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Part 1: The Bayesian Intentional Stance 

Although the meat of thesis is about the concepts of epistemic and non-epistemic values, I will use 

this first part to set out and defend the Bayesian Decision Theory framework in which the arguments of the 

thesis are expressed. In particular, I will argue that BDT is just a thoroughly spelled-out version of ordinary 

belief/desire explanation, and hence that its descriptive use should not be significantly more objectionable 

than that common form of explanation. 

As it is used in this thesis, Bayesian Decision Theory is a combination of three things: 

1. subjective probabilities: numerical measures of plausibility which obey simple mathematical 

constraints known as probability axioms 

2. subjective utilities: numerical measures of desirability which obey a mathematical constraint 

called the expectation principle  

3. a utility maximisation principle: This states that a Bayesian agent, given a choice of a set of 

mutually exclusive acts, chooses the one with the highest utility (as calculated from the 

utilities of the individual consequences, using the expectation principle). 

A main concern here is to distinguish the descriptive use of BDT from the normative use of 

probability and utility as a system of inductive logic and decision-making. Imagine if I say that a young 

boy “knows the rules of English grammar,” in that he forms sentences correctly and does not try to use a 

verb as a noun. Someone might interpret this as a claim that the boy can state the rules of grammar, or can 

correctly state a word’s part of speech. Such a misinterpretation would transform a quite mundane and 

defensible claim into one that is extremely remarkable and unlikely. In explaining descriptive Bayesianism, 

I have to overcome an analogous potential misunderstanding which is very tempting. Descriptive 

Bayesianism is not the demonstrably false claim that people are always familiar and competent with the 

norms of probability and utility theory. Instead it is a conditional claim. It says that if you want to predict 

and explain behaviour in intentional language (i.e. by ascribing beliefs, desires and related intentional 

properties onto a subject) then you may as well use probabilities and utilities. 

For this not to be a contradiction, there must be two different senses in which the formal apparatus 

of decision theory can be applied to an agent; two senses in which it is possible to “have a probability” of 

something, just as there are two senses in which you can know the rules of English grammar. We will see 

in the section on “Beliefs and Opinions” that there are independent reasons for making this distinction, 

because a language-using agent can have two kinds of intentional states. 

1. There are intentional states that we interpret onto the subject because they are in some way 

explanatory of the subject’s behaviour. 

2. There are intentional states that subjects commit themselves to by their own linguistic acts. 

In some of the literature, this has been called the distinction between belief and opinion, or 

between belief and acceptance. A lie is an obvious example of a divergence of the two states, in that there 

is a mismatch between what a liar says and what is predictive of their behaviour. It is not the only case of 
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divergence. It might simply be that someone is not particularly motivated to speak truthfully on a particular 

matter. Perhaps other kinds of assertion, such as boasting or conforming to a group, take a higher priority. 

The use of BDT as a refined form of belief/desire explanation could be called the “Bayesian 

Intentional Stance”. I will next look at what is meant by “intentional stance”, then at why we might want to 

use mathematical entities such as probabilities in intentional explanation. Arguments and objections about 

this point, including some empirical results, will be discussed at length. Then I will look at the belief-

opinion distinction that allows normative and descriptive Bayesianism to co-exist. 

The Intentional Stance 

It is possible to use ordinary belief/desire explanation while acknowledging that the subjects of 

our explanation are not always rational, meaning that their beliefs are not deductively closed, not formed in 

a reliable way and that their choices are not always the best way to achieve their goals. We are free to 

adopt a strategy where we reason as if they were rational (making choices and inferences in an optimal 

way, given certain goals) and make predictions about their behaviour on this basis. If this admittedly 

imperfect strategy is much more successful than other available ways for explaining and predicting 

behaviour, then it might be highly profitable to us. This intentional stance approach to the understanding of 

“belief”, “desire” and other intentional terms has been defended at length by Dennett (1969, 1978a, 1992). 

This is the sense in which I claim there can be a descriptive Bayesianism. 

A classic example used by Dennett to illustrate the intentional stance is the task of trying to 

predict the moves made by a chess-playing computer. The behaviour of the computer is in principle 

predictable and explainable in terms of the physical properties of its electronic circuits, but given a 

complete description of these physical properties (a description which mentions nothing about chess), not 

even the people who made the computer could practically work out what is going to happen next. A more 

promising strategy is to think of the computer as knowing the rules of chess (as well as some rules of 

thumb for good play) and wanting to win. 

This strategy only works for certain aspects of what the computer does, and also assumes that it is 

functioning normally. It does not provide an explanation of why the computer radiates heat while working, 

for example. Similarly, this intentional stance does not tell us why the computer casing melts when 

attacked with a blowtorch. Even within its narrow constraints, the stance has definite failings. I might try to 

predict the computer’s moves by looking for the very best possible response to a situation, or more feasibly 

by looking for the move that I would make in the same situation. Yet there is no reason to think that the 

computer plays chess the same way I do, nor does it play in the best way possible, so it is almost certain 

that my predictive strategy will give wrong predictions on at least some occasions. Still, from the point of 

view of predictive success, this is very much better than the practically unfeasible task of assembling a 

complete description of the computer at the physical level, processing all that information to derive a 

prediction in physical terms, and translating that prediction into something easily understandable like a 

chess move. 
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In watching the chess-playing computer, it is natural to talk in terms of it “wanting” to protect its 

king, being “willing” to exchange pawns and so on. If we take this kind of talk as implying that the 

computer has some sort of inner monologue in which it says “I must protect my king”, then we would have 

to interpret that talk as horribly mistaken. The computer is not a language user, never mind one that could 

frame and mull over statements of its intention. The intentional stance gives us a way in which this kind of 

talk can be interpreted as meaningful and useful. “I must protect my king” is not being used as a sentence 

that the computer would somehow say. Instead, the sentence merely picks out a propositional attitude that 

can usefully be ascribed to the computer in order to make predictions. For example, if the king and rook 

are simultaneously threatened, the king will be protected because the king is more “valuable” to the 

computer than is the rook. 

The success of the intentional stance exploits the basic truism that the set of things that are 

optimal is very much smaller than the set of things that are possible. As an illustration, imagine that there is 

a chess position in which the computer has 40 different legal moves. One of these is tactically vastly 

superior. We have no knowledge of the workings of the computer that suggest it will take this move. In 

fact we think the computer is so badly designed that it is actually less likely to take the optimum move than 

not. Even if the likelihood that the computer recognises the superior move is 10%, the remaining 90% has 

to be distributed among 39 other moves, so unless there is a particular reason to favour one particular sub-

optimal move, then the optimal move is still (for us) the most likely to be taken. In human affairs the notion 

of “optimal” behaviour is much more vague and many more actions could be argued to be optimal, but the 

set of things that human beings could possibly do is also many orders of magnitude larger. 

The intentional stance approach just gives one possible interpretation of intentional terms. It does 

not rule out other interpretations, and one could consistently admit the possibility of the intentional stance 

while denying that this is how these terms normally have meaning. 

The intentional stance is one of perhaps dozens of different stances that could be applied in the 

explanation of a complex system’s behaviour. The chess-playing computer, for example, could be 

described as collection of atoms, as an electrical circuit with components, as the instantiation of a particular 

algorithm operating on binary digits, or purely in terms of chess. In moving from a physical stance to 

something more abstract like an intentional stance, we diminish our requirement for detailed information 

about the system and increase the reliance on background assumptions. Hence we diminish the 

applicability of our explanations, because the higher-level explanation only works when the background 

assumptions (for example that the computer is being used normally rather than being melted with a 

blowtorch) are true. 

Dennett provides a useful quick gloss on the intentional stance understanding of belief by saying 

these beliefs are what the subject “behaves as if”. This emphasises that we are not ascribing any kind of 

self-awareness to the interpreted subject, only describing a pattern in its behaviour in terms of attitudes to 

propositions. Nothing in principle stops us using the intentional stance for animals, for artefacts, for social 

entities such as a market or for something as abstract as the operation of natural selection on a given 

distribution of genetic material.   
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Problems with a Deductive System of Intentional Explanation 

The intentional stance requires some abstract system of prediction and explanation, into which we 

put our belief/desire ascriptions and which yields behavioural predictions. In this section I consider why it 

would be advantageous for this system to be BDT. 

To take a typical example of the intentional stance, imagine that we are explaining a squirrel’s 

jumps from tree to tree in belief and desire terms. We know that squirrels seek to survive (not that they are 

aware of doing so, but that this is a pattern into which we can fit a lot of their behaviour) and this is a major 

part of the background knowledge that we use in this particular intentional stance. Our system might work 

as follows. For each propositional attitude (desiring, believing and their variations such as fearing, 

preferring and so on) we decide whether the squirrel has that attitude. For this thought experiment, we can 

imagine a clipboard with ticks and crosses next to labels like, “(Belief that) The red box has nuts in it,” or, 

“(Desire that) I will not be eaten.” A deductive inference from this information gives us the predictions. 

Note that the sentences on the clipboard are not actual or potential squirrel utterances. The 

squirrel, like the chess game or a million other things we could take the intentional stance to, is not a 

language user. Even if there were such a thing as squirrel language, we would not use it to label the 

clipboard. Those sentences are there for us, to help us interpret the squirrel’s behaviour from a third-person 

perspective. We might use indexical terms like “I” in the interest of labelling the states of affairs from the 

squirrel’s “point of view”, but it does not matter which form of words we use to pick out a proposition, so 

long as a proposition is successfully picked out. This point will be crucial to the argument later in this Part. 

If the use of belief and desire ascriptions in this context is meant to be a predictive theory about 

something’s behaviour, then it sets off three Bad Theory Detectors, considered in turn below. 

The first is the problem of context; of deciding how much information we need to make a 

prediction. Say that the squirrel desires nuts and believes that by running to the end of a branch it will get 

nuts. Can we derive a prediction from this that the squirrel will run to the end of the branch? No, because it 

does not follow for a number of reasons, including: 

• There might be another, easier action which produces the same result. Perhaps the squirrel 

can just turn around to pick nuts from an immediately adjacent branch. 

• The act might have undesirable consequences whose aversive quality outweighs the positive 

value of the desired object. For example, the end of the branch may be on fire. 

• The act might not be available to the subject. For example the squirrel might have damaged a 

foot and be unable to reach the end of a narrow branch. 

• The act might be desirable in itself but preclude future acts that are more desirable. For 

example, getting an armful of nuts from end of the branch might make it difficult to climb 

down from the tree. 

We can remedy these shortcomings by plugging in auxiliary conditions. So we end up with a huge 

statement of the form, “In the situation in which the squirrel is on a branch which has nuts at the end, it will 

go to the end of the branch if A and (B or C) and if it is not the case that D or (E and F) and where, of the 
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other acts available to the squirrel, none are expected to bring about A, G or H without also incurring I, J 

and K…” We would need different but overlapping rules for every other possible situation. A theory that 

yields at least some common-sense predictions about the squirrel’s behaviour will have to be immensely 

complicated. People do not habitually articulate all this information when talking about squirrels, but that 

does not mean that they do not implicitly use this information in their prediction. 

For another view of the inevitable complexity of a system of intentional explanation, consider a 

change of preference. Someone who does act A might change to alternative B if:  

• A becomes more difficult 

• B becomes easy (fewer costs associated with it) 

• the rewards of A are less appealing 

• the rewards of B become more appealing 

• an undesirable consequence of A becomes more likely (subjectively probable) 

• a desirable consequence of A becomes less likely 

• a desirable consequence of B becomes more likely 

• ...and so on  

Hence if our ascriptions of belief and desire are to yield predictions of behaviour, our system 

needs to take into account all these contingencies. The question naturally arises of how much information 

we need before we are entitled to say that A will be chosen rather than B, or that a habit of doing A will be 

replaced by a choice that B. 

 

The second issue is a problem of how to represent uncertainty. The squirrel might not believe nor 

disbelieve that there are nuts at the end of the branch: it may just have no information. This is different 

from having no belief at all. We would not say that a squirrel has beliefs about the Antarctic ice shelf or 

about the Third World debt, but this is because it has no attitude to these things at all, not merely that it is 

undecided. Not only is there no use to be gained from attributing the squirrel such beliefs, there is no 

reason to think that it has any subjective representation of entities such as foreign debt or the Antarctic. 

Nuts, by contrast, ought to be mentioned somewhere on our clipboard. The squirrel may not have 

the same concept of nuts that we have, may not perceive the same aspects of nuts that we do and may not 

distinguish between nuts in the way that we do. Still, there is reason to think that in some sense it 

subjectively (not necessarily “consciously”) represents nuts, distinguishing them from other kinds of thing 

such as inedible objects or other squirrels, and reacting differently according to whether they are present or 

absent on a feeding tray. So in the case where the squirrel can legitimately be attributed a belief state 

(about whether there is food on a tray) but where it would be wrong to ascribe certainty (because it has not 

yet looked at the tray), there is a need to be able to represent this state.  

A natural step is to use different labels for different strengths of belief. That, however, brings up 

the third difficulty with this predictive system, which is the problem of relating the terms of the theory. Let 

us admit that there are degrees of belief and of desire, but resist giving them numerical measures. Let us 

just distinguish “strong desire” from “weak desire” and “strong belief” from “weak belief,” along with 
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similar distinctions for evidence, strength of aversion and so on. Now, instead of just ticking boxes on our 

clipboard list of intentional states, we are writing “strong,” “weak” and perhaps “moderate” in the boxes. 

Now let us imagine that the squirrel “strongly believes” that there will be food on the tray, but then sees 

that the tray has been somewhat tipped over, which is to the squirrel “strong evidence” that the food is not 

there. What can we deduce from these two statements? That the squirrel now disbelieves that there is food 

on the tray? That it now only has a weak belief, or no belief? Any of these resolutions could be defended 

because terms like “strong evidence” and “weak belief” are not part of a formal system and so have no 

natural inter-relation. The terms “weak” “strong” and “moderate” do not by themselves enable us to derive 

predictions of behaviour, though this is the ostensible point of the system in which they are introduced. 

