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Abstract

Firms’ forecasts of their own future marginal costs are central to the propagation of shocks
into inflation. Using survey data on US firms, we establish five novel facts about these fore-
casts: they (1) are driven by idiosyncratic cost shocks, (2) are overly sensitive to the firm’s
realized costs (a failure of rational expectations), (3) over-react consistently across time, sec-
tors, and firm size, (4) incorporate cost movements slowly over time, and (5) under-react to
aggregate shocks until costs move. We estimate a model of firms’ beliefs that is able to match
these facts and embed it in a New Keynesian model. The New Keynesian Phillips curve be-
comes steeper and less forward-looking. We confirm our Phillips curve predictions in external
pricing data. Supply shocks are made more inflationary, because they hit costs quickly, leading
firms’ beliefs to over-react, while demand shocks are made less inflationary, as firms fail to an-
ticipate future wage pressure. We show that optimal monetary policy is less reliant on forward
guidance and commitment, since it is difficult to move firms’ beliefs without first moving their
costs. In contrast, current interest rates remain powerful and may have lasting effects.
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It would be foolish, in forming our expectations, to attach great weight to matters which are
very uncertain. It is reasonable, therefore, to be guided to a considerable degree by the facts
about which we feel somewhat confident, even though they may be less decisively relevant to
the issue than other facts about which our knowledge is vague and scanty. For this reason the
facts of the existing situation enter, in a sense disproportionately, into the formation of our long-
term expectations; our usual practice being to take the existing situation and to project it into
the future, modified only to the extent that we have more or less definite reasons for expecting a
change.

— Keynes (1936)

1 Introduction

Firms’ forecasts of their own future marginal costs are central to all models of price setting in the
presence of adjustment frictions. These forecasts are therefore a key link in the propagation of
macroeconomic shocks into inflation. Despite increasing study of firms” CPI expectations, we do
not know whether firms forecast their own costs optimally, and if not, what systematic mistakes
they make. An empirically grounded model of these beliefs is key to a microfounded, behavioral
model of inflation, which can be used to understand business cycles and inform monetary policy.

To develop such a model, we make use of the Federal Reserve Bank of Atlanta’s Business
Inflation Expectations (BIE) survey, which asks firms to report their cost growth over the past
year and to forecast their cost growth over the next year. We show that firms over-react to their
past costs: a failure of rational expectations. Firms also under-react to other information, such
as public signals. Figure 1 plots the average of the firms’ forecasts for cost growth over the next
year alongside a best fit using reported cost growth over the last year. The close fit suggests that
extrapolation from costs might explain almost the entire forecast. However, it does not prove firms
rely on their own costs when forecasting. Nor does it tell us how well they use other information.

To establish the outsized role of realized costs in forecasting future costs, we leverage the panel

structure of our survey data. We document five facts about firms” own-cost forecasts.

Fact 1 Firms’ beliefs about future costs are highly correlated with recent cost growth. This finding

holds even when we isolate the role of idiosyncratic cost movements.

Fact 2 Firms’ beliefs over-react to their recent cost growth. Because firms’ forecast errors are pre-
dictable from information provided to us by firms, this finding reflects a failure of rational
expectations rather than a lack of information.

Fact 3 This over-reaction to recent cost growth is ubiquitous, holding across sectors, firm sizes,

and over time.

Fact 4 There is substantial inertia in belief formation. Forecasts depend not only on cost growth

from the current month, but also from a year ago.



Figure 1: Average beliefs are well explained by constant extrapolation from current costs
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Note: “Expected future cost growth’ is the cross-sectional equal-weighted average at any date of firms’ forecasts for their cost growth
over the next year. ‘Extrapolation from current costs’ is created as average beliefs over time plus a deviation equal to a constant, 0.6,
times the deviation of costs from their average over time.

Fact 5 Beliefs respond to aggregate shocks mostly when firms’ costs are affected. They under-react

while the shock is public information but has not yet passed into costs.

We present a simple model of firms’ beliefs, which nests full-information rational expectations
(FIRE) but also allows firms to learn gradually from their own past costs. We call this latter feature
“Adaptive Learning” (AL). A key distinction of our model is that firms learn about the myriad
macroeconomic shocks via their own costs, rather than by observing signals directly about the
shocks themselves. We show that, in contrast to other models in the literature, our model can
match the five facts established above.

We then calibrate this model, taking advantage of the panel structure of the BIE survey data to
use estimated firm-specific loadings on macroeconomic shocks. Equation (19) below characterizes
how firm i’s forecast of their own cost growth T periods ahead, E;; [Amc;;, |, depends on cost
growth ¢ periods in the past, Amc;;_,, and the full-information rational expectation of their future

costs, E; [Amc; 1 ¢],

E; ¢ [Amc; ;1] = 0.25 x E; [Amci; ] +0.16 x 0.827 x Y 0.64'Amc;;
/=0

FIRE component of beliefs

Adaptive Learning

The 0.25 weight on FIRE suggests that firms do learn from information outside their costs, but the
extent is limited. There is also a significant weight placed on Adaptive Learning. Firms believe
nominal marginal cost growth to be highly persistent (0.82 quarterly). And firms are backward
looking, relying on past cost growth at the decaying rate 0.64.

We then attempt to explain the behavior we have documented: why firms are too responsive



to their own costs and insufficiently responsive to other news. First, we show that firms’ over-
reaction may result from using an average cost persistence over a much longer horizon than our
sample, which starts in 2011. Aggregate data on the GDP deflator shows that costs were much
more persistent in earlier decades, and we find that if firms learn slowly — but at a rate consistent
with the learning literature — then we can rationalize the over-reaction observed in our sample.!

Second, we explore why firms under-react to public information. We ran an information treat-
ment in the May 2025 BIE survey, in which we inform all firms of the average Blue Chip forecast
for CPI inflation over the next year. Asking firms to make forecasts before and after the treatment,
we observe the effect on their beliefs about (i) CPI inflation over the next year and (ii) their own
cost growth over the next year. If the information induces a firm to increase its CPI forecast by
1 percentage point, this leads to only a 0.15 percentage point increase in their own-cost forecast.
This disconnect between firms” own-cost and aggregate beliefs reaffirms the importance of under-
standing own-cost forecasts and further suggests the reason that firms learn so little from public
signals may be a failure of rational expectations (rather than purely a lack of information). This
finding also suggests it is not possible to treat firms’ beliefs about the nominal and real compo-
nents of their costs as separate; when firms learn that CPI is higher than they thought, they revise
down their real cost beliefs.

We next explore the implications of Adaptive Learning for pricing decisions. Our model pre-
dicts very little price response in anticipation of cost movements but high pass-through once costs
move. This differs from many existing models in the literature. For example, sticky information
models (such as in Mankiw and Reis (2002)) predict limited anticipation, but they also predict
prices will react less even when costs move. Diagnostic expectations (see Bordalo, Gennaioli and
Shleifer (2018)) generate a stronger price pass-through than under FIRE, but only when news of
the shock is revealed, rather than when costs start moving. We show that in our model, suffi-
ciently persistent cost shocks are under-reacted to, while sufficiently transitory cost shocks are
over-reacted to.

We extend these results to the New Keynesian Phillips curve (NKPC), which we derive un-
der our model of beliefs. In the special case of fully Adaptive Learning, our NKPC becomes
the Friedman-Phelps Adaptive Expectations Phillips curve, where inflation depends on marginal
costs today and the history of inflation. However, in our case this Phillips curve is microfounded
from the firm-level pricing problem and our model of firms’ beliefs. The microfoundation allows
us to understand the parameters driving the shape of the Phillips curve and to use microdata
to help calibrate them. In particular, our calibration predicts a steeper and less forward-looking
NKPC than under FIRE. We also find that cost growth beliefs contribute positively to inflation,
acting like a cost-push term. Despite the backward lookingness of cost growth beliefs, our pa-

1This explanation would suggest that over a much longer sample, or over other time periods, we may not find
unconditional over-reaction, as in Fact 2. However, many of the qualitative implications of Adaptive Learning beliefs
remain even when firm’s extrapolate correctly on average from their costs; see Section 5.1.1.

2This contrasts with a reduced-form reading of the FIRE NKPC. It also differs from the implications of a simple ratio-
nal inattention model in which firms see the price level and their own real costs as independent signals, see Mackowiak
and Wiederholt (2009).



rameters suggest little inertia in the Phillips curve: there are limited effects on inflation in the
future from one-off shocks to real marginal costs today.> We show that the degree of inertia in the
Phillips curve is increasing in price flexibility, via Adaptive Learning behavior. Through this purely
behavioral channel, shocks that generate substantial aggregate inflation, and thereby increase the
frequency of price adjustment, would boost their own persistence.

We test our predictions for the NKPC in inflation data. First we estimate an Adaptive Expecta-
tions Phillips curve, using the state-level inflation data and estimation methodology from Hazell,
Herrefio, Nakamura and Steinsson (2022). We find a steep slope and limited inertia; moreover,
the limited inertia we find is driven by the pre-1990 period, when the frequency of price adjust-
ment was higher. Second, we consider industry-level pricing and cost data from the Bureau of
Economic Analysis and the Bureau of Labor Statistics, showing that inflation is more responsive
to cost movements and less responsive to expected cost movements than we would expect under
FIRE.

To further explore shock propagation, we set our Phillips curve in a textbook New Keynesian
model with sticky prices and wages. We show that supply shocks are more inflationary, while
demand shocks are less inﬂation.’:u‘y.4 The key feature driving this result is that (in the presence of
sticky wages) demand shocks are in large part news about future cost movements, whereas sup-
ply shocks affect costs more quickly. This asymmetric reaction to supply and demand shocks also
holds in a medium-scale New Keynesian model in which these shocks are estimated in the data.
And the core intuition holds in a wide range of economic settings: upstream shocks are made less
inflationary than downstream shocks; and the inflationary response to pure news shocks is muted.
This asymmetric prediction—with some shocks amplified and others dampened—is driven essen-
tially by the fact that firms rely on their own costs when forecasting.” We also show the qualitative
prediction remains in a model closer to limited-information rational expectations (LIRE), where
firms do not over-react unconditionally to costs.®

We then analyze optimal monetary policy. Forward guidance is weaker in our model, par-
ticularly at longer horizons, as firms respond less today to anticipated future costs. Households’
forecasts play a more pivotal role in forward guidance in our model, as they act as a mediator
between news about the future and firms’ current costs, which are passed through strongly into
inflation. Next, we turn to the optimal policy problem under commitment and discretion. We find

a very limited role for commitment: it is not effective for the central bank to “tie their hands”.

3To see how this is possible, note that a completely transitory real marginal cost shock first raises and then lowers
nominal marginal costs. Under very sticky prices, the negative cost growth is as large as the positive but occurred more
recently — thereby playing a larger role in beliefs and pushing against inertia.

#Kohler, L'Huillier, Phelan and Weif (2025) also argue for higher inflationary passthrough from supply shocks. They
consider fully informed, rational firms interacting strategically with uninformed consumers.

5This stands in contrast to many other models of beliefs. For example, Angeletos, Huo and Sastry (2021) present a
model of belief formation that is very similar to ours, except that firms learn from observing each shock directly, rather
than learning about every shock only via own costs. This assumption implies a different NKPC for each shock, and
does not generate the asymmetry result.

6In a model of LIRE in which firms observe only their own costs, firms will initially under-react to the most persistent
shocks, and over-react to the least persistent. However, in this model, beliefs must be correct on average, in contrast to
Fact 2 above. Therefore, it is still quantitatively important to use actual beliefs to calibrated the model.



Under FIRE, the ability to commit to future interest rates enables a smooth policy response to
inflationary shocks; under Adaptive Learning, the central bank needs to react rapidly.

Even under discretion, optimal policy differs in our model from FIRE. As our NKPC is steeper,
current interest rates are more powerful and can affect inflation as quickly as they can affect costs.
Additionally, in the New Keynesian model under FIRE, the central bank does not have an incen-
tive to act in anticipation of future inflation, since a one-off monetary policy shock today does not
have lasting effects.” Under Adaptive Learning, early action by the central bank can be optimal.
The conditions for this are the same as those governing whether the Phillips curve is inertial. As
such, while we find little support for the benefits of such early reactions on average in the United
States in recent decades, we show that there are conditions under which monetary policy would
have these lasting effects: for example, when the frequency of price adjustment rises, as occurred

during the pandemic.

Literature review Our paper contributes to a now substantial literature characterizing and ex-
plaining the empirical forecasts of economic agents. This literature had a strong initial focus on
the Survey of Professional Forecasters (SPF). Coibion and Gorodnichenko (2015) showed under-
reaction of average beliefs, in accordance with noisy information models, while Bordalo, Gen-
naioli, Ma and Shleifer (2020) found individual level over-reaction, suggesting a failure of rational
expectations. Broer and Kohlhas (2022) found the same result of over-reaction in forecast revi-
sions; but they additionally show that, while some public information is over-reacted to, other
public information is under-reacted to. Angeletos et al. (2021) reconcile these findings in a model
with deviations from both rational expectations and full-information. They find an additional pre-
diction, borne out in the data, of delayed overshooting: average beliefs initially under-react and
then over-react. Compared to this literature, we focus on firms’ beliefs. But we too find evidence
for both over-reaction and under-reaction, as well as delayed overshooting. The key difference is
that we predict that these features depend on the time profile of costs. For example, if costs in-
crease gradually, there will be initial under-reaction; but if costs peak on impact and then sharply
decline, there will be initial over-reaction.

The literature studying firms’ beliefs has focused most on CPI forecasts. Kumar, Afrouzi,
Coibion and Gorodnichenko (2015) find that firms have large disagreement and volatile beliefs
about future CPI, and systematically misreport even past CPI inflation.® Information treatments
have also been used to test the causal effect of inflation expectations on firm decisions, with mixed
findings.” There has also been significant interest in the higher order moments of firm beliefs.!
' In contrast to this literature, we focus on firms’ beliefs about their own nominal marginal costs,

’The standard New Keynesian model with sticky prices and flexible wages, and without capital, is a purely forward-
looking model.
8See also Weber, D’ Acunto, Gorodnichenko and Coibion (2022) and Candia, Coibion and Gorodnichenko (2023).
9See Coibion, Gorodnichenko and Ropele (2020), Coibion, Gorodnichenko and Kumar (2018), and Savignac, Gautier,
Gorodnichenko and Coibion (2024).
108ee Coibion, Gorodnichenko, Kumar and Ryngaert (2021) and Kumar, Gorodnichenko and Coibion (2023).
HThere are also some papers looking at other firm outcomes, for example Bloom, Codreanu and Fletcher (2025) and



the primitive object for setting prices in the New Keynesian model. We empirically demonstrate
that firms’ beliefs about their own future costs differ from their beliefs about CPIL

We also contribute to a growing literature focusing on how households and firms use local
information when forming their beliefs. Taubinsky, Butera, Saccarola and Lian (2024) show that
household beliefs are too responsive to household level shocks, violating rational expectations.
D’Acunto, Malmendier, Ospina and Weber (2021) find consumers use the price of groceries they
purchase when forecasting aggregate inflation. Turning to firms, Andrade, Coibion, Gautier and
Gorodnichenko (2022) present evidence that firms’ beliefs about CPI are correlated with sector
prices, while Born, Enders, Menkhoff, Miiller and Niemann (2022) argue that expectations about
the aggregate economy over-react to micro news and under-react to macro news. Both these pa-
pers, while suggesting firms react to local information, do not isolate what that information is.!?
Dovern, Miiller and Wohlrabe (2023) show German firms extrapolate from local conditions to ex-
pected aggregate growth rates. The closest paper to ours empirically is Albagli, Grigoli and Luttini
(2022). The authors show that Chilean firms extrapolate from their own cost growth to expecta-
tions about aggregate CPI inflation. We differ from this paper by focusing on own cost forecasts
and exploring the macroeconomic implications of these beliefs.

There exist a wide array of models of belief formation in behavioral macroeconomics, and we
briefly highlight those most relevant to our paper. Mankiw and Reis (2002) showed how informa-
tional frictions in price setting can result in a Phillips curve. This role for information frictions is
also present in more recent papers.'> Gabaix (2020) spells out the implications of one particular
form of myopia — cognitive discounting — in the New Keynesian model.!* An important impli-
cation is that the forward guidance puzzle is resolved. Our empirical model of firms’ beliefs also
dampens forward guidance significantly, but not at short horizons. Bordalo et al. (2018) show
how diagnostic expectations generate extrapolation and over-reaction seen in financial markets.
As discussed above, Angeletos et al. (2021) present a model with failures of both full information
and rational expectations to explain mixed findings of under- and over-reaction. We compare the
predictions of our behavioral theory to those from these alternative models and demonstrate that
none of these alternatives are jointly consistent with all five facts of firms” own cost beliefs.

In our model of Adaptive Learning, firms forecast the future using past observations and a
(potentially) misspecified model. This is in the spirit of the substantial adaptive learning literature
a la Evans and Honkapohja (2001). For a recent overview, see Eusepi and Preston (2018).> Our
paper is unique in focusing on the primitive expectation of interest for inflation—firms’ forecasts

of their own costs—and disciplining our belief model using survey data on these forecasts.

Ma, Ropele, Sraer and Thesmar (2020) find systematic mistakes when firms forecast sales growth.

12Gector specific prices could reflect variation in costs, but also many other factors. Beliefs in turn may also affect
prices, or other forces may lead to sector-specific responses of both prices and beliefs.

I3E.g. see La’O and Tahbaz-Salehi (2022). Afrouzi (2023) argues that firms with fewer competitors should pay less
attention to macroeconomic conditions, and confirms this in the data.

14 Angeletos and Huo (2021) show that information frictions have the effect of making agents less forward-looking
(myopia) and more backward-looking (anchoring).

I5For example, Eusepi and Preston (2011) embeds household learning in an RBC model, and Slobodyan and Wouters
(2012) finds improved empirical performance in a medium scale DSGE model where beliefs are formed under learning.



Meyer and Sheng (2025) highlight the BIE’s focus on firms” own cost forecasts, and show that
surveying firms about their own costs provides meaningful data: average own cost growth fore-
casts match aggregate statistics, and average forecasts of future cost growth perform well com-
pared to other forecasters. In other work in the BIE, Meyer, Prescott and Sheng (2022) argue that,
in the early part of the Covid period, firms saw the Covid pandemic mostly as a negative demand
shock, lowered their CPI expectations, but had stable long run beliefs.

