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Abstract
We examine the macroeconomic implications of information frictions in a medium-

scale DSGE model. We develop a solution method for dispersed-information DSGE
models that accommodates endogenous states, and estimate the model using Bayesian
methods using macroeconomic and expectations data. We assess the relative impor-
tance of standard rigidities, learning, and higher-order expectations. Fitting expec-
tations data requires strong information frictions, which dampen general equilibrium
effects and shift the relative importance of shocks driving fluctuations. Information
frictions are crucial for hump-shaped inflation responses and can replace most stan-
dard frictions. Habit formation remains a key exception, becoming more important
when expectations data are included.
Keywords: Business cycles, DSGE models, information frictions, higher-order beliefs.
JEL Codes: E31, E32, D83, D84.

1 Introduction

Workhorse medium-scale models in the tradition of Christiano et al. (2005) and Smets and
Wouters (2007) reproduce the persistent and hump-shaped responses of macroeconomic ag-
gregates by relying on habit formation, adjustment costs, and indexation, while retaining
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full-information rational expectations. These models are usually estimated on macroeco-
nomic variables alone, not confronting that assumption with data on expectations, even
though expectations are a key channel through which shocks propagate.1 Evidence from
survey forecasts, however, shows systematic departures from full-information rational expec-
tations, in the direction that slows the transmission of shocks: average forecasts underreact
to news (Coibion and Gorodnichenko, 2012, 2015).2

These empirical tests were motivated by a theoretical literature showing that information
frictions generate sluggish responses to shocks, serving as an alternative source of persistence
(Mankiw and Reis, 2002; Woodford, 2002; Sims, 2003). Angeletos and Huo (2021) sharpen
this into an equivalence between incomplete information and standard inertial mechanisms
in a simple framework. To our knowledge, the relative importance of these two types of
frictions has not been quantified using both macroeconomic and expectations data.

This paper measures the extent to which information frictions can substitute for these
inertial mechanisms. We estimate a medium-scale DSGE model with dispersed information
alongside habit formation, adjustment costs, and indexation, using data on U.S. macroe-
conomic aggregates and survey forecast revisions. Solving this model requires accounting
for endogenous states as well as the hierarchy of beliefs arising from agents’ expectations of
others’ decisions (Townsend, 1983). We contribute on two fronts: an extension of existing
truncation methods that accommodates endogenous states and a quantitative assessment of
the role of information frictions in business cycle dynamics.

Fitting the expectations data requires strong information frictions: agents incorporate
only a quarter to a half of most shocks into their beliefs on impact. Macroeconomic ag-
gregates alone identify these frictions weakly. These frictions dampen general equilibrium
feedback, shift the relative importance of shocks driving fluctuations, and generate hump-
shaped inflation responses that the estimated full-information model does not produce. In-
formation frictions can substitute for most standard inertial mechanisms. Habit formation
is the exception: removing it substantially lowers the marginal likelihood when expectations
data are included. Without habits, the model relies on a more persistent preference shock to
match consumption persistence, at the cost of excessively persistent revisions to consumption
expectations.

1Del Negro and Schorfheide (2013); Smets et al. (2014); Müller et al. (2022) include survey expectations
among the observables when estimating DSGE models under full information. See Milani (2023) for a review
of the use of expectational data in DSGE models.

2The underreaction of consensus forecasts coexists with overreaction at the individual level (Bordalo
et al., 2020) and with over-extrapolation to recent events (Kohlhas and Walther, 2021).
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Solution method. Our methodological contribution is a solution algorithm for log-linear
DSGE models with dispersed and exogenous information that remains feasible for larger-
scale applications. The method bridges Uhlig’s (2001) undetermined coefficient method for
full-information models with the solution methods from Nimark (2008) and Melosi (2017)
for dispersed information models that truncate the hierarchy of beliefs to a finite order.

Our method advances these approaches in two ways. First, it accommodates endogenous
state variables in the log-linearized equilibrium conditions under dispersed information, ex-
panding the class of models that can be solved via the truncation approach. Second, it em-
ploys a representation of the system of equations that depends only on average expectations
rather than requiring equilibrium conditions written in terms of higher-order expectations.
These two features simplify the equilibrium conditions, so that the implementation is only
marginally more involved than solving a standard full-information model. The algorithm is
sufficiently fast to perform Bayesian estimation with standard techniques.

Application in a quantitative model. Our applied contribution is to estimate a canon-
ical medium-scale DSGE model along the lines of Smets and Wouters (2007) (henceforth,
SW) augmented with dispersed information. In the model, neither firms nor households
observe the underlying aggregate shocks perfectly. Each agent receives noisy idiosyncratic
signals about the shocks and forms expectations rationally conditional on them. Unlike prior
work that estimates small-scale New Keynesian models under dispersed information (Melosi,
2014, 2017), our framework nests the standard frictions of the SW model alongside infor-
mation frictions. We estimate it on U.S. macroeconomic time series and average forecast
revisions from the Survey of Professional Forecasters (SPF).

We use this framework to examine how shocks propagate when agents are imperfectly
informed, which shocks drive real and nominal fluctuations, the relative roles of learning
about shocks and higher-order expectations, and whether information frictions can substitute
for standard inertial mechanisms in fitting both macroeconomic and expectations data. To
answer these questions, we compare two specifications, a baseline model with dispersed
information (DI) and a restricted version under full information (FI), each estimated on two
datasets: U.S. macroeconomic aggregates only, and the same aggregates augmented with
survey expectations data. This design separates the effect of including expectations data in
the estimation from the effect of including information frictions in the model.

Estimated degree of information frictions. We quantify information frictions about
each structural shock using the steady-state Kalman gain, the weight agents place on new
information when updating their beliefs. Our simple information structure implies that the
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Kalman gain ranges from one (full information) to zero (“no information”).
By incorporating expectations data into the estimation, we document three key findings.

First, the DI model fits the expectations data substantially better than the FI model, with
a marginal likelihood over 200 log points higher. Second, we find strong and pervasive
information frictions. Most shocks have precisely estimated Kalman gains that lie roughly
between 0.25 and 0.50, implying that agents’ beliefs about a given shock incorporate only a
quarter to a half of its realization, with the remaining weight on their previous beliefs. Two
exceptions sit at opposite ends of the scale. Learning about monetary policy shocks is faster,
with an estimated gain of 0.72 whose 90% credible interval excludes the full-information
benchmark of one. At the other extreme, the gain on the TFP shock is estimated at 0.01,
implying that beliefs about technology barely respond to new information.3

We validate these structural estimates using a regression based on the joint behavior of
observed average forecast errors and revisions, along the lines of Coibion and Gorodnichenko
(2015). We compute the implied information frictions from data simulated at the posterior
mode of the DI model and compare them with those obtained from the same regression
estimated on SPF data. The model-implied Kalman gains are close to the SPF estimates,
whereas simulations based on the prior, or on estimates that use macroeconomic data only,
perform markedly worse.

Third, expectations data are essential for identifying information frictions. Estimated on
macroeconomic aggregates alone, the model delivers a different picture: the Kalman gains
of most shocks rise sharply, with some close to the full-information benchmark, while the
monetary policy shock, which has the highest Kalman gain with expectations data, has the
lowest without them.

Can information frictions substitute for standard frictions? Our framework pro-
vides a natural test of the conjecture that information frictions can replace standard inertial
mechanisms, as it nests both types of frictions and estimates them jointly under loose pri-
ors. We re-estimate the model under specifications that remove selected frictions, comparing
marginal likelihoods to the baseline.

Removing all information frictions (the full-information benchmark) reduces the log
marginal likelihood by about 219 log points, more than two and a half times the 83 log
point loss from removing all standard frictions. Most standard inertial mechanisms become
non-essential once information frictions are introduced: shutting down price indexation or

3The technology shock is also estimated to be nearly permanent. Combined with the low gain, this implies
that beliefs are almost entirely anchored on their own past. This configuration has a limited quantitative
footprint: technology shocks account for a small share of the forecast error variance of every observable
except hours worked at longer horizons.
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replacing investment adjustment costs with capital adjustment costs each slightly improves
fit, while shutting down wage indexation worsens it only marginally.

Habit formation is the main exception, reflecting a central empirical tension: macroeco-
nomic aggregates are highly persistent, whereas expectation revisions underreact to shocks
and are only weakly persistent. Strong information frictions explain this underreaction, but
they also make it difficult to match aggregate sluggishness without generating overly persis-
tent revisions. Whether additional inertial mechanisms are needed then depends on shock
persistence. Capital adjustment costs, combined with a more persistent investment shock
and somewhat weaker information frictions that raise the persistence of expectations only
modestly, balance hump-shaped investment dynamics with weakly persistent revisions. For
consumption, no such alternative exists: without habits, matching consumption persistence
requires a highly persistent preference shock, which generates overly persistent revisions that
the expectations data reject.

Business cycle dynamics under dispersed information. Having established the rel-
ative importance of each type of friction, we turn to how incomplete information shapes
business cycle dynamics. For both the DI and FI models, the variance decomposition iden-
tifies investment-specific technological and government expenditure shocks as the primary
drivers of output, and price mark-up shocks as the dominant source of inflation variation.
Information frictions instead concentrate each variable’s decomposition on its own shock, the
one that enters its equilibrium condition directly. Agents respond less to aggregate condi-
tions they do not fully observe, which dampens general equilibrium feedback and strengthens
partial equilibrium effects. For instance, relative to full information, price mark-up shocks
account for a larger share of inflation variation, and investment shocks for a larger share of
investment variation.

We compare impulse responses from the DI and FI models to investment-specific tech-
nological and cost-push (price mark-up) shocks, the main drivers of output and inflation
fluctuations, respectively. Information frictions produce a hump-shaped inflation response
to the cost-push shock that the FI model cannot replicate, because the shock is persistent
and price indexation is negligible. The investment shock is less persistent, and aggregate
responses to it are qualitatively similar across models. For both shocks, DI revisions are
attenuated on impact and unwind gradually, whereas FI revisions jump and return to zero
immediately.

We decompose these effects into first-order uncertainty (gradual learning about shocks)
and higher-order uncertainty (uncertainty about others’ beliefs). For both shocks, first-order
learning accounts for essentially all of the attenuation and delay in macroeconomic variables.

5



Higher-order beliefs matter little for aggregates for two reasons. First, most forward-
looking terms are agents’ expectations of their own future choices, which involve no strategic
uncertainty about others’ beliefs. Second, strategic uncertainty enters mostly through the
dependence of inflation and the real wage on the average expectation of the same variable,
and the coefficients on these terms are small because the estimated price and wage Phillips
curves are flat. Higher-order beliefs matter instead for expectations dynamics: they account
for about a third of the underreaction of forecast revisions on impact and delay their peak,
which is key to the DI model’s advantage over the FI model in fitting the expectations data.

Related literature. Our paper relates to a literature that develops solution methods for
DSGE models with dispersed information. We extend the truncation of the belief hierarchy
in Nimark (2008) and Melosi (2017). An alternative uses frequency domain techniques: Huo
and Takayama (2025) combine the Wiener-Hopf prediction formula with the Kalman filter
to obtain an exact finite-state representation of the equilibrium, which they apply to a small-
scale beauty contest model and a HANK model with incomplete information.4 Truncation
instead maps the model into the state-space form used to estimate full-information DSGE
models and keeps likelihood evaluation fast enough for Bayesian estimation at medium scale.

Dispersed information is one of several departures from full-information rational expec-
tations that can generate the persistence usually attributed to standard frictions.5 This sub-
stitution has also been explored using models with imperfect common information (Collard
et al., 2009; Collard and Dellas, 2010; Levine et al., 2012) and adaptive learning (Milani, 2007,
2011; Slobodyan and Wouters, 2012).6 Relatedly, other departures from full-information
rational expectations have been added to medium-scale DSGE models and disciplined by
expectations data: imperfect information (Del Negro and Eusepi, 2011), diagnostic expec-
tations (L’Huillier et al., 2024; Bianchi et al., 2024), and adaptive learning (Ormeño and
Molnár, 2015; Milani, 2017; Rychalovska et al., 2026).

Outline. The paper proceeds as follows. Section 2 presents the model. Section 3 describes
the solution method. Section 4 describes the data and the estimation. Section 5 examines

4For other papers using frequency domain techniques to solve dispersed information models, see Kasa
(2000); Kasa et al. (2014); Rondina and Walker (2021) and references therein. Alternatively, Auclert et al.
(2020) use a sequence-space approach to estimate a HANK model under sticky information.

5A complementary literature studies business cycles driven by belief fluctuations and higher-order un-
certainty, through sentiment and confidence shocks (Angeletos and La’O, 2013; Angeletos et al., 2018),
endogenous signal informativeness (Nimark, 2014), and general information structures (Chahrour and Ul-
bricht, 2023). We restrict fluctuations to fundamental shocks, so that the comparison across frictions is not
confounded by belief shocks that could themselves account for part of the dynamics.

6Milani (2011) uses survey forecast data in the estimation while Slobodyan and Wouters (2012) use it
only for validation.
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the quantitative implications of information frictions. Section 6 concludes.

2 Model

The model is a standard medium-scale DSGE model along the lines of SW. The innovation of
our application is the introduction of dispersed information to this environment. Specifically,
households and firms do not observe perfectly the shocks hitting the economy. Instead, they
receive noisy idiosyncratic signals about them and form expectations rationally conditional
on this information.

Timing

Time is discrete and each period has two stages. In stage 1, shocks and signals realize,
intermediate goods firms set optimal prices, and households choose consumption, investment,
installed capital, and its utilization level, and set optimal wages, based on information from
their signals. In stage 2, rental rates and wages of differentiated labor are revealed and
production takes place for final goods, intermediate goods and labor packers.

This timing protocol is standard in the literature and ensures two features: intermediate
firms and households use only information from their signals to form expectations and all
markets clear.7 Competitive final good firms ensure that the supply of final good matches
consumption and investment demands. Given prices of intermediate goods, differentiated
wages, and rental rate chosen at stage 1, firms allocate capital and labor to accommodate
the demand from final good firms. Finally, given the wages set at the first stage, labor
packers aggregate the differentiated labor services from households and supply homogeneous
labor to intermediate firms such that the labor market clears.

Final good firms

The homogeneous final good Yt is a bundle of intermediate goods, Yi,t, where the index
i ∈ [0, 1] denotes the continuum of intermediate firms. The production function is given by

Yt =
(︄� 1

0
(Yi,t)

1
1+µ

p
t di

)︄1+µp
t

, (1)

where µp
t is the time-varying price mark-up of intermediate goods following the process

log(1 + µp
t ) = log(1 + µ̄p) + xp

t , and µ̄p is the steady-state value of the price mark-up. The
7See for instance Nimark (2008) and Angeletos and La’O (2011).

7



price mark-up shock follows xp
t = ρpx

p
t−1 + εp

t , where εp
t ∼ N (0, σ2

p).
Final goods firms operate in a perfectly competitive market and sell the final goods to

households for a price Pt. They solve a standard profit maximization problem

PtYt −
� 1

0
Pi,tYi,tdi (2)

subject to (1). From the first-order conditions and the zero-profit condition, we derive the
demand for intermediate production

Yi,t =
(︃
Pi,t

Pt

)︃−
1+µ

p
t

µ
p
t Yt, (3)

where Pt =
(︃� 1

0 (Pi,t)
− 1

µ
p
t di

)︃−µp
t

is the price level.

Intermediate good firms

Each intermediate producer is a monopolistic competitive firm i ∈ [0, 1] that uses labor and
capital to produce its goods. Good i is produced using technology

Yi,t = exa
t (Ki,t)α(γtLi,t)1−α − γtΦp, (4)

where γ represents the labor-augmenting deterministic growth rate of productivity and xa
t

is a total factor productivity shock. Ki,t and Li,t denote the amount of capital and labor
demanded by firm i at period t respectively, and Φp is a fixed cost included in the production
function.8 The productivity shock follows xa

t = ρax
a
t−1 + εa

t , where εa
t ∼ N (0, σ2

a).
Intermediate firms are subject to a Calvo (1983)-like pricing friction: in every period,

only a fraction 1 − ξp of firms can adjust prices. Firms not allowed to reset prices apply the
following indexation rule

Pi,t = (Πt−1)ιp
(︂
Π̄
)︂1−ιp

Pi,t−1, (5)

where Πt ≡ Pt/Pt−1 is gross inflation and Π̄ is its steady-state value. Firms that are able
to reoptimize prices choose the level P ∗

i,t that maximizes their expected discounted flow of
profits given by

Ei,t

∞∑︂
s=0

(βξp)sΛt,t+s

[︂(︂
Xt,t+sP

∗
i,t −MCi,t+s

)︂
Yi,t+s

]︂
, (6)

subject to Yi,t+s =
(︃

Xt,t+sP ∗
i,t

Pt+s

)︃−
1+µ

p
t+s

µ
p
t+s Yt+s. MCi,t is the marginal cost of firm i at period t.

8Scaling the fixed cost by γt prevents it from decreasing over time in terms of output.
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Λt,t+s is the household’s stochastic discount factor between periods t and t+ s and Xt,t+s is
the indexation between the same periods given by

Xt,t+s =

⎧⎪⎨⎪⎩Π̄(1−ιp)s∏︁s
j=1

(︂
Πιp

t+j−1

)︂
if s ≥ 1

1 if s = 0.
(7)

Given the optimal prices and the indexation rule, the price level follows

Pt =
[︄
ξp

(︂
Πιp

t−1Π̄1−ιpPt−1
)︂− 1

µ
p
t + (1 − ξp)

� 1

0

(︂
P ∗

i,t

)︂− 1
µ

p
t di

]︄−µp
t

. (8)

Labor packers

There is a continuum of households indexed by h ∈ [0, 1], each supplying differentiated labor
services. Following Erceg et al. (2000), there are labor packers that hire labor from the
households and aggregate them according to

Lt =
(︄� 1

0
L

1
1+µw

t
h,t dh

)︄1+µw
t

, (9)

where µw
t denotes the agency’s wage mark-up such that log(1 + µw

t ) = log(1 + µ̄w) + xw
t ,

and µ̄w is the steady-state value of the wage mark-up. The shock follows the process xw
t =

ρwx
w
t−1 + εw

t , where εw
t ∼ N (0, σ2

w).
Labor packers pay the wage Wh,t for each household h, and sell a homogeneous labor

service to intermediate firms at a cost Wt. Labor packers maximize profits

WtLt −
� 1

0
Wh,tLh,tdh (10)

subject to (9). Thus, the labor demand for each household h’s labor service is given by

Lh,t =
(︃
Wh,t

Wt

)︃− 1+µw
t

µw
t
Lt, (11)

where Wt =
(︃� 1

0 (Wh,t)
− 1

µw
t dh

)︃−µw
t

is the nominal wage index.

Households

Household h ∈ [0, 1] maximizes its expected utility choosing consumption (Ch,t), holdings
of government bonds (Bh,t), installed capital level (Kh,t) and its utilization rate (Uh,t). The
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capital rented to firms, Ku
t , is determined by the installed capital and the utilization rate.

The objective function that each household h optimizes is given by

U = Eh,t

⎡⎣ ∞∑︂
s=0

βsexc
t+s

⎛⎝ln (Ch,t+s − φCh,t+s−1) −
L1+χ

h,t+s

1 + χ

⎞⎠⎤⎦ , (12)

where Ch,t is consumption and Lh,t denotes the supply of differentiated labor services of
household h at period t. Households’ preferences display internal habit persistence, captured
by the parameter φ, while χ is the inverse of the Frisch elasticity of labor supply. Eh,t[·] is
the expectation operator conditional on household h’s information set, and the preference
shock follows xc

t = ρcx
c
t−1 + εc

t , where εc
t ∼ N (0, σ2

c ).
The capital stock Kh,t owned by household h evolves according to

Kh,t = (1 − δ)Kh,t−1 + exi
t (1 − S(Ih,t/Ih,t−1)) Ih,t, (13)

where S(It/It−1) is the investment adjustment cost function with the following properties:
S(γ) = S ′(γ) = 0, and S ′′(γ) = s′′ > 0. The investment-specific technological shock follows
xi

t = ρix
i
t−1 + εi

t, where εi
t ∼ N (0, σ2

i ).
Households rent to firms an effective amount of capital Ku

h,t given by

Ku
h,t = Uh,tKh,t−1, (14)

where Uh,t is the level of capital utilization. They receive Rk
tK

u
h,t for renting capital but pay

a cost a(Uh,t)Kh,t−1 in terms of the consumption good. This function has the properties
a(Ū) = 0 and a′′(Ū) = a′′, where Ū is the capital utilization rate in the steady-state.

The households’ budget constraint in each period t is given by

Pt(Ch,t + Ih,t +a(Uh,t)Kh,t−1) +Bh,t ≤ Rt−1Bh,t−1 +Wh,tLh,t +Rk
tUh,tKh,t−1 + Ξt +Th,t. (15)

Ξt denotes firms’ profits distributed to households and Th,t denotes net transfers from the
government. Households trade only a nominal one-period risk-free bond Bh,t.9

Households supply labor in a market with monopolistic competition subject to a wage-
setting friction. Following Erceg et al. (2000), in every period only a fraction 1 − ξw of

9Asset markets are incomplete: households cannot insure idiosyncratic wage and expectational risk
through state-contingent claims, so consumption, investment, and capital holdings are heterogeneous across
households. Habit formation is internal: the reference stock is the household’s own past consumption, Ch,t−1.
We nonetheless assume that households do not internalize the effect of current consumption on next period’s
habit stock. This behavioral friction keeps the Euler equation in its standard form and adds no further
channel through which higher-order expectations operate. See Appendix G for the derivation.
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households are able to optimize their wages. Those households choose their optimal wage
by setting a mark-up over the marginal rate of substitution between consumption and labor.
Households who are not able to optimize update their wage using an indexation rule given
by

Wh,t = (Πt−1)ιw
(︂
Π̄
)︂1−ιw

γWh,t−1, (16)

which adjusts wages by the steady-state real growth and a geometrically weighted average
of steady-state inflation (Π̄) and the previous period’s inflation (Πt−1).

When able to re-optimize, household h choosesW ∗
h,t to maximize expected discounted util-

ity subject to the budget constraint (15) and the demand for its labor variety (see Appendix G
for the full derivation). In future periods t+s, the nominal wage follows Wh,t+s = Xw

t,t+sW
∗
h,t,

where

Xw
t,t+s =

⎧⎪⎨⎪⎩(γΠ̄1−ιw)s∏︁s
j=1

(︂
Πιw

t+j−1

)︂
if s ≥ 1

1 if s = 0.
(17)

Given optimal prices and the indexation rule, the aggregate wage level follows

Wt =
[︄
ξw

(︂
γΠιw

t−1Π̄1−ιwWt−1
)︂− 1

µw
t + (1 − ξw)

� 1

0

(︂
W ∗

h,t

)︂− 1
µw

t dh

]︄−µw
t

. (18)

Government Policies

The central bank sets the nominal interest rate according to a standard Taylor rule with
smoothing according to

Rt

R̄
=
(︃
Rt−1

R̄

)︃ϕr

⎡⎣(︄Πt

Π̄

)︄ϕπ (︃Yt

Ȳ

)︃ϕy

⎤⎦(1−ϕr)

exr
t , (19)

where variables with a bar denote the steady-state values. The monetary policy shock follows
xr

t = ρrx
r
t−1+εr

t , where εr
t ∼ N (0, σ2

r). For simplicity, we assume that the monetary authority
responds to deviations of output from its steady-state value instead of deviations from the
natural output.

The government budget constraint is the following

PtGt +Rt−1Bt−1 = Bt + Tt (20)

where Tt =
� 1

0 Th,tdh and Bt are total lump-sum taxes and bonds, respectively. Government
expenditure follows a simple stochastic process given by G/Y = gy + xg

t , where gy ≡ Ḡ/Ȳ is
the steady-state ratio of government expenditure to output and xg

t is a government expen-
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diture shock with process xg
t = ρgx

g
t−1 + εg

t , where εg
t ∼ N (0, σ2

g).

Resource constraint and market clearing

The aggregate resource constraint

Ct + It +Gt + a(Ut)Kt−1 = Yt, (21)

is derived by integrating households’ budget constraint over h, and combining it with the zero
profit condition of final goods firms and labor packers and the government budget constraint.

Market clearing in labor, capital markets and government bonds holds such that Lt =� 1
0 Li,tdi, Ku

t =
� 1

0 Ki,tdi, and Bt =
� 1

0 Bh,tdh, respectively.

Information and signal extraction

Intermediate good firms and households do not perfectly observe the shocks driving the
economy; instead, they receive noisy idiosyncratic signals about them. Formally, the signals
follow

sl
j,t = xl

t + vl
j,t, vl

j,t ∼ N (0, τ 2
l ), (22)

where l ∈ {a, c, i, g, p, w, r} denotes each type of shock and j ∈ {h, i} is either a household h
or firm i, both indexed on [0, 1]. This assumption implies that firms and households receive
signals with the same properties and are subject to the same degree of informational frictions.
Hence, an agent j’s information set is described as

Ij
t = {sa

j,τ , s
c
j,τ , s

i
j,τ , s

g
j,τ , s

p
j,τ , s

w
j,τ , s

r
j,τ : τ ≤ t}. (23)

Given that households and firms have the same unit mass, their average expectation is
the same and denoted by Ēt[·] ≡

� 1
0 Ej,t[·]dj, where Ej,t[·] ≡ E[·|Ij

t ] denotes the j’s individual
expectation. Given the AR(1) structure of the shocks and signal structure (22), j’s rational
expectation about the shock xl

t is computed by using the Kalman filter such that

Ej,t[xl
t] = Ej,t−1[xl

t] + k̄l

[︂
sl

j,t − Ej,t−1[sl
j,t]
]︂

(24)

where k̄l denotes the steady-state Kalman gain of shock l given by

k̄l = p̃l(ρl, rl)
p̃l(ρl, rl) + r2

l

, (25)
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where rl ≡ τl

σl
denotes the noise-to-signal ratio of signal l and p̃l(ρl, rl) is defined as the ratio

of the individual expectation steady-state variance and the shock variance. The latter can
be computed using a standard Riccati equation and is a function of the l shock persistence
and its noise-to-signal ratio (see Appendix B for details). Therefore, the Kalman gain,
k̄l = k(ρl, rl), is the key object that measures the degree of informational friction, conditional
on the shock’s parameters.

