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Abstract

We propose a framework where a decision-maker allocates attention across

payoff-dimensions which can be different dimensions of consumption, realiza-

tions of an unknown state, or time periods. Attention has two features: (1) it

is instrumentally valuable by allowing the decision-maker to take actions, and

(2) it leads to an emotional response, which is proportional to the attention

devoted to a dimension and the associated payoff. The framework provides a

unifying explanation for a number of behavioral phenomena. We discuss impli-

cations for policy interventions designed to increase overall utility or improve

decisions.
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1 Introduction

Over the last few decades, economists and psychologists have documented many im-

portant deviations from the predictions of the standard economic model. For instance,

rather than optimizing in the good times and the bad, individuals have been shown

to ignore their investment portfolio when the market is down (“ostrich effect,” Karls-

son et al. (2009)); rather than assessing the likelihood of outcomes objectively, they

often down-weigh the possibility of a bad outcome (“optimism,” Brunnermeier and

Parker (2005); Sharot (2011)); and rather than smoothing consumption, they choose

to have lavish weddings and luxurious vacations (“memorable consumption,” Hai et

al. (2020)). A variety of theories have been developed to explain each of these and

many other behavioral anomalies. However, it is often the case that each anomaly

is given its own model and distinct source of deviation from the classic predictions.

While useful for their respective applications, the multiplicity of theories poses mod-

eling challenges in new environments where there is little guidance as to which theory

is most applicable. Indeed, Fudenberg (2006) suggests: “For [behavioral economics]

to advance further, it should devote more attention to the foundations of its models,

and develop unified explanations for a wider range of phenomena.”

This project develops a unifying theory of various behavioral phenomena, includ-

ing the three mentioned above. We do so by positing the role of attention as a single

mechanism underlying them. Individuals choose how to allocate their attention, se-

lecting a subset of things (e.g., items, information, and ideas) to attend to. They

do so, taking into consideration two important consequences of attention. First, it

improves decision-making and leads to higher material payoffs. For instance, it al-

lows individuals to reason, process information, and (consciously) take actions. This

instrumental role of attention is well recognized and studied by both psychologists

(since at least James (1890); see Desimone et al. (1995) for a review) and economists

(e.g., Sims (2003) and the ensuing rational inattention literature).

Attention, however, has a second consequence, one that is typically absent from

economic models: it generates and regulates emotions (see Dixon et al. (2017) and

Gross (1998) for reviews).1 For instance, attending to a news article about the terrors

1That is not to say it has been completely ignored by economists. For example, Schelling (1988)
highlights the role of the “mind” as a “pleasure machine or consuming organ, the generator of
direct consumer satisfaction,” in addition to the role of the “information processing and reasoning
machine.” Schelling also implicitly suggests that these roles should be considered jointly and writes:
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occurring in the world may lead to a negative visceral reaction.

It is this second consequence of attention—the emotional responses it induces—

that, once added to the standard model, can explain the previously mentioned behav-

ioral anomalies. The ostrich effect arises because, although ignoring one’s investment

portfolio may lead to a worse investment performance, it avoids the negative emo-

tional response from thinking about one’s poor finances. Optimism occurs because,

although inattention to bad possible outcomes may lead to suboptimal decisions, it

also leads to more positive anticipatory emotions. And “memorable consumption,”

e.g., a lavish wedding or luxurious vacation, can be optimal because, although con-

sumption will be low during other times, attention to the memories created (and

anticipation of the event) leads to positive emotions long before and after the event

takes place.

We operationalize the two consequences of attention as follows. The decision-

maker (henceforth, DM—they) devotes attention across a number of dimensions.

Depending on the application, these dimensions could correspond to different dimen-

sions of consumption, different possible realizations of an unknown state (in choice

under uncertainty), or to different time periods (in intertemporal choice). Each is

associated with what we call a “material utility” or just “payoff” for brevity which

corresponds to the standard (non-emotional) utility from actual consumption, e.g.,

the actual enjoyment experienced while on vacation. The attention allocation deter-

mines which actions are available to the DM, and the action taken (which may be

multi-dimensional) affects the material utility from each dimension. This formulation

captures the instrumental role of attention in a reduced form. It nests models of

rational inattention (Sims, 2003) but also cases where executing an action requires

attention. For example, the DM may not be able to take the action ‘reoptimize invest-

ment portfolio’ without devoting attention to their finances, and taking this action

improves the material utility.

The DM values the sum or expectation (depending on the application) of the ma-

terial utilities and what we call “attention utility.” Attention utility from a dimension

is proportional to both the dimension’s payoff and the amount of attention devoted

to it and captures attention’s emotional role. For example, when the DM devotes

“Marvelous it is that the mind does all these things. Awkward it is that it seems to be the same
mind from which we expect both the richest sensations and the most austere analyses.” Our analysis
of the interaction of these roles seeks to alleviate this “awkwardness.”
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attention to an upcoming vacation, they receive some additional utility, say, because

of feelings of anticipation. In spirit, this approach is similar to models of anticipa-

tory utility (e.g., Loewenstein (1987); Caplin and Leahy (2001)), which assume that

agents derive flow utility as a function of beliefs about future payoffs. Our innovation

is to make this flow utility a function of the attention paid to the future payoffs.

Notice that the total weight a dimension (and its material utility) takes in the DM’s

objective is determined by the attention allocation.

After formally introducing this framework in Section 2.1, we derive general prop-

erties of the optimal attention allocation in Section 2.2. These properties apply

regardless of whether attention is allocated across the different dimensions of con-

sumption, realizations of an unknown state, or time periods. Our modeling approach

is standard with a single twist: the DM maximizes a combination of their material

utility (standard) and their attention utility (twist). Hence, the DM responds to many

changes in the environment in a way similar to a standard agent without attention

utility: increasing the instrumental value of attention for a dimension increases the

attention devoted to it. However, unlike in the standard model, a key determinant

of attention is the levels of material utility across dimensions: ceteris paribus, the

DM devotes more attention to dimensions with higher material utility. The DM may

thus ignore a low-payoff dimension, even though attending to it would increase their

material utility, while they may devote excessive attention beyond the point where it

is instrumentally valuable to dimensions with higher material utilities.

In the context of attention across consumption dimensions (Section 2.3), the afore-

mentioned attentional patterns lead to the well-documented ostrich phenomenon: in-

dividuals tend to be inattentive to (and possibly avoid information about) consump-

tion dimensions with low payoffs; e.g., they ignore their investment portfolio when

the market is down (Karlsson et al., 2009). Such behavior has also been noted in

medical decision-making (e.g., Becker and Mainman (1975) and Oster et al. (2013)),

as well as in the lab (Avoyan and Schotter, 2020). We show that this evidence can

be organized through attention’s emotional role.

Section 2.2 also shows that attention utility introduces a preference for varied pay-

offs across dimensions. This is because the DM can exploit such variation and increase

their attention utility by focusing on high-payoff dimensions. For instance, tempo-

rally varying payoff streams, such as a single luxurious vacation and low consumption

during other times, can be exploited by devoting attention to the high payoffs before
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and after they occur. Since the payoffs themselves are driven by attention, the DM’s

objective is more likely to be convex once attention’s emotional role is incorporated.

Allocating attention in the face of a convex objective naturally generates “sparse”

attention allocations by our agent, as in Gabaix (2014).

In Section 2.4, we let different dimensions correspond to different states of the

world. The DM values the expected material utility, and attention utility from a

state is still proportional to that state’s payoff and the attention devoted to it. The

attention-dependent weight of a state leads to an as-if subjective probability of that

state occurring, even though our DM understands the true probabilities perfectly:

Fixing the attention allocation, our DM chooses the same action as a standard DM—

who only maximizes material utility—but who has distorted beliefs. When attention

is non-instrumental, the DM devotes all their attention to high-payoff states while ig-

noring the ones with low payoffs, which leads to optimism (Brunnermeier and Parker,

2005; Sharot, 2011). But the DM’s optimism is not universal and can be mitigated

or even turned into pessimism when attention is instrumentally valuable and it is the

low-payoff states that receive most attention. Our model also rationalizes individuals’

preferences for positively-skewed payoffs. For instance, the DM buys a lotto ticket to

devote attention to the state where they win the jackpot, e.g., via day-dreaming.2

Attention’s emotional role can also lead to more general forms probability weight-

ing, as in (Kahneman and Tversky, 1979), where the DM distorts objective probabil-

ities when calculating expected payoffs. A typical finding is that low probabilities are

over- and high ones under-weighted. In our model, such a weighting function occurs

when the DM devotes a disproportionate amount of attention to unlikely states rela-

tive to the probability with which they occur. For instance, this occurs when the DM

is forced to devote at least some minimum amount of attention to each state or when

the material gains of doing so are large. We thus add to the extensive literature on

probability weighting by offering attention as a novel mechanism that predicts how

the economic environment affects the shape of the weighting function.

In Section 3, we extend our model to dynamic settings in which the DM makes a

choice about contemporaneous attention in multiple periods. Doing so allows us to

explore behavioral phenomena with dynamic aspects. Since the DM makes decisions

2For empirical evidence documenting such preferences, see, e.g., Blume and Friend (1975) in
the context of portfolio choice, or Garrett and Sobel (1999); Forrest et al. (2002) in the context of
individuals playing lotto.
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at various points in time, the DM’s behavior is the equilibrium of an intrapersonal

game played between different selves. In Section 3.1, the dimensions across which the

DM allocates attention represent time periods, i.e., there is only inter-period (and no

intra-period) attention allocation. Our model leads to endogenous weights on time

periods, i.e., preferences over the timing of consumption. For instance, the DM may

as-if discount future periods (i.e., be present-focused) if the payoff in the present is

particularly high or attention to it is of high instrumental value. Conversely, high

attention to the future manifests as seemingly negative discounting.

Attention’s emotional role predicts default effects, which we explore next in Sec-

tion 3.2. Defaults are ubiquitous: many individuals have a default monthly contri-

bution to their savings, today’s investment portfolio is the default for tomorrow’s

modulo investment returns, and heuristics are defaults in unknown situations. By

definition, the default action is implemented without devoting attention, while de-

viating from it may necessitate some. Because of this attention requirement, the

DM may not change the default when the associated payoff is low, as in the static

model, leading to asymmetric default effects. In the portfolio investment example,

the default portfolio binds when the market is down and the payoff is low. Our model

thus suggests that defaults matter most for the eventual choice when the associated

payoff is low. For instance, defaults for end-of-life medical treatments should matter,

whereas they should matter less for planning a vacation. When the DM chooses the

default themselves, anticipating their future self’s inattention, they may opt for a

default that performs well when it binds, i.e., in low-payoff situations.

Dynamically extending the model also allows us to study preferences over multi-

period information acquisition (Section 3.3). Even without any instrumental value

of information, we show that the DM has strict preferences over the resolution of

uncertainty: they 1) acquire more information when the expected payoff is high, 2)

have a preference for early information acquisition to condition their future attention

allocation, and 3) prefer positively-skewed (negatively-skewed) information if their

prior is low (high), again, to condition their future attention allocation. These pre-

dictions, broadly speaking, rationalize laboratory evidence (e.g., Chew and Ho (1994);

see Nielsen (2020) for a recent contribution).

We study the policy implications of our model in Section 4. Our focus is on the

novel implications of our model for some typical interventions: in turn, we revisit

(simple) models of taxation, dividing tasks between the government and the DM,
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and effort provision. First, since the DM derives attention utility from a dimension in

proportion to the attention devoted to it, consumption dimensions that receive little

attention should be taxed more heavily. Second, the government, relative to the DM,

should devote resources to improve payoffs in low-payoff dimensions. This is because

the government does not incur the emotional cost from attending to those dimensions,

whereas the DM does. And third, policies that penalize bad outcomes in order to

motivate effort can backfire; the DM may shy away from a problem if the possibility

of a penalty reduces the expected payoff. An implication is that negative commitment

devices, i.e., those that penalize deviations from the committed-to-action, may not

only be ineffective but, in fact, counterproductive.

Last, we study the optimal way to group payoffs into different dimensions. Instead

of viewing dimensions i and i′ as distinct, the DM may bundle them together as one

larger dimension, where the larger dimension simply pays off the sum of the payoffs

from i and i′. For example, the DM may be able to think of their weekend chores

and Saturday evening plans as separate dimensions or jointly. Given a large set

of primitive dimensions, we characterize the optimal bracketing, providing a partial

microfoundation for one of the key premises of our model—the set of dimensions.

Section 5 discusses how our model relates to several other literatures. We consider,

in turn, models of rational inattention, Bayesian and non-Bayesian models with antic-

ipatory utility, and other models of attention. Section 6 concludes with a discussion

of some of the limitations of our approach and avenues for future research.

2 Model

We consider a decision-maker (henceforth, DM—they) who allocates attention and

chooses an action. The ensuing model formally captures the two fundamental features

of attention:

1. Instrumental role: attention determines which actions are available to the DM.

2. Emotional role: attention generates attention utility.

Below, we characterize the optimal attention allocation, focusing on the role of at-

tention utility in particular, before exploring our model’s implications in two simple

decision problems: a deterministic problem with multiple consumption dimensions

and a problem with an uncertain state (Sections 2.3 and 2.4, respectively).
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2.1 Setup

The DM faces a finite number of dimensions indexed by i ∈ D.3 A dimension can

correspond to a dimension of consumption, a realization of an unknown state or a time

period, or a combination of these. Keeping the model general allows us to nest various

interpretations in a wide range of applications. Each dimension i is associated with a

payoff, Vi. The DM chooses an (action, attention)-pair denoted by (x, α). Dimension

i leads to a material utility Vi(x), where Vi(·) is a continuous function of the action

chosen. Attention α = (αi)i∈D is a measure on the set of dimensions. In particular, αi

denotes the attention devoted to dimension i. We assume that αi ≥ 0, and normalize

the total attention devoted to have measure 1, i.e.,
∑

i αi = 1.4 As a notational

convention, for any variable that is indexed by i ∈ D, say bi, we let b−i := (bi′)i′∈D\{i}.

Attention has two implications. First, attention is instrumentally valuable. To

capture this, we assume that the set of available actions depends on the attention

allocation α. Given α, action x is chosen from a set X(α), where X(·) is compact-

and non-empty-valued and upper hemicontinuous. When X(α) is independent of α,

attention has no instrumental value. This reduced-form formulation nests canonical

settings with (cognitively) costly information acquisition (as, e.g., in the rational

inattention literature; see Maćkowiak et al. (2018); Sims (2003)), attention reducing

“trembles,” and recall of memories (Examples 1–3 in Appendix A.1).

Second, the DM derives attention utility from the dimensions they devote atten-

tion to. Specifically, the attention utility from dimension i is proportional to the

amount of attention devoted to i and material utility, i.e., it is given by αiVi(x). The

relative importance of attention utility to material utility is given by parameter λ.

