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Abstract

The recent surge in inflation has underscored the importance of understanding how in-

flation volatility influences the formation of expectations. While inflation forecasts of pro-

fessional forecasters are typically lumpy, we document that periods of high volatility lead to

more frequent and larger forecast revisions, making expectations appear more flexible. De-

spite this increased responsiveness, forecast accuracy declines, suggesting agents react more

often but with greater uncertainty. Using a lumpy forecast model, we show that volatility-

driven expectation revisions accelerate the pass-through of oil shocks. Our findings have

important implications for monetary policy and inflation stabilization.
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1 Introduction

The recent surge in inflation has reignited interest in how inflation expectations evolve during

volatile times. Central banks closely monitor expectations, primarily by tracking predictions from

surveys of professional forecasters, to gauge the persistence of inflation and therefore guide mon-

etary policy decisions. Yet even professional forecasts are subject to frictions that may generate

a mismatch between true beliefs and reported survey responses. Forecasters may delay updating

models in response to new information, avoid frequent revisions to project credibility, evade the

implicit costs of disclosing private information, or circumvent the institutional costs of rewriting

narratives for clients. As a result, forecasts often behave in a lumpy manner: reported predictions

evidenced periods of inaction followed by large revisions (Andrade and Le Bihan, 2013) and (Baley

and Turen, 2024). Therefore, a crucial yet overlooked question is how inflation volatility affects

the features and dynamics of these (lumpy) forecasts?

In this paper, we document that higher macro volatility significantly affects the dynamics and

stability of individual forecasts while simultaneously making expectations respond more to shocks.

Using data from Bloomberg’s Economic Forecasts (ECFC) survey of professional forecasters, we

provide novel evidence supporting the presence of state-dependence at the individual forecasts

level. In tranquil periods, when inflation remains relatively stable, forecasts are lumpy and updated

infrequently. However, as the volatility of inflation increases, we show that both the frequency

and size of forecast revisions increase markedly. Leveraging the higher frequency of updating,

we argue that this is also not innocuous for the transmission of shocks. We show that during

times of higher inflation volatility, changes in Oil prices pass through more promptly to inflation

expectations relative to more tranquil times.

Building on these findings, we extend the model of lumpy forecasts developed by Baley and

Turen (2024) to allow for different inflation volatility regimes, imperfect information about the true

inflation process, and oil prices that can further boost the dynamics of inflation. Our framework

introduces three key frictions: fixed costs of revising expectations, which create inaction in forecast

adjustments; strategic concerns, where forecasters prefer to remain close to the consensus; and

private signals, leading to heterogeneous revisions. In this model, beliefs adjust continuously with

Bayesian learning, but forecasts remain unchanged unless the change in beliefs is significant enough

to justify revision costs. Hence, a key insight of the model is to allow us to distinguish between

forecasts, reported in surveys, and underlying beliefs, which continuously adjust but do not always

translate into forecast revisions.

When volatility is low, beliefs fluctuate within a stable range, rarely crossing the revision

threshold. However, when volatility increases, beliefs become more volatile, leading forecasts to

adjust more frequently. Periods of large volatility push agents’ beliefs out of their inaction regions

more often, triggering more frequent updates (a volatility effect). At the same time, the higher

volatility widens inaction regions; thus, conditional on revising, it is done for a larger amount (an

2



option effect). We show that the volatility effect dominates, so forecasts are revised more often

and in larger magnitudes in more volatile times. This mechanism provides a unified framework

for state-dependent expectations, allowing us to rationalize the distinct extensive and intensive

patterns of forecast revisions observed in the data as the economy transits between different

volatility states.

After calibrating the parameters that discipline the underlying frictions—the fixed revision

costs, the strength of strategic complementarities, and the private signal noise—using data from

tranquil periods, we conduct a series of exercises to assess how forecast behavior responds to differ-

ent macroeconomic conditions, emphasizing the state-dependent nature of expectation formation.

We explore how forecasts and beliefs adjust when the volatility of inflation changes, considering

different informational environments where forecasters may or may not be aware of these shifts.

When studying variation in inflation volatility, we consider three regimes to analyze how differ-

ent information levels shape forecast dynamics. In the full information regime, all parameters of

the inflation process are common knowledge, and forecasters adjust optimally when they change.

In the unknown regime, forecasters do not observe changes in volatility and assume it remains

constant, leading to policy inertia. In the learning regime, forecasters attempt to infer volatility

changes over time, filtering new information to update their expectations dynamically (Baley and

Veldkamp, 2025a). These results highlight that volatility-driven expectation adjustments can ac-

celerate inflation pass-through when uncertainty remains high. Therefore, by adding the process

for oil prices, we aim to explore the conditions by which the model can replicate quantitatively

the higher pass-through of oil price changes to inflation expectations during more volatile times.

Our findings have direct implications for monetary policy. Standard stabilization tools assume

that expectations adjust smoothly to shocks, but our results suggest that inflation volatility af-

fects expectations’ responsiveness, making pass-through faster in uncertain times. Moreover, while

forecasters revise expectations more frequently, the higher uncertainty could bring their predic-

tions to become less accurate, complicating communication and further complicating the task of

the monetary authority to prevent expectations from further fuelling current inflation. Finally,

our findings suggest that the challenge of anchoring expectations grows in volatile environments,

requiring stronger policy credibility. These insights suggest that volatility should be explicitly

incorporated into macroeconomic expectations models, as uncertainty alters how inflation shocks

propagate through the economy.

Contributions Our paper contributes to the literature on macroeconomic expectations along

three key dimensions. Empirically, we document new facts on state-dependent expectations and

pass-through of shocks. From a theoretical perspective, we propose a model of lumpy forecasts

with different volatility states able to resemble the empirical patterns. Finally, regarding the

policy implications of our findings, we also contribute to the literature that documents the different

challenges that the monetary authority faces through different states of the economy.
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Empirically, we build on a recently growing literature that documents the presence of state-

dependent expectations. Pfäuti (2023) shows that after attention to inflation increases, inflation

expectations become more sensitive to inflation in times of high inflation, which further ampli-

fies the ultimate persistence of inflation. Similarly, Wang (2024) shows that agents increase the

updating rate of new information to form inflation expectations when uncertainty rises.1 Using

evidence of households’ and firms’ attention to the economy, Link et al. (2025) shows that more

attentive respondents adjust their inflation expectations more frequently after inflation shocks.

Regarding evidence from surveys of professional forecasters, Ahn and Farmer (2024) shows that

while during normal times disagreement of short-horizon expectations is driven by private infor-

mation, during periods of high uncertainty, disagreement is mostly due to different responses to

public information. In addition, Bianchi et al. (2024) shows that professionals overreact more

to acquired information during more uncertain times. Regarding empirical evidence of the pass-

through of shocks to expectations, Jo and Klopack (2025) shows that a tax reduction in the US

that brought a 5% reduction in gas prices led to a reduction of households’ inflation expectations

of approximately 0.25 percentage points. Similarly, by studying episodes when inflation expec-

tations were unanchored, Abib et al. (2023) shows that wholesalers increase the passthrough of

exchange rate movements into prices relative to situations where such expectations were indeed

anchored. We contribute to all this literature by developing an alternative setup to study the

pass-through of shocks to expectations while allowing for state-dependent expectations, but that

builds on patterns of ”rational inaction” from forecasters.

Similar findings in the pricing-rigidity literature have shown that heightened economic uncer-

tainty leads firms to adjust prices more frequently, as seen in studies of menu costs and price-setting

under aggregate or idiosyncratic volatility (Vavra, 2014; Baley and Blanco, 2019). Among these

lines, Turen (2023) shows that an imperfect information price-setting model with state-dependent

attention is also able to replicate the higher frequency of pricing updating during periods of height-

ened uncertainty, observed in the data. We extend this idea to inflation expectations, demonstrat-

ing that forecasters revise their expectations more frequently and by larger amounts when inflation

volatility is high, making expectations appear less lumpy. This increased responsiveness may ac-

celerate the pass-through of inflation shocks to expectations, raising concerns about potential

de-anchoring when inflation remains volatile for extended periods.