The average expectation is given by

Ēt[xl
t] = (1 − k̄l)Ēt−1[xl

t] + k̄lx
l
t = (1 − k̄l)ρlĒt−1[xl

t−1] + k̄lx
l
t. (26)

Thus, the current expectation is a weighted average between the past expectation and the
actual shock, whose weight is given by the Kalman gain.

If k̄l = 1 (τl = 0, rl = 0) the model boils down to the full information benchmark. If
k̄l = 0 (τl → ∞, rl → ∞), the average expectation is zero (the unconditional expectation).10

Equation (26) helps to understand why and when information frictions can generate in-
ertia. Strong informational frictions (low k̄l) have two implications for average expectations:
they dampen the response to the actual shock and increase the expectation persistence.
The latter also depends on the persistence of the unobserved shock, ρl. For instance, the
expectation has no persistence regardless of the degree of information friction when ρl = 0.

These properties are key for understanding shock propagation and whether informational
frictions substitute for standard frictions as discussed in section 5.

2.1 Log-linearized equilibrium

For brevity, the log-linearized equations and detrending procedure are detailed in Appendix A.
The derivation of these equations can be found in Appendix G through Appendix I. Here-
after, lowercase variables represent log-deviations from the steady state of their uppercase
counterparts.

To clarify how dispersed information affects equilibrium conditions, we highlight two key
equilibrium conditions. First, consider the Euler equation:

ct = φ/γ

1 + φ/γ
ct−1 + 1

1 + φ/γ

� 1

0
Eh,t[ch,t+1] dh− (1 − φ/γ)

1 + φ/γ
Ēt[rt − πt+1 + (xc

t+1 − xc
t)].

This is the same Euler equation as in standard representative-agent models (Smets and
Wouters, 2003) with three key differences due to dispersed information and incomplete mar-
kets.

10Zero is the solution for the equation Ē[xl
t] = ρlĒt−1[xl

t−1].
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First, expectations are heterogeneous, and hence average expectations replace the full-
information expectation operator. Second, current endogenous variables and structural
shocks are not observed. In the context of the households’ intertemporal consumption deci-
sion, households must form expectations about the current nominal rate, rt, and the current
preference shock, xc

t . Third, the forward-looking term is an integral of individual expecta-
tions about the household’s own future consumption. Since the law of iterated expectations
does not hold for average expectations (Morris and Shin, 2005),

� 1
0 Eh,t[ch,t+1] dh ̸= Ēt [ct+1].

The same applies to investment, the shadow price of capital, and optimal prices and wages
(see Appendix A), which together form the block multiplying F1 in equation (29).

Second, consider the New Keynesian Phillips curve (NKPC) given by

πt =ξpιpπt−1 + κpξpĒt [mct + xp
t ] + ψpĒt [πt] + (1 − ξp)βξp

� 1

0
Ei,t[p∗

i,t+1]di (27)

where ψp ≡ (1 − ξp)(1 − ιpβξp).
The same three differences appear in the NKPC: firms form average expectations about

current marginal cost and the price mark-up shock, and the forward term involves firms’
expectations about their future own optimal prices, with

� 1
0 Ei,t[p∗

i,t+1] di ̸= Ēt

[︂
p∗

t+1

]︂
.11 The

NKPC adds a fourth, distinctive feature: inflation depends on its own average expectation,
Ēt[πt], with coefficient ψp. As pointed out by Nimark (2008), this self-reference is what makes
higher-order expectations matter for inflation dynamics. By taking the average expectations
of this equation and substituting it iteratively, we obtain that

πt = ξpιp
1 − ψp

πt−1 + κpξp

∞∑︂
k=1

ψk−1
p Ē

(k)
t [mct + xp

t ] + (1 − ξp)βξp

∞∑︂
k=0

ψk
p Ē

(k)
t

[︄� 1

0
Ei,t[p∗

i,t+1]di
]︄
, (28)

where Ē(k)
s [zt] ≡

� 1
0 Eis

[︂
Ē(k−1)

s [zt]
]︂
di, for any variable zt, all k ≥ 1 and s ≤ t, with the

convention that Ē(0)
t [zt] ≡ zt and Ē(1)

t [zt] ≡ Ēt[zt]. The expansion makes explicit that firms’
beliefs enter at every order, with the dependence on order k decaying geometrically at rate
ψp ∈ (0, 1). The same higher-order dependence with geometric decay applies to real wage
dynamics (see equation I.12).

One key feature of the solution method discussed in the next section is that we do
not need to represent equilibrium conditions in terms of higher-order expectations as in
equation (28) to solve the model. We can find a policy function that depends on higher-
order expectations even defining equilibrium conditions in the system of equations in terms
of average expectations as in equation (27).

11As pointed out in Appendix D of Angeletos and Huo (2021), Nimark (2008) and Melosi (2017) abstract
that

� 1
0 Ei,t[p∗

i,t+1]di ̸= Ēt

[︁
p∗

t+1
]︁

in their derivation. This difference is key because it affects the definition
of the general system of equilibrium conditions (29) and the guessed policy function (32).

14



3 Solution method

In this section, we present a novel solution method for DSGE models featuring imperfect
and dispersed information.

The log-linearized equilibrium equations can be written as the following general system
of linear equations

F1

� 1

0
Ei,t[Yi,t+1]di+ F2Ēt[Yt+1] +G1Yt +G2Ēt[Yt] +HYt−1+

LĒt[xt+1] +M1xt +M2Ēt[xt] = 0m×1,

(29)

where i ∈ [0, 1] indexes an agent, Yi,t is a m × 1 vector of individual choices, Yt is a m × 1
vector of aggregate endogenous variables and xt is a n× 1 vector of unobservable exogenous
shocks.

The system of equations (29) extends existing solution methods along two dimensions.
First, it incorporates average expectations about future own variables (the term multiplying
F1). Second, it accommodates endogenous state variables (the term multiplying H), which
is necessary for solving medium-scale DSGE models such as the one in Section 2.

Structural shocks xt follow a stationary stochastic process

xt = A1xt−1 + εt, εt ∼ N (0,Σε) (30)

where A1 is a diagonal matrix storing the persistence of each shock, and Σε is a diagonal
covariance matrix. Idiosyncratic signals are given by

si,t = Cxxt +Dvi,t, vi,t ∼ N (0,Σv), (31)

where Σv is a diagonal covariance matrix.12

Define the k-th order average expectation E(k)
t [·] given information of period t about the

vector of unobservable aggregate shocks xt as E(k)
s [xt] ≡

� 1
0 Eis

[︂
E(k−1)

s [xt]
]︂
di, for all k ≥ 1

and s, t, with the convention that E(0)
t [xt] ≡ xt and E

(1)
t [xt] ≡ Ēt[xt].

It is useful to denote the expectations hierarchy of xt from order l to s as the vector

x
(l:s)
t ≡

[︂
E

(l)
t [xt]′ E

(l+1)
t [xt]′ · · · E

(s)
t [xt]′

]︂′
,

for s > l ≥ 0.
12The model from Section 2 implies a diagonal structure for A1, Σε and Σv. The solution method does

not require these assumptions.

15



Building on the insights of Nimark (2008) and Melosi (2017), our solution method involves
truncating the state space to address the issue of infinite regression of expectations, a problem
first highlighted by Townsend (1983).13

Specifically, we guess that the individual and aggregate equilibrium law of motion and
expectation hierarchy are given by

Yi,t = RYi,t−1 + Q0xt + Q1Ei,t

[︃
x

(0:k̄)
t

]︃
, (32)

Yt = RYt−1 + Qx(0:k̄)
t (33)

x
(0:k̄)
t = Ax(0:k̄)

t−1 + Bεt, (34)

where (R,Q0,Q1,A,B) are finite dimensional matrices to be determined in equilibrium.
Q = Q0ex + Q1T , ex is the selection matrix such that xt = exx

(0:k̄)
t and T is a order

transformation matrix such that E(1)
t

[︃
x

(0:k̄)
t

]︃
= Tx

(0:k̄)
t .14

Our guess-and-verify strategy extends Melosi (2017) in two aspects: First, we guess the
policy function of individuals (32) and then aggregate to find the aggregate policy function
(33). In contrast, Melosi (2017) abstracts from average expectations of future own variables
in the system of equations (specifically, the term multiplying F1 in equation 29) and directly
guesses the aggregate policy function.

Second, both the individual and aggregate policy functions include a lagged term with a
coefficient R. This is significant because our system incorporates endogenous state variables,
such as Yt−1 in equation (29). By doing so, we allow endogenous variables to exhibit intrinsic
persistence, in addition to the persistence arising from shocks and higher-order expectations.

Proposition 1 shows the dynamics for expectation hierarchy and the expressions for the
fixed-point solution for (A,B).

Proposition 1. Suppose that xt is a stationary process, the expectation hierarchy follows
equation (34) and agents use information from signals (31). Assuming common knowledge
of rationality, the individual and average expectations about the hierarchy are given by

Ei,t

[︃
x

(0:k̄)
t

]︃
= (Ik − KC) AEi,t−1

[︃
x

(0:k̄)
t−1

]︃
+ KCAx(0:k̄)

t−1 + KCBεt + KDvit

Ēt

[︃
x

(0:k̄)
t

]︃
=
(︂
Ik − K̄C

)︂
AĒt−1

[︃
x

(0:k̄)
t−1

]︃
+ K̄CAx(0:k̄)

t−1 + K̄CBεt.

where C = Cxex.
13Nimark (2017) shows that if the impact of higher-order expectations on equilibrium outcomes diminishes

with their order, there exists a threshold k̄ at which the approximation error becomes arbitrarily small.
14See details in Appendix D.
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The expectation hierarchy consistent with the expectations above has coefficients (A,B)
that satisfy the matrix equations:

(︂
Ik − T ′K̄C

)︂
A = e′

xA1ex + T ′
(︂
Ik − K̄C

)︂
AT(︂

Ik − T ′K̄C
)︂

B = e′
x

(35)

such that K̄ and P̄ solve the Riccati equation resulting from equations

K̄ = P̄C ′
[︂
CP̄C ′ +DΣvD

′
]︂−1

P̄ = A
[︂
P̄ − K̄CP̄

]︂
A′ + BΣεB′

(36)

The Riccati equation resulting from equations (36) solves the steady-state mean square
error of the expectation hierarchy (see also Appendix B for the scalar case). The equa-
tions use the standard Kalman filter with hierarchy dynamics (34) as state equation and
measurement equation as signals (31).

The key difference from a standard Kalman filter is that (A,B) are themselves determined
by agents’ signal extraction problem. Thus, the hierarchy persistence (A) and response to
shocks (B) depend on the Kalman gain matrix K̄. As any signal extraction, the K̄ depends
on the unobserved state dynamics (A,B). Therefore, the equilibrium solution (A,B, K̄, P̄)
is the fixed point from equations (35-36).

Since the signals (31) are exogenous, they do not depend on equilibrium conditions (29).
This simplifies finding the guessed coefficients for the equilibrium (R,Q0,Q1) and substan-
tially reduces computational costs. In contrast, Nimark (2008) and Melosi (2017) allow for
endogenous signals.15

Before presenting the equilibrium dynamics in Proposition 2 below, we want to empha-
size one assumption that substantially simplifies this task. We assume that when forming
expectations about Yt using the guessed solutions (32-33), agents know the past value of
endogenous variables, Yt−1.

This assumption contrasts with the expectation formation from Proposition 1 in which
expectations depend only on exogenous private signals. This avoids learning from (past)
endogenous variables, which generates a feedback between the signal extraction and endoge-
nous variable responses to the hierarchy.16 Ribeiro (2017) considers the general case with
endogenous signals.

15For instance, Melosi (2017) explains in his replication files that: “Be aware that estimating the DIM may
take several weeks or even a few months depending on the computer used for this task.” In our application,
which has a considerably larger-scale model, takes roughly 72 (36) hours for 400k posterior draws using the
RB-RWHM (RWMH) algorithm in a standard notebook.

16One can think of this assumption as a deviation from rationality as agents do not incorporate that their
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This assumption is implicit in standard solution methods for imperfect common infor-
mation such as Blanchard et al. (2013) and Baxter et al. (2011). This is also a common
assumption when studying the New Keynesian Phillips Curve under dispersed information
(e.g., Angeletos and La’O, 2009; Angeletos and Huo, 2021).

Proposition 2. For a given expectation hierarchy from equation (34), the system of equa-
tions (29) has a recursive equilibrium law of motion (33) whose matrix coefficients satisfy:

1. (R,Q0,Q1) satisfy the matrix equations:

FR2 +GR +H = 0m×m (37)

[F1R +G1] Q0 +M1 = 0m×n (38)

[F1R +G1] Q1 + F1Q1A + (F2R +G2)Q1T + F2Q1TA+

[(F2R +G2)Q0 + FQ0A1 + (LA1 +M2)] ex = 0m×k (39)

where F ≡ F1 + F2, G ≡ G1 +G2 and k = n(k̄ + 1).

2. Following Uhlig (2001), R has a unique stable solution if all eigenvalues of R are
smaller than unity in absolute value.

3. Given the solution of R, denote the matrices (V0, V1) such that:

V0 = F1R +G1 (40)

V1 = Ik ⊗ (F1R +G1) + T ′ ⊗ (F2R +G2) + A′ ⊗ F1 + A′T ′ ⊗ F2 (41)

Provided that there exists an inverse for V0 and V1, the equilibrium solution for (Q0,Q1)
is given by

Q0 = −V −1
0 M1 (42)

vec(Q1) = −V −1
1 vec ([(F2R +G2)Q0 + FQ0A1 + (LA1 +M2)] ex) (43)

where vec(·) denotes columnwise vectorization.

Given the individual response to shocks (Q0) and to the individual expectation about the
hierarchy (Q1), the aggregate response to the hierarchy is given by: Q = Q0ex + Q1T

Proposition 2 connects the solution of imperfect common knowledge models with the
standard undetermined coefficients solution for full information DSGE models. Condition

knowledge about Yt−1 can be used to learn about x(0,k̄)
t−1 , which would also change their beliefs about x(0,k̄)

t .
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(37) is exactly the same as the usual “brute force” approach of Uhlig (2001). In other
words, the equilibrium R is the same that would happen if agents had full information,
as shown in Appendix D.17 Note that when we abstract from state endogenous variables
(H = 0m×m), R = 0m×m, leading to a policy function without intrinsic persistence from
endogenous variable as in Melosi (2017).

The fact that R is invariant to the information structure has two implications. First, R
can be computed with standard full-information techniques. Second, informational frictions
do not affect how endogenous variables respond to lagged endogenous variables. Persistence
of endogenous variables is still shaped by information frictions, however, through their effect
on the expectation hierarchy x(0:k̄)

t .
Appendix D presents the proofs for Propositions 1 and 2 and shows the details of the

algorithm to find the fixed point solution from Proposition 1.

4 Estimation

In this section, we discuss the data, the prior choices, and the posterior results of the Bayesian
estimation. We estimate the model featuring dispersed information (‘DI model’) using two
different datasets: one containing macroeconomic data only and another including both
macroeconomic and expectations data. For comparison, we also estimate the same model
under full-information (‘FI model’) in the same datasets.

4.1 Data

We collect U.S. quarterly macroeconomic and expectations data from 4Q:1981 to 4Q:2007.18

The data on macroeconomic aggregates include the series of real GDP, real consumption,
real investment, GDP deflator index, annualized 3-month Treasury bill rate, hours worked
index and nominal wages index, and come from the Federal Reserve Database (FRED).19

We also gather the average expectation about current and one-quarter-ahead real GDP, real
consumption and real investment, inflation and three-month Treasury bill rate from the U.S.
Survey of Professional Forecasters (SPF). A detailed description of the datasets can be found
in Appendix C.

When estimating medium-scale DSGE models, the inclusion of expectations data is rare.
17The key assumption for this result is that agents observe past endogenous variables at period t.
18We restrict our sample to avoid the Zero Lower Bound on nominal interest rates. Including non-linearities

in the model complicates substantially the computation of expectations under imperfect information.
19The nominal interest rate is measured by 3-month Treasury bill rate to be consistent with the expecta-

tions data, as the SPF does not survey forecasts for the Federal funds rate.
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In recent years, few papers have tried to incorporate expectations data to discipline macroe-
conomic models with complete and incomplete information. For instance, Del Negro and
Eusepi (2011) adds one-year ahead inflation expectations to estimate a conventional New
Keynesian model. Melosi (2017) estimates a small scale dispersed information model using
data on inflation forecasts one-quarter and one-year ahead. Del Negro et al. (2015) uses
ten-year inflation expectations from the Blue Chip and SPF.

We depart from previous literature in two ways. First, we use expectations data on a
broader set of variables. Second, we use data on current forecast revisions given by

Revt|t−1[Zt] = Ēt[Zt] − Ēt−1[Zt],

where Revt|s[Zt] is the average expectation revision at period t of a forecast about Zt made
in period s, and Ēs[Zt] is the average expectation about Zt given information of period s.

Forecast revisions are particularly informative about information frictions. Aggregating
equation (24) shows that

Revt|t−1[xl
t] ≡ Ēt[xl

t] − Ēt−1[xl
t] = k̄l

[︂
sl

t − Ēt−1[sl
t]
]︂

= k̄lFEt−1[xl
t] (44)

where sl
t =

� 1
0 s

l
itdi = xl

t is the aggregate signal, which due to the simple signal structure
(22) is equal to the shock l. FEs[xl

t] = xl
t − Ēs[xl

t] denotes the average forecast error about
xl

t at period t of a forecast made in period s.
Note that the coefficient of the forecast error in the current revision is the Kalman gain

k̄l alone, isolating the information friction. In contrast, by iterating equation (26), one can
see that the forecast Ēt[xl

t] depends on the whole history of previous signals, the information
frictions and the shock’s persistence. Moreover, longer forecast horizons (Ēt[xl

t+h]) and
revisions (Revt|t−1[xl

t+h]) are likely to be less informative as they depend also on the shock’s
persistence.20

The clean mapping between revisions and Kalman gains in equation (44) holds for ex-
ogenous shocks. In practice, we observe endogenous variables, whose forecast revisions also
reflect other sources of persistence. Nevertheless, short-horizon forecast revisions remain
the most informative observable for identifying information frictions, as they minimize the
confounding role of shock persistence.

We map macroeconomic data to model variables following the same approach as in SW.
Specifically, real output, consumption, investment (per capita) and real wages are linked to
the model in growth rates. Per capita total hours are demeaned while inflation and nominal

20The h-step ahead forecast is given by Ēt[xl
t+h] = ρh

l Ēt[xl
t] and analogous revision is Revt|t−1[xl

t+h] =
ρh

l Revt|t−1[xl
t]. They also depend on shocks’ persistence, ρl and the horizon h.
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rates are measured in annual terms. We include measurement errors in the observational
equations associated with current forecast revisions to avoid stochastic singularity21 and to
capture the fact that the expectations data from SPF are not completely consistent with the
average expectations of the agents populating our model.22

The measurement equations that link data series with their model counterparts are pre-
sented in Appendix C.1.1.

4.2 Prior distributions

As standard in the literature, we fix the value of some parameters that are not easily identified
and estimate the others. The quarterly depreciation rate δ is set to 2.5%. The ratio of
government expenditures to output gy is calibrated to its historical mean value of 18%. The
steady-state wage markup µ̄w is fixed at 1.5 as in SW. Finally, the capital share of the
production function α is fixed at 0.3 to be consistent with the historical capital-output ratio.

The introduction of informational frictions is likely to affect the estimation of real and
nominal frictions, so we do not rely completely on estimates from previous papers to choose
priors. Instead, most of the priors are relatively loose. Table 1 shows the choices for priors
on the left side. The priors are the same for the FI and DI models. By definition, the full
information model does not include the informational friction parameters and estimates with
macroeconomic data only do not include measurement errors for revision data.

The prior for parameters that have support between 0 and 1, such as the persistence of
shocks, partial adjustment of the Taylor rule, indexation of prices and wages to past inflation
and habit persistence in consumption, follow a beta distribution (B) with a mean of 0.5 and
standard deviation of 0.2. One important exception is the Calvo frictions on prices and
wages. For those two parameters we use very tight priors around micro data estimates for
prices from Nakamura and Steinsson (2008) and for wages from Grigsby et al. (2021). Those
imply an average duration of three quarters for prices and one year for wages.

The trend growth, inflation rate, and nominal interest rate steady-state parameters have
priors with gamma distribution (G) whose mean equals their sample average. The standard
deviations are 0.10 for the first prior and 0.50 for the others.

The priors on the adjustment cost of investment, capital utilization, and the inverse of
Frisch elasticity are taken from Del Negro et al. (2007). The parameters specifying the Taylor
rule have priors with gamma distribution whose mean values are ϕπ = 1.5 and ϕy = 0.2 and
the standard deviations are 0.5 and 0.1, respectively.

21This is required since the complete dataset includes 12 time series, while the model has only 7 shocks.
22This also can help to account the fact that data on macroeconomic aggregates are on constant chain

level while the base chain in expectations change over time. See details in the data appendix (Appendix C).
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Priors for the standard deviation of the structural shocks are distributed as an inverse
gamma (IG) with means chosen to match the relative importance of standard deviations
of observables in the pre-sample 1957Q1-1981Q1, following a similar approach to Del Negro
and Eusepi (2011). Standard deviations are set to 1.00, which implies fairly loose priors.

Priors for Kalman gains of each shock are set to follow a beta distribution with a mean
of 0.5 and a standard deviation of 0.2. The value of 0.5 is similar to estimates from CG
using one-year inflation expectations and Bordalo et al. (2020) for one-year data on output,
consumption and investment growth rates, inflation, and nominal rates. Note that their
estimates of frictions are using macroeconomic aggregates and not actual shocks. We discuss
this further in Section 5.1.

We use the Kalman gain (k̄l) directly as a parameter instead of the noise-to-signal ratio
(rl = τl/σl) as Del Negro and Eusepi (2011) or the private signal variances (τl) as Melosi
(2017). As discussed by Del Negro and Eusepi (2011), forming priors on rl of a shock
implicitly forms a prior for the private signal’s variance conditional on shock’s variance, σl.
Analogously, when placing priors on the Kalman gains of each shock, it implicitly generates
a prior for the NSR conditional on the shock’s persistence, ρl (see equation 25).

Therefore, despite the shock processes (ρl, σl) having different priors for each shock l,
when assuming the same prior for the Kalman gains of all shocks, there is an implicit prior
for τl|ρl, σl that allows the same information friction for all shocks a priori.

Finally, priors for the standard deviation of measurement errors on the time series of
forecast revisions are distributed as inverse gamma with a mean that matches roughly 10%
of the standard deviation of each revision data. The prior standard deviations are small to
ensure very tight priors, which prevents measurement errors from explaining more than 25%
of the corresponding standard deviation.

4.3 Posterior distributions

We estimate the models by combining the prior densities described above with the likelihood
function computed using the Kalman filter. We solve the model truncating the hierarchy of
average higher-order expectations at the sixth order, i.e., k̄ = 6.23 We use the Random Block
Random-Walk Metropolis-Hastings (RB-RWMH) algorithm with five blocks to draw from
the posterior distribution.24 Table 1 reports the posterior moments for FI and DI models

23Nimark (2017) shows that k̄ = 6 is an accurate approximation in a simple model. Which order is
sufficiently high to provide a good approximation to the policy function is model dependent. We find similar
results with k̄ = 12 using the complete dataset and report them in Appendix F. Truncating at lower orders
substantially speeds up estimation.

24Estimates from RB-RWMH have substantially better chain convergence diagnostics than standard
RWMH as they generate chains with lower autocorrelation. We use 400k draws and a 50% burn-in. The
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across both datasets.
The DI model estimated on the full dataset exhibits the following properties. We find

strong information frictions across all shocks. The highest Kalman gain, 0.72, belongs to the
monetary policy shock, which stands apart from the rest even though it remains considerably
below full information. For all other shocks, posterior modes for the Kalman gains range
from 0.01 to 0.52. The posteriors are precisely estimated, with the widest 90% credible
interval reaching 0.3.

The posterior mode of habit formation is near unity across all four specifications, which
is higher than the standard range of 0.7–0.8. A likely reason is that the standard practice is
to impose a tight prior centered at 0.7, whereas we adopt a looser prior centered at 0.5.

The estimated degree of investment adjustment costs (IAC), 4.83, is slightly lower than
SW’s original estimate of 5.48, although it remains noticeably higher than the 2.65 reported
by Justiniano et al. (2011), who use the same investment series (including inventory invest-
ment) but only macroeconomic data.25 The results for the FI model reinforce this pattern:
including expectations data likewise drives higher IAC estimates. Turning to the nominal
rigidities, estimated price indexation is negligible, while wage indexation is 0.76, exceeding
the prior mean. The Taylor-rule reaction to inflation is high, with a posterior mode of 3.02,
possibly reflecting that our sample excludes the pre-Volcker period because expectations
data are unavailable for earlier years.

Finally, shock persistence varies substantially: investment-specific technology, preference,
wage-markup, and monetary shocks are mostly transitory, whereas government spending and
TFP shocks are highly persistent and price-markup shocks are moderately persistent.

Several additional results emerge from comparing datasets and model specifications. Ex-
pectations data are informative about information frictions: including them substantially
changes the estimated Kalman gains. For investment, price-markup, TFP, and preference
shocks, the Kalman gain falls sharply (implying higher frictions), while for the monetary
shock it rises substantially (implying lower frictions). Regarding the standard inertial fric-
tions, two parameters move substantially when expectations data are included. The IAC
parameter rises by a factor of more than two, and even more so under FI. Wage indexation
under DI also rises markedly, from 0.44 to 0.76, whereas it is essentially unchanged under
FI.
candidate distribution is a multivariate normal with covariance matrix based on the estimate of the Hessian
matrix at posterior mode as in An and Schorfheide (2007). Standard univariate convergence diagnostics
suggest convergence for all models. For the DI model under the complete dataset, we also simulate three
additional chains with different initial values based on draws of the prior and find that they converge to the
same distribution.

