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Introduction

Economic forecasters face a challenge: how to distill vast amounts of data into coherent predictions.

Models of information frictions formalize this challenge by explicitly modeling the constraints on

acquiring and processing information (Mankiw & Reis, 2002; Sims, 2003; Woodford, 2003). Be-

cause these constraints limit the use of all available information, standard models typically imply

that each forecaster relies on a limited and somewhat idiosyncratic information set. Empirical ev-

idence broadly supports these models, confirming their predictions that forecasts adjust gradually

rather than instantly to new economic news (Coibion & Gorodnichenko, 2012, 2015) and that

disagreement among forecasters persists over time (Goldstein, 2023).

Yet standard models of information frictions struggle to explain why forecasts sometimes re-

spond excessively to news rather than sluggishly. For example, professional forecasts of macroeco-

nomic and financial variables often exhibit excess sensitivity at the individual level, despite average

forecasts adjusting more slowly (Bordalo et al., 2020). In addition, long-horizon forecasts exhibit

heightened sensitivity in diverse settings, including macroeconomic forecasts (Halperin & Mazlish,

2025), firm earnings forecasts (Bordalo et al., 2023), and predictions about longer-maturity inter-

est rates (d’Arienzo, 2020; Wang, 2021). These findings highlight a limitation of standard models

of information frictions: their emphasis on sluggish adjustments leaves them unable to explain

cases of excessive forecast sensitivity.

I argue that these empirical shortcomings arise because standard models define information fric-

tions too narrowly. Most existing frameworks model frictions in how agents use new information,

but assume that once acquired, prior knowledge can be retrieved and applied without error. Yet, if

using new information is cognitively costly and error-prone, is it reasonable to treat prior knowl-

edge as costless to use? Indeed, recent studies highlight that frictions in retaining and retrieving

past information can amplify forecasts’ sensitivity to new information (Afrouzi et al., 2023; Azeredo

da Silveira & Woodford, 2019; Azeredo da Silveira et al., 2024; Nagel & Xu, 2022). Building on

these insights, I propose a unified framework that incorporates cognitive constraints in processing

both new information and previously acquired information. This broader approach better matches

observed patterns in survey forecasts and enables joint identification of these frictions.

My model builds on the concept of cognitive noise, errors that arise from limits on information

processing (Sims, 2003; Woodford, 2020). Because cognitive noise lowers the precision of infer-

ence, forecasters place less weight on information than under full information, so optimal forecasts

can differ systematically from full-information benchmarks. I model two distinct sources of cog-

nitive noise: attention frictions, which limit how accurately agents process new information, and

memory frictions, which limit how accurately agents use internally stored information. By “inter-

nally stored information,” I mean the beliefs and knowledge that agents carry forward from earlier

forecasting experiences, or simply their prior knowledge. This distinction facilitates comparison

with standard models of information frictions that abstract from memory frictions.

Attention and memory frictions do not mean that forecasters are inattentive or forgetful in a

colloquial sense. The only assumption is that information-processing constraints limit the accuracy
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with which agents incorporate information into their forecasts. This restriction can represent many

forms of imperfect use, including noisy judgment when interpreting new data and noisy recall

or deployment of past knowledge. This broad interpretation fits the evidence that the forecast

biases I study appear pervasively across professional forecasts, household surveys, and laboratory

experiments, which points to a general mechanism rather than one specific to particular settings.

With this interpretation in place, I treat attention and memory as scarce resources that reflect a

cognitive bottleneck in forecasting.

I then characterize the constrained-optimal cognitive system in a general linear Markov envi-

ronment. Both the attention and memory components are selective: with limited capacity, the op-

timal system retains information that improves forecasts and discards forecast-irrelevant variation.

Throughout the paper, I focus on forecasting a single observable generated by a multidimensional

state vector. In this setting, I derive the optimal memory system in closed form. It compresses prior

knowledge into a low-dimensional representation, in a way analogous to principal component

analysis. The framework then shows how attention and memory frictions jointly shape forecast

behavior, and how they generate forecast biases through two distinct sources of cognitive noise.

A standard implication of noisy information models is attenuation: forecasters optimally re-

spond less to information when it contains noise that is irrelevant for forecasting fundamentals.

Without such attenuation, forecasts would respond too strongly to random disturbances. Likewise,

when processing information introduces idiosyncratic errors, a muted response is again optimal. In

my model, both attention and memory frictions generate attenuation, but they operate at different

points in the updating process. Attention frictions add noise to new information, so forecasters

discount news and update beliefs gradually. Memory frictions add noise to stored information, so

past beliefs provide a weaker and less precise anchor for interpreting new data.

Even with the same attenuation logic, adding memory frictions changes forecast dynamics rel-

ative to a benchmark with no memory frictions. I refer to this as a spike-and-decay pattern. When

memory weakens the precision of prior beliefs, forecasters rely more on incoming data and respond

sharply on impact. But memory frictions also erode the stored content of that news, so its influence

fades. Forecasts therefore spike initially and then dissipate as memories decay.

I show that the joint presence of attention and memory frictions helps reconcile two seemingly

contradictory empirical patterns. On the one hand, average forecasts exhibit systematic under-
revision. After upward revisions, outcomes turn out higher than the revisions imply, and after

downward revisions, they fall further (Coibion & Gorodnichenko, 2015). On the other hand, in-
dividual forecasts display the opposite pattern of over-revision. Upward revisions typically lead to

overestimates and downward revisions to underestimates, relative to realized outcomes (Bordalo et

al., 2020). These forecast biases are observed in professional forecaster surveys for many macroe-

conomic and financial variables, in household surveys (Coibion & Gorodnichenko, 2015), and in

controlled laboratory experiments (Afrouzi et al., 2023).

These patterns look contradictory in standard models of information frictions. With attention

frictions, any forecast that responds to news necessarily loads on idiosyncratic noise as well as

2



the true signal. The optimal Bayesian update therefore attenuates the response to news: reacting

more would amplify the noise component and raise expected forecast error. As a result, individual

revisions do not systematically predict subsequent forecast errors. In the cross-sectional average,

the idiosyncratic noise cancels out, leaving only the attenuated response to common news, so

average forecasts appear to update sluggishly.

Introducing memory frictions changes forecast behavior by making prior knowledge a weaker

and more heterogeneous anchor. The optimal Bayesian update then places more weight on in-

coming news. Individual revisions therefore become more aggressive and more individual-specific,

generating over-revision in individual forecasts relative to realized outcomes. Average forecasts’ re-

sponse to news depends on the relative strength of the two frictions: average forecasts will appear

sluggish when attention frictions dampen this response more than memory frictions strengthen it.

The model can thus generate over-revision in individual forecasts alongside under-revision in aver-

age forecasts, with the overall sensitivity of belief updating shifting as the relative strength of the

two frictions changes. This raises a natural question: when do memory frictions matter more than

attention frictions for forecast sensitivity to news?

I show that the importance of attention and memory frictions changes systematically with the

forecast horizon. In particular, memory frictions matter more for the long end of the term struc-

ture. This horizon pattern arises from the allocation of cognitive resources across attention and

memory. Incoming news provides more direct information about the near-term outcomes, so the

cognitive system devotes memory capacity to storing information that pins down the persistent,

low-frequency component of the state. As a result, near-horizon forecasts load more on new infor-

mation, while long-horizon forecasts rely more heavily on prior knowledge accumulated over time.

This implies that attention frictions matter most at short horizons, while the influence of memory

frictions grows with the forecast horizon. Consequently, long-horizon forecasts can display more

pronounced spike-and-decay dynamics, in line with the survey-based evidence discussed earlier.1

To quantify the extent of cognitive frictions, I estimate the attention and memory friction pa-

rameters using inflation forecasts from professional forecasters and consumers. I use the Survey

of Professional Forecasters (SPF) for experts and the Survey of Consumer Expectations (SCE) for

households. These surveys provide repeated individual forecasts, which make it possible to mea-

sure how expectations are updated over time. For each group, I identify the two friction parameters

by matching two regression moments that capture distinct features of forecast updating behavior

documented by Coibion and Gorodnichenko (2015) and Bordalo et al. (2020).

The estimated frictions support the model’s horizon-dependent predictions. After a transitory

one-percentage-point increase in CPI inflation, short-horizon forecasts adjust much more sluggishly

than in the frictionless benchmark, and the gap between the two paths remains large even after two
1Indirect evidence further supports this increased sensitivity in long-horizon forecasts. For example, long-horizon

survey forecasts of output growth and real interest rates exhibit higher volatility compared to estimates of underlying
low-frequency trends derived from statistical or structural models (Crump et al., 2023). Similarly, prices for longer-
maturity assets display elevated volatility relative to shorter-maturity assets, a form of excess volatility inconsistent with
standard term-structure models (Giglio & Kelly, 2018).
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years. Long-horizon forecasts also deviate from the frictionless benchmark. Their initial response is

slightly muted, but they rise above the benchmark over the next few quarters before fading quickly.

This confirms that the estimated frictions generate the spike-and-decay pattern for long-horizon

forecasts, reflecting the role of memory frictions.

The estimates also reveal substantial heterogeneity across and within groups. Consumers face

much larger memory frictions than professional forecasters, while attention frictions are more simi-

lar across the two samples. Within the consumer sample, I exploit the rich cross-sectional variation

in the SCE to test an additional prediction of the model: individuals with persistently high sub-

jective uncertainty should exhibit larger cognitive frictions. The estimates support this prediction.

The highest-uncertainty group shows higher cognitive frictions than the lowest-uncertainty group.

Using the SCE’s demographic information, I then examine correlates of this heterogeneity and find

the clearest patterns with respect to numeracy, measured using questions on basic arithmetic and

financial concepts such as compound interest. Low-numeracy respondents exhibit higher cognitive

frictions than high-numeracy respondents.

Related literature. This paper connects two strands of literature on cognitive frictions in macroe-

conomic expectations. The first studies noisy processing of new information, often modeled through

rational inattention and related frameworks (Kohlhas & Walther, 2021; Maćkowiak & Wiederholt,

2009; Pfäuti, 2023; Sims, 2003). A second literature studies how past experiences and imperfect

memory shape beliefs (Azeredo da Silveira & Woodford, 2019; Bordalo et al., 2024; Malmendier &

Nagel, 2016; Malmendier & Wachter, 2024; Nagel & Xu, 2022; Salle et al., 2023).

The paper builds most directly on Azeredo da Silveira et al. (2024), which formalizes imper-

fect memory using information-theoretic constraints. I build on that framework by introducing a

parallel constraint on the processing of new information. The motivation for this extension is em-

pirical. I show that a model with both attention and memory frictions can explain forecast biases

that models with only one friction cannot. Doing so also requires extending the memory system to

store more than one variable, which is important for matching realistic data-generating processes

in which multiple latent variables jointly determine an observed macroeconomic variable.

As discussed in the introduction, I focus on two empirical facts from survey forecasts: under-

revision in average forecasts and over-revision in individual forecasts (Bordalo et al., 2020; Coibion

& Gorodnichenko, 2015). In my framework, these patterns serve two purposes. They illustrate why

both attention and memory frictions are needed, and they help identify the two frictions. However,

these facts do not uniquely point to this mechanism. Several related papers explain the same

two empirical patterns by augmenting noisy-information models with additional behavioral mech-

anisms, including representativeness (Bordalo et al., 2020), model misspecification (Angeletos et

al., 2021), and strategic forecast reporting (Gemmi & Valchev, 2026). My framework differs in that

it generates both patterns through a single unified mechanism. Forecasters update beliefs using op-

timal Bayesian filtering, but internal information-processing constraints limit the precision of these

updates.
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An advantage of the framework is that it yields testable predictions that go beyond the joint

presence of under-revision in average forecasts and over-revision in individual forecasts. In partic-

ular, the model predicts a distinctive pattern across forecast horizons. Because memory frictions

amplify the sensitivity of forecasts to new information and become more important at longer hori-

zons, longer-horizon forecasts should react more strongly to news than shorter-horizon forecasts.