Probability and Utility 

One approach to circumvent these problems is the Bayesian Decision Theory framework 

mentioned earlier. I will consider some advantages of the descriptive use of this system before attempting 

to defuse some obvious objections and then moving on to more technical argument. Several closely related 

versions of decision theory have been set out over the course of the 20th Century, with particularly 

influential versions including Savage (1954) and Jeffrey (1965). The present exposition is particularly 

indebted to Jaynes (1996), especially chapters 13 and 14. 

Using BDT in the context of interpretation means that instead of writing ticks and crosses next to 

the sentences on our clipboard, we write numbers. Probabilities measure the plausibility, or what I more 

formally call the subjective epistemic status, of a proposition against a specified body of information. They 

take real-numbered values from zero to one inclusive, where zero is certainty of falsehood and one is 

certainty of truth4. A utility, measuring the desirability of a state of affairs (we might call it the subjective 

conative status), can take any real value. The problems raised with the non-mathematical system do not 

apply to BDT: 

• Because BDT is a formal system governed by axioms, there are ways to deduce predictions 

from it. The act chosen (of a set of mutually exclusive available acts) is the one with the 

highest utility. If we can assign a probability and a utility to each consequence of an act, then 

we can calculate a utility for the act itself as a weighted average. Thus all the informal 

principles mentioned earlier emerge naturally from this system; for example, that if a highly 

                                                           
4 Zero is certainty of falsehood only for certain classes of propositions. For deciding the exact 

value of a physical constant, for example, we have an uncountable infinity of possible answers. We may 

well give all of them a probability zero and use a related mathematical system called probability density to 

measure the subjective epistemic status associated with each precise value. In such a case, our allocation of 

probability zero to a particular number does not mean we are ruling out that number as the value of the 

constant. 

Comment [mlp1]: Very small changes to the squirrel’s 
environment will not be noticed because any effect they 
have on the squirrel will be below the threshold of its 
perceptual system; what in perceptual psychology is called 
the just noticeable difference. We could try and code the 
just noticeable difference into our predictive system, 
which would be very difficult because that difference is 
not a constant; in effect needing an entire additional theory 
to account for its variation. Even if feasible, this takes us 
away from the intentional stance: the point of adopting 
belief/desire explanation of the squirrel was so that we 
would not require information about neural facts like just 
noticeable differences. 
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desirable consequence of an act becomes more likely ceteris paribus, then that act becomes 

more desirable. 

• In virtue of being a formal deductive system, BDT also gives precise answers to the question 

about context, i.e. “what do I need to know in order to make predictions?” One probability 

can be expressed as a function of other probabilities, and a utility can be expressed as a 

function of other utilities and probabilities. In this way an undecided quantity can be 

calculated from a well-defined set of other quantities. It is only permissible to deduce a 

prediction of behaviour if one has a sufficient set of utilities and probabilities and 

assumptions about the availability of different acts. 

• The use of numerical measures of belief and desire, rather than labels such as “strong” and 

“weak”, allows indefinitely many degrees of uncertainty. It allows in principle a new level of 

plausibility or of desirability to be introduced between any two differing levels, so if A is 

preferred to B then we have not ruled out the possibility that something else is preferred to B 

but has less desirability than A.  

 

In the context of the intentional stance, the function of this mathematical system is not to commit 

to one view of the underlying mechanism of the squirrel’s behaviour. We are not trying to say that the 

squirrel is a probabilistic intentional agent as opposed to another kind of intentional agent. Instead, BDT is 

a tool to organise the information we have about the squirrel in a way which is fruitful in terms of deducing 

predictions in ignorance of the underlying mechanism. 

A point which may seem too obvious to mention but which plays a central role in the later 

argument is that we have to use BDT, or indeed any other system of intentional-stance prediction, 

consistently. If we give proposition H a probability of 1, for example, we must give its negation a 

probability of zero: informally, if something is certain to be true, then it is certain not to be false. In this 

thesis I am assuming that the interpretation of behaviour is being carried out by an agent who is logically 

omniscient and who never makes mistakes with BDT. The fact that human beings make errors with such 

reasoning adds another sense in which the Bayesian intentional stance is an approximation. However, this 

consideration can actually support the viability of the intentional stance. The intentional stance is not meant 

to be a perfect predictor of behaviour but a system that works significantly better than other stances in 

certain circumstances. If an interpreting agent has a cognitive limitation which prevents them from keeping 

track of someone’s intentional states and their interrelation, then a lower-level stance, which ex hypothesi 

involves the processing of more information than intentional stance explanation, will present even more 

difficulty. 
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Objections to Real-valued Measures 

Although BDT avoids some problems that I have identified with the more conventional system of 

belief/desire explanation, it might be argued that it brings another set of problems which outweigh these 

advantages.  

 One particular objection originates from the first-person perspective, and goes like this. Although 

I am aware of my having beliefs, I certainly do not experience beliefs as having any numeric value. There 

is no clear reason why, when expressing the strength of belief, I should use any one number rather than 

another. A general response to this is to reiterate that the intentional stance does not make presumptions 

either way about the internal life of the thing being interpreted.  

To answer this point specifically, I will make an analogy. I am aware of a sharp pain on my foot 

where I have stepped on something. I am aware of the location of the pain, but there is no numeric aspect 

to that location and I see no reason to attach any one number rather than another. However, if I express the 

feeling behaviourally, by pointing to the place on my foot which hurts, there is nothing to stop someone 

using an arbitrary numerical scheme, such as centimetres from the tip of the big toe, to attach a number to 

the location of the pain. The point is that psychological quantities can resist any kind of quantification from 

the egocentric perspective when it is still legitimate and useful to attach a specific number to them. 

 

 I shall devote much more space to looking at an objection that comes from a third-person 

perspective. This objection questions the use of real numbers as measures of the plausibility or desirability 

to the squirrel of various propositions. It might seem overkill to have an uncountably infinite number of 

different possible subjective epistemic and conative states. Could we not understand the squirrel’s 

behaviour by invoking a small number of different levels? 

A quick answer to this is, “Yes, we can”. Although we are allowed to allocate an infinite number 

of states, we are not forced to. Bear in mind that the probability and utility framework does not itself make 

predictions and explanations of behaviour, at least not until we plug in our estimates of the squirrel’s 

probabilities and utilities of different propositions. It is an abstract skeleton upon which we can create 

indefinitely complex systems of intentional explanation. We might use these systems to explain the 

behaviour of a squirrel in terms of its attitudes to a handful of propositions, or something much more 

complex in terms of its attitudes to a vast and expanding set of propositions. 

Once we have decided that A is more plausible (or desirable) than B to our subject, our system of 

interpretation cannot rule out that some proposition C might be more subjectively likely than B but less 

subjectively likely than A (and similarly for preference). In light of this, the decision-theoretic system is not 

fit for its purpose unless it allows us to insert a new level of plausibility or desirability intermediate 
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between any two existing levels.5 In other words, mathematical density is a requirement over the whole 

ranges of plausibility and desirability. Hence the system from which we derive predictions of behaviour 

has to at least admit rational-number values. So even though the particular utility function we would use 

for certain applications might only use a finite number of different utilities, utility itself has to be in 

principle infinitely variable if it is not to rule out certain preferences a priori. A similar distinction applies 

to probabilities. 

This does not itself mean that we have to use all the real numbers. The set of real numbers has the 

property of continuity in addition to density. It includes irrational as well as rational numbers. Real-number 

variables will be necessary if the functions are going to be differentiated, which will be crucial to the Cox 

theorem considered later under “The Normative and Descriptive Cox Proofs”. One could take the strategy 

that probabilities and utilities will only ever take rational values, but we embed them in a mathematically 

powerful real-valued system. 

The misgiving about rational or real numbers may be that we are using something infinitely 

variable to represent the subjective state of the squirrel, when we have no reason to believe that the squirrel 

has infinitely variable subjective states. However, this is to mistake the point of the intentional stance. The 

end product of the intentional stance is not itself a number but a prediction about which acts will be the 

preferred ones in certain circumstances. That system of prediction is justified (or at least counts as 

intentional-stance prediction) in so far as it makes those predictions fruitfully and efficiently. This process 

is meant to be agnostic about the underlying mechanism. So long as the system works, it should not matter 

to us whether the way the squirrel represents reality is with something infinitely variable like a voltage, 

digitally, or however else. If we have no reason to suspect one of these kinds of representation rather than 

another, our system should not rule out any of them. 

If there really is something objectionable about infinite variability in this context, then we can use 

decision theory but arbitrarily truncate the numbers we calculate after a fixed number of digits. Like any 

rounding error in a repeated calculation, this would create an essentially random input that is amplified as 

more calculations are done, making the final result (the utilities used to predict preferences) less and less 

dependent on the initial information. This highlights an advantage of BDT in the intentional stance context: 

we want our predictions of the squirrel’s behaviour to be dependent only on the information we put into the 

system (plus the background assumptions that we make as part of the intentional stance). When we put in 

estimates of the squirrel’s subjective desirabilities of different objects and activities, we want our 

predictions to be derived as cleanly as possible from that input, for one thing so that if the predictions are 

wrong we know that those estimates should change. From this perspective, we do not improve the system 

by adding random or totally arbitrary elements to it. Hence we should stick as far as possible to real-

numbered values rather than deliberately truncated ones. 

It may still seem objectionable to use point-valued quantities simply because reality is in fact not 

that precise. However, this practice is ubiquitous in scientific reasoning. Consider fluid dynamics as an 

                                                           
5 This paragraph is my interpretation of an argument presented sketchily on pages 6-9 of 

Appendix A of Jaynes (1994). 
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example. It is not a controversial practice to say that the wind in a particular place has a speed of forty 

miles per hour. However, there is a problem if I ask what exactly is travelling at that speed. If I search for 

the object that is travelling at forty miles per hour, I will find just a lot of air molecules travelling at 

hundreds of metres per second. I could use an apparatus with an extremely high temporal and spatial 

resolution in an attempt to measure the precise value of the wind speed, but what this would tell me is that 

the speed is sometimes huge (at the moments when a molecule hits the apparatus) and zero (the rest of the 

time). 

In spite of all this, forty miles per hour is the figure we would input into meteorological 

calculations. The fact that the phenomenon of wind can be reduced does not force us to make a reductionist 

model. Powerful meteorological models can be made without any mention of molecules. Similarly, even if 

it turns out that the squirrel lacks any feature corresponding to a point-valued belief, this should not stop us 

attributing a point-valued belief state to describe its behaviour. 

Here is a more mundane example. We use a mathematical system that takes real-numbered values 

in calculating the length of a shadow cast by a building. Depending on the fundamental nature of matter, 

there might be no fact about what value the height takes, beyond a certain (perhaps large) number of 

decimal places. It might be meaningless to talk of an infinitely precise value of a building’s height at a 

particular second because within that second the building might be subject to acoustic and seismic 

vibrations, thermal expansion and other, even smaller-scale changes of height. The functions of 

trigonometry and multiplication demand infinitely precise, real-valued inputs. Yet no one suggests giving 

up trigonometric calculation for a system of labels such as “tall building,” “very tall building,” “long 

shadow” and so on. 

These examples may not be relevant to every case of intentional stance prediction, because in 

most scientific cases we know that we are entitled to many decimal places of precision, whereas with our 

hypothetical squirrel we have no assurance that any particular degree of precision will be useful. However, 

the difference is one of degree rather than one of kind. What this shows is that we cannot dismiss a priori 

the idea that our interpretational system will benefit from point-valued variables. 

In scientific contexts, real-valued quantities are usually used in conjunction with (perhaps 

implicit) error intervals. In other words, we use mathematical models and functions that take point-valued 

quantities, but treat those quantities as things we do not precisely know. Even when we know that the thing 

being measured does not have an infinitely precise point value, it may still be a very useful linguistic 

fiction to treat its imperfect precision as though it were our own uncertainty. A similar strategy can hold in 

the case of interpreting the squirrel, in that we could adopt interval-valued rather than point-valued 

probabilities (and similarly for utilities). By this scheme, we have to write two numbers in each box of the 

clipboard instead of just one. These numbers stand for upper and lower limits within which the utility or 

probability might lie. One way to think of them is as error bars in our measurement of some aspect of the 

squirrel, although strictly there might be no fact of the matter about where in the interval the value lies. 

When we know nothing at all about the squirrel, all the ranges are set to maximum, i.e. 0 to 1 for all the 

probabilities and the whole number line for all the utilities. The squirrel’s behaviour and other information 
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that we have about it constrain the probabilities and utilities we can allocate to it. If it has a choice of two 

acts, and the lower bound of one act’s utility is above the upper bound of the other’s, then the prediction 

made is that the first will be chosen. If the intervals overlap, then no prediction is made, because no 

preference has been ruled out. 

Writing two numbers in each box on the clipboard is more complicated than straight BDT, but it 

is to be expected that interpretation requires this. When we are interpreting the behaviour of a squirrel, 

there are two places in which misperception and uncertainty can be introduced. The squirrel has incomplete 

information about its environment, having incomplete or even mistaken perception. Hence it is meaningful 

to say that it has states of uncertainty. We the interpreters also have incomplete information about both the 

squirrel and its environment, so we are uncertain about what state the squirrel is in. Hence what we are 

attaching to each propositional attitude on our clipboard is a measure of uncertainty about uncertainty. This 

is what makes it appealing to use interval-valued probabilities in the context of interpretation.6 

This cautious system is not really a different interpretation system from BDT, because the 

constraints that govern the interval-valued quantities are still those given by the mathematics of probability 

and utility. The range of uncertainty in the probability of ¬P has to be appropriately matched to the range 

for P, for example. The use of interval values rather than point values just means that we are considering 

whole classes of probability and utility functions at once, rather than one at a time. For this reason, the rest 

of this thesis will be expressed in terms of standard BDT with point-valued probabilities and utilities. 

