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State-Dependent Attention and Pricing Decisions†

By Javier Turen*

This paper studies price-setting decisions under rational inatten-
tion. Prices are set by tracking an unobserved target whose distri-
bution is also unknown. Information acquisition is dynamic and 
fully flexible since, given information acquired previously, price 
setters choose the amount of information they collect as well as 
how they want to learn about both the outcome and its distribu-
tion. We show that by allowing for imperfect information to be the 
unique source of rigidity, the model can reconcile stylized facts in 
the microeconomic evidence on price setting while simultaneously 
being consistent with empirical results on state-dependent attention.  
(JEL D21, D82, D83, E32, L11, L25)

Firms are regularly making decisions under dynamically evolving circumstances. 
Most of these decisions are made with only partial information about unpre-

dictable components of their demand, industries, or the economy. Recent evidence 
has supported this view by stressing that firm managers’ beliefs are consistent with 
theories of information rigidity, particularly with models of inattention (Coibion, 
Gorodnichenko, and Kumar 2018). The evidence suggests that the degree of this 
rigidity is state dependent, which is consistent with agents deciding to acquire more 
information in response to a less predictable economic environment (Coibion and 
Gorodnichenko 2015). While intuitive, there is still scarce evidence on the implica-
tions of time-varying imperfect information for firm decisions. In particular, little 
is known about the extent to which models of information frictions can address the 
empirical evidence documented across the business cycle.

This paper studies price-setting decisions under dynamic imperfect information. 
We argue that the information friction alone can explain several features of the micro 
price data while simultaneously being consistent with the empirical evidence of 
state-dependent attention. This is the main contribution of the paper. While the styl-
ized facts of micro price data have been successfully matched using state-dependent 
pricing models (Klenow and Kryvtsov 2008; Nakamura and Steinsson 2008; Vavra 
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2013), this paper sheds new light by studying further attention-related moments, 
such as the ones estimated by Coibion and Gorodnichenko (2015)—henceforth, 
CG—that were not incorporated in previous work.

We propose a model able to replicate several stylized facts of price changes, 
at both the cross-sectional and time series level, while being simultaneously con-
sistent with the evidence regarding the information acquisition process of agents 
over the business cycle. By construction a stylized price-rigidity model, such as 
a menu-cost model, is muted when it comes to generating relevant features about 
agents’ time-varying beliefs. This paper highlights the implications of information 
frictions on aggregate conditions by mapping the role of dynamic imperfect infor-
mation on aggregate price stability. The results support the importance of this fric-
tion as a relevant constraint faced by firms. Moreover, they also contribute to the 
discussion about optimal policy within a price-setting framework.1

The model features endogenous attention with costly entropy reduction and is 
used to study how firms set prices when the distribution of shocks is time varying. 
The model follows the literature on “Rational Inattention” (henceforth, RI) (Sims 
2003) and allows for a dynamic and fully flexible information scheme. While past 
acquired information is relevant, we do not impose further assumptions on the 
amount of information being acquired or how owners choose to acquire it; i.e., there 
are no parametric assumptions on the distribution of signals. Firms collect infor-
mation to update their beliefs about the realization of an aggregate fundamental, 
along with the distribution that generated it. This is relevant, as the distribution of 
shocks is unknown and likely to change over time, reflecting unanticipated periods 
of lower or higher uncertainty, such as recessions. As the predictability of the out-
come depends on the persistent parameters that govern the distribution, the incen-
tives to acquire information respond to price setters’ idiosyncratic beliefs, creating 
a dynamic learning problem.

Regarding the empirical evidence, the model generates a positive response of 
price-change dispersion to volatility shocks along with a positive comovement 
between the dispersion and frequency of price changes.2 Bachmann et al. (2019); 
Drenik and Perez (2020); and Klepacz (2017) document the existence of a posi-
tive correlation between volatility shocks and price-change dispersion. The positive 
correlation between price-change dispersion (intensive margin) and the frequency 
of price changes (extensive margin) was shown by Vavra (2013). As owners are 
active learners, the results are also consistent with the aforementioned presence of 
time-varying attention. In particular, the model replicates the dynamic patterns of 
information acquisition over the business cycle consistent with the results presented 
by CG.

The model’s ability to replicate the aforementioned evidence depends on the simul-
taneous presence of a dynamic, flexible information framework, with time-invariant 
heterogeneous costs. The model then nests two previously studied settings in the RI 

1 In particular, Paciello and Wiederholt (2013) shows how replacing price rigidity with an imperfect information 
mechanism is not innocuous for policy counterfactuals.

2 We make a distinction between “dispersion” and “volatility.” In this context dispersion refers to the spread 
(typically measured as the standard deviation) of endogenous variables for firms’ cross section. Meanwhile, vola-
tility refers to the spread of exogenous shocks.
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literature. With full information about the shock distribution, the model turns into 
a more stylized static setup with a Gaussian unobserved target-price. This setting 
resembles the one presented by Woodford (2003) and Maćkowiak and Wiederholt 
(2009). A dynamic model with homogeneous information costs was also analyzed 
by Matějka (2016). We show that each assumption on its own is not enough to fully 
replicate the dynamic relationships suggested by the data for prices and information 
acquisition.

While imperfect information is the only friction, the model is still consistent with 
the fact that prices stay constant for a certain amount of time. As argued by Matějka 
(2016) and Jung et al. (2019), a rationally inattentive agent chooses to price discretely 
when the processes for the unobserved shocks are not Gaussian. Uncertainty about 
the correct distribution is modeled by assuming a mixture of normal distributions 
for the optimal price. Because of this assumption, agents do not change their prices 
every period, creating price stickiness. The simulated duration is, however, shorter 
compared to the data. Adding further frictions, such as price rigidities within the 
described dynamic learning structure, emerges as a natural extension of this paper.

Solving a model in which information acquisition is dynamic and fully flexible 
imposes several methodological challenges. Acquired information has an effect on 
both pricing decisions and posterior beliefs about the next period’s distribution. To 
allow for a dynamic setting, a common assumption in the RI literature is to assume 
a Gaussian distribution for the shock process, which is known with certainty.3 In this 
paper, however, the optimal signal structure depends on how firms choose to attach 
different probabilities to each possible shock’s distribution. As information acquired 
in the past guides their decisions, the challenge is how to characterize the effects of 
current flexible information on posterior beliefs. We circumvent this problem by 
building on the solution proposed by Steiner, Stewart, and Matějka (2017)—hence-
forth, SSM. Furthermore, we provide an algorithm tailored to solve this dynamic 
learning model.

Literature Review.—The paper contributes to the price-setting literature with 
information frictions. Alvarez, Lippi, and Paciello (2011) solves a price-setting 
problem with observation and menu costs. The authors show how these two costs 
complement each other, delivering different implications for the timing of price 
reviews. Moscarini (2004) introduces a pricing problem with limited informa-
tion, where agents are restricted to infrequently receiving new information, cre-
ating inertia in their behavior. Woodford (2009) introduces a setting with menu 
costs, where the decision to conduct a price review is made under RI. Vavra (2013) 
studies the dynamic behavior of price setting and argues how a menu-cost model, 
with time-variant idiosyncratic shocks, can match the dynamic features of prices. 
While all these papers rely on price rigidities’ crucial role, this paper aims to 
highlight the role of information rigidities as a key driver behind aggregate deci-
sions. Gorodnichenko (2008) solves a model with information frictions and menu 

3 This assumption combined with a quadratic loss function leads to a closed form for the optimal signal struc-
ture, given by the outcome realization plus normally distributed noise as in Woodford (2003) and Maćkowiak, 
Matějka, and Wiederholt (2018).



164	 AMERICAN ECONOMIC JOURNAL: MACROECONOMICS� APRIL 2023

costs, which also predicts that total acquired information endogenously increases 
after a surge in aggregate uncertainty. Our results extend this finding by showing 
that a price-setting model with the characteristics mentioned above is also consis-
tent with micro price data. Baley and Blanco (2019) studies dynamic pricing with 
menu costs and information rigidities. In their setup the timing of volatility shocks 
is known with certainty, which is precisely the primary assumption this paper aims 
to relax.

RI models have proven useful when rationalizing the empirical behavior of micro 
prices along with their aggregate implications. Maćkowiak and Wiederholt (2009) 
propose a pricing model with endogenous attention to explain the sluggish response 
of prices to aggregate shocks. Matějka (2016) alternatively introduces a model that 
does not rely on quadratic objectives nor Gaussian distributions, as in Maćkowiak 
and Wiederholt (2009), which endogenously generates price discreteness. Afrouzi 
(2018) solves a dynamic general equilibrium model with inattentive price setters, 
Gaussian signals, and strategic complementarities between them. Paciello and 
Wiederholt (2013) shows how under costly information, monetary policy can reduce 
inefficient price dispersion by affecting the response of profit-maximizing prices to 
unobserved markup shocks. Finally, Stevens (2020) presents a price-setting model 
with constrained information, which captures the heterogeneous patterns of adjust-
ments observed in the data along with the sluggish response of prices to shocks. 
This paper contributes to this literature by studying the unexplored ability of these 
models to match the aggregate implications of the two price margins while being 
consistent with the evidence at the micro level.

The rest of the paper is structured as follows. In Section I we introduce the model 
setup and discuss the dynamic costly information setting. We then fully derive and 
characterize the solution to the problem. Section II presents the algorithm used to 
replicate both cross-sectional and time series moments from the data. The main 
results of the paper are discussed in Section III, where we lay out both the individual 
and aggregate implications under persistent volatility shocks. Section IV introduces 
some alternative specifications for the model. Finally, Section V concludes.

I.  The Dynamic Learning Pricing Model

A. Setup

The setting is a partial equilibrium model where time is discrete ​t  ≥  0​ and there 
are a fixed number of firms ​i  =  1,  …, N​. Firm owners choose prices ​​p​it​​​ from a 
finite set ​​Ω​p​​​ to maximize the present discounted value of profits. Each firm can 
adjust its price costlessly in every period, so ​​p​it​​​ is set to maximize current profits  
​​  Π​​(​p​it​​, ​​  p​​it​​)​​. Following Caplin and Leahy (1997) and Alvarez, Lippi, and Paciello 
(2011), the profit function is set equal to

(1)	​​   Π​​(​p​it​​, ​​  p​​it​​)​  =  γ ​​(​p​it​​ − ​​  p​​it​​)​​​ 2​​.