This cross-horizon prediction distinguishes the mechanism from alternative explanations—which

match the same benchmark survey facts but do not explain this additional pattern—and is sup-

ported by evidence from several macroeconomic and financial forecasting settings.

1 Modeling Cognitive Noise in Expectations

This section develops a model of expectation formation with cognitive constraints on processing

information. This framework provides the basis for analyzing how expectations deviate from the

rational benchmark in the next section.

1.1 Noisy Filter and Cognitive Noise

The state vector xt follows a linear Gaussian Markov process. The decision-maker (DM) knows the

law of motion of xt but does not observe the realized state perfectly. Each period, the DM uses

available information to infer the current state and to forecast future values of xt.

I assume the DM cannot incorporate information into expectations with arbitrary precision

(Sims, 2003). Instead, the DM processes available information into a mental representation that

serves as the input to expectations, and this processing is noisy. I capture the limitation with a

noisy filter: when the DM updates beliefs, internal processing yields random errors that reduce

forecast accuracy. I call these errors cognitive noise to distinguish them from noise in the underlying

information itself (Woodford, 2020).

I model internal processing with two filters that run in parallel. The attention filter maps new

external information, such as data releases and economic news, into internal information the DM

can act on. The memory filter maps internally stored knowledge, formed from past observations,

into internal information the DM can act on. This setup has two implications. It creates two sources

of processing error, one from attending to new information and one from drawing on memory. It

also allows interaction across systems: attention affects what gets stored in memory, and stored

knowledge guides attention.

The rest of this section specifies the class of filtering processes I consider and the precision

constraints that govern the two filters, then characterizes what information the optimal noisy filters

retain.
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1.2 A Dual-System Framework: Attention and Memory

Noisy attention filter. External inputs arrive as a common news vector Nt, which aggregates all

publicly available data sources that are informative about the state xt. For now, I maintain only

that Nt and xt are jointly normally distributed.

The attention system filters the news vector Nt to generate the mental representation, ni,t, for

each forecaster. This process can be expressed as:

ni,t = KtNt + ui,t, ui,t ∼ N (0, Σut) (1.1)

Here, Kt is a loading matrix that determines how the information in Nt is weighted by the attention

system, and ui,t describes random distortion or error in how each forecaster processes the news.

The noise is uncorrelated with Nt and idiosyncratic to each forecaster. The matrix Σut is the

covariance matrix of the noise term.

I assume that the precision of the mental representation is constrained:2

I (ni,t;Nt) ≤ −1

2
log ϕn (1.2)

where I (ni,t; Nt) is the Shannon mutual information between ni,t and Nt, which reflects the pre-

cision of the attention filter.3 The parameter ϕn ∈ (0, 1) constrains the upper bound for this mutual

information. As ϕn approaches zero, the mutual information tends to infinity, meaning that the

mental representation is perfectly precise and contains no noise. Conversely, a larger value of ϕn

reduces the mutual information, implying a noisier mental representation.

Beyond these requirements, I impose no restrictions on the dimensions or structures of Kt and

Σut. The model can therefore accommodate a wide range of processing rules and noise patterns

for ni,t.

Noisy memory filter. Internal inputs are summarized by an individual memory vector Mi,t,

which is the internal information available at time t.

Mi,t =

mi,t−1

ni,t−1

 (1.3)

Each component in Mi,t is the mental representation from period t−1, produced by the noisy filters.

2The proposed cost function differs from the standard approach in the rational inattention literature. Typically, it
is assumed that the DM can arrange to receive a signal, ni,t, at time t, conditioned on all the prior signals up to time
t − 1. In that case, the cost is proportional to I (ni,t;Nt|ni,t−1, · · · , ni,0). However, I consider an environment where
past realizations of ni,t are not freely available, as the rest of the model will clarify. Thus, I assume that the processing of
external data occurs without being influenced by the DM’s past mental states. In other words, the mental representation
at time t, ni,t, is formed based solely on the current information, Nt, and does not depend on or incorporate past
realizations of ni,t−1, ni,t−2, · · · .

3Shannon mutual information between two random variables X and Y is I (X;Y ) = E
[
log p(X,Y )

p(X) p(Y )

]
, where p (·)

denotes the joint and marginal distributions. Mutual information satisfies I (X;Y ) ≥ 0, and it equals 0 if and only if X
and Y are independent. It thus measures the expected reduction in uncertainty about one variable from observing the
other.
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The first component, mi,t−1, is the last period’s memory state summarizing retained information

from t−1 and earlier. I describe its law of motion below. The second component, ni,t−1, summarizes

what the DM learned from last period’s news vector Nt−1.

The memory system operates analogously to the attention system, filtering to form a mental

representation of Mi,t:

mi,t = ΛtMi,t + ωi,t, ωi,t ∼ N (0, Σωt) (1.4)

where Λt is the loading matrix of the memory system, and ωi,t is idiosyncratic processing noise. I

assume ωi,t is uncorrelated with Mi,t and normally distributed with covariance matrix Σωt.

To limit the precision of the memory system, I impose the following constraint on the mutual

information between mi,t and Mi,t:

I (mi,t;Mi,t) ≤ −1

2
log ϕm (1.5)

where I (mi,t;Mi,t) again represents the Shannon mutual information between mi,t and Mi,t. The

parameter ϕm ∈ (0, 1) controls the upper bound of this mutual information, effectively setting a

limit on how accurately the memory system can capture past knowledge.

When ϕm → 0, the memory filter becomes arbitrarily precise (mi,t = Mi,t). In that limit, the

memory vector is fully nested, meaning the most recent memory vector fully incorporates all pre-

vious ones (i.e., Mi,t ⊇ Mi,t−1). Thus, frictionless memory carries forward the entire history of

knowledge (ni,0, . . . , ni,t−1) through recursion. On the other hand, as ϕm approaches 1, the mem-

ory becomes increasingly dominated by noise, resulting in little to no useful information being

retained about past states. In this case, the mental representation provides limited predictive value

for future states.

Cognitive states and beliefs. The two noisy filters produce two cognitive states: noisy news
ni,t and noisy memory mi,t. Together, ni,t and mi,t form the DM’s internal information set at time t,

which the DM uses to infer xt. Consistent with the definition of Mi,t, this internal state carries over

and enters period t+ 1 as Mi,t+1.

Because of the linear-Gaussian structure of ni,t and mi,t, the DM’s posterior belief about the

state is Gaussian. The DM updates this belief using the Kalman filter, which implements Bayesian

updating in a linear-Gaussian setting. Since xt follows a linear Gaussian Markov process, the

predictive distribution p (xt+h|mi,t, ni,t) is also Gaussian for any h. To formalize this, I introduce

notation for the DM’s beliefs about the state xτ for any time τ , conditional on their cognitive states

at time t:

xτ |mi,t ∼ N (xmi,τ |t, Σ
m
τ |t) (1.6)

xτ |mi,t, ni,t ∼ N (xi,τ |t, Στ |t) (1.7)

The first distribution represents the prior belief at the beginning of period t, based solely on noisy

memory. The superscript m indicates that this belief is memory-based. The second distribution is
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the posterior belief after incorporating the noisy news.

1.3 Characterization of the Optimal Filtering Process

The sequence {Kt,Σut,Λt,Σωt}∞t=0 fully characterizes the attention and memory processes over

time. I assume that the optimal noisy filtering process minimizes the expected discounted quadratic

loss in forecast errors.

E

[ ∞∑
t=0

βt
H∑

h=0

(
xt+h − Ei,t xt+h

)′
Q
(
xt+h − Ei,t xt+h

)]
, (1.8)

where Ei,t xt+h denotes DM i’s expectation of xt+h given information at time t, H is the maximum

forecast horizon, and Q is a weighting matrix that I take as given. This loss function can arise from

an underlying decision problem in which the DM’s actions optimally track the state.

Given the Gaussian belief structure, the average losses from inaccurate forecasts are propor-

tional to the DM’s posterior uncertainty, Σt|t. As a result, the loss function (1.8) simplifies to

∞∑
t=0

βt trace (Σt|t Q̃), (1.9)

where Q̃ is a weighting matrix derived from the law of motion of the state vector and the original

weighting matrix Q in equation (1.8).

Selective encoding of forecast-relevant information. Given the costs associated with pro-

cessing information, the DM cannot encode all available data. Instead, the cognitive process must

selectively focus on the subset of information that is most relevant to the task at hand. In other

words, the attention and memory systems extract and retain the most important features, as for-

malized in the proposition below.

Proposition 1. Under optimal information selection, the cognitive process follows the structure:

mi,t = Λ̃tE [xt|Mi,t] + ω̃i,t, ω̃i,t ∼ N (0, Σ̃ωt) (1.10)

ni,t = K̃tE [xt|Nt] + ũi,t, ũi,t ∼ N (0, Σ̃ut) (1.11)

Here, Λ̃t and K̃t are loading matrices, and the terms Σ̃ωt and Σ̃ut denote the variance-covariance
matrices of the cognitive noise components ω̃i,t and ũi,t, respectively. The precise structure of these
matrices is derived in Section 3.1, based on the constraints imposed by the information environment.

Proof. The proof is provided in Online Appendix A.1.

As Proposition 1 indicates, the attention and memory systems should encode only the forecast-

relevant part of each information set, namely the conditional expectations E [xt|Mi,t] and E [xt|Nt].
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Any component that does not move these conditional expectations leaves beliefs about xt un-

changed, yet raises the information cost as measured by mutual information. Selective encoding

therefore reduces cognitive load without sacrificing forecast accuracy.

This conclusion hinges on the Markov structure. Because xt is Markov, all predictive content

for future outcomes flows through xt. The DM therefore needs only the part of each information

set that helps forecast xt. As a result, the forecast-relevant object is at most dim(xt) dimensional.

Without the Markov property, such a low-dimensional representation is not guaranteed, and the

relevant statistic could depend on long histories.

Normalization. Proposition 1 characterizes the cognitive process by the loading matrices (Λ̃t,

K̃t) and the noise covariance matrices (Σ̃ωt, Σ̃ut). However, these objects are not uniquely pinned

down without additional restrictions, because different combinations of loadings and noise covari-

ances can imply the same posterior beliefs. To resolve this indeterminacy, I impose the following

orthogonality conditions to pin down the scale of the cognitive states:

Cov [E [xt|Mi,t]−mi,t,mi,t] = 0 (1.12)

Cov [E [xt|Nt]− ni,t, ni,t|mi,t] = 0 (1.13)

These constraints ensure that noise variances are uniquely determined by the corresponding matrix

loadings. Σ̃ωt is fully determined by Λ̃t, and Σ̃ut by K̃t, as derived in Online Appendix Section A.1.

The matrices Λ̃t and K̃t must satisfy the conditions that ensure the implied noise covariances, Σ̃ωt

and Σ̃ut, are valid, meaning symmetric and positive semi-definite.