In some settings, attention utility can be interpreted as anticipatory utility (Loewen-

stein, 1987; Caplin and Leahy, 2001) or memory utility (Gilboa et al., 2016; Hai et

al., 2020), but one that is only generated when the DM devotes attention to (future

or past) consumption.

We view the first consequence of attention—its instrumental role—as relatively

3We take here the dimensions as given. In practice, the boundaries between dimensions may not
always be obvious. While we acknowledge this underspecification, we provide some guidance as to
how our model can be applied in practice (Section 6) and study a meta-optimization problem in
which the DM chooses how to define a dimension (Section 4.4).

4Alternatively, one can impose an upper bound on the measure of attention (with no lower
bound). By adding a trivial dimension with payoff 0 to D, our model becomes equivalent to one
with an upper bound.
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standard, and for λ = 0, it is the only consequence of attention. We thus refer to

the case when λ = 0 as the “standard model” and the corresponding DM as the

“standard DM.” More generally, the DM’s objective is the weighted sum of material

utility and attention utility:∑
i

ωiVi(x)︸ ︷︷ ︸
material utility

+λ
∑
i

(αi + ψi)Vi(x)︸ ︷︷ ︸
attention utility

, (1)

where ωi and ψi are nonnegative parameters. Parameter ωi captures the weight of

dimension i in the DM’s material utility. When dimensions are different states, these

weights can capture the probability of each state; when dimensions are different time

periods, these weights can capture exogenous time discounting of material utility from

future consumption. Parameter ψi is used in Section 3.1 to capture the amount of

attention the DM’s future “selves” devote to a period i. In static environments, it is

natural to set ψi = 0.5

Comments on the model. Before analyzing the model, we pause to comment on

some implicit modeling assumptions. A key tenet of our model is that some attention

is voluntarily directed by the individual, a premise often referred to as “top-down

attention.” While involuntarily allocated attention (often referred to as “bottom-up

attention”) is also important, evidence suggest that at least some attention is indeed

directed (e.g., Corbetta and Shulman (2002); Buschman and Miller (2007); Bronchetti

et al. (2020)). Our model can be viewed as determining the use of the residual stock

of attention after involuntary attentional allocations have been made. We return, in

Section 6, to discussing how voluntary and involuntary attention may interact.

For tractability, we also implicitly assume that the DM understands the conse-

quences of attention captured by the set of available actions, X(α), perfectly and

that they can find the maximizers of Equation (1) without devoting attention. It is

straightforward to consider a dynamic attention allocation, where the DM may stop

devoting attention upon learning that further attention has only limited instrumental

value. We believe our qualitative results would also hold in this more complicated set-

ting. As we mention in Section 6, similar concerns are relevant in models of attention

5Parameter ψi can also be used to nest the case where attention utility is independent of the
amount of directed attention αi as in anticipatory utility models like Loewenstein (1987); Caplin
and Leahy (2001): let λ go to 0, and ψi go to infinity, keeping their product constant.
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allocation more generally.

Our approach to modeling attention utility and how it is generated abstracts away

from many details. In reality, the generation of attention utility is likely a variegated

process: attention to past consumption may generate memory utility, attention to

future consumption may generate anticipatory utility, and attention to contempora-

neous consumption may intensify the experienced utility. In our static model, we do

not differentiate between these interpretations, while in practice, the type of cognitive

process (remembering, anticipating, or focusing) may matter. Extending our setting,

one may partially account for this by analyzing a model with different λ parameters

for each cognitive process. Furthermore, attention utility may take a different func-

tional form altogether, say,
∑

i(F (αi) + ψi)Vi(x), where, e.g., a concave F captures

decreasing returns from devoting attention for the creation of attention utility. We

consider our model as a plausible and simple starting point of incorporating atten-

tion’s emotional role in formal economic models.

It may also seem that many decisions require only short bursts of attention (e.g.,

one’s portfolio choice in the context of financial decision-making mentioned in the in-

troduction and further discussed in Section 2.3). If so, then the DM should intensely

devote attention for a brief amount of time to maximize material utility and devote

attention during the remaining time to high-payoff dimensions to maximize attention

utility. While plausible in some situations, we believe attention’s instrumental role

to be generally less trivial. Even if deciding which action to take may be done with

short contemplation (and little attention), executing the chosen action may take a

nontrivial amount of time. For example, an individual with health concerns may

decide instantaneously in a doctor’s office to monitor their symptoms; however, actu-

ally monitoring will require attention allocated over a long period of time. Similarly,

a student can easily (and quickly) decide to study hard for an important test, but

actually doing so requires ongoing focus. It may also be the case that once attention

has been devoted to a dimension, it is psychologically infeasible to then ignore it. For

example, after making a portfolio choice, the investor cannot help but think about

the portfolio for the rest of the day.

Lastly, we note that the objective (1) has parallels to models where the DM chooses

their preferences (e.g., Bernheim et al. (2021)). Choosing an attention allocation α

corresponds to choosing a particular utility function, or what Bernheim et al. (2021)

would call a “world view.” A key difference is that in our model, the choice of utility
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function (i.e., the attention allocation) indirectly influences payoffs across different

dimensions by varying available actions.

2.2 Optimal attention and action

We provide multiple comparative static results (Propositions 1–3) to understand how

the DM’s optimal (action, attention)-pair depends on the environment. These com-

parative statics are general; they do not depend on whether dimensions correspond to

different dimensions of consumption, realizations of an unknown state, or time peri-

ods. In turn, we consider the dependence on the payoff in a dimension, Vi, the relative

weight on attention utility, λ, and parameters ωi and ψi. These results describe the

core mechanisms that lead to the various behavioral phenomena and biases, as we

discuss later and preview here.

To strengthen some statements, we introduce the notion of a separable environ-

ment. In words, the environment is separable if the DM takes separate actions for

each dimension and whether a dimension-specific action is available depends only on

the amount of attention devoted to the dimension. Formally, the environment is sep-

arable if action x is a vector x = (xi)i∈D, payoff Vi(xi, x−i) is independent of x−i for

all i and xi, and X(α) = Πi∈DXi(αi). Note that maximizing (1) with respect to an

(action, attention)-pair is then equivalent to maximizing
∑

i(ωi + λ(αi + ψi))V̂i(αi)

with respect to attention only, where V̂i(αi) := maxxi∈Xi(αi) Vi(xi, ·). We assume that

Xi is monotone, i.e., Xi(αi) ⊆ Xi(α
′
i) for all αi ≤ α′i, and so V̂i is increasing.

We begin with varying payoff Vi. For each i, we fix some Ṽi and define Vi :=

βiṼi + γi, for scalars βi ≥ 0 and γi. Increasing γi increases the payoff level, and

increasing βi increases the payoff difference induced by different actions.

An increase in the payoff level of dimension i, γi, does not affect which (action,

attention)-pair maximizes overall material utility and hence does not affect the stan-

dard (i.e., λ = 0) DM’s solution. However, the attention utility from dimension i

increases in proportion to the attention devoted it. So when the DM puts positive

weight on attention utility (i.e., λ > 0), they devote more attention. If the environ-

ment is separable, this increase in attention, in turn, leads to a better action for that

dimension, i.e., the value of Ṽi increases.

An increase in the payoff difference from different actions, βi, increases the im-

portance of taking an action suitable for dimension i. It may also move the payoff
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up or down (e.g., Vi increases everywhere if Ṽi is nonnegative), inducing the DM to

change their attention just as above. In the proposition below, we offset such level

changes, and the DM always chooses an action better suited for i. If the environment

is separable, the “more suitable” action can only be available if the DM increases

their attention. Note that this comparative static does not rely on attention utility.

It captures the standard intuition that the DM devotes attention where it is most

instrumental.

We assume that the optimal solution is unique for the rest of this section. We

state and prove a general version of the propositions that does not assume a unique

solution in Appendix C. All other results in the rest of the paper are also proved

there.

Proposition 1. Consider dimension i ∈ D. Fix V−i and consider changing parame-

ters (γi, βi) to (γ′i, β
′
i). Denote the optimal (action, attention)-pairs for each parameter

set as (x, α) and (x′, α′), respectively.

• If γ′i ≥ γi and βi = β′i, then α′i ≥ αi. If, in addition, the environment is

separable, then Ṽi(x
′) ≥ Ṽi(x).

• If β′i ≥ βi and γ′i = γi − (β′i − βi)Ṽi(x), then Ṽi(x
′) ≥ Ṽi(x). If, in addition, the

environment is separable, then α′i ≥ αi.
6

Figure 1 illustrates Proposition 1. Panel (a) visualizes the first part and considers

an increase of γi to γ′i for some dimension i. The material utility weighted by some ωi

is depicted in the top figure, and the attention utility in the bottom figure, both as

functions of attention. The optimal action x∗ is held fixed, and hence material utility

is independent of αi. This increase simply shifts the material utility up. However,

the increase in attention utility is larger for higher αi. Thus, the DM increases their

attention in response.

Panel (b) visualizes the second part and considers an increase in βi to β′i with an

offsetting change in γi to γ′i. The material utility is depicted in the top figure, and

the attention utility in the bottom figure, both as functions of Ṽi(x). Throughout,

the optimal attention α∗i is held fixed. This change then pivots the material utility

around its initial optimal value. Already here, the DM benefits relatively more from

6Note that βiṼi(x) + γi = β′iṼi(x) + γ′i, and so unless the DM changes their optimal (action,
attention)-pair, there is no level change in the payoff from dimension i.
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increasing Ṽi(x) than before. The same pivoting occurs for attention utility. Thus,

the DM increases Ṽi(x) by choosing a different action in response to the change.

0 1

αi

ωi(βiṼi(x
∗) + γi)

ωi(βiṼi(x
∗) + γ′i)

0 1

αi

(αi + ψi)(βiṼi(x
∗) + γi)

(αi + ψi)(βiṼi(x
∗) + γ′i)

(a)

Ṽi(x
∗)

Ṽi(x)

ωi(βiṼi(x
∗) + γi)

ωi(β
′
iṼi(x

∗) + γ′i)

Ṽi(x
∗)

Ṽi(x)

(α∗i + ψi)(βcṼi(x) + γi)

(α∗i + ψi)(β
′
iṼi(x) + γ′i)

(b)

Figure 1: Panel (a) corresponds to an increase of γi to γ′i. We hold
the optimal action x∗ fixed. The payoff Vi is shifted up, and hence
so is the material utility (top figure), independently of αi. However,
increasing αi now increases the attention utility now by more than
before (bottom figure). Panel (b) corresponds to an increase of βi
to β′i with an offsetting change of γi to γ′i. We hold the optimal
attention α∗i fixed. The material utility pivots around Ṽi(x) (top
figure) as does attention utility.

We next turn to the relative weight on attention utility λ and show three results.

First, increasing λ decreases the relative importance of material utility, and so it

decreases through the choice of the optimal action. Second, parameterizing Vi as

Vi := Ṽi + γi, the DM’s objective is evidently linear in payoff levels γi and hence the

DM’s value, i.e., (1) for optimal (action, attention)-pairs, is convex in γi. Note that in

the absence of attention utility (λ = 0), it is only linear. Third, when the environment

is separable and λ > 0, then increasing attention to dimension i increases both the

12



payoff Vi but also the weight on dimension i; hence, accounting for attention utility

makes the DM’s objective more convex in attention. The proposition below provides

the formal statements.

Proposition 2. Consider a change of parameter λ to λ′ with λ′ > λ and let x and

x′ denote the optimal action, respectively. We have:

•
∑

i ωiVi(x) ≥
∑

i ωiVi(x
′);

• the DM’s value is convex in (γi)i∈D;

• if the environment is separable, ωi = 1 and ψi = 0 for all i ∈ D, and the

objective given λ is convex in α, then it is also convex in α given λ′.

The first part implies that the DM’s actions are suboptimal if judged through

the lens of the standard model (with λ = 0).7 The second and third parts of the

proposition imply that the DM has a preference for “extreme” payoffs so that they

can hone in on high-payoff dimensions and ignore others.8 When the environment is

separable, variation in payoffs is generated through extreme attention allocations, and

so the DM’s attention is naturally “sparse” (Gabaix, 2014).9 One way of interpreting

these results is that the DM has a preference for specialization—it is better to be

outstanding in one area and relatively poor in many others rather than doing mediocre

in all.

As we show, these results also lead to an additional preference for risk (Section 2.4),

non-smooth consumption paths (Section 3.1), and intrinsic preferences for information

(Section 3.3).

Lastly, we note the effects of ωi, the weight on Vi in the material utility, and ψi,

the exogenous attention, e.g., fixed future attention, devoted to dimension i. Note

7They may also be judged as suboptimal through the lens our model if we take attention utility
as not normative.

8Devoting attention to high-payoff dimensions and ignoring others can also be understood as
choosing preferences that view the high-payoff dimension as more important (see the discussion at
the end of Section 2). Indeed, Bernheim et al. (2021) show a similar convexity result (Proposition 11)
in their model of chosen preferences.

9Note that the sparse attention allocation occurs not just for instrumental reasons as in Gabaix
(2014), but because of the complementarity between the instrumental and emotional role of atten-
tion: The instrumental value of attention for a dimension (i.e., increasing the associated payoff)
is particularly useful if the dimension has a large weight in the DM’s attention utility; conversely,
increasing the weight of a dimension in the DM’s attention utility is particularly useful when the
associated payoff is high. Since attention drives both, the objective becomes “more convex” relative
to the standard model (i.e., with λ = 0).
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that both ωi and ψi play a similar role as βi in Proposition 1. Thus, the following

proposition follows straightforwardly, and a formal proof is omitted.

Proposition 3. Consider dimension i ∈ D. Fix V−i and consider changing param-

eters (ωi, ψi) to (ω′i, ψ
′
i), with (ω′i, ψ

′
i) ≥ (ωi, ψi) elementwise. Denote the optimal

(action, attention)-pairs for each parameter set as (x, α) and (x′, α′), respectively.

Then Vi(x
′) ≥ Vi(x). If, in addition, the environment is separable, then α′i ≥ αi.

Suppose, e.g., ωi represents the probability with which dimension i realizes. In that

case, the comparative statics is again entirely standard: the DM chooses an action

that increases the payoff of a dimension if it becomes more likely. Less standard is

that the DM also chooses such action if there is some exogenous attention γi on that

dimension.

We explore the implication of Proposition 3 and the other general comparative

statics in more specific contexts next.

2.3 Attention across consumption dimensions

We consider attention allocation across different dimensions of consumption. Those

may be ‘arranging a retirement home for a relative’, ‘vacation’, ‘personal health’,

‘financial situation’, etc. The DM’s overall material utility is the unweighted sum of

the material utilities across these dimensions (i.e., ωi = 1). In this context, Propo-

sition 1 rationalizes the well-known ostrich phenomenon: (attentional) avoidance of

low-payoff situations and, conversely, excessive attention to high-payoff ones.10 Evi-

dence for such behavior has been extensively documented in the domains of finance

and health.

