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SOME REMARKS ON PROBALISTIC CAUSES*

December 13, 2005

A simple account of causality just in terms of probability is not satisfactory. It

.is important to include explicitly processes or models. To put this point in a more

generai way, I favor adding to the purely probabilistic characterization of canses the

central concept of having, for almost all investigations of cansality, a particnlar model

.in mind. The structure of such a model, goes beyond probability and will in general

.include many scientific assumptions that are not reduc1b1e to purely probabilistic
considerations.

I have used the concept of model, but I could also use the concept of theory.

In scientific contexts we often use the word model rather than the word theory to

indicate a certain modesty about the claims for the fundamental character of the

concepts we are using. Much good scientific work proceeds in this way. I am happy

_to restrict my discussion to models. Perhaps my ideal example of the use of models

in an effective way is to be found in sophisticated engineering work, but certainly
plenty can be found in physics and psychology as well.

It is also appropriate to state what strategy I adopt. I am quite skeptical about
approaches such as Lewis's theory (1973, 1986) of counterfactual chances as the
right general framework. I very much prefer to use standard probability models
as developed thoronghly in modern statistics, economics and, in a different way,
physics. Models that involve probability spaces have a place for counterfactuals but
not in the spirit, really, of Lewis’s approach, What I recommend is to replace his
approach by scientific uses of probability in the deveiopment of models for different
natural phenomena. ——

Ialso havea pluralisticidea about cansality. I think no one isgoing to successfnliy -
give the one general correct characterization. I aiready saw this as a problem when I
wrote, many years ago, my 1970 monograph on probabilistic causality. I recognized
that the framework was not really ideal, for example, for studying causes in physics,
a central topic in physies, if ever there was one. I am more emphatic on that point
now, thirty some years later. What I advocate is a detailed study of the connected
but different kinds of models of causality to be found in the diffcrent sciences I
have mentioned. I think that one wants to be as clear as possible abont cansailty in

v

It is a pleasure to dedicate this article io Evandro Agazzi, whom I have linown for three decades,
and with whom I have often discussed and argued abaut the philosophy of science, sometimes agreeing,
sometimes not, but always in an amiahle spirit.
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the context in which the deepest and most thorough analyses have been given. The
strategy that I am advocating will, I think, often carry one further into the subject.
Let me turn to an example of the kind of methods I have in mind.

REINFORCEMENT MODELS OF LEARNING

Because of its simplicity and, at the same time, widespread use in a variety of
applications in learning theory, ones that have recently moved, surprisingly enough,
from psychology to computer science, I want to consider a simple reinforcement
model of learning. I do not for a moment consider this model adequate for studying,
by itself, complex learning of concepts or skills, but it has components that lie at the
heart of many more complex models. Withont going into more complexity, I can still
illustrate with this model a number of points about causality that relate to points that
others have made. The example I take, which is probably of suitable complexity for
the current discussion, is the theory of linear learning models set forth many years
ago in Estes and Suppes (1959).

For simplicity, let us assume that on every trial the organism can make exactly
one of two responses, A, or A,; and after each response it receives a reinforcement E,
or E, of one of the two p0551b1e responses. A learning parameter 6, which is a reai
' number such that O < 8 < 1, describes the rate of learning in a manner to be made
definite in a moment. A possible realization of the theory is a structure £ = (2, P, 8)
of the following sort. ({2 is the setof all sequences of ordered pairs such that the first
member of each pair is an elernent of some set A and the second member an element
of some set B, where A and B each have two elements. Tntuitively, the set A represents
the two possible responses and the set B the two possible reinforcements. P is a
probability measure on the cr-algebra of cylinder sets of Q, and 8 is a real number as
already described. (Actually there is a certain arbitrariness in the characterization
of possible realizations of theories whose models have a rather complicated set-
theoretical structure, but this is a technical matter into which I shall not enter here.)
To define the models of the theory, we need some further notation. Let A, _ be the .
event of response A, on trial n: E,  the event reinforcement £ on tnal n, ‘z!here ij
=1, 2; and for w in ‘Q let o, be the equivalence class of all sequences in Q which
are identical with o through trial n. We may then characterize the theory by the
following set-theoretical definition.