25SW use an investment series that excludes inventory investment; Justiniano et al. (2011) shows that this
difference in the investment series drives the discrepancy.
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Table 1: Prior and Posterior distributions

Parameters

Dataset: Macroeconomic data only Dataset: Macroeconomic and expectations data
Prior Posterior: FI model Posterior: DI model Posterior: FI model Posterior: DI model

Dist. Mean Std. Dev. Mode 5% 95% Mode 5% 95% Mode 5% 95% Mode 5% 95%
Endogenous propagation parameters
χ G 2.00 0.75 2.76 1.85 4.36 2.10 1.51 3.82 4.13 3.08 6.22 1.51 0.92 2.14
φ B 0.50 0.20 0.97 0.88 0.98 0.98 0.88 0.99 0.99 0.98 0.99 0.998 0.99 0.999
a′′ G 0.20 0.10 0.38 0.26 0.64 0.34 0.22 0.59 0.33 0.22 0.57 0.06 0.06 0.22
s′′ G 4.00 1.50 1.93 1.23 3.47 1.81 0.98 3.56 6.38 4.82 8.04 4.83 3.62 6.80
ϕy G 0.20 0.10 0.07 0.04 0.15 0.09 0.05 0.19 0.04 0.02 0.09 0.06 0.04 0.11
ϕπ G 1.50 0.50 3.01 2.36 3.97 2.57 2.01 3.47 3.29 2.81 4.11 3.02 2.43 3.88
ϕr B 0.50 0.20 0.87 0.81 0.90 0.86 0.81 0.90 0.87 0.83 0.90 0.87 0.84 0.90
ιp B 0.50 0.20 0.19 0.08 0.44 0.11 0.04 0.32 0.03 0.01 0.11 0.03 0.01 0.13
ιw B 0.50 0.20 0.52 0.22 0.83 0.44 0.17 0.78 0.56 0.23 0.84 0.76 0.37 0.91
ξp B 0.67 0.05 0.83 0.79 0.86 0.81 0.76 0.84 0.83 0.81 0.85 0.84 0.80 0.87
ξw B 0.75 0.05 0.78 0.74 0.82 0.78 0.73 0.82 0.82 0.78 0.84 0.81 0.78 0.85
Steady-state parameters
πss G 2.62 0.50 2.33 1.68 2.95 1.95 1.39 2.73 2.88 2.55 3.30 2.07 1.56 2.72
rss G 5.15 0.50 6.12 5.39 6.98 6.53 5.65 7.66 6.23 5.58 7.04 6.58 5.83 7.62
γss G 0.50 0.10 0.31 0.25 0.37 0.31 0.25 0.36 0.34 0.30 0.37 0.36 0.31 0.41
Structural shocks parameters
ρc B 0.50 0.20 0.36 0.21 0.78 0.23 0.14 0.55 0.24 0.15 0.33 0.14 0.07 0.21
ρi B 0.50 0.20 0.91 0.64 0.95 0.72 0.57 0.91 0.40 0.33 0.48 0.42 0.33 0.50
ρg B 0.50 0.20 0.98 0.96 0.99 0.98 0.97 0.99 0.97 0.96 0.98 0.97 0.95 0.99
ρp B 0.50 0.20 0.92 0.87 0.95 0.93 0.87 0.96 0.91 0.89 0.93 0.74 0.65 0.81
ρw B 0.50 0.20 0.19 0.08 0.36 0.14 0.06 0.25 0.21 0.09 0.34 0.17 0.09 0.25
ρr B 0.50 0.20 0.54 0.39 0.68 0.75 0.52 0.90 0.37 0.28 0.47 0.44 0.31 0.57
ρa B 0.50 0.20 0.95 0.87 0.98 0.94 0.87 0.98 0.87 0.82 0.92 0.999 0.998 0.9996
σc IG 0.50 1.00 0.27 0.25 0.35 0.34 0.29 0.63 0.27 0.24 0.30 1.06 0.87 1.52
σi IG 2.00 1.00 1.04 0.89 1.55 1.25 1.03 1.80 1.16 1.01 1.33 2.73 2.37 3.26
σg IG 0.20 1.00 0.57 0.49 0.65 0.52 0.45 0.63 0.59 0.53 0.69 0.55 0.49 0.65
σp IG 0.20 1.00 0.07 0.06 0.10 0.09 0.07 0.15 0.07 0.06 0.08 0.26 0.20 0.41
σw IG 0.50 1.00 0.35 0.29 0.41 0.58 0.44 1.50 0.34 0.29 0.41 0.94 0.72 1.76
σr IG 0.20 1.00 0.13 0.11 0.15 0.12 0.11 0.15 0.13 0.12 0.15 0.13 0.12 0.15
σa IG 0.20 1.00 0.41 0.38 0.48 0.41 0.37 0.47 0.46 0.41 0.53 0.47 0.42 0.54
Information friction parametersa

k̄c B 0.50 0.20 0.73 0.43 0.92 0.23 0.17 0.29
k̄i B 0.50 0.20 0.92 0.77 0.97 0.46 0.42 0.51
k̄g B 0.50 0.20 0.68 0.35 0.89 0.52 0.49 0.56
k̄p B 0.50 0.20 0.90 0.69 0.96 0.33 0.25 0.42
k̄w B 0.50 0.20 0.49 0.26 0.80 0.37 0.23 0.53
k̄r B 0.50 0.20 0.08 0.03 0.55 0.72 0.59 0.82
k̄a B 0.50 0.20 0.59 0.26 0.83 0.01 0.00 0.01
Measurement errors standard deviationb

σme
dy IG 0.10 0.02 0.52 0.46 0.59 0.30 0.26 0.34
σme

dc IG 0.07 0.02 0.43 0.39 0.48 0.20 0.19 0.23
σme

di IG 0.50 0.10 2.15 1.95 2.42 1.24 1.11 1.39
σme

π IG 0.15 0.04 0.77 0.69 0.87 0.51 0.46 0.59
σme

r IG 0.15 0.04 0.31 0.28 0.35 0.29 0.26 0.35
Marginal Likelihood -956.03 -950.02 -1600.49 -1381.55
Number of MH Draws 400k 400k 400k 800k
MH Burn-in 50% 50% 50% 50%

Note: G, IG and B stand for: Gamma, Inverse Gamma and Beta distributions, respectively. aApplies to the
dispersed information model. bApplies to the dataset including macroeconomic and expectations data.

Including expectations data also reduces the estimated persistence of preference, mone-
tary, price-markup, and especially investment shocks,26 while leaving the persistence of gov-

26Posterior-mode estimates for investment persistence fall from 0.91 to 0.40 in the FI model and from 0.72
to 0.42 in the DI model.
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ernment spending and wage-markup shocks largely unchanged. TFP persistence responds
differently across models: under DI it rises close to unity, whereas under FI it falls slightly,
remaining close to the macroeconomic-data estimate. Moreover, in the DI model, the shock
standard deviations increase markedly for investment, price- and wage-markup, and pref-
erence shocks. As we show later, this increase is offset by stronger information frictions,
mitigating the impact of these shocks on expectations.

Comparing the FI and DI models estimated on the full dataset further indicates that
the FI model relies more heavily on IAC than the DI model to match the data. We also
find a sizable reduction in the standard deviation of measurement errors, which provides an
initial indication that the DI model better explains expectations data. This interpretation
is confirmed by the marginal likelihood comparison reported at the bottom of Table 1: the
advantage of the DI model rises substantially, reaching 219 log points. The next section
investigates the quantitative implications of these estimates.

5 Business cycle dynamics under dispersed informa-
tion

This section is divided into four parts. Section 5.1 explores whether simulated data from
the estimated model reproduce empirical measures of information frictions. Sections 5.2
and 5.3 revisit business-cycle drivers and shock propagation in the DI model disciplined by
macroeconomic and expectations data. Finally, Section 5.4 assesses the relative importance
of standard inertial frictions and information frictions.

5.1 Matching empirical measures of information frictions

A growing literature following CG explores a relationship between forecast errors and forecast
revisions implied by models with information frictions to obtain survey-based measures of
those frictions. We adopt a similar empirical strategy to assess whether our estimated model
replicates these stylized facts. For each variable z, we estimate

Revt|t−1[zt] = βFEt−1[zt] + errort. (45)

According to equation (44), if z follows an AR(1) and agents form rational expectations with
private dispersed information, then β is an estimate of the true Kalman gain, k̄z.

Figure 1 shows the scatter plot with the fitted line in solid black for each variable in the
SPF. Hereafter, we refer to those estimates as empirical Kalman gains (eKGs).
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Figure 1: Empirical Kalman gains from SPF expectations data (1981Q4-2007Q4)
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Note: Empirical Kalman gains are the coefficients from regression (45). Output, consumption and investment
refer to their respective quarterly growth rate, whereas inflation and interest rates refer to their levels.

A natural benchmark is full information, in which revisions and forecast errors line up
one-for-one (the 45◦ line). Estimates depart markedly from this benchmark, and the degree
of departure varies across variables, as documented by CG and Bordalo et al. (2020).

A caveat is that the measure from equation (45) truly holds only for the case of exogenous
AR(1) fundamentals, whereas we observe endogenous variables whose equilibrium dynamics
depend on lags and the hierarchy of expectations. As a result, eKGs generally reflect the
interaction of information frictions with other sources of persistence in the model. Rather
than treating eKGs as direct estimates of structural Kalman gains, we use them as an un-
matched moment for external validation of the model-implied joint mapping from structural
frictions to observable forecast revisions and errors.

We proceed as follows. For a given parameter vector Θ, we simulate s = 1, · · · , nsim

samples of length Tsim from the model, construct simulated forecast revisions and forecast
errors consistent with the measurement system used in estimation such that

Rev
(s)
z,t|t−1 = Ēt[zt](s) − Ēt−1[zt](s) + ε

me,(s)
z,t ,

FE
(s)
z,t−1 = z

(s)
t − Ēt−1[zt](s),

and estimate (45) on each simulated sample, s.
Figure 2 reports average coefficients and 90% confidence intervals across nsim = 100

simulations with Tsim = 105, matching the SPF sample size.27

Two results stand out. First, simulated eKGs under the prior mean (red □ error bars)
27We add simulated measurement errors εme

z,t to forecast revisions so that the simulated objects are con-
sistent with the measurement equations (C.1). nsim = 100 is sufficiently large to avoid sampling variability
affecting the Kalman gain estimates meaningfully.
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Figure 2: Empirical Kalman gains from simulated baseline model (1981Q4-2007Q4)
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Note: Empirical Kalman gains are the coefficients from regression (45) using actual and simulated data
from the model with respective parameter configuration. Output, consumption and investment refer to their
respective quarterly growth rate, whereas inflation and interest rates refer to their levels. Bars correspond to
90% confidence intervals.

cluster mechanically around 0.5, reflecting the common prior mean on the Kalman gains
of exogenous shocks. Second, simulated eKGs under the posterior mode estimated with
the complete dataset (blue ⋄ error bars) align closely with the SPF eKGs, although the
estimation does not directly target these coefficients. By contrast, the posterior mode from
the model estimated with macroeconomic data only (green △ error bars) performs starkly
worse. Together, these findings highlight the importance of including expectations data in
the model estimation and provide external validation that the model captures the learning
dynamics embedded in survey forecast revisions.

5.2 Business cycle drivers

Having established that the model successfully replicates empirical measures of information
frictions when disciplined by expectations data, we turn to business cycle drivers. We assess
them through a forecast error variance decomposition (FEVD) exercise for selected variables
at horizons ranging from 1 to 40 quarters.

Figure 3 reports results for both models estimated on the complete dataset. Investment-
specific technology shocks and government expenditure shocks are the main drivers of output
growth and hours worked. At short horizons, the investment shock accounts for roughly 60%
of fluctuations, while government spending explains about 25%. At longer horizons, their
relative importance reverses. This pattern is robust for both models. In contrast to SW, we
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Figure 3: FEVD for macroeconomic variables for both models in the complete dataset
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Note: Bars show the posterior mean of the FEVD at each horizon. All variables are in levels.

find a smaller role for wage mark-up and TFP shocks, and a larger role for investment-specific
technology shocks. Our results align with the conclusions of Justiniano et al. (2011), who
emphasize the importance of including inventories in total investment, which SW abstracts
from. Auclert et al. (2020) also find that investment-specific technological shocks are key to
output fluctuations using an estimated HANK model with sticky information.

Across variables, the dominant shock is typically the one that most directly shifts the
corresponding equilibrium condition: preference shocks for consumption, investment shocks
for investment, price mark-up shocks for inflation, and wage mark-up shocks for real wages.
Beyond their dominant role for inflation, price mark-up shocks also contribute significantly
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to nominal rate and real wage dynamics, with importance rising over time.28

Comparing Panels (a-b) reveals that this pattern is more pronounced under DI. The
underlying mechanism is the anchoring of expectations to prior beliefs: agents gradually up-
date their beliefs about shocks, dampening general equilibrium propagation and amplifying
the relative importance of partial equilibrium channels. In Section 5.3, we show that this
attenuation is driven by the underreaction of average expectations.

5.3 Propagation of shocks

We compare Bayesian impulse response functions (IRFs) from the DI and FI models esti-
mated on the complete dataset to assess how informational frictions affect shock transmission.

Learning and higher-order average expectations about exogenous shocks. Figure
4 displays the impulse response of each structural shock alongside the corresponding hierar-
chy of average expectations (first- through third-order). Under full information, expectations
at all orders coincide with the true shock; systematic deviations from this benchmark quantify
the gradual learning induced by information frictions. The DI and FI models are estimated
separately, so their impulse responses also differ due to changes in the estimated exogenous
processes.

Two patterns emerge from the DI model. First, shocks estimated to have low persistence
(preference, investment-specific technology, wage mark-up) generate negligible expectation
inertia even with substantial information frictions. Agents underestimate the contempora-
neous realization of these shocks, but because the shocks are transitory, expectations simply
decay back toward the steady state alongside the shock itself. Learning therefore largely
affects the impact response rather than producing sustained belief dynamics. To repro-
duce similar volatility in observables despite this attenuation, the DI model requires larger
innovation variances than the FI model for these shocks.

Second, shocks that combine high persistence with strong information frictions (gov-
ernment spending, price mark-up) generate inertial, hump-shaped dynamics in first- and
higher-order expectations. Both ingredients are needed: shock persistence propagates to the
belief hierarchy, while strong information frictions slow the convergence of beliefs toward the
true state.29

28TFP shocks play a minor role in explaining fluctuations in all observables.
29TFP is an extreme case, with k̄a very close to zero and ρa very close to one, which yields extremely slow

higher-order expectation dynamics. This shock, however, accounts for a small share of the fluctuations in
all observables, except hours in the longer run (see Figure 3). The opposite is true for the monetary policy
shock, which combines low persistence with the weakest information friction of any shock.
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Figure 4: Estimated learning process for each shock
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Note: The figure shows the posterior mean of impulse responses for each shock, triggered by a one standard
deviation shock, alongside the estimated responses of higher-order beliefs about the shock.

Both patterns are explained by equation (26). For each shock l, k̄l controls how the aver-
age expectations react to signals and thus to shocks. The persistence of average expectations
has two sources: it inherits the shock’s own persistence, and it has an additional intrinsic
component from gradual learning, governed by (1 − k̄l)ρl. Generating prolonged hump-
shaped dynamics in average expectations therefore requires a combination of an attenuated
response to shocks and high intrinsic persistence (low k̄l and high ρl).

Quantitative explorations with small models typically calibrate shocks to be persistent
and subject to strong information frictions. Our estimates support this configuration for
some shocks, but not all. For a number of shocks, the data favor a combination of low
persistence and strong frictions, which mainly dampens the response to shocks but does
not generate meaningful inertia in beliefs. This highlights that persistence and information
frictions must be jointly identified when estimating macroeconomic models.

Endogenous variables. We now study the propagation of key structural shocks to macroe-
conomic variables. We focus on investment-specific technology and price mark-up (cost-push)
shocks because they account for most of the variation in output and inflation, respectively,
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and generate markedly different higher-order belief dynamics. Figures with impulse responses
to the remaining shocks are available in Appendix J.

Figures 5-6 report posterior mean IRFs from the FI model (dashed blue line) and the
DI model (solid black line), with respective 90% credible intervals shown as shaded bands.
We also plot IRFs from the FI model evaluated at the DI posterior mode (dot-dashed red).
The difference between the black and red lines isolates the role of information frictions. The
remaining gap between the red and blue lines reflects parameter re-estimation.

Figure 5: Impulse responses to an investment-specific technological shock

Note: Posterior-mean IRFs with 90% credible intervals to a one-standard-deviation shock in each model.
Revision panels use growth rates for real variables and levels for nominal variables; panels for macroeconomic
variables report level responses.

Figure 5 shows impulse responses to a one-standard-deviation investment shock. Invest-
ment, output, and hours expand in a hump-shaped manner, while consumption rises more
gradually. The inflation response is insignificant on impact and then turns negative as the
expansion reverses. The nominal interest rate initially rises with the expansion in activity
and subsequently declines as inflation falls and the boom fades.

Information frictions dampen the effects of investment-specific shocks and delay their
transmission. Holding parameters at the DI posterior, the FI economy (dot-dashed red
lines) responds much more strongly and peaks one quarter earlier. Re-estimating the FI
model (dashed blue lines) scales down the investment shock, so that the impact response
of investment is similar to that in the DI model. The re-estimated FI model nonetheless
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generates lower peaks for real variables, a stronger inflation response on impact, and a slightly
higher response of the nominal rate.

DI and FI models differ more substantially in expectation dynamics. In the revision
panels, the FI model exhibits the textbook full-information pattern: the revision for each
variable jumps to match the variable’s impact response, and immediately returns to zero
afterward. This is one of the key reasons why full-information models cannot adequately fit
the expectations data.

Under DI, revision responses are attenuated on impact, unwinding within a quarter for
output and investment but closer to a year for consumption and the nominal rate. This
reflects strong information frictions combined with the shock’s low persistence, implying a
lack of sustained inertia in beliefs, as discussed in Figure 4.

Figure 6: Impulse responses to a price mark-up shock

Note: Posterior-mean IRFs with 90% credible intervals to a one-standard-deviation shock in each model.
Revision panels use growth rates for real variables and levels for nominal variables; panels for macroeconomic
variables report level responses.

For price mark-up (cost-push) shocks (Figure 6), the contrast between the two models
is concentrated in the nominal block. Evaluated at the DI posterior, the FI economy (dot-
dashed red lines) displays substantially larger declines in output, investment, hours, and
real wages, reaches its trough one quarter earlier, and delivers an inflation response more
than three times as large on impact. Information frictions therefore mute and delay the
transmission of cost-push shocks.
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Re-estimation closes most of this gap for real activity (dashed blue versus solid black
lines), in part because the re-estimated FI model features a smaller but more persistent
mark-up shock (Table 1). On impact, DI and the re-estimated FI model now generate
a similar inflation response. Under DI, however, inflation follows hump-shaped dynamics,
whereas in the FI model it peaks immediately and declines monotonically from the outset.
After a year, the DI response is more than twice as large. As a result, the DI policy rate
responds more strongly and peaks one quarter later than in the FI model.

Consistent with Figure 4, the combination of shock persistence and strong information
frictions generates attenuated and persistent forecast revisions: under DI the impact revision
in output is less than a third of its FI counterpart and takes more than a year to fade,
whereas the FI revision returns to zero immediately. Revisions to the nominal interest rate
are the most persistent, fading only after roughly two years. This contrasts with the short-
lived responses of expectation revisions to investment shocks, consistent with the weaker
estimated persistence of those shocks.

Decomposing the role of information frictions. Incomplete information in our model
operates through two channels: gradual learning about exogenous shocks (first-order uncer-
tainty) and uncertainty about other agents’ expectations (higher-order uncertainty). We now
investigate how each channel shapes the propagation of investment and cost-push shocks.

To disentangle the importance of first-order and higher-order uncertainty, we add one
counterfactual IRF (dashed gray) that shuts down higher-order uncertainty by imposing
that all orders of beliefs follow the first-order dynamics. The distance between the solid
black and dashed gray lines therefore measures the contribution of higher-order uncertainty,
and the distance between the dashed gray and dot-dashed red lines (the FI model evaluated
at the DI posterior, as above) that of first-order learning.

Figure 7 shows the counterfactual exercise for the investment and price mark-up shocks for
revision variables. Higher-order uncertainty is quantitatively important for forecast revisions.
Under full information, a revision jumps to the variable’s impact response and returns to zero
immediately. Imperfect learning alone already attenuates that jump substantially, but about
a third of total attenuation comes from higher-order uncertainty. Moreover, the revision of
the interest-rate forecast is hump-shaped for both shocks, peaking one quarter after impact
and fading only gradually. Once higher-order uncertainty is switched off, the same revision
peaks on impact and decays monotonically.

How long that inertia lasts mirrors the persistence of the underlying shock. For the
weakly persistent investment shock, revisions to real variables are essentially complete after
one quarter, and higher-order uncertainty even shortens them: the shock fades before beliefs
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Figure 7: Decomposition of impulse responses for revision variables

(a) Investment-specific technology shock

(b) Cost-push shock

about beliefs can build inertia. For the persistent cost-push shock, revisions decay over
roughly six quarters.

By contrast, higher-order uncertainty contributes little to the transmission of these shocks
to macroeconomic variables. Figure J6 in Appendix J reports the same decomposition for
those variables: the DI and no-higher-order-uncertainty lines are nearly indistinguishable.
The attenuation and delay documented in Figures 5 and 6 are almost entirely the product
of first-order learning.

This limited role reflects the structure of the model. Most forward-looking terms are
integrals of individual expectations about agents’ own future choices, which do not raise
the order of beliefs (Section 2.1). Higher-order expectations enter through a small set of
average-expectation terms, and only two of them are self-referential: inflation depends on
its own average expectation in the NKPC, and the real wage on its own in the wage NKPC.
The coefficients on these terms, ψp ≡ (1 − ξp)(1 − ιpβξp) and ψw ≡ (1 − ξw)(1 − βξw) χθw

1+χθw
,

where θw is the elasticity of substitution across labor varieties (equations 28 and I.12), govern
how fast the dependence on higher-order beliefs decays with the order, and both are small
at our estimates (ψp = 0.16, ψw = 0.03). As a result, second-order beliefs account for over
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90 percent of the total higher-order effect, and orders beyond three are negligible. Higher-
order beliefs therefore mainly shape the dynamics of forecast revisions, the observables that
identify the information frictions, and contribute only modestly to the transmission of shocks
to macroeconomic aggregates.

5.4 Information frictions and standard frictions: substitutes or
complements?

A large literature argues that informational frictions can serve as an alternative to “stan-
dard” frictions, such as habit formation and investment adjustment costs, for explaining the
persistence observed in aggregate macroeconomic data. Our quantitative framework pro-
vides a natural environment to assess the substitutability hypothesis, as it nests both types
of frictions and estimates them jointly under flexible priors.

In this section, we evaluate the relative importance of each friction by re-estimating the
model under alternative restricted specifications that remove selected sources of inertia, and
then comparing log marginal likelihoods to the baseline. In this experiment, we replace IAC
with standard capital adjustment costs (CAC) in the tradition of Chari et al. (2002), so that
the model features a friction on capital accumulation based on the investment-to-capital
ratio rather than the investment-growth formulation of Christiano et al. (2005) and SW.30

SW originally conducted this exercise using a full-information model estimated on macroe-
conomic data only, finding that habit formation and investment adjustment costs are key,
whereas price and wage indexation play a comparatively minor role. We revisit it for the
model with information frictions estimated on the complete dataset.31 Table 2 reports re-
sults.

Most standard inertial frictions remain dispensable conditional on information frictions:
shutting down price indexation and replacing IAC with capital adjustment costs each im-
proves fit, while shutting down wage indexation only marginally worsens it (by about 8 log
points). The key exception is habit formation, which becomes more important once ex-
pectations data are included. Removing habits alone lowers the log marginal likelihood by
roughly 90 points, and eliminating all standard frictions jointly lowers it by about 83 points
– a deterioration driven entirely by habits.

Why are habits so important when expectations data are included? Inspecting the pa-
rameter estimates provides some insight. Shutting down habits moves the preference-shock
block along three margins. First, the preference shock becomes far more persistent, with ρc

30See Appendix E for the exact specification.
31Recall that our sample and investment definitions differ from those in SW.
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Table 2: Marginal Likelihoods shutting down key frictions

Model Marginal Likelihood Difference from baseline
Baseline -1381.55 -
Shutting down:
All standard frictions* -1464.28 -82.73
Habits -1474.80 -93.26
Invest. adjustment costs* -1374.97 6.57
Price indexation -1366.29 15.25
Wage indexation -1389.40 -7.85
Full information for:
All shocks -1600.49 -218.94
Preference shock -1470.95 -89.40
Inv. specific tech. shock -1456.35 -74.80
Gov. expenditure shock -1430.97 -49.42
Price markup shock -1420.73 -39.18
Wage markup shock -1390.03 -8.48
Monetary policy shock -1401.39 -19.85
TFP shock -1399.56 -18.02

Notes: Log-marginal likelihoods are computed using the modified harmonic mean estimator of Geweke (1999).
*When shutting down investment adjustment costs, we substitute them with standard capital adjustment
costs. See Appendix E for details.

rising from 0.14 to 0.88. Second, and perhaps surprisingly, information frictions on the same
shock become weaker : the Kalman gain k̄c more than doubles, from 0.23 to 0.53. Third, the
measurement error on consumption revisions rises by 60 percent (see Appendix E).

These three movements are symptoms of a tension: macroeconomic aggregates are highly
persistent, whereas current forecast revisions of their growth rates display little persistence
and are only weakly related to contemporaneous forecast errors (as suggested by the em-
pirical Kalman gains in Figures 1 and 2). Since preference shocks are the primary driver
of consumption fluctuations, the baseline model reconciles these two facts through a clean
separation of roles: strong habit formation supplies the intrinsic propagation that makes con-
sumption persistent, while the low persistence of preference shocks, combined with strong
information frictions, delivers the weak persistence of consumption growth revisions.

Without habits, the main remaining source of consumption persistence is the shock itself,
so ρc must rise substantially. But the persistence of average expectations is governed by
(1 − k̄c)ρc (equation 26), so the model must attenuate the information friction to preserve
the weak persistence of consumption growth revisions. The offset is only partial, raising the
persistence from 0.11 to 0.41. Forecast revisions remain far more inertial than in the data,
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and the residual mismatch is absorbed by the larger measurement error on consumption
revisions. Habit formation therefore provides the intrinsic propagation needed to reconcile
the observed persistent consumption dynamics with weakly persistent consumption growth
revisions.

By contrast, investment dynamics illustrate a viable form of substitution. Replacing
IAC with CAC in the full dataset improves fit marginally, by about 6 log points. The two
exercises are structurally identical. First, investment is persistent, and investment growth
revisions are weakly persistent. Second, capital adjustment costs impose no penalty on
changing the rate of investment, so replacing IAC removes the intrinsic propagation that
generates hump-shaped investment, just as removing habits removes it from consumption.