The Mortonian Agent 

To illustrate the above strategy of treating vagueness as uncertainty of measurement, I will now 

directly address a putative example of non-Bayesian intentionality. The Mortonian agent7 works as 

follows. It has a collection of statements written on pieces of paper in a box. Any time it has to make a 

decision, it picks out a random sample of those statements. It then extracts a choice from those statements, 

using a process which is always guaranteed to give an answer. This has some definite virtues as an abstract 

analogy for human decision makers. The term availability heuristic is used in psychology to refer to the 

many demonstrated ways in which memory can be primed by quite irrelevant things that are more easily 

accessible, for instance if they have been recently encountered (Kahneman, Slovic and Tversky (1982)), 

and the Mortonian agent simulates this pseudo-random influence on decisions. 

On the strictest interpretation, Bayesian and Mortonian agents form exclusive classes. For one 

thing, decisions made by a Bayesian agent are made using the totality of available information. Also, 

Bayesian agents are conceptualised as having probability and utility functions that are fixed until updated 

                                                           
6 Good (1962) recommends only offering interval-valued probabilities because of our limited self-

knowledge. C. A. B. Smith is also associated with the claim that behavioural indications only allow us to 

allocate interval-valued rather than point-valued probabilities. See Kyburg (1998) for a review. 
7 Suggested informally by Adam Morton. 
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with new information, or until interfered with by something that acts non-propositionally, for example 

physical damage, whereas the decision taken by a Mortonian agent depends on the set of statements 

selected and hence can change without any new information. However, in the context of the intentional 

stance we only have to approximate an agent’s behaviour, not describe its mechanism, so the Mortonian 

agent might still be Bayesian in this weaker sense. When we think about how each model would be 

empirically interpreted, I suggest, the differences disappear. 

Imagine testing an agent’s desire for some object on some arbitrary behavioural scale. This could 

involve presenting it with some object and seeing how hard the agent works to get it, how far they are 

willing to go from a safe place in order to get it, and so on. We are not considering linguistic behaviour at 

this stage, nor are we considering higher-level intentions that the agent might form, such as an intention to 

deceive us experimenters. In the Bayesian context, this is a measure of the expected utility of the act of 

possessing or using the desirable object. The likelihood (to us) of the agent’s desire taking any particular 

value I will call the choice function. The choice function is our prediction about the agent’s behaviour, and 

the success of the prediction is measured by the closeness of fit between the choice function and the actual 

behaviour. 

The strategy I have suggested for empirically interpreting something as a Bayesian agent is to 

adopt the linguistic fiction of there being a “true” expected utility which is manifested in behaviour in a 

“noisy” way. Nothing is specified about the noise, so we should choose a distribution that is the least 

presumptive. For this we turn to information theory, seeking a maximum entropy distribution, i.e. the 

distribution with the lowest information content compatible with the given information. It turns out that the 

maximum entropy distribution for a given mean and variance is the normal distribution (Jaynes (1996)). 

Thus our choice function should be a normal distribution around the most likely value of the output, 

although we might have to distort the normal distribution to take account of non-linearities in our 

behavioural scale. 

Now consider making the same prediction about the Mortonian agent. Because its decision 

process involves a random selection, the behaviour of the Mortonian agent could be highly variable: given 

exactly the same decision problem, there is a range of choices that it might make. We face the following 

dilemma. Does this variability evenly cover the whole range of behaviour allowed by the experiment? In 

other words, is the agent’s decision practically random? 

• If the decisions are this random, then there is no hope of fitting a set of probabilities and 

utilities to the agent, except the trivial interval-valued model where all probabilities and 

utilities take all possible values. Then again, under these circumstances it is futile to apply 

any intentional explanation to the agent’s decision, so this is no problem for descriptive 

Bayesianism. No one can predict the agent’s behaviour with any success without knowing 

something about its (ex hypothesi non-intentional) selection process. 

• Alternatively, imagine that the Mortonian agent does not behave randomly but has a reliable 

(not necessarily exceptionless) pattern of preference. The choice that it would take if it used 

all of its information can be regarded as a central point, and the process of selecting random 
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subsets introduces a random variation about this point. If we know nothing about this 

randomising process except that it introduces a certain degree of variance, then again the least 

presumptive choice function is a normal distribution around this point. 

On collecting more information about the Mortonian agent, we might produce a refined choice 

function which is not single-peaked and normally distributed. Since this is information about the 

mechanism rather than the intentional states of the agent, there is nothing to stop us using it to refine the 

predictions of the Bayesian intentional stance, just as we would use information about the noise in a 

measuring process to refine the predictions of a theory of physics. 

Whether we are using the Mortonian and Bayesian abstract models, the choice function that we 

construct is the same, if we have the same expectations about the average propensity and the extent of its 

variability. This continues to be the case as we add further information, so long as we specify the 

equivalent information for each agent. Since Mortonian agents are defined by a mechanism and Bayesian 

agents in the present sense are those for whom the Bayesian intentional stance is successful, we should 

conclude that Mortonian agents as we have described them are simply a subset of Bayesian agents. Put 

another way, exactly in so far as a Mortonian agent’s behaviour is predicted intentionally, probability and 

utility functions capture that same intentionality. This deflates one putative counter-example to Descriptive 

Bayesianism, and a similar strategy could be used to deflate other putative counter-examples. 

Some Empirical Research 

Descriptive Bayesianism as defended here is the idea that whenever intentional explanation works 

(in the particular sense required by the intentional stance), Bayesian intentional explanation works. This is 

a conditional claim and allows for the possibility that neither ever works descriptively; that the predictive 

or explanatory success of belief/desire explanation is illusory. Although the point I am making is 

philosophical, it is natural to ask if the descriptive use of Bayesianism has any empirical application. While 

I do not offer any definitive answer to the question of whether intentional explanation (Bayesian or non-

Bayesian) is successful, I want to illustrate a few lines of research that have a bearing on the question. 

In particular, I want to look at the recent rational analysis research programme in psychology. 

This means that we will first examine classic experiments purporting to demonstrate human irrationality, 

and then survey reinterpretations that explain the subjects’ performance in terms of subjective probability 

and utility functions. Before that, I will consider some experimental results that offer a warning about 

intentional explanation. 

 

The sheer ubiquity of belief/desire explanation in human beings’ understanding of each other 

might be taken as an argument for the effectiveness of the intentional stance. While this argument may well 

support the theory that intentional explanations are much more successful than chance, there are at least a 

couple of considerations that undermine this support. Specifically, common cognitive biases may 

exaggerate the perceived success of a subject’s attempts to explain someone else’s behaviour. 
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One bias that could have this effect is hindsight bias, in which subjects overestimate their ability 

to have predicted a past event. Fischhoff (1975) reports a study in which subjects demonstrated 

overconfidence about their ability to make a prediction from limited information. Subjects read passages of 

text describing a historical event (a battle in India) and were then told an outcome of the event, different 

groups being given different conflicting outcomes. Asked to rate the likelihood, given the original 

information, of each of four outcomes, the subjects rated the outcome they had been given as the most 

likely consequence of the initial information they had been given. 

This was open to the complaint that a judgement of the likelihood of an outcome is meaningless 

when one has been told what the outcome is. However, a further element of the experiment reinforces the 

interpretation in terms of overconfidence. Each group of subjects was asked to pick out the statements from 

the initial text that were most strongly evidential as to the outcome. The original text had been constructed 

to have an equal number of statements supporting each possible outcome, but each group of subjects 

picked out as evidential the ones which pointed to the outcome they had been given. In cases where we 

make post-hoc predictions of another person’s behaviour, knowing a number of things about their 

motivations and beliefs, we seem to have a very strong analogy to the Fischhoff experiment. If Phil 

launches a surprise birthday party for his wife, we could have explained it in terms of his eagerness to 

revive his marriage, but if he doesn’t, we can explain that because he has never been keen on doing things 

out of the ordinary. 

Since the ability to understand and predict other people’s action is a desirable ability, it may also 

be subject to illusory superiority. This is the tendency of an overwhelming majority of subjects to report 

that they possess positive characteristics to a higher degree than most others or than the average other (see 

Hoorens (1993) for a review of this and similar biases). 

 

Now we turn from results which are downbeat about intentional explanation to some arguments 

(specifically, re-interpretations of classic experiments) which are upbeat, especially about descriptive 

Bayesianism. A supposed canonical demonstration of human irrationality is the rule discovery task used by 

Wason (1960). Subjects had to identify a rule governing triples of numbers, having been told that “2,4,6” 

fits the rule. They could perform “tests” by suggesting a triple and asking if it followed the rule. Subjects 

rapidly formed hypotheses, such as “Numbers increasing by two each time,” or, “Increasing even 

numbers.” The correct rule, “Any numbers in increasing order,” was broad enough to logically include the 

hypotheses that users usually came up with. One learns that one’s hypothesis is insufficiently broad by 

offering a test which does not conform to the hypothesis (such as “3,5,6” for either of our examples) and 

finding that it does obey the experimenter’s rule. Subjects, however, very rarely made this sort of test, 

almost always preferring tests that were in accordance with their hypothesis. Those who hypothesised 

“increasing by two each time” would suggest “4,6,8” and so on. Wason interpreted this as a “confirmation 

bias”, meaning a bias towards seeking ambiguous confirmations of a hypothesis rather than decisive 

falsifications. 
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Klayman and Ha (1987) provided a strongly contrasting analysis of these results. To follow their 

argument we have to keep two distinctions separate. One distinction relates to the evidential significance of 

the test; whether it is expected to falsify or verify a hypothesis. The other distinction is how the test relates 

to the hypothesis; whether it is a positive case of the hypothesis or not. In Wason’s experiment, these 

distinctions happen to cut the same way. Rather than concluding that subjects are avoiding a decisive 

falsification, we are free to conclude that they are attached to positive-case tests. This is the route taken by 

Klayman and Ha, and they justify this as the rationally correct procedure in terms of the expected 

informativeness of the result of the test. If the subject’s hypothesis and the experimenter’s rule are disjoint, 

for example, then a positive-case test will decisively falsify the hypothesis, because any triple that 

conforms to the hypothesis will not obey the experimenter’s rule. If the correct rule is a narrow subset of 

the hypothesis, then positive-case tests are the only way to provide a falsification. 

It follows that falsifications could be more likely to come from positive-case tests or from 

negative-case tests, depending on the likelihoods of various possibilities; that the target set is a subset of 

the initial hypothesised set, a superset of it, disjoint from it and so on. Klayman and Ha produced a 

probabilistic model that demarcated the conditions under which positive- and negative-case tests would be 

most informative. 

The Wason task is explained to the subjects as an attempt to find a target rule (or set). Target sets 

are almost always minorities and usually very small minorities. A given property is usually only had by a 

small proportion of things. Hence the target set is more likely to be a subset than a superset of a broad 

initial hypothesis. These are the conditions under which positive-case tests (the tests that Wason’s subjects 

used) are more likely to produce informative, decisive falsifications. Hence the subjects were not only 

adopting an entirely rational approach to the task but also generalising inductively from other cases of rule-

discovery, thereby making use of information that might have had a bearing on the problem. It is still true 

that the subjects’ strategies were irrational for discovering a rule that was extremely broad, but then they 

did not have the information that the rule was of this nature. Klayman and Ha point to the alternative 

version of the Wason experiment performed by Tweney et al. (1980). Rather than telling subjects that 

triples did or did not fit a rule, they classified the triples as “DAX” or “MED”. This avoided labelling one 

set of triples as a “target”, and subjects in this revised experiment were much more successful at finding the 

correct rule. 

By reinterpreting this one experiment, one does not entirely disprove the existence of 

confirmation bias. It has been argued that confirmation bias is demonstrated in other experiments (Snyder 

and Swann (1978)). What it does show is that this supposedly irrational behaviour can be understood as 

optimising something desirable, namely the informativeness of a test, in light of the subject’s probabilities. 

Later in this thesis we will continue this theme, by exploring how Bayesian agents, given suitable values, 

could exhibit scientifically irrational behaviour such as self-deception and reluctance to perform tests. The 

choice of which tests to perform will be a particular focus of Part 6. 
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Although the label was not in use at the time of their paper, Klayman and Ha were adopting a 

“Rational Analysis” approach, which has since been championed most prominently by Oaksford and 

Chater .8 Oaksford and Chater’s (1994) demonstration of this approach is a reinterpretation of the Wason 

selection task. There are many variations on this task, but they all require the subject to test a conditional 

statement, i.e. something of the form ∀x(Fx→Gx). The subjects are told they can perform four possible 

tests: 

• Examine an F to see whether or not it is G. 

• Examine a not-F to see whether or not it is G. 

• Examine a G to see whether or not it is F. 

• Examine a not-G to see whether or not it is F.  

The task is to identify which of these tests are needed to establish the truth or falsity of the 

conditional rule. In a version of the task at which people are particularly successful, the rule is that anyone 

drinking in a bar is over the legal drinking age. Subjects realise that they need to examine anyone drinking 

(to see if they are of the legal age) and anyone underage (to see if they are drinking). Wason’s original task 

(Wason (1968)) presented a much more abstract rule: that if a letter written on a card is an A then a number 

written on the other side is a 3. Subjects mostly chose the vowel and the even number, or just the vowel, 

rather than the vowel and odd number. In terms of the abstract framework set out above, they tested the F 

and the G, or just the F, rather than the F and the not-G. 

The “correct answer” in the above problem recalls the “paradox of the ravens” in the philosophy 

of science. No-one seriously suggests that “All ravens are black” should be tested by examining all non-

black things (the not-Gs), so this should make us question whether examining not-Gs is really the 

universally best course of action. Chater and Oaksford (1999) give as an example the rule, “Each saucepan 

that is dropped makes a clanging sound” (my paraphrase). The exhortation “Test Fs and not-Gs” would 

lead us not only to drop saucepans but also to examine every event where we do not hear that sound, to see 

if a dropped saucepan is involved. We do not do this, but our failure to test not-Gs does not seem to be an 

example of irrationality. 

