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Chapter 2

Intentions and individual decision
making

This chapter has two aims. First and foremost I investigate intention-based indi-
vidual decision making. That is, I look at how individual decision makers can take
into account both considerations of instrumental rationality and future-directed
intentions in their deliberations. Second, the chapter introduces the formal frame-
work that I use throughout the thesis. The results on intention-based rational
decision making are thus interspersed with many methodological remarks on the
formal approach.

In Section 2.1 I introduce extensive representations of decision problems.
These models allow a fine-grained representation of future-directed intentions,
in which one can distinguish intentions to act from intentions to reach outcomes.
In Section 2.2 I show that this framework permits a precise formulation of the
norms of consistency and coherence which apply to intentions, and allows us to
to study their interrelations. Moreover, one can account for the fact that plan-
ning agents can “break ties” between equally desirable options, and thus that the
agents can use their intentions to coordinate their own decisions through time.
In Sections 2.3 and 2.4 I set two important methodological boundaries on the
investigation. I do not, first of all, consider intentions with “counterfactual” con-
sequences, nor do I consider resource-bounded agents. As I show in Section 2.5,
this allows one to work with very simple models, strategic decision problems with
intentions, where one can really “zoom in” on phenomena at the intersection of
the planning agency and instrumental rationality. These models, moreover, gen-
eralize easily to the multi-agent case, and thus provide a natural opening into the
subsequent chapters.
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18 Chapter 2. Intentions and individual decision making

2.1 Extensive decision problems

Decision theory is about rational decision making in the face of uncertainty. It
offers a plethora of models, all more or less inspired by the pioneer works of
Ramsey [1926], von Neumann and Morgenstern [1944], Savage [1954] and Jeffrey
[1965]. Here I work with perfect information, extensive decision problems with
exogenous uncertainty1. Just as in Figure 2.1, extensive decision problems can
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Figure 2.1: A simple decision problem

be seen as trees. Each path in the tree, called a history, is a sequence of “moves”
or “actions”. I put these terms in quotes because some of these actions are not
performed by the agent, but are random occurrences in his environment. In more
multi-agent terms, in these trees the agent is playing against Nature. He has no
control over Nature’s choices, which are the source of exogenous uncertainties2.
In figures the white dots are choices or decision points while the black ones are
the random occurrences or “Nature’s moves”. So, in Figure 2.1, the first node is
a choice point while the one that follows action Go up is a coin toss, i.e. a chance
node.

The sequential order of nodes in the tree, starting from the root and finishing
at the leaves, represents the temporal succession of decisions. When the agent
reaches a leaf, also called a terminal history or an outcome, he collects his payoff,

1Recall the distinction I made in the introduction, Section 1.1.1, between endogenous and
exogenous uncertainty. In this chapter I do not consider endogenous uncertainty. It does,
however, play an important role in Chapter 3, in the context of strategic games. See [Osborne
and Rubinstein, 1994, Section III] for more on extensive decision problems with endogenous
uncertainty.

2To push this idea a bit further, one could say that in decision trees without endogenous
uncertainty, the agent “knows” Nature’s (mixed, see the footnote on page 36) strategy. As I just
mentioned, I do not look at cases of endogenous uncertainty, which would arguably include cases
where the agent is uncertain about Nature’s strategy, i.e. about the probability distributions
associated with random events.



2.1. Extensive decision problems 19

which I represent here as real numbers. The higher the payoff the better off the
agent is. In Figure 2.1, if the agent reaches the terminal history Go down, that
is if he chooses to go down at his first decision point, he collects a payoff of 40.
He definitely would prefer to get 100, but this is not something he can enforce
by himself. It depends on the result of the coin toss, an exogenously uncertain
process over which he has no control.

Rational decision making in the face of such exogenous uncertainty is a matter
of maximizing expected payoff. That is, a matter of maximizing the sum of the
payoffs of all outcomes reachable by a sequence of choices, weighted by their
respective probability. At this point it is useful to look at more formal definitions.

2.1.1. Definition. [Decision trees - Osborne and Rubinstein 1994] A decision
tree T is a set of finite sequences of actions called histories such that:

• The empty sequence ∅, the root of the tree, is in T .

• T is closed under sub-sequences: if (a1, . . . , an, an+1) ∈ T then (a1, . . . , an) ∈
T .

Given a history h = (a1, . . . , an), the history (a1, . . . , an, a), h followed by the
action a, is denoted ha. A history h is terminal in T whenever it is the sub-
sequence of no other history h′ ∈ T . Z denotes the set of terminal histories in
T .

2.1.2. Definition. [Chance and choice moves] The set of non-terminal history
in a decision tree T is partitioned into two subsets, the choice moves and the
chance moves . If h is a choice move, then the elements of A(h) = {a : ha ∈ T} are
called the actions available at h. If h is a chance move, then there is a probability
distribution δ on A(h), the elements of which are now called alternatives at h.

2.1.3. Definition. [Strategies and plans of action]

• A strategy s is a function that gives, for every choice move h, an action
a ∈ A(h). Equivalently, strategies are described as vectors of actions3.

