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Another Way for Nerds to Make Babies:

The Frame Problem and Causal Inference in

Developmental Psychology

3.1 The Frame Problem

Artificial intelligence and developmental psychology share areas of

genuine common interest, and most of them have to do with a cluster

of issues called the ‘‘frame problem.’’ The frame problem began as an

interesting technical curiosity. In discussing logical descriptions of world

states (or partial world states, ‘‘situations’’), McCarthy and Hayes

(1969) considered how to formalize changes in the state of the world, for

example, those resulting from actions. The problem, as they viewed it,

was how to specify the entire state consequent from an action in terms of

the prior state, a formal description of the action or event, and axioms

about change. To do so, they found themselves forced to introduce an

enormous list of trivial ‘‘frame axioms’’ specifying not only what changes

but also everything that does not change under an action. The prob-

lem, initially, was to find a formal way to dispense with such axioms.

Their frame problem was naturally transposed into a problem about

planning: how can an automated system, a robot, which has a great deal

of knowledge about the state of the world, feasibly predict the con-

sequences of an action it contemplates? Clearly, not by considering

every feature of the world it knows about, deciding one by one which of

them will be altered by the action and which will not. Drew McDermott

(1987) argued that the problem is solved by a single general rule of

thumb: other things equal, things not directly changed by an action do

not change. Sleeping dogs sleep. Rather than putting the problem to rest,

however, McDermott’s suggestion implicated a host of issues.

The sleeping-dog rule is an example of default reasoning. For a robot

to function successfully in the world using the rule, it must have a means



for recovering—for appropriately altering its beliefs about the world

when the default rule fails, when sleeping dogs wake up. There follows

an enormous and interesting literature on feasible reasoning with de-

faults. I will not try to review the issues, but some examples may illus-

trate the richness. Suppose that the robot learns a new fact, observes a

change. Then to stay calibrated to the world as it is, the robot’s beliefs

must be altered in response, since some of the robot’s beliefs may be

contradicted by the new fact in conjunction with the remainder of its

beliefs. How are the revisions to be made? When, for example, a belief is

abandoned, are other beliefs that were originally adopted only because

of the now abandoned belief also to be abandoned? If not, what is to

be done, and if so, how is the robot to keep track? In artificial intelli-

gence this is called the problem of ‘‘truth maintenance,’’ or ‘‘reason

maintenance.’’

Even if the robot is given norms for revision, how is it feasibly to carry

them out? The robot cannot feasibly consider each of its beliefs, one by

one, including the consequences of everything it believes, and decide

whether the new information is relevant and then make the appropriate

revision, if any. Or consider a more mundane problem: how is the robot

feasibly to determine the changes that do result from the present state

of things, with or without actions? How is it to determine, for example,

the trajectories of solid objects, or the behavior of liquids when their

containers are moved or removed? Surely, the robot cannot feasibly

determine where a ball will land by observing a sequence of positions,

taking them as initial conditions for a differential equation, and inte-

grating. No one has ever built a robot that can play first base. These are

the problems—or some of them—of naive physics.

Fodor (1987) posed another problem for the sleeping-dog rule: whether

it is true depends on the properties the robot ascribes to the world. If I

turn my refrigerator on, this has no bearing on most of the particles in

the universe. But consider this property of particles: being a particle and

my refrigerator is turned on. Turning on my refrigerator alters this fea-

ture of every particle in the universe. So if the robot starts with concepts

of particle and the state of its refrigerator and forms the new concept

of fridgeon, the sleeping-dog rule will fail dramatically. Michael Dunn

(1990) pointed out that in a logical system developed by Anderson and

Belnap, relevance logic, predicates such as Fodor’s ‘‘fridgeon’’ cannot be
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properly defined from ‘‘particle’’ and ‘‘refrigerator on.’’ One could reply

on Fodor’s behalf that many legitimate and important predicates appear

to be conjunctions that violate the predicate-formation restrictions of

relevance logic, or that all concepts are equal: ‘‘fridgeon’’ does not have

to be generated by definition from ‘‘particle’’ and ‘‘refrigerator on’’ even

though it is coextensive with their conjunction. How is the robot to

know which concepts to use?

The robot’s frame problems are also the infant’s, the baby’s, the

toddler’s, the child’s, and developmental psychology might fruitfully be

viewed as the experimental study of how those problems are solved.

Since they, any more than robots, cannot perform computational and

epistemic miracles, how do infants and children come to form the con-

cepts and have the knowledge that enables them to predict and control

their environment? I want to explore the thought that they do part of it

by learning what we adults can describe as acquiring, elaborating, and

revising causal Bayes nets, and by forming concepts that can be repre-

sented as features of those networks. That thought leads to natural

interpretations of a few experiments with infants and young children,

and to suggestions of a variety of experiments that have not been per-

formed. Before considering the few relevant experiments in develop-

mental psychology, consider how causal relations, as represented by

Bayes nets, can be learned and how new concepts within, or about, such

networks can be introduced. (For a more technical discussion, see Bou-

telier and Goldzmidt 1996).

3.2 A Toy Introduction to the Markov Assumption

A child acquires information about what happens when she does noth-

ing but observe events, and about what happens when she takes par-

ticular kinds of actions, and about what happens when others take

particular kinds of actions. She may do one thing and observe a chain of

consequences. She may pull a blanket and find that two toys move with

it; she may pull the engine in a toy train and find that the tender and the

caboose come along; she may pull an electric cord and find that the light

and the television go off; she may clap loudly at Grandmother’s house

and find that the TV and the light come on; she may scream at night and

find that the light goes on and a parent appears.
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Consider some experiments one might do at Grandmother’s house

(see table 3.1). In sufficient ignorance one might wonder whether the

clapping causes the TV and light to come on by independent mecha-

nisms, or the clapping causes the TV to come on which causes the light

to come on, or the clapping causes the light to come on which causes the

TV to come on. The experiments establish the first account: Clapping

and then turning off the light leaves the TV on. Clapping and then turn-

ing off the TV leaves the light on. If the TV is off, turning the light on

without clapping does not turn the TV on, and if the light is off, turn-

ing the TV on without clapping does not turn the light on. In practical

matters, this is the important content of the claim that clapping causes

the TV and light to come on by different mechanisms.