The objective function (1) can be interpreted as a second-order approximation 
of a more general profit function around its nonstochastic steady state. The details 
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behind the approximation are presented in online Appendix A. The parameter ​γ​ 
represents the curvature of the demand function, and ​​​  p​​it​​​ is labeled as the idiosyn-
cratic “price-target.” Given the approximation, ​​​  p​​it​​​ is a function of firms’ marginal 
costs. In the model owners do not have complete information about cost conditions, 
as they cannot fully track the shocks affecting their production due to their own 
limitations in processing information.4

Imperfect information about the current distribution of ​​​  p​​it​​​ is modeled in the fol-
lowing way. There are two independent shocks drawn in each period ​t​ from finite 
sets, ​​σ​t​​  ∈ ​ Ω​σ​​​ and ​​ϵ​it​​  ∈ ​ Ω​ϵ​​​. The price-target is assumed equal to ​​​  p​​it​​  = ​ σ​t​​ ​ϵ​it​​​. 
Underlying the shocks evolution is a probability distribution induced by a Markov 
chain on ​​Ω​σ​​​ and a discretized Gaussian on ​​Ω​ϵ​​​, with mean zero and unit variance. 
Thus, while the former shock is persistent, the latter is i.i.d. The stochastic process 
of both shocks is common information across firms. We assume ​​Ω​σ​​ ≔ ​{​σ​L​​, ​σ​H​​}​  ⊆ ​
ℝ​+​​​, with ​​σ​H​​  =  ϕ ​σ​L​​​, ​ϕ  >  1​. The transition probabilities of switching from the ​​σ​L​​​ 
to the ​​σ​H​​​ state, and vice versa, are labeled as ​​τ​LH​​​ and ​​τ​HL​​​, respectively. As noticed, 
the unconditional process for the price-target is assumed stationary. Following SSM, 
stationarity is needed to characterize the solution of a dynamic RI problem through 
a finite system of equations, as shown in Proposition 2.5

The two components of the target-price are aimed at capturing idiosyncratic 
and aggregate uncertainty across firms. Since neither of the two shocks is fully 
observed, firms are not only uncertain about the realization of ​​​  p​​it​​​, they also do not 
know if the price was drawn from ​N​(0, ​σ​ L​ 2 ​)​​ or ​N​(0, ​σ​ H​ 2 ​)​​. Therefore, we will now 
refer interchangeably to persistent volatility states and different distributions for the 
target-price throughout the paper.

B. Information Acquisition

To optimally set prices, firms collect information about ​​​  p​​it​​​ to minimize (1). As 
the predictability of ​​​  p​​it​​​ is “state dependent,” owner’s beliefs about its current dis-
tribution will discipline their efforts to collect information. The learning process is 
dynamic in the sense that previously acquired information is still relevant for current 
decisions due to the persistence of volatility states.

Owners acquire information about ​​​  p​​it​​​ by choosing a signal ​​s​it​​  ∈ ​ Ω​s​​​, where  
​| ​Ω​p​​ | ≤ | ​Ω​s​​ |​. Firms are rationally inattentive since through costly information they aim 
to reduce the entropy of their beliefs (Sims 2003). Entropy about ​​​  p​​it​​​ is defined as ​​
(​​  p​​it​​ | ​s​ i​ 

t−1​)​  ≡  E​[− log​(​​  p​​it​​)​ | ​s​ i​ 
t−1​]​​, where ​​s​ i​ 

t−1​  ≡ ​ {​s​it−1​​, ​s​it−2​​,  …, ​s​i0​​}​​. Then ​​s​ i​ 
t−1​​ is 

4 Bachmann and Moscarini (2011) argues how different cost variables (such as input price elasticities or costs 
structures) are hard to estimate by firms. Think about owners who want to maximize profits but have multiple 
demands on their time, such as reading reports about the firm’s inventory levels, projecting future sales, testing 
and developing new products, collecting information about clients’ reactions to historical prices, among others. 
Information is imperfect in this case, as owners cannot possibly precisely remember all the information when 
setting a price.

5 Based on the second-order approximation, the target-price is equivalent to ​log​(​P​ it​ 
∗ ​)​​, where ​​P​ it​ 

∗ ​​ is a constant 
markup over time-varying idiosyncratic marginal costs ​​C​t​​​; see online Appendix A for details. Besides the relevance 
of stationarity for the solution, our setup still allows for a persistent process for the marginal cost if we assume that ​
log​(​P​ it​ 

∗ ​)​  =  μ + t + ​σ​t​​ ​ϵ​t​​​, where the drift ​μ​ and the trend ​t​ are assumed common knowledge across firms.
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the information set generated by the history of signals from firm ​i​ up to ​t − 1​. Prior 
uncertainty about ​​​  p​​it​​​ is then ​​(​​  p​​it​​ | ​s​ i​ 

t−1​)​  =  − ​∑ ​σ​t​​​ 
 
 ​​​ ∑ ​ϵ​it​​​ 

 
 ​​​ g​it​​​(​​  p​​it​​ | ​s​ i​ 

t−1​)​log​(​g​it​​​(​​  p​​it​​ | ​s​ i​ 
t−1​)​)​​.

In line with RI models, the reduction in uncertainty is quantified by Shannon’s 
(1948) measure of mutual information flow:

(2)	​ ​(​​  p​​it​​, ​s​it​​ | ​s​ i​ 
t−1​)​  ≡  ​(​​  p​​it​​ | ​s​ i​ 

t−1​)​ − ​E​​s​it​​​​​[​(​​  p​​it​​ | ​s​it​​)​ | ​s​ i​ 
t−1​]​​.

Information flow (2) is the difference between prior and posterior uncertainty 
about ​​​  p​​it​​​, conditioned on lagged information ​​s​ i​ 

t−1​​.6

Firms enter each period with prior beliefs ​​g​it​​​(​​  p​​it​​ | ​s​ i​ 
t−1​)​  = ​ m​it​​​(​σ​t​​ | ​s​ i​ 

t−1​)​h​(ϵ)​  
∈  Δ​(​Ω​​̂  p​​​)​​, where ​​Ω​​̂  p​​​  ≔ ​ Ω​σ​​ × ​Ω​ϵ​​​. Hence, ​Δ​(​Ω​​̂  p​​​)​​ is the set of all probability dis-
tributions on ​​Ω​​̂  p​​​​. In the definition ​​m​it​​​(​σ​t​​ | ​s​ i​ 

t−1​)​​ and ​h​(ϵ)​​ are the prior probability 
measures of ​​σ​t​​​ and ​​ϵ​it​​​, respectively. Since the probability of ​​ϵ​it​​  ∈ ​ Ω​ϵ​​​ is i.i.d. and its 
stochastic process is known, its prior probability is constant across firms and inde-
pendent of the history of signals.

During each period ​t​, owners choose an “information strategy”  
​​f​it​​​(​s​it​​, ​​  p​​it​​ | ​s​ i​ 

t−1​)​  ∈ ​ Δ​​g​it​​​​​(​Ω​s​​ × ​Ω​​̂  p​​​)​​ and a “pricing strategy” ​​p​it​​ : Δ​(​Ω​​̂  p​​​)​  → ​ Ω​p​​​. 
Information acquisition is then summarized by the joint probability distribution of 
signals and optimal prices, where ​​Δ​​g​it​​​​​(​Ω​s​​ × ​Ω​​̂  p​​​)​​ is the set of all probability distri-
butions on ​​Ω​s​​ × ​Ω​​̂  p​​​​, consistent with prior beliefs ​​g​it​​​(​​  p​​it​​ | ​s​ i​ 

t−1​)​​. After the price-target 
is drawn, the choice of ​​f​it​​​(​s​it​​, ​​  p​​it​​ | ​s​ i​ 

t−1​)​​ reflects the type of acquired signal based on 
the information-simplification process chosen by each owner and given information 
acquired in the past.

The following proposition shows that the expression for ​​(​​  p​​it​​, ​s​it​​ | ​s​ i​ 
t−1​)​​ in (2) can 

be written as a function of ​​f​it​​​(​s​it​​, ​​  p​​it​​ | ​s​ i​ 
t−1​)​​.

PROPOSITION 1 (Mutual Information Equivalence): Shannon’s mutual informa-
tion (2) is equal to

(3)	​ ​(​​  p​​it​​, ​s​it​​ | ​s​ i​ 
t−1​)​  = ​ ∑ 

​s​it​​
​ ​​​∑ 

​σ​t​​
​ ​​​∑ 

​ϵ​it​​
​ ​​ ​f​it​​​(​s​it​​, ​​  p​​it​​ | ​s​ i​ 

t−1​)​log​
(

​ 
​f​it​​​(​s​it​​, ​​  p​​it​​ | ​s​ i​ 

t−1​)​
  ___________________  

​g​it​​​(​​  p​​it​​ | ​s​ i​ 
t−1​)​ ​f​it​​​(​s​it​​ | ​s​ i​ 

t−1​)​
 ​
)

​​.

Proof in online Appendix B.

By setting an information strategy ​​f​it​​​(​s​it​​, ​​  p​​it​​ | ​s​ i​ 
t−1​)​​, owners are choosing the total 

amount of information ​​(​​  p​​it​​, ​s​it​​ | ​s​ i​ 
t−1​)​​ to acquire during each period.

C. The Problem in Two Stages

Let us discuss the timing of the model. Within each period owners face two 
decisions: given prior beliefs ​​g​it​​​(​​  p​​it​​ | ​s​ i​ 

t−1​)​​, they choose ​​f​it​​​(​s​it​​, ​​  p​​it​​ | ​s​ i​ 
t−1​)​​, and then, 

endowed with this new information, they set prices ​​p​ it​ 
∗ ​​. Owners are Bayesian, as by 

6 As described, the entropy formula relies on logarithms, which depending on the base changes the units by 
which we measure information. If the log is base two, then the information is measured in bits, while if it is ​e​, it is 
measured in nats.
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combining posterior beliefs about ​​σ​t​​​ with ​​τ​LH​​​ and ​​τ​HL​​​, they form prior beliefs for the 
next period ​​g​it+1​​​(​​  p​​it+1​​ | ​s​it​​, ​s​ i​ 

t−1​)​  = ​ m​it+1​​​(​σ​t+1​​ | ​s​it​​, ​s​ i​ 
t−1​)​h​(ϵ)​​.

The pricing strategy describes how owners react to the received signal ​​s​it​​​ by map-
ping posterior beliefs ​​f​it​​​(​​  p​​it​​ | ​s​it​​, ​s​ i​ 

t−1​)​  ∈  Δ​(​Ω​​̂  p​​​)​​ to optimal prices ​​p​ it​ 
∗ ​​(​s​it​​ | ​s​ i​ 

t−1​)​​:

(4)	​​ p​ it​ 
∗ ​​(​s​it​​ | ​s​ i​ 

t−1​)​  = ​ arg max​ 
​p​it​​

​ ​ ​ ∑ 
​σ​t​​

​ ​​​∑ 
​ϵ​it​​

​ ​​​  Π​​(​p​it​​, ​​  p​​it​​)​ ​f​it​​​(​​  p​​it​​ | ​s​it​​, ​s​ i​ 
t−1​)​​.

At the information acquisition stage, owners face a trade-off. Signals with higher 
precision allow them to observe ​​​  p​​it​​​ with less noise, where the precision is determined 
by the channel’s capacity (3). While owners can constantly modify the capacity, the 
cost of each additional unit of information is given by ​​λ​i​​  >  0​. The cost directly 
affects the profit function, and it is assumed to differ across firms.