– A node h′ is reachable or not excluded by the strategy s from h if the
agent can reach h′ by choosing according to s from h. That is, h′

is reachable by s from h if h′ = (h, s(h), s(s(h)), ...) for some (finite)
application of s.

• A plan of action is a function that assigns to each choice node h that it
does not itself exclude an action a ∈ A(h). A partial plan of action is a
partial function p′ from the set of choice nodes to the set of actions which

3In Figure 2.1, for instance, there are four strategies: (Go down, Go Up), (Go down, Go
Down ), (Flip a coin, Go Up), (Flip a coin, Go Down).



20 Chapter 2. Intentions and individual decision making

coincides with a full plan of action4. A plan p coincides with a (perhaps
partial) plan p′ whenever p′ ⊆ p.

A strategy tells the agent what to do at all choice points in the tree, even at
those which are excluded by the strategy itself. In the example of Figure 2.1,
(Go down, Go Down) is a strategy, even though by going down at the first node
the agent would never reach the second or the third one. Plans of action, on the
other hand, specify what to do only at choice nodes that are not excluded by the
plan itself. Again in the figure above, (Flip a coin, Go Down) is the plan of first
flipping the coin and then, if the coin lands tails, going down. Observe that many
strategies can be compatible with a single plan of action. Going down at the first
move in the example above excludes all other moves, and so (Go down) is a full
plan of action compatible with both strategies (Go down, Go Up) and (Go down,
Go Down). Partial plans are sets of decisions which could be extended to a full
plan. In Figure 2.1 there are four partial plans: Go down, Flip a coin, Go Up
and Go Down. The set of decisions {Go down, Go Down} is not a partial plan
in this sense. Going down at the first node excludes reaching the second choice
point, and so there is no way to extend {Go down, Go Down} to a full plan of
action.

2.1.4. Definition. [Payoffs, reachable outcomes and expected payoffs]

• A payoff or outcome function π for a given decision tree T is a function that
assigns a real number to each terminal history. In what follows it is assumed
that every decision tree T comes with a finite set X of real numbers, where
π takes its values.

• The set of reachable outcomes by a strategy s, or a full plan of action p,
is the set of the π(h) for all terminal histories reachable from the root by
s (or p). The set of outcome reachable by a partial plan of action p is the
union of the outcomes reachable by all the plans of actions p′ that coincide
with it5.

4I should mention here an alternative way to define partial plans, used by van Benthem
[2002]. Instead of defining them as partial functions, partial plans can be seen as total functions
assigning sets of actions to each choice node. Partial plans, as I define them, boil down to
functions that assign, at every history h, either a singleton {ha}—corresponding to cases where
the partial function is defined—or the whole set A(h)—corresponding to cases where the partial
function is not defined. This approach is truly more general, allowing “intermediate” cases where
an agent has decided not to accomplish certain actions at a node, but has not yet made up his
mind on which action, precisely, he will take. That is, cases were p(h) is not a singleton but yet
a strict subset of A(h). The considerations in Section 2.2 would surely profit from this more
general approach. I stick to partial plans as partial function, partly to keep things simple and
partly to keep the presentation uniform with the notions of full plans and strategies.

5For convenience, I slightly abuse the notation and denote these sets by π(s) or π(p).
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• The expected value or the expected payoff of a strategy s at the history h,
denoted EV (h, s), is defined inductively.

EV (h, s) =

⎧⎪⎨
⎪⎩

π(h) If h is a terminal history.

Σa∈A(h)δ(a)EV (ha, s) If h is a chance node.

EV (hs(h), s) If h is a choice node.

One can readily calculate that, in the example of Figure 2.1, the expected payoffs
of the strategies (Go down, Go Up), (Go down, Go Down ), (Flip a coin, Go Up),
(Flip a coin, Go Down) are respectively 40, 40, 0 and 50. The expected value
of a plan of action is computed similarly. Observe that, given Definition 2.1.4,
a plan has exactly the same expected value at the root as all the strategies that
coincide with it. The expected value of (Go down), for example, is the same as
(Go down, Go Up), (Go down, Go Down ).

I can now define more precisely what it means to be instrumentally rational
at a node. It is simply to choose according to a strategy which expected value at
that node is at least as high as that of any other strategy.

2.1.5. Definition. [Rationality] A strategy s is rational at a node h if and only
if, for all strategies s′: EV (h, s) ≥ EV (h, s′). A strategy s is rational for the
whole decision problem T if it is rational at the root of T .

The rational strategy of the decision problem in Figure 2.1 is thus (Flip a coin,
Go Down).

Before introducing future directed intentions in these extensive representa-
tions, I should mention that, in this chapter, I am mostly concerned with plans
of action and very little with strategies6. The latter are very important in multi-
agent decision problems. The information they carry about “off-path” behaviour
is crucial in Kreps and Wilson’s [1982] sequential equilibrium, for instance. But
in single agent scenarios, what the individual would do were he to deviate from
his own plan of action has usually little or no consequence, at least as long as we
are talking about ideal agents7.