Oaksford and Chater’s analysis assumes that subjects will treat the task as an inductive problem in 

which they try to decrease uncertainty, in the sense of Shannon’s information theory. Like Klayman and 

Ha, they assume that subjects treat properties as rarely instantiated, meaning that the subjective baseline 

probability of any property is small. Let us assume that the probability of something being F or G is small. 

Then on testing a not-G, we would expect to find that it is not-F, even if the conditional rule does not hold 

and the properties are independent. So the test of not-G is not very informative, in that it is expected to 

produce only a small decrease in uncertainty, or to put it another way the expected outcome of the test does 

not distinguish the two rival hypotheses. If Fs and Gs are both rare, then, counter-intuitively, observation 

of a G can be informative. If the properties are independent, then a G is unlikely to be an F. Conversely, if 

                                                           
8 See Chater and Oaksford (1999) for a review paper and Oaksford and Chater (1998) for an 

edited volume on the topic. 
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all Fs are Gs and there are almost as many Fs as Gs then it follows that most Gs are Fs. Thus the 

observation of a G is actually informative as to whether or not the conditional rule holds. 

The theoretical information content of each test follows the ordering [F > G > not-G > not-F]. 

This matches the patterns of answers that subjects give in the abstract Wason task. Again we have a 

putative demonstration of irrationality where subjects are giving answers that turn out to be optimal 

according to a rational choice model, and where they seem to be making an inductive inference from 

similar kinds of task. The probabilistic model invoked might be called ad-hoc, but it ascribes a sensible and 

plausible use of information to the subject. More importantly, the very fact that it is possible to fit a rational 

choice model to the subject’s behaviour, even if it seems ad hoc, shows that the Bayesian intentional stance 

is not ruled out by the alleged irrationality. When presented with the more familiar task involving drinking 

age, subjects are perhaps bringing a lot more information into the hypothetical situation, both about the 

base rates of different properties and about the penalties for making a mistake. 

The deductive logic rationale which says that G is totally uninformative is very appealing and is 

obviously in some sense the right answer. However, the rationale in terms of uncertainty reduction in an 

inductive problem is also appealing, yet they give contrary answers. The resolution seems to be that the 

former, deductive solution holds when we are considering a closed world of only four items. On the other 

hand, when we have an indefinite number of items it is no longer the case that testing an F and a not-G 

resolves the question of whether the conditional rule holds, so one has to take an uncertainty-reduction 

approach. 

The claim of rational analysis is not that people explicitly frame problems in terms of probabilities 

or expected information, or even that they understand these concepts. It just says that we can predict 

subjects’ behaviour quite successfully by interpreting subjective probabilities onto them. In this way, the 

rational analysis approach is an application of descriptive Bayesianism in experimental contexts. 

 

Chater traces the origins of the rational analysis approach to the work of Anderson. Anderson 

(1990) gives a very counterintuitive account of the process of forgetting. It may seem obvious that the 

gradual loss of information over time due to forgetting is an irrational feature of human beings, leading to 

inconsistent preferences or choices over time and inefficient use of information. It would seem to be the 

canonical example of something to be explained in terms of a physical process rather than belief and 

desire. However, even this can be given a rational analysis. 

In a storage area for many different pieces of information, such as a hard drive, library or brain, 

each piece of information needs a “key” such as a library catalogue number so it can be picked out from 

the others. The shortest length that this key can take is proportional to the logarithm of the number of items 

in the archive. The longer the key that has to be generated and processed, the slower the retrieval. Hence it 

is not always a good idea to put information into such an archive, nor is it a good idea to keep every piece 

of information permanently. As more information is packed into the archive then the key approaches the 

same size as the item being retrieved, and so the overall “efficiency” of the library is eliminated. Imagine 

generating catalogue numbers for a library with all possible books up to a certain length, or file names for a 
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computer disk filled with all possible programs up to a certain length. In a system which recalls pieces of 

information on the basis of association relations such as similarity, as the brain seems to do, then an excess 

of stored information will result in an avalanche of “similar” items being elicited by any input, potentially 

swamping the particular information that is most useful to the subject. 

Hence a good information storage system will only keep those items that are likely to be needed. 

Anderson created a model with a plausible distribution for usefulness, which says that, context being 

constant, the likelihood of an item being needed is a function of the time since it was last used. This model 

fits empirical data on forgetting; an unexpected successful prediction being that the rate of forgetting is 

affected by the likelihood that the information will be tested in the near future. 

Again it should be explained that the cost-benefit analysis of keeping information in memory is 

not supposed to be a decision that the subject is in any sense conscious of making. What Anderson’s 

analysis shows is the predictive power of a belief/desire model applied to putatively irrational human 

behaviour. Taking the rational analysis approach, one can still accept that human beings have many kinds 

of cognitive failing, but at least some central results in this area are actually successes for descriptive 

Bayesianism. In Part 4, “Rationality and Science,” I will take a closer look at different kinds of rationality 

and the sense in which the basic rationality assumed by the intentional stance can underlie irrationality in 

the scientific or instrumental senses. 

 

As another example of the rationality of seemingly irrational behaviour, consider insanity and 

unreasonableness. It may seem tautological to say that unreasonableness is irrational, but irrationality in a 

certain sense can be rational and optimal in an underlying sense. Consider the game of “chicken” in which 

players drive cars at each other and the “loser” is the first person to swerve. An irrational player who will 

not swerve (and who is known to be irrational) is at an advantage over a rational player who does a cost-

benefit calculation of swerving versus not swerving (Poundstone (1993)). Negotiations arguably work in a 

similar way, giving an advantage to the party that can credibly appear stubborn and unreasonable. 

Consider a case of out-and-out insanity, such as a responsible professional person who suddenly 

claims to be Napoleon and makes decisions seemingly at random. This could be explained as a rational 

choice in the following way. The pressures and responsibilities they face might make life unbearable, but 

an admission that this is the case would mean humiliation. Rather than admit an inability to fulfil one’s 

responsibilities, it is much preferable to present oneself as prevented by disability from fulfilling them. 

Consider how someone who is unable to walk to the shops because of an injury is treated very differently 

from someone who is too lazy. The concept of insanity, which is thought of as a disability or illness, allows 

this sort of way out. Hence it is in the subject’s rational interest to seem suddenly and radically out of touch 

with reality and unable to take decisions. A way to convey this is to claim something that is obviously not 

the case; claiming to be Napoleon, for example. 

This is not to deny the existence of real disorders of mental function. Instead it shows that even in 

explaining “insane” behaviour we do not necessarily have to abandon intentional explanation. 
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The Dual Role of Consistency Requirements 

When we consider applying descriptive Bayesianism to human beings rather than squirrels, we 

face a set of objections that arise from the fact that people demonstrably make mistakes in logical and 

probabilistic reasoning. This objection only has force, I shall argue, if we confuse two different uses of 

logical systems such as BDT. I shall build up to a detailed answer of the specific objections, but this will be 

easier if we first extend our consideration of what it means to take the intentional stance.  

Let us go back to the situation of predicting a squirrel’s behaviour using propositional attitudes 

that we write down on a clipboard. The boxes on the clipboard are labelled with attitudes such as, “Belief 

that there are no other squirrels inside the big tree,” or, “Desire that the red box contains nuts.” My use of 

the intentional stance involves allocating strengths to these attitudes by observing patterns in the squirrel’s 

behaviour, informed by background knowledge. The background knowledge would include, for instance, 

the fact that living things generally strive to survive and reproduce, and that for a squirrel this involves 

collecting certain kinds of item to eat, and avoiding certain types of other creature. 

It is worth reiterating that the sentences I write down on the clipboard are not supposed to be 

utterances of the squirrel, even potentially. Those sentences simply serve to pick out propositions, so it 

does not matter which sentence is used as long as a proposition is successfully identified. Imagine that a 

French companion is standing next to me with her own clipboard, interpreting the squirrel’s behaviour in 

just the same way that I am. She of course is labelling the squirrel’s propositional attitudes in her own 

language, so when I look over her shoulder, I see a clipboard with completely different text on it from what 

I have. Yet it could be that she and I are using the exact same intentional model of the squirrel’s behaviour, 

so long as we are each picking out the same set of propositions for the squirrel to have attitudes to. 

However, this is only the case because the squirrel is not a language user. If we were interested in the 

linguistic behaviour of a person, and were using our clipboards to transcribe their utterances, then it does 

matter what language we write on the clipboard. 

Imagine that I am using some sort of formal propositional language to label propositions on my 

clipboard. One of the beliefs that I attribute to the squirrel is called “Belief that P.” Since P∧P is obviously 

the same proposition as P, I could equally well use the label “Belief that P∧P” for that attitude. “Belief that 

P∨P,” “Belief that ¬P→P,” “Belief that ¬(P∧(P∧P))→(P∨P),” and other labels could be used for the 

same reason. These labels are only absurd in that they take longer to write: the proposition they identify is 

no more complex than that identified by merely writing “P”. If the interpreter with the clipboard is 

logically omniscient, then this process can continue indefinitely. 

In the present sense of “belief”, then, the squirrel believes everything that is logically equivalent 

to any of its beliefs. This is how, in the context of intentional-stance interpretation, the squirrel could seem 

to have the property of logical omniscience. It should be clear, though, that this is not really a property of 
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the squirrel at all. If it is true at all, then it says nothing at all about the squirrel other than that it is the 

subject of an intentional-stance interpretation. It is more properly a truth about the interpreting agent. 

Now consider the interpretation of a language-using person. A person can move about, seek food, 

avoid danger and so on, and we may well want to apply the intentional stance to prediction of that 

behaviour, just as we did with the squirrel. This would involve ascribing propositional attitudes to that 

person and treating them as logically omniscient with respect to those propositions. However, the person 

also has another range of possible behaviours, namely linguistic acts. To adopt Grice’s (1957) terminology, 

these actions have a non-natural meaning (in that they express propositions) as well as a natural meaning 

(in that to an observer they can be reliable indicators of something). For instance, someone’s sincere 

utterance of “Snow is green” has a non-natural meaning that snow is green and a natural meaning that they 

do not know what colour snow is. Linguistic acts need not involve the production of an utterance. For 

instance, by signing one’s name to the foot of a piece of text written by someone else, it is possible to 

assert all the sentences in that text. In the context of a survey, it is possible to assert a sentence just by 

ticking or clicking a box. 

If a person utters the sentence “P”, then it does not follow at all that they will accept the truth of 

“¬(P∧(P∧P))→(P∨P)”. They may even assert the truth of one while denying the other. One trivial reason 

for this is that they might not be using the language L in which these sentences are logically equivalent. 

However, if we assume that our subject has had L explained to them and claims to be using L, then there is 

still no necessity that they will not make a contradiction. In fact, if someone did accept any logically 

equivalent sentence as readily as they accept “P”, without accepting anything that contradicts P, then they 

would have logical omniscience in a strong sense, which is a superhuman power more implausible and 

impressive than X-ray vision or levitation. 

So the clipboard used in interpretation of a person would be similar to that used for the squirrel, 

but with a crucial additional set of acts and related propositional attitudes. Whereas we can label the 

propositional attitudes with sentences of our own language, the potential utterances have to be spelled out 

in the subject’s own language. Whereas it does not matter what particular sentence we use to pick out 

propositional attitudes, the linguistic acts have to be identified more specifically, approximately at the 

sentence level. Knowing what state of affairs somebody wants to describe, or what information they intend 

to ask for, will not on its own tell you what words they will choose, because you would also have to know 

what language they speak, how educated they are, whether they are keen to impress their audience, and so 

on. 

In our observation of a language user’s behaviour, deductive logic plays its more familiar 

normative role, in addition to the descriptive role set out above. Take the following tautology of 

propositional calculus. 

(P ∨ Q) ≡ (¬P → Q) 

The fact that this is a tautology can read as a statement that the two expressions “(P ∨ Q)” and 

“(¬P → Q)” have the same content. In the intentional-stance ascription of beliefs and desires (which we 

can do with squirrels, people or any other intentional system), this tells us that if a particular proposition is 



Value and Belief, by Martin Poulter, infobomb.org. Adapted from PhD thesis of 2003  

 

This work is licensed under a Creative Commons – Attribution – ShareAlike 3.0 Unported License. 

Author: Martin L. Poulter, infobomb@gmail.com  Page 31 

 

labelled “P ∨ Q,” then we can replace that label with “¬P → Q” and nothing is changed. Put another way, 

it tells us that if our intentional stance ascribes a belief that P∨Q but disbelief that ¬P→Q, then our own 

system of intentional explanation is inconsistent. Put yet another way, if we answer the question of whether 

or not the squirrel believes ¬P→Q, then we have also answered the question of whether it believes P∨Q, 

because they are the same question. 

This point bears repeating because there is a very strongly conflicting intuition that says it is 

legitimate to make two incompatible predictions about an agent’s behaviour. This applies when we are 

confident that one of the two predictions will turn out correct, but are uncertain as to which. However, 

what this situation demands is a disjunctive prediction (“The squirrel will do A or B”). If we attribute the 

squirrel with two different attitudes to the same proposition, then we potentially end up with a conjunction 

of incompatible predictions. Returning to the example of the interpretation of a chess-playing machine, 

consider these two intentional ascriptions: 

The machine wants to castle on its queen’s side. The behavioural prediction from 

this is that the machine will not move its king, nor its queen’s side rook, is unlikely to move 

its queen’s side pawns, but will move pieces from between its king and rook early in the 

game. 

The machine wants to castle on its king’s side. This assumption makes a different set 

of behavioural predictions. There is some overlap with the previous set of predictions (for 

example, that the king will not be moved) but also some conflict, in that pieces will be moved 

to defend the king’s side rather than the queen’s. 