Information is fully flexible, as firms set the precision of their signals by choos-
ing ​​f​it​​​(​​  p​​it​​, ​s​it​​ | ​s​ i​ 

t−1​)​​ without adding further parametric assumption about its partic-
ular shape. The chosen form for the joint probability distribution determines total 
acquired information for each moment of time. Moreover, as states are unobserved, 
each information strategy ultimately depends on the owner’s perceived prior distri-
bution for ​​​  p​​it​​​:

	​​​   p​​it​​  ∼ ​ m​it​​​(​σ​L​​ | ​s​ i​ 
t−1​)​N​(0, ​σ​ L​ 2 ​)​ + ​(1 − ​m​it​​​(​σ​L​​ | ​s​ i​ 

t−1​)​)​N​(0, ​σ​ H​ 2 ​)​​,

where ​​m​it​​​(​σ​L​​ | ​s​ i​ 
t−1​)​​ is the prior probability attached to the low-volatility state of firm ​

i​, given information acquired in the past.
At the first stage, given the policy function ​​p​ it​ 

∗ ​​(​s​it​​ | ​s​ i​ 
t−1​)​​, ​​(​​  p​​it​​, ​s​it​​ | ​s​ i​ 

t−1​)​  ≥  0​ and ​​
g​it​​​(​​  p​​it​​ | ​s​ i​ 

t−1​)​​, firms choose the conditional distribution ​​f​it​​​(​s​it​​ | ​​  p​​it​​, ​s​ i​ 
t−1​)​​ to maximize 

expected profits relative to the cost of information:

   ​​ f​it​​​(​s​it​​ | ​​  p​​it​​, ​s​ i​ 
t−1​)​  = ​  arg max​ 

​  f​​(·)​∈​Δ​g​​​(​Ω​s​​)​

​​ ​∑ 
​s​it​​

​ ​​​∑ 
​σ​t​​

​ ​​​∑ 
​ϵ​it​​

​ ​​​  Π​​(​p​ it​ 
∗ ​, ​​  p​​it​​)​ ​​  f​​it​​​(​s​it​​ | ​​  p​​it​​, ​s​ i​ 

t−1​)​ ​g​it​​​(​​  p​​it​​ | ​s​ i​ 
t−1​)​ 

	 − ​λ​i​​ ​(​​  p​​it​​, ​s​it​​ | ​s​ i​ 
t−1​)​​.

The information strategy shapes the posterior distribution of signals, which is 
equivalent to choosing ​​f​it​​​(​​  p​​it​​, ​s​it​​ | ​s​ i​ 

t−1​)​​.
As the only purpose of costly information is to inform pricing decisions, through 

signals the firm is implicitly choosing its optimal price by determining ​f​(​​  p​​it​​ | ​s​it​​, ​s​ i​ 
t−1​)​​;  

i.e., we do not need to solve the endogenous choice of information separate from the 
pricing decisions of firms. Matějka and McKay (2014) and Matějka (2016) formally 
show this result for static RI problems, while SSM prove it within a dynamic setting 
with flexible information. Intuitively, each signal ​​s​it​​  ∈ ​ Ω​s​​​ will be associated with 
just one price ​​p​it​​  ∈ ​ Ω​p​​​. If two signals lead to the same price, and since entropy is 
a concave function, the firm could end up setting the same price with a lower infor-
mation cost.7 Therefore, it is enough to solve for the optimal distribution of prices 

7 Moreover, since information is costly and ​f​(​​̂  p​​it​​, ​s​it​​ | ​s​it−1​​)​​ is endogenous, necessarily ​​(​​̂  p​​it​​, ​p​ it​ 
∗ ​ | ​s​it−1​​)​  

≤  ​(​​̂  p​​it​​, ​s​it​​ | ​s​it−1​​)​​. The linearity of the cost function is relevant under a dynamic setting, as it prevents the firm from 
stocking unused information for future periods (SSM 2017).
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conditioning on (1) the realization of the target-price and (2) the history of previous 
pricing decisions ​​p​ i​ 

t−1​  ≔ ​ {​p​it−1​​, ​p​it−2​​,  …  ​p​i0​​}​​ instead of ​​s​ i​ 
t−1​​.

A Markovian Solution.—An optimal solution for the RI problem is defined as 
Markovian if the implied probability distribution that solves the dynamic problem 
at any time ​t​ depends on the last action ​​p​it−1​​​ and the current state ​​σ​t​​​ but not on any 
earlier actions or states. Given the Markov switching process for ​​σ​t​​​ and as shown by 
SSM and Miao and Xing (2019, propositions 5 and 6, section IVB), a Markovian 
structure holds if the set of actions and states is finite, the Markov switching prob-
abilities are time invariant, and if the proposed solution is interior. This latter con-
dition means that all pricing decisions are chosen with positive probability at every 
point in time.

While assuming that the solution is interior, all the remaining conditions for a 
Markovian structure are satisfied in our model. Therefore, the relevant historical 
information is summarized by the lagged action ​​p​it−1​​​, which, combined with the cur-
rent optimal price ​​​  p​​it​​​, allows us to characterize the dynamic learning model. Given 
the solution for the model, we will verify in Section IIC that it is indeed interior.

D. The Dynamic RI Problem

Let us now formally introduce the dynamic information acquisition problem. 
While the price-setting decision is static, the unobserved and persistent distribution 
of ​​​  p​​it​​​ implies a correlation between consecutive periods. As the precision by which 
owners try to uncover the underlying state of the economy is subject to their choice, 
prior beliefs ​​m​it​​​(​σ​jt​​ | ​p​it−1​​)​, j  =  L, H​ become the state variable of the problem.

During each period ​t​, given ​​g​it​​​(​​  p​​it​​ | ​p​it−1​​)​  ∈  Δ​(​Ω​​̂  p​​​)​​ and information costs  
​​λ​i​​  >  0​, owners choose ​​f​it​​​(​p​it​​, ​​  p​​it​​ | ​p​it−1​​)​  ∈ ​ Δ​g​​​(​Ω​p​​ × ​Ω​​̂  p​​​)​​ to solve the dynamic 
problem

(5) ​ V​(​m​it​​​(​σ​L​​ | ​p​it−1​​)​)​  = ​   max​ 
​f​it​​​(​p​it​​,​​  p​​it​​|​p​it−1​​)​

​​ ​∑ 
​σ​t​​

​ ​​​∑ 
​ϵ​it​​

​ ​​​∑ 
​p​it​​

​ ​​​[​̂  Π​​(​p​it​​, ​​  p​​it​​)​ 

	 + βV​(​m​it+1​​​(​σ​L​​ | ​p​it​​)​)​]​ ​f​it​​​(​p​it​​, ​​  p​​it​​ | ​p​it−1​​)​​ 

	 − ​​λ​i​​ ​(​​  p​​it​​, ​s​it​​ | ​s​it−1​​)​​

subject to

(6)	​ ​(​​  p​​it​​, ​s​it​​ | ​s​it−1​​)​  = ​ f​it​​​(​p​it​​, ​​  p​​it​​ | ​p​it−1​​)​log​(​ 
​f​it​​​(​p​it​​, ​​  p​​it​​ | ​p​it−1​​)​

  ____________________  
​g​it​​​(​​  p​​it​​ | ​p​it−1​​)​ ​f​it​​​(​p​it​​ | ​p​it−1​​)​

 ​)​​

(7)	​​ g​it​​​(​​  p​​it​​ | ​p​it−1​​)​  = ​ m​it​​​(​σ​t​​ | ​p​it−1​​)​h​(ϵ)​  = ​ ∑ 
​p​it​​

​ ​​ ​f​it​​​(​p​it​​, ​​  p​​it​​ | ​p​it−1​​)​​

(8)	​​ m​it+1​​​(​σ​L​​ | ​p​it​​)​  = ​ ​t+1​​​(​f​it​​​(​σ​L​​ | ​p​it​​)​)​​

(9)	​ 0  ≤ ​ f​it​​​(​p​it​​, ​​  p​​it​​ | ​p​it−1​​)​  ≤  1​.
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Owners maximize the expected value of ​​  Π​​(​p​t​​, ​​  p​​it​​)​​ with respect to the perceived 
probability distribution of ​​p​it​​​ and ​​​  p​​it​​​ relative to the total information cost. The cost ​​
λ​i​​​ forces the firm to form a probabilistic conjecture of its optimal price given both 
the unobserved persistent and i.i.d. shocks. Since the space of prices and shocks is 
finite, the strategy space is compact. Therefore, from the continuity of the objective 
function, the RI problem has a solution.

The state variable in the value function (5) corresponds to the prior probability of 
the low-volatility state. Equation (7) forces the chosen joint probability distribution 
to be consistent with owners’ prior beliefs. Without this constraint, owners could 
“forget” relevant information acquired in the past. Equation (8) characterizes the 
belief updating process. In this equation ​​​t+1​​​ represents the law of motion of ​​σ​L​​​ 
based on the Markov switching probabilities, while its argument is the posterior 
probability of the distribution of ​​​  p​​it​​​ having low volatility at time ​t​.

The fully flexible information scheme imposes a challenge on how to solve (5), 
as the shape of ​​f​it​​​(​p​it​​, ​​  p​​it​​ | ​p​t−1​​)​​ and its implications on ​​(​​  p​​it​​, ​s​it​​ | ​s​it−1​​)​​ has a nonlinear 
effect on continuation values ​V​(​m​it+1​​​(​σ​L​​ | ​p​it​​)​)​​. To tackle this issue, I build on the 
result given by proposition 3 of SSM.8 The following system of nonlinear equations 
characterizes the solution of (5) subject to equations (6) to (9).

PROPOSITION 2 (Solution of the Dynamic RI Problem): 

(10)	​​ m​it​​​(​σ​L​​ | ​p​it−1​​)​  = ​ (1 − ​τ​LH​​)​ ​f​it−1​​​(​σ​L​​ | ​p​it−1​​)​ + ​τ​HL​​​(1 − ​f​it−1​​​(​σ​L​​ | ​p​it−1​​)​)​​

(11) ​​f​it​​​(​p​it​​ | ​​  p​​it​​, ​p​it−1​​)​  = ​ 
exp​[​(Π​(​p​it​​, ​​  p​​it​​)​ + βV​(​m​it+1​​​(​σ​L​​ | ​p​it​​)​)​)​/​λ​i​​]​ ​f​it​​​(​p​it​​ | ​p​it−1​​)​

     _______________________________________________     
​∑ ​p​ it​ ​​ ′ ​ ​​ 

 
  ​​ exp​[​[Π​(​p​ it​ ​​ ′ ​ ​, ​​  p​​it​​)​ + βV​(​m​it+1​​​(​σ​L​​ | ​p​it​​)​)​)​/​λ​i​​]​ ​f​it​​​(​p​ it​ ​​ ′ ​ ​ | ​p​it−1​​)​

 ​​

(12) ​V​(​m​it​​​(​σ​L​​ | ​p​it​​)​)​

      = ​ λ​i​​ E​​[​​log​(​∑ 
​p​it​​

​ ​​​(exp​[​(Π​(​p​it​​, ​​  p​​it​​)​ + βV​(​m​it+1​​​(​σ​L​​ | ​p​it​​)​)​)​/​λ​i​​]​ ​f​it​​​(​p​it​​ | ​p​it−1​​)​)​]​​​ .

