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ABSTRACT. We provide necessary and sufficient conditions for a dynamically
consistent agent always to prefer more informative signals (in single-agent prob-
lems). These conditions do not imply recursivity, reduction or independence. We
provide a simple definition of dynamically consistent behavior, and we discuss
whether an intrinsic information lover (say, an anxious person) is likely to be
dynamically consistent.
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1. INTRODUCTION

Blackwell’s (1953) theorem states (among other things) that, in
single-agent problems, if the agent is an expected utility maxim-
izer, then she always prefers more information to less regardless
of the set of actions available to her. By contrast, Wakker (1988)
argues that if the agent is not an expected utility maximizer, then
there must be a pair of signals, one more informative than the other,
and a decision problem, such that the agent strictly prefers the less
informative signal.1 The key to Wakker’s result is that his agent is
not dynamically consistent: her behavior within a decision tree is not
always what she would choose ex ante if she could commit. Indeed,
the reason Wakker’s agent sometimes chooses a less informative
signal is in an attempt to self-commit. Machina (1989) argues that
Wakker’s finding comes from too narrow a definition of dynamic
consistency. Machina proposed a broader definition; one that does
not require preferences to conform with expected utility theory, or
even to be recursive.2

? The analysis in this paper was previously part of a working paper called
“Preference for Information”.
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An open question confronted by this paper is whether an agent
who is dynamically consistent in the Machina sense, will always
prefer more information to less. Like Machina, we consider agents
who violate the expected utility axioms, and whose preferences are
not necessarily recursive. We go beyond Machina, however, in that
we also consider violations of the reduction of compound lottery
axiom. In an earlier paper (Grant, Kajii and Polak 1998), we con-
sidered what we called intrinsic preference for information: desiring
information not only to make actions contingent on what you learn,
but also (for example) to relieve anxiety. Such preferences entail
violations of the reduction axiom. In that paper, however, we only
studied the special case where the agent has just one action avail-
able to her.3 In that context, of course, dynamic consistency is not
an issue. This paper extends the analysis to the many-action case.
The question then becomes whether, given dynamic consistency, the
conditions for an agent to prefer more information in the special
single-action case are necessary and sufficient for an agent always
to prefer more information in the general many-action case.

The answer is: ‘almost’. The reason for the ‘almost’, is that non-
expected utility maximizers are sometimes not indifferent among
randomizations over indifferent outcomes. If the agents can perform
randomizations for themselves, this is not a problem. But if they rely
on the realizations of a signal to serve as a randomization device,
then we need some extra restrictions if they are always to prefer
more informative signals. The necessary and sufficient restriction
turns out to be (roughly) that the agent never strictly prefers to ran-
domize. The exact restriction is implied by — but does not imply —
recursivity.

Section 2 introduces a natural definition of dynamic consistency
that captures Machina’s intuition. We say that an agent is dynamic-
ally consistent if her actual behavior within a decision tree conforms
to that she would have chosen ex ante were she able to commit.
We derive the latter by looking at the agent’s preferences among
trees. Section 3 contains the main result: necessary and sufficient
conditions such that a dynamically consistent agent always prefers
more information to less. Section 4 discusses this result. For ex-
ample, our result simply assumes dynamically consistent behavior.
We suggest, by means of an example, that if an agent intrinsically
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strictly prefers more information, then this agent might fail to be
dynamically consistent.

2. DYNAMIC CONSISTENCY

We are interested in preference between, and behavior within, de-
cision trees. We focus on trees in which an agent chooses an action
after the resolution of a signal. Outcomes depend on the agent’s
action and on the state of nature. For an example, consider a farmer
who chooses her fertilizer after receiving a weather forecast. The
success of her crop depends on the weather and on the fertilizer she
chooses. In this section, we allow for decision trees that are slightly
more general than this in that the set of available actions can depend
on the realization of the signal. Perhaps a particular kind of fertil-
izer might not be available if bad weather is forecast. Preference
for information is a statement about the agent’s preferencesamong
such simple decision trees. Loosely (we will be more precise in the
next section), it states that the agent prefers trees associated with
more informative signals. Dynamic consistency is a statement about
how the agent’s behaviorwithin such a decision tree conforms to the
behavior she would choose, ex ante, if she could commit.

To formalize these ideas, let� be the set of states of nature, let
X be the set of consequences, letA be a set of actions, and letC
be the set of functions of the formc : �×A → X, that assign
a consequence to each state-action pair. In the following, unless
otherwise stated, both� andX are taken to be the interval[0, 1].4
We will confine attention to trees involving finite signals and finite
action sets. A typical tree,τ , then consists of:

– a finite set of signal realizations,(s1, . . . , sn);
– the posterior beliefs on the state space�, (P1, . . . , Pn), in-

duced by these realizations;
– the finite action sets,(A1, . . . , An), eachAi ⊂ A, associated

with the realizations;
– the (prior) probabilities,(q1, . . . , qn), of observing these real-

izations;
– and a consequence functionc in C.

Let T denote the set of all such trees; that is, trees of the form:
〈(si, Pi, Ai; qi)ni=1; c〉. Let �T be a complete and transitive pref-
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erence relation over such trees. This preference relation describes
a choice, made ex ante, among trees. For example, by selecting ex
ante among different crops to plant, each with a different response to
the weather, our farmer can choose which consequence function she
faces. By selecting ex ante among news sources, she can choose her
signal. By selecting ex ante among supply contracts, she can choose
the set of available fertilizers. Different trees can be associated with
different priors over the relevant states of nature. For example, if we
think of � as being the weather during the peak growing season,
then selecting ex ante among different crops or different planting
times can affect this distribution.

Within each given tree, the agent chooses an action at each de-
cision node; that is, after each signal realization. More generally,
the agent might randomize over the available actions but, for the
moment, consider just non-random behavior. Letb be abehavior
function that, for each treeτ in T , assigns an action fromAi to
each signal realizationsi of τ . Letbτ be the corresponding behavior
in the specific treeτ , andbτ (si) be the corresponding action taken
in the treeτ after seeing the specific signal realizationsi . That is,
bτ (si) is an element ofAi. The behaviorb(τ) is not to be thought
of as a ‘plan of action’ (or ‘strategy’) formed ex ante, but rather as a
description of the agent’s actual behavior within the treeτ . These do
not necessarily coincide. That is, what the agent actually does within
the treeτ is not necessarily the same thing as she would choose were
she able to commit to those choices ex ante.