Theoretically, our model builds on a recent model of Lumpy Forecasts Baley and Turen (2024)

which itself builds on and adapts the logic of pricing rigidity models (Barro, 1972; Golosov and

Lucas, 2007), to a forecasting problem. As in Bec, Boucekkine and Jardet (2023), we interpret the

fixed cost of adjustment as the cost of revising the forecast. As firms adjust prices infrequently

1Moreover, Wang (2024) supports a model of Sticky Expectations to further rationalize how both households
and professional forecasters form expectations in periods of high uncertainty. While certainly, Sticky Information
models could be thought naturally as delivering Lumpy behavior in forecasting, such model assumes a constant
rate of information acquisition, which is not consistent with a decreasing hazard rate as suggested by the data. See
Figure IXc.
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due to fixed adjustment costs, forecasters revise predictions selectively, balancing accuracy against

the costs of revision. Additionally, forecasters adjust their predictions not to deviate much from

the forecasts of others due to reputational considerations (Morris and Shin, 2002; Ottaviani and

Sørensen, 2006). Lastly, the model features Bayesian uncertainty dynamics (Baley and Veldkamp,

2025b). Through these different elements, the model generates a two-dimensional inaction region

as in multi-product price-setting models (Midrigan, 2011; Álvarez and Lippi, 2014); it resembles a

stopping-time mean-field game (Lasry and Lions, 2007; Alvarez, Lippi and Souganidis, 2023); and

generates a decreasing hazard rate typical of learning models with inaction (Baley and Blanco,

2019; Baley, Figueiredo and Ulbricht, 2022). Within this framework, we further extend this model

to allow for different volatility episodes while adding a process for oil prices to uncover the potential

heterogeneous pass-through of such prices to expectations depending on the state of the economy.

Our findings suggest that the responsiveness of expectations varies with the state of the econ-

omy, which has important implications for monetary policy. When expectations adjust more

quickly in uncertain times but with greater error, policymakers may face new challenges in an-

choring inflation expectations, particularly in periods of heightened volatility. This builds on both

the empirical literature aiming to document the broader challenges that the monetary authority

faces over different states of the economy, (Vavra, 2014; Tenreyro and Thwaites, 2016). By link-

ing the macroeconomics of lumpy price adjustments to the formation of expectations, our paper

provides a new perspective on how inflation shocks propagate through the economy.

The remainder of the paper is structured as follows. Section 2 describes the empirical data,

the classification of tranquil and turbulent periods, and key stylized facts. Section 3 presents new

evidence on forecast lumpiness across volatility regimes. Section 4 develops the theoretical model,

extending the lumpy forecasts model in Baley and Turen (2024) to various regimes regarding

knowledge about the inflation stochastic process. Section 5 conducts policy experiments, including

analyzing large shocks and expectation pass-through. Section 6 concludes with policy implications

and directions for future research.

2 Forecasting in Tranquil and Volatile Times

We describe the data sources, tranquil and turbulent years samples, and the fixed-event forecasting

framework.

2.1 Inflation

We construct annual inflation using the Consumer Price Index (CPI) index. Let cpij be the CPI

measured j months before the end of year and cpit = 1
12

∑11
j=0 cpij be the average CPI in year t.
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The annual inflation rate πt in any year t is calculated as

(1) πt =
cpit − cpit−1

cpit−1

≈ log(cpit)− log(cpit−1)

Following Giacomini, Skreta and Turen (2020), we can alternatively express the annual inflation

rate using the CPI in month h, cpih, as follows:

(2) πt ∼=
12∑

m=1

xt,m, with xt,m =
log(cpit,m)− log(cpit−1,m)

12
, ∀m = 1, . . . , 12.

Inflation regimes Figure I plots the dynamics of inflation in the US during our selected years.

Panel (a) shows the time series of Year-on-year monthly inflation xt,m, panel (b) presents the

within-year inflation volatility σx
t = 1

12

√∑12
m=1(xm,t − E[xm,t])2], and Panel (c) plots the annual

inflation: πt = log(cpit)− log(cpit−1) ≈
∑12

m=1 xm,t. Given the evidence of the middle panel, we

split the sample between tranquil (2010-2020 and 2024) and volatile years (2008-2009 & 2021-

2023), given the volatility of inflation, which is significantly heightened in those years. Turbulent

years consist of the Great Recession and the sequel to the COVID-19 pandemic, periods in which

the economic conditions were far from ordinary.

Figure I – Inflation in the US
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Notes: Bloomberg data. tranquil years = 2010-2019 and 2024. Turbulent years = 2008-2009 and 2021-23. Panel
(a) is the rolling mean of the monthly inflation series xh, and Panel (b) is the standard deviation. Shaded areas
represent periods with heightened volatility.

Table I provides summary statistics across the two inflation regimes. Inflation volatility is

significantly higher in turbulent periods, reaching 0.13 in Turbulent I (2008–2009) and 0.011 in

Turbulent II (2021–2023), compared to only 0.06 in tranquil times. While both turbulent periods

share high volatility, their average inflation levels differ. Turbulent I (2008–2009) is characterized

by relatively low inflation at 1.75 percent, reflecting deflationary pressures in the aftermath of

the financial crisis. In contrast, Turbulent II (2021–2023) exhibits significantly higher inflation,

averaging 5.6 percent. This distinction highlights that although both episodes were marked by
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volatility, they represent different macroeconomic conditions—one dominated by deflationary risk

and the other by strong inflationary pressures.

Table I – Two Inflation Regimes

All years Tranquil Volatile I Volatile II

Periods 2008–2024 2010–2021 2008 – 2009 2021–2023
Average Inflation E[π] 2.45 1.72 1.75 5.6
Inflation Volatility σ(π) 0.07 0.06 0.13 0.11

Observations N 17,663 9,256 3,363 5,044

2.2 Forecasts

We analyze revisions of US annual (year-on-year) CPI inflation forecasts from the “Economic

Forecasts ECFC” survey of professional forecasters conducted by Bloomberg. This survey is

comparable to other surveys of professional forecasters regarding the number of participants and

the background of forecasters, i.e., financial institutions and banks, consulting firms, universities,

and research centers. Besides its similarities, one of the most appealing features of this particular

dataset is that the most recent forecasts of any other forecaster, the date when each prediction was

last updated, and the consensus forecast (the mean forecast) are visible to users of the Bloomberg

terminal in real time.

Fixed-event forecasting We examine monthly fixed-event forecasts of annual US inflation. For

each year, we consider participants who forecast inflation for all 12 months before the final figure

(end-of-year inflation) is officially published. We remove forecasters that fail to provide at least

one annual inflation revision. This leaves approximately 100 forecasters per year. The dataset

contains the history of forecast updates for all forecasters over the 18-month horizon (h) before

the end of each year.

Within each year, we denote with f i
h the inflation forecast of forecaster i at horizon h (to save

on notation, we do not explicitly use the year):

(3) f i
h, i = 1...N, h = 12, ...1.

We index the horizon backward so that the index h = 12, ..., 1 indicates that the forecast was

produced h months before the end of each corresponding year (the fixed event). Given this setup,

depending on the horizon where each agent reports a forecast, an individual forecast could be
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Table II – Summary Statistics of Forecast Revisions

All Tranquil Volatile

Average E(∆f) −0.002 −0.013 0.028
Size E(abs(∆f)|∆f 6= 0) 0.307 0.247 0.453
Dispersion Var(∆f) 0.104 0.055 0.227

Number of revisions count(∆f 6= 0) 5.204 5.059 5.602
Duration (months) E(τ) 1.497 1.594 1.231
Inaction rate Pr(∆f = 0) 0.523 0.569 0.392
Frequency Pr(∆f 6= 0) 0.444 0.427 0.492

Observations N 12,619 9,256 3,363

Notes: Bloomberg data. Tranquil = 2010-2020. Turbulent = 2008-09, 2021-23.
Averages across years and horizons.

thought of as:

(4) f i
h = P i

h︸︷︷︸
projection

+
12∑

j=h+1

xj︸ ︷︷ ︸
observed realizations

Hence, a prediction depends on how the agent projects the monthly inflation for the remaining

months before the end of the year, plus a simple sum of the months that the agent has already

seen. Intuitively, in the case of h > 12 the only component of forecasts is the overall projection.