If we want to combine these into a single prediction, it would make no sense as a conjunction. We 

would be claiming that the defensive pieces are going to move to the king’s side, and also that those pieces 

will move toward the queen’s side. We would be contradicting ourselves, and showing that our predictive 

system has something wrong with it. Instead we want to combine them in a disjunction, saying that the 

machine wants to castle on its king’s side or on its queen’s side. This will tell us that the machine will not 

move its king, will be more reluctant than otherwise to move its rooks and pawns, and does not say much 

about the other pieces. The use of interval-valued probabilities, described in “Objections to Real-valued 

Measures” above, is an example of this disjunctive strategy. 

If we try to attribute a conjunction of inconsistent attitudes, it should be clear that something is 

wrong. Imagine that we say, “The squirrel is behaving as if P∧¬P.” This is incoherent because there is no 

such state of affairs as P∧¬P, so we would only say this if something were wrong with our system of 

interpretation. It might be objected that that squirrel can desire that P∧¬P, because it might desire that P 

and also that Q, where Q implies ¬P. However, if the connection between Q and ¬P is meant to be purely 

logical – for instance that Q is the proposition ¬P∧R – then in effect our stance is contradictory. If we 

decide that the squirrel desires that P, we have also decided that it does not desire ¬P, because these are 

simply different ways of describing the same attitude. On the other hand, the connection might be causal 

rather than logical. For instance, the squirrel might desire to pick nuts out of a basket (Q) and also to return 
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to its nest (P), when the basket is narrow enough to trap the squirrel and prevent it from escaping (Q 

implies ¬P). If that is the case, we should avoid crediting the squirrel with the causal knowledge that Q 

implies ¬P, since the very fact that the squirrel works to bring it about that P and also that Q shows that it 

has not perceived the connection. Again, we avoid attributing a contradictory set of attitudes to the squirrel. 

Another reason that we might be tempted to ascribe contradictory propositional attitudes is that in 

cases of akrasia (or weakness of will), someone’s sincere linguistic behaviour expresses desires different 

from the desires they actually act on. This is dealt with below in “Beliefs and Opinions,” where it is 

suggested that we need to distinguish the two kinds of attitude, rather than ascribe a single attitude with 

contradictory content. 

There is another strong intuition which seems to require that we attribute contradictory 

propositional attitudes. When the agent behaves one way in one situation, but differently in another 

situation, we might say that it behaves as if (or desires) P, yet also behaves as if (or desires) ¬P. However, 

the conditional nature of decision theory allows us to make fine distinctions between behaviour in different 

situations, and still ascribe consistent beliefs and desires. Every probability and utility is assessed against a 

background of information, and we can give the same situation multiple probabilities or utilities by making 

them conditional on different variations of the background. To take the simplest example, the utility of an 

act A in situation P, given background knowledge K, would be written U(A|P∧K), while in situation Q the 

relevant utility is U(A|Q∧K).9 In decision theory, one can say that these two quantities are different without 

contradiction. 

 

Let us stop and summarise the last few paragraphs. The particular application of propositional 

calculus that we have considered requires intentional attitudes to be logically consistent. Although it may 

seem that we want to attribute multiple contrary propositional attitudes to the same subject at the same 

time, this makes most sense as a requirement to be cautious rather than to violate consistency. In this 

context, the principles of logic are not used as normative constraints on the squirrel’s behaviour, but 

instead as constraints on our process of descriptively attributing intentional states to the squirrel. This is 

what I call the descriptive use of a normative rule. 

Deductive principles also have a more familiar normative use, but this involves a different 

application of the system and requires us to be interpreting a language user. The tautology that we 

considered earlier can now be read as a normative constraint, saying if someone asserts “P ∨ Q” that 

consistency requires them not to deny “(¬P → Q)” and vice versa. We have seen that ascribing inconsistent 

beliefs and desires to a person leads to inconsistency of our own system, because it contradicts our aim that 

the beliefs and desires we ascribe should be propositional attitudes. By contrast, there is no such problem 

                                                           
9 These probability and utility functions are the agent’s (e.g. the squirrel’s) subjective functions. 

Therefore, this notation assumes that the propositions P, Q and K are states of the world that the agent is in 

some way capable of responding to. That fact that a food container is empty is the sort of thing that could 

count as a P for the squirrel, but the container’s being made in Taiwan is not. 
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involved in ascribing them inconsistent linguistic behaviour, because a prediction that someone will readily 

accept inconsistent statements is not in itself an inconsistent statement.10 

If a person’s utterances seem to be inconsistent or incoherent with each other or with obvious 

facts, then as a matter of charitable interpretation we might decide that something is wrong with our 

interpretation and seek another interpretive system which makes the utterances more coherent and sensible. 

This principle of charity could be easily confused with the aforementioned principle that intentional-stance 

beliefs and desires have to be logically omniscient. However, it is a very different kind of principle. I am 

not going to offer a theory of what exactly charity is and how the meaning of an utterance is identified. It is 

not my intention to go deep into the philosophy of language, and I hope the reader can “plug in” their 

favoured theories of reference, linguistic meaning, and so on into the current system. However, it seems 

safe to say that the principle of charity does not absolutely rule out incoherence. Instead, it seems to act as 

a principle of evidential support. If one interpretation of an agent makes them seem stupid and incoherent 

while a different interpretation makes them seem coherent and broadly reliable, then a charitable interpreter 

takes that as evidence favouring the latter interpretation. This would not be a deductively valid inference, 

though, because it might just be a coincidence that utterances make sense when interpreted the latter way. 

 

It is not just the rules of deductive logic that can be given these two distinct applications. Other 

normative rules – such as probabilistic inductive logic or the principle of maximising expected utility – 

could be read either in their familiar normative application or in a descriptive application in which they 

constrain our intentional-stance ascriptions. Expected utility maximisation can be read as telling us to adopt 

the act to which we have attached the greatest expected desirability, or it could be read as telling us to 

predict the act of the squirrel to which we have attached the greatest expected subjective desirability for the 

squirrel. The familiar normative use of probability axioms is as instructions for how to reason under 

uncertainty. In the descriptive context, they can be used as instructions for interpreting a set of uncertain 

attitudes. As an example of how this would work, take the theorem P(¬H)=1−P(H). In the context of our 

hypothetical clipboard, it means, “Once you have a value in the ‘P(H)’ box, subtract that number from one 

and insert the result in the ‘P(¬H)’ box.” As a normative rule, it can be read as, “If you express your 

confidence in H as a number p, consistency requires you to rate your confidence in ¬H as 1−p.” 

The question of why we should use the particular rules of BDT in the context of the intentional 

stance is taken up later on in “The Varieties of Consistency”. For now, it will be enough merely to accept 

that I am at liberty to choose an intentional stance that is based on BDT. The only serious flaws an 

intentional predictive system could have, given that it has at least some predictive success, are logical 

inconsistency and violation of common sense. We want our belief/desire explanations to be logically 

consistent, even if the behaviour we are describing is stupid, confused or involves logical errors. We also 

                                                           
10 The attribution, “The squirrel is behaving as if P∧¬P.” was earlier dismissed as incoherent 

because there is no such state of affairs as P∧¬P. However, the attribution, “Phil willingly agrees to the 

statement “P∧¬P”,” does not have this incoherence, because it mentions “P∧¬P” rather than using it. 
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want it to be the case, for example, that if a very desirable consequence of an act becomes more probable, 

other things equal, then the act itself becomes more desirable. BDT is consistent and includes a lot of our 

intuitions about optimal behaviour, so there is no reason to rule out its descriptive use a priori. 

 

Informed by the above discussion of logical omniscience, we will now consider the specific 

objections to descriptive Bayesianism that arise from it. 

Failure of Logical Omniscience: A Bayesian agent has to give probability one to every 

logical truth and probability zero to every contradiction. This means that it must be able to 

identify every logical truth as such, every contradiction as such, and so on. Since there are 

intentional agents (such as people) who plainly do not have this ability, then Bayesianism cannot 

be a descriptive theory. 

“Logical omniscience” could mean the ability to classify statements of a language as logically 

true, logically false or contingent, without any error even when there is no upper limit on the length of the 

statements. This logical omniscience is what human beings patently lack, and which, as finite entities, they 

must necessarily lack. The logical omniscience assumed by Descriptive Bayesianism or similar theories of 

interpretation is entirely different. It is not a property ascribed to the subject but a requirement that our 

descriptions of an agent be consistent or, put a different way, that our intention to attribute truly 

propositional attitudes is fulfilled. 

As an analogy, imagine someone who claims to refute the theory that bats use sonar. He takes a 

bat and straps an electronic sonar device to it, but the bat does not learn to operate it. We would have to 

admit the truth that bats cannot use sonar in one sense, but can legitimately be described as using sonar in a 

different sense. 

The Logician Problem: Here is an example of how someone could rightly be ascribed a 

probability of greater than zero for a logical contradiction. Someone studying logic comes across 

the formula P∧(Q∧(Q⊃¬P)) and mistakenly decides that this is a logical truth. This mistake will 

manifest itself behaviourally, for example in written tests or in responses to a request like, “Hands 

up who thinks this is a contradiction.” It is unquestionably legitimate to regard this mistake as 

explanatory of that behaviour. Did this student not count as behaving as if a logical falsehood 

were true? 

Like the previous objection, this arises from a subtle equivocation. An answer comes from paying 

close attention to what we mean by “behaving as if a logical falsehood were true”. It would be tempting, 

though misleading, to state the student’s confusion in object language. That is, to say that the confusion is 

about whether or not P∧(Q∧(Q⊃¬P)). However, this is to presume that the student has a good cognitive 

grip on propositional calculus; that when given the sentence “P∧(Q∧(Q⊃¬P))” they immediately grasp the 

proposition that it expresses. This very presumption is undermined by the fact that the student made an 

error. This suggests that the situation is more properly rendered in meta-language terms, i.e. as confusion 

about whether or not the formula “P∧(Q∧(Q⊃¬P))” is a logical falsehood under the standard 

interpretation. 
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In the former phrasing of the problem, the formula serves merely to pick out a proposition, and we 

could legitimately substitute another formula which expressed the same proposition (in this case, any 

formula expressing a contradiction). In the meta-language context, the formula is not a pointer but is used 

essentially. Substituting a different though logically equivalent formula would change the meaning 

entirely. It is obvious that this meta-language interpretation is more appropriate because the student’s 

response to “P∧(Q∧(Q⊃¬P))” may be entirely different from the response to another formula which 

happens to be logically equivalent. 

Once we recognise that the logician’s disagreement takes place at a meta-level, the objection to 

Descriptive Bayesianism dissolves. The meta-language statement that “P∧(Q∧(Q⊃¬P))” is true under the 

standard interpretation is not itself a logical falsehood, so no absurdity arises when we say that someone is 

behaving as if it were true or uncertain. 
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Beliefs and Opinions 

It seems that we have two broad kinds of intentional state that users of an intentional stance can 

ascribe to a language-using agent. There are beliefs and desires which the agent does not tell us about but 

which we can interpret on to them to make sense of their behaviour. Then there are the opinions, goals and 

intentions that they commit to linguistically. This distinction parallels the distinction between natural and 

non-natural meaning, in that when an agent’s behaviour tells us something about them, in the sense of 

natural meaning, then we might incorporate that information by revising the beliefs and desires we ascribe 

to them. The other kind of intentional commitments are things that the agent, in the non-natural sense, 

means. 

Such a distinction has been used in philosophy to explain akrasia, or weakness of the will. 

Consider an alcoholic who repeatedly swears off the drink, saying, “I never want to drink that stuff again,” 

yet keeps taking swigs of whisky. The attitude that he can sincerely express in language is different from 

the attitude which is explanatory of his behaviour. It would be a mistake to confuse the two, in the sense 

that we would make wrong predictions about his drinking behaviour if we trusted his stated intention, and 

wrong predictions about his linguistic behaviour if we assumed that it reflected the desires manifested in 

his behaviour. What he tells us about himself (in the non-natural sense) is not what his behaviour tells us 

about him (in the natural sense). 

Imagine that someone has set up some sort of virtual reality technology or hologram in a room, 

using it to create the illusion of a cliff with a huge drop. That the cliff is illusory is explained to me, and I 

am challenged to walk from one side of the room to the other. When I get to the illusory cliff, I find myself 

unable to go further: I find myself as frightened of taking the next step as if there really were a cliff in front 

of me. To try and overcome this, I repeat statements to myself which express the true situation, such as, 

“The cliff is not real.” I also visualise myself walking safely forward without falling. These exercises of 

language and imagination do not help me cross to the other side of the room. As far as my basic perceptual 

machinery is concerned, the situation that I am framing in language and imagery is a counterfactual one, 

not to be acted on. 

Such a scenario illustrates clearly distinct opinion and belief. My opinion (the attitude that I adopt 

using language) is that I am in a room where there is no danger of falling. However, the doxastic state 

which is explanatory and predictive of my behaviour is a belief that a step forward will take me over a cliff 

edge. This belief, though false, is understandable in light of my environment, specifically, my subjective 

perceptual environment. Someone who took the content of my opinions and used it in belief/desire 

explanation would incorrectly predict that I would walk across the room with no trouble. 

There is a clear rationale for this distinction in terms of Bayesian Decision Theory. There is also a 

precedent for this in philosophical literature in the distinction sometimes made between belief and 

acceptance, or belief and opinion (“Accepting H” and “Being of the opinion that H” are synonymous 

throughout this thesis). I will spell out each of these in turn. 
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In BDT, the subject’s attitude to a particular decision can be set out in a table. The columns of the 

table represent states of the world. The table has to have an exhaustive set of mutually exclusive states in 

order to yield a decision, but this partitioning could be as simple as a column for H and a column for ¬H. 

The rows of the table represent possible acts of the agent. This set also has to be exhaustive and mutually 

exclusive for the table to make a prediction. If the agent’s choice is between acts which are not mutually 

exclusive, then a decision table can in principle be drawn up by allocating a row to each mutually exclusive 

combination of those acts. 

For a language-using agent, some acts will be linguistic acts of assertion. As we try to label such 

acts on our clipboard, we might label them by identifying the proposition that they express. 