In online Appendix C we derive these expressions. For any ​​λ​i​​  >  0​, (10), (11), 
and (12) summarize the main equations that solve the problem. Equation (10) is the 
prior probability of being in the low-volatility state as a function of the Markov transi-
tion probabilities and lagged acquired information. The expression then corresponds 
to the functional form of ​​​t​​​ in equation (8). The prior probability ​​m​it​​​(​σ​H​​ | ​p​it−1​​)​​ is 
simply the complement of equation (10). These two probabilities are embedded into  
​​g​it​​​(​​  p​​it​​ | ​p​it−1​​)​​ to force prior beliefs to be consistent with the joint probability distri-
bution as stated in (7).

The form of the conditional probability ​​f​it​​​(​p​it​​ | ​​  p​​it​​, ​p​it−1​​)​​, i.e., the information 
strategy, is characterized in (11). The probability resembles the dynamic logit 

8 This paper argues that a dynamic RI problem consistent with (5) is equivalent to a control problem with-
out uncertainty about ​​​̂  p​​it​​​. Because of this equivalence, firms’ continuation values are then a function of the his-
tory of prices and shocks, so the decision about the shape of the joint probability distribution does not affect  
​V​(​m​it+1​​​(​σ​L​​ | ​p​it​​)​)​​.
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formula except for the term ​​f​it​​​(​p​it​​ | ​p​it−1​​)​​, which multiplies the cost-benefit ratio of 
choosing the price ​​p​it​​​. As ​​f​it​​​(​p​it​​ | ​p​it−1​​)​​ is independent of realized shocks, it is inter-
preted as the owner’s “predisposition” to choose each ​​p​it​​  ∈ ​ Ω​p​​​ without additional 
current information. Following SSM’s characterization, we interpret firms’ predis-
position as prices that are chosen with high probability (on average) across out-
comes and states, i.e., ​f​(​p​it​​ | ​p​it−1​​)​  = ​ E​​​  p​​it​​​​​[f​(​p​it​​ | ​​  p​​it​​, ​p​it−1​​)​]​​. The posterior probability  
​​f​it​​​(​p​it​​ | ​​  p​​it​​, ​p​it−1​​)​​ is a function of ​​λ​i​​​, as its magnitude determines the amount of infor-
mation to process and, with this, the weight attached to prior probabilities. Pricing 
decisions are drawn from (11) reflecting the noisiness in signals, while being con-
sistent with owners’ idiosyncratic state-dependent beliefs. Equation (12) shows the 
expression for the continuation value.

Due to imperfect information about both the outcome and its time-varying distri-
bution, there is no specific closed form for the posterior probability ​​f​it​​​(​p​t​​ | ​​  p​​it​​, ​p​it−1​​)​​.9 
Moreover, as the information cost nonlinearly affects both the posterior probability 
and continuation values, it is difficult to anticipate how different values of ​​λ​i​​​ would 
affect the information strategies.

SSM argued that these equations are necessary and sufficient for solving the 
dynamic RI problem. Given the Markovian framework, the choice rule (11) will 
become stationary after a finite number of periods. Therefore, the system of equations 
would reflect the long-run behavior of firms, so we proceed to solve it numerically.

II.  Numerical Solutions

Before numerically solving the model, we need to introduce further assump-
tions about the simplex of each variable. The computational intensity of RI models 
severely restricts this decision (Tutino 2013). Let ​| ​Ω​ϵ​​ |  =  15​ and ​| ​Ω​p​​ |  =  29​ be 
the number of possible values that the idiosyncratic shocks ​​ϵ​it​​​ and prices ​​p​it​​​ can 
take, respectively.10 The different values for ​​ϵ​it​​​ come from a linearly equally spaced 
grid ranging from ​− 2 ​σ​H​​​ to ​2 ​σ​H​​​. Since ​​g​it​​​(​​  p​​it​​)​  = ​ m​it​​​(σ)​h​(ϵ)​​, the state variable 
is defined as the probability of being in the low state ​​m​it​​​(​σ​L​​)​  ∈  Δ​(​Ω​σ​​)​​, where  
​Δ​(​Ω​σ​​)​​ is the belief simplex. The dimension of the belief simplex is assumed  
​|Δ​(​Ω​σ​​)​|  =  12​, where each point reflects distinct (equally spaced) values for the 
marginal probability of the economy being in the low-volatility state. The specific 
details of the algorithm to solve the dynamic RI model are described in online 
Appendix D.

A. Calibration

The parameters in the model are the discount rate ​β​, switching probabilities ​​τ​LH​​​ 
and ​​τ​HL​​​, the price elasticity ​η​ (which determines the curvature of demand ​γ​), the 

9 Starting from the same model but assuming that the underlying distribution of ​​​̂  p​​it​​​ is known with certainty (i.e., 
a static framework), there would be a closed-form expression for the posterior uncertainty. With a quadratic objec-
tive and Gaussian distributions, the model boils down to a Bayesian updating setup, where the posterior distribution 
of prices is equal to a weighted sum between prior beliefs and signals. Under RI, the weight attached to signals 
becomes the choice variable of the problem.

10 Thus, there are 870 possible result combinations from the 3 random variables, ​f​(σ, ϵ, p)​  =  2 × 15 × 29​.
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volatility level in the two states ​​σ​L​​, ​σ​H​​  ≡  ϕ ​σ​L​​​, and the cost of acquiring informa-
tion ​​​{​λ​i​​}​​ i=1​ 

N  ​​. Each period is a month, so consistent with an annualized risk-free 
rate of 4 percent, we set the discount factor equal to ​β  =  0.9967​. The transition 
probabilities are assumed equal to ​​τ​LH​​  =  0.00882​ and ​​τ​LH​​  =  0.0196​, implying a 
quarterly probability of 2.6 percent of switching from the low- to the high-volatility 
state and a 94 percent probability of remaining in the high-volatility state. These 
probabilities are set in order to match Bloom et al.’s (2018) estimates for the tran-
sition across uncertainty regimes in the United States. Finally, following Nakamura 
and Steinsson (2008), the price elasticity of demand is assumed ​θ  =  4​ (implying a 
33 percent markup). Hence, ​γ  =  − 6​, as shown in online Appendix A.

The remaining parameters are calibrated to match different stylized facts about 
both micro price changes and information frictions. All the stylized facts about 
prices are taken from Vavra (2013), while the evidence of state-dependent infor-
mation rigidities is collected from CG (section  III). Based on the algorithm, we 
simulate an economy with ​N  =  5,000​ firms and ​T  =  1,700​ periods. In the sim-
ulations the economy evolves naturally across states and idiosyncratic shocks, and 
we rule out the first 200 periods. To set the heterogeneity, we assume there are ten 
distinct values for ​λ​, which are randomly and uniformly assigned across firms; i.e., ​
10 × 500  =  5,000​. Without further evidence on the cost distribution, we assume ​​
λ​i​​  ∼  N​(​

_
 λ ​, ​σ​ λ​ 2 ​)​​, with the distribution truncated at zero. Given the calibrated param-

eters ​​
_

 λ ​​ and ​​σ​λ​​​, the different values of ​λ​ are given by the 10 equidistant percentiles 
(from 5 to 95) of this distribution. These four parameters ​​{​σ​L​​, ϕ, ​

_
 λ ​, ​σ​ λ​ 2 ​}​​ are cali-

brated to match the data.

B. Matching Moments

Table  1 shows the moments chosen from the data and their simulated coun-
terparts from the model. ​E​(| Δp |)​​ is the average magnitude of price changes (in 
percentage points), and ​E​(Dispersion | ​σ​i​​)​​ is the average price-change dispersion 
across time when the underlying state is ​i  =  L, H​. As these three moments are 
computed conditional on a price change occurring, i.e., ​| Δ ​p​i,t​​ |  ≠  0​, they reflect 
the intensive margin of price changes.11 Given the focus on unobserved volatil-
ity shocks, we assess the model’s ability to replicate the price dispersion at times 
of low and high volatility separately.12 We exclude “sale-type” prices by relying 
on the “V-shape” filter proposed by Nakamura and Steinsson (2008). Two reasons 
support this decision. Firstly, to provide a fair comparison with the price moments 
in Vavra (2013), which also remove sales, and secondly, since it has been argued 

11 The ability to match the distribution of the intensive margin of price changes is a relevant feature of pricing 
models. Midrigan (2011) documents a significant amount of heterogeneity in the (absolute) magnitude of price 
changes in the data. Accounting for such heterogeneity is essential, as it is linked with the effectiveness of monetary 
policy. To reproduce this heterogeneity, we target both the mean and the variance of price changes. Moreover, we 
also target the price change dispersion during low- and high-volatility episodes. Matching the rising dispersion 
during high-volatility episodes has also attracted the attention of pricing models. If prices become more flexible, 
they will absorb shocks, so the ability of monetary policy to affect the real economy would be harmed, especially 
during more uncertain times; see Vavra (2013).

12 This is done by collecting Vavra’s (2013) business cycle facts and then assuming that recessions are periods 
of high volatility (Bloom et al. 2018).
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that the simulated price changes of a rationally inattentive seller are consistent with 
sales-type (short-term) movements (Matějka 2016). The last targeted moment ​​β​IR​​​ is 
an estimate of information rigidities as described by CG. Particularly, this parameter 
comes from the following estimation:

(13)	​​ x​t+h​​ − ​F​t​​ ​x​t+h​​  =  c + β​(​F​t​​ ​x​t+h​​ − ​F​t−1​​ ​x​t+h​​)​ + erro​r​t​​​.

In this equation ​​x​t+h​​​ is the actual realization of the predicted variables at time ​
t + h​; ​​F​t​​ ​x​t+h​​​ is the prediction for ​​x​t+h​​​ using the available information up to time ​t​,  
i.e., the posterior; and ​​F​t−1​​ ​x​t+h​​​ is the prediction for the same variable but relying on 
information up to ​t − 1​, i.e., the prior. With a sample ranging from 1968 to 2014, 
CG estimate (13) for each quarter separately in order to capture the low-frequency 
variation in the degree of information rigidity over time. The targeted moment ​​
β​IR​​  =  0.674​ is the average of the estimated ​β​’s across quarters and years. For com-
pleteness, we also add the average confidence intervals for the estimation. By setting ​
h  =  0​, we can repeat the same exercise and estimate (13) through the lens of our 
dynamic learning model and check its ability to match this parameter.13

13 In terms of our model, with h = 0 and averaging across price setters, equation (13) becomes  
​​​̂  p​​t​​ − ​p​t​​  =  c + β​(​p​t​​ − ​p​ t​ 

p​)​ + erro​r​t​​​, where ​​p​ t​ 
p​​ stands for the price that the firm would set using only information 

collected up to ​t − 1​, i.e., the predisposition given prior beliefs. For the sake of comparison with CG, we estimate 
(13) collapsing our simulated monthly data into quarters. This is the only moment estimated in quarterly frequency. 
While originally, the degree of information rigidity obtained through (13) assumes ​h  =  4​, CG (section IIB)  shows 
that this parameter does not change significantly for ​h  =  0​.