We also define the consensus forecast as the average of individual forecasts at each horizon: Fh ≡
1
N

∑N
i=1 f

i
h di. Importantly, Bloomberg reports the consensus Fh in the terminal and is available

in real time.

2.3 Forecasts revisions

At any given year, we define the forecast revision at horizon h, denoted by ∆f i
h, as the one-

period difference between the forecast in two consecutive horizons (measured in percentage points):

∆f i
h ≡ f i

h−f i
h+1. Table II summarizes forecast revisions. Revisions are larger and more dispersed

in turbulent periods (mean: 0.028, size: 0.453, variance: 0.227) than in tranquil periods (mean:

−0.013, size: 0.247, variance: 0.055). Forecasters revise more frequently in turbulent times (5.60

vs. 5.06 revisions per year). The inaction rate drops sharply in turbulence (39.2% vs. 56.9%).

2.4 State-Dependent Professional Forecasts

We document four novel empirical facts of forecasters’ revisions over our two identified regimes of

volatility.
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Fact I: More frequent revisions in volatile times We compute the predicted probability of

non-zero revisions P̂r(∆f i
h 6= 0) for each year. For this, we run the following regression by OLS:

(5) Pr(∆f i
h 6= 0) = c+ αi + αh + αt + εiht,

where Pr(∆f i
h 6= 0) is a dummy variable equal to one if forecaster i at horizon h during year t

updated its forecast, i.e., ∆f i
h 6= 0 and zero otherwise. The α coefficients account for fixed effects

at the forecaster, horizon, and year level. We interpret (ĉ + α̂t) as the average probability of

non-zero revisions in each year, conditional on the other fixed effects.

Figure IIa shows the time series of the yearly predicted probability. We also plot the annual

standard deviation of monthly year-on-year inflation xm,t. The two series strongly covary: years

of higher volatility are also years where the probability of revisions rises as well. Figure IIb shows

the average revision frequency across different forecasting horizons h = 12, ..., 1, for tranquil and

volatile years. The frequency of revisions significantly rises in volatile times across all horizons,

relative to normal years.

Figure II – Revision Frequency in Tranquil and Volatile Years
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Fact II: Larger revisions in volatile times Moving to the magnitude of revisions, we repeat

the previous estimation 5 but using the absolute magnitude of revisions (conditioning on uodaters)

abs(∆f i
h)|∆f i

h 6= 0 as the dependent variable. Again, we can interpret the sum of (ĉ + α̂t) as

the predicted magnitude of revisions over the year. This evolution is presented in Figure IIIa.

Consistent with the previous finding, the magnitude of revisions also correlated strongly with the

overall volatility of monthly inflation for each particular year. Figure IIIb presents the absolute

value of revisions averaged across horizons for the two groups of years. Notably, the intensive

margin rises massively during turbulent years, particularly for longer horizons where less relevant

9



information is available. We interpret such bigger revisions as a reflection of the higher uncertainty

that forecasters faced during these specific years.

Figure III – Revision Size

(a) Across years

Corr = 0.75

0

.07

.14

.21

S
td

. 
D

e
v
. 
o
f 
M

o
n
th

ly
 I
n
fl
a
ti
o
n

.2

.3

.4

.5

.6

.7

.8

A
b
s
o
lu

te
 V

a
lu

e
 o

f 
F

o
re

c
a
s
t 
U

p
d
a
te

2008 2010 2012 2014 2016 2018 2020 2022 2024

Year

Size of Forecast Revision

Inflation Volatility

Notes: Controls for forecaster and horizon FE.

(b) Across horizons

.2

.4

.6

.8

12 11 10 9 8 7 6 5 4 3 2 1

Horizons

Normal

Volatile

Notes: Normal= 2010–2020,2024. Volatile = 2008–09, 2021–23.

Fact III: Less alignment with consensus in volatile times Another reason why forecast

revisions are lumpy and, when revised, are adjusted by large magnitudes is strategic considerations.

Forecasters may care about what the “average” forecaster reports and, thus, may be reluctant to

change a forecast that is close to the average, even if that means entertaining a significant forecast

error or making large adjustments in the future to compensate for past mistakes. To assess the role

of the consensus forecast in triggering forecast revisions, we follow ? and ?, who test for strategic

complementarities in firms’ price-setting decisions by examining deviations from the average. We

construct consensus gaps cih as individual forecasts at horizon h+ 1 minus the consensus forecast

at horizon h, as defined in (2.2):

(6) cih ≡ f i
h+1 − Fh.

With this definition, we run two specifications:

(7) Pr[∆f i
t,h 6= 0] = β0 + βt(c

i
t,h × αt) + αi + αh + + εit,h.

(8) Pr[∆f i
t,h 6= 0] = β0 + βh,v(c

i
t,h × αh × αv) + αi + αt + + εit,h.

Where Pr[∆f i
t,h 6= 0] is a dummy variable equal to one if a forecaster revised its forecasts and

zero otherwise. In equation (7), we are interested in the βt coefficient, the marginal effect of the

distance to consensus on the probability of revising a forecast across years. Figure IVa shows the

estimated βt coefficients across years, using the probability of negative revisions as the dependent
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variable. Similarly, in equation (8), where we define αv as a dummy variable for Volatile years, we

focus on βh,v. This coefficient accounts for the horizon-dependent effect of the gap cih for volatile

years. These coefficients are shown in Figure IVb.

Figure IV – Effect of consensus gap
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From the effects across years, the relevance of the consensus is quantitatively larger for tranquil

years relative to volatile years. There is a clear trend, starting in 2010 and lasting until 2020,

which changed abruptly after 2021, where the coefficients are in line with the 2008-2009 levels.

The evidence suggests that the distance to the consensus, while relevant, becomes less sensitive

to triggering revisions during volatile years. In terms of average magnitudes, forecasts that are

deviated by one percentage point relative to the consensus increase the probability of negative

revisions by 30% during tranquil years, where such an effect drops to almost half during volatile

years.2 The across-horizons effects paint a similar picture, where the revising probability becomes

less sensitive to the distance to consensus during high volatility years.3

We interpret the attenuated relevance of the consensus through the different dynamics of

monthly inflation during volatile times. As discussed, forecasters revised more often and by larger

magnitudes during these episodes in response to a target that therefore is more uncertain ex-ante,

the distance cih therefore becomes less important as a driver of revisions, relative to normals times

when the higher predictabilty of the annual inflation may cause that forecaster put a higher weight

to reputational concerns. Moreover, the higher frequency of revisions also made the consensus Fh

less stable and, with that, the gap cih less persistent, which could also explain their less relevant

and the tighter confidence bands that we observe in Figure IVb.

2Although these numbers may seem big, the average and standard deviation of cih in our data are 0.04 and 0.64
percentage points, respectively.

3We encountered very consistent results if we use the probability of positive revisions instead.
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Fact IV: Stronger oil price pass-through in volatile times Given the highest frequency

of updating, we study whether other types of shocks, not necessarily related to current monthly

inflation, may pass through more to expectations during higher volatility episodes. Building

on evidence on prices, it has been documented that monetary policy shocks affect prices more

promptly during episodes of higher uncertainty, as prices are revised more often during such

periods, (Vavra, 2014). Based on this evidence, and following the pass-through specification used

for micro-prices (Gopinath and Itskhoki, 2010; Berger and Vavra, 2019), we estimate the medium-

run pass-through of log oil price changes as:

f ih,t − f ih+τ,t︸ ︷︷ ︸
revisions at h and h+ t(p.p)

= γ0 + γ1 (poilh,t − poilh+τ,t)︸ ︷︷ ︸
cumulative log price change (p.p)

+ γ2 · 1{t = volatile} ·(poilh,t−poilh+τ,t) + controls + εih,t

The dependent variable f ih,t − f ih+τ,t is the forecast revision in-between horizons h and h + τ for any year t.

Likewise, (poilh,t − poilh+τ,t) corresponds to the cumulated log (WTI) Oil price changes in between the same updating

periods. Both differences are expressed in percentage points. Finally, 1{t = volatile} is a dummy variable equal to

one for t = 2008, 2009, 2021, 2022, 2023, our volatile years. Table III presents the results.