2.2 Actions- and outcomes-intentions in exten-

sive decision problems

In this thesis I am mostly interested in cases where agents make their decisions
against a background of previously adopted intentions. I thus do not consider

6With the exception of Section 2.3.
7I come back to the notion of ideal agent in Section 2.4. The reader might have already

noticed that, in fact, I define rationality in a way that allows strategies to be rational even
though they prescribe irrational moves at choice nodes that they exclude. In other words, the
definition of what it is for a strategy to be rational in a decision problem already ignores the
“off-path” prescriptions.
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explicitly the process of intention formation8, but rather focusing on cases where
the agent comes to a decision problem with intentions that he has adopted be-
forehand.

An agent can come to a decision problem with both intentions to accomplish
certain actions and intentions to reach certain outcomes . Let me call the first ac-
tions-intentions and the second outcomes-intentions. Extensive decision problems
allow for a straightforward representation of both kinds of intentions.

2.2.1. Definition. [Intention sets] Given a decision tree T and a finite set of
outcomes X, an intention structure I is a tuple 〈IO, IA〉 where IO is a finite
collection of sets of outcomes and IA is a finite collection of (maybe partial) plans
of action.

The elements in IO are sets of outcomes. These are the outcome-intentions
of the agent, intentions to achieve some of the outcome they contain. If, for
example, outcomes x and y are outcomes where the agent gets more than 100
euros, then if {x, y} is in IO I will say that the agent intends to obtain more than
100 euros.

With this set-theoretical structure one can talk about various Boolean com-
binations of intentions. For instance, if A is a set of outcomes in which the agent
is attending a concert, and B is a set of outcomes in which the agent is in Paris,
then when both A and B are in IO the agent intends to watch a concert and
intends to be in Paris. If the intersection A ∩ B is in IO then the agent intends
to watch a concert and to be in Paris. Similarly, if A∪B is in IO then he intends
to watch a concert or to be in Paris. If, finally, the relative complement of A in
X, noted X − A, is in IO then the agent intends not to watch a concert. Note
that this is different from the agent not intending to watch a concert, which is
represented as A 
∈ IO.

The set IA is the set of action-intentions of the agent. If, for instance, the
agent comes to the decision problem of Figure 2.1 with Go Down in his intention
set, this means that he has already formed the intention to choose down if he
reaches the second choice point.

So far there is no constraint on either IA or IO. It could be, for example,
that IO contains two mutually exclusive sets A and B. This would boil down
to the agents having two contradictory intentions, since the achievement of one
precludes the achievement of the other. Nor is there a relation between actions-
and outcomes-intentions. An agent could intend to achieve outcome x without
having any action-intention which would make him reach this outcome.

These are cases where the agent seems to violate one of the normative re-
quirements on rational intentions. Recall that, for many philosophers of action,

8Introducing explicitly intention-formation points in decision trees also brings in important
conceptual difficulties, mostly related to cases like G. Kavka’s [1983] “Toxin Puzzle”. I do not
consider them in this thesis. M. van Hees and I have considered these questions in [2007b],
using a model similar to the one of Verbeek [2002].
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rational intentions should be internally consistent, consistent with what the agent
believes, agglomerative and means-end coherent. With the exception of belief
consistency, one can straightforwardly translate these norms in terms of intention
structures9.

2.2.2. Definition. [Internal consistency of outcomes-intentions] A set of out-
comes-intentions IO is internally consistent whenever ∅ 
∈ IO and IO 
= ∅.

If IO contains the empty set the agent intends to achieve something utterly im-
possible, for example a plain contradiction. If, on the other hand, IO = ∅ then
the agent does not intend anything. Observe that this is different from intending
no outcome in particular, which boils down to stating that IO contains only the
full set of outcomes, i.e. IO = {X}.

2.2.3. Definition. [Agglomerativity of outcomes-intentions] The outcomes-inten-
tions of the agent are agglomerative if A∩B ∈ IO whenever A ∈ IO and B ∈ IO.

This notion is essentially what I called agglomerativity as closure in the intro-
duction (Section 1.2). Recall that I distinguished it from a another variant,
agglomerativity against potential irrationality, according to which it should be
possible to agglomerate the intentions of an agent without generating inconsisten-
cies. In the present framework this alternative understanding of agglomerativity
is a consequence of Definitions 2.2.2 and 2.2.3. Under the assumption that X and
IO are finite, internally consistent and agglomerative sets of outcomes-intentions
always have a “smallest” element, which is never empty. In technical terms,⋂

X∈IO
X ∈ IO and

⋂
X∈IO

X 
= ∅. I use a special notation for this intersection,
the most precise outcomes-intention of the agent: ↓IO.

For many of the technical details, it is convenient to assume that IO is a filter,
which means that it is not only internally consistent and agglomerative, but also
closed under supersets: if A is in IO and A ⊆ B then B is also in IO. Recalling
the Boolean point of view on outcome-intentions, this closure under supersets is
a closure under implication. If the agent intends to go to a Bob Dylan concert,
then he intends to go to a concert. This is indeed a strong requirement, but it
turns out to simplify the formal analysis10.