1.4 Belief Dynamics after Selective Encoding

Now that we have considered how information is selectively encoded, the next step is to determine

how this encoding shapes beliefs about the state.

To do so, I first clarify what external data reveals about the state. Proposition 1 implies that it

is sufficient to specify the conditional expectation, E [xt|Nt], which I assume equals the true state

plus observation noise νt.

E [xt|Nt] = xt + νt, νt ∼ N (0, Σν) (1.14)

Observation noise captures imperfections in the data, such as measurement error and temporary

disturbances, that obscure the true state.4 Because forecasters rely on the same public data, they

face the same observation noise. For analytical clarity, I assume a stationary environment: the

state evolves under a fixed data-generating process (DGP), and the observation-noise variance Σν

is time-invariant.5

4For example, GDP releases reflect imperfect seasonal adjustment and subsequent revisions, so they do not map
cleanly into underlying economic conditions. Even when measurement is accurate, short-lived shocks such as strikes or
weather disruptions can cause reported GDP to temporarily differ from the underlying economic state.

5This assumption keeps the environment time-invariant and allows me to characterize the steady-state uncertainty.
In Section 4, I relax this restriction and allow both the DGP and observation-noise variance to vary over time.
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Given the structure of the external data in (1.14), the following proposition characterizes how

the DM updates beliefs about the state, subject to cognitive constraints.

Proposition 2. The DM’s prior belief, based only on noisy memory, is:

xmi,t|t = (I − Λ̃t)µx + Λ̃t xi,t|t−1 + ω̃i,t (1.15a)

Σm
t|t = (I − Λ̃t) Σx + Λ̃tΣt|t−1 (1.15b)

where xt ∼ N (µx, Σx) is the DM’s unconditional prior over the state. Given (1.14), the posterior
belief, which also depends on noisy news, updates to:

xi,t|t = (I − K̃t)x
m
i,t|t + K̃t (xt + νt) + ũi,t (1.16a)

Σt|t = (I − K̃t) Σ
m
t|t (1.16b)

Proof. The proof is provided in Online Appendix A.2.

The first set of equations characterizes the DM’s prior belief at time t, which is formed using only

noisy memory. This prior does not simply carry forward the DM’s earlier posterior belief. Instead,

it partially reverts toward the default prior. The matrix I − Λ̃t governs the degree of reversion in

both the mean and the variance. It therefore captures how memory frictions weaken the influence

of past knowledge: when Λ̃t is smaller, less past information carries forward into current beliefs.

The second set of equations describes the posterior update after incorporating noisy news. Here,

the DM adjusts the memory-based prior toward a signal about the current state, with the weight on

this new information determined by K̃t. As with memory, attention frictions shape both the mean

and variance of the posterior distribution. The smaller K̃t, the more muted the response to new

information. Together, memory and attention determine how past knowledge and present data

jointly shape beliefs about the state.

1.5 Further Discussions of the Framework

The proposed framework studies optimal attention and memory for a specific task: forecasting a

state vector that follows a Markov process. Accordingly, both the objective of the cognitive process

and the constraints it faces are tailored to that task. The optimal cognitive process is therefore

not intended to explain other dimensions of attention and memory, such as why some events are

emotionally salient and become disproportionately memorable.6 Such mechanisms matter in many

settings, but they are less central when the task is simply to forecast a temporally evolving state. In

this sense, the framework is task-specific rather than a general-purpose model of cognition.

Even within the forecasting task considered here, the way cognitive constraints are modeled

affects the structure of the optimal cognitive process. In my framework, attention and memory

6See, for example, Bordalo et al. (2022), Wachter et al. (2025), Wachter and Kahana (2024), Bordalo et al. (2024),
and Enke et al. (2024) for recent work that incorporates richer cognitive mechanisms.
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operate as parallel systems, each subject to its own accuracy constraint, as in equations (1.2) and

(1.5). This separation is a stylized abstraction, but it is loosely motivated by evidence from cognitive

neuroscience that attention and memory rely on partly distinct neural circuits (Purves et al., 2013).

An alternative approach would impose a single joint information constraint over both systems, for

example, by constraining the mutual information between (mi,t, ni,t) and (Mi,t, Nt). Under such a

joint constraint, the two systems would be more tightly coupled, because information acquired by

one would change the marginal value of information in the other. I maintain separate constraints

for tractability. However, the paper’s main qualitative results require only that both attention and

memory remain capacity-constrained. As long as a joint constraint preserves finite capacity in both

systems, so that neither friction disappears, I would expect the same qualitative patterns to emerge.

2 Cognitive Noise and Forecast Biases

To illustrate the core mechanisms at work, I next consider a single state version of the model. This

univariate environment is a special case of the general framework introduced in the previous section

and yields a closed-form characterization of the optimal cognitive process. The solution shows

how attention and memory frictions jointly shape forecast behavior and motivates an identification

strategy to estimate their magnitudes from observed forecast biases.

2.1 Optimal Cognitive Process for a Single State Variable

Consider a univariate latent variable zt that follows an autoregressive process:

zt = (1− ρ)µ+ ρ zt−1 + ϵt (2.1)

where µ is the long-run mean of zt, and ρ is the serial correlation parameter, with 0 < |ρ| < 1.

The innovation term ϵt is drawn from a Gaussian distribution, N (0, σ2
ϵ ). Throughout this section,

I maintain the assumption that the decision-maker knows the DGP, including the parameters µ, ρ,

and σ2
ϵ .

As in (1.14), external data provide an imperfect signal of zt:

E [zt|Nt] = zt + νt, νt ∼ N (0, σ2
ν) (2.2)

where νt is the observation noise shared across agents.

The state vector is now one-dimensional, xt = (zt). This simplification makes the forecast-

relevant information one-dimensional as well, allowing the cognitive process to be derived in closed

form. Applying Proposition 1, the optimal filtering process for memory and attention is:

mi,t = λ̃tE [zt|Mi,t] + ω̃i,t, ω̃i,t ∼ N (0, σ̃2
ωt) (2.3)

ni,t = κ̃tE [zt|Nt] + ũi,t, ũi,t ∼ N (0, σ̃2
ut) (2.4)

Since the state is scalar, the loadings λ̃t and κ̃t are now scalars rather than matrices. The associated
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noise variances also admit closed-form expressions under the normalization conditions in (1.12)

and (1.13).

I then derive the closed-form expressions for the mutual information associated with the atten-

tion and memory filters defined above:

I (mi,t;Mi,t) = −1

2
log (1− λ̃t) (2.5)

I (ni,t;Nt) = −1

2
log

Σm
z,t|t − κ̃t (Σ

m
z,t|t + σ2

ν)

Σm
z,t|t + κ̃t (Σz − Σm

z,t|t)
(2.6)

Here, Σm
z,t|t denotes the DM’s prior uncertainty about zt at time t, and Σz denotes the unconditional

prior uncertainty. The mutual information generated by each filtering step depends only on its

own loading. A higher loading transmits more information and therefore corresponds to greater

precision.

The loadings λ̃t and κ̃t are determined by the cognitive constraints in (1.2) and (1.5), each

governed by a parameter ϕm, ϕn ∈ (0, 1) that limits the mutual information. Because mutual infor-

mation rises monotonically with the loading, these constraints bind, yielding the optimal loadings:

λ̃t = 1− ϕm (2.7)

κ̃t =
Σm
z,t|t

Σm
z,t|t + σ2

ν +
ϕn

1−ϕn
(Σz + σ2

ν)
(2.8)

Cognitive frictions directly shape the loadings. Memory frictions ϕm reduce the memory loading

λ̃t, and attention frictions ϕn reduce the attention loading κ̃t.7 These loadings in turn determine

the decision-maker’s uncertainty about the latent state:

Σm
z,t|t = Σz,t|t−1 + (1− λ̃t)(Σz − Σz,t|t−1) (2.9)

Σz,t|t = (1− κ̃t) Σ
m
z,t|t (2.10)

A lower memory loading raises the prior uncertainty (Σm
z,t|t), relative to the last period’s poste-

rior uncertainty (Σz,t|t−1), while a lower attention loading raises the posterior uncertainty (Σz,t|t).

Equations (2.7)-(2.10) also imply a feedback loop between memory and attention: memory fric-

tions lower λ̃t, which raises prior uncertainty and in turn increases the attention loading κ̃t.

The next section analyzes how these distinct channels of attention and memory frictions shape

belief dynamics. I focus on the case where learning opportunities accumulate so that uncertainty

converges to a steady state, as implied by equations (2.9)- (2.10). The attention loading converges

at the steady state, and the memory loading is constant over time, as shown in equation (2.7). I

denote these values by λ̃ and κ̃.
7Without attention frictions, κ̃t is the standard signal-extraction ratio, Σm

z,t|t/(Σ
m
z,t|t + σ2

ν).
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2.2 Beliefs under Attention and Memory Frictions

Based on the optimal cognitive process described above, I now characterize how beliefs about the

latent state zt evolve over time:

zi,t|t =
(
1− λ̃

)
(1− κ̃)µ+ λ̃ (1− κ̃)︸ ︷︷ ︸

Stickiness

zi,t|t−1 + κ̃︸︷︷︸
Sensitivity

zt + noiset + noisei,t (2.11)

The two noise terms represent different sources of errors. The term noiset ≡ κ̃ νt reflects noise aris-

ing from imperfections in the external data, while noisei,t ≡ (1− κ̃) ω̃i,t+ ũi,t captures idiosyncratic

cognitive noise from imprecision in memory and attention filters.

This law of motion highlights two key features of forecasts: sensitivity and stickiness. Sensi-

tivity, measured by the attention loading κ̃ (the Kalman gain in standard filtering terminology),

determines how strongly beliefs react to new information. Stickiness, given by λ̃(1− κ̃), measures

how tightly current forecasts remain anchored to past beliefs. With attention frictions alone, sen-

sitivity and stickiness are two sides of the same coin. Both move solely through changes in κ̃, so

higher attention frictions directly reduce sensitivity and mechanically increase stickiness.

Introducing memory frictions produces a distinctive pattern I call spike-and-decay dynamics.
Memory frictions affect forecasts through two reinforcing channels. By lowering λ̃, they directly

weaken dependence on past beliefs and reduce stickiness. At the same time, by raising κ̃, they make

beliefs more reactive to new information. As a result, forecasts jump more sharply in response to

news and fade more quickly afterward than in a model without memory frictions.

At first glance, memory frictions may seem to simply reverse the effect of attention frictions.

This view, however, misses a critical distinction. Attention frictions affect stickiness only through

changes in sensitivity (κ̃), whereas memory frictions also directly reduce the reliance on past beliefs

(λ̃). Equation (2.11) makes this distinction clear. Holding sensitivity fixed, forecasts with only

attention frictions remain more persistent because their stickiness term 1 − κ̃ exceeds λ̃(1 − κ̃)

under memory frictions. This additional channel creates scope for systematic forecast biases that

attention frictions alone cannot generate.

Impulse response function. To illustrate the effects of attention and memory frictions, I examine

the impulse response function (IRF). The IRF traces how a one-unit innovation to the latent state

at time t affects the posterior belief k periods later. Recursively solving equation (2.11) yields the

belief at time t+ k.

IRFt+k = κ̃ ρk
k∑

j=0

(
λ̃ (1− κ̃)

)j
(2.12)

This expression highlights that the initial jump, given by κ̃, reflects sensitivity to news, while the

subsequent decay is jointly governed by the persistence of the state ρ and the stickiness term λ̃(1−
κ̃).

