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Abstract

This paper explores how people track inflation over their lifetimes while facing tradeo↵s

between attention and certainty. It first employs a flexible modification of the Recursive Least

Squares Learning approach from Malmendier and Nagel (MN) (2016) to find that households

place weight on each inflation observation in a hump-shaped pattern over age when using

past observations to set expectations about the future. This finding departs from MN, which

models a strictly increasing weighting scheme with age. This paper then uses these findings to

motivate a theory of Rational Inattention (RI) in inflation: as households age and accumulate

wealth, their knowledge of the inflation rate becomes more important in their financial

decisions—so they pay more attention to inflation. Consequently, as they decumulate wealth

during their retirement, they have less reason to track inflation as accurately.

This paper subsequently formalizes this theory in a two-period RI model in which inflation-

driven uncertainty in the interest rate between a working period and a retirement period

can be reduced at a cost; this reduction in uncertainty occurs through observing an en-

dogenously chosen signal that is correlated with the interest rate. It finds that as wealth

increases before retirement, the optimal choice of signal precision increases as well. These

findings help explain the hump-shaped weighting scheme for inflation observations in the

empirical section, assuming changes in these weights over age are related in part to changes

in household wealth. Ultimately, these findings suggest that monetary policy that focuses

on long-term inflation stability or accounts for this heterogeneity may be most e↵ective in

anchoring consumer inflation expectations and increasing consumer welfare.

JEL Classification: E, E21, E31, E43, E70, C32, G51.

Keywords: Inflation Expectations, Rational Inattention, Life Cycle.
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1 Introduction

How do people track inflation over the course of their lifetimes? A household’s expectation

of future inflation impacts its lifelong investment and consumption decisions, yet the amount

a household invests may also determine how informed it must be about inflation. A young

professional who has not yet started saving for retirement, for example, may have little

interest in tracking the real rate of return on assets because her asset holdings are very low.

Similarly, a retiree no longer interested in saving for the future may not be very concerned

about the real interest rate. On the other hand, a 50-year old who holds many assets and

is saving a large portion of her income has a high stake in the real rate of return, for it

determines how much these assets will be worth in the future. This paper will empirically

examine how agents learn about inflation over the course of a life cycle, and consequently,

how they set expectations about future inflation. It will explore how this learning pattern

mirrors asset accumulation over the life cycle and subsequently provide a theoretical model

integrating inflation learning with a Rational Inattention model.

The cross-sectional distribution of inflation expectations provides insight into hetero-

geneity among households; moreover, the average of consumer inflation expectations over

time is important because it reflects the state of the macroeconomy, as perceived by house-

holds/consumers; expectations that are stable over a long period of time suggest confidence

in the monetary authority, whereas uncertainty or instability in these expectations can some-

times be attributed to general economic uncertainty.

Consumer expectations are important in part because monetary policy often depends

on and reacts to them (Sargent, 1982). In fact, due to an increasingly convoluted financial

system, e↵orts of a monetary authority to control credit and other monetary policy tools are

less e↵ective than policy actions to manage expectations. Furthermore, stickiness in inflation

expectations is not factored into many existing macroeconomics models (Mankiw and Reis,

2006), though it is empirically observed.

Over the past few decades, the Federal Reserve has made an e↵ort to “anchor,” or pin

down, expectations to their inflation targets in an e↵ort to strengthen the e�cacy of mon-

etary policy tools. The strategy to anchor expectations began nearly 30 years ago as a key

component of inflation targeting. At that time, inflation was relatively high (above 4%), but

it had followed an even higher inflation regime where inflation levels reached double digits.

Today, inflation is much lower, and often very close to zero. Nevertheless, in both cases of

higher- or lower- than desirable inflation levels, it is useful for monetary policy purposes

to understand how exactly people set their expectations, given how much expectations can

a↵ect actual inflation.
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Furthermore, heterogeneity in consumer expectations are consequential because they im-

pact di↵erentials in household financial decisions and contract negotiations. A consumer who

consistently underestimates inflation, for example, may unknowingly accept a real wage cut

over time. Thus, examining both aggregate expectations and cross-sectional expectations

can shed light on both the general economic state and the distribution of beliefs across

consumers.

One e↵ort to highlight such cross-sectional expectations is an analysis of how expectations

change along the age dimension. The “learning from experience” approach to expectations

from Malmendier and Nagel (2016) estimates that individuals place lower weights on all ob-

servations as they grow older. On the other hand, they still place the most emphasis on their

most recent observations, regardless of their age. This conclusion is also intuitive; it suggests

that younger individuals are more impressionable to the economy around them, whereas

older individuals take more experiences from previous monetary regimes into account.

While evident that agents set their inflation expectations di↵erently over the course of

their lives, there is less discussion about why that is the case. Is there some behavioral or

biological reason for these changes in learning? Or, are there other age-related factors that

cause people to learn di↵erently over the course of their lifetime? If the latter, are these

age-driven changes in learning rational? This paper proposes that a household’s financial

decisions over the life cycle directly impact attentiveness to inflation, which is endogenously

chosen. More, this attention level to a given observation of inflation is not only rational, but

also corresponds to how much is learned from that particular observation.

2 Literature Review

Relatively recent macroeconomic models have incorporated deviations from rational expec-

tations in their formulations. The Limited Attention literature, for example, argues that

agents can be resistant to update or absorb information (Mankiw and Reis, 2002; Woodford,

2003), especially considering how far in proximity the macroeconomy is from an individual’s

day-to-day activities.

A similar constraint that allows for rationality but instead focuses the costs of obtaining

information is the Rational Inattention (RI) theory. Here, agents may tolerate incorrect

(but not behaviorally biased) estimates of economic information under rational behavior.

Essentially, agents receive a sequence of noisy signals but have the opportunity to increase

the precision of these signals at some cost. Thus, agents choose whether they prefer to

gain more information at a cost, or whether they would rather tolerate higher uncertainty

(Sims, 2003). The RI approach is appealing because it can be integrated with the existing
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(neoclassical) macroeconomic model by merely adding a capacity constraint (which limits the

amount of information that can be processed by the agent) and an information-related choice

variable used in the optimization. Furthermore, an RI explanation for economic aggregates

is especially intuitive because paying attention to such distant economic variables is likely

a lower priority to households than other more immediate decisions. Of course, the amount

of attention paid to these economic aggregates may vary depending on overall economic

stability or even the degree to which these variables a↵ect an individual’s wealth or finances.

These choices are explored in more detail in Section 4.

Moreover, the Adaptive Expectations models use past observations (with some degree

of discounting) to set future inflation expectations. One approach that somewhat resembles

adaptive expectations is Recursive Least Squares (RLS) learning, which similarly uses past

observations to form expectations; however, it instead takes a perceived law of motion (PLM)

for an economic aggregate as given and “adaptively” estimates the parameters of the PLM,

rather than the economic aggregate itself. The agent then sets expectations based on the

estimated parameters from this RLS learning process.