2 How do firms forecast their costs?

In this section, we introduce our data on firms” own cost forecasts and present reduced-form
evidence that (1) firms” beliefs react to their idiosyncratic costs, (2) firms over-react to their own
costs, (3) firms’ beliefs depend on own costs in a stable way across sectors, firm sizes, and over
time, (4) firms learn from their costs slowly over time, and (5) firms under-react to aggregate
shocks until their costs move.

2.1 The Business Inflation Expectations Survey

The Federal Reserve Bank of Atlanta sends the Business Inflation Expectations Survey (hereafter,
BIE) each month to executives and managers in the Sixth Federal Reserve District, which covers
Florida, Alabama, Georgia, and parts of Tennessee, Louisiana, and Mississippi. Meyer and Sheng
(2025) discuss how the sample selection criteria were chosen to make the sample as nationally
representative as possible. The survey consists of core questions asked every month or quarter,
and special questions asked discretionarily. Our sample includes all participants” responses to
core questions from October 2011 to September 2024 and all participants” responses to a subset
of special questions pertaining to variables of interest in our study. Our sample also classifies
each firm into 14 sectors and 9 employee count categories. In a typical month, around 200 firms
respond to the survey, and the average duration in the survey for a firm is 30 periods.!®

The key variables of interest in our study are firms’ realized and expected marginal cost growth.
As part of the monthly core questions, firms are asked the percent change in unit costs compared
with the same month last year. The possible responses are captured by the set { —2%, 0%, 2%, 4%, 6%}.

Designating firm i’s log nominal marginal cost as mc;;, we therefore measure
A1pmc;; = mcj — mMCjp—1o. 1)

Firms also report their beliefs for unit cost growth over the next twelve months by assigning
probabilities to the same five scenarios: {—2%, 0%, 2%, 4%, 6%}. The survey question, as firms see
it, is shown in Appendix A.1. Firms’ responses appear to be thoughtful, and do not fall into simple
patterns. For example, no single cost forecast distribution makes up even 4% of total responses,

suggesting no strong default response across all firms. Nor does there seem to be a strong default

I6However, there is a long right tail, with over 100 firms responding for more than 84 months.



response even within firms: in only 16% of cases do firms report the same cost forecast distribution

in consecutive responses. Furthermore, firms do not simply forecast exactly their past costs; in

only 7% of cases do firms put a 100% probability on the past cost growth they just reported.
Taking an expectation over the reported cost forecast distribution, we construct firm i’s ex-

pected nominal marginal cost growth over the next year
E;t [A1omc; t110] = Eir [mejps12] — mer. ()

As an external check on firms’ responses, and as previously argued in Meyer and Sheng (2025), we
show in Appendix A.2 that averages of BIE responses correlate strongly with published aggregate
inflation statistics and expectations. We find a strong fit between BIE costs and the GDP deflator,
except in 2022 when inflation rose above the 6% upper bound.!” Average expectations comove
closely with the one-year ahead SPF CPI forecast.

Beyond arguing that firms report their cost expectations seriously, we further show that firms
perceive exactly these cost expectations as highly relevant to their pricing decisions. To do so, we
use Special Questions in the BIE concerning firms’ pricing, asked at much lower frequency. In
Appendix A.3, we show that (controlling for past prices and past costs) firms that expect high cost
growth expect to raise their prices.

Exploiting the panel structure of the data, we can also compute the forecast error, using a
forecast in period t about period ¢ + 12 and a reported realized outcome in period t + 12

FE; ;112 = mci412 — i [me; ¢4 10]

= Apmcjpy12 — Ei[A1pme;pi10]. 3)

In extensions to our core results, we make use of three further questions in the BIE survey.
Each quarter, firms are asked to forecast their annualized cost growth five to ten years in the
future. Firms also report whether their unit sales are above or below normal. And in certain
special questions, firms forecast CPI growth over the next year.

Facts 1&2: Firms (over) react to their own costs

We start by relating firms’ cost growth over the last year to their expectations for their cost growth
over the next year. We can visualize this relationship in a binned scatter plot, shown by the blue

dots in Figure 2. We see a strong, positive, and linear relationship between costs and forecasts at

)_18

the firm level (controlling for firm fixed effects).”® This relationship persists when we also control

7In Appendix A.4 we show that the proportion of past cost reports at the 6% upper limit rises to 50% of firms at the
peak. This still implies that half of firms are unconstrained, leaving some variation, and we show below that our results
are robust to dropping reports at the boundaries. In other periods, this proportion lies below 10%. We also show that
our results hold in the pre-Covid period where the boundary is rarely binding.

181n all regressions in this section we include firm fixed effects. As such our results can be thought of as capturing
learning around firm-specific steady state cost inflation. In Appendix A.5 we show that firms appear to hold fairly
accurate beliefs on average over time. Cattaneo, Crump, Farrell and Feng (2024) suggest jointly computing binned



Figure 2: Cost Growth is Associated with Expected and Realized Year-ahead Cost Growth
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the unconditional mean for each variable.

for sector-time fixed effects. This suggests that firms believe that their nominal cost growth is
persistent. In the orange dots, we test this belief by relating cost growth over the last year to the
actual cost growth over the next year, reported in a year’s time. We find a positive relationship,
though a weaker one than for beliefs: firms believe costs are more persistent than they truly are.

While binscatters speak to the functional form of the conditional expectation function, they do
not reveal whether costs explain a small or large share of variation in beliefs. As one approach
to test this, we take the R-squared from a regression of residualized year-ahead expectations onto
residualized cost growth over the last year. We find an R-squared of 28% controlling only for firm
tixed effects, and 20% controlling for both firm and time fixed effects. This suggests contempora-
neous cost growth has significant explanatory power for beliefs, particularly since there may be
substantial measurement error given the binning of the survey responses. '’

We next turn to linear regressions, to explore these relationships and their robustness. Our
specifications are

expectations
E;t[A12mc; ;1 12] = a; + Controls; + Bexpectationsd12MCj¢ + ui,tp @)
A1pmci 12 = @ 4 Controls;t + BoutcomeArzmeye + 1y O™ ®)
FE; ;110 = a; + Controls; + BreAiomc; + uf (©)

where «; is a firm fixed effect and the u;; are error terms. Table 1 shows the OLS estimates of

means and controlling for fixed effects, rather than residualizing first. We do not do so here because we want to test for
nonlinearity in deviations from each firm’s steady state. However, in Appendix A.6 we show that our conclusions hold
when following their procedure too.

9By comparison, the R-squared of beliefs on year-on-year CPI growth (and not own costs), and controlling for firm
fixed effects, is 13%.
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Bexpectations, Boutcome, and Brg under four specifications for controls: no controls, a time fixed effect,
a sector-time fixed effect, and the first four principal components of cost growth (additional details
in Appendix A.7). Standard errors are clustered at the firm level.

Table 1: Firms (over) react to their own costs

Outcomes
Eit [Aomcipi12]  Aomeirrin FEipii1
Controls
None 0.36*** 0.16™** -0.20***
(0.02) (0.02) (0.02)
Time FE 0.30*** 0.09*** -0.21%**
(0.02) (0.02) (0.03)
Sector Time FE 0.29*** 0.06™** -0.22%**
(0.02) (0.02) (0.02)
PCA factors 0.23%** -0.08*** -0.31***
(0.02) (0.02) (0.02)

Note: *p<0.10, **p<0.05, ***p<0.01. Standard errors, in brackets, are clustered at the firm level. The
sample is consistent across regressions, and contains 19,785 observations.

The first column in Table 1 shows the regression coefficient for expectations of year-ahead cost
growth. No matter the controls included, firms strongly believe that cost growth over the last year
predicts cost growth over the next year. This includes accounting for aggregate components of
costs; for sector loadings on aggregates or sectoral shocks; and even for the first four principal
components of cost growth, which together explain 71% of cost growth. We conclude that firms’
cost forecasts depend on idiosyncratic cost movements. Quantitatively, these results say that a
firm whose costs typically rise by 2% per year, but whose costs were 3% over the last year, would
thereby increase their forecast from 2% to 2.3%.

The second column shows the regression coefficient for realized year-ahead cost growth. We
find cost growth to be persistent when there are no controls, and to remain so after controlling
for time fixed effects, albeit less so. As we isolate more idiosyncratic variation, firms’ cost growth
becomes predictive of a decline in year-ahead cost growth, suggesting slight mean reversion.

Under full-information rational expectations (FIRE), no information available when the fore-
cast was made should be able to predict the forecast error. But more than this, since cost growth
is reported to us by the firms, and therefore is in the firms” information sets, any finding that Brg
differs from zero is inconsistent with rational expectations. The third column formalizes that firms
seem to over-react to cost growth.

Overall, these two facts suggest that a model of firms’ cost beliefs must feature a role for learn-
ing from own costs, and that the model should not impose rational expectations. We now turn to
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a series of robustness and extension exercises.

CPI beliefs and long-term expectations. In Appendix A.8, we show that, as in Albagli et al.
(2022), firms also use their past costs to forecast CPI growth over the next year. However, in
Appendix A.9, we show that firms still overreact to their own cost growth conditional on their CPI
beliefs, suggesting firms form own cost beliefs differently from the CPI beliefs more commonly
studied in the literature. Our survey experiment in Section 3.4 further demonstrates the disconnect
between CPI and own cost beliefs.

In addition, we show that firms use their past costs to forecast their annualized cost growth
five to ten years ahead. As Table 1 shows that cost growth is not very persistent even at a one-
year horizon, its perceived persistence at a five to ten year horizon is likely further evidence of

overreaction.

Robustness. In Appendix A.10, we show that our results still hold when we instrument cost
growth with its lag, which accounts for the possibility of classical measurement error or measure-
ment error that is correlated across outcome variables.”’ In Appendix A.10, we also show that our
results are robust to the truncation in our data by removing all observations equal to the boundary
values of -2% or 6%.?! Firms could also use information on sales to make inferences about future
marginal costs—particularly when returns to scale are not constant. In Appendix A.9, we include
two measures of sales and a measure of profits from the BIE survey and continue to find our result.
Appendix A.11 shows that our results do not meaningfully change if, rather than including firm
tixed effects, we first residualize with respect to a variable’s firm-level average prior to and includ-
ing period t. Intuitively, this suggests a regression that each firm could carry out themselves at
any date t, and from which we obtain predictable forecast errors, confirming our claim of a failure

of rational expectations.

Fact 3: Firms’ beliefs depend on their own costs in a stable way

Does this dependence of firms’ forecasts on their own costs vary with observables? An answer
helps us understand why firms make these mistakes, but also guides our modeling. For example,
if firms only over-reacted to their costs in the post-Covid period, it would suggest the over-reaction
was state contingent. Instead, we find remarkable stability in how firms use their costs to inform
their beliefs.

In Figure 3, we explore our results across three different cuts of the data: across the 14 sectors,

across the nine size categories, and across the entire time series of the BIE data. We uniformly

20Note also that measurement error poses an even larger issue for regressions of forecast errors on forecast revisions—
a common regression run in this literature—than it does for us here, since those regressions contain the current forecast
on the left-hand side (negatively) and on the right-hand side (positively). This induces a mechanical negative correla-
tion, suggesting over-reaction when there is any measurement error.

21Recall also that FIRE requires firms to hold correct beliefs about the entire distribution of future costs, so truncation
and binning cannot explain away the deviations from FIRE we found. Firms are asked to assign probabilities and report
realizations of the same variable over the same intervals.
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Figure 3: Heterogeneity analysis
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find that beliefs are positively related to costs, and that these costs are over-reacted to. The point
estimates are also generally close to the result found in the whole sample. This suggests that the

way in which firms learn from their own costs is relatively stable.

Further results on heterogeneity. This evidence suggests that over-reaction to costs is a widespread
feature in the data. Another margin along which we might expect differential belief formation is
frequency of price adjustment. Firms that adjust their prices daily have much less incentive to
accurately forecast their costs a year ahead than firms that adjust prices annually. However, in
Appendix A.12, we show that there is little variation in over-reaction to own costs along this mar-
gin.

While Fact 2 showed overreaction to costs on average, Appendix A.13 argues that firms with
more persistent cost growth overreact less. This heterogeneity suggests too much stability in firms’
extrapolation behavior. If firms’ costs are not persistent, they overreact even more than in our
baseline result; but firms may happen to extrapolate correctly if their costs are persistent enough.
Our finding mirrors the result of Afrouzi, Kwon, Landier, Ma and Thesmar (2023), who find in an

experiment that individuals overreact more for less persistent processes.??

Fact 4: Firms learn from their costs slowly over time

So far we have only related cost forecasts to cost growth over the last year. However, this does not
tell us whether firms use only the latest month’s cost growth, or cost growth from over the entire
year, when forming these beliefs.

The year-on-year structure of the survey necessitates some assumption to uncover the monthly
dynamics of learning. We assume that beliefs can be written as some weighted sum of past

monthly cost growth??
L expectations
E;t[A12mc; 4 12] = a; 4 Controls; + Y B;F Amc;; ¢+ Ui 7)
(=0

We cannot run the regression equation (7) since we do not actually observe month-on-month

cost changes. However, we can transform (7) into a regression on observables

L
tati
E;[A1zme; g 112] — Bip—12[A1zme; ] = AjpControls + Y | B, P A (Aomaip—g) + Appttiy
=0

In Figure 4, we show [BEXpeCtaﬁons for ¢/ =0,1,...,L with L = 11, for both no controls and sector-

date fixed effects. We see that the coefficients remain well above zero throughout the year. So

22Note that, even if firms are unconditionally correct about the autocorrelation of their cost growth, they can still
make conditional forecast errors when different shocks generate different paths of cost growth, as we show in Section
5.1.1.

23We can therefore motivate our previous regression under the assumption of homogeneous coefficients over the last

tati tati
twelve months: ,B‘prec anons — ,Bexpectations for ¢ = 0, ey 11, else ‘B;Xpec atons _ 0.
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Figure 4: Firm costs take time to drive beliefs

Firm FEs Firm and Sector Time FEs

0.30 1 RO e e T T
B 0.20 -
0.25 1

0.20 4 0.15 7

Be

0.15 4
0.10

0.10 4

0.05 4
0.05 4

0.00 0.00

Note: Dotted lines are 95% confidence intervals, standard errors clustered at firm level.

tirms do not simply extrapolate from their most recent monthly cost increase, but instead react
more to cost increases that have been persistent. This suggests firms may be learning about an
underlying persistent component of cost growth.

This result is highly suggestive that firms are over-reacting not just to costs today, but also to
past costs. In Appendix A.14, we formally show that firms over-react to their past costs.

Fact 5: Beliefs under-react until costs move

So far, we have focused on the pass-through of a firm’s cost growth into beliefs about future costs.
But how do firms use other information to form beliefs? This same question, albeit focused on
the Survey of Professional Forecasters, has a complicated answer in the current literature; Broer
and Kohlhas (2022) find beliefs over-react to some public signals and under-react to others. Fur-
thermore, firms’ beliefs may over-react and under-react to the same shock at different lags. Our
hypothesis to explain these mixed findings is that firms consistently respond too little to public
signals but respond too strongly to their private costs, as found above.?* This suggests a partic-
ular time profile to learning about aggregate shocks. There is initial under-reaction while news
about the shock is contained only in public signals, followed by a move toward over-reaction once
firms’ costs are affected. This time profile is akin to the “delayed overshooting” effect in Angele-
tos et al. (2021), except that for us the delayed overshooting is driven by the slow transmission of
shocks to an endogenous economic object: firms’ costs. As such, we also argue that while “de-
layed over-reaction” is possible, so is over-reaction with no delay, or beliefs that under-react at all
dates.

We look at how firms react to a change in the Brent oil price. As shown in Minton and Wheaton
(2023), persistent oil price movements filter through the supply chain gradually and have substan-

24When own costs are omitted, therefore, it is possible to find over- or under-reaction to a variety of public signals,
depending on how they correlated with firms’ costs.
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Figure 5: Under-reaction and Over-reaction to Oil Prices
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tial predictive power for future sectoral inflation. We first project each firm’s cost growth onto a
one-quarter change in the log Brent oil price, restricting to firms with a time series of at least 30
observations. We equally split firms into those relatively more affected after a year (slow exposure
to oil) and those relatively more affected within a year (fast exposure to oil). The average cost im-
pulse in each of these groups is shown in red in Figure 5. While these lines differ by construction,
our theory suggests that expectations should move proportionately to costs; rather than jumping
on impact to the optimal forecasts of costs twelve months ahead. This dynamic is borne out by
the blue line: a local projection of beliefs onto the oil price change. Finally, to formally show that
this behavior is not consistent with the path of costs beyond the one-year horizon, we also plot in
green a local projection of the forecast error. Firms that are quickly exposed to oil see their costs
rise, then start to fall, as the one-off cost shock falls out of cost growth. This leads to a pattern of
under- and then over-reaction. However, for firms only slowly exposed to oil, they under-react
through the entire first year, as they are continually surprised by the increasing path of costs. This
suggests that “delayed overshooting,” as found in Angeletos et al. (2021), can occur but depends

on the endogenous evolution of costs over time.

3 A calibrated model of firms’ beliefs

In this section, we propose and calibrate a model of belief formation that is consistent with the
evidence established in Section 2. We first outline why existing models in the literature cannot
jointly match the facts we established above. Table 2 summarizes these findings.

In Fact 1 we demonstrated a prominent role for learning from own-costs. This fact is not neces-
sarily inconsistent with FIRE. However, Fact 2 establishes over-reaction to own-costs on average, a
tfinding of forecast error predictability that does violate FIRE. Since (reported) own-costs are within
the firm’s information set, this finding is also inconsistent with models of limited-information ra-
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Table 2: Which models can match these facts?

Fact1 Fact 2 Fact 3 Fact 4 Fact 5

Model . . .

React Overreact Stability Inertia Oil

FIRE v X X X X

LIRE Mankiw ar}d Reis (2002), Ma¢kowiak and v X v X X
Wiederholt (2009)

Cognitive discounting Gabaix (2020) v X v ? X

Diagnostic expectations Bordalo et al. (2018) v v X X X

Delayed overshooting Angeletos et al. (2021) v v v v X

tional expectations (LIRE) — e.g., Mankiw and Reis (2002) and Mackowiak and Wiederholt (2009).
Likewise, models with cognitive discounting in beliefs, such as the New Keynesian model of
Gabaix (2020), deviate from FIRE by attenuating forecasts back towards steady state, which would
lead to less, not more, extrapolation from own costs.