The same inferences could be made without intervening to turn the TV

on or off or to turn the light on or off, separately from clapping. With

some provisos, it suffices to observe that conditional on whether or not

a clapping has occurred, the state of the TV and the state of the light

are independent (in frequency) of one another. That is, for example, if

a clapping occurs, the probability that the TV is on and the light is on

equals the product of the probability that the TV is on and the proba-

bility that the light is on. The provisos are that the TV does not always

respond to the clapping and the light does not always respond to the

clapping (sometimes the TV is unplugged, sometimes the light bulb is

burnt out). Here is the principle:

Principle 1 If A, B, C are associated, and A is prior to B and C, and A,
B, C are not deterministically related, B and C are independent (in
probability) given A, and there are no common causes of A and B or of

Table 3.1
Experiments at Grandmother’s house

Interventions TV Light

None Off Off

Clap On On

Don’t clap, turn light switch on Off On

Don’t clap, turn TV switch on On Off

Clap, turn TV switch off Off On

Clap, turn light switch off On Off
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A and C, then, ceteris paribus, A influences B and C through separate
mechanisms.

I will elaborate on the ceteris paribus conditions later.

Consider a different example, the toy train, that illustrates a further

connection between probabilistic independence and causality. And, for

the purpose of illustration, ignore the causal information that the spatial

arrangement of engine, tender, and caboose may give. In each case, we

start with the engine, tender, and caboose linked together in order. Table

3.2 gives the results of some experiments one might do.

If the engine is pulled (without directly pulling the caboose), the state

of motion of the engine is independent of the state of motion of the

caboose, given the state of motion of the tender. In practical terms, that is

what it means to say that the motion of the engine influences the motion

of the caboose only through the motion of the tender.

Here’s the interesting thing. If the couplings between cars were unsta-

ble (as they always were with my toy trains), so that the cars sometimes

separated of themselves when the engine was pulled, the same inferences

to causal structure could be made without ever intervening to uncouple

the tender. If only the engine is directly pulled, the motion of the caboose

is independent of the motion of the engine given the motion of the tender.

The principle is this:

Principle 2 If states of A, B, C are all associated, and the state of A is
independent (in probability) of the state of C given the state of B, then,
ceteris paribus, the state of A influences the state of C, if at all, only
through the state of B.

Table 3.2
Experiments with a toy train

Intervention State of motion

None Engine at rest Tender at rest Caboose at rest

Pull engine Engine moves Tender moves Caboose moves

Disconnect tender from
engine and pull tender

Engine at rest Tender moves Caboose moves

Disconnect tender from
engine and pull engine

Engine moves Tender at rest Caboose at rest

Disconnect tender from
caboose and pull engine

Engine moves Tender moves Caboose at rest

The Frame Problem and Causal Inference in Developmental Psychology 23



Causal structures in everyday life manifest themselves by dependencies

and independencies upon various interventions or actions, but these

causal structures can also manifest themselves by dependencies and inde-

pendencies without interventions, or with a limited set of interventions.

Different structures may result in different patterns of dependence and

independence, and so inferences about causation—about what would

happen if an intervention or action were taken—can sometimes be made

from data in which no such intervention occurs. Without intervening to

keep the tender from moving, it can be determined that if someone were

to keep it from moving, the motion of the engine would not influence the

motion of the caboose.

3.3 The Causal Markov Assumption

The connections between causal structure and independence or condi-

tional independence illustrated in principles 1 and 2 have a more general

formulation, which is almost standard in computer science nowadays

and increasingly common in statistics. The formalism, developed over

the last twenty years, is used as a method for data analysis in the sciences

and engineering, not as a psychological model at all, although its psy-

chological roots are evident in one of its sources: the elicitation from

human experts of probabilities to be used in computerized expert systems.

The formalism is part of a general representation of causal claims; that

representation permits algorithms for inferring aspects of causal structure

from appropriate experimental or observational data. The representations

are often called ‘‘Bayes nets,’’ or sometimes ‘‘directed graphical causal

models.’’ For causal features that are linearly related, the representations

are isomorphic to a subclass of the structures variously called ‘‘path

models’’ or ‘‘structural equation models.’’ The latter are familiar to some

psychologists in the form of ‘‘LISREL models,’’ but their causal signifi-

cance, their isomorphism to Bayes nets, and the existence of sound search

algorithms superior to those in standard statistical packages, seem to be

unfamiliar. (For details on the connections, see Spirtes et al. 1993, 2001

and Pearl 2000.)

Here is the idea. A possible causal structure will be represented by a

directed graph—an object with nodes (hereafter ‘‘vertices’’) and arrows

between some of the them. The vertices will represent features or vari-
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ables, and a directed edge between two variables, X! Y, will mean

that for some values of all of the other variables represented, an action

that varies X will cause variation in Y. So the representation of grand-

mother’s appliances would be this:

And the representation of causal connections of the toy train when only

the engine is pulled would be this:

Factors that do not vary in the data under study are not represented.

So, for example, if the electric power is always on, it has no correspond-

ing vertex in the representation for Grandmother’s appliance system. If the

power supply did vary, the representation would instead be the following:

Suppose that the power supply did vary in the cases at Grandmother’s

house. Then the associations among clapping, TV state, and light state

would not be fully explained by the causal relations of these variables

with one another, because a common cause of TV state and light state

would have been omitted. If no common causes are omitted from a set of

variables, the set is said to be causally sufficient.

The graph must be acyclic—that is, there is no connected sequence

of arrows in the same direction that enters and exits the same vertex.
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Therefore, necessarily, in every graph, some of the vertices have no edges

directed into them. A vertex with no edge directed into it is said to have

zero indegree (in graph-theoretic terms), to be exogenous (in econo-

metric terms), or to be an independent variable (in psychological terms).