Figure 1 plots the IRFs under different cognitive frictions, using the DGP parameterized by
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Figure 1: Impulse Responses of zi,t|t

The figure shows the impulse response of the posterior belief to a one-unit innovation in zt. The magnitude of

cognitive frictions (ϕn, ϕm) is represented by line type and color. The black dotted line corresponds to (0.0, 0.0),

the blue dashed line to (0.5, 0.0), and the orange solid line to (0.5, 0.5). I parameterize the model environment

with ρ = 0.8, σ2
ϵ = 1.0, and σ2

ν = 0.056.

ρ = 0.8 and σ2
ϵ = 1. I set the observation noise variance σ2

ν to be two percent of V ar [zt], which

is approximately 0.056. In the frictionless benchmark (black dotted line), beliefs update efficiently

(ϕm = ϕn = 0). Even in this case, sensitivity remains below one because external data do not fully

reveal the latent state (κ̃ = Σt|t−1/(Σz,t|t−1 + σ2
ν) < 1). Introducing attention frictions (ϕn = 0.5)

makes beliefs adjust more sluggishly (blue dashed line). Adding memory frictions (ϕm = 0.5)

produces the characteristic spike-and-decay pattern (orange solid line). Beliefs jump more sharply

in response to news but fade more rapidly afterward than under attention frictions alone.

Mapping sensitivity and stickiness across frictions. Figure 1 illustrates how one specific param-

eterization of attention and memory frictions shapes sensitivity and stickiness. Figure 2 extends this

analysis using the same DGP, mapping the model predictions across the full parameter space. The

left panel reports sensitivity, and the right panel reports stickiness, with attention frictions varying

along the x-axis and memory frictions along the y-axis.

The dotted lines mark combinations of attention and memory frictions that yield the same level

of sensitivity or stickiness as in the frictionless benchmark. In the sensitivity panels, parameter

pairs that produce lower sensitivity than the benchmark are labeled “Less sensitive,” while those

producing higher sensitivity are labeled “More sensitive.” The stickiness panels are labeled analo-

gously. The color intensity indicates magnitudes. Darker blue reflects lower sensitivity and higher

stickiness. Darker orange denotes higher sensitivity and lower stickiness.

Together, these maps show how beliefs evolve under different cognitive frictions. Memory

frictions make beliefs more sensitive and less sticky than under attention frictions alone. Relative
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Figure 2: Forecast Sensitivity and Stickiness Across Frictions

The figure shows forecast sensitivity to new information (left panel) and stickiness to prior forecasts (right panel),

relative to a rational benchmark without cognitive frictions, across varying levels of attention and memory frictions.

The color intensity indicates magnitudes. I adopt the same model environment parameters as Figure 1.

to the x-axis, which corresponds to no memory frictions, moving vertically upward raises sensitivity

and lowers stickiness. This pattern echoes the impulse response in Figure 1. A natural implication is

that, in the presence of memory frictions, matching a given level of sensitivity or stickiness requires

larger attention frictions than in a model without memory frictions.

The panels further demonstrate that introducing memory frictions can generate belief dynamics

outside the scope of attention-only models. In particular, the sensitivity panel indicates that while

most parameter pairs reduce sensitivity relative to the benchmark, mild attention frictions allow

memory frictions to raise it above that level. (This corresponds to a higher on-impact response of

the solid orange line compared to the dotted black line in Figure 1.) The stickiness panel shows a

parallel effect. Memory frictions can more than offset the persistence induced by attention frictions,

leading beliefs to fade faster than in the frictionless benchmark.

Are memory frictions relevant? At first glance, Figure 2 might suggest that memory frictions play

only a secondary role. Attention frictions dominate, and most parameter combinations produce

sluggish forecasts with low sensitivity and high stickiness. Yet this apparent dominance does not

make memory frictions irrelevant. While their effects are masked by attention frictions, memory

frictions generate forecast dynamics that differ sharply from those implied by attention frictions, as

illustrated by the spike-and-decay pattern in Figure 1.

The remainder of the paper shows why attention and memory frictions need to be considered

together. Section 2.3 shows that both frictions are necessary to explain the forecast biases often

found in macroeconomic survey forecasts and that estimating attention frictions in isolation leads

to systematic misinference. Section 3 turns to horizon-dependent forecast dynamics, showing that

forecasts that appear sluggish at short horizons can become much more sensitive at longer horizons
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because of memory frictions. This helps explain the pattern of forecast biases observed across

horizons, as discussed in Section 3.3.

2.3 Biases in Survey Forecasts

This section examines how survey forecasts may deviate from the Full-Information Rational Expec-

tations (FIRE) benchmark. By revisiting standard empirical tests from the literature, I assess the

extent to which cognitive noise can account for systematic forecast errors.

The FIRE hypothesis relies on three assumptions in my framework: (i) Bayesian efficiency,

meaning agents optimally use all available information given correct beliefs about the environment;

(ii) perfect memory, meaning agents accurately retain and use past information; and (iii) perfect

attention, meaning agents accurately use new information.

Existing regression specifications provide empirical tests of these assumptions. Coibion and

Gorodnichenko (2015) use average forecasts in a regression test of all three FIRE assumptions:

zt+h − Ēt zt+h = αC + βC
(
Ēt zt+h − Ēt−1 zt+h

)
+ et+h|t, (2.13)

where Ēt zt+h is the average forecast across individuals. If forecasters are Bayesian efficient and

process both past and current information without distortion, revisions should not predict future

errors (βC = 0). On the other hand, Bordalo et al. (2020) use individual-level forecasts, which

examines departures from Bayesian efficiency and perfect memory:

zt+h − Ei,t zt+h = αI + βI (Ei,t zt+h − Ei,t−1 zt+h) + ei,t+h|t, (2.14)

where Ei,t zt+h denotes forecaster i’s expectation of zt+h at time t. Under these assumptions, fore-

cast revisions should be uncorrelated with subsequent errors (βI = 0), as forecasters would already

be optimally incorporating their past knowledge.

Consensus error-revision test. Coibion and Gorodnichenko (2015) find a positive relationship

between consensus forecast errors and revisions (βC > 0) across macroeconomic variables. They

interpret this pattern as evidence of information frictions, such as noisy signals or delayed infor-

mation, that slow forecast adjustment. In their framework, the magnitude of βC > 0 reflects the

severity of these frictions. The cognitive noise model offers a novel interpretation of βC by showing

how memory frictions also shape forecast adjustment.

Proposition 3. In the presence of attention and memory frictions, the asymptotic limit of βC is:

βC =
1− κ̃

κ̃

{
1 +

(
1− λ̃

) λ̃ (1− κ̃) ρ2

1− λ̃ (1− κ̃) ρ2

}

if σ2
ν → 0. Furthermore, βC has the following properties:

1. βC > 0 if ϕn > 0, and βC = 0 if ϕn → 0.

2. d βC
d ϕn

> 0, and d βC
d ϕm

< 0 if (1− ϕm)2ρ2 ≥ 1− 2ϕm.
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Proof. See Online Appendix C.

The proposition delivers two key insights. First, it confirms Coibion and Gorodnichenko (2015)’s

core finding that attention frictions generate positive βC through sluggish updating. Second, it

highlights a novel countervailing force from memory frictions. Memory frictions make prior knowl-

edge less precise and therefore raise the Kalman gain κ̃. Forecasters then put more weight on new

information, which lowers βC . This effect always holds when ϕm > 1/2. When ϕm < 1/2, it con-

tinues to hold as long as ρ2 ≥ (1− 2ϕm)/(1− ϕm)2.

Individual error-revision test. Bordalo et al. (2020) document a negative βI across a range

of macroeconomic and financial variables. Under the implicit assumption of perfect memory, stan-

dard information frictions imply βI = 0 as long as forecasters incorporate their past knowledge

efficiently. To explain the negative βI , the authors thus relax Bayesian efficiency and propose “diag-

nostic expectations,” a model in which agents overweight recent information and revise forecasts

excessively. I offer an alternative interpretation that preserves Bayesian efficiency but relaxes the

assumption of perfect memory.

Proposition 4. In the presence of attention and memory frictions, the asymptotic limit of βI is:

βI = −

(
1− λ̃

)
(1− κ̃)

2
(
1− λ̃

)
(1− κ̃) + ρ−2 − 1

if ρ > 0. Furthermore, βI has the following properties.

1. βI < 0 if ϕm > 0, and βI = 0 if ϕm → 0.

2. d βI
d ϕn

< 0, and d βI
d ϕm

< 0.

Proof. See Online Appendix C.

The proposition shows that memory frictions can generate a negative βI even when agents up-

date their beliefs efficiently given their information. In this framework, βI captures a predictable

wedge that arises because agents condition on a noisy internal representation of past knowledge

rather than on the full history. When memory becomes less precise, the memory-based prior pro-

vides a weaker and more heterogeneous anchor. Relative to a perfect-memory benchmark, this

makes revisions more aggressive and more variable in an individual-specific way, pushing βI below

zero.

The strength of this effect depends on both attention and memory frictions. Higher memory

frictions further weaken the anchor provided by past knowledge, making βI more negative. Higher

attention frictions attenuate the impact of new information, so posterior beliefs place more weight

on the memory-based prior. When that prior is itself noisy, this increased reliance amplifies the
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same over-revision channel and pushes βI further below zero.

2.4 Joint Identification of the Cognitive Frictions

The previous propositions show how attention and memory frictions shape forecast biases. Taken

together, they provide a basis for identifying the underlying severity of these frictions.

Lemma 1. Values of βC and βI identify a unique pair of ϕn and ϕm, if it exists.

Proof. See Online Appendix C.

This lemma establishes a one-to-one mapping between the regression coefficients (βC , βI) and

the underlying cognitive frictions (ϕn, ϕm). Propositions 3 and 4 describe how attention and mem-

ory frictions move βC and βI . Given those comparative statics, the geometry of identification

follows directly.

To visualize this mapping, I plot isocurves in (ϕn, ϕm) space. The βC isocurve collects all pairs

(ϕn, ϕm) that deliver a fixed βC , and the βI isocurve collects all pairs that deliver a fixed βI . Be-

cause attention and memory frictions affect βC in opposite directions, holding βC constant requires

increasing ϕm when ϕn rises, so the βC curve slopes upward. In contrast, attention and memory

frictions affect βI in the same direction, so holding βI constant requires decreasing ϕm when ϕn

rises, implying a downward-sloping βI isocurve. The opposing slopes imply a unique intersection

when it exists. This intersection yields point identification of (ϕn, ϕm).

Figure 3 illustrates this identification under the DGP used in Figure 1. The isocurve for βC = 0.5

(blue dashed line) slopes upward, while the isocurve for βI = −0.2 (orange solid line) slopes

downward. Their intersection at ϕn = 0.29 and ϕm = 0.53 identifies the unique combination of

cognitive frictions consistent with both biases.

2.5 Horizon dependence of βC and βI

Coibion and Gorodnichenko (2015) and Bordalo et al. (2020) estimate the regression coefficients

βC and βI using survey forecasts three to four quarters ahead. For persistent macroeconomic

variables, these are still relatively short horizons. For that reason, the present section focuses on

a univariate setting that abstracts from uncertainty about the long-run mean. This stripped-down

environment is useful because it isolates the near-horizon implications of cognitive frictions in the

clearest way.

However, this simplification makes the setup less suitable for studying longer-horizon forecasts.