 State: H State: ¬H 
Act: 
A1 

Consequence: 
(A1∧H) 

Consequence: 
(A1∧¬H) 

Linguistic act: 
Say “H” 

… … 

 

Each cell of the table represents what might be called a consequence; a conjunction of act and 

state. Associated with each consequence is a utility. Although the historical origin of utility theory is in 

gambling, the utility of a consequence does not represent a “payoff” that the subject will receive if that 

consequence comes about. In some situations, no payoff is possible. I might desire that particular people 

inherit my property after my death, and this desire might be explanatory of a lot of my behaviour while I 

am alive, but there is no sense in which I receive a payoff when the desire is fulfilled. To reiterate the 

definition we are using, utility is just a measure of the subjective desirability of a state of affairs at a 

particular moment, on an arbitrary numerical scale. 

Each consequence also has an associated probability, namely its subjective likelihood conditional 

on the act being performed. Most of the decision tables in this thesis will only contain utilities, but in some 

cases we will need to set out probabilities as well, in a different table for clarity. The utility for an act can 

be calculated from the utilities and probabilities of its individual consequences using the expectation 

principle. 

There are two parts of the table in which we connect the subject’s attitudes to states of the world. 

One is in the identification of columns. The other is in the declarative content of linguistic acts. It follows 

that in the context of such a table there are two kinds of epistemic attitude to a proposition such as P. 

Firstly, P might be highly probable, conditional on every (or almost every) act. This is not necessarily 

expressed in language by the subject, but may still be part of an interpretation which is powerfully 

explanatory of their behaviour. This corresponds to what I am calling “belief”. The other kind of attitude is 

when linguistic acts which sincerely assert P have a higher utility than acts which deny P or which assert 
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something which is incompatible. This corresponds to what I am calling “opinion” (or “acceptance”). 

Neither of these two states entails the other. 

Maher (1992) argues that some studies in Bayesian philosophy of science have implicitly adopted 

a simplistic theory of acceptance which equates it with high probability. He suggests that  we should 

instead employ an explicit and justified theory of acceptance that makes use of subjective utility. He 

connects acceptance to the use of language to commit oneself to a theory, but recognises that acceptance 

cannot be identified with the act of assertion, because someone who accepts a theory does not state that 

theory every second of the day, and may even never state it. In defining acceptance, we want to support 

counterfactuals to the effect that if a subject were (or had been) asked about whether or not A, they would 

choose (or have chosen) A. To deal with this problem, he adopts the following definition. 

“Acceptance of A is the mental state expressed by sincere intentional assertion of A. 

It follows from this definition that someone who sincerely and intentionally asserts A accepts 

A, but someone who does not assert A might also accept it.” (p. 154) 

A problem with Maher’s solution is that there is a question of whether the phrase, “the mental 

state expressed by sincere intentional assertion of A,” actually picks out a mental state. The definition 

seems to be so weak as to leave it undecidable whether someone who does not assert A nonetheless accepts 

it. Fortunately, Bayesian decision theory itself allows us to spell out this concept. Imagine that someone 

has acts (rows in their decision table) corresponding to the assertion of A, the denial that A and statement 

that there is not enough evidence to decide between the two possibilities. Any agent will have many more 

acts available than these three. At any one time, for example when the scientist investigating A is choosing 

what to have for lunch, the act with highest utility will not be one of these linguistic acts. However, there 

may still be a fact of the matter about which assertion is preferred, even if none of them are ever chosen. If 

the assertion of A has a higher utility than other acts which take a contrary position, then we can say that 

that person accepts A. This definition can support some counterfactuals about what would happen if that 

person were asked about A, so long as we supply extra premises about the situation in which they are 

asked. 

 

The belief-opinion distinction resolves a conflict between two philosophical approaches to 

probability. The logical tradition and the subjectivist tradition are similar formally, but place different 

interpretations on probability statements. To the logical tradition of Carnap and Hintikka, a probability 

function is something that the scientist chooses:- 

“the decision itself still remains a practical matter, a matter of X making up his mind, 

like choosing an instrument for a certain kind of work” Carnap (1950, p. 53) 

To the subjective tradition including De Finetti, probability functions are things that any 

minimally rational subject has whether they choose to or not. From the current perspective, both are right: 

De Finetti probabilities are degrees of belief while Carnapian probabilities are degrees of acceptance. 

Another logical point arising from the distinction is that probabilists should be cautious in 

assigning reasoning agents reflective probabilities, such as the probability that one’s probability of H will 
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exceed a certain value at a certain point in the future. If we respect the belief/opinion distinction, reflective 

probabilities will separate out four ways: 

beliefs about beliefs, i.e. probabilities assigned to propositions about the subject’s future 

probability function 

beliefs about opinions, i.e. probabilities assigned to propositions such as “The act of asserting ‘H 

has probability 0.5’ will have a greater utility at time t than other ascriptions of probability to H.” 

opinions about beliefs, i.e. propensities to state or agree, with a particular degree of confidence 

that one’s future behaviour will be understandable in terms of a level of subjective belief in a 

proposition, even if in that belief is not reflected linguistically.  

opinions about opinions, i.e. propensities to state or agree, with a particular degree of confidence, 

that one’s future linguistic behaviour will favour the acceptance of certain propositions, again with 

specific degrees of confidence. 

 

The distinction also has a history in the literature on philosophy of mind. Arguably (although it 

will not be argued here), the common philosophical distinction (originating with Quine) between de re and 

de dicto beliefs reduces to the same distinction. It can be found in prototype form in Ryle’s (1949) 

distinction between “knowing how and knowing that.” De Sousa (1971) advocated a distinction between 

belief and assent, where assent, unlike belief, is “tied to a particular linguistic item.” De Sousa is clear that 

belief is to be understood in the context of Bayesian Decision Theory, and that BDT plays a normative and 

descriptive role at the same time; operating descriptively on probabilities and utilities that we interpret onto 

a subject and normatively on attitudes that the subject is committed to through the use of language. 

“Even human agents may act in conformity with [Bayesian decision] theory though 

not in conformity with their professed and conscious beliefs or degrees of belief.” (p. 57, 

emphasis in original) 

Beliefs in this system have to be logically omniscient, but only in the sense that someone 

interpreting beliefs onto a subject, and doing so consistently, must avoid ascribing contradictions. 

“If you claim I believe an unambiguous, explicitly self-contradictory sentence, you 

cannot yourself understand what you are ascribing, you are making no sense. […] 

Inconsistency literally ascribed to a creature without language will stick to the ascriber.”       

(p. 78-79, emphasis in original) 

De Sousa writes as if the only values that guide acts of assertion are the value of truth and related 

epistemic goals (he uses the phrase “epistemic utility”). As we will see in the rest of this thesis, there is no 

necessity that these be the only values that guide assertion. 

Influenced by de Sousa, Dennett (1978b) adopted the belief/ opinion distinction as a promising 

line of attack on the problem of self-deception. Dennett draws the belief/opinion distinction from 

observations of how intentional language is used. He considers a car salesman who tells me that he has just 

the car that I want. I might not describe myself as of wanting that car, but when he shows me the car, it 

turns out to be just the sort of car that I want to buy. I went to the salesman without a conscious or 
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linguistically expressed desire for his chosen car, but with desires which are satisfied by ownership of that 

car. 

Dennett is clear that belief can be understood descriptively in terms of BDT. 

“Now when a gambler bets, his wagers, if he is rational, are a function of the 

subjective probability of the outcome for him and the desirability of the payoff, or at least 

that’s the Bayesian line. This Bayesian line is applied or exploited to explain (or at least 

predict statistically) the acts of assent we will make given our animal-level [i.e. those that are 

not expressed in language] beliefs and desires. We are equipped first with animal-type belief 

and desire, which behave in Bayesian fashion, and which explain our proclivity to make 

these leaps of assent, to act, to bet on the truth of various sentences.” (Dennett (1978b, p. 

304)) 

 

Cohen (1992) is a book-length treatment of a distinction between acceptance and belief. His 

approach does not hinge on an intentional stance in the same way as that of de Sousa and Dennett, 

although in most respects the distinction he is making is the same. In the rest of this section, I will take a 

look in some detail at Cohen’s distinction and its connections to the decision-theoretic approach.  

Cohen is guided in his analysis by the natural usage of the words “believe” and “accept”:  

“The meanings in which I use them are in fact recognizably identical with those that 

they very often, and perhaps standardly, have in non-philosophical usage, wherever they 

introduce clauses in indirect discourse. That is to say, I am concerned with contexts that have 

a grammatical structure similar to ‘He believes that it is raining’ or ‘She accepts that the train 

will be late today’, rather than to ‘She believes in hard work’, ‘They believe him’ [or] ‘She 

accepts responsibility’.” (p. 4) 

A principal difference between Cohen’s concept of belief and that required by descriptive 

Bayesianism is that Cohen defines “having a belief that H” as “being disposed to feel that H when the 

opportunity arises,” rather than behaviourally.11 

His principal motivation for introducing the belief-acceptance distinction is the contrast between 

active and passive cognition. To Descartes, cognition is active: we voluntarily give our assent to statements 

that we judge to be true. He illustrates this process by assenting to sceptical hypotheses. For Hume, by 

contrast, beliefs are produced in us by a process which follows unavoidably from our experience. If I look 

                                                           
11 Radford (1990) argues against the conception of belief in terms of feeling, claiming that a 

definition which is behavioural (in the spirit of de Sousa or Dennett) better captures the sense of “belief” 

used in analyses of knowledge. 

“[I]f beliefs were only feelings whose presence were determined only by 

introspection, we could not discover that we are wrong about what we believe, as we 

sometimes do, namely by noticing – perhaps as a result of having this vigorously pointed out 

to us by those who know us well- incongruities between what we profess about our feeling 

and how we carry on.” (p. 609) 
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into a box and see a pair of shoes, I have no voluntary control over whether I believe that there are shoes in 

the box. 

These descriptions conflict, but each has considerable plausibility when considered in isolation. 

We do not want to reject either the intelligibility of Descartes’ speculations or the veracity of Hume’s 

insight about human nature. One way to resolve this conflict is to say that Hume is talking about belief 

while Descartes is talking about acceptance. 

Cohen compares the involuntary nature of belief to states such as joy, reverie or superstition. 

Acceptance on the other hand is normally a simple matter of choice, along with supposition and 

investigation. This has a moral significance, in that people can be held responsible for what they accept or 

fail to accept, but not what they believe or fail to believe. However, belief is only involuntary in that it is 

not directly or immediately under the influence of choice: 

“Belief is not thought of as being normally achieved at will because it is thought of 

as being regularly caused in each kind of case by something independent of the believer’s 

immediate choice[…] Even when you try to induce belief that p by first accepting that p, you 

may fail through no fault of your own.” (p. 22) 

The implication of this is that you may succeed; one may change one’s belief by a choice, but the 

change of belief would not be the immediate effect of the choice. 

The belief/ opinion distinction made by the Bayesian intentional stance naturally has this 

distinction between voluntary opinion and involuntary belief. The acts are regarded as voluntary, in that the 

subject makes an active choice between them. The subjective probabilities, on the other hand, are not 

subject to voluntary revision, although they do change in response to experience. One might try and even 

succeed to change one’s belief in virtue of voluntarily selecting the information one is exposed to or 

attends to, but this does not count as unmediated control of one’s own beliefs.  

 

Cohen requires that acceptance be a disposition to do a certain kind of act in certain 

circumstances:  

“[T]o accept that p is to have or adopt a policy of deeming, positing, or postulating 

that p - i.e. of including that proposition or rule among one’s premises for deciding what to 

do or think in a particular context.” (p. 4) 

and he also refers to it as a mental act: 

“[T]he sense [of “accept”] with which I am primarily concerned is the one in which 

this word signifies a mental act, or a pattern, system or policy of mental action, rather than a 

speech-act.” (p. 12) 

This notion can be cashed out in decision theory, which also shows how the same thing can be a 

mental act and a disposition. As a first step to doing this, we need to define cognitive acts. Philosophers of 

science have often talked about “acts of acceptance” without going into what such acts actually involve 

(e.g. Hesse (1975), Hintikka and Pietarinen (1966)), but since the concept of a cognitive act is so central to 

the present work, it now has to be cashed out. 
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A language user will have, among their available acts, sincere assertions, i.e. commitments to 

particular sentences. There will be sets of these acts which are assertions of essentially the same thing, for 

instance the acts of sincerely asserting “Our dog ate the sausages,” of sincerely asserting “The sausages 

were eaten by our dog,” and of replying “Our dog,” when asked “Who ate the sausages?” There is no 

logical necessity that the utilities of associated with these acts should be the same. However, it is sensible 

to expect that, for a sane person, they will approximate each other closely. Our way of communicating with 

each other presumes that the opinion someone expresses is not dependent on the way they are prompted to 

express it. Hence, we can group all those acts together, giving them a single row on the decision table. So a 

cognitive act is a kind of linguistic fiction; a hypothetical act that stands for several concrete acts, all of 

which are equivalent for a particular philosophical purpose. 

 

Cohen brings out an alleged difference between belief and acceptance which he uses repeatedly in 

his book. He says that acceptance obeys subjective deductive closure, but that belief obeys no law of 

deductive closure at all. With the decision theory interpretation of belief and acceptance, both claims have 

to be rejected. Firstly, let us look at belief. 

Cohen claims that you can believe H and believe ¬H at the same time, without being inconsistent. 

This conflicts with the intentional stance view of belief, but follows naturally from Cohen’s definition of 

belief in terms of feeling. A subject might be presented simultaneously with persuasive arguments for H 

and for ¬H, and thus experience the two feelings at once (Cohen cites the fact that we sometimes speak of 

being “in two minds” on an issue). Since the same subject may experience different reactions to two 

different expressions of the same proposition, we can conclude that Cohen’s belief is not strictly a 

propositional quantity. 