Table III – Pass-through Oil Prices to Expectations

(A) (B)

γ1 0.005∗∗∗ 0.003∗∗∗

(.0009 ) (.0005 )
γ2 0.004∗∗∗

(0.0009 )

Horizon, Year FE X X
Forecaster FE X X
Distance to consensus X X

Normal = 2010—2020, 2024. Volatile = 2008–09, 2021–23

Column A estimates (2.4) without the interaction term. Therefore, γ1 accounts for the average pass-through of

Oil prices to inflation expectations in our sample. To make sense of this number, a cummulated change of Oil prices

of 15% (one standard deviation) leads to an upward revisions of inflation expectations of 0.005×15 ≈ 0.1 percentage

points. Adding the interaction term, column B, we show that the pass-through increases to 0.007 during times of

higher volatility. As this classification for volatile years may seem arbitrary, and to further validate this result, we

split the monthly volatility in our sample (from Figure Ib) into five quantiles, and re-estimate 2.4, interacting each

quantile with the cumulated oil price change.

Through the evidence, we further support a strong correlation between pass-through magnitudes and inflation

volatility.
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Figure V – Passthrough Of Oil Prices (quintiles of volatility)
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3 A Structural Model of Lumpy Forecasts

We develop a horizon-dependent fixed-event Bayesian forecasting model with private information, frequent infor-

mation revelation, fixed revision costs, and strategic concerns. In addition, we introduce an information friction

where forecasters may perceive inflation volatility differently from its actual value.

3.1 Forecasting Problem

Many forecasters, indexed by i ∈ N , generate forecasts of end-of-year inflation π. End-of-year inflation inflation π

equals the sum of within-year monthly inflations xh, namely π ≡
∑12
h=1 xh.

Payoffs At each horizon h, forecaster i chooses a forecast f ih based on their information set Iih. Changing a

forecast entails paying a fixed revision cost κ > 0 measured in utility units. For a given initial forecast f i13, forecasts

minimize the yearly sum of monthly quadratic losses:

(9) min
{fi

h}
1
h=12

E

[
1∑

h=12

(f ih − π)2︸ ︷︷ ︸
accuracy

+ r (f ih − Fh)2︸ ︷︷ ︸
strategic

+ κ1{fi
h 6=f

i
h+1}︸ ︷︷ ︸

stability

∣∣∣Ii0
]
.

The first term in the payoff function is the distance between the forecast and the actual end-of-year inflation,

reflecting losses from the lack of accuracy. The second term is the distance between the forecast and the consensus

(the average) Fh = N−1
∑N
i=1 f

i
h, multiplied by the parameter r that measures the strength of strategic concerns.

If r > 0, there is strategic complementarity, as the payoff increases when the forecast is close to the consensus. If

r < 0, there is strategic substitutability, as the payoff increases when the forecast is far from the consensus. The

third term is the fixed cost κ > 0 paid for any forecast revision, capturing preference for forecast stability. We think

of κ and r as fundamental frictions that do not change with the aggregate state of the economy.

Recursive problem Let π̂ih ≡ E[π|Iih] and Σπh ≡ E[(π̂ih − π)2|Iih] be the conditional mean and variance of

end-of-year inflation beliefs. Let F̂h ≡ E[Fh|Iih] and ΣF ≡ E[(F̂h − Fh)2|Iih] be the conditional mean and variance

of consensus beliefs. Then, for given initial forecasts f i13, forecasters solve the following problem:

(10) min
{fi

h}
1
h=12

1∑
h=12

Σh + (f ih − π̂ih)2 + r(f ih − F̂h)2 + κ1{fi
h 6=f

i
h+1},
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where Σh ≡ Σπh + rΣF is a weighted sum of inflation and consensus uncertainty. Thus, Σh accounts for the

unforecastable part of the process at each horizon h.

Next, we describe the actual inflation process and belief formation.

3.2 Inflation process and information regimes

Oil Prices We assume that Oil prices follow a non-stationary process:

(11) P̂Oilh = P̂Oilh+1 + εOilh εOilh ∼ N (0, σ2
O),

Where σ2
O is the volatility of Oil prices.

Monthly inflation Actual monthly inflation follows an autoregressive process of order 1:

(12) xh = cx + φxxh+1 + εxh, εxh ∼ N (0, σ2
x),

where cx is a constant, φx is the persistence parameter, and εxh is an iid normally distributed noise with volatility

σ2
x. In addition, σ2

x = λ2σ2
Oil + σ2

NO, where σ2
NO is the volatility of non-Oil related prices and λ is the loading of

xh on ∆P̂Oilh .

Three regimes We consider three different regimes under which forecasters form their expectations about

inflation realizations:

1. Known Volatility Regime: In this scenario, forecasters have complete knowledge of the process generating

inflation (but still ignore the actual realizations and must forecast them). Since all parameters are common

knowledge, agents adjust their expectations immediately and optimally whenever these parameters change. This

represents the benchmark case in which there is no uncertainty about the structure of the process governing

inflation.

2. Unknown Volatility Regime: Here, forecasters know the mean and persistence of the inflation process but

do not observe changes in volatility σ2
x. They assume that the volatility remains constant at a perceived level σ̃2

x,

even when the true volatility differs. Because agents do not recognize shifts in volatility, their forecasting policies

remain unchanged, and only realized shocks drive the observed forecast dynamics. This regime isolates the impact

of surprise volatility shifts on forecast errors and adjustments.

3. Learning Regime: In this case, forecasters do not immediately know when volatility changes but attempt

to learn about it over time. They update their beliefs about σ2
x using observed inflation data and apply a filtering

mechanism. Agents in this regime gradually incorporate new information, leading to an evolving forecasting strategy

that adapts as they refine their beliefs about the underlying inflation volatility.

These three regimes allow us to assess how different levels of information about the inflation process influence

the frequency, size, and accuracy of forecast revisions. By comparing them, we can evaluate how forecasters respond

to changing economic conditions when they are fully informed, unaware of shifts, or actively learning about them.

From now on, we distinguish perceived σ̃2
x from actual volatility σ2

x.

3.3 Signals and information dynamics

Public signal At the beginning of each horizon h, previous monthly inflation xh+1 is revealed, reflecting the

official release from the statistical agency. Previous inflation and the AR(1) assumption imply a public signal about
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current monthly inflation:

(13) xARh ≡ E[xh|xh+1] = cx + φxxh+1.

The variance of the public signal is σ̃2
x = Var[xh|xh+1] = Var[εxh].

Private signal Following Patton and Timmermann (2010), at the beginning of each horizon, each forecaster

receives an unbiased private signal x̃ih about what inflation in that month will be (recall that the actual monthly

inflation is only released at the end of the month):

(14) x̃ih = xh + ζih, ζih
iid∼ N (0, σ2

ζ ).

The idiosyncratic signal noise σ2
ζ reflects the heterogeneity in beliefs, private information, or models across agents.

Information dynamics At the end of the period, and after f ih is decided, monthly inflation xh and the con-

sensus forecast Fh are observed by everyone. These timing assumptions eliminate a fixed point between individual

choices and the consensus, as in a beauty contest (Morris and Shin, 2002), greatly simplifying the model solution

with revision costs. Therefore, the individual information set Iih at the time of choosing the forecast is

(15) Iih = x̃ih ∪ Ih = x̃ih ∪ {xh+1, xh+2, . . . , Fh+1, Fh+2, . . .}.

We denote the public information set at horizon h as Ih ≡ {(xj , Fj) : j ≥ h + 1}, which includes releases of past

inflation and past consensus.

3.4 Belief Formation

Consensus Beliefs The consensus is the average forecast Fh = N−1
∑N
i=1 f

i
h. However, since the consen-

sus is observed with delay (e.g., at horizon h, Fh+1 is observed), forecasters must form expectations about the

contemporaneous consensus when choosing their forecasts. Forecasters entertain random walk beliefs:

(16) Fh = Fh+1 + εFh , εFh ∼ N (0, σ2
F ),

where volatility σ2
F is common knowledge. Given this assumption, the common horizon-specific consensus beliefs

are Fh|Iih ∼ N (Fh+1, σ
2
F ). Our equilibrium definition below specifies the consistency of these beliefs.

