
laws—which play a central, albeit often overlooked, role in scientific practice.

1 Introduction

In a now classic paper, Jerry Fodor (1974, p. 97) questioned the evidence
for theoretical reductionism by noting that “the development of science has
witnessed the proliferation of specialized disciplines at least as often as it has
witnessed their reduction to physics, so the widespread enthusiasm for reduction
can hardly be a mere induction over its past successes.” Four decades later,

*Both authors contributed equally to this work.
TWe are grateful to Bruce Pennington and Kateri McRae for constructive comments on
various versions of this essay.
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Fodor’s assessment remains accurate; indeed, it has been reinforced. Rather
than being progressively reduced to physics, the special sciences have sprawled
into a number of burgeoning subfields. Yet, at the same time, we have also
witnessed the rise of interdisciplinary studies. If, as Fodor holds, the special
sciences are relatively ‘autonomous,” what explains the recent proliferation of
fields such as neurolinguistics, moral psychology, and neuroeconomics?

The relation between different scientific fields has been extensively debated
in philosophy and the particular case of psychology and neuroscience has gath-
ered enormous attention. As reported in Bourget and Chalmers (2013), the
dominant position is now non-reductive physicalism—the thesis that, although
mental states are realized by brain states, mental kinds cannot, in general, be
reduced to neural kinds. As we shall discuss below, this position fails to address
an important issue, namely, why studying the brain can inform our understand-
ing of the mind. The failure to provide an answer to this question is especially
troublesome given the current trend in cognitive neuroscience, where advance-
ments in neuroimaging have begun to affect theories of higher cognition, such as
language processing and decision making (Gazzaniga 2009; Mather et al. 2013,;
Glimcher and Fehr 2014). If theorists are right that the mapping of mental kinds
onto neural kinds is too problematic to substantiate any meaningful interaction
at this interface, is neuroscience simply promising something that cannot be
achieved? Or does the constant use of neural data in fields such as neurolin-
guistics and neuroeconomics, show that philosophical critique misunderstands
the relation between cognitive and neural levels?

In this article, we argue that the tension between meta-theory and scien-
tific practice stems from the failure to distinguish between different types of
bridge laws, that is, principles that link kinds across domains. On the one
hand, theorists have generally been concerned with reductive laws, which are
indeed problematic. On the other hand, bridge laws currently employed in cog-
nitive neuroscience are not reductive; they are associative statements that are
categorically distinct from the contingent type-identities typically employed in
derivational reduction and other more recent reductive approaches. The aim
of this essay is to provide an account of associative bridge laws. Despite their
widespread use in neuropsychology, these links have never been systematically
discussed. We begin by introducing the role of type-identities in traditional
models of derivational reduction and rehearse some well-known problems (§2).
Next, we illustrate how bridge laws are employed in neuroscientific studies of
higher-cognition (§3) and elucidate the main differences between reductive and
associative bridge laws (§4). We conclude by presenting some implications of
our analysis for extant debates in the philosophy of mind and science (§5).

2 Bridge Laws in Theory Reduction

Philosophers of science originally became interested in bridge laws because of
their central role in theory reduction. In what became a locus classicus, Nagel
(1961) characterized reduction as a deductive derivation of the laws of a reduced
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theory S from the laws of a reducing theory P. Such derivation requires that
the natural kinds of S be expressed in terms of the natural kinds of P.! For
instance, suppose that we want to show that law Lg : Siz — Ssx, expressed
in the language of theory S, can be reduced to (that is, derived from) law
Lp : Pz — Pz, expressed in the language of theory P.2 What we need is a
series of bridge laws that translate the relevant S-predicates into P-predicates:

(Bl) Sll‘ < Plx
(BQ) SQZ‘ < ng

How should the ‘<’ connective be interpreted in these reductive bridge laws?
Fodor (1974) makes a number of important points. First, <> must be transitive:
if kind S is reduced to 77, and in turn, 77 is reduced to Py, then S; is thereby
reduced to P;. Second, <> cannot be read as ‘causes,’ for causal relations tend
to be asymmetric—causes bring about their effects, but effects generally do
not bring about their causes—whereas bridge laws tend to be symmetric: if an
Si-event is a Pj-event, then a Pj-event is also an Si-event. Given these two
features, bridge laws are most naturally interpreted as expressing contingent
event identities. Thus understood, B; can be read as stating that S; is type-
identical to P;. As Fodor notes, reductive bridge laws express a stronger position
than token physicalism, the view that all events that fall under the laws of some
special science are physical events. Statements such as By and Bs presuppose
type physicalism, according to which every kind that figures in the laws of a
science is type-identical to a physical kind.?