(To avoid confusion with probabilistic independence, I’ll say ‘‘exoge-

nous’’ or ‘‘zero indegree.’’)

The structure of the directed graph encodes probabilistic independence

and conditional independence relations among the variables, relations

that are claimed to hold in every probability distribution that can be

generated by varying the exogenous variables independently (in the

probabilistic sense). The connection assumed between the causal struc-

ture represented by the directed graph, on the one hand, and probabi-

listic independence and conditional independence, on the other, is given

by the Causal Markov Assumption, which says (with boldface for sets

of variables or nodes):

Causal Markov Assumption Let X be any variable in a causally suffi-
cient set S of variables or features whose causal relations are represented
by a directed acyclic graph G, and let P be the set of all variables in S
that are direct causes of X (i.e., parents of X in G). Let Y be any subset
of S such that no variable in Y is a direct or indirect effect of X (i.e.,
there is no directed path in G from X to any member of Y ). Then X is
independent (in probability) of Y conditional on P.

The Causal Markov Assumption says that in the toy-train graph, the

motion of the caboose is independent of the motion of the engine con-

ditional on the motion of the tender. It says that in Grandmother’s

house, the state of the TV is independent of the state of the light condi-

tional on whether or not there is a clapping.

The Causal Markov Assumption implies that the joint probability of

any set of values of a causally sufficient set can be ‘‘factored’’ into a

product of conditional probabilities of the value of each variable on its

parents. For example, according to the toy-train graph, the probability

that the engine moves, the tender moves, and the caboose moves is this:

prðcaboose moves j tender movesÞ � prðtender moves j engine movesÞ
� prðengine movesÞ

And in Grandmother’s house, the probability that there is a clapping and

the TV is on and the light is off is this:
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prðlight is off j clappingÞ � prðTV is on j clappingÞ � prðclappingÞ

Here ‘‘prðx j yÞ’’ denotes the probability of x conditional on y.

The Causal Markov Assumption has several justifications, but one is

this: Consider any system whatsoever whose causal relations are described

by a directed acyclic graph in such a way that the probability of any

value of any represented variable is determined (by any function of) the

values of its parents in the graph. If the exogenous variables are indepen-

dently distributed, then the graph and the joint probability distribution

must satisfy the Causal Markov Assumption.1

3.4 Causal Bayes Nets

A directed graph and the Markov Assumption do not themselves deter-

mine a unique probability distribution; they only impose a restriction on

any probability distribution appropriately associated with the graph.

Specialized families of probability distributions can be associated with

a graph by specifying parameters that determine how the probability

of any value of a variable depends on the values of its direct causes, its

parents in the graph. Then a particular probability distribution can be

specified by assigning values to the parameters. Specifying parameters

whose values give a probability distribution that satisfies the Markov

Assumption for the graph is called ‘‘parameterizing’’ the graph.

There are many ways to ‘‘parameterize’’ a graph, and which way

is appropriate depends on the subject matter. Some parameterizations

determine familiar statistical models—linear regression, logistic regres-

sion, factor analytic, ‘‘structural equation,’’ etc.—and others do not. For

Grandmother’s house, for example, where each variable has but two

values, a joint probability distribution can be specified by giving a numeri-

cal value to each of

prðlight is x j clapping is zÞ

prðTV is y j clapping is zÞ

prðclapping is zÞ

for each choice of x ¼ ðon=offÞ, y ¼ ðon=offÞ, z ¼ ðclap=no clapÞ. The

idea is just to use the factorization noted previously that is:
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prðlight is x;TV is y; clapping is zÞ

¼ prðlight is x j clapping is zÞ � prðTV is y j clapping is zÞ

� prðclapping is zÞ

Sometimes variables are thought to have some explicit functional depen-

dence on one another. Here is another way to parameterize the same

graph. Assume that the state of the light is determined by the state of

clapping and some unobserved parameter that is either on or off, and

similarly, that the state of the TV is determined by the state of clapping

and another unobserved parameter that is either on or off. So we have

the following equations:

L ¼ f ðp;ClapÞ

TV ¼ gðq;ClapÞ

Since each variable (or parameter) takes only two values, f and g must

be Boolean functions. For example, f and g might be multiplication,

or Boolean addition, or one might be multiplication and the other addi-

tion, etc. Now specify any probability distribution for which p, q, and

Clap are independent for all possible assignments of their values. The

result is a probability distribution over L, TV, and Clap that satisfies

the Markov Assumption. We will consider parametrizations of this kind

in chapter 7.

For another example of a parameterization with an explicit func-

tional dependence, consider a ‘‘structural-equation model’’ of the rela-

tions among college academic ranking (Rank), average SAT percentiles

of entering students (SAT), and dropout rate (Drop), which might look

like this:

SAT ¼ aþ b Rankþ e

Drop ¼ cþ d SATþ f

Here a, b, c, d are real-valued parameters, and e and f are unobserved

‘‘noises’’ and are assumed to be independent. The model corresponds to

a parameterization of a family of probability distributions corresponding

to a directed graph:
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Or if the noises are explicitly represented, then the following directed

graph:

We will consider parameterizations of this kind in chapter 14.

A Bayes net is a directed acyclic graph and an associated probability

distribution satisfying the Markov Assumption. If the graph is intended

to represent causal relations and the probabilities are intended to repre-

sent those that result from the represented mechanism, the pair form a

causal Bayes net.

A great many of the causal models deployed in psychology and the

social sciences are some kind of Bayes net. Even feed-forward neural

networks are Bayes nets. Many recurrent neural nets are examples of a

generalization of Bayes nets that allows cyclic graphs with a generaliza-

tion of the Markov Assumption (d-separation, discussed in chapters 13

and 14). Unrecognized, Bayes nets and causal Bayes nets are lurking

almost everywhere.

3.5 The Utility of Causal Bayes Nets

The value of a representation lies entirely in what can be done with it.