The term structure of expectations depends on how forecasters perceive the long-run anchor, but

the data-generating process in this section leaves no room for that channel. Once agents infer

the current state, the model projects that inference mechanically into the future, implying the
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Figure 3: Joint identification of cognitive frictions using βC and βI

The figure displays isocurves for the two regression coefficients in equations (2.13) and (2.14). The blue dashed

curve shows pairs of attention friction (ϕn) and memory friction (ϕm) that yield βC = 0.5. The orange solid curve

shows pairs that yield βI = −0.2. The intersection of the two curves identifies the unique pair of cognitive frictions

consistent with both empirical moments. I adopt the same model environment parameters as Figure 1.

same regression coefficients at every horizon. The baseline setup can therefore match near-horizon

moments, but it cannot speak to how those moments vary across horizons.

The following section extends the model to incorporate long-run uncertainty, which provides a

natural setting to study this horizon dependence. In that richer environment, I show that memory

frictions become more important at longer horizons, which changes the implied values of βC and

βI systematically with the forecast horizon. Section 3.3 discusses evidence consistent with this

prediction.

A natural follow-up question is whether the same horizon patterns would also emerge in other

models that match the near-horizon evidence once long-run uncertainty is introduced. The answer

is not immediate. In several related frameworks (Angeletos et al., 2021; Bordalo et al., 2020;

Gemmi & Valchev, 2026), the behavioral mechanism is introduced in a reduced-form way to match

short-horizon forecast dynamics. But these models do not clearly show how the same mechanism

affects longer-horizon expectations. In my framework, the extension is more tightly disciplined.

The same two friction parameters that govern near-horizon updating also govern the full term

structure of expectations. This delivers horizon dependence without adding new behavioral pa-

rameters.
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3 Implications for the Term Structure of Expectations

This section expands the state space to study how attention and memory frictions shape beliefs

differently across forecast horizons. Memory frictions matter more at long horizons than at short

horizons, and I discuss empirical evidence consistent with this prediction.

3.1 Optimal Cognitive Process for the Term Structure

To incorporate uncertainty about the long run, I modify the DGP for zt:

zt − µt = ρ (zt−1 − µt−1) + ϵt (3.1a)

µt = (1− ρµ)µ+ ρµ µt−1 + ϵµ,t. (3.1b)

The exogenous state zt now fluctuates around a stochastic mean µt, unlike the previous section

where the mean was fixed.8 The DM must therefore form beliefs about both zt and µt, so the state

variable is xt = (zt, µt).

I maintain the assumption that external data provide a noisy signal only about zt, as in equation

(2.2), consistent with a typical macroeconomic environment. Data releases primarily measure cur-

rent conditions, while the low-frequency component remains latent. The DM therefore learns about

the persistent component only indirectly, by decomposing observed movements into transitory and

more permanent components.

I now derive the optimal cognitive process, as described in Proposition 1, by specifying the

time-t attention loading matrix K̃t and memory loading matrix Λ̃t. For prior and posterior beliefs,

I use the notation in equations (1.6)- (1.7).

Deriving the optimal attention loading matrix K̃∗
t . When forecasters are uncertain only about

zt, the optimal attention system is one-dimensional and fully characterized by the loading scalar κ̃t,

as in equation (2.8). This structure generalizes to the expanded state space because external data

inform the low-frequency state µt only through zt. Thus, E [zt|Nt] remains a sufficient statistic for

the information in Nt relevant for inferring µt. The full attention matrices K̃t and Σ̃ut in equation

(1.11) therefore follow directly from κ̃t and σ̃2
ut:

K̃∗
t =

κ̃t
e′1Σ

m
t|t e2

Σm
t|t e2 e

′
2 (3.2)

Σ̃∗
ut =

σ̃2
ut

(e′1Σ
m
t|t e2)

2
(Σm

t|t e2)(Σ
m
t|t e2)

′ (3.3)

where the vectors e1 and e2 are defined as e1 ≡ (1 0)′ and e2 ≡ (0 1)′.

Deriving the optimal memory loading matrix Λ̃∗
t . The derivation of Λ̃∗

t parallels principal

8Azeredo da Silveira et al. (2024) studies uncertainty about the constant mean µ. In this setting, memory frictions
prevent agents from fully learning the parameter.
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component analysis (PCA) in that both methods rank information by importance. However, they

differ in their ranking criteria. PCA prioritizes components by their contribution to the current

variance. In contrast, the memory system prioritizes components by their value for forecasting

future states, conditional on the information available from the external data.

Deriving the optimal memory system in the expanded state space raises two challenges. First,

with a multidimensional state, the optimal memory structure must allocate limited capacity across

different components of past knowledge, anticipating which data will become available in future

periods. Second, the loss function is non-convex in the choice variable, which is a time path

of matrices that define the memory system. Because the problem is non-convex, solving it re-

quires a global optimization over an infinite sequence of matrices rather than a simple dynamic-

programming solution on a convex domain. To make the problem tractable, I focus on the myopic

case (β → 0), which collapses the dynamic problem into a single period and yields an analytical

solution for Λ̃t, stated in the next proposition.

Proposition 5. The optimal memory loading matrix Λ̃∗
t is given by

Λ̃∗
t = V ar

[
xi,t|t−1

] 1
2 UtDt U

′
t V ar

[
xi,t|t−1

]− 1
2 , (3.4)

where the orthonormal matrix Ut is defined by the eigendecomposition

V ar
[
xi,t|t−1

] 1
2 Γt V ar

[
xi,t|t−1

] 1
2 = UtGt U

′
t

with

Γt ≡ (I − K̃∗
t )

′Q̃(I − K̃∗
t ) (3.5)

and Gt = diag(g1t, g2t) contains the eigenvalues in descending order, g1t ≥ g2t.

The diagonal matrix Dt in equation (3.4) is determined by the eigenvalues and the memory friction
parameter, ϕm:

Dt =



(
1− ϕm 0

0 0

)
if ϕm ≥ g2t

g1t1−
(
g2t
g1t

ϕm

) 1
2

0

0 1−
(
g1t
g2t

ϕm

) 1
2

 otherwise.

Proof. See Online Appendix A.1 for a full derivation.

The matrix Γt in equation (3.5) captures the residual uncertainty that remains after available

information has been processed through the attention and memory systems, weighting each di-

mension by the loss function to show which components the memory system should prioritize. This

prioritization reflects two main forces. First, larger values in I−K̃∗
t imply that external data contain
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little information about some components, so the DM relies more on memory.9 Second, the loss

matrix Q̃ weights forecast errors across dimensions and pushes memory resources toward the most

consequential sources of error.

As a step toward solving for Λ̃∗
t , I take the eigendecomposition of

V ar
[
xi,t|t−1

] 1
2 ΓtV ar

[
xi,t|t−1

] 1
2

which represents Γt in units of belief dispersion, V ar
[
xi,t|t−1

]
.10 The eigenvectors of this matrix,

collected in Ut, define orthogonal directions along which next-period loss-weighted uncertainty is

greatest, with corresponding eigenvalues g1t and g2t. The diagonal matrix Dt then assigns weights

to these directions in Λ̃∗
t .

The optimization admits two possible structures for Dt. In the low-rank case, the memory

system retains only the leading principal component. Dt places full weight on the first component

and zero on the second. This outcome arises when the memory constraint is tight relative to the

eigenvalue ratio, g2t/g1t. In the full-rank case, the memory system retains both components. Dt

places more weight on the first component but still allocates some capacity to the second, producing

a two-dimensional representation that tracks multiple sources of variation.

Deriving the optimal memory loading clarifies how an optimal memory system allocates re-

sources efficiently across environments. A naive alternative would be to impose a simple form

that satisfies the memory constraint (1.5), such as Λ̃t = (1−
√
ϕm) I, where I denotes the identity

matrix. Although such a rule is easy to implement, it misses efficiency gains from optimal encoding.

The informational value of memory can be quantified by the reduction in posterior uncertainty:

∆Im,t ≡ −1

2
log

(
det
(
V ar

[
xt|mi,t, ni,t

)]
det
(
V ar [xt|ni,t]

) )
(3.6)

which measures the incremental uncertainty reduction from the memory component of cognitive

noise beyond what the attention component provides. A higher ∆Im,t indicates that memory con-

tributes distinct information that improves inference about the underlying state.

Figure 4 compares ∆Im,t under the optimal and naive loading matrices across values of the

memory-friction parameter ϕm. I set attention frictions to ϕn = 0.5. The orange solid line shows

∆Im,t under the optimal loading matrix, while the gray dash-dotted line shows the corresponding

value under the naive loading matrix. Throughout, I parameterize the DGP with ρ = 0.8, σ2
ϵ = 1.0,

ρµ = 0.99, and σ2
µ = 0.02, and I set the observation noise to σ2

ν = 0.08.11

In both the optimal and naive cases, the efficiency of memory declines as the memory constraint

9K̃∗
t depends on Λ̃∗

t via the prior uncertainty Σm
t|t. Thus, changes in the memory system affect how new information

is processed, creating feedback between attention and memory.
10The term V ar

[
xi,t|t−1

]
measures how beliefs vary across realizations of the information set. Multiplying Γt by its

squared root on both sides rescales Γt by the extent of belief variation, allowing directions to be compared in proportion
to how strongly beliefs fluctuate.

11This parameterization implies that the long-run trend accounts for 30 percent of the total variance in zt, while
external noise accounts for around 2 percent. This calibration delivers dynamics similar to those of the variable used in
the estimation section.
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Figure 4: Informational Value of Memory

The figure plots ∆Im,t, the incremental reduction in posterior uncertainty about the state xt from mi,t, conditional

on ni,t, as defined in equation (3.6). The solid orange line shows results under the optimal loading matrix, Λ∗
t ,

derived in Proposition 5, while the gray dash-dotted line depicts the naive loading matrix, Λ̃t = (1−
√
ϕm) I, where

I is the identity matrix. I parameterize the model environment with ρ = 0.8, σ2
ϵ = 1.0, ρµ = 0.99, σ2

µ = 0.02, and

σ2
ν = 0.08. The attention friction parameter (ϕn) is set at 0.5.

tightens (higher ϕm). As expected, the two specifications converge at the extremes, when ϕm

approaches zero or one, but differ in the intermediate range. There, the optimal memory system

delivers larger reductions in uncertainty about the state.

3.2 Channels of Cognitive Frictions Across Forecast Horizons

Having established the derivation of the optimal cognitive process, I now examine how this mech-

anism operates across forecast horizons. This section shows how memory frictions become increas-

ingly influential at longer forecast horizons.

What information does the memory system prioritize storing? To answer this, I compute the

incremental uncertainty reduction from the memory and news components of the cognitive state. I

compute these quantities separately for each latent variable, zt and µt, rather than only for the full

state vector xt.

Let ∆Im,t denote the incremental uncertainty reduction from mi,t, conditional on ni,t, as defined

in equation (3.6). I define ∆In,t analogously as the incremental uncertainty reduction from ni,t,

conditional on mi,t. For each state variable, I summarize the relative contribution of memory to

news with the ratio ∆Im,t/∆In,t.