For instance, retail investors’ propensity to check their portfolios generally co-

moves with the market (Karlsson et al., 2009; Sicherman et al., 2015).11 Accessing

one’s portfolio requires attention to it. Our model suggests that doing so co-varies

with the payoff associated with the portfolio. Reasonably, this payoff may be eventual

10The term “ostrich effect” was coined in Galai and Sade (2006), where it describes individuals
avoiding risky financial situations by pretending they do not exist—i.e., they bury their figurative
heads in the sand like an ostrich. We use the term ostrich phenomenon to refer to attentional
patterns due to changes in payoff levels and not information. Some readers may be interested to
know that although the idea of ostriches burying their heads in the sand to avoid predators dates
back to Roman times, they do not display this behavior. Instead, they put their heads into their
nests (which are built on the ground) to check temperatures and rotate eggs.

11Gherzi et al. (2014) find increased monitoring following market downturns.
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consumption. A down market (for most investors) implies low future consumption.

By decreasing attention to their portfolio, investors can improve their attention util-

ity.12 Similar behavior has been documented in the domain of health.13 Inattention to

potential health issues to manage one’s emotions leads to worse material utility—the

health outcomes—in line with Proposition 2.14

In principle, several factors can explain these attention patterns. The instrumental

value of attention, e.g., via information, may vary with the market in a way that

makes increased monitoring in up markets optimal. Similarly, changes in the cognitive

(but non-emotional) costs of attention or the outside option of attention can also

play a role. Finally, the patterns in attention could be explained by belief-based

utility models, where utility is derived from anticipation (Caplin and Leahy, 2001;

Brunnermeier and Parker, 2005) or from ‘news’ (Kőszegi and Rabin, 2009; Karlsson

et al., 2009).

However, the ostrich phenomenon has also been documented in settings where all

of these explanations are implausible, suggesting an important role of direct emotional

utility derived from attention. For instance, Avoyan and Schotter (2020) provide

evidence in a stylized laboratory environment where experimental participants choose

to allocate time (i.e., attention) between two games (i.e., consumption dimensions).

In line with our model, they find that “as payoffs in a given game increase, subjects

plan more attention to the game.” Variation across treatments to non-emotional

benefits or costs of attention are ruled out by design, and belief-based utility models

12While the propensity to check one’s portfolio comoves with the market in both levels and changes,
individuals may be avoiding payoffs that are low relative to some reference point (and not abso-
lutely). Our model can be enriched to capture such behavior by supposing that attention utility is
proportional to consumption payoffs relative to some reference point.

13For instance, researchers have noted low rates of testing for severe medical illnesses (Hunt-
ington’s disease (Shouldson and Young, 2011; Oster et al., 2013); sexually transmitted diseases
(Ganguly and Tasoff, 2017)). Our model predicts that an individual at risk of such a disease may
have a low (expected) payoff related to the consumption dimension ‘health’ and hence avoids any
actions, such as taking a test, that require attention. Indeed, Ganguly and Tasoff (2017) document
that the demand for medical testing for sexually transmitted diseases is decreasing as the expected
health outcome worsens. Individuals also often fail to follow medical recommendations, both regard-
ing information-generating activities (e.g., self-screening) and non-information-generating activities,
such as taking medicine (Becker and Mainman, 1975; Sherbourne et al., 1992; Lindberg and Wellisch,
2001; DiMattero et al., 2007). For instance, DiMattero et al. (2007) find that, among individuals
experiencing serious medical conditions, individuals with worse health status tend to adhere less to
medical regimes.

14Low compliance with medical recommendations may negate the benefits from medical therapies
or limited medical testing, e.g., in the context of Hunting’s disease leads to worse decisions about
“childbearing, retirement, education, participation in clinical research” (Oster et al., 2013).
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also seem implausible.15

There is also strong evidence for an important role of attention utility in the con-

text of retail investors. Sicherman et al. (2015) find a positive correlation between

market returns and the frequency of investors logging in to their portfolio twice during

a single weekend—when markets are closed, and no new information can be revealed.

Quispe-Torreblanca et al. (2020) find that investors devote excessive attention to pos-

itive information that is already known. They also invite investors to respond to a

survey about their investment strategy and find that participation is positively corre-

lated with their portfolio returns. This evidence points towards attention’s emotional

role as an important determinant of (investment) behavior.16 The absence of new

information from attention renders belief-based utility models mute, and variations

in non-emotional costs and benefits seem unlikely.17

Our model’s rationalization of the ostrich phenomenon connects it to adaptive

preferences (Elster, 1983). Recall that the DM’s attention allocation could be inter-

preted as them choosing their preferences (Bernheim et al. (2021); see the end of our

Section 2). A decrease in the payoff associated with their portfolio leads the DM to

choose that the portfolio dimension is unimportant (via devoting little attention to

it). However, as eluded to in that earlier section, a key difference is that here the

“chosen preferences” have implications for the actions the DM is able to take.

2.4 Attention across states

We next consider attention allocation across possible realizations of an uncertain state.

The attention-dependent weights on different states lead to as-if belief distortions

(characterized by Propositions 1–3) and, with them, to implications for the DM’s

attitude towards risk and probability weighting.

15For the results to be explained by belief-based utility models, the participants would need to
consider the random payoffs from the game as separate and prefer the payoff variations induced by
devoting more attention to the high-payoff game.

16In a related setting, Olafsson and Pagel (2017) study individuals’ attention to their financial
accounts and finds increased attention after they are paid and decreased attention when the account
balance becomes low, in particular, when it turns negative. Arguably individuals often know about
their payment dates and amounts and their overdrawn status, so information avoidance may be an
implausible motive.

17We note that the model in Karlsson et al. (2009) also has a direct emotional effect of attention,
what they call “impact effect.” Even without further uncertainty after the initial news, this impact
effect can still lead to the observed attentional patterns (in their model, set θ = 0 and SD(rd) = 0).
But the impact effect is crucial and not a feature of news utility models per se.
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A state i is weighted in the DM’s material utility by ωi = pi , where pi denotes

the objective probability of state i occurring. For simplicity, we suppose that ψi = 0,

i.e., there is no exogenous attention outside the DM’s control. The DM’s objective is

then to choose (x, α) with x ∈ X(α) to maximize
∑

i piVi(x) + λ
∑

i αiVi(x), i.e., the

expected material utility plus attention utility.

It is useful to divide the DM’s objective by 1 + λ and denote the terms in front

of Vi as qi := pi+λαi

1+λ
. Note that qi ∈ [0, 1] for all i and

∑
i qi = 1, i.e., qi describes a

probability distribution. The DM, conditional on their attention allocation, behaves

like a subjective expected payoff maximizer choosing action x who assigns probability

qi to state i. Note that as attention to state i increases, so does the subjective

probability qi assigned to that state. Thus, Propositions 1–3 have direct implications

for qi.

We briefly discuss some of the general implications of Propositions 1–3 in this en-

vironment before relating our model to more concrete behavioral phenomena. Propo-

sition 1 implies that individuals devote more attention to high-payoff states and thus

(at least in a separable environment) will take actions suited for those states relative

to those with a low payoff—an ostrich phenomenon in environments with uncertainty.

For instance, in the context of individuals devoting attention across future contingen-

cies, they will know what to do with a financial windfall (as they have contemplated

such contingency) but not which expenses to cut when they are laid off (as this has

been ignored). Proposition 2 indicates that these plans lead to a lower expected

material utility (given the objective probabilities). Daydreaming, where individuals

devote attention to a pleasant state with a very low probability or zero probability,

is an example, although empirical tests of these predictions are warranted.18 Propo-

sition 3 implies a standard intuition: increasing the objective probability of a state

pi leads to an action better suited for that state.19

We next consider the implications of incorporating our model into a standard

framework for choosing lotteries. A DM, equipped with an increasing Bernoulli utility

u, chooses a lottery from a set X. Lottery x ∈ X has monetary payoff xi in state i

18Anecdotally, individuals engage in “Zillow surfing,” a form of escapism where they browse
through home-buying sites and imagine themselves in different houses, possibly much more ex-
pensive ones compared to their current accommodation.

19The one nuance in applying Proposition 3 is that there is a constraint on the set of probabilities:
increasing the probability of one state means reducing the probability of another. In order for the
result to hold, it must be the case that the probability shift to i comes from a “trivial” state—one
where attention has no material benefit.
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(and so is an act), and so its expected payoff is
∑

i piu(xi).

Consider now our DM in this environment. Assume first that attention has no

instrumental role, X(α) is constant. We then can let action x capture the choice

of lottery, with Vi(x) = u(xi). In addition to maximizing the expected payoff (or

material utility in the language of our model), our DM also values attention utility.

Note that the DM in the standard environment described in the preceding paragraph

is nested in our model with λ = 0.

The following proposition states the implications of our model in this setting. For

parts of it, we consider binary lotteries, those where any state either pays a low payoff

L(x) or a high payoff H(x). Also, let X(µ, L) denote the set of binary lotteries with

mean µ and low payoff L and Y (µ,H) those with mean µ and high payoff H.

Proposition 4.

• Let DM(λ) refer to the DM with a relative weight λ on attention utility. DM(λ)

is more risk-averse than DM(λ′) for any λ′ > λ.20

• Suppose u is unbounded and λ > 0. For any µ, L and x ∈ X(µ, L), there exists

a high payoff H̄ so that if a lottery x′ ∈ X(µ, L) has high payoff H(x′) > H̄

then the DM strictly prefers x′ to x.

• For any µ, L and x, x′ ∈ X(µ, L) with H(x) > H(x′), the DM strictly prefers x

to x′ if λ is large enough.

• For any µ and H, the DM’s preferences over Y (µ,H) are independent of λ.

Proposition 4 first states that the DM with attention utility has an additional

preference for risk. Intuitively, given a lottery x, the DM devotes attention to the

high-payoff states—the “upside” of the lottery—resulting in those states having a

higher subjective probability qi. Notice that attention utility then drives a wedge

between risk preferences elicited via choice data (as in the proposition) and those

derived from the curvature on the Bernoulli utility u. The second and third cases of

the proposition state that the DM has a preference for positively skewed lotteries.21

20Let δy be the lottery with monetary payoff y in each state. Given two preference relations on
the set of lotteries, � and �′, � is more risk averse than �′ if x � δy =⇒ x �′ δy for all lotteries
x and payoff y.

21The skew of a lottery is defined as its third standardized moment; fixing a low outcome and a
mean for a set of binary lotteries, comparing the skewness of two lotteries is equivalent to comparing
their high payoffs.
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Intuitively, positive skew always increases attention utility since the DM devotes

their attention exclusively to high-payoff states. If the high payoff is large enough

(second case) or the DM puts enough weight on attention utility (third case), the DM

prefers the more positively skewed lottery. The fourth case states that no equivalent

preferences exist for negatively skewed lotteries.

An implication of Proposition 4 is that individuals appear more optimistic than

objective probabilities justify. Such optimism has been documented in a wide range

of circumstances. Sharot (2011) summarizes: “we underrate our chances of getting

divorced, being in a car accident, or suffering from cancer. We also expect to live

longer than objective measures warrant, overestimate our success in the job market,

and believe that our children will be especially talented.” In our model, the DM de-

votes little attention to low-payoff states, thus acting as if they “underrate” them and,

conversely, overweight the high-payoff ones. There is laboratory evidence consistent

with optimism, e.g., Mayraz (2011).22 Participants guess the realization of a random

variable, and some are rewarded for high and others for low realizations. Our model

predicts that participants whose payoff is high for high realizations devote attention

to those realizations, which then have a large weight in their objective, leading them

to guess a high realization. Indeed, this type of “wishful thinking” is what Mayraz

(2011) finds.

There is also extensive evidence for preferences for positively skewed lotteries.23

Furthermore, consistent with our model, Jullien and Salanié (2000) and Snowberg

and Wolfers (2010) suggest that the preference for skewness is driven by subjective

probabilities, as in our model, rather than the Bernoulli utility u.

Our model can also decouple large-stakes from small-stakes risk aversion. Hansson

(1988) and Rabin (2000) show that the risk aversion over small-stakes lotteries that

is typically observed in individuals implies unreasonable risk preferences over large-

stakes lotteries. One way to resolve this puzzle is through preferences where lotteries

are evaluated relative to some reference point and with loss aversion (Kahneman

and Tversky, 1979). We provide an alternative explanation. Suppose the DM can

22See also Mijović-Prelec and Prelec (2010); Engelmann et al. (2019); Orhun et al. (2021) for
related evidence in both monetary and non-monetary domains.

23Evidence comes from a variety of contexts: portfolio choice (Blume and Friend, 1975), betting
on horses (Golec and Tamarkin, 1998; Jullien and Salanié, 2000; Snowberg and Wolfers, 2010), indi-
viduals playing lotto (Garrett and Sobel, 1999; Forrest et al., 2002), as well as in various laboratory
settings (Ebert and Wiesen, 2011; Grossman and Eckel, 2015; Ebert, 2015; Åstebro et al., 2015;
Dertwinkel-Kalt and Köster, 2020).
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also devote attention to some outside option, such as an additional consumption

dimension o. Attention αo yields attention utility αoVo.
24 When facing a lottery with

small stakes, none of the potential payoffs may be high enough to warrant attention;

specifically, u(xs) ≤ V0 for all s. In this case, the DM’s preferences are independent

of the weight on attention utility since all attention utility is derived from the outside

option. When the lottery has high stakes instead, then the highest payoff may exceed

the value of the attentional outside option, and so the DM’s preferences become

attention-utility dependent (as in the first case of Proposition 4). Thus, attention

utility, and hence its impact on risk preferences (which we have shown reduces risk

aversion), may only matter for large-stakes lotteries.

We next study how our model leads to as-if probability weighting and consider

the mapping of objective probabilities pi to subjective probabilities qi, which we

denote by qi(pi). The setting is as when studying preferences over lotteries, but

focus on environments with only two states D = {i, i′}. Notice that when there

is no instrumental value, the DM devotes full attention to the higher-payoff state,

which is subsequently always overweighted (as in the first part of Proposition 4. To

generate other forms of probability weighting, we thus need to allow for attention to

be instrumentally valuable. We illustrate using separable environments.

First, suppose that at least
¯
α attention must be devoted to each state but attention

beyond
¯
α is of no instrumental use. The DM devotes all residual attention to the

high-payoff state. The probability weighting function is compressed; that is, small

probabilities are over-, and large probabilities are underweighted.

We then drop the hard constraint on attention and replace it with large and de-

creasing initial returns to attention. A similar compression of the probability weight-

ing occurs, and probability weighting now takes a smooth inverse S shape. The

following proposition summarizes.25

Proposition 5. Suppose D = {i, i′} and that the environment is separable.