Table 1—Matched Moments and Alternative Specifications

Targeted moments Data Baseline

​E​(| Δp |)​​ 0.077 0.071

​E​(Dispersion | ​σ​L​​)​​ 0.073 0.072

​E​(Dispersion | ​σ​H​​)​​ 0.090 0.091
​​β​IR​​​ 0.674 0.724

(0.281,1.065)

Nontargeted moments

Frequency 0.150 0.564
​Kurtosis​(| Δp |)​​ 6.403 4.050
Fraction small 0.330 0.175
​Corr​(Dis, Freq)​​ 0.506 0.630

Notes: ​E​(| Δp |)​​ is the average magnitude of nonzero price changes, ​E​(Dispersion | ​
σ​i​​)​​ is the average price-change dispersion when the aggregate volatility state is ​L​ 
or ​H​, and ​​β​IR​​​ is the degree of information rigidities obtained by averaging the quar-
terly estimates of (13) over the sample. Frequency is the fraction of prices that change 
per month, ​Kurtosis​(| Δp |)​​ is the kurtosis coefficient of the distribution of absolute 
price changes, ​E​(| Δp |)​​; Fraction small is the percentage of small price changes; and  
​Corr​(Dis, Freq)​​ is the time series correlation between the dispersion and the frequency of 
price changes.

Sources: All pricing moments are taken from Vavra (2013). The information rigidity parame-
ter ​​β​IR​​​ is taken from CG.
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We further assess the model’s ability to replicate the data in two additional 
ways. First, by focusing on additional (nontargeted) moments from prices and 
secondly, through the possibility of replicating the empirical learning dynamics doc-
umented over the business cycle. Regarding the nontargeted moments in Table 1, 
Frequency and ​Kurtosis​(| Δp |)​​ stand for the frequency of price reviews (fraction of 
prices that change) per month across firms and the kurtosis from the distribution of 
price changes, respectively. Fraction small is the proportion of small price changes, 
where a small change is defined as ​| Δ ​p​i,t​​ |  <  0.5E​(|Δp|)​​, and ​Corr​(Dis, Freq)​​ 
is the correlation between the price-change dispersion and the frequency of price 
changes.

As shown in Table 1, the baseline dynamic RI model can simultaneously match 
all the targeted features of the data. The calibrated parameters are displayed in 
Table 2. The volatility of the price-target in the high state increases by 64 percent, a 
magnitude that is fully consistent with the estimated aggregate uncertainty param-
eters during episodes of economic distress (Bloom et al. 2018). The standard devi-
ation for the attention cost ​​σ​λ​​  ≈  0.08​ is considerable, as it is more than half of 
the average cost. While the calibrations rely on a parametric assumption about the 
distribution of costs, they are informative, as they provide a quantitative assessment 
about the potential dispersion of information rigidities across firms. As the ability 
of an RI model to match this set of moments is one of the main contributions of this 
paper, online Appendix E provides a further discussion of the identification strategy. 
Although all parameters are jointly identified, we show which moments are rela-
tively more informative of which specific parameters.

Regarding nontargeted moments, although prices remain constant in the model 
nearly half of the time, this is still not enough to fully replicate the frequency of 
price changes. This result is still relevant, as the model’s ability to partially replicate 
the degree of micro price stickiness is attained assuming imperfect information as 
the unique friction. Matějka (2016) showed that RI is consistent with price-setting 
evidence at the extensive margin. However, the intensive margin channel was muted 
in his analysis. The average absolute size of price changes was also calibrated by 
Maćkowiak and Wiederholt (2009) based on an RI model but with fully flexible 
prices. The results in Table  1 suggest that a dynamic version of an RI model is 
consistent with the evidence at the intensive margin, while generating a moderate 
amount of price stickiness.

Given the two margins of price adjustments, the baseline model is close to fully 
matching the positive comovement between price-change dispersion and frequency 
over time. Vavra (2013) argues that most price-rigidity models are at odds with this 
new fact and extends a canonical Ss price-setting model to reconcile its predictions 
with the data. Our results suggest that this feature of the data is also consistent with 
our setup. Section  III provides further intuition on the mechanism by which the 
model can rationalize this correlation.

As information acquisition is fully endogenous in the model, we expect that 
when the economy enters into a high-volatility state, firms would decide to gather 
more information before setting prices. While based on the RI literature we antic-
ipate that this will happen (Maćkowiak and Wiederholt 2009), it is less obvious 
that the learning dynamics will actually resemble the response of information 
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rigidities over the business cycle. Using the calibrated parameters in Table 2, we  
estimate

(14)	​​​
_

 κ ​​t​​  =  α + ​ ∑ 
j=0

​ 
J

  ​​​ϕ​j​​ ​I​ t−j​ 
REC​ + erro​r​t​​​,

where ​​​
_

 κ ​​t​​  ≡ ​ ∑ i​ N ​​​κ​it​​​ is the average total acquired information across firms at time ​t​ 
and ​​I​ t−j​ 

REC​​ is a dummy variable equal to one that marks the first quarter after which 
the economy enters into a high-volatility state. Equation (14) again follows CG. 
By changing ​j​, we can back out a sequence of ​​ϕ​j​​​ that are interpreted as an impulse 
response of average acquired attention to a high-volatility state. The same equation 
is estimated by CG, but instead of ​​​

_
 κ ​​t​​​, they use their estimated measure for infor-

mation rigidities ​​β​t​​​ obtained through (13). The final external validation of our base-
line model is to assess whether it can replicate the learning dynamics documented 
by these authors. To provide a fair comparison and given the one-to-one mapping 
between ​​β​t​​​ and the weight on current signals ​​  G​  =  1 / ​(1 + ​  β​)​​, i.e., the Kalman 
Gain discussed by CG, we compare the IRFs of (14) against the ​ϕ​’s obtained 
through the same equation but replacing ​​​

_
 κ ​​t​​​ with ​​  G​​. For this, we use CG’s original 

data and aggregate our simulated ​​​
_

 κ ​​t​​​ in quarterly frequency to mirroring their data. 
We standardized the two dependent variables to account for the different units of 
the IRFs, where the first is measured in information bits and the second is a relative 
weight. Thus, we interpret the responses in standard deviation units. This is shown 
in Figure 1.

As shown by Figure 1, acquired information increases after the economy enters 
into the less predictable state, i.e., ​t  =  0​, in a manner consistent with its empiri-
cal counterpart. In fact, the response upon impact is relatively similar between the 
two models, with a slightly higher level for the endogenous attention specification. 
As in the data, the adjustment is, however, sluggish, meaning that firms cannot 
immediately recognize that the economy is in a different state. The specific features 
that cause this delayed learning pattern are discussed extensively in Section  III. 
Interestingly, although the amplification of the dynamic RI model is higher, the two 
models reach their maximum level at around the fifth quarter. The correlation of 
0.79 of the responses is reassuring, as it reflects that quantitatively, the two models 
behave similarly after a second-moment shock. By studying the implications of a 
decision-maker, a price setter, who faces costly entropy reductions within a dynamic 

Table 2—Calibrated Parameters

Parameter Value Description

​β​ 0.9967 Discount rate
​γ​ −6 Curvature of demand function

​​τ​LH​​​ 0.00882 Monthly transition prob.: Low/high state
​​τ​HL​​​ 0.0196 Monthly transition prob.: High/high state
​​σ​L​​​ 0.101 Volatility in low state

​ϕ​ 1.64 Increase in volatility in high state

​​
_

 λ ​​ 0.105 Mean distribution information cost

​​σ​λ​​​ 0.079 Stdv distribution information cost
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learning setting, we are able to rationalize the attention dynamics over the business 
cycle. This reinforces the importance of allowing for inattention at the firm level to 
better understand decisions.

C. Information and Pricing Strategies

Let us now focus on the implications of acquired information on price setting 
given the different costs. At each ​t​ owners choose their information strategies, which 
will support their pricing decisions. Uncertainty about the current distribution of ​​​  p​​it​​​ 
implies that the decision about the amount of information to collect is linked with 
the prior beliefs about each state. Due to the cost heterogeneity and for expository 
reasons, we focus on three types of firms, specifically those facing low, medium, and 
high information costs. In particular, we focus on firms with ​​λ​1​​  < ​ λ​5​​  < ​ λ​10​​​ taken 
from the cost distribution.14

Figure 2 shows ​​(​p​it​​, ​​  p​​it​​ | ​p​it−1​​)​​ as a function of distinct prior probabilities assigned 
to the low-volatility state for these three firms. As the prior converges to one, all 
firms choose to acquire less information as a response to the idiosyncratic shocks 
being more predictable. However, as the prior approaches zero, firms face an infor-
mation trade-off. On the one hand, they are almost certain that the economy is in 

14 Given the calibrated ​​
_

 λ ​​ and ​​σ​λ​​​ of the truncated Normal distribution for the information costs, we choose 
the middle cost ​​λ​5​​​ to resemble the average firm. In particular, according to the calibration, ​​λ​5​​  =  0.1055​ and ​​_

 λ ​  =  0.1046​, as reported in Table 2.

Figure 1. Information Acquisition over the Business Cycle

Notes: The red line of the figure shows the response of the standardized ​​​
_

 κ ​​t​​​ after estimating (14). The black line is 
the response of the standardized ​​̂  G​  =  1 / ​(1 + ​̂  β​)​​ using CG’s original data. In this latter case we replace ​​​

_
 κ ​​t​​​ for ​​̂  G​​ in 

(14). Consistent with CG, we smooth the response of both coefficients by fitting a polynomial distributed lag model 
where the order of the polynomial is three and with total lags J = 20.

Correlation = 0.79
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the high-volatility state, which discourages acquiring costly information on the state 
of the economy, while on the other hand, gathering additional information is useful 
for responding to the less predictable idiosyncratic shock. Intuitively, which of the 
two mechanisms dominates is driven by the magnitude of ​λ​. The results support 
this intuition. As the perceived predictability of the unobserved target decreases, it 
becomes increasingly optimal to acquire more information. However, this is only 
true for low and medium costs. The information profile for higher-cost firms exhib-
its an inverted U-pattern indicating that the increased certainty about being in the 
high-volatility state crowds out the final amount of information acquired.

Let us turn to the chosen information strategies ​​f​it​​​(​p​it​​, ​σ​t​​, ​ϵ​it​​ | ​p​it−1​​)​​ for the three 
cost levels. To minimize conditional variance (equation (4)), firms design their 
optimal information and pricing strategies conditioned on the costs they face. 
Information costs not only affect the search quality, they also force owners to form 
a probabilistic conjecture about the likelihood of extreme realizations of the target, 
which ultimately affects their pricing decisions.