The RLS approach to learning is a particularly studied case because its learning models

converge to rational expectations (Evans and Honkapohja, 2001). Additionally, when the

weights assigned to each observation from the past are equal, the RLS estimates becomes an

Ordinary Least Squares estimation. When the RLS approach is employed under a constant

updating parameter, defined as a “constant gain,” more recent observations have higher

weight, which supports the theory that economies are subject to structural change, so older

observations become less relevant over time (Sargent, 1999).

Under the “learning from experience” approach employed in Malmendier and Nagel (MN)

(2016), the RLS model is used to examine age-driven heterogeneity in expectations. Unlike in

the constant gain approach, the learning-from-experience gain is not a constant parameter,

but rather, a function inversely related to age. The estimation of this model still finds that

older observations are less influential than newer observations in forming current expecta-

tions. However, the MN gain finds that higher weights are placed on older observations than

the constant-gain literature would predict. In other words, individuals discount observations

more slowly than the speed at which structural changes occur in the macroeconomy. Further-

more, the MN weighting scheme is derived from a parsimonious empirical specification that

only allows weights placed on observations to peak in the current period or in the beginning

of the life cycle. Thus, the model does not allow the most influential observations to occur

in the middle of a lifetime.

A gain specification that allows the weighting function to peak during ones’ middle age

(40-60) could be particularly useful because household financial allocations often change
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over the course of their lifetimes, borrowing more in their early years, supplying more credit

during their middle ages, and consuming more from savings in later years. A flexible param-

eterization can thus pick up possible e↵ects on expectations from financial decisions, which

are highly correlated with age.

Section 3 will suggest an alternative specification of the RLS gain in order to accom-

modate any such peak in the weighting function during the middle of an individual’s life.

Following this, Section 4 will present a theoretical model that uses RI as a possible expla-

nation for age-driven heterogeneity in the RLS gain through changes in income over the life

cycle.

3 The Learning Model

Under the RLS “learning” approach, agents set expectations about a given variable based on

their beliefs about its law of motion. These beliefs are refined each period as they encounter

new observations. The following sections introduce the learning model.

3.1 Recursive Least Squares Model

First, let time be discrete t = 0, 1, . . . To examine a cross section of individuals, consider a

person living at time t in cohort s; then at time t, her age is t � s. Following Malmendier

and Nagel (MN) (2016) and Orphanides and Williams (2003), suppose that individuals set

inflation expectations according to the AR(1) Perceived Law of Motion (PLM):

⇡t+1 = ↵ + �⇡t + ⌘t+1, (1)

where ⌘t+1 ⇠ N(0, �2) is a noise term at the time of observation.

Under adaptive learning, individuals learn the values of ↵ and � simultaneously as they

observe new inflation observations. At each new observation, they estimate b ⌘ (↵,�)0 recur-

sively by comparing their past expectations to the corresponding realized inflation levels of

that period. The recursive expression of their estimation follows a Recursive Least Squares

model:

bt,s = bt�1,s + �R
�1
xt�1(⇡t � b

0
t�1,sxt�1) (2)

Rt,s = Rt�1,s + �t,s(xt�1x
0
t�1 �Rt�1,s), (3)

where Rt,s is a 2 x 2 matrix of stacked coe�cients. The expression ⇡t � b
0
t�1,sxt�1 is the

di↵erence between the actual inflation at time t and the expected inflation for time t using

the learned parameters from time 0, 1, . . . , t � 1 and the inflation level at time t � 1. The

parameter �t,s is the “gain” for cohort s at time t. In other words, for a cohort s at time
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(a) Gain under MN specification for

di↵erent values of theta

(b) Implied Weights under MN specifica-

tion for di↵erent values of theta

Figure 1

t + j, where j > 0, the gain �t,s represents the sensitivity of inflation expectations for time

t + j + 1 to an inflation surprise that happened at time t. The gain coe�cient also has a

mathematical relationship with the implied weights placed on observations over the lifetime.

These weights are the degree to which each observation in an individual’s history of inflation

experiences can influence the present expectations. In other words, while the gain assigns

a sensitivity in the present period, the history of gain values determine how much the past

plays a role in current expectations. The direct relationship between the gain and weights

can be found in the Online Appendix of MN (2016). Essentially, as the gain increases for any

given observation, its weight also increases when determining its impact on all subsequent

expectations.

3.2 The MN (Decreasing) Gain

Malmendier and Nagel (MN) (2016) parametrically specify the following decreasing gain:

�t,s =
✓

t� s
for 1  t� s  T (4)

where T is the maximum age reached by the agent in her lifetime. The model also imposes

the additional constraint that �t,s  1 for all t, which follows from the assumption that agents

do not overcorrect their expectations in response to a surprise. Age is in the denominator of

this equation, indicating that as an individual grows older, their recent observations play a

smaller and smaller role in informing their current expectations. This does not necessarily

mean that the weights on recent observations are lower than older observations; this fact is

determined by the value of ✓. This parameter, ✓, is a constant that determines the shape

of the implied weighting function. Figure 1 can help illustrate how di↵erent values of ✓ can
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influence both the gain function and the weighting function. Figure 1a (from MN, 2016)

show how di↵erent values of ✓ impact the gain, and 1b (from MN, 2016) show how these

values impact the implied weights, where the horizontal axis is the number of time lags.

MN estimates the value of ✓ to be 3.044, which behaves similarly to the functions in red in

Figures 1a and 1b.

Furthermore, the MN case assumes that learning from experiences accounts for only

part of inflation expectations. In other words, inflation expectations have a cohort-specific

learning-from-experience component, ⌧t+1|t,s ⌘ b
0
t,sxt (interpreted as the inflation expectation

at time t+1, learned from equation (2), given an observation at time t), as well as a common

component, ft, which is available to all cohorts at a given time. The common component

“could be based on any kind of common information available to all individuals at time t,

such as the opinion of professional forecasters or the representation of their opinions in the

news media,” or it “could capture a component that is based on all available historical data”

(MN, 2016). If agents set their inflation expectations based in part on their experience and

in part on this common component, they can be represented as follows:

⇡t+1|t,s = �⌧t+1|t,s + (1� �)ft (5)

where 0  �  1, and � represents an agent’s “sensitivity” to observations from their

experience. MN estimates this sensitivity parameter to be 0.672.

In summary, agents set their 1-year inflation expectation partly from commonly available

information at the time, and more significantly, from their own inflation observations. The

extent to which their expectations are updated depends on their age as well as how surprised

they are by a recent inflation event.

3.3 A Non-parametric approach

While the results from the MN case indicate that people place greater weights on early

observations than under the constant gain approach, the model is parsimoniously specified

and consequently does not allow for the weights to peak in the middle of a lifetime, as

evident by Figure 1b. However, due to financial changes over the course of the lifetime,

it would be reasonable to expect a non-monotonic change in the weighting function over

the life cycle. To investigate the possibility of a more nuanced function a↵ecting learning, I

employ a non-parametric approach to ascertain whether the MN (decreasing) gain scenario

is truly appropriate, given historical data. Additionally, a non-parametric approach can help

determine qualitatively whether adding additional parameters could be useful in mapping
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the gain function. In specifying the non-parametric model, I rewrite equation (4) as:

�t,s =
✓t�s

t� s
for 1  t� s  T, (6)

where ✓t�s < t�s for all t, s. This is essentially the same expression as the MN gain, but with

a key distinction: ✓ is allowed to vary over time. While this would be equivalent to merely

estimating �t,s nonparametrically, the gain in (6) nests nicely within the MN specification

and thus allows for a more direct comparison with the MN results.