• If V̂i(αi) = −∞ for αi <
¯
α and V̄ otherwise, and V̂i′(a) = V̂i(a) − ∆ for all

24Formally, this is included in the model by adding state o with po = 0 and payoff Vo.
25Probability weighting, in particular, overweighting of small and underweighting of large proba-

bilities, can also be generated by allowing attention utility to be concave in attention. Specifically,
suppose that the attention utility form dimension i is given by F (αi)V̂i (V̂i(x) is constant), where
F is concave and continuously differentiable. If ∂

∂aF (1) = 0, and V̂i ≥ V̂i′ > 0, then the DM devotes
more attention to state i than i′, but not all. We consider this type of extension plausible (see the
comments on the model setup in Section 2.1); however, this particular result is outside the model
presented here and hence we do not pursue it further.
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a ∈ [0, 1] with ∆ > 0, then qi(pi) =
pi+λ(1−

¯
α)

1+λ
for pi < 1 and qi(1) = 1 and

qi′(pi′) = 1− qi(pi).

• If V̂i = V̂i′ = V̂ , V̂ is continuously differentiable, lima→0 a
∂
∂a
V̂ (a) = ∞, and

∂
∂a
V̂ (1) <∞, then, qi = qi′ = q and there exists some p̄ with 0 < p̄ < 1/2, such

that26

q(p)



= 0 if p = 0

> p if 0 < p < p̄

< p if 1− p̄ < p < 1

= 1 if p = 1.

Figure 2 provides an illustration of Proposition 5. In each panel, the top figure

shows optimal attention to state i as a function of the probability pi, and the bottom

figure shows the resulting probability weighting, qi(pi). Panel (a) corresponds to the

first case with forced attention, for three levels of
¯
α:

¯
α0,

¯
α1,

¯
α2, with

¯
α0 <

¯
α1 <

¯
α2.

Panel (b) corresponds to the second case, where we choose V̂ (a) = − 1
a

as tractable

functional form.27

Probability weighting has been extensively studied since first discussed in Kah-

neman and Tversky (1979), and there is now a voluminous literature analyzing and

empirically estimating prospect-theory models, which are typically descriptive (see

Wakker (2010); Barberis (2013) for two surveys). Our model provides attention as a

mechanism leading to probability weighting. The classic finding is that individuals’

probability weighting follows an inverse S-shape (Wu and Gonzalez, 1996)—which

our model provides a microfoundation for under the conditions described in Propo-

sition 5.28 Our model can also provide conditions for other forms of probability

26Although this result generates two classic features of inverse S-shaped probability weighting (un-
derweighting of high probabilities and overweighting of low probabilities), the probability weighting
need not be concave and then convex (as is often assumed). Intuitively, the instrumental value of
attention needs to be small for high values of attention, i.e., V̂ (1)− V̂ (1/2) small, to guarantee the
inverse S shape probability weighting everywhere.

27One can show that the optimal attention is αi = (pi −
√
pi(1− pi))/(2pi − 1) which is inverse

S-shaped and hence so is qi.
28Our model has implications for probability weighting that distinguishes it from other models.

For example, cumulative prospect theory (Tverseky and Kahneman, 1992) or rank dependent utility
(Quiggin, 1982) predict that the probability assigned to a state (qi) depends only on the ranking
of the states (Vs > Vi′ or Vi < Vi′) and the objective probabilities of each state occurring (pi).
In contrast, in our model, qi additionally depends on the difference in payoffs, Vi − Vi′ , and the
instrumental value of attention.
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Figure 2: Panels (a) and (b) correspond to the two cases discussed
in Proposition 5. The weight on attention utility is always λ = 1.
For the first case,

¯
α takes values

¯
α0 = 0,

¯
α1 = 1/4, and

¯
α2 = 1/2.

For the second case, the payoff as a function of attention is given by
V̂ (a) = − 1

a
.

weighting, e.g., an S-shaped probability weighting.29

3 Extension: Multi-period attention allocations

The previous section explored some implications of our model in static environments

where attention is allocated once. In this section, we consider time as a type of

dimension, and so we extend our model dynamically. Doing so allows us to study

attention allocation across time periods, which endogenizes time preferences. It also

29For instance, suppose that V̂i = V̂i′ = V̂ and that V̂ is convex and not constant. The DM
optimally devotes attention to the more likely state leading them to overweight high and underweight
low probabilities.
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allows us to study our model’s implications in two dynamic settings: choice over a

default action and dynamic resolution of uncertainty.

But first, we note a complication of our analyses that arises due to repeated

attentional choice: The DM is generally time-inconsistent. This is because past

attention utility, e.g., from devoting attention to a future period, may depend on

today’s action and its impact on the future payoff, but the DM today does not

incorporate this past attention utility. Because the DM cannot commit their future

selves to a particular attention allocation, the solution to the DM’s problem is the

equilibrium of an intrapersonal game played between each period’s self. One can treat

the results in Propositions 1–3 as defining the best response of the DM in a single

period, given the choices of the DM in all other periods.

These intrapersonal games require us to make an assumption about what any given

time period’s self believes about the strategies of other players. As a benchmark, we

assume full sophistication. Thus, our results are driven solely by the role of attention

in generating utility rather than any kind of misprediction. Bronchetti et al. (2020)

provides evidence of some, albeit not full, sophistication, while Falk and Zimmermann

(2016) provide evidence that individuals alter their choices in anticipation of being

able to redirect attention in the future.

3.1 Attention across time periods

We first focus on attention across time periods. The DM now faces a sequence of time

periods D = {1, . . . , T}, with generic period t. For simplicity, we assume that there

is no exogenous discounting, i.e., ωt = 1 for all t. However, the attention-dependent

weights on the different periods (the dimensions) can be interpreted as endogenous

time preferences.

In each period t, the DM chooses an (action, attention)-pair denoted by (xt, αt).

The actions jointly determine the payoff in each period: given x := (xt)
T
t=1, the

payoff in period t is Vt(x).30 Attention is a measure on the set of time periods, i.e.,

αt = (αt�t′)t′∈D, where αt�t′ denotes the attention (in period t) devoted to period t′

with αt�t′ ≥ 0, and we normalize the total attention devoted (in each period) to have

measure 1, i.e.,
∑

t′ αt�t′ = 1; we also let α = (αt)t∈D. We assume that the available

actions in period t only depend on attention in period t, i.e., xt must be in Xt(αt)

30One may make natural assumptions on future actions’ impact on past payoff.
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which is compact- and non-empty-valued and upper hemicontinuous.

In each period, the DM receives a material utility and attention utility—the DM’s

flow utility in period t—just as in the static model. As a natural first step, we assume

that the DM maximizes the sum of such flow utilities across periods. We first consider

the best response function in any period t holding fixed (x−t, α−t): The DM chooses

(xt, αt) with xt ∈ Xt(αt) to maximize31

T∑
t′=t

(
Vt′(xt, x−t)︸ ︷︷ ︸

material utility in t′

+λ
T∑

t′′=1

αt′�t′′Vt′′(xt, x−t)︸ ︷︷ ︸
attention utility in t′

)
. (2)

Notice that (2) can be written as (1) with ψt = 0 and ψt′ =
∑

t′′>t αt′′�t′ for t′ 6= t

(and ωt′ = 1 for all t′).

From period t’s perspective, the weight on period t′ is given by 1 + λ(αt�t′ + ψt′).

These weights across periods t′ can be interpreted as discounting: Fixing (x, α) the

DM behaves like a standard DM (with λ = 0) who discounts period t′ (relative to

period t) by δt�t′ :=
1+λ(αt�t′+ψt′ )

1+λαt�t
. For instance, as attention to the present period

increases, the DM discounts future periods by more. Time preferences—whether the

DM is present- or future-focused—are endogenous and depend on circumstances.

As in Section 2.4, we begin by discussing some of the general implications of

Propositions 1–3 in this environment, and then relate our model to a more concrete

behavioral phenomenon. Here, Propositions 1–3 provide predictions on time prefer-

ences. In particular, Proposition 1 suggests that the DM may weigh a period more

if its payoff level or the instrumental value of attention to that period increases.

Magnitude-dependent discounting is a well-known empirical regularity (e.g., Green

et al. (1997) is an early paper), although it has not been directly linked to attention.

Proposition 3 implies that some (exogenous) attention devoted to period t′ leads the

DM to increase the payoff in period t′.

Holding (action, attention)-pairs in other periods fixed and looking at the DM’s

31Note that in this formulation, the DM values every future self’s flow utility the same. Equa-
tion (2) can be generalized by allowing the weights on period-t′ flow utility (currently 1) to also
depend on αt�t′ . For instance, when this weight is given by 1 + λ̃αt�t′ and λ = 0, the DM may
alternatively maximize

∑T
t′=t(1 + λ̃αt�t′)Vt′(xt, x−t). Our preferred formulation is Equation (2) as

it captures concerns for future attention utility which will be crucial in Sections 3.2 and 3.3, while
not further complicating the objective (implicitly λ̃ = 0). However, all results in this section go
through for any λ̃ ≥ 0.
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best response provides potentially useful intuition. Actual attentional choices are the

result of an intrapersonal game where the DM predicts their optimal future behavior

and how it depends on actions today. The set of solutions is found via backward

induction.32 Propositions 1–3 cease to hold due to coordination motives in the DM’s

problem. Example 4 in Appendix A.2 shows that increasing a future payoff can lead to

less attention to that period; Example 5 shows that varying λ can affect the material

utility non-monotonically.

We next consider the implications of incorporating our model into a consumption-

saving problem. A DM receives a unit of income in every period that they can irre-

versibly allocate for consumption across current and future periods. In each period,

they value consumption according to some strictly concave function V . Formally, in

period t, the DM chooses xt = (xt�t′)
T
t′=1, where xt�t′ denotes the amount of period-t

income allocated for consumption in period t′, and
∑T

t′=1 xt�t′ ≤ 1 for all t; letting

x = (xt)
T
t=1, consumption in period t is valued by V (

∑t
t′=1 xt′�t). The concavity of

V implies that in this standard problem, the DM would smooth consumption and

consume all income in the period they receive it.

Consider now our DM in this environment. Our formulation captures the con-

sumption allocation of income as the action x. We need to make an assumption

about the instrumental value of attention, i.e., how the feasible consumption alloca-

tions xt, depend on the attention allocation αt. Here are two: 1) X(α) = {x : xt�t′ ≤
αt�t′∀t, t′}, i.e., the DM needs to allocate attention to a period in order to allocate

their income to that period, or 2) X(α) = {x : xt�t′ ≤ 1∀t, t′}, i.e., attention has no

instrumental value and the only constraint is the available income, which is 1. For

the following result, the exact formulation makes no difference; we state it for the

first case.

To simplify the statement of the following proposition we also assume that V is

satiated at exactly K, i.e., V (K) = V (K ′) for all K ′ ≥ K and V (K) > V (K ′) for all

K ′ < K, and suppose K is a divisor of T .33

32Formally, let Ht := (xt′ , αt′)
t−1
t′=1 denote the (action, attention)-pairs the DM chose up to (and

excluding) period t. Let Γt(Ht) denote the set of credible (x, α) when the DM has chosen Ht so
far and now chooses (xt, αt), where credibility requires that the DM in each future period chooses
their corresponding (action, attention)-pair optimally. Specifically, for t < T , Γt(Ht) is recursively
defined as argmax of (2) over (x, α), with (x, α) ∈ Γt+1(Ht, (xt, αt)) and x ∈ X(α); and ΓT (HT ) as
the argmax of (2) over (x, α), with (x, α) ∈ {HT , (xT , αT )} and x ∈ X(α).

33If V was not strictly concave, then
¯
λ in the ensuing proposition could be 0. If K is not a divisor

of T , then when λ > λ̄ (again defined in the proposition), the last payoff in period T would be less
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Proposition 6. There exist
¯
λ > 0 and λ̄ <∞, such that αt = xt and

• if λ <
¯
λ, in each period t, αt�t = 1; and

• if λ > λ̄, in each period t, αt�K(t) = 1 where K(t) ≡ d t
K
eK.

The case where the weight on attention utility λ is small is essentially the standard

model where the DM maximizes their material utility by smoothing consumption.

Since attention goes hand in hand with the action (allocation of income), the DM

devotes all their attention to the present period. Note that although the DM devotes

full attention to the present, we still have δt�t′ = 1 for all t, t′ with t′ ≥ t, and so no

discounting of future payoffs. The reason is that while the attention utility in period

t depends on Vt only, attention utility in period t′ similarly depends on Vt′ only, and

so both payoffs receive the same weight. When attention additionally determines the

weights on the flow utilities, for instance, weight 1 + λ̃αt�t′ instead of weight 1 (see

footnote 31), then δt�t′ = 1/(1+λ̃) and so the DM falls in the class of quasi-hyperbolic

discounters (Laibson, 1997).

When λ is large, the DM allocates their income and attention to create periods

with particularly high consumption, which are exploited for attention utility. In

between those periods, the payoff is low; however, the DM never devotes attention to

these low-payoff periods, so their attention utility is unaffected.

Our model thus rationalizes consumption paths that are purposefully lumpy be-

cause of, e.g., weddings, vacations, and other lavish celebrations.34 Such paths can be

similarly rationalized through memory utility (Gilboa et al., 2016; Hai et al., 2020)

or anticipatory utility (Loewenstein, 1987). For instance, Gilboa et al. (2016) write:

“One may enjoy fond memories of a vacation, wedding, or special night out long

after they have occurred.” The key innovation in our model is that the enjoyment

of fond memories requires attention to be experienced. Similarly, low-payoff peri-

ods, say, weekly chores or an unpleasant memory, need not lead to anticipatory or

remembrance utility and instead can be ignored.

than those in other high-payoff periods.
34Hai et al. (2020) notes that the average expenditure on weddings is about USD 20,000 and that

the average annual household income of a newly married couple is USD 55,000.
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3.2 Implications for default effects

We next explore how incorporating attention utility can lead to particular kinds of

default effects. To this end, consider the following environment. There are two

periods—period 1 and period 2. The setup in period 2 is that of Section 2.3 with two

consumption dimensions, D = {cnt, ct}. One of them, cnt (the nontrivial dimension),

involves the choice of a default action. Its payoff is parameterized by some state

s ∈ S, where S is finite, and the DM’s default action x1 chosen in the first period.

The other one, ct (the trivial dimension) serves as an attentional “outside option”

and its payoff Vct is constant.

Changing the action in period 2 from the default requires at least η attention.

Formally, let α2 := (α2�cnt , α2�ct) denote the attention in period 2. For any state s,

if α2�cnt < η, then X2(α2) is a singleton (i.e., the default binds and the DM cannot

change the payoff), and if α2�cnt ≥ η, then maxx2∈X2(α2) Vcnt(x1, x2|s) is independent

of x1 for all x1 (i.e., the default is irrelevant).