Figure 5 plots ∆Im,t/∆In,t, using the same model-environment parameters as in Figure 4. I fix

the attention and memory frictions at (ϕn, ϕm) = (0.5, 0.5). The blue dashed line reports results for

the current state zt, and the orange solid line for the low-frequency component µt. I vary the vari-
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Figure 5: Informational Value of Memory Relative to News

The figure plots the ratio ∆Im,t/∆In,t, which describes the relative informational value of memory relative to

news, for each state variable. The dashed blue line shows results for zt, and the solid orange line shows results for

µt. I adopt the same model environment parameters as Figure 4 and set (ϕn, ϕm) = (0.5, 0.5).

ance of observation noise, σ2
ν .12 Across all levels of σ2

ν , memory has higher relative informational

value for learning µt than for learning zt. As external data becomes noisier, the informational value

of news falls, so memory becomes relatively more important for both state variables. This shows

up as an upward slope in ∆Im,t/∆In,t as σ2
ν increases.

Figure 5 clarifies how the cognitive system allocates precision across news and memory. Because

external data provide more direct information about zt, the memory system allocates relatively

more capacity to storing information that helps pin down the low-frequency component µt. The

same logic maps into the term structure of expectations. Short-horizon forecasts load more on

news, while long-horizon forecasts rely more on stored knowledge. As a result, memory frictions

matter more at the long end of the term structure.

Impulse response function. This heavier reliance of long-horizon forecasts on memory implies

that they are more likely to display the features of memory frictions. As discussed in Section 2.2,

memory frictions generate spike-and-decay dynamics in forecasts, making them more sensitive on

impact but less persistent over time.

Figure 6 plots the impulse responses of the long-horizon forecasts to a one-unit innovation

in the cyclical component, zt − µt, under different cognitive frictions. The same DGP as Figure

4 is used. The qualitative patterns mirror those in Figure 1. When only attention frictions are

present (blue dashed line), beliefs adjust sluggishly relative to the frictionless benchmark (black

dotted line). Introducing memory frictions (orange solid line) again produces the spike-and-decay
12This thought experiment starts the cognitive system at its steady state and then changes σ2

ν . The DM reoptimizes
immediately, so all cases begin from identical initial conditions.
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Figure 6: Impulse Responses of µi,t|t

The figure shows the impulse response of long-horizon forecasts to a one-unit innovation of zt−µt. The magnitude

of cognitive frictions (ϕn, ϕm) is represented by line type and color. The black dotted line corresponds to (0.0, 0.0),

the blue dashed line to (0.5, 0.0), and the orange solid line to (0.5, 0.5). I adopt the same model environment

parameters as Figure 4.

pattern. However, unlike in Figure 1, the initial jump of long-horizon forecasts now exceeds the

frictionless benchmark, followed by a faster decay.

Notably, long-horizon forecasts remain elevated for a prolonged period when memory frictions

are absent, even though the long-run component is held constant in this experiment. Without

memory frictions, the cyclical shock leaves a highly persistent imprint on the long-horizon beliefs,

causing forecasts to drift away from the true long-run trend. Introducing memory frictions produces

a sharper but more transient response, allowing long-horizon beliefs to realign with the true state

more quickly.

Sensitivity and stickiness over the term structure. To examine how forecast behavior varies

with horizon across the cognitive-friction parameter space, I revisit the model’s predictions for

forecast sensitivity and stickiness at short and long horizons. Figure 7 extends the analysis from

Figure 2 by comparing these measures across horizons, using the same DGP as Figure 4.13

The top panel illustrates forecasts of zt. As in Figure 2, sensitivity to new information is gener-

ally below the frictionless benchmark, surpassing the benchmark only when attention frictions are

minimal. Stickiness, depicted alongside sensitivity, shows forecasts heavily anchored to prior be-

liefs, exceeding the benchmark level only when attention frictions are very low or memory frictions

are large.
13I measure sensitivity using the Kalman gain. I measure stickiness by the model-implied coefficient in a regression

of forecasts on prior beliefs, conditional on common news components. The resulting regression coefficient reflects how
closely forecasts remain anchored to past information. Both measures are computed separately for forecasts of zt and
µt.
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Figure 7: Forecast Sensitivity and Stickiness Across Horizons

Panels compare forecast sensitivity and stickiness relative to a rational benchmark without cognitive frictions.

Panel (a) shows forecasts of zt, and panel (b) shows forecasts of µt, across varying levels of attention and memory

frictions. Darker color shading indicates greater magnitude. I adopt the same model environment parameters as

Figure 4.

The bottom panel presents forecasts for the low-frequency component (µt), revealing a dis-

tinctly different pattern. Here, sensitivity rises above the frictionless benchmark over a broader

friction space. Memory frictions increase responsiveness even with sizable attention frictions. This

26



occurs because external data provide only limited information about long-run trends, increasing

dependence on memory. At the same time, stickiness declines relative to the benchmark over a

wider friction space. Memory frictions weaken reliance on prior beliefs, resulting in long-horizon

forecasts that are less anchored in past information. These findings underscore the critical role of

memory frictions in shaping forecast dynamics, particularly at longer horizons.

3.3 Forecast Bias Across Horizons

Having established that spike-and-decay dynamics become increasingly prominent at longer fore-

cast horizons, I show that this feature helps explain frequently observed forecast biases.

Forecast error-revision regressions. Numerous studies find that forecasters respond more strongly

at long horizons than at short horizons. Using the forecast error-revision regressions (2.13) and

(2.14), these papers show that estimated coefficients become increasingly negative as the forecast

horizon lengthens, indicating stronger overreaction at longer horizons.

This horizon-dependent bias pattern appears across a wide range of settings. For consensus

views among professional forecasters, Halperin and Mazlish (2025) show that longer-term pro-

jections for GDP, inflation, investment and consumption display increasingly negative coefficients

across multiple countries. Similar patterns emerge in financial forecasts. d’Arienzo (2020) and

Wang (2021) find that individual forecasts of long-maturity interest rates overreact more at distant

horizons. Evidence from stock analysts is consistent with this pattern. Bordalo et al. (2019) and

Bordalo et al. (2023) show that analysts revise long-horizon forecasts excessively. Finally, Afrouzi

et al. (2023) confirm the same pattern in experimental settings, where individuals asked to predict

hypothetical time series revise long-horizon forecasts more strongly than short-horizon ones.

Figure 8 illustrates the model’s predictions for the error-revision regressions, using the same

DGP as Figure 4. The left panel reports the average-forecast regression coefficients βC from equa-

tion (2.13), and the right panel reports the individual-level coefficients βI from equation (2.14).

Each line varies the magnitude of memory frictions while holding the attention-friction parameter

fixed. The friction parameters shown here are chosen for illustration.

Under attention frictions alone (blue dashed line), the coefficients remain largely stable across

horizons. βC decreases only slightly, reflecting the differences in the DGPs of the two state variables,

while βI stays at zero for all horizons. By contrast, when memory frictions are present, both

coefficients decline as the forecast horizon lengthens. βC starts positive at short horizons and turns

negative for longer ones, while βI is negative from the outset and becomes increasingly so with

horizon length.

Dynamics of forecast errors. Another way to assess forecast biases is to examine how forecast

errors fade over time after a shock. This corresponds to analyzing the impulse response of forecast

errors. Angeletos et al. (2021) document that professional forecasters’ predictions for unemploy-

ment and inflation initially undershoot and then overshoot realized outcomes. In other words,
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Figure 8: Error-Revision Coefficients across Forecast Horizons

The figure plots regression coefficients from the forecast error-revision relationship. The left panel reports results

for average forecasts (2.13), and the right panel shows results for individual forecasts (2.14). Each line corresponds

to a different pair of cognitive frictions, (ϕn, ϕm). I adopt the same model environment parameters as Figure 4.

forecast errors, defined as realizations minus forecasts, are initially positive, then turn negative,

and eventually return to zero.

Figure 9 plots the forecast errors of four-period-ahead predictions in response to a one-unit

innovation of zt − µt, using the same DGP and friction parameters as Figure 4. Each line traces the

evolution of ex-post forecast errors under different degrees of memory frictions.

When only attention frictions are present (blue dashed line), the pattern qualitatively matches

the evidence in Angeletos et al. (2021). Forecasts initially undershoot realizations and later over-

shoot them. However, the errors remain persistently negative long after the shock, reflecting that

long-horizon forecasts stay elevated even though the true trend is unchanged. Introducing memory

frictions (orange solid line) dampens this persistence by accelerating the decay of long-horizon be-

liefs, producing forecast errors that revert to zero more quickly, more closely matching the dynam-

ics in Angeletos et al. (2021). When memory frictions become sufficiently strong (red dash-dotted

line), the overshooting disappears, and forecast errors converge to zero without turning negative.

Together, these patterns illustrate how the joint presence of attention and memory frictions can

flexibly generate both sluggish and overshooting dynamics in forecasts.

3.4 Long-horizon expectations and related approaches

Long-horizon expectations are important in many macroeconomic applications and have become a

central focus in recent work on models of expectation formation. Much of this work tries to account

for survey evidence on long-horizon expectations, and it does so by assuming that agents do not

fully know the economic environment. My framework makes a different point. Even when agents

understand the economy, cognitive frictions still affect forecast dynamics, and their effects can vary

across horizons. This is especially relevant at long horizons, where memory frictions play a larger
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Figure 9: Impulse Responses of zt+4 − zi,t+4|t

The figure plots the impulse response of four-period-ahead ex-post forecast errors to a one-unit innovation of zt −
µt. Each line corresponds to a different pair of cognitive frictions, (ϕn, ϕm). I adopt the same model environment

parameters as Figure 4.

role in my framework. I compare this perspective with two leading alternatives.

One approach models learning about the economic environment itself. In Farmer et al. (2024),

forecasters learn not only about latent components, but also about the parameters of the data-

generating process. Because low-frequency features of the economy are revealed only gradually,

uncertainty about the environment resolves slowly. Initial priors therefore continue to shape fore-

casts for a long time, and misspecified priors generate predictable forecast errors. My framework

also generates predictable forecast errors, but through a different mechanism. Here, agents cor-

rectly understand the environment, yet cognitive constraints make inference about latent compo-

nents noisy and imprecise. The framework also implies a continuing role for initial, or default,

prior beliefs, but again for a different reason: equation (1.15a) shows that memory frictions imply

that some information is always lost, so unconditional prior belief continues to matter even when

the broader environment is understood.

Another approach models adaptive learning about the long-run anchor. In Carvalho et al.

(2023), agents update beliefs about the long-run inflation anchor using a gain-based rule with

either declining or constant gain. When repeated forecast errors justify a persistently high gain,

long-run expectations respond strongly to new information, as in a constant-gain learning environ-

ment. My framework can generate a similar implication at long horizons: forecasts farther out on

the term structure can also respond strongly to news. But the mechanism is again different. In their

model, strong updating reflects the belief that the environment or the anchor may be changing, so

older data become less informative. In my model, long-horizon forecasts place more weight on new

information because memory frictions matter more at longer horizons. Older information becomes

less influential not because agents judge it to be outdated, but because finite memory makes it
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harder to retain and use accumulated information from the past.14

Taken together, these comparisons clarify that my framework does not rely on agents having

imperfect knowledge about the environment. Instead, it isolates cognitive constraints as a distinct

source of predictable forecast errors that affect forecast dynamics differently across horizons. In

particular, memory frictions operate more strongly at long horizons, making long-horizon expecta-

tions especially sensitive to new information.

4 Estimating the Magnitude of Cognitive Frictions

I estimate the model’s cognitive friction parameters using inflation forecasts from surveys of pro-

fessional forecasters and consumers. I then compare the implied frictions across the two groups to

assess how attention and memory constraints differ between experts and households.