Now we come to acceptance. Cohen’s claim is that acceptance must be closed under subjective 

deducibility. This means that if someone accepts H and accepts the deducibility of E from H, then they are 

committed to accepting E. The claim seems to be that if someone accepts H and also accepts ¬E, then, as a 

simple matter of interpretation, we say that they do not accept the deducibility of E from H. However, it is 

not clear what necessary descriptive connection, rather than mere normative requirement, there is between 

defending a proposition and accepting its subjective deductive consequences. 

A decision theorist should be willing to accept subjective deductive closure as a normative rule 

but not as a necessary fact about acceptance. There may be situations of severe self-deception in which 

someone cannot avoid accepting H or the deducibility of E from H, but in which E is too painful a fact to 

be contemplated. These situations may be very unusual, but they are not ruled out by pure logic. 

Interaction between Belief and Acceptance 

Given that there are two kinds of epistemic commitment, why should there be any connection 

between them? Why do we not disbelieve everything that we accept? There is no logical reason why the 

two commitments should correlate, so there must be some empirical truths which account for this. Here are 
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some speculations as to truths which may fill the gap. They are not to be considered as essential to the rest 

of the thesis. 

 

Belief causing acceptance 

The way in which belief affects acceptance is due to the simple fact that people are self-

interpreters: their linguistic statements are often reports on their states of belief. When an individual 

sincerely reports what they believe, they are also expressing opinions. They are, in effect, doing what a 

third-person interpreter does, except that they have the benefit of introspection. An issue is psychology is 

whether introspection has a substantially different role to play: does it merely assist with the process of 

self-interpretation, or does it bypass any interpretation process and pluck pre-interpreted thought out of the 

mind? The latter may seem intuitively obvious as a way of explaining opinions, but the former picture is 

surprisingly well confirmed by experimental evidence (see, for example, Nisbett and Wilson (1977)). 

If the intuitive picture is wrong, then the causal link from belief to opinion is especially clear: 

once the attribution of a particular strength of belief makes sense of the an individual’s behaviour, a self-

interpreting individual will ascribe it to him- or her-self, thus adopting an opinion with the same content as 

the belief. 

  

Acceptance causing belief 

Here are two mechanisms for how the mere acceptance of a proposition might lead to it positively 

influencing belief: 

1) Incomplete Memory I recall a conversation I had in which I told someone that there are five 

different forms of Islam, but I cannot remember why I said it. Perhaps it was something that I had read, or 

perhaps I was confusing Islam with something else. On the whole, most of the things I say are said because 

I think they are true, so it is likely that at some point in the past the assertion that there are five forms of 

Islam passed my epistemic standards. This consideration does not prove to me that there are five forms of 

Islam, but it may well increase my degree of belief. 

2) Distorted self-concept: Imagine that I am frequently careless about what I say, saying whatever 

will make me sound clever or interesting, but I think of myself as someone who is very truthful and careful. 

When I recall something that I have said, the recollection changes my beliefs, via reasoning that could be 

expressed verbally in the following way; “I would not have said that if it weren’t true, because I’m not that 

sort of person, therefore that statement is likely to be true.” This reasoning is not verbally expressed: it 

works at the level of beliefs rather than opinions. By this process, those statements that make me sound 

clever and interesting can go from being mere opinions to being actually believed. 

In Part 6 we will be seeing a third mechanism for how this can happen: in short, the acceptance 

affects the choice of cognitive strategy (whether the person subjects their beliefs to testing, for example), 

which can in turn have an effect on the degree of belief. 
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Varieties of Inconsistency 

In this section I will speculate about how descriptive Bayesianism might be given a formal proof. 

We have seen that some principles of logical consistency can be taken to constrain the interpretations 

generated in the intentional stance. There is an existing strand of research that claims to derive the axioms 

of probability and utility from requirements of logical consistency on a system of reasoning or decision-

making, and it is this approach that might be adapted to prove descriptive Bayesianism. To understand this 

project, we should first examine some forms that consistency requirements can take. 

In deductive logic we are used to the idea that formulae of the form (P∧¬P) are contradictions 

and that a sentence or set of sentences “contains a contradiction” if such a formula can be derived from it. 

This is only one of the ways in which a formal system of reasoning can exhibit inconsistency. Given the 

aim of reasoning consistently, we should be equally wary of systems in which one can prove statements of 

the form (B“P”∧B“¬Q”), where the predicate B means “is true in language L” and P and Q are logically 

equivalent sentences of language L. The formula (B“P”∧¬B“Q”) where the letters have the same 

interpretation, would be equally troublesome. The same holds for other interpretations of the predicate B, 

such as “is impossible when interpreted in language L” or “is incompatible with the axioms and rules of 

system L”. 

Some forms of inconsistency cannot be shown in the language of a formal system itself because 

they are implicit in the semantics of those systems. Take a system of propositional reasoning that always 

yields A as a conclusion, never yielding ¬A. If we are free to give the propositional symbols any meaning 

we like, then there is an inconsistency here even though no contradictory formula will ever be produced. 

This is because we could use A to mean “It will rain on Sunday”, arriving at the conclusion that it will in 

fact rain tomorrow, and then in a separate application of the system use A to mean “It will not rain on 

Sunday”, in which case we arrive at a contrary conclusion. Some systems of fuzzy logic, which assume 

that any two propositions A and B are maximally correlated, have an implicit inconsistency very similar to 

this (Cheeseman (1986)). 

Another form of inconsistency involves different conflicting results from the same information. 

Imagine that we have a problem, which might be one of inference or of decision, and a body of information 

expressed as sentences of propositional calculus from which an answer has to be derived. We create a 

formal procedure that gives us an answer when we feed in the input information. By an “answer,” I do not 

mean that the procedure always gives a solution to the problem. It might tell us that there is not enough 

information to decide between a range of alternatives, or that, of a set of available actions, we may as well 

choose any of them. Now imagine that we make a trivial change to the input, so that the propositional 

content of the input information is unaffected. For example, we might replace A∧B with B∧A, or A∨B with 

B∨A. If this makes a nontrivial difference to the answer then that shows that our conclusions are dependent 

on some arbitrary element in addition to the actual input. In so far as this arbitrary feature can be used to 

draw contrary conclusions from the same consistent set of premises, our system of inference or decision is 
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inconsistent.12 This is another form of inconsistency that a system can have even when it cannot derive a 

contradictory formula from consistent premises. 

The motivating requirement behind all these interpretations of “inconsistency” is that different 

procedures for answering the same question, given the same information, should yield the same result. 

When we consider procedures of reasoning at a purely formal level, this tells us to avoid axioms from 

which both P and ¬P are derivable. When we are reasoning about statements of a language in meta-

language, this requirement tells us to avoid axioms from which both B“P” and B“¬P” are derivable for 

certain predicates B. When we consider the whole process of formal reasoning, including not only the 

formal rules but the procedure for interpreting the semantics of the formal system, the general requirement 

of consistency produces the constraint that exchanging the meanings of A and B, or of A and  ¬A, should 

make no difference to the interpreted conclusion. 

 

According to one current in the literature, considerations of consistency such as these can justify 

the use of probabilities. In contrast to this approach, I will first consider a more influential proof of 

normative subjective probability theory known as the Dutch Book Argument (Ramsey (1931) and De 

Finetti (1937) have classic examples). This says that, if you are prepared to bet at a set of betting odds that 

do not obey the probability axioms, then a set of bets can be made against you in which you are guaranteed 

to lose. As a simple example, the probability axioms say that any inconsistent statement must be given a 

probability of 0. If you are prepared to bet at any odds at all on such a statement, then you are willing to 

accept a bet that will necessarily lose you money. If your violation of the probability axioms is more subtle 

(for example, if your degree of belief in a truth-function is not calculated in the appropriate way from your 

belief in its components) then “Dutch books” composed of multiple simultaneous bets can be used to 

exploit you.13 

It might be said that one could have non-probabilistic degrees of belief but avoid being exploited 

simply by refusing to accept bets. However, this still leads to a violation of self-interest as serious as giving 

money away. The procedure that constructs a bet that you are guaranteed to lose can also be used to 

construct bets that you are guaranteed to win. Imagine that many different gambles on offer, some of which 

                                                           
12 It might appear that self-referential cases provide a counter-example to this. For example, the 

question to be answered might be, “does the input contain the string ‘A∧B’?” in which case a substitution 

of logically equivalent sentences would legitimately affect the final answer. However, in this case the input 

strings themselves, rather than just their propositional content, are part of the input information to the 

problem. Hence our requirement, that trivial changes to the input information produce only trivial changes 

to the output, is still obeyed. 
13 It has been argued that Dutch Book Arguments are fallacious because they assume that bets 

acceptable individually are acceptable jointly (Maher (1993)). In response to that, one might say that the 

argument depends on the subject posting odds that they are willing to accept as fair, which they have not 

really done if their acceptance of a bet depends on whether there are other simultaneous bets. 
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guarantee a loss if you accept them (such as a bet on the truth of a contradiction) and some of which 

guarantee a gain if you accept them (such as a bet on the truth of a tautology). A cautious agent who 

refuses to take bets will avoid both the gains and the losses. Someone who accepts non-probabilistic 

degrees of belief will accept many or all of the gains but also some of the losses. Someone who bets in 

accordance with probability theory will accept all and only the favourable bets, and make the most profit. 

The quantity exchanged in these gambles need not be money, but could be anything at all that the subject 

wants to have, or to maximise their amount of, so this argument for normative probability is an argument 

from self-interest. 

Dutch Book Arguments have drawn criticism on the grounds that the quantities constrained are 

betting odds rather than degrees of belief. Attempts have been made to depragmatise the DBA, in other 

words to apply the argument to judgements of “fair” bets, rather than actual betting behaviour (for 

example, Howson and Urbach (1993)). Some of these have been criticised (e.g. by Maher (1997)) in that in 

order to explicate the notion of fair betting quotient we need some concept of utility, but probability is so 

integral to utility theory that we cannot use the latter to derive the former. 

The Dutch Book Argument shows that someone whose degrees of belief are probabilistic can 

always make money off (or otherwise exploit) someone else who accepts bets which are not probabilistic. 

It is worth drawing a parallel between two situations: 

1. having non-probabilistic betting odds, in which case someone with the same knowledge but 

who expresses their beliefs as probabilities can exploit you 

2. mere ignorance (lack of information), in which case someone who has the relevant 

information can exploit you 

As an example of the latter, imagine that in a card game I know that a particular card is red, 

whereas someone watching does not have this information. I can offer them a bet on that fact; for example, 

that they pay me one pound if the card is red and I pay them a hundred if the card is black. If they accept 

that bet, which they will if they have any significant uncertainty about the card, then they are guaranteed to 

lose.14 

In the context of deductive logic, it is a fact usually too trivial to be remarked on that making 

efficient use of information is like having more information. The more efficient you are at deducing 

answers to questions from information you already have, then the fewer questions you have to ask. 

(Imagine someone who dearly wants to know whether or not Q. We tell her that P, and also that if P, then 

Q. If she does not see the simple deduction possible from that information, then as far as she is concerned 

the question of whether or not Q is unanswered.) We saw above that both ignorance and probabilistic 

incoherence can be exploited in similar ways. I suggest that this is because they are the inductive-context 

instantiations of lack of information and inefficient use of information respectively. In other words, the 

                                                           
14 Any decent critical thinker should almost certainly not take the bet, since the very fact that I 

offer the bet is strong evidence that the card is red, so they should change their estimate of fair odds. 

However, this does not undermine the conditional claim that anyone who, having been offered the bet, still 

has significant uncertainty about the card should accept it. 
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Dutch Book Argument works because the laws of probability are rules of inductive logic, analogous to the 

rules of deductive logic. From this point of view, the subject matter of logic, both deductive and inductive, 

is the efficient use of information. 

Proofs of normative probability are being considered here to see if we can convert them into a 

proof of descriptive Bayesianism. By a proof, I mean a theorem that for any intentional-stance ascription of 

beliefs and desires which makes consistent predictions, there is an ascription of probability and utility 

functions which makes the same predictions. The question of interest is whether we can give the Dutch 

Book Argument what I call a descriptive reinterpretation. This would mean taking the formal structure of 

the argument about how we ourselves should post betting odds, and reapplying it to produce constraints on 

how, in the intentional stance, we should attribute degrees of belief to the squirrel. There is no obvious way 

to do this, although that does not rule out that aspects of the DBA might find a use in some future argument 

for descriptive Bayesianism. It is difficult to see what would count as a post of betting odds by the squirrel. 

If we can assign a utility to every outcome of an action, then we can read the squirrel’s preferences 

between actions as reflecting subjective odds. Even then, there seems to be a problem of what would count 

as a bet on a tautology or an inconsistency, or how an act would count as a bet on P but not a bet against 

¬P. The very point of the present argument for descriptive Bayesianism is that such ascriptions seem to be 

incoherent. 

The Normative and Descriptive Cox Proofs 

An entirely different approach to probability is embodied in a proof published by R. T. Cox and 

made influential by the work of “objective Bayesians” including Jaynes and Rosencrantz (Jaynes (1983), 

Rosencrantz (1977)). The discussion of the Cox proof in this section is heavily influenced by Chapter 2 

and Appendix A of Jaynes (1996) as well as by Cox’s (1961) book. 

Cox framed systems of inference as mathematical functions that assign numbers to pairs of 

sentences of propositional calculus. For example, “f(H, K) = x” means that the plausibility of hypothesis H 

given knowledge K takes the numerical value x. The conditional plausibility of H on E, given the same 

background knowledge, would be written as f(H, E∧K). It is worth noting that individual numbers, or 

ranges of numbers, could be given names. Thus one could have a system of labels such as “strong belief” 

or “weak disbelief”, using Cox’s functions. In this way, principles such as “If you strongly believe P, then 

you must strongly disbelieve ¬P,” can be given a mathematical interpretation. 