Mechanically, we can model their updating process using the RLS equations (2) and

(3) as they learn the law of motion for inflation, while weighting each new observation

in a way consistent with the gain specification in (6). We can examine the sensitivity of

reported consumer expectations to the learning-from-experience expectations compared to

other sources influencing inflation expectations by estimating the sensitivity parameter � in

equation (5). The next few sections will estimate this model.

3.4 Survey and Macroeconomic Data Sources

The data used in the estimation are taken directly from the MN replication files. The raw

data are the 1-year forward consumer inflation expectations from the Michigan Survey of

Consumer sentiments, which span the period 1953-2009. The survey data are expectations

of individuals, but the dataset is then aggregated by cohort. This isolates heterogeneity in

expectations to age-driven factors only. It also allows for a longitudinal analysis, in contrast

to the raw data which are purely cross-sectional. Furthermore, only observations from ages

25 (the youngest age in the survey) to 75 are used. This is because observations after age 75

are sparse, so the aggregated data are much noisier and driven by individual responses than

in the rest of the dataset. Following the MN approach, I assume the life cycle ends at age

75.

The actual inflation levels observed in the economy are also from the MN replication

files, spanning from 1872-2009, and these observations are used in the recursive learning

estimation. Other details about the dataset can be found in the data section of MN (2016)

as well as their online appendix.

3.5 Joint Estimation of Parameters

Empirically, I estimate equation (5) following the MN approach with the following panel

regression:

⇡̃⇡ t+1|t,s = �⌧t+1|t,s + �tDt + ✏t,s (7)
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Figure 2

Here, the response variable ⇡̃⇡ t+1|t,s is an aggregated 1-year survey expectation from the

Michigan Survey of Consumer Sentiments, specific to a single cohort at a single time period.

The indicator variable Dt is included to allow for time fixed e↵ects, which also absorbs the

common component ft of expectations.

The time fixed e↵ects in the panel regression absorb any trends that a↵ect all observa-

tions over time, allowing us to assume that age-related weighting trends are independent of

time. Moreover, by exploiting time variation across di↵erent cohorts, we can isolate weighting

trends that are independent of the cohort. The parameters of interest are the gain parameters

in (5), which do not appear directly in (7), but rather, influence the RLS-predicted expecta-

tion ⌧t+1|t,s. Furthermore, because the RLS-predicted expectations depend on a choice of gain

parameters, the parameters in (7) must be estimated simultaneously with the gain param-

eters. This requires a two-stage nonlinear approach. Algorithmically, an inner optimization

performs the RLS estimation for bt,s as a function of the gain parameters from (5), while

an outer optimization finds the optimal gain parameters and the sensitivity to learning �

through the panel regression from (7).

Using this two-stage optimization approach for the nonparametric gain, I jointly estimate

a sequence {✓̃✓ i}T/10i=1 of the gain parameters from (6), where ✓ii represents the optimal value

of ✓t�s over a 10-quarter period. Figure 2 charts these optimal values as a function of age.

From Figure 2, the non-parametric approach indicates that the true values for {✓t�s} have
some bell-shaped pattern with respect to age. This suggests that there is a gradual structural

shift in learning over the life cycle, where the initial structure of learning resembles the MN
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case, but it evolves such that recent observations may no longer be more important than

earlier ones. To help visualize this phenomenon, I specify a more parsimonious function for

✓t�s that adds two additional parameters to the MN case but conserves many degrees of

freedom compared to the nonparametric approach.

Nonetheless, there is a high level of noise in the optimal values, which indicates that

adding two gain parameters, albeit bringing about an improvement in fit and likely removing

some bias, may not result in a statistically significant improvement. The subsequent section

employs a parametric approach to estimate the gain parameters in (4) and examine the

implications of this “life cycle gain” specification.

3.6 A Life Cycle Gain

Much like the nonparametric scenario, the following specification maintains the decreasing-

gain denominator to keep it analogous to the MN case. This life cycle gain fits a function

for ✓t�s to the data such that weights on more recent observations are higher than past

observations until a certain point in the life cycle. After this point, a structural change

occurs and weights on more recent observations begin to decrease with age. Because the gain

function is flexible, if the bell-shaped function of ✓t�s in the nonparametric estimation seen

Figure 2 is less desirable than the baseline MN case, the parameter values will adopt values

resembling the MN results.

The life cycle gain is specified as follows:

�t,s =
↵e

�(⌫(t�s�⌘))2

t� s
for 1  t� s  T (8)

Under this specification, three parameters (↵, ⌫, and ⌘) are used in the gain, so it is flexible

compared to the more parsimonious one-parameter approach in MN).

3.7 Estimation

Following the same 2-stage optimization algorithm detailed in the nonparametric case, we

can estimate the gain parameters in (8) and recover the weighting scheme. The results are

listed in Table 1.

These estimations indicate that the weights assigned to older observations are still lower

than more recent observations, until a person is in their early 50s. The nonzero value of ⌫

indicates that the weighting of observations peak at some age, then start declining. Figure

3 shows the implied weights from the estimated gain parameters at various ages.

While the weighting trends for ages 10-40 years show similar behavior to the strictly

decreasing gain scenario in MN, the weights for ages 50-70 years show how this weighting
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Figure 3: Implied weights of past inflation observations over time lags,
separated by age. The leftmost points are the most recent, whereas the
rightmost points are the first observations of a person’s life.

Estimation of Parameter Values
Parameter Estimate Standard Error

↵ 3.025 0.724
⌫ 0.0073 0.0022
⌘ 157.4 4.310
� 0.713 0.085

Table 1: Estimation of gain parameters and sensitivity � from 2-stage optimization.
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scheme shifts into a more complicated hump-shaped pattern as agents place lower and lower

weights on later-life events as they age past 50 years.

These results indicate that there is a more complicated life cycle pattern of inflation

learning, most notably with a structural break in learning in the early 50s.

3.8 Implications of a Life-Cycle Gain

These findings suggest that there is a structural shift in the way expectations are set over the

life cycle; first, people increase their attention to events as they age, then during their 50s,

they gradually decrease their attention. Interestingly, the shape of the weighting function

resembles that of wealth accumulation over the life cycle. A possible explanation for this

behavior is that consumers are rationally inattentive; Rational Inattention (RI) in inflation

would suggest that individuals should pay more attention to inflation when their loss from

incorrectly estimating it overshadows the cost of obtaining information. Under this frame-

work, we should similarly see a peak in the weighting of inflation when individuals are most

engaged in saving and investing, which would likely occur during the middle of the life cycle.