Monthly Inflation Beliefs Forecasters combine the public signal xARh in (13) and their private signal x̃ih
in (14) to construct an individual monthly inflation belief x̂ih:

(17) x̂ih ≡ E[xh|Iih] =
σ̃−2x xARh + σ−2ζ x̃ih

σ̃−2x + σ−2ζ
= (1− α)xARh + αx̃ih,

where we define the Bayesian weight on the private signal as α ≡ σ−2ζ /(σ̃−2x + σ−2ζ ). The weight α increases in the

precision of the private signal σ−2ζ and decreases in the precision of inflation σ̃−2x .

End-of-Year Inflation Beliefs At each horizon, forecasters form end-of-year inflation beliefs π|Iih ∼
N (π̂ih,Σ

π
h) by projecting their monthly beliefs using the AR(1) structure. These beliefs are normal. Forecasters

combine past “official” releases {xj}j>h with their individual monthly beliefs x̂ih to obtain the conditional mean

15



π̂ih:

(18) π̂ih = h

(
cx

1− φx

)
+

1− φhx
1− φx

(
x̂ih −

cx
1− φx

)
︸ ︷︷ ︸

AR(1) projection using h info

+

12∑
j=h+1

xj︸ ︷︷ ︸
realized, j>h

, h = 12, . . . , 1.

The first part of the expression (18) uses the AR(1) statistical model to project the monthly belief x̂ih into the

future. The second part equals the sum of the true monthly inflation values released to date. The conditional

variance Σπh ≡ E[(π − π̂ih)2] is a function of the AR(1) parameters {φx, σ̃2
x} and signal noise σ2

ζ ; it decreases with

the horizon and is independent of agents’ identity:

Σπh = [(1− α)2σ̃2
x + α2σ2

ζ ]

(
1− φhx
1− φx

)2

(19)

+
σ̃2
x

(1− φx)2

[
(h− 1)− 2φx(1− φh−1x )

1− φx
+
φ2x(1− φ2(h−1)x )

1− φ2x

]
.

The first term of Σπh corresponds to the uncertainty driven by the AR(1) projection and the noisy signal

(weighted by α) for the current release of monthly inflation. Likewise, the second part of (19) reflects the accumu-

lated uncertainty caused by the remaining (h− 1) unforecastable shocks that will hit the process until the release

date.

Average Beliefs Given the public releases of monthly past values, the AR(1) assumption implies a public

signal zh about yearly inflation, given by:

(20) zh = h

(
cx

1− φx

)
+
φx(1− φhx)

1− φx

(
xh+1 −

cx
1− φx

)
+

12∑
j=h+1

xj , h = 12, . . . , 1.

It is useful to establish a relationship between individual beliefs π̂ih in (18) under the information set Iih and public

beliefs zh in (20) under the information set Ih. The following relationship links individual and common beliefs:

(21) π̂ih = zh + νih, with νih ∼ N

(
0,

(
1− φhx
1− φx

)2

α2(σ̃2
x + σ2

ζ )

)
.

where α is the updating weight defined in (17).

3.5 Equilibrium

We now define our notion of equilibrium. We focus on a restricted perceptions equilibrium (RPE), representing

a slight deviation from rational expectations (Evans and Honkapohja, 1993). We posit that forecasters believe

the consensus follows a random walk, and ex-post, they cannot distinguish the actual consensus process from a

random walk. Forecasters are internally rational (Marcet and Nicolini, 2003), as they use an “internally consistent”

learning model. This equilibrium concept delivers enormous tractability by eliminating the fixed point between the

consensus and the aggregation of individual forecasts.

Definition 1. A restricted perceptions equilibrium (RPE) consists of:

(i) perceived consensus process {F̂h} given by a function g parametrized by (δ, σF )

(22) F̂h = g(F̂h+1, δ) + εF̂h , εF̂h ∼ N (0, σ2
F )
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(ii) inflation beliefs {π̂ih} and forecasts {f ih} for all agents i and horizons h

such that:

1. given inflation beliefs {π̂ih} in (18) and the perceived consensus process {F̂h} in (22), forecasts {f ih} are

optimal and solve the forecasting problem (10);

2. parameters (δ, σ2
F ) are such that the forecast errors arising from predicting the actual consensus using the

perceived law of motion, i.e., εFh ≡ Fh − g(Fh+1, δ), satisfy: Cov[εFh , ε
F
j ] = 0 ∀h 6= j and Var[εFh ] = σ2

F .

In the restricted perceptions equilibrium, the actual consensus process given by the aggregation of individual

forecasts, Fh = N−1
∑N
i=1 f

i
h, differs from the prediction. However, in this equilibrium concept, agents are assumed

to use the δ, σF that best predicts future prices given (22).

3.6 Optimal Forecasting Policy

Proposition 1 writes the problem in recursive form as a stopping-time problem using the principle of optimality. The

individual state includes the past forecast, the mean and variance of inflation beliefs, and the mean and variance

of consensus beliefs. It is equivalent to working with posterior beliefs instead of the signals. The aggregate state

includes past realizations of monthly inflation and consensus. Because total uncertainty evolves deterministically

and is shared across agents, we include it in the aggregate state. We thus index value function with the horizon h

to account for the aggregate state.

Proposition 1. The value of a forecaster i at horizon h with state (π̂ih, F̂h, f
i
h+1) equals

(23) Vh(π̂ih, F̂h, f
i
h+1) = min{ VIh(π̂ih, F̂h, f

i
h+1)︸ ︷︷ ︸

inaction

, VAh (π̂ih, F̂h)︸ ︷︷ ︸
action

}

where the value of inaction VIh and the value of action VAh are, respectively,

VIh(π̂ih, F̂h, f
i
h+1) = Σh + (f ih+1 − π̂ih)2 + r(f ih+1 − F̂h)2 + E[Vh−1(π̂ih−1, F̂h−1, f

i
h+1)|Iih]

VAh (π̂ih, F̂h) = κ + Σh + min
fi
h

{
(f ih − π̂ih)2 + r(f ih − F̂h)2 + E[Vh−1(π̂ih−1, F̂h−1, f

i
h)|Iih]

}
subject to the evolution of inflation beliefs in (18) and (19), and consensus beliefs in (22).

Inaction region and reset forecast The optimal policy consists of a horizon-specific 3-dimensional

inaction region Rh given by the set of states for which the value of inaction (keeping the current forecast) is greater

or equal to the value of action (revising the forecast)

(24) Rh ≡ {(π̂ih, F̂h, f ih+1) : VIh(π̂ih, F̂h, f
i
h+1) ≥ VAh (π̂ih, F̂h)},

and a reset forecast f ih
∗
(π̂ih, F̂h) where the forecast is set when revising. Thus, given the current forecast, it remains

unchanged if beliefs lie inside the inaction region and resets at any horizon h when those beliefs fall outside it.

Revisions are then given by

∆fh =

0 if f ih+1 ∈ Rh
f ih
∗ − f ih+1 if f ih+1 /∈ Rh.

(25)

Panel (a) in Figure VI shows the forecast revision policy at horizon h = 6. We plot it in two dimensions by fixing

the current forecast at f i6 = 2 and varying inflation beliefs π̂ih in the x-axis and consensus beliefs F̂h in the y-axis.
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We use the parametrization in Table V. The negative slope in the inaction region arises because the two beliefs

are “substitutes” in that a smaller distance to the consensus belief may compensate for a greater distance from the

inflation belief, or vice versa.

Figure VI – Forecast Revision Policy: Inaction and Reset

Notes: The figure illustrates the reset forecast policy f ih
∗

and inaction region Rh for h = 6 given a current
forecast f ih = 2. We also show two examples of beliefs, one inside and one outside the inaction region. Panel
(b) plots the inaction region width (the segment on the 45-degree line) for different horizons and two levels of
inflation volatility σx, low and high.