In period 2, the DM chooses (x2, α2) with x2 ∈ X2(α2) to maximize

Vcnt(x1, x2|s) + Vct︸ ︷︷ ︸
material utility

+λ(α2�cntVcnt(x1, x2|s) + α2�ctVct︸ ︷︷ ︸
attention utility

). (3)

We let U2(x1, s) denote the maximized value of (3) and the corresponding action and

attention by x2(x1, s) and α2(x1, s), respectively, where we suppose that the solution

is unique to simplify notation.

Define S̄ as those states in which the DM is inattentive to the nontrivial dimension,

i.e., S̄ := {s : α2�cnt(x1, s) < η}. If x1 ∈ arg maxx1∈X1

∑
s∈S psU2(x1, s) then x1 ∈

arg maxx1∈X1

∑
s∈

¯
S psU2(x1, s) (taking S̄ as fixed). In words, the optimal default for

period-2 conditions only on states in which it binds.

In period 1, when the default is chosen, the DM also values their current attention

utility. We assume that they can devote attention to across the realizations of future

consumption dimensions but that this attention is non-instrumental (i.e., the set of

available default actions X1(α1) is independent of attention α1). Let α1�(cnt,s) denote

the attention in period 1 devoted to the nontrivial consumption dimension in state

s, and α1�ct that to the trivial dimension. The DM’s period-1 attention utility is∑
s∈S α1�(cnt,s)Vcnt(x1, x2(x1, s)|s) + α1�c1Vc1 .

In period 1, the DM’s objective is the sum of period-1 attention utility and the
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expected period-2 utility, where the former has relative weight λ. However, the DM

optimally devotes all period-1 attention to the highest payoff state, or the trivial

dimension, whichever has a higher payoff, and so their period-1 attention utility

is independent of the default chosen. The following proposition summarizes and

characterizes the states when the default binds as the weight on attention utility

increases.

Proposition 7. Let S̄(x1) := {s : α2�cnt(x1, s) < η}.

• Suppose X1(α1) is independent of α1. Then the optimal default action x1 satis-

fies

x1 = arg max
x′1∈X1

∑
s∈S(x1)

psVcnt(x
′
1, x2(x′1, s)|s).

• For any x1, if λ is large enough, then

S(x1) = {s : max
(x2,α2),x2∈X2(α2)

Vcnt(x1, x2|s) < Vt}.

X1(α1) independent of α1 is required as otherwise the DM’s choice of x1 may

additionally be driven to maximize current attention utility.

The choice of default is in part similar to how a default is chosen in models of, e.g.,

rational inattention. If changing the default is costly, the DM may keep it and the

optimal default conditions on states where it binds. A key difference in our model is

that the default binds asymmetrically, as the second part of the proposition states. It

identifies set S̄(x1) of states where the default binds for large λ as those states s with

a low payoff. In turn, the optimal default is chosen conditional on these low-payoff

states.

Our model thus predicts asymmetric reactions to changes in the environment.

For instance, individuals may adjust their planned consumption only in response to

positive income shocks ignoring negative ones. In anticipation, they plan for low

consumption (the default) to insure against their inattention. Similarly, individuals

may not want to revisit previously negotiated business or wage contracts in response

to some bad events occurring. This may add to firm inertia in economic downturns.35

35More generally, our model suggests individuals fall back on heuristics and decision processes
that can be implemented automatically (“System 1”) when the situation at hand has a low payoff,
whereas they engage with the situation and use System 2 when its payoff is high.
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We lastly note that Proposition 7 relies on the default being a “pure default.” To

illustrate, modify the setting as described above: the payoff of dimension cnt is now

given by Vcnt(x1, x2|s) = Ṽcnt(x1, x2|s)+βF (x1), where Ṽcnt has the “default property”

from above, β ≥ 0, and F is some function through which action x1 has irreversible

payoff consequences. Thus, the previous setting is nested with β = 0.

Proposition 8. Suppose β > 0 and that X1(α1) is independent of α1 and finite. Let

(s, x1) = arg maxs′∈S,x′1∈X1
Vcnt(x

′
1, x2(x′1, s

′)|s′). If Vcnt(x1, x2(x1, s)|s) > Vct and λ is

large enough, then x1 = arg maxx′1∈X1
F (x′1).

For large λ, the DM’s utility is primarily determined by their attention utility (in

both periods). Thus, they choose x1 to maximize the payoff in the high-payoff states

they devote attention to (in either period). For β > 0, this is done by maximizing

F since the default does not bind for those states (Proposition 8). In contrast, when

β = 0, x1 has no effect on the high-payoffs and so the DM chooses x1 to maximize their

material utility and chooses it optimally for the low-payoff states (Proposition 7).

The fact that the DM can freely devote attention in period 1 is a strong assump-

tion. Note, however, that the same reasoning outlined above goes through if period-1

attention utility is ignored. Thus, the propositions also describe how period-2 utility

is maximized, hence isolating an additional consideration when the environment is

dynamic.

3.3 Implications for information acquisition

Our model leads to intrinsic preferences over information as we explore next. We

consider a setting in which there is no instrumental value of information. Although the

standard DM (with λ = 0) is indifferent to information, our DM has strict preferences

over whether and when they acquire information and what type. As we show, our

model can rationalize many preferences relating to information observed in laboratory

settings (Chew and Ho, 1994; Masatlioglu et al., 2017; Möbius et al., 2022; Nielsen,

2020).

There are again two periods, with two consumption dimensions, D = {cnt, ct} in

period 2. The payoff from the trivial dimensions Vct is constant; the payoff from the

nontrivial dimension is parameterized by the DM belief p, Vcnt(p) = pVH + (1− p)VL,

where VL < Vct < VH . The DM’s belief in period t is denoted by pt.
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Attention is allocated across the two consumption dimensions. It also leads to

information acquisition when devoted to the nontrivial dimension. Specifically, the

DM’s period-1 action x1 is a distribution of posteriors and we assume that more

attention allows for more informative posteriors: X1(α1�cnt) = {x1 ∈ ∆([0, 1]) :

Var(x1) ≤ βα1�cnt , E[x1] = p1}. Parameter β ≥ 0 governs how much information

can be acquired. Period-2 attention may also lead to information, although optimal

attention will not depend on it.

In period 2, the DM chooses α2 := (α2�cnt,ct) to maximize

Vcnt(p2) + Vct︸ ︷︷ ︸
material utility

+α2�cntVcnt + α2�ctVct︸ ︷︷ ︸
attention utility

. (4)

The DM devotes devotes full attention whichever dimension has the higher (expected)

payoff, and so their period-2 attention utility is max{Vcnt(p2), Vct}. Since Vcnt(p2) is

linear in p2, the DM attention utility and hence total utility in period 2 is convex in

p2.

In period 1, the DM maximizes period-2 utility and their current attention utility

given by α1�cntVcnt(p1) + α1�ctVcn . The following proposition characterizes the DM’s

optimal attention and information acquisition.

Proposition 9. Let p̄ := v−vL
vH−vL

.

1. In period 2 the DM optimally chooses α2�cnt = 0 if p2 < p̄ and α2�cnt = 1

otherwise.

2. There exists p̃ ≤ p̄ such that in period 1 the DM optimally chooses α1�cnt = 0

if p1 < p̃, α1�cnt > 0 if p̃ ≤ p1 < p̄, and α1�cnt = 1 otherwise. Furthermore, p̃

is decreasing in β.

3. For any p1, if αcntβ is small enough, then if p1 > p̄, x1 is negatively skewed,

and if p1 ∈ (p̃, p̄), x1 is positively skewed.

The proposition highlights three preferences. First, the DM devotes attention

and acquires information when the payoff is likely to be high (first case). This is an

example of the ostrich phenomenon discussed in Section 2.3. Möbius et al. (2022)

provide experimental evidence where participants’ beliefs about a payoff-relevant state
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are exogenously varied. High beliefs increase the willingness to pay to learn about

the state, as our model rationalizes.36

Second, the DM has a preference for early resolution of uncertainty. The available

information in period 1, β, increases the DM utility as it relaxes a constraint. The

DM’s utility is independent of how much information is available in period 2 (it is not

formally modeled for this reason). Thus, the DM prefers the same information to be

received early. The reason is that it allows the DM to condition their period-2 atten-

tion on the information received—attention is a “hidden action” (Ergin and Sarver,

2015). It is this additional benefit of information that causes the DM to acquire more

information early on, holding their belief fixed (p̃ ≤ p̄; second case). Experimental

evidence has been consistent with a preference for early resolution (Masatlioglu et

al., 2017; Nielsen, 2020).

Third, the DM prefers positively skewed information when their belief is low and

negatively skewed information otherwise (third case). As explained before, early

information is useful because it allows the DM to condition future attention on its

realization. But this requires sufficient movement in the DM’s belief. When the

prior is low, this means that good news needs to be unlikely in order to change the

DM’s attention (and similarly for a high prior). The restriction to a small amount

of information acquisition is needed as, e.g., full information mechanically implies

positive skew if p1 ≤ 1
2

and negative skew otherwise.

4 Implications for (self-imposed) policies

In this section, we study our model’s implications for some important policy questions.

Our focus is on three: in turn, we revisit (simple) models of taxation, allocating

tasks between the government and the DM, and effort provision. We also consider

how the DM or policymaker should optimally construe the dimensions providing a

microfoundation for a key ingredient of our model. For simplicity, we set ωi = 1 and

ψi = 0.

36An implication is that the DM is better informed about good states; if the initial news is good,
they continue acquiring information and may become more certain of the good state, whereas they
stop learning and remain pessimistic but uncertain about the state when the initial news is bad.
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4.1 Taxation

Suppose the policymaker is a government that needs to raise revenue via a linear

tax scheme. The DM’s action x is multi-dimensional with xi corresponding to the

amount consumed in dimension i. Furthermore, the DM brackets their payoff from

consumption together with the expenditure associated with a dimension, i.e., Vi(x) =

vi(xi) − xi(pi + τi), where pi is the price per unit of consumption in period i, and

τi is a linear tax imposed. Other assumptions regarding how the DM brackets their

consumption are possible; we consider this one a plausible starting point.

Note that the government revenue from taxing dimension i, τixi, comes at a utility

cost to the DM of (1 + λαi)xiτi. Hence, when consumption and attention are held

fixed, the government should levy high taxes dimensions to which the DM devotes

little attention. The mechanism is different from that in Farhi and Gabaix (2020),

who also find that taxes should be high when attention is low; there low attention

implies low elasticity of consumption Ramsey (1927). 37 When the DM’s attention

is endogenous, and in particular may depend on the taxes, we suspect that the DM

would devote low attention to high-tax dimensions, reinforcing the inverse relationship

between attention and taxes.

4.2 Which tasks should the government do, and which the

DM?

We next equip the policymaker, say, the government, with the same technology “at-

tention” as the DM and ask which dimensions they devote attention to, and which

should be left to the DM? The policymaker devotes attention ζi to dimension i, with

ζi ≥ 0 and
∑

i ζi = ζ, and so given α the payoff in dimension i is V̂i(αi + ζi), i.e., the

environment is separable and the two kinds of attention are perfect substitutes. Thus,

the standard consideration of assigning tasks by comparative advantage is ruled out.

Crucially, the weight on the different dimensions in the DM’s attention utility is still

37In fact, with vi(xi) = x1−1/ψi−1
1−1/ψi

for i 6= 0, and v0(x0) = x0, for simplicity, one can show that the

Ramsey Inverse Elasticity Rule becomes: τi
pi

= Λi
ψi−Λi

, where Λi = 1− (1 + λαi)
µDM

µrevenue , where µDM

and µrevenue are the welfare weights on the DM’s utility and the government’s revenue, respectively.
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determined by α only.38 The optimal (α, ζ)-pair then maximizes∑
i

Ṽi(αi + ζi)︸ ︷︷ ︸
material utility

+λ
∑
i

(αi + ψi)Ṽi(αi + ζi)︸ ︷︷ ︸
attention utility

.

For an optimal attention pair the following must hold: for all i, j ∈ D, if αi > αj

and ζj ≥ ζi, ζj > 0, then Ṽi(αi + ζi) ≥ Ṽj(αj + ζj). In words, if the DM devotes

more attention to dimension i and the policymaker to dimension j, then dimension i

must yield a higher payoff. If not, then the DM attention utility can be increased by

shifting the DM’s attention to j and the policymaker’s to i.

4.3 Providing incentives to induce better actions

We next consider two ways of inducing the DM to take better actions—increasing the

rewards for “success” and increasing the penalty for “failure.” For a standard DM

(with λ = 0), their effects are similar, but when λ > 0, they may have very different

consequences. A penalty decreases the expected payoff and can thus lead to lower

attention and, perversely, worse actions.

Consider a separable environment. Attention αi to dimension i, which may be

interpreted as effort, leads to “success” with probability p(αi), where p is increas-

ing and continuously differentiable, and “failure” otherwise. The expected payoff of

dimension i is V̂i(αi) = p(αi)VH + (1− p(αi))VL, with VH > VL.

The standard DM’s (λ = 0) optimal attention is unchanged when VH and VL are

increased by the same amount. They increase attention αi in response to an increase

in VH−VL; that is, they respond by increasing attention to both “carrots” (an increase

in VH) and “sticks” (a decrease in VL).

In contrast, when λ > 0, the DM increases αi when both the low and high payoff

is shifted up because this increases the expected payoff holding fixed the instrumen-

tal value of attention (see Proposition 1). They also increase attention in response

to carrots: increasing VH increases αi. However, increasing the stick can decrease

attention.

38For example, αi and ζi could represent amounts of information, where the DM acquires the
former, and the latter is provided by the policymaker. Here, the DM can process attention ζi
without devoting attention.
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Proposition 10. Consider the environment as introduced prior to this proposition

and suppose the optimal αi is unique.

1. Increasing VH , VL by the same amount increases αi.

2. Increasing VH increases αi.

3. Decreasing VL decreases αi if p(αi) + αi
∂
∂αi
p(αi) < 1 everywhere and λ is large

enough.

In the third part of Proposition 10, attention is not very effective in increasing

p ( ∂
∂αi
p(αi) is low), and success is far from guaranteed (p(αi) is also low). In these

circumstances, the stick may induce the DM to shy away from dimension i so that

they can decrease the weight of the associated payoff. An implication is that the

DM may not demand commitment contracts that involve penalties (while those with

rewards may be too expensive).

4.4 Optimal bracketing of dimensions

Lastly, we ask when different dimensions should be considered separate and when

they should be thought of as one dimension. For instance, the DM may be able to

learn to associate one problem with another, either through some purely cognitive

process or with the help of, say, physical cues that the policymaker installs. Such

optimal bracketing serves as a microfoundation for the set of dimensions problems in

Section 2.1, which can be viewed as the optimally bracketed set of smaller dimensions.