Empirical studies have similarly found that knowledge about the economy and precision in

expectations is strongly correlated with wealth, further evidence of this line of reasoning.

One such study found that wealthier households rely more on their own private wealth ac-

cumulation and consequently accumulate more financial knowledge endogenously, whereas

households with less wealth have lower overall financial knowledge. This endogenous accu-

mulation of financial knowledge over the life cycle parallels the trend of wealth accumulation

and savings. (Lusardi, Michaud, and Mitchell, 2017).

Investigating an empirical model that parses out the individual e↵ects of wealth and

age on the RLS gain would be challenging due to the fact that existing datasets are not

longitudinal, so individuals cannot be followed over time. Similarly, aggregating data by

both age and asset ownership may also be di�cult due to both the high correlation in the

data between these two variables as well as the lack of detailed cross-sectional variation in

asset holdings within the Michigan Survey data.

On the other hand, a theoretical model for the RLS gain using RI theory could prove a

useful thought experiment by providing both a microfoundation and an intuitive explanation

for age-driven heterogeneity in learning. In the following section, I present an RI model where

uncertainty in the inflation rate can be reduced at some cost. Under the assumption that

some of these variations in implied weights over the life cycle are a result of the natural

accumulation of wealth before retirement, the gain is in fact related to an individual’s wealth.

Furthermore, a RI model that finds di↵erences in attention to inflation by wealth level could
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help explain the results of this life-cycle gain.

4 A Rational Inattention Approach

In this section, I present a two-period model of Rational Inattention (RI) to illustrate how

planning for retirement can influence the allocation of attention toward inflation. Following

economic modeling conventions, the agents in this model are “households” rather than the

“individuals” from the RLS Learning model in Section 3. However, the two are analogous

and can be interpreted similarly.

The model builds on RI theory from Sims (2003) and applies the optimization approach

of Maćkowiak and Wiederholt (2009) to the consumer problem. The model further provides

a partial equilibrium solution where households take the interest rate and any other prices

as given, then make their consumption and attention decisions accordingly.

In the model, the household has income in the first period and is retired in the second. The

finite horizon of a two-period model can help intuitively explain the life-cycle gain because

it allows us to see simply how di↵erences in income before retirement endogenously a↵ect

attention. Further, this model will assume that households have no motivation to bequeath

their wealth to their children, and instead, want to consume as much of their wealth as

possible before the end of their life cycle. While not entirely realistic, this assumption can help

isolate the part of the consumption-saving decision that is attributed to future uncertainty

and income rather than preferences for the well-being of future generations. The subsequent

sections will outline the household’s problem in more detail.

4.1 Utility and Income

Like in standard macroeconomic models, the household makes all of its choices in order to

maximize its expected lifetime utility. In this section, I allow the utility to be modeled by a

power utility function, such that for some level of consumption c, the utility associated with

that value is:

u(c) =
c
1��

1� �
,

where � is a parameter such that � > 0. Under this utility function, the household is risk

averse, so it will be willing to pay to reduce uncertainty about the future. This type of behav-

ior in response to risk aversion is known as precautionary savings. Essentially, uncertainty

causes households to save more than they would under certainty in order to hedge against

lower-than-expected returns in the future. The household’s expected lifetime utility is the

sum of its utility from consumption in each period, with the discount factor between the two
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periods denoted by �. For the two-period model, this can be expressed as:

E(U) ⌘ E
⇥
u(c0) + �u(c1)

⇤
,

where c0 is the consumption level during the working period (t = 0), and c1 is the con-

sumption level during the retirement period (t = 1). The household earns income in period

0, which I denote Y0, and it can be thought of as endowment or labor income. In the two-

period model, this is essentially wealth from income earned before retirement. Additionally,

the income can be consumed in the current period or saved for retirement. If the income is

saved, it grows at a rate R between the working period (period 0) and the retirement period

(period 1); in other words, R is the total rate of return.

Further, I specify that the real rate of return between time t = 0 and t = 1 is stochastic.

However, the nominal rate of return between these two periods is known. Thus, uncertainty

in the real rate can be entirely attributed to the lack of knowledge about inflation between

the two periods at t = 0. As a result, I allow households to employ RI to reduce this

inflation-driven uncertainty by paying more attention to indicators of the inflation rate.

4.2 Signal Structure

Suppose there is some inflation-driven uncertainty in the interest rate such that the rate of

return R has the following distribution:

R ⇠Lognormal(µ, �2),

Alternatively, this can be represented as:

R = e
r
, for r ⇠ N(µ, �2)

In this representation, log(R) = r can be thought of as the net rate of return (like the

interest rate) between the working and retirement periods. If we assume that µ is merely

some function of the nominal interest rate, then �
2 is uncertainty directly attributed to

inflation.

Now suppose that there is some signal S (a random variable with realization s) that

covaries with r such that:

S = r + ✏,

where ✏ ⇠ N(0, �2
✏ ) is some observation noise. Then, we know the distribution of S conditional

on r is:

S|r ⇠ N(µ, �2 + �
2
✏ ).
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The precision of a distribution is merely the inverse of its variance. Thus, let ⇢r and ⇢✏ denote

the precision for the distributions of r and ✏ respectively. Then

⇢r =
1

�
2 and ⇢✏ =

1

�
2
✏

.

The value ⇢✏ is henceforth referred to as the “signal precision”. Using a standard Bayesian

mean squared error estimator for normally distributed variables, we can find that the condi-

tional distribution (the posterior distribution) r|S of the net rate of return r, given a signal

realization s, is characterized by the conditional precision,

⇢ ⌘ ⇢r + ⇢✏

and the conditional mean,

µ̂µ ⌘ ⇢r

⇢
µ+

⇢✏

⇢
s

=
⇢rµ+ ⇢✏s

⇢
,

where s is some realization of signal S that can be observed before the real rate of return is

known.

Putting this all together, we can now describe the distribution of r|S, the probability of

the net rate of return being a certain value, conditional on seeing some signal realization

S = s. The distribution is:

r̂r ⌘ r|S ⇠ N

⇣
µ̂µ,

1

⇢

⌘
,

and letting �̂�
2 represent 1/⇢, we can express this as:

r̂r ⇠ N(µ̂µ, �̂�2)

Now we know the distribution for the net rate of return, and consequently, the real rate of

return upon observing a signal. However, In the RI problem, the precision of the conditional

distribution ⇢, and implicitly, the precision of the signal ⇢✏, are chosen optimally.

How can we measure the tradeo↵ between paying more attention to find a more precise

conditional distribution (a better signal), and paying less attention and consequently facing

more uncertainty? To do this, I introduce a capacity constraint that can be relaxed at some

cost.

4.3 Capacity and Budget Constraints

To quantify how much information is gained from choosing a particular conditional distribu-

tion, I use the mutual information between the unconditional and conditional distributions

17



of r. Letting H denote the entropy function of a random variable, we have the information

flow equation:

H(r)�H(r|S).