By contrast, “diagnostic expectations”, as in Bordalo et al. (2018), can generate the over-reaction
we see. But the only mistake this model predicts is over-reaction to surprises (relative to a FIRE
forecast made in the previous period), and so it cannot explain that firms are insufficiently sensi-
tive to their true cost persistence, as in Fact 3.2 Furthermore, Bordalo et al. (2018) predicts only
over-reaction to surprises relative to FIRE last period.?® This contrasts with the inertia in Fact 4.
In particular, we found forecast errors are predictable from costs in previous months.

Angeletos et al. (2021) combines aspects of a noisy signals model with diagnostic expectations,
thereby matching over-reaction while allowing for inertia in beliefs. In response to an aggregate
shock, their model generates initial under-reaction as firms only slowly process the news, followed
by an over-reaction, as they hold misspecified beliefs about the true signal processes. Since firms in
their model learn by directly observing (with noise) the exogenous shocks, they predict a uniform
“delayed overshooting” pattern for all firms, no matter the profile of their costs in response to the
shock. However, in Fact 5, we argue that the pattern of a firm’s underreaction and overreaction to
a shock depends on how quickly that shock affects the firm’s costs.

Next, we will propose a simple adaptive learning model that matches our five facts. In Sec-
tion 4.1.1 below we show quantitatively how our model’s predictions differ from those of other
theories.

25Gee in particular Section A.13 for further details.

26Chodorow-Reich, Guren and McQuade (2024) present a model where the reference period is delayed. Maxted
(2024) presents a model in which diagnostic expectations (allowing for over-reactive extrapolation) is combined with a
slower moving belief component (“sentiment”).
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3.1 Adaptive Learning

We propose a parsimonious model of firms” beliefs that matches the key features we found above.
Firms use their own costs as a signal to learn about a persistent underlying process. We also
nest full-information rational expectations (FIRE) as a special case of our model, allowing firms to
forecast using other information.

In particular, when a firm makes a forecast, we place a weight aF'RE on the FIRE forecast.?”

aFIRE o1 a behavioural forecast, denoted IEi,t, that is entirely driven

And we place a weight 1 —
by a firm’s own costs. Motivated by the stability of our results (across time, sector, and firm
size) above, our model features firms extrapolating from costs in a constant way; we call these
“Adaptive Learning” (AL) beliefs.”® These beliefs are formed as follows. Suppose that a firm

believes that its nominal cost growth has a persistent and transitory component following the

process
Mrmcyy = Arficl, + i, e N (0,62) (8)
Atic), = pAmc!, |+ &y, £y N (0,62) 9)

where the tildes emphasize that these are the parameters only in the firm’s perceived law of motion
for costs. We focus here on deviations from a given permanent rate of nominal marginal cost

glrow’ch.29 Given the perceived law of motion implied by (8) and (9), the firm forecasts their costs

as follows
E, , [Amc;ssc] = pE; [Arﬁczt] (10)
E;, [Arﬁcﬁt] = Ramey + (1—K) plEi [Arﬁcfit_l} (11)
B =2
where K =1 — 2y is the Kalman gain.

(r§+(1+ﬁ2)frg+\/((1—p2)a,§—&3)2+4&,§&3
Overall then the period t forecast of T period ahead nominal cost growth is a weighted-average
between this Adaptive Learning forecast and the FIRE forecast,

E;; [Amc; iy o] = a"RFE; [Ame; sy o] + (1 - “FIRE) E,; [Amc; ] (12)

To calibrate firms’ beliefs we therefore need to estimate three parameters: aFIRE p, and K. aFIRE

?’In Appendix B.1, we show how this behavior results from firms finding it costly to compute the FIRE forecast. And
in Theorem 1 below, we show that the aggregate implications are identical if we instead consider a two-agent model,
in which some firms are fully FIRE, and others fully Adaptive Learners.

2In Appendix B.2, we allow firms to choose a firm-specific §;, allowing for heterogeneity as well as endogenising the
choice of p;. Our findings there are approximately captured by the model presented in the main text.

2With zero inflation in steady state and no permanent shocks, the model here is appropriate. In Appendix B.3, we
furthermore show that if firms perfectly observe any permanent shocks to their rate of nominal cost growth, then the
model here captures learning around this steady state. If instead we allow firms to learn about permanent shocks to
cost growth via their own past costs, but view such shocks as unlikely, then firms would eventually learn about any
permanent changes in their cost growth, with very little quantitative effect on our short-run dynamic results below.
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captures firms learning from other signals and allows our model to nest FIRE. ¢ is the firm’s
perceived cost persistence. And K tells us whether firms use only their costs today, or also their
past costs, when forming these beliefs.

In fact, this simple model is very similar to that in Angeletos, Huo and Sastry (2021) (AHS)
with two key differences. First, while we also model beliefs as an AR(1), we do not impose that
the true process necessarily also follows an AR(1). Second, and more importantly, firms learn
about many shocks from just their own costs. As we will see below, this leads to a single Phillips
curve that determines the inflation response to all shocks. In AHS, the learning process differs in
the true process of every shock, so there is one Phillips curve per shock, each of which has its own
calibration.’® The existence of a separate Phillips curve per shock is exactly why AHS can find

delayed overshooting in response to all shocks.

3.2 Calibrating the Model

The BIE survey asks firms each month to report cost growth over the last year and to forecast cost
growth over the next year. The calibration that aligns best with the format of our data is there-
fore at an annual frequency. Casting the model from Section 3.1 in annual time and combining

equations (10), (11), and (12), beliefs depend on FIRE beliefs and cost growth according to

E;  [Aromc; 14 12]) = aFREE; [Ajpmc; 14 12)]

( FIRE) pann fCann Z — Kanm) pann] ! A1pmc; ;190 (13)
=0

Note that realized cost growth in the future is the rational expectation of future cost growth plus

the realization of future shocks occurring after period ¢ and up to period ¢ + 12:

FIRE
Apme; 12 = By [Apmcisy1o] + €01 r410- (14)

Plugging the rational expectations relationship (14) into (13) and absorbing most lags of cost

growth into the error term, we have the regression equation

FIRE FIRE \ ~ann f~ann
E;; [Apmcisi1p]) =« Aome ey 1p + (1 -« )P K*™ Apme; ¢

+ (1 o [XFIRE) ﬁannlaann [(1 _ ICann) ﬁann] A12mci,t712 + €, (15)
where

€y = aFIREeﬂl}rI% s (1 _ DCFIRE) pann gann Z [(1- o) ﬁam}gAlszi,t—lzé- (16)
(=2

30 Additionally, if the shock is not an AR(1), the model becomes more complicated.
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Endogeneity. Future cost growth Ajpymc;;y1o is correlated with eﬂlﬁt 112, the shocks that have

occurred between period t 4 1 and period t + 12. So we need an instrument for Ajpymc; ;1. Note

that, because Ajomc;; and Ajpmc;; 17 are known at time ¢, they are uncorrelated with the FIRE

FIRE
it+1,4+12°

Further, marginal cost growth may be autocorrelated, meaning regressors may also be corre-

component of the error, €

lated with the lagged cost components of €;;. However, Table 1 showed autocorrelation of cost
growth was very low at an annual frequency. Further, we can assess how much our estimates
change when including additional lags of cost growth in our estimation. Appendix B.4 shows that
our calibration does not meaningfully change when we include another lag of historical marginal

cost growth, and the coefficients on this additional lag are small and statistically insignificant.

Instruments and Relevance. Following the above requirements for the exclusion restriction, we
need a series from periods t — ¢, with £ > 0, that meaningfully affects Ajomc; ;1 12. Note that we do
not need to causally identify the effect of a shock on Ajpmc; s, 12; the instrument merely needs to
be relevant for future costs and not include information after period t. Our baseline calibration in-
struments future cost growth with average current cost growth in the BIE. In addition, we interact
this time series with a firm level indicator, thereby using a firm’s loading on macroeconomic cost
variation to forecast its costs. We include firms with at least 48 observations. We also test whether
our results are robust to other instruments: firm-level indicators interacted with (1) twelve-month
CPl inflation and (2) Nakamura and Steinsson (2018) monetary policy shocks.

Using cross-sectional instruments helps us to deal with weak instruments issues common to
this setting.>! Our first-stage gives large Kleibergen Paap F-statistics. We also check that our
results are similar under limited information maximum likelihood (LIML) estimation and increas-
ing the threshold for the minimum observations per firm.>> We also show our results are robust

to using sectoral, instead of firm-level, loadings.

Regression equations. As in our reduced-form analysis above, we will also include firm fixed
effects in our regressions. Firms have different steady state levels of cost growth, and this is not
a difference that our model seeks to explain. Further, we will include time fixed effects to isolate
how our time series instruments with firm-level loadings induce differential responses of costs
across firms. As a result, we do not need good predictions of future aggregates for instrument
relevance.

The final form of our calibration second stage is therefore

E;¢ [A12mCipr12] = i + Ar + B1Aramei + BaAiomcip—12 + B3A1omciri10 + €it, (17)

31Gee Mavroeidis, Plagborg-Maller and Stock (2014) for discussion of weak instruments in the estimation of New
Keynesian Phillips curves. Gagliardone, Gertler, Lenzu and Tielens (2023) is a recent example using panel variation to
generate sufficiently powerful instruments to explore pricing.

32As in Nakamura and Steinsson (2014), we use LIML to address the use of many instruments. LIML is thought to
be more robust to instrument weakness than 2SLS (see, e.g. Chao and Swanson (2005) and Stock and Yogo (2005)).
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with ,Bl — (1 _ (xFIRE) pann]@ann, ﬂ’Z — (1 _ (xFIRE) ﬁannléann (1 _ ’Cann) ﬁann’ and ﬁ3 — DCFIRE. The
parameters are exactly identified in a regression of beliefs on these three marginal cost growth
objects, though they need to be computed from the regression coefficients. Unlike the other two

FIRE

parameters, the parameter a" " can be read directly from the 3.

The first stage is the panel local projection
AomCipy1o = pi + A+ nize + 62 Xir + vit, (18)

where z; is our instrument, and Xj; are the exogenous second-stage regressors Ajpmc; ; and Ajpmc; ¢—15.

Parameter estimates are constructed from the regression coefficients as determined above, and
standard errors are constructed via the delta method. We use Driscoll and Kraay (1998) standard
errors with bandwidth 12.33 The results are shown in Table 3.

Results Discussion. We reject the hypothesis of full-information rational expectations, in which
we would expect to find the coefficient on future cost growth to be one (a/'RE = 1) and the coeffi-
cients on recent and lagged cost growth to be zero. Instead, across all instruments and 2SLS and
LIML estimation, we find that future cost growth and realized cost growth over the last year are
about equally important for firms’ beliefs about cost growth over the next year. Further, though
cost growth from more than a year ago is not very important for beliefs, firms do use this in-
formation in forming beliefs. In terms of model parameters, these findings translate into firms
extrapolating from the perceived persistent component of recent cost growth, formalized by a sta-
tistically significant p”"" > 0, and using information from more than a year ago, formalized by a
statistically significant K" < 1.

While we explore the implications of these results more formally when we turn to pricing and
optimal monetary policy, it is clear that these beliefs entail less rational anticipation than FIRE
and more embedding of historical cost changes into beliefs. For example, even when the rational
expectation predicts cost growth to return to normal levels in the next year, recent and historical
cost growth above the norm will lead firms to expect elevated cost growth in the future.

While we estimate a'RF here across multiple shocks, finding consistent results (and below we
show our calibration is consistent with the oil response in Fact 5), we are not claiming that «FIRE
must be identical for all shocks.>* Instead, we emphasize substantial myopia on average and for
typical macroeconomic shocks. Moreover, our emphasis in this paper is on the importance of the
Adaptive Learning channel, with FIRE beliefs acting as a control and quantitative addition to the
model.

33Recall that we have monthly data on twelve-month changes, which typically induces a mechanical MA(12) error
process.

34For example, a labor-intensive firm may be much more responsive in predicting the effect on their future costs of a
pre-announced change in the minimum wage next month.
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Table 3: Annual Calibration

Panel A: 2SLS estimates

E; ¢ [A1omc;112]

Regression  Ajpmc;, 0.236*** 0.243*** 0.236***
Estimates (0.022) (0.021) (0.020)
Apmce; ;19 0.040*** 0.034** 0.039***
(0.015) (0.015) (0.015)
A1pmc; 1112 0.2517*** 0.200*** 0.246***
(0.043) (0.036) (0.059)
Implied oaFIRE 0.251 0.200 0.246
Parameters (0.043) (0.036) (0.059)
Kann 0.650 0.687 0.654
(0.105) (0.112) (0.098)
o 0.484 0.442 0.479
(0.059) (0.058) (0.065)
Instrument Av. Costs x Firm id CPI x Firm id NS x Firm id
Min obs per firm 4 years 4 years 4 years
Observations 8762 8762 8762
Kleibergen Paap F stat 4356 4258 3143
Panel B: LIML estimates
E;; [A12mc;fi12]
Regression Ajpmc;; 0.296*** 0.2927%** 0.278***
Estimates (0.030) (0.031) (0.025)
Apmc; ;1 0.022 0.026 0.042*
(0.017) (0.018) (0.022)
A1pomc; ;112 0.093 0.127 0.245*
(0.171) (0.148) (0.127)
Implied oFIRE 0.093 0.127 0.245
Parameters (0.171) (0.148) (0.127)
Kann 0.814 0.787 0.709
(0.121) (0.125) (0.107)
o 0.401 0.425 0.518
(0.086) (0.082) (0.113)
Instrument Av. Costs x Firm id CPI x Firm id NS x Firm id
Min obs per firm 6 years 6 years 6 years
Observations 6691 6691 6691
Kleibergen Paap F stat 740 1233 318

Note: *p<0.10, **p<0.05, ***p<0.01. All regressions include Firm and Time fixed effects. Driscoll Kraay standard

errors with bandwidth 12.
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Time fixed effects. Because our calibration regression includes time fixed effects, we identify

(XFIRE

using cross-sectional variation in costs and cost beliefs.>> While the cost belief outcome is
therefore stripped of its common component, we still learn how firms forecast aggregate com-
ponents of cost growth, since these beliefs are not constant across firms.>® Additionally, since our
instruments are not idiosyncratic shocks, but firm-specific loadings on aggregate shocks, we ar-

gue that our aF'RE

speaks to the belief reaction to aggregate shocks. For example, many rational
inattention models find that firms should pay more attention to firm-specific conditions than ag-
gregate conditions, making it unlikely that firms would under-appreciate how relevant a shock is
for them and yet understand how relevant the shock is for the economy in the aggregate.

Other evidence supports the view that afRE

is not substantially higher for the common com-
ponent of aggregate shocks in particular. First, the broader literature on firms’ beliefs about ag-
gregates reveals substantial mistakes, with firms not knowing current and past CPI and making
predictable forecast errors about future CPI — over-reacting to micro news and under-reacting to
macro news (Kumar et al. (2015), Andrade et al. (2022), Born et al. (2022)). Second, our experi-
ment in Section 3.4 below shows that the average perceived relevance of CPI to a firms’ costs (in

FIRE

absolute, not relative, terms) is low; and the « estimate from this experiment aligns with our

calibration.

Robustness. Recall our motivating Figure 1 in the introduction, where we showed the poten-
tially strong explanatory power of current costs for beliefs in the time series. In Appendix B.6,
we show that our calibrated beliefs model provides a good fit to unconditional average beliefs
over time across all the sectors in our data. In Appendix B.7, we show that our calibrated model
provides a much closer fit than FIRE to the empirical behavior of beliefs seen in Fact 5, generating
them as an untargeted moment.

In Appendix Table B.5, we show that our results are robust to the use of sector-level loadings
instead of firm-level loadings. With only 14 sectors, this regression uses many fewer instruments.
And in this case, we can include all firms in the BIE sample, including firms present only for a short
period of time. In Appendix Table B.6, we show that our 2SLS estimates are robust to increasing
the threshold to drop firms that were not present in the BIE for at least 72 months — these results

are estimated on the same sample as the LIML results in Panel B of Table 3.

Quarterly Calibration. In Appendix B.5, we show how the annual calibration can be mapped to
a quarterly calibration, which we use in our model. As is typical, this approach essentially entails
taking fractional powers of the annual coefficients. The implied quarterly calibration, which we

3E‘Formally, variables are residualized with respect to their common components, so no variation would be left if all
firms’ variables moved in the same way.

36We showed this for CPI in Appendix A.8, and this echoes similar results in Andrade et al. (2022) and Albagli et al.
(2022).
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use below, is

ofRE =025  5=08, K=022

A key contribution of our paper is to empirically characterize firms” beliefs. We are now in a

position to state our calibrated beliefs model in full for the quarterly calibration.

Result 1. Firm i’s forecast of its own future nominal marginal cost growth is given by the equation

E;; [Amc;sir] = 0.25 x E; [Amc;s1.] +0.16 x 0.827 x Z 0.64[’Amci,t_g (19)
(=0

3.3 Why do firms over-react to their own costs?

Fact 2 showed that firms believed cost growth was more persistent than it truly was over our sample
period. We argue below that such behavior is consistent with an adaptive learning model (as in
Evans and Honkapohja (2001)) in which firms learn about cost persistence sufficiently slowly,
because cost growth was more persistent historically. Therefore, our model can be thought of as a
mis-specified adaptive learning model, under the limiting approximation of no learning, which is
highly accurate at business cycle frequencies.

Consider a model corresponding to that in Section 3.1 but with &;, = 0 and cast in annual time.

So the perceived law of motion for costs is

Appmc;y = a; + 077" Aomcip 12 + &t (20)

We suppose that each firm updates the perceived cost persistence, 577", as new data comes in,

under constant gain learning at rate 7.%’

In order to evaluate learning over a longer horizon, we exploit the tight relationship between
aggregate unit cost growth in the BIE and the GDP deflator over our sample period (as we show
in Figure A.2). We leverage this relationship to simulate cost series back to 1949.% Given this
simulated data and a gain parameter, -y, we can compute what the learning model predicts for
p;" at each point in time in (20).

Over our sample period in the BIE, as shown in Table 1, we estimated a constant p*™ of 0.36.
We can generate this belief in a constant-gain learning model when 7 is 0.01 quarterly, i.e. if
firms update just 1% of their beliefs each quarter. Even though true cost persistence post-2011

was much below 0.36, this belief is generated because of the historically higher persistence of cost

37Least squares learning is captured by the standard recursive least squares formulas

1.4 1
Bt = Bi—1+ ;Rt Xt (ye — xiBi-1) Rt =Ry_1+ n (xexp — Ri—1),
whereas constant gain learning replaces the % terms with a constant gain, 7. In our setting x; is a vector containing 1

and AlZmCi,t712/ and Yr = AlZmCi,t'
38For more details, see Appendix B.8.
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growth, proxied by the GDP deflator. This very slow learning is not out of line with estimates in

the learning literature.?”