Interestingly, closure under supersets has a completely different meaning with
respect to the set of actions-intentions IA. It rather expresses agglomerativity,
both as closure and against potential irrationality.

9Recall that I work with perfect information decision trees. At each node the agent has cer-
tain and truthful information about his situation. His intentions, as long as they are achievable,
are thus by default belief consistent. I work with imperfect information, for strategic games, in
Chapter 3 and 5.

10Very few of the results, however, rest crucially on this assumption, as the reader will be in
position to judge as I go along.



24 Chapter 2. Intentions and individual decision making

2.2.4. Definition. [Agglomerativity of actions-intentions] The actions-intentions
of the agent are agglomerative if p, p′ ∈MA implies that p ∪ p′ ∈ IA.

To see this, recall that all elements of IA are plans of action, either full or partial.
But then to require p ∪ p′ to be an element of IA, whenever p and p′ are, is to
require this union also to be a plan of action. This means that p and p′ should not
each exclude the achievement of the other. Observe that, given agglomerativity,
actions-intentions also contain a “most precise” element,

⋃
p∈IA

p, which can,
however, still be partial. I use ↑IA to denote this.

Internal consistency could similarly be imposed on IA as a separate require-
ment. But internal consistency can be imposed on actions-intentions in a less
direct way. There is so far no connection between IO and IA. If, however, we
view the latter as the set of means the agent intends to take in order to achieve
his ends, i.e. his outcome-intentions, then there should be such a connection,
namely a form of means-end coherence.

2.2.5. Definition. [Means-end coherence] The intention structure I is means-
end coherent if there is a p ∈ IA such that π(p) ⊆ ↓IO.

An intention structure is thus means-end coherent when there is a plan of ac-
tion among the agent’s actions-intentions which can, for sure yield an intended
outcome. In other words, the agent’s intention structure is means-end coherent
whenever he can enforce the achievement of his outcomes-intentions by enacting
his actions-intentions.

This condition not only constrains IA in terms of IO, it also precludes the
agent from intending outcomes that he cannot secure. Consider a variation of
the decision problem presented in Figure 2.1, in which π(Flip a coin, tail, Go
down) = 200 instead of 100. In this case the agent has a clear favourite outcome.
He cannot, however, intend to realize it and be means-end coherent at the same
time. That is, all intention structures in which ↓ IO = {200} are means-end
incoherent. There is no (partial) plan of action for the agent in which he would
be able to secure this outcome. To do so the agent would have to have the power
to reach (flip a coin, tail) by his own will. But he can get there only if the coin
lands tails up, and he has no control over that.

In connection with the other requirements, means-end coherence has inter-
esting consequences. First, it is notable that internal consistency of actions-
intentions follows from internal consistency of outcomes-intentions in the pres-
ence of means-end coherence. In other words, IA is never empty for means-end
coherent intention structures with internally consistent outcome-intentions. Fur-
thermore, if IA is agglomerative then the most precise action-intention ↑IA itself
enforces an intended outcome.

2.2.6. Fact. For any means-end coherent intention structure I, if IA is agglom-
erative then, π(↑IA) ⊆ ↓IO.



2.2. Actions- and outcomes-intentions in extensive decision problems 25

Proof. Take any such I. Observe that for any (perhaps partial) plans of action
p and p′, p ⊆ p′ implies that π(p′) ⊆ π(p). Now, because IA is agglomerative we
know that for all p ∈ IA, p ⊆ ↑IA. But then, by means-end coherence, we know
that there is a p ∈ IA such that π(p) ⊆ ↓IO, and thus that π(↑IA) ⊆ ↓IO. �

As a direct corollary, we obtain that means-end coherence and agglomera-
tivity of the actions-intentions together enforce that all actions-intentions are
“consistent” with the most precise outcome-intention ↓IO.

2.2.7. Corollary. For any means-end coherent intention structure I, if IA is
agglomerative then π(p) ∩ ↓IO 
= ∅, for all p ∈ IA.

Observe, however, that even if all the above conditions are met, ↑IA can still
be a partial plan. This is quite in line with an important idea in the philosophy
of action, namely that plans are typically incomplete. Means-end consistency
“only” requires one to secure some intended outcomes, and this can leave many
choice nodes undecided. Once the outcomes-intentions are within reach, actions-
intentions can remain silent.

Means-end coherence nevertheless establishes a strong connection between the
intentions of the agent and the structure of the decision tree. It constrains the
intention structure to fit the agent’s powers, keeping him within the limits of what
he can enforce11. But one might also require the agent’s intentions somehow to
match another important component of decision problems, his preferences. That
is, one might want to make sure that the agent’s intentions will not lead him into
choices that would otherwise be irrational. This can be ensured by the following.

2.2.8. Definition. [Payoff-compatible actions-intentions] The actions-intentions
IA are payoff-compatible whenever for any full plans of action p and p′ such that
EV (∅, p) > EV (∅, p′): if ↑IA 
⊆ p, then ↑IA 
⊆ p′.

2.2.9. Fact. For any decision tree T and means-end coherent intention structure
I where IO is agglomerative and internally consistent and where IA is agglomer-
ative and payoff-compatible, there is a rational plan that coincides with ↑IA.