Given a decision tree, each behavior functionb induces a two-
stage lottery over outcomes. In our example, suppose that there are
two weather states, wet or dry. Suppose there are two possible fore-
casts of the weather,s1 and s2, which occur with probabilitiesq1
andq2 respectively. The posterior probability of wet givens1 is p1,
and givens2 isp2. There are two types of fertilizer available at each
state,a1 anda2. If a1 is chosen then the crop yield isx if wet andx ′
if dry. Conversely, ifa2 is chosen, then the yield isx ′ if wet andx if
dry. Let us refer to this tree aŝτ . Suppose that the agent’s behavior in
this tree,bτ̂ , is to choosea1 ats1 anda2 ats2. Then the induced two-
stage lottery assigns first-stage probabilityq1 to the second-stage
lottery [x, p1; x ′, (1− p1)], and assigns first-stage probabilityq2 to
the second-stage lottery[x, (1− p2); x ′, p2].
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More formally, letL(X) be the set of probability measures on
X. LetM(P, a, c) be the probability measure inL(X) where, for
any subsetE of X, M(P, a, c)(E) =P ({ω ∈ � : c(ω, a) ∈E}).
That is, given a probability distributionP over the set of states,
M(P, a, c)(E) is the probability that an outcome inE occurs if the
actiona is chosen. LetL0(L(X)) be the set of probability measures
on L(X) with finite support. Letψ(bτ ; τ) be the two-stage lottery
induced by the behavior functionb in the treeτ . This is the element
of L0(L(X)) that assigns to each (second-stage) lotteryF in L(X)
the sum of all theqi in the set{qi : M(Pi, bτ (si), c) = F }.5

A special class of trees are those where the agent is ‘committed to
an action ahead of time’. Formally, let the set ofcommitment trees
be the subset ofT for which each action setAi is a singleton. In
our farmer story, an example of a commitment tree would be one
in which the only fertilizer available after seeing forecasts1 is a1,
and the only fertilizer available after seeings2 is a2. In this tree, the
farmer is committed beforehand to the same fertilizers that her beha-
vior bτ̂ would have chosen within the less restrictive treeτ̂ described
above. That is, the only possible behavior in this commitment tree
induces the same two-stage lottery over outcomes as that induced
by bτ̂ in the treeτ̂ .

We are going to use the agent’s preferences among commitment
trees to help define dynamic consistency. Let�2 denote the re-
striction of�T to the set of commitment trees. Since the agent’s
behavior within each commitment tree is degenerate, each such tree
maps directly to a two-stage lottery inL0(L(X)). Therefore, we
will interpret�2 as representing the agent’s preferences over such
two-stage lotteries.6

We have now defined an agent’s preference relation over two-
stage lotteries and her behavior within all trees inT . Informally,
it is natural to say that an agent is dynamically consistent if her
behavior within each tree induces a two-stage lottery that is best
among those lotteries that were achievable in that tree, where ‘best’
means according to her ex ante preference relation over such lotter-
ies. In our farmer story, in the gameτ̂ described above, there are four
possible (non-random) behaviors. We can denote these by(a1, a1),
(a1, a2), (a2, a1) and(a2, a2). If each of these behaviors induces a
different two-stage lottery then there are also four achievable two-
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stage lotteries:ψ((a1, a1); τ̂ ), ψ((a1, a2); τ̂ ), ψ((a2, a1); τ̂ ) and
ψ((a2, a2); τ̂ ). More generally, letB(τ) be the set of two-stage
lotteries that can be induced by some non-random behaviorbτ in
the treeτ .

DEFINITION 1. A preference relation between commitment trees
�2 (i.e., a preference relation over two-stage lotteries), and a (non-
random) behavior within treesb, aredynamically consistentif, for
all treesτ in T and all achievable two-stage lotteriesX in B(τ),
ψ(bτ , τ ) �2 X.

The above notion of dynamic consistency links ex ante prefer-
ences and actual (interim) behavior. This definition is closely related
to those of Johnsen and Donaldson (1985), McClennen (1990),
Machina (1989), and Karni and Schmeidler (1991). Like theirs, our
definition of dynamic consistency does not restrict preferences to
be expected utility, or to be recursive, or to respect reduction of
compound lotteries.

If an agent can predict her own behavior in any tree (that is,
she knows her behavior functionb), then, given an ex ante choice
between two decision trees, she should choose the one in which her
behavior will induce the two-stage lottery that is better according
to her ex ante preferences. This idea is usually called “sophisticated
choice” to distinguish it from “myopic choice” where the agent fails
to predict correctly.7 The following formalizes this standard idea.

DEFINITION 2. An agent issophisticatedif her preference rela-
tion between trees�T and her (non-random) behavior within trees
b are such that, for all pairs of treesτ andτ ′ in T , τ �T τ ′ if and
only if ψ(bτ , τ ) �2 ψ(bτ ′, τ ′).

Combining these ideas, an agent who is both sophisticated and
dynamically consistent, given an ex ante choice between two de-
cision trees, should first look at the set of achievable two-stage
lotteries in each tree. She should then pick the tree that permits
the best two-stage lottery according to her ex ante preferences.
Since she is dynamically consistent, she knows that her behavior
within the tree will indeed induce this lottery. Again, the following
formalizes this standard idea.
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OBSERVATION. If an agent whose preference relation between
trees is�T , and whose (non-random) behavior within trees isb is
both dynamically consistent and sophisticated then, for all pairs of
treesτ and τ ′ in T , τ �T τ ′ if and only if there is a achievable
two-stage lotteryX in B(τ) such thatX �2 X

′ for all achievable
two-stage lotteriesX′ in B(τ ′).

Random behavior.So far, we have defined dynamic consistency
for non-random behavior, and we have determined what this im-
plies for sophisticated ex ante choices among trees. We now want
to extend these ideas to allow for randomization. A complication
that arises once we allow the agent to randomize is that the precise
two-stage lottery that is induced by such behavior depends on the
time at which the randomization takes place. In our farmer story, an
example of random behavior in the treeτ̂ could be for the farmer,
at the weather forecasts1, to choose fertilizera1 with probabilityα
and fertilizera2 with probability(1−α); and, at the weather forecast
s2, to choose fertilizera2 with probability 1. If the farmer observes
the randomization device at the same time as she observes the fore-
cast then this random behavior induces the two-stage lottery that
assigns first-stage probabilityαq1 to the second-stage lottery[x, p1;
x ′, (1−p1)]; assigns first-stage probability(1−α)q1 to the second-
stage lottery[x, (1−p1); x ′, p1]; and assigns first-stage probability
q2 to the second-stage lottery[x, (1− p2); x ′, p2]. It is as if there
were three weather reports that the farmer could use to condition her
fertilizer choice: a reports11 that occurred with probabilityαq1; an
identical reports12 that occurred with probability(1−α)q1, and the
reports2.