With causal Bayes nets we can do the following:

Control When there are no unobserved common causes, Bayes nets can
be used to calculate the value (or probability) of any represented vari-
able, given any combination of interventions that fix the values of other
variables but do not otherwise alter the causal structure or conditional
probabilities.

Prediction Bayes nets can be used to efficiently calculate the probability
of any value of any represented variable conditional on any set of values
of any other represented variables.

Discovery In many cases the causal structure of the world represented
in a causal Bayes net, or represented by features of such a net, can be
discovered from observations, experiments, and background knowledge.
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These three functions are among the capacities any agent—a child, for

example—would presumably need to acquire and to exercise for causal

competence in everyday life. It seems unlikely that the best computer

algorithms, designed for maximal reliability and efficiency with minimal

prior information in one-shot learning, are implemented in people, but at

the very least, the computer algorithms show what is possible with Bayes

net representations. The points bear illustration.

Control

If the causal structure and the probability distribution are known, the

probability of any value of any represented variable upon a wide class of

interventions that force specified values on other variables can be calcu-

lated from a corresponding ‘‘factorization’’ of probabilities. Suppose, for

example, that it is known that genotype causes smoking and lung cancer,

and that smoking also directly causes lung cancer:

For any values of S, G, and L, the probability distribution can be written

thus:

prðS;G;LÞ ¼ prðL jG; SÞ � prðGÞ � prðS jGÞ

Suppose that an odd new law is enforced: a random device decides

who will and who will not smoke. Given that you smoke, what is the

probability of lung cancer that results? We assume an intervention on a

variable x removes all edges into x in the causal graph, but does not alter

other causal relations or the conditional probabilities of other variables.

The trick is that the intervention breaks the influence of genotype on

smoking, so that after the intervention the causal structure is this:

30 Developmental Psychology and Discovery



The intervention makes G and S independent, but ideally it should leave

all other conditional probabilities unchanged. So the probability distri-

bution after the intervention is the following:

probafterðS;G;LÞ ¼ prðL jG; SÞ � prðGÞ � probnewðSÞ

The last factor on the right changes. If the policy simply prevented

smoking, probafterðS ¼ yes;G;LÞ would be zero for all values of G,

L, and the probability of any pair of values of G, L would be

probafterðS ¼ no;G;LÞ.
In cases where not all of the probabilities are known, the theory of

interventions on causal Bayes nets shows what interventions are neces-

sary to find them. Suppose some causal structure is thought to have the

following form:

Suppose that the joint probability distribution of T and O is known and

U is unobserved. The aim is to discover the influence T has on O, by

which I mean the dependence in probability of T on O if T is manipu-

lated and does not influence O through K, but the structure and con-

ditional probabilities are otherwise unchanged. The theory says that

probability can be estimated by intervening to fix (or randomize) the

value of T while intervening to fix or randomize the value of K. The

resulting structure is this:
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And the probabilities of interest are estimated from the association of O

and T then observed.

These simple illustrations correspond pretty exactly to our judge-

ments about control in good scientific method. We randomize treatments

because we want to disable any possible common causes of treatment

and the outcome under study.2 We do blind and double-blind studies

because we want to block certain lines of influence so that we can cor-

rectly estimate others.

Not all of the consequences of the theory of interventions on causal

Bayes nets are so banal. Suppose that you know that the following graph

describes the causal relations among the variables:

Suppose that associations involving genotype are not observed. The

association of smoking and shortness of breath is therefore confounded.

Nonetheless, the influence of smoking on shortness of breath can be

estimated from the observed associations of the other variables, where,

once more, by ‘‘influence’’ I mean the conditional probability distribu-

tions of shortness of breath that would result from interventions to fix

(or randomize) values of smoking. (A nice presentation of the theory of

interventions in Bayes nets is given in Pearl 2000.)

Prediction

The use of Bayes nets for prediction is almost obvious: the Bayes net

specifies the joint distribution of the variables as a product of conditional

probability distributions. It is not surprising that using the representa-

tion, we can compute, by various techniques, the conditional probability

of any variable from specifications of the values of any other set of vari-

ables. A variety of algorithms have been developed to make such com-

putations efficient.
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Discovery

We have already seen that distinct causal structures may, either by

themselves or with other information, imply distinct-independence and

conditional-independence facts. These differences can be exploited in

discovery procedures. For example, for 3 variables there are 25 distinct

acyclic graphs belonging in 11 distinct equivalence classes; all of the

graphs of the same equivalence class imply the same independencies

and conditional independencies; any two graphs belonging to distinct

classes imply distinct sets of independencies and dependencies. Graphs

of the same equivalence class are said to be Markov equivalent. The

graphs in some equivalence classes are listed in table 3.3, with the set of

independencies and conditional independencies characteristic of the

class at the top of each column. ‘‘A ¼��C jB’’ means, for all values of

A, B, C, A is independent of C conditional on B.

On the assumption that all independencies and conditional indepen-

dencies are due to causal structure alone,3 something can be inferred

about the causal structure. How much can be inferred depends on the

associations or lack of associations that are found, and on what addi-

tional knowledge one has. A great deal can be inferred about causal

structure if time order is known and if it is assumed that all common

causes are observed. The italicized assumption is sometimes called

faithfulness, and is essentially a simplicity postulate, although there are

various justifications for it. For example, for several parameterizations

of a graph, it is almost certain that probability distributions will be

faithful to the graph. (See Spirtes et al. 1993, 2001 for discussion and

references.)

On the faithfulness assumption, if the only independence relation

is B ¼��C jA and there are no unobserved common causes of observed

Table 3.3
Some simple examples of the Markov equivalence classes among three variables
and their corresponding independence or conditional-independence relations

A ¼��C j B B ¼��C j A B ¼��A j C A ¼��B

A! B! C B! A! C B! C! A A! C B

A B! C B A! C B C! A

A B C B A C B C A
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variables, then the causal relations are one of the three in the second

column. If, in addition, one knows (as with clapping at Grandmother’s

house) that neither B nor C cause A, then the structure B A! C is

uniquely determined.