Here, an increase in the precision of r|S results in a lower entropy, which increases the

di↵erential entropy expressed above. The greater the di↵erence, the more information is

gained from the signal.

Under RI, households have a constraint on their information capacity, denoted , where

the information flow must always satisfy:

H(r)�H(r|S)  .

Now, we can see that a better (more precise) signal can be found up to a certain extent,

depending on the value of this capacity constraint. Because both r and r|S are normally

distributed, the values of the entropy functions are given by H(r) = 1
2 log(2⇡e�

2) and

H(r|S) = 1
2 log(2⇡e/⇢). Additionally, under optimality, the household will fully utilize its

information capacity, so the information constraint becomes:

1
2 log(�

2
⇢) = . (9)

Finally, I allow the information constraint  to be chosen optimally based on the choice

of ⇢. So, a household may choose to relax its constraint by increasing , and consequently

incur some cost. Similarly, a household may choose to tighten its constraint by decreasing

, and consequently incur some payo↵ from the attention it “saved” by not putting as much

e↵ort into tracking inflation.

I further specify that this attention cost will enter into the budget constraint, such that

for every unit increase in capacity, the household must pay the fixed fee �, which is the cost

of capacity in terms of the consumption good. Since the conditional variance enters into

the attention cost as the inverse of the conditional precision, the marginal attention cost is

hyperbolically increasing as the variance approaches 0. In other words, it becomes more and

more costly to reduce uncertainty as your lower the noise of your signal. This phenomenon

is illustrated in Figure 4.

Intuitively, we can think of paying attention to macroeconomic variables (like inflation)

as some taxing endeavour that limits the amount of time spent earning income. Thus, the

more you increase your capacity, the less money you have left to spend or save. Alternatively,

we can think of the cost from the information capacity as some fee for allowing a professional

advisor to manage your budget; a higher information capacity represents a more expensive

advisor who is better at tracking the signal and telling you how much to save.
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Figure 4: Marginal Cost of Attention when � = 0.01, a parameter value for the capacity cost
used throughout the simulations in this paper.

Putting some of these components together, we have the following budget constraint for

periods 0 and 1, respectively:

c0 +B + � = Y0

c1 = RB,

where B is the amount saved during the working period for retirement. Note that there is no

income in period 1 because it represents the retirement period, and the information cost is

only incurred during period 0, before the real rate of return is known. Combining equations,

the 2-period budget constraint becomes:

c1 = R(Y0 � �� c0). (10)

4.4 The Household’s Problem

Essentially, we want to model the household as choosing how precisely it wants to track

inflation. However, to make its choice of precision, it must weigh how much is gained from

a more precise estimate of inflation against the cost of obtaining the more precise estimate.

In this model, the precision of its tracking is analogous to the conditional distribution of the

signal, the amount gained is the increase in lifetime utility from a more informed consumption

vs saving rule, and the cost is the capacity cost.

Furthermore, in the background of this Life Cycle RI model, the household first chooses

how much it would consume in the working period and how much it would save for the
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retirement period, given any conditional distribution as well as any signal realization. Its

choice for this consumption rule is based on its objective to maximize expected lifetime

utility, subject to its budget constraints. Knowing its consumption rule as a function of

any conditional distribution, it then chooses the conditional distribution whose associated

consumption and savings choices are optimal. Finally, upon observing a signal realization,

it chooses its consumption level for that time period, given the optimal consumption rule it

previously found.

The household chooses its consumption rule (how much to consume vs. save), as well as

its conditional precision ⇢ such that it solves the following objective function:

max
⇢

E
⇥
u(c⇤0) + �(c⇤1)|⇢

⇤
(11)

subject to:

c
⇤
0 = argmax

c0

E
⇥
u(c0) + �u(c⇤1)|⇢, s

⇤
, (12)

c
⇤
1 = R(Y0 � �� c0), (13)

and the budget and information constraints in (10) and (9), respectively. This follows the

constrained optimization setup from Maćkowiak and Wiederholt (2009). The above problem

can be interpreted in the following chronology:

1. Given a conditional precision ⇢, and a signal realization s, the household determines

its consumption rule subject to the budget and information constraints, or solves (12)

given (13). Thus, the value c
⇤
0 is a function of the conditional precision and signal.

Furthermore, the value of c⇤1 is determined based on the optimal decision for c⇤0.

2. Knowing this consumption rule as a function of any signal realization, the household

then chooses the conditional precision ⇢ that maximizes its expected lifetime utility in

(11).

To solve the problem, I proceed following the above chronology. First, I solve the first step

as a signal extraction problem, fixing the conditional precision. Second, I solve the second

step as a RI problem, with precision as a choice variable.

Step 1: A Signal Extraction Problem

In this section, I first solve for the values of c⇤0 and c
⇤
1 in equations (12) and (13), which are the

optimal consumption decisions given some conditional precision and the signal realization.
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These variables are thus functions of the conditional precision and signal, and the latter is a

function of the realized rate of return. Equivalently,

c0 ⌘ c0(s, ⇢) and c1 ⌘ c1(s, ⇢, R).

Additionally, I will calculate the expectations:

E(c0|⇢),E(B|⇢), and E(c1|⇢),

at time t = 0, where B is the amount of savings carried over from time t = 0 to time t = 1.

In other words, for a given level of precision of the conditional distribution, we want to know

the expected consumption and saving levels, summing over all possible signal realizations.

These expectations describe the consumption rule under the signal extraction problem.

Solving the Household’s Problem:

We want to find the value of c0 that solves:

max
c0

E
h
u(c0) + �u

�
R(Y0 � �� c0)

�
|⇢, s

i

subject to:

1
2 log(�

2
⇢) =  (14)

The optimality condition under power utility is

c
��
0 = �E

⇥
R

1��(Y0 � c0 � �)��|⇢, s
⇤
,

which can be simplified to

c0 =
⇥
�E(R1��|⇢, s)

⇤�1/�
(Y0 � c0 � �).

Further details deriving this condition are included in the Appendix. In order to simplify

the expectation of this function of R, we can use the following proposition:

Proposition 1. (Proof in Appendix) Suppose R is given by R = e
r
, with r normally dis-

tributed and bRR is given by bRR = e
r|S

, with r|S distribution r|S ⇠ N(µ̂µ, �̂�2). Then,

E(R1��|⇢, s) = E
⇥
( bRR)1��

⇤
= e

(1��)µ̂µ+(1��2)(�̂�2/2)

This is a result from the exponential function when conditioning on information that

a↵ects the posterior distribution of the exponent. Using the above proposition to simplify
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our optimality condition, we have an expression without the expectation operator that is a

direct function of s and ⇢.

c0 = (e(1��)µ̂µ+(1��)2(�̂�2/2))�1/�(Y0 � c0 � �).