3.4 Why do firms under-react to public signals?

In this section, we argue that a major reason that firms fail to incorporate public signals into their
beliefs is a failure of rational expectations (RE), not purely a failure of full-information (FI). It is
not simply that firms do not know about these signals, but that they do not know what to do with
them. Given Fact 2, this suggests failures of RE both in how firms learn from their own costs and
also from more aggregate information.

To establish this, we run a Special Question in the Atlanta Fed’s Business Inflation Expecta-
tions (BIE) survey. This approach also provides us with a plausible upper bound on afRE that
independently corroborates our estimate above. Finally, this exercise re-asserts the importance of

studying firms” own-cost beliefs, as we find a substantial disconnect between these beliefs and
CPI beliefs.

The survey question. In the May 2025 BIE survey, we first asked firms to report

¢ their expectations for their own cost growth over the next year, lEEfe [Amc; 412]

¢ their expectation for CPI inflation over the next year, ]Ege [ntcfllﬁ

We then tell all firms the latest Blue Chip forecast (from April 2025) for inflation over the next year.
We then ask firms, in light of this, to report

e their updated forecast for their own costs, IEffSt [Amc; 1412]

e their updated forecast for CPI, EPOSt [ 7CPI ]

it [”t+1z

The exact wording of the questions is shown in Appendix B.9. The own-cost responses are given
by assigning weight to bins (as is standard in the BIE survey, and as discussed in Section 2.1),
whereas we elicit point estimates for the CPI forecasts. To prevent a mechanical bias against RE,
we ex-post truncate the CPI estimate to the range [—2%, +6%]; our results will also demonstrate

robustness to this truncation assumption.

Own-cost beliefs are disconnected from CPI beliefs. Denote the change in CPI beliefs, from

before to after the information treatment, by

~[_cpr | — post [_cpI pre [_CPI
dE; [ﬂtﬂz} =E;, [”tﬂz} —E;, [”tﬂz}

% Eusepi and Preston (2011) for example estimate a gain of 0.002; though they note a more typical range in the
literature is 0.007-0.05. Farmer, Nakamura and Steinsson (2024) show Bayesian learning about parameters may also be
very slow.

25



Table 4: Effect of a change in CPI beliefs on own cost beliefs

Change in own-cost forecast, dE; ; [A1omc; ¢+17]
Main result  No truncation  Extensive margin

dE,; ;T 0.15" 0.09"
(0.08) (0.05)
1 {Changed CPI forecast} 0.27***
(0.05)
Observations 349 349 349

Note: *p<0.10, **p<0.05, ***p<0.01. Robust standard errors.

and the change in own-cost beliefs by

dE; ¢ [Amcipi12] = IEE,?St [Ame; 1 12] — BYS [Amei 1]

We estimate the regression
. ) _ Experiment ) CPI )
dE,; ; [Amc; 1412] = constant + B dE;; |7t 10| + U

The results are shown in Table 4. We find a slope coefficient of 0.15: a 1 percentage point
increase in the forecast for CPI over the next year induces only a 0.15 percentage point increase in
the forecast for own-cost growth over the next year. We carry out two robustness exercises. First,
we show the result where we do not truncate the CPI responses. Second, we show the results
for the extensive margin only: we ask how much a firm updating its CPI forecast increases the
probability that firm updates its own-cost forecast. We continue to find small effects.

We noted above that the literature has focused on firms’ CPI beliefs, and we showed that own-
cost beliefs have dynamics that are not captured by CPI beliefs. Here we reinforce that point: if
some news (e.g. an information treatment) is found to affect CPI beliefs substantially, this may
still have almost no effect on a firm’s forecast of its own costs. In a standard pricing model, this

would imply very limited effects on pricing, and so inflation.*"

Failure of rational expectations. We now transform the estimate above into a quantitative mea-
sure of the deviation from rational expectations. Suppose that year-on-year cost growth is given
by

A1amCis = PigioA12mCis 12 + Yeprapy + € (21)

40In a model with strategic complementarity in price setting, beliefs beyond a firm’s own costs are relevant; but it is
still important to understand how much own-cost beliefs are moved as distinct from beliefs about competitors’ prices.
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We allow firms to have limited information and to hold incorrect beliefs about the passthrough of
each term into costs, so that beliefs are

3 . CPI
E;; [A1ome; ;110 = PidioA1ome;; + PcpilE; s [A12Pt+12}

Let Ycp; = DCREIIJCPI so that aRE captures how much of the true effect of CPI on own costs is
understood by the firm. Our experiment estimated cp; ~ 0.15. We now estimate the true cp;
using (21). As this is essentially a time series regression, and the BIE sample only begins in October
2011, we instead take the integral over (21) and use the year-on-year change in the GDP deflator
in place of [ Ajomc;;i1pdi. As we saw in Figure A.2 above, this measure provides a very close
tit over the BIE sample period. The results from this exercise are shown in Appendix B.10. We
estimate p;qi, = 0.17 and ¢cp; = 0.67, suggesting aRF ~ 0.22.

We can also use this framework to decompose our a!'RE

estimate from Section 3.2. Suppose
there is some news about CPI inflation over the next year (with no effect on current costs), denoted
stCPI. We can decompose the effect of this on a firm’s cost forecast into a failure of full-information

and a failure of rational expectations, times the FIRE forecast,

FIRE
dE; [Apmcisi10] AFL. RE AE; [Apme o]
CPT = CPT

ds; ds;

— 4FIRE

dE; [A CPI ] d]EFIRE [A CPI ]
FI — it|B12P 12 t 12Pfi12
where o™ = PR / PR

beliefs, compared to under FIRE.*! We take two implications from this. First, if afl < 1, our w

captures how much of the news is incorporated into CPI
RE
estimate represents an upper bound estimate for a"®E. Second, taking both estimates together
suggests that a large portion of the deviation from FIRE is explained by a failure of rational ex-
pectations, rather than of full-information. Clearly, however, there are failures of full-information

too: the very fact our information treatment moved CPI beliefs tells us so.

4 Implications for the Phillips Curve

In this section, we incorporate our calibrated beliefs into a Calvo pricing model. We characterize
theoretically how nominal marginal cost shocks affect prices. We compare these effects to those
generated by full-information rational expectations (FIRE) and alternative models of expectations
formation in the literature. Moving to general equilibrium, we derive the New Keynesian Phillips
curve in our model and show it is less forward-looking but features higher passthrough relative to
FIRE. In the special case of completely Adaptive Learning (a'™8E = (), our NKPC collapses to the
traditional Friedman-Phelps adaptive expectations Phillips curve but with less inertia. Finally, we
provide an empirical test of our findings, first following the methodology in Hazell et al. (2022)

4150 af! could also reflect RE mistakes in mapping the news about CPI into CPI beliefs; our focus is to distinguish
frictions in learning about aggregates (here, af') and frictions in mapping beliefs about these aggregates into variables
of direct interest to the firm (here, aRE).
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and second using sectoral price and cost data.

4.1 Pricing under Adaptive Learning

Assume a standard Calvo sticky pricing model under monopolistic competition and with constant
returns to scale. Firms are able to reset prices each period with probability 1 — 8,, and the elasticity
of substitution between varieties is o > 1.

Theorem 1. To first order around a zero inflation steady state, the overall price level is
pr = 0ppi—1+ (1-6,) oFIRE (* FIRE | (1-6,) (1 _ “FIRE) prAL 22)

in log deviations from steady state. The FIRE optimal reset price is the standard expression

o]

piTRE = (1-p6,) ). (BOp) " Et [mcri], (23)
=0
and the Adaptive Learning optimal reset price is
. oKk & o <10
pt,AL = me; + 1'3 ‘09~ Y [(1=K)p] Amey_y. (24)
— PP (=

Proof. Under Calvo updating, the log-linearized aggregate price evolvesas p; = (1 —6,) [ p;di+
0pp:i—1. Firm i’s optimal reset price is given by p;, = (1 — p8) L3¢ (B6)" E; [mc; ;] Substituting
in the marginal cost beliefs in (10), (11), and (12), we obtain the result. O

Theorem 1 implies that, for aggregate implications, our model is equivalent to a two-agent
model, in which some firms are fully FIRE, and some are fully adaptive learners. We also see
that the optimal reset price under Adaptive Learning features no true anticipation; firms forecast
the future but do so only with past costs. Prices will therefore over-react (relative to FIRE) to
transitory shocks and under-react to persistent shocks, since both affect costs today, but persistent
shocks affect the future more. This intuition is formalized in Theorem 2. Finally, we see how

inertia in beliefs translates into pricing: prices will be high when past nominal cost growth was
high.

Theorem 2. Consider an AR(1) shock to nominal marginal cost growth, with true persistence p,
Amcy = pAmcy_q, Amcy =1

The on impact price response is greater in our model than under FIRE if and only if

~ Y
0= U= pbyp) K + oy 2
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Under no backward lookingness, K = 1, prices are higher than under FIRE exactly when the perceived
persistence is too high, p > p,

t+1 t+1
P - Gp

FIRE (1 _ leIRE) ( (1 — 910) oy (p—p)

pr = piIRE + ~
e 1—p0pp) (1—Boyp) P — 6y

>0

When the perceived persistence is correct, p = p, prices are always lower than under FIRE, if there is any
degree of backward lookingness, K < 1,

_ _FIRE _ (4 _ FIRE (1_917)59!79((1_I€)p)t+l_9;ﬂ 7
e O e B e STEUA

>0

Proof. The proof to Theorem 2 is in Appendix C.2 below. O

Theorem 2 shows that, under our model of beliefs, macroeconomic shocks may be either
under- or over-reacted to depending on the persistence of the cost growth they generate. K < 1
captures the key story at the heart of noisy information models: firms learn slowly about shocks,
and so under-react. This dampening force is over-turned when the perceived persistence of cost
growth sufficiently exceeds the true persistence. Theorem 2 formalizes the cutoff at which these

forces balance on impact.*?

4.1.1 Comparing to other models of beliefs
We now introduce four alternative theories of expectation formation and compare the models’
predictions for pricing.

OMR of learn-

Mankiw and Reis (2002) In this model, every period each firm has a probability
ing about the current state of the economy, while other firms continue to base their pricing on
information from the last time they were informed. So,

E; [mcit 1] with probability 1 — gMR

MR
E;}" [mepy ] = EMR

MR [meic]  with probability 6™}

Carroll, Crawley, Slacalek, Tokuoka and White (2020) In the Mankiw-Reis model, firms may
not be up-to-date on macroeconomic information; but they might also not know their current

costs. In the spirit of a sticky expectations model, we allow firms to know their current costs

42Getting B = 0.99 and 0y = 0.9, and using the calibration for ¢ and K from Section 3.2, Theorem 2 implies that the
on impact response is equal under FIRE and our calibrated model when p = 0.42.

29



perfectly, even as their forecasts for future costs might be based on out-of-date information.

mc; ift=0
IElsIf [mcti o] = { Ey [mcy o] with probability 1 — 65E if T >0

]E?/El [mcsi-] with probability 65, if T > 0

Gabaix (2020) In the cognitive discounting model, we suppose that firms attenuate the FIRE
forecast for their future costs towards some default. In order to allow the level of nominal costs to
permanently move, we follow Gabaix (2020) in applying the myopia to deviations of costs from

current prices,*?

T
IElctD (et — pi] = (mCD) E; [mci o — pi
Bordalo et al. (2018) We follow the formulation of diagnostic expectations that
EPF [mei o] = By [me o] 4 6°F (B [mejpp o] — Ep1 [mej <))

The central idea is that firms over-react to surprises about their marginal costs.

Comparing our model to other behavioral models. To calibrate these behavioral models at

C

quarterly frequency, we set MR = 65€ = ;P = 0.9 and 6PF = 1. For our model we use the

FIRE 5 and K from Section 3.2. In Figure 6, we plot the response of in-

quarterly calibration of a
flation to a 1 percentage point, permanent increase in nominal marginal costs at date 0 (in the
left-hand panel) and at date 10 (in the right-hand panel). Since the nominal marginal costs are
given, the integral over inflation paths must sum to the same amount under all the models; the
differences are entirely about timing. In Appendix D.1, we show the long run of the price level
under all the beliefs models is indeed the same. Relative to FIRE, our model generates faster
passthrough when the shock is immediate, as do diagnostic expectations, whereas the other three
(“dampening”) models suggest very slow passthrough to prices. By contrast, when the shock is
in the future, our model implies the least anticipation, followed by strong passthrough once costs
start moving. Overall, we agree with different elements of both these groups of theories. Once
costs move, we argue that beliefs (and so prices) will adjust quickly and may over-react. How-
ever, we also agree with the “dampening” theories that prior to costs moving, there will be little
reaction.

4.2 The New Keynesian Phillips curve

In Theorem 3, we derive the New Keynesian Phillips curve in our model: how real marginal costs

drive inflation.

43This leads to the same NKPC as derived in Gabaix (2020).
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Figure 6: Inflation response to 1pp permanent change in nominal marginal costs at date s

Shock date: s=0 Shock date: s =10
0.18 A 0.14
FIRE
0.16 - —— Calibrated 0.12 1
—— Mankiw Reis '
0.14 - —— Sticky Expectations
C . 0.10 A
—— Cog. Disc.
0.121 —— Diagnostic
0.08 1
0.10

0.08 A 0.06 A
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0.04
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Note: Impulse response of inflation to a permanent rise in nominal marginal costs under six models. Calibrated is our model with
aFRE 5 and K calibrated as in Section 3.2

Theorem 3 (New Keynesian Phillips Curve.). The New Keynesian Phillips curve in our model takes the
form

(1—pobp) (1-%) « 1-5
ep( ) Y (BS)"E; [meflr] T el + wy - by (26)
=0

Ty =

where the average belief of the persistent component of own costs, by = [ lEf‘tL [Amcﬁ t} di, depends on past

nominal marginal cost growth
by = KAme; + (1 — K) pby—q (27)
and the weight placed on this belief term is

_ (1—6p) Bt
wp = (1 - ocHRE> 51T —Boer) (28)

The additional discounting of the future is captured by the term

6 = afRE 4 (1— %) 6 (1 - (1(1__9’;)95 g )’C (1- g)) (29)

We see that both wy, and 6 depend on (, which is a more complicated term that satisfies { = E
giving a fixed point.

The proof to Theorem 3 is in Appendix C.3 below. We can build the intuition for this NKPC by

exploring each of these three terms:

(1) Future marginal costs are discounted more quickly. The first term corresponds to a stan-
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dard FIRE NKPC but with additional discounting, §, given by (29).* Since § € [0, 1], suffi-
ciently distant shocks are always less important relative to FIRE.

(2) There is higher inflation passthrough on impact. Since % > 0, the second term shows

that current real marginal costs are given an outsized importance. This is because firms can

perfectly observe their own current costs.

(3) High past cost growth acts like an inflationary cost-push shock. The average belief in the
persistent cost component, by, satisfies the recursion (27), and so depends positively on the
history of average nominal marginal cost growth.*> The weight on this backward looking
term is wy, and this is always positive.

The standard NKPC is recovered immediately by setting aFIRE. — 1 and with the standard
proportional relationship between real marginal costs and the output gap. In Appendix D.2, we
plot the jacobian of the NKPC: the response of inflation at date t to a real marginal cost shock at
date s, announced at date 0, and compare it to the NKPC under other models. We again find our
model features particularly weak anticipation, but strong passthrough on impact. In our calibra-

tion, there are limited lasting effects of real marginal costs today on future inflation.

4.2.1 The Adaptive Expectations Phillips curve

The NKPC derived in Theorem 3 has a slightly non-standard form, in that the beliefs term depends

on nominal costs. We can more fully solve out the NKPC in the special case where firms are fully

FIRE

Adaptive Learners, i.e. « = 0. In this case, we can write our NKPC as a function of current

real marginal costs and the history of inflation,

ke 4
7 = kA mefeal 4 it Z (AAL) ¢ (30)
=1
M((l*}@)ﬁ —0 > 1-0 N
op \ T-AM P L (1-K)p+M
where Al = ﬁ (159[’ —I—M), wplt = fap—~~, and AAL = "I’L)P—)p, and M =
! o (1-K)pr M L
1-6,)BoK . . 1s . 1s . . . . .
((1;25;) is a multiplier term. This Phillips curve is derived with only a persistent and transi-
—PYp

tory cost component (though it nests the case of a permanent and transitory cost component). In
Appendix C.5, we show that if firms are informed about permanent shocks, (30) characterizes the
path of inflation around the long-run level of inflation.*®

The functional form of (30) matches the “Friedman-Phelps” adaptive-expectations Phillips

curve, derived in Appendix C.4. We provide a modern microfoundation for this Phillips curve:

#Gee that with § = 1, this first term collapses to the FIRE NKPC: 7} RE = % Yoo BTE; {mcgjfﬂ .

45We can also solve out the NKPC to depend only on current and future real marginal costs and b;_1, to emphasize
the role of beliefs as a state variable.

46In Appendix D.3, we show that if firms learn about permanent cost shock by observing their past costs, this results
in the same long-run inflation-output trade off as under FIRE. Such a model also generates a larger weight on the sum
of the past inflation terms, though each individual weight may remain small.
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our firms optimally set prices subject to a nominal friction, and form beliefs according to an em-
pirically motivated model of individual beliefs. An important implications of this is that the coef-
ficients on current real marginal costs and past inflation depend on underlying structural param-
eters.

In particular, we can show that as the frequency of price adjustment rises (6p falls), the Phillips

. . . 0 .
«AL rises) and more inertial (wﬁ‘L Yoo (/\AL) rises).

curve becomes steeper (
In the post-2010s United States, we have estimates for the parameters. Using our calibration

from Section 3.2, B = 0.99 and 6, = 0.75, we obtain

M ~05 w00, At =07

FIRE

So we predict larger passthrough than under FIRE (x ~ 0.1). We also predict no inflation

inertia.

4.3 Testing the NKPC in pricing data

Our calibrated NKPC is steeper and less forward-looking than the FIRE NKPC. At the same time,
it has much less inertia than the traditional Adaptive Expectations Phillips curve. Each of the
following subsections assesses a subset of these predictions in pricing data. In Section 4.3.1, we
recall the result in Hazell et al. (2022) (hereafter, HHNS) that the Phillips curve slope is much
steeper (and in fact consistent with our calibration) when estimated under a null of no forward-
lookingness. Next, we use the HHNS framework to estimate an Adaptive Expectations Phillips
curve and find little inertia.