4.1 Estimation Framework

Survey data. I use panel data on inflation forecasts of professional forecasters and consumers. For

professionals, I use year-over-year CPI inflation forecasts from the Survey of Professional Forecast-

ers (SPF). The SPF is quarterly and begins in 1981. For consumers, I use year-over-year inflation

forecasts from the Survey of Consumer Expectations (SCE). The SCE is monthly and starts in 2014.

Each of these datasets has distinct strengths. The SPF spans a much longer period, and respondents

tend to remain in the panel for years. The SCE has a shorter time span, but it covers a much larger

number of respondents and is designed to be representative of the U.S. population.

Estimation targets. I focus on two regression-based moments, βC from regression (2.13) and

βI from regression (2.14). For the estimation of βC , I adopt a modified version of regression (2.13)

to address theoretical and statistical issues with the original formulation proposed by Coibion and

Gorodnichenko (2015).15 Following Goldstein (2023) and Gemmi and Valchev (2026), I estimate

the following demeaned version:16

Ei,t zt+h − Ēt zt+h = αC + βC
(
Ei,t−1 zt+h − Ēt−1 zt+h

)
+ errori,t+h|t (4.1)

This specification captures the persistence of individual deviations from the consensus forecast.

Intuitively, when relative forecast positions are highly persistent, agents update less, which implies

low Kalman gains. Compared to the original formulation, this version removes the common noise

component, allowing for cleaner identification of individual stickiness.
14Azeredo da Silveira et al. (2024) discuss in detail how the constant gain model differs from the model with memory

frictions.
15As noted by the authors, observation noise attenuates the regression coefficient. Structural breaks further complicate

interpretation. When the DGP shifts, the same regression need not provide a valid test of FIRE (Hajdini & Kurmann,
2023). Relatedly, the implied predictability is often limited out of sample (Bianchi et al., 2022).

16I retain the notation βC to reduce notational burden.
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Both specifications require comparing forecasts constructed from adjacent survey rounds for

the same underlying inflation outcome. The survey design determines how I align horizons to form

those revisions. For the SPF, I focus on three-quarter-ahead forecasts of CPI inflation and compare

them to the four-quarter-ahead forecasts made one quarter earlier. For the SCE, I compare the

12-month-ahead inflation forecast to the forecast made one month earlier. This is because the SCE

only elicits rolling-horizon forecasts, asking in each month about expected price changes over the

next 12 months.

Conceptually, both regressions (2.14) and (4.1) describe how a single forecaster behaves over

a long period. In practice, however, I do not have such extensive individual-level data. Therefore,

I take several steps to ensure that my panel estimates closely approximate results from longer

individual series. First, I trim cross-sectional outliers from forecasts at each survey date to prevent a

few extreme observations from dominating the results. Specifically, for each survey date, I calculate

the 25th and 75th percentiles of forecasts, define the interquartile range (IQR), and remove any

forecast more than 1.5×IQR below the 25th percentile or more than 1.5×IQR above the 75th

percentile. Second, to meaningfully capture within-individual variation, I restrict the sample to

participants who provide more than eight forecast revisions. Third, I include individual fixed effects

in both regressions. These fixed effects absorb persistent differences across individuals, ensuring

that the regression coefficients capture within-person dynamics rather than stable differences in

forecasting style.

A remaining concern is that these regression relationships may shift during extended periods

with unusual macroeconomic conditions. These episodes can look qualitatively different from the

rest of the sample. To account for this, I allow the intercept and slope coefficients to differ for

forecasts whose target period falls within the two longest recessions in my data sample, 1981:Q3

to 1982:Q4 and 2008:Q1 to 2009:Q3, and within the post-Covid inflation surge, defined as the

period when CPI exceeded 4 percent for consecutive periods, 2021:Q2 to 2023:Q2.

Table 1 reports the main slope estimates in the Data columns for βC and βI . Appendix Tables

3 and 4 report the full regression results. Although the SPF and SCE are not directly comparable

because they differ in sample period and survey design, both surveys imply a positive βC and a

negative βI . The consumer sample has a much smaller βC , which indicates lower persistence in

demeaned individual forecasts even at a monthly frequency.17

Mapping the model environment to the data. In the model, agents know the inflation process

and the information structure, and these objects stay fixed over time. In reality, inflation dynamics

and the information environment evolve and cannot be observed directly. To reflect this, I con-

struct time-varying estimates of the DGP and observation noise using the Federal Reserve Bank of

Philadelphia’s Real-Time Data Set, which records the revision history of CPI inflation.
17Estimating a dynamic panel regression with individual fixed effects and a lagged dependent variable can bias the

estimate of βC downward (Nickell bias), especially in short panels. This concern is especially relevant for the SCE
because many respondents appear in only a small number of waves (most appear about eight times). As a robustness
check, I re-estimate the specification using the Arellano Bond estimator and obtain nearly identical estimates.
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At each forecast date t, I estimate the perceived inflation dynamics using only the ten most

recent years of available data. I begin by decomposing CPI into three components, each capturing a

different frequency of inflation movements. I interpret a low-frequency component and a business-

cycle component as the two latent states in equation (3.1), and the high-frequency component

as the empirical counterpart to the observation noise in equation (2.2). The idea is that the first

two components are the main drivers of inflation, while the highest frequency component captures

short-lived movements that matter little for longer-horizon forecasts.18 Specifically, I apply the

Christiano-Fitzgerald filter to the realized CPI series and separate movements with periods shorter

than 4 quarters, between 4 and 32 quarters, and longer than 32 quarters. I repeat this exercise

using quarterly and monthly year-over-year inflation to be consistent with the survey frequency of

SPF and SCE, respectively. Figure E.1 in Online Appendix shows the decomposition using quarterly

data for selected real-time vintage dates.

Next, to maintain consistency with model assumptions, I approximate both the low-frequency

and business-cycle components as AR(1) processes. In line with the model structure, I fix the per-

sistence parameter of the low-frequency component at 0.99, reflecting a nearly permanent trend.

Figure E.2 in Online Appendix shows the time-varying DGP estimates calibrated to the SPF sample.

I apply the same procedure to the SCE using monthly data.

Lastly, I align the forecast horizons considered in the model with the longest forecast horizon

available in the survey data, which is the SPF’s maximum CPI inflation forecast horizon of ten years.

Alternative choices of forecast horizons have little impact on the main findings.

Estimation procedure. For each candidate pair of cognitive friction parameters, I generate

forecasts using Monte Carlo simulations designed to match the timing and participation patterns of

the SPF and SCE as closely as possible. For the SPF, I simulate 40 individuals and keep observations

starting in 1981:Q4. For the SCE, I simulate 700 individuals and use simulated observations from

2013:M2. In both cases, I include a five-year burn-in period before the retained sample begins,

assuming that all individuals start with a correct understanding of the state variables.

For a given candidate pair, the simulation proceeds as follows. At each forecast date, the model

solves for the optimal cognitive filter implied by the candidate friction parameters and the time-

varying perceived DGP. Individuals observe inflation news, where I use realized inflation as the

underlying inflation path, and then form forecasts. The model draws cognitive noise from a distri-

bution implied by the optimal cognitive filter. Using the resulting simulated panel, I estimate the

same regression specification as in the survey data and extract the targeted regression coefficients.

For each candidate parameter pair, I repeat the simulation twenty times and take the average of

the targeted coefficients.

To construct confidence intervals for the friction parameters, I bootstrap the survey forecasts.

For the SPF, I resample two-year blocks and keep all observations within each block to preserve
18The high-frequency component is not an exhaustive measure of observation noise. However, it provides a proxy for

a concrete source of observation noise that I can estimate consistently over the full sample.
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Table 1: Estimated attention and memory frictions

βC βI ϕn ϕm

Data Model Data Model Point CI Point CI

Professionals 0.43 0.43 -0.30 -0.30 0.42 (0.18, 0.86) 0.22 (0.13, 0.49)

Consumers 0.09 0.09 -0.47 -0.47 0.31 (0.29, 0.33) 0.72 (0.68, 0.75)

The table reports estimation results for professional forecasters (SPF) and consumers (SCE). Columns βC and βI

show the regression coefficients used as estimation targets, along with their model-implied counterparts. Appendix
Tables 3 and 4 report the full regression results. Columns ϕn and ϕm report the estimated friction parameters with
95% confidence intervals.

serial correlation while maintaining the panel structure. For the SCE, where the cross-section is

large relative to the time dimension, I resample individuals and retain all observations for each

sampled individual. For each bootstrap sample, I recompute the regression targets and estimate

the associated friction parameters.

4.2 Estimation Results

Columns ϕn and ϕm in Table 1 report the estimated attention and memory frictions, along with

95% confidence intervals. The differences across groups are stark. Consumers exhibit much larger

memory frictions than professional forecasters. Attention frictions are more similar across the two

groups, with a lower estimate for consumers.

I interpret these parameters as effective frictions identified from within-person regression mo-

ments. Because the regressions include individual fixed effects, the targeted moments capture how

a given respondent updates forecasts over time after removing permanent differences across indi-

viduals. This matters especially in the SCE, where persistent heterogeneity is large, so the estimates

do not capture all constraints that shape consumer expectations. Even so, the results point clearly

to memory frictions as a much larger constraint for consumers than for professional forecasters.

This result matters because much of the information friction literature implicitly abstracts from

memory frictions and infers an attention or information-friction parameter from a persistence mo-

ment such as βC . To mirror that approach, I re-estimate a restricted model that imposes ϕm = 0 and

matches βC by adjusting ϕn alone. For professional forecasters, this restriction implies ϕn = 0.088

(95% CI: 0.047 to 0.108), far below the baseline estimate. For consumers, no value of ϕn matches

βC under ϕm = 0. Any ϕn > 0 implies substantially more persistence than observed, while ϕn = 0

eliminates cross-sectional dispersion so βC is not defined. This breakdown indicates that mem-

ory frictions are essential for consumer forecast dynamics and helps explain why attention-only

estimates can differ sharply across samples.

Figure 10 plots model-implied forecast dynamics in the SPF under the estimated cognitive fric-

tion parameters. To make the survey moments comparable to the model, I remove individual fixed

effects from survey forecasts before computing averages and dispersions, since the model abstracts
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Figure 10: SPF dynamics under estimated cognitive frictions

The figure compares the evolution of four moments in the model and in the SPF data. The orange dotted line

shows the simulated moments under the estimated cognitive friction parameters. The blue solid line shows the

corresponding data moments, computed after removing individual fixed effects from the survey forecasts.

from persistent individual-level heterogeneity.

The top two panels show average forecast errors and revisions over time. The model tracks the

broad movements in these series, suggesting that the real-time perceived inflation dynamics fed

into the model capture key features of the information environment. The bottom two panels show

the cross-sectional dispersion of forecast errors and revisions, which in the model is driven entirely

by cognitive noise. Because I hold friction parameters fixed, the model generates time variation

in dispersion through changes in the macroeconomic environment, which shift perceived inflation

dynamics and thus the optimal cognitive process. In this setup, an attention-only model would also

produce time-varying dispersion, but it substantially underpredicts its level: the estimated attention

frictions are modest, and without memory frictions the implied cognitive noise is too small.

The model reproduces the medium-run behavior of dispersion: high dispersion in the 1980s,

lower dispersion through much of the 2000s, and a rise during and after the Covid inflation episode.