A structure 2 =((2, P, 8) is a linea learntitig model if and only if the following
huo axioms are satisfied: '

Al IfP(E, i @, J >0 then

P(A,, | E A, n,nw"_,) (1-0)P(A,,,, @, ) +6.
A2 IfP(E A, o, J)>0andi#j then
P(AIMIEm o “_1) =(1- B)P(A”I | o, ).

As is clear from the two axioms, this linear response theory is intuitively very
simple. The first axiom just says that when a response is reinforced, the probability of
-making that response on the next trial is increased by a simple linear transformation.
The second axiom says that if some other response is reinforced, the probability
of making the response is decreased by a second linear transformation. In spite
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of the simplicity of this theory, it gives a reasonably good account of a number
of experiments, and from a mathematical standpoint it is by no means trivial to
characterize asymptotic properties of its models.

The concepts I nowdiscuss using this simple learning theory as abackground are
taken in the order I find natural in discussing standard questions about causality.

TRANSITIVITY

There is a large and standard formal literature on this question. I gave a simple
example in my 1970 monograph and, more importantly, Eells and Scber (1983)
proved that if the temporal phenomena in question formed a first-order Markov
chain then causality as defined in the standard probabilistic way for such chains
would be transitive.

In Suppes (1986) I gave sufficient conditions for non-Markovian causes to be
transitive. For the purpose of this discussion I have in mind my definition of prima
facie cause. Event B, is a prima facie cause of event A, if and only if (i) t' < t—these
subscripts refer of course, to time of occurrence of an event (ii) P(B,) > 0, and (iii) P
(A,|B,) > P(A Eells and Sober (1983), as already mentioned, showed that a Markov
coudltlon is sufﬁclent to guarantee transitivity of prima facie causes, as just defined.
To facilitate comparison with their proof Iuse the same letters for causes as they do:
Cis a prima facie cause of F,,, which is itself a prima facie cause of E, with " < ¢’ <
t. Hereafter I drop the time subscript since it plays no role in the proof. As for other
notation, juxtaposition of letters standing for events denotes intersection and a bar
over such a letter denotes complementation.

Theorem 1 Given
(i) P(F|ICH>PF|O),
(i) P(E|F)>P(E |F),
(iii) P(E|FC)= P (E|FC), and P(E|FC) > P(E|FT),
with P(FC), P (FC), P(FC), P(FC)>0
Then transitivity holds, i.e., P(P(E|C) > P (E|C).

Note that condition (iii) replaces the Markov condition. Cause C can directly
affect the occurrence of E (strict inequality in (iii)). Equality in both conjuncts of (iii) .
is just the first-order Markov condition. I label (iii) the principle of remote causes,
for in the natural temporal interpretation, C is remote in time from E rather than
contiguous. The name does not say as much as it shonld, for it is also important that
Cact on E in the same positive way that it acts on F.

What is important about this detailed discussion of transitivity is that it is
natural to look also for meaningful, necessary and sufflcient conditions. But thisis a
much harder problem and, as far as I can see, no really good answer is available.

RESPONSES AS SPURIOUS CAUSES

The idea of spurions causes is an old one. A familiar example is the lowering
of the pressnre in the barometer as a storm approaches. An interesting example of
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a spurious cause in the present context is the occurrence of a response in a linear
learning model. If a previous response and a previous reinforcement are given, then
both affect the conditional probability of the response on the next trial. This means
that both the response and the reinforcement are prima facie causes of the next
response. On the other hand, in the particular linear model I have formulated, if the
entire reinforcement history is given, then the responses become spurious causes.
What is interesting about this example is that the spuriousness of responses is
only true when the entire history of reinforcement events is given, not simply the
reinforcement event on the previous or the two previous trials. The technical term
for this kind of process, by the way, is a chain of infinite order. The concept of intfinite
order means that there remains a small effect from the remote past, no matter how
remote it may be.