For expository reasons, we compute strategies when price setters believe there is 
a 75, 50, and 25 percent probability of being in the low-volatility state. As the joint 
probability distribution depends on three random variables, we calculate the “pre-
disposition” ​​f​it​​​(​p​it​​ | ​p​it−1​​)​  = ​ ∑ ​σ​t​​​ 

 
 ​​​ ∑ ​ϵ​it​​​ 

 
 ​​​ f​it​​​(​p​it​​, ​σ​t​​, ​ϵ​t​​ | ​p​it−1​​)​​, where prior beliefs about ​​σ​t​​​ 

are embedded in ​​p​it−1​​​. This is presented in the left column of Figure 3, starting from 
the highest cost. With new information about ​​​  p​​it​​​, firms update their beliefs to form 
the posterior ​​f​it​​​(​p​it​​ | ​​  p​​it​​, ​p​it−1​​)​​ from which the optimal price is finally drawn. This 
is shown in the right panel of the figure. In all cases we assume a given constant 

Figure 2. Total Information

Notes: The figure presents total acquired information with respect to prior probabilities attached to the econ-
omy being in the low-volatility state. The relationship is shown for three different information-cost values,  
​​λ​1​​  <  ​λ​5​​  <  ​λ​10​​​.
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realization for ​​​  p​​it​​​ drawn from the low-volatility distribution. The optimal price is 
represented by the vertical solid line.

The results show that a rational inattentive price setter is prone to choose from a 
smaller price set relative to the full array of possible prices. This feature is labeled as 
the “optimal consideration set” by the RI literature (Caplin, Dean, and Leahy 2019). 
From the prior probabilities, it is clear that the range of possible values for ​​p​it​​​ decreases 
with the magnitude of the information cost. For ​​λ​10​​​, the predisposition ​​f​it​​​(​p​it​​ | ​p​it−1​​)​​ 

Figure 3. Firm’s Predisposition ​f​(​p​it​​ | ​p​it−1​​)​​ and Conditional Probability ​f​(​p​it​​ | ​​  p​​it​​, ​p​it−1​​)​​
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degenerates into two possible prices. Following equation (11), the decision is to assign 
almost zero probability to choosing a price different from these two. The chosen mag-
nitude of the two possible prices is, however, relevant, as owners are trying to reduce 
their probability of making large mistakes on average to the utmost. When the uncer-
tainty about the correct distribution is maximized, i.e., ​Prob​(​σ​L​​)​  =  0.5​, the ​​λ​10​​​ firm 
responds by choosing between more extreme price values. In line with Figure 2, as 
a response to the perceived higher probability for the ​​σ​H​​​ state, the firm chooses to 
acquire less information and return to its previous price plan where it discriminates 
between two possible prices closer to the mean.15

Since this “degenerate” pricing strategy is common across firms with high infor-
mation costs, the model resembles price stickiness. Moreover, while the pricing 
strategies look similar for ​Prob​(​σ​L​​)​  =  0.25​ and ​0.75​, in the former case the firm 
chooses to attach some small probability around the price with the highest probabil-
ity. This increases the frequency of price adjustments as the economy moves toward 
the less predictable state, a feature consistent with the data.

Cheaper information allows the owner to more precisely distinguish both the real-
ization of the target-price and its underlying distribution. The ​​λ​5​​​ firms are inclined 
to choose among a wider set of prices but still assign almost zero probability to 
extreme realizations of ​​​  p​​it​​​, with the exception of ​Prob​(​σ​L​​)​  =  0.25​. The predispo-
sition for ​​λ​1​​​ resembles a normal distribution where, instead of concentrating all the 
probability mass in a couple or a small subset of prices, the firm allocates the prior 
probability not to rule out any potential price ex ante. The shape of the predisposi-
tion allows them to react immediately as new (and very precise) information arrives, 
distributing the posterior probability close to the true realization. This is shown by 
the lowest graph in the right column of Figure 3. Around 28 percent of the time, the ​​
λ​1​​​ firm correctly set ​​p​it​​  = ​​   p​​it​​​ for the three probability scenarios. When the proba-
bility of ​​σ​L​​​ decreases and firms collect more information, the distribution changes 
to attaching more probability to extreme realizations, in exchange with reducing the 
probability of setting prices closer to the mean. Even if the firm wrongly attaches a 
high probability to the more volatile distribution, it is still able to closely track the 
optimal price.

As noticed, pricing decisions are error prone under RI. Given the significant dis-
persion of the information costs, we can quantify the expected per period profit loss 
from these mistakes across the distribution of firms. In particular, we can compute 
the expected static profit loss under RI with respect to the full-information (FI) 
profit, i.e., the frictionless equilibrium where firms observe ​​​  p​​it​​​ without noise. In our 
model this is equivalent to assuming that ​​λ​i​​  =  0​ for all firms. For the average firm, 
pricing mistakes from imperfect information account for a decrease of 5.7 percent 
in profits relative to the FI benchmark. Firms facing the lowest ​​λ​1​​​ and the highest 
cost ​​λ​10​​​ of information reduce their profits by 0.9 percent and 10.4 percent, respec-
tively, in comparison with the frictionless scenario. We find numbers in this range 
reasonable, as they do not force firms to face disproportionally large profit losses 

15 Despite that for some values of ​​λ​i​​​, the predisposition concentrates almost all the likelihood in a subset of 
prices, i.e., it degenerates, numerically we confirm that the probability of choosing each possible ​​p​it​​​ in ​​Ω​p​​​ is always 
strictly greater than zero for any value of ​λ​ and ​​g​it​​  ∈  Δ​(​Ω​​̂  p​​​)​​. Hence, the solution is indeed interior.
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from inattention, while generating a significant degree of sluggishness in learning, 
as described in the following section.

Despite the quality of the signal, any firm can have misperceived beliefs about the 
correct distribution. If the economy switches to the low-volatility state after being 
in the high state for several periods, even a highly informed owner may continue 
setting prices thinking that the economy is still in the less predictable state. It would 
be enough that the current realization for ​​​  p​​it​​​ is close to the mean in order to prevent 
them from noticing any differences. The rate by which firms uncover a potential new 
state, which is linked to their information and pricing strategies, is what brings most 
of the interesting insights to the problem.

III.  Delayed Learning Dynamics

We will now study the transition dynamics of the model by simulating an exoge-
nous state change. At the initial time ​T  =  0​, we assume that firms know the correct 
state with certainty, after which they start to update their beliefs about the current 
state. We assume that the economy remains in the low-volatility state for 100 periods 
and then switches to the high state at time ​T​. Keeping the assumed transition of states 
constant, we simulate 50 economies with 5,000 firms. As in the calibrations, we allo-
cate the 10 different information costs uniformly across these 5,000 firms. The results 
are then the averages of the variables across economies at each point in time.

A. Persistent Beliefs at the Firm Level

We start by presenting the results at the firm level by focusing on the same three 
groups of firms, ​​λ​1​​​, ​​λ​5​​​, and ​​λ​10​​​, as in the previous section. Figure  4 shows the 
evolution of posterior beliefs about the high-volatility state ​​f​it​​​(​σ​H​​ | ​p​t​​, ​p​it−1​​)​​ and the 
average price-change dispersion ​E​(Dispersion | ​σ​j​​)​​ with ​j  =  L, H​ for the three type 
of firms after the aggregate state change (vertical dotted line).

When information is cheap, owners can more easily notice a state change and 
respond to the lower predictability of the target by acquiring more information. 
However, even firms with the lowest information cost ​​λ​1​​​ do not immediately notice 
the new distribution, causing a sluggish reaction in the revision of their posterior 
beliefs, affecting the amount of acquired information. Hence, imperfect information 
about persistent volatility states endogenously generates persistence in beliefs. The 
reaction of firms facing a higher information cost, ​​λ​5​​​ and ​​λ​10​​​, is even more sluggish. 
As the higher costs lead firms to focus their attention on a smaller consideration 
set, this delays the rate by which these firms recognize more extreme realizations 
of ​​​  p​​it​​​. Following the simulated exercise, while firms with the lowest cost still need 
approximately four months to start attaching more probability to being in ​​σ​H​​​, firms 
with middle or higher costs need seven months. The prediction about heterogeneous 
beliefs about a common variable coexisting between firms during the same time is 
also supported by the empirical evidence; see Kumar et al. (2015).16

16 Although this paper documents the presence of time-varying heterogeneous beliefs about inflation, we see 
this as a valid proxy for the beliefs about an aggregate price index such as ​​​̂  p​​it​​​.
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Active learning within this dynamic setting generates disagreement about the cor-
rect underlying distribution for ​​​  p​​it​​​, which affects both pricing and posterior infor-
mation decisions. The evolution of price dispersion is presented in the right panel 
of Figure 4. In the new volatility state, the price dispersion increases, reflecting the 
intrinsically less predictable price-target. However, with the new state, the price 
dispersion displays an upward trend, reflecting that this subset of firms keep setting 
prices based on outdated beliefs about the true price distribution.

B. Aggregate Evolution

Let us now turn to aggregate pricing decisions. Figure 5 presents the evolution 
of the price-change dispersion (given by the standard deviation of ​Δ ​p​it​​​) and, in 
the secondary axis, the evolution of the frequency of price changes for the same 
assumed transition. As the economy changes states, both the price-change disper-
sion and the frequency of price changes comove positively, consistent with the data. 
While around half of the time prices are not adjusted in the model, we get an average 
increase of 5.5 percent during the high-volatility state for the extensive margin.

As previously discussed, while a growing proportion of firms are noticing any 
new state, the rest will keep setting prices as if the state has remained constant 
for some additional months, affecting the overall price-change dispersion. More 
informed firms also adjust their prices more frequently depending on the perceived 
predictability of the state.

Under full information the volatility of ​​​  p​​it​​​ is ​​σ​L​​  ≈  0.1​ and ​​σ​H​​  ≈  0.16​ (Table 2). 
Given the chosen learning and pricing strategies, the presence of rational inattentive 
price setters diminishes the price dispersion relative to a scenario where acquiring 
information is not costly. Moreover, and according to the calibrated parameters, 
while volatility increases by 64 percent in the high state, the effective price disper-
sion increase is around half of it, accounting for 29 percent. Hence, the implications 

Figure 4. Firm’s Posterior Beliefs and Average Price-Change Dispersion

Notes: The vertical dotted black lines represent the moment when the economy switches from the low- to the 
high-volatility state. Panel A presents the evolution of posterior beliefs for the three firm types. Panel B shows the 
average price-adjustment dispersion across firm type.
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of firms endogenously choosing not to waste attention on noticing any extreme real-
ization of the target-price end up affecting not only the level of dispersion but also 
its underlying dynamics.

Through the results, we can map the implications of the proposed 
information-driven mechanism for price stability. This can have interesting 
consequences for policy design. In particular, the scope by which policies can 
effectively reduce price instabilities can be very different depending on agents’ 
beliefs about the overall state of the economy. For example, let us assume that 
agents are confident that the high-volatility state is indeed the current state of the 
economy. The two overlapping distributions for ​​​  p​​it​​​ and the pricing strategies when 
the prior beliefs of being in ​​σ​L​​​ are low are possible enough to force a situation 
where prices are persistently more volatile over time independently of the actual 
state.

IV.  Alternative Specifications

The main ingredients of the model are dynamic information, heterogeneous 
information costs, and idiosyncratic optimal prices ​​​  p​​it​​​. In this section we explore 
the model’s ability to replicate the aforementioned stylized facts after shutting down 
each of these channels in turn. As the results of our baseline setup are consistent 
with both empirical evidence on micro prices and the dynamics of acquired infor-
mation, through this exercise we can highlight the specific elements that account 
for each of these results. We start by presenting each alternative version separately.