Proof. Simple unpacking of the definitions. �

With this in hand we can already see that intentions extend the analysis of stan-
dard rational decision making under uncertainty. In cases where there is more
than one maximizer of expected value, traditional decision theoretic agents have
no criterion to decide. To put the matter somewhat dramatically, they are like
Buridan’s ass who, the story goes, starved to death because he could not decide
between two equally desirable stacks of hay. As Bratman [1987, p.11] stresses,

11This condition, the “own action condition” [Bratman, 1999, p.148], will become very im-
portant in multi-agent scenarios. I discuss it in more detail at the beginning of Chapter 3.
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planning agents can get out of cases like this, and Fact 2.2.9 is in line with this
idea. When there is more than one rational plan in a decision problem solu-
tion, IA can at most contain one of them, thus “focusing” traditional rationality.
Moreover, when ↓ IA is not a full plan of action, payoff-compatible intentions
can still get the agent out of Buridan cases, by providing anchors for personal
coordination. When there is more than one maximizer of expected value, some
of which are not compatible with the agent’s most precise action-intention, even
if it is partial, a combination of traditional decision making and intention-based
reasoning will help the agent to make a decision.

Intentions thus supplement traditional decision making under uncertainty, in a
way that nevertheless does not fundamentally change the structure of the model.
Actions- and outcomes-intentions are, after all, collections of entities that are
“normal denizens” of extensive representations. This is an important asset of the
present framework. By keeping the underlying decision-theoretic model intact,
one can use the tools and insights from classical decision theory to gain a better
picture of rational decision making with intentions. In other words, the current
framework allows one to study intention-based rational deliberation in a way that
does justice both to traditional views of instrumental rationality and the theory
of intentions.

This essentially motivates the two methodological assumptions that I present
in the following sections. Considering intentions with counterfactual consequences
and resource-bounded agents introduces complications that lead us outside the
core intersection of planning agency and instrumental rationality. These are in-
teresting topics, but their investigation can surely profit from first looking at the
“simple” case of rational deliberations against a background of future-directed
intentions.

2.3 Intentions with counterfactual consequences

Consider the following example, in which the counterfactual consequences of in-
tentions influence the payoffs12.

Both Terror Bomber and Strategic Bomber have the goal of promoting
the war effort against Enemy. Each intends to pursue this goal by
weakening the Enemy, and each intends to do that by dropping bombs.
Terror Bomber’s plan is to bomb the school in Enemy’s territory,
thereby killing children and terrorizing Enemy’s population. Strategic
Bomber’s plan is [...] to bomb Enemy’s munitions plant. [He] also
knows, however, that next to the munitions plant is a school, and
that when he bombs the plant he will also destroy the school, killing
the children inside. [Bratman, 1987, p.139]

12In the literature such intentions are also called intentions with “double effects”.
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Let me assume that Strategic Bomber does not have the intention to kill the
children, and try to draw the decision tree. If we make the standard assumption—
as I have thus far—that a plan of action describes the available moves, then the
tree is very simple (see Figure 2.2). There are only two possible plans—and also
only two strategies—namely bomb and not bomb. But the consequences of bomb
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Figure 2.2: The Bombing Problem

may be different if this history is chosen with the intention to kill the children
than if it is chosen without this intention. For instance, Terror Bomber may be
prosecuted for war crimes if it was indeed his intention to kill the children, whereas
such prosecution may be less likely for Strategic Bomber. In this scenario, the
payoffs thus not only depend on which terminal history is reached but also on the
intention with which it is reached.

In the model of the previous section, one cannot distinguish reaching bomb
with the intention to kill the children from reaching the same history with a
different intention. In both cases the agent has the same most precise actions-
intention ↑IA = {bomb}, and the value of π(bomb) is the same, despite the fact
that these intentions and payoffs should be different.

Bratman argues, in essence, that Strategic Bomber does not have the intention
to kill the children because, in contrast to Terror Bomber, he would not adopt
a new plan of action if the children were moved somewhere else, far from the
munitions plant. That is, Bratman suggests that a counterfactual extension of
the decision problem would reveal the intentions. One such extension is depicted
in Figure 2.3. The first node is now a chance node which determines whether the
school is deserted or not. If not, the agent faces the original decision problem,
otherwise the counterfactual scenario arises. Considering this extended tree, one
can assume that the plans of action of Terror and Strategic Bomber will differ.
Terror Bomber’s ↑IA will be the plan “Only bomb when children are at school”
whereas for Strategic Bomber it will be “Always bomb”. Following Bratman’s
suggestion, we can use the counterfactual information carried by these plans to
assign the payoff to the terminal histories.

2.3.1. Definition. [Refined payoff functions] A refined payoff function ρ is a
function that assigns a real-valued payoff to pairs (h, s) where s is a strategy and
h a terminal history.
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Figure 2.3: A counter-factual extension of the bombing problem

Dealing with refined payoff functions brings strategies back into full relevance.
What the agent would choose were he to deviate from his own path, that is in
counterfactual situations, suddenly has a direct impact on his payoffs. For that
reason I will assume, for the moment, that actions-intentions can also contain
strategies, with the corresponding modifications of Definitions 2.2.1 and 2.2.4.