ERGODIC PROCESSES

This remark about chains of infinite order also enables me to make a distinction
that I think is of great importance in causality. That is the distinction between ergodic
and nonergodic processes. In ergodic processes, the past is rapidly wiped out, and
so the current response depends very little, if at all, on the distant past. In contrast,
for the most extreme examples of nonergodic processes, the initial responses are of

~ great importance. One case of learning of this kind is where whatever the organism

L

does is reinforced. Then the process is nonergodic and is complicated to study,
because of the continuing strong influence of the first responses. Those who believe
that the effects of early childhood are forever and vividly retained believe that the

causal processes effecting important features of human development are nonergodic
in character.

PREEMPTION

I do agree with much of what David Lewis and company bave to say about
preemption. I waut to emphasize, however, my skeptical attitude toward many of
the preemption examples having fundameutal interest in the scientific investigation

- of causal processes. Let me take as an example the well-known one due to Deborah

Roseu {(1978). And I quote my earlier remarks on this (Suppes, 1984).

“A golfer makes a birdie by hitting a limb of a tree at just the right augle, not
something that he planned to do. The disturbing aspect is that if we estimated the
probability of his making a birdie prior to his making the shot and we added the
condition that the ball hit the branch, we would ordinarily estimate the probability
as being definitely lower than that he would have made a birdie without the given
condition. On the other hand, when we see the event happen we have an immediate
physical recognition that the exact angle that he hit the branch played a crucial role
in the ball’s going into the cup ...”

“... In this kind of ease there is a natural description of the event after the fact
that makes everything come out right. Using the golf ball example as typical, we
now describe the event as that of the golf ball’s hitting the branch at exactly the
right angle to fall into the cup. Given such a description we would of course make
the conditional probability close to one, but it is only after the fact that we could
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describe the event in this fashion. On the other hand, it is certainly too general to
expect much to come out of the event described simply as the golf ball’s hitting
the limb of the tree. It is not really feasible to aim before the event at a detailed
description of the event adequate to make a good physical prediction. We will not be
given the values of parameters sufficiently precisely to predict that the golf ball will
hit the limb of the tree at an angle just right for bouncing into the cup. Consequently,
in snch cases we cannot hope to predict the effects of such surprising causes, but
based upon physical theories that are accurate to a high degree of approximation
we understand that this is what happened after we have observed the seqnence of
events. Another way of putting the maiter is that there is a whole range of cases in
which we do not have much hope of applying in an interesting scientific or common
sense way probabilistic analysis, because the causes will be surprising. Even in cases
of extraordinary conceptual simplicity, e.g., the N-body problem with only forces
of gravitation acting between the bodies, extended prediction of behavior for any
length of time is not in general possible. Thus, although a Bayesian in such matters,
I confess to being unable to make a good probabilistic causal analyses of many kinds
of individual events. In the same fashion, I cannot apply to such events, in advance
of their happening, defalied physical theories. The possibilities of application in both
cases seem hopeless as a matter of prediction, This may not be the way we want the
wortld to be but this is the way it is.”