However, the estimated parameter configuration in the CAC model generates a balanced
combination of capital adjustment costs, shock persistence, and information frictions that
better accommodates the dynamics of investment and of its growth revisions. The model
selects sizable capital adjustment costs32 together with, relative to the baseline, a more
persistent investment shock (ρi rises from 0.42 to 0.80) and weaker information frictions (k̄i

rises from 0.46 to 0.59).33

The role of information frictions. We also assess the contribution of incomplete in-
formation to fitting the complete dataset. Imposing full information for all shocks lowers
the log marginal likelihood by about 219 log points, substantially more than the loss from
shutting down standard frictions. This indicates that information frictions are central for
matching expectations data in our environment.

Across shocks, information frictions on preference and investment-specific shocks are the
two most important single components: imposing full information for either one alone lowers
the log marginal likelihood by about 89 and 75 log points, respectively (together accounting
for the bulk of the full-information loss). Information frictions on government expenditure
and cost-push shocks matter as well (drops of about 49 and 39 log points, respectively).
Frictions associated with the remaining shocks play a comparatively minor role: imposing
full information for the monetary policy, TFP, or wage mark-up shock lowers the log marginal
likelihood by about 20, 18, and 8 log points, respectively.

32The posterior mode of the capital adjustment cost parameter is s′′
k = 20.8. Standard calibrations pin

this parameter down from steady-state relationships that are common to full- and imperfect-information
models. Bernanke et al. (1999) calibrate s′′

k by setting the steady-state elasticity of marginal q with respect
to the investment rate to 0.25, and report values in the range [0, 0.5], while noting the lack of consensus
in the literature. In our CAC model, the implied elasticity is 0.61, above this range. One interpretation is
that informational frictions dampen the response of q, requiring stronger CAC to match observed investment
dynamics.

33The persistence of average expectations about the investment shock, (1 − k̄i)ρi, rises only from 0.23 to
0.33, a far smaller change than shutting down habits imposes on its consumption counterpart.
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Taking stock. Taken together, the results provide an important qualification to the substi-
tutability view. Standard inertial mechanisms are not essential once incomplete information
is allowed: shutting down price indexation or replacing investment adjustment costs with
capital adjustment costs each slightly improves fit relative to the baseline, while removing
wage indexation lowers it only marginally.

The key exception is habit formation. The reason is that expectations data jointly identify
shock persistence and information frictions through the dynamics of forecast revisions. For
investment, capital adjustment costs provide sufficient intrinsic propagation to accommodate
moderate persistence and moderate information frictions consistent with the revision evi-
dence. For consumption, no such alternative exists: without habits, matching consumption
persistence requires highly persistent preference shocks, which generates overly persistent
revisions that the expectations data reject.

6 Conclusion

We develop a solution method for dispersed-information DSGE models that accommodates
endogenous state variables, and use it to estimate a medium-scale model with Bayesian
methods using both macroeconomic and expectations data.

When disciplined by expectations data, the estimation identifies strong information fric-
tions across all structural shocks, consistent with survey-based measures of information rigid-
ity from the SPF. These frictions dampen general equilibrium propagation by slowing the
updating of agents’ beliefs, making the partial equilibrium effects of each shock more promi-
nent. How this dampening manifests depends on shock persistence: persistent shocks subject
to strong frictions generate hump-shaped dynamics in average expectations, which are cru-
cial for the hump-shaped inflation response to cost-push shocks. Less persistent shocks are
mainly attenuated on impact.

The interaction between shock persistence and incomplete information also determines
which standard inertial mechanisms remain essential. Information frictions can replace most
of them: shutting down price indexation or replacing investment adjustment costs with
capital adjustment costs each slightly improves fit, while shutting down wage indexation
worsens it only marginally. Without habits, matching consumption persistence requires
highly persistent preference shocks, which generates overly persistent forecast revisions that
the expectations data reject.

Natural extensions of our work include embedding richer informational structures with
public signals, and studying the business cycle consequences of belief fluctuations driven by
noise shocks (Lorenzoni, 2010; Blanchard et al., 2013) or confidence shocks (Angeletos and
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La’O, 2013; Angeletos et al., 2018). In conclusion, we see an open avenue for exploring the
quantitative potential of macroeconomic models with information frictions.
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A Log-linearized model

The log-linearization of the model’s optimality conditions leads to the following system of
equations. For the derivation of these equations from first-order conditions, including the
detrending procedure, see Sections G–I.

ct = φ/γ
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ct−1 + 1

1 + φ/γ

� 1

0
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where κp = (1−ξp)(1−βξp)
ξp

, κw = (1−ξw)(1−βξw)
ξw(1+χθw) and θw = 1+µ̄w

µ̄w . Ēt[·] ≡
� 1

0 Ei,t[·]di denotes av-
erage expectation, where Ei,t[·] ≡ E[· | Iit] is agent i’s expectation based on her information
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set at period t, Iit.
All equations are standard in macroeconomic models. Equation (A.1) is the Euler equa-

tion for consumption. Equation (A.2) is the equilibrium condition for investment, and Equa-
tion (A.3) determines the marginal real value of a unit of capital qt. Equation (A.4) is the
law of motion of capital. Equation (A.5) is the optimal condition for capital utilization,
and Equation (A.6) comes from the definition of utilized capital. Equations (A.7) and (A.8)
are the marginal rate of substitution between consumption and labor and the production
function, respectively. Equations (A.9) and (A.10) come from firms’ cost minimization.
Equation (A.11) derives from the aggregate resource constraint, while Equation (A.12) is
the Taylor rule. Finally, Equation (A.13) is the New Keynesian Phillips curve for prices,
Equation (A.14) describes wage dynamics, and Equation (A.15) is the optimal wage setting
condition.

B Signal extraction and steady-state Kalman gain

In section 4 of the main paper, we estimate the steady-state Kalman gain for each shock
directly. While the Kalman gain is an endogenous object, our information structure implies
that it has a one-to-one relationship to the private signal variance, conditional on the shock
persistence and variance. In the following, we show that this is the case.

Recall that all shocks have the same AR(1) structure given by

xl
t = ρlx

l
t−1 + εl

t, εl
t ∼ N (0, σ2

l ). (B.1)

where l ∈ {a, c, i, g, p, w, r}.
Agents use information from their signals, restated here for convenience:

sl
j,t = xl

t + vl
j,t, vl

j,t ∼ N (0, τ 2
l ). (B.2)

Agents must form expectations about the whole hierarchy of expectations of all shocks
and the solution method takes this into account. Here we simply show how our measure
of information friction – the steady-state Kalman gain from the first-order expectation of
individual j – can be found as a function of deep parameters.

Since shocks and their respective signals are independent, their signal extraction can be
written separately. The rational expectation of each shock l can be computed by the Kalman
filter using (B.1) as state equation and (B.2) as measurement equation.
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The update equation of the Kalman filter is given by

Ej,t[xl
t] = Ej,t−1[xl

t] + k̄l

[︂
sl

j,t − Ej,t−1[sl
j,t]
]︂

(B.3)

where k̄l is the steady-state Kalman gain. The steady-state Kalman gain for each shock
l can be computed by the standard Kalman filter equations applied to the state equation
(B.1) and measurement equation (B.2) and evaluated at the steady-state. This implies the
following expressions:

k̄l = p̄l

p̄l + τ 2
l

(B.4)

p̄l = ρ2
l (1 − k̄l)p̄l + σ2

l (B.5)

where k̄l and p̄l are the Kalman gain and the mean squared error (MSE) of the one-period
ahead prediction error both at steady-state.

Note that the Kalman gain can be expressed alternatively in terms of the MSE relative
to the shock variance such that

k̄l = p̃l

p̃l + r2
l

p̃l = ρ2
l (1 − k̄l)p̃l + 1

where p̃l = p̄l/σ
2
l is the relative MSE and rl = τl/σl the noise-to-signal ratio. The first

equation simply divides the denominator and numerator of equation (B.4) by σ2
l while the

second equation can be found by dividing equation (B.5) by σ2
l on both sides.

Both equations lead to the quadratic Riccati equation in terms of the noise-to-signal
ratio:

p̃2
l −

(︂
1 − (1 − ρ2

l )r2
l

)︂
p̃l − r2

l = 0 (B.6)

This equation also has a unique positive solution, leading to p̃l = p̃l(ρl, rl).
This implies that the steady-state Kalman filter depends only on the persistence of the

shock and the noise-to-signal ratio k̄l = k̄l(ρl, rl) ∈ (0, 1).

C Data

This appendix describes the construction of the observed macroeconomic variables and fore-
cast revisions used in the estimation. Data on macroeconomic aggregates are collected from
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the Federal Reserve Database (FRED) and expectations data come from the Survey of Pro-
fessional Forecasters (SPF). The time series collected to construct the database are displayed
in Table C1. The data starts in 1981Q4 due to the expectations data collection and ends
in 2007Q4, before the Great Recession, to avoid issues with lower zero bound of the interest
rate.

Table C1: Database

Series Description Measure Source

GDPC1 Real Gross Domestic Product Billions of Chained 2012 Dollars BEA
PCECC96 Real Personal Consumption Expenditures Billions of Chained 2012 Dollars BEA
GPDIC1 Real Gross Private Domestic Investment Billions of Chained 2012 Dollars BEA
GDPDEF Gross Domestic Product: Implicit Price Deflator Index 2012=100 BEA
DTB3 3-Month Treasury Bill Secondary Market Rate Percentage points FED Board
PRS85006063 Nonfarm Business Sector: Compensation Index 2012=100 BEA
HOANBS Nonfarm Business Sector: Hours of All Persons Index 2012=100 BLS
CNP16OV Civilian Noninstitutional Population Thousands of People BLS
RGDP Average forecast for the Real Gross Domestic Product Chained Dollars (base year varies) SPF
RCONSUM Average forecast for the Real Personal Consumption Expenditures Chained Dollars (base year varies) SPF
RNRESINV Average forecast for the Real Nonresidential Fixed Investment Chained Dollars (base year varies) SPF
RRESINV Average forecast for the Real Residential Fixed Investment Chained Dollars (base year varies) SPF
RCBI Average forecast for the Real change in Private Inventories Chained Dollars (base year varies) SPF
PGDP Average forecast for the GDP Price Index Index (base year varies) SPF
TBILL Average forecast for the annualized three-month Treasury bill rate Percentage points SPF

Note: BEA, BLS, Fed Board and SPF stand for, respectively: U.S. Bureau of Economic Analysis, U.S. Bureau
of Labor Statistics, Board of Governors of the Federal Reserve and Survey of Professional Forecasters.

All variables from the Survey of Professional Forecasters (SPF) are suffixed with a number
indicating the forecast horizon. We use horizons 1 through 3, which correspond to the
previous quarter, the current quarter, and one-quarter ahead, respectively. For example,
RGDP1 is the nowcast of real GDP for the quarter prior to the survey’s release, RGDP2 is
the nowcast for the current quarter, and RGDP3 is the one-quarter ahead forecast.34

Real output (GDPC1), consumption (PCE) and investment (GDPIC1) are calculated
by dividing them by the Hodrick-Prescott (HP) filtered trend of the population index
(CNP16OV), denoted by HP(CNP16OV). This method, as discussed by Edge and Gürkaynak
(2010), avoids incorporating fluctuations caused by measurement changes from the Census
Bureau.

Real wage is constructed by dividing the compensation in the nonfarm business sector
(PRS85006063) by the GDP deflator (GDPDEF). Per capita total hours is computed by
dividing hours of all persons in the nonfarm business sector (HOANBS) by the smoothed
population index. Inflation is defined as the annualized quarterly growth rate of GDP deflator
(GDPDEF). The nominal interest rate is measured by 3-month Treasury bill rate to be

34Although the Bureau of Economic Analysis’s (BEA) advance estimates for the previous quarter are
available, forecasters can still “predict” this quarter’s data by forecasting revisions to the official data.
According to the survey, most forecasters use the BEA’s advanced estimate.
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consistent with the SPF expectations data, as it does not survey forecasts for the federal
funds rate.

Therefore, the macroeconomic data in levels is constructed according to:

Y obs
t = GDPC1t/HP (CNP16OVt)

Cobs
t = PCEt/HP (CNP16OVt)

Iobs
t = GPDIC1t/HP (CNP16OVt)

W obs
t = PRS85006063t/GDPDEFt

Lobs
t = HOANBSt/HP (CNP16OVt),

The macroeconomic data used in the estimation is given by:

dyobs
t = 100 log(Y obs

t /Y obs
t−1)

dcobs
t = 100 log(Cobs

t /Cobs
t−1)

diobs
t = 100 log(Iobs

t /Iobs
t−1)

dwobs
t = 100 log(W obs

t /W obs
t−1)

lobs
t = 100

(︂
logLobs

t − logLobs
)︂

πobs
t = 400 log(GDPDEFt/GDPDEFt−1)

robs
t = DTB3t,

where L̄obs denotes the sample mean of total hours per capita, Lobs
t .

Now we turn to the expectations data. Investment expectations in the SPF are bro-
ken down into three components: nonresidential fixed investment (RNRESIN), residential
fixed investment (RRESINV), and change in private inventories (RCBI). Thus, we con-
struct forecasts for Real Gross Private Domestic Investment, RINV ESTt = RNRESINt +
RRESINVt +RCBIt, to align with the GPDIC1 index.

It is important to note that the SPF’s expectations data is in chained dollars with varying
base years, while the actual data is chained to 2012 dollars. Additionally, because the SPF
does not survey expectations for the population index, we construct per capita forecast
variables using the same index as the real variables. Thus, our measure of expectation
revisions on per capita variables is not affected by population growth.
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Thus, the expectations data in levels and first differences are given by:

Ēobs
t [Yt+1] = RGDP3t/HP (CNP16OVt+1)

Ēobs
t [Yt] = RGDP2t/HP (CNP16OVt)

Ēobs
t [Yt−1] = RGDP1t/HP (CNP16OVt−1)

Ēobs
t [Ct+1] = RCONSUM3t/HP (CNP16OVt+1)

Ēobs
t [Ct] = RCONSUM2t/HP (CNP16OVt)

Ēobs
t [Ct−1] = RCONSUM1t/HP (CNP16OVt−1)

Ēobs
t [It+1] = RINV EST3t/HP (CNP16OVt+1)

Ēobs
t [It] = RINV EST2t/HP (CNP16OVt)

Ēobs
t [It−1] = RINV EST1t/HP (CNP16OVt−1)

Ēobs
t [dyt+1] = 100 log

(︂
Ēobs

t [Yt+1]/Ēobs
t [Yt]

)︂
Ēobs

t [dct+1] = 100 log
(︂
Ēobs

t [Ct+1]/Ēobs
t [Ct]

)︂
Ēobs

t [dit+1] = 100 log
(︂
Ēobs

t [It+1]/Ēobs
t [It]

)︂
Ēobs

t [dyt] = 100 log
(︂
Ēobs

t [Yt]/Ēobs
t [Yt−1]

)︂
Ēobs

t [dct] = 100 log
(︂
Ēobs

t [Ct]/Ēobs
t [Ct−1]

)︂
Ēobs

t [dit] = 100 log
(︂
Ēobs

t [It]/Ēobs
t [It−1]

)︂
Ēobs

t [πt+1] = 400 log(PGDP3t/PGDP2t)

Ēobs
t [πt] = 400 log(PGDP2t/PGDP1t)

Ēobs
t [rt+1] = TBILL3t

Ēobs
t [rt] = TBILL2t

where Ēobs
s [Xt] denotes data on the average expectation about X on horizon t based on

information of period s. Growth rates are expressed as percentages, while inflation and the
nominal interest rate are in annualized percentage points.

Our primary expectation series is the average current forecast revision, defined as the
difference between the nowcast of a variable for the current quarter and the previous quarter’s
forecast for that same variable. Thus, the expectations data used in the estimation is given
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by:

Rev
obs
t|t−1[dyt] = Ēobs

t [dyt] − Ēobs
t−1[dyt]

Rev
obs
t|t−1[dct] = Ēobs

t [dct] − Ēobs
t−1[dct]

Rev
obs
t|t−1[dit] = Ēobs

t [dit] − Ēobs
t−1[dit]

Rev
obs
t|t−1[πt] = Ēobs

t [πt] − Ēobs
t−1[πt]

Rev
obs
t|t−1[rt] = Ēobs

t [rt] − Ēobs
t−1[rt]

Rev
obs

k|s [Xt] = Ēobs
s [Xt] − Ēobs

s−1[Xt] denotes the revision of the expectation about the same
variable X on horizon t based on new information from period k relative to period s.

C.1 Estimation

The log-linearized equilibrium conditions are reported in Section A, while the data construc-
tion is detailed in Section C. Below we present the measurement equations linking observables
to model variables.

C.1.1 Measurement equations

The following measurement equations link the observed data to the model’s variables:

dyobs
t = γ̄ + yt − yt−1

dcobs
t = γ̄ + ct − ct−1

diobs
t = γ̄ + it − it−1

dwobs
t = γ̄ + wt − wt−1

lobs
t = lt

πobs
t = π̄ + 4πt

robs
t = r̄ + 4rt

Rev
obs
t|t−1[dyt] = Ēt[∆yt] − Ēt−1[∆yt] + εme

dy,t

Rev
obs
t|t−1[dct] = Ēt[∆ct] − Ēt−1[∆ct] + εme

dc,t

Rev
obs
t|t−1[dit] = Ēt[∆it] − Ēt−1[∆it] + εme

di,t

Rev
obs
t|t−1[πt] = 4

(︂
Ēt[πt] − Ēt−1[πt]

)︂
+ εme

π,t

Rev
obs

t|t−1[rt] = 4
(︂
Ēt[rt] − Ēt−1[rt]

)︂
+ εme

r,t ,

(C.1)
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where γ̄ ≡ 100(γ − 1) is the quarterly trend growth rate of productivity. The variables with
superscript “obs” correspond to the variables in the database. The notation dxobs

t denotes
the quarterly growth rate of the variables x ∈ {y, c, i, w} at period t. The data on hours
worked (lobs

t ) is the demeaned log level scaled by 100, while inflation (πobs
t ) and nominal

interest rate (robs
t ) are computed in annual terms. π̄ ≡ 400(Π̄ − 1) and r̄ ≡ 400(R̄− 1) stand

for the steady-state annualized inflation and nominal interest rates, respectively.
The variables Revobs

t|t−1[xt], for x ∈ {dy, dc, di, π, r}, are the current forecast revision.
Measurement errors εme

x in the observational equations associated with forecast revisions
follow an i.i.d. Gaussian distribution with standard deviations denoted by σme

x , with x ∈
{dy, dc, di, π, r}.

D Solution method and Algorithm

We first start with two Lemmas. The first writes the first-order expectation of the hierarchy
as a linear transformation of the hierarchy.

Lemma 1. The first-order expectation of the hierarchy of expectations satisfy

E
(1)
t

[︃
x

(0:k̄)
t

]︃
= Tx

(0:k̄)
t (D.1)

where T =
⎡⎣ 0nk̄×n Ink̄

0n×n 0n×nk̄

⎤⎦ is the order transformation matrix.

Proof. By the definition of x(0:k̄)
t one can see that E(1)

t

[︃
x

(0:k̄)
t

]︃
= x

(1:k̄+1)
t . By definition for k̄,

any order s such that s > k̄ does not affect the equilibrium. Then, without loss of generality,
one can set E(s)

t [xt] = 0 if s > k̄. Therefore, one can rewrite E(1)
t

[︃
x

(0:k̄)
t

]︃
as

E
(1)
t

[︃
x

(0:k̄)
t

]︃
=
⎡⎣ x

(1:k̄)
t

E
(k̄+1)
t [xt]

⎤⎦ =
⎡⎣ x

(1:k̄)
t

0n×1

⎤⎦ =
⎡⎣ 0nk̄×n Ink̄

0n×n 0n×nk̄

⎤⎦ ⎡⎣ xt

x
(1:k̄)
t

⎤⎦ = Tx
(0:k̄)
t , (D.2)

where the first equality uses the definition of x(1:k̄+1)
t and the second equality uses that

E
(k̄+1)
t [xt] = 0. In the last equality, T is defined accordingly.

This Lemma builds on Proposition 1 from Online Appendix of Melosi (2017). It explores
the truncation of the hierarchy.

The second Lemma does the opposite: writes the hierarchy as a linear transformation of
the first-order expectation of the hierarchy.
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Lemma 2. x(0:k̄)
t can be rewritten as a linear function of xt and its average expectation such

that
x

(0:k̄)
t ≡ e′

xxt + T ′E
(1)
t

[︃
x

(0:k̄)
t

]︃
,

Proof. By definition, x(0:k̄)
t can be decomposed as x(0:k̄)

t =
[︃
x′

t (x(1̄:k̄)
t )′

]︃′
. Using this de-

composition, the average expectation decomposed as E(1)
t

[︃
x

(0:k̄)
t

]︃
=
[︃
(x(1̄:k̄)

t )′ E
(k̄+1)
t [xt]′

]︃′
.

Therefore, one can use this two definitions such that

x
(0:k̄)
t ≡

⎡⎣ xt

x
(1̄:k̄)
t

⎤⎦ =
⎡⎣ In

0nk̄×n

⎤⎦xt +
⎡⎣ 0n×nk̄ 0n×n

Ink̄ 0nk̄×n

⎤⎦ ⎡⎣ x
(1:k̄)
t

E
(k̄+1)
t [xt]

⎤⎦ = e′
xxt +T ′E

(1)
t

[︃
x

(0:k̄)
t

]︃
,

where last equality uses the definitions of T in Lemma 1 and ex.

Lemmas are taken from Ribeiro (2018, chap. 3).

D.1 Proof of Proposition 1

Individual and average expectations about the hierarchy. The Kalman filter delivers
the individual conditional expectation, Ei,t [·] ≡ E [·|I i

t ], where I i
t = {si,τ , τ ≤ t} is the

information set of individual i in period t.
The state equation is the hierarchy of expectations that is given by the state equation

(34), restated for convenience:
x

(0:k̄)
t = Ax(0:k̄)

t−1 + Bεt, (D.3)

and the agent i with the observational equation (31), also restated:

si,t = Cxxt +Dvi,t.

Note that si,t is a signal about the shocks and not the whole hierarchy of expectations.
Let the selection matrix ex ≡

[︂
In 0n×nk̄

]︂
such that xt = exx

(0:k̄)
t . Then, we can rewrite

the signal in terms of the hierarchy as

si,t = Cx
(0:k̄)
t +Dvit. (D.4)

where C = Cxex.
Each agent i uses the Kalman filter and finds the update equation given by

Ei,t

[︃
x

(0:k̄)
t

]︃
= Ei,t−1

[︃
x

(0:k̄)
t

]︃
+ Kt [si,t − Ei,t−1 [si,t]] , (D.5)
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where Kt is the Kalman gain given by

Kt = Pt/t−1C
′
[︂
CPt/t−1C

′ +DΣvD
′
]︂−1

. (D.6)

As usual, the mean squared error (MSE) of the one-period ahead prediction error is given
by

Pt+1/t = A
[︂
Pt/t−1 − Kt

[︂
CPt/t−1

]︂]︂
A′ + BΣεB′. (D.7)

For details of this derivation, see for instance Hamilton (1995, chap. 13).
Using the observational equation, (D.4), taking expectations and inserting in (D.5) one

can find:

Ei,t

[︃
x

(0:k̄)
t

]︃
= Ei,t−1

[︃
x

(0:k̄)
t

]︃
+ Kt

[︃
Cx

(0:k̄)
t +Dvit − CEi,t−1

[︃
x

(0:k̄)
t

]︃]︃
(D.8)

Therefore, one can rewrite the equation above as

Ei,t

[︃
x

(0:k̄)
t

]︃
= (Ik − KtC)Ei,t−1

[︃
x

(0:k̄)
t

]︃
+ Kt

[︃
Cx

(0:k̄)
t +Dvit

]︃
(D.9)

where k = n(k̄ + 1). Using the fact that Ei,t−1

[︃
x

(0:k̄)
t

]︃
= AEi,t−1

[︃
x

(0:k̄)
t−1

]︃
and substituting

equation (D.3), one can find:

Ei,t

[︃
x

(0:k̄)
t

]︃
= (Ik − KtC) AEi,t−1

[︃
x

(0:k̄)
t−1

]︃
+ KtCAx(0:k̄)

t−1 + KtCBεt + KtDvit (D.10)

We follow the literature by focusing on the stationary equilibrium. Therefore, the ex-
pectation of each individual i in the stationary equilibrium is the one which the MSE is in
steady-state, i.e., agents update their forecast based on the steady-state Kalman gain. In
other words, the dynamics of expectations depends only on the properties of the process
they are forecasting and signals, but does not depend on the period t.

Combining equations (D.6-D.7), one can find the Riccati equation

Pt+1/t = A
[︃
Pt/t−1 − Pt/t−1C

′
[︂
CPt/t−1C

′ +DΣvD
′
]︂−1

CPt/t−1

]︃
A′ + BΣεB′ (D.11)

Therefore, one need to iterate this equation to find the steady-state MSE, P̄, and compute
its counterpart Kalman gain, K̄. Nimark (2017) shows that if is xt stationary process, then
the expectations hierarchy about this process, x(0:k̄)

t , is also stationary. Given this and the fact
that Σε is positive definite, there exists a steady-state solution such that P̄ = Pt+1|t = Pt|t−1

which implies the steady-state Kalman gain K̄ = Kt = Kt−1 (see Hamilton, 1995, chap.
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13).
Expressions (36) in the Proposition 1 are equations (D.6-D.7) using the steady-state

Kalman gain, K̄, instead of Kt.
Moreover, the average expectation is easily computed by

Ēt

[︃
x

(0:k̄)
t

]︃
≡

� 1

0
Ei,t

[︃
x

(0:k̄)
t

]︃
di =

(︂
Ik − K̄C

)︂
AĒt−1

[︃
x

(0:k̄)
t−1

]︃
+ K̄CAx(0:k̄)

t−1 + K̄CBεt (D.12)

Analogously, the individual and average expectation of Proposition 1 are equations (D.10)
and (D.12) using the steady-state Kalman gain, K̄, instead of Kt.