How volatility affects inaction Panel (b) plots the width of the inaction region measured on the 45-

degree line, against the forecasting horizon. The width of the inaction region shrinks with the horizon.4 At long

horizons, belief uncertainty is at its highest level; forecasters anticipate that their belief would hit the band very

often and thus optimally widen it to minimize adjustment cost payments an option effect. As belief uncertainty

falls, the option effect is smaller, and the band shrinks. A shrinking inaction region implies that adjustment size

falls with the horizon. We plot for high and low volatility. We see clearly the option effect. The impact on the

adjustment frequency is nuanced because frequency depends on the option effect and the volatility effect.

3.7 Calibration and Solution

Externally set parameters Frequency is monthly. We feed the AR(1) parameters estimated directly from

the data. We estimate the AR(1) process parameters using a rolling window for tranquil and turbulent years over

the sample years.

For the year-on-year monthly inflation process we estimate (cx, φx, σx) = (0.013, 0.932, 0.036) in tranquil times.

These values imply an unconditional annual inflation of µπ = 12cx/(1 − φx) = 2.23 with annual volatility σ2
π =

σ2
x

∑12
h=1(1 − φhx)2/(1 − φ2x) = 0.49. Table IV summarizes this information, describing the parametrization at the

monthly frequency and the implied values for the yearly inflation process5. Initially, and to build intuition, we

study how the model can replicate the aforementioned stylized facts just by raising the volatility. Using our data,

4We see a widening of the inaction region at h = 1 arising from the finite-horizon nature of the problem.
5The inflation process estimation details appear in Appendix B.
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we notice that the volatility rises by approximately 46%, so we scale this parameter using this number.6 Using Oil

price data at the monthly level we calibrate (λ, σ2
Oil) = (0.01, 1.2).

Table IV – Parameters of Two Inflation Regimes

Monthly (x) Yearly (π)
Tranquil Volatile Tranquil Volatile

Mean cx 0.013 – cπ 2.23 –
Persistence ρx 0.932 – ρπ 0.43 –
Volatility σx 0.036 0.053 σπ 0.49 0.73

Internally calibrated parameters Using the simulated method of moments (SMM), we estimate values

for the three remaining parameters by matching the cross-sectional moments in tranquil times. We treat these

years as a steady state, which allows us to back out the structural frictions: the fixed revision cost κ, the strength

of strategic concerns r, and the private noise σζ .

We target three moments: the frequency of revisions Pr[∆f 6= 0] = 0.43, the average absolute value of revisions

E[abs(∆f)||adjust] = 0.25, and the slope of the hazard rate between horizons 12 and 6 equal to −0.04. The hazard’s

slope informs idiosyncratic signal noise. Learning is slow when signals are very noisy, and the hazard rate declines

slowly. In contrast, learning is faster when signals are less noisy, and the hazard rate declines faster.

Internal consistency of consensus beliefs Forecasters in our model assume a random walk process

for the consensus in (16). This assumption imposes structure and disciplines the value of σF . Starting with a

guess for the volatility of the consensus process σ2
F , we compute individual decision rules for each horizon h using

backward induction. We then simulate the model, calculate the volatility of the realized consensus, and iterate on

σ2
F to ensure consistency of belief.7

Estimated Parameters Table V shows the baseline parameterization, the moments in the data, and the

model fit. The calibrated parameters are as follows. First, the fixed adjustment cost of κ = 0.05 implies a preference

for forecast stability. Second, the positive value for r = 0.41 signals strategic complementarities. Lastly, the private

noise σζ = 0.04 is as significant as the volatility of the inflation process, σx = 0.036. Given their relative precision,

the weight on private signals equals α = 0.56. Finally, setting σF = 0.11 delivers consistent consensus beliefs.8

3.8 Untargeted Term Structures

Figure VII shows the term structure of the revisions frequency, size, and hazard rate. While we only targeted

average values (the dashed lines), the model matches the empirical patterns along the forecasting period. The

model can quantitatively match the downward sloping patterns of the frequency of revisions (extensive margin,

Figure IXa) and the size of non-zero revisions (intensive margin, Figure IXb). In addition, the model accurately

matches the hazard’s level.

6Ideally, and building on the findings of Jain (2019), we could also allow for forecasters to determine if the
assumed persistence of inflation changed during periods of higher volatility in the model.

7Appendix D explains the solution algorithm and other computational details.
8Appendix E presents the details on the consistency of consensus beliefs.
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Table V – Internally calibrated parameters

Parameter Value Moment Data Model
κ Revision cost 0.06 Pr[∆f 6= 0] 0.43 0.40
r Strategic concerns 0.73 E[abs(∆f)|adjust] 0.25 0.19
σζ Signal noise 0.03 Hazard Slope −0.04 −0.04
σF Consensus volatility 0.13 Internal Consistency — —

Figure VII – Cross-sectional statistics across horizons

(a) Frequency of revisions (b) Size of revisions (c) Hazard rate

Notes: Cross-sectional moments obtained from the model’s simulation under the benchmark calibration.

3.9 Oil Price Pass-Through

To further validate the calibration, we run the same equation as (2.4) but using simulated data and compare it

with our estimated coefficient. Table VI presents the results.

Table VI – Pass-through Estimates

Data Model

γ1 0.005∗∗∗ 0.004∗∗∗

(.0009 ) (.0001 )

Horizon, Year FE X X
Forecaster FE X X
Distance to consensus X X

Although we do not explicitly target the calibrated parameters, the model is able to quantitatively replicate the

empirical pass-through observed in the data for Oil prices. With these validation, we now explore the implications

of a rise in inflation volatility.
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4 State-dependent Forecasting

This section studies how forecast behavior responds to different macroeconomic conditions, emphasizing the state-

dependent nature of expectation formation. We explore how forecasts and beliefs adjust when the volatility of

inflation changes, considering different informational environments where forecasters may or may not be aware

of these shifts. We then extend the analysis to study changes in the mean of inflation, distinguishing between

inflationary and deflationary turbulent periods, and finally, assess how large inflation shocks influence the dynamics

of forecast revisions. By systematically varying the state of the economy, we aim to disentangle the role of different

frictions in expectation formation and understand how forecasters adapt to changing macroeconomic regimes.

4.1 Changes in inflation volatility

We begin by examining how forecasts and beliefs respond to changes in the underlying volatility of inflation.

Inflation volatility has exhibited substantial variation across different periods, with turbulent years displaying

nearly twice the level of volatility observed in tranquil times. This increase in volatility can alter forecast behavior

through multiple channels, affecting both the frequency and magnitude of revisions. To isolate these effects, we

study three cases: one in which forecasters know the volatility regime, one in which the volatility shift is unknown,

and one in which agents must learn about the change over time. Each case provides insight into how forecasters

process information under different uncertainty conditions and whether their responsiveness to inflation shocks

varies with their perception of volatility.

4.1.1 Known volatility change

Figure VIII examines the case where forecasters know the volatility regime, allowing them to adjust their expec-

tations optimally when inflation uncertainty rises. The comparison between tranquil (solid red) and turbulent

(dashed red) periods in the data shows that both the frequency and size of revisions increase in volatile times. The

model (solid blue) successfully captures the baseline revision patterns. When volatility rises by 10 percent (dashed

blue), it aligns more closely with the turbulent data, though it underpredicts the rise in revision size. Forecast

errors also rise in turbulent periods but more modestly than the data. Since the model with known volatility only

partially replicates this increase, it suggests that additional uncertainty beyond an increase in volatility shifts plays

a role.

4.1.2 Unknown regime change

Figure IX introduces an alternative scenario in which forecasters do not anticipate the increase in volatility but

instead continue acting as if volatility remains unchanged. The only difference relative to the baseline is that

the actual shocks exhibit greater volatility, while agents’ policies remain fixed. Unlike Figure VIII where agents

adjust their revision behavior in response to expected higher volatility, here they follow the same decision rules

as in tranquil times. The effects on revisions are similar, but the key difference emerges in forecast errors. When

volatility increases unexpectedly, errors rise significantly more than in the case where forecasters knew the volatility

shift in advance. This highlights that part of the increased forecast uncertainty in turbulent times arises purely

from volatility effects, independently of any option effects or changes in revision policies.