The example assumes that fA;B;Cg is causally sufficient—there is no

unobserved confounding cause that influences two or more observed

variables—but inferences can also be made from independence and con-

ditional independence when a set of variables is not causally sufficient.

Indeed, sometimes it can be discovered from associations that a set of

variables is not causally sufficient, because the set of independencies

and conditional independencies that hold among those variables alone is

incompatible with the Markov Assumption. But we are getting too deeply

into details. Suffice it to say that there are efficient algorithms that will

extract all of the information about causal structure that can be obtained

from independencies, conditional independencies, and background

knowledge about what does or doesn’t cause what, and that the chief dif-

ference in the performance of these algorithms on causally sufficient and

causally insufficient sets of variables (in the large-sample limit) is that less

causal information can be extracted from insufficient variable sets.4

A variety of computational algorithms learn causal relations from

background knowledge and data. These procedures—several of which

are not ‘‘Bayesian’’ although they learn Bayes nets—were developed

specifically for data mining applications, that is, for cases where the

complexity of data and the underlying structure are too great for un-

aided humans to process reliably. For that very reason the algorithms

are unlikely psychological models, but there are a number of much sim-

pler heuristic procedures for learning and modifying networks of causal

relations that may have more psychological relevance.

3.6 Heuristics and Concept Formation

Indeterminacy and animacy

The simplest way to learn whether one feature of the world, say X,

influences another, say Y, is to manipulate X and see whether and how Y

changes. The covariation of X and Y indicates a reliable causal connec-

tion only if other causes of Y do not coincide with interventions that

vary X, and in particular, only if the association of X and Y is not due

to some third common cause of both, Z. We remove (or at least reduce)
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the chance of coincidental causes by varying X on many occasions. In

science we remove (or at least reduce) the chance of a common cause by

randomizing the treatment of X; in everyday life we eliminate the chance

of a common cause of our intervention and of the variation in Y by a

tacit postulate, freedom of the will. Of course, the postulate that our

own actions are uncaused by factors that, by separate mechanisms, also

bring about circumstances we later observe is not always true, but if

we did not tacitly assume as much as an everyday rule of thumb about

ourselves, and if it were not generally true to good approximation, we

could not get started finding our way around the world, and if we did

not tacitly assume as much about others, we could not learn by imitation.

There is more to be learned from manipulating X and observing co-

variation of Y than just whether X causes Y. Suppose that we have

done that and postulate the following:

Two different cases apply: the presence and absence of Y may be

uniquely determined by interventions that do or do not produce X, or it

may not be. The interesting case is when Y is not uniquely determined by

X, and that divides into three interesting subcases.

I will code the occurrence of X with 1, and its absence with 0, and

similarly for Y. In one case, whenever X is produced, the frequency

with which Y occurs increases, but Y does not always occur: 1 >

prðY ¼ 1 jX ¼ 1Þ > prðY ¼ 1Þ. And, further, whenever X is not pro-

duced, Y does not occur: prðY ¼ 1 jX ¼ 0Þ ¼ 0. This feature, which we

can call imperfect causation without spontaneity, is not a node or link in

a Bayes net, but rather a feature of the Bayes net and a concept about

aspects of the world the Bayes net describes. But it does suggest a mod-

ification of the causal picture, the Bayes net itself, specifically that there

is some further unnoticed feature, Z, that either acts to inhibit or prevent

X from producing Y, or whose absence makes X insufficient for Y:

Another case is the reverse: intervention to produce X determines the

value of Y uniquely, prðY ¼ 1 jX ¼ 1Þ ¼ 1, but Y can also occur spon-
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taneously, 0 < prðY ¼ 1 jX ¼ 0Þ. We have perfect causation with spon-

taneity, and again we have a concept about the causal relations in the

Bayes net and a circumstance that suggests the postulation of a further

cause, like Z above, this time a cause that produces Y in the absence of X.

Third, we may have imperfect causation with spontaneity: 0 <

prðY ¼ 1 jX ¼ 0Þ and 1 > prðY ¼ 1 jX ¼ 1Þ > prðY ¼ 1Þ. Imperfect

causation with spontaneity is again a concept about causal relations

rather than a causal relation, but here too it suggests positing additional

unnoticed causes, including the possibility that the unnoticed causes

may be of two different kinds, one sufficient to produce Y in the absence

of X and the other without which (or with which) X is insufficient to

produce Y.

We might guess that these distinctions are important to children and

even to infants, because imperfect causation with spontaneity is a rough

guide to animacy. Inanimate objects tend, on the whole, to be things that

children cannot alter, or that they can alter reliably, or if they cannot be

altered reliably, that do not alter themselves. Animate objects tend to be

unreliably altered and to alter themselves.

Indeterminacy is not the only concept it makes sense to abstract from

a network. One can form the concept of the causes of a feature or col-

lection of features, or the concept of the effects of a feature or collection

of features. As we will see, these possibilities also lead in some contexts

to altering the network.

Learning remote effects

Suppose that manipulating X is imperfectly associated with the occur-

rence of Y and Z. There are several possible causal arrangements,

including (1) to (4):

1. X can cause Y and Z:
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2. X can cause Y, which causes Z, or X can cause Z, which causes Y.

3. X can cause Y and some unobserved factor, say U, can cause Y and
Z, or X can cause Z and some unobserved factor can cause Y and Z:

4. And finally, the two cases (3.1) and (3.2) can be combined with an
influence of Y on Z or of Z on Y, respectively.

If X, Y, Z are all indeterministically related, all of these alternative

explanations are distinguished from one another by independence or

conditional-independence relations. Case 1 and only case 1 implies that

Y and Z are independent conditional on X. Case (2.1) and only that case

implies that X is independent of Z conditional on Y, and case (2.2) and

only that case implies that X is independent of Y conditional on Z. Case

(3.1) and only that case implies that X is independent of Z; case (3.2)

and only that case implies that X is independent of Y; case (4.1) and case

(4.2) imply none of the other independencies or conditional inde-

pendencies and imply that X is not independent of Y conditional on Z.