Figure 5. Aggregate Evolution

Notes: The figure presents the time series evolution of price-change dispersion and the frequency of price changes 
(secondary axis). The dotted vertical line shows the moment when the economy switches to the low- or high-vol-
atility state, respectively.
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A. A Static Learning Model

Although the price-setting problem of the baseline model is fairly stylized, allow-
ing for ​​​  p​​it​​​ following a mixture of normal distribution is already enough to deliver 
non-closed-form solutions. However, the model has a straightforward static counter-
part version, which is relevant, as it delivers analytical implications.

This alternative version of the model is labeled as Static Learning. We keep the 
same structure for ​​​  p​​it​​  = ​ σ​t​​ ​ϵ​it​​​ as before, but instead we assume full information 
about its current distribution. Hence, firms acquire costly information to only track 
the realizations of ​​​  p​​it​​​. The problem becomes very tractable, as it turns into a stan-
dard static RI problem with a quadratic objective (1) and ​​​  p​​it​​  ∼  N​(0, ​σ​ j​ 

2​)​​, given 
the known aggregate state ​j  =  L, H​. As discussed by Maćkowiak, Matějka, and 
Wiederholt (2018), under these two assumptions each price setter learns through 
normally distributed signals ​​s​it​​  = ​​   p​​it​​ + ​η​it​​​ with ​​η​t​​  ∼  N​(0, ​σ​ iη​ 

2 ​)​​. Under active learn-
ing, the precision of the signal ​​σ​ iη​ 

−2​​ is chosen by each firm.
The price setter chooses the amount of attention ​​κ​it​​​ to pay subject to the informa-

tion costs ​​λ​i​​  >  0​. By solving the firm’s problem, we get a closed-form expression 
for total acquired information:

(15) ​​ κ​ it​ 
∗ ​  = ​

{
​​ 
1 _ 2 ​ ​log​2​​​(​ 

2γln​(2)​ ​σ​ t​ 
2​
 _ 

​λ​i​​
 ​ )​ if ​(​ 

2γln​(2)​ ​σ​ t​ 
2​
 _ 

​λ​i​​
 ​ )​  >  1, with t  =  L, H​   ​     

0    otherwise

​ 

 

​​​​.

Given ​​κ​ it​ 
∗ ​​, the optimal price set by firms is equal to ​​p​it​​  = ​ (1 − ​2​​ −2​κ​ it​ 

∗ ​​)​​(​​  p​​it​​ + ​η​it​​)​​; 
see Wiederholt (2010). Consistent with our baseline scenario, and in line with equa-
tion (15), price setters choose to acquire more information the minute they realize 
the economy is in the more volatile state or if they face cheaper information costs.

B. Homogeneous Information Costs

In this version we assess the role that heterogeneous costs play in the dynamic 
learning model. We again replicate our baseline model, with the only difference that 
now all firms are ex ante identical in terms of their costs ​λ​, i.e., ​​σ​λ​​  =  0​.

C. Common Price-Target

This alternative specification rules out the presence of idiosyncratic shocks, 
i.e., ​​​  p​​it​​  = ​​   p​​t​​  = ​ σ​t​​ ​ϵ​t​​​ in the baseline model. While keeping costs heterogeneous, 
firms now collect information about both the distribution and realization of the same 
target-price. This assumption creates further incentives for owners to anticipate what 
other firms are doing. Including this feature would severely complicate the model, 
as now owners should form higher-order beliefs about the aggregate price within a 
fully flexible setting.17 To rule out this possibility, and for the sake of tractability, we 

17 As discussed by Hellwig and Veldkamp (2009), when a large number of agents play a game with strategic 
complementarity, the choice of information exhibits complementarity as well, creating an incentive for agents to 
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assume that owners operate in segmented markets. All the remaining assumptions 
are the same.

D. Keeping “Sales-Like” Movements

Related to the assumed drivers of the volatility of ​​​  p​​it​​​ in the model, and despite 
the theoretical predictions of the RI literature, the model’s ability to quantitatively 
match the targeted moments could be challenged by the application of the sales filter. 
Therefore, we also propose and calibrate a “No Filter” version of the baseline model.

E. Implications of Alternative Models

For each alternative version of the model, we repeat the same calibration strat-
egy to search for the parameters that minimize the distance between the simulated 
moments and their empirical counterparts. To contrast with our baseline specifica-
tion, we again rely on Nakamura and Steinsson’s (2008) “v-shape filter” with the 
obvious exception of the No Filter version. The simulated moments are presented 
in Table 3.

The Relevance of Dynamic Information.—To provide a fair comparison with 
respect to the static learning setup, we choose not to evaluate this model based on 
its capacity to replicate ​​β​IR​​​. The original approach of CG was to introduce a test 
whereby studying the relationship between ex post forecast errors and their ex ante 
forecast revisions (13), we can map the underlying degree of information rigidities. 
However, the learning structure and particularly the test were designed for predic-
tions about a persistent stationary variable, which is not the case in the static version. 
Hence, besides the three original targeted moments used in the baseline setup, we 
choose to target the fraction of small price adjustments instead of ​​β​IR​​​. This latter 
assumption does not prevent us from assessing the static model on its ability to 
match the dynamic features of attention over the business cycle. This is discussed in 
Section F of the online Appendix.

The static model fails to match the four targeted price moments. Although the 
model is close to matching the average magnitude of price adjustments and the 
fraction of prices revised by a small magnitude, it poorly fails to match the average 
dispersion at both low- and high-volatility states. Moreover, the simulated price dis-
persion is not only higher relative to the data, but it is also very similar in the two 
states. As the problem of tracking the realization of the target-price is relatively 
more straightforward and since firms immediately adjust ​​κ​it​​​ as the economy evolves 
through the different states, there are no significant discrepancies in the two vola-
tility levels.

Related to nontargeted moments, the static model is again inconsistent with the 
data. Given ​​p​it​​  = ​ (1 − ​2​​ −2​κ​ it​ 

∗ ​​)​​(​​  p​​it​​ + ​η​it​​)​​, the randomness in the signal ​​s​it​​​ leads the 
optimal price to change constantly through time. Given the assumed discretization 

learn what others are learning. Extending our dynamic learning model to allow for strategic complementarity is 
something beyond the motivation of this paper.
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for ​​p​it​​​ and the sales filter, around 83 percent of firms decide to adjust their prices 
between two consecutive periods.18 Although the extensive margin of price adjust-
ments is not also well targeted by the baseline model, it still has implications for the 
correlation between the price dispersion and the frequency of adjustment. Given ​​p​it​​​ 
and (15), prices change at the same rate independently of the aggregate volatility 
state, leading to the correlation between the two margins being almost zero.

The Relevance of Heterogeneity.—Since the homogeneous cost version of the 
model has only three parameters, we target ​E​(| Δp |)​​, ​E​(Dispersion | ​σ​L​​)​​, and ​​β​IR​​​. 
Despite the optimal price being different, sharing the same ​λ​ and given the process 
for ​​​  p​​it​​​, firms will have a common pricing strategy.

As shown by the fifth column in Table 3, the model’s fit with homogeneous cost 
is not significantly worse than the baseline model. This is informative, as it suggests 
that the extent to which we can replicate the data is not entirely driven by a vast pro-
portion of firms making large profit losses from inattention. Adding heterogeneous ​
λ​’s allows for the coexistence of small and large price adjustment through different 
pricing strategies, which affect the mean and the dispersion of the price-adjustment 
distribution. While the version with homogeneous costs cannot replicate these three 
features of prices as closely as the baseline model, it is very accurate in matching 
the degree of information rigidity in the data. The frequency of price adjustments is 
also greater under common information relative to the baseline scenario, as well as 
the correlation between the two price margins.

The model where the price-target is common is successful in matching the aver-
age adjustment magnitude and the degree of information rigidity ​​β​IR​​​. However, the 

18 As expected, with a finer grid for ​​p​it​​​, practically all firms adjust their prices at every time ​t​ despite the sales 
filter. We run additional simulations with more grid points to confirm this intuition.

Table 3—Matched Moments and Alternative Specifications

Targeted moments Data Baseline Static ​​λ​i​​  = ​
_

 λ ​​ ​​  ​p​it​​​​ = ​​  ​p​t​​​​ No filter

​E​(| Δp |)​​ 0.077 0.071 0.082 0.062 0.069 0.073

​E​(Dispersion | ​σ​L​​)​​ 0.073 0.072 0.128 0.069 0.052 0.077

​E​(Dispersion | ​σ​H​​)​​ 0.090 0.090 0.133 0.086 0.051 0.097

​​β​IR​​​ 0.674 0.724 — 0.657 0.653 0.734
(0.281,1.065)

Nontargeted moments

Frequency 0.150 0.564 0.831 0.742 0.577 0.781
​Kurtosis​(| Δp |)​​ 6.403 4.049 4.863 3.919 3.921 4.199
Fraction small 0.330 0.175 0.272 0.211 0.163 0.219
​Corr​(Dis, Freq)​​ 0.506 0.630 0.036 0.738 −0.067 0.578

Notes: ​E​(| Δp |)​​ is the average magnitude of nonzero price changes, ​E​(Dispersion | ​σ​i​​)​​ is the average price-change 
dispersion when the aggregate volatility state is ​L​ or ​H​, and ​​β​IR​​​ is the degree of information rigidities obtained by 
averaging the quarterly estimates of (13) over the sample. Frequency is the fraction of prices that change per month; ​
Kurtosis​(| Δp |)​​ is the kurtosis coefficient of the distribution of absolute price changes, ​E​(| Δp |)​​; Fraction small 
is the percentage of small price changes; and ​Corr​(Dis, Freq)​​ is the time series correlation between the dispersion 
and the frequency of price changes.

Sources: All pricing moments are taken from Vavra (2013). The information rigidity parameter ​​β​IR​​​ is taken from 
CG.
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price-change dispersion reaction is not consistent with the expected effects of a 
volatility shock. As firms are tracking the exact same price, and since they choose 
to collect more information depending on the target’s perceived predictability, there 
are not many discrepancies in the magnitude by which owners adjust their prices, 
independently of the state. Hence, price dispersion is unresponsive over the cycle. 
This ultimately rules out the possibility of matching the positive correlation between 
dispersion and the frequency of price adjustments. As observed in the last row of 
Table 3, the correlation is almost zero in this case.

Besides these moments, and to provide a complete comparison with the baseline 
specification, Section F in the online Appendix discusses the evolution of endoge-
nous attention over the business cycle for all the alternative models. Consistent with 
the aforementioned results (and with the exception of the common price version), 
none of these models is able to match the dynamic attention response over the busi-
ness cycle found in the data.

Robustness to Sales Patterns.—According to the results in the last column of 
Table 3, the “No Filter” version of the model can also match the pricing data without 
differing much from its baseline counterpart. As expected, the frequency of price 
changes increases by 38 percent approximately without the filter.19 Moreover, the 
positive correlation between frequency and dispersion still arises in this model. This 
result reinforces the discussed implications of delayed learning to match this feature 
of the data without obscuring its relevance based on how the simulated data were 
treated.