4.1.3 Learning regime

The third exercise will introduce a learning mechanism where forecasters do not immediately know when inflation

volatility changes but must infer it over time. Instead of reacting instantly to shifts in volatility, agents will
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Figure VIII – Known changes in volatility

(a) Frequency of Revisions (b) Size of Revisions (c) Mean Forecast Errors
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Notes: Red lines are from Bloomberg data. Tranquil = 2010-20. Turbulent = 2008-2009 and 2021-23. Blue
lines use model-simulated data.

Figure IX – Unknown changes in volatility

(a) Frequency of Revisions (b) Size of Revisions (c) Mean Forecast Errors
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Notes: Red lines are from Bloomberg data. Tranquil = 2010-20. Turbulent = 2008-2009 and 2021-23. Blue
lines use model-simulated data.

update their beliefs about σ2
x using observed inflation data, applying a Bayesian filtering mechanism (Baley and

Veldkamp, 2025a). This process introduces gradual adjustments in forecasting behavior as agents refine their

volatility estimates with each new observation. As a result, forecast revisions and errors will evolve dynamically,

initially exhibiting inertia due to uncertainty about the actual volatility regime before converging as agents gain

confidence in their updated beliefs. This framework will allow us to examine how learning frictions influence the

responsiveness of expectations to inflation shocks and how long it takes forecasters to recognize and adjust to a

new inflation environment.
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4.2 Changes in the mean

In the third exercise, we study how changes in the unconditional mean of inflation influence forecast behavior,

distinguishing between deflationary and inflationary turbulent periods. As seen in Section 2, forecast errors rise

significantly in high-inflation environments, suggesting that uncertainty stems not only from volatility but also from

shifts in the long-run level of inflation. This analysis connects to the broader debate on whether inflation shocks are

transitory or persistent, a key question for policymakers and forecasters. To examine this, we separate the analysis

into Turbulent I (lower inflation) and Turbulent II (higher inflation) and extend the model to incorporate different

unconditional means. We consider two scenarios: one in which agents know whether the change is permanent or

temporary and another in which they must infer its persistence over time. By comparing these cases, we assess

whether the rise in forecast errors during turbulent periods is primarily due to volatility or uncertainty about

structural shifts in inflation dynamics.

4.2.1 Known mean change

In the known mean change scenario, forecasters immediately recognize whether the shift in inflation is transitory or

permanent and adjust their expectations accordingly. This allows us to test how well the model captures differences

in forecast behavior when agents react optimally to structural inflation shifts.

4.2.2 Unknown mean change

In the unknown mean change scenario, forecasters do not initially know whether the change is temporary or

permanent and must infer it over time. By observing how forecast errors and revisions evolve, we assess how

learning frictions influence expectation formation and whether uncertainty about inflation persistence amplifies

forecast inaccuracy.

4.3 Large shocks travel fast?

In this exercise, we analyze the effects of large inflation shocks on forecast revisions, drawing inspiration from

inaction models in price-setting under large shocks (Cavallo, Lippi and Miyahara, 2024). The idea is that, beyond

changes in volatility, large shocks can push forecasters outside their inaction regions, triggering immediate and

widespread revisions. To test this, we will feed the model with actual inflation realizations and examine how well

it replicates observed forecast behavior.

Suppose the model correctly captures the mechanisms of lumpy adjustments. In that case, we expect large

shocks to induce a rapid response, similar to what is observed in price-setting models where substantial cost shocks

lead to immediate price adjustments. By comparing individual forecast and consensus forecasts, this exercise will

allow us to assess whether expectation formation exhibits the same non-linearity as price-setting, with large shocks

traveling quickly through the forecasting process.

5 Frictions in turbulent times

In this section, we relax the assumption that the frictions governing forecast behavior—fixed costs of revision,

strategic concerns, and private signal noise—remain constant at their steady-state values. Instead, we allow these

frictions to evolve over time, particularly in response to shifts in the volatility regime. While our ability to precisely

estimate these changes is constrained by the limited number of observations in turbulent periods, we nonetheless re-

estimate the structural parameters using our SMM procedure, targeting empirical moments specific to high-volatility
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environments. This allows us to assess how the costs of revision, the strength of strategic complementarities, and

the precision of private signals vary across different macroeconomic conditions.

By doing so, we contribute to the literature on expectation formation in volatile periods, which suggests that

turbulent times are associated with more dispersed signals and greater uncertainty. If information dispersion

increases, private signals may become noisier, leading to greater heterogeneity in expectations. Furthermore,

strategic interactions among forecasters may shift: complementarities that drive coordination in tranquil times

could weaken, or even turn into substitutability, as agents react more idiosyncratically to new information when

uncertainty is high. Our analysis will provide new insights into how expectation frictions adapt in response to

economic turbulence and whether the observed changes in forecast behavior can be explained by shifts in these

underlying mechanisms.

TBC...
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A Proxy for Forecasters’ Beliefs

In this section we derive the expression for the belief π̂h ≡ E[π|Ih] and its precision.

Optimal Forecast We derive the conditional mean of annual inflation at different horizons h. As discussed

we assume that xh = c+φxh+1 +vh. The forecasted variable π is approximately equal to the sum of the last twelve

realizations of monthly inflation xh:

π =

11∑
h=0

xh

From the AR(1) assumption implies that the unconditional mean of xh is µ̃ ≡ c
1−φ , hence we can rewrite the

demeaned process for monthly inflation at each relevant month within the target-year as:

x0 = µ̃+ φ12(x12 − µ̃) +

11∑
j=0

φjvj

x1 = µ̃+ φ11(x12 − µ̃) +

10∑
j=0

φjvj+1

. . .

x11 = µ̃+ φ(x12 − µ̃i) + v11,

which implies

π = 12µ̃ +
φ(1− φ12)

1− φ
(x12 − µ̃) +

11∑
j=0

1− φj+1

1− φ
vj .

At horizon h ≥ 12 we have:

π = 12µ̃+
φh−11(1− φ12)

1− φ
(xh − µ̃) +

11∑
j=0

1− φj+1

1− φ
vj +

h−1∑
j=12

φj−11(1− φ12)

1− φ
vj(26)

Within the year, 11− h realizations of xh are observed. Hence, for h ≤ 11:

π = hµ̃+
φ(1− φh)

1− φ
(xh − µ̃) +

11∑
j=h

xj +

h+1∑
j=0

1− φj+1

1− φ
vj(27)

Public signal The signal zi,h is equal to the conditional expectation of equations (26) and (27), respectively,

given information up to horizon h+ 1:9

zh = 12µ̃+
φh−10(1− φ12)

1− φ
(xh+1 − µ̃i) for h = 18, . . . , 11(28)

= (h+ 1)µ̃i +
φ(1− φh+1)

1− φ
(xh+1 − µ̃) +

11∑
j=h+1

xj for h = 10, . . . , 1,(29)

which correspond to equation (??) in the main text.

9Although the horizon for the prediction is h we assume the information of monthly inflation is available only
until h+ 1. This is assume to account for the monthly delay in the publication of official statistics.
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Signal Precision Forecasters evaluate the precision of their signals through the AR(1) model. Given the

signal zh = π + εh and the expressions for π in (26) and zh in (28), the variance of the forecast error at horizon

h ≥ 12 is derived as follows:

εi,h = π − zi,h

=

11∑
j=0

1− φj+1

1− φ
vj +

h∑
j=12

φj−11(1− φ12)

1− φ
vj

E[ε2i,h] = σ2
v

11∑
j=0

(1− φj+1)2

(1− φ)2
+ σ2

v

h∑
j=12

φ2j−22(1− φ12)2

(1− φ)2
,

where we rely on the assumption vh is i.i.d and drawn from a Gaussian distribution with common variance,

vh ∼ N(0, σ2
v) and the timing of the public release of information. Hence, the conditional variance is constant

across forecasters. The first expression on the right hand side of the previous equation is:

σ2
v

11∑
j=0

(1− φj+1)2

(1− φ)2
=

σ2
v

(1− φ)2

11∑
j=0

(1− φj+1)2

=
σ2
v

(1− φ)2
[(1− φ)2 + (1− φ2)2 + · · ·+ (1− φ12)2]

=
σ2
v

(1− φ)2
[12− 2(φ+ φ2 + · · ·+ φ12) + (φ2 + φ4 + · · ·+ φ24)]

=
σ2
v

(1− φ)2

[
12− 2φ(1− φ12)

1− φ
+
φ2(1− φ24)

1− φ2

]
The second expression is:

σ2
v

h∑
j=12

φ2j−22(1− φ12)2

(1− φ)2
= σ2

v

(1− φ12)2

(1− φ)2

h∑
j=12

φ2j−22

= σ2
v

(1− φ12)2

(1− φ)2
(φ2 + φ4 + · · ·+ φ2h−22)

= σ2
v

(1− φ12)2

(1− φ)2
φ2(1− φ2h−22)

1− φ2

= σ2
v

φ2(1− φ12)2(1− φ2h−22)

(1− φ)3(1 + φ)

Summing the two expressions we obtain the expression for b−1h for h ≥ 11, while relying on the same derivation as

in the first equation, we obtain the expression for h ≤ 10.