To simplify notation, let

Q ⌘ e
(1��)µ̂µ+(1��)2(�̂�2/2)

. (15)

Then c0 can be rewritten as

c0 = (�Q)�1/�(Y0 � c0 � �),

and we have our optimal choices for c0 and c1:

c0 =
(�Q)�1/�

1 + (�Q)�1/�
(Y0 � �) (16)

c1 = R(Y0 � c0 � �) = R

✓
1�

(�Q)�1/�

1 + (�Q)�1/�

◆
(Y0 � �). (17)

The fraction on the RHS of equation (16) in terms of � and Q is decreasing with con-

ditional variance (or increasing with signal precision) and increasing with the signal. This

means that for a given signal realization, as we increase the precision, consumption during

the working period increases as well. We can think of the increasing precision giving more

weight to the signal realization—a high signal realization under a high precision level signifies

that there is a good chance the interest rate will in fact be high. As the precision lowers for

that same signal realization, it becomes more and more likely that the high realization was

just due to noise in the signal itself. Conversely, as the signal realization becomes higher and

higher for a fixed precision, consumption in the working period increases because it is more

likely that that the real rate of return will be high.

Thus, we can already see the e↵ect of a household’s precautionary saving motive, even be-

fore summing over all possible signal realizations. As the estimate of future inflation becomes

more and more precise, uncertainty over future income is reduced. Since the household is risk

averse, it engages in precautionary saving under uncertainty, and this e↵ect diminishes with

greater levels of precision. Thus, households don’t have to worry as much about not saving

enough when they are more confident about the future interest rate, so they can spend more

money during their working period.

On the other hand, since we know that the capacity  is an increasing function of the

precision, as the precision increases more and more, the capacity costs starts to lower the

net income of a household. This means that as precision increases, eventually consumption
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(a) Expected consumption with and

without an information cost at time

t = 0.

(b) Expected Saving with and with-

out an information cost at time t =
0.

Figure 5: Expected consumption vs. saving when income/wealth in first period is Y0 = 20,
� = 0.9, � = 2, � = 0.01, µ = 0.1, and � = 0.1. The expectations with an information cost
use � = 0.01.

during the working period will decrease from a pure income e↵ect as a result of money lost

on increasing the information capacity.

These two e↵ects work in opposite directions, and the subsequent section will build the

numerical groundwork for the optimal choices of consumption over precision when summing

over all signal realizations, or when taking into account the expected signal realization.

Calculating Expectations

To find the expected consumption rule from the “signal extraction” problem, I calculate

E(c0|⇢) and E(c1|⇢), which are expectations that integrate over all signal realizations, given

a conditional precision. This can be interpreted as what the household expects to consume

depending on the signal choice, but before actually seeing the signal realization. The expec-

tation E(c0|⇢) can be written as:

E(c0|⇢) =
Z 1

�1
c0(s, ⇢)f(s|µ, ⇢) ds, (18)

where f(s|µ, ⇢) is the normal density function for realizations of s, given the mean of signal

realizations, µ, and the precision of the conditional distribution, ⇢. In other words, the

function f reflects the density of Pr(S|r), given the parameters in the distribution of S|r.
Similarly, c0 is expressed as a function of s and ⇢, which is based on the result in equation

(16). This expectation can be calculated numerically, and the result, given various levels of

the conditional precision, is illustrated in Figure 5a.

23



Similarly, we can calculate the expected saving for retirement, given a precision level

before seeing the signal realization.

E(B|⇢) = Y0 � �� E(c0|⇢),

where the equation for E(c0|⇢) is given in (18). This expectation can similarly be calculated

numerically, and the result, given various levels of precision is graphed in Figure 5b.

These results also highlight how the attention cost � impacts the consumption and sav-

ing rules. Without an information cost, higher levels of precision result in greater levels of

consumption in the working period (t = 0). This is because regardless of the signal realiza-

tion, the household’s expected consumption involves precautionary saving, so consumption

in the first period decreases with uncertainty. When adding a cost to paying attention, how-

ever, consumption in the working period begins to decline after a certain point because the

cost of paying attention eventually outweighs the increased payo↵ from certainty. This cost

e↵ectively reduces the income that can be consumed.

When looking at expected saving, both scenarios with and without an attention cost

involve monotonically decreasing expected levels of saving as precision increases. Both involve

a precautionary saving motive, but in the case with the attention cost, increased precision

reduces net income, which reduces saving. In fact, the di↵erence between the expectations

with and without an attention cost grows with precision because the attention cost a↵ects

saving more and more as the capacity increases.

The calculation for E(c1|⇢) uses the budget constraint, and it can be found using

E(c1|⇢) = E
⇥
R(Y0 � �� c0)|⇢

⇤
= E(R|⇢)(Y0 � �)� E(Rc0|⇢),

where the last equality holds since  is measurable with respect to ⇢, and Y0 is a constant.

We can rewrite the following terms using the law of iterated expectations:

E(R|⇢) = E
⇥
E(R|⇢, s)|⇢

⇤
and E(Rc0|⇢) = E

⇥
E(Rc0|⇢, s)|⇢

⇤

In the second expectation, since c0 ⌘ c0(s, ⇢) is measurable with respect to ⇢, s, it can be

pulled out of the expectation, so we have

E
⇥
E(R|⇢, s)|⇢

⇤
= E(eµ̂µ+ 1

2 �̂�
2 |⇢) and E

⇥
c0E(R|⇢, s)|⇢

⇤
= E(c0eµ̂µ+

1
2 �̂�

2 |⇢),

by Proposition 1. Now, we can numerically integrate these terms over all possible signal

realizations, so period-1 consumption becomes:

E(c1|⇢) = (Y0 � �)
Z 1

�1
e
µ̂µ+ 1

2 �̂�
2
f(s|µ, ⇢) ds�

Z 1

�1
c0e

µ̂µ+ 1
2 �̂�

2
f(s|µ, ⇢) ds, (19)
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where c0 is given in (16). Or, in expectation form, the expectation is

E(c1|⇢) = (Y0 � �)E(eµ̂µ+ 1
2 �̂�

2 |⇢)� E(c0eµ̂µ+
1
2 �̂�

2 |⇢),

where f is the same density function defined previously.

This formulation suggests that expected consumption during the retirement period de-

pends on the expected future value of income left over after consuming and paying the

attention cost in period t = 0.

The following section expands on these findings by exploring what happens when the

agent is allowed to choose the precision of its conditional distribution optimally.

Step 2: A Rational Inattention Problem

In this section, the household is able to choose its signal based on the conditional precision

that maximizes its lifetime utility. I break the problem into parts: first, I calculate the

expected utility given a precision level, then, I optimize over all possible choices of precision

numerically.

Finding Expected Utility

We can use a similar approach as in the previous section and calculate the expected lifetime

utility, given a level of signal precision. In other words, we want to calculate:

E(U |⇢) ⌘ E
⇥
u(c0) + �(c1)|⇢

⇤

such that c1 and c0 solve the households problem in (11). Plugging in the CRRA utility

function, this becomes:

E(U |⇢) = 1

1� �
E(c1��

0 |⇢) + �

1� �
E
⇥
R

1��(Y0 � c0 � �)1��|⇢
⇤
. (20)

The last expectation can be simplified using the law of iterated expectations like before and

plugging in the value of Q, defined in (15), so it becomes

E
⇥
R

1��(Y0 � c0 � �)1��|⇢
⇤
= E

⇥
Q(Y0 � c0 � �)1��|⇢

⇤
.