The degree of forward-lookingness in the NKPC is central to interpreting the results in HHNS.
Section 4.3.2 proposes a new approach to estimating forward-lookingness directly in sectoral price
and cost data. We show that primitive sectoral NKPCs exhibit very little forward-lookingness and
are steeper than under FIRE, both of which are suggested by our model.

4.3.1 Estimating an Adaptive Expectations Phillips curve using Hazell, Herrefio, Nakamura
and Steinsson (2022)

HHNS develop an instrumental variables approach to estimate the NKPC in state-level data. We
start by using their approach to estimate the Adaptive Expectations Phillips curve (AEPC) in (30).
As we have merely changed the regression equation but used the same instruments as HHNS, we
leave the details in Appendix E.1. We find, perhaps surprisingly, that the slope of the AEPC is
quite high — consistent with the slope in our calibrated model — and that there is limited inertia.
We discuss these results in turn.

Our calibration suggests essentially no inertia in the Phillips curve, at least over the BIE sample
period starting in 2011. But the degree of inertia in our model varies with key model parameters:
the frequency of price adjustment, the perceived persistence of costs, the speed of belief updating.
In Appendix E.1, we split the HHNS sample at the year 1990 and find inertia only in the pre-1990

33



sample, with no inflation inertia post-1990. The lack of inflation inertia post 1990 is consistent with
our calibrated model, and our model further suggests that the decline in the frequency of price
adjustment over this period (see Nakamura, Steinsson, Sun and Villar (2018)) could help explain
the decline in inertia over time.

The surprisingly steep slope we estimated is already discussed in HHNS'’s original work.
HHNS identify the slope of the NKPC in a regression of inflation on a discounted sum of fu-
ture unemployment rates. The authors discuss how the estimated slope is highly sensitive to the
choice of discount factor when computing the unemployment rate regressor; higher discount rates
(i.e. less forward lookingness) yield higher slope estimates. HHNS do not estimate the degree of
forward-lookingness, and under substantial myopia, their results are consistent with those in this
paper. The next subsection provides further empirical evidence on limited forward-lookingness —

FIRE

beyond our low estimate of « in survey data.?’

4.3.2 Estimating the Phillips curve in sectoral data

In this section, we empirically test whether firms’ prices respond more to contemporaneous marginal
costs and less to expected future marginal costs than they should under FIRE. Using data from the
BEA and the BLS, we can construct quarterly changes in marginal costs net of changes in TFP. We
denote these observed changes in marginal cost as

Anicy = Amcy + Aay = sipAwy + (1 — Sirs) APins 1

where s;1; is the labor share of gross output in industry i in year ¢, (1 — ;1) is the intermediate
input share, Aw; is the change in the log wage, and Ap;,;; is the change in the industry’s log
intermediate input price index. All information except the wage is obtained from the BEA, and
the wage is obtained from the BLS’s employment cost index.*® Our sample period covers 2005 Q1
(when the BEA starts publishing this quarterly data) through 2023 Q4.

To derive our estimating equation and determine the relevant assumptions for our instru-
ments, we start with the null hypothesis that the Calvo model under FIRE pricing is correct at
the industry level. We then use a primitive Phillips curve at the sectoral level from Rubbo (2023).

Defining
(1—6ip)(1— BOip)
1—poi,(1—-6;)

b = 3(01,,P) =

we have
iy = Oi(mciy — pir—1) + B(1 — 8i)E¢mti 1.

47Forward-lookingness is difficult to test in HHNS's framework because it would require an additional instrument
meeting F-stat requirements for predicting state-level recessions at least one quarter in advance.

48While the BEA publishes a price index for value added by industry, this series is a residual constructed from the
measured price indices for gross output from which we will construct sectoral inflation and the industry’s measured
intermediate input price index.

“The limit on the end of the sample comes from the labor shares, which are published annually.
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As in our beliefs calibration, we will use the fact that realized inflation next period is the rational
expectation plus shocks that occurred since period ¢:

Titr1 = Eimtipy + ef{ff
Further, we will incorporate that we only observe changes in marginal cost net of changes in TFP,
requiring us to add TFP to the error term and include industry fixed effects (since we observe
changes rather than levels). The altered equation is

Tt = o + 6;(mciy — pip—1) + P(1 — 6;) i pi1 + €t

eir = —biair — P(1— &)el i1

Now, we will run this regression with regressors incorporating measured industry heterogeneity
in frequencies of price adjustment from Pasten, Schoenle and Weber (2020). We set B = 0.99

quarterly. Formally, we will run
Ty = & + blxi,lmpact,t + bei,Future,t + €it,

with X; jupactt = 6;(mci — pip—1) and X; rupurer = B(1 — ;) 7; 141 If the Calvo model under FIRE is
correct, we should find by = b, = 1.

Because contemporaneous TFP enters the error term, and because future inflation is correlated
with at least the future shock component of the error term, we require instruments for both re-
gressors and cannot run OLS. We will use the Kanzig (2021) shocks from periods t and t — 1 as the
instruments. This automatically handles the FIRE component of the error term, since the shock is
known in period t. We also believe high frequency movements in oil futures around OPEC an-
nouncements are unlikely to be correlated with domestic sectoral TFP. To ensure this is the case,
we also exclude two sectors from our sample, (1) oil and gas extraction and (2) petroleum and coal
products. We assess whether our instruments are weak by using the Sanderson and Windmeijer
(2016) conditional F-statistic for each endogenous variable.

The results are shown in Table 5. We use Driscoll Kraay standard errors with bandwidth three
quarters. We can reject both by = 1 and b, = 1, which would be consistent with the Calvo
model under FIRE. Instead, prices appear to be much less forward-looking than under FIRE, and
contemporaneous pass-through is higher. Both of these rejections of the Calvo model under FIRE
beliefs are consistent with our alternative model of beliefs.

5 Aggregate implications of Adaptive Learning

5.1 Supply and Demand shocks in a Simple New Keynesian model

We start with a simple macroeconomic model. This corresponds to the “basic New Keynesian
model” in Gali (2015) in the special case of constant returns to scale, but with the addition of
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Table 5: Inflation and FIRE NKPC

Dependent variable:

Tt

B(1 —6;)E; 741 —0.249

(0.344)
di(mceiy — pip—1) 1.960***

(0.377)
Model 2SLS
Instruments (DK¢, DK;—1)
Conditional F-stat B(1 — &;)E 7t 111 16.68
Conditional F-stat é;(mc;; — pit—1) 19.26
Fixed Effects Industry
Observations 4,736

Note: *p<0.1; **p<0.05; **p<0.01.

sticky wages and assuming a constant real rate monetary rule.

Consumption, and hence output, follows a standard Euler equation
yr = —eis - ry + By (31)
Deviations in the real interest rate are entirely driven by monetary policy shocks,
rp = i;hock (32)

which have persistence pyp: i?hOCk = pMpif}_“iCk + sltv[P. Nominal wages, wy, are set by unions subject
to a Calvo wage setting friction,

1 1
wo__ W = ., .real w
TCt =K <friSChnt + eisyt wt ) + ﬁIEt [nt—O—l] (33)
where y; = a; 4+ n;. Nominal marginal costs are
mcy = wy — a (34)

where TFP has persistence p,: a; = paa;—1 + €. Prices are set subject to a Calvo friction, so that
inflation is

1-6
= —— (pi = ) (35)
p
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Figure 7: Inflation response to supply and demand shocks
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Note: The response of inflation to a TFP shock (left) and to a monetary policy shock (right) under different models of firm beliefs.
Impulse responses normalized to 1 under FIRE. Our model, calibrated in Section 3.2 above, is shown in blue.

where the optimal reset price is

[ee]

pi = (1 - ,3910) Z (,BHP)TIE{ [mcti o] (36)

=0

To close the model, we simply need to specify average firm beliefs, ]E{ .

The model has two shocks: a TFP shock &/ and a monetary policy shock eM’. The essential
feature of this model is that, in the presence of nominal wage rigidity, monetary policy shocks are
slow to propagate into costs, while TFP shocks materialize more quickly in costs. To calibrate the
model we set B = 0.99, frisch = 0.5, eis = 1, 6, = 0.9, and we equate the slopes of the wage and
price Phillips curves, x, = %, = 0.9.

In Figure 7 we show the impulse response of inflation under our calibrated model of firm be-
liefs (in blue), and under FIRE (in orange).”’ In our model, firms “over-react” to the TFP shock,
moving prices very quickly on impact. This is because the shock’s implications for cost growth
are in fact relatively transitory, and firms over-estimate the persistence. On the other hand, firms
under-react to the monetary policy shock. Monetary policy affects costs via wages, so in the pres-
ence of sticky wages, much of the initial response under FIRE is because firms appreciate that
costs will rise in the future. However, our firms on the whole do not adjust their beliefs until their
costs move, and so initially prices move less. While there is a clear difference in inflation timing
shown in the impulse responses across models, the cumulative amount of inflation can also vary.
Intuitively, faster price responses set off a wage price spiral, and so can lead to a larger overall
movement in the price level. The long-run price level is higher under FIRE than our Calibrated
model for demand shocks, but lower for supply shocks.

In Figure 7 we also show the impulse responses under the other models of firm beliefs we

50Qutput is identical across all our models for these shocks due to the real rate rule. In Appendix D.4 we also show
our results if the central bank follows a typical Taylor rule.
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introduced in Section 4.1.1 above. The “dampening” theories generate smaller reactions to both
shocks, while the “amplifying” theory generates larger on impact reactions to both. Our model is
unique in its asymmetric prediction: demand shocks propagate into inflation slower than under
FIRE, but supply shocks propagate faster.

This result is much more general than the simple New Keynesian model we have presented
here and provides an intuition for differential shock passthrough in many cases. In Appendix
D.5, we show how a general production network has essentially the same structure. Upstream
shocks are mediated by the sticky prices of the network, leading them to resemble our demand
shock example. In contrast, downstream shocks can still rapidly affect final-good producing firms’
costs, leading to amplified effects on CPIL In Appendix F below, we also show that our results hold
for supply and demand shocks as estimated in the data.

Nonlinear shock propagation is also amplified by our mechanism. For example, suppose that
small demand shocks lead to limited but also slow responses of costs. However, very large de-
mand shocks lead to shortages along the production network so that, even without any adjust-
ment from wages, costs rapidly start rising. In this scenario, we would argue that while small
demand shocks have a dampened and slowed effect on inflation, large ones have an amplified
and accelerated effect on inflation.

5.1.1 A model with limited-information constrained rational expectations

A central feature driving the differential reaction to supply and demand shocks in our model is
that firms react largely as a function of their costs moving, and that they do not sufficiently vary
this reaction across shocks. We now show that this prediction can also be consistent with a model
of limited-information rational expectations (LIRE) in which firms observe only their own current
and past costs but are otherwise rational. The model will be identical to the one above, but instead
of calibrating the behavior of beliefs, we impose that firms choose the values of § and K implied
by (constrained) rational expectations.

More formally, we consider an economy with only the two shocks above (TFP and monetary
policy) and where firms have Adaptive Learning (AL) beliefs except that § and K are chosen opti-
mally. By restricting beliefs in this way, we do not quite recover LIRE, since the true form of costs
may not have the AR(1) + noise form posited for AL beliefs. We solve the fixed point as follows:
for given g and K, we can simulate the equilibrium under both shocks. We normalize the shock
variances so they each explain an equal share of the variation in inflation. The simulation gener-
ates observational data on cost growth. We suppose that firms use the first three autocovariances
of marginal cost growth to infer g, o, and ¢;.>! From these we can also construct the Kalman
gain K. We iterate until the believed ¢ and K sustain an economy in which these are the values
generated by the simulated data.

51The firm could use other moments of the data, and this would generate different results to the extent that the
believed cost process is incorrect. One alternative would be to model the firm as choosing the parameters that maximise
expected profits under the true probability distribution.
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The results are shown in Figure D.19. We find the same directional asymmetry in shock re-
sponse as in our calibrated model, suggesting that the core intuition of our results holds up in
such a model. However, it is important to note that the similarity is not compelling evidence
that firms are nearly rational, since the simple model presented above (with only its two aggre-
gate shocks) is not sufficiently rich to capture the true range of shocks a fully rational firm would

consider.”?

5.2 How interest rates drive inflation and the forward guidance puzzle

We saw in Figure 7 that monetary policy operates differently in our model than under FIRE. In
Theorem 4, we specifically focus on the effects of forward guidance. To simplify, we compare FIRE
to a model with fully Adaptive Learning, and we make wages flexible.

Theorem 4. Consider the standard New Keynesian model set out in Section 5.1, and with flexible wages.
Suppose that at date 0, the central bank announces that at date h, there will be an interest rate cut. The
effect on inflation at date O, under FIRE, is then

_anFIRE (14 e.is 1— B0, (1 B ,3h+1)
dry, frisch 0y

And under Adaptive Learning,
drmyt eis 1 1-6,
_ = (1
dry, ( +frisch)l—/\/l [ 0y +M}

where M = %. So the power of forward guidance does not grow with the horizon under fully

Adaptive Learning.

Since the contemporaneous slope of the NKPC is steeper in our model than under FIRE, we
find that monetary policy is more effective at stimulating inflation over short horizons under
Adaptive Learning. On the other hand, we find that distant rate decreases have a much smaller
effect on inflation today than under FIRE. In Figure D.20, we quantitatively show the effects of for-
ward guidance when wages are also sticky, and under our fully calibrated beliefs model. In this
case, we see that the forward guidance puzzle is still significantly dampened, with policy more
effect under our beliefs than under FIRE up to four quarters out, but weaker thereafter.

These results are despite the fact that households remain completely rational and forward-
looking in our model.”® Since firms are not themselves very forward-looking, their responsiveness
to future real interest rates is relatively more dependent on how much costs move today. This

520ne notable example is that we have not included highly transitory (perhaps idiosyncratic) shocks here. If these
make up a large share of the variation firms face, then under LIRE, firms may over-react to these and under-react to
both our aggregate shocks. Our finding that firms over-react to own costs already demonstrates that LIRE fails, and is
quantitatively important to match how firms respond to aggregate shocks.

53In particular, given log utility, a 1pp decrease in r leads c; to rise by 1pp for all t < s.
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suggests that when it comes to news about the future, other agents” expectations may be more

important in our model. This intuition is borne out in Theorem 5.

Theorem 5. Consider a standard household Euler equation, but with myopia (see Gabaix (2020))
= —eis-ry + mhh]EtctH

And suppose a one-to-one relationship between demand and real marginal costs. Under fully adaptive
learning, the on impact effect of an announced future change in real interest rates is

d7T64L eiS 1-— 9 hh t
i 1- M ( 8 +M> (")
where M = m. Whereas under FIRE this is
—PY
dn.FIRE (1 . ‘30) (1 . 9) (mhh)t“’l _ ﬁtJrl
0 = —eis
dr; 0 mht — B

Household expectations are less important under FIRE, in the sense that the proportionate effect of making
households less forward-looking on the inflation response is larger when firms are adaptive,

FIRE
drmy d7'[0

dlog 2 dlog =~
dlog (m"h) ~ dlog (m"h)

Theorem 5 formalizes that adaptive learning beliefs act as an amplifier for other agents’ beliefs.
For example, myopia of households is even more detrimental to the power of forward guidance
in our model than under FIRE. Taken together with Theorem 4, the results could suggest a pivotal
role for (highly forward-looking) financial markets in mapping news about future interest rates

into contemporaneous inflation — but only insofar as they can affect firms’ costs today.

5.3 Optimal monetary policy

We now turn to optimal monetary policy. To consider the canonical setting, we allow wages to be

flexible. As labor is the only input to production, real marginal costs are proportional to output:

mc = gy, (37)

where ¢ = L+ L. We break divine coincidence in our model by introducing cost-push shocks.
In particular, we microfound these as markup shocks exactly as in Gali (2015) Chapter 5.2, so that

the log-linearized optimal reset price is
(o]

pir=(1—P0p) Y (B6p) Eis [ispr +meisir (38)

=0
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where ;. are time-varying desired markups. We assume that firms in our model hold FIRE
beliefs about their own desired markups. We also introduce a standard quadratic loss function for
the central bank

Lo=E Y B [+ 09] 39)
=0

Under full-information rational expectations (FIRE), this gives rise to the familiar results. Under

commitment, the optimal policy response to a given shock {y;} satisfies

L%
Eo |70 + FIRE (Yt —y1)| =0 (40)
where xFRE = Mq). And under discretion, optimal policy induces
L%

In Theorem 6, we derive optimal monetary policy under Adaptive Learning.

FIRE

Theorem 6. Under purely Adaptive Learning beliefs (x = 0), optimal monetary policy is the same

under commitment and discretion, and is given by

1-0 o
< p+M)7Tt+(1—M)]/t
0p ¢

= BE; [(1 ; i (1-K)p+ M> M+ (1-K) ﬁzytﬂ] (42)
P

Proof. To get the NKPC with markups in the adaptive learning model, we combine the law of
motion for prices, p; = 0,pi—1 + (1 —6,) p;, the optimal reset price (38), and the belief model in
(10) and (11). This gives

1-6 1-6 ~
T = 1 {[ p—l—/\/l] mcrea — [9 P (1—/C)ﬁ—|—/\/l] mc{eall}
p

1-M\| 6
o 3)
1 (1-86,)(1-p6 )
+1—M( p)e(p B%) (my— (1= K) pmy_q)

where M = (=6, )pek and m; = Y22 (B0y) " Et [pis+<]. Given the objective (39) and this NKPC,

1—=BOpp
the first order conditions are ( . )

1-K)p
At = T + ﬁmﬂzo)\tﬂ
1-6 S~

poo =Moo U P M
t=—1=g yi+ B -y 0A 41

T‘ +M¥9Q GV’ + M
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Figure 8: Optimal inflation and output response to a persistent markup shock
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Note: Impulse responses for inflation, output, and the real interest rate in response to a markup shock. The responses are normalized
so that inflation is identical and equal to an AR(1) with persistence 0.9 in all models if the central bank holds the real interest rate
constant.

where A; is the lagrangian multiplier on the NKPC. Combining these, we get (42). O

Since firms are not forward-looking, central bank promises (for the output gap) do not affect
inflation expectations today, and the optimal policy does not vary whether solved under commit-
ment or discretion.

We now quantitatively compare the optimal policy reaction in our fully calibrated model and
under FIRE. The frequency is quarterly and we keep the same calibration as above, except for
making wages flexible. In Figure 8, we show the responses of inflation, output, and the real interest
rate to a cost push shock, given the optimal monetary policy reaction. In order to focus on our
model’s implications for how the central bank should react for a given forecast of inflation and
output, we normalize the markup shocks across models so that they induce the same inflation
path if there is no active monetary response (r; = 0). We choose {y;} to achieve an AR(1) path for
inflation under r; = 0, with persistence 0.9. And we set the central bank’s weight on the output
gap in the welfare function to be & = 0.05.