B Rolling Estimates AR(1) model

Let the monthly inflation rate xh follow an AR(1) process:

(30) xh = c+ φxh+1 + vh, vh ∼ N (0, σ2
v),

where c is a constant, φ is the persistence parameter, and vh is an iid normally distributed noise with volatility

σ2
v . We estimate the three parameters (c, φ, σv) using the monthly inflation rate from the CPI. Figure X plots the
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resulting estimates and 95% confidence intervals.

Figure X – Rolling Estimates AR(1) parameters
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C Cross-sectional Statistics for All Years

Figure XI – Frequency and Size of Adjustment, by Horizon
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D Computational strategy

Solving the problem requires computing expectations of future beliefs. Since all random variables are normal, this

amounts to knowing the first two moments of these distributions. Next, we characterize these moments. Afterward,

we use these moments to compute expectations.

D.1 Initial forecast

At the beginning of each year, we assume initial forecasts equal the 13-months-ahead belief, which is optimal

without frictions (κ = r = 0):

(31) f i13 = π̂i13 = z13 + νi13, νi13 ∼ N (0, σ2
13)

where z13 is constructed using the projection formula in (20)

z13 = 12

(
cx

1− φx

)
+ φx

1− φ12x
1− φx

(
x̂13 −

cx
1− φx

)
(32)

and the monthly belief equals x̂i13 = α[cx + φxx14] + (1− α)x̃i13.

D.2 Distributions of expected beliefs

The law of motion of individual states implies the following values at h− 1:

π̂ih−1 =

(
Σz,h−1

σ2
o + Σz,h−1

)
µo +

(
1− Σz,h−1

σ2
o + Σz,h−1

)
π̂iπ̂ih−1(33)

F̂h−1 = cF + φFFh(34)

Expected consensus beliefs The mean and variance of the distribution of expected consensus beliefs at

h− 1, from the perspective of horizon h (with knowledge up to Fh+1), are:

E[F̂h−1|Iih] = cF + φFE[Fh|Iih] = cF (1 + φF ) + φ2FFh+1(35)

Var[F̂ ih−1|Iih] = φ2FVar[Fh|Iih] = φ2Fσ
2
F(36)

Expected inflation beliefs The mean and variance of the distribution of expected inflation beliefs at h−1,

from the perspective of horizon h, are:

E[π̂ih−1|Iih] =

(
Σz,h−1

σ2
o + Σz,h−1

)
µo +

(
1− Σz,h−1

σ2
o + Σz,h−1

)
E[π̂ih−1|Iih](37)

Var[π̂ih−1|Iih] =

(
σ2
oΣz,h−1

σ2
o + Σz,h−1

)2

Var[π̂ih−1|Iih](38)

Now we compute the mean E[π̂ih−1|Iih] and variance Var[π̂ih−1|Iih] of the idiosyncratic signal from the perspective

of horizon h—inputs into the formulas above.
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Expected signals We evaluate the formula for π̂ih in (??) at h− 1, and separate the observation xh from the

sum yields:

(39) π̂ih−1 = (h− 1)

(
cx

1− φx

)
+

1− φh−1x

1− φx

(
x̃ih−1 −

cx
1− φx

)
+ xh +

12∑
j=h+1

xj .

Then, we take the expectation conditional on Iih:

(40) E[π̂ih−1|Iih] = (h− 1)

(
cx

1− φx

)
+

1− φh−1x

1− φx

(
E[x̃ih−1|Iih]− cx

1− φx

)
+ E[xh|Iih] +

12∑
j=h+1

xj

Next, we use the fact that E[x̃ih−1|Iih] = E[xh−1|Iih] (because public and private noise have zero mean) and

E[xh−1|Iih] = cx + φxE[xh|Iih] (by the AR(1) assumption). Substituting into the previous expression:

E[π̂ih−1|Iih] = (h− 1)

(
cx

1− φx

)
+

1− φh−1x

1− φx

(
cx + φxE[xh|Iih]− cx

1− φx

)
+ E[xh|Iih] +

12∑
j=h+1

xj

Rearranging, we obtain:

E[π̂ih−1|Iih] = h

(
cx

1− φx

)
+ φx

1− φh−1x

1− φx

(
E[xh|Iih]− cx

1− φx

)
+ E[xh|Iih]− cx

1− φx
+

12∑
j=h+1

xj

Lastly, we substitute the AR(1) assumption E[xh|Iih] = cx + φxxh+1:

(41) E[π̂ih−1|Iih] = h

(
cx

1− φx

)
+ φ2x

1− φh−1x

(1− φx)2
xh+1 + φx

(
xh+1 −

cx
1− φx

)
+

12∑
j=h+1

xj .

For the variance, we apply the variance operator to (39) and note that the terms in the sum disappear because

they are known at h. Thus we are left with two terms.

Var[π̂ih−1|Iih] =

(
1− φh−1x

1− φx

)2

Var[x̃ih−1|Iih] + Var[xh|Iih]

=

(
1− φh−1x

1− φx

)2 (
φ2xVar[xh|Iih] + σ2

x + σ2
ζ + σ2

η

)
+ Var[xh|Iih]

=

(
1− φh−1x

1− φx

)2 (
φ2xσ

2
x + σ2

x + σ2
ζ + σ2

η

)
+ σ2

x

where we use Var[xh|Iih] = σ2
x and the structure of the signal and the AR(1) assumption to write

(42) x̃ih−1 = xih−1 + ζih−1 + ηh−1 = cx + φxxh + εxh−1 + ζih−1 + ηh−1.

D.3 Computing expectations

We approximate the expected continuation value of the value of action and inaction derived in Proposition 1 as

follows

(43) E[Vh−1(π̂ih−1, F̂h−1, f
i
h+1)|Iih] =

∑
π̂i
h−1

∑
F̂h−1

Vh−1(π̂ih−1, F̂h−1, f
i
h+1)ω(π̂i)ω(F̂ )
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where weights {ω(π̂i), ω(F̂ )} are constructed with Gaussian quadrature over grids for π̂i and F̂ .

Integration weights ωF̂ are such that F̂h−1|Iih ∼ N (E[F̂h−1|Iih],Var[F̂ ih−1|Iih]) with

E[F̂h−1|Iih] = Fh+1

Var[F̂ ih−1|Iih] = σ2
F

Integration weights ωπ̂i are such that π̂ih−1|Iih ∼ N
(
E[π̂ih−1|Iih],Var[π̂ih−1|Iih]

)
, with

E[π̂ih−1|Iih] = h

(
cx

1− φx

)
+ φ2x

1− φh−1x

(1− φx)2
xh+1 + φx

(
xh+1 −

cx
1− φx

)
+

12∑
j=h+1

xj

Var[π̂ih−1|Iih] = σ2
x +

(
1− φh−1x

1− φx

)2 (
φ2xσ

2
x + σ2

x + σ2
ζ

)

E Consistency of consensus process

In this section, we further validate the consistency of the consensus’s assumed random walk. According to the

estimation, the perceived law of motion for consensus is Fh = Fh+1 + εFh with εFh ∼ N (0, 0.112). Thus, the

perceived process is

(44) F̂t = F̂t−1 + εF̂t , εFh ∼ N (0, 0.112)

The actual law of motion is

(45) Fh = −0.03 + 1.01Fh+1 + εFh , εFh ∼ N (0, 0.112).
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