2.3.2. Definition. [Intentions with counterfactual consequences] An actions-
intention or a strategy s has counterfactual consequences when, ρ(h, s) 
= ρ(h, s′)
for a terminal history h and another strategy s′.

In the Bombers example intentions have counterfactual consequences. The value
of ρ is different if Children in school, bomb is reached with the strategy Always
bomb than if it is reached with the strategy Only bomb when children are at school.
Dropping bombs with the intention to kill the children has different consequences
than dropping bombs without this intention.

The counterfactual consequences of acting with a certain intention can be
taken into account when the agent chooses his strategy, with the following refine-
ment of the notion of expected value.

2.3.3. Definition. [Refined expected value] For all pairs (h, s):

EV ′(h, s) =

⎧⎪⎨
⎪⎩

ρ(h, s) If h is a terminal history.

Σa∈A(h)δ(a)EV ′(ha, s) If h is a chance node.

EV ′(hs(h), s) If h is a choice node.

Refined payoff functions are indeed generalizations of the standard payoff func-
tions π. The latter are just refined functions for which the value at a terminal
history is not dependent on the strategy with which it is reached. That is, any
standard payoff function π can be emulated by a refined payoff function ρ for
which ρ(h, s) = ρ(h, s′) for all terminal histories h and strategies s and s′.
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However useful, refined payoff functions are not part of the standard decision-
theoretic machinery. Two crucial questions remain open about them. First, I am
not aware of any representation result that would ground a theory of instrumen-
tal rationality in uncertain situations, using these refined payoff functions. In
other words, one still has to find the conditions under which choices of actions
can be represented by such real-valued refined payoff functions on outcomes13.
Second, one must understand better what kind of transformation would lead to
the “correct” or “appropriate” counterfactual extension of a given decision tree.
The use of refined payoff functions should come hand-in-hand with a systematic
theory of decision problem transformations.

I do no purse these matters here. They are very interesting, but they bring in
cases where intention-based practical reasoning forces one to reconsider the very
building blocks of the theory of instrumental rationality. As we have already seen,
even in “classical” decision-theoretic models intentions give rise to phenomena
that are worth looking at, and to which I give priority.

2.4 Ideal and resources-bounded agents

So far I have considered examples where it is easy to find a rational plan. But
this is not always so easy. If there are numerous choice nodes, interlaced with
chance nodes, representing the decision tree or calculating its solution might be
very tedious. Most decision-theoretic analyses abstract from such difficulties by
making two assumptions about the agent: ideal intelligence and ideal rationality.

The first assumption concerns the agent’s representational and computational
capacities. An agent “is intelligent if he knows everything that we [the modeler]
know about the [problem] and he can make any inferences about the situation
that we can make.” [Myerson, 1991, p.4] In other words, if a decision problem
is representable at all and its solution computable, in any sensible sense of these
terms, then the agent is assumed to be capable of representing it and computing
its solution. The time and energy costs of these computations are simply ignored.

The rationality assumption splits into two components. First, the choices of
the agent over strategies are assumed to satisfy certain “coherence” requirements,
such as transitivity, totality and what Savage [1954] calls the “sure-thing princi-
ple”.14 These, together with a few others, are sufficient conditions to represent the
agent’s strategy choices as a maximization of expected value15. Decision-theoretic

13I briefly introduced representation results in the Introduction (Section 1.1.1).
14Transitivity states that if x is ranked above y, and y is ranked above z, then x is ranked

above z. Totality states that, for any x and y, either x is ranked above y, or y above x. Finally,
the sure-thing principle stipulates that if A and B produce the same consequences whenever
some event E occurs, then the agent’s choice between A and B should only depend on the
consequences of these two actions in the case E does not occur. See Joyce [2004] for details.

15See the references in the footnote on page 29. In Definition 2.1.1, I directly introduced
preferences in these terms.
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agents are also assumed to be constant and flawless maximizers, meaning that at
every choice point they choose according to a rational strategy, and that they do
not make mistakes, i.e. make irrational decisions.

Ideal decision theoretic agents are thus perfectly rational agents who can rep-
resent any decision problem, however big, and find a rational plan without effort.
These are indeed extremely strong idealizations, and most of them are explicitly
made as simplifying hypotheses16.

Decision models for non-ideal or resources-bounded agents have been studied,
for instance, by Simon [1982], Rubinstein [1998] or Gigerenzer and Selten [2002].
It is also an important claim in philosophy of action that intentions are useful
for agents with limited capacity, because they filter the set of options and focus
deliberation on relevant means. By doing so, it is claimed, they reduce the num-
ber of options to be considered, leaving the other decisions for later. In short,
intentions simplify deliberation, so that the agents can “cross the bridge when
they come to it”.17

But for ideal agents there is no need to wait until they come to the bridge.
They are capable of computing in advance, for any decision problem, a maximally
detailed plan. Furthermore, it is assumed that their preferences satisfy the above
coherence requirements, and so that they will not want to change their plan along
the way through the decision tree18. They are perfectly capable of pushing to its
extreme the “look before you leap” approach:

Making an extreme idealization, [...] a person has only one decision
to make in his whole life. He must, namely, decide how to life, and he
might in principle do once and for all. [Savage, 1954, p.83]

This idealization bears consequences for the representation of intentions, too.
Ideal agents have little to do with partial plans. To put it in the words of von
Neumann and Morgenstern [1944, p.79], the only assumption needed for agents
to be able to choose (and intend) full plans of action “is the intellectual one
to be prepared with a rule for behavior for all eventuality.” This, they say, “is
an innocent assumption within the confines of a mathematical analysis,” that is
under ideal decision-theoretic conditions.