On the other hand, suppose the farmer only observes the realiz-
ation of the randomization device when the true state is revealed.
We can think of this as the farmer choosing a random action at
s1. In this case the random behavior induces the two-stage lottery
that assigns: first-stage probabilityq1 to the second-stage lottery
[x, αp1+(1−α)(1−p1); x ′, α(1−p1)+(1−α)p1]; and assigns first-
stage probabilityq2 to the second-stage lottery[x, (1−p2); x ′, p2].
These are different two-stage lotteries. As we shall see in Section 3,
once we move away from standard preferences (in particular, once
we drop the reduction of compound lotteries axiom), this distinction
can matter.
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More generally, we can think of two types of randomized be-
havior within our set of decision treesT . With early-resolution
randomization, the realization of the ‘randomizing device’ is con-
temporaneous with the resolution of the signal: the agent can be
thought of as selecting a non-random action at the second stage, with
that choice depending jointly on the realizations of the randomizing
device and of the signal. Withlate-resolution randomization, the
resolution of the randomizing device is contemporaneous with the
final resolution of the state: that is, the agent mixes at the second
stage. If the agent has access to randomization devices, it seems
natural to allow her both early- and late-resolution random beha-
viors. Let b̃ be a random behavior function. It describes how the
agent randomizes (both early and late) within each tree inT . Let
b̃τ describe the early and late randomizations of the agent in the
specific treeτ . Letψ(b̃τ , τ ) be the two-stage lottery induced by the
random behavior̃bτ in the treeτ . And let B̃(τ ) be the set of two-
stage lotteries that can be induced by some random behaviorb̃τ in
the treeτ .

Clearly a commitment tree cannot commit an agent to random-
ize. Nevertheless, both dynamic consistency and of sophistication
allowing for randomization can be defined exactly analogously to
their definitions when randomization is excluded. A preference re-
lation between commitment trees�2 (i.e., a preference relation
over two-stage lotteries) and a random behavior within treesb̃, are
dynamically consistent if, for all treesτ in T and all achievable
two-stage lotteriesX in B̃(τ ), ψ(b̃τ , τ ) �2 X. An agent whose
preference relation between trees is�T , and whose random be-
havior within trees isb̃ is sophisticated if, for all pairs of treesτ
andτ ′ in T , τ �T τ ′ if and only if ψ(b̃τ , τ ) �2 ψ(b̃τ ′, τ ′). If an
agent whose preference relation between trees is�T , and whose
random behavior within trees is̃b is both dynamically consistent
and sophisticated, then, for all pairs of treesτ andτ ′ in T , τ �T τ ′
if and only if there is a achievable two-stage lotteryX in B̃(τ ) such
thatX �2 X

′ for all achievable two-stage lotteriesX′ in B̃(τ ′).
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3. PREFERENCE FOR INFORMATION

In this section, we provide necessary and sufficient conditions for
a sophisticated dynamically consistent agent always to prefer more
information to less. The conditions will be restrictions on the agent’s
ex ante preferences and, in particular, on her preferences over
commitment trees (that is, over two-stage lotteries).

The following generic definitions are useful. LetZ be a convex
set in a linear space, and letL0(Z) denote the set of probability
measures onZ with finite support. It is conventional to write[z1, p1;
...; zn, pn] to denote the measure (or lottery) inL0(Z) that assigns,
to eachz in Z, the probability

∑
i:zi=z pi . Writing lotteries in this

way doesnot imply that there aren elements in the support of
this lottery, since thezi need not be distinct. For example,[z1, p1;
z1, (p − p1); z2, (1− p)] is identical to[z1, p; z2, (1− p)].

DEFINITION 3. An elementary linear bifurcationof a meas-
ure [(zj , pj )mj=1] in L0(Z) is a measure of the form[z1, p1;
...; zk−1, pk−1; z′k, βpk; z′′k, (1 − β)pk; zk+1, pk+1; ...; zm, pm] in
L0(Z), whereβ is in [0, 1], andzk = βz′k + (1− β)z′′k .

These two lotteries are identical except that the ‘kth outcome’,zk, of
the first lottery is the conditional mean of the two outcomesz′k and
z′′k in the second lottery. That is, the probability weight on thekth
outcome is distributed between two outcomes in mean-preserving
way. It does not follow from this definition that the support of the
original lottery is a subset of the support of the elementary linear
bifurcation: the outcomesz′k andz′′k could both coincide with out-
comes in the support the original lottery. This will be important
when we consider preference for randomization below.

We use the standard Blackwell (1953) definition of more inform-
ation. A signal is defined by its (finite) list of possible realizations
S, and its likelihood functionλ : S × � →[0, 1], where for anyω
in �,

∑
s∈S λ(s|ω) =1. Then:

DEFINITION 4. The signal(S, λ) is more informative thanthe
signal

(
S′, λ′

)
with respect to the prior beliefπ on� if there exists

a functionα : S′ × S → [0, 1] such that
∑
s′ α(s

′, s) = 1 for all
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s in S, andλ′(s ′|ω) = ∑
s α(s

′, s)λ(s|ω) for all ω in � such that
π(ω) > 0 and all s ′ in S′.8

For example, in our farmer story, suppose that there are two pos-
sible weather-forecast services, each of which gives two possible
forecasts,(s1, s2) and(s ′1, s ′2). As before, suppose that the weather
is either wet or dry. If the weather is going to be wet, the probability
of the first service reportings1 is λ1, and the probability of the first
service reportings2 is λ2. The second forecast service, however,
operates by listening to the first service forecast, copying it down
quickly, and then re-broadcasting it in its own words. This copying
can lead to errors. Letα1 be the probability thats1 gets wrongly
re-reported ass ′2, and letα2 be the probability thats2 gets wrongly
re-reported ass ′1. Intuitively, the imperfectly copied weather forecast
service is less informative than the original, and this is confirmed by
Blackwell’s definition. For example, if it is wet, the probability of
the second service reportings ′1 is (1− α1)λ1+ α2λ2.