F. First- and Second-Moment Shocks

In the baseline model the optimal price is only affected by a second-moment 
shock. We deliberately allow for just one shock to cleanly isolate the novel transmis-
sion channel of dynamic learning into firms’ pricing decisions. However, recessions 
are episodes characterized by a negative first-moment shock combined with a posi-
tive second-moment shock, which affects both macro- and micro-processes (Bloom 
et al. 2018). This could raise some doubts about the extent to which our results hold 
when we allow for these two shocks to affect the target-price simultaneously. This 
section proposes an extended version of our model to account for these business 
cycle features.

We assume that after the economy enters into a high-volatility state, the mean 
of ​​​  p​​it​​​ drops at the same time, resembling a recession. We redefine the process for the 
optimal price as

(16)	 ​​​  p​​it​​  = ​ μ​t​​ + ​σ​t​​ ​ϵ​it​​​

(17)	​​ μ​t​​  = ​ {​​μ​L​​,  if ​σ​t​​  = ​ σ​L​​​  ​​  ​μ​H​​,  if ​σ​t​​  = ​ σ​H​​​  ​​​​

19 According to Nakamura and Steinsson (2008, table IX), the frequency of price revisions (excluding product 
substitutions) rises from 15.3 to 19.4 when sales are not filtered out. This implies a 27 percent increase approximately.
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where ​​μ​H​​  < ​ μ​L​​​ and, as described in Section IA, the volatility in the high state is ​​
σ​H​​  =  ϕ ​σ​L​​​, ​​ϵ​it​​  ∼  N​(0, 1)​​ and the transition probabilities are still ​​τ​LH​​​ and ​​τ​HL​​​.20

The learning incentives are, however, potentially different in this scenario relative 
to our baseline model. In the original model an increase in the perceived dispersion 
of signals was the only piece of suggestive evidence of a change of state. Adding the 
first-moment shock also centers the received signals, and consequently the actions, 
around two different values. This could bring two possible counteracting effects for 
the decision to acquire information. On the one hand, a drop in the average of sig-
nals could boost learning by suggesting that the economy is now in a more volatile 
state. On the other hand, by anticipating that signals are now centered around two 
different values, and given the cost of acquiring information ​​λ​i​​​, firms could be will-
ing to modify their learning strategies toward less attention in response to a possibly 
easier problem. Which of these two effects will dominate is intrinsically related to 
the model’s parameterization.

Therefore, and for the sake of comparison, we solve this extended model using 
the same parameters as in Table 2. The idea is not to distort any parameter, in partic-
ular the ones related to the average cost of information ​​λ​i​​​ and its dispersion across 
firms ​​σ​λ​​​.21 The drop in ​​μ​t​​​ during a recession is calibrated to be consistent with 
the empirical evidence. Using a VAR model of factor prices for the United States, 
Bloom (2009) shows that an uncertainty shock brings a reduction in overall prices 
of 0.5 percent approximately. Therefore, we set ​​μ​H​​  =  0.995 ​μ​L​​​ in the simulations.

Table  A.1 and Figure A.3 in online Appendix G show the pricing and infor-
mation moments along with the impulse response of total acquired information 
in the two shocks model. Notably, the capacity to generate the positive correla-
tion between dispersion and frequency is still present. Information acquisition is 
again countercyclical when we allow the volatility shock to be supplemented with 
a first-moment shock. As expected, the learning dynamics over the business cycle 
are different. The presence of the time-varying mean helps firms to recognize a new 
state faster and therefore boosts the acquisition of information compared to the base-
line model. The dynamic correlation of both responses with the data is high enough 
not to compromise the main implications of the pricing model already discussed. If 
we shut down the second moment and instead allow for just a first-moment shock to 
the target-price, information acquisition remains relatively constant over time. We 
refer to online Appendix G for more details about this specification.

G. Further Alternative Specifications

As discussed, our price-setting dynamic learning model can match nontrivial 
moments for the micro price evidence, typically addressed by state-dependent pric-
ing models, while being consistent with the empirical features of time-varying infor-
mation acquisition. This latter feature is not captured by menu-cost models, which 

20 The definition in equation (16) does not change the interpretation for the target-price as a stochastic deviation 
from a trend. We can assume that ​log​(​P​ it​ 

∗ ​)​  =  ​μ​t​​ + t + ​σ​t​​ ​ϵ​t​​​, where, as before, the trend ​t​ is known.
21 As this is intrinsically a new model with different incentives if we allow the parameters to vary, it would 

be difficult to assess if the responses are driven by adding a time-varying mean or because a change in the cost of 
information alters the cost-benefit analysis from which firms design their learning strategies.
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are by construction muted when it comes to generating interesting predictions about 
state dependence in information rigidities.

There are other papers that, as in our case, study price-adjustment decisions 
by allowing for information-processing costs without assuming further frictions. 
Costain and Nakov (2015, 2019) study price stickiness subject to control costs, 
which delivers error-prone decisions. By choosing the level of control over pricing 
decisions, the firm limits the randomness, allowing it to set prices with higher pre-
cision. In particular, this precision is measured in terms of relative entropy between 
the distribution of actions (from which the price is drawn) and an exogenous default 
distribution, which is assumed to be uniform. The pricing adjustment mechanism is 
static, as it takes the form of a multinomial logit where each possible decision, due 
to the uniform prior, is weighted equally. The rigidity of this structure forces learn-
ing and pricing decisions to be independent of the state of the economy, preventing 
the model from accounting for the time-varying frequency of price adjustments and 
information acquisition decisions. As discussed, these are two features that are con-
sistent with our dynamic learning model.

A further extension, not explored in this paper, is to move beyond quadratic 
objective functions, allowing for more realistic profit functions. This could push the 
results to resemble the price stickiness observed in the data, as shown by Matějka 
(2016). However, extending the solution to dynamic models with nonquadratic 
objectives is even more challenging due to computational costs and lack of tracta-
bility. This is partly since we need to solve simultaneously the information acqui-
sition strategy and the decision-making tasks within different prior beliefs about 
a persistent variable. Through the quadratic framework with Gaussian signals, we 
can separate these two decisions, making a dynamic model more tractable (Tutino 
2013), but still being very sensitive to small modifications in the problem (Jung 
et al. 2019). In the dynamic model presented in this paper, although price setters 
learn about a mixture of normal distributions, the quadratic objective is neces-
sary to keep the problem fairly manageable with the advantage of being effective 
in matching the aforementioned stylized facts. As shown in Section IVE, a more 
stylized environment with analytical results comes at the expense of delivering 
nonconsistent features of the data.

V.  Conclusion

This paper addresses price-setting decisions under dynamic imperfect infor-
mation acquisition. Rational inattentive price setters collect information about an 
unobserved target-price before setting prices. Costly information serves two pur-
poses: helping to determine the realization of the variable along with shedding 
light about the distribution that generated the target. The unobserved distribution 
is time varying to allow for different states of the economy where aggregate vol-
atility can rise. Information is dynamic and fully flexible, as owners choose the 
amount of information to acquire as well as how they want to learn about outcomes. 
This mechanism generates persistence in beliefs, which is crucial to match distinct 
features of the micro price data and the empirical evidence on state-dependent  
attention.
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While imperfect information is enough to match the dynamic features of the 
data and can generate price stickiness, it is still not enough to exactly fit the fact 
that prices remain constant for several periods. Although the model endogenously 
generates some degree of price stickiness, the simulated duration is shorter than 
the data. Adding further frictions, such as price rigidities within the described 
dynamic learning structure, emerges as a natural extension of this paper, in the line 
of Woodford (2009) or Stevens (2020). The combination of menu costs with het-
erogeneous persistent beliefs would presumably amplify the documented effects on 
price dispersion as the economy moves across different volatility states.

As the algorithm to solve the model does not depend on any specific objective 
function or on a particular parametric distribution for the unobserved shocks, it 
can be naturally extended to alternative settings beyond price-setting decisions. 
Concerning dynamic learning, it is relevant to more deeply explore the conse-
quences of endogenous asymmetric learning rates over different states of the econ-
omy. While Van Nieuwerburgh and Veldkamp (2006) studied asymmetric responses 
due to imperfect information, there is no additional evidence in the context of costly 
entropy reduction, where heterogeneous learning rates arise endogenously due to 
agents’ private efforts.

This paper’s main motivation was to assess the time-varying implications of costly 
information and its joint relationship with overall price stability and state-dependent 
learning. The fact that a model with optimal allocation of costly attention is consis-
tent with two different strands of the literature is important for macroeconomic pol-
icy modeling and for further research on the dynamic consequences of information 
rigidities.
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Steiner, Jakub, Colin Stewart, and Filip Matějka. 2017. “Rational Inattention Dynamics: Inertia and 
Delay in Decision-Making.” Econometrica 85 (2): 521–53.

Stevens, Luminita. 2020. “Coarse Pricing Policies.” Review of Economic Studies 87 (1): 420–53.
Turen, Javier. 2023. “Replication data for: State-Dependent Attention and Pricing Decisions.” Amer-

ican Economic Association [publisher], Inter-university Consortium for Political and Social 
Research [distributor]. https://doi.org/10.3886/E163641V1.

Tutino, Antonella. 2013. “Rationally Inattentive Consumption Choices.” Review of Economic Dynam-
ics 16 (3): 421–39.

Vavra, Joseph. 2013. “Inflation Dynamics and Time-Varying Volatility: New Evidence and an ss Inter-
pretation.” Quarterly Journal of Economics 129 (1): 215–58.

Wiederholt, Mirko. 2010. “Rational Inattention.” New Palgrave Dictionary of Economics (Online Edi-
tion).

Woodford, Michael. 2003. “Imperfect Common Knowledge and the Effects of Monetary Policy.” In 
Knowledge, Information, and Expectations in Modern Macroeconomics: In Honor of Edmund 
S. Phelps, edited by Philippe Aghion, Roman Frydman, Joseph Stiglitz, and Michael Woodford. 
Princeton, NJ: Princeton University Press.

Woodford, Michael. 2009. “Information-Constrained State-Dependent Pricing.” Journal of Monetary 
Economics 56 (S): S100–S124.

https://doi.org/10.3886/E163641V1

	­State-Dependent Attention and Pricing Decisions
	I. The Dynamic Learning Pricing Model
	A. Setup
	B. Information Acquisition
	C. The Problem in Two Stages
	D. The Dynamic RI Problem

	II. Numerical Solutions
	A. Calibration
	B. Matching Moments
	C. Information and Pricing Strategies

	III. Delayed Learning Dynamics
	A. Persistent Beliefs at the Firm Level
	B. Aggregate Evolution

	IV. Alternative Specifications
	A. A Static Learning Model
	B. Homogeneous Information Costs
	C. Common Price-Target
	D. Keeping “Sales-Like” Movements
	E. Implications of Alternative Models
	F. First- and Second-Moment Shocks
	G. Further Alternative Specifications

	V. Conclusion
	REFERENCES