The Cox argument in a nutshell is that in order for the mathematical system to count both as a 

consistent system and a system of likelihood, it must obey constraints which are essentially the axioms of 

probability. This argument does not make any reference to betting behaviour or to self-interest, so it has 

potentially a more secure foundation than the Dutch Book Argument both as a normative theory of 

probability and a theory of intentional attitudes. 

The values of the functions considered by Cox are real numbers. The use of functions with 

determinate rather than vague values could be argued to be a form of consistency requirement, since any 
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vagueness brings up the possibility that different people using the same procedure for the same problem 

will get different answers. Jaynes justifies the assumption of real numbers as a representation of a system 

obeying these two fundamental axioms: 

• Universal Comparability: given two propositions A and B and constant background 

knowledge, one of the relations {A more plausible than B}, {B more plausible than A} and {A 

and B equally plausible} must hold. 

• Transitivity: Given constant background knowledge, if A is at least as plausible as B and B is 

at least as plausible as C, then A is at least as plausible as C. 

If a finite field of propositions obeys these axioms then there exists a function with rational values 

which obeys the required ordering relations. It also follows that there must exist a real-valued function 

which obeys the same relations. This would mean that, “If f(A, K) > f(B, K) and f(B, K) > f(C, K), then f(A, 

K) > f(C, K),” holds over all propositions A, B, C and K, for example. Universal comparability can be 

argued to be necessary if the system of inference is guaranteed to give answers, even noncommittal ones, to 

the questions we ask. Transitivity might be argued to be a consistency requirement because whether we 

judge A more likely than B should not depend on whether or not we compare them to a third proposition C. 

The Cox proof is highly technical and there is not space here to consider it in full. Here I just want 

to illustrate the kinds of premises it uses. The aim is to define the properties of a consistent system of 

inference, so some of the axioms are concerned with defining the system as one of inference (rather than 

something else such as utility) and some are concerned with making it a consistent system (as opposed to 

one with the kinds of inconsistency or arbitrariness discussed earlier). 

Consider first the derivation of the product rule. We need a way of calculating the likelihood of a 

logical conjunction such as f(A∧B, K) from other likelihoods. We can consider all the quantities which 

might conceivably be relevant ( f(A, K), f(A∧K, B), f(K, B) and so on) and test them against common sense 

about how a system of inference should behave. If we make the likelihood of the conjunction a function of  

f(A, K) and f(B, A∧K), then we get a qualitative agreement with common sense. This is a way of saying that 

if we know the likelihood of A on given background knowledge, and know the likelihood of B on that 

knowledge plus A, then we do not need anything else to derive a likelihood for the conjunction A∧B. We 

can write this down as an equation with another unknown function: 

 f(A∧B, K) = F[f(A, K), f(B, A∧K)] 

This has to be a continuous function, in that an infinitesimal change in one quantity has to result in 

an infinitesimal change in the others. 

Logical consistency tells us that the procedure for giving a likelihood to A∧B must always give 

exactly the same result as that for B∧A. This gives us another equivalence:  

 f(A∧B, K) = F[f(B, K), f(A, B∧K)] 

It turns out that these are the only two expressions which are in agreement with common sense. 

Further considerations strongly constrain the form of the function F[ ]. For example an increase in the 

likelihood of A (f(A, K)), while f(B, A∧K) is constant, must not decrease the likelihood of the conjunction 
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f(A∧B, K). Logical consistency also provides a heavy constraint on the form of F[ ], due to the fact that 

(A∧B)∧C is the same proposition as A∧(B∧C). 

 f((A∧B)∧C, K) = F[f(A∧B, K), f(C, (A∧B)∧K)] 

 = F[F[f(A, K), f(B, A∧K)], f(C, B∧(A∧K)] 

but  f((A∧B)∧C, K) has to equal  f(A∧(B∧C), K), so  

 f((A∧B)∧C, K) = F[f(A, K), f((B∧C), A∧K)] 

= F[f(A, K), F[f(B, A∧K), f(C, B∧(A∧K)]] 

so F must obey the constraint F[F[x,y],z] = F[x,F[y,z]]. By an argument involving repeated 

differentiation, this can be shown to yield the constraint that 

 f(A∧B, K) = f(A, K)f(B, A∧K) 

Now imagine that background knowledge K implies A with total certainty. Then the above  

reduces to: 

 f(B, K) = f(A, K)f(B, K) 

This gives us a definite constraint on the system of inference; that certainty must be represented 

by the number 1. 

Now we consider negation. For our system to be truly one of inference rather than, say, utility, the 

likelihood of any proposition must determine the likelihood of its negation, on any background knowledge. 

For example, if on the totality of available information you are absolutely certain that A, then there is no 

remaining question of what attitude you should take to ¬A. 

 f(¬A, K) = S[f(A, K)]  (S being another arbitrary function) 

Consistency tells us that A and ¬¬A are the same proposition, so once again if our system of 

inference is to be truly propositional, the procedure for calculating the likelihood of that proposition should 

not depend on whether we call it A or ¬¬A. Put another way, the logical fact that double negation always 

yields the original proposition is transformed into a mathematical constraint that double application of the 

function S[ ] should always yield the original number. 

 S[S[x]]=x 

Combining this requirement with the product rule and applying more technical argument, Cox 

reaches the constraint that 

 S[x] = (1 – xm)1/m 

The value of m is not constrained by the premises invoked so far, so we can write down a 

schematic product rule and negation rule which allow us, by choosing positive values for m, to generate an 

infinity of different systems of inference: 

 fm(¬A, K) + fm(A, K) = 1 

 fm(A∧B, K) = fm(A, K)fm(B, A∧K) 

It should be clear that the value of m we choose will make the actual numbers different but will 

not make a difference to the structure of the resulting system. The choice of m is arbitrary, so we may as 

well just use the function P( ), defined so that P(x, y) = fm(x, y):  
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P(¬A, K) + P(A, K) = 1 

 P(A∧B, K) = P(A, K)P(B, A∧K) 

If we change the notation to use bars instead of commas (i.e. “(A|K)” instead of “(A, K)”) this 

gives us standard probability theory. It may not be obvious that these two axioms generate all of 

probability theory, because at first glance they look unlike Kolmogorov’s better known axiomatic basis for 

probability (see for example Howson and Urbach (1993)) which involves the following three axioms: 

1) For any event A, P(A) ≥ 0 

2) P(S) = 1, where S is the union of all possible outcomes 

3) ∑
∈∈

=
Jj

j
Jj

j APAP )()(U where the j are a pairwise disjoint set 

Each of these axioms, however, can be derived from the Cox axioms. Axiom 3 above, known as 

the axiom of countable additivity, is about logical dysjunction (“OR”) which is not explicitly mentioned in 

the Cox axioms. However, Cox has given us a rule for calculating the probability of a negation and a rule 

for the probability of a conjunction, so it is trivial to derive the formula for dysjunction using the logical 

identity between A∨B and ¬(¬A∧¬B). 

 

The Cox derivation of probability is the most promising approach from which a proof of 

descriptive Bayesianism might emerge. This would involve applying the formal mechanism of the 

normative proof to make a normative constraint on how we do intentional-stance interpretation. To 

illustrate this process of descriptive reinterpretation, I will apply it to the proof we have just seen 

concerning subjective probability. 

Return one last time to the hypothetical situation of predicting and explaining a squirrel’s 

behaviour by ascribing it propositional attitudes, which we write down on a clipboard. If we accept 

universal comparability and transitivity, then we may as well write down real numbers on the clipboard. 

Our task is then to determine the form of a function over pairs of sentences f(A, K). Here, K stands for the 

content of the squirrel’s perceptual or other background knowledge that the squirrel can be assumed to 

have. If we know that the squirrel is about to look into a feeder and see that there are no nuts in it, then we 

know that an extra piece of information ¬B is about to be added to the squirrel’s background knowledge 

and that we must make predictions about the squirrel’s subsequent behaviour by calculating it subjective 

probabilities conditional on the information that ¬B. 

We are taking the intentional stance to the squirrel, so ex hypothesi the attitudes we ascribe must 

be propositional. It should not matter whether our label on the clipboard for a particular proposition is “A” 

or “¬¬A”. Put another way, if one proposition is labelled “(A∧B)∧C”, then replacing that label with 

“A∧(B∧C)” must make no difference to the subjective likelihoods that we calculate for the squirrel. Hence 

our system of interpretation, like the normative system of inference, must guarantee that logically 

equivalent sentences are given the same subjective likelihood, against any background knowledge. This 

allows us to use the functional equations F[F[x,y],z] = F[x,F[y,z]] and S[S[x]]=x. 
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Our system of attributing subjective likelihoods to the squirrel must also work as a system of 

inference, showing qualitative agreement with common sense. If on our clipboard we write down the 

squirrel’s subjective likelihood of A, then a simple rule should derive its subjective likelihood of ¬A, not 

because the squirrel is in any sense a logician but because an interpretative system which does not have this 

kind of coherence will yield inconsistent predictions. If our system determines the squirrel’s subjective 

likelihoods f(A, K) and f(B, A∧K), then it must also determine the subjective likelihood of the conjunction 

f(A∧B, K). It must do so in such a way that if we increase f(A, K), while the conditional likelihood f(B, 

A∧K) is constant, then we cannot decrease f(A∧B, K). 

In summary, the system of subjective likelihoods that we ascribe to the squirrel must obey both 

kinds of axiom that our own normative system of inference must obey. The premises we are entitled to use 

here are identical to those that apply in the original Cox proof. Hence we can draw the same conclusion 

about its form, which is that we could use any of an infinite number of systems corresponding to positive 

values of a parameter m, and that since the choice is arbitrary we may as well adopt the negation rule and 

product rule of probability theory. The conclusion is only that our own system of inference and the system 

of subjective likelihood that we interpret onto the squirrel must have the same abstract structure in order to 

be consistent and fit for purpose. It is not that the squirrel should share any beliefs with us, or even that it 

should have beliefs about the same things. 

 

The question naturally arises of whether a derivation of utility theory can be given a similar 

descriptive reinterpretation. The most influential derivations of utility theory use a representation theorem 

approach, which says that if a set of preferences obeys a set of constraints, then there exists a set of 

subjective probabilities and utilities which generates the same behaviour. Von Neumann and Morgenstern 

(1953) is a particularly influential example while other representation theorems are found in Savage 

(1954), Jeffrey (1965) and Maher (1993). A derivation of utility theory more in the spirit of the Cox proof, 

and more open to descriptive reinterpretation, would present utility as a function over pairs of sentences 

just like probability. It would then identify logical constraints on the form of that function and translate 

them into mathematical constraints. 

For example, imagine that the squirrel is absolutely certain of B conditional on A, or put another 

way, unable to distinguish the propositions A and A∧B, given K. Then U(A|K) must equal U(A∧B |K). 

Consistency also tells us that U((A∧B)∧C|K) must always equal U(A∧(B∧C)|K), or for that matter must 

equal U(C∧(A∧B)|K). If the expectation principle, which takes this form 

 U(A|K) = U(A∧B |K)P(B|A∧K) + U(A∧¬B |K)P(¬B|A∧K) 

can be derived from such considerations, then we have a derivation of Bayesian decision theory 

from purely logical considerations, which could be used equally well in normative and descriptive 

contexts. 

 

The general requirement of consistency turns up again in a separate branch of work in inductive 

logic outside the scope of this thesis. This works from the assumption that the plausibility of a sentence 
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depends only on the propositional content of the background information. An example of this sort of 

condition would be f(A, J∧K) = f(A, K∧J). Desiderata of this sort lead to the maximum entropy or “maxent” 

form of Bayesianism in which probability functions are additionally constrained by the requirement that 

they contain the minimum amount of information (in Shannon’s sense) allowed by the background beliefs 

(Jaynes 1983). Many of the canonical distributions in statistics (such as the Normal distribution) can be 

justified as maximum-entropy distributions. 

It is arguable, but beyond the scope of the current project, that the maximum entropy requirement 

can be given a descriptive reinterpretation just like the Cox proof. The conclusion of such an argument 

would be that the intentional stance is necessarily maximum-entropy Bayesian. In other words, consistency 

constraints on interpretations tell us not only that we have to ascribe probability functions but that the 

information content of those functions has to be matched appropriately to the propositional content of the 

background beliefs that we expect the subject to have. 

Paris (1999) shows how the maximum entropy principle can be derived from seven “common-

sense” principles that are different mathematical expressions of the principle that essentially similar 

problems should have essentially similar solutions. The normative force of this latter principle is obvious: 

it is simply the requirement that inference should avoid “inconsistencies” in the extended sense considered 

earlier. The descriptive reinterpretation of this principle would be that the predictions we make in the 

intentional stance should only depend on the propositional attitudes and the space of potential decisions 

that we ascribe to the subject.  
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Summary 

In this part I have proposed and defended a theory of intentionality called Descriptive 

Bayesianism that was implicit in the writings of de Sousa and Dennett. The rest of this thesis is about 

Bayesian agents, and in the light of the arguments in this part we should regard any agent properly so-

called as Bayesian. If you are not persuaded of the descriptive interpretation, then you can still read such 

results as being about a particular kind of (allegedly) scientifically ideal agent. Since we will see that such 

agents are capable of scientifically irrational behaviour, the subsequent argument can be read as a 

refutation of that notion of a scientifically ideal agent. 

A philosophical project that says something about belief should at the outset have something to 

say about what belief is. In the course of defending Descriptive Bayesianism we have found that the 

everyday understanding of the term is ambiguous between at least two crucially different senses. Decision 

theory demands that we distinguish beliefs and opinions. As we have seen, philosophers have been 

converging on similar distinctions independently of any decision-theoretic considerations. In the rest of the 

thesis, I will be concerned not to defend Descriptive Bayesianism but to draw out some of its 

consequences. I will take the probability and utility functions as starting points, without going into how 

they are determined. The logical structure of this work is conditional, in that its conclusions are of the 

form, “If there are agents governed by this particular kind of BDT model, they will behave like this.” 