To apply the apparatus of the previous section, we want to asso-
ciate signals with decision trees inT . In our farmer story, suppose
that the farmer’s prior probability of it being wet isπ . Suppose
that he has the same two fertilizers (with the same consequences
for his crop) as in the treêτ . The first weather-forecasting service
then induces a tree likêτ whereq1 := πλ1 + (1 − π)(1 − λ2),
p1 := πλ1/q1 and whereq2 andp2 are defined similarly.

More generally, for each signal(S, λ), given a prior beliefπ
on�, we can compute the unconditional probability of observing
each realization. We can ignore signal realizations that occur with
zero probability, so let(s1, . . . , sN) ⊆ S denote the list of signal
realizations that occur with positive probability. For each suchsi ,
let qi in (0, 1] denote this probability, and letPi denote the posterior
belief on� induced by that realization. Thus, given a priorπ , a
consequence functionc in C, and a fixed finite action setA ∈A, the
signal(S, λ) induces the decision tree〈(si, Pi, A; qi)ni=1; c〉.

These trees induced in this way are special in that the action set,
A, is the same for each realization. We shall call such treesBlack-
well decision trees. Informally, we say that an agent always prefers
more information if he always prefers the Blackwell decision trees
induced by more informative signals, regardless of the (fixed) set of
actions he has available. That is, information loving is a statement
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about the agent’s ex ante preferences among decision trees,�T .
More formally,

DEFINITION 5. An agent isan information lover if: for all pri-
ors π on�, all consequence functionsc in C, and all finite action
setsA ∈ A, if the signal(S, λ) is more informative than the sig-
nal (S′, λ′) with respect toπ , then the Blackwell tree induced by
(S, λ) is weakly preferred to that induced by(S′, λ′) according to
the agent’s (ex ante) preference relation�T .

Blackwell (1953) showed that, regardless of their prior be-
liefs, available action sets and consequence functions, all atem-
poral expected utility maximizers are information lovers. The term
‘atemporal’ here means that preferences respect the reduction of
compound lotteries axiom (hereafter, ‘reduction’ ). Expected utility
implies (among other things) that preferences respect the independ-
ence axiom. We will relax both reduction and independence. A loose
intuition for Blackwell’s result is that more information weakly en-
larges the set of reduced lotteries achievable by the agent. Given
reduction, the agent only cares about reduced lotteries. Thus, given
a larger choice of such lotteries, the agent must be weakly better
off. The reason this intuition is loose is that, strictly speaking, the
achievable set is only enlarged if we allow the agent to randomize.
Given independence, however, the agent will never strictly prefer to
randomize: any utility level that can be attained by randomization
can also be attained by some non-random choice. Once we drop
reduction and independence, both steps in the above argument fail:
the set of available multi-stage lotteries isnot increased by more
information; and the agent may strictly prefer randomization. We
discuss each in turn.

The first major maintained hypothesis for Blackwell, then, was
that preferences over two-stage lotteries,�2, satisfy the reduction
axiom. This axiom is very restrictive. It is equivalent to saying that,
if an agent has only one action available to her, she would be in-
different to information. In our story, however, uncertainty about
the weather may cause the farmer to suffer anxiety. If so, she may
want to get a weather forecast even if there is no action she can
take contingent on what she learns (say, she has only one fertilizer
available). This case provides extra reason for the farmer to be an



274 S. GRANT, A. KAJII AND B. POLAK

information lover. On the other hand, the farmer might enjoy the
hope that ignorance permits. If so, she might strictly prefer not to get
the forecast unless she can make her actions contingent on what she
learns. In this case, the farmer is not an information lover, since the
definition requires her (weakly) to prefer more informative signals
regardless of her available action set.

In an earlier paper (Grant, Kajii and Polak 1998), we focussed
on such intrinsic preferences for and against information. That is,
we explicitly relaxed the reduction axiom. In that paper, we restric-
ted attention to the special case where the agent had only a single
action available. Clearly, anecessarycondition for an agent to be
an information lover in general is that she (weakly) prefers more
information to less in that special case. The earlier paper shows
this is equivalent to the following property of preferences over two-
stage lotteries. That is, if we drop reduction but we want information
loving, we are going to need this property.

DEFINITION 6. An agent’s preference relation over two-stage lot-
teries,�2, satisfiessingle-action information lovingif and only if,
for any pair of two-stage lotteriesX andY in L0(L(X)) such that
Y is an elementary linear bifurcation ofX, Y �2X.

In this paper, we are looking for conditions that give information
loving in the more general many-action case. It is natural to ask
whether the above necessary property is also sufficient in the general
case. It turns out that the answer depends on the agent’s ability to
randomize and her preferences concerning randomization.

The second major maintained hypothesis for Blackwell was that
preferences satisfied the independence axiom, and hence the agent
would never strictly prefer to randomize. To see why randomization
may be an issue consider the following variant on the famous in-
divisible good allocation problem of Diamond (1967) and Machina
(1989). Suppose that a mother has three children and one indivisible
good. For reasons of procedural fairness, she may strictly prefer to
randomize over which child should get the good. If the mother can
randomize for herself then there is no problem. But suppose that
the only ‘randomization device’ available to her is a signal about
whether or not it will rain tomorrow. Suppose that the signal has
three possible realizations, each of which occurs with probability
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1/3, inducing the posteriors 1/4, 1/2 and 3/4, respectively. Then,
the mother can use the signal to achieve her desired fair randomiz-
ation. Now suppose that the signal is replaced with a second signal
which has only two possible realizations, each of which occurs with
probability 1/2, inducing the posteriors 1/4 and 3/4, respectively.
It is easy to check that the second signal is more informative by
the standard Blackwell definition. Now, however, the mother cannot
use the signal to achieve her desired fair randomization between the
three children. Under our assumption that she cannot randomize for
herself, it is possible for the mother to prefer the less informative
signal.

The problem here is that a signal can be less informative but still
have more signal realizations. Conditioning on signal realizations
generates two-stage lotteries similar to those generated by early-
resolution randomization. Thus, there is no advantage to having
extra realizations if the agent can perform early resolution random-
ization for herself. Alternatively there is no advantage if the agent
never strictly prefers such randomization. The following property
rules out such preference, without imposing independence.