Verify guess for x
(0:k̄)
t . In the first part of the proof, we found the average expectation

(D.12) for the guessed dynamics of the hierarchy of expectations (D.3).
Now we verify the guessed hierarchy and find the coefficients (A,B) consistent with the

average expectation.
Substituting the average expectation from equation (D.12) into the expression from

Lemma 2 one can find that:

x
(0:k̄)
t = e′

xxt + T ′
[︃(︂
Ik − K̄C

)︂
AE(1)

t−1

[︃
x

(0:k̄)
t−1

]︃
+ K̄CAx(0:k̄)

t−1 + K̄CBεt

]︃

Then, using the shocks definition (30) and the fact that xt = exx
(0:k̄)
t one can rewrite

equation above as

x
(0:k̄)
t = e′

x

(︃
A1exx

(0:k̄)
t−1 + εt

)︃
+ T ′

(︂
Ik − K̄C

)︂
AE

(1)
t−1

[︃
x

(0:k̄)
t−1

]︃
+ T ′K̄CAx

(0:k̄)
t−1 + T ′K̄CBεt

Using Lemma 1 at period t− 1 into equation above and rearranging:

x
(0:k̄)
t =

[︂
e′

xA1ex + T ′
(︂
Ik − K̄C

)︂
AT + T ′K̄CA

]︂
x

(0:k̄)
t−1 +

[︂
T ′K̄CB + e′

x

]︂
εt. (D.13)

This expression shows that the expectations hierarchy is a function of its lag and struc-
tural shocks, as guessed in equation (D.3). Therefore, the expression above verifies that x(0:k̄)

t

follows the guessed form and the square brackets terms provide identities for A and B in
equations (35)
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D.2 Proof of Proposition 2

This proof builds on techniques developed by Ribeiro (2018, chap. 3). The key difference
is that we guess a law of motion for individual endogenous variables instead of guessing
the aggregate. This allows recovering expressions for solving for (Q0,Q1) and then get the
solution for Q. We also consider the exogenous information case only.

The guessed law of motion for individual endogenous variables is given (32), restated for
convenience:

Yi,t = RYi,t−1 + Q0xt + Q1Ei,t

[︃
x

(0:k̄)
t

]︃
. (D.14)

Aggregating the individual law of motion (D.14):

Yt = RYt−1 + Q0xt + Q1E
(1)
t

[︃
x

(0:k̄)
t

]︃
(D.15)

= RYt−1 + Q0xt + Q1Tx
(0:k̄)
t (D.16)

where the last equality uses Lemma 1.
By computing the individual expectation of the endogenous aggregate variables, one can

find that
Ei,t [Yt] = RYt−1 + Q0Ei,t [xt] + Q1TEi,t

[︃
x

(0:k̄)
t

]︃
= RYt−1 + (Q0ex + Q1T )Ei,t

[︃
x

(0:k̄)
t

]︃
E

(1)
t [Yt] = RYt−1 + (Q0ex + Q1T )E(1)

t

[︃
x

(0:k̄)
t

]︃ (D.17)

where the first equality uses that Yt−1 is known, second equality uses the definition of the
selection matrix, ex, and the third equality aggregates.

Similarly, the individual expectation for endogenous variables in t+ 1:

Ei,t [Yt+1] = REi,t [Yt] + Q0Ei,t [xt+1] + Q1TEi,t

[︃
x

(0:k̄)
t+1

]︃
= REi,t [Yt] + (Q0A1ex + Q1TA)Ei,t

[︃
x

(0:k̄)
t

]︃
= R2Yt−1 + [R(Q0ex + Q1T ) + (Q0A1ex + Q1TA)]Ei,t

[︃
x

(0:k̄)
t

]︃
E

(1)
t [Yt+1] = R2Yt−1 + [R(Q0ex + Q1T ) + (Q0A1ex + Q1TA)]E(1)

t

[︃
x

(0:k̄)
t

]︃
(D.18)

where the second equality uses equations (30) and (34), and the definition of ex. Third
equation uses equation (D.17) and the fourth aggregates.

Finally, taking the individual expectation of the law of motion (32) in period t+1 implies
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that
Ei,t[Yi,t+1] = RYi,t + Q0Ei,t[xt+1] + Q1Ei,t

[︃
Ei,t+1

[︃
x

(0:k̄)
t+1

]︃]︃
= RYi,t + (Q0A1ex + Q1A)Ei,t

[︃
x

(0:k̄)
t

]︃
where the second equality uses the law of iterated expectations (which holds for i’s expecta-
tion but not for the average expectation), equations (30) and (34) as before.

Aggregating the expectation above leads to
� 1

0
Ei,t[Yi,t+1]di = RYt + (Q0A1ex + Q1A)E(1)

t [x(0:k̄)
t ]

= R
[︃
RYt−1 + Q0xt + Q1E

(1)
t

[︃
x

(0:k̄)
t

]︃]︃
+ (Q0A1ex + Q1A)E(1)

t [x(0:k̄)
t ]

= R2Yt−1 + RQ0xt + [RQ1 + (Q0A1ex + Q1A)]E(1)
t [x(0:k̄)

t ]
(D.19)

where the second equality uses equation (D.16). Note that
� 1

0 Ei,t[Yi,t+1]di ̸= E
(1)
t [Yt+1].

Substituting the guessed solution (D.16) and the expectations (D.17-D.19) into the sys-
tem of equations (29) one can find:

F1

[︃
R2Yt−1 + RQ0xt + [RQ1 + (Q0A1ex + Q1A)]E(1)

t [x(0:k̄)
t ]

]︃
+

F2

[︃
R2Yt−1 + [R(Q0ex + Q1T ) + (Q0A1ex + Q1TA)]E(1)

t

[︃
x

(0:k̄)
t

]︃]︃
+

G1

[︃
RYt−1 + Q0xt + Q1E

(1)
t

[︃
x

(0:k̄)
t

]︃]︃
+G2

[︃
RYt−1 + (Q0ex + Q1T )E(1)

t

[︃
x

(0:k̄)
t

]︃]︃
+

HYt−1 + [(LA1 +M2)] exE
(1)
t

[︃
x

(0:k̄)
t

]︃
+M1xt = 0m×1

which can be rearranged to
[︂
FR2 +GR +H

]︂
Yt−1 + [(F1R +G1) Q0 +M1] xt

[F1 [RQ1 + (Q0A1ex + Q1A)] + F2 [R(Q0ex + Q1T ) + (Q0A1ex + Q1TA)] +

G1Q1 +G2(Q0ex + Q1T ) + (LA1 +M2)ex]E(1)
t

[︃
x

(0:k̄)
t

]︃
= 0m×1

which can be simplified to
[︂
FR2 +GR +H

]︂
Yt−1 + [[F1R +G1] Q0 +M1] xt+

[[F1R +G1] Q1 + F1Q1A + (F2R +G2)Q1T + F2Q1TA

[(F2R +G2)Q0 + (F1 + F2)Q0A1 + (LA1 +M2)] ex]E(1)
t

[︃
x

(0:k̄)
t

]︃
= 0m×1
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This condition must hold for all realizations of Yt−1, xt and E
(1)
t

[︃
x

(0:k̄)
t

]︃
. Therefore, all

coefficients between square brackets must be zero, which leads to

FR2 +GR +H = 0m×m

[F1R +G1] Q0 +M1 = 0m×n

[F1R +G1] Q1 + F1Q1A + (F2R +G2)Q1T + F2Q1TA

[(F2R +G2)Q0 + FQ0A1 + (LA1 +M2)] ex = 0m×k

which leads to the same equations from Proposition 2. R can be solved using Uhlig (2001)
method. For a given solution of R, Q0 and Q1 can be solved by straightforward vectorization
as discussed in the Proposition.

D.3 Algorithm

Algorithm. Set the initial values (A(0),B(0)), a small tolerance ϵ > 0 and set i = 1.
Then, follow the steps:

1. Given A = A(i−1) and B(i−1), compute K̄ and P̄ using equations (36) using standard
solver for Riccati equations. Set K̄(i) = K̄ and P̄(i) = P̄.

2. Given A(i−1) and K̄(i), compute the right hand side of equations (35) and solve for B
and A the equations by matrix inversion. Set B(i) = B, A(i) = A.

3. If max
{︂
||B(i) − B(i−1)||, ||A(i) − A(i−1)||, ||P̄(i) − P̄(i−1)||

}︂
< ϵ, stop iterating. Other-

wise, set i = i+ 1 and go back to step 1.

Given the solution for A, one can use standard techniques for solving for (R,Q0,Q1,Q)
using Proposition 2.

E Posterior estimates when shutting down frictions

Table 5 in Section 5.2 of the main paper shows the marginal likelihood of the models shutting
down frictions that generate inertia re-estimated for both datasets. In this appendix, we show
the details of the posterior estimates of each of those models. The priors are the same as
the baseline for all unaffected parameters, with the exception of the exercise where we shut
down investment adjustment costs.
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If we completely shut down investment adjustment costs, investment would freely adjust
to shocks, which is a well-known issue for explaining the investment data. Thus, when shut-
ting down investment adjustment costs, we add capital adjustment costs. In the following,
we briefly show which equations are changed in the model and in the log-linear version. The
details of the derivation are in Sections G–I.

CAC model In the baseline model, we use the following law of motion (Equation 10 in
the main paper), reproduced here for convenience:

Kh,t = (1 − δ)Kh,t−1 + exi
t (1 − S(Ih,t/Ih,t−1)) Ih,t, (E.1)

where S(It/It−1) is the adjustment investment cost function such that S(γ) = S ′(γ) = 0,
and S ′′(γ) = s′′ > 0, as in Christiano et al. (2005).

In the model with standard capital adjustment costs in the tradition of Bernanke et al.
(1999) and Chari et al. (2002), the law of motion for capital is the following:

Kh,t =
(︄

1 − δ − Sk

(︄
Ih,t

Kh,t−1

)︄)︄
Kh,t−1 + exi

tIh,t. (E.2)

Note that Sk(·) is the capital adjustment cost (CAC) function such that Sk(γ − 1 + δ) =
S ′

k(γ−1+δ) = 0, and S ′′
k (γ−1+δ) = s′′

k > 0. s′′
k is the parameter governing capital adjustment

costs. When γ = 1 (there is no balanced growth for productivity), the specification is the
same as in Chari et al. (2002).

In the presence of capital adjustment costs, the first-order conditions for capital and
investment are, respectively:

Eh,t[Φh,t] = βEh,t [Λh,t+1 (Rk,t+1Uh,t+1 − Pt+1a(Uh,t+1))]

+βEh,t

[︄
Φh,t+1

[︄
1 − δ − Sk

(︄
Ih,t+1

Kh,t

)︄
+ S ′

k

(︄
Ih,t+1

Kh,t

)︄
Ih,t+1

Kh,t

]︄]︄ (E.3)

Eh,t[Φh,te
xi

t ] = Eh,t

[︄
Φh,t

(︄
1 + S ′

k

(︄
Ih,t

Kh,t−1

)︄)︄]︄
. (E.4)

In this version, the log-linearized investment equation becomes:

it = kt−1 +
(︄

1
s′′

k(γ − (1 − δ))

)︄
qt + Ēt[x̂i

t] (E.5)
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and the log-linearized version of equation of the capital pricing equation becomes:

qt =
(︄

1 − (1 − δ)β
γ

)︄
Ēt

[︂
rk

t+1

]︂
+
(︄

(1 − δ)β
γ

)︄ � 1

0
Eh,t [qh,t+1] dh− Ēt[rt − πt+1]

+βγs′′
k

(︄
1 − 1 − δ

γ

)︄2 (︄� 1

0
Eh,t [ih,t+1] dh− Ēt [kt]

)︄ (E.6)

where qt =
� 1

0 [qh,t] dh is the average expected shadow price of capital.
For estimating the CAC model, we need to define a prior distribution for s′′

k. We follow
the same approach used to choose the prior for IAC. We assume a Gamma distribution with
mean 4, which is the distribution and mean from the IAC model for s′′. This leads to a
standard deviation for investment growth rate that is at par with the baseline model. We
decide to use a flatter prior due to the lack of medium-scale DSGE models estimated with
CAC, leading to a standard deviation of 2.5 (we use 1.5 for the IAC).

Table E1 shows the posterior estimates when shutting down standard frictions for the
complete dataset. In the specification without standard frictions, habit formation and price
and wage indexation are shut down, and investment adjustment costs are replaced by capital
adjustment costs.

60



Ta
bl

e
E1

:
Po

st
er

io
r

di
st

rib
ut

io
ns

w
he

n
sh

ut
tin

g
do

w
n

ke
y

st
an

da
rd

fri
ct

io
ns

:
C

om
pl

et
e

da
ta

se
t

Pa
ra

m
et

er
s

Ba
se

lin
e

N
o

st
an

da
rd

fri
ct

io
ns

N
o

ha
bi

ts
N

o
in

v.
ad

j.
co

st
s

N
o

pr
ic

e
id

x.
N

o
wa

ge
id

x.
M

od
e

5%
95

%
M

od
e

5%
95

%
M

od
e

5%
95

%
M

od
e

5%
95

%
M

od
e

5%
95

%
M

od
e

5%
95

%
En

do
ge

no
us

pr
op

ag
at

io
n

pa
ra

m
et

er
s

χ
1.

51
0.

92
2.

14
0.

52
0.

32
0.

85
0.

67
0.

44
1.

08
0.

98
0.

59
1.

92
1.

40
1.

03
6.

43
0.

83
0.

41
1.

73
φ

1.
00

0.
99

1.
00

-
-

-
-

-
-

1.
00

0.
98

1.
00

1.
00

0.
99

1.
00

0.
99

0.
97

0.
99

a
′′

0.
06

0.
06

0.
22

0.
38

0.
28

0.
66

0.
31

0.
20

0.
57

0.
27

0.
17

0.
54

0.
06

0.
06

0.
17

0.
25

0.
15

0.
40

s′
′

4.
83

3.
62

6.
80

-
-

-
2.

01
1.

42
3.

08
-

-
-

5.
19

3.
84

6.
96

3.
45

2.
47

4.
70

s′
′ k

-
-

-
7.

25
6.

00
10

.0
5

-
-

-
20

.7
8

19
.6

4
21

.8
9

-
-

-
-

-
-

ϕ
y

0.
06

0.
04

0.
11

0.
39

0.
30

0.
58

0.
28

0.
21

0.
41

0.
41

0.
32

0.
59

0.
06

0.
03

0.
13

0.
29

0.
22

0.
45

ϕ
π

3.
02

2.
43

3.
88

0.
50

0.
33

0.
82

0.
91

0.
65

1.
32

2.
28

1.
86

2.
91

3.
13

2.
54

4.
05

1.
41

1.
06

1.
96

ϕ
r

0.
87

0.
84

0.
90

0.
64

0.
51

0.
72

0.
79

0.
72

0.
85

0.
92

0.
89

0.
94

0.
88

0.
84

0.
91

0.
91

0.
87

0.
93

ι p
0.

03
0.

01
0.

13
-

-
-

0.
14

0.
06

0.
29

0.
06

0.
02

0.
18

-
-

-
0.

13
0.

06
0.

52
ι w

0.
76

0.
37

0.
91

-
-

-
0.

17
0.

06
0.

50
0.

29
0.

10
0.

67
0.

68
0.

27
0.

89
-

-
-

ξ p
0.

84
0.

80
0.

87
0.

95
0.

94
0.

96
0.

94
0.

92
0.

95
0.

94
0.

92
0.

95
0.

83
0.

79
0.

87
0.

95
0.

92
0.

96
ξ w

0.
81

0.
78

0.
85

0.
80

0.
74

0.
84

0.
78

0.
71

0.
84

0.
89

0.
85

0.
92

0.
81

0.
73

0.
84

0.
87

0.
82

0.
91

St
ea

dy
-s

ta
te

pa
ra

m
et

er
s

π
ss

2.
07

1.
56

2.
72

2.
43

1.
83

3.
00

1.
94

1.
50

2.
52

1.
74

1.
32

2.
36

2.
35

1.
72

2.
97

1.
96

1.
50

2.
64

r s
s

6.
58

5.
83

7.
62

6.
04

5.
42

6.
65

5.
41

4.
89

6.
07

5.
80

5.
17

6.
59

6.
37

5.
42

7.
43

5.
51

4.
90

6.
13

γ
ss

0.
36

0.
31

0.
41

0.
36

0.
32

0.
40

0.
49

0.
46

0.
52

0.
46

0.
44

0.
48

0.
36

0.
30

0.
41

0.
48

0.
46

0.
50

St
ru

ct
ur

al
sh

oc
ks

pa
ra

m
et

er
s

ρ
c

0.
14

0.
07

0.
21

0.
79

0.
72

0.
86

0.
88

0.
82

0.
94

0.
14

0.
07

0.
22

0.
13

0.
07

0.
22

0.
15

0.
09

0.
24

ρ
i

0.
42

0.
33

0.
50

0.
82

0.
79

0.
86

0.
36

0.
30

0.
43

0.
80

0.
75

0.
83

0.
40

0.
34

0.
49

0.
41

0.
34

0.
48

ρ
g

0.
97

0.
95

0.
99

0.
96

0.
94

0.
97

0.
96

0.
94

0.
97

0.
98

0.
97

0.
99

0.
98

0.
95

0.
99

0.
98

0.
96

0.
98

ρ
p

0.
74

0.
65

0.
81

0.
52

0.
44

0.
60

0.
41

0.
29

0.
51

0.
55

0.
43

0.
67

0.
80

0.
67

0.
86

0.
40

0.
19

0.
51

ρ
w

0.
17

0.
09

0.
25

0.
27

0.
16

0.
40

0.
32

0.
21

0.
48

0.
27

0.
18

0.
38

0.
17

0.
09

0.
28

0.
35

0.
24

0.
48

ρ
r

0.
44

0.
31

0.
57

0.
92

0.
89

0.
94

0.
77

0.
64

0.
84

0.
43

0.
32

0.
55

0.
42

0.
29

0.
56

0.
42

0.
29

0.
57

ρ
a

1.
00

1.
00

1.
00

0.
99

0.
98

0.
99

0.
99

0.
98

0.
99

1.
00

0.
99

1.
00

1.
00

0.
93

1.
00

1.
00

0.
99

1.
00

σ
c

1.
06

0.
87

1.
52

1.
48

1.
29

1.
78

1.
71

1.
48

2.
17

1.
00

0.
80

1.
38

1.
05

0.
83

1.
45

1.
05

0.
84

1.
45

σ
i

2.
73

2.
37

3.
26

10
.5

1
9.

01
13

.3
2

3.
77

3.
31

4.
56

7.
22

6.
48

8.
35

2.
66

2.
31

3.
22

3.
12

2.
64

3.
70

σ
g

0.
55

0.
49

0.
65

0.
61

0.
53

0.
70

0.
65

0.
58

0.
75

0.
59

0.
52

0.
68

0.
60

0.
51

0.
70

0.
63

0.
56

0.
72

σ
p

0.
26

0.
20

0.
41

1.
27

0.
80

2.
68

0.
70

0.
48

1.
74

0.
38

0.
26

0.
69

0.
27

0.
18

0.
39

0.
44

0.
32

0.
77

σ
w

0.
94

0.
72

1.
76

0.
57

0.
44

1.
19

0.
55

0.
40

1.
44

0.
80

0.
59

1.
78

0.
96

0.
70

1.
74

0.
61

0.
41

1.
31

σ
r

0.
13

0.
12

0.
15

0.
16

0.
14

0.
19

0.
11

0.
10

0.
13

0.
12

0.
11

0.
14

0.
13

0.
12

0.
15

0.
12

0.
11

0.
14

σ
a

0.
47

0.
42

0.
54

0.
44

0.
39

0.
49

0.
48

0.
43

0.
55

0.
44

0.
40

0.
50

0.
47

0.
42

0.
54

0.
49

0.
44

0.
56

In
fo

rm
at

io
n

fr
ic

tio
n

pa
ra

m
et

er
s

k̄
c

0.
23

0.
17

0.
29

0.
60

0.
56

0.
65

0.
53

0.
49

0.
58

0.
25

0.
19

0.
31

0.
25

0.
18

0.
31

0.
24

0.
19

0.
31

k̄
i

0.
46

0.
42

0.
51

0.
57

0.
54

0.
59

0.
42

0.
39

0.
46

0.
59

0.
57

0.
62

0.
46

0.
42

0.
51

0.
47

0.
43

0.
51

k̄
g

0.
52

0.
49

0.
56

0.
66

0.
59

0.
72

0.
55

0.
52

0.
59

0.
57

0.
53

0.
63

0.
53

0.
50

0.
56

0.
54

0.
51

0.
57

k̄
p

0.
33

0.
25

0.
42

0.
06

0.
04

0.
13

0.
14

0.
07

0.
25

0.
23

0.
16

0.
33

0.
33

0.
26

0.
44

0.
25

0.
17

0.
37

k̄
w

0.
37

0.
23

0.
53

0.
58

0.
32

0.
76

0.
56

0.
27

0.
80

0.
41

0.
20

0.
56

0.
39

0.
23

0.
53

0.
42

0.
26

0.
71

k̄
r

0.
72

0.
59

0.
82

0.
50

0.
45

0.
55

0.
29

0.
21

0.
38

0.
64

0.
56

0.
73

0.
73

0.
59

0.
83

0.
68

0.
50

0.
78

k̄
a

0.
01

0.
00

0.
01

0.
59

0.
47

0.
69

0.
07

0.
06

0.
09

0.
08

0.
07

0.
11

0.
01

0.
00

0.
07

0.
06

0.
05

0.
08

M
ea

su
re

m
en

te
rr

or
s

st
an

da
rd

de
vi

at
io

n
σ

m
e

d
y

0.
30

0.
26

0.
34

0.
32

0.
29

0.
37

0.
30

0.
27

0.
34

0.
30

0.
27

0.
34

0.
30

0.
27

0.
34

0.
33

0.
30

0.
38

σ
m

e
d
c

0.
20

0.
19

0.
23

0.
30

0.
27

0.
34

0.
32

0.
29

0.
37

0.
20

0.
19

0.
23

0.
20

0.
19

0.
23

0.
21

0.
19

0.
23

σ
m

e
d
i

1.
24

1.
11

1.
39

1.
39

1.
25

1.
56

1.
19

1.
09

1.
35

1.
34

1.
22

1.
50

1.
24

1.
12

1.
41

1.
22

1.
11

1.
38

σ
m

e
π

0.
51

0.
46

0.
59

0.
46

0.
42

0.
52

0.
47

0.
42

0.
52

0.
45

0.
41

0.
52

0.
52

0.
46

0.
61

0.
45

0.
41

0.
52

σ
m

e
r

0.
29

0.
26

0.
35

0.
37

0.
33

0.
42

0.
42

0.
37

0.
49

0.
27

0.
24

0.
32

0.
29

0.
26

0.
36

0.
29

0.
25

0.
35

M
ar

gi
na

lL
ik

el
ih

oo
d

-1
38

1.
55

-1
46

4.
28

-1
47

4.
80

-1
37

4.
97

-1
36

6.
29

-1
38

9.
40

N
um

be
r

of
M

H
D

ra
w

s
80

0k
40

0k
40

0k
40

0k
40

0k
40

0k
M

H
Bu

rn
-in

50
%

50
%

50
%

50
%

50
%

50
%

N
ot

e:
A

ll
es

tim
at

io
ns

us
ed

th
e

sa
m

e
pr

io
rs

as
th

e
ba

se
lin

e.
T

he
no

-s
ta

nd
ar

d-
fr

ic
tio

ns
sp

ec
ifi

ca
tio

n
sh

ut
s

do
w

n
ha

bi
ts

an
d

pr
ic

e
an

d
w

ag
e

in
de

xa
tio

n
an

d
re

pl
ac

es
in

ve
st

m
en

t
ad

ju
st

m
en

t
co

st
s

w
ith

ca
pi

ta
l

ad
ju

st
m

en
t

co
st

s.
Fo

r
th

e
C

A
C

m
od

el
(N

o
in

v.
ad

j.
co

st
s)

,
th

e
pr

io
r

fo
r
s′

′ k
is

a
G

am
m

a
di

st
rib

ut
io

n
w

ith
m

ea
n

4
an

d
de

vi
at

io
n

of
2.

5
(w

e
us

e
1.

5
s′

′ ,
se

e
te

xt
)

61



Ta
bl

e
E2

:
Po

st
er

io
r

di
st

rib
ut

io
ns

w
he

n
sh

ut
tin

g
do

w
n

ea
ch

in
fo

rm
at

io
n

fri
ct

io
n:

C
om

pl
et

e
da

ta
se

t

Fu
ll

in
fo

rm
at

io
n

fo
r:

Pr
ef

er
en

ce
Sh

oc
k

In
ve

st
m

en
t

Sh
oc

k
G

ov
.

ex
pe

nd
itu

re
sh

oc
k

Pr
ic

e
m

ar
ku

p
sh

oc
k

W
ag

e
m

ar
ku

p
sh

oc
k

M
on

et
ar

y
sh

oc
k

T
FP

sh
oc

k
Pa

ra
m

et
er

s
M

od
e

5%
95

%
M

od
e

5%
95

%
M

od
e

5%
95

%
M

od
e

5%
95

%
M

od
e

5%
95

%
M

od
e

5%
95

%
M

od
e

5%
95

%
En

do
ge

no
us

pr
op

ag
at

io
n

pa
ra

m
et

er
s

χ
3.

79
2.

62
5.

88
1.

50
0.

83
1.

56
0.

82
0.

42
1.

46
2.

49
0.

55
4.

06
0.

82
0.

45
1.

64
4.

88
3.

39
6.

84
0.

46
0.

25
0.

98
φ

0.
98

0.
97

0.
99

1.
00

0.
99

1.
00

0.
99

0.
98

1.
00

1.
00

0.
98

1.
00

0.
98

0.
97

0.
99

1.
00

0.
99

1.
00

1.
00

0.
98

1.
00

a
′′

0.
07

0.
07

0.
36

0.
59

0.
40

0.
81

0.
39

0.
26

0.
66

0.
09

0.
08

0.
41

0.
26

0.
16

0.
49

0.
07

0.
06

0.
12

0.
32

0.
18

0.
58

s′
′

4.
44

3.
31

6.
08

8.
15

7.
75

9.
69

3.
12

2.
07

4.
85

3.
65

2.
63

5.
17

3.
88

2.
55

5.
20

5.
22

4.
02

6.
85

4.
27

3.
71

5.
53

ϕ
y

0.
04

0.
02

0.
09

0.
02

0.
01

0.
03

0.
39

0.
28

0.
63

0.
29

0.
20

0.
42

0.
28

0.
21

0.
42

0.
08

0.
04

0.
17

0.
28

0.
19

0.
46

ϕ
π

3.
29

2.
72

4.
19

0.
40

0.
30

0.
56

1.
16

0.
61

1.
71

2.
61

1.
12

3.
40

1.
59

1.
22

2.
07

3.
33

2.
76

4.
15

1.
09

0.
67

2.
13

ϕ
r

0.
89

0.
85

0.
91

0.
96

0.
95

0.
97

0.
91

0.
80

0.
94

0.
90

0.
86

0.
93

0.
90

0.
86

0.
93

0.
89

0.
85

0.
91

0.
94

0.
91

0.
96

ι p
0.