Whether or not one agrees with the “innocent” character of this assumption,
the point remains. For ideal agents, there is nothing that stands in the way of
choosing beforehand a full plan of action. In other words, for ideal agents one
can safely assume that ↑IA is a full plan.

16See for example the remarks of Savage [1954, p.30] about the computation costs.
17To formally assess the importance of future-directed intentions for resource-bounded agents

one would also need to introduce considerations of computational complexity, which I do not
do in this thesis.

18The argument for this last point rests crucially on the “representation” results that I men-
tioned earlier.
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This has important consequences for the present analysis. First of all, it makes
intentions even more powerful tools to get planning agents out of Buridan cases.
If an agent’s most precise actions-intention is a full plan, which happens to be
payoff compatible, then this intention breaks any possible tie.

But this idealization also has methodological advantages. As I now show, it
allows one to move to from extensive decision problems to the simpler strate-
gic representations, without losing track of the important effects of previously
adopted intentions in planning agency.

2.5 From extensive to strategic representations

Led by the observation that ideal agents can decide in advance on a full plan of
action, von Neumann and Morgenstern [1944, p.79-84] proposed what they called
the final simplification of decision problems, namely the strategic form or normal
representation. Here is R. Myerson’s [1991, p.50] account of von Neumann and
Morgenstern’s idea, phrased in game-theoretic terms.

If the players in the game are intelligent, then each player should be
able to [...] determine his rational plan of action before the game
begins. Thus [...] the actual play of the game is just a mechanistic
process of implementing these strategies and determining the outcome
[...]. That is, we can assume that all players make all substantive
decisions [...] at the beginning of the game, [...] [which] is exactly
described by the normal representations.

In short, strategic representations of extensive decision problems “ignore all ques-
tions of timing.” [idem, p.47]. The whole apparatus of decision trees and histories
is replaced by a simple set of options, the elements of which represent plans of ac-
tion. The preferences are simplified accordingly. Instead of being computed from
the payoffs on terminal histories, they are directly aligned to expected value.

2.5.1. Definition. [Strategic version of extensive decision problems] Given a
decision tree T and a payoff function π, its strategic version GT is a tuple
〈S, X ′, π,〉 such that :

• S is the set of plans of action in T .

• X ′, the set of outcomes, is defined as {π(p) : p ∈ S}.
•  is a preference relation on X such that:

π(p)  π(p′) iff EV (∅, p) ≥ EV (∅, p′)

In the same spirit, one can transfer intention structures for extensive decision
problems to intention structures for strategic versions.
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2.5.2. Definition. [Strategic version of intention structures] Given an intention
structure I for a decision tree T , its strategic version ι = 〈ιA, ιX〉 is defined as
ιA =↑IA and ιX = {Y ⊆ X : π(↑IA) ⊆ Y }.
The new actions-intention ιA is defined by taking the most precise actions-intention
in the extensive decision problem. Recall that if we work with ideal agents, we
can assume that ↑IA is a full plan, which ensures that there is a p in the set S of
plans in the strategic version which corresponds to the new ιA. The new outcome-
intentions set ιX is, in turn, defined by taking the filter generated by the set of
outcomes reachable by the most precise actions-intention ↑IA. From Fact 2.2.9,
we know that this set is a subset of the most precise outcomes-intention in the
original extensive decision problem. By taking the filter generated by ↑IA, it is
thus certain that ↓ IX will be an element of ιX . In fact, this ensures that all
elements of IX are in ιX .19 What is more, defining the new intention structure in
this way naturally preserves means-end coherence20. This transfer from extensive
to strategic forms also retains the tie-breaking effect of intentions. If the actions-
intentions of the agent are payoff-compatible and ↑IA is a full plan of action then
ιA is one of the maximal elements in the strategic preference ordering . That
is, for all p ∈ S we know that ιA  p.

We thus have a simpler way to represent decision problems, strategic versions,
where intentions can also break ties between equally desirable outcomes. This
simplification can be pushed one step further, by abstracting from the extensive
representations altogether.

2.5.3. Definition. [Decision problems in strategic forms] A decision problem in
strategic form G is a tuple 〈S, X, π,〉 such that :

• S is a finite set of plans or strategies.

• X is a finite set of outcomes.

• π : S → X is an outcome function that assigns to every action an outcome
x ∈ X.

• i is a reflexive, transitive and total21 preference relation on X. Its strict
sub-relation � is defined as x � y iff x  y but y 
 x.