DEFINITION 7. An agent’s preference relation over two-stage
lotteries, �2, satisfies conditional quasi-convexity if for all
pairs of two-stage lotteries of the formX =[(Fi, qi)ni=1] and
Y =[(F1, q1;. . . ;Fj−1, qj−1;F ′j , qj ;Fj+1, qj+1;. . . ;Fn, qn)] in
L0(L(X)), with qj >0: if X �2Y then, for all α in (0, 1),
X �2[(F1, q1;. . . ;Fj−1, qj−1;Fj, αqj ;F ′j , (1− α)qj ;Fj+1, qj+1;
. . . ;Fn, qn)].

The following proposition provides necessary and sufficient con-
ditions for sophisticated dynamically consistent agents always to
prefer more information. We already know that single-action in-
formation loving is a necessary condition. If the agent can perform
early-resolution randomizations then it is also sufficient. If the agent
cannot perform early-resolution randomizations other than by con-
ditioning on signal realizations, then conditional quasi-convexity is
also necessary. Formally,

PROPOSITION 1. Suppose that an agent is sophisticated and
dynamically consistent and that her preferences over two-stage
lotteries are continuous.
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(i) If she can perform early-resolution randomizations then: she is
an information lover if and only if her preferences over two-
stage lotteries satisfy single-action information loving.

(ii) If she cannot perform early-resolution randomizations other
than by conditioning on signal realizations then: she is an
information lover if and only if her preferences over two-
stage lotteries satisfy both single-action information loving and
conditional quasi-convexity.

Proof.See appendix.

4. DISCUSSION

Recursivity and conditional quasi-convexity.It is often assumed
that preferences over two-stage lotteries are recursive. Formally,
a preference relation over two-stage lotteries,�2, satisfies recurs-
ivity if for all pairs of two-stage lotteries of the formX =
[(Fi, qi)Ni=1] and Y =[F1, q1; . . . ;Fj−1, qj−1;F ′j , qj ;Fj+1, qj+1;
. . . ;FN, qN ] in L0(L(X)), with qj > 0: X �2 Y if and only if
[Fj, 1] �2 [F ′j , 1].9 For example, a property like this is assumed by
Kreps and Porteus (1978), Johnsen and Donaldson (1985), LaValle
and Wapman (1985), Chew and Epstein (1989), Segal (1990), Ep-
stein (1992), and Sarin and Wakker (1994, 1996). On the other hand,
Machina (1989) argues against assuming this degree of consequen-
tialism. Following Machina, our definition of dynamic consistency
does not require preferences to be recursive. Moreover, neither
part of Proposition 1 requires recursivity. More specifically, con-
ditional quasi-convexity is strictly weaker than recursivity. Thus,
given single-action information loving, recursivity is sufficient but
not necessary for an agent to be an information lover (even if the
agent cannot perform randomizations).

Even if we assumed recursivity, the conditions for information
loving shown in Proposition 1 do not imply expected utility. This
contrasts with the conclusions of Wakker (1988) and Safra and
Sulganik (1995). The reason is that, unlike these authors, we do
not assume the reduction axiom. Reduction would imply single-
action information neutrality, whereas we only require (weak)
single-action information loving.

Although weaker than recursivity, conditional quasi-convexity is
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still restrictive in that it rules out strict preference for randomiza-
tion. A referee points out, however, that there is anyway a tension
between strict single-action preference for information and strict
preference for randomization. The agent who likes information be-
cause she is anxious, or simply dislikes living with risk, might be
expected strictly to prefernot to randomize. It does not follow,
however, that an agent who exhibits strict single-action information
loving will never strictly prefer to randomize. By definition, single-
action information loving describes preference between trees within
which there is no possibility of randomization. Thus, we can think
of single-action information loving as isolating intrinsic attitudes
towards information from other considerations such a procedural
fairness. In the absence of the opportunity to randomize, the mother
in the Diamond example might prefer more information to less.
Perhaps, she is an anxious person. But, once randomizations are
available, her concerns for procedural fairness outweigh her con-
cern for anxiety. Thus, while there is a tension between anxiety
and randomization in the sense that there is a trade off, there is no
contradiction.

Even if we relax conditional quasi-convexity, given single-action
information loving, a sophisticated dynamically consistent agent
will still ‘almost always’ prefer more informative signals, even if she
cannot perform randomizations other than by conditioning on signal
realizations. Loosely speaking, whenever a more informative sig-
nal offers fewer opportunities to randomize, we can always slightly
perturb the signal to increase the number of possible realizations.

Preference for information and dynamic inconsistency.So far, we
have shown conditions under which a sophisticated dynamically
consistent agent is an information lover. These conditions included
at least weak preference for information in the absence of any
choices within the tree: that is, single-action information loving.
Suppose, however, that this preference were strict, perhaps because
the agent suffers from anxiety. Is it still reasonable to assume that
the agent will be dynamically consistent? Consider the following
example.

Consider the dilemma of a prisoner, let’s call her Jo, who is
anxiously awaiting the outcome of her trial for murder. If she is
found guilty she will spend the next ten years in jail. The verdict has
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been delivered, but Judge Oti has sealed it in an envelope overnight.
Jo would much rather that the envelope be opened immediately;
she has intrinsic preference for information. Meanwhile, the DA
is considering offering Jo a plea bargain involving only four years
in jail. Suppose that if the DA were to offer Jo a choice between
opening the envelope now or taking the plea, Jo would be more or
less indifferent. Perhaps, by a small margin, she would choose to rip
open the envelope. Suppose instead that the DA offered either the
plea or simply waiting for the envelope to be opened in the morning.
By transitivity, Jo would want to take the plea. But, now suppose
that the plea must be declared in front of Judge Oti in the morning,
and Jo cannot commit ahead of time. Come the morning, the choice
between the plea or the envelope will look much the same as the
choice looked the night before between the plea and immediately
opening the envelope, not waiting overnight. Therefore, Jo may re-
fuse the plea come morning. But, anticipating the inconsistency of
her future self, Jo is destined for an uneasy night.

In this story, Jo’s intrinsic strict preference for information led her
to be dynamically inconsistent. Jo is sophisticated in that she real-
izes her behavior the next morning will differ from the behavior she
would choose if she could commit herself tonight. Thus, she would
prefer to commit. This suggests that there is a tension between
dynamic consistency and intrinsic preference for information. In
Kreps and Porteus’s (1978) study of intrinsic preference for inform-
ation, however, agents are dynamically consistent (indeed, they have
recursive preferences). The reason is that, in Kreps and Porteus, in-
trinsic preference for information can be thought of as concern about
the time that separates the resolution of uncertainty from the impact
of the event itself. For Jo, this is the period between the verdict being
announced and either the sentence being carried out or her going
free. If the agent is concerned with this time period then dynamic
consistency seems a natural assumption. But introspection and our
story suggest that intrinsic preference for information should instead
be thought of as concern about the time that separates the resolution
of uncertainty from the decision maker herself, i.e., from the present.
That is, if agents’ desire to know is a desire to alleviate anxiety then
they are likely to be concerned about the time period over which
anxiety will otherwise be endured. In the story, Jo wants to know
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now because she foresees that the night between now and the verdict
tomorrow will otherwise be unpleasant.