We indeed see that under commitment, the output response under FIRE (orange, solid) is much
more delayed than that under our Calibrated model (blue, solid).”* Turning to discretion makes
the response under FIRE much smaller are more frontloaded (orange, dashed), but has little effect
on optimal policy in our Calibrated model (blue, dashed). Overall, our model suggests limited
benefits of commitment over discretion, and stresses the importance of a rapid monetary policy
response.

The results above for monetary policy are driven first and foremost by a lack of forward-

lookingness by firms.”> We now examine the differences in optimal monetary policy under discre-

54 Also note that the traditional result of price level targeting holds under FIRE beliefs but breaks in our behavioral
model.

%Note that the results on commitment are not straightforwardly the same as those on forward guidance. In par-
ticular, forward guidance asks how a given change in interest rates affects output and inflation, whereas the optimal
policy problem asks how a given change in output affects inflation. While fully Adaptive Learning beliefs eliminate any
returns to commitment, they do not eliminate forward guidance, and may amplify or dampen it at varying horizons.
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tion to focus on other implications of our beliefs model. In particular, firms are not simply myopic,
but instead extrapolate from current and past costs, and this too alters the effects of interest rates

on inflation.

Theorem 7. Consider the problem of the central bank under discretion. Under FIRE, if monetary policy
induces an output gap it has only a contemporaneous effect on inflation, with magnitude x (the slope of the
NKPC)

I FIRE
2t 1, 44
ays K t=s ( )
Under Adaptive Learning, however,
0 ifs >t
Ot _ ) AL ifs =t (45)

ays )
KL (q_ljap) ifs <t

— 1-6 ag — oM (1-M)é
where k4t = 2 ( - +M) and M8 = P (1 - (1—/C)ﬁp>' So

(i) The contemporaneous effect of a monetary policy induced recession is larger, as the effective slope of
the NKPC is steeper, KAL > FIRE

(ii) And inducing a recession today helps to fight inflation tomorrow if and only if beliefs are sufficiently
backward looking

11—k 1= Mbr

p

The first implication from Theorem 7 is that monetary policy is more powerful in the short run.
This may lead to a more or less strong reaction of interest rates by the central bank, depending on
the loss function.

The second implication is that the central bank may lean against anticipated future inflation
by hiking rates today. The idea is that by creating a recession and hence low inflation today,
tirms enter the next period with low inflation expectations, helping to fight against inflationary
forces. This is intuitively the same story as emerges from an adaptive expectations model in which
E;mi 1 = m_1. However, as we saw in Section 4, in microfounding this mechanism, we uncover
a countervailing force. Overall, we found little evidence for inertia, suggesting the central bank
should not lean against future inflation for this reason.”® However, we showed above that there
was some inflation inertia pre 1990 in the US, when prices were more flexible. Our model sug-
gests monetary policy would have had more lasting effects in this period. Further, Montag and
Villar Vallenas (2025), Cavallo, Lippi and Miyahara (2024), and Gagliardone, Gertler, Lenzu and

%However, the fact that monetary policy operates with lags provides an independent reason to act early.
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Tielens (2025) argue that the frequency of price adjustment rose during Covid. Our model sug-
gests this may have led shocks in this period to have longer lasting effects, but likewise allowed

monetary policy to do the same.

6 Conclusion

We provide novel empirical results on a key object for macroeconomic propagation: firms’ fore-
casts of their own future costs. We show that firms are overly reliant on their own past costs when
making these forecasts, leading them to over-react to shocks that affect costs quickly and to under-
react to shocks that affect costs slowly. In terms of policy, forward guidance and commitment are

less powerful, though short term interest rates remain effective.
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A Robustness and extensions in the BIE data

A.1 Example question from the BIE

Figure A.1: BIE question eliciting cost growth expectations over the next year

Projecting ahead, to the best of your ability, please assign a percent likelihood to
the following changes to UNIT COSTS over the next twelve months. (Values
should sum to 100%)

For example, if you think each of these is equally likely, you might answer 20% for each:

Unit costs down (less than -1%) 20
Unit costs about unchanged (-1% to 1%) 20
Unit costs up somewhat (1.1% to 3%) 20
Unit costs up significantly (3.1% to 5%) 2
Unit costs up very significantly (more than 5%) 2
Total 100
Unit costs down (less than -1%) [I] %
Unit costs about unchanged (-1% to 1%) @ %
Unit costs up somewhat (1.1% to 3%) @ %
Unit costs up significantly (3.1% to 5%) [I] %
Unit costs up very significantly (more than 5%) @ %

Total @ %

Source: FRBA Business Inflation Expectations (BIE) Survey.

A.2 Comparing the BIE to aggregate time series

As previously argued in Meyer and Sheng (2025), we show that averages of BIE responses cor-
relate strongly with published aggregate inflation statistics and expectations. We visualize these
results for our sample in Figure A.2. In the left panel, we show that average reported year-on-
year cost growth in the BIE correlates strongly with published year-on-year growth in the CPI and
GDP deflator. In particular, the GDP deflator and the BIE co-move very strongly in the pre-Covid
period, where the truncation is less binding. In the right panel, we show that average expected
cost growth over the next year correlates strongly with analogous expectations measured in the
University of Michigan’s Survey of Consumers, the Federal Reserve Bank of Philadelphia’s Sur-
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Figure A.2: Average BIE responses align well with macroeconomic data

Actual growth over last year Forecasts year ahead growth
— BIE — BIE
CPI 5 Mich HH
81 PGDP Cleveland
\ SPF
4

T T T T T T T T T T T T T T
2012 2014 2016 2018 2020 2022 2024 2012 2014 2016 2018 2020 2022 2024

Note: BIE is employment-weighted cross-sectional average of Aj,mc;; (LHS) and E; ¢ [A1pmc; 4112] (RHS). CPI and PGDP are the year
on year percent change. Mich HH is the median expected price change over next year from Michigan Surveys of Consumers.
Cleveland is 1 year expected inflation from the Federal Reserve Bank of Cleveland. SPF is 1 year ahead CPI forecast.

vey of Professional Forecasters, and the Federal Reserve Bank of Cleveland’s inflation expectation

measure.

A.3 Cost beliefs and pricing in the BIE

As part of the special questions in the BIE, firms were occasionally asked to forecast their price
growth over the next twelve months, and to report their price growth over the past twelve months.””

A typical question framing was

By roughly what percentage do you expect the price of the product, product line or
service responsible for the largest share of your revenue to increase/decrease over the

next 12 months?
and

By roughly what percentage did you increase/decrease the price of the product, prod-
uct line or service responsible for the largest share of your revenue over the last 12

months?

Firms freely entered numerical responses. To mirror the cost data, we winsorize at -2% and +6%.°

We regress expected price growth onto expected future cost growth, controlling for past price and

5In February 2024, near the end of our sample, these became regular quarterly questions.

58The results are very similar if we bin the observations into the set {—2%,0%,2%,4%, 6%}, exactly like the cost
reports. We also get significant results, though with about half the passthrough, if we drop any price responses outside
the range [—2%, +6%].
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cost growth”’

E;; [A12pit412] ~a; + Controls; ;

+ ﬁfutureIEi,t [A12mci,t+12] + praStAlszi,t -+ 5A12pi,t + Uijt (46)

It is conceptually important to control for past prices and costs, as these may lead to expected
future price changes, given sticky prices, even absent any expected cost growth. (In practice, if we
do not include these controls, we estimate a slightly larger gfuture.)

The results are shown in Table A.1. We find a passthrough around one-half, and highly sig-
nificant. This is true overall, but also when controlling for date and sector-date fixed effects. This
suggests that firms view exactly the cost expectations that they report to us as highly significant
for their own pricing decisions.

Table A.1: Firms’ price expectations depend on cost expectations

Ei [A12pit+12]

lEi,t [A12mci,t+12] 0.51 0.47 0.46 0.44
(0.07) (0.07) (0.07) (0.07)
Apmc; 0.02 —0.01 —0.02 —0.04
(0.05) (0.05) (0.05) (0.05)

Aopiy 0.18 0.17 0.18 0.17
(0.03) (0.03) (0.04) (0.03)

Controls; ; None Date FEs  Sector-Date FEs  PCA controls
N 2163 2163 2154 2163

Note: Standard errors, in parentheses, are clustered at the firm level. Price responses winsorized to lie in the range
[—20/0, —|—60/o] .

A.4 Proportion of cost responses in each bin over time

On the left side panel of Figure A.3, we show the proportion of firms reporting their costs in a
particular bin at each date. We see that in general, the number of responses at —2% or +6%,
which might suggest truncation, is very small. However, in the post-Covid high inflation period,
more firms were reporting 6% cost growth, suggesting that the truncation was more substantially
binding for this period. On the right side panel, we show the average weight placed in each bin
by firms forecasting their costs over the next year, with similar findings. The peak weight on 6%
is slightly smaller, suggesting truncation may be less binding, and this is even more true when we

consider that this includes firms placing only some weight at 6%.5

5This exercise is in the spirit of Meyer and Sheng (2025), who also argue the importance of cost expectations for
pricing.

601f we consider only firms placing a 100% probability for cost growth over the next year at 6% instead, then the peak
proportion is at 16% of firms.
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Figure A.3: Average beliefs and average costs over time for each firm

Cost growth over last year, by bin Expected cost growth over next year, by bin
70 70
—_ 2%
— 0,
60 - 60 - 0%
— 2%
— 1%
50 50 1 — 6%
= 40 1 + 40 1
f=4 =4
8 8
3 5}
&30 1 & 30 1
20 A 20
10 1 10 1
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2012 2014 2016 2018 2020 2022 2024 2012 2014 2016 2018 2020 2022 2024

Note: Left hand side breaks down past cost growth response into five bins. Right hand side is average share of probability weight
placed on the given bin when forecasting costs.

A.5 Firms’ beliefs on average over time

In Figure A.4 we take all firms with at least 30 observations of costs and beliefs, and average
these over the time series. We then show a scatter plot of these firm average costs and average
forecasts. The beliefs lie close to, though not exactly over, the 45 degree line, suggesting firms do
not typically make systematic mistakes about their average cost growth. For example, firms in
industries with high cost inflation over many years do not substantially under-predict their cost
growth on average.

Figure A.4: Average beliefs and average costs over time for each firm

61 —— Linear fit
—— 45 degrees
5_
5
S 4 A
3]
>
o
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2
©
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o
@
>
< 14
0_
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0 2 4 6
Average costs over time

Note: Binscatter plot where each bin contains 5 firms. Only firms with at least 30 observations are included.
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A.6 Binscatter

Following Cattaneo et al. (2024), we jointly estimate the mean at each of our bins and the fixed
effect controls. For example, with beliefs as the dependent variable and with only firm fixed

effects, we run
Eit[Apmeipin] =i+ ). Bil{apme,—jt T Ui
je{-20.24,6}
The point evaluated at j is then &; + B]-. The results are shown in Figure A.5. We continue to find
a strong, positive, and fairly linear relationship between costs and beliefs, and a weak, positive
relationship between past and future costs.
In the main text, we do not take this approach, and instead attempt to recover the conditional

expectation function between beliefs and costs around a firm-specific steady state.

Figure A.5: Firms (over) react to their own costs: Binscatter robustness

Firm fixed effects Firm and Time fixed effects
40-4 ® Year-ahead expectations ® ®
Year-ahead outcome
3.5 1
3.5 1
L]
L]
3.0 1
3.0
25 4 251 '
L]
2.0 1 2.0 1
L[]
L]
1.5 A
. 154,
T T T T T T T T T T
-2 0 2 4 6 -2 0 2 4 6
Past cost growth Past cost growth

Note: Binscatter following the methodology in Cattaneo et al. (2024)

A.7 Principal component analysis (PCA) of cost growth

To run the PCA we first need to create a balanced panel. Whenever an observation is missing, we

tit its value from firm and time fixed effects estimated through the panel, so

A fited ) O1ame;  if not missing
(Ajome; ;) =9 o
&+ if missing

where &; and &; are estimated from the regression Ajpmc;; = &; + a;. With no missing observa-

tions, we can now run a standard PCA to obtain the decomposition

Apmeiy = Y Ay
%
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Figure A.6: Costs drive firms’ long-run and CPI beliefs

0.4 4 B Short run own cost expectations

I Long run own cost expectations
I CPI expectations

0.3
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0.1

0.0

None Time FE Sector Time FE PCA factors
Controls

Note: Black lines are 95% confidence intervals, standard errors clustered at firm level.

where we sort factors by the share of the variance they explain. Therefore our PCA controls are:
APy, NojiFag, AgiFse, and Ay iFyyp.

A.8 Other belief outcomes

In Figure A.6, we show the coefficients from regressing other beliefs onto costs. In particular, firms
appear to rely on movements in their own costs also when forecasting the very long run (their own
cost growth five to ten years ahead) and forecasting aggregates (CPI inflation over the next year).
We see the biggest decrease in the coefficient on CPI beliefs from introducing time fixed effects;
this suggests that when learning about CPI itself, firms may be more inclined to use aggregate
signals than when trying to forecast their own costs. This points towards a disconnect we further
emphasize in Section 3.4.

A.9 Additional controls

First, we include three other firm responses as controls. Each month, firms qualitatively report
if their sales are above or below normal (on a five-point scale), and likewise for profit margins.
Each quarter, firms additionally report by what percent unit sales are above or below normal. In
Figure A.7, we show the regression results when including all three of these responses as controls,
though the results are similar with any subset of these three controls.

Next, we show that our effect is not undone by controlling for CPI beliefs. We show the results
in Figure A.8. So although we do find a role for firms learning about CPI via their own costs in
Section A.8 below — a result suggested by the existing literature — we note that understanding this
channel alone is not sufficient to understand how firms use their own costs to forecast their own
future costs, a key object for pricing decisions. Standard errors are wider because we only observe
firms” CPI beliefs during months when those beliefs are elicited in special questions — a relatively
small subset of our main sample.
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Figure A.7: Including sales and profits as controls

0.4 A Outcome:
B Year-ahead expectations
0.3 1 I Year-ahead outcomes
B Forecast error
0.2 4
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None Time FE Sector Time FE PCA factors
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Note: Black lines are 95% confidence intervals, standard errors clustered at firm level.

Figure A.8: Including CPI beliefs as a control

0.6
Outcome:
B Year-ahead expectations
0.4 1 I Year-ahead outcomes
B Forecast error
0.2 1
0.0 4
—0.2 1
—0.4 4

None Time FE Sector Time FE PCA factors
Controls

Note: Black lines are 95% confidence intervals, standard errors clustered at firm level.
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Figure A.9: Robustness to instrumenting costs

Outcome:
0.4 1 B VYear-ahead expectations
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Note: Black lines are 95% confidence intervals, standard errors clustered at firm level. F-stats all larger than 250.

A.10 Mismeasurement
Suppose that the reported survey variables reflect the true values plus measurement error,

E; [A12m; g1 12] = (Eif [Aramc s 10]) ™ 4 777,70

true
) + ”outcome

Appme;; = (Arpme;y it

Classical measurement error, i.e. Var (Ugftcome> > 0, would attenuate our coefficients. So our
effects might be even stronger than the results above suggest. On the other hand, if respondents to
the survey have correlated measurement error across responses in the survey, i.e. Cov (qi?peaatim, nfj?tcome) >
0, then this could make our results appear too strong. We now show that our results survive in-
strumenting costs with lagged costs.

We repeat our analysis but now instrumenting costs with their lag. We run

- expectations
]Eit[Alszi,t—i-lZ] = «; + Controls;; + ﬁexpectationsADmCit + ui/tp (47)
—_—
A12n’1ci,t+12 = a; + Controls;; + ,BoutcomeAlszit + ug?tcome (48)
- FE
FE; 112 = a; + Controls;; + BreA1ome; + 15 (49)

where the instrumented costs are fitted from the first-stage regression
Alzmci,t = w; + Controls;; + ,BFSA12mCi,tfl + MS?

The results are shown in Figure A.9.
Next we show our results are not driven by truncation. In Figure A.10, we remove all boundary
values (equal to -2% or +6%) and continue to find our results. Note also that Fact 3 shows our

results are similar pre- and post-Covid; from Appendix A.4, we know the truncation was far less

55



Figure A.10: Robustness to truncation of the data
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Note: Black lines are 95% confidence intervals, standard errors clustered at firm level.
binding in the earlier period.

A.11 De-meanining only with past data

We estimate our firm level fixed effects over the entire sample. However, this may reflect future

information in finite samples. To address this, we consider the regression
FE; =p Ay, + ufE
b 12 FEQ12IMC;; + Uy

where tildes represent de-meaning using only observations up to period t. We find that frg moves

from —0.20 in our baseline regression to —0.23 when demeaning with only past observations.

A.12 Heterogeneity by frequency of price adjustment

Firms who adjust prices less often may have more incentive to forecast costs well. In Figure A.11
we show the our results are stable across different frequencies of price adjustment.

We construct the frequency of price adjustment measure by combining three special questions
asked over the history of the BIE.®! We create three groups for frequency of price adjustment: "At
least monthly", "Quarterly or semiannually”, and "Annually of less frequent". Since some firms
respond multiple times over the sample, we ask how consistent responses are across the 2013,

2019, and 2023 waves. Responses are quite stable, with 68% remaining in the same group as

611n 2013, firms were asked “What percentage of your products and/or services change price Daily /Weekly /Month-
ly/Quarterly /Semiannually / Annually /Less often than annually?”. Firms assign percentages to each case; we use the
mode of this distribution. Once in 2019 and once in 2023, firms were asked “How often do you typically change the
price of the product or service responsible for the largest share of your sales revenue?”, and had to choose from the
options: Daily, Weekly, Monthly, Quarterly, Semiannually, Annually, Every 1-3 years, Less often than every 3 years,
Irregularly /in response to a specific event, and Unsure. We do not include the last two responses in our analysis.
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Figure A.11: Heterogeneity by frequency of price adjustment

Across price adjustment frequency
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Note: Vertical lines are 95% confidence intervals, standard errors clustered at firm level. Includes PCA controls.

the last response.62 We observe the frequency of price adjustment at only three dates (at most),
so in order to run our regressions, we fill in the values at all dates, always using the latest firm

response.®

A.13 Do firms who should learn more from costs do so?