This expectation can be calculated using c0 as defined in (16), so

E
⇥
Q(Y0 � c0 � �)1��|⇢

⇤
=

Z 1

�1
Q(Y0 � c0 � �)1��

f(s|µ0, ⇢) ds.

The first term in equation (20) can be calculated numerically as a function of c0, so putting

these together, we have:

E(U |⇢) = 1

1� �

Z 1

�1
c
1��
0 f(s|µ0, ⇢) ds+

�

1� �

Z 1

�1
Q(Y0 � c0 � �)1��

f(s|µ0, ⇢) ds, (21)
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or in expectation form,

E(U |⇢) = 1

1� �
E(c1��

0 |⇢) + �

1� �
E
⇥
Q(Y0 � c0 � �)1��|⇢

⇤
. (22)

Not only can this be calculated numerically, but we can also notice that E(U |⇢) is merely

a function of model parameters and the conditional precision, ⇢. As a result, we can use a

single-variable optimization to find the optimal choice of ⇢ to solve our RI problem.

Optimization

Putting these all together, the Rational Inattention optimization solves the objective function

(11), subject to the consumption rule given the signal realizations given by (12) and (13), as

well as the original budget and information constraints in (10) and (9). Written again below

for convenience, it is:

max
⇢

E
⇥
u(c⇤0) + �(c⇤1)|⇢

⇤

subject to:

c
⇤
0 = argmax

c0

E
⇥
u(c0) + �u(c⇤1)|⇢, s

⇤
(23)

c
⇤
1 = R� (Y0 � �� c0)

1
2 log(�

2
⇢) = 

Where equation (23) is the added constraint which reflects households knowing their optimal

consumption rule as a function of the signal realizations.

Since the calculation for E(U |⇢) has already been completed, we can calculate ⇢
⇤, the

optimal precision of the conditional distribution, numerically by maximizing the value of

(22). In other words, the solution for the choice of conditional precision follows:

⇢
⇤ = argmax

⇢

n 1

1� �
E(c1��

0 |⇢) + �

1� �
E
⇥
Q(Y0 � c0 � �)1��|⇢

⇤o
(24)

While equation (24) is not an analytical solution, we can computationally simulate how the

optimal precision changes over variations in the model specifications.

In Figure 6, we can see that as the precision of the conditional distribution increases

for each income level, there is an initial increase in utility followed by a decrease. For the

lower income levels, this decrease sets in at a lower precision level and is steeper. This is

because for any precision level, the attention cost is a larger fraction of income for lower

income levels, so the cost of attention increases more rapidly in relative terms. However,

in all the graphs, there is some degree of increasing returns from higher precision up to a
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(a) Income = 10 (b) Income = 20

(c) Income = 30 (d) Income = 40

(e) Income = 50 (f) Income = 60

Figure 6: Expected Lifetime Utility over signal precision by income/wealth level when � =
0.9, � = 2, � = 0.01, µ = 0.1, and � = 0.1.
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(a) Optimal choice of precision of con-

ditional distribution ⇢ by income.

(b) Optimal Choice of Capacity 
by Income

Figure 7: Optimal choice of precision of conditional distribution and capacity constraint,
respectively. These simulations use the following parameters specifications: � = 0.9, � = 2,
� = 0.01, µ = 0.1, and � = 0.1.

certain point. This is due to a benefit from precautionary savings when certainty is increased

(until the attention cost overcomes it). In fact, we can see the utility price of uncertainty

through precautionary saving behavior. Households are motivated largely by consumption

smoothing, so precautionary saving adversely impacts the utility from maintaining relatively

similar consumption levels across periods. However, under high uncertainty, precautionary

saving is better than not saving enough for a risk averse household. In e↵ect, by increasing the

precision of the signal, the household is reducing risk and smoothing consumption, allowing

them to increase their lifetime utility.

Furthermore, Figure 7 shows the optimal values of conditional precision ⇢
⇤ and capacity


⇤ ⌘ 1

2 log(�
2
⇢
⇤) when solving equation (24) numerically, given variations in working-period

income. Income is nearly linearly related to the choice of ⇢, and capacity is an increasing

function of income. This a�rms the notion that households will choose optimally to pay

more attention to inflation if they have more pre-retirement income.

We can similarly solve (24) numerically for variations in noise in the underlying interest

rate distribution. When the mean of the rate of return R remains centered, Figure 8 shows

how the implied signal precision ⇢✏ increases with unconditional interest rate noise (where

⇢✏ = ⇢�⇢r). This means as the fundamental distribution of the rate of return becomes more

noisy, households choose a higher capacity level (and pay a higher attention cost) in order

to reduce this uncertainty.
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Figure 8: Optimal choice of signal precision ⇢✏ (implied from optimal precision of conditional
distribution) as unconditional variance �

2 increases. The following parameters are used:
µ = µ

⇤ � 1
2�

2, where µ
⇤ = 0.1 is a constant, � = 0.9, � = 2, � = 0.01, and Y0 = 20.

5 Discussion

The RI model in Section 4 suggested that as income before retirement increases, optimal

precision of signal—which can be interpreted as the attention paid to inflation—increases as

well. Assuming the hump-shaped weighting pattern from the RLS life-cycle gain in Section

3 is somewhat influenced by accumulation of wealth over the life cycle, we can see that a

RI approach can help to explain the results of the life-cycle RLS model through changes in

wealth.

Suppose in the RI model that the signal is the only information that individuals ultimately

acquire about inflation. In other words, once the consumption decision is made upon a signal

realization, the consumer focuses her attention to the next period rather than checking to see

how close the signal realization was to the actual rate after the fact. Then, the accumulated

knowledge this individual has about inflation is entirely based on the history of her signal

observations, rather than observations of actual inflation. Of course, since there is some

covariance between the signal and the actual inflation rate (depending on the chosen level

of precision), her observation of the signal may be very close to the actual inflation level.

Additionally, since this individual knows (and chose) the exact precision of the conditional

distribution, she understands the probability that her signal observation is very close to

actual inflation at that time. Then it is reasonable to suggest this consumer would place

more stock in those signals with higher precision levels when recalling the history of actual

inflation over her lifetime.
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Drawing a comparison between this phenomenon and the RLS Learning approach, we

can see how some individual may choose a higher RLS gain when setting expectations about

the future during periods when her chosen RI precision was high. In other words, we can

conjecture some indirect mapping from the capacity  from the RI model to the gain � from

the RLS model. As the RI capacity  increases with income during the working period, the

individual has more precise estimates of current inflation, so her RLS sensitivity � to current

expectations would rationally increases. Similarly, during the retirement period, the two-

period RI model chooses  = 0 because the savings from the working period are consumed

regardless of the inflation rate. In the RLS gain, there are T periods in the life cycle (rather

than just two), so the gain � does not immediately drop to � = 0 during retirement. However,

as t� s ! T , or as the individual retires, the RLS implied weights begin to decrease, as seen

from the results of the Life Cycle gain in Figure 3.