If the period between now and resolution is what matters, then
dynamic consistency seems less natural. Over time, the period
between the present and resolution gets shorter while the period
focussed on by Kreps and Porteus, between resolution and punish-
ment/consumption stays the same. As resolution gets closer and the
period of anxiety gets shorter, so the future burden of anxiety figures
less prominently in the agent’s calculation. Past anxiety is a sunk
cost. Therefore, the agent will be less willing to make costly choices
to relieve anxiety, such as buying insurance, paying for information,
or taking precautions. Dynamic consistency excludes such behavior.

This discussion suggests that to offer a better description of
how intrinsic concern for information affects behavior, we should
drop dynamic consistency. For example, whereas the Kreps–Porteus
model allows an agent’s degree of risk aversion to depend on the
time interval that separates resolution and consumption, we could
allow it to depend on the time between resolution and the present.10

Like models of ‘hyperbolic’ discounting, this will lead to violations
of dynamic consistency.11 The nature of and the reasons for these
violations, however, are quite distinct. We believe this would be a
fruitful avenue for further research.

APPENDIX

We first recall the relationship between more informative signals
and the distribution of posteriors that they induce. The following
Lemma is well-known. The first equivalence is from Blackwell and
Girshick (1954) theorem 12.2.2. The last equivalence shows that any
increase in the informational content of a signal can be achieved by
a sequence of elementary linear bifurcations. For a proof, see Grant,
Kajii and Polak (forthcoming).

LEMMA A. Suppose that[(Pi, qi)Ni=1] and [(P ′j , q ′j )N
′

j=1] are the
distributions of posteriors on� induced by the signals(S, λ) and(
S′, λ′

)
respectively. Suppose that both distributions of posteriors

have the same prior, that is,
∑
i qiPi =

∑
j q
′
jP
′
j =π in L0(X).

Then the following three statements are equivalent:
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(i) The signal(S, λ) is more informative than the signal
(
S′, λ′

)
with respect to the prior beliefπ

(ii) There exist weightsβij ≥ 0, i =1, . . . , N , j = 1, . . . , N ′,
such that

∑
i βij = 1 for all j ,

∑
j βij q

′
j = qi for all i, and∑

i βijPi =P ′j for all ω in � such thatπ(ω) > 0 and all j .
(iii) There exists a sequence of distributions of posteriors([(P ki ,

qki )
Nk

i=1])Kk=1, with [(P 1
i , q

1
i )
N1

i=1] = [(P ′j , q ′j )N
′

j=1] and [(PKi ,
qKi )

NK

i=1] = [(Pi, qi)Ni=1], such that[(P k+1
i , qk+1

i )N
k+1

i=1 ] is a

linear bifurcation of[(P ki , qki )N
k

i=1] for k = 1, . . . , K − 1.

Proof of Proposition 1: Sufficiency.Fix a prior beliefπ on �,
and two signals((s1, . . . , sN), λ) and ((s ′1, . . . , s ′N ′), λ

′) with the
former signal more informative than the latter with respect toπ . Let
[(Pi, qi)Ni=1] and[(P ′j , q ′j )N

′
j=1] denote the distributions of posteriors

induced by the signals. By Lemma A(iii) there exists a sequence of
distributions of posteriors([(P ki , qki )N

k

i=1])Kk=1, with [(P 1
i , q

1
i )
N1

i=1] =
[(P ′j , q ′j )N

′
j=1] and[(PKi , qKi )N

K

i=1] = [(Pi, qi)Ni=1], such that[(P k+1
i ,

qk+1
i )N

k+1

i=1 ] is an elementary linear bifurcation of[(P ki , qki )N
k

i=1] for
k = 1, . . . , K − 1. That is, in each step fromk to k + 1 of the
sequence, a probability massqkj on one of the posteriorsP kj is ‘split’

into two parts,βkqkj and(1− βk)qkj , and placed on two posteriors

P kj1 andP kj2, for whichβk is in [0, 1] andβkP kj1+(1−βk)P kj2 = P kj .

For eachk, let τ k = 〈(ski , P ki , A, qki )N
k

i=1, c〉 be the Blackwell tree

associated with the distributions of posteriors([(P ki , qki )N
k

i=1])Kk=1,
the consequence functionc, and the action setA.

At the first step in the sequence, there are three cases to consider.
For ease of notation but without loss of generality, assume that the
probability mass on a posterior that is split in the first step is[P ′1,q ′1]
and writeβ for β1, so thatβP ′11+ (1− β)P ′12 = P ′1. If (a) P ′11 6=
P ′j andP ′12 6= P ′j for all j = 2, . . . , N ′, thenN2 = N ′ + 1. If (b),
without loss of generality,P ′11 = P ′2 but P ′12 6= P ′j for all j = 2,

. . . , N ′, thenN2 = N ′. If (c), without loss of generality,P ′11 = P ′2
andP ′12 = P ′3, thenN2 = N ′ − 1.

Proof of (i). Letm denote a early-resolution randomization over
the actionsA.12 Let (m′i)N

′
i=1 denote the agent’s early-resolution
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random behavior in the Blackwell treeτ ′ =〈(s ′i, P ′i , A, q ′i)N
′

i=1, c〉
induced by the signal((s ′1,. . . , s ′N ′), λ

′). For anyα in [0, 1], and
any pair of early-resolution randomizationsm andm′, the mixture
[αm + (1 − α)m′] is a well-defined randomization; that is, it can
form part of an early-resolution random behavior. For each of the
above cases, we will construct an early-resolution random behavior
as follows.