However, it misses some turning points. It overpredicts dispersion around 1985–1990 and under-

states the sharp spikes at the onset of the 2008 and 2020 recessions. A natural explanation is the

rolling-window procedure used to form perceived inflation dynamics. By construction, it smooths

abrupt shifts, which raises predicted dispersion in the years after the Volcker recessions and mutes

the sudden run-ups at the start of later recessions.

The model matches the SCE less closely, in part because I discipline the perceived DGP using
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Figure 11: Estimated Impulse Response of Inflation Expectations

The figure displays impulse responses of inflation forecasts implied by the estimated cognitive frictions in Table 1,

using the perceived inflation process estimated in 2024:Q4. The left panel shows short-horizon forecasts, and the

right panel shows long-horizon forecasts. In each panel, the gray solid line shows the frictionless benchmark, and

the orange dotted line shows the model-implied response under the estimated SPF frictions.

real-time inflation data, an assumption that is more plausible for professional forecasters than for

consumers. In particular, the model does not generate the persistent upward bias of consumer

inflation expectations and it understates dispersion. Within this scope, it still generates reasonable

dynamics for average forecast errors and revisions. Figure E.3 in Online Appendix reports the

results. An approach that jointly estimates the perceived DGP and frictions will likely improve the

fit to forecast dynamics in both the SPF and SCE. I leave this extension for future work.

Lastly, Figure 11 plots model-implied impulse responses of short- and long-horizon inflation

expectations. I parameterize the model using the estimated cognitive frictions for professional

forecasters from Table 1 and calibrate the perceived inflation process to the 2024:Q4 estimates. The

gray solid line shows the frictionless benchmark, and the orange dotted line shows the prediction

for professional forecasters. The responses match the term-structure mechanism in Section 3.2.

Relative to the frictionless benchmark, short-horizon expectations underreact, while long-horizon

expectations overshoot briefly before quickly converging back to steady state. The spike-and-decay

pattern associated with memory frictions is clearest in the long-horizon expectations.

4.3 Additional Tests on Cross-sectional Heterogeneity

The model predicts that persistently high subjective forecast uncertainty reflects larger cognitive

frictions. I test this prediction in the SCE, where respondents report a histogram of their beliefs

about future inflation. I measure each respondent’s subjective uncertainty using the interquartile

range (IQR) of the reported histogram. After removing time fixed effects to net out common
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time variation in uncertainty, I compute each respondent’s average IQR and sort respondents into

uncertainty quartiles based on this persistent IQR.

I re-estimate equations (4.1) and (2.14) allowing βC and βI to vary by uncertainty quartile

through interactions with quartile indicators. The top panel of Table 2 reports the implied quartile-

specific βC and βI , and Appendix Table 5 reports the full regression output. Across quartiles, βI
tends to be more negative at higher uncertainty, though the differences are not always precise.

This aligns with predictions in Section 2.3, since both attention and memory frictions make βI

more negative. By contrast, the model does not deliver a single-direction prediction for βC because

attention frictions raise it while memory frictions lower it. The estimated ϕn and ϕm nonetheless

support the model’s heterogeneity implication: the highest-uncertainty quartile exhibits higher

attention and memory frictions than the lowest quartile.

The uncertainty-quartile results motivate a natural follow-up: which observable characteristics

are associated with larger cognitive frictions? The SCE includes respondent demographics, which I

use to examine correlates of this heterogeneity. I focus on age, education, household income, and

numeracy. The SCE measures numeracy using questions on arithmetic and basic financial concepts

such as compound interest, and it classifies respondents into high- and low-numeracy groups. I

find that forecast biases vary systematically with numeracy, while the other demographic controls

show weaker and less consistent patterns. The bottom panel of Table 2 reports the implied βC and

βI by numeracy group, and Appendix Table 6 reports the full regression output. The estimated

parameters imply higher attention and memory frictions for low-numeracy respondents than for

high-numeracy respondents. Taken together, these results suggest that differences in cognitive

capacity, as proxied by numeracy, help explain heterogeneity in expectation formation.
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Table 2: Cross-sectional heterogeneity

Group βC βI ϕn ϕm

Panel A: Subjective uncertainty

Lowest uncertainty 0.100 -0.458 0.266 0.678

Q2 0.106 -0.468 0.301 0.687

Q3 0.145 -0.470 0.329 0.619

Highest uncertainty 0.084 -0.478 0.338 0.761

Panel B: Numeracy

High numeracy 0.125 -0.463 0.292 0.638

Low numeracy 0.081 -0.473 0.314 0.756

The table reports SCE consumer estimates by respondent heterogeneity. The top panel groups consumers into
quartiles of persistent subjective uncertainty, and the bottom panel groups them by numeracy. Columns βC and βI

report group-specific regression coefficients used as estimation targets. Columns ϕn and ϕm report the estimated
friction parameters. Appendix Tables 5 and 6 report the full regression output for the top and bottom panels,
respectively.

5 Conclusion

This paper extends standard models of information frictions by introducing memory frictions along-

side attention frictions. Together, these frictions can reconcile under-revision in average forecasts

with over-revision in individual forecasts and explain why forecast responsiveness varies systemati-

cally across horizons. Memory frictions introduce a distinct mechanism. By weakening the anchor-

ing role of prior beliefs, they make forecasts respond more sharply on impact and then gradually

fade as the news recedes from memory. Because memory frictions matter more at longer horizons,

this spike-and-decay pattern becomes more pronounced as the forecast horizon increases.

These results are especially relevant in macroeconomic and financial settings where long-horizon

expectations play an important role, including in wage and price setting and in the valuation of

long-duration assets. They also speak to classic policy questions, such as how a central bank should

respond to a cost-push shock when policymakers are concerned that expectations may de-anchor

(Gáti, 2023). One argument for early tightening is that even a temporary rise in long-horizon

expectations can feed into near-term inflation dynamics. My framework suggests that standard

models may overstate the persistence of this risk. Once memory frictions are taken seriously, the

effect of news on long-horizon beliefs fades over time, so an initial increase in long-horizon expec-

tations need not signal a lasting loss of anchoring. I do not develop these policy implications in this

paper, but the framework points to a broader set of applications for future work.
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6 Appendix

Table 3: SPF regression estimates

Panel A. Forecast deviation

βC se

Lagged deviation 0.433*** (0.029)

1981:Q3-1982:Q4 -0.685*** (0.065)

2008:Q1-2009:Q3 0.021 (0.024)

2021:Q2-2023:Q2 -0.019 (0.021)

1981:Q3-1982:Q4 × Lagged deviation -1.406*** (0.083)

2008:Q1-2009:Q3 × Lagged deviation 0.251* (0.110)

2021:Q2-2023:Q2 × Lagged deviation 0.184** (0.062)

Constant 0.005 (0.005)

Observations 3,307

Panel B. Forecast error

βI se

Forecast revision -0.296*** (0.083)

1981:Q3-1982:Q4 -1.628*** (0.228)

2008:Q1-2009:Q3 -0.588 (1.159)

2021:Q2-2023:Q2 4.272*** (0.597)

1981:Q3-1982:Q4 × Forecast revision -0.403*** (0.093)

2008:Q1-2009:Q3 × Forecast revision 0.166 (0.294)

2021:Q2-2023:Q2 × Forecast revision -0.638 (0.361)

Constant -0.146 (0.110)

Observations 4,008

This table reports estimates from augmented versions of regressions (4.1) and (2.14) in the SPF professional-
forecaster sample. The specifications include interactions that allow the slope coefficient to vary by inflation
regime. The main text describes the baseline specification. Standard errors (in parentheses) are Driscoll-Kraay,
robust to serial correlation up to four lags.
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Table 4: SCE regression estimates

Panel A. Forecast deviation

βC se

Lagged deviation 0.094*** (0.012)

2021:M4-2023:M5 -0.059* (0.029)

2021:M4-2023:M5 × Lagged deviation 0.055* (0.024)

Constant -0.003 (0.009)

Observations 74,938

Panel B. Forecast error

βI se

Forecast revision -0.470*** (0.006)

2021:M4-2023:M5 2.390*** (0.459)

2021:M4-2023:M5 × Forecast revision 0.000 (0.014)

Constant -0.849*** (0.095)

Observations 85,040

This table reports estimates from augmented versions of regressions (4.1) and (2.14) in the SCE consumer sample.
The specifications include interactions that allow the slope coefficient to vary by inflation regime. The main text
describes the baseline specification. Standard errors (in parentheses) are Driscoll-Kraay, robust to serial correlation
up to four lags.
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Table 5: SCE regression estimates by uncertainty quartiles

Panel A. Forecast deviation

βC se

Lagged deviation 0.088*** (0.017)

2021:M4-2023:M5 -0.060* (0.029)

2021:M4-2023:M5 × Lagged deviation 0.056* (0.024)

IQR:Q2 × Lagged deviation 0.006 (0.019)

IQR:Q3 × Lagged deviation 0.045* (0.018)

IQR:Q4 × Lagged deviation -0.016 (0.015)

Constant -0.006 (0.009)

Observations 74,938

Panel B. Forecast error

βI se

Forecast revision -0.458*** (0.011)

2021:M4-2023:M5 2.390*** (0.459)

2021:M4-2023:M5 × Forecast revision 0.000 (0.014)

IQR:Q2 × Forecast revision -0.009 (0.008)

IQR:Q3 × Forecast revision -0.012 (0.009)

IQR:Q4 × Forecast revision -0.019* (0.010)

Constant -0.849*** (0.095)

Observations 85,040

This table reports estimates from augmented versions of regressions (4.1) and (2.14) in the SCE consumer sample.
The specifications include interactions allowing the slope coefficient to vary by inflation regime and uncertainty
quartile. The main text describes the baseline specification. Standard errors (in parentheses) are Driscoll-Kraay,
robust to serial correlation up to four lags.
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Table 6: SCE regression estimates by demographic controls

Panel A. Forecast deviation

βC se

Lagged deviation 0.109*** (0.014)

Numeracy: Low × Lagged deviation -0.043** (0.013)

Age: Over 60 × Lagged deviation -0.021 (0.014)

Age: Under 40 × Lagged deviation 0.013 (0.019)

Income: Over $100k × Lagged deviation 0.010 (0.014)

Income: Under $50k × Lagged deviation -0.021 (0.014)

Education: High school or less × Lagged deviation 0.049* (0.021)

Education: Some college × Lagged deviation -0.003 (0.014)

Constant 0.002 (0.008)

Observations 74,091

Panel B. Forecast error

βI se

Forecast revision -0.466*** (0.009)

Numeracy: Low × Forecast revision -0.006 (0.006)

Age: Over 60 × Forecast revision -0.005 (0.007)

Age: Under 40 × Forecast revision -0.002 (0.006)

Income: Over $100k × Forecast revision -0.009 (0.005)

Income: Under $50k × Forecast revision -0.001 (0.004)

Education: High school or less × Forecast revision 0.008 (0.006)

Education: Some college × Forecast revision 0.008 (0.005)

Constant -0.850*** (0.095)

Observations 84,089

This table reports estimates from augmented versions of regressions (4.1) and (2.14) in the SCE consumer sample.
The specifications include interactions allowing the slope coefficient to vary by inflation regime and demographic
controls. The omitted demographic categories are high numeracy, age 40–60, household income $50k–$100k, and
college graduates. For brevity, I do not report the coefficients associated with the inflation-regime terms, but the
results are similar to Table 4. The main text describes the baseline specification. Standard errors (in parentheses)
are Driscoll-Kraay, robust to serial correlation up to four lags.
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