We first run a firm level regression of current costs on past costs
Arpmejp = & + piA12mMC 12 + Uiy (50)

to estimate firm i’s cost persistence. We next run the firm level regression of beliefs about the

future on current costs
Eit[A1omeip112] = & + pidome; + Uy (51)

to estimate firm i’s perceived cost persistence.

In Figure A.12, we show a scatter plot of §; against p;, including only firms with at least 30
observations.®* A 45 degree slope would reflect each firm correctly judging how much more per-
sistent their costs are than the average. If firms also correctly judged the level of cost persistence,
we would recover the 45 degree line passing through the origin. Instead, we find a much shal-
lower slope (with slope coefficient 0.39, rather than 1) suggesting that firms whose costs are in fact

particularly transitory are not sufficiently aware of this.

©20nly 7% of consecutive responses jump from "At least monthly" to "Annually or less", or vice versa. i.e. 93% of
responses move at most to the adjacent group.

%3We fill backwards from the first response a firm gives. We fill forward up to the next time a firm responds.

%In Appendix B.2, we formally estimate the slope between §; and p;, and test robustness of our results to using a
cutoff of 96 observations per firm.

57



Figure A.12: Belief react too much to costs on average but too little to individual cost persistence
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Note: Binned scatter plot of §; and g;, recovered from regression equations (50) and (51) respectively. We run these time series
regressions only for firms with at least 30 observations. Our results are robust to other cutoffs. Each bin contains five observations.

A.14 Firms over-react to costs strictly in the past

Here, we run the regression
FE
FE;; ;12 = a; + Controls;; + BreA1omc; ;1 + ;)

This differs from (6) only in using the cost growth from last month. The results are shown in Table
A.2. We continue to find significantly negative estimates for Bgg, telling us that firms do not only
over-react in period t to surprises (relative to FIRE) in that same period.

Table A.2: Firms over-react to cost growth from last month

Forecast error, Ajpmc; 112 — E; ¢ [A12mCj r412]

BrE -0.16%** -0.15%** -0.15%** -0.22%%*
(0.02) (0.02) (0.02) (0.02)

Controls; ; None Date FEs  Sector-Date FEs  PCA controls

Observations 17401 17401 17401 17401

Note: *p<0.10, **p<0.05, ***p<0.01. Standard errors clustered at the firm level.
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B Belief Model and Calibration

B.1 Motivating part-FIRE part-adaptive learning

Suppose that each firm anchors on the Adaptive Learning forecast, so that their prior is that the

optimal forecast for the own costs is
E; [Amc; 4c] ~ N (Ef}} [Amc; p o] ,aiL) (52)

Firms can attempt to improve this noisy prior by working out what FIRE implies. However, this
is costly, as it requires learning about many shocks, and computing the firm’s exposure to each
shock. We model this as the firm receiving a noisy signal centered on FIRE,

iid.
Sf}RE = [E; [Amci ]| + Vg, vir = N(0,07) (53)

Firms can pay some cognitive cost C''RE (1/02) to reduce the variance of the noise. In this case,

the optimal forecast is

E;; [Amc; 1] = aFIRETE, [AmC; 4] + (1 — szIRE> ]EftL [Amc; 14 1] + ocFIREvi,t (54)
2
where aFIRE = ﬁ. If the cost of increasing the FIRE signal’s precision is steep enough, the firm

will not fully recover FIRE, so a"RE < 1.

To first order, for given prior variance, 03;, and given ease of computing the FIRE forecast
CHIRE () the weight on FIRE, a'*E, does not vary over time or by shock. We focus our analysis on

FIRE

this case. However, a" ™" may increase if firms (i) believe their Adaptive Learning prior to have

become more noisy, or (ii) find it easier to learn about a shock or compute their exposure to it. In

Section 3.2, we discuss the empirical stability of aF'RE.

B.2 Firm specific perceived persistence

Consider a static Adaptive Learning model (K = 1) cast in annual time, but now allowing for a

firm-specific perceived persistence, so that
i [A1pme;pi12] = 7" Arpmey s (55)

Suppose that the firm chooses ™" to minimize the mean squared forecast error, subject to a cost

function over the choice of ™",

1 - ~ann
min EIE |:<A12mcl'/t+12 — p?mAlzmci,t)z} +C (pi™)

Aann
0i
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— pVar(Arpme;r) (~ann —ann

2 pi — P
persistence is a weighted average of some prior, p°"", and the best fit, o3,

where for simplicity we set C (67™") )%. This implies that the perceived

ﬁ?nn — (1 o “RE) pann + “REp?rm (56)

ann — COV(A12mCl‘,t+12,A12mCi¢) RE — 1 P . . .
where pi"™ = Var(Anmery) and a™" = Ty This implies the beliefs equation (55) can be
written as

RE \ —ann RE ann
Ei [Aomejsi12] = (1 - )P “Apmc + o - o Appme;

Recall that Figure A.12 intuitively tests this equation, and found an intercept and a slope both
around a third. We test this more formally, also accounting for estimation uncertainty, in Table
B.3. We confirm that aRE ~ %, and that the default perceived persistence is too high, at around
o™ ~ 0.4. We also control for aggregate components of the data, and also find that firms are too
insensitive to their idiosyncratic cost persistence. Finally in Table B.4, we show our findings are
robust to increasing the minimum number of observations per firm from 48 to 96.

FIRE

So the aRE estimate here lies reasonably close to our a'™RE estimate in Section 3.2 above. And

recall that since the main text model mixes FIRE and Adaptive Learning, it predicts, proportional

to (XFIRE

, variation in firm-specific extrapolation from own-costs proportional to the true variation.
Therefore, it seems that the main text model provides a good empirical approximation of a model

with firm-specific endogenous perceived persistence.

Table B.3: Calibration with firm-specific perceived persistence

Year-ahead cost beliefs, [E; ; [A1omc; 1412]

aRE 0.45%** 0.39** 0.39%** 0.31**
(0.13) (0.15) (0.14) (0.13)
(1- ocRE)ﬁa““ 0.28** 0.26"** 0.25%** 0.24**
(0.05) (0.04) (0.04) (0.02)
Controls; ; None Date FEs  Sector-Date FEs  PCA controls
Min. obs. per firm 4 years 4 years 4 years 4 years
Observations 12976 12976 12769 12976

Note: *p<0.10, **p<0.05, ***p<0.01. Standard errors clustered at the firm level.

B.3 Beliefs facing permanent cost growth shocks

Suppose now that firms believe costs to be driven by three components

~ ~ i . Transitor
Amc;; = Amic] e™manent - Apic] erSistent 4+ Apc, Y (57)
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Table B.4: Calibration with firm-specific perceived persistence

Year-ahead cost beliefs, E; ; [A1omc; 1412]

aRE 0.55%** 0.39* 0.30* 0.27*
(0.17) (0.21) (0.18) (0.14)

(1 — aRE)gamn 0.26"*  0.26"** 0.25%** 0.25%**
(0.07) (0.06) (0.05) (0.03)

Controls; ; None Date FEs  Sector-Date FEs  PCA controls

Min. obs. per firm  8years  8years 8 years 8 years

Observations 6081 6081 5630 6081

Note: *p<0.10, **p<0.05, ***p<0.01. Standard errors clustered at the firm level.

where the permanent component is given by
Anic }’termanent Am Permanent + g{’?rmanent, g{’?rmanent iid N (O UPermanent) (58)
the persistent component is given by
Amcftersmtent ﬁ Fteismtent + ~Per51stent’ 'E«E?rsistent 1'51 N (O aPermstent) (59)

and the transitory component is driven by

- Transitory . Transitory ~Transitory iid
Amci,t - 8i,t ’ 81t N 0 UTransﬁory (60)

~ ~Transitor .
and where ePerma“ent ghersistent and & &} ¥ are furthermore mutually independent.

Perfectly observed permanent shocks Now suppose that firms are perfectly informed about the
Perr?anent } «

permanent cost component. So the information set of firm i and time tis Z; ; = {Amc:Z t—¢, AMic —

Then the signal extract problem reduces to

. T t
Amclt — AmCPer51stent + Anmi ransitory (61)
where the firm observes
Amc;; = Amce;; — AmcPermanent (62)

and given (59) and (60). The two key beliefs are then

]E AmCPermanent — AmCZPtermanent (63)

61



and
By | Ariclerssent| = RAmc + (1 - K) By 1 |Amicfrsfen] (64)

B.4 Robustness to other instruments

The results using sector loadings are shown in Table B.5. The results using firm-level loadings and
a cutoff of at least 72 observations per firm are shown in Table B.6. The results when accounting
for the two-year lag of own costs are shown in Table B.7.

B.5 Quarterly Calibration from Annual

From our annual calibration parameters, we can derive a quarterly calibration under the typical
assumptions made that a variable’s movement over a given period be equally divided into move-
ments over the component subperiods. Denote A(x,¢) = (x4 x27/ + 3= + x*=%). We can

write the year ahead cost forecast in the quarterly model as
Ei:Apme; 1o = A(p, 00K Y (5(1 — K)) Asme; ;.
=0
Subtracting a weighted, one-year lag of the forecast, we have
EitAamei i1 — (9(1 — K))*Eis12A12me; = A(p,0)K Y (p(1 — K))' Asmc; ;3.
(=0
If we assume that all quarterly changes with the year are equivalent and equal to Ajomc;; /4, then

Ajpmc;y

EiApme; 12 — (0(1 — K))*E; s 12810me; = A(p,0)KA(p(1 — K), 1) 1

This is exactly analogous to the annual equation

E;;Apme; i1 — (7™(1 — K2™)E; ;_12A10mc; = pP™ K™ Aomc;y,

and so the quarterly parameters can be determined by matching coefficients. The parameter aF'RE

is constant across quarterly and annual calibrations.
B.6 Fit of the calibrated beliefs model to sectoral time series of beliefs

We now fit beliefs from our annual, calibrated beliefs model, truncating after one year back. For
the FIRE expectation of future costs we use the Michigan forecast for CPI over the next year. The

fit is shown in Figure B.13.
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Table B.5: Annual Calibration with sectoral loadings

Panel A: 2SLS estimates

E; ; [A1omc;112)

Regression Ajpmc; 0.289*** 0.291*** 0.268***
Estimates (0.023) (0.025) (0.018)
Apme;;_1p 0.005 0.003 0.031***
(0.011) (0.013) (0.012)
Alzmcl‘,t+12 0.038 0.024 0245**
(0.096) (0.095) (0.104)
Implied aFIRE 0.038 0.024 0.245
Parameters (0.096) (0.095) (0.104)
Lann 0.945 0.963 0.753
(0.112) (0.147) (0.067)
o 0.319 0.309 0.472
(0.045) (0.048) (0.079)
Instrument Av. Costs x Sector id CPI x Sector id NS x Sector id
Observations 13855 13855 13855
Kleibergen Paap F stat 29.1 15.3 18.7

Panel B: LIML estimates

E; [A1pmc;r112)

Regression Ajpmc;; 0.2971*** 0.293*** 0.265%**
Estimates (0.023) (0.026) (0.019)
Alzmci,t,12 0003 0000 0035**
(0.012) (0.016) (0.014)
A1pomc; 4112 0.022 0.001 0.274**
(0.126) (0.128) (0.121)
Implied aFIRE 0.022 0.001 0.274
Parameters (0.126) (0.128) (0.121)
Lann 0.966 0.996 0.735
(0.135) (0.180) (0.070)
o 0.308 0.295 0.497
(0.062) (0.065) (0.097)
Instrument Av. Costs x Sector id CPI x Sector id NS x Sector id
Observations 13855 13855 13855
Kleibergen Paap F stat 29.1 153 18.7

Note: *p<0.10, **p<0.05, **p<0.01. All regressions include Firm and Time fixed effects. Sample includes all firms
matched to a sector. Driscoll Kraay standard errors with bandwidth 12.
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Figure B.13: Model predicted time series for sectoral cost beliefs closely match the data
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Table B.6: Annual Calibration with loadings on firms with at least 72 observations

E; ¢ [A1omc;f112]

Regression Ajpmc; 0.297*** 0.296*** 0.289%**
Estimates (0.020) (0.021) (0.018)
Apme; ;1 0.021 0.023 0.029*
(0.014) (0.015) (0.015)
A1pme; ;41 0.087* 0.096*** 0.149***
(0.046) (0.036) (0.029)
Implied oFIRE 0.087 0.096 0.149
Parameters (0.046) (0.036) (0.029)
Kann 0.819 0.811 0.771
(0.107) (0.113) (0.099)
o 0.397 0.403 0.441
(0.038) (0.043) (0.047)
Instrument Av. Costs x Firm id CPI x Firm id NS x Firm id
Min obs per firm 6 years 6 years 6 years
Observations 6691 6691 6691
Kleibergen Paap F stat 740 1233 318

Note: *p<0.10, **p<0.05, ***p<0.01. Estimate by 2SLS. All regressions include Firm and Time fixed effects. Driscoll
Kraay standard errors with bandwidth 12.

B.7 Fit of the calibrated beliefs model to Fact 5

Figure B.14 shows, in blue, the path of beliefs in response to the change in the oil price, as seen
in the main text. In black we add the prediction from the calibrated model. This matches the
key dynamics, with quickly exposed firms’ beliefs jumping on impact, and slowly exposed firms’
beliefs rising gradually over time. By contrast, under FIRE (orange) all firms’ beliefs should jump
on impact, and for the firms where passthrough occurs within the year, their forecast should start

declining immediately.

B.8 Learning over a longer horizon

As we want to extend our analysis to before the start of the BIE sample, we assume costs can be
decomposed into two components

AumCi/t = AumC?gg + Aumeﬁio (65)

idio
it

N (0,02). We know that over the BIE sample period, the year-on-year percent change in the log

. . idi idi iid
where the idiosyncratic component follows an AR(1): Ajpmcli = plleAumCZijﬁlz +e;;and ej; ~

GDP deflator (denoted A;,p$PP) provides a very close approximation to the average of the BIE
cost growth series (see Figure A.2). So we use this series to capture aggregate costs. To estimate
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Table B.7:

Annual Calibration with additional lag

E;; [A1omce;p112]

Regression Ajpme; 0.235*** 0.243*** 0.230***
Estimates (0.024) (0.023) (0.022)
Apme; ;19 0.045*** 0.036** 0.0527**
(0.017) (0.016) (0.017)
A1pmce; o4 -0.019 -0.019 -0.019
(0.018) (0.019) (0.018)
A1pmce; 10 0.258** 0.193*** 0.304***
(0.039) (0.031) (0.054)
Implied oFIRE 0.258 0.193 0.304
Parameters (0.039) (0.031) (0.054)
Kann 0.624 0.672 0.596
(0.106) (0.116) (0.095)
o 0.508 0.448 0.555
(0.068) (0.065) (0.079)
Instrument Av. Costs x Firm id CPI x Firm id NS x Firm id
Min obs per firm 4 years 4 years 4 years
Observations 7345 7345 7345
Kleibergen Paap F stat 5491 5570 6617

Note: *p<0.10, **p<0.05, ***p<0.01. Estimate by 2SLS. All regressions include Firm and Time fixed effects. Driscoll
Kraay standard errors with bandwidth 12. Implied parameters computed using same three regression parameters as

main text.

Figure B.14: Comparing model fits: Response of belief to an oil price change
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the idiosyncratic cost process, we subtract this aggregate measure from overall costs and estimate
p'Y® and ¢, over the sample period, at 0.08 and 1.41, respectively. We can then simulate costs in

earlier periods as

Alzmc?}tm = AlzptGDP + Alzmcﬁio,sim (66)
where Alzmcfiio'ﬁm is drawn from an AR(1) process with the calibrated persistence and shock
variance. This allows us to extend a cost series back to 1949, under the key assumptions that
(1) the average costs in the BIE also closely tracked the GDP deflator before 2011, and (2) the
‘idiosyncratic’ component of costs followed a similar process before 2011 as after it.

B.9 Special question in the BIE

Firms are first asked, as part of the regular monthly BIE survey, to report their expectations for

own cost growth over the next year:

Projecting ahead, to the best of your ability, please assign a percent likelihood to the
following changes to UNIT COSTS over the next twelve months. (Values should sum
to 100%)

After answering some other regular questions, they are asked the Special Questions. First we ask:
The Consumer Price Index (CPI) is a measure of the average change over time in the
prices paid by urban consumers for a market basket of consumer goods and services.
Projecting ahead, to the best of your ability, what do you expect the aggregate rate of
inflation, as measured by the CPI, will be over the next four quarters?

We then give firms the following information:

The Blue Chip forecast is the average forecast of more than 50 economists employed
across some of the largest and most well-regarded U.S. manufacturers, banks, insur-

ance companies, and brokerage firms.

* The Blue Chip four-quarters-ahead inflation forecast is computed from the April
Blue Chip forecasts of quarterly inflation in Q2, Q3, and Q4 of 2025 and Q1 of
2026.

The April release of the Blue Chip forecast predicts CPI inflation will be 3.4% over the

next four quarters.

Once firms have been given this information, we ask again about their CPI and own cost forecasts,

to see if there is a change. We first ask about CPI:

Does this information affect your beliefs for CPI inflation over the next four quarters?
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Only if they respond "Yes’, we then ask

Your previous forecast for CPI inflation over the next four quarters was x%.

Please give your updated forecast in the box below.
where x is filled in from their previous response. We then ask about their own-cost forecast:

Earlier, you gave us estimates for your firm’s unit cost expectations.

Does the professional forecast that CPI inflation will be 3.4% over the next four quarters

affect your forecast about your firm’s unit cost growth over the next 12 months?

Only if they respond "Yes’, we then ask

Below, you will see the same unit cost question as earlier in this survey, but with your
previous answers in parentheses.

What are your new forecasts for changes in your firm’s unit costs over the next 12
months?

B.10 Historical importance of CPI in predicting own costs

The results are shown in Table B.8.