In case (a),[(P 2
i , q

2
i )
N2

i=1] can be written as[P ′11,βq
′
1;P ′12, (1−

β)q ′1;P ′2, q ′2; . . . ;P ′N ′, q ′N ′ ]. SinceN2 = N ′ + 1, any signal that

induces[(P 2
i , q

2
i )
N2

i=1] must have at leastN ′+ 1 realizations. Thus,
the early-resolution random behavior withN ′+ 1 components,(m′1,
m′1, m′2, . . . , m′N ′) is feasible in the treeτ2 = 〈(s2

i , P
2
i , A, q

2
i )
N2

i=1,

c〉.
In case (b),[(P 2

i , q
2
i )
N2

i=1] can be written as[P ′2, q ′2 + βq ′1;
P ′12, (1 − β)q ′1;P ′3, q ′3; . . . ;P ′N ′, q ′N ′ ]. SinceN2 = N ′, any sig-

nal that induces[(P 2
i , q

2
i )
N2

i=1] must have at leastN ′ realizations.
Thus, the early-resolution random behavior withN ′ components,

([ q′2
q′2+βq′1m

′
2 + βq′1

q′2+βq′1m
′
1], m′1, m′3, . . . , m′N ′) is feasible in the tree

τ2 = 〈(s2
i , P

2
i , A, q

2
i )
N2

i=1, c〉.
In case (c),[(P 2

i , q
2
i )
N2

i=1] can be written as[P ′2, q ′2+βq ′1;P ′3, q ′3+
(1− β)q ′1;P ′4, q ′4; . . . ;P ′N ′, q ′N ′ ]. SinceN2 = N ′ − 1, any signal

that induces[(P 2
i , q

2
i )
N2

i=1] must have at leastN ′ − 1 realizations.
Thus, the early-resolution random behavior withN ′− 1 compon-

ents,([ q′2
q′2+βq′1m

′
2+ βq′1

q′2+βq′1m
′
1], [ q′3

q′3+(1−β)q′1m
′
3+ (1−β)q′1

q′3+(1−β)q′1m
′
1], m′4,

. . . , m′
N ′) is feasible in the treeτ2 = 〈(s2

i , P
2
i , A, q

2
i )
N2

i=1, c〉.
In each case, the prescribed behavior induces a two-stage lot-

tery that is a elementary linear bifurcation of the two-stage lottery
resulting from the behavior(m′i)N

′
i=1 for the treeτ ′. Single-action

information loving implies that this bifurcation is preferred. Soph-
isticated dynamic consistency then implies thatτ2 �T τ ′. And, by
a similar argument,τ k+1 �T τ

k for all k = 1,. . . ,K − 1. So by
transitivity of�T we haveτ =τK �T τ ′, whereτ is the Blackwell
tree induced by the more informative signal((s1, . . . ,sN), λ). 2

Proof of (ii). Let (a′i)N
′

i=1 in AN
′

denote the agent’s non-random
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behaviorbτ ′ in the Blackwell treeτ ′ and suppose that this behavior
induces the two-stage lottery[(M(P ′i , a′i, c), q ′i)Ni=1]. Again, we will
go case by case.

In case (a),[(P 2
i , q

2
i )
N2

i=1] can be written as[P ′11, βq
′
1;P ′12, (1−

β)q ′1;P ′2, q ′2; . . . ;P ′N ′, q ′N ′ ]. Thus, theN ′ + 1 component non-
random behavior(a′1, a′1, a′2, . . . , a′N ′) is feasible in the treeτ2 =
〈(s2

i , P
2
i , A, q

2
i )
N2

i=1, c〉. This behavior induces a two-stage lottery
that is a simple linear bifurcation of the two-stage lottery resulting
from the behavior(a′i)

N ′
i=1 for the treeτ ′. Single-action informa-

tion loving implies that this bifurcation is preferred. Sophisticated
dynamic consistency then implies thatτ2 �T τ ′.

In case (b),[(P 2
i , q

2
i )
N2

i=1] can be written as[P ′2, q ′2 + βq ′1;
P ′12, (1− β)q ′1;P ′3, q ′3; . . . ;P ′N ′, q ′N ′ ]. Thus, both theN ′ component
non-random behavior(a′1, a′1,a′3, . . . , a′N ′) and theN ′ compon-
ent non-random behavior(a′2,a′1,a′3,. . . ,a′N ′) are feasible in the

tree τ2 =〈(s2
i , P

2
i , A, q

2
i )
N2

i=1, c〉. Let X be the two-stage lottery
[M(P ′2, a′1, c),βq ′1+q2;M(P ′12, a

′
1, c), (1−β)q ′1;M(P ′3, a′3, c), q ′3;

. . . ;M(P ′
N ′, a

′
N ′, c), q

′
N ′ ] induced by the former behavior and let

X′ be the two-stage lottery[M(P ′2, a′2, c), βq ′1+ q2;M(P ′12, a
′
1, c),

(1 − β)q ′1;M(P ′3, a′3, c), q ′3; . . . ;M(P ′N ′, a′N ′, c), q ′N ′ ] induced by
the latter behavior. LetY be the two-stage lottery[M(P ′2, a′1, c),
βq ′1;M(P ′12, a

′
1, c), (1 − β)q ′1;M(P ′2, a′2, c), q ′2; . . . ;

M(P ′
N ′, a

′
N ′, c), q

′
N ′ ]. SinceY is an early-resolution mixture ofX

andX′, by conditional quasi-convexity, at least one ofX or X′ is
(weakly) preferred toY . Moreover,Y is a elementary linear bifurc-
ation of the two-stage lottery resulting from the behavior(a′i)N

′
i=1 for

the treeτ ′. Thus, transitivity, single-action information loving and
sophisticated dynamic consistency imply thatτ2 �T τ ′.

In case (c),[(P 2
i , q

2
i )
N2

i=1] can be written as[P ′2, q ′2 + βq ′1;
P ′3, q ′3 + (1 − β)q ′1;P ′4, q ′4; . . . ;P ′N ′, q ′N ′]. Thus, all fourN ′ − 1
component pure strategiesa13 :=(a′1, a′3, . . . , a′N ′), a23 :=(a′2, a′3,
. . . , a′