Cases (4.1) and (4.2) are discussed further in chapter 7 in relation to

Cheng models.

If, on the other hand, the values of Y, Z are uniquely determined by

the value of X, none of these structures can be distinguished by inde-

pendence and conditional independence. Of course, time order and spa-

tial relations may provide information that decides the question.

This at least suggests that the existence and structure of indirect effects

can be more easily learned if different actions are not too narrowly dis-

tinguished by kind but are regarded as a single kind of action (pushing,

which can have many strengths, against objects of many weights and

frictions, and similarly pulling and kicking, etc.).
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Separating causes from covariates

Just as it can be useful for learning not to distinguish kinds of actions

too finely, it can be essential to distinguish between kinds of concomitant

actions one of which has a kind of effect and the other of which does

not. If neither X nor Y causes the other but are both associated with an

effect Z, it may be that X alone causes Z, or Y alone causes Z, or both

do. If X and Y are not perfectly correlated, we can learn which expla-

nation is correct from conditional independencies. If X alone causes Z,

then Y and Z should be independent conditional on X, and symmetri-

cally if Y alone causes Z.

Restructuring causal networks

Since the complexity of learning a network and the complexity of finding

the best explanation of a phenomenon and the complexity of prediction

all depend on the number of values of variables and on the degree of

connectedness of the graph, reducing edges produces computational

economy, and eliminating low probability connections saves effort in

many contexts.

Suppose that we have a network in which X, Y, Z are direct causes

of W. We can simplify the network by collapsing X, Y, Z into a single

feature that is some function of the three variables, and thus reduce the

number of edges. We cannot do so in general without loss, however. For

example, if X, say, is also a cause of another feature R, which is not

influenced by Y or Z. In that case, unless Y and Z are perfectly corre-

lated with X, the new variable (for example, X or Y or Z, or X & Y & Z)

will then be a less reliable predictor of R than is X alone.

Collapsing variables with a common effect

Rather than thinking that spherical things roll when pushed, middle-

sized things roll when pushed, and solid things roll when pushed,
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all of which may often be true, one may think that balls roll when

pushed:

(Here a ball is approximately a spherical middle-sized solid.) We can

make a less firm probabilistic inference to ‘‘rolling if pushed’’ from the

fact alone that an object is middle-sized or the fact alone that the

object is solid, than we can make from the fact that the object is a ball,

a feature that may be identified from various conjunctions of observed

properties.

Collapsing causes of distinct effects

Separate causes of distinct features can be identified. So, for instance,

becomes

where U ¼ X ¼ Z. This sort of thing is especially natural for unobserved

but inferred causes. If, for example, an unobserved feature is posited as

the cause of spontaneous motion of one kind of object and an unob-

served feature is posited as the cause of spontaneous motion of another

kind of object, it may be natural and economical to identify the two

unobserved features.

Dividing causes and effects

Conversely, a single cause (or effect) can be divided into different fea-

tures. If first identified as one and the same, the causes of spontaneous

motion in people and in machines can later be separated.
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Introducing an abstract variable for mutually exclusive features

Suppose that we have a network in which X, Y, Z are mutually exclusive

and jointly exhaustive binary variables, that is, in any circumstance one

and only one of them has the value 1. Since they are associated, in a

graphical representation there must be edges between them (or common

causes). We can reduce the number of edges of the network by forming a

single variable from the three (or however many) variables. The concept

of the color of a surface, and many other concepts, have this feature,

although whether the concepts are formed in anything like this way is

another matter.

If multiple features are all associated with one another and no condi-

tional independence relations hold among them, any Bayes net, confined

to these features alone, is completely connected—there is an edge, in one

direction or the other, between every pair of variables. While there are

statistical, and no doubt substantive, constraints, it is sometimes possible

to simplify such a network by introducing a common cause of all of

the variables and removing any edges between them. A single common

cause of a set of variables produces associations among all of them but

allows no independence or conditional independence relations among

the affected variables alone.

Deleting intermediate variables

If a variable is intermediate between others in a network, it can be

deleted if appropriate additions are made. For example, the graph on

the left becomes the graph on the right:

Here U, X, Y, Z are observed and W is unobserved. If W is omitted,

however, unless the relation between X and Y is deterministic, there is a

loss in such identifications, because Z and U are not independent, con-

ditional on X, according to the graph on the left.
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Refining and coarsening variables

A variable that takes only two values (heavy or light, for example) can

be refined by introducing further values (heavy, medium, light). A causal

feature can be conjoined with another feature, changing a variable with

two values into a variable with four values. Conversely, a continuous

variable can be coarsened by dividing its values into discrete intervals.

Using prior knowledge

Perhaps the most common and most reliable form of prior knowledge is

implicit in inferences from interventions: one knows that the intervention

and some immediate effect of the intervention have no common third

cause. Almost as common is knowledge of time order, which permits

decisions about causal dependence that outweigh strength of association

and other factors. If one observes A occurring before B and B before C,

the fact that C is more strongly associated with B than is A does not lead

one to think that C is the more likely, or stronger, cause of B; instead,

one concludes that C is no cause at all of B.

Other, more substantive kinds of prior knowledge are useful in search-

ing for causes. For example, loose analogy: if O is something with an

abstract feature A and in other things with abstract feature A a certain

causal relation holds, one looks for an analogous causal relation in O,

and so on.

Overthrowing prior knowledge

Any system for which it is important to gain causal knowledge as fast as

possible is apt to overshoot, to fix on hypothetical causal relations that

are entirely wrong, or too general, or too specific, or involve the wrong

variables. When evidence builds up that a postulated causal relation is

wrong, it may be abandoned, but because causal relations presumed to

be known are used in finding others, abandoning any one piece of knowl-

edge may remove the original reasons for adopting other causal rela-

tions. The problem of maintaining reasons bites again. But with less

venom. The removal of a causal connection in a Bayes net leaves a Bayes

net, a system of causal hypotheses that is still self-consistent, can still be

used to predict the outcomes of actions, can still be further elaborated

and revised. A correct network from which an edge is incorrectly deleted
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may yield radically wrong predictions, but it at least yields consistent

predictions, and the error can be discovered and remedied.