To recapitulate, the RI capacity choice and the RLS gain can be thought of as analogous

variables that reflect how much confidence individuals have in their inflation estimates. Under

this analogy, we can see that as income increases, people increase their capacity choice (Figure

7b), consequently observing more precise signals of inflation. Similarly, in the RLS gain, as

people age and thus have more opportunity to accumulate wealth, they increase both the

gain and implied weights on their inflation observations. If we assume that variations over

age in the RLS implied weighting scheme are in part due to the associated variations in

wealth over the life cycle, we can see how a RI approach can help explain the motivations

behind this age-driven heterogeneity.

Moreover, from the results of Section 4, we also know that the greater the fundamental

interest rate noise, the more attention is paid to inflation (Figure 8). In other words, when

the interest rate noise is naturally high, individuals choose a more precise signal to reduce

this uncertainty. Considering this result in the context of monetary policy, we can see that

more volatility in inflation could in fact make people pay more attention. Since attention

is costly under the RI model, the greater the optimal precision (holding all other inputs

constant), the lower the consumer welfare. Thus, this RI model also provides intuition for

the welfare loss from volatility in inflation over time.

Section 3 shows that there is age-driven heterogeneity in expectations, and Section 4

shows how this could be in part attributed to wealth- or income- driven heterogeneity. When

considering monetary policy for the aim of anchoring consumer inflation expectations, this

heterogeneity in attention and consequently, expectations, suggests there may not be a simple

or broad-based approach.

Additional research in this area is needed to determine causality between the RI response

to changes in income and the RLS gain. If longitudinal data following individuals with
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di↵erent income and wealth profiles over the life cycle were to become available, further

empirical studies could control for the e↵ect of age on wealth to isolate any direct e↵ects

of wealth on the RLS gain. Further theoretical research could also be helpful—by adding a

third period in the RI model, for example, di↵erent income profiles could be examined to

determine exactly how attention varies with di↵erent life experiences. Alternatively, further

modeling could add another dimension to the RI model by examining the tradeo↵ between

attention to human capital vs. attention to financial capital. If in fact such a tradeo↵ occurs

and there is a capacity constraint, we may see that young people pay less attention to

inflation, even if they are very wealthy, in order to invest more time in their human capital.

Finally, additional policy research may be prudent in determining how age- and wealth-

driven dispersion impacts the e↵ectiveness of inflation expectations as a monetary policy

tool.
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A Proof of Proposition 1

Proposition 1. If R0 is given by R0 = e
Z0 , with Z0 normally distributed, and for some

signal s0 that covaries with Z0, the conditional distribution is given by Z0|s0 ⇠ N(µ̂µ, �̂�2),

then:

E(R1��
0 |s0) = e

(1��)µ̂µ+(1��2)(�̂�2/2)

Proof. First we want to show that E(ez|⇢, s0) = E(eẑz ). By definition of an expectation,

E(ez|⇢, 0) =
Z 1

�1
e
z 1

�̂�
p
2⇡

e
� 1

2 ((z�µ̂µt)/�̂�2)2
dz

Expanding out the squared component of the exponent we have

=

Z 1

�1

1

�̂�
p
2⇡

e
�(1/2�̂�2)(z2�2zµ̂µt+µ̂µ2

t�2z�̂�2)
dz

Now, multiply and divide by e
µ̂µ+�̂�2/2, which is a constant.

= e
µ̂µ+�̂�2/2

Z 1

�1

1

�̂�
p
2⇡

e
�(1/2�̂�2)(z2�2zµ̂µt+µ̂µ2

t�2z�̂�2+2µ̂µ�̂�2+�̂�4)
dz

Simplifying this further, we get

= e
µ̂µ+�̂�2/2

Z 1

�1

1

�̂�
p
2⇡

e
�(1/2�̂�2)(z2�2z(µ̂µt+�̂�2)+(µ̂µt+�̂�2)2)

dz

= e
µ̂µ+�̂�2/2

Z 1

�1

1

�̂�
p
2⇡

e
�(1/2�̂�2)(z�(µ̂µt+�̂�2))2

dz

Now, we see that the expression in the integral is the density function for some normal

random variable with distribution N(µ̂µt + �̂�
2
, �̂�

2), so it integrates to one. The expression

then becomes:

E(ez|⇢, 0) = e
µ̂µ+�̂�2/2

.

By properties of normal random variables, we know that for some linear function of bZZ :

f( bZZ ) = a bZZ + b,

we have:

E(ef(Z)) = e
aµ̂µ+a2�̂�2/2+b

.

And so we can use this to find:

E(e(1��)ẐZ ) = e
(1��)µ̂µ+(1��)2(�̂�2/2)

.
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B Details of the Signal Extraction Model

Solving the Household’s Problem for c0 and c1:

We want to find the values of c0, c1 that solve:

max
c0,c1

E
⇥
u(c0) + �u(c1)|⇢, s

⇤
(25)

subject to:

c1 = R(Y0 � �� c0) (26)

1
2 log(�

2
⇢) =  (27)

Equivalently, we can combine equations (25) and (26) so that our objective function becomes:

max
c0

E
h
u(c0) + �u

�
R(Y0 � �� c0)

�
|⇢, s

i
.

We can find the following first order condition:

@

@c0
E
⇥
u(c0)|⇢, s

⇤
� @

@c0
E
h
�u

�
R(Y0 � �� c0)

�
|⇢, s

i
= 0.

By “nice” properties of u(c), we can switch the order of derivatives and expectations such

that this becomes:

u
0(c0) = ��E

h
u
0�
R(Y0 � �� c0)

�
|⇢, s

i
.

Now, we can substitute in the quadratic utility function,

u(c) =
c
1��

1� �
.

Using this utility function, the optimality condition becomes:

c
��
0 = �E

h�
R(Y0 � c0 � �)

���
R|⇢, s

i

= �E
⇥
R

1��(Y0 � c0 � �)��|⇢, s
⇤
.

Then, Y0, c0, can be pulled out of the expectation and moved to the other side since they

are measurable with respect to ⇢, s.

⇣
c0

Y0 � c0 � �

⌘��

= �E(R1��|⇢, s)

Finally, we get,

c0 =
⇥
�E(R1��|⇢, s)

⇤�1/�
(Y0 � c0 � �).
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Using Proposition 1, we know that

Q ⌘ e
(1��)µ̂µ+(1��2)(�̂�2/2) = E(R1��|⇢, s),

so we can simplify c0 to

c0 = (�Q)�1/�(Y0 � c0 � �),

which yields our optimality conditions:

c0 =
(�Q)�1/�

1 + (�Q)�1/�
(Y0 � �)

c1 = R(Y0 � c0 � �) = R

✓
1�

(�Q)�1/�

1 + (�Q)�1/�

◆
(Y0 � �)

The solution to the other problems are stated in full detail in the RI model section.
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