N ′), a11 :=(a′1, a′1, . . . , a′N ′) and a21 :=(a′2, a′1, . . . , a′N ′)
are feasible in the treeτ2 =〈(s2

i , P
2
i , A, q

2
i )
N2

i=1, c〉. Let Xjk be
the two-stage lottery[M(P2, a

′
j , c), βq

′
1 + q2;M(P ′3, a′k, c), (1 −

β)q ′1 + q ′3; . . . ;M(P ′N ′, a′N ′, c), q ′N ′ ] induced by the behaviorajk,
for j = 1, 2 and k = 1, 3. Let Y 12k be the two-stage lot-
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tery[M(P ′2, a′1, c), βq ′1;M(P ′2, a′2, c), q ′2;M(P ′3, a′k, c), (1−β)q ′1+
q ′3; . . . ;M(P ′N ′, a′N ′, c), q ′N ′ ], for k =1, 3. But Y 12k is an early-
resolution mixture ofX1k and X2k. Thus by conditional quasi-
convexity, at least one ofX1k orX2k is (weakly) preferred toY 12k .
Let Z be the two-stage lottery[M(P ′2, a′1, c), βq ′1;M(P ′2, a′2, c),
q ′2;M(P ′3, a′1, c), (1−β)q ′1;M(P ′3, a′3, c), q ′3; . . . ;M(P ′N ′, a′N ′, c),
q ′
N ′ ]. But Z is an early-resolution mixture ofY 121 andY 123. Thus,

by conditional quasi-convexity, at least one ofY 121 or Y 123 is
(weakly) preferred toZ. Hence by transitivity at least one of the
two-stage lotteriesX13, X23, X11or X21 is weakly preferred toZ.
Moreover,Z is a simple linear bifurcation of the two-stage lottery
resulting from the behavior(a′i)N

′
i=1 for the treeτ ′. Thus, transit-

ivity, single-action information loving and sophisticated dynamic
consistency imply thatτ2 �T τ ′.

By analogous reasoning,τ k+1 �T τ k for all k =1, . . . , K −
1, and so by sophisticated dynamic consistency and transitivity, we
haveτ �T τ ′. 2
Necessity.Given Lemma A, the fact that weak single action in-
formation loving is necessary follows immediately from considering
Blackwell problems in which the action set is a singleton. To see
that conditional quasi-convexity is necessary when early-resolution
randomization is not possible, suppose that preferences are not
conditionally quasi-convex. Then there exists a pair of two-stage
lotteriesX =[(Fi, qi)ni=1] andY =[F1, q1;. . . ;Fj−1, qj−1;F ′j , qj ;
Fj+1, qj+1;. . . ;Fn, qn] whereX �2 Y and aβ such that the two-
stage lotteryZ := [F1, q1;. . . ;Fj−1, qj−1;Fj, αqj ;F ′j , (1− α)qj ;
Fj+1, qj+1;. . . ;Fn, qn)] �2 X. For ease of notation, we consider
the case whereX = [F1, q1;F2, (1− q1)], Y = [F ′1, q1;F2, (1−
q1)], andZ = [F1, β̂q1;F ′1, (1− β̂)q1;F2, (1− q1)]. The proof for
the general case is analogous. By continuity, if there exists one such
Z then there exist a continuum of such early-resolution mixtures
preferred to bothX andY . That is, there exist positive weightsα1,
α2, α3, andα4 (where

∑
i αi = 1) such thatZ123 = [F1, (α1 +

α2 + α3)q1;F ′1, α4q1;F2, (1 − q1)] �2 Z12 = [F1, (α1 + α2)q1;
F ′1, (α3 + α4)q1;F2, (1− q1)] �2 Z1 = [F1, α1q1;F ′1, (α2+ α3 +
α4)q1;F2, (1− q1)] �2 X �2 Y .

We next construct Blackwell decision trees in which behavior
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will induce the two-stage lotteries above. Let posteriorsP1, P ′1
andP2, actionsa1 anda2, and consequence functionc be defined
such that:M(P̄ , a1, c) = F1 andM(P̄ , a2, c) = F ′1 for any P̄ =
γP1 + (1− γ )P ′1 with γ ∈ [0, 1]; and such thatM(P2, a1, c) =
M(P2, a2, c) = F2. Let P̂ be given by(α2+ α3)P̂ = α2P1+ α3P

′
1.

Consider a four-realization signal that induces the distribution of
posteriors on�: [P1, α1q1; P̂ , (α1+ α2)q1;P ′1, α4q1;P2, (1− q1)].
By construction (and Lemma A), this signal is more informative
than the three-realization signal that induces the distribution of pos-
teriors:[P1, (α1+α2)q1;P ′1, (α3+α4)q1;P2, (1−q1)]. Suppose that
the available action set is{a1, a2} and the consequence function isc.
Then, without randomization the best available two-stage lottery in
the Blackwell tree induced from the first signal isZ123; while that
from the second signal isZ12. But sinceZ123� Z12, this contradicts
preference for the more informative signal.

NOTES

1. This work was later extended by Schlee (1990, 1991) and by Safra and
Sulganik (1995).

2. Machina’s notion of dynamic consistency is similar to what McClennen
(1990) calls ‘resolute choice’.

3. While we borrow a result from the earlier paper, we do not rehearse the proof.
The reader is referred to that paper for this and a fuller discussion of intrinsic
preference for information in the single-action case.

4. The analysis can readily be extended to outcome sets that are general compact
metric spaces if we assume that all welfare-relevant risk can be characterized
as risk over the ranks of outcomes; see Grant, Kajii and Polak (1992).

5. Notice that, by the definition of a two-stage lottery, if[(M(P1,

bτ (s1), c), q1; . . . ; (M(Pn, bτ (sn), c), qn] and [(M(P1, b
′
τ (s1), c), q1; . . . ;

(M(Pn, b
′
τ (sn), c), qn] both assign the same total first-stage probability to

each second-stage lottery inL(X) then they are identified as the same element
of L0(L(X)).

6. This interpretation implicitly assumes away ‘framing effects’; that is, if two
commitment trees map to the same two-stage lottery then the agent is indiffer-
ent between them. Formally, if two commitment treesτ andτ ′ are such that,
the (total) probability assigned byψ(bτ ; τ ) to each (second-stage) lotteryF
in L(X) equals that assigned byψ(bτ ′ ; τ ′) to F , thenτ ∼T τ ′. (Since these
are commitment trees, the behaviors within the trees,bτ andbτ ′ , are uniquely
determined.)
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7. See, for example, O’Donoghue and Rabin (1996).
8. More generally, we say that one signal is more informative than another if it

is more informative with respect to all priors.
9. Once again, the(Fi)Ni=1, andF ′j are not necessarily distinct.

10. See Cook (1989) for a related idea in the pychology literature.
11. See, for example, Loewenstein and Prelec (1992), Laibson (1997), and

O’Donoghue and Rabin (1996).
12. The proof is essentially the same if we also allow for late-resolution randomiz-

ations. In this case, we would interpretm as an early-resolution randomization
over late-resolution randomizations onA.
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