Table B.8: Estimating predictability of future costs with future CPI using (21)

Year-on-year growth in GDP deflator, 7z} “DF

Const 0.28
(0.16)
Rl s 0.17**
(0.07)
L, 0.67***
(0.07)
Observations 305
R-squared 0.90

Note: *p<0.10, **p<0.05, ***p<0.01. HAC standard errors with maximum lag at 12 quarters.
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C Additional Theorems and Proofs

C.1 Proof of Theorem 1

Proof. Under rational expectations, (??) becomes
it = (1-p0) ) (BO)" E [mcpi]

=0

Under Adaptive Learning, (??) becomes

p;ItAL =mc;;+ Y (BO) Eft [Amc; ]

=1
— e B AL P
=mc;; + - GﬁIEt [Amcilt]
o BOK & Y ‘
= mej + 7— 507 ég(:) [(1-K)p]" Amc;;—,

Integrating over i, the average optimal reset price under Adaptive Learning is

. 0ok & L
pthL:mCH— pop 5 Z [(1-K) p}KAmct,g
(=0

C.2 Proof of Theorem 2

Proof. From (??) and (23), the period 0 response under FIRE is

ngRE — (1 — 9!])
(1—Bopp)
From (22), (23), and (24), the period 0 price in our model is

FIRE

o Bo,pK
== [ 0= (4125

So the response is larger in our model, pg > pi™®E, if and only if

P
(1—Bbyp) K + By

0>

From (22), the difference between our price and the FIRE price dynamically satisfies

= P =0y (s = piIF) o+ (1 8,) (1) (i = p
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And from (23) the FIRE optimal reset price is

«FIRE 1 < BOpp P ) t
7 — + —
& 1—p \T—pop 1-p)"

In the special case where K =1,(24) implies

AL poyp 1 Bo0 p t
pit =mec pEpsome =+ (5 - 15 )
So, then
*AL  _+FIRE __ (~ 180}7 t
P O ) (L o)

Combining (70) and (73),

t+1 t+1
1Y - 9;7

_ _FIRE _ (1 _ FIRE (1—6p) POy
e (l i ) (1= pOyp) (1—Bopp) P —6p

In the special case where p = p, (24) implies

N BOpp ety e t
pt _1_P+<1_ﬁ9pp <1 (1 ’C) ) P

So,

AL % FIRE Boyp (1 - IC) c t
4 —_ 4 = ——— ]_—IC
Pt P: 1_[3917() (( )P)

So

pr=hi 1 —poppo (1-K)p—0,

C.3 Proof of Theorem 3

Proof. From the usual linearized pricing equations (??) and (??), inflation can be written as

1-06 00 e
"o Op ; / (1= por) Z (59P)T]Ei,t [mcj ] di — Op Ppt

=0
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Under the belief formation equations (10) and (12), this becomes

my = artke (1= 0p) [(1 — B00) Y (B0p)" E [mcist] 4 Y (B00)" Ei [ ]

QP =0 =1

__ FIRE (1 —QP) real porp
+ (1 o ) o [mct + 1—59pﬁbt

where average costs are mcy . = f mc; ;. di and the average belief in the own-cost persistent
componentisb; = [ EAL [Amcm di. Applying [E; (1 — B0pF) to both sides, where F is the forward
operator, we get the recursion

1—
mp = ofRE ( GPGP) (1 — BOp) mc;*!

+ (1 — ucFIRE> a=6r) ;PGP) (meeal — BOPE; [mcffllD
n (1 B leIRE) (1 gp()p) : Eeggpﬁ (bt — BOPIE; [br11])
+ (9p +aE (1 9P)) BE: [7T141]

Then using (11) to decompose E; [by1] = CE; [by41] + (1 — {) KE; [Amc4] + (1 —¢) (1 — K) pby,

we can write

(7Tt _ wbbt) — <<1 — 9P)9<Pl - ,BQP) + (1 - OCFIRE) ,B [(1 o GP) + (1 - g) GPM]> mcieal

_ (1 _ aFIRE) (ugpep) +(1-20) M> BORE, [mc{i"‘ll]

+ BOE; (741 — wpbry1)

1_aFIRE) (1-6p)Bpops

#FIRE | (1 _ IXFIRE) 0p(1—M((1—0)), wp = ( h THp and

_ (1-6p)BpK
where M = W, 5
(= g_ggg_gigzé. This defines a quadratic in §, and we choose the root in [0, 1]; we show this
- - P
always exists in Lemma xx below. Given § < 1, we can iterate the above expression forward to get

nt:[(l—f)p)(l—ﬁf)p) (1_5)(1_[35)}%(@)%{ e

GP - ) = mct+T
__ FIRE (1 —6p ) _ Ql real
—i—(l « ) < o, +(1 C)M) 5 e
+ wyb
using limy e (Bm)" Ey (717 — wyb 1) = 0. This simplifies to (26). O
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C.4 Derivation of the Friedman-Phelps Phillips curve
Suppose that inflation depends on current real costs and expected inflation, with some coefficient,

= KAEmdeal + oAE ot (78)

Take the (discrete time) expectations formulation in Cagan (1956), and used by Phelps (1967),

= (1= ")y + 9 (79)
Combining (78) and (79),
7T = KABmcieal 4 gAE)AE 2(1 _ ,)/AE)Znt_é (80)
(=0

C.5 Adaptive Learning Phillips curve with observed permanent cost shocks

Recall that in Section B.3, we characterized beliefs when firms perceive cost growth as driven by a
permanent, a persistent, and a transitory component, and they are aware of the persistent level of
cost growth. Using (63) and (64), we derive the Phillips curve

A 1 (1 _ GP) A real 1 (1 _

T[t_l—./\/l [M‘f‘ep]mCt — M_|_7
+ B (81)

M Op (1—B)

LR
+ Aty
1-M (1—(9p) (1—59;7)
where 7; = 7 — TR, e = mc! — mc® R 7R = [, [7,,], and mc® R = E, [m creal LR]

—0,) ok K
Also M = %andb’z (1_7/\/2’].
When there are no permanent shocks, A7rtR = 0, (81) is identical to (30) except that it charac-

terizes deviations from the long run. Any permanent real marginal cost shocks affect the long-run

level of inflation the same in our model as under FIRE, i.e. 1/R = %mcieal’ IR This im-

plies that the long-run trade-off between inflation and output for the policy maker is the same as
in the standard New Keynesian model. However, in our model, such a shock generates additional
short-run inflation.

D Model extensions

D.1 Comparison across belief models

In Figure D.15 we show that the price level converges to the same point under all the belief models.
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Figure D.15: Percent price level response to 1pp permanent change in nominal marginal costs at date s
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Note: Impulse response of prices to a permanent rise in nominal marginal costs under six models. ‘Calibrated” is our model with
aFRE 5 and K calibrated as in Section 3.2

D.2 Jacobian of the New Keynesian Phillips Curve across belief models

In Figure D.16 we plot the Jacobians of the NKPC is various models.

D.3 The Adaptive Learning Phillips curve with learning about a permanent cost com-
ponent

We begin by asking if our model implies a different inflation-output menu for policy makers, in
the spirit of Samuelson and Solow (1960). Suppose that firms believe cost shocks are permanent
or transitory, so p = 1. It is then easy to see that under Adaptive Learning, to maintain marginal
costs (unemployment) permanently high (low) requires steady state inflation at
«FIRE
T = ——mc™! (82)

1-p
where «FIRE = %. This is identical to the trade-off faced under FIRE. Furthermore, the
result holds in a model with a transitory, a persistent, and a permanent component. Intuitively,

the firms” eventually learn the new steady state cost inflation rate.

One immediate implication of this result is that

(83)

T \AL (1 — AAL) kAL «FIRE 7T\ FIRE
( )LR_1—(1+W;}L)AAL_1—5 ( )

mcreal mereal J1r

That is, the sum of the weights on past inflation QA = Wy, (/\AL)[ must satisfy KKFI% -
1-0AL
1-p
marginal cost shock yesterday,

. Typically this suggests QAL >> 0. However, the effect on inflation today from a one off real

st oy, ALy AL
/ ALY

real real —
amcj amcj)

may remain small.
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Figure D.16: Jacobian of the NKPC across belief models
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Figure D.17: Inflation response to supply and demand shocks under Taylor Rule
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Note: The response of inflation to a monetary policy shock (left) and to a TFP shock (right) under different models of firm beliefs.
Impulse responses normalized to 1 under FIRE. Our model, calibrated in Section 3.2 above, is shown in blue.

D.4 Effect of demand and supply shocks on inflation under a Taylor rule

Here we take our simple model from Section 5.1, and again feed demand and supply shocks
into models with various firm beliefs. Only now, instead of a real rate rule, we suppose that the

nominal interest rate is set according to
: -shock
I = QPrit + 13

with ¢, = 1.5. The results are shown in Figure D.17

D.5 Demand versus supply logic carries over to production network

In Figure D.18a we represent our New Keynesian model graphically. The key difference between
supply and demand shocks in our model is that demand shocks pass through the union block,
slowing down transmission. In Figure D.18b, we see that exactly the same intuition holds for a

general production network.

D.6 Demand and supply shocks under rational expectations

We show the response of inflation under limited information (constrained) rational expectations

in Figure D.19.
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Figure D.18: Upstream and Downstream shocks behave like Demand and Supply shocks
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D.7 Forward guidance
E Pricing regressions

E.1 Extension of Hazell et al. (2022)

In this section, we estimate as adaptive Phillips curve using state-level inflation data and instru-
ments from HHNS. HHNS estimate the NKPC slope from

T
nﬁ = —KEEEEW B ujtyj+ FE;; + Controls; ; + €4, (HHNS eq.17)
j=0
where 7} is non-tradable goods inflation in state i at time ¢ and 1, is the unemployment rate in

state i at time ¢ + j. Our regressions use the same fixed effects and controls as HHNS. HHNS also

estimate a myopic variant of their NKPC (in which future unemployment terms are omitted),

myopic

nﬁ = —Kunemp Ui—4 + FE; + Controls; ; +¢&; ; (HHNS eq.19)
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Figure D.19: Inflation response to supply and demand shocks

TFP shock = Supply shock MP shock = Demand shock
—— Calibrated
1.75 4 FIRE 1.75 A
—— LIRE
1.50 1.50 A
1.25 4 1.25 A
= 1.00 A e 1.00 A
0.75 1 0.75 1
0.50 4 0.50 4
0.25 1 0.25 1
0.00 +— r r r r r T 0.00 +— r r r r r T
00 25 50 7.5 100 125 150 00 25 50 7.5 100 125 15.0
t t

Note: The response of inflation to a monetary policy shock (left) and to a TFP shock (right) under different models of firm beliefs.
Impulse responses normalized to 1 under FIRE. Our model, calibrated in Section 3.2 above, is shown in blue.

Figure D.20: Forward guidance is much less powerful in our model than under FIRE
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Table E.9: Estimating an Adaptive Expectations Phillips Curve

Estimates of k[ RE  from equation (HHNS eq.17)

unemp
KEEEEIP 0.0003 0.0062 0.0062
(0.0019) (0.0028) (0.0025)
Panel B: Estimates of Kﬁ%ﬁg from equation (HHNS eq.19)
AL 0.004 0.028 0.085
(0.007) (0.014) (0.032)
Panel C: Estimates of adaptive expectations PC params
Kememp 0.01 0.03 0.08
(0.01) (0.01) (0.03)
wipt 0.251 0.097 0.034
(0.049) (0.038) (0.037)
State effects v v v
Time effects v 4
Instruments Tradeable demand

To estimate our adaptive Phillips curve (30), we follow the timing convention of (HHNS eq.19)
but allow a role for lagged inflation,

nﬁ = —Kﬁrl;empui,t_él + w{?Lnﬁ% -+ FE;; 4+ Controls; ; + ¢&;; (84)

The results are shown in Table E.9. Under the null of no forward-lookingness, the Phillips curve

is an order of magnitude steeper; estimates of Kumnyeﬁlf and Kﬁ‘}emp are both near 0.08, more than

ten times larger than the estimate of Kﬁﬁi{iﬂp. We can translate our estimate for Kﬁ}emp into an
estimate for kL, the slope of the cost-based adaptive Phillips curve (30), using the result from
Gagliardone et al. (2023) that a one percentage point decrease in unemployment increases real

t.65

marginal costs by 0.25 percent.”” Using this mapping, the cost-based adaptive Phillips curve slope

from our calibrated model, At ~ 0.5, corresponds to an unemployment-based adaptive Phillips

AL

curve slope of about 0.12, in line with the preferred IV estimate of & emp-

Further, Table E.9 shows evidence of limited inertia. The largest estimate of w" is just 0.25,
and under the preferred IV specification, the estimate is small and statistically insignificant. In
Table E.10, we also show that inertia remains limited when including additional lags of inflation
in the estimation of (84).

In Table E.10 we show the regression result when allowing for a two year lag of inflation.

In Table E.11 we show the result when splitting the sample into pre- and post-1990.

®5This mapping accounts for wage stickiness in addition to the usual factors, such as the Frisch elasticity of labor
supply and elasticity of intertemporal substitution, which cause cost-based and traditional NKPC slopes to differ.
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Table E.10: Estimating an Adaptive Expectations Phillips Curve

Estimates of « from equation (HHNS eq.17)

K FIRE —0.0037 0.0003 0.0062 0.0062
(0.0013) (0.0019) (0.0028) (0.0025)
Estimates of adaptive expectations PC params
KA 0.027 0.055 0.087 0.289
(0.022) (0.022) (0.0513) (0.130)
w;;}Lagzl 0.313 0.217 0.0713 0.027
(0.040) (0.042) (0.032) (0.034)
wl‘éLagS 0.232 0.133 0.083 0.074
(0.029) (0.030) (0.038) (0.038)
State effects v v v
Time effects v v
Instruments Tradeable demand
Table E.11: Estimating an Adaptive Expectations Phillips Curve
Estimates of x from equation (HHNS eq.17)
#FIRE 0.011 0.011 0.005 0.005
(0.008) (0.006) (0.004) (0.003)
Estimates of adaptive expectations PC params
x4 0.177 0.369 0.094 0.345
(0.102) (0.213) (0.059) (0.165)
wg“ 0.155 0.179 —0.025 —0.036
(0.061) (0.078) (0.031) (0.033)
Sample Pre 1990 Pre 1990 Post 1990 Post 1990
State effects v v v v
Time effects v v v v
Instruments Tradeable demand Tradeable demand
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F Quantitative macroeconomic model

We now show that our results hold up in an estimated, quantitative model. We embed our beliefs
model in a medium scale New Keynesian model, following Christiano, Eichenbaum and Evans
(2005) and Smets and Wouters (2007).

F1 GE model

Households. We consider a representative household, with FIRE expectations, facing internal
additive habits. The household solves

max E¢ Y B Ztyctt (Crir — @pCrir—1)
t =0

st. Ci+ A = wfe"ﬂNt + Profit; — T; + (1 + 1’}_1)./413_1
C]—ei57]

where the utility function is u (C) = o7+ Zt is a discount factor shock following an AR(1)

process,
log Z; = p.log Z;_1 + €}
Goods production. The firm production function is
i = AKH L

Labor and capital are both sourced from a common market, at prices w* and rK, respectively. So

firm i’s period t real marginal cost is

o 1—a
xInfeal — i é w;‘eal
it At o 1—a

where TFP follows the AR(1),
log At = palog Ai—1 + €

And the aggregate factor demands are

real

Y

real
1IIl‘

real
wy

Y

80



Unions. Unions set wages subject to a Calvo friction as in Erceg, Henderson and Levin (2000),

1/frisch ~1/eis
W W ]/lW,tNt Ci’ W
e ( — - 1) + BEst;1
t
w — (1—[39W)(1—9w)
where k" = By (1 e /frisch) -

Investment. Capital is produced by firms subject to a quadratic adjustment cost. They solve the

problem
o0 1 K K o ( Iz 2
rr}?x E, ;) m MeprKipr = I | 14 2 (IﬁrTl N 1)
subject to

Ky = (1 —0g) Ky + AIVIK
where there are shocks to the investment technology,
log Aitnv = pPinv log Aitrlvl + Sitnv
Central bank. The central bank sets the nominal interest rate according to

T4ip = (T+ir 1) (14 7se) - (14 1) P7) 707 (1 4 shock)

Here 1 is the steady state real interest rate, p,, captures monetary policy inertia, and ¢ is the

Taylor rule coefficient on inflation. The monetary policy shock term follows the process
log(1 + ") = py,log(1+ i) + ¢

We also have the Fisher equation,

1+

T4r=-—1t
e 1+1Et7ft+1

Government. Each period, real government spending is G, and this is financed out of same-

period lump-sum taxation: T; = G;.°® We assume

log G = (1 — pg) log Gss + pg log Gi—1 + €}
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Figure F.21: Inflation response to estimated TFP and Monetary Policy shocks

MP shock = Demand shock TFP shock = Supply shock
. 2.00 A
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= 1.00 A = 1.00 4
0.75 A 0.75 1
0.50 A 0.50 -
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t t

Note: The response of inflation to an estimated monetary policy shock (left) and to an estimated TFP shock (right) under different
models of firm beliefs. Impulse responses normalized to 1 under FIRE. Our model, calibrated in Section 3.2 above, is shown in blue.

FE2 The response of inflation to estimated shocks

We use Bayesian estimation to pin down the remaining parameters in the model We also estimate
the variance and persistence terms for our seven shocks: monetary policy (o, pm), total factor
productivity (o, p,), discount rate (o3, p;), government spending (O'g, pg), investment (Ciny, Pinv),
price markup (¢}, pp), and wage markup (0, o). We match HP filtered data on GDP, consump-
tion, investment, hours, real wages, CPl inflation, and the nominal interest rate.?” The full calibra-
tion is shown in Table xx.

We can now plot the impulse response of inflation, under different models of firm beliefs, to
a monetary policy and a TFP shock in our model. The key difference to Section 5.1 is that the
persistence of these shocks is estimated, and the shocks are mediated through our more realistic
quantitative model. The results are shown in Figure F.21, and we see that the key insights remain:
under our beliefs, the TFP shock is amplified and the monetary policy shock is dampened.

E3 What has driven inflation historically?

In this section, we replicate the forecast error variance decomposition exercise in Smets and Wouters
(2007), focusing on inflation. We compare the decomposition under the Smets and Wouters model
with FIRE beliefs against the Smets and Wouters model with (calibrated) Adaptive Learning be-
liefs. The results are shown in Figure F22. We see that the one-year-ahead contribution of pro-
ductivity shocks rises from just 4% under FIRE to 11% under Adaptive Learning, with even larger

increases at shorter horizons.

Given Ricardian equivalence holds in our model, the fiscal rule does not matter.
67We use data up to the end of 2019, so we avoid the Covid period. To properly account for interest rates during the
ZLB period, we use the shadow Federal Funds Rate from Wu and Xia (2016).
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Figure F.22: Forecast error variance decomposition of inflation
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We estimate the model with seven shocks, just as in Smets and Wouters (2007). To make the decomposition more readable, we group
the wage and price markup contributions; and we group investment, exogenous spending, and risk premium shocks into ‘Demand’.
We fully estimate the model in both cases, and the only change under AL beliefs is to edit the NKPC equation, substituting in (as
exogenous parameters) our calibrated values for § and K.
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