Missing algorithms

There are bits of computer science that provide algorithms for some of

these ways of learning and revising causal Bayes nets (Spirtes et al. 1993,

2000; Jordan 1998; Glymour and Cooper 1999). There are certainly no

algorithms that synthesize such strategies into a procedure that could be

put into a robot that would develop like a baby and not run afoul of the

frame problems. But arguably we have some of the pieces for such an

algorithm, and arguably the structure of Bayes networks that are cali-

brated to the actual world helps to solve some aspects of the frame

problem more or less automatically. For example, Bayes networks

provide efficient ways to determine the relevance of features or vari-

ables to new data when the networks are sparse—when most features are

unconnected. They may not localize reasons, but they permit localized

revision, and they allow rapid prediction in sparse networks. Arguably,

the significant causal relations of the actual world are indeed sparse, and

it is at least a plausible hypothesis that developing children find that

the properties, the ‘‘concepts,’’ of their world reveals a sparse structure.

Fodor’s ‘‘fridgeon’’ problem is transformed into an issue of algorithmic

details. (For a very interesting study of causal Bayes nets in adult cate-

gorization, quite different from these suggestions, see Rehder 1999.)

3.7 Experiments

The literature on infants and children is that usefully explores general

learning procedures like those of the previous section is small, but not

completely lacking.

Watson (1979) studied the kicking behavior of infants under a variety

of associations of kicking with the motion of a mobile above the baby.

He found significantly higher kicking rates when two conditions both

obtained: when, after a kick, the probability of the motion of the mobile

was high (.75) but less than perfect (<1.0), and when the probability of

the motion of the mobile in the absence of a kick was greater than 0

(8 ‘‘spontaneous’’ motions per minute rather than 4 or 0). It is well

known in classical and instrumental conditioning that partial reinforce-
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ment gives the highest response rate and is the hardest to extinguish.

But that regularity applies only to one side of Watson’s experiment, and

there may reasonably be a further interpretation. Considerable later work

suggests connections between children’s attributions of mental states to

an object, and ‘‘spontaneous’’ changes in the object’s state, especially its

motion (see Johnson 2000 for a review).

Watson’s experiments predate Bayes-net formalism, but they are a

virtual application of the ideas of causal Bayes nets. The simplest causal

distinction one can make is between features that respond to one’s action

and features that do not. Watson’s infants act on that distinction. Per-

haps the second simplest distinction is between kinds of events that fol-

low invariably from one’s action and those that do not. Watson’s infants

act on that distinction. But the really interesting feature of Watson’s

results is paralleled in a more complicated aspect of causal Bayes nets.

We say a causal system described by a Bayes net is deterministic if each

variable in the network that has an edge directed into it is a deterministic

function of its direct causes, as represented in the network. So if the

mobile moves if and only if the baby kicks, Bayes net (1) is deterministic:

prðmobile moves j kickÞ ¼ 1, prðmobile moves j no kickÞ ¼ 0.

If the mobile moves when and only when either the baby kicks or a

computer sends a signal, then Bayes net (2) is also a deterministic Bayes

net: prðmobile moves j kick and signalÞ ¼ prðmobile moves j kick and no

signalÞ ¼ prðmobile moves j no kick and signalÞ ¼ 1; prðmobile moves j
no kick and no signalÞ ¼ 0.

But if the computer signal, while real, is ignored in the representation of

network (2), and only the associations between kicking and the mobile

motion are recorded, then the causal Bayes net that results looks like

(1) but with an indeterministic probability: prðmobile moves j kickÞ0 1,

prðmobile moves j no kickÞ0 0. I (following Spirtes et al. 1993, 2001)

say that a causal Bayes net is pseudoindeterministic if it has indetermin-
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istic relations that derive from ignoring some of the causes in a larger,

deterministic network.

Watson suggests that the infants in the condition in which the mobile

moves spontaneously and responds indeterministically to kicks are

trying to perfect the efficacy of kicking. I suggest two other interpreta-

tions. They may be positing an unobserved cause or causes of the motion

of the mobile besides their kicking, and exploring the contingencies—

experimenting, in other words. Or they may be confirming the extension

in their world of an innate distinction between deterministic and non-

deterministic systems—a concept that is not a node or link in a causal

Bayes net but rather a feature of some nodes in some causal Bayes nets.

Or they may be doing both. Rather than debating a priori which of these

several interpretations is correct, I think it more important to conduct

further experiments suggested by the causal-Bayes-net representation.

For example, how is kicking behavior altered if, in Watson’s experi-

ments, a light near the mobile, or some other stimulus, is used as an

additional variable? If the spontaneous motion of the mobile is a deter-

ministic function of the light, is the kicking behavior similar to that

obtained in Watson’s experiment, where there was no apparent cause of

the spontaneous motion of the mobile, or is it different? If the motion of

the mobile is entirely determined jointly by the infant’s kicking and

the state of the light, how much does the baby kick? In both of these

ways, indeterministic features of the mobile are made conditionally de-

terministic, and if infants exhibit different kicking behavior than in the

case of imperfect causation with spontaneous motion, that would at least

suggest that they are already sensitive to some conditional frequency

relations.

I know of no experiment that tests whether infants or very young chil-

dren separate causes from covariates according to the Markov Assump-

tion, that is, using conditional independence. But there is evidence that

three- and four-year-olds do.