The setup is that of Section 2.1 where, in addition to choosing (x, α) with x ∈
X(α), the DM also chooses a bracketing B ∈ P(D). Let B(i) be defined by i ∈ B(i) ∈
B. Whenever the DM devotes attention to i and all dimensions i′ ∈ B(i) “come to

mind.” As multiple dimensions come to mind, the DM’s attention is diluted uniformly

among them. Thus, given (x, α) and B, the DM utility is∑
i

Vi(x)︸ ︷︷ ︸
material utility

+λ
∑
i

αiV̄B(i)(x)︸ ︷︷ ︸
attention utility

, (5)

where V̄D(x) :=
∑

i∈D Vi(x)

|D| for D ⊆ D.
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Note that the model in Section 2 is recovered when B consists of singleton sets and

that a DM who uses one bracket, i.e., B is a singleton, is equivalent to the standard

DM (with λ = 0).

Also let ᾱD(x) :=
∑

i∈D αi

|D| for D ⊆ D.

Proposition 11. Consider any (x, α) and B optimal given (x, α). Then V̄D(X) >

V̄D′(x) implies ᾱD ≥ ᾱD′ for all D,D′ ∈ B.

In words, Proposition 11 states that the ordering of brackets by attention is opti-

mally the same as ordering them by their material utility. If this were not the case,

the DM could combine a low-attention but high-payoff bracket with a high-attention

but low-payoff bracket increasing their attention utility as the high payoffs take a

larger weight.

5 Relation to existing models

In this section, we compare our model to related approaches.

Rational inattention: In models of rational inattention (Sims (2003); Mackowiak

et al., 2022), attention serves an instrumental role as in ours. Additionally, attention

is costly, e.g., because of deploying cognitive resources. While we do not model these

costs explicitly other than via a total attention constraint, they can be captured in

the functional form of the payoffs Vi. The key difference is thus that in our model,

unlike in models of rational inattention, attention generates emotional utility, what

we call attention utility.

Our model rationalizes behaviors that are at odds with rational inattention as

monetary or cognitive, but non-emotional, costs do not seem sufficient in many im-

portant situations to justify individuals’ behavior. For instance, genetic tests for

Hunting’s disease cost no more than $300 (Oster et al., 2013). Furthermore, infor-

mation avoidance (inattention) varies with the level of future payoffs (Karlsson et al.

(2009); Sicherman et al. (2015) in the context of investors; and Ganguly and Tasoff

(2017) in the context of health) with no (obvious) corresponding change in rational

costs or benefits. Even more basic, there is no reason in models of rational inatten-

tion to devote attention to already known information (Quispe-Torreblanca et al.,

2020). These examples suggest that there is a “cost” (or benefit) of attention missing
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from the consideration. In this project, we model this cost (see also the discussion in

Section 2.3).

Belief-based utility with Bayesian agents: There is by now an extensive

literature in economics modeling agents who directly gain anticipatory utility from

their (rational) beliefs (see Loewenstein (1987); Loewenstein and Elster (1992) for

early contributions, and recent efforts of Caplin and Leahy (2001); Kőszegi (2010);

Dillenberger and Raymond (2020)), or gain utility from changes in beliefs, or news

utility (e.g., Kőszegi and Rabin (2009)). Broadly speaking, both classes of models

assume that some present utility may be generated via beliefs, or changes in beliefs,

about future payoffs.

There are some similarities between models of anticipatory utility and our ap-

proach: In our model, the DM values material utility and attention utility. Attention

utility, when stemming from a future problem, can be thought of as anticipatory

utility. However, unlike in the aforementioned models, the DM only “receives” this

anticipatory utility if they devote attention to its underlying payoff, not otherwise.

The same applies to models where the DM receives gain utility from changes in their

belief (e.g., Kőszegi and Rabin (2009)). There, the DM “receives” the gain utility

regardless of their attention.

Just as models of rational inattention, models where attention is allocated to

induce changes in anticipatory utility or gain utility (via information acquisition)

rely on the presence of uncertainty. Such models thus also fail to make predictions in

situations where information is unlikely to play a major role, such as in much of the

evidence presented in Section 2.3.

Belief based utility with chosen beliefs: Our model, in Section 2.4, also

relates to those where subjective beliefs are optimally chosen to increase anticipatory

utility as in Bénabou and Tirole (2002); Brunnermeier and Parker (2005); Bracha and

Brown (2012); Caplin and Leahy (2019)39 While our model is, of course, conceptually

very different (beliefs do not feature in Sections 2.3 and 3.1, and in Section 2.4,

the DM chooses an attention allocation that leads to weights that we interpret a

subjective belief), there are some similarities. Optimal attention and optimal beliefs

are both determined by a tradeoff of “optimism” (here, devoting attention to high-

payoff states) and the instrumental value of attention. Our model is not, however,

39For a recent summary of the larger literature see Bénabou and Tirole (2016).
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observationally equivalent to models of chosen beliefs. For instance, the DM may, in

fact, overweight a low-payoff state if states require some minimum amount of attention

to ensure a good expected payoff (see Proposition 5 for an example).

Temporal discounting: There is a huge theoretical literature devoted to temporal

discounting (see Frederick et al. (2002) for an overview). In our model, when attention

is allocated across time, endogenous weights on periods appear, and the DM develops

a preference for the timing of consumption. Our formulation is somewhat related

to the ideas in Loewenstein (1987). There, as in our model, the DM may, e.g.,

negatively discount a high future payoff since it creates (high) anticipatory utility

until it is realized.

However, as for other models with anticipatory utility (see above), the weight of

a future payoff in today’s objective is fixed, in particular, independent of whether

the DM devotes attention to it or not. It thus cannot capture our basic comparative

static that discounting varies with the instrumental value of attention or the payoff

level. One additional implication of this difference is that a non-smooth consumption

path is generally not beneficial to a DM in Loewenstein (1987) whereas it is valued by

ours since they ignore low-payoff periods and devote excessive attention to high-payoff

ones.

Other Models of Attention: A couple of other papers directly model the two

fundamental features of attention in ways similar to ours. The model of Tasoff and

Madarasz (2009) is perhaps the closest. A DM faces a decision problem with multiple

dimensions and receives anticipatory utility from each as a function of its payoff and

the attention devoted to it. Attention to a dimension increases when its payoff changes

because the DM chooses an action different from a default or receives payoff-relevant

information. Similar to Proposition 1, the DM is more likely to take a non-default

action or acquire information if the payoff is high. Such formulation is, in some sense,

nested in ours: Let xd ∈ X(α) for all α be a default action that is always available,

and let acquiring information be encoded as some action x (providing payoff-relevant

information for an underlying problem) and suppose x is only available for some

attention allocations. A difference between the two formulations is that we allow for

attention allocation with no instrumental consequence. More broadly, in our model,

attention is chosen to enable non-default actions and information acquisition, whereas,

in theirs, the order is reversed.

Their subsequent focus is on how information provision (as requested by the DM
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or forced by an advertiser) can increase consumption, even when the DM learns their

marginal payoff is less than what they expected (this follows from the increase in

attention and hence the importance in the DM’s objective; this intuition can be ex-

pressed in our framework as we show in Example 6 in Appendix A.3). Instead, our

focus is on attention allocation across uncertain states and time and the behavioral

phenomena our model rationalizes. We also consider dynamic extensions allowing us

to explore additional questions such as preferences over dynamic information acqui-

sition and the implications for policymaking.

Another related model is that in Karlsson et al. (2009): The DM gains utility not

from anticipatory emotions but rather as gain-loss utility from changes in expected

future payoffs. Devoting attention to some initial news and acquiring further infor-

mation increases the relative impact of gain-loss utility and speeds up the reference

point adjustment. Under some conditions, the DM acquires additional information

in response to positive initial news and not otherwise.

Our model is similar in that attention also increases the impact (or weight) of

a payoff. We abstract away, however, from attention’s effect on reference points

and instead explicitly include actions whose availability depends on the attention

allocation. We also construct our model more general, allowing us to consider different

dimensions of attention allocation with different insights.

6 Conclusion

This paper has presented a model of attention allocation. Attention has two fun-

damental features: It helps the DM make better decisions, and it determines how

payoffs are aggregated. We study our model in a variety of economic environments

focusing on two key lessons. First, the DM may ignore a low-payoff situation (even

if doing so is instrumentally harmful) to decrease its weight in their objective (and

conversely devote excessive attention to high-payoff ones). Second, due to attention

reweighting the objective function, our model can lead to a variety of behavioral

phenomena where the exact form reflects the underlying economic environments.

Our model, of course, has limits in terms of what it can explain. There are sit-

uations where individuals choose to engage in negative emotion-generating activities

with low instrumental value. For instance, the premise of our model seems at odds

with pessimists who constantly focus on the negative aspects of any situation and
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overweight those or the fact that many people doom-scroll and look at Twitter feeds

that induce negative feelings. Our framework still allows us to study the attention-

weighted decision environment and the ensuing behavioral phenomena, regardless of

what model of attention allocation (e.g., negativity bias or salience) produces them.

For instance, a present focus or distorted subjective probabilities result from excessive

attention to the present or a particular state—regardless of whether that attention is

directed as in our model or simply because the present or the state are salient.

Of course, our approach, which assumes that the entire stock of attention is under

the control of the DM (i.e., the top-down approach), is likely not entirely true. In-

voluntarily allocated attention, as is highlighted by recent models on attribute-based

choice, e.g., Bordalo et al. (2013); Kőszegi and Szeidl (2013); Bushong et al. (2021),

can also play important role. That said, as Desimone et al. (1995) points out, the

“attentional system, however, would be of little use if it were entirely dominated by

bottom-up biases.” Thus, we believe our model is a useful first step in understand-

ing how an individual may utilize the remaining stock of attention after bottom-up

allocations have been made.

Like many other models of attention, our model also suffers from a recursion

problem (see Lipman (1991) for a discussion about infinite regress issues in economic

models). We suppose that the DM fully understands all parameters of the model and

is able to conduct the optimization procedure of allocating attention and taking an

action without reweighting the payoffs. Although such an approach is tractable, it

does beg the question of how the implications of the model might be changed if even

the act of optimization itself—during which the DM arguably devotes attention to

different payoffs—generates attention utility. One can embed higher-level learning by

the DM about the parameters of the model and consider a multi-period model with

payoffs only in the final period, but we do not provide formal results.

Our model also requires carefully specifying the environment: a key component is

a way of partitioning the environment into sets of dimensions. In many real economic

environments, natural partitions exist. However, in many situations, it may not be as

obvious what the correct sets are. Although Section 4.4 provides some guidance given

a finer partition, there are also likely situations where the environment is determined

differently.

Thankfully, the novel primitives of our model, the set of dimensions and λ, can

be identified from the data. The details would vary by the environment, but here we

39



provide the intuition for a situation where the dimensions are states. We first can

identify whether two states are considered jointly (they are in the same “bracket,”

Section 4.4) by reducing the payoff for one state and increasing the other the same

amount and seeing whether the (action, attention)-pair changes. If we can find some

shift such that it does, then the two states are not part of the same bracket. The

choices over lotteries allow us then to identify the degree of overweighting of the high

payoff state(s) and thus λ.

Our paper also focused on the DM’s problem. In Appendix B we consider what

happens in strategic interactions where many agents gain attention utility. In a setup

similar to that of Brunnermeier and Parker (2005) Section III, ex-ante identical agents

are placed in an endowment economy and, in equilibrium, choose to hold idiosyncratic

risk. Such risk-taking is optimal since it allows agents to increase their attention

utility, and possibly through agents taking opposing gambles so that which states are

the high-payoff states differs by agent. Similarly, ex-ante identical agents would trade

payoffs to create payoffs that vary across dimensions and agent groups. Thus, in

strategic settings, agents may sort into ex-post different groups, and naturally, some

sort of polarization occurs.

There are other strategic implications: agents may fail to readjust strategies in

dynamic games, or firms may change the framing of their product in order to be

more appealing to inattentive consumers. To the extent that firms may be able

to exogenously shift the attention of consumers and even change what the relevant

dimensions are opens up a new way to view framing effects in product markets.
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A Addition examples

A.1 Examples of canonical problems

In Examples 1–3, we consider a separable environment and a particular problem

i ∈ D. “Actions” and “payoffs” shall refer to those in the now explicitly modeled

dimension i.

Example 1. Dimension i is the reduced form of a canonical choice problem with

imperfect information and information acquisition (using the framework of Matějka

and McKay (2015)).

The DM chooses an action j from set A = {1, . . . , N}. The state of nature is

a vector v ∈ RN where vj is the payoff of action j ∈ A. When the DM’s belief

is B ∈ ∆(RN), they receive payoff v(B) := maxj∈AEB[vj]. The DM is initially

endowed with some belief G ∈ ∆(RN). They can receive signals s ∈ RN on the state:

They choose F (s, v) ∈ F(αi) ⊆ ∆(R2N), where F is compact-valued, increasing and

non-empty, and for all αi and F ∈ F(αi), F the law of iterated expectations holds,∫
s
F (ds, v) = G(v) for all v ∈ RN

The DM’s payoff from dimension i given αi is

V̂i(αi) := max
F∈F(αc)

∫
v

∫
s

v(F (·|s))F (ds|v)G(dv).
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For an example of a particular F , suppose that the information structure is fully

flexible subject to a capacity constraint; i.e., let F̄ := {F ∈ ∆(R2N) :
∫
s
F (ds, v) =

G(v) for all v ∈ RN} (set of posterior distribution satisfying law of iterated expecta-

tions) and

F(αc) = {F ∈ F̄ : κ(H(G)− Es[H(F (·|s))) ≤ αi]},

for some κ ≥ 0 and where H(B) denotes the entropy of belief B.40

Example 2. Dimension i is the reduced form of a canonical choice problem with

trembles (see, e.g., Fudenberg et al. (2015) for an example).

The DM chooses an element j from set A = {1, . . . , N}. The vector v ∈ RN

where vj is the payoff of element j ∈ A is known. The DM’s choice is random, they

“tremble”: They choose B ∈ F(αi) ⊆ ∆(A), where F is compact-valued, increasing

and non-empty. The DM’s material utility from dimension i given αi is then

V̂i(αi) := EB[vj].

For an example of a particular F , consider

F(αi) = {B ∈ ∆(A) : κ(H(U)−H(B)) ≤ αi},

for some κ ≥ 0, where H(B) denotes the entropy of belief B (see footnote 40 for the

definition) and U the uniform distribution on A; i.e., if the DM devotes no attention,

they will make each choice with equal probability.

Example 3. The setup is as in Example 1; we interpret a particular F as corre-

sponding to the DM accessing information from their memory as we describe next.

We follow memory recall models as discussed in Kahana (2012). Endow the

DM with memory M ∈ RKN which is a set of |M | signal realization from some

F1(s, v) ∈ ∆(R2N) with
∫
s
F1(ds, v) = G(v) for all v ∈ RN . F1 corresponds to the

distribution of individual memories (a signal) the DM has made. Given αi, the DM

can make up to bαi 1
κ
c uniform draws with replacement from M . With K draws, prob-

ability of L distinct draws is P (L|K) :=
(|M |
L

) (
L
|M |

)K
. Define FL(s1, . . . , sL, v) :=

Πl=1,...,LF1(sl|v)G(v) as joint distribution of L distinct memories and the state.