These are the strategic decision problems that I use in the coming chapters.
Clearly, strategic versions of extensive decision problems are decision problems in
strategic form. The preference relation induced by the expected value is indeed

19There might, of course, be more outcomes-intentions in ιX than in IX , if π(↑IA) ⊂↓IX .
20Observe that it also preserves internal consistency and agglomerativity - the latter trivially,

because I take the filter generated by π(↑IA).
21I defined totality and transitivity in the Footnote on page 29. Reflexivity simply means

that x  x for all outcome x ∈ X.
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reflexive, transitive and total. The converse is no longer true, however. The
difficulty lies in the preferences. One can transfer  from outcomes to plans, in
the obvious way. But is not the case that any such preferences on plans, even if
transitive, reflexive and total, can be represented by a numerical payoff function
π on outcomes in an extensive game such that p  p′ if and only if the expected
value of p is greater than or equal to the expected value of p′.

This looser connection with extensive decision problems is compensated by a
gain in generality. Strategic decision problems naturally extend to multi-agent
interactive situations, on which I concentrate in the following chapters. Further-
more, by moving to decision problems in strategic form one can do away with the
actions-/outcomes-intentions distinction, thus simplifying the formal apparatus
even further.

2.5.4. Definition. [Intentions in strategic decision problems] An intention set
ι for a strategic decision problem G is a set of subsets of X. The intention set ι
is:

• internally consistent if ι 
= ∅ and ∅ 
∈ ι.

• agglomerative if A ∈ ι and B ∈ ι implies that A ∩B ∈ ι.

• a consistent filter if it is internally consistent, agglomerative and closed
under supersets.

Observe that by the finiteness of X, we automatically get that if ι is a consistent
filter then ↓ ι, defined as for ↓IO, is not empty and an element of ι. Actions-
intentions are not completely lost in this new definition. The agent can be seen
as intending the plans which lead to outcomes in his most precise intention22.

Because of the looser connection with extensive decision problems, payoff-
compatibility can no longer be phrased in terms of expected value. To keep
intentions within the boundaries of classical rationality I have to reformulate this
criterion. Here I use a formulation which, I think, is fairly intuitive. The agent
will be said to have payoff-compatible intentions if, when all the elements of a set
of outcome B are strictly better than all the elements of another set of outcome
A, if he still does not intend B, then he does not intend A ∪ B either. In plain
English, if the agent prefers Holland to France as a holiday destination, but does
not intend to holiday in Holland, then he does not intend to holiday in France or
in Holland.

22Supposing that a given strategic decision problem can be translated back into an extensive
one, this definition of actions-intentions would however violate agglomerativity in most cases.
There will be in general more than one plan of action which will lead to intended outcomes. By
putting them all in the actions-intention set, their union will clearly not be a plan of action.
One should look in more detail at the question of “reconstructing” intentions for an extensive
decision problem from intentions in a strategic one. Since I work with strategic representation
from now on, I leave this issue aside.
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2.5.5. Definition. [Payoff-compatible intentions] The intention set ι is payoff-
compatible whenever for for any A, B ⊆ X, if A ∪ B ∈ ι and for all x ∈ A and
y ∈ B, x � y then A ∈ ι.

This new version of payoff-compatibility characterizes precisely the intention sets
↓ι the elements of which are among the most preferred outcomes.

2.5.6. Proposition. For any strategic decision problem G and intention set ι
which is a consistent filter, the following are equivalent.

1. ι is payoff-compatible.

2. For all x ∈↓ι and y ∈ X, x  y.

Proof. The proof is obvious from (2) to (1). From (1) to (2), let C() = {x ∈
X : x  y for all y ∈ X}. I show that C() ∈ ι. This will be enough because ι
is a consistent filter. Take A = C() and B = X − A. Observe that A ∪B = X
which means, that X ∈ ι. By definition of C(), we know that x � y for all
x ∈ C() and y 
∈ C(), that is, for all y ∈ B. We can thus conclude that
C() ∈ ι from payoff-compatibility. �

This means that, just as in extensive representations, intentions in strategic de-
cision problems can break ties between equally desirable options, thus genuinely
adding to the standard decision-theoretic apparatus.

2.6 Conclusion

This last result exemplifies well the kind of analysis I carry out in this thesis.
It highlights the effects of previously adopted intentions in practical reasoning
of rational agents, without moving away from the underlying classical notion of
instrumental rationality. In particular, it shows that one can study the effects
of intentions even in the extremely simplified environment of strategic decision
problems. Even if we assume ideal agency and leave aside intentions with counter-
factual consequences, it is insightful to introduce intentions in decision-theoretic
models.

Of course, I could have carried the analysis further using extensive decision
problems, especially by introducing endogenous uncertainties or imperfect infor-
mation. But in the coming chapter I rather move to interaction situations. We
shall see that, on the one hand, the intentions bring with them insights into the
study of coordination, and thus contribute to the general understanding of ratio-
nal interaction. Interactive situations and game theory, on the other hand, also
shed light on the theory of intentions by unveiling important issues about the
reasoning-centered commitment.