Gopnik and Sobel (2000) introduced three- and four-year-old children

to a ‘‘blicket detector’’—a small platform that could emit a loud noise

and a bright light. The experimenter separately placed each of two small

objects on the detector, one of which set off the machine. The subject

was told by ostension (not description) that the object which activated

the detector was a ‘‘blicket.’’ Two new objects were then introduced, one
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of them physically similar to one of the previous objects and one of them

physically similar to the other previous object. The detector was acti-

vated only by the new object physically dissimilar to the object that had

previously set off the detector. The subjects were asked which of the new

objects is a ‘‘blicket’’ and reliably picked the new object that set off the

detector rather than the new object that was physically similar to the

object that had been previously named a ‘‘blicket.’’ The experiment

shows—what should be unsurprising—that children can associate sortal

terms with causal powers, overcoming any tendency to sort things by the

phenomenological properties of the things themselves.

In a related experiment, Gopnik et al. (in press) found that three-

and four-year-olds can and do make causal judgements in accord with

instances of the Markov condition, specifically that they can sort cau-

sally relevant variables from causally irrelevant variables in accordance

with conditional-independence relations. Subjects were told that blickets

set off the detector and shown examples of an object setting off the

detector. An object was subsequently put on the detector with no acti-

vation, then removed, a second object was put on the detector with

activation, then removed, and both objects put on the detector simulta-

neously, with activation. The last step was repeated twice more. In a

control experiment, the first object was always put on the detector alone

and activation resulted in 3 of 4 trials, and the second object was put on

the detector alone, with activation in all 4 trials. (See tables 3.4 and 3.5.)

Arguably children were merely judging something to be a blicket if it set

off the detector sufficiently often when placed on the detector alone, with

no other object on the detector. (An easy further control would repeat

the experiment with the same frequencies in both conditions but with a

third object, Z, always on the detector.)

3.8 Conclusion

Bayes nets are (or can be) a representation of causal relations and prob-

ability relations, but they are not themselves algorithms for anything.

Yet they form a representation whose structure (the topology of the

graph and the connection of that topology with conditional indepen-

dence through the Markov Assumption) makes several aspects of the

frame problem easier to manage. A network can be used to determine
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Table 3.4
Experimental condition: children (typically) judge that Y is a blicket but that X
is not

X Y Blicket Detector

On Off Off

Off On On

On On On

On On On

On On On

pr(Blicket Detector ¼ on jX ¼ on) ¼ :75

pr(Blicket Detector ¼ on jY ¼ on) ¼ 1:0

pr(Blicket Detector ¼ on jX ¼ on, Y ¼ on) ¼ 1:0

pr(Blicket Detector ¼ on jX ¼ off, Y ¼ on) ¼ 1:0

pr(Blicket Detector ¼ on jX ¼ on, Y ¼ off) ¼ 0

pr(Blicket Detector ¼ on jX ¼ off, Y ¼ off) ¼ 0
(by background instruction)

Blicket Detector is independent of X conditional on Y.

Table 3.5
Control condition: children (typically) judge that X and Y are both blickets

X Y Blicket Detector

On Off Off

On Off On

On Off On

On Off On

Off On On

Off On On

Off On On

Off On On

pr(Blicket Detector ¼ on jX ¼ on) ¼ :75

pr(Blicket Detector ¼ on jY ¼ on) ¼ 1:0

pr(Blicket Detector ¼ on jX ¼ on, Y ¼ on) ¼ unknown

pr(Blicket Detector ¼ on jX ¼ off, Y ¼ on) ¼ 1:0

pr(Blicket Detector ¼ on jX ¼ on, Y ¼ off) ¼ :75

pr(Blicket Detector ¼ on jX ¼ off, Y ¼ off) ¼ 0
(by background instruction)

Blicket Detector is not independent of Y conditional on X ¼ off.

Blicket Detector is not independent of X conditional on Y ¼ off.
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the conditional probability of one feature or variable from the values of

other features or variables, and it can be used to determine the proba-

bility of one feature or variable after manipulations that force values on

other variables. In both cases, the network structure can be exploited

by algorithms sometimes to enormously simplify such determinations.

These advantages obtain if the network is sparse and the conditional

probabilities can be simply parameterized (for example, if the features

don’t have very many distinct values or if continuous variables are nor-

mally distributed). If we imagine a baby building its causal knowledge

in a fashion we can represent as an expanding network or perhaps

as a collection of loosely linked networks, however organized, we may

suppose that the networks are sparse indeed, and where they are not,

mental changes take place that we can usefully describe as reconfiguring

a network.

Learning a causal network requires two things: variables and data. An

initial set of variables can be transformed in myriad ways, sometimes

with resulting simplifications or complexifications in the topology and

parameterization of networks that agree with the associations in the

data. Variables can be coarsened, refined, combined, omitted, identified

with one another, and introduced. The learnability and the simplicity of

the causal relations extracted from the data will vary with alterations

of the variables, and it seems a reasonable guess that we come into the

world wired for properties that have simple and distinctive causal rela-

tions of value to us, and that, as we develop, we reconfigure our concepts

where necessary to optimize, or at least to satisfice, some combination of

simplicity of causal topology and empirical adequacy.

The literature on artificial intelligence as applied to Bayes networks

is replete with proposals for coarsening variables, introducing new vari-

ables, computing conditional probabilities within a network, computing

the effects of interventions in a network, and, of course, procedures

for learning networks from observations, experiments, and background

knowledge. Many of the procedures have important ideal theoretical

properties—they are guaranteed to converge to the right answer under

certain assumptions (e.g., the Markov and faithfulness assumptions).

The procedures tend to be risk-averse, to demand a lot of data, and to be

computationally demanding (in the worst case, all of the correct proce-

dures are nonpolynomial-hard). Rather than showing how children un-
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cover the causal structure of the world, these procedures instead provide

rules of thumb and an existence proof: it can be done. But the child’s

context is different from the data miner’s: the child wants answers now,

but the child’s data will come in vast chunks only as mobility and motor

skills develop. The child can risk error now with the prospect of revision

later. Developmental psychology should take artificial intelligence back

where it started, to android epistemology, to the ambition of building a

computational baby.
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