02
0.

01
0.

09
0.

99
0.

99
1.

00
0.

11
0.

04
0.

60
0.

03
0.

01
0.

10
0.

70
0.

23
0.

79
0.

03
0.

01
0.

10
0.

05
0.

02
0.

17
ι w

0.
78

0.
40

0.
91

0.
93

0.
82

0.
97

0.
28

0.
09

0.
66

0.
48

0.
14

0.
82

0.
32

0.
12

0.
73

0.
68

0.
25

0.
86

0.
24

0.
09

0.
64

ξ p
0.

83
0.

79
0.

86
0.

96
0.

95
0.

96
0.

94
0.

92
0.

96
0.

80
0.

77
0.

94
0.

96
0.

95
0.

97
0.

81
0.

77
0.

84
0.

96
0.

94
0.

97
ξ w

0.
82

0.
78

0.
85

0.
83

0.
81

0.
85

0.
87

0.
82

0.
90

0.
77

0.
72

0.
89

0.
84

0.
77

0.
88

0.
76

0.
71

0.
80

0.
87

0.
82

0.
90

St
ea

dy
-s

ta
te

pa
ra

m
et

er
s

π
ss

2.
91

2.
39

3.
31

1.
35

1.
02

1.
92

1.
82

1.
34

2.
42

1.
95

1.
45

2.
64

2.
03

1.
57

2.
76

2.
60

1.
85

3.
06

1.
94

1.
42

2.
54

r s
s

5.
83

5.
14

6.
55

8.
00

7.
34

9.
29

5.
78

5.
10

6.
41

5.
83

5.
07

6.
65

5.
36

4.
88

6.
02

5.
96

5.
25

6.
82

6.
08

5.
49

6.
72

γ
ss

0.
30

0.
24

0.
35

0.
45

0.
43

0.
48

0.
47

0.
44

0.
49

0.
47

0.
44

0.
50

0.
48

0.
46

0.
50

0.
37

0.
31

0.
43

0.
45

0.
43

0.
47

St
ru

ct
ur

al
sh

oc
ks

pa
ra

m
et

er
s

ρ
c

0.
21

0.
12

0.
31

0.
14

0.
08

0.
22

0.
16

0.
09

0.
24

0.
15

0.
08

0.
23

0.
17

0.
09

0.
25

0.
14

0.
08

0.
23

0.
16

0.
09

0.
24

ρ
i

0.
51

0.
43

0.
60

0.
30

0.
19

0.
39

0.
40

0.
31

0.
48

0.
42

0.
35

0.
50

0.
40

0.
34

0.
48

0.
40

0.
34

0.
48

0.
49

0.
41

0.
55

ρ
g

0.
98

0.
96

0.
98

0.
99

0.
99

0.
99

0.
98

0.
97

0.
99

0.
97

0.
96

0.
98

0.
98

0.
96

0.
98

0.
98

0.
96

0.
99

0.
98

0.
97

0.
99

ρ
p

0.
86

0.
80

0.
90

0.
04

0.
02

0.
12

0.
46

0.
18

0.
56

0.
97

0.
64

0.
99

0.
10

0.
04

0.
36

0.
82

0.
76

0.
88

0.
47

0.
38

0.
60

ρ
w

0.
17

0.
08

0.
25

0.
42

0.
32

0.
58

0.
32

0.
22

0.
46

0.
25

0.
15

0.
44

0.
53

0.
36

0.
70

0.
20

0.
10

0.
29

0.
30

0.
20

0.
45

ρ
r

0.
40

0.
28

0.
52

0.
51

0.
39

0.
60

0.
86

0.
42

0.
90

0.
35

0.
23

0.
50

0.
41

0.
28

0.
56

0.
22

0.
14

0.
31

0.
46

0.
33

0.
58

ρ
a

0.
92

0.
86

0.
97

0.
98

0.
98

0.
99

0.
99

0.
99

1.
00

1.
00

0.
96

1.
00

1.
00

0.
99

1.
00

0.
99

0.
94

1.
00

0.
99

0.
93

0.
99

σ
c

0.
26

0.
24

0.
30

1.
08

0.
91

1.
44

0.
98

0.
80

1.
38

1.
04

0.
84

1.
45

1.
05

0.
86

1.
52

0.
99

0.
81

1.
40

1.
02

0.
81

1.
40

σ
i

2.
35

2.
00

2.
83

1.
52

1.
35

1.
72

2.
34

2.
01

2.
88

2.
85

2.
41

3.
46

3.
02

2.
61

3.
64

2.
60

2.
25

3.
09

3.
06

2.
56

3.
62

σ
g

0.
61

0.
54

0.
71

0.
45

0.
39

0.
52

0.
59

0.
52

0.
67

0.
63

0.
56

0.
73

0.
63

0.
57

0.
73

0.
63

0.
56

0.
73

0.
58

0.
51

0.
67

σ
p

0.
24

0.
17

0.
36

0.
37

0.
30

0.
44

0.
44

0.
32

0.
85

0.
05

0.
04

0.
07

0.
40

0.
32

0.
55

0.
26

0.
18

0.
38

0.
44

0.
30

0.
92

σ
w

0.
77

0.
59

1.
30

0.
67

0.
46

1.
12

0.
68

0.
44

1.
56

0.
72

0.
44

1.
22

0.
26

0.
21

0.
33

0.
90

0.
70

1.
71

0.
47

0.
38

1.
29

σ
r

0.
13

0.
12

0.
15

0.
13

0.
12

0.
15

0.
12

0.
11

0.
14

0.
13

0.
11

0.
14

0.
12

0.
11

0.
14

0.
14

0.
12

0.
15

0.
12

0.
11

0.
14

σ
a

0.
46

0.
41

0.
53

0.
50

0.
45

0.
58

0.
46

0.
42

0.
54

0.
47

0.
42

0.
54

0.
49

0.
44

0.
58

0.
47

0.
42

0.
54

0.
54

0.
47

0.
62

In
fo

rm
at

io
n

fr
ic

tio
n

pa
ra

m
et

er
s

k̄
c

-
-

-
0.

24
0.

18
0.

28
0.

25
0.

20
0.

32
0.

24
0.

19
0.

30
0.

24
0.

18
0.

30
0.

25
0.

19
0.

31
0.

25
0.

19
0.

31
k̄

i
0.

49
0.

44
0.

55
-

-
-

0.
59

0.
53

0.
66

0.
48

0.
44

0.
53

0.
47

0.
43

0.
51

0.
48

0.
43

0.
52

0.
47

0.
43

0.
51

k̄
g

0.
55

0.
52

0.
60

0.
78

0.
69

0.
89

-
-

-
0.

53
0.

50
0.

57
0.

54
0.

51
0.

57
0.

53
0.

50
0.

56
0.

53
0.

50
0.

57
k̄

p
0.

34
0.

27
0.

45
0.

47
0.

40
0.

55
0.

21
0.

14
0.

36
-

-
-

0.
38

0.
26

0.
46

0.
35

0.
28

0.
48

0.
21

0.
12

0.
30

k̄
w

0.
44

0.
30

0.
60

0.
41

0.
29

0.
57

0.
36

0.
23

0.
69

0.
50

0.
34

0.
72

-
-

-
0.

38
0.

24
0.

53
0.

53
0.

28
0.

82
k̄

r
0.

77
0.

65
0.

85
0.

71
0.

64
0.

78
0.

59
0.

48
0.

74
0.

81
0.

62
0.

89
0.

68
0.

52
0.

78
-

-
-

0.
62

0.
49

0.
73

k̄
a

0.
51

0.
06

0.
68

0.
03

0.
02

0.
04

0.
06

0.
04

0.
08

0.
05

0.
02

0.
08

0.
06

0.
05

0.
08

0.
01

0.
00

0.
05

-
-

-
M

ea
su

re
m

en
te

rr
or

s
st

an
da

rd
de

vi
at

io
n

σ
m

e
d
y

0.
36

0.
33

0.
41

0.
33

0.
29

0.
38

0.
51

0.
42

0.
59

0.
34

0.
31

0.
39

0.
33

0.
30

0.
38

0.
31

0.
27

0.
35

0.
32

0.
29

0.
37

σ
m

e
d
c

0.
43

0.
39

0.
48

0.
20

0.
19

0.
23

0.
20

0.
18

0.
23

0.
21

0.
18

0.
23

0.
20

0.
19

0.
23

0.
21

0.
19

0.
23

0.
21

0.
19

0.
23

σ
m

e
d
i

1.
33

1.
20

1.
51

1.
78

1.
59

2.
01

1.
41

1.
28

1.
64

1.
27

1.
16

1.
45

1.
22

1.
11

1.
39

1.
28

1.
15

1.
44

1.
23

1.
11

1.
39

σ
m

e
π

0.
56

0.
50

0.
64

0.
54

0.
48

0.
61

0.
45

0.
40

0.
51

0.
74

0.
66

0.
84

0.
45

0.
41

0.
52

0.
56

0.
50

0.
64

0.
47

0.
42

0.
54

σ
m

e
r

0.
28

0.
25

0.
33

0.
22

0.
20

0.
25

0.
29

0.
25

0.
38

0.
27

0.
24

0.
32

0.
28

0.
24

0.
34

0.
29

0.
25

0.
34

0.
29

0.
25

0.
34

M
ar

gi
na

lL
ik

el
ih

oo
d

-1
47

0.
95

-1
45

6.
35

-1
43

0.
97

-1
42

0.
73

-1
39

0.
03

-1
40

1.
39

-1
39

9.
56

N
ot

e:
A

ll
es

tim
at

io
ns

us
ed

th
e

sa
m

e
pr

io
rs

as
th

e
ba

se
lin

e
an

d
us

ed
40

0k
dr

aw
s

an
d

50
%

bu
rn

-in
.

62



F Higher-order truncation

In the baseline estimation reported in Section 4, we truncate the hierarchy of average higher-
order expectations at order k̄ = 6. To assess the sensitivity of the results to this choice, we
re-estimate the DI model on the complete dataset using k̄ = 12.

The marginal likelihood under k̄ = 12 is essentially unchanged relative to the baseline,
indicating that the lower-order truncation already provides an accurate approximation to
the equilibrium policy functions. Most posterior estimates are also similar across the two
truncation orders, as reported in Table F1.

The main exceptions are the following. Two standard frictions become weaker: the
investment adjustment cost parameter s′′ falls from 4.83 to 3.35, and wage indexation ιw falls
from 0.76 to 0.28, both consistent with the view that information frictions can substitute for
standard inertial mechanisms. A few other parameters also move: the Taylor-rule response
to inflation declines from 3.02 to 1.48 (while the response to output rises from 0.06 to 0.31),
the Calvo price parameter ξp increases from 0.84 to 0.95, and the persistence of the price-
markup shock ρp falls from 0.74 to 0.43. These changes leave the marginal likelihood, and
the model’s fit, essentially unchanged.

G Log-linearized households’ problem

G.1 Detrending procedure

Before deriving the log-linearized equations, we discuss the detrending procedure.
All real variables grow along with the productivity trend, so they are detrended as follows:

Ẑt = Zt

γt , for any real variable Zt. Nominal variables grow along with the price level Pt, hence
they are stationarized using the following procedure: Ẑt = Zt

Pt
.35

One exception is that optimal prices and wages are detrended by dividing them by the
price level of the last period: P̂ ∗

i,t = P ∗
i,t/Pt−1, while Ŵ ∗

h,t = W ∗
h,t/γ

tPt−1.36

Stationary variables are transformed by taking their log-deviation to steady-state value
as follows: zt = log(Zt/Z̄), for any stationary variable Zt. Thus, lower case variables denote
log-deviation from steady-state of the upper case variables.

35One exception is the Lagrange multiplier of the budget constraint, Λt, that must be normalized to Λ̂t =
Λtγ

tPt, since it reflects the marginal utility of an additional unit of money, which declines as consumption
grows at rate γ and the price level rises.

36This simplifies the derivation as Eh,t[Ŵ ∗
h,t] = Ŵ ∗

h,t and Ei,t[P̂ ∗
i,t] = P̂ ∗

i,t since agents observe Pt−1. This
would not be true if we detrended them using Pt.
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Table F1: Posterior distributions: k̄ = 6 vs. k̄ = 12 truncation (complete dataset)

Parameters
Prior Baseline (k̄=6) k̄=12

Dist. Mean Std. Dev. Mode 5% 95% Mode 5% 95%
Endogenous propagation parameters
χ G 2.00 0.75 1.51 0.92 2.14 1.11 0.63 1.40
φ B 0.50 0.20 1.00 0.99 1.00 0.99 0.97 0.99
a′′ G 0.20 0.10 0.06 0.06 0.22 0.22 0.14 0.44
s′′ G 4.00 1.50 4.83 3.62 6.80 3.35 2.65 5.00
ϕy G 0.20 0.10 0.06 0.04 0.11 0.31 0.22 0.44
ϕπ G 1.50 0.50 3.02 2.43 3.88 1.48 1.09 1.97
ϕr B 0.50 0.20 0.87 0.84 0.90 0.91 0.87 0.93
ιp B 0.50 0.20 0.03 0.01 0.13 0.17 0.07 0.70
ιw B 0.50 0.20 0.76 0.37 0.91 0.28 0.10 0.67
ξp B 0.67 0.05 0.84 0.80 0.87 0.95 0.92 0.96
ξw B 0.75 0.05 0.81 0.78 0.85 0.87 0.81 0.90
Steady-state parameters
πss G 2.62 0.50 2.07 1.56 2.72 1.93 1.48 2.58
rss G 5.15 0.50 6.58 5.83 7.62 5.35 4.80 6.02
γss G 0.50 0.10 0.36 0.31 0.41 0.48 0.46 0.50
Structural shocks parameters
ρc B 0.50 0.20 0.14 0.07 0.21 0.17 0.09 0.24
ρi B 0.50 0.20 0.42 0.33 0.50 0.41 0.34 0.48
ρg B 0.50 0.20 0.97 0.95 0.99 0.98 0.96 0.99
ρp B 0.50 0.20 0.74 0.65 0.81 0.43 0.12 0.52
ρw B 0.50 0.20 0.17 0.09 0.25 0.34 0.25 0.49
ρr B 0.50 0.20 0.44 0.31 0.57 0.41 0.28 0.56
ρa B 0.50 0.20 1.00 1.00 1.00 1.00 0.99 1.00
σc IG 0.50 1.00 1.06 0.87 1.52 1.02 0.84 1.44
σi IG 2.00 1.00 2.73 2.37 3.26 3.00 2.61 3.62
σg IG 0.20 1.00 0.55 0.49 0.65 0.63 0.56 0.73
σp IG 0.20 1.00 0.26 0.20 0.41 0.42 0.29 0.66
σw IG 0.50 1.00 0.94 0.72 1.76 0.61 0.40 1.30
σr IG 0.20 1.00 0.13 0.12 0.15 0.12 0.11 0.14
σa IG 0.20 1.00 0.47 0.42 0.54 0.48 0.44 0.56
Information friction parameters
k̄c B 0.50 0.20 0.23 0.17 0.29 0.25 0.19 0.31
k̄i B 0.50 0.20 0.46 0.42 0.51 0.47 0.44 0.52
k̄g B 0.50 0.20 0.52 0.49 0.56 0.53 0.51 0.57
k̄p B 0.50 0.20 0.33 0.25 0.42 0.26 0.19 0.40
k̄w B 0.50 0.20 0.37 0.23 0.53 0.50 0.27 0.73
k̄r B 0.50 0.20 0.72 0.59 0.82 0.68 0.52 0.79
k̄a B 0.50 0.20 0.01 0.00 0.01 0.06 0.04 0.08
Measurement errors standard deviation
σme

dy IG 0.10 0.02 0.30 0.26 0.34 0.33 0.30 0.38
σme

dc IG 0.07 0.02 0.20 0.19 0.23 0.21 0.19 0.23
σme

di IG 0.50 0.10 1.24 1.11 1.39 1.24 1.12 1.39
σme

π IG 0.15 0.04 0.51 0.46 0.59 0.45 0.41 0.52
σme

r IG 0.15 0.04 0.29 0.26 0.35 0.28 0.24 0.34
Marginal Likelihood -1381.55 -1384.59
Number of MH Draws 800k 400k
MH Burn-in 50% 50%

Note: Both truncations are estimated on the complete dataset (macroeconomic and expectations data) and
same priors.
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G.2 Euler Equation

We first detrend and log-linearize equations (G.1) and (G.2) to get the usual Euler equation
for consumption:

Eh,t[Λh,tPt] =
Eh,t

[︂
exc

t

]︂
Ch,t − φCh,t−1

(G.1)

Eh,t[Λh,t] = βEh,t [Λh,t+1Rt] . (G.2)

Detrending equation (G.1), we get

Eh,t

[︂
γtΛh,tPt

]︂
=

Eh,t

[︂
exc

t

]︂
Ch,t/γt − φCh,t−1/(γ · γt−1)

Eh,t[Λ̂h,t] =
Eh,t

[︂
exc

t

]︂
Ĉh,t − φ/γĈh,t−1

Log-linearizing the equation above, it follows that

Λ̄h(1 + Eh,t[λh,t]) = 1 + Eh,t[xc
t ]

C̄h[1 − φ/γ + ch,t − φ/γch,t−1]

Using the steady-state result Λ̄h =
[︂
C̄h (1 − φ/γ)

]︂−1
we find

(1 + Eh,t[λh,t])
(︄

1 − φ

γ
+ ch,t − φ

γ
ch,t−1

)︄
=
(︄

1 − φ

γ

)︄
(1 + Eh,t [xc

t ])

Rearranging terms

Eh,t[λh,t] = φ/γ

1 − φ/γ
ch,t−1 − 1

1 − φ/γ
ch,t + Eh,t [xc

t ] (G.3)

The detrended version of (G.2) is

Eh,t[γtΛh,tPt] = β

γ
Eh,t

[︄
γt+1Λh,t+1Pt+1

Pt

Pt+1
Rt

]︄

Eh,t[Λ̂h,t] = β

γ
Eh,t

[︄
Λ̂h,t+1

Rt

Πt+1

]︄
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We now log-linearize the equation above

Λ̄h(1 + Eh,t[λh,t]) = β

γ

R̄

Π̄
Λ̄hEh,t [1 + λh,t+1 + rt − πt+1]

Using the steady-state result that Π̄/R̄ = β/γ and rearranging terms

Eh,t[λh,t] = Eh,t[λh,t+1 + rt − πt+1] (G.4)

Substituting (G.3) into (G.4) implies

φ/γ

1 − φ/γ
ch,t−1 − 1

1 − φ/γ
ch,t + Eh,t [xc

t ] =

Eh,t

[︄
φ/γ

1 − φ/γ
ch,t − 1

1 − φ/γ
ch,t+1 + xc

t+1 + rt − πt+1

]︄

Rearranging terms

ch,t = φ/γ

1 + φ/γ
ch,t−1 + 1

1 + φ/γ
Eh,t[ch,t+1] − 1 − φ/γ

1 + φ/γ
Eh,t[rt − πt+1 +

(︂
xc

t+1 − xc
t

)︂
]

Integrating over h, we get the log-linearized Euler equation

ct = φ/γ

1 + φ/γ
ct−1 + 1

1 + φ/γ

� 1

0
Eh,t[ch,t+1] dh− 1 − φ/γ

1 + φ/γ
Ēt[rt − πt+1 +

(︂
xc

t+1 − xc
t

)︂
] (G.5)

where ct ≡
� 1

0 ch,t dh denotes aggregate consumption. The habit reference is the household’s
own past consumption ch,t−1 (internal habits), and the household does not internalize the
effect of current consumption on next period’s habit stock, a behavioral-friction assumption
that preserves the first-order Euler equation.

G.3 Equilibrium condition for investment

In the baseline model, we assume that investment decisions are subject to an investment
adjustment cost. However, in a later exercise, we consider adjustment costs in capital instead.
This section derives the investment equilibrium condition for both cases.
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Investment adjustment costs. The first-order condition for investment (G.6) with ad-
justment costs in investment is the following:

Eh,t[Λh,tPt] = Eh,t

[︂
Φh,te

xi
t

]︂ (︄
1 − S

(︄
Ih,t

Ih,t−1

)︄
− S ′

(︄
Ih,t

Ih,t−1

)︄
Ih,t

Ih,t−1

)︄

+βEh,t

⎡⎣Φh,t+1e
xi

t+1S ′
(︄
Ih,t+1

Ih,t

)︄(︄
Ih,t+1

Ih,t

)︄2
⎤⎦ (G.6)

We start by detrending the equation above

Eh,t[Λ̂h,t] = Eh,t

[︂
Φ̂h,te

xi
t

]︂ (︄
1 − S

(︄
γ
Îh,t

Îh,t−1

)︄
− S ′

(︄
γ
Îh,t

Îh,t−1

)︄
γ
Îh,t

Îh,t−1

)︄
+

β

γ
Eh,t

⎡⎣Φ̂h,t+1e
xi

t+1S ′
(︄
γ
Îh,t+1

Îh,t

)︄(︄
γ
Îh,t+1

Îh,t

)︄2⎤⎦
Using the definition Qh,t ≡ Eh,t[Φ̂h,t/Λ̂h,t], it follows that

Eh,t[Λ̂h,t] = Qh,tEh,t[Λ̂h,te
xi

t ]
(︄

1 − S

(︄
γ
Îh,t

Îh,t−1

)︄
− S ′

(︄
γ
Îh,t

Îh,t−1

)︄
γ
Îh,t

Îh,t−1

)︄
+

β

γ
Eh,t

⎡⎣Qh,t+1Λ̂h,t+1e
xi

t+1S ′
(︄
γ
Îh,t+1

Îh,t

)︄(︄
γ
Îh,t+1

Îh,t

)︄2⎤⎦
We now log-linearize the equation above using the following approximations

Îh,t

Îh,t−1
≈ 1 + ih,t − ih,t−1

S (γ(1 + ih,t − ih,t−1)) ≈ S(γ) + γS ′(γ) (ih,t − ih,t−1) = 0

S ′ (γ(1 + ih,t+1 − ih,t)) ≈ S ′(γ) + γS ′′(γ)(ih,t+1 − ih,t) = γs′′(ih,t+1 − ih,t)

The log-linearized version of the equilibrium condition for investment is

1 + Eh,t[λh,t] = Q̄h

(︂
1 + qh,t + Eh,t[λh,t] + Eh,t

[︂
xi

t

]︂)︂ (︂
1 − γ2s′′(ih,t − ih,t−1)(1 + ih,t − ih,t−1)

)︂
+

Q̄hβγ
2Eh,t

[︂
(1 + λh,t+1)(1 + xi

t+1)s′′(ih,t+1 − ih,t)(1 + ih,t − ih,t−1)2
]︂

Using the steady-state result Q̄h = 1 and dropping second-order terms off, it follows that

Eh,t[λh,t] = qh,t + Eh,t[λh,t] + Eh,t[xi
t] − γ2s′′(ih,t − ih,t−1) + βγ2s′′(Eh,t[ih,t+1] − ih,t)
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Rearranging terms, we get

ih,t =
(︄

1
1 + β

)︄
ih,t−1 +

(︄
β

1 + β

)︄
Eh,t[ih,t+1] +

(︄
1

s′′(1 + β)γ2

)︄(︂
qh,t + Eh,t

[︂
xi

t

]︂)︂

Integrating over h yields the aggregate equilibrium condition

it =
(︄

1
1 + β

)︄
it−1 +

(︄
β

1 + β

)︄ � 1

0
Eh,t[ih,t+1] dh+

(︄
1

s′′(1 + β)γ2

)︄(︂
qt + Ēt

[︂
xi

t

]︂)︂
,

where it ≡
� 1

0 ih,t dh and qt ≡
� 1

0 qh,t dh denote aggregate investment and the aggregate
shadow price of capital, respectively. Finally, we normalize the shock as follows

it =
(︄

1
1 + β

)︄
it−1 +

(︄
β

1 + β

)︄ � 1

0
Eh,t[ih,t+1] dh+

(︄
1

s′′(1 + β)γ2

)︄
qt + Ēt

[︂
x̂i

t

]︂
, (G.7)

where x̂i
t ≡ xi

t/(s′′(1 + β)γ2).

Capital adjustment cost. In the case with capital adjustment costs, the first-order con-
dition for investment is

Eh,t[Φh,te
xi

t ] = Eh,t[Λh,tPt]
(︄

1 + S ′
(︄

Ih,t

Kh,t−1

)︄)︄
.

Detrending and using the definition Qh,t ≡ Eh,t[Φ̂h,t/Λ̂h,t] yields

Qh,tEh,t[Λ̂h,te
xi

t ] = Eh,t[Λ̂h,t]
(︄

1 + S ′
(︄
γ

Îh,t

K̂h,t−1

)︄)︄
.

We log-linearize the equation above using the following first-order approximation around the
steady state

S ′
(︄
γ

Îh,t

K̂h,t−1

)︄
≈ S ′

(︄
γ
Ī

K̄

)︄
+ s′′

(︄
γ

Îh,t

K̂h,t−1
− γ

Ī

K̄

)︄
≈ s′′ · γ Ī

K̄
(ih,t − kh,t−1)

Using the steady-state result Īh/K̄h = 1 − (1 − δ)/γ, it follows that

qh,t + Eh,t[xi
t] = s′′ (γ − (1 − δ)) (ih,t − kh,t−1)
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Rewriting in terms of investment yields

ih,t = kh,t−1 +
(︄

1
s′′(γ − (1 − δ))

)︄
qh,t + Eh,t[x̂i

t]

after we use the normalized shock x̂i
t ≡ xi

t

s′′(γ−(1−δ)) . Finally, we integrate over h to get

it = kt−1 +
(︄

1
s′′(γ − (1 − δ))

)︄
qt + Ēt[x̂i

t] (G.8)

G.4 Asset pricing equation for capital stock

In the baseline model, we assume that investment decisions are subject to an investment
adjustment cost. However, in a later exercise, we consider adjustment costs in capital instead.
This section derives the investment equilibrium condition for both cases.

Investment adjustment costs. We use the households’ first-order conditions for capital
(G.9) below to get an asset pricing equation for capital:

Eh,t[Φh,t] = βEh,t

[︂
Λh,t+1

(︂
Rk

t+1Uh,t+1 − Pt+1a(Uh,t+1)
)︂]︂

+ (1 − δ)βEh,t [Φh,t+1] (G.9)

We detrend all variables in (G.9),

Eh,t

[︂
Φ̂h,t

]︂
= β

γ
Eh,t

[︂
Λ̂h,t+1

(︂
R̂k

t+1Uh,t+1 − a(Uh,t+1)
)︂]︂

+ (1 − δ)β
γ
Eh,t

[︂
Φ̂h,t+1

]︂

Using the definition Qh,t ≡ Eh,t[Φh,t/Λh,tPt], it follows that

Qh,tEh,t

[︂
Λ̂h,t

]︂
= β

γ
Eh,t

[︂
Λ̂h,t+1

(︂
R̂k

t+1Uh,t+1 − a(Uh,t+1)
)︂]︂

+ (1 − δ)β
γ
Eh,t

[︂
Qh,t+1Λ̂h,t+1

]︂
.

Note that Qh,t can be taken outside the expectation operator Eh,t[·] by the Law of Iterated
Expectations.

We start log-linearizing using the following approximation

a(Uh,t+1) ≈ a(Ūh) + a′(Ūh)(Uh,t+1 − Ūh) = R̄k(Uh,t+1 − 1) ≈ R̄kuh,t+1

and use the following steady-state results to simplify the equation: Q̄ = 1, Ū = 1, R̄k =

69



γ
β

− (1 − δ). It follows that

1 + qh,t + Eh,t[λh,t] =
(︄

1 − (1 − δ)β
γ

)︄(︂
1 + Eh,t

[︂
λh,t+1 + rk

t+1

]︂)︂
+(︄

(1 − δ)β
γ

)︄
(1 + Eh,t [qh,t+1 + λh,t+1])

Simplifying further yields

qh,t =
(︄

1 − (1 − δ)β
γ

)︄
Eh,t

[︂
rk

t+1

]︂
+
(︄

(1 − δ)β
γ

)︄
Eh,t[qh,t+1] + Eh,t[λh,t+1] − λh,t

Plugging the log-linearized version of the first-order condition for bonds (G.4) into the ex-
pression above, it follows that

qh,t =
(︄
β(1 − δ)

γ

)︄
Eh,t[qh,t+1] +

(︄
1 − β(1 − δ)

γ

)︄
Eh,t

[︂
rk

t+1

]︂
− Eh,t[rt − πt+1]

Integrating over h, we finally get the aggregate asset pricing equation for capital

qt =
(︄
β(1 − δ)

γ

)︄� 1

0
Eh,t[qh,t+1] dh+

(︄
1 − β(1 − δ)

γ

)︄
Ēt

[︂
rk

t+1

]︂
− Ēt[rt − πt+1] (G.10)

Capital adjustment cost. In the case with capital adjustment costs, the first-order con-
dition for capital is

Eh,t[Φh,t] = βEh,t [Λh,t+1 (Rk,t+1Uh,t+1 − Pt+1a(Uh,t+1))]

+βEh,t

[︄
Φh,t+1

[︄
1 − δ − Sk

(︄
Ih,t+1

Kh,t

)︄
+ S ′

k

(︄
Ih,t+1

Kh,t

)︄
Ih,t+1

Kh,t

]︄]︄

Detrending the equation above yields

Eh,t[Φ̂h,t] = β

γ
Eh,t

[︂
Λ̂h,t+1

(︂
R̂k,t+1Uh,t+1 − a(Uh,t+1)

)︂]︂
+β
γ
Eh,t

[︄
Φ̂h,t+1

[︄
1 − δ − Sk

(︄
γ
Îh,t+1

K̂h,t

)︄
+ S ′

k

(︄
γ
Îh,t+1

K̂h,t

)︄
γ
Îh,t+1

K̂h,t

]︄]︄
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Using the definition Qh,t ≡ Eh,t[Φh,t/Λh,tPt], it follows that

Qh,tEh,t

[︂
Λ̂h,t

]︂
= β

γ
Eh,t

[︂
Λ̂h,t+1

(︂
R̂k

t+1Uh,t+1 − a(Uh,t+1)
)︂]︂

+β
γ
Eh,t

[︄
Qh,t+1Λ̂h,t+1

[︄
1 − δ − Sk

(︄
γ
Îh,t+1

K̂h,t

)︄
+ S ′

k

(︄
γ
Îh,t+1

K̂h,t

)︄
γ
Îh,t+1

K̂h,t

]︄]︄
.

We start log-linearizing the equation above using the following first-order approximations
around the steady state:

Sk

(︄
γ
Îh,t+1

K̂h,t

)︄
≈ 0

S ′
k

(︄
γ
Îh,t+1

K̂h,t

)︄
≈ S ′

k

(︄
γ
Ī

K̄

)︄
+ s′′

k

(︄
γ
Îh,t+1

K̂h,t

− γ
Ī

K̄

)︄
≈ s′′

k · γ Ī
K̄

(ih,t+1 − kh,t)

Îh,t+1

K̂h,t

≈ Ī

K̄
(1 + ih,t+1 − kh,t)

We also use the same first-order approximation for utilization capacity and the same steady-
state results as before to get

qh,t + Eh,t[λh,t] =
(︄

1 − (1 − δ)β
γ

)︄(︂
Eh,t

[︂
λh,t+1 + rk

t+1

]︂)︂
+(︄

(1 − δ)β
γ

)︄
(Eh,t [qh,t+1 + λh,t+1]) + βγs′′

(︄
1 − 1 − δ

γ

)︄2

Eh,t [ih,t+1 − kh,t]

Using the log-linearized version of the first-order condition for bonds (G.4), it follows that

qh,t =
(︄

1 − (1 − δ)β
γ

)︄
Eh,t

[︂
rk

t+1

]︂
+(︄

(1 − δ)β
γ

)︄
Eh,t [qh,t+1] + βγs′′

(︄
1 − 1 − δ

γ

)︄2

Eh,t [ih,t+1 − kh,t] − Eh,t[rt − πt+1]

Integrating over h yields

qt =
(︄

1 − (1 − δ)β
γ

)︄
Ēt

[︂
rk

t+1

]︂
+(︄

(1 − δ)β
γ

)︄� 1

0
Eh,t [qh,t+1] dh+ βγs′′

k

(︄
1 − 1 − δ

γ

)︄2 (︄� 1

0
Eh,t [ih,t+1] dh− kt

)︄
− Ēt[rt − πt+1]

(G.11)
Note that, as γ ≈ 1, (Ī/K̄)2 ≈ δ2 ≈ 0.
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G.5 Law of motion of capital

In the baseline model, we assume that investment decisions are subject to an investment
adjustment cost. However, in a later exercise, we consider adjustment costs in capital instead.
This section derives the law of motion of capital for both cases.

Investment adjustment costs. The law of motion of capital when there are adjustment
costs in investment is the following

Kh,t = (1 − δ)Kh,t−1 + exi
t(1 − S(Ih,t/Ih,t−1))Ih,t (G.12)

Detrending the equation above yields

K̂h,t =
(︄

1 − δ

γ

)︄
K̂h,t−1 + exi

t

(︄
1 − S

(︄
γ
Îh,t

Îh,t−1

)︄)︄
Îh,t

We log-linearize the equation

K̄h(1 + kh,t) =
(︄

1 − δ

γ

)︄
K̄h(1 + kh,t−1) + (1 + xi

t) (1 − S (γ(1 + ih,t − ih,t−1))) Īh(1 + ih,t)

Using the steady-state result Īh/K̄h = 1 − (1 − δ)/γ

1 + kh,t =
(︄

1 − δ

γ

)︄
(1 + kh,t−1) + (1 + xi

t) (1 − S (γ(1 + ih,t − ih,t−1)))
(︄

1 − 1 − δ

γ

)︄
(1 + ih,t)

kh,t =
(︄

1 − δ

γ

)︄
kh,t−1 +

(︄
1 − 1 − δ

γ

)︄(︂
ih,t + xi

t − S (γ(1 + ih,t − ih,t−1))
(︂
1 + ih,t + xi

t

)︂)︂

We use the following first-order approximation around the steady state

S (γ(1 + ih,t − ih,t−1)) ≈ S(γ) + γS ′(γ) (ih,t − ih,t−1) = 0,

which yields

kh,t =
(︄

1 − δ

γ

)︄
kh,t−1 +

(︄
1 − 1 − δ

γ

)︄(︂
ih,t + xi

t

)︂
.

Using the normalized shock x̂i
t ≡ xi

t/(s′′(1 + β)γ2) and integrating over h, it follows that

kt =
(︄

1 − δ

γ

)︄
kt−1 +

(︄
1 − 1 − δ

γ

)︄
it +

[︄(︄
1 − 1 − δ

γ

)︄
s′′(1 + β)γ2

]︄
x̂i

t. (G.13)
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Capital adjustment costs. The law of motion of capital when there are adjustment costs
in capital is the following

Kh,t =
(︄

1 − δ − Sk

(︄
Ih,t

Kh,t−1

)︄)︄
Kh,t−1 + exi

tIh,t

Detrending the equation above yields

K̂h,t = 1
γ

(︄
1 − δ − Sk

(︄
γ

Îh,t

K̂h,t−1

)︄)︄
K̂h,t−1 + exi

t Îh,t

We log-linearize the equation above as follows

K̄h(1 + kh,t) = 1
γ

[1 − δ − Sk (γ(1 + ih,t − kh,t−1))] K̄h(1 + kh,t−1) + Īh(1 + ih,t + xi
t)

Using the steady-state result Īh = (1 − (1 − δ)/γ)K̄h, we get

kh,t = 1
γ

[1 − δ − Sk (γ(1 + ih,t − kh,t−1))] kh,t−1 +
(︄

1 − 1 − δ

γ

)︄(︂
ih,t + xi

t

)︂

We use the following first-order approximation around the steady state

Sk (γ(1 + ih,t − kh,t−1)) ≈ Sk

(︄
γ
Ī

K̄

)︄
+ γ

Ī

K̄
S ′

k

(︄
γ
Ī

K̄

)︄
(ih,t − kh,t−1) = 0,

which yields

kh,t =
(︄

1 − δ

γ

)︄
kh,t−1 +

(︄
1 − 1 − δ

γ

)︄(︂
ih,t + xi

t

)︂

Using the normalized shock x̂i
t ≡ xi

t

s′′(γ−(1−δ)) and integrating over h, it follows that

kt =
(︄

1 − δ

γ

)︄
kt−1 +

(︄
1 − 1 − δ

γ

)︄
it +

[︄(︄
1 − 1 − δ

γ

)︄
s′′ (γ − (1 − δ))

]︄
x̂i

t, (G.14)

G.6 Capital utilization level

The optimal value of the capital utilization rate solves

Eh,t[Rk
t ] = a′(Uh,t)Eh,t[Pt]. (G.15)
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Based on equation (G.15), we obtain a log-linearized version of the capital utilization function
by first dividing both sides of the equation by Pt

a′(Uh,t)Eh,t

[︄
Pt

Pt−1

]︄
= Eh,t

[︄
R̂k

t

Pt

Pt−1

]︄

We now log-linearize each term and use the following approximation

a′(Uh,t) ≈ a′(Ūh) + a′′(Ūh)(Uh,t − Ūh) = R̄k + a′′uh,t

This leads to

Π̄(R̄k + a′′uh,t + R̄kEh,t[πt]) = R̄kΠ̄(1 + Eh,t[rk
t + πt])

uh,t =
(︂
R̄k/a′′

)︂
Eh,t[rk

t ]

Integrating over h, we have
ut = (R̄k/a′′)Ēt[rk

t ] (G.16)

G.7 Utilized capital level

We log-linearize the capital utilization function Ku
h,t = Uh,tKh,t−1 as follows

Ku
h,t/γ

t = Uh,tKh,t−1/(γ · γt)

K̂u
h,t = Uh,tK̂h,t−1/γ

ku
h,t = uh,t + kh,t−1

Integrating over h ∈ [0, 1], we get
ku

t = ut + kt−1 (G.17)

G.8 Marginal cost of labor

We detrend the marginal rate of substitution between consumption and leisure

MRSh,t = Lχ
h,t (Ch,t − φCh,t−1)
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as follows

MRSh,t/γ
t = Lχ

h,t

(︂
Ch,t/γ

t − φCh,t−1/(γ · γt−1)
)︂

ˆ︂MRSh,t = Lχ
h,t

(︂
Ĉh,t − φ/γĈh,t−1

)︂
We now log-linearize the variables and use the approximation (1 + lh,t)χ ≈ 1 + χlh,t

¯MRS(1 +mrsh,t) = L̄χC̄(1 + χlh,t)(1 + ch,t − φ/γ − φ/γch,t−1)

Using the fact that ¯MRS = C̄(1 − φ/γ)L̄χ , we get

(1 +mrsh,t)
(︄

1 − φ

γ

)︄
= 1 − φ

γ
+
(︄

1 − φ

γ

)︄
χlh,t + ch,t − φ

γ
ch,t−1

We rearrange the terms to get

mrsh,t =
(︄

1
1 − φ/γ

)︄(︄
ch,t − φ

γ
ch,t−1

)︄
+ χlh,t

We finally integrate over h to get

mrst =
(︄

1
1 − φ/γ

)︄
(ct − φ/γct−1) + χlt (G.18)

G.9 Resource constraint

The resource constraint is defined as follows

Yt = Ct + It + a(Ut)Kt−1 +Gt

Log-linearizing each term leads to

Ȳ (1 + yt) = C̄(1 + ct) + Ī(1 + it) + K̄R̄kut + Ḡ(1 + gt)

We use the steady-state result that Ȳ = C̄ + Ī + Ḡ and divide each side by Ȳ to simplify
the expression above to

yt = cyct + iyit + R̄kkyut + gygt,
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where cy = C̄/Ȳ , iy = Ī/Ȳ , ky = K̄/Ȳ and gy = Ḡ/Ȳ . We now derive a formula for gt by
noticing that government expenditures follow the rule below

Gt

Yt

= gy + xg
t gy(1 + gt − yt) = gy + xg

t

gt = yt + xg
t

gy

Plugging the result above into the log-linearized version of the resource constraint implies

yt = 1
1 − gy

(︄
C̄

Ȳ
ct + Ī

Ȳ
it + R̄kK̄

Ȳ
ut + xg

t

)︄
(G.19)

H Derivation of price- and wage-setting conditions

H.1 Cost minimization problem

min
{Ki,t,Li,t}

Ei,t

[︂
WtLi,t +Rk

tKi,t

]︂
s.t. Yi,t = AtK

α
i,tL

1−α
i,t − γtΦp,

37

where At follows

log(At) = ρa log(At−1) + εa
t (H.1)

The lagrangean is:

min
{Ki,t,Li,t}

L = Ei,t

[︂
WtLi,t +Rk

tKi,t − γtΦp + µi,t

[︂
Yi,t − AtK

α
i,tL

1−α
i,t

]︂]︂

The first-order conditions are:

Ei,t [Wt] = (1 − α)µi,t
Ei,t [Yi,t]
Li,t

Ei,t

[︂
Rk

t

]︂
= αµi,t

Ei,t [Yi,t]
Ki,t

Dividing both equations yields:

Ei,t [Wt]
Ei,t

[︂
Rk

t

]︂ = 1 − α

α

Ki,t

Li,t

(H.2)
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substituting into the production function and solving for Ki,t and Li,t as a function of Yi,t,
it follows that:

Yi,t = At

⎡⎣ α

1 − α

Ei,t [Wt]
Ei,t

[︂
Rk

t

]︂
⎤⎦α

Li,t Li,t =
⎡⎣1 − α

α

Ei,t

[︂
Rk

t

]︂
Ei,t [Wt]

⎤⎦α

Yi,t

At

Yi,t = At

⎡⎣1 − α

α

Ei,t

[︂
Rk

t

]︂
Ei,t [Wt]

⎤⎦1−α

Ki,t Ki,t =
⎡⎣ α

1 − α

Ei,t [Wt]
Ei,t

[︂
Rk

t

]︂
⎤⎦1−α

Yi,t

At

Substituting both into the total cost function, we get:

C(Yi,t) =

⎡⎢⎣Wt

⎡⎣1 − α

α

Ei,t

[︂
Rk

t

]︂
Ei,t [Wt]

⎤⎦α

+Rk
t

⎡⎣ α

1 − α

Ei,t [Wt]
Ei,t

[︂
Rk

t

]︂
⎤⎦1−α

⎤⎥⎦ Yi,t

At

− AtΦp

=

⎡⎢⎣ (1 − α)WtEi,t

[︂
Rk

t

]︂
+ αRk

tEi,t [Wt]

αα(1 − α)1−αEi,t [Wt]α Ei,t

[︂
Rk

t

]︂1−α

⎤⎥⎦ Yi,t

At

− AtΦp

Finally, the marginal cost is given by:

MCi,t ≡ C ′(Yi,t) =

⎡⎢⎣ (1 − α)WtEi,t

[︂
Rk

t

]︂
+ αRk

tEi,t [Wt]

αα(1 − α)1−αEi,t [Wt]α Ei,t

[︂
Rk

t

]︂1−α

⎤⎥⎦ 1
At

(H.3)

H.2 Price index

The price index is given by

Pt =
[︄� 1

0
P

− 1
µ

p
t

i,t di

]︄−µp
t

The firms that do not optimize follow the indexation rule given by

Xt = Πιp

t−1Π̄1−ιp

where ιp ∈ [0, 1].
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Observe that

P
− 1

µ
p
t

t =
� 1

0
P

− 1
µ

p
t

i,t di =
� ξp

0
(XtPi,t−1)

− 1
µ

p
t di+

� 1

ξp

(P ∗
i,t)

− 1
µ

p
t di

= ξpX
− 1

µ
p
t

t

� 1

0
P

− 1
µ

p
t

i,t−1di+ (1 − ξp)
� 1

0
(P ∗

i,t)
− 1

µ
p
t di

= ξp(XtPt−1)
− 1

µ
p
t + (1 − ξp)(P ∗

t )
− 1

µ
p
t

where the last equality uses the definition of Pt in period t − 1 and uses the definition of

aggregate optimal price given by P ∗
t =

[︃� 1
0 (P ∗

i,t)
− 1

µ
p
t di

]︃−µp
t

.

Dividing both sides by P
− 1

µ
p
t

t−1 and using the definition of Πt and Xt:

Π
− 1

µ
p
t

t = ξp

(︂
Πιp

t−1Π̄1−ιp

)︂− 1
µ

p
t + (1 − ξp)

(︂
P̂ ∗

t

)︂− 1
µ

p
t (H.4)

where P̂ ∗
t = P ∗

t

Pt−1
.

H.3 Optimal price

max
{P ∗

i,t}

∞∑︂
s=0

ξs
pEi,t

[︂
Λt,t+s

(︂
P ∗

i,tXt,t+sYt+s|t − C(Yt+s|t)
)︂]︂

s.t. Yt+s|t =
(︄
P ∗

i,tXt,t+s

Pt+s

)︄−
1+λp,t+s

λp,t+s

Yt+s

Xt,t+s =

⎧⎪⎨⎪⎩
∏︁s

j=1(Π
ιp

t+j−1Π̄1−ιp), for s ≥ 1

1, for s = 0

Λt,t+s = βsλt+s

λt

= βsuc(Ct+s)
uc(Ct)

Pt

Pt+s

where Yt+s|t denote the output from period t + s given that the last price update was done
in period t.
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FOC:
∞∑︂

s=0
ξs

pEi,t

[︄
Λt,t+s

(︄
Xt,t+sYt+s|t −

(︄
1 + λp,t+s

λp,t+s

)︄
P ∗

i,tXt,t+s

Yt+s|t

P ∗
i,t

+ C ′(Yt+s|t)
(︄

1 + λp,t+s

λp,t+s

)︄
Yt+s|t

P ∗
i,t

)︄]︄
= 0

∞∑︂
s=0

ξs
pEi,t

[︄
Λt,t+sYt+s|t

(︄
−Xt,t+s

λp,t+s

+
(︄

1 + λp,t+s

λp,t+s

)︄
MCi,t+s

P ∗
i,t

)︄]︄
= 0 (H.5)

∞∑︂
s=0

ξs
pEi,t

[︄
Λt,t+sYt+s|t

Xt,t+s

λp,t+s

]︄
=

∞∑︂
s=0

ξs
pEi,t

[︄
Λt,t+sYt+s|t

(︄
1 + λp,t+s

λp,t+s

)︄
MCi,t+s

P ∗
i,t

]︄
(H.6)

H.4 Wage-setting problem

min
{W ∗

h,t
}

−Eh,t

[︄ ∞∑︂
s=0

(βξw)sV
(︂
Lh,t+s|t

)︂]︄

s.t. Lh,t+s|t =
(︄
W ∗

h,tX
w
t,t+s

Wt+s

)︄−
1+µw,t+s

µw,t+s

Lt+s

Pt+sCh,t+s + Pt+sIh,t+s +Bh,t+s + Pt+sa(Uh,t+s)Kh,t+s−1 +Qt+s+1,tAh,t+s

= Rt+s−1Bh,t+s−1 +Wh,t+sLh,t+s|t +Rk
t+sUh,t+sKh,t+s−1 + Pt+sAh,t+s−1 + Th,t+s

Wh,t+s = Xw
t,t+sW

∗
h,t

Xw
t,t+s =

⎧⎪⎨⎪⎩(γΠ̄1−ιw)s∏︁s
j=1

(︂
Πιw

t+j−1

)︂
if s ≥ 1

1 if s = 0.

where Lh,t+s|t denotes the labor supply from period t + s given that the last wage update
was done in period t.

The Lagrangean of this problem is given by

L =
∞∑︂

s=0
(βξw)sEh,t

[︂
V
(︂
Lh,t+s|t

)︂
+ Λh,t+s

(︂
Rt+s−1Bh,t+s−1 +Xw

t,t+sW
∗
h,tLh,t+s|t +Rk

t+sUh,t+sKh,t−1+

Pt+sAh,t+s−1 + Th,t+s − Pt+sCh,t+s − Pt+sIh,t+s −Bh,t+s − Pt+sa(Uh,t+s)Kh,t+s−1 −Qt+s+1,tAh,t+s)]

Note that the Lagrangean multiplier of this problem is equal to the marginal utility of
consumption, Λh,t+s.

The optimal condition for setting the wage of differentiated labor, W ∗
h,t, is

0 =
∞∑︂

s=0
(βξw)sEh,t

[︄(︄
Λh,t+s

(︄
Xw

t,t+sLh,t+s|t −
1 + µw

t+s

µw
t+s

Lh,t+s|tX
w
t,t+s

)︄
+ 1 + µw

t+s

µw
t+s

V ′ (Lh,t+s)
Lh,t+s|t

W ∗
h,t

)︄]︄

0 =
∞∑︂

s=0
(βξw)sEh,t

[︄
Lh,t+s|tΛh,t+s

(︄
−
Xw

t,t+s

µw
t+s

+ 1 + µw
t+s

µw
t+s

V ′ (Lh,t+s)
Λh,t+sW ∗

h,t

)︄]︄
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Using the FOC from households’ problem and the definition of the rate of marginal
substitution between labor and consumption, one can see that

V ′
(︂
Lh,t+s|t

)︂
Λh,t+s

= Lχ
h,t+s|t(Ch,t+s − φ/γCh,t+s−1)Eh,t+s[Pt+s]

= MRSh,t+s|tEh,t+s[Pt+s].

Thus, the wage-setting equation can be written as

∞∑︂
s=0

(βξw)sEh,t

[︄
Lh,t+s|tΛh,t+s

Xw
t,t+s

µw
t+s

]︄
=

∞∑︂
s=0

(βξw)sEh,t

[︄
Lh,t+s|tΛh,t+s

1 + µw
t+s

µw
t+s

MRSh,t+s|tEh,t+s[Pt+s]
W ∗

h,t

]︄
(H.7)

H.5 Labor packers

There is a continuum of households indexed by h ∈ [0, 1] who supply differentiated labor
services that are imperfect substitutes for other households’ labor services. As in Erceg et al.
(2000), it is assumed that there are “employment agencies” that combine households’ labor
supply using the following aggregator

Lt =
(︄� 1

0
L

1
1+µw

t
h,t dh

)︄1+µw
t

, (H.8)

where µw
t denote the agency’s wage mark-up such that log(1 + µw

t ) = log(1 + µ̄w) + xw
t . In

turn, xw
t follows the process

xw
t = ρwx

w
t−1 + εw

t , εw
t ∼ N (0, σ2

w). (H.9)

Agencies pay each household h their wage, Wh,t, and sell a homogeneous labor service to
intermediate firms at a cost of Wt. Therefore, they maximize profits

WtLt −
� 1

0
Wh,tLh,tdh (H.10)

subject to the nominal wage index

Wt =
(︄� 1

0
(Wh,t)

− 1
µw

t dh

)︄−µw
t

.
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Thus, the demand for labor for each household h is given by

Lh,t =
(︃
Wh,t

Wt

)︃− 1+µw
t

µw
t
Lt, (H.11)

where Wt =
(︃� 1

0 (Wh,t)
− 1

µw
t dh

)︃−µw
t

is the nominal wage index. Given the optimal prices and
the indexation rule, the price level has the following law of motion

Wt =
[︃
ξw

(︂
γΠιw

t−1Π̄1−ιwWt−1
)︂− 1

µw
t + (1 − ξw)(W ∗

t )− 1
µw

t

]︃−µw
t

. (H.12)

where W ∗
t =

� 1
0 W

∗
h,tdh

I Log-linearization of price- and wage-setting condi-
tions

Let zt ≡ log(Zt)− log(Z̄) be the log-deviation from the steady-state for any relevant variable
Zt.

I.1 Marginal cost

Equation (H.2)

Ei,t [Wt]
Ei,t

[︂
Rk

t

]︂ = 1 − α

α

Ki,t

Li,t

Ei,t [Wt/Pt]
Ei,t

[︂
Rk

t /Pt

]︂ = 1 − α

α

Ki,t

Li,t

Ei,t

[︂
Ŵt

]︂
Ei,t

[︂
R̂k

t

]︂ = 1 − α

α

Ki,t

Li,t

¯̂
W
¯̂
Rk

Ei,t

[︂
eŵt

]︂
Ei,t

[︂
er̂k

t

]︂ = 1 − α

α

K̄

L̄
eki,t−li,t

Ei,t

[︂
eŵt

]︂
Ei,t

[︂
er̂k

t

]︂ = eki,t−li,t

where the last equality uses the same equation in the steady state.
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Log-linearizing each term:

Ei,t [1 + ŵt]
Ei,t

[︂
1 + r̂k

t

]︂ = 1 + ki,t − li,t

1 + Ei,t [ŵt] = (1 + ki,t − li,t)(1 + Ei,t

[︂
r̂k

t

]︂
)

Ei,t [ŵt] = ki,t − li,t + Ei,t

[︂
r̂k

t

]︂
where last equality uses the fact that xtyt ≊ 0 for any pair log-deviation from steady-state,
(xt, yt).

Marginal cost (equation H.3)

MCi,t =

⎡⎢⎣ (1 − α)WtEi,t

[︂
Rk

t

]︂
+ αRk

tEi,t [Wt]

αα(1 − α)1−αEi,t [Wt]α Ei,t

[︂
Rk

t

]︂1−α

⎤⎥⎦ 1
At

MCi,t/Pt =

⎡⎢⎣(1 − α)(Wt/Pt)Ei,t

[︂
Rk

t /Pt

]︂
+ α(Rk

t /Pt)Ei,t [Wt/Pt]

αα(1 − α)1−αEi,t [Wt/Pt]α Ei,t

[︂
Rk

t /Pt

]︂1−α

⎤⎥⎦ 1
At

M̂Ci,t =

⎡⎢⎣ (1 − α)ŴtEi,t

[︂
R̂k

t

]︂
+ αR̂k

tEi,t

[︂
Ŵt

]︂
αα(1 − α)1−αEi,t

[︂
Ŵt

]︂α
Ei,t

[︂
R̂k

t

]︂1−α

⎤⎥⎦ 1
At

M̄Cexp(mci,t) =

⎡⎢⎣(1 − α) ¯̂
W

¯̂
Rkexp(ŵt + Ei,t

[︂
r̂k

t

]︂
) + α

¯̂
W

¯̂
Rkexp(r̂k

t + Ei,t [ŵt])

αα(1 − α)1−α ¯̂
Wα( ¯̂

Rk)1−αexp(αEi,t [ŵt] + (1 − α)Ei,t

[︂
r̂k

t

]︂
)

⎤⎥⎦ 1
exp(at)

exp(mcit + at) =
⎡⎣(1 − α)exp(ŵt + Ei,t

[︂
r̂k

t

]︂
) + αexp(r̂k

t + Ei,t [ŵt])
exp(αEi,t [ŵt] + (1 − α)Ei,t

[︂
r̂k

t

]︂
)

⎤⎦

where last equality uses that M̄C =
¯̂

W 1−α( ¯̂
Rk)α

αα(1−α)1−α

Log-linearizing each term:

1 +mci,t + at =
(1 − α)(1 + ŵt + Ei,t

[︂
r̂k

t

]︂
) + α(1 + r̂k

t + Ei,t [ŵt])
1 + αEi,t [ŵt] + (1 − α)Ei,t

[︂
r̂k

t

]︂
(1 +mci,t + at)(1 + αEi,t [ŵt] + (1 − α)Ei,t

[︂
r̂k

t

]︂
) = (1 − α)(1 + ŵt + Ei,t

[︂
r̂k

t

]︂
) + α(1 + r̂k

t + Ei,t [ŵt])

1 +mci,t + at + αEi,t [ŵt] + (1 − α)Ei,t

[︂
r̂k

t

]︂
= (1 − α)(1 + ŵt + Ei,t

[︂
r̂k

t

]︂
) + α(1 + r̂k

t + Ei,t [ŵt])

mci,t = (1 − α)ŵt + αr̂k
t − at

Note that mci,t does not depend on i. This is due to the fact that the production function
exhibits constant returns to scale, and, as it turns out, the heterogeneity of expectations
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does not play a role in the cost minimization problem up to the first-order approximation.
Thus, we can simply drop the i such that

mct = (1 − α)ŵt + αr̂k
t − at

I.2 Production function of intermediate producers

Production function:

Yi,t = exa
tKα

i,t

(︂
γtLi,t

)︂1−α
− γtΦp

We first detrend the variables to get

Ŷi,t = exa
t K̂α

i,tL
1−α
i,t − Φp

We move the term Φp to the left-hand side of the equation and log-linearize it as follows

log(Ŷi,t + Φp) − log(Ȳi + Φp) = xa
t + αki,t + (1 − α)li,t

We may rearrange the left-hand side of the expression above to get

log(Ŷi,t + Φp) − log(Ȳi + Φp) = Ȳi

Ȳi + Φp

yi,t

We conclude that
yi,t = Ȳi + Φp

Ȳi

(xa
t + αki,t + (1 − α)li,t)

Integrating over i, we finally get

yt = Ȳ + Φp

Ȳ
(xa

t + αkt + (1 − α)lt) (I.1)

I.3 Price index

Price index (equation H.4) requires a different log-linearization rule. Consider Xt = Y Zt
t .

Then, xt = Z̄(log(Ȳ )zt + yt) Applying this to equation (H.4):

Π
− 1

µ
p
t

t = ξp

(︂
Πιp

t−1Π̄1−ιp

)︂− 1
µ

p
t + (1 − ξp)

(︂
P̂ ∗

t

)︂− 1
µ

p
t

− 1
λ̄p

(− log(Π̄)µp
t + πt) = −ξp

(︄
1
λ̄p

(− log(Π̄)µp
t + ιpπt−1)

)︄
− (1 − ξp) 1

λ̄p

(− log(Π̄)µp
t + p̂∗

t ),
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which rearranging leads to
πt = ξpιpπt−1 + (1 − ξp)p̂∗

t (I.2)

I.4 Optimal price

Optimal price (equation H.6):

∞∑︂
s=0

ξs
pEi,t

[︄
Λt,t+sYt+s|t

Xt,t+s

λp,t+s

]︄
=

∞∑︂
s=0

ξs
pEi,t

[︄
Λt,t+sYt+s|t

(︄
1 + λp,t+s

λp,t+s

)︄
MCi,t+s

P ∗
i,t

]︄
∞∑︂

s=0
ξs

pEi,t

[︄
Λt,t+sYt+s|t

Xt,t+s

λp,t+s

]︄
=

∞∑︂
s=0

ξs
pEi,t

[︄
Λt,t+sYt+s|t

(︄
1 + λp,t+s

λp,t+s

)︄
MCi,t+s

Pt+s

Pt−1

P ∗
i,t

Pt+s

Pt−1

]︄
∞∑︂

s=0
ξs

pEi,t

[︄
Λt,t+sYt+s|t

Xt,t+s

λp,t+s

]︄
=

∞∑︂
s=0

ξs
pEi,t

⎡⎣Λt,t+sYt+s|t

(︄
1 + λp,t+s

λp,t+s

)︄
M̂Ci,t+sΠt−1,t+s

P̂ ∗
i,t

⎤⎦
where Πt−1,t+s = Pt+s

Pt−1
= ∑︁s

j=0 Πt+j and P̂ ∗
i,t = P ∗

i,t/Pt−1. If we stationarize P̂ ∗
i,t by Pt, we

wouldn’t be able to take it as known by firms, since Pt is unknown. Thus, we proceed by
dividing by Pt−1.

The equation above can be rewritten as

∞∑︂
s=0

ξs
pEi,t

[︄
Λt,t+sYt+s|t

Xt,t+s

λp,t+s

]︄
=

∞∑︂
s=0

ξs
pEi,t

⎡⎣Λt,t+sYt+s|t

(︄
1 + λp,t+s

λp,t+s

)︄
M̂Ci,t+sΠt−1,t+s

P̂ ∗
i,t

⎤⎦
∞∑︂

s=0
ξs

pEi,t

[︄
Λ̄sȲ X̄s

λ̄p

exp
(︂
λt,t+s + yt+s|t + xt,t+s − λ̃p,t+s

)︂]︄
=

∞∑︂
s=0

ξs
pEi,t

[︄
Λ̄sȲ (1 + λ̄p)M̄CΠ̄s+1

λ̄pΠ̄
exp

(︂
λt,t+s + yt+s|t + xt,t+s + λ̃p,t+s − λ̃p,t+s + m̂ci,t+s + πt−1,t+s − p̂∗

i,t

)︂]︄

where xp
t = log(µp

t ) − log(λ̄p) ≈ log(1 + µp
t ) − log(1 + λ̄p).

Note in the steady-state Λ̄s =
(︂

β
Π̄

)︂s
, X̄s = ∏︁s

j=1(Π̄) = Π̄s and M̄C = 1/(1 + λ̄p). Thus,
the equation above can be written as

∞∑︂
s=0

(βξp)sEi,t

[︂
exp

(︂
λt,t+s + yt+s|t + xt,t+s − λ̃p,t+s

)︂]︂
=

∞∑︂
s=0

(βξp)sEi,t

[︂
exp

(︂
λt,t+s + yt+s|t + m̂ci,t+s + πt−1,t+s − p̂∗

i,t

)︂]︂
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Loglinearizing leads to:

∞∑︂
s=0

(βξp)sEi,t

[︂
1 + λt,t+s + yt+s|t + xt,t+s − λ̃p,t+s

]︂
=

∞∑︂
s=0

(βξp)sEi,t[1 + λt,t+s + yt+s|t + m̂ci,t+s

+ πt−1,t+s − p̂∗
i,t]

∞∑︂
s=0

(βξp)sEi,t

[︂
xt,t+s − λ̃p,t+s

]︂
=

∞∑︂
s=0

(βξp)sEi,t

[︂
m̂ci,t+s + πt−1,t+s − p̂∗

i,t

]︂
p̂∗

i,t

1 − βξp

=
∞∑︂

s=0
(βξp)sEi,t

[︂
m̂ci,t+s + πt−1,t+s − xt,t+s + λ̃p,t+s

]︂
p̂∗

i,t = (1 − βξp)
∞∑︂

s=0
(βξp)sEi,t

[︂
m̂ci,t+s + πt−1,t+s − xt,t+s + λ̃p,t+s

]︂

Note that for s ≥ 1, we have that

Xt,t+s =
s∏︂

j=1
(Πιp

t+j−1Π̄1−ιp)

Π̄sexp(xt,t+s) = Π̄sexp

⎛⎝ιp s∑︂
j=1

πt+j−1

⎞⎠
Log-linearizing, we find that:

xt,t+s = ιp
s∑︂

j=1
πt+j−1 (I.3)

and xt,t = 0 by the definition of Xt,t+s. Analogously, we have that

πt−1,t+s =
s∑︂

j=0
πt+j (I.4)

Using equations (I.3-I.4) and the fact that the marginal cost does not depend on i, the
optimal price is given by

p̂∗
i,t = (1 − βξp)

∞∑︂
s=0

(βξp)sEi,t

⎡⎣m̂ct+s +
s∑︂

j=0
πt+j − ιp

s∑︂
j=1

πt+j−1 + λ̃p,t+s

⎤⎦
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We now use the usual trick to rewrite p̂∗
i,t recursively.

p̂∗
i,t = (1 − βξp)

∞∑︂
s=0

(βξp)sEi,t

⎡⎣m̂ct+s +
s∑︂

j=0
πt+j − ιp

s∑︂
j=1

πt+j−1 + λ̃p,t+s

⎤⎦
= (1 − βξp)Ei,t [m̂ct + πt + xp

t ]

+ (1 − βξp)
∞∑︂

s=1
(βξp)sEi,t

⎡⎣m̂ct+s +
s∑︂

j=0
πt+j − ιp

s∑︂
j=1

πt+j−1 + λ̃p,t+s

⎤⎦
= (1 − βξp)Ei,t [m̂ct + πt + xp

t ]

+ (1 − βξp)
∞∑︂

s=0
(βξp)s+1Ei,t

⎡⎣m̂ci,t+s+1 +
s+1∑︂
j=0

πt+j − ιp
s+1∑︂
j=1

πt+j−1 + λ̃p,t+s+1

⎤⎦
= (1 − βξp)Ei,t [m̂ct + πt + xp

t ]

+ (1 − βξp)βξp

∞∑︂
s=0

(βξp)sEi,t

⎡⎣m̂ci,t+s+1 + πt +
s+1∑︂
j=1

πt+j − ιp

⎛⎝πt +
s+1∑︂
j=2

πt+j−1

⎞⎠+ λ̃p,t+s+1

⎤⎦
= (1 − βξp)Ei,t [m̂ct + πt + xp

t ] + βξp(1 − ιp)Ei,t [πt]

+ (1 − βξp)βξp

∞∑︂
s=0

(βξp)sEi,t

⎡⎣m̂ci,t+s+1 +
s∑︂

j=0
πt+j+1 − ιp

s∑︂
j=1

πt+j + λ̃p,t+s+1

⎤⎦
where the second equality separates the s = 0 term from the summation, and the third
redefines the summation counter as s = s − 1. The fourth equality separates the first term
from the summations inside the brackets, and the fifth redefines the summation counter as
j = j − 1 and solves the infinite sum for terms that do not depend on s.

Taking the expectation of the optimal price one period ahead leads to

Ei,t[p̂∗
i,t+1] = (1 − βξp)

∞∑︂
s=0

(βξp)sEi,t

⎡⎣Ei,t+1

⎡⎣m̂ci,t+s+1 +
s∑︂

j=0
πt+j+1 − ιp

s∑︂
j=1

πt+j + λ̃p,t+s+1

⎤⎦⎤⎦
= (1 − βξp)

∞∑︂
s=0

(βξp)sEi,t

⎡⎣m̂ci,t+s+1 +
s∑︂

j=0
πt+j+1 − ιp

s∑︂
j=1

πt+j + λ̃p,t+s+1

⎤⎦
using the law of iterated expectations (which holds for i-th expectation but not for the
average expectation). Thus, the optimal price can be written as

p̂∗
i,t = (1 − βξp)Ei,t [m̂ct + xp

t ] + (1 − ιpβξp)Ei,t [πt] + βξpEi,t

[︂
p̂∗

i,t+1

]︂
(I.5)

Finally, we need to aggregate the optimal price to find the NKPC. Aggregating p̂∗
i,t leads
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to

p̂∗
t = (1 − βξp)Ēt [m̂ct + xp

t ] + (1 − ιpβξp)Ēt [πt] + βξp

� 1

0
Ei,t

[︂
p̂∗

i,t+1

]︂
di

Note that
� 1

0 Ei,t

[︂
p̂∗

i,t+1

]︂
di ̸= Ēt

[︂
p̂∗

t+1

]︂
.

Substituting into equation (I.2) leads to the NKPC under heterogeneous information and
indexation

πt = ξpιpπt−1 + κpξpĒt [m̂ct + xp
t ] + (1 − ξp)(1 − ιpβξp)Ēt [πt] + (1 − ξp)βξp

� 1

0
Ei,t

[︂
p̂∗

i,t+1

]︂
di

(I.6)
where κp = (1−ξp)(1−βξp)

ξp
. Inflation depends on its own average expectation with coefficient

ψp ≡ (1 − ξp)(1 − ιpβξp), which governs how fast the dependence on higher-order beliefs
decays with the order in equation (28) of the main text.

I.5 Wage index

We can rewrite the wage index Wt =
(︃� 1

0 (Wh,t)
− 1

µw
t dh

)︃−µw
t

as follows

Wt =
[︃
ξw

(︂
γΠιw

t−1Π̄1−ιwWt−1
)︂− 1

µw
t + (1 − ξw) (W ∗

t )− 1
µw

t

]︃−µw
t

Wt

γtPt

=
⎡⎣ξw

(︄
Πιw

t−1Π̄1−ιw
Wt−1

γt−1Pt−1

Pt−1

Pt

)︄− 1
µw

t + (1 − ξw)
(︄

W ∗
t

γtPt−1

Pt−1

Pt

)︄− 1
µw

t

⎤⎦−µw
t

(ŴtΠt)
− 1

µw
t = ξw

(︂
Πιw

t−1Π̄1−ιwŴt−1
)︂− 1

µw
t + (1 − ξw)(Ŵ ∗

t )− 1
µw

t

Note that in the steady-state: ( ¯̂
W Π̄)− 1

µ̄w = ξw

(︃
Π̄ ¯̂
W
)︃− 1

µ̄w

+ (1 − ξw)
(︃ ¯̂
W ∗

)︃− 1
µ̄w

, which

implies that ¯̂
W ∗ = ¯̂

W Π̄.
Following the same log-linearization technique from the price index leads to

− 1
µ̄w

(− log(Π̄ ¯̂
W )µw

t + ŵt + πt) = −ξw

(︄
1
µ̄w

(− log(Π̄ ¯̂
W )µw

t + ιwπt−1 + ŵt−1)
)︄

− (1 − ξw) 1
µ̄w

(− log( ¯̂
W ∗)µw

t + ŵ∗
t ),

which rearranging leads to

ŵt + πt = ξw(ιwπt−1 + ŵt−1) + (1 − ξw)ŵ∗
t (I.7)
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where ŵ∗
t =

� 1
0 ŵ

∗
h,tdh.

I.6 Optimal wage

The optimal condition of the wage setting problem is

Eh,t

[︄ ∞∑︂
s=0

(βξw)s

(︄
Λt,t+s

Xw
t,t+s

µw
t+s

−
1 + µw

t+s

µw
t+s

Lχ
h,t+s

W ∗
h,t

)︄
Lh,t+s

]︄
= 0 (I.8)

It follows from equation (I.8) that

∞∑︂
s=0

(βξw)sEh,t

[︄
Lh,t+s|tΛh,t+s

Xw
t,t+s

µw
t+s

]︄
=

∞∑︂
s=0

(βξw)sEh,t

[︄
Lh,t+s|tΛh,t+s

1 + µw
t+s

µw
t+s

MRSh,t+s|tEh,t+s[Pt+s]
W ∗

h,t

]︄
∞∑︂

s=0
(βξw)sEh,t

⎡⎣Lh,t+s|t
Λ̂h,t+s

γs

Xw
t,t+s

µw
t+sΠt−1,t+s

⎤⎦
=

∞∑︂
s=0

(βξw)sEh,t

⎡⎣Lh,t+s|tΛ̂h,t+s
1 + µw

t+s

µw
t+s

ˆMRSh,t+s|tEh,t+s[Πt−1,t+s]
Ŵ ∗

h,tΠt−1,t+s

⎤⎦
This equation in the steady state implies that

∞∑︂
s=0

(βξw)sL̄
¯̂Λ
γs

(γΠ̄)s

µ̄wΠ̄s
=

∞∑︂
s=0

(βξw)sL̄
¯̂Λ1 + µ̄w

µ̄w

¯̂
MRSΠ̄s+1

¯̂
W Π̄s+1

∞∑︂
s=0

(βξw)s =
∞∑︂

s=0
(βξw)s (1 + µ̄w) ¯̂

MRS
¯̂
W

¯̂
W = (1 + µ̄w) ¯̂

MRS
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Now we turn to the log-linearization:

∞∑︂
s=0

(βξw)sEh,t

[︂
exp

(︂
lh,t+s|t + λ̂h,t+s + xw

t,t+s − πt−1,t+s − µ̃w
t+s

)︂]︂
=

∞∑︂
s=0

(βξw)sEh,t

[︂
exp

(︂
lh,t+s|t + λ̂h,t+s + m̂rsh,t+s|t + Eh,t+s[πt−1,t+s] − ŵ∗

h,t − πt−1,t+s

)︂]︂
∞∑︂

s=0
(βξw)sEh,t

[︂
1 + lh,t+s|t + λ̂h,t+s + xw

t,t+s − πt−1,t+s − µ̃w
t+s

]︂
=

∞∑︂
s=0

(βξw)sEh,t

[︂
1 + lh,t+s|t + λ̂h,t+s + m̂rsh,t+s|t − ŵ∗

h,t

]︂
ŵ∗

h,t = (1 − βξw)
∞∑︂

s=0
(βξw)sEh,t

[︂
m̂rsh,t+s|t + πt−1,t+s − xw

t,t+s + µ̃w
t+s

]︂

ŵ∗
h,t = (1 − βξw)

∞∑︂
s=0

(βξw)sEh,t

⎡⎣m̂rsh,t+s|t +
s∑︂

j=0
πt+j − ιw

s∑︂
j=1

πt+j−1 + µ̃w
t+s

⎤⎦
where µ̃w

t = log(µw
t ) − log(µ̄w) ≈ log(1 + µw

t ) − log(1 + µ̄w).
Using the labor demand (14) at period t+ s for a given wage set at t, we have that

Lh,t+s|t =
(︄
W ∗

h,tX
w
t,t+s

Wt+s

)︄−
1+µw

t+s
µw

t+s

Lt+s

Lh,t+s|t =
⎛⎝ Ŵ ∗

h,tX
w
t,t+s

γsŴt+sΠt−1,t+s

⎞⎠−
1+µw

t+s
µw

t+s

Lt+s

Since X̄w
s = (γΠ̄)s, Π̄−1,s = Π̄s+1, and ¯̂

W ∗ = ¯̂
W Π̄, we have that L̄h = L̄. Log-linearizing

implies

lh,t+s|t = −1 + µ̄w

µ̄w

⎡⎣ŵ∗
h,t + ιw

s∑︂
j=1

πt+j−1 − ŵt+s −
s∑︂

j=0
πt+j

⎤⎦+ lt+s (I.9)

where the first equality uses that log
(︃ ¯̂

W ∗X̄w
s

¯̂
W γsΠ̄s+1

)︃
= log(1) = 0. and the second uses that,

analogously to the indexation scheme for prices, xw
t,t+s = ιw

∑︁s
j=1 πt+j−1.
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The MRS at period t+ s for a given wage set at t is given by

m̂rsh,t+s|t =
(︄

1
1 − φ/γ

)︄
(ch,t+s − φ/γch,t+s−1) + χlt+s|t

=
(︄

1
1 − φ/γ

)︄
(ch,t+s − φ/γch,t+s−1)

+ χ

⎛⎝−1 + µ̄w

µ̄w

⎡⎣ŵ∗
h,t + ιw

s∑︂
j=1

πt+j−1 − ŵt+s −
s∑︂

j=0
πt+j

⎤⎦+ lt+s

⎞⎠
Substituting the labor-demand expression for lt+s|t into m̂rsh,t+s|t and collecting the wage-

choice ŵ∗
h,t on the left-hand side yields

m̂rsh,t+s|t = ˜︃mrsh,t+s − χθw

⎡⎣ŵ∗
h,t + ιw

s∑︂
j=1

πt+j−1 − ŵt+s −
s∑︂

j=0
πt+j

⎤⎦
where θw ≡ 1+µ̄w

µ̄w and

˜︃mrsh,t+s ≡
(︄

1
1 − φ/γ

)︄
(ch,t+s − φ/γ ch,t+s−1) + χlt+s.

Note that ˜︃mrsh,t+s retains individual consumption ch,t+s: under incomplete markets, house-
hold h’s consumption differs from the aggregate, but its own current and past consumption
are in h’s information set at t+ s. The relative-wage component of labor has been absorbed
into the (1 + χθw) denominator below; only aggregate labor lt+s remains.

Substituting back into the optimal-wage condition,

ŵ∗
h,t = (1 − βξw)

1 + χθw

∞∑︂
s=0

(βξw)sEh,t

⎡⎣ ˜︃mrsh,t+s + χθwŵt+s + (1 + χθw)
⎛⎝ s∑︂

j=0
πt+j − ιw

s∑︂
j=1

πt+j−1

⎞⎠+ µ̃w
t+s

⎤⎦ .
Following the same quasi-differencing as for the optimal price, the recursive form is

ŵ∗
h,t = (1 − βξw)

1 + χθw

Eh,t[ ˜︃mrsh,t + χθwŵt + µ̃w
t ] + (1 − ιwβξw)Eh,t[πt] + βξwEh,t

[︂
ŵ∗

h,t+1

]︂
. (I.10)

Integrating over h, using
� 1

0 ch,t dh = ct and
� 1

0 ch,t−1 dh = ct−1,

ŵ∗
t = (1 − βξw)

1 + χθw

[︄
1

1 − φ/γ
(ct − φ/γ ct−1) + χĒt[lt] + χθwĒt[ŵt] + Ēt[µ̃w

t ]
]︄

+ (1 − ιwβξw)Ēt[πt] + βξw

� 1

0
Eh,t

[︂
ŵ∗

h,t+1

]︂
dh. (I.11)
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The only difference relative to the complete-markets derivation is that the consumption com-
ponent 1

1−φ/γ
(ct − φ/γ ct−1) enters as a known aggregate (channel G1), rather than through

Ēt[mrst] (channel G2). The labor and markup components still require forecasting because
they involve aggregates outside the household’s information set at the wage-setting stage.

Substituting (I.11) into the wage index (I.7) gives wage dynamics under heterogeneous
information,

ŵt + πt = ξw(ιwπt−1 + ŵt−1) + κwξw

[︄
1

1 − φ/γ
(ct − φ/γ ct−1) + χĒt[lt] + Ēt[µ̃w

t ]
]︄

+ ψwĒt[ŵt] + ψwπĒt[πt] + (1 − ξw)βξw

� 1

0
Eh,t

[︂
ŵ∗

h,t+1

]︂
dh, (I.12)

where κw = (1−ξw)(1−βξw)
ξw(1+χθw) , ψwπ ≡ (1 − ξw)(1 − ιwβξw) and ψw ≡ κwξwχθw = (1 − ξw)(1 −

βξw) χθw

1+χθw
. The real wage depends on its own average expectation with coefficient ψw, the

wage counterpart of ψp. Iterating (I.12) on its own average expectation, as done for inflation
in equation (28) of the main text, makes the whole hierarchy of beliefs explicit, with the
dependence on order k decaying geometrically at rate ψw.

J Impulse response functions

In this section, the remaining impulse responses for the FI and DI models estimated with
the dataset including expectations data are displayed in Figures J1-J5.

Figure J6 repeats, for macroeconomic variables, the decomposition of impulse responses
into first- and higher-order uncertainty reported for revision variables in the main text. The
DI responses (solid black) and the counterfactual without higher-order uncertainty (dashed
gray) are essentially indistinguishable. Virtually all of the attenuation and delay that infor-
mation frictions impart to macroeconomic dynamics comes from first-order learning.
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Figure J1: Impulse responses to preference shock

Figure J2: Impulse responses to TFP shock
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Figure J3: Impulse responses to wage mark-up shock

Figure J4: Impulse responses to government expenditure shock
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Figure J5: Impulse responses to monetary policy shock
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Figure J6: Decomposition of impulse responses

(a) Investment-specific technology shock

(b) Cost-push shock
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