40When the distribution of states is discrete, H(B) = −
∑
k pk log(pk), where pk is the prob-

ability of state k; and for distribution that has a probability density function f , entropy is
−
∫
v
f(v) log(f(v))dv.
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Finally, let F be

F(αi) = {
M∑
L=1

P (L|K)FL : K ∈ N, K ≤ bαi
1

κ
c}.

As the DM devotes more attention to i, they make more draws from their memory,

a form of information acquisition.

A.2 Examples for Section 3.1

Example 4. There are three time periods, T = 3. The payoffs in periods 1 and 2

are constant and equal and denoted by V̄ . The payoff in period 3 is either high V̄3 or

low
¯
V3 depending on the action the DM chooses in periods 1 and 2. In each period

t ∈ {1, 2}, the available actions are

Xt(αt) =

{¯x} if < ηt

{
¯
x, x∗∗} if αt�3 ≥ ηt,

in particular, taking the action x∗ requires attention devoted to period 3. The payoff

in period 3 is high if the DM takes action x∗ in at least one period; otherwise, it is low.

We also force α2�3 ≥
¯
α2, with 0 <

¯
α2 < η2 (formally, this is modeled by assuming

any payoff is negative infinity if the DM’s attention differs).

Suppose the payoff in period 3 is lower than that in periods 1 and 2, i.e.,
¯
V3 <

V̄3 < V̄ . We construct an example where the DM in period 1 prefers action x∗ to be

taken in period 2 over it being taken in period 1 over it never being taken. Initially,

however, the DM in period 2 would not take x∗, including if the DM in period 1 did

not take it, and so the DM takes x∗ (and devotes attention to period 3) in period 1.

As the payoff in period 3 increases, this changes: the DM in period 2 now takes x∗

and so the DM in period 1 does not, and hence reduces their attention to period 3.

Let us derive the conditions.

In period 3, the DM devotes all their attention to V̄ (from either of the other

periods) and takes a degenerate action. If the DM took action x∗ in period 1, then in

period 2, they choose α2�2 = 1 −
¯
α2 and α2�3 =

¯
α2. Otherwise, they take action x∗
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(and α2�2 = 1− η2 and α2�3 = η2) over
¯
x (and α2�2 = 1−

¯
α2 and α2�3 =

¯
α2) if

(1 + λ(1− η2))V̄ + (1 + λη2)V̄3 ≥ (1 + λ(1−
¯
α2))V̄ + (1 + λ

¯
α2)

¯
V3. (6)

In period 1, the DM prefers to take action
¯
x (and α1�1 = 1) and the DM in period 2

taking action x∗ (with aforementioned attention) over taking action x∗ (and α1�1 =

1−η1 and α1�3 = η1) and the DM in period 2 taking
¯
x (with aforementioned attention)

if

(1+λ(1+(1−η2))V̄+(1+λη2)V̄3 ≥ (1+λ((1−η1)+1)V̄+(1+λη1)V̄3 ⇐⇒ η1 ≥ η2. (7)

Still, in period 1, the DM prefers taking action x∗ (with aforementioned attention

and action in period 2) over always taking action
¯
x (with no attention to period 3 in

period 1 and minimal in period 2) if

(1 + λ(1− η1))V̄ + (1 + λ(η1 +
¯
α2))V̄3 ≥ (1 + λ)V̄ + (1 + λ

¯
α2)

¯
V3. (8)

Since
¯
V3 < V̄3 < V̄ , there exists λ > 0 such that (8) holds with equality. For

such λ, since
¯
α2 > 0, there exists η2 < η1 (i.e., (7) holds) so that (6) does not hold.

Furthermore, λ can be slightly decreased so that (8) now holds strictly and (6) still

does not hold. Thus, for these parameter values, the unique solution is for the DM to

take action x∗ in period 1 and hence devote η1 > 0 to period 3.

Now, increase both
¯
V3 and V̄3 by γ. If γ is large enough (but still V̄3 + γ < V̄ ),

then (6) holds (and (7) and (8) remain to hold), so that the unique solution is for the

DM to take action x∗ in period 2 only, i.e., the DM reduces their attention to period

3 in period 1.

A non-monotonicity of the attention devoted to period 3 as a function of β3 (as

in the parameterization used for the comparative statics) can be constructed similarly,

but is omitted.

Example 5. Take the setting of Example 4. The construction proceeds almost iden-

tically.

Since
¯
V3 < V̄3 < V̄ , there exists λ > 0 such that (8) holds with equality. For

such λ, since
¯
α2 > 0, there exists η2 < η1 (i.e., (7) holds) so that (6) does not hold.

Furthermore, λ can be slightly decreased so that (8) now holds strictly and (6) still

does not hold. Thus, for these parameter values, the unique solution is for the DM to

50



take action x∗ in period 1 and hence devote η1 > 0 to period 3.

Now decrease λ to something still strictly positive, but so that (6) holds. As before,

the DM now takes action x∗ in period 2. Of course, the unweighted consumption

payoff is unchanged. However, all comparisons in our constructions are strict; thus,

assuming that taking action x∗ in period 2 only leads to a payoff of V̄3 − ε in period

3 does not change the construction for ε > 0 small enough. In this case, decreasing λ

leads to a decrease in the unweighted consumption payoff.

A.3 Example of bad news about the quality of a product

increasing consumption

Example 6. This example builds on the ideas of Tasoff and Madarasz (2009).

Consider the setup of Section 2.3 and suppose D = {c,m}. Consumption dimen-

sion c corresponds to the DM purchasing a quantity of a consumption good at a unit

price of 1. Their valuation of quantity k is θu(k), where u is strictly concave and

continuously differentiable, and θ ∈ {θL, θH} with P (θ = θH) = p ∈ (0, 1). The DM

has wealth 1 available, and whatever amount they do not consume, 1 − k, leads to

payoff 1− k as part of dimension m (the “money” problem).

We assume that limk→0
∂
∂k
u(k) = ∞ and ∂

∂k
u(1) = 0 so that the DM always

chooses an interior k.

The DM can learn the value of θ by choosing αc = 1 (formally, such attention

allows for some action x that corresponds to learning the value of θ). Otherwise, they

decide on k before knowing θ and receive the expected payoff from consumption. The

DM will optimally either choose αc = 1 or αc = 0.

Suppose the DM learns the value of θ. Then they choose c to satisfy

(1 + λ)θu′(c) = 1.

If they do not learn θ, the DM chooses c to satisfy

E[θ]u′(c) = 1 + λ.

(The values of Vc(x), Vm(x) are the expected payoffs with the just derived optimal level

of consumption.)

Thus, if 1 + λ > E[θ]
θL

, the DM consumes more of the good if they receive the
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information and learn it is of low value compared to when they do not receive the

information.

B Attention utility in a strategic environment

In this section, we extend the environment of Section 2.4 to allow for strategic inter-

action. We use a setup similar to that of Brunnermeier and Parker (2005) Section III,

suitably adjusted to our model. That is, there is a unit mass of agents with the same

continuously differentiable and increasing Bernoulli utility function u situated in an

exchange economy with no aggregate risk. Each agent is initially endowed with one

unit of a safe and can purchase a risky asset that is in zero net supply. The price of

the risky asset is P and determined in equilibrium. The risky asset’s net return is

random and denoted by xr with payoff xri in state i, where xrs 6= xrs′ for all s 6= s′. We

denote a generic state and agent by s and i, respectively,

Agent i acquiring an amount ξi of the risky assets leads to monetary payoff of

cis = 1−ξi+ξi 1+xrs
P

in state s. Thus, each agent i takes the price of the risky asset P as

given and chooses a lottery xi from the set X(P ) = {δ1−ξi+ξi 1+xr

P
: cis ≥ 0,∀s ∈ D}.

An equilibrium is a price P and choice of lottery xi and attention allocation αi for each

agent i (with amount ξi purchased of the risky asset) such that each agent maximizes

their objective ∑
s

psu(cs) (9)

and
∫
i
ξi = 0.

Proposition 12. An equilibrium exists. If λ > 0, for |D| ≥ 2, agents have heteroge-

neous subjective beliefs qs such that there exists a subset I some agents hold the risky

asset and some agents short the risky asset.

Proof of Proposition 12. If |D| = 1, then it must be that P = 1 + xrs, and each agent

maximizes their objective, e.g., with ξi = 0.

Suppose |D| > 1. Let s̄ = arg maxs∈D x
r
s and

¯
s = arg mins∈D x

r
s. First note that

ξi 6= 0 as thus it must be that αis̄ = 1 or αi
¯
s = 1. To see this, suppose ξi = 0. Given

ξi = 0, both αis̄ = 1 and αi
¯
s = 1 are optimal, but ξi = 0 cannot be optimal for both

αis̄ = 1 and αi
¯
s = 1, a contradiction. Conditional on αis̄ = 1 (αi

¯
s = 1), the payoff

(9) is continuously decreasing (increasing) in P . Furthermore, for large enough P ,
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the payoff given αis̄ = 1 is less than that given αi
¯
s = 1 with optimal ξi. Thus, there

exists a unique P ∗ such that each agent i is indifferent between αis̄ = 1 and αi
¯
s = 1.

Furthermore, at P ∗, it must be that αis̄ = 1 implies be that ξi > 0 and αi
¯
s = 1 implies

be that ξi < 0 (otherwise, the associated payoffs cannot be the same). But then∫
i
ξi = 0 is easily achieved by assigning the appropriate masses of agents to either

αis̄ = 1 or αi
¯
s = 1 with the corresponding optimal ξi. The heterogeneity in attention

implies the heterogeneity in subjective beliefs.

C Proofs

C.1 Proposition 1

We first state a version of Proposition 1 that does not rely on the uniqueness of the

solutions, which we subsequently prove.

Proposition 1*. Take dimension i ∈ D. Fix V−i, and let Γ(γi, βi) denote the set of

optimal (action, attention)-pairs.

• If λ > 0: If γ
′
i > γi then min(x,α)∈Γ(γ

′
i ,βi)

αi ≥ max(x,α)∈Γ(γi,βi) αi. If, in addition,

the environment is separable, then min(x,α)∈Γ(γ′i,βi) Ṽi(x) ≥ max(x,α)∈Γ(γi,βi) Ṽi(x).

• If for βi and γi, max(x,α)∈Γ(γi,βi) Vi(x) = min(x,α)∈Γ(γi,βi) Vi(x), then for any β
′
i >

βi and γ
′
i = γi−(β

′
i−βi)Ṽi(x), where (x, α) ∈ Γ(γi, βi), we have min(x,α)∈Γ(γ′i,β

′
i)
Ṽi(x) ≥

max(x,α)∈Γ(γi,βi) Ṽi(x). If, in addition, the environment is separable, then min(x,α)∈Γ(β′
i,γ

′
i)
αi ≥

max(x,α)∈Γ(βi,γi) αi.

It is immediate that Proposition 1* implies Proposition 1*.

Proof of Proposition 1*. Take any γ′i, γi with γ′i > γi and βi. Let (x, α) and (x′, α′)
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denote a solution given γi and γ′i, respectively. Optimality of (x, α) and (x′, α′) implies∑
j∈D\{i}

(ωj + λ(αj + ψj))Vj(x)

︸ ︷︷ ︸
:=κ0

+(ωi + λ(αi + ψi))(βiṼi(x) + γi)

≥
∑

j∈D\{i}

(ωj + λ(α′j + ψj))Vj(x
′)

︸ ︷︷ ︸
:=κ1

+(ωi + λ(α′i + ψi))(βiṼi(x
′) + γi) and

∑
j∈D\{i}

(ωj + λ(α′j + ψj))Vj(x
′)

︸ ︷︷ ︸
=κ1

+(ωi + λ(α′i + ψi))(βiṼi(x
′) + γ′i)

≥
∑

j∈D\{i}

(ωj + λ(αj + ψj))Vj(x)

︸ ︷︷ ︸
=κ0

+(ωi + λ(αi + ψi))(βiṼi(x) + γ′i).

Combining the above gives

−
(

(ωi + λ(αi + ψi))(βiṼi(x) + γ′i)− (ωi + λ(α′i + ψi))(βiṼi(x
′) + γ′i)

)
≥κ0 − κ1

≥−
(

(ωi + λ(αi + ψi))(βiṼi(x) + γi)− (ωi + λ(α′i + ψi))(βiṼi(x
′) + γi)

)
.

The outer inequality implies

−λ(αi − α′i)(γ′i − γi) ≥ 0,

and thus, it must be that α′i ≥ αi as λ > 0.

If the environment is separable, then Ṽi is increasing in the amount of attention

αi devoted to dimension i, and the result follows.

Take any βi, β
′
i ≥ 0 with β′i > βi and γi and suppose that max(x,α)∈Γ(γi,βi) Vi(x) =

min(x,α)∈Γ(γi,βi) Vi(x). Let γ
′
i = γi− (β

′
i − βi)Ṽi(x), where (x, α) ∈ Γ(γi, βi). Let (x, α)

and (x′, α′) denote a solution given (βi, γi) and (β′i, γ
′
i), respectively. Optimality of

54



(x, α) and (x′, α′) implies∑
j∈D\{i}

(ωj + λ(αj + ψj))Vj(x)

︸ ︷︷ ︸
:=κ2

+(ωi + λ(αi + ψi))(βiṼi(x) + γi)

≥
∑

j∈D\{i}

(ωj + λ(α′j + ψj))Vj(x
′)

︸ ︷︷ ︸
:=κ3

+(ωi + λ(α′i + ψi))(βiṼi(x
′) + γi)

∑
j∈D\{i}

(ωj + λ(α′j + ψj))Vj(x
′)

︸ ︷︷ ︸
=κ3

+(ωi + λ(α′i + ψi))(β
′
iṼi(x

′) + γ′i) and

≥
∑

j∈D\{i}

(ωj + λ(αj + ψj))Vj(x)

︸ ︷︷ ︸
=κ2

+(ωi + λ(αi + ψi))(β
′
iṼi(x) + γ′i).

Combining the above and substituting for γ′i gives

−
(

(ωi + λ(αi + ψi))(βiṼi(x) + γi)− (ωi + λ(α′i + ψi))(β
′
iṼi(x

′) + γi − (β′i − βi)Ṽi(x))
)

≥κ2 − κ3

≥−
(

(ωi + λ(αi + ψi))(βiṼi(x) + γi)− (ωi + λ(α′i + ψi))(βiṼi(x
′) + γi)

)
.

The outer inequality implies

−(ωi + λ(α′i + ψi))(Ṽi(x)− Ṽi(x′))(β′i − βi) ≥ 0,

and thus, it must be that Ṽi(x
′) ≥ Ṽi(x).