ENERGY FLOWS

Turning back to physics, I want to express some skepticism about energy flows
as a general approach in causal analysis. For me, the Markov condition for physical
.causes is a stronger and more fundamental condition than energy flows and any
requirement of conservation of energy. For example, in the great variety of physical
systems that are open and, therefore, for wbich conservation of energy and energy
flow cannot be computed in detail, one can still stand firm on holding to the Markov
condition for causes. Krajewski (1997), for example, cites Lorentz as being very fa-
vorable to energy-flow accounts of causation. But I found in a modern book on optics
(Mandel and Wolf, 1995), the warning that in optics the physical significance of the
energy flux must be interpreted with some caution. In this corrnection, they quote
the foliowirig passage from Lorentz (1909, p. 25). “In general, it will not be possible
to trace the path of particles of elements of energy in the same sense in which we
can follow in their course the ultimate particles of which energy is made up.” Let me
just say it is, in my view, particularly in modern optics, a fine point as to when one
can and cannot take seriously the detailed analysis of conservation of energy and,
thereby, the flow of energy. But this can be extended, as already remarked, to many
other parts of physics in fact, any systems in which we take senously the modeling of
phenomena in terms of an open system.— —- -

QUANTUM ENTANGLEMENT

The primary criterion of adequacy of a probabilistic causal analysis is that the
causal variable should render the simultaneous phenomenological data conditionaily
independent. The intuition back of this idea is that the common cause of the
phenomena should factor out the observed correlations. So we label the principle the
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common-cause criterion. If we find that the barometric pressure and temperature are
both dropping at the same time, we do not think of one as the cause of the other but
look for a common dynamical cause within the physical theory of meteorology. If we
find fever and headaches positively correlated, we look for a common disease as the
source and do not consider oue the cause of the other. Although satisfaction of this
criterion is not the end of the search for causes or probahilistic explanations, it does
represent a significant and important milestone in any particular investigation.

Under auother banner the search for common causes in quantum mechanics is
the search for hidden variables. A hidden variable that satisfles the common-cause
criterion provides a satisfactory explanation “in classical terms” of the quantum
phenomenon. Much of the earlier discussion of hidden variables in quantum
mechanics hag centered around the search for deterministic underlying processes,
but for some time now the literature has also been concerned with the existence
of probabilistic hidden variables. It is a striking and important fact that even
probabilistic hidden variables do not always exist when certain intuitive criteria
are imposed. One of the simplest examples was given by Bell in 1971, who extended
his earlier deterministic work to construct an inequahity that is a consequence of
assuming that two pairs of values of experimental settings in spin-1/2 experiments
must violate a necessary consequence of the common-cause criterion, that is, the

-requirement that a hidden variable renders the data conditionally independent.

The next systematic concept is that of locality. I mean by this what John Bell
(1966) meant:

It is the reqnirement of locality, or more precisely that the result of a measurement on
one system be unaffected by operations on a distant system with which it has interacted
in the past, that creates the essential difflculty: ...The vital assumption is that the result B
for particle 2 does not depend on the setting a, of the magnet for particle 1, nor A on b.

Quantum entanglement, as is well known, violates both the principle of a
common cause and the principle of locality. There are other conseqnences even more
directly chailenging to the edifice of much modem physics. My objective here is to
describe these additional difficulties without the necessary technical developments
for a really clear and transparent exposition.

The more recent entanglement experiments demonstrate two critical features:

(i) Entangled particles can be experimentaily separated by dlstances of the
order of 100 kilometers (Zeilinger, 2005).

(ii) Changing the angle of the measurement apparatus for one particle can be
done just before the other particle reaches its measurement apparatus. So the causal
effect of this change is transmitted, in recent experiments, at least five times faster
than the speed of light. '

These experimental results seem to present us with the following stark
alternatives:

A1. Reject the special theory of reiativity and return to the Galilean invariance
of Newtouian mechanics, where instantaneous action at a distauce is possible.
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A2. Hold fast to the special theory of relativity and accept macroscopic backward
cansation.

Backward causation foliows from (i), (ii) and the special theory of relativity.
Wwith speeds faster than that of light, particles separated by a space-like interval
can causally interact. In that case there is an inertial frame of reference, related by
a Loreutz tranmsformaticn to the initial frame, such that in this frame the causal
effect of changing the measurement angle of one particle is an event in the future for
the other particle. I find this hard to accept. But perhaps it also helps explain why
relativistic quantum mechanies seems stili to lack a satisfactory foundation.
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