The well-known problem with type-physicalism is that natural kinds seldom
correspond neatly across levels. Although one could make a case that heat is re-
ducible to mean molecular kinetic energy, or action-potentials to nerve impulses,
the reigning consensus in philosophy of science is that there are too few contin-
gent event identities to make derivational reduction a plausible inter-theoretic
model (Horst 2007). In most cases, there seem to be no physical, chemical, or
macromolecular kinds that correspond to biological, psychological or economic
kinds in the manner required by the reductionist scheme. This, simply put,
is the multiple-realizability argument against the classical model of derivational
reduction (Putnam 1967; Fodor 1974). The basic idea is that instead of laws
such as By and Bs, what we usually find are linking laws such as Bs, which
capture the instantiation of higher-level kinds in a variety of lower-level states:

(B3) Six < PixVv...VP,x

n what follows we shall not enter the longstanding metaphysical debate on the notion of
natural kind. For present purposes, we treat natural kinds as predicates that fall under the
laws or generalizations of a (branch of) science (Fodor 1974).

2For the sake of simplicity, we assume that the languages of the two theories do not overlap,
i.e., the natural kinds of S do not belong to P, and vice versa.

3To be clear, our focus here is not on physicalism per se; the relevant claim is whether the
kinds of one science can be reduced to the kinds of another more ‘fundamental’ science, not
necessarily to physics.
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The demise of derivational reduction had a deep and lasting effect on the con-
ceptualization of the psycho-neural interface. Despite its problems, the Nagelian
model provided a clear account of how neural data could, at least in principle,
inform theories of higher cognition. To illustrate, suppose we want to know
whether some psychological kind C' is engaged in task 7', as we often do when
testing competing cognitive-level hypotheses. If we had a bridge law which
maps C onto a neural kind N, we could infer the presence (or absence) of C' in
T from neural evidence of the presence (or absence) of N. Hence, the reductive
model suggests a specific goal for cognitive neuropsychology, namely, to look for
neural-level implementations of psychological processes. The failure of Nagelian
reduction, however, implies that this account of the psycho-neural interface is
misguided or, at best, overly simplistic.

In response to the multiple-realizability argument, philosophers pursued two
alternative routes. Some reacted by developing reductive accounts that, al-
legedly, do not require problematic bridge laws (Hooker 1981; Bickle 1998; Kim
1999, 2005). However, it has been persuasively argued that any form of bona
fide reductionism requires some kind of bridge laws (Marras 2002; Fazekas 2009).
Following a different path, many philosophers of mind embraced an antireduc-
tionist or functionalist approach, according to which mental states are individ-
uated by their causal roles, independently of their physical realization (Fodor
1974, 1997). While this move besets the problems raised by multiple realizabil-
ity, it fails to explain how, if cognitive kinds are not type-identical to neural
kinds, neural data can bear on the study of cognition.

Part of the problem with the extant debate, we surmise, is that reductionists
and antireductionists alike share an overly restrictive view of the psycho-neural
interface. Researchers belonging to both camps often talk as if the only potential
contributions of neuroscience to psychology are:

(i) To establish correlations between cognitive- and neural-level events, i.e., to
find the brain locations where particular mental functions are computed.

(ii) To discover the neural-level mechanisms that compute cognitive processes,
i.e., to establish how the brain actually computes specific mental functions.

Let us begin by focusing on (ii), the more substantial and ambitious en-
deavor. Reductionists tend to stress the remarkable successes in discovering
neural mechanisms of sensory systems, such as early vision, pain, taste, and
other basic sensations (Bickle 2003; Kim 2006). Antireductionists, in contrast,
rightly emphasize that comparable achievements cannot be claimed for language
processing, decision making, and other functions of higher cognition. It is un-
surprising, then, that many researchers deem the pursuit of project (ii) hopeless
(Fodor 1999) or, at best, drastically premature (Gallistel 2009; Coltheart 2013),
at least when applied to central cognitive systems. On the traditional view of
the interface based on (i) and (ii) this skepticism is reasonable. Although per-
ceptual functions are potentially multiply realizable, empirical research reveals
that they are implemented by relatively modular and localized neural struc-
tures, widely shared across individuals and species. In contrast, systems of
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higher cognition are implemented by relatively flexible, distributed, and non-
modular neural structures. Thus, in the case of higher cognition, the pursuit
of project (ii) is jeopardized by multiple realizability and the lack of explana-
tory reductions. But, note, if (ii) is hopeless, (i) becomes pointless, for seeking
mind-brain correlations that do not contribute to an explanation of how neural
mechanisms compute cognitive functions becomes a mere vindication of token
physicalism. In short, from this perspective, project (ii) becomes unrealistic and
project (i), by itself, can hardly advance studies of higher cognition.*

Despite this bleak picture, it is undeniable that interdisciplinary fields at the
psycho-neural interface, such as neurolinguistics and neuroeconomics, have re-
cently achieved remarkable success, often by using neural-level data to advance
cognitive level theories.? Neither reductive nor antireductive models can appro-
priately account for this. Still, these studies presuppose that it is possible to
map the cognitive level onto the neural level for, otherwise, how can neural data
be used to bear on cognitive-level theorizing? In order to account for the success
of these interdisciplinary studies, we need a novel account of bridge laws that
takes seriously their non-reductive character. To explore the nature of these
links, we shall focus on one of the main techniques which scientists use to make
neural data and theories bear on cognitive level hypotheses: reverse inference.

3 Bridge Laws and Reverse Inferences

In order to discriminate between competing cognitive hypotheses, neuroscien-
tists often ‘reverse infer’ the engagement of a cognitive state or process, in a
given task, from particular locations or patterns of brain activation (Henson
2005; Poldrack 2006; Del Pinal and Nathan 2013; Hutzler 2013; Machery 2013).
These reverse inferences presuppose the availability of bridge laws; yet, contrary
to a widespread assumption, the required links are not reductive, they are what
we call associative bridge laws. In this section, we examine the role of bridge
laws in two kinds of inferences employed in neuroimaging studies: location-
based and pattern-based reverse inferences. More specifically, we focus on stud-
ies of decision-making—a paradigmatic domain of higher-cognition—aimed at
discriminating between the processes which underlie behavioral generalizations.
To begin, consider the following psychological generalizations, somewhat
simplified for the sake of illustration, where s ranges over ‘normal’ adults:

4Those familiar with this debate will no doubt have seen various objections along these
lines. For instance, the picture of the psycho-neural interface assumed in the following quotes is
clearly constrained by (i) and (ii). “If the mind happens in space at all, it happens somewhere
north of the neck. What exactly turns on knowing how far north?” (Fodor 1999). “Finding
a cell that recognizes one’s grandmother does not tell you very much more than you started
with: after all, you know you can recognize your grandmother. What is needed is an answer
to how you, or a cell [...] does it” (Mayhew 1983, cited in Coltheart (2013)).

5To appreciate the magnitude of this growth, consider that in 2009, when the first canonical
textbook was published (Glimcher et al. 2009), courses and research on neuroeconomics were
regularly taught and pursued in just handful of economics and psychology departments. By
the time the second edition appeared, just four years later (Glimcher and Fehr 2014), over
one hundred institutions regularly taught and pursued research in neuroeconomics.
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(Gar) If s is faced with the option of performing an action a that will result in
the death of fewer people than would die if s were not to perform a, s will
choose a unless doing so requires using a person directly as a means.

(GN) A set E contains some items that are new to s and others that s has
previously encountered. If s is randomly presented with item e € E and
has to decide whether she has previously encountered e, s can reliably
distinguish between old and new items.

G and G can be refined in various ways, but neither is particularly original
nor controversial. Both capture distinctive capacities of higher-cognition which
are in need of explanation. We shall refer to the level at which we isolate these
types of psychological generalizations as Marr-level 1.6

Given a Marr-level 1 generalization, one can then explore the underlying
cognitive processes: such conjectures are usually referred to as Marr-level 2
hypotheses. First, consider two competing explanations of Gj;:

(M) In moral decision making, subjects generally follow consequentialist rules.
However, in cases which involve using another person directly as a means,
consequentialist rules are overridden by negative emotions.

(M*) In moral decision making, subjects generally follow consequentialist rules.
However, in cases which involve using another person directly as a means,
consequentialist rules are overridden by deontological rules.

Note that M and M* are very different explanations of Gj;. Whereas M ex-
plains the behavioral pattern as a conflict between rules and emotions, M*
explains the same pattern as a conflict between consequentialist and deontolog-
ical rules. In short, while M posits a conflict between rules and emotions, M*
posits a conflict between different types of rules. Next, consider two competing
explanations of G, recently advanced in episodic memory research:

(N) Recognition decisions are based on two processes which draw on two dis-
tinct sources of information: recollection of specific details and non-specific
feelings of familiarity. Recollection is used by default but, when such in-
formation is unavailable, subjects employ familiarity.

(N*) Recognition decisions are based on two processes which draw on two dis-
tinct sources of information: recollection of specific details and non-specific
feelings of familiarity. However, neither is the default process: the source
of information employed depends on specific contextual cues.

6In an influential discussion, Marr (1982) argued that information-processing systems
should be investigated at three complementary levels. Hypotheses at Marr-level 1 pose the
computational problem: they state the task computed by the system. Hypotheses at Marr-
level-2 state the algorithm used to compute Marr-level 1 functions: they specify the basic
representations and operations of the system. Finally, hypotheses at Marr-level 3 specify how
Marr-level 2 algorithms are implemented in the brain: they purport to explain how these
basic representations and operations are realized at the neural level.
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While N and N* agree on the basic components underlying recognition deci-
sions, they posit different interactions. According to IV, subjects generally use
recollection information to decide whether items are old, and only rely on in-
tuitions of familiarity when such information is unavailable. In contrast, N*
predicts that certain contextual cues will induce subjects to make familiarity-
based recognition decisions even if recollection information is available.

M-M* and N-N* are competing Marr-level 2 hypotheses about the cogni-
tive processes which underlie some Marr-level 1 generalization. To adjudicate
between them, researchers use reverse inferences, which require two preliminary
steps. First, the competing processes must be functionally decomposed, for en-
tire processes such as M and M* are too coarse-grained to be directly mapped
onto patterns or regions of neural activation. Next, the subcomponents of the
competing processes for which there are bridge laws must be identified. To
illustrate, let us assume that, in task T', cognitive process M posits the engage-
ment of subprocess my, whereas M™* posits the engagement of subprocess mj,
and that my, # mj. Further, suppose that we have the following bridge laws
connecting my and mj with regions or patterns of neural activation n; and nj:

(Al) mi X ny
(A2) mi®@nj

Note that ‘®’ is different from the ‘<>’ connective figuring in reductive bridge
laws. We shall discuss the basic properties of such relation in §4 below. The
important point here is simply that ‘®’ stands for an associative relation that
allows one to reliably infer the presence of one relata from the other.

To illustrate the application of statements such as A; and A, consider some
bridge laws used to discriminate between M and M*. Assume that m; stands
for processes involving negative emotions such as fear, and that m} stands for
ruled-based processes such as following simple instructions. Researchers have es-
tablished a close connection between processes involving negative emotions and
activation in certain neural regions such as the amygdala and the ventromedial
prefrontal cortex (VMPFC).” This connection is captured by A;. Researchers
have also established a connection between rule-based and controlled reasoning
and activation in the dorsolateral prefrontal cortex (DLPFC).® Ay captures this
connection by associating mj with activation in the DLPFC.

"In general, the amygdala is critically involved in conditioned and unconditioned fear re-
sponse in animals, including humans. For example, patients with selective damage to the
amygdala show no physiological response to a previously fear-conditioned stimulus, although
they can explicitly remember the conditioning experience (Kandel et al. 2013, Ch. 48).

8Miller and Cohen (2001) present several studies that support the key role of the DLPFC
in cognitive control and rule-guided processes. A relevant set of experiments are based on the
famous Stroop task, in which subjects are instructed to name the color of the ink of words as
they appear on a screen. Famously, reaction times and error rates increase dramatically when
subjects read color-terms that differ from the color of their ink. Miller and Cohen present
imaging studies which show that, in the misleading cases, subjects who manage to follow the
correct rule and name the word’s ink color showed increased activation in DLPFC, compared
to subjects who fail the task.
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Given A; and As, one can devise neuroimaging experiments to discriminate
between M and M*. For example, Greene and colleagues (2001) scanned sub-
jects making moral decisions in two sets of tasks that involve choosing whether
to sacrifice one innocent person to save five, as in the famous trolley problems.
The relevant difference is that in one set of tasks all the choices that would save
five people involve using another person directly as a means (personal cases),
whereas in the other set subjects can save five by sacrificing one indirectly,
that is, without using the person as a means (impersonal cases).” Greene and
colleagues found that, relative to impersonal cases—and to structurally anal-
ogous non-moral control tasks—personal cases result in differential activation
of the amygdala and VMPFC, and less activation of DLPFC. Given that A
associates amygdala activation with negative emotions, and that A, associates
DLPFC activation with rule-based and controlled reasoning, this finding favors
M over M*. This is because, according to M, in personal cases, decisions not
to sacrifice one person to save five are based on negative emotions. In addition,
M predicts that areas involved in rule-based reasoning should be more active
in impersonal compared to personal cases. In contrast, M* incorrectly predicts
that personal and impersonal cases should engage rule-based areas equally, since
both cases involve applying different types of rules.

Critics of the relevance of neuroimaging experiments for psychology often
assume—more or less explicitly—that all bridge laws currently employed in
reverse inferences associate cognitive processes to locations of neural activation.
However, as we shall discuss below, this is a mistake: in some cases, the relevant
bridge laws map cognitive states or processes to particular patterns of neural
activation. Indeed, pattern-based inferences, which are rapidly becoming one of
the main ways of studying cognition, have significant implications for the psycho-
neural interface. A powerful example is provided by recent studies relevant to
the recognition hypotheses N and N*, to which we now turn.

In pattern-based recognition studies, ‘pattern classifiers’ are trained to deter-
mine the multi-voxel patterns associated with recollection processes and famil-
iarity processes. Specifically, classifiers are trained in tasks where experimenters
can control which cognitive process is engaged. For instance, in one experiment,
which will serve as our main example, subjects were exposed to singular and
plural words such as ‘shoe’ and ‘shoes’ (Norman et al. 2009). These subjects
were then scanned while performing recognition tasks involving previously ex-
amined items (e.g., a shoe) and unrelated lures (e.g., a bicycle). The recognition
tasks are divided in two sets: recollection blocks and familiarity blocks. In rec-
ollection blocks, subjects are instructed to recall specific details of the mental
image formed during the study phase, and to only answer ‘yes’ if they are suc-
cessful. In contrast, in familiarity blocks subjects are instructed to answer ‘yes’
if the word is familiar and to ignore any details they might recollect from the
study phase. After training, classifiers can determine whether some multi-voxel

91In the classic version of the trolley problem, personal cases are exemplified by the ‘foot-
bridge’ scenario, where five people are saved by throwing a corpulent person on the track.
Impersonal cases are exemplified by the ‘switch’ scenario, where five people are saved by
pulling a lever that diverts the trolley onto a parallel track where it will kill a single person.



Chicago, 1L -137-

pattern of neural activation is an instance of recollection or familiarity. What
makes this method especially interesting is that the reliability of the classifiers
can be established within the experiment itself. This can be done by saving a
subset of the recollection and familiarity blocks for later testing (so they are not
used at the training stage), and then determining the rate at which the classifier
correctly categorizes the corresponding neural patterns. This part of the study,
in which experimenters control which process is engaged, establishes the bridge
laws that will then be used in reverse inferences.

Having established the relevant bridge laws which map recollection and fa-
miliarity onto multi-voxel patterns, one can then test competing hypotheses N
and N* regarding the dynamics underlying recognition-decisions in cases where
the engagement of the sub-processes cannot be directly controlled. For example,
in a second phase of the study, subjects were scanned while trying to determine
whether some word is old or new, while being exposed to previously studied
items (‘shoe’ and ‘ball’), unrelated lures (‘horse’ and ‘box’), and previously un-
studied switch-plurality lures (‘balls’). Experimenters then examined the subset
of the items for which subjects made correct positive recognition decisions. Note
that these are cases where both recollection and familiarity information was
available to subjects. Hence, according to hypothesis N, the classifier should
categorize the corresponding voxel patterns as recollection patterns (since this
is the default). In contrast, N* predicts that the classification should be more
variable, involving—at least in some cases—familiarity patterns. Experimental
results support N* over N: when both types of information are available, var-
ious contextual cues determine whether subjects use familiarity or recollection
as the basis of their recognition decision (Norman et al. 2009).

4 Associative Bridge Laws

The previous examination of reverse inferences allowed us to place associative
bridge laws such as A; and As in their context of use. The aim of this section
is to make explicit the characteristic features of these linking statements. As
we shall see, unlike their reductive counterparts, associative bridge laws are
probabilistic and context-sensitive relations that do not identify their relata,
either at the type-level or at the token-level.

4.1 Probabilities

The first main feature of associative bridge laws is their probabilistic nature.
To clarify, consider a recent debate about the ‘selectivity’ of brain regions and
reverse arguments. Several critics have emphasized that the success of a reverse
argument depends on the degree of selectivity of the relevant brain regions (Uttal
2002; Ross 2008; Phelps 2009; Anderson 2010; Coltheart 2013). Suppose that
some bridge law maps neural activation in n; onto the engagement of cognitive
process my. According to critics, this linkage allows one to legitimately reverse
infer the engagement of m; from the activation of ny only provided that region
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ny activates for the cognitive process of interest, in this case ny, and no other.
This is because, the objection runs, if n; also activates when ms, ms, and my
are engaged, one cannot reverse infer to my merely on the neural evidence of nq
activation. The problem is that there is widespread consensus among cognitive
neuroscientists that very few brain regions are mazimally selective in the sense
just described. From this perspective, then, it looks like most reverse inferences
are actually invalid, as they rely on an unjustified maximal selectivity.

This is a substantial worry that ought to be addressed with care. First, note
that while few brain regions are indeed maximally selective, most brain regions
are not mapped onto cognitive functions by a single bridge law. Most brain
regions are covered by multiple bridge laws which associate them with a variety
of cognitive functions. Consequently, when we reverse infer the engagement of
a cognitive function from the activation of a neural region, the inference falls
short of absolute certainty. Confidence that one has identified the correct bridge
law is a matter of degree, which is determined by the conditional probability
that cognitive process m; is engaged, given activation in n;.!° As an illustra-
tion, consider, again, the example of moral decision making. As neuroscientists
know, the amygdala is also activated by processes that are not related to neg-
ative emotions in any obvious way; consequently, amygdala activation does not
deductively entail the engagement of fear or similar emotions. However, it does
not follow that inferences from amygdala activation to the presence of negative
emotions are invalid; what follows is simply that such inferences are inductive
or probabilistic. The case of the amygdala is not the exception, it is the norm:
most brain regions are associated with various cognitive processes or states.
Furthermore, this point is not restricted to location-based inferences, but also
applies to pattern-based ones. The multi-voxel patterns are, at best, a reliable
guide for inferring (via bridge laws) the engagement of the associated cognitive
state or process.

With all of this in mind, we can now turn to an influential critique of the
probabilistic nature of reverse inferences. Several authors have argued that,
since the application of a given bridge law in some task is determined by a
conditional probability, most interesting reverse inferences turn out to be un-
acceptably weak (Miller 2008; Phelps 2009; Legrenzi and Umilta 2011). This
objection underlies many skeptical claims about the use of reverse inferences and
has led to the explicit suggestion that genuine progress at the psycho-neural in-
terface requires reductionist bridge laws (Ross 2008; Anderson 2010). No doubt,
in some cases, such accusations are justified: some proposed reverse inferences

10This conditional probability is determined by the following straightforward application of
Bayes’ theorem:

_ P(ni1|m1)P(m1)
Plmana) = P(n1|m1)P(m1) + P(ny|—m1)P(—m1)

(1

Note that the prior P(m1) is conditioned on the task used in the reverse argument. Impor-
tantly, Equation (1) shows that the degree of belief in a reverse inference depends not only
the prior P(m1) but also on the selectivity of the neural response—i.e., on the ratio of the
process-specific activation, P(n1|m1), to the overall likelihood of activation in that area across
all tasks which do not involve mq, i.e., P(ni|—-m).

10
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are indeed questionable, to say the least. Yet, this observation falls short of
a general critique, for the significance of the lack of (maximal) selectivity on
the validity of reverse inferences has been substantially exaggerated. This is
because critics often overlook another important characteristic of associative
bridge laws, namely, their context sensitivity.

4.2 Context-Sensitivity

In an influential article, Poldrack (2006) noted that the conditional probability
that a cognitive state m is associated to a neural state or process n; should be
determined relative to a particular task. However, to avoid unnecessary com-
plications, Poldrack intentionally ignored this task-relativity in the rest of his
analysis. This deliberate omission, however, had the unfortunate consequence
that several ensuing discussions also ignored the task-relativity of bridge laws
in reverse inferences. This resulted in a misleading objection.

Consider the selectivity of the amygdala, which plays a central role in several
studies in neuroethics and neuroeconomics. Although the amygdala is typically
involved in processes involving fear and other negative emotions, it is also in-
volved in many other cognitive processes that are usually unmentioned in studies
such as Greene et al. (2001). Such processes include the perception of odor in-
tensity, sexually arousing stimuli, and trust from faces (Phelps 2006; Lindquist
et al. 2012), as well as the processing of faces from other races, and the per-
ception of biological motion and sharp contours (Phelps 2009). It has also been
claimed that the main function of the amygdala is to process novel or emo-
tionally salient stimuli—mnot fear-related stimuli per se (Lindquist et al. 2012).
Based on these considerations, Phelps (2009) argues that amygdala activation in
a given psychological task could signal the engagement of any of these cognitive
processes. Consequently, reverse inferences such as the ones used by Greene and
colleagues overestimate the conditional probability that negative emotions are
engaged, given amygdala activation.

What Phelps and other critics (e.g., Klein 2011) overlook is that the proba-
bility that a particular bridge law applies, given the activation of a brain region,
should be determined relative to relevant features of the context invoked by the
reverse argument. Specifically, in the case under consideration, the success of the
reverse argument does not depend on the assumption that we can reliably infer
the engagement of negative emotions from differential activation in the amyg-
dala. What the argument requires is that the engagement of negative emotions
can be inferred from the pattern of neural activation observed in the particular
task under consideration.'' In other words, the inference is from differential
amygdala-activation in personal scenarios to the engagement of negative emo-
tions. Once the inference is framed in these terms, we can see that most other

U For a discussion of task-relativity in reverse inferences, see Hutzler (2013) and Del Pinal
and Nathan (2013). In a related discussion, Machery (2013) defends the relativity of the
cognitive-level hypotheses being tested. Despite significant differences, here we can treat all
these approaches on a par, for they address the ‘lack of selectivity’ objection by emphasizing
the inherent relativity of reverse inferences.
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cognitive processes that also involve the amygdala are not plausible explana-
tions for such differential activation, and can thus be ruled out. Consider, for
instance, the tasks used by Greene and colleagues (2001). Personal cases do
not differ from impersonal ones with respect to stimuli related to odor, facial-
processing, sexuality, sharp-contours, or the comparative novelty of the tasks.
Hence, relative to personal cases, the conditional probability of the engagement
of negative emotions, given amygdala activation, is significantly higher than is
suggested by the objection presented above.!?

The critiques against reverse inference based on lack of selectivity—which are
typically raised against location-based inferences—become even less persuasive
when directed against pattern-based inferences. Yet, we should explicitly stress
that, just like location-based ones, pattern-based inferences are also context-
sensitive. For instance, the recognition experiments discussed in the previous
section employ bridge laws that associate particular multi-voxel patterns with
recollection and familiarity processes. In tasks that contrast recollection- and
familiarity-based recognition judgments, each set of multi-voxel patterns can be
used by a classifier to reliably identify instances in which recollection or famil-
iarity are engaged. However, these inferences are especially useful because, as
noted in §3, the reliability of the classifier can be established, directly and pre-
cisely, in an experimental setting. In general, pattern-based inferences are more
reliable than location-based ones; still, both are context-sensitive in essentially
the same way.

4.3 Non-Identity

Unlike their reductive counterparts, associative bridge laws do not presuppose
any kind of identity—a priori, a posteriori, necessary, or contingent. To wit, in
the moral decision making case, the bridge law mapping amygdala activation
to the engagement of negative emotions presupposes neither the type-identity
nor the token-identity of these two events. As we saw, the amygdala is differ-
entially activated by a variety of cognitive processes that have little or nothing
to do with negative emotions, and it might turn out that some unambiguously
fear-or-distress-related processes are not accompanied by increased amygdala
activation. We should make it very clear that we are not recommending any
departure from token-physicalism. Our point is simply that associative bridge
laws are so metaphysically uncommitted that they would also be consistent with
violations of token-physicalism.

A similar point applies to pattern-based inferences. Bridge laws used in
the recognition case do not presuppose that recollection or familiarity processes
are (type- or token-) identical to their associated multi-voxel patterns. For one

12We surmise that the task relativity of reverse inferences is systematically overlooked be-
cause methodological discussions (e.g., Poldrack 2006; Phelps 2006) often consider only arbi-
trary ‘empty’ tasks which do not eliminate any processing possibilities (that is, any bridge
laws) for the brain region of interest. Hence, reverse inferences seem intuitively weak. However,
once we consider the tasks relevant to each reverse inference, we can eliminate some subset of
bridge laws which cover the brain regions of interest, thereby increasing their strength.
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thing, the patterns are only highly reliable—but not infallible—indicators of
the corresponding processes. Furthermore, and more importantly, even if we
had perfect correlations, multi-voxel patterns are not plausible candidates for
such identities. Voxel patterns are representations that average over the activa-
tion of thousands of neurons, but do not specify the actual neural mechanisms
that compute cognitive-level processes. This, of course, is not to say that the
possibility of a type-identity can be ruled out a priori: one might believe that,
eventually, the neural mechanisms that carry out, say, recollection processes will
be identified. However, this reduction is neither required nor presupposed by
the use of pattern-based inferences to discriminate among competing hypotheses
of the processes underlying recognition tasks.

To appreciate the main features of associative bridge laws, it is useful to
contrast them with various recent attempts that deal with multiple realizability
by weakening Nagelian bridge laws. David Lewis (1969) famously argued that
reductive type-identities are not meant to hold across the board. On his view,
the bridge laws reducing mental states to brain states are implicitly restricted
to a specific domain. For example, while pain tout court cannot be reduced to a
single brain state, human pain, octopus pain, martian pain, etc. can each be re-
duced to a different type of brain state. Lewis’ argument has been subsequently
developed and refined by various philosophers (Hooker 1981; En¢ 1983; Church-
land 1986; Kim 1992) all of whom pointed out the conditional nature of virtually
all contingent event identities.'> Whether or not the context-relativization of
bridge laws is ultimately successful (which has been the subject of heated dis-
cussion), it is irrelevant to the present approach. Associative bridge laws do
not require restricted conditional identities of any kind. This is especially evi-
dent in the case of pattern-based inferences: the particular voxel patterns used
to infer the engagement of each sub-type of recognition process—that is, the
bridge laws—are not even stable across individuals, let alone all human beings,
and can only be used reliably in specific experimental contexts. In the experi-
ments considered above, the voxel patterns were used to infer the engagement
of familiarity or recollection in a task where these processes were the only un-
known variables. If a third task (say, a face-recognition process) were added,
the pattern-classifier would have to be re-trained. In this case, there would be
no guarantee that the patterns that were previously associated with familiarity
and recollection could still be used, in the new experimental settings, to reliably
predict those same processes.

For similar reasons, associative bridge laws should also be distinguished from
recent attempts to weaken Nagelian bridge laws by replacing type-identity with
a condition of connectability based on co-referentiality. Klein (2009) argues that
a higher-level science S is N-connectable to a lower-level science S’ if and only
if S’ has the resources to introduce new terms, in its own vocabulary, which
are co-referential with the predicates of S that are absent in S’. Determining

13T cite a textbook example, the standard identification of temperature with mean molec-
ular kinetic energy in classical equilibrium thermodynamics is left completely unscathed, the
arguments runs, by the observation that temperature is differently realized in gases, solids,
vacuums, and other mediums.
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the co-referentiality of terms is a substantial endeavor that, however, we can
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