If the environment is separable, then Ṽi is increasing in the amount of attention

αi devoted to dimension i, and the result follows.
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C.2 Proof of Proposition 2

Proof of Proposition 2. Take any λ′, λ ≥ 0 with λ′ > λ. Let (x, α) and (x′, α′) denote

a solution given λ and λ′, respectively. Optimality of (x, α) and (x′, α′) implies∑
i

ωiVi(x) + λ
∑
i

(αi + ψi)Vi(x) ≥
∑
i

ωiVi(x
′) + λ

∑
i

(α′i + ψi)Vi(x
′), and∑

i

ωiVi(x
′) + λ′

∑
i

(α′i + ψi)Vi(x
′) ≥

∑
i

ωiVi(x) + λ′
∑
i

(αi + ψi)Vi(x).

Combining the above gives

−λ′
(∑

i

(αi + ψi)Vi(x)−
∑
i

(α′i + ψi)Vi(x
′)

)
≥
∑
i

ωiVi(x)−
∑
i

ωiVi(x
′)

≥ −λ

(∑
i

(αi + ψi)Vi(x)−
∑
i

(α′i + ψi)Vi(x
′)

)
.

If the expression in the middle is strictly negative, so must be the right one; but then

it is strictly larger than the left one as λ′ > λ. Thus, the first claim follows.

Now consider two sets of payoff levels, (γi)i∈D and (γ′i)i∈D, and scalar χ ∈ [0, 1].

Then

max
α,x∈X(α)

∑
i

(ωi + λ(αi + ψi))(βiṼi(x) + χγi + (1− χ)γ′i)

= max
α,x∈X(α)

(
χ
∑
i

(ωi + λ(αi + ψi))(βiṼi(x) + γi) + (1− χ)
∑
i

(ωi + λ(αi + ψi))(βiṼi(x) + γ′i)

)
≤χ max

α,x∈X(α)

∑
i

(ωi + λ(αi + ψi))(βiṼi(x) + γi) + (1− χ) max
α,x∈X(α)

∑
i

(ωi + λ(αi + ψi))(βiṼi(x) + γ′i),

and so the second claim follows.

Now suppose the environment is separable, ωi = 1 and ψi = 0 for all i ∈ D, and

that the objective given λ is convex in α. Take any χ ∈ [0, 1] and αi, α
′
i with αi < α′i.
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Then

χ
∑
i

αiV̂i(αi) + (1− χ)
∑
i

α′iV̂i(α
′
i)

=
∑
i

αi(χV̂i(αi) + (1− χ)V̂i(α
′
i)) +

∑
i

(α′i − αi)(1− χ)V̂i(α
′
i)

≥
∑
i

αiV̂i(χαi + (1− χ)α′i) +
∑
i

(α′i − αi)(1− χ)V̂i(α
′
i)

=χ
∑
i

αiV̂i(χαi + (1− χ)α′i) + (1− χ)
∑
i

(αiV̂i(χαi + (1− χ)α′i) + (α′i − αi)V̂i(α′i))

≥χ
∑
i

αiV̂i(χαi + (1− χ)α′i) + (1− χ)
∑
i

(αiV̂i(χαi + (1− χ)α′i) + (α′i − αi)V̂i(χαi + (1− χ)α′i))

=χ
∑
i

αiV̂i(χαi + (1− χ)α′i) + (1− χ)
∑
i

α′iV̂i(χαi + (1− χ)α′i),

where the first inequality follows by assumption, and the second as V̂i is increas-

ing. Thus, since
∑

i V̂i(αi) + λ
∑

i αiV̂i(αi) is a linear combination of
∑

i V̂i(αi) and∑
i αiV̂i(αi) with the relative weight on the latter increasing in λ, the third claim

follows.

C.3 Proof of Proposition 4

Proof of Proposition 4. Take any λ, λ′ with λ′ > λ, lottery x, and suppose that the

DM(λ) prefers x to δy for some payoff y, i.e.,

pD̄x
+ λ

1 + λ
u(H(x)) +

∑
i∈

¯
D

pi
1 + λ

u(xi) ≥ u(y),

where the DM optimally devotes full attention to the states with the highest payoff,

D̄(x) := {i ∈ D : xi = H(x)}, and
¯
D(x) = D \ D̄. We rewrite the above as the

expected material utility plus attention utility, each divided by 1 + λ, i.e.,

1

1 + λ

∑
i

piu(xi) +
λ

1 + λ
u(H(x)).

As u(H(x)) ≥
∑

i u(xi), the above is increasing in λ and so DM(λ′) also prefers x to

δy.

For the second claim, suppose λ > 0 and take any µ, L and x ∈ X(µ, L). Consider
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lottery x′ ∈ X(µ, L); we can bound the DM’s utility from x′ as

pD̄(x′) + λ

1 + λ
u(H(x′)) +

p
¯
D(x′)

1 + λ
u(L) ≥ λ

1 + λ
u(H(x′)) +

1

1 + λ
u(L).

Since u is unbounded and λ > 0, the above goes to infinity as H(x′) goes to infinity.

Thus, there exists some H̄ such that for all x′ with H(x′) > H̄, the DM prefers x′ to

x.

For the third claim, take any µ, L and x, x′ ∈ X(µ, L) with H(x) > H(x′). The

DM’s payoff from x is

pD̄(x) + λ

1 + λ
u(H(x)) +

p
¯
D(x)

1 + λ
u(L(x)),

and similarly for lottery x′. The above converges to u(H(x)) as λ goes to infinity. As

u(H(x)) > u(H(x′)), the claim follows.

Lastly, take any µ,H and x, x′ ∈ Y (µ,H). For any λ, the DM devotes full

attention to the states with the high payoff. Thus, they prefer x to x′ if and only if

pD̄(x) + λ

1 + λ
u(H) +

p
¯
D(x)

1 + λ
u(L(x)) ≥

pD̄(x′) + λ

1 + λ
u(H) +

p
¯
D(x′)

1 + λ
u(L(x′))

pD̄(x)u(H) + p
¯
D(x)u(L(x)) ≥pD̄(x′)u(H) + p

¯
D(x′)u(L(x′));

i.e., independently of λ.

C.4 Proof of Proposition 5

Proof of Proposition 5. The first case is proved in the text leading up to the propo-

sition.

Thus, suppose that V̂i = V̂i′ = V̂ , with V̂ continuously differentiable, lima→0 a
∂
∂a
V̂ (a) =

∞, and ∂
∂a
V̂ (1) < ∞. qi = qi′ since the labels, i, i′, can be exchanged in the DM’s

objective. For pi = 0, since V̂ is increasing and not constant (by the limit condition),

the DM optimally devotes full attention to state i′. Hence, q(0) = 0. The DM’s

overall payoff is given by

pi + λαi
1 + λ

V̂ (αi) +
1− pi + λ(1− αi)

1 + λ
V̂ (1− αi).
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Differentiating the above gives

(pi + λαi)
∂
∂a
V̂ (αi)− ((1− pi) + λ(1− αi)) ∂

∂a
V̂ (1− αi)

1 + λ
+
λ(V̂ (αi)− V̂ (1− αi))

1 + λ
.

For any pi > 0, the DM chooses αi > 0 since ∂
∂a
V̂ (0) = ∞ and ∂

∂a
Ṽ (1) < ∞ and

so the above is strictly positive. Also note that the above is decreasing in pi and for

pi = 0 and as αi → 0 it tends to infinity. Thus, there exists ᾱ > 0 such that the above

is strictly positive for all αi ∈ (0, ᾱ) for any pi and so the DM chooses αi ≥ ᾱ for all

pi. Thus, for 0 < pi < ᾱ, we have αi > pi and thus qi(pi) > pi. (If qi(pi) is a set, then

the comparison applies to each element of qi(pi).) The remaining comparisons follow

from the symmetry of qs.

C.5 Proof of Proposition 6

Proof of Proposition 6. Notice that when λ = 0, the DM, in each period t, maximizes

the sum of payoffs. Since V is strictly concave, by Jensen’s inequality, this sum is

uniquely maximized when
∑t

t′′=1 xt′′�t′ = 1 for all t′. If in each previous period, the

DM only devoted attention to that period, then for t′ = t, this sum equals αt�t;

hence, the unique attention allocation achieving this optimum is αt�t for all periods

t. λ changes the overall utility continuously; hence, for λ small enough, the above

still maximizes the DM’s overall utility in each period. Furthermore, this attention

allocation is implementable in equilibrium. Hence, the first claim follows.

Normalizing (2) by 1 + λ, when λ =∞, the DM’s overall utility in each period t

is given by
T∑
t′=t

T∑
t′′=t

αt′′�t′Vt′(
t∑

t′′=1

xt′′�t′).

This expression is maximized when the DM, in each period t′′, devotes attention to

a period t′, with
∑t

t′′=1 xt′′�t′ ≥ K. The material utility given one of these opti-

mal attention allocations for λ = ∞ is maximized when this inequality holds with

equality; the unique such attention allocation is the one mentioned in the proposition

statement. Thus, as λ changes the overall utility continuously, increasing the weight

on material utility, the claim follows.
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C.6 Proof of Proposition 7

Proof of Proposition 7. The first claim is obvious.

For the second claim, fix x1 and consider a realized s. Clearly, if maxx2∈X2(α2) Vcnt(x1, x2|s) ≥
Vct , solving (3) gives α2�cnt = 1 (for any λ). If maxx2∈X2(α2) Vcnt(x1, x2|s) < Vct , then

(3) for α2�cnt = 0 (and some finite Vcnt(x1, x2|s)) is larger than (3) for any α2�cnt ≥ η

for maxx2∈X2(α2) Vcnt(x1, x2|s) when λ is large enough. Since D is finite, taking the

max λ implies the result.

C.7 Proof of Proposition 8

Proof of Proposition 8. Consider x′1 6∈ arg maxx′1∈X1
F (x′1). For λ large enough, by

Proposition 7, and since max(x2,α2),x2∈X2(α2) Ṽcnt(x
′
1, x2|s)+βF (x′1) < max(x2,α2),x2∈X2(α2) Ṽcnt(x1, x2|s)+

βF (x1), we haveB(x′1) ⊆ B(x1) 6= (where non-emptiness follows from Vcnt(x1, x2(x1, s)) >

Vct) and hence, again for λ large, the DM’s period-2 utility (i.e., (3)) is strictly larger

with x1 than with x′1.

The DM’s objective in period 1 can be written as the sum of (3) and their period-1

attention utility. But the latter is also increasing when choosing x1 instead of x′1, for

large enough λ, and so the result follows.

C.8 Proof of Proposition 9

Proof of Proposition 9. The first claim follows immediately from the DM’s period-2

objective(4).

For the second claim, if p1 ≥ p̄, then Vcnt ≥ Vct , and so devoting full attention

α1�cnt maximizes the DM’s period-1 attention utility. Furthermore, period-2 utility

is increasing in α1�cnt (for optimally chosen x1) as it is convex in p2. Hence, the DM

devotes full attention.

Note that the DM’s utility is continuous in p1, and that hey not devote attention

to cnt in either period if p1 = 0. Thus, there exists some p̃ ≤ p̄ such that it is optimal

to devote attention to cnt when p1 = p̃, but not for any p1 < p̃. Take any p1 < p′1 ≤ p̄.

What remains to show is that if it is optimal for the DM to devote some attention

when their prior is p1, then it is optimal to devote some attention when their prior

is p′1. Note that it is without loss to assume the DM acquires a binary signal.41 Let

41Any posterior distribution can be replaced with a binary distribution with values E[p|p2 ≥ p̄]
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pH > p1 and pL < p1 be the posteriors that result from the acquired information

given prior p1. Let the DM with prior p′1 choose a distribution of posteriors with

mass points at pH , pL and p′1 such that the probability of the high posterior occurring

is held constant. Note that this distribution has a lower variance than that given

p1. It leads to the same increase in expected period-2 attention utility. Lastly, since

Vcnt(p1) < Vcnt(p′1), period-1 attention to cnt leads to a smaller decrease in period-1

attention utility given p′1 than p1. Combining all these observations, it is optimal to

acquire some information given p′1. p̃ is decreasing in β since the DM’s objective has

increasing differences in (α1�cnt , β)

We next prove the skewness result. Suppose that p1 > p̄. Then, α1�cnt = 1. It

is uniquely optimal to acquire a binary signal. Let pL and pH denote the posteriors.

The variance of such posteriors is given by P (p2 = pL)P (p2 = pH)(pH −pL)2. It must

be that pL < p̄ and pH > p̄ for x1 optimal. Hence, P (p2 = pL)P (p2 = pH) ≤ β
(p1−p̄)2 .

For β small enough, it must be that either the high or low posterior is likely. The

low posterior cannot be likely since it is bounded away from p1 (as pL < p̄ < p1), and

so it must be that the high posterior is likely. Thus, P (p2 = pH) > 1/2, and so the

distribution of posteriors is negatively skewed.

Now suppose that p1 ∈ (p̃, p̄). For optimal x1, it must be again be that pH > p̄.

Thus, it must be that P (p2 = pL)P (p2 = pH) ≤ β
(p̄−p1)2

. If the right-hand side is small

enough, it must be that either the high posterior or the low posterior is likely. But

the high posterior cannot be likely since it is bounded away from p1 (as p1 < p̄ < pH).

Thus, P (p2 = pL) > 1/2, and so the distribution of posteriors is positively skewed.

C.9 Proof of Proposition 10

Proof of Proposition 10. The first claim follows from Proposition 1, the second from,

e.g., Topkis’s theorem since the DM’s objective has increasing differences in αi and

VH . For the third, note that the cross-partial derivative of the DM’s objective with

respect to αi and VL is given by

λ(1− p(αi))− (1 + λαi)
∂

∂αi
p(αc).

and E[p|p2 < p̄], with probability P (p2 ≥ p̄) and P (p2 < p̄), respectively. This distribution of
posteriors has a lower variance than the original distribution and leads to the period-2 utility.
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If p(αi)+αi
∂
∂αi
p(αi) < 1 everywhere, then the above becomes positive for large enough

λ and the claim follows from Topkis’s theorem.42

C.10 Proof of Proposition 11

Proof of Proposition 11. Fix any (x, α) with x ∈ X(α). Take any D,D′ ∈ B and

consider B′ := (B ∪ {D ∪D′}) \ {D,D′}. Evaluate (5) at (x, α) and B′ and subtract

its value given (x, α) and B; after some simplifications, we have

− |D||D
′|λ

|D|+ |D′|
(ᾱD − ᾱD′)(V̄D(x)− V̄D′(x)).

Optimality the implies that the above is non-positive, i.e., if V̄D(X) > V̄D′(x), then

ᾱD ≥ ᾱD′ .

42E.g., take λ >
maxαi

∂
∂αi

p(αi)

minαi (1−p(αi)+αi
∂
∂αi

